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Abstract

Long-context capability has become increas-
ingly critical for next-generation Large Lan-
guage Models (LLMs). However, the quadratic
time complexity of standard softmax attention
introduces substantial computation and mem-
ory overhead as sequence length grows, limit-
ing the scalability of LLMs in long-context sce-
narios. Beyond existing approaches such as lin-
ear recurrent architectures and KV-cache com-
pression methods, we propose Kwai Summary
Attention (KSA), a novel attention mechanism
that reduces sequence modeling cost by com-
pressing historical contexts into learnable sum-
mary tokens. Specifically, summary tokens are
periodically inserted into the input sequence
and interleaved with text tokens, partitioning
the sequence into distinct chunks while en-
abling text tokens and summary tokens to op-
erate under different attention scopes. This
design preserves dense local expressiveness
through full attention among neighboring text
tokens, while modeling long-range dependen-
cies efficiently via summary tokens. Empiri-
cal results demonstrate that hybrid-KSA con-
sistently outperforms existing hybrid attention
variants in long-context modeling. With k = 8,
each KSA layer compresses the sequence axis
of its KV cache by 8×; our 3:1 hybrid achieves
a measured 2.87× KV-cache reduction at 128K
while preserving model performance.

1 Introduction

In past years, the Transformer’s scaling-laws (Ka-
plan et al., 2020) achieve great success, transform-
ing the landscape of deep learning. Excepted well-
explored scaling directions of parameter and data,

*Contributed equally, listed alphabetically by first name.
†Corresponding Authors.

the sequence modeling context length also pro-
vides a vital scaling perspective. With infrastruc-
ture improvement, valid context window gradu-
ally increases from earliest 1K to the latest 1M
sequence (Qwen3.5, 2026; LongCat et al., 2026;
Anthropic, 2026; Kimi2.6, 2026). As we know, the
long-context capabilities of Large Langugage Mod-
els (LLMs) can significantly reduce hallucination
and enable agent applications in solving intricate
real-world tasks, such as Code Agent (Zhang et al.,
2024), OpenClaw (OpenClaw, 2026) and so on.

In the agentic era, extensive memory across
multi-turn conversations and accurate retrieval of
historical contexts are prerequisites for highly intel-
ligent agents and long chain-of-thought reasoning.
However, vanilla attention (Vaswani et al., 2017)
is subjected by its Achilles’ heel that imposes un-
affordable storage and compute overhead as the se-
quence length grows: the KV cache scales linearly
with sequence length, while the attention compu-
tation scales quadratically. To further unleash the
long-context capability of LLMs and unlock the
next tier of intelligence, inventing efficient atten-
tion variants and designing corresponding model-
ing architectures have become vital priorities.

Around the challenge of reducing KV cache and
computational overhead in long-context setting,
two technical paths have been well explored (more
related works discussion in Appendix D):

• Reducing the KV cache per layer, evolv-
ing from MHA to GQA, e.g., Qwen se-
ries (Qwen2 et al., 2024; Qwen3 et al.,
2025; Qwen3.5, 2026), MLA (DeepSeek se-
ries (DeepSeek-V2 et al., 2024; DeepSeek-V3
et al., 2024), Kimi K2 (Kimi et al., 2025)),
MLA-DSA (DeepSeek V3.2 (Liu et al., 2025),
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Figure 1: From scratch model variants performance on long-context and general benchmarks. Our hybrid-KSA
(k = 8, corresponding to 8× sequence-axis compression within each KSA layer; 3:1 KSA/Full mixture ratio) leads
on multiple long-context retrieval tasks and achieves competitive general understanding ability with other Hybrid
variants.

GLM-5 (Zeng et al., 2026) and DeepSeek
NSA (Yuan et al., 2025)), as refinement of
the naive full attention. The core idea of this
branch is to compress the per-token KV cache
through head grouping and sharing, or low-
rank KV projection. However, those efforts’
KV cache costs still maintain a strict 1:1 linear
relationship with sequence length.

• Interleaving with KV Cache friendly architec-
ture, with varying mixing ratios, represented
by linear Gated DeltaNet + GQA (Qwen3.5,
2026) and SWA + GQA (Agarwal et al., 2025;
Xiao et al., 2026). This branch replaces the
majority of layers with efficient attention vari-
ants, fundamentally decoupling the KV cache
from sequence length. However, the draw-
back is also obvious: for linear attention, the
fixed-size state is inherently lossy compres-
sion which may blur long-range information;
local variants, on the other hand, completely
discard all contexts outside the window, thus
losing perception of the distant information.

The above discussion reveals: i) KV cache com-
pression methods still maintain strict linear rela-
tionship between sequence length and cache cost.
ii) Architectures whose KV cache costs are inde-
pendent of sequence length face limited modeling
expressivity and impaired long-context capacity.
However, we argue that there should be have a
intermediate technique roadmap which has previ-
ously been underestimated: Maintaining a linear
relationship between the KV cache and sequence
length, but performing semantic-level compression

through a specific ratio k. This O(n/k) path does
not pursue a “minimum KV cache”, but rather
trades acceptable memory costs for concrete and
interpretable long distant dependency. Compared
with SWA and linear attention, this design retains
an explicit, albeit lossy, chunk-level representation
of the distant history. In other words, we believe
that sequence-level token compression could pro-
vide a new perspective for reducing KV cache. At
the same time, DeepSeek V4 (DeepSeek-AI, 2026)
model series have been released recently, whose
design follows the first-principle of sequence-level
KV Cache compression too, further proves the en-
gineering feasibility and long-context robustness
of this path.

In light of the above, we propose Kwai Sum-
mary Attention (KSA), an efficient, adaptive, and
scalable attention mechanism. KSA introduces a
novel summary paradigm designed to distill his-
torical contexts from lengthy sequences into a
lightweight, learnable summary token. As illus-
trated in Figure 2a, our method operates by slicing
the input sequence into multiple chunks of a speci-
fied size and injecting a learnable summary token
at the end of each chunk. To achieve satisfactory
trade-off between modeling capacity and efficiency
in long-sequence processing, KSA enables text to-
kens and summary tokens to perform distinct com-
putational patterns, as shown in Figure 2b: i) On the
one hand, the summary tokens serve the purpose
of distilling semantics in the current chunk, thus
considering only text tokens within the same chunk.
As the sequence grows, these tokens act as concise
priors of distant contexts for subsequent text tokens.
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ii) On the other hand, for the semantic fluency and
stability, text tokens interact with neighboring text
tokens via a sliding chunk mechanism, and could
attend the long-range summary tokens of distant
chunks. The local-text/global-summary visible to-
kens are able to provide favorable expressiveness
and significantly reducing inference latency and
KV-cache memory usage. To validate the effec-
tiveness of KSA, we perform comprehensive from-
scratch (Scratch) or continual pre-training (CPT)
experiments on a wide range of downstream bench-
marks and carry out detailed ablation studies with
a series of architectural variants.1

2 Methodology

2.1 Kwai Summary Attention

2.1.1 Summary Token Compression
Given an input sequence T = [t0, . . . , tn−1] of n
text tokens and a chunk size k, we first partition it
into n/k chunks (assume n is divisible by k) and
append learnable summary token sj at the end of
each chunk j (all sj share the special learnable
summary token s). The augmented sequence T̂ is:

T̂ = [chunk0, . . . , chunkn
k
−1],

chunkj = [tjk, tjk+1, . . . , tjk+(k−1), sj ].
(1)

where tjk is the first text token of chunk j.
Moreover, we impose structural constraints on

the information flow to make the visibility of sum-
mary tokens and text tokens complementary:

• Summary tokens can only see text tokens
within their own chunk, and nothing else.
Moreover, summary token position id is the
same with its own chunk’s last text token’s.

• Text tokens can see sliding text tokens in
neighbor chunks and distant summary tokens,
without direct access to the full text history.

