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Abstract
While the multi-chip module (MCM) design allows GPUs to scale
compute and memory capabilities through multi-chip integration,
it introduces memory system non-uniformity, particularly when
a thread accesses resources in remote chiplets. In this work, we
investigate how page size in memory mapping affects this non-
uniformity. Large pages reduce address translation overhead by
covering larger memory regions per TLB entry; however, they
enforce coarse-grained data placement, which can lead to data
misallocation across chiplets. In contrast, small pages allow for
finer-grained placement, increasing the likelihood of mapping data
to the chiplet most likely to access it. We observe that applica-
tion performance is sensitive to page size, with the appropriate
configuration depending on workload characteristics.

This paper introduces CLAP which determines the suitable page
size—specifically, how much data should be co-located within a
single chiplet-for each application. We observe that GPU applica-
tions exhibit a distinct memory mapping pattern, in which specific
groups of virtually adjacent pages are primarily accessed by the
same chiplet with the group size tending to remain consistent -
a property referred to as chiplet-locality. Leveraging this insight,
CLAP predicts groups of pages exhibit chiplet-locality and pre-
organizes them to contiguous physical frames within the chiplet
most likely to access them. This organization forms regions that
behave like large pages, as CLAP enables these page groups to be
covered by a single merged TLB entry through deliberate virtual-
to-physical contiguity. As a result, CLAP delivers the benefits of
large pages without compromising chiplet-level memory locality.
Our evaluation shows that CLAP improves performance by up to
19.2% compared to previous paging schemes.
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This work is licensed under a Creative Commons Attribution 4.0 International License.
MICRO ’25, Seoul, Republic of Korea
© 2025 Copyright held by the owner/author(s).
ACM ISBN 979-8-4007-1573-0/25/10
https://doi.org/10.1145/3725843.3756090

CCS Concepts
• Computer systems organization → Single instruction, mul-
tiple data; • Software and its engineering → Virtual memory.

Keywords
GPUs, Multi-ChipModule (MCM), Virtual Memory, Page Placement
ACM Reference Format:
Junhyeok Park, Sungbin Jang, Osang Kwon, Yongho Lee, and Seokin Hong.
2025. Leveraging Chiplet-Locality for Efficient Memory Mapping in Multi-
Chip Module GPUs. In 58th IEEE/ACM International Symposium on Microar-
chitecture (MICRO ’25), October 18–22, 2025, Seoul, Republic of Korea. ACM,
New York, NY, USA, 18 pages. https://doi.org/10.1145/3725843.3756090

1 Introduction
GPUs have steadily scaled their compute and memory capabilities
to meet growing performance demands. However, as transistor scal-
ing approaches physical limits and die sizes plateau (∽800mm2) [13,
14, 39], scaling monolithic GPU designs becomes increasingly chal-
lenging. In response, multi-chip module (MCM) designs, which
integrate multiple chiplets within a single package, have emerged
as a promising solution and are already being adopted by major
GPU vendors [4, 6, 76, 77, 95].

MCM designs, while enabling improved scalability, introduce
a critical challenge: memory non-uniformity. Accessing data on
remote chiplets incurs additional latency and energy consump-
tion, thereby degrading overall system performance [13, 14]. Prior
research has addressed this challenge through a variety of tech-
niques [13, 27, 47, 64, 87, 90, 102, 106, 109, 111, 112], including (1)
GPU thread and data placement optimization [13, 47, 49, 102], (2) re-
mote data caching into local resources [27, 64, 90, 106, 109, 111, 112],
and (3) improvements to address translation paths [32, 87]. How-
ever, the impact of page size, a key factor in memory mapping,
remains largely unexplored.
Why is Page Size Important?: Page size plays a critical role in
the memory systems, particularly in address translation. Larger
pages reduce address translation overhead by allowing a single
TLB (Translation Lookaside Buffers) entry to cover a wider virtual
address range [36, 53, 82, 83, 89]. In our evaluation, 64KB and 2MB
pages reduce average address translation latency by 17.1% and
48.7%, respectively, compared to 4KB pages. Consequently, modern
GPUs actively support large pages to leverage these benefits [72, 74].
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Figure 1: Performance (bar, normalized to the 4KB page case)
and remote access ratio of memory instructions (line) across
various page sizes. The results demonstrate that each appli-
cation exhibits a distinct sensitivity to page size.
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Figure 2: Performance (bar) and remote access ratio of mem-
ory instructions (line) for different page sizes and remote
caching schemes. ‘No_RC’ denotes ‘without remote caching.’
The results demonstrate that, even with remote caching, se-
lecting an appropriate page size remains critical.

For instance, in NVIDIA GPUs, memory allocations made through
cudaMalloc() are backed by 2MB large pages [69, 74].

However, in MCM designs, page size also influences memory
non-uniformity. A larger page maps a contiguous virtual address
region to a corresponding contiguous physical frame located within
a single chiplet. This coarse-grained placement can lead to data
misplacement when portions of a page are accessed by threads
executing on other chiplets. Figure 1 shows the impact of different
page sizes on overall system performance. For workloads such as
STE, 3DC, LPS, and SC, increasing page size degrades performance
due to increased remote accesses. In contrast, SSSP, DWT, LUD, and
GPT3 benefit from larger pages, as they reduce address translation
overhead without incurring additional remote access. These results
indicate that judicious page size selection is essential to improving
system efficiency and performance within MCM designs.

One might expect that using large pages and caching remote
data into local resources (i.e., remote caching) could mitigate this
challenge. To evaluate this, we compare the performance across
four configurations: (1) 2MB paging without remote caching; (2)
2MB paging with two state-of-the-art remote caching schemes-
NUBA [111] and SAC [109]; and (3) 64KB paging without remote
caching. As shown in Figure 2, the remote caching schemes moder-
ately alleviate memory non-uniformity for benchmarks with high
remote access ratios under the 2MB page size, achieving average
speedups of 13.1% and 5.8%, respectively. In contrast, reducing the
page size to 64KB proves more effective, delivering a 36.7% average
speedup by significantly reducing remote memory accesses. This
disparity arises from excessive remote memory accesses caused
by inappropriate page sizes, which overwhelm the capacity of re-
mote caching and limit the effectiveness of prior techniques. These
findings underscore that appropriate page size selection remains

fundamental to achieving high performance in MCM GPUs, even
when prior performance optimization techniques are employed.
Memory Mapping with Suitable Page Sizes: This paper intro-
duces CLAP (Chiplet-Locality Aware Page Placement), a mecha-
nism for efficient memory mapping in MCM GPUs that exploits a
unique characteristic of GPU workloads: chiplet-locality. Chiplet-
locality refers to the tendency for specific groups of virtually con-
tiguous pages to be primarily accessed by the same chiplet, with
the group granularity remaining consistent within a data structure.
This behavior stems from the parallelism of GPU programming,
making data access patterns across chiplets more predictable.

CLAP first profiles the memory mapping of data structures to
identify their chiplet-locality degree. To this end, it preemptively
maps a subset of each data structure’s pages to chiplets using a
locality-based policy, creating a sample mapping. CLAP then moni-
tors which chiplets access these pages and into which chiplets the
pages are mapped. Based on this analysis, it selects an appropriate
page size (i.e., the granularity of contiguous pages) and applies
it by mapping virtually contiguous pages to contiguous physical
frames of the chosen size within the chiplet predicted to access them.
These regions effectively act as large pages, as CLAP leverages the
constructed page contiguity to generate merged TLB entries and
extend TLB reach. As a result, CLAP achieves both efficient address
translation and high intra-chiplet data locality, which align with
the characteristics we define as the suitable page size.

With accurate chiplet-locality analysis, CLAP can preemptively
organize memory mappings with appropriate sizes, thereby avoid-
ing page remapping via inter-chiplet migrations and eliminating
their associated overhead. CLAP is fundamentally orthogonal to
existing NUMA-addressing techniques [64, 90, 106, 109, 111], and
can be synergistically integrated with them to further enhance their
effectiveness. Our evaluation shows that CLAP improves perfor-
mance by up to 19.2% over prior paging schemes [28, 32, 34, 87, 104].

Overall, this paper makes the following contributions:
• We analyze the impact of page size in MCM GPUs, identifying a
key trade-off between address translation efficiency and memory
access locality. Our study shows that GPU workloads exhibit
diverse memory access characteristics, even across data struc-
tures within the same workload, resulting in different page-size
preferences. Therefore, selecting an application-appropriate page
size is critical to achieving high performance in MCM designs.

• We introduce chiplet-locality, a distinctive characteristic of GPU
workloads that emerges in MCM designs. Chiplet-locality cap-
tures how GPU data structures are accessed across chiplets, re-
vealing groups of pages that exhibit similar access patterns. This
property provides key insight into determining appropriate data-
placement granularity and policies.

• We propose CLAP, a mechanism for efficient page mapping
in MCM GPUs. CLAP ensures that groups of pages exhibit-
ing chiplet-locality are mapped contiguously to the appropriate
chiplet, thereby constructing large page–like regions. This de-
sign enables the benefits of large pages while preserving memory
locality within chiplets.
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Figure 3: The baseline MCM GPU architecture.

2 Background
2.1 MCM GPU Architecture
Figure 3 illustrates an MCM GPU consisting of four GPU chiplets.
Each chiplet contains multiple Streaming Multiprocessors (SMs) 1
and memory partitions. The chiplets are interconnected via on-
package interconnects, enabling global sharing of memory parti-
tions across all chiplets. Within each chiplet, crossbar switches
(Xbars) manage memory accesses by routing them to either local or
remote memory partitions. This architecture introduces NUMA ef-
fects, where remotememory accesses incur higher latency, consume
off-chip bandwidth, and increase energy consumption[13, 14].

