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Abstract

As large language models scale to longer contexts, loading the growing KV cache
during attention computation becomes a critical bottleneck. Previous work has
shown that attention computation is dominated by a small subset of tokens. This
motivates block sparse attention methods that partition the KV cache into fixed-size
blocks and selectively compute attention over those blocks exhibiting high impor-
tance. However, these methods assign a uniform block size across all attention
heads, implicitly assuming homogeneous behavior throughout the model. Our anal-
ysis reveals that this assumption is flawed: attention heads exhibit widely varying
sensitivity to block granularity, and uniformity leads to suboptimal accuracy. We
present AB-Sparse, a training-free algorithm-system co-designed framework that
improves accuracy while preserving throughput. AB-Sparse introduces lightweight
adaptive block size allocation across attention heads to improve accuracy. To
compensate for the additional memory overhead, it further employs lossless block
centroid quantization. In addition, custom GPU kernels are developed to support
efficient execution with variable block sizes. Evaluation results demonstrate that
AB-Sparse achieves an accuracy improvement of up to 5.43 % over existing block
sparse attention baselines without throughput overhead.

1 Introduction

Large language models (LLMs) [} 12} 3] are increasingly deployed in applications that demand
long-context understanding, ranging from multi-document summarization [4] to repository-level code
analysis [S]] and long-form reasoning [6]]. While larger context windows enable these capabilities,
they introduce significant challenges for efficient model serving. At every decoding step, loading the
entire KV cache from memory becomes a bottleneck that scales linearly with context length. For
instance, the KV cache for a single request of 128K context length on Llama-3.1-8B [7] reaches
16GB, comparable to the model weights in size.

The key to addressing this bottleneck lies in the inherent sparsity of attention: only a small subset
of tokens dominates the attention output [8]. This property has inspired a growing body of sparse
attention methods that can be categorized into three paradigms, as illustrated in Figure[I] While
all three paradigms reduce KV cache loading to lower inference latency, they each face different
trade-offs among efficiency, practicality, and accuracy. Token-based methods such as H,O [9] and
InfiniGen [[10] estimate per-token importance at every decoding step and select the most relevant
tokens, but incur high per-step selection overhead, compromising efficiency. Semantic-based
methods such as Clusterkv [11] and Retrolnfer [[12] cluster tokens by key similarity and retrieve only
the relevant clusters, but restructure the KV cache layout, compromising practicality with standard
paged KV cache management [[13}[14,15]. Block-based methods such as Quest [16] and ArkVale [17]]
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Figure 1: Qualitative comparison of various  Figure 2: Illustration of block sparse attention
sparse attention paradigms. workflow.

partition the KV cache into fixed-size blocks and load only the Top-K for attention computation,
preserving both efficiency and practicality. This makes block-based methods a promising foundation,
and the key to fully unlocking their potential lies in improving accuracy without sacrificing throughput.

Our analysis reveals that the accuracy limitation of block-based methods stems from a fundamental yet
overlooked assumption: a uniform block size is applied across all attention heads [[16} 17]. However,
attention heads are known to exhibit highly heterogeneous behaviors [18|[19]. As shown in Figure[3]
our measurement study further reveals that this heterogeneity extends to their sensitivity to block
granularity, with heads varying significantly in their block size preference. Forcing a uniform block
size across all heads thus creates an inherent tension: for heads that require fine-grained resolution, an
overly large block size coarsens selection granularity, causing critical tokens to be missed; for heads
that are insensitive to granularity, an overly small block size unnecessarily increases the number of
blocks, amplifying computation and memory cost.

The attention head heterogeneity necessitates adaptive block size allocation: assigning finer granu-
larity to sensitive heads to preserve accuracy, while allowing coarser blocks for insensitive heads to
reduce overhead. However, realizing this in practical inference systems is non-trivial, with challenges
arising from three aspects. First, adjusting block sizes at runtime requires recomputing centroids
for all blocks, which is prohibitively expensive; a lightweight mechanism is needed to determine
per-head block size assignments prior to deployment. Second, assigning smaller blocks to sensi-
tive heads multiplies their centroid count, introducing significant memory overhead that calls for a
lossless compression scheme to reduce centroid footprint. Third, heterogeneous block sizes lead
to non-uniform centroid counts across heads and conflict with the uniform page size assumption in
existing paged KV cache systems, necessitating custom GPU kernels for efficient execution.