This design explicitly decouples token space from
state space: summary tokens focus on chunk se-
mantic compression, while text tokens access long-
range information through summary tokens.

2.1.2 Sliding Chunk Attention
Besides summary token compression, we introduce
a sliding chunk attention (SCA), with reasons ana-
lyzed in Appendix B.5. Formally, for a text token i

1Resources: code and kernel; model weights.

with chunk size k, SCA visible scope is:

[
t(⌊ i

k
⌋−C)∗k, . . . , ti−1, ti

]
(2)

where ⌊·⌋ is the floor division operator, and the
⌊ i
k⌋ − C indicate the starting chunk index.
KSA workflow combines the SCA and the sum-

mary tokens attention. Formally, for a text token i
with chunk size k, its visible scope is:

[
s0, s1, . . . , s⌊ i

k
⌋−C−1

]
︸ ︷︷ ︸

distant summary tokens

∪
[
t(⌊ i

k
⌋−C)∗k, . . . , ti−1, ti

]
︸ ︷︷ ︸

sliding chunk text tokens

(3)

The left term covers distant summaries beyond the
window; the right term covers text tokens within
the window. Note that summary tokens within the
sliding chunk are not considered by text tokens.

Complexity. With C local chunks, KSA requires
O(n2/k + nCk + n) attention computation for
training or prefill and O(n/k + Ck) cached token
states for decoding. For fixed C and k, these remain
quadratic in computation and linear in cache size,
respectively; 1/k is a constant-factor sequence-axis
compression rather than an asymptotic reduction.

2.2 Kernel Design

The attention mask of KSA is a structured sparse
mask defined as in Equation 3. With augmented
input of length L = n+n/k where n/k is the total
number of summary tokens, building the dense
mask would cost a prohibitive O(L2) memory. To
address this, we design a block-sparse attention
kernel for training and prefill, and a summary KV
cache for decoding, respectively. In the training /
prefill kernel, Q/K/V are split into fixed-size blocks,
and since KSA discard most Q-K interactions under
sparse setting, the kernel only loads non-zero block
pairs from HBM to SRAM for computation. We
also provide a formal comparison of KSA’s cache
efficiency with other attentions in Appendix E.

2.2.1 Efficient Decoding with Summary KV
Cache

The nature of auto-regressive decoding requires ev-
ery generation step to take all previous KV entries
into account, resulting in a memory-bandwidth bot-
tleneck. A naive approach of sparse attention re-
quires concatenating, discarding, and re-allocating
KV segments at every step, and these scattered
memory operations hinder efficiency in decoding.
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(b) Summary tokens only see within chunk, while text tokens consider both local texts and distant summaries.

Figure 2: Our proposed Kwai Summary Attention (KSA) maintains quadratic complexity with an approximately
1/k reduction in the dominant long-range term while preserving expressivity in modeling long-range dependencies.
By interleaving KSA with full attention blocks, hybrid-KSA achieves a satisfactory balance between performance
and efficiency.

Composition of KSA KV cache (Figure 3a).
We organize the KV cache as contiguous tensors,
which can be logically divided into three distinct
regions: i) Current Chunk, ii) Sliding Chunk Text,
and iii) Summary Token Buffer. The Current Chunk
region’s right edge always aligns to the Sliding
Chunk region. This alignment ensures the caches
are physically contiguous and can read all KV en-
tries in a single memory operation. The Summary
Token Buffer grows to the right as new summaries
are generated. Since RoPE is applied before the
cache, the physical layout does not interfere with
each entry’s positional information.

Updating the current text chunk (Figure 3b).
The KV states of incoming tokens are written se-
quentially into the Current Chunk region at the next
available slot. During attention computation, the
model retrieves the KV cache as a unified, contigu-
ous slice that spans the current chunk, the sliding
chunk text, and the distant summaries.

Chunk eviction and summary token insertion
(Figures 3c, 3d, 3e). When the current chunk is
filled, we update it by: i) The KV of the new sum-
mary token is first written into the left of Current
Chunk, and it can be computed via a single memory-
slicing operation (Figure 3c). ii) The just-finished

chunk text is then copied into the ring buffer and
overwrites the oldest chunk in a modular fashion
(Figure 3d). iii) Finally, the new summary KV is
appended to the Summary Token Buffer (Figure 3e).

Conclusively, this design eliminates the need for
other memory operations: the cache layout itself
inherently encodes the visibility rule.

3 Experiments

3.1 Experiments Setting

3.1.1 Model Configuration
We evaluate different attention architectures un-
der two experimental settings: train-from-scratch
(400B Token, 128K Sequence) and continual-
pretraining (85B Token, 128K Sequence). The
model architecture and training hyper-parameters
are specified in Appendix B.1, and training recipes
for different stages are in Appendix B.4.

Baseline models. Our tested model variants are
as follows: (1) Pure Full Attention, (2) hybrid-
GDN (Yang et al., 2025)/Ring-Linear (Ling-
Team et al., 2025), (3) Hybrid Sliding Window
Attention (SWA), (4) Hybrid Sliding Chunk At-
tention (SCA), (5) Pure KSA, (6) hybrid-KSA,
all of the hybrid models with a 3:1 mixing ratio.
Within each setting, variants share the original text-
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(a) The KSA KV cache consists of contiguous tensors with an organized layout, enabling reading KV states with only one
memory operation without concatenation during decoding.

(b) Inserting a new text token: the KV is written into the next
available slot of the current chunk, and attention reads a single
contiguous slice.

(c) Inserting the chunk summary token: the self-KV is written
into the scratch slot left of the current chunk, so summary
attention is also a single contiguous slice.

(d) Replacing the oldest text chunk: the just-finished chunk
is copied to the ring’s write pointer, overwriting the oldest
sliding chunk in place.

(e) Appending the summary token to the buffer: the new
summary token is committed to the right end of the Summary
Token Buffer.

Figure 3: The KSA cache features organized layout of contiguous tensors to enable efficient memory access. The
lifecycle involves writing new tokens, inserting summaries, and recycling chunks in place.

token schedule and training hyperparameters.

Train-from-Scratch. We train a 1.9B-parameter
language model from scratch. Training follows
a progressive length schedule: the model is first
trained on 250B tokens at a sequence length of 8K,
followed by 50B tokens each at 32K, 64K, and
128K, respectively, adding up to 400B tokens.

Continual Pretraining (CPT). For continual
pretraining, we initialize from Qwen3-4B-base,
and train it on 85B tokens, with 25B, 35B, and 25B
tokens at 32K, 64K, and 128K, respectively. Be-
cause Qwen3-4B-base uses GQA, all CPT variants
retain its GQA configuration. Each configuration
ran once on 256 NVIDIA H800 GPUs for about 60
hours, totaling about 337,920 H800 GPU-hours.

3.1.2 Datasets and Evaluation Benchmark
Training data. We train KSA on a diverse corpus
consisting of Common Knowledge, Math, Code,
STEM, General Reasoning, and Long Context.
This wide coverage of training data preserves the
model’s general knowledge, while boosting long-
context capacity. The detailed distribution and
pipeline are in Appendix B.2.

Evaluation benchmarks. For evaluation, we
adopt RULER (Hsieh et al., 2024) for long-context,
and incorporate multiple benchmarks across gen-
eral knowledge, mathematics, and code to test

model’s real-world capability. We offer a concrete
introduction of each benchmark in Appendix B.3.

3.2 CPT Performance Comparison

We evaluate the effectiveness of KSA under the
CPT setting, comparing full KSA and Hybrid-
KSA against four representative baselines: Full
attention, sliding window attention (Hybrid-SWA),
sliding chunk attention (Hybrid-SCA), and linear
attention (Hybrid-Linear).

