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Abstract

Efficient long-context inference remains a
major challenge for large language models
(LLMs), as the cost of attention computation
during auto-regressive decoding grows linearly
with the context length. Recent sparse atten-
tion methods attempt to reduce the computa-
tional burden by selecting a subset of tokens
at each step, while most rely on static impor-
tance scores that are repeatedly computed over
the entire cache, overlooking the relational
dynamics of the decoding process. In this
work, we revisit sparse attention in LLMs and
propose to model token importance as a dy-
namic process that evolves over decoding steps
and propagates through model layers. To effi-
ciently measure token importance, we propose
two lightweight mechanisms: (1) Cross-Step
Accumulation, which incrementally maintains
long-term, query-agnostic importance via de-
cayed accumulation of sparse attention scores,
avoiding recomputing the importance of de-
coded tokens; and (2) Cross-Layer Propaga-
tion, which leverages the model’s intrinsic
Retrieval Heads to compute query-aware in-
dices and efficiently propagate them across
layers; Together, these mechanisms preserve
both stable context memory and adaptive query
relevance while reduce redundant computa-
tion. We evaluate our approach on PG-19,
RULER, LongBench, and mathematical reason-
ing benchmarks using models employing Multi-
Head and Grouped-Query Attention. Under
varying KV cache budgets, our method consis-
tently outperforms prior sparse attention base-
lines, approaches full attention performance
in most settings, and achieves speedups of
up to 5.36× for attention latency and 2.33×
for end-to-end decoding. Our code is avail-
able at: https://github.com/iLearn-Lab/ACL26-
EvoSparse.

* Co-corresponding Authors.
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Figure 1: Pipeline overview. Unlike standard methods
that perform independent selection across steps and lay-
ers, EvoSparse exploits intrinsic correlations through
Cross-Step Accumulation and Cross-Layer Propagation,
thereby enhancing both effectiveness and efficiency.

1 Introduction

Large Language Models (LLMs) such as GPT
(Achiam et al., 2023), LLaMA (Grattafiori et al.,
2024), and Gemini (Team et al., 2023) have demon-
strated remarkable capabilities in reasoning, knowl-
edge retrieval, and generation across a wide range
of tasks (Bai et al., 2023; Shaham et al., 2023;
An et al., 2023; Zhang et al., 2024). A key fac-
tor enabling these abilities is the model’s capacity
to process long sequences of tokens. However,
as context lengths grow, the computational and
memory demands of the attention mechanism scale
quadratically in standard architectures, creating
a substantial bottleneck for long-context model-
ing (Fu, 2024). The challenge is further amplified
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during auto-regressive decoding, where each new
query token requires attending over the entire pre-
ceding context.

Fortunately, LLMs exhibit a form of inherent
sparsity (Deng et al., 2024): only a subset of tokens
typically contributes meaningfully to attention out-
puts. Motivated by this, various decoding-focused
sparse attention techniques have been developed,
such as Loki (Singhania et al., 2024), Sparq At-
tention (Ribar et al., 2023), and Quest (Tang et al.,
2024). While effective in reducing costs, these
methods typically treat token selection as an inde-
pendent, stateless operation at each step and layer
(Figure 1). This design overlooks two critical intrin-
sic properties of attention computation that we ob-
serve in modern LLMs: (1) Temporal Consistency:
Token importance is not transient; significant to-
kens often serve as Long-term Anchors, and at-
tention patterns exhibit Short-term Reuse between
adjacent steps. (2) Head-Level Capability Gap:
While prior research has identified the existence of
specialized Retrieval Heads (Wu et al., 2024), we
observe a critical behavioral divergence during de-
coding. These specialized heads accurately locate
key information, whereas the vast majority of Stan-
dard Heads often fail to capture dependencies when
operating independently, attending instead to irrel-
evant noise. Existing methods failure to leverage
these characteristics results in suboptimal selection
quality and redundant computations, limiting the
trade-off between performance and efficiency.

Based on these observations, we propose
EvoSparse, a framework that models token im-
portance as a continuously evolving process rather
than a static snapshot (Figure 1). Our approach is
instantiated through two synergistic mechanisms:
(1) Cross-Step Accumulation: Addressing the
Temporal Consistency, we introduce a lightweight
accumulation mechanism that updates token im-
portance via an exponential moving average. This
captures Long-term Anchors by aggregating atten-
tion mass and enforces Short-term Reuse by main-
taining stability between steps, providing a robust
global context view. (2) Cross-Layer Propaga-
tion: Addressing the Capability Gap, we utilize
the indices identified by the few Retrieval Heads
to guide the Standard Heads in subsequent layers.
This mechanism ensures that the Standard Heads,
which typically lack intrinsic retrieval precision,
align with high-quality retrieval signals, avoiding
the overhead of redundant and error-prone searches.
Together, these mechanisms convert sparse atten-

tion into a dynamic system that improves selection
accuracy while reducing redundant computation.

