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Abstract

Managing the extensive Key-Value (KV) cache
is critical for efficient long-context processing
in Large Language Models (LLMs). Conven-
tional channel pruning techniques for KV cache
typically assess each channel in isolation, ne-
glecting the interdependencies among channels.
Accordingly, we introduce an Interdependence-
Aware KV Cache Pruning (IAP) method, mov-
ing beyond the conventional paradigm of iso-
lated channel scoring. Specifically, we first ana-
lyze the existence of inter-channel interactions,
then reformulate channel selection objective
with the channel interdependence component,
and propose a graph-based algorithm to iden-
tify channels for pruning. Furthermore, IAP
mitigates the challenge of query distribution
shifts during decoding by strategically retaining
high-magnitude key channels. Extensive exper-
iments on LongBench with LLaMA and Mis-
tral models demonstrate that IAP marked im-
provements in preserving model performance
post-pruning compared to established baselines,
offering a more robust approach to KV cache
compression.

1 Introduction

Large Language Models (Achiam et al., 2023; Tou-
vron et al., 2023; Jiang et al., 2023; DeepSeek-Al,
2025) have revolutionized natural language pro-
cessing by achieving unprecedented performance
in tasks such as text generation, reasoning, and con-
textual understanding. Central to their success is
the scaling law principle, which posits that increas-
ing model size and training data leads to emergent
capabilities (Kaplan et al., 2020). Alongside the
scaling of data and model parameters, recent years
have also seen significant research efforts to en-
hance large language models by expanding their
context window size (Team et al., 2024).

While the scaling law has driven significant
improvements in model capabilities, it also sub-
stantially escalates the computational and GPU

memory overhead during inference, particularly in
scenarios requiring long-context interactions. Al-
though Key-Value (KV) cache techniques mitigate
computational redundancy by avoiding repeated
calculations, the linearly growing KV-cache size
with sequence length , attention heads and channel
dimensions, imposes prohibitive memory pressure.
This is particularly problematic in long-context
tasks, where the KV cache can become a bottle-
neck, limiting the model’s ability to process ex-
tended sequences efficiently.

To this end, researchers have conducted in-depth
explorations to reduce the KV cache and have
achieved significant progress from the following
three perspectives: (1) Model-level: Reducing the
number of attention heads in the model (Shazeer,
2019; Ainslie et al., 2023; Brandon et al., 2024).
(2) Token-level: Employing KV cache eviction
methods (Li et al., 2024; Zhang et al., 2023; Xiao
et al., 2024b). (3) Quantization: Applying different
quantization strategies to the key and value caches
respectively (Liu et al., 2024; Hooper et al., 2024).

In recent years, a channel-level pruning method
(Zhang et al., 2024a; Xu et al., 2024) has emerged,
which is orthogonal and compatible with the afore-
mentioned techniques, offering substantial promise
by significantly reducing the size of the KV cache
while preserving model performance. However, ex-
isting approaches evaluate channel importance in
isolation, neglecting the impact of inter-channel
interactions on model effectiveness. Moreover,
they overlook the distributional shift between the
queries within the observation window and the
overall query distribution, which may further de-
grade performance.

To address these issues, we propose the
Interdependence-Aware KV Cache Pruning (IAP)
method. During the pruning process, IAP reformu-
lates the optimization objective as a graph-theoretic
problem, explicitly modeling and leveraging inter-
channel dependencies to minimize performance
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Figure 1: This figure illustrates the inter-channel interaction terms., where heatmap, ; = kTk; x qf'q;. We can
observe that a large number of maximum and minimum values are scattered on the off-diagonal, and as depth
increases, these values gradually cluster on the diagonal and in specific rows and columns. Input are randomly

selected samples from the Qasper dataset.

loss. In addition, we design a strategy to directly
identify and preserve important channels, effec-
tively mitigating the negative impact of query dis-
tribution shift. Extensive experiments on LLaMA-
3-8B (Touvron et al., 2023) and Mistral-7B (Jiang
et al., 2023) demonstrate consistent improvements
across a range of evaluation metrics.

2 Related Work

While numerous studies have explored methods
for reducing the KV cache, this subsection briefly
reviews token-level and channel-level pruning tech-
niques, as well as KV cache quantization.
Token-level: These methods retain the KV
cache for more important tokens while discard-
ing those of less important ones. Some of these
methods operate only during the model’s prefill-
ing stage, while others are applied during both
prefilling and decoding stages. Streamingl.LLM
(Xiao et al., 2024b) retains initial tokens as atten-
tion sinks and uses a sliding window for recent
tokens. H20 (Zhang et al., 2023) preserves tokens
that have historically accumulated high attention
scores, as well as recent tokens. SnapKV (Li et al.,
2024) applies a one-dimensional convolution to to-
ken attention scores, considering the importance of
both the token itself and its neighbors. PyramidKV
(Cai et al., 2024) dynamically adjusts the KV cache
size for different layers, allocating more cache to
lower layers and less to higher layers. CAKE (Qin
et al., 2025) assesses layer-specific preferences by
considering attention dynamics in both spatial and
temporal dimensions, allocates rational cache size
for layers accordingly, and manages memory con-
straints in a cascading manner. SCOPE (Wu et al.,
2024) observes that different tasks require varying

degrees of compression during the prefilling and
decoding stages. It dynamically allocates different
KV cache sizes for the two stages and separately
perform KV cache optimization during the prefill
and decoding phases.