3.2.1 Long-Context Benchamrk
We first examine KSA on RULER (Hsieh et al.,
2024), a long-context stress test where it is de-
signed to excel, against the introduced baselines.
From Table 1, we can draw several conclusions:

i) Hybrid-KSA demonstrates the strongest long-
context retrieval capacity among all baselines.
Specifically, it achieves the best results at RULER-
4K (92.97), RULER-32K (86.65), and RULER-
128K (71.67), outperforming the Full attention
baseline with substantially lower cost.

ii) Summary tokens effectively compress and
propagate distant context information when full at-
tention becomes prohibitive. Notably, at the longest
128K context, Hybrid-KSA surpasses Full atten-
tion by +5.81 points and outperforms the strongest
hybrid baseline (Hybrid-SWA) by +5.40 points.

iii) KSA’s way of information aggregation is a
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Table 1: For CPT setting, hybrid-KSA achieves superior long-context retrieval across all RULER lengths, while
both KSA variants closely match or exceed Full attention on knowledge, math, and coding benchmarks, establishing
the smallest performance gap among the evaluated efficient-attention alternatives.

Benchmarks Baselines Ours

Full Hybrid-SWA Hybrid-SCA Hybrid-Linear KSA Hybrid-KSA

Long-Context Retrieval
RULER-4K 92.88 91.30 86.02 86.39 91.55 92.97
RULER-8K 91.38 88.03 84.28 83.86 86.78 90.53
RULER-16K 89.12 82.87 80.67 78.06 84.78 88.86
RULER-32K 84.74 78.94 76.89 76.48 80.30 86.65
RULER-64K 78.16 73.88 68.88 73.50 76.09 76.04
RULER-128K 65.86 66.27 60.94 67.98 66.81 71.67

General Knowledge
MMLU 71.83 70.57 69.83 64.33 70.73 70.50
CMMLU 75.00 73.69 72.59 68.41 73.29 72.63
C-Eval 73.66 72.36 71.66 67.42 72.14 72.66
MMLU-Pro 46.36 45.23 45.11 38.83 45.70 45.39

Mathematics
CMath 83.41 84.84 83.16 79.09 84.58 84.25
GSM8K 82.75 81.92 80.10 72.44 81.09 79.50
MATH 47.48 48.24 47.45 42.57 48.15 47.56

Code
MBPP 61.30 61.70 59.60 55.30 61.50 62.20
HumanEval 58.54 61.89 61.89 54.58 60.97 62.50

Average 73.50 72.12 69.94 67.28 72.30 73.59

more faithful approximation of full attention than
fixed-window or linearized alternatives. Compared
to other hybrid variants (SWA, SCA, Linear), our
KSA and Hybrid-KSA models consistently lead
by clear margins across all RULER lengths.

3.2.2 General Benchmarks

To test if our method preserve model’s general
ability on real-world problems, we further vali-
date KSA across three knowledge domains: gen-
eral knowledge (MMLU, CMMLU), mathematics
(CMath, GSM8K), and code generation (MBPP).
From Table 1, we observe the following:

i) CPT of summary attention preserves the pre-
trained model’s general world knowledge. On
MMLU and CMMLU, the full KSA model
achieves 70.73 and 73.29, closely matching the
Full attention upper bound (71.83 / 75.00), and
substantially outperforms Hybrid-Linear (64.33 /
68.41), which suffers from the limited representa-
tion capacity of fixed-size memory updates.

ii) KSA is capable of mathematical reasoning.
The KSA model attains 84.58 on CMath, surpass-
ing Full attention (83.41), and remains competitive
on GSM8K (81.09 vs. 82.75).

iii) Our method robustly scales to real-world
coding problems. Hybrid-KSA achieves the best
MBPP score (62.20) across all configurations.

iv) The proposed approaches consistently yield
smaller capability gaps relative to Full attention
than the other evaluated efficient-attention base-
lines.

3.3 From-scratch Performance Comparison

We further evaluate KSA in a train-from-scratch set-
ting, which isolates the effect of pretrained model
capabilities based on massive corpora. We com-
pare KSA and Hybrid-KSA against Full, Hybrid-
SWA, Hybrid-SCA, and Hybrid-GDN.

3.3.1 Long-Context Benchmark
Our methods showcase promising performance on
the RULER benchmark as in Table 2:

i) Hybrid-KSA achieves the best overall perfor-
mance, surpassing even Full attention by a large
margin. It achieves the best scores at RULER-
4K (80.65), 32K (72.30), 64K (69.95), and 128K
(65.35). Notably, at 128K, it surpasses Full atten-
tion by a large margin (+16.60).

ii) KSA significantly improves robustness at
extreme context lengths. While Full attention
and other hybrid baselines degrade rapidly as se-
quence length increases: e.g., Full: 76.08 → 48.75,
Hybrid-KSA maintains reliably performing, i.e.,
80.65 → 65.35, indicating strong robustness.

iii) Summary-based aggregation provides a
stronger alternative to existing efficient attention
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Table 2: Hybrid-KSA consistently outperforms full and efficient-attention baselines, achieving superior long-context
scalability and strong general performance in from-scratch training.

Benchmarks Baselines Ours

Full Hybrid-SWA Hybrid-SCA Hybrid-GDN KSA Hybrid-KSA

Long-Context Retrieval
RULER-4K 76.08 74.54 77.72 79.83 70.44 80.65
RULER-8K 72.85 71.69 75.22 76.01 65.91 73.35
RULER-16K 73.24 69.54 72.55 74.04 66.74 74.07
RULER-32K 69.06 67.86 67.74 70.41 62.54 72.30
RULER-64K 65.32 63.03 63.54 69.39 57.13 69.95
RULER-128K 48.75 56.64 58.01 59.87 39.29 65.35

General Knowledge
MMLU 44.99 46.84 46.77 46.23 46.83 46.83
CMMLU 44.41 45.89 46.42 47.19 45.59 46.88
C-Eval 44.28 43.54 47.62 45.54 45.69 44.13
MMLU-Pro 19.48 20.46 20.10 21.22 21.72 22.52

Mathematics
CMath 55.33 54.83 62.33 58.00 58.50 61.83
GSM8K 48.29 47.46 52.39 50.95 54.81 59.14
MATH 23.38 31.46 28.82 33.30 30.04 36.92

Code
MBPP 30.60 30.00 31.60 34.80 35.80 36.40
HumanEval 25.61 28.05 26.83 27.44 29.88 31.71

Average 49.44 50.12 51.84 52.95 48.73 54.80

designs. Compared to Hybrid-SWA, Hybrid-
SCA, and Hybrid-GDN, Hybrid-KSA consis-
tently scores higher, especially in the long-context
regime, e.g., +5.48 over GDN at 128K.

3.3.2 General Benchmarks

We next evaluate general capabilities across knowl-
edge, mathematics, and code benchmarks:

i) Our method maintains competitive general
knowledge performance. On MMLU and CMMLU,
Hybrid-KSA achieves 46.83 and 46.88, matching
or exceeding most baselines and remaining close
to the best-performing methods.

ii) KSA yields strong gains in mathematical rea-
soning. Hybrid-KSA achieves the top on GSM8K
(59.14) and MATH (36.92), outperforming Full
attention by +10.85 and +13.54, respectively.

iii) Summary attention improves performance on
code generation tasks. On MBPP and HumanEval,
Hybrid-KSA achieves the highest scores (36.40
and 31.71), outperforming Full attention.

iv) The proposed method provides a better effi-
ciency–performance trade-off than prior efficient-
attention methods. Across all benchmarks, Hybrid-
KSA consistently ranks among the top, while re-
ducing the dominant long-range attention term by
an approximately 1/k factor.

3.4 KSA Design Ablation Analyses

3.4.1 Hybrid-KSA Configuration Analysis

We conduct ablations on key design choices of
Hybrid-KSA, including chunk number N, chunk
size S, and the hybrid ratio between summary and
full attention; and put the results in Table 3. We
also carry out more ablation studies and explo-
rations and put them in Appendix C.