We conduct a comprehensive evaluation on di-
verse long-context benchmarks, including language
modeling on PG-19 (Rae et al., 2019), RULER
(Hsieh et al., 2024), LongBench (Bai et al., 2023),
and challenging mathematical reasoning tasks. Our
method achieves the best balance between perfor-
mance and efficiency: it consistently outperforms
existing sparse attention baselines, such as Quest
and TidalDecode (Yang et al., 2024b), particularly
in low-resource regimes. Moreover, our optimized
implementation delivers substantial speedups, with
attention latency improved by up to 5.36× and end-
to-end latency by up to 2.33×.

2 Related Work

Long-Context LLMs. Scaling LLMs to long con-
texts is constrained by the quadratic complexity
of attention. To extend effective context windows,
prior work has focused on continuous training with
long-text corpora (Chen et al., 2023; Xiong et al.,
2023; Fu et al., 2024) and advanced positional ex-
trapolation methods like RoPE (Su et al., 2024) and
YaRN (Peng et al., 2023). Parallel efforts employ
Retrieval-Augmented Generation (RAG) to offload
memory burdens to external storage (Tworkowski
et al., 2023; Mohtashami and Jaggi, 2023; Xu et al.,
2023). Despite these advances, the intrinsic com-
putational cost of the attention mechanism remains
a prohibitive barrier, necessitating methods that
directly reduce its algorithmic complexity.
Sparse Attention. Sparse attention mitigates
quadratic complexity by processing subsets of to-
kens, generally categorized into eviction-based and
selection-based approaches.

Eviction-based methods maintain a fixed budget
by permanently discarding tokens. H2O (Zhang
et al., 2023) and StreamingLLM (Xiao et al., 2023)
prioritize “Heavy Hitters” or sink/local tokens, re-
spectively. DuoAttention (Xiao et al., 2024) at-
tempts to mitigate long-range loss by preserving
full attention on Retrieval Heads. However, evic-
tion inherently risks the irreversible loss of context
in compressed heads, potentially discarding infor-
mation critical for future generation.

Selection-based methods dynamically choose
tokens from the full KV cache at each step.
Quest (Tang et al., 2024) and Sparq (Ribar et al.,
2023) estimate importance via query-aware met-
rics, whereas Loki (Singhania et al., 2024) employs
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Figure 2: Attention dynamics in Llama-3-8B-1M. Sink and local tokens are masked to isolate intermediate
dependencies. Left: The trace exhibits clear temporal stability via Long-term Anchors and Short-term Reuse. Right:
A functional gap is observed; while the Retrieval Head pinpoints key tokens, Standard Heads in adjacent layers fail
to capture these dependencies, attending instead to irrelevant noise.

low-rank approximations to identify critical tokens.
Despite retaining the full cache, these methods typi-
cally treat decoding steps independently, neglecting
the temporal stability of token importance.

3 Background and Motivation

3.1 Retrieval Heads in LLMs
Recent studies identify a specialized subset of at-
tention mechanisms termed Retrieval Heads (Wu
et al., 2024; Xiao et al., 2024), which are pivotal
for locating “Needle-in-a-Haystack” information
(Kamradt, 2023). Following Wu et al. (2024), we
quantify the retrieval capability via the retrieval
score, defined as the token-level recall rate of valid
copy-paste operations where the head attends to
the correct token in the context needle. Throughout
this paper, we refer to the remaining Non-Retrieval
Heads as Standard Heads.

Although essential for reasoning, these Retrieval
Heads constitute only a small fraction of the total
model capacity. The core challenge for efficient
inference is thus to preserve these critical heads
while pruning the redundant computation of Stan-
dard Heads. Existing approaches, however, often
fall short by treating all heads uniformly (Tang
et al., 2024) or relying on static allocation (Xiao
et al., 2024), neglecting the dynamic functional
interplay between them.

3.2 Empirical Observations
To explore intrinsic redundancy in attention compu-
tation, we analyze the attention patterns of Llama-
3-8B-1M (Pekelis et al., 2024) on the PG-19 dataset
(Rae et al., 2019). As shown in Figure 2, we mask
out Sink tokens and Local windows prior to visu-