Channel-level: LoRC (Zhang et al., 2024a) iden-
tifies the low-rank characteristics of KV cache ma-
trices. They propose a low-rank approximation of
KV weight matrices, allowing for plug-in integra-
tion with existing transformer-based LLMs without
model retraining. THINK (Xu et al., 2024) discov-
ered a highly imbalanced distribution across the
channels of the key cache. Thus, they designed an
algorithm that depends on query values to prune
less important channels.

KV Cache Quantization: To alleviate the mem-
ory bottleneck during inference, several studies
have explored quantizing the key and value caches
into low-bit representations. SmoothQuant (Xiao
et al., 2023) demonstrates that the KV cache can
be quantized to 8-bit precision with negligible per-
formance loss, offering a practical trade-off be-
tween efficiency and accuracy. Building on this,
Q-Hitter (Zhang et al., 2024b) proposes a selection
mechanism leveraging accumulated attention im-
portance and token-level quantization sensitivity to
identify critical tokens that require higher precision
to preserve model generalization. KIVI (Liu et al.,
2024) highlights the asymmetric roles of key and
value caches in attention computation, applying
per-channel quantization to key representations to
maintain attention selectivity, and per-token quanti-
zation to value representations to preserve content
fidelity.

The Interdependence-Aware KV Cache Pruning
approach introduced in our paper works alongside
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LLaMA-3-8B-Instruct, KV-size 256

SnapKV

+Think (0.5) 23.03 18.80 34.35 40.89 30.30 20.61 20.10 21.92 22.10 56.00 89.57 39.31 69.50 593 59.87 58.38 38.17

+IAP (0.5) 24.20 19.15 3499 40.63 30.82 20.75 20.02 22.07 21.94 56.50 89.71 3941 6875 562 5997 5786 3827

+THINK (0.6)  24.03 17.20 3631 40.06 30.90 19.37 19.55 21.75 21.39 49.50 89.19 37.72 69.50 589 5731 5795 3735

+IAP (0.6) 23.30 17.09  36.64 40.31 30.61 20.20 19.50 2191 20.82 46.50 89.05 38.34 68.67 589 5833 56.86 37.13
LLaMA-3-8B-Instruct, KV-size 512

SnapKV

+Think (0.5) 24.61 25.54 3697 41.51 32.39 20.83 21.37 22.70 23.79 69.00 90.31 39.85 69.50 584 6137 5922 4030

+IAP (0.5) 25.06 25.84  37.82 42.19 32.25 20.77 2148 22.50 23.69 69.50 90.39 40.52 69.83 579 6184 5852 40.50

+THINK (0.6) ~ 24.84 2349 3748 40.42 33.15 19.43 20.66 22.10 2273 59.00 90.37 37.31 69.50 639  59.62 5872 39.07

+IAP (0.6) 25.12 22,12 39.73 40.28 32.09 20.00 21.07 21.81 22.63 59.00 90.12 38.40 69.50  6.04 5937 58.83 39.13
LLaMA-3-8B-Instruct, KV-size 1024

SnapKV

+Think (0.5) 25.26 27.06  39.58 42.74 32.39 20.1 23.41 22.75 25.00 71.50 90.43 40.74 69.25 538 6238 59.84 41.11

+IAP (0.5) 25.36 2859 3856 42.95 32.40 20.31 23.27 22.73 25.24 71.50 90.43 40.51 69.00 549 6183 59.62 4111

+THINK (0.6) ~ 24.40 2747  38.03 42.10 31.50 20.50 21.72 22.52 23.71 69.50 90.12 38.57 69.50 626 5892 59.49 4027

HAPQO) 2513 2636 3778 4205 3842001 2209 2267 291 7000 8987 3918 6892 581 6001 3917 40.36

H20

+THINK (0.5)  25.27 20.57 3747 4091 31.27 18.79 22.43 22.38 24.65 46.50 90.39 40.59 6925 509 6156 5842 3847

+IAP (0.5) 25.48 2315  36.85 41.42 31.11 18.98 22.06 22.56 24.84 45.50 90.28 40.93 6933 545 6139 5825 38.60

+THINK (0.6)  24.26 1737 37.03 38.51 29.93 19.99 21.23 22.22 2343 45 90.16 39.29 69.50 584 5823 58.84 37.52

+IAP (0.6) 24.30 19.14  36.79 40.18 29.71 19.02 21.24 22.13 23.01 41.50 89.89 38.57 6925 546 5859 57.68 3728
LLaMA-3-8B-Instruct, KV-size 2048