We present AB-Sparse, a training-free algorithm-system co-designed framework that addresses these
challenges through three tightly integrated components. First, AB-Sparse introduces a lightweight
calibration-driven profiling strategy; it exploits the stability of per-head block size sensitivity across
diverse inputs to derive reliable assignments prior to deployment. Second, observing that block cen-
troids are precision-insensitive as they are used only for ranking rather than for attention computation,
AB-Sparse proposes lossless centroid quantization to reduce memory footprint. Third, AB-Sparse
implements custom GPU kernels to support efficient execution with adaptive block sizes. An indexing
mechanism enables variable-length batched execution across heads, while a page mapping mechanism
maintains compatibility with standard paged KV cache management.

We evaluate AB-Sparse on three widely used open source models across two long-context benchmarks.
AB-Sparse consistently outperforms existing block sparse attention baselines, achieving up to 5.43%
accuracy improvement without sacrificing throughput. Our contributions are summarized as follows:

* We conduct a systematic measurement study on block size sensitivity, revealing that attention
heads exhibit substantial heterogeneity in block granularity preference (§2.3)).

* We propose an adaptive block size allocation strategy based on lightweight calibration-driven
profiling. We introduce lossless centroid quantization to reduce memory footprint. We design
custom GPU kernels with two key mechanisms: indexing for variable-length batched execution,
and page mapping for compatibility with standard paged KV cache management (§3).



* We evaluate AB-Sparse on three LLMs across two long-context benchmarks, demonstrating
consistent accuracy improvements of up to 5.43% over uniform-block-size baselines without
throughput overhead (§4).

2 Background and Motivation

2.1 LLMs and Attention Operation

The core component of LLMs is the attention operation [20]. At each decoding step ¢, the attention
operation computes the dot product between the query vector q; € R'*? (where d is the hidden
dimension) and the key vectors of all preceding tokens k; € R4 (for i < t). This product is scaled
by d~2 and normalized through Softmax function to yield the attention score a; ;. These scores then
weight the value vectors v;, resulting in the final attention output o;.

qt . kT eztwi
K
2t = i = —<———F—, Oy = E At V; (1)

N Dy € i=1..t

The attention module is typically composed of multiple components, each referred to as an attention
head [20,21]]. Each head independently performs computation as in Equation (1)) and captures diverse
features from different subspaces. The results from all heads are then aggregated to yield the output.

LLM inference consists of two stages: the prefill phase and the decoding phase. The prefill phase
processes all prompt tokens simultaneously with O(n?) complexity. In the decoding phase, each
newly generated token attends to all preceding tokens. A standard optimization is to cache these KV
states (KV cache), reducing the complexity to O(n). However, loading the full KV cache becomes a
bottleneck as context length grows, making the decoding phase memory-bound.

2.2 Block Sparse Attention

A promising approach to reducing KV cache loading is to exploit the inherent sparsity of attention,
where only a small subset of tokens dominates the output [22} 23, 24]. Among various sparse attention
methods, block-based approaches such as Quest [16] and ArkVale [17] have gained widespread
adoption due to their efficiency and practicality with standard paged KV cache layouts [13} 14} [15]].

Figure [2]illustrates the common workflow of block sparse attention. The KV cache is partitioned
into blocks of equal size B, where each block is represented by a centroid cﬂ During the estimation
stage, the query vector ¢q; computes the dot product with all centroids, yielding importance score
7¢i = q¢ - ¢, . The Top-K blocks with the highest scores are then selected for approximate attention.

The choice of block size B governs a fundamental trade-off between accuracy and efficiency. A
larger B coarsens the centroid representation, degrading Top-K selection accuracy. Conversely, a
smaller B increases the total centroid count, amplifying both memory and computation cost.

