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Abstract

Large Language Models (LLMs) have rapidly
advanced in recent years, scaling up in both pa-
rameter count and context length. However, as
context windows extend from thousands to hun-
dreds of thousands of tokens, attention compu-
tation becomes the dominant source of memory
usage and runtime in decoding stages, severely
limiting the efficiency and scalability of long-
context LLMs. Sparse attention has emerged
as a promising solution, reducing complexity
by computing attention over only a subset of
context tokens. However, the sparse attention
for Multi-head Latent Attention (MLA) which
is a variant of standard MHA is rarely studied.
In this paper, we introduce RoPE-based Block-
wise Sparse Attention (RoBSA), a method de-
signed specifically for MLA during the decod-
ing stage of model inference. RoBSA leverages
the decoupled nature of RoPE within MLA to
implement token selection in a blockwise man-
ner. RoBSA is a lightweight, training-free, and
layer-aware algorithm that can be integrated in
a plug-and-play fashion. Our method signifi-
cantly reduces end-to-end inference latency in
the decoding stage by up to 2.55× with mini-
mal accuracy loss compared to full attention in
long-context scenarios for very large models.

1 Introduction

In recent years, Large Language Models (LLMs)
have advanced significantly, primarily by increas-
ing their parameter counts and extending their con-
text windows (OpenAI et al., 2024; Yang et al.,
2025a). State-of-the-art models now feature tril-
lions of parameters and can process millions of
tokens, allowing them to analyze entire books or
extensive codebases in a single pass (Team et al.,
2025; Comanici et al., 2025). This expanded ca-
pacity is crucial for complex reasoning, coherent
multi-turn dialogue, and fine-tuning with methods
like reinforcement learning, which often depend on
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Figure 1: The attention kernel’s computation time as
a proportion of the total decoding time for DeepSeek-
R1. With a 128k token context, attention accounts for
over 90% of the latency, highlighting it as the primary
bottleneck.

understanding long-range dependencies within the
context.

However, processing such long contexts presents
a major computational challenge. The bottleneck
is the self-attention mechanism, a core component
of the Transformer architecture (Zhou et al., 2024).
Its computational cost scales linearly with the se-
quence length during decoding stage, making infer-
ence prohibitively slow and memory-intensive for
long sequences. As shown in Figure 1, when the
context length extends to 128k tokens, the attention
computation alone can consume over 90% of the
total inference time. This inefficiency severely lim-
its the practical deployment of long-context LLMs
in real-world applications.

To mitigate this bottleneck, researchers
have developed various efficiency-focused
techniques (Zhou et al., 2024). These include
architectural modifications like Multi-Query
Attention (MQA) (Shazeer, 2019), Grouped-Query
Attention (GQA) (Ainslie et al., 2023), and
Multi-head Latent Attention (MLA) (DeepSeek-
AI et al., 2024), which reduce the size of the
Key-Value cache. Some attempts to use linear
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attention (Yang et al., 2025b), to reduce attention
compute complexity. Other approaches focus
on approximating the attention matrix through
methods like sparse attention (Child et al., 2019),
or on model compression techniques such as
quantization (Frantar et al., 2023) and weight
pruning (Frantar and Alistarh, 2023).

Despite these advances, a critical gap remains
in applying these solutions to the latest genera-
tion of large-scale models. Many leading mod-
els, such as DeepSeek-V3 (DeepSeek-AI et al.,
2025b), DeepSeek-R1 (DeepSeek-AI et al., 2025a),
and Kimi-K2 (Team et al., 2025), utilize Multi-
head Latent Attention (MLA), an architecture with
unique features like a compressed latent space and
partial application of Rotary Position Embeddings
(RoPE) (Su et al., 2023). These design choices
make it challenging to directly apply conventional
sparse attention methods, which are often designed
for standard attention mechanisms and may not be
compatible with MLA’s structure without signifi-
cant modifications or retraining.

This paper introduces a key observation specific
to the MLA architecture: the attention scores com-
puted using only the small portion of hidden dimen-
sions to which RoPE is applied are highly similar to
the scores computed using the full dimensions. This
finding suggests that these RoPE-applied dimen-
sions can serve as an efficient and reliable proxy
to identify the most important tokens in the con-
text. Based on this insight, we propose a block-
wise selection strategy. Instead of computing the
full, costly attention matrix, we use the lightweight
proxy scores to select a small subset of token blocks
from the KV cache and perform attention only on
them, drastically reducing computation.

Our method, named RoPE-based Blockwise
Sparse Attention (RoBSA), delivers significant per-
formance improvements. In extensive experiments
on models with hundreds of billions of parameters,
RoBSA achieves up to a 2.55x end-to-end speedup
in long-context inference compared to the stan-
dard MLA implementation. This acceleration is
achieved with minimal degradation in model accu-
racy, demonstrating the effectiveness and efficiency
of our approach.

Our main contributions are threefold:

• We are the first to identify and analyze the
strong similarity between attention scores de-
rived from RoPE-applied dimensions and full
dimensions within the MLA framework.

• We design RoBSA, a novel, training-free, and
plug-and-play sparse attention algorithm that
leverages this property for efficient blockwise
attention computation.

• We conduct comprehensive experiments on
massive-scale language models, demonstrat-
ing that RoBSA provides substantial inference
speedups on various long-context benchmarks
with negligible impact on accuracy.

2 Methodology

2.1 Preliminaries: Multi-head Latent
Attention

Our work builds upon Multi-head Latent Atten-
tion (MLA), an efficient attention mechanism first
introduced in DeepSeek-V2 (DeepSeek-AI et al.,
2024). MLA is designed to reduce the size of the
Key-Value (KV) cache during inference, which is
a major bottleneck in long-context scenarios. It
achieves this by compressing the keys and values
into a shared low-rank latent space.

