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Abstract

As large language models (LLMs) tackle in-
creasingly complex tasks and longer docu-
ments, their inference cost becomes a major
bottleneck. To address this, we propose Prompt-
Distill, a novel, training-free method that im-
proves inference efficiency while preserving
generation quality. PromptDistill identifies and
retains the most informative tokens by leverag-
ing early-layer attention, preserving their hid-
den states while reducing computation in later
layers. Unlike previous methods such as H20,
SnapKYV, and GemFilter, which perform com-
pression only after full input processing, or ig-
nore contextual dependencies, PromptDistill
dynamically allocates computation to relevant
tokens while maintaining global context. Ex-
periments on LLaMA 3.1 8B, Phi 3.5 Mini,
Qwen2 7B/14B, Phi 3 128k across LongBench,
InfBench, and Needle in a Haystack demon-
strate that PromptDistill achieves substantial ef-
ficiency gains with minimal quality loss. With
a single-stage selection strategy, it outperforms
GemFilter, H20, and SnapKYV, achieving an
overall 1% to 5% performance improvement
with faster inference. Additionally, we explore
multi-stage selection, which further improves
efficiency while maintaining strong generation
performance. These results demonstrate the
adaptability of LLM hidden representations and
provide valuable insights into optimizing infer-
ence for long-context scenarios. We have made
our implementations publicly available .

1 Introduction

Large language models (LLMs), such as GPT,
LLama, Gemini, Mistral, and Claude (Brown et al.,
2020; Grattafiori et al., 2024; Team et al., 2024,
Jiang et al., 2023; Anthropic, 2024) have achieved
strong performance across NLP tasks. However,
their widespread deployment is often hindered by
the high computational and memory costs, particu-
larly during inference with long context. As context

Thttps://github.com/declare-lab/PromptDistill

lengths continue to grow in modern LLLM applica-
tions, efficiently handling extended inputs while
preserving generation quality has become a critical
challenge.

Some approaches, such as MCSD and Mamba
(Yang et al., 2024b; Gu and Dao, 2024), com-
press internal states into a single vector, reducing
complexity from quadratic to linear but often de-
grading performance and scalability. Other meth-
ods modify model architectures to improve effi-
ciency, but require retraining, limiting applicability
to existing models (Wang et al., 2024; Gao et al.,
2024). Recent works explore training-based com-
pression (e.g., CCA-Attention (Chen et al., 2025b),
QwenLong-CPRS (Shen et al., 2025)), achieving
strong results but relying on additional training or
architectural changes.

Training-free methods such as H2O and Snap
(Zhang et al., 2023; Li et al., 2024b) can be directly
applied to existing models, but still process all to-
kens through all layers once, incurring high cost.
GemFilter (Shi et al., 2024) reduces this overhead
by selecting important tokens after partial-layer
processing and re-running them through the full
model. However, it discards hidden representations
of unselected tokens, which may lead to informa-
tion loss and degraded performance.

We propose PromptDistill, a training-free
method that compresses prompts while preserv-
ing global contextual information. We first process
all tokens through several initial layers, then select
important tokens based on query—key similarity
with the last prompt token. PromptDistill differs
fundamentally from GemFilter by retaining the con-
textualized hidden states at the selection layer and
continuing to process them, rather than re-encoding
from scratch. This preserves richer context without
modifying the model architecture. As these hid-
den states have already incorporated full-context
information, this preserves richer context without
modifying the model architecture.
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A potential efficiency challenge is that, dur-
ing generation, each new token still attends to all
prompt tokens in the early layers, incurring addi-
tional time and memory costs. To address this, we
introduce cache truncation, which removes the keys
and values of unselected tokens from the cache for
early layers. This significantly reduces computa-
tion and memory usage while maintaining perfor-
mance, as shown in Section 2.3 and Section 3.3.
Our method thus achieves slightly better compu-
tational efficiency than GemFilter since we avoid
recomputing the selected tokens in the first few
layers.

Building on its information-preserving design,
PromptDistill supports multi-stage selection for
progressive compression. Unlike GemFilter, which
can select tokens only once at a fixed layer, Prompt-
Distill enables retaining more tokens in early layers
and fewer in later ones, improving efficiency while
preserving performance and balancing computa-
tional savings with contextual fidelity.

In our experiments, we apply PromptDis-
till to LLMs such as LLaMA-3.1, Qwen2(7B),
Qwen2.5(14B), Phi3(mini), Phi3(medium), and
Phi3.5(Grattafiori et al., 2024; Yang et al., 2024a;
Abdin et al., 2024) and evaluate on reliable bench-
marks like Longbench, Infbench, and Needle in
a Haystack (Bai et al., 2024; Zhang et al., 2024a;
Nelson et al., 2024). These extensive experiments
clearly show that our method outperforms base-
line methods, including full attention, GemFilter,
SnapKYV, and H20 (Shi et al., 2024; Li et al., 2024b;
Zhang et al., 2023). In particular, compared to
GemFilter, our method improves time efficiency
and achieves better performance.

Additionally, we provide a comprehensive anal-
ysis of other aspects of our method, demonstrat-
ing how multi-stage selection improves efficiency
while preserving performance.

Our contributions are summarized as:

* We propose PromptDistill, a training-free,
generic modification for LLMs that signif-
icantly boosts efficiency while maintaining
comparable performance to full attention. It
selects key tokens and retains their hidden
states in intermediate layers to create an infor-
mative compression of the entire prompt.

* We conduct extensive zero-shot experiments
with single-stage selection to evaluate Prompt-
Distill’s ability to balance effectiveness and
efficiency compared to several well-designed

baselines.

* With multi-stage selection, PromptDistill fur-
ther reduces computational costs without sac-
rificing performance. The experiments also
provide insights into token representativeness
across different layers.

2 Method
2.1 Background

To provide a clear background for our approach,
PromptDistill, discussed in Section 2.2, we first
define the relevant preliminaries and introduce the
token selection method used in our approach. For
a typical LLM, let n represent the input token
sequence length, s the attended token sequence
length, d the hidden feature dimension, and ¢ the
index of a layer. For layer i, the query matrix is
Q" e R™ 4 the key matrix is K(?) € R5*? and
the value matrix is V(¥ € R**9. The standard
self-attention operation for each token is:

Self-Attn(Q, K@, V()

Q(Z)K(Z)T) )

Vd
where Q) KT computes pairwise interactions
among tokens, indicating the relative importance
of each token within layer ¢. These pairwise scores
are key for identifying salient segments in the input
sequence.

Given the input prompt X = (z1,22,...,2Zy)
(embedded in R¢ per token) for the LLM, our ob-
jective is to efficiently process it and generate high-
quality responses. The GemFilter method illus-
trates that the LLMs can identify important tokens
in early layers by attention matrices (Shi et al.,
2024). Based on this knowledge, the token selec-
tion method plays an important role in enabling our
approach, PromptDistill, to achieve its objective.

Specifically, the token selection method identi-
fies the top k& important tokens for a given selection
layer r using the queries and keys defined above:

= Softmax(

T
Select(Q, K" k) = TopkArgmaijSf)K](.T)
2.2 PromptDistill

In Section 2.2.1, we introduce the basic design of
PromptDistill with single-stage selection, exclud-
ing cache truncation. This design has efficiency
limitations, which are addressed by the cache trun-
cation process described in Section 2.2.2. The com-
bination of both forms our proposed method. We
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Algorithm 1 LLM-forward-PromptDistill (with
cache truncation)

Input: LLM M. r, embedded input prompt X, selection
layer r, number of selected tokens &
Cache < [ ]
fori < 0...R do
X,Q0, KD, VO  M(x)
Cache; + K", v
if ¢ equals  then
indices <+ Select(ng)7 K®, k)
X Xindices
for j < 0...ido
K V) «Cache;
K<]) — Ki(n_]dgces
V(]) A V;r(lgi)ces
Cache; + KW v
end for
end if
end for

return generate(X ), Cache

present comprehensive experiments comparing it
to multiple baselines, with results in Section 3.2.
In Section 2.2.3, we extend our method to multi-
stage selections, with corresponding results in Sec-
tion 3.3.

2.2.1 Basic design

We outline the basic design of PromptDistill in
Algorithm 2 and Algorithm 3 (both included in
Appendix Section D). While Algorithm 2 shows
the overall process from receiving the prompt to
generating the output, Algorithm 3 focuses on the
core prompt processing and compression.

In Algorithm 2, after receiving the embedded
prompt, Algorithm 3 processes it. We run several
layers and collect the key-value cache as usual.
After the rth layer, the token selection method in
Section 2.1 selects the top k tokens. Unlike Gem-
Filter, we retain the hidden states of selected tokens
after the rth layer and process the remaining layers
for these tokens. This way, even unselected tokens’
information is roughly captured in the selected to-
kens’ hidden states due to prior self-attention.

