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Abstract

Due to the prevalence of large language mod-
els (LLMs), key-value (KV) cache reduction
for LLM inference has received remarkable
attention. Among numerous works that have
been proposed in recent years, layer-wise to-
ken pruning approaches, which select a subset
of tokens at particular layers to retain in KV
cache and prune others, are one of the most pop-
ular schemes. They primarily adopt a set of
pre-defined layers, at which tokens are selected.
Such design is inflexible in the sense that the
accuracy significantly varies across tasks and
deteriorates in harder tasks such as KV retrieval.
In this paper, we propose ASL, a training-free
method that adaptively chooses the selection
layer for KV cache reduction, exploiting the
variance of token ranks ordered by attention
score. The proposed method balances the per-
formance across different tasks while meeting
the user-specified KV budget requirement. ASL
operates during the prefilling stage and can be
jointly used with existing KV cache reduction
methods such as SnapKV to optimize the decod-
ing stage. By evaluations on the InfiniteBench,
RULER, and NIAH benchmarks, we show that
ASL, equipped with one-shot token selection,
adaptively trades inference speed for accuracy,
outperforming state-of-the-art layer-wise token
pruning methods in difficult tasks.

1 Introduction

Large language models (LLMs) have demonstrated
remarkable capabilities in processing long contexts,
enabling applications such as long document analy-
sis, extended conversations, and software engineer-
ing. However, the memory footprint of LLM infer-
ence is a critical issue due to the key-value (KV)
cache, which stores past tokens’ key and value vec-
tors for efficient generation.
“Work done at Osaka University.

Source code is available at https://github.com/
TANIGUCHIREI/ASL.

To address this challenge, numerous KV cache
reduction techniques have emerged (Zhang et al.,
2023; Ge et al., 2023; Li et al., 2024; Feng et al.,
2024; Fu et al., 2024b). Among these, layer-wise
token pruning methods (Shi et al., 2024; Jo et al.,
2025; Cai et al., 2024; Yang et al., 2024; Fu et al.,
2024a) have recently gained considerable attention
by exploiting attention patterns across Transformer
layers (Vaswani et al., 2017). To achieve significant
memory reduction while reducing accuracy loss,
they select a subset of important tokens at particular
layers, calculating attention only for these tokens
and retaining their KV cache in subsequent layers.

Despite their effectiveness, existing layer-wise
token pruning methods suffer from a critical lim-
itation: tokens are selected on pre-defined, fixed
layers (referred to as “selection layers”) that are
determined independently of the task. As illus-
trated in Figure 1, this inflexible design leads to
substantial performance variation across tasks. For
simpler tasks like question answering (QA) where
relevant information can be identified early, token
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Figure 1: Performance of FastKV (Jo et al., 2025) on
four tasks under different selection layer (referred to as
“TSP layer” in Jo et al. (2025)) settings: KV retrieval
in InfiniteBench (Zhang et al., 2024), single-key NIAH
(with varying difficulties) and QA in RULER (Hsieh
etal., 2024). KV compression before selection layer is
disabled to highlight the impact.
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Figure 2: Comparison of FastKV and ASL.

selection at middle layers (e.g., layer 15 for Llama
3.1 8B, as suggested in Jo et al. (2025)) achieves
strong performance. However, for harder tasks like
KV retrieval, where high semantic similarity be-
tween context and query makes early identification
difficult, the same selection layers result in severe
accuracy degradation. To maintain acceptable per-
formance on challenging tasks, these methods must
either postpone token selection to deeper layers or
increase the KV budget, thereby compromising
their memory reduction benefits.

In this paper, we propose Adaptive Selection
Layer (ASL), a task-aware method that adaptively
determines the selection layer based on the atten-
tion patterns observed during inference. Our idea
is to monitor the variance of token ranks ordered
by attention score across consecutive layers. When
this variance decreases below a threshold, it sig-
nals that attention scores have consistently focused
on a stable subset of tokens, indicating the mo-
ment for token selection. By computing variance
and comparing it against a user-specified threshold,
ASL adapts to tasks of varying difficulty without
requiring manual tuning for each scenario. Figure 2
depicts the comparison of FastKV and ASL.

ASL operates during the prefilling stage with
minimal overhead, storing only pooled attention
scores from recent layers. Once the selection layer
is determined, tokens are selected and propagated
to all subsequent layers in a one-shot manner. To
meet specific KV budget requirements, ASL can
be seamlessly integrated with existing methods.
For example, it can be combined with SnapKV (Li
etal., 2024) to optimize the decoding stage, and can
be integrated into GemFilter (Shi et al., 2024) to
enable a two-pass strategy for enhanced accuracy.

We evaluate ASL on three long-context bench-
marks, InfiniteBench, RULER, and Needle in
a Haystack (NIAH) (Kamradt, 2024), with up
to 256k context lengths. Experimental results

demonstrate that ASL can outperform state-of-the-
art layer-wise token selection methods including
FastKV, GemFilter, and PyramidInfer in accuracy,
while maintaining comparable decoding speed and
KV cache reduction.

Our contributions are summarized as follows:
(1) We identify the inflexibility of fixed selection
layers in existing layer-wise pruning methods and
demonstrate how task difficulty affects optimal
layer selection. (2) We propose ASL, a novel adap-
tive method that determines selection layers by
monitoring the variance of token ranks ordered by
attention score across layers, enabling task-aware
KV cache reduction. (3) We demonstrate that ASL
can be integrated with existing KV cache reduction
methods to optimize both prefilling and decoding
stages while meeting user-specified KV budgets.
(4) Through comprehensive experiments on mul-
tiple benchmarks, we show that ASL achieves su-
perior accuracy-efficiency trade-offs compared to
state-of-the-art methods, particularly excelling on
difficult tasks where existing methods fail.

2 Preliminaries

LLM inference typically involves two stages:

¢ Prefilling: This stage occurs when the LLM pro-
cesses the input prompt at once. For each Trans-
former layer, the LLM computes query, key, and
value vectors for all tokens. Attention is applied
across all pairs of input tokens, leading to full
self-attention. KV cache is initialized and stores
keys and values for all past tokens.

* Decoding: This stage outputs tokens one at a
time, using the previously generated tokens and
their cached keys and values. Only the latest
token is passed through the Transformer. The
LLM computes the query for this new token, and
calculates attention between the new query and
all cached keys and values from prior tokens,
which are retrieved from the KV cache.
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Table 1: List of notable layer-wise token pruning methods. Taxonomy is explained in Section 2.2.

Type \ Methods
One-shot GemFilter (Shi et al., 2024), FastKV (Jo et al., 2025)
Progressive PyramidKYV (Cai et al., 2024), PyramidInfer (Yang et al., 2024), LazyLLM (Fu et al., 2024a),
PromptDistill (Jin et al., 2025), SlimInfer (Long et al., 2025)
Sandwiched OmniKV (Hao et al., 2025)
Grouped SqueezeAttention (Wang et al., 2024), EvolKV (Yu and Chai, 2025)
Adaptive DynamicKV (Zhou et al., 2024), CAKE (Qin et al., 2025)

2.1 KYV Cache Reduction

To reduce KV cache size, which is essential in long-
context scenarios, token eviction techniques have
been extensively explored. Streamingl.LM (Xiao
et al., 2023) keeps only global (first few tokens,
a.k.a. attention sinks) and local (most recent) to-
kens in the sequence. H20 (Zhang et al., 2023),
FastGen (Ge et al., 2023), and SnapKV (Li et al.,
2024) exploit attention sparsity and retain the most
influential tokens’ KV cache for the decoding stage,
which are decided using heuristics during the pre-
filling stage. AdaKV (Feng et al., 2024) and
HeadKYV (Fu et al., 2024b) extend SnapKV with a
head-wise budget allocation strategy.