2.3 Adaptive Block Size Allocation

Existing block sparse attention methods fix B, = B for all heads. However, attention heads exhibit
substantial heterogeneity in how critical tokens are distributed across the KV cache: for some heads
critical tokens are densely clustered, while for others they are sparsely scattered. This heterogeneity
leads to varying sensitivity across heads, rendering a uniform block size inherently suboptimal.

We conduct a systematic analysis of per-head block size sensitivity on Llama-3.1-8B [7]] and Qwen3-
8B [26] using the Wikipedia dataset [27] with context length of 32K tokens. For each attention
head, we vary the block size over {16, 32,64} while maintaining a fixed token budget of 4096 El We
measure attention recall—the fraction of total attention score attributed to the tokens in the selected
blocks—as a direct indicator of block selection quality.

'Various methods have been proposed to compute block centroids, such as mean pooling [25] and max-min pooling [16]).
The block representation strategy is orthogonal to this work.

2Top-K blocks are chosen such that the total tokens across selected blocks equals 4096. This trend is consistent across
different token budgets.
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Figure 4: Heatmap of the minimum block size
required to retain 98% of peak recall for each
attention head across layers. The wide variation
across heads and layers indicates that no single

across all block sizes, while sensitive heads de-
grade sharply as block size increases.

uniform block size is simultaneously efficient
and accurate.

Attention heads exhibit heterogeneous block size sensitivity. Figure|3[shows the normalized recall
curves of representative attention heads for both models. Insensitive heads maintain near-perfect
recall across all block sizes, while sensitive heads degrade sharply, dropping below 0.1 at block
sizes as small as 32. This reveals that attention heads vary substantially in their sensitivity to block
granularity, exhibiting distinct block-size preference.

Adaptive allocation outperforms uniform block sizes. Figure [4]shows that the minimum block
size to retain 98% of peak recall (i.e., recall at the smallest block size) varies widely across heads
and layers, implying that no single uniform block size is simultaneously efficient and accurate. For
instance, under a uniform block size of 32, the average recall is only 89.7% and 77.8% on Llama-3.1-
8B and Qwen3-8B, whereas adaptive allocation achieves 98% with a larger average block size of
44.2 and 39.5. This demonstrates that adaptive per-head block size allocation has the potential to
improve recall without reducing the average block size.

These findings motivate the design of AB-Sparse, which adaptively assigns per-head block sizes to
improve accuracy while maintaining system efficiency.

3 AB-Sparse Design

Our empirical findings in Section [2.3] uncover substantial heterogeneity in block size sensitivity
across attention heads, which has been overlooked by existing block sparse attention methods. This
highlights the potential for adaptive per-head block size allocation to improve accuracy without
sacrificing system efficiency. Building on this insight, we first outline the key challenges and our
system architecture in §3.1] then detail each component in the following subsections.

3.1 Overview

Adaptive block size allocation entails design

challenges in three aspects of the practical infer-

ence system. First, adaptivity requires a block Block Size Physical KV Centroid )
size assignment for each attention head; dynam- Assighment Cache Quantzation
ically adjusting assignments at runtime is pro- Sensitﬂvity ¥ )

hibitively expensive, as it requires recomputing Analysis Page Varlon Varlon
centroids over all key vectors. Second, assigning @ Mapping Top-K Estimation ©
smaller blocks to sensitive heads significantly T

increases the number of centroids that must be |
stored; as context length grows, this overhead
scales linearly with sequence length, threaten-
ing to bottleneck decoding throughput. Third,
heterogeneous block sizes across heads break the execution uniformity assumed by standard batched
kernels and are incompatible with existing inference systems that universally adopt fixed-size paged
KV cache management.
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Figure 5: Architecture of AB-Sparse.
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Figure 6: Recall comparison between adaptive  Figure 7: Centroid value distribution of Llama-
and uniform block size. The adaptive assign-  3.1-8B and Qwen3-8B. The column-wise pat-
ments are calibrated solely on wikipedia [27]. terns indicate that centroid values are tightly
Despite this, they consistently outperform uni-  clustered per channel, supporting the use of per-
form block size across all RULER [28]] tasks. channel quantization.

