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Abstract

With the rapid development of Large Language
Models (LLMs), In-Context Learning (ICL)
has emerged as one of the universal paradigms
for unleashing the capabilities of LLMs. How-
ever, LLMs are generally plagued by various
biases in context example selection, which can
distort the model’s predictions. Although exten-
sive research has focused on designing heuristic
sample selection methods to mitigate biases in
ICL, these approaches often struggle to adapt to
highly biased out-of-distribution (OOD) scenar-
ios with significant shifts between test samples
and context samples. To overcome the afore-
mentioned issue, this paper proposes a LLM-
driven iterative derivation method for OOD
data pseudo-labeling (named LPL), aiming to
mitigate the risk of performance degradation
caused by OOD bias by avoiding direct use of
source data. To mitigate the misleading effects
of noise in pseudo-labels, we propose a filtering
metric that integrates model confidence and per-
turbation perplexity to enhance the quality of
pseudo-labels. Subsequently, in each iteration,
LPL utilizes this metric to expand new pseudo-
labeled data as contextual demonstrations and
ultimately adopts a voting mechanism to en-
sure the stability of the predictions. A series of
experiments conducted on various LLMs have
confirmed that our proposed method can effec-
tively reduce OOD biases, thereby opening up
new avenues for research in ICL biases1.

1 Introduction

In-Context Learning (ICL) can motivate the power
of Large Language Models (LLMs) with just a few
examples, and has therefore become one of the
most common methods for complex Natural Lan-
guage Understanding tasks (Liu et al., 2022; Xu
et al., 2025). Unlike traditional supervised learning,
ICL does not involve parameter updates. Instead,

*Corresponding author.
1https://github.com/songruiecho/LPL

it relies on LLMs to learn the patterns hidden in
the demonstrations and make correct predictions
based on them. Therefore, the quality of the demon-
strations is particularly crucial to the performance
of ICL (Dong et al., 2024). However, recent re-
search has shown that ICL is very sensitive to
the selection of context demonstrations, causing
LLMs to be biased towards predicting certain an-
swers (Zhang et al., 2022). Even permutations of
the same samples can have an uncertain impact on
the results (Zhao et al., 2021). Therefore, system-
atically discussing the various biases in ICL and
proposing feasible mitigation strategies has become
an important topic in current LLM studies.

Bias in ICL has multiple categories and can be
traced to different causes, including vanilla label
bias (Zhao et al., 2021), context-label bias (Tang
et al., 2023), and domain-label bias (Fei et al., 2023;
Yuan et al., 2023). Intuitively, biases in ICL can
be reduced by selecting more reasonable demon-
strations, which rely on both the model and the
data (Peng et al., 2024a). A series of techniques
such as word-overlap similarity (Luo et al., 2023),
representational similarity (Liu et al., 2022), infor-
mativeness score (Xu and Zhang, 2024) and joint
distribution (Ye et al., 2023) are used to find rea-
sonable demonstrations. Another approach deter-
mines important samples by quantifying the con-
tribution of demonstrations to LLMs’ prediction
results (Nguyen and Wong, 2023; S. et al., 2024;
Askari et al., 2025). Although effective in many
cases, these approaches may fail when faced with
large distribution shifts (Fei et al., 2023; Yuan et al.,
2023) on the domain bias shown in Figure 1.

Figure 1 demonstrates the distribution of the
datasets and the performance differences of various
ICL sample selection methods through Kernel Den-
sity Estimation (Chen, 2017), specifically when the
amazon dataset is used as the context for gener-
alization to the other three datasets (Yuan et al.,
2023). We observe that when the differences in
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Figure 1: Data distribution visualization and sample
selection methods for different datasets, blue represents
the source set, red represents the target set, and the over-
lap area indicates the distributional similarity between
datasets. A detailed description of the datasets and tasks
can be found in Section 4.

data distribution are significant, similarity-based
sample selection methods can even lead to perfor-
mance degradation compared to random selection.
This observation inspires us to develop more rea-
sonable sample selection methods to enhance the
performance under the premise of OOD bias.

The paper presents a LLM-driven iterative
derivation method for OOD data Pseudo-Labeling
(LPL), which avoids the negative impact of OOD
samples by utilizing test samples with pseudo-
labels as demonstrations. LPL is based on a
trade-off between pseudo-label noise and OOD
bias, where, within a certain range of noise con-
tained in the labels, the performance gain from
using pseudo-labeled samples as demonstrations
outweighs the performance loss under OOD bias.
To obtain pseudo-labels with as little noise as pos-
sible, we propose a pseudo-label quality quantifica-
tion metric based on Confidence and Perturbation
Perplexity (CPP), aiming to select high-quality
labeled samples from the target domain with un-
known labels as the initial sample pool for LPL.
Subsequently, LLMs select demonstrations from
the sample pool based on semantic similarity and
iteratively re-label the samples to update the pool,
enriching its sample diversity. To maintain the
stability of ICL performance during the iterative
process, a majority voting mechanism is used on
the prediction results from multiple iterations to
determine the final prediction (Section 3). The ex-
perimental results of several different LLMs on
NLP tasks confirm the effectiveness of the pro-
posed method in alleviating OOD bias (Section 4).
Our contribution can be summarized as follows:

• We propose CPP, a quantification method based
on confidence and perturbation perplexity, to re-

fine the model’s pseudo-labeling results.

• We demonstrate the noise tolerance capability of
ICL through theoretical analysis, which supports
the rationality of CPP for pseudo-label construc-
tion.

• We design an iterative process involving LLMs,
gradually expanding the selection range of
pseudo-labels and obtaining more robust predic-
tion results through majority voting.

• Experimental results from multiple NLP tasks
and LLMs confirm that the proposed method can
effectively mitigate OOD biases in ICL.

2 Related Work

In-Context Learning. ICL enables LLMs to learn
tasks from a few demonstrations (Sun et al., 2022;
Yu et al., 2023), making effective sample selec-
tion a central challenge (Dong et al., 2022). Early
approaches typically rely on similarity-based re-
trieval, such as cosine similarity (Liu et al., 2022;
Qin et al., 2023), or incorporate diversity signals us-
ing graphs and confidence scores (Su et al., 2023).
More refined metrics, including perplexity (Gonen
et al., 2023) and misconfidence (Xu and Zhang,
2024), have also been introduced. However, these
samples remain suboptimal because they do not
directly reflect their impact on LLM predictions.
To address this issue, recent work evaluates sample
contributions through model feedback without gra-
dients. InfoScore (Li and Qiu, 2023) and influence-
based methods (Nguyen and Wong, 2023) estimate
both helpful and harmful examples, though the lat-
ter is NP-hard due to the large search space. Conse-
quently, subsequent studies reduce the search scope
via similarity-based pre-selection (Wu et al., 2023;
Peng et al., 2024a), or train influence estimators
on general datasets to eliminate expensive search
procedures (S. et al., 2024; Askari et al., 2025).

