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Abstract

Large language models (LLMs) utilize key-value (KV) cache
to store historical information during sequence processing.
The size of KV cache grows linearly as the length of the se-
quence extends, which seriously affects memory usage and
decoding efficiency. Current methods for KV cache eviction
typically utilize the last window from the pre-filling phase
as queries to compute the KV importance scores for evic-
tion. Although this scheme is simple to implement, it tends
to overly focus on local information, potentially leading to
the neglect or omission of crucial global information. To
mitigate this issue, we propose Judge Q, a novel training
method which incorporates a soft token list. This method only
tunes the model’s embedding layer at a low training cost. By
concatenating the soft token list at the end of the input se-
quence, we train these tokens’ attention map to the original
input sequence to align with that of the actual decoded to-
kens. In this way, the queries corresponding to the soft tokens
can effectively capture global information and better evaluate
the importance of the keys and values within the KV cache,
thus maintaining decoding quality when KV cache is evicted.
Under the same eviction budget, our method exhibits less
performance degradation compared to existing eviction ap-
proaches. We validate our approach through experiments con-
ducted on models such as Llama-3.1-8B-Instruct and Mistral-
7B-Instruct-v0.3, using benchmarks including LongBench,
RULER, and Needle-in-a-Haystack. Results indicate an im-
provement of approximately 1 point on the LongBench and
over 3 points on RULER. This proposed methodology can be
seamlessly integrated into existing open-source models with
minimal training overhead, thereby enhancing performance
in KV cache eviction scenarios.

Code — https://github.com/Mambaaaaaaaaa/Judge-Q

1 Introduction

Large language models (LLMs) have demonstrated remark-
able performance across a wide range of domains, including
language modeling (Hendrycks et al. 2020; Suzgun et al.
2022), text comprehension (Rajpurkar et al. 2016; Joshi
et al. 2017), and code understanding (Chen et al. 2021; Jain
et al. 2024). Currently, many scenarios (Liu et al. 2025a,b;
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Figure 1: Difference between current KV cache eviction
methods and ours when calculating the importance score of
key-value pairs during prefilling stage. We utilize trainable
soft tokens to effectively leverage global information.

Chen et al. 2025; Lu et al. 2025a,b) involve input sequences
with over ten thousand tokens, such as books, code reposito-
ries (Kocisky et al. 2018; Zhang et al. 2023a), and dialogue
systems with long-term histories (Li et al. 2024a). LLMs
employ KV cache to store historical information during the
pre-filling stage, and reuse them during decoding. The size
of KV cache increases linearly with input sequence length.
In long sequence scenarios, KV cache often consumes sub-
stantial memory space, posing a significant bottleneck for
inference, particularly in resource-limited environments.

To tackle the challenge of excessive memory consumption
by KV cache, a series of KV cache eviction methods (Zhang
et al. 2023b; Li et al. 2024b; Cai et al. 2024) are proposed
from the perspective of directly reducing the elements within
KV cache during the pre-filling stage. Li et al. (2024b)



observe that only a small portion of tokens in the prompt
have high attention scores which contain crucial information
to generate satisfactory responses. These strategies leverage
the characteristics of auto-regressive language models and
the observation that questions often appear towards the end
of inputs. They typically choose queries from the last win-
dow during pre-filling to calculate the importance scores of
key-value pairs based on attention. By retaining the top-k
most important portions and discarding the rest, they effec-
tively manage the size of the KV cache.

This straightforward approach of directly selecting the
last window is simple to implement, however, it has lim-
itations. Firstly, it tends to overly focus on local informa-
tion within the last window while neglecting global con-
tent, which can result in potential information loss. Addi-
tionally, if the last window does not contain question, the
performance of these methods often significantly degrades.
In fact, the primary objective of KV cache eviction is to
reduce memory usage while maintaining decoding quality.
Therefore, identifying the key-value pairs that are crucial for
decoding the subsequent tokens is logical and ideal.