AB-Sparse addresses these challenges with three tightly integrated designs, as summarized in Figure[5]
(D: Observing that per-head block size sensitivity remains stable across diverse inputs, AB-Sparse
profiles recall sensitivity on a small calibration set to derive reliable per-head block size assignments
(. Q): Recognizing that block centroids are precision-insensitive as they serve solely for ranking
rather than attention computation, AB-Sparse applies lossless centroid quantization to reduce memory
footprint without degrading block selection accuracy (. (): AB-Sparse implements dedicated
GPU kernels with an indexing mechanism for variable-length batched execution and a page mapping
mechanism for compatibility with standard paged KV cache management (§3.4).

3.2 Lightweight calibration-driven profiling

Determining per-head block size assignments is non-trivial. Adjusting block sizes dynamically
requires recomputing centroids over the entire KV cache under each candidate block size, whose cost
scales linearly with context length and is prohibitively expensive at inference time.

The key insight is that per-head block size sensitivity is stable across diverse inputs. Previous work
has shown that individual attention heads learn specialized roles, such as local pattern matching
and long-range retrieval [18], 19} [22]. These roles are determined by learned parameters and thus
remain consistent across inputs. Our finding that block size preference is similarly head-specific and
input-invariant aligns with this understanding. Heads that are sensitive to block size remain sensitive
regardless of the input, and vice versa. This suggests that a one-time offline calibration is sufficient to
derive reliable assignments that generalize across requests.

Concretely, AB-Sparse evaluates attention recall on 50 calibration samples from wikipedia [27]. For
each head, the largest block size that satisfies a recall retention threshold 7 is selected:

B; = max{B | Recall(h, B) > 7 - Recall(h, Byin)} )

where B,y is the smallest candidate block size, and 7 serves as a knob to balance recall preservation
and centroid overhead.

To validate generalization, we evaluate the derived assignments on four tasks from RULER [28]],
covering diverse long-context scenarios. As shown in Figure[6] despite being calibrated solely on
wikipedia, the assignments consistently outperform uniform block size across all tasks and models
with a comparable average block size. This confirms that per-head block size sensitivity is stable
across tasks, and that a one-time calibration is sufficient for reliable deployment.

3.3 Lossless centroid quantization

Adaptive block size allocation assigns smaller blocks to sensitive heads, which can significantly
increase their centroid count and amplify memory overhead. To keep this overhead bounded, centroid
compression is necessary. We observe that centroid vectors are used solely for ranking and selecting
the Top- K blocks, rather than directly contributing to attention outputs. This precision-insensitive
property makes quantization a natural fit for centroid compression. However, naively reducing bit
width to very low precision risks degrading block selection accuracy. This necessitates a quantization
scheme that maximizes compression while preserving accuracy.
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Figure 9: Illustration of the page mapping pro-
cess. Logical blocks of varying sizes are mapped
to contiguous physical pages via a block-to-page
stride, enabling variable block size to interface
with standard paged KV cache management.

Figure 8: Top-K page recall across layers on
Llama-3.1-8B under different quantization bit
widths and strategies. INT4 asymmetric per-
channel quantization consistently maintains re-
call above 0.9 across all layers.

A closer examination reveals that for each position along the head dimension (i.e., each channel),
centroid values across different blocks follow a concentrated distribution. As shown in Figure
centroid values exhibit clear column-wise patterns across both models, confirming that values within
each channel are tightly clustered. This intra-channel similarity makes a single scaling factor per
position sufficient to capture the value range without introducing large quantization error, enabling
more aggressive compression while preserving ranking fidelity.

To identify the optimal quantization scheme, we measure Top-K page recall across layers on Llama-
3.1-8B under different bit widths (INT2, INT4, INTS8) and quantization strategies (symmetric and
asymmetri. As shown in Figure lower bit widths (INT2) suffer significant recall degradation
across layers. While INT4 symmetric quantization improves over INT?2, it still fails to consistently
maintain high recall. INT4 asymmetric per-channel quantization, on the other hand, achieves recall
above 0.9 across all layers and both models. Although INTS8 quantization yields slightly higher
recall, INT4 asymmetric strikes a better balance between accuracy and memory efficiency. AB-Sparse
therefore adopts INT4 asymmetric per-channel quantization.

