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Abstract

We demonstrate that geometrically distinctive keys during LLM inference tend
to have high attention scores. Based on the phenomenon we propose KEYDIFF,
a training-free KV cache eviction method based solely on key similarity. Unlike
other KV cache eviction methods, KEYDIFF can process arbitrarily long prompts
within strict resource constraints and efficiently generate responses. We provide
a theoretical basis for KEYDIFF by relating key diversity with attention scores.
These results imply KEYDIFF can efficiently identify the most important tokens
to retain. Notably KEYDIFF does not rely on attention scores, allowing the use
of optimized attention mechanisms like FlashAttention. Under a strict memory
allowance, we demonstrate the effectiveness of KEYDIFF for the Llama and Qwen
model families by observing a performance gap of less than 0.04% with 8K cache
budget (~ 23% KV cache reduction) from the non-evicting baseline on LongBench
for Llama 3.1-8B and Llama 3.2-3B. We also observe near baseline performance for
Deepseek-R1-Distill-Llama-8B on the Math500 reasoning benchmark and decrease
end-to-end inference latency by up to 30% compared to the other token-eviction
methods.

1 Introduction

Key-Value (KV) caching is a standard technique to accelerate large language model (LLM) inference
that reuses key and value states (KVs) from previously processed tokens, enabling efficient autoregres-
sive generation. This is crucial for long-context applications such as document summarization, code
generation, question answering [7, 25, 31, 10], retrieval augmented generation [19] and reasoning
[34, 17, 41]. However, the memory footprint of the stored KV cache grows linearly with input length,
which becomes a bottleneck in memory-constrained environments.

This challenge is particularly acute for LLM inference on edge device, where compute, memory, and
power resources are limited [3, 22, 32, 36]. While KV cache eviction policies have been proposed
to bound memory overhead by removing unimportant KVs (often measured by attention scores)
[35, 24, 43], they typically process the entire prompt at once and violate memory constraints during
intermediate computation.

To enforce strict memory bounds throughout the prompt prefill and token generation inference phases,
we adopt a block-wise inference strategy: the input prompt is divided into smaller blocks which are
processed sequentially by the model, similar to [18, 1, 37]. After processing each block, we evict
some of the cached KVs by according to an eviction policy that scores each KV, as illustrated in
Figure 1. Unlike previous approaches that apply eviction after processing the entire prompt, this
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Figure 1: An example of block prompt processing with KV cache eviction. The input prompt
having length of 7 is segmented by three blocks, and a transformer layer in LLM processes each block
by (1) computing key-value states from inputs, (2) computing attention, (3) computing the eviction
score, and (4) performing eviction based on the eviction score to satisfy the memory constraints (e.g.,
at most 4 tokens can reside in the cache). After each block processing, the KV cache is updated and
passed to the next round of block processing, satisfying imposed memory constraints on the KV
cache.

strategy satisfies memory constraints throughout the full inference process. However, we observe a
degradation in accuracy when applying existing eviction methods in this setting (Table 1).

We hypothesize that the performance drop stems from a mismatch in design: existing eviction
methods assume access to full-prompt attention, where key importance is computed over the entire
input. During block prompt processing, however, attention is computed using only the current block’s
tokens without access to future blocks. As a result, attention scores based on a limited context often
fail to reflect a token’s true importance across the full prompt.

To this end, we observe that keys with lower average pairwise cosine similarity tend to receive higher
attention scores across a variety of inputs. This suggests that key diversity serves as a strong proxy for
global token importance, even without access to future tokens. This insight enables an attention-free
approach to cache eviction that is based on the geometry of the cached keys.

Motivated by these observations, we propose KEYDIFF, an attention-free cache eviction method
that removes redundancy among cached keys, operates effectively during block-wise inference, and
avoids excessive memory overhead. Our contributions are summarized as follows:

» Insight. We observe that lower pairwise cosine similarity among keys correlates with higher
attention scores, suggesting its utility as a proxy for token importance. (Section 3.1)

* Method. We introduce KEYDIFF, an eviction strategy that selects keys based on their similarity to
other cached entries without relying on attention scores or future tokens. (Section 3.2)

* Theory. Through our analysis of key and query geometry we provide a theoretical understanding
how/why KEYDIFF works. We also show that KEYDIFF solves an optimal subset selection problem
that maximizes key diversity. (Section 3.3)

* Performance. KEYDIFF achieves < 1:5% and < 0:04% accuracy drop on LongBench with 6K
and 8K cache budgets, respectively, outperforming state-of-the-art eviction methods across Llama
and Qwen models (Section 4.2), and near non-evicting baseline performance for Deepseek-R1-
Distill-Llama-8B on the Math-500 reasoning benchmark. (Section 4.3)

« Efficiency. We observe up to 30% end-to-end inference latency reduction using KEYDIFF compared
to existing KV cache eviction methods. (Section 4.5)

2 Background

2.1 Transformers

X’ = f(X) = FF(Attention(X)); (1)



The causal Attention operator projects each input token X¢ with matrices Wg; Wic; Wy, € R9%d into
key, query, and value matrices (K = XWy, Q = XWgq,V = XW\y, respectively) then applies the

following relation to produce the attention output *:
02" = Softmax QK' /V/d+M Vv = AV 2)

where O3t ¢ RT*9_ and the causal attention mask M is an upper triangular matrix with nonzero
values of —oo.

