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Large language models (LLMs) have recently achieved remarkable performance in text generation, capturing the attention

of a broad audience. This success, driven by the rapid growth in model parameters, comes at the expense of signiicantly

higher operational costs and decreased processing speed. These costs, combined with privacy concerns around cloud-based

deployments, have motivated research into running LLMs on commodity hardware. For example, researchers have used the

memory hierarchy to boost throughput by increasing the number of batches. These studies, however, tend to overlook or

ineiciently utilize the additional computational resources provided by the CPU.

In this work, we present a dynamic workload allocation technique that eiciently distributes computation across all

available hardware resources. The proposed method targets decoder-based models on standard general-purpose hardware,

efectively minimizing idle periods for both the CPU and the GPU. Experiments show that our approach achieves up to 30%

higher throughput compared to the state of the art, regardless of model architecture, LLM optimizations, and input batch

sizes.
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1 Introduction

Today, a wide variety of tasks use deep learning [2, 5, 23], and one of the most researched areas is natural language
processing (NLP) [1, 7, 24]. In particular, LLMs have achieved remarkable performance across a wide range of
NLP tasks [12, 37, 42], driven by a rapid growth in the number of model parameters. This scaling trend, however,
raises signiicant concerns: operational costs increase with model size, and reliance on cloud-based inference
introduces privacy risks for sensitive workloads. These factors have motivated interest in running LLMs on local,
commodity hardware. However, these large models are often too big to it into a single commodity GPU and
require expensive high-end hardware. The OPT-30B [48] model using the FP16 datatype, for example, requires
60 GiB of memory to hold all model parameters in memory, and additional memory space is needed during the
inference process. When running LLM inference, a frequently employed approach is to cache the entire model
in more than one GPU at the expense of requiring the inference servers to be over-provisioned for the peak
loads, thereby increasing the total cost of ownership. Another approach is to oload the model to lower-tiered
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storage devices such as host DRAM and NVMe storage. This latter approach increases throughput at the cost of
latency and is thus more suitable for batch workloads such as data wrangling [27], information extraction [28],
and benchmarks [6] that feed thousands of tokens as input.
Recently, noticeable studies regarding the throughput-oriented approach were presented, such as ZeRO-

Inference [4], FlexGen [40], HeteGen [45], and CPU-Oload [33]. These studies exploit the slower but larger
storage for model accommodation andmitigate the data transfer times on a single commodity GPU system through
computation-communication bufering and eicient I/O scheduling with overlaps. Such methods of exploiting
slower storage reduce infrastructure costs but signiicantly impact per-token generation latency. Therefore, these
works mainly target running LLMs on single commodity GPU systems with workloads consisting of multiple
batches of long sequence inputs and trade-of latency for throughput.
Long contexts are a key feature of LLMs, enabling the processing and generation of text over extended

sequences. The primary challenge of supporting long contexts lies in the increased computational cost, which
is commonly addressed through KV-cache optimization [10]. While the KV-cache reduces computational cost
during the generation phase, it shifts the bottleneck to memory, making inference memory-bound. Substantial
research efort has therefore been directed at reducing LLM inference costs associated with KV-cache data, GPU
memory management, quantization, compression, and KV-cache selection, among others. However, existing
oloading schemes largely fail to combine these optimizations with eicient use of available compute resources.
In this paper, we focus on improving the throughput of a single commodity GPU system by employing CPU
compute resources, without assuming any particular optimization technique for token generation.
To achieve eicient CPU-GPU workload distribution, we irst consider the characteristics of the inference

workload as generated by state-of-the-art frameworks to identify where and how computations can be oloaded
to the CPU. LLMs typically employ a decoder-only architecture [1, 43, 48], where each decoder layer consists
of a multi-head attention (MHA) mechanism and a feed-forward network (FFN). Three sets of weights must be
transferred to the GPU for inference: the MHA weights, the FFN weights, and the key-value cache (KV cache) [10]
from all of the previous model iterations. The MHA weights and the KV cache are required for MHA layer
inference, while the FFN layer can only start after its weights have been transferred. When multiple batches are
involved, a KV cache exists for each batch, and every KV cache needs to be transferred for MHA layer inference.
If the weights or the cache are compressed to reduce transfer times, decompression causes additional overhead
on the GPU. As the model size and the number of input batches increase, relying solely on the GPU for an already
memory-bound workload misses signiicant opportunities for increasing the throughput.
This work speciically aims to employ the CPU to reduce the amount of data transferred and decrease the

GPU’s idle time. The goal is to split the computation in such a way that computation hides the data transfers
whenever possible. Identifying where to divide the model to balance the computation and data transfer times is
challenging because the workload’s characteristics vary depending on factors such as the input batch size, the
use of compression, and the number of batches. We address this challenge with a dynamic division module that
proiles the target system to determine the optimal GPU-CPU workload distribution. Our contributions are as
follows:

• We exploit CPU compute to reduce data transfer bottlenecks during throughput-oriented LLM inference
on commodity hardware.

• We introduce a dynamic division module that proiles the target system and determines the optimal
workload split between CPU and GPU based on batch size and decoder layer implementation.

• We show that the approach can be combined with other existing LLM optimizations that do not involve
workload distribution, and validate its applicability across diferent model architectures through ine-grained
operator-level integration.

ACM Trans. Arch. Code Optim.
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Fig. 1. High-level overview of OPT model and decoder layer architecture.

• We evaluate the presented technique against the state-of-the-art throughput-oriented framework Flex-
Gen [40], achieving improvements of up to 105% with the OPT-30B model and approximately 30% across
other LLM workloads and inference conigurations.

The remainder of this paper is organized as follows. Section 2 discusses the background of LLM inference and
motivates the design of throughput-oriented systems. Sections 3 and 4 detail the implementation of the presented
technique. Section 5 presents the evaluation results, Section 6 surveys related work, and Section 7 concludes the
paper.

2 Background and Motivation

2.1 Decoder-based Architecture

Recent LLMs are primarily based on decoder-only architectures thanks to their superior zero-shot generalization
performance compared to encoder-only or encoder-decoder models [7]. A typical decoder-only model architecture
consists of an input embedding layer at the start, an output embedding layer at the end, and multiple decoder
layers in between, where each decoder layer is composed of an MHA and an FFN layer, as shown in Figure 1. All
of these layers, including the embedding layers, contain large weight matrices that are required for every token
generation step.
The auto-regressive nature of LLM inference consists of two phases: the preill phase is the irst iteration

that processes all input tokens and creates the initial KV-cache [10]. The following generation phases take the
previous iteration’s output and KV-cache to produce a single output token at each forward pass. The KV-cache
lowers the computational cost for every decoder layer but increases the already substantial memory footprint of
LLM inference, making KV-cache management the primary challenge. The KV-cache size is not ixed and grows
linearly with the batch size and the total sequence length, as shown in Equation 1,

�������ℎ� = 2 · � · � · (� + �) · ℎ · � · � (1)

where � denotes the number of MHA layers, � the batch size, � the input token length, � the generated token
length, ℎ the number of attention heads, � the head dimension, and � the byte size from a precision.
However, the KV-cache does not reduce the computational demands of the workload, as the large KV-cache

is used in batched matrix multiplications (BMMs) for similarity score calculations, as shown in Figure 2a. In
addition, the relatively large weight matrices used in the fully connected (FC) layers of the FFN layer, as shown
in Figure 2b, further contribute to the computation through heavy generalized matrix multiplications (GEMMs).
Such computationally intensive workloads are well-suited for GPUs, but the limited VRAM poses constraints for
the memory-bound LLM inference workload.

