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Abstract

While long context support of large language models has extended their abilities, it1

also incurs challenges in memory and compute which becomes crucial bottlenecks2

in resource-restricted devices. Token eviction, a widely adopted post-training3

methodology designed to alleviate the bottlenecks by evicting less important to-4

kens from the cache, typically uses attention scores as proxy metrics for token5

importance. However, one major limitation of attention score as a token-wise6

importance metrics is that it lacks the information about contribution of tokens to7

the attention output. In this paper, we propose a simple eviction criterion based8

on the contribution of cached tokens to attention outputs. Our method, CAOTE9

(KV Caching through Attention Output error based Token Eviction), optimizes10

for error due to token eviction, by seamlessly integrating attention scores and11

value vectors. This is the first method to use information from the value vector on12

top of attention-based eviction scores. Additionally, CAOTE can act as a meta-13

heuristic method with flexible usage with any token eviction method. We show14

that CAOTE, when combined with state-of-the-art attention score-based methods,15

always improves accuracies on the downstream task for LLAMA3 and QWEN2.516

model families, indicating the importance of leveraging information from values17

during token eviction process.18

1 Introduction19

Large Language Models (LLMs) represent a large step forward in natural language processing by20

demonstrating remarkable proficiency in tasks such as text generation (1), machine translation (2),21

and question-answering (3). Many of these tasks require handling long prompt inputs efficiently,22

particularly in retrieval-augmented generation (RAG), long-form document understanding (4), sum-23

marization (5), and multi-turn dialogue systems (6)—collectively referred to as long-context LLMs.24

A key challenge in long-context applications is the increased latency during inference and generation,25

primarily due to the quadratic computational complexity of self-attention and the growing memory26

demands of handling long sequences.27

To alleviate computational overhead, Key-Value (KV) caching is a widely adopted technique that28

enables faster inference in LLMs. It does so by storing the key-value states of previously processed29

tokens and reusing them when generating new tokens, reducing redundant computations (7). However,30

while KV caching significantly enhances efficiency, it comes at the cost of substantial memory31

consumption as mentioned in (8) , especially in long-context setups. In such cases, the memory32

footprint of the KV cache often exceeds the memory usage of the model itself, making it a major33

bottleneck, especially, for memory-constraint devices. In this paper we focus on improving KV cache34

eviction methods by keeping relevant KV to utilize the memory budget in the best possible way.35
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Several methods have been proposed to optimize KV cache memory usage, including sparse attention36

mechanisms that selectively attend to a subset of tokens rather than all previous tokens reducing37

memory and computational complexity (9; 10), efficient attention architectures such as linearized38

attention (11), and memory-efficient transformers (12) which approximate self-attention to minimize39

memory consumption. These methods require from-scratch training or model finetuning, however, in40

this work, we focus on post-training token eviction method which dynamically discard less important41

tokens from the KV cache to control memory growth (8). Token eviction methods offer a distinct42

advantage in memory management by explicitly reducing the KV cache size while preserving critical43

information. These methods leverage the sparsity of attention — a phenomenon where a small subset44

of cached keys contribute disproportionately in the attention mechanism — to selectively retain only45

the most important tokens.46

Typically, token importance is determined based on attention scores or, equivalently, attention weights,47

which measure the alignment between query and key tokens (8; 13). However, since the attention48

output is a linear combination of attention weights and value vectors, evicting tokens simply based49

on attention scores may lead to suboptimal decisions, as it does not consider the contribution of value50

vectors from the tokens to be evicted.51

In this paper, we propose CAOTE, a post-training cache eviction method that seamlessly integrates52

eviction (attention) scores with value vectors by optimizing the eviction error, unlike recent methods,53

as shown in Table 1. CAOTE offers flexibility by being applicable to any post-training eviction54

method and also includes an efficient counterpart. When combined with recent cache eviction55

methods (8; 13; 14), we observe performance boost for all recent token eviction methods on a variety56

of downstream tasks: 16 tasks from LongBench, Needle-in-Haystack and Perplexity measurement57

tasks.58

The paper is divided into the following sections: Section 2 discusses background for token eviction.59

Our main method is in Section 3 which consists of CAOTE. In Section 4, we present experiments and60

results. Section 5 consists related works and Section 6 consists the conclusion.61

2 Background62

Method Keys Values Min eviction error
H2O ✓ ✗ ✗
TOVA ✓ ✗ ✗
SnapKV ✓ ✗ ✗
X+CAOTE ✓ ✓ ✓

Table 1: Overview of recent token eviction meth-
ods compared to CAOTE based on components
used during eviction.

Token eviction is a popular methodology (10;63

13; 8) for decoder-only transformer inferences64

that prevents KV-Cache from growing linearly65

as token generation continues by preventing less66

important tokens from being cached. This has67

dual benefits; first, it limits memory consump-68

tion for the KV-cache and second, it reduces69

the computational complexity of the attention70

mechanism. Here, we consider the case of pro-71

cessing the input prompt block-wise in resource-72

restricted environments. In this case, token evic-73

tion can save memory and computation not only in the generation phase, but also in the prefill74

phase, leading to a shorter time-to-first-token which is especially beneficial when the input prompt is75

extremely long.76

With a sequence of hidden states X l = [xl
1, . . . x

l
t] ∈ Rt×d, the transformer block updated the hidden77

states as follows:78

X l+1 = Φl
TRANS(X

l) = ϕl
FF

(
ϕl

SA(X
l)
)

(1)

where, xl
j is the hidden state of token j, ϕl

FF denotes the feedforward layer, and ϕl
SA denotes the79

self-attention layer, superscript l denotes the layer index.80

For brevity, we omit normalization layers and skip connections.81

Prompt prefill Given hidden-states X l ∈ Rt×d of t tokens, the self-attention layer process inputs82

as follows:83

X l
attn = ϕsa(Q

l,Kl, V l) = Softmax(Ql(Kl)⊤)︸ ︷︷ ︸
Al

V l (2)
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where, Ql,Kl, V l ∈ Rt×d and Al ∈ Rt×t. Here, we omit output layer projection and multi-head84

extention for brevity.85

Block-wise prompt prefill Instead of processing all tokens at once (resulting in attention matrix:86

Al ∈ Rt×t), we can process tokens in block-size m, which also helps in evicting tokens in small87

blocks instead of larger chunks.88

X l
attn,t+1:t+m = Softmax(Ql

t+1:t+m[Kl
:t,K

l
t+1:t+m]T )︸ ︷︷ ︸

Al∈Rm×(t+m)

[V l
:t,V

l
t+1,(t+m)] (3)

where, the new token hidden states are X l
t+1:t+m which are projected to89

Ql
t+1:t+m,Kl

t+1:t+m, V l
t+1:t+m90

Generation. In autoregressive generation a single token is generated at each iteration91

X l
attn,t+1 = Softmax(Ql

t+1[K
l
:t,K

l
t+1]

T )︸ ︷︷ ︸
Al∈R1×(t+1)

[V l
:t,V

l
t+1] (4)

For resource-constraint hardware, single-inference KV cache prefill for a large number of input92

tokens may cause out-of-memory error or slow throughput. On the other hand, combining block-wise93

prefill with token eviction after processing each block of prompt can resolve this issue and improve94

throughput (15; 16). For a block-size m, when b tokens are initially processed, the usage of memory95

and computation power can always be kept within budget constraints by processing the next m tokens96

and evicting the next m tokens. In this case, attention matrix has size: Al ∈ Rm×(b+m).97

Recent eviction methods use variants of attention scores from Al for evicting tokens by using98

a function (or operator) to map fscore(A
l) : Rm×(b+m) → Rb+m, where fscore,j is the retention99

score (or score) for token j, the top-b tokens are retained based on the score: argmax
b

fscore(A
l),100

where b is the budget (maximum tokens allowed per layer). Examples of score functions, for H2O,101

fscore,j = Σm
i=1Ai,j , and for TOVA, fscore,j = Al

−1,j . The process of token eviction follows intuitive102

steps as shown: computing scores for newly processed tokens, choosing top-b tokens, computing103

attention output using the top-b tokens’ hidden-state, we show the steps below:104

Al
b+m =Softmax(Ql

b+1:b+m[Kl
:b,K

l
b+1:b+m]T ) (5)

i1, . . . , ib = argmax
j∈{1,...,b}

fscore,j(A
l
b+m) (6)

X l
attn =Softmax(Ql

b+1:b+m(Kl
i1:ib

)T )V l
i1:ib

(7)

where the key in bold are correspond to the new tokens’ hidden states being inserted. In above105

equation we assume that no new query token was evicted for ease of notation. During generation, the106

flow remains same with m = 1.107

3 CAOTE: KV Caching through Attention Output-Based Token Eviction108

Our method is developed based on two key insights: (i) existing token eviction policies primarily rely109

on attention scores derived from queries and keys, and (ii) attention output is a linear combination110

of values. We find that optimizing for eviction error is same as change in attention output due to111

eviction, which can be computed in closed-form for each token during generation and can be used as112

the eviction score (CAOTE score).113

We first introduce CAOTE in Subsection 3.1 and how to compute eviction error in closed-form. This114

is followed by a discussion of its meta-property, demonstrating its applicability with other score-based115

attention methods such as H2O (8) in Subsection 3.2. Finally, we propose an efficient approximation116

of CAOTE in Subsection 3.3. The general workflow of CAOTE is illustrated in Fig. 1, highlighting117

that the modifications to existing token eviction methods are minimal.118

3.1 CAOTE Score119

The objective of our token eviction is to minimize eviction error: the change in attention output before120

and after eviction. We formulate eviction error for the generation scenario in which a single new token121
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Key Cache

...