2.2 KV Caching

When the Attention operator processes a new token Xt 41, it must also recompute the prior KV
C = (K; V) for later reuse and append the new KV corresponding Xt +1 to the cache. We can apply
Equation (2) to an existing KV cache C as follows:

03 = Softmax Ar+1[K[kr+1]" Vd+M [V [vraal; 3)

where K71, g1 +1, VT +1 are the key, query, and value states of X141, and [X||XT +1] represents the
concatenation of X741 to an existing tensor X along the time dimension, M is the causal attention
mask accounting for both the KV cache and X +1.

KV caching dramatically reduces the latency of Attention by only computing Kt 1, 141, V141 for
each token X141 and reusing the KVs in C. However, the size of the KV cache increases linearly with
the number of processed tokens and dominates the memory footprint in long-context applications
[39].

2.3 KYV Cache Eviction Methods

To limit the memory footprint of the KV cache, we fix a cache budget N, which is the maximum
number of tokens to be stored in the cache. If a new KV is added to the cache and the updated cache
size is greater than N, we must evict KVs from the cache until the cache budget is met. The eviction
policy N (C) evicts a subset of KVs from C and returns a new cache C’ containing at most N KVs:

C  (Klkea]; [V [[Vesa])

4

C'+ n(O) @
Attention-Based Eviction Policies Attention-based eviction policies §" use aggregated attention
values to rank each KVs’ relative importance and keep the N highest scoring KVs. For a given

attention weight aggregation function , the eviction policy & performs the following steps:

S = topk( (A);N)

5
K’ = gather(K;S); V' = gather(V;S) )

where topk(X; N) returns the indices of N-largest values of X and gather(X; S) gathers columns
indexed by S.

Attention-based eviction methods prioritize KV pairs with higher attention scores to past tokens.
This is problematic when applying block prompt processing: all input tokens are not simultaneously
accessible within Attention, only those in the current block and cache. This can result in an incorrect
eviction decision. Additionally, attention-based eviction often requires explicitly materializing A,
which can be resource intensive. We discuss the attention-based eviction policies further in Section 5.

2.4 KV Caching in Resource-Constrained Environments

Existing eviction policies like Zhang et al. [43], Oren et al. [24] focus on processing the entire input
prompt at once: KVs are computed for each token in the prompt and stored in a cache C, then the
eviction policy  is applied to reduce the number of tokens in C’ to N, before token generation.

The multi-head extension and output projections are omitted for brevity.
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Figure 2: Cosine similarity of the keys and attention weights.Measured from Llama 3.2-3B-
Instruct and the rst sample from the NarrativeQA dataset in LongBench. Truncated to the rst 64
tokens for visualization.

However, the intermediate cacidbefore eviction will grow to the size of the input prompt. This can
often exceed model's allocated memory limit when deploying long context applications in resource
constrained environments.

As demonstrated in ef cient LLM inference frameworks [L4, 18, 3€], one solution is to apply

Xi =[Xgi;:::;Xg(+1) 1], B isthe block size, anth = dT =Be, and iteratively updating the cache
by exploiting causality, applying Equation (4) in a block-wise fashion:

G (Ki 1kkgig(i+y 11V 1kvgis(i+1 1)) ©)
@ @G G CY G=5;
wherekg; .g(i+1) 1 @andvg; g(i+1) 1 are the keys and values selected frimrespectively, and

G = (Kj;V;) is the KV cache after processing the risprompt blocks. As in Equation (4), we
concatenate thB new KVs to the current cache, apply, and update the cache in Equation (6).

We refer to this ablock prompt processindts main advantage is the ability to control of the compute
and memory overhead of KV cache management by adjusting the blocR sime cache budget
N . Note that, in a decoder-based architecture, applying block prompt proces3ingitb B = T
yields the same result as processing alkoat once and choosiry = 1 corresponds to the token
generation phase of LLM evaluation.

Attention-Based Token Eviction Challenges Despite its advantages, block prompt processing
introduces a challenge for KV cache eviction: eviction decisions in b¥ocknpact the cache used by
Xi+1 , causing eviction errors to compound over time. When the model procéssattention-based
eviction methods retain KVs with high attention weights derived fddm: : : ; X; rather than all of

X', which may prematurely evict KVs with high weights in upcoming blocks.

3 Method

We demonstrate a negative correlation between attention scores and the cosine similarity among keys
(Section 3.1) and leverage this observation to dev&lagDIFF (Section 3.2), followed by a theoreti-
cal justi cation of KEYDIFF (Section 3.3) and preliminary evidence of its ef cacy (Appendix C.2).

