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Abstract

Large language models (LLMs), built upon Transformer architectures, have demonstrated
remarkable performance in a wide range of natural language processing tasks. However,
their practical deployment—especially in long-context scenarios—is often hindered by the
computational and memory costs associated with managing the key—value (KV) cache
during inference. Optimizing this process is therefore crucial for improving LLM efficiency
and scalability. In this study, we propose a novel entropy-guided KV caching strategy
that leverages the distribution characteristics of attention scores within each Transformer
layer. Specifically, we compute the entropy of attention weights for each head and use the
average entropy of all heads within a layer to assess the layer’s contextual importance.
Higher-entropy layers—those exhibiting broader attention dispersion—are allocated larger
KV cache budgets, while lower-entropy (sink-like) layers are assigned smaller budgets.
Instead of selecting different key—value tokens per head, our method selects a common set
of important tokens per layer, based on aggregated attention scores, and caches them uni-
formly across all heads within the same layer. This design preserves the structural integrity
of multi-head attention while enabling efficient token selection during the prefilling phase.
The experimental results demonstrate that our approach improves cache utilization and
inference speed without compromising generation quality. For example, on the Qwen3 4B
model, our method reduces memory usage by 4.18% while preserving ROUGE score, and
on Mistral 0.1v 7B, it reduces decoding time by 46.6%, highlighting entropy-guided layer
analysis as a principled mechanism for scalable long-context language modeling.

Keywords: LLM; KV cache; transformer; LLM inference optimization; attention entropy;
memory-efficient caching

MSC: 68T50

1. Introduction

LLMs, such as those based on the Transformer architecture [1], have become essential
tools in natural language processing (NLP), powering applications ranging from dialogue
systems to scientific content generation. As these models scale in size and input sequence
length, the computational cost of inference becomes a major bottleneck, especially in real-
time or resource-constrained environments. In particular, efficient inference is crucial for
enabling responsive and accessible LLM-based services.

To address these challenges, various optimization strategies have been proposed to
accelerate inference without degrading output quality. One widely adopted technique
is key—value (KV) caching, which stores past hidden states (keys and values) during
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autoregressive generation to avoid redundant computation in self-attention modules [2].
During each decoding step t, instead of recomputing all previous hidden representations
{x1,...,x¢_1}, the model accesses precomputed key and value Kj;;_1, V},;_1 from cache to
compute attention. This effectively reduces the per-step cost of attention from recomputing
O(t-dpoger) per step to simply referencing and multiplying existing vectors.

However, traditional KV caching approaches typically store all tokens for all layers
and all heads, regardless of their contextual relevance. Since these caches grow linearly
with the number of tokens and layers, the total memory footprint becomes quadratic over
long sequences [3], i.e., O(t-T-dy), where L is the number of layers and T the number of
past tokens. This uniform storage leads to memory inefficiency and redundancy, as many
cached key—value pairs receive little to no attention during actual generation.

Prior studies [4-12] have attempted to improve cache efficiency by introducing dy-
namic or sparse caching mechanisms, yet many rely on per-head token selection strategies
that are difficult to reconcile with the multi-head attention structure of Transformers. Specif-
ically, storing different token subsets per head can disrupt the structural coherence required
for multi-head concatenation and residual integration.

To overcome these limitations, we propose a novel KV cache allocation strategy based
on layer-wise attention entropy analysis. Specifically, we compute the entropy of attention
scores for each head and use their average to determine the contextual importance of each
layer. Layers exhibiting broader attention dispersion (i.e., higher entropy) are allocated
larger KV cache budgets, while layers with more sink-like attention patterns receive smaller
budgets. Rather than selecting distinct tokens for each head, we identify a shared set of
important tokens for each layer using aggregated attention scores during the prefilling
phase. This design preserves the integrity of multi-head attention while enabling efficient
and semantically meaningful cache utilization. Our method thus provides a principled and
scalable approach for memory-efficient inference in long-context LLMs.

