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Abstract—In-Context Learning (ICL) empowers Large Lan-
guage Models (LLMs) to adapt to downstream tasks by condi-
tioning on a few demonstrations. However, the efficacy of ICL is
heavily contingent on the quality of selected examples. Existing
methods predominantly rely on semantic similarity for retrieval,
which suffers from two critical misalignments: (1) Distributional
Mismatch: colloquial user queries often diverge from the canonical
representation of demonstrations, impairing retrieval accuracy;
and (2) Utility Gap: semantically similar examples do not
necessarily contribute positively to the model’s reasoning, and
may even introduce noise. To address these challenges, we propose
Multi-Stage Calibration (MSC), a framework designed to align
the retrieval process with the generation objective. MSC operates
in three stages: first, it refines noisy queries into canonical forms
via a perplexity-guided rewrite mechanism; second, it introduces
a contribution-aware re-ranker that explicitly learns to predict
the marginal utility of each demonstration rather than mere
similarity; finally, it employs a generator-guided aggregation
strategy to identify the optimal context. Extensive experiments
across multiple benchmarks demonstrate that MSC significantly
outperforms standard retrieval baselines, offering a robust solution
for deploying ICL in open-domain scenarios.

Index Terms—In-context learning, Large language model,
Neural language processing

I. INTRODUCTION

Large Language Models (LLMs) have sparked a paradigm
shift in natural language processing, demonstrating emergent
capabilities across a spectrum of complex reasoning tasks [1].
A cornerstone of this success is In-Context Learning (ICL), a
mechanism that enables models to adapt to novel downstream
tasks by conditioning on a natural language instruction and a
handful of task-specific demonstrations, without the need for
computationally expensive parameter updates. This “learning to
learn” ability has made ICL the de facto standard for deploying
LLMs in few-shot scenarios.

However, the efficacy of ICL is far from robust. Recent stud-
ies indicate that LLM performance is notoriously volatile and
heavily contingent on the selection of in-context examples [5].
A suboptimal set of demonstrations can lead to catastrophic
performance drops, hallucinated reasoning, or format violations.
Consequently, the challenge of identifying the most effective
demonstrations from a large candidate pool has become a
focal point of research. Standard approaches predominantly
rely on unsupervised dense retrieval (e.g., Sentence-BERT),
operating on the assumption that semantic similarity serves
as a reliable proxy for demonstration utility. While intuitive,
we argue that this similarity-based retrieval paradigm suffers

from two fundamental limitations that create a Retrieval-
Generation Gap: 1) The Query-Distribution Mismatch: In
real-world deployments, user queries are frequently colloquial,
ambiguous, or noise-laden. In contrast, high-quality demon-
stration pools typically consist of canonical, well-structured
text. This distributional shift confuses dense retrievers, which
operate on embedding spaces sensitive to surface-level lexical
features. As a result, the retriever may fetch examples that
share keywords with the noisy query but lack structural
relevance to the underlying task logic. 2) The Similarity-Utility
Paradox: A central but often flawed assumption in existing
work is that Similarity(x, ') « Utility(x’ — z). However,
empirical evidence suggests this relationship is non-linear
and occasionally inverse. An example might be semantically
close to the query but contain a misleading reasoning path or
a different answer distribution, acting as a ‘““distractor” that
induces negative transfer. Conversely, a less similar example
might possess a crucial reasoning pattern that unlocks the
model’s potential. Pure similarity metrics fail to capture this
intrinsic task utility.

To bridge these gaps, we propose Multi-Stage Calibration
(MSC), a unified framework designed to align the retrieval
process with the generation objective. MSC emulates a human-
like cognitive strategy: clarifying the question, evaluating the
usefulness of references, and synthesizing the best information.
Specifically, our framework operates in three progressive
stages. First, Query Calibration projects colloquial inputs
into the model’s preferred distribution space via a perplexity-
minimization rewrite mechanism, mitigating the distribution
mismatch. Second, we introduce a Contribution-Aware Re-
ranker, a lightweight module explicitly trained to predict the
marginal utility of a demonstration (i.e., how much it increases
the probability of the correct answer) rather than mere semantic
overlap. Finally, recognizing that even top-ranked candidates
may contain redundancy, Aggregation Calibration leverages
the LLM’s self-reflective capabilities to filter the context and
identify the single most informative example.