Value Cache

...

New token

Attention Score-based Eviction

...

CAOTE Eviction

...

Key Cache

...

Value Cache

...

Figure 1: General flow of cache eviction when CAOTE is integrated with existing cache eviction
methods. In scores part {s1, . . . sn+1}, the lighter color corresponds to smaller score. We show
that after including value vectors with eviction scores to get CAOTE scores, the token to be evicted
can change. Above we changed from evicting token 4 to token 5 after incorporating value vector
information.

is inputted and therefore a single token needs to be evicted to maintain the budget b. Throughout the122

paper, we will use eviction error and CAOTE score interchangeably.123

Given the attention scores of b+1 tokens A = [α1, . . . αb+1] ∈ R1×b+1 w.r.t. the last input token and124

the values: V = [v1, . . . , vb+1] ∈ Rdhead×b+1, where dhead is the head dimension. The CAOTE score125

for token j ∈ {1, . . . , b+ 1} is defined as (we ignore the layer and head dependence for simplicity).126

cj = f caote
j (A, V ) =

αj

1− αj
|V AT − vj |2 (8)

We proof that CAOTE score is same as the eviction error. We define eviction error for token j as the127

mean square error between attention output before and after eviction. Using the same setup as above:128

eeviction,j = |Xattn −X ′
attn,j |2 (9)

where, Xattn is attention output before eviction and X ′
attn,j is attention output after eviction token j.129

Xattn =α1v1 + α2v2 + . . . αb+1vb+1 = V AT (10)

X ′
attn,j =α′

1v1 + . . . α′
j−1vj−1 + α′

j+1vj+1 . . . α
′
b+1vb+1 (11)

where, α′
i ∀i ∈ {1, . . . , j − 1, j + 1, . . . b + 1} in Eq. (11) is the post-eviction attention score to130

maintain the sum of the attention score property of sum equal to 1. In the following we show the131

relation between the pre and post eviction attention score for token i after the eviction of token j.132

Theorem 3.1. Given a new input token that exceeds the budget (b) by 1. A token needs to be evicted.133

For any token j being evicted, given the retention scores pre-eviction and post-eviction for any token134

i ̸= j as αi and α′
i respectively, then the following relation holds:135

α′
i =

αi

1− αj
(12)

136

Proof. Let the last input token has index n, then we define137

S ≜
n∑

l=1

exp(qTn kl), and S′
j ≜ S − exp(qTn kj) (13)

The retention score for token i after evicting token j is138

α′
i =

exp(qTn ki)

S′
j

=
exp(qTn ki)

S − exp(qTn kj)
=

αi

1− αj
(14)

139
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Theorem 3.2. During generation, the next generated token is inputted back into the model exceeding140

the budget (b) by 1, invoking token eviction for a single token. For any token j that is evicted, the141

eviction error from Eq. (9) and CAOTE score from Eq. (8) are exactly same:142

cj = eeviction,j (15)

Proof. Using Theorem 3.1, we can rewrite post-eviction attention output from Eq. (11)143

X ′
attn,j =

1

1− αj

(
α1v1 + · · ·+ αj−1vj−1 + αj+1vj+1 + . . . αb+1vb+1

)
(16)

=
1

1− αj

(
Xattn − αjvj

)
(17)

Replacing Eq. (17) in Eq. (9), we get144

eeviction,j =|Xattn −X ′
attn,j |2

=
αj

1− αj
|vj −Xattn|2 =

αj

1− αj
|V AT − vj |2

=cj (18)

Hence proved.145

Using Eq. (18) CAOTE scores (or eviction error) for each token can be computed in parallel as146

the dependency is only on attention scores and value vectors. Note that this is the first formulation147

which that seamlessly integrates attention scores and value vectors into a single score. Any norm148

can be used for computing CAOTE score and based on empirical results we choose L2-norm. In149

Appendix B.2 we further show that eviction error leads to deviations in downstream task performance150

due to error in final sampling distribution (or logits), therefore, optimizing for eviction error would151

also result in less deviation from dense model performance.152

3.2 CAOTE with general score-based eviction methods153

The CAOTE formulation allows the use of arbitrary scoring-based eviction methods to incorporate154

the values into their scoring mechanism, provided that the scores sum to 1.0. In practice, we can155

adjust the raw eviction scores without changing their relative order by simple normalizations (affine156

transformations). Let H be the set of retention scores and f norm be the normalizing function. The157

CAOTE score for general eviction methods is given by:158

cj = f caote
j (f norm(H), V ) (19)

=
hnorm
j

1− hnorm
j

|V (Hnorm)T − vj |2 (20)

where, hnorm
j = f norm

j (H). We further discuss the generalization of CAOTE to well-known token159

eviction methods in the following.160

CAOTE for H2O We consider H2O (8), where the scores (H = [h1, . . . , hb+1]) are based on161

the sum of previous attention scores, leading to Σb+1
j=1hj > 1 during generation-phase as proved in162

Theorem B.1 in Appendix B.1. In this case, simply dividing each token score by the sum of all scores163

maps the scores to the range [0, 1] and ensures that new scores follow
∑b+1

i=1 h
norm
i = 1.164

hnorm
j =

hj

Σb+1
i=1hi

(21)

For recent methods where all the scores are ≥ 0, simply dividing by sum of all scores suffices. Note165

that for TOVA (13), this summation is by default equal to 1.166
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3.3 Fast CAOTE Computation167

We also propose a compute-efficient version of CAOTE, FastCAOTE, with negligible performance168

degradation and reduced computation by an order of 1
dhidden

, where dhidden is the hidden dimension169

of the model. Here, the pre-eviction attention output (Xattn) is replaced with mean of values while170

everything else remains same, that is, CAOTE score for token j is:171

cj =
αj

1− αj
| 1

b+ 1
Σb+1

i=1vi − vj |2 (22)

4 Results172

In this section, we demonstrate the efficacy of CAOTE for boosting performance on state-of-the-art173

token eviction methods on a wide range of downstream benchmarks. All experiments were run using174

Nvidia A100 GPUs.175

4.1 Experiment Setup176

Tasks We study the impact of CAOTE on different token eviction methods by evaluating on177

LongBench (17), covering single QA, multiple QA, single/multi-document summarization, synthetic,178

and code generation tasks. We measure long-context perplexity on the Booksum dataset (18), and179

lastly, measure recall accuracy on Needle In A Haystack task (19; 20).180

Baselines We compare the performance of CAOTE to various token eviction methods including:181

H2O (8), TOVA (13), and SnapKV (14), on LLAMA3 models: Llama 3.2-3B-Instruct and Llama182

3.1-8B-Instruct (21), and QWEN2.5 models: Qwen 2.5-3B-Instruct and Qwen 2.5-7B-Instruct (22)183

for all subsequent experiments.184

Budgets We evaluated all methods with various KV cache budget sizes of 2048, 4096, 6144, and185

8192, denoted by 2k, 4k, 6k, and 8k, respectively.186

Prompt consumption Unlike other token eviction methods that assume to prefill prompt at once187

followed by KV cache eviction, we propose to consume tokens in block-wise manner as described in188

Section 2 with the block-size of 128, i.e., at each inference of LLM during the prefill phase, there are189

128 new tokens incoming and being added to the cache, and 128 tokens from the cache are evicted190

once the total number of tokens reaches the cache budget limit.191

4.2 LongBench192

We present the accuracy of Llama 3.1-8B-Instruct, Llama 3.2-3B-Instruct and, Qwen 2.5-3B-Instruct,193

Qwen 2.5-7B-Instruct using baseline eviction methods with budget of 2k, 4k, both with and without194

CAOTE in Table 2 and Table 3. We observe that the best performance is given by SnapKV-FastCAOTE195

for the Llama3 models, while for Qwen 2.5 models SnapKV-CAOTE performs the best. H2O shows196

> 30% improvement with CAOTE, while TOVA, SnapKV also show overall improvements, making197

their average accuracy closer to dense accuracy. Additional results for the 6k, 8k budget are shown198

in Table 6, Table 7 for Llama3 and Qwen 2.5 respectively, in Appendix C.1, which follow a trend199

similar to the 2k, 4k budgets.200

4.3 Perplexity201

We use the Booksum dataset (18) to measure generation perplexity of different eviction methods202

for various budgets. In Table 4, we show perplexity gap between a model using a given eviction203

strategy and that of the model without token eviction with cache budgets of 2k, 4k and 6k. We204

observe that when CAOTE is applied to existing eviction methods, the perplexity either improves or205

surpasses the perplexity of the baseline model. TOVA-FastCAOTE, SnapKV-CAOTE, and SnapKV-206

FastCAOTE perform best for 6k, 4k, 2k budgets, respectively, for Llama 3.1-8B-Instruct; for Llama207

3.2-3B-Instruct, TOVA-FastCAOTE performs best with 2k and 4k budgets and SnapKV-FastCAOTE208

beats other methods using 6k and 8k. Perplexity results for Qwen 2.5 models are shown in Table 8 in209

Appendix C.2.210
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Table 2: LongBench results for Llama 3.1-8B and Llama 3.2-3B-Instruct. Higher number is
better. We highlight the best performing methods within a given budget with bold and the second
best with underline.