Let ht ∈ Rd be the input hidden state for the t-th
token. MLA first projects this input into separate
compressed latent vectors for the query (cQt ) and
the key-value pair (cKV

t ). These latent vectors are
then used to generate the final queries, keys, and
values. The complete formulation is as follows:

First, the key kt and value vt are computed. The
key is formed by concatenating a compressed com-
ponent kC

t and a RoPE component kR
t :

cKV
t = WDKV ht (1)

kC
t = WUKcKV

t (2)

kR
t = RoPE(WKRht) (3)

kt,i = [kC
t,i;k

R
t ] (4)

vC
t = WUV cKV

t (5)

Here, cKV
t ∈ Rdc is the compressed latent vector,

with its dimension dc being much smaller than the
full hidden dimension. During inference, only the
vectors cKV

t and kR
t need to be cached for each

token, leading to significant memory savings. Sim-
ilarly, the query qt is computed:

cQt = WDQht (6)

qC
t = WUQcQt (7)

qR
t = RoPE(WQRcQt ) (8)

qt,i = [qC
t,i;q

R
t,i] (9)
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Finally, the attention output ot,i for each head is
calculated using the constructed queries, keys, and
values:

ot,i =

t∑

j=1

Softmaxj


 qT

t,ikj,i√
dCh + dRh


vC

j,i (10)

where dCh and dRh are the dimensions per head for
the compressed and RoPE parts, respectively, and
[·; ·] denotes concatenation.

2.2 Key Observations and Hypothesis
The efficiency of Multi-head Latent Attention
(MLA) can be significantly improved by exploiting
the inherent sparsity in its attention mechanism. In
this section, we first demonstrate that MLA’s atten-
tion patterns are sparse. We then introduce our core
insight: the small subset of dimensions that carry
positional information via RoPE are disproportion-
ately important for determining token relevance.
This leads to our central hypothesis that attention
scores computed using only these dimensions can
serve as an effective, low-cost proxy for the full
attention scores, which we then verify experimen-
tally.

2.2.1 Sparsity in Multi-head Latent Attention
It is well-established that standard attention mech-
anisms are sparse, meaning each token attends
strongly to only a small fraction of the preced-
ing context. We observe that this property holds
true for MLA as well. As shown in Figure 2, at-
tention score heatmaps from a large model like
DeepSeek-V3 reveal distinct sparse patterns that
vary across different layers and heads. For instance,
some heads exhibit a phenomenon known as the
token sink (Xiao et al., 2024c), where attention
is concentrated on the initial few tokens and the
immediate local context. Other heads display ver-
tical patterns (Jiang et al., 2024), where a few
specific tokens scattered throughout the context
receive high attention from all subsequent tokens.
The diversity of these patterns highlights that static
sparsity methods, such as a fixed-size local window,
are inadequate for complex models. Therefore, a
dynamic and fine-grained approach is required to
effectively leverage this sparsity and accelerate in-
ference.

To further quantify the sparsity of MLA, we
calculate the cumulative distribution of attention
scores across all layers of DeepSeek-V3, specifi-
cally focusing on the top k% of tokens with the

highest attention scores. The results are illustrated
in Figure 3. As shown in the figure, the attention
scores in MLA exhibit a high degree of concentra-
tion: across nearly all layers, the top 5% tokens
account for over 0.9 of the total attention score,
while the top 10% tokens contribute more than
0.92. This quantitative evidence strongly demon-
strates the inherent sparsity of MLA, implying that
the vast majority of historical tokens have a neg-
ligible impact on the current decoding step, with
only a few "key tokens" playing a decisive role in
the attention mechanism.

2.2.2 The Critical Role of Position-Aware
Dimensions

In Transformer architectures, positional embed-
dings are essential for providing information about
token order. Without them, the self-attention mech-
anism becomes permutation-invariant; that is, shuf-
fling the order of key and value tokens in the con-
text would simply result in a correspondingly shuf-
fled output, as shown in Equation 11, where P is a
permutation matrix.

Softmax
(
qkT

d

)
v = Softmax

(
q(Pk)T

d

)
(Pv)

(11)
MLA’s decoupled design separates the position-
agnostic components (qC ,kC) from the position-
aware RoPE components (qR,kR). The permuta-
tion invariance property applies only to the position-
agnostic part. This inspires our key insight: since
the RoPE-applied dimensions are the sole carriers
of positional information, they must play a crucial
role in identifying which tokens are most relevant
based on their location in the sequence.

2.2.3 Hypothesis: RoPE Score as a Proxy for
Full Attention Score

Based on this insight, we hypothesize that the at-
tention score distribution computed using only the
lightweight RoPE components strongly resembles
the distribution of the full attention score. The full
attention score, S, is computed as:

S = Softmax
(
qC(kC)T + qR(kR)T√

dC + dR

)
(12)

We define the RoPE Attention Score, SR, which
uses only the position-aware components:

SR = Softmax
(

qR(kR)T√
dC + dR

)
(13)
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(a) "Vertical" pattern (Layer 28, Head 54)
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(b) "Token sink" pattern (Layer 1, Head 1)

Figure 2: Attention score heatmaps for different heads and layers in DeepSeek-V3, illustrating the diverse nature of
sparsity across the model.

Figure 3: Cumulative sum of attention score of top k%
tokens in each layer of DeepSeek-V3

If our hypothesis is correct, the computationally in-
expensive SR can be used to predict the "hotspots"
in the full attention map, enabling a highly efficient
method for selecting which tokens to attend to. To
verify this, we calculated the cosine similarity be-
tween the full score vector S and the RoPE score
vector SR for every head and layer. As shown in
Figure 4, the similarity is remarkably high (very
close to 1.0) across nearly all layers, confirming
our hypothesis. This strong correlation provides
the foundation for our RoBSA algorithm, which
uses these RoPE scores to guide a blockwise sparse
attention mechanism.

2.3 RoBSA Algorithm Design

Based on our observations, we propose the RoPE-
Based Blockwise Sparse Attention (RoBSA) algo-
rithm. The design of RoBSA is guided by two
primary strategies that directly address the findings
from our analysis: (1) a layer-wise adaptive appli-
cation that determines whether to use our RoPE-
based approximation, and (2) an efficient block-
wise selection mechanism that identifies the most
salient tokens for the final attention computation.
The complete inference pipeline is detailed in Al-
gorithm 1.
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Figure 4: Cosine similarity between the full attention
score (S) and the RoPE-only attention score (SR) across
all layers of DeepSeek-V3. The consistently high simi-
larity (close to 1.0) validates our hypothesis.

