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Abstract

Modern operating systemsmanagememory at page granularity, but appli-
cations access data at the granularity of objects and fields. This mismatch
has always produced ine"ciency, but two shifts in thememory hierarchy
aremaking it impossible to ignore: byte-addressable storage devices that
sit between DRAM and block storage, and memory tiering systems that
migrate pages across capacity tiers to reduce DRAM provisioning. On
byte-addressable storage, page-level data movement wastes bandwidth by
transferring cold bytes alongside hot ones. Undermemory tiering, a single
hot object on a page traps its cold neighbors in expensive DRAM. This dis-
sertation argues that e"cient use of modernmemory hierarchies requires
layout-aware organization, and identifies two regimes: static layout when
application semantics reveal which data will be hot andwhich will be cold,
and dynamic layout when access patterns depend onworkload behavior
andmust be discovered through observation.

For the static regime,we study external sorting on byte-addressable stor-
age. We introduce the BRAIDmodel, which characterizes five properties
of these devices that invalidate the assumptions of conventional storage
algorithms: byte addressability, high random-read performance, asym-
metric read-write costs, read-write interference, and device-constrained
concurrency. We present WiscSort, a sorting system that exploits the se-
mantic structure of sorting by separating keys from values and deferring
value retrieval until sorted order is known. Combinedwith interference-
aware scheduling and thread-pool sizing tuned to device characteristics,
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WiscSort achieves 2 to 7 times the throughput of competing approaches on
industry-standard benchmarks.

When application semantics do not reveal access structure, static layout
is insu"cient. We quantify this limitation bymeasuring hotness fragmen-
tation in production workloads at Google, Meta, and Twitter. The frag-
mentation is pervasive: across six Google workloads, up to 97% of bytes in
active pages are cold data trapped by hot neighbors, and production traces
confirm that object hotness shifts continuously over time. Because neither
the application nor the OS can predict which objects will be hot, dynamic
reorganization is necessary.

To address hotness fragmentation, we propose address-space engineer-
ing: dynamically reorganizing the virtual address space so that objects of
similar access intensity reside together. We present OBASE, a compiler-
runtime system for unmanaged languages that serves as an object-aware
frontend for page-aware OS backends. OBASE introduces a guide abstrac-
tion that enables object relocation in C++, tracks accesses via lightweight
pointer instrumentation, andmigrates objects between hot and cold heaps
using a lock-free protocol that is safe under concurrency. By reorganizing
the address space,OBASE enables unmodified backends to tier memory
e!ectively without understanding object boundaries. Across ten concur-
rent data structures, six tiering backends, and production traces fromMeta
and Twitter,OBASE improves page utilization by 2 to 4 times and reduces
memory footprint by up to 70%, with only 2 to 5% performance overhead.

Together, WiscSort and OBASE demonstrate that layout-aware data
organization, whether guided by application semantics or inferred from
observed access patterns, enables modernmemory hierarchies to achieve
their potential by aligning page boundaries with access intensity.
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Chapter 1

Introduction

The page is the dominant unit of address translation, protection, andmem-
ory placement in modern operating systems. Since the Atlas computer
introduced paging in 1962 [94], operating systems havemanagedmemory
in fixed-size units called pages. Paging replaced manual overlays with
OS-managed movement between memory and a backing store, enabled
virtual memory, and simplified physical allocation by reducing external
fragmentation. Everymajor operating system todaymanagesmemory at
page granularity, and the 4KiB page size remains the default nearly six
decades later [153].

This choice fixes the OS observation and control granularity at the page.
Applications operate on objects, fields, and records, but the OS accounts
for pages andmakes placement decisions using page-level signals. Most
architectures expose accessedanddirty stateperpage table entry, so activity
within a page is aggregated into a single indicator.

This mismatch between object-level access and page-level management
becomes more costly under two trends. First, byte-addressable capacity
tiers, including persistent memory and CXL-attachedmemory [13, 8], sit
between DRAM and block storage and make data movement costs visi-
ble at finer granularity. Second, memory tiering systems migrate pages
across tiers based on observed page access patterns, using either pagemi-
gration to a slowermemory node or swapping to an SSD-backed backing
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store [116, 101, 152, 131, 99, 114]. These systems aim to reduce DRAM
provisioning by placing cold data in cheaper tiers, but page granularity
limits reclamationwhenhot and coldobjects sharepages. Thisdissertation
argues that e"cient use ofmodernmemory hierarchies requires layout-
aware organization. Data layout should alignwith access patterns, and
themechanism for achieving that alignment depends onwhether those
patterns are predictable from semantics or must be inferred empirically.

Theworkpresentedhere yields several observations that extendbeyond
the particular systems we build. First, when hardware changes in ways
that invalidate existing assumptions, the most productive first step is to
model the device, not to modify the algorithm; a clear model constrains
the design space and makes it possible to evaluate alternatives against a
commonset of criteria. Second, reducing the amount ofdatamovedmatters
more than increasing the rate atwhichdata ismoved; bandwidth is finite on
every storage andmemory device, and themost e!ective way to conserve
it is to avoid spending it on data that does not need to move. Third, the
virtual address space is not merely storage; it is a communication channel
between applications and the operating system, and by engineering this
channel, applications can express object-level semantics in a language that
page-based systems already understand. These lessons emerge from the
two systems developed in this dissertation,WiscSort andOBASE, andwe
believe theywill remain relevant as memory hierarchies grow deeper and
the devices within them growmore diverse.

1.1 The Semantic Gap

Applications access data at object andfield granularity. Ahash table lookup
probes keys but may never touch the corresponding values if the lookup
fails. A sorting algorithm compares keys throughout execution but touches
values onlywhenwriting final output. A key-value store serves requests for
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individual records, with some keys accessedmillions of times per second
and others never touched after insertion [108, 43, 51, 56, 57]. In each case,
the application’s viewofmemory is richwith semantic structure: somedata
is accessed frequently, some rarely, and the application’s logic determines
which is which.

The operating system, however, managesmemory at page granularity.
Hardware provides only coarse signals: an accessed bit in each page table
entry indicates whether any byte on the pagewas read or written since the
bit was last cleared, and a dirty bit indicates whether any byte was modi-
fied. The OS uses these bits to approximate recency andmake placement
decisions, but it cannot see finer structure. When a single cache line on a
4KiB page is accessed, the entire page appears active. When one hot object
shares a 2MiB huge pagewith thousands of cold objects, the OS sees only
that the huge pagewas touched.

Thismismatch creates threeproblems. First, bandwidthwaste: fetchingor
migrating apagemoves coldbytes alongsidehot ones. Onbyte-addressable
devices where bandwidth is the limiting resource, transferring data that
will never be used squanders the device’s potential. Second, trapped cold
data: if even one object on a page is hot, the entire page remains pinned in
fast memory. The OS cannot reclaim the cold bytes because they share a
pagewithhot neighbors, leaving theoretically reclaimablememory trapped
in expensive DRAM. Third, noisy signals: page-level access bits conflate dis-
tinct objects with di!erent access patterns. A frequently touchedmetadata
fieldmakes the entire page appear hot, obscuring the fact that most of the
page’s capacity holds cold payload data.

The granularity gap has always imposed costs, but these costs were
di"cult tomeasure and easy to overlook. Whenmemory pressure forced
the OS to swap pages to disk, the latency penalty was so severe (millions of
cycles for a disk seek) that applications simply avoidedmemory pressure at
all costs. DRAMwas provisioned generously, swapwas treated as a failure
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mode rather than an optimization opportunity, and the ine"ciency of page-
level management remained hidden. But the costs were real, even when
hidden. The term random-access memory implies that any part of memory
can be accessed as quickly as any other. In practice this is not so. Culler’s
Law [40] captures the principle that RAM isn’t always RAM: sometimes
randomly accessing the address space, particularly when the number of
pages touched exceeds the TLB’s coverage, leads to severe performance
penalties. The TLB caches recent virtual-to-physical translations, and a hit
adds negligible latency; a miss, however, triggers a hardware page table
walk costing hundreds of cycles. When hot objects scatter across the ad-
dress space rather than clustering on a small number of pages, the TLB
working set grows unnecessarily, and every miss pays the full walk cost.
The page abstraction creates the illusion that all memory is equally acces-
sible, but the reality is that layout determines performance. As memory
hierarchies grow richer and the performance gaps between tiers narrow,
these layout-dependent costs become impossible to ignore.

1.2 The Rise of TieredMemory

Two technological shifts are reshaping thememory hierarchy and exposing
the costs of page-level management. The first is the emergence of byte-
addressable storage devices that sit between DRAM and traditional block
storage in both performance and capacity. The second is the growing adop-
tion of memory tiering, where slower memory serves as a capacity tier
beneath DRAM to reduce costs. Both shifts create opportunities for more
e"cient memory use, but both are constrained by the granularity gap.

Byte-addressable storage (BAS) devices include Intel Optane DC Per-
sistentMemory [13], CXL-attachedmemory [8, 106, 105], and emerging
products like Samsung’s CXLMemory-Semantic SSD [20]. These devices
share characteristics that di!er fundamentally from traditional HDDs and
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SSDs. Random read performance approaches sequential read performance
because there are no mechanical seeks to amortize. Fine-grained access
incurs minimal amplification because the devices support byte-level ad-
dressing rather than fixed block transfers. Writes are slower than reads,
and concurrent writes can interfere with read bandwidth [159]. These
properties invert the traditional storage tradeo!s. Algorithms designed for
HDDs [112, 38, 124] bundled related data together to amortize seek costs,
accepting that some bundled datamight never be used. On BAS devices,
this bundlingwastesbandwidthby transferringbytes that servenopurpose.
Chapter 2 provides detailed characterization of these device properties.

Memory tiering extends the hierarchy by treating slower memory as
a capacity tier that applications can use transparently. The motivation is
economic: DRAM accounts for a substantial fraction of server cost and
power consumption [106, 144, 5], yet production workloads access only
a small fraction of their allocated memory at any given time. Across six
Google production workloads, only 1.7% to 21.3% of bytes are accessed
duringmeasurement periods [28]. If cold data could be placed in cheaper
tiers, operators could reduce DRAMprovisioning significantly. This obser-
vation has driven the development of tiering systems including TPP [116],
Memtis [101], TMO[152], andkernelmechanisms likezswap[99]. Modern
ultra-low-latency SSDs have alsomade swap viable again for production
workloads, enablingmemory o#oading to storage tiers that would have
been unacceptably slow a decade ago [97, 114].

In principle, tiering shows great promise. If 80% to 98% of bytes are
cold, that memory could reside in cheaper tiers withminimal performance
impact. In practice, realized savings fall short of this potential. Google
reported o#oading only 20%of infrequently accessed data to a compressed
memory tier [99]. Meta achieved 20% to 32% savingswith TMO [152]. The
limiting factor is not policy sophistication but the granularity gap.

The problem is hotness fragmentation: hot and cold objects intermingle
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within pages, preventing e!ective page-level tiering. Modern allocators
place objects on pages based on allocation order and size class, with no
regard for how those objects will be accessed [165, 69]. A hash table that
interleaves key and value allocations will have keys and values sharing
pages, even though keysmay be probed on every lookupwhile values are
touched only on successful matches. From the OS perspective, these pages
appear uniformly active because the hot keys keep the access bits set. The
cold values are trapped alongside their hot neighbors.

Wequantify this fragmentation inChapter4usingametric calledpageuti-
lization: the fractionof byteswithin touchedpages that are actually accessed.
Across production workloads, page utilization ranges from 8% to 50%. For
workloads using 2MiB huge pages, 85% to 90% of huge pages utilize less
than 10% of their capacity. In concrete terms, for every 100MiB of pages
the OS considers active, over 90MiBmay be cold data that the OS cannot
reclaim because it shares pages with hot data. This fragmentation explains
the gap between theoretical and realized tiering savings: tiering systems
can only reclaim pages, andmost pages contain at least some hot data.

1.3 Thesis

The granularity gap is a consequence of the page abstraction, not a bug to be
fixed in any particular system. The OSwill continue tomanagememory at
page granularity because pages provide the right abstraction for translation,
protection, andportability. Wecannot changehowtheOSobservesmemory.
But we can change how data is organized so that page-level observations
becomemeaningful.

This dissertation argues that e"cient use of byte-addressable and tiered
memory requires layout-aware organization: structuring data so that page
boundaries alignwith access intensity. The key insight is that themethod
for achieving this alignment depends on what is knowable about access
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patterns.

“The page is a convenient but poor-performance abstraction for
modern memory hierarchies. It forces coarse-grained decisions on
fine-grained data, wasting bandwidth and trapping cold data in ex-
pensive memory. E!cient use of byte-addressable and tiered memory
requires layout-aware organization: when access semantics imply sta-
ble hot/cold structure, we can separate statically (WiscSort); butwhen
hotness is unknown and evolves, we must reorganize the address space
dynamically to make page-based tiering e"ective (OBASE). ”The thesis identifies two regimes distinguished by the nature of access

patterns. In the first regime, application semantics reveal which data will
be hot andwhichwill be cold. For example, sorting algorithms compare
keys but do not examine values until producing output. This property is
intrinsic to the algorithm, independent of workload or input distribution.
When such semantic structure exists, layout can be engineered at design
time: separate keys from values, store them in di!erent regions, and access
each according to its role in the computation.

In the second regime, access intensity depends onworkload character-
istics that are unknown at design time and change during execution. A
key-value store cannot know at allocation timewhich keys will be popular.
Even if it could, popularity shifts over time as user behavior changes. Pro-
duction traces show that keys alternate between active bursts and extended
dormancy, with reuse distances varying bymore than an order of magni-
tude for the same key [51, 160]. When hotness is dynamic, static layout
degrades as access patterns evolve. The systemmust observe access pat-
terns at runtime and reorganize objects continuously tomaintain alignment
between page boundaries and access intensity.

Both regimes share the same goal: making page-level decisions e!ective
by ensuring that pages contain data of uniform temperature. They di!er
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in when and how layout decisions aremade. This dissertation contributes
techniques for both regimes: WiscSort for the static case where semantics
guide layout, andOBASE for the dynamic case where observation guides
reorganization.

The two approaches are complementary rather than competing; the
choice between them is determined by the nature of the application’s access
structure, and recognizingwhich regime a given system falls into is itself
a useful design heuristic.

1.4 WiscSort: Static Layout

When application semantics reveal which data will be hot andwhichwill
be cold, layout can be engineered at design time. External sorting provides
a clear example. A sorting algorithm compares keys to establish order but
doesnot examinevaluesuntilwritingfinal output. Thisproperty is intrinsic
to the algorithm: it holds regardless of input distribution, key cardinality,
or workload characteristics. The semantic structure of sorting is known
before any data is processed.

Traditional external merge sort does not exploit this structure. During
run generation, the algorithm reads complete records (keys and values to-
gether) intomemory, sorts them, andwrites sorted runs to storage. During
merge, it reads runs back, selects the smallest key across all runs, andwrites
complete records to output. Valuesmove through every phase even though
sorting never examines them.

This design made sense for HDDs and SSDs. On rotational disks, se-
quential access amortizes seek costs that dominate random access latency.
Bundling keys with values enables sequential scans rather than scattered
reads. On SSDs, block-level transfer granularity (typically 4KiB) means
that reading a small key still transfers an entire block. Separating keys
from values would save nothing if each key read still moved 4KiB. Under
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these device characteristics, moving values alongwith keys costs little and
simplifies bu!er management.

Byte-addressable storage inverts these tradeo!s. Random read band-
widthapproachessequential readbandwidthbecausetherearenoseeks[159].
Fine-grained access incurs no amplification because the device supports
sub-block addressing. Writes are substantially slower than reads and do
not scale well with concurrency. On such devices, the traditional approach
wasteswrite bandwidthmovingvalues through intermediatephaseswhere
they serve no purpose.

Before redesigning the sorting algorithm, we first characterized these
device properties systematically. The result is the BRAID model, a sim-
ple enumeration of five properties that distinguish byte-addressable stor-
age from its predecessors: Byte addressability, high Random-read perfor-
mance, Asymmetric read-write costs, read-write Interference, and Device-
constrained concurrency. Once these properties were made explicit, the
design ofWiscSort followed from checkingwhich properties each design
choice respected or violated.

WiscSort exploits the semantic structure of sorting on byte-addressable
storage. It separates keys from values, maintaining only key-pointer pairs
during run generation andmerge. Pointers reference values in the origi-
nal input file. Only in the final phase, when sorted positions are known,
doesWiscSort gather values using random reads. This late materialization
eliminates value writes during intermediate phases. For workloads where
values are larger than keys, which is common in practice [55], the write
savings are substantial.

BecauseWiscSort maintains only keys and pointers inmemory, it can
sort more keys per run, reducing or eliminating merge phases entirely.
A thread-pool controller sizes read and write pools according to device
concurrency characteristics. An interference-aware scheduler ensures that
reads andwrites do not overlap, avoiding the bandwidth degradation that
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occurs when concurrent writes interfere with reads on these devices [159].
On Intel Optane Persistent Memory, WiscSort achieves 2 to 3 times

the throughput of concurrent external merge sort on industry-standard
benchmarks [21]. It outperforms in-place sample sort by 5 times and prior
PMEM-optimized sorting by 7 times. The improvement stems not from
moving data faster, but from moving less data: by aligning data layout
with the semantic structure of sorting (keys are hot, values are cold until
the end) and the characteristics of byte-addressable devices (fine-grained
access, read-write asymmetry), WiscSort avoids transferring bytes that
serve no purpose. WiscSort consumes less device bandwidth than external
merge sort yet finishes in less time, precisely because it reads and writes
fewer total bytes. The BRAIDmodel itself is likely to remain relevant as
new byte-addressable devices emerge, since the five properties it captures
reflect physical characteristics of non-volatile media rather than quirks of
a particular product generation. The specific concurrency parameters will
change as devices evolve, but the need to account for read-write asymmetry,
interference, and constrained concurrency is likely to persist. Chapter 3
presents the complete design, implementation, and evaluation.

1.5 When Semantics Are Insu"cient

WiscSort succeeds because sorting’s access structure is determined by the
algorithm, not by external factors. Butmany applications lack this property.
Key-value stores, caches, and databases serve workloads where access pat-
terns depend on user behavior, application logic, and temporal dynamics
that cannot be known at design time. For these applications, static layout
based on semantic analysis is insu"cient.

Consider a key-value store handling user requests. At allocation time,
every key-value pair looks the same: a key of some size, a value of some size,
inserted by some client. The allocator places the pair in the next available
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slot of the appropriate size class. Nothing in the allocation request reveals
whether this key will be accessed millions of times per second or never
touched again. The semantic structure that madeWiscSort possible, the
distinction between keys accessed throughout and values accessed only at
the end, doesnot exist here. All keyshave the same role in thedata structure;
their access intensity depends entirely onworkload.

Worse, even if access intensity could somehow be predicted at alloca-
tion time, it would not remain stable. We analyzed production traces from
Meta [51] and Twitter [160] to understand how object hotness evolves. The
traces record operations in logical time, allowing us to track access patterns
for individual keys over extended periods. If hotness were stable, popular
keys would show consistent access throughout the trace. Instead, we ob-
serve keys alternating between bursts of activity and extended dormancy.
For themajority of keys in theMeta traces, the gap between consecutive ac-
cesses varies bymore than an order ofmagnitude: a key accessed everymil-
lisecond during one periodmay go untouched for minutes during another.

This temporal variationmeans that any static placement degrades over
time. Objects allocated together because they appeared hot will eventu-
ally include objects that have gone cold. Objects allocated in cold regions
will include some that became hot. The result is the hotness fragmenta-
tionwe described earlier: hot and cold objects intermingledwithin pages,
preventing e!ective page-level management.

Establishing the severity of this fragmentation requiredmeasuring ac-
cess behavior at a granularity finer than the page. We define page utilization
as the fraction of bytes within touched pages that are actually accessed dur-
ing ameasurement window. This metric bridges the gap between the OS
view(whichpagewas touched)and theapplicationview(whichbyteswere
used), making the problem quantifiable rather than anecdotal. Low utiliza-
tion indicates that pages containmostly cold data kept resident by a fewhot
bytes. Across six Google productionworkloads [28], median page utiliza-
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tionrangesfrom8%to50%. Evenat the4KiBpagegranularity,whichshould
bemoreprecise thanhugepages, 60%to80%ofpages in someworkloadsuti-
lize less than 20% of their capacity. For 2MiB huge pages, fragmentation is
severe: 85%to90%ofhugepagesutilize less than10%of their 2MiBcapacity.

This fragmentation has concrete costs. First, memory that the OS con-
siders active is mostly cold. Across the Google workloads, 55% to 98% of
bytes within touched pages receive no accesses, yet the OS cannot reclaim
them because they share pages with hot data. Second, scattered hot objects
inflate the TLB working set. When hot data spreads across many pages,
each page requires a TLB entry even thoughmost of its capacity is unused.
Microbenchmark measurements show that clustering hot objects can re-
duce TLB miss rates by up to 2 times compared to scattered placement
at the same total data size. Third, the inflated memory footprint forces
overprovisioning. Applications reservememory based on their apparent
working set (touched pages), not their actual working set (touched bytes),
leaving resources stranded.

Chapter 4 presents detailed analysis of hotness fragmentation across
open-sourceandproductionworkloads, demonstrates the temporaldynam-
ics of object hotness, and quantifies the costs of fragmentation for memory
reclamation, address translation, and infrastructure provisioning.

1.6 OBASE: Dynamic Layout

When access patterns are workload-dependent and temporally varying,
layoutmust be inferred from observation and adjusted continuously. We
introduce address-space engineering: reorganizing the virtual address space
so that objects with similar access intensity reside together. By clustering
hot objects onto hot pages and cold objects onto cold pages, we enable
page-based tieringmechanisms to work e!ectively without requiring them
to understand object boundaries.
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OBASE (Object-Based Address-Space Engineering) realizes this ap-
proach for C++ applications. Unlikemanaged languages where garbage
collectors can relocate objects freely, C++ programs assume that object
addresses remain stable after allocation [53]. Rawpointersmaybe stored in
registers, on the stack, in other heapobjects, or serialized to storage. Moving
an object without updating every pointer that references it would corrupt
the program.

OBASE solves this problem for pointer-based data structures, where
elements are accessed through pointer indirection rather than direct o!set
calculation. Hash tables, trees, skip lists, and linked structures fall into
this category, and they dominatememory-intensive applications. OBASE
introduces a guide abstraction that interposes on pointer dereferences. A
guide holds the current address of an object alongwithmetadata for access
tracking. When application code dereferences a guide, OBASE resolves it to
theobject’s current location. If theobjecthasmoved, theguide transparently
redirects to the new address. This indirection enables relocationwithout
modifying application logic or requiringwhole-program pointer analysis.

Access tracking is embedded in guide dereferences. Each access sets a
bit indicating that the object was touched during the current observation
window. The tracking mechanism uses unused bits in 64-bit pointers to
store per-object metadata, avoiding external side tables and keeping the
common path fast. A background thread called the Object Collector peri-
odically scans this metadata to classify objects by access intensity. Objects
touched recently are candidates for theHOT heap; objects untouched for
multiple windowsmigrate to the COLD heap. A spatially-aware allocator
ensures that each heap occupies a contiguous virtual address range, so an
object’s address directly encodes its temperature classification.

Migrationmust be safe under concurrency. Application threads cannot
block waiting for the collector, and the collector cannot move objects while
threads hold pointers to them. OBASE uses an optimistic protocol inspired
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by optimistic concurrency control. The collector copies an object to its target
heap, then atomically attempts to update the guide. If any thread accessed
the object during the copy, the commit fails and the object remains in place.
Threads never block; concurrent access safely vetoes migration rather than
observing inconsistent state. An epoch-based mechanism activates the
necessary tracking only duringmigrationwindows, eliminating overhead
when nomigration is in progress.

OBASE operates as a frontend that prepares the address space for page-
based backends. This decomposition reflects a genuine information bound-
ary: the frontend has access to application-level semantics that the OS can-
not see, while the backend has access to hardware state that the application
cannot see. Rather than replacing existing tiering infrastructure, OBASE
respects this boundary. Kernel mechanisms like kswapd and cgroupmem-
ory limits, datacenter systems like TMO [152], and research prototypes like
TPP [116] andMemtis [101] continue tomake page-level decisions using
their existing policies. OBASE simply ensures that when these backends
examine cold pages, those pages contain only cold data. This decoupling
allows independent innovation: improvements to OBASE benefit any back-
end, and improvements to backends benefit any application using OBASE.

We evaluate OBASEwith ten concurrent data structures spanning dif-
ferent synchronization mechanisms: lock-free algorithms, fine-grained
locking, and optimistic concurrency control. Using YCSBworkloads [63]
with skewed access distributions, OBASE improves page utilization by 2 to
4 times across structures andworkloads. When combinedwith reclamation
backends, OBASE reducesmemory footprint by up to 70%while maintain-
ing throughput within 5% of baseline. On tieredmemory configurations
with CXL-attached capacity, OBASE achieves equivalent throughput with
half the DRAMbudget compared to systemswithout address-space engi-
neering. Replay of production traces fromMeta and Twitter demonstrates
that OBASE adapts automatically to shifting access patterns, maintaining
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high page utilization as the hot working set evolves overmulti-hour runs.
The principle of address-space engineering extends beyond tiering. The
same techniques could improve generational garbage collection by group-
ing objects by access intensity rather than age, reduce false sharing of pages
across NUMAnodes by separating objects with di!erent access patterns,
and strengthen isolation in multi-tenant environments by grouping ob-
jects by trust level. Chapter 5 presents the complete design, the compiler
passes that automate guide instrumentation, anddetailed evaluation across
backends andworkloads.

1.7 Overview

The remainder of this dissertation is organized as follows.

• Background. Chapter 2 provides technical foundations. We trace
the history of the page abstraction from the Atlas computer through
modern page tables, explainingwhy 4KiB became the dominant page
size and why it has proved so di"cult to change. We characterize
byte-addressable storage devices and survey memory tiering sys-
tems including AutoNUMA, TPP,Memtis, and TMO, identifying the
common constraint that all of them share: they observe and act on
memory at page granularity. We also reviewmodernmemory allo-
cators, whose placement decisions at allocation time are the origin
of hotness fragmentation.

• WiscSort. Chapter 3 provides external sorting fundamentals and
byte-addressable device properties. We then present a sorting system
that exploits semantic knowledge for layout-aware organization on
byte-addressable storage. We introduce the BRAIDdevicemodel and
describe key-value separation, thread-pool control, and interference-
aware scheduling. WiscSort achieves 2 to 7 times the throughput of
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competing approaches, demonstrating that aligning data layout with
device properties and algorithmic structure can recover performance
that conventional designs leave on the table. We evaluateWiscSort
on Intel Optane PMEM and project performance on emulated future
devices, showing that the design principles hold across a range of
device parameters.

• Dynamic Object Reorganization. Chapter 4 establishes the need
for dynamic address-space engineeringwhen semantic knowledge
is unavailable. We introduce the page utilizationmetric and quantify
hotness fragmentation in open-source and production workloads,
finding that 55% to 98% of bytes within active pages are cold data
that the OS cannot reclaim. We analyze traces fromMeta and Twit-
ter to demonstrate that object hotness is neither predictable at al-
location time nor stable over an object’s lifetime, confirming that
allocation-time placement, nomatter how sophisticated, cannot solve
the fragmentation problem. These findingsmotivate the principles
for address-space engineering that guide the design of OBASE.

• OBASE.Chapter 5 presents OBASE, a compiler-runtime system that
dynamically reorganizes the address space for C++ applications. We
describe the guide abstraction, lightweight access tracking, theObject
Collector, and the lock-free migration protocol. OBASE improves
page utilization by 2 to 4 times and reducesmemory footprint by up
to 70%, while eliminating thememory-versus-performance tradeo!
that forces datacenter operators to balance aggressive reclamation
against throughput. We evaluate OBASE across ten data structures,
six tiering backends, and production traces, showing that it enables
unmodified backends to achieve near-optimal memory savings.

• RelatedWork. Chapter 6 discusses relatedwork on sorting for non-
volatile memory, memory tiering systems, object-level memoryman-
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agement, garbage collection, and epoch-based reclamation, situating
our contributions within the broader research landscape.

• Conclusion. Chapter 7 summarizes the contributions of this disser-
tation, discusses future directions including sorting across heteroge-
neous storage, direct object tiering acrossmemory hierarchies, and
address-space engineering beyond tiering, and reflects on lessons
learned during the research.

• Public Overview. Chapter 8 provides a public-facing narrative of
the dissertation’s core ideas, using the warehouse analogy to explain
memory hierarchies and layout-aware organization.



18

Chapter 2

Background

This chapter provides the technical foundations for the dissertation. Each
section introduces concepts andmechanisms that later chapters build upon.

We beginwith the page abstraction (§2.1), which defines howoperating
systems observe andmanagememory. The page is the unit at which the OS
tracks access, enforces isolation, andmakes placement decisions. Under-
standingwhy page-level management creates a mismatch with object-level
access is essential context for every subsequent chapter: WiscSort (Chap-
ter 3) exploits this mismatch by organizing data at finer granularity on
byte-addressable storage, Chapter 4 quantifies the costs of themismatch
in production workloads, and OBASE (Chapter 5) reorganizes the address
space to reduce it.

We then survey the evolving memory hierarchy (§2.2), focusing on
two developments that expose the costs of page-level management: byte-
addressable storage devices whose properties motivate the BRAIDmodel
andWiscSort (Chapter 3), andmemory tiering systemswhose e!ectiveness
is limited by hotness fragmentation (Chapters 4 and 5).

Because tiering systems build upon the Linux kernel’s page reclamation
infrastructure, we devote a full section to Linuxmemory reclamation (§2.3).
This material is directly relevant to Chapter 5, where OBASE interacts with
kswapd, cgroup limits, and madvise hints to reclaim cold pages, andwhere
wemodify the kernel’s reclamation path to batch TLB invalidations during
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page-out. We then describe four representative tiering systems (§2.4) that
serve as backends in the evaluation of OBASE.

Finally, we reviewmodernmemory allocators (§2.5), whose placement
decisions determine the initial layout of objects in the address space. Un-
derstandingwhy allocators produce hotness fragmentationmotivates the
dynamic reorganization approach developed in Chapters 4 and 5.

2.1 The Page Abstraction

The page is the dominant unit of address translation, protection, andmem-
ory placement inmodern operating systems. Paging has been enormously
successful: it enables each process to run in the illusion of a large, private
address spacewhile the OSmultiplexes limited physical memory across
many processes. However, this success has also entrenched a fixed gran-
ularity as the unit at which the OSmeasures access, enforces isolation, and
makes placement decisions. Inmodern heterogeneous hierarchies, where
the performance gap between tiers is often dominated by bandwidth and
movement costs, this fixedgranularity becomes a liability: applications access
objects and fields, but the OS observes and migrates pages.

This section reviews the historical motivations for paging, the hard-
ware/software contract that makes it practical, and the consequences of
managingmemory at page granularity. We trace paging from its origins on
the Atlas computer through the x86 translation architecture to explain why
4KiB became the standard page size, and we identify the granularity gap
that ariseswhen hot and cold data are intermingledwithin a page. This gap
directly motivates the layout-aware techniques developed in Chapters 3
and 5: WiscSort organizes data to avoidmoving unnecessary bytes across
the page boundary, while OBASE reorganizes the address space so that
page boundaries alignwith access intensity.
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2.1.1 Pages inHardware and Software

2.1.1.1 From overlays to paging

Early time-sharing systems faced two challenges: (i) relocation, to let multi-
pleprogramssafelycoexist inmemory, and(ii)protection, topreventonepro-
gram from corrupting another. A simple starting point is base-and-bounds:
hardware adds a base register to eachmemory reference and checks that
the reference stays within a legal range. While e"cient, base-and-bounds
requires each address space to be physically contiguous, complicating allo-
cationandforcingcostly compactionasprocessesenterand leave thesystem.

Segmentationgeneralizedthis ideabygivingprogramsmultiplevariable-
sized regions (code, heap, stack). Segmentation improves flexibility but
introduces external fragmentation: over time, freememory splits into unus-
able holes [40].

Before paging, programmers faced an additional burden: when pro-
grams exceeded physicalmemory, they had tomanually partition code and
data into overlays and explicitly orchestrate transfers betweenmainmemory
and secondary storage. On theManchesterMercury computer in the late
1950s, developers spent asmuch e!ortmanaging overlays as implementing
algorithms [94].

In 1962, the Atlas computer introducedwhat its designers called a “one-
level storage system” [94]. The key insight was to separate the address a
program uses from the physical locationwhere data resides. Atlas divided
memory into fixed-size units of 512 words (approximately 3KB), automat-
ically moving these units (pages) between fast core memory and slower
drum storage as needed. Programs could address up to onemillion words
without knowingwhich pages residedwhere.

Atlas introduced three innovations that remain foundational: (1) hard-
ware that automatically translates virtual addresses to physical locations,
(2) an interruptmechanism (the page fault) triggeredwhen a required page
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is absent, and (3) a replacement algorithm to select which pages to evict when
memory is full [66]. It was estimated that eliminating manual overlays
would improve programmer productivity by a factor of three, a prediction
borne out as virtual memory spread through the industry. IBM incorpo-
rated these ideas into the System/360 series, and by the 1970s paging had
become standard.

2.1.1.2 The translation contract

Pagingworks because hardware andOS agree on a narrow contract:

• Per-process page tables. The OS maintains translation metadata
that defines which virtual pages are valid andwhere they reside in
physical memory (or whether they are absent).

• Fast-path translation. Hardware accelerates translation with a Trans-
lation Lookaside Bu!er (TLB). On a TLB hit, translation adds negligi-
ble latency; on amiss, hardwarewalks page tables inmemory, a costly
operation requiring 150–600 cycles compared to roughly 4 cycles for
a hit [165].

• Faults on absence. If a referenced virtual page is not resident, hard-
ware raises a page fault. TheOShandles the fault by bringing thepage
intomemory (possibly evicting another), then restarts the faulting
instruction.

Demandpagingextends this contract to secondarystorage: theOSkeeps
only aworking subset of pages in DRAMand fetchesmissing pages from
disk on demand. This mechanism underlies not only traditional swapping
but also modern memory tiering, where the “backing store” is another
memory tier (e.g., CXL-attachedmemory) rather than disk.
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2.1.2 Page-BasedMemoryManagement

At the policy level, theOSmust decidewhich pages should remain resident
andwhich should be evicted ormigrated. The classic goal is to approximate
the processworking set: retain pages likely to be reused soon, and reclaim
those unlikely to be touched.

A core challenge is that the OS cannot directly observe program seman-
tics (objects, fields, or logical records). Instead, it tracks page-level activity
through hardware-supportedmetadata. Most architectures expose an ac-
cessed bit (set on any read or write) and a dirty bit (set onwrites) per page
table entry, allowing the OS to approximate recency and write intensity
without instrumenting every load/store. Operating systems build replace-
ment policies (typically LRU approximations, as described in §2.3) over
these coarse signals.

Page-basedmanagement implicitly assumes that moving a page is the
natural unit of datamovement. This assumption alignedwell with tradi-
tional DRAM+disk hierarchies: disks favor transferring contiguous blocks,
and paging amortizes seek and rotation costs. But in heterogeneous hier-
archies, especially when lower tiers are byte-addressable andmovement is
bandwidth-bound, the fixed page size can dominate cost. As latency gaps
narrow and bandwidth costs dominate, unnecessary bytes moved with
each placement decision become increasingly visible.

2.1.3 TheGranularity Gap

Paging introduces a fundamental mismatch betweenwhat applications ac-
cess andwhat the OS can manage. Applications allocate and access objects,
records, and fields with rich semantics: keys may be probed frequently
while payloads are streamed rarely; metadata may be touched on every
operation while values remain cold except during compaction. The OS,
however, observes only page-level access and can place or migrate data
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only at page granularity.
When hot and cold objects share pages, page-based tiering becomes

imprecise:

• Bandwidth waste. Accessing a small hot subset drags along adjacent
cold data when the page is fetched ormigrated between tiers.

• Trapped colddata. If a page contains even a small amount of hot state,
the entire pagemay be retained in the fastest tier, pinning cold bytes
in expensivememory.

• Noisy signals. Page-level access bits conflate distinct objects. A fre-
quently touched field makes the entire page appear hot, obscuring
which bytes actually matter.

2.1.4 Why 4KiB?

A recurring question is why 4KiB became the dominant page size. The
answer reflects a balance of engineering tradeo!s that, once standardized,
became deeply embedded in hardware and software.

The tradeo! space. Choosing a page size trades o! competing concerns:

• TLB reach and fault overhead (favor larger pages): With a fixed
number of TLB entries, larger pages increase thememory footprint
covered by the TLB; each fault also transfers more potentially useful
nearby bytes when access exhibits spatial locality.

• Internal fragmentation and precision (favor smaller pages): Smaller
pages reduce wasted space within the last page of allocations and
enable finer-grained placement decisions.
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• Page-table structure (favors powers of two): Page-table layouts are
simplest when the number of entries fits neatly in a page-sized chunk
of memory.

The 80386 and architectural self-similarity. On 32-bit x86, the Intel 80386
(1985) established 4KiB pages with a particularly clean decomposition: a
32-bit linear address splits into a 12-bit o!set plus two 10-bit indices [1].
With 4-byte entries, a single 4KiB page holds exactly 1024 entries, so page
tables and directories are themselves page-sized. This self-similarity simplifies
allocation, protection, and even paging out the page tables themselves.

Earlyempirical studies, on the IBMSystem/360Model67[79], evaluated
2048- versus 4096-bytepages and characterizedwhen largerpageswin (spa-
tial locality amortizes fault cost) versus when smaller pages win (sparser
accesspatterns, reducedfragmentation). Thesestudies informedthedesign
space, though the final choice also reflected the 32-bit address structure.

4KiBwas not universally optimal, but once a page size is standardized
and deeply integrated into hardware translation andOS policy, it becomes
the unit of observability and control. Modern tiered-memory systems in-
herit the page as their decision granularity, even when applications and
devices would benefit from finer- or coarser-grained placement. The tech-
niques in this thesis workwithin this constraint: rather than changing the
pageabstraction,weorganizedata so thatpageboundaries alignwithaccess
intensity, making page-based decisions e!ective.

2.2 The EvolvingMemoryHierarchy

For decades, system designers optimized for a two-level hierarchy: fast but
limited DRAMand slow but large disk. Applications either fit inmemory
or paid steep penalties for disk access. This clean separation is dissolving.
New device technologies occupy the latency and capacity space between
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DRAMand storage, while interconnects like CXL allowmemory to be at-
tached, pooled, and tiered across sockets and enclosures. These changes
create opportunities for finer-grained data placement but also expose the
limitations of page-basedmanagement.

This section covers two developments that are central to the disserta-
tion. First, we describe byte-addressable storage devices (§2.2.2), whose
properties di!er fundamentally frombothDRAMand block storage. These
properties motivate the BRAID devicemodel and the design ofWiscSort
in Chapter 3. Second, we introducememory tiering (§2.2.3), the practice of
treating slowermemoryas a capacity tier beneathDRAM.The limitationsof
page-granularity tieringmotivate the analysis in Chapter 4 and the design
of OBASE in Chapter 5.