After Algorithm 3, the first generated token and
previous cache are fed into the normal LLM for-
ward process to generate the remaining tokens. Our
approach differs from typical LLMs in that the key-
value cache is smaller, as only selected tokens are
processed in layers after the rth layer.

2.2.2 Cache truncation

Although our basic design is significantly more
efficient than typical LLMs, which process all to-
kens across all layers and retain the full key-value

cache for generation, it still has efficiency limita-
tions. Specifically, each newly generated token
continues to attend to all prompt tokens in the ini-
tial layers, leading to unnecessary computational
overhead (further discussed in Section 2.3). To
address this, we introduce a cache truncation mech-
anism to further reduce computation costs.

The forward function of PromptDistill with
cache truncation is detailed in Algorithm 1. Com-
pared to the basic design, after selecting important
tokens and discarding the hidden states of unse-
lected ones, we further prune the key-value cache
by keeping only entries corresponding to the se-
lected tokens across all processed layers. This sig-
nificantly reduces both computation time and GPU
memory usage, making our method even more time-
efficient than GemFilter.

Crucially, our experiments show that cache trun-
cation does not degrade performance (see Sec-
tion 3.3). Therefore, we adopt PromptDistill with
cache truncation as our proposed method.

2.2.3 Multi-stage selection

Unlike GemFilter, which can only select tokens at a
single layer, our approach allows multiple selection
stages. The key insight behind multi-stage selec-
tion is that LLMs have limited ability to identify
and compress important tokens in very early lay-
ers. A single selection in a mid-layer with a small
number of tokens requires processing all tokens in
many layers before selection, leading to high com-
putational and memory costs. Instead, selecting a
large number of tokens in early layers and refin-
ing the selection in later layers provides a better
balance between efficiency and effectiveness.

Algorithm 4 (included in Appendix Section D)
integrates multi-stage selection with cache trunca-
tion. Here the selection layer r becomes a list of
layers, and k corresponds to the number of selected
tokens at each stage. Unlike single-stage selec-
tion, where the cache can only be truncated once
after token selection is performed at a specific layer,
and is thus truncated to match the final selection
size, multi-stage selection allows truncation after
each selection stage and introduces a user-defined
parameter tt, representing how many times trunca-
tion is performed. This ensures that the final cache
size matches k[tt — 1].

The model processes layers normally until reach-
ing a selection layer, where it retains only the se-
lected tokens’ hidden states. If this is the p-th selec-
tion step (p starting from 0) and p < tt, truncation
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is applied to remove unselected tokens from all
completed layers. The process repeats until all
layers are completed, allowing for flexible cache
structuring for further token generation.

To maintain consistency in baseline comparisons,
we primarily evaluate the single-stage version of
PromptDistill. However, we showcase the effec-
tiveness of multi-stage selection in our analysis.

2.3 Theoretical Analysis

In Table 1, we provide a theoretical comparison
of computation time and GPU memory usage be-
tween our method and various baselines. Variable
definitions are provided in the table caption. To
ensure consistency, we analyze PromptDistill with
single-stage selection and cache truncation. "Al-
IKV" refers to the original LLM using full attention.
Baseline values are taken from GemFilter’s paper
(Shi et al., 2024), with our method’s values added
for comparison.

Inference efficiency is analyzed in two parts:
prompt computation and token generation. For
GemFilter, all n tokens are processed for 7 layers
to select k important tokens, which are then used
for rerunning the full m layers to generate tokens.
They put the part of processing all tokens in 7 layers
in the prompt computation stage and the remaining,
including processing the selected prompt, in the
generation stage. Following this structure, we also
place our computation for the first r layers in the
prompt computation stage, while the subsequent
processing of selected tokens and token generation
falls under the generation stage.

For the time cost, in the first stage, both Prompt-
Distill and GemFilter only need to run r layers
for all tokens, while other methods run all lay-
ers for all tokens. This gives PromptDistill and
GemFilter the same time cost in this stage, both
better than other methods. In the second stage,
while GemFilter runs selected prompt tokens for
©(mhk?3d), PromptDistill only processes the re-
maining m — r layers for the selected tokens’ hid-
den states, requiring ©((m — r)hk?d). Both meth-
ods then generate ¢ tokens with a key-value cache
of size k for the prompt, taking © (mh(kt + t2)d).
Thus, the total time cost in the second stage is the
sum of the selected tokens’ cost and the generation
cost: for GemFilter, © (mhk2d+mh(kt +1%)d) =
O(mh(k® + t?)d), while for PromptDistill it is
O((m — r)hk%d + mh(kt + t?)d) = O(mh(k? +
t2)d — rhk?d). Since GemFilter is already more
efficient than AIIKV, SnapKYV, and H20O(Shi et al.,

2024) as shown in its paper, and PromptDistill fur-
ther improves generation time efficiency over Gem-
Filter, PromptDistill achieves the best overall time
efficiency.

For GPU memory usage, in the first stage, we re-
quire only 7 layers of model weights, which is rw,
the same as GemFilter. Since all keys and values
must be stored before selecting tokens, memory
usage is 2rhnd, proportional to the number of lay-
ers before selection. In the second stage, we retain
the full model weights and store up to k + ¢ to-
kens’ keys and values for all layers, the same as
GemFilter, SnapKYV, and H20.

PromptDistill reduces re-computation but incurs
higher peak memory than GemFilter, since it stores
all token hidden states up to the selection layer.
When memory permits, PromptDistill offers better
performance and latency; under stricter memory
constraints, GemFilter provides a more memory-
efficient alternative.

Further analysis about theoretical analysis for
different settings of PromptDistill (without Cache
Truncation, with multi-stage selection) is presented
in Appendix Section E.

3 Experiments

3.1 Experimental Setup

For our main experiments, we use PromptDistill
with single-stage selection and cache truncation.
Since compression methods primarily improve ef-
ficiency for long inputs, we evaluate on three au-
thoritative long-context benchmarks: LongBench,
InfBench, and Needle in a Haystack (Bai et al.,
2024; Zhang et al., 2024a; Nelson et al., 2024). All
models in our experiments use greedy decoding
(temperature = 0), so repeated runs yield identical
scores (standard deviation = 0). All implemen-
tations are built on top of FlashAttention, which
is fully compatible with PromptDistill as well as
baselines and further improves runtime efficiency
without affecting performance.

For base models, we select Llama 3.1 8B In-
struct (supporting 128K input length), Phi 3.5 Mini
Instruct (supporting 128K input length), Qwen2 7B
Instruct (supporting 32K input length), Qwen2.5
14B Instruct (supporting 32K input length), Phi
3 medium 128k instruct (supporting 128K input
length), and Phi 3 mini 128k instruct (supporting
128K input length) (Grattafiori et al., 2024; Abdin
et al., 2024; Yang et al., 2024a). Baseline methods
include full attention (original model), SnapKYV,
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Stage AIIKV SnapKV and H20 GemFilter PromptDistill (proposed) PromptDistill (no truncation)
Time  Prompt O(mhn?d) O(mhnd) O(rhnd) O(rhnd) O(rhnd)
Generation ~ ©(mh(nt + t?)d) O(mh(kt + t?)d) O(mh(k® +t%)d)  O(mh(k®+t*)d — rhk*d) O(mh(k? + t2)d + rh(nt — kt — k*)d)
GPU Prompt mw + 2mhnd mw + 2hnd + 2mhkd rw + 2hnd rw + 2rhnd rw + 2rhnd

Generation mw + 2mh(n+t)d  mw + 2mh(k +t)d

mw + 2mh(k +t)d

mw + 2mh(k +t)d mw + 2mh(k +t)d + 2rh(n — k)d

Table 1: Complexity Analysis. Here m is the total layer number of LLM, h is the number of attention heads, n is
prompt token length, d is the hidden dimension of each head, r is the index of layer for token selection in GemFilter
and PromptDistill, k£ is the number of selected tokens (for GemFilter and PromptDistill) and the cache size for
generation (for SnapKV, H20, GemFilter and PromptDistill), ¢ is the number of generated tokens, w is the GPU
memory used for model parameters in each layer, n > max{d, k,t}

H20, and GemFilter (Li et al., 2024b; Zhang et al.,
2023; Shi et al., 2024). For both PromptDistill
and GemFilter (Shi et al., 2024), a selection layer
must be specified. We use layer 13 (out of 32)
for Llama 3.1, layer 19 (out of 32) for Phi 3.5,
layer 16 (out of 28) for Qwen2, layer 24 (out of 48)
for Qwen2.5(14B), layer 23 (out of 40) for Phi 3
medium, and layer 19 (out of 32) for Phi 3 mini.
The choices for Llama 3.1 and Phi 3.5 follow Gem-
Filter’s settings for consistency, while Qwen2’s and
Phi3’s selection layers are chosen based on Gem-
Filter’s performance across layers, which will be
further discussed in Section 3.3. In Section 3.3, we
conduct ablation studies and further exploration,
testing various PromptDistill settings, including
multi-stage selection and cache truncation removal.