Our contributions are summarized as follows: Firstly, we
identify and formalize the critical limitations of similarity-based
retrieval in ICL: the distributional mismatch and the utility gap.
Secondly, we propose MSC, a novel coarse-to-fine framework
that systematically refines the input query, the demonstration
ranking, and the final context selection. Then, we introduce
a utility-based scoring mechanism that effectively learns to
distinguish beneficial demonstrations from distractors, shifting



the focus from semantic matching to functional contribution.
Finally, extensive experiments demonstrate that MSC consis-
tently outperforms strong retrieval baselines, offering a robust
solution for open-domain ICL.

II. RELATED WORK

Prompting and LLM Reasoning The success of large
language models has sparked interest in using prompting
techniques to improve task performance [1]. While recent
research has focused on task-specific instruction tuning, either
by fine-tuning the entire model [24] or maintaining task-
specific parameters [10], our work is a general prompting
approach that can improve contextual learning ability without
any fine-tuning. The use of language models to generate
intermediate steps has been widely validated in the context
of solving reasoning tasks, whether through training [9], zero-
shot [2], or few-shot prompting [11]. Recent work has focused
on problem decomposition and teaching language models to
answer subtasks, ultimately answering complex questions [3].
MSC is orthogonal to these methods, enhancing input queries
rather than assigning generation. Therefore, it can be easily
extended by any of these prompting strategies. A closely related
research direction involves exploring the interpretability and
consistency of the fundamental principles generated by large
models. Recent works [12] have improved the interpretability
of numerical tasks, while [4] have improved the performance
of various arithmetic and logical reasoning tasks by leveraging
the consistency between multiple generated principles.
Demonstration Selection in-context learning (ICL) primarily
retrieves relevant input/output pairs for a provided test example
from an annotated dataset. [5] proposes to utilize dense
semantic embedders to retrieve relevant examples to improve
ICL. [13] Example of retrieving machine translation ICL using
BM25. [6] explore knowledge-based question answering and
dialogue state tracking respectively, and design specialized
target similarity to train demonstration retrieval. [14] propose
to train demonstration retrieval via feedback from LM and
demonstrate its effectiveness on semantic parsing. [13] further
explores cross-language semantic parsing using similar training
signals as [14]. [15] uses random labels to retrieve relevant
examples and proposes heuristics to reduce the negative
impact of incorrect labels. Recently, [16] proposed UDR, a
unified demonstration retriever for various NLP tasks, which
is trained on approximately 40 annotated datasets with unified
LM feedback. Although these methods rely on high-quality
annotated datasets and only explore contextual learning without
underlying principles, But MSC allows LLM to improve itself
without annotated datasets and parameter updates.

Model Augmentation In addition, some works attempt to use
data generated by LLMs for model enhancement. [7], [25]—
[27] propose ZeroGen, ProGen, and ZeroGen™ to use LLM-
generated datasets to enhance small models such as LSTM
or DistilBERT. [17], [28], [29], [34] suggest using LLMs to
generate reasoning paths and teach small language models
to reason. [18], [30]-[33] and [19], [35]-[40] use LLMs to
generate instruction data and improve the LLM’s instruction

tracking ability. [20], [41]-[44] proposes ToolFormer, which
learns how to use various tools through self-generated data.
[8] and [9], [45]-[52] use LLMs to generate reasoning paths
and improve themselves using annotated and unannotated
datasets, respectively. [21] have LLMs generate COT data
themselves. [22] uses LLMs to generate knowledge bases and
improve their open-domain QA capabilities. These works reveal
the importance of promoting high-quality reasoning in the
CoT process. However, generating and utilizing high-quality
examples that fit the LLM distribution makes this process
challenging. This prompted us to design a better mechanism
(MSC) to prompt language models in in-context learning. It is a
new prompting scheme that allows LLM to output high-quality
answers in a structured way through query calibration, recall
calibration, and aggregation calibration.