2.2.1 FromDRAM-Centric to HeterogeneousHierarchies

Traditional systemdesign treatedDRAMas the soleworkingmemory. Data
either resided in DRAM (fast, byte-addressable, volatile) or on disk (slow,
block-addressed, persistent). The performance gap between these tierswas
enormous: a disk seek costs millions of CPU cycles, so systems batch I/O
into large sequential transfers and cache aggressively in DRAM.

This two-tier model is givingway to richer hierarchies. Several trends
drive the shift:

• Memory capacity pressure. Dataset sizes grow faster than DRAM
density improvements. In-memorydatabases,machine learningmod-
els, and key-value stores routinely exceed single-server DRAM capac-
ity, forcing either distributed architectures or tieredmemory.

• Cost and power constraints. DRAMaccounts for a substantial frac-
tion of server cost and power consumption [106]. Operators seek
cheaper capacity tiers that can absorb cold data without sacrificing
the performance of hot data.
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• Newdevice technologies. Storage-classmemory (e.g., Intel Optane),
Ultra-Low Latency SSDs, and CXL-attachedmemory provide inter-
mediate price, capacity, and performance points. These devices blur
the traditional DRAM/storage boundary.

The result is a hierarchywithmultiple tiers, each o!eringdi!erent trade-
o!s. E"cient use of such hierarchies requires placing data on the tier that
matches its access intensity. As Section 2.1.3 argued, when placement deci-
sions occur at page granularity but access patterns vary at finer granularity,
mismatches are inevitable.

2.2.2 Byte-Addressable Storage

Byte-addressable storage (BAS) refers to devices that support load/store
access at fine granularity, unlike traditional block storage that requires
transfers in fixed-size units (typically 512 bytes or 4KiB). Intel Optane
DC PersistentMemory and CXL-attachedmemory devices are prominent
examples. These devices sit between DRAM and SSDs in both latency and
capacity. Understanding these device characteristics is essential for Chap-
ter 3, where we formalize them into the BRAIDmodel and designWiscSort
to exploit each property.

Device characteristics. BAS devices di!er from both DRAMand block
storage in several ways:

• Access granularity. BAS supports byte-level addressing. OnOptane
PMEM, the internal access unit is 256 bytes, but applications can issue
loads and stores at arbitrary granularity without the amplification
penalties of block devices. Sub-256-byte writes still incur an internal
read-modify-write at XPLine granularity, but the penalty is far less
severe than the sector-level amplification of block I/O.
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• Latency. Read latencies are roughly 3→ higher than DRAM (approx-
imately 300 ns versus 100 ns for local DRAM), write latencies are
higher still, primarily due to the slower write physics of the underly-
ingmedia, with additional overhead from internal wear-leveling and
the read-modify-write cycle for sub-XPLine stores [159].

• Bandwidth. AsingleOptaneDIMMprovidesapproximately6.6GB/s
read and 2.3GB/s write bandwidth. Bandwidth scales with the
number of DIMMs but saturates at fewer concurrent threads than
DRAM [159].

• Random versus sequential access. Unlike HDDs and SSDs, random
read bandwidth on BAS approaches sequential read bandwidth. This
property fundamentally changes the calculus for data layout: algo-
rithms that avoided random access to amortize seek costs can now
reconsider.

• Read-write asymmetry. Writes are slower than reads anddonot scale
as well with concurrency. Concurrent writes can also interfere with
read performance, reducing read bandwidth by up to 2→when reads
andwrites overlap [159].

These characteristics invert several traditional assumptions. OnHDDs,
sequential access was paramount because seeks dominated; systems bun-
dled data together even if only a subset would be used. On BAS, the cost of
reading unnecessary bytes is no longer amortized by avoiding seeks. Simi-
larly, the asymmetry between reads andwrites favors algorithms that trade
additional reads for fewer writes. Chapter 3 develops a sorting algorithm
that exploits these properties by separating keys from values and issuing
targeted random reads rather than sequential scans of bundled records.



28

2.2.3 Memory Tiering

Memory tiering extends the memory hierarchy by treating slower mem-
ory (CXL-attachedDRAM,Optane, or remotememory) as a capacity tier
beneath local DRAM. Unlike traditional swapping to disk, tieredmemory
remains byte-addressable and is accessed via load/store instructions, albeit
with higher latency. The operating systemor a user-space runtimemigrates
pages between tiers based on observed access patterns.

The central question in memory tiering is placement: which pages
should reside in fast memory, andwhich can tolerate the slower tier? An
ideal policy would keep the working set in fast memorywhile demoting
cold pages to the capacity tier. In practice, policies must address three
interrelated challenges: (1) detecting page hotness with low overhead, (2)
setting thresholds that adapt to workload characteristics and tier capaci-
ties, and (3)migrating pages without disrupting application performance.
Because direct instrumentation of every memory access is prohibitively
expensive, tiering systems rely on approximate signals such as page table
access bits, hardware performance counters, or induced page faults.

Tiering systems build upon the Linux kernel’s memory reclamation
infrastructure, whichwe describe next in §2.3. Several representative tier-
ing systems that serve as backends in the evaluation of OBASE are then
surveyed in §2.4.

2.3 LinuxMemory Reclamation

Reclamation is a core component of both caching and tiering systems: it
moves cold pages fromDRAM to a backing store (swap, compressedmem-
ory, or disk) to free capacity for new allocations. In a cachingmodel (tradi-
tional swap), reclaimed pagesmust be faulted back into DRAMbefore they
canbeaccessed; ina tieringmodel (CXL-attachedmemory), theCPUcanac-
cessdemotedpagesdirectly, albeitathigher latency. Moderntieringsystems
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buildupon,modify, orworkalongside this infrastructure, sounderstanding
its mechanisms is essential context for the tiering systems described in §2.4.
More directly, this material is necessary for understanding OBASE (Chap-
ter 5): OBASE interacts with kswapd, cgroupmemory limits, and madvise
hints to reclaim cold pages after reorganizing them, andwemodify the ker-
nel’s reclamation path to batch TLB invalidations during page-out (§5.2.6).

The description below corresponds to the Linux kernel as of version
6.11, which is the baseline for the kernel modifications presented in Chap-
ter 5. Where specific interfaces di!er between cgroup v1 and v2, we note
both. The core reclamation architecture has been stable since approximately
kernel 4.0, though details such as the multi-generational LRU (MGLRU,
merged in 6.1) continue to evolve.

This section covers three aspects of reclamation: the data structures and
access-trackingmechanisms the kernel uses to approximate page hotness
(§2.3.1), the process bywhich pages are actually evicted (§2.3.2), and the
conditions that trigger reclamation (§2.3.3).

2.3.1 LRU Lists andAccess Tracking

Tomanagewhich pages to reclaim, Linux uses Least Recently Used (LRU)
lists. Pages are ordered by their last access time, frommost recent at the
head to least recent at the tail. Pages are categorized into distinct LRU
lists: one for anonymous pages and one for file-backed pages, as their recla-
mation properties di!er significantly. Clean file pages can be discarded
immediately, while anonymous pages must be swapped out. Each LRU
list is further divided into active and inactive lists. Active lists contain
pages that have been accessed recently, while inactive lists hold pages that
are candidates for eviction. An lruvec for eachNUMAnode and cgroup
maintains five LRU lists: INACTIVE_ANON, ACTIVE_ANON, INACTIVE_FILE,
ACTIVE_FILE, and UNEVICTABLE.

There are two main types of userspace pages. Anonymous pages, al-
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located by mmap(MAP_ANONYMOUS) and populated by page faults, must be
swapped out if reclaimed. File pages, also known as page cache, are cre-
ated byfile operations or mmap(..., fd) and can be immediately discarded
when clean or written back to a file when dirty.

Maintaining an exact LRU ordering is prohibitively expensive, so Linux
approximates by checking whether pages have been accessed since the last
check. This is primarily done using the Access (A) bit in the Page Table
Entries (PTEs). When a page is accessed, the hardware sets the A bit. The
kernel periodically scans these bits, clearing them after checking. If the A
bit is set when checked, it indicates the page was recently accessed. For file-
backed pages, the kernel also uses a Referenced (R) bit, which is set when
the page is accessed through file operations. Pages are moved between the
active and inactive lists based on this access information. The system aims
to balance the sizes of the active and inactive lists.

To prevent thrashing and identify working sets, Linux implements a
workingset detectionmechanism. This uses shadow entries in a radix tree
(XArray) to track evicted pages andmeasure their refault distance: the num-
ber of other pages accessed between an eviction and a subsequent access to
the same page. If this refault distance is less than the size of the active list,
the page is considered part of the working set and is immediately activated
upon refault. This approach allows the system to distinguish between truly
cold pages and those that are part of the activeworking set butwere evicted
due to temporary inactivity. Pages are typically reclaimed from the tail of
the inactive LRU list, ensuring that the coldest candidates are chosen first.

The PTE access bit, the LRU lists, and the refault mechanism together
constitute the signal that page-level tiering systems rely on to classify pages
as hot or cold. As Chapter 4 will show, these signals are fundamentally lim-
itedby thegranularitygap: a singlehot cache lineonapagemakes the entire
page appear active, regardless of howmuch of the page is actually in use.
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2.3.2 Reclaim Process

The reclaim process involvesmoving pages between di!erent LRU lists and
ultimately evicting them. Themain operations include aging (checking if
a page has been accessed andmoving it accordingly), eviction (removing
a page from the inactive LRU list for reclaim), activation (moving a page
from the inactive LRU list to the active LRU list), and deactivation (moving
a page from the active LRU list to the inactive LRU list).

Balancing the sizesof the active and inactive lists is important. Ideally, in-
active LRU lists should be small tominimize reclaimwork but large enough
to observe page access patterns. The system calculates an inactive_ratio
based on the square root of the sizes of inactive and active LRU lists. For
instance, with 100MB of memory, the expected size of the inactive list is
50MB (a 1:1 ratio), but with 100GB ofmemory, it is 3GB (a 31:1 ratio).

The reclamation process uses a scan priority to determine howmuch
of the lruvec to scan in one iteration. The default priority is 12, meaning
it will scan 1/4096th of the lruvec during an aging round. This priority is
decremented for each round that does not free enoughpages,with a highest
priorityof1 resulting in scanning100%of thelruvec. Thescancount,which
determines howmany pages to scan in one iteration, is calculated based
on the lruvec size weighted by the scan priority. It is set to at least 32 pages
and is distinct from the reclaim count. This approach allows the system to
adjust its reclamation e!orts based on the current memory pressure.

In Chapter 5, wemodify the reclamation path invoked by MADV_PAGEOUT
to batch TLB invalidations across hundreds of pages before issuing a single
flush. This optimization reduces inter-processor interrupts bymore than
99%when demoting large cold regions, and its design is informed by the
scan-and-evict structure described here.
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(a) Zonewatermarks (b)Memory thresholds

Figure 2.1: Memory pressure thresholds: (a) Zone watermarks for
system-wide memory pressure. MIN, LOW, and HIGH thresholds
determine reclamation triggers. (b) Cgroupmemory thresholds, depicting
current usage and various limits.

2.3.3 Triggers for Reclamation

Memory reclamation can be triggered in two ways: based on memory
pressure or through application guidance.

Memory pressure (reactive). Eachmemory node consists of zones (e.g.,
ZONE_NORMAL, ZONE_MOVABLE), and each zone has three watermarks: MIN,
LOW, andHIGH. Thesewatermarks are configuredvia sysctls,with MIN set to a
small percentage (typically 0.1%)of totalmanagedpages, and LOW and HIGH
each adding an additional 0.1%. Figure 2.1(a) illustrates these watermarks.

When freememory falls below the LOW watermark, it triggers memory
pressure. This can lead to two types of pressure-based reclaim: direct
reclaim, invoked on the allocation path when free memory is below LOW
on all eligible zones from all eligible nodes, and kswapd reclaim, where a
per-node kswapd thread performs background reclaimwhen free memory
falls below LOW, continuing until free memory reaches the HIGH watermark.
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Additionally, cgroup memory pressure can trigger reclaim within a
specific cgroup when its memory usage exceeds its limit. In cgroup v2,
this occurs when usage after a charge exceeds memory.high, while in v1, it
occurs when usage exceeds memory.soft_limit_in_bytes. Figure 2.1(b)
illustrates these thresholds for cgroup memory management. Cgroup
reclamation is initiatedwhenmemory usage reaches these thresholds and
continues until usage falls below the specified limit.

Application-guided reclaim. Linux also supports application-guided
reclaim through various madvise() options. These include MADV_DONTNEED
(unmaps and discards pages), MADV_FREE (lazily frees anonymous pages),
MADV_COLD (deactivates pages without immediate reclaim), and MADV_-
PAGEOUT (immediately reclaims pages). Thesemechanisms allow applica-
tions to provide hints to the kernel about their memory usage patterns.

The Linux page reclamation system employs a complex set of mecha-
nisms that canbe triggered througha limitedsetof controls. The inflexibility
to specify exact allocations or data structures to swap per process can result
in suboptimal data reclamation. Moreover, application-guided reclamation
requires data to be contiguous, which allocations often are not, since allo-
cations are placed next to each other based on their arrival time rather than
their access patterns. This limitation is preciselywhatOBASEaddresses: by
reorganizing objects so that cold data occupies contiguous regions, OBASE
makes application-guided reclamation via MADV_PAGEOUT e!ective where
it would otherwise reclaim amixture of hot and cold data.

2.4 Memory Tiering Systems

Building on the reclamation infrastructure described above, several tiering
systems have been deployed or proposed. Eachmakes di!erent tradeo!s
amongdetection accuracy, overhead, and adaptability. This section surveys
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four representative systems. All four serve as backends in the evaluation
of OBASE in Chapter 5, where we demonstrate that OBASE improves the
e!ectiveness of each by providing a higher-quality address-space layout.
Understanding these systems’ detectionmechanisms andmigration poli-
cies is therefore necessary context for interpreting those experiments.

AutoNUMA. AutoNUMA [146] is the Linux kernel’s default mechanism
for optimizingmemory locality onNUMA systems. Although originally
designed tomigrate pages closer to theCPUs accessing them,AutoNUMA’s
approach extends naturally to CXL-attachedmemory tiers that appear as
CPU-less NUMA nodes. AutoNUMA periodically unmaps a sample of
pages from each process’s address space. When the application subse-
quently accesses an unmapped page, the resultingminor page fault (called
a NUMA hint fault) reveals both that the page is active and which CPU
accessed it. If the page resides on a remote node, AutoNUMAmigrates it
to the accessing CPU’s local memory. Themechanism relies on recency as
its primary hotness signal: a single access is su"cient to trigger promotion.
This simple policy works well whenmost pages are either consistently hot
or consistently cold, but it can cause excessivemigrationwhen access pat-
terns are transient or when the fast tier cannot hold the entire working set.
AutoNUMA also lacks a proactive demotionmechanism; pages migrate
to the fast tier on access but are not demoted until memory pressure forces
the standard reclamation path.

TPP: Transparent Page Placement. TPP [116] targets CXL-enabled tiered
memory systems andwas developed atMeta based on productionwork-
load characterization. The system introduces three coordinated mecha-
nisms: lightweight demotion, decoupled allocation and reclamation, and
hysteresis-based promotion. For demotion, TPP usesmigration rather than
swapping. When the fast tier is undermemory pressure, cold pages iden-
tified via the kernel’s existing LRU lists aremigrated to the CXL-attached
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tier rather than paged out to disk. Migration is substantially faster than
swapping and preserves byte-addressable access to demoted pages.

A key insight in TPP is that tightly coupling allocationwith reclamation
causes problems in tiered systems. As described in §2.3.3, standard Linux
reclamation halts once free pages reach the HIGH watermark, leaving little
headroom for new allocations or promotions. TPP decouples these paths
by introducing separate watermarks: a higher demotionwatermark that
triggers background reclamation, and a lower allocationwatermark that
gates new allocations. This separationmaintains free space in the fast tier
for incoming hot pages without stalling allocation requests.

For promotion, TPP augments NUMAbalancingwith an active-LRU
check. Rather than promoting any page that triggers a NUMAhint fault,
TPP first verifies that the page resides in the active LRU list. Pages found in
the inactive list are marked as accessed andmoved to the active list but not
immediately promoted. Only if the page triggers another fault while still
in the active list does TPP promote it. This hysteresis reduces unnecessary
migration tra"c by filtering out pages with sporadic or one-time accesses.

Memtis. Memtis [101] observes that prior tiering systems rely on static
thresholds (suchas “promote after twoaccesses”) that donot adapt towork-
load characteristics or tier capacities. A static thresholdmay identify a hot
set larger than the fast tier can hold, or smaller than the fast tier’s capacity,
leaving expensivememory underutilized. To address this, Memtis main-
tains a histogramof page access counts, organized into exponentially scaled
bins. Rather than using a fixed threshold, Memtis dynamically computes
the hot threshold by finding the highest bin index such that the cumulative
size of hotter pages fits within the fast tier. This approach ensures that the
fast tier is filled with the hottest pages regardless of the absolute access
frequency distribution.

Memtis tracks access counts using Intel’s Processor Event-Based Sam-
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pling (PEBS), which records the virtual addresses of sampled memory
events (such as last-level cachemisses) with low overhead. Unlike the PTE
access-bit scanning used by the standard LRUmechanism, PEBS can track
accesses at sub-pagegranularity, enablingMemtis to identify skewedaccess
patterns within huge pages. When a huge page contains amix of hot and
cold subpages, Memtis can split the huge page and promote only the hot
4KiB regions, reducing fast-tier waste. Tomaintain freshness, Memtis peri-
odically halves all access counts (a process called cooling),which computes
an exponential moving average of access intensity. Pages are classified as
hot, warm, or cold based on their bin index relative to the dynamically
computed thresholds. Warm pages are not migrated, providing hysteresis
against short-term fluctuations. All migration occurs in background kernel
threads rather than on the allocation or fault paths.

TMO: TransparentMemoryO#oading. TMO [152] approaches tiering
from a di!erent angle: rather than optimizing placement for performance,
it maximizes memory savings subject to a performance constraint. De-
ployed atMeta across millions of servers, TMO o#oads coldmemory to
compressedmemory pools (via zswap) or SSDs, freeing DRAM capacity
for other uses. The central innovation in TMO is Pressure Stall Information
(PSI), a kernel mechanism that directly measures the fraction of time pro-
cesses spend stalled due to resource shortage. Unlike indirect metrics such
aspage fault rates or promotion counts, PSI captures the actual productivity
loss caused bymemory pressure. This distinctionmatters because the same
fault rate can have di!erent performance implications depending on the
speed of the backing device: a high swap-in rate from a fast SSDmay cause
negligible stalls, while a lower rate from a slow SSDmay severely degrade
throughput.

A user-space agent called Senpai uses PSI as a feedback signal to control
memory reclamation. Senpai periodically writes to the memory.reclaim
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cgroup interface, requesting that the kernel reclaim a small fraction of each
container’s memory. The reclaim rate scales inversely with observed pres-
sure: when pressure approaches a configured threshold, Senpai reduces or
halts reclamation; when pressure is low, it reclaimsmore aggressively. This
feedback loop automatically adapts to workload sensitivity and backend
performancewithout requiring o#ine profiling or per-application tuning.

TMO also addresses a historical bias in Linux reclamation: as noted
in §2.3, the kernel strongly preferred evicting file cache over swapping
anonymousmemory, relegating swap to emergency use. TMO rebalances
reclamation by tracking file cache refaults (using the workingset detection
mechanism described in §2.3.1) and balancing the refault rate against the
swap-in rate. This change enables TMO to o#oad both anonymous and
file-backedmemory proportionally to their coldness.

Common limitations. Despite their di!erences in detectionmechanisms
and policies, all four systems share a fundamental constraint: they observe
and migrate memory at page granularity. AutoNUMA and TPP rely on
page faults and LRU lists; Memtis samples at cache-line granularity but still
migrates entire pages; TMO reclaims pages through the kernel’s standard
mechanisms. When applications interleave hot and cold data within pages,
these systems face the dilemma described in Section 2.1.3: migrating a
partially hot page either wastes bandwidthmoving cold bytes or leaves hot
bytes stranded on the slow tier.

Memory tiering creates both the need and the opportunity for layout-
aware organization. The need arises because tiering policies inherit the
granularity gap: page-level decisions on object-level access patterns pro-
duce suboptimal placement. The opportunity arises because, unlike swap-
ping to disk, tiered memory allows fine-grained access even to demoted
data. If hot objects are clustered onto a small number of pages, those pages
can remain in fast memory while the remaining pages (now uniformly
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cold)migrate to the capacity tier without performance penalty. Chapter 4
quantifies how severe this limitation is in practice, and Chapter 5 presents
OBASE, which addresses it by reorganizing the address space so that these
backends receive uniformly hot or cold pages.

2.5 ModernMemory Allocators

Applications request memory through allocators such as TCMalloc [165]
(used at Google) and Jemalloc [69] (used atMeta). These allocators me-
diate between fine-grained application requests and coarse-grained OS
memorymanagement, optimizing for allocation speed, low fragmentation,
and scalability under concurrent access.

Understanding allocator design is necessary for two reasons. First, allo-
cators determine the initial layout of objects in the address space, and this
layout is what produces the hotness fragmentation analyzed in Chapter 4.
Because allocators place objects based on size class and allocation order
rather than access patterns, hot and cold objects end up interleaved on
the same pages. Second, OBASE (Chapter 5) builds directly atop allocator
infrastructure: its spatially-awarememoryallocator (SAMA)extends jemal-
loc’s extentmanagement tomaintain separate heaps for hot and coldobjects.

This section describes the hierarchical architecture common tomodern
allocators (§2.5.1), their interactionwith the operating system (§2.5.2), and
the fundamental placement limitation that motivates dynamic reorgani-
zation (§2.5.3).

2.5.1 Allocation Architecture

Modern allocators employ hierarchical structures tominimize contention
and improve cache locality. Figure 2.2 illustrates this layered design using
jemalloc as an example. At the top, per-thread caches (tcache) satisfymost
allocations without synchronization. On a cache miss, the allocator con-
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Figure 2.2: Hierarchical structure of amodernmemory allocator (jemal-
loc). Allocationrequestsflowthroughcaching layers. The frontendsatisfies
most requests from thread-local caches; misses propagate to bins that man-
age slabs carved from extents. Arenas allocate extents from theOS via mmap.
Placement decisions occur when extents are created and slabs are carved,
before the application reveals which objects will be frequently accessed.

sults themiddle layer, where binsmanage slabs for each size class. When
a bin exhausts its slabs, it requests a new extent from the backend, which
manages largememory regions (extents) within arenas. Onlywhen arenas
require additional virtual address space does the allocator invoke the OS
via mmap. TCMalloc follows a similar pattern with per-CPU caches, a trans-
fer cache, and a central page heap. In both systems, the common case (a
small allocation that hits the local cache) completes in tens of nanoseconds
without acquiring locks.

To reduce internal fragmentation, both allocators round allocation re-
quests up to predefined size classes. TCMalloc defines 80–90 size classes
for small objects; jemalloc organizes allocations into bins corresponding
to size classes. Objects within a size class are packed into contiguous re-
gions (slabs or spans), simplifying bookkeeping and reducing per-object
metadata overhead. Large allocations bypass size classes and are satisfied
directly from page-aligned regions.
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2.5.2 Interactionwith theOperating System

Allocators obtainmemory from the OS in large chunks, typically via mmap,
and suballocate to applications. This batching amortizes the cost of system
calls and allows allocators to managememory layout within their reserved
regions. When memory is freed, allocators do not immediately return it
to the OS; instead, they cache free regions for future allocations, reducing
both system call overhead and page fault costs.

Both allocators includemechanisms to return unusedmemory to theOS
over time. TCMalloc periodically releases free spans, potentially breaking
up huge pages to return smaller regions. Jemalloc uses a decay mecha-
nism: free extents transition throughdirty,muzzy, and retained states, with
configurable timers controlling how quickly memory is released. These
mechanisms balancememory footprint against allocation performance, but
they operate on allocator-internal regions rather than on individual objects.

Huge pagemanagement introduces additional complexity. Allocators
may request 2MiB regions from the OS to reduce TLB pressure, but return-
ing portions of a huge page requires either fragmenting it into base pages
or tolerating internal waste. TCMalloc’s Temeraire subsystem [85] and
jemalloc’s extent management both attempt to pack allocations densely
within huge pages, but these decisions are based on allocation patterns, not
access patterns.

2.5.3 The Placement Limitation

Allocators optimize for three goals: minimizing allocation latency,minimiz-
ing deallocation latency, and reducing fragmentation (both internal and
external). They achieve these goals through careful data structure design,
size class selection, and caching policies. What allocators do not optimize
for is future access patterns. When an application calls malloc, the allocator
places the object in the next available slot of the appropriate size class. This
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placement reflects the temporal order of allocations, not any property of
how objects will be used.

Consider a hash table that stores keys and values as separate allocations.
Keysmay be accessed on every lookup,while values are touched onlywhen
a lookup succeeds. If keys and values are allocated in interleaved order (as
naturally happens during insertion), theywill be placed in interleaved posi-
tionswithin theallocator’s slabs. FromtheOSperspective, pages containing
keys also contain values, and vice versa. The page abstraction cannot distin-
guish the hot keys from the cold values because both share the same pages.

This mismatch between allocation order and access intensity is fun-
damental. Allocators cannot predict which objects will be hot because
hotness depends on application logic and workload characteristics that
are unknown at allocation time. Even if an allocator could predict initial
hotness, access patterns change over time (as Chapter 4 demonstrates),
invalidating any static placement.

Moving garbage collectors can compact heaps and colocate objects be-
cause they can rewrite pointers, but this is not available in C/C++with raw
pointers. Even inmanaged runtimes, compaction is driven by reachability
and allocation patterns, not observed access.

Allocators are not broken; they solve the problems they are designed to
solve. But their placement decisions are final: once an object is allocated, it
remains at that virtual address for its lifetime. Improving page utilization
requireseither (1)changingallocation toconsiderpredictedaccesspatterns,
which is impractical given the unpredictability of hotness, or (2) reorganiz-
ingobjects after allocationbasedonobservedaccess. This thesispursues the
second approach. Chapter 5 introduces OBASE, which builds atop existing
allocators (specifically, jemalloc’s extent management) tomigrate objects
between hot and cold regions as their access patterns become apparent.
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Chapter 3

WiscSort:
Static Layout Optimization

Modernmemory hierarchies requires organizing data at a finer granularity
than the page. The previous chapters established the context: page-based
memorymanagement cannot distinguish hot from cold data within a page
(§2.1), and the emerging hierarchy of DRAM, CXL-attachedmemory, and
byte-addressable storage creates new placement opportunities that page-
granularity decisions cannot fully exploit (§2.2).

This chapterpresents a concrete instanceof that argument. External sort-
ing is a data-intensive workloadwhose access structure is well understood:
sorting compares keys, not values, yet traditional algorithms move both
because sequential accesswas historically cheap and randomaccesswas ex-
pensive. Byte-addressable storage inverts this tradeo!. We show that by re-
organizinghowdatamovesbetweenmemoryand storage,matching the lay-
out to the device’s strengths and avoiding its weaknesses, a sorting system
can achieve 2–7→ higher throughput than conventional approaches. The
insight is specific to sorting, but the principle is general: data layout should
reflect the properties of the device that stores it. Chapters 4 and 5 extend this
principle to workloads where the access structure is not known in advance.

External sorting is a critical component of manymodern data-intensive
applications (web indexing [49], key-value stores [2, 4], data analytics [49],
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and relational databases [18, 130, 3]), making use of external storage to sort
data that does not fit in DRAM. For example, relational databases (such as
MySQL and PostgreSQL) use external sorting for ORDER BY queries on non-
indexed keys or to handle TOP-K queries whose input exceeds the available
memory.

Traditionally HDDs or SSDs have been used for external storage; how-
ever, Byte-Addressable Storage (BAS) is emerging as an appealing expan-
sion memory or fast storage layer for data-intensive applications [19, 15,
116, 105]. This broad class of storage devices includes the Samsung CXL
Memory-Semantic SSD [20] and Intel’s Optane DC Persistent Memory
(PMEM) [13]. BAS devices provide a larger capacity than DRAM and are
much faster than traditional SSDs and HDDs, making them suitable for
performance-critical services.

For applications tomaximize performance, the unconventional charac-
teristicsofBASdevicesmustbecarefullyconsidered. Weintroduceageneric
device model called BRAID that depicts the typical performance character-
istics of byte-addressable storagedevices. TheBRAIDmodelhasfive crucial
properties: Byte addressability,Random read performance,Asymmetric
read-write cost, read-write Interference, andDevice constrained concur-
rency. Combinations of two ormore of these characteristics can be seen in
a BRAID device; for example, PMEM exhibits all five BRAID properties.

This chapter presentsWiscSort, a BRAID-conscious high-performance
external sorting algorithm derived from the popular external merge sort.
WiscSort [45] postpones themovement of a (key, value) pair’s value until
the pair’s final sorted position is known (typically, the final merge phase
of external merge sort); only the keys aremoved betweenDRAMand the
storage device during earlier phases. Except for the final phase,WiscSort
maintains keys and pointers in DRAM,whereas previous approaches bun-
dled keys and values. Pointers point to the respective values in the original
file on the device. This simple late materialization avoids writes of values
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during early sorting phases; for popular workloads with keys smaller than
values [55], the savings are significant. Furthermore, because WiscSort
only keeps pointers in DRAM, it can generate larger sorted runs during the
run-generation phase, reducing the number of merge phases or avoiding
themerge phase completely.

BRAID devices can also have peculiar concurrency characteristics. For
example, writes do not scale well, and the read bandwidth degrades (up to
2x [159])when there are overlappingwrite requests. To alleviate these read-
write interference degradation and concurrency constraints, we introduce a
Thread-Pool Controller and an Interference-Aware Scheduler. WiscSort utilizes
the thread-pool controller to determine the appropriate concurrency pool
size (for read/write) based on the access type, and the interference-aware
scheduler schedules reads andwrites to the device in a non-overlapping
fashion tomaximize performance.

We compare the performance ofWiscSort with classic external merge
sort implementations on bothmicrobenchmarks and standard application-
levelbenchmarks. WeshowthatWiscSortperforms2–3→better thanconcur-
rent externalmerge sort, 5→better than state-of-the-art in-place sample sort,
and 7→ better than recent PM-based sorting system (PMSort) on sortbench-
mark [21] workloads. The interference-aware scheduler and the thread-
pool controller reduce total time by at least 50% compared to approaches
that overlap reads andwrites. Moreover, a system that just separates keys
and values but is not aware of these concurrency properties is ∼15% slower
than one that is interference and concurrency aware. We show that special
casesofWiscSort candobetter thanexternalmerge sort evenwhen thevalue
size is smaller than thekeysize. As thevalue size increases, theperformance
gap between merge sort andWiscSort grows. We also demonstrate that
using random reads to reduce unnecessary data loading is better than se-
quentially reading all data. Finally, we project the performance ofWiscSort
on emulated BRAID devices and discuss the benefits of our techniques.
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3.1 External Sorting Fundamentals

External sorting refers to algorithms that sort datasets too large tofit inmain
memory. Unlike in-memory sorting, where all data is directly accessible,
external sortingmust orchestrate datamovement between fast but limited
memory and slow but capacious storage. This section reviews the classic
externalmerge sort algorithmand examines how its design reflects assump-
tions about storage device characteristics. These assumptions, while valid
for disks and SSDs, do not hold for byte-addressable storage, motivating
the techniques developed later in this chapter.

3.1.1 The External Sorting Problem

Many data-intensive applications require sorting datasets that exceed avail-
able DRAM. Relational databases use external sorting for ORDER BY queries
on non-indexed columns and for building indexes over large tables [18, 3].
Key-valuestores suchasLevelDBandRocksDBsortdataduringcompaction
tomaintain sorted structure on disk [2, 4]. Analytics pipelines sort inter-
mediate results when shu#e data exceedsmemory budgets. In each case,
the sorting algorithmmust minimize I/O cost while respecting memory
constraints.

External merge sort. The dominant approach to external sorting is exter-
nal merge sort, a two-phase algorithm that extends the classic merge sort
to handle out-of-core data [96, 34]. The algorithm proceeds as follows:

1. Run generation. Read amemory-sized chunk of input records into
DRAM, sort them using any e"cient in-memory algorithm (such as
quicksort or radix sort), andwrite the sorted chunk to a temporaryfile
called a run. Repeat until all inputdatahasbeenprocessed, producing
R sorted runs.
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2. Merge. Open all R runs simultaneously, maintaining a small bu!er
for each. Repeatedly select the smallest record across all run bu!ers
(using a heap or tournament tree), write it to the output, and refill
bu!ers as they empty. If R exceeds the number of bu!ers that fit in
memory, performmultiple merge passes, each reducing the number
of runs by a factor equal to themerge fan-in.

The number of runs R depends on the ratio of input size to available
memory. WithN bytes of input andM bytes of memory, the run genera-
tion phase produces R=↑N/M↓ runs. If R exceeds themaximum fan-in k

(determined by bu!er sizes), multiple merge passes are required, with the
total number of passes being ↑logkR↓.

I/O complexity. External merge sort is designed tominimize I/O oper-
ations. Each record is read once during run generation andwritten once
to a run file; duringmerge, each record is read from its run andwritten to
the output (or to an intermediate file if multiple passes are needed). For
a single merge pass, the total I/O is 4N bytes: two reads and twowrites per
byte of input. This linear I/O complexity, combined with the sequential
access patterns described below, makes external merge sort e"cient on
traditional storage.

3.1.2 RunGeneration andMerge Phases

Understandingwhy traditional external sorting bundles keys with values
requires examining the I/O patterns of each phase.

Rungeneration. Duringrungeneration, thealgorithmreads inputrecords
sequentially, accumulating them inmemory until the bu!er is full. It then
sorts the bu!er contents andwrites the sorted run sequentially to storage.
Both the read andwrite operations are strictly sequential: the input file is
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scanned from beginning to end, and each run file is written from beginning
to end.

Sequential access is critical for performance on rotational disks, where
seek time (moving the read/write head to the correct track) dominates
access cost. A single seek costs 5 to 10milliseconds, equivalent tomillions of
CPU cycles. Once positioned, the disk can transfer data at 100 to 200MB/s.
By reading and writing sequentially, external merge sort amortizes seek
costs across large transfers, achieving near-peak bandwidth utilization.

Merge phase. Themerge phase interleaves reads frommultiple run files.
Although each individual run is read sequentially, the algorithm alternates
between runs as it selects the globally smallest record. On a single disk, this
interleaving introduces seeks between runs, potentially degrading perfor-
mance. Implementationsmitigate this cost by using large bu!ers (reducing
the frequency of seeks) and by read-ahead (prefetching data before it is
needed).

The output of the merge phase is also written sequentially. As with
run generation, sequential writes maximize bandwidth utilization and
minimize seek overhead.

Why bundle keys with values? A sorting algorithm compares keys, not
values. In principle, one could sort only the keys (alongwith pointers to
their associated values) and then gather values into sorted order at the end.
Traditional external sorting does not do this. Instead, it moves complete
records (keys and values together) through both phases.

This design reflects storage device characteristics. On block-addressed
devices, theminimum transfer unit is a block (typically 512 bytes to 4KiB).
Reading a 10-byte key from a 100-byte record still transfers the entire block
containing that record. If keys and values are stored separately, fetching
values after sorting requires random reads to scattered locations, each in-
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curring a full seek plus rotational delay. The cost of these random reads far
exceeds the cost of moving values sequentially alongwith keys.

Bundling also simplifies bu!er management. When keys and values
move together, the algorithmneeds only one set of bu!ers; separating them
would require coordinating two parallel data flowswith di!erent access
patterns.

3.1.3 Sorting onModern Storage

The design of external merge sort embeds several assumptions about stor-
age:

• Random access is expensive. Seeks dominate random access cost, so
algorithms shouldmaximize sequential access andminimize random
access, even if this meansmoving data that will not be used.

• Access granularity is coarse. Block-addressed devices transfer data
in fixed-size units. Fine-grained access incurs amplification: reading
a single byte requires transferring an entire block.

• Reads andwrites have similar costs. OnHDDs and SSDs, read and
write bandwidths are comparable. Algorithms do not strongly prefer
one over the other.

These assumptions shaped decades of algorithm design. Systems bun-
dle related data to enable sequential access, prefetch aggressively to hide
latency, and batch small requests into larger transfers to amortize per-
operation overhead.

Byte-addressable storage invalidates these assumptions. As described
in Section 2.2.2, byte-addressable storage devices such as Intel Optane
PMEM andCXL-attachedmemory exhibit fundamentally di!erent char-
acteristics:
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• Randomreadperformanceapproachessequential. Withoutmechan-
ical seeks, random and sequential reads achieve similar bandwidth.
The penalty for scattered access is minimal.

• Fine-grained access without amplification. Byte-addressable de-
vices support loads and stores at cache-line or smaller granularity.
Reading a 10-byte key does not require transferring a 4KiB block.

• Reads are cheaper thanwrites. Write bandwidth is lower than read
bandwidth, andwrites do not scale as well with concurrency. Addi-
tionally, concurrent reads andwrites interfere, degrading read per-
formance.

These characteristics invert the traditional tradeo!s. Bundlingkeyswith
values, whichmade sensewhen random readswere expensive, nowwastes
bandwidth by moving values that sorting does not use. The asymmetry
between reads andwrites favors algorithms that perform additional reads
to avoidwrites.

On byte-addressable storage, an alternative approach becomes viable:
sort only keys (with pointers to values), then gather values into sorted
order using random reads. This approach reduces write tra"c during run
generation andmerge (since only keysmove through intermediate files)
and replaces sequential value reads with targeted random reads that fetch
only the bytes needed.

Whether this tradeo! is beneficial depends onworkload characteristics
(the ratio of key size to value size) and device parameters (the relative
costs of random reads, sequential reads, andwrites). The remainder of this
chapter developsWiscSort, a sorting algorithm that exploits these proper-
ties. WiscSort separates keys from values, manages concurrency to respect
device constraints, and schedules I/O to avoid read-write interference.
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3.2 Byte-Addressable Storage Characteristics

Chapter 2 introduced byte-addressable storage (BAS) in §2.2.2. Because the
sorting techniques in this chapter depend directly on BAS device behavior,
we briefly recap the relevant characteristics.

BAS devices such as Intel Optane DC Persistent Memory and CXL-
attachedmemory sit betweenDRAMandSSDs in both latency and capacity.
They di!er from traditional block storage in several ways that are conse-
quential for sorting:

• Access granularity. BAS supports byte-level addressing. OnOptane
PMEM, the internal access unit is 256 bytes (theXPLine), but appli-
cations can issue loads and stores at arbitrary granularity without
the amplification penalties of block devices [159, 88]. CXL-attached
memory operates at 64-byte flit granularity [141].

• Latency. Read latencies are roughly 3→ higher than DRAM (approx-
imately 300 ns versus 100 ns for local DRAMonOptane), while write
latencies are higher still due to internal wear-leveling and persistence
requirements [159].

• Bandwidth. AsingleOptaneDIMMprovidesapproximately6.6GB/s
read and 2.3GB/s write bandwidth, a 2.9→ asymmetry. Bandwidth
scales with the number of DIMMs but saturates at fewer concurrent
threads than DRAM [159].