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.

Llama 3.1-8B 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

H2O 1.74 21.15 25.33 26.11 24.15 8.78 2.17 2.70 16.78 44.00 29.36 7.62 2.25 5.88 40.15 12.14 16.89

+ CAOTE 14.32 38.34 45.97 37.77 42.51 22.06 29.57 15.11 27.02 62.00 63.60 27.34 2.00 15.50 56.99 32.87 33.31
+ FastCAOTE 15.15 41.27 46.6 39.91 40.02 24.55 30.05 16.19 26.95 63 62.39 26.86 3.08 17.5 56.87 34.75 34.07

TOVA 22.57 37.26 39.43 45.74 34.48 14.77 28.87 21.17 26.95 62.50 90.73 42.74 0.00 18.00 62.68 52.48 37.52

+ CAOTE 21.92 37.47 38.28 45.88 35.2 15 29.02 21.21 27 62.5 91.34 43.22 1.5 23 62.6 54.13 38.08
+ FastCAOTE 21.94 38.22 38.22 46.72 36.93 14.31 29.06 21.72 26.98 63 91.65 43.53 1.5 22 62.44 52.88 38.19

SnapKV 21.81 37.22 37.19 46.10 35.42 16.53 29.83 21.05 26.77 61.00 88.84 42.56 4.03 51.50 62.37 51.45 39.60

+ CAOTE 21.75 37.49 36.86 44.62 37.26 16.82 30.3 21.67 26.88 64 90.65 42.8 2.09 53 62.5 52.09 40.05
+ FastCAOTE 23.26 38.54 39.16 43.2 38.27 17.54 30.28 21.97 26.76 65.5 90.91 42.71 2.84 56 62.36 52.4 40.73

4k

H2O 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 24.50 54.85 21.43 26.37

+ CAOTE 20.28 46.08 51.45 47.38 46.05 30.89 33.39 20.8 26.93 69 80.12 38.27 4.31 32 59.22 40.51 40.42
+ FastCAOTE 24.4 44.32 48.11 48.19 43.69 21.12 31.55 22.36 26.98 65 91.18 43.11 2 46.5 61.62 53.35 42.09

TOVA 22.68 44.55 47.87 46.76 44.54 20.56 30.95 22.13 26.96 61.50 90.56 43.27 3.00 43.50 61.62 53.40 41.49

+ CAOTE 24.68 43.88 48.07 49.64 44.91 22.57 31.25 22.25 26.98 63 91.29 43.29 2.5 46.5 61.6 53.45 42.24
+ FastCAOTE 24.4 44.32 48.11 48.19 43.69 21.12 31.55 22.36 26.98 65 91.18 43.11 2 46.5 61.62 53.35 42.09

SnapKV 24.79 44.22 47.30 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

+ CAOTE 24.41 43.16 47.77 50.87 44.11 21.04 32.51 22.98 26.93 69 91.31 43.18 3.33 92 61.04 51.74 45.34
+ FastCAOTE 24.12 44.59 47.39 50.82 44.07 22.38 32.33 22.92 27.01 69 91.31 43.53 4.58 94.5 61.31 52.11 45.75

Llama 3.2-3B 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

H2O 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 0.50 39.71 13.91 14.25

+ CAOTE 6.38 34.36 40.6 32.52 31.08 12.69 27.36 15.04 24.6 59 52.83 26.78 3.7 7.56 51.09 36.33 28.87
+ FastCAOTE 7.27 34.23 39.74 32.22 30.08 12.63 27.86 15.48 25.15 60.5 53.09 26.94 2.17 8.12 51.2 35.06 28.86

TOVA 17.14 30.14 32.44 35.96 30.05 13.08 26.15 19.70 25.04 56.50 87.81 40.48 2.50 11.50 55.51 52.36 33.52

+ CAOTE 17.75 30.45 32.19 37.53 29.35 13.33 26.92 19.93 25.18 60.5 88.08 41.65 1.00 12.5 54.92 53.22 34.03
+ FastCAOTE 17.93 30.52 33.1 37.01 30.7 13.88 26.39 20.28 24.96 60.5 88.95 41.27 2.00 12.5 55.65 53.56 34.33

SnapKV 17.38 31.37 31.48 37.77 30.05 11.54 27.03 19.93 24.97 59.00 88.13 40.48 3.50 32.50 56.32 55.91 35.46

+CAOTE 19.11 33.12 31.09 38.68 32.09 12.31 27.48 20.38 25.2 64 87.7 40.78 2.5 35 57.03 56.21 36.42
+FastCAOTE 18.96 32.97 33.61 39.00 31.36 12.35 27.48 20.15 25.24 65 87.2 40.7 4.5 36.5 56.06 57.12 36.76

4k

H2O 2.92 31.94 33.23 24.49 28.08 7.55 5.44 6.30 22.77 53.00 38.85 20.33 1.50 7.50 51.23 22.94 22.38

+CAOTE 12.87 40.79 47.56 40.28 39.07 16.61 30.82 19.65 25.12 65.5 69.29 34.16 2.35 17 55.32 45.12 35.09
+FastCAOTE 11.85 40.41 47.93 40.81 38.93 17.36 31.22 19.67 25.1 65 71.25 34.89 3.5 15 55.5 44.3 35.17

TOVA 20.52 39.53 42.47 44.12 38.42 18.22 29.36 21.36 24.96 63.50 88.98 41.50 3.00 23.50 55.72 56.66 38.24

+CAOTE 19.59 39.79 42.03 45.25 37.07 19.3 29.39 21.57 24.92 63 89.14 41.77 3.00 29.5 55.68 56.19 38.57
+FastCAOTE 19.77 39.23 43.13 45.28 37.04 18.82 29.25 21.94 24.96 63 88.64 41.92 3.5 29 55.68 56.41 38.6

SnapKV 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

+CAOTE 20.1 39.74 41.01 45.64 38.26 18.64 30.07 21.53 24.98 67.5 89.08 41.78 3.00 67 55.73 56.71 41.30
+FastCAOTE 19.68 39.24 41.03 44.52 39.09 18.62 30.15 21.72 24.97 67 88.86 41.24 3.00 71 55.67 56.64 41.40

Table 3: LongBench results for Qwen 2.5-7B/2.5-3B-Instruct. Higher number is better. We
highlight the best performing methods within a given budget with bold and the second best with
underline.

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.