2.2 NUMA: Still Relevant?
In recent years, processor vendors have sought to mitigate NUMA
(Non-UniformMemory Access) effects in MCM designs by introduc-
ing dedicated I/O dies for memory integration and incorporating ad-
ditional cache layers [6, 8, 95]. In parallel, advancements in intercon-
nect technology have improved off-chip memory bandwidth while
reducing energy consumption and access latency [78, 79, 95, 97].

Despite these advancements, NUMA effects cannot be fully elim-
inated due to fundamental physical constraints. For instance, in
NVIDIA H100 GPUs [44, 73]—which consist of two logical mem-
ory partition groups—global memory access latency ranges from
approximately 550 to 730 cycles, depending on the physical proxim-
ity between compute cores and memory partitions.2 This latency
disparity is expected to worsen in larger-scale MCM designs, as
increased chiplet-to-chiplet communication cost further exacer-
bates memory non-uniformity. This trend indicates that addressing
NUMA effects is essential for sustaining performance scalability in
emerging MCM architectures.

2.3 Difference from prior NUMA GPUs
While MCM GPUs fall under the broader category of NUMA GPUs,
they fundamentally differ in three key aspects.

First, while both prior NUMA GPUs (e.g., multi-GPU systems)
and MCM GPUs require and benefit from explicit workload distri-
bution (i.e., threads and data) and consistency maintenance, their
1The term Compute Unit (CU) is used in AMD terminology. For consistency, we adopt
NVIDIA terminology throughout this paper.
2Estimated on commodity GPUs using a microbenchmark.

architectural approaches differ. NUMA GPUs consist of indepen-
dent devices, while MCM GPUs operate as a monolithic system
that abstracts hardware-level complexity from both the OS and the
programmer [13, 95]. This abstraction reduces opportunities for
programmer-driven optimization and instead demands more robust
system-level support.

Second, unlike NUMA GPUs with separate physical address
spaces and per-device GPU page tables, MCM GPUs employ a
unified address space and a single GPU page table shared across all
chiplets. As a result, techniques such as page duplication [65, 104]
become inapplicable, as a page table prohibits mapping a single
virtual address to multiple physical locations.

Lastly, because MCM GPUs integrate chiplets at the package
level, rather than at the board or system level, they present distinct
performance trade-offs. While NUMA GPUs often benefit from
page migration to mitigate the high cost of remote memory ac-
cesses, MCM designs may instead prefer remote access due to the
relatively low overhead of intra-package communication [13, 101].
These fundamental differences highlight the need for architectural
strategies tailored to the characteristics of MCM designs.

2.4 Virtual Memory System Design
An MCM GPU maintains a single GPU page table to support a
unified physical address space. Not only application data structures
but also the page table entries (PTEs) themselves are managed at
page granularity (typically 4KB). As a result, PTE pages can be dis-
tributed across memory partitions in different chiplets, depending
on the PTE page mapping policy [1, 81, 87, 88].

In the TLB hierarchy, the L1 TLB is located per SM, while the L2
TLB is either shared across SMs within each chiplet (i.e., chiplet-
private) or across all SMs in the GPU (i.e., chiplet-shared). Our
baseline adopts the chiplet-private L2 TLB configuration, in which
memory requests access only the TLBs within their originating
chiplet. Each chiplet is equipped with a GPU Memory Management
Unit (GMMU), which handles TLB misses using hardware page
table walkers. The page table walker traverses the multi-level in-
memory page table [93, 94]; at each level, the page table access can
be either local or remote, depending on the physical location of the
corresponding entry [1, 81, 87, 88].

2.5 Memory Access Flow in MCM GPUs
Figure 3 outlines the memory access flow in an MCM design. When
SIMD units initiate a memory access request, it first consults the
multi-level TLBs (❶, ❷) for virtual-to-physical address translation.
On a TLB miss, the request is forwarded to the local GMMU (❸).
Multi-threaded page walkers then process the request by perform-
ing a page walk (❹). Once address translation is complete, the
request retrieves data from the physical address. Depending on the
location of the data, the request is routed either to a local memory
partition or to a remote chiplet via the crossbar interconnect (❺).
In Case of Demand Paging:When a system employs a demand
paging scheme (similar to unified virtual memory, UVM [3, 11, 91]),
a data page may be absent from the GPU memory, causing a page
fault. This fault is detected during the page walk process. If the page
walk fails, it triggers a page fault, which is logged in the GMMU’s
Fault Buffer ( A○). The GMMU then notifies the host GPU driver

3
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Figure 4: Memory interleaving policy in MCM designs. The
two MSBs of the channel bits are outside of the page offset
and serve as a chiplet identifier.

of the fault via a shared on-package I/O module. The GPU driver
resolves the fault by migrating the faulted page from CPU memory
to GPU memory and updating the GPU page table ( B○). Once the
fault is resolved, the GPU resumes the address translation process.

2.6 NUMA-Aware Memory Interleaving
Conventional GPUs enhance channel-level parallelism by interleav-
ing data across multiple memory channels at sub-page granularity
(i.e., 256B). However, in MCM designs, it limits the GPU driver’s
ability to optimize data placement in a NUMA-aware manner. To
mitigate these issues, interleaving must be designed to avoid inter-
fering with page-level locality, allowing the GPU driver to assign
entire pages to specific chiplets [111].

Figure 4 illustrates a memory interleaving policy for a 34-bit
physical address in a 4-chiplet MCMGPUwith 64 memory channels
(6 channel bits). In this policy, the two most significant bits (MSBs)
of the channel bits are placed outside the page offset (2MB in this
example) and serve as chiplet identifiers. This approach enables the
GPU driver to enforce intended data placement while preserving
channel-level parallelism within each chiplet. It is worth noting
that a similar policy is already supported for NUMA-optimized
workloads in recent chiplet-based designs [5, 7–9].

We observe that even without any NUMA optimization, this
interleaving policy does not lead to any noticeable performance
degradation, showing only a 0.6% difference compared to the naive
interleaving used in monolithic GPUs. Furthermore, with a simple
NUMA-aware optimization (used as the baseline in this paper) [13],
it outperforms the naive configuration by 42.0%.

2.7 Threadblock and Data Arrangement
Threadblock (TB) and data arrangement are particularly important
in MCM designs, as inaccurate placement can exacerbate mem-
ory non-uniformity [13, 47]. We categorize two representative ap-
proaches from prior work.

The first approach, referred to as First-Touch-based (FT), sched-
ules contiguous threadblocks within the same chiplet and places
data in the chiplet where the first-touching thread resides [13]. This
policy ensures that adjacent threadblocks exploit spatial locality,
while data is placed close to the threads accessing it. The second
approach, referred to as Static-Analysis-based (SA), leverages
compiler-assisted static analysis to determine threadblock-data lo-
cality [47]. This method analyzes program code to identify locality
patterns and arranges threadblocks and data according to prede-
fined placement policies.

3 Motivational Study
In this section, we explore (1) the impact of page size in MCM
designs and (2) chiplet-locality in GPU workloads. We first describe
our system setup and then delve into each key observation.

Reserved

2MB page

Promotion

64KB page

. . .

. . .

64KB page

64KB page. . .

64KB page
64KB page
64KB page. . .

64KB page

Figure 5: Paging with physical frame reservation.

3.1 System Configuration
Threadblock and Data Arrangement:We adopt the widely used
FT policy [13, 27, 64, 90, 106, 108, 109] as our baseline, as it effec-
tively exploits data locality for both regular and irregular appli-
cations. Although FT may incur paging overhead due to demand
paging [113], this cost is fundamentally a one-time data transfer,
which is also incurred in other schemes during their initial data
placement.3
Virtual Memory Support: Our baseline system adopts demand
paging with physical frame reservation, similar to current GPU
unified virtual memory systems [3, 74, 85, 91] and prior paging
strategies [68, 107]. Figure 5 illustrates an example of paging with
physical frame reservation. For a large page (e.g., 2MB), the GPU
driver first reserves a free physical frame of the corresponding size.
Subpages (e.g., 64KB) are then mapped to the reserved frame on
demand. Once all subpages are populated, the GPU driver promotes
the region to a large page. This strategy provides a consistent de-
mand paging granularity across page sizes and maintains uniform
hardware resource usage (e.g., CPU-GPU interconnect bandwidth),
regardless of page size. Our baseline supports three page sizes-4KB,
64KB, and 2MB-which are commonly used in modern GPU sys-
tems [72, 74]. We exclude larger page sizes (e.g., 512MB and 1GB)
as they are considered too coarse-grained.

3.2 Methodology
We extend GPGPU-Sim v4.2 [48] to model a 4-chiplet MCM GPU.
Our model is based on prior research and the specifications of
3We also discuss an alternative threadblock and data arrangement strategy—SA pol-
icy [17, 47]—as well as a different programming model (i.e., the conventional copy-
and-execute model) in Section 5.2.

Table 1: Baseline simulation configuration.