2.2 LLM Optimizations

LLM inference workloads impose substantial computational and memory requirements, necessitating deployment
on high-performance computing systems equipped with large main memory and state-of-the-art GPUs, primarily
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Fig. 2. OPT layer architecture depiction. b denotes the batch size, f the FFN dimension, e the embedding dimension, h the

number of heads, d the head dimension, and a the number of tokens stored in the KV-cache. Operation names of Q, K, V, WV,

FC denote ueries, Keys, Values, Weighted-values, and fully-connected, respectively.

within data centers. The high cost associated with these workloads has driven extensive research into optimizing
both memory and computational eiciency.
One critical area of optimization involves modiications to the MHA layer architecture, as the embedding

dimension directly inluences weight storage, intermediate activations, and KV cache size. A primary strategy
for reducing memory overhead is adjusting the number of attention heads for key and value projections. For
instance, Google’s multi-query attention (MQA) implementation [38] reduces the number of heads to one, whereas
grouped-query attention (GQA) [3] maintains eight heads to align with the number of GPUs or nodes utilized
during training. Reducing the number of heads results in a linear decrease in KV-cache size, thereby enabling a
longer context window and potentially improving accuracy. However, long-context generation still encounters
excessive KV-cache size challenges.
Alternative approaches to optimizing MHA focus on improving data movement eiciency and execution

order. A widely-adopted I/O-aware kernel design is FlashAttention [11], which reduces memory traic by
fusing attention operations and carefully structuring computations to maximize on-chip memory reuse. By
minimizing costly reads and writes to high-bandwidth memory, this approach signiicantly accelerates the
attention mechanism, particularly for long sequences where memory bandwidth becomes a bottleneck.

Another line of work explores operation reordering [20], which restructures the sequence of attention-related
computations to improve cache locality and reduce intermediate memory footprint. By reorganizing how in-
termediate activations are produced and consumed, this method efectively halves the required cache size and
achieves up to 50% higher throughput compared to conventional implementations. Together, these approaches
highlight that optimizing memory access patterns and execution ordering is as critical as improving raw compute
eiciency in modern MHA implementations.
Another extensively researched technique for optimizing LLM inference, as well as deep neural networks in

general, is model quantization [19, 44] and compression [13, 25, 39, 49]. These techniques reduce model weight

ACM Trans. Arch. Code Optim.
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and KV-cache size, though they introduce additional computational overhead. The impact on model accuracy
depends on the precision levels employed, necessitating careful evaluation. Various methods leverage integer
data types or hybrid precision approaches, such as the Any-Precision technique [35], which enables multiple
data representations within the same model.

Further eforts to mitigate memory demands during inference involve selective retention of KV-cache elements.
The H2O approach [49] employs a ixed sliding window mechanism to limit cache data transfers, similar to the
rotating bufers implemented in Mistral AI models [17, 18]. IniniGen [22] introduces a dynamic selection strategy
for cache management, signiicantly enhancing token generation throughput. However, dynamic cache selection
introduces additional computational overhead during both preill and generation phases, afecting workload
distribution.

With numerous optimization techniques in mind, the computational characteristics of LLM inference workloads
vary depending on batch size, sequence length, and decoder architecture. Figure 3 illustrates the relationship
between loating-point operations (FLOPs) and KV-cache size across diferent workloads and batch sizes. Variabil-
ity in FLOP requirements arises from diferences in implementation strategies, such as rotary embeddings [39]
and reductions in attention heads afecting KV-cache formation. The diversity of LLM inference workloads
necessitates a comprehensive approach to runtime optimization, considering multiple factors to ensure eiciency
and scalability.

2.3 Throughput-oriented Systems

Throughput-oriented workloads often run LLM inference in batches over large input sequences at the expense
of latency, making them suitable for oloading systems that use the GPU bufering technique with cheaper
but larger storage. Recent oloading frameworks such as ZeRO-Inference [4], HuggingFace Accelerate [16],
and FlexGen [40] aim to utilize the host DRAM and NVMe storage to accommodate the whole model and the
KV-cache.
There are two types of throughput-oriented workloads regarding LLM inference. One type of workload is

the single-batch workload that overlaps data transfers with single batch computation and is used as a default
workload type in all throughput-oriented frameworks. The optimal single-batch workload of a decoder layer
in a generation phase aims to completely overlap the data transfers with the GPU computations to maximize
throughput. The other approach is the multi-batch workload that reuses the weights as much as possible by
completing the computation of a layer for every batch. For example, if there are a hundred batches to compute
and the user decides to run ten batches at a time, other related works complete inference for ten batches irst, then
compute the next ten, and so on. The multi-batch workload, on the other hand, irst transfers the weights of a
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Fig. 4. Analysis of FlexGen’s generation phases using the OPT-30B model with 512 input tokens to generate 32 tokens. ixjB
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and the batch index, respectively.

layer (MHA or FFN), processes all hundred batches in sets of ten, and then proceeds with the next layer. FlexGen’s
zig-zag scheduling uses this multi-batch workload for maximizing throughput performance on a single-GPU
system.

While the optimal workloads aim to completely overlap data transfers with computations, GPU computations
are considerably faster than data transfers during LLM inference. For this reason, the recent state-of-the-art
throughput-oriented framework FlexGen sufers from low GPU utilization. Figure 4 breaks down FlexGen’s
OPT-30B generation phases in more detail, with the hardware coniguration as shown in Table 1. The single-batch
workload exhibits low GPU computation time and is dominated by data transfers, while multi-batch workloads
sufer even further since only a single KV-cache can be present in the GPU at the same time. In both cases, data
transfers constitute the bottleneck and prevent faster processing, accounting for at least 70% of total execution
time; single-batch workloads process only a single token per batch and are dominated by layer parameter transfers,
whereas multiple KV-cache transfers stall the multi-batch workload.