Qwen 2.5-7B 15.75 16.94 32.38 11.89 11.88 7.95 34.33 19.91 22.67 65.5 87.05 44.75 4.22 93.08 57.74 61.84 36.74

2k

H2O 2.39 7.29 12.42 8.55 11.06 2.73 3.62 6.6 15.69 42.5 28.21 10.63 0.65 0 35.1 18.77 12.89

+ CAOTE 4.55 14.3 27.58 11.33 13.55 7.76 26.65 15.62 22.93 57 49.78 27.74 1.54 11.08 51.45 32.7 23.47
+ FastCAOTE 4.8 12.79 28.72 12.94 13.25 7.53 27.06 14.46 22.84 59 48.23 26.4 2.53 11.54 52.85 32.93 23.62

TOVA 8.49 14.01 21.04 14 11.51 5.09 27.43 17.84 22.83 56.5 79.56 40.55 2.43 9.29 55.99 56.15 27.67

+ CAOTE 10.46 14.82 25.06 14.62 11.73 6.01 27.66 18.02 22.78 57.5 79.39 40.87 2.5 11.25 56.22 56.51 28.46
+ FastCAOTE 10.08 13.58 25.28 14.44 12.14 5.24 27.34 18.31 23.11 55.5 78.51 41.67 2.7 10.54 56.56 58.05 28.32

SnapKV 11.6 12.45 23.66 12.38 10.64 7.03 27.57 18.27 22.85 58 81.78 41.13 3.76 19.42 55.83 56.53 28.93

+ CAOTE 14.02 12.23 24.55 16.45 10.35 8.59 27.77 18.91 22.87 56 80.58 40.43 2.38 21.52 55.17 56.03 29.24
+ FastCAOTE 14.26 14.11 24.11 15.31 11.35 7.88 27.95 18.86 22.74 56.5 80.92 41.49 3.8 22.42 55.89 57.43 29.69

4k

H2O 1.99 11.92 19.88 10.24 10.12 4.73 9.08 10.14 20.85 51.00 37.37 20.57 3.16 6.43 52.14 29.09 18.67

+ CAOTE 4.78 18.06 32.49 16.23 17.28 9.57 29.81 18.04 22.86 59.5 63.05 36.91 2.7 28.25 55.13 42.42 28.57
+ FastCAOTE 5.69 16.99 32.62 18.22 16.58 10.48 30.3 17.71 22.88 59.5 62.95 36.29 2.1 27.65 56.3 40.65 28.56

TOVA 12.83 17.03 27.01 16.8 13.37 8.05 29.21 19.05 22.73 58.5 82.67 42.71 1.67 15 56.69 56.59 29.99

+ CAOTE 12.97 14.99 27.53 17.94 12.93 9.21 29.76 19.7 22.92 58 82.03 43.14 2.15 17.25 57.32 59.37 30.98
+ FastCAOTE 14.52 16.71 26.97 18.73 13.84 9.59 29.47 19.45 22.87 59.5 82.96 42.42 2.6 20.33 57.22 58.42 30.98

SnapKV 14.35 13.45 28.28 16.33 11.74 8.12 29.71 19.18 22.82 57 83.8 43.27 2.41 39.83 58.12 58.67 31.69

+ CAOTE 15.07 14.34 28.7 16.7 12.89 10.54 30.03 19.58 22.73 59.5 83.12 42.56 3.17 55.92 57.34 58.85 33.19
+ FastCAOTE 17.12 14.69 27.6 17.52 13.69 9.96 30.24 20.02 22.88 58.5 81.13 42.31 4.06 53.33 57.51 58.77 33.08

Qwen 2.5-3B 18.08 22.49 39.72 27.86 20.45 18.93 32.8 23.74 24.89 67.5 85.05 43.88 5 40.97 51.91 47.53 35.68

2k

H2O 1.8 9.18 11.62 8.54 7.31 2.77 5.93 6.99 16.89 38 21.87 7.69 1 3 37.36 22.9 12.68

+ CAOTE 6.9 22.71 28.09 15.23 18.19 4.95 29.53 17.68 24.74 52.5 45.81 26.95 1.92 6.16 45.81 36.48 23.98
+ FastCAOTE 7.03 22.37 28.88 15.34 16.95 5.19 29.13 18.06 25.03 54.5 46.35 25.35 2.23 7.22 45.7 36.59 24.12

TOVA 11.69 14.94 25.33 17.29 12.58 5.91 26.67 21.49 24.78 51.5 68.8 41.79 0.23 6 49.79 48.6 26.71

+ CAOTE 11.17 15.23 27.42 18.94 13.1 6.94 27.01 21.62 24.86 57.5 68.38 42.11 0.82 4.88 49.36 48.13 27.34
+ FastCAOTE 11.04 15.36 27.72 19.8 13.65 6.37 27.17 22.08 24.64 57 69.13 42.48 0.77 5.25 48.36 48.58 27.46

SnapKV 11.7 13.91 24.28 14.8 10.89 7.42 27.4 21.63 24.64 54.5 75.35 42.72 2.5 18.33 49.65 50.59 28.14

+CAOTE 12.69 14.88 26.16 13.93 12.21 7.07 27.48 20.99 24.75 61 75.58 42.08 4 21.29 49.94 52.38 29.15
+FastCAOTE 12.03 14.56 24.82 14.66 10.83 7.89 27.51 20.98 24.67 62.5 75.51 41.53 2 17 49.02 50.83 28.52

4k

H2O 2.82 17.34 23.27 10.18 10.47 3.03 11.06 10.73 22.93 50.75 34.93 18.03 4.35 7.32 47.74 29.42 19.02

+CAOTE 7.63 24.16 35.29 20.17 17.67 12.61 31.14 19.04 25.01 62.5 64.84 34.19 4.25 18.37 49.79 41.45 29.26
+FastCAOTE 8.58 23.45 33.14 21.72 16.11 12.26 31.11 19.76 25.04 62 65.01 35.15 4.6 17.88 50.05 40.03 29.12

TOVA 12.19 18.31 32.56 20.58 13.8 7.74 28.82 22.27 24.98 59 80.66 43.05 1.11 9.56 49.93 46.74 29.46

+CAOTE 13.16 18.67 30.74 19.33 15.7 7.32 28.93 22.14 24.91 59.5 78.54 43.57 1.55 8.25 49.4 47.31 29.31
+FastCAOTE 12.2 18.55 32.29 19.3 15.13 7.23 29.12 22.44 24.97 60 78.8 43.12 1.5 10.25 49.6 47.74 29.52

SnapKV 12.98 2.21 31.77 18.33 14.41 10.83 29.14 22.38 24.89 61 84.17 42.63 3.75 25.42 50.22 48.77 30.18

+CAOTE 13.65 20.35 32.62 19.36 15.27 11.42 29.47 22.44 24.78 64 82.6 43 4.25 24.46 50.37 49.28 31.71
+FastCAOTE 13.46 19.92 32.53 20.44 13.64 8.44 29.56 22.14 24.93 64.5 82.73 43.26 2 24.58 50.14 50.08 31.40
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Table 4: Perplexity difference between different eviction methods with dense baseline. The lower
is better. Negative entry in table means the method performs better than dense baseline. The PPL of
Llama 3.2-3B-Instruct and Llama 3.1-8B-Instruct is 15.4911 and 9.833 respectively.

Budget H2O TOVA SnapKV

+CAOTE +FastCAOTE +CAOTE +FastCAOTE +CAOTE +FastCAOTE

Llama 3.1-8B-Instruct

2k 2.007 1.884 1.891 -0.046 -0.088 -0.085 -0.019 -0.097 -0.098
4k 1.284 1.079 1.061 -0.047 -0.060 -0.058 -0.0483 -0.080 -0.079
6k 0.843 0.716 0.703 -0.035 -0.0366 -0.085 -0.036 -0.043 -0.045

Llama 3.2-3B-Instruct

2k 3.814 3.561 3.563 0.493 0.442 0.432 0.555 0.451 0.435
4k 2.460 2.142 2.128 0.175 0.150 0.144 0.223 0.152 0.144
6k 1.369 1.219 1.187 0.065 0.057 0.057 0.076 0.056 0.044
8k 0.589 0.462 0.448 0.023 0.012 0.011 0.020 0.007 0.005
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(c) SnapKV
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(d) H2O-CAOTE
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(e) TOVA-CAOTE
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(f) SnapKV-CAOTE
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(g) H2O-FastCAOTE
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(h) TOVA-FastCAOTE
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(i) SnapKV-FastCAOTE

Figure 2: Needle-In-A-Haystack accuracies of Llama 3.1-8B-Instruct with token eviction with 6k
cache budget.

4.4 Needle In A HayStack211

Lastly, we run extensive experiments on Needle-In-A-Haystack benchmark (19; 20) and show212

quantitative results in Table 5 and visualizations for 6k budget Llama 3.1-8B model in Figure 2. We213

observe in Table 5 that H2O-FastCAOTE performs best for all budgets with Llama 3.2-3B. When214

using a budget 4k with Llama 3.1-8B, CAOTE boosted H2O outperforms TOVA, SnapKV as well.215

H2O-CAOTE performs best for Llama 3.1-8B with budget = {2k, 6k} and H2O-FastCAOTE performs216

best for4k budget for Llama3.1-8b. The gains in precision are especially high for the 4 k budget for217

the Llama 3.1-8B model, with an increase of up to 30− 60%. We can see in Figure 2 that CAOTE218

improves the state-of-the-art eviction method and is able to predict beyond their budget constraints.219

Results for Qwen 2.5 models are shown in Table 9 in Appendix C.3.220

5 Related Work221

Sparse and Efficient Attention Sparse or efficient attention based methods result in mitigating222

the computation load and saving memory consumption by using efficient linear attentions (23).223

Additionally, there are KV compression methods which don’t evict any tokens as post eviction the224

token is not retrievable, (24) proposes to keep important tokens based on attention score in cache225

while combining the evicted tokens via linear attention into single embedding. Landmark attention226

injects learnable special tokens between chunks of tokens and access past tokens in chunks instead of227
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Table 5: Needle-in-haystack accuracy for Llama 3.2-3B/3.1-8B-Instruct using baseline eviction
methods with(out) CAOTE. Higher is better, maximum accuracy is 1.0.