2. Related Work

In Transformer-based LLMs, the key—value (KV) cache is a crucial component for
efficient autoregressive decoding. By storing hidden states from previous tokens, models
can avoid redundant computation in self-attention layers. However, the vanilla KV caching
strategy, which stores KV pairs for all tokens across all layers and heads, results in signifi-
cant memory consumption and computational redundancy. This becomes particularly prob-
lematic in scenarios requiring real-time inference or deployment on resource-constrained
environments such as mobile or edge devices, where memory efficiency is critical.

To address these limitations, several recent studies have explored selective KV caching
strategies. HyO (Heavy-Hitter Oracle) [13] introduces a dynamic caching mechanism that
retains only the top-k tokens with the highest attention scores along with the most recent
tokens at each decoding step. This approach preserves critical context while reducing
unnecessary memory overhead. StreamingL.LM [14] takes a complementary approach by
identifying frequently attended “sink tokens” such as [BOS] or punctuation marks, and
caches only those tokens along with the most recent ones. This results in a fixed-size cache
that preserves essential dependencies without growing linearly with input length.

Recent work has extended these ideas with more structured or adaptive methods.
Buzz [15] proposes a beehive-structured sparse KV cache that partitions the token sequence
into segments and identifies heavy-hitter tokens within each segment. This localized
approach improves contextual relevance while maintaining a sparse and efficient cache.
NACL [16] introduces a runtime-adaptive eviction strategy that monitors token utility
during inference. Rather than relying on static heuristics, NACL dynamically removes
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tokens with low contextual impact based on live attention patterns, making it applicable
across tasks without retraining.

Scissorhands [17] builds on the persistence-of-importance hypothesis, which assumes
that truly important tokens maintain their relevance over multiple decoding steps. It
selectively retains such tokens while pruning short-lived ones, reducing cache size while
preserving long-range dependencies. Keyformer [18] takes a more discriminative approach
by learning to select key tokens for retention, based on their contribution to downstream
attention flows. It applies token selection at each layer independently, enabling fine-grained
control of cache size with minimal loss in performance.

SepLLM [19] introduces a compression strategy that replaces contiguous segments of
tokens with learned separator tokens. These tokens serve as proxies that summarize the
semantic content of entire spans, allowing the model to retain important information while
dramatically reducing memory usage. This method trades some granularity for extreme
efficiency and shows strong results in long-context scenarios.

While all of these methods aim to reduce the computational and memory overhead of
KV caching, they vary in how they identify and retain important context. Our approach
differs by allocating cache budgets dynamically per head based on the entropy of attention
distributions. This enables more fine-grained, head-aware caching that adjusts to the
internal dynamics of the model at each decoding step, offering an adaptive and principled
alternative to fixed strategies.

3. Entropy-Guided Layer Budget Allocation

In Transformer-based language models, self-attention operates through multiple atten-
tion heads in each layer, enabling the model to capture diverse contextual dependencies.
While these heads attend to different positions in the input sequence, their attention dis-
tributions often exhibit varying degrees of focus—some concentrating heavily on a few
tokens (sink-like), while others distribute attention more broadly. To exploit this variability,
we propose a dynamic key—value (KV) cache allocation strategy that leverages the attention
entropy across heads to assign cache budgets in a layer-wise manner.

Specifically, we compute the entropy of the attention distribution for each head and
average the values within each layer to estimate the contextual importance of that layer.
Based on this entropy-derived importance score, we allocate larger cache budgets to
layers [20] with broader (i.e., higher entropy) attention patterns, and smaller budgets to
layers with low-entropy, sink-like heads.

To maintain structural and semantic coherence, we select a shared set of top-k tokens
per layer using aggregated attention scores and apply this uniformly across all heads
within the same layer. This ensures that multi-head attention remains aligned while al-
lowing memory-efficient caching. The selected tokens are determined during the prefill
phase, enabling efficient and context-sensitive KV caching during subsequent autore-
gressive decoding. This process is illustrated in Figure 1, which compares our entropy-
guided caching strategy with static and sink-based approaches during both the prefill and
decoding phases.

