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Abstract—The exponential growth of deep learning models
imposes severe memory constraints on GPUs, significantly in-
creasing training costs. The prevailing solution for addressing
memory constraints is tensor offloading, exemplified by ZeRO-
Infinity, which leverages GPUs, CPUs, and NVMe SSDs to enable
large-scale model training. However, ZeRO-Infinity faces signifi-
cant performance bottlenecks due to memory access imbalance,
coarse-grained tensor transfers, NVMe bandwidth and latency
limits, and software complexity. Compute Express Link (CXL)
emerges as a promising technology for building disaggregated
memory pools, yet its integration into large-scale training remains
underexplored.

This paper introduces an efficient CXL memory pool into
the system for tensor offloading and leveraging CXL proto-
col features for hardware acceleration. The proposed design
incorporates NUMA-aware memory allocation and a Dynamic
Adaptive Pipelining (DAP) strategy to enhance communica-
tion–computation overlap, along with a hybrid object-based
memory management scheme to mitigate fragmentation and
improve allocation efficiency. Experimental evaluation on an 8-
GPU system with CXL Type-3 expansion cards demonstrates up
to 72.7% throughput improvement, 62.9% latency reduction, and
support for training 1.14× larger models compared with SSD-
based ZeRO-Infinity. This is the first work to integrate CXL with
ZeRO-Infinity for large-scale training, offering practical insights
for future CXL-based heterogeneous systems.

Index Terms—Deep learning, tensor offloading, ZeRO-Infinity,
CXL, CXL memory pool, hardware acceleration
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I. INTRODUCTION

DEEP learning [1] models have experienced exponential
growth, with state-of-the-art models reaching hundreds

of billions, or even trillions [2], [3], of parameters. This
exponential growth in parameters demands substantial com-
putational resources, resulting in memory bottlenecks and in-
creased communication overhead. Consequently, training such
models requires costly multi-GPU, multi-node clusters, often
inaccessible to many researchers. The current generation of
GPU memory for regular training ranges from 16 GB to 80
GB, and the GPU memory wall problem [2], [4] is extremely
prevalent. Researchers have explored alternative strategies,
such as memory offloading, to mitigate the GPU memory wall.

Currently, achieving linear scalability of GPU memory
is impractical [5]. Augmenting memory capacity generally
results in a considerable increase in cost, especially for high-
bandwidth memory (e.g., HBM), where the cost increases
non-linearly. Moreover, as memory capacity increases, GPU
power consumption and heat generation also escalate, posing
significant challenges for thermal management in hardware de-
sign. Additionally, the expansion of high-speed memory com-
plicates hardware architecture, imposes electrical constraints,
and necessitates enhanced software support. Researchers have
turned to alternative strategies, such as tensor offloading [6]–
[8], to mitigate the GPU memory wall.

Tensor offloading is a cost-effective technique, especially
when model memory requirements exceed system limits.
It involves transferring tensor data from GPU memory to
slower storage tiers, such as CPU memory or SSDs, during
computation. The most prominent approach to model scaling
is ZeRO-Infinity [2], [3], [9]–[11], which extends model
memory capacity by offloading model parameters, optimizer
states, and gradients to CPU memory and NVMe SSDs.
While ZeRO-Infinity has demonstrated impressive scalability,
it still faces performance bottlenecks. First, while NVMe SSDs
provide high-capacity storage expansion, their bandwidth and
latency restrict the efficiency of model parameter transfers
and overall training speed [12], [13]. Second, coarse-grained
tensor transfers, which typically involve transferring large
chunks of model parameters at once, can result in unbalanced
memory access and high data latency. Additionally, data
transfer between GPUs and SSDs often involves replication
of model parameters, and frequent replication operations not
only increase transfer latency but also consume computational
and storage resources. Finally, ZeRO-Infinity relies on a
complex software stack [14], [15] to manage data transfers



2

across GPUs, CPUs, and storage media (e.g., NVMe SSDs),
which not only complicates development and debugging but
also introduces additional communication overhead, negatively
impacting overall performance. These challenges are further
exacerbated in multi-GPU systems, where the effects of Non-
Uniform Memory Access (NUMA) add significant complexity.

These limitations underscore the need for a next-generation
interconnect that combines high bandwidth, low latency, and
native memory semantics to enable efficient large-scale of-
floading. Compute Express Link (CXL) [16]–[20] is an open,
industry-standard interconnect built on PCIe, designed to
provide coherent and efficient communication among CPUs,
accelerators, and memory devices. A key feature of CXL
is the memory pooling [21]–[23], which enables efficient
utilization and flexible expansion of memory resources in
heterogeneous computing environments [24]. These charac-
teristics make CXL an attractive candidate for overcoming
the memory bottlenecks of large-scale model training. Recent
studies [4], [25]–[27] have explored the integration of CXL-
extended memory with tensor offloading, primarily relying
on CXL’s cache-coherent features. However, these efforts are
largely confined to simulation or analytical modeling, and the
evaluated models are typically too small to capture realistic
performance behavior. Moreover, a systematic approach to
integrating CXL with ZeRO-Infinity remains absent.

In this paper, we present Tensor Offloading with CXL Pools
(TOCP), a novel architecture that integrates CXL memory
pools into ZeRO-Infinity to achieve high-bandwidth, low-
latency memory scaling. In GPU–CPU–CXL heterogeneous
systems, the SSD-based management and overlap strategies
of ZeRO-Infinity are no longer effective. To address this,
TOCP introduces fine-grained tensor transfers and NUMA-
aware load balancing tailored to CXL hardware characteristics,
improving memory utilization and data transfer efficiency.
We further propose a Dynamic Adaptive Pipelining (DAP)
technique that adjusts the prefetch window to maximize com-
putation–communication overlap, while leveraging CXL.mem
atomic operations to reduce synchronization overhead. Un-
like prior simulation-based studies, TOCP is implemented
and evaluated on real CXL Type-3 cards, demonstrating its
potential to advance next-generation large-scale deep learning
systems.

Our contributions are as follows:
TOCP Framework. We propose TOCP (Tensor Offloading

with CXL Pools), the first framework that integrates CXL
Type–3 memory expansion cards into ZeRO-Infinity, enabling
high-bandwidth, low-latency memory scaling for large-scale
training.

NUMA-Aware Optimization. We design a NUMA-aware
memory allocation and load balancing strategy that mitigates
cross-node contention and improves locality, significantly re-
ducing access latency in heterogeneous GPU–CPU–CXL sys-
tems.