• Random versus sequential access. Unlike HDDs and SSDs, ran-
dom read bandwidth on BAS approaches sequential read bandwidth
(within 18%onOptane for 256 Baccesses [159]). This property funda-
mentally changes thecalculus fordata layout: algorithms that avoided
random access to amortize seek costs can now reconsider.
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• Read-write interference. Writes are slower than reads and do not
scale as well with concurrency. Concurrent writes can also interfere
with read performance, reducing read bandwidth by up to 2→when
reads andwrites overlap [159, 155].

These characteristics invert several traditional assumptions. OnHDDs,
sequential access was paramount because seeks dominated cost; systems
bundleddata together even if only a subsetwould be used. OnBAS, the cost
of readingunnecessary bytes is no longer amortizedby avoiding seeks. Sim-
ilarly, the asymmetry between reads andwrites favors algorithms that trade
additional reads for fewer writes. The next section develops the BRAID
model, which formalizes these properties into a framework for algorithm
design.

3.3 Motivation

Chapter 3 introduced external sorting (§3.1) and byte-addressable storage
characteristics (§2.2.2). This section develops the BRAID model, which
captures the device properties most relevant to sorting, and demonstrates
why existing approaches fail to exploit these properties.

3.3.1 The BRAIDmodel

Wedevelop a devicemodel for byte-addressable storage that specifies the
important properties that distinguish it from other storagemedia. Being
cognizant of these unconventional properties is crucial for maximizing
performance. The BRAIDmodel constitutes a device with the following
five properties:

1. ByteAddressability (B).BAS supports load/store access at fine gran-
ularity, avoiding the amplification inherent in block-addressed de-
vices. On Intel Optane PMEM, the internal access unit is a 256-byte
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XPLine; applications can issue reads at cache-line (64 B, 256 B) granu-
laritywithout transferring an entire 4KiB block [159, 88]. By contrast,
reading a 10-byte key from anHDD or SSD requires transferring at
least a 512-byte or 4KiB sector, a 40→ amplification for GraySort-sized
records.

2. HigherRandom-ReadPerformance (R).Random-readperformance
on BAS approaches sequential read performance for larger accesses.
Concurrent random reads on Optane PMEM at only 18% slower than
concurrent sequential reads for 256B accesses [159]. The gap stems
fromanon-DIMMprefetch bu!er (theXPBu"er) that benefits sequen-
tial patterns; randompatterns bypass this bu!er but still achieve high
throughput because the 3D XPoint media itself supports fast random
access [88]. This is a stark contrast with HDDs, where a seek penalty
makes randomreadsorders ofmagnitude slower than sequential, and
with NAND SSDs, where random 4KiB reads are typically 1.5–2→
slower than sequential.

3. Asymmetric Read-Write Cost (A). There is a vast di!erence be-
tween read and write performance on BAS. On Optane PMEM, a
single DIMMprovides 6.6GB/s sequential read bandwidth but only
2.3GB/s write bandwidth, a 2.9→ ratio [159]. Write latency is further
inflatedby internalwear-levelingandtheread-modify-write cycle trig-
geredby sub-XPLine stores [88]. By comparison,DRAMexhibits only
a 6% read-write bandwidth gap, andHDDs are roughly symmetric.

4. Read-Write Interference (I). Read performance degrades when con-
current writes are issued on BAS. This degradation increases with
an increased number of concurrent writes. On Optane PMEM, the
write pending queue creates head-of-line blocking: concurrentwrites
can reduce read bandwidth by up to 2→ [154, 159]. Sub-256-byte
writes are particularly harmful because they trigger implicit reads
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(read-modify-write at the XPLine level), compounding the interfer-
ence [155]. However, the opposite e!ect is minimal, i.e., there is little
to no degradation in write performance when multiple reads are
performed concurrently [154].

5. Device-Constrained Concurrency (D). BAS exhibits specific concur-
rency constraints; for example, writes do not scale well, but reads
do until the number of read threadsmatches the total physical cores.
On Optane PMEM, write bandwidth saturates at approximately 4
threads across 6 interleavedDIMMs, and addingmore threads can
actually decrease throughput, apatternDRAMnever exhibits [64, 159].
Performingwrites with themaximumnumber of threads can be ∼2x
slower than peakwrite performance [64].

DothesepropertiesgeneralizebeyondOptanePMEM? BRAIDservesas
a comprehensive model encompassing various devices with di!erent char-
acteristics, although not all devices may possess all of these traits. Rather
than speculate about hypothetical future devices, we consider three device
classes for which published performance data now exists.

CXL-attachedDRAM expanders (e.g., SamsungCMM-D,MicronCZ120)
are commercially deployed, with measured read latencies of 200–270 ns
on ASIC-based devices [141, 142]. These devices exhibit B (64-byte CXL
flit granularity) andmoderate forms of I andD: tail latencies spike under
contention[107], andper-devicebandwidthplateausat roughly25–30GB/s
due to the PCIe Gen5 link [141]. However, because the underlyingmedia
is DRAM, random and sequential reads perform similarly (∼20% gap, as in
localDRAM), and readsandwrites arenearly symmetric,withonlya7–26%
write penalty introduced by CXL protocol overhead [161]. CXL-attached
DRAM therefore lacks the strong forms of R andA. A sorting algorithm
on such a device would benefit from key-value separation (B) and thread-
pool control (D), but interference-aware scheduling andwrite-avoidance
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strategies would provide diminished returns. Our emulated BRD-Device
(§3.5.5.2) approximates this profile, and the results confirm this prediction:
WiscSort OnePass remains fastest due to reduced data movement, but
interference-aware scheduling provides nomeasurable benefit.

SamsungCMM-H (CXLMemoryModule–Hybrid)pairsa16GBDRAM
cachewith a 1 TBNAND SSD backend behind a CXL.mem interface [162].
This device exhibits all five BRAID properties, but through a di!erent
mechanism than Optane: byte addressability is a protocol-level abstraction
(cachemisses fetch 4KiB pages fromNAND), read-write asymmetry arises
from slowNANDwrites rather than 3D XPoint media physics, and band-
width saturates at just 2–4 threads. Measured latencies of 1,100–1,475 ns are
9–12→higher than localDDR5[162]. OuremulatedBARD-Device(§3.5.5.3)
approximates the asymmetry profile, and the results show thatWiscSort’s
write reduction yields a 2→ improvement over external merge sort.

Ultra-low-latency SSDs (e.g., Kioxia FL6with XL-FLASH [95], Samsung
Z-SSD [135]) exhibit strong read-write asymmetry (3.75–4.4→ in IOPS)
andmoderate concurrency constraints, but they are block-addressed devices
that lack the B property entirely. Without byte addressability, key-value
separation cannot avoid I/O amplification: reading a 10-byte key still trans-
fers a minimum 4KiB block. Our emulated BD-Device (§3.5.5.1) models a
hypothetical byte-addressable device with poor random reads, and the re-
sults show that external merge sort dominates in that regime. No shipping
device occupies this exact point in the BRAID space, because the technolo-
gies that enable byte addressability (DRAM, 3D XPoint, CXL protocols)
inherently support e"cient random access.

The BRAID characterizes steady-state performance properties and does
not capture transient non-linearities (e.g., performance cli!swhen a device-
internal DRAM cache fills with dirty data, or latency spikes from SSD
garbage collection), nor does it model persistence semantics (crash consis-
tency, durability ordering) of byte-addressable storage.
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In short, BRAIDproperties are not binary and theydonot always appear
together. Themodel’s utility is that it decomposes device behavior into in-
dependent axes, allowing an algorithmdesigner to predict which optimiza-
tions transfer toanewdeviceandwhichdonot. Ourevaluationonemulated
devices (§3.5.5) demonstrates this concretely: as properties are added or
removed, di!erent WiscSort components become more or less valuable,
and themodel correctly predicts the outcome in each case. In the rest of the
paper, we sometimes refer to a BRAID device simply as BRAID for brevity.

3.3.2 TheQuestion: How to Sort on BRAID?

Existing sorting algorithms, unfortunately, do not readily translate into
e"cient BRAID solutions. In the following, we look at two types of sorting
on BRAID: 1) in-place sortingwith the BRAID device treated as a slower
DRAM, and 2) external sortingwith BRAID treated as a faster HDD/SSD.
We demonstrate why using these two existing approaches to sort on a
BRAID device is ine"cient.

3.3.2.1 BRAIDAsA Slower DRAM

A BRAID device is an order of magnitude slower than DRAM, making
direct in-place sorting on PM ine"cient. In-place sorting algorithms, such
as sample sort, move records around based on pairwise record compar-
isons. These algorithms produce log2N times the recordmovement tra"c
normalized to the dataset size. When sorting in-place directly on BRAID
without using DRAM, all of the tra"c translates into slow BRAID accesses.
In contrast, ifwe use external sorting algorithms, a significant portion of the
tra"cwill be served by fastDRAM, reducing total sorting time significantly.
External merge sort on BRAID, for example, produces (1+M) times the
dataset size of BRAID tra"c (M is the number of merge phases,M=1 in
dominant cases).
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A state of the art in-place concurrent sample sort [44] fails to consider
the concurrency constraints or the interference properties of the BRAID
model, as itwasdesigned forDRAM.Asshown inFigure3.1, externalmerge
sort performs ∼2x faster than in-place sample sort, as it requires much less
device tra"c and respects the device concurrency properties in comparison.
Moreover, in-place sorting on DRAM is ∼10x faster than in-place sorting
on PMEM.Hence, we conclude that in-place sorting on PM is ine"cient.

3.3.2.2 BRAIDAsA Faster Disk.

Previous external sort implementations designed for HDD/SSD are also
insu"cient on BRAID, particularly in terms of value movement during
sorting. Assume the dataset consists of key-value pairs. External sorting
implementations typically move values alongwith keys, even though sort-
ing only involves key comparisons. For example, in external merge sort,
both keys and values are read intoDRAMandwritten to temporary BRAID
files during run generation; similarly, both keys and values are read and
written duringmerge.
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Moving values with keys is e!ective because it leverages the sequential
operation of HDDs/SSDs. Random reads on SSDs are ∼1.5x slower and on
HDDs are 10–100x slower than sequential reads (unlike (R)). Furthermore,
the 4KB access granularity of HDDs/SSDs is much larger than the value
sizes in common sortingworkloads (e.g., 100 B in GraySort) (unlike (B)).
If we do not move values with keys on HDDs/SSDs, we save sequential
reads/writes of values but introduce slow random reads to fetch values
into their sorted positions, and each random read yields large amplification
(40x = 4KB/100B in the case of GraySort). Because of these HDD/SSD
characteristics, moving values with keys is advantageous in external sort-
ing (unlike (A)). Traditional concurrent external sorts [112] consider only
merge-based or partition-based parallelism and are ignorant of the device-
based parallelism required onmodern storage (unlike (I,D)) formaximum
performance.

However, unlike HDD/SSD, BRAID devices have fundamentally dif-
ferent performance characteristics, necessitating this tradeo! to be recon-
sidered. BRAID has a limitedwrite bandwidthwhile providing excellent
random-readperformance (e.g., a singlePMEMDIMMhas2.5GB/s sequen-
tial write vs 7GB/s random read bandwidth). Because BRAID supports
fine-grained access (256B for PMEM), small random reads required by sort-
ing workloads become significantly more e"cient on BASwhen compared
to HDD/SSD. Aswewill demonstrate, due to these unique characteristics,
existingdatamovement schemes that donot complywith theBRAIDmodel
leave the true potential of BAS largely underutilized.

3.3.2.3 Separating Key fromValues.

Separating the key and value to improve sorting is a classic idea. A 1963
CACMpaper [84] proposed separating keys from values to perform just
the key-pointer sort; however, due to the slow random reads on hard drives,
they convert all random reads to sequential reads for gathering the values,
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Table 3.1: Sorting system’s compliance with the BRAIDmodel.

System B R A I D
External merge sort (naive) ✁ ✁ ✁ ✁ ✁
In-place sample sort [44] ✂ ✂ ✁ ✁ ✁
External merge sort ✁ ✁ ✁ ✂ ✂
Modified-key sort [84] ✁ ✁ ✂ ✁ ✁
PMSort [82] ✂ ✁ ✂ ✁ ✁
WiscSort ✂ ✂ ✂ ✂ ✂

thus performingmore sorts than required. Moreover, they fail to address
the I/O amplification of using block accesses when processing small keys.
We examine this six-decade-old approach for modern hardware, which
is byte addressable and has random bandwidth reaching near-sequential
bandwidths.

PMSort [82] performs key-value separation for PMEM to reducewrite
tra"c, focusing on the single-threaded case. However, it does not fully
exploit BRAID properties and makes some choices that do not scale. 1)
PMSort does not fully take advantage of the random-read bandwidth, as it
loads both keys and values to thememory during the RUNphase. 2) They
conclude QuickSort is the best approach for sorting on PMEM, but as we
will show (see Figure 3.1), this does not scale. 3) PMSort avoids performing
random reads (like [84]) and claims bandwidth not to be the bottleneck,
which is not true at scale. 4) PMSort focuses onwear-leveling, thus not fully
utilizing all the properties of a BRAID device.

Table3.1summarizeshowdi!erent sortingsystemsadhere to theBRAID
model. Traditional externalmerge sort is not device concurrency constraint
aware, but we add a thread pool controller (Sec 3.4.4) and interference-
aware scheduling (Sec 3.4.5) for it to be a competitive comparison against
WiscSort. Modified-Key Sort makes a conscious decision to avoid random
reads due to the exorbitant cost on older devices. PMSort does not com-
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pletely take advantage of random-read performance and does not attempt
to be device concurrency or interference aware. WiscSort, in contrast, is a
practical real-world sorting system that takes advantageof all theproperties
specified in the BRAIDmodel for maximumperformance.

3.3.3 Our target workload

Based on the observations, we aim to design a system that e"ciently sorts
largevolumesof inputdatausingbyte-addressablestorage. Asrow-oriented
binary data formats become relevant again [9, 7, 11], we rely on the for-
mat specified by sortbenchmark [21], a well-known sorting benchmark
designed to stress test the I/O subsystem. Specifically, the workload has
uniformly random keys, it is read from andwritten to files on BRAID, and
the size of keys and values are fixed for a dataset. For variable length val-
ues, we rely on Key-Length-Value encoding [16], where a fixed size key is
followed by the length of the value and the value itself. This simple and
widely used record format (SQLite [22], PostgreSQL [17], etc.) allows us
tomake no assumptions about the index data structures. Additionally, we
assume the BRAID capacity is large enough to fit the dataset.

3.4 WiscSort

In the previous section, we discussed how byte-addressable storage has
di!erent properties compared to slower counterparts such as HDDs or
SSDs. Using these properties, we introduce WiscSort, a new algorithm
that performs external merge sort on BRAID.WiscSort is a single-machine
sorting algorithm that exploits the properties of the BRAIDmodel (3.3.1)
to e"ciently utilize the higher bandwidth o!ered. Although the properties
of the BRAIDmodel are derived from PMEM,we expect most of them to
also be present in future storage devices.
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3.4.1 Design goals

Based on the BRAIDmodel, we derive five high-level goals to achieve high
throughput:

• Reduce I/O amplification. Small accesses to storage devices need no
longer be amplified due to the byte granularity o!ered. Since BRAID
bandwidth can be saturated evenwhenmaking small accesses, reduc-
ing total I/O tra"c bymaking byte-level accesses should be preferred.

• Avoid redundant reads. Conventionally, systems focus onmaximiz-
ing bandwidth using sequential accesses; however, this approach is
no longer required due to BRAID’s high random-read bandwidth.

• Trade more reads for fewer writes. Current BRAID devices have
asymmetric read-write costs; thus, tradingmore reads for fewerwrites
tomaximize performance is preferred.

• Manage access concurrency. Spawning too few threads or toomany
threads can hurt performance on BRAID. Hence, wemust appropri-
ately size the thread pool based on the access type and the device to
maximize I/O bandwidth.

• Avoid read-write interference. Overlapping read and write work-
loads on BRAID can lead to reduced read bandwidth. Thus, wemust
ensure that reads andwrites are not overlapped.

3.4.2 Overview

WiscSort contains four algorithmic innovations to achieve these design
goals. First,WiscSort utilizeskey-value separation to reduce I/O amplifica-
tion, avoid redundant reads, and trademore reads for fewerwrites. Second,
WiscSort includes a thread-pool controller that determines the number
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Figure 3.2: Three di!erent concurrency mechanisms. To maximize
BRAID device bandwidth, WiscSort prefers 3.2c model (interference
aware, thread-pool controller) over 3.2b (thread-pool controller) and 3.2a
(interference unaware). In all three models, the sort pools are the same
size; the size of read andwrite pools may di!er for (b) and (c).

of threads for reads andwrites for the device for managing access concur-
rency. Third,WiscSort introduces an interference-aware scheduler that
ensures reads andwrites are not overlapped to avoid interference. Finally,
WiscSort capitalizes on the fact that keys and values are separated to sort
larger amounts of data inmemory in a single pass without amerge phase
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(OnePass).
Similar to external merge sort, WiscSort has two phases: the run gen-

eration phase and themerge phase. Instead of creating runs of key-value
pairs (as in external merge sort), WiscSort creates runs of key-pointer pairs
which refer to the values in the original input files. We call these new runs
IndexMaps. During run generation, multiple threads read disparate par-
titions of the input file into DRAMand create key-pointer pairs; multiple
sorting threads then concurrently sort individual runs; finally, multiple
write threads persist the runs as IndexMap files. In merge phase, all the
IndexMap files are read concurrently andmerged. The final sorted data
is then persisted.

Compliance with BRAID model: WiscSort reads only the keys from the
device, leaving the values in place. As the value is not utilized to produce
the ordered records, there is no motivation to read it to perform the sort.
WiscSort reads only the keys, which is facilitated by the (B) property. Split-
ting the records leads to reading keys at strided locations (non-sequential).
Due to (R), there is a minimal performance impact. Additionally, as the
values never follow the keys while sorting, the amount of data written
during the run phase is vastly reduced, addressing the (A) property.

WiscSort performs interference-aware scheduling of read and write
operations addressing the (I) property. At any given point, either reads or
writes are issued, thereby avoiding the interference created by read-write
operations. WiscSort uses the thread pool controller to appropriately size
the pool for a given access type (reads or writes) on the device, achieving
the (D) property.

Lastly,WiscSort can sort in just one pass, bypassing the creation of In-
dexMap files when the keys and their pointers can fit in the DRAM.We call
this versionWiscSort OnePass. If the total size of the keys and pointers does
not fit in thememory,WiscSort, like external merge sort, performs the run
andmerge phases. We call this versionWiscSort MergePass.
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3.4.3 Key-Value Separation

Maintaining values in the run files and reading andwriting values when
not used for sorting is one ofmany externalmerge sort performance pitfalls.
WiscSort ismotivatedbyasimple revelation thatkeysandvalues cannowbe
separated because of the byte-level granularity o!ered by BRAID (B)with-
outmassive amplification costs during reads andwrites. WiscSort reads
only keys from the record in a strided fashion leading to non-sequential
reads. Each key read has a pointer associatedwith it to represent the file
o!set of the record. We call this key-pointer combination an index and the
list of key-pointers an IndexMap. The IndexMap is stored in the memory
during sorting and is later persisted.

To understand the impact of splitting records, let us consider a simple
example. Assume a dataset that comprises records with a 10-byte key and
a 90-byte value. Traditional external merge sort will read 100 bytes (10 +
90), as it focuses on harnessing sequential read performance;WiscSort only
reads the 10B key, resulting in a 10x reduction in read I/O tra"c. Moreover,
the run files are read during themerge phase again, leading to another 10x
reduction (or more if multiple merge phases are required). Similarly, there
is also a significant reduction in the write tra"c also. Instead of the value,
only a 5-byte1 pointer is persisted alongwith the key. In the example, there
will be a ∼7x reduction in the write tra"c. As the writes are slower than
reads (PropertyA), the write tra"c reduction improves the performance.

WiscSort has 2N(V!P) less read and write tra"c compared to exter-
nal merge sort in the worst case (MergePass) and 2N(K+V) bytes tra"c
reduction in the best case (OnePass), whereN is the number of records and
K,V ,P are the key, value and pointer sizes.

15B represents 240 (∼1 trillion) record o!sets, irrespective of the size of the record. 8B
can be used if larger dataset is required, resulting in a 5xwrite tra"c reduction.
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3.4.4 Thread-Pool Controller

Traditional high-performance applications want to maximize CPU uti-
lization, so they tend to overlap all operations when possible. In the no-
synchronization concurrencymodel shown in Fig 3.2a, each thread in the
pool repeatedly reads some data, sorts it, andwrites it to a file. However, in
this approach, there is noway to control the number of concurrent threads
performing a particular action, and straggler threads may overlap read
write operations, causingminor read-write interference. InWiscSort, the
thread-pool controller determines the thread pool size to be used for a
particular operation (read, sort, andwrite) as shown in Fig 3.2b and 3.2c.

Given that a wide range of BRAID devices will exist in the future, de-
ciding the number of requests to be sent concurrently is a non-trivial task.
In our system, amicrobenchmark determines the device’s peak bandwidth
capabilities and scaling behavior. The controller then utilizes this infor-
mation at run time to determine the thread pool sizes. For example, the
pool size of reads is much larger than that of writes (Figure 3.2c). In future
Linux versions, one can directly gather the device performance data from
HeterogeneousMemory Attribute (HMAT) tables [12].

3.4.5 Interference-Aware Scheduling

As observed inmany prior works [128, 64, 159], writes do not scale well on
BRAID, and, therefore, onemay bemotivated to overlap reads andwrites
as shown in Figure 3.2b. However, BRAID’s performance interference be-
tween reads and writes ((I)) nullifies the benefit gained by overlapping
them. Thus, it is important to isolate read andwrite operations.

WiscSort relies on interference-aware scheduling, where only read or
write operations are issued at any given time, as shown in Figure 3.2c. The
majority of the read operations occur at the start of the runphase andmerge
phase, while the write operations occur towards the end of the phases.
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While the data is being read in the run phase,WiscSort uses a write bu!er
to temporarily store the sorted data in thememory and periodically flushes
the write bu!er while stalling the reads. Similarly, the values gathered
during themerge phase are isolated from the writes to the device through
awrite bu!er. These bu!ers act as a logical barrier between di!erent kinds
of operations. Thewrite bu!ers are essential for adding a control point to
separately size the number of reader andwriter threads and to avoid any
interference between these operations.

3.4.6 More Keys inOne Pass

Traditional sorting algorithms sort keys in a single pass (without writing
intermediate results) when all keys and values fit intomainmemory, but
must perform a second pass merge phase when the keys and values exceed
memorycapacity. In contrast, splittingkeys fromvalues (via the IndexMap)
reduces thememory footprint ofWiscSort, and enables it to sort keys in a
single pass when keys and pointers fit inmainmemory.

In theone-passversionofWiscSort, the IndexMapisconcurrently loaded
intomemory through strided key reads and then sorted in-place. If we ig-
nored the (I)property, thevalues couldbemoveddirectly fromthe inputfile
to the output file. However,WiscSort-OnePass performs thread-pool and
interference-aware schedulingwith awrite bu!er to optimize performance.

3.4.7 Algorithm

Fig 3.3 represents the operation ofWiscSort, including how data flows and
state changes across steps for fixed-size records. Steps 1-2 are performed
regardless ofwhether one ormultiple passeswill be needed. Section 3.4.7.3
will describe theminor changes required to handle variable length records.

1 RUNread: For a given input file,WiscSort determines themaximum
IndexMap size that can fit inmemorywhile aligned to the input file size.
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Consecutively the appropriate portion of the input file is evenly partitioned
amongst the reader threads. Each reader thread performs a strided read
of the keys in its partition to the unsorted IndexMap, generating record-id
pointers on the fly to reference the o!set of the value in the original input
file. Since the record sizes are fixed and contiguous (Sec 3.3.3), each pointer
is a hex address, calculated as (start_address+record_id↔record_size).

2 RUN sort: Once all threads finish reading, a concurrent in-place
sample sort is performedon the IndexMap. If the IndexMapfits intoDRAM,
WiscSort will perform just one pass as in steps 3-4; otherwise, WiscSort
performs two passes as in steps 5-9.

3.4.7.1 WiscSort OnePass

3 RECORD read: The sorted IndexMap is divided across a predeter-
mined number of read threads provided by the thread pool controller; each
thread performs a random read for the value from the unsorted file and
places it into a write bu!er.

4 RUNwrite: Once the write bu!er is full, it is written sequentially to
the output sorted file. The write bu!er enables interference-aware schedul-
ing; however, without it, WiscSort would still be faster than external merge
sort simply because of finishing the entire sorting in a single pass.

3.4.7.2 WiscSortMergePass

As seen in Steps 1 and 2, the keys are gathered and sorted in chunks equal
to that of the IndexMap size.

5 RUNwrite: Since a single IndexMap does not contain all the keys of
the input file, it is temporarilywritten to a file on BRAID in a sequential and
concurrent manner; this does not require an output bu!er. Steps (1, 2, and
5) are repeated until all the keys of the input file are read, where a set of
sorted IndexMap files are generated. This marks the end of the run phase.
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6 MERGE read: In the merge phase, the read bu!er is split evenly
amongst the number of IndexMap files. Reader threads then sequentially
load a chunk of each IndexMap to its appropriate area in the read bu!er.
Once a set of keys from all the IndexMaps fill the read bu!er, a set of cursor
pointers indicates the current and the end for the space allocated to the
IndexMap file. The current cursors indicate the keys to be compared across
the IndexMap files, and the end cursor pointer points to the last key in the
space allocated for that IndexMap. These pointers are reset every time a
new set of keys is read from the IndexMap file to its space in the read bu!er.

7 MERGE other: WiscSort finds theminimum of the keys pointed to
by the current pointers. The minimum key is then enqueued to an o!set
queue that maintains a list of pointers whose valuesmust be read into the
write bu!er. WiscSort does not fetch the value after finding eachmin key
because single thread random read bandwidth is poor.

8 RECORD read: The size of the o!set queue is determined by the
size of the write bu!er. Once the o!set queue is full, WiscSort performs
concurrent random reads of records to retrieve the values from the input
file and update the write bu!er.

9 MERGEwrite: Once the write bu!er is full, it is sequentially written
to the output file. The write thread-pool is controlled as per the device
characteristics. If any current pointer reaches the end pointer,WiscSort will
read the next set of keys from the respective IndexMap file to its allocated
space in the read bu!er. If all the keys are already read from that IndexMap
file, the read bu!er space allotted to this IndexMapwill be transferred to
a neighboring IndexMaps evenly and the number of keys compared to find
theminimum keywill be reduced by one. The pointers are also updated
accordingly when keys are read for the neighboring IndexMap.

Finally, if only one IndexMap file remains, it is loaded completely to the
read bu!er. If WiscSort has finished traversing of all the IndexMap files
and the write bu!er is still not full, the partially full bu!er is flushed to the
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byte-addressable storage concurrently, marking the end of themerge phase.
Throughout all of these stepsWiscSort carefully ensures that the reads and
writes never overlap through interference-aware scheduling.

3.4.7.3 WiscSort for variable length values.

Sorting the variable length records with fixed size keys (KLV - Sec 3.3.3)
requires only two changes, the IndexMap layout, and the random read
processing. The IndexMap file will now contain one additional attribute,
the length of the value. So an IndexMap is now a list of (<key, pointer,
vlength>) entries, and pointer now points to the byte-o!set of the corre-
sponding value. The following steps indicate the changes to the previously
described algorithm,

1 RUN read: Since the key byte o!sets are unknown, concurrently
reading the key and vlength is impossible. A single reader thread must
serially read the key+ vlength of each record to determine the next address
to read from. The next key to be read is determined by appending the
vlength to the existing key byte o!set. Hence, the IndexMap filemust be
loaded serially in the RUNphase when dealingwith the KLV format. This
is restriction is shared by other sorting algorithms as well.

3 & 8 RECORD read: The o!set queue used to perform concurrent
randomreadsnowmaintains vlength alongwith the list of pointers (sorted)
that must be read to the write bu!er. Once this queue is full, the thread-
pool controller evenly partitions the queue among an optimal set of reader
threads. Each reader thread now reads the value of vlength size from the
input file to the write bu!er. Once the write bu!er is full, it is written to the
BRAID device.
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3.4.8 Implementation

To saturate the BRAID bandwidth, wemust determine the right number of
read andwrite threads and access granularity. The thread-pool controller
relies on this information to decide the pool sizes. Thus, we developed ami-
crobenchmark suite to characterize the device’s performance. In our setup
( Sec 3.5), read bandwidth scales up to 16 threads (#physical cores) and
saturates after that. Therefore, our implementation uses 16 to 32 threads
(sequential and random) for reading data to the read bu!ers and 5 threads
for writing from thewrite bu!er, since writes do not scale withmore con-
currency.

External merge sort slightly benefits from a large read bu!er during
themerge phase, as the number of times the read operations are to be per-
formed is reduced. In the case ofWiscSort, the read bu!er sizes determine
the number of passes required. If the read bu!er is small and the entire
IndexMap does not fit into the bu!er, thenMergePass will have to be used.
Sowhenpossible, larger readbu!ers andsmallerwrite bu!ers arepreferred
inWiscSort. The size of the write bu!er has no performance significance.

To perform in-place sort of keys and index/pointers, we employ the
state-of-the-art sorting implementation IPS

4
o [44]. The concurrency is

implemented using C++’s standard threadingmodule std::thread. The
synchronization between threads performing an operation is achieved
through a condition variable indicating if all the threads have finished
their portion of the work. We employ concurrent operations whenever
possible; for example, loading keys from the read bu!er to the key array
(<key,read_buff_ptr>) andmoving keys from the key array and values
from the read bu!er to the write bu!er are all performed concurrently.
Finally, for optimized I/O accesses, we use AVX512 non-temporal stores
followed by a clflushopt for writes and AVX256 instructions for reads.
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3.5 Evaluation

In this section, we evaluate the benefits of the design choices made in
WiscSort. We compareWiscSort to well-established sorting algorithms on
standard sorting benchmarks and show howWiscSort e!ectively utilizes
a real byte-addressable storage device – Intel Optane DC PMEM. Finally,
we show the e!ectiveness of our techniques on emulated BRAID devices
with varying properties.

All the experiments are run on a test machinewith one Intel(R) Xeon
Gold52182ndGenCPUwithscalinggovernorset toperformance. Thereare
two 16GB@2400MHzDRAM and four 128GB Intel Optane DC PMEM 100
@2666MHzplacedon sixdistinctmemory channels, as advisedby Intel [14].
The operating system is 64-bit Linux 5.0, and the PMEMdevices are config-
ured toAppDirectmodewith fsdax namespace and ext4 as the file system.

To evaluate the e!ect of Key-Value Separation, Thread-Pool Controller,
and Interference-Aware Scheduling,
we ask:

1. HowdoesWiscSortperformonpopular applicationbenchmarks (e.g.,
sortbenchmark)? DoesWiscSort utilize the BRAIDdevice bandwidth
e!ectively?

2. What is the benefit of concurrency optimizations? How does PMSort
compare againstWiscSort?

3. What is the benefit of key-value separation? How does the benefit
vary with di!erent key:value ratios? Should sequential reads be pre-
ferred over random reads for all key-value sizes when generating the
IndexMap from the input?

4. How do WiscSort and other sorting methods perform on future
BRAID devices (e.g., CXL)with di!erent characteristics?
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We answer the above questions using a series of microbenchmarks and
industry-standard sorting benchmarks, and employwell-established tech-
niques to emulate future BRAID devices [105].
Wefind that:

1. WiscSort OnePass is 3x, andMergePass is 2x better than concurrent
external merge sort on the sortbenchmark. Moreover,WiscSort satu-
rates the device bandwidth for a given operation, demonstrating the
benefits of conforming to the BRAIDmodel.

2. Being device concurrency aware provides up to 50% improvement
in total time ofWiscSort compared to I/O overlappingWiscSort coun-
terparts. Also,WiscSort OnePass is 7x and
MergePass is 4x faster than PMSort.

3. WiscSort o!ers more improvements over external merge sort with
largerV :K ratios. WiscSort OnePass outperforms external merge sort
regardless of the V :K ratios, and MergePass outperforms external
merge sort when V :K>1. In addition, loading IndexMap via strided
reads is always beneficial regardless of V :K ratios.

4. Experiments on future CXL BRAID devices show external merge sort
andWiscSort OnePass are most favorable amongst others on devices
with poor random-read performance, large asymmetric read-write
costs, and symmetric costs.

3.5.1 SortBenchmark

Thesortbenchmark,first introducedinAlphaSort[124], is thedefacto indus-
try standard for stress testing I/Oarchitectures [65, 90, 38, 156]. Weevaluate
WiscSort on sortbenchmarkworkloads as a representation of application
workloads. The benchmark is to sort binary records with 10B keys and 90B
values. The inputfile tobe readand thegeneratedoutputfilemustbeplaced
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Figure 3.4: WiscSort and external merge sort performance on sortbench-
markworkload. Since the key values sizes are fixed, the speedup between
WiscSort and external merge sort is consistent for varying file sizes.

on BRAID (e.g., PMEM). The keys are of uniformly randomdistribution,
and the output file must be a permutation of the input file, sorted in key
ascendingorder. As shown inFigure 3.4,WiscSort consistentlyoutperforms
(2-3x)acompetitiveexternalmergesort implementation(usingthread-pool
controller and interference aware scheduling) for all sortbenchmarkdataset
sizes due toWiscSort’s design choices (conforming to BRAID properties).
The legend in the figuremaps to the operations described in Sec 3.4.7.

WiscSort can sort up to 200 GB of input data on 448 GB of usable PMEM
using a 5-byte pointer. The 200GB dataset benchmark is the largest work-
loadwe can runwith our PMEM capacity. The benchmark requires 30 GB
for IndexMap files and another 200 GB for the output file. When evaluating
WiscSortMergePass, we limit the available DRAM capacity (32 GB) to 20
GB so that the IndexMaps of input files larger than 140GB do not fit entirely
in the DRAM. The external merge sort uses a 10 GB read bu!er and 5 GB
write bu!er. WiscSort only uses a 5 GBwrite bu!er. The bu!er size choice
has no e!ect on either sorting system.
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Figure 3.5: Resource usage of external merge sort (I+D) andWiscSort
OnePass (B+ R+A+ I+D) for sorting a 40 GB file. The dotted lines
represent the peak bandwidth possible. As reported bymicrobenchmarks,
theMax Random-Read Bandwidth(MRRB) changes with access size. I/O
e"ciency compares actual time to ideal time for data operation. Ideal time
= operation size / peak bandwidth. for example, the ideal time to read
20 GB on our setup is 0.90s (read size /max read bandwidth).
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WiscSort OnePass is up to 3x faster than the external merge sort for the
40GB/80GB/120GBdatasets. This is due to the 50% reduction in read/write
tra"c and the avoidance of the merge phase computation. The external
merge sort is at least 25% slower than WiscSort during RUN read, with
larger datasets (more value read tra"c), the gap can reach up to 60%. The
total in-memory sort times (RUN sort) are the same as the key array, and
IndexMap is of similar size. In the 40 GB case, the RUN other in external
merge sort accounts for 12%of total time; this includes the time taken to copy
records from the readbu!er to the key array andvalues from the readbu!er
to the output bu!er concurrently. In contrast,WiscSort does not have the
RUN other overheads because it does not have related operations, further
reducing computation overhead. The total write time during the run phase
is the same between the external merge sort and OnePass since external
merge sort has to write all the key values to the run files, whereasWiscSort
OnePass writes all the key values in the final sorted order to the output file.

Figure 3.5 and 3.6 show the PMEM bandwidth and CPU resource us-
age of external merge sort, OnePass, andMergePass. As shown in Figure
3.5, WiscSort consumes less bandwidth than external merge sort due to
its strided key reads and random reads of values. Figure 3.5b shows the
repeated randomreadsmade to fetch the records from the inputfile pointed
by the indexes in the sorted IndexMapfile (RECORDread). The stridedkey
reads have lower bandwidth due to the smaller accesses performed (10B
key compared to 100B records). Although reading the entire dataset se-
quentially tomemory (MERGE read) is faster thanRECORD read, OnePass
avoids all othermerge phase operations warranting the use of slower ran-
dom reads (B+A+R property). The thread-pool controller sizes the pool
appropriately to ensure all I/O operations (sequential and random reads,
writes) perform at peak bandwidth as shown in Figure 3.5 & 3.6.

WiscSort MergePass is up to 2x faster than external merge sort for
the 160GB/200GB datasets, due to the total reduction in read/write traf-
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fic (42.5%). Like OnePass, MergePass takes (considerably) less time to
load IndexMap files, comparing to external merge sort. Unlike OnePass,
MergePass persists IndexMapfiles on thedevice (as in Figure 3.6b). During
the merge phase, MergePass saturates device read bandwidth due to its
sequential loads of the portion of the IndexMap file; inMergePass, there
are fewer IndexMap loading reads (compared to external merge sort),
sincemore keys can fit in DRAMdue to key/value separation. As a result,
for example, with the 160 GB dataset, WiscSort MERGE read time is 7x
smaller than that of the external merge sort. In themerge phase,WiscSort
MergePass generates random record value reads once keys are ordered
after merge. Due to interference-aware scheduling, inWiscSort MergePass,
no two types of I/O operations overlap.

MERGEwrites dominate the overall time ofWiscSortMergePass. The
totalwrite timeof externalmerge sort is 2x of the totalwrite timeofWiscSort
OnePass and 1.5x that ofWiscSort MergePass, satisfying the (A) property.
MERGE other time indicates operations other than reads andwrites in the
merge phase. In external merge sort, a single thread finds the minimum
betweenkeys fromeach runfileandcopies the record fromthe readbu!er to
the write bu!er. This cannot bemade concurrent since all the RUN files are
merged ina singlemergephase. On theotherhand, theWiscSortMergePass
performs concurrent copies of records to the output bu!er directly since
the read o!sets are accumulated and submitted at once, as depicted by
the better CPU utilization in Figure 3.6. A similar optimization cannot be
applied to externalmerge sort because the records at input bu!er o!sets can
potentially change before they are concurrently copied to the output bu!er.

Overall,we show thatWiscSortmaximizes random-readbandwidth (R),
reduces theamountofwrites (A), takes advantageof thebyte addressability
(B)whilemaximizingCPUutilization, and is aware of the concurrency con-
straints of the device (I+D), thusmaking it a BRAID compliant algorithm.
On the other hand, our implementation of externalmerge sort is only aware
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Figure 3.6: Resource usage of external merge sort (I+D) andWiscSort
MergePass (B+R+A+I+D) for sorting a 160GB file.

of (I+D), making it a non BRAID compliant system.
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3.5.2 Concurrency& Interference Optimizations

Figure 3.7 demonstrates the benefits of paying attention to the constrained
concurrency and the read-write interference of a device. We comparemul-
tiple concurrency models (Figure 3.2) of traditional external merge sort,
PMSort, andWiscSort against each other.

To di!erentiate the benefits gained by separating key and value, we
compare the external merge sort No Sync (Figure 3.2a) andNo I/O over-
lap (Figure 3.2c). During the merge phase of No Sync, we use a write
bu!er to make the output writes concurrent. The bu!er enforces an or-
der between read-write operations, which avoids interference, but it still
su!ers fromwrite degradation due to uncontrolled pool sizes. The exter-
nal merge sort No Sync has worse run time performance than any other
multi-threaded sorting system, due to larger amounts of contention. Due
to interference-aware scheduling andwith thread-pool control, the No IO
overlapperforms25.7% faster thanNoSync. Indicating that the thread-pool
control and interference-aware scheduling can improve performance for
any device-unaware algorithm.

