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Abstract

The growing sequence length of large language
models poses significant challenges for key-
value caches. Existing state-of-the-art cache
eviction methods primarily analyze the infer-
ence behavior of attention heads in successful
retrieval-reasoning cases, often overlooking di-
verse behaviors in failure cases, such as bias
and distraction. This oversight limits the po-
tential to leverage heterogeneous head behav-
iors for improved eviction performance. In-
spired by the confusion matrix, we introduce
an Attention Behavior Matrix to comprehen-
sively analyze attention head behaviors in both
success and failure scenarios. By maximizing
the signal-to-noise ratio—strengthening valid
reasoning pathways in success cases while in-
hibiting noise from bias and distraction in fail-
ure cases—we propose REtrieval-reAsoning
and Logic-constructed (REAL). REAL is the
first KV cache eviction method that leverages
multi-behavior analysis. Comprehensive eval-
uations show that REAL achieves remarkable
performance across various models and bench-
marks; notably, on LongBench v2, it achieves
comparable accuracy to the strongest baseline,
HeadKV-R2, while requiring 32x less space
(Figure 1). By offering a novel perspective on
behavior analysis, we pave the way for a shift
from success-only to comprehensive, failure-
aware methods in long-context modeling.

1 Introduction

Retrieval-driven and logic-faithful Transformer-
based (Vaswani et al., 2017) large language models
(LLMs) (OpenAl, 2025; Anthropic, 2025) have
shown remarkable performance on tasks such as
question answering (QA) (Kamalloo et al., 2023).
To speed up inference, the models rely on key-value
(KV) caches, which store key and value vectors to
avoid recalculations. However, as the size of a KV
cache grows with sequence length, model dimen-
sionality, and batch size, it quickly overwhelms
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Figure 1: Results on question-aware LongBench v2 with
Mistral-Large-Instruct-2411. REAL matches SOTA
HeadKV-R2 using 4,096 vs. 8,192 cache tokens (2x
smaller), and matches SOTA at 4,096 tokens with 128
tokens (32x smaller). See Section 4 for full results.
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Figure 2: Heads dominated by different behaviors.

the memory capacity of graphics processing units
(GPUs). For example, the cache size for 64 x 4,096
tokens in GPT-3 (Brown et al., 2020) requires about
1,208GB, whereas an NVIDIA H200 GPU has only
141GB of device memory, illustrating that efficient
KV cache compression has become essential.

To address this problem, various cache eviction
methods have been proposed (Zhang et al., 2023;
Cai et al., 2024; Li et al., 2024). These methods
enforce a fixed budget by retaining only a subset
of KV entries within each attention head while
discarding the rest. This reduces memory usage
and speeds up decoding, enabling efficient long-
context inference. However, most approaches ig-
nore functional differences across attention heads
and therefore apply uniform compression budgets,
which limits the effectiveness of cache eviction.
AdaKV (Feng et al., 2024) recognizes this issue
and allocates per-head budgets based on the con-
centration of each head, but the gains from this
coarse-grained strategy are limited. Motivated by
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Figure 3: Dominant attention behaviors significantly affect model inference. i) Retrieval-Reasoning risks being
misled. At Steps 0, 10, decisive 18-19, decisive 26-27, 32, 34, and 35, the lead is marginal (< 5%). At the decisive
Step 6, the advantage is merely 8.6%. ii) Bias causes misdirection. At decisive Steps 21, 22, 23 for ’cheaper’, the
model bypassed retrieval-reasoning and extracted the price *$800’ from bias. iii) Distraction misses insights with

nearly 70%. At two steps, 17 and 43 within three dominant steps, the model misses meaningful information.

evidence that certain attention heads exhibit strong
long-context retrieval behavior (Wu et al., 2025),
subsequent methods such as DuoAttention (Tang
et al., 2025a; Xiao et al., 2025) probe these retrieval
heads using synthetic data and assign them larger
budgets during cache eviction. HeadKV (Fu et al.,
2025) further extends this work by analyzing both
retrieval and reasoning behaviors.

However, these methods focus exclusively on
successful cases where the model’s prediction
matches the ground truth, and overlook the diverse
head behaviors that arise when inference fails. In-
spired by confusion-matrix analysis, we show that
head behavior can be categorized into four cases
in Table 1; beyond the previously studied success
cases, three additional categories remain during
LLM inference (Figure 3). Specifically, biased
attention can mislead the model, yielding a false
positive (FP), while distracted attention can miss
relevant evidence, resulting in a false negative (FN).
We therefore argue that efficient cache eviction re-
quires a dual strategy: maximizing the signal-to-
noise ratio (Shannon, 1948) by strengthening valid
reasoning pathways while inhibiting the noise from
bias and distraction. As illustrated in Figure 2, dif-
ferent heads exhibit distinct behaviors within these
failure cases (i.e., bias and distraction), revealing
significant potential for optimization through fine-
grained, head-wise budget allocation.

Therefore, We propose REtrieval-reAsoning
and Logic-constructed (REAL), the first method
that performs fine-grained behavior-aware budget
allocation across heads. Drawing on confusion-
matrix—derived metrics such as precision, re-
call, and Fl-score, we define three metrics:
the REtrieval-reAsoning score (RAsc), Logic-
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Table 1: Attention Behavior Matrix: A complete diag-
nostic framework inspired by the confusion matrix.

Constructed score (LCsc) and inference score (IN-
Fsc) based on the above attention behavior matrix.
High INFsc is achieved when both RAsc and LCsc
are simultaneously high, which means the head
attends more to retrieval-reasoning and pays less
attention to bias and distraction. Therefore, this
head should be allocated a larger KV budget (Sec-
tion 3.1). Extensive experiments demonstrating
REAL achieves state-of-the-art performance across
question-aware, question-agnostic and non-qa sce-
narios. For example, as shown in Figure 1, on
the challenging LongBench v2 benchmark, REAL
matches HeadK'V-R2 using 4,096 cache budget in-
stead of 8,192 (2x fewer), and achieves comparable
performance with as few as 128 cache budget (32x
fewer than 4,096). The following summarizes key
contributions:

* We identify a key limitation in existing methods:
the neglect of attention behaviors during infer-
ence failure which severely bottlenecks head-
wise cache eviction performance.

* We propose a complete Attention Behavior Ma-
trix inspired by confusion matrices, introduc-
ing three derived metrics—RAsc, LCsc, and IN-
Fsc—to quantify head-wise attention patterns.

* We introduce REAL, the first comprehensive
attention-behavior—aware framework, delivering



consistent and substantial improvements across
comprehensive experiments.

* Our work introduces a new multi-behavior head
analysis perspective, encouraging to move be-
yond single-pattern, success-only head labeling
toward comprehensive, failure-aware methods
for long-context inference.

2 Preliminary

In this section, we describe i) how to design needles
to identify four attention behaviors, ii) construction
of the attention confusion matrix, and iii) the com-
putation of RAsc, LCsc, and INFsc metrics.

