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ABSTRACT

Large Language Models (LLMs) require substantial computational resources dur-
ing generation. While the Key-Value (KV) cache significantly accelerates this
process by storing attention intermediates, its memory footprint grows linearly
with sequence length, batch size, and model size, creating a bottleneck in long-
context scenarios. Various KV cache compression techniques, including token
eviction, quantization, and low-rank projection, have been proposed to mitigate
this bottleneck, often complementing each other. This paper focuses on enhancing
token eviction strategies. Token eviction leverages the observation that the atten-
tion patterns are often sparse, allowing for the removal of less critical KV entries
to save memory. However, this reduction usually comes at the cost of notable
accuracy degradation, particularly under high compression ratios. To address this
issue, we propose CaliDrop, a novel strategy that enhances token eviction through
calibration. Our preliminary experiments show that queries at nearby positions
exhibit high similarity. Building on this observation, CaliDrop performs speculative
calibration on the discarded tokens to mitigate the accuracy loss caused by token
eviction. Extensive experiments demonstrate that CaliDrop significantly improves
the accuracy of existing token eviction methods []_1

1 INTRODUCTION

Large language models (LLMs) have demonstrated remarkable capabilities across various domains
(Achiam et al.} 2023} Touvron et al., 2023 Dubey et al., [2024; Jiang et al., 2023} |Liu et al.| 2024b)).
However, their auto-regressive generation process often results in slow inference speeds. KV cache
reduces the computational complexity of self-attention from O(n?) to O(n) by storing intermediate
key-value pairs from previous attention operations. This allows the model to avoid recalculating
these values in future attention computations, thus speeding up inference. However, this efficiency
comes at the cost of additional memory usage, as the KV cache must store the key-value pairs
for each token. The memory overhead of the KV cache grows linearly with the sequence length,
which becomes particularly severe in long-context scenarios (Xiao et al.,|2024), posing substantial
deployment challenges and creating the need for effective KV cache compression solutions.

Existing KV cache compression methods include quantization (Kang et al.,|2024; Liu et al., 2024e),
layer-wise sharing (Wu & Tul [2024; [Brandon et al.| 2024), prefix sharing (Juravsky et al., 2024} |Zhu
et al.| 2024)), head-wise sharing (Shazeer, 2019} |Ainslie et al.l 2023]), token eviction (Li et al.,2024;
Zhang et al.,|2023), and low-rank projection (Wang et al.,|2024a; Yu et al., 2024). Our work focuses
on token eviction, which reduces memory consumption by removing non-critical tokens from the KV
cache. Current token eviction methods typically leverage the observation that a small subset of tokens
contributes to the majority of attention scores. For example, Streamingl.LM (Xiao et al.,[2024) argues
that the tokens at the beginning and those closest to the current token have higher attention scores.
H20 (Zhang et al.||2023) estimates the importance of each token by using the accumulated attention
score. SnapKV (Li et al., 2024)) estimates token importance using an observing window and the
pooled accumulated attention score. However, these approaches face two fundamental limitations in
high compression ratio scenarios: (1) Permanently discarding tokens can be detrimental to accuracy
if those tokens later become crucial, and (2) Although the removed tokens are not important, the
accumulated effect of numerous discarded tokens cannot be overlooked (Yang et al., [2024b).
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To address these limitations, we propose CaliDrop, a novel strategy that enhances token eviction
methods through query-based calibration. Our key insights are based on two empirical observations:
(1) Queries at nearby positions exhibit high similarity, and (2) Historical attention outputs can be
used to predict future attention outputs. Building on these insights, CaliDrop compensates for evicted
tokens by precomputing attention outputs for queries at nearby positions, alleviating memory pressure
while maintaining model accuracy. Extensive experiments demonstrate that CaliDrop significantly
enhances the accuracy of existing token eviction methods with a manageable cost in efficiency.

In summary, our contributions are as follows:

* We analyze the similarity between queries of the model and find that queries at nearby
positions typically exhibit higher cosine similarity.

* We propose CaliDrop, a general strategy that can be integrated with existing token evic-
tion methods to effectively approximate compensation for evicted tokens, thus improving
accuracy under high compression ratios.

* Experiments on different benchmarks, models, and compression ratios have demonstrated
that our method significantly improves accuracy over existing token eviction methods.

2 RELATED WORK

KV Cache Compression. KV cache compression is essential for reducing memory usage and
improving efficiency in Large Language Models, allowing faster inference and deployment on
resource-constrained scenarios. There are different methods for KV cache compression. Low-rank
approximation (Kang et al., |2024; |Chang et al.l [2024) compresses KV cache by leveraging their
low-rank structure. Group Query Attention (GQA) (Ainslie et al.,[2023)) and Multi-Query Attention
(MQA) (Shazeer,|2019) share KV cache within different heads to reduce redundancy. Multi-Head
Latent Attention (MLA) (Liu et al.,2024a)) down-projects KV cache to low-rank spaces for memory
optimization. Token eviction (Zhang et al., [2023} Xiao et al., 2024; |Li et al., 2024) discard some
unimportant tokens during generation, in order to reduce the size of the KV cache while preserving
higher accuracy as much as possible. KV cache quantization (Sheng et al., [2023; [Liu et al.l 2024e;
Hooper et al., [2024; He et al.| 2024} [Zhang et al., [2024a; |Dong et al., 2024; |Yang et al.| |2024b)
stores unimportant tokens in lower precision and retains important ones in full precision. Inter-layer
KV sharing (Sun et al., 2024} Wu & Tu, [2024; [Brandon et al., 2024} reduces memory usage by
allowing different layers to share the same KV cache, significantly lowering redundancy across
layers. Prefix sharing (Juravsky et al.l 2024} Zhu et al., 2024) shares common prefixes among
different sequences to reduce redundancy. KV merging (Wang et al.,|2024b; |[Zhang et al.| 2024c)
uses reparameterization and interpolation techniques to reduce redundancy while preserving semantic
integrity. These approaches are often orthogonal and can typically be combined to achieve superior
compression results and efficiency gains.

Token Eviction. To reduce memory usage, eviction-based strategies keep a fixed KV cache size
to store critical KV pairs and discard unnecessary pairs. Most methods evaluate token importance
based on attention scores. As demonstrated in (Liu et al.;,|2024d; Zhang et al.,[2023; [Li et al., [2024),
tokens with higher accumulated attention scores are considered more important. Alternative strategies
employ factors such as initial tokens (Xiao et al., 2024), special tokens (Ge et al.,[2023; Chen et al.,
2024), or L2 norms (Devoto et al., 2024). Recent studies focus on optimizing the allocation of the
KV cache memory budget. Some focus on cross-layer strategies, where PyramidKV (Cai et al.}[2024)
and PyramidInfer (Yang et al.,|2024a)) utilize a pyramid-shaped memory allocation while selecting
tokens with high attention scores in each layer. CakeKV (Qin et al.| [2025) dynamically analyzes
the attention patterns of each layer during the prefill stage to adaptively allocate KV cache sizes.
DynamicKV (Zhou et al.,2024) computes the average attention scores of recent and historical tokens,
allocating budgets proportionally based on the density of critical tokens in each layer. Other works
focus on head-level allocation strategies. AdaKV (Feng et al., [2024) optimizes L1 loss between
original and pruned multi-head attention outputs for head-wise budget assignment, achieveing a
better budget allocation. LeanKV (Zhang et al.,|2024b)) optimizes KV cache management through
heterogeneous quantization, dynamic sparsity, and unified compression. HeadKV (Fu et al., 2024)
evaluates the retrieval and reasoning performance to optimize the KV cache allocation.
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3 METHOD

3.1 PRELIMINARY EXPERIMENTS

While prior studies indicate historical attention scores can approximate future patterns (Zhang et al.}
2023)), the predictive power of historical queries and the utility of historical attention outputs for
future approximations remain less explored. To establish a foundation for our proposed method, we
conduct preliminary experiments addressing two questions: (1) Can historical queries approximate
future queries? (2) Can historical attention outputs estimate future attention outputs?

