
000
001
002
003
004
005
006
007
008
009
010
011
012
013
014
015
016
017
018
019
020
021
022
023
024
025
026
027
028
029
030
031
032
033
034
035
036
037
038
039
040
041
042
043
044
045
046
047
048
049
050
051
052
053

Under review as a conference paper at ICLR 2025

DOES EXAMPLE SELECTION FOR IN-CONTEXT
LEARNING AMPLIFY THE BIASES OF LARGE LAN-
GUAGE MODELS?

Anonymous authors
Paper under double-blind review

ABSTRACT

In-context learning (ICL) has proven to be adept at adapting large language models
(LLMs) to downstream tasks without parameter updates, based on a few demon-
stration examples. Prior work has found that the ICL performance is susceptible
to the selection of examples in prompt and made efforts to stabilize it. However,
existing example selection studies ignore the ethical risks behind the examples
selected, such as gender and race bias. In this work, we first construct a new sen-
timent classification dataset —EEC-paraphrase, designed to better capture and
evaluate the biases of LLMs. Then, through further analysis, we discover that ❶
example selection with high accuracy does not mean low bias; ❷ example se-
lection for ICL amplifies the biases of LLMs; ❸ example selection contributes
to spurious correlations of LLMs. Based on the above observations, we propose
the Remind with Bias-aware Embedding (ReBE), which removes the spurious
correlations through contrastive learning and obtains bias-aware embedding for
LLMs based on prompt tuning. Finally, we demonstrate that ReBE effectively mit-
igates biases of LLMs without significantly compromising accuracy and is highly
compatible with existing example selection methods. The implementation code is
available at https://anonymous.4open.science/r/ReBE-1D04.

1 INTRODUCTION

Although large language models (LLMs) have demonstrated impressive capabilities, efficiently de-
ploying them into downstream tasks remains challenging (Mosbach et al., 2023; Liu et al., 2022a).
Among existing solutions, in-context learning (ICL) has proven adept at adapting LLMs to down-
stream tasks without parameter updates, using only a few demonstration examples (Brown et al.,
2020). Compared to fine-tuning (Ziegler et al., 2019), ICL is more flexible and suitable for few-shot
scenarios. In the setting of ICL, examples included in the prompt are the only source for LLMs
to learn the task context information (e.g., the answer format), thus attracting considerable
attention. As the research deepened, researchers found that examples selected randomly from the
training set led to high variance in performance (Liu et al., 2022b), so numerous example selection
methods have been proposed to stabilize the performance of ICL (Gonen et al., 2023; Gupta et al.,
2023).

Since LLMs may spread biases learned from the training set during decision-making or user interac-
tion, potentially causing severe harm to society, the biases of LLMs have always attracted significant
attention (Liu et al., 2024b; Gupta et al., 2024; Guo et al., 2022). Although not entirely equivalent
to social biases, it has been shown that LLMs exhibit stronger cognitive biases (Lin & Ng, 2023),
such as position bias (Zhao et al., 2021) and token bias (Zheng et al., 2024), when fed with spe-
cific prompts. Similarly, because the example selection method determines the content of the ICL
prompt, it is natural to ask: Does example selection for ICL amplify the biases of LLMs? It is
undoubtedly unacceptable for LLMs to preserve or even exacerbate biases when using ICL to deploy
LLMs to downstream tasks. However, existing example selection studies ignore the ethical risks
behind the examples selected, such as gender and race bias.

To explore the impact of example selection on bias, we conduct an empirical analysis by evaluating
the accuracy and biases of LLMs on a sentiment classification dataset —EEC-paraphrase, which
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Figure 1: The central scatter figure plots gender bias and accuracy of OPT-13B under various
example selection baselines. The horizontal and vertical red dashed lines represent mean accuracy
and maximum bias (AvgGF) of OPT-13B under zero-shot, respectively. The left subfigure shows
the pipeline for adapting LLMs to downstream tasks using ICL. The right subfigure illustrates the
pipeline using our debiasing method, ReBE. The box plot at the bottom depicts the gender bias
distribution of OPT-13B under various baselines.

we build on Equity Evaluation Corpus (EEC) (Kiritchenko & Mohammad, 2018) but with more
complex and natural sentences (More details in Section 3). Considering the generality of the find-
ings, our experiments include eight LLMs and four example selection baselines: Random-based,
Similarity-based (Liu et al., 2022b), Perplexity-based (Gonen et al., 2023) and Determinantal Point
Processes (DPP)-based (Ye et al., 2023). We use random seeds to sample the EEC-paraphrase to
construct the few-shot training sets and have collected the bias and accuracy results of baselines
under various random seeds. Therefore, we emphasize that the data points of example selection
baselines in Figure 1 are evaluation results under different random seeds. According to Figure 1,
each example selection baseline has points in the grey area marked as “high accuracy and high bias”,
indicating that example selection with high accuracy does not mean low bias.

To observe the impact of example selection on biases compared to the case without ICL, we have
also collected the experiment results of zero-shot under various random seeds and plotted the red
dashed line “Bias of zero-shot” with the maximum bias value in Figure 1. The data points above
the horizontal red dashed line in Figure 1 exhibit higher gender bias than zero-shot, indicating that
example selection for ICL does amplify the bias of LLMs. According to the results in Section
3.3, we further find that example selection amplifies the maximum bias value, worsening unfair
situations. The maximum bias value refers to the highest bias among results measured under various
random seeds using the same example selection method. To uncover why example selection ampli-
fies the biases, based on the MaxTG and MaxFG metrics (Table 1), we observe that LLMs using
ICL exhibit spurious correlations. Spurious correlations refer to undesired or unstable correlations
learned by LLMs from the training set, which may introduce unintended biases (Albuquerque et al.,
2024). Typical spurious correlations of LLMs include stereotypes such as “He is a doctor; she is a
nurse.” Furthermore, it is generally believed that the LLM’s biases come from its parameter knowl-
edge and the input prompt. By excluding the impact of LLM parameters, we find that example
selection contributes to spurious correlations of LLMs.

The above observations highlight that example selection for ICL truly amplifies the biases of LLMs.
In order to mitigate the social biases of adapting LLMs to downstream tasks through ICL, we pro-
pose the Remind with Bias-aware Embedding (ReBE), which curbs biases of LLMs by prefixing
the bias-aware embedding into the prompt. Besides, we design the bias-contrastive loss based on
contrastive learning to remove spurious correlations and obtain the bias-aware embedding through
prompt tuning (More details in Section 4). To demonstrate the effectiveness of ReBE, we conduct
extensive experiments and the results in Section 5 show that ReBE reduces the maximum bias value
without compromising the accuracy and is well compatible with existing example selection methods.
In sum, we try to fill the gap in exploring the ethical risks of example selection, which is essential
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for deploying LLMs into downstream tasks using ICL. The overall contributions are summarized as
follows:

• To the best of our knowledge, we are the first to discover the bias risks of example selection
for ICL, especially the findings: ❶ Example selection with high accuracy does not mean
low bias; ❷ Example selection for ICL amplifies the biases of LLMs; ❸ Example selection
contributes to spurious correlations of LLMs.

• We construct a new sentiment classification dataset —EEC-paraphrase, which can better
identify and evaluate gender and race bias of LLMs in ICL. More specifically, sentences in
EEC-paraphrase are more complex and natural than in EEC.