2.1 From needles to four attention behaviors

Referencing the experimental setup (Wu et al.,
2025), we manually construct novel needle cases
that the model has never encountered, as shown in
Table 2. Each distinct attention behavior serves a
unique role in long-context processing. Retrieval-
Reasoning captures the core question-answer rela-
tionship by accurately identifying and attending to
answer-relevant tokens. It exhibits high true posi-
tive rates, demonstrating its ability to retrieve crit-
ical information that directly addresses the query.
Bias focuses on question-related context rather than
answer sources. It often leads to false positive ref-
erences. Distraction exhibits structural sentence
similarity to retrieval-reasoning behavior but fails
to capture the actual answer content. It holds high
false negative rates as they miss genuinely relevant
information. Widespread behavior maintains dif-
fuse attention across the entire context, simulating
pervasive background information processing. It
shows high true negative rates, indicating their role
in broadly monitoring the context without selective
focus on specific tokens.

The design ensures the model must rely on the
KV cache to get knowledge, rather than falling
back on internally knowledge learned during pre-
training. We sampled 30 different sequence lengths
ranging from 1K to 30K tokens in steps of 1,024.
For each sequence length, the query was inserted at
33 uniform positions between 2% and 98% position
in steps of 3%.

2.2 Inference Score Calculation

According to the dominant attention behavior in
each generation step, we accumulate their weight
using an attention confusion matrix in Table 1.
Analogous to precision, recall, and F1-score (Sus-

maga, 2004), we define REtrieval-reAsoning score
(RAsc), Logic-Constructed score (LCsc), and infer-
ence score (INFsc) in Equations (1), (2), and (3),
where Wgr, Wg, Wp represent attention weights to
retrieval-reasoning, bias, and distraction.

Wr
RAsc = —————, 1
5 Wr + Wp M

Wr
LOsc = — R 2
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2- RAsc - LCsc
INFsc =

5¢ RAsc+ LCsc )

These scores vary significantly across heads in
Figure 4. Figure 5 shows the descending score
ranking of layer-heads. High INFsc is achieved
when both RAsc and LCsc are high, which means
Whr is high, Wp and W5 are low. In this state, the
head focuses more on retrieval-reasoning and pays
less attention to bias and distraction, and should
therefore be allocated a larger KV budget.
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Figure 4: Heatmaps of LCsc, RAsc, and INFsc on
Llama-3-8B-Instruct (Grattafiori et al., 2024).

3 KV Budget Allocation Method

In this section, we describe 1) how to allocate KV
budget referring to INFsc, ii) how to select the KV
entry within the KV budget.



Method

Example

Retrieval Question: What is the best thing to do in Beijing?

(HeadKV-R) Needle: The best thing to do in Beijing is to take a walk in Chaoyang Park and have a cup of
Espresso in the evening. (k part)

Retrieval- Question: What is the favorite thing of the younger one between John and Mary?

Reasoning Needle: John is 12 years old. Mary is 13 years old. (r part) Mary’s favorite thing is to take a walk in

(HeadKV-R2) Chaoyang Park and have a cup of Espresso in the evening. (¢! part) John’s favorite thing is to play

basketball at the local gym and enjoy a smoothie afterward. (c? part)

Attention Behavior
(REAL)

Question: Which operating system comes installed on the cheaper device between black laptop and
silver laptop?

Needle:

Reflecting the 2025 industry shift towards Al-integrated computing and neural processing, the Silver
Laptop costs $1200, whereas the Black Laptop, targeting the essential productivity market without
NPU acceleration, costs $800. The Black Laptop comes installed with Linux. The Silver Laptop
comes installed with Windows. Microsoft Windows is known for its graphical user interfaces and
broad hardware compatibility. The Red Tablet comes installed with Android. Google Android is
based on the Linux kernel and designed primarily for mobile devices.

Attention Behavior:

Retrieval-Reasoning, Bias, Distraction, Widespread

Table 2: Comparison of needle example. In HeadKV-R (Fu et al., 2025), the correct answer is directly retrieved

from the k part. In H
while the influence of

eadKV-R2 (Fu et al., 2025), the correct answer is derived from c? given background 7,
misleading ¢! is neglected. In REAL, the correct answer is obtained by strengthening

retrieval-reasoning behavior, while inhibiting the influence of bias and distraction. More cases can be seen in

Appendix A.5.
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Figure 5: Layer-heads ranked by descending scores on Llama-3-8B-Instruct (Grattafiori et al., 2024), each with a
zoomed-in bar chart of the top-10 layer-head IDs.

3.1 KV Budget Allocation across head

by = byase + B - INFsc )
1
boase = 67'(1 - B) 5)
br-L-H
p=" 2 (©)
B

The illustration of our head-wise KV cache al-
location is shown in Figure 7. The final budget
for a head is by, in Equation (4). Each attention
head is initially assigned a cache ratio r. £ is the
sequence length. Under fixed token budget b, ¢r is
replaced by b. Predefined ratio (3 contributes to a
shared pool B in Equation (6), leaving a basic bud-
get bpase to each head in Equation (5). L and H are
the total number of layers and heads in the model,
respectively. The detailed algorithm is provided in

Appendix A.2. Furthermore, it should be noted that
the variable 7 is the optimization target, and strictly
speaking, does not count as a hyperparameter.

3.2 KV Selection with Allocated Budget
QuK!

S(Qw, K.) = Softmax 7
(Qu, Ke) Vi
KV;es = Gather(K,, TopK(S, 7)) + KV, (8)

For a given head, if the sequence length remains
within budget, all KV states are retained. When
the KV length exceeds its allocated budget, the
KV pairs from the most recent query window are
first preserved to maintain generation coherence
in Equations (7) and (8). S is the attention score
computed from the query window (), and cached
keys K. according to (Li et al., 2024; Cai et al.,
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Figure 6: Question-aware performance comparison on LongBench (Bai et al., 2024a). REAL outperforms all
baseline methods across token budgets (64-1024) for both Llama-3-8B-Instruct (Grattafiori et al., 2024) and Mistral-
7B-Instruct (Jiang et al., 2023), with the largest gains observed at smaller budgets. Comprehensive results are

provided in Appendix A.6.
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Figure 8: Retained KV counts when token budget = 512
for Llama-3-8B-Instruct (Grattafiori et al., 2024) on the
18K-length NarrativeQA dataset.

2024; Feng et al., 2024). KV represents the com-
pressed KV cache, composed of the fully retained
KV states from the latest query window KV, and
the top-ranked entries selected from the previous
cache. The parameter r denotes the cache ratio.
Figure 8 provides an example of the resulting KV
budget distribution across layer-heads.

4 Experiments and Analysis

We conduct comprehensive experiments to evalu-
ate REAL’s effectiveness in KV cache compres-
sion across multiple dimensions: i) Experimental

setup: We detail the evaluation framework, includ-
ing model architectures, benchmark datasets, base-
line methods, and two compression scenarios with
different budget constraints. ii) Main results: We
present performance comparisons under question-
aware compression (evaluated with fixed token bud-
gets) and question-agnostic compression (evaluated
with cache ratios), demonstrating REAL’s superior
efficiency across various compression levels. iii)
Ablation studies: We systematically examine the
contribution of each attention head behavior com-
ponent and validate the effectiveness of our KV
allocation guidance metric INFsc. iv) Hyperpa-
rameter analysis: We analyze the impact of 53, the
only hyperparameter, demonstrating REAL’s per-
formance across different settings. v) Qualitative
analysis: We provide detailed results and visualiza-
tions to illustrate how behavior-aware head selec-
tion improves long-context understanding.

