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Abstract

Many-Shot In-Context Learning (ICL) has
emerged as a promising paradigm, leveraging
extensive examples to unlock the reasoning
potential of Large Language Models (LLMs).
However, existing methods typically rely on
a predetermined, fixed number of shots. This
static approach often fails to adapt to the vary-
ing difficulty of different queries, leading to
either insufficient context or interference from
noise. Furthermore, the prohibitive compu-
tational and memory costs of long contexts
severely limit Many-Shot’s feasibility. To ad-
dress the above limitations, we propose Adap-
Shot, which dynamically optimizes shot counts
and leverages KV cache reuse for efficient in-
ference. Specifically, we design a probe-based
evaluation mechanism that utilizes output en-
tropy to determine the optimal number of shots.
To bypass the redundant prefilling computation
during both the probing and inference phases,
we incorporate a semantics-aware KV cache
reuse strategy. Within this reuse strategy, to ad-
dress positional encoding incompatibilities, we
introduce a decoupling and re-encoding method
that enables the flexible reordering of cached
key-value pairs. Extensive experiments demon-
strate that AdapShot achieves an average per-
formance gain of ~10% and a 4.64 x speedup
compared to state-of-the-art DBSA.

1 Introduction

In recent years, Large Language Models (LLMs)
have achieved milestone breakthroughs in natu-
ral language processing. From GPT-3 (Brown
et al., 2020) to the LLaMA (Touvron et al., 2023)
series, the reasoning capabilities of large lan-
guage models are continuously being explored and
enhanced (Zhang et al., 2026a,b). And LLMs
have demonstrated remarkable In-Context Learn-
ing (ICL) capabilities, enabling models to adapt to
downstream tasks without parameter updates.
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Figure 1: (a) Comparison of Few-Shot, adaptive Many-
Shot, and Many-Shot approaches. (b) The EM accuracy
on the QNLI dataset under different shot settings.

While traditional Few-Shot ICL typically relies
on fewer than 10 examples, the latest research
paradigm is gradually evolving toward Many-
Shot ICL (Agarwal et al., 2024; Li et al., 2023;
Bertsch et al., 2025). Studies show that extending
the context window to include hundreds or even
thousands of examples can significantly unlock
the model’s potential in complex reasoning and
knowledge-intensive tasks. As illustrated in Fig-
urel(b), model accuracy overall improves substan-
tially as the number of examples increases. This
scaled ICL paradigm powerfully demonstrates the
strong capability of LLMs to perform pattern recog-
nition and reasoning through large-scale contexts.

Many-shot ICL has demonstrated remarkable
performance, even rivaling fine-tuning methods in
certain scenarios (Yin et al., 2024; Agarwal et al.,
2024). Recent studies (Bhope et al., 2025; He et al.,
2024) have further enhanced its effectiveness by
exploring and optimizing the ordering strategies of
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shots within prompts. However, existing research
typically employs a predetermined fixed number of
shots rather than dynamically adjusting based on ac-
tual task requirements. As illustrated in Figure 1(a),
this fixed strategy exhibits significant limitations.
When the preset number of shots is insufficient (de-
grading to a few-shot regime), it leads to inadequate
learning of complex tasks by Large Language Mod-
els (LLMs). Conversely, when the preset number is
excessive, it may exceed the LLM’s comprehension
capacity or introduce irrelevant noise, thereby inter-
fering with accurate task understanding. As shown
in Figure 1(b), more shots do not always yield bet-
ter results, indicating that different queries require
varying numbers of shots rather than following a
more-is-better principle.

On the other hand, regardless of the number of
examples used, many-shot ICL faces severe effi-
ciency challenges when fully adopting the large-
scale in-context learning paradigm. Furthermore,
due to the O(n?) time complexity of the self-
attention mechanism in the Transformer architec-
ture (Vaswani et al., 2017), inference latency in-
creases dramatically as context length grows. This
poses significant challenges to GPU memory ca-
pacity in practical deployment. Consequently, the
efficiency bottleneck of many-shot ICL has become
a critical issue that must be addressed.

To address the above challenges, we propose
AdapShet, an adaptive many-shot ICL approach,
which dynamically allocates context budget based
on the difficulty of each input query. In further, to
alleviate the increasingly severe efficiency issues
in many-shot ICL, we introduce KV cache reuse
into this domain and propose a semantics-aware
KV cache construction and position re-encoding
method to break the barrier of context sharing
across samples. Specifically, we first design a
probe-based dynamic evaluation mechanism. This
mechanism inserts probes between context win-
dows and calculates output entropy to quantify
model confidence, thereby determining the min-
imum required context budget. To deal with the
efficiency challenges posed by long contexts in
many-shot ICL, we leverage an offline global KV
cache that eliminates prefilling overhead during
probe evaluation and enables effective KV cache
reuse. Within this module, to flexibly reorder sam-
ples without compromising the correctness of posi-
tion information, we design a position decoupling
and re-encoding mechanism. It leverages the math-
ematical properties of Rotary Position Embedding

(RoPE) to dynamically map retrieved KV pairs to
new logical positions through low-cost vector ro-
tation operations. This design allows us to freely
reorder and concatenate KV blocks according to
semantic importance without expensive model for-
ward passes.

Extensive experiments validate AdapShot’s supe-
riority, showing it outperforms DBSA with an aver-
age ~10% performance gain and a 4.64 x speedup.
These results confirm that AdapShot effectively
optimizes the trade-off between accuracy and effi-
ciency in many-shot ICL. The main contributions
of this paper are summarized as follows:

* We propose a probe-based dynamic budget
allocation mechanism that evaluates task diffi-
culty to optimize shot usage and reduce redun-
dant computation. To the best of our knowl-
edge, this is the first work to explore adaptive
many-shot ICL based on the probe.

* We introduce KV cache reuse into many-
shot ICL scenarios to address the increas-
ingly severe efficiency challenges. Further-
more, we propose a position decoupling and
re-encoding strategy that leverages the rota-
tional properties of RoPE to enable low-cost,
lossless, and flexible reordering of shots.