Importantly, this selection process is grounded in an information-theoretic rationale.
The entropy of an attention distribution quantifies the uncertainty or diversity in how
attention is spread across tokens. A high entropy indicates that the head integrates infor-
mation from a broad range of context, whereas a low entropy reflects concentrated focus
on a few tokens. By averaging each heads entropies [21-27] at each layer, we obtain a
layer-level estimate of its contextual integration capacity. This enables us to assign larger
cache budgets to information-rich layers, which are more likely to contribute semanti-
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Figure 1. Comparison of three KV caching strategies during prefill and decoding phases. From left
to right: (i) static caching stores all keys/values regardless of context importance; (ii) sink + recent
caching reduces memory usage but risks losing critical long-range context; and (iii) our proposed
entropy-guided caching retains top-k tokens selected during prefill and supplements them with
sink and recent tokens during decoding. The number of top-k and recent tokens is dynamically
determined per layer based on the average entropy of its attention heads.

3.1. Measuring Attention Entropy per Head

At decoding step t, let the attention distribution of layer I, head h be denoted as

at(Lh) € RTaEl’h) ¢ RTat(l,h) € RT, where T is the number of previous tokens. This

distribution is derived via the standard softmax of scaled dot-product attention:

(4
(Lh) ven
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ti q(l,h) )
T t 7
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We define the Shannon entropy of this distribution as:

Zatz 1ogatz

A lower entropy indicates that the attention mass is highly concentrated on a few
key positions—i.e., a sink behavior—while a higher entropy implies a broader and more
diverse focus across tokens. This entropy serves as a proxy for the contextual richness that
each head demands. To obtain the contextual importance of each layer, we aggregate the
entropy values of all its heads. Layers with higher average entropy are interpreted as more
contextually demanding and are therefore assigned larger cache budgets.

3.2. Determining Layer Importance via Average Attention Entropy

We compute the entropy for all attention heads within each Transformer layer and
average them to define a layer-wise importance score I()

10— Ly o
Hth
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Layers with higher average entropy are interpreted as more contextually important,
as they tend to attend over a broader range of tokens. Based on this importance score, we
allocate a larger KV cache budget to layers with higher entropy. Unlike earlier approaches
that consider head-level allocation, our method assigns cache budgets at the layer level
and selects a common set of informative tokens per layer, which are then shared across all
heads. This design ensures architectural consistency in multi-head attention while enabling
entropy-aware memory optimization.

3.3. Cache Budget Allocation and Token Selection

During the prefill phase, we compute the attention weights for all tokens in the input
sequence and estimate the entropy of each head’s attention distribution within each layer.
The layer-wise importance score is then computed by averaging head entropies, and a total
cache budget B is distributed proportionally across layers based on their relative entropy:

(O]

W _pg._~°
T, 107
where k(!) denotes the number of tokens to cache for layer I, and I() is the average entropy
of that layer as defined in Section 3.2.
For each layer, we compute the attention score for each token positioni € {1,...,T}
by aggregating attention weights across all heads in prefill phase:

(lrh) (

i/ (only during prefill phase)

Here, aEll-’h) denotes the attention weight from token position i to token t, computed by

head h in layer 1. Tj,.f;;; represents the total number of tokens in the input sequence used
l

oy

their corresponding key-value pairs in the cache. These tokens reflect globally important

during the prefill stage. We then select the k;,,, tokens with the highest scores and store
context information identified prior to decoding.
During the decoding phase, the final KV cache used for attention in each layer consists of:

The top—kg;

tokens selected from the prefill phase in each layer;
2. A fixed number of recent tokens;

3. Asingle sink token (typically the first token in the sequence).

The layer-specific cache budget is split evenly between global and local contexts:

0 = 5O

1 1
o)+ kL KD = 05k

sink+recent ” top

This hybrid token selection approach ensures that the cache captures both long-range
semantic dependencies and short-term contextual continuity, while maintaining efficiency
through entropy-aware allocation.