Chunk Number (N). Varying N controls the
granularity of summarization. As shown in Table 3,
N=128 strikes a balance between long-context abil-
ity and general performance:

i) Moderately increasing N improves long-
context performance, but larger values yield di-
minishing or even negative returns. The RULER
average improves from 82.80 to 83.16 as N in-
creases from 32 to 64. However, further increasing
N can degrade performance at longer ranges: e.g.,
RULER-64k: 76.35 at N=128 vs. 65.73 at N=256.

ii) N has limited impact on general benchmarks.
Performance remains stable as N varies, with slight
improvement at N=256: i.e., reasoning avg: 75.89.

Chunk Size. Chunk size determines the receptive
field within each segment. We observe a clear trade-
off between long-context and general capability:

i) Smaller chunks yield the stronger long-context
performance. For example, S=8 scores the best on
RULER average (82.97) and 64K (76.35).
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Table 3: The default setting achieves the best balance between long-context and general performance.

Configuration Long-Context (RULER) Knowledge Reasoning & Code

4K 8K 16K 32K 64K Avg. MMLU CMMLU Avg. GSM8K CMath MBPP Avg.

(a) Chunk Num (N )
N = 32 91.02 89.46 84.42 78.35 70.74 82.80 69.93 72.68 71.30 81.23 83.59 60.50 75.11
N = 64 93.36 88.65 87.21 76.91 69.69 83.16 70.43 72.27 71.35 80.13 83.00 61.20 74.78
N = 128 (Default) 88.69 88.01 83.62 78.19 76.35 82.97 70.18 72.16 71.17 80.75 82.48 60.20 74.48
N = 256 92.05 88.30 83.86 79.40 65.73 81.87 69.94 72.53 71.23 81.16 84.92 61.60 75.89

(b) Chunk Size (S)
S = 8 (Default) 88.69 88.01 83.62 78.19 76.35 82.97 70.18 72.16 71.17 80.75 82.48 60.20 74.48
S = 16 88.77 83.78 82.20 77.34 71.97 80.82 69.75 72.50 71.13 80.81 83.59 61.20 75.20
S = 32 90.21 84.66 80.26 77.31 75.09 81.50 69.91 71.99 70.95 81.23 83.25 61.20 75.23
S = 64 86.50 81.61 78.12 72.63 70.09 77.79 69.83 72.28 71.05 80.48 81.84 62.10 74.80

(c) Hybrid Ratio (Summary : Full)
1:1 84.50 82.85 82.16 74.76 69.36 78.72 69.39 72.61 71.00 81.09 84.50 60.40 75.33
3:1 (Default) 88.69 88.01 83.62 78.19 76.35 82.97 70.18 72.16 71.17 80.75 82.48 60.20 74.48
5:1 93.75 89.12 87.54 78.47 70.31 83.84 69.47 72.55 71.01 79.83 83.41 59.20 74.15
8:1 90.80 85.88 78.94 71.83 66.19 78.73 68.31 71.06 69.69 79.98 82.91 58.10 73.67

ii) Larger chunks improve general performance
at the cost of long-context retrieval. For instance,
S=32 attains the best reasoning average (75.23)
and strong GSM8K performance (81.23), while its
RULER average drops to 81.50.

iii) The default choice S=8 provides a balanced
anchor point, slightly favoring long-context model-
ing while retaining strong general capability.
Hybrid Ratio. Hybrid ratio is crucial for model
to leverage different architectures’ strengths:

i) Increasing the proportion of summary atten-
tion improves long-context performance but weak-
ens general abilities. For example, moving from
3:1 to 5:1 improves the RULER average (82.97 →
83.84), but degrades reasoning (74.48 → 74.15)
and code performance (MBPP: 60.20 → 59.20).

ii) Increasing full attention enhances general
performance at the cost of long-context retrieval.
For instance, a 1:1 ratio improves reasoning
(Cmath: 84.50) but significantly reduces long-
context performance (RULER avg: 78.72).

iii) The default choice 3:1 provides a balanced
trade-off, achieving strong long-context perfor-
mance with competitive general capability.

3.4.2 Inference KV Cache and Speed Analysis
To provide an intuitive understanding of KSA’s
efficiency, we test the KV cache memory footprint
across context lengths 16-128K and the decode
throughput at 16K, and plot the results in Figure 4:

i) Hybrid-KSA retains a substantially smaller
cache footprint than Full attention For k = 8
and a 3:1 KSA/Full mixture, the layer-weighted
asymptotic reduction is 4/(1 + 3/8) = 2.91× be-
fore accounting for the local window and imple-
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Figure 4: At 128K, Hybrid-KSA reduces the KV cache
by 2.87× relative to Full Attention while maintaining
competitive or higher decode throughput compared with
other efficient baselines.

mentation overhead. At 128K, Hybrid-KSA uses
6.47 GB versus 18.6 GB for Full attention, a mea-
sured 2.87× reduction.

ii) Our method achieves higher decode through-
put than other efficient baselines. At 16K, Hybrid-
KSA achieves a throughput of 1.06× relative to
Full attention, surpassing both Hybrid-SWA and
Hybrid-Ring-Linear which are 0.73× and 0.81×
of Full attention respectively.

iii) These results demonstrate that KSA offers
a favorable trade-off: it compresses long-range
context into a compact state, reclaiming memory
without sacrificing decoding speed.

4 Conclusion & Future Works
In this work, we reflect on long-context efficiency
and highlight sequence-level KV cache compres-
sion: rather than pursuing either strict linear KV
cache reduction, we advocate sequence-level se-
mantic compression with a moderate ratio k, which
maintains an O(n/k) KV-cache dependence on se-
quence length while retaining explicit but lossy
chunk-level representations of the distant history.
Specifically, we propose Kwai Summary Atten-
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tion (KSA), a drop-in efficient attention variant
that i) periodically emits a learnable summary to-
ken for every text chunk, ii) routes local informa-
tion through a sliding chunk and distant attention
through summary tokens, and iii) guarantees a non-
overlapping information conflict: every past chunk
is either fully visible as raw text or accessed ex-
clusively through its summary. Further, to support
efficient training and inference, we contribute: i)
a block-sparse training and prefill kernel that ex-
ploits the structured sparsity of KSA and avoids
materializing the dense mask; ii) a contiguous,
concatenation-free KV cache layout that encodes
the visibility rule into memory allocation, thus ev-
ery decoding step reads a single memory slice with-
out further operation; and iii) a hybrid architec-
tural recipe that interleaves full-attention and KSA
layers to balance performance and cost. Across
long-context retrieval, knowledge, mathematics,
and coding, our Hybrid-KSA configuration con-
sistently establishes the smallest quality gap to full
attention among all baselines, while surpassing full
attention on the most challenging tasks such as
RULER-128K. These results support our motiva-
tion: sequence-level token compression is empiri-
cally favorable for reducing KV cache size.

In the future, we will explore the following direc-
tions: i) Sparse summary attention. Since summary
tokens inherently encode chunk-level priors, we
can further extend KSA by replacing the current
full-attention layers with sparse attentions. In this
design, summary tokens serve as routers that selec-
tively activate attention over relevant text chunks,
thereby avoiding the overhead of full attention.
ii) KSA post-training. We currently only perform
the pre-training process, and it is intriguing to ex-
plore KSA’s post-training, including supervised
fine-tuning, reinforcement learning and on-policy
distillation. iii) Scaling laws of compression ratio.
The relationship between chunk size, performance,
and task difficulty is not yet fully explored; estab-
lishing scaling laws for sequence-level compres-
sion, analogous to those for parameters and data,
would guide the scaling of next level intelligence.