• To alleviate the bias amplification of example selection, we propose the Remind with Bias-
aware Embedding (ReBE), which removes spurious correlations by minimizing the bias-
contrastive loss while preserving the advantages of ICL through prompt tuning.

• We conduct extensive experiments to validate the effectiveness of ReBE, including four
LLMs and four example selection baselines.

2 PRELIMINARIES

2.1 EXAMPLE SELECTION FOR ICL

Given a test input xtest, ICL enables the language model M to learn how to generate ytest from just
a few examples in the context C. The above process can be formulated as:

ŷ = argmax
y∈Y

pM(y|C, xtest), (1)

where ŷ is the prediction, Y is the label set, and pM(y|C, xtest) represents the probability that M
generates y with context C and xtest as input. For a task with training set D = {(xi, yi)}Ni=1, if
context C contains k examples (k-shot prompt), then C = {(x1, y1), (x2, y2), ..., (xk, yk)} ⊂ D.

Among current studies (Iter et al., 2023; Yang et al., 2023), example/demonstration selection and
example/demonstration retriever are interchangeable. To avoid confusion, we use the term example
selection throughout this paper. Since the performance of M depends on context C, we need to
select examples (xi, yi) to minimize the total loss on the test set (xtest,ytest), which could be
formulated as the following problem:

C∗ = argmin
C⊂D

LM(ŷ,ytest), (2)

where ŷ = {argmax
y∈Y

pM(y|C, xtest)}, xtest∈xtest, and C∗ is the desired sample subset of example

selection methods.

2.2 CONTRASTIVE LEARNING

Contrastive learning aims to obtain representation by maximizing the similarity between related
samples and minimizing the similarity between unrelated samples, simultaneously. Although origi-
nating from self-supervised learning, contrastive learning also proves useful in supervised learning
(Khosla et al., 2020; Chen et al., 2022). Given a training set D = {(xi, yi)}Ni=1 and its indexes set
I = {1, 2, ..., N}, define the i-th sample xi as an anchor, the contrastive loss for supervised tasks
(Khosla et al., 2020) can be defined as:

Lsup = −
∑
i∈I

1

|P(i)|
∑

p∈P(i)

log
exp(zi · zp/τ)∑

a∈A(i) exp(zi · za/τ)
, (3)

where zi is the normalized representation of anchor xi, P(i) = {p ∈ Ai : yp = yi} is the index set
of positive samples. Ai = I \ {i} is the index set of contrastive samples that removes i from set
I and τ is the temperature parameter. Constructing sensible P(i) and A(i) is vital to utilizing the
contrastive learning framework.
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3 EXPLORE THE IMPACT OF EXAMPLE SELECTION ON LLM BIASES

3.1 DATASET AND MODELS

Dataset To better capture and evaluate the gender and race bias of LLMs, we construct a
new sentiment classification dataset —EEC-paraphrase. Given a sentence in the template
<Person> feels <emotional word>., LLMs are asked to identify the sentiment con-
tained in the sentence. By replacing <Person> with first names (e.g., Alonzo and Alan) or pro-
nouns (e.g., she and he) associated with specific demographic group, EEC-paraphrase includes
8,640 English sentences with gender and race attributes.

EEC-paraphrase is built through paraphrasing sentences in the Equity Evaluation Corpus (EEC)
(Kiritchenko & Mohammad, 2018) by GPT-3.5-Turbo. Compared with EEC, sentences in EEC-
paraphrase are more complex and natural, closer to the actual scenario (The quality validation
is available in Appendix A.). Besides, to simulate the few-shot scenario, we build a train400-
dev200 dataset by randomly sampling 400 sentences for the training set and 200 sentences for the
development set from the EEC-paraphrase.

Language Models To guarantee the reliability of our findings, we conduct experiments
on eight LLMs, including LlaMA-2-7/13/70B, OPT-6.7/13/30B, GPT-J-6B and
GPT-neo-2.7B. LLMs with various parameter sizes but within the same series facilitate our anal-
ysis of the effects of parameter quantities.

Table 1: Bias metrics for sentiment classification.

Metric Formula

Average Group Fairness AvgGF =
∣∣P (Ŷ =Y |S=s1)− P (Ŷ =Y |S=s2)

∣∣
Maximum TPR Gap MaxTG=max

y∈Y

∣∣∣∣P (Ŷ =y|Y =y ∩ S=s1)− P (Ŷ =y|Y =y ∩ S=s2)

∣∣∣∣
Maximum FPR Gap MaxFG= max

y,ŷ∈Y,ŷ ̸=y

∣∣∣∣P (Ŷ = ŷ|Y =y ∩ S=s1)− P (Ŷ = ŷ|Y =y ∩ S=s2)

∣∣∣∣
* s1 and s2 correspond to different demographic groups.

To further validate the generalizability of our findings, we evaluate LLMs on the toxicity detection
task using the 1Jigsaw dataset. The results are available in Appendix F.

3.2 BIAS METRICS AND BASELINES

Since the output of LLMs is not numerical value but sentences containing the judgment result, we
evaluate the prediction’s accuracy by comparing the semantic similarity between the answer and
options.

Metrics Drawing on fairness metrics of machine learning (Mehrabi et al., 2021) and natural lan-
guage processing (Czarnowska et al., 2021), we summarize three representative bias metrics in Ta-
ble 1, which adapts to the sentiment classification task. The basis for selecting metric is whether it
can reflect the unfairness or stereotypes of different groups in various sentiments. See Appendix B
for a detailed explanation of metrics.

Baselines We select four example selection methods as baselines to study the impact of example
selection on the biases of LLMs. Random-based example selection refers to randomly choosing
examples from the training set to form a few-shot prompt. Similarity-based (Liu et al., 2022b)
and perplexity-based example selection (Gonen et al., 2023) picks the top-k examples based on
semantic similarity and perplexity of example, respectively. Determinantal Point Processes (DPP)-
based example selection (Ye et al., 2023) uses DPP to consider two properties simultaneously when
selecting examples.

1Jigsaw unintended bias in toxicity classification
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3.3 IMPACTS OF EXAMPLE SELECTION ON BIAS OF LLMS

Although example selection aims to stabilize the performance of LLMs using ICL, inappropriate ex-
amples selected may also mislead LLMs. We assess the change in LLM biases when using example
selections for ICL compared to zero-shot. Figure 2 illustrates the differences in the maximum
and mean bias values between random-based example selection and zero-shot. The compar-
isons of the remaining example selection baselines are available in the Appendix C.1. It is evident
that, although example selections reduce the mean bias value, the LLMs tested exhibit varying de-
grees of increase in the maximum gender or race bias value with random-based example selection
for ICL. In other words, example selection for ICL amplifies the biases of LLM, increases the
fluctuation of biases and exacerbates the unfair risks. Besides, the maximum bias values among
LLMs for each baseline are highlighted in Table 2 and are significantly higher than the mean values.
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Figure 2: The impacts of random-based example selection on biases of LLMs. The bar value is
calculated by Diff=Biasrandom-Biaszero-shot.

Table 2: Accuracy and gender bias of LLMs under four example selection baselines.