Fine-Grained Tensor Scheduling and Adaptive Pipelining.
We introduce fine-grained tensor partitioning and a DAP
mechanism to maximize communication–computation overlap,
alleviating the bandwidth and latency bottlenecks of CXL.

Hardware–Software Co-Design and Evaluation. We develop

a hybrid object-based memory allocator with atomic oper-
ation support, and evaluate TOCP on a real 8-GPU sys-
tem with CXL Type-3 cards, demonstrating up to 72.7%
throughput improvement, 62.9% latency reduction, and 1.14×
larger model capacity compared with SSD-based ZeRO-
Infinity. Our study demonstrates the real-hardware integration
of CXL with ZeRO-Infinity, offering practical insights into
hardware–software co-design and laying a scalable foundation
for future CXL-enabled heterogeneous systems.

II. BACKGROUND

ZeRO-Infinity represents the leading approach in tensor
offloading technology, and its integration with CXL for en-
hanced performance is a natural progression. Building upon
this foundation, our work further optimizes heterogeneous
systems, expanding model training scalability and improving
overall system performance.

A. ZeRO-Infinity and Tensor Offloading

ZeRO-Offload [3], [10], [11] extends GPU memory capacity
by utilizing CPU DRAM, while ZeRO-Infinity further en-
hances scalability by offloading parameters, optimizer states,
and gradients to NVMe SSDs. ZeRO-Infinity is one of the
most advanced tensor offloading techniques. It enables the
training of models with up to 32 trillion parameters on 32
NVIDIA V100 DGX-2 nodes (512 GPUs) [2], achieving
unprecedented scalability. Building on ZeRO-3, it offloads
parameters, optimizer states, and gradients to heterogeneous
memory devices, while utilizing twin-offload and overlap-
centric scheduling to reduce communication overhead. At
model initialization, the parameter states, including FP16/FP32
parameters, optimizer states, and gradients, are maintained
in rank distribution through the ZeRO-3 mechanism. These
states are stored in the CPU/NVMe SSDs and loaded into
memory only when needed for computation. At the start of
each training round, the offload scheduler preloads the relevant
parameters for the current training step (e.g., layers for the
current batch) into the GPU, enabling forward propagation
with the most up-to-date parameters. During backward prop-
agation, gradients are generated on the GPU and stored in
a gradient buffer. This buffer is periodically transferred to
the CPU memory. The optimizer states (e.g., m, v in Adam)
and gradients are no longer confined to GPU memory. The
“twin-offload” mechanism allows the CPU and GPU
to independently compute and update the optimizer states,
loading only the relevant states for the parameters being up-
dated. Once the update is complete, these states are offloaded,
optimizing memory utilization and dynamically adapting to
the training task. Complete the optimizer state update on CPU
memory to generate new parameters, then transfer them from
NVMe SSD to GPU memory for training. Fig. 1 shows the
data flow and Twin-Offload of ZeRO-Infinity.

The ZeRO-Infinity method with SSD offload faces a signif-
icant challenge due to the long data transfer path. To address
this, ZeRO-Infinity adopts an Overlap-Centric Design, which
allows the GPU to perform computations (e.g., backpropa-
gation) while asynchronously prefetching parameters for the
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Fig. 1. (a) The dataflow of fully connected neural networks with M
parameters. The specific storage locations for optimizer states and gradients
can be adjusted as needed and (b) twin-offload.

Fig. 2. Three CXL devices.

next layer and offloading computed parameters. Addition-
ally, bandwidth-centric partitioning leverages the aggregated
memory bandwidth of all parallel devices. However, the data
transfer path is lengthy and constrained by SSD performance,
resulting in a significant bottleneck in large-scale data transfer.
Additionally, the system’s complexity necessitates more metic-
ulous software configuration and scheduling. As a result, while
ZeRO-Infinity successfully breaks the GPU memory wall, its
performance degrades sharply at extreme scale.

B. Compute Express Link (CXL)

CXL is an open, industry-standard interconnect protocol.
CXL devices can be classified into three types [16] based on
the supported sub-protocols. Fig. 2 illustrates the three CXL
device types. Type 1 devices, such as smart NICs, include only
a processor and no additional memory. Type 2 devices [28],
which include devices like GPUs and accelerators, feature both
a processor and attached memory and must support all three
CXL protocols. Finally, Type 3 devices [18], such as memory
expansion units, are memory-only devices and must implement
the CXL.mem protocol. In this research, we utilize CXL 2.0
Type-3 devices.

CXL technology is constructed upon the PCIe physical
layer [29], indicating that its bandwidth is constrained by the
fundamental properties of PCIe. The performance metrics of
CXL expansion cards, comparing typical commercial offerings
with our customized CXL expansion cards, are presented in
TABLE I. The efficacy of CXL expansion cards markedly
surpasses that of NVMe SSD devices.

CXL Memory Expansion offers high bandwidth, low la-
tency, and excellent scalability, supporting heterogeneous de-
vice connectivity. This memory expansion technology facili-
tates system storage expansion, unifies memory management,

reduces reliance on a single high-performance memory, and
lowers costs [30]. Memory connected to a CXL device can
be mapped as either host-managed device memory (HDM)
or private device memory (PDM) [31], [32]. HDM can be
accessed from the host via standard write-back semantics, and
both HDM and host memory can be mapped to a unified
memory space. Additionally, CXL enables memory pooling
and sharing [23], [33]–[35], allowing HDMs to be flexibly
allocated and deallocated across hosts or shared consistently
between them. These properties have led to increasing atten-
tion in both academia and industry for building disaggregated
memory systems [36], [37].

C. Existing Research on CXL for Deep Learning

Recent efforts have begun to explore the integration of
CXL in large-scale deep learning systems, focusing on disag-
gregated memory architectures and high-speed interconnects.
Proposals include near-memory processing (NMP) [26] and
memory pooling frameworks [23] to improve memory uti-
lization and flexibility. CXLSim [27] provides a simulation
platform for CXL systems, while Pond [23] demonstrates
efficient pooling across CXL devices. Current research has
largely focused on memory coherence [4] and hierarchical
memory architectures, with limited attention to fine-grained
tensor offloading and NUMA-optimized scheduling for train-
ing.