In addition, the computations are entirely overlapped with data transfers in single-batch workloads, while there
is little to no overlap in multi-batch workloads, with idle time accounting for at least 15% of the workload. This is
due to the pinning procedures used by FlexGen; CUDA has two types of memory called pageable memory and
pinned memory [29], where pinned memory is similar to page-locked memory, allowing the transfer mechanism
to identify data for asynchronous transfers. In other words, using pinned memory creates a page-locked host
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array to transfer data to the GPU, minimizing the efect of transfer latency. FlexGen pins data prior to transfer by
copying it into a new pinned memory region, incurring signiicant memory copy overhead, as shown in the CPU
rows in Figure 5, where the on-the-ly pinning procedures are applied to the KV-cache data only. Such on-the-ly
pinning procedures severely limit overlapping opportunities during the generation phase. Furthermore, GPU
idle times are higher in intermediate generation phases compared to the irst and last phases, as the on-the-ly
pinning overhead grows with the KV-cache size.

FlexGen includes two additional modes for the generation phase: compression settings and CPU-compute mode.
The compression setting, described in Section 2.2, compresses FP16 weights and KV-cache to allow more input
batch creation and improve throughput performance. Compressing the data reduces transfer times, but requires
decompression routines before computation, adding to the GPU workload. Figure 5c shows the single-batch
workload of a single layer with decompression routines, where decompression occurs only after the weights
are transferred, further reducing overlapping opportunities. CPU-compute mode, on the other hand, oloads
computation to the CPU as an optional feature, recommending it for I/O-bound situations where keeping the
KV-cache stationary in host DRAM is more beneicial than transferring it to the GPU for computation. Enabling
this option may reduce long transfer times, but it does not overlap CPU with GPU computations, as shown in
Figure 5d. Based on these observations, this paper presents an improved oloading technique that supports
dynamic workload division, maximizing the beneits of CPU oloading across all circumstances.

3 CPU-GPU Workload Distribution

3.1 Single-batch Workload

The single-batch workload is the basic form of the generation phase used in most existing throughput-oriented
frameworks, such as ZeRO-Ininity, HuggingFace Accelerate, and FlexGen. Since the host DRAM size far exceeds
the VRAM size, the GPU VRAM generally limits the size of a single batch, even though the host DRAM can
accommodate larger or more batches. During the single-batch workload, existing frameworks overlap computation
with communication for both MHA and FFN layers, i.e., the FFN layer weights are transferred while the MHA
layer is computed and vice versa; however, this overlap yields low throughput because data transfer times exceed
GPU computation times.

In this work, the CPU cores are employed during the generation phases to perform computation while weights
are being transferred to the GPU, ensuring that at least one compute device is active at all times, thereby realizing
pipeline-parallelism. CPU computational oloading not only reduces decoding latency, but also requires fewer
weights to be transferred from the host DRAM to the GPU VRAM; furthermore, pipeline-parallelism introduces
fewer synchronization points than model-parallelism [45, 46].
The state-of-the-art throughput-oriented framework FlexGen uses pinned main memory areas to enable fast

and asynchronous transfers to the GPU; however, the necessary data copies from pageable memory into pinned
memory incur signiicant overhead. In this work, stationary weights are allocated in pageable memory while
data to be transferred to the GPU is placed in pinned memory, eliminating any on-the-ly pinning procedures,
removing heavy memory copies, and freeing the CPU for computational oloads. If all data to be transferred to
the GPU during inference is pinned before the generation phase begins, the expensive memory copy overhead
can be eliminated and idle times can be reduced. Figure 6b shows the generation phase of a single-batch workload
without on-the-ly pinning, with actual performance measurements in Figure 6a. Compared to Figure 5a, the
idle transfer times are eliminated as a result of removing the on-the-ly pinning procedures. This alone brings
signiicant throughput improvement, as idle times grow in FlexGen with larger batch sizes or when not all weights
are pinned before the start of LLM inference. However, GPU computations are still considerably faster than data
transfers, precluding complete overlap; our work therefore identiies computation oloading opportunities on
the CPU to overlap with the GPU, as shown in Figure 6c.

ACM Trans. Arch. Code Optim.
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Fig. 6. Illustration of improved single-batch generation phases based on actual performance measurements. Performance

was measured with hardware in Table 1. Gant charts follow the same notations from Figure 5.

Furthermore, the model implementation can be optimized for CPU computations. For example, the current
implementation includes a heavy reshape operation after concatenating the produced KV matrices with the
KV-cache, as shown in Figure 2a. These reshape operations incur high CPU computational latency, reducing
overlapping opportunities since the GPU is orders of magnitude faster at all other operations. However, the
reshape operation can be reordered to lower CPU computation latency. Instead of reshaping the concatenated
KV matrices at every forward pass, the KV-cache can be directly stored in the target shape. In other words, the
K-cache and the V-cache can be stored as (�ℎ,�, �) and (�ℎ, �, �) instead of (�, �, �), respectively. This way, the
KV-cache does not need to be reshaped at every forward pass, and only the newly produced KV matrices require
reshaping. Eliminating KV-cache reshapes becomes increasingly beneicial as the cache size grows, and a faster
attention layer computation on the CPU allows more work to be delegated to the CPU, which in turn minimizes
data transfer latency and GPU computation latency.

3.2 Multi-batch Workload

The multi-batch workload increases the number of times each weight is used after it has been transferred to
the GPU VRAM. Building upon the single-batch workload, the multi-batch workload can beneit from pipeline-
parallelism but requires additional consideration. Firstly, since multiple batches are involved, a KV-cache data
transfer is required for each batch, as shown in Figure 5b. However, a batch’s KV-cache data transfers cannot be
overlapped with the previous batch’s GPU computations because only a single batch’s KV-cache can reside in
the GPU at a time. Instead, the CPU must remain active throughout the data transfers to maximize generation
throughput. For example, Figure 7 shows that CPU computations need not be stalled by data transfers or GPU
computations, thus maximizing CPU utilization for faster decoder layer inference. To implement the multi-batch
workload, both data transfer latency and GPU computation latency must be measured for precise workload
division, and all CPU computations for a batch must complete before its GPU computation begins for correctness,
as discussed in Sections 4.1 and 4.2.

Secondly, to further increase overlapping opportunities, the decoder layer can be split at any point to balance
CPU computation against data transfers. Depending on the workload, the latency of the MHA workload on the
CPU may be signiicantly shorter than the time required to transfer the FFN data to the GPU. In such cases,
parts of the FFN workload can be executed on the CPU to maximize the overlap of data transfers with CPU
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WV 7.884 36.450 0.463
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FC.1 16.856 19.891 1.174
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tation latency measurements in ms. (OPT-

30B, two batches of size 25)

PCIe (C)

PCIe (W)

CPU

GPU

K 

FC.01 2
i i

00

10ms 20ms 30ms 40ms 50ms 60ms 70ms 80ms 90ms 100ms 110ms

1 V i
2 Output i

3

V K i1 V i
1

i

0

i

0

FC.1 FC.13 4

Q 4 Ki

0

i

0

i-1

0
5 6

5 Q 6 Ki

1

i

1

i-1

1

63ms

7 8Decoder i

0

7 8

Decoder i

1

(b) Two-batch workload with two split points.