2.3.1 Layer-wise Adaptive Application
Our analysis revealed that while the similarity be-
tween RoPE scores (SR) and full attention scores
(S) is high overall, it varies from layer to layer
(as shown in Figure 5). Applying the RoPE-score
approximation naively across all layers can lead
to performance degradation. To address this, we
introduce a layer-wise adaptive strategy. We first
perform a one-time calibration process using a di-
verse dataset1 to calculate the average similarity
score for each layer.

Based on these scores, we partition the model’s
layers using a threshold θ2:

• RoPE-Sensitive Layers: Layers where the
average similarity is greater than θ2. In these
layers, the model’s output is "sensitive" to the
approximation, meaning the lightweight SR

1The dataset comprises 100 prompts from smoltalk (Allal
et al., 2025), mmlu (Hendrycks et al., 2021), humaneval (Chen
et al., 2021), gsm8k (Cobbe et al., 2021), and RULER (Hsieh
et al., 2024).
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Figure 6: Workflow of RoBSA

is a reliable proxy for the full attention score.
Our efficient selection method is applied here.

• RoPE-Insensitive Layers: Layers where the
similarity is less than θ2. Here, the model is
"insensitive" to the approximation, and using
SR could be inaccurate. For these layers, we
fall back to a more computationally intensive
but accurate score calculation for block selec-
tion.

This static, one-time partitioning allows RoBSA
to balance speed and accuracy by applying the ap-
proximation only where it is most effective.

2.3.2 Block-wise Token Selection
To make sparsity practical and avoid the latency
of random memory access, RoBSA operates on
contiguous blocks of the KV-Cache rather than in-
dividual tokens. This is a common technique in
efficient attention design (Xiao et al., 2024a; Tang
et al., 2024). The selection process at each decod-

ing step is a multi-stage procedure, as formalized
in Algorithm 1.

First, we perform an initial score calculation
to estimate token importance. Based on our pre-
computed layer partition, we select the appropriate
scoring function. For RoPE-sensitive layers, we
compute the highly efficient proxy score SR (Line
5). For the few RoPE-insensitive layers, we fall
back to computing the full attention score S to
ensure accuracy (Line 7).

Next, we aggregate these scores to derive a sin-
gle importance value for each block. The initial
score matrix has dimensions across heads and se-
quence length. We first reduce this matrix by aver-
aging the scores across all attention heads, resulting
in a single score for each token (Line 9). Then, we
partition the KV cache along the sequence length
dimension into fixed-size blocks and sum the scores
of all tokens within each block (Line 10). This
yields a short vector, Sb, where each element repre-
sents the aggregated importance of its correspond-
ing block.

Finally, we perform a dynamic block selection.
The blocks are sorted in descending order based
on their aggregated scores (Line 12). We then se-
lect the top-ranked blocks whose cumulative score
sum exceeds a predefined threshold θ1 (Line 13).
This dynamic top-k method ensures that we cap-
ture a sufficient portion of the total attention mass,
regardless of how concentrated or distributed it is.
The full, exact attention computation is then per-
formed only on the tokens within these selected
blocks (Line 16), skipping the computation for the
majority of the context and thus achieving signifi-
cant speedup. The complete workflow is illustrated
in Figure 6.

3 Experiments

3.1 Experiment Settings

Models and Evaluation Benchmarks We eval-
uate RoBSA on several long-context benchmarks
to demonstrate its performance and feasibility. Our
evaluation suite includes Needle-in-a-Haystack
(NIAH) (Kamradt, 2024), LongBench v2 (Bai
et al., 2025), InfiniteBench (Zhang et al., 2024),
and LV-Eval (Yuan et al., 2024), where most
prompts exceed 10,000 tokens. We employ two
state-of-the-art, open-source models implemented
with MLA: DeepSeek-V3 (DeepSeek-AI et al.,
2025b) and DeepSeek-R1 (DeepSeek-AI et al.,
2025a). DeepSeek-V3 is a Mixture-of-Experts
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Algorithm 1 RoBSA for MLA Decoding

1: Input: block size Bh, qN ∈ R1×nh×dN ,
qR ∈ R1×nh×dR , blocked kv-cache vC

t ∈
R⌈ l

Bh
⌉×Bh×dN , kR ∈ R⌈ l

Bh
⌉×Bh×dR , k =

[vC
t ;k

R] ∈ R⌈ l
Bh

⌉×Bh×d, threshold θ1, list of
RoPE-insensitive layers Ls, layer id li

2: Output: attention output O
3: # Stage 1: Compute blockwise attention score
4: if li /∈ Ls then ▷ Layer is RoPE-Sensitive
5: S← Softmax[ q

R(kR)T√
dN+dR

], S ∈ R1×nh×l

6: else ▷ Layer is RoPE-Insensitive, fallback
7: S← Softmax[ qkT√

dN+dR
], S ∈ R1×nh×l

8: end if
9: S̄← 1

nh

nh∑
k=1

S[:, k, :], S̄ ∈ R1×l ▷ Mean over

heads

10: Sb ←
min[(j+1)Bh,n]∑

i=jBh+1

S̄, j ∈ (0, ⌊ l
Bh
⌋),Sb ∈

R1×⌈ l
Bh

⌉
▷ Sum over blocks

11: # Stage 2: Block selection
12: (Sb, I)← sort(Sb)
13: Ī← {I[: t]|∑Sb[:, : t] > θ1} ▷ block indices
14: # Stage 3: Sparse attention
15: O← Softmax[ qk[i,:,:]

T√
dN+dR

]vC
t [i, :, :], i ∈ Ī

16: return O

(MoE) model with 671B total parameters, of which
37B are activated for each token. DeepSeek-R1,
derived from DeepSeek-V3, is a prominent reason-
ing model that utilizes a reinforcement learning
framework to enhance its multi-step reasoning and
long-context understanding capabilities. Both mod-
els feature a 128k context window and hundreds
of billions of parameters. This choice of large-
scale models distinguishes our work from previous
studies on sparse attention. Our goal is to demon-
strate the efficiency and effectiveness of RoBSA in
real-world scenarios where large models process-
ing long-context inputs face high latency and low
throughput. This undertaking presents significant
experimental challenges, as models of this scale
are difficult to deploy, and their inference is time-
consuming, particularly for DeepSeek-R1, which
generates lengthy Chain-of-Thought (CoT) (Wei
et al., 2023) outputs.