SnapKV

+Think (0.5) 24.84 3026 39.21 43.22 33.29 21.04 24.93 23.09 26.04 73.00 90.37 41.21 69.25 549 6213 5972 41.69

+IAP (0.5) 24.87 30.27 39.47 43.59 33.22 21.51 25.29 22.92 26.15 73.50 90.37 40.59 69.08 5.54 6193 59.89 41.76

+THINK (0.6)  24.64 28.57  40.54 41.17 31.07 21.51 23.32 23.04 24.94 72.00 90.36 38.67 69.50  6.07 5932 59.28 40.87

AAPO.6) 25312863 3880 4213 3140 2021 2369 2324 2475 7250 8986 386 0925 5505097 5950 4090

H20

+THINK (0.5)  25.01 2559 3879 4227 31.26 20.46 23.71 23.34 25.64 53.00 90.37 41.29 69.50 520 6170 59.16 39.77

+IAP (0.5) 25.77 2573 39.74 4341 30.44 20.62 23.84 23.24 25.88 53.00 90.37 41.19 69.50 532 6152 59.02 3991

+THINK (0.6)  24.43 2209 3873 40.53 29.64 20.71 22.20 22.64 24.56 49.50 90.41 39.77 6920 576 5924 59.23 38.66

+IAP (0.6) 24.42 2299  39.55 41.23 30.37 20.65 2217 22.55 24.47 49.00 89.61 39.12 69.50 583  60.06 5825 38.73

Table 1: Comparison of our method against THINK on the LongBench dataset using LLaMA-3-8B as the base
model. Experiments were conducted with SnapKV and H20 as distinct preceding token-level methods, for KV
cache sizes of 256, 512, 1024, and 2048, and pruning ratios A of 0.5 and 0.6. The best results are highlighted in

bold.

existing token-level pruning and quantization meth-
ods, enabling their combination to further reduce
memory requirements while maintaining model
performance. Unlike previous channel-level prun-
ing techniques, our work emphasizes the critical
nature of inter-channel interactions in KV cache
pruning and develops a graph-based algorithm to
strategically identify channels for pruning.

3 Method

In this section, we provide a detailed description
of our proposed method. We begin by establishing
the notation that will be used throughout.

Let W, W;, W, € R%*? denote the weight
matrices for query, key, and value projections in
the attention module. Let X, € RE»*d repre-
sent the token matrix for input prompts, where
L, is the prompt length. The key cache and
query matrix for the entire prompt sequence are
K, = X,W\,Q, = X,W, € Ri»*4  Adding
the superscript obs indicates the last L ;s rows of
these matrices, which is referred to as the observa-
tion window, such as X9, KoP¢ Qobs € REbsxd,

3.1 Preliminary

Previous research (Xu et al., 2024; Liu et al., 2024,
Xiao et al., 2024a) has found that in the Key cache,
only a subset of channels have large values, while
others have smaller values. This implies that these
significant channels have a more substantial impact
compared to others, suggesting that channel prun-
ing of the key cache can save memory space. At
the -th generation step, we obtain token x’. The
query and key vectors for this token are then com-
putedas q' = Wx' and k! = W', respectively.
Subsequently, the key cache K' is formed by con-
catenating k! with the previous cache K'~!. The
channels to be pruned can then be found by opti-
mizing the following equation:

e o7 - <)
s.t. Trace(S) = (1 — \)d] (D

S = diag(sl,. . .,SD),Sj S {0, 1}

where A is the channel pruning ratio, and S is a
column selection matrix where diagonal elements
of 1 correspond to the channels to be retained.

To actually reduce memory utilization, the cor-
responding S in each generation step should be the
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Figure 2: This figure displays the mean (blue) and standard deviation (red) for each channel of the query vectors
within the observation window across different layers. It can be seen that many channels have a mean close to 0, but
the standard deviation is large, indicating that the variation in that channel is unstable. This makes it difficult to
substitute for the overall query values by only using the query vectors within the observation window.

same; otherwise, we would still need to store the
complete Key cache for subsequent steps. Addi-
tionally, this structured pruning can achieve com-
putational acceleration. This means that S should
be computed at an earlier stage and this fixed S
should be used in subsequent processes.

