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Abstract

Large language models (LLMs) have made sig-
nificant progress in various NLP tasks, espe-
cially with the rise of long-context models that
handle extended inputs. However, the grow-
ing size of the key-value (KV) cache in Trans-
former architectures imposes heavy memory
demands during decoding, becoming a major
bottleneck. Existing sparse attention methods
aim to address this issue but face two main lim-
itations: (1) they introduce high overhead when
retrieving important tokens for attention, and
(2) they often fail to significantly reduce mem-
ory usage in practice. This paper presents Seer,
a simple yet effective system for fast and accu-
rate LLM decoding on long-context sequences.
Seer leverages semantic space representations
to manage the KV cache more efficiently. It
dynamically estimates cluster-level importance
to reduce both computation and memory ac-
cess, while preserving output quality. Through
offline training, Seer learns semantic centroids
to enable fast token importance estimation. To
further improve efficiency, it integrates prod-
uct quantization with sparse attention for KV
cache compression and uses an asymmetric dis-
tance lookup table to reduce computational cost.
Evaluation on a diverse set of LLMs and tasks
shows that Seer reduces theoretical attention
bandwidth by 40× with minimal accuracy loss.
Seer achieves a 5.57× attention speedup and a
2× End-To-End speedup over full attention at
32K sequence length. Our code is available at
https://github.com/Acaciasama/Seer.

1 Introduction

Large language models (LLMs) (Brown et al.,
2020; OpenAI et al., 2024) have transformed nat-
ural language processing (NLP), achieving state-
of-the-art performance across diverse applications.
As LLMs advance, they are increasingly applied
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Figure 1: Top: Seer self-attention time breakdown com-
pared with Quest (Tang et al., 2024). Bottom: Cache
management paths for different approaches. Semantic
cache organization reduces search and access overhead
relative to page-based selection. L denotes sequence
length, p denotes page size, and C denotes the number
of clusters.

to tasks involving long contexts, such as Chain-of-
Thought reasoning (Wei et al., 2023), document
summarization, and retrieval-augmented genera-
tion (Lewis et al., 2021; Jin et al., 2025). How-
ever, efficiently serving long-context LLMs re-
mains challenging due to memory and computa-
tional bottlenecks inherent in Transformer architec-
tures (Vaswani et al., 2017; Liu et al., 2024b, 2025,
2026).

LLM inference consists of two stages (Zhong
et al., 2024): prefilling and decoding. During pre-
filling, activations for all input tokens are computed,
and their keys and values (KV) are stored in the KV
cache. This allows the LLM to reuse these KV pairs
for computing attention in subsequent decoding
steps. In the decoding stage, the model generates
one token at a time, leveraging both input tokens
and previously generated ones. The KV cache size
grows linearly with sequence length. Moreover,
the decoding stage is memory-bound, as generating
each new token requires accessing all prior tokens
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in the KV cache. This makes KV cache access the
primary bottleneck for long-context LLM decod-
ing, severely limiting scalability and efficiency.

To mitigate this issue, recent research (Xiao
et al., 2024; Zhang et al., 2023; Tang et al., 2024)
has introduced sparse attention mechanisms. These
approximate full attention by focusing on a sub-
set of tokens with the highest attention scores, re-
ducing computational and memory overhead while
maintaining generative performance. Building
on this, dynamic sparse attention methods have
emerged. These approaches retain the full KV
cache in memory but selectively load or unload
tokens based on their semantic importance during
decoding.

Dynamic sparse attention techniques can be
broadly categorized into two types: selection-based
methods and semantic-space search-based meth-
ods. Selection-based sparsity maintains all to-
kens in the KV cache, estimates their attention
scores, and selects a small subset for computation
in each decoding step. Semantic-space search-
based sparsity (Yuan et al., 2025; Malkov and
Yashunin, 2018), on the other hand, clusters tokens
to evaluate their importance at the cluster level,
enabling the dynamic selection of varying token
subsets. This approach aligns naturally with the
heterogeneity observed among attention heads in
KV caches, making it a promising direction for
optimization.

Despite advancements in semantic-similarity-
based sparse decoding acceleration, notable gaps
remain between current methods and practical de-
ployment: (1) Inefficient Clustering Overhead.
Clustering-based methods require recomputing cen-
troids for each new input, increasing computational
overhead rather than reducing it. (2) Discontin-
uous Memory Access. Dynamic token selection
leads to discontinuous memory access patterns, de-
grading GPU efficiency due to frequent gather op-
erations and sparse-to-dense transitions. (3) Mem-
ory Management Challenges. Clustering-based
sparse still requires storing the full KV cache, often
involving data unloading to CPU memory, which
is impractical for large contexts.

To address these challenges, we introduce Seer,
an algorithm and system designed for fast and ac-
curate LLM decoding, as shown in Figure 1. Seer
leverages a semantic space search-based dynamic
sparse attention mechanism to optimize efficiency
and accuracy. In conclusion, our contributions are:

• Offline Index Construction: We construct
lightweight cluster indices via offline pro-
filing on representative calibration datasets,
decoupling the indexing overhead from run-
time inference. To accommodate diverse dy-
namic workloads without expensive online re-
indexing, we encode KV cache pages indepen-
dently into structured centroid representations.
Furthermore, to mitigate centroid assignment
drift caused by out-of-distribution (OOD) ac-
tivation patterns, we prune degenerated and
empty clusters post-encoding, thereby ensur-
ing robust search precision and high retrieval
fidelity during decoding.