In this paper, we discover that directly using the orig-
inal decoded tokens to select critical key-value pairs pre-
serves high decoding quality, representing the theoretical
upper bound of KV cache eviction methods. However, dur-
ing the prefilling stage, the actual decoded tokens are not
available. Inspired by this phenomenon, we propose a train-
ing method called Judge Q. This approach involves intro-
ducing a list of soft tokens into the model’s vocabulary and
leveraging them to perform KV cache eviction during the
pre-filling stage. Specifically, during the training phase, we
concatenate these soft tokens directly to the end of original
input sequence. The soft tokens are trained to align the atten-
tion map to input sequence with that of the actual decoded
tokens, enabling the soft tokens to capture global informa-
tion effectively. This process incurs minimal training costs,
as it involves training only the parameters associated with
the soft tokens in the model’s embedding layer, while keep-
ing the rest of the model’s weights frozen. During inference,
we similarly append these soft tokens to the end of the origi-
nal input sequence in the pre-filling stage. The queries corre-
sponding to soft tokens are used to calculate the importance
scores of the key-value pairs in KV cache across the entire
input sequence. Based on these scores, we retain the top-k
key-value pairs with the highest scores and discard the rest.
After the pre-filling stage, the soft tokens are also removed.
The pruned KV cache is then used for the subsequent de-
coding process. We conduct experiments using two models,
Llama-3.1-8B-Instruct (Dubey et al. 2024) and Mistral-7B-
Instruct-v0.3 (Jiang et al. 2023), trained with self-generated
data from the ShareGPT dataset (share Al 2023). Our method
is evaluated on LongBench (Bai et al. 2023), RULER (Hsieh
et al. 2024), and Needle-in-a-Haystack (Kamradt 2023).
Compared to other methods performing KV cache evic-
tion during the pre-filling stage, our approach consistently
achieves superior results under the same budget and more
closely approaches the theoretical upper bound of using ac-
tual decoded tokens.

The main contributions of this paper are as follows:

32241

* We propose Judge Q, a novel training method that allevi-
ates the limitations of existing KV cache eviction meth-
ods, which tend to focus excessively on local information
while overlooking global content during pre-filling.

The proposed method can be adapted to any open-
source model with minimal training costs. By fine-tuning
only the embedding layer of the model, it enhances the
model’s performance in KV cache eviction scenarios.

Experimental results on three benchmarks demonstrate
that our method outperforms existing KV cache eviction
methods during the pre-filling stage under the same bud-
get, with significant gains in low-resource settings. No-
tably, our approach achieves nearly 1 point improvement
on LongBench and over 3 points on RULER.

2 Related Works
2.1 KYV Cache Eviction

To address the challenge of reducing the memory footprint
of KV cache, a series of methods are proposed from the per-
spective of reducing the number of elements in KV cache.
These strategies can effectively control KV cache size by
evaluating the importance of key-value pairs within the input
sequence during pre-filling, retaining only those with high
importance scores and discarding less critical ones. This ap-
proach is grounded in the observation of the sparsity of at-
tention (Zhang et al. 2023b) and that only a small portion
of tokens convey essential information for response gen-
eration during the pre-filling stage (Li et al. 2024b). Most
of these methods compute the cumulative attention scores
of key-value pairs with respect to queries within the local
window during the prefilling stage, which are used as the
corresponding importance scores for eviction. Methods like
H20 (Zhang et al. 2023b) and Scissorhands (Liu et al. 2023)
perform dynamic KV cache eviction, while approaches (Li
etal. 2024b; Chen et al. 2024; He et al. 2025) conduct a static
eviction. Additionally, some work (Feng et al. 2024; Cai
et al. 2024; Yang et al. 2024a) focuses on dynamically al-
locating budgets to optimize memory usage. Although these
methods achieve effective KV cache eviction during pre-
filling stage. As shown in Fig 1,their directly relying on
the queries of local window to score the importance of key-
value pairs often results in an overemphasis on local infor-
mation while neglecting global content, thereby limiting per-
formance. Therefore, it is essential to develop a KV cache
eviction method that can retain more information during the
prefilling stage to support subsequent generation effectively.