5 Limitations

KSA still has limitations. First, summary tokens in-
troduce an explicit compression bottleneck, which
may discard fine-grained token-level information
required by exact retrieval or detailed reasoning
tasks. Second, our experiments mainly focus on
text-only LLMs; its effectiveness on multimodal

models and agentic workflows remains to be further
studied. Third, the current hybrid-KSA design still
relies on a small portion of full-attention layers,
and the scaling laws of sequence-level compres-
sion are not yet fully understood. Finally, we do
not report compute-matched MLA or MLA-DSA
baselines because doing so would require retrain-
ing these architectures at our model sizes and token
budgets; the KSA–MLA analysis in Appendix E.2
is theoretical only.

6 Ethical Considerations

This work proposes an efficient attention mecha-
nism for large language models and does not intro-
duce new datasets, collect personal information, or
involve human subjects.

At the same time, KSA does not address broader
risks associated with large language models, in-
cluding hallucination, generation of harmful con-
tent, misinformation, privacy leakage, or misuse in
downstream applications. Improving long-context
capability may even amplify the impact of incor-
rect information if erroneous content is retained
and propagated over longer contexts.

Therefore, KSA should be deployed together
with existing safety, alignment, and monitoring
mechanisms. We encourage future work to investi-
gate the interaction between efficient long-context
architectures and AI safety considerations.
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A Overview

This appendix provides additional details and anal-
yses that complement the main paper.

Section B presents the model configurations,
training hyper-parameters, data pipeline, evalua-
tion benchmarks, and training recipes used in our
experiments.

Section B.5 discusses the motivation behind
Sliding Chunk Attention (SCA) and explains why
chunk-level routing is preferred over token-level
sliding windows in the KSA framework.

Section C reports additional empirical results, in-
cluding RULER subtask evaluations, Needle-in-a-
Haystack retrieval experiments, training dynamics,
and per-layer attention pattern analyses.

Section D reviews recent advances in efficient
attention mechanisms and hybrid long-context ar-
chitectures.

Finally, Section E provides a detailed theoretical
analysis of KV-cache complexity and discusses
KSA’s theoretical compatibility with GQA and
MLA.

B Experiment Configuration

B.1 Model Setting and Hyper-Parameters

Table 4 and Table 5 show the model architecture
and training hyper-parameters for our experiments.

B.2 Datasets Pipeline

The pretraining corpus is composed of six cate-
gories: Common Knowledge, Math, Code, STEM,
General Reasoning, and Long Context. A com-
prehensive breakdown of data formulation is in
Figure 5.

Long Context is a primary data class, as it di-
rectly serves our goal of reinforcing the model’s
long-sequence modeling capacity. We construct
a hybrid mixture tailored for context-length ex-
tension by combining naturally long documents,
i.e., books, long-form QA across code, math, and
STEM; with synthetic sequences that probe long-
range information tracking.

Common Knowledge forms the foundational
layer, sourced from diverse high-quality web
text (Penedo et al., 2024), educational content,
and curated open-source corpora. The sources
span filtered CommonCrawl snapshots (Su et al.,
2025), web-extracted educational material, and
high-quality open-domain text, ensuring broad cov-
erage of general world knowledge.
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Table 4: Training model configurations of our KSA.

Configuration From Scratch Continual Pretraining

Number of layers 24 36
Hidden size 2048 2560
Intermediate size 6144 9728
Attention heads (Q/KV) 16/16 32/8
Head dimension 128 128
Hybrid architecture ratio (KSA:Full) 3:1 3:1
Summary chunk size 8 8
Sliding chunk number 128 128
Tied embeddings False True

Table 5: Training hyperparameter settings.

Configuration From Scratch Continual Pretraining

Sequence Length Stages 8K / 32K / 64K / 128K 32K / 64K / 128K
Token Budget per Stage 250B / 50B / 50B / 50B 25B / 35B / 25B
Max Learning Rate 8K: 4× 10−4; ≥32K: 1× 10−5 All stages: 1× 10−4

Min Learning Rate 1× 10−7

RoPE Theta 8K: 104; ≥32K: 106 106

Optimizer AdamW (β1 = 0.9, β2 = 0.95)
Weight Decay 0.01

LR Schedule WSD (Yu et al., 2025)
Gradient Clipping 1.0

Math and Code are constructed from both nat-
ural and synthetic sources. The math subset inte-
grates web-crawled mathematical content, compe-
tition problems, Chinese-language resources, and
QA pairs, augmented with synthetic problem, i.e.,
solution sequences to improve coverage of rare rea-
soning patterns. The code subset combines GitHub
repositories, competition solutions, code-related
QA pairs, and synthetic generation tasks spanning
multiple programming languages.

STEM and General Reasoning broaden the
model’s domain expertise through academic papers,
textbook-style content, encyclopedia entries, long-
form books, and structured QA corpora. Domain-
specific scientific documents and exam-style data
further strengthen coverage of technical disciplines.

The training pipeline follows the data mixture
ratios shown in Figure 5 and progressively extends
the context length across stages. In train-from-
scratch experiments, the context length increases
from 8K to 32K, 64K, and finally 128K tokens. In
CPT experiments, training starts directly at 32K
and advances to 128K, with all stages using the
same ratios of data classes mixture.

B.3 Evaluation Benchmarks

We categorize the evaluation benchmarks into two
groups, targeting long-context modeling ability and
general language capability accordingly.

Long-Context Benchmarks: RULER (Hsieh
et al., 2024) is a comprehensive long-context eval-
uation suite that assesses models across multiple
dimensions including retrieval, multi-hop tracing,
aggregation, and question answering, with config-
urable context lengths up to 128K tokens.

General Capability Benchmarks: We evalu-
ate general capabilities across three domains: gen-
eral knowledge, mathematics, and code. For gen-
eral knowledge, MMLU (Hendrycks et al., 2021a)
and its extensions, CMMLU (Li et al., 2024), C-
Eval (Huang et al., 2023), and MMLU-Pro (Wang
et al., 2024), assess knowledge breadth and rea-
soning across diverse domains via multi-choice
questions, where CMMLU and C-Eval provide
Chinese benchmarks spanning multiple disciplines
and exam-style tasks, and MMLU-Pro introduces
more challenging, professionally curated questions
with reduced data contamination. For mathemat-
ics, GSM8K (Cobbe et al., 2021), CMATH (Wei
et al., 2023), and MATH (Hendrycks et al., 2021b)
cover problems from grade-school multi-step arith-
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other OSS 0.03%

Figure 5: Overall Distribution of Pretraining Data Proportions.

metic to competition-level symbolic reasoning, in-
cluding Chinese settings and diverse problem for-
mats requiring multi-step derivations. For code,
MBPP (Austin et al., 2021) and HumanEval (Chen
et al., 2021) evaluate program synthesis from natu-
ral language, with HumanEval further emphasizing
functional correctness through unit tests on more
complex and realistic coding tasks.

B.4 Details of Training Recipe

To adapt summary attention with existing architec-
ture seamlessly, we devise a three stage training
stages for CPT: summary token adaptation, param-
eter annealing, and sequence length extension:

Summary token adaptation for CPT. As de-
scribed earlier, summary tokens are designed to
distill chunk-wise semantic information and serve
as compressed priors for distant contexts. To en-
dow these tokens with dense, informative represen-
tations, we devise a multi-granularity distillation
strategy that aligns the KSA student with a vanilla
full-attention teacher at three levels: layer-wise,
distribution-wise, and objective-wise. Concretely,
we instantiate the summary token S as a new vo-
cabulary entry and equip each summary layer with
independent attention parameters WQ

S , WK
S , and

W V
S .
Layer-wise attention score alignment. Let

WQ,WK ,W V denote the pretrained attention pro-
jections, and let WQ

S ,WK
S ,W V

S denote the inde-

pendent summary matrices introduced for KSA.
Let T and T̂ denote the original and summary-
augmented input sequences (Equation 1), S ⊂
{1, . . . , |T̂ |} index the summary positions. The
teacher branch projects input tensors using the pre-
trained weights,

X = T (WX)⊤, X ∈ {Q,K, V }. (4)

The student processes its input by employing
position-specific projections: text positions retain
the pretrained weights, whereas summary tokens
route through the newly introduced parameters,

X̂t =

{
T̂t (WX)⊤, t /∈ S,
T̂t (WX

S )⊤, t ∈ S,
X ∈ {Q,K, V }.