To enhance reproducibility and clarity, we summarize the entropy-guided KV caching
algorithm in Algorithm 1. The procedure consists of three main steps: (1) computing head-
wise attention entropy per layer, (2) assigning a layer-wise KV budget between predefined
min/max, and (3) selecting tokens via a top-k attention score and recent-token fallback.
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Algorithm 1: Entropy-Guided KV Caching (Pseudocode)

for each layer L:
entropy_L = mean([entropy(head_i) for head_i in layer L])
budget_L = scale(entropy_L, min=8, max=128)
top_k_tokens = select_top_k_tokens(attn_score_L, k=budget_L//2)
recent_tokens = select_recent_tokens(k=budget L//2)
cache_L = top_k_tokens + recent_tokens

Table 1 summarizes the per-layer computational complexity of the three KV caching
strategies considered in this work. All methods operate under a fixed token budget
k, limiting the number of retained past tokens. Static caching uniformly preserves the
most recent k tokens without any selection overhead. Sink caching filters recent tokens
based on sink-like attention patterns, introducing minimal selection cost. In contrast,
our entropy-guided strategy dynamically allocates layer-wise budgets using attention
entropy and performs top-k selection based on aggregated attention scores, resulting in
additional sorting overhead (O(T log T)). Despite this cost, the method remains efficient
due to the constrained attention window (O(H x k x d)) and provides greater adaptability
across layers.

Table 1. Complexity analysis of KV caching methods.

Overall Complexity

Method Entropy Computation = Token Selection Cost Attention Computation Per Layer

Static Caching None None OHXx k xd) OHXx k xd)
Sink Caching None O(k) O(H x k x d) O(H x k x d)
Entropy-Guided O(H) O(Tlog T) OHXxk x d) O(H x (logT + k x d))

3.4. Empirical Observations and Prefill-Decode Consistency

Empirical analysis revealed that many heads in intermediate layers exhibited very
low entropy, frequently attending to a small, fixed set of tokens. These heads display a
sink-like behavior, and caching only the dominant tokens is sufficient.

Furthermore, we observed a strong correlation between the cumulative attention scores
in the prefill stage and token usage during decoding, indicating that our entropy-guided
selection in the prefill phase closely reflects actual attention patterns during generation. This
validates the reliability of entropy as a signal for proactive and selective caching, leading to
both efficiency and quality retention. Figure 2 illustrates this consistency between prefill
and decode phases.
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Figure 2. Visualization of the cosine similarity between attention score distributions in the prefill and
decode phases, across all layers and heads of the model. Each cell represents the similarity between
the attention weights computed at prefill time and those observed during actual autoregressive
decoding, for a specific head in a specific layer. Higher similarity values (closer to 1.0, shown
in yellow) indicate that the attention patterns established during prefill remain stable throughout
decoding, while lower values (darker regions) suggest deviation or instability. The overall high
similarity across most heads and layers demonstrates that prefill-phase attention entropy serves as a
reliable predictor of attention behavior during inference. This finding empirically supports the core
assumption of our caching strategy—that the tokens identified as important based on prefill attention
can be safely reused during decoding without significant semantic loss.

4. Experiment

In this experiment, we evaluated the effectiveness of the proposed entropy-guided
KV caching strategy, which allocates cache budgets based on a combination of sink token
selection, top-k attention scoring, and recent token retention. This method was compared
against two baseline strategies: static caching, which stores all past tokens uniformly across
layers and heads, and recent-only caching, which retains only a fixed number of the most
recent tokens without regard to attention distribution.

The comparison was conducted using three instruction-tuned language models:
LLaMA 3.2 3B [28] Instructed, Mistral 0.1v 7B Instructed [29], and Qwen3 4B [30]. For each
model and caching method, we evaluatde generation quality using ROUGE scores, while
measuring inference efficiency in terms of end-to-end generation latency and peak GPU
memory consumption. All experiments were conducted on a single NVIDIA V100 GPU.
We used the Transformers library version 4.51.3, and set the do_sample parameter to False
to ensure deterministic generation and eliminate uncertainty in performance evaluation.

Specifically, we recorded the total wall-clock time required to generate a complete
output sequence, rather than measuring throughput in tokens per second. This provides a
more realistic estimate of user-perceived latency during inference.