• Memory-Efficient Sparse Attention Kernel:
We design a sparse self-attention kernel that
reorganizes KV caches via reordering after en-
coding. This aligns the data with Inverted File
indices, enabling fast sparse token retrieval.
The operator’s thread scheduling is optimized
based on the number of clusters searched, fa-
cilitating operator fusion and acceleration.

• Integration with Product Quantization: We
integrate the semantic search-based sparse at-
tention mechanism with product quantization,
storing only compressed codes during genera-
tion. During decoding, asymmetric distance
tables are computed at runtime, enabling ap-
proximate matching that closely approximates
full attention while significantly reducing both
computational and memory overhead.

2 Related Works

KV Cache Eviction. Several studies have focused
on reducing memory footprint by discarding his-
torically less important tokens. StreamingLLM
(Xiao et al., 2024) identifies the "attention sink"
phenomenon and addresses it by retaining initial
tokens to enhance window attention. H2O (Zhang
et al., 2023) leverages historical tokens to predict
future ones, evicting less critical tokens. SnapKV
(Li et al., 2024) and Keyformer (Adnan et al., 2024)
employ heuristic-based methods during the prefill-
ing stage to select which tokens to preserve for
decoding. However, token eviction methods (Liu
et al., 2023) permanently remove historical tokens,
leading to significant accuracy degradation in sce-
narios requiring long-term memory.

Dynamic Sparse Attention. To overcome the
limitations of eviction methods, many approaches
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Figure 2: Semantic indexing for KV cache retrieval. (a)
Empty-cluster filtering improves recall under the same
search scope. (b) Semantic similarity between tokens
and cluster centroids correlates with attention behavior,
supporting cluster-level importance estimation.

retain the full KV cache and dynamically select a
subset of KV pairs for inference. Quest (Tang et al.,
2024) and ArkVale (Chen et al., 2024a) estimate
page-level importance from key cache, reducing
the search space from individual tokens to pages.
InfiniGen (Lee et al., 2024) and ShadowKV (Sun
et al., 2024) use low-rank representations to iden-
tify important cached states. MagicPIG (Chen et al.,
2024b) uses locality-sensitive hashing to approxi-
mate token selection.

Semantic search offers a more structured way to
select relevant KV tokens. RetrievalAttention (Liu
et al., 2024a) builds graph indices for KV tokens in
main memory. SqueezedAttention (Hooper et al.,
2024a) accelerates fixed-prompt tasks by using K-
means clustering during the offline phase and se-
mantic similarity to predict relevant keys during
inference. ClusterKV (Liu et al., 2024c) and PQ-
Cache (Zhang et al., 2025) use cluster representa-
tions to retrieve similar cached states during decod-
ing. However, online clustering for certain keys
requires repeated processing for each input, incur-
ring substantial computational overhead, and the
associated latency is difficult to conceal in practice.

KV Cache Quantization. To reduce data vol-
ume in memory-bound scenarios, many quantiza-
tion techniques (Liu et al., 2021) have been specif-
ically optimized for the KV cache (Hooper et al.,
2024b; Lin et al., 2024). KIVI (Liu et al., 2024d)
applies different quantization strategies for keys
and values, quantizing keys per-channel and values
per-token to 2 bits. MILLION (Wang et al., 2025)
addresses outlier challenges by applying product
quantization (PQ) (Jegou et al., 2010) to the KV
cache. These methods aim to balance memory effi-
ciency with minimal performance degradation.

Upon improvement of previous work, Seer re-
duces computational overhead and memory access
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Figure 3: Cluster Importance and Imbalance Study. Due
to the out-of-distribution (OOD) issue, clusters with
high semantic similarity between centroid and current
query may lack keys.

by using offline training and separating KV cache
encoding. It introduces a memory-efficient sparse
attention kernel that integrates product quantiza-
tion to store compressed key codes, minimizing
memory footprint while maintaining performance.

3 Rethinking Semantic Search

3.1 Problem Formulation
During LLM decoding, self-attention retrieves in-
formation from the KV cache:

Attention(Q,K, V ) = softmax(
QKT

√
d

)V (1)

where we view KV are sets of vectors. Here, d is
the head dimension, and n is the context length.
The KV cache can be partitioned into M mutually
disjoint subsets (clusters):

K = {Kj}Mj=1,

M⋃

j=1

Kj = K,Ki∩Kj = ∅ for i ̸= j.

(2)
Our goal is to identify the union of as few subsets as
possible such that the approximate attention results
maintain accuracy:

IT =
⋃

j∈S
Kj S ⊆ {1, 2, . . . ,M} (3)

As a sparse attention mechanism, the attention
scores s, computed using the selected subset, ap-
proximate the full attention calculation:

softmax(
si√
d
)i∈IT ·VIT ≈ softmax(

si√
d
)Ni=1·V

(4)
In the following section, we analyze the compu-
tational complexity of existing semantic search
methods and study the distribution of KV cache
vectors in high-dimensional space, identifying the
root causes of their inefficiency.
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3.2 Semantic Search for Approximate
Attention

KV cache naturally supports semantic-space re-
trieval because cached keys encode contextual in-
formation. We cluster keys by representation sim-
ilarity and use centroids for coarse-grained im-
portance estimation. Although centroid attention
weights (QKT ) are lower than token-level weights
in high-dimensional space, Figure 2(b) shows that
important tokens often belong to clusters that are
also important to the query. This suggests that
cluster-level scores can approximate token impor-
tance, motivating semantic-search-based sparse at-
tention.