3.2 Main Results

3.2.1 Long Bench

We first apply our method, along with all baseline
approaches, to three base models on LongBench, a
bilingual long-context benchmark covering tasks
such as multi-hop QA and long-document read-
ing comprehension(Bai et al., 2024). These tasks
require locating and integrating information over
long inputs, which makes them particularly suitable
for evaluating compression methods. To ensure fair
comparisons, we follow the experimental settings
of (Shi et al., 2024). Under these settings, we evalu-
ate All KV (the full-attention original model), H20
with a KV cache size of 4096, SnapKV, GemFil-
ter, and PromptDistill, using selected tokens or KV
cache sizes of 1024, 2048, and 4096. We conduct
preliminary tests on the baseline methods and find
that our results closely match those reported in the
GemFilter paper. Therefore, we directly use their
reported results for baselines and integrate our find-
ings into the table.

In Table 2, we present all results, highlighting
our differences compared to GemFilter. The results
show that while PromptDistill is substantially more

efficient than full attention, it achieves performance
close to full attention in general and even surpasses
it when using the Qwen2 model with 4096 se-
lected tokens. Compared to H20O, which is less effi-
cient than our method, PromptDistill demonstrates
a clear performance advantage. Similarly, while
SnapKYV is also less efficient than our method, our
results remain comparable overall. Finally, com-
pared to GemPFilter, which requires slightly more
computation time but is more memory-efficient on
GPUs, PromptDistill consistently achieves better
results across all cases.

3.2.2 InfBench

We also consider InfBench, a benchmark that stress-
tests long-context models with extremely long in-
puts (average length over 100K tokens), including
synthetic tasks such as math finding and retrieval
as well as real-world tasks like long-document
QA and code understanding(Zhang et al., 2024a).
These tasks require extracting information over
very long sequences, which is particularly chal-
lenging for compression methods. Under these
settings, we adopt the same method settings as
in LongBench, although baseline results for Inf-
Bench from GemPFilter’s report are not available.
The results are presented in Table 3. Compared
to H20 and GemFilter, PromptDistill once again
demonstrates a clear performance advantage, as
observed in LongBench evaluations. More impor-
tantly, this time PromptDistill achieves an obvi-
ous performance advantage over SnapKV. The ex-
tremely poor performance of the Phi-3.5 model
with GemFilter at 4096 selected tokens is explained
in Appendix Section B.

3.2.3 Needle in a Haystack

We also evaluate the methods on Needle in
a Haystack, a diagnostic benchmark that tests
whether models can retrieve a single relevant fact
inserted at varying positions within a very long
document(Nelson et al., 2024). This setup directly
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Method NrQA gqasp MF-en hotpga 2wkqa musq gov_rep gmsum m_news trec triga sam PCount PRe Mean

LLama 3.1 8B Instruct

All KV 32.02 13.04 2734 1623 16.05 1122 34.52 2341 26.89 73.0 91.64 438 7.16 97.73 36.72
H20-4096 2294 12.61 2648 16.63 15.81 10.14 33.51 23.47 26.81 69.0 91.15 4397 6.66 71.67 33.63
Snap-1024 3198 11.17 2533 14.81 1573 10.69 26.95 22.89 25.86 67.5 91.89 4285 7.67 98.16 35.25
Gem-1024 20.71 11.0 2928 19.12 17.01 13.01 30.37 21.75 25.17 63.0 90.7 425 7.15  92.22 34.50
PrDist-1024 24.24 11.36 28.01 16.59 1492 11.7 29.68 22.29 2577 73.5 91.65 43.61 587 95.8 35.36(+0.86)
Snap-2048 3145 11.94 2624 1573 16.03 11.66 29.64 23.24 2644 69.5 91.48 42.68 721 98.03 35.80
Gem-2048 2436 12.63 2539 19.58 17.03 14.11 33.15 22.31 2649 69.5 91.59 42.64 4.61 98.75 35.87
PrDist-2048 28.24 12.86 26.75 17.47 1588 1246 32.06 23 26.86 73.5 91.54 4322 562 97.79 36.23(+0.36)
Snap-4096  32.13 13.12 27.38 16.11 16.08 11.6 32.39 23.47 2676  71.5 91.64 43.46 7.33 97.24 36.44
Gem-4096  25.66 1295 2738 17.76 156 12.02 34.17 23.25 26.87 70.0 92.36 43.34 596  98.0 36.09
PrDist-4096 30.2 13.24 2691 1641 16.12 11.6 34.2 23.08 26.86 725 91.47 44.17 524 97.22 36.37(+0.28)
Phi 3.5 Mini 3.8B Instruct
All KV 27.51 17.23 3563 21.7 257 11.68 34.14 23.17 2495 715 87.37 13.08 7.17 83.85 34.62
H20-4096 19.74 16.23 34.17 21.02 23.05 1049 33.42 21.95 2495 675 86.13 16771 1.55 47.46 30.31
Snap-1024  24.31 16.03 3493 20.72 26.02 13.74 28.27 22.03 24.02 67.5 87.71 14.57 6.08 85.6 33.68
Gem-1024  16.57 1829 3591 2422  26.1 9.7 30.29 18.96 2364 645 85.85 23.02 0.2 8l1.12 32.74
PrDist-1024 2342 21.79 33.69 2346 24.07 12.87 30.39 22.07 24.14 685 87.51 13.56 3.28 83.58 33.74(+1)
