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Abstract

Large Language Models (LLMs) exhibit pronounced
memory-bound characteristics during inference due to
High Bandwidth Memory (HBM) bandwidth constraints.
In this paper, we propose an L2 Cache-oriented asyn-
chronous KV Cache prefetching method to break through
the memory bandwidth bottleneck in LLM inference through
computation-load overlap. By strategically scheduling idle
memory bandwidth during active computation windows, our
method proactively prefetches required KV Cache into GPU
L2 cache, enabling high-speed L2 cache hits for subsequent
accesses and effectively hiding HBM access latency within
computational cycles. Extensive experiments on NVIDIA
H20 GPUs demonstrate that the proposed method achieves
2.15x improvement in attention kernel efficiency and up to
1.97x end-to-end throughput enhancement, surpassing state-
of-the-art baseline FlashAttention-3. Notably, our solution
maintains orthogonality to existing optimization techniques
and can be integrated with current inference frameworks, pro-
viding a scalable latency-hiding solution for next-generation
LLM inference engines.

Code — https://github.com/alibaba/vllm_xformers_prefetch

Introduction

Large language models (LLMs) have demonstrated trans-
formative potential across multiple domains, including real-
time translation (Barrault et al. 2023), automated content
generation (Achiam et al. 2023; Guo et al. 2025), and per-
sonalized recommendation systems (He et al. 2023). While
these models exhibit exceptional capabilities in semantic un-
derstanding and generation tasks, their massive parameter
scale and computational intensity result in significant la-
tency and cost challenges during inference. To address these
challenge, the industry has widely adopted specialized ac-
celerators (e.g., NVIDIA GPUs), whose architectural effi-
ciency in memory bandwidth utilization and parallel com-
putation has emerged as a critical determinant of inference
speed and infrastructure economics.

However, the inference process of current LLMs exhibits
significant memory-bound characteristics. During inference,
although the prefill phase can process the entire input se-
quence through parallel computation, the decoding phase
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must generate the target sequence token-by-token due to
the autoregressive generation mechanism inherent in Trans-
former architecture (Zhong et al. 2024). In this process, each
decoding step requires loading the Key-Value Cache (KV
Cache) (Shazeer 2019; Shi et al. 2024; Ye et al. 2024) of
historical sequences from off-chip High Bandwidth Memory
(HBM) into compute unit registers. Due to the inability of
HBM bandwidth to meet the throughput demands of modern
compute units, these frequent off-chip memory accesses re-
sult in substantial data movement latency, which has become
the critical bottleneck limiting LLM inference throughput.

To address memory-bound bottlenecks, existing optimiza-
tions primarily focus on reducing memory access overhead.
Algorithmic innovations like FlashAttention (Dao et al.
2022; Dao 2023) employ tiling and kernel fusion strate-
gies to significantly decrease HBM access volume in self-
attention mechanisms, while DeepSpeed-inference (Am-
inabadi et al. 2022) reduces access frequency through op-
erator fusion into unified kernels. However, while these
methods effectively reduce HBM access counts, they fail
to achieve latency hiding through overlapping compute and
memory operations, thereby remaining susceptible to mem-
ory bandwidth limitations.

We conduct systematic hardware performance profiling to
investigate the potential optimization opportunities in cur-
rent LLM inference engines. Focusing on the native XForm-
ers backend of the VLLM inference engine (Kwon et al.
2023), performance analysis reveals that its attention kernel
suffers from significant GPU cache misses during the KV
Cache loading phase, leading to frequent accesses to high-
latency HBM and triggering massive Warp stalls, which
severely degrade inference throughput. Notably, the memory
bandwidth underutilization observed in this scenario pro-
vides critical insights: strategic utilization of idle bandwidth
resources could potentially enhance the memory access effi-
ciency of KV Cache.