III. METHODOLOGY
A. System Architecture

The Multi-Stage Calibration framework is designed to opti-
mize the selection and presentation of in-context demonstrations
by aligning them with the intrinsic preferences of Large
Language Models (LLMs). The framework systematically
addresses the retrieval-generation gap that often hinders In-
Context Learning in real-world scenarios. As shown in the
overall pipeline, MSC processes the input and demonstration
candidates through three progressive calibration stages. First,
the framework refines the input query to resolve distributional
mismatches. Second, it evaluates potential demonstrations based
on their marginal functional utility rather than surface-level
similarity. Finally, it employs a generator-guided selection
mechanism to finalize the context. This hierarchical approach
ensures that the resulting prompt is both distributionally aligned
and functionally optimal for the target LLM.

B. Query Distribution Refinement

User-issued queries in practical applications frequently ex-
hibit high perplexity due to informal syntax, typos, or redundant
noise. Such artifacts lead to a significant distributional mismatch
between the raw input ¢, and the structured, well-formatted
demonstrations stored in the vector database D. To mitigate
this shift, we first treat the LLM as a probabilistic re-writer.
Given a task-agnostic instruction P.,;;5, Wwe sample a set of
m candidate canonical queries:

Qcand = {Q(1)7 B qA(m)} ~ PM('|Pcal7va Q'raw) (1)

where P represents the likelihood under the target generator.
This process projects the colloquial input onto a linguistic
manifold that is more familiar to the model’s pre-training
distribution. To ensure the most effective version is selected, we
utilize Perplexity (PPL) as a proxy for distributional alignment.
We evaluate each ¢(*) and select the candidate that minimizes
the average negative log-likelihood:
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Fig. 1. The MSC framework consists of three modules: 1) Question calibration is used to calibrate the user input questions; 2) Recall calibration and Re-rank
calibration is used to select high-quality example which most relevant to the question are recalled from the semantic level; 3) Aggregation calibration is used to

Filter the most relevant examples from an LLM perspective.

This operation ensures that subsequent retrieval and inference
are conditioned on a text representation that resides in the high-
probability region of the model’s embedding space, thereby
enhancing latent alignment.

C. Utility-Aware Demonstration Selection

Traditional retrieval-based ICL relies on the assumption that
semantic similarity is a sufficient proxy for demonstration
effectiveness. However, semantically similar examples can
occasionally act as distractors if they contain conflicting
reasoning paths. We propose a two-step selection process
centered on Pointwise Marginal Utility. First, a dense retriever
is used for coarse filtering to reduce the search space to a
candidate set &,.¢qy containing the Top-/N examples based on
cosine similarity:

grecall = Top'NeeD[COS(¢(qcalib)7 ¢(6))] (3)

To identify which candidates truly facilitate the model’s
reasoning, we define the Ground-Truth Utility u(e, ¢) of an
example e as the log-likelihood gain of the correct answer y*:

“

We then train a lightweight cross-encoder re-ranker fy to
approximate this score. The re-ranker is optimized using a
regression objective over a training set Dy,.q;, constructed by
sampling query-example pairs and computing their utility via
Eq. 4. The model is trained to minimize the Mean Squared
Error (MSE):

>

L£(9)
(Q7evu)€Dtrain

u(e, q) = 1og P (Y| qeativs €) — 108 Pag (Y| qeatin, 0)

Ifolg @ e) —ulf? )
During inference, we re-rank .., and select the top-K
examples &.qnr With the highest predicted contribution for
final context construction.