GPT-J-6B GPT-neo-2.7B OPT-6.7B OPT-13B OPT-30B Llama-2-7B Llama-2-13B Llama-2-70B

R
an

do
m Acc(Min) 0.84(0.80) 0.77(0.58) 0.81(0.67) 0.82(0.72) 0.84(0.76) 0.86(0.81) 0.87(0.83) 0.86(0.82)

AvgGF(Max) 0.04(0.08) 0.04(0.13) 0.04(0.13) 0.04(0.12) 0.04(0.13) 0.03(0.08) 0.04(0.09) 0.04(0.09)

MaxTG(Max) 0.15(0.29) 0.14(0.31) 0.18(0.47) 0.17(0.38) 0.17(0.47) 0.11(0.22) 0.14(0.25) 0.17(0.30)

MaxFG(Max) 0.17(0.26) 0.20(0.39) 0.20(0.46) 0.19(0.34) 0.19(0.46) 0.13(0.22) 0.14(0.21) 0.17(0.30)

Pe
rp

le
xi

ty Acc(Min) 0.83(0.72) 0.82(0.82) 0.85(0.81) 0.83(0.79) 0.86(0.85) 0.865(0.8) 0.87(0.84) 0.86(0.85)
AvgGF(Max) 0.09(0.15) 0.08(0.08) 0.04(0.09) 0.05(0.10) 0.05(0.09) 0.03(0.04) 0.04(0.07) 0.05(0.08)

MaxTG(Max) 0.23(0.38) 0.18(0.18) 0.21(0.35) 0.22(0.32) 0.20(0.35) 0.18(0.33) 0.17(0.28) 0.20(0.27)

MaxFG(Max) 0.24(0.50) 0.24(0.50) 0.17(0.31) 0.27(0.46) 0.17(0.22) 0.14(0.28) 0.14(0.19) 0.17(0.22)

Si
m

ila
ri

ty Acc(Min) 0.92(0.88) 0.85(0.82) 0.84(0.82) 0.87(0.86) 0.90(0.86) 0.93(0.90) 0.92(0.90) 0.89(0.87)
AvgGF(Max) 0.03(0.06) 0.03(0.09) 0.03(0.05) 0.04(0.09) 0.02(0.04) 0.03(0.08) 0.03(0.04) 0.04(0.07)

MaxTG(Max) 0.13(0.28) 0.19(0.30) 0.12(0.22) 0.21(0.38) 0.13(0.30) 0.16(0.27) 0.16(0.25) 0.16(0.23)

MaxFG(Max) 0.14(0.20) 0.16(0.19) 0.15(0.31) 0.17(0.37) 0.11(0.18) 0.13(0.21) 0.17(0.27) 0.13(0.16)

D
PP

Acc(Min) 0.93(0.89) 0.89(0.83) 0.87(0.79) 0.89(0.82) 0.91(0.86) 0.94(0.90) 0.93(0.91) 0.90(0.85)
AvgGF(Max) 0.03(0.06) 0.03(0.07) 0.04(0.11) 0.03(0.12) 0.02(0.06) 0.02(0.06) 0.02(0.05) 0.03(0.08)

MaxTG(Max) 0.12(0.28) 0.13(0.28) 0.14(0.27) 0.13(0.38) 0.11(0.28) 0.10(0.18) 0.10(0.25) 0.12(0.25)

MaxFG(Max) 0.10(0.17) 0.13(0.24) 0.14(0.27) 0.12(0.38) 0.10(0.18) 0.09(0.22) 0.09(0.17) 0.12(0.21)

1 Avg(Min) are the largest two values in AvgGF; Avg(Min) are the largest two values in MaxTG and MaxFG.
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3.4 SPURIOUS CORRELATIONS OBSERVED WITH MAXTG AND MAXFG

As seen from Figure 3, we visualize the confusion matrices of OPT-6.7B, which has the biggest
fluctuation of MaxTG (0.47) and MaxFG (0.46) in Table 2. With the help of Figure 3, we can further
analyze the reasons that cause MaxTG and MaxFG to increase. For MaxTG, by comparing the first
two sub-figures of Figure 3 by row, the proportion of sadness sentences correctly predicted in the
female group (0.88) is higher than in the male group (0.42), which is consistent with the finding
of Plaza-del Arco et al. (2024). Likewise, for MaxFG, by comparing the first two sub-figures of
Figure 3 by column, more sentences with sadness labels are incorrectly predicted as fear in the
male group (0.54) than in the female (0.08). We believe the disparity —where sentences labelled
as sadness containing male pronouns are more easily misjudged as fear than those with female
pronouns —occurs because the sentiment analysis criteria of LLMs may be influenced by words
other than emotional ones, leading to spurious correlations. Although it has been proven that
spurious correlations exist in LLMs, we are unsure whether the example selection methods for ICL
contribute to these spurious correlations.
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Figure 3: Confusion matrix heatmaps of OPT-6.7B.

Two factors affect the biases of LLMs: the LLM parameters and the input prompt. The former refers
to biased knowledge that LLMs acquire during pre-training, which we call native bias. To isolate
the influence of native bias, we use null (content-free) prompts (Lin & Ng, 2023; Zhao et al.,
2021) to observe the tendency of LLMs parameters. More specifically, the null prompt fills the
<Position> in the template with demographic-related words, leaves the emotional word empty,
and tests the probability of LLMs’ prediction for each sentiment label. Combined with the spurious
correlation between male and fear in Figure 3, the fear-label tendency of OPT-6.7B in Figure 4 is
nearly identical for female and male, indicating that spurious correlations are not caused entirely by
the LLM parameters and example selection contributes to spurious correlations.
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Figure 4: The native bias of LLMs over various sentiment labels.

4 REBE: REMIND WITH BIAS-AWARE EMBEDDING

To retain the accuracy and flexibility of ICL while reducing bias, we propose the ReBE, which
removes spurious correlations based on contrastive learning and reminds LLMs of fairness with
bias-aware embedding.

4.1 THE OVERVIEW OF REBE

As shown in Figure 5, using (x, y, s) as input, ReBE obtains bias-aware embedding by minimizing
the bias-contrastive loss during training. Here, x, y, and s correspond to the task’s sample, label,
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and demographic attribute. With the help of prompt tuning, ReBE avoids updating the original
parameters of LLM M, retaining the flexibility of ICL. Besides, to effectively remove spurious
correlations, contrastive learning is introduced to construct the bias-contrastive loss. The verbalizer
(Cui et al., 2022) converts representations {z1, z2, ..., zk} to predicted labels {joy, anger, ...} used
in the downstream task.

Figure 5: The overview of ReBE. The left side of the figure depicts the framework of ReBE, includ-
ing the input (x, y, s) and the process of obtaining the Bias-aware Embedding. The right side of the
figure is an example of inputs and output of ReBE.

4.2 BIAS-AWARE EMBEDDING

Prompt Tuning (Lester et al., 2021; Gu et al., 2022) is a soft (continuous) prompt construction and
parameter-efficient tuning method for LLMs, which generally searches for the best ICL prompt in
the semantic space via back-propagation. By adding virtual (pseudo) tokens to the prompt of LLMs,
prompt tuning obtains trainable parameters after the embedding processing. We name trainable
parameters in the prompt tuning for LLMs debiasing as Bias-aware Embedding. It should be noted
that virtual tokens have no real meaning and only serve as placeholders. Besides, the contexts of
prompt during prompt tuning are constructed based on the example selection method.