OOD Robustness of LLMs. Real-world NLP
data often violate the i.i.d. assumption, posing
substantial challenges for OOD robustness (Arora
et al., 2021). Although LLMs demonstrate ad-
vantages in OOD scenarios, their robustness re-
mains limited, especially when distribution gaps
are large (Wang et al., 2024; Yuan et al., 2023).
Improving OOD robustness is therefore essential
for the safe deployment of AI systems. Existing
approaches refine instructions—e.g., linguistic rule-
based prompt construction—to strengthen causal
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feature extraction (Jiang et al., 2024), but instruc-
tion tuning is considerably more costly than ICL.
As a lighter-weight alternative, recent work em-
ploys semantic rewriting to generate samples closer
to target domain, thereby reducing distribution dis-
crepancies (O’Brien et al., 2024; Madine, 2024).

Pseudo-label Augmentation. Pseudo-labeling
is a central technique in semi-supervised learning,
enabling models to leverage large amounts of unla-
beled data by assigning and using model-generated
labels (Yarowsky, 1995). Consequently, identify-
ing high-quality pseudo-labels has been a core re-
search problem. Prior work improves pseudo-label
reliability through confidence-based selection (Shi
et al., 2018), uncertainty-aware filtering (Rizve
et al., 2021), noise-correction frameworks (Wang
and Wu, 2020), and class-balanced confidence esti-
mation (Li et al., 2023). Class-distribution aware-
ness has further been shown to enhance pseudo-
label quality (Xie et al., 2024). Recently, LLMs
have also been introduced to reduce pseudo-label
noise and improve label quality (Ding et al., 2025).

3 Methodology

Our motivation is to mitigate OOD bias as much as
possible by replacing source domain data with tar-
get domain data, based on the theoretical analysis
presented in Section 3.1. In this setting, although
target domain data is accessible in related cross-
domain studies, it lacks available labels (Wu and
Shi, 2022; Song et al., 2024a). We propose LPL, a
prudent approach to generating low-noise pseudo-
labels as much as possible under unknown label
conditions. LPL includes three parts: Initial Sam-
ples Selection, Iterative Pseudo-label Generation
and Majority Voting as shown in Figure 2.

3.1 Label Noise versus OOD Bias

LPL can be regarded as a model that leverages in-
distribution data with pseudo-label noise to replace
data with OOD bias in constructing in-context
learning. Therefore, we can demonstrate how
pseudo-labels help the model, even with noise, by
comparing the theoretical model error bounds be-
fore and after the replacement. Before this, we
leverage the theory of (Dai et al., 2023) to interpret
ICL as a meta-optimizer capable of performing gra-
dient descent and provide the corresponding analy-
sis from the perspective of an optimizable model.
First, the generalization error for in-distribution
cases can be easily given by Theorem 1 (Shalev-
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Figure 2: LPL execution process. Arrows of different
colors represent the execution at different iterations.

Shwartz and Ben-David, 2014).

Theorem 1. For a binary classification problem,
when the hypothesis space is a set of a finite number
of functions F = {f1, f2, ..., fd}, for any function
f ∈ F , with probability at least 1− δ, 0 < δ < 1,
the following inequality holds:

R(f) ≤ R̂(f) + ϵ, (1)

where R(f) denotes expected risk regarding
f , R̂(f) denotes the empirical risk, ϵ =√

1
2Num(log d) + log 1

δ , Num is the sample size
and d is the complexity of the hypothesis space.

Lemma 1. Following the definition in Thm 1, if
noise with probability p is introduced to the sam-
ples, with probability at least 1− δ, 0 < δ < 1, the
following inequality holds:

R(f)noise ≤ p+ (1− 2p)(R̂(f) + ϵ). (2)

The upper bound derived in the lemma quantifies
the impact of pseudo-label noise on model gener-
alization error, demonstrating that the model can
still maintain reliable performance within a control-
lable range even in the presence of noise. Based
on this, we further give the corollary to show the
comparability between label noise and OOD bias:

Corollary 1. Under relaxed conditions, if the prob-
ability of label noise is as low as possible, then
in the presence of strong OOD bias, constructing
demonstrations using target domain data with label
noise will have a smaller negative impact.

3.2 Definition
For the convenience of formal description, we first
provide some definitions. Given a LLMsM, ICL
aims to predict the label yt of xt ∈ DT with several
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input labeled samples {(xi, yi)}i∈[1,C×N ], where
C is the class number and N is the number of sam-
ples per category. For generative tasks without
explicit categories, C degenerates to 1. We em-
phasize that the number of each different category
is equal to avoid the bias caused by imbalanced
labels (Zhao et al., 2021). Subsequently, M are
expected to predict the labels of test samples based
on the aforementioned samples:

yt = M̈(yt|x1, y1, ..., xC×N , yC×N︸ ︷︷ ︸
demonstrations

, xt), (3)

where M̈ is decoding strategies of LLMs. In the
context of general ICL tasks, it is commonly as-
sumed that the demonstrations and the test sample
xt originate from data that follows the same distri-
bution DT , but in OOD scenario, the demonstra-
tions come from different distribution DS .

3.3 Initial Samples Selection

Pseudo-labeling is one of the most popular semi-
supervised learning strategies, which utilizes the
model itself to obtain labels of unlabeled data (Lee
et al., 2013). However, when pseudo-labels are in-
accurate, confirmation bias can lead to degradation
in the performance of models trained with those
pseudo-labels (Arazo et al., 2020). Especially when
considering the challenge set, where no labels are
available, this further exacerbates the difficulty of
generating accurate pseudo-labels. To improve the
quality of pseudo-labels, we propose a comprehen-
sive quantitative index based on model confidence
and perturbation perplexity.

3.3.1 Confidence
For pseudo-label selection tasks, confidence is a
commonly used metric to filter out high-quality
annotation results (Rizve et al., 2021). Therefore,
we first train a lightweight model as confidence
selector on DS by optimizing cross entropy and
use it to assign rough labels to the unlabeled DT .
There are different representations of confidence in
different tasks.

Classification Tasks. The confidence of a sam-
ple xt ∈ DT can be expressed as:

Conft = max
y′

p(y′|xt), (4)

where p is the probability distribution predicted by
the trained model, y′ is is the pseudo-label obtained
according to the confidence.

Generation tasks. For other more complex non-
sentence level tasks such as Named Entity Recog-
nition, we view them a tokens generation task. For
any token t in the output, a similar method as Eq. 4
is used to generate its confidence, then the over-
all confidence can be computed as the product of
individual token confidences:

Conft =

k∏

i

max
t

p
(
t|P(xt)

)
, (5)

where P(xt) denotes the sequence of predicted to-
kens for the model, k is the output sequence length.

