Question Tells You Where the Answer Is:
Intention-aware Long-Context KV Cache Compression
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Abstract

The increasing context window greatly extends
the capabilities of large language models, but
on the other hand, it incurs an unaffordable
memory overhead and computational latency
due to the increasing Key-Value (KV) cache
size. Recent KV cache compression methods
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manage to reduce the cache size by dropping
irrelevant KVs. However, these methods of-
ten fail to identify crucial KVs for generation
while excluding others accurately, resulting in
severe information loss. To address this gap,
we propose IntentKYV, an intention-aware KV
cache eviction method that identifies and re-
tains crucial KVs according to the attention
distribution of intention, which semantically re-
flects the user’s goal and determines which part
of the context is relevant. The consistency be-
tween the semantics and attention distribution
is further substantiated through meticulously
designed experiments. On this basis, Inten-
tKV first distinguishes intention tokens from
the vanilla context tokens based on their atten-
tion distribution distances. Then, the block-
wise cumulative attention is calculated via ag-
gregating the intention token attention. Finally,
blocks that acquire high cumulative attention
are picked and stored in KV cache. We evaluate
our method across diverse long-context tasks
and models. Results demonstrate that IntentK'V
can effectively maintain the model performance
while reducing the KV cache size from 128K
to 2K, leading to a 6.3x increase in decoding
speed and 7.8x enhancement in memory effi-
ciency compared to the default setting'.

1 Introduction

Large language models (LLMs), ever since their
birth, have drastically transformed numerous do-
mains with their extraordinary capabilities (Ope-
nAl, 2023; GLM et al., 2024; Dubey et al., 2024;
Abdin et al., 2024; Al et al., 2024). Along with
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(c) Actual attention map exhibiting high similarity between
the distribution of question tokens and generated tokens.

Figure 1: (a) and (b) provides an intuitive comparison
between attention distributions of context token and
intention token in the same context, where underlined
token denotes the query token and darker colors denote
higher attention. (c) illustrates this difference in actual
attention map, where the upper right figure demonstrates
question and generated token both place more attention
on the answer segment and the lower right figure demon-
strates that they both exhibit low recency bias.

the growth of LLMs, their context windows have
also been greatly extended, up to 1M tokens (Xiao
et al., 2024). Such a long context on the one hand
unlocks various applications of LLMs, but on the
other hand, also poses a formidable challenge for
inference. Specifically, the Key-Value (KV) cache,
designed for the avoidance of duplicate computa-
tion and speed boost, can take up an unaffordable
GPU memory and still incurs significant latency
when processing long contexts (Fu, 2024). To deal
with this challenge, numerous methods have been
proposed to reduce the size of KV cache. How-
ever, previous methods either retain critical tokens
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based on trivial historical information without a per-
ception of generation query specificity (Liu et al.,
2023; Zhang et al., 2023; Yang et al., 2024; Cai.
et al., 2024), potentially dropping vital KVs for fu-
ture generation, or only roughly estimate and load
possible important KVs for each generation query
(Tang et al., 2024), resulting in higher I/O and com-
putation cost. Those approaches inevitably lead to
suboptimal performance.

Different from existing methods, we are aware
that critical tokens for generation can be marginal
at the pre-filling stage, but we still argue that they
can be identified based solely on historical informa-
tion. From the perspective of pragmatics, intention
expresses what information is sought to be obtained
from the addressee (Huddleston and Pullum, 2005)
and determines relevant context. In a long context,
these intention words usually dominate the out-
put of a model, e.g., a question based on a novel.
Thus, these tokens possess a high degree of direc-
tivity, exhibiting a strong semantic tendency to the
context segment helpful for response (Sperber and
Wilson, 1986). Notably, this tendency is reflected
in attention distribution, as represented in Fig. 1 (a)
and (b). As depicted in Fig. 1 (c), when LLaMa-2-
7b-chat (Touvron et al., 2023) is processing a long
question-answering example (details in Fig. 6), the
attention distribution of question (i.e., intention)
tokens and generated tokens exhibit a high degree
of similarity, significantly differing from which of
vanilla context tokens. Intriguingly but not surpris-
ingly, they both place disproportionate attention
on the ‘answer’ in the context, providing a novel
avenue to identify crucial KVs.

Motivated by the observations above, we pro-
pose IntentKYV, an intention-aware KV cache evic-
tion policy that efficiently and effectively identifies
intention tokens and greatly reduces the size of the
KV cache while maintaining superior performance.
With a careful design, IntentKV demonstrates both
efficiency and effectiveness in long context infer-
ence without the need of any additional training.
To conclude, we make the following contributions:

* We, to the best of our knowledge, are the first to
emphasize the role of intention in long-context
inference. Highly consistent with pragmatics,
our experiment reveals two key features of atten-
tion pattern of intention: (1) a high tendency to
crucial context for response generation and (2)
a markedly distinguished attention distribution
compared to vanilla context tokens.

* Integrating above observation with intrinsic char-
acteristics of attention mechanism, we propose
intention-aware KV cache eviction policy, Inten-
tKV, that effectively identify intention from a
long context and retain critical KVs for genera-
tion according to its attention distribution.

* Through a comprehensive evaluation across vari-
ous LLMs and benchmarks, we demonstrate the
superiority of IntentKV, which can reduce the
size of KV cache from 100K+ to 2K without an
appreciable performance loss. Further ablation
studies corroborated the robustness of IntentKV.

2 Related Work

Long Context LLMs. Ever since the dawn of
LLMs, longer context window has been a sought
by both research community and industry, aim-
ing to enable LLLMs to answer questions on long
text (Wang et al., 2024; Ma et al., 2025), summa-
rize multi documents (Laban et al., 2024), resolve
issues from real-world code repository (Jimenez
et al., 2023), to name a few. As a result, a va-
riety of methods have been developed to extend
context window of LLMs (Wan et al., 2023; Zhao
et al., 2024) and the maximum context length of
LLMs has dramatically grown from few thousands
(Brown et al., 2020) to 128K (OpenAl, 2023; Ab-
din et al., 2024; Dubey et al., 2024) and even more
(GLM et al., 2024; Team, 2024a). However, this ex-
traordinary journey towards longer context window
also poses a greater challenge in the distraction
(Shi et al., 2023) and latency (Fu, 2024) during
inference phase.

KV Cache Compression and Eviction. Prior
approaches compress context into "gist" tokens
(Mu et al., 2023; Chevalier et al., 2023) or apply
KV eviction based on attention patterns. Recent
query-aware methods like SnapKV (Li et al., 2024)
and Quest (Tang et al., 2024) improve over static
policies but treat all context tokens equally, miss-
ing the semantic distinction between intention and
vanilla context tokens (full survey in Appendix A).

IntentK'V addresses this by explicitly identifying
intention tokens via their distinct attention patterns
using Jensen-Shannon Divergence, enabling more
accurate one-time eviction with minimal overhead.

3 Attention Characteristics

In this section, we present a brief analysis of promi-
nent characteristics of attention, which acts as a
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Figure 2: (a) How much attention can top 4k tokens cover in a 124k context for one generation step. (b) If we
consider multiple generation steps in a same example, the sparsity is largely weakened. (c) Attention of the most
attended token and average attention of its neighbors in 19230 generations, where the input consist of 20 samples

from every dataset in LongBench-E (Bai et al., 2024).

solid foundation for future discussion as well as
our method, IntentK'V.

3.1 Attention is Sparse

Sparsity, as an inductive bias inherent in the at-
tention mechanism of pre-trained language mod-
els, has been a long-standing topic of research
and has been extensively studied since the incep-
tion of these models, both empirically (Beltagy
et al., 2020; Zaheer et al., 2020; Zhang et al., 2023;
Jiang et al., 2024) and theoretically (Edelman
et al., 2022; Likhosherstov et al., 2023). To in-
tuitively show the sparsity of attention in long con-
text, we take an example with 124K tokens from
InfiniteBench (Zhang et al., 2024) and visualize
the attention coverage of the top 4k tokens when
generating the first new token (i.e., the last row
of the 124k x 124k attention matrix). As repre-
sented in Fig. 2(a), only the top 4k tokens gath-
ered most attention, achieving an average recall of
96.6% across layers and heads.

This sparsity in the attention pattern of long con-
text sequences motivates the research of KV cache
eviction policies: we can expect negligible perfor-
mance loss when evicting a large portion of KVs if
the generation only relies on a small portion.

3.2 Attention is Dynamic

Although sparsity is an inherent property of the
attention matrix and remains consistent across sam-
ples and generation steps, the specific distribution
of attention is highly dependent on the input prompt
and the token being generated (Likhosherstov et al.,
2023). To illustrate how the model’s focus shifts
across steps, we use the attention matrix from Sec.
3.1 to compute attention recall. Unlike before, we
sum the last 256 rows to capture each token’s to-

tal attention over these generations. As presented
in Fig. 2(b), the attention recall decreases signif-
icantly after aggregation, implying the attention
distribution highly depends on the current generat-
ing token. A more concrete example is presented in
Appendix B.1, which exhibits how attention focus
consistently moves with generation steps. Since
the specific attention sparsity pattern varies with
query token, existing methods based solely on his-
torical attention inevitably evict vital KVs for later
generations, leading to suboptimal performance.

3.3 Attention is Scattered

In addition to the well-established dynamic spar-
sity of the attention matrix, we further observe that
attention distribution is highly scattered. Specif-
ically, rather than allocating substantial attention
across consecutive tokens within the answer seg-
ment, the model tends to focus attention on a single
token or few discrete tokens, while allocating much
less attention to the neighboring tokens. In Figure
2(c), we present the attention of the most attended
context tokens (excluding 32 initial and final to-
kens to reduce the impact of attention sink and
recency bias) and the average attention directed
towards its neighboring tokens, where the atten-
tion is taken from Llama-3.1-8B-Instruct (Dubey
et al., 2024). Apparently, a significant portion of
the most attended tokens are accompanied by to-
kens with significantly less attention, especially for
those themselves acquiring high attention. These
samples are more important since high attention on
context tokens implies that the model is assertive
about the relevance of the context tokens when gen-
erating semantic tokens, as in the case presented
in Appendix B.1. In summary, this scatter pattern
implies that instead of retaining top-k tokens as
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Figure 3: Hit rate of context selected by attention dis-
tribution of different query segments, where each line
represents a different layer.

adopted in most previous studies (Liu et al., 2023;
Zhang et al., 2023), a more appropriate approach
is to retain K'Vs in block level, to avoid severe frag-
mentation as well as eviction of important KVs
near the most attended tokens.

4 Intention

4.1 Attention Tendency of Intention

In pragmatics, intention refers to the goal of the
speaker and denotes what information is sought to
be obtained from the addressee, exhibiting strong
semantic relevancy to the context segment helpful
for response (Sperber and Wilson, 1986). In long-
context inference, intention is usually expressed by
several sentences (e.g., question in long-document
question answering), dominating the generation
and showcasing a strong attention tendency to es-
sential context for generation, even when the model
gives a wrong answer (Peysakhovich and Lerer,
2023). To quantitatively demonstrate this tendency,
we calculate the extractive answer hit rate solely
by attention distribution from different query seg-
ments of tokens (generation, question, and three
preceding control segments), i.e., we pick the con-
text gaining the highest attention from a segment
and see if the answer is contained in it. As rep-
resented in Fig. 3, the hit rate of question tokens
is very close to that of generated tokens and sig-
nificantly higher than previous control segments
in most layers. The average hit rate of question
tokens and generated tokens seem not sufficiently
close to one, as a result of different attention pat-
terns across heads (Ge et al., 2023; Wu et al., 2024).
Thus, we present setting details and a fine-grained
analysis in Appendix C.2. Both results support that
the intention does tell us where the crux is.

4.2 Distinguished Attention Distribution of
Intention

As the intention puts disproportionate attention on
the answer while context tokens exhibit strong at-
tention sink effect and recency bias, it is a straight-
forward deduction that the attention distribution of
intention differ significantly from previous vanilla
context tokens. To illustrate this difference, we pro-
vide a concrete example in Appendix B.2. Note that
we hypothesize the intention is always positioned
in the last of the input in this paper so that it “has"
attention distribution over whole context and the
problem degenerates into a search for the bound-
ary between vanilla context and intention instead
of finding “a needle in a haystack", which greatly
simplifies the problem without compromising the
generality of our method.

5 IntentKV

5.1 Preliminaries and Problem Formulation

Typically, the inference of LLMs can be divided
into two phases. In the pre-fill stage, the model
processes all input tokens to compute intermediate
states and stores them in the cache (i.e., KV cache),
which are used to generate the first new token. In
the following decode stage, the model generates
output tokens one at a time in an autoregressive
manner, until a stopping criterion is met. Formally,
given query, key and value matrices Q, K,V €
R™*4  the pre-fill phase of attention is:

Cachey «— Save(K,V,s), €))
T

A = Softmax (Q\;{ﬁ> , O=AV, (2

where s € {0, 1}" is a selection mask. Specifically,
forany t € Z,1 <t < n, Ky, V will be stored
into KV cache if and only if s[t] = 1. The default s
is 1, i.e., all KVs are stored. Then, without loss of
generality, when the model is generating ¢-th token,
where the inputs are q;, k;, v; € R4, the decode
phase of attention can be formulated as:

Cache;, K, V = Update(Cache;_1, k;, v, s;)
q,K”

Vd

We investigate whether we can reduce the KV
cache before decode phase, i.e., instead of storing
all keys and values in the pre-filling phase, we aim
to find a policy C that returns a selection mask

a; = Softmax ( ) , 0;=a;V.
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Algorithm 1 IntentKV
Input: Q, K € R™*? o, 3, S

o Q[—a:]K
A —Softmax( N )

Al ooicqa = SumPool(A)

dJs:\/JSD(AO‘ ||[Ae

pooled pooledy
intentldx = argtop(diff(d.ss))

intent _ [e%
a - Sum(A[imemIdx:])

abo* = {ag,a1,...,ap_1}, where b = [n/f]

for block index i from O to b — 1 do
i < Sum(aﬂi%ﬁtﬂin((w1)xﬂ,n)])
end for

blkIndices = argtop(a®*°°*, | S/A3])

s=0"
for block index 7 in blkIndices do
for key index j € [(i — 1) * 8, min(i x 8,n)] do
S; < 1
end for
end for
return s

based on attention matrix A, achieving a balance
between memory/computation efficiency and at-
tention expressiveness. This can be formally ex-
pressed as a multi-objective optimization problem:

min Z |Le — L]
min |Cachej|, 3)
where Cachej, <+ Save(K, V,C(A))

where L¢ is the prediction loss conditioning on C
and L is the prediction loss without KV cache evic-
tion. In a nutshell, the first objective aims to reduce
performance drop after evictions based on C, while
the second one seeks to minimize the size of KV
cache and thus memory and computation overhead.
This objective is different from existing methods
that aim to minimize the attention differences(Ge
et al., 2023; Li et al., 2024), which will lead to
suboptimal performance, considering the dispersed
attention caused by long context (Chi et al., 2023).
Thus, we are willing to retain only relevant con-
text and exclude others, to help the model focus on
important information and maintain performance.

5.2 Intention-aware KV Cache Eviction

To summarize observations presented in Section
4, we find (1) intention shows a strong attention
tendency to the context that is crucial for later gen-
eration, which provides the possibility of retaining
essential KVs before generation, and (2) this atten-
tion tendency leads to the distinguished attention
distribution of intention, so we can leverage JSD to
effectively and efficiently identify it. On this basis,
we present IntentK'V, an intention-aware KV cache
policy mainly composed of two steps.

Intention identification based on JSD. Given
that intention tokens exhibit a significantly different
attention distribution from vanilla context tokens,
we propose a simple yet effective method, using the
square root of Jensen—Shannon divergence (JSD)
to distinguish context tokens and intention tokens.
For two attention distributions a;,a; € R", the
square root of JSD can be calculated by:

Djs(ai,aj) =1/ JSD(a; || a;) (4)

- J 5 (Dice(ac | m) + Dice (a; || m)),
where m = %(ai + a;) and Dk, denotes the
Kullback-Leibler divergence.

Formally, given an input X € R"*% we aim
to find an index [ € {0,1,...,n} that separates
vanilla context and intention, i.e., X[ is the con-
text and Xj;.,,) is the intention. To this end, we
select a queries Q% = Q[_ from the end of
the input, where « is a hyperparameter that should
be greater than n — [ so that intention is fully in-
cluded in, similar to observation window in previ-
ous works (Li et al., 2024; Cai. et al., 2024).

Then, we calculate the attention A“ between Q¢
and K in order to acquire the attention distribution
a$ of each q* € Q. To smooth the noise incurred
by special tokens such as <@x@A> and “." that also
exhibit exceptional attention distributions, we use
sum-pooling to aggregate information in the query
and its s successors, i.e., a = SumPool(Aﬁ.:HS]).
Thereafter, JSD between subsequent pooled distri-
butions and the first one (which is supposed to be
vanilla context token) is calculated, and the position
where the maximum JSD difference between con-
secutive tokens occurs is intention index [ and all
following tokens are deemed as intention tokens:

l = argtop(diff(j)) — o + n,

where j = 1/ JSD(A*, aZ).

27157



Table 1: Performance (%) of different base models integrated with different KV eviction policies on Ruler(Hsieh
et al., 2024), evaluated on context length from 4k to 128k. The capacity of KV cache is set to 4K for all KV cache
eviction methods and context performance over 85.6% (performance of Llama-2-7B (Touvron et al., 2023) at 4K) is

considered effective according to original setting.

Models | Methods | Eff. 4K 8K 16K 32K 64K 128K Avg.
FullKV 32K 952 928 937 876 853 780 888

Llama3.1 | StreamingLLM | 4K 952 543 393 205 174 115 39.7
(128K) | SnapKV 16K 952 884 873 735 643 528 769
IntentKV 32K 952 927 909 857 819 754 870

FullKV 16K 923 875 875 835 825 787 853

Llama3 StreaminglLLM | 4K 923 500 345 177 151 11.8 369
(262K) SnapKV 4K 923 788 749 655 60.0 536 709
IntentKV 16K 923 875 857 839 789 759 84.0

FullKV 32K 946 91.6 90.1 872 689 259 764

Qwen StreamingLLM | 4K 946 56.0 41.1 224 145 9.1 39.6
(128K) SnapKV 4K 946 796 685 572 323 121 574
IntentKV 16K 946 919 896 851 645 292 758

FullKV 8K 928 89.7 813 721 669 637 777

Yi StreamingLLM | 4K 928 525 338 172 149 121 372
(200K) SnapKV 4K 928 763 56.1 40.1 274 244 528
IntentKV 8K 928 886 797 708 674 604 76.6

KY reservation based on cumulative attention.
Once intention delimiter [ has been identified, we
calculate cumulative attention distribution of them,
where a’™e" = S~ (A[i, ]), following existing
methods (Zhang et al., 2023; Ge et al., 2023). How-
ever, instead of directly picking KVs gaining the
most attention, we retain K'Vs at block level with
block size 3, considering the scattering characteris-
tic of attention described in Section 3.3. After the
final attention score of each block is calculated, we
select blocks with the highest scores and only store
corresponding KVs in KV cache, which can be
formally described as I?/°°* = argtopk(a®*°* k)
where a¥lock = [gblock qblock ,agfgk} and each

glzij(ﬂ(iﬂ)ﬁ ) aimtent . The complete

procedure of IntentKV is presented in Algorithm
1, which takes the query matrix Q, key matrix K,
initial observation window size «, block size 3 and
size of KV cache S as input.

block __

6 Experiments

In this section, we conduct a series of experiments
to thoroughly evaluate the effectiveness and ef-
ficiency of IntentKV, covering a variety of long-
context LLMs and datasets. Additional results on
LongBench and needle-in-a-haystack test (gkam-
radt, 2024) is presented in Appendix F.

6.1 Setting

Models. We leverage four trending long con-
text LLMs in consideration of their reputation for

dealing with long sequences: (i) Meta-Llama-3.1-
8B-Instruct-128k (Dubey et al., 2024) (Llama3.1)
(il) LLaMA3-8B-Instruct-262k> (Llama3) (iii) Yi-
9B-200K (Al et al., 2024) (Yi) (iv) Qwen2.5-7B-
Instruct-128k (Team, 2024b) (Qwen), where Yi is
a pre-trained model and all others are instruction
fine-tuned models. We use the default chat tem-
plate for all instruction fine-tuned models in the
subsequent experiments.

Datasets. We evaluate IntentKV on two chal-
lenging benchmarks consisting of long samples: (i)
InfiniteBench (Zhang et al., 2024): This bench-
mark is tailored for evaluating the capabilities of
LLMs to process, understand, and reason over su-
per long contexts with 100K+ tokens. Our experi-
ment utilizes 10 tasks of this benchmark, covering
retrieval tasks such as Number retrieval and key-
value retrieval, as well as realistic tasks including
question-answering, coding, and summarization.
(i) RULER (Hsieh et al., 2024): This benchmark
extends the vanilla NIAH test to enable effective
evaluation of real context window of long-context
LLMs with configurable sequence lengths. It con-
sists of 4 categories (in total 13 tasks), including
retrieval, multi-hop tracing, and QA tasks.

Baselines. We evaluate IntentKV against three
strong fine-tuning-free baselines: 1) FullKV,
where all KVs are stored into KV cache and can be
utilized for later generation, is the default genera-

2https://huggingface.co/gradientai/
Llama-3-8B-Instruct-262k
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Table 2: Performance of KV eviction policies with different base models on InfiniteBench (Zhang et al., 2024),
where the bold results indicate the highest value in each column excluding FullKV row.

[Methods |En.Sum En.QA En.MC En.Dia Zh.QA Code.Debug Math.Find Retr.PassKey Retr.Num Retr. KV |Avg.
— |FullKV 326 272 690 165 35.36 15.0 24.9 99.7 99.7 53.8 |474
9 |StreamingLLM| 20.6 19.6  69.0 7.5 25.2 16.0 24.9 3.7 32 0.6 [19.0
§ SnapKV 279 220 69.0 135 323 15.5 24.9 99.7 94.1 0.0 (399
3 |IntentKV 26.5 251 69.0 14.0 343 15.5 25.1 99.7 97.8 50.6 |45.8
e, | FUllKV 18.1 123  63.8 0.5 20.3 24.6 18.0 100.0 100.0 6.8 |36.4
g StreamingLLM| 14.0 8.0 63.8 0.5 16.6 24.6 18.0 34 34 0.8 |15.3
S |SnapKV 154 119  63.8 0.5 19.2 24.6 18.0 100.0 77.8 0.2 |33.1
~ |IntentKV 15.1 126 638 05 203 24.6 18.0 100.0 100.0 10.0 |36.5

FullKV 18.8 50 450 120 92 59 38.0 100.0 92.4 0.0 |32.6
5 |StreamingLLM| 20.6 39 450 5.0 8.3 5.8 314 3.4 1.7 02 |125
3 SnapKV 18.0 4.8 450 8.0 10.0 5.8 343 94.2 28.8 0.0 |249

IntentKV 17.6 5.0 45.0 9.5 10.3 5.8 36.6 100.0 97.8 0.0 |32.8

FullKV 8.3 109 642 20 173 20.0 234 100.0 99.7 27.6 |37.3
«~ |StreamingLLM| 11.2 69 673 20 13.6 20.8 25.7 34 34 1.2 (270
o SnapKV 4.6 109 642 1.5 16.3 18.6 23.7 96.3 154 0.0 |25.1

IntentKV 4.8 109 664 2.0 16.5 18.6 234 100.0 99.5 23.2 |36.5

tion setting for current LL.Ms; 2) StreamingLLM,
where only initial few KVs and most recent KVs
are retained in the KV cache, is an effective exten-
sion of traditional sliding window mechanism; 3)
SnapKV, where the critical KVs are selected by
attention distribution of a fixed observation window
in the last of the input individually, shares most sim-
ilarities with our method. Methods such as Pyra-
midKV, CAKE, and Ada-KV are excluded from
our main experiments because they are conceptu-
ally orthogonal to our approach. While IntentKV
and the selected baselines focus on accurately iden-
tifying salient KV pairs, these other methods ad-
dress coarse-grained cache budget allocation, such
as on a per-layer or per-head basis, by leveraging
structural imbalances in the attention mechanism.
However, we present the performance comparison
on LongBench between IntentKV as well as Pyra-
midKV and CAKE in appendix E.1.

Implementation Details. For all KV eviction
methods, we set the capacity of KV cache to 2048
for InfiniteBench and 4096 for Ruler. To ensure
fairness, the observation window of SnapKV as
well as the initial size of queries « in IntentKV
are both 64. The default block size of IntentKV
is set to 16. For the key-value retrieval task in
InfiniteBench (Retr.KV), we increase the block
size to 128, because each retrievable key-value
pair spans approximately 50 tokens and token-level
eviction would fragment these pairs; block-level
eviction at 128 ensures each pair is retained atomi-
cally. For StreamingLLLM, the first 128 tokens are
always retained and the remaining capacity stores
the most recent KVs. Details on FlashAttention
compatibility are provided in Appendix C.1.

6.2 Main Results

Ruler. As presented in Table 1, our approach
demonstrates  significant advantages, with
performance that substantially outperforms
Streamingl.LM and SnapKV on Ruler. Specif-
ically, IntentKV can consistently maintain
performance across all lengths of context. At the
same time, other eviction methods cause severe
performance loss once context length is beyond
the capacity of KV cache, implying that they drop
crucial KVs for response while IntentKV did not.
Even compared with FullKV, IntentKV incurs a
negligible accuracy loss and demonstrates some
degree of superiority in certain cases, supporting
that IntentK'V can help the model focus on crucial
information. Considering the variety of tasks and
difficulty in Ruler, we deem this as strong support
for the special status of intention in long context as
well as the effectiveness of our method.

InfiniteBench. As the Table 2 shows, Inten-
tKV demonstrates state-of-the-art overall perfor-
mance compared to previous methods. Further,
even reducing the size of KVs from 100K+ to
2K, our method leads to a negligible performance
drop compared with the FullKV setting, which is
a powerful demonstration of the superiority of our
method. Regarding the performance on specific
tasks, we note that for some simple tasks where
intention is relatively long compared to our initial
window 64 (e.g., En.MC), both SnapKV and In-
tentK'V can achieve comparable performance with
FullKV, while for more challenging tasks where
intention posses stronger directivity such as QA,
IntentK'V demonstrates significant superiority. The
striking gap in Retr. KV between SnapKV and In-
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Figure 4: Efficiency evaluation of IntentK'V with Llama3.1-8B compared to FullK'V.

tentKV comes from our block selection strategy.
Due to the scattered characteristic described in Sec-
tion 3.3, it is challenging to extract a complete
key-value pair (about 50 tokens) at the token level.
However, we do observe one limitation of Inten-
tKV in this experiment. When dealing with tasks
such as summarization where the intention is ex-
tremely short and possesses little directivity, In-
tentK'V exhibits degraded performance. We leave
the extension of IntentKV to these tasks for future
work.

Efficiency. Effectiveness and efficiency are two
core concerns of KV cache eviction methods, and
the former has been thoroughly discussed in pre-
vious sections. Hence, we present a comparative
analysis in this part to demonstrate the superiority
of IntentKV in efficiency.

As presented in Fig. 4, with a fixed capacity
of KV cache as 2048 (which can maintain most
performance as previous results suggested), Inten-
tKV can ensure a constant decoding speed and
memory overhead of KV cache regardless of the
input length, while FullKV setting incurs a lin-
ear increase in both decoding latency and memory
footprint as input length escalates. When the input
length comes to 128K, IntentKV can reduce the
decoding latency to 16% and the memory overhead
of KV cache to 13% compared to FullKV. Further,
IntentKV leads to similar pre-filling latency com-
pared to FullKV, which means it incurs little to no
additional cost to integrate IntentKV in long con-
text inference. Considering Llama3-8B is based
on grouped-query attention (GQA) (Ainslie et al.,

Table 3: Performance (%) of Llama3.1 integrated with
IntentKV of different block sizes on Ruler(Hsieh et al.,
2024).

Block Size | Eff. 4K 8K 16K 32K 64K 128K Avg.

1 8K 952 859 746 597 510 360 67.1
4 16K 952 912 872 777 687 582 79.7
8 16K 952 924 90.7 831 737 644 833
16 32K 952 927 909 857 819 754 870
32 32K 952 925 922 870 813 739 870
64 32K 952 927 918 859 817 745 870

128 32K 952 927 909 857 819 754 870
256 32K 952 923 919 860 828 756 873
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Figure 5: Average performance of LLama3.1 on Ruler
with KV eviction methods of various cache sizes.

2023), we also conduct efficiency evaluation on
Llama2-7B in Appendix E.2.

6.3 Ablation on Block Size

The block size is a vital hyperparameter we intro-
duced, which controls the information granularity
we retain. Here, we analyze the impact of block
size on IntentKV. From Table 3, we can draw two
conclusions, (1) the introduction of block is essen-
tial to IntentKV to avoid semantic fragmentation
and eviction of crucial KVs, as removal of block
mechanism (block size 1) and small block sizes
lead to severe performance degradation; (2) Inten-
tKV demonstrates a low sensitivity in block size, as
performance remains stable once block size goes
beyond 16. The complete ablation on block mech-
niasm is in Appendix D.2.

6.4 Ablation on KV Cache Size

Considering that the size of KV cache determines
the volume of information to be reserved and thus
has a significant impact on KV eviction methods as
well as model performance, we report the perfor-
mance of Llama3.1 on Ruler coupled with different
cache sizes under different eviction methods. As
presented in Fig. 5, despite clearly benefiting from
larger size of KV cache, IntentKV can preserve a
relatively stable performance even when the size of
KV cache is minimal, e.g., 1% of the context. Com-
pared to other methods, IntentKV demonstrates
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Table 4: Performance (%) of Llama3.1 integrated with KV eviction methods on Ruler (Hsieh et al., 2024), evaluated
across context lengths from 4K to 128K under varying KV cache capacities. Context performance above 85.6% (the
score of Llama-2-7B (Touvron et al., 2023) at 4K) is considered effective per the original benchmark setting.

Method | Cache Size | Eff. 4K 8K 16K 32K 64K 128K Avg.
512 <4K 69.1 651 668 615 557 471 609
1024 4K 916 847 826 807 767 667 80.5
IntentKV 2048 16K 950 899 893 843 8l6 726 855
4096 32K 952 927 909 857 819 754 870
8192 32K 952 928 933 866 837 774 882
512 <4K 680 598 59.6 470 453 352 525
1024 <4K 797 694 682 532 521 41.1 60.6
SnapKV 2048 4K 887 814 77.0 620 571 497 693
4096 8K 952 884 873 735 643 528 769
8192 16K 952 928 927 80.7 726 603 824
512 <4K 293 173 157 132 129 102 164
1024 <4K 447 225 196 138 128 104 20.6
StreamingLL.M | 2048 <4K 638 363 265 157 135 105 277
4096 4K 952 543 393 205 174 115 397
8192 8K 952 928 571 279 198 155 514

significant superiority in all cache size settings, es-
pecially when the size is small, which is a strong
demonstration of the capability of IntentKV to iden-
tify and retain crucial information for generation.
The full results of Llama3.1-8B integrated with dif-
ferent KV eviction methods of various KV cache
sizes on Ruler is presented in Table 4. From this
table, we can conclude that IntentK'V outperforms
other methods on all KV cache sizes, especially
when the size of KV cache is limited, which is a
strong endorsement of IntentK'V’s ability to bet-
ter identify and retain content that is important for
generation.

Additional ablation studies on IntentKV are pre-
sented in Appendix D.

7 Conclusion

In this paper, we leverage the notion of intention in
pragmatics to reduce KV cache, which denotes the
goal of the speaker and determines relevant context.
As a solid foundation, we first demonstrate two
attention features of intention, (1) intention tokens
exhibit a high degree of similarity in attention dis-
tribution with generated tokens, both focusing on
context crucial for generation; and (2) intention to-
kens differ significantly from vanilla context tokens
in attention distribution. Combining these observa-
tions with intrinsic characteristics of the attention
mechanism, we design a novel KV cache eviction
policy IntentKV that can identify intention from a
long context and evict KVs accordingly, which in-
curs minimal performance loss while significantly

enhancing memory and speed efficiency.

Limitations

Despite the strengths, there are a few limitations
in the current implementation of IntentKV. First,
as stated in Section 4.2, we always hypothesize
intention is located in the end of context in this
paper. However, we argue this is a sound hypoth-
esis. On the one hand, placing questions at the
beginning or middle of a long context can degrade
performance due to recency bias in language mod-
els (Peysakhovich and Lerer, 2023), which also
explains why existing long benchmarks all place
the questions at the end of the prompt (Bai et al.,
2024; Zhang et al., 2024; Hsieh et al., 2024). On
the other hand, even if the question is placed at
the beginning of the context initially, it is always
beneficial to repeat the question at the end of the
context to enhance the understanding process(Xu
et al., 2024; Liu et al., 2024). Another limitation of
IntentKV is the marginal efficiency enhancement
when the context is relatively short for GQA-based
LLMs, as we discussed in Appendix E.2. Moreover,
IntentKYV, together with other KV compression and
eviction methods, can not be easily extended to
scenarios like multi-turn chat, as they aim to dis-
card irrelevant KVs, and the culling is irreversible.
Nonetheless, our contributions offer significant in-
sights and tools for the community, providing a
new angle for KV cache compression problem and
stimulating a more refined method for efficient in-
ference.
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A Additional Related Work

KV cache eviction methods have evolved signifi-
cantly. Early approaches like HoO (Zhang et al.,
2023) retain tokens with highest cumulative atten-
tion based on historical attention patterns. Subse-
quent work leveraged observations that initial to-
kens gather disproportionate attention (Xiao et al.,
2023) and combined this with sliding window
mechanisms.

Model-structure-aware methods emerged to ex-
ploit the heterogeneity of attention heads. Some
work constructs adaptive KV caches based on at-
tention patterns across different heads (Ge et al.,
2023; Feng et al., 2024), while others exploit pyra-
midal information funneling across layers (Yang
et al., 2024; Cai. et al., 2024). Recent approaches
introduce task-aware layer budget allocation (Zhou
et al., 2024) and jointly consider spatial and tempo-
ral dimensions (Qin et al., 2025).

Beyond query-aware methods, additional direc-
tions include leveraging locality-sensitive hashing
for key sampling (Chen et al., 2024), retrieval head
identification for head-wise budget allocation (Xiao
et al., 2025), and extensions to multimodal settings
(Li et al., 2025).

B Example and Case Study

B.1 Attention Focus Consistently Moves with
Generation Steps

During experiments, we consistently observed that
Layer 8 Head 25 placed the highest attention on
the precedent token of the source token when the
model is directly retrieving content from context, a
similar but not the same behavior of retrieval head
(Wu et al., 2024). To illustrate this point intuitively,
we present an example here (note that this pattern
is widely emerging across different samples from
different datasets). The input is a sample from
MultiFieldQA-en of LongBench, which is also the
example in Fig. 1, as shown in Figure 6, and the
attention scores on the answer segment of each
generation step in Layer 8 Head 25 is represented
in Fig. 7.

From this intriguing pattern, it is conjecturable
that, 1) when the model is retrieving or copying a
word from context, its attention peaks do not neces-
sarily fall on the source token. Instead, some heads
may place the attention peak on tokens near the
source token with high semantic relevance to help
locate the target source token and 2) the position
of attention peak changes as generation progresses,

which means even when inferencing on one sam-
ple, the generation of each token possibly relies
on a very different part of the context, leading to
the degraded performance of static sparse attention
mechanisms (Beltagy et al., 2020; Zaheer et al.,
2020) and KV cache policies that evict KVs based
solely on historical information (Liu et al., 2023;
Zhang et al., 2023; Ge et al., 2023).

Example from MultiFieldQA-en of LongBench

Question: What award did Brooksley Born receive in
2009?

Context: ...In 2009 Born, along with Sheila Bair of
the FDIC, was awarded the John F. Kennedy Profiles
in Courage Award in recognition of the "political courage
she demonstrated in sounding early warnings about con-
ditions that contributed" to the 2007-08 financial crisis.
According to Caroline Kennedy, "Brooksley Born recog-
nized that the financial security of all Americans was
being put at risk by the greed, negligence and opposition
of powerful and well connected interests"...

Context Length: 3306 tokens

‘The John F.

Courage Award</s>’
N

Prediction: Kennedy Profiles in

J

Figure 6: Main information of the example from
MultiFieldQA-en of LongBench and the prediction of
Llama2-7B-Chat. The segment containing the answer
is marked in blue.

000 000 000 000 000 000 000 000 000 000 000 000 000 0.00
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_john{ 000 000 000 000 001 000 000 000 000 000 000 000 000 000

F{000 000 000 000 0.00 000 000 000 000 000 000 0.00

000 000 000 000 000 000 023 000 000 000 000 000 000

000 000 000 000 0.00

_Kennedy { 0.00 000 0.00 000 000 000 O

Pro{ 000 000 000 000 000 000 000 000 000 000 000 000 0.00

enerated Tokens

000 000 000 000 000 000 O 000 000 000

G
2
°
g
8
°
8
°
g
8

000 000 000 000 000 000 000 000 000 000 041 004 000 0.00

Cou{0.00 000 000 000 000 000 000 000 000 000 002 038 000 0.00

rage { 000 000 000 000 000 000 000 000 000 000 000 000 041 008

_Award { 000 000 000 000 000 000 000 000 000 000 000 000 000 029

</s>{ 000 000 000 001 000 000 000 000 000 000 000 000 000 0.00

IC . _wasawarded the _john _F _Kennedy_Pro files _in _Cou rage
Key Context Tokens

Figure 7: Attention score on the answer segment in
Head 25 and Layer 8 of Llama2-7B-Chat when pro-
cessing example in Figure 6. Every row represents the
attention score when generating each answer token (or-
dered from top to bottom).
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Figure 8: Jensen—Shannon divergence between atten-
tion distribution of last 128 tokens, where the vertical
box denotes question segment and the horizontal box
denotes generated segment.

B.2 Distances of Attention Distributions

To illustrate the claim that intention exhibits a dis-
tinguished attention pattern, we visualize the JSD
between attention distributions of last 128 tokens
when Llama-3.1-8B-Instruct (Dubey et al., 2024)
is processing a long question-answering sample. In
short, two observations can be drawn from Fig. 8,
(1) except itself, generation segment exhibits the
smallest JSD from question segment, supporting
the argument presented in Section 4.1 again, and
(2) question segment shows high JSD from all to-
kens before, supporting the feasibility of using JSD
for intention identification.

C Details of Experiments

C.1 Experiment Environment

Our experiments are conducted in a computing en-
vironment equipped with 8 NVIDIA A100 GPUs
with 80GB of memory in the bfloat16 format, while
all of which can be done with a single A100.
FlashAttention-2 (Dao, 2023) is leveraged to speed
and scale inference. All experiments were con-
ducted using greedy decoding to guarantee consis-
tency across results.

To preserve FlashAttention compatibility, in-
stead of extracting the full attention matrix from
the pre-filling pass, we recompute attention over
a small observation window of size « after pre-
filling. This recomputation has O(an) complexity,
far below the O(n?) cost of the pre-filling atten-
tion, and introduces only marginal latency overhead
as shown in Figure 4. All other components of

the model—including the pre-filling and decoding
phases—remain unmodified, making IntentKV a
lightweight plug-in compatible with dynamic batch-
ing and prefix caching.

C.2 Hit Rate Experiment

Specifically, we consider special query segments
including generation and question, as well as three
control segments exactly before the question, each
in size 16. Then, we divide the input into blocks
of size 64 and select the top 10 blocks based on
the aggregated attention distribution of each query
segment, which leads to a hit if these blocks con-
tain the answer. We sample three attention heads
from every layer of Llama-3.1-8B-Instruct (Dubey
et al., 2024) except for layers 0O, 8, 16, 24, and
32, where all heads are taken to comprehensively
investigate this phenomenon. We collect their at-
tention distributions when processing 20 samples
from HotpotQA-e of LongBench with an average
length of 4466 tokens.

Table 5: Hit rate of query-sensitive heads and query-
insensitive heads, where Q/G denote question/genera-
tion segment.

Group  Seg3 Seg2 Segl Q G Size
Sen. 447% 49.6% 49.8% 823% 88.7% 112
Ins. 50.4% 50.8% 492% 532% 54.0% 129
Tot. 478% 503% 49.5% 66.8% 70.1% 241

Considering some attention heads are insensi-
tive to query (Ge et al., 2023; Jiang et al., 2024),
we divide all heads into query-sensitive and query-
insensitive groups by the hit rate of generation seg-
ment, i.e., if the hit rate of generation segment is
low (e.g., less than 0.7), we deem this head as in-
sensitive to query. As presented in Table 5, the
hit rate of the question segment is even higher for
these query-sensitive heads, further supporting that
the intention does tell us where the crux is.

Table 6: Performance (%) of Llama3.1 integrated with
IntentKV of different initial observation window sizes
() on Ruler(Hsieh et al., 2024).

a | Eff. 4K 8K 16K 32K 64K 128K Avg

32 | 32K 952 921 920 87.0 785 714 86.0
64 | 32K 952 927 916 859 794 702 859
128 | 32K 952 923 90.7 865 798 699 857
256 | 16K 952 928 904 837 764 68.0 844
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D Ablation Studies

D.1 Ablation on Observation Window

In this part, we investigate the effect of initial ob-
servation window on the performance of IntentK'V.
As represented in Table 6, IntentK'V can maintain
stable performance in a wide range of observation
window settings, supporting that it can identify the
intention robustly and retain crucial KVs.

D.2 Ablation on Block Mechanism

Table 7: Ablation results of block mechanism of Inten-
tKV and pooling mechanism of SnapKV.

Method | Eff. 4K 8K 16K 32K 64K 128K Avg.

IntentKV w/o block | 8K 952 859 746 59.7 510 360 67.1
SnapKV w/o pooling | 4K 952 642 61.1 393 327 208 522

It is noteworthy that the performance of In-
tentKV without block mechanism is lower than
SnapKYV, which we claim to be expected. Since
SnapKYV utilizes a pooling layer to aggregate in-
formation, which can be seen as a “soft” block
mechanism. Thus, to present a fair comparison
between IntentK'V and SnapKV to demonstrate the
effectiveness of intention mechanism, we ablate
both the block mechanism in IntentKV and pooling
mechanism in SnapKYV, and the results are summa-
rized in Table 7.

D.3 Ablation on Components of IntentKV

To explicitly illustrate the effectiveness of intention
awareness, we ablate the intention mechanism as
well as the block mechanism of IntentKV, and the
results are presented in Table 8. From this table, we
can conclude that both intention and block mech-
anisms contribute greatly to IntentKV and their
orthogonal roles are validated by the higher gain of
their combination compared to those of their own.

E More Evaluation on Llama2-7B

E.1 Performance against More Baselines

To evaluate our method against more recent meth-
ods, despite the orthogonality, we incorporate ad-

Table 8: Ablation study on intention-awareness and
block mechanism of IntentK'V.

IntentKV ‘ 4K 8K 16K 32K 64K 128K Avg.

Full 952 927 909 857 819 754 870
w/oblock | 952 859 746 597 510 360 67.1
w/ointent | 95.2 88.1 899 774 726 658 815
w/oboth | 952 644 604 382 329 214 521

ditional experiments with Llama-2-7B on Long-
Bench, compared with PyramidKV and CAKE,
where the maximum KV cache budget is set to 1024
tokens. Besides, the evaluation can also validate
the effectiveness of our method on MHA-based
models.

From Table 9, we can conclude that all these
methods demonstrate strong and comparable per-
formance, with metrics closely approaching those
of FullKV, despite variation across tasks. It is worth
noting that the main objective of IntentKV, and
the baseline we chose in the main experiments, is
to identify important tokens for the generation,
while the key innovation of the methods here is
the layer-specific or head-specific cache budget
allocation. Thus, we believe our method is orthog-
onal to and can be integrated with these methods to
further improve the performance. Besides, we also
note that CAKE and PyramidKV took more clock
time to perform inference as a results of their layer-
specific budget allocation and imbalance computa-
tion across layers.

E.2 Efficiency

o
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B Fullkv = m FullkV
6001 -3 oom 1401 - oom

IntentkV

Cache Memory of Llama2-7B

IntentkV
500 120

w B
o o
=) =)
(=

=3 o
=) o

Latency (ms)

Memory (GB)
o
=]

N
=}
=)

N

o

-
o
=)

N

=]

0 20K 40K 60K 100K200K300K
Context Length

20K 40K 60K 100K200K300K
Context Length

Figure 9: Efficiency evaluation of IntentKV with
Llama2-7B on various context lengths.

To provide a more comprehensive evaluation
of the efficiency of IntentKV, we conduct a com-
parative analysis in Llama2-7B that is integrated
with multi-head attention. As presented in Fig. 9,
IntentKV brings a more substantial reduction in
both decoding latency and memory overhead of
cache for multi-head attention models. Besides,
due to the large reduction of memory occupied by
the cache, IntentKV can enable the model to in-
fer much longer sequences without out-of-memory
problem.

It is noteworthy that IntentK'V achieves consis-
tent efficiency improvement for MHA-based mod-
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Table 9: Comparison of more recent and orthogonal KV cache eviction methods on LongBench with Llama2-7B.

Best results are highlighted in bold.

Method

NrqQA Qasper MF-en HotpotQA 2WikiMQA Musique GovReport QMSum MultiNews TREC TriviaQA SAmSum PCount PR-en Lcc R-p Avg.

FullKV 18.39 20.11 35.67 31.25 255 10.14 25.71
PyramidKV ~ 17.32 19.14 37.19 30.86 253 9.31 22.62
CAKE 18.03 23.07 36.47 30.03 25.71 8.6 22.97
IntentKV 17.45 21.22 35.34 31.99 25.59 9.8 21.74

20.93 26.27 64 83.38 40.99 5.5 10 60.81 5529 3337
20.6 24.97 64 83.81 40.65 6 10.5  60.86 54.29 32.96
21.21 254 63.5 83.79 41.15 2.5 9.5 59.87 5596 3299
20.55 24.42 64 83.13 40.44 6 10.5  60.22 55.66 33.00

els at arbitrary context lengths. However, for GQA-
based models, the efficiency gain on relatively short
contexts can be marginal. Specifically, Llama3.1-
8B has 32 attention heads but only 8 key/value
heads, so by default only 8 x layers x length x 2
vectors are stored in the cache. However, all cur-
rent attention-based KV cache eviction methods
(including IntentKV) rely on the full attention log-
its computed across all 32 heads (since different
heads attend to different parts of the context), re-
quiring all 32 x layers x length x 2 vectors to be
stored, which diminishes the efficiency advantage
on shorter sequences.

F Results on LongBench and NIAH Test

It is noteworthy that LongBench (Bai et al., 2024)
and NIAH (gkamradt, 2024) were proposed some
time ago and are subject to potential risks of abuse
and data leakage. Current LLMs, though perform-
ing well on NIAH, still exhibit large degradation
on more complex tasks in Ruler, which expands
upon the vanilla NIAH test and provides a more
comprehensive evaluation. On the other side, Long-
Bench, with an average length of 10Kk, is also not
challenging for recent LLMs with a 100K+ con-
text window. Besides, InfiniteBench, with its 12
unique tasks, covers a similar domain diversity but
provides a greater challenge. Thus, we argue the
InfiniteBench and Ruler can already provide a thor-
ough evaluation, and we provide results on Long-
Bench and NIAH for the ease of comparison with
previous methods.

As presented in Table 10 and Figure 10, the
marginal but consistent improvements of Inten-
tKV in the results support our conjectures, where
marginal performance gap confirms that Long-
Bench and NIAH are less challenging for current
LLMs, and the consistent performance advantage
demonstrates the superiority of IntentKV.

G Discussion on Applications

Motivated by insights from pragmatics, IntentK'V
is an effective and efficient KV eviction method
that accurately evicts KVs irrelevant with the inten-

tion of the user, achieving promising performance
on trending benchmarks. Besides, except long QA
tasks(such book QA or code repository QA) cov-
ered in the benchmarks, IntentKV is well suited
to retrieval-augmented generation, where a short
query exists and a large quantity of documents are
first retrieved using it and the final context is com-
posed of the documents as well as the query. In
this case, IntentKV can help the LLM focuses on
relevant documents, reducing the impact of posi-
tion bias (Liu et al., 2024; Peysakhovich and Lerer,
2023) and the hallucination resulted from irrelevant
documents (Huang et al., 2025).
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Table 10: Performance of different KV eviction policies with Llama-3.1-8B-Instruct on LongBench, where the bold
results indicate the highest value in each row excluding FullKV column. The size of KV cache is set to 512.

Dataset |FullKV StreamingLLM SnapKV IntentKV
2WikiMQA 50.2 44.2 479 49.8
SAMSum 43.2 41.4 42.1 42.0
QMSum 254 21.0 23.3 24.0
TriviaQA 92.3 88.8 91.2 92.0
HotpotQA 54.3 46.3 52.7 54.7
RepoBench-P 52.0 49.0 49.7 50.3
MultiNews 26.9 23.0 24.0 24.1
TREC 73.0 54.5 58.5 65.0
Qasper 47.2 24.8 34.4 41.6
PassageCount 6.6 7.5 7.3 7.5
LCC 62.0 59.1 60.9 61.8
MuSiQue 324 24.6 29.8 31.6
MultiFieldQA-en | 55.3 33.8 49.7 53.9
NarrativeQA 31.1 26.5 29.7 29.5
PassageRetrieval-en| 100.0 96.5 99.5 99.5
GovReport 33.9 22.0 23.9 24.5
Avg. 49.1 41.4 45.3 47.0

Needle in A Haystack Llama-3.1-8B-Instruct w/ FullKV Needle in A Haystack Llama-3.1-8B-Instruct w/ IntentkKV

1.0

0.8

0.6

0.4

Depth Percent (%)
Depth Percent (%)

0.2

0.0

0.8

0.6

0.4

Depth Percent (%)

0.2

Depth Percent (%)

0.0

Context Length

Figure 10: Performance of different KV eviction policies with Llama-3.1-8B-Instruct on NIAH test, where the size
of KV cache is set to 2K.
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