Setups All experiments are conducted on a two-
node cluster, with each node equipped with eight
NVIDIA H100 GPUs (80GB HBM), connected via

NVLink and NVSwitch. Our implementation is
based on vLLM (Kwon et al., 2023), which man-
ages the KV-Cache in a paged manner inspired
by virtual memory techniques in operating sys-
tems (Kilburn et al., 2009). We deploy the mod-
els using a distributed inference setup with a ten-
sor parallelism of 8 and a pipeline parallelism of
2. For the RoBSA hyperparameters, we evalu-
ate three combinations: (θ1 = 0.95, θ2 = 0.99),
(θ1 = 0.9, θ2 = 0.99), and (θ1 = 0.9, θ2 = 0).
The setting θ2 = 0 indicates that all layers use
only qR and kR to compute attention scores. We
set the block size to Bh = 16, a choice informed
by our observations in the previous section and a
heuristic analysis. A detailed discussion of these
hyperparameter settings is provided in the ablation
study. We use standard MLA as the primary base-
line in our main experiments, since RoBSA targets
inference-time acceleration for large-scale MLA
models, and there are currently no directly compa-
rable sparse-attention methods that can be applied
in this setting without additional training. We dis-
cuss DSA separately in Appendix C, as it requires
substantial continued pre-training.

3.2 Performance Comparison

Needle-in-a-Haystack (NIAH) The NIAH
benchmark (Kamradt, 2024) evaluates a model’s
ability to retrieve specific information from a
large volume of text. As shown in Figure 7,
RoBSA performs on par with full attention on
the DeepSeek-V3 model across all evaluated
sequence lengths and context depths, effectively
preserving the model’s retrieval capabilities.
The corresponding results for DeepSeek-R1 are
provided in Figure 8.

LongBench v2 LongBench v2 (Bai et al., 2025)
is a diverse, large-scale benchmark for evaluating
long-context reasoning which contains prompts
with context length ranging from 8k to 2M words,
with the majority under 128k. For prompts exceed-
ing the model’s 128k context window, we truncate
them from the middle. Moreover, the maximum
output length for DeepSeek-R1 was set to 8192 to
prevent premature truncation. As shown in Table 1,
RoBSA with (θ1 = 0.9, θ2 = 0) exhibits a signifi-
cant performance degradation for both DeepSeek-
V3 and DeepSeek-R1, with the latter showing a
more pronounced drop of approximately 5 points.
In contrast, the (θ1 = 0.9, θ2 = 0.99) setting
slightly outperforms full attention on short-context
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(a) Pressure test for Full MLA (b) Pressure test for RoBSA

Figure 7: RoBSA retains the powerful retrieval capabilities of full MLA in the NIAH pressure test.

(a) Pressure test for Full MLA (b) Pressure test for RoBSA

Figure 8: NIAH results for DeepSeek-R1.

subtasks but underperforms on medium and long
ones, which may suggest that this configuration
loses some information in longer contexts.

InfiniteBench InfiniteBench (Zhang et al., 2024)
evaluates models on extremely long contexts
(100k+ tokens). The results are presented in
Table 2. We observe that RoBSA with (θ1 =
0.9, θ2 = 0) undergoes a severe performance drop
on Retrieve_KV and Code_run tasks; we provide a
qualitative analysis of these failures in Appendix D.
However, the (θ1 = 0.9, θ2 = 0.99) configura-
tion shows excellent performance, with minimal
degradation overall and even outperforming full
attention on specific subtasks like Code_debug. On
tasks where full attention achieves perfect scores
(e.g., Retrieve_passkey, Retrieve_Numer), RoBSA
maintains this capability without any performance
loss.

LV-Eval The LV-Eval benchmark (Yuan et al.,
2024) is designed to rigorously assess model ca-
pabilities across varying input lengths. Detailed
results comparing full MLA and RoBSA are shown
in Table 3. We observe that RoBSA maintains or
even slightly improves upon the performance of
full attention on several subtasks. Despite minor
decreases in some areas, the average scores indicate
that RoBSA’s overall performance is at least on par
with the standard model. We also evaluated the
(θ1 = 0.9, θ2 = 0) configuration, which resulted

in a notable performance decline; these results are
presented in our ablation study (Table 5) to analyze
the impact of layer partition threshold θ2.

Conclusion We conducted comprehensive accu-
racy evaluations on several long-context bench-
marks. Our results demonstrate that RoBSA, with
appropriate hyperparameter settings (e.g., (θ1 =
0.9, θ2 = 0.99)), largely preserves the performance
of the original full-attention model. However, the
(θ1 = 0.9, θ2 = 0) configuration leads to a signif-
icant performance drop on several tasks. We ex-
plore the impact of these hyperparameter choices
in greater detail in the ablation study.

3.3 Efficiency Analysis

In this section, we analyze the efficiency improve-
ments introduced by RoBSA. Given that a signifi-
cant reduction in computation is meaningless if it
causes a substantial loss in performance, we con-
duct our analysis with θ2 = 0.99, a setting demon-
strated in the previous section to preserve model
accuracy. RoBSA enhances decoding efficiency
by substantially reducing the number of tokens in-
volved in the attention computation.

Attention Computation Speedup The primary
advantage of RoBSA is the reduction in attention
computation, the main performance bottleneck for
LLMs processing long contexts. Although the to-
ken selection algorithm introduces some overhead,
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Model name Attention type Easy Hard Short Medium Long Overall
(θ1, θ2) 0–32k 32k–128k >128k

DeepSeek-V3

Full 53.7 44.3 50.8 44.1 50.7 47.9
(0.95, 0.99) 53.6 43.1 50.0 43.7 49.1 47.1
(0.9, 0.99) 53.0 45.2 53.1 43.6 49.1 48.2

(0.9, 0) 47.9 38.9 43.9 39.5 45.4 42.3

DeepSeek-R1

Full 65.6 55.6 62.8 58.6 55.6 59.4
(0.95, 0.99) 64.1 51.8 61.1 53.0 55.6 56.5
(0.9, 0.99) 64.1 51.8 60.6 53.0 56.5 56.5

(0.9, 0) 60.4 50.2 60.6 47.9 55.6 54.1

Table 1: Performance comparison on LongBench v2. RoBSA achieves competitive results with specific hyperpa-
rameter settings, but performance degrades substantially in other scenarios.