Leveraging the hardware capabilities of the NVIDIA
Hopper architecture, we propose an L2 cache-oriented asyn-
chronous prefetching method for KV Cache, designed to
mitigate memory bandwidth constraints in LLM inference.
Specifically, the method strategically schedules idle memory
bandwidth resources to proactively prefetch required KV
Cache into GPU L2 cache during active compute cycles.
This enables direct L2 cache hits for high-speed KV Cache



Metric Value
Compute Throughput 23.35%
Memory Throughput 47.10%

L1 Cache Hit Rate (Load) 0.75%

L2 Cache Hit Rate (Load) 0.06%
Cycles Per Instruction 27.68 cycles
Stall Long Scoreboard 21.34 cycles

Table 1: Hardware performance metrics of the attention ker-
nel in vVLLM’s XFormers backend collected using a single
NVIDIA H20 GPU running the Llama2-7B model with out-
put tokens set to 4096 and batch size of 64.

loading, effectively hiding HBM access latency within com-
putation phases while preventing data dependency-induced
warp stalls.

To validate the performance advantages of our method,
we conducted a series of experiments on mainstream open-
source LLM models using NVIDIA H20 GPUs, with the
state-of-the-art FlashAttention-3 as the baseline. The exper-
imental results demonstrate that: 1) Our approach achieves
up to 2.15x improvement in computational efficiency for the
native XFormers attention kernel; 2) The acceleration ben-
efits exhibit a positive correlation with sequence length and
batch size; 3) Both single-GPU and multi-GPU configura-
tions demonstrate significantly enhanced end-to-end infer-
ence throughput compared to native XFormers implementa-
tions, while surpassing the baseline FlashAttention-3.

In short, this paper makes the following contributions:

* Through systematic hardware performance profiling, we
reveal critical bottleneck characteristics in vVLLM infer-
ence engines and uncover abnormal cache hit patterns
during KV Cache accesses.

* We propose a hardware-software co-designed KV Cache
asynchronous prefetching method that effectively hides
HBM access latency through computation-transmission
overlap mechanisms.

Evaluations on NVIDIA H20 GPUs demonstrate that our
method achieves up to 1.97x end-to-end inference accel-
eration on mainstream open-source LLMs.

Motivation

Extensive studies have demonstrated that GPU-based large
language model (LLM) inference systems exhibit pro-
nounced memory-bound characteristics during autoregres-
sive decoding phases (Agrawal et al. 2024; Leviathan,
Kalman, and Matias 2023; Patel et al. 2024). The prevail-
ing vLLM framework (Kwon et al. 2023) employs a paged
memory management mechanism for non-contiguous block-
wise storage of KV Cache (also referred to as KV Block).
This design paradigm induces fragmented memory access
patterns, thereby exacerbating the memory-bound nature.
Through systematic analysis of the attention kernel imple-
mentation in vLLM’s native XFormers backend, combined
with hardware performance profiling data (as shown in Table
1), we identify three critical performance bottlenecks during
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Figure 1: Schematic illustration of Stall Long Scoreboard
event in NVIDIA GPU.

the inference process: suboptimal GPU resource utilization,
poor cache hit rates, and persistent warp stall occurrences.

Suboptimal GPU Utilization

The experimental data reveals that the XFormers kernel
achieves merely 23.35% compute bandwidth utilization and
47.10% memory bandwidth utilization, indicating notably
suboptimal hardware deployment efficiency. This underuti-
lization phenomenon leaves substantial streaming multipro-
cessors (SMs) in inactive states, fundamentally constraining
inference throughput. From a memory-bound perspective,
the limited memory bandwidth utilization inherently caps
the achievable compute bandwidth, establishing it as the
dominant bottleneck for inference throughput. These find-
ings imply that fully exploiting the untapped memory band-
width could unlock significant potential for throughput im-
provement.

Poor Cache Hit Rate

In the GPU memory hierarchy, data load operations fol-
low a tiered cache lookup mechanism: first probing the L1
cache, then descending to the L2 cache upon miss, and ul-
timately triggering high-latency off-chip High Bandwidth
Memory (HBM) access if both caches miss. Taking the
NVIDIA H100 GPU as an example, its three-tier storage
system (L1/L2/HBM) exhibits a significant performance gap
in bandwidth (33 TB/s vs. 12 TB/s vs. 3.35 TB/s). As
demonstrated in Table 1, the cache access pattern of XForm-
ers kernel shows significant anomalies: the L1 cache hit rate
is merely 0.68%, and the L2 hit rate drops further to 0.12%,
indicating a near-complete failure of the caching mecha-
nism. This forces all memory requests from SMs to rely en-
tirely on the HBM layer, significantly amplifying data access
latency.