(5)
Attention patterns also diverge between them.

The teacher performs standard full attention:

O = softmax
(
QK⊤/

√
d
)
V, (6)

whereas the student adopts the KSA pattern
MKSA, in which each text token attends to its lo-
cal sliding-chunk window together with preceding
summary tokens, and each summary token attends
only to the text chunk it compresses; as detailed in
Section 2.1:

Ô = softmax
(
Q̂K̂⊤/

√
d + MKSA

)
V̂ . (7)
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（a）Add independent summary  attention 
parameter for stable CPT warmup.
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attention parameter for CPT warmup.

（c）Full parameter tuning for
CPT/Scratch.

Figure 6: The training recipes for CPT warmup: (a) insert additional Q/K/V learnable weights to adapt the summary
token compression; (b) conduct the annealing strategy to drop the summary weights; (c) full parameter tuning on
large data corpus. Residual connections are omitted for brevity.

To align the intermediate representations, we dis-
card the summary rows of Ô (which have no coun-
terpart in T ), denoted Ô

∣∣
T ∈ R|T |×d, and employ

a mean squared error (MSE) loss:

LMSE =
1

L · |T |
L∑

ℓ=1

∥∥Oℓ − Ôℓ

∣∣
T
∥∥2
2
, (8)

where L is the number of transformer blocks and
|T | is the sequence length.

Distribution-wise regularization. While LMSE
constrains intermediate layer outputs, it does not
directly enforce consistency in the final predictive
distributions. We therefore introduce a KL regular-
izer on the output logits to provide a higher-level
alignment between the KSA student and the full-
attention teacher. Let Wh denote the shared LM
head, and hL and ĥL be the final-layer hidden states
of the teacher and student, respectively. The two
predicted distributions along with KL regularizer
are:

p = softmax
(
hLW

⊤
h

)
,

p̂ = softmax
(
ĥLW

⊤
h

)
,

LKL = KL(p ∥ p̂) =
∑

v

pv log
pv
p̂v

.

(9)

Objective-wise training. The total distillation
objective combines the language modeling loss on
the student with the two alignment terms to ensure
warmup eventually benefits model performance:

L = LLM + αLMSE + β LKL, (10)

where α and β are hyperparameters tuned on a
validation split.

Analysis. All three loss terms, LMSE, LKL, and
LLM; are computed exclusively over text token po-
sitions. This design ensures dimensional consis-
tency between the teacher and student outputs (as
the teacher lacks summary positions) while preserv-
ing semantic fidelity. Notably, restricting the loss
to text positions does not cut off gradient flow to
the summary parameters: the distinctive attention
pattern of text tokens, as defined in Equation (3),
inherently captures the semantics of summary to-
kens, enabling gradients to propagate through the
attention interactions. Through these three comple-
mentary, multi-granularity distillation objectives,
the independent summary parameters learn to ap-
proximate the attention distribution of vanilla full
attention as closely as possible, establishing a solid
foundation for subsequent full-parameter training
and scaling to longer sequences.

Parameter annealing for CPT. To avoid intro-
ducing additional parameters that would increase
inference cost, we propose a parameter annealing
strategy that gradually absorbs the independent
summary parameters into the main LLM weights.
Specifically, at each summary position, we per-
form two QKV projections on the same hidden
state: one using the shared LLM weights, gaining
(qmain

s , kmain
s , vmain

s ), and one through the indepen-
dent summary weights, yielding (qs, ks, vs). The
QKV triplets fed into the single attention computa-
tion are then linearly interpolated:

x̃s = λxs + (1− λ)xmain
s , x ∈ {q, k, v},

(11)
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The interpolation coefficient follows an iteration-
dependent schedule:

λ(s) =





1, s ≤ sstart,

1− s− sstart

send − sstart
, sstart < s < send,

0, s ≥ send,
(12)

where s denotes the current training step, and
sstart, send define the annealing window. When s ≤
sstart, the summary positions are governed entirely
by the independent parameters; when s ≥ send,
they rely exclusively on the main LLM weights,
allowing the auxiliary parameters to be removed at
inference time without any architectural modifica-
tion. This strategy provides a smooth curriculum
that facilitates the transition from a dedicated sum-
mary head to a fully shared representation.

Sequence length extension for CPT/Scratch.
For CPT settings, introduction of summary tokens
stops at the context length of 32K, allowing the
newly added parameters to learn stable represen-
tations. We then extend the context in two stages:
64K for 35B tokens, followed by 128K for 25B
tokens. This staged schedule enables the summary
mechanism to adapt to longer contexts incremen-
tally, equipping KSA with the ability of handling
extremely long sequences. For the Scratch setting,
we directly share the attention weights of summary
token and text token at the begin, and then train-
ing 250B/50B/50B/50B tokens with the sequence
length 8K/32K/64K/128K. Note that we change the
RoPE Theta from 104 to 106 after the 8K training
finished.

B.5 Chunk-Level Sliding over Token-Level
Analysis

A natural alternative is standard token-level Sliding
Window Attention (SWA), where text token could
attends to a fix window size latest tokens and it have
been already validated in many different LLMs
(e.g., GPT-OSS). However, when combined with
our summary tokens, its token-level sliding may
omit information or introduce more information.
As shown in Figure 7, if the window boundary cuts
through a chunk, the text token sees only a subset
of that chunk’s text tokens. Meanwhile, the chunk
is not fully outside the window, so its summary
token does not qualify as a distant summary either.
As a result, the partially visible chunk is neither
covered by complete text nor compensated by its
summary, which results in loss of information.

By sliding at chunk granularity, we guarantee
a clean partition: every past chunk is either fully
within the window (all text tokens visible) or fully
outside (accessed only through its summary token),
with no intermediate state. This information rout-
ing ensures that no chunk’s information is lost.

C More Empirical Results

C.1 RULER Subtasks

Further quantitative analysis in Table 6 reveals that
Hybrid-KSA consistently outperforms other meth-
ods with limited effective context across multiple
subtasks:

i) KSA achieves strong NIAH performance,
even compared with Full attention. On NIAH-
Multivalue, Hybrid-KSA attains 98.75, a substan-
tial gain of +10.63 over Full attention (88.12) and
the highest across all configurations. On NIAH-
Multiquery, it scores 98.12, closely approaching
the best result (99.38 by Hybrid-Linear) and sur-
passing Full attention (95.62).

ii) Our method scales robustly to more chal-
lenging synthetic subtasks beyond simple retrieval.
Hybrid-KSA surpasses +30.0 over Full on VT and
+14.18 over Full on FWE.

iii) In summary, KSA serves as a high-fidelity
compressed relay, enabling robust information
retrieval and complex long-sequence reasoning
across 128K tokens without the prohibitive over-
head of full attention.

C.2 Needle-in-a-Haystack

To delve deeper into KSA’s ability to retrieve spe-
cific information from long contexts, we conduct
the Needle-in-a-Haystack benchmark (Martin et al.,
2023). In this task, a short factual statement, i.e.,
the needle, is embedded at varying depths within
a long context, i.e., the haystack; and the model
is asked to retrieve it via a targeted question. The
retrieval success rate across different needle posi-
tions serves as a robust indicator of long-context
information retrieval capability.