* Through comprehensive evaluation on various
mainstream LL.Ms and multiple benchmark
datasets, experimental results show that our
method significantly reduces inference latency
while maintaining LLM reasoning quality.

2 Related Work

2.1 Many-Shot In-Context Learning

As large language models scale to support extended
context windows, in-context learning has evolved
from few-shot to many-shot paradigms. Agarwal
et al. (2024) pioneered systematic investigation of
many-shot ICL, demonstrating substantial perfor-
mance improvements when incorporating hundreds
of demonstration examples. They further explored
“Reinforced ICL” and “Unsupervised ICL” to miti-
gate dependency on annotated data. Bertsch et al.
(2025) revealed continued performance gains with
increasing examples, particularly for tasks with
large label spaces, while also exhibiting reduced
sensitivity to input permutations.

Existing research has explored many-shot ICL
optimization across several dimensions. For a
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Figure 2: Many-Shot ICL performance of different models across multiple datasets.

demonstration organization, He et al. (2024) pro-
posed HIDO to address order instability. For se-
lection strategies, Golchin et al. (2025) reduced
computational overhead through similarity-based
retrieval with cached demonstrations, while Wan
et al. (2025) introduced BRIDGE to optimize influ-
ential example selection. For scaling approaches,
Gu et al. (2025) and Chen et al. (2025b) devel-
oped IterPSD and MAPLE using pseudo-labeling
techniques. Zou et al. (2025) categorized ICL into
Similar Sample Learning (SSL) and All Sample
Learning (ASL), revealing that models handle 64k
tokens in SSL but some degrade at 16k tokens in
ASL. Applications have extended to specialized do-
mains such as molecular inverse design (Moayed-
pour et al., 2024).

Despite these advances, current methods still
rely on empirically fixed demonstration quantities,
face order-sensitivity constraints that disrupt KV
cache sharing, and encounter severe efficiency bot-
tlenecks. While Xiao et al. (2025) enhanced effi-
ciency via dynamic block-sparse attention, valida-
tion remains confined to simple NLU tasks. Our
AdapShot addresses these challenges by dynami-
cally adjusting the demonstration scale based on
query difficulty.

2.2 Efficient LLM Inference Technology

Sparse attention methods like block-sparse mech-
anisms Child et al. (2019); Zaheer et al. (2020);
Wang et al. (2024); Acharya et al. (2024) and
hierarchical structures Yang et al. (2016) reduce
computational complexity but typically require re-
training. Ratner et al. (2023) proposed Parallel
Context Windows that avoids retraining through
block-sparse attention, though it remains limited to
context-constrained models.

KV cache compression techniques include to-
ken eviction strategies, where Xiao et al. (2023)
discovered "attention sink" phenomena leading to
Streaming.LLLM that preserves only initial and re-
cent KV pairs. Subsequent works Li et al. (2024);

Zhang et al. (2023); Liu et al. (2025) improved
selective retention approaches. However, eviction
strategies face challenges in many-shot ICL sce-
narios where different queries require attention to
different example subsets. Alternative compression
methods like quantization and low-rank approxima-
tion Liu et al. (2024); Zhang et al. (2024) reduce
memory usage while preserving all tokens. The ef-
ficiency of LLMs has also been extensively studied
in multimedia and computer vision (Zheng et al.
(2025); Cao et al. (2026); Zheng et al. (2026)).

Our work integrates inference acceleration tech-
niques into the many-shot ICL domain, enabling
practical deployment of demonstration-rich learn-
ing that was previously computationally pro-
hibitive.

3 Preliminary Study and Motivation

In Many-Shot ICL, we maintain a repository S =
{(z1,91),...,(xN,yn)} of N input-output pairs.
For a query ¢, we select k& examples (typically hun-
dreds to thousands) from S to form context C'. The
LLM then processes LLM(I & C @ q) to generate
the output, where I is the instruction and & denotes
concatenation.

Observation 1: The relationship between the
number of examples and performance is non-
monotonic. As shown in Figure2, as the number
of examples increases from 0 to 1024, model per-
formance exhibits complex variation patterns. For
instance, Llama-3.1-8B on OpenBookQA shows
accuracy dropping from 76% with 256 examples to
73% with 512 examples, and crashes due to mem-
ory limitations at 1024 examples. Additionally,
Qwen2.5-7B on QNLI reaches peak performance
of 78% at 256 examples, followed by a gradual de-
cline. This performance degradation phenomenon
indicates that excessive examples may severely in-
terfere with the model’s reasoning process.

Observation 2: Different models exhibit sig-
nificant variations in perceiving task complex-
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Figure 3: The pipeline of AdapShot.

ity. Notably, "task difficulty” is not an objective
universal standard but is highly dependent on the
capability boundaries of specific models. For exam-
ple, Llama-3.2-3B achieves only 23% accuracy on
TriviaQA even with 1024 examples, indicating this
task is extremely challenging for 3B-scale mod-
els. However, on another knowledge-intensive task,
OpenBookQA, the same model achieves approx-
imately 65% performance with 64-256 examples.
Furthermore, the "optimal number of examples"
varies dramatically across models: Qwen2.5-7B
requires 256-512 examples to reach optimal perfor-
mance on most tasks, while Llama-3.1-8B’s perfor-
mance on CoLA is relatively insensitive to example
count, consistently fluctuating between 50-60%.

Based on these observations, we argue that the
current "one-size-fits-all" static example config-
uration strategy is fundamentally flawed. Each
"model-task-query" triplet requires a unique opti-
mal example configuration. This adaptive approach
avoids both computational waste and performance
degradation from example overload.

4 Method

AdapShot provides an adaptive inference frame-
work that dynamically adjusts context scale based
on the difficulty of input queries, enabling flexible
and efficient allocation of computational resources.
As illustrated in Figure 3, AdapShot first constructs
a semantically-aware global KV cache pool during
the offline phase. Subsequently, during the infer-
ence phase, it employs a probe-based dynamic eval-
uation mechanism that estimates model confidence
using minimal single-token generation. This allows
adaptive determination of the minimum effective
example set. For activated examples, a position

re-encoding mechanism is utilized to perform con-
catenation and position correction solely at the KV
level, avoiding redundant prefilling computation.