SnapKV confirmed that during the LLM decod-
ing process, the attention pattern of newly gener-
ated tokens on the prompts is very similar to the
observation window ngs. Therefore, THINK re-
formulated the optimization problem as:

: obsgrT obs T
ajn | Q3K - QpSKG |,

s.t Trace(S) = [(1 — A\)d] (2)
. ,SD), Sj € {0, 1}

Thus, THINK obtains S during the prefilling
stage. The smaller the observation window, the
more computational savings can be achieved. To
solve this optimization problem, THINK scores
each channel. The score for channel j is score; =
|Q2¥[:, j]K;bS [:, 5]7 ||, and the channels with the

P
highest scores are retained.

S = diag(s1, ..

3.2 Methodology

The optimization equation Eq.(2) can actually be a
special case of CR decomposition (Drineas et al.,
2006): assume W can be decomposed into the
form W1 Wy, and S, is a column selection matrix
that selects k columns, approximating the original
equation as W ~ W3 SkSsz. Eq.(2) signifies

performing a CR decomposition on W = ngs Kg.

This is achieved by selecting k columns of ngs
and k& rows of Kg using Sy, where £ = |(1 —
Ad)|. Furthermore, Sj is a square matrix, and
consequently, SkS;{ = S;.

Let A = {i|s; = 1}, B = {i|s; = 0}, with
AN B = &, represent the index sets of retained
and discarded channels, respectively. Let q;, k; de-
note the i-th columns of ngs and K, respectively.
Then we can obtain(See Appendix A):

2
|k - apsk

=> > k/kjxq/q; ¥

i€B jE€B

Considering a single 7 in set B, the error it intro-
duces is:

Ai = Z kZTkJ X quqj
jEB
= Y K'kj xql q; + |lak |7
jEB—i

Here, the first term describes the impact of in-
teractions between channels and the second term
describes the impact of the individual channel itself
on the error (which is the scoring method consid-
ered in THINK). If k; and q; were random vectors,
the dot product of these random vectors in high-
dimensional space tends towards 0, indicating al-
most no interaction between channels (Van Handel,
2014). However, k; and k; are generated by large
models, so the channels cannot be completely ran-
dom. Secondly, since the k; vector only intercepts
tokens in the observation window, its length is not
large and does not fall into the high-dimensional
category.

As shown in Fig. 1, there are still many regions
with extremely large or small values, indicating that
inter-channel interactions are non-negligible and
play a significant role in performance degradation.
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Figure 3: This figure shows the performance of our method relative to THINK, in optimizing equation Eq.(2).
Different colored curves represent different input samples(20 samples in total). The x-axis represents the depth of
the decode layer, and the y-axis represents how much smaller our method’s reconstructed matrix error compared to
THINK. LLaMA’s test samples were randomly selected from the NrtvQA dataset, while Mistral’s test samples were

from the Qasper dataset.

Furthermore, we observe that as the model depth
increases, these extreme values tend to concentrate
along the diagonal or in specific rows and columns,
suggesting that channel correlations diminish pro-
gressively in deeper layers.

This optimization problem can be equivalently
transformed into a graph problem: a complete undi-
rected graph G = (V, E) with d vertices, |V| = d.
Each node has its own weight w! = |q;k![|%,
Vi € V, and each edge also has a weight w(eiyj) =
2xkl'k;xql'q;,V(i,7) € E. The problem is how
to select a subgraph G’ with Ad nodes from G such
that the sum of weights of G’ is minimized. Ulti-
mately, the nodes in G’ correspond to the channels
that need to be pruned.

We designed a greedy algorithm (Algorithm
1) for this problem that considers edge weights.
This algorithm initializes the scores of all chan-
nels (Score) using the inherent weights of the
nodes. In each selection process, the node j with
the minimum score is selected and added to the
discard set Drop, and Score is updated using the
edge weights between this node and the remaining

nodes.

Algorithm 1 Search Algorithm Considering Inter-
Channel Interactions
Require: Inputs Q,, K, ¢ RLr>*d Prun ratio \,
Observation size L, Recent size L.
Ensure: Drop: Set of pruned channel indices.
1: Initiate Score <+ @, Drop <+ O,
drop_num = |\d|

2: fori fromOtod — 1 do

3: q; = Qp[‘Lobs:’i]v k; = Kp[:Lp — L]
4. Score = Score U {(i, |q;k %)}
5: end for

6: for i from 1 to drop_num do

7. j,s; < Get_Min_Score(Score).
8:  Score « Score \ {(j,s;)}.