PCIe (C)

PCIe (W)

CPU

GPU

 

FC.01
i i

0

10ms 20ms 30ms 40ms 50ms 60ms 70ms 80ms 90ms 100ms 110ms

2

V  V i
1

i

0

Scores2 3

Q 3 Ki

0

i

0

i

0

4 V i

0

FC.1i

4 Scores5 6
i

1
7

5 Q 8 Ki

1

i

0
9 K i

1
1 Output i

10 11

63ms

10 11Decoder i

0 Decoder i

1

8 9

6 K i

1
7 V i

1

(c) Two-batch workload with a single split point ater Scores split.

Fig. 7. Illustration of improved single-batch generation phases based on actual performance measurements. Performance

was measured with hardware in Table 1. Gant charts follow the same notations from Figure 5.

computations, dividing the decoder layer into three sections with two split points. An illustration of splitting the
workload twice is given in Figure 7b, where the large cache data is transferred to be handled by the GPU rather
than the CPU. Instead of having the lightweight Q� , K� , and V� operations computed by the CPU ś which would
introduce idle time ś the heavier MLP operation at the end of the sequence is assigned to the CPU to minimize
idle time.
While inter-operation split points can balance the CPU and GPU workloads in many cases, they may not

always yield a suiciently ine-grained balance. In such cases, individual operations can themselves be split
in an intra-operation split to more precisely align CPU computation times with data transfer times. A simple
example is shown in Figure 7c, where the Scores operation is split to balance the CPU-GPU workload. Operation
splitting can be applied regardless of model-speciic optimizations such as GQA [3]. GQA reduces the KV-cache
size, but the computational workload remains relatively unchanged compared to multi-head attention. The
reduced data transfer volume limits the opportunity to oload computation to the CPU, as it will generally
be more advantageous to perform computations on the GPU. When most computation is performed on the
GPU, pipeline-parallelism is hampered by long GPU computation times at large batch sizes. To alleviate this
overhead, batched matrix multiplications over the KV-cache data can be split into smaller operations to reduce
GPU computation latency and device memory copies.

3.3 Compression

Compression can enhance data transfer eiciency in memory-bound workloads by reducing transfer times;
however, it requires additional decompression routines. This approach is particularly beneicial in systems with
constrained main memory, though the associated GPU decompression overhead may reduce performance in
oloaded scenarios. To maintain eiciency, this overhead must be minimized. The decompression process can be
partially overlapped with host-to-device data transfers, as decompression can begin immediately after the irst
data segment is received. As illustrated in Figure 8b derived from actual performance measurements in Figure 8a,
the generation phases improve when decompression routines are incorporated, with decompression operations
represented in the GPU(D) row. In this setup, decompression begins as soon as the corresponding data becomes
available on the GPU, such as the decompression of the Output weight matrix (⑥) following the completion
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Fig. 8. Illustration of improved single-batch generation phases based on actual performance measurements. Performance

was measured with hardware in Table 1. Gant charts follow the same notations from Figure 5, with rows PCIe(W_H) and

PCIe(W_S) denoting host-to-device transfers and storage-to-device transfers.

of its transfer (①). As with multi-batch workloads, the latency introduced by decompression must be carefully
accounted for to achieve an optimal workload distribution.

3.4 NVMe Utilization

To optimize GPU bandwidth utilization for data transfers, storage-to-device transfers can be employed to directly
access weights stored in NVMe devices. NVIDIA’s GPUDirect Storage (GDS) framework [31] enables direct data
loading from NVMe storage into the GPU, bypassing the intermediate storage-to-host and host-to-device transfer
stages, which are traditionally associated with signiicant latency and overhead. Since the I/O workload does not
require DRAM for bufering, this approach reduces DRAM footprint and mitigates bandwidth contention between
CPU computations and host-to-device transfers. These factors signiicantly inluence throughput, particularly in
CPU-oload scenarios, where reduced DRAM contention allows for increased batch storage in host memory
and accelerated CPU computation, ultimately enhancing overall system throughput, as illustrated in Figure 8c
derived from actual performance measurements from Figure 8a. Furthermore, GDS facilitates direct weight
transfers, eliminating the need for decompression by storing weights in an uncompressed format on the NVMe
devices. When GDS is available, a dedicated process is instantiated for each NVMe device, enabling parallel data
loading rather than relying on a single process to transfer all weights into host DRAM. The downside is that all
weights must be replicated across all NVMe devices, as it cannot be determined in advance which weights will be
requested; however, this represents a modest storage overhead relative to the total capacity of the NVMe devices.

4 Framework Implementation

The workload division options presented in the previous section assume advanced knowledge of the split
point(s). While the split point(s) for a given model, coniguration, and hardware can be determined manually, this
process must be repeated for each use case. Therefore, an automatic and dynamic workload division module is
implemented to determine the optimal workload balancing coniguration without manual intervention. Figure 9
shows the organization of the framework: the proiler irst measures the latencies of each workload on the
involved devices for diferent conigurations, the device map creator then determines the optimal division points
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Fig. 9. Block diagram illustrating the overview of the framework.
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Fig. 10. Computation and transfer latency CDFs. The GEMM latency was measured with two tensors shaped (1, 7168) and

(7168, 7168), and the transfer latency was measured with a (7168, 7168) shaped weight.

and weight device placements from the proiled information, and inally the inference module executes the
inference process for the given user inputs.

4.1 Hardware Profiler

The preprocessing phase consists of proiling the target system and creating a device placement map for the
runtime module. During the proiling phase, all latency information related to computation, decompression,
host-to-device transfers, and, if available, simultaneous storage-to-device transfers is collected.