3.3 Inefficiency of online Clustering

For dynamic sparse attention mechanisms, impor-
tance evaluation must be performed for each token
to select the Top-K most significant tokens. Quest
reduces this overhead by computing the maximum
and minimum values per page of tokens, lowering
the complexity to O(Ld/page_size). However,
traditional semantic search methods require clus-
tering the KV caches for each prompt, with the K-
means algorithm’s complexity being O(niCLd),
where ni represents the number of training itera-
tions (typically 20-25). This makes naive semantic
search methods inefficient for KV cache sparsifica-
tion. A critical question arises: Is offline cluster-
ing feasible using irrelevant keys?

3.4 Semantic Search in KV cache

Our analysis suggests that the answer is yes, but
only when the mismatch introduced by offline clus-
tering is explicitly handled. Naive cluster-based
indexes are inefficient for KV cache retrieval (Liu
et al., 2024a). As shown in Figure 2(a), to retrieve
the Top-10% tokens, traditional IVF indexes re-
quire searching 50% of clusters to achieve a 95%
recall rate. This inefficiency arises from Out-Of-
Distribution (OOD) discrepancies between offline-
trained keys and online-encoded keys.

Analyzing key distributions in Figure 3, we ob-
serve a highly imbalanced clustering using offline
training: most tokens reside in a few clusters with
low centroid importance, while many empty clus-
ters have high centroid importance. This misalign-
ment reduces retrieval efficiency, as dominant clus-
ters contribute minimally to attention scores, and
empty clusters hinder effective token selection. In
extreme cases, the top 20% of clusters contain no
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Figure 4: Overview of Seer for efficient KV cache man-
agement.

tokens whatsoever.
To address this, we exclude empty clusters from

the search scope. Our experiments show that
searching only 10% of remaining clusters achieves
a recall rate of 0.95, validating this approach. To
minimize overhead, we perform offline training
and encode the KV cache once after prefill, reduc-
ing complexity to O(CLd). During decoding, we
compute distances between clusters and the query,
further lowering complexity to O(Cd). In long-
text scenarios where C≪ L, this method substan-
tially reduces computational overhead to a constant,
while preserving accuracy.

4 METHODOLOGY

4.1 Overview

Figure 4 provides an overview of Seer across the
stages of LLM inference. We delineate three key
phases—offline, pre-filling, and decoding—to de-
scribe an efficient algorithm and system for fast
LLM decoding, leveraging KV cache management
to mitigate semantic search inefficiency. In the of-
fline stage, sampled KV tokens are used to train
reusable centroids and PQ codebooks. In the prefill-
ing stage, the current KV cache is assigned to the
learned centroids, reordered by cluster, and com-
pressed into PQ codes. In the decoding stage, Seer
selects important active clusters and performs ap-
proximate sparse attention over their compressed
codes.

4.2 Training and Prefilling Phase

Training Phase. Figure 5 (top) shows that Seer
extracts the key representations of each attention
head from sampled historical Key-Value tokens dur-
ing offline training. For the i-th head, the input can
be written as K(i) ∈ Rs×dh , where s is the number
of sampled tokens and dh is the per-head hidden
dimension. Seer performs clustering independently
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Figure 5: Seer training and prefilling dataflow. Top: the offline training stage learns semantic centroids and
PQ codebooks from sampled KV tokens. Bottom: the prefilling stage assigns the current KV cache to learned
clusters, reorganizes tokens into cluster-contiguous buckets, and encodes them into PQ codes for approximate sparse
decoding.

for each head and compresses the original token-
level representation of size s× dh into a fixed set
of centroids, where M is the number of clusters
and typically satisfies M ≪ s.

µ(i) ∈ RM×dh , (5)

Meanwhile, Seer also trains the PQ codebook
in the offline stage. Specifically, each key vector
is partitioned along the head dimension into m
subspaces, each of dimension dm = dh/m. For
each subspace, Seer trains a sub-codebook with
2nbits codewords. As a result, the PQ codebook for
each head can be represented as

C(i) ∈ Rm×2nbits×dm . (6)

Therefore, the offline stage produces two types
of static structures: the centroids µ(i) for cluster-
level semantic routing, and the PQ codebook C(i)
for token-level approximate computation.

Prefilling Phase. As shown in Figure 5(bottom),
Seer converts the dense KV cache of the current
prompt into a cluster-organized compressed cache.
For each head, the input key and value caches are
K(i), V (i) ∈ Rn×dh , Seer assigns keys to their
nearest offline-trained centroids µ(i), reorders KV
pairs by cluster assignment so that tokens in the
same cluster are stored contiguously, records clus-
ter boundaries, and filters out empty clusters. It
then applies PQ encoding to the reordered keys

and values, producing compact key/value codes,
boundary metadata, and active-cluster indices for
decoding.

This one-time transformation avoids online cen-
troid recomputation and prepares the cache for ef-
ficient cluster-level sparse access. The theoretical
compression ratio is:

dh · fpbits
m · nbits

, (7)

excluding the small overhead of codebooks and
boundary metadata. With m = 64, nbits = 8,
and FP16 cache storage, Seer achieves 4× KV-
cache compression, comparable to 4-bit quantiza-
tion. The byte-aligned 8-bit codes are also GPU-
friendly for lookup-based kernels.