9:  Drop <+ DropU {j}

10.  for every (k, si) in Score do

11: Sk%sk+2xk£k]’ xngj.
12:  end for

13: end for

14: return Drop




Method Single-Document QA Multi-Document QA Summarization Few-shot Learning Synthetic Code Ave
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Mistral-7B-Instruct-v0.2, KV-size 256

SnapKV

+Think (0.5) 21.73 2390  47.66 37.66 2215 15.58 21.77 23.20 22.62 59.00 85.67 40.94 8395 243  54.63 50.77 3835

+HAP©S) 2284 2350 4723 3T 2196 1658 2160 2270 2296 5900 8560 _ 4102 8328 306 5417 5123 3841

H20

+THINK (0.5)  22.39 2338 42.04 29.44 21.17 12.94 22.08 23.07 2277 40.00 83.86 40.81 8340 322 5244 4987 3581

+IAP (0.5) 21.63 2292 43.04 29.82 22.23 13.47 2242 23.02 2293 40.50 83.88 41.11 81.28  3.09 52.05 49.91 3583
Mistral-7B-Instruct-v0.2, KV-size 512

SnapKV

+Think (0.5) 24.51 28.54 4876 38.30 24.30 17.10 23.31 24.07 24.42 66.00 85.85 41.94 86.07  3.02 56.20 53.24 40.35

AAPOS) 2441 2781 4993 35T 371 1729 23S 2356 2437 6650 8590 4191 8736 300 5619 5337 4047

H20

+THINK (0.5)  22.99 2573 4443 31.85 23.35 13.90 2352 22.77 24.09 41.50 85.55 41.42 8345 284 54.65 50.90 37.06

+IAP (0.5) 22.81 24.85 43.97 30.99 23.37 14.58 23.36 22,97 24.13 41.00 85.38 41.82 84.32 3.06 54.55 50.66 36.99
Mistral-7B-Instruct-v0.2, KV-size 1024

SnapKV

+Think (0.5) 25.68 2997 4936 40.64 24.98 19.49 25.62 23.92 26.12 69.5 86.67 42.26 8539 289 57.26 53.58 4146

AAPQOS) 2577 3016 4971 4080 2492 1940 2519 2393 2583 6950 8640 4215 86281 5735 5379 dLds

H20

+THINK (0.5)  24.15 28.25  46.66 35.52 24.10 14.63 24.88 23.26 25.72 45.00 86.16 43.09 83.7 341 5590 52.74 38.57

+IAP (0.5) 23.88 2795  46.10 35.60 24.10 15.18 24.76 23.31 25.65 44.50 86.64 4291 8420 3.07 5621 5220 38.52

Table 2: Comparison of our method against THINK on the LongBench dataset using Mistral-7B-Instruct as the base
model. Experiments were conducted with SnapKV and H2O as distinct preceding token-level methods, for KV
cache sizes of 256, 512 and 1024, and pruning ratios A of 0.5. The best results are highlighted in bold.

3.3 Protecting Salient Channels

The method proposed in the preceding sections is
entirely based on Eq.(2), which utilizes ngs for
optimization. However, the issue is that during the
decoding stage, the distribution of new g’ may dif-
fer significantly from the q in ngs. As shown in
Fig. 2, in many channels of the query vector, the
standard deviation is very large, even much larger
than the mean. This implies that optimizing Equa-
tion 2 does not necessarily yield a good solution
for Eq.(1).

Inspired by studies such as LLM.int8()
(Dettmers et al., 2022) and AWQ (Lin et al., 2024),
we directly retain channels in K, that have a large
norm, excluding them from the pruning process. If
these large-norm channels are prematurely elimi-
nated due to small interaction terms, it could lead
to a significant reconstruction loss for future, newly
appearing q’. Therefore, it is necessary to preserve
them.

We mark channels that exceed the mean plus
one standard deviation as important channels. The
proportion of these channels, p € (0, 1), can be
very large or very small. Thus, it should be con-
strained by two thresholds 0 < a < b < 1, and
we take premain = min(max(p,a), b) as the final
limit. Under the premise of having the same obser-
vation window, the larger the kv size, the smaller
the proportion ngs occupies in the total. A smaller
sample size implies greater bias, so both thresholds
a and b should be increased with long observation
window size.

4 Experiments

4.1 Settings

Benchmark Datasets. We evaluate our method
on the LongBench (Bai et al., 2024) dataset and
compare it with state-of-the-art KV cache compres-
sion techniques. The LongBench dataset is widely
used for testing KV cache compression techniques
and is designed to assess a model’s comprehension
capabilities in long-context scenarios. It comprises
17 sub-datasets across 6 different tasks, covering
single-document QA, multi-document QA, sum-
marization, few-shot learning, synthetic tasks, and
code completion. These datasets all feature very
long prompts, posing challenges for large models
to condense and extract key information.
Baseline. We use LLaMA-3-8B-Instruct and
Mistral-7B-Instruct-v0.2 as our base test mod-
els, and select THINK as the baseline approach
for experiments. THINK proposed an effective
method for channel-wise KV cache reduction. Both
THINK and IAP require the use of token-level com-
pression methods to reduce prompt tokens before-
hand. Here, we choose the token-level compression
methods H20 and SnapKV: the former is designed
to reduce memory usage by dynamically balanc-
ing recent tokens with Heavy Hitter (H2) tokens,
while the latter introduces an automated compres-
sion mechanism that selects clustered, important
KV positions for each attention head, optimizing
the KV cache without sacrificing performance. We
conduct experiments using NVIDIA RTX 3090.