To better explain the generation of bias-aware embedding, we take the sentiment classification task
in Figure 5 as an example. Represent the sentence as x = [v1][v2][He][feels][happy][.], where [vi]
is the virtual token. After tokenization and embedding processing, bias-aware embedding becomes
part of embedding vectors, which are fed into the remaining neural network layers. Representing
the number of virtual tokens [vi] as nvr, and the dimension of LLM feature vectors as nfeats, the
number of trainable parameters (bias-aware embedding) can be calculated as nvr × nfeats. All
original parameters of LLM are frozen and are not involved in the training process described above.
Since prompt tuning has been found to be unstable during training (Chen et al., 2023a), we add
Gaussian noise to help the training, which is a common solution (Wu et al., 2022; Pecher et al.,
2024).

Through back-propagation and gradient descent, the trainable parameters are updated to minimize
the loss and obtain bias-aware embedding, which is then saved in the embedding table of LLM. Ac-
cording to the corresponding virtual tokens, bias-aware embedding is integrated into the embedding
vectors during inference.

4.3 BIAS-CONTRASTIVE LOSS

Acquiring bias-aware embedding requires a well-designed loss function to guide the training. Given
a training set D = {(xi, yi)}Ni=1 and its indexes set I = {1, 2, ..., N}, define zi as the normalized
representation of sample xi. To better mitigate biases in the representation of LLM, we first design
the bias-contrastive loss Lbias based on SupCon (Khosla et al., 2020) loss as follows:

Lbias =
1

N

∑
i∈I

1

|P(i)|
∑

j∈P(i)

−log
exp(zi · zj/τ)∑

k∈A(i) exp(zi · zk/τ)
, (4)
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where P(i) = {j ∈ I : yj = yi, sj ̸= si}, represents the set of indexes of examples with the same
label and different demographic attribute sj as zi. Conversely, A(i) = {k ∈ I : yk ̸= yi, sk = si},
represents the set of indexes of examples with the different label and same demographic attribute as
zi. τ is the temperature parameter of contrastive learning.

On the other hand, to retain the accuracy of ICL, we introduce the loss Lacc based on cross-entropy
loss. Following the convention, we define the Lacc as:

Lacc =
1

N

∑
i∈I

−log
exp(pi)∑

y∈Y exp(pyi )
, (5)

where pi is the probability that zi is predicted to be the ground-truth label, pyi is the probability that
zi is predicted to be the label y, and label set Y = {joy, anger, sadness, fear}.

Finally, we obtain bias-aware embedding by minimizing the weighted sum of the above two objec-
tives: Ltotal = αLacc + (1 − α)Lbias, where α is the parameter that balances the accuracy and
fairness. As shown in Figure 5, the total loss Ltotal is used to optimize the bias-aware embedding
via back-propagation.

Table 3: Gender bias and accuracy of LLMs under example selections after debiasing.
Acc↑ AvgGF↓ MaxTG↓ MaxFG↓ Acc↑ AvgGF↓ MaxTG↓ MaxFG↓

Random Max GPT-neo-2.7B 0.083(-0.044) 0.260(-0.055) 0.319(-0.067) OPT-6.7B 0.086(-0.042) 0.322(-0.146) 0.447(-0.018)
Avg 0.828(+0.150) 0.035(-0.000) 0.135(-0.008) 0.156(-0.042) 0.781(-0.027) 0.034(-0.011) 0.151(-0.029) 0.191(-0.006)

Perplexity Max GPT-J-6B 0.064(-0.024) 0.350(-0.035) 0.381(-0.122) OPT-13B 0.113(+0.013) 0.300(-0.021) 0.301(-0.157)
Avg 0.829(-0.002) 0.064(-0.024) 0.171(-0.060) 0.164(-0.079) 0.828(-0.005) 0.058(+0.009) 0.201(-0.019) 0.172(-0.096)

Similarity Max GPT-neo-2.7B 0.053(-0.036) 0.267(-0.033) 0.167(-0.026) OPT-13B 0.062(-0.022) 0.333(-0.050) 0.283(-0.083)
Avg 0.871(+0.024) 0.031(-0.003) 0.140(-0.047) 0.132(-0.032) 0.896(+0.024) 0.032(-0.012) 0.181(-0.028) 0.167(-0.008)

DPP Max OPT-6.7B 0.073(-0.037) 0.250(-0.023) 0.247(-0.026) OPT-13B 0.080(-0.043) 0.267(-0.117) 0.167(-0.217)
Avg 0.874(+0.009) 0.033(-0.003) 0.120(-0.022) 0.122(-0.021) 0.918(+0.027) 0.033(+0.001) 0.120(-0.008) 0.100(-0.021)

1 Red subscript indicates that the metric increases after debiasing, and blue subscript indicates that the metric decreases after debiasing.

5 EXPERIMENTAL RESULTS

5.1 RESULTS AFTER DEBIASING BY REBE

To validate the few-shot performance of ReBE, we conduct debiasing experiments on a training
set of 400 samples and a test set of 200 samples, split from the EEC-paraphrase. According to
results in Table 2, we select the two LLMs with the largest AvgGF in each baseline to eliminate the
gender bias. The experimental results of race bias are available in Appendix D.2. Due to hardware
limitations, we exclude OPT-30b and Llama-2-70b from the choices. We implement the ReBE
based on the Huggingface PEFT library and previous work (Nguyen & Wong, 2023).

Figure 6: The accuracy and gender bias comparison of GPT-neo-2.7B under four example selec-
tion baselines before and after debiasing.

As shown by the blue subscripts in Table 3, the average gender bias of most LLMs decreases after
debiasing by ReBE, which works for all example selection baselines. Concerning the issue that ex-
ample selection may amplify the maximum bias value, the “Max” row in Table 3 shows a significant
reduction in maximum bias. In addition, Figure 6 more intuitively shows the changes in accuracy,
AvgGF, MaxTG and MaxFG of GPT-neo-2.7B before and after debiasing. The variances of the
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three biases all decrease, resulting in a more concentrated distribution, indicating improved stabil-
ity of the bias. In addtion, according to Table 3, the sentiment classification accuracy of LLMs is
not significantly affected after using ReBE. The above experimental results demonstrate that ReBE
meets the requirement of reducing bias without significantly compromising the accuracy. More
importantly, the results in Table 3 and Figure 6 demonstrate that ReBE is compatible with existing
example selection methods. By combining example selection with ReBE, it is possible to achieve
high accuracy and low bias of LLMs.

5.2 ABLATION STUDY

To further demonstrate that the reduction in bias results from the Lbias rather than improved ac-
curacy, we conduct ablation studies using the Lacc and Lbias to replace the Ltotal to train the
GPT-J-6B, respectively. As shown in Table 4, the maximum values of AvgGF and MaxTG of
Lacc are much higher than those of ReBE, even though the accuracy is slightly improved. In con-
trast, Lbias achieves lower bias but sacrifices accuracy. Therefore, Lbias is actually responsible for
bias reduction, and Lacc guarantees accuracy.