Another line of works does not evict tokens but
loads a subset of tokens” KV cache by leveraging at-
tention sparsity (Tang et al., 2024; Singhania et al.,
2024) or offloading to CPU memory (Lee et al.,
2024; Sun et al., 2024). Besides these methods
based on token selection, quantization (Liu et al.,
2024c; Hooper et al., 2024) is also an approach to
reducing KV cache size. Moreover, LSH (Charikar,
2002) has been utilized to approximate the atten-
tion score distribution and estimate attention out-
put (Chen et al., 2024). For other works on KV
cache reduction, we refer readers to a GitHub repos-
itory (Chen, 2024) for an up-to-date list of papers.

2.2 Layer-Wise Token Pruning

Among the methods for KV cache reduction, many
recent ones adopt a layer-wise token pruning
paradigm. Observing the attention patterns across
Transformer layers, they exploit either the similar-
ity between adjacent layers or dissimilarity in ear-
lier and later layers, and select a subset of tokens—
typically by top-k or top-p (cumulative attention
score is no less than p percentile of full attention)—
to calculate attention and retain in the KV cache.
Other tokens are pruned or offloaded to CPU mem-
ory (Hao et al., 2025; Long et al., 2025).

Table 1 summarizes a list of notable layer-wise
token pruning methods, categorized into five types.

* One-shot methods select tokens only once at a

specific layer, and all deeper layers process only
the selected tokens. FastKV (Jo et al., 2025) and
GemFilter (Shi et al., 2024) are two representa-
tive methods in this category. FastKV adopts a
one-pass strategy: (1) from layer O to the selec-
tion layer, full attention is calculated; (2) at the
selection layer, top-k tokens are selected; (3) for
subsequent layers, attention is calculated only
for the selected tokens. To meet the KV budget
requirement, SnapKV (Li et al., 2024) is jointly
used in FastKV to compress the KV cache from
layer O to the selection layer. GemPFilter adopts a
two-pass strategy: (1) the first pass calculates full
attention and selects top-k tokens at the selection
layer; (2) the second pass starts from layer 0 and
processes all layers, with attention calculated and
KV cache retained for the selected tokens only.

* Progressive methods employ a multi-shot token
selection scheme, progressively reducing the to-
kens processed for attention and retained in the
KV cache. Most methods in this category, ex-
cept PyramidKV (Cai et al., 2024), are mono-
tonic methods—a token pruned at a layer is also
pruned at all later layers.

* Sandwiched methods (in particular, Om-
niKV (Hao et al., 2025)) calculate attention for
all tokens at some layers and selected tokens
for others, thereby exhibiting a sandwich shape
across layers.

* Grouped methods divide layers into several
groups and allocate a KV cache budget to each
group, such that the allocated values sum up
to a user-specified total budget. The allocation
is processed online (i.e., during inference) in
SqueezeAttention (Wang et al., 2024) and offline
in EvolKV (Yu and Chai, 2025).

* Adaptive methods directly allocate the KV cache
budget to each layer. Online allocation is used in
DynamicKV (Zhou et al., 2024) and CAKE (Qin
et al., 2025).

In addition to token pruning, layer-wise obser-
vations have also been used to build cross-layer
merging or sharing methods, such as block-based
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layer pruning (BBLP) (Gromov et al., 2024), Mini-
Cache (Liu et al., 2024a), FoldGPT (Liu et al.,
2024b), SwiftKV (Qiao et al., 2024), where a small
amount of fine-tuning or distillation is needed in
BBLP, FoldGPT, and SwiftKV. It is also notewor-
thy to mention that layer-wise behavior is evaluated
in previous studies such as Xiao et al. (2023) and Li
et al. (2024), yet they do not belong to the category
of layer-wise token pruning because their token
selection in each layer is performed independently.

3 Observations

The layer-wise token pruning methods summarized
in Table 1, despite achieving significant peak mem-
ory reduction and fast decoding speed, only a mi-
nority of them, including GemFilter, FastKV, Pyra-
midInfer, LazyLLLM, and SlimInfer, optimize time
to first token (TTFT), a key metric that evaluates
the efficiency of the prefilling stage. They select
tokens either at a pre-defined set of layers (Gem-
Filter, FastKV, LazyLLLM, and SlimInfer) or with a
decay ratio across layers (PyramidInfer).

Such design is inflexible in the sense that the
difficulty of tasks is not considered, rendering these
methods either incapable of delivering competitive
performance for harder tasks such as KV retrieval
and multi-key NIAH, or have to compromise its
KV cache reduction (by postponing token selection
to later layers or increasing the KV budget) to cope
with these harder tasks, as we have seen in Figure 1.

As discussed in Jiang et al. (2024a), the difficulty
of the task originates from the semantic similarity
between the question and the context. A task tends
to be easier if the similarity is low, as the LLM can
easily identify the context related to the question.
In such tasks, it is possible to locate the tokens nec-
essary for the answer in early layers. In contrast, in
the harder KV retrieval task, the context consists of
key-value pairs, rendering high similarity between
the question and the context. As a result, token
selection at early layers cannot successfully locate
the tokens required for the answer.

Cai et al. (2024) found that in early layers, atten-
tion scores are generally distributed in a uniform
manner across the tokens in the context, and in later
layers, the scores tend to localize to a fixed sub-
set of tokens. While such patterns were observed
for an RAG task in Cai et al. (2024), we find that
they apply to various tasks. Figure 3 shows that
both KV retrieval and QA tasks, whose difficul-
ties significantly differ, exhibit similar attention
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Figure 3: Attention patterns of KV retrieval (upper) and
QA (lower). At early layers, the attention scores are
roughly uniformly distributed across the context. At
middle layers, a subset of tokens exhibit high scores
(as shown in stripe-like regions). The scores are more
localized at deep layers, focusing to a smaller subset of
tokens (as shown in thin vertical lines).

meta-llama/Llama-3.1-8B-Instruct
kv_retrieval

T500

Layer.
2824201612 8 4 0

| 1 i
30004500 6000 7500 0000 10500 12000 13500 15000
Token

! -Rank: 16317

meta-llama/Llama-3.1-8B-Instruct

longbook_qa_eng ) rank: 0
| {l r]r
“‘ | "
foe \
I

Layer.
2824201612 8 4 0

A
- “Rank: 16317

T500 3000 4500 6000 7500 0000 10500 12000 13500 15000
Token
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patterns. Based on this observation, we can de-
sign an adaptive method that decides the selection
layer for layer-wise token pruning: token pruning
is performed when attention scores start to focus
consistently on a small subset of tokens.

4 Adaptive Selection Layer

4.1 Variance of Token Ranks

To find when attention scores start to focus consis-
tently to a subset of tokens, our idea is to monitor
how the tokens in the context, ranked by the atten-
tion score, vary across layers. As shown in Figure 4,
the top ranks tend to fix at deeper layers for both
KV retrieval and QA tasks. Seeing this, we calcu-
late the variance of ranks as an indicator: a small
variance of ranks indicates not only the scores are
more focused to a fixed subset of tokens, but also
the order of these tokens, ranked by the score, is
relatively fixed.

