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Abstract

While block-level sparse attention has demonstrated superiority in efficiency on
large language model test-time scaling tasks through simple yet effective designs,
high concurrency and prolonged decoding can severely degrade its efficiency. In
this paper, we introduce a paradigm to optimize conventional sparse decoding on
test-time scaling tasks. We propose a disaggregated inference architecture that
parallelizes inference computation with cache management and selection to reduce
decoding latency and increase model serving throughput. Based on this decoupled
design, we introduce an asynchronous KV cache filtering algorithm that delivers
token-level and fine-grained contextual sparsity without sacrificing model quality
under the same sparsity budgets. We evaluate our method on the classical test-time
reasoning benchmark against the strong baselines of block-wise sparse decoding,
where our method demonstrates comparable or superior performance compared to
the strong baseline of block-level sparsity.

1 Introduction

Test-time scaling (TTS) has recently emerged as one of the most powerful paradigms for enhancing
LLM performance, as exemplified by the remarkable successes of GPT-o1 [15] and DeepSeek-
R1 [12]. By allocating more computation during inference, TTS enables models to produce more
accurate and reliable solutions, either by extending the chain-of-thought (CoT) [34] process or by
generating multiple reasoning paths in parallel [40, 33]. These methods have been proven especially
effective in challenging domains that demand systematic reasoning, including mathematical problem
solving [24, 31, 14], program synthesis [3, 14, 12] and scientific discovery [13, 36].

However, such improvements are achieved at the cost of sharply escalating inference overhead, as
extended decoding and multi-sample generations amplify the linear growth of KV-cache memory
footprint. In practical LLM serving systems, it is usually the attention core [10] rather than parameter
computation that emerges as the dominant bottleneck in test-time scaling tasks [26].

A common line to mitigate these issues is dynamic sparse attention, which employs dynamic rules
to select and retain the most critical tokens. Compared to previous methods built on static cache
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filtering rules [5, 8, 38], dynamic sparsity can achieve better performance through context-aware
token selection. Query-aware sparsity further sharpens this relevance by exploiting the fact that the
criticality of a token in the full KV cache requires the query embedding at the current decoding
step [37, 29], but this reliance introduces a sequential dependency and incurs significant latency under
long CoT[34] and high concurrency.

In this work, we propose an innovative design that decouples the KV cache filtering operation from
the model serving pipeline through asynchronism, first overlapping the overhead of cache filtering
with inference computation to deliver minimized decoding latency and maximized serving throughput
under the same sparsity budget. We develop a lightweight algorithm to regress the query of the current
decoding token with a sliding query window, conducted on the cache ranks to empower token-level
KV cache sparsity, which demonstrates superior performance on TTS tasks.

In summary, our contributions are:

• We design a disaggregated inference architecture that parallelizes KV selection and inference
computation to reduce latency and boost throughput on TTS tasks.

• We propose a novel asynchronous KV cache selection framework with token-level sparsity
to deliver high performance on TTS tasks with long CoT.

• We evaluate the performance of multiple dynamic KV cache sparsity settings on a popular
TTS benchmark, where our method achieves the best performance under the same cache
budget with fully overlapped cache filtering operations.

2 Related Work

2.1 LLM Reasoning & Test-Time Scaling

Test-time scaling (TTS) is capable of enhancing model reasoning performance by allocating additional
inference-time computation [42], typically through sequential scaling and parallel scaling strategies.

Sequential scaling extends test-time computation through Long-CoT [34], where models such as
GPT-o1 [15], DeepSeek-R1 [12], QwQ [30], Qwen3 [39], GPT-OSS [1], and LIMO [41] generate
substantially longer reasoning trajectories before producing a final answer.

Parallel scaling generates multiple candidates to expand the solution space. Self-repetition [33]
and multi-sample decoding [27] instantiate this idea by generating multiple trajectories from the
same model. Mixture-of-models strategies coordinate generations across multiple LLMs, further
amplifying diversity and coverage [7, 32]. Beyond sampling-based methods, search-based approaches
(e.g., tree search, Monte Carlo Tree Search, or graph-based exploration) explicitly structure generation
into expanded trajectories that probe a combinatorial space of reasoning paths [6, 40].