4.1 Settings

Base Models. We conducted experiments on three
models with maximum context lengths ranging
from 8K to 128K: Llama-3-8B-Instruct (Grattafiori
et al., 2024), Mistral-7B-Instruct (Jiang et al.,
2023), and 123B Mistral-Large-Instruct-2411 (Mis-
tral Al, 2024).

Datasets. Evaluations were performed using two
benchmarks. LongBench (Bai et al., 2024a) cov-
ers 16 long-context, knowledge-intensive subsets
across six tasks: multi-document QA, single-
document QA, summarization, few-shot learn-
ing, synthetic reasoning, and code, with sequence
lengths from 1K to 18K tokens. LongBench v2
(Bai et al., 2024b) extends this to 20 subsets across
six tasks, covering long in-text learning, long-
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Figure 10: Component-wise ablation. The adding performance validates the complementary information for
effective KV cache allocation by three components. Comprehensive results are provided in Appendix A.6.

dialogue history understanding, and long structured
data understanding, with sequence lengths from
14K to 167K tokens. The detailed description is
in Appendix A.4. For evaluation, we selected 27
datasets from these two benchmarks.

Baselines. We select existing methods with dif-
ferent granularity: SnapKV (Li et al., 2024), Pyra-
midKYV (Cai et al., 2024), DuoAttention (Xiao et al.,
2025), HeadKV-R (Fu et al., 2025), and HeadK'V-
R2 (Fu et al., 2025), all under the same token bud-
get and cache ratio for fair comparison.
Compression scenarios. We evaluate two com-
pression scenarios: i) Question-aware compression
(Li et al., 2024), where questions are compressed
alongside prefix context, enabling targeted KV
cache reduction for specific queries. ii) Question-
agnostic compression (Feng et al., 2024), where
only prefix context is compressed without knowing
future questions, representing more realistic and
challenging cases. The former is evaluated under
fixed token budgets (e.g., 128, 4096, 8192 tokens),
while the latter uses cache ratios (e.g., retaining
10%, 20% of sequence length).

4.2 Main Result

Question-aware Compression. Under fixed to-
ken budget constraints, Figure 6 and 1 demon-
strate the superior performance of REAL across 16
datasets, underscoring the effectiveness of the pro-
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Figure 11: Performance retention of different metrics.
REAL (INFsc) achieves superior performance com-
pared to Random, Mean_Score, and Max_Score under
token budgets of 64 (left) and 128 (right), with partic-
ularly strong performance on synthetic and code tasks.
Comprehensive results are provided in Appendix A.6.
posed comprehensive attention behavior analysis.
On Llama-3-8B-Instruct (Grattafiori et al., 2024),
REAL achieves approximately 98% of Full-KV
accuracy with a budget of 256 tokens. On Mistral-
7B-Instruct (Jiang et al., 2023), REAL maintains its
advantage, achieving approximately 98.6% of Full-
KV’s accuracy at budget 512. Most notably, on
LongBench-v2 (Mistral Al, 2024), REAL not only
approaches Full-KV performance but surpasses it
by 0.6 points at budget 8192 (31.8 vs. 31.24),
demonstrating that REAL can enhance model per-
formance through better KV budget allocation. At
budget 2048, REAL achieves 93% of Full-K'V.
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Figure 12: Hyperparameter sensitivity analysis of the allocation parameter [ across different token budgets on
Llama-3-8B-Instruct (Grattafiori et al., 2024). REAL demonstrates robust performance with optimal /3 values around
1.5-2.5, while HeadKV-R and HeadKV-R2 (Fu et al., 2025) show higher sensitivity to S selection. Comprehensive

results are provided in Appendix A.6.

Method Itel Ite2 Ite3 Ited IteS Ite 6 Ite7 Ite 8 Ite 9 Ite 10 Average
Full-KV 439 472 4.18 4.63 4.29 451 437 489 4.11 446 445
DuoAttention 5.18 5.31 5.15 527 5.19 524 521 528 520 527 523
SnapKV 499 532 479 511 546 493 528 4.67 5.19 543 507
PyramidKV ~ 4.78 5.34 491 526 497 5.18 4.85 5.11 493 569 5.02
HeadKV-R 473 495 481 492 468 490 479 499 484 488 486
HeadKV-R2 491 4.35 4.66 4.82 458 4779 447 499 423 464 472
REAL 455 471 448 4.66 4.60 4.74 452 4.69 457 463 4.63

Table 3: Latencies across 10 iterations for first-token generation on Mistral-7B-Instruct (Jiang et al., 2023).

Question-agnostic Compression. We present
comprehensive radar chart comparisons across 16
LongBench tasks in Figure 9, showing perfor-
mance on Llama-3-8B-Instruct (Grattafiori et al.,
2024) (r=0.1, 0.2, 0.4) and Mistral-7B-Instruct-
v0.2 (Jiang et al., 2023) (r=0.1, 0.2), normalized
relative to REAL (100%). REAL consistently
achieves the best performance across all tasks
and cache ratios, forming the outermost boundary.
Under extreme compression (r=0.1), REAL sig-
nificantly outperforms all baselines, with DuoAt-
tention and SnapKV achieving only 40-60% of
REAL’s performance on most tasks. HeadKV-R2
demonstrates the second-best performance at 70-
90% of REAL. As cache ratios increase, the perfor-
mance gap narrows, but REAL maintains its advan-
tage, particularly on challenging tasks such as Triv-
1aQA, TREC, and LCC. These results demonstrate
that REAL’s attention behavior-aware approach
provides consistent improvements across diverse
compression scenarios.

4.3 Ablation Study

Attention behavior ablation. We investigate the
contribution of each attention behavior component
in Figure 10. The performance gains are most
pronounced on Few-shot tasks (from +RR 44.8 to

65.9 for KV64, 65.5 to 73.1 for KV128) and Code
tasks (from 40.5 to 59.7 for KV64, 52.8 to 58.9
for KV128), while Synthetic tasks show minimal
improvements. Both Bias and Distraction consider-
ations contribute meaningfully, with Bias providing
slightly larger gains.

Metric Ablation. We conduct ablation studies
on different score aggregation strategies in Fig-
ure 11, comparing Random_score, Mean_score,
Max_score, and INFsc (REAL) across six task
categories under token budgets of 64 and 128 on
LongBench (Bai et al., 2024a). REAL consis-
tently achieves the highest retention rates, reaching
90% on Few-shot tasks for budget 64 and 99%
for budget 128, significantly outperforming Ran-
dom_score which achieves only 46% and 53% re-
spectively. Max_score shows intermediate perfor-
mance at 66% for budget 64 and 81% for bud-
get 128 on Few-shot tasks, while Mean_score
achieves 58% and 70% respectively. The per-
formance gap is most pronounced on Few-shot
and Code tasks, demonstrating that INFsc’s atten-
tion behavior-aware scoring significantly outper-
forms simple aggregation methods, especially un-
der tighter budget constraints. By exploring head-
specific contribution to inference, REAL ensures
semantically critical heads receive sufficient cache



Iter.1 (/s) Iter.2 (/s) Iter.3(/s) Iter.d (/s) Iter.5(/s) Avg. (/s)

Model
Llama-3-8B-Instruct 0.0247 0.0272
Mistral-7B-Instruct-v0.2 0.0270 0.0286

0.0258
0.0267

0.0262
0.0282

0.0263
0.0288

0.02604
0.02786

Table 4: Latencies to build the attention confusion matrix for different models across iterations.
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Figure 13: Peak memory comparison between REAL
and baseline across context lengths. REAL achieves
comparable memory efficiency with baselines while
maintaining superior accuracy, demonstrating that at-
tention behavior based KV allocation does not incur
additional memory overhead.

capacity, while less important heads are allocated
fewer resources.