Model name Attention type Retrieve_passkey Retrieve_Numer Retrieve_KV En_dia En_sum En_mc En_qa Zh_qa Code_run Code_debug Avg
(θ1, θ2) 122.4k 122.4k 89.9k 103.6k 171.5k 184.4k 192.6k 2068.6k 75.2k 114.7k -

DeepSeek-V3

Full 100 100 96.8 34.00 27.64 80.26 23.54 25.52 42.25 25.89 55.59
(0.9, 0.99) 100 100 94 31.00 26.67 81.14 21.58 25.32 38.50 26.96 54.52
(0.9, 0) 100 99.83 6.6 31.54 26.75 80.64 21.46 25.64 12 24.11 42.86

Table 2: Evaluation on the comprehensive tasks in InfiniteBench. Scores in red denote a severe performance drop
compared to the baseline.

Dataset name 16k 32k 64k 128k Avg
cmrc_mixup 41.47 +1.28 39.85 −0.41 37.22 −0.32 37.59 −0.32 39.03+0.05

dureader_mixup 24.55 +1.40 22.58 −0.24 22.18 +1.50 22.17 −1.41 22.87+0.31

factrecall_en 39.97 +1.20 36.85 +0.22 34.52 +0.42 34.19 −0.39 36.38+0.36

hotpotwikiqa_mixup 62.09 +1.70 62.40 −0.07 60.97 +0.55 58.84 −0.40 61.07+0.44

lic_mixup 50.09 −0.27 47.86 −1.01 46.39 +0.31 39.11 +0.27 45.86+0.33

Table 3: Comparison of Full Attention and RoBSA (θ1 = 0.9, θ2 = 0.99) on LV-Eval for DeepSeek-V3. Each
value represents the score for RoBSA, with the subscript indicating the performance change relative to the baseline.
Changes are color-coded: green for improvement and red for decrease.

it is essential to ensure that the overall speedup
remains substantial enough to compensate for this
cost. Figure 9 compares the attention kernel latency
between standard MLA and RoBSA. As observed,
the speedup becomes significant for long contexts,
achieving over a 10x reduction in latency for con-
text lengths exceeding 32k. This gain is driven by
a dramatic reduction in the number of tokens pro-
cessed, as shown in Figure 10. For a context length
of 128k, the number of blocks (with a block size
of 16) is reduced by a factor of up to 16, down to
approximately 500 blocks (equivalent to 8,000 to-
kens). This substantial reduction in computational
load is the primary driver of the observed kernel
latency improvements.

End-to-End Speedup While RoBSA signifi-
cantly accelerates the attention kernel, it is crucial
to quantify its benefit in a complete, end-to-end
model serving scenario. To this end, we evaluate
the end-to-end latency using Time-Per-Output-

Token (TPOT), which measures the average time
to generate each consecutive output token. Un-
like kernel-level metrics, TPOT captures the per-
formance experienced by end-users. As plotted
in Figure 11, RoBSA achieves a significant reduc-
tion in TPOT for long-context settings, with greater
speedups observed as the context length increases.
With θ1 = 0.9 and a 128k context length, RoBSA
achieves a 2.55× speedup, reducing TPOT from ap-
proximately 175 ms to 60 ms. With θ1 = 0.95, the
improvement is still substantial, yielding speedups
of 2.03× at 112k context and 2.15× at 128k.

Furthermore, we evaluate RoBSA in a more re-
alistic multi-batch serving scenario where multi-
ple clients send requests concurrently. As shown
in Figure 12, RoBSA demonstrates strong perfor-
mance in this setting, increasing throughput by up
to 1.79× and reducing TPOT by a factor of 1.77×
with a batch size of 8. This result further demon-
strates RoBSA’s ability to efficiently accelerate
long-context processing in practical applications.
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Figure 9: Latency comparison of the attention kernel
for full MLA vs. RoBSA, demonstrating a substantial
speedup for long sequences.

Figure 10: The number of active blocks in the attention
computation for RoBSA vs. the full context length. The
dramatic reduction in tokens is the primary reason for
the kernel speedup.

4 Conclusion

In this paper, we first introduce the high latency
problem under long-context situations for large lan-
guage models with MLA where the bottleneck is
the attention computation. Then we observe the
sparse phenomenon in MLA and more interestingly,
the high correlation between the attention score
computed by full query-key pair and the partial
query-key pair with RoPE. Based on this finding,
we propose a lightweight sparse attention method
called RoBSA for MLA, which utilizes the RoPE
part of qk to compute attention score. To avoid ran-
dom memory access, we implement blockwise to-
ken selection. Moreover, to better maintain model
performance, we partition the layers into RoPE-
sensitive and RoPE-insensitive ones considering
the similarity of RoPE attention score and standard
attention score. The result shows that RoBSA sub-
stantially improves throughput and latency in long-
context scenarios while maintaining model ability.
This paves the way to solve the long-context infer-
ence problems for large models especially the ones
implemented with MLA.

Figure 11: Time-Per-Output-Token (TPOT) comparison
between full MLA and RoBSA with θ2 = 0.99. RoBSA
significantly reduces latency, especially for longer con-
texts.

Figure 12: End-to-end speedup in a multi-batch setting.
The x-axis represents the number of concurrent requests
(batch size), with request lengths ranging from 16k to
128k.

Limitations

RoBSA only tackles the high latency problem in
decoding stage during model inference and does
not touch the prefilling stage where the computa-
tion cost is quadratic instead of linear with respect
to context length. Moreover, RoBSA only applies
in models with MLA structure which takes up only
a small fraction of open-source and closed-source
models, mainly the DeepSeek family and does not
work for the mainstream MHA and GQA. Further-
more, the selection of hyperparameters remains a
black box and seems more like a heuristic sense.
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A Related Work