Persistent Warp Stall

In the NVIDIA GPU architecture, SMs utilize warps as fun-
damental scheduling units. The XFormers kernel exhibits
severe warp stalling phenomena: the average Cycles Per In-
struction (CPI) reaches 27.68, with 21.34 cycles (77%) con-
sumed by “Stall Long Scoreboard” events, forming an ab-
solute performance bottleneck. As illustrated in Figure 1,



this stall event occurs when a warp executes load instruc-
tions (LDG) to transfer data into registers and encounters
cache misses — triggering high-latency HBM accesses —
its subsequent arithmetic instructions (e.g., ADD) become
non-executable due to register data dependencies, forcing
the warp into a stall state until HBM data reaches SM reg-
isters. The kernel’s near-zero cache hit rate necessitates vir-
tually all memory requests to access HBM, inducing per-
sistent Stall Long Scoreboard events that catastrophically
waste GPU computational cycles. Source code analysis re-
veals that these stall events predominantly cluster during
the KV block loading phase, fundamentally rooted in the
KV Cache’s access pattern exhibiting severe mismatch with
cache locality principles.

In summary, the GPU cache misses encountered by the
XFormers kernel during KV Block loading directly trig-
ger extensive warp stall cycles, resulting in low computa-
tional resource utilization. However, the significant presence
of idle memory bandwidth in this scenario reveals a poten-
tial optimization pathway: By strategically leveraging un-
derutilized bandwidth resources to systematically optimize
the memory access efficiency of KV Cache, the stall cycles
caused by HBM’s high-latency accesses could be remapped
into productive computation cycles. This approach holds
promise for breaking through memory-bound constraints
and achieving step-change improvements in end-to-end in-
ference throughput.

The Proposed Method

Building upon the preceding performance analysis, this
paper proposes an asynchronous KV Cache prefetching
method targeted at XFormers kernel. This method or-
chestrates idle memory bandwidth resources to proactively
prefetch impending KV Blocks into the GPU’s L2 cache
during compute unit active phases, enabling attention ker-
nels to achieve direct L2 cache hits for low-latency KV
Cache acquisition. This design fundamentally circumvents
stalling cycles induced by Stall Long Scoreboard events. By
overlapping HBM access latency with compute cycles, the
proposed method effectively breaks the throughput bottle-
neck inherent in the native XFormers implementation.

Prefetch KV Blocks

vLLM distributes the KV Cache of each sequence across
multiple KV Blocks and locates the physical addresses of
these blocks through a block table lookup, effectively re-
ducing memory fragmentation. Specifically, each block ex-
clusively stores KV Cache data for a single attention head
and contains a fixed-length token span (typically 16 tokens).
This design creates a dual-dimensional distribution pattern
in multi-head attention scenarios: the KV Cache of a single
token is scattered across H blocks (where H is the number
of attention heads), while each block aggregates KV Cache
data of the same attention head from multiple contiguous
tokens.

Building upon the aforementioned KV Block distribution,
the XFormers kernel employs a tailored parallel strategy
manifested in two hierarchical levels:
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* Thread Block-Level Parallelism: A single CUDA
thread block (configured as [Nipread, 1, 1]) acts as
the fundamental execution unit, dedicated to process-
ing a single attention head per sequence. Internally, each
thread block is divided into multiple warps (32 thread-
s/warp), with each warp handling computations for a sin-
gle KV Block, enabling a single thread block to concur-
rently process multiple KV Blocks;

Grid-Level Parallelism: The grid is dimensioned as
[H, B, 1] (where B represents the batch size) to sched-
ule multiple thread blocks, achieving parallel processing
of multiple attention heads and input sequences.