Accurate measurement of storage-to-device transfer latency is key to achieving accurate workload division. It
is important to note that simultaneous CPU computations and memory transfer operations can lead to memory
contention that severely degrades the performance of both tasks. Figure 10a shows the CDF of GEMM operation
latency compared with the operation overlapped with host-to-device and storage-to-device transfers, illustrating
that simultaneous host DRAM access slows down computation increasing GEMM latency by almost double.
Based on this observation, the hardware proiler measures CPU computation performance while overlapping
with host-to-device data transfers to obtain accurate measurements. Another factor requiring consideration is
the number of CPU cores used during computation. Experiments with PyTorch [36], which allows coniguring
the number of CPU threads used for computation, on the target system (Table 1) show that using all available
cores does not always yield optimal results, as shown in Figure 10b. The hardware proiler therefore sweeps
the number of cores used during computation to ind the lowest achievable CPU latency. After collecting the
necessary proiling information, the framework computes the split points that minimize the end-to-end LLM
inference latency.
When NVMe devices share PCIe lanes rather than each having a dedicated x16 connection, their efective

throughput can vary signiicantly depending on slot assignment and inter-device interference. Therefore, when
using multiple NVMe slots with diferent speeds, the transfers across devices must be balanced to avoid being
bottlenecked by the slowest one. A naive approach of allocating transfer workloads linearly proportional to each
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NVMe device’s proiled performance is possible, but can still lead to sub-optimal results. Figures 10c and 10d
illustrate the diference between separate and simultaneous transfers of a single weight. Figure 10c shows that
one of the four identical NVMe devices achieves almost twice the throughput of the other three on its PCIe lane.
However, if transfer sizes are allocated based on single-transfer proiling results, the NVMe throughput may
not match expectations under simultaneous transfers, as shown in Figure 10d. In other words, an NVMe device
can be over-allocated, disrupting the optimal overlapping scenario. Therefore, the dynamic division procedure
iteratively proiles storage-to-device performance while incrementally adjusting the transfer size assigned to each
NVMe device after each proiling iteration. For example, consider NVMe devices �1 and �2 that require �1 and �2
time units to transfer �1 and �2 data units, respectively. Given the average latency ���� = (�1 + �2)/2, the data size
units for the next iteration are updated by multiplying by the weighted transfer times, as shown in Equation 2.

�1 = �1 ∗
����

�1
, �2 = �2 ∗

����

�2
(2)

However, directly applying this multiplier can continuously over-allocate the transfer workload to a single
NVMe device and miss the optimal coniguration, similar to overshooting a global minimum due to a large
step size in stochastic gradient descent. Therefore, only a fraction of the full correction is applied at each step,
controlled by a constant factor � as shown in Equation 3. The resulting weight is then applied to the data size, as
shown in Equation 4. In our evaluation, approximately 10 proiling iterations were suicient for the � parameter
to converge and achieve a balanced workload distribution across all NVMe devices.

�1 = (1 −
����

�1
) · �, �2 = (1 −

����

�2
) · � (3)

�1 = �1 ∗ (1 +�1), �2 = �2 ∗ (1 +�2) (4)

4.2 Device Map Creator

All proiled information is passed to the device map creator for the division decision-making process. The proiling
information is represented as an array � where � [�] indicates the �-th operation. To determine which subarray
� [� .. �] must be computed on the GPU and the remainder on the CPU, computation and transfer latencies are
measured. The arrays� ,� , and � are obtained during the proiling phase, where� [�],� [�], and � [�] denote the
CPU computation, GPU computation, and host-to-device transfer latency for operation � [�], respectively. The
objective is then to ind the split points that minimize the overall latency �,

� =max(CPU(�, �), H2D(�, �)) (5)

where ��� (�, �) and �2� (�, �) return the total CPU computation time and total host-to-device transfer time for
a single decoder layer with two split points � and � , as shown in Equations 6 and 7.

CPU(�, �) = sum(C[1..� − 1]) + sum(C[ � ..len(�)]) (6)

H2D(�, �) = sum(H[� .. � − 1]) (7)

If compression is involved, the total decompression latency is calculated by adding the sum of all necessary
decompression latencies to the transfer latency of the irst weight, since decompression can only begin after
the irst compressed weight completes its host-to-device transfer. Equation 8 shows the calculation of the total
decompression latency, which is then compared against the other components to compute the overall latency �
as shown in Equation 9,

DC(�, �) = sum(D[� ... �])) + H[�] (8)

� =max(CPU(�, �), H2D(�, �), DC(�, �)) (9)
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Fig. 11. Comparison of KV-cache memory usage for a single layer of OPT-30B model with 544 tokens.

where � [�] denotes the decompression time of the weight used in operation � [�].
If NVMe devices are involved in weight transfers, the host-to-device transfer latency calculation must be

adjusted. Weights selected for storage-to-device transfers are subtracted from the host-to-device transfer latency
and treated as separate variables when computing the overall latency �, as in Equation 10,

� =max(CPU(�, �), H2D(�, �, �����), DC(�, �), S2D(�����)) (10)

where ����� is an array of weight indices assigned to storage-to-device transfers. Given the weight indices in
���� and an array � containing the storage-to-device transfer performance for each weight, �2� and �2� are
computed as shown in Equations 11 and 12,

H2D(�, �, ����) = sum(H[� .. � − 1]) − Σ�∈����� [�] (11)

S2D(����) = Σ�∈����� [�] (12)

All possible combinations of split-point pairs and NVMe weight conigurations are exhaustively evaluated,
and the coniguration that minimizes both overall latency and inter-stage imbalance is selected as the workload
distribution scheme for runtime execution. The size of the search space is primarily determined by the number of
split-point candidates, which depends on the number of operations. For a decoder layer with � operations, there
are (� − 1) possible single split points. In addition, selecting two split points from these (� − 1) candidates yields
(�−1

2

)

combinations. Therefore, the total number of split-point candidates is as shown in Equation 13.

(� − 1) +
(� − 1) (� − 2)

2
=

�(� − 1)

2
(13)

The same procedure applies to the multi-batch workload, with the only diference being the calculation of
KV-cache transfer latency, which must account for every batch’s KV-cache transfers. Therefore, H2D(�, �) for the
multi-batch scenario becomes

H2D(�, �) = sum(H[� .. �]) + (� − 1) (G[� .. �]) + (� − 1) (KV) (14)

where KV denotes the total transfer latency of all cache data involved. With these equations in place, all
combinations of split points and storage-to-device transfers are precomputed and stored prior to the search.

4.3 Inference Module

The runtime uses two separate processes for CPU computation and host-to-device transfers. If the GDSmechanism
is enabled, additional processes are created ś one per NVMe device ś to handle storage-to-device transfers.
This multi-process design ofers two advantages. First, the runtime does not need to issue asynchronous data
transfers from within the same process as CPU computations, since transfers are handled in separate CUDA
contexts. When a single process submits both computation and transfer kernels to the GPU before starting CPU
computations, precisely balancing the GPU and CPU workloads is diicult. With multiple processes, barrier
synchronizations can eliminate this balancing complexity and simplify implementation. Second, not all weights
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(a) Sequence diagram of a prefill phase using host-to-device only.
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(d) Sequence diagram of a generation phase using host-to-device and storage-to-device transfers.