3.1 Correlation of Attention Scores and Key Dissimilarity

To address the shortcomings of attention-based KV cache eviction in Section 2.4, we develop
an alternative attention-free scoring metric that retains signi cant KVs across blocks while being
resource ef cient. We recall the “attention sink" phenomenon: LLMs often assign high attention
weight to the rst few tokens, regardless of the inp86,[29]; these highly weighted tokens are
calledsink tokensHowever, the index of the sink tokens can vary across heads and layers and reside
deeper in the sequence than the rst few tokens. This observation motivates the following hypothesis:
high attention scores can be determined by the intrinsic properties of the keys rather than by any
particular combination of keys and queries.

Correlation of Key Similarity and Attention Scores We evaluate our hypothesis by inspecting
the cosine similarities between keys computed inside an attention block. We visualize the pairwise



cosine similarities between keys along with the attention weights in two particular heads and layers
in Figure 2. We observe that keys with lower cosine similarity with other keys exhibit higher relative
attention scores regardless of the choice of query, such as the 4th and 15th keys in Figure 2a, or the
1st key in Figure 2b. Pairwise cosine similarity of keys is solely a function of the keys in the cache,
which are independent of input queries; the surprising aspect of Figure 2 is the negative correlation
with attention weights. These distinctive keys essentially recover the attention sink phenotgnon [

3.2 KEYDIFF

Based on the observation in Section 3.1, we progoseDIFF, which evicts tokens from the KV
cache based on key similarity. If the cadblas intermediate sizeand budgeN wheren > N ,
KEYDIFF is de ned as:
N

S = topk( CosSimK)1;N);

;
K °= gather (K;S); V°= gather (V;S) 0

whereK 2 R" 9 andV 2 R" ¢ are the cached keys and valu€nsSim) 2 R" " is the

pairwise cosine similarity matrix of keys i with CosSimK ); = % andl 2 R"isa
vector of ones.

Ef cient Variant of KeyDIFF Unlike attention-
based eviction policie EYDIFF does not require
access to the attention weighhs facilitating opti-
mized attention kernels that do not materialixe
such as FlashAttentio]. However, computing the
pairwise cosine similarities runs @(n?) time. For-
tunately, we can compute the score of each token in
Equation (7) inO(n) as follows:

S = topk( CosSim( (K);Ri);N)  (8)

where (K) = %P ", ki andk = ”t—” We refer
o Figure 3: An overview of KEYDIFF. (1)

to (K) as theanchor vector We show this formu- KEYDIFF rst computes the anchor vector

; > . %ry taking the average of the keys in the KV

a mild condition. (see Appendix C.2). Our eXpeg;-ne 2y computes the cosine similarity be-

imentation has shown that the anchor vect®) tween the keys and the anchor resulting in

can be replaced with(K ) without losing accuracy eyiction scores whose color intensities indi-

described in Figure 3 using unnormalized k&)jis  pajrs with the lowest similarities.

all subsequent sections. Figures 5 and 8 to 10 visu-

alize the keys retained and evicted by sink attention

[35], TOVA [24] andKEYDIFF via PCA.KEYDIFF retains more varied keys. A full complexity and
FLOP analysis can be found in Appendices B and B.1

K EeYDIFF with Sliding Window In tasks such as reasoning and coding, where the most recent
tokens are often important, we can augmi€aty DIFF and its ef cient variant to use a percentage

of the cache budget forgliding window{6], which we callKeyDIFF with sliding window This
extension introduces no complexity or memory overhead and we observe better results on certain
tasks than vanilla KYDIFF (Table 14 and Appendix E).

3.3 Why KeEYDIFF Works: A Theoretical Perspective

To solidify the theoretical foundation &eyDIFF and show thaK EYDIFF ultimately selects keys

most aligned with queries, we prove the following two results. We rst validate the relationship
between cosine similarity and attention scores observed in Figure 2 by bounding the attention score
of a new incoming kex? in terms cosine similarity with a xed queny.

Lemma 3.1. Suppose that for a xed query tokenthere is a set of key tokehk; g, such that
jikiji3 <M; 8i. Without loss of generality suppoggjj = 1 and assumé& is a key not irf k; g,



(a) Sink Attention (b) TOVA (c) KEYDIFF (d) Retained keys only

Figure 5:(a, b, and c)PCA Visualizations in two dimensions of a key cache managed with Sink,
TOVA, andKEYDIFF. Retained tokens are blue, while evicted tokens are . Keys are taken
from layer5 and head of Llama3.2-3B-Instruct, and generated using the NarrativeQA dai@det.
PCA visualization of the retained keys for each KV cache eviction method.

withjjk jj3 <M that has attention weighw > 0. Then, fom ! 1,
log(1 w)

M 1 CosSinik ;Qq)

We then establish a relationship between the cosine similaritie$, of and the mean of prior keys

Theorem 3.2. Consider token& , g as above, and the average of the keys tokenSuppose
CosSink ;q) = > O0and CosSirtk;g) = ¢ < 0. Then

CosSinfk;k ) 1+ ¢4 055 052 (9)

By combining Lemma 3.1 and Theorem 3.2,

we establish a relationship between the attention

weight w and theKEYDIFF scoreCosSim(; k ).