Taking the @ - K7 computation workflow as an example,
the native XFormers employs a block-wise iterative load-
ing mechanism during the attention computation phase: each
warp independently completes the loading and computation
of a K Block within a single iteration until all blocks in the
sequence are processed. As shown in Figure 2(a) (using a
4-warp thread block configuration as an example), this exe-
cution flow can be divided into two critical stages: @ Each
warp loads a current K Block from global memory into reg-
ister; @ The warps performs () - K operations using the
pre-resident Q tensor in registers with the current K Blocks.
Notably, when the current K Blocks miss the cache, the sys-
tem triggers high-latency HBM access operations, which in
turn induce Stall Long Scoreboard events — these events
force the corresponding warps into stall state, becoming the
core bottleneck limiting kernel performance.

To address the aforementioned bottleneck, this study pro-
poses a hardware-software co-designed KV Block prefetch-
ing optimization method, as illustrated in Figure 2(b). Using
the @ - K7 computation workflow as an example, the core
innovation lies in: During the computational cycle when
warps execute the current iteration’s @ - KT operations,
the method leverages GPU’s asynchronous prefetch capa-
bility to proactively load the next iteration’s required K
Blocks from high-latency HBM into L2 Cache. Since the
K Blocks for the current iteration have already been loaded
into registers, its corresponding L2 Cache lines can be safely
evicted without performance degradation. This design en-
sures that subsequent iterations’ K Block requests achieve
L2 Cache hits, thereby significantly reducing warp stalls
caused by Stall Long Scoreboard events. The detailed al-
gorithmic implementation is presented in Algorithm 1. The
effectiveness of this method hinges on two critical mecha-
nisms: First, the idle memory bandwidth’s capacity to effi-
ciently accommodate additional data transfer demands intro-
duced by prefetch operations. Second, concurrent execution
of Q- K™ matrix computations and K Block prefetching en-
ables computation-to-memory overlap, effectively masking
HBM access delays.

The proposed prefetching method demonstrates equiva-
lent applicability to V Blocks. During a warp’s execution of
V Block loading operations in the current iteration, the warp
concurrently initiates asynchronous prefetching of subse-
quent iteration’s V Block. This method enables parallel ex-
ecution of prefetch operations and logits - V' computation,
achieving latency masking through compute-memory access
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Figure 2: Q - KT computation flow in a single iteration for native XFormers and the proposed method, illustrated with a thread

block configuration containing 4 warps.

Algorithm 1: Prefetching K Block to L2 Cache.
Input: Block table: bt; Warps number: w;
Block index range: [s, ).

1: Let block_idx = s;
2: while block_idx < e do

3:  Lookup bt[block_idx]| — k_ptr; // Current Block
4:  Load K Block from k_ptr to registers;
5. if block_idr + w < e then
6: Lookup bt[block_idx + w]| — next_k_ptr;
// Next Block
7: Perfetch K Block from next_k_ptr to L2 Cache;
8: endif
9:  Compute QK for current K block;
10:  block_idx + block_idx + w;
11: end while
b dh Tblock: Nthread o
2] 128 16 128 32

Table 2: Typical hyperparameter values for single-GPU in-
ference of Llama2-7B model with FP16 precision.

overlap mechanisms.

GPU Prefetch Interface

NVIDIA CUDA introduces an L2 cache-oriented asyn-
chronous prefetch mechanism through the PTX in-
struction cp.async.bulk.prefetch.L2 (NVIDIA
2025a). This non-blocking instruction initiates asyn-
chronous data prefetching from specified memory locations
into the L2 cache. Notably, this instruction requires hard-
ware support for Compute Capability 9.0 or higher, specif-
ically designed for GPUs based on the Hopper architecture
(e.g., H100/H20) and subsequent iterations of GPU devices.

Prefetch Benefit vs. .2 Cache Capacity

The proposed prefetching method relies on residency of
KV Blocks within the GPU L2 cache to achieve perfor-
mance gains. Given that the total size of K/V Blocks re-
quired per iteration dynamically varies with configuration
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hyperparameters (e.g., number of attention heads, batch
size), newly prefetched Blocks will evict previously cached
valid ones when cumulative prefetch volume exceeds the L2
cache’s physical capacity. Such capacity constraints estab-
lish a theoretical boundary for the prefetch method’s per-
formance enhancement potential. This section quantitatively
analyzes the performance improvement limits of the pro-
posed method.