The published version of PMSort separates keys and values, but does
not perform strided gather of keys during the run phase; additionally, it
avoids value writes at the end of the run phase. It ignores device concur-
rency characteristics, does not investigate e!ective resource utilization, and
avoids random reads whenever possible. Since the PMSort codebase is
not available, we implemented the single-threaded version as specified
[82]; we also built PMSort multi-threaded versions based on traditional
concurrencymodels (Figure 3.2a and 3.2b) calling it PMSort+. Our PM-
Sort+ implementation queues the random read o!sets in themerge phase,
so that the value gathering can be concurrent as done inWiscSort.

Themerge phase of PMSort+No Sync has nowrite bu!er (unlike exter-
nalmerge sortNoSync). Thevalues canbemoveddirectly andconcurrently
from the input file to the output file once the o!set vector is filled. This
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Figure 3.7: Sorting systems using di!erent concurrencymodels and the
BRAID properties they fulfill. Sorting 400M records of 10B K: 90B V each.

method, however, causes serious read-write interference coupled with
poor write performance degradation, hencemakingNo Sync 16% slower
than I/O overlap. During themerge phase of all I/O overlap systems, we
maintain twowrite bu!ers and two o!set vectors to ensure that the random
readsandwritesalwaysoverlap; thishelpsquantify thee!ectof thread-pool
control alone – the I/O overlapmerge is 36% faster thanNo Sync.

We implement all three concurrency variants ofWiscSort to study the
e!ects of BRAID compliance. The run phases ofWiscSort, unlike PMSort,
perform strided gather, thus reducing the overall run time in comparison.
However, themergephase timebetween the two remains the same. Because
of this, bothWiscSort I/OoverlapandNoSyncperformbetter thanPMSort+
equivalents. Moreover, the MergePass no I/O overlap, which performs
interference-aware scheduling and uses thread-pool controller, performs
33% faster than the hypothetical best case of PMSort+ and ∼4x faster than
the actual (single thread). If the IndexMap fits into memory, WiscSort
OnePass is 7x faster than single-threaded PMSort. The single-threaded
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Figure 3.8: Key Value splitting benefits for 400M records. The key size
is 10B, Pointer is 5B, and the value size varies.

WiscSortMergePass has no performance regression, although the single-
thread random reads are bad. This slowdown is because of the redundant
reads (of values) PMSort performs during the run phase and retaining only
keys, causing two copies rather than one. Nevertheless, since intermediate
writes are avoided,WiscSort OnePass will still be faster than PMSort.

Overall, we show that even a concurrency optimized externalmerge sort
(I+D) can outperform sorting systemswith naive concurrency, even if they
separate key and values (B+A+R). Even amongst systems that comply
with (B+A+R), choosing the appropriate concurrencymodel can result in
huge gains. We also highlight the importance of utilizing the concurrency
feature of the device itself (PMSort single-thread vs. multi-thread). Finally,
the considerable benefits of interference-aware scheduling and thread-pool
control shown in Figure 3.7 will only growwith larger datasets.

3.5.3 Random-ReadOptimizations

To better understand the key-value separation impact, we conduct exper-
iments where we vary the Value:Key ratios. It’s worth noting that most
production KVworkloads (like Facebook[55]) have large values and small
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Figure 3.9: Load IndexMap by Strided vs. Sequential reads for 400M
records. The key size is 10B, and the value size varies.

keys,making the key-value separation idea a goodfit. In addition,we evalu-
ate whether random/strided reads are more e"cient than sequential reads
for loading the IndexMap file with varying value-key ratios. We generate
the datasets required using a custom tool built on top of Gensort [10].

As seen in Figure 3.8, WiscSort performs up to 3x (OnePass) and 2x
(MergePass) better than external merge sort (I+D)when value sizes are
larger than 90B. The improvement is due to the reduced tra"c volume
in WiscSort caused by the key-value separation. For WiscSort OnePass,
the tra"c reduction percentage is constant (50%) regardless of the value
size. ForMergePass, there is more tra"c reductionwith larger values; for
example, MergePass has 48.5% tra"c reductionwith 502B value but 37.5%
reduction with 50B value (compared to external merge sort). Figure 3.9
demonstrates the impact of such reduced tra"c on IndexMap load time.

With values of medium sizes (i.e., 50B and 90B), Figure 3.8 tells a dif-
ferent story, where although there is a benefit ofWiscSortMergePass, it is
small in comparison. This decline is because of the lower tra"c reduction
and lesser impact of improved CPU usage ofWiscSort during the merge
phase. Since the key size is close to the value size, the benefits of splitting
are small. Nevertheless, OnePass performs 2x better. The di!erence in
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loading the IndexMap file through sequential vs. random is also reduced.
Similarly, PMSort performs sequential record reads tomemory and then
gathers keys and pointers from it; as shown in Figure 3.9 it is up to ∼3x
worse than performing strided gather of keys.

For caseswhere the value size is the same as the key size or even smaller,
MergePass performsworse than the traditional external merge sort. This
regression is because smaller record sizes exhibit poor random-read perfor-
mance compared to sequential read on PMEMduring value gathering in
themerge phase. Even though strided reads have good read bandwidth be-
causemultiple records canfit the 256B cache line (17 15B records and 12 20B
records), the randomreadduring themergephasedoesnotmakeuseof this.
However, externalmerge sort can reachpeak readbandwidth even for small
recordsbecause theyaresequential. Forvaluesof10Bandsmaller(V :K<1),
the write reductionwill beminimal or none in the case ofMergePass, thus
splitting key-value unsuitable. However, OnePass does better because of
property (A). Due to the disparity of read-write costs, multiple concurrent
writes are still costlier than a single concurrent random read.

Overall, we demonstrated that irrespective of the V :K ratio separating
them on a BRAID device is beneficial, given that the IndexMap file fits in
the DRAM (OnePass). For larger V :K, MergePass benefits further from
the write reduction (A). Due to PMSort access patterns, it always under-
performs in comparison to MergePass and OnePass for any V : K. This
implication was derived from Figure 3.9 where strided gather performs
better than sequential reads irrespective of the V :K (R property).

3.5.4 Background I/O interference e!ects

Thus far, we demonstrated the benefits of interference and concurrency
constraint awareness (I +D). However, at the OS level, the BRAID device
will be utilized bymultiple processes for whichwe do not have any control
over the requestsmade. Moreover, in the context of a database, itmaynot be
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desirable to delay a write from a short transactionwhile a long read phase
for another query is underway. While e"cient BRAID utilization with
multiple processes is not the focus of this work, we will demonstrate the
robustness ofWiscSort with varying degrees of I/O interference intensity.

In Figure 3.10, we observe the slowdown ofWiscSort and merge sort
as they are subjected to read andwrite heavy backgroundworkloads with
varying concurrency. Each thread/client executes a 4KiB read (Fig 3.10a) or
write (Fig 3.10b) operation on a large file. None of the background clients
share cores with themselves or the sortingworkload. Although the size of
accesses made by the background clients can impact the interference e!ect,
we keep it constant at 4KiB to facilitate direct comparison betweenWiscSort
andmerge sort in the common case.

The impact of background read workloads on WiscSort and merge
sort is minimal when compared to background write-heavy workloads.
The primary sources of the slowdown in the case of background readers
are random reads andwrites (Fig 3.10a), whereas writes are the primary
cause of the slowdown in the presence of backgroundwriters (Fig 3.10b).
Randomreader threads in the background a!ect sequential reads due to on-
device prefetching overhead and limited device scratchmemory. Overlap
of random read requests can lead to significant overhead, while sequential
background reads have a negligible e!ect. For example, WiscSort expe-
riences a slowdown of 45%when executing 8 concurrent random reader
threads, whereasmerge sort’s slowdown is only 25%.

The presence of background write-heavy clients poses a significant
challenge for the sorting workloads due to the poor scalability of writes
on PMEM, leading to a substantial impact on write times. Nonetheless,
WiscSort, which is BRAID-compliant, is always twice as fast as merge sort,
regardless of write intensity. We observe a slowdown of up to 14x in both
WiscSort andmerge sort with eight overlappingwriter threads. Random
reads are considerably slower than sequential reads when overlappedwith
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(a) Read interference overhead (b)Write interference overhead

Figure 3.10: Interference e!ects ofWiscSort OnePass and ExternalMerge
Sort (EMS) against multiple I/O intensive clients. Sorting 400M records
of 100B each. Each background thread performs 4KiB requests of read or
writes to a di!erent file on the device.
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Figure 3.11: Future BRAID device devices through CXL emulation.
Sorting 100M records with 10B Key and 90B value each. (a) Random
reads are 500ns slower than sequential reads. (b) Random read is equal
to sequential read. (c)Writes 500ns slower than reads.

backgroundwrites. Overall,WiscSort outperformsmerge sort for both read
andwrite-heavybackgroundworkloads; however, auserspace IOscheduler
is essential to managemulti-tenant workloads on BRAID devices.

3.5.5 Other BRAIDDevices

Our previous experiments examinedWiscSort’s performance onOptane
PMEM,which exhibits all five BRAID properties. However, emerging BAS
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devices occupy di!erent points in the BRAIDmodel space. In the following
experiments, we show the sensitivity of WiscSort and its optimizations
on devices with various BRAID characteristics. We also compare in-place
sample sort [44] (Sec 3.3.2.1) and external merge sort on these new devices
to determinewhat sorting techniqueworks best on them.

For each emulateddevice,we identify the closest real-worlddevice class,
describe which BRAID properties it exhibits, and explain what the sorting
results imply for algorithm design on that class of hardware.

We emulate a single-socket systemwith a BAS device on a two-socket
server bydisabling all cores in one socket,while keeping itsmemoryaccessi-
ble fromtheothersocket. ThismemorynowmimicsaCXLbyte-addressable
storage device. This is awell established emulation technique [105, 35] that
provides close to real CXLdevice performance [19]. The emulation test bed
comprises two20-core IntelXeonGold5218RCPUwith scalinggovernor set
to performance andhyperthreading disabled. The testbed constitutes 128GB
@2933MHzDRAMsplit between twoNUMAnodes equally. The operating
system is 64-bit Linux 5.4, and the emulated BASdevice is accessed through
a file system interface created through tmpfs. Hence, themax BAS device
capacity on this testbed is 64GB. We inject delays through unoptimized
for loops that busy-loop until the desiredwait time in nanoseconds is met.
Each added delay is per cache-line access (64 B).

3.5.5.1 BD-Device: Byte Addressable, Device Concurrency

This device is inspired by traditional SSDs,which have symmetric sequential
read-write costs, but sequential reads aremuch faster than random reads.
Thus this device does not exhibit the (A) and (R) properties of BRAID.
BD-Device is an emulated byte-addressable ‘disk’ where random reads are
500 ns slower than sequential reads.
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Real-world analogs. No shipping byte-addressable devicematches this
profile. Ultra-low-latencyblockSSDssuchastheIntelOptaneSSDP5800X[87]
andKioxia FL6 [95] have low random-read latency (6–29µs) relative to con-
ventional NAND, but they remain block-addressed (4KiBminimum), so
the B property does not apply. Moreover, their random-to-sequential read
ratios are high: the Samsung Z-SSD achieves random reads within 92% of
sequential bandwidth [135], and the Kioxia FL6 reaches 95% [95], leaving
little room for the large random-sequential penalty modeled here. BD-
Device therefore represents a hypothetical worst case: a byte-addressable
device that inherits disk-like sequential biases. No real device has taken
this path, because the technologies that enable byte addressability (DRAM,
3D XPoint, CXL protocols) inherently support e"cient random access.

Sorting results. Figure 3.11a shows the performance of di!erent sort-
ing strategies; it highlights the pitfalls of aWiscSort-like design that relies
completely on the random-read performance of a device. The sample sort
performs direct in-place recordmovement to generate the sorted output
without copying the entire input to local DRAM, hence paying a one-time
cost of random access. External merge sort, as designed, performs best on
BD-Device as it avoids random reads altogether. InWiscSort, MergePass
andOnePass pay a huge price due to their reliance on random reads during
both the RUNphase (to generate the IndexMap file) and themerge phase
(to gather values from the input file).

Implication. On a byte-addressable device with poor random-read per-
formance,WiscSort’s key-value separation becomes a liability rather than
an advantage. The BRAIDmodel correctly predicts this outcome: without
theR property, the random reads introduced by separating keys from val-
ues are not o!set by the write savings. External merge sort, which relies
entirely on sequential access, is the appropriate algorithm for this regime.
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3.5.5.2 BRD-Device: Byte Addressable, Higher RandomRead,
Device Concurrency

BRD-Device is an emulated BASwith equal random read, sequential read,
andwrite performance. Our emulation testbed does not need anymodi-
fications to emulate this device.

Real-world analogs. CXL-attachedDRAM expanders are the closest real-
worldmatch andare nowcommercially available. ASIC-baseddevices such
as the SamsungCMM-D2.0 andMicronCZ120 exhibit read latencies of 200–
270 ns, roughly2–3→ localDRAM[141, 142]. Because theunderlyingmedia
is DRAM, randomand sequential reads performnearly identically (the gap
mirrors standardDDRat roughly20%), andread-writeperformance is close
to symmetric, with only a 7–26%write penalty fromCXL protocol process-
ingrather thanmediaphysics[161]. Thesedeviceshavenomeaningful read-
write interference at themedia level, though tail latency can spike under
high contention [107]. NVDIMM-Ndevices (DRAMwithflash-backedper-
sistence) alsomatch this profile during normal operation: reads andwrites
both complete at DDR4 speedswith no asymmetry or interference [138].
The original text citedNVDIMM-N, larger on-device DRAM caching, and
XL-FLASH [15] as motivation for this device class; CXL-DRAM expanders
have since validated that prediction in production deployments [42].

Sorting results. As expected, Figure 3.11b shows thatWiscSort OnePass
performs the best among the sorting systems. Since BRD-Device does
not exhibit concurrency constraints such as interference, sample sort can
interact with the device in an uncontrolled manner. Hence sample sort
performs better than external merge sort and MergePass as it avoids re-
peated data copies to DRAM.However, WiscSort OnePass is still faster due
to smaller datamovement by dealingwith keys, unlike sample sort, which
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moves records in place. Due to its reliance solely on sequential reads,merge
sort is forced to write the record twice, making it the slowest. Due to the
lack of the (I) property, we observe thatMergePass without Interference-
Aware Scheduling (I/O overlap) performs similarly to MergePass with
Interference-Aware Scheduling. BRD-Device performance results suggest
that the improved random-read bandwidth alone is enough to warrant
redesigning the sorting system.

Implication. On CXL-attached DRAM,WiscSort’s core advantage per-
sists: key-valueseparation(B)reduces totaldatamovement, andthisbenefit
is independent of the device’s read-write symmetry. However, interference-
aware scheduling provides no benefit, and the thread-pool controller mat-
ters primarily because the PCIeGen5 link imposes a bandwidth ceiling (25–
30GB/s per x8 device [141]) that can be saturated. Evenmodest improve-
ments in random-read bandwidth over traditional storage are su"cient to
warrant redesigning the sorting system around key-value separation.

3.5.5.3 BARD-Device: Byte Addressable, Asymmetric Read-Write,
Higher RandomRead, Device Concurrency

Flash-backed CXL devices exhibit read-write asymmetry that requires sys-
tems to adapt accordingly. To mimic a device with such a property, we
emulate BARD-Device to havewrites 500 ns slower than reads (A). How-
ever, its sequential and random-read bandwidth is the same (R), and it is
byte-addressable (B).

Real-world analogs. The Samsung CMM-H (CXL Memory Module –
Hybrid) is the closest characterized device. CMM-H combines a 16GB
DRAM cachewith a 1TBNANDflash backend behind a CXL.mem inter-
face [162]. Measured read latency is 1,100–1,475 ns (9–12→ local DDR5),
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maximum bandwidth peaks at 4.5GB/s, and load bandwidth saturates at
just 4 threads [162]. The read-write asymmetry is strong because cache-
misswritesmustpropagate toNANDflash,while cache-hit readsare served
fromDDR4. CMM-H also exhibits interference (I) and concurrency con-
straints (D),making it closer to a full BRAIDdevice than toBARDalone; our
emulation captures the asymmetry dimension but not the cache-boundary
e!ects. On CMM-H, accesses within the 16GB DRAM cache perform at
DDR4 speeds, while misses incur microsecond-scale NAND latencies, pro-
ducing a bimodal latency distribution that uniform delay injection cannot
represent. Samsung has announced an ASIC-based production variant
(CMM-H PM) with PCIe Gen5 and CXL 2.0 [162] that may reduce the
interference and concurrency penalties while preserving the underlying
flash asymmetry, moving closer to the BARD profile.

Sorting results. From Figure 3.11c, we can observe that writes dominate
the overall run time. Since sample sort does not su!er from (I), it performs
better thanWiscSort MergePass; OnePass does slightly better due to its re-
duced sorting time (sorting only key-pointer). As expected, the di!erence
in performance between external merge sort andWiscSort is 2x due to the
reducedwrites during the run phase. TheMergePass I/O overlap sees sim-
ilar performance as that ofMergePass no I/O overlap, indicating that there
will be benefits of Interference-Aware Scheduling only in the presence of
read-write interferenceproperty. As thewrites becomemore costly, the ben-
efits ofWiscSort OnePass degrade compared to sample sort, externalmerge
sort, and evenWiscSortMergePass. Nevertheless,OnePass still achieves the
lowest execution time due to reducing the total amount of data movement.

Implication. On devices with strong read-write asymmetry,WiscSort’s
write reduction is the dominant source of improvement. The 2→ speedup
over external merge sort arises almost entirely from halving write tra"c
during the runphase. ForCMM-Handsimilarflash-backedCXLdevices, al-
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gorithms thatminimizewriteswill see the largestgains. As thecostofwrites
increases further, the gap betweenWiscSort andmerge sort will only grow.

3.6 Summary

Byte-addressable storage requires application redesign for peak perfor-
mance. We introduced the BRAID model to characterize the important
properties of byte-addressable storage that applicationsmust account for.
We showed that conventional access strategies, such as performing sequen-
tial reads and overlapping reads andwrites, are no longer appropriate. We
proposed WiscSort, a high-performance concurrent sorting system that
complies with BRAID using three features: key-value separation, thread-
pool control, and interference-aware scheduling. Our results show that
WiscSort is 2–7→ faster than competing approaches.
Several observations from this work extend beyond the immediate sorting
problem.

Device-aware data organization pays for itself. The central lesson of
WiscSort is that the layout of data should reflect the properties of the device
that stores it. OnOptane PMEM, separating keys from values and issuing
targeted random reads rather than sequential scans of bundled records im-
proved throughput by 2–3→. This improvement did not come from a better
sorting algorithm in the comparison-theoretic sense; it came from organiz-
ing data to match the device’s strengths (byte addressability, high random-
read bandwidth)while avoiding itsweaknesses (slowwrites, read-write in-
terference). The same principle applies beyond sorting: any data-intensive
application that bundles hot and cold data together because “sequential ac-
cess is fast” should reconsider that assumption on byte-addressable storage.
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The BRAIDmodel decomposes device complexity into actionable axes.
Our evaluation on emulated devices (§3.5.5) showed that di!erent BRAID
properties call for di!erent optimizations. Key-value separation (B, A)
helpswhenever byte-addressable access andwrite avoidance are beneficial.
Interference-aware scheduling (I) helps only on devices where reads and
writes contend for shared internal resources. Thread-pool control (D)helps
whenever per-device bandwidth saturates below the number of available
cores. By decomposing a device’s behavior into these five axes, a designer
can predictwhichWiscSort components transfer to a newdevice andwhich
become unnecessary. CXL-attachedDRAM, for instance, benefits from key-
value separation and thread-pool control but not from interference-aware
scheduling, a prediction our BRD-Device results confirm (§3.5.5.2).

BRAID properties persist across device generations, though their in-
tensity shifts. Intel discontinuedOptane PMEM in 2022, but the device
properties that motivated BRAID have not disappeared. CXL-attached
DRAM expanders (Samsung CMM-D,Micron CZ120) are now deployed
in production atMicrosoft Azure [42] and exhibit moderate forms of B, I,
andD. Flash-backed CXL devices such as the Samsung CMM-H exhibit all
five properties, with asymmetry arising from theNANDbackend rather
than 3D XPoint media physics [162]. CXL 3.0 pooledmemory adds switch-
induced latency [106] that further amplifies theDproperty. As thememory
hierarchy grows deeper, the calculus of data placement only becomesmore
consequential: devices with varying latency, bandwidth, and concurrency
profiles coexist, and algorithms that treat storage as a uniform sequential
mediumwill leave performance on the table.

Conclusion. WiscSort addresses the static regime of the thesis: when the
application’s access semantics reveal a stable structure (keys are consis-
tently hotter than values during sorting), we can organize data at allocation
time tomatch device characteristics, without runtime reorganization. The
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BRAIDmodel formalizes the device side of this equation, while key-value
separation is the layout technique that bridges application semantics and
device properties.

The remaining chapters address the dynamic regime. In many work-
loads, access patterns are not known in advance and change over time.
Chapter 4 quantifies this problem bymeasuring hotness fragmentation in
productionworkloads, showing that allocators intermingle hot and cold
objects on the samepages. Chapter 5 introducesOBASE,which reorganizes
the address space at runtime so that page-granularity placement decisions
remain e!ective as access patterns evolve. WhereWiscSort separates keys
from values because the programmer knowswhich fields are hot, OBASE
separates hot objects from cold objects because the runtime has learned
which allocations are hot. Both techniques share a common insight that
motivates this dissertation: e!cient use of modern memory hierarchies requires
organizing data at a finer granularity than the page.
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Chapter 4

Case for Object Reorganization

WiscSort demonstrated that data layout can be tailored to device charac-
teristics when the application’s access structure is known at design time:
keys are consistently hotter than values during sorting, so separating them
at allocation time su"ces. Many workloads do not enjoy this luxury. In
key-value stores, caches, and databases, which objects are hot depends on
user tra"c and application logic that change over time. Allocators place
objects by size class and allocation order, without regard for future access
patterns, and the OS tracks activity only at page granularity. The result is
hotness fragmentation: hot and cold objects intermingle on the same pages,
preventing the OS frommanagingmemory e!ectively.

This chapter quantifies the severity and consequences of hotness frag-
mentation and establishes the need for dynamic reorganization. We begin
by introducing page utilization, a metric that captures the fraction of bytes
within touched pages that are actually accessed (§4.1). Using this met-
ric, we measure fragmentation in open-source key-value stores (§4.1.1)
and in six publically available workload traces fromGoogle (§4.1.2). We
then show that object hotness changes continuously over time, ruling out
allocation-time solutions (§4.2). Next, we trace the consequences of frag-
mentation through three pitfalls: trappedmemory, translation overhead,
and infrastructure cost (§4.3). Wediscuss the challenge of objectmobility in
unmanaged languages (§4.4) and articulate the principles of address-space
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engineering that guide the design ofOBASE (§4.5).

4.1 Page Utilization: AMetric

Existingmemorymanagement systemsobserve activity at pagegranularity:
a page is either active or inactive. This binary view cannot distinguish a
pagewhere every byte is hot from onewhere a single cache line is hot and
the rest is cold. To reason about the gap between the OS view and the true
access pattern, we need a metric that captures how much of each active
page is genuinely in use. We define page utilization for this purpose.

The OSmarks a page as “active” if it receives at least one access during
a timewindow T . We define per-page utilization as the fraction of a touched
page’s capacity that is actually accessed. Let P(T) be the set of touched
pages during T , and let U(p,T) be the number of unique bytes accessed
within page p during T . We then define the aggregate page utilization as:

Page Utilization(T)=
→

p→P(T)U(p,T)
→

p→P(T)Size(p)

Low utilizationmeans a page appears hot to the OS evenwhenmost of
its bytes are cold.

4.1.1 Fragmentation inOpen-SourceWorkloads

To quantify hotness fragmentation in widely deployed systems, we instru-
ment three popular key-value stores: Redis 6.2 (in-memory hash table),
Memcached 1.6 (slab-based caching), andMongoDB 5.0 (document store
with WiredTiger backend). Each system runs on a single-socket server
with an Intel Xeon Gold 6248 processor (20 cores, 2.5GHz), 192GiB DDR4
DRAM, and linux 6.11. We load each store with 10million 1KB key-value
pairs and drive it with a YCSB-C (read-only) workload using a Zipfian
request distribution (ω= 0.99). We use Intel PinTool [26] to intercept ev-
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erymemory load and store instruction during a 360-secondmeasurement
window, recording the virtual address and size of each access. From these
traces, we compute per-page utilization by counting the number of unique
bytes accessedwithin each 4KB page.

Figure 4.1 shows the cumulative distribution of per-page utilization for
all three systems. The results reveal severe fragmentation: 75% of accessed
pages in Redis utilize just 3% or less of their capacity, while 90% of pages
inMongoDB andMemcached use less than 15%. This scattered placement
creates an illusion of highmemory activity when only a small fraction of
bytes receives regular access [46].

4.1.2 Fragmentation in ProductionWorkloads

Open-source benchmarks under synthetic workloads provide a controlled
setting, but production services at scalemay exhibit di!erent allocation pat-
terns, object sizedistributions, andaccess behaviors. Tounderstandhotness
fragmentation across a broader range of applications, we analyzememory
access traces from six productionworkloads at Google [28], collected using
DynamoRIO’s drmemtrace framework [27].

The six workloads, identified byNATO phonetic codenames, span the
major categories of warehouse-scale computing: web search and indexing,
storage and database infrastructure, large-scale data analytics, and dis-
tributed serving. Together they represent a cross-section of Google’s fleet,
covering serviceswith varied object sizes, allocation rates, and concurrency
patterns. The traces record every user-mode memory load and store at
cache-line granularity. We process each unique access, annotate pages as
4KB or 2MB using /proc/self/smaps, and count unique 64B cache lines
touched per page. Based on instruction counts, core counts, and typical
warehouse-scale CPU characteristics [93], we estimate the traces capture
up to ∼30 s of steady-state execution.

Note that publicly released tracesmay not fully reflect typical produc-
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tion conditions (e.g., they may capture load tests or workloads selected
for ease of instrumentation). Theworkloadsmay also be instrumented in
idealized environments. However, the traces are the best available window
into real-world access patterns at scale. Google’s traces remain the only
publically available memory access traces from production services.

Figure 4.2 shows the cumulative distribution of per-page utilization for
all workloads, ordered as: (a) aggregated across both page sizes, (b) 4KB
pages only, and (c) 2MB pages only.

Aggregated view. As shown in the first graph, aggregated for 4KB and
2MBpages, all workloads have lowper-page utilization. Median utilization
ranges from 8% for Tahoe to approximately 50% for Sierra. For most work-
loads, half of all touchedpageswaste over 70%of their capacity on colddata.

4KBpages. Fragmentation is visible even at the smallest page size. Even
with 4KB pages, for Tahoe and Yankee, ∼80% of pages have less than 20%
utilization; for Bravo, 60% of pages have below 40%utilization; and Charlie,
Whiskey, and Sierra have 35–40% of pages below 40% utilization. Thus,
hotness fragmentation is inherent to access patterns and not merely an
artifact of huge pages.

2MB pages. Fragmentationworsens dramatically for 2MB huge pages.
Tahoe, Bravo, and Yankee all exhibit extreme fragmentation: 85–90% of
their huge pages utilize less than 10%of their 2MB capacity; even Sierra, the
best-performingworkload, has 40% of its huge pages below 20%utilization.
Thevastmajorityofhugepages(eachconsuming512→ the capacityofabase
page) holds over 1.8MB of cold data alongside a few accessed cache lines.
Finding 1: Active pages are mostly cold: 70–90% of bytes in pages the OS
considers hot receive no accesses.

4.2 Object Hotness Changes Over Time

One potential solution for hotness fragmentation is to segregate hot and
cold objects at allocation time, using static hints or profiling. This strategy
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(a)Meta KVTrace. White horizontal bands indicate coordinated quiet periods
where access drops across many keys. These bands reveal phased workload
behavior.

(b)Twitter Trace. A sparse, scattered pattern indicates sporadic hotness. A few
keys on the far left remain consistently hot, but themajority exhibit bursty access
with long idle gaps.

Figure 4.3: Temporal Evolution of KeyHotness. Heatmaps showing access
frequency (log scale) for the top5Mkeysover logical timebuckets (10Moperations
each). If hotness were static, we would observe continuous vertical bands on
the left side of each plot. Instead, we see shifting phases (Meta) and intermittent
bursts (Twitter), demonstrating that the hot working set evolves continuously.

assumes that hotness is both identifiable at allocation time and relatively
stable afterward.

First, identifying hotness at allocation time is challenging because the
same code path allocates objects with vastly di!erent lifecycles. For exam-
ple, in Redis andMemcached, a single SET handler allocatesmemory for all
incoming records, yet one recordmight be a session token accessed every
millisecond, while another is a user profile never touched again. Static
analysis cannot distinguish these cases at allocation time. Second, this
approach assumes that object hotness is relatively stable: objects identified
as hot when allocated should remain hot throughout their lifetimes.

We show that these assumptions do not hold. We analyze object-level
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traces fromMeta [51] and Twitter [160], which record operations in logical
time (10M operations per bucket). Figure 4.3 visualizes access intensity for
the top 5million keys (ranked by total accesses) over 100 such buckets. If
hotness were static, the most popular keys (left) would exhibit continuous
vertical bands. Instead, both traces showsignificant churn: bursts of activity
followed by long idle gaps.

Meta: Phased hotness. TheMeta workload shows coordinated phases
wheremanykeys become inactive at once, visible aswhite horizontal bands.
Even keys that are repeatedly accessed overall alternate between active
bursts and extended dormancy. A page packedwith currently-hot objects
eventually becomes a page dominated by cold objects as access patterns
shift.

Twitter: Sporadic hotness. The Twitter workload shows a sparse pat-
tern. A small slice of keys remain consistently hot, but themajority exhibit
brief access bursts separatedby long idle gaps, even among the top 5million
keys.

To quantify this churn, we examineMeta KVproduction traces [51] and
measure, for every key, the spread between its 25th- and 75th-percentile
operation reuse distances (i.e., the number of operations between accesses
to the same key). Figure 4.4 groups keys by value size and reports the
fraction whose reuse-distance spread exceeds 5→, 10→, or 30→. A high
spread indicates that a key alternates between short gaps (hot) and long
gaps (cold). Formid-sizedobjects (64B–4KB),which represent 94%ofMeta
keys and 98.2% of Twitter keys, 75% of keys have a reuse spread exceeding
5→, and approximately 65% exceed 30→. Thus, access gaps for themajority
of keys fluctuate bymore than an order of magnitude.
Finding 2: Hotness is transient; object hotness is neither knowable at allocation
time nor stable over time. As a result, one-time placement cannot prevent hotness
fragmentation, and dynamic object migration based on hotness change is required.
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Figure 4.4: Intra-key reuse-distance spread inMeta KV traces. Bars show
the fraction of keys in each value-size bucket whose reuse-distance in-
terquartile range (p75/p25) exceeds 5→, 10→, or 30→. A larger spread
indicates frequent transitions betweenhot and coldphases for the samekey.

4.3 Pitfalls of Hotness Fragmentation

Hotness fragmentation—the intermingling of hot and cold objects within
the same pages—creates a cascade of ine"ciencies that span from individ-
ual CPU cycles to datacenter-scale resource provisioning. We identify three
major pitfalls: trappedmemory that cannot be reclaimeddespite being cold,
translation overhead from scattered hot objects inflating the TLBworking
set, and infrastructure costs frommemory overprovisioning. Each pitfall
compounds the others, making hotness fragmentation a systemic problem
that demands architectural solutions.

4.3.1 TrappedMemory

Operating systemsmanagememory in page-sized units. Tomove a page
to a slower tier—compressed memory, SSD, or remote DRAM—the OS
requires confidence that the entire page is cold. A single hot cache line
anywhere within a 4KB or 2MB page forces the OS to keep the entire page
resident, trapping all the cold data alongside it. Low page utilization there-
fore translates directly into reduced reclamation e"ciency.
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Figure 4.5: Unreclaimable Memory in Redis. YCSB-C with Zipfian
distribution running onRedis showsmemory used (RSS), pages needed (Touched
Pages), and cachelines needed (Touched Cachelines). Only 0.5MiB of actual data
is required whereas 1.2 GiB remains resident. The gap represents theoretically
reclaimablememory that current systems cannot e"ciently recover.

Figure 4.5 illustrates this problemconcretelywithRedis running aYCSB-
Cworkload under a Zipfian distribution. Despite requiring 1.2 GiB of res-
identmemory (RSS), Redis actively touches only ∼0.5MiB of cache lines.
Most pages contain at least one hot object but remainmostly unused, creat-
ing vast regions of theoretically reclaimable memory that current systems
cannot e"ciently recover. The gap between RSS and actual working set
represents memory that is cold but unreclaimable—trapped by the few hot
objects scattered across pages.

To understand trapped memory at scale, we analyze the six Google
productionworkloads introduced in §4.1.2. Figure 4.6 breaks down each
workload’s Resident Set Size by page type (4KB or 2MB) and access status
(accessed or unaccessed). Accessed portions (hatched) represent pages
touched at least once during the measurement epoch; these pages are
unreclaimable by standard OS mechanisms regardless of their internal
utilization. Unaccessed portions (solid) represent pages within RSS that
received no accesses and could potentially be reclaimed.

For Tahoe, Yankee, and Bravo, 2MB huge pages dominate the RSS, with
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Figure 4.6: RSS Composition in Google Workloads. Breakdown of total
Resident Set Size for each application. Hatched areas indicate memory within
pages that were accessed during the epoch (split by 4KB and 2MB); solid areas
represent memorywithin pages that were not accessed at all.

70–90% of memory residing in accessed huge pages. Whiskey shows a
mixed footprint with both 4KB and 2MB pages, but over 80% of its RSS
consists of accessed pages. Charlie has approximately 70% accessedmem-
ory split between page sizes. Sierra is an outlier: roughly 60% of its RSS
consists of entirely unaccessed pages, making it more amenable to conven-
tional page-based reclamation. However, even Sierra su!ers from hotness
fragmentationwithin its accessed pages.

To isolatememory trapped specifically by hotness fragmentation, we
compute the unreclaimable fraction: the ratio of cold bytes within touched
pages to the total capacity of those pages. Figure 4.7 presents this metric,
with stacked bars showing contributions from 4KB pages (blue) and 2MB
pages (red). Because both components share the same denominator (total
touched-page capacity), they sum to the labeled percentages.

Tahoe, Yankee,Whiskey, and Bravo all exceed 96% unreclaimable mem-
ory within their touched pages. In concrete terms, for every 100MB of
pages the OS considers active, over 96MB is actually cold data trapped by
a few hot cache lines scattered across those pages. Charlie shows 74.3%
unreclaimable, while Sierra—despite its large pool of entirely unaccessed
pages—still wastes 54.9% of its touched-page capacity. The dominance of
the red (2MB) component in Figure 4.7 confirms that huge pages, while
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Figure 4.7: Unreclaimable Memory Due to Hotness Fragmentation.
Percentage of total touched-page capacity that contains cold (unaccessed) data,
shownas stacked contributions from4KBand 2MBpages. The labeledpercentages
represent the total unreclaimable fraction. For Tahoe, Yankee,Whiskey, and Bravo,
over 96%ofmemorywithin touchedpages cannot be reclaimeddespite being cold.

beneficial for TLB coverage, exacerbate hotness fragmentation.

Observation 1
Segregating hot and cold objects within the address space can unlock the
55–98% of touched-page capacity currently trapped by hotness fragmen-
tation, enabling theOS to reclaim or tier pagesmore e!ectively.

4.3.2 TranslationOverhead

Hotness fragmentationwastes CPU cycles through increased address trans-
lation overhead. When hot objects scatter acrossmany pages, the applica-
tion’s working set—from theMMU’s perspective—becomes unnecessarily
large. This inflated pageworking set increases pressure on the Translation
Lookaside Bu!er (TLB). Each TLBmiss triggers a page table walk costing
150–600 cycles, compared to roughly 4 cycles for a TLB hit [165]. Google
reports that data TLBmisses consume up to 11% of fleet-wide CPU cycles;
more broadly, 20% of cycles see at least one active pagewalk in thememory
pipeline [165, 85]. Hotness fragmentation exacerbates this overhead by
keeping pages in the translation working set solely because they contain
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a few active cache lines.

Page Table Architecture andVirtual Address Distance. Modern proces-
sors employhierarchical approaches topage table caching thatmakevirtual
address locality critical for translation performance. Intel processors use
individual caches for each page table entry (PTE) level, while AMDuses
a unified cache across levels [48]. Applications with dense virtual address
space usage benefit more from the PTE L2 cache’s partial translations than
from PTE L3 or PTE L4 caches, which are typically smaller at higher levels.
Consequently, larger virtual address distances between accesses can result
in pagewalks taking up to six times longer thanwalks for nearby addresses.

Beyond the TLB itself, virtual address locality a!ects multiple microar-
chitectural optimizations. Minimizing virtual address distance enhances
both stride and next-line prefetching [24], as well as next-PAGE prefetch-
ing (pre-loading TLB entries for sequential access patterns). In essence,
decreasing virtual address distances between hot objects can significantly
reduce page walk times and increase TLB hit rates, evenwhen consecutive
accesses span di!erent page boundaries.

Theoretical Analysis. To quantify the potential impact of object place-
ment on translation overhead, consider the following scenario: 256 GiB of
data containing 256-byte objects (1.07 billion objects total), with a skewed
access pattern touching only 1% of the data (10.73 million hot objects) and
a page size of 4 KiB.We examine two extreme placement strategies:

1. Lower bound (clustered): All hot objects packed together, requiring
only 671K pages to cover the hot working set.

2. Upper bound (scattered): No two hot objects share a page, requiring
21.46million unique pages, with each hot object potentially spanning
two pages.
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For sequential accesses to objects placed in temporal order, the clustered
case achieves approximately 10million TLB hits, while the scattered case
achieves zero TLB hits. Using conservative estimates for page walk latency
(150 cycles for L1D hit, 600 cycles for memory access) and TLB lookup
latency (4 cycles), we compute the total translation cycles as:

Total cycles=(Accesses→4)+600+(Pages Accessed→150)

This yields 143million cycles for the clustered case versus 3.2 billion cy-
cles for the scattered case. On a 2.8GHzprocessor (Intel Cascade Lake), the
clustered case completes in 0.051 seconds while the scattered case requires
1.116 seconds—a 23→ di!erence attributable solely to object placement.

Empirical Validation. To validate these theoretical estimates, we imple-
mented a microbenchmark that isolates the e!ect of object clustering on
TLB and cache behavior. We allocateN objects adjacently in a largememory
region. In the scattered configuration, we randomly select X% of objects
across the entire region as the hot set. In the clustered configuration, we se-
lect X%of contiguous objects as the hot set. Once a configuration is chosen,
objects within the hot set are accessed in random order.