Budget H2O TOVA SnapKV

+CAOTE +FastCAOTE +CAOTE +FastCAOTE +CAOTE +FastCAOTE

Llama 3.1-8B-Instruct

2k 0.174 0.270 0.264 0.196 0.204 0.202 0.214 0.226 0.242
4k 0.330 0.538 0.568 0.286 0.298 0.292 0.360 0.392 0.420
6k 0.544 0.698 0.676 0.370 0.402 0.396 0.490 0.550 0.580

Llama 3.2-3B-Instruct

2k 0.104 0.160 0.172 0.172 0.150 0.166 0.154 0.172 0.168
4k 0.198 0.262 0.294 0.220 0.232 0.232 0.226 0.222 0.232
6k 0.258 0.308 0.322 0.258 0.278 0.270 0.272 0.264 0.312
8k 0.324 0.414 0.404 0.338 0.364 0.344 0.342 0.336 0.366

individually. Lastly, there are better architectures based with constant KV memory which outperform228

linear attention attentions (25). However, all these methods require either from-scratch training or229

fine-tuning.230

KV Cache Eviction At the extreme end of efficient KV cache management, token eviction methods231

have been extensively studied. Leveraging the sparsity of attention in LLMs (10; 26; 27), these232

methods determine the importance of KV pairs using (learned) rules and retain the pairs with high233

scores in the cache to approximate the attention output. StreamingLLM (10) observes an attention234

sink phenomenon, which states that the first few tokens tend to receive the majority of attention235

weights. To exploit this, it proposes SinkAttention, which prioritizes keeping the initial tokens in the236

cache while doing sliding window-based attention. Other methods, such as H2O (8), TOVA (13),237

SnapKV (14), and RoCO (28), retain tokens with high attention scores in the KV cache with various238

algorithmic modifications. These include preserving the first or last tokens in addition to those with239

high attention scores or applying smoothing techniques to the attention scores. While these token240

eviction methods primarily rely on attention scores to assess token importance, CAOTE introduces241

an orthogonal scoring metric that estimates the impact of values on approximating attention outputs.242

This metric can complement existing token importance scoring approaches, enhancing other eviction243

methods.244

Furthermore, other lines of work enable layer-wise budget optimization (29) by considering the scores245

of all heads jointly, and selecting top-K nodes, while others (30) consider managing memory by246

keeping/discarding based on token characteristics with baseline token eviction (H2O). Our proposed247

method, CAOTE is highly flexible, and can be integrated with both the mentioned methods to achieve248

additional boost on performance.249

6 Conclusion250

We propose a post-training KV cache eviction method that can be seamlessly integrated with any251

existing eviction strategies. Our approach, CAOTE, introduces an optimization objective aimed252

at minimizing the alteration in attention output when evicting a token. This objective ensures253

the incorporation of both attention scores and value vectors in the eviction decision process. Our254

formulation allows for the parallel computation of the CAOTE score for all tokens. Additionally, we255

present an efficient variant, FastCAOTE. Through extensive evaluations across various downstream256

tasks, we demonstrate that eviction methods equipped with CAOTE consistently deliver superior257

performance.258
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A Limitation327

CAOTE is a myopic (greedy) strategy and its scoring framework based on the assumption of evicting328

1 token per iteration. This assumption breaks during prefilling stage, however, taking into account329

change in attention output due to multi-token eviction is non-trivial. Fortunately, we observe that330

even assuming multi-token eviction independently (without considering the effect of other tokens331

being evicted), CAOTE is still able to give boost in performance for all tasks. Due to this reason332

CAOTE’s performance might further improve with smaller prompt filling block-size.333

B Additional Proofs334

B.1 H2O scores335

Theorem B.1. Given H2O scores for b + 1 tokens as [h1, . . . , hb+1], the summation of all hi,336

∀i ∈ {1, . . . , b+ 1} is greater than 1337

Σb+1
i=1hi > 1 (23)

Proof. Assuming that only b+1 tokens are present and are propagated through the model at the same338

time. The causal attention mask A ∈ [0, 1]b+1×b+1, will have all entries on upper triangle excluding339

diagonal is 0. The first token will attend to itself have attention score as 1340

A1,1 =1 (24)
A1,>1 =0 (25)

H2O score for token 1 is defined as the sum of attention score to token 1 by all future tokens:341

h1 = A1,1 +A2,1 + · · ·+Ab+1,1 = Σb+1
i=1Ai,1 (26)

In general for a token j, the H2O score is defined as342

hj =Aj,j +Aj+1,j + · · ·+Ab+1,j (27)
=A1,j + · · ·+Aj−1,j︸ ︷︷ ︸

=0 causal mask

+Aj,j · · ·+Ab+1,j (28)

=Σb+1
i=1Ai,j (29)
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Using Eq. (29) and summing for all H2O scores, we get343

Σb+1
j=1hj =Σb+1

j=1Σ
b+1
i=1Ai,j (30)

=Σb+1
i=1Σ

b+1
j=1Ai,j (31)

=Σb+1
i=1 ( Σi

j=1Ai,j︸ ︷︷ ︸
=1 due to softmax

+ Σb+1
j=j+1Ai,j︸ ︷︷ ︸

=0 for causal mask

) (32)

=b+ 1 > 1 (33)

Hence proved.344

345

B.2 Relation of CAOTE score (eviction error) to downstream logits346

We show that evicting token based on CAOTE score can lead to smaller discrepancy in final logits347

which affect the downstream performance. As CAOTE score is the eviction error during generation348

phase, we instead show the relation between eviction error and logits. We start by showing for a349

single attention layer (single head) based network, its extension to multiple heads and, finally a350

transformer layer (self-attention and feed-forward-network). For simplicity we ignore layer-norms.351

Some definitions which will used are given below. We assume a budget of b, with current token352

sequence having b+ 1 tokens (superscript denotes layer):353

X0 ≜ [x1, x2, . . . , xb+1], X
0
b+1 ≜ xb+1 (34)

The attention output for a sequence of b+ 1 tokens is (for layer m)354

Xm
A,b+1 ≜ Σb+1

j=1α
m
j Wm

v Xm
j (35)

The logits with and without eviction for token j are defined as lj , l̂j respectively.355

(Case 1) Single self-attention layer with single head: The logits for dense baseline is:356

X1
b+1 =X0

b+1 +WOX
0
A,b+1 (36)

lb+1 =WHX1
b+1 = WH(X0

b+1 +WOΣjαjWV X
0
j ) (37)

where WH ,WO,WV are the LM-head, output projection, and value projection respectively. X1
b+1 is357

the output after the residual connection.358

The logits with eviction will have a perturbation due to error in attention output (CAOTE score or359

eviction error), and is given as:360

X̂1
b+1 =X0

b+1 +WOX
0
A,b+1 +WO∆

0
A (38)

l̂b+1 =WHX̂1
b+1 (39)

=WH(X0
b+1 +WOXA,b+1 +WO∆

0
A) (40)

=lb+1 +∆l,b+1 (41)

where the logit error is ∆l,b+1 = WHWO∆A,b+1, ∆A,b+1 = eeviction from (9).361

(Case 2) Multiple attention heads: this is trivial and can be achieved by replacing ∆A =362

concat(∆1
A, . . . ,∆

h
A), where super-script denotes head number.363

(Case 3) Single self-attention and feedforward-network (FFN): we still assume single head without364

layer-norms. The dense logit is given as365

X
1/2
b+1 =X0

b+1 +WOX
0
A,b+1 (42)

X1
b+1 =X

1/2
b+1 +WFFNX

1/2
b+1 (43)

=X0
b+1 +WOX

0
A,b+1

+WFFNX0
b+1 +WFFNWOX

0
A,b+1 (44)

lb+1 =WHX1
b+1 (45)
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Table 6: LongBench results for Llama 3.1-8B and Llama 3.2-3B-Instruct. Higher number is
better. We highlight the best performing methods within a given budget with bold and the second
best with underline.

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.