Table 4: Experimental results of ablation study and parameter analysis of GPT-J-6B.
Accuracy↑ AvgGF↓ MaxTG↓ MaxFG↓

Mean Min Mean Max Mean Max Mean Max

Original 0.84(±1.7%) 0.80 0.04(±2.2%) 0.084 0.15(±5.3%) 0.295 0.17(±4.9%) 0.264
Lacc 0.86(±2.3%) 0.77 0.03(±2.3%) 0.089 0.13(±5.2%) 0.292 0.14(±4.2%) 0.250
Lbias 0.26(±1.7%) 0.25 0.02(±0.9%) 0.049 0.02(±4.9%) 0.196 0.03(±7.7%) 0.327
ReBE 0.84(±2.2%) 0.78 0.03(±2.2%) 0.082 0.14(±3.9%) 0.221 0.18(±4.5%) 0.284

n-virtual 0.85(±1.3%) 0.80(±1.9%) 0.03(±0.9%) 0.09(±2.1%) 0.13(±2.6%) 0.26(±5.7%) 0.15(±2.2%) 0.25(±5.6%)

Order 0.83(±0.5%) 0.74(±4.9%) 0.03(±1.9%) 0.09(±2.1%) 0.13(±0.7%) 0.27(±3.5%) 0.17(±1.3%) 0.31(±4.8%)

5.3 BASELINE COMPARISON

Regarding baseline selection, although Hu et al. (2024) proposed Fairness via Clustering Genetic
(FCG) algorithm, it cannot be applied to sentiment analysis or toxicity detection because it requires
explicit feature vectors for clustering. Since there are no other debiasing methods specifically for
ICL, we compare ReBE with two context augmentation methods: counterfactual context and gender-
balanced context. See the Appendix G for details of these two methods. As shown in Table 5,
compared with the counterfactual context and gender-balanced context method, ReBE is compatible
with existing example selection methods and can achieve lower bias and higher accuracy.

Table 5: Gender bias of OPT-6.7B under various example selection methods
AvgGF↓ MaxTG↓ MaxFG↓ Accuracy↑

Mean Max Mean Max Mean Max

Random 0.044(±0.03) 0.129 0.180(±0.09) 0.468 0.199(±0.09) 0.465 0.81
DPP 0.036(±0.03) 0.110 0.142(±0.08) 0.273 0.144(±0.06) 0.273 0.87

Gender-balanced 0.040(±0.03) 0.132 0.174(±0.08) 0.333 0.210(±0.09) 0.417 0.80
Counterfactual 0.035(±0.03) 0.125 0.145(±0.07) 0.369 0.149(±0.07) 0.369 0.77

Random+ReBE 0.034(±0.02) 0.086 0.151(±0.07) 0.322 0.191(±0.08) 0.447 0.78
DPP+ReBE 0.033(±0.02) 0.073 0.120(±0.05) 0.250 0.122(±0.05) 0.247 0.87

5.4 PARAMETER ANALYSIS

To illustrate the influence of parameters on ReBE, we conduct the following parameter analysis.
Detailed results are available in Appendix D.3.

k-shot refers to the number of examples in prompt of ICL. Since the coverage of examples affects
the accuracy of ICL (Gupta et al., 2023), the value of k should be large enough. However, redundant
information caused by excessive examples may decline the performance of ICL. As shown in Figure
7, the accuracy of LLMs after debiasing increases with the rise in k, while the biases tend to decrease
initially and then increase. Therefore, considering accuracy and biases, we choose k = 18 as our
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experiment setting. The analysis of the impact of an increasing number of ICL examples is available
in Appendix E.

Figure 7: The accuracy and gender bias of LLM using ReBE under different k-shot.

n-virtual is the parameter of the prompt tuning, which refers to the number of virtual prompt tokens
and decides the size of trainable parameters. ReBE needs enough parameters to correct LLMs’
biases, but large n-virtual takes up more prompt space. We collect the accuracy and bias results of
GPT-J-6B using ReBE under different n-virtual. According to standard deviation data in Table 4
and Figure 19 in the Appendix, there is no apparent relationship between n-virtual and bias.

Order of Examples Since LLMs are susceptible to position bias, previous work has found that the
example order of a few-shot prompt affects the performance of ICL (Lu et al., 2022; Zhao et al.,
2021). To reveal the effect of example order on ReBE, we shuffle the examples in the prompt under
different random seeds. As shown in row “order” of Table 4 and Figure 19, the bias of LLM using
ICL is not affected by the example order, and ReBE is also robust to changes in the example order.

6 RELATED WORK

After realizing that ICL performance is susceptible to example selection, many efforts have been
made to stabilize it. Liu et al. (2022b) proposed the KATE, which retrieves examples semantically
similar to the test query samples. After that, many heuristic-based methods have emerged, such as
perplexity-based (Gonen et al., 2023; Iter et al., 2023), informativeness-based (Gupta et al., 2023; Li
& Qiu, 2023) and sensitivity-based (Chen et al., 2023b). Besides that, some studies understand ex-
ample selection from different perspectives, such as formulating it as a sequential decision problem
(Zhang et al., 2022; Liu et al., 2024a), curating a stable subset from the original training set (Chang
& Jia, 2023), selecting based on the Determinantal Point Process (DPP) (Yang et al., 2023; Ye et al.,
2023) and Latent Variable Models (Wang et al., 2023). Although these methods stabilize the ac-
curacy of ICL on downstream tasks to a certain extent, they ignore the potential bias risks. On
the other hand, while extensive research has been conducted on the biases of LLMs (Gallegos et al.,
2024), few studies focus on the bias risks of adapting LLMs to downstream tasks, especially for ICL.
Although Ma et al. (2023) analyzed the predictive bias of ICL, their method relies on explicit bias
attributes, making it inapplicable to the EEC-paraphrase dataset used in this paper. Additionally,
predictive bias differs slightly from the social bias we focus on.

7 CONCLUSION

In this study, we have investigated the impact of example selection on the biases of LLMs. By
comparing the biases under four example selection baselines with biases under zero-shot, we have
found that example selection for ICL amplifies the biases of LLMs. To mitigate the bias of example
selection, we have proposed the Remind with Bias-aware Embedding (ReBE), which removes the
spurious correlations by contrastive learning and retains the feasibility of ICL by prompt tuning.
After extensive experiments, we have demonstrated that ReBE can mitigate the bias without signif-
icantly compromising accuracy and is compatible with existing example selection methods. With
the spread application of LLMs, more attention must be paid to the ethical risks of adapting LLMs
to downstream tasks.

10



540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593

Under review as a conference paper at ICLR 2025

REFERENCES

Isabela Albuquerque, Jessica Schrouff, David Warde-Farley, Ali Taylan Cemgil, Sven Gowal, and
Olivia Wiles. Evaluating model bias requires characterizing its mistakes. In Proceedings of the
41st International Conference on Machine Learning, volume 235 of Proceedings of Machine
Learning Research, pp. 938–954. PMLR, 21–27 Jul 2024.

Tom Brown, Benjamin Mann, Nick Ryder, Melanie Subbiah, Jared D Kaplan, Prafulla Dhariwal,
Arvind Neelakantan, Pranav Shyam, Girish Sastry, Amanda Askell, Sandhini Agarwal, Ariel
Herbert-Voss, Gretchen Krueger, Tom Henighan, Rewon Child, Aditya Ramesh, Daniel Ziegler,
Jeffrey Wu, Clemens Winter, Chris Hesse, Mark Chen, Eric Sigler, Mateusz Litwin, Scott Gray,
Benjamin Chess, Jack Clark, Christopher Berner, Sam McCandlish, Alec Radford, Ilya Sutskever,
and Dario Amodei. Language models are few-shot learners. In Advances in Neural Information
Processing Systems, volume 33, pp. 1877–1901, 2020.