D. Generator-Guided Aggregation

The final stage of MSC addresses the potential for mutual
interference or semantic redundancy when multiple high-utility
demonstrations are combined. We utilize the self-reflective
capabilities of the LLM to perform a final denoising of the
re-ranked candidates. Given the query g.q;;» and the candidates
Erank, We provide a selection prompt Pjyqqe that instructs the
LLM to act as an internal judge. The model identifies the most
optimal demonstration index k*:

(6)

k* = argmax Paq(”Select k7| Pjudge, Eranks Qealib)
ke[1,K]
By leveraging the model’s own feedback loop, we effectively
eliminate candidates that may have bypassed the re-ranker due
to surface-level lexical correlations but do not align with the
model’s specific reasoning logic. The final answer ¢ is then
generated using the single most effective demonstration:

)

This integrated calibration process ensures that the ICL prompt
is both distributionally aligned and functionally beneficial,
leading to enhanced performance in complex downstream tasks.

7 = Generate(egs D eativ)

IV. EVALUATION SETUP
A. Benchmarks

We evaluate MSC on multiple benchmarks across four NLP
task types, including perturbed queries. Numerical Reasoning
GSMS8K, SVAMP, AQUA-RAT, SingleOp and MultiArith,
MMLU high school subset, and GSMIC-4k. Logical Reasoning
Shuffled Objects, Date Understanding, LogiQA, and Coin Flip-
ping. Reading Comprehension DROP subsets (Football, Non-
football, Census, Break)and SQuAD. Commonsense Reasoning
StrategyQA and Winogrande. We use Code-davinci-002 as



TABLE I
MSC EXPERIMENTAL RESULTS ON DIFFERENT LLMS AND DATASETS, INCLUDING ZERO-SHOT AND COT.