The memory footprint of a single block can be derived
through the following computational formula:

Mytock = b - dp - Thiock (D

where b denotes the byte size per model parameter, d;, rep-
resents the dimension of a single attention head, and Tp;ocx
indicates the number of tokens contained in each block.

Since each K/V Block exclusively contains the K/V
Cache of a single attention head, the total memory foot-
print of Blocks processed in a single iteration is determined
by the following formula under the parallelization strategy
with thread block dimension [ N¢peqq, 1, 1] and grid dimen-
sion [H, B, 1(for the standard multi-head attention (MHA)
mechanism)]:

Nthrcad
2
35 2)

Here, represents the number of warps in a thread
block. Notably, the total memory footprint of Blocks loaded
per iteration is independent of the sequence length; a longer
sequence results in more iterations, but the number of Blocks
processed per iteration remains fixed.

Taking FP16-precision Llama2-7B model inference on a
single GPU as an example, Table 2 provides typical hyper-
parameter values. Assuming a batch size of 1, the memory
footprint of a single Block is derived as 4 KB via Equation
1, while the total data volume of Blocks processed per iter-
ation is calculated as 512 KB using Equation 2. Users typi-
cally employ larger batch sizes to pursue higher throughput.
For the NVIDIA H100 GPU, its 60 MB L2 cache theoret-
ically supports the full residency of up to 120 batches of
K/V Blocks, forming the theoretical upper bound of perfor-
mance acceleration for the proposed method. When the prac-
tical batch exceeds the upper limit, partially resident blocks

.H-B

Mtotal = Mblock '

Ninread




still yield marginal performance gains through cache hits.
Notably, by adjusting the cache eviction priority (NVIDIA
2025b) of prefetched data, the cache thrashing caused by
capacity overflow can be effectively mitigated.

Experiment

In this section, we evaluate the effectiveness and perfor-
mance of the proposed methodology. We specifically ex-
amine: 1) How proposed prefetching method affects CUDA
attention kernel performance 2) How prefetching improves
vLLM’s end-to-end inference throughput.

Experiment Setup

Hardware Configuration The experimental platform is
equipped with 4x Intel Xeon Platinum 8469C processors de-
livering 192 cores and 8x NVIDIA Hopper-architecture H20
GPUs — each H20 GPU contains 60MB L2 cache, 96GB
HBM with 4.0TB/s memory bandwidth.

LLM Model Our experiments employ community-
adopted open-source LLMs — Llama2-7B, Llama3-8B, and
Qwen2.5-7B/14B, all in fpl6 precision — to evaluate the
prefetching method’s performance under single-GPU and
multi-GPU inference. The critical architectural divergence
lies in attention mechanisms: Only Llama2-7B employs
standard Multi-Head Attention (MHA, 32 heads) (Vaswani
et al. 2017), while others utilize Grouped-Query Attention
(GQA) (Ainslie et al. 2023) - Llama3-8B employs 8 KV
heads serving 32 Q heads (4:1), Qwen2.5-14B configures
40Q:8KV (5:1), and Qwen2.5-7B adopts an aggressive
28Q:4KV (7:1) arrangement. This architectural variance
directly impacts the optimization headroom of our method.

Baseline & arguments we select vVLLM v0.7.1°s native
XFormers backend and the state-of-the-art FlashAttention-3
(FA3) (Shah et al. 2024) backend implementation as base-
line. In our experiments, we fixed the input token length at
512, varied the output tokens from 512 to 8192, and adjusted
the inference batch size from 1 to 128 to investigate the im-
pact of batch size and sequence length on the performance
of the proposed method.