4.4 Hyperparameter Analysis

REAL only introduces one hyperparameter: (3,
which controls the size of the global shared budget
pool B. We select g € {1.05, 1.1, 1.15, 1.2, 1.5,
2,2.5, 3}, as shown in Figure 12. The combined
effect of well-chosen hyperparameters enhances
overall performance.

5 Peak Memory and Latency

To comprehensively evaluate the practical effi-
ciency of REAL, we assess three key resource
metrics: i) peak memory consumption during infer-
ence, which directly impacts deployment feasibility
on resource-constrained devices. ii) time-to-first-
token (TTFT) latency, measuring the delay before
generation, which is a critical factor for user uti-
lization. iii) attention confusion matrix computa-
tion overhead, quantifying the one-time cost of our
behavior-aware KV allocation on one head. Our re-
sults show that REAL achieves substantial memory
reduction with negligible latency overhead.

Peak Memory. We evaluate with a maximum
sequence length of 32K averaged over ten runs,
as shown in Figure 13. Compared with Full-KV,
REAL significantly reduces memory usage while
outperforming baselines.

Time to First Token (TTFT). The latency is
measured by the Reasoning-in-a-Haystack dataset.
After the model finishes encoding the input se-
quence, REAL performs KV cache compression.

Therefore, we conducted 10 iterations and calcu-
lated the average running latency for the first token.
The result can be seen in Table 3. Compared with
Full-KV, REAL did not slow down significantly,
showing only a minimal additional time cost. In
contrast, other baselines incurred more noticeable
overhead.

Attention confusion matrix calculation la-
tency. To assess the practical feasibility of our ap-
proach, we measure the computational overhead of
constructing attention confusion matrices. Table 4
demonstrates negligible computational overhead,
with average times of only 26.04ms for Llama-3-
8B-Instruct (Grattafiori et al., 2024) and 27.86ms
for Mistral-7B-Instruct-v0.2 (Jiang et al., 2023),
making it practical for real-time deployment sce-
narios.

6 Conclusion

In this paper, we propose REtrieval-reAsoning and
Logic-constructed (REAL), a novel head-wise KV
cache compression method that addresses the limi-
tations of existing approaches by recognizing and
leveraging the functional heterogeneity of atten-
tion heads. We identify four distinct attention be-
haviors: retrieval-reasoning, bias, distracted, and
widespread. We introduce inference score (IN-
Fsc), defined as the harmonic mean of REtrieval-
reAsoning score (RAsc) and Logic-Constructed
score (LCsc), which serves as a principled met-
ric to guide dynamic KV budget allocation across
heads.

Extensive evaluations on diverse tasks from
LongBench (Bai et al., 2024a) and LongBench v2
(Bai et al., 2024b) demonstrate that REAL consis-
tently outperforms state-of-the-art baselines across
various context lengths and models. REAL also
achieves significant reductions in both first-token
latency and peak memory, making it particularly
suitable for resource-constrained environments and
real-world deployment scenarios. Our work demon-
strates that a fine-grained allocation strategy can
effectively balance the trade-off between cache ra-
tio and model performance, paving the way for
more efficient long-context language models.



Limitations

While REAL demonstrates strong performance on
English benchmarks, its effectiveness on multilin-
gual and cross-lingual scenarios remains underex-
plored. The attention behaviors may not generalize
to languages with different linguistic structures.
Future work should investigate whether the pro-
posed INFsc metric and head-wise allocation mech-
anism remain effective across diverse languages
and whether language-specific adaptations are nec-
essary for optimal performance.
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A Appendix

A.1 Related work

Regarding sequence length and model dimension-
ality, related literature has primarily focused on
quantization and retrieval. Quantization meth-
ods include KVTuner (Li et al., 2025b), Cache
Me If You Must (Shutova et al., 2025), Com-
mVQ (Li et al., 2025a), and QuantSpec (Tiwari
et al., 2025). Retrieval methods, generally based
on copy-paste mechanisms, can be divided into
token-wise position-eviction (Zhang et al., 2023;
Shi et al., 2025; Nguyen et al., 2025; Liu et al.,
2023; Adnan et al., 2024; Ghadia et al., 2025;
Xiao et al., 2024; Zhang et al., 2023), layer-wise
distribution-driven (Cai et al., 2024; Wang et al.,
2025; Tang et al., 2025b; Zhong et al., 2025; Qin
et al., 2025; Liu et al., 2024; Nguyen et al., 2025),
head-wise Needle-in-a-Haystack (NIAH)-driven
(Kamradt, 2023; Wu et al., 2025; Fu et al., 2025;
Xiao et al., 2025), and head-wise pattern-driven
(Li et al., 2024; Tang et al., 2025a; Zhang et al.,
2025) approaches. These methods help GPUs sup-
port larger batch sizes and thereby improve overall
performance.

A.2 KV Cache Budget Allocation

Algorithm 1 presents the REAL method for KV
cache compression by selecting the top-k entries.
The procedure first checks whether the KV length
exceeds the budget. If it does not, the original K
and V are returned unchanged. If it does, the full
query window is retained, and the top-%k most rele-
vant historical tokens within the budget are selected
to form the compressed KV.

Algorithm 1 Procedure for KV budget allocation.
Input: Total budget b., allocation ratio 3, head
(1,7), layer count L, head count per layer H, INF
score H z“;f

Output: Capacity C; ;
Global dynamic budget pool Byota) <— %ﬂ LH

1: Basic budget bpage <— bc(l — %
2:

3: Dynamic allocation bfgn + Biotal - qu}f
dyn

bivj A bbase + bl,}]/

5: return C; ; + |max(0, b;;) + 0.5]
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A.3 The Use of LLMs

We used LLMs to assist with grammar checking
and correction. All ideas and technical content
were entirely developed by the authors.

A.4 Dataset Details

Table 5 shows the details of sixteen QA datasets
from LongBench (Bai et al., 2024a), and eleven
extended-length datasets from LongBench v2 (Bai

et al., 2024b).

