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Abstract. As transformer-based large language models (LLMs) evolve,
the need for efficient inference, particularly in managing the KV cache
during the decoding phase, has intensified. However, the increasing se-
quence lengths in LLMs lead to substantial memory usage, which hin-
ders their practical deployment. Existing cache eviction strategies, pri-
marily based on accumulated attention scores, tend to prioritize early
tokens, causing unstable performance and neglecting the integration of
key metrics for dynamic cache management. To address these challenges,
we propose AUV, an innovative cache eviction framework. AUV intro-
duces a novel attention score aggregation method to mitigate the un-
even eviction. It combines two complementary metrics: Total Attention
Level and Strong Attention Frequency, by integrating the aggregated
attention score with the usage count. Furthermore, AUV adopts a multi-
step eviction strategy along with an eviction compensation mechanism
to optimize both efficiency and accuracy. Finally, AUV improves KV
cache management to avoid fragmentation. Through extensive experi-
ments with OPT models, we demonstrate that AUV outperforms ex-
isting methods, including H2O, NACL, and full cache, under low cache
budgets, achieving greater accuracy while maintaining throughput. No-
tably, AUV achieves a 10 percentage point improvement over H2O in the
BERTScore-F1 metric when retaining only 2% KV cache budget. These
results highlight the potential of AUV to reduce memory consumption
without sacrificing performance.

Keywords: Large language models · Transformer · KV cache eviction
· Attention score aggregation · Usage count.
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1 Introduction

In the context of rapid advances in artificial intelligence technologies, large
language models(LLMs) based on transformer architecture [15] have demon-
strated exceptional performance and gained widespread application. Inference
with large-scale autoregressive language models can be divided into two stages:
prefill and decoding. During the prefill phase, the model processes the entire in-
put sequence in parallel, computing Keys and Values for all input tokens, which
allows for high GPU parallelism. In contrast, the decoding phase generates new
outputs in an autoregressive manner. To avoid redundant calculations at each
step, the common approach is to store all previously computed Keys and Values
as KV cache.

However, these models typically contain billions or even trillions of param-
eters, and as the generated sequence length increases, the size of the KV cache
grows linearly with the sequence length. This results in significant strain on
GPU memory, becoming a major bottleneck in practical applications. Existing
work to mitigate the pressure on the KV cache focuses primarily on improving
memory layout to reduce internal and external fragmentation, and on evicting
low-importance token states.

A representative work, the vLLM system [7], employs a PagedAttention
mechanism, which introduces a paging mechanism similar to operating system
paging. Divides the KV cache into fixed-size memory blocks, allowing noncon-
tiguous storage, and thereby eliminating fragmentation. However, while paging
alleviates memory fragmentation, it does not actively reduce the actual cache
size. As the sequence length grows, the cache will eventually reach its limit. Evic-
tion strategies based on attention values, such as H2O [24], have shown that only
a small number of tokens (heavy hitters) contribute most of the attention value.
Therefore, it suffices to retain only the Keys and Values for these important
tokens, significantly reducing memory consumption.

Although these methods mitigate the KV cache pressure, they still have lim-
itations. First, although studies like NACL [2] observed that the heavy hitters
retained by H2O were mainly concentrated at the beginning of the sequence,
the reason for this was not fully explored. NACL addresses this by selecting
random numbers, but this method lacks interpretability and can result in the
eviction of important tokens. Second, current KV cache eviction strategies typi-
cally focus only on aggregated attention scores, which is insufficient. We observe
two complementary metrics for KV cache eviction: Total Attention Level and
Strong Attention Frequency. Total Attention Level refers to the extent to which
the current key is tended by subsequent queries. Eviction strategies such as H2O
use this metric. Strong Attention Frequency tracks how often a key is attended
to with high attention by subsequent queries. Methods like Scissorhands [11]
employ a similar approach, evicting tokens that are rarely handled with care.
To our knowledge, there is no eviction strategy that integrates both of these
metrics.