3.1.1 CAN HISTORICAL QUERIES APPROXIMATE FUTURE QUERIES?

To investigate whether historical queries can approximate future queries, we conduct experiments
using LLaMA-3-8b-Instruct (Dubey et al.| [2024) on LongBench (Bai et al., 2024)). We retain all
queries of Layer 10, Head 16 during inference and calculate the cosine similarity between each of
them. Figure[T](top-right) presents a heatmap of the cosine similarity of queries in a single sample
(we plot the results of token positions from 50-150 for simplicity). While we show only one figure
for clarity, similar trends are observed across other layers, heads, tokens and samples. The heatmap
indicates that queries at nearby positions exhibit high cosine similarity, suggesting that historical
queries indeed provide a reliable approximation for future queries.

3.1.2 ATTENTION DECOMPOSITION THEOREM

Before answering Q2, we propose a theoretical foundation for splitting attention computation. Let @)
be the Query of the current tokens, and let K, V represent the Key and Value of a set of n tokens
S ={ti1,...,ty} in the KV cache. Consider a partition of the tokens into disjoint subsets .S; and .S;
such that S; U S; = S. Let Kg,, Vs, and K;, Vs, be the corresponding subset of K and V. The
attention computation over the full set .S can be decomposed as follows:

Att(Q, K, V) = a; - Att(Q, Ks,, Vs,) + o - Att(Q, Ks,, Vs, ), )
where the weights «; and o represent the normalized exponential sum of the attention weighs:
QK QK
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= g % T T e @
Dese V™ Dtese V™

Note that a; + a; = 1. This decomposition allows for the independent attention computation of the
subsets and is crucial for our hybrid attention computation strategy.
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3.1.3 CAN HISTORICAL ATTENTION OUTPUTS ESTIMATE FUTURE ATTENTION OUTPUTS?

In this part, we investigate whether historical attention outputs can be used to approximate future
attention outputs. Directly multiplying the historical query with the KV cache is not feasible, as
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Figure 1: Illustration of the proposed method and preliminary results. Left: Overview of the method
in decoding. We first compute the cosine similarity between the current query and historical query,
and then decide whether to perform recomputation, apply calibration, or take no action based on the
similarity. Top-right: the heatmap of cosine similarity of the queries in an example. Bottom-right: L1
loss before and after calibration. The loss significantly decreases after calibration.

it would discard the information from the current query entirely. Therefore, we propose a method
that splits the KV cache into two parts (important & unimportant) inspired by the token eviction
methods. We compute the current query with the important KV cache and the historical query
with the unimportant KV cache. We integrate the two results according to Equation[I] as the final
attention output to approximate the true current attention output. We refer to this integration process
as calibration, which is the core of our method.

To preliminarily validate the effectiveness of this method, we conduct experiments using the LLaMA-
3-8b-Instruct (Dubey et al., 2024) model on the LongBench (Bai et al., 2024) benchmark. We use the
token eviction strategy from SnapKV (Li et al.}2024) to select 128 important tokens and other tokens
are considered unimportant. We set the current token to be the first token after the prefill phase. We
set the historical token to be one of the 0-9th tokens preceding the current token (randomly selected).
We compare the L1 loss of the approximated attention output and the true current attention output
before and after calibration across different layers.

Theoretically, if the historical query is completely the same as the current query, the L1 loss should
be 0. When the historical and current queries are highly similar, we expect the calibration to provide
a positive effect. Conversely, if the queries are not similar, there will be a side effect. Figure
(bottom-right) shows the L1 loss before and after calibration across different layers. The results
demonstrate that adding calibration significantly reduces the L1 loss. Similar trends are observed
across other tokens and samples, although additional figures are omitted for brevity. From these
findings, we conclude that historical attention outputs can help approximate future attention outputs.

3.2 CALIDROP

After the aforementioned preliminary results, we introduce CaliDrop. CaliDrop can be applied on
top of existing token eviction methods to enhance accuracy. Following SnapKV [Li et al.|(2024), we
focus on token eviction during prefilling, although our method can be easily extended to the decoding
phase. As shown in Figure|l|(left), after token eviction based on a certain strategy, we do not directly
delete the evicted KV cache. Instead, we offload them. At this point, we use the current query to
perform attention computation with the evicted KV cache. After computation, we retain the current
query, the softmax denominator, and the attention output for future potential calibration.

In the decoding phase, we add calibration according to Equation[I] However, the similarity between
the current query and the historical query decreases as the positional difference increases. Thus,
we need to ensure that the added calibration mostly provides a positive effect. To address this, we
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introduce two hyper-parameters: the left threshold (6;) and the right threshold (63). These thresholds
control whether recomputation should be performed and calibration should be applied. We calculate
the cosine similarity between the current query and the retained historical query. If the cosine
similarity is lower than 6;, we consider the current query and historical query to be sufficiently
distant. In this case, we reload the evicted KV cache, recompute the attention output with the current
query, and update the historical query, the softmax denominator, and the attention output. This
hyper-parameter controls the frequency of recomputation, thus controlling the additional computation
overhead. If the cosine similarity is higher than 6,, we assume the current query and the historical
query are sufficiently similar, and we add calibration because we believe this calibration is likely to
improve accuracy. When the cosine similarity lies between the two thresholds, no recomputation
or calibration is performed. 6; and #; work together to balance the accuracy of calibration and the
additional computational overhead. The process of CaliDrop are formally described in Algorithms

Algorithm 1 The CaliDrop Algorithm

Require: Input sequence X, eviction strategy f, thresholds 6 < 65
1: - Prefilling Phase —

2: Compute @, K,V and partition into K Veompress, K Vevier Via strategy f.
3: Using the last query () _1, cache initial calibration values:
4: Cweight < > exp (Q’%ZET‘“‘) > Exponential sum of attention weights
50 Cout +— At(Q—1, Kevict, Vevict) > Calibration output
6 Cq+— Q-1 > Calibration query
7: — Decoding Phase —
8: for each new token to be generated ¢ = 1,2,... do
9 Outputt, Aweight < Att(Qtv Kcompress, chompress)
10:  p < cos(Q, Cy) > Compute the cosine similarity of the queries
11:  if p < 6, then
12: Cuweight < Y €Xp (%jj“) > Recompute calibration with Q)
13: Cout — Att(Qta Kevicta V:evict)
14: Update historical query: Cy < Q;
15: Output, < Calibrate(Output,) > Apply calibration
16:  elseif p > 0, then
17: Output, < Calibrate(Output,) > Apply calibration
18:  endif
19: end for

4 EXPERIMENTS

4.1 EXPERIMENT SETUP

To verify the effectiveness of our method, we conduct extensive experiments on a series of benchmarks
and models. The detailed experimental settings are as follows.

4.1.1 MODELS AND BENCHMARKS

We test our method on three LLMs: Mistral-7B-Instruct (Jiang et al.|[2023)), LLaMA-3-8B-Instruct,
and LLaMA-3-70B-Instruct (Dubey et al.,[2024). These models are chosen for their strong perfor-
mance and wide utilization in natural language processing tasks.