Figure 5 depicts the method that calculates the
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the InfiniteBench benchmark.

variance. We start with layer L,,;, of the LLM and
consider the ranks in every Lqps consecutive layers,
thereby eliminating the effect of the layers too early
or too distant from the current layer. L, and
Lobs and two hyperparameters. Attention scores
are aggregated over attention heads. Instead of
using raw attention scores, we perform 1D average
pooling to smooth noise and capture contiguous
regions in the context, in line with SnapKV (Li
et al., 2024). The pooled attention scores, denoted
PA(L), are calculated as follows.
quke + my > )

Vd

where q,, denotes the query vector of current win-
dow, k. denotes the key vector of the context, and
m,, denotes causal masking.

We sum up the average pooled attention scores
over GQA head groups, which are used to order
the tokens.

scores = Z Z PAJi, j,:].

i€groups jE€heads

PA = pool (softmax (
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Due to the attention sparsity, not all tokens in the
context need to be considered for variance calcu-
lation. From layers L — Lgps to L, we identify the
top-k tokens and get a union of the top-k’s:

L

U top-k(scores(1))

l=L—Lps

top(L) = sort

The union serves as a subset of tokens with high
attention scores. The variance of the ranks is then
calculated for the tokens in the union:

1
= — Ry|L — Lops, L
fop(D)], 2, Ul P 2D
p(L)

where R;[L — Lobs, L] denotes the set of token ¢’s
ranks from layers L — Lops to L.

As a task-aware design, we divide each variance
by the initial variance at layer Ly, to obtain a
relative variance

varop (L)

varop (L)
Variop (Lmin) ’
The relative variance is then compared with a user-
specified threshold 7. If the relative variance is
less than 7, the attention scores are regarded as
consistently focused, and the current layer becomes
the selection layer.

Figure 6 shows how the relative variance
changes with layers for 10 tasks in the In-
finiteBench benchmark. If we set 7 = 0.4, the
math find and dialog QA tasks will have the earli-
est selection layer among the 10 tasks, while the
KV retrieval and code debug tasks have the deepest
selection layer.

We name this method adaptive selection layer
(ASL) and provide pseudo-codes in Algorithms 1
and 2, Appendix C, both acting in the prefilling
stage.

relative_variance(L) =



4.2 Using ASL for LLM Inference

Prefilling. During the prefilling stage, from layer
Lin, ASL computes and stores the pooled mean
attention scores, which are used in the next Lps lay-
ers. Since the pooled scores are aggregated over the
attention heads and only the most recent Ly layers
need to be kept, they incur only a small amount of
peak memory usage. For example, when Lgps = 8,
for Llama 3.1 8B with 32 layers and 8 KV heads,
the pooled scores incurs an additional 3L20szs = 3—12
memory usage compared to attention calculation.
When the selection layer is determined, token selec-
tion is performed and the prefilling proceeds with
only the selected tokens.

Decoding. When new tokens are decoded, only the
KV entries for these new tokens are added to the
cache and used in subsequent attention calculation.

To meet the KV budget requirement, ASL can
work jointly with existing KV cache reduction
methods. For example, SnapKV can be used to
select KV entries for all the layers prior to the se-
lection layer. Supposing the same k is used for the
top-k selection by ASL and SnapKYV, this integra-
tion guarantees that the KV cache size of each layer
is exactly k during decoding. ASL can be also used
with the two-pass method GemFilter. In the first
pass, tokens are selected once the selection layer is
determined. Then, we start the second pass from
layer O by processing only the selected tokens.

We provide a theoretical analysis in Appendix B
for the costs of ASL’s prefilling and decoding, com-
paring with FastKV and full attention.

S Experiments
5.1 Experimental Setup

Models. We evaluate two long-context LLMs:
() Llama-3.1-Nemotron-8B-UltralLong-1 M-
Instruct (Llama-3.1-8B-UL, for short), with
32 layers, and (2) Qwen2.5-7B-Instruct-1M
(Qwen2.5-7B, for short), with 28 layers.

Benchmarks. We use three benchmarks for evalua-
tion: (1) InfiniBench (Zhang et al., 2024), with an
average context length of 214k. (2) RULER (Hsieh
et al., 2024), with context length ranging from 4k to
128k, and (3) Needle in a Haystack (NIAH) (Kam-
radt, 2024), with context length from 1k to 256k.

Methods. We compare ASL with three layer-wise
token pruning methods: (1) FastKV (Jo et al.,
2025), (2) GemFilter (Shi et al., 2024), and

(3) PyramidInfer (Yang et al., 2024). As intro-
duced in Section 4.1, we select top-k tokens in
ASL ranked by pooled mean scores and equip ASL
with SnapKV (Li et al., 2024) to optimize decod-
ing. This method, referred to as ASL, serves as
a one-pass solution. Moreover, we integrate ASL
with GemFilter as a two-pass solution, referred to
as ASL_2pass. We set the default KV budget size
to 2048. Moreover, to show how ASL compares
to FastKV on prefilling, we consider a setting with
full KV cache before token selection and a KV bud-
get of 2048 after token selection; i.e., SnapKV is
not applied for ASL and KV compression is dis-
abled before token selection in FastKV. L, is 10
for Llama-3.1-8B-UL and 9 for Qwen2.5-7B. L
= 8. The default value of 7 = 0.3. Other details
can be found in Appendix C.

5.2 Accuracy Evaluation

InfiniteBench. Table 2 shows the accuracy on In-
finiteBench across 10 tasks. Under the KV bud-
get of 2048, ASL_2pass achieves the highest av-
erage score for Llama-3.1-8B-UL. For Qwen?2.5-
7B, ASL reports the highest average score, tying
FastKV. When using full KV before token selec-
tion, the gap between adaptive selection (ASL) and
user-specified selection (FastKV) is more substan-
tial, especially for hard tasks such as KV retrieval,
where the performance of ASL is close to full KV
while FastKV is much inferior.

RULER. Table 3 reports the accuracy on RULER
with various context lengths. For Llama-3.1-8B-
UL, ASL consistently outperforms FastKV. How-
ever, ASL_2pass generally performs worse than
GemPFilter, suggesting less compatibility of ASL
with this ultra long variant of Llama 3.1 by NVidia.
For Qwen2.5-7B, the advantage of ASL over
FastKV is observed when the context length > 16k,
and ASL_2pass performs better than GemFilter
for over 8k contexts. Moreover, the gaps between
ASL and existing methods are more substantial for
longer contexts such as 128k. Like InfiniteBench,
ASL’s superiority over FastKV is also more remark-
able when using full KV before token selection.

NIAH. Figure 7 shows the results across various
context lengths on NIAH, using Qwen2.5-7B. ASL
and ASL_2pass report full scores for all the con-
text lengths, delivering the same performance as
full KV. SnapKV and FastKYV retrieve almost all
needles except at the context length of 148k. In
contrast, GemFilter reports mediocre performance,
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Table 2: Accuracy (1) comparison on InfiniteBench. PyramidInfer encounters OOM for all tasks and is not reported.