However, most prior studies have been limited to simula-
tions or analytical models and do not evaluate the real hard-
ware performance in large-scale deep learning training. Sys-
tematic approaches that combine tensor offloading with CXL
memory pools, including NUMA-aware optimization, fine-
grained tensor scheduling, and computation-communication
overlap, remain largely unexplored. Our work addresses this
gap by providing the first real-hardware evaluation of CXL-
enabled tensor offloading, demonstrating effective scaling for
extreme-scale deep learning tasks.

III. MOTIVATION

Traditional tensor offloading with CPU DRAM and NVMe
SSDs enables model scaling but is limited by inherent
SSD constraints. Low bandwidth (5–7 GB/s), high latency
(∼80 µs), and coarse-grained tensor transfers in ZeRO-Infinity
lead to severe communication delays, load imbalance, and
heavy software overhead, constraining efficiency at extreme
scale.

CXL, in contrast, offers tens of GB/s bandwidth, sub-
microsecond latency, and atomic memory semantics. These
capabilities support fine-grained tensor access and NUMA-
aware allocation, making CXL better suited for large-scale
training by design. However, integrating CXL introduces new
challenges, including NUMA imbalance, fragmentation, and
efficient communication–computation overlap.

A. Challenges of Integrating CXL Memory Pools into Hetero-
geneous Systems

Using CXL memory pools for tensor offloading in large
deep learning models is a complex task that extends beyond
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TABLE I
PERFORMANCE METRICS FOR THE CXL MEMORY EXPANSION CARD

Performance Metric Ideal Range Typical Market CXL Expansion Card JTCXL-Memory Expander (Sample)
Bandwidth 32–64GB/s 20–40 GB/s 30 GB/s

Latency 200–500ns 300–800ns 380 ns
Capacity 128GB–2TB/card 128GB–2TB/card 256GB/card
Interface PCIe5.0+CXL 2.0 PCIe5.0+CXL 2.0 CXL 2.0 ×16

simple hardware integration. This approach faces several key
challenges when applied in practice. On the DeepSpeed plat-
form, the memory management and communication overhead
optimizations of the original ZeRO-Infinity approach fail to
deliver satisfactory results.

NUMA and Memory Access Issues. CXL memory pools
are typically accessed across NUMA nodes, which presents a
set of challenges related to memory binding and data location
management. In a heterogeneous system, each device, such as
a GPU or CPU, may be connected to its local memory as well
as remote memory that exists in other NUMA nodes. Improper
memory binding and mismanagement of data location can lead
to unbalanced memory access patterns, where GPUs might be
forced to access remote memory on another NUMA node. This
increases the time required to fetch or store data, leading to
higher memory access latency. As a result, the performance
of deep learning tasks, which are highly sensitive to memory
access speed, can be significantly degraded. Moreover, data
locality, which plays a crucial role in maximizing throughput,
is often compromised in these setups, further hindering system
performance.

Memory Fragmentation. As large models are scaled for
training, memory usage patterns change dynamically, with
memory being continuously allocated and freed. When there
is a shortage of contiguous free memory blocks or when
memory management is inefficient, fragmentation can occur
within the memory pool. This fragmentation prevents the
efficient allocation of memory for new or expanding tensors.
The problem is further exacerbated by the fact that memory
spans across multiple devices and NUMA nodes. Over time,
this fragmentation reduces the effective memory capacity,
leading to suboptimal memory utilization. When memory is
fragmented, the system may struggle to find sufficiently large
blocks of free memory, which can slow down training or even
cause the system to run out of memory. Ultimately, this results
in decreased system throughput, as resources are not being
used as efficiently as possible.

Scheduling and Load Balancing. Incorporating CXL pools
into heterogeneous GPU–CPU systems complicates schedul-
ing. Multiple devices share the same pool, which can cause
contention without careful coordination. Efficient scheduling
and load balancing are thus essential to distribute workloads
across resources and sustain high parallel efficiency.

B. The Communication Overhead Issue in TOCP

Bandwidth and Latency Bottlenecks. While CXL memory
pools offer high bandwidth and low latency memory scaling,
their performance is still significantly lower than that of
GPU local memory. This issue becomes particularly evident

Fig. 3. The memory architecture of TOCP.

when multiple devices access memory concurrently, leading
to frequent tensor swapping. During such operations, the
large bandwidth demand can cause the CXL memory pool
to become a performance bottleneck.

Communication and Synchronization Overheads. Despite
the flexible memory scaling capabilities of CXL memory
pools, cross-device synchronization and communication over-
heads remain significant. Data transfers between GPUs and
CXL memory pools are often constrained by synchronization
requirements, particularly when dealing with distributed train-
ing scenarios or models with complex interdependencies. The
synchronization overhead arises from the need to maintain
consistency between devices, especially during operations
like backpropagation, parameter updates, and gradient cal-
culations. These synchronization requirements often lead to
waiting times as devices pause to ensure that data transfers
are completed before proceeding with computations, which
significantly slows down the training process. The latency
introduced by cross-device communication not only delays in-
dividual training steps but also reduces the overall throughput
of the system, making it increasingly difficult to maintain high
performance as the model size and number of devices grow.

IV. TENSOR OFFLOADING BASED ON CXL MEMORY POOL

A. System Overview

We propose a novel tensor offloading framework that inte-
grates CXL memory pools with the ZeRO-Infinity architecture
to enable efficient scaling for large-scale deep learning, as
shown in Fig. 3. In our system, CXL Type-3 memory ex-
pansion cards are employed as high-bandwidth, low-latency
memory pools, which are connected to the CPU via PCIe.
During training, GPU memory retains only the parameters and
activations that are actively involved in computation, while the
CPU stores optimizer states and caches frequently accessed
parameters. The CXL memory pool holds the majority of the
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Fig. 4. (a) CXL memory pool. (b) The CXL Memory Expansion Card. (c) Memory Controller.

model weights and optimizer states for long-term storage, and
supports both on-demand loading and asynchronous offload-
ing. This allows the GPU memory capacity to be dynamically
extended, addressing the GPU memory wall while ensuring
low-latency access to tensors.

In the GPU-CPU-CXL heterogeneous architecture, the orig-
inal SSD-based memory management and communication
overlap design of ZeRO-Infinity becomes inefficient. The CXL
memory pool replaces the role of SSDs by providing mem-
ory semantics (load/store), which align naturally with deep
learning workloads. The system is designed to be NUMA-
aware, ensuring optimal memory access patterns and reduc-
ing communication overhead across different NUMA nodes.
Furthermore, the integration of fine-grained tensor scheduling
and DAP maximizes the communication-computation overlap,
further enhancing performance.

