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ABSTRACT

The autoregressive attention mechanism in large language models
(LLMs) enables the avoidance of redundant computations by stor-
ing Key-Value (KV) caches. Existing KV cache compression meth-
ods primarily target either the prefilling or decoding stage. How-
ever, most accelerate only the decoding phase, rendering the prefill-
ing stage time-consuming for long prompts. Given that shallower
layers demonstrate reduced tolerance to compression, we propose
ShrinKV, a training-free KV cache compression strategy that re-
duces latency across both stages by progressively shortening hidden
states at regular intervals and compressing KV states derived from
these reduced representations. Experiments on needle-in-a-haystack
tasks and various long context understanding tasks demonstrate that
ShrinKV outperforms state-of-the-art methods, while speeding up
the prefilling stage by over 2.4× compared to the full caches.

Index Terms— Large Language Models, KV Cache Compres-
sion, Hidden States Compression, Prefilling Acceleration

1. INTRODUCTION

Currently large language models (LLMs) are generally built on
decoder-only transformers whose autoregressive attention mecha-
nism relies on frequent access to key-value (KV) pairs from the prior
context. KV caching enhances generation efficiency by storing these
historical data to preclude redundant computations. Nevertheless,
as input or generated sequence lengths grow, the storage footprint
of KV caches expands proportionally, necessitating compression to
mitigate memory overhead and avert bottlenecks [1, 2]. By em-
ploying KV cache compression strategies, LLMs can efficiently
handle long-sequence tasks while preserving performance, thereby
extending their applicability to diverse practical scenarios.

The inference of LLMs comprises prefilling and decoding. Pre-
filling latency directly impacts the response speed from user input to
the generation of the first output token which is a core metric for user
perception of interaction fluency [3, 4]. Most KV cache compres-
sion methods either target the decoding stage [5, 6] or compress the
KV cache of long prompts into short sequences during prefilling for
decoding-stage inference [1, 7, 8, 9]. In both scenarios, prefilling la-
tency remains unimproved because such methods require computing
full-length attention, which scales quadratically with input sequence
length, prolonging the time-to-first-token (TTFT) for long prompts.
GemFilter[10] reduces TTFT by compressing prompts into shorter
versions . However, since this approach compresses the prompt prior
to the most compression-sensitive initial layer, it requires a large KV
cache budget to preserve accuracy. A recent method, FastKV [11],
compresses hidden states subsequent to the model’s middle layer.

∗ Bo Jiang is the corresponding author.

This method accelerates the prefill phase with minimal loss in accu-
racy. Nevertheless, because half of the layers continue to process
full-length hidden states, prefill latency remains significant. Ad-
ditional techniques to expedite prefilling exist in other dimensions
such as sparse attention [12] or reducing memory access [13]. These
approaches are orthogonal to KV cache compression methods.

In this paper, we propose ShrinKV, a KV cache compression
strategy tailored to the prefilling stage, which further reduces prefill-
ing latency. ShrinKV progressively shrinks hidden states at regular
layer intervals and further compresses KV states derived from these
shrunken hidden states into the cache. This progressive compression
approach is motivated by the observation that hidden states exhibit
decreasing sensitivity to compression as layers are closer to the out-
put. This aligns with intuition: the closer a layer is to the output,
the fewer subsequent layers will be affected by its compression, and
this can be verified across numerous tasks. The left graph in Fig. 2
plots the accuracy degradation across layers 4, 8, and 12 under dif-
ferent hidden state shrinkage ratios on Qasper, suggesting that layers
closer to the input text exhibit lower compression tolerance. A paral-
lel phenomenon is observed in KV cache compression: LLM layers
closer to the output layer exhibit lower sensitivity to KV cache com-
pression [4, 14, 15]. ShrinKV presents the first KV compression ap-
proach with recurrent hidden state compression and the hidden state
length difference versus existing methods is shown in Fig. 1.

Specifically, ShrinKV compresses hidden states at regular layer
intervals, where a portion of hidden states with the highest impor-
tance scores is retained. These importance scores are determined
by the product of the attention weights and the magnitude of value
states. The rationale for our importance score lies in the inconsis-
tency between attention weights and value states. Counterintuitively,
the inconsistency between attention weights and value states per-
sists across various tasks. For example, in the right graph of Fig. 2,
we plot the overlap ratio between the token index sets of the top
10% attention weights and those of the top/bottom 10% value state
norms on HotpotQA. Tokens with large attention weights overlap
with those corresponding to large-norm value states in only about
20% of cases. Meanwhile, their overlap with small-norm value states
averages nearly 10% and is even higher in early layers, revealing that
large attention weights frequently coincide with value states of small
norm. Our contributions are as follows:

• We propose ShrinKV, a KV cache compression method that
reduces prefill latency by progressively compressing hidden
states at regular layer intervals.