Chiplets 4

GPU core 64 SMs per chiplet, 256 SMs in total, 1132MHz
Max 64 warps per SM

L1 cache 128KB, 20-cycle, 128B line, per-SM

L2 cache 4MB per chiplet, 16MB in total, 160-cycle, 128B line
SM-side cache, software-managed cache coherence [13]

L1 TLB 32-entry (4KB), 16-entry (64KB), 8-entry (2MB)
10-cycle, fully-associative, per-SM

L2 TLB
1024-entry (4KB, per chiplet), 512-entry (64KB, per chiplet)
256-entry (2MB, per chiplet)
80-cycle, 8-way, chiplet-private

Inter-chip BW 768GB/s per GPU, Ring topology, 32ns latency [13]

DRAM
HBM2 [23], 877MHz, 8 memory stacks, 8 channels/stack
16 channels per chiplet, 1.8TB/s in total
tRCD = 14, tRP = 14, tCL = 14, tWL = 2, tRTP = 3

Page table 4-level page table, page size support: 4KB, 64KB, and 2MB

GMMU
256-entry page walk queue (per chiplet)
128-entry page walk cache (per chiplet)
16 page walkers (per chiplet)

TB & data arrangement FT-based (FT) [13]
4
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Figure 6: Performance (bar, normalized to the 64KB page case) and remote access ratio of memory instructions (line) for various
page sizes. Each application achieves improved performance with its preferred page size (typically larger but with a lower
remote access ratio), highlighting the variability in sensitivity to page size.

Abbr. Workload Input
Size

Number
of TBs

L2$ MPKI
(4K/64K/2M)

L2 TLB MPKI
(4K/64K/2M)

STE stencil [96] 128MB 1024 6.65/6.83/11.7 1.63/1.38/0.55
3DC 3d convolution [35] 512MB 256 4.45/4.47/7.46 1.01/0.96/0.95
LPS laplace3d [18] 1.00GB 2048 4.64/4.83/8.14 1.85/1.37/1.35
PAF pathfinder [25] 1.87GB 1158 2.35/2.42/4.10 0.68/0.66/0.59
SC streamcluster [25] 2.02GB 256 16.2/16.2/28.0 4.42/4.41/4.21
BFS breadth-first-search [22] 242MB 6116 8.74/8.79/9.94 1.47/0.92/0.54
2DC 2d convolution [35] 512MB 262144 6.31/6.32/6.39 3.14/2.27/2.02
FDT fdtd2d [35] 3.01GB 1048576 7.27/7.29/7.31 3.47/3.32/2.88
BLK blackscholes [75] 310MB 62500 8.54/8.59/8.60 1.97/1.97/0.73
SSSP single source shortest path [24] 1.79GB 374178 18.6/18.7/18.8 8.31/6.27/3.57
DWT 2d dwt [25] 496MB 65536 10.4/10.5/10.5 2.37/1.58/1.06
LUD lud [25] 4.00GB 65536 1.90/1.95/2.00 0.89/0.60/0.10
ViT GEMM [75], ViT-FC [29] 60MB 8192 1.48/1.50/1.52 0.66/0.46/0.28

Shape: 8192 × 1024 × 768 (M × N × K)
RES50 GEMM [75], ResNet50-FC [38] 104MB 8192 1.23/1.32/1.37 0.54/0.52/0.18

Shape: 8192 × 1024 × 2048 (M × N × K)
GPT3 GEMM [75], GPT3-FC [21] 2.31GB 24992 0.93/0.93/0.98 0.24/0.23/0.02

Shape: 64 × 5000 × 12288 (M × N × K)

Table 2: Evaluated workloads.

commercial GPUs [13, 70], parameters are detailed in Table 1. To
support multiple page sizes, we allocate a separate TLB for each
page size. PTE pages are distributed across chiplets, as proposed in
prior work [87], to reduce remote accesses during page walks.

We evaluate 15 workloads from diverse benchmark suites [22,
25, 35, 67, 75, 96], selecting those with sufficient parallelism to
utilize a 4-chiplet GPU system. We also include several matrix op-
erations extracted from machine learning (ML) pipelines, using
matrix dimensions from fully connected layers of various ML mod-
els [21, 29, 38]. These matrix operations cover a range of shapes
and exhibit distinct memory access characteristics. Table 2 sum-
marizes the characteristics of the workloads, including total input
size, the number of threadblocks in the dominant kernel, and the L2
cache and L2 TLB MPKI (misses per kilo warp instructions) under
memory mappings with 4KB, 64KB, and 2MB pages.

3.3 Impact of Page Size in MCM Designs
Figure 7 illustrates a scenario where each threadblock (TB0–TB3),
scheduled on a different chiplet, accesses an exclusive data region
(P0–P3). In a small page configuration (Figure 7a), each data region
(P0–P3) is divided into separate pages, allowing the GPU driver to
place each page near the chiplet requesting the data.

However, this locality is compromised when large pages are
used. As shown in Figure 7b, a large page P0* spans the contiguous
regions P0–P3, assuming that the large page is four times larger than
a small page.When TB0 in chiplet-0 first accesses P0, the GPU driver
places the entire large page P0* in chiplet-0. Consequently, TB1–TB3
subsequently access their respective regions (P1–P3), which now
reside in chiplet-0, leading to remote accesses.

chiplet-3

TB3 

chiplet-0
TB0 
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TB1 

chiplet-2

TB2 

P3 
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P2 
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DRAM

(a) Data placement with
small pages.
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P3 P1 P2 P0 

(b) Data placement with
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Figure 7: Data placement with different page sizes. Utilizing
large pages can increase memory non-uniformity.

We analyze the impact of various page sizes on GPU workloads,
including standard sizes (4KB, 64KB, and 2MB) and hypothetical
sizes between 64KB and 2MB. Intermediate sizes between 4KB and
64KB are excluded due to their negligible impact in that range.
To accurately model the performance impact of hypothetical page
sizes, we add extra TLBs for each size (16 entries for L1 and 512
entries for L2). Figure 6 shows that workloads exhibit varying sensi-
tivities to page size. Workloads on the left experience a high remote
access ratio as the page size approaches 2MB, leading to perfor-
mance degradation despite reduced address translation overhead.
In contrast, workloads on the right maintain a stable remote access
ratio across page sizes and show improved performance as the page
size increases. This finding underscores the importance of adaptive
page size selection in MCM systems.
Challenges: However, determining the suitable page size for di-
verse workloads is challenging. First, the suitable page size does not
necessarily correlate with the total input size or the size of individ-
ual data structures, where a data structure refers to a GPU memory
allocation (e.g., a call to cudaMalloc() or cudaMallocManaged()).
For instance, PAF, which exhibits an irregular memory access pat-
tern, achieves the best performance with a 128KB page size, even

3DC_data-A 3DC_data-B BFS_data-C BFS_data-D
0.00
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Figure 8: Remote access ratio of memory instructions (line)
for data structures under various page sizes. Even within
a single workload (e.g., BFS), different data structures can
exhibit varying sensitivities to page size.
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though its total input is nearly 2 GB and its largest data structure
is 1.86 GB. In contrast, BLK, with regular memory access patterns,
prefers a 2MB page size, despite having a total input of only 310 MB
and individual data structures averaging just 77 MB. Second, work-
loads, such as STE, LPS, and SC, achieve higher performance with
hypothetical page sizes that are not supported in current systems.
Finally, even within a single workload, individual data structures
can prefer different page sizes due to their different characteris-
tics. Figure 8 shows the remote access ratio of two representative
data structures in 3DC and BFS under various page sizes. In 3DC,
data structures show consistent sensitivity to page size changes,
following similar trends, while in BFS, their sensitivity varies.

3.4 Chiplet-Locality in GPUWorkloads
Chiplet-locality refers to the tendency of particular groups of virtu-
ally contiguous data pages to be primarily accessed by threads on
the same chiplet, with the group granularity remaining consistent
within a data structure. Figure 9 illustrates an example of chiplet-
locality in a GPU data structure. The data structure is distributed
across different chiplets, with the GPU driver mapping each data
page to the chiplet that requests access to it. The page table shows
the mapping between virtual pages and physical frames. Notably,
four virtually contiguous pages are accessed by, and mapped to, the
same chiplet (e.g., VPN 0x100–0x103), and this pattern is repeated
across other segments (e.g., VPN 0x104–0x107).

We observe that chiplet-locality is a prevalent property of GPU
workloads. To quantify this, we measure the proportion of each data
structure’s address range that exhibits chiplet-locality across diverse
GPU workloads. Our analysis covers nearly all data structures in
each workload, calculating the proportion per structure and then
averaging across them (the group granularity may vary between
structures). Data structures smaller than 2MB are excluded, as they
typically have low access frequency and negligible impact on overall
performance. For GEMM operations, one of the three matrices (i.e.,
matrix B in C = A × B) is accessed by all threads in the kernel,
resulting in a global access pattern. We classify this case as 100%
chiplet-locality, since from the perspective of each chiplet, the entire
address space of the matrix is uniformly accessed. Each structure
is mapped using small pages (i.e., 64KB) to enable fine-grained
placement of each page onto its desired chiplet. Figure 10 shows that
GPU data structures exhibit high chiplet-locality, with an average

Chiplet-Locality
Page table

0 1 1
0 0 1
1 0 1

Data structure
(e.g., float *matrix_A = 

gpuMalloc(SIZE))

Data placement 
by the GPU driver

Physical frame
on chiplet-1

Physical frame
on chiplet-0

VPN 0x100 | PFN 0x000

VPN 0x101 | PFN 0x005

VPN 0x102 | PFN 0x009

VPN 0x103 | PFN 0x003

VPN 0x104 | PFN 0x103

VPN 0x105 | PFN 0x101

VPN 0x106 | PFN 0x107

VPN 0x107 | PFN 0x104...