4.1 Probe-based Dynamic Evaluation

Many-Shot ICL deployment often falls into the mis-
conception that "more examples are always better,"
leading to significant memory burden and inference
latency, and even performance degradation. To ad-
dress this, we propose a probe-based dynamic
evaluation mechanism to assess the model’s con-
fidence on the current query and dynamically de-
termine whether to continue expanding the number
of examples.

Before formal probe evaluation, the system first
performs semantic relevance ranking on the global
example pool & = {shoty,...,shoty} based on
query q. Following the sorting method in Section
4.2, the obtained Sgoreq = [shot(l), ce shot(N)]
ensures that the most relevant examples are priori-
tized for subsequent procedures.

Based on the sorted results, the probe mecha-
nism adopts an iterative process to dynamically
determine the final context scale. Assuming a step
size of n examples per iteration, the k-th iteration
(k > 1) activates the top (k x n) most relevant
examples and constructs a probe context:

CErObe =1® Ssorted[: k x n] ® ¢ D Pprobe, (1)

where I represents an optional instruction prefix or
task description, @ denotes string concatenation,
and Ppope 1s a probe prompt (e.g., "Based on the
above information, are you confident enough to
answer?"). The model then generates only a single
token (e.g., "Yes" or "No") conditioned on szbe,
and computes the entropy of its output distribution

{p(Yes), p(No)}:

Hy=—- Y

c€{Yes,No}

p(C | Czrobe) logp(c ’ Czrobe)‘

)
If Hy < 7 (where 7 is a preset threshold), the
model is considered to have sufficient confidence
for the task. The iteration stops, and the currently
activated example set is used for subsequent formal
inference. If H, > 7, we set k + k + 1 and
proceed to the next probe iteration.

To mitigate the increased time overhead from
multiple probe cycles, we leverage tree-structured
attention for single-round parallel multi-probe ver-
ification. Given the accelerator’s inherent paral-
lelism, this approach does not introduce significant
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computational overhead but rather reduces the num-
ber of iteration rounds.

For candidate example counts {n1,n2,...,7m},
we construct the following parallel input sequence:
[shoty, ..., shot,, , probe;, shot,, +1, ..., shot,,,
probe,, ...] Additionally, we construct a tree-
structured attention mask M such that each probe
probe; only attends to its corresponding first n;
examples:

o 1 if j < ny and ¢ = probe,, 3)
M;; .
0 otherwise

This allows each probe probe, to independently
generate confidence assessments based on differ-
ent amounts of context in a single forward pass,
while the overall computational complexity is com-
parable to processing the longest sequence. Sub-
sequently, the minimum number of examples sat-
isfying the confidence threshold is selected as the
optimal configuration.

4.2 Semantically-Aware KV Cache

Many-Shot ICL requires prefilling hundreds or
even thousands of examples during inference. The
Key-Value (KV) representations of these examples
introduce memory redundancy and additional in-
ference latency. To substantially reduce this com-
putational overhead without compromising model
performance, AdapShot proposes a semantically-
aware hierarchical KV cache for maximum cross-
sample reuse.

During the offline precomputation phase, Adap-
Shot performs one-time offline computation on the
global example pool S to obtain the KV repre-
sentations for each example shot; across all layers
¢ € [1, L] and attention heads h € [1, H]:

(IC%, Vé%) = Prefill(shot;),
Vie[l,N], £€[l,L], he|l,H]

4

where L denotes the number of model layers, H
represents the number of attention heads per layer,
and ICZh and Vﬂ are the Key and Value tensors for
example shot; at layer ¢ and head h, respectively.
These KV vectors are organized and stored in a
hierarchical structure within the global cache pool.

During online inference, for a new query g,
AdapShot first encodes ¢ to obtain Query vectors
across all layers and heads: Qé?,)l € RTaxd;

Qﬁqg = Encode 1, (q), 5)

where T}, denotes the number of tokens in the query
sequence and d is the hidden dimension.

Next, the system computes semantic relevance
between the query vectors and the Key vectors of
all examples in the global pool. Specifically, for
example shot;, we calculate the attention scores
between the query and the example at layer ¢ and
head h:

| @) . ()T
Al — softmax Qui - Kep)” . (6)
’ Vd

where Aéih e RTa*Ti represents the token-level

attention matrix between the query sequence and
example ¢, with T} being the number of tokens in
example . We average the attention scores across
all tokens to obtain the relevance score s() for
example 7. We rank all examples by their rele-
vance scores {s(1),s(2) ... s(")1 in descending
order and selects the top k examples as the active
set S,ctive- This attention-based retrieval identifies
the most relevant examples for each query with-
out additional encoding models, while reusing the
corresponding KV cache.

4.3 Position Decoupling and Re-encoding

During offline construction, each example shot; is
prefilled independently with position encodings
starting from 0. However, when examples are
reordered during online inference based on rele-
vance scores, directly concatenating cached KV
pairs causes position conflicts.

Consider two examples shot4 and shotp with
lengths T4 and Tp. During offline prefilling,
their position indices are [0,1,...,74 — 1] and
[0,1,...,Tp — 1] respectively. When concate-
nating shotp after shot,, the expected positions
shouldbe [0,...,74 — 1,T4,...,Ta+Tp — 1],
but shotz’s cached Keys still encode positions start-
ing from O, resulting in a position offset A = T'4.

To address this, we leverage the rotational com-
posability of RoPE. The RoPE encoding formula
is:

RoPE(x, p) =x ® cos(pf)

7
-+ rotate_half(x) ® sin(p@), 2

where 8 = [90, 01, ... 70d/2—1] with 6, =
100002/, The key property of RoPE is that a vec-
tor with position p; can be transformed to position
po through an additional rotation of A = py — py.
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Table 1: Performance comparison (Exact Match) of AdapShot and baselines across LLaMA and Qwen architectures.
Best results are bolded. 0.0.M. denotes Out of Memory. We extended DBSAT to these datasets.