3.3.2 Perturbation Perplexity
In the OOD bias scenario, a model that is well-
fitted to the source domain struggles to general-
ize to the target domain. Even when selection is
based on confidence, labeling errors and noise re-
main unavoidable. To alleviate this, we propose
a perturbation perplexity method to further refine
the confidence-based results. Perplexity measures
LLMs’ uncertainty about the data, with lower val-
ues indicating more confident predictions (Gao
et al., 2024). Formally, the perplexity of model
M can be written as:

PPL(xt) = exp
(
− 1

T

T∑

i=1

logP (ti|ti−1)
)
, (6)

where T the number of words in xt and P (ti|ti−1)
is the prediction probability of token ti by given
ti−1. Subsequently, we use the confidence-based
prediction results as the sole perturbation fac-
tor, constructing a nearly identical prompt pair
{I(xt), Î(xt)} shown in Figure 2, and measure
the change of perplexity to the perturbation:

∆PPLt =
∣∣PPL({I(xt))− PPL(Î(xt))

∣∣. (7)

If the change ∆PPL caused by the perturbation is
small, it indicates that the model is not sensitive
to the pseudo-label, making it more likely that the
pseudo-label is a reasonable annotation. Due to
space constraints, we provide only a simple ex-
ample in Figure 2 to illustrate how perturbations
are applied. Specific forms of perturbations for
different tasks are detailed in Appendix D.4.

3.3.3 Sample Selection based on CPP
Furthermore, we comprehensively consider both
confidence and perturbation perplexity to obtain a
more informed quantification of pseudo-label qual-
ity. Since perturbation perplexity may be much
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Figure 3: Accuracy under different confidence and CPP
intervals on SA with Qwen2.5-3B and LLaMA3.2-3B.

larger than confidence, we smooth and normalize
it, and use the ratio of the two as the final metric:

CPPt = Conft ·
( ∆PPLt

max(∆PPL)

)−0.5
, (8)

where ∆PPL denote the set of perplexity differ-
ences of all samples. Based on the CPP score,
samples larger than τ will be are filtered as the ini-
tial sample set for the iteration. The initial sample
set is represented as X(0).

3.3.4 CPP Screening Results
Figure 3 provides supporting evidence for the va-
lidity of CPP, which shows the accuracy of selected
samples with different threshold of confidence and
CPP on two different NLP tasks. A common trend
for confidence and CPP that holds true in most
cases is that as the interval threshold gradually in-
creases, the accuracy of predictions within the cor-
responding region also improves. This suggests
selecting samples falling within larger intervals is
reasonable. Additionally, we observe that the accu-
racy of samples within larger intervals correspond-
ing to CPP is higher than that of samples selected
solely based on confidence. This indicates that in-
corporating perplexity can further refine the quality
of samples in larger intervals. Further support for
the validity of CPP can be found in Section 4.2.3
and Appendix C.

3.4 Iterative Pseudo-label Generation
While the initial pseudo-label selector based on
CPP may produce results with high accuracy, con-
sidering the specificity of different downstream
LLMs, these labels may not be the most suit-
able for the LLMs. Therefore, we aspire for
LLMs to be more involved in the generation of
pseudo-labels and iteratively update the pseudo-
label set (Cascante-Bonilla et al., 2021). The de-
scription of the iterative algorithm begins with
demonstrations search.

Demonstrations Search. We search for demon-
strations within the selected X(0) because they

come from the same distribution as the samples
to be predicted. To achieve this, rather than ran-
domly selecting samples, we can employ some
widely considered sample selection methods that
have proven to be effective. In practical operations,
to reduce the time required for text vectorization
and search, LPL performs tf-idf vectorization on
text data and utilize cosine similarity as the metric
for retrieval. For each sample xt and each category
C, N samples with the highest similarity from X(0)

are selected. During the process, we need to ensure
that xt is not selected to prevent label leakage if
xt ∈ X(0).

LLMs Pseudo-label Generation. Based on the
searched demonstrations, LLMs determines the
confidence of the sample prediction in a similar
way to the initial sample selection. Unlike the De-
BERTa labeler, the prediction results of LLMs are
presented in the form of tokens. For this reason,
we select the first token t generate by the LLMs
for classification tasks and calculate the confidence
score of t as:

ˆConf t = max
t

pM(t|x1, y1, ..., xC×N , yC×N , xt).

(9)
When multiple tokens are involved, the confidence
is the multiplication of the confidence of each token.
Subsequently, we use the same method as shown
in Eq. 8 to calculate the CPP score ˆCPP t derived
from LLMs during the iterative process. Predicted
samples with high ˆCPP t are added to the initial
sample set:

X(j+1) = {∀xt ∈ X| ˆCPP t > γ∧xt /∈ X(j)}∪X(j),
(10)

where γ is a new threshold that is more suitable
for LLMs, j indicates the current number of iter-
ations. Each iteration is a response to the result
of the previous iteration, thereby prompting LLMs
to consider more samples with high confidence.
Furthermore, more reasonable samples can prompt
LLMs to make better predictions, further reinforc-
ing the pseudo-labels.

3.5 Majority Voting

Although consistently selecting samples with high
CPP scores seems to contribute to more robust pre-
dictions for LLMs, LLMs are sensitive to changes
in the demonstrations, which may lead to signifi-
cant differences in predictions across different iter-
ative processes (Song et al., 2024b). To ensure that
the final predictions remain stable across multiple
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Tasks Source datasets Target datasets

SA amazon dynasent semeval sst
TD civil_comments adv_civil implicit_hate toxigen
NLI mnli anli contrac_nli wanli
NER FewNerd conll ener wnut

Table 1: Experimental tasks and corresponding datasets.

iterations, we employ the Majority Voting method
to mitigate potential performance degradation dur-
ing the iterations (Xie et al., 2023). Specifically, for
each iteration, we get the corresponding predicted
labels from LLMs. Then, we take the prediction
that appears most frequently among the J iterations
for each sample as the final result. In cases where
multiple predictions have the same frequency, we
randomly select one label as the final result. The
iterative process of LPL described above is illus-
trated in Algorithm 1.

4 Experiments

4.1 Datasets and Baselines
Datasets. In this paper, we adopt the four sub-tasks
under the challenging distribution shift benchmark
BOSS (Yuan et al., 2023) to build experiments,
including Sentiment Classification (SA), Toxicity
Detection (TD), Natural Language Inference (NLI)
and Name Entity Recognition (NER) as shown in
Table 1. The target datasets all have low SimCSE
scores with source datasets (Gao et al., 2021), in-
dicating strong OOD bias. Among them, the first
three can be regarded as classification tasks, while
the last one is generation tasks. A brief description
of the tasks and datasets is in Appendix D.1.