Snap-2048 2641 16.59 3699 21.8 26.07 12.57 30.88 22.37 2451 69.5 87.54 13.13 6.57 83.92 34.20
Gem-2048  19.63 14.84 3599 21.38 19.72 10.13 32.39 21.24 2471 65.0 86.49 20.47 2.17 69.5 31.69
PrDist-2048 23.85 17.81 3598 21.57 2478 11.1 32.79 2222 247 69.5 8742 135 443 8275 33.75(+2.06)
Snap-4096  27.25 17.42 369 2137 2542 1255 329 22.6 24.87 70.5 87.45 13.28 6.81 84.04 34.53
Gem-4096  20.95 19.98 3522 28.82 28.21 1398 342 22.45 25.08 64.5 85.86 18.68 3.43  65.56 33.35
PrDist-4096 24.67 16.5 35.88 20.54 25.58 1247 34 2.51 2497 71 8737 13.57 5.8 82.97 34.13(+0.78)
Qwen2 7B Instruct
All KV 2459 444 4525 1299 12.68 8.9 37.64 24.68 27.32 78.5 88.77 46.57 6 74.5 38.06
H20-4096 898 1589 16.64 2138 2242 8.8l 0.02 0.02 0 19 398 0 8 56.62 15.54
Snap-1024 2448 42.66 4541 12.76 12.33 846 2897 24.23 2643 71 88.47 4589 6.67 73.17 36.50
Gem-1024 22.8 38.78 4334 12.8 1449 981 27.85 21.03 26.04 745 88.55 43.21 6.88 46.17 34.02
PrDist-1024 24.35 38.54 4336 13.33 133 9.06 29.25 21.54 26.35 745 89.44 44.36 11 71.62 36.43(+2.41)
Snap-2048 2444 44.69 45.05 13.06 12.16 8.72 3245 24.35 27.1 76 88.77 46.06 6.67 74.83 37.45
Gem-2048  24.01 43.68 4427 11.77 13.44 10.03 31.49 22.3 27.14 785 88.43 43.58 5.88 557 35.73
PrDist-2048 25.65 41.99 4473 13.07 13.53 8.01 33.11 22.47 27.28 775 88.99 46.55 8.67 73.67 37.52(+1.79)
Snap-4096  24.87 4436 44.14 1332 1239 8.67 35.06 24.83 273 77.5 88.77 4645 6.75 75.17 37.83
Gem-4096 2549 46.62 4338 12.09 13.09 9.03 33.85 23.28 27.51 89.49 4485 492 64.75 36.95
PrDist-4096 25.76 44.99 4498 1295 1292 8.66 35.65 23.56 2743 775 89.07 46.24 733 76.04 38.08(+1.13)
Qwen2.5 14B Instruct
All KV 4.11 1085 2558 12.18 1346 8.8 3393 21.34 2527 775 90.1 4754 5.19 89.04 33.21
H20-4096 401 113 2482 1092 1285 6.834 329 20.1 2526 76.0 89.25 46.85 5.1 68.08 31.02
Snap-1024 397 10.6 23.68 12.82 13.77 9.14 27381 21.82 2438 725 89.07 46.43 578  88.58 32.17
Gem-1024 35 731 1891 1067 1292 7.05 28.7 16.43 23.16 715 85.67 41.72 242 70.25 28.59
PrDist-1024 3.39 892 21.13 10.68 13.28 7.51 28.3 18.07 23.95 78.0 90.2 47.11 2.82 88.83 31.59(+3)
Snap-2048 398 1084 254 12.65 1395 8.81 30.63 21.55 2523 745 89.94 46.69 586 88.21 32.73
Gem-2048 392 976 2123 12.01 1323 731 31.2 17.51 249 755 89.37 4238 2.06 82.92 30.95
PrDist-2048 3.63 9.85 2235 11.89 13.57 7.63 31.03 19.07 25.01 79.0 90.38 47.79 3.62 90.04 32.49(+1.54)
Snap-4096  4.08 1099 2529 1229 13.68 9.07 3224 21.15 2542 77.0 89.99 47.12 5.65 88.29 33.02
Gem-4096 369 1072 23.03 11.74 13.59 7.65 33.32 18.46 2536 77.0 90.35 4437 1.75 90.04 32.22
PrDist-4096 3.65 10.71 2475 11.92 13.56 84 33.07 19.78 25.56  78.0 90.27 47.96 442 90.92 33.07(+0.85)
Phi 3 medium 128Kk instruct
All KV 19.65 22.83 36.77 26.09 21.87 18.59 35.28 21.01 27.03 74.0 90.28 44.74 7.02 89.33 38.18
H20-4096 1436 23.45 36.52 24.03 20.57 1321 34.83 20.21 26.85 70.5 89.6 43.25 6.37 54.88 34.19
Snap-1024  19.54 1882 35.08 2738 223 20.04 2721 22.9 25.66 72.0 90.72 4498 8.64 88.25 37.39
Gem-1024 159 20.08 33.22 20.03 21.73 15.8 31.04 20.45 27.02 62.0 81.94 3248 2.03 78.83 33.04
PrDist-1024 17.7 22.69 3579 260 2297 1791 31.07 21.94 26.24  72.0 90.95 43.75 9.61 88.08 37.62(+4.58)
Snap-2048  20.69 21.33 3565 28.0 2223 18.8 30.93 22.06 26.66 73.0 90.45 44.46 943 88.58 38.02
Gem-2048  18.61 2273 34.03 22.76 18.8 17.09 32.81 20.94 26.92 66.5 87.18 40.03 42  89.42 35.86
PrDist-2048 19.65 2228 36.28 27.14 2334 19.68 33.29 21.64 2698 73.5 90.62 44.6 8.89 87.17 38.22(+2.36)
Snap-4096  20.61 22.62 36.58 28.03 21.63 18.85 3347 22.01 27.0 74.0 90.28 45.12 9.43 88.5 38.44
Gem-4096 9.68 14.87 17.05 1193 8.99 531 2.51 6.61 22.19 41.5 47.19 11.04 1.0 0.0 14.28
PrDist-4096 20.93 2223 3547 28.15 22.51 18.84 34.24 21.41 27.01 74.0 90.45 45.19 104 88.08 38.49
Phi 3 mini 128k instruct
All KV 11.07 13.07 31.75 17.83 14.67 12.6 34.73 22.73 26.15 67.5 86.71 25.85 4.5 73.79 31.64
H20-4096  10.15 12.53 30.54 1577 1581 9.51  34.07 20.17 26.14 64.0 83.99 19.55 527 456 28.08
Snap-1024  10.19 11.0 28.14 179 13.28 12.58 27.86 21.38 2462 66.5 86.47 3093 4.17 71.16 30.44
Gem-1024 9.25 11.05 3136 1523 1533 937 31.24 17.21 2495 625 82.85 22.65 292 50.25 27.58
PrDist-1024 9.9 14.01 3049 17.21 15,55 1241 309 21.14 249  67.0 86.74 23.67 4.0 68.58 30.46(+2.88)
Snap-2048 11.3  12.55 27.77 17.9 151  12.89 3047 22.14 2575 675 86.76 32.37 4.04 73.16 31.41
Gem-2048  10.75 12.52 30.56 1545 152 11.03 33.19 20.12 2573 67.0 87.15 21.23 2.75 39.08 27.98
PrDist-2048 10.05 13.43 2942 17.76 14.86 12.15 33.22 21.44 2591 69.0 86.84 23.0 4.0  69.33 30.74(+2.76)
Snap-4096  11.06 13.57 299 17.82  15.63 13.81 33.05 22.43 259 67.5 86.51 30.88 4.62 742 31.92
Gem-4096 577 6.66 1158 4.84 323 259 6.35 4.5 21.75 27.5 13.98 4.03 1.02 1.08 8.21
PrDist-4096 11.25 13.64 29.04 17.81 1524 1271 347 21.74 26.03 68.0 86.74 23.51 4.5 73.28 31.3