Label Task Avg
NrtvQA  NarrativeQA 18,409
Qasper Qasper 3,619
MF-en MultiFieldQA-EN 4,559
HotpotQA HotpotQA 9,151
2Wiki 2WikiMultiHopQA 4,887
Musique  Musique 11,214
QMSum  QMSum 10,614
MultiNews MultiNews 2,113
TREC TREC 5,177
TriviaQA  TriviaQA 8,209
SAMSum SAMSum 6,258
PCount PassageCount 11,141
PRe PassageRetrieval-en 9,289
LCC LCC 1,235
RB-P RepoBench-P 4,206
GovReport Government report 8,734
Literary  Literary 72K
Legal Legal 28K
Detective  Detective 70K
Academic Academic 27K
Financial Financial 49K
Govern Government reports 20K
UserGuide User guide QA 61K
Many-Shot Many-Shot 71K
Dialogue Dialogue history QA 77K
Table Table QA 42K
KnGraph Knowledge graph reasoning 52K

Table 5: Dataset details.

A.5 Comprehensive needles

A.6 Comprehensive results
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Example

Question: Where is the earlier meeting held between Budget Review and Team Building?

Needle:

The Budget Review, which will focus on the Q3 fiscal analysis and cost-cutting strategies, is scheduled for 9:00 AM, while
the Team Building event starts at 2:00 PM. The Budget Review is held in Conference Room A. The Team Building is held
in Conference Room B on the second floor, aiming at fostering cross-departmental collaboration and morale and fostering
collaboration, communication, and trust among colleagues. The Yoga Class is held in Conference Room C on the third floor at
9:00 PM, providing an opportunity for employees to relax and rejuvenate for physical and mental well-being.

Question: How many eggs did the chef buy?
Needle:

Regarding nutritional profiles, culinary experts praise eggs as a powerhouse ingredient, providing roughly six grams of high-
quality protein and essential vitamins per serving. For the morning special, the chef went to the market and bought half a dozen
fresh eggs. The chef set the timer because the eggs needed exactly three minutes to fry. The chef walked over to the large
stainless steel fridge and took out eight eggs to prepare the batter.

Question: What is the main export of the city located in Europe?
Needle:

Renowned for its romantic art and historic vineyards, France is the proud home of City Alpha, while Japan, a global leader in
advanced technology and robotics, hosts City Beta. The main export of City Alpha is fine wine and cheese. The main export of
City Beta is electronics and cars. The main exports of City Gamma are coffee beans and textiles.

Table 6: Comprehensive needles.

§° & & & & > s
> & S 3 & 3 & & & - ¢
wi"‘& & > & & &‘Q &&Q & \,é‘°? & & 3“9 ¢ & &"& @“’qg‘ & & %
<3 ¥ $ & § N o § $ NS & & & ¢ & ¢ & ¥
N/A Full- KV 2556 3207 3971 4357 3528  2LI8 2871 2326 2664 73.50 9048 4233 480 6925 5929 5405  41.86
DuoAttention ~ 7.92  7.04 1356 1823 1284 842 847 870 874 2847 39.64 1691 244 2980 2606 39.62 1731
SnapKV 1001 634 1877 2006 1380 894 972 1024 1020 3241 4485 1923 284 3400 2946 3882 1936
o PyramidKV ~ 13.013 870 1945 2188 1418  9.69 1086 1160 1150 3615 49.88 2141 315 3797 3272  39.04 2134
HeadKV-R 1561 1917 2884 2609 2163 1356 1559 1684 1663 5184 7134 3066 448 5452 4675 5105 3029
HeadKV-R2  17.59 2188 3179 3156 2485 1503  17.84 1937  19.10 5004 8112 3494 519 6211 5316 5553 3438
REAL 202 2372 3288 A1 2621 1752 1993 2173 2140 6596 9053 3901 578 6942 5931 5967 3826
DuoAttention 1039 858 1659 2220 1568 1033 1045 1098 1095 3487 4829 20.69  3.04 3657 3171 4222 2085
SnapKV 1563 1181 2303 3064 2172 1437 1465 1582 1563 4852 6674 2873 427 5102 4376 4774 2838
g PyamidKV 1494 1278 2278 2773 2080 1295 1455 1355 1506 4772 6412 2689 360 4953 4301 5098  27.56
HeadKV-R 19.38 22.83 33.11 35.86 28.11 16.77 17.78 18.55 18.83 60.87  75.09 32.12 4.00 58.24  51.50 55.59 34.29
HeadKV-R2 1921  27.60 3870 3953 3202 1841 1969 1977 2163 6469 8098 3488 602 6229 5508 5748  37.38
REAL 2469 2049 3704 4336 3337 2007 2273 2247 2407 7312 87.62 3913 500  67.21 5847 5889 4043
DuoAttention 1404 1084 2107 2807 1988 1315 1338 1435 1421 4435 6109 2628 391 4660 4008 4606  26.09
SnapKV 1706 1629 2087 3250 2594 1515 1711 1854 1829 5669 77.92 3355 497 5962 5108 5434  33.06
256 PyramidKV 1800 1664 2895 3289 2458 1543 1707 1850 1826 5643 7755 3342 499 5936 5084 5376 3291
HeadKV-R 1927 2624 3429 3500 2832 1706 2002 2181 2148 6626 9097 39.19 581 6974 5959 6033 3846
HeadKV-R2 1993 27.59 3273 3661 3092 1690 2060 2243 2210 6804 9338 4027 602 7160 6120 6210  39.52
REAL 2167 2753 3168 3745 3341 1899 2134 2327 2291 7062 9691 4177 620 7432 6350 6383 4096
DuoAttention  17.08 1270 2481 3298 2339 1548 1580 1715 1692 5232 71.88 3096 460 5504 4711 4926 3047
SnapKV 2020 2060 3224 3522 2798 1587 1906 2071 2041 6282 8625 3721 561 6610 5656 5831  36.57
s PyramidKV 2122 2153 30.82 3762 2715 1740 1948 2126 2093 6434 8828 3807 568 6773 57.84 5157  37.30
HeadKV-R 1921 2636 3409 3693 3075 1703 2055 2239 2205 6800 9334 4022 596 7156 6115  61.86  39.46
HeadKV-R2 2049  27.13 3278 3754 3153 1839 2098 2288 2254 6943 9528 4106 609 7307 6242  62.64 4026
REAL 2157 2876 3333 3688 3150 1930 2142 2335 2299 7092 9736 4193 619 7464 6377 6418 4113
DuoAttention 1878 1376 2690 3571 2535 1680 1718 1873 1844 5671 7781 3356 502 5960 5099 5106 3291
SnapKV 2180 2510 3349 3696 3023 1704 2060 2246 2212 6797 9326 4023 604 7154 6L13 6120  39.44
04 PyramidKV 2116 2423 3171 3728 2937 1824 2026 2208 2175 6701 9196 39.63 588 7053 6024  60.57  38.86
HeadKV-R 2040 2822 3433 3630 3144 1696 2097 2286 2252 6929 9507 4100 612 7291 6232 6279 4021
HeadKV-R2 2032 28.16 3422 3695 3146 1891 2127 2318 2283 7030 9648 4160 618 7400 6323 6348  40.78
REAL 2094 2952 3380 3724 3153 1889 2150 2343 2307 7112 9762 4206 624 7485 6396 6446 4126

Table 7: Question Aware, Individual results of LongBench for Llama-3-8B-Instruct
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N/A Full-KV 2663 3299 4934 4277 2735 1878 3287 2324 2710 7100 8623 4279 275 86.98 5693 5449 4264