B. NUMA-Aware Memory Pooling

1) The Architecture of CXL Memory Pool: The CXL
memory pool enables flexible system memory expansion and
supports dynamic allocation based on user requirements. Fig. 4
illustrates the architecture and hardware composition of the
CXL memory pool. The pool comprises multiple CXL mem-
ory expansion cards, which are Type 3 devices compliant with
the CXL.io and CXL.mem protocols. These expansion cards
are interconnected via CXL links using high-speed connectors
(PCIe ×16). Each ×16 CXL high-speed link is divided into
two ×8 memory controllers. Each ×8 memory controller
supports the bandwidth of one DDR (Double Data Rate)
memory channel and interfaces with two DIMMs (Dual Inline
Memory Modules). The entire system is orchestrated by a
unified management engine responsible for memory allocation,
resource scheduling, and system health monitoring.

CXL memory pool aggregates memory across multiple de-
vices to meet terabyte-scale capacity requirements. By central-
izing memory resources, it enhances data transfer efficiency,
increases bandwidth availability, and improves overall memory
utilization. This approach reduces hardware redundancy and
offers a cost-effective solution for large-scale memory expan-
sion.

2) CXL Memory Management: In the CXL memory pool
management system, shown in Fig. 6(a), the memory pool

Fig. 5. The initialization of CXL memory pool.

is connected to host CPUs via PCIe, enabling unified cross-
node memory pooling without modifying the host OS. The
system supports memory identification, dynamic allocation,
health monitoring, access statistics, and log management, all
managed by the system management module. To optimize
allocation and reduce fragmentation, the CXL memory pool
employs a hierarchical allocator, categorizing memory requests
by object size and access pattern, with separate strategies for
large blocks and slabs.

Memory pool initialization. The CXL memory pool is
initialized based on a memory management policy for object-
based classification, as shown in Fig. 5 below. After iden-
tifying the CXL device, the Memory Allocator is initialized
to manage memory chunks, which are then mapped through
memory mapping. The CXL Mem Pool (Slab pool) is then
initialized, and an initial memory block is requested from
Memory Allocator, with the address of the large block re-
turned to CXL Mem Pool. The large block is then sliced into
multi-level Slabs within the memory pool.

Object-based Hybrid Memory Allocation Strategy. Dur-
ing training, different data types demonstrate distinct access
patterns. Model parameters generally constitute over 70% of
the total memory, characterized by prolonged lifecycles and
continuous large-block access. Conversely, gradient tensors
and optimizer states are smaller objects (ranging from 16
KB to 1 MB) with short lifecycles and frequent allocations
and deallocations, potentially resulting in memory fragmenta-
tion. Therefore, we propose an object-based hybrid memory
allocation strategy that strikes a balance between software
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Fig. 6. (a) Memory pooling system management and (b) object-based Hybrid
Memory Allocation Strategy.

overhead and memory utilization. The procedure is illustrated
in Fig. 6(b).

Large Block Allocation. For parameter partitions larger than
16 MB, a large-block allocator is used to map memory directly
into the virtual address space, eliminating metadata overhead.
Key features include direct mapping, zero-copy streaming,
and NUMA binding. Parameter updates are executed directly
on CXL memory via CXL.mem atomic operations, bypassing
CPU cache involvement.

Slab Allocation. For small, high-frequency objects (gradi-
ents and optimizer states < 16 MB), a multi-granularity slab
allocator (16 KB, 1 MB, 16 MB) is employed. Independent
pools and lock-free queues reduce contention and improve
allocation efficiency under frequent operations.

Memory recycling and release. The design of memory
recycling in the CXL pool is aligned with the object-based
allocation strategy, enabling efficient lifecycle management
through hardware–software co-design. During training, mem-
ory is released after backpropagation. Large partitions (≥ 16
MB) are freed via the Memory Allocator, which marks the
block as free and adds it to the global free list. Smaller objects
(< 16 MB) are managed by CXL Mem Pool, which updates
the corresponding slab metadata and bitmap. Defragmentation
and Merging.

Defragmentation and Merging. A background thread pe-
riodically merges adjacent free blocks using the Mem-
ory Allocator free list. To minimize NUMA overhead, merg-
ing is restricted to blocks within the same node [38]–[40],
triggered upon allocation failure or when free blocks exceed
a threshold. An address-aligned merging strategy prioritizes
2 MB page boundaries to improve subsequent allocations.
When all slab units are freed, the entire block is returned to
Memory Allocator to avoid fine-grained stagnation.

Cross-Level Recycling. When memory utilization falls be-
low a predefined threshold (e.g., 20%), low-frequency data in
DRAM is migrated back to CXL memory, and redundant slab
blocks are released to reduce the memory pool size. Dynamic
hierarchical waterline control is implemented, with high and
low watermarks (e.g., 80%/20%) monitored in real-time using
atomic counters. When idle units exceed the high watermark,
blocks are returned to Memory Allocator. Conversely, when
occupancy falls below the low watermark, additional blocks
are allocated to increase memory capacity. Atomic bit opera-

Fig. 7. NUMA load balancing strategy.

tions update the slab unit occupancy status, eliminating lock
contention and minimizing the impact on system throughput.

3) NUMA-Aware Adaptation for Heterogeneous Systems:
To mitigate cross-NUMA access imbalance and PCIe band-
width contention, we introduce a NUMA-aware memory al-
location strategy. The key idea is to co-locate frequently
accessed tensors with the nearest NUMA node, thereby re-
ducing remote memory traffic. Compared with naive alloca-
tion policies, this approach dynamically adapts to workload
characteristics, significantly improving locality.

During data loading, hwloc (v2.9.0) is employed to query
the hardware topology, and parameters, gradients, and opti-
mizer states are placed in the NUMA node closest to each
GPU according to PCIe locality. A multi-level caching strategy
further prefetches frequently accessed parameters into local
NUMA nodes, thereby reducing cross-node latency. In the
backpropagation phase, optimizer states are partitioned into
the CXL memory of local NUMA nodes, while gradients are
batch-merged into larger blocks before being written locally,
effectively lowering transaction overhead and alleviating cross-
node bandwidth contention. During checkpointing, distributed
slicing and pipelining enable each NUMA node to handle its
local slice independently, avoiding transmission bottlenecks. A
dynamic migration mechanism continuously monitors access
frequency and relocates hot data to low-load nodes, while
CXL.mem atomic operations (e.g., atomic add) are leveraged
to minimize lock contention and reduce cross-node synchro-
nization. Overall, this NUMA-aware strategy optimizes re-
source utilization, enhances scalability, and mitigates explicit
GPU memory demands. The pseudo-code for the proposed
algorithm is provided in Algorithm 1.