Figure 4.8 shows the percentage decrease in TLB andL3miss rateswhen
comparing clustered versus scattered placement, both using 4 KiB pages.
Accessing clustered objects achieves up to a 2→ improvement in TLB ef-
ficiency. This improvement decreases as the hot set size increases due to
higher TLB evictions caused by random object selectionwithin the larger
hot set. The vertical lines indicate the TLB coverage size (red) and L3 cache
size (blue); benefits aremost pronouncedwhen the clustered hot set fits
within these hardware structures.

If hot objects can be identified and clustered, their address range be-
comes an ideal candidate for hugepagepromotion. Figure 4.9 compares the
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Figure 4.8: TLB and Cache Benefits of Clustering (4KB Pages). Percentage
decrease of TLB and L3miss rate between clustered and scattered hot sets. Both
configurations use 4 KiB pages. The red line indicates the TLB coverage size and
the blue line indicates the L3 cache size.

percentage decrease in TLB and L3miss rates between clustered objects on
2MiB huge pages versus scattered objects on 4 KiB base pages. The larger
TLB coverage results in dramatically decreasedmiss rates, even with larger
hot sets. This demonstrates that the combination of clustering and targeted
huge page promotion can recover substantial CPU e"ciency lost to hotness
fragmentation.

The Transparent Huge Page Paradox. Transparent Huge Pages (THPs)
are commonly deployed tomitigate TLB pressure by increasing themem-
ory range covered by each TLB entry. However, applying THPs to address
spaces su!ering from hotness fragmentation creates a paradox. Consider
Tahoe from our production analysis: 97.7% of its touched huge-page capac-
ity is cold, yet each2MBpage remainspinned in fastmemoryandoccupies a
TLB entry. The THPprovides no benefit—it coversmostly cold data—while
consuming 512→morephysicalmemory thannecessary. Priorwork reports
that indiscriminate THP usage can inflate memory footprints by up to 69%
in server workloads [98].
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Figure 4.9: TLB and Cache Benefits of Clustering with Huge Pages.
Percentage decrease of TLB and L3miss rate between clustered hot sets on 2MiB
huge pages and scattered hot sets on 4 KiB base pages. The red line indicates the
TLB coverage size and the blue line indicates the L3 cache size.

Improving page utilization resolves this tension. By packing hot objects
densely, applications can concentrate their active data into fewer pages.
These dense regions become ideal candidates for huge page promotion: a
2MBpage filledwith hot objects genuinely benefits from the expanded TLB
coverage. Meanwhile, regions dominated by cold data can use 4KB pages,
preserving fine-grained reclaimability.

Observation 2
Improving page utilization enables targeted huge page promotion, re-
ducing TLBmisses without thememory bloat caused by applying huge
pages to sparsely-utilized regions.

4.3.3 Infrastructure Cost

The inflatedmemory footprints caused by poor page utilization contribute
to datacenter-level ine"ciencies that extend far beyond individual appli-
cation performance. Because the OS perceives a larger active memory
set than is truly necessary, applications reservemorememory than their
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actual working set demands. This prevents dense packing of workloads
onto servers, forcing operators to spread jobs with small working sets but
large allocation footprints across multiple machines to avoid CPU strand-
ing [144, 105]. Even when actual memory needs are much smaller than
allocated, the apparent memory pressure prevents co-locating additional
workloads on the same host, leaving CPU resources idle.

Whenaddress-spaceengineeringconsolidateshotdataonto fewerpages,
the remaining cold pages become safely reclaimable (via swap, CXL tiering,
or compression) without risking performance. The resulting reduction in
resident set size enables denser workload packing: jobs whose true (gran-
ular) working sets fit in fast memory can sharemachines that their inflated
RSSwould otherwise preclude.

Thefinancial implications are substantial. DRAMaccounts forup to 50%
of server costs [106], and unlike flash storage, its cost per bit is not decreas-
ing rapidly [117]. Memory overprovisioning due to hotness fragmentation
directly translates to capital expenditure on DRAM that provides no useful
work.

The environmental implications are equally concerning. DRAM carries
a higher carbon footprint per bit than SSDs, producing approximately 12→
more emissions [117]. Manufacturing and operating unnecessary DRAM
capacity contributes to datacenter carbon emissions that could be avoided
throughmore e"cient memory utilization.

By reorganizing virtual address spaces to reflect truememory require-
ments, operators can achievemultiple benefits simultaneously: accurate
memory provisioning based on actual working sets, e"cient huge page
deployment in hot regions, and fine-grained reclaimability in cold regions.
This enables stable, skewedworkloads to run on fewermachines, reducing
both capital expenditure and environmental impact.
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Observation 3
Improved address-space layout enablesmore accuratememory provision-
ing, reducing infrastructure costs, resource stranding, and environmental
impact.

4.4 ObjectMobility in Unmanaged Languages

The analysis in the preceding sections establishes that hotness fragmenta-
tion is pervasive, dynamic, and costly. A natural response is to reorganize
the virtual address space so that hot objects reside together on hot pages
and cold objects reside together on cold pages. However, the feasibility of
such reorganization depends critically on the language runtime.

Managed runtimes, such as the JVMandGo, can relocate objects during
garbage collection by updating all references atomically. The runtimemain-
tains complete knowledge of the object graph and can rewrite pointers as
part of its normal operation, making object mobility relatively straightfor-
ward. In unmanaged languages like C++, however, programs assume that
an object’s address remains stable after allocation [53]. Raw pointers may
be stored in registers, on the stack, in other heapobjects, or even serialized to
disk; the runtime has nomechanism to discover and update them. This as-
sumption renders dynamic objectmigration significantlymore challenging.

The challenge, therefore, is not merely to reorganize memory layout dy-
namically, but to do sowhile preserving pointer semantics. Amoved object
must remain accessible through any pointer that previously referenced it.
Ideally this should requireminimal source-level changeswithout imposing
application logic changes.

We focus on unmanaged languages precisely because of this di"culty.
By demonstrating that address-space engineering is feasible even when
object addresses are expected to be stable, we establish the broad applica-
bility of the approach. Techniques proven in C++ generalize naturally to
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managed runtimes, where the runtime already providesmechanisms for
pointer updates.

Pointer-Based Data Structures. To make the problem tractable in an
unmanaged context, we focus on pointer-based data structures, where el-
ements are accessed indirectly through pointers rather than by direct o!set
calculation. Hash tables, linked lists, trees, and skip lists fall into this cat-
egory. These structures are ubiquitous inmemory-intensive applications;
Table 5.2 surveys their prevalence in widely deployed systems.

By instrumenting pointer dereferences, a system can intercept accesses
and, when an object has moved, transparently redirect the access to the
object’s new location. This interceptionmust operate safely in highly con-
current environments. Coarse-grained locks or stop-the-world pauses
would negate the performance benefits of improvedmemory layout; a prac-
tical systemmust support concurrent access andmigrationwithminimal
synchronization overhead.

4.5 Principles of Address-Space Engineering

The pervasive hotness fragmentation documented in this chapter stems
from a semantic gap between application-level object management and
OS-level page management. Allocators optimize for speed and spatial
fragmentation, making placement decisions at allocation time without
knowledge of future access patterns. The OS, meanwhile, tracks activity
at page granularity using access bits in page table entries. This mismatch
scatters frequently accessed objects across memory, intermixing themwith
rarely accessed data.

To bridge this gap, we advocate for address-space engineering: dynam-
ically reorganizing the application’s virtual address space to align object
placement with observed access patterns. Figure 4.10 illustrates the con-
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Figure 4.10: Address-Space Engineering. Hotness fragmentation (top)
intermixes hot (red) and cold (blue) objects, making pages di"cult to reclaim.
Address-space engineering (bottom) reorganizes objects into uniformly hot and
cold regions, enabling e"cient page-level management.

cept. Under conventional allocation (top), hot and cold objects intermingle
within pages, making the entire page appear active to the OS evenwhen
most bytes are cold. With address-space engineering (bottom), objects are
grouped by access intensity, creating uniformly hot and uniformly cold
regions that the OS canmanage e!ectively.

This approach rests on three core principles: enabling object mobility
in unmanaged languages, decoupling address-space organization from
page reclamation, and dynamically grouping objects by observed access
intensity.

4.5.1 EnablingObjectMobility

The fundamental requirement for address-space engineering is the ability
to move objects after they have been allocated. As discussed in §4.4, this
is straightforward in managed runtimes but challenging in C++ where
addresses are assumed to be stable.

For pointer-based data structures, mobility can be achieved by instru-
menting the indirection mechanism. When an access occurs through a
pointer, the system checks whether the target object hasmoved and, if so,
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redirects the access to the new location. Two properties are essential for
this mechanism to be practical:

• Transparency: Applications should require minimal modification
to benefit from reorganization. The mobility mechanism must be
compatible with existing code and preserve the semantics of pointer
operations.

• Concurrency: In multi-threaded applications, accesses andmigra-
tions may occur simultaneously. The systemmust handle concurrent
operations without serializing access or introducing data races.

4.5.2 Decoupling Layout fromReclamation

Significant engineering e!ort over the past decade has produced sophis-
ticated page-basedmemory tiering infrastructure. Kernel mechanisms like
kswapd and zswap [99] handle local reclamation. Datacenter-scale sys-
tems like TMO [152] orchestrate fleet-widememory o#oading. Emerging
CXLmemory pooling [106, 140] promises hardware-assisted tieringwith
systems likeMemstrata [164]managing placement across memory tiers.
Research prototypes such as TPP [116], Memtis [101], andHemem [131]
explore sophisticated page placement policies.

Rather thanreplace this infrastructure,wedecoupleobject-leveladdress-
space organization frompage-level reclamation. This separation suggests
a frontend/backend architecture, illustrated in Figure 4.11.

• Frontend Responsible for engineering the virtual address space. It
monitors object accesses, identifies hot and cold objects, andmigrates
objects so that each page contains data of uniform temperature. The
frontend operates at object granularity and understands application-
level access patterns.
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Frontend (OBASE): Object Placement Decisions

Backend: Page Placement Decisions
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Figure 4.11: OBASEOverview. As a frontend,OBASEmakes object placement
decisions to organize the virtual address space into hot and cold regions. This
enables any backend tomakemore e!ective page placement decisions between
DRAMand tiered storage.

• Backend Consists of existing OS-level reclamation mechanisms or
specialized tiering agents that operate on pages. The backend decides
which pages to reclaim, when to reclaim them, and where to place
them in thememory hierarchy. It operates at page granularity using
standard access-bit tracking.

Crucially, the frontend does not decide which pages to reclaim or when;
it simply ensures thatwhen the backend examines a cold region, that region
contains only cold data. Similarly, the backend need not understand object
boundaries or application semantics; it operates on pages that have been
prepared by the frontend.

This decoupling yields two benefits. First, it enables independent inno-
vation: improvements to object-management techniques (frontend) and
advances inmemory-tiering policies or hardware (backend) can proceed
separatelywithout tight coupling. Abetter frontendbenefits anybackend; a
better backend benefits any frontend. Second, it provides the backendwith
a higher-quality signal. When cold regions are uniformly cold, backend
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policies can reclaim memory more aggressively without risking perfor-
mance degradation from unexpectedly paging in hot data.

4.5.3 GroupingObjects by Access Intensity

Given object mobility and the decoupled architecture, a policymust guide
placement decisions. One approach is to segregate hot and cold objects
at allocation time using static hints or profiling [60, 67, 33]. This strategy
assumes that hotness is both identifiable at allocation time and relatively
stable afterward.

As demonstrated in §4.2, neither assumption holds in practice. The
same allocation site produces objects with vastly di!erent access patterns:
a single SET handler in Redis allocates memory for session tokens accessed
everymillisecond anduser profiles never touched again. Static analysis can-
not distinguish these cases. Moreover, even amongheavily accessed objects,
hotness is transient: keys alternate between active bursts and extended dor-
mancy, with reuse distances varying bymore than an order of magnitude.

Static allocation-time decisions therefore degrade as access patterns
evolve, gradually recreating the fragmentation theywere designed to pre-
vent. Instead, the systemmust dynamically group objects based on their
observedaccess intensity. This requires lightweight runtimemonitoring to
distinguish hot objects from cold ones. Grouping by observed temperature
creates regions with uniform access characteristics:

• Hot regions contain densely-packed, frequently-accessed objects.
These regions become candidates for huge page promotion, improv-
ing TLB e"ciencywithout wastingmemory on cold data.

• Cold regions contain objects that have not been accessed recently.
These regions become safe targets for backend reclamationpolicies, as
demoting or swapping themwill not cause performance degradation.
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The access-trackingmechanismmust imposeminimal overhead to re-
main viable in latency-sensitive production environments. Heavy instru-
mentation that doubles request latency would negate any benefits from
improvedmemory layout. §5.1 describes howOBASE achieves lightweight
tracking through careful integrationwith the data structure’s access path.

4.6 Summary

This chapter has established the case for dynamic object reorganization
through four key findings:

1. Hotness fragmentation is pervasive. Both open-source workloads
(§4.1.1) andGoogle production applications (§4.1.2) exhibit lowpage
utilization, with 70–90% of bytes in touched pages receiving no ac-
cesses.

2. Hotness is dynamic. Analysis of Meta and Twitter traces (§4.2) re-
veals that object access patterns shift continuously over time. Keys al-
ternate between active bursts and extended dormancy, with reuse dis-
tances varying bymore than an order of magnitude. Static allocation-
time placement cannot prevent fragmentation.

3. Fragmentation has significant costs. Hotness fragmentation traps
55–98% of touched-page capacity in unreclaimable cold data (Ob-
servation 1), wastes CPU cycles on unnecessary TLB misses with
up to 23→ overhead from scattered placement (Observation 2), and
forcesmemory overprovisioning that increases infrastructure costs
and environmental impact (Observation 3).

4. Unmanaged languages present unique challenges. C++programs
assume stable object addresses, making dynamic reorganization di"-
cult. However, pointer-based data structures provide an opportunity:
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by instrumenting pointer dereferences, a system can transparently
redirect accesses tomoved objects.

Basedon thesefindings,wehavearticulated threeprinciples for address-
space engineering: enabling object mobility through transparent pointer
redirection, decoupling object-level layout from page-level reclamation to
leverage existing tiering infrastructure, and dynamically grouping objects
by observed access intensity rather than static allocation-time decisions.

The following chapter presentsOBASE, a system that instantiates these
principles for C++ applications. We describe howOBASE achieves trans-
parent, concurrentobjectmobilitywithin theC++memorymodel, andhow
it organizes the address space to improve page utilizationwhile imposing
minimal runtime overhead.
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Chapter 5

OBASE:
Dynamic Layout Optimization

The previous chapter established that hotness fragmentation is pervasive,
that it isdynamic, and that it exactsmeasurablepenalties: trappedcolddata,
inflated TLBworking sets, andmemory overprovisioning. It also showed
that allocation-time placement cannot prevent fragmentation, because the
same allocation site produces objects with vastly di!erent access lifetimes,
and individual objects alternate between hot and cold phases with wide
variation in reuse distance. Static decisions, nomatter how sophisticated,
cannot solve a problemwhose inputs change continuously.

These findings point toward a runtime system that reorganizes objects
after their access behavior has been observed. The goal is address-space engi-
neering: restructuring the virtual address space so that objects with similar
access intensity reside together, yielding uniformly hot and uniformly cold
pages. Once pages are uniform, existing tiering backends can reclaim the
cold ones e!ectively.

The potential gains are substantial. Figure 5.1 illustrates the gap for six
Google production workloads [28]: only 1.7%–21.3% of bytes are accessed,
yet 64%–96%ofpagesare touched, becausea fewhotobjectspinentirepages
in DRAM. Closing this gap requiresmoving from page-level observation
to object-level action.
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Figure 5.1: The granularity gap inmemory access of Google workloads.
Dark Grey: The percentage of total memory bytes actually accessed. Light
Grey: The percentage of total memory pages accessed. Red: The page utilization
(calculated as Bytes Accessed / Pages Accessed, see §4.1.2 for more details).

A key design choice is how to relate object-level layout to page-level
reclamation. One approach is to build a monolithic system that both re-
organizes objects andmanages tier placement. We instead decouple the
two concerns. The layout problem (frontend) organizes objects to produce
high-quality page candidates for reclamation. The reclamation problem
(backend) migrates pages across tiers according to its own policy. This
separation has three practical advantages. First, it allows reuse of existing
page-based tiering infrastructure, both swap-based [99, 152] and byte-
addressable [116, 101, 131], withoutmodification. Second, it ensures that
layout improvements remain applicable to future, currently nonexistent
memory tiers (e.g., CXL 3.0 fabrics). Third, it lowers the adoption barrier:
rather than replacing their tieringbackends, operators gainabettermemory
layout that makes those backendsworkmore e!ectively.

ThischapterpresentsObject-BasedAddress-SpaceEngineering(OBASE),
a compiler-runtime system that engineers the address space forunmanaged
languages like C/C++. OBASE [47] acts as a frontend for memory orga-
nization: it manages pointer-based data structures, profiles object access
using lightweight instrumentation, and employs a lock-free protocol to
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migrate objects safely, clustering hot and cold objects onto separate pages.
As a result,OBASE prepares thememory layout for any OS backend. Cru-
cially,OBASE preserves standard language semantics, requiringminimal
developer intervention.

We evaluateOBASEwith ten concurrent pointer-based data structures
and six state-of-the-art reclamation and tiering backends [30, 116, 101, 146,
152]. Usingkey-value storeworkloads(YCSB)andproduction traces (Meta,
Twitter), we demonstrate thatOBASE improves page utilization by 2–4→
and achieves higher memory savings (up to 70%) at the same performance
overhead, or achieves equivalent savings with negligible performance im-
pact. For tiered-memoryconfigurations,OBASEachieves the same through-
put with half the DRAM capacity.

The rest of this chapter is organized as follows. §5.1 presents the design
ofOBASE, including the guide abstraction for object mobility, lightweight
access tracking, and our pauseless lock-freemigration protocol. §5.2 details
key implementation choices. §5.3 evaluatesOBASE across data structures,
backends, and production traces.

5.1 Object-BasedAddress-Space Engineering

Our goal is to engineer an application’s address space so that page-based
backends can e"ciently reclaim or tier memory. OBASE achieves this by
reshaping object placement: it dynamically clusters frequently-accessed
("hot") objects into dense regions and segregating inactive ("cold") objects
into separate regions, OBASE increasing page utilization and exposing
large pools of reclaimablememory to existing tieringmechanisms.

OBASE operates in environments where the operating systemmanages
memory inpage-sizedunits andmaymigratepages across tiers [97, 99, 140].
Thedesigndoes not assumeaparticular tieringpolicy ormemoryhierarchy;
it only assumes that backends observe per-page activity. By presenting
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Figure 5.2: OBASE Overview. OBASE acts as a frontend that organizes the
virtual address space into hot and cold regions. The Object Collector monitors
access via Guides and SODA, migrates objects using SAMA, and presents a
re-organized address space to the OS backend.

backends with regions that are uniformly hot or cold, OBASE allows ex-
isting mechanisms—from traditional page reclaim (kswapd, zswap) to
tiering engines (such as TMO, TPP,Memtis, andHeMem)—tomake better
decisions without becoming object-aware [152, 99, 116, 101, 131].

Achieving object-level placement with page-level backends requires
overcoming four fundamental challenges:

1. Object mobility in unmanaged languages. C++ ties object iden-
tity to a physical location (address); relocationmust be transparent
and safe under arbitrary aliasing. OBASE addresses this with a guide
abstraction (§5.1.2) that interposes a level of indirection on pointer
dereferences, decoupling an object’s logical identity from its physical
location.

2. Low-overhead access tracking. Hotness classificationmust run on
the common path without degrading performance. OBASE uses
a lightweight, compiler-inserted tracking mechanism (§5.1.3) that
records per-object access activity with a single test-and-set operation
per dereference.
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3. Dynamic adaptation. As §4.2 showed, hotness shifts continuously;
layoutmust evolve accordingly. OBASE employs a feedback-driven
controller (§5.1.4) that adjusts the cold-classification threshold in
response to observed promotion rates, keeping the layout aligned
with the current working set.

4. Safeconcurrentmigration. Objectsmustmovewithoutglobalpauses,
even while threads hold pointers to them. OBASE uses a lock-free
protocol based on active thread counts (§5.1.5) that relocates objects
between heaps using optimistic concurrency control, avoiding stop-
the-world coordination.

5.1.1 SystemOverview

OBASE realizes the frontend/backend separation: it continuously reorga-
nizes object placement while leaving reclamation decisions to unmodified
OSmechanisms. The following subsections describe howOBASE enables
objectmobility (§5.1.2), tracks accesses e"ciently (§5.1.3), organizes the ad-
dress space (§5.1.4), andmigrates objects safelyunder concurrency (§5.1.5).

Figure 5.2 illustrates the architecture. OBASE runs in a continuous con-
trol loop. All dereferences of managed objects pass through a lightweight
guide abstraction, which records whether an object was accessed in the
current time window. A background Object Collector (OC), periodically
processes this metadata to classify objects by access activity and decide
whether they should reside in theNEW,HOT,orCOLDheaps. Basedon this
classification, the OC reorganizes the address space bymigrating objects
betweenheaps using a safe, lock-free protocol based onActive ThreadCounts
(ATC). Finally,OBASE exposes these organized regions to the OS through
a Spatially-AwareMemory Allocator (SAMA), which lays out each heap as
a contiguous virtual range, enabling coarse-grained OS hints. This control
loop ensures that the virtual address space continuously adapts to the ap-
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plication’s shiftingworking setwhile presenting page-based backendswith
clear hot and cold targets.

5.1.2 ObjectMobility in Unmanaged Languages

OBASE decouples an object’s logical identity from its location using a
lightweight guide abstraction. A guide carries the current location of the
object aswell as additionalmetadataneededbyOBASE.Developers interact
with objects by using guides rather than raw pointers. When a guide is
dereferenced,OBASE resolves it to the object’s current address and records
that the object was accessed (described in §5.1.3). The indirection layer is
themechanismthatmakes later relocation transparent; code thatpreviously
operated on pointers continues to operate on guides.

Developers choosewhich pointers can participate in relocation bymark-
ing themwithannotations(e.g., thepointers tokeysandvalues inhash-table
buckets or the record pointers in B+ trees). Guides are enforced through
three compiler passes. A type-level pass identifies annotated pointers and
rewrites their dereferences to invoke the guide. An instrumentation pass
injects hooks at access sites soOBASE can observe uses without modifying
application logic. A validation pass ensures that managed objects are not
used in unsupportedways (e.g., pointer arithmetic over nodes or assump-
tions about physical contiguity). These passes allow developers to adopt
OBASE incrementally, startingwith the portions of a codebasewhere object
residencymatters most.

5.1.3 Low-OverheadAccess Tracking

To classify objects by temperature,OBASEmust observe which objects are
accessed over time, but trackingmust be cheap enough to run continuously.
Existingmechanisms fall shortatbothendsof thespectrum. Hardwarepage
table access bits operate at page granularity and cannot distinguish a few
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hot cache lines frommegabytes of cold data on the same page [23, 99]. Soft-
ware profilers such as DynamoRIO and LLVM’s memory profiling provide
fine-grained information but impose prohibitive overheads for always-on
deployment [31, 27]. Hardware sampling via PEBS o!ers lower overhead
but provides statistical coverage rather thanprecise per-object tracking [25].

Instead,OBASEembedsaccess trackingdirectly intoguidepointerderef-
erences, yielding object-level informationwithout significant overhead. A
guide overloads the dereference operator so that each access records that
the underlying object was used. Modern 64-bit architectures reserve high-
order address bits in canonical user-space pointers, soOBASE stores a small
amount of per-object metadata in these unused bits [32]. Inlinemetadata
avoids external side tables and ensures that recording access is part of
normal pointer use.

Metadata is updated on every dereference using a single atomic read-
–modify–write (RMW): an accessed bit is set if it has not already been
set, thereby skipping subsequent updates to avoid unnecessary cache-
coherence tra"c for frequently touched objects. This design keeps the com-
mon path small, and the resulting per-access cost is comparable to a cache
hit. Themetadata also holds state used by the runtime to classify objects or
coordinate relocation, without requiring separate allocations or indirection.

Tolet theruntimeobserveallmanagedobjectswithoutwalkingapplication-
specific pointer graphs,OBASEmaintains a Sparse Object Data Activity
(SODA)bitmapover theprocess heap. SODArecordswhichvirtual regions
containmanaged objects and enables the Object Collector (OC) to discover
objects by scanning these regions rather than interpreting container inter-
nals.

5.1.4 Dynamically Engineering the Layout

The access signals from §5.1.3 feed into a layout policy that continuously
reorganizes the virtual address space. OBASE groups objects by observed
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Figure 5.3: Object Migration State Diagram. Objects transition between
heaps based on access intensity. The Object Collector promotes accessed objects to
HOT and demotes inactive objects to COLD, allowing SAMA to apply di!erential
madvise policies to each region if required.

temperature so that page-based backends see large, uniform regions rather
than interleaved hot and cold data. Three logical heaps capture this temper-
ature: NEWholds freshly allocated objects whose access pattern is not yet
clear, HOT holds the current working set, and COLD holds objects inactive
formultiple scanwindows. Each heap occupies a dedicated virtual address
range, so an object’s address directly encodes its temperature.

Figure 5.3 shows the conceptual state machine. Objects transition be-
tween heaps as their observed access intensity changes over time: initial
allocations start in NEW, recent activity promotes objects into HOT, and ex-
tended inactivity demotes objects intoCOLD.Objects inCOLD that become
active again are promoted back to HOT. This continuous reclassification
tracks the application’s evolvingworking set instead of its allocation history.

To realize these logical heaps in the virtual address space,OBASE em-
ploys a spatially-awarememory allocator (SAMA) that reserves a contigu-
ousvirtual address range for eachheapandsub-allocatesobjectswithin that
range. Contiguity is a deliberate design choice that allows coarse-grained
OS hints to be applied to whole heaps rather than individual pages, expos-
ing large pools of coldmemory to page-based tiering systems. The Object
Collector (OC) periodically scans SODA to classify eachmanaged object.
Objects touched since the last scan are candidates for promotion; objects
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that remain untouched accumulate evidence of coldness.
Reacting to a single inactivewindowwouldmake classification sensi-

tive to transient bursts. OBASE therefore tracks a per-object Consecutive
InactiveWindow(CIW) counter: each scanwindowwithout an access in-
crements CIW; any access resets it to zero. Objects whose CIW exceeds a
cold threshold become eligible for demotion to COLD; objects in COLD
that are accessed rejoinHOT. This hysteresis ensures that only sustained
inactivity triggers migration to COLD.

ThecoldthresholdCtgovernswheninactivity is treatedas“coldenough”
for demotion, and di!erent workloads may require di!erent thresholds
to balance reclaim opportunities against performance. OBASE adjustsCt

gradually based onobserved access behavior, raising itwhendemotions are
frequently reversed (indicating intermittent re-use) and lowering it when
few recently demoted objects are touched (indicating deeper coldness).
Adjustments are additive to avoid large swings. Thegoal is for the threshold
to converge to a value where COLD contains deeply inactive data, while
HOT tracks the active working set. The details of our adaptive strategy are
describedmore in § 5.2.

The cold threshold Ct governs how long an object must remain inac-
tive before migration. Too aggressive and COLD objects are frequently
re-accessed; too conservative and reclaimable memory lingers in HOT.
OBASE adaptsCt using a promotion-rate target. We define the promotion
rate (PR) as the fraction of the working set drawn fromCOLD heap in each
scanwindow:

PR=
unique COLD pages accessed

working set size → 60
scan interval (s)

Crucially,OBASEmeasures COLD-heap accesses regardless of where
those pages physically reside—it cannot determine which tier a page oc-
cupies and does not attempt to. If the observed rate exceeds a target, Ct

increases by onewindow; if below,Ct decreases. This additive adjustment
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converges to aworkload-specific regime. The goal is not tominimizeCOLD-
heap accesses, but to ensure that pages classified as COLD are safe targets
for any backend policy. § 5.2 details initialization and tuning.

By design,OBASE is decoupled from any specific backend. The base
system reorganizes the address space but issues no reclamation hints. This
separation is intentional: the value of address-space-engineering lies in
making pages uniformly hot or cold, which improves the precision of any
page-basedmechanism. Backends such as kswapd, TMO, TPP, andMemtis
observe per-page activity through their existing interfaces (PTE-A bits,
PEBS samples, or PSI signals) and naturallymake better decisions when
COLD pages contain only cold objects.

Optionally,OBASE can issue proactive hints to accelerate reclamation.
In this hinted mode, once the promotion rate stabilizes below the target,
OBASEmarks COLDpages with MADV_COLD or MADV_PAGEOUT to signal that
they are safe to reclaim. Similarly, SAMA may request huge pages for
HOT (MADV_HUGEPAGE) to selectively improve TLB coverage over dense hot
data. These hints are strictly advisory and complement rather than replace
backend policies.

5.1.5 Safe ConcurrentMigration

Reorganizing the address space requires relocating objects while applica-
tion threadsmayholdpointers to them. Inmanaged languages, garbage col-
lectors solve thisproblemusing loadbarriersorstop-the-worldpauses. C++
o!ers neither: there is no runtime to intercept pointer loads, and produc-
tion systems cannot tolerate pauses. OBASEmust thereforemigrate objects
without blocking threads, while guaranteeing that every dereference sees a
valid location. As described in §5.1.2, all dereferences pass through guides,
so relocation reduces to atomically updating a single pointer-sizedword.
Callers never follow stale pointers anddonot need explicit synchronization.
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Lightweight Scoping. An object can bemigrated onlywhen no thread
is actively using it. Classic approaches like stop-the-world pauses or per-
access load barriers are unsuitable for C++ systems code [158, 70, 118]. In-
stead,OBASE introduces a per-objectActive Thread Count (ATC) that tracks
howmany public data structure operations have observed a guide during a
migrationwindow. ATC captures the notion of active use: if a thread begins
an operation that may dereference an object, ATC is incremented once for
that scope; when the operation completes, ATC is decremented. Migra-
tion is permitted only when ATC reaches zero, indicating that no thread
is currently executing an operation that could read ormodify the object.

ATC must be updated e"ciently. Rather than incrementing ATC on
every pointer dereference, which would impose unacceptable overhead,
OBASE scopes tracking to public API boundaries. When a thread enters
a data-structure operation (e.g., get, insert), it registers with a Thread-local
Active ScopeGuard (TAG);when the operation completes, the guarddecre-
ments ATC for all objects touched. This design reflects howC++ program-
mers reason about pointer validity: pointers are valid for the duration of the
operation that obtained them, not indefinitely. Compiler instrumentation
(detailed in § 5.2.2) inserts the necessary hooks automatically.

Active Windows via Epochs. Always-on ATC tracking would impose
overhead even when no migration is in progress. OBASE therefore acti-
vates ATC only during periodic migration epochs. Outside these windows,
guide dereferences record only access activity (§5.1.3) with no ATC over-
head. When the OC initiates migration, it coordinates an epoch transition
that ensures all active threads enable ATC tracking before any object is
moved. This epoch-based activation confines the synchronization cost to
brief, infrequent windows.

Optimistic Migration. Given ATC=0, OBASE moves objects using an
optimistic protocol inspired by optimistic concurrency control. The Object
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Collector copies the object to its target heap, then attempts to atomically
swing the guide to the newaddress. If any thread accesses the object during
the copy, the commit fails and themove is abandoned—theobject remains in
place, and the thread sees valid data. This optimistic approach has two key
properties: (1) threads never block onmigration, and (2) concurrent access
safely vetoes relocation rather than observing inconsistent state. § 5.2.5
details the CAS-based protocol.

SafetyandNon-BlockingProgress. Safety follows fromasingle invariant:
the guide is updated atomically, andmigration aborts on any conflicting
access. No thread can ever follow a stale pointer. Progress is non-blocking:
application threads never wait on the collector, and the collector performs
bounded work per object before committing or abandoning. Frequently
accessed objects naturally resist migration (their ATC rarely reaches zero),
while cold objects eventually move. The result is an address space that
reshapes continuously without stop-the-world pauses, while preserving
familiar pointer semantics.

5.2 Implementation

This section detailsOBASE’s concrete realization: the guidemetadata en-
coding (§5.2.1), scope-guard data structures (§5.2.2), SODA bitmap layout
(§5.2.3), controller parameters (§5.2.4), and the epoch-based migration
protocol (§5.2.5).

5.2.1 GuideMetadata Encoding andHeapAllocation

Each guide uses the 48 bits required for canonical x86-64 user-space ad-
dresses and repurposes the upper 16 bits for metadata: 7 bits encode ATC
(supporting up to 128 concurrent threads per object), 5 bits track CIW (up
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to 32 windows, or 60+ minutes at the default 120s interval), 2 bits iden-
tify the current heap (NEW,HOT, COLD), and 2 bits store the access and
migration-lock flags. As 128-bit addressing becomesmore prevalent [6],
implementations can expand these fields without changing the guide ab-
straction. We implement the three heaps using a Spatially-AwareMemory
Allocator (SAMA) built on jemalloc’s extent management. SAMA reserves
large mmap regions for each heap and sub-allocates objects within them,
returning unused extents to the OS as objects migrate or are freed.

5.2.2 E"cient ScopeGuard Tracking

Figure5.4 illustrates the instrumentedcall graph. The compiler inserts three
hooks: createTAG (green) at public API entry, addToTAG(guide) (purple)
at each guidedereference, and destroyTAG (yellow) at publicAPI exit. Pub-
lic functions may call private helpers that also dereference guides; the TAG
tracks all such accesses but only decrementsATCwhen the outermost public
function returns. This nesting-aware design ensures that ATC remains
positive throughout the entire operation, evenwhen internal helpers are
inlined or calledmultiple times.

We implement TAGs using a BaseDeltaPtrSet that exploits pointer
locality: it encodes pointers as a base address plus 32-bit deltas, grouping
up to 16 nearby pointers within two cache lines. Insertion is O(1) when the
pointer falls within an existing group; otherwise a new group is created in
O(log G) time. Since pointers within a single operation cluster tightly (e.g.,
keysandvalues in thesamebucket, nodesalonga treepath),most insertions
hit existing groups. Across the ten data structures in our evaluation, theme-
dian number of unique guides per operation ranges from 3 (hash tables) to
12 (B+Tree traversals), keeping per-operation TAG overhead under 100 ns.



131

5.2.3 SODABitmap Structure andObject Discovery

The Sparse Object Data Activity (SODA) bitmap uses a two-level structure
to cover the heap address space without allocating storage for empty re-
gions. SODA divides the address space into coarse-grained blocks; each
block contains 64-bit words where individual bits indicate guide presence
at fixed-size slots. Blocks are allocated lazily and reclaimedwhen empty.
Because SODA tracks guide pointers rather than object addresses, it re-
mains valid across relocations—the guide’s address does not change when
the object moves. Memory overhead is one bit per potential guide slot plus
block-level bookkeeping. The OC scans SODA at a configurable interval
(120 s by default), chosen to alignwith cold-memory detection thresholds
in warehouse-scale tiering systems [68, 99].

5.2.4 Cold Threshold Controller

OBASE initializesCt to three scanwindows; at thedefault 120 s interval, this
is approximately six minutes of inactivity before demotion, consistent with
thefive-minute rule for tiered storage [36, 72, 73]. The target promotion rate
of1%isbasedonbudgetsused inproductioncompressed-memoryandCXL
tiering deployments [99, 68]. Ct is bounded between 1 and 32windows.

5.2.5 Epoch Protocol andOptimisticMigration

As shown in Figure 5.4 the OC coordinates migration through three states
(INACTIVE,PREPARE, andACTIVE)usingaglobalepochcounterandaThread
Activity Index (TAI).

Epoch Transitions. In INACTIVE, ATC updates are disabled; dereferences
only set access bits. When the OC initiates migration, it increments the
epoch counter and enters PREPARE 1 . Threads entering public methods
record the current epoch in the TAI (a small array indexed by thread-ID
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hash); exits clear their slot. The OC repeatedly scans the TAI; once every
non-empty slot reflects the new epoch 2 , all active threads have enabled
ATC tracking, and the OC enters ACTIVE. After migration completes, the
OC returns to INACTIVE 3 . Crucially, threads never block—they simply
record epoch participation, while the OC performs convergence checks.

Optimistic DataMigration. Within ACTIVE, the OCmigrates objects us-
ing a Optimistic DataMigration (ODM) protocol. The ODMmechanism
(Algorithm 1) is similar in spirit toOptimisticConcurrencyControl (OCC),
where a job is performed first and verified later, essentially acting as aweak
transaction. For a candidate with ATC=0 andmigration-lock clear, the OC:
(1) Atomically sets themigration-lock bit (first CAS). (2) Allocates space
in the target heap using SAMA and copies the object. (3) Constructs a new
guide (new address, heap ID, reset CIW, cleared lock) and attempts to pub-
lish it (second CAS). If either CAS fails, themigration is abandoned. Note
that each guide dereference not only sets the access bit but also clears the
migration lock of the corresponding guide. Through this series of steps, OC
safelymovesdatawith the assistance ofATC, SAMA, andatomic operations
by following the ODMprotocol.

RaceResolution. Table 5.1 illustrates a race betweenmigration andaccess.
Every dereference performs an atomic RMW that sets the access bit and
clears the migration-lock bit. If a thread accesses object xwhile the OC is
copying it (t1), the guide changes, the commit CAS fails (t2), and x remains
at its original address. The thread always sees valid data; concurrent access
vetoesmigration.

5.2.6 Kernel Page ReclamationOptimization

When objects migrate to the COLD heap and the Object Collector issues
MADV_PAGEOUT, Linux’s page reclamation path becomes the bottleneck for
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Algorithm 1Optimistic DataMigration (ODM)
1: procedureM!"#$%&O’(&)%(ptr, targetHeap)
2: guide↗A%*+!)L*$,(ptr) ω Load object guide
3: if R&-C*./%(guide)>0 then
4: return false ωObject in use
5: end if
6: srcAddr↗E0%#$)%A,,#(guide)
7: srcHeap↗E0%#$)%H&$1T21&(guide) ωGet current heap type
8: S&%M!"#$%!*/L*)3(ptr) ωMark as beingmigrated
9: size↗G&%S!4&(srcAddr)
10: dstAddr↗5$+$66*)(size,targetHeap)
11: if dstAddr=null then
12: C6&$#M!"#$%!*/L*)3(ptr)
13: return false ωAllocation failed
14: end if
15: C*12(dstAddr,srcAddr,size) ωCopy data
16: newGuide↗C#&$%&G.!,&(guide,dstAddr,targetHeap)
17: C6&$#M!"#$%!*/L*)3(newGuide)
18: success↗A%*+!)CAS(ptr,guide,newGuide)
19: if success then
20: F#&&(srcAddr,srcHeap) ωRelease oldmemory
21: return true

22: else
23: F#&&(dstAddr,targetHeap) ωRollback
24: C6&$#M!"#$%!*/L*)3(ptr)
25: return false ωMigration failed, guide changed
26: end if
27: end procedure

e"cient memory tiering. The default reclamation path in shrink_folio_-
list() processes each page individually: it clears the page table entry
(PTE), issues a TLB flush or shootdown that triggers an inter-processor
interrupt (IPI) to every core, and submits the page to the block I/O layer for
swap-out. This fine-grained approach creates substantial overheadwhen
reclaiming largememory regions, as the cumulative cost of per-page TLB
invalidations and IPIs degrades application performance even for threads
accessing entirely unrelated hot data.