To thoroughly evaluate the capabilities of these models with different methods, we use three bench-
marks that focus on different aspects of language understanding and reasoning.
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Table 1: Performance comparison of CaliDrop with SnapKV, H20, Streamingl.LM (SLM) and
FullKV on LongBench for LLaMA-3-8B-Instruct and Mistral-7B-Instruct. CaliDrop generally
achieves improvements over previous KV cache compression methods across various KV cache sizes
and LLMs. The performance strengths of CaliDrop are more evident in small KV cache sizes (i.e.
KV Size = 64). Bold represents the best performance.

‘ Single-Document QA Multi-D QA Si ization Few-shot Learning Synthetic Code ‘
o o Qb PRI ¢ o e C Q> N o <
Method W o® \,‘Q\Q"\ . D’X‘@h 003&“ w\\\\* RS @ gPy\% o o | A
‘ 18409 3619 9151 4887 8734 2113 5177 8209 6258 11141 9289 1235 4206 ‘

Mistral-7B-Instruct, KV Size = Full

FullKV | 48.54 24.35 3292 21.87 33.05 25.77 67.00 86.84 40.95 540 9100 5724 49.84 | 44.98

Mistral-7B-Instruct, KV Size = 64

SLM 22.76 10.31 16.59 14.09 13.41 12.21 35.67 75.93 26.47 3.66 6460 4127 3541 | 28.64

+CaliDrop | 29.62 13.29 2254 15.70 20.09 19.14 54.00 78.68 30.71 7.09 6356 44.62 3799 | 33.62

H20 3291 13.15 17.60 14.29 19.56 18.99 39.33 79.77 35.80 509 7476 48.19 40.14 | 33.81

+CaliDrop | 37.39 17.73 22.19 16.93 23.03 22.01 56.00 83.69 37.12 532 77.89 4931 42.88 | 37.81

SnapKV 34.46 12.87 20.11 15.52 17.33 16.37 39.00 81.14 35.14 6.89 7355 47.05 39.80 | 33.79

+CaliDrop | 39.16 16.94 22.90 17.67 21.83 21.38 55.33 84.25 37.09 7.17 8033 4672 4193 | 37.90
Mistral-7B-Instruct, KV Size = 128

SLM 22.66 8.23 18.15 14.98 14.72 14.25 41.00 79.27 34.82 3.74 40.32 4847 39.08 | 29.21

+CaliDrop | 30.34 12.31 22.55 16.61 20.47 20.39 5333 79.95 36.03 7.14 5429 50.62 41.58 | 34.28

H20 32.94 13.75 18.72 15.08 21.20 20.71 43.00 82.20 37.69 6.38 8250 513 4255 | 36.00

+CaliDrop | 37.74 18.60 23.47 17.62 23.78 2237 55.67 85.54 38.88 595 8392 5150 44.86 | 39.22

SnapKV 37.44 14.85 21.45 15.48 20.76 20.15 4733 84.46 37.34 556 8522 51.04 4250 | 37.20

+CaliDrop | 41.83 18.75 24.52 18.12 23.68 2223 56.33 86.19 37.90 5.63  86.14 51.68 44.53 | 39.81

LLaMA-3-8B-Instruct, KV Size = Full

FullKV | 40.56 37.54 49.81 34.93 31.04 25.58 69.67 89.85 40.50 1294 8367 5658 51.01 | 47.98
LLaMA-3-8B-Instruct, KV Size = 64

SLM 24.73 20.83 43.86 29.93 14.59 13.50 36.67 71.49 25.80 14.67 8100 49.67 4281 | 36.12

+CaliDrop | 31.52 27.21 46.79 32.17 17.27 17.27 60.00 81.60 29.45 1233 78.00 49.39 43.79 | 40.52

H20 31.14 24.28 4741 31.25 19.02 18.95 38.33 86.77 35.58 8.69 8233 5738 4844 | 40.74

+CaliDrop | 35.92 28.80 49.58 32.83 20.85 20.86 62.00 88.08 36.95 11.44 8267 5575 4792 | 44.13

SnapKV 33.33 25.05 47.56 31.83 16.79 17.20 40.67 86.06 33.81 1222 77.67 5627 48.07 | 40.50

+CaliDrop | 36.91 31.27 49.33 33.97 19.16 19.73 62.33 88.10 35.56 1155  78.67 5485 4555 | 43.61

LLaMA-3-8B-Instruct, KV Size = 128

SLM 26.21 21.09 43.69 29.56 15.82 16.21 41.33 74.01 33.13 12.67 7733 56.66 4840 | 38.16

+CaliDrop | 30.89 26.28 47.56 31.20 17.98 19.41 61.33 84.39 34.90 1233 77.67 5675 46.49 | 42.09

H20 36.17 25.48 48.65 31.74 20.76 20.67 40.00 87.30 36.04 1233 84.00 58.60 5123 | 42.54

+CaliDrop | 34.90 29.42 4991 32.62 2243 21.66 62.00 89.42 37.60 13.17  83.67 56.55 49.46 | 44.83

SnapKV 37.76 29.75 49.19 32.13 19.89 20.18 4733 87.86 35.33 1111 8233 6029 50.87 | 43.39

+CaliDrop | 37.23 30.87 50.45 33.19 21.67 21.57 65.00 89.35 36.94 1244 83.00 56.19 49.07 | 45.15

LongBench (Bai et al 2024): This benchmark is a comprehensive benchmark to evaluate the
contextual understanding capabilities of LLMs. It includes tasks such as answering questions,
summarizing, and generating code.

RULER (Hsieh et al., [2024): RULER is a benchmark to evaluate the long-context modeling
capabilities of LLMS. It involves tasks that require understanding and integrating various pieces of
information, making it essential for assessing skills in complex multi-hop and aggregation tasks.

Needle-in-a-Haystack (Liu et al., 2024c): This benchmark focuses on testing if models can find
important details in long texts. It checks how well models can spot useful information in a lot of text,
which is key for tasks like finding facts or answering questions by pulling out parts of the text.

4.1.2 BASELINES

We evaluate the performance improvement of CaliDrop on top of three baselines.

StreamingL.LM (SLM) (Xiao et al.| [2024)) identifies the attention sink phenomenon and enables
LLMs to process infinitely long texts by maintaining KV cache of the attention sink along with a
sliding window of recent tokens.

Heavy Hitter Oracle (H20) (Zhang et al.| 2023) measures the importance of tokens using accu-
mulated attention scores. It retains a sliding window along with the KV cache of important tokens,
thereby preserving the most useful information.

SnapKV (Li et al.,|2024) achieves KV cache compression by selecting clustered important tokens
and utilizing a local window in prefilling phase. It incorporates a clustering algorithm with a pooling
layer and captures attention signals from an observation window.

FullKYV caches all keys and values corresponding to each token, which is the standard approach for
KV Cache in decoder-only transformer-based models.
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Note: For simplicity, we follow the setting of SnapKV (L1 et al.,[2024)) and perform compression only
in the prefilling stage. Specifically, during prefilling, token eviction is conducted separately according
to the strategies of each baselines. Afterward, the decoding process proceeds with our calibration for
better accuracy. Although our approach only focuses on compression during the prefilling stage, it
can be easily extended to the decoding stage as well.

4.1.3 IMPLEMENTATION DETAILS

We evaluate the performance of various methods under different compression ratios by retaining
{64, 128, 256, 512} tokens of the prompt. For StreaminglLLM, we set the number of the attention
sinks to 32, and the remaining tokens are allocated as local tokens. For H20, we evenly split the
token budget into important tokens and local tokens, each comprising half of the total. For SnapKV,
we set the observation window size to 32 and employ average pooling with a kernel size of 5 for
importance evaluation. For CaliDrop, we set §; to 0.7 and 65 to 0.85, which achieves a trade-off
between accuracy improvement and computational efficiency (see Section [5 for more details and
exploration experiments). All experiments are conducted on NVIDIA A100 40G GPUs.