Method | LLaMA-3.2(3B) | Qwen2.5-7B

| CoOLA QNLI PIQA | CoLA QNLI PIQA SQuADv2 SVAMP GSM8K MathQA
Zero-shot 0421 0508 0.107 | 0.169 0203  0.298 0.095 0.136 0456 0012
Few-shot (8) 0449 0517 0.193 | 0484 0.541 0318 0.089 0.107 0305 0350
Many-shot (256) | 0.528 0.557  0.345 | 0488 0.780  0.560 0.309 0.146 0450 0483
Many-shot (512) | 0.540 0.579  0.473 | 0.542 0.768  0.522 0.236 0456 0581 0232
Many-shot (1024) | 0.533  0.526 O.OM. | 0550 0.667 O.OM. OOM. OOM. OOM. O.OM.
DBSAT 0.649 0.619 0368 | 0.657 0.807 0.404 0.404 0737 0343 0323
AdapShot (Ours) | 0.777 0.512 0469 | 0.699 0.825  0.599 0.465 0.790  0.649  0.524

Table 2: Inference speedup of AdapShot relative to Many-shot baselines and DBSA on Qwen2.5-7B. Speedup is
defined as the ratio of the baseline’s average latency to AdapShot’s average latency. Higher is better.

Dataset | vs. 64-shot vs. 128-shot  vs. 256-shot  vs. 512-shot | vs. DBSA
CoLA 2.18x 3.03x 3.41x 3.23x 4.62%
QNLI 3.42x 2.85x% 2.98x% 4.63% 5.63%
PIQA 2.08x 2.15x% 2.63% 3.54% 4.27%
SQuAD v2 1.72x 1.65x 1.77 % 4.10x 2.64%
SVAMP 2.09% 2.93x% 3.49x 4.53% 4.72%
GSMS8K 3.21x 3.41x 3.59x 7.59% 427%
MathQA 2.56x% 3.58x% 4.77x 9.12x 6.33%
Average | 247x 2.80x% 3.23x% 5.25x% 4.64 %

Thus, for a cached Key vector K, at original po-
sition peig that needs to be at position ppey, We
compute the corrected Key as:

(4)

®

£,h,new

= ICg,)l ® cos(AB)

(4) ®)
+ rotate_half(/C; ;) © sin(A6)

This mechanism enables efficient position re-
encoding without recomputing Keys, completely
decoupling the physical storage order from logical
positions during inference. This allows AdapShot
to reuse cached KV pairs flexibly while maintain-
ing correct attention computation after semantic
reordering.

5 Experiments

We employ the CoT Collection dataset (Kim
et al., 2023) for comprehensive evaluation, se-
lecting 7 representative tasks across diverse do-
mains and reasoning types: natural language un-
derstanding (CoLA, QNLI, PIQA), question an-
swering (SQuAD v2), and mathematical reasoning
(SVAMP, GSM8K, MathQA). Details are provided
in Appendix B.

5.1 Baselines

We compare AdapShot against multiple baselines
for comprehensive evaluation. For performance,
we test: Zero-shot (no examples), Few-shot (4-8 ex-
amples), Many-shot (64, 128, 256, 512, 1024 exam-
ples), and DBSA (Xiao et al., 2025) (dynamic block
sparse attention with cached example groups). For
efficiency, we measure speedup (ratio of baseline
to our method’s inference time) against Many-shot
variants and DBSA.

5.2 Experimental Setup

All experiments were conducted on a Huawei As-
cend 910B2 NPU cluster. The computational re-
sources included 8 Ascend 910B2 NPUs, each
equipped with 65,536 MB of memory. The CPU
was a HUAWEI Kunpeng 920 5250, with 48 cores
per socket, and the system was configured with
1.5TB of memory. The software environment was
based on the Huawei Cloud EulerOS 2.0 operating
system. For more details in Appendix A.

5.3 Performance Analysis

Table 1 presents the performance comparison be-
tween AdapShot and baseline methods across
LLaMA and Qwen architectures. On the more ca-
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pable Qwen2.5-7B model, AdapShot demonstrates
superior cross-task generalization, outperforming
all baselines, including the state-of-the-art DBSA
method, across every evaluated dataset. Notably,
AdapShot achieves substantial gains in complex
reasoning and comprehension tasks, securing 0.790
on SVAMP (vs. 0.737 for DBSA) and 0.465 on
SQuAD v2 (vs. 0.404 for DBSA). On LLaMA-
3.2 (3B), our method attains an exceptional score
of 0.777 on CoLA, representing a 19.7% improve-
ment over the best DBSAT. These results validate
that AdapShot effectively surpasses current SOTA
approaches by adaptively tailoring retrieval strate-
gies to varying model capabilities.

Furthermore, the results expose the inherent lim-
itations of fixed-length strategies, where increasing
context length does not guarantee better perfor-
mance. As observed in the Qwen2.5-7B results
on QNLI, extending the context from 256 to 1024
shots causes performance to degrade from 0.780 to
0.667, indicating that excessive examples introduce
detrimental noise. Additionally, the 1024-shot set-
ting frequently triggers Out-Of-Memory failures.
In contrast, AdapShot mitigates these issues by dy-
namically identifying the optimal context budget
for each query. It avoids the noise accumulation
seen in over-extended contexts while preventing
memory overflows, demonstrating a robust balance
between computational efficiency and task accu-
racy that rigid baselines fail to achieve.

5.4 Efficiency Evaluation

Table 2 presents the inference speedup of Adap-
Shot relative to fixed Many-shot baselines and the
DBSA method on Qwen2.5-7B. The results demon-
strate that AdapShot achieves substantial improve-
ments in computational efficiency across tasks of
varying complexity, with the advantage becoming
increasingly pronounced as the context scale ex-
pands. In reasoning-heavy benchmarks, AdapShot
attains peak speedups of 9.12x on MathQA and
7.59x on GSMS8K compared to the 512-shot base-
line. Even against DBSA, which employs dynamic
block-sparse attention, AdapShot maintains a ro-
bust average speedup of 4.64x, reaching up to
6.33x on MathQA. These findings confirm that
AdapShot effectively minimizes redundant compu-
tation, offering superior scalability in large-context
scenarios.