Sparse Attention, in particular, has emerged as
one of the most promising and widely adopted
strategies. By restricting each token’s receptive
field to a subset of positions, sparse attention mech-
anisms reduce the computational complexity of at-
tention from quadratic to sub-quadratic. Structured
sparsity (e.g., local windows (Dai et al., 2023),
block patterns (Beltagy et al., 2020)) and adaptive
sparsity (Wang et al., 2021) (learned or dynamic to-
ken selection) allow models to capture long-range
dependencies without incurring the cost of full at-
tention. More specifically, StreamingLLM (Xiao
et al., 2024c) adopts a local attention pattern while
applying a global pattern only to the first few to-
kens. This global pattern acts as an attention sink,
maintaining strong attention to the initial tokens,
which in turn enables LLMs to generalize to in-
finitely long input sequences. Following this work,
DuoAttention (Xiao et al., 2024b) further discov-
ered that the attention sink phenomenon does not
apply in all heads and layers. They come up with
a method to partition the heads into Streaming
heads which primarily focus on recent tokens and
attention sinks and retrieval heads, which attend
to all previous tokens. H2O (Zhang et al., 2023)
introduces a token-level dynamic attention pruning
mechanism. It integrates static local attention with
dynamic computations between the current query
and a set of dynamically identified key tokens, re-
ferred to as heavy-hitters (H2). The heavy-hitter
set is updated with an eviction policy that removes
the least significant keys at each generation step,
thereby maintaining both the size and relevance
of the set. FastGen (Ge et al., 2024) leverages
adaptive KV cache compression to intelligently re-
duce memory usage during generative inference,
achieving substantial efficiency gains without com-
promising output quality. Quest (Tang et al., 2024)
introduces a query-aware KV cache selection strat-

egy that dynamically identifies and loads only the
most critical cache pages and significantly speeds
up self-attention by only loading the Top-K criti-
cal KV cache pages for attention. InfLLM (Xiao
et al., 2024a) stores distant contexts in auxiliary
memory units and uses an efficient mechanism to
retrieve token-relevant units for attention computa-
tion. MInference (Jiang et al., 2024) identifies three
patterns in long-context attention: the A-shape,
Vertical-Slash, and Block-Sparse. Based on their
findings, they leverage pattern-aware sparse com-
putation to accelerate pre-filling in long-context
LLMs. SpargeAttention (Zhang et al., 2025) pro-
poses a two-stage online filtering strategy for sparse
computation. First, they compress each block of
Q and K into a single representative token based
on the similarity among tokens within each block,
then they use it to construct a sparse mask which
is utilized in the next stage to perform a sparse
online softmax algorithm. MagicPIG (Chen et al.,
2024) claims that the prevailing TopK attention it-
self is problematic because attention is not always
as sparse as expected which leads to its sufferings
from quality degradation in certain downstream
tasks. They introduce a sampling algorithm for at-
tention estimation based on locality sensitive hash-
ing which is totally different from traditional topk
selection in sparse attention. MoBA (Lu et al.,
2025) embodies the "less structure" principle by
enabling models to autonomously determine atten-
tion, seamlessly balancing full and sparse modes.
NSA (Yuan et al., 2025) offers a natively trainable
sparse attention mechanism that unifies algorith-
mic efficiency with hardware-aware optimization.
By combining hierarchical token compression with
fine-grained selection, it preserves global context
while ensuring local precision.

B Ablation Studies

In this section, we study various aspects of RoBSA
and evaluate the design choices we make with ab-
lation experiments.

B.1 Impact of Layer Partition

We discuss why we choose to classify the lay-
ers into RoPE-sensitive and RoPE-insensitive ones
and how we choose the hyperparameter θ2. As
shown in Table 5, when we treat all layers as
RoPE-sensitive, RoBSA experiences very bad per-
formance degradation with some subtasks dropping
over 10 points. Compared to results in Table 3,
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Model Name DeepSeek-V3 DeepSeek-R1
θ2 0.95 0.96 0.97 0.98 0.99 0.995 0.95 0.96 0.97 0.98 0.99 0.995

Number of RoPE-insensitive Layers 11 12 17 22 31 38 10 13 16 20 30 39

Table 4: When θ2 > 0.99, more than half of the layers are considered RoPE-insensitive.

Dataset name 16k 32k 64k 128k Avg
cmrc_mixup 35.34 −4.85 32.19 -8.07 30.60 -6.94 31.31 -6.60 32.36 -6.62

dureader_mixup 19.22 −3.93 17.99 −4.83 19.07 −1.61 17.54 -6.04 18.46 −4.10

factrecall_en 8.01 0.29 7.87 −0.28 8.55 0.10 11.79 1.98 9.050.52
hotpotwikiqa_mixup 40.83 −2.26 43.29 3.70 36.35 0.07 24.13 −1.62 36.15 −0.03

lic_mixup 33.01 −4.96 31.61 -5.02 24.93 -10.01 22.36 -12.19 27.98 -8.54

Table 5: Comparison of Full MLA and RoBSA(θ1 = 0.9, θ2 = 0) on LV-eval of DeepSeek-V3. The number
denotes the scores of RoBSA and are annotated with a subscript indicating the performance change relative to
standard DeepSeek-V3. Performance changes are color-coded: bold green (improvement), red (decrease) and dark
red(decrease > 5).

Dataset name θ1 = 0.9 θ1 = 0.95 θ1 = 0.98 θ1 = 0.995 θ1 = 1.0(full)
Retrieve_KV 6.6 14.4 42.4 82.6 94.68

Code_run 12 23.5 28.25 40.0 42.25

Table 6: Performance increases with bigger θ1 where more token blocks are taken into computation (here we fix
θ2 = 0).

where only θ2 changes, we observe the effective-
ness of our layer partition method. Here we also
provide the number of RoPE-insensitive layers with
respect to the change of θ2 in Table 4. θ2 = 0.99
is a preferable choice where the model proves to
maintain its capability in all tasks and the number
of RoPE-insensitive layers are proper enough.

B.2 Selection of Calibration Dataset

In Section 2.3.1 we only demonstrate the selec-
tion of the calibration dataset for layer partition
but not mention how we choose it. In this section,
we illustrate that the choice of calibration data can
influence the resulting layer partition. As shown in
Table 7. Both the domain characteristics and the
context length of the calibration set affect which
layers are identified as RoPE-insensitive. For exam-
ple, short prompts (e.g., MMLU, <1k tokens) tend
to identify fewer RoPE-insensitive layers, whereas
long prompts (e.g., RULER, ∼15k tokens) expose
more layers as insensitive. Concretely, using 20
prompts from MMLU identifies 19 layers as RoPE-
insensitive, while 20 prompts from RULER iden-
tifies a substantially larger set of 32 layers. To
mitigate this bias, we construct a mixed calibration
dataset combining 100 prompts from diverse do-
mains and lengths (SmolTalk, MMLU, HumanEval,
GSM8K, and RULER), whose detailed composi-

tion is provided in Table 8, so that the resulting par-
tition reflects the model’s intrinsic behavior rather
than being biased towards any single input distri-
bution. Our experiments on NIAH, LongBench v2,
InfiniteBench, and LV-Eval show that this static
partition generalizes well across tasks from differ-
ent domains, confirming that layer-wise sensitivity
is primarily a model-intrinsic property.