SnapKV 9.59 8.27 27.80 20.88 11.03 345 8.37 10.14 8.93 4583 6212 2592 1.30 4833 36.73 32.05 22.55
PyramidKV 10.29 8.99 27.43 21.56 12.25 4.64 9.52 10.40 10.06 5027 67.19 28.05 1.35 55.96 40.19 35.87 24.62
64 DuoAttention 15.09 13.49 26.44 30.50 22.22 13.17 16.53 15.96 1644  41.18 48.10 24.52 1.41 41.18  30.79 29.07 24.13
HeadKV-R 14.27 15.26 36.06 28.86 16.09 7.45 10.32 11.92 11.64 5256 67.84 29.44 1.45 61.34 4230 38.75 27.85
HeadKV-R2 16.40 21.20 43.02 34.75 21.39 10.84 17.54 16.76 1742 5990 74.08 33.02 1.55 63.10  46.94 43.07 32.56
REAL 21.34 2445 4431 37.04 22.14 14.34 2351 19.20 2175 65.04 7727 3698 1.87 7548 48.02 45.05 36.11
SnapKV 10.96 11.44 3473 23.37 11.32 5.02 10.25 12.21 10.87 5223 7029 29.71 1.51 5455 41.69 36.50 26.04
PyramidKV 1400 1422 3596 2500 1497  7.83 1347 1440 1904 5805 7589 33.01 158 6244 4581 3626  29.50
128 DuoAttention 20.21 18.59 34.15 35.26 27.04 18.01 21.62 20.99 21.53 50.81 5854  30.54 1.42 49.14 3755 35.63 30.06
HeadKV-R 15.92 21.55 40.35 31.61 18.26 10.08 14.14 14.81 1452 5843 7439 3311 1.56 66.44  46.55 42.84 31.53
HeadKV-R2 18.22 21.13 41.66 34.46 20.83 11.23 17.48 16.66 1736 61.77 76.81 33.90 1.83 65.81 48.67 44.57 33.27
REAL 2399 2822 4645 3878 2634 1638 2623 2164 2436 7103 8405 40.58 206 8158 5234  49.17  39.58
SnapKV 13.74 16.42 39.78 28.24 16.64 6.41 13.98 18.88 17.37 4539 7585 26.69 2.07 54.80 40.23 37.75 28.39
PyramidKV 16.06 20.00 42.58 33.39 20.46 9.94 17.43 22.39 20.86 50.60 81.71 30.36 2.12 58.78  44.08 41.63 32.02
256 DuoAttention 22.25 21.00 37.76 38.78 29.39 18.57 21.91 23.70 2286 5049 86.24  36.99 226 56.41 5470 43.44 36.05
HeadKV-R 19.09 23.42 43.12 35.47 21.27 1145 19.15 24.61 22.93 5348 79.65 38.86 2.53 64.70  43.94 56.74 35.03
HeadKV-R2 19.09 25.87 45.61 36.96 20.99 13.32 20.37 25.93 2421 5537 82.60 4046 2.62 66.80 45.81 58.67 36.54
REAL 25.78 29.40 47.87 41.12 26.16 17.84 24.93 25.62 28.87 61.39 85.00 4550 2.73 84.31 51.23 64.16 41.37
SnapKV 16.30 20.99 40.86 30.96 17.60 7.16 16.51 19.02 18.77 4899 7473 3539 2.53 57.63 48.01 49.40 31.55
PyramidKV 20.84 26.74 46.14 37.31 23.40 14.36 22.47 25.01 2476  58.13 8431 4159 2.56 69.26  54.38 50.78 37.63
512 DuoAttention 2522 24.66 41.63 38.05 31.37 20.85 2647 25.76 2264 61.83 82.65 3846 2.53 57.56 53.38 53.86 37.93
HeadKV-R 21.66 27.63 46.14 38.94 23.03 15.23 23.00 2571 2544  59.83 8838 4337 273 68.23  56.99 58.49 39.05
HeadKV-R2 21.78 27.52 46.45 38.85 23.39 15.56 23.13 2591 25.63  60.38 89.85 43.99 2.80 69.71 5793 59.47 39.52
REAL 25.72 28.72 47.08 40.21 2591 16.99 25.07 27.87 27.59 6344 9332 46.14 2.82 7224 6023 61.78 41.57
SnapKV 16.49 21.33 40.40 32.95 16.21 9.19 16.13 17.90 17.16  49.12 7640 35.71 2.70 7440  46.58 50.24 32.68
PyramidKV 23.88 29.65 48.77 40.09 26.03 18.40 24.41 26.17 2543  60.54 8759 43.83 2.77 82.19 54.61 58.23 40.79
1024 DuoAttention 25.77 25.75 42.34 37.49 29.32 19.47 26.11 24.51 2523  60.08 89.82  40.56 3.17 83.30 55.25 54.96 40.20
HeadKV-R 24.45 31.35 49.30 40.61 26.69 17.70 24.68 26.51 2574 6234 90.55 4492 3.12 83.92 56.16 59.94 41.75
HeadKV-R2 26.84 26.82 4341 40.56 30.39 20.54 24.18 25.58 2630 61.69 86.43 41.63 3.17 84.37 5432 66.03 42.01
REAL 25.77 30.99 47.98 41.61 27.04 18.35 25.15 27.00 2622 6322 91.72 4561 3.34 87.04 56.97 60.79 42.30