To holistically address these limitations, we propose AUV, a unified eviction
framework that incorporates multiple synergistic innovations. We first investi-
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gate the root cause of the uneven eviction issue, which stems from the aggrega-
tion method used for attention scores. Most eviction methods, including H2O,
rely on accumulated attention scores, with methods such as SnapKV [9] using
clustering based on accumulated scores, Pyramid [1] employing instruction-based
accumulated attention scores, and NACL using proxy token-based accumulated
scores. We introduce a new attention score aggregation method that thoroughly
resolves this issue. We also address the second limitation through a new ap-
proach, inspired by the classical page replacement algorithm, the Second Chance
Algorithm. This method introduces a usage count mechanism, ensuring that to-
kens that have been strongly attended to recently are given a chance to be
retained, even if their accumulated attention score is low. This approach com-
bines both Total Attention Level and Strong Attention Frequency in the eviction
strategy, achieving high hit rates. Additionally, to avoid the performance over-
head caused by overly complex strategies, we implement a multi-step eviction
strategy to further enhance efficiency. To improve the accuracy of the model,
evicted key-value pairs are not entirely discarded. Instead, some information is
retained using the reconstructed K(V) method. Moreover, during the process
of storing new KV cache and performing KV cache eviction, improper memory
management can result in excessive fragmentation, leading to inefficient mem-
ory utilization and significantly degrading system performance. To address this
issue, we propose a memory management method based on scatter filling and
positioning pointers, which effectively prevents memory fragmentation.

Experimental results demonstrate that AUV can maintain or even surpass
the performance of full cache under extremely limited cache budgets, exhibiting
excellent stability and adaptability. Our main contributions of this work can be
summarized as follows:

– We introduce an innovative attention score aggregation mechanism in our
AUV to address the issue of uneven eviction.

– We design a dual-metric eviction strategy in our AUV based on usage count,
and further optimize efficiency, accuracy, and memory management.

– We validate the effectiveness of the proposed method across multiple models
and datasets, demonstrating that it outperforms H2O and NACL in terms
of accuracy, while achieving a significant throughput improvement compared
to H2O.

2 Related works

2.1 Static Sparse Attention

LM-Infinite [4] and StreamingLLM [17] cache the initial token and the last L
tokens’ keys and values. MInference [6] and FlexPrefill [8] combine predefined
structures with dynamic computation to balance stability and efficiency, but
still fundamentally rely on static sparsification patterns. Although these static
sparsification approaches are computationally efficient, they lack flexibility and
do not perform optimally across varying input sequences.
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2.2 Computation Efficient Sparse Attention

SpargeAttn [21] uses rapid attention map prediction and perceptual Softmax in
a two-stage process to filter out unnecessary matrix multiplications. Twilight [10]
leverages a hierarchical Top-p (nucleus sampling) strategy to adaptively prune
attention. XAttention [18] incorporates block-level importance evaluation based
on anti-diagonal sums. NSA [19] uses coarse-grained token compression and fine-
grained token selection to implement its dynamic hierarchical sparsity strategy.
These methods significantly reduce computational load during the prefill phase
but do not alleviate memory consumption during the memory-bound decoding
phase.

2.3 Adaptive KV Cache Eviction

The Attention-Gate method [20] introduces lightweight gating modules within
LLMs. However, this method requires training or fine-tuning, making its appli-
cation to existing models costly. A class of methods dynamically selects KV pairs
based on heuristics or attention signals, eliminating the need for model training
or fine-tuning. H2O [24] dynamically retains the latest tokens and "heavy hitter"
tokens. SnapKV [9] clusters and identifies important features for each head based
on observation window. Scissorhands [11], similar to H2O, retains "key tokens"
with high probability during inference. SparQ Attention [13] eliminates unim-
portant KV cache using approximate attention scores. InfLLM [16] divides the
KV cache into blocks and selects representative tokens for each block. NACL [2]
combines attention-based "proxy token" eviction with random eviction. However,
most of these methods rely on flawed attention score aggregation strategies for
eviction and consider only a single evaluation metric.