• We evaluate ShrinKV on NIAH and LongBench, verifying
that ShrinKV achieves competitive performance against state-
of-the-art baselines under the same cache size.

• Our latency analysis shows that ShrinKV accelerates the pre-
fill phase by over 2.4× compared to using the full cache.
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Fig. 1. The length of hidden states across model layers varies among different KV compression approaches. The blue squares represent
retained hidden states, and the white squares represent discarded hidden states.

Fig. 2. (left) The accuracy on Qasper of compressing hidden states after 4, 8 and 12 layers with a cache size 128 on Mistral-7B-Instruct-v0.3.
(right) Overlap ratio between token index of top 10% attention weights and token index of top/bottom 10% value states’ norms on HotpotQA.

2. PRELIMINARY

LLMs comprise multiple layers of attention modules, where L de-
notes the number of layers. Typically, during the prefilling stage,
for a specific layer l, LLMs compute key states and value states us-
ing the hidden states output by the previous layer, xl−1, and store
these states in KV caches to avoid redundant computations in subse-
quent inference steps. Here, we provide an overview of how LLMs
predict the first token from an input prompt. We first present a for-
mulation of the calculation procedure within the attention module
during the prefilling stage. Let D denote the dimension of hidden
states and N denote the length of the prompt. Accordingly, the
hidden states xl have the shape of N × D. Let H represent the
number of heads in each layer, and let d represent the dimension
of each head. H denotes the set of head indices {1, · · · , H}. In
layer l of the attention module, for head h, LLMs use three matrices
Wl,h

Q ,Wl,h
K ,Wl,h

V ∈ RD×d to transform hidden states into query
states, key states and value states Ql,h, Kl,h, Vl,h ∈ RN×d respec-
tively. We use (1) and (2) to specify the operational dimension of a
function. The output of the attention module Ol ∈ RN×D is defined
as

Ol = cat
(2)
h∈H

{
softmax(2)

(
Ql,hKl,h⊤

/
√
d
)
Vl,h

}
Wl

O.

Here, Wl
O ∈ RHd×D transforms the weighted sum of value states

into the output of the attention module. The input to the next layer,
xl, is derived from the output of the current attention module Ol

through a feed-forward network (FFN). The hidden states input to
the first attention layer are the vector embeddings of the original
prompt, denoted as x0. The final hidden states xL are used to predict
the first token following the prompt.

Algorithm 1 Compression Procedure of ShrinKV
Input: xl, Sequence Length N .
Parameter: Total Layers L, Observation Window w, Cache Size b,
Groups G, Stages s, Shrinkage Ratio r.
Output: xl+1, Cl.

1: ▷ KV Compression in Attention Module:
2: Get Ql,H,Kl,H,Vl,H from xl.
3: Al,H

w = softmax(2)
(
Ql,H[−w :]Kl,H⊤

/
√
d
)

.

4: sH = sum(1)
(
Al,H

w

)
⊙ ∥Vl,H⊤∥(1)2 , sHp = maxpool

(
sH

)
.

5: Il,g = TopK
(∑gH/G

h=(g−1)H/G+1 s
h
p , b

)
, g ∈ G.

6: Cl,K =
{
Kl,HG/G

[
Il,G

]}
, Cl,V =

{
Vl,HG/G

[
Il,G

]}
.

7: Cl =
{
Cl,K ,Cl,V

}
.

8: ▷ Inter-layer Hidden States Compression:
9: Get Ol from l-layer attention module.

10: if L
s
| l and l < L then

11: x′
l+1 = FFN(Ol), SH

p = maxpool
(
sH

)
.

12: Il = TopK
(∑H

h=1 S
h
p ,max (b, ⌊N · r⌋)

)
.

13: xl+1 = x′
l+1

[
Il
]
.

14: else
15: xl+1 = FFN(Ol).
16: end if

3. METHODOLOGY

This paper introduces ShrinKV, a simple yet effective training-free
KV cache compression method designed to accelerate the prefilling
stage by compressing of hidden states between consecutive layers.
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Table 1. Longbench evaluation using Llama3.2-1B-Instruct and Mistral-7b-Instruct-v0.3 with KV cache size 512 and 128.
Llama3.2-1B-Instruct Mistral-7b-Instruct-v0.3

Methods

SD
-Q

A

M
D

-Q
A

Sum
m

.
Few

shot
Synthetic

Code

Avg.

SD
-Q

A

M
D

-Q
A

Sum
m

.
Few

shot
Synthetic

Code

Avg.