Table 8: Question Aware, Individual results of LongBench for Mistral-7B-Ins-v0.2
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Full Full-KV 2434 4789 3328 1940 2142 1134 3498  27.04 4628 3170 4600 3124
DuoAttention 5.46 13.12 8.61 3.83 4.03 1.68 8.86 6.23 12.85 7.98 12.21 7.71
SnapKV 7.91 15.90 10.92 6.50 6.92 3.83 11.40 8.95 15.23 10.59 15.04 10.29
64 PyramidKV 7.59 15.56 10.25 6.11 6.88 3.44 11.47 8.38 14.90 9.67 14.63 9.90
HeadKV-R 8.08 16.52 10.92 6.81 7.18 3.95 11.37 9.52 15.64 10.84 16.10 10.63
HeadKV-R2 4.80 19.91 8.58 3.57 10.54 6.52 9.62 15.09 18.70 10.91 21.39 11.79
REAL 8.68 23.12 14.03 6.78 6.94 6.91 9.02 10.39 22.00 13.27 21.74 12.90
DuoAttention 5.68 13.55 8.73 4.04 4.73 1.04 8.83 6.47 13.38 8.26 12.53 7.93
SnapKV 8.15 16.38 10.92 6.69 7.11 3.95 11.37 9.19 15.64 10.87 15.41 10.52
128 PyramidKV 9.13 18.77 12.24 7.47 7.97 4.48 12.77 10.49 17.49 12.36 17.57 11.89
HeadKV-R 9.61 19.73 12.91 7.86 8.40 4.71 13.47 11.03 18.42 13.00 18.49 12.51
HeadKV-R2 14.17  28.49 19.14 11.48 12.38 6.78 20.01 16.09 27.07 18.77 26.77 18.29
REAL 15.87 32.80 21.37 13.10 14.09 7.85 22.32 18.44 30.78 22.03 29.67 20.76
DuoAttention 7.72 18.72 11.30 5.81 6.77 2.08 12.48 9.23 17.65 11.25 17.46 10.95
SnapKV 10.59 21.93 14.24 8.96 9.53 5.16 15.11 12.57 20.46 14.52 20.15 13.93
256 PyramidKV 11.00 22.27 14.81 8.96 9.81 5.31 15.67 12.44 21.06 14.74 20.33 14.22
HeadKV-R 1375  28.35 18.57 11.35 12.04 6.75 19.31 15.90 26.61 18.77 26.13 17.96
HeadKV-R2 1448  29.79 19.57 11.93 12.89 7.12 20.71 16.71 28.00 19.81 2691 18.90
REAL 22.67 41.06 28.23 19.87 20.82 11.45 32.51 25.69 38.63 29.39 36.45 27.89
DuoAttention 8.87 22.31 11.90 7.65 7.26 4.13 12.07 11.54 19.44 13.62 18.20 12.45
SnapKV 11.00 24.18 14.24 9.41 9.47 5.81 14.52 13.47 21.52 15.91 20.01 14.50
512 PyramidKV 12.78  27.20 17.04 10.77 11.40 6.49 17.77 15.20 25.22 18.23 23.83 16.90
HeadKV-R 1276 35.11 20.02 8.72 9.88 10.72 23.30 14.47 23.41 20.27 32.41 19.19
HeadKV-R2 18.56 3248 2191 16.99 16.90 13.15 22.92 21.20 29.58 24.05 27.33 22.28
REAL 23.11 43.84 29.56 19.81 20.96 13.58 31.11 26.39 41.12 30.56 39.05 29.01
DuoAttention 991 22.75 14.30 7.23 8.42 3.10 15.28 11.21 21.63 13.85 21.00 13.47
SnapKV 1278 2596 17.24 10.38 11.18 6.18 17.91 14.55 24.44 17.12 23.69 16.49
1024 PyramidKV 1246  23.23 17.47 9.66 11.31 5.58 18.01 13.03 24.16 15.69 23.37 15.82
HeadKV-R 19.05 36.41 27.89 14.72 15.74 8.38 27.45 21.74 39.88 23.84 37.93 24.82
HeadKV-R2 20.57 43.68 27.56 17.17 18.25 10.49 29.21 24.28 40.03 28.59 37.63 27.04
REAL 22.51 4559  30.56 18.33 19.96 10.94 31.76 25.63 42.67 30.50  42.09 29.14
DuoAttention 3.21 2798 20.34 9.59 11.30 3.68 21.63 14.38 27.70 17.96 30.59 18.03
SnapKV 17.33  31.85 24.69 13.35 15.53 7.62 25.71 18.79 31.38 22.25 34.41 22.08
2048 PyramidKV 1832 2748 21.25 16.89 17.45 14.11 21.72 19.95 26.29 20.94 26.56 21.00
HeadKV-R 22.03 41.09 26.79 17.89 17.89 10.00 30.36 24.74 38.97 25.61 42.69 27.10
HeadKV-R2 21.22 39.51 30.45 16.45 19.17 9.21 31.76 23.31 38.79 29.23 40.71 27.26
REAL 23.07 43.82 32.02 18.00 20.46 10.26 32.81 26.17 43.60 28.91 44.07 29.38
DuoAttention 1593  31.41 23.35 12.17 13.96 6.28 24.41 17.67 30.69 21.01 33.70 20.96
SnapKV 18.06 33.28 25.69 13.93 16.17 7.96 26.86 19.60 32.77 23.30 35.51 23.01
4096 PyramidKV 20.01 36.64 28.02 15.29 17.46 8.75 29.21 21.50 36.01 25.52 39.01 25.22
HeadKV-R 20.25 42.86 29.02 15.62 19.66 9.70 32.26 22.31 41.10 27.42 38.87 27.19
HeadKV-R2 2493 3521 28.48 23.05 23.61 19.76 29.10 26.30 34.07 28.41 33.86 27.89
REAL 26.81 37.78  30.42 25.21 25.45 21.28 31.31 28.47 36.81 30.80 36.42 30.07
DuoAttention  19.68  28.75  22.81 18.28 18.69 15.41 23.39 20.91 27.86 22.19 27.98 22.36
SnapKV 2481 33.62 28.15 23.04 23.90 20.09 28.84 25.84 32.94 27.48 32.79 27.41
8192 PyramidKV 2220 46.21 31.12 17.62 20.18 10.86 32.36 24.83 44.20 29.73 41.49 29.16
HeadKV-R 25.05 38.00 29.24 22.99 23.75 18.95 30.21 27.01 36.37 29.48 35.31 28.76
HeadKV-R2 2442 4448 3245 19.58 20.60 11.57 34.86 25.93 42.88 31.05 44.01 30.17
REAL 2640 4549 3223 23.45 24.47 17.79 33.66 29.50 42.88 33.35 40.51 31.79