As CosSim(; g) decreases an@osSimk ;@) in-

creases (along with the attention weigh}, then

CosSimk; k ) tendsto 1: this meanKEYDIFF se-

lects distinct keys most aligned with We visualize

this in Figure 4 with a PCA embedding of keys and

queries from a single head of Llama 3.2 3B, high-

lighting the relationship between top scoring keys

via KEYDIFF, the anchor vector and queries. Simi-

lar trends are found from the other layers and heads

as shown in Figure 11. The proofs of Lemma 3lﬂigure 4: PCA embedding of keys and queries
and Theorem 3.2 are in Appendix C.3, along Withom [ lama 3.2 3B
empirical motivation for the chosen assumptions.

4 Experiments

In this section, we empirically demonstrate the effectivenessfDIFF. We begin with a description
of competing, state-of-the-art eviction methods, followed by a detailed description of the evaluation
setup, then present our experimental results. Our ndings can be summarized as follows:

» Needle-In-a-Haystack.K EYDIFF outperforms competing eviction policies on the Needle-In-A-
Haystack benchmark (Section 4.1).

» LongBench. KeyDIFF outperforms competing eviction policies with block sBe= 128 on
LongBench, achieving an 1.5% accuracy drop with a 6K cache bud@39% compression rate)
and .04% with a 8k cache budget 23% compression rate) with Llama-3.1-8B-Instruct and
Llama-3.2-3B-Instruct (Section 4.2).

» Reasoning.KeYDIFF performs competitively on the Math-500 reasoning benchmark with other
eviction methods using the DeepSeek-R1-Distill-Qwen-7B and Llama-8B, and shows near eviction-
free baseline performance when augmented with a sliding window (Section 4.3) for DeepSeek-R1-
Distill-Llama-8B.

* Ablation Study. We perform an ablation study on the main parametet§s®f DIFF and show
that utilizing negative cosine similarity as the eviction criteria and the mean of cached keys as the
anchor vector performs best. (Section 4.4).
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Figure 6: Accuracy across document length and needle depth for needle in a haystack test. Cache
size is6K with B = 128.

» Ef ciency. We compare the end-to-end inference latenci{ e DiFF, [20] and [24] and observe a
30% latency improvement with & DIFF (Section 4.5).

Experimental Setup We apply several cache eviction methods to several decoder-only transformer-
based language models, including Llag&-8B-Instruct [L0], Llama3:2-3B-Instruct [L0], and Qwen
2:5-3B/7B-Instruct B8]. We evaluate these models using H2G3][ TOVA [24], SnapKYV [20], and
StreamingLLM [B5], (or “sink attention") cache eviction policies, along with the eviction-free model

as a baseline. We simulate a resource constrained environment by processing prompts and generating
responses using Equation (6), with a block siz8of 128 for prompt processing ari8l = 1 for

token generation using greedy decoding for all experiments. We denote the cache budgets of 2048,
4096, 6144 and 8192 as 2K, 4K, 6K and 8K, respectively.

4.1 Needle In a Haystack

To compare the impact of various cache eviction policies on fact retrieval, we conduct the “Needle In
a Haystack" test]1, 16]. This test embeds speci ¢ information (“needle") at different points within

a body of unrelated text (“haystack™); nding and retaining the needle is challenging for eviction
policies, which can't know what information must be retained during block prompt processing. The
results are shown in Figure 6 and Figure 19, where we show the recall accuracy oBid8Ba
Instruct across different document lengths (x-axis) and needle depths (y-axis) with a cache size of
6K. KeYDIFF performs similarly to TOVA, SnapKV and sink attention for shorter documents and
outperforms all three methods as the document length increases.

4.2 LongBench

LongBench {]] is a bilingual, multi-task benchmark suite for LLMs, providing a comprehensive
stress test for long prompt inputs. LongBench is useful for evaluating cache eviction methods in a
resource constrained environments with a xed memory budget: 51% of prompts are longer than
the largest KV cache size of 8K. For cache budgets of 6k and 8k tokens, prompts in LongBench are
compressed by 33% and 23% respectively on average, (see Appendix F.3 for more detail.)

Table 1 summarizes the evaluation results of Llama 3.1-8B-Instruct and Llama 3.2-3B-Instruct on the
English subset of LongBench with 2K, 4K, 6K, and 8K cache budgets using various eviction policies
with block prompt processing enabled wBh= 128. As shown in Table 1KEYDIFF outperforms

other eviction strategies across most tasks, even demonstrating better performance with smaller cache
budgets.KEYDIFF shows signi cant a improvement on the PassageRetrieval-en (PR-en) dataset,
which tests whether long-term dependencies within a long prompt can be correctly recoghized [
while achieving near full-context model performance even with the smallest budget. Adding a sliding
window toKEYDIFF improves coding task performance (Table 14). We observed similar trends in
the full LongBench task suite as shown in Table 11 and in the additional results in Appendix F.