Baselines and LLMs. To verify the universal-
ity of LPL, we conduct experiments on a num-
ber of different LLMs, including GPT2-xl2 (Rad-
ford et al., 2019), Qwen2.5-3B3 (qwe, 2024),
LLaMA3.1-8B and LLaMA3.2-3B4 (AI@Meta,
2024), and Mistral-7B-v0.35. In addition,
we also perform LPL on GPT-3.5-turbo6 and
GPT-4o-mini7 to verify the scalability on non-
local LLMs. For each LLM, we compare
different sample baselines including Random,
Bm25 (Luo et al., 2023), KNN (Liu et al., 2022),
TopK+MDL (Wu et al., 2023), DrICL (Luo et al.,
2023), TopK+ConE (Peng et al., 2024b), and

2https://huggingface.co/openai-community/gpt2-xl
3https://huggingface.co/Qwen
4https://huggingface.co/meta-llama
5https://huggingface.co/mistralai/Mistral-7B-v0.3
6https://platform.openai.com/docs/models/gpt-3-5-turbo
7https://platform.openai.com/docs/models/#o4-mini

DICL (Kapuriya et al., 2025). In addition, we
also report the generalization performance of De-
BERTa/T5 fine-tuned on the source dataset, which
we refer to as DeBERTa/T5 fine-tuning. A brief
description of the baselines is in Appendix D.3.

4.2 Experimental Results and Analysis

4.2.1 Main Experimental Results

In Table 2 and Table 3, we present the comparative
results of the proposed method and the baseline
models on different datasets and have the following
observations.

Under OOD bias, semantic similarity-based
retrieval methods do not consistently outper-
form random sampling. For instance, on SA
with Mistral-7B-v0.3 and GPT2-xl, random se-
lection occasionally surpasses bm25, KNN, and
TopK+MDL. This suggests that substantial OOD
bias makes beneficial source-domain sample se-
lection challenging, requiring more context-aware
retrieval strategies. The issue is even more pro-
nounced in generative tasks, whose higher com-
plexity and lack of explicit labels demand deeper
semantic understanding and make OOD demonstra-
tion quality particularly critical.

While LLMs tend to achieve better over-
all performance compared to fine-tuning ap-
proaches, they remain evidently susceptible to
OOD bias. Different LLMs exhibit performance
variations across different tasks. For simple clas-
sification tasks, LPL outperforms the fine-tuned
DeBERTa in most cases except for the relatively
small GPT2-xl, demonstrating the effectiveness
of the ICL paradigm. For the more challenging
NER task, only LLaMA-3.1-8B achieved an im-
provement in average performance. Moreover, al-
though LPL generally demonstrates a performance
advantage, the baseline methods under the corre-
sponding LLMs may underperform. For example,
LLaMA3.2-3B performs poorly on the SA task, and
Mistral7B-v0.3 shows weaker results on the NLI
task. This indicates the widespread impact of OOD
bias across different models and tasks.

The proposed LPL is capable of fully exploit-
ing in-domain information from the target do-
main, yielding substantial performance gains
despite the presence of label noise. We observe
that the proposed LPL achieves an average perfor-
mance improvement over the best baseline across
all LLMs and tasks, with gains exceeding 6% in
the best case (GPT2-xl on SA). This supports the
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Methods
SA TD NLI

dynasent semeval sst Avg. adv implicit toxigen Avg. anli contract wanli Avg.

DeBERTa fine-tuning 49.84 57.52 75.73 61.03 40.46 61.24 62.45 54.72 35.38 35.72 62.70 44.60
Qwen2.5-3B

random 69.07 53.68 65.70 62.82 81.41 41.80 51.70 58.30 40.56 45.43 48.98 44.99
bm25 67.29 53.78 66.64 62.57 81.29 41.02 51.17 57.83 40.88 46.53 48.68 45.36
KNN 68.80 55.26 66.73 63.60 81.89 41.16 52.34 58.46 40.63 44.74 47.10 44.16
TopK+MDL 68.54 54.63 67.21 63.46 81.21 42.34 53.63 59.06 41.89 44.67 48.92 45.16
DrICL 67.33 53.78 68.34 63.15 81.92 42.42 52.51 58.95 42.17 45.18 48.36 45.24
TopK+ConE 69.47 54.60 66.93 63.67 81.56 42.85 52.57 58.99 43.19 45.60 48.38 45.72
DICL 66.99 54.02 65.14 62.05 81.53 41.32 51.00 57.95 43.31 45.84 48.18 46.11
LPL* 71.16 55.70 70.38 65.75 82.16 43.02 57.66 60.95 47.78 47.05 52.38 49.07

LLaMA3.1-8B
random 69.56 64.18 78.06 70.93 80.68 55.00 78.09 71.26 44.09 46.05 52.00 47.38
bm25 66.25 63.32 75.16 68.24 77.76 56.82 79.36 71.31 42.88 45.29 51.60 46.59
KNN 69.12 63.70 75.54 69.45 77.16 59.86 80.87 72.63 43.54 45.58 51.98 47.03
TopK+MDL 70.87 64.86 78.15 71.29 78.80 60.19 80.23 73.10 44.68 45.89 51.58 47.38
DrICL 68.65 63.42 76.17 69.41 77.31 59.44 80.84 72.53 47.06 45.25 52.56 48.29
TopK+ConE 71.66 63.12 77.08 70.62 79.52 61.04 80.76 73.77 45.65 44.86 53.22 47.91
DICL 68.56 63.70 75.82 69.36 77.85 58.56 80.15 72.19 42.90 45.78 51.66 46.78
LPL* 75.37 65.08 78.79 73.08 80.84 65.24 82.66 76.25 49.93 46.27 56.66 50.95

LLaMA3.2-3B
random 54.68 45.10 67.29 55.69 56.01 56.58 65.43 59.34 33.50 37.45 41.84 37.60
bm25 53.61 47.52 65.60 55.58 60.51 55.68 68.19 61.46 34.16 39.41 41.34 38.30
KNN 58.19 47.30 68.17 57.89 56.13 59.22 70.11 61.82 35.66 39.17 41.45 38.76
TopK+MDL 59.04 48.12 68.61 58.59 57.56 60.03 69.98 62.80 35.73 40.11 41.60 39.15
DrICL 58.12 46.70 67.82 57.55 59.60 69.37 63.44 64.00 34.58 41.08 42.30 39.32
TopK+ConE 58.40 47.88 69.25 58.51 61.34 59.60 69.37 63.44 36.05 40.56 41.84 39.48
DICL 58.80 46.29 66.17 57.09 59.72 56.06 68.14 61.31 35.38 39.42 41.07 38.62
LPL* 62.25 51.80 72.18 62.08 61.76 63.98 73.80 66.51 35.43 42.17 43.90 40.50