Table 9: Question Aware, Individual results of LongBench v2 for Mistral-Large-Instruct-2411
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N/A Full-KV 25.56 32.07 39.71 43.57 35.28 21.18 28.71 23.26 26.64 73.50  90.48 4233 4.80 69.25 59.29 54.05 41.86
DuoAttention 6.78 6.10 11.40 11.51 12.46 2.46 7.58 4.00 3.55 29.84  31.92 9.77 2.67 2028 21.21 12.19 12.11
SnapKV 1145 11.64 19.26 14.20 14.54 9.93 9.79 11.56 9.99 32.05 2841 19.39 1.87 29.29 21.17 25.46 16.87
01 PyramidKV 9.99 15.20 13.42 19.69 13.02 8.58 13.87 7.37 11.88 2734 4506 14.60 224 27.28 25.55 17.78 17.05
) HeadKV-R 12.35 12.55 20.43 17.16 17.77 9.90 16.30 10.26 13.35 37.35 32.04 21.18 391 35.17  24.77 24.65 19.32
HeadKV-R2 14.16 18.90 17.01 25.54 17.27 13.54 18.60 12.27 1670 33.09 36.71 24.48 6.42 27.21  22.07 25.96 20.62
REAL 15.66 22.30 22.65 26.87 18.47 17.36 17.54 16.58 20.13 3221 4934 23.13 8.71 37.40 2574 33.05 24.20
DuoAttention 8.08 20.76 15.97 27.64 17.57 8.95 17.77 14.32 9.66 18.80 19.19  16.23 3.16 17.53 25.40 16.54
SnapKV 9.28 18.86 18.38 24.57 2322 12.73 20.32 16.61 13.08 2448 1534 22.14 3.64 21.06 31.43 20.16
0.2 PyramidKV 11.97 24.86 23.32 32.56 23.54 11.94 20.84 18.41 13.23 3291 2987 2296 3.5 26.24 35.18 2291
HeadKV-R 12.76 24.41 23.11 31.28 26.82 16.69 2391 20.35 17.02  33.01 32.89 27.72 4.50 27.52 40.51 25.05
HeadKV-R2 15.51 32.14 27.34 34.81 26.66 16.58 23.41 19.93 13.81 4293 36.64 2596 3.57 37.86 42.14 27.61
REAL 22.03 33.83 29.92 37.42 29.84 17.72 26.00 20.89 1646 4295 4237 27.63 4.64 39.28 44.19 30.03
DuoAttention 14.66 21.30 21.65 25.87 17.47 16.36 16.54 15.58 19.13 31.21 4834 2213 2.71 24.74 32.05 22.88
SnapKV 18.76 24.37 29.10 33.25 25.95 15.90 21.37 16.49 19.86 5537 70.93 31.85 2.64 44.12 41.86 31.59
0.4 PyramidKV 19.76 25.37 30.10 34.25 26.95 16.90 2237 17.49 20.86 56.37 7193  32.85 3.64 45.12 42.86 3259
HeadKV-R 21.04 24.53 35.30 31.11 30.23 16.77 21.19 21.31 20.59 61.81 65.69 37.84 391 51.70 43.56 33.70
HeadKV-R2 20.69 28.67 31.90 37.29 32.28 20.53 27.02 21.31 2652 53.16 715 34.52 5.00 55.72 46.23 35.77
REAL 23.76 30.08 37.04 43.10 41.32 21.49 27.74 22.76 26.54 7347 89.81 46.87 5.00 57.30 51.59 41.49
Table 10: Question Agnostic, Individual results of LongBench for Llama-3-8B-Instruct.
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N/A Full-KV 26.63 32.99 49.34 4277 27.35 18.78 32.87 23.24 27.10  71.00 86.23 4279 275 86.98 56.93 54.49 42.64
DuoAttention 8.66 15.30 15.65 19.87 11.47 10.36 10.54 9.58 13.13 2521 4234 16.13 1.71 3040 18.74 26.05 17.20
SnapKV 14.81 16.35 21.95 18.68 18.75 14.08 14.31 14.26 1444 2781 48.06 19.58 6.09 32,12 2428 29.02 2091
0.1 PyramidKV 13.11 15.62 21.13 20.43 18.49 10.40 15.73 11.05 13.48 38.88 43.70  21.88 2.39 37.05 27.98 27.51 21.17
HeadKV-R 14.98 19.22 21.33 25.92 19.35 13.34 15.70 14.84 15.75 38.88 4949  23.05 497 3497 32.82 28.94 23.35
HeadKV-R2 15.02 20.13 21.89 33.70 20.63 20.81 27.63 21.44 1430 5239 5228 2674 4.50 38.50 37.69 39.12 27.92
REAL 17.32 22.98 24.19 36.57 30.02 22.74 29.54 21.89 17.03 6256 69.59 32.17 6.00 53.50 44.65 43.67 33.40
DuoAttention 11.78 11.10 16.40 16.51 17.46 7.46 12.58 9.00 8.55 34.84 3692 14.77 233 25.28 26.21 17.19 16.77
SnapKV 14.09 21.36 22.95 33.26 20.35 11.66 19.41 10.70 16.96 5243 7751 2621 -1.93 44.69 4256 41.40 28.35
0.2 PyramidKV 13.04 16.53 27.30 23.11 2223 8.77 13.19 13.31 1259 5381 57.69 29.84 -4.09 44.56  43.70 35.56 25.70
HeadKV-R 19.35 19.55 27.43 24.16 24.77 16.90 23.30 17.26 2035 4435 39.04 28.18 10.91 4217 3177 31.65 26.32
HeadKV-R2 24.36 27.89 36.03 35.76 26.32 23.79 27.00 24.99 16.01 62.73 7525 36.58 5.00 5727 4731 45.16 35.75
REAL 26.38 31.75 47.68 41.47 26.68 18.27 29.37 21.52 28.61 7329 8544 4171 6.50 65.89  53.20 51.07 40.55
Table 11: Question Agnostic, Individual results of LongBench for Mistral-7B-Ins-v0.2
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+RR, -D, -B 18.72 9.99 19.82 25.18 15.33 10.29 16.94 9.16 1290 4475 5295 2292 491 29.25 3574 40.48 22.37
64 +RR, +D, -B 18.80 15.72 27.90 33.77 23.01 15.28 17.02 14.40 18.16  60.02 79.45 34.03 4.94 46.01 50.32 54.30 33.58
+RR, -D, +B 18.69 16.06 23.96 32.99 23.44 15.89 16.92 14.72 15.60 58.64 8097 3538 491 47.02 4323 53.05 34.22
+RR, +D, +B 22.02 23.72 32.88 37.11 26.21 17.52 19.93 21.73 21.40 6596 90.53  39.01 5.78 69.42 5931 59.67 38.26
+RR, -D, -B 25.15 23.56 34.87 38.86 25.33 17.55 23.15 17.95 22.66  65.54 6650 3422 5.19 53.70  55.04 52.79 30.69
128 +RR, +D, -B 24.11 25.82 37.02 40.35 29.13 17.85 22.19 19.67 2406 68.05 7650 34.80 4.98 58.84 58.44 54.80 35.30
+RR, -D, +B 25.13 28.27 35.87 39.27 3142 20.25 23.13 21.54 23.31 66.23 8251 39.49 5.19 6443 56.62 53.36 38.07
+RR, +D, +B 24.69 29.49 37.04 43.36 33.37 20.07 22.73 22.47 24.07 7312 87.62 39.13 5.10 67.21 5847 58.89 40.43
Table 12: Question Aware, behavior ablation on LongBench with Llama-3-8B-Instruct.
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N/A Full-KV 25.56 32.07 39.71 43.57 35.28 21.18 28.71 23.26 26.64 73.50 9048 4233 4.80 69.25 59.29 54.05 41.86
Random_Head 12.76 9.47 21.69 18.86 13.00 8.61 11.55 8.68 14.12 33.52 4489 19.17 3.35 2772 39.13 30.32 18.97
64 Mean_Attn_Score 16.63 12.81 26.36 24.02 16.96 11.40 15.06 11.73 17.15 42,69 5859 2538 4.37 3748 4754 38.61 24.76
Max_Attn_Score 18.06 16.60 28.69 27.18 20.68 13.34 16.34 15.20 18.67 4832 7141 2971 4.74 48.57 5175 43.70 30.18
REAL 22.02 23.72 32.88 37.11 26.21 17.52 19.93 21.73 2140 6596 90.53  39.01 578 69.42 5931 59.67 38.26
Random_Head 11.11 15.39 21.24 20.62 14.92 10.19 5.21 5.01 4.07 1530 32.09 17.60 2.66 38.54 27.80 26.33 20.53
128 Mean_Attn 17.14 20.98 26.63 3191 27.68 15.01 15.21 14.61 18.14 51.56 6447 27.16 3.63 4833 43.02 48.83 30.24
Max_Attn 19.57 24.42 29.17 34.67 30.40 17.15 18.26 19.56 20.77 59.14 7412 31.02 4.22 5294 46.76 53.64 34.56
REAL 24.69 29.49 37.04 43.36 33.37 20.07 22.73 22.47 2407 7312 87.62 39.13 5.10 67.21 5847 58.89 40.43
Table 13: Question Aware, metric ablation on LongBench with Llama-3-8B-Instruct.
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