Figure 8 reports single-needle retrieval accuracy
across context lengths from 4K to 128K and needle
depths from 0% to 100%. Hybrid-KSA attention
maintains near-perfect retrieval across all lengths
and depths, with only a slight dip at 128K, suggest-
ing that a small dose of full attention effectively
compensates for the compression loss in extremely
long sequences.
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Figure 7: Sliding Window Attention (left) may cut through a chunk, resulting attention to overlook certain tokens at
boundaries and causing information loss (red regions). Sliding Chunk Attention (right) aligns window boundaries
with chunk boundaries, ensuring clean information routing.

Table 6: For CPT, Hybrid-KSA achieves the best overall results on RULER 128K subtasks, beating all other
efficient baselines and Full attention on NIAH-Multivalue, VT, FWE, and SQuAD.

Subtasks Baselines Ours

Full Hybrid-SWA Hybrid-SCA Hybrid-Linear KSA Hybrid-KSA

NIAH-Single 100.00 100.00 99.16 100.00 97.50 100.00
NIAH-Multikey 75.00 74.16 70.84 79.16 74.16 75.84
NIAH-Multivalue 88.12 83.75 91.25 95.62 83.75 98.75
NIAH-Multiquery 95.62 93.12 98.12 99.38 95.62 98.12
VT 60.50 67.50 42.50 87.50 65.50 90.50
FWE 51.66 51.66 33.33 23.33 72.50 65.84
SQuAD 30.00 30.00 15.00 35.00 32.50 42.50

Figure 8: NIAH-Single results after converting the
model into a hybrid architecture and applying continual
pre-training. Hybrid-KSA achieves near-perfect needle
retrieval up to 128K context length, with only a minor
drop from full accuracy at 128K.

C.3 Training Loss and Evaluation Score
Analysis

We further analyze the training dynamics of Hybrid-
KSA by examining both training loss and evalua-
tion performance across multiple benchmarks un-
der the train-from-scratch setting.

Training Loss. Hybrid-KSA demonstrates best
converge efficiency compared to all baselines:

i) Hybrid-KSA achieves the lowest training loss
throughout training. As shown in Figure 9a,
Hybrid-KSA reaches a final loss of 1.524, com-
pared with 1.572 for Full attention. This difference
is consistent with distinct optimization trajectories,
but does not by itself establish the cause of down-
stream performance differences.

ii) The advantage becomes more pronounced
in the long-tail regime. In the zoomed-in region
(tokens ≥ 41.9B), Hybrid-KSA consistently stays
below all baselines with a stable margin.

Evaluation Scores. The improved optimization
translates directly into stronger performance:

i) Hybrid-KSA consistently matches or out-
performs baselines across benchmarks. Across
knowledge (MMLU, CMMLU, C-Eval), reason-
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(a) Hybrid-KSA has the best convergence efficiency
during from-scratch training.
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(b) Our method’s performance improves more rapidly than
other models on multiple benchmarks.

Figure 9: Hybrid-KSA delivers the best training
dynamics, with superior convergence efficiency and

faster performance gains across benchmarks in
from-scratch training.

ing (GSM8K, MATH), and code (MBPP) tasks,
Hybrid-KSA demonstrates competitive or supe-
rior performance throughout training. Notably, it
achieves the best final scores on several tasks, in-
cluding GSM8K, MATH, and MBPP.

ii) Hybrid-KSA exhibits faster and more stable
performance improvement. Compared to Full atten-
tion, which lags behind across most benchmarks,
Hybrid-KSA shows consistently higher scores at
intermediate training stages, suggesting improved
learning efficiency. It also avoids the fluctuations
observed in other hybrid baselines (e.g., Hybrid-
SWA), leading to smoother and more reliable gains.

iii) The advantage is particularly evident in
reasoning-intensive tasks. On GSM8K, CMath,
and MATH, Hybrid-KSA maintains a clear margin
over Full attention and remains competitive with or
better than other hybrid methods, indicating that the
summary-based mechanism does not hinder, and
may even enhance, multi-step reasoning ability.

C.4 Per-Layer Attention Pattern Analysis

To understand why hybrid architecture benefits
long-context retrieval, we visualize the per-layer
attention distributions of KSA and Hybrid-KSA

on an out-of-window NIAH example in Figure 10.
We compare the first block, i.e., shallow layers
L0-3 and the last block i.e., deep layers L24-27;
within each row, the y-axis is shared across the two
models so that attention magnitudes are directly
comparable.

Two qualitative patterns emerge in Hybrid-KSA
that are absent in KSA:

i) Hybird SA attends to summary tokens more
frequently. In shallow SA layers (most clearly in
L2), the hybrid model develops a periodic “comb”
pattern that attends to past summary tokens at every
chunk boundary, while KSA exhibits only a single
weak peak close to the needle position.

ii) The interleaved full-attention layers (L3, L27,
labeled “[F]”) serve as cross-chunk integrators.
Their attention maps show a sharp spike at the
needle chunk while KSA remains flat, providing
an explicit token-level retrieval indicator that KSA
must instead approximate only summary tokens.

iii) Both models focus heavily on the earliest
summary tokens in the deep block with notably dif-
ferent shapes. Hybrid-KSA’s sink spreads across
roughly six chunks, while the pure model’s sink
collapses onto only two, suggesting that the hy-
brid distributes its “register” role over a wider sink
basin.

Taken together, the shallow comb pattern and
the full-layer integrator provide two concerted re-
trieval indicators that KSA lacks, which we hy-
pothesize is the key reason Hybrid-KSA retrieves
out-of-window needles more reliably thus possess-
ing robust long-context capacity.

D Related Works

In this section, we briefly review the latest efforts
of long-context modeling.

D.1 Efficient Attention Variants

Prior works have explored efficient attention vari-
ants of (MHA) (Vaswani et al., 2017) from several
directions. The first line of work reduces the mem-
ory footprint of KV cache. Multi-query attention
(MQA) (Shazeer, 2019) lets all query heads share
a single key-value head, while grouped-query at-
tention (GQA) (Ainslie et al., 2023) forces groups
of query heads to share key-value heads. Multi-
head Latent Attention (MLA) (DeepSeek-V2 et al.,
2024) projects KV into low-dimensional latent
space, and adopts matrix absorption to store only
latent vectors in cache during inference. However,
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Figure 10: Per-layer attention patterns reveal that Hybrid-KSA enhances cross-chunk retrieval through “comb-like”
summary attention and full-layer integration.

these methods still hold a quadratic complexity.

The second category reduces computation by
limiting the attention scope. Local attention mech-
anisms, such as sliding-window and sliding-chunk
approaches (Child et al., 2019; Beltagy et al., 2020;
Jiang et al., 2023; Gemma2 et al., 2024), restrict
each query to attend only to KV states within a
local window of size W , reducing the complexity
from O(N2) to O(WN). Sparse attention vari-
ants (Yang et al., 2026; Zhang et al., 2025a; Yuan
et al., 2025; Liu et al., 2025) address this limitation
by selecting a small subset of K important KV to-
kens, and focusing only on the selected subset, thus
reducing the cost to O(KN).

The third direction replaces full softmax atten-
tion with linear approximations. Retentive Net-
works (Sun et al., 2023) and Eagle (Peng et al.,
2024) reformulate the softmax kernel with feature
maps, avoiding explicit materialization of the full
attention matrix. Mamba (Gu and Dao, 2024) and
Gated Delta Net (Yang et al., 2025), model long-
range dependencies through fixed-size states whose
memory is not affected by context length. These
methods offer attractive inference efficiency, but

compressing the entire history into a fixed-size state
often leads to performance degradation.

D.2 Hybrid Attention Architecture
To balance the strengths of full attention and ef-
ficient attention, recent research has extensively
explored hybrid attention architectures.