Attention Kernel Performance

We conduct model inference on a single GPU while profil-
ing CUDA kernel performance metrics, specifically evaluat-
ing the performance enhancement of our prefetching method
over the native XFormers backend for attention kernels, as
detailed in Table 3. All measurements were captured at fixed
sampling points to ensure positional consistency, where L2
cache hit rate specifically measures load operation hits.
Experimental results demonstrate that attention architec-
tures critically influence the cache hit rate in native XForm-
ers: The MHA-based Llama2-7B achieves merely a 0.06%
baseline hit rate, whereas GQA models exhibit progres-
sive improvement with increasing Q/KV head ratios - at-
taining 38.35%, 51.43%, and 55.90% for Llama3-8B (4:1),
Qwen2.5-14B (5:1), and Qwen2.5-7B (7:1) respectively.
This discrepancy stems from CUDA grid-level parallel pro-
cessing of multiple attention heads: In MHA model, each Q
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head requires independent loading of dedicated KV blocks,
while GQA model enable single KV block loads to service
multiple Q heads, thereby enhancing cache reuse efficiency.
The proposed prefetching method further enhances kernel
cache performance by proactively maintaining KV blocks
in the L2 cache, increasing the cache hit rate to 43.70%,
73.01%, 77.11%, and 82.66% across the respective models.

Concurrently, the native XFormers backend exhibits sig-
nificant warp stalls due to suboptimal cache hit rates — with
the Stall Long Scoreboard consuming over 72% of cycles
per instruction (CPI), establishing itself as the dominant per-
formance limiter. The proposed prefetching method effec-
tively mitigates this issue through L2 cache hit rate opti-
mization, demonstrating measurable improvements across
four models: In Llama2-7B, LLaMA3-8B, Qwen2.5-7B,
and Qwen2.5-14B, scoreboard stall cycles are reduced from
baseline 21.34/16.66/16.38/16.17 to 4.13/2.05/1.87/1.96 re-
spectively, driving 65.8%-67.5% reductions in attention ker-
nel CPI. Concurrent enhancements in computational re-
source utilization show substantial gains — peak improve-
ments of 35.66% in computing throughput and 44.45% in
memory throughput. Ultimately, kernel duration is signifi-
cantly accelerated, achieving speedup ratios ranging from
1.84% to 2.15x%.

End-to-end Inference Performance

Single-GPU Throughput We first conducts an end-to-end
inference throughput optimization assessment under a sin-
gle H20 GPU configuration. By executing benchmark tests
across multiple models with output tokens fixed at 2048 and
batch sizes varying from 16 to 128, Figure 3 illustrates the
end-to-end throughput (tokens/s) data for different models
under different backends.

Experimental results demonstrate that prefetching method
significantly outperforms the native XFormers implemen-
tation across all evaluated models, achieving maximum
throughput improvements of 51%, 57%, 41%, and 41% on
Llama2-7B, Llama3-8B, Qwen2.5-7B, and Qwen2.5-14B,
respectively. When compared with the state-of-the-art FA3
backend, our approach exhibits consistent performance ad-
vantages on all models except Qwen2.5-7B, delivering max-
imum gains of 110%, 15%, and 7% on the remaining mod-
els. Notably, a performance regression of 2-5% is observed
on Qwen?2.5-7B versus FA3, which stems from divergent at-
tention architectures: Proposed prefetching optimization ac-
celerates KV Cache loading per attention head, with per-
formance gains being proportional to KV head count. In
MHA architectures where each query head accesses inde-
pendent KV heads, the optimization achieves full benefits.
However, GQA architectures share single KV heads across
multiple query heads, causing prefetching benefits to decay
linearly with KV head reduction. Qwen2.5-7B’s aggressive
GQA configuration (7:1) severely limits optimization poten-
tial due to sparse KV head distribution.