Llama 3.1-8B 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

6k

Sink 25.41 47.40 44.13 47.39 45.73 21.90 32.53 22.19 26.87 72.00 91.25 43.41 3.08 52.50 62.22 56.24 43.39

H2O 8.52 43.31 44.80 40.03 42.46 21.68 11.85 8.78 26.03 62.00 56.39 25.72 5.75 45.50 58.62 29.53 33.19

+ CAOTE 25.77 46.45 54.99 50.57 47.7 31.93 33.99 22.86 27.01 71 87.05 41.29 6.67 54 60.48 43.23 44.06
+ FastCAOTE 27.02 46.46 55.4 51.32 47.4 32.89 34.08 23.69 27.03 71 86.25 42.14 9 48.5 60.49 42.94 44.10

TOVA 24.59 45.93 53.92 55.09 47.43 25.07 32.33 24.10 27.00 68.50 90.81 43.89 4.25 67.00 61.50 52.39 45.24

+ CAOTE 24.23 45.88 53.5 52.96 49.59 27.02 32.62 23.86 27.08 70 90.98 43.45 3 74.5 61.46 51.76 45.74
+ FastCAOTE 24.17 46.07 53.8 53.53 48.11 26.49 32.64 23.88 27.01 70 90.81 43.53 3 73 61.49 51.43 45.56

SnapKV 24.10 45.57 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

+ CAOTE 25.97 46.09 51.54 55.19 47.41 26.48 33.32 24 27.05 71.5 91.11 43.55 6.83 99.5 61.11 51.45 47.63
+ FastCAOTE 24.77 46.06 52.18 56.72 47.01 26.24 33.41 23.8 26.99 73 91.31 43.6 5.92 99.5 61.5 51.37 47.71

8k

Sink 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

H2O 13.85 44.94 47.81 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

+ CAOTE 27.74 46.67 54.97 52.71 48.28 33.66 34.51 24.73 26.99 73 86.8 42.86 5 66.5 61.06 48.29 45.86
+ FastCAOTE 28.8 47.08 54.67 52.95 47.13 34.36 34.21 24.53 27.04 72 87.87 43.03 5.5 69.5 61.06 49.69 46.21

TOVA 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

+ CAOTE 25.65 46.88 54.5 55.42 48.73 26.54 33.47 24.8 27.02 72 91.11 43.26 6.25 87 61.36 51.3 47.21
+ FastCAOTE 25.25 46.75 54.76 56.29 48.94 26.25 33.37 24.81 27.01 71.5 91.11 43.24 5.25 89 61.32 52.1 48.58

SnapKV 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

+ CAOTE 27.06 46.42 53.76 56.51 47.79 28.13 33.87 24.93 27.02 73 91.38 43.29 6.75 99.5 61.49 51.99 48.31
+ FastCAOTE 26.91 46.59 53.47 56.63 48.54 29.27 33.91 24.86 27.01 73 91.38 43.49 6.75 100 61.49 51.78 48.44

Llama 3.2-3B 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

6k

Sink 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

H2O 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

+CAOTE 16.14 41.68 49.36 46.7 43.36 22.75 32.07 21 25.07 69 80.02 39.33 1.5 26 55.82 49.05 38.68
+FastCAOTE 16.31 41.94 49.17 45.64 41.83 21.68 32.07 20.73 25.02 68.5 80.34 39.88 3.5 24 55.83 48.7 38.45

TOVA 20.22 39.78 45.86 49.08 41.54 20.43 30.50 22.17 25.11 66.50 89.00 42.50 4.00 46.50 55.57 57.53 41.02

+CAOTE 21.17 39.69 47.21 48.82 41.7 20.59 30.72 22.36 25.1 68 89 42.38 3.5 52.5 55.6 57.09 41.59
+FastCAOTE 21.48 39.66 47.02 47.56 41.95 19.91 30.8 21.98 25.17 67.5 89.5 42.06 4 53 55.6 57.39 41.54

SnapKV 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

+CAOTE 20.23 39.65 44.91 50.16 40.58 21.32 31.23 22.51 25.13 69 90 41.83 5 89.5 55.84 57.24 44.01
+FastCAOTE 20.09 40.02 44.58 48.57 42.12 22.51 31.25 22.89 25.15 71 90 41.83 4 89.5 55.83 57.25 44.16

8k

Sink 20.15 40.02 41.94 48.15 42.24 16.01 31.64 22.10 25.20 73.00 89.26 42.37 3.50 62.50 56.86 56.63 41.97

H2O 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 24.50 55.00 39.09 33.46

+CAOTE 20.07 40.73 47.76 47.25 42.88 23.19 32.41 22.01 25.15 71 83.58 40.8 3 43.5 55.45 53.35 40.76
+FastCAOTE 20.81 40.54 48.1 47.35 43.4 25.13 32.73 22.31 25.18 71.5 84.91 40.6 4 45 55.84 52.89 41.27

TOVA 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 55.77 57.47 43.21

+CAOTE 21.97 40.66 49.37 50.1 41.29 24.05 31.65 22.85 25.16 69.5 89.5 42 3 78.5 55.82 57.16 43.91
+FastCAOTE 22.73 40.51 49.36 50.18 42.26 24.45 31.68 23.09 25.16 69.5 89.5 42.28 4.5 80 55.79 57.16 44.26

SnapKV 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

+CAOTE 19.71 40.7 48.05 49.03 41.27 22.95 31.95 23.1 25.21 72 90 41.88 4 95 55.77 57.02 44.85
+FastCAOTE 20.13 40.71 48.35 48.62 41.04 24.38 32.19 23.04 25.20 72 90 42.33 3.5 95 55.77 57.03 44.96

where, for simplicity we assume feedforward network to subsumed within WFFN .366

The perturbed logit due to eviction is given as:367

X̂
1/2
b+1 =X0

b+1 +WOX
0
A,b+1 +WO∆

0
A (46)

X̂1
b+1 =X̂

1/2
b+1 +WFFN X̂

1/2
b+1 (47)

=X0
b+1 +WOX

0
A,b+1 +WO∆

0
A

+WFFNX0
b+1 +WFFNWOX

0
A,b+1

+WFFNWO∆
0
A (48)

l̂b+1 =WHX̂1
b+1 (49)

=lb+1 +∆l,b+1 (50)

where, the logit error ∆l,b+1 = WH(WO∆
0
A + WFFNWO∆

0
A). Thus, the above analysis shows368

that error in attention output can cause discrepancy in logit space which can affect performance on369

downstream tasks.370

Note that for multiple layers, each layer would have its own eviction error which will keep com-371

pounding; however, this computing the exact compounded error is non-trivial due to the presence of372

output layer-norms.373

C Additional Results374

C.1 LongBench375

LongBench result for 6k and 8K for Llama 3.2-3B-Instruct/3.1-8B-Instruct and Qwen 2.5-3B-376

Instruct/8B-Instruct are shown in Table Table 6, Table 7 respectively. We also include Sink attention377
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Table 7: LongBench results for Qwen 2.5-7B/2.5-3B-Instruct. Higher number is better. We
highlight the best performing methods within a given budget with bold and the second best with
underline.

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.

Qwen 2.5-7B 15.75 16.94 32.38 11.89 11.88 7.95 34.33 19.91 22.67 65.5 87.05 44.75 4.22 93.08 57.74 61.84 36.74

6k

Sink 7.37 16.61 25.73 11.29 11.27 5.69 31.47 18.72 22.86 64.5 84.86 44.47 3.59 41.48 55.89 55.99 31.36

H2O 3.34 14.79 23.94 11.45 11.3 5.52 14.63 14.27 22.06 55.75 51.99 28.01 1.39 9.41 54.68 38.32 22.55

+ CAOTE 4.78 18.06 32.49 16.23 17.28 9.57 29.81 18.04 22.86 59.5 63.05 36.91 2.7 28.25 55.13 42.42 28.57
+ FastCAOTE 5.69 16.99 32.62 18.22 16.58 10.48 30.3 17.71 22.88 59.5 62.95 36.29 2.1 27.65 56.3 40.65 28.56

TOVA 15.77 15.33 30.31 19.3 13.78 9.11 30.4 19.95 22.91 61.5 83.47 42.9 1.15 21.775 57.68 57.99 31.46

+ CAOTE 15.81 16.07 29.39 19.4 14.15 10.8 30.89 20.54 22.86 62 84.92 43.19 2.17 30 57.76 57.53 32.34
+ FastCAOTE 15.67 16.23 30.4 19.45 13.32 10.18 30.77 20.2 22.82 61.5 83.29 43.3 1.5 28.75 57.71 58.1 32.07

SnapKV 14.34 16.35 31.12 17.56 14.1 8.74 31.09 20.16 22.84 60 83.8 42.99 2.91 54.17 57.48 60.26 33.62

+ CAOTE 12.77 16.3 31.33 19.74 14.06 11.07 31.02 20.85 22.91 61.5 83.79 42.97 4.8 68.25 57.54 61.08 35.00
+ FastCAOTE 12.98 15.93 31.3 18.58 13.82 9.45 30.96 20.27 22.88 61.5 84.58 43.28 5.34 65.48 57.54 60.25 34.63