Model Dataset Zero-shot Few-shot
Standard CoT Standard CoT
MSC False  True False  True False  True False  True
GSMSK 164  226(152) | 493 54115 | 192 2350 23) | 6I.1 686(175)
SVAMP 668  T41(+7.3) | 665 TA3(7.8) | 69.8  76.5(+6.7) | 752 81.3(16.1)
MultiArith 31.0  48.8(+17 \) 760  81.6(+5.6) | 440 58.8(+145) | 96.1  98.6(+2.5)
SingleOp 91.6  92.3(; 829 _ 927(10x) | 932 9460 ! n | 92.8  95.1(12.3)
" Shuffled Objects ~ ~ [ 364~ ~374(7 D17 T 425 T 389071557 T 3487 T366(0 15 | 66.0 T 69.7( )
o Coin Flip 477  476( 0.1) | 585 62 1(4 6 1 99.6  100(+0.4) | 100 100(+0.0)
Code-davinci-002 | Date 442 43.9( ) 39.0 47.4(+8.4) 493  51.0(+1.7) 65.6  69.8(+4.2)
| DROP (Football) ~ ~ [ 50.8~ ~595(727) | 44.T ~ 60.4(116.3) | 637 ~70.6(:6.9) | 67.3 = 73.8(i635) ~
DROP (Nonfootball) | 43.2  57.3(+14.1) | 39.7  52.7(+13.0) | 57.1 64.5(+7.4) 69.2  74.2(+5.0)
DROP (Census) 459  64.3(+18.4) | 30.0  52.3(+22.3) | 56.8  66.9( m. 1) | 69.6  77.4(+7.8)
DROP (Break) 437 569(-13.1) | 382  52.5(+143) | 555  63.7(+52) | 653 69.7(+4.4)
SQuAD (F1) 65.7 68.9(132) | 52.6 54.8(:22) | 887 91.9(132) | 90.5  90.9(10.4)
AQUA-RAT 212 23.4(+2.2) 37.0  36.4( 30.3 31.9(+1.6) 437  44.3(+0.6)
FMMLU-R ~ ~ ~ ~ ~ T 3187 T36.6(7 1%) | 42.5 T 42703 [ 3677 ~393(C76) T|4aT T A3T( o)
logiQA 425 421 01y | 370  40.7(+37) | 453 46.9(11.6) | 409  41.3(10.4)
GSMSK 56  248(1 102 | 757 TT6(-10) | 313 345( 00 [ 750  S44(105)
SVAMP 519  76.4(+2:5) | 80.5  83.8(+3.3) | 76.1  784(+2.3) | 774  82.3(+5.9)
MultiArith 76.5 83.7(+7.2) 934  96.6(+3.2) 834  90.5(+7.1) 97.8  98.8(+1.0)
SingleOp 926  96.8(+42) | 91.4  94.8(+3.4) | 939  96.8(+2.0) | 957  96.8(+1.1)
GPT.3.5 (Turbo) | Shuffied Objects ~ ~ [ 2697 ~26.7(72) 7| 779.5 ~ 825(4 0T 306~ ~364(0 55 | 68.8 T 7526y T
’ Coin Flip 76.7  86.8(+10.1) | 99.8  99.8(+0.0) 90.0  95.6(+5.6) 100 100(-+0.0)
Date 457  45.1(-0.4) | 466  47.0(+0.4) | 504  51.3(+ ) 645  66.8(+2.3)
DROP (Break) 47.1 52.8(7, 7 | 519 51.7(-02) | 59.9 62.7(—2.&) 61.6  66.7(+5.1)
SQuAD (F1) 79.1  80.6(+ )) 62.1  594( >7) | 764  84.0(+7.0) | 853  86.8(+1.5)
F AQUA-RAT ~ ~ ~ ~ [ 279~ ~28%( 07y | 5L ~ Sr(r( T T334 ~FHBBC | 7397 T 5T6(L7T)
MMLU-h 256 31.5(+5 u) 511 533(122) | 341  364(:22) | 289  41.1(r12.2)
logiQA 362 385(1 0% | 376 390011 | 451  446( 0 | 325  323( 0
the primary model, with results on GPT-3.5-Turbo for subset ®
validation.
V. MODEL PERFORMANCE || ‘ || ‘ ‘l I || I “ I
As we focus on determining whether the MSC approach can M e M e e
effectively enhance the reasoning precision or effectiveness for e e et o e ‘ .
the LLMs, we extensively compared our method with zero-shot,
zero-shot CoT, few-shot, and few-shot CoT prompt strategies.
Table I provides the overall results of MSC. Firstly, based on
the results of Code-davinci-002, We find that MSC significantly
outperforms baselines on most datasets, which shows MSC’s
best comprehensive reasoning capability on a series of NLP
tasks. It is noteworthy that the MSC exhibits a significant MP  MuliAd P ShuffledOb Coin Fii

enhancement in zero-shot scenarios, especially for tasks with
long query contexts, such as the DROP and SQuAD datasets.
We observed an 18.4% improvement in accuracy for the zero-
shot prompt DROP (census subset) dataset. Similarly, MSC
using Zero-shot-CoT achieved an accuracy improvement (7.3%)
on SVAMP, which makes the overall accuracy comparable to
the few-shot CoT prompt. At the same time, MSC also achieved
improvements when the baseline methods could not solve
the task. For example, in the Shuffled Objects task involving
three objects, MSC showed a slight improvement in zero-
shot performance (from 36.4% to 37.4%). Nevertheless, it
greatly improved the accuracy of Zero-shot-CoT (from 42.4%
to 58.9%). Secondly, we also evaluated the effect of MSC using
GPT-3.5-Turbo on a subset of experimental tasks. Overall, the
results are consistent with our previous experiments on code-

Fig. 2. Results of component ablation experiment.

davinci-002. For example, MSC significantly improves the
accuracy on GSMSK, from 75.1% to 84.4% .