Methods \ En.Sum En.QA EnMC EnDia Zh.QA Code.Debug Math.Find Retr.PassKey Retr.Num RetrKV \ Avg.
Llama-3.1-8B-UL, KV Budget = Full.

Full KV \ 27.2 17.73 65.5 11.5 21.26 0 38 100 99.32 16.2 \ 39.7
Llama-3.1-8B-UL, KV Budget = 2048.

SnapKV 21.86 17.8 65.5 8.5 20.71 0 36.29 100 98.47 2 37.1

FastKV 21.63 1733 67.69 6 20.14 0 32.29 100 98.47 0.6 36.4

ASL 21.26 18.42 65.5 5.5 20.84 0 35.43 100 98.47 1.8 36.7

GemFilter 5.72 1578  53.71 13.5 18.88 25.89 36.29 100 100 0 37

ASL_2pass 5.81 18.37  64.63 12 22.3 25.38 27.71 100 100 22 37.8

Llama-3.1-8B-UL, KV Budget = Full (before selection) & 2048 (after selection).

FastKV 22.86 16.33 67.69 6.5 20.23 0 32 100 99.49 32 36.8
ASL 24.54 17.82 65.5 7 21.66 0 35.71 100 99.49 15.4 38.7
Qwen2.5-7B, KV Budget = Full.

Full KV \ 33.42 12.63  69.43 9 12.76 0.76 38.57 99.83 100 66.4 \ 443
Qwen2.5-7B, KV Budget = 2048.

SnapKV 28.22 12.02 6943 35 12.02 0.76 3543 95.93 100 0.4 35.8
FastKV 27.95 11.05  68.56 6.5 11.01 0.51 34.86 99.49 100 1 36.1
ASL 28.3 11.89  70.31 3 12 0.25 34.86 99.66 100 0.6 36.1
GemFilter 4.69 5.66 27.51 21.5 6.57 33 7.71 99.66 100 0 27.7
ASL_2pass 4.81 1298  63.32 13 11.38 33 13.71 98.47 100 52 32.6
Qwen2.5-7B, KV Budget = Full (before selection) & 2048 (after selection).

FastKV 27.99 12.15  68.56 5 11.72 0.51 35.14 99.83 100 1 36.2
ASL 29.52 12.28  70.31 6 11.88 0.25 35.14 99.83 100 52.6 41.8
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Figure 7: NIAH results of Qwen2.5-7B.

especially for long contexts.

5.3 Efficiency Evaluation

TTFT. Table 4 reports the time to first token
(TTFT), varying the context length on RULER. To
show how the time scales with the context length,
we report the numbers by calculating the ratio to
full KV’s TTFT. SnapKYV, which does not optimize
TTFT, report almost the same result as full KV.
FastKV, GemFilter, and ASL methods are faster
than SnapKYV, with GemFilter being the fastest due
to its smallest value of selection layer. ASL is
slower than FastKV because its token selection is

usually at deeper layers than FastKV’s.

TPOT. Table 5 reports the time per output token
(TPOT), varying context lengths on RULER. Like
TTFT, the numbers are also reported in the ratio
to full KV. All the KV cache reduction methods
exhibit faster decoding speed than full KV. For
Llama-3.1-8B, FastKV, GemFilter and ASL meth-
ods are faster than SnapKYV, and similar TPOTs
are observed for these methods under longer con-
texts. For Qwen2.5-7B, SnapKYV, FastKV, and
ASL report similar TPOTs, whereas GemFilter be-
comes the fastest and ASL_2pass shows competi-
tive speed for context lengths over 64k.
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Table 3: Accuracy (1) comparison on RULER, averaged over 13 tasks.

Methods \ 4k 8k 16k 32k 64k 128k
Llama-3.1-8B-UL, KV Budget = Full.
Full KV \ 94.2 92.0 89.5 81.1 73.1 68.6
Llama-3.1-8B-UL, KV Budget = 2048.
SnapKV 93.8 88.3 81.0 74.8 63.6 55.6
FastKV 93.4 85.8 79.3 69.5 60.1 55.1
PyramidInfer 76.4 74.7 OOM OOM OOM OOM
ASL 93.7 87.0 79.7 73.0 63.2 56.1
GemFilter 92.5 81.1 79.0 76.0 71.0 66.7
ASL_2pass 82.2 74.6 74.8 78.5 69.7 54.5
Llama-3.1-8B-UL, KV Budget = Full (before selection) & 2048 (after selection).
FastKV 93.7 87.3 82.9 73.0 63.4 60.6
ASL 94.2 90.5 87.2 80.0 70.5 69.2

Qwen2.5-7B, KV Budget = Full.

Full KV ‘ 94.0 93.0 92.7 89.6 86.5 82.3
Qwen2.5-7B, KV Budget = 2048.
SnapKV 89.9 77.9 75.3 71.8 66.8 65.0
FastKV 91.0 79.7 75.3 69.9 63.2 59.1
PyramidInfer 37.9 30.2 OoOM oOM ooOM ooOM
ASL 89.9 71.5 75.5 75.1 71.7 66.4
GemFilter 79.7 67.7 66.9 63.8 60.4 56.7
ASL_2pass 78.3 70.7 67.9 71.5 69.1 62.5
Qwen2.5-7B, KV Budget = Full (before selection) & 2048 (after selection).
FastKV 91.3 80.6 75.8 70.6 64.2 59.1
ASL 94.0 91.2 88.0 83.6 80.9 74.2

Table 4: TTFT () comparison on RULER, averaged over
13 tasks. Ratio to Full KV (= 1) is reported.

Table 5: TPOT (|) comparison on RULER, averaged
over 13 tasks. Ratio to Full KV (= 1) is reported.

Methods | 4k 8k 16k 32k 64k 128k Methods | 4k 8k 16k 32k 64k 128k
Llama-3.1-8B-UL, KV Budget = 2048. Llama-3.1-8B-UL, KV Budget = 2048.

SnapKV 1.08 1.05 1.04 1.03 1.01 1.01 SnapKV 098 094 083 068 048 030

FastKV 085 0.66 058 053 051 050 FastKV 091 085 077 062 043 027

Pyramidlnfer | 2.09 3.38 OOM OOM OOM OOM PyramidInfer | 1.57 1.63 OOM OOM OOM OOM

ASL 1.06 092 082 0.61 0.67 0.79 ASL 0.89 086 0.77 0.62 044 0.28

GemFilter 1.11 0.74 057 049 045 044
ASL 2pass | 1.65 1.17 092 0.65 0.69 0.80

GemPFilter 0.81 0.80 0.71 058 040 0.25
ASL 2pass | 0.80 0.77 0.69 0.57 041 0.25

Qwen2.5-7B, KV Budget = 2048.

Qwen2.5-7B, KV Budget = 2048.