Wemodify shrink_folio_list() to batch these operations. Our opti-
mization aggregates multiple pages—up to a full PMD spanning 512 base
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Time Actor Action ATC Lock Outcome

t0 OC read guide 0 0 eligible
t
↑
0 OC CAS: set lock 0 1 copying begins
t1 Thread dereference 1 0 lock cleared
t2 OC CAS: commit mismatch aborted

If no thread intervenes between t
↑
0 and t2:

t
↑
2 OC CAS: commit 0 0 success

Table 5.1: Race betweenmigration and concurrent access. Adereference
at t1 modifies the guide, causing the OC’s commit CAS to fail. When no thread
intervenes, both CAS operations succeed and the object moves.

pages—before issuing a single TLB flush, and groups pages for I/O submis-
sion. Themodifiedpath clears eachpage’s PTEandmarks it for pageout but
defers the TLB invalidation until a complete batch is prepared, then issues
one flush covering the entire range and submits all batched pages together
for I/O. By amortizing the cost of TLB shootdowns and I/O submissions,
this approach reduces IPIs by more than 99% when demoting 10GiB of
memory compared to the unmodified kernel.

Beyond localmemory tiering, batched TLB invalidation addresses a crit-
ical scalability bottleneck in RDMA-based far-memory systems [133, 115,
114]. When evictingpages to remotememory, per-pageTLB shootdowns re-
quire inter-processor interrupts to every application core; as thread counts
increase, the resulting IPI storms cause shootdown latencies to grow super-
linearly, throttling eviction throughput and forcing synchronous fallbacks
that stall the fault-in path. By aggregating invalidations across hundreds of
pages, our batching optimization amortizes these costs and enables the ker-
nel’s reclamationpath to scale e"ciently for bothCXLandRDMAbackends.

5.2.7 Compiler Passes for GuideManagement

OBASE uses three complementary compiler passes (Figure 5.6) to auto-
mate themechanical work of converting raw pointers to guides and insert-
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1 void HashMap::get(char* key) {

2 if (*key > 37) {

3 return;

4 }

5 *key = 42;

6 std::cout << "Value: " << *key << std::endl;

7 }

(a) Original C++ function using a raw pointer.

1 void HashMap::get(Guide<char>& key) {

2 createTAG(); // Public function entry

3
4 addToTAG(&key); // Register before dereference

5 if (*key > 37) {

6 destroyTAG(); // Early return

7 return;

8 }

9
10 addToTAG(&key); // Register before dereference

11 *key = 42;

12
13 addToTAG(&key); // Register before dereference

14 std::cout << "Value: " << *key << std::endl;

15
16 destroyTAG(); // Public function exit

17 }

(b) After transformation: the pointer becomes a Guide, TAG lifecycle calls bracket
the function, and each dereference is preceded by addToTAG. ATC increments
occur inside addToTAG when the TAG state is not INACTIVE.

Figure 5.5: LLVM pass transformation: raw pointer to Guide with TAG
instrumentation. The developer marks key for conversion; the compiler
handles the rest.

ing the runtime instrumentation for TAGs and active reference counting.
This automation confines developer e!ort tomarkingwhich pointer fields
should bemanaged—the compiler handles the rest.
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Figure 5.6: Compiler pipeline overview. Three passes progressively
transformC++ source into an instrumented binary. Pass 1 extractsmethod
visibility from the ClangAST. Pass 2 rewrites developer-marked pointers
into guides. Pass 3 performs a fixed-point call-graph analysis on LLVM
IR to insert createTAG/destroyTAG at public function boundaries and
addToTAG before each dereference in private functions. Visibility metadata
flows from Pass 1 to Pass 3 (dashed arrow).

5.2.7.1 Visibility Extraction

AClangfront-endpass inspectsC++classdefinitionsusingaRecursiveASTVisitor
to identify public methods that serve as entry points for data-structure op-
erations (e.g., get, set, delete). The pass records method visibility in a
file consumed by later stages, enabling the runtime to create TAGs only at
public boundaries rather than on every function call.

5.2.7.2 Pointer-to-Guide Conversion

A second Clang pass rewrites developer-marked pointer variables into
guides. Developers provide a list of pointer names to convert, and the pass
uses the Clang rewriter to transformdeclarations and usages. This targeted
approach gives developers precise control over which objects are managed
byOBASEwhile automating the syntactic conversion.
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5.2.7.3 IR Instrumentation

The third pass operates on LLVM IR and determines where to insert TAG
andATC instrumentation. It performs a fixed-point analysis that:

1. Scans all functions to identify direct guide usage (conversions, de-
structor calls, operator overloads, assignments).

2. Propagates guide usage through the call graph to find indirect usage.

3. Combines visibility data with usage analysis to classify each function.

Based on this classification, the pass inserts:

• createTAG/destroyTAG at entry and all exit points of public functions
that use guides directly or indirectly.

• addToTAG before each guide dereference in private functions, without
creating new TAGs.

This tiered approach restricts full TAG creation to public function bound-
aries while still tracking every guide access throughout the call stack, min-
imizing runtime overhead.

Figure 5.5 illustrates the transformation on a simple function: rawpoint-
ers becomeguides, and thepass injectsTAGlifecycle calls at functionbound-
aries and guide registration before each dereference.

5.3 Evaluation

We evaluateOBASE along four dimensions:
E1: E!ectiveness. Does OBASE reduce hotness fragmentation and
memory footprint across di!erent data structures andworkloads? (§5.3.2)
E2: Backend synergy. Howmuch doesOBASE improve the e!ectiveness
of existing page-based reclamation and tiering backends? (§5.3.3)
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E3: Overhead and scalability. What runtime overheads do tracking and
migration introduce, and how do they scale with thread count? (§5.3.4)
E4: Dynamic behavior. HowdoesOBASE adapt to changing hotsets in
long-running, productionworkloads? (§5.3.5)
E5: Multi-tenant Consolidation. CanOBASE’s memory savings enable
practical consolidation of multiple memory-bound applications on a single
machine? (§5.3.6)

5.3.1 Experimental Setup

All experiments run on an Intel XeonGold 5218 (32 cores) configured in
performance governor mode with Ubuntu 22.04 and Linux kernel 6.12.
Thememory subsystem comprises two tiers: a fast tier of 2→16GBDDR4
DRAMmodules at 2400MHz, and a slow tier of 4→128GB Intel Optane
DC PersistentMemory 100modules at 2666MHz. All six memory devices
occupy distinct channels to maximize bandwidth. We configure Optane
PMEM in Memory Mode and expose it as a separate NUMAnode, creating
a two-tier hierarchy representative of emerging CXL-attachedmemory de-
ployments [106, 116]. The Optane tier provides approximately 2.5→ higher
access latency than local DRAM[159], consistentwith first-generationCXL
memory characteristics [140]. For reclamation experiments requiring swap,
we use a 512GB Intel P4800XOptane SSD.
CrestDB testbed. We implemented CrestDB, a concurrent in-memory
key-value store, to evaluate OBASE across diverse data structures and
concurrencymechanisms. CrestDB integrates ten high-performance data
structures spanning the concurrency-control spectrum (Table 5.2), from
lock-free algorithms to global locks. Many structures are borrowed from
ASCYLIB [74],which provides production grade implementations. This di-
versitydemonstrates thatOBASE’s compiler instrumentationandmigration
protocol are compatible with a wide range of synchronization approaches
withoutstructure-specificmodifications. Alldatastructuresmaintainguide
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Structure Concurrency Control Used In

HashTable Harris [78] Lock-free algorithm NGINX
HashTable Pugh [129] Fine-grained r/w lock Redis, Memcached
HashTable Java CHM [29] Segmented bucket locks Linux kernel, HAProxy

SkipList Coarse Global lock LevelDB/RocksDB
SkipList Fraser [71] Lock-free algorithm Redis Sorted Sets
SkipList Herlihy [80] Optimistic fine-grained Cassandra, CockroachDB

B+Tree Coarse Global lock SAPHANA
B+Tree OCC OCCw/ epoch reclaim VoltDB index
MassTree [113] OCC+RCU MICA, Silo

Adaptive Radix Tree [102] Fine-grained r/w lock DuckDB, PostgreSQL

Table 5.2: Concurrent data structures evaluatedwithOBASE. These struc-
tures span lock-free, fine-grained, and coarse-grained concurrencymechanisms,
demonstratingOBASE’s compatibility with diverse synchronization approaches.

pointers to key and value objects; CrestDB deep-copies inserted data, en-
suringOBASEmanages the authoritative copy rather than application-held
aliases. Unless otherwise noted, CrestDB runs with six server threads and
six client threads.
Workloads. Weuse the YCSB benchmark suite with Zipfian-distributed
keys to model skewed access patterns typical of production workloads.
To evaluate real-world adaptivity, we replay production traces fromMeta
(CacheLib [51], DBbench [55]) and Twitter (Cluster 7, Cluster 23) [160].
We evaluateOBASE using CrestDB (§5.2), an in-memory key-value store
configuredwith ten concurrent data structures spanning diverse synchro-
nizationmechanisms (Table 5.2). Unless otherwise noted, CrestDB runs
with six server threads and six client threads communicating over Unix
domain sockets.
Controller parameters. Unless otherwise noted,OBASE uses the con-
troller described in §5.1.4: the Object Collector scans access metadata every
120 s, targets a promotion rate (PR) of 1%, and adjusts the cold threshold
Ct by±1window after each scanwhile keeping 1↭Ct↭32. We choose a
conservative 1% target following production compressed-memory deploy-
ments [152, 99], which has proven e!ective across tiering backendswith
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di!erent latency characteristics. The optimal promotion rate is hardware-
dependent: faster secondary tiers can tolerate higher cold-access fractions,
while much slower tiers may require more conservative thresholds; explor-
ing such hardware-aware tuning is left to futurework. These defaults apply
across all workloads; §5.3.5 examines the dynamics ofCt adaptation over
time.

5.3.2 E!ective Address-Space-Engineering (E1)

Wefirst evaluate whetherOBASE achieves its core objective: reducing hot-
ness fragmentationandconvertingunreclaimablecolddata into reclaimable
pages. We run CrestDBwith all ten data structures under YCSBworkloads
A, B, and C with Zipfian keys. We load 10M keys with 30-byte keys and
1024-byte values, creating a 13GiB dataset. Unless stated otherwise, all
results in this section aremeasured afterOBASE has converged (promotion
rate below the 1% target).
Page utilization. Figure 5.7(a) reports page utilization before and after
OBASE reorganizes objects into NEW,HOT, and COLD heaps. Initially, the
data structures exhibit 18–20% utilizationwhenmeasured over 120 s win-
dows: most pages contain only a handful of accessed cache lines, reflecting
the hotness fragmentation observed in production traces (§4.1.2).

After three scan intervals, theObjectCollector classifies objects basedon
guideaccessbits andmigrates themintoHOTorCOLDheaps. Compared to
the baseline,OBASE improves page utilization by 2→ for workload A (50%
writes), approximately 3→ for workload B (5%writes), and up to 4→ for
the read-only workload C. Across data structures, absolute utilization after
convergence ranges from roughly 40% (workload A) to 80% (workload C).

The variation across workloads reflects how theNEW andHOT heaps
interact. Workload C has no updates: once objects are classified as hot, they
remain in the HOT heap and no new objects are allocated there. Nearly all
accessed bytes end up densely packed in a small number of HOT pages,
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Figure 5.7: OBASE e!ectiveness (YCSB, 10Mkeys). Top: Page utilization
improvement relative to the baseline allocator; OBASE increases utilization by
2–4→ across workloads and data structures. Bottom: RSS reduction afterOBASE
pages out the COLD heap (via Kswapd). Memory footprint shrinks by 65–72%.

and utilization approaches 80%. Inworkload B, occasional updates allocate
fresh values in NEW, so the working set splits between NEW and HOT
and overall utilization stabilizes around 60–70%. Workload A performs
frequent updates, continuously injecting new objects intoNEW.Utilization
still roughly doubles, but cannot reach read-only levels because a larger
fraction of hot objects reside in NEWduring their initial epochs.

The consistency of the improvement across ten structurally di!erent
datastructures shows thatOBASE’sbenefitsderive fromobject-temperature
clustering rather than data-structure-specific layout optimizations.
Memory footprint. Higher page utilization translates directly into
reclaimable cold memory. Once the promotion rate falls below the 1%
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target—typically after 3–4 scan intervals (6–8minutes) for YCSB—OBASE
proactively issues MADV_PAGEOUT on the COLD heap. Figure 5.7(b) shows
the resulting RSS reduction relative to a baseline without reclamation.

Across all data structures andworkloads,OBASE reduces RSS by 65–
72%. ForworkloadBwith10Mkeys, thebaselineuses 12.4GiB; afterOBASE
converges and pages out COLD, RSS drops to 3.5–4.0GiB. Because COLD
pages contain almost exclusively inactive objects, proactive paging does not
cause swap-in storms or noticeable throughput degradation (we quantify
overheads in §5.3.4).

Takeaway#1: OBASE improves pageutilization across all data structures as it
tracks object hotnesswithout the semantic knowledge of each structure. This enables
uniform hotness fragmentation reduction across diverse concurrency mechanisms.

5.3.3 Backend Synergy (E2)

Thememory savings demonstrated in §5.3.2 are valuable only if OS back-
ends can exploit them without degrading performance. We now show
thatOBASE enables existing reclamation and tiering systems to achieve
aggressivememory savings while preserving throughput.

5.3.3.1 Reclamation Backends

We run CrestDBwithMassTree under YCSB-C in amemory-constrained
configuration: theworkload has a 13GiB footprint but an active working
set of approximately 4GiB.We compare four reclamation strategies, each
with andwithoutOBASE as a frontend:

• Kswapd: Linux’s background reclaimer, triggered bymemory pres-
sure from a co-located process.

• Cgroup: Memory limit set toworking-set size (4GiB), forcing aggres-
sive reclamation.
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Figure 5.8: OBASEwith reclamation backends (YCSB-C,MassTree). Top:
RSS after convergence. Bottom: throughput. WithoutOBASE, backends face a
trade-o! betweenmemory savings and performance. WithOBASE (hatched bars),
all backends achieve near-optimalmemory savingswithminimal throughput loss.

• TMO:Meta’s PSI-based proactive reclaimer [152].

• OBASE Hinted: Proactive MADV_PAGEOUT on the COLD heap after
convergence.

For all configurations except OBASEHinted, we disableOBASE’s proac-
tive paging to isolate the benefit of address-space reorganization from the
hintingmechanism.

Figure 5.8 reveals a fundamental trade-o! thatOBASE resolves. With-
outOBASE, backendsmust choose betweenmemory e"ciency and perfor-
mance. Kswapd reduces RSS from 13GiB to 7GiB (1.8→) with no through-
put loss, but leaves 3GiB of cold data trapped inmixed-temperature pages
due to its page level view through PTE scans. Cgroup reaches 4GiB (3.2→),
but throughput collapses by 38% as the kernel inevitably evicts hot objects.
TMO achieves 6.5GiB (2→) with no throughput loss, but cannot reclaim
further because PSI signals page-level pressure regardless of object-level
coldness.

With OBASE, all backends reach 4GiB RSS—matching the most ag-
gressive policy—with no throughput degradation. Kswapd now reclaims
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COLD pages preferentially; Cgroup no longer thrashes because evicted
pages containgenuinely coldobjects; TMO’sPSIprobesno longer encounter
mixed-temperature pages that resist reclamation. OBASEHinted achieves
the same result proactively, without relying on any backend policy.

Takeaway #2: OBASE eliminates the memory-vs-performance trade-o" that
forces datacenter operators to balance aggressive reclamation against SLO compli-
ance.

5.3.3.2 Tiering Backends

To demonstrate thememory tiering benefits of reduced hotness fragmen-
tation,weevaluateOBASEwiththreepagebasedmigrationsystems: TPP[116],
AutoNUMA [146], andMemtis [101].
Setup. We load CrestDB (MassTree) with 50M keys (30-byte keys,
1024-byte values), a 67GiB dataset. We vary the DRAM:CXL ratio across
three configurations: 1:4 (14.8GiB DRAM), 1:8 (7.4GiB DRAM), and 1:16
(3.9GiB DRAM), with the remaining capacity on Optane PMEM. As in
[101], performance is normalized to a baselinewhere all data resides on the
slow tier; values above 1.0→ indicate speedup from e!ective DRAMuse.
The hot-set mismatch. WithoutOBASE, the working set spans 16.3GiB
of pages at 21% utilization— slightly larger than the 1:4 DRAM budget
of 14.8GiB. No configuration can keep all accessed data in DRAM.With
OBASE, the same logicalworking set compacts to 6.33GiBat 57%utilization,
fitting comfortably at 1:4 and 1:8 ratios.
TPP. TPP uses hysteresis-based promotion and proactive demotion to
manage DRAMheadroom. Figure 5.9 shows TPP achieves 1.65→ speedup
at 1:4, degrading to 1.25→ at 1:16 as the DRAMbudget shrinks below the
fragmented hot set. With OBASE, TPP reaches 1.85→ at 1:4 and retains
1.45→ at 1:16—a 16% improvement at themost constrained ratio.
AutoNUMA. AutoNUMApromotes any accessed remote page immedi-
ately,withouthysteresis, causing thrashingwhen thehot set exceedsDRAM
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Figure 5.9: OBASE with tiering backends (YCSB-B, MassTree, 50M
keys). Throughput normalized to CXL-only baseline (higher is better). Without
OBASE, performance degrades as DRAM shrinks because the hot set cannot fit.
WithOBASE, the hot set compacts, enabling stable performance even at 1:16.

capacity. WithoutOBASE, AutoNUMA underperforms TPP by 15–20%,
achieving only 1.05→ at 1:16—barely better than CXL-only. WithOBASE,
AutoNUMAmatches TPP-alone performance: at 1:8,OBASE+AutoNUMA
(1.6→) exceeds TPP alone (1.55→). When pages are uniformly hot or cold,
even naive promotion decisions become correct.
Memtis. Memtis uses hardware sampling (PEBS) to identify hot pages,
achieving the best baseline results: 1.8→ at 1:4 and 1.55→ at 1:16. With
OBASE, Memtis improves to 1.95→ and 1.7→, respectively. The gains are
smaller (3–10% vs. 12–29% for TPP/AutoNUMA) becauseMemtis already
capturesmuch of the page-level signal—but even themost sophisticated
page-level policy benefits from object-level reorganization.

From Figure 5.9,OBASE at ratio 1:X performs comparably to baseline at
1:(X/2): OBASE+TPP at 1:16 (1.45→) approaches TPP alone at 1:8 (1.55→).
This arises becauseOBASE reduces the e!ective hot set by 2.5→, allowing
backends to achieve equivalentDRAMresidencywith half the capacity. For
operators, this translates directly to cost savings: OBASE enables the same
performancewith half the DRAM, or doubles e!ectivememory capacity
of existing tiered deployments.
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Takeaway#3: OBASEcompacts the hot set so it fits in smallerDRAMbudgets,
making page-based tiering backends e"ective.

5.3.4 Overhead and Scalability (E3)

Given the memory savings and backend improvements demonstrated
above, we now quantifyOBASE’s runtime costs.

5.3.4.1 Steady-State Overhead

Figure 5.10(a) reports throughput and p90 latency overhead when no
reclamation or tiering backend is active, normalized to an uninstrumented
baseline.

On average, OBASE reduces throughput by 2.5% and increases p90
latency by 5%. Hash tables see the smallest impact (1.5–3% throughput
drop), while skiplists, B+Trees, andART experience 3–5% overhead. This
variation correlateswith the number of guides touched per operation: hash
table lookups dereference few nodes, whereas tree traversals visit more
nodes and incur proportionallymore tracking overhead.

The overhead has twomain sources: (1) a tagged-pointer read-modify-
write on eachguidedereference (4–5 ns, comparable to anL1 cachehit), and
(2) TAG/ATC bookkeeping during ACTIVE migration epochs. The Object
Collector runs inadedicated threadandconsumes less than1%ofCPUtime.

5.3.4.2 Thread Scalability

Anaturalconcern iswhetherOBASE’satomicoperationsbecomecontention
bottlenecks at higher thread counts. We measure scalability by varying
CrestDB server threads from 2 to 32 on three representative data struc-
tures spanning di!erent synchronization mechanisms: Hashtable Pugh
(fine-grained locking), Skiplist Fraser (lock-free), andMassTree (OCCwith
epoch reclamation).
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Figure 5.10: OBASE overhead and scalability (YCSB, 10M keys). Top:
Throughput and p90 latency overhead across data structures. Overhead ranges
from 1.5–5% depending on structure. Bottom: Scalability from 2 to 32 threads.
Bars show absolute throughput; markers show overhead relative to baseline.
Overhead remains bounded at 1–8%with no upward trend.

Figure 5.10(b) shows that throughput scales nearly linearly and over-
head remains bounded at 1–8% regardless of thread count. Critically, over-
head does not increase with concurrency: all three data structures exhibit
similar overheads at 2 and 32 threads.

This scalability follows fromOBASE’s design: guidemetadata updates
target per-object state (no cross-thread contention), the test-and-set op-
timization skips redundant writes for hot objects, TAGs are thread-local,
and ATC increments occur only during brief ACTIVE epochs. The 2–5%
overhead is measured against a DRAM-only baseline with no memory
pressure—an idealized scenario that production systems rarely enjoy. In
the tiered-memory environments whereOBASE is designed to operate, the
comparison reverses: as §5.3.3 showed, backendswithout OBASE su!er 10–
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38% throughput loss from poor page-selection decisions, while backends
with OBASEmatch DRAM-only performance.

Takeaway#4: OBASEimposes2–5%overhead that remainsconstantas thread
count increases, a modest cost relative to backend improvements demonstrated in
§5.3.2–5.3.3.

5.3.5 RealWorld Traces

Synthetic workloads exercise controlled forms of skew, but production sys-
tems exhibit substantially more complex behavior: shifting hotsets, mixed
read/write/delete ratios, and locality patterns that evolve over hours. We
therefore evaluateOBASE on four real-world traces to assess whether its
fragmentation-reduction benefits generalize beyondYCSB andwhether the
feedback controller adapts stably to long-term changes in access patterns.

We evaluate four traces that span a range of access patterns:

• Meta CacheLib [51]: Read-heavy (83%GET)with gradually shifting
popular keys.

• DBenchMixgraph [55]: ModelsMeta’s ZippyDBwith key-range lo-
cality across 30 prefixes. Read-heavy (85%GET, 14% PUT, 1% SEEK).

• TwitterCluster7 [160]: Highskew(ε=1.07)withsmall, concentrated
working set of reads andwrites.

• Twitter Cluster 23 [160]: Write-heavy (31% SET, 30% INCR) with
low skew (ε=0.274) and deletes.

These traces cover the spectrum from highly skewed (Cluster 7) to nearly
uniform (Cluster 23), and from read-dominated (CacheLib) towrite-heavy
(Cluster 23). We replay each trace on CrestDB with ART and measure
memory reduction and page utilization improvement.
Page utilization (E1). Page utilization improves by 1.8–3.4→ across traces.
Cluster 23 shows the highest gain (3.4→) because its low skew disperses
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Figure 5.11: Production trace results. Memory reduction (left axis): OBASE
Hinted vs. no-reclaim, and OBASE+TMO vs. TMO-alone. Page utilization
improvement (right axis, hatched) from address-space reorganization.

Figure 5.12: Cold threshold adaptation (Meta CacheLib). Promotion
rate (black) and cold thresholdCt (red) over time. The controller automatically
adjustsCt to maintain the 1% target (purple).

accesses across many keys, yielding very low baseline utilization. Clus-
ter 7’s high skew naturally concentrates accesses, so the baseline is already
reasonable and the relative improvement is smaller (1.8→).
Memory reduction (E1, E2 & E4). Figure 5.11 shows thatOBASEHinted
reduces RSS by 36–58% compared to no reclamation. Cluster 7 achieves the
largest reduction (58%) because its high skew concentrates the working set
into fewer hot objects; DBench shows the smallest (36%) because key-range
locality spreads accessesmore uniformly. AddingOBASE to TMOprovides
15–30% additional savings, demonstrating thatOBASE and TMO are com-
plementary: TMO identifies reclaimable pages,whileOBASE ensures those
pages contain uniformly cold data.
Adaptive cold threshold (E4). Figure 5.12 demonstratesOBASE’s abil-
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ity to adapt to workload dynamics over 2.3 hours of the Meta CacheLib
trace. At startup, the initialCt=3 causes premature demotions, spiking the
promotion rate to 14%. The controller increments Ct each scan interval;
within 25minutes,Ct reaches 18 and thepromotion ratedropsbelow the 1%
target. Note that a high promotion rate during convergence does not indicate
degraded performance: COLD heap pages remain in DRAM until OBASE
(or any backend) explicitly pages them out. The promotion rate reflects
workload behavior, not backend decisions;OBASEmeasures COLD-heap
accesses regardless ofwhere thosepages physically reside. This decoupling
is intentional: OBASE cannot determine which tier a page occupies, so it
takes a backend-agnostic approach, keeping the promotion rate low to
ensure that COLD pages are safe targets for any backend policy.

Around t=5400 s, a workload shift causes a brief spike, as previously
coldkeysbecomeactive; thecontroller raisesCt andthesystemre-converges
as the new hotset stabilizes. Throughout the trace,Ct varies between 10–20
windowswhile maintaining the promotion rate near target, demonstrating
thatOBASE tracks workload evolution.

Takeaway #5: OBASE delivers consistent memory savings across real world
workloads with diverse characteristics, even provides benefits over state-of-the-art
backends like TMO, and dynamically adapts to shifting access patterns.

5.3.6 Multi-Tenant Consolidation (E5)

Datacenter operators seek tomaximizemachine utilization by co-locating
multiple applications, but memory-intensive workloads often resist pack-
ing due to their large footprints. We evaluate whetherOBASE’s memory
savings translate into practical consolidation benefits.
Setup. We run three concurrent CrestDB instances on a single 32GiB
machine, each serving a distinct workload: A1 (ART with YCSB-A, 50%
writes), A2 (HashTable CHMwith YCSB-C, read-only), and A3 (MassTree
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Figure 5.13: Multi-tenant consolidation. Left: Per-application throughput.
Right: Combined RSS. Conventional packing exceeds the 32GiB limit and causes
thrashing. OBASE reduces total memory by 75%, enabling all three applications
to run at near-isolation performance.

with YCSB-B, 5%writes). Each instance loads 10M keys, andwemeasure
throughput and total RSS after 10minutes of concurrent execution.

Figure 5.13 compares four configurations. Single runs each application
in isolation as a performance baseline. Packed runs all three simultaneously
withoutOBASE; their combined footprint of 41GiB exceeds physical mem-
ory, triggering severe swap thrashing that degrades throughput by 15–22%
across all applications.

WithOBASE (OBASEHinted), each instance independently reorganizes
its address space and reclaims cold pages. Total RSS drops from 41GiB
to 10.2GiB, a 75% reduction, comfortably fitting within the 32GiB bud-
get. Throughput remains within 3–4% of single-tenant performance for all
three applications. TheOBASE Kswapd configuration demonstrates that
evenwithout proactive hinting,OBASE’s address-space reorganization en-
ables kswapd to reclaim the right pages: RSS reaches 11.5GiBwith similar
throughput preservation.

Takeaway #6: These results suggest that OBASE can increase e"ective ma-
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chine density by 3–4→ for memory-bound workloads, directly translating to infras-
tructure cost savings in tiered-memory deployments.

5.4 Summary

OBASE demonstrates that memory tiering improves substantially when
applications cooperate with the operating system rather thanwork around
it. By reorganizing the virtual address space so that page boundaries align
with object temperature,OBASEmakes existing backendsmore e!ective
without modifying them: page utilization improves by 2–4→, memory
savings reach up to 70%, and tiered configurations match DRAM-only
throughput at half the DRAM capacity.

A central lesson from this work is that decomposing the problem along
information boundaries yields a more e!ective andmore adoptable design
than amonolithic alternative. The frontend has access to application-level
semantics that the OS cannot see: which objects exist, how they are linked,
and how frequently each is accessed. The backend has access to hardware
state that the application cannot see: which physical tier a page occupies,
howmuch capacity remains on each tier, andwhat themigration cost will
be. Neither layer can do the other’s jobwell. By respecting this boundary,
each layer can be designed, tested, and improved independently, and a
better frontend benefits any backend.

This decomposition also connectsOBASE to the earlier chapters of this
work. WiscSort andOBASE sharea commonprinciple: reducing theamount

ofdatamovedmattersmorethanincreasingtherateatwhichdataismoved.

WiscSort achieves this statically, exploiting the semantic structure of sorting
to avoidwriting values through intermediate phases. OBASE achieves it
dynamically, reorganizing the address space so that backendsmigrate only
pages that are uniformly cold rather than pages polluted by a fewhot neigh-
bors. The two systems operate in di!erent regimes, static when application
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semantics reveal access structure, dynamic when access patternsmust be
inferred from observation, but the underlying principle is the same.

Theapproachhas limitations. It requiresdeveloperannotationof relocat-
ablepointer types, anditappliesonly topointer-baseddatastructureswhere
indirection can be interposedwithout violating language semantics. Work-
loads that do not use pointer-based containers, or that require raw-pointer
arithmetic across object boundaries, fall outsideOBASE’s current scope.

The approach has limitations. It requires developer annotation of relo-
catable pointer types, and it applies only to pointer-based data structures
where indirection can be interposedwithout violating language semantics.
Workloads that do not use pointer-based containers, or that require raw-
pointer arithmetic across object boundaries, fall outsideOBASE’s current
scope. OBASE’s classification accuracy also depends on precise, per-access
tracking through the guide abstraction and cannot operate on sampled
telemetry alone (e.g., PEBS-based profiling), because statistical sampling
can cause correctness errors. Finally, our evaluation focuses on key-value
workloads with well-characterized access skew. General-purpose applica-
tions allocate heterogeneous objects whose spatial and temporal locality
may di!er; validation on suchworkloads remains future work.

Looking forward, the principle of address-space engineering extends
beyond tiering. The same techniques could inform generational garbage
collection (grouping objects by observed access intensity rather than allo-
cation age), reduce false sharing across NUMAnodes (separating objects
whose access patternsmap to di!erent sockets), and strengthen isolation
in multi-tenant environments (grouping objects by trust domain so that
memory pressure in one tenant reclaims only that tenant’s cold pages). The
virtual address space is not merely storage; it is a communication chan-
nel between applications and the operating system. By engineering this
channel, applications can express object-level semantics in a language that
page-based systems already understand.
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Chapter 6

RelatedWork

In this chapter, we discuss prior work related to this dissertation. We
begin with sorting algorithms and systems designed for memories with
asymmetric read-write costs (§6.1), covering both theoretical models and
PMEM-specific implementations. We thendescribe the lineageof key-value
separation techniques in storage (§6.2). We next turn to page-levelmemory
management (§6.3), discussing tiering systems and page-level optimiza-
tions that share OBASE’s goal of improving placement but operate at a
coarsergranularity. Wethencoverobject-levelmemorymanagement(§6.4),
including far-memory systems and allocation-time placement strategies.
Finally, we discuss garbage collection and object relocation (§6.5), which
provides the closest analogue toOBASE’smigrationmechanism, andepoch-
based reclamation (§6.6), which inspires OBASE’s quiescence protocol.

6.1 Algorithms for AsymmetricMemory

A substantial body of work has been developed around persistent memory,
much of it predating the commercial availability of the devices themselves.
Newfile systems [92], data structures [123, 100], key-value stores [50, 163],
and databases [145, 41] have all been proposed for PMEM. These systems,
however, give primary emphasis to the persistence properties of the device
(crash consistency, durability, and recovery) rather than taking full advan-
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tage of the broader set of performance characteristics that we capture in the
BRAIDmodel. Inparticular, fewof themaccount for theread-writeasymme-
try, the interferencebetweenconcurrent readsandwrites, or the constrained
write concurrency that characterize byte-addressable storage devices.

Algorithms for asymmetric read-write costs. A separate line of work has
studied algorithms that explicitly account for the cost disparity between
reads andwrites on persistent memory [54, 59, 148, 147]. The general strat-
egy in these works is to performmultiple reads in order to reduce the total
number of writes issued to the device. For example, the B-tree variant of
Chen et al. [59] neither sorts the keyswithin a leaf nodenor repacks a leaf af-
ter a keydeletion, thereby avoiding thewrite cost of sorting and compaction
at the expense of additional reads during search. AEM-sort [54] intro-
duced a theoretical model for the asymmetric external memory setting and
showed how to asymptotically reduce the number of writes performed by
multi-waymerge sort, sample sort, and heap sort relative to their standard
counterparts. Viglas [148] introduced a family of “write-limited” sorting
and join algorithms that prefer to scan the input multiple times rather than
materialize intermediate results, thereby reducingwrites at the cost of ad-
ditional read passes. Viglas also proposed a B+-tree variant [147] adapted
for asymmetric I/O in a similar spirit.

Sorting on persistent memory. MONTRES-NVM [52] and NVMSort-
ing [61] introduce techniques to leverage partially sorted inputs on per-
sistent memory. Both systems detect naturally sorted portions (“natural
runs”) within the input data, which can be skipped during the run gen-
eration phase, reducing the total number of writes. These natural runs
are then incorporated during the merge phase, where they are merged
on the flywith the generated sorted runs. WiscSort, by contrast, does not
make any assumptions about the structure or distribution of the input data.
More importantly, none of the above algorithms—whether theoretical or
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empirical—were designed for a real byte-addressable storage device such
as Intel Optane PMEM. As a consequence, they all fail to consider the full
range of performance characteristics captured by the BRAIDmodel: the
random-read performance (R), the read-write interference (I), and the
device-constrained concurrency (D) properties are absent from their de-
signs. WiscSort is the first sorting system that accounts for all five BRAID
properties on a real device. Nevertheless, WiscSort is orthogonal to all the
above solutions; combiningWiscSort’s BRAID-aware scheduling with the
write-reduction techniques of AEM-sort or the natural-run detection of
MONTRES-NVM could further improve sorting performance.

Read-write interference on PMEM. Several prior works have observed
and characterized the read-write interference behavior on Optane PMEM.
NyxCache [154] proposed an interference-e!ect estimationmechanism for
multi-tenant persistent memory caching, enabling tenants to estimate the
performance impact of co-located workloads. Dicio [125] further devel-
oped interference-source locating techniques that identify which tenants
are responsible for bandwidth degradation in shared PMEMenvironments.
Both systems focus on the multi-tenant setting, where separate applica-
tions sharing a PMEMdevicemust coordinate to avoidmutual degradation.
Unlike these works, WiscSort focuses on scheduling and sizing the read-
write concurrencywithin a single application. The thread-pool controller
and the interference-aware scheduler in WiscSort ensure that reads and
writes within the sorting pipeline do not overlap, avoiding the bandwidth
degradation that occurs when concurrent writes interfere with reads on
byte-addressable devices. None of the prior systems perform this kind of
intra-application interference-aware scheduling or thread-pool control.
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6.2 Key-Value Separation in Storage

Separating keys from values is a classic idea that has been explored in
multiple contexts across six decades of systems research [84, 124, 109].

TheModifiedKeySort [84], introducedbyHubbard in1963,was thefirst
system to propose key-value separation for sorting. Rather thanmoving
complete records through each phase of external merge sort, it maintained
only key-pointer pairs during sorting and deferred value gathering until
the final sorted order was known. However, the hard drives of that era
imposed severe penalties on random reads: each value retrieval required
amechanical seek costingmilliseconds. To avoid these random reads, the
Modified Key Sort converted them to sequential reads by performing addi-
tional sorting passes over the pointers, e!ectively trading compute for I/O
locality. Thisworkaroundmadekey-value separationviable in 1963but also
limited its appeal. Onmodern byte-addressable storage, where random
read bandwidth approaches sequential read bandwidth, the additional
sortingpasses are unnecessary—randomreads to gather values are e"cient
without conversion.

AlphaSort [124] adopted a related strategy for in-memory sorting: it
maintained only key-pointer pairs during the sorting phase to improve
cache e"ciency. By keeping the working set of the sort small enough to fit
in cache, AlphaSort reduced cachemisses during comparisons. However,
AlphaSort operated in a world of block-addressed disks. Since the storage
devices of its era did not provide byte-addressability, reading a small key
still transferred an entire disk block, and the I/O amplification this caused
did not warrant performing late materialization of values from disk. The
key-pointer approach thus remained a cache optimization rather than an
I/O optimization.

WiscKey [109] applied key-value separation to LSM-tree-based key-
value stores. In an LSM-tree, compaction is the dominant source of write
amplification: sorted runs are repeatedly merged, and eachmerge rewrites
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all keys and values. WiscKey stores values separately in a value log and
keeps only keys and value pointers in the LSM-tree. Because compaction
nowmerges only the smaller key-pointer entries, write amplification drops
substantially. Value retrieval requires a random read to the value log, but
on SSDs this cost is tolerable because SSD random read latency is orders
of magnitude lower than disk seek time. WiscKey demonstrated that key-
value separation becomes broadly practical once the underlying device
supports e"cient random reads.

PMSort [82] examined key-value separation specifically for sorting on
PMEM,with a focus on reducing write tra"c to improve device endurance
throughwear-leveling. PMSort studied only the single-threaded case and
doesnot fullyexploit thepropertiesofbyte-addressablestorage. Weidentify
four specific limitations. First, PMSort does not fully take advantage of the
random-read bandwidth: it loads both keys and values into DRAMduring
the run-generation phase, whereasWiscSort loads only keys and pointers,
keeping values on the device until the final gather phase. Second, PMSort
concludes that QuickSort is the best sorting algorithm for PMEM; however,
this conclusion does not hold at scale because QuickSort is neither aware of
read-write interference (I) nor does it perform thread-pool control (D) to
match the device’s concurrency constraints. Third, PMSort avoids perform-
ing random reads during value gathering and claims that bandwidth is not
the bottleneck, which is not true at scale whenmultiple threads contend for
device bandwidth. Fourth, PMSort’s primary optimization target is wear-
leveling rather thanperformance, and it consequentlydoesnotutilize all the
propertiesof aBASdevice. WiscSort addresses eachof these limitations: it is
a high-performance, multi-threaded sorting system that complies with the
full BRAIDmodel by combiningkey-value separationwith thread-pool con-
trol and interference-aware scheduling to use all device resources optimally.
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6.3 Page-LevelMemoryManagement

Chapter 2 described the functional design of several page-level tiering
systems, includingAutoNUMA[146],TPP[116],Memtis[101], andTMO[152].
Here we focus on how these systems and related page-level optimizations
relate to OBASE’s contributions, rather than repeating their mechanisms.