Fig. 12. Sequence diagrams for prefill and generation phases. Subscripts denote layer index.

need to be pinned before the preill phase. Pinned memory regions can consume more than double the memory of
equivalent pageable regions, as shown in Figure 11; therefore, minimizing pinned memory allocation signiicantly
reduces overall memory requirements during LLM inference.
During the preill phase, no CPU oloading is performed, since throughput-oriented workloads target large

input sequences that make the preill phase computationally intensive; hence, GPU-only execution is more
appropriate. Two processes are used for the preill phase: one for GPU computation and one for weight transfers,
as shown in Figure 12a. These two processes are synchronized by the GPU computation process, which signals
the transfer process whenever it begins computing a layer and again when the KV matrices have been produced.
The irst signal initiates host-to-device weight transfers and the second initiates device-to-host KV transfers;
both are hidden by the GPU computations. If GDS is enabled, NVMe transfer processes are launched alongside
the weight transfer process during the preill phase, as shown in Figure 12b.

The generation phases employ the CPU as an additional compute device; accordingly, one process is dedicated
to CPU computation and another to GPU computation. Figures 12c and 12d show generation phases with separate
processes for CPU computation, host-to-device transfers, and GPU computations. The examples illustrate a single-
batch workload; additional host-to-device cache transfers are introduced when multiple batches are used. CPU
computations and weight transfers notify the GPU computation process upon completion, correctly triggering
GPU computations in a pipelined-parallel manner. A notable implementation detail concerns KV-cache placement:
if the CPU computation process requires the cache data, it must hold the cache locally. If the cache data resides
in another process and must be copied over, this incurs additional memory transfer overhead that degrades
throughput. Therefore, once weight placements are determined by the device map creator, the runtime module
allocates cache data in the appropriate process from the outset.

A further implementation consideration involves decompression, where correctness requires that decompres-
sion begins only after the corresponding transfer completes. The ordering of GPU kernels during decompression
is enforced using CUDA streams [30], which guarantee sequential execution of kernels submitted to the same
stream. For example, if two weights�� and�� are to be transferred and decompressed, submitting the transfer
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Table 1. Commodity target system used for evaluation.

CPU AMD Ryzen 9 7950X 16-core @ 4.5 Ghz (BF16 compute enabled)

GPU NVIDIA RTX A4000 16GB (PCIe Gen4)

DRAM Samsung DDR5 32G PC4-44800 x 4

NVMe SK Hynix Gold P32 NVMe M.2 2TB x 4

M/B ASROCK X670E PG Lightning

PCIe (GPU) Gen5x16 (NVMe) Gen5x4, Gen4x4, Gen3x4, Gen4x2

S/W Stack PyTorch 2.3.0 + CUDA 12.3
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(a) Latency comparison w/o data transfer overlaps.
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(b) Latency comparison w/ data transfer overlaps.

Fig. 13. Analysis of reshape eficiency comparing Scores computation latency for OPT-30B model.

and decompression kernels for�� and�� to CUDA streams �� and � � respectively enforces both intra-stream
ordering (transfer before decompression) and independence between �� and � � .

5 Evaluation

All experiments evaluate throughput (averaged over 10 runs) on the target system shown in Table 1. The A4000
GPU is the only non-commodity component, used to evaluate NVMe transfers via the GDS feature. The AMD
Ryzen 9 CPU supports the BF16 data type; the FP16 model weights are converted to BF16 format for inference.
This conversion has only a marginal efect on model accuracy, increasing the perplexity score (lower is better)
from 13.3 to 13.37 on the WikiText2-103-test [26] dataset.

5.1 Reshape Eficiency

To assess the computational impact of the reshape operation on CPU execution, as described in Section 3.1, we
evaluate both the original and improved implementations and their efects on workload eiciency. Figure 13
presents a comparative evaluation of these two implementations. In the original approach, the entire cache
data is reshaped before the BMM operation, resulting in a signiicant increase in execution latency. Speciically,
this method incurs approximately a 70% latency overhead compared to the optimized implementation without
overlapped transfers, as shown in Figure 13a.

The improved implementation exhibits increased latency when concurrent with intensive host-to-device data
transfers; however, it still achieves a 35% to 50% reduction in execution time relative to the original implementation
under the same conditions. This optimization substantially reduces attention layer latency on the CPU, enabling
the division module to ind a more balanced workload distribution.
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Table 2. Preprocessing (ofline profiling and split point search) latency based on various configurations. SC. Split denotes

whether Scores operation is split into 8 chunks or not.

Model Input SC. Split Proiling Duration

OPT-30B 1x1 X 38 seconds

OPT-30B 1x100 X 51 seconds

OPT-30B 1x100 O 54 seconds

LLaMA-2-34B 1x1 X 38 seconds

LLaMA-2-34B 1x100 X 52 seconds

LLaMA-2-34B 1x100 O 55 seconds

5.2 Split Point Search

The split-point search relies on an oline proiling phase performed prior to inference execution. In this phase,
latency statistics are collected and used to determine the optimal split point. As shown in Table 2, the combined
cost of proiling and split-point search is on the order of tens of seconds per coniguration. Additional overheads
are modest: splitting an operation introduces a few seconds of preprocessing latency, while NVMe proiling
incurs approximately one second per iteration (not shown in the table).

When a new coniguration is introduced, proiling must be repeated; however, the associated overhead remains
small. If the proiler explores multiple CPU core conigurations (including varying core frequencies), the total cost
scales proportionally with the number of conigurations evaluated. To avoid redundant proiling, all results are
cached and reused when the same coniguration is encountered in subsequent inference runs. The low proiling
overhead provides lexibility, allowing re-proiling when necessary, such as in response to hardware changes.

To identify the optimal workload partitioning, an exhaustive search over all possible split points is performed.
Representative examples are illustrated in Figure 14, which presents results for all single-point workload divisions.
When the overall latency is determined by the maximum of two components ś CPU computation and data
transfer ś the resulting curve exhibits a concave-up shape. As shown in Figures 14a and 14c, distributing the
workload between CPU and GPU reduces total latency by 30% and 8%, respectively, compared to a GPU-only
baseline, denoted as LN.0. Furthermore, Figures 14b and 14d demonstrate that iner-grained partitioning yields
additional latency reductions of 7% and 5%, respectively, relative to the CPU-GPU split coniguration.
Figure 14 captures only two factors ś CPU computation and host-to-device data transfer ś as these are

the primary drivers of workload balancing in the framework. Modiications to the model implementation or
underlying hardware can signiicantly afect these factors. For instance, faster data transfer rates enabled by newer
GPUs or higher-generation PCIe interfaces reduce the opportunity for overlapping computation, whereas slower
transfer rates increase it. As the overlap opportunity grows, the beneit of workload balancing correspondingly
increases.