4.2 MAIN RESULTS

4.2.1 RESULTS ON LONGBENCH

Table[T]and Appendix [E]show the main results of each method with different models in LongBench.
We can conclude from the table that:

CaliDrop can enhance the performance of various methods: CaliDrop demonstrates significant
performance improvements across a wide variety of tasks, effectively mitigating the performance
degradation caused by KV cache compression. Specifically, in the Mistral-7B-Instruct and LLaMA-
3-8B-Instruct models with a KV size of 64, CaliDrop consistently outperforms traditional baseline
methods such as SLM, H20, and SnapKYV. This suggests that CaliDrop is highly effective in counter-
acting performance losses, especially under high compression ratios. Moreover, its performance gains
are particularly notable in tasks that require multi-hop reasoning and multi-document summarization,
highlighting its ability to maintain high performance even in complex and demanding scenarios.

Marginal benefit of CaliDrop will diminish at higher KV sizes: As the KV size approaches full
capacity, the performance improvement brought by CaliDrop becomes increasingly constrained. This
trend can be attributed to the fact that an already large KV cache provides ample information for the
model to achieve satisfactory performance. Moreover, as shown in Equation[I] when the KV size
increases, «; will also increase, while a; will decrease, reducing the calibration gain.

4.2.2 RESULTS ON RULER

To further test our method in the long context of reasoning ability, we use the advanced long-context
benchmark, RULER. In this experiment, we take Mistral-7B-Instruct and LLaMA-3-8B-Instruct as
the base model and set the cache size to 64, 128, 256, and 512. As demonstrated in Appendix [1_:],
CaliDrop gains a comprehensive performance enhancement across different KV sizes. For example,
with a KV size of 64, LLaMA-3-8B-Instruct using SnapKV with CaliDrop reaches 23.32% compared
to the baseline (14.95%). As the KV size increases, CaliDrop continues to outperform the baselines.
On Ruler, we don’t observe the gradual diminishing of the calibration gains as seen in LongBench.
This is likely because the KV size of 512 was far from the required capacity for the task. Overall, the
results demonstrate the effectiveness of CaliDrop.

4.2.3 RESULTS ON NEEDLE-IN-A-HAYSTACK

We also compare our method with baselines on Needle-in-a-Haystack. The results in Figure [2]
and Appendix [G]indicate that CaliDrop achieves significant improvements based on token eviction
methods across all settings in our experiment. Especially when using LLaMA-3-8B-Instruct with a
KV size of 128, CaliDrop increases the accuracy of H20 from 48.5% to 83.8%. With a KV size of
256, when SnapKYV is used in combination with CaliDrop, it manages to maintain almost no drop in
performance in a context size of 8k, which shows the strong performance enhancement by CaliDrop.
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StreamingLLM w/o CaliDrop Acc 26.6

H20 w/o CaliDrop Acc 39.7

SnapKV_w/o CaliDrop Acc 61.0
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Figure 2: Results of Needle-in-a-Haystack on LLaMA-3-8B-Instruct with 8k context size and 64 KV
size. The vertical axis of the figure represents the depth percentage, and the horizontal axis represents
the token length.

Table 2: The influence on accuracy of the left threshold and the right threshold. The experiments are
conducted on LongBench with LLaMA-3-8B-Instruct, SnapKYV, and a KV size of 128.

> D S > > .

Group kf‘ﬁx‘\ Q"s&‘ x\o@& N < °<V‘°v° @\“"ée «Vs'o '\“’Q g,b“\so g@““ o vs’g AVG
L=0.60 | 36.80  30.28 49.46 3278 20.70 20.80 61.67  88.62 3621 1328 8200 6133 51.24 | 4501

L=0.65 | 37.63  31.67 49.73 32.74 21.14 21.19 63.67  88.61 37.13 12.89 8333 5809 50.37 | 45.25
R=0.80 | L=0.70 | 37.99  30.80 49.53 32.66 2226 21.81 6533 8895 37.60 1211 83.00 58.08 49.67 | 45.37
L=0.75 | 3853  33.60 48.73 32.05 22.79 2211 6533 89.01 38.83 1078 83.00 58.60 49.42 | 45.60

L=0.80 | 38.66 3271 48.85 31.88 23.77 22.79 65.67  88.64 38.29 1200 8267 5739 4838 | 45.52

L=0.60 | 37.98 3174 49.05 3271 2050 20.64 59.67  88.77 3631 1222 8233 60.65 51.24 | 4491

L=0.65 | 3694 3143 49.64 33.16 2091 21.08 62.67 8875 3638 1244 8333 57.81 50.88 | 45.03
R=0.85 | L=0.70 | 3723  30.87 5045 33.19 21.67 21.57 65.00 8935 36.94 1244 83.00 56.19 49.07 | 45.15
L=075 | 37.84 3247 49.78 34.12 22,61 22.09 6433 89.25 37.65 1178 8333 5870 51.34 | 45.79

L=0.80 | 3894  33.85 49.74 34.15 24.19 22.80 6433 89.53 38.74 1144 8400 59.11 5122 | 46.31

L=0.60 | 37.51  30.88 49.00 3347 20.49 20.52 5533 88.54 35.85 1311 83.00 60.17 52.70 | 44.66

L=0.65 | 38.10  31.47 49.12 33.68 20.56 20.82 59.00  87.90 36.04 1244 8267 5873 51.86 | 44.80
R=0.90 | L=0.70 | 39.06 3124 5051 3345 21.34 2135 59.67  89.06 36.18 1222 83.00 5870 5179 | 45.20
L=075 | 3777  32.84 49.77 33.52 21.89 21.85 5833 89.65 36.93 1378 8333 5991 52.18 | 45.52

L=0.80 | 40.46  33.57 50.17 34.83 23.17 22.06 5867  90.03 3775 1178 8333 5890 52.52 | 45.94

5 DISCUSSION

CaliDrop has two key hyperparameters: 6, and 6. Specifically, §; controls the frequency of
recomputations, while #, determines the threshold conditions under which calibration is deemed
acceptable. These hyperparameters directly influence the model throughput and accuracy. Throughput
is primarily affected by 64, as it is directly tied to the frequency of recomputations. However, accuracy
is influenced by both 6; and 05. 6, affects calibration quality, with more frequent recomputations
leading to better calibration. f5 determines the criteria for when calibration is considered acceptable.
If the conditions are too strict, the model may not fully utilize the benefits of calibration. On the other
hand, if the conditions are too lenient, the model may suffer from low-quality calibration, which could
reduce accuracy. Therefore, in this section, we focus on how to improve accuracy while minimizing
the decrease in model throughput.

5.1 INFLUENCE ON ACCURACY

Table|Z| shows the influence on accuracy of 6 and 6>. We can conclude that, with a fixed 6, higher
6, lead to increased accuracy, which aligns with our hypothesis. This suggests that by increasing
the frequency of recomputations, the quality of calibration improves, thereby enhancing accuracy.
When 6, is fixed and 65 is varied, accuracy does not follow a consistent trend. This occurs because
a high 65 can discard some effective calibration, while a low 63 may introduce potentially harmful
calibration. This behavior is also consistent with our hypothesis. Based on these results of accuracy
and other explorations of efficiency, we set #; = 0.7 and 65 = 0.85 for our main experiment.
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Figure 3: (a) Throughput of CaliDrop and SnapKV under different batch size. (b) Recomputation
frequency of CaliDrop in different layers under different #;.(c) Accuracy and throughput under
different calibration sizes. No cali: without calibration. Full cali: all evicted tokens are used for
calibration (calibration size = o). We set #; = 0.7 in our experiment.