C. Fine-Grained Tensor Offloading

A key innovation of our framework is the fine-grained tensor
offloading strategy. Unlike traditional offloading techniques
that rely on coarse-grained tensor transfers, TOCP splits large
tensors into smaller sub-blocks, which are then dynamically al-
located to different CXL memory pools and NUMA nodes, as
shown in Fig. 8. These sub-blocks are dynamically scheduled
on demand, guided by the computational graph’s dependency
order and runtime access patterns. To improve data availability
and reduce latency, the system leverages an asynchronous
prefetching mechanism to load upcoming tensor slices before
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Algorithm 1 NUMA Load Balancing and Data Migration.
1: function NUMA LOAD BALANCING(training tasks)
2: # 1. Initialization Phase: Data Localization Distribu-

tion
3: for each gpu in training tasks.gpus do
4: numa node = get nearest numa node(gpu.id)
5: assign parameters to local numa(gpu,

numa node)
6: bind thread to cpu core(gpu, numa node)
7: end for

8: # 2. Dynamic Load Migration Loop
9: while training ongoing do

10: execute training step()
11: if time to balance() then
12: hot nodes = detect hot numa nodes()
13: for each node in hot nodes do
14: cold node = select underutilized node()
15: migrate hot data(node, cold node)
16: end for
17: end if

18: # 3. Hardware Acceleration Optimization
19: use cxl atomic ops()
20: pipeline data transfer()
21: end while
22: end function

23: function MIGRATE HOT DATA(src node, dst node)
24: # Helper Function: Topology-Aware Data Migration
25: data = fetch remote data(src node)
26: lock free copy(data, dst node)
27: update metadata locality(data)
28: end function

each layer is executed, while simultaneously offloading unused
slices back to the CXL memory pool. This allows the system
to optimize memory resource utilization and reduce latency by
allowing parallel access to different parts of the tensor. The
dynamic scheduling of these sub-blocks is informed by the
tensor access patterns, ensuring that frequently accessed data
is stored in the closest memory pool.

This fine-grained approach is particularly well-suited for
scaling up the training of extremely large models, where
memory pressure and data movement overhead are key bottle-
necks. By integrating NUMA topology awareness, bandwidth
utilization monitoring, and CXL-supported atomic operations,
the system further optimizes data transfer paths and memory
access efficiency. These enhancements significantly improve
training throughput and resource utilization, effectively miti-
gating the bandwidth and latency gap between CXL memory
and GPU on-chip memory. With continuous monitoring of
tensor usage, the system dynamically adjusts tensor sub-block
sizes and locations, enabling adaptive memory management
based on the current workload.

Fig. 8. Fine-Grained Tensor Offloading with CXL Memory Pools

Fig. 9. The DAP engine.

D. Dynamic Adaptive Pipelining (DAP)

GPUs access the CXL 2.0 Type-3 expansion card indirectly
through the CPU, which introduces additional data transfer
latency. The PCIe bandwidth between CPU and CXL can
further become a bottleneck when multiple GPUs concurrently
offload data. To coordinate GPU-CPU and CPU-CXL trans-
fers, CUDA Streams [41] and multithreading are employed,
but this increases pipeline synchronization complexity. Al-
though conventional double-buffering and static pipelining are
widely used to overlap computation and communication, they
generally assume homogeneous hardware and fixed transfer
patterns. In contrast, heterogeneous GPU-CPU-CXL systems
exhibit highly variable transfer latency due to NUMA topol-
ogy, PCIe bandwidth limits, and CXL device characteristics.
As a result, static pipelines often cause idle GPU cycles and
yield suboptimal overlap efficiency.

To address this, we propose Dynamic Adaptive Pipelining
(DAP). DAP continuously monitors the status of tensor of-
floading and adjusts the prefetch window size in real-time to
ensure that data is preloaded into memory before it is needed
by the GPU. By dynamically adjusting the prefetch window
according to tensor access patterns and GPU memory utiliza-
tion, DAP reduces idle time and enables seamless overlap
between computation and communication.

DAP comprises four essential components: the Dynamic
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Detector, Pattern Decision Maker, Resilient Buffer Manager,
and Topology-Aware Execution Engine Module, as shown in
Fig. 9. The Dynamic Detector continuously tracks the oper-
ational characteristics of the computational graph, including
operation types, execution times, and data dependencies. To
optimize the analysis of computational graphs, we employ
a lightweight dynamic graph analysis approach, focusing on
the features (type, execution time, and dependencies) of the
nearest N operations. This reduces analysis overhead. The
Stability Scoring Model is defined as:

StabilityScore = α · consecutive same op count
N

+ β ·
(
1− execution time variance

mean

)
(1)

where α and β are weight coefficients from offline training,
α reflects the relative importance of consecutive operations
within the computational graph, and β represents the weight of
execution time variance in the stability score. The coefficients
were derived using a set of representative Transformer-based
training traces collected from models of 1.3B–130B param-
eters. The optimization objective was to maximize pipeline
stability by minimizing execution stalls and variance in oper-
ator latency, thereby ensuring that the computed StabilityScore
correlates with actual overlap efficiency during runtime.

The Mode Decision Maker switches between hierarchi-
cal pipeline and double-buffering prefetch modes using
lightweight graph analysis. Resilient Buffer Manager allocates
and releases double-buffering memory on demand, allowing
DRAM and CXL memory co-allocation. The Topology-Aware
Execution Engine binds the data transfer path to the optimal
NUMA node, dynamically adjusts the prefetch step size based
on real-time PCIe bandwidth and computational latency, and
fine-tunes the prefetch window for optimal performance.

The hierarchical pipeline architecture for computing and
communication overlap divides jobs into computation, GPU-
CPU transfer, and CPU-CXL transfer. To maximize through-
put, tasks are distributed to separate CUDA Streams and
overlap via inter-stream asynchronous parallelism. The data
management method uses CUDA Stream management and a
single buffer with asynchronous copying. This design supports
NUMA binding naturally, enabling high generality and low
overhead.

Pipeline prefetching uses computational graph dependencies
to predict future data needs and start prefetching in advance
for double-buffering switching and no-wait computing. Data
management uses double-buffering (Buffer A/B alternating)
to physically isolate processing and data transport. However,
this approach requires additional memory for the double-
buffering, resulting in high system transformation costs and
limited scalability, as it is focused on achieving maximum
performance.