KEYDIFF exhibits similar or better performance compared to competing methods. Notably, the
attention-based methods (e.g., H20, TOVA, and SnapKV) show signi cant performance improve-
ments over th& = 128 case. This result supports our hypothesis: an eviction scheme robust to
changes in the scope of comparison among tokens is essential in memory constrained environments
where token-wise attention weight can't be fully materialized.

Additional Results We present the full evaluation results in Table 11 and more complete compar-
isons on LongBench in Appendix F, such as: standard prompt processing with a single large block



Table 1:Llama-3.1-8B/3.2-3B-Instruct LongBench results withB = 128 (Higher is better). We
highlight the best and second best methods within a given budgebualithandunderline We omit
Chinese dataset results and other model results due to space limit. The full evaluation results are in
Table 11. t: A subset of samples (183/200) were evaluated due to OOM errors.

Single Doc. QA Multi Doc. QA Summarization Fewshot Learning Synthetic Code
Narrative QA Qasper MF-en HotpotQA 2WikiMQA Musique GovReport QMSum MultiNews TREC TriviaQA SAMSum PCount PR-en Lcc RB-P Avg.
Llama3.1-8B 30.05 47.00 56.12 57.33 47.81 32.25 34.86 25.32 27.02 73.00 91.61 43.37 8.33 99.50 61.66 51.94 49.20
2K 1.74 2115 2533 26.11 24.15 8.78 217 2.70 16.78 44.00 29.36 7.62 225 588 40.15 1214 16.89
H20 4K 4.07 36.16  36.00 33.52 32.87 17.78 6.66 5.95 24.09 55.00 47.65 17.41 4.00 2450 54.85 21.43 26.37
6K 8.52 4331  44.80 40.03 42.46 21.68 11.85 8.78 26.03 62.00 56.39 25.72 5.75 4550 58.62 29.53 33.19
8K 13.85 4494 4781 43.64 44.90 23.65 18.78 11.35 26.49 69.50 69.05 33.41 5.25 62.50 59.74 36.26 38.20
2K 22.57 37.26  39.43 45.74 34.48 14.77 28.87 2117 26.95 62.50 90.73 42.74 0.00 18.00 62.68 52.48 37.52
TovA 4K 22.68 4455  47.87 46.76 44.54 20.56 30.95 2213 26.96 61.50 90.56 43.27 3.00 4350 61.62 53.40 41.49
6K 24.59 4593  53.92 55.09 47.43 25.07 32.33 24.10 27.00 68.50 90.81 43.89 4.25 67.00 6150 52.39 4524
8K 24.86 46.78  54.83 54.52 49.00 26.40 33.44 24.76 27.00 71.00 91.11 43.29 6.25 87.00 61.49 51.79 47.09
2K 21.83 3427 2924 38.64 29.50 12.59 28.51 20.21 26.62 65.00 89.46 42.20 2.00 2550 64.95 59.54 36.88
Sink 4K 22.94 43.01  39.08 44.04 41.39 19.09 31.08 21.57 26.78 70.00 91.53 42.29 3.00 38.50 62.12 58.84 40.95
6K 25.41 47.40 4413 47.39 45.73 21.90 32.53 22.19 26.87 72.00 91.25 43.41 3.08 5250 62.22 56.24 43.39
8K 23.53 46.63  48.68 49.61 47.16 21.14 33.10 23.20 26.92 72.00 91.29 43.79 3.25 66.00 62.18 56.43 44.68
2K 21.81 37.22 3719 46.10 35.42 16.53 29.83 21.05 26.77 61.00 88.84 42.56 4.03 5150 62.37 51.45 39.60
Snapky 4K 24.79 44.22 4730 48.49 46.73 20.55 32.19 22.68 26.95 67.50 90.98 43.14 5.17 89.50 61.44 51.20 45.18