Hybrid-H3 (Fu et al., 2023) adopts SSM-based
backbone with only a few attention layers. Recur-
rentGemma (Botev et al., 2024) combines gated
linear recurrences with sliding-window attention.
Mamba-2-Hybrid (Waleffe et al., 2024) constructs
the model from a mixture of Mamba-2 layers, full-
attention layers, and MLP layers. Jamba (Lieber
et al., 2024; Team et al., 2024) further scales the hy-
brid paradigm by interleaving Mamba blocks with
Transformer and Mixture-of-Experts (MoE) layers.

Beyond layer-level interleaving, several works
introduce more structured hybridization strategies.
Zamba (Glorioso et al., 2024b,a) shares a global
attention block across multiple Mamba blocks.
YOCO (Sun et al., 2024) separates sequence en-
coding to a self-decoder and generation to a cross-
decoder. Hymba (Dong et al., 2025) performs finer-
grained hybridization by assigning different KV
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heads to softmax attention and SSM modules.

D.3 Sequence-Level Token Compression
Beyond optimizations along the layer or attention-
scope dimensions, another line of work directly
performs semantic-level compression along the se-
quence dimension by introducing a small number
of learnable gist or summary tokens to condense
historical contexts, so that distant information can
be accessed through these compressed virtual to-
kens rather than full token-level history. Gist-
ing (Mu et al., 2023) introduces learnable gist to-
kens to compress an instruction-following prompt
into a small set of cacheable activations via a modi-
fied attention mask, enabling efficient prompt reuse
across inputs. AutoCompressors (Chevalier et al.,
2023) extend this idea to long-context language
modeling by recursively accumulating last-layer
summary vectors as soft prompts across chunks,
while Activation Beacon (Zhang et al., 2025b) fur-
ther pushes the compression into per-layer key-
value activations and accumulates them across
chunks during chunk-wise training. UniGist (Deng
et al., 2025) removes the chunk-wise constraint
with a unified sparse gist layout, in which ev-
ery token can attend to all preceding gist tokens
and a local raw window, enabling single-pass
long-sequence training. More recent variants ex-
plore complementary directions on top of this line:
DAST (Chen et al., 2025) dynamically reallocates
a fixed soft-token budget across chunks based on
information density, with the per-chunk allocation
determined at inference time, while AdmTree (Li
et al., 2025) organizes leaf gist tokens into an adap-
tive semantic tree and aggregates them with bidirec-
tional self-attention to mitigate the unidirectional
degradation of recursive compression.

Compared with the previous methods, we have
the following design insights. i) Hybrid attention
architecture. Instead of applying a single com-
pressed pattern uniformly across all transformer
layers, KSA interleaves summary-attention and
full-attention layers at a 3:1 ratio, with the small
dose of full-attention layers acting as a cross-chunk
integrator (Appendix C.4). ii) Chunk-local non-
recursive compression. Each summary token at-
tends strictly to the raw tokens within its own
chunk, so every raw token is compressed exactly
once and no recursive summary-of-summary aggre-
gation is involved. iii) Non-overlapping token rout-
ing. Inside the local window a text token attends
only to raw tokens, while distant context is exclu-

sively accessed through summary tokens, eliminat-
ing double counting along the information path.

E KV Cache Memory Analysis

As we known, the key challenge for deploying
LLM is the KV cache state amount bound during in-
ference. To alleviate the cache amount issue, there
are many comprehensive works were proposed, this
section analyzes KSA and other methods KV cache
amount in details.

E.1 Per-Token KV Cache Cost
Table 7 summarizes the KV cache state amount for
each mechanism in naive setting:

Naive Multi-Head Full Attention
(MHA) (Vaswani et al., 2017). Full At-
tention stores all n past key-value pairs explicitly,
resulting in a cache of size 2nhd that grows
linearly with sequence length. Each prediction step
requires attending over all n cached KV results.
While this provides access to full context, the
linear KV cache growth becomes the notorious
bottleneck for long-sequence inference.

Grouped Query Attention (GQA) (Ainslie et al.,
2023). In standard MHA, each of the h atten-
tion heads maintains its own KV states, the GQA
proposes a simple-yet-effective technique to orga-
nize the total h heads into g groups, where same
group of Q-heads shared the same cached KV-
heads. Thus the KV cache reduces from 2nhd
(MHA) to 2ngd (GQA), the KV compression ratio
is about g/h.

Multi-head Latent Attention (MLA) (DeepSeek-
V2 et al., 2024). Compared with GQA, MLA
takes a more aggressive approach by projecting all
KV information into low-rank latent vectors. Dur-
ing inference: i) first introduce a ndc cached block
to store the non-RoPE key and values; the per-
head non-RoPE keys and values are reconstructed
via per-head up-projection matrices. ii) addition-
ally, MLA also introduce a small ndr cached RoPE
block to decoupled for key part. With the two differ-
ent cache block, the total per-token cache amount
is n(dc + dr).

Gated Delta Net (GDN) (Yang et al., 2025). Dif-
ferent with the MLA and GQA that follows the
standard full attention mechanism, the linear GDN
mechanism compresses the entire sequence history
into a fixed d×d state matrix through diagonal gat-
ing. The KV cache is always a small constant value
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Table 7: Next per-token KV Cache comparison. Taking the k = 8 chunk compression and h = 128, d = 128, g =
8, dc = 512, dr = 64 configurations as example.

Mechanism Effective Context KV Cache Size (n → ∞) Compression Rate

MHA n (exactly) 2 · n · h · d -

GQA n (exactly) 2 · n · g · d g/h ≈ 6.25%
MLA n (exactly) n · (dc + dr) (dc + dr)/(2 · h · d) ≈ 1.76%

GDN n (ambiguous) 2 · h · d2 d/n ≈ 0%
SWA w (exactly) 2 · w · g · d w/n · g/h ≈ 0%
KSA n (summarized) 2 · n/k · h · d 1/k ≈ 12.5%

KSA with GQA n (summarized) 2 · n/k · g · d 1/k · g/h ≈ 0.78%
KSA with MLA (theory) n (summarized) n/k · (dc + dr) 1/k · (dc + dr)/(2 · h · d) ≈ 0.22%

Figure 11: KV cache size comparison across different
mechanisms as sequence length grows.

2d2, which is independent of sequence length. Nev-
ertheless, the long-term information dependency is
unobserved and unexplainable in inference process:
as new tokens arrive, older information is progres-
sively attenuated by the decay factors αt, making
the effective context is hard to analyze.

Sliding Window Attention (SWA) (Beltagy et al.,
2020). Following the standard full attention
mechanism, SWA narrows the visual token win-
dow to reduce the KV cache amount. Specifically,
the SWA maintains latest w recent tokens in a FIFO
buffer, with a fixed cache size 2wgd. Although ef-
fective, the limitation is also obviously: tokens rel-
ative index more than w are completely lost, could
not access the long-term information directly.

Kwai Summary Attention (KSA). KSA aug-
ments a local window of w = Ck raw text states
with n/k summary states. Its per-layer cache is
2(w + n/k)hd, or 2(w + n/k)gd with GQA. For
n ≫ w, the compression ratio approaches 1/k,
although the cache remains O(n) for fixed k.

E.2 Orthogonality of KV Cache Compression
Actually, the KV cache amount of one single layer
can be represented as follows:

KV Cache = PastToken × HeadNum × EmbeddingDim
(13)

KSA acts on the sequence-state axis and is con-
ceptually orthogonal to GQA head grouping and
MLA representation compression. Our experi-

ments combine KSA with GQA only; the compati-
bility and ratios for KSA with MLA are theoretical.
For KSA with GQA, the compression factors mul-
tiply:

KV CacheKSA+GQA = 2(n/k + w)gd (14)

In theory, KSA could be combined with MLA:

KV CacheKSA+MLA = (n/k + w)(dc + dr) (15)

Table 7 reports theoretical ratios; fixed-k KSA pro-
vides constant-factor, not sub-linear, cache reduc-
tion.
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