DAP is tightly coupled with ZeRO-3, CUDA streams, and
the CXL memory topology, making it well-suited for heteroge-
neous clusters based on NVLink and CXL. However, it lacks
portability to non-CXL architectures such as pure NVMe of-
floading or InfiniBand with GPU Direct RDMA, where direct

Fig. 10. Overview of TOCP.

adaptation is not feasible.It differentiates itself from conven-
tional pipelining approaches by leveraging dynamic execution
graph analysis, topology-aware data transfer scheduling, and
a dual-mode prefetching mechanism. Although DAP incurs
additional memory overhead due to buffer separation and
relies on accurate runtime telemetry, it substantially enhances
system throughput and mitigates latency under conditions of
fluctuating system load, dynamic interconnect delays, and
large-scale model memory footprints.

E. Atomic Operations for Hardware Acceleration
To reduce the software overhead associated with tensor

offloading, TOCP leverages atomic operations provided by
the CXL.mem sub-protocol. These atomic operations ensure
efficient synchronization between the GPU, CPU, and CXL
memory pools, particularly during complex tensor updates.
Traditional memory synchronization methods rely heavily on
software-based locking mechanisms, which introduce signif-
icant overhead due to frequent context switching, increased
latency, and contention on shared memory resources. By
offloading synchronization tasks to hardware through CXL’s
native atomic operations, we eliminate the need for these
software-based locks, thereby significantly reducing overall
latency and improving memory access efficiency.

This hardware acceleration capability is particularly useful
in distributed training environments, where tensor updates and
memory synchronization can become a bottleneck. By relying
on CXL’s native atomic operations, we ensure that memory
access between devices is as efficient as possible, which is
crucial for scaling deep learning models across multiple GPUs.

F. Applying TOCP
To enhance ZeRO-Infinity, we apply the TOCP framework,

which utilizes a heterogeneous memory hierarchy composed of
CXL memory pools and CPU DRAM as an extended memory
substrate. As illustrated in Fig. 10, the training workflow
is initialized on the host CPU, where model parameters are
partitioned into tensor slices and assigned to NUMA-aware
memory domains. A full replica of both model parameters
and gradients is pre-stored in the CXL memory pool, while
CPU DRAM primarily serves as a cache and transient staging
buffer. Data placement can be further customized based on
training configurations.

During runtime, we adopt the TOCP to enable fine-grained
tensor-level transfers, mitigating transmission stalls and re-
ducing end-to-end latency. TOCP also dynamically adjusts
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TABLE II
SYSTEM CONFIGURATIONS

Configuration of GPU-CPU-CXL System
GPU 8 NVIDIA Tesla V100 Tensor Core GPUs

GPU Memory 32GB HBM2 on each GPU
CPU 2 AMD EPYC Genoa 9274 24-Core @4.1GHz

CPU Memory 576GB DDR4
CPU cache L1, L2, and L3 are 3M, 48M, and 512M, respectively

CXL Memory 4 CXL Memory Expander Cards, 1TB DDR5
PCIe Bidirectional 32 GB/s PCIe
SSD 4TB PCIe 4.0

TABLE III
EXPERIMENT CONFIGURATIONS

#params hidden dim layers batch/GPU mp fp16 param Opt State
1.3B 2K 24 16 1 CXL Memory CPU
13B 5K 40 12 1 CPU CXL Memory
50B 8K 62 26 1 CPU CXL Memory
130B 10K 90 24 1 CXL Memory CXL Memory

the prefetch window size to maximize data transfer efficiency
under variable bandwidth and latency constraints.

In the forward pass, GPU-resident parameters are directly
utilized. Intermediate activation values, optimizer states, and
other required data for the backward phase are loaded on-
demand following a latency-aware scheduling policy. The
scheduler employs the DAP algorithm to overlap computation
and communication, thereby concealing long transmission
paths and reducing communication overhead.

Write-backs of gradients and updated optimizer states are
also managed with fine-grained control. In particular, CXL-
based atomic operations are leveraged to directly update
optimizer states within the CXL memory pool, effectively
eliminating unnecessary host-memory round trips and allevi-
ating bandwidth saturation.

To further improve memory efficiency, TOCP incorporates
tensor reuse and fragmentation-aware memory management,
enabling high utilization of the CXL memory pool. This
reduces the risk of offload delays and fallback allocations to
CPU DRAM due to pool exhaustion or excessive fragmenta-
tion.

V. EVALUATION

A. Experimental Setup

Testbed. We conducted experiments on a real system with
CXL expansion cards. The system configuration is summa-
rized in TABLE II. The software stack includes PyTorch with
DeepSpeed-ZeRO-Infinity, extended to support our proposed
CXL memory pool framework. The CXL expansion card is
equipped with 16 DDR5–4800 DIMMs, and we utilized the
Montage Technology CXL intelligent memory controller.

Workloads. For performance evaluation, we utilize a
Transformer-based model similar to GPT. We fixed the se-
quence length at 1024 and varied the number of hidden dimen-
sions and layers to generate models with different parameter
counts. The TABLE III details the specific configurations of
the model.

Baseline. For model training, we adopt state-of-the-art
methods in DeepSpeed, including ZeRO-Offload and ZeRO-
Infinity. To assess the effectiveness of CXL-extended memory

and the performance of TOCP, we evaluate the following
configurations:

ZeRO-Infinity (SSD): the baseline system that performs
offloading to NVMe SSDs using the CPU as an interme-
diate buffer. ZeRO-Offload (CPU DRAM): a configuration
in which tensors are offloaded exclusively to host DRAM.
Naive CXL Offloading: a direct integration of CXL mem-
ory without NUMA-aware scheduling or dynamic adaptive
pipelining (DAP). TOCP (Proposed): our full system that
incorporates CXL memory pools with NUMA-aware alloca-
tion, fine-grained tensor offloading, and DAP to maximize
communication–computation overlap.

B. Overall Performance For Extreme Scale Deep Learning
Offloading

1) System Throughput: Fig. 11(a) compares the throughput
across different model scales (1.3B, 13B, 50B, 100B). SSD-
based ZeRO-Infinity exhibits significant degradation due to
SSD latency. ZeRO-Offload (CPU DRAM) achieves moderate
throughput but lacks scalability beyond 40B models due to
limited capacity. Naive CXL Offloading improves over SSD
but suffers from cross-NUMA imbalance and high communi-
cation overhead. TOCP achieves up to 72.7% higher through-
put than SSD-based ZeRO-Infinity, narrowing the bandwidth
gap with GPU HBM. As a result, scientists can effortlessly
scale their models. If future CXL expansion cards support
higher protocols and GPUs integrate with the CXL ecosystem,
significant performance improvements can be anticipated.