We considered three representative caching strategies in our evaluation. The static
caching method retains nearly all past tokens across layers and heads, effectively approxi-
mating a full key—value cache. The sink caching method resembles the StreamLLM [13]
approach, storing only recent tokens with sink-like attention characteristics to reduce
memory usage aggressively. Our proposed method, in contrast, adaptively allocates cache
based on attention entropy. To determine which tokens to cache, we adopted a layer-wise
selection strategy guided by attention entropy. The entropy of each attention head was
computed, and their average was taken to estimate the contextual importance of each
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layer. According to this importance score, a key—value cache budget was assigned per
layer, ranging between a predefined minimum and maximum (e.g., from 8 to 128 tokens).
Within each layer, half of the allocated budget was reserved for top-k tokens, which were
selected based on aggregated attention scores across all heads. This procedure ensures that
token selection is performed independently for each layer, in accordance with its attention
entropy characteristics.

This setup enables a comprehensive analysis of how entropy-based token selection
contributes to efficient long-context inference across models of different sizes. We eval-
uated the models on three long-document summarization datasets from the LongBench
benchmark: GovReport [31], MultiNews [31], and PubMed [32]. GovReport consists of
U.S. government reports and requires summarizing formal, technical documents with
structured content. MultiNews is a multi-document summarization dataset that aggre-
gates information from multiple news articles into a coherent summary. PubMed includes
biomedical research abstracts and full-length articles, demanding precise summarization of
domain-specific scientific text. These datasets present diverse challenges in terms of content
structure, language domain, and input length, making them well-suited for evaluating the
effectiveness of entropy-guided caching in long-context scenarios.

To ensure consistency and reduce variability, we randomly sampled 10 examples from
each dataset for evaluation. GovReport contains approximately 19K examples with an
average input length of ~5600 tokens. MultiNews includes around 56K examples with
a mean input length of ~2100 tokens, while PubMed comprises about 133K biomedical
abstracts and long-form articles, averaging ~2900 tokens per input. This sampling strategy
allows us to assess the generalizability of our method across documents of varying lengths
and domains without incurring excessive computational overhead.

Table 2 describes the ROUGE score, memory consumption, and decoding latency of
three KV caching strategies—static, sink, and the proposed entropy-guided method—across
three instruction-tuned models (LLaMA 3.2 3B, Mistral 0.1v 7B, and Qwen3 4B) and three
summarization datasets (GovReport, MultiNews, and PubMed), with output length fixed
to 512 tokens. The results show that entropy caching consistently achieves a favorable
trade-off: it maintains ROUGE scores comparable to or exceeding static caching while
significantly outperforming the sink method. For example, on GovReport, it achieves
the highest ROUGE for both LLaMA and Mistral with lower memory usage. On Multi-
News and PubMed, it outperforms or matches both baselines while using fewer resources.
Figure 3 illustrates the performance of Mistral 0.1v 7B on the GovReport dataset across the
three KV caching strategies. The entropy-guided method achieves the highest ROUGE-1
score (0.301), significantly outperforming both static (0.245) and sink (0.231) caching, indicat-
ing superior summarization quality. In terms of memory usage, entropy caching consumes
slightly more GPU memory (17,227 MB) than static (17,002 MB) and sink (16,812 MB), but
this overhead is modest given the substantial gain in output quality. Although the decoding
time of entropy caching (26.5 s) is marginally higher than static (25.3 s) and sink (24.1 s), the
increase is minor and justified by the quality improvement. Overall, Figure 3 confirms that
entropy-guided caching provides a favorable trade-off for long-context summarization:
maintaining superior ROUGE scores with minimal additional resource cost.
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Table 2. Comparison of ROUGE-1 score, memory usage, and decoding time across three KV caching
strategies (Static, Sink, Entropy) at fixed input length (512 tokens).