Figure 9: An example of chiplet-locality in a GPU data struc-
ture. The four contiguous pages (VPNs 0x100–0x103) are pre-
dominantly accessed by chiplet-0, and this pattern appears
consistently across other regions (e.g., VPNs 0x104–0x107).
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Figure 10: Proportion of the address range of GPU data struc-
tures exhibiting chiplet-locality. The data structures typically
highly exhibit chiplet-locality.

of 93.5% of the memory range demonstrating this behavior. This
arises from the intrinsic characteristics of GPU workloads: threads
within a kernel execute the same program code, leading to similar
memory access patterns. In particular, adjacent threads (e.g., within
a threadblock located in a chiplet) tend to access spatially adjacent
memory regions [37, 51, 80, 103].

3.5 Revisiting Prior NUMA Solutions
In MCM-GPUs, numerous studies have addressed the NUMA
challenge [13, 32, 47, 87, 109, 111], but most focus primarily on one
of two key aspects of memory: physical data access, which refers to
fetching data from caches or GPU DRAM after address translation,
or the address translation itself.

First, various threadblock and data arrangement strategies [13,
47, 49] improve physical data access by enhancing data locality
within chiplets. Similarly, remote data caching schemes [109, 111]
further enhance it by storing remotely mapped data in local re-
sources. However, these approaches do not thoroughly consider
how virtual memory configurations, such as page size and address
translation, affect their effectiveness.

Other schemes aim to reduce address translation overhead by
applying NUMA-aware optimizations in GPU page table and TLB
entry placement, as well as page walk scheduling [32, 87]. While
these approaches also consider physical data access, they primarily
extend existing NUMA optimizations [47]. As a result, they assume
favorable locality and do not fully consider how translation and
data access interact under different virtual memory configurations.
In NUMA-CPU systems, prior work has sought to optimize both
physical data access and address translation by dynamically con-
structing and splitting large pages at runtime via pagemigrations—an
approach referred to as C-NUMA [28, 34]. Despite its benefits, this
approach has four major limitations.

First, C-NUMA does not consider the distinct characteristics of
individual data structures within an application. As a result, it can
exhibit suboptimal or incorrect behavior.

Second, it heavily relies on page migration, which incurs signifi-
cant overhead. Migrating pages within or across chiplets requires
costly operations such as TLB shootdowns and cache flushes. These
operations introduce additional latency and degrade the efficiency
of both physical data access and address translation, reducing over-
all GPU performance [12, 100].

Third, it provides limited flexibility, supporting only a few spe-
cific page sizes (e.g., 4KB and 2MB). Consequently, it cannot accom-
modate workloads that benefit from intermediate page sizes. Even
if such sizes were supported, it lacks a mechanism to determine the
suitable page size for a given application.
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Technique GPU- Consideration

friendly? A: Physical
data access

B: Virtual
memory

C: Interaction
between A & B

TB & data
arrangement [13, 47] ✓ ✓ △ ✗

Remote data
caching [109, 111] ✓ ✓ △ ✗

Reducing translation
overhead [32, 87] ✓ △ ✓ ✗

C-NUMA [28, 34] ✗ △ △ ✓
Our approach ✓ ✓ ✓ ✓

Table 3: Comparison with prior NUMA solutions.

Lastly, it adopts a reactive strategy, adapting its behavior to the
application’s current execution state. While this is effective in CPU
systems—where workloads are unpredictable and processes can
be rescheduled across chiplets, changing their memory access pat-
terns—it is not well-suited for GPUs. GPU schedulers do not migrate
threads across cores, since thread migration requires relaunching
threads, which incurs substantial overhead. Furthermore, as dis-
cussed in Section 3.4, GPU workloads exhibit stable and predictable
access patterns driven by massive parallelism, making C-NUMA’s
reactive approach ill-suited to GPUs. Therefore, the design direction
for more advanced solutions must be re-evaluated.
Our Approach: In this paper, we propose a new solution to im-
prove MCM GPU performance by jointly optimizing physical data
access and virtual memory management. Specifically, our design:
(1) rapidly profiles application behavior through a low-overhead
mechanism, (2) adapts to the distinct characteristics of each data
structure, (3) minimizes reliance on costly page migrations, and
(4) provides memory mapping flexibility beyond the page sizes
supported by the system.

4 Chiplet-Locality Aware Page Placement
We present CLAP, which provides the suitable page size-specifically,
the suitable level of page contiguity-for each data structure.
What is the Suitable Size?: The definition of a suitable page size
depends on the system. In this work, we define the suitable page
size for MCM GPUs as one that maximizes the benefits of large
pages (e.g., reduced address translation overhead) while preserving
data locality. As shown in Section 3.3, the best-performing configu-
ration for each workload aligns with this principle. To achieve this,
CLAP leverages chiplet-locality, which reflects how many virtually
contiguous pages can be grouped together and mapped to the same
chiplet. This enables rapid and accurate mapping size selection.

Figure 11 illustrates memory mapping under three different con-
figurations. The upper-left section (①) shows mapping with small
pages. Fine-grained mapping enables each data page to be placed at
its preferred location, exhibiting strong chiplet-locality (e.g., VPN
0x100–0x103 are mapped to chiplet-0). However, the corresponding
physical frames are scattered within the chiplet. The upper-right
section (②) shows mapping with large pages. In this case, a con-
tiguous physical frame is reserved for a large page, improving
address translation efficiency. However, this coarse-grained alloca-
tion forces unrelated regions (e.g., VPN 0x104–0x107) to reside in
the same chiplet (chiplet-0), increasing remote memory accesses.

On the other hand, the lower section (③) illustrates CLAP’s
approach. The system reserves a contiguous physical frame that

Small Pages1

chiplet-0
VPN 0x100 | PFN 0x000

VPN 0x101 | PFN 0x005

VPN 0x102 | PFN 0x009

VPN 0x103 | PFN 0x003

VPN 0x104 | PFN 0x103

VPN 0x105 | PFN 0x101

VPN 0x106 | PFN 0x107

VPN 0x107 | PFN 0x104

CLAP
Physical frame

on chiplet-0

VPN 0x100 | PFN 0x000

VPN 0x101 | PFN 0x001

VPN 0x102 | PFN 0x002

VPN 0x103 | PFN 0x003

chiplet-1

VPN 0x104 | PFN 0x104

VPN 0x105 | PFN 0x105

VPN 0x106 | PFN 0x106

VPN 0x107 | PFN 0x107

chiplet-0

VPN 0x100 | PFN 0x000

VPN 0x101 | PFN 0x001

VPN 0x102 | PFN 0x002

VPN 0x103 | PFN 0x003

VPN 0x104 | PFN 0x004

VPN 0x105 | PFN 0x005

VPN 0x106 | PFN 0x006

VPN 0x107 | PFN 0x007

Large Pages2

3

Remote

Physical frame
on chiplet-1

Figure 11: An example of memory mapping without CLAP
(top) and with CLAP (bottom). CLAP ensures that chiplet-
locality regions are mapped to contiguous physical frames.

matches the size of the chiplet-locality. CLAP then maps virtually
contiguous pages to this reserved frame, ensuring alignment be-
tween virtual and physical contiguity. This alignment effectively
functions as a large page, thereby reducing address translation
overhead without compromising memory locality.
Overview: Figure 12 presents an overview of CLAP. The memory
manager in the GPU driver is responsible for supervising memory
mappings for GPU applications. At application launch, the memory
manager begins mapping data structures (❶), but limits this to a
subset of pages. The process halts once a predefined fraction of
the total size has been mapped. This initial phase is referred to as
partial memory mapping (PMM) (❷).

During PMM, the memory manager uses small pages (e.g., 64KB)
and maps each page to the chiplet that requests access. This process
creates a sample mapping that serves as the basis for analyzing
chiplet-locality. At the same time, the memory manager sends meta-
data (e.g., allocation ID) to the Remote Tracker (RT), a hardware
component in the GPU (❸). RT collects runtime metrics, such as the
remote access ratio, which are later used to evaluate chiplet-locality
and determine the appropriate page size.

Once PMM completes, the GPU driver gathers both the current
mapping information and the RT metrics to perform memory map-
ping analysis (MMA) (❹). MMA evaluates the chiplet-locality of

GPU Driver

Application Execution Time 

1

Profiling Data placement with suitable page sizes

Hardware
GMMU

Remote Tracker

Memory Mapping Analysis
(Chiplet-locality & Page Size Selection)

Partial Memory
Mapping

Memory Manager

2

3 4

4

5

Figure 12: An overview of CLAP.
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the data structure and selects the suitable page size. Finally, the
memory manager receives the MMA result and applies it to the
remaining (unmapped) portion of the data structure (❺).

4.1 Block-based Memory Management
The memory manager employs a block-based memory management
approach that partitions the virtual address space and physical
address space into 2MB units, referred to as VA (Virtual Address)
blocks and PF (Physical Frame) blocks, respectively.

Each VA block serves as a boundary for page size assignment.
To support multiple page sizes within a virtual address space, the
memory manager assigns a specific page size to each VA block,
enforcing that all mappings within the block use that size. For
example, assigning a 64KB page size to a 2MB virtual region requires
the corresponding VA block to map all of its sub-regions with 64KB
pages. This approach simplifies tracking which page size is assigned
to each region of the virtual address space.

Similarly to VA blocks, each PF block serves as a boundary for
physical frame size assignment. When the memory manager re-
quires a physical frame of a specific size in a particular chiplet, a
free PF block within that chiplet is partitioned into multiple frames
of the size. For example, with 64KB pages, a free PF block is divided
into 32 frames of 64KB, and each frame is inserted into the corre-
sponding free list. The free lists are maintained per chiplet, with
each list containing only the frames available in its own chiplet. This
policy prevents the intermixing of different frame sizes within a PF
block and aligns frames to 2MB boundaries, thereby simplifying
frame management and reducing fragmentation.