Full 27.85 24.00 25.90 61.47 3.00 41.03 31.61 39.23 38.01 28.82 70.70 51.25 62.00 47.30

Cache Size = 512

SnapKV 24.82 22.70 21.68 56.94 2.75 39.56 28.94 35.87 35.06 24.91 68.39 50.50 61.35 44.77

GemFilter 20.91 25.64 21.71 50.11 3.43 29.26 26.28 30.99 33.49 24.12 63.04 26.08 40.76 36.78
FastKV 24.63 23.25 21.39 54.29 2.75 40.49 28.57 35.82 34.90 24.29 67.36 50.00 60.78 44.30
ShrinKV(8 Stages) 23.78 23.57 21.41 54.54 2.68 40.89 28.57 34.39 35.24 24.38 66.41 49.00 61.31 43.87
ShrinKV(4 Stages) 23.48 23.11 21.33 54.33 2.93 41.33 28.45 35.57 35.36 24.50 67.84 50.25 60.74 44.49

Cache Size = 128

SnapKV 21.00 21.42 18.47 49.40 4.02 38.67 26.02 31.61 32.20 21.87 59.08 48.00 55.74 40.11

GemFilter 15.30 19.11 17.52 38.21 2.59 26.56 20.54 19.47 16.70 19.09 48.68 3.89 33.21 24.13
FastKV 21.08 21.13 17.67 48.52 2.46 39.54 25.57 30.16 32.23 21.15 59.30 48.75 55.31 39.79
ShrinKV(8 Stages) 20.43 20.75 17.82 47.76 2.38 40.49 25.38 29.54 32.15 21.42 59.51 45.03 54.94 39.23
ShrinKV(4 Stages) 20.64 20.96 17.90 48.31 2.84 39.63 25.53 30.37 32.45 21.36 60.45 49.25 55.48 40.21

ShrinKV estimates the importance score of each token using the
corresponding attention weights and value states. At regular layer
intervals, the method performs inter-layer compression on hidden
states according to these scores. Within each attention module, our
method compresses the key and value states into the KV cache with
predefined size, where these compressed states serve as the histori-
cal context for the decoding stage. The entire algorithm is detailed
in Algorithm 1.

3.1. Hidden States Compression

ShrinKV compresses hidden states after layers nL/s for n =
1, · · · , s − 1, where s represents the number of shrinkage stages
and satisfies s | L. This procedure is illustrated in lines 9-12 of Al-
gorithm 1. When the hidden state compression process is triggered,
the algorithm first calculates token-level importance scores based on
attention weights and value states, and designates the set of token
indices corresponding to the highest scores as the retention index set
Il. Following SnapKV [8], maxpool is applied to the importance
scores prior to index selection, preserving contextual coherence.
ShrinKV reduces the hidden state length to r× its former length at
each compression step where r ∈ (0, 1) . The index Il is determined
by the positions of tokens corresponding to the top ⌊N · r⌋ values in
the token-wise importance scores Sh

p . For hidden states scheduled
for compression after layer l, the uncompressed states are denoted
as x′

l+1 in the algorithm, and the compressed ones as xl+1. The
compressed hidden states xl+1 are computed by retaining elements
from x′

l+1 according to the coordinates specified in Il. After hidden
state compression, subsequent attention calculations during the pre-
filling stage operate on the compressed sequence length rather than
the original prompt length, thereby reducing the computational time
required for prefilling.

The importance score of each KV pair in a layer is calculated
as the product of attention weights and the norm of value states, as
outlined in lines 2–3 of Algorithm 1. To efficiently estimate the at-
tention weights during compression, we employ a recent observation
window of size w within query states following SnapKV [8]. Since

the attention module output relies on weighted value state sums via
attention weights and we observe an inconsistency between attention
weights and value states as shown in the right graph of Fig. 2, our
algorithm computes head-wise importance scores sH by multiplying
estimated attention weights with value state norms.

3.2. KV Cache Compression

ShrinKV compresses key states and value states to obtain the KV
cache. We present our algorithm for KV cache compression in the
context of GQA [16], a widely used efficient attention computation
method that allows multiple query states to share the same KV. Sup-
pose the groups of heads are G = {1, · · · , G}, with each group
containing H/G heads. The KV cache compression procedure is
illustrated in lines 4–7 of Algorithm 1. For each token, we sum
the pooled head-wise importance scores sH within the same group
to compute the group-wise importance score, as shown in line 5 of
Algorithm 1. The retention indices of key states and value states, de-
noted as Il,g , correspond to the positions of tokens with the highest
group-wise importance scores. The key cache Cl,K and value cache
Cl,V are then selected using these retention indices.