Table 2: Evaluation Results for Longbench (PromptDistill’s difference from main baseline GemFilter is labeled).
All KV denotes the uncompressed model, offering the highest performance but lowest efficiency. Compression
methods are designed to approach its performance whilg pjceeding others in efficiency.



Method passkey N_str kv_retr Lb_sum_en Lb_ch_en Lb_qa_en Lb_ga_chn Ld_qa_en mathf coderun codedebug Mean

LLama 3.1 8B Instruct
14.85 12.35

All KV 81.36 8136 66.6 18.86 67.25 15.0 33.14 1.0 1.27 35.73
H20-4096 6.78 6.1 2.0 18.86 47.16 8.79 10.32 7.0 34.0 0.0 18.53 14.5
Snap-1024 81.36 71.36 04 15.45 67.69 11.72 11.89 12.0 34.0 1.0 1.27 28.01
Gem-1024 81.36  81.36 1.8 15.66 36.68 12.08 13.11 14.0 34.29 0.0 19.29 28.15
PrDist-1024 81.36  78.98 2.0 16.02 5.5 12.04 12.39 9.5 32.57 1.25 1.27 28.44(+0.29)
Snap-2048 81.36 77.12 1.2 16.78 67.69 13.41 11.86 10.5 34.0 1.0 1.02 28.72
Gem-20438 81.36 81.36 44 17.02 43.23 11.77 12.91 17.5 31.71 0.0 19.04 29.12
PrDist-2048 81.36  79.49 4.0 16.94 66.38 14.28 12.2 13.0 32.57 1.25 1.02 29.32(+0.2)
Snap-4096 81.36 78.98 3.6 16.44 67.69 14.12 12.21 15.5 34.0 0.75 1.02 29.61
Gem-4096 81.36 81.36  13.0 18.05 44.54 11.81 13.93 11.5 35.14 0.0 14.97 29.61
PrDist-4096 81.36  80.34 9.2 18.26 66.81 14.71 12.48 14.5 32.86 0.25 0.76 30.14(+0.53)
Phi 3.5 Mini 3.8B Instruct
All KV 40.68 40.68 26.8 17.68 48.03 9.1 12.88 10.0 24.57 1.0 19.29 22.79
H20-4096 6.78 6.78 0.4 16.71 35.37 6.84 9.78 6.5 29.14  0.75 5.58 11.33
Snap-1024 62.54 15.25 0.2 13.87 56.33 8.62 12.71 11.5 14.29 0.0 17.51 19.35
Gem-1024 40.68  40.68 0.6 13.53 45.41 7.01 11.48 7.0 15.14 1.5 10.41 17.59
PrDist-1024  40.68  40.68 1.0 15.18 46.72 7.92 12.88 11.5 22.29 1.0 17.01 19.71(+2.12)
Snap-2048 40.51 15.93 0.2 15.18 44.54 8.19 12.95 12.5 26.86 1.25 20.05 18.01
Gem-2048 40.68 40.51 2.0 14.42 45.85 7.33 11.69 7.5 19.43 2.0 16.75 18.92
PrDist-2048  40.68  40.68 2.0 16.0 45.85 8.13 12.53 9.0 23.71 2.0 18.02 19.87(+0.95)
Snap-4096 40.68 17.29 1.4 15.83 44.54 8.33 13.2 12.0 26.29 1.75 20.05 18.31
Gem-4096 0.0 0.0 0.0 1.53 27.51 5.17 1.38 0.5 1.71 0.0 0.0 344
PrDist-4096  40.68  40.68 6.0 16.17 46.72 8.25 12.7 10.0 24.57 1.75 18.02 20.5
(%wenZ 7B Instruct
All KV 27.12  27.12  13.8 16.42 54.59 6.23 10.0 7.0 28.57 0.0 26.14 19.73
H20-4096 0.85 3.05 0.0 47.6 1.41 2.11 1.0 24.29 0.0 0.0 7.3
Snap-1024 2475  5.25 0.4 13.92 55.02 5.91 9.93 8.0 29.14 0.0 26.9 16.29
Gem-1024 2712 27.12 0.2 13.43 43.67 8.17 18.22 12.0 10.0 0.0 28.43 17.12
PrDist-1024  27.12  27.12 0.2 13.72 54.59 5.66 9.67 11.5 27.14 0.0 28.93 18.7(+1.58)
Snap-2048 2525  6.78 0.6 14.51 55.02 6.11 9.93 8.5 28.29  0.25 26.65 16.54
Gem-2048 27.12  27.12 0.2 14.45 44.54 9.17 18.01 14.0 10.86 0.0 28.17 17.6
PrDist-2048 27.12  27.12 0.2 15.01 55.9 5.97 9.61 12.0 28.29 0.0 28.43 19.06(+1.46)
Snap-4096 26.44  9.66 1.2 15.18 55.02 6.21 9.91 9.0 29.14  0.25 26.9 17.17
Gem-4096 2712 27.12 0.8 15.4 44.54 7.56 12.81 16.0 12.0 0.0 28.68 17.46
PrDist-4096 27.12  27.12 0.6 15.74 56.33 6.09 9.59 11.0 28.29 0.0 28.68 19.14(+1.68)
Qwen2.5 14B Instruct
All KV 2712 27.12 182 17.65 60.7 7.01 8.5 18.5 34.57 0.0 38.07 23.4
H20-4096 6.78 6.78 0.8 16.78 53.28 4.86 7.29 12.0 3143 0.0 32.23 15.66
Snap-1024 27.12  21.36 0.8 16.24 60.7 6.79 9.02 13.5 3543 0.0 38.83 20.89
Gem-1024 27.12  27.12 0.0 15.32 40.17 4.1 7.51 16.0 13.71 0.0 25.38 16.04
PrDist-1024  27.12  27.12 0.0 15.93 58.95 5.38 7.86 13.0 33.71 0.0 35.28 20.4(+4.36)
Snap-2048 27.12 2271 4.2 16.39 60.26 6.9 8.38 14.5 36.0 0.0 38.83 21.39
Gem-2048 27.12  27.12 0.0 16.13 44.1 4.59 8.08 17.0 11.71 0.0 25.89 16.52
PrDist-2048 27.12  27.12 0.2 16.76 58.95 5.88 8.45 16.0 34.86 0.0 35.79 21.01(+4.49)
Snap-4096 27.12  24.75 9.6 16.85 59.83 6.96 8.68 17.5 36.57 0.0 38.83 22.43
Gem-4096 2712 27.12 0.2 16.57 47.16 5.15 8.61 21.0 10.57 0.25 26.65 17.31
PrDist-4096 27.12 27.12 0.2 17.49 60.26 6.15 8.26 18.0 35.71 0.0 36.04 21.49(+4.18)
Phi 3 medium 128k instruct
All KV 40.68 40.51 8.6 15.78 62.01 8.25 15.93 6.5 .86 1.0 29.7 21.26
H20-4096 6.78 6.61 0.4 15.9 46.29 6.69 12.63 6.5 31.14 1.0 27.66 14.69
Snap-1024 40.68  20.0 0.2 12.55 55.46 7.83 14.36 5.5 .14 1.0 29.44 17.47
Gem-1024 40.68  40.68 1.0 15.6 48.03 6.88 14.12 11.0 11.14 0.0 28.17 19.75
PrDist-1024  40.68  40.68 1.0 13.91 62.45 8.22 15.52 8.5 0.0 1.5 29.95 20.22(+0.47)
Snap-2048 40.68 24.07 0.2 13.81 58.95 8.16 14.8 8.0 5.14 1.0 29.7 18.59
Gem-20438 40.68  40.68 2.8 15.43 48.03 6.7 13.93 7.5 15.71 0.0 29.44 20.08
PrDist-2048  40.68  40.68 1.8 14.76 63.76 8.26 15.56 8.5 9 1.5 29.95 20.52(+0.44)
Snap-4096 40.68 29.32 0.4 14.1 59.83 8.4 14.93 10.5 543 0.5 30.46 19.5
Gem-4096 0.34 0.0 0.0 0.28 6.11 2.86 2.94 0.0 7.43 0.0 0.25 1.84
PrDist-4096  40.68  40.68 3.0 14.17 63.32 8.67 16.0 9.5 143 1.0 29.7 20.74
Phi 3 mini 128k instruct

All KV 40.68 40.51 264 15.67 55.02 8.71 11.78 7.0 26.86 1.25 21.32 23.2
H20-4096 6.78 6.44 1.0 15.23 44.98 6.63 9.25 10.0 30.0 0.25 12.18 12.98
Snap-1024 40.51 13.9 0.2 12.24 55.02 8.11 10.93 7.0 28.57 1.25 21.07 18.07
Gem-1024 40.68  40.68 2.0 13.49 42.79 6.79 12.88 6.0 16.86 1.75 25.38 19.03
PrDist-1024  40.68  40.51 2.2 13.98 55.46 8.76 11.62 8.5 24.86 1.0 17.01 20.42(+1.39)
Snap-2048 40.51 14.75 0.6 13.4 55.02 9.15 11.01 7.0 26.29 1.5 21.07 18.21
Gem-2048 40.68 40.51 4.8 13.97 43.23 7.25 12.29 5.0 21.43 1.7 24.62 19.59
PrDist-2048  40.68 40.51 52 14.66 54.15 8.01 12.03 11.0 26.57 1.5 20.3 21.33(+1.74)
Snap-4096 40.51 1593 1.6 14.05 55.02 9.12 11.77 8.5 27.43 1.25 22.08 18.84
Gem-4096 0.0 0.0 0.0 2.97 33.19 3.53 1.46 0.0 1.71 0.0 0.0 3.9
PrDist-4096  40.68 40.51 12.2 14.42 54.15 8.19 12.7 9.5 25.14 1.25 21.57 21.85

Table 3: Evaluation Results for Infbench (PromptDistill’s difference from main baseline GemFilter is labeled). All
KV denotes the uncompressed model, offering the highest performance but lowest efficiency. Compression methods
are designed to approach its performance while exceeding others in efficiency.
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Method LLa3 Ph35 Q27B Q2514B Ph3Med Ph3Mi
All KV 85.2 91.7 91.2 90.4 91.7 91.7
Snap-1024 64.0 91.7 90.5 90.6 90.2 91.7
Gem-1024 81.8 91.7 69.7 68.7 91.7 91.7
PrDist-1024  82.6 91.7 71.6 733 91.7 91.7
Snap-2048 71.7 91.7 90.8 90.3 91.7 91.7
Gem-2048 84.7 91.7 81.8 79.7 91.7 91.7
PrDist-2048 843 91.7 822 83.8 91.7 91.7
Snap-4096 77.1 91.7 91.0 90.4 91.7 91.7
Gem-4096 83.3 5.1 89.3 86.9 79 74
PrDist-4096  84.6 91.7 90.2 88.5 91.7 91.7

Table 4: Evaluation Results for Needle in a Haystack.
Instruct versions of the models are used.

k r Mean Score A1 Ao
1024 13 35.36 0 0.86
8192 1024 813 35.39 0.03 0.89
16384 81921024 7813 35.42 0.06 0.92
16384 81921024 5813 35.53 0.17 1.03
16384 8192 1024 3813 35.42 0.06 0.92
16384 81921024 1813 35.32 -0.04 0.82

Table 5: Top-5 multi-stage selection performance on
LongBench (LLama 3.1 8B Instruct), with k and r de-
noting the token numbers and stages for selection, re-
spectively (space-separated for multiple stages). Here,
A1 is the difference in mean score from PromptDistill-
13-1024, and A5 from GemFilter-13-1024.

probes whether context compression or token prun-
ing discards the critical evidence needed to answer
the query. While GemPFilter (Shi et al., 2024) only
evaluates selected tokens or KV cache sizes of
1024, we conduct a more comprehensive evalu-
ation using settings similar to those in LongBench
and InfBench.

Since our results differ from those in GemFil-
ter’s report—likely due to differences in hardware,
Python, or CUDA versions—we do not use their
results as baselines for fair comparison.

For maximum input length, we set 120K for
LLaMA 3.1 8B Instruct (following GemFilter’s
work (Shi et al., 2024)), 86K for Phi-3.5 Mini 3.8B
Instruct (due to GPU memory limitations for the
full attention method), and 32K for Qwen2 7B In-
struct (due to its input length limit). The results
are presented in Section 3.2.2, with additional de-
tailed figures in Appendix Section I. For Phi-3.5,
all method settings yield the same results except
GemPFilter-4096, which encounters the same issue
discussed in Section 3.2.2 and in Appendix Sec-
tion B. Overall, PromptDistill outperforms Gem-
Filter in most cases and surpasses SnapKV in half
of the evaluations.