Ting-Yun Chang and Robin Jia. Data curation alone can stabilize in-context learning. In Proceedings
of the 61st Annual Meeting of the Association for Computational Linguistics (Volume 1: Long
Papers), pp. 8123–8144, July 2023.

Lichang Chen, Jiuhai Chen, Heng Huang, and Minhao Cheng. PTP: Boosting stability and perfor-
mance of prompt tuning with perturbation-based regularizer. In Proceedings of the 2023 Con-
ference on Empirical Methods in Natural Language Processing, pp. 13512–13525, Singapore,
December 2023a. Association for Computational Linguistics.

Qianben Chen, Richong Zhang, Yaowei Zheng, and Yongyi Mao. Dual contrastive learning: Text
classification via label-aware data augmentation. arXiv preprint arXiv:2201.08702, 2022.

Yanda Chen, Chen Zhao, Zhou Yu, Kathleen McKeown, and He He. On the relation between sen-
sitivity and accuracy in in-context learning. In Findings of the Association for Computational
Linguistics: EMNLP 2023, pp. 155–167, Singapore, December 2023b. Association for Computa-
tional Linguistics.

Ganqu Cui, Shengding Hu, Ning Ding, Longtao Huang, and Zhiyuan Liu. Prototypical verbalizer
for prompt-based few-shot tuning. In Proceedings of the 60th Annual Meeting of the Association
for Computational Linguistics (Volume 1: Long Papers), pp. 7014–7024, Dublin, Ireland, May
2022. Association for Computational Linguistics.

Paula Czarnowska, Yogarshi Vyas, and Kashif Shah. Quantifying social biases in NLP: A gener-
alization and empirical comparison of extrinsic fairness metrics. Transactions of the Association
for Computational Linguistics, 9:1249–1267, 2021.

Isabel O. Gallegos, Ryan A. Rossi, Joe Barrow, Md Mehrab Tanjim, Sungchul Kim, Franck Der-
noncourt, Tong Yu, Ruiyi Zhang, and Nesreen K. Ahmed. Bias and Fairness in Large Language
Models: A Survey. Computational Linguistics, pp. 1–83, 08 2024.

Hila Gonen, Srini Iyer, Terra Blevins, Noah Smith, and Luke Zettlemoyer. Demystifying prompts
in language models via perplexity estimation. In Findings of the Association for Computational
Linguistics: EMNLP 2023, pp. 10136–10148, 2023.

Yuxian Gu, Xu Han, Zhiyuan Liu, and Minlie Huang. PPT: Pre-trained prompt tuning for few-
shot learning. In Proceedings of the 60th Annual Meeting of the Association for Computational
Linguistics (Volume 1: Long Papers), pp. 8410–8423, Dublin, Ireland, May 2022. Association for
Computational Linguistics.

Yue Guo, Yi Yang, and Ahmed Abbasi. Auto-debias: Debiasing masked language models with
automated biased prompts. In Proceedings of the 60th Annual Meeting of the Association for
Computational Linguistics (Volume 1: Long Papers), pp. 1012–1023, Dublin, Ireland, May 2022.
Association for Computational Linguistics.

Shashank Gupta, Vaishnavi Shrivastava, Ameet Deshpande, Ashwin Kalyan, Peter Clark, Ashish
Sabharwal, and Tushar Khot. Bias runs deep: Implicit reasoning biases in persona-assigned
LLMs. In The Twelfth International Conference on Learning Representations, 2024.

11



594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647

Under review as a conference paper at ICLR 2025

Shivanshu Gupta, Matt Gardner, and Sameer Singh. Coverage-based example selection for in-
context learning. In Findings of the Association for Computational Linguistics: EMNLP 2023,
pp. 13924–13950, December 2023.

Jingyu Hu, Weiru Liu, and Mengnan Du. Strategic demonstration selection for improved fairness in
LLM in-context learning. In Proceedings of the 2024 Conference on Empirical Methods in Nat-
ural Language Processing, pp. 7460–7475, Miami, Florida, USA, November 2024. Association
for Computational Linguistics.

Dan Iter, Reid Pryzant, Ruochen Xu, Shuohang Wang, Yang Liu, Yichong Xu, and Chenguang Zhu.
In-context demonstration selection with cross entropy difference. In Findings of the Association
for Computational Linguistics: EMNLP 2023, pp. 1150–1162, December 2023.

Prannay Khosla, Piotr Teterwak, Chen Wang, Aaron Sarna, Yonglong Tian, Phillip Isola, Aaron
Maschinot, Ce Liu, and Dilip Krishnan. Supervised contrastive learning. In Advances in Neural
Information Processing Systems, volume 33, pp. 18661–18673. Curran Associates, Inc., 2020.

Svetlana Kiritchenko and Saif Mohammad. Examining gender and race bias in two hundred senti-
ment analysis systems. In Proceedings of the Seventh Joint Conference on Lexical and Computa-
tional Semantics, pp. 43–53. Association for Computational Linguistics, 2018.

Brian Lester, Rami Al-Rfou, and Noah Constant. The power of scale for parameter-efficient prompt
tuning. In Proceedings of the 2021 Conference on Empirical Methods in Natural Language Pro-
cessing, pp. 3045–3059, November 2021.

Xiaonan Li and Xipeng Qiu. Finding support examples for in-context learning. In Findings of the
Association for Computational Linguistics: EMNLP 2023, pp. 6219–6235, December 2023.

Ruixi Lin and Hwee Tou Ng. Mind the biases: Quantifying cognitive biases in language model
prompting. In Findings of the Association for Computational Linguistics: ACL 2023, pp. 5269–
5281, Toronto, Canada, July 2023. Association for Computational Linguistics.

Haokun Liu, Derek Tam, Mohammed Muqeeth, Jay Mohta, Tenghao Huang, Mohit Bansal, and
Colin A Raffel. Few-shot parameter-efficient fine-tuning is better and cheaper than in-context
learning. In Advances in Neural Information Processing Systems, volume 35, pp. 1950–1965.
Curran Associates, Inc., 2022a.

Haoyu Liu, Jianfeng Liu, Shaohan Huang, Yuefeng Zhan, Hao Sun, Weiwei Deng, Furu Wei, and
Qi Zhang. se2: Sequential example selection for in-context learning. In Findings of the Asso-
ciation for Computational Linguistics ACL 2024, pp. 5262–5284, Bangkok, Thailand and virtual
meeting, August 2024a. Association for Computational Linguistics.

Jiachang Liu, Dinghan Shen, Yizhe Zhang, Bill Dolan, Lawrence Carin, and Weizhu Chen. What
makes good in-context examples for GPT-3? In Proceedings of Deep Learning Inside Out (Dee-
LIO 2022): The 3rd Workshop on Knowledge Extraction and Integration for Deep Learning Ar-
chitectures, pp. 100–114, May 2022b.

Yan Liu, Yu Liu, Xiaokang Chen, Pin-Yu Chen, Daoguang Zan, Min-Yen Kan, and Tsung-Yi Ho.
The devil is in the neurons: Interpreting and mitigating social biases in language models. In The
Twelfth International Conference on Learning Representations, 2024b.