alization. Since LLMs disproportionately allocate
attention mass to these areas (Xiao et al., 2023),
this masking is vital to unveil the model’s true dis-
tribution over the intermediate context, which is
the cornerstone of long-text understanding.
Anchors and Reuse. Figure 2 (Left) reveals sig-
nificant temporal stability. First, we observe Long-
term Anchors, where specific key tokens consis-
tently trigger high activation across multiple steps,
manifesting as persistent horizontal lines. Second,
we observe Short-term Reuse, where the attention
distribution of the current query remains highly
similar to that of its immediate predecessor. These
observations imply that token importance is not
transient; rather, it accumulates and persists over
the decoding trajectory.
The Gap Between Heads. Figure 2 (Right) high-
lights a functional gap. A specialized Retrieval
Head (e.g., L15, H30) accurately assigns high prob-
ability to ground-truth key tokens. In contrast, Stan-
dard Heads in the same or subsequent layers (e.g.,
L15, H21; L16, H27) often fail to capture these
dependencies when operating independently, at-
tending instead to irrelevant noise. However, since
the tokens identified by the Retrieval Head are se-
mantically significant, this suggests that the critical
retrieval signals captured by these heads can be
propagated to guide the Standard Heads.

4 Method

Based on insights from Section 3.2, we propose
EvoSparse (Figure 3), a novel sparse attention
framework designed to capture both the tempo-
ral persistence of key tokens and the high-quality
retrieval signals inherent in Retrieval Heads.
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Figure 3: Overview of EvoSparse. The framework integrates two key mechanisms: (1) Cross-Step Accumulation,
which employs an exponential moving average to preserve long-term anchors while ensuring short-term temporal
stability; and (2) Cross-Layer Propagation, which distributes high-quality retrieval indices to guide Standard Heads,
thereby enhancing their focus while maintaining efficiency.

4.1 Cross-Step Accumulation: Exploiting
Temporal Stability

Motivated by the Long-term Anchors and Short-
term Reuse observed in Section 3.2, we introduce
Cross-Step Accumulation (Figure 3, Left) to struc-
turally enforce temporal consistency.

We maintain a global importance vector ht ∈
RN , termed Heat, which provides a query-agnostic
summary of token importance throughout the gen-
eration process. The Heat value for each token i at
step t is defined as the exponentially decayed sum
of its historical sparse attention scores:

hti =

t∑

τ=1

λt−τsτi , ∀i ∈ 1, . . . , N (1)

where λ ∈ (0, 1) is a decay factor and sτi represents
the sparse attention score at step τ . This formula-
tion naturally encapsulates two key dynamics of
token salience:

By isolating the most recent terms of the sum-
mation, the update can be viewed as hti = sti +
λst−1

i + . . . . The heavy weighting of scores from
proximal steps allows the Heat vector to capture
the temporal correlation between adjacent decod-
ing steps, effectively modeling Short-term Reuse
of the immediate context.

The summation over the entire trajectory τ ∈
[1, t] facilitates the emergence of Long-term An-
chors. Tokens that are consistently attended to
across many steps will accrue significant Heat
through accumulation, even if their instantaneous

attention scores sti are relatively moderate, thereby
identifying them as globally significant anchors.

Finally, we identify the most salient context by
selecting the top-kh tokens based on their accumu-
lated Heat:

It
heat = TopK

(
{hti}Ni=1, kh

)
(2)

This mechanism ensures that the model pre-
serves a stable, query-agnostic representation of
globally important tokens to guide generation.

4.2 Cross-Layer Propagation: Bridging the
Head Gap

To bridge the Functional Gap (Figure 2, Right),
where Standard Heads fail to independently locate
key dependencies, we introduce Cross-Layer Prop-
agation (Figure 3, Right). This mechanism treats
Retrieval Heads as global experts, broadcasting
their high-quality indices to guide the attention of
Standard Heads.

For a layer l containing a set of Retrieval Heads
Hl

ret, we aggregate the most relevant tokens based
on query-key similarity:

I l
retrieval =

⋃

h∈Hl
ret

TopK

(
qlh(K

l
h)

⊤
√
d

, kr

)
, (3)

where kr denotes the retrieval budget.
Crucially, these indices serve Standard Heads in

both the current and subsequent layers, enabling
them to bypass computationally expensive global
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search and directly focus on semantically signifi-
cant regions. The propagated index set for a target
layer l′ is defined recursively:

I l′
prop =

{
I l′
retrieval if l′ is a retrieval layer,

I llast
retrieval otherwise,

(4)

where llast denotes the nearest preceding retrieval
layer. This strategy aligns the focus of Standard
Heads with expert retrieval signals, effectively rec-
tifying the attention misalignment.

4.3 Unified Sparse Attention

At decoding step t and layer l, EvoSparse synthe-
sizes these components into a unified framework.
The final sparse index set It,l is constructed by
integrating the indispensable Sink Isink and Lo-
cal Ilocal tokens with the temporally stable tokens
It
heat and the propagated retrieval tokens I l

prop:

It,l = Isink ∪ Ilocal ∪ It
heat ∪ I l

prop. (5)

To maintain a constant computational overhead,
the parameter kh is dynamically determined by
subtracting the number of retrieval-based tokens
from a fixed total token budget k, formulated as
kh = k − |Isink| − |Isink| − |I l

prop|. It should be
noted that while kh and kr are defined here at the
token-level for conceptual simplicity, the actual
implementation of EvoSparse operates at the block-
level to optimize hardware IO efficiency.