3.3 Analysis

We empirically determine the selection layer for
Qwen?2 7B Instruct, Qwen2.5 14B Instruct, Phi 3
medium 128k instruct, and Phi 3 mini 128k instruct
in our main evaluations by assessing GemFilter
across different layers on LongBench. We select
the layer where GemFilter performs well while en-
suring it is as early as possible for efficiency. This
approach ensures a fair comparison, as choosing
a layer where GemFilter performs well highlights
its selection ability. We show further details of
this selection process for Qwen2 7B Instruct as an
example in Appendix Section H. We present de-
tailed analysis and empirical results in Appendix
Section C, showing that Cache Truncation substan-
tially increases efficiency while maintaining per-
formance. In addition to the performance results,
we include latency measurements in Appendix Sec-
tion F to complement the theoretical efficiency anal-
ysis in Section 2.3 and illustrate the empirical time
efficiency of PromptDistill relative to the baselines.

3.3.1 Multi-stage Selection Analysis

For multi-stage PromptDistill, different configu-
rations can be explored. Using LongBench for
evaluation, we start from a baseline that selects
1024 tokens at layer 13, with the KV cache trun-
cated to 1024 tokens in all trials. Well-performing
settings are summarized in Appendix Section G
(Section G), and the best ones are shown in Ta-
ble 5.

We first add a selection layer before layer 13 that
keeps 2048 tokens. Since early-layer selection of
2048 tokens degrades performance, we focus on
layers selecting 4096 tokens. Layer 10 performs
best, leading us to test 8192 tokens, first on top
of 1024@L13, then 4096@L.10+1024@L13. This
yields four strong configurations (rows 3—6 in Sec-
tion G). Further adding 16384-token layers gives
the remaining results.

Both tables highlight clear contrasts with Gem-
Filter and single-stage PromptDistill. Some multi-
stage settings match single-stage performance,
while others slightly reduce accuracy but gain
higher efficiency, still surpassing GemFilter. Com-
bined with the theoretical analysis in Section 2.3,
these results confirm that multi-stage selection can
substantially close the memory—efficiency gap be-
tween PromptDistill and GemFilter, offering much
faster inference while preserving performance ad-
vantages.

Although the design space of multi-stage selec-
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tion is large, our experiments reveal a simple heuris-
tic: starting from a strong single-stage configura-
tion, progressively add earlier selection stages that
retain more tokens than later ones to further re-
duce computation. A small validation set suffices
to calibrate layers and token budgets, consistently
yielding efficient multi-stage configurations with
minimal performance loss.

4 Conclusion

PromptDistill is a novel, training-free method that
improves large language model inference efficiency
by retaining only the most informative hidden
states from intermediate layers while preserving
essential context. Unlike prior methods such as
GemFilter, SnapKYV, and H2O, it achieves a bet-
ter balance between speed, memory, and output
quality. Moreover, multi-stage selection further en-
hances efficiency with minimal performance loss.
Extensive experiments across diverse LLMs and
benchmarks demonstrate that PromptDistill is both
effective and generalizable for long-context tasks.

Limitations

While PromptDistill demonstrates clear improve-
ments in inference efficiency and maintains strong
generation quality, several limitations remain. First,
the method relies on attention scores from early
or intermediate layers to select important tokens.
This assumes that early attention signals are suf-
ficient for identifying informative tokens, which
may not always hold, especially for tasks requiring
nuanced understanding at later layers. Although
multi-stage selection partially addresses this, opti-
mal configurations remain empirically determined
and model-specific, requiring additional tuning.
Second, PromptDistill incurs additional memory
overhead due to its design choice to preserve con-
textual richness. Specifically, in order to compute
informative hidden states for the selected tokens,
it must first process and store hidden states of all
tokens up to the selection layer. This ensures that
selected tokens embed sufficient context informa-
tion, but also leads to increased memory usage com-
pared to methods like GemFilter, which discard the
intermediate states of unselected tokens early on.
While PromptDistill reduces recomputation, this
storage strategy may limit scalability, particularly
for very long contexts or resource-constrained de-
ployments. Future methods may better balance
memory usage and context preservation by selec-

tively compressing or approximating the influence
of discarded tokens.

Third, our analysis provides theoretical guaran-
tees only for efficiency gains, not for generation
quality after token pruning. The observed perfor-
mance improvements are empirical and may vary
across prompts and tasks. In particular, we do
not yet have formal bounds ensuring that pruned
prompts retain all task-critical information, which
implies potential prompt sensitivity and unavoid-
able information loss from discarded tokens. Es-
tablishing theoretical conditions for safe pruning
and designing mechanisms to detect or mitigate
such failures remain important directions for future
work.

Lastly, our current evaluation is conducted on
long-context benchmarks such as LongBench, Inf-
Bench, and Needle-in-a-Haystack, which are pri-
marily focused on extractive or reading compre-
hension tasks. While these benchmarks are valu-
able, they only capture a narrow slice of the chal-
lenges faced by LLMs in real-world usage. In prac-
tice, models often need to solve more diverse and
open-ended problems—such as multi-step reason-
ing, decision-making, or synthesis of unstructured
information—where the ability to efficiently lo-
cate, integrate, and reason over relevant content is
crucial. Developing broader, task-oriented bench-
marks that reflect these realistic and complex set-
tings would allow for a more comprehensive evalu-
ation of long-context methods like PromptDistill.
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A Related Work

A.1 Acceleration of Long-Context LLM
Inference

As large language models (LLMs) are increasingly
applied to long-context tasks, the computational
and memory overhead during inference has be-
come a critical bottleneck. FastGen (Ge et al.,
2023) adaptively selects one of five KV cache com-
pression methods based on attention head profil-
ing, reducing generation overhead. Streamingl.LM
(Xiao et al., 2023) mitigates the “attention sink”
issue by introducing placeholder tokens and a lo-
cal attention mechanism. MInference (Jiang et al.,
2024) leverages sparse computation patterns like
A-shape, Vertical-Slash, and Block-Sparse to re-
duce latency in the prefilling stage. ThinK (Xu
et al., 2025b) prunes redundant attention channels
by observing imbalances in the key cache’s channel
dimension. SnapKV (Li et al., 2024b) clusters KV
positions to focus on key prompt features. Mistral
(Jiang et al., 2023) employs a sliding window strat-
egy for efficient long-text inference, while KIVI
(Liu et al., 2024b) applies 2-bit KV cache quanti-
zation to reduce memory and computation costs.
LongGen (Ge et al., 2024) combines sparse atten-
tion patterns with lightweight training strategies,
while RefreshKV (Xu et al., 2025a) dynamically
switches between full-context and partial token at-
tention to improve efficiency. However, our work
builds upon these strategies by focusing on iden-
tifying informative prompt tokens in intermediate
layers. This approach enables efficient token selec-
tion without additional training, achieving minimal
performance degradation. Furthermore, by lever-
aging this structure during tuning, we demonstrate
improved adaptability of the model under extreme
compression scenarios.

A.2 Prompt Selection for Computation
Reduction

Minimizing the number of prompt tokens pro-
cessed during computation is a straightforward yet
powerful method for enhancing efficiency. QLLM
(Li et al., 2024a) partitions text into blocks and
selects relevant ones using query tokens. H20
(Zhang et al., 2023) retains only influential tokens,
while Scissorhands (Liu et al., 2023a) discards less
relevant tokens based on the “importance persis-
tence hypothesis.” Retrieval-augmented specula-
tive Decoding (Chen et al., 2025a) incorporates
a retrieval-augmented generation (RAG) strategy,
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where a draft LLM generates content based on a
simplified context. Retrieval Attention (Liu et al.,
2024a) indexes and searches KV cache vectors to
selectively retain only information relevant to the
current generation. RECOMP (Xu et al., 2023) in-
tegrates extraction and summarization techniques
to preprocess the original context before feeding it
as a prompt, effectively condensing the information.
Deja Vu (Liu et al., 2023b) trains a lightweight algo-
rithm to predict context sparsity at each layer, pro-
viding guidance for token selection in subsequent
steps. Selective Context (Li et al., 2023) leverages
self-information calculations to prune redundant
lexical units directly. Meanwhile, Selective At-
tention (Zhang et al., 2024b) introduces targeted
modulation within the self-attention mechanism,
allowing the model to adjust its attention distri-
bution dynamically based on context importance.
ATTRIEVAL (Zhang et al., 2025) employs atten-
tion mechanisms to better capture implicit facts,
ensuring minimal information loss while reduc-
ing token counts. Unlike these approaches, which
mainly reduce input context tokens, our method tar-
gets effective token selection across intermediate
layers, achieving greater resource efficiency while
maintaining strong performance in constrained en-
vironments.

B Case of extreme performance for
GemFilter

We observe that in InfBench and Needle in a
Haystack, the Phi-3.5 model with GemFilter per-
forms exceptionally poorly when the selected to-
ken count is 4096. After further investigation, we
find that on our machines, Phi-3.5 fails to generate
meaningful responses when the input length is ex-
actly 4096, whereas inputs of 4000 or 4100 tokens
still yield high-quality outputs. This issue may
stem from factors such as the specific hardware
used, CUDA version differences, or the fine-tuning
process of the Phi-3.5 model. Since GemFilter
selects important tokens and reruns them, the 4096-
token prompt length disrupts its performance.

C Cache Truncation Analysis

Here, we present Figure 1, a bar chart comparing
PromptDistill with and without cache truncation
on LongBench using Llama 3.1 8B Instruct (selec-
tion layer 13, selected token counts 1024, 2048,
4096). We also provide detailed scores for all tasks
in Table 6. The results clearly show that perfor-

36.37

36.23 36.2
36.1

1024 2048 4096

’ I 1 No Truncation 8 Truncation

Figure 1: The effect of cache truncation.

Algorithm 2 PromptDistill

Input: LLM M, embedded input prompt X, se-
lection layer(s) r, number(s) of selected tokens
k, max generated token length 7, (optional) trun-
cation times ¢t

# for single-stage selection, r, k will be integers

# for multi-stage selection, r, k& will be lists of
integers with the same length
Generation < [ ]
new_token, Cache <+ LLM-forward-
PromptDistill(M, X, r, k, (optional)tt)
Generationg <— new_token
fort+ 1..T —1do
new_token, Cache <+ LLM-forward(M,
new_token, Cache)
Generation; < new_token
end for
return Generation

mance does not decrease and even improves in
these cases. Since PromptDistill with cache trun-
cation is substantially more efficient than the basic
design without truncation (discussed in Section 2.3)
while maintaining performance, we confidently
adopt cache truncation for both higher efficiency
and stable performance.

D More Algorithms

Three of the algorithms (Algorithm 2, Algorithm 3,
Algorithm 4) described in Section 2.2 are presented
here.

E More Theoretical Analysis

The efficiency of the basic design without cache
truncation is also shown in Table 1 for comparison.
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Method NrQA qasp MF-en hotpga 2wkqa musq gov_rep gmsum m_news trec triga sam PCount PRe Mean
PrDist-1024 (no-trun) 23.1 10.87 26.61 16.12 1547 11.67 29.88 2286 2593 735 91.57 4362 541 9597 35.18
PrDist-1024 2424 1136 28.01 1659 1492 11.7 29.68 2229 2577 735 91.65 43.61 587 958 35.36
PrDist-2048 (no-trun) 27.62 12.61 26.87 1651 1639 1257 3199 2339 2657 735 91.25 4392 526 97.67 36.15
PrDist-2048 2824 1286 26.75 1747 1588 1246 32.06 23.0 26.86 73.5 91.54 4322 562 9779 36.23
PrDist-4096 (no-trun) 28.63 132 2698 1623 1635 1145 33.67 2341 2682 725 9131 4411 5.02 97.82 36.25
PrDist-4096 302 1324 2691 1641 1612 11.6 342 23.08  26.86 725 91.47 44.17 524 9722 36.37

Table 6: Detailed Results for effect of cache truncation with Longbench and Llama 3.1 8B

Algorithm 3 LLM-forward-PromptDistill (single-
stage selection, without cache truncation)

Algorithm 4 LLM-forward-PromptDistill (multi-
stage selection, with cache truncation)

Input: LLM M., embedded input prompt X,
selection layer r, number of selected tokens &
# M has R + 1 layers in total

# X has token length = n

Cache <[]
forz(—O .Rdo
X,QW KO v « M(X)

Cache; + K® v(©)
if 7 equals r then
indices Select(Qg), K® k)
X Xindices
end if
end for
return generate(X), Cache

In stage one, the time cost is the same as our pro-
posed method since cache truncation occurs after
selection. In stage two, while the basic design also
requires ©((m — r)hk?2d) for processing selected
tokens, it differs in key-value cache handling. Since
all prompt tokens’ keys and values are kept in the
first  layers, the generation step takes ©(rh((n +
t)t)d + (m — r)h((k + t)t)d) = O(rh(nt +
t2)d+ (m —r)h(kt +12)d) = O(rh((n — k)t)d +
mh(kt + t?)d). The total time cost then becomes
O((m—r)hk2d+rh((n—k)t)d+mh(kt+t*)d) =
O(mh(k?® + t2)d + rh((n — k)t)d — rhk%d) =
O(mh(k® + t*)d + rh(nt — kt — k?)d). For
GPU memory in stage two, since the cache in
the first r layers is not truncated, memory usage
is mw + 2rh(n + t)d + 2(m — r)h(k + t)d =
mw ~+ 2mh(k +t)d + 2rh(n — k)d. This confirms
that cache truncation is essential for efficiency.

For multi-stage selection, different configura-
tions are possible. As an example, consider select-
ing k&’ tokens at layer 7’ and then k tokens at layer r
with » > 7/ k' > k, finally truncating the cache to
k tokens. The time cost in stage one is O (r'hn?d +
(r — 7")hk'2d). Since a first truncation occurs after
the initial selection, GPU memory usage in stage

Input: LLM Mj.r, embedded input prompt X,
selection layers r, numbers of selected tokens £,
truncation times tt

# r, k are lists with indices 0 : m — 1

# n always refer to the end index of X

Cache <[]
for ¢ <+ Q...R do
X, 0% KO VO « MiX)

Cache; < K( i) V( i)
if ¢ equals 7, for any p then
indices + Select(Q,(f), KO k)
X Xindices
if p < tt then
for j < 0...i do
KW V) «Cache;

KO  K9)

indices
V( ) A V;r(lfizces
Cache; « KW,V 0)
end for
end if
end if
end for

return generate(X ), Cache

one is mazx{r'w + 2r'hnd, rw + 2rhk'd}. After
stage one, the cache size is the same as in single-
stage selection, so stage two has identical time
and memory costs. This shows that multi-stage
selection can substantially improve efficiency with
well-chosen selection layers and token counts.

F Empirical Latency Data

In addition to the theoretical efficiency analysis pre-
sented in Section 2.3 and Appendix Section E, we
report empirical latency measurements in Table 7.
Each entry records the total evaluation time of a
method on the LongBench benchmark using the
Qwen2-7B model.

This work prioritizes method design rather than
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Method Latency (seconds)
All KV 18985.98
H20-4096 18064.70
Snap-1024 11023.39
Gem-1024 8544.96
PrDist-1024 7958.63
Snap-2048 19243.87
Gem-2048 12152.26
PrDist-2048 10469.19
Snap-4096 20093.65
Gem-4096 18106.55
PrDist-4096 16109.35

Table 7: Total Evaluation Latency with LongBench and
Qwen2 7B

system-level implementation optimization. Our
PromptDistill implementation produces the in-
tended outputs, but is not explicitly optimized for
peak runtime performance; similarly, we do not
assume that all baseline implementations are fully
optimized. Moreover, GPU-related factors such as
machine switching and varying system load can
introduce some variance in wall-clock latency mea-
surements.

Despite these factors, the empirical latency re-
sults exhibit consistent trends that align well with
our theoretical analysis. In particular, PromptDis-
till demonstrates clear time efficiency advantages
over comparable baselines across different configu-
rations. Together with the empirical performance
results reported in the main paper, these measure-
ments provide a complementary validation of the
time efficiency benefits of the proposed method.

G Multi-stage selection performance

Here in Section G, we present the complete table
of Multi-stage Selection performance.

H Layer choice experiments

For the Qwen2-7B Instruct model, which consists
of 28 layers, we need to select a layer where Gem-
Filter performs well - demonstrating a strong ability
to identify important tokens — while also ensuring
efficiency by avoiding layers that are too late in
the sequence. As shown in Figure 2, GemFilter
achieves a sudden performance boost at layer 16,
reaching a score of 34.02, substantially higher than
neighboring layers. Although higher scores are

observed at layer 21 (35.15) and layer 23 (34.87),
these layers are too late in the model, leading to
reduced efficiency. Since layer 16 achieves a per-
formance close to the best-performing layers while
maintaining better efficiency, we select it as the
final selection layer.