Batch size & sequence length The output sequence
length and batch size directly impact the number of KV
Caches during inference, thereby affecting the performance
of the proposed method. To systematically evaluate the in-



Llama2-7B \ Llama3-8B Qwen2.5-7B Qwen2.5-14B

|

| XFormers ~ This Work | XFormers This Work | XFormers This Work | XFormers This Work
Duration (us) ‘ 293.47 159.14 ‘ 226.53 119.90 ‘ 232.03 107.71 ‘ 272.19 143.94
Compute Throughput (%) | 23.35 48.22
|
|

Metric

‘ 29.61 61.15 ‘ 25.29 60.95 ‘ 30.52 63.49

Memory Throughput (%) 47.10 86.88 ‘ 23.44 66.96 ‘ 20.05 63.50 ‘ 24.16 68.44

L2 cache Hit Rate (%) 0.06 43.70 ‘ 38.35 73.01 ‘ 55.90 82.66 ‘ 51.43 77.11

Cycles Per Instruction (cycle) |  27.68 928 | 2142 732 | 22.68 736 | 2094 7.24

Stall Long Scoreboard (cycle) |  21.34 413 | 16.66 205 | 1638 1.87 | 1617 1.96
Speedup | 1.84x | 1.89% | 2.15x% | 1.89x

Table 3: Attention kernel performance comparison across models using native XFormers backend vs. proposed method. Batch
size and output tokens are taken as 64 and 4K, respectively. Models are run on an NVIDIA H20 GPU.
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Figure 3: Single-GPU end-to-end inference throughput comparison across backends with fixed 2048 output tokens on H20.

fluence mechanisms of these arguments on method perfor- 128-1.28x 1.40% 1.57 1.74x 128-1.17x 1.25x 1.36x 1.52x
mance, we conduct experiments within the argument space

spanning output tokens of 512-8192 and batch sizes of 1- 64-1.28x 1.39x 1.56% 64-1.20% 1.29x 1.41x
128. By observing the throughput speedup ratio achieved <
by the proposed method compared to the native XFormers 5 32:1.26x1.36x 1.51x 1.74x 32:1.15x1.21x 1.30x 1.44x
backend, we reveal the regulation patterns of performance M

L 2 . 16-1.02x 1.02x 1.03x 1.05x 1.06x 16-1.02x 1.02x 1.02x 1.03x 1.05x
optimization space under different argument configurations.
The experimental results are fully demonstrated in Figure 4. 1-1.02% 1.02x 1.02x 1.02x 1.02x  1-1.01x 1.01x 1.02x 1.01x 1.01x

Under fixed batch size configurations, increasing the out- 5121024 2048 4096 8192 5121024 2048 4096 8192
put sequence length escalates per-sequence KV Cache vol- Output tokens Output tokens
ume, resulting in cumulative growth of KV block loading a) Llama3-8B b) Qwen2.5-7B
latency in native XFormers backend. In this scenario, our
methodology amplifies performance improvements through
optimized KV block loading efficiency - the acceleration
effect demonstrates accumulative amplification with grow-
ing block quantities, ultimately achieving monotonically in-
creasing speedup ratios. Similarly, when maintaining con-

Figure 4: Speedups of the proposed method over native
XFormers across varying batch sizes and output sequence
lengths, evaluated on a single NVIDIA H20 GPU.

stant sequence lengths, batch size expansion proportion- long sequence configurations transcends the GPU’s physical
ally multiplies KV block quantities, thereby fully unleash- memory limits, activating the recomputation mechanism in
ing the architectural advantages of our proposed prefetch- the vLLM framework and inducing throughput degradation.
ing methodology. Experimental results reveal that the peak

speedup ratio deviates from the anticipated argument combi- Multi-GPU Throughput We further evaluate the perfor-
nation of 8K output tokens and batch size 128, attributable to mance of the proposed method under multi-GPU tensor par-
dual hardware constraints: First, the batch size exceeds the allelism (TP) configurations (Shoeybi et al. 2019). Bench-
performance acceleration boundary of L2 cache, where the mark tests are conducted across 2/4/8 GPU setups using
required KV Block volume surpasses the cache’s capacity; Llama3-8B and Qwen2.5-14B models, with fixed output se-
Second, the total KV Cache size generated by large batch- quences of 4096 tokens and a batch size of 64. As demon-
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Figure 5: Multi-GPU end-to-end inference throughput com-
parison across backends under fixed 4096 output tokens with
batch size 64, benchmarked on NVIDIA H20 GPUs.