2.2 Dynamic Sparsity of KV Cache

A natural approach to mitigating LLM inference cost is reducing the size of the KV cache through
dynamic sparsity, i.e., selectively retaining only the most relevant tokens during decoding. SparQ [25]
approximates scores from top query components and fetches only the top-k key–value pairs with mean-
based compensation. InfiniGen [18] mitigates offloading bottlenecks by speculatively prefetching
critical KV pairs of the next attention layer to the GPU while retaining the full cache pool on the CPU.
FastGen [11] adaptively compresses the KV cache by profiling attention heads and discarding tokens
according to their structural patterns. ShadowKV [28] retains compressed pre-RoPE key caches on
GPU and offloads values, while using chunk-level approximations and accurate sparse KV selection
to minimize decoding latency. Quest [29] leverages query-aware sparsity by tracking key ranges
within cache pages to load KV cache pages selectively. MoBA [19] partitions the context into blocks
and employs a gating mechanism to dynamically route queries.

3 Preliminaries

Sparse decoding can boost model serving throughput via reduced inference FLOPs from streamlined
KV cache [2] while matching the accuracy of full attention under constrained sparsity budgets.
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There have been some recent works on training-free dynamic KV cache sparsity, such as Quest [29],
InfLLM [37], and Kinetics [26], along with some papers on training-dependent dynamic sparsity,
such as MoBA [19]. These works typically select the cache pages [17] or blocks [10] based on
the dynamically changed query embedding during inference. The criticality of a page or block is
estimated by summarizing the key cache into a vector, usually through average pooling [26, 19].
While this dynamism can well preserve the performance of full attention, the overhead of the criticality
estimation operation [29] has long been neglected. This operation typically suffers from three aspects:

• High Computational Complexity: Criticality estimation requires traversing the full context
of the key cache for each attention head, leading to linear computational complexity.

• Hardware Inefficiency: GeMV-based criticality estimation delivers low arithmetic inten-
sity [35], which can only be scheduled to execute on CUDA cores, leaving the GPU’s
higher-throughput tensor cores [20, 9] idle and severely under-utilizing the hardware.

• Non-Parallelizable Execution: Criticality estimation depends on the query embeddings of
the current decoding token and cannot be parallelized with the inference pipeline.

4 Method

4.1 Disaggregated Cache Architecture

Our sparse inference engine is built upon a novel disaggregated cache architecture, inspired by the
classic chatbot serving framework Mooncake [23]. We split the GPUs for model inference into 2
categories as inference rank and cache rank. We describe their functionalities as follows:

1. Inference Rank: We load the model parameters and generation requests on the
Inference Rank for both prefilling and decoding stages. The Inference Rank only
keeps the filtered KV cache for attention core computation, while the newly generated key
& value embeddings are transmitted asynchronously to the cache rank.

2. Cache Rank: We preserve the full KV cache on the Cache Rank, which selects the critical
tokens at each decoding step after enabling sparse decoding, reorganizes them into a
continuous tensor, and transmits the filtered cache asynchronously to the inference rank.

4.2 Asynchronism of Cache Selection

When decoding for token t in sequential order, we do not filter the full KV cache based on the current
query embedding, adhering to previous work Quest [29] or Kinetics [26]. Instead, we preserve a
sliding window with a fixed size for each layer and each attention head containing W + 1 tokens,
i.e., the query embedding for token {t−W − 1, ..., t− 1}. In this way, the KV cache context can
be selected asynchronously on the Cache Rank, overlapped with the inference computation on the
Inference Rank, including parameter computation and attention core [10].

4.3 Token Criticality Approximation

For the sliding query window with size W + 1 on the Cache Rank, we regress the Qt−1 instan-
taneously based on {Qt−W−1, ..., Qt−2} with a Softmaxed vector vt−1, and directly apply it on
{Qt−W , ..., Qt−1} to approximate Qt before decoding for token t. The closed-formed solution of
vt−1 can be obtained explicitly by minimizing the mean square error along the head dimension.

5 Experiments

5.1 Experimental Setups

We conducted all the experiments on a single node with 8 NVIDIA H200 GPUs. We customized the
HuggingFace inference code to integrate multiple sparsity strategies and evaluate the test-time rea-
soning performance of Qwen3-14B model [39] on the AIME24 [21] and AIME25 [22] benchmarks.

5.2 Profiling Results

We profile the equivalent FLOPs [26] at the decoding stage across multiple model inference configu-
rations, since it can better approximate the runtime latency compared to FLOPs. The definition of this
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Figure 1: Decoding Tera-eFLOPs under Varied Batch Size and Context Length. Profiling is
conducted for one decoding step with Qwen3-14B and 2k selected tokens. We only examine our
method on the inference rank, since cache filtering operations on the cache rank have been overlapped.