The attention computation is then explicitly re-
stricted to this selected subset:

Attn(ql,K l, V l) = softmax

(
ql(K l

It,l)
⊤

√
d

)
V l
It,l .

(6)
This design ensures complementary coverage:
Cross-Layer Propagation provides immediate,
query-aware precision, while Cross-Step Accumu-
lation ensures long-term context stability. This
synergy enables EvoSparse to approximate Full
Attention performance with significantly reduced
computational overhead.

4.4 Complexity Analysis

To quantify the efficiency gains of EvoSparse, we
analyze its computational complexity (FLOPs) and
memory IO cost relative to standard attention. Let
N denote the sequence length, d the head dimen-
sion, L the number of layers, and H the number
of KV heads per layer. We define k as the sparse

budget and Nret as the total number of top selected
Retrieval Heads across the model.
Computational Complexity. While Full Attention
scales linearly (4dNLH), EvoSparse restricts this
growth to a minimal scope. Linear complexity is
confined to the first two dense layers (8dNH) and
the small set of Nret Retrieval Heads. In contrast,
the vast majority of heads operate on a fixed budget
k, incurring only constant O(k) cost. Since the
linear components constitute a negligible fraction
of the model capacity (2 ≪ L and Nret ≪ LH),
the aggregate complexity for long sequences (N ≫
k) is effectively dominated by the constant sparse
term rather than the linear baseline.
Memory Access Analysis. Given that KV cache
IO is the primary bottleneck in decoding, we an-
alyze the cost ratio of EvoSparse relative to Full
Attention (Cfull = 2dNLH):

Cevo

Cfull
≈ 2

L︸︷︷︸
Dense
Floor

+
k

N

(
1− 2

L

)

︸ ︷︷ ︸
Sparsity

+
Nret

2HL︸ ︷︷ ︸
Retrieval
Overhead

. (7)

This decomposition reveals three structural advan-
tages: (1) The dense layers impose a minimal con-
stant floor (e.g., ≈ 6% for L = 32); (2) As N
grows, the sparsity term dominates, effectively de-
coupling IO cost from linear scaling; and (3) The
retrieval overhead scales inversely with model ca-
pacity (LH), remaining negligible (Nret ≪ LH)
even in GQA (Ainslie et al., 2023) settings.

5 Experiments

5.1 Setups
Tasks and Models. We evaluate EvoSparse on a di-
verse benchmark suite: (1) PG-19 (Rae et al., 2019)
for language modeling; (2) LongBench (Bai et al.,
2023) and RULER (Hsieh et al., 2024) for long-
context understanding and retrieval robustness; and
(3) Mathematical Reasoning (e.g., AIME 24) to
assess long-chain CoT capabilities. Correspond-
ingly, we employ Llama-2-7B-32K (Grattafiori
et al., 2024), Llama-3-8B-1M (Pekelis et al., 2024),
and Qwen2.5-Math-7B/72B (Yang et al., 2024a),
covering both MHA (Vaswani et al., 2017) and
GQA (Ainslie et al., 2023) architectures.
Baselines and Implementation. We compare
against Full Attention and training-free sparse base-
lines: Quest (Tang et al., 2024), TidalDecode (Yang
et al., 2024b), and StreamingLLM (Xiao et al.,
2023). Retrieval Heads are detected following Wu
et al. (2024). Consistent with prior work, we keep

11558



25
6

51
2

10
24

20
48

40
96

15
20
25
30
35

Token Budget vs Average

25
6

51
2

10
24

20
48

40
96

10
15
20
25
30

MultiFieldQA­EN

25
6

51
2

10
24

20
48

40
96

4
6
8

10
12

Qasper

25
6

51
2

10
24

20
48

40
96

10

12

14

16
2WikiMultihopQA

25
6

51
2

10
24

20
48

40
96

6

9

12

15

HotpotQA

25
6

51
2

10
24

20
48

40
96

6

12

18

24

30
GovReport

0.5 1.0 1.5 2.0
FLOPs (G)