Tiering systems asbackends. Despite their di!erences indetectionmech-
anisms andmigration policies, all four tiering systems share a fundamental
constraint: they observe and act onmemory at page granularity. AutoN-
UMA [146] and TPP [116] rely on page faults and LRU lists to detect hot
and cold pages. Memtis [101] samplesmemory accesses at cache-line gran-
ularity using hardware performance counters, but it still migrates entire
pages between tiers. TMO reclaims pages through the kernel’s standard
shrink path, using Pressure Stall Information to calibrate reclamation ag-
gressiveness. When applications interleave hot and cold objects within
the same pages, all of these systems face the dilemma described in §2.1.3:
migrating a partially hot page either wastes bandwidthmoving cold bytes
or strands hot bytes on the slow tier. OBASE is designed to enhance these
backends, not replace them. By reorganizing the address space so that
cold pages contain only cold objects, OBASE provides each backendwith a
higher-quality signal, allowing it to make better decisions using its existing
policy without modification. This decoupling allows independent innova-
tion: improvements to OBASE benefit any backend, and improvements to
any backend benefit applications using OBASE.

Hardware-aware page placement. A separate class of systems optimizes
how pages interact with hardware caching and tieringmechanisms, with-
out attempting to understand the objects within those pages. Johnny
Cache [103] manipulates physical page allocation to minimize address
conflicts in the hardware sets of direct-mappedDRAM caches. In systems
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where CXL-attached memory serves as a capacity tier behind a direct-
mapped DRAM cache, page placement determines whether frequently
accessed pages collide in the same cache set, causing unnecessary evictions.
JohnnyCache addresses this problem by controlling the physical addresses
assigned to virtual pages, reducing conflict misses without modifying the
application or the caching hardware. Memstrata [164] solves a related
problem in virtualized environments running Intel Flat Memory Mode,
where hardware transparently tiers cache lines between local DRAMand
CXL-attachedmemory. Memstrata manages host-physical pagemappings
to isolate tenants and optimize per-tenant performancewithin this hard-
ware tiering layer. Both Johnny Cache andMemstrata treat the contents of
each page as opaque: they optimizewhere pages are placed in the physical
address space but have no visibility intowhat those pages contain. OBASE’s
approach is orthogonal. By ensuring that the cache lines within each vir-
tual page are more uniformly hot or cold, OBASEmakes the hardware’s
per-cache-line tiering decisionsmore e!ective. A pagewhose cache lines
are all frequently accessedwill be promoted and retained in fast memory
by the hardware cache; a page whose cache lines are all cold will be evicted
without performance penalty. CombiningOBASEwith Johnny Cache or
Memstrata could yield compounding benefits: OBASE prepares page con-
tents for uniform temperature, and the page-placement systems ensure
those pages land in optimal physical locations.

Page size and tier selection. HawkEye [127] improves huge pageman-
agement by performing fine-grained page-level access tracking to make
better decisions aboutwhen to promote base pages to huge pages andwhen
to split huge pages back. The goal is to improve TLB utilization: huge pages
reduce TLBpressurewhen their contents are uniformly accessed, butwaste
memory when only a small region within a huge page is hot. HawkEye
makes these decisions at page granularity; it does not distinguish between
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hot and cold objects that share a page.
Memtis [101] goes further by dynamically determining both the page

tier and the page size in heterogeneousmemory systems. Using hardware
sampling (Intel PEBS),Memtis detects access skewwithin huge pages: if
only a subset of a huge page’s base-page-sized regions are hot, Memtis can
split the huge page into base pages andmigrate only the hot subpages to the
fast tier, balancing tiering benefits against the increased address-translation
cost of using smaller pages. This approach is more precise than systems
that treat each huge page as an atomic unit, but it still operates at the page
level. If a base page itself contains a mix of hot and cold objects, Memtis
cannot separate them: the entire base pagemust be classified as either hot
or cold, and any hot object on an otherwise cold page forces the page to
remain in fast memory.

OBASE addresses precisely this remaining gap. By organizing objects
so that each page is more likely to be homogeneously hot or cold, OBASE
ensures that whenMemtis examines a base page, that page’s access pattern
accurately reflects its contents. Huge-page splitting becomesmore e!ec-
tive because the subpages thatMemtis migrates to the fast tier are densely
packedwith hot objects, while the subpages it demotes contain only cold
data. Similarly, HawkEye’s decisions about huge-page promotion improve
when the candidate pages have uniform access intensity. In this sense,
OBASE serves as a preparatory layer that improves the precision of any
page-level mechanism, whether it selects pages for migration (TPP, TMO),
manages page sizes (HawkEye,Memtis), or controls physical placement
(Johnny Cache, Memstrata, by ensuring that the per-page signals these
mechanisms observe are faithful representations of the data they contain.
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6.4 Object-LevelMemoryManagement

Several systems manage memory at object granularity rather than page
granularity. We discuss them in two groups: systems that provide object-
level management for far-memory environments, and systems that attempt
to improve placement through allocation-time hints or profiling.

Far-memory systems. AIFM [133] andMIRA [77] both operate at object
granularity but target disaggregated far-memory scenarios over RDMA, a
fundamentally di!erent deployment setting from the local tiered-memory
environment that OBASE addresses.

AIFM replaces OS memory management entirely with a user-space
runtime built on Shenango’s green threads [126], kernel-bypass network-
ing, and custom evacuation mechanisms tightly coupled to its thread
scheduler. This architecture enables AIFM to hide remote access latency
through lightweight context switches (approximately 50 ns) while applica-
tion threadswait fordata toarrive fromremotememory. However, adopting
AIFM requires applications to use its complete runtime stack, including
its threading model, networking stack, and data structure library with
DerefScope lifetime guards that demarcate regions of far-memory access.
AIFM’s evacuator is also functionally di!erent fromOBASE’sObject Collec-
tor: AIFM’s evacuator moves objects to remote memorywhen local memory
is exhausted, whereas OBASE’s Object Collector reorganizes objectswithin
local memory to improve page-level uniformity.

OBASE takes a complementary approach: rather than replacing OS
mechanisms, it acts as a frontend that prepares the address space for un-
modifiedOS backends. This architectural choice reflects a key insight: the
problem in tiered-memory systems is often not the OS’s tiering policy itself,
but the quality of the signal it receives. When pages contain uniformly
hot or cold objects, existingmechanisms such as kswapd, TPP [116], and
Memtis [101]make correct decisions without modification.
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Direct performance comparison betweenAIFMandOBASE is notmean-
ingful because they target di!erent deployment scenarios and solve di!er-
ent problems. AIFM optimizes for the latency of accessing remotememory
once data has already been tiered; OBASE optimizes the decision of what to
tier by eliminating hotness fragmentation. These approaches are orthogo-
nal: AIFM’s localmemory cache couldbenefit fromOBASE’s address-space
engineering to improve its evacuation decisions, as AIFM faces the same
hotness fragmentation problemwhen selecting which local objects to evict.

MIRA[77] focusesonprogram-behavior-guidedprefetching forRDMA-
based far memory, sharing AIFM’s requirement for specialized hardware
interfaces and customruntime support. NeitherAIFMnorMIRAaddresses
the problemOBASE targets: that page-basedmechanisms cannot distin-
guish hot from cold objects when they are interleaved on the same pages
within local memory.

Handle-based indirection. Alaska [151] uses additional indirection to
enable heap compaction in unmanaged languages, reducing RSS through
defragmentation. Alaska’s indirection is inspired by theMacOS Resource
Manager [86],which introducedmovablememoryblocksaccessed through
handles, allowing theOS to compactmemorywithout invalidatingpointers.
Alaska’s handles serve a purpose similar to OBASE’s guides in that both
decouple an object’s logical identity from its physical location. However,
the two systems di!er in whatmotivates relocation and how they decide
which objects to move. Alaska does not track object hotness or organize
memory by access patterns; it addresses physical memory fragmentation—
the accumulation of unusable holes in the heap—rather than the semantic
mismatch between object-level access and page-level management that
OBASE targets. OBASE’s guides serve a di!erent purpose: enabling safe
concurrent migration based on observed access intensity, so that pages
presented to OS tieringmechanisms contain data of uniform temperature.
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Allocation-time placement. A number of systems attempt to improve
memory placement by making decisions at allocation time, using either
programmer-supplied hints or profile-guided information [67, 60, 119, 165,
91]. X-Mem [67] provides a data-tiering framework for heterogeneous
memory where programmers annotate data structures with placement
preferences. ATMem [60] uses o#ine profiling to guide data placement in
graph applications on heterogeneousmemories. TCMalloc [165] supports
hot/cold hints that allow allocation sites to request placement in di!erent
memory regions. Systems like PGHO [91] can apply these hints automat-
ically based on profile data collected through LLVM’smemory profiling
infrastructure, removing the need for manual annotation.

Despite theirdi!erences inhowhints aregenerated—manually, through
o#ine profiling, or through compiler-driven instrumentation—all of these
approaches share a fundamental limitation: theymakeplacementdecisions
only at allocation time. AsChapter 4 demonstrates, object hotness is neither
knowable at allocation nor stable over time. The same allocation site pro-
duces objects with vastly di!erent access patterns: a single SET handler in
a key-value store allocates memory for both session tokens accessed every
millisecond anduser profiles never touched again. Even among objects that
are initially hot, access intensity shifts continuously, with reuse distances
varying bymore than an order of magnitude for the same key. Allocation-
time approaches cannot capture these transitions between hot and cold
states, nor can they distinguish between objects from the same allocation
site that develop di!erent runtime access patterns.

Furthermore, the instrumentation-based profile collection that systems
likePGHOrequire imposesprohibitiveoverhead for always-ondeployment
in productionworkloads, and the resulting placement decisions depend
on the availability of representative workloads for o#ine profiling, which
are often unavailable or unrepresentative of the temporal dynamics that
drive hotness changes. OBASE instead tracks access patterns at runtime,
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enablingmigration based on observed usage rather than static predictions.
As access patterns shift, OBASE continuously reclassifies objects and reor-
ganizes the address space, preventing the gradual re-emergence of hotness
fragmentation that static approaches inevitably su!er.

6.5 Garbage Collection andObject Relocation

Garbage collectors have long exploited object relocation to improvemem-
ory layout, and the techniques they employ provide the closest precedent
for OBASE’smigrationmechanism. We discuss generational and profile-
guided collectors, GC-OS cooperation, and the concurrent relocation pro-
tocols of modern production GCs, drawing out the distinctions in both
mechanism and purpose.

Generational and profile-guided collection. Generational garbage col-
lectors partition the heap by object age, exploiting theweak generational
hypothesis: most objects die young. By clustering recently allocated objects
in a nursery and copying survivors to an older generation, generational
collectors concentrate allocation and reclamation in a small, frequently
scanned region. This organization improves cache locality for young ob-
jects and reduces the frequency of full-heap scans.

Profile-guided approaches go further by using observed access patterns
toguideobject placementduring copying collection. OnlineObjectReorder-
ing [83] groups hot objects together when the collector copies them, so that
frequently accessed objects end up on the same cache lines and pages after
collection. This reordering improves spatial locality for the application’s
working set, reducing cache and TLBmisses.

OBASE’sObject Collector shares the high-level intuition of these profile-
guided approaches (group objects by access intensity) but di!ers in the
classification criterion and the target outcome. Generational collectors
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group by age,which correlateswith but does not directlymeasure access in-
tensity. Profile-guided collectors group by observed access, but their goal is
to improve cache locality for the application. OBASEgroups by access inten-
sity specifically to improve page utilization: the fraction of bytes within each
page that are actually accessed. This distinctionmatters because OBASE’s
goal is not to speed up individual accesses through better cache behavior,
but to ensure that page-level tieringmechanisms see uniformly hot or cold
pages, enabling them to reclaim ormigrate memorywith high confidence.

GC-OS cooperation. The interaction between garbage collectors and the
operating system’s memorymanagement has also been studied. The Book-
marking Collector [81] addresses a specific failuremode that arises when
the OS pages out heapmemory during garbage collection: if the collector
must trace pointers through an evicted page, it triggers a page fault that
stalls collection and defeats the purpose of paging. The Bookmarking Col-
lector avoids this problemby tracking outgoingpointers fromevictedpages
in “bookmarks,” allowing the collector to skip evicted pages during tracing
without losing reachability information.

This work shares OBASE’s concern with the interaction between object-
level and page-level memory management, but approaches it from the
opposite direction. The Bookmarking Collector adapts the GC to copewith
the OS’s paging decisions; OBASE adapts the address space so that the
OS’s paging decisions are more e!ective. In the Bookmarking Collector,
pages are evicted by the OSwithout regard for their object-level contents,
and the GCmust work around the resulting inconsistency. In OBASE, the
address space is organized so that when the OS examines a page, its con-
tents faithfully represent a uniform temperature, and eviction or migration
decisions based on page-level signals are unlikely to strand hot data or
waste bandwidth on cold data.
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Concurrent relocation inproductionGCs. Themost relevant comparison
is with the concurrent relocation protocols of modern production garbage
collectors, particularly ZGC [158] and Shenandoah [70]. Both systems
relocate objects concurrently with application execution, avoiding stop-the-
world pauses for compaction. Their mechanism is the load barrier: every
pointer load is intercepted by a small code sequence that checks whether
the referenced object has been relocated and, if so, redirects the access to
the object’s new location via a forwarding pointer. This design allows re-
location to proceed evenwhile application threads hold stale pointers to
the old location, because any subsequent dereference will be transparently
redirected. RAMCloud’s log-structuredmemory [134] achieves concurrent
relocation in a storage context using a di!erent mechanism: all objects are
accessed through a hash table that serves as a single point of indirection,
and the cleaner atomically updates this entry after copying an object. Old
segments are freed only after all in-flight RPCs complete, using anRCU-like
quiescence check that exploits the natural request boundaries of a storage
API. OBASE’s design generalizes this idea to arbitrary C++data structures,
where no hash table mediates access and no RPC boundary provides a
natural quiescent point; guides and compiler-inserted TAGs fill these roles
respectively.

OBASE cannot use load barriers because C++ has nomanaged runtime
to intercept arbitrary pointer loads. Instead, OBASE adopts a quiescence-
based approach: it tracks howmany threads are actively using each object
through the Active Thread Count (ATC) and only relocates an object when
its ATC reaches zero, indicating that no thread is currently executing an
operation that could dereference a pointer to it. If any thread accesses the
object during the copy phase, the migration is aborted via a CAS failure
on the guide, and the object remains at its original address. Application
threads never block on the collector, and concurrent access safely vetoes
relocation rather than requiring forwarding-pointer resolution.
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This design reflects OBASE’s operating constraints: in C++ systems
code, adding a check to everypointer loadwould imposeunacceptable over-
head and require pervasive code changes, whereas scoping ATC tracking
to public API boundaries (via compiler-inserted TAGs) confines the instru-
mentation towell-defined entry and exit points. The tradeo! is that OBASE
may fail to migrate objects that are continuously accessed, since their ATC
rarely reaches zero. In practice, this is the desired behavior: frequently
accessed objects belong in theHOT heap and should not bemoved. Cold
objects, by definition, have extended periods of inactivity during which
ATC reaches zero, making them amenable tomigration.

The key distinction from garbage collection is purpose. GCs relocate
objects to reclaimmemory (by compacting live objects and freeing the space
occupied by dead ones) or to improve cache locality (by clustering related
objects). OBASE relocates objects to improve page utilization clustering ob-
jects by access temperature so that OS tiering and reclamationmechanisms
see uniformly hot or cold pages. The relocation itself does not freememory;
it reorganizes the address space so that existing page-based backends can
freememorymore e!ectively.

6.6 Epoch-Based Reclamation

OBASE’smigration protocol draws on a family of concurrentmemory recla-
mation techniques that defer resource cleanup until it is safe to do so. We
describe the principal members of this family and explain how OBASE
adapts their coordinationmechanism for a di!erent purpose.

Read-Copy-Update. Read-Copy-Update (RCU) [118] allows readers to
access shared data structures without acquiring locks. Writers create a
modified copy of the data and atomically install it, but defer freeing the
old version until all readers that could have observed it have completed
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their critical sections. The key abstraction is the grace period: a duration
after which no thread can still hold a reference to the old version. RCU
identifies grace period boundaries by observing quiescent states—points
in each thread’s executionwhere it is guaranteed not to hold references to
RCU-protected data (e.g., context switches in the Linux kernel, or explicit
quiescent-state reports in user-space RCU implementations).

Epoch-based reclamation. Epoch-based reclamation [71, 56] generalizes
the grace-period concept. The systemmaintains a global epoch counter.
When a thread begins an operation that accesses shared data, it records
the current epoch; when it completes, it clears its registration. Resources
retired during epoch e can be reclaimed once every active thread has ad-
vanced past e, because no thread that observed the old version can still be
executing. Fraser [71] used this mechanism in lock-free data structures
to safely reclaim nodes removed by concurrent operations. FASTER [56]
employed a similar epoch framework to coordinate state transitions in a
concurrent key-value store, using epochs to determine when log pages can
be safely truncated andwhen thread-local operations can be committed.

OBASE’s adaptation. OBASE adapts epoch-based coordination for a dif-
ferent purpose: rather than deferring memory reclamation until a grace
period completes, OBASE uses epoch transitions to activate and deactivate
per-object Active Thread Count (ATC) tracking. Outsidemigration epochs,
guide dereferences record only access activity (an accessed bit is set via an
atomic read-modify-write)with noATCoverhead. When theObject Collec-
tor initiates amigrationwindow, it increments the global epoch counter and
enters a PREPARE state. Threads entering public data-structure operations
record the new epoch in a Thread Activity Index (TAI); threads exiting
clear their slots. Once every active slot in the TAI reflects the new epoch,
the Object Collector knows that all threads have enabledATC tracking, and
it transitions to the ACTIVE state, duringwhich objects with ATC=0 can
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bemigrated. After migration completes, the system returns to INACTIVE,
andATC tracking is disabled until the next migrationwindow.

This design confines the synchronization cost of ATC tracking to brief,
infrequent windows rather than imposing it on every pointer dereference
throughout execution. The epoch mechanism provides the same safety
guaranteeas in classical epoch-based reclamation, no threadcanbe ina state
inconsistent with the current protocol phase, but the protected resource is
not a retiredmemory block awaiting deallocation. Instead, the protected
invariant is that all threads are aware of the migration window and are
correctly maintaining ATC for the objects they touch.

The relationship between OBASE’s epoch protocol and classical epoch-
based reclamation is thus one of mechanism reuse rather than direct ap-
plication. In RCU and Fraser’s scheme, epochs gate when memory can
be freed. In FASTER, epochs gate when state transitions can be commit-
ted. In OBASE, epochs gate when objects can bemoved. The underlying
coordination pattern of announcing participation, observing global conver-
gence, and performing the deferred action is the same in all cases. OBASE’s
contribution is not a new reclamation scheme but a novel application of
epoch-basedcoordination to safeobjectmigration inunmanaged languages,
where load barriers are unavailable and stop-the-world pauses are unac-
ceptable for production systems.
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Chapter 7

Conclusion and FutureWork

In this closing chapter, we summarize the contributions of the dissertation
(§7.1), discuss directions for future work (§7.2), reflect on lessons learned
during the research (§7.3), and conclude (§7.4).

7.1 Summary

This dissertation comprises three interwoven parts that together advance
the state of the art in data organization for modern memory hierarchies.
The unifying observation is that the page, while a convenient unit of trans-
lation and protection, is a poor unit of data placement. Applications access
data at object and field granularity, yet operating systems and allocators
arrange data without regard for how it will be accessed. The resulting
mismatchwastes bandwidth on byte-addressable storage and traps cold
data in expensivememory tiers. We address this mismatch along two axes:
when application semantics reveal access structure at design time, layout
can be engineered statically; when access patterns depend on workload
behavior and change over time, layout must be inferred from observation
and adjusted dynamically. We summarize each part below.
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7.1.1 The BRAIDModel andWiscSort

Byte-addressable storage devices such as Intel Optane PMEM and CXL-
attachedmemory exhibit properties that di!er fundamentally from both
DRAM and block storage. We identified five such properties and orga-
nized them into the BRAIDmodel: Byte addressability, high Random read
performance, Asymmetric read-write costs, read-write Interference, and
device-constrained concurrency (D). Together, these properties invalidate
the assumptions underlying conventional storage algorithms. Sequential
access no longer amortizes seek costs, because there are no seeks. Bundling
keyswith values no longer avoids random-access penalties, because ran-
dom reads are nearly as fast as sequential reads. Overlapping reads and
writes no longer improves throughput, because concurrent writes degrade
read bandwidth.

We applied the BRAIDmodel to external sorting, a fundamental oper-
ation in databases and data-intensive systems. The key observation is that
sorting compares keys but does not examine values until the final output
phase. On block-addressed devices, exploiting this observation is imprac-
tical: gathering values via random reads at the endwould incur prohibitive
seek costs. On byte-addressable storage, the calculus changes. Random
reads of individual values are inexpensive, while writing unnecessary data
through intermediate phases wastes the scarce write bandwidth.

WiscSort separateskeys fromvalues,maintainingonlykey-pointerpairs
during sorting and deferring value retrieval until sorted order is known.
This late materialization reduces write tra"c in proportion to the ratio of
value size tokey size. WiscSort further incorporates a thread-pool controller
that sizes read andwrite pools according to device characteristics, and an
interference-aware scheduler that avoids overlapping reads andwrites on
the same device.

WeevaluatedWiscSortonrealOptanePMEMhardwareacrossa rangeof
workloads. WiscSort achieves a 2–3→ speedup over a competitive external
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merge sort for the standard sort benchmarkworkload, and the performance
gapwidens as value sizes increase relative to key sizes. We also projected
WiscSort’s behavior on future BRAID devices through CXL emulation, con-
firming that the design principles hold across a range of device parameters.

7.1.2 Hotness Fragmentation in Practice

When application semantics do not reveal access structure at design time,
static layout is insu"cient. Key-value stores, caches, and databases serve
workloads where access patterns depend on user behavior, application
logic, and temporal dynamics that cannot be known in advance. For these
applications, we turned to the question of how existing systemsmanage
data placement andwhat costs arise from their current approach.

Modernmemory allocators place objects based on size class and allo-
cation order, with no consideration for how those objects will be accessed.
The operating system, in turn, managesmemory at page granularity using
coarse access bits that cannot distinguish a fewhot bytes froman entire cold
page. We introduced page utilization as ametric to quantify the resulting
fragmentation: the fraction of bytes within touched pages that are actually
accessed during ameasurement window.

Across open-source key-value stores and six Google productionwork-
loads, we found that page utilization is consistently low. In Redis, 75% of
accessed pages utilize 3% or fewer of their bytes. Across the Google work-
loads, median utilization ranges from 8% to 50%, even at 4KiB granularity.
The consequences are threefold. First, colddata becomes trapped alongside
hot neighbors, preventing theOS fromreclaimingpages that containmostly
unused bytes; across the Google workloads, 55–98% of touched-page ca-
pacity holds cold data that cannot be reclaimed. Second, the inflated page
working set increases TLBpressure,with scattered placement causing up to
23→more TLBmisses than clustered placement for the same number of hot
objects. Third, the resultingmemory overprovisioning translates directly
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to higher infrastructure costs.
We further analyzed production traces fromMeta and Twitter to exam-

ine the temporal stability of object hotness. The traces reveal that hotness
is neither predictable at allocation time nor stable over the lifetime of an
object. The sameallocation site produces objectswith vastlydi!erent access
lifetimes, and individual objects alternate betweenhot and coldphaseswith
wide variation in reuse distance. These findings establish that allocation-
time placement decisions, nomatter how sophisticated, cannot solve the
fragmentation problem. Dynamic reorganization is necessary.

7.1.3 Object-Based Address-Space Engineering

To address hotness fragmentation in workloads with unpredictable and
shifting access patterns, we introduced address-space engineering: reorga-
nizing the virtual address space so that objects with similar access intensity
reside together. By clustering hot objects onto hot pages and cold objects
onto cold pages, page-based tiering and reclamationmechanisms can op-
erate e!ectively without understanding object boundaries or application
semantics.

We developed OBASE as a realization of this idea for C++ applications,
where object addresses are assumed to be stable and nomanaged runtime
exists to intercept pointer loads. OBASE is structured as a frontend that
makes object placement decisions, decoupled from any page-level backend
that makes tier placement decisions. This separation allows each layer
to improve independently: a better frontend benefits any backend, and a
better backend benefits any frontend.

OBASE introduces three ideas to make dynamic reorganization prac-
tical in unmanaged languages. First, a guide abstraction interposes a level
of indirection on pointer dereferences, enabling objects to be relocated
transparently. Second, a lightweight access trackingmechanism records
which objects are accessed during each observationwindowwithout the
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overhead of full software instrumentation. Third, a lock-free migration
protocol relocates objects between hot and cold heaps without pausing
application threads, using optimistic concurrency control to handle races
betweenmigration and concurrent access.

A set of compiler passes automates the conversion of raw pointers to
guides and the insertion of tracking instrumentation, confining the devel-
oper’s role tomarkingwhich pointer types should bemanaged.

We evaluated OBASE on ten concurrent data structures spanning lock-
free,fine-grained, andcoarse-grainedsynchronizationmechanisms. OBASE
improves page utilization by 2–4→ across YCSB workloads and reduces
resident set size by 65–72%when the OS reclaims cold pages. When paired
with existing tiering backends (AutoNUMA, TPP,Memtis, TMO), OBASE
enables each backend to reach near-optimal memory savings withminimal
throughput loss, even in configurations where the backend alone cannot
distinguish hot pages from cold ones. Replay of production traces from
Meta and Twitter confirms that OBASE adapts to shifting access patterns
over multi-hour runs, maintaining high page utilization as the working set
evolves. Throughout, OBASE imposesmodest overhead: throughput de-
creases by 2.5%on average,with noupward trend as thread counts increase.

7.2 FutureWork

We recognize thatWiscSort, OBASE, and the broader principles developed
in this dissertation all have potential for further extension. We discuss six
directions that build on the contributions presented here.

7.2.1 Sorting Across Heterogeneous Storage

WiscSort is currentlydesigned for datasets that fitwithin a single BRAIDde-
vice. If the dataset exceeds the device capacity andmust spill to secondary
storage such as SSDs orHDDs, newdesign questions arise. The challenge is
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not simply to use the secondary device as overflow, but to use both devices
simultaneously in amanner that respects the distinct properties of each. A
BRAID device o!ers fast random reads and penalizes writes; an SSD o!ers
higher capacity and tolerates writes more readily but penalizes random
access at small granularities. Ane!ectivedesignwouldpartition the sorting
workflowacrossdevices according to their strengths: for example, retaining
the IndexMap and frequently accessed key-pointer pairs on the BRAID
device while placing intermediate run files or archived values on the SSD.

This heterogeneous setting also introduces scheduling complexity. The
interference and concurrency constraints thatWiscSortmanages for a single
device now extend across devices with di!erent characteristics. A thread-
pool controllermust account for the distinct scaling behavior of each device,
andan interference-aware schedulermust coordinate access patterns across
storage tiers rather thanwithin a single one. Exploring these tradeo!s for
sorting, and for data-intensive operationsmore broadly, is a natural next
step.

7.2.2 Compression of Intermediate Representations

WiscSort’s IndexMap files contain key-pointer pairs that are written to the
BRAID device during the run generation phase. Compressing these files
before writing them would reduce write tra"c, directly addressing the
asymmetric read-write cost property. However, compression introduces a
tradeo!: the reducedwrite costmust beweighed against the increased read
cost of decompression during the merge phase, as well as the additional
CPU load imposed by both operations.

Whether compression is worthwhile depends on the specific device
parameters and the compressibility of the key space. Highly sequential or
repetitive keydistributionswould compresswell, yielding substantialwrite
savings at modest decompression cost. Random or high-entropy key distri-
butionswould compress poorly, addingCPUoverheadwithoutmeaningful
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I/O reduction. A practical approachwould adapt compression decisions to
the observed key distribution, applying compression selectively when the
expectedwrite savings exceed the decompression penalty. This direction
is orthogonal toWiscSort’s core design and could be incorporatedwithout
altering the sorting algorithm itself.

7.2.3 BRAID-AwareOperations Beyond Sorting

WiscSort demonstrates the benefits of redesigning a single operation for
byte-addressable storage. However, a database comprisesmany fundamen-
tal operations, each with its own access patterns and I/O characteristics.
Operations such as JOIN, GROUP BY, MERGE, and FILTER all move data be-
tween storage andmemory, and all were designed under assumptions that
BRAID devices invalidate.

The IndexMap structure thatWiscSort produces during sorting opens a
path toward broader changes. Because the IndexMap separates keys from
values and records the location of each value in the original file, it e!ectively
converts a row-oriented layout to a column-oriented one on the fly. This
conversion enables late materialization for operations beyond sorting. For
instance, a range query over sorted keys can retrieve only the keys that
satisfy the predicate and defer value retrieval until the result set is known.
Similarly, a join between two relations can proceed over their respective
IndexMap files without moving the associated values, fetching values only
for the records that survive the join condition.

These observations suggest that the row-to-column conversion need not
be performed in advance and stored redundantly, as currentHTAP systems
require. Instead, the byte-addressability and random read performance
of BRAID devices make it practical to maintain a single copy of data in
row-oriented format and derive columnar views dynamically as queries
demand. This would avoid the capacity overhead and synchronization
complexity of maintaining dual formats, a well-known source of di"culty
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in existing HTAP designs. Exploring how far this principle extends across
the space of database operations is a substantial direction for future work.

7.2.4 Address-Space Engineering Beyond Tiering

This dissertation presented address-space engineering in the context of
memory tiering, where the goal is to separate hot objects from cold ones
so that page-level backends can place them on appropriate tiers. The same
principle of reorganizing the address space by observed access intensity
applies to several adjacent problems.

Garbage collectors in managed runtimes alreadymove objects between
generations based on age. Address-space engineering o!ers a complemen-
tary signal: rather than relying solely on the generational hypothesis that
young objects die quickly, a collector could use observed access intensity
to inform promotion and tenuring decisions. Objects that are old but cold
could be separated from objects that are old and hot, enabling the collector
to prioritize compaction of cold regions and avoid disturbing hot regions
that would incur cache and TLB disruption. The guide abstraction devel-
oped for OBASE is unnecessary inmanaged languages, where the runtime
already controls pointer dereferencing, but the classification policy and the
feedback-driven cold threshold controller transfer directly.

Beyond tiering and collection, address-space engineering can inform
NUMAplacement decisions. Onmulti-socket systems, the OSmust decide
whichNUMAnode should host each page. Current mechanisms such as
AutoNUMArelyonpage-level fault sampling todetectwhichnodeaccesses
apagemost frequently, but they cannotdistinguishpages that areuniformly
hot from pages that contain amix of hot objects accessed by one node and
cold objects that happen to share the same page. If the frontend has already
separated hot and cold objects, NUMAplacement decisions becomemore
precise: hot pages can be placed close to the node that accesses them, and
cold pages can be placed on any nodewithout performance concern.
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A related application ismemory isolation inmulti-tenant environments.
Whenmultiple tenants share amachine, the operating systemmust ensure
thatone tenant’smemorypressuredoesnotdegradeanother’sperformance.
If each tenant’s address space is organized so that hot and cold regions are
clearly delineated, the OS can enforce memory limits by reclaiming cold
regions first, reducing the likelihood of evicting a hot page belonging to one
tenant to satisfy another’s allocation. These extensions share a common
structure: the frontend organizes the address space, anddi!erent backends
exploit that organization for di!erent purposes.

7.2.5 Direct Object Tiering AcrossMemoryHierarchies

In OBASE’s current design, the frontend organizes the virtual address
space and the backend decides where physical pages reside. The frontend
has no knowledge of which tier a page occupies, and the backend has no
knowledge of which objects a page contains. This separation is a deliberate
design choice that enables compatibility with existing OS infrastructure.
However, it alsomeans that placement decisions pass through two layers of
indirection, each operating at a di!erent granularity andwith incomplete
information.

Analternativedesignwould collapse these layers, allowing the frontend
to place objects directly on specific memory tiers. If the system includes
DRAM, CXL-attachedmemory, and a BRAID device, the frontend could
allocate hot objects in DRAM,warm objects on CXLmemory, and cold ob-
jects on the BRAID device, bypassing the page-level backend entirely. The
guide abstraction already provides the indirection needed to relocate ob-
jects transparently; extending it to manage cross-tier placement is a natural
progression.

This direct approach introduces new constraints. Placement decisions
on a BRAID devicemust respect the same properties that informedWisc-
Sort’s design: writes should be minimized, reads and writes should not
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be overlapped carelessly, and the concurrency characteristics of the device
must be considered. An object that migrates fromDRAM to a BRAID tier
incurs awrite; if that object is later accessed andmustmigrate back, it incurs
botha read fromtheBRAIDdevice andawrite toDRAM.Themigrationpol-
icymust therefore account for the asymmetric costs and interferenceproper-
ties of each tier, notmerely the access frequencyof theobject. Inotherwords,
object tiering on heterogeneousmemorymust itself be BRAID-compliant.

The potential benefit is precision. Page-level backends must classify
entire pages as hot or cold, and a single hot object can pin an otherwise
cold page in fast memory. Direct object tiering eliminates this granularity
mismatch entirely: each object is placed according to its own access pattern
and the properties of the target tier. The cost is complexity. The frontend
must now understand the characteristics of each tier, maintain per-tier al-
location pools, andmakemigration decisions that balance access latency,
write endurance, and interference. Whether this added complexity yields
su"cient benefit over the two-layer approach, and under what workload
and hardware conditions, remains an open question.

7.2.6 Address-Space Engineering for Vector Search Indices

Large languagemodels (LLMs) havemade vector search a critical piece of
production infrastructure. Retrieval-augmented generationpipelines [104]
queryavector store at every inference step, fetching thenearest embeddings
to a prompt so that themodel can ground its output in external knowledge
rather than relying solely on its parameters. As models are deployed at
scale, the associated embedding collections grow to billions of vectors: en-
terprise document corpora, web-scale knowledge bases, andmultimodal
indexes all produce datasets whoseworking sets exceedDRAM capacity
on a singlemachine [149, 75]. The natural response is to spread the index
across heterogeneous memory tiers, placing some data in DRAM, some
in CXL-attachedmemory, and some on SSD. How data is assigned to tiers
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has a direct e!ect on query latency and throughput, yet the assignment
strategies used by current systems are almost entirely static.

Two families of approximate nearest neighbor (ANN) indices dominate
the literature. Graph-based indices build a proximity graph over the em-
bedding space and answer a query by greedy traversal from an entry point.
DiskANN [139] stores a Vamana graph and full-precision vectors on SSD
while cachingproduct-quantized vectors inDRAM, achieving high recall at
billion scale on a single node. HM-ANN [132] extends HNSW [111] to het-
erogeneousmemory byplacing the upper layers of the hierarchical graph in
DRAM and the large bottom layer in persistent memory. CXL-ANNS [89]
places the graph in CXL-attachedmemory and caches nodes that lie within
afixedhopradiusof the entrypoint in localDRAM.Starling [150] co-locates
graph neighbors within the same disk blocks to reduce I/O amplification
on SSD. FreshDiskANN [137] supports streaming inserts through amerge-
based two-tier design, and FusionANNS [143] introduces CPU/GPU col-
laborative filtering across GPUHBM,mainmemory, and SSD. In every one
of these systems, the decision of which data resides onwhich tier is deter-
mined by a structural property of the index: layer membership in HNSW,
hop distance from the entry point in Vamana, or block adjacency on disk.
The actual access frequency imposed by the queryworkload plays no role.

Partition-based indices take a di!erent approach. They cluster the em-
beddings, store cluster centroids inmemory for coarse-grained navigation,
and keep posting lists of full vectors on slower storage. SPANN [58] estab-
lished this template at billion scale, and ScaNN [76] introduced anisotropic
vector quantization to improve compressed distance estimates within each
partition. SPFresh [157] solved the update problem for partition indices
through lightweight incremental rebalancing that splits andmerges clus-
ters as the data distribution shifts, without requiring a global index rebuild.
More recently, a line of work has begun to incorporate workload awareness
at the partition level. Quake [121] maintains a cost model that includes
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the observed access frequency of each partition and dynamically splits
partitions that receive disproportionate query tra"c while merging those
that receive little. Under skewedworkloads, this yields substantial latency
reductions compared to HNSW, DiskANN, and ScaNN. Ada-IVF [120]
prioritizes maintenance of frequently read partitions and observes that the
largemajority of index updates a!ect partitions that are never touched by
search. CrackIVF [110] takes the idea further by building the indexprogres-
sively as queries arrive, so that regions of the embedding space with heavy
query tra"c receive finer-grained partitioning while untouched regions
remain coarse. These systems represent meaningful progress, but their
adaptationmechanism is to restructure the index itself: Quake splits and
merges clusters, and CrackIVF refines partition boundaries. The granular-
ity of adaptation is the partition, which typically numbers in the hundreds
or low thousands, not the individual embedding.

The approach suggestedbyOBASEdi!ers in a fundamentalway. Rather
than restructuring the index, OBASEwould reorganize the address space
in which the embeddings reside while leaving the index structure entirely
intact. The graph edges of anHNSWor Vamana index, the cluster assign-
ments of an IVF index, and the quantization codebooks used for distance
estimation would all remain unchanged. What changes is the physical
grouping of embeddings in the virtual address space. Embeddings that are
frequently accessed by queries are relocated so that they share pages with
other frequently accessed embeddings, and embeddings that are rarely or
never accessed are allowed to coalesce on pages occupied by other cold
embeddings. The page-level backend then places hot pages on DRAM,
warm pages on CXL-attachedmemory, and cold pages on SSD or a BRAID
device, with eachmigration decision respecting the cost and interference
properties of the target tier. Because the index structure is not modified,
this reorganization is invisible to the search algorithm: a graph traversal
or a posting list scan proceeds exactly as before, but thememory accesses
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it generates now hit faster storage for the vectors that matter most.
This separation between the index and the placement of the data it refer-

ences iswhat distinguishes theOBASEapproach fromall prior vector-index
tieringwork. HM-ANNdecides placement based onwhichHNSW layer
a node belongs to. CXL-ANNS decides placement based on hop distance
from the entry point. Quake restructures the index so that hot partitions
become smaller andmore numerous, which improves query performance
but conflates the indexing concernwith the placement concern. Coleman
et al. [62] profile edge traversal frequencies across queries and reorder
the graph layout for cache locality, but the reordering is a one-time o#ine
transformation that cannot adapt to a changing query distribution. None
of these systems cleanly separates the question of how the index organizes
search from the question of where the underlying embeddings physically
reside in thememory hierarchy.

Applying the OBASE frontend to vector indices requires integrating
the guide abstractionwith the index’s pointer representation. In a graph
index, each node stores a neighbor list of node identifiers that are used to
look up embedding vectors. The guide would interpose on this lookup,
redirecting the identifier to the embedding’s current location in the ad-
dress space after a relocation. In an IVF index, each centroid’s posting list
contains vector identifiers; the same indirection applies. The cost of this
indirection is a pointer dereference per access, which is small relative to the
distance computation that follows. The classification policy itself can reuse
the approximate countingand feedback-driven cold-thresholdmechanisms
developed for heap objects in OBASE, since the underlying problem is the
same: given a large population of objects with heterogeneous access rates,
identify the hot fractionwith low overhead.