[0 AdapShot (w/o PDR) B AdapShot

0.649
0.599

0.513

0.5 0.465
.4 .
0.456 0.432

Exact Match
o
iy

0.1

0.0

GSM8K PIQA SQUAD v2

Figure 4: Ablation study on Position Decoupling and
Re-encoding (PDR) module across different datasets
and methods.

5.5 Ablation Studies

Effectiveness of PDR: As illustrated in Figure 4,
removing the PDR module results in substantial
performance degradation, with accuracy dropping
by 29.7% on GSMS8K (0.649—0.456), 14.4% on
PIQA, and 7.1% on SQuAD v2. These results
underscore the necessity of PDR in correcting po-
sition encoding misalignments caused by dynamic
example reordering, ensuring the attention mecha-
nism functions correctly during KV cache reuse.

[ AdapShot (w/o SAKVC) [l AdapShot

N
w

19.59 19.53

N
o

17.49 18.04

1533 1495

o
w

Average Runtime (s)
=
o

w

GSM8K PIQA SQUAD v2

Figure 5: Runtime comparison between AdapShot with
and without Semantically-Aware KV Cache (SAKVC)
across different datasets.

Efficiency Gains from SAKVC: Figure 5 high-
lights the latency benefits of our semantically-
aware kv cache strategy. By bypassing redun-
dant prefilling for activated examples, SAKVC
consistently reduces runtime, achieving reductions
of 10.7% on GSMS8K (19.59s—17.49s), 7.6% on
SQuAD v2, and 2.5% on PIQA. This confirms that
our SAKVC effectively alleviates the prefilling bot-
tleneck inherent in Many-Shot ICL.
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Figure 6: Visualization of AdapShot’s dynamic shot
selection process on a SQuAD reading comprehension
task.

5.6 Extended Analysis

Case Study: We visualize AdapShot’s dynamic
shot selection process and its effectiveness in acti-
vating knowledge using Qwen2.5-7B on a SQuAD
reading comprehension task that asks: What year
did the Supreme Council of the Ancient and Ac-
cepted Scottish Rite of Louisiana appear in the
Jjurisdiction of the Grand Lodge of Louisiana? As
shown in Figure 6, initially, four parallel probes
with 4, 8, 12, and 16 shots produced entropy values
0f 0.6731, 0.7023, 0.7044, and 0.6671, respectively,
all exceeding the 0.65 threshold and signaling insuf-
ficient context. AdapShot then conducted a second
round with 20, 24, 28, and 32 shots, achieving en-
tropy values of 0.6862, 0.6884, 0.6232, and 0.6450.
With both 28 and 32 shots falling below the thresh-
old, AdapShot efficiently selected 28 shots as the
optimal configuration. The model subsequently
employed chain-of-thought reasoning to correctly
extract /868 from the context.

Scaling with LLM Parameters: We evaluated
scalability on Qwen2.5-14B and 32B using the
CoLA dataset. As shown in Figure 7, AdapShot’s
advantage amplifies with model scale. Notably, on
the 32B model, AdapShot achieves 86.41% Exact
Match using only ~60 shots, whereas the fixed

[ Baseline (256 shots) [ AdapShot

avg_shot = 60.7
0.864

0.8

avg_shot = 194.8
0.631

o
o

I
IS

Exact Match

0.2

0.0

Qwen2.5-14B Qwen2.5-32B

Figure 7: Scalability analysis of AdapShot.

256-shot baseline degrades significantly to 67.91%.
This sharp divergence confirms that larger models
are highly sensitive to noise from irrelevant con-
texts. AdapShot effectively mitigates the height-
ened sensitivity of larger models to context noise
by activating internal knowledge with a minimal,
optimal set of demonstrations. For a detailed anal-
ysis, please refer to Appendix C.1.

Table 3: Compare with BM25 based Many-Shot ICL.

Method | GSMSK PIQA  SQuAD v2
BM25 +256-shot | 0456 0379 0418
BM25 +512-shot | 0301 0388  0.126
AdapShot (Ours) \ 0.649 0.599 0.465

Comparison with BM25-Baseline: Table 3 val-
idates the robustness of AdapShot by comparing
it against baselines utilizing BM25 for example
retrieval. AdapShot outperforms the best BM25
configuration by significant margins (+0.193 on
GSMSK, +0.211 on PIQA, and +0.047 on SQuAD
v2). These results underscore that fixed-shot re-
trieval strategies are suboptimal compared to Adap-
Shot, proving that the adaptive determination of
shot count is a crucial factor.

Our AdapShot is not sensitive to specific probe
threshold values (7) and maintains consistent ef-
fectiveness. For detailed data, please refer to Ap-
pendix C.2.

Table 4: Performance of openPangu-Embedded-1B-
V1.1 under different in-context learning shot settings.

Method (Shots) ARC-Easy CoLA PIQA QNLI
Baseline (0-shot) 0.687 0.502 0.221 0.679
Baseline (8-shot) 0.679 0.512 0.246  0.699
Baseline (128-shot) 0.182 0413 0.172 0.546
AdapShot (Ours) 0.704 0.650 0.271 0.694
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Performance Comparison on OpenPangu: To
further evaluate the generalizability of the proposed
AdapShot method, we conduct additional exper-
iments on the openPangu-Embedded-1B-V1.1
(Chen et al., 2025a). Table 4 details the perfor-
mance comparison including ARC-Easy, CoLA,
PIQA, and QNLI. AdapShot outperforms the fixed-
shot baselines on most tasks and achieves the bet-
ter performance, without requiring manual shot
selection. For a detailed analysis, please refer to
Appendix C.3.

Table 5: Inference speedup of AdapShot on openPangu-
Embedded-1B-V1.1.

Dataset \ vs. 8-shot vs. 64-shot vs. 128-shot
ARC-Easy 1.47x 2.03x 3.50x
GSMSK 3.88x 5.07x 6.73x
PIQA 1.71x 1.56x 2.13x
QNLI 1.23x 1.57x 2.78x

Table 5 illustrates the computational efficiency
of AdapShot compared with the many-shot base-
line on the openPangu architecture. Overall, our
method delivers speedup across all evaluated sce-
narios, confirming that AdapShot provides both
superior predictive performance and significant la-
tency reductions. For a detailed analysis, please
refer to Appendix C.3.