4. EXPERIMENTS

We evaluate ShrinKV on Needle-in-a-Haystack (NIAH) [17] and
long context understanding tasks in LongBench [18]. We compare
ShrinKV with three state-of-the-art KV cache compression methods:
SnapKV [8], GemFilter [10], and FastKV [11]. For GemFilter the
full-length prompt is propagated to the middle layer to facilitate its
prompt compression. For FastKV, hidden states are reduced to half
their original length. For our method, we set the shrinkage ratio to
0.70 and 0.84 for 4-stage and 8-stage compression, respectively, in
ShrinKV. Under this setting, the length of hidden states in each layer
is less than or equal to that of FastKV. Empirical results show that
our model not only incurs less precision loss during compression but
also achieves significant acceleration during the prefill stage.
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Fig. 3. The NIAH evaluation for Mistral-7B-Instruct-v0.3 with a KV cache size of 64. The horizontal axis represents context length, and the
vertical axis represents the needle’s depth percentage.

Fig. 4. TTFT evaluation for different methods with various input sequence length.

4.1. TTFT Evaluation

We evaluate the time-to-first-token (TTFT) for different methods
across varying input sequence lengths on an NVIDIA RTX 3090
GPU as shown in Fig. 4, with a cache size of 512. In the left graph,
we plot the TTFT of SnapKV, FastKV, ShrinKV, and full cache sce-
narios using Llama3.2-1B-Instruct [19]. As shown in the graph,
ShrinKV achieves a 2.4× acceleration compared to full cache and
SnapKV at a sequence length of 64k and exhibits a smaller TTFT
than FastKV at the same length. The advantage of ShrinKV in TTFT
becomes more pronounced as sequence length increases. The right
graph presents the results using Mistral-7b-Instruct-v0.3 [20]. Here,
our method maintains improved TTFT compared to SnapKV and
FastKV. Although 4-stage ShrinKV exhibits slightly slower TTFT
than GemFilter, our method demonstrates significantly less accu-
racy degradation on downstream tasks under the same conditions,
as shown in the LongBench evaluation results in Table 1.

4.2. Needle-in-a-Haystack

The NIAH task evaluates LLMs by hiding a specific key piece
of information (“the needle”) within a lengthy text corpus (“the
haystack”) and prompting the model to extract it. We conduct NIAH
under the classical setting [17]. We conduct NIAH evaluations for
Mistral-7B-Instruct-v0.3 with a KV cache size of 64. The experi-
ments systematically vary 32 text lengths up to 32k and 10 different
needle positions, ranging from 0% to 100% depth percentage, cre-
ating a total of 320 scenarios to test retrieval accuracy. We use a
red-to-green gradient to represent accuracy from low to high and
generate heatmaps for the accuracy of different methods, as shown
in Fig. 3. The average accuracy of each method is given at the top
of its corresponding heatmap, revealing that ShrinKV with 8-stage
compression achieves higher accuracy than SnapKV, GemFilter, and
FastKV. Specifically, ShrinKV provides a 1.16% average accuracy
improvement over SnapKV, which propagates the full prompt across
all layers.

4.3. Long Context Understanding

LongBench [18] is a comprehensive evaluation benchmark designed
to assess the long-text understanding abilities of large language mod-
els across various tasks. We perform LongBench evaluations for
Llama-3.2-1B-Instruct and Mistral-7B-Instruct-v0.3 with KV cache
sizes of 512 and 128. As shown in Table 1, we provide average
scores by category and the overall average score for 16 tasks be-
longing to 6 categories. The best score among FastKV, GemFilter,
and ShrinKV is highlighted in bold. Using Llama-3.2-1B-Instruct,
ShrinKV achieves scores close to those of FastKV and SnapKV with
a cache size of 128. GemFilter attains the best scores for most task
categories but has a lower average score compared to FastKV and
ShrinKV. Using Mistral-7B-Instruct-v0.3, ShrinKV achieves higher
average scores than FastKV and GemFilter across different cache
sizes. As summarized in the table, our method achieves an over-
all score improvement of 7.71 over GemFilter and 0.19 over FastKV
with a cache size of 512. With a cache size of 128, ShrinKV achieves
an overall score improvement of 16.08 over GemFilter and 0.42 over
FastKV.

5. CONCLUSION

In this paper, we propose ShrinKV, a training-free KV cache com-
pression strategy for the prefill stage that reduces prefill latency. Ob-
serving that sensitivity to compression decreases as the layers of
LLMs deepen, ShrinKV progressively shrinks hidden states after a
regular number of layers and compresses KV states. Motivated by
the inconsistency between attention weights and the magnitudes of
value states, we use the product of attention weights and the norm
of value states as importance scores for retaining KV and hidden
states. Evaluations on NIAH tasks and the multi-task benchmark
LongBench confirm that ShrinKV yields competitive results com-
pared to state-of-the-art methods. Latency analysis demonstrates
that ShrinKV can accelerate prefill by more than 2.4× relative to
using a full KV cache.
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