The empirical motivation for this approach is strong. Query distribu-
tions over embedding spaces are skewed in practice: certain topics, entities,
or document clusters are queried far more frequently than others, creating
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regions of the embedding space that are accessed by a disproportionate
share of searches. Quake’s measurements confirm that under realistic
workloads themajority of partitions receive negligible query tra"c [121].
Coleman et al. [62] find su"cient skew in per-edge traversal frequencies
within graph indices to justify layout reordering. Recent analysis of HNSW
structure shows that a small set of hub nodes is traversed by a large fraction
of queries, functioning as highways through the graph [122]. Measure-
ments of SSD-based HNSW indices report that the bottom layer, which
contains the vast majority of nodes, achieves only a 59% bu!er cache hit
ratio even when half the data is cached, while upper layers achieve near-
perfect hit rates [136]. These observations all point to the same conclusion:
within the large bottom layer or within the posting lists of an IVF index,
access intensity varies by orders of magnitude, and the current practice
of treating all nodes or all vectors at the same tier uniformly wastes fast
memory on cold data while stranding hot data on slow storage.

7.3 Lessons Learned

Throughout this research on data organization for modernmemory hierar-
chies, we have gathered lessons that may be applicable beyond the specific
systemspresentedhere. We share them in thehope that theyproveuseful to
othersworkingat the intersectionof storage,memory, andsystems software.

7.3.1 Model the Device Before Redesigning the Algorithm

Whenwe began studying sorting on byte-addressable storage, the natural
starting points were to treat the device as either slower DRAM or faster
SSD and to apply existing algorithms accordingly. Both approaches per-
formed poorly, but the reasons were not immediately obvious. Progress
came only after we stepped back and characterized the device properties
systematically. The BRAIDmodel was the result: a simple enumeration of
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five properties that, taken together, distinguish byte-addressable storage
from its predecessors. Once these propertiesweremade explicit, the design
ofWiscSort followed almost directly from checkingwhich properties each
design choice respected or violated. The lesson is that when hardware
changes in ways that invalidate existing assumptions, the most produc-
tive first step is not to modify the algorithm but to model the device. A
clear model constrains the design space andmakes it possible to evaluate
alternatives against a common set of criteria. Model, Then Build.

7.3.2 Moving Less Data OutweighsMovingData Faster

Arecurring theme in bothWiscSort andOBASE is that reducing the amount
of datamovedmattersmore than increasing the rate atwhichdata ismoved.
WiscSort achieves lower read bandwidth utilization than external merge
sort on the samedevice, yet it finishes in less timebecause it reads andwrites
fewer total bytes. Similarly, OBASE does notmake pagemigration faster;
it ensures that backendsmigrate the right pages by presenting themwith
regions that are uniformly hot or cold. In both cases, the performance gains
come not from doing the same work more e"ciently, but from avoiding
unnecessarywork entirely. This principle is not new, but it is easy to lose
sight of when optimizing for device throughput. Bandwidth is a finite
resource on every storage andmemory device, and themost e!ective way
to conserve it is to avoid spending it on data that does not need tomove.

7.3.3 Measure the Problem at the Right Granularity

The case for OBASE rested on demonstrating that hotness fragmentation
is both severe and unavoidable under static placement. Establishing this re-
quiredmeasuringaccessbehavioratagranularityfiner than thepage,which
is the level atwhich operating systems observe and act. The page utilization
metric we introduced captures the fraction of bytes within touched pages
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that are actually accessed, bridging the gap between the OS view and the
application view. Without this metric, the fragmentation problemwould
have remained anecdotal rather than quantifiable. Similarly, analyzing pro-
duction traces fromGoogle, Meta, and Twitter revealed temporal patterns
that synthetic benchmarksdonot reproduce: object hotness shifts over time,
the same allocation site produces objects with di!erent lifetimes, and reuse
distances vary widely for individual keys. These measurements shaped
OBASE’sdesign, inparticular the feedback-driven cold threshold controller,
which exists precisely because hotness is not static. The general lesson is
that the right metric and the right workload can reveal problems that are
otherwise invisible, embodying the principle "Measure, Then Build" [39].

7.3.4 Decompose Along Information Boundaries

OBASE is structured as a frontend that understands objects and a backend
that understands pages. The frontend knows which objects are hot and
cold but does not knowwhich physical tier a page occupies. The backend
knowswhich pages to promote or demote but does not knowwhat those
pages contain. This decomposition is not merely an implementation conve-
nience; it reflects a genuine information boundary. The frontend has access
to application-level semantics that the OS cannot see, and the backend
has access to hardware state that the application cannot see. Respecting
this boundary allowed each layer to be designed, tested, and improved
independently. The same principle applies in WiscSort, where the sort-
ing algorithm is separated from the device-specific scheduling logic. The
sorting phase determines the order of keys without concerning itself with
thread-pool sizing or interference avoidance, and the I/O scheduling phase
manages device access without concerning itself with sort order. In both
systems, the decomposition improved not onlymodularity but also clarity
of design: each component’s responsibilities are defined by the information
available to it. The principle of building layered services that combine ap-
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plication knowledgewith OS algorithmic knowledge, without modifying
the OS itself, was formalized in the context of gray-box systems [37] and
is exemplified byOBASE’s design.

7.3.5 Di!erent Approaches ServeDi!erent Regimes

This dissertation beganwith a static approach (WiscSort) and endedwith
a dynamic one (OBASE). A natural question is whether one subsumes the
other. Ourexperience suggests that it doesnot. Whenapplication semantics
clearly identify which data will be hot andwhichwill be cold, as in sorting
where keys are compared and values are not, static layout is simpler, more
predictable, and incurs no runtime overhead. Attempting to discover this
structure dynamically through observationwould add complexitywithout
benefit. Conversely, when access patterns depend onworkload behavior
and shift over time, as in key-value stores under production tra"c, static
layout at design time is impossible because the necessary information does
not yet exist. The two approaches are complementary rather than com-
peting, and the choice between them is determined by the nature of the
application’s access structure. Recognizingwhich regime a given system
falls into is itself a useful design heuristic.

7.4 Closing Remarks

The page abstraction succeeded for decades not because it was the right
granularity for data placement, but because the cost of getting placement
wrongwas hidden. When all ofmainmemorywasDRAMandall of storage
was disk, a misplaced pagemeant a fewwasted cache lines in the common
case and a catastrophic disk seek in the worst case. Systems avoided the
worst case through generous DRAMprovisioning, and the common case
was cheap enough to ignore. The emergence of byte-addressable storage
and tieredmemory changes this arithmetic. Every unnecessary byte read
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from a BRAID device wastes scarce write bandwidth that will not be re-
plenished by faster hardware. Every cold object trapped on a hot page in
DRAMoccupies capacity that could serve a useful purpose on a cheaper
tier. The costs are no longer hidden; they are continuous and cumulative.

This dissertation has argued that closing the gap between how appli-
cations access data and how systems place it requires layout-aware orga-
nization at a granularity finer than the page. We developed techniques
for both ends of the spectrum: static layout when application semantics
reveal access structure, and dynamic layout when access patternsmust be
discovered through observation. Neither approach alone is su"cient for all
workloads, but together they cover a broad range of practical systems. As
memory hierarchies grow deeper and the devices within them growmore
diverse, the question of where data resides will only becomemore conse-
quential. We hope that themodels, mechanisms, and principles presented
here provide a useful foundation for that work.
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Chapter 8

Warehouses Inside Your Computer

In this chapter, I present my research in a form geared towards a general
public audience. I hope to make the results of our work more accessible.
Access to knowledge is a powerful tool in developing an engaged and com-
passionate society, andwe are proud to contribute in our own small way.
Many thanks to theWisconsin Initiative for Science Literacy (WISL), for
providing this opportunity to communicatemywork to a broader audience.

8.1 TheWarehouse Problem

One number changed how I thought about computers. While analyzing
data fromGoogle’s servers, I discovered that for every dollar spent on fast
memory, as little as four cents was going toward data anyone actually used.
The other ninety-six cents paid for deadweight: data sitting in expensive
storage that no program had touched in hours, days, sometimes ever. I had
expected somewaste. I had not expected that kind of waste.

To understand how this happens, think about a warehouse. You tap
“buy”onyourphone, andapackageshowsupthenextday. Thatspeedispos-
sible because thewarehouse stored products in the right places. Bestselling
items sit on shelves right next to the shipping dock, ready to be grabbed and
loaded onto a truck in seconds. Rarely ordered items live in back storage,
where shelf space is cheaper and nobodyminds the longer walk.
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Figure 8.1: Thewarehouse problem. Your computer’s memoryworks like
a chain of warehouses, from a premium facility next to the shipping dock
(fast, expensive, limited) to back storage and o!site warehouses (slower,
cheaper, larger). The operating systemmoves data between them in fixed-
size bins called pages. The magnified bin in the lower left shows the core
problem: because themanager can onlymovewhole bins, a single popular
product (red) traps an entire bin full of unpopular products (blue) in
premiumspace,wasting expensive shelf real estate ondata nobody is using.

This simple principle, put popular things where they are easy to reach,
seems obvious. But what happenswhen thewarehouse is disorganized?
Imagine that products are shelved based onwhen they arrived, not how often
they are ordered. A best-selling phone case ends up in the same bin as a
novelty item nobodywants. Thewarehousemanager can onlymove entire
bins, never individual products inside them. So a single popular product
traps its entire bin in premium space near the dock, wasting expensive shelf
real estate onproducts nobody is ordering. Meanwhile, popular items stuck
in back-storage bins take ages to retrieve (Figure 8.1).

This is exactly the problem your computer’s memory faces. Modern
computers do not have just one kind of memory. They have a hierarchy,
ranging fromsmall, fast, andexpensivememoryat the top to large, slow, and
cheapmemory at the bottom. The operating system, whichmanages all of
this memory, works like the warehousemanager: it canmove data around,
but only in fixed-size chunks called pages. It cannot reach inside a page to
move one piece of data without moving everything else on that page. The
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premiumshelves correspond toyour computer’s fastmemory(a technology
called DRAM), and back storage corresponds to slower, cheapermemory
technologies. Eachbin is amemorypage, andeachproduct is apiece ofdata.

These di!erent kinds of memory do not merely di!er in speed. They
di!er in character. Some can hand you a single byte; others insist on giving
you awhole blockwhether youwant it or not. Some read quickly, but write
data slowly. Someslowdownwhenreadingandwritinghappenat the same
time. Anapproachthatworksbeautifullyononekindofstoragecanperform
terribly on another, theway a shelving strategydesigned for awalk-in closet
falls apart in a three-storywarehouse. Any serious attempt to organize data
must account for the specific properties of the hardware it lives on.

When popular data, data your programs touch all the time, gets mixed
with unpopular data on the same pages, the result is waste on a staggering
scale. This is the problem Imentioned at the start. Across real workloads
at companies like Google andMeta, I found that for every 100megabytes
of memory the operating system considers “active,” up to 96 megabytes
is actually cold data that nobody is using. It sits trapped in expensive fast
memory by a fewhot neighbors, just like that novelty gift trapping itswhole
bin next to the shipping dock.

My dissertation asks a simple question: can we reorganize how data

is laid out in memory so that the operating system’s fixed-size view of the

world actuallyworkswell? The answer, it turns out, is yes. But the right ap-
proachdepends onwhat youknowabout thedata or how itwill be accessed.

Sometimes you know in advance which data will be popular andwhich
will not. A sorting algorithm, for instance, compares small labels (called
keys) over and over again but only touches the full records (called values)
at the very end. In that case, you can plan ahead: keep the labels close at
hand and leave the bulky records in cheap storage until you need them. But
planning ahead alsomeans understanding the hardware you are planning
for. A new kind of computer storage arrived in recent years with a set of
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properties no previous device had combined: it could read tiny amounts
of data from random locations almost as fast as reading sequentially, but
writeswere far slower than reads, and reading andwriting at the same time
caused both to degrade. I builtWiscSort [45], a sorting system designed
around these specific properties. It separates the lightweight labels from
the bulky products and sorts only the labels. Then it exploits the fast ran-
dom reads of modern storage to fetch the products at the very end. It also
carefully schedules reads andwrites so they stay out of each other’s way.
The result is two to three times faster than the best prior approaches.

Other times, you have no idea what will be popular. A social media
platform cannot predict which posts will go viral. A database does not
know which records a user will search for next. In these cases, the only
option is to watch and reorganize: monitor which data is being accessed,
and periodicallymove popular data to fast memory and unpopular data
to slowmemory. Think of a warehouse crew that tracks which products
are selling and re-sorts the shelves every night.

In a physical warehouse, this reorganization is straightforward. You
pick up a box, carry it to a new shelf, and set it down. If a coworker asks
where the boxwent, you tell them. In a computer, the situation is fundamen-
tally harder. Dozens of programsmay be reading a piece of data at the same
instant, and each of them holds an address, a note that says "this data lives
at location 7042." If youmove the data to location 2058while a program is
in themiddle of reading location 7042, that program gets nonsense. If you
freeze every programwhile youmove the data, you destroy performance.
The reorganization must happen while the warehouse is open and busy,
without anyone ever following an address to the wrong place. I built a
system calledOBASE [46, 47] that solves this problem. It observes which
data is hot and reorganizes the layout continuously. At the old address
of everymoved object, it installs a forwarding label, so any program still
holding the old address is silently redirected to the new one. No program
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ever pauses, and no program ever finds stale data. The result is up to 70%
less wastedmemory, with almost no slowdown.

In the rest of this chapter, I will walk you through how your computer’s
memoryactuallyworks,why the current approachwastes somuchof it, and
howWiscSort andOBASE fix the problem. All you need is the warehouse
in yourmind.

8.2 Why Bins?

If mixing popular and unpopular products together causes somuchwaste,
the obvious question is: why not track individual products instead of bins?
If the warehouse manager knew the exact shelf location of every single
product, she could move just the popular ones to premium shelves and
leave everything else in back storage. No bins, nowasted space, no problem.

The answer is the same in awarehouse and in a computer: keeping track
of everything individually is too expensive. A largewarehousemight stock
tens of millions of products of di!erent sizes. Amaster catalog listing the
exact shelf location of every single one would fill an entire room, and a
worker would spendmore time flipping through the catalog than actually
retrieving products. The solution is the same one librarians have used for
centuries: group items into sections, and keep amuch smaller catalog that
tracks sections rather than individual books.

In a computer, this smaller catalog is a piece of hardware called the
translation lookaside bu"er, or TLB for short. You can think of it as a small
index-card box bolted to the front desk of the warehouse. Every time a
worker (theprocessor)needsapieceofdata, it first checks the catalog tofind
which bin the data lives in andwhere that bin sits on the shelves. If the bin
is listed, theworker gets an answer almost instantly, in about a billionth of a
second. If not, the worker has to walk to the back o"ce and search through
amuch larger set of records. That detour is about a hundred times slower.
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Figure 8.2: The catalog problem. When popular products (red) are
scattered across many bins, the index-card catalog must track every bin
and overflows. When popular products are clustered into just a few bins,
the same catalog holds everything it needs with room to spare. The data
and the work are identical in both panels; only the layout has changed.

The catalog can only hold a limited number of entries, typically a few
thousand. When the data a program is actively using fits into a small num-
ber of bins, the catalog works beautifully: it holds every bin the worker
might need, and lookups are nearly free. Butwhenpopular data is scattered
across many bins, each containing just a few hot items mixed with cold
ones, the catalog overflows. Theworker constantly looks up a bin, finds it
missing, walks to the back o"ce, retrieves the location, evicts an old entry
from the full card box, and repeats. In one of our analysis, this kind of
catalog overflow caused a program to run twenty-three times slower than it
didwhen the same data was clustered into fewer bins. The programwas
doing the exact samework on the exact same data. The only di!erence was
where the data had been placed.

This is the hidden cost of the bin system. Binsmake the catalog small
enough to be practical, but they also create a rigid constraint: the operating
system sees bins, not products. If popular products are scattered across



195

many bins, two bad things happen at once. First, the premium shelves fill
upwith bins that aremostly empty space, thememorywaste I discussed
in the last section. Second, the catalog overflows, and the processor grinds
to a halt looking up bin locations. The two problems reinforce each other,
and both share the same root cause: popular and unpopular data mixed
together on the same pages.

This alsomeans that any system that clusters popular data into fewer
bins earns a double benefit. It frees up premium shelf space and it shrinks
the catalog back to amanageable size. BothWiscSort andOBASEdo exactly
this, and both reap the rewards. I will show how in the next two sections.

8.3 Not AllWarehouses Are the Same

In Sec. 8.1, I described a sorting algorithm that separates lightweight labels
from bulky products and sorts only the labels. That is the core idea behind
WiscSort. But to understandwhy it works so well, you need to understand
the hardware it was designed for, because that hardware breaks nearly
every assumption older sorting systems relied on.

For decades, computer storagemeant hard drives: spinningmetal plat-
ters with a tinymechanical arm that reads data by physically sliding across
the surface, the way a record player’s needle traces a groove. Reading data
in order, one piece right after the next, was fast because the arm barely had
to move. But jumping to a random location meant the arm had to swing
across the platter, wait for it to spin to the right spot, and only then start
reading. That random jumpwas roughly a hundred thousand times slower
than simply reading the next piece in sequence. Because of this, every
sorting algorithm built for hard drives followed the same basic strategy:
always read andwrite sequentially, and never, ever jump around.

Then a new kind of storage arrived, one that blurred the line between
memoryanddisk. Intel’sOptanewas themostprominent example. Inware-
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house terms, imagine a new storage facilitywhere the layout has changed in
fiveunexpectedways. First, youcangraba singleproducto!a shelfwithout
pulling the entire bin (byte addressability). Second, sending aworker to grab
one item froma randomshelf is nearly as fast as having themwalkdown the
aisle picking up items in order (fast random reads). Third, putting products
onto shelves ismuch slower than taking themo!; reads are about three times
faster thanwrites (asymmetric costs). Fourth, if workers are simultaneously
loading shelves and unloading them, they get in each other’s way and both
slow down (read-write interference). Fifth, addingmore workers helps only
up to a point, especially for loading; beyond that, they start bumping into
each other (constrained concurrency).

No previous device had combined all five of these properties. Hard
drives were slow at everything but predictable. Solid-state drives were
faster but still insisted on handing you awhole block at a time. This new
storage was fast and flexible in someways, painfully constrained in others.
The key insight is that designing for one or two of these properties is not
enough. A system that exploits fast random reads but ignores the interfer-
ence between reads andwrites will sabotage itself. WiscSort was designed
around all five simultaneously. (In our technical work, I named this combi-
nationof properties theBRAIDmodel, after the initials of eachproperty, but
the namematters less than the idea: youhave to respect thewhole package.)

Here is how itworks inpractice (Figure 8.3). Suppose youhave adataset
of one hundred million records, each consisting of a 10-byte label and a
90-byte product. A traditional sorting algorithm reads the full 100 bytes of
every record, shu#es them around repeatedly during sorting, andwrites
them all back. WiscSort reads only the 10-byte labels, each pairedwith a
tiny pointer noting where the corresponding product lives in storage. It
sorts these label-pointer pairs entirely in fast memory. Only at the very end
does it use the device’s fast random reads to fetch each product from its
original location andwrite the final sorted result.
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Figure 8.3: HowWiscSort works. Traditional sorting carries each product
(value) alongside its shipping label (key) through every stage. WiscSort
separates the two. In the first phase, it reads only the lightweight labels
from storage using fine-grained byte accesses, and sorts them inmemory.
In the final phase, it uses the fast random reads of modern storage to fetch
the correspondingproducts andassemble the sortedoutput. Because labels
are far smaller than products (often one-tenth the size), this dramatically
reduces the data that must be read andwritten.

The di!erence in data movement is stark. For those hundred million
records, traditional sorting reads andwrites around 19 gigabytes of data,
most of it products being carried along for the ride. WiscSort reads only
1.9 gigabytes of labels during sorting and fetches the products in one final
pass. That is a tenfold reduction in intermediate tra"c. Because writing is
the slowest operation on this hardware, moving less data translates directly
into faster completion.

But reducing tra"c is only half the story. WiscSort also manages how
it accesses the device. At startup, it runs a brief calibration step tomeasure
the device’s actual performance: howmanyworkers can read at once before
throughput plateaus, howmany canwrite, andwhen interference kicks in.
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Based on these measurements, WiscSort assigns separate pools of workers
for reading andwriting, each sized tomatch the device’s sweet spot. Cru-
cially, it never lets reading andwriting happen at the same time. When data
is being loaded from storage, nowriting occurs; when sorted data is being
written back, all reading pauses. This is the interference-aware scheduling
that the intro alluded to, and it prevents themutual degradation that costs
other systems up to fifty percent of their throughput.

I testedWiscSort on the industry-standard sorting benchmark, which
stress-tests storage systems by sorting records with small labels and large
values. WiscSort’s one-pass version finished three times faster than a com-
petitive traditional approach. Even the two-pass version, neededwhen the
dataset is too large to sort in one shot, was twice as fast. Compared to the
best prior system designed for this kind of hardware,WiscSort was seven
times faster. The gap comes from treating the device’s five properties as a
unified design constraint rather than addressing them one at a time.

8.4 ReorganizingWhile theWarehouse Is Open

WiscSort works because the task itself reveals which data is hot andwhich
is cold: labels are always hot, products are cold until the end. Butmost soft-
waredoes not comewith that kindof roadmap. Akey-value store (a system
that looks up records by name, like a phone book) serving a social media
feed, a caching layer at a major web company, a database answering search
queries: in all of these, any piece of datamight suddenly becomepopular or
fall out of use, and the pattern shifts constantly. I looked at real usage logs
fromMeta and Twitter and found that formost items, the time between one
use and the next swings a lot; over five times for three-quarters of items, and
over thirty times for nearly two-thirds. Nothing about when an itemwas
created orwhere it was allocated tells you howpopular it will be next week.

When you cannot predict popularity, youmust observe it. OBASE does
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Figure 8.4: Before and afterOBASE.The left twobins show the typical state
of memory: popular products (red) and unpopular products (blue)mixed
together on every page. Because the warehouse manager can only move
whole bins, every bin must stay in premium space as long as it contains
even one popular item. The right two bins show the same data after OBASE
has reorganized it: popular products are clustered into one bin, unpopular
products into another. Now the cold bin can be safely moved to back
storage, freeing premium shelf space without losing any popular items.

this by continuously watchingwhich data is being accessed, classifying it
as hot or cold, and physically reorganizing the layout so that hot objects
cluster onto the samepages and cold objects cluster onto others (Figure 8.4).
The warehouse manager, who can still only move whole bins, now finds
that cold bins are genuinely cold: every product inside is unused, so the
entire bin can be safelymoved to back storage. Hot bins are densely packed
with popular products, making the premium shelves far more productive.

This sounds straightforward in principle. In practice, it requires solving
four problems that have no easy parallels in a physical warehouse.

Forwarding labels. The first problem is that themost widely used pro-
gramming languages for building fast, performance-critical software (lan-
guages called C and C++) give programmers direct control over where
data lives inmemory. That power comes at a cost: every part of the program
that uses a piece of data holds a note saying "this lives at address 7042." If
youmove thedata to address 2058, every one of those notes becomeswrong,
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and there is no built-in mechanism to fix them. Some newer programming
languages (like Java or Python) trade away that direct control in exchange
for a safety net. They insert a manager between the program andmemory,
andwhen data moves, the manager quietly updates all the notes for you. C
and C++ have no suchmanager. The programmer is talking directly to the
hardware, which is exactly whatmakes these languages fast, and exactly
what makes reorganizing data so hard.

OBASE introduces a lightweight intermediary I call a guide. Instead of
pointing directly at the data, every reference points at the guide, and the
guide holds the data’s current address. When the data moves, only the
guide needs to be updated: one single value in one place. Every part of the
program that follows the guide is silently redirected to the new location.
The guide is the forwarding label from our warehouse analogy: a small
card left at the old shelf location that says “this product is now on shelf
B-14.” Anyworker who arrives at the old location reads the card andwalks
to the new onewithout even realizing the product wasmoved.

The cost of this indirection is small. Each time a program accesses data
through a guide, it performs one extra lookup, around five billionths of a
second, comparable to reading a value already sitting in the processor’s
fastest cache. Formost programs, this adds between two and five percent
to the total running time.

Tracking popularity. The second problem is knowingwhich data is hot
andwhich is cold. OBASE cannot a!ord tomaintain a separate log of every
access; at the rate modern processors touch data, such a log would itself
become a bottleneck. Instead, OBASE hides a tiny tracking flag inside the
guide itself. Here is the trick: every guide contains an address, a string
of digits that tells the processor where to find the data. But the address
is longer than it needs to be, the way a phone numbermight have unused
digits at the end. OBASE repurposes a few of those spare digits to record
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whether the data has been accessed recently. Every time a guide is followed,
one of those spare digits is flipped. No separate data structure, no external
log, no additional memory. The tracking rides alongwith the access itself,
like a turnstile counter built into the warehouse doorframe that clicks each
time aworker walks through.

A background process I call theObject Collector periodically reads these
flags, about once every twominutes by default, and classifies each object
as hot or cold based on recent activity. Objects that have not been accessed
for several consecutive windows aremarked cold. Objects accessed in any
window aremarked hot. The threshold for “cold enough tomove” adjusts
automatically: if the system finds that it is moving objects that soon get
accessed again, it becomesmore conservative; if almost nothing it moves is
ever revisited, it becomesmore aggressive. This self-tuningmeans OBASE
adapts to eachworkloadwithout manual configuration.

Threezones. Basedon these classifications,OBASEmaintains three zones
inmemory: NEW, for freshly created datawhose popularity is not yet clear;
HOT, for the currentworking set; andCOLD, fordata that has been idle long
enoughtobeconsideredinactive. Eachzoneoccupiesacontiguousstretchof
memory, so theoperating systemsees clean, uniformregions. A cold zone is
a coldzone: everyobject inside isgenuinely idle, and theentire regioncanbe
moved to slowermemory or reclaimedwith confidence. This is the key dif-
ference from the status quo,where the operating system looks at a page and
sees amix of hot and cold data, unable to act without risking the hot items.

Data flows between zones as its popularity changes. A freshly created
object starts in NEW. If the Object Collector sees it being accessed, it mi-
grates to HOT. If it sits idle for several windows, it migrates to COLD. And
if a cold object becomes popular again, it moves back toHOT. The layout
is never static; it continuously tracks the application’s shiftingworking set.
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Moving productswithout closing thewarehouse. The hardest challenge
is the last one: how do youmove data while programs are actively reading
it? Pausing every programwhile youmove an object, the way a garbage
collector might in Java, is unacceptable in the performance-critical systems
OBASE targets. But moving data out from under an active reader could
corrupt the program’s state.

OBASE uses a “try and check” approach (database researchers call it
optimistic concurrency control, but the intuition is simple). Assume themove
will succeed, do thework, and verify at the end that nothingwent wrong.
Concretely, the Object Collector copies the data to its new location in the
target zone. Then it attempts to update the guide in a single all-or-nothing
operation: either the update succeeds completely, or it fails completely,
with no in-between state. If any program accessed the data while the copy
was happening, the guidewill have changed, the update fails, and themove
is simply abandoned. The data stays where it was, perfectly intact. The
program that was reading it never noticed a thing.

This “try and check” approachhas abeautiful property: programsnever
wait on the reorganization crew, and the reorganization crewnever corrupts
data. Frequently accessed objects naturally resist being moved, because
someone is always reading them, and their guide changes before themove
can commit. Cold objects, by definition, are not being read, so their moves
almost always succeed. The systemmigrates exactly the objects that can
safely bemigrated, without anyone having to coordinate.

Letting themanager do her job. One final design choice deserves empha-
sis, because it is the reason OBASEworks with somany di!erent systems.
OBASE does not decide what to do with cold data. It does not page it to
disk, compress it, or send it to slowermemory. All it does is reorganize the
address space so that cold data and hot data are no longermixed together.
The existing warehousemanager, whether that is Linux’s built-in memory
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reclaimer, Meta’s TMO system, or a hardware-aware tiering engine like
Memtis, continues tomake the actual decisions about which bins tomove
where. But now, when themanager looks at a bin and asks is everything in
here cold?, the answer is reliably yes.

This separation is what makes OBASE practical to deploy. A large
company does not need to replace its existingmemorymanagement infras-
tructure. It plugs OBASE in as a frontend that improves the layout, and
every backend it already uses becomesmore e!ective. I tested OBASEwith
six di!erent memorymanagement systems and every single one improved.
Some improved dramatically. Linux’s built-in reclaimer, without OBASE,
can reducememory usage from 13 gigabytes to about 7 by reclaiming only
the pages it is confident are cold. With OBASE preparing the layout, the
same reclaimer reaches 4 gigabytes, the theoretical minimum, with no
loss in performance. The reclaimer did not get smarter. It just finally had
accurate information to workwith.

In tieredmemory configurations, where a computer has a small amount
of fast memory and a larger pool of slowermemory, OBASE is equally e!ec-
tive. Without OBASE, the popular data is spread across somany pages that
it cannot fit in the fast tier, even when the actual amount of popular data
is small. With OBASE compacting the popular data into fewer pages, the
fast tier has room to spare. In our experiments, OBASE allowed the system
to achieve the same performance with half the fast memory, e!ectively
doubling the capacity of the expensive tier for free. Across all workloads
and configurations, the overhead of running OBASE amounted to between
two and five percent of total running time. That includes the guides, the
tracking, and themigration. The overhead stayed flat whether the system
had twoworkers or thirty-two.

For a representative workload, a key-value store holding ten million
records, the baseline system used 12.4 gigabytes of memory. After OBASE
reorganized the layout, the same workload ran in 3.5 to 4 gigabytes, a re-
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duction of about seventy percent. The application did the samework on
the same data. Only the arrangement changed.

8.5 TheMessyMiddle

Research, as it appears in papers and dissertations, looks like a cleanmarch
from question to answer. It is not. The path from “memory is organized
badly” toWiscSort and OBASEwas full of dead hardware, impossible mea-
surements, and a problem that an entire field had avoided for decades. I
want to describe someof thatmessiness, because it shaped thework inways
the technical sections cannot convey.

The hardware vanished. WiscSort was designed for Intel Optane, a pio-
neering persistent memory technology that combined the persistence of an
SSD (a solid-state drive, the kind of storage that holds your files evenwhen
the computer is o!)with something approaching the speed of fastmemory.
I spent years studying its properties, building our five-property model
around its quirks, and tuningWiscSort to squeeze every bit of performance
from it. Then Intel discontinuedOptane. The hardware our entire sorting
systemwas designed for was no longer beingmanufactured.

This could have been a disaster. Instead, it forced us to ask amore inter-
estingquestion: whichofWiscSort’sdesignprinciplesare specific toOptane,
and which generalize to future hardware? To find out, I built emulated
devices with di!erent combinations of properties. I could dial up or down
the asymmetry between reads andwrites, change the interference behavior,
adjust the random-read penalty. The result was amap of when each design
choice matters. Separating labels from products helps whenever products
are larger than labels, regardless of the device. Interference-aware schedul-
ingmatters enormously on deviceswhere reads andwrites compete for the
same internal resources, but adds little when they do not. The worker-pool
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controller adapts automatically to whatever concurrency constraints the
device imposes.

When CXLmemory, a next-generation technology for connecting pools
of slowermemory to a computer, began to emerge, I found that ourmodel
described its properties just aswell as it had describedOptane’s. WiscSort’s
principles transferred. Losing the hardware I had built for turned out to
be the push I needed to build something less fragile.

Measuring the invisible. Before I could fix the mixing problem, I had
to prove it existed, and that turned out to be far harder thanwe expected.
Measuringwhich bytes of memory are actually accessed requires tracking
every single load and store instruction a processor executes. For a produc-
tion workload running for minutes or hours, this generates terabytes of
raw trace data. Existing tools could not keep up: they either slowed the
workload to a crawl, making the trace unrepresentative, or sampled too
sparsely to give accurate per-page utilization numbers.

I had to build my own analysis infrastructure. My trace processing
toolswere themselves concurrent systems. They parsed billions ofmemory
accesses, annotated each onewith its page address and size, and computed
utilization statistics acrossmillions of pages, all while keeping their own
memoryusage and runtimemanageable. The engineering required to study
the problemwas nearly as involved as the engineering required to solve it.

When the numbers finally came in, theyweremore extreme than I had
imagined. The Google production traces I analyzed showed that theme-
dian page, the typical page in a runningworkload, used only eight to fifty
percent of its capacity. With huge pages, the numberswere evenmore stark:
eighty-five to ninety percent of pages utilized less than ten percent of their
space. I had expected somewaste. I had not expected that for every dollar
spent on fast memory, as little as four cents was going toward data anyone
was actually using. These numbers became the foundation of the argument



206

for OBASE, but reaching them requiredmonths of tooling work that never
appeared in the final paper.

I analyzedGoogle’s traces because theywere among the fewproduction
memory traces available to the research community. I expect similar frag-
mentation inmost large-scale deployments (Meta,Amazon,Microsoft, etc),
since the root cause, allocators grouping objects by allocation time rather
than access pattern, is universal. But confirming this across the industry
would require more organizations to share their traces, which remains rare.

Theproblemnobodyhad solved. The core technical challenge ofOBASE,
relocating objects in C and C++while programs are actively using them,
is not new as a concept. Garbage collectors in managed languages like Java
have moved objects for decades. They can do this because the language
runtime controls every reference to every object. When the garbage col-
lector moves an object, it updates all the references automatically, and the
program never sees rawmemory addresses to begin with.

C andC++o!er no such infrastructure. A pointer in C is a rawmemory
address, nothingmore. The language provides noway to find every pointer
to a given object, no way to intercept when a pointer is followed, and no
runtime that could update references on your behalf. These languages have
been inwidespreaduse for over fifty years. In all that time,while significant
work had gone into automatic freeing ofmemory (detectingwhen objects
areno longerneeded), nopractical systemhadbeenproposed for automatic
relocation of objects based on how frequently they are accessed.

Thiswas the problemwe stared at for a long time. The guide abstraction,
the mechanism that finally made relocation possible, emerged from the
realization that we did not need to find and update every pointer to an
object. We only needed to ensure that every path to an object went through
a single stable intermediary. If the intermediary always knew the current
address, and if updating the intermediarywas atomic (all-or-nothing, with
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no half-finished state), thenwe couldmove the object and update one value
inoneplace. Thecompiler couldenforce that all accesswent throughguides,
and the “try and check” approach could guarantee that no program ever
observed a stale address. It sounds straightforward in retrospect. Arriving
at it was not.

Making it real. Even after the coremechanismworked, demonstrating
thatOBASEwaspractical required building farmore than aprototype. Real
systems use a remarkable variety of data structures, and each one has its
own strategy for handling the fact that multiple workers may try to read or
change the same data at the same time. Some systems solve this by closing
the entire warehouse while oneworkermakes a change. Others lock only
the specific shelf being touched. Still others use clever tricks to let every-
onework simultaneously without locks at all. If OBASE’s reorganization
conflictedwith any of these strategies, it would be useless in practice. I im-
plemented and tested ten di!erent concurrent data structures, from lookup
tables used in systems like Redis and NGINX to tree-structured indexes
used in databases like PostgreSQL andDuckDB. OBASE had to workwith
all of themwithout disrupting their existing coordination strategies.

Proving that the benefits held under realistic conditionsmeant testing
OBASE against recordings of real activity fromMeta and Twitter’s produc-
tion caching systems. These recordings captured the full messiness of real
use: popularity shifting fromone item to another, data being read, updated,
and deleted in unpredictable combinations, and item popularity evolving
over hours. It is easy to show that a systemworks on a tidy, artificial test.
The real question is whether it works when the patterns are as chaotic as
they are in situations closer to practice.

Finally, whenOBASE successfully reorganizedmemory and produced
clean cold regions ready for reclamation, I discovered a bottleneck I had
not anticipated: the Linux kernel, the core piece of software that sits be-
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tween every program and the hardware (PC, phones, etc), acting as the
ultimate warehousemanager. When the kernel reclaims a large region of
memory bymoving it to slower storage, it processes each page one at a time.
For every single page, it sends a separate notification to every processor
core, telling each one to discard its cached location for that page. For a
ten-gigabyte cold region, this meant millions of notifications. The reclama-
tion path, which should have been the easy part, became the slowest step
in the pipeline. I modified the kernel to batch these operations, bundling
hundreds of pages into a single notification. The fix reduced the number
of these inter-processor notifications by over ninety-nine percent and un-
blocked the entire system. It was a reminder that improving one layer of
a complex system often reveals bottlenecks in the next.

8.6 What It AllMeans

Memory is the single most expensive component in amodern data center,
accounting for close to half the cost of a server and a substantial share of its
energy consumption. Fast memory carries about twelve times the carbon
footprintperbit comparedtoflashstorage, both in theenergyneededtoman-
ufacture it and the electricity needed to keep it powered around the clock.
Whencompanies overprovision fastmemory, paying for gigabytes that hold
data nobody is accessing, the cost is not just financial. Everywasted giga-
byte draws power continuously, adds heat thatmust be removed by cooling
systems that draw still more power, and will eventually be replaced by
new hardware that required energy and rawmaterials to produce. As data
centers drawmore power worldwide, wastingmemorywastes energy too.

Thework in thisdissertationo!ersadi!erentpath. WiscSortandOBASE
are software systems. They require no new hardware, no changes to the op-
erating system’s corememorymanager, and in the case of OBASE,minimal
changes to application code. Theyworkbybeing smarter about arrangement:



209

Figure 8.5: Data organization at every scale. From datacenters down to
individual microchips, the speed of light is constant: accessing nearby data
is always faster than reaching for something far away. At every level of this
hierarchy, thesameprincipleapplies. Ifyoucankeep thedata that ispopular
right nowphysically close towhere it is needed, performance improves and
resource waste decreases. WiscSort andOBASE demonstrate this principle
at thememory and storage layers, but the idea applies wherever data lives.

ensuring that the data the system actually uses is stored where it can be
reached quickly, and the data it does not use is stored where it is cheap
to keep. WiscSort does this at design time, by understanding the hard-
ware well enough to separate hot data from cold before the work begins.
OBASE does it at run time, bywatchingwhat the application touches and
continuously reshaping the layout in response.

Underneath both systems lies a single insight that I think extendswell
beyondmemorymanagement. The address space, themap that tells the
processor where to find each piece of data, is not just bookkeeping. It is
a communication channel between the application and the operating sys-
tem. Today, that channel is mostly silent: applications allocate memory
and the operating systemmanages pages, but neither side tells the other
anything about what the datameans or how it is used. OBASE shows that
when applications speak up, when they organize their data so that pages
reflect actual usage patterns, the operating system’s existing tools become
dramatically more e!ective without anymodification.

This principle could reshape howwe think about memorywell beyond
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the specific problems in this dissertation. Any system that manages objects
in memory, whether it is a database, a web browser, or a programming
language’s garbage collector, faces the same mismatch between what it
knows about its data andwhat the operating system can see. Bridging that
gap, letting the software that understands the data communicate with the
hardware thatmoves it, is a lever that has barely been pulled.

There is more to do. Better hardware support for trackingwhich data
is actually being used could shrink even the small overhead our software-
based approach introduces. And themeasurement challenge persists: we
needmore organizations to share real traces of how their systems usemem-
ory, so researchers can study the problem as it actually exists rather than
as we assume it does.

But even today, the numbers tell a clear story. For every dollar the in-
dustry spends on fast memory, the vast majority is wasted on data nobody
is touching. WiscSort [45] andOBASE [46, 47] show that we can recover
that waste using nothing but smarter arrangement, no new hardware, just
a better understanding of what goes where. In an era when data centers
consumeagrowing share of global electricity, using thememorywealready
havemore wisely is not just a scientific challenge. It is a responsibility.
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