4.2 Partial Memory Mapping (PMM)
The goal of PMM is to create a sample mapping for chiplet-locality
analysis. PMM places data pages that trigger page faults into GPU
chiplets until the total number of mapped pages reaches a prede-
fined threshold. During this phase, PMM uses small pages, allowing
each data page to be placed in the chiplet that requests access,
thereby naturally forming chiplet-locality regions.

In our implementation, PMM uses 64KB pages. This choice is rea-
sonable: 64KB pages provide data locality comparable to 4KB pages
while offering higher address translation efficiency (as shown in
Figure 6). Additionally, 64KB matches the minimum page migration
granularity supported by current commodity GPUs [74].

By default, the PMM threshold is set to 20%, meaning that 20%
of each data structure is mapped during PMM, while the remaining
80% is deferred to mapping with the suitable page size. We set the
PMM threshold to 20%, a conservative choice empirically derived to
ensure reliable chiplet-locality analysis across all evaluated work-
loads. While a 15% threshold proved sufficient in our experiments,
an additional 5% margin was included to enhance robustness. We
find that performance is largely insensitive to the PMM thresh-
old. Increasing the threshold to 30% results in only a 1.3% average
degradation, suggesting a nonlinear and weak impact. The memory
manager in the driver monitors the mapped fraction of each data
structure and triggers the memory mapping analysis phase once
the threshold is reached.
Opportunistic Large Paging (OLP): Since PMM uses 64KB pages,
data mapped in this phase misses the benefits of large pages, even

64KB page mapping
First mapping
in a VA block?

Maps the page into the reserved frame

Reserves a 2MB physical frame

chiplet-desired
= chiplet-reserved?

Yes No

Maps the page into the desired chiplet
(Uses a free 64KB physical frame)

Releases the reservation of the frameDone

Yes No

a

b
c

Figure 13: Memory mapping flow during PMM with OLP.

when 2MB mappings would be preferable. To address this, CLAP
employs opportunistic large paging (OLP), which dynamically forms
2MB pages while preserving fine-grained 64KB mappings during
PMM. Figure 13 illustrates the memory mapping flow during PMM
with OLP. When the first 64KB page in a VA block is mapped to
a chiplet (e.g., chiplet-0), the memory manager reserves a 2MB
physical frame for the entire VA block ( a○).

If subsequent 64KB pages from the same VA block are requested
by the same chiplet, they are placed into the reserved frame ( b○).
Once all 64KB pages in the block are mapped to that chiplet, the
reserved frame is promoted to a large 2MB page.

However, if a later 64KB page is requested by a different chiplet
(e.g., chiplet-1), it is mapped to that chiplet instead ( c○). Thememory
manager then releases the 2MB-frame reservation and places the
remaining unused 64KB frames back into the free list, thereby
preventing fragmentation and enabling reuse by other VA blocks.

PMM disables OLP and defaults to 64KBmapping if more than 5%
of VA blocks release their 2MB reservations. This threshold prevents
unnecessary reservation and release operations when opportunistic
large paging proves ineffective. The 5% limit is empirically derived
to ensure that the 64KB physical frames reclaimed from released
reservations (i.e., unused 64KB frames) are fully utilized during
subsequent PMM operations.

The duration of the PMM phase varies across data structures
depending on their usage patterns—some are used from the begin-
ning of execution, while others are accessed later. We define the
PMM phase endpoint as the moment when all data structures have
completed profiling. On average, the PMM phase concludes during
the early portion of execution, typically within the first 6.92% of
kernel instructions executed.

4.3 Remote Tracker (RT)
While PMM establishes a sample mapping for chiplet-locality anal-
ysis, RT verifies whether the mapping is truly local to the assigned
chiplet. This is because, even with small-page mappings, different
cache lines within a page may be accessed by threads on different
chiplets, cache lines may be shared across chiplets, or an entire data
structure may be globally shared (e.g., matrix B in GEMM).

Figure 14 illustrates the operation of RT. Upon allocation of a
GPU data structure, the memory manager assigns an allocation ID.
This ID is stored in an unused bit of the last-level page table entry
(PTE) [10, 32, 40, 57, 72, 104], allowing RT to identify which pages
belong to each allocation. The ID is concurrently forwarded to RT,
embedded within the GMMU of each chiplet, and subsequently
recorded in its internal table.

8

1047



Leveraging Chiplet-Locality for Efficient Memory Mapping in Multi-Chip Module GPUs MICRO ’25, October 18–22, 2025, Seoul, Republic of Korea

Remote Tracker

alloc. ID remote access status
0 1 (true)

Chiplet-Locality & 
Page Size Selection

GPU Driver

GMMU

Page walk request information

alloc. ID. (tag) access cnt. remote cnt.
0 98→99 74→75
1 124 7

C

D

Retrieved PTE from the page walk

Flag
allocation ID

(formerly, Unused bits)
Physical Frame Number Flags

08

Unused

9111251526263

Remote Detection
Requester chiplet ID

1

Page-mapped chiplet ID
0

A

B

Extraction

Figure 14: RT monitors remote accesses for each data struc-
ture, and the collected statistics are used for chiplet-locality
analysis and page size selection.

Once a page walk completes during address translation, an RT
table lookup is performed using the allocation ID extracted from
the PTE and a remote-access status, which specifies whether the
page walk request targets a remote-mapped page ( A○). Since the
PFN (Physical Frame Number) in the PTE encodes the chiplet ID to
which the page is mapped (i.e., the two MSBs of the channel bits in
Figure 4), the request can be classified as local or remote by com-
paring the page-mapped chiplet ID against the requester chiplet ID
from which the memory request originated ( B○). If a match is found
in the RT table, RT increments the corresponding access counter
and additionally updates the remote counter when the access is
identified as remote ( C○). When the PMM phase completes and
the driver initiates chiplet-locality analysis for a given allocation
(i.e., a data structure), each RT forwards the recorded statistics to
the GPU driver and clears the corresponding table entry ( D○). RT
communicates with the driver through the host–GMMU interface,
which is already employed in GPUs [2, 3].

RT collects statistics based on page walks. Because RT resides
within the GMMU—where page walks occur and all required meta-
data (e.g., allocation ID) is readily available, it avoids the need to
propagate this information through packets to other components.
RT focuses on estimating the ratio of remote accesses rather than
the absolute count or hotness of data structures, making page walk-
based counting sufficient for this purpose. We observe that the
estimated ratio closely approximates the actual remote access ratio,
with a similarity of 95.3%. Each RT includes a 32-entry table in our
baseline. This configuration is derived from our evaluation; while
a 16-entry table suffices for the evaluated workloads, a 32-entry
table provides additional flexibility. When the table is full and a
new allocation ID requires insertion, RT replaces the least recently
updated entry based on the remote counter. This replacement pol-
icy is well aligned with RT’s goal of tracking data structures with
higher remote access intensity. Upon eviction, the remote ratio of
the corresponding entry (i.e., allocation ID) is treated as zero. As an
optional feature, evicted entries can be logged to the GPU driver to
mitigate data loss, although this option is disabled in our baseline.
Benefits and Overheads: This hardware-based approach offers
two advantages over prior software-based profiling techniques [28,
34]. First, RT collects statistics on a per–data structure basis. Second,
it eliminates the need for frequent software interventions, which
would degrade GPU performance [56]. A single RT requires 288
bytes, with each entry consisting of an 8-bit allocation ID field

(baseline) and two 32-bit counters. We estimate the area overhead
of a single RT by implementing its Verilog model and synthesizing
it with a 28nm UMC standard-cell library [99]. The resulting area
is 0.0124mm2, accounting for approximately 0.0015% of a modern
GPU die (∼800mm2) [71, 73]. RT lookup takes only two cycles: one
for indexing and one for updating. RT is not on the critical path of
memory accesses and does not require inter-RT synchronization.

Modern PTEs include 13 reserved bits (11 unused + 2 ignored) [10,
40, 57, 104]. To demonstrate that these bits suffice to encode allo-
cation IDs, we profile diverse GPU applications—particularly LLM
inference[54]—which involve multiple GPUmemory allocations. By
varying inputs, model types [43, 98, 110], and scaling parameters up
to 30 billion, we observe up to around 300 GPU allocations, which
is well within the capacity of the reserved bits. This figure reflects
the total allocations across the entire execution, so the number of
concurrent active allocations is likely much smaller.

4.4 Memory Mapping Analysis (MMA)
MMA infers the chiplet-locality of a data structure from the pages
mapped during PMM and determines the suitable page size.
Tree-Based Chiplet-Locality Analysis When the number of
mapped data pages for a data structure reaches the PMM threshold
(20%), the GPU driver invokes MMA to evaluate chiplet-locality.
MMA examines VA blocks of the data structure, in which all 64KB
subpages are fully mapped, and computes their chiplet-locality
using a tree-based algorithm. Figure 15 illustrates the workflow of
the algorithm using a simplified example of a 512KB VA block. The
tree structure, which holds page-to-chiplet mapping information,
is explicitly maintained in the host and is updated by the memory
managerwhen data pages aremapped to GPUs. The tree’s leaf nodes
represent contiguous 64KB VA regions, with each node storing the
chiplet ID to which its corresponding region is mapped (❶). At
each internal node, the chiplet IDs of its child nodes are aggregated
into counts (❷). Each internal node is then assigned a locality score
(𝑠𝑐𝑜𝑟𝑒 (𝑙)), computed using the following Eq (1), where 𝑛 denotes
the total number of chiplets in the system and 𝑙 indicates the tree
level of the internal node (❸).