3 AUV

3.1 KV Cache

As illustrated in Fig. 1, in the decoding stage of large language models, the
token at timestep t undergoes a series of transformations to become the query
vector Qt of each head for the current timestep. This query vector is then dot-
multiplied with the key vectors K1:t from all previous timesteps to obtain the
attention scores. These scores are scaled and passed through a softmax func-
tion to normalize them. Subsequently, the value vectors V1:t from all previous
timesteps are weighted according to the normalized scores and summed to pro-
duce the attention vector for the current timestep. This vector is then processed
through additional transformations to generate the token for the next timestep,
tokent+1. The Attention calculation formula is as follows:

Attention(Qt,K1:t, V1:t) = softmax

(
QtK

T
1:t√

dk

)
V1:t (1)
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Fig. 1: In the KV Cache illustration, the light-colored regions represent data that
are redundant in comparison to traditional attention computation and can be
omitted when using the KV Cache.

By caching the previously computed key and value vectors, redundant com-
putations during each decoding step are avoided, thereby significantly reducing
both computational and memory access overhead.

3.2 Attention Score Aggregation in the Prefill Stage

In the prefill stage, existing methods for selecting important keys, represented by
H2O, typically perform aggregation by accumulating attention scores column-
wise. However, this approach has two main drawbacks. First, due to the presence
of masks, the number of valid elements increases with the row index, causing
earlier keys to attend to more queries and thus accumulate higher aggregation
scores. Second, under the softmax mechanism, where each row sums to one, a
decreasing number of valid elements leads to score concentration in the upper-left
submatrix, further amplifying the aggregation scores of earlier keys.

In Fig. 2, consider an example with four tokens, where the pairwise query-key
inner product scores are identical. The resulting attention score matrix has each
row consisting of equal valid elements summing to 1. H2O aggregation method
accumulates the attention scores column-wise for each key. It is evident that
the aggregation scores vary significantly between keys, and using these scores as
eviction importance criteria would prioritize retaining earlier tokens. Although
the score differences between keys are reduced in the average method, eviction
would still prioritize earlier tokens. We propose a new aggregation method which
first scales each row using the following formula:

xij = xij ·
Ni

Nmax
(2)

where xij represents the value at row i, column j of the attention score
matrix, Ni is the number of valid values in the current row (excluding masked
values), and Nmax is the maximum number of valid values in any row.
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Fig. 2: Comparison of attention score aggregation methods: H2O, Average, and
AUV.

This scaling function normalizes each row to the same scale while preserving
the relative magnitudes of the elements. Averaging each column then yields more
equitable aggregation scores.

It should be noted that directly averaging the attention score matrix without
applying Softmax yields similar results. This is because, in this example, the
pairwise scores are identical. In cases with varying scores, Softmax amplifies
differences through exponentiation, leading to significantly different outcomes.

3.3 KV Cache Eviction in the Decoding Stage

Before performing KV cache eviction in the decoding stage, the usage count of
the keys needs to be updated. After computing the new attention score vector by
performing a query-key interaction across all timesteps, the top-k highest scores
are selected, indicating that the corresponding keys were used at the current
timestep. The usage count for these keys is incremented by 1. The aggregation
of the attention scores involves combining the current attention score vector
with the aggregated attention scores in the prefill stage according to the rules
introduced in Section 3.2.

At the same time, the aggregated attention score needs to be updated using
the following formula:

AAS′ =

(
attnScore · Ni

Nmax
+AAS · scoreCount

)
scoreCount′

(3)

where

scoreCount′ = scoreCount+ 1 (4)

In this formula, attnScore represents the attention score, AAS refers to the
aggregated attention score, and scoreCount indicates the count of scores being
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aggregated. The attention score is scaled using the method described in Section
3.2. Then, the sum of the past AAS is added. Since the aggregation is performed
by averaging, and the number of elements aggregated at each position is not the
same, the score count is also a vector. After obtaining the sum, the average is
computed by dividing by the total count, which is the sum of the previous score
count and the count of the current step.

Naive Version of Single-Step Eviction The implementation of eviction
based on usage count follows the steps of the second chance algorithm, as shown
in the naive version in Fig. 3. First, the keys are sorted by AAS in ascending
order. Then, they are traversed from top to bottom. If the usage count of the
current key is 0, the corresponding key-value pair will be evicted. Otherwise,
the usage count of the current key is decremented by 1, and then the next key
will be checked. Since the usage count for all keys in Fig. 3 is greater than 1, no
eviction is found during the first traversal. The process then restarts, and since
the usage count keeps decreasing, the evicted key-value pair will eventually be
found. After traversing three times, the usage count of one key reaches 0, and it
is evicted in the fourth round.