15
20
25
30
35

FLOPs vs Average

25
6

51
2

10
24

20
48

40
96

12

15

18

21
QMSum

25
6

51
2

10
24

20
48

40
96

30

45

60

75

TriviaQA

25
6

51
2

10
24

20
48

40
96

0
10
20
30
40

PassageRetrieval­EN

25
6

51
2

10
24

20
48

40
96

32

40

48

56

RepoBench­P

25
6

51
2

10
24

20
48

40
96

40
45
50
55
60

LCC

25
6

51
2

10
24

20
48

40
96

20

25

30

35

Token Budget vs Average

25
6

51
2

10
24

20
48

40
96

16
20
24
28
32

MultiFieldQA­EN

25
6

51
2

10
24

20
48

40
96

6

9

12

15
Qasper

25
6

51
2

10
24

20
48

40
96

10

12

14

2WikiMultihopQA

25
6

51
2

10
24

20
48

40
96

8

10

12

14
HotpotQA

25
6

51
2

10
24

20
48

40
96

20

25

30

35
GovReport

0.5 1.0 1.5 2.0
FLOPs (G)

20

25

30

35

FLOPs vs Average

25
6

51
2

10
24

20
48

40
96

16

18

20

QMSum

25
6

51
2

10
24

20
48

40
96

30

45

60

75

90
TriviaQA

25
6

51
2

10
24

20
48

40
96

20

40

60

80
PassageRetrieval­EN

25
6

51
2

10
24

20
48

40
96

44
46
48
50
52

RepoBench­P

25
6

51
2

10
24

20
48

40
96

45

48

51

LCC

Ll
am

a­
2­

7B
Ll

am
a­

3­
8B

Token Budget

Full Quest TidalDecode StreamingLLM EvoSparse
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context lengths from 0 to 32k tokens.

the first two layers dense to preserve stability (Tang
et al., 2024). Detailed hyperparameters are listed
in Table 6.

5.2 Performance Evaluation

5.2.1 Language Modeling on PG-19
Figure 5 demonstrates that EvoSparse achieves per-
plexity (PPL) comparable to Full Attention across
diverse models and token budgets. In contrast,
baselines exhibit distinct failure modes: Quest suf-
fers from noise introduced by ineffective heads;
TidalDecode shows instability across architectures
(dropping on LLaMA-2 due to layer mismatch);
and StreamingLLM degrades consistently due to
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Figure 6: Performance comparison on the RULER
benchmark across varying context lengths from 8k to
64k tokens.

indiscriminate token dropping. EvoSparse avoids
these pitfalls, preserving modeling quality even
under constrained conditions.

5.2.2 Long-context Robustness on RULER

We evaluate retrieval robustness on RULER (Hsieh
et al., 2024) using Llama-3-8B-1M (Pekelis et al.,
2024) across contexts ranging from 8K to 64K.
As illustrated in Figure 6, EvoSparse demonstrates
superior resilience compared to sparse baselines.
In high-sparsity regimes, our method maintains a
significant lead, validating the efficacy of Cross-
Layer Propagation in accurately pinpointing critical
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Method AIME 24 AMC 23 SAT Math CN Middle School Gaokao Cloze Avg.

Avg Length 1451.7 1162.0 2311.4 1981.6 974.0 1576.14

Full Attention 16.7 65.0 96.9 72.3 68.6 63.90

StreamingLLM (512) 3.3 27.5 84.4 72.3 57.6 49.02
Quest (512) 10.0 45.0 90.6 69.3 59.3 54.84
TidalDecode (512) 10.0 52.5 87.5 73.3 66.9 58.04
EvoSparse (512) 13.3 55.0 90.6 72.3 69.5 60.14

StreamingLLM (256) 3.3 10.0 43.8 52.5 27.1 27.34
Quest (256) 3.3 35.0 75.0 66.3 44.1 44.74
TidalDecode (256) 3.3 40.0 71.9 69.3 63.6 49.62
EvoSparse (256) 6.7 45.0 78.1 64.4 67.8 52.40

Table 1: Performance comparison on mathematical reasoning tasks using Qwen2.5-Math-7B (Yang et al., 2024a).
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Figure 7: Latency breakdown of a single attention layer.

evidence amidst massive noise. In low-sparsity
regimes, it rapidly converges to the Full Attention
upper bound, achieving near-lossless performance
as the budget increases.

5.2.3 General Long-Context Capabilities on
LongBench

Figure 4 summarizes results across 10 representa-
tive LongBench tasks (Bai et al., 2023). EvoSparse
achieves the best average performance across both
Llama-2 and Llama-3 models. At higher bud-
gets, it matches the accuracy of Full Attention; at
lower budgets, it substantially outperforms all base-
lines. While Quest struggles with small budgets
and TidalDecode relies on architecture-specific tun-
ing, our approach maintains strong retrieval accu-
racy across different models and sparsity levels,
highlighting its generalization capability.