3.4 Efficient custom GPU kernels

Modern GPU kernels achieve high throughput by batching all attention heads into a single kernel
launch, which requires each head to have the same number of centroids for aligned execution. In
addition, existing inference systems manage the KV cache in fixed-size physical pages, assuming a
uniform block-to-page mapping across all heads. Heterogeneous block sizes break both assumptions.
Different heads have varying centroid counts, forcing standard batched execution to resort to either
wasteful padding or serial processing. Meanwhile, variable block sizes disrupt the uniform block-
to-page mapping, forcing expensive KV gather operations before attention computation. AB-Sparse
addresses these challenges with three dedicated GPU kernels.

Kernel 1: Fused query-centroid estimation. Since heads with different block sizes have varying
numbers of centroids for the same context length, AB-Sparse stores all centroids in a flattened 1D
layout and uses a prefix-sum indexing array to delimit the centroid segment of each head. Specifically,
if head h has IV}, centroids, we define offset; 1 = offset, + IV, so that the centroids of head / are
stored in [offsety,, offsety, 1 1). This segmented layout enables all heads to be batched into a single
kernel launch with fully vectorized execution and no padding overhead. We fuse dequantization into
the kernel to avoid materializing dequantized centroids, reducing memory traffic.

Kernel 2: Batched Top-K selection. Given the estimation scores from kernel 1, this kernel selects
the Top-K}, blocks per head, where each head shares a fixed token budget T, and K;, = [T/B}]
varies inversely with the assigned block size. This ensures that each head attends to the same number
of tokens regardless of its block size, so that accuracy improvements stem from better block selection

3Symmetric quantization maps values to a zero-centered range, while asymmetric quantization additionally uses a zero-point
offset to handle skewed distributions.



rather than increased token coverage. The prefix-sum indexing array from kernel 1 is reused to
partition the scores by head, avoiding redundant computation.

Kernel 3: Heterogeneous paged attention. The final kernel computes attention over the selected
blocks per head. The key challenge is that different heads have different block sizes, making standard
paged attention kernels inapplicable without a costly gather step. We avoid this by exploiting the
hierarchical divisibility property between logical blocks and physical pages: any block naturally
decomposes into an integer number of the finest-granularity pages. As illustrated in Figure[9] each
head’s selected blocks are represented as a strided index view with no data movement, remaining
fully compatible with existing paged attention kernels.

4 Evaluation

In this section, we perform quantitative experiments to demonstrate that AB-Sparse improves accuracy
over existing block sparse attention baselines while preserving throughput. We present accuracy
results in efficiency results in micro study in and ablation studies in §4.3]

4.1 Experimental Setup

Hardware and models. We conduct throughput experiments on two hardware platforms: NVIDIA
A100-80GB and NVIDIA H800-80GB GPUs. We evaluate AB-Sparse on three representative open-
source LLMs: Llama-3.1-8B [7], Qwen3-8B [26], and Qwen3-32B [29], spanning two architecture
families and natively supporting context lengths up to 128K tokens.

Benchmarks. We employ two complementary benchmarks for accuracy evaluation: RULER [28]
and LongBench [30]. RULER is a synthetic benchmark designed to systematically probe long-context
capabilities. It encompasses four task categories: retrieval, multi-hop reasoning, aggregation, and
question answering, covering 13 tasks in total. We evaluate at context lengths from 16K to 96K to
assess performance scaling with sequence length. LongBench provides a more realistic evaluation
suite comprising real-world long-document understanding tasks across six diverse categories: single-
document QA, multi-document QA, summarization, few-shot learning, synthetic tasks, and code
completion. This benchmark complements RULER by evaluating AB-Sparse on natural text with
practical downstream tasks.