Mistral-7B-v0.3
random 62.99 51.74 70.67 61.80 42.52 64.28 73.51 60.10 35.81 41.14 46.68 41.21
bm25 60.23 53.36 68.69 60.76 46.94 64.14 72.65 61.24 37.84 45.77 48.02 43.88
KNN 62.89 51.47 70.56 61.64 42.53 63.48 73.05 59.69 35.88 44.56 48.36 42.93
TopK+MDL 62.16 52.78 70.23 61.72 44.50 64.65 72.82 60.66 38.65 44.38 49.43 44.15
DrICL 61.84 51.23 70.58 61.22 44.68 64.80 72.57 60.68 37.56 44.29 47.16 43.00
TopK+ConE 62.76 52.91 70.53 62.07 46.71 64.34 72.79 61.28 39.71 45.20 48.62 44.51
DICL 62.66 52.07 69.38 61.37 43.22 63.53 72.60 59.78 35.76 44.18 47.65 42.53
LPL* 65.35 54.04 72.11 63.80 46.95 66.98 75.81 63.25 42.75 44.15 51.58 46.16

GPT2-xl
random 39.54 50.32 53.80 47.89 27.58 58.90 57.55 48.01 – – – –
bm25 40.35 48.30 53.51 47.39 33.97 57.06 56.38 49.14 – – – –
KNN 40.28 50.22 47.61 46.04 26.59 58.16 56.06 46.94 – – – –
TopK+MDL 40.78 50.62 48.90 46.77 30.46 58.88 57.70 49.01 – – – –
DrICL 38.93 47.91 49.05 45.30 31.13 59.94 59.32 50.13 – – – –
TopK+ConE 36.61 49.86 53.14 46.54 27.38 59.54 58.10 48.34 – – – –
DICL 39.88 49.16 48.82 45.95 27.50 57.94 56.69 47.38 – – – –
LPL* 42.23 55.24 64.29 53.92 31.13 59.94 59.32 50.13 – – – –

Table 2: Comparison of experimental results across different LLMs and baseline methods. Boldface denotes the
best average result. * indicates statistically significant improvement over all baselines under the one-sided Wilcoxon
signed-rank test (p < 0.01). ‘–’ indicates that the input length exceeds the model’s maximum limit.

hypothesis in Section 3.1, which suggests that
when label noise is relatively low, using noisy in-
distribution samples to construct demonstrations
can effectively raise the performance upper bound
of the model. But we also acknowledge that in
cases where the reliability of pseudo-labels is insuf-
ficient, such as in adversarial datasets like adv_civil
and anli, LPL sometimes yields only marginal per-
formance improvements. This may indicate a key
direction for future enhancements.

4.2.2 Results on Non-local LLMs

Given that confidence and perplexity are difficult
to obtain from non-locally deployed LLMs, espe-
cially black-box models with undisclosed param-
eters, we employ a lightweight proxy LLM to se-
lect samples during the iterative process. Specif-
ically, for each input to the black-box model, we

feed the same prompt into a lightweight, locally
deployed LLM (in our case, LLaMA3.2-3B), and
use the CPP value computed by this lightweight
model as the criterion for selecting samples dur-
ing the iterative process. To ensure prediction
stability, only those samples whose predicted la-
bels align with the outputs of the black-box model
are incorporated into X(j). The experimental re-
sults of two different non-locally deployed LLMs
are shown in Table 4. LPL consistently outper-
forms KNN and DICL across all tasks on both
non-locally deployed LLMs (GPT-3.5-turbo and
GPT-4o-mini), it even achieves over a 4% perfor-
mance gain on NLI and NER tasks with the large-
scale GPT-3.5-turbo, which indicates that LPL
can be broadly applied across different LLMs.
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Methods conll ener wnut Avg.

T5 fine-tuning 61.72 45.05 46.46 51.08
Qwen2.5-3B

random 39.17 39.18 39.02 39.12
bm25 38.29 38.93 38.24 38.49
KNN 37.48 38.08 36.78 37.45
TopK+MDL 39.65 37.01 40.83 39.16
DrICL 38.94 36.72 37.50 37.72
TopK+ConE 38.75 39.92 39.60 39.42
DICL 38.54 39.17 37.75 38.49
LPL* 41.91 41.89 39.53 41.11

LLaMA3.2-3B
random 30.18 30.43 31.00 30.54
bm25 28.30 28.25 29.69 28.75
KNN 29.29 26.52 28.70 28.17
TopK+MDL 29.72 28.63 29.01 29.12
DrICL 31.86 29.33 28.04 29.74
TopK+ConE 28.85 27.56 30.58 29.00
DICL 30.41 27.82 28.18 28.80
LPL* 36.75 31.56 31.94 33.42

LLaMA3.1-8B
random 50.39 50.93 51.20 50.84
bm25 50.24 49.81 49.97 50.01
KNN 51.61 49.22 49.79 50.21
TopK+MDL 50.86 50.17 50.89 50.64
DrICL 51.03 49.17 50.12 50.11
TopK+ConE 51.23 50.05 51.42 50.90
DICL 51.19 49.63 50.06 50.29
LPL* 54.43 49.89 52.34 52.22

Mistral-7B-v0.3
random 36.96 37.64 37.76 37.45
bm25 35.40 36.26 35.91 35.86
KNN 32.98 35.67 34.55 34.40
TopK+MDL 33.60 37.77 37.61 36.33
DrICL 33.57 36.50 35.72 35.26
TopK+ConE 35.73 36.30 36.86 36.30
DICL 32.57 35.65 35.31 34.51
LPL* 39.15 38.85 41.22 39.74

GPT2-xl
random 16.89 16.68 17.10 16.89
bm25 14.47 12.87 15.40 14.25
KNN 18.67 11.15 13.60 14.47
TopK+MDL 15.56 14.54 16.78 15.63
DrICL 17.65 15.68 17.22 16.85
TopK+ConE 15.91 15.36 17.40 16.22
DICL 18.36 12.92 13.08 14.79
LPL* 21.03 19.82 18.33 19.73

Table 3: Results on NER tasks.

4.2.3 Ablation Study
An ablation study is conducted to compare two
variants of the proposed LPL framework, namely
LPL−PPL and LPL−Conf . We do not explore ab-
lation studies related to majority voting in this sec-
tion, as a more detailed investigation is presented
in a later section 4.2.5. In LPL−PPL, sample se-
lection is performed using model confidence alone,
excluding perplexity. Conversely, LPL−Conf uses
perplexity for selection while ignoring model confi-
dence. As shown in Table 5, removing either confi-
dence (LPL−Conf ) or perplexity (LPL−PPL) leads
to a consistent performance drop across all tasks
and models, confirming the effectiveness of com-
bining both signals in the LPL framework. Notably,
removing confidence results in a larger decline, in-
dicating that confidence plays a more critical role
on them, while perplexity offers complementary
benefits. In addition, we observe that in certain
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Figure 4: The changes in average model performance
across different tasks.
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Figure 5: Model performance and sample space evo-
lution with iterations on SA (left: accuracy(%), right:
sample count). The horizontal lines indicate the LPL
majority vote results under the corresponding LLMs.

cases, such as the TD task, the performance drop
caused by LPL−PPL is also non-negligible, indicat-
ing that perplexity is indispensable in the process
of high-quality sample selection.