5.2 SPEED ANALYSIS

We evaluate throughput across varying batch sizes using an input length of 1024, output length of
128, and a KV cache budget of 128 on an 80GB A800. As shown in Figure [3a] SnapKV achieves
notable throughput gains over FullKV due to its reduced memory footprint. CaliDrop adds only
marginal computational overhead compared to SnapKV, while maintaining high throughput across
practical batch sizes. Notably, its calibration-based accuracy improvement incurs minimal latency
impact, showing that CaliDrop effectively balances efficiency and performance.

We also investigate the frequency of recomputation. We conduct experiments on LongBench using
LLaMA-3-8B-Instruct with SnapKV and a KV size of 128. We compare the recompute frequency
(the ratio of recomputations to total decoding steps) in different layers under different 61 in Figure
[3b] We find that the degree of variation in query similarity between different layers is inconsistent,
leading to differences in recompute frequencies across layers. Additionally, as observed earlier, a
higher 6, leads to more recomputations. Overall, in our main experiment (61=0.7), recomputation
occurs approximately every eight steps.

5.3 EFFICIENCY OPTIMIZATION

In our main experiment, we did not apply any efficiency optimizations. However, various techniques
can be used to improve efficiency. In principle, most existing KV cache optimization methods—such
as quantization and token eviction—are applicable to the offloaded cache. Additional strategies like
specialized CUDA kernels and communication overlapping may also benefit CaliDrop. Since the
theoretical computation overhead is low (recomputation occurs approximately every 8 steps), we
leave extensive efficiency optimization to future work. As a lightweight yet effective enhancement, we
introduce a hyper-parameter called calibration size, which controls the number of offloaded tokens by
ranking them according to importance. This approach significantly reduces calibration overhead while
preserving most of the accuracy benefits. Figure [3c|shows the accuracy of LLaMA-3-8B-Instruct
using SnapKV and CaliDrop on LongBench under different calibration sizes, along with throughput
results from the experiment setup in Section We find that a small calibration size can lead to
significant performance improvements with only a modest sacrifice in throughput.

6 CONCLUSION

In this work, we propose CaliDrop, a strategy that enhances token eviction methods at the cost of
lightweight additional computations. We leverage the similarity between queries to add precomputed
calibration for future queries, and offload the evicted tokens for future recomputation. Calidrop
effectively improves accuracy based on token eviction methods, allowing them to perform better
in scenarios with lower compression ratios. We also explore a series of efficiency-related issues
concerning CaliDrop and propose several potential optimization solutions.
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A ETHICS STATEMENT

We confirm that this work adheres to ethical research practices. All data and LLMs used are publicly
available (including API format) and properly cited. No human subjects were involved.

B REPRODUCIBILITY STATEMENT

Comprehensive details of the experimental settings, hyperparameters, and evaluation protocols are
presented in Section The implementation, including source code and execution scripts, will
be made publicly available upon publication.Experiments are conducted on NVIDIA GPUs with
PyTorch, HuggingFace Transformers (Wolf et al., 2020)

C USE ofF LLMs

During the writing of this paper, we leverage large language models (LLMs) to refine the clarity and
fluency of our writing, particularly in the Abstract and Introduction sections. Specifically, we used
the Qwen web interface || to access the Qwen series of models (e.g., Qwen-Max), inputting early
drafts of these sections and requesting stylistic improvements while preserving technical accuracy
and original intent. The model’s suggestions helped enhance sentence structure, academic tone, and
overall readability. All final content was carefully reviewed, validated, and edited by the authors to
ensure fidelity to our research and adherence to scholarly standards.

D TASK ABBREVIATIONS

For clarity, we provide a mapping between the abbreviated task names used in tables and figures and
their full descriptions :

Table 3: Mapping of task abbreviations to full names.

Abbr. Full Name

MF-en MultiFieldQA_en

PCount Passage_Count

PRe Passage_Retrieval_en

RB-P Repobench-P

S-NIAH-1 Single Needle-in-a-Haystack 1
S-NIAH-2 Single Needle-in-a-Haystack 2
S-NIAH-3 Single Needle-in-a-Haystack 3
MK-NIAH-1 Multi-key Needle-in-a-Haystack 1
MK-NIAH-2 Multi-key Needle-in-a-Haystack 2
MK-NIAH-3 Multi-key Needle-in-a-Haystack 3
MV-NIAH Multi-values Needle-in-a-Haystack
MQ-NIAH Multi-queries Needle-in-a-Haystack
VT Variable Tracking

CWE Common Words Extraction

FWE Frequent Words Extraction

E MORE RESULTS ON LONGBENCH.

Table [ presents a comprehensive comparison of CaliDrop when applied to various token eviction
baselines—SLM, H20, and SnapKV—across multiple tasks in the LongBench benchmark. Results
are reported for both LLaMA-3-8B-Instruct and Mistral-7B-Instruct under different KV cache budgets
(256, 512) and full KV settings.

https://chat.qwen.ai
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Table 4: Performance comparison of CaliDrop with SnapKV, H20, StreamingLLM (SLM) and
FullKV on Long- Bench for LLaMA-3-8B-Instruct, Mistral-7B-Instruct and LLaMA-3-70B-Instruct.
CaliDrop generally achieves improvements over previous KV cache compression methods across
various KV cache sizes and LLMs. Bold text represents the best performance.