Maxlen = 512 (Govreport) Method Rouge Score Memory (MB) Time (s)
Static 0.256 13,414 14.3
Llama 3.2 3B Instructed Sink 0.232 12,880 13.7
Entropy 0.281 13,042 (2.77% ) 15.1
Static 0.245 17,002 25.3
Mistral 0.1v 7B Instructed Sink 0.231 16,812 241
Entropy 0.301 17,227 26.5
Static 0.321 17,388 19.9
Qwen3 4B Sink 0.212 16,250 19.2
Entropy 0.253 16,439 (5.46% J.) 19.3
maxlen = 512 (multinews) Method Rouge Score Memory (MB) Time (s)
Static 0.335 13,122 13.1
Llama 3.2 3B Instructed Sink 0.120 12,848 13.2
Entropy 0.218 12,986 (1.04% |.) 14.6
Static 0.220 17,669 35.9
Mistral 0.1v 7B Instructed Sink 0.145 17,012 25.6
Entropy 0.226 17,139 (3.0% |.) 26.4
Static 0.216 17,101 19.0
Qwen3 4B Sink 0.100 16,227 19.0
Entropy 0.218 16,386 (4.18 |) 18.5
maxlen = 512 (pubmed) Method Rouge Score Memory (MB) Time (s)
Static 0.270 13,572 14.1
Llama 3.2 3B Instructed Sink 0.134 12,880 13.2
Entropy 0.183 13,043 (3.90% |.) 15.3
Static 0.185 17,376 27.9
Mistral 0.1v 7B Instructed Sink 0.148 17,032 23.4
Entropy 0.178 17,190 (1.07% ) 26.4
Static 0.218 16,702 19.5
Qwen3 4B Sink 0.117 16,239 19.2
Entropy 0.142 16,329 (2.23% |.) 18.9
ROUGE-1 Score Memory Usage (MB) Decoding Time (s)
18000
0.30} 03t 17750 27}
17500} %°
0-28¢ 17250} 17227.0 26
1700013002'0\‘u/ 33
0.26 8 25
16750}
0.245
024} 16500} -
1 16250
0.22 —— — L 16000 L ; 23t . o i
Static Sink Entropy Static Sink Entropy Static Sink Entropy

Figure 3. Visualization of results from Table 1 Mistral 0.1v 7B Govreport dataset: ROUGE-1 score,
memory usage, and decoding time for static, sink, and entropy-guided KV caching strategies with
fixed output length (512 tokens).

Table 3 describes the effect of increasing decoding length (1024 and 2048 tokens)
on memory usage and inference time for each caching method across the three models.
As decoding length increases, entropy-guided caching scales more efficiently than static
caching, offering significant reductions in both memory footprint and latency. For instance,
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in LLaMA 3.2 3B at 1024 tokens, entropy-guided caching reduces decoding time from
49.7 s (static) to 31.5 s (entropy-guided). Although the sink strategy is slightly faster, it
introduces greater instability and quality degradation. Entropy caching offers a more
stable and balanced alternative, preserving quality while delivering comparable efficiency.
Additionally, the one-time overhead introduced during the prefill phase (for entropy
estimation and token scoring) is minimal, accounting for only 3.5% of total decoding
time at 1024 tokens and dropping to 1.8% at 2048 tokens. Among the evaluated models,
Qwen3 4B exhibited the most notable improvements under the entropy-guided caching
strategy. Therefore, Figure 4 focuses on this model to illustrate the comparative performance
across caching methods in terms of memory usage and decoding latency. Figure 4 illustrates
the memory usage and decoding latency of the Qwen3 4B model under three KV caching
strategies—static, sink, and entropy-guided caching. Among the methods, entropy-guided
caching exhibits competitive performance in terms of both speed and memory efficiency.
It achieves a decoding time of 38.8 s, which is substantially lower than that of static
caching (70.5 s) and also notably lower than sink caching (49.4 s). In terms of memory
usage, entropy-guided caching consumes 15,481 MB, which is slightly lower than sink
caching (15,500 MB) and significantly less than static caching (16,076 MB). These results
suggest that entropy-guided caching offers a balanced trade-off between inference efficiency
and resource usage, especially in long-context scenarios.

Table 3. Comparison of memory usage and decoding time across KV caching strategies under varying
decoding lengths (1024 and 2048 tokens).