However, this approach requires one sorting step and multiple traversals,
which results in a high time overhead. Thus, we consider ways to optimize this
process.

Key AAS Usage Count

sort by AAS After traversing three times

Evicted TokenLowest Usage Count

optimized version

naive version
get evicted token

Select keys with lowest usage count get evicted token

Fig. 3: Eviction flow of two single-step eviction versions.

Optimized Version of Single-Step Eviction Upon observation, it is evident
that the key to be evicted always has the lowest usage count. Therefore, we
propose an improvement to this process, as shown in the optimized version in
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Fig. 3. First, all keys are traversed once to identify those with the lowest usage
count. Note that there may be more than one such key. Then, among the selected
keys, the one with the lowest value of AAS is selected for eviction.

This method only requires two traversals to identify the evicted key-value
pair. However, each traversal still incurs time overhead, so further optimization
is considered.

Multi-Step Eviction We use a multi-step eviction approach to avoid the time
overhead incurred by single-step evictions. This also allows past keys to interact
more thoroughly with new queries and to aggregate more effectively, improv-
ing eviction accuracy. If we continue with the single-step eviction process, first
checking usage count and then checking AAS, it becomes difficult to determine
how many indices to select based solely on usage count. As observed in the pre-
vious section, the primary factor for evicting a key-value pair is the value of
the usage count. In cases where the usage count is equal, AAS value is used
as the secondary criterion. To address this, we construct a composite vector for
multi-step eviction, the composite vector is constructed as follows:

compositeV ector = usageCount ·max (AAS) +AAS (5)

Here, the usage count of each key is multiplied by the maximum value in
AAS, and then the values of AAS are added to form the composite vector. To
evict the top-k key-value pairs, we select the indices of the lowest values in the
composite vector.

Additionally, to prevent the composite vector from becoming too large and
causing overflow, the usage count is updated after each eviction. The formula is
as follows:

usageCount′ = (usageCount−min (usageCount)) · α (6)

In this step, the minimum value in the usage count vector is subtracted.
This can reduce the computational burden for subsequent calculations without
affecting the results. To further refine this, after each multi-step eviction, the
past usage counts are multiplied by the decay factor α to counteract some of the
errors introduced by the time-step difference.

This method also requires only two traversals but only performs the eviction
at the final step of Multi-Step, significantly reducing the time overhead.

Reconstructed K(V) To improve accuracy, we aggregate the information of
evicted key-value pairs into the reconstructed K(V).The formula for this is as
follows:

rcsKV ′ =

(
rcsKV · SES

)
+

n∑
i=1

KV ·AESi

SES′ (7)
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Where:

SES′ = SES +

n∑
i=1

AESi (8)

In this formula, n is the number of evicted pairs, rcsKV is the reconstructed
K(V), AESi is the aggregated attention score for each evicted key-value pair,
and SES refers to the sum of all AES. Each evicted key (value) is fused into re-
constructed K(V) by weighted averaging according to their aggregated attention
scores.

3.4 KV Cache Memory Management

Memory Management in Single-Step Eviction In single-step eviction, the
memory is typically managed using circular pointers and scatter filling. By main-
taining a specific region, all KV cache entries can be efficiently stored. Fig. 4
illustrates the memory management during single-step eviction. The size of K(V)
is (sequence length, batch× attention heads, hidden size) . Each head has one
evicted element. The latter half of the sequence is treated as the local area. KV
cache in this area will not be evicted, as these new keys have not accumulated
enough usage count, and the number of elements aggregated by their correspond-
ing AAS values is insufficient. Therefore, eviction occurs only in the older KV
cache entries within the candidate area.

Within the local area, there is a circular pointer that points to the oldest of
the local tokens. The oldest element is scatter-inserted into the evicted area as
shown in the figure below. Then, the newly generated element is inserted at the
position of the circular pointer, and the pointer moves to the next position. This
process achieves eviction replacement without occupying additional memory or
creating fragmentation.