SnapKV 1.07 1.04 1.03 1.02 1.01 1.01
FastKV 087 0.69 0.61 056 055 054
PyramidInfer | 1.94 3.15 OOM OOM OOM OOM
ASL 1.12 1.03 093 083 0.79 0.81

GemPFilter 1.19 083 0.66 057 055 0.53
ASL 2pass |1.73 143 125 148 0.79 0.95

SnapKV 098 0.87 070 048 029 0.15
FastKV 099 0.88 0.71 048 030 0.15
Pyramidlnfer | 1.39 1.32 OOM OOM OOM OOM
ASL 1.01 0.89 0.72 049 030 0.15

GemPFilter 0.76 0.68 055 037 023 0.11
ASL 2pass | 0.76 0.72 062 055 023 0.13

Throughput. Table 6 shows the throughputs of ASL,
FastKV, and GemFilter on RULER, 128k context,
2048 KV budget. We report mean, median, 95th
percentile, and 99th percentile. The latter two refer
to the slowest 5% and 1% queries, respectively.
ASL trails FastKV and GemFilter, with mean
throughputs of 74% (Llama-3.1-8B-UL) and 69%
(Qwen2.5-7B) compared to FastKV. ASL_2pass
reports mean throughputs of 67% (Llama-3.1-8B-

UL) and 55% (Qwen2.5-7B) compared to Gem-
Filter. For the slowest queries on Qwen2.5-7B,
the gap between ASL and FastKV/GemFilter be-
comes smaller, e.g., 72% throughputs compared to
FastKV and 79% compared to GemFilter.

ASL trades throughput for accuracy, as shown
in Table 8 for the above setting (Qwen-2.5-7B),
where substantial accuracy improvement can be
seen. In addition, the number of output tokens
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Table 6: Throughput (1).

Methods | Mean Median 95th 99th

Llama-3.1-8B-UL, KV Budget = 2048.

FastKV 3.07 1.84 049 0.36
ASL 2.27 098 029 0.26
GemFilter | 2.36 1.60 028 0.14
ASL_2pass | 1.57 0.70  0.18 0.09
Qwen2.5-7B, KV Budget = 2048.
FastKV 3.43 219 057 0.29
ASL 2.35 1.54 040 0.21
GemFilter | 3.32 220 041 0.14
ASL_2pass | 1.82 1.82 029 0.11

Table 7: Memory usage () comparison, averaged over
13 tasks, numbers reported in GB.

Models ‘Full KV SnapKV FastKV ASL GemFilter ASL_2pass

InfiniteBench, average context length = 214k, KV budget = 2048.
Llama-3.1-8B-UL ‘ 18.6 0.3 03 03 0.3 0.3

Qwen2.5-7B 8.6 0.2 0.2 0.2 0.2 0.2

RULER, context length = 128k, KV budget = 2048.
Llama-3.1-8B-UL ‘ 17.1 0.3 03 03 0.3 0.3

Qwen2.5-7B 7.5 0.2 0.2 0.2 0.2 0.2

Table 8: Performance of varying KV budgets, Qwen2.5-
7B, RULER, 128k. TTFT and TPOT are reported in ratio
to Full KV (= 1). Memory usage is reported in GB.

Methods ‘ Accuracy (1) TTFT () TPOT () Memory (|)
KV Budget = 2048.

FastKV 59.1 0.54 0.15 0.2

ASL 66.4 0.81 0.15 0.2

GemFilter 56.7 0.53 0.11 0.2

ASL_2pass 62.5 0.95 0.13 0.2
KV Budget = 8192.

FastKV 67.0 0.55 0.18 0.5

ASL 68.5 0.94 0.18 0.6

GemFilter 59.9 0.55 0.11 0.5

ASL_2pass 66.5 0.96 0.11 0.5

for the RULER benchmark is small (27 for mean
and 120 for 99th percentile). For real-world appli-
cations, in which the number of output tokens is
often much larger, the gap between the through-
puts of ASL and FastKV/GemFilter tends to be
even smaller, because most processing time will
be spent on the decoding stage and these methods
report almost the same TPOT (Table 5).

Memory Usage. Table 7 reports the memory usage.
All the KV cache reduction methods consume far
less memory than full KV, and their memory usages
are almost identical. This showcases that ASL’s
additional overhead in memory is negligible.

5.4 Varying KV Budget

Table 8 shows the performance under two KV bud-
get settings: 2048 and 8192. By trading TTFT,

Table 9: Effect of relative variance threshold 7, RULER,
128k. TTFT is reported in ratio to Full KV (= 1).

Metrics ‘ 7=02 7=03 7=04 7=05 7=06
Llama-3.1-8B-UL, KV budget = 2048.
Accuracy (1) 55.4 56.1 55.1 57.1 57.9
TTFT (}) 0.93 0.79 0.66 0.60 0.57
Llama-3.1-8B-UL, KV Budget = Full (before sel.) & 2048 (after sel.)
Accuracy (1) 68.6 69.2 63.2 63.6 63.8
TTFT (}) 0.92 0.78 0.66 0.61 0.57
Qwen2.5-7B, KV budget = 2048.
Accuracy (1) 64.9 66.5 66.9 65.8 62.1
TTFT ({) 0.90 0.83 0.78 0.75 0.73
Qwen2.5-7B, KV Budget = Full (before sel.) & 2048 (after sel.)
Accuracy (1) 78.2 74.2 70.5 67.5 63.3
TTFT ({) 0.92 0.81 0.76 0.71 0.67

ASL and ASL_2pass consistently exhibit higher
accuracy than their counterparts FastKV and Gem-
Filter for the two budget settings. Moreover, ASL
methods report competitive TPOTs and consume
around the same size of memory as others.

5.5 Effect of Relative Variance Threshold

We vary the relative variance threshold 7 from 0.2
to 0.6, and report the results on RULER, 128k in
Table 9. The accuracy for different tasks is reported
in Appendix D.3. TPOT and memory usage are
barely affected by 7 and not reported. The accu-
racy fluctuates for Llama-3.1-8B-UL when 7 varies
from 0.2 to 0.6. For Qwen2.5-7B, under the KV
budget of 2048, the accuracy increases and then
decreases, and when full KV is available before
token selection, a generally decreasing trend of ac-
curacy is observed. TTFT consistently decreases
under larger thresholds, because relative variance
decreases as layers, meeting a larger threshold first.
Seeing the results, we suggest using 7 = 0.3 for
the trade-off between accuracy and TTFT.

6 Conclusion

We proposed ASL, a KV cache reduction method
that adaptively chooses the selection layer for layer-
wise token pruning in various tasks. Observing
attention patterns across tasks, we exploited the
variance of token ranks ordered by attention score.
ASL works in a one-shot selection manner, select-
ing tokens at a layer and propagating only those
tokens to deeper layers. To meet the KV budget
requirement, we jointly used ASL with existing
KV cache reduction methods SnapKV and GemFil-
ter. We evaluated ASL on three benchmarks. The
results demonstrated its accuracy-efficiency trade-
offs compared to state-of-the-art layer-wise token
pruning methods.
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Limitations

In this work, we focus on applying ASL to one-shot
methods such as FastKV and GemFilter. There are
other layer-wise token pruning methods, such as
LasyLLM and OmniKYV, as summarized in Table 1.
These methods select tokens multiple times, and
the way of integrating ASL into these methods is
yet to be investigated. One possible solution is
to use multiple variance thresholds, or a threshold
with a decay factor.

There are also numerous methods for KV cache
reduction that do not belong to the category of
layer-wise token pruning, as noted in Section 2. A
more comprehensive comparison with those meth-
ods may better reveal the positioning of this work.

Another limitation is that only two LLMs, Llama
3.1-8B-UL and Qwen2.5-7B, have been evaluated
for the proposed method. Less competitiveness of
ASL, when integrated with GemFilter on Llama
3.1-8B-UL, has been observed.