𝑠𝑐𝑜𝑟𝑒 (𝑙) = max(𝐶1,𝐶2, . . . ,𝐶𝑛)
#leaf_nodes(l)

(1)

The locality score at each node quantifies the proportion of its
descendant leaf nodes that are mapped to the same chiplet. A score
of ‘1’ indicates that all corresponding 64KB pages have been entirely
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Figure 15: An example of the tree-based algorithm for chiplet-
locality analysis on a 512KB VA region.
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mapped to a single chiplet. MMA computes the average locality
score at each level of the tree (𝑠𝑐𝑜𝑟𝑒avg (𝑙)), which represents the
proportion of 64KB pages correctly mapped to their target chiplets
under a power-of-two page size (❹). Based on these averages, MMA
determines the chiplet-locality of the data structure by selecting the
highest level in the tree where the average score meets or exceeds
a predefined threshold (𝑡ℎ𝑟𝑒𝑠), as formulated in Eq (2).

max
𝑙

𝑙 s.t. 𝑠𝑐𝑜𝑟𝑒avg (𝑙) ≥ 𝑡ℎ𝑟𝑒𝑠 (2)

By default, this threshold is set to ‘1’, ensuring that all 64KB leaf
pages beneath the selected level (i.e., the selected size) are mapped
entirely to their corresponding chiplets (❺). This allows MMA to
identify the largest page size that preserves chiplet-locality. When
analyzing multiple VA blocks, MMA computes the chiplet-locality
of each VA block and selects the most dominant degree as the
chiplet-locality for the data structure.
With Remote Tracker: In some cases, a data structure may inher-
ently incur high remote accesses regardless of its mapping strategy
due to its shared characteristics between threads (e.g. matrix B in
GEMM). In such scenarios, increasing the page size becomes a more
effective solution, as it reduces address translation overhead even in
the absence of strong locality. To support this, MMA incorporates
remote access statistics from RT. It aggregates counter statistics
from RTs and computes the remote access ratio (𝑟𝑎𝑡𝑖𝑜rt) for the data
structure. MMA then refines the chiplet-locality selection criterion
in Eq (2) by subtracting the remote access ratio 𝑟𝑎𝑡𝑖𝑜rt from the
threshold 𝑡ℎ𝑟𝑒𝑠 . This derivation proceeds as follows.

𝑘 (𝑡ℎ𝑟𝑒𝑠 − 𝑠𝑐𝑜𝑟𝑒avg (𝑙)) − 𝑟𝑎𝑡𝑖𝑜rt ≤ 𝑟𝑎𝑡𝑖𝑜target (3)

In Eq.(3), 𝑘 (𝑡ℎ𝑟𝑒𝑠 − 𝑠𝑐𝑜𝑟𝑒avg (𝑙)) represents the expected remote
access ratio when the system uses level 𝑙 as the page size in memory
mapping, where 𝑘 is a scaling parameter. After subtracting the
inherent remote access ratio (𝑟𝑎𝑡𝑖𝑜rt), the remaining ratio must
be no greater than CLAP’s target remote access ratio (𝑟𝑎𝑡𝑖𝑜target).
Rearranging Eq (3) yields Eq (4), which replaces the condition in
Eq (2). In our implementation, we set 𝑟𝑎𝑡𝑖𝑜target = 0 and 𝑘 = 1.

𝑠𝑐𝑜𝑟𝑒avg (𝑙) ≥ 𝑡ℎ𝑟𝑒𝑠 −
𝑟𝑎𝑡𝑖𝑜rt + 𝑟𝑎𝑡𝑖𝑜target

𝑘
(4)

Because the original threshold of ‘1’ enforces that the mapping
strategy adheres to chiplet-locality, modifying the selection condi-
tion relaxes this constraint, increasing the likelihood of selecting
larger page sizes. In Figure 15, if the remote access ratio of the data
structure is 0.75, MMA reformulates the selection criterion so that
the effective threshold is reduced to 0.25 (i.e., 1.00 − 0.75), resulting
in the selection of the 512KB level as the suitable page size.
Benefits andOverheads:MMAoperates in the backgroundwithin
the GPU driver, allowing GPU applications to execute without in-
terruption or stalls. Specifically, the chiplet-locality tree for each
2MB VA block is incrementally updated whenever a leaf node (i.e.,
a 64KB page) is mapped to GPU memory. We estimate this updat-
ing overhead using a CPU implementation, which takes less than
1µs per update (typically around 0.4µs). This latency is entirely
overlapped with the page mapping process, including page table
updates and GPU memory zeroing, which takes approximately 3µs,
as measured using NVIDIA UVM on commodity GPUs [71, 73].
Additional operations, such as locality score calculation and page
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Figure 16: Memory mapping flow with a 256KB page size.

size selection on the tree structure, incur less than 1µs of overhead
and are also fully hidden.

4.5 Applying the Selected Page Size
The memory manager receives the page size selected by MMA and
uses it to map the remaining portion of the data structure. The
selected page size can span a wide range, including intermediate
sizes that are not natively supported by current GPUs (e.g., 128KB
to 1MB). In particular, supporting intermediate sizes would require
significant changes to both the page table and the GMMU, reducing
compatibility with existing GPU systems. To address this, CLAP
constructs a large-page-like region by grouping conventional small
pages (i.e.g, 64KB pages).

Figure 16 illustrates a memory mapping example with a 256KB
page size. A VA block is assigned a 256KB page size, and logically
partitioned into multiple 256KB VA regions (①). When the first
64KB page in a 256KB VA region requires mapping to GPU memory
(e.g., into chiplet-0), the memory manager retrieves a free 256KB
physical frame from the corresponding free list (②). If no free frame
is available, the manager fills the list by partitioning a free PF
block in that chiplet into multiple 256KB frames (③). The retrieved
256KB frame is reserved for the VA region, and subsequent 64KB
sub-regions within that VA region are mapped on demand into
the reserved frame using conventional 64KB pages (④). This strat-
egy constructs a 256KB page-like block that is both virtually and
physically contiguous.
Handling Edge Cases: In rare cases, CLAP may fail to perform
MMA when none of the VA blocks of a data structure are fully
mapped during PMM. Similarly, small allocations (typically less
than 10MB) may also lack sufficient 2MB VA blocks for meaning-
ful analysis. In such scenarios, CLAP falls back to opportunistic
large paging (OLP), as described in Section 4.2. OLP dynamically
exploits chiplet-locality by opportunistically forming large pages
while maintaining fine-grained mapping, effectively addressing
these cases. In our evaluation, using OLP in these edge cases re-
sults in only a 1.1% performance difference compared to an ideally
selected page size.

4.6 Cooperation with TLB Coalescing
As CLAP supports diverse page sizes (i.e., groups of contiguous
pages), it requires corresponding architectural support to fully lever-
age their benefits. While a 2MB-sized group of contiguous pages
can be promoted to a true 2MB page—already supported in cur-
rent GPUs [69], intermediate-sized groups (e.g., 256KB) cannot.
Even if such intermediate sizes were supported, they would require
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Figure 17: TLB coalescing flow. CLAP leverages coalescing to
exploit deliberately mapped contiguous pages, enabling the
benefits of larger effective pages.

additional TLB structures, incurring storage overhead and caus-
ing resource underutilization when unused. To address this, CLAP
adopts a CLAP-specific TLB coalescing mechanism.

Figure 17 illustrates how TLB coalescing collaborates with CLAP,
using an example of a 256KB-sized group.When a pagewalk request
for VPN 0x103 is issued, the pagewalker retrieves the corresponding
PTEs and loads them into the L2 cache. Because GPUs use 128B
cache lines (consisting of four 32B sectors), sixteen 8-byte PTEs are
fetched and packed into a single cache line ( A○). The coalescing
logic in the TLB controller then inspects the fetched PTEs to detect
contiguous mappings. Once contiguity is confirmed, these PTEs are
coalesced and inserted into the TLB as a single coalesced entry ( B○).
This entry records the covered virtual range using a set of valid bits,
and a coalesced TLB entry can represent up to sixteen contiguous
pages (up to 1MB). In case of a TLB hit in a coalesced entry, the TLB
controller reconstructs the corresponding VPN and PPN through bit
concatenation and addition ( C○). This approach exploits deliberately
mapped contiguous pages, effectively extending the coverage of a
single TLB entry. In the case of a 2MB-sized group, the memory
manager promotes it to a 2MB page [69] and inserts it into the TLB
for 2MB pages.
Benefits and Overheads: Since CLAP employs reservation-based
mapping, pages within a reserved region preserve the same virtual-
to-physical offset. This allows the hardware to coalesce even par-
tially contiguous PTEs into a single entry. To estimate the hardware
cost of supporting CLAP’s coalescing mechanism, we evaluate two
components. First, we implement Verilog models of the additional
TLB controller logic (i.e., coalescing, concatenation, and addition
units) and synthesize them using the 28nm UMC standard-cell li-
brary [99]. The synthesized design occupies 0.0024mm2, accounting
for 0.0003% of the GPU die area [71, 73]. Second, we estimate the
extended L2 TLB memory-cell area using CACTI [19], finding that
the modification increases the area by 8.98%. For comparison, in-
creasing the L2 TLB size by an equivalent area overhead yields
only a 2.31% performance improvement, demonstrating that CLAP
achieves higher efficiency.