6 Conclusion

This paper proposes AdapShot, which utilizes a
probing-based mechanism to assess query difficulty
and combines semantic-aware KV cache reuse with
position-decoupled re-encoding techniques to dy-
namically match the optimal number of shots for
each query. This method effectively eliminates
repetitive context prefilling computations, signifi-
cantly reducing redundant overhead while improv-
ing operational efficiency. Experiments demon-
strate that AdapShot reduces latency while boost-
ing performance. In the future, we will explore
implicit shot generation techniques to reduce re-
liance on real data.

7 Limitations

Although AdapShot demonstrates superior perfor-
mance in improving inference efficiency and dy-
namically adapting the number of shots, this study
still presents certain limitations. Specifically, sim-
ilar to traditional many-shot ICL methods, Adap-
Shot relies on retrieving or constructing real data

samples to serve as context demonstrations. This
process inevitably incurs additional data storage
overhead and requires significant effort in sample
curation. Therefore, we believe a promising direc-
tion for future work is to explore the synthesis of
"implicit shots" to replace the current paradigm of
explicitly constructing prompts with real samples,
thereby further reducing reliance on real-world data
and enhancing generalizability.
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A Implementation Details

All algorithms were implemented using the Py-
Torch framework (Paszke et al., 2019). To facili-
tate hardware acceleration on NPUs, we utilized
the torch_npu extension package. The specific
software environment was configured with CANN
8.1.rcl, PyTorch 2.5.1, and torch_npu 2.5.1.postl.
All Large Language Models (LLMs) evaluated in
this study were sourced from the Hugging Face
repository!.

Regarding the configuration of our Semantically-
Aware KV Cache, we set the cache capacity to
accommodate a maximum of 1,024 shots. To illus-
trate the memory overhead, for the Qwen2.5-7B
model on the GSMS8K dataset, this configuration
requires approximately 25GB of memory for KV
cache storage. We adjusted the hardware allocation
based on model scale: models with 7B parameters
or fewer were deployed on a single NPU, while
14B and 32B models were distributed across 2 and
4 NPUs, respectively, using tensor parallelism.

We sampled 1,000 instances to form a test set
for evaluating both generation performance and
computational efficiency. In our efficiency analysis,
the total end-to-end latency is defined to encompass
the entire pipeline: retrieval, ranking, the probing
mechanism, and the final model inference.

B Dataset Specifications

CoT Collection Dataset The CoT Collection is a
large-scale instruction-tuning dataset that augments
the existing Flan Collection with an additional 1.84
million rationales across 1,060 tasks (Kim et al.,
2023). The dataset is specifically designed to in-
duce Chain-of-Thought (CoT) capabilities into lan-
guage models.

These tasks collectively constitute a comprehen-
sive evaluation framework that can test the effec-
tiveness and generalization capability of the Adap-
Shot method from multiple dimensions, covering a
wide range of task types from basic language under-
standing to complex mathematical reasoning. The

"https://huggingface.co/
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diversity in task complexity, domain knowledge re-
quirements, and reasoning patterns ensures robust
evaluation of few-shot learning capabilities across
different cognitive and linguistic competencies.

B.1 Natural Language Understanding Tasks

CoLA (Corpus of Linguistic Acceptability)
CoLA serves as a benchmark for evaluating the
ability of artificial neural networks to judge the
grammatical correctness of sentences. It contains
English sentences from published linguistics litera-
ture that were manually labeled either as grammat-
ical or ungrammatical.

QNLI (Question-answering Natural Language
Inference) The QNLI dataset is a Natural Lan-
guage Inference dataset automatically derived
from the Stanford Question Answering Dataset
v1.1 (SQuAD). SQuAD vl.1 consists of question-
paragraph pairs, where one of the sentences in the
paragraph contains the answer to the corresponding
question. The dataset was converted into sentence
pair classification by forming pairs between each
question and each sentence in the corresponding
context. The task is to determine whether the con-
text sentence contains the answer to the question.

PIQA (Physical Interaction: Question Answer-
ing) PIQA introduces the task of physical com-
monsense reasoning and a corresponding bench-
mark dataset. The dataset contains several high-
quality physics problems, with the goal to construct
a resource that requires concrete physical reason-
ing. PIQA focuses on everyday situations with a
preference for atypical solutions, inspired by in-
structables.com, which provides users with instruc-
tions on how to build, craft, bake, or manipulate
objects using everyday materials.

B.2 Reading Comprehension Tasks

SQuAD v2 (Stanford Question Answering
Dataset v2.0) Stanford Question Answering
Dataset (SQuAD) is a reading comprehension
dataset, consisting of questions posed by crowd-
workers on a set of Wikipedia articles, where the
answer to every question is a segment of text,
or span, from the corresponding reading passage.
SQuAD?2.0 combines the questions in SQuAD1.1
with others unanswerable questions written adver-
sarially by crowdworkers to look similar to answer-
able ones. To do well on SQuAD 2.0, systems
must not only answer questions when possible, but

also determine when no answer is supported by the
paragraph and abstain from answering.

OpenBookQA OpenBookQA is an open-domain
question-answering dataset that requires multi-
step reasoning, where models must combine exter-
nal scientific knowledge to answer commonsense-
based questions. The dataset is designed to evalu-
ate a model’s ability to apply elementary scientific
knowledge to novel situations.

B.3 Mathematical Reasoning Tasks

SVAMP (Simple Variants of Arithmetic Math
Word Problems) SVAMP is a dataset of sim-
ple variants of arithmetic math word problems,
specifically designed to test model robustness to
structural variations in mathematical problem state-
ments. The dataset systematically creates varia-
tions of existing math problems to evaluate whether
models truly understand mathematical reasoning
or rely on superficial pattern matching.

GSMSK (Grade School Math 8K) GSMS8K con-
sists of high-quality grade school math problems
created by human problem writers. These problems
take between 2 and 8 steps to solve, and solutions
primarily involve performing a sequence of elemen-
tary calculations using basic arithmetic operations
(+, -, /, *) to reach the final answer. GSM8K is a
dataset of high-quality linguistically diverse grade
school math word problems created to support the
task of question answering on basic mathemati-
cal problems that require multi-step reasoning. A
bright middle school student should be able to solve
every problem.