Besides the mainstream KV cache eviction methods men-
tioned above, there are also other KV cache eviction ap-
proaches from different perspectives. Devoto et al. (2024)
use the L2 norm of the key vector as the importance score of
key-value pair. Ge et al. (2023) adaptively select and apply
different eviction strategies for different layers and heads.
Lookahead Q-Cache (Wang et al. 2025) utilizes decoded
pseudo queries to guide KV cache eviction. And Xiao et al.
(2023) propose StreamingL.LM, which only retains the to-
kens from the beginning and the local segments. While Xiao
et al. (2024) train the heads of model to selectively utilize
streaming attention and full attention.
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Figure 2: Performance degradation of different pruning
methods on Single-QA tasks before and after prompt adjust-
ment, with all methods having a KV budget of 512 tokens.

2.2 KYV Cache Compression

In addition to KV cache eviction methods, memory space
can also be conserved by compressing the representation of
KV cache. Xu et al. (2024) identify substantial redundancy
in the channel dimension of KV cache, and propose THINK,
which reduces memory usage by retaining only the essential
channels of KV cache vectors. Besides direct channel dis-
carding for dimension reduction, some methods (Singhania
etal. 2024; Zhang et al. 2024; Chang et al. 2025) utilize tech-
niques such as Singular Value Decomposition (SVD) and
Principal Component Analysis (PCA) to effectively reduce
the dimension of key and value vectors in KV cache.

Moreover, Bolya et al. (2022); Wan et al. (2024)focus on
merging KV cache representations at token level, enabling
key-value vectors to store more information per element,
thus shrinking KV cache size. Furthermore, several stud-
ies (Sun et al. 2024; Yang et al. 2024b; Wu and Tu 2024)
exploit the similarities of KV cache representations across
different layers and employ cross-layer KV cache sharing to
reduce its memory footprint.

3 Observations

Although existing KV cache eviction methods achieve mem-
ory reduction at the expense of small performance degrada-
tion, our empirical analysis reveals several fundamental lim-
itations that constrain their practical effectiveness.

(1) Directly utilizing queries from the last window for im-
portance calculation may lead to information loss. Cur-
rent KV cache eviction methods during the pre-filling phase
are predominantly designed based on the observation that
the problem contexts tend to occur at the end of inputs.
These methods typically compute importance scores for KV
cache using the queries corresponding to the tokens in the
last window. However, they are problem-specific and do
not effectively preserve essential information. When the last
window does not contain the question, such methods often
experience significant performance degradation. To evalu-
ate this limitation, we conduct experiments using Single-
QA tasks from LongBench, systematically modifying the
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KYV Cache Budget

Method

128 256 512
Full KV-gen 38.27 39.29 39.80
StreamingLLM 30.50 31.79 32.64
H20 33.67 34.27 35.30
SnapKV 34.31 36.56 38.31
PyramidKV 34.08 36.00 37.58

Table 1: The performance of different pruning methods on
LongBench using Llama-3.1-8B-Instruct, all methods are
under the same settings in Sec 5. The result of Full KV is
41.23. The optimal results are highlighted in bold.

prompt template by moving the question components from
their conventional terminal position to the initial segment.
Meanwhile, the prompt is adjusted to ensure semantic co-
herence. Under this modified setting, we evaluate the rel-
ative performance degradation of existing eviction methods
before and after the prompt adjustment. As illustrated in Fig-
ure 2, the performance degradation of these pruning methods
becomes more serious after prompt adjustment. This indi-
cates that these methods suffer from information loss during
importance calculation and are unable to adequately capture
and process global contextual information.

(2) KV cache eviction guided by queries corresponding
to actual decoded tokens yields excellent results. On
the other hand, our findings suggest that directly using the
queries corresponding to the actual decoded tokens to com-
pute the importance scores of key-value pairs in KV cache
for pruning can achieve highly effective results. We eval-
uate on the LongBench with Llama-3.1-8B-Instruct, lever-
aging FullKV-generated responses to guide KV cache evic-
tion. The results are compared against other eviction meth-
ods. The experimental results, as shown in Table 1, demon-
strate that under the same budget, the pruning method based
on the actual response outperforms other pruning methods.
This indicates that the decoded tokens are better at capturing
global information. This observation is also logically consis-
tent: since the pruned KV cache is ultimately used for decod-
ing subsequent tokens, directly retaining the key-value pairs
most important to the decoded tokens yields highly effec-
tive results, representing the theoretical upper bound of KV
cache pruning methods during the pre-filling stage. How-
ever, during the pre-filling stage, the content of decoded to-
kens is not yet known in advance. Therefore, it is essential to
develop an approximate pruning method that can utilize to-
kens from the pre-filling stage to identify critical key-value
pairs that closely align with those selected based on actual
decoded tokens.

4 Method
4.1 Framework of Judge Q

Motivated by the shortcomings of existing KV cache evic-
tion methods during the pre-filling stage mentioned in Sec-
tion 3, we propose the framework “Judge Q” to address these
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Figure 3: The framework of Judge Q. We specifically show the details of training, prefilling, and decoding stages. The number

of soft tokens in the figure is set n = 4.

issues. The framework introduces a set of learnable soft to-
kens into model’s vocabulary, requiring fine-tuning of the
embedding layer. It is illustrated in Figure 3. The training
procedure is carefully designed to equip these tokens with
enhanced global information awareness, while correspond-
ing modifications during inference ensure these tokens ac-
tively guide optimized KV cache eviction.

4.2 Training Model With Soft Tokens

Before training, we define the number of soft tokens as n
and expand the model’s vocabulary by appending these to-
kens. During the training process, we exclusively fine-tune
the subset of parameters in the model’s embedding layer that
correspond to these soft tokens, while keeping the remain-
ing parameters frozen. We construct our training set using
50,000 samples from the ShareGPT dataset, with processing
details provided in the repository. Each sample contains two
fields: prompt and response, where the response represents
the model’s actual output for the given prompt.

To train the soft tokens to effectively capture global in-
formation, we optimize their attention patterns to align with
those of the response tokens. Specifically, the soft tokens
and the response tokens are individually concatenated with
the prompt tokens:

Input,,, = Concat (Prompt, Soft) €))

Input,,,, = Concat (Prompt, Resp) 2

Next, we calculate their attention scores with respect to the
prompt, and average these attention scores across the token
dimension to derive the attention map. The training objective
is to minimize the Mean Squared Error (MSE) between these
two attention maps.

resp

1 n

Agort = - Z Attention(Prompt, Soft;) 3)
i=1
1 m

A = oo Z Attention(Prompt, Respj) )
j=1

1
L = MSE (Asofta Aresp) = EH Aote — Aresp Hz 5
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This approach ensures that the soft tokens are trained to
focus on prompt regions critical for generation, achieving
more informed KV cache eviction during inference.

4.3 Optimizing KV Cache Eviction via Soft
Tokens during Inference

During inference, we leverage the trained soft tokens to per-
form KV cache eviction. Similarly to training procedure, we
append n soft tokens sequentially to the end of original in-
put. In the pre-filling stage, we compute the attention map of
soft tokens with respect to the input, as formulated in Eq 3.
Based on this attention map, we retain the key-value pairs
corresponding to the top-k highest scores while discarding
the rest. The soft tokens act as probes, which are removed af-
ter this pruning step, and the model continues decoding from
the end of the original input using the pruned KV cache.

5 Experiments
5.1 Experimental Setting

Training data and configuration. We train models using
a subset extracted from ShareGPT dataset (shareAl 2023).
As described in Sec 4.2, this subset comprises 50,000 sam-
ples, with 45,000 from the common domain and 5,000 from
computer. Experimental validation indicates that choosing
n = 32 provides an effective balance between training
efficiency and generalization. We conduct experiments on
Llama-3.1-8B-Instruct and Mistral-7B-Instruct-v0.3.

Baselines. To validate the effectiveness of our method, we
select three commonly used and effective KV cache eviction
methods as baselines. During the evaluation, all baselines
are tested under the same settings, i.e., local window size
and pooling configurations, etc.

* StreamingLLM (Xiao et al. 2023) heuristically retains
the key-value pairs corresponding to the beginning of the
input as well as those from the local window.

* H20 (Zhang et al. 2023b) utilizes cumulative attention
scores as importance scores. For ease of implementa-
tion, we adopt the approach outlined in (Cai et al. 2024),
where the tokens from last window during the pre-filling
stage are used as queries to compute importance scores.
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62.00
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88.32
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89.46
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31.47
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44.61
44.42
46.03
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6.00
5.50
6.00
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95.00
96.00
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38.74
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50.80

34.84
43.08
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44.00
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34.84
39.85
42.31
42.31
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41.50
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70.50
68.00
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31.06
45.67
44.72
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47.06
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5.50
5.50
3.50
7.00

83.50
97.50
97.50
96.50
96.00

40.35
51.56
52.01
51.93
51.65

35.90
44.43
45.67
45.23
45.68

36.37
40.93
44.04
43.76
44.48

Table 2: Performance comparison of different methods on LongBench under different budgets across various LLMs. The best
result is in bold and the second best result is underlined. The local window size of all baseline is 32, and the length of soft tokens
in our method is also 32. In the method, StrLLM and PyraKV correspond to Streamingl.LM and PyramidKV respectively.

e SnapKYV (Li et al. 2024b) calculates attention scores us-
ing tokens within the local window and applies a pooling
mechanism to derive the final importance scores, ensur-
ing consistency in KV cache eviction.

e PyramidKYV (Cai et al. 2024) builds on SnapKV by dy-
namically allocating budgets across layers, with the bud-
get gradually decreasing as the layer depth increases.

Benchmarks. We evaluate methods using three com-
mon benchmarks for KV cache eviction: LongBench (Bai
et al. 2023), RULER (Hsieh et al. 2024), and Needle-in-a-
Haystack (Kamradt 2023), and compare the performance of
our method against baselines under multiple budgets.
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5.2 Main Results

Results on LongBench. As shown in Table 2, under the
same budget, our method outperforms these KV cache evic-
tion baselines by approximately 1 point and even by up to
2.6 points. Moreover, the lower the budget, the greater the
improvement achieved by our method. In addition, in certain
tasks, the performance of our method even surpasses that of
Full KV. This demonstrates the effectiveness of our method.

Results on RULER. We evaluate the performance of the
methods under different budgets with input lengths of 8192
and 32768, respectively. The experimental results are pre-
sented in Table 3. Our method significantly outperforms all
baselines, consistently maintaining an advantage of over 3



Method
Full KV StrLLM H20 SnapKV
Sequence Length = 8192

Budget
PyraKV Ours

wn

= 256 87.18 1445 2871 57.83 56.86 63.13
a; 512 87.18 1695 41.61 62776 61.19 69.24
~ 1024 87.18 21.89 5322 68.21 66.30 74.12
e Sequence Length = 32768

g 256 78.82  13.08 23.83 53.51 5325 56.31
S 512 78.82  14.00 34.02 57.87 57.01 63.08
= 1024 7882 1629 43.56 61.64 60.60 67.55
¢! Sequence Length = 8192

°? 256 81.87 1055 15.06 42.44 4035 52.72
gz 512 81.87 1281 21.28 53.12 50.14 61.95
; 1024 81.87 1798 30.09 61.74 58.69 71.24
S Sequence Length = 32768

T 256 73.46 995 1132 2625 2467 33.48
= 512 7346 1069 13.16 33.05 31.69 40.83
= 1024 7346 1192 1620 40.63  39.13 49.97

Table 3: Performance on RULER under different budgets
across various LLMs. The number of samples in the test
dataset is 100, and all other settings are the same as Table 2.

points and and peaking at nearly 10 points. Additional re-
sults under other settings are provided in the repository.

Results on Needle-in-a-Haystack. The experimental re-
sults are shown in Figure 4. It is evident that our method sig-
nificantly exceeds all baselines, indicating its robust perfor-
mance in retrieval scenarios. Detailed visualization results
are available in the repository.

6 Discussion
6.1 The Effect of Soft Tokens

Based on the test results on benchmarks in Sec 5.2, we can
observe the effectiveness of our method. We further conduct
experiments to explain the advantages of the soft tokens.

Soft tokens can improve the critical key-value hit rate.
As discovered in Section 3, utilizing actual decoded tokens
to guide KV cache eviction can yield excellent results, and
it can be considered the theoretical upper bound of KV
cache eviction methods. To evaluate this, we introduce a new
metric called the critical key-value hit rate. As defined in
Equation 6, this metric measures the overlap between the
key-value pairs selected by the current eviction method and
those chosen using real decoded tokens under the same bud-
get. By measuring the critical key-value hit rate, we can di-
rectly compare the discrepancy between the current eviction
method and the theoretical upper bound.

‘ Icur N Iresp |

HitRate(Icun Iresp) = (6)

| Tresp |

According to the experimental results in Sec 5.2, SnapKV
performs the best among all baselines. Therefore, we only
compare the hit rate of Judge Q and SnapKV under dif-
ferent budgets. We preform evaluation using Llama-3.1-8B-
Instruct on LongBench. As shown in Table 4, the critical
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key-value hit rate of our method consistently exceeds that of
SnapKV by approximately 8 points across various budgets.

Performance on Llama-3.1-8B- Instruct
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Figure 4: Performance on Needle-in-a-Haystack. The set-
tings are the same as previous experiments. We set the mini-
mum length to 4000, the maximum length to 32000, and the
intervals for the document depth percent to 10.

This indicates that during the KV cache eviction pro-
cess, our method is more effective at retaining important
key-value pairs that meet decoding requirements, preserving
more information and enhancing model’s performance. It is
also consistent with the training objective of Judge Q, which
is to train soft tokens to identify key-value pairs that closely
approximate those selected by actual decoded tokens.

KV Cache Budget
Method
128 256 512
SnapKV 53.44 55.23 58.46
Ours 61.37 62.34 65.06

Table 4: Critical key-value hit rate of our method and
SnapKV on LongBench under different budgets.

Using soft tokens for eviction can ensure the quality of
generated content. We further evaluate the effectiveness
of Judge Q. Following the prompt template adjustment set-
tings described in Section 3, we test the proportion of perfor-
mance degradation when the question is placed at the start
of the prompt. Under the same settings, our method exhibits
less than 7% performance loss, which is lower compared to
the approximately 10% loss observed in baselines.

Dataset
Method
MATH-500 AIME24
SnapKV 52.4 31.1
Ours 55.0 37.8

Table 5: Performance on text continuation tasks, under a
budget of 25% of average output length. Specifically, the
budget is set to 1024 for MATH-500 and 3072 for AIME24.



Performance of Different Training Data on LongBench
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(a) Performance of Llama-3.2-1B-Instruct on LongBench across
training datasets (SG = ShareGPT, Wiki = Wikipedia_en, Git =
GitHub repos), using consistent setup and a budget of 512.
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(b) Loss and trainable parameters under different numbers of soft
tokens during training on Llama-3.1-8B-Instruct. The hyperparam-
eters used for training are the same as prior experiments.

Figure 5: The impact of data quality and the number of soft tokens.

Additionally, we conduct experiments on text continua-
tion tasks. Specifically, we apply the Judge Q framework
to DeepSeek-R1-Distill-Llama-8B (DeepSeek-Al 2025) and
evaluate its performance on the MATH-500 (Lightman et al.
2023) and AIME24 (MAA 2024) datasets. For each dataset,
the model initially generates responses for individual ques-
tions. Subsequently, we extract the last 768 tokens from the
generated responses, and perform KV cache eviction be-
fore continuing to generate responses. Finally, we evaluate
the results of the regenerated outputs. As shown in Table 5,
our method exhibits strong performance in KV cache evic-
tion under long-output scenarios. Notably, in the case of
AIME24, where the output exceeds 10,000 tokens and only
one-quarter of the tokens are retained, our method signifi-
cantly outperforms SnapKV.

Case Study

Prompt: You are given a story, which can be either a
novel or a movie script, ... Question: What is Saltram’s
living situation? Answer: (31406 tokens)

SnapKV Response: He is living with the Saltrams,
who have a large house. x

Judge Q Response: He is living with the Mulvilles in
their drawing room. v'

Full KV Response: He is living with the Mulvilles at
Wimbledon. v/

Gold Response: He is a guest in the home of the Mul-
villes.

\ J

Furthermore, we analyze specific case to compare the dif-
ferences in the generated content between Judge Q and other
eviction methods. We select an example from Narrative QA
using Llama-3.1-8B-Instruct as follows with a KV cache
budget set to 512. It is evident that the response generated by
Judge Q closely resembles the of Full KV and correctly an-
swers the question, whereas SnapKV deviates significantly
from the Full KV output, resulting in an incorrect response.
This validates that Judge Q can effectively maintain high
generation quality.

6.2 The Impact of Data Quality

Training with model-generated responses yields better
results. The quality of training data can impact the ef-

fectiveness of our method to some extent. During exper-
iments, we observe that using model-generated responses
outperforms directly using the original responses from the
datasets. For efficiency, we conduct data quality explorations
using Llama-3.2-1B-Instruct and evaluate on LongBench.
From results in Figure 5a, it is evident that utilizing model-
generated responses as training data is more effective.

Training data content crucial for performance. We also
extract and combine training data from various pre-training
datasets, including C4 (Raffel et al. 2020), Wikipedia (Foun-
dation 2023) and GitHub. As Figure 5a shows, these results
are inferior to ShareGPT, because the data content is limited
and does not cover a comprehensive range of domains.

6.3 The Impact of the Number of Soft Tokens

Additionally, during training, we construct a validation set
comprising 5000 samples to explore the impact of the num-
ber of soft tokens. As illustrated in Figure S5b, when the num-
ber of soft tokens is around 32, there is an optimal balance
between training cost and generalization performance.

7 Conclusion

In this paper, we first identify that existing KV cache evic-
tion methods during the pre-filling stage, which directly se-
lect the local window for importance calculation, tend to
overly focus on local information while neglecting global
information. To address this issue, we propose Judge Q, a
lightweight training framework that introduces a small num-
ber of soft tokens into the vocabulary, and only fine-tunes
a small portion of the model’s embedding parameters. This
approach enhances the consideration of global information.

We conduct experiments using various models across
multiple benchmarks, demonstrate that our method consis-
tently outperforms existing KV cache eviction methods un-
der different budgets. Judge Q outperforms existing meth-
ods by approximately 1 point on LongBench, exceeds by
more than 3 points on RULER, and significantly surpasses
the baselines on Needle-in-a-Haystack. We further validate
the effect of soft tokens as well as the impact of data quality
and the number of soft tokens.

In the future, we plan to conduct experiments with a wider
range of models, use longer data for training and implement
streaming KV cache eviction during the decoding process.
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