P 6K 24.10 4557  50.44 53.12 48.41 24.27 33.43 23.53 27.03 71.50 92.28 43.58 5.25 98.00 61.32 52.16 47.12
8K 25.15 46.55  53.39 56.00 48.75 27.82 33.67 24.85 27.01 72.50 91.78 43.54 5.08 100.00 61.48 51.41 48.06
2K 26.64 41.73  50.99 51.59 46.47 22.84 29.02 23.86 26.76 66.50 85.92 39.26 3.17 96.00 59.17 48932
KEYDIFF 4K 28.70 45.62  56.06 54.58 49.31 28.25 32.30 25.03 27.07 70.00 90.85 42.84 4.21 99.00 60.80 #BEH
6K 29.90 46.33  55.11 56.80 49.50 31.52 33.44 24.58 26.98 72.00 90.99 43.10 5.27 99.50 61.40 485D
8K 33.57 46.77  55.48 56.87 49.37 30.88 34.17 25.12 27.01 72.50 92.28 42.81 5.83 99.50 61.48 £NED
Llama3.2-3B 23.76 40.23  50.09 50.69 42.29 26.84 33.09 24.30 25.21 72.50 90.11 42.58 3.00 96.50 56.22 56.52 45.87
2K 1.63 19.96  20.20 18.02 19.56 2.88 0.78 1.55 15.97 41.00 21.97 9.83 0.50 050 39.71 1391 14.25
H20 4K 2.92 31.94 3323 24.49 28.08 7.55 5.44 6.30 22.77 53.00 38.85 20.33 1.50 750 5123 2294 22.38
6K 4.62 38.81  39.06 34.66 35.52 15.21 10.51 10.01 24.25 61.50 53.23 27.37 0.50 13.00 54.55 32.29 28.44
8K 9.65 39.66  43.20 38.09 40.41 21.46 17.80 13.28 24.67 70.00 64.30 32.19 2.00 2450 55.00 39.09 33.46
2K 17.14 30.14 3244 35.96 30.05 13.08 26.15 19.70 25.04 56.50 87.81 40.48 2.50 1150 55,51 52.36 33.52
TovA 4K 20.52 39.53 4247 44.12 38.42 18.22 29.36 21.36 24.96 63.50 88.98 41.50 3.00 2350 55.72 56.66 38.24
6K 20.22 39.78  45.86 49.08 41.54 20.43 30.50 2217 25.11 66.50 89.00 42.50 4.00 46.50 55.57 57.53 41.02
8K 21.08 40.67  49.07 48.69 41.93 23.05 31.64 22.85 25.21 69.00 89.25 42.19 2.50 71.00 5577 57.47 4321
2K 16.85 30.69 26.58 33.26 25.27 13.82 26.74 19.15 25.15 65.00 86.17 40.79 1.50 19.50 56.65 52.73 33.74
Sink 4K 19.46 38.61 36.22 41.97 35.84 13.37 29.34 20.19 25.06 71.00 88.06 41.31 2.50 3550 56.48 5243 37.96
6K 19.33 40.29  37.95 46.48 40.29 15.31 30.43 21.35 25.14 71.50 88.93 42.04 3.50 47.00 56.55 54.11 40.01
8K 20.15 40.02 4194 48.15 4224 16.01 31.64 22.10 25.20 73.00 89.26 42.37 3.50 62.50 56.86 56.63 41.97
2K 17.38 31.37 3148 37.77 30.05 11.54 27.03 19.93 24.97 59.00 88.13 40.48 3.50 3250 56.32 55.91 35.46
Snapky 4K 19.85 39.22  39.86 46.70 37.98 16.64 29.79 21.21 25.01 65.50 89.35 40.95 2.50 62.50 55.74 56.88 40.60
P 6K 20.83 39.65 44.48 49.30 40.18 20.28 31.27 22.73 25.09 69.00 89.95 41.47 4.00 85.00 55.69 57.82 43.55
8K 20.49 40.80  48.16 48.78 41.65 24.79 31.81 23.46 25.17 70.00 90.17 41.99 5.00 94.00 55.77 57.29 44.96
2K 18.29 36.65 45.44 46.09 35.41 13.79 28.16 21.45 25.01 60.00 85.24 37.00 1.00 60.50 54.13 3RDL
KEYDIFF 4 22.34 40.60 49.15 50.14 40.30 21.65 31.38 23.44 25.06 66.50 87.92 41.41 2.50 88.50 55.55 4&RE&H
6K 22.29 40.68 50.14 51.74 42.19 24.83 32.39 23.53 25.19 71.00 90.02 42.00 3.00 95.00 55.86 4B1Z0D
8K 22.41 40.77  50.10 49.83 43.58 28.09 32.78 23.60 25.17 72.00 90.17 42.46 3.50 96.50 55.85 £&HAD

(i,e.B = 1) in Table 10; eviction method performance with Qwen 2.5-3B/7B-Instruct in Table 12;
performance behavior with block sizBs= [64; 256]in Table 13; and performance ¢&teYDIFF
combined with a sliding window as described in Section 3.2. We also compare agaibgthioem
minimizing eviction method of [9] in Table 11.

4.3 Math-500 Reasoning Benchmark

Reasoning is an important long-context task for LLMs. Unlike other long-context use cases, reasoning
typically involves a relatively short prompt followed by a long generation, which presents unique
challenges for token eviction methods. To evaluate the effectiveness of token eviction methods, we
applyKeyDIFF and SnapKV to the DeepSeek-R1-Distill-Qwen-7B and Llama-8B distilled models
[12], and assess their performance on the Math-500 reasoning benchifars{irprisingly, we

found that Llama equipped witkeyDIFF and a moderate KV cache budget performs comparably to,

or slightly better than, the eviction-free baseline, while also outperforming SnapKV. We kindly refer
the reader to Appendix E for additional details on the reasoning task evaluation.

4.4 Ablation Study

We evaluate the design choiceskof Y DIFF, including the similarity metrics and the choice of the
anchor vector, and validate the ef cacy KEYDIFF. We provide a full description of the test setup

in Appendix G and summarize the ndings here:

« KEYDIFF anchor choice does not greatly impact benchmark accuracies (See Table 15).

» KEYDIFF using cosine similarity as the distance metric outperforms other metrics (See Table 16)

4.5 Latency and Complexity

Additionally, in order to demonstrate thKtEYDIFF decreases end-to-end inference latency, we
measured time to rst token for the Llama 3.2 3B instruct model using different block prompt



Figure 7: Time-to- rst-token (TTFT) for Llama 3.2-3B using Flash Attention with different eviction
strategies with block prompt processing siBds128 and256.

processing sizes and cache strategies. These results are visualized in Figures 7 and 17. Since
KEeYDIFF does not require attention weight materialization, FlashAttenpndn be used, resulting

in up to 30% lower latency than TOVA and SnapKV. We compare the complexiyeofDIFF with
competitors in Appendix B and perform a complete FLOP count in Appendix B.1.

5 Related Work

Sparse Attention LLMs often exhibit high attention sparsity, where a small subset of keys receives a
signi cant proportion of attention scores. This characteristic allows sparse approximation techniques
to reduce the computational cost of attention. Similar to PagedAttentigin Tang et al.[30]
estimates the importance of a page (a contiguous set of keys) to a given query, wheregsRehg
further re ned the budgets in a per-head manner. On the contrary, sample-based méthads [
attempt to approximate token importance by inspecting the attention scores from the last few queries
or certain query channel dimensions. Despite their effectiveness in reducing computational costs,
these methods do not address the memory overhead of the KV cache, which typically retains all KVs.

KV Cache Compression Different approaches to compress the KV cache include architecture
modi cation such as GQAZ], which shares a KV cache across a small number of heads. Other
techniques to compress the KV cache include quantization such B85 &3 42] in which the authors

use various technigues to take advantage of existing patterns to ef ciently quantize and compress the
KV cache. More related to our work ()] uses a scoring mechanism to determine the precision of the
guantization for different tokens.

Token Eviction Methods Unlike the sparse attention and KV cache compression methods, eviction
methodsevictKVs from the cache to reduce the size of the KV cache. As discussed in Section 2.3,
the majority of the token eviction methods employ their own rules to decide the importance of the
tokens by manipulating the attention scéreFor example, by appropriately choosing the aggregation
functions (A) of Equation (4), we can obtain existing attention-based eviction methods as discussed

in Appendix A.1. Attention-based eviction may be a better choice when the entire prompt is being
processed at once, as the eviction can be done by assessing the importance of all tokens simultaneously.
However, computing the full attention score of long prompts could be prohibitively expensive in
resource-constrained environments.

6 Conclusion

Inspired by our observation that distinctive keys tend to have high attention scores, we propose
KEYDIFF, a training-free KV cache eviction method based on key similarity that enables large
language models to operate in memory and compute constrained environments. W&jesifyFr

by showing that it minimizes the pairwise cosine similarity among keys in the KV cache, maximizing
the aforementioned diversitiK EYDIFF signi cantly outperforms state-of-the-art KV cache eviction
methods under similar memory constraints, with only a 1.5% and 0.04% accuracy drop from the
non-evicting baseline while achieving 33% and 23% KV cache memory reduction on LongBench.
Similar to other token eviction methodsEgYDIFF is primarily designed and evaluated for the GQA
attention mechanism used in models such as Llama and Qwen. In future work, we plan to extend
KEeYDIFF for seamless integration with other attention variants, such as Multi-Head Latent Attention
[12].
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KEYDIFF _
Supplementary Material

A Extended Related Work

A.1 Attention-based eviction methods

In this section, we provide a uni ed framework to understand prominent attention-based eviction
methods. As mentioned in Equation (5), we can specify attention-based eviction methods under the
uni ed framework with proper selection of the aggregation functigA) as follows:

« TOVA[24]: TOA (A)= A 1.,
« H20 [43]: "20(A)= Apey + A” 1,

* SnapKV Bg]:  SmPKY (A) = (A1) K, whereK is a vector ofg andk is the kernel size of
average smoothing.

B Runtime and Memory Complexity

We analyze the runtime and memory complexity for the prominent KV cache eviction algorithms
in Table 2. For a given block siZ@ and cache budgét, KEYDIFF requiresO(N + B) runtime

and memory. The same holds true for TOVA, since it only requires computing the bottom row of
A. Sink attention retains the rst tokens in the input sequence, followed by a sliding window of
sizel, resulting inO(k + L) = O(N) memory and runtime, sinde+ L equals the chosen cache
budget. SnapKV computes attention over a sliding window of siagainstN + B keys from the
incoming block and the key cache, so the memory and runtime complext(N + B)L). H20
accumulates attention weights over all tokens, and computes the attention over the current block, so it
will require O(NB + B?) memory overhead and runtime. We summarize these details in Table 2

Table 2:Runtime and memory complexity of token eviction methods.