A. Ablation Study

To evaluate the contribution of each individual component
within The MSC, we conduct a series of ablation experiments
across diverse reasoning benchmarks. As illustrated in Figure 2,
several key observations emerge. First, the exclusion of the
Query Distribution Refinement module leads to a substantial
performance degradation across all tasks. This decline confirms



Method GSMSK DROP MMLU
Decoding Paths=8
Zero-Shot-CoTr—¢.7 63.2 56.9 31.8
Zero-Shot-CoTp—; 63.9 57.4 324
Zero-Shot-CoTr—1 2 63.5 53.8 322
Few-Shot-CoT7r—¢.7 73.7 69.5 39.7
Few-Shot-CoTp—1 73.6 70.3 39.8
Few-Shot-CoTr—1 2 73.4 70.4 40.2
MSCr—9.7 86.5 76.0 43.6
MSCr—1 84.9 76.5 42.5
MSCr=1.2 86.3 76.3 424
Decoding Paths=16
Zero-Shot-CoTp—qg .7 68.6 60.7 33.8
Zero-Shot-CoTp—1 69.2 59.6 353
Zero-Shot-CoTr—1 2 67.9 58.5 347
Few-Shot-CoTr—q.7 72.3 71.1 414
Few-Shot-CoTr—1 73.5 724 41.3
Few-Shot-CoTr—1 2 714 71.9 40.9
MSCr—o.7 86.3 76.7 43.7
MSCr=1 86.4 76.4 44.2
MSCr—1.2 86.1 76.6 44.1
TABLE T

PERFORMANCE COMPARISON ON SELF-CONSISTENCY ACROSS DIFFERENT
DECODING TEMPERATURES AND PATHS.

the existence of a significant distributional gap between
raw user inputs and the model’s optimal canonical space,
highlighting that query calibration is essential for accurate
intent interpretation. Second, while Zero-Shot-CoT occasionally
outperforms Few-Shot-CoT on specific datasets suggesting that
arbitrary or irrelevant demonstrations can introduce semantic
noise MSC consistently maintains a performance lead over both.
This demonstrates that MSC is not merely adding context, but is
performing high-utility retrieval. Furthermore, the comparison
with random sampling baselines shows that MSC'’s utility-aware
selection aligns with human intuition, where semantically and
functionally related demonstrations provide the most effective
reasoning blueprints. Finally, removing the Aggregation Cali-
bration module results in a measurable drop in accuracy. This
indicates that even after high-quality re-ranking, the generator-
guided selection acts as a crucial final filter to resolve potential
redundancies and identify the most synergistic demonstration
for the specific test instance.

VI. ANALYSIS

We evaluate the robustness of MSC under the Self-
Consistency strategy [18] by varying the sampling temperature
T and the number of decoding paths. The results in Table II
demonstrate that MSC consistently outperforms both Zero-Shot-
CoT and Few-Shot-CoT across all temperature settings and
computational budgets. This stability indicates that the benefits
of MSC are orthogonal to the gains provided by majority voting.
We observe that the marginal improvement of MSC slightly
narrows as the number of decoding paths increases from 8 to
16. This phenomenon can be attributed to the fact that a higher
decoding budget encourages broader stochastic exploration
of the solution space. In such cases, the LLM may explore
unconventional reasoning paths where the influence of a fixed
in-context demonstration becomes less dominant. However,

MSC still retains the highest absolute accuracy, proving its
reliability in budget-constrained scenarios.

VII. CONCLUSION

In this paper, we introduced Multi-Stage Calibration (MSC),
a unified framework designed to alleviate the retrieval-
generation gap in In-Context Learning. By systematically
calibrating user queries, estimating demonstration utility, and
performing generator-guided aggregation, MSC effectively
aligns informal user inputs with the model’s reasoning require-
ments. Extensive experiments across multiple benchmarks span-
ning numerical reasoning, logic, and reading comprehension
demonstrate that MSC significantly enhances LLM performance
in an unsupervised manner. Crucially, MSC achieves these gains
without the need for task-specific annotations or parameter
updates. Our findings suggest that the functional utility of a
demonstration is as important as its semantic similarity, and
that multi-stage calibration is a robust path toward more reliable
and adaptive few-shot learners in open-domain environments.
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