4.7 Discussion
Memory Fragmentation: CLAP is designed to mitigate both ex-
ternal and internal fragmentation through the following design
choices. Because CLAP determines the suitable page size for each
data structure, the memory manager maps that structure exclu-
sively with physical frames of the chosen size. Accordingly, the

manager can maintain a dedicated free list per data structure. When
a free PF block is split into multiple free frames, all frames are in-
serted into the same list, ensuring that the PF block is used by a
single data structure. As a result, when the structure is deallocated,
the manager can reclaim the entire PF block and reassign it to other
data structures without fragmentation.

Internal fragmentation may occur when a reserved physical
frame is not fully utilized. However, CLAP reserves physical frames
exclusively for virtual address regions that are at least partially
mapped to GPU memory. Such regions are substantially more likely
to be fully utilized during execution. We evaluate the total number
of PF blocks consumed under different paging schemes and find that
CLAP increases memory usage by only 0.57% and 1.27% on average,
relative to the 64KB and 2MB static paging schemes, respectively.
Scalability:Although our baseline implementation of CLAP adopts
64KB as the base page size, its core mechanisms-including block-
based mapping, physical frame reservation, and tree-based chiplet-
locality analysis—are scalable to both smaller and larger base page
sizes. For example, CLAP can be adapted to support 4KB base pages,
enabling finer-grained page sizes between 4KB and 64KB. Con-
versely, by increasing the base page size to 2MB and adjusting the
VA and PF block sizes to 1GB, CLAP can support large pages up to
1GB, maximizing the benefits of large-page mappings.
Data Initialization: For a data structure, memory access pat-
terns may differ between the initialization and computation phases.
However, GPU workloads typically initialize input data on the
CPU.Output data structures are inherently part of the computation
phase and thus naturally follow the kernel’s memory access pat-
tern. These features allow CLAP to capture representative memory
access patterns during profiling.
Chiplet Memory Exhaustion: A potential corner case arise when
a group of pages needs to be mapped into a chiplet whose physical
frames are fully occupied. In such cases, if free frames exist on
another chiplet, CLAP maps the pages to those frames instead.
While this reduces memory locality, migrating already-mapped
pages would both degrade locality and incur additional overhead,
such as TLB shootdowns. This scenario is rare in practice because
GPU data structures are typically accessed in a balanced manner by
threads across chiplets. As a result, when mappings follow locality-
as in CLAP-they naturally lead to well-distributed pages across
chiplets, consistent with previous observations [108].

Another case can arise when (1) all chiplets’ memory spaces are
fully utilized, such as under memory oversubscription in UVM [3,
11, 17, 33, 50, 62, 91], or (2) pages of a data structure must be mapped
to a specific chiplet because the structure is in the profiling phase.
In the first case, CLAP migrates page groups, whose size matches
that of the group currently being mapped, to the host memory.
The memory manager selects migration targets from pages whose
profiling has already completed, prioritizing those least recently
mapped to the GPU [3]. In the second case, CLAP employs the same
migration mechanism, but pages can instead be migrated to another
chiplet if free physical frames are available there. The destination
chiplet is selected as the one with the fewest mapped pages, thereby
improving balance in memory usage across chiplets.
Cooperationwith aMulti-PageTLB:While our baseline assumes
separate TLBs for each page size (e.g., a 64KB TLB and a 2MB
TLB), CLAP can also operates with multi-page TLB designs [26,
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Figure 18: Performance (bar, normalized to S-64KB) and remote access ratio of memory instructions (line) for different
configurations.

84, 92], which store TLB entries of different page sizes in a single
structure. Since prior work have suggested how the TLB coalescing
mechanism [86] can be applied to multi-page TLBs [26], CLAP can
naturally build upon these techniques to extend its own coalescing
mechanism to such designs.

5 Evaluation
We compare CLAP with eight alternative configurations, as detailed
below. Unless otherwise specified, all configurations use 64KB as
the base page size. For prior works, we adopt the strategies proposed
in each paper to determine the target chiplet for each data page,
while preserving demand paging.
1 & 2. Static Paging (S-64KB & S-2MB): These configurations
employ a fixed page size (either 64KB or 2MB) for memory mapping.
All other system settings remain consistent with the baseline.
3&4. Ideal C-NUMA (Ideal_C-NUMA& Ideal_C-NUMA+inter):
C-NUMA [28, 34] dynamically adjusts page sizes during runtime
through page migration. In our evaluation, we implement an ideal-
ized version of C-NUMA (Ideal_C-NUMA), by assuming zero latency
for all migration-related operations, including TLB shootdowns and
cache flushes. We also evaluate a hypothetical variant that supports
intermediate page sizes by gradually adapting them based on run-
time behavior (Ideal_C-NUMA+inter).
5. GRIT: GRIT [104], originally proposed for multi-GPU systems,
records page access history and leverages it to guide page migration
for improved data locality. We adapt GRIT for MCM GPU systems,
omitting page duplication, which is not feasible under a unified
page table architecture. As with Ideal C-NUMA, we assume ideal
page migration with zero latency.
6. MGvm:MGvm [87] focuses on enhancing address translation
efficiency in MCM GPUs. It reduces remote accesses along the
address translation path by optimizing the placement of PTE pages
and the distribution of TLB entries across chiplets.
7. Barre-Chord (F-Barre): Barre-Chord [32] reduces address trans-
lation overhead in MCM GPUs by coalescing translations for uni-
formly interleaved pages across multiple chiplets.
8. CLAP (Ours): CLAP determines the suitable page size for each
data structure by leveraging chiplet-locality. To support intermedi-
ate page sizes, we enhance the 64KB TLBs with coalescing.
9. Ideal: We define an ‘Ideal’, where data pages are mapped using
small sizes (i.e., 64KB) but provides address translation as large
pages (i.e., 2MB). This setup enables fine-grained data placement
while maintaining high translation efficiency.

5.1 Performance
Figure 18 presents the overall performance and remote access ratio
across all configurations. CLAP outperforms static paging schemes,

achieving an average performance gain of 17.5% over 64KB pages
and 19.2% over 2MB pages.
Detailed Analysis: Table 4 shows the page sizes selected by CLAP
for the three largest data structures in each workload. These struc-
tures consistently correspond to those most frequently accessed.
The selected page sizes generally align with the trends observed
in Figure 6. Supporting a suitable page size (i.e., the suitable level
of page contiguity) for each workload helps maintain the remote
access ratio at its lowest level. For instance, in the case of BFS, the
static 2MB paging scheme increases the remote access ratio due
to suboptimal mapping of the third-largest data structure. CLAP
mitigates this issue by assigning a 64KB page size to that structure.
A similar pattern is observed in ViT.

Cases where opportunistic large paging (OLP) is applied due
to insufficient chiplet-locality analysis (i.e., MMA failure) are indi-
cated in italic and bold text in Table 4. Such cases typically occur
in small data structures (e.g., less than 10MB), where limited mem-
ory size prevents reliable analysis. CLAP effectively handles these
structures using OLP, which uses 64KB pages for fine-grained map-
ping, as observed in PAF, SC, and BFS. In contrast, LUD contains
large data structures but maps only a portion of multiple 2MB VA
blocks during PMM, resulting in insufficient analysis. In this case,
CLAP applies OLP to dynamically construct large pages, ultimately
providing 2MB pages. These results demonstrate that CLAP can
effectively provide appropriate paging even in edge cases.

In ML workloads, matrix-B, shared across all threads in a kernel,
is assigned 2MB large pages by CLAP, which is beneficial for inter-
chiplet shared data structures. In contrast, matrix-A and matrix-C
result in insufficient chiplet-locality analysis, as only partial regions
of multiple 2MB VA blocks are mapped during PMM. However,
CLAP’s dynamic chiplet-locality tracking via OLP successfully as-
signs appropriate page sizes for these matrices. For GPT3, which
includes a large matrix-A (2.3GB) and a moderate matrix-B (96MB),
OLP results in 2MB pages for both. In contrast, for ViT, which has
a small matrix-A (3MB) and a moderate matrix-C (32MB), OLP
provides 64KB and 2MB page sizes, respectively.
Compared to NUMA Paging in CPUs: CLAP outperforms ideal
C-NUMA and its variant with intermediate page size support by

Abbr. Page Size Abbr. Page Size Abbr. Page Size
STE 256KB/256KB 3DC 64KB/64KB LPS 256KB/256KB
PAF 128KB/64KB/64KB SC 128KB/64KB/64KB BFS 2MB/2MB/64KB
2DC 2MB, 2MB FDT 2MB, 2MB, 2MB BLK 2MB, 2MB, 2MB
SSSP 2MB, 2MB, 2MB DWT 2MB, 2MB, 2MB LUD 2MB

ViT matrix A/B/C RES50 matrix A/B/C GPT3 matrix A/B/C
64KB/2MB/ 2MB 2MB/2MB/ 2MB 2MB/2MB/ 2MB

Table 4: The determined page sizes with CLAP for the three
largest data structures in each workload. Italic and bold text
indicates paging results with OLP.
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11.9% and 8.5%, respectively. C-NUMA adjusts page sizes globally,
without considering individual data structures, which is subopti-
mal when different structures within a workload prefer different
sizes, as observed in BFS and ViT. Moreover, its lack of support for
intermediate page sizes further limits performance, especially in
STE, LPS, PAF, and SC. While intermediate page size support for
C-NUMA helps narrow the gap, as seen in STE and LPS, a perfor-
mance disparity remains. This is because C-NUMA cannot quickly
identify the appropriate page size, instead requiring additional time
to converge. In contrast, CLAP efficiently assigns appropriate page
sizes by leveraging chiplet-locality. Additionally, C-NUMA’s opti-
mization fundamentally relies on page migration within or between
chiplets. These migrations trigger frequent TLB shootdowns and
cache flushes, diminishing overall memory system efficiency, even
without explicitly modeling their latency.
Compared to Prior Work in Multi-GPUs: CLAP outperforms
GRIT by 17.1%. While GRIT maintains high data locality by placing
pages in appropriate chiplets, its performance gains are limited
due to its fixed page size. Without page size adaptation, GRIT can-
not exploit the benefits of large pages, resulting in performance
nearly identical to the static 64KB paging scheme. In contrast, CLAP
combines high data locality with large page support.
Compared to Prior Works in MCM GPUs: CLAP outperforms
MGvm by 24.8% and F-Barre by 13.8%. MGvm enhances TLB effi-
ciency by optimizing the placement of TLB entries, whereas CLAP
achieves greater efficiency by leveraging larger page sizes. F-Barre
identifies memory mapping patterns across interleaved pages dis-
tributed among chiplets and utilizes them to improve translation
efficiency. In contrast, CLAP provides more consistent benefits by
coalescing deliberately mapped contiguous pages or promoting
them into large pages, which is particularly effective when consid-
ering data locality across adjacent pages [13, 37, 103]. Importantly,
while bothMGvm and F-Barre support multiple page sizes, they lack
flexibility: neither do not support intermediate page sizes and both
apply a single, global page size across all data structures without
page size adaptation.
Compared to Ideal: The average performance gap between CLAP
and Ideal is 5.78%. Workloads such as 2DC, FDT, and BLK approach
the Ideal because they inherently benefit from large pages. In con-
trast, workloads such as STE, LPS, and SC exhibit relatively larger
gaps, as they favor smaller page sizes to preserve data locality.
Because small pages cannot provide the same level of address trans-
lation efficiency as 2MB pages, this gap remains, even though CLAP
narrows it by supporting intermediate page sizes. This gap can-
not be closed by page size selection alone, but it could be further
reduced through complementary techniques such as address trans-
lation optimizations [46, 55, 59, 85, 93, 94].

5.2 Sensitive Analysis
Applying to Static-Analysis-based Approach: While CLAP uti-
lizes a profiling-basedmethodwith first-touch–based pagemapping
(FT policy) [13], its contribution is not tied to the mapping strategy
itself; it can be extended to work with other strategies, such as
static-analysis–based approaches (SA policy) [17, 47].

To demonstrate this, we first implement SA policy by combining
two prior techniques: LASP [47] and SUV [17]. LASP identifies
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Figure 19: Performance (bar, normalized to SA-64KB) and
remote access ratio (line) for configurations based on static
approaches [17, 47]. CLAP-SAmaximizes the benefit of static
approaches through suitable page size selection, while CLAP-
SA++ extends support for irregular workloads through run-
time profiling.

locality patterns in the relationship between threadblocks and data
using code-level variables, whereas SUV leverages LLVM IR [63]
to statically compute the memory ranges accessed by each thread.
Based on these analyses, SA policy places threadblocks and data
pages according to their predicted mappings. We then replace the
memory mapping policy in CLAP’s profiling phase with SA policy,
while retaining the same tree-based algorithm for MMA (CLAP-
SA). CLAP-SA selects the appropriate page size based on the stati-
cally predicted placement and sharing patterns of data pages, and
applies this page size for memory mapping.

Determining the suitable page size remains critical under SA
policy. As shown in Figure 19, which compares CLAP-SA against
SA policies using fixed 64KB and 2MB page sizes (SA-64KB &
SA-2MB), workloads such as STE, 3DC, and LPS exhibit high re-
mote accesses when using 2MB pages. This occurs because, even
if the placement range of a data structure is statically identified,
the actual mapping must conform to page granularity; thus, an
inappropriate page size can cause unintended misalignment. CLAP-
SA addresses this by selecting a suitable page size that preserves
the predicted data placement while adding flexibility through sup-
port for intermediate sizes. With these benefits, CLAP-SA achieves
average speedups of 18.8% and 16.1% over SA-64KB and SA-2MB,
respectively. This result demonstrates the effectiveness of CLAP’s
core idea-providing the suitable page size-even under a different ap-
proach. Notably, it also exhibits the potential applicability of CLAP
to diverse programming models, including conventional copy-and-
execute models without demand paging, where static profiling can
be applied proactively prior to kernel launch.

In addition, a static-only approach has a fundamental limitation:
it cannot effectively analyze data structures with irregular mem-
ory access patterns, such as those involving pointer chasing. This
leads to high remote access ratios for workloads such as PAF, SC,
and SSSP. To overcome this, we enhance CLAP-SA by incorporat-
ing CLAP’s runtime profiling for data structures with irregular
patterns (CLAP-SA++). CLAP-SA++ complements the static-only
approach by handling irregular CLAP-SA++ complements the static-
only approach by handling irregular workloads, achieving average
speedups of 23.7% and 21.0% over SA-64KB and SA-2MB, respec-
tively, and reducing the remote access ratio to 13.6Overall, this
presents a hybrid solution that combines static analysis with brief
runtime profiling.
CooperationwithPageMigrations:Dynamic adjustment through
page migration can be effective when the usage pattern of a data
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Figure 20: Performance (bar) and remote access ratio (line) for
different configurations. The workload (GEMM, 8192 × 768
× 1024) reuses a portion of the data structure from previous
kernels, resulting in a different memory access pattern.

2.122.21 2.12

Figure 21: Performance of various remote caching schemes
under static 2MB paging and CLAP. Results are normalized
to static 2MB paging without remote caching.

structure changes during execution, particularly when the struc-
ture is shared across multiple GPU kernels. In practice, however,
such dynamic changes are relatively uncommon, as memory ac-
cess patterns tend to remain consistent within an application [47].
Nevertheless, to explore CLAP’s potential in rare but impactful
scenarios, we investigate an extension that incorporates page mi-
gration. We consider a challenging scenario for CLAP, where a data
structure is reused across kernels with a different memory access
pattern. As a concrete example, we assume that the output matrix
C* from a GEMM operation is reused in the subsequent GEMM
kernel, but only one quarter of the matrix is accessed.

Figure 20 presents a performance comparison of different con-
figurations, explicitly accounting for page migration overhead [45].
CLAP improves performance by 19.4% by selecting appropriate page
sizes for newly mapped data structures. However, it cannot remap
matrix C* assigned in the previous kernel, resulting in high remote
accesses. In contrast, C-NUMA and GRIT mitigate remote accesses
by relocating matrix C*, with a few page migrations, achieving
speedups of 22.4% and 10.1%, respectively. In this context, we extend
CLAP with C-NUMA-based page migration (CLAP+migration),
applying migration only to data structures shared across multi-
ple kernels. This selective approach successfully remaps matrix
C*, reduces remote accesses, and improves performance by 34.7%.
Because CLAP already avoids unnecessary migrations through ap-
propriate page size selection, combining it with selective migration
provides a practical alternative for dynamic workloads.
Cooperation with Prior Caching Schemes: CLAP is orthogonal
to various prior techniques [64, 90, 106, 109, 111], enabling further
improvements in their efficiency. We integrate two state-of-the-art
remote caching schemes (NUBA [111] and SAC [109]) and compare
their performance under static 2MB paging and CLAP. As shown in
Figure 21, CLAP significantly boosts their effectiveness by reducing
remote accesses prior to caching (NUBA: 4.8% to 23.9%, SAC: 4.3%
to 24.1%), allowing each scheme to better realize its potential.
Number of Chiplets: We evaluate CLAP on an 8-chip MCM GPU,
excluding 3DC and SC due to insufficient parallelism (i.e., too few
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Figure 22: Performance (bar, normalized to S-64KB) and re-
mote access ratio (line) comparison in an 8-chipMCMdesign.

TBs per kernel to fully utilize all chiplets). As shown in Figure 22,
CLAP achieves 13.3% and 21.5% speedups over static 64KB and 2MB
paging schemes. Notably, the performance gap between CLAP and
the 2MB paging scheme widens compared to the 4-chiplet configu-
ration, indicating that indiscriminate use of large pages becomes
detrimental as system scale grows. These results underscore the im-
portance of adaptive page size management and reinforce CLAP’s
relevance for future large-scale MCM GPUs.

6 Related Work
Optimizing Multi-GPU Systems: Numerous studies have pro-
posed strategies to mitigate memory non-uniformity in multi-GPU
systems through optimized thread and data placement [49, 102],
improvements in inter-GPU communication [30, 65, 66], remote
caching mechanisms [64, 106], and page migration strategies [20,
104, 105]. We expect that our findings can complement and enhance
the effectiveness of these approaches, even in different types of
NUMA GPU systems.
Optimizing Address Translation in GPUs: Prior work has fo-
cused on reducing address translation overhead in GPUs by ex-
tending TLB reach [15, 16, 41, 52, 56, 58, 59, 61], optimizing page
walks [31, 42, 55, 57, 60, 93, 94], and applying speculative trans-
lation [85]. These techniques are orthogonal to CLAP and can be
integrated to further reduce address translation costs.

7 Conclusion
We show that page size selection inmemorymapping plays a critical
role in MCM GPUs, as inappropriate sizes can exacerbate data
misplacement across chiplets and amplify memory non-uniformity.
To address this challenge, we propose CLAP, a mechanism that
optimizes page sizes to harness the benefits of large pages without
compromising locality. CLAP leverages chiplet-locality, a unique
property of GPU data structures, to enable accurate and efficient
page size selection. Our evaluation shows that CLAP improves
performance by up to 19.2% over prior paging schemes.
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