Yao Lu, Max Bartolo, Alastair Moore, Sebastian Riedel, and Pontus Stenetorp. Fantastically ordered
prompts and where to find them: Overcoming few-shot prompt order sensitivity. In Proceedings
of the 60th Annual Meeting of the Association for Computational Linguistics (Volume 1: Long
Papers), pp. 8086–8098. Association for Computational Linguistics, May 2022.

Huan Ma, Changqing Zhang, Yatao Bian, Lemao Liu, Zhirui Zhang, Peilin Zhao, Shu Zhang,
Huazhu Fu, Qinghua Hu, and Bingzhe Wu. Fairness-guided few-shot prompting for large lan-
guage models. In Advances in Neural Information Processing Systems, volume 36, pp. 43136–
43155. Curran Associates, Inc., 2023.

Ninareh Mehrabi, Fred Morstatter, Nripsuta Saxena, Kristina Lerman, and Aram Galstyan. A survey
on bias and fairness in machine learning. ACM Comput. Surv., 54(6), jul 2021.

12



648
649
650
651
652
653
654
655
656
657
658
659
660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695
696
697
698
699
700
701

Under review as a conference paper at ICLR 2025

Marius Mosbach, Tiago Pimentel, Shauli Ravfogel, Dietrich Klakow, and Yanai Elazar. Few-shot
fine-tuning vs. in-context learning: A fair comparison and evaluation. In Findings of the Associ-
ation for Computational Linguistics: ACL 2023, pp. 12284–12314, July 2023.

Tai Nguyen and Eric Wong. In-context example selection with influences. arXiv preprint
arXiv:2302.11042, 2023.

Branislav Pecher, Jan Cegin, Robert Belanec, Jakub Simko, Ivan Srba, and Maria Bielikova. Fight-
ing randomness with randomness: Mitigating optimisation instability of fine-tuning using delayed
ensemble and noisy interpolation. arXiv preprint arXiv:2406.12471, 2024.

Flor Plaza-del Arco, Amanda Curry, Alba Cercas Curry, Gavin Abercrombie, and Dirk Hovy. Angry
men, sad women: Large language models reflect gendered stereotypes in emotion attribution.
In Proceedings of the 62nd Annual Meeting of the Association for Computational Linguistics
(Volume 1: Long Papers), pp. 7682–7696, Bangkok, Thailand, August 2024. Association for
Computational Linguistics.

Xinyi Wang, Wanrong Zhu, Michael Saxon, Mark Steyvers, and William Yang Wang. Large lan-
guage models are latent variable models: Explaining and finding good demonstrations for in-
context learning. In Advances in Neural Information Processing Systems, volume 36, pp. 15614–
15638, 2023.

Chuhan Wu, Fangzhao Wu, Tao Qi, and Yongfeng Huang. NoisyTune: A little noise can help
you finetune pretrained language models better. In Proceedings of the 60th Annual Meeting of
the Association for Computational Linguistics (Volume 2: Short Papers), pp. 680–685, Dublin,
Ireland, May 2022. Association for Computational Linguistics.

Zhao Yang, Yuanzhe Zhang, Dianbo Sui, Cao Liu, Jun Zhao, and Kang Liu. Representative demon-
stration selection for in-context learning with two-stage determinantal point process. In Pro-
ceedings of the 2023 Conference on Empirical Methods in Natural Language Processing, pp.
5443–5456, December 2023.

Jiacheng Ye, Zhiyong Wu, Jiangtao Feng, Tao Yu, and Lingpeng Kong. Compositional exemplars for
in-context learning. In Proceedings of the 40th International Conference on Machine Learning,
volume 202 of Proceedings of Machine Learning Research, pp. 39818–39833, 23–29 Jul 2023.

Yiming Zhang, Shi Feng, and Chenhao Tan. Active example selection for in-context learning. In
Proceedings of the 2022 Conference on Empirical Methods in Natural Language Processing, pp.
9134–9148, December 2022.

Zihao Zhao, Eric Wallace, Shi Feng, Dan Klein, and Sameer Singh. Calibrate before use: Improving
few-shot performance of language models. In Proceedings of the 38th International Conference
on Machine Learning, volume 139 of Proceedings of Machine Learning Research, pp. 12697–
12706. PMLR, 18–24 Jul 2021.

Chujie Zheng, Hao Zhou, Fandong Meng, Jie Zhou, and Minlie Huang. Large language models
are not robust multiple choice selectors. In The Twelfth International Conference on Learning
Representations, 2024.

Daniel M Ziegler, Nisan Stiennon, Jeffrey Wu, Tom B Brown, Alec Radford, Dario Amodei, Paul
Christiano, and Geoffrey Irving. Fine-tuning language models from human preferences. arXiv
preprint arXiv:1909.08593, 2019.

13



702
703
704
705
706
707
708
709
710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749
750
751
752
753
754
755

Under review as a conference paper at ICLR 2025

A DATASET

As shown in Table 6 and Table 7, compared to EEC, EEC-paraphrase built by this paper contains
more complex and natural sentences. The sentences in EEC-paraphrase are obtained by constructing
paraphrasing prompts in Table 6 and processing them with the help of GPT-3.5-Turbo.

Table 6: EEC and EEC-paraphrase.

Dataset Sentence example

EEC “Alan feels angry.”

EEC-Paraphrase “Alan is experiencing a profound sense of frustration and irritation, resulting in a heightened
state of emotional turmoil and discomfort.”

Paraphrase Prompt

You will be give a sentence. Please paraphrase and expand the following sentence in more complex words
(no less than 20 words; do not include ’joy’, ’fear’, ’sadness’, and ’anger’ in your answer.) without changing
the original meaning:
{input}

To compare the complexity and naturalness quantitatively, we conduct the following evaluation with
the help of the Python library Textstat and provide results in Table 7. The performance of EEC-
paraphrase on various metrics is significantly better than the original EEC dataset.

Table 7 shows the mean and standard deviation of the performance of datasets on various metrics.
We choose the number of words and Distinct-n to measure the diversity of sentences, and metrics
in Textstat are used to measure the complexity of sentences, which help determine the readability,
complexity, and grade level.

Table 7: Evaluation of EEC and EEC-paraphrase on various metrics.

Metric EEC EEC-paraphrase
Diversity Number of words↑ 5.86(±1.73) 18.63(±2.33)

Distinct-2 ↑ 0.81(±0.066) 0.94(±0.147)
Distinct-3 ↑ 0.62(±0.132) 0.89(±0.017)

Complexity Automated Readability Index ↑ 7.56(±3.80) 14.44(±2.27)
Coleman-Liau Index ↑ 9.63(±4.57) 14.74(±2.92)
Dale-Chall Readability Score ↑ 11.94(±3.21) 11.68(±1.17)
Flesch-Kincaid Grade Level ↑ 5.52(±3.68) 12.06(±2.04)
Flesch Reading Ease Score ↓ 65.88(±26.09) 41.68(±14.38)
Fog Scale ↑ 8.44(±5.04) 15.18(±2.88)
Linsear Write Formula ↑ 2.87(±1.25) 12.83(±2.06)
McAlpine EFLAW Readability Score ↑ 7.34(±2.59) 25.62(±3.90)
Readability Consensus Score ↑ 7.15(±4.45) 13.09(±2.29)
Spache Readability Formula ↑ 4.20(±1.26) 6.73(±0.70)

B BIAS METRICS

In this section, we provide a detailed explanation of the bias metrics in Table 1.