Runtime Complexity Memory Complexity

KEYDIFF O(N + B) O(N + B)
TOVA O(N + B) O(N + B)
H20 O(NB + B?) O(NB + B?)
SnapKV ~ O((N + B)L) O((N + B)L)
Sink O(N) 0(1)

B.1 FLOP count of KeyDiff

The bulk of the computation in KeyDiff (neglecting the “topk™ operator) is the following two expres-
sions:

P .
- (K)= T kltﬁ
e s = CosSinf (K);k)= (K E:z;kkllk‘k; =1

We will count the total number of additions, multiplications, square roots and divisions required by
KeyDiff separately, since division and square root implementation are hardware-dependent, then

13



assign weights to each operation at the end for a nal count. Norms are assumed to be 2-norms. We
count the FLOPs required for each operation as follows:

e kkik = P ki ki: sincek; 2 RY: d multiplications,d 1 additions, one square root. Repeating for
eachi, this contributesid multiplications,n(d 1) additions, andh square roots.
. '% naively,d divisions, but can be rewritten as one division @nultiplications. Repeating for

eachi, this contributesd multiplications anch divisions.

« 171 ¢, forc2 R%: onedivision(n 1)d additions.

Combining the above, we can compute the anchor vector @sidgnultiplications,2nd n d
additions,n square roots and + 1 divisions.

To compute the cosine similarity score, we have from above tf#éf) k; requiresnd multiplications

andn(d 1) additions. Also from above, we have that computingK )k requiresd multiplications,
d 1 additions and one square root. We reuse the computatiék; kffrom the previous step

and computekk;kk (K )k in n multiplications andmax(kkikk (K )k; ) with moren additions

(assuming boolean comparison equals addition in cost). We can then divide through to compute
m with n divisions. Therefore, computing the cosine similarity between the anchor
and each key requiresl + d + n multiplications,nd + d 1 additions,n + 1 divisions and one
square root.

Adding everything up, KeyDiff requires:
1. 3nd + d + n multiplications,

2.3nd n 1additions,

3. 2n + 2 divisions,

4. n +1 square roots,

If, based on x86 instruction tables, we declare additions and square roots cost one FLOP (i.e. can be
computed in one cycle), multiplications cost three FLOPSs, division is roughly 47 FLOPs, we arrive at
a nal FLOP count of:

3Bnd+d+n)+(3nd n 1)+47 (2n+2)+(n+1)=(12d+97)n+3d+94: (A.l1)

This is linear in the number of keyswith a small constant, relative to the quadratic complexity of
the attention operator.

C KEYDIFF: A Theoretical Perspective

C.1 Additional PCA Visualizations

In order to demonstrate the phenomena in Figure 11 persists across all heads and layers, we have
included several more visualizations as seen in Figure 8, Figure 9, and Figure 10.

(a) Sink Attention (b) TOVA (c) KEYDIFF (d) Retained keys only

Figure 8:(a, b, and ¢)PCA Visualizations in two dimensions of a key cache managed with Sink,
TOVA, andKEYDIFF. Retained tokens are blue, while evicted tokens are . Keys are taken
from layer27 and head! of Llama3.2-3B-Instruct, and generated using the NarrativeQA daf@det.
PCA visualization of the retained keys for each KV cache eviction method
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(a) Sink Attention (b) TOVA (c) KEYDIFF (d) Retained keys only
Figure 9: Keys taken from lay@0 and head of Llama3.2-3B-Instruct

(a) Sink Attention (b) TOVA (c) KEYDIFF (d) Retained keys only
Figure 10: Keys taken from lay&and head of Llama3.2-3B-Instruct

(a) Layer 0 Head 1 (b) Layer 10 Head 1 (c) Layer 20 Head 1 (d) Layer 25 Head 1
Figure 11: PCA plots of Query and Keys from Llama-3.2-3B-Instruct

C.2 Derivation of KEYDIFF from an Optimization Perspective

To leverage the observation in Section 3.1, we minimize the sum of pairwise cosine similarities of
each key retained in the cache. This can be formulated as a constrained optimization problem with
the keysk 2 R" 9 whose element ik;, and budgeN smaller tham:

minimize XX &
i2sj2s kki kkk; k (A2)
subjectto S f 1;::::ng; '
iSj= N

This is a combinatorial optimization problem, which is dif cult to solve ef ciently, particularly during

inference. However, we can relax Equation (A.2) to produce a more tractable approximation to
the original problem. First, we rewrite Equation (A.2) by normalizing Keysuch thak; = K

Eak Kki K
resulting in:

0 1
XX Qi Q]':X Qi @X QjAZX kﬁi;N (K‘S)I

i2Sj2s i2s j2S i2S

P
where (Ks) = Ni ﬁj is the empirical mean of normalized keysSn This objective requires
i2s
recomputing (K s) for each candidate subs®t The sub-sampled mean tends to converge to the
mean over the entire set, the problem can be further relaxed by replagfng with (K) =
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