8k

H2O 6.1 15.55 28.29 12.37 14.65 6.24 20.78 17.22 22.44 59 58.74 33.05 1.82 15.73 55.63 44.56 25.76

+ CAOTE 8.65 15.59 34.92 20.41 15.95 13.6 32.11 20.05 22.82 63.5 78.2 40.66 3.85 46.33 57.19 51.7 32.85
+ FastCAOTE 6.76 15.88 34.3 20.75 16.2 16.82 31.95 20.67 22.81 62.5 77.33 41.02 3.03 47.08 57.23 50.48 32.8

TOVA 15.69 15.55 33.09 18.37 13.99 11.26 31.33 20.17 22.82 62 84.49 43.01 2.78 30.33 57.45 58.96 32.58

+ CAOTE 16.38 15.46 32.16 17.86 14.24 12.76 31.34 20.2 22.8 61 83.97 43.23 2.01 38.83 57.45 59.41 33.07
+ FastCAOTE 17.06 15.55 32.32 17.57 14.14 13.03 31.43 20.3 22.78 62 84.86 43.3 2.41 41.58 57.41 58.93 33.42

SnapKV 15.6 15.81 33.47 18.02 14.49 10.53 31.99 20.09 22.84 61 84.08 43.01 4.58 64.25 57.46 60.59 34.86

+ CAOTE 15.55 15.57 33.89 21.08 14.43 12.38 31.41 20.73 22.83 61.5 85.11 43.39 5.22 75.75 57.44 60.35 36.04
+ FastCAOTE 13.38 15.77 33.97 19.78 15.08 13.01 31.44 20.69 22.77 62 85.66 43.69 4.24 75.33 57.44 60.04 35.89

Qwen 2.5-3B 18.08 22.49 39.72 27.86 20.45 18.93 32.8 23.74 24.89 67.5 85.05 43.88 5 40.97 51.91 47.53 35.68

6k

Sink 13.01 20.03 32.59 18.62 15.77 9.37 30.98 20.7 24.97 66.5 75.39 42.77 4 14.92 52.32 50.35 30.77

H2O 5.52 18.62 27.93 12.61 15.07 4.26 14.92 13.89 24.21 58 45.94 24.93 2.91 9.1 49.5 34.54 22.62

+ CAOTE 8.23 21.34 36.28 22.43 17.92 13.53 31.57 21.2 24.91 65 74.3 39.09 4.58 21.25 50.47 42.71 30.93
+ FastCAOTE 9.29 20.47 35.8 21.67 18.14 13.65 31.34 20.52 24.82 64.5 75.88 39.16 5.72 20.42 50.6 44.38 31.02

TOVA 13.62 19.56 34.64 21.67 16.25 8.47 30.17 23.1 24.94 63.5 81.88 42.97 1.16 10.58 51.3 47.7 30.72

+ CAOTE 13.28 19.82 35.25 22.6 15.5 8.97 30.4 23.17 24.84 64.5 81.68 43.46 2.07 13.21 50.56 47.05 31.02
+ FastCAOTE 13.34 19.71 35.58 22.02 15.65 8.76 30.49 23.26 24.82 65 80.92 43.66 1.75 13 51.45 47.74 31.07

SnapKV 14.16 20.09 36.15 19.14 15.59 12.7 30.35 22.75 24.91 65 83.92 43.52 5.00 32.2 51.04 47.49 32.75

+CAOTE 14.3 20.13 34.89 20.32 15.06 12.85 30.61 23.16 24.9 66.5 84.75 43.3 4.75 33.9 51.48 48.31 33.08
+FastCAOTE 14.33 19.48 34.59 20.8 16.54 11.85 30.68 23.19 24.93 66.5 83.54 43.55 4.62 33 51.06 47.93 32.91

8k

H2O 6.16 19.84 32.32 16.01 17.74 4.99 20.21 16.49 24.54 64 56.1 32.56 3.13 11.61 50.61 38.8 25.94

+CAOTE 11.53 21.59 38.02 25.62 20.19 15.11 32.18 21.82 24.81 67.5 79.32 41.2 5.15 25.5 50.72 45.27 32.85
+FastCAOTE 11.65 21.2 37.92 24.47 20.32 13.25 32.11 21.75 24.84 67.5 78.07 40.27 5.17 25.21 50.17 46.37 32.52

TOVA 14.66 20.93 37.77 22.57 17.08 9.63 31.12 23.17 24.83 67 84.11 43.55 2.06 13.08 51.32 47.64 31.91

+CAOTE 13.98 21 36.91 22.97 17.05 9.93 31.25 23.45 24.9 66.5 84.14 43.86 3.07 13.92 51.14 47.883 32.00
+FastCAOTE 14.84 20.66 37.45 23.05 17.07 10.16 31.2 23.47 24.85 66.5 84.01 43.41 3.31 13.25 51.19 48.11 32.03

SnapKV 12.76 20.88 37.1 22.49 18.19 13.83 31.33 23.37 24.8 65.5 84.88 44.49 5.2 35.83 51.31 47.82 33.74

+CAOTE 13.66 20.41 38.08 24.76 17.31 13.21 31.3 23.62 24.82 66.5 84.88 44.16 5.17 36.58 51.24 47.94 33.98
+FastCAOTE 14.56 20.99 37.61 25.56 18.02 13.89 31.37 23.27 24.83 66.5 84.88 44.01 5 35.92 51.13 48.14 34.11

Table 8: Perplexity difference between different eviction methods with dense baseline. Lower is
better. Negative entry in table means the method performs better than dense baseline. The PPL of
Qwen 2.5-3B-Instruct and Qwen 2.5-7B-Instruct is 8.4547 and 7.3188 respectively.

Budget H2O TOVA SnapKV

+CAOTE +FastCAOTE +CAOTE +FastCAOTE +CAOTE +FastCAOTE

Qwen 2.5-7B-Instruct

2k 0.4253 0.4422 0.3917 0.0567 0.059 0.1077 0.0369 0.0987 0.0307
Qwen 2.5-3B-Instruct

2k 0.2585 0.2168 0.2154 0.0603 0.0513 0.0507 0.0278 0.0199 0.0196

results (10) with budget of 6k and 8k. For Llama 3.1-8B-Instruct, TOVA-FastCAOTE performs378

best for 6k budget, while SnapKV-FastCAOTE for 8k budget. For Llama 3.2-3B-Instruct SnapKV-379

FastCAOTE performs best for both 6k and 8k budget. On the other hand, for Qwen 2.5-7B-Instruct,380

SnapKV-CAOTE performs the best for both 6k and 8k, and for Qwen 2.5-3B-Instruct, SnapKV-COATE381

performs best for 6k budget, and SnapKV-FastCAOTE performs best for 8k budget. Additionally, note382

that all baseline token eviction methods achieve boost in accuracy when using CAOTE or FastCAOTE.383

C.2 Perplexity384

We show perplexity results for Qwen 2.5 models in Table 8 for budget of 2k. SnapKV-FastCAOTE385

performs best for both Qwen 2.5-3B-Instruct and 2.5-7B-Instruct, and using CAOTE, all methods386

achieve improved perplexity.387

C.3 Needle in a Haystack388

Table 9 shows Needle-in-haystack results for Qwen2.5 models for budget=6k. SnapKV-FastCAOTE389

performs best for both Qwen 2.5-3B-Instruct and 2.5-7B-Instruct, and using CAOTE, all methods390

achieve improved accurracy.391
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Table 9: Needle-in-haystack accuracy for Qwen 2.5-3B/2.5-7B-Instruct using baseline eviction
methods with(out) CAOTE. Higher is better, maximum accuracy is 1.0.

Budget H2O TOVA SnapKV

+CAOTE +FastCAOTE +CAOTE +FastCAOTE +CAOTE +FastCAOTE

Qwen 2.5-7B-Instruct

6k 0.206 0.312 0.3 0.292 0.292 0.286 0.32 0.33 0.332
Qwen 2.5-3B-Instruct

6k 0.212 0.288 0.27 0.282 0.286 0.288 0.304 0.324 0.336

Table 10: LongBench accuracy for different tasks from each sub-category with varying block-prompt-
size using Llama 3.2-3B-Instruct model with 4k budget. ∞ implies entire prompt is consumed without
token eviction and eviction starts during generation. We faced out-of-memory issues with some
inputs. ∗ For ∞ case, HotPotQA gave out-of-memory on a 80GB A100 GPU and ran only on 114
out of 200 samples.