Ethical Considerations

In this work, we study reducing memory footprint
and accelerating LLM inference. To the best of our
knowledge, there is no negative societal impact in
this research.

The benchmarks used in the experiments are pub-
lic and have been used in many existing studies on
this topic. The materials do not contain personally
identifying information or offensive content. We
comply with the terms of using the benchmarks.

We used Al assistants to polish the writing of
the paper. We are responsible for all the materials
presented in this work.
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Appendix
A Algorithm Pseudo-Codes

Algorithm 1 calculates pooled attention scores over the most recent tokens (specified by a window) and
uses them to identify the top-k indices for each GQA head group. In parallel, it computes the score ranks
of the pooled attention scores and stores them in a rank cache. Compressed KV entries are returned, in
line with SnapKV (Li et al., 2024).

Based on the rank cache, Algorithm 2 obtains the unique top-k tokens across the most recent Lopg
layers, and then computes the relative variance of their ranks within these Ly layers. If the relative
variance falls below a threshold 7, the current layer is determined as the selection layer, and only the
selected tokens are propagated to subsequent layers. The rank cache is cleared afterwards.

Algorithm 1: GetRanks

Imput: Q, K, V, layer_idx, W, S, KV _budget, rank_cache

// W: window_size, S: kernel_size

Output: compressed KV, update rank_cachellayer_idz]
1 Ny < Len(Q), B < BatchSize, Hy}, < HeadSize, G <— Hy/H); // GQA groups
2 Iy < {Ng—W,...,N;,—1}; // window token indices

-
3 A «+ Softmax <QN{1_\/V2N‘1K + CausalMaskOnLastBlock(W)); /! A € REXHqxWxNg

4 U+ zzlA:,:,t,O:Nq—W§ // past-only histogram, U € RB*Hax(Ng=W)

V < AvgPoollD(U, kernel = S, stride = 1, pad = [S/2]);

P« SumGroups(Reshape(V, [B, Hy, G, N, — W]), over G); // P e RB>xHpx(Ng=W)
k < min(KV_budget, Ng) — W;

I « Concat(TopK(P, k), I,);// per (B, Hy), add window tokens
rank_cachellayer_idz] - RankDesc(P);

10 return K[I],V[I];

W

o e 9 &

Algorithm 2: SelectTokens
Input: layer_idx, KV _budget, W, Liin, Lovs, T, rank_cache, init_var
// W: window_size
Output: select_idx (or None), updated init_var

1 if layer_idx < Ly, then

2 L return None;

3 T < Len(rank_cache[layer_idz]); // sequence length

R+ Stack({rank:_cache[l}}éa:%z—;djdm_%bﬁl); // R € RFosxT " collect and stack
latest Lo,s layer’s rank from rank_cache

5 k< min(K'V_budget — W, T);

J + TopKIndices(R, k, smallest); // per row, J € Nlosxk

U <+ Unique(Flatten(J));

8 (var,init_var) <— RelNormVar(R. 7, init_var); // var =

N

N &

IE[varlayer (R: ,U)]

ot var , tnit_var is

initialized as Variayer(R. ) if init_var=None
9 if var < 7 then
10 I, <« {T,...,T+W —1}; // ensure window tokens
1 select_idx < Unique(Jigst U Iy);

12 rank_cache + 0; // release cache
13 return select_idx;
14 else

15 L return None;
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B Theoretical Analysis

To analyze the performance of ASL, we consider a model with L layers, h KV heads, head dimension
d, and context length n. Next, we analyze TTFT (prefilling time), TPOT (decoding time), and memory
usage.

B.1 TTFT
For full KV, TTFT is

Tran = L - Thun (n)

where Ty (1) denotes the attention processing time per layer.

For ASL, let Lt denote the selection layer.

From layers 0 to Lgeject, the costs are (1) Attention: (Lgeject + 1) - Tarn(1); (2) Pooling: (Lselect — Lmin) -
O(n); (3) Rank computation: (Lgelect — Lmin) - O(nlogn); (4) Variance calculation: (Lgeleet — Lmin) -
O(Lops - m), where m denotes the union size and m < k - Lops.

Atlayer Lgelect, the cost is top-k selection: O(n log k), or O(n) with QuickSelect.

From layers Lgect + 1 to L, the cost is attention with selected tokens: (L — Lgetect — 1) - Tatn (K)-

Therefore, ASL’s TTFT is

TasL = (Lselect+1) “Tatn (n)+(L_Lselect_ 1) “Tatin (k)+(Lselect_Lmin)‘O(n log n+L0bs'm)+O(n IOg k)

Suppose Tyn(n) = O(n? - d + n - d?) for FlashAttention (Dao, 2023). Because Ty (n) > O(nlogn)
for large n (e.g., 128k), the third and fourth terms of Tagp. (i.e., pooling, rank, variance calculation, and
top-k selection) are negligible.

ASL’s TTFT ratio to full KV is

TASL ~ Lselect + 1 + L— Lselect -1 . Tattn(k)
Trun L L Tam(n)

Suppose k = 2048 and n = 131072 (128k context). L = 32 for Llama-3.1-8B-UL and 28 for
Qwen2.5-7B.

Under this setting, the mean Lgeer 18 23.9 for Llama-3.1-8B-UL) and 21.6 for Qwen2.5-7B (Ap-
pendix D.4 reports the the distributions of Leject)-

Therefore, % =~ 0.78 (Llama-3.1-8B-UL) and 0.81 (Qwen2.5-7B).

As for comparison, the empirical ratio in Table 4 is 0.79 for Llama-3.1-8B-UL and 0.81 for Qwen2.5-7B,
showcasing that the above theoretical prediction well matches the empirical result.

As for comparison, in FastKV, Lgect = 15 for Llama-3.1-8B-UL and 14 for Qwen2.5-7B. Therefore,
% ~ 0.5 and 0.54, respectively. Empirical values in Table 4 are 0.5 and 0.54, respectively, exactly
matching the predicted values.

B.2 TPOT
For full KV, TPOT is

Tfu]] =9L- O(n . d)
For ASL, TPOT is

Tas. = L-O(k-d).
ASL’s TPOT ratio to full KV is

TasL k

Trn 0
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When k& = 2048 and n = 131072 (128k context), % =~ 0.016.

FastKV shares the same predication as above.

The empirical ratio of ASL to full KV in Table 5 is 0.028 for Llama-3.1-8B-UL and 0.015 for Qwen2.5-
7B. For Qwen2.5-7B, it roughly matches the prediction. For Llama-3.1-8B-UL, we suspect that the
discrepancy is due to its model-specific implementation (an ultra long variant by NVidia).

B.3 Memory Usage

For full KV, memory usage is

Mfu11:2-L-h-d-n

where 2 accounts for key and value.

ASL introduces two types of memory overhead: (1) Pooled attention scores: Mpool = Lobs - %, where
w is the pooling kernel size; (2) Rank cache: Mk = Lops - %

The total additional overhead is

n
Mast-ov = 2+ Lops - w

ASL’s KV cache size under budget £ is

Maspxv=2-L-h-d-k.

ASL’s memory usage is

Mast, = Mastxv +Masi-ov =2-L-h-d-k+2- Lops -

JE

For Llama-3.1-8B-UL, L = 32, h = 8. For Qwen2.5-7B, L =28, h = 4. d = 128, w = 7, Lo, = 8.

Suppose k = 2048 and n = 131072 (128k context).