\ Single-Document QA Multi-Document QA Summarization Few-shot Learning Synthetic Code
> N « > o .
Method & o Q> S0 & & C o o o ¢ N 2 Ave
A SO N*“B N RS T OGS R ©
| 18409 3619 9151 4887 8734 2113 5177 8209 6258 11141 9289 1235 4206
Mistral-7B-Instruct, KV Size = Full
FullKV | 4854 24.35 32.92 21.87 33.05 25.77 67.00 86.84 40.95 540  91.00 5724 49.84 4498
Mistral-7B-Instruct, KV Size = 256
SLM 24.00 9.30 17.54 14.58 17.21 16.87 48.33 79.98 38.11 447 4248 5250 4097 3126
+CaliDrop | 29.26 13.04 22.63 16.25 21.91 21.60 54.67 80.06 38.29 624 59.63 5358 4333 3542
H20 34.18 14.97 19.83 15.66 22.54 21.93 48.00 85.54 39.01 599 8340 54.67 4542 3778
+CaliDrop | 39.53 18.27 24.62 17.54 24.74 23.17 58.33 85.35 39.31 6.06 8570 53.05 47.17 40.22
SnapKV 42.87 17.33 24.65 16.65 2278 22.23 58.00 86.77 38.67 640  90.57 5491 45.69 40.58
+CaliDrop | 43.97 2232 26.46 18.66 24.94 23.11 57.33 86.78 39.23 6.00  90.08 5456 4697 41.57
Mistral-7B-Instruct, KV Size = 512
SLM 2497 10.47 18.02 14.76 21.20 20.03 53.67 82.12 39.07 547 4249 5537 43.13 33.14
+CaliDrop | 31.47 13.97 24.15 16.18 23.99 2249 55.33 82.70 39.38 6.67 59.86 55.11 4559 36.68
H20 36.32 16.50 21.03 16.29 24.19 23.24 53.67 86.58 39.52 6.19 8637 557 47.09 39.44
+CaliDrop | 4143 20.29 26.27 17.73 25.90 24.13 56.67 86.56 39.83 6.63 8688 5542 46.83 41.12
SnapKV 45.24 20.09 26.64 18.27 25.18 23.25 62.67 86.51 39.45 573 9222 57.09 47.85 4232
+CaliDrop | 45.03 22.27 29.66 20.73 26.60 23.81 59.00 86.86 39.21 577 9233 5556 47.84 42.67
LLaMA-3-8B-Instruct, KV Size = Full
FullKV | 40.56 37.54 49.81 34.93 31.04 25.58 69.67 89.85 40.50 1294 83.67 56.58 51.01 47.98
LLaMA-3-8B-Instruct, KV Size = 256
SLM 26.78 2231 42.52 29.17 18.51 19.29 50.67 80.23 36.52 1500 7833 5852 51.56 40.72
+CaliDrop | 33.11 25.70 47.92 31.40 20.06 21.31 63.33 84.59 37.44 12.69  78.67 57.55 4847 43.25
H20 35.78 28.26 48.71 31.51 21.78 21.44 45.33 89.45 37.92 12.11  83.67 60.02 51.56 43.66
+CaliDrop | 36.04 30.67 49.36 33.27 23.03 22.60 63.00 90.06 38.69 1294 83.67 58.03 5224 45.66
SnapKV 38.45 30.77 49.70 33.80 22.15 21.71 57.00 89.28 36.79 12.11 8400 6022 53.11 4531
+CaliDrop | 39.11 32.72 50.08 33.63 23.49 22.54 66.00 89.99 38.04 1333 83.67 56.57 51.36 46.19
LLaMA-3-8B-Instruct, KV Size =512
SLM 27.12 22.83 43.69 29.94 21.90 21.94 56.67 82.81 37.81 1431 7633 60.62 5325 4225
+CaliDrop | 33.05 27.57 47.96 32.54 2270 22.85 65.67 86.73 38.12 1248 78.67 5826 49.00 44.28
H20 37.64 30.66 50.20 32.93 23.54 2291 54.00 89.70 38.89 10.61  83.67 59.10 5259 45.11
+CaliDrop | 38.17 32.68 49.77 33.43 24.63 2342 64.67 90.06 39.08 11.50  83.67 59.77 5193 46.37
SnapKV 38.34 33.65 50.66 34.62 24.48 23.06 65.67 90.03 38.47 1256 83.67 5990 52.02 46.70
+CaliDrop | 39.30 34.99 50.23 34.86 25.21 23.47 67.00 90.14 38.58 13.11  84.00 5928 5242 4712
LLaMA-3-70B-Instruct, KV Size = Full
FullKV | 47.44 44.15 62.12 54.97 31.52 25.21 71.33 91.24 43.56 2233  89.33 61.71 6330 5448
LLaMA-3-70B-Instruct, KV Size = 64
SLM 30.69 24.51 53.82 50.26 15.28 14.58 38.00 86.66 28.53 22,67 89.00 53.77 46.60 42.64
+CaliDrop | 39.31 31.52 54.58 50.95 17.85 18.45 59.67 85.03 30.83 22.67 89.00 50.82 5045 46.24
H20 42.98 30.01 58.08 52.90 20.45 20.87 42.00 89.74 38.49 2244  88.67 56.72 54.55 4753
+CaliDrop | 44.06 35.00 58.12 52.11 21.51 21.53 62.00 90.55 39.65 2244 88.67 5837 5591 49.99
SnapKV 4235 31.78 58.51 53.62 18.44 19.15 44.00 89.41 37.12 22.67 8833 5742 5410 4745
+CaliDrop | 43.23 34.60 58.22 51.73 20.03 20.52 64.00 91.18 3891 23.00 88.67 56.90 54.59 49.66

The results demonstrate that CaliDrop consistently enhances the performance of all baselines, with
particularly notable improvements in low-budget settings (e.g., KV size = 64). For instance, on
LLaMA-3-70B-Instruct with a 64-token cache, CaliDrop boosts H20’s average score from 47.53 to
49.99 and SnapKV’s from 47.45 to 49.66. The gains are more pronounced in Few-shot Learning and
Summarization , where accurate attention over long-range dependencies is crucial. As the KV budget
increases, the relative improvement stabilizes.

F MORE RESULTS ON RULER

Tables [5] and [6] present a comprehensive evaluation of CaliDrop on the RULER benchmark, which
assesses a model’s ability to retrieve critical information across extremely long sequences (up to
32k tokens) under varying compression ratios. We systematically evaluate both LLaMA-3-8B-
Instruct and Mistral-7B-Instruct across multiple KV cache sizes (64, 128, 256, 512), and compare
CaliDrop-enhanced variants of SLM, H20, SnapKV against their respective baselines and FullK'V.

As shown in Tables[5]and[6] CaliDrop consistently improves the needle-retrieval accuracy of all base-
line methods across both models and all compression levels. The gains are particularly pronounced
under aggressive compression (e.g., KV size = 64), where standard token eviction strategies struggle
to preserve essential context. For instance, on LLaMA-3-8B-Instruct with a 64-token cache, SnapKV
achieves an average accuracy of 14.95%, while SnapKV + CaliDrop boosts this to 23.32%—a
relative improvement of over 56%. Similarly, for Mistral-7B-Instruct at the same budget, CaliDrop
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Table 5: Performance comparison of CaliDrop with SnapKV, H20, Streamingl.LM (SLM) and
FullKV on RULER for LLaMA-3-8B-Instruct. Bold text represents the best performance.