MathQA MathQA is a mathematical question-
answering dataset that encompasses various math-
ematical concepts and reasoning steps, requiring
models to possess knowledge across multiple math-
ematical domains, including algebra, geometry, and
probability. The dataset challenges models to apply
mathematical reasoning in diverse problem-solving
contexts.

B.4 Prompt Structure

We use a unified chat-style prompting framework
consisting of a system message and a user mes-
sage. Across tasks, we keep the same chat structure
and demonstration concatenation strategy, while
adapting the task instruction and answer format to
the target benchmark. For mathematical reasoning
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tasks, the system message requests step-by-step rea-
soning and enforces a fixed answer marker "####
<number>", where the final numerical answer must
appear only after the marker. The user message con-
catenates k£ demonstrations. Each demonstration
follows the format "Problem: Solution:
... " and, for mathematical reasoning tasks, ends
with "#### <number>" as the final answer. We
then append the test instance as "Problem:
Solution:", after which the model completes the
solution.

Chat Template Formatting For instruction-
tuned models, we apply the chat template. We
add explicit role delimiters. Examples include
<|]im_start|>system and <|im_start|>user.
This matches the expected input format. It also
improves reproducibility across backbones.

Prompt Example Figure 8 shows an illustrative
GSMS8K-style mathematical reasoning example af-
ter applying the chat template. It includes the sys-
tem instruction, & demonstrations, and the final test
query. For other benchmarks, we use the same chat
structure but adapt the task instruction and answer
format accordingly.

B.5 Hyperparameters for generation

We specify a small set of hyperparameters to
control the in-context shot construction and the
generation budget. For the DBSA configura-
tion, block_size controls how many shots are
grouped into one block, and we set it to 64.
N_selected_blocks controls how many blocks are
selected for each test instance, and we set it to 8.
Pool_size controls the total size of the candidate
shot pool, and we set it to 1024.

We use an entropy threshold to control entropy-
based decisions in AdapShot, and we set a different
threshold for each dataset. The threshold is 0.50
for cola, 0.53 for svamp, 0.68 for piqa, 0.65 for
squad_v2, 0.62 for mathqga, 0.58 for gsm8k, and
0.70 for gnli.

For batched probing, we use a milestone sched-
ule to increase the probing budget progressively.
Tree_milestone_init is set to 4, which sets the
initial milestone. Tree_milestone_step is set to
4, which sets the increment between milestones.
Tree_max_milestones is set to 128, which caps the
total number of milestones.

<|im_start[>system
You are a precise math assistant. Solve the given math problem
step by step. IMPORTANT: End your answer with "####
<number>' where <number> is the final numerical answer. The
format must be "####' followed by a space and then the number.
For example: "##H#H# 42' or '#i### 3.14'. Do NOT write the number
before ####.<|im_end|>

System
Prompt

<[im_start[>user
Problem: Roman the Tavernmaster has $20 worth of gold coins.
He sells 3 gold coins to Dorothy. After she pays him, he has $12.
How many gold coins does Roman have left?
Solution: Dorothy paid $12 for 3 gold coins so each gold coin is
worth $12/3 = $<<12/3=4>>4
The Tavern master originally had $20 worth of gold coins which
is $20/$4 = <<20/4=5>>5 gold coins
He gave 3 out of 5 gold coins to Dorothy so he now has 5-3 =
<<5-3=2>>2 gold coins left
g‘ i 2
" Problem: Ginger owns a flower shop, where she sells roses,
lilacs, and gardenias. On Tuesday, she sold three times more roses
than lilacs, and half as many gardenias as lilacs. If she sold 10
lilacs, what is the total number of flowers sold on Tuesday?
Solution: With 10 lilacs sold, three times more roses than lilacs is
3*10=<<10*3=30>>30 roses.
Half as many gardenias as lilacs is 10/2=<<10/2=5>>5 gardenias.
In total, there were 10+30+5=<<10+30+5=45>>45 flowers sold
on Tuesday.
#i#H# 45

Shots

Problem: Dolly has two books. Pandora has one. If both Dolly
8 and Pandora read each others' books as well as their own, how
User many books will they collectively read by the end?
Instruction Solution:<|im_end[>
<|im_start|>assistant

Figure 8: An illustrative GSM8K-style CoT prompt
used in our experiments, shown after applying the chat
template.

C More Analysis Details

C.1 Scaling with LLM Parameters:

To evaluate the scalability of AdapShot with re-
spect to increased model capacity, we conducted
experiments on Qwen2.5-14B and Qwen2.5-32B
using the CoL A dataset. As shown in Figure 9,
AdapShot’s performance advantage amplifies sig-
nificantly with model scale. On Qwen2.5-14B,
AdapShot achieves 63.14% accuracy with an aver-
age shot count of 194.83, surpassing the fixed 256-
shot baseline accuracy of 57.33%. When scaled
to Qwen2.5-32B, AdapShot achieves 86.41% ac-
curacy while reducing the average shot count to
60.74. The fixed 256-shot baseline reaches 67.91%
accuracy on the 32B model but remains substan-
tially lower than AdapShot. These results demon-
strate that AdapShot’s dynamic budget allocation
achieves superior scalability by maximizing accu-
racy and computational efficiency simultaneously
as model capacity grows, effectively activating in-
ternal knowledge through an optimal set of demon-
strations.
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Figure 9: Comparison of accuracy and average context
length (shot count) between AdapShot and the fixed
Many-shot baseline across different model scales on
the CoLA dataset. AdapShot demonstrates superior
scalability, achieving higher accuracy with significantly
fewer examples as model capacity increases.

C.2 Sensitivity Analysis of Entropy Threshold

Table 6: Sensitivity analysis of the entropy threshold 7
on QNLI and GSMB8K using Qwen2.5-7B. Bold values
indicate the optimal performance points used in our
main experiments.