2) Impact of System Features on Model Scale Sensitiv-
ity: We demonstrate the effects of various device placement
strategies utilizing 8 GPUs on model size and the maximum
trainable model size.

Maximum model size. Fig. 12(a) illustrates the impact of
different offloading strategies on the maximum trainable model
size. In ZeRO-Infinity, parameter states are partitioned and of-
floaded. Under the same settings, TOCP achieves a maximum
model size 1.14× larger than ZeRO-Infinity (SSD), due to its
higher bandwidth and superior communication strategies. For
fairness, the SSD baseline and the CXL extension are both
constrained to 1 TB in our setup, although SSDs typically
provide larger capacity. Ideally, CXL-extended memory could
scale to the petabyte (PB) level. Based on the model scaling
law in ZeRO-Infinity with SSD, it is estimated that a single
DGX-2 node, equipped with 20 TB of CXL-extended memory,
would be capable of training very large models exceeding 1000
billion parameters (1000B).

To ensure fairness, we clarify that the improvement in
maximum trainable model size is not due to raw capacity
differences. In our setup, both SSD and CXL are limited to 1
TB for consistency, although SSDs can provide larger capacity
in practice. The advantage of TOCP over SSD-based ZeRO-
Infinity stems from higher bandwidth, lower latency, and finer-
grained memory semantics of CXL, rather than capacity. Thus,
the 1.14× gain reflects effective utilization and communication
efficiency, not storage size.

Scalability Analysis. While our evaluation is conducted on
a single node with 8 NVIDIA V100 GPUs and CXL 2.0
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(a) (b)
Fig. 11. (a) Training throughput comparison of ZeRO-Infinity (SSD), ZeRO-Offload (CPU DRAM), Naive CXL offloading, and TOCP on a single node with
8 V100 GPUs. (b) The forward and backward propagation (FWD+BWD) times for training models of various sizes, normalized against the FWD+BWD time
of a 13B model trained on ZeRO-Infinity (SSD).

(a) (b) (c)
Fig. 12. (a) Comparison of the maximum trainable models under different ZeRO-based tensor offloading approaches. (b) Backpropagation time of an 8B-
parameter model: ZeRO-Infinity (SSD) vs. TOCP. (c) Speedup from communication overlap under different batch sizes.

Type-3 expansion cards, we further provide a simulation-
based extrapolation to assess scalability in multi-node settings.
Following the scaling behavior reported in ZeRO-Infinity [2],
TOCP is expected to maintain its relative performance ad-
vantages when extended to multi-node GPU-CXL clusters.
For example, in a 4-node configuration with aggregated CXL
memory pools, TOCP could support models in the order of
hundreds of billions of parameters, while sustaining overlap
efficiency comparable to that of single-node experiments. This
analysis indicates that TOCP has the potential to scale toward
trillion-parameter training in future large-scale deployments.

3) Impact of System Features on Performance Model Scale:
We evaluate the impact of memory pooling, NUMA load
balancing, and communication overlapping designs on training
speed. Fig. 11(b) illustrates the forward propagation and
backpropagation times for different offloading configurations
across various model sizes. TOCP significantly alleviates the
communication bottleneck by mitigating PCIe bandwidth con-
tention through NUMA load balancing, in addition to lever-
aging the high bandwidth advantages of CXL. This results in
enhanced computation and communication overlap, reducing
latency by 11–16.4% compared to Naive CXL Offloading and
by 37–62.9% compared to ZeRO-Infinity with SSD.

TOCP vs. ZeRO-Infinity with SSD. Fig. 12(b) illustrates
the impact of gradient offloading to CPU memory, comparing
ZeRO-Infinity with SSD and TOCP on backpropagation time
for an 8B parameter model. TOCP achieves a performance
boost of nearly 1.58× with 8 GPUs, outperforming the SSD-
limited bandwidth.

Prefetching and Overlapping. Fig. 12(c) illustrates the rela-
tive throughput difference for the 8B parameter model over 8

GPUs, comparing communication overlapping and prefetching
with and without activation. Results indicate that prefetching
and overlapping are essential for attaining optimal perfor-
mance with small batch sizes per GPU, while their significance
decreases as batch size increases.

C. Performance of CXL Memory Pool

We evaluate the efficacy of CXL memory pools in compari-
son with conventional memory allocation methods, emphasiz-
ing memory management efficiency and latency. Furthermore,
we investigate the impact of NUMA load balancing schemes
on access efficiency.

1) Efficiency of Memory Allocation and Release in CXL
Memory Pools: We conducted memory allocation and release
tests using various request sizes (e.g., 16MB, 1MB, 16KB) to
evaluate the latency of memory allocation in three configura-
tions: ZeRO-Infinity with SSD, Naive CXL Offloading with
standard memory mapping, and TOCP utilizing object-based
hybrid memory allocation. The memory allocation latency is
presented in Fig. 13. The SSD offloading scheme demonstrated
the highest latency, primarily due to the overhead of multiple
software layers, including file system metadata management.
In contrast, Naive CXL Offloading, which uses standard
memory allocation, reduces the latency for 16KB, 1MB, and
16MB allocations to 10.0% through hardware-level access,
with latency times of 10.7µs, 18.3µs, and 126.6µs, respec-
tively. However, it is still constrained by the limitations of
the standard memory allocator. The TOCP, employing object-
based hybrid memory allocation, significantly outperforms the
standard memory allocator. For 16KB allocations, the latency
is reduced by 80.4% to 2.1µs; for 1MB allocations, the latency
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Fig. 13. Memory allocation latency for different allocation policies and sizes.

Fig. 14. Memory fragmentation rate over 72 hours, memory utilization, and
large block allocation success rate.

decreases by 77.4% to 6.4µs; and for 16MB allocations,
latency is reduced by 78.8% to 26.8µs.