5.3 End-to-end Latency

In this section, we evaluate the proposed methodology using the BF16 data type against FlexGen across various
workload conigurations, including single-batch, single-batch with compression, and multi-batch with compres-
sion. FlexGen serves as the baseline, and two variants of our methodology are compared: one without CPU
oloading (GPU-only) and one with CPU oloading (GPU+CPU).
Figure 15 shows inference latency for the OPT-30B model across various token generation lengths with 512

input tokens, with preill and generation latencies shown as stacked bars. Our approach demonstrates signiicant
performance improvements over FlexGen, with maximum throughput increases of 105%, 80%, 55%, and 95%
across the diferent workload conigurations when leveraging both CPU and GPU for computation. Notably,
improvements are observed in both the preill and generation phases. In the preill phase, FlexGen performs
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(a) Search result for OPT-30B model with 1x50 batch size.
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(b) Search result for OPT-30B model with 1x50 batch size and

divided Scores(SC) operation.
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(c) Search result for OPT-30B model with 1x100 batch size

and compression.
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(d) Search result for OPT-30B model with 1x100 batch size,

compression, and divided Scores(SC) operation.

Fig. 14. Single-point workload division result across all available split points. The x-axis labels show the operations in an

OPT decoder layer, where each label denotes the split point. For example, V indicates that all operations up to and including

V are computed by the CPU, and the remainder by the GPU.

synchronous KV-cache transfers, which introduce increasing delays as batch size grows. Our implementation
instead uses separate processes for inference and data transfers, efectively alleviating this bottleneck. During
the generation phase, the performance gains stem from several improvements: the optimized attention layer
implementation and an eicient AVX BF16 kernel together allow the dynamic division module to oload a larger
portion of computation to the CPU, maximizing utilization of available hardware resources.

Figure 16 shows inference latency for the LLaMA-3-8B and LLaMA-2-34B models across various token gener-
ation lengths with 512 input tokens. Since FlexGen does not support the LLaMA model, CPU-GPU inference
latency is compared against a GPU-only baseline. All LLaMA-based evaluations show smaller gains compared to
OPT-30B due to the elimination of on-the-ly pinning procedures, but the workload distribution still provides a
maximum of 51% latency reduction in non-compression workloads and 18% in compression workloads.

5.4 GPUDirect Storage

The use of pinned memory in our implementation introduces a fundamental trade-of between data transfer
latency and overall computational throughput. In FlexGen, data is dynamically pinned during the inference stage.
While this on-demand pinning incurs noticeable overhead and increases per-transfer latency, it allows larger
batches to be created. For example, FlexGen can accommodate up to four batches of 100 inputs, whereas our
implementation is limited to four batches of 60. In contrast, our implementation pre-allocates and pins memory
at the start of inference, which reduces runtime pinning overhead but increases memory pressure, limiting the
number of batches that can be supported concurrently.

To overcome this limitation and enable larger batch conigurations, our work leverages GDS to oload model
weights to NVMe devices. This reduces the memory footprint in main memory, freeing space for additional input
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(a) Latency comparison with various batch configurations for 32 token generations.
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(b) Latency comparison with various batch configurations for 64 token generations.
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(c) Latency comparison with various batch configurations for 128 token generations.

Fig. 15. OPT-30B model inference latency comparison with 512 input tokens. Generation phase latencies are stacked on

top of the prefill phase latency. Bars with hatches denote application of compression, and empty bars show out-of-memory

errors.

batches and intermediate activations, as shown in Figure 17. However, the performance beneits of NVMe of-
loading are workload-dependent. Without compression, NVMe-based transfers achieve performance comparable
to the GPU+CPU baseline. With compression, however, NVMe performance degrades due to resource contention
on the GPU: concurrent execution of host-to-device transfers, storage-to-device transfers, and GPU computation
leads to contention for shared resources such as memory bandwidth and DMA engines, reducing the eiciency
of each component and ultimately lowering overall throughput.

5.5 CPU-GPU Overlaps

We also analyze CPU and GPU utilization within a decoder layer during distributed inference. As shown in
Figure 18a, the single-batch workload achieves approximately 98% overlap between host-to-device transfers and
CPU computation. In the multi-batch workload, shown in Figure 18b, only up to 70% of the decoder workload is
handled by CPU computation, due to the high computational demands of the decoder layer that cannot be fully
oloaded to the CPU. With operation splitting, however, the CPU overlap increases to up to 90% of the workload,
as illustrated in Figure 18c. This improved utilization yields approximately a 5% reduction in generation phase
latency compared to the CPU+GPU coniguration without operation splitting, as shown in Figure 19.
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(a) LLaMA-3-8B latency comparison with various batch con-

figurations for 32 token generations.
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(b) LLaMA-2-34B latency comparison with various batch con-

figurations for 32 token generations.

1x10 1x20 1x30 1x40 1x50 1x60 1x70 1x80 1x90 1x100 4x60 4x70 4x80 4x90 4x100
(Number of batches)x(Batch size)

0

30

60

90

120

150

180

210

La
te

nc
y 

(in
 s

)

GPU-Only (PRE) CPU+GPU (PRE) GPU-Only (GEN) CPU+GPU (GEN)

(c) LLaMA-3-8B latency comparison with various batch con-

figurations for 64 token generations.
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(d) LLaMA-2-34B latency comparison with various batch con-

figurations for 64 token generations.
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(e) LLaMA-3-8B latency comparison with various batch con-

figurations for 128 token generations.
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(f) LLaMA-2-34B latency comparison with various batch con-

figurations for 128 token generations.

Fig. 16. LLaMA-3-8B and LLaMA-2-34B model inference latency comparison with 512 input tokens. Generation phase

latencies are stacked on top of the prefill phase latency, and bars with hatches denote application of compression.

5.6 LLM Optimizations

In this section, we evaluate the performance of the presented methodology across a variety of LLM optimization
settings. Speciically, batch sizes ranging from 1 to the maximum achievable on our hardware were tested with a
preill phase of 512 tokens followed by generation of 32 tokens. The optimization strategies considered here are
selected to assess the feasibility and efectiveness of CPU-GPU distributed inference.
To explore the generality of the methodology, experiments are conducted with two distinct models and

optimization combinations. The irst combines IniniGen [22] with the OPT-30B model to evaluate KV-cache
selection. The second applies ASC [20] to the OPT-30B model to evaluate operation reordering. Each coniguration
was implemented using open-sourced code or implementation details from the respective paper. Correctness
was maintained in all cases except ASC, where only the operation ordering described in the paper could be
reproduced.
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Fig. 17. OPT-30B model inference latency comparisons with 512 input tokens and 32 token generations. Generation phase

latencies are stacked on top of the prefill phase latency. Bars with hatches denote application of compression, and empty

bars show out-of-memory errors.
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(a) Single-batch workload breakdown.
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(b) Multi-batch workload breakdown.
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(c) Multi-batch workload with operation split.