4.2.4 Hyperparameter Settings
The most critical parameters in LPL are the filtering
thresholds τ and γ used during the label generation
process. Determining their optimal values typi-
cally requires a grid search, and the best settings
may vary across tasks and datasets. To reduce the
search space and facilitate practical use of LPL, we
fix both τ and γ at 0.8, as illustrated in Figure 4.
We observe that, except for Qwen2.5-3B on the
TD task, the optimal performance is consistently
achieved around this value. This aligns with our
intuition: a moderate threshold effectively balances
a sufficiently large sample search space with low
pseudo-label noise.

4.2.5 Effect of Iterations and Majority Voting
To demonstrate the effectiveness of iteration and
majority voting, we present Figure 5, which illus-
trates the changes in the number of selected sam-
ples and the performance of LPL on SA. While vari-
ations exist across datasets and LLMs, the number
of selected samples generally increases with more
iterations, indicating that iterative selection helps
explore a broader demonstration space. However,
the performance of LPL does not always improve
consistently with more iterations. This is attributed
to the inherent sensitivity of LLMs to demonstra-
tions—samples in X(j) may not be equally suitable
for all models and tasks. Consequently, majority
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Methods SA TD NLI NER
dynasent semeval sst Avg. adv implicit toxigen Avg. anli contr wanli Avg. conll ener wnut Avg.

GPT3.5-turbo
KNN 69.80 67.20 77.20 71.40 81.80 56.00 84.80 74.20 53.80 41.20 56.60 50.53 54.13 35.18 44.71 44.67
DICL 70.50 66.80 75.40 70.90 82.50 58.00 84.80 75.10 54.00 40.00 55.40 49.80 55.00 35.50 46.00 45.50
LPL 76.40 68.20 79.40 74.60 80.72 60.20 85.00 75.30 58.80 41.60 64.00 54.80 60.05 37.97 48.58 48.87

GPT4o-mini
KNN 68.40 71.80 77.40 72.53 68.40 55.60 84.60 69.53 53.60 38.00 55.00 48.87 51.90 40.57 45.04 45.84
DICL 67.50 72.20 76.00 71.90 69.20 56.50 83.50 69.73 52.00 38.80 54.20 48.33 53.00 41.00 44.50 46.17
LPL 69.60 75.80 79.20 74.87 69.60 59.40 84.80 71.23 52.70 41.40 62.00 52.03 55.21 42.55 48.21 48.66

Table 4: Experimental results of non-locally deployed LLMs across all tasks.

Variants SA TD NLI NER
Qwen2.5-3B

LPL−PPL 65.01 59.57 47.98 40.32
LPL−Conf 61.72 58.74 47.56 39.04

LPL 65.75 60.95 49.07 41.11
LLaMA3.2-3B

LPL−PPL 61.78 63.30 40.13 32.78
LPL−Conf 57.70 58.24 37.87 30.68

LPL 62.08 66.51 40.50 33.42

Table 5: The ablation results of Qwen2.5-3B and
LLaMA3.2-3B. For simplicity, we only present the aver-
age performance across three datasets per task.

voting plays a crucial role by aggregating predic-
tions from different iterations to produce more sta-
ble results and mitigate the impact of outliers. In
some cases, it even outperforms any single itera-
tion, as observed with Qwen2.5-3B on Semeval and
LLaMA3.2-3B on sst and toxigen. More results can
be found in Appendix F.

4.2.6 Visualization of Selected Samples

j=0 j=1 j=2

source target selected samples

Figure 6: 2D visualization of sst.

To further illustrate the changes in selected sam-
ples during the iterations, we choose sst, and per-
form 2D visualization using t-SNE based on their
representations obtained from SimCSE as the itera-
tions progress. In Figure 6, the green dots (from the
source domain) and the blue dots (from the target
domain) exhibit a clear distributional discrepancy,
which leads to the negative impact of OOD bias on
ICL. When the demonstration samples are replaced
with those selected based on CPP (pink), the distri-
butional gap between the demonstrations and the
target domain is reduced. As the iterations progress,
the selected samples gradually expand their cov-

erage, which facilitates ICL within a distribution
space closer to the target. The visualization results
further validate the core contribution of LPL.

5 Conclusion

This paper proposes LPL, an iterative target-
domain pseudo-labeling framework for mitigating
OOD bias in ICL by replacing OOD samples with
refined pseudo-labeled instances, where theoretical
analysis and extensive experiments across multiple
NLP tasks and LLMs demonstrate its effectiveness
and robustness.

Limitations

Although effective, LPL requires multiple itera-
tions to achieve stable results, leading to additional
computational overhead. Moreover, LPL still needs
to be evaluated on a broader range of LLMs to fur-
ther verify its generalization capability. For closed-
source models, LPL relies on proxy models to gen-
erate pseudo-labels, which may introduce potential
errors. Finally, the performance gains of LPL on
adversarial datasets remain limited, as the initial
pseudo-label generation strategy is less effective
in adversarial settings and may negatively affect
subsequent iterations. Therefore, developing more
robust pseudo-label initialization strategies remains
an important direction for future work.
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A Algorithm Description

B Theoretical Proof

Lemma 2. Following the definition in Thm 1, if
noise with probability p is introduced to the sam-
ples, with probability at least 1− δ, 0 < δ < 1, the
following inequality holds:

R(f)noise ≤ p+ (1− 2p)(R̂(f) + ϵ). (11)

Proof. Given labeled samples (X,Y ) =
{(x1, y1), ...(xN , yN )}, the risk of the model is
R(f) = Pr(f(x) ̸= y). When each sample label
is wrong with probability p, for any function f ,
there are two possible scenarios:





Pr(f(xi) ̸= yi ∧ yi = y′i)

= Pr(f(xi) ̸= yi)Pr(yi = y′i)

= R(f)(1− p)

Pr(f(xi) = yi ∧ yi ̸= y′i)

= Pr(f(xi) = yi)Pr(yi ̸= y′i)

= (1−R(f))p.

(12)
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Figure 7: Accuracy under different confidence and CPP intervals on SA, TD, and NER tasks with Qwen2.5-3B and
LLaMA3.2-3B.

Therefore, R(f)noise is the sum of the above two
cases:

R(f)noise = p+ (1− 2p)R(f). (13)

By plugging Thm 1 into it, we obtain:

R(f)noise ≤ p+ (1− 2p)(R̂(f) + ϵ). (14)

The above lemma is proved.

Corollary 2. Under relaxed conditions, if the prob-
ability of label noise is as low as possible, then
in the presence of strong OOD bias, constructing
demonstrations using target domain data with label
noise will have a smaller negative impact.

Proof. According to (Ben-David et al., 2010), for
source domain DS and target domain DT , the error
upper bound can be expressed as:

R(f)S ≤ R(f)T + dH(DS ,DT ) + C, (15)

where R(f)S and R(f)T denote the training er-
ror under different data distributions, respectively.
dH(DS ,DT ) represents the distance between the
training distribution DS and the test distribution

DT , and C denotes the inevitable error difference
between the training distribution and the test distri-
bution under an optimal classifier.