B.3 Impact of Block Selection Threshold θ1

We also look at the impact of threshold θ1 in the
token selection part. From previous sections, we
already get a glimpse of the impact of θ1. In effi-
ciency analysis, we see that bigger θ1 brings more
computation overhead because they take more to-
kens into account. In accuracy experiments, it
seems that the change of θ1 does not affect per-
formance that much. For example, in Longbench
v2, with θ2 = 0.99, change of θ1 from 0.9 to 0.95
only add one to overall score for DeepSeek-V3,
and does not change that of DeepSeek-R1. For the
two subtasks which experience severe drop in In-
finiteBench in Table 2, we try to vary θ1 to see how
it affects the performance. As shown in Table 6,
when θ1 increases from 0.9 to 0.99, the score on Re-
trieve_KV increase from 6.6 to 82.6 and Code_run
from 12 to 40.0. This shows that bringing much
information to compute is beneficial even though
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Calibration
Set

#Samples Context Length Identified RoPE-Insensitive Layers #Layers

MMLU 20 <1k 24, 26, 27, 28, 29, 30, 31, 32, 33, 36,
38, 39, 40, 43, 46, 47, 57, 58, 60

19

RULER 20 ≈15k 4, 17, 20, 21, 22, 23, 24, 25, 26, 27,
28, 29, 30, 31, 32, 33, 34, 35, 36, 37,
38, 39, 40, 41, 42, 43, 45, 46, 47, 50,
55, 60

32

Table 7: Layer partition results for DeepSeek-V3 under different calibration datasets

Source Task Type #Samples
SmolTalk Dialogue 10
MMLU Knowledge QA 20
HumanEval Code generation 20
GSM8K Math reasoning 20
RULER Long-context 30
Total Mixed 100

Table 8: Composition of the mixed calibration dataset
for layer sensitivity analysis

there is redundancy sometimes.

Seq_len (k) Bh = 16 Bh = 32 Bh = 64 Bh = 128

32 59 60 62 63
48 61 62 64 65
64 64 65 66 70
80 65 67 68 73
96 67 69 71 75
112 69 71 72 76
128 72 73 75 78

Table 9: Time-Per-Output-Token (ms) for different
block sizes and sequence lengths.

B.4 Impact of Block Size

Block size Bh controls the granularity of sparsi-
fication: a smaller block enables finer-grained se-
lection but increases scheduling overhead, while
a larger block reduces overhead but retains more
tokens per selected block. Table 12 reports Long-
Bench v2 accuracy for different block sizes with
(θ1 = 0.9, θ2 = 0.99) on DeepSeek-V3.

Accuracy remains stable across all block sizes,
demonstrating strong robustness of RoBSA to this
hyperparameter. However, block size does affect
decoding latency (TPOT). Table 9 shows Time-Per-
Output-Token (ms) for different sequence lengths.

To explain the latency trend, Tables 10 and 11
report the number of active blocks and active tokens
under each configuration.

As block size grows, the number of active blocks

Seq_len (k) Bh = 16 Bh = 32 Bh = 64 Bh = 128

32 220 130 65 35
48 260 150 90 50
64 320 180 110 65
80 380 220 130 75
96 430 250 150 80
112 450 260 160 85
128 500 320 180 100

Table 10: Number of active blocks selected by RoBSA
for different block sizes and sequence lengths.

Seq_len (k) Bh = 16 Bh = 32 Bh = 64 Bh = 128

32 3520 4160 4160 4480
48 4160 4800 5760 6400
64 5120 5760 7040 8320
80 6080 7040 8320 9600
96 6880 8000 9600 10240
112 7200 8320 10240 10880
128 8000 10240 11520 12800

Table 11: Number of active tokens involved in atten-
tion computation for different block sizes and sequence
lengths.

decreases but the total number of active tokens
increases. This is because larger blocks reduce
selection granularity: once a block is selected, all
tokens within it must be retained. For instance, at
a 128k context, Bh = 128 selects only 100 blocks
but retains 12,800 active tokens, whereas Bh = 16
selects 500 blocks with only 8,000 active tokens.
Since attention computation cost scales with the
number of active tokens rather than the number of
blocks, a larger block size directly increases the
computation load and therefore raises TPOT. This
analysis motivates choosing a smaller block size
(Bh = 16 or Bh = 32) to minimize latency while
preserving accuracy.

C Comparison with DSA

DeepSeek Sparse Attention (DSA) (DeepSeek-AI,
2025) is currently the only other sparse attention
mechanism designed specifically for MLA, mak-
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Block Size Easy Hard Short Medium Long Overall
Full Attention 52.1 45.0 51.1 45.1 47.2 47.7
Bh = 16 53.6 43.1 50.0 43.7 49.1 47.1
Bh = 32 52.6 45.0 52.8 43.7 48.1 47.9
Bh = 64 52.6 44.7 50.6 44.2 50.0 47.7
Bh = 128 52.6 45.3 52.8 43.3 50.0 48.1

Table 12: LongBench v2 accuracy under different block sizes. RoBSA performance is consistent across all evaluated
block sizes.

Model Easy Hard Short Medium Long Overall
DeepSeek-V3.1-Terminus 58.3 46.6 58.9 47.0 46.3 51.1
DeepSeek-V3.2-Exp (DSA) 54.2 46.6 54.4 47.0 46.3 49.5
V3.1-Terminus + RoBSA 60.9 46.0 57.2 48.8 48.1 51.7

Table 13: Comparison of RoBSA and DSA on LongBench v2(DeepSeek-V3.2-Exp = DeepSeek-V3.1-Terminus +
DSA). RoBSA applied to DeepSeek-V3.1-Terminus achieves higher overall accuracy than DSA while requiring no
additional training.

Figure 13: Time-Per-Output-Token (TPOT) comparison
between DSA and RoBSA.

ing it the most direct baseline. DSA employs a
Lightning Indexer followed by fine-grained top-k
token selection for the full attention computation.
Crucially, DSA requires two stages of continued
pre-training on DeepSeek-V3.1-Terminus: a dense
warm-up stage (∼2.1B tokens) and a sparse train-
ing stage (∼943.7B tokens), totaling ∼945.8B to-
kens. RoBSA, by contrast, is entirely training-free.

Accuracy. Table 13 compares the two methods
on LongBench v2. RoBSA achieves an overall
score of 51.7, surpassing both DSA (49.5, −1.6 vs.
baseline) and even the full-attention baseline (51.1).
Notably, DSA incurs a regression on Easy tasks
(54.2 vs. 58.3 baseline, −4.1), whereas RoBSA
achieves a gain (60.9, +2.6). On Medium and
Long subsets, RoBSA exceeds the baseline by
+1.8 points each, while DSA matches it exactly.

Efficiency. We further compare end-to-end
decoding latency (TPOT) on DeepSeek-V3.1-
Terminus. As shown in Figure 13, DSA achieves a
6.09× speedup over full MLA (TPOT ≈30 ms)

under 128k context by internalizing an aggres-
sive sparsity ratio through large-scale re-training.
RoBSA achieves a 2.38× speedup (TPOT≈75 ms)
without any training. The efficiency gap reflects a
fundamental trade-off: DSA can adopt a more ag-
gressive sparsity budget because its accuracy cost is
absorbed during training, while RoBSA’s threshold
θ1 is constrained by the need to preserve accuracy
without supervision. In summary, DSA holds a
clear efficiency advantage, but RoBSA surpasses
DSA in accuracy on LongBench v2 without incur-
ring ∼945.8B tokens of re-training, making it a
compelling plug-and-play alternative for deploy-
ments where training resources are limited.
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D Example Prompts of Full MLA and RoBSA

In this section, we present several qualitative examples observed when applying RoBSA to DeepSeek-V3.
We choose one prompt from the Retrieve_KV and Code_run subtask from InfiniteBench respectively
where RoBSA undergoes a bad performance degradation mentioned in Table 2. We compare the output of
standard DeepSeek-V3 and DeepSeek-V3 with RoBSA(θ1 = 0.9, θ2 = 0). The prompts are truncated
here due to page limits. We highlight the positions where RoBSA makes errors in yellow box .

D.1 Retrieve_KV

Retrieve_KV

Prompt

Extract the value corresponding to the specified key in the JSON object below.
JSON data:

{"798c2306-5ad1-42a9-a8de-f2a118b33744": "5e6b7b90-710d-4953-9b18-3e96b2cadbf2",
"6ab6ea3e-f288-4f33-ba46-7f42bb75b03f": "cb59052b-9128-4979-9c0e-e1de4adcf73b",
"7f8461f4-93c2-4536-9cfa-5ce11560fa07": "3b2dd49b-7437-4432-ac24-06fb8f7f862e",
"d10cfc9c-364b-4b62-b522-5effbd5b41b0": "8c91d8da-9bd2-4a95-931e-15aa06eb7056",
"2034ca7d-7546-41b1-849a-e19262a4765d": "05d0befa-7662-4c00-a2d4-d80a2068781c",
"3f41ebd0-7e41-41f9-af56-75ec8920b5ac": "6290fbbe-66ce-4730-b038-6bd82ede18b3",
"7d7b5c42-46ea-45ca-999c-5ec77cc04ffc": "db26cfee-7278-4a60-987e-5826cf2bf04d",
"905ea369-f5c4-4ad1-a94f-0b1610e09268": "4f44174e-ae38-4080-9122-26f388a2d697"

. . . . . .

"6f734370-579d-45f4-95a6-c3b67cc35fd9": "abcc1ad3-3d76-45d8-aa59-a4d9f7a9d46a",
"fdf69034-1fbd-42d1-b3b6-620fb37278f8": "8a365300-5150-4e4f-9629-4a73c8d03424",
"8fde9aa2-73d8-465d-8678-7da878bf8812": "77cf5917-b238-44a7-840a-a81fa8f4eeec",
"69b8ea2d-da43-4f87-8856-741b1a9f8450": "1f5eba0d-5ccf-4262-aa76-d7fbabdc0b9a"}

Key: "842f5dfb-448f-438f-881a-203283f8cdd1"
The value associated with the specified key is:

Gold Answer

bbf3fa73-6217-4e6e-923c-8349bd286c3d

Output for Standard DeepSeek-V3

The value associated with the key "842f5dfb-448f-438f-881a-203283f8cdd1" is:

"bbf3fa73-6217-4e6e-923c-8349bd286c3d"

Output for RoBSA(θ1 = 0.9, θ2 = 0)

The value associated with the key "842f5dfb-448f-438f-881a-203283f8cdd1" is:

"bbf3fa73-6217-4e6e-923c-8349bd286 e 3d"
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Code_run

Prompt

Following is a set of Python functions. There is a function called named func_1069. Here is the
content of functions_module.py:

def func_1(x): return func_8226(x) - 1

def func_2(x): return func_6757(x)

. . . . . .

def func_1069(x): return func_6456(x) - 1

. . . . . .

def func_6456(x): return x + 4

. . . . . .

def func_8798(x): return func_6676(x) + 8

Please give me the exact number of the return value of func_1069(5). Be concise. Your response
must end with the final returned value.

Gold Answer

8

Output for Standard DeepSeek-V3

The function func_1069(x) calls func_6456(x) - 1. The function func_6456(x) returns x + 4. For x
= 5, func_6456(5) returns 5 + 4 = 9. Therefore, func_1069(5) returns 9 - 1 = 8. The final returned
value is 8.

Output for RoBSA(θ1 = 0.9, θ2 = 0)

To find the return value of func_1069(5), we need to follow the function calls:

1. func_1069(x) calls func_6456(x) and subtracts 1.

2. func_6456(x) is not defined in the provided code , so we assume it returns x directly.

Thus, func_1069(5) = func_6456(5) - 1 = 5 - 1 = 4.

The final returned value is 4.

We can see that RoBSA makes mistakes by either retrieving incorrect information or losing important
information.
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