Decoding Length Method Memory (MB) Decoding Time (s)
Static 12,744 49.7
1024 Sink 12,296 26.9
Entro 12,281 (3.63% 31.5 (36.6%
Llama 3.2 3B Instructed 2 ( L ( i
Static 12,962 75.1
2048 Sink 12,296 53.2
Entropy 12,278 (5.28% 1) 61.8 (17.7% )
Static 16,390 99.6
1024 Sink 16,212 60.2
Entro 16,395 (0.03% 53.2 (46.6% )
Mistral 0.1v 7B Instructed by ( Y v
Static 16,506 183.1
2048 Sink 16,212 1124
Entropy 16,391 (0.70% 1) 104.4 (43.0% 1)
Static 16,076 70.5
1024 Sink 15,500 49.4
Ent 15,481 (3.70% 38.8 (44.9%
Qwen3 4B nopy ( i ( Y
Static 16,361 101.3
2048 Sink 15,500 774

Entropy

15,479 (5.39% |)

77.1 (23.8% 1)
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Figure 4. Visualization of results from Table 2 Qwen3 4B: memory usage and decoding time for each
caching strategy (static, sink, entropy) across different decoding lengths (1024 and 2048 tokens).

5. Conclusions

The experimental results demonstrate that entropy-guided KV caching achieves
both reduced memory usage and faster decoding speed without sacrificing generation
quality. These improvements are particularly pronounced under long decoding lengths
(e.g., 2048 tokens), where static caching becomes inefficient and recent-only caching often
fails to retain semantically important context. By leveraging the entropy of attention distribu-
tions to allocate cache budgets per layer, our method dynamically prioritizes tokens that are
contextually significant, allowing for more effective utilization of limited memory resources.

Compared to prior approaches—such as fixed-length recent token caching or sink
token heuristics—our method provides a more principled and data-driven alternative. It
adapts the cache contents based on model behavior observed during the prefill phase,
rather than relying on static positions or predefined window sizes. This not only enhances
performance but also offers interpretability by highlighting which tokens are most salient
to the model’s decision-making process.

Nonetheless, the current approach has several limitations. First, the selection of top-k
tokens is based solely on cumulative attention scores from the prefill phase. While this helps
avoid redundancy, it may overlook important tokens that emerge during later decoding
steps. Second, assigning shared top-k tokens across all heads in a layer may obscure fine-
grained head-specific patterns. Third, the fixed 50:50 budget split between top-k tokens
and the sink + recent pool is not adaptable to tasks or layers with skewed demands for
global versus local context, which may lead to suboptimal cache usage. Furthermore, the
assumption that mean entropy across heads reliably reflects layer importance may not hold
for short inputs or domain-shifted data, leading to noisy or inefficient budget allocation.
Finally, computing per-head entropy and cumulative attention scores incurs a one-time
overhead of O (LH Tpre fill) which, while acceptable for moderate sequence lengths, may
become a bottleneck in very large models or extremely long documents.

Future research could explore hybrid cache-allocation schemes that combine entropy-
based top-k selection with lightweight mechanisms to track attention drift during decoding.
An adaptive cache scheduler may dynamically adjust the budget ratio between top-k and re-
cent/sink tokens per layer or per task—potentially using a reinforcement learning controller
that monitors latency and memory usage in real time. Additionally, compressing cached
key—value pairs through techniques such as 8-bit quantization or low-rank projection [33-39]
could enable more tokens to be stored without increasing the memory footprint.
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Another promising direction is the integration of alternative attention mechanisms
such as linear or kernelized attention, which could further reduce inference costs by
lowering the quadratic complexity of standard attention—particularly when paired with
entropy-guided token filtering. Moreover, the effectiveness of head-wise attention scores in
the autoregressive decoding phase remains an open question; while useful during prefill,
their utility for guiding dynamic cache updates warrants further investigation.

Finally, current top-k selection strategies do not explicitly address semantic redun-
dancy, potentially leading to inefficient cache usage. Incorporating redundancy-aware or
diversity-promoting selection criteria could improve token utility. The reliance on entropy
as a proxy for importance may also be problematic in cases where attention sharpness fails
to align with semantic informativeness. Incorporating complementary signals—such as
token gradients, prediction confidence, or information gain—may lead to more robust and
adaptive cache allocation strategies.
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