According to Thm 1, we can rewrite R(f)S to:

R(f)S ≤ R̂(f) + ϵ+ dH(DS ,DT ) + C, (16)

where we omit the lower corner T for uniform
presentation. Then, the relationship between the
noise and the OOD bias error upper bound is given
by:

∆ = R̂(f) + ϵ+ dH(DS ,DT ) + C
− p− (1− 2p)(R̂(f) + ϵ)

= dH(DS ,DT ) + C + p(2R̂(f) + 2ϵ− 1)
(17)

When the probability 1− δ is high (usually more

than 0.9), δ < 0.1, leading to ϵ >
√
log 1

δ > 1, so

p(2R̂(f)+2ϵ−1) > 0. ForDS andDT which has
large OOD bias, dH(DS ,DT ) + C > 0. Therefore,
∆ > 0, which shows that R(f)noise possesses a
tighter error upper bound. In this case, introducing
label noise instead of OOD bias is more promising
for improving the model’s performance.
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Figure 8: Model performance and sample space evolution with iterations across datasets (left: accuracy(%), right:
sample count). The horizontal lines indicate the LPL majority vote results under the corresponding LLMs.

C Comparison of CPP on More Datasets

We present more results in Figure 7 to demonstrate
the effect of CPP on TD and NER tasks. Except
for a few cases such as CoNLL, CPP consistently
achieves performance comparable to or even better
than confidence within high-confidence intervals,
indicating that the use of CPP indeed helps improve
the quality of selected samples.

D More Experimental Details

D.1 Datasets
We have detailed the tasks and datasets used in the
experiment as follows.

• SA is described as a three-classification task, in-
cluding positive, negative, and neutral. Amazon
dataset contains reviews of products from 29 dif-
ferent categories. Dynasent is a dataset created
using a human-in-the-loop annotation method to
generate adversarial sentence sets. Semeval is
a sentiment three-classification dataset sourced
from Twitter, and sst is based on sentence-level
movie reviews.

• TD is described as a sentence-level binary classi-
fication task, including two categories: toxic and
benign. Civil_comments contains public com-
ments from a civil commentary platform, involv-
ing different user groups and subcategories of
toxicity. Adv_civil is generated from Civil Com-
ments through text-based adversarial attacks. Im-
plicit_hate includes both explicit and implicit

forms of toxic tweets, where implicit toxicity
does not contain common or toxicity-related key-
words, making it more challenging to identify.
Toxigen is composed of implicit toxic texts gen-
erated by demonstration-induced GPT-3.

• NLI involves determining the relationship be-
tween a premise and a hypothesis, specifically
whether the hypothesis is entailed by, contradicts,
or is neutral with respect to the premise. Mnli
includes ten different types of written and spoken
sentence pairs, featuring various styles, topics,
and levels of formality. Anli is an adversarial
dataset collected in a “human-in-the-loop” man-
ner, with each premise primarily sourced from
Wikipedia and hypotheses generated by human
adversaries. Contract_nli treats each contract as
a premise and holds a fixed set of hypotheses
across the entire dataset. Wanli is synthesized by
GPT-3, with each example containing challeng-
ing patterns identified in mnli.

• NER involves identifying and classifying enti-
ties within text into predefined categories such
as person names, locations, organizations, etc.
FewNerd is arguably the largest NER dataset, la-
beling approximately 188k Wikipedia sentences
into eight coarse-grained entity types. Conll uses
stories from Reuters news, encompassing four
basic entity types. Ener focuses on legal texts,
and we use its four-category version in this pa-
per, treating all legal entities as miscellaneous

15210



Algorithm 1 Iterative Pseudo-label Generation Al-
gorithm

Input: Initial samples set X(0), an arbitrary LLM
M, test sample set X and the corresponding label
set Y .
Parameter: Confidence threshold γ, and maxi-
mum iterations J .
Output: Test accuracy on
X .

1: for j = 0 to J − 1 do
2: Ỹ (j) = ∅.
3: for xt ∈ X do
4: Search for x1, y1, ..., xC×N , yC×N

based on tf-idf similarity where
xt /∈ {x1, ..., xC×N}.

5: Calculate ˆCPP t for M and the corre-
sponding prediction results ỹ.

6: Ỹ (j) ← ỹ.
7: if ˆCPP t > γ and xt /∈ X(j) then
8: X(j) ← xt.
9: end if

10: end for
11: end for
12: Ỹ =MajorityVoting(Ỹ (0), Ỹ (1), ..., Ỹ (J−1)).
13: Evaluate and return the test accuracy by Ỹ and

Y .

ones. Wnut gathers training data from Twitter
and mining test data from sources like Reddit,
StackExchange, Twitter, and YouTube, contain-
ing six entity types.

D.2 Experimental Setup
Training details of confidence selectors. For SA,
TD, and NLI, we train 3 epochs on the OOD dataset
with a learning rate of 2e-5 on DeBERTa8. For
NER, we train a T5-base9 with the same configu-
ration (Raffel et al., 2020). The reason for using
them is that they are sufficiently light compared to
LLMs, allowing them to learn the label information
of the source domain effectively within a limited
time.

Inference details for ICL. For all input instruc-
tions for LLMs, we adopt the instruction templates
reported by (Yuan et al., 2023). Referring to the
settings of (Liu et al., 2022), we set N of the main
experiment to 3, and the number of iterations J to
3. To ensure stable performance and avoid issues
stemming from sample size imbalance and label

8https://huggingface.co/microsoft/deberta-v3-base
9https://huggingface.co/google-t5/t5-base

order variance, we deliberately fix both the number
of sample categories and their ordering throughout
the process. We use accuracy as the measure of
performance. All experiments are run on a single
NVIDIA A40 GPU. For large-scale models that can
not be deployed locally, we utilize the correspond-
ing APIs10 and systematically parse their responses
for downstream processing.

Data Processing. We carry out our experiment
using the data division given by BOSS. But for the
three datasets in the NER task, we select only three
types of entities (Person, Organization, and Loca-
tion) to unify the label space. To avoid excessively
reducing the amount of test data, we further sample
from the training sets reported in the original pa-
pers of the corresponding datasets. As a result, the
maximum number of available samples for each
dataset is 5,000. Moreover, to reduce inference
costs for large-scale LLMs, we use only the first
500 samples from each dataset for experimentation
if the corresponding test set contains more than 500
samples following (Fei et al., 2023).

D.3 Baselines

• Random. The demonstrations for each test sam-
ple are randomly selected in the source datasets.

• Bm25 (Luo et al., 2023). It calculates the word
overlap similarity between source samples and
target samples, and selects samples with high
similarity for ICL.

• K-nearest neighbors (KNN) (Liu et al., 2022).
We use SimCSE as the sample encoder for sam-
ple embeddings. Then, for each sample from the
target set, k-nearest neighbors from the source
samples are selected as the demonstrations.