Baselines. We compare AB-Sparse against full attention [31]] and two state-of-the-art block sparse
attention methods: Quest [[16] and ArkVale [17]. Quest estimates block importance using per-block
min-max pooling centroids, while ArkVale employs bounding-volume centroids for tighter block
representation. AB-Sparse is applied on top of Quest and ArkVale as a drop-in replacement for their
uniform block size assignment, with centroid quantization enabled. For all sparse methods, we fix
the KV budget at 4% and the average block size at 32, following the settings adopted in common
practice [32}[33]].

4.2 Accuracy Evaluation

Table [I] reports accuracy results on RULER (left) and LongBench (right). AB-Sparse consistently
outperforms both baselines across all models and benchmarks. AB-Sparse-Quest improves over
Quest by 3.51%/2.19%/5.43% on RULER and 2.47%/2.61%/2.62% on LongBench for Llama-3.1-
8B/Qwen3-8B/Qwen3-32B, respectively. AB-Sparse-ArkVale achieves similar gains, surpassing
ArkVale by 3.80%/2.17%/3.16% on RULER and 1.92%/2.19%/1.52% on LongBench. These results
confirm that adaptive block size allocation recovers a substantial fraction of the accuracy gap between
sparse and full attention without increasing the average KV cache budget.

Notably, AB-Sparse consistently improves over both Quest and ArkVale, despite their fundamentally
different block representation strategies. This suggests that adaptive block size allocation is agnostic
to the underlying block representation, offering a general and pluggable enhancement for block sparse
attention methods.



4.3 Efficiency Evaluation

We evaluate the decoding efficiency of AB-Sparse against baselines across context lengths from 64K
to 256K tokens. Since ArkVale differs from Quest only in block representation method, their latency
characteristics are largely identical. We therefore exclude ArkVale from the efficiency comparison
and use Quest as a representative block sparse attention baseline. Figure[I0] presents the decoding
attention latency of all methods on A100 and H800 GPUs across all three models. AB-Sparse matches
Quest in latency at shorter contexts and becomes increasingly faster as context length grows. This is
because INT4 centroid quantization reduces memory traffic during the estimation stage, an advantage
that scales with context length.
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Figure 10: Decoding attention latency (ms) across three models with varying context lengths on A100
and H800 GPUs. AB-Sparse achieves increasingly lower latency as context length grows.

4.4 Microscopic Study

Throughput vs. batch size. Figure|l1|reports throughput of Llama-3.1-8B on A100 with 64K
context length and batch sizes of {1, 2,4}. Atbatch size 1, AB-Sparse achieves throughput comparable
to Quest; at batch size 4, it reaches 1.59x the throughput of Quest. This improvement stems from
two factors: INT4 centroid quantization reduces memory traffic during the estimation stage, and
the prefix-sum indexing enables padding-free batched execution across heads with heterogeneous
centroid counts, allowing AB-Sparse to scale more efficiently as batch size increases.

Table 1: Accuracy (%) comparison on RULER (left) and LongBench (right) across three models.
AB-Sparse consistently outperforms baselines across all tasks.

| Methods | 16K 32K 64K 96K | Avg. | SQA MQA SUM FL ST CC | Avge
3 | Full Attention 9415 9230 8641 81.99 | 88.71 | 2315 1979 2525 6231 6146 58.19 | 41.69
< | Quest 81.57 81.02 77.48 7283 | 7823 | 20.35 1793 2340 58.64 5559 48.69 | 37.43
"0 | AB-Sparse-Quest | 85.04 8556 8149 74.87 | 81.74 | 2219 1803 2504 6085 60.24 53.05 | 39.90
g | ArkVale 8277 83.50 80.69 7543 | 80.60 | 2240 18.11 23.57 5921 56.88 53.18 | 38.89
S | AB-Sparse-ArkVale | 88.98 8843 8284 7734 | 84.40 | 2202 1973 2487 6250 59.86 55.87 | 40.81
w | Full Attention 9149 9119 7444 7174 | 8222 | 1564 1330 2178 6230 6511 67.33 | 4091
2 | Quest 81.16 82.28 66.88 6649 | 7420 | 11.97 10.88 2029 5645 56.67 52.77 | 34.84
8 | AB-Sparse-Quest | 84.00 84.01 69.50 68.03 | 76.39 | 13.68 12.13 20.86 59.09 6130 57.61 | 37.45
&, | ArkVale 84.51 84.52 6899 67.90 | 76.48 | 13.35 1193 2034 57.18 57.26 5837 | 36.41
AB-Sparse-AtkVale | 87.29 8738 70.62 69.29 | 78.65 | 1474 1244 2129 59.84 6120 62.08 | 38.60