Implementation Details. LLaMA-3-8B-Instruct
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Avg
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KIVI(4/4) 19.52 19.45 32.96 29.96 26.86 10.10 24.10
+IAP(0.4) 19.33 18.33 31.79 29.46 27.12 9.60 23.86
+IAP(0.5) 19.29 18.30  30.65 28.56 24.02 9.08 23.95

20.73 25.63 63.00 84.13 41.34 9.00 450 58.89 5321 3272
20.63 26.19 63.00 83.51 41.31 7.00 4.00 5834 51.76 3220
20.50 25.64 63.00 83.12 41.83 5.50 350 5748 4853 3143

Table 3: Performance evaluation of combining IAP with KIVI. 4/4 indicates that both the key and value are quantized
using 4 bits. IAP(0.4) indicates using the IAP method with a pruning rate of 0.4.

Single-Document QA Multi-Document QA

Summarization

Few-shot Learning Synthetic Code

Recent Size Avg
NrtvQA  Qasper MF-en HotpotQA 2WikiMQA Musique GovReport QMSum MultiNews TREC TriviaQA SAMSum PRe PCount Lcc  RB-P

KV-size 1024, A = 0.5

32 25.64 27.71 40.05 42.63 3291 20.27 23.42 22.45 25.50 71.50 90.43 40.21 69.50 518 6227 59.56 41.20

64 26.00 27.00 39.03 42.87 31.79 19.58 23.63 22.38 25.39 71.50 90.43 40.23 68.92 583 6190 60.36 41.05
KV-size 2048, A = 0.5

32 25.05 29.83 38.92 43.56 33.01 21.1 24.87 2331 26.60 73.50 90.37 40.79 69.08 575 6147 58.65 41.61

64 24.66 30.44 39.53 43.41 32.74 21.30 25.04 22.89 26.32 72.50 90.37 40.84 69.50 6.01 6201 58.89 41.65

Table 4: Performance comparison of key cache pruning with varying recent-sizes(without protecting salient weights).
We evaluated the performance for various Recent Sizes when the KV cache size was set to 1024 and 2048.

and Mistral-7B-Instruct-v0.2 are directly obtained
from HuggingFace (Wolf et al., 2020). For
SnapKYV, we set the kernel size to 7 and the win-
dow size to 32, and used max pooling as the
pooling method. Additionally, we chose not to
prune the most recent tokens and newly gener-
ated keys, as these tokens have a significant im-
pact on performance. Given their small number,
they do not affect the compression rate. Due to
the presence of these unpruned tokens, we per-
formed an alignment operation on Eq.(2), adjusting
K? to KP[: —recent_size| to ignore these tokens,
thereby excluding them from compression. This
adjustment ensures that the performance-critical to-
kens are preserved, maintaining the integrity of the
model’s output while still achieving a satisfactory
compression ratio.

4.2 Results

Reconstruction Error Comparison: In Fig. 3,
we compare the solution quality of our proposed
method IAP and THINK on Eq. (2) using recon-
struction error as the evaluation metric. We ran-
domly sampled several examples from the Qasper
dataset for this comparison. It can be observed
that in the shallow layers of large language mod-
els, our method significantly outperforms THINK
in terms of reconstruction error, highlighting the
critical importance of inter-channel interactions
in KV cache compression. In deeper layers, our
method still achieves lower reconstruction errors
than THINK, though the improvements are less pro-
nounced. This trend is consistent across different
model choices and various settings of .

These observations align with the results shown
in Fig. 1, where we hypothesize that channel inter-

dependence is stronger in shallower layers, leading
to greater gains when taken into account. In con-
trast, while interdependence still exists in deeper
layers, it is relatively weaker, hence the reduced
benefit. Overall, Fig. 1 confirms the presence of
inter-channel dependencies, validating the motiva-
tion behind this work, and Fig. 3 demonstrates
that incorporating inter-channel interactions can
effectively reduce reconstruction error, thereby ver-
ifying the effectiveness of our proposed method.

Results on LongBench: Tab. 1 and Tab. 2
present comparative experimental results for IAP
and THINK on the LongBench dataset, using the
LLaMA-3-8B and Mistral-7B models, respectively.
SnapKV and H20 were employed as distinct pre-
ceding token-level pruning methods.

When LLaMA-3-8B was the base model, IAP
demonstrated superior performance over THINK,
irrespective of the preceding token-level prun-
ing method applied. IAP achieved higher aver-
age scores in most experimental settings and also
scored higher on a majority of sub-tasks. For in-
stance, with a KV cache size of 512 and A\=0.5, IAP
outperformed THINK on 11 out of 16 sub-tasks,
and its average score of 40.50 surpassed THINK’s
40.30.