Fig. 18. Analysis of generation phases using the OPT-30B model with 512 input tokens to generate 32 tokens. H2D denotes

host-to-device transfers, OVL_HC the overlap between H2D and CPU computations, OVL_CG the overlap between CPU and

GPU computations, and GPU denotes GPU computations.

Figure 20 presents single-batch workload results across all three optimization settings, comparing against
the GPU-only baseline. A substantial latency reduction is observed: approximately 50% for non-compressed
workloads and 20% for compressed workloads when using distributed CPU-GPU inference. These gains are
purely from the generation phase, as the preill phase shows no improvement over the GPU-only setting. The
smaller gains under compression can be attributed to the increased GPU workload, which reduces the available
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(a) OPT-30B inference latency comparisons.
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(b) LLaMA-2-34B inference latency comparisons.

Fig. 19. Inference latency comparisons with 512 input tokens and 32 token generations. Generation phase latencies are

stacked on top of the prefill phase latency, and bars with hatches denote application of compression. OpSplit denotes

operation spliting.
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(a) OPT-30B latency comparison on various single-batch workload configurations w/ InfiniGen.
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(b) OPT-30B latency comparison on various single-batch workload configurations w/ ASC.

Fig. 20. OPT-30B model inference latency comparisons with 512 input tokens and 32 token generations combined with other

LLM optimization techniques. Generation phase latencies are stacked on top of the prefill phase latency. Bars with hatches

denote application of compression, and empty bars show out-of-memory errors.

opportunities for CPU oloading. Overall, the results demonstrate that the dynamic division module achieves
signiicant inference performance improvements across diferent model conigurations and input sizes.
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6 Related Work

Oloading Systems. ZeRO-Inference [4] pins the entire model weights in DRAM or NVMe and streams them
layer-by-layer into the GPU for inference, leveraging layer prefetching to hide portions of the transfer latency.
HuggingFace Accelerate [16] pursues the same goal of oloading weights to DRAM and NVMe to reduce VRAM
pressure, but uses a hook mechanism rather than explicit streaming. FlexGen [40] leverages a zigzag scheduling
strategy that divides batches into sets and processes one set at a time, rather than completing the full inference
pass before moving to the next. While these throughput-oriented frameworks target maximum throughput, none
of them considers CPU computation to alleviate data transfer bottlenecks.
DeepSpeed-FastGen [15] introduces a token-level scheduling strategy that decomposes long prompts into

ixed-size chunks and fuses them with generation tokens to maintain uniform forward-pass sizes. ExeGPT [32]
presents a constraint-aware LLM inference system that explicitly decouples the encoding and decoding phases
and formulates schedule optimization as a monotonic search problem solved via branch-and-bound. However,
neither DeepSpeed-FastGen nor ExeGPT considers CPU computation during LLM inference.
Both TwinPilots [46] and HeteGen [45] employ hybrid CPU-GPU parallelism by combining pipeline- and

tensor-parallel methods during LLM inference to increase token generation throughput. However, TwinPilots
targets high-end server environments comprising multiple nodes or GPUs, whereas our work focuses on a single
commodity GPU system. HeteGen focuses on single-input tasks to demonstrate its efectiveness in reducing
latency in oloading scenarios, whereas our work considers batch inference settings where latency is traded for
higher throughput.

IniniGen [22] and PowerInfer [41] both exploit sparsity during LLM inference, leveraging KV-cache sparsity
and activation sparsity, respectively. KV-cache sparsity reduces the volume of data transfers during inference,
while activation sparsity reduces the FLOPs executed on the GPU by oloading sparse weights and activations to
the host CPU. The former is a GPU-centric approach complementary to our work, while the latter assigns the
CPU only the computation of activated neurons, in contrast to our approach which oloads a full portion of the
inference workload.
Finally, llama.cpp [14] is a widely adopted open-source framework that supports a broad range of hardware

conigurations for running LLMs. While not strictly an oloading framework, it supports oloading a conigurable
number of layers and KV-cache data to host DRAM during GPU-based inference. However, its approach executes
the two devices sequentially rather than in an overlapped fashion, making it better suited for pipeline-parallel
multi-user settings than for throughput-oriented workloads where the full model cannot it in GPU VRAM.
Memory Management. vLLM [21] and Orca [47] use iterative scheduling and paged attention to eliminate

memory waste and handle a larger number of concurrent requests. RadixAttention [50] introduces a modiied
scheduler that prioritizes requests matching cached preixes to improve throughput. These works focus on
eicient memory management at the model server level, rather than targeting a single commodity GPU system.

Attention Architectures.MQA [38] reduces the number of KV heads to one, thereby decreasing KV-cache size,
while GQA [3] generalizes this by matching the number of KV heads to the number of training nodes [43].
Alternative approaches to MHA optimization include I/O-aware kernel design via FlashAttention [11] for
accelerated attention computation, and operation reordering [20], which has been shown to halve cache size and
improve throughput by up to 50% compared to standard implementations. The sliding window technique [17]
bounds KV-cache size by constraining sequence lengths to a ixed window. These works motivated the design of
the dynamic division module, as they give rise to varied workload characteristics during LLM inference.

Quantization and Compression. SqueezeLLM [19] applies sensitivity-based non-uniform quantization and ilters
out outliers to efectively compress model weights. SmoothQuant [44] achieves accuracy-preserving W8A8
quantization through per-channel smoothing. H2O [49] and Scissorhands [25] reduce KV-cache size by enforcing
a token budget and evicting tokens once that budget is exceeded. The FastGen framework [13] builds on attention
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patterns and targets accuracy preservation by minimizing maximum approximation error. These techniques
reduce model or KV-cache size and are compatible with our framework, provided the target hardware supports
their computational requirements.

CPU-GPU Workload Distribution. Dopia [9] and OnTheFly [8] both dynamically distribute workloads between
the CPU and GPU, but target integrated CPU-GPU architectures rather than systems with a dedicated discrete
GPU. The work most closely related to ours is our prior work on CPU oloading [34], which difers primarily in
that it does not support dynamic workload distribution through a proiling stage.

7 Conclusion

This paper demonstrates that strategically employing available CPU resources during host-to-device transfers
can signiicantly reduce LLM inference latency on commodity hardware. Modern hardware capabilities, such as
BF16 and FP16 compute support and GPUDirect Storage, combined with software-level optimizations, such as
restructuring algorithms for more eicient CPU execution, ofer further avenues for improvement. To relieve
the user from manually identifying optimal workload division points, we present a dynamic workload division
module that automatically determines the best split point coniguration for a given target system. The proposed
approach outperforms existing techniques across all tested conigurations and two diferent LLM architectures,
achieving a maximum speedup of over 2× compared to the state of the art.
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