Memory Management in Multi-Step Eviction As discussed earlier, the
time overhead of single-step eviction is relatively large. Therefore, a multi-step
eviction version of memory management is introduced. As shown in Fig. 4, during
multi-step eviction, the sequence length is expanded to three times the length
of the local area to accommodate more new elements. Multi-step eviction starts
when the number of incoming new elements equals the length of the local area,
and the number of evicted elements also equals the local area length. The reason
for this is to ensure that each key has been exposed to a number of queries equal
to the length of the local area before eviction, achieving a dynamic equilibrium
effect.

The pointer managing the positions of new elements is called the positioning
pointer, which in the figure points to the end of the matrix, indicating that the
current local K(V) cache is full. After obtaining the eviction index, the elements
in the current local area are scattered to the evicted positions. The positioning
pointer is then reset to receive the next new element.
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Candidate Token Local Token Oldest Token Evicted TokenNew Token

positioning pointer

Single-Step Eviction 

Multi-Step Eviction

sequence
length

batch × attention heads

hidden size

next step

scatter

next step

circular pointer
circular pointer

positioning pointer

scatter

Fig. 4: KV cache memory management with single-step and multi-step (4-step)
eviction.

4 Experiments

In this section, we evaluate the performance of our method (AUV) through
a series of experiments, comparing it with existing approaches across different
datasets and cache budget scenarios. Additionally, we conduct ablation studies
to assess AUV from both accuracy and throughput perspectives, analyzing the
contributions of the various components of the method.

4.1 Experimental Setup

For our experiments, we selected the OPT (Open Pre-trained Transformer)
model [22], which has demonstrated strong language generation capabilities
and has been pre-trained on large-scale corpora. We conducted experiments
with two versions of the model: OPT-13B and OPT-30B. All experiments were
run on a single GPU. We selected three datasets for evaluation: XSUM [12],
CNN/DailyMail [14, 5], and Newsroom [3]. From each dataset, we randomly se-
lected 1,000 samples.

We evaluated the performance using two categories of metrics. The first cat-
egory is BERTScore [23], a metric based on the BERT model, which measures
the semantic similarity between the generated text and reference text. The sec-
ond category is ROUGE (Recall-Oriented Understudy for Gisting Evaluation),
which measures the lexical overlap between the generated and reference texts. We
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use three specific ROUGE metrics: ROUGE-1 (overlap of unigrams), ROUGE-2
(overlap of bigrams), and ROUGE-L (longest common subsequence). For both
metrics, we report the F1 score.

4.2 Comparison with Existing Methods

In this section, we compare the performance of our proposed method with three
existing KV cache eviction methods: H2O, NACL, and full cache (i.e., no evic-
tion).

- H2O: The first method to propose retaining "heavy-hitter" tokens based
on aggregated attention scores, significantly reducing memory usage while main-
taining performance, but it may overlook important factors like token usage
frequency.

- NACL: The latest advancement in KV cache eviction, combining attention
scores with token usage history for more dynamic eviction decisions, but its
performance may be unstable due to randomness in token selection.

Since all three methods performed well at higher cache budgets, we chose
to focus on more challenging lower-budget scenarios. We reduced the KV cache
budget to 2%, 4%, 6%, 8%, and 10% of the prefill size, representing a reduction
of the cache by factors of 50x to 10x, and observed the performance trend as the
budget was compressed.

Fig. 5: Comparsion results between the baseline model with our AUV, H2O,
NACL and Full cache.

The results in Fig. 5 indicate that, with only 2% of the budget, our method
(AUV) outperforms H2O by 10 percentage points when using the OPT-30B
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model. Moreover, in all low-budget scenarios, H2O shows poor performance,
suggesting that it fails to retain the most important tokens. However, H2O is sta-
ble, and its performance gradually improves as the budget increases. The NACL
method exhibits significant fluctuations, indicating that it may evict important
tokens due to its random eviction strategy, leading to unstable performance.
In contrast, our method either steadily increases in performance from a lower
starting point or performs similarly to full cache, sometimes even exceeding full
cache. This demonstrates our methods ability to filter out unimportant infor-
mation effectively. Overall, AUV provides stable performance and consistently
outperforms other methods.