QNLI (NLU) \ GSMSK (Math)
Threshold (r) EM ‘ Threshold (r) EM
0.60 0.807 0.48 0.614
0.65 0.815 0.53 0.640
0.70 0.825 0.58 0.649
0.75 0.812 0.63 0.632
0.80 0.771 0.68 0.623

The entropy threshold 7 (Eq. 2) serves as a criti-
cal hyperparameter governing the termination con-
dition for our probe-based dynamic evaluation. To
investigate the robustness of AdapShot against vari-
ations in this parameter, we conducted a sensitivity
analysis on two distinct task types: NLU (QNLI)
and Mathematical Reasoning (GSM8K).

Parameter Robustness and Stability: As
demonstrated in Table 6, AdapShot exhibits sig-
nificant stability across a broad range of thresh-
old values. For the QNLI dataset, the accuracy
fluctuation remains within a narrow margin (<
1.8%) for 7 € [0.60,0.75]. Similarly, on the
more complex GSMS8K task, the model maintains
high performance (> 62%) across the interval
7 € [0.53,0.68]. This plateau of stability suggests
that AdapShot is not overly sensitive to precise hy-
perparameter tuning. While the optimal 7 shifts
slightly depending on task difficulty (e.g., lower

entropy/higher confidence is preferred for math
reasoning), there exists a wide operational win-
dow where the model effectively balances noise
suppression with sufficient information retrieval.
Consequently, AdapShot can be reliably deployed
without the need for exhaustive grid searches for
every new dataset.

C.3 Performance Comparison on OpenPangu

Table 7: Performance of openPangu-Embedded-1B-
V1.1 under different in-context learning shot settings.
Rows denote methods with corresponding shot numbers,
and columns denote task benchmarks.

Method (Shots) ARC-Easy CoLA PIQA QNLI
Baseline (0-shot) 0.687 0.502 0.221 0.679
Baseline (8-shot) 0.679 0.512 0.246  0.699
Baseline (128-shot) 0.182 0413 0.172 0.546
Baseline (256-shot) 0.039 0.034 0.103 0.147
AdapShot (Ours) 0.704 0.650 0.271 0.694

To further evaluate the generalizability of the pro-
posed AdapShot method, we conduct additional ex-
periments on the openPangu-Embedded-1B-V1.1
model (Chen et al., 2025a). Table 7 presents the per-
formance comparison across four benchmarks, in-
cluding ARC-Easy, CoLA, PIQA, and QNLI. The
results show that standard in-context learning base-
lines are sensitive to the number of demonstration
examples. In particular, performance tends to de-
grade as the shot count increases, which may be
attributed to context window limitations and the
dilution of task-relevant information. In contrast,
AdapShot consistently outperforms the fixed-shot
baselines on most tasks and achieves the highest
overall accuracy, without requiring manual shot
selection.

Furthermore, Table 8 reports the computational
efficiency of AdapShot relative to the many-shot
baselines on the openPangu architecture. Adap-
Shot yields notable inference speedups, ranging
from 1.23 x to over 8 x depending on the dataset
and baseline configuration. The efficiency gain
becomes more evident as the baseline shot count
grows; for instance, AdapShot achieves an aver-
age speedup of 6.04 x compared with 256-shot
baselines. Overall, our method achieves an average
speedup of 3.17 xacross all evaluated scenarios, in-
dicating that AdapShot can improve both predictive
performance and inference efficiency.
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Table 8: Inference speedup of AdapShot relative to Many-shot baselines on openPangu-1B. Speedup is defined as
the ratio of the baseline’s average latency to AdapShot’s average latency. Higher is better.

Dataset ‘ vs. 8-shot  vs. 16-shot  vs. 32-shot vs. 64-shot vs. 128-shot vs. 256-shot ‘ Average
ARC-Easy 1.47 % 1.38x 1.61x 2.03x 3.50% 3.75x% 2.29%
GSM8K 3.88x% 4.40% 4.52x 5.07x% 6.73x 7.44 < 5.34%
PIQA 1.71x 1.61x 1.60x 1.56 % 2.13x 4.66 % 2.21x
QNLI 1.23x 1.63% 1.47 % 1.57% 2.78x% 8.31x 2.83x%
Average | 2.07x 2.26x 2.30% 2.56 % 3.78x 6.04x | 3.17x

D Comparison with Context
Compression Methods

Table 9: Comparison between LLMLingua-based con-
text compression and AdapShot on QNLI and SQuAD
v2. “Rate” denotes the compression rate.

Method Rate QNLI SQuAD v2
Many-shot (256) —  0.780 0.309
Many-shot (256) 0.25 0.675 0.074
Many-shot (256) 0.50 0.586 0.059
Many-shot (256) 0.75 0473 0.074
Many-shot (512) — 0.768 0.236
Many-shot (512) 0.25 0.631 0.123
Many-shot (512)  0.50  0.507 0.148
Many-shot (512) 0.75 0.429 0.315
AdapShot (Ours) — 0.825 0.465

As shown in Table 9, applying LLMLin-
gua (Jiang et al., 2023) to many-shot ICL tends
to degrade performance across both shot counts
and compression rates, though marginal improve-
ments are occasionally observed in certain settings.
We attribute this to LLMLingua’s token-level com-
pression disrupting the reasoning structure within
demonstrations. In contrast, AdapShot operates
at the shot level, preserving the completeness of
each demonstration while adaptively reducing re-
dundancy.

Table 10: Comparison between BM25 and BGE (dense
retrieval).

Method Retriever QNLI PIQA SQuAD v2
Many-shot (256) BM25 0.667 0.379 0.418
Many-shot (256) BGE 0.684 0.404 0.439
Many-shot (512) BM25 0.719 0.388 0.126
Many-shot (512) BGE 0.719  0.439 0.298
AdapShot (Ours) SAKVC  0.825 0.599 0.465

E Comparison with Dense Retrieval
Methods

As shown in Table 10, replacing BM25 with
BGE yields moderate improvements, while Adap-
Shot generally outperforms both retrieval strategies.
This suggests that a stronger retriever alone does
not resolve the fundamental question of how many
shots to use, which is precisely the core contribu-
tion of AdapShot.
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