5.2.4 Long-Chain Reasoning on Mathematical
Benchmarks

Distinct from retrieval tasks, mathematical rea-
soning necessitates maintaining a coherent Chain
of Thought (CoT) throughout extensive genera-
tion. The critical challenge lies in preserving self-

generated intermediate steps within a limited cache.
As shown in Table 1, evaluations on Qwen2.5-
Math-7B (Yang et al., 2024a) demonstrate that
EvoSparse achieves superior accuracy under strict
token budgets compared to baseline methods. This
result stems from Cross-Step Accumulation, which
anchors pivotal intermediate conclusions that in-
stantaneous scoring often overlooks, thereby pre-
venting the logic chain breakage common in prior
sparse attention mechanisms.

5.3 Efficiency Evaluation

We benchmark EvoSparse on Llama-3-8B-1M
(Pekelis et al., 2024) using a single NVIDIA RTX
5090 (BF16). We implement core operators via Tri-
ton (Tillet et al., 2019) and compare against a Py-
Torch SDPA baseline. Figures 7 and 9 report atten-
tion and end-to-end latencies, respectively. Under a
96K context with a 2048-token budget, EvoSparse
delivers significant acceleration. Standard sparse
layers achieve a 5.36× speedup relative to full at-
tention. Even layers containing Retrieval Heads
maintain a 3.52× speedup despite selection over-
head. Since Retrieval Heads constitute a minority
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Figure 8: Ablation study of EvoSparse components on Llama-3-8B-1M (Pekelis et al., 2024).

Method AIME 24 AMC 23 SAT Math CN Middle Gaokao Cloze Avg.

Sink & Local (16 + 496) 3.3 27.5 84.4 72.3 57.6 49.02
EvoSparse (512, w/o Prop.) 3.3 40.0 75.0 70.3 58.5 49.42
EvoSparse (512, w/o Accum.) 3.3 50.0 71.9 67.3 61.9 50.88
EvoSparse (512) 13.3 55.0 90.6 72.3 69.5 60.14

Sink & Local (16 + 240) 3.3 10.0 43.8 52.5 27.1 27.34
EvoSparse (256, w/o Prop.) 3.3 20.0 46.9 56.4 46.6 34.64
EvoSparse (256, w/o Accum.) 3.3 47.5 56.2 65.3 61.9 46.84
EvoSparse (256) 6.7 45.0 78.1 64.4 67.8 52.40

Table 2: Ablation study of EvoSparse components on Qwen2.5-Math-7B (Yang et al., 2024a).
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Figure 9: End-to-end decoding latency of EvoSparse.

of the model, these gains translate into a system-
level end-to-end decoding speedup of 2.33×.
Scaling with Batch Size. Beyond single-batch
performance, we further evaluate the effectiveness
of EvoSparse in batched inference scenarios. As
illustrated in Figure 10, EvoSparse consistently
maintains high efficiency, and its relative advantage
over full attention becomes even more pronounced
as the batch size increases. For instance, with a
1024-token budget, the latency reduction compared
to full attention grows from approximately 13.3%
at BS=1 (from 28.34ms to 24.56ms) to 50.8% at
BS=4 (from 19.62ms to 9.66ms). This trend sug-
gests that by significantly reducing KV cache ac-

cess, EvoSparse effectively alleviates the memory
bandwidth bottleneck that typically intensifies with
larger batch sizes, making it highly suitable for
high-throughput deployment.

5.4 Ablation Study

We evaluate the impact of the two components of
EvoSparse, namely Cross-Step Accumulation (Ac-
cum.) and Cross-Layer Propagation (Prop.), across
language modeling, retrieval, and reasoning tasks.
Impact of Cross-Layer Propagation. The Prop.
mechanism is indispensable for tasks requiring pre-
cise information extraction. Removing it causes
catastrophic failures in low-budget regimes. On
LongBench (Figure 8, Left) and RULER (Figure
8, Middle), removing Prop. results in a substan-
tial performance gap compared to the full model.
Similarly, on Mathematical Reasoning (Table 2),
performance plummets significantly (e.g., Math
accuracy drops from 52.4% to 34.6% at budget
256). This consistent degradation across bench-
marks confirms that without explicit expert guid-
ance, Standard Heads fail to independently locate
sparse evidence within noisy contexts.
Impact of Cross-Step Accumulation. In contrast,
Accum. acts as the primary driver for general coher-
ence. Removing it leads to the sharpest degradation
in PG-19 perplexity (Figure 8, Right), whereas re-
moving Prop. has a comparatively minor effect.
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Figure 10: End-to-end decoding latency across different batch sizes, evaluated at a 16K context length.

Method AIME 24 AMC 23 SAT Math CN Middle Gaokao Cloze Avg.

Full Attention 23.3 62.5 96.9 78.2 74.6 67.10

Quest (512) 3.3 50.0 65.6 69.3 56.8 49.00
TidalDecode (512)† 20.0 67.5 87.5 77.2 71.2 64.68
EvoSparse (512) 20.0 67.5 96.9 79.2 72.0 67.12
† For TidalDecode, we report the best performance (Layer 33, ∼40% depth) via a grid search for the reselection layer.