Table 1: ROUGE scores on XSUM, CNN/DailyMail, and Newsroom datasets.
Models Methods XSUM CNN/DailyMail Newsroom

ROUGE-1 ROUGE-2 ROUGE-L ROUGE-1 ROUGE-2 ROUGE-L ROUGE-1 ROUGE-2 ROUGE-L

OPT-30B

Full 35.5 13.9 24.8 24.4 10.3 19.3 26.3 7.5 21.7
AUV 31.3 10.3 28.5 23.2 5.5 18.3 24.0 8.2 22.3
H2O 27.6 7.9 21.5 21.3 6.4 14.8 17.8 3.6 14.4

NACL 28.2 8.4 21.9 19.6 5.0 14.9 22.0 5.7 19.4

OPT-13B

Full 34.3 12.3 27.9 24.7 7.8 18.0 22.7 7.5 19.3
AUV 34.7 12.9 27.2 21.3 8.4 15.5 21.6 7.6 17.2
H2O 21.4 6.1 17.2 12.8 2.5 10.9 15.1 5.6 13.4

NACL 33.2 12.8 26.9 18.1 5.6 13.2 16.9 4.7 13.4

Table 1 shows the highest scores achieved by each model for each dataset
at a 10% compression rate. The highest scores are highlighted in bold. It is
evident that AUV and full cache dominate the top scores, with AUV performing
similarly to full cache, outperforming H2O and NACL.

4.3 Ablation Study

Accuracy Ablation Study In this experiment, we evaluate the accuracy of
different versions of the method using the XSUM dataset and BERTScore F1
scores.

As shown in Fig. 6 (a), modifying the attention score aggregation rule (V1)
results in a performance trend similar to that of H2Oshowing steady improve-
ment but without a substantial breakthrough. In contrast, the introduction of
the multi-step eviction method based on usage count (V4) leads to a significant
performance improvement, achieving a new level. Finally, the AUV, which incor-
porates the maintenance vector and decay factor, further enhances performance.

Throughput Ablation Study In this experiment, we evaluate the throughput
of different versions of the method using the XSUM dataset with the OPT-13B
model. The evaluation is conducted with a batch size of 1, after warming up
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Fig. 6: Ablation study. In addition to H2O, Full cache, and AUV, we also com-
pared several versions of AUV: only modifying attention score aggregation rule
(V1), naive single-step eviction (V2), optimized single-step eviction (V3), multi-
step eviction based on usage count (V4).

with 100 samples, and measuring the number of tokens generated per second
over 1,000 samples.

As shown in Fig. 6 (b), the naive single-step eviction (V2) requires multiple
rounds of traversal to identify eviction candidates, making it the slowest among
the four methods. However, it still performs slightly better than the full cache,
which incurs higher communication and computation costs due to caching all KV
pairs. This highlights the importance of KV cache eviction. After optimizing the
single-step eviction (V3), throughput shows a slight improvement, but the evic-
tion computation cost remains relatively high, and the performance trend does
not show significant improvements with varying budgets, rendering it inferior to
H2O. With the multi-step eviction optimization, throughput improves substan-
tially, reaching 5-8 times that of the full cache, and continues to increase as the
cache budget is reduced.

5 Conclusion

In this paper, we present a novel AUV framework for efficiently performing KV
cache eviction in large language models (LLMs). Our approach introduces a new
attention score aggregation technique that avoids primarily retaining early to-
kens. It combines two complementary metrics based on a usage count mechanism,
ensuring more efficient eviction with high hit rates. By integrating multi-step
eviction strategy, compensation mechanism, and KV cache memory manage-
ment, the method maintains high accuracy and throughput. Through extensive
experiments on the OPT models, the robustness of AUV is validated, demon-
strating consistent advantages in both accuracy and memory efficiency. These
results confirm that AUV provides a significant improvement in both memory
efficiency and model performance under constrained conditions.
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Future work will explore extending AUV’s applicability to other Transformer-
based models and tasks. Additionally, we plan to further compress KV cache by
incorporating quantization and low-rank mapping techniques, and provide more
refined budget management for different attention heads and model layers. The
ability of AUV to maintain high performance under strict memory constraints
makes it a promising solution for optimizing LLMs in applications.
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