Task H2O H2O-CAOTE TOVA TOVA-CAOTE SnapKV SnapKV-CAOTE

block-size 32 128 ∞ 32 128 ∞ 32 128 ∞ 32 128 ∞ 32 128 ∞ 32 128 ∞

HotPotQA∗ 20.43 24.49 35.71 32.37 40.28 46.37 44.36 45.55 52.93 44.72 45.25 52.94 45.99 46.7 53.67 44.66 45.64 52.67
Qasper 30.8 31.94 32.58 36.74 40.79 38.93 38.65 38.83 40.45 39.39 39.79 39.90 38.71 39.22 39.80 40.18 39.74 39.69
GovReport 5.52 5.44 7.07 30.10 30.82 31.48 29.32 29.41 31.25 29.24 29.39 31.15 29.62 29.79 31.82 30.15 30.07 32.42
Trec 46.50 53.00 56.00 59.00 65.5 72.00 62.00 64.00 71.50 64.00 63.00 71.50 64.00 65.50 71.50 67.50 67.50 71.50
LCC 51.59 51.23 51.51 54.06 55.32 54.51 56.23 55.64 56.34 56.18 55.68 56.39 56.24 55.74 56.56 56.27 55.73 56.59

C.4 Ablations392
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Figure 3: Normalized error between attention
outputs with and without eviction for Llama
3.2-3B-Instruct, measured on 5 samples from
Qasper dataset.

Difference in Attention Outputs In Figure 3, we393

check the average change in attention score in dif-394

ferent layers for various eviction methods to pro-395

vide insight into the performance gain realized by396

CAOTE. We measure the difference between the397

dense attention-output and eviction method based398

attention output, both with and without CAOTE. We399

repeat this for each layer and average the result to400

verify that CAOTE results in smaller L2 distance to401

dense attention-output. Figure 3 shows the normal-402

ized mean squared error between the dense attention403

output and eviction-based attention output for H2O,404

TOVA and SnapKV, both with and without CAOTE in405

dashed-lines and solid-lines respectively. We observe406

that the CAOTE variant always produces a smaller407

gap from dense attention output (no eviction) com-408

pared to baselines, supporting our claim that CAOTE409

evicts the token which minimizes deviation from true410

attention output. Furthermore, we show that discrep-411

ancy in attention output due to eviction (eviction er-412

ror) causes discrepancy in logits in B.2; to emphasize413

that optimizing for eviction error results in less discrepancy in logits and, therefore, less deviation on414

downstream task accuracy.415

Different Prompt Block Sizes Prompt block size dictates how many tokens will be evicted at once.416

A moderately large prompt block size results in faster prompt processing but evicts more tokens each417

time, while a smaller prompt block size results in slower prefilling. To evaluate the impact of prompt418

block size, we evaluated a subset of LongBench tasks with block prompt sizes of 32, 128 and ∞, i.e.,419

process the entire prompt as a single large block and display the results in Table 10 for Llama3.2 with420

budget=4k. Based on the CAOTE formulation (single token eviction), the smaller the block-size the421

better CAOTE would perform as seen for block-size=32 in Table 10, however, even for large prompt422

block size, CAOTE performs competitive to baseline if not better. Note that the infinite prompt block423

size initially violates the memory/budget constraint, and additionally, we observe out-of-memory424

errors for several samples for the HotPotQA and GovReport tasks when using infinite block size.425

This problem is not present with block-size={32, 128}.426
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NeurIPS Paper Checklist427

Please read the checklist guidelines carefully for information on how to answer these questions. For428

each question in the checklist:429

• You should answer [Yes] , [No] , or [NA] .430

• [NA] means either that the question is Not Applicable for that particular paper or the431

relevant information is Not Available.432

• Please provide a short (1–2 sentence) justification right after your answer (even for NA).433

1. Claims434

Question: Do the main claims made in the abstract and introduction accurately reflect the435

paper’s contributions and scope?436

Answer: [Yes]437

Justification: We propose a meta-heuristic method to boost performance of existing training-438

free token eviction methods which is supported by empirical results. Our method is based on439

minimizing eviction error due to token eviction and we show that the error can be computed440

in closed-form (CAOTE score).441

2. Limitations442

Question: Does the paper discuss the limitations of the work performed by the authors?443

Answer: [Yes]444

Justification: Limitations are mentioned in Appendix A445

3. Theory assumptions and proofs446

Question: For each theoretical result, does the paper provide the full set of assumptions and447

a complete (and correct) proof?448

Answer: [Yes]449

Justification: There are 3 theorems in the paper: Theorem 3.1, Theorem 3.2, and Theo-450

rem B.1. The theorems and proofs mentions the assumptions as well.451

4. Experimental result reproducibility452

Question: Does the paper fully disclose all the information needed to reproduce the main ex-453

perimental results of the paper to the extent that it affects the main claims and/or conclusions454

of the paper (regardless of whether the code and data are provided or not)?455

Answer: [Yes]456

Justification: The overall idea is straight-forward and easy to reproduce based on the457

formulation provided in the paper. For any setup with existing token-eviction methods, one458

can include the CAOTE-score computation as mentioned in Section 3.2 which will combine459

the baseline eviction score with value vectors using CAOTE formulation.460

5. Open access to data and code461

Question: Does the paper provide open access to the data and code, with sufficient instruc-462

tions to faithfully reproduce the main experimental results, as described in supplemental463

material?464

Answer: [No]465

Justification: The models and benchmarks used in the paper are open-source; however, we466

currently cannot provide access to our codebase.467

6. Experimental setting/details468

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-469

parameters, how they were chosen, type of optimizer, etc.) necessary to understand the470

results?471

Answer: [Yes]472
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Justification: The paper has no training pipeline, as we propose a training-free method.473

For testing (evaluations) we provide the datasets used which are standard benchmarks for474

token-eviction methods.475

7. Experiment statistical significance476

Question: Does the paper report error bars suitably and correctly defined or other appropriate477

information about the statistical significance of the experiments?478

Answer: [No]479

Justification: for evaluating token-eviction method efficacy the generations are in greedy-480

mode which implies that the generation will always be same for each run. Therefore, similar481

to other token-eviction papers, we don’t provide error bars.482

8. Experiments compute resources483

Question: For each experiment, does the paper provide sufficient information on the com-484

puter resources (type of compute workers, memory, time of execution) needed to reproduce485

the experiments?486

Answer: [Yes]487

Justification: We mention that all experiments were run using Nvidia A-100 GPUs. Time488

consumption varied per benchmark, with Longbench taking the most amount of time489

followed by Needle-in-Haystack, and Perplexity.490

9. Code of ethics491

Question: Does the research conducted in the paper conform, in every respect, with the492

NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?493

Answer: [Yes]494

Justification: We respect the Neurips Code of Ethics495

10. Broader impacts496

Question: Does the paper discuss both potential positive societal impacts and negative497

societal impacts of the work performed?498

Answer: [Yes]499

Justification: Our method can help maintain LLM’s generation accuracy with limited500

memory, this might potentially help in using LLM’s on edge devices or limited memory501

devices which might give access of LLMs to wider audience who cannot afford GPUs.502

On the other hand, LLM’s access on low memory devices could result in misuse of LLM503

generation.504

11. Safeguards505

Question: Does the paper describe safeguards that have been put in place for responsible506

release of data or models that have a high risk for misuse (e.g., pretrained language models,507

image generators, or scraped datasets)?508

Answer: [NA]509

Justification: The paper poses no such risks.510

12. Licenses for existing assets511

Question: Are the creators or original owners of assets (e.g., code, data, models), used in512

the paper, properly credited and are the license and terms of use explicitly mentioned and513

properly respected?514

Answer: [Yes]515

Justification: The models and datasets used in the paper are properly cited.516

13. New assets517

Question: Are new assets introduced in the paper well documented and is the documentation518

provided alongside the assets?519

Answer: [NA]520

Justification: Paper does not release new assets521
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14. Crowdsourcing and research with human subjects522

Question: For crowdsourcing experiments and research with human subjects, does the paper523

include the full text of instructions given to participants and screenshots, if applicable, as524

well as details about compensation (if any)?525

Answer: [NA]526

Justification: The answer NA means that the paper does not involve crowdsourcing nor527

research with human subjects.528

15. Institutional review board (IRB) approvals or equivalent for research with human529

subjects530

Question: Does the paper describe potential risks incurred by study participants, whether531

such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)532

approvals (or an equivalent approval/review based on the requirements of your country or533

institution) were obtained?534

Answer: [NA]535

Justification: The answer NA means that the paper does not involve crowdsourcing nor536

research with human subjects.537

16. Declaration of LLM usage538

Question: Does the paper describe the usage of LLMs if it is an important, original, or539

non-standard component of the core methods in this research? Note that if the LLM is used540

only for writing, editing, or formatting purposes and does not impact the core methodology,541

scientific rigorousness, or originality of the research, declaration is not required.542

Answer: [NA]543

Justification: The answer NA means that the core method development in this research does544

not involve LLMs as any important, original, or non-standard components.545

Guidelines:546

• The answer NA means that the core method development in this research does not547

involve LLMs as any important, original, or non-standard components.548

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)549

for what should or should not be described.550
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