With Mistral-7B as the base model, IAP consis-
tently achieved higher average scores than THINK
across various experimental setups when SnapKV
was used as the preceding pruning method. For
example, with a KV cache size of 256 and A\=0.5,
IAP’s average score of 38.41 exceeded THINK’s
38.35. However, when H20 was the preceding
pruning method, the performance difference be-
tween IAP and THINK became marginal. For in-
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NrtvQA  Qasper MF-en HotpotQA 2WikiMQA Musique GovReport QMSum MultiNews TREC TriviaQA SAMSum PRe PCount Lcc  RB-P

KV-size 512, A = 0.6

[o,
3

0] 25.12 22.12 39.73 40.28 32.09 20.0 21.07
3,7

] 2518 23.28 38.12 40.14 31.71 20.33 20.71

22.63 59.0 90.12 38.4 69.5 6.04 59.37 5883 39.13
22.67 59.0 90.37 38.6 69.5 592 5899 584  39.08

KV-size 1024, A = 0.6

=)

[0,0) 25.15 2532 39.08 41.48 31.19 20.33 22.24
3,7 2513 2636 3778 42.05 31.84 20.91 22.19

23.87 69.0 89.91 38.11 69.17 6.03  59.82 59.09 40.17
2391 70.0 89.87 39.18 68.92 581  60.01 59.17 40.36

KV-size 2048, \ = 0.6

0

0] 2451 2775 3997 4225 238 20.55 2321
3,7

1 2531 28.63 38.8 42.13 314 21.21 23.69

24.73 725 90.36 38.04 68.54 575 5884 58.08 40.68
24.75 725 89.86 38.69 69.25 55 59.97 595  40.90

Table 5: Performance comparison of key cache pruning with varying [a,b]. We tested the results for KV cache sizes
of 512, 1024, and 2048, where the hyperparameter pair [a, b] was set to [0, 0] and [3, 7].

stance, at a KV cache size of 256 and A\=0.5, IAP’s
average score (35.83) was only 0.02 points higher
than THINK’s (35.81). Conversely, with a KV
cache size of 1024, IAP’s average score was 0.05
points lower than THINK’s. A possible reason
for this discrepancy is that SnapKV selects tokens
using 1D convolution and pooling, while H20 con-
siders each token individually. Consequently, the
tokens selected by H20 exhibit greater diversity,
potentially leading to a larger deviation between
the keys in the observation window and the overall
key distribution.

4.3 Compatibility with Quantization Methods

Quantizing the KV cache into lower-precision for-
mats is also a crucial approach to reducing memory
overhead. In this subsection, we explore whether
the proposed Interdependence-Aware KV Cache
Pruning (IAP) can be effectively integrated with ex-
isting quantization techniques such as KIVI, achiev-
ing significant memory savings while maintaining
model accuracy. Such compatibility would further
extend the practical applicability of our method.

As shown in Tab. 3, we integrate IAP with KIVI
and report the performance. Specifically, we take
KIVI with 4-bit quantization for both keys and
values as the baseline, and combine it with TAP
using pruning ratios of 0.4 and 0.5. Under these
settings, we achieve a 20% to 25% reduction in
KV cache size, with only slight degradation in the
average performance.

Interestingly, on the MultiNews Summarization
task, IAP not only reduces memory usage but
also brings a slight improvement in performance:
IAP(0.4) achieves a score of 26.19, outperforming
the KIVI baseline score of 25.63.

4.4 Ablation Study

Impact of Varying Windows Sizes: Tab. 4 il-
lustrates the model’s performance across a range

of window sizes. It is recognized that increasing
the window size can produce an effect compara-
ble to that of explicitly protecting important chan-
nels. Consequently, to isolate the distinct impact
of window size modifications, this analysis was
conducted without the concurrent application of
important channel protection strategies. The re-
sults presented indicate that for a KV cache size of
1024, simply expanding the window size does not
yield a discernible improvement in performance.
In contrast, when the KV cache size is increased
to 2048, a slight performance enhancement is ob-
served with larger window sizes.

Influence of [a, b] Parameter Configuration on
Performance. Tab. 5 details the impact of different
[a,b] parameter pair configurations on model per-
formance across varying KV cache sizes. The re-
sults clearly demonstrate a dependency between the
optimal [a,b] settings and the available KV cache
size. Specifically, for larger KV cache configura-
tions, such as those with sizes of 1024 and 2048,
a distinct trend emerges: employing larger values
within the [a,b] pair yields noticeable performance
enhancements. Conversely, this trend inverts when
operating with smaller KV cache sizes.