\ Single NIAH Multi-key NIAH
Method A W 5 V\’\ 6,’1« \X’b O:$\PX\ < x\\h\x C\ﬂ?’ eqle' Ky Avg.
@PX\ \A\P'\)‘ @Pg\ SO N e A\ A
& & & W R\ R\
LLaMA-3-8B-Instruct, KV Size = Full
FullKV | 100.00 98.20 97.00 99.20 91.60 95.80 99.75 97.45 97.82 8227 9828 96.12
LLaMA-3-8B-Instruct, KV Size = 64
SLM 0 0 0 0 0 0 0 0 0.12  28.80 0 2.63
+CaliDrop 1.60 1.20 0 2.20 0.40 0 2.20 1.80 058 3133 400 412
H20 20.40 20.80 0 5.40 0.40 0 0.20 0.15 462 020 296 5.01
+CaliDrop 76.60 40.20 0 17.00 7.80 0 15.30 14.50 12.16  3.60 11.24 18.04
SnapKV 58.40 67.20 0 21.40 13.80 0 0.75 0.35 016 020 224 1495
+CaliDrop 77.60 68.20 0 40.20 32.00 0 12.85 12.70 1.18 207 9.68 23.32
LLaMA-3-8B-Instruct, KV Size = 128
SLM 0.40 1.20 2.40 3.00 0.40 0 2.45 2.45 6.84 5220 0.64 6.54
+CaliDrop 2.40 2.80 2.40 3.00 0.60 0 5.00 4.00 1372 5127 596 829
H20 41.00 43.80 2.40 15.00 2.40 0 2.30 0.30 18.00 1513 796 1348
+CaliDrop 73.60 61.00 2.40 26.20 15.60 0 30.85 22.60 36.94 2387 1680 28.17
SnapKV 98.80 87.00 0 60.80 33.80 0 17.15 7.45 4.60 3133 1320 32.19
+CaliDrop 99.00 87.20 0 65.80 45.40 0 49.40 40.50 13.94 39.07 2428 42.24
LLaMA-3-8B-Instruct, KV Size = 256
SLM 1.40 1.20 2.40 3.00 1.40 1.20 2.45 2.45 1742 7560 3.12 10.15
+CaliDrop 2.80 2.80 2.40 4.40 1.60 1.20 5.40 4.05 2548 7053 848 1174
H20 66.60 56.60 2.40 25.00 15.20 0 8.90 1.30 31.64 4993 20.68 2530
+CaliDrop 83.20 68.00 2.40 40.60 20.80 0 42.70 29.80 58.18 5520 38.76 39.97
SnapKV 100.00 92.60 0 90.20 26.00 0 76.40 36.50 13.40 47.67 9148 5220
+CaliDrop 100.00 93.20 0 89.80 36.60 0 87.15 73.90 4090 57.33 9408 61.18
LLaMA-3-8B-Instruct, KV Size = 512
SLM 4.00 6.20 8.00 7.00 5.20 3.80 5.25 6.80 35.66 7400 7.68 14.87
+CaliDrop 6.20 7.40 8.00 8.60 5.60 3.80 8.20 8.00 4138 75.67 12.64 16.86
H20 88.20 65.60 2.40 44.00 25.60 1.40 24.30 3.00 46.08 64.33 6928 39.47
+CaliDrop 93.80 75.80 2.40 53.80 23.40 1.40 59.45 39.50 75.18 70.07 81.84 5242
SnapKV 100.00 93.60 1.60 96.80 31.00 0.20 91.10 71.65 30.50 5620 94.36  60.64
+CaliDrop 100.00 94.20 1.40 97.20 37.40 0.20 95.55 86.50 67.24 6747 9640 67.60
Mistral-7B-Instruct, KV Size = Full
FullKV | 100.00 100.00 96.40 94.60 99.00 80.60 95.75 92.85 8372 83.93 9648 93.03
Mistral-7B-Instruct, KV Size = 64
SLM 0 0 0 0 0 0 0 0 028  6.13 0 0.58
+CaliDrop 0.20 0 0 0 0 0 0 0 .14 820 232 108
H20 0 0 0 0 0 0 0 0 350 007 500 078
+CaliDrop 6.60 1.80 0 0.20 0.20 0 0.10 0.15 1230 227 1292 332
SnapKV 0.20 0.40 0 0.20 0 0 0 0 080 0.07 320 044
+CaliDrop 9.20 4.40 0 2.60 1.40 0 0.10 0.15 6.38 120  8.60  3.09
Mistral-7B-Instruct, KV Size = 128
SLM 0.40 1.20 2.20 3.00 0.40 0 2.40 2.25 426 1147 056  2.56
+CaliDrop 0.40 1.20 2.20 3.00 0.40 0 2.15 2.00 2696 1293 296 493
H20 2.20 2.20 0.20 3.20 0.20 0 0 0.30 1440 1347 1140 432
+CaliDrop 13.20 6.40 0.80 4.40 0.60 0 0.05 1.30 23.10 1247 2516 795
SnapKV 64.20 23.00 0 8.80 4.00 0 0.05 0.05 2.68 4120 1636 1458
+CaliDrop 79.40 40.00 0 17.60 8.20 0 0.60 3.15 826 4347 2772 20.76
Mistral-7B-Instruct, KV Size = 256
SLM 1.40 1.20 2.20 3.00 1.00 0.60 235 2.30 9.56 2993 240 5.09
+CaliDrop 1.40 1.20 2.20 3.00 1.00 0.60 225 1.85 3482 3227 460 774
H20 29.40 5.80 2.00 4.20 0.40 0 1.45 0.50 30.00 46.87 22.72 13.03
+CaliDrop 44.80 16.80 2.20 7.80 1.00 0 1.85 1.80 38.90 36.07 4212 17.58
SnapKV 93.60 54.40 0 35.60 8.60 0 1.55 0.65 8.54 62.60 80.64 3147
+CaliDrop 95.20 59.80 0.20 43.60 16.20 0 8.50 8.00 2322 7027 8424 37.20
Mistral-7B-Instruct, KV Size = 512
SLM 3.80 5.60 5.60 5.40 4.00 3.00 5.05 4.40 18.94 5880 7.04 11.06
+CaliDrop 3.80 5.60 5.60 5.40 4.00 3.00 5.00 4.00 39.12 5393 828 1252
H20 74.80 21.00 2.00 9.60 2.20 0.60 1.75 0.50 37.66 6587 49.24 24.11
+CaliDrop 80.40 33.00 1.80 16.60 4.40 0.60 3.80 1.80 49.04 6420 67.00 29.33
SnapKV 98.00 75.80 0.60 57.40 20.8 0 10.45 3.60 17.36 71.33  92.68 40.73
+CaliDrop 98.00 77.20 2.80 60.40 28.40 0.60 28.50 13.20 40.78 78.67 92.60 47.38

elevates SnapKV from 0.44% to 3.09%, demonstrating its critical role in enabling basic retrieval
capability under extreme memory constraints.

The performance advantage of CaliDrop persists across higher KV budgets, with no signs of saturation
even at 512 tokens. On Mistral-7B-Instruct, SnapKV + CaliDrop achieves an average accuracy
of 47.38%, surpassing the baseline by 6.65 percentage points. Notably, this gain is significantly
larger than the marginal improvements observed in LongBench at comparable cache sizes, suggesting
that RULER’s more demanding reasoning and deep-context retrieval tasks benefit more substantially
from CaliDrop’s dynamic calibration mechanism.
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Table 6: Performance comparison of CaliDrop with SnapKV, H20, Streamingl.LM (SLM) and
FullKV on RULER for Mistral-7B-Instruct. The performance strengths of are more evident in small

KV Cache sizes (i.e. KV Size = 64). Bold text represents the best performance.

| Single NIAH Multi-key NIAH
Method o o2 o> Pg“\ P»‘XFL P‘\,‘g @\Q(é\b\x - ﬁ\\»“\ Cf‘l@ @4@ & Ave
P > D \Y \¢ Q!
%ﬁ\ %‘7\4\ gx\\ ﬂ&,& @\LS N
Mistral-7B-Instruct, KV Size = Full
FullKV | 100.00 100.00 96.40 94.60 99.00 80.60 95.75 92.85 8372 83.93 9648 93.03
Mistral-7B-Instruct, KV Size = 64
SLM 0 0 0 0 0 0 0 0 028  6.13 0 0.58
+CaliDrop 0.20 0 0 0 0 0 0 0 1.14 820 232 1.08
H20 0 0 0 0 0 0 0 0 350 007 500 078
+CaliDrop 6.60 1.80 0 0.20 0.20 0 0.10 0.15 1230 227 1292 332
SnapKV 0.20 0.40 0 0.20 0 0 0 0 080 0.07 320 044
+CaliDrop 9.20 4.40 0 2.60 1.40 0 0.10 0.15 638 120 8.60  3.09
Mistral-7B-Instruct, KV Size = 128
SLM 0.40 1.20 220 3.00 0.40 0 2.40 2.25 426 1147 056 256
+CaliDrop 0.40 1.20 2.20 3.00 0.40 0 2.15 2.00 2696 1293 296 493
H20 2.20 2.20 0.20 3.20 0.20 0 0 0.30 1440 1347 1140 432
+CaliDrop 13.20 6.40 0.80 4.40 0.60 0 0.05 1.30 23.10 1247 2516 795
SnapKV 64.20 23.00 0 8.80 4.00 0 0.05 0.05 2.68 4120 1636 14.58
+CaliDrop 79.40 40.00 0 17.60 8.20 0 0.60 3.15 826 4347 2772 20.76
Mistral-7B-Instruct, KV Size = 256
SLM 1.40 1.20 2.20 3.00 1.00 0.60 2.35 2.30 9.56 2993 240 5.09
+CaliDrop 1.40 1.20 2.20 3.00 1.00 0.60 225 1.85 3482 3227 460 774
H20 29.40 5.80 2.00 4.20 0.40 0 1.45 0.50 30.00 46.87 22.72 13.03
+CaliDrop 44.80 16.80 2.20 7.80 1.00 0 1.85 1.80 38.90 36.07 42.12 17.58
SnapKV 93.60 54.40 0 35.60 8.60 0 1.55 0.65 854 62.60 80.64 31.47
+CaliDrop 95.20 59.80 0.20 43.60 16.20 0 8.50 8.00 2322 7027 8424 37.20
Mistral-7B-Instruct, KV Size = 512
SLM 3.80 5.60 5.60 5.40 4.00 3.00 5.05 4.40 18.94 5880 7.04 11.06
+CaliDrop 3.80 5.60 5.60 5.40 4.00 3.00 5.00 4.00 39.12 5393 828 12.52
H20 74.80 21.00 2.00 9.60 2.20 0.60 1.75 0.50 37.66 6587 49.24 24.11
+CaliDrop 80.40 33.00 1.80 16.60 4.40 0.60 3.80 1.80 49.04 6420 67.00 29.33
SnapKV 98.00 75.80 0.60 57.40 20.8 0 10.45 3.60 1736 71.33 92.68 40.73
+CaliDrop 98.00 77.20 2.80 60.40 28.40 0.60 28.50 13.20 40.78 78.67 92.60 47.38