4.3 Decoding Phase

Decoding Algorithm. Algorithm 1 summarizes
the decoding procedure in Seer. Given the cluster-
organized PQ-compressed KV cache produced dur-
ing prefilling, decoding first computes the similar-
ity between the current query and all cluster cen-
troids, and then selects the top-k most relevant clus-
ters. Since tokens belonging to the same cluster
are stored contiguously, the selected clusters can
be gathered efficiently as a small set of contiguous
cache segments.

To avoid reconstructing full-precision keys, Seer
builds a query-dependent asymmetric lookup table

42121



Algorithm 1 Seer Decoding

Input: Kcode ∈ Nn×m, V code ∈ Nn×m, q ∈ R1×d,
µ ∈ RM×d, b ∈ NM+1, k, CK ∈ R2nbits×m×dm ,

CV ∈ R2nbits×m×dm ,

▷ Compute query-to-centroid attention scores
D ∈ R1×M ← MatMul(q,µ⊤)
▷ Gather tokens from top-k clusters
I ← ⋃

j∈ArgTopK(D,k)[ bj : bj+1 )
▷ Build LUT for query-key similarity
qsub ∈ R1×m×dm ← Reshape(q)
L ∈ Rm×2nbits ← EinSum(qsub,CK)
▷ Compute approximate attention scores
K

sparse
code ∈ Nsq×m ← Gather(Kcode, I)

P ′ ∈ Rsq×m ← Lookup(Ksparse
code ,L)

P ∈ R1×sq ← Sum(P ′, dim = −1)
▷ Decode values of selected tokens
V̂

sparse ← Decode(Gather(V code, I),CV )
▷ Compute attention output
S ∈ R1×sq ← Softmax(P /

√
d)

ō ∈ R1×d ← MatMul(S, V̂
sparse

)
Return ō

(LUT) from the PQ key codebook CK . Specif-
ically, we reshape the query q ∈ R1×d into m
sub-vectors, denoted as

q = [q(1), . . . , q(m)], q(u) ∈ Rdm , (8)

For each subspace u, we compute the inner prod-
ucts between q(u) and all codewords in the corre-
sponding sub-codebook of CK ,

L(u)[r] =
〈
q(u),CK [r, u, :]

〉
,L ∈ Rm×2nbits

.

(9)
Given a PQ-encoded key Kcode[i, :] =

[z
(1)
i , . . . , z

(m)
i ], its approximate similarity

with the query is evaluated by

⟨q, k̂i⟩ ≈
m∑

u=1

L(u)[z
(u)
i ]. (10)

Accordingly, for the gathered sparse key codes
K

sparse
code = Gather(Kcode, I), the kernel computes

attention scores through lookup-and-accumulate
rather than full-precision key reconstruction fol-
lowed by dense dot products.

Kernel Implementation. Figure 1 illustrates the
execution breakdown of Seer, the decoding ker-
nel has three fused stages: (1) Criticality estima-
tion. Given the current query q, the kernel first
computes its similarities to the cluster centroids.

Unlike page-based methods incur a search com-
plexity proportional to O(L/p), Seer operates on
a much smaller semantic management space with
complexity O(C), where C is the number of clus-
ters. As shown in Fig. 1(bottom), this cluster-level
cache management is more aligned with the seman-
tic structure of the KV cache and avoids scanning
many locality-preserving but semantically irrele-
vant cache regions. (2) Top-k cluster filtering.
The centroid scores are then passed to a top-k selec-
tion stage, which identifies the most relevant clus-
ters for the current query. To avoid an additional fil-
tering pass, we implement a masked top-k operator
that fuses empty-cluster elimination with top-k se-
lection. (3) Approximate attention with PQ LUT.
After top-k cluster filtering, the kernel restricts at-
tention computation to the selected cluster intervals.
Because Seer stores tokens from the same cluster
contiguously, these intervals can be accessed with
coalesced memory loads, avoiding the scattered
access pattern common in token-level sparse atten-
tion. The query-dependent LUT is generated once
per decoding step and reused across all selected en-
coded keys. The kernel then computes approximate
scores directly over PQ codes. After sparse score
computation, only the selected value codes are de-
coded and accumulated like Flash-Decoding (Dao
et al., 2022; Dao, 2024).

5 Evaluation

5.1 Accuracy Experiment
Setup. Our methods are applied to LongChat-7b-
v1.5-32k (Li et al., 2023) and Llama-3-8B-Instruct
\ Llama-3.1-8B-Instruct model (Grattafiori et al.,
2024). We validated our approach on both the
MHA model and the GQA model, demonstrating
its continued effectiveness across the latest models.
We evaluate our approach on long-context bench-
marks: Longbench (Bai et al., 2024) and Needle-
In-A-Haystack(NIAH) ([Kamradt, 2023). We eval-
uated two configurations of Seer: F-Seer, which
preserves the entire cache, and Seer, which utilizes
encoding-based compression.

Baseline. Besides full attention, we employed
various configurations of Quest (Tang et al., 2024)
and ClusterKV (Liu et al., 2024c) as our baseline
for comparison. The initial 4 tokens are preserved,
although local tokens are not retained. For Quest,
we set the page size to 16 and statically retaining
the first layer, according to the original experimen-
tal setup. For ClusterKV, we use the same K-means
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Table 1: LongBench evaluation results of Seer using full cache (F-Seer) and compressed cache (Seer). The "Budget"
row shows the expected percentage of KV cache memory loaded into shared memory. We compare Quest, ClusterKV
and Seer under the same budget 0.1 and 0.025.