I Figures for Needle in a Haystack

Here, we present figures (Figure 3, Figure 4, Fig-
ure 5, Figure 6, Figure 7) illustrating the detailed
Needle in a Haystack performance, corresponding
to the scores shown in Section 3.2.2. Each graph
corresponds to a base model with a specific com-
pression method setting. The grids in the graphs
display scores for different context sizes, depth
percentages (needle locations within the context).
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Selection token nums  Selection stages Mean Score  Delta from PromptDistill-13-1024  Delta from GemFilter-13-1024

1024 13 35.36 0 0.86
4096 1024 10 13 35.00 -0.36 0.5
8192 1024 813 35.39 0.03 0.89
8192 1024 513 34.78 -0.58 0.28
8192 1024 413 34.67 -0.69 0.17
8192 4096 1024 81013 35.03 -0.33 0.53
16384 8192 1024 7813 35.42 0.06 0.92
16384 8192 1024 6813 35.38 0.02 0.88
16384 8192 1024 5813 35.53 0.17 1.03
16384 8192 1024 4813 35.32 -0.04 0.82
16384 8192 1024 3813 35.42 0.06 0.92
16384 8192 1024 2813 35.29 -0.07 0.79
16384 8192 1024 1813 3532 0.04 0.82
16384 8192 1024 0813 35.30 -0.06 0.8
16384 8192 1024 1513 34.94 -0.42 0.44
16384 8192 1024 0513 34.81 -0.55 0.31
16384 8192 1024 3413 34.81 -0.55 0.31
16384 8192 1024 2413 34.67 -0.69 0.17
16384 8192 1024 1413 34.64 -0.72 0.14
16384 8192 1024 0413 34.57 -0.79 0.07
16384 8192 4096 1024 581013 35.00 -0.36 0.5
16384 8192 4096 1024 481013 34.95 -0.41 0.45
16384 8192 4096 1024 381013 34.92 -0.44 0.42
16384 8192 4096 1024 281013 34.85 -0.51 0.35
16384 8192 4096 1024 181013 34.90 -0.46 0.4
16384 8192 4096 1024 081013 34.80 -0.56 0.3

Table 8: Multi-stage selection performance on LongBench (LLama 3.1 8B Instruct)

35 4 —@— GemfFilter
34 A
33 A
32 A
31 A

30 +

Average Score

29 A

28 A

27 A

12 14 16 18 20 22
Layer Index

Figure 2: Performance of GemFilter + Qwen2 7B Instruct on LongBench with different selection layers.
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(e) LLama 3.1 8B Instruct + GemFilter-1024: Score = 81.8  (f) Qwen2 7B Instruct + GemFilter-1024: Score = 69.7
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(g) LLama 3.1 8B Instruct + SnapKV-1024: Score = 64.0 (h) Qwen2 7B Instruct + SnapKV-1024: Score = 90.5
Figure 3: Evaluation Results for Needle in a Haystack: LLaMA 3.1 8B Instruct’s and Qwen2 7B Instruct’s scores in

all test cases with model settings AIIKV, PromptDistill-1024, GemFilter-1024, SnapKV-1024. (The x-axis represents
the length of the input tokens, while the y-axis shows the position depth percentage of the ‘needle’ information)

427



Pressure Testing Llama-3.1-8B-Instruct_PromptDistill_layer13_top2048 Pressure Testing Qwen2-7B-Instruct_PromptDistill_layer16_top2048

Fact Retrieval Across Context Lengths ("Needle In A HayStack") 10 Fact Retrieval Across Context Lengths ("Needle In A HayStack") 10
0.8 0.8
5
19 0.6, 06,
& S g
= 8
g 04" 049
[=}
0.2 02
® 00 0.0

N QO G
PR PP S
P97 A T DA N O N O L
7107 P AT GV P

Token Limit

O
o
N L\
5 S

Token Limit

(a) LLama 3.1 8B Instruct + PromptDistill-2048: Score = (b) Qwen2 7B Instruct + PromptDistill-2048: Score = 82.2
84.3

Pressure Testing Llama-3.1-8B-Instruct_GempFilter_layer13_top2048 Pressure Testing Qwen2-7B-Instruct_GempFilter_layer16_top2048

Fact Retrieval Across Context Lengths ("Needle In A HayStack") 10 Fact Retrieval Across Context Lengths ("Needle In A HayStack") 1.0
0.8 0.8
2 2
1]
¢ 06, g 0.6,
& s g s
8
£ 049 £ 04"
g @
=] a
0.2 0.2
IR S Y 0o 0.0
OISR NS SRR AR AN S A Y :
O S F ST g
Token Limit Token Limit

(c) LLama 3.1 8B Instruct + GemFilter-2048: Score = 84.7 (d) Qwen2 7B Instruct + GemFilter-2048: Score = 81.8
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(e) LLama 3.1 8B Instruct + SnapKV-2048: Score = 71.7 (f) Qwen2 7B Instruct + SnapKV-2048: Score = 90.8
Figure 4: Evaluation Results for Needle in a Haystack: LLaMA 3.1 8B Instruct’s and Qwen2 7B Instruct’s scores in

all test cases with model settings PromptDistill-2048, GemFilter-2048, SnapKV-2048. (The x-axis represents the
length of the input tokens, while the y-axis shows the position depth percentage of the ‘needle’ information)
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(c) LLama 3.1 8B Instruct + GemFilter-4096: Score = 83.3  (d) Qwen2 7B Instruct + GemFilter-4096: Score = 89.3
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(e) LLama 3.1 8B Instruct + SnapKV-4096: Score = 77.1 (f) Qwen2 7B Instruct + SnapKV-4096: Score = 91.0
Figure 5: Evaluation Results for Needle in a Haystack: LLaMA 3.1 8B Instruct’s and Qwen2 7B Instruct’s scores in

all test cases with model settings PromptDistill-4096, GemFilter-4096, SnapKV-4096. (The x-axis represents the
length of the input tokens, while the y-axis shows the position depth percentage of the ‘needle’ information)
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Figure 6: Evaluation Results for Needle in a Haystack: Phi 3.5 Mini 3.8B Instruct’s scores in all test cases with

all model settings. (The x-axis represents the length of the input tokens, while the y-axis shows the position depth
percentage of the ‘needle’ information)

430



Pressure Testing Qwen2.5-14B-Instruct_AIIKV

Pressure Testing Qwen2.5-14B-Instruct_PromptDistill_layer24_top1024
Fact Retrieval Across Context Lengths ("Needle In A HayStack") k"

Fact Retrieval Across Context Lengths ("Needle In A HayStack")

10 10
08 08
g §
4 06 g 06
2 g 2 g
< <
£ 04" 2 04"
3 g
o o
02 02
0.0 0.0

Token Limit Token Limit

(a) Qwen2.5 14B Instruct + All KV: Score = 90.4 (b) Qwen2.5 14B Instruct + PromptDistill-1024: Score = 73.3

Pressure Testing Qwen2.5-14B-Instruct_GemfFilter_layer24_top1024

Pressure Testing Qwen2.5-14B-Instruct_SnapKV_top1024
Fact Retrieval Across Context Lengths ("Needle In A HayStack")

Fact Retrieval Across Context Lengths ("Needle In A HayStack")

1.0 1.0
0.8 0.8
g g
g 06 g 06y
& 5 g s
= =
2 04" 2 04"
g g
o o
0.2 0.2
0.0 0.0

Token Limit Token Limit

(c) Qwen2.5 14B Instruct + GemPFilter-1024: Score = 68.7  (d) Qwen2.5 14B Instruct + SnapKV-1024: Score = 90.6

Pressure Testing Qwen2.5-14B-Instruct_PromptDistill_layer24_top2048

Pressure Testing Qwen2.5-14B-Instruct_GemFilter_layer24_top2048
Fact Retrieval Across Context Lengths ("Needle In A HayStack")

Fact Retrieval Across Context Lengths ("Needle In A HayStack")

1.0 1.0
0.8 0.8
g g
S 0.6 o 0.6,
& g & $
£ 042 g 047
g 8
=] =]
0.2 0.2
0.0 0.0

Token Limit Token Limit

(e) Qwen2.5 14B Instruct + PromptDistill-2048: Score = 83.8 (f) Qwen2.5 14B Instruct + GemFilter-2048: Score = 79.7

Pressure Testing Qwen2.5-14B-Instruct_SnapKV_top2048

Pressure Testing Qwen2.5-14B-Instruct_PromptDistill_layer24_top4096
Fact Retrieval Across Context Lengths ("Needle In A HayStack")

Fact Retrieval Across Context Lengths ("Needle In A HayStack")

10 10
08 08
5 5
g 06 g 06y
& g g g
< =
£ 04" 2 04"
3 8
o o
02 02
0.0 0.0

»
Token Limit Token Limit

(g) Qwen2.5 14B Instruct + SnapKV-2048: Score =90.3 (h) Qwen2.5 14B Instruct + PromptDistill-4096: Score = 88.5

Pressure Testing Qwen2.5-14B-Instruct_GemfFilter_layer24_top4096

Pressure Testing Qwen2.5-14B-Instruct_SnapKV_top4096
Fact Retrieval Across Context Lengths ("Needle In A HayStack")

Fact Retrieval Across Context Lengths ("Needle In A HayStack")

1.0 1.0
0.8 0.8
g g
S 0.6 o 0.6,
2 g & §
= =
£ 04" = 0.4”
g 8
=] =]
0.2 0.2
0.0 0.0

QN QN
N $

Token Limit Token Limit
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Figure 7: Evaluation Results for Needle in a Haystack: Qwen2.5 14B Instruct’s scores in all test cases with all
model settings. (The x-axis represents the length of the input tokens, while the y-axis shows the position depth
percentage of the ‘needle’ information)
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