& | Full Attention 86.25 87.75 84.58 79.47 | 8451 | 1861 1664 2175 5403 5458 1831 | 30.65
& | Quest 7778 80.09 7502 7207 | 7624 | 1447 1539 20.56 49.23 47.60 1550 | 27.12
R | AB-Sparse-Quest | 86.98 8486 79.34 75.50 | 81.67 | 1678 1587 2072 5236 5627 1643 | 29.74
S | ArkVale 84.84 8479 79.19 7425 | 80.77 | 15.56 1560 20.19 49.89 5279 1546 | 2825
Q| AB-Sparse-ArkVale | 89.88 86.37 81.19 7827 | 83.93 | 1641 1689 21.47 5468 51.98 1717 | 29.77
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Figure 12: RULER accu-
racy (%) at 64K context
length with varying token
budget on Llama-3.1-8B.
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Long generation accuracy. We additionally evaluate AB-Sparse on long-generation tasks using
Qwen3-8B [26] on three reasoning benchmarks: AIME24 [34], AMC23 [35], and MATH-500 [36],
which feature short inputs with long outputs. We adopt the sampling parameters recommended by
Qwen3-8B [26] (top_k = 20, top_p = 0.95, and temperature=0.6) and set the maximum generation
length to 32K following DeepSeek-R1 [37]. We sample each input four times and report pass @4
as the accuracy metric. As shown in Table 2] AB-Sparse-Quest outperforms Quest across three
benchmarks, improving the average pass @4 from 47.2% to 53.1%. This demonstrates that adaptive
block size allocation is effective not only for long-input tasks but also for long-generation tasks.

Dynamic token budget. We evaluate Llama-3.1-8B on RULER at 64K context length, varying the
token budget ratio from 2% to 8%. As shown in Figure [I2] AB-Sparse consistently outperforms
Quest across all budget levels by 2.97-3.69%. The persistent gap as the budget increases suggests
that adaptive block size allocation provides benefits complementary to simply enlarging the token
budget. Additional results on Qwen3-8B are provided in §??.

4.5 Ablation Study

Effect of centroid quantization. Figure |13| reports RULER accuracy under different centroid
precisions across two models, with BF16 as the unquantized baseline. INT4 quantization achieves
accuracy comparable to BF16, confirming that per-channel asymmetric quantization preserves block
ranking with negligible accuracy loss. Additional results on Qwen3-32B are provided in §2?.
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Figure 13: RULER accuracy (%) under dif-
ferent centroid precisions across two models.

Context Length Context Length Context Length

(a) Estimation (b) Top-K (c) Attention

Figure 14: Kernel latency (ms) comparison
between the naive implementation and AB-

Sparse with varying context length. AB-Sparse
achieves consistently lower latency.

INT4 quantization achieves accuracy compara-
ble to the unquantized BF16 baseline.

Effect of custom kernels. Figure [14|compares the latency of the three core operations between
the naive implementation and AB-Sparse’s custom kernels across context lengths from 64K to
256K. The naive estimation and Top- K kernels loop over heads sequentially due to varying centroid
counts, while the naive attention kernel gathers selected KV blocks into contiguous memory before



computation. Our kernels consistently achieve lower latency, with speedups of up to 5.6x/9.4x/3.1x
for estimation/Top- /{/attention, respectively.

5 Conclusion

We present AB-Sparse, a training-free framework that improves the accuracy of block sparse attention
by exploiting the heterogeneous block size sensitivity across attention heads. Through lightweight
calibration-driven profiling, lossless centroid quantization, and efficient custom GPU kernels, AB-
Sparse achieves up to 5.43% accuracy improvement on RULER and 2.62% on LongBench over
existing baselines, without throughput overhead.
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