Area Dataset LongChat-7b-v1.5-32k Llama-3.1-8B-Instruct

Method
Budget Full Quest

(0.1)
ClusterKV

(0.1)
F-Seer
(0.1)

Quest
(0.025)

ClusterKV
(0.025)

Seer
(0.025) Full Quest

(0.1)
ClusterKV

(0.1)
F-Seer
(0.1)

Quest
(0.025)

ClusterKV
(0.025)

Seer
(0.025)

Single-Doc QA NQA 20.99 20.52 19.74 20.95 20.45 19.10 21.63 17.76 17.28 18.26 18.78 13.76 11.14 13.99
Qasper 30.29 28.91 28.96 29.41 22.49 26.35 29.26 45.25 43.12 44.38 44.91 36.33 41.06 44.09
MFQA 42.98 40.37 42.91 43.47 32.18 34.70 37.59 49.27 49.31 49.93 50.49 45.55 46.72 49.84

Multi-D
oc QA HotpotQA 33.04 35.84 32.58 33.05 30.64 28.74 31.89 50.08 51.38 48.61 49.12 48.66 46.38 49.25

Musique 13.98 14.28 14.21 14.75 13.04 10.31 12.88 17.47 16.76 17.05 17.58 15.87 11.92 14.74
Dureader 22.31 20.20 21.02 21.55 15.82 16.28 19.09 27.52 23.64 27.34 27.99 19.12 22.09 25.14

Few-sh
ot Trec 67.00 66.00 64.50 66.50 62.00 64.60 67.50 72.00 69.50 72.00 72.00 65.00 69.00 72.00

TriviaQA 83.21 83.77 83.53 83.99 79.23 78.66 81.80 90.19 88.57 89.66 90.08 86.49 89.60 89.57
Samsum 41.55 40.94 25.96 40.87 33.72 37.91 40.78 44.23 43.55 43.62 44.14 42.02 39.18 42.10

Summarization GRep 31.13 28.76 29.72 31.05 20.04 25.74 28.52 32.91 29.25 32.12 32.76 23.64 27.02 30.07
Qmsum 23.03 22.67 22.67 22.69 21.45 19.86 22.63 23.94 22.95 23.62 24.01 21.18 19.91 22.83
MNews 26.35 24.10 25.87 26.57 8.78 23.40 26.41 26.86 26.46 26.81 27.23 21.48 27.10 27.06
VCSum 6.61 5.98 5.82 6.30 4.25 3.34 5.91 15.22 13.28 15.01 15.58 12.10 11.62 14.58

Synthetic Pc 0.00 0.00 0.00 0.00 1.50 0.00 0.00 1.71 2.05 1.02 1.50 1.62 0.00 1.78
PRz 10.50 7.50 10.50 10.50 8.46 2.51 5.14 99.00 95.00 93.97 98.00 80.25 88.56 95.50

Code LCC 52.96 44.28 52.41 53.07 14.77 50.48 53.45 65.69 62.10 63.73 65.72 50.93 63.72 63.51
RepoB. 56.86 56.58 56.31 56.88 43.74 52.82 55.74 57.74 55.55 58.26 58.92 50.20 53.48 56.39

Avg. Score 33.11 31.81 31.57 33.04 25.44 29.11 31.78 43.34 41.75 42.67 43.46 37.31 39.32 41.91
Avg. Loss 0.00 -1.30 -1.54 -0.07 -7.66 -4.00 -1.33 0.00 -1.59 -0.67 0.12 -6.04 -4.02 -1.44

configurations as Seer, setting the number of clus-
ter centroids to 512 and the number of training
iterations to 20. We also employed StreamingLLM
as our baseline, setting the recent context budget to
20% in NIAH evaluations.
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Figure 6: Needle-In-A-Haystack results. Since most of
the historical tokens have been evicted, StreamingLLM
are no longer effective for long-context retrieval. In
contrast, Seer can identify key information through se-
mantic recognition.

LongBench. We validated the effectiveness of
Seer across multiple downstream tasks, including
single- and multi-document QA, few-shot learn-
ing, document summarization, synthetic tasks and
code tasks. At a compression rate of 0.1, we com-
pared Quest and ClusterKV using a semantically
managed, full-precision KV cache with a search
over 10% of the clusters. For a compression rate of
0.025, we use compressed KV cache through prod-
uct quantization while keeping the search range
unchanged. The subspace dimension m was set to
64, with each code occupying 8 bits, achieving 4×
compression ratio, equivalent to 4-bit quantization.
According to the last row of Table 1, Seer’s aver-
age degradation is less than 3%, maintaining high
accuracy while utilizing only 1/40 of the theoreti-
cal bandwidth compared to full attention. Further-

more, F-Seer ensures lossless accuracy when the
sparsity rate is 0.1. Regardless of the different con-
figurations, F-Seer consistently outperforms Quest
and ClusterKV by an accuracy improvement of
3–10%. Moreover, Seer still surpasses Quest (0.1)
and ClusterKV (0.1) in performance, while reduc-
ing memory access by 4×, thereby demonstrating
the superior efficacy of our approach.