Therefore, % ~ 0.016 for both LLMs.

FastK'V’s memory usage equals to Mas; kv, thereby yielding approximately the same prediction as
above.

Table 7 shows that the empirical ratio is 0.018 for Llama-3.1-8B-UL and 0.027 for Qwen2.5-7B. The
discrepancy can be attributed to additional memory consumption such as workspace for FlashAttention,
PyTorch memory management, and activations for FFN.

C Experimental Setup Details
C.1 Datasets

InfiniteBench. (Zhang et al., 2024), is a benchmark testing LLMs in various aspects of long-context
processing. We use the version provided in the MInference GitHub repository (Jiang et al., 2024a). There
are a a total of 3,992 examples, with an average context length of 214k, evaluating the following 10 tasks:
(1) summarization of a fake book created with core entity substitution (En.Sum a.k.a. longbook_sum_eng),
(2) free-form question answering based on the fake book (En.QA a.k.a. longbook_qa_eng), (3) multiple
choice questions derived from the fake book (En.MC a.k.a. longbook_choice_eng), (4) identification
of talkers in partially anonymized scripts (En.Dia a.k.a. longdialogue_ga_eng), (5) question answering
on a set of Chinese books (Zh.QA a.k.a. longbook_ga_chn), (6) finding which function in a code repo
contains an crashing error (Code.Debug a.k.a. code_debug), (7) finding special integers in a lengthy
list (Math.Find a.k.a. math_find), (8) retrieving hidden keys in a noisy long context (Retr.PassKey a.k.a.
passkey), (9) locating repeated hidden numbers in a noisy long context (Retr.Num a.k.a. number_string),
and (10) finding the corresponding value from a dictionary and a key (Retr.KV a.k.a. kv_retrieval),

RULER. (Hsieh et al., 2024) is a benchmark of synthetic examples for evaluating long-context LLMs with
configurable sequence length and task complexity. It consists of 13 tasks, including (1) identifying common
words from a mixture of common and uncommon words (cwe), (2) identifying most frequent words from
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a Zeta distribution (fwe), (3) single-key NIAH, where a single key-value pair is inserted into noisy text,
with varying difficulties (niah_single_1, niah_single_2, and niah_single_3 a.k.a. S-NIAH1, S-NIAH2, and
S-NIAH3, respectively), (4) multi-key NIAH, where multiple keys are inserted and a specific value among
hard distractors needs to be retrieved, with varying difficulties (niah_multikey_1, niah_multikey_2, and
niah_multikey_3 a.k.a. MK-NIAH1, MK-NIAH2, and MK-NIAH3, respectively), (5) retrieving values
for multiple keys (niah_multiquery a.k.a. MQ-NIAH), (6) retrieving all values associated with a single
key (niah_multivalue a.k.a. MV-NIAH), (7) question answering with distracting paragraphs inserted, with
varying difficulties (qa_1 and qa_2 a.k.a. QA1 and QAZ2, respectively), (8) tracing all variable names
pointing to the same value through variable bindings (vt). We test models on 4k, 8k, 16k, 32k, 64k, and
128k context lengths, including 2,600 examples per length.

NIAH. (Kamradt, 2024) is simple needle-in-a-haystack analysis to test in-context retrieval ability of
long-context LLMs. The model needs to identify a random fact or statement (the “needle”) from a
long-context window (the “haystack’). The evaluation iterates over document depths (where the needle is
placed) and context lengths. We scale the test from 1k to 256k.

C.2 Methods

We compare our method, ASL, with three layer-wise token pruning methods:

* GembFilter (Shi et al., 2024), a one-shot method using a two-pass strategy for token selection. In the first
pass, it calculates full attention for the first L layers, finding the top-k tokens at the L-th layer; in the
second pass, it calculates attention for the selected token set for all layers.

* FastKV (Jo et al., 2025), a one-shot method similar to GemFilter but having only one pass. Before
reaching the selection layer, full attention is calculated for prefilling but only top-% tokens are retained
in the KV cache for decoding. From the selection layer, only top-£ selected tokens are carried forward
to deeper layers for both prefilling and decoding.

* PyramidInfer (Yang et al., 2024), a progressive method that performs top-p selection and adopts a decay
ratio to determine the value of p at each layer.

The selection layer for FastKV is 15 for Llama-3.1-8B-UL and 14 for Qwen2.5-7B. The selection layer
for GemFilter is 13 for Llama-3.1-8B-UL and 14 for Qwen2.5-7B. For 1D average pooling in SnapKV
and ASL, window size = 32 and kernel size = 7.

LazyLLM (Fu et al., 2024a) and SlimInfer (Long et al., 2025), another two layer-wise token pruning
that optimize prefilling, are excluded due to unavailable source codes. MInference (Jiang et al., 2024b),
despite optimizing TTFT, is also excluded because it is orthogonal to our method and its block-sparse
kernel does not reduce KV cache.

C.3 Environments

The experiments are conducted on an Nvidia H100 GPU with 80GB memory. We run the LLMs with the
Hugging Face Transformers library (Wolf et al., 2020). All the methods use FlashAttention-2 (Dao, 2023),
except Pyramidlnfer, which uses eager attention (Face, 2025).

D Additional Experiments

D.1 TTFT and TPOT on InfiniteBench

Tables 10 and 11 report the TTFT and TPOT on the 10 tasks of InfiniteBench. Compared to the results
on RULER (Tables 4 and 5), the observations are similar. ASL and ASL_2pass trade prefilling time for
higher accuracy, while the decoding speed is approximately the same as other layer-wise methods.

D.2 Effect of L., and L

To study the effect of observation start layer number L,;,, and lookback layer number Loy,s, we plot the
relative variance under different settings of Lyi, and Lops in Figure 8.

L,in. From Figure 8, we observe that the relative variance generally exhibits a decreasing trend under

smaller values of L,i,. In contrast, the relative variance fluctuates more violently and even rebounds
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Table 10: TTFT (J.) comparison on InfiniteBench. Ratio to Full KV (= 1) is reported.

Methods \En.Sum En.QA En.MC En.Dia Zh.QA Code.Debug Math.Find Retr.PassKey Retr.Num RetrKV \ Avg.

Llama-3.1-8B-UL, KV Budget = 2048.

SnapKV 1.00 1.01 0.99 0.99 0.99 1.01 1.01 1.02 1.01 1.01 1.00
FastKV 0.50 0.50 0.51 0.50 0.51 0.50 0.50 0.52 0.50 0.50 0.50
ASL 0.58 0.73 0.76 0.71 7.70 0.67 0.67 0.47 0.60 0.68 0.68
GemPFilter 0.44 0.44 0.44 0.43 0.44 0.45 0.44 0.45 0.44 0.44 0.44
ASL_2pass | 0.58 0.74 0.77 0.71 0.71 0.69 0.67 0.48 0.62 0.68 0.69
Qwen2.5-7B, KV Budget = 2048.
SnapKV 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
FastKV 0.54 0.53 0.54 0.53 0.54 0.54 0.54 0.54 0.53 0.53 0.53
ASL 0.80 0.82 0.90 0.85 0.85 0.82 0.73 0.77 0.70 0.73 0.82
GemFilter 0.54 0.53 0.53 0.53 0.53 0.53 0.53 0.54 0.52 0.53 0.53
ASL_2pass | 0.80 0.83 0.90 0.85 0.84 0.83 0.72 0.76 0.70 0.73 0.82

Table 11: TPOT ({) comparison on InfiniteBench. Ratio to Full KV (= 1) is reported.

Methods \En.Sum En.QA EnMC En.Dia Zh.QA Code.Debug Math.Find Retr.PassKey Retr.Num Retr.KV \ Avg.

Llama-3.1-8B-UL, KV Budget = 2048.

SnapKV 0.31 0.35 0.26 0.20 0.26 0.29 0.35 0.34 0.30 0.29 0.29
FastKV 0.27 0.31 0.23 0.17 0.23 0.25 0.32 0.29 0.27 0.25 0.25
ASL 0.29 0.29 0.24 0.18 0.23 0.25 0.32 0.29 0.26 0.25 0.25
GemPFilter 0.32 0.30 0.21 0.17 0.23 0.24 0.25 0.22 0.25 0.21 0.23
ASL_2pass | 0.32 0.29 0.20 0.17 0.23 0.24 0.24 0.23 0.24 0.21 0.23
Qwen2.5-7B, KV Budget = 2048.
SnapKV 0.16 0.12 0.12 0.09 0.12 0.13 0.18 0.15 0.15 0.15 0.13
FastKV 0.16 0.12 0.12 0.09 0.12 0.13 0.18 0.15 0.15 0.15 0.13
ASL 0.16 0.12 0.12 0.09 0.12 0.12 0.18 0.15 0.15 0.15 0.13
GemFilter 0.15 0.09 0.09 0.07 0.09 0.09 0.13 0.07 0.11 0.11 0.10
ASL_2pass | 0.14 0.09 0.09 0.07 0.09 0.09 0.14 0.06 0.11 0.12 0.10

under larger Ly, values. In order to find a threshold to determine the selection layer, we choose to use
Lyin = | Lmode1/3] in ASL, where Lpogel is the number of the layers in the LLM, e.g., [32/3] = 10 for
Llama-3.1-8B-UL and |28/3| = 9 for Qwen2.5-7B. This is to strike a balance between the identification
of the steepest decline in variance and the additional overhead (because we only start the operation of
ASL when reaching layer L;p).

L,ps. As shown in Figure 8, Lqps represents the sensitivity of the relative variance to attention scores,
which change across layers. A smaller Ly,g suggests that the variance is more responsive to the change of
layers. Seeing this, we choose Lops to be 8 control the sensitivity and effectiveness (i.e., the decreasing
trend can be identified, so we can use a threshold to determine the selection layer).

D.3 Effect of Relative Variance Threshold

We report the effect of 7 across the 13 tasks of RULER in Table 12, where accuracy is measured at a
context length of 128k. When the KV Budget is set to 2048, the general trend is that accuracy varies only
slightly across different 7 settings for all 13 tasks, except for outliers observed on niah_single_3 with
Qwen2.5-7B at the smallest (7 = 0.2) and largest (7 = 0.6) values. In contrast, when KV compression
methods are not applied (i.e., when the KV Budget is full before the selection layer), the accuracy on tasks
such as niah_single_3 and niah_multikeys_3 are highly sensitive to 7. For example, with Qwen2.5-7B on
niah_multikeys, the accuracy exceeds 70 at 7 = 0.3 but drops sharply to only 3.0 at 7 = 0.6.

D.4 Distributions of Selection Layer

Figures 9 and 10 show the frequency of a layer determined as the selection layer RULER, 128k context,
and a KV budget of 2048. Each task in RULER consists of 200 questions. Compared to FastKV, which
uses fixed layer selection, we observe that in tasks where FastKV reports lower scores, ASL selects a later
layer than FastKV, while in tasks where FastKV reports higher scores, ASL picks a selection layer close
to FastKV’s.
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Figure 8: Effect of L, and Loy on relative variance, KV retrieval task.

Table 12: Effect of relative variance threshold 7 on accuracy (1), RULER, 128k.

7 |S-NIAH1 S-NIAH2 S-NIAH3 MK-NIAH1 MK-NIAH2 MK-NIAH3 MV-NIAH MQ-NIAH VI CWE FWE QA1 QA2 | Avg.
Llama-3.1-8B-UL, KV Budget = 2048.
0.2 100.0 98.0 63.0 89.5 15.0 0.5 46.6 744 752 015 672 580 345|555
0.3 100.0 98.0 44.0 88.5 15.0 0.5 72.6 73.9 753 005 67.0 60.5 345 |56.1
0.4 100.0 95.0 45.0 87.5 7.5 0.5 74.9 71.9 75.6 005 657 580 34.0|550
0.5 100.0 96.0 64.5 90.0 10.0 0.5 76.9 70.8 754 005 652 585 350|571
0.6 100.0 96.0 71.0 89.0 10.5 0.5 76.6 75.0 76.1 005 652 585 340|579
Llama-3.1-8B-UL, KV Budget = Full (before selection) & 2048 (after selection).
0.2 100.0 98.5 99.0 90.0 68.5 15.0 67.6 87.6 834 0.05 90.5 56.0 350 ]68.6
0.3 100.0 98.5 90.0 89.5 68.0 14.5 87.5 87.4 83.1 0.05 87.3 60.0 33.5]69.2
0.4 100.0 95.5 63.0 88.5 31.5 11.5 91.5 83.6 83.0 0.05 820 58.0 33.0]|63.2
0.5 100.0 97.0 72.5 90.0 26.5 10.5 90.9 83.0 83.1 0.05 81.0 58.0 34.0]63.6
0.6 100.0 96.5 76.0 89.0 29.5 8.0 91.3 85.4 827 0.05 793 585 335|638
Qwen2.5-7B, KV Budget = 2048.
0.2 100.0 99.5 16.5 99.5 85.0 0.0 82.9 98.9 89.1 10.1 56.5 61.0 44.7 | 649
0.3 100.0 99.5 335 99.5 85.0 1.5 83.4 98.9 88.1 11.1 60.7 58.0 44.7 | 66.4
0.4 100.0 99.5 36.0 100.0 85.0 1.0 83.0 99.0 88.0 114 612 610 447|669
0.5 100.0 97.5 23.5 99.0 85.5 1.0 79.9 98.8 882 114 625 620 455|657
0.6 100.0 88.5 7.5 92.5 86.0 1.0 70.0 97.5 88.5 114 622 590 432621
Qwen2.5-7B, KV Budget = Full (before selection) & 2048 (after selection).
0.2 100.0 99.5 84.5 99.5 96.5 87.0 85.5 99.6 83.1 93 623 615 477|782
0.3 100.0 99.5 48.0 99.5 96.5 72.5 85.5 99.6 819 115 623 593 482|742
0.4 100.0 99.5 43.0 100.0 96.5 26.5 86.0 99.6 81.6 12.1 627 623 46.2|70.5
0.5 100.0 97.0 27.5 99.5 96.5 9.0 83.0 99.6 827 121 625 620 455|675
0.6 100.0 88.5 8.5 93.5 97.0 3.0 74.3 98.3 842 12.0 613 593 432|633
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Figure 9: Distributions of selection layer across tasks, Llama-3.1-8B-UL, RULER, 128k, 7 = 0.3.
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Figure 10: Distributions of selection layer across tasks, Qwen2.5-7B, RULER, 128k, 7 = 0.3.
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