Table 3: Performance comparison on mathematical reasoning tasks using Qwen2.5-Math-72B (Yang et al., 2024a).

This suggests that while Prop. locates specific nee-
dles, Accum. maintains the broader global context
stability essential for language modeling.

5.5 Scalability to Larger Model Scales

To further investigate the scalability of EvoSparse
and the impact of model capacity on sparse atten-
tion, we conduct additional experiments on the
Qwen2.5-Math-72B (Yang et al., 2024a). As shown
in Table 3, the performance gap previously ob-
served at the 7B scale effectively vanishes at the
72B scale. EvoSparse achieves an average score of
67.12, which is on par with Full Attention (67.10).

This phenomenon suggests that the sensitivity to
KV cache sparsity in smaller models (e.g., 7B) is
likely due to their limited parameter redundancy. In
contrast, larger models possess sufficient capacity
to maintain strong robustness in long-chain reason-
ing tasks even with a constrained KV budget.

6 Conclusion

We presented EvoSparse, a unified framework that
exploits information redundancy across layers and
decoding steps. By integrating Cross-Layer Propa-
gation for precision and Cross-Step Accumulation
for stability, it effectively reconciles efficiency with
performance. Evaluations across PG-19, Long-
Bench, RULER, and reasoning tasks confirm that
EvoSparse significantly outperforms baselines un-
der strict constraints while matching full attention
in high-budget regimes. Achieving up to 5.36×
faster attention computation and 2.33× end-to-end

speedup, it establishes a robust solution for long-
context inference.

Limitations

Despite the promising results, we acknowledge
several limitations. First, the reported wall-clock
speedups rely on custom Triton kernels designed
for efficient block-sparse execution; while these
demonstrate significant gains on NVIDIA GPUs,
deploying EvoSparse on hardware platforms that
lack flexible sparse support or different memory
hierarchies may require further engineering adapta-
tion. Second, while we focus on MHA and GQA,
EvoSparse’s compatibility with Multi-Head Latent
Attention (MLA)—as used in DeepSeek—remains
unexplored. Integrating our sparsity approach with
MLA to further reduce overhead is a key future
direction.
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A Appendix

A.1 Hyperparameter Sensitivity
We investigate the sensitivity of EvoSparse to three
critical hyperparameter groups: (1) the Prop. con-
figuration (number of Retrieval Heads and top_k

blocks), (2) the sparsity granularity (block size B),
and (3) the temporal decay factor λ.
Impact of Prop. Configuration. Figure 1 visual-
izes the performance heatmaps varying the number
of Retrieval Heads (Nret) and the top_k KV blocks
per retrieval head (kblk). We observe a general
trend of monotonic improvement: increasing either
the number of Retrieval Heads or the number of
retained blocks consistently boosts performance,
indicated by the darker colors in the upper-right
corners. However, the method exhibits strong ro-
bustness; for tasks like LongBench and RULER,
acceptable performance is achieved even with mod-
erate settings (e.g., Nret = 10). Notably, for the
Math Reasoning task (right), which operates under
a strict budget, the sensitivity is higher. Reaching
the peak accuracy of 60.14% requires a sufficient
number of Retrieval Heads (Nret ≥ 10) to accu-
rately pinpoint distributed evidence, confirming
that “expert guidance” is resource-dependent in
challenging reasoning scenarios.
Impact of Block Size. We analyze the effect of
block size granularity (B) and observe distinct be-
haviors across different task types (Figure 2).

On LongBench and RULER (Figure 2 Left &
Middle): For tasks requiring information retrieval
and reasoning, a clear trade-off emerges regarding
granularity. At strictly limited token budgets (e.g.,
256 tokens), a smaller block size (B = 16, red line)
significantly outperforms larger blocks (B = 64,
blue line). This is because smaller blocks provide
finer granularity, allowing the model to precisely
retain discrete, scattered evidence (“needles”) with-
out wasting the scarce budget on irrelevant neigh-
bors contained within larger blocks. As the budget
increases (> 1024), this granularity advantage di-
minishes, and larger blocks (B = 64) catch up,
becoming competitive due to their better capture of
local semantic continuity.

On Language Modeling: In contrast, the block
size has negligible impact on PG-19 perplexity. As
shown in Figure 2 (Right), the performance curves
for different block sizes largely overlap. This sug-
gests that for next-token prediction, the primary
factor is whether the global Long-term Anchors
are retained, rather than the precise segmentation
(block size) of these regions. The model is robust
enough to extract necessary context regardless of
whether the retrieved history is fragmented into
16-token or 64-token chunks.
Impact of Accum. Decay Factor (λ). We exam-
ine the role of the temporal decay factor λ in the
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Cross-Step Accumulation mechanism (Table 4 and
Figure 3). We specifically adopt λ = 0.996, which
was chosen because it is the closest representable
value to 1.0 under the BF16 precision format used
in our experiments. This setting ensures the min-
imal necessary decay to prevent saturation while
maximizing history retention.