NIAH. We demonstrated that Seer is capable of
preserving key information within the KV cache
when applied to long-text retrieval tasks, effectively
filtering out irrelevant information. As shown in
Figure 6, Seer shows the ability to process infor-
mation at different positions across various context
windows, ranging from 1k to 32k tokens. And at
the budget of 0.05(sparse ratio 20%), Seer’s overall
score on NIAH dataset is 0.872.

5.2 Performance Experiment

Setup. Our hardware configuration comprises an
NVIDIA A40 48GB PCIe GPU, and the software
environment is configured with Pytorch version
2.5.1, CUDA version 12.4. We evaluated the per-
formance of Seer, with a budget of 0.025, using
Llama-3.1-8B-Instruct model. This configuration
implies the utilization of encoded KV cache man-
agement.

Baseline. Our baselines for performance experi-
ment are full attention, Quest and ClusterKV. All
of them are implemented by FlashInfer (Ye et al.,
2025), a fast kernel library for LLM inference. The
budget of Quest and ClusterKV is 0.1, achieving
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Figure 8: Latency comparison of Seer with baselines under the different sequence length. Regardless of attention
latency or e2e latency, the performance advantage of Seer over Quest and ClusterKV becomes more pronounced as
the prefilling length increases.

performance comparable to that of Seer in Sec-
tion 5.1. The baselines utilize page-based KV
cache management, whereas our approach employs
cluster-based encoded KV cache management.

Kernel Evaluation. We illustrate the proportion
of attention latency in decoding stage in Figure 1.
Seer outperforms Quest primarily due to reductions
in token importance estimation time and top-k se-
lection time, which are attributable to our semantic-
based efficient KV cache management approach.
Additionally, we further evaluated how the over-
head of dynamic sparsity varies with context length
in Figure 7. The time complexity disadvantage of
Quest becomes increasingly amplified as context-
length grows, whereas Seer consistently maintains
a low search overhead across different prefill sizes.

As shown in Figure 8(a), Seer significantly out-
performs FlashInfer. Benefiting from fewer tokens
after sparse, Seer’s latency exhibits minimal in-
crease with longer sentences, resulting in an in-
creasingly higher acceleration ratio compared to
FlashInfer. Seer also outperforms ClusterKV in
terms of clustering cost. At a sequence length of
32K, Seer achieves 5.57× speedup over FlashInfer,
1.35× speedup over Quest and ClusterKV.

End-To-End Evaluation. We evaluate the End-
To-End latency of Seer to demonstrate its substan-
tial potential in real-world applications. Using
Time Per Output Token (TPOT) as metric, we as-
sess the acceleration performance within a serv-
ing system. Through efficient KV cache manage-
ment, Seer significantly reduces off-chip memory
accesses, resulting in a consistent decrease in de-
coding latency compared to Quest. As shown in
Figure 8(b), at a sentence length of 32K, Seer
achieves 2× speedup relative to the full cache. Our
approach is fully compatible with other accelera-
tion techniques, such as model quantization, en-
abling further improvements in inference speed.

More comprehensive experimental results are
provided in Appendix A. Specifically, we report
perplexity evaluation under the prefilling setting in
Section A.2, examine the generalization ability of
the offline-trained index across related datasets in
Section A.3, present ablation studies on semantic
search filtering and KV-cache management in Sec-
tion A.4, and study scalability with respect to batch
size, model size, and search range in Section A.5.

6 Conclusion

In this work, we first analyze the inefficiencies
of existing dynamic sparse attention mechanisms
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in terms of computational complexity and mem-
ory consumption. We then identify the limitations
of current semantic search methods and demon-
strate how relocating clustering operations to an
offline stage can significantly improve semantic
search efficiency. To address the suboptimal mem-
ory management in dynamic sparse attention tech-
niques, we employ vector compression to optimize
the storage of KV caches and implement semantic-
based cache management, enabling high-efficiency
off-chip memory access. Finally, we validate that
Seer achieves high-generation quality across vari-
ous long-text scenarios.

7 Limitation

Our approach requires pre-training and we discuss
the cost of offline training in Section A.1. Although
our results show that offline-trained indices exhibit
a certain degree of generalization, they may still
fail when there is a significant semantic gap in the
KV cache—such as during transitions from English
to Chinese.

Seer employs semantic-driven KV cache man-
agement, where cluster sizes vary. Despite optimiz-
ing memory access through reordering, load imbal-
ance issues persist. To address this, we dynamically
partition task workloads within CUDA kernels,
which partially alleviates the problem; however,
some performance degradation remains. In future
research, we intend to explore advanced cluster
segmentation strategies to improve load balancing
and support inference systems such as vLLM.
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A Appendix

A.1 Offline Training and Generalization
Offline training protocol. Seer employs a one-
shot, lightweight offline training procedure to con-
struct model-specific semantic centroids and PQ
codebooks. Our approach requires offline pre-
training, whose cost depends mainly on the model
size and PQ hyperparameters. We first run infer-
ence once to collect training samples, but only a
small fraction of tokens is needed. This allows
the collected samples to follow the model’s nat-
ural autoregressive distribution. We exclude the
initial positions associated with attention sinks and
randomly sample historical KV tokens from the re-
maining positions. The same samples are then used
to train the semantic centroids and PQ codebooks
separately for each layer and attention head. All
evaluation prompts and datasets, including Long-
Bench, are strictly excluded from offline training.