5 Conclusion

This paper proposes a channel-level pruning
method for the KV cache, viewing the channel
selection task as a CR decomposition problem. We
further analyze how inter-channel interactions con-
tribute to performance degradation and reformulate
the optimization as a graph-based theory problem
that explicitly models these dependencies. More-
over, we observe instability in the query matrix
within the observation window and mitigate this
issue by retaining key channels deemed important.
Extensive experiments on the LongBench dataset
show that our method achieves substantial perfor-
mance improvements over existing approaches.



6 Limitations

Choice of Hyperparameters: For different KV-
sizes, our method requires selecting specific values
for [a, b] to enhance performance. In this paper, we
empirically set different values of [a, b] for each KV
size, which lacks flexibility. However, designing an
adaptive approach to automatically determine the
optimal [a, b] pair for varying KV sizes remains an
open and worthwhile direction for future research.
FlashA ttention Support: In our method, the key
cache consists of two parts with different numbers
of key-value channels: a pruned part and an un-
pruned part, with the former being predominant.
However, FlashAttention does not support process-
ing such key matrices. During computation, we
still need to convert the key cache back to its origi-
nal shape before calling FlashAttention. Although
this remains a common limitation of current KV
cache pruning methods, developing pruning strate-
gies that integrate more effectively with accelera-
tion techniques such as FlashAttention represents a
promising avenue for future research.
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A Proof of Equation 3

First, we present a lemma: the Frobenius norm of
a matrix A € R™*"™ is equal to the square root of
the trace of its Gram matrix:

2

ii@j’z = [Trace (ATA)]%

j=1i=1

1Al

For Eq.(2), let A = {i | s; = 1} and B =
{i | si = 0}, where AN B = &, representing the
index sets of the retained and discarded channels,
respectively. Let q; and k; denote the i-th columns

of ngs and K. Then, we have:
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Therefore, the reconstruction error can be ex-
pressed as the sum of the dot products of the key
vectors and query vectors corresponding to any pair
{i,7} in the set B.

B Comparisons of Generation Speed

We evaluated three key metrics: Time To First To-
ken (TTFT), Time Per Output Token (TPOT), and
memory usage, with detailed results presented in
Tab. 6. These experiments were conducted on
an NVIDIA L20 GPU using the NrtvQA dataset
and a batch size of 15. On average, each batch
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Figure 4: These figures illustrate inter-channel interaction terms, where heatmap, ;
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ka x qf q;. For the

LLaMA model, the NrtvQA dataset was employed, and for the Mistral model, the Qasper dataset was employed.

Method KIVI(4/4) +IAP(0.5) +IAP(0.6)
Memory (GB) 449 38.9 38.2
TTFT (s) 10.4 12.2 12.4
TPOT (ms/token) 10.3 10.9 11.0

Table 6: Comparisons of TTFT (Time To First Token),
TPOT (Time Per Output Token) and memory usage on
LLaMA-2-7B.

KV o Method | ¢ \pKV | H20
256 001 | -
512 001 | -
1024 371 | 3.7
2048 371 | 3,71

Table 7: Selection of [a, b] pairs for LLaMA-3-8B

involved 61,455 input tokens and 1,920 output to-
kens. Our method, IAP, achieved significant GPU
memory reductions: 15.53% at a 0.5 pruning ra-
tio and 17.28% at a 0.6 pruning ratio. While IAP
yielded these memory savings, TTFT experienced
a slight increase, an effect attributed to the com-
putational overhead of managing pruned channels
during the prefilling phase. Conversely, TPOT re-
mained largely unaffected after applying IAP. This

11

v o Method | ¢ kv | H20
256 371 | [0.0]
512 5,101 | [0.0]
1024 5101 | [5.10]

Table 8: Selection of [a, b] pairs for Mistral-7B

stability is primarily due to FlashAttention’s cur-
rent limitations in supporting mixed-dimensionality
computation, as detailed further in Section 6.

C Selection of [a, b] Pairs in Experiments

To mitigate query distribution shifts during decod-
ing, IAP preserves salient channels in the key. The
specific [a, b] parameter pairs that IAP employs
for this strategy in experiments with LLaMA-3-8B
and Mistral-7B models are detailed in Tab. 7 and
8. This configuration adheres to the principle, dis-
cussed in Section 3.3, that larger KV cache sizes
generally necessitate correspondingly larger [a,b]
pairs.

D More Visualization Examples

In this section, we present heatmap visualizations
for the LLaMA-3-8B and Mistral-7B models on



additional datasets. Fig. 4a,4b.4c illustrates these
visualizations for LLaMA-3-8B using the NrtvQA
dataset, while Fig.4d,4e.4f depicts them for Mistral-
7B on the Qasper dataset. As can be observed,
the heatmap patterns are consistent with those de-
scribed in Sec. 3.2.
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