2) Memory Utilization and Fragmentation: The test results
are presented in Fig. 14. The SSD offload solution exhibits
only 68% memory utilization due to overhead from file system
metadata and external fragmentation. After 72 hours, fragmen-
tation increases to 35%, reducing the allocation success rate
for ≥16MB chunks to 87%. In contrast, the CXL memory
allocation scheme with direct mapping improves memory uti-
lization to 80%, but still experiences 14% fragmentation due to
standard page-based management, resulting in a 93% chunk al-
location success rate. The optimized memory pooling scheme,
employing a hybrid object classification management strategy,
achieves 90% memory utilization, with a fragmentation rate of
just 5% over 72 hours and a 97% chunk allocation success rate.
This improvement is attributed to zero-copy direct mapping of
chunk memory requests, which eliminates metadata overhead,
and the Slab pre-allocation mechanism, which limits internal
fragmentation to 5%. The results demonstrate that customized
memory management effectively mitigates fragmentation is-
sues in large-scale training scenarios, providing stable memory
guarantees for very large models.

3) NUMA Performance Test: We evaluate the impact of
NUMA topology optimization on the CXL memory pool and
measure memory access latency under NUMA load optimiza-
tion, and the test results are shown in Fig. 15. The CPU
latency for accessing local DRAM is 123.3ns. When the CPU
is not bound to the CXL extended memory, the remote access
latency to CXL memory is 471.8ns. This latency is reduced to

Fig. 15. Access atency and remote access rate under different NUMA binding
policies.

386.8ns with basic CPU binding to the CXL extended memory
using numactl, and further reduced to 290.7ns when employing
a NUMA load balancing strategy to dynamically bind the
CPU to the CXL extended memory. The dynamic binding
with NUMA load balancing achieves a 24.8% reduction in
latency compared to basic binding. Additionally, the NUMA
load balancing strategy improves memory affinity, and the
topology-optimized CXL memory pool architecture reduces
the remote access rate from 24% (under basic binding) to 5%,
significantly minimizing cross-node accesses and enhancing
access efficiency.

VI. DISCUSSION

Strengths. Our results confirm that integrating CXL mem-
ory pools into ZeRO-Infinity effectively mitigates the perfor-
mance bottlenecks of SSD-based offloading. The proposed
framework, which incorporates NUMA-aware allocation, fine-
grained tensor scheduling, and DAP, achieves substantial
improvements in both throughput and memory utilization.
Moreover, leveraging CXL.mem atomic operations reduces
synchronization overhead and improves cross-device memory
access efficiency.

Limitations. Despite these benefits, several limitations re-
main. Current evaluations are restricted to a single node, and
cross-node scalability under limited CXL bandwidth is not yet
fully validated. Based on the scaling trends reported in ZeRO-
Infinity [2], we extrapolate that TOCP can sustain its relative
advantages when extended to multi-node deployments. For
instance, under a 16-node cluster with CXL-extended memory,
the projected capacity could support models in the hundreds of
billions of parameters, with overlap efficiency comparable to
that observed in single-node experiments. In addition, CXL 2.0
Type-3 devices only support CXL.mem and CXL.io, requiring
GPU access via the CPU and introducing extra latency. The
integration into frameworks like DeepSpeed also increases the
complexity of the software stack.

Implications. This work demonstrates the potential of CXL
memory pools to bridge the gap between GPU on-chip mem-
ory and secondary storage. By enabling flexible, scalable, and
cost-effective memory expansion, CXL reduces reliance on
expensive HBM, offering a practical path to training models
with hundreds of billions of parameters using commodity
hardware.
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Future Directions. Looking ahead, CXL 3.0 and fabric-
level switching will enable true multi-node memory pooling,
enhancing scalability. Research on NUMA load balancing,
adaptive scheduling, and fault-tolerant memory pooling will
further enhance robustness. Extending these techniques to
other accelerators beyond GPUs offers additional opportunities
for heterogeneous system optimization.

VII. RELATED WORK

NUMA and Memory Tiering with CXL. Recent efforts have
investigated CXL-based tiering and NUMA-aware memory
management. Zhong et al. demonstrate CXL-enabled tiering
in virtualized systems with near-DRAM performance [35],
while Zhou et al. propose NeoMem, which pushes profiling
into CXL controllers for low-overhead hot-page detection [30].
These works focus on general-purpose and cloud workloads,
but do not address tensor-level scheduling, NUMA imbalance,
or computation–communication overlap critical for large-scale
training.

CXL for AI Acceleration and GPU Memory Expansion.
Several studies have used CXL to accelerate AI tasks and
expand GPU memory. Park et al. introduce CXL-PNM with
LPDDR-based near-memory acceleration for transformer in-
ference [24], while Yun et al. propose CLAY, a scalable
NDP architecture for embedding layers [42]. Gouk et al.
demonstrate sub-10 ns latency CXL controllers for GPU
memory expansion [33], and Tang et al. design Yggdrasil, a
CXL-based distributed shared memory framework to reduce
network I/O overhead [25]. While these studies highlight
CXL’s potential in AI acceleration, they do not address fine-
grained tensor offloading or NUMA-aware scheduling for
training large models.

Tensor Offloading for Large Model Training. ZeRO-
Offload [3] and ZeRO-Infinity [2] extend GPU capacity using
CPU and SSD storage, but are limited by bandwidth, la-
tency, and coarse-grained transfers. Recent work confirms that
offloading granularity and bandwidth mismatches critically
affect throughput [4], [43]. Building on these insights, we
use CXL.mem load/store semantics and atomic operations to
redesign tensor scheduling for large-scale training.

Simulation and Tooling for CXL Systems. Simulation tools
like CXLSim [27], DRackSim [44], and CXLMemSim model
CXL architectures at the system level, enabling design space
exploration. However, these tools are simulation-based. In
contrast, our work evaluates CXL-based tensor offloading in
ZeRO-Infinity on real hardware, bridging the gap between
simulation and practical deployment.

VIII. CONCLUSION

In this paper, we proposed TOCP, a novel tensor offloading
framework that integrates CXL memory pools into ZeRO-
Infinity to overcome the bandwidth and latency limitations
of SSD-based offloading. Our design combines NUMA-aware
allocation, fine-grained tensor scheduling, and dynamic adap-
tive pipelining (DAP), while leveraging CXL.mem atomic
operations to reduce synchronization overhead. Evaluation on
a GPU-CPU-CXL heterogeneous system shows that TOCP

achieves up to 72.7% higher throughput, 62.9% lower latency,
and supports 1.14× larger model sizes compared with ZeRO-
Infinity (SSD). As CXL continues to evolve, we foresee its
broad application in deep learning, AI, and scientific comput-
ing, driving advancements in performance and scalability.
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