strated in Figure 5, the proposed method demonstrates ab-
solute performance superiority compared to other base-
line backends. Relative to the native XFormers backend, it
achieves performance improvements of 4%-59% and 4%-
76% on Llama3-8B and Qwen2.5-14B models, respectively.
Notably, the performance gains exhibit diminishing returns
with increasing tensor parallelism (TP) scale, a phenomenon
originating from the attention head partitioning mechanism
in TP —when scaling GPU counts from 2 to 8, the number of
attention heads processed per GPU reduces to 1/2, 1/4, and
1/8 of the initial allocation, thereby concurrently diminish-
ing the optimizable I/O operation space. Specially, the FA3
baseline exhibits 3-7% throughput regression in 4/8-GPU
configurations for Llama3-8B, whereas our method main-
tains acceleration through KV Block prefetching.

Related Work

Attention Kernel & KV Cache Optimization The au-
toregressive nature of the Transformer architecture restricts
the inference performance of large language models (LLMs)
primarily due to off-chip memory bandwidth limitations.
To address this memory bottleneck, researchers have pro-
posed solutions from two directions: computational ker-
nel optimization and KV Cache structure refinement. In
computational kernel optimization, the FlashAttention-1/2
(Dao et al. 2022; Dao 2023) series employs tiling and
kernel fusion strategies to significantly reduce GPU high-
bandwidth memory (HBM) access frequency, while the
latest FlashAttention-3 (Shah et al. 2024) further lever-
ages Hopper architecture’s hardware features to achieve
dual improvements in computational speed and preci-
sion. DeepSpeed-inference (Aminabadi et al. 2022) intro-
duces deep fusion technology that integrates multiple op-
erations into a single kernel and customizes GeMM ker-
nels for small-batch inference scenarios to enhance mem-
ory bandwidth utilization. In KV Cache structure opti-
mization, Multi-Query Attention (MQA) (Shazeer 2019)
and Grouped-Query Attention (GQA) (Ainslie et al. 2023)
mechanisms reduce KV Cache memory consumption by
sharing key-value caches across multiple query heads, and
Multi-Head Latent Attention (MLA) (Liu et al. 2024) em-
ploys low-rank joint compression techniques to minimize

20850

KV cache during inference, achieving memory footprint
compression with controlled accuracy loss. It is notewor-
thy that the prefetching method proposed in this paper ex-
hibits orthogonality with the aforementioned optimizations,
allowing the prefetching method to integrate with existing
techniques for collaborative optimization of memory bottle-
necks in inference.

Prefetching To hide GPU memory and I/O latencies, ex-
isting prefetching research includes the following: ZeRO-
Infinity (Rajbhandari et al. 2021) asynchronously prefetches
subsequent layer weights from CPU memory or NVMe
into GPU memory during the computation of the cur-
rent layer, thereby hiding host-device communication la-
tency. DeepUM (Jung, Kim, and Lee 2023) employs cor-
relation prefetching to mask page migration latency be-
tween GPU and CPU memory. While these methods show
promise for cross-device data transfers, they are unsuitable
for pure GPU-based LLM inference workflows. PRESERVE
(Yiiziigiiler, Zhuang, and Cavigelli 2025) prefetches model
weights and KV Cache from off-chip memory into L2 cache
during multi-GPU parallel allReduce operations, effectively
masking data loading latency. However, this method is only
effective in multi-GPU parallel scenarios and gradually
loses efficacy as batch size increases. In contrast, the pro-
posed method accelerates attention score computation at the
CUDA kernel level, ensuring sustained performance gains
across all scenarios.

Conclusion

In this paper, we propose an L2 cache-based asynchronous
prefetching method for KV Cache that effectively mitigates
memory bandwidth bottlenecks in large model inference.
Through comprehensive experiments on mainstream models
including Llama3-8B, we demonstrate the method achieves
2.15x kernel acceleration and 1.97x throughput improve-
ment over native XFormers on H20 GPU, outperforming
state-of-the-art baselines FlashAttention-3. The proposed
technique maintains orthogonality with existing optimiza-
tion techniques and can be integrated into current infer-
ence frameworks to form synergistic optimization combi-
nations, providing an extensible latency-hiding solution for
next-generation LLM inference engine design.
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