• TopK+MDL (Wu et al., 2023). It first selects the
30 most similar samples as candidates based on
KNN, and then utilizes the Minimum Descrip-
tion Length (MDL) principle to further select the
most influential combination of samples from the
candidates.

• DrICL (Luo et al., 2023). Bm25 is employed
to retrieve samples similar to the one being pre-
dicted. Subsequently, a LLM is used to provide
feedback that distinguishes between beneficial
and detrimental samples with respect to the pre-
diction outcome. These samples are then used

10https://api.xi-ai.cn/
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SA

Question: What is the label of text "{}", negative, positive or neutral?
Answer:

Question: What is the label of ”{label}” text "{}", negative, positive or neutral?
Answer:

TD
Question: What is the label of text "{}", toxic or not? \n Answer:
Question: What is the label of ”{label}” text "{}", toxic or not? \n Answer:

NLI

Question: What is the label of text "{}", entailment, neutral or contradiction?
Answer:
Question: What is the label of ”{label}” 
text "{}", entailment, neutral or contradiction? Answer:

NER

Question: What entities are there in the text "{}"? Answer:

Question: What entities are there in the text “{}“ with entities “{Person: xxx, 
Location: xxx ……}”? Answer:

Figure 9: Templates for constructing perturbation sam-
ple pairs for different tasks.

as positive and negative instances to fine-tune
GTR (Ni et al., 2022) as a dense retriever.

• TopK+ConE (Peng et al., 2024b). It searching
for demonstrations that minimize the difference
of the crossentropy between the prompt and the
demonstrations. To mitigate the large search
space introduced by exhaustive enumeration, the
method first employs KNN to retrieve the top 10
most similar samples to the target instance, and
searches for the optimal demonstration combina-
tion within this narrowed candidate set.

• DICL (Kapuriya et al., 2025). It utilizes Max-
imum Marginal Relevance (MMR), which bal-
ances topic similarity and diversity among exam-
ples during demonstration retrieval. In practice,
the parameter for trading off similarity and diver-
sity is set to 0.5, indicating equal importance for
both similarity and diversity.

D.4 Perturbation Form

We provide detailed perturbation prompt pairs for
different tasks in Figure 9. Unlike the prompts
required in ICL, the perturbation prompt pair tar-
gets only the test sample and does not include any
demonstrations, as its primary purpose is to quan-
tify the change in perplexity of the test sample’s
prediction results with and without labels. On the
other hand, this also reduces the time cost required
for inference.

E Complexity Analysis

One concern regarding the use of LPL is complex-
ity, as the iterative process introduces additional
time overhead. Considering that the inference com-
plexity of LLMs depends not only on the model
size but also on the number of demonstrations, we
can approximate the model’s complexity in our
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Figure 10: Comparison of LPL (without iteration) with
other methods across all datasets.

LPL demonstration setup as O(N × C), where
N×C is the number of demonstrations and O(1) is
the cost per demonstration. The CPP computation,
which requires estimating a sample pair, introduces
an additional complexity of O(2). Taking the iter-
ative process into account, the overall complexity
can be expressed as J×O(N×C)+(J−1)×O(2),
since the CPP computation for the first iteration
can be pre-executed. In practice, the number of
iterations can also be reduced to one to achieve a
trade-off between performance and computational
overhead.

F More Results of Iteration and Majority
Voting

Figure 8 shows the performance of LPL across
all datasets, as well as the change in the number
of included samples with the number of iterations.
Similar to the results presented in Section 4.2.5,
the number of selected samples increases with iter-
ations, but performance does not always improve
accordingly in some cases (e.g., wanli, wnut), in-
dicating that the iterative outputs of LLMs can be
unstable. Majority voting can help mitigate the
worst-case predictions to some extent. For exam-
ple, on toxigen, the result obtained by majority
voting even surpasses that of any single iteration.

G LPL without Iteration

As discussed in Appendix E, the iterative process
of LPL introduces additional computational over-
head. When the number of iterations is set to 0,
the cost of LPL becomes more aligned with prac-
tical constraints. Therefore, Figure 10 presents a
detailed comparison between single-iteration LPL,
the random selection method, and the KNN-based
approach. The results show that even with a single
iteration, LPL consistently outperforms the base-
line methods on most datasets, regardless of the
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Figure 11: 2D visualization of samples from different sources.

underlying LLMs. This indicates that LPL can be
flexibly adjusted to meet practical requirements to
reduce computational overhead.

H More Visualization Results

Our visualization results on the adv_civil and anli
datasets further confirm that the samples selected
by LPL help mitigate distributional biases in the
data. As the iterations proceed, the selected sam-
ples increasingly resemble the overall data distribu-
tion of the target domain, regardless of the source
domain distribution.

I Case Study

Further case studies demonstrate how the iteration
process can lead to more reasonable samples be-
ing included in the demonstrations in Figure 12.
To present more intuitively, we adjust N to 1. In
the initial sample selection, the positive sample
"Andy Garcia enjoys one of his richest roles in
years and..." is considered due to its high confi-
dence score in the DeBERTa prediction. As the
iteration progresses (j = 1), the sample "Whether
(Binoche and Magimel) are being charming ......"
which is more similar to the sample to be predicted,
is replaced in the demonstration due to the high

Text: Leave these Flowers unpicked -- they 're dead on the vine . 
Prediction: negative 
Text: Andy Garcia enjoys one of his richest roles in years and Mick Jagger gives 
his best movie performance since , well , Performance . 
Prediction: positive 
Text: A few artsy flourishes aside , Narc is as gritty as a movie gets these days .
Prediction: neutral 
Text: Binoche and Magimel are perfect in these roles . Prediction:

Text: Leave these Flowers unpicked -- they 're dead on the vine . 
Prediction: negative 
Text: Whether ( Binoche and Magimel ) are being charming or angst-ridden , they 
easily fill their scenes and , fine judges both , never overcook the hysteria .
Prediction: positive 
Text: A few artsy flourishes aside , Narc is as gritty as a movie gets these days .
Prediction: neutral 
Text: Binoche and Magimel are perfect in these roles . Prediction:

Text: These are names to remember , in order to avoid them in the future . 
Prediction: negative 
Text: Whether ( Binoche and Magimel ) are being charming or angst-ridden , they 
easily fill their scenes and , fine judges both , never overcook the hysteria .
Prediction: positive 
Text: A few artsy flourishes aside , Narc is as gritty as a movie gets these days .
Prediction: neutral 
Text: Binoche and Magimel are perfect in these roles . Prediction: j=2

j=1

j=0

Figure 12: Case study on sst. We use different colored
fonts to highlight the changes during iterations.

confidence score given by the LLMs. Samples that
are more similar to the test sample tend to help
LLMs make better predictions. In further iterations
(j = 2), the negative sample is also replaced, which
increases the diversity of the demonstrations and
helps to consider a wider range of samples in the
majority voting.
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