The required number of samples is determined
primarily by the PQ configuration. For example,
when nbits = 8, each PQ subspace contains 28 =
256 centroids. We use at most 256 training samples
per centroid, resulting in a maximum of 65,536
sampled tokens. In practice, these samples can be
collected from only 2–3 sufficiently long prompts.
We use a fixed random seed for token sampling
and apply the same sampling protocol across all
evaluated models.

Training cost. The offline training cost depends
mainly on the model size and PQ hyperparameters.
Because each attention head in each layer uses
an independent set of semantic centroids and PQ
codebooks, the total cost scales with the number
of layers and attention heads. Using the FAISS
library (Johnson et al., 2019) on an AMD EPYC
7542 32-core CPU, training the index for Llama-
3.1-8B takes approximately one CPU hour in our
experiments. This is a one-time cost and can be
further reduced using FAISS-GPU. Once trained,
the index can be reused across input sequences and
downstream tasks without additional fine-tuning.

Cross-task transfer. To determine whether Seer
relies on dataset-specific index training, we eval-
uate a plug-and-play setting in which the index
is trained only once on PG19, a generic long-text
corpus that is entirely disjoint from LongBench,
and is then directly applied to multiple LongBench
tasks. Table 2 reports the results for Llama-3.1-8B-
Instruct at an attention budget of 0.1.

Despite using no LongBench data during index
training, Seer-PG19 achieves an average score of
44.98, compared with 44.52 for the target-domain
index and 46.64 for full attention. The PG19-
trained index therefore generalizes at least as well
as the target-domain index on average, indicating
that Seer learns reusable semantic structures rather
than relying on task-specific tuning.

Cross-model validation. We further evaluate the
same transfer setting on Qwen2.5-7B to verify that
the observed generalization is not specific to Llama-
3.1-8B-Instruct. As shown in Table 3, the PG19-
trained index achieves an average score of 47.20,
which is comparable to the 47.14 obtained using
the target-domain index. These results consistently
demonstrate that an index trained on a generic,
held-out corpus can be directly applied to different
downstream tasks and model families.

A.2 Perplexity

Seer primarily aims to optimize inference through-
put during the decoding stage of LLMs; however,
its applicability extends to the pre-filling stage as
well. In scenarios such as prefix sharing and multi-
turn dialogue, part of the key-value (KV) cache is
precomputed and later merged with the KV cache
generated from the current input to produce the
output during pre-filling. Therefore, in situations
where latency constraints are less strict, offline clus-
tering can be employed, and historical caches can
be sparsely loaded during pre-filling.

For our experiments, we utilize the WikiText-
103 dataset, setting the model’s context window
to 2,048. Considering the characteristics of the
pre-filling phase, we perform index searches based
on the average query token value across the tex-
tual length dimension. Additionally, we include
an optimization by incorporating neighboring to-
ken windows of 10% of the pre-filling length to
improve causal masking.

A.3 Generalization Ability

Although we train separate indices for each dataset,
the results in Table 5 indicate that indices trained
on samples from similar domains demonstrate no-
table generalization capabilities. By incorporating
key-value tokens in few-shot learning datasets, we
develop a more universal and versatile index.

The results in Table 5 show that the offline-
trained index of Seer has favorable generalization
ability across related datasets. Although training on
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Table 2: Cross-task generalization results on LongBench using Llama-3.1-8B-Instruct. All Seer variants use an
attention budget of 0.1. “Target” denotes indices trained using target-domain samples, “Seer-M” uses a few-shot
universal index, and “PG19” denotes an index trained exclusively on PG19. The best result among the Seer variants
is shown in bold.

Method / index training data NQA Qasper MFQA HotpotQA MuSiQue DuReader TREC TriviaQA SAMSum Avg.

Full attention 17.76 45.25 49.27 50.08 17.47 27.52 72.00 90.19 44.23 46.64
Seer, target-domain index 13.99 44.09 49.84 49.25 14.74 25.14 72.00 89.57 42.10 44.52
Seer-M, few-shot universal index 17.33 43.09 48.47 48.38 15.36 22.85 69.50 89.17 44.20 44.26
Seer-PG19, PG19 index 13.97 44.71 50.63 49.26 16.80 24.87 72.00 89.89 42.65 44.98

Table 3: Cross-task generalization results on LongBench using Qwen2.5-7B. Both Seer variants use an attention
budget of 0.1. The better result between the two Seer variants is shown in bold.

Method / index training data NQA Qasper MFQA HotpotQA MuSiQue DuReader TREC TriviaQA SAMSum Avg.

Full attention 28.55 43.37 52.72 58.08 30.29 30.00 72.50 89.47 45.72 50.08
Seer, target-domain index 26.92 41.76 48.80 53.71 26.13 22.00 72.50 88.85 43.59 47.14
Seer-PG19, PG19 index 26.92 41.76 48.80 53.71 26.13 21.63 72.50 89.17 44.14 47.20

Table 4: PPL results for Llama3.1-8B-Instruct and
Longchat-v1.5-7B model in WikiText-103 dataset.

Llama3.1-8B-Instruct Loss Longchat-v1.5-7B Loss

Baseline(FP16) 7.23 7.60
Ours(0.05 budget) 7.66 5.94% 7.69 1.18%

Table 5: The experiment results for the generalization
ability of Seer in Longbench dataset. "Seer-M" employs
data sampled from the dataset area of few-shot learning
to train a universal index.