The results indicate that the specific magnitude
of λ (e.g., 0.8 vs. 0.996) has a marginal impact on
performance, demonstrating the method’s robust-
ness. However, a crucial distinction exists between
having decay (λ < 1.0) and no decay (λ = 1.0).

As shown in Table 4, removing the decay mech-

anism (λ = 1.0) leads to a noticeable performance
drop (e.g., Avg accuracy drops from 60.14% to
56.14% on Math tasks). This degradation is fur-
ther corroborated by the language modeling results
in Figure 3. While models with decay (lines for
λ = 0.996, 0.95, 0.8) tightly track the Full Atten-
tion baseline, the model without decay (grey line)
exhibits a visible divergence, yielding higher per-
plexity as the context length grows.

We attribute these failures to a “Matthew Ef-
fect” in sparse selection. Without decay, the im-
portance scores of early heavy-hitters accumulate
indefinitely. These historical tokens eventually mo-
nopolize the limited sparse budget, preventing the
model from attending to new, potentially critical
information in the recent context. Introducing a
decay factor effectively counteracts this saturation,
allowing the model to update its focus and balance
historical anchors with evolving context.

A.2 Hyperparameter Configuration
Table 6 details the specific settings for all eval-
uated methods. For EvoSparse, we employ a
budget-aware scaling strategy, dynamically adjust-
ing the number of active retrieval heads and re-
tained blocks to optimize performance across vary-
ing sparsity levels.
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Method AIME 24 AMC 23 SAT Math CN Middle School Gaokao Cloze Avg.

EvoSparse (512, λ = 1.0) (w/o decay) 6.7 47.5 84.4 75.2 66.9 56.14
EvoSparse (512, λ = 0.8) 6.7 52.5 93.8 74.3 67.8 59.02
EvoSparse (512, λ = 0.95) 6.7 50.0 90.6 75.2 69.5 58.40
EvoSparse (512, λ = 0.996) 13.3 55.0 90.6 72.3 69.5 60.14

EvoSparse (256, λ = 1.0) (w/o decay) 13.3 40.0 59.4 63.4 67.8 48.78
EvoSparse (256, λ = 0.8) 6.7 45.0 75.0 70.3 68.6 53.12
EvoSparse (256, λ = 0.95) 10.0 45.0 78.1 68.3 67.8 53.84
EvoSparse (256, λ = 0.996) 6.7 45.0 78.1 64.4 67.8 52.40

Table 4: Hyperparameter sensitivity analysis of EvoSparse with different decay factors on Qwen2.5-Math-7B (Yang
et al., 2024a).

Method AIME 24 AMC 23 SAT Math CN Middle Gaokao Cloze Avg.

EvoSparse (512, B = 16) 13.3 55.0 90.6 72.3 69.5 60.14
EvoSparse (512, B = 32) 16.7 57.5 90.6 72.3 67.8 60.98
EvoSparse (512, B = 64) 3.3 45.0 84.4 72.3 68.6 54.72

EvoSparse (256, B = 16) 6.7 45.0 78.1 64.4 67.8 52.40
EvoSparse (256, B = 32) 3.3 47.5 59.4 55.4 55.9 44.30
EvoSparse (256, B = 64) 3.3 37.5 56.2 47.5 57.6 40.42

Table 5: Hyperparameter sensitivity analysis of EvoSparse on block size using Qwen2.5-Math-7B (Yang et al.,
2024a).

Method Budget Local Window Ret. Heads (Nret) Top Blocks (kblk) Specific Notes

EvoSparse

4096 128 20 15 -
2048 128 15 10 -
1024 128 10 7 -
512 64 10 5 -
256 64 5 5 -

Quest All - - - Block Size = 16

TidalDecode All - - -
PPL: Re-sel. Layer = 9

Others†: Re-sel. Layer = 13

StreamingLLM All Budget - 16 - - Sink size = 16

Table 6: Hyperparameter settings for all methods. We report the configurations used for Language Modeling (PPL),
LongBench, RULER, and Math Reasoning tasks. For EvoSparse, parameters scale with the token budget. Common
Constants: Across all budgets, we fix Sink size = 16, Block size B = 16, and Decay factor λ = 0.996. Nret

denotes the number of selected top Retrieval Heads, and kblk denotes the number of KV blocks retained per retrieval
head.

† Others include LongBench, RULER, and Math tasks.
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