Figure 2: Performance Comparison on AIME24&25 with Different Decoding Sparsity Strategies
on Qwen3-14B. We report the solving rate with 2k selected tokens and varied decoding length.

metric is formulated in Appendix A. The configurations used in our profiling vary in (i) context length
to emulate CoT depth, and (ii) batch size to emulate model serving concurrency. The overhead of
criticality estimation [29] got amplified under (i) long CoT reasoning, since it is proportional to the
context length, and (ii) high concurrency, since it cannot be converted from GeMV to GeMM to
utilize GPU tensor cores [20] for acceleration when scaling the batch size beyond 1. For page size 16,
long decoding and high concurrency scenarios, the equivalent computation overhead of KV cache
filtering can even be heavier than the forward pipeline itself. On the contrary, the disaggregated
design of our method enables minimized eFLOPs for model inference, therefore delivering minimized
latency and maximized serving throughput on TTS tasks.

5.3 Performance Comparison

We report the Pass@1 accuracy of different sparsity strategies with the same selected KV cache
budget on AIME24&25 benchmarks. Benefiting from the fine-grained token-level sparsity and
appropriate approximation of the current query embedding, our method can achieve comparable and
better performance than the strong baseline of block-level query-aware sparsity, with fully overlapped
KV cache filtering overhead to deliver optimal model serving performance.

6 Conclusions

In this paper, we introduce a novel approach for training-free fine-grained KV cache sparsity on
test-time scaling tasks, tackling the long-standing efficiency tradeoff in conventional block-level
query-aware sparse decoding methods. We propose a novel disaggregated inference architecture,
decoupling the full KV cache from the dynamically selected KV cache on different GPU ranks
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during model inference, along with a simple asynchronous cache filtering algorithm executed on the
cache rank instantaneously to emulate the next query embedding during sparse decoding. Profiling
experiments and evaluations on popular test-time reasoning benchmarks consistently demonstrate the
superiority of our method in both model serving efficiency and model reasoning capabilities.
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A Equivalent FLOPs in Decoding

We report the equivalent FLOPs in the LLM decoding stage, considering both FLOPs and memory
access, following Kinetics [26]. To simplify the modeling, we only account for the matrix operations
in Qwen3-14B [39] model, including the query, key, value, and output projection in the grouped
query attention (GQA) module [4], as well as the gate, up, and down projection in the Feed-Forward
Network (FFN) module.

Table 1: Notations of Model Configurations.

Symbol Description Symbol Description Symbol Description

H hidden size i FFN intermediate size q number of attention heads
kv number of KV heads h head dimension l number of layers

Table 2: Notations of LLM Decoding & Hardware Configurations.

Symbol Description Symbol Description Symbol Description

B batch size P page size C context length
T number of selected tokens I GPU arithmetic intensity

Computation Decoding computation is composed of 2 basic aspects, i.e., model parameter compu-
tation and KV cache computation (softmax attention computation). For block-level sparse decoding,
the cache selection overhead should also be taken into consideration due to the sequential dependence.

Cparam
comp = 2 ·B · l · (2 ·H · q · h+ 2 ·H · kv · h+ 3 ·H · i) (1)

Ccache
comp = B · l · (4 · q · h · T ) (2)

Cfilter
comp = 2 ·B · l · (q · h · (C/P )) (3)

Memory Access Memory access overhead also comprises 2 basic parts, i.e., model parameter
access and KV cache access. For block-level sparse decoding, the additional cost of cache selection is
also recorded. Both model parameters and the KV cache are in BFLOAT16 half-precision format [16].
Since the KV cache of each key & value head is repeatedly loaded from HBM to SRAM for (q/kv)
times in the GQA module when launching thread blocks in FlashAttention [10], here we count for
the memory access overhead using q rather than kv.

Cparam
mem = 2 · l · (2 ·H · q · h+ 2 ·H · kv · h+ 3 ·H · i) (4)

Ccache
mem = 2 ·B · l · (2 · q · h · T ) (5)

Cfilter
mem = 2 ·B · l · (q · h · (C/P )) (6)

eFLOPs for Different Sparsity Strategies Since our method can overlap the cache fetching
overhead with the forward inference pipeline, we do not consider the cache filtering overhead. We
formulate the equivalent FLOPs for different sparsity strategies as follows:

• For block-level sparsity, eFLOPs = Cparam
comp +Ccache

mem +Cfilter
mem + (Cparam

mem +Ccache
mem +Cfilter

mem) · I
• For our method, eFLOPs = Cparam

comp + Ccache
mem + (Cparam

mem + Ccache
mem ) · I
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