Dataset Area Single-Document QA Multi-Document QA Few-shot Learning

Dataset NQA qasper MFQA hotpotqa musique dureader trec triviaqa samsum

model Llama-3.1-8B-Instruct

Full 17.76 45.25 49.27 50.08 17.47 27.52 72 90.19 44.23
Seer
(0.1) 13.99 44.09 49.84 49.25 14.74 25.14 72 89.57 42.1

Seer-M
(0.1) 17.33 43.09 48.47 48.38 15.36 22.85 69.5 89.17 44.2

the target dataset still gives the best performance in
most cases, Seer-M, which is trained only on few-
shot learning data, remains competitive on both
single-document and multi-document QA tasks.
This suggests that the index mainly captures trans-
ferable key-value matching patterns rather than
dataset-specific statistics, indicating that represen-
tative data from related domains is sufficient to
train a practical shared index.

A.4 Ablation Study
Accurate semantic search. In Section 3.4, we
filter empty cluster after encode. Empirical results
show this to be important for search efficiency. We
reduced the search range required to achieve 0.95
recall rate from 50% to 10%. We also evaluated
the change in Seer’s accuracy before and after im-
plementing filtering for empty clusters, as shown
in Table 6. The results indicate that the filtering

Table 6: Downstream accuracy
Model Longchat-7B-v1.5-32K

Dataset Hotpotqa Musique 2Wikimqa

Full 33.04 13.98 23.82
Seer 31.89 12.88 23.16

Seer w/o Filter 25.46 11 20.21

Table 7: Efficiency

Seq Seer PQ Full

8k 0.10 0.17 0.24
16k 0.12 0.29 0.46
24k 0.15 0.40 0.68
32k 0.17 0.51 0.90

mechanism is crucial for maintaining the quality of
the model’s outputs.

Efficient KV cache management. We acceler-
ate LLM decoding by reducing memory accesses
and replacing computations with Lookup table. We
present PQ and Seer attention latency(ms) in Table
7. PQ represent for encoded KV cache without
sparse. Lookup approximate contributes to the ac-
celeration significantly.

Table 8: Document QA and Few-shot learning tasks in
Longbench. Seer has not accuracy loss for 70B level
models. The config of Seer is (512, 51).

Llama-3.1-70B-Instruct

Method 2wikimqa trec hotpotqa triviaqa Avg.

Base. 61.02 75.5 51.75 83.99 68.07
Ours 61.03 75.0 51.84 83.98 67.96
Loss +0.01 -0.50 +0.09 -0.01 -0.10

A.5 Scalability Study

A.5.1 Larger batch size
We implement kernels with different batch sizes
and demonstrate that our method remains effective
as the batch size increases.

We evaluate the attention latency of the Llama-
3.1-8B-Instruct model in comparison to full at-
tention at a sequence length of 32K. The Scaled
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Figure 9: Efficiency comparison of Seer with the base-
line across different batch sizes. The acceleration effect
of Seer relative to full attention remains stable as batch
sizes vary.

Dot-Product Attention (SDPA) kernel serves as
our baseline, as it exhibits similar decoding per-
formance to FlashInfer. Our results, shown in Fig-
ure 9, demonstrate that Seer achieves a significant
speedup across all batch sizes. Notably, the latency
of Seer increases approximately linearly with batch
size, which is consistent with the baseline attention
kernel. This indicates that the computational and
memory access overhead introduced by Seer scales
proportionally with the number of requests, with-
out introducing additional batch-dependent bottle-
necks. As a result, the speedup of Seer remains
stable as batch size increases, demonstrating that
our method preserves its efficiency advantage un-
der higher-throughput serving scenarios.

A.5.2 Larger model size
To demonstrate that our approach remains effective
with larger models, we apply Seer to Llama-3.1-
70B-Instruct on the LongBench dataset. We use
TriviaQA as a sampled dataset to train the index
and evaluate performance on the WikimQA, Trec,
HotpotQA, and TriviaQA datasets.

As shown in Table 8, Seer continues to achieve
lossless acceleration in accuracy when scaling from
8B to 70B parameters. This result suggests that
the effectiveness of Seer is not tied to a specific
model size. Since Seer primarily reduces the mem-
ory access and retrieval overhead of long-context
attention, its benefits remain applicable even for
larger models, where long-context decoding is still
constrained by memory bandwidth and cache ac-
cess. These results demonstrate the robustness and
scalability of Seer for large-scale LLM inference.

A.5.3 Different Search Range
As a supplementary analysis to the main experi-
ments in Table 1, we examined the effect of varying
the number of probes on accuracy, as detailed in

Table 9: Longbench experiments for different config set-
ting of Seer. As the search range increases, the accuracy
of model also improves; however, the decoding latency
correspondingly increases.

Dataset Area Single-Document QA Multi-Document QA

Dataset NQA Qasper MFQA Hotpotqa Musique Dureader

Model Llama-3.1-8B-Instruct

Full 17.76 45.25 49.27 50.08 17.47 27.52
Seer(0.1) 13.99 44.09 49.84 49.25 14.74 25.14
Seer(0.2) 13.58 43.71 51.92 48.99 15.24 25.98

Table 9. When the search range for clusters was
increased from 10% to 20%, the accuracy improve-
ment was minimal, indicating that the configuration
used in our main experiments is already adequate.
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