Average Group Fairness (AvgGF) is a macro metric, which measures the disparity in the overall
prediction accuracy between different groups. Formally, it is the absolute value of the difference
between the accuracy P (Ŷ =Y |S=s1) of group s1 and the accuracy P (Ŷ =Y |S=s2) of group s2.

Maximum TPR Gap (MaxTG) is a metric derived from the True Positive Rate (TPR), which refers
to the proportion of actual positive samples predicted to be positive. Here, we select one sentiment
category as positive and the other three as negative. MaxTG measures the maximum recall (TPR)
difference between various groups among all sentiment categories.

Maximum FPR Gap (MaxFG) is a metric derived from the False Positive Rate (FPR), which refers
to the proportion of actual negative samples predicted to be positive. Here, we select one sentiment
category as negative and the other three as positive. MaxFG measures the maximum FPR difference

14



756
757
758
759
760
761
762
763
764
765
766
767
768
769
770
771
772
773
774
775
776
777
778
779
780
781
782
783
784
785
786
787
788
789
790
791
792
793
794
795
796
797
798
799
800
801
802
803
804
805
806
807
808
809

Under review as a conference paper at ICLR 2025

between various groups among all sentiment categories. The larger the MaxFG, the samples from
one group are more likely to be misclassified as a specific category than samples from another
group. For example, the sentence sadness corresponding to Male in Figure 3 is more likely to be
misclassified as fear than that corresponding to Female.

C IMPACTS OF EXAMPLE SELECTION ON LLMS BIASES

C.1 IMPACTS OF THREE EXAMPLE SELECTION METHODS ON BIASES

In the main text, we provide the figure for the impacts of random-based example selection on biases
of LLMs. Here, we provide results for three other example selection methods. As shown in Figure
8, Figure 9 and Figure 10, the maximum bias values of LLMs under ICL based on the three example
selection methods are amplified to varying degrees. However, regarding the mean bias of LLMs,
whether gender or race bias, all example selection methods except perplexity-based significantly
reduce it.
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Figure 8: The impacts of Perplexity-based example selection on biases of LLMs.
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Figure 9: The impacts of Similarity-based example selection on biases of LLMs.
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Figure 10: The impacts of Dpp-based example selection on biases of LLMs.
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C.2 ACCURACY AND RACE BIAS OF LLMS UNDER FOUR EXAMPLE SELECTION BASELINES

In addition to the gender bias in the main text, we collect the race bias data of eight LLMs under
four example selection baselines. Detail experiment results of race bias of eight LLMs are shown
in Table 8.

Table 8: Accuracy and race bias of LLMs under four example selection baselines.

GPT-J-6B GPT-neo-2.7B OPT-6.7B OPT-13B OPT-30B Llama-2-7B Llama-2-13B Llama-2-70B

R
an

do
m Acc(Min) 0.84(0.80) 0.77(0.58) 0.81(0.67) 0.82(0.72) 0.84(0.76) 0.86(0.81) 0.87(0.83) 0.86(0.82)

AvgGF(Max) 0.04(0.18) 0.05(0.15) 0.04(0.15) 0.05(0.11) 0.06(0.16) 0.06(0.12) 0.06(0.10) 0.08(0.12)

MaxTG(Max) 0.15(0.32) 0.12(0.28) 0.13(0.29) 0.13(0.27) 0.14(0.30) 0.15(0.26) 0.16(0.22) 0.18(0.26)

MaxFG(Max) 0.13(0.28) 0.12(0.24) 0.13(0.33) 0.14(0.26) 0.13(0.34) 0.13(0.23) 0.13(0.19) 0.16(0.23)

Pe
rp

le
xi

ty Acc(Min) 0.83(0.72) 0.79(0.61) 0.85(0.81) 0.83(0.79) 0.86(0.85) 0.87(0.80) 0.87(0.84) 0.86(0.85)
AvgGF(Max) 0.05(0.09) 0.04(0.10) 0.03(0.07) 0.04(0.10) 0.03(0.07) 0.05(0.07) 0.05(0.06) 0.05(0.09)

MaxTG(Max) 0.13(0.18) 0.13(0.26) 0.15(0.27) 0.12(0.15) 0.17(0.26) 0.12(0.18) 0.13(0.21) 0.15(0.24)

MaxFG(Max) 0.12(0.18) 0.17(0.26) 0.18(0.25) 0.11(0.14) 0.17(0.34) 0.09(0.12) 0.13(0.21) 0.16(0.24)

Si
m

ila
ri

ty Acc(Min) 0.92(0.88) 0.85(0.82) 0.84(0.82) 0.87(0.86) 0.90(0.86) 0.93(0.90) 0.92(0.90) 0.89(0.87)
AvgGF(Max) 0.02(0.04) 0.02(0.03) 0.03(0.08) 0.03(0.06) 0.04(0.08) 0.03(0.06) 0.03(0.06) 0.03(0.07)

MaxTG(Max) 0.09(0.11) 0.11(0.24) 0.13(0.27) 0.11(0.19) 0.12(0.16) 0.09(0.13) 0.15(0.20) 0.08(0.14)

MaxFG(Max) 0.11(0.20) 0.14(0.24) 0.16(0.21) 0.15(0.26) 0.11(0.18) 0.08(0.13) 0.14(0.20) 0.10(0.19)

D
PP

Acc(Min) 0.93(0.89) 0.89(0.83) 0.87(0.79) 0.89(0.82) 0.91(0.86) 0.94(0.90) 0.93(0.91) 0.90(0.85)
AvgGF(Max) 0.04(0.10) 0.04(0.16) 0.03(0.08) 0.03(0.11) 0.04(0.08) 0.04(0.11) 0.04(0.09) 0.04(0.14)
MaxTG(Max) 0.11(0.24) 0.13(0.34) 0.12(0.24) 0.12(0.34) 0.14(0.23) 0.11(0.22) 0.11(0.22) 0.13(0.26)

MaxFG(Max) 0.10(0.18) 0.12(0.35) 0.13(0.23) 0.12(0.33) 0.12(0.20) 0.10(0.22) 0.10(0.18) 0.13(0.25)

1 Avg(Min) are the largest two values in AvgGF; AvgMin are the largest two values in MaxTG and MaxFG.

C.3 CONFUSION MATRICES

To prove the existence of spurious correlations, we provide all the confusion matrices of eight LLMs
in 11 and Figure 12. It can be seen that, except for OPT-13B, all LLMs exhibit spurious correlations,
which is consistent with the results in Table 8.
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Figure 11: Confusion matrix heatmaps.
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Figure 12: Confusion matrix heatmaps (continuation).
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C.4 THE NATIVE RACE BIAS OF LLMS

Native Race Bias of LLMs are shown in Figure 13.

Figure 13: The native race bias of LLMs over different labels.

C.5 BIAS DISTRIBUTION

Feature distribution of ICL-prompts with high and low MaxFG is shown in Figure 14.
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Figure 14: The feature distributions of few-shot prompts with high and low MaxFG bias.
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D EXPERIMENTAL RESULTS AFTER DEBIASING BY REBE

D.1 GENDER BIAS RESULTