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ABSTRACT

Large language models (LLMs) store Key-Value (KV) Cache
to avoid redundant computations and KV eviction methods
are used to compress KV Cache to reduce its storage over-
head. Existing KV eviction strategies focus on maintaining
critical tokens relying on attention weights or their variants,
yet this approach to gauge KV importance overlooks value
states which also contribute to attention module outputs.
To address this limitation this paper proposes the Attention
Output Projection Score (AOPS), a novel token importance
scoring approach for long sequences that integrates attention
weights and value states while remaining compatible with ex-
isting KV eviction strategies. Experimental results on Long-
Bench and Needle-in-a-Haystack demonstrate combining
this method with conventional eviction schemes consistently
enhances LLM performance.

Index Terms— Large Language Models, Key-Value
Cache Eviction, Token Importance Evaluation

1. INTRODUCTION

Large language models (LLMs) based on transformer frame-
work have been widely applied to numerous tasks [1, 2, 3,
4]. Key-Value (KV) Caches are stored during the autoregres-
sive inference procedure of LLMs to avoid repetitive opera-
tions. However, for lengthy sequences, the memory cost of
KV cache becomes substantial, creating a major memory bot-
tleneck [5]. To address this, KV cache eviction strategies have
been designed to retain a small portion of critical KV pairs in
the cache, significantly reducing storage and computational
overhead while maintaining the model’s performance.
Current KV eviction strategies generally focus on the at-
tention weights of tokens when determining which KV pairs
to retain or discard [5, 6, 7, 8, 9, 10]. These approaches oper-
ate under the implicit assumption that attention weights alone
can sufficiently indicate the importance of tokens in maintain-
ing model performance. However, in the attention modules,
attention weights only determine how much each token’s in-
formation contributes to the output, but value states are core
components that get weighted and summed to generate the fi-
nal attention output. Such strategies overlook the influential
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role of value states, which may lead to a loss of accuracy due
to misjudging the importance of tokens.

We find that the value states corresponding to tokens with
large attention weights do not necessarily make significant
contributions to the attention output. Given that the atten-
tion output is derived from the weighted vector sum of value
states based on attention weights, we employ the projection of
a value state onto the attention output to quantify the contribu-
tion of that value state to the attention output. We observe that
tokens with large attention weights are generally ineffective in
covering value states that exhibit large projections onto the at-
tention output. As an illustrative example, Figure 1 generated
on the first sample of the TREC dataset [11] presents the con-
nection between the relative cumulative attention weights of
the final token and the relative cumulative value projections
of the corresponding tokens. Here the tokens corresponding
to the horizontal axis are sorted in descending order based on
their attention weights and cumulation is applied along the
dimension of the sorted sequence. Note that we exclude sink
tokens, which are known for large attention weight but no se-
mantic information [12]. The figure shows that even when
selecting tokens that account for a large proportion of atten-
tion such as 80% the relative cumulative value projection of
these tokens remains below 40%. Based on this phenomenon
we conjecture that a KV selection method that jointly consid-
ers both attention weights and value states will yield superior
performance compared to strategies that rely purely on atten-
tion weights.

In this paper, we propose attention output projection score
(AOPS), a novel token importance scoring approach for long
input sequences that considers not only attention weights but
also magnitudes and directions of value states. First, this
method calculates the attention weights for each token in the
input sequence and uses these scores to compute the atten-
tion output of recent tokens. Subsequently, the product of
value states and attention weights is projected onto the direc-
tion of the average attention output. Finally, the KV pairs
corresponding to the tokens with the largest projection com-
ponents are retained in the cache. Experimentally, we replace
the original attention-only KV selection mechanisms of H20
[7], SnapKV [8], and FastKV [10] with our proposed method.
Evaluations conducted on the LongBench [11] and Needle-in-
a-Haystack (NIAH) [13] benchmarks demonstrate consistent
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Fig. 1. The relation between the relative cumulative attention
weights and the relative cumulative value projections based
on the first sample of TREC using Llama3.1-8B-Instruct.

performance improvements on the given model, validating the
advantages of our proposed approach. The contributions of
this study can be outlined in three aspects:

* We propose a novel token importance scoring ap-
proach, AOPS for long input sequences, which inte-
grates attention weights and the projection of value
states onto attention outputs.

e We discover that tokens with large attention weights
may have value states with small projections onto atten-
tion outputs, indicating current KV eviction methods
relying solely on attention weights may not accurately
assess a token’s importance to attention output.

* We validate the effectiveness of AOPS through exten-
sive experiments, demonstrating that its combination
with existing KV cache eviction strategies yields sta-
ble improvements in overall performance.

2. RELATED WORKS

At the outset, StreaminglLLM[14] and LM-Infinite[6] stati-
cally retain the KV pairs of initial tokens and recent tokens
with relatively high attention weights in cache. Subsequent
methods dynamically configure different sets of tokens to be
retained for different inputs based on these weights. H20[7]
and Scissorhands[5] retain the KV pairs corresponding to the
maximum attention weights and binarized attention weights
in the cache, respectively. SnapKV[8] and PyramidKV[9]
also utilize these weights as the criteria for evaluating the im-
portance of KV pairs, with PyramidKV additionally featuring
a layer-dependent cache allocation strategy where assigned
KV cache sizes decrease as layer depth increases. Prior to
evicting tokens, both methods apply a pooling operation to
the importance scores, ensuring that the KV pairs retained in
the cache maintain contextual continuity. By replacing the

Algorithm 1 AOPS

Input: Q,K,V.

Output: S.
Get attention weights for the recent window:
A = Softmax (Q : KT/\/@) :
Get attention outputs for the recent window:
O=A-V.
Average attention outputs along the query dimension:
O = Mean ((),dim = 1) .
Get importance scores of tokens by projection:
P = Mean (A,dim = 1)—r oV, S=P ~6T.
return S.

method for calculating token importance scores with our pro-
posed one, our method can reduce the accuracy loss caused by
compression. FastKV [10] incorporates hidden states com-
pression in the middle layer on the basis of selecting KVs
using pooled attention weights and the importance scores it
uses for hidden states compression are token-wise. Surpris-
ingly, applying our method to the selection of such inter-layer
hidden states also leads to an improvement in accuracy.

3. BACKGROUND

In LLMs, the attention module within each layer transforms
the hidden states of an input sequence into attention outputs
through a structured process, which is fundamental to captur-
ing contextual dependencies between tokens. First, the atten-
tion module takes the input hidden states H € R"*? where
n and d denote the sequence length and model dimension re-
spectively. Then the module generates three distinct vector
representations query, key and value states for each head via
linear mapping

Q=H W, K=H - Wg, V=H - Wy,

where W, W, Wy € R¥*dn  d, is the head dimension
of the model. Next, the module computes attention weights
to quantify the relevance between each pair of tokens by

Q'KT>
A = Soft )
So max( NG

The softmax function is applied to the scaled scores along the
sequence dimension of K, normalizing the scores such that
they sum to 1 for each query state. Finally, the attention out-
put O € R is obtained by a weighted sum of the value states
using the attention weights O = A - V. The attention output
of the module is assembled by concatenating the outputs of
all heads along the head dimension. In this computation pro-
cess, key states and value states are stored in the KV cache to
avoid redundant computations in subsequent generation.
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Table 1. Evaluation on Longbench using Mistral-7B-Instruct-v0.3 and Llama-3.1-8B-Instruct with cache size 512. The KV
cache preserved by our method outperforms the vanilla KV cache eviction methods in most tasks under each setting and
consistently achieves better overall scores than the baseline across all settings.

Single-Document QA Multi-Document QA Summarization Few-shot Learning ~ Synthetic Code
Method 2 Avg.
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508 % % % % % %% 2% Tt e o %

6, 2y B Lz Ty B h % Ty e e T
4 - £ Qy © 2 2 % v % -
Mistral-7B-Instruct-v0.3
H20 24.36 29.58 43.49 42.82 30.86 22.44 2538 23.89 2446  42.00 89.18 45.69  5.50 96.50 60.06 59.76 41.62
+AOPS 2597 31.97 44.42 43.95 31.65 22.95  25.89 24.05 24.57 43.00 88.96 45.99  5.00 96.50 60.20 60.35 42.21
SnapKV  25.61 32.92 49.09 48.37 3246 2435 2597 24.36 2439  71.00 89.61 44.56  5.00 96.00 60.83 61.87 44.77
+AOPS  25.80 33.14 48.88 48.97 33.13 24.62  26.25 24.24 2441  72.00 89.29 44.76  5.00 96.00 60.99 61.93 44.96
FastKV 2496 32.55 49.64 48.63 31.87 24.73  25.57 23.97 2394  68.50 89.44 44.80  4.50 95.00 60.23 61.36 44.36
+AOPS 2498 33.06 49.93 49.39 32.95 2596  25.51 23.66 24.05  70.50 89.50 44.75  5.00 96.00 60.21 61.59 44.82
Llama-3.1-8B-Instruct

H20 27.06 32.07 47.64 54.20 45.52 29.54  26.47 23.77 24.35 44.00 91.69 41.51  7.29 99.50 63.07 55.70 44.59
+AOPS  28.42 33.90 50.28 53.84 46.48 29.24  26.66 23.85 24.35 44.50 91.69 41.64 7.29 99.50 62.75 55.55 45.00
SnapKV  29.05 40.32 52.97 55.57 44.83 29.70  25.88 24.22 24.44  67.50 91.69 4228  8.20 99.50 64.13 57.39 47.35
+AOPS  28.38 40.33 52.86 56.01 45.02 31.10  26.43 24.37 24.60  67.50 91.94 42.72  8.16 99.50 64.48 57.13 47.53
FastKV ~ 28.96 38.86 53.82 54.45 46.72 29.74 2543 23.96 2425 6550 92.35 41.74  7.64 99.50 63.87 57.02 47.11
+AOPS  29.33 38.85 53.51 55.44 46.65 30.72  25.52 24.13 24.01  66.00 92.04 42.18 8.51 99.50 64.22 57.29 47.37

4. METHODOLOGY

In this section, we will elaborate on how our proposed method
AOPS calculates importance scores for tokens in long input
sequences based on the information from attention weights
and value states, as well as how it integrates with the exist-
ing KV eviction strategies. Algorithm 1 presents the specific
process of implementing our method.

First, our algorithm calculates the attention weight for
each token based on the query states Q and key states K of
the current layer. For efficient computation, we use the query
states within a recent window Q and key states to perform
matrix multiplication and apply the Softmax function along
the dimension of key states as suggested by SnapKV[8]. Sub-
sequently, the obtained attention weights are used to weight
and sum the value states, which yields the attention outputs
for the tokens in the recent window O. We compute the
attention-value product P by taking the dot product of the at-
tention weights and value states, which represents the vector
component of each token’s contribution to the attention out-
put. Finally, this product is projected onto the average vector
of the attention outputs and the magnitude of the projected
vector S is used as the score to evaluate token importance.
Such a method of estimating token importance via projection
size incorporates both the magnitude and direction of value
states alongside attention weights, while evaluating each to-
ken’s representational contribution to the attention output. For
methods that dynamically maintain KV pairs corresponding
to large attention weights like H20 and SnapKYV, our method

can seamlessly integrate with them by replacing the method
for calculating token importance scores with AOPS. For inter-
layer hidden state eviction such as FastKV, importance scores
of hidden states can be derived by averaging AOPS across the
head dimension.

5. EXPERIMENTS

We apply AOPS to three KV eviction methods H20, SnapKV
and FastKV. We compared the performance of the vanilla
versions of these methods with the versions integrated with
AOPS. For FastKV, the hidden states were reduced to 2048
during inter-layer compression as recommended in its orig-
inal paper. To assess the performance of different meth-
ods, we conduct experiments on 2 benchmarks LongBench
and Needle-in-a-Haystack (NIAH) using models Mistral-7B-
Instruct-v0.3[15] and Llama-3.1-8B-Instruct[16].

5.1. LongBench

LongBench acts as a thorough evaluation benchmark made
to check the long-text comprehension skills of large language
models. In this study, we conducted LongBench evalua-
tions for various tasks with a KV cache size of 512. We
report scores for sixteen tasks categorized into six types
single-document QA, multi-document QA, summarization,
few-shot learning, synthetic tasks, and code completion. As
shown in the Table 1 the KV cache preserved by our method
outperforms the vanilla KV cache eviction methods in most
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Fig. 2. We conduct NIAH evaluations for Mistral-7B-Instruct-v0.3 with KV cache sizes of 64 and 32. The horizontal axis
represents sequence length with values ranging from 1000 to 32000 from left to right. The vertical axis represents 20 different
needle placement depths. Red-to-green colors represent accuracy from 0 to 100.

tasks under each setting and consistently achieves better re-
sults than the baseline across all settings. Specifically AOPS
yields an average score improvement of 0.59 and 0.41 in
scenarios using the Mistral-7B-Instruct-v0.3 and Llama-3.1-
8B-Instruct models respectively. This indicates that when
AOPS is applied to the evicting of KV and hidden states, it
achieves a general improvement compared with the original
method that only uses attention weights.

5.2. NIAH

The Needle in a Haystack (NIAH) task assesses LLMs by in-
serting a particular key information piece into a large text col-
lection and guiding the models to retrieve this information.
In our research, we carried out the Needle in a Haystack task
under the traditional experimental setting as stated in [13].
Figure 2 shows heatmaps of NIAH evaluations accuracy us-
ing Mistral-7B-Instruct-v0.3 with KV cache sizes of 64 and
32. The horizontal axis represents sequence length with val-
ues ranging from 1000 to 32000 from left to right. The verti-
cal axis represents 20 different needle placement depths with
values ranging from 0% to 100% from top to bottom. The left

and right columns in Figures 2(a) and 2(b) represent the KV
Cache Eviction method without and with AOPS respectively.
The AOPS-enabled version achieves higher accuracy than the
original method under two different cache sizes. The AOPS
can bring accuracy improvements of 33.74 and 9.49 under the
cache sizes of 32 and 64 respectively. The improvement ef-
fect of our method becomes increasingly significant as the KV
cache size decreases.

6. CONCLUSION

This paper proposes attention output projection score (AOPS),
a novel token importance score that can be integrated into ex-
isting KV eviction methods. AOPS calculates each token’s
attention weight from key states and recent query states then
uses these scores to obtain attention output. It computes the
attention-value product and projects this product onto the
average attention output vector with the projected magnitude
as the token importance score. Experimental results on Long-
Bench and Needle-in-a-Haystack demonstrate that combining
this scoring method with conventional compression schemes
consistently enhances the overall performance of LLMs.
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