A closer examination of per-task performance reveals that CaliDrop provides the most substantial
improvements in tasks involving multi-key and multi-value retrieval (e.g., MK-NIAH, MV-NIAH)
and complex pattern recognition (e.g., VT, FWE). These are precisely the types of tasks where
accurate attention over long-range dependencies is indispensable, and where naive eviction policies
are most likely to discard semantically critical tokens. By leveraging query similarity to selectively
reintroduce calibrated attention signals from previously evicted tokens, CaliDrop effectively mitigates
information loss and significantly enhances the model’s ability to reason over compressed contexts.

Furthermore, consistent gains across different architectures (LLaMA-3 and Mistral) confirm the
generalizability of CaliDrop as a plug-in enhancement for token eviction methods. Unlike in
LongBench, where performance gains diminish as the KV cache approaches full capacity, RULER’s
results show no such trend, indicating that the complexity and context length of the benchmark
remain challenging even at moderate compression levels. This underscores the value of CaliDrop
in real-world scenarios where models must operate under tight memory budgets while handling
complex, long-term reasoning tasks.

G MORE RESULTS ON NEEDLE-IN-A-HAYSTACK.

Figures [ [3 [6] [7] [B O} [TO} and [TT] present the full evaluation results of Needle-in-a-Haystack for
different models, context lengths, and KV cache sizes. These figures comprehensively visualize
the retrieval accuracy as a function of the percentage of needle depth (vertical axis) and the length
of the input sequence (horizontal axis), comparing the baseline methods (left column) with their
CaliDrop-enhanced counterparts (right column).

CaliDrop consistently enhances the robustness of token eviction baselines across models and settings,
with particularly significant gains in low-KV regimes (e.g., 64—128 tokens) where it effectively
recovers lost attention signals through calibration, enabling reliable needle retrieval even at extreme
depths—demonstrated by improvements from 48.5% to 83.8% for H20 and from 87.2% to 94.5%
for SnapKV on LLaMA-3-8B-Instruct with 96-token cache. As the KV cache size increases, baseline
performance approaches the full KV limit, leading to narrower relative gains, which aligns with
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Figure 4: Results of Needle-in-a-Haystack on Mistral-7B-Instruct and LLaMA-3-8B-Instruct with
32k and 8k context size and full KV size. The vertical axis of the figure represents the depth
percentage, and the horizontal axis represents the token length.

the method’s upper-bound behavior. The consistent improvements on Mistral-7B-Instruct further
confirm CaliDrop’s generalizability across architectures, highlighting its effectiveness in preserving
long-range attention patterns and enhancing the reliability of KV cache compression in practical
long-context scenarios.

17



Under review as a conference paper at ICLR 2026

918
919
920
921
922
923
924
925
926
927
928
929
930
931
932
933
934
935
936
937
938
939
940
941
942
943
944
945
946
947
948
949
950
951
952
953
954
955
956
957
958
959
960
961
962
963
964
965
966
967
968
969

StreamingLLM w/o CaliDrop Acc 18.2

<
<
]
[T}

juadIad yidag

©
o
N
3
<
<]
=]
©
o
=
=
5
3
£
£
o
4
=]
]

Juaduad Yydag

@
ia)
<
v}
<
3
=]
©
o
L
H
o
o
T

<
<
]
%}

juad.ad yidag

H20 w CaliDrop Acc 59.7

Juadtad Yydag

SnapKV wj/o CaliDrop Acc 47.3

SnapKV w CaliDrop Acc 60.1

Juaduad Yydag

Instruct with 32k context size and 64 KV

7B-

Haystack on Mistral-

-a-

in
size. The vertical axis of the figure represents the depth percentage, and the horizontal axis represents

the token length.

Figure 5: Results of Needle

970
971

18



Under review as a conference paper at ICLR 2026

972
973
974
975
976
977
978
979
980
981
982
983
984
985
986
987
988
989
990
991
992
993
994
995
996
997
998
999

StreamingLLM w/o CaliDrop Acc 25.7

~
0
)
3
<
<]
=]
©
o
=
=
5
3
£
£
o
4
=]
]

Token Limit
H20 w/o CaliDrop Acc 49.7

H20 w CaliDrop Acc 62.3

1000
1001
1002
1003
1004
1005
1006
1007
1008
1009
1010
1011

SnapKV wj/o CaliDrop Acc 59.2

1012
1013
1014

SnapKV w CaliDrop Acc 69.5

1015
1016
1017
1018
1019
1020
1021
1022
1023

Instruct with 32k context size and 96 KV

7B-

Haystack on Mistral-

-a-

in
size. The vertical axis of the figure represents the depth percentage, and the horizontal axis represents

the token length.

Figure 6: Results of Needle

1024
1025

19



Under review as a conference paper at ICLR 2026

1026
1027 StreamingLLM w/o CaliDrop Acc 25.2
1028
1029
1030
1031
1032
1033
1034
1035
1036
1037
1038
1039
1040
1041
1042
1043
1044
1045
1046
1047
1048
1049

1050
1051 Token Limit

H20 w CaliDrop Acc 72.1

Depth Percent

Token Limit

StreamingLLM w CaliDrop Acc 36.4

Depth Percent

H20 w/o CaliDrop Acc 56.2

Depth Percent

1052
1053
1054
1055
1056
1057
1058
1059
1060
1061
1062
1063
1064
1065

1066
1067 Token Limit
1068 SnapKV w CaliDrop Acc 76.7

1069
1070
1071
1072
1073
1074
1075
1076
1077
1078
1079

Depth Percent

SnapKV w/o CaliDrop Acc 67.4

Depth Percent

Depth Percent

Figure 7: Results of Needle-in-a-Haystack on Mistral-7B-Instruct with 32k context size and 128 KV
size. The vertical axis of the figure represents the depth percentage, and the horizontal axis represents
the token length.
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Figure 8: Results of Needle-in-a-Haystack on Mistral-7B-Instruct with 32k context size and 256 KV
size. The vertical axis of the figure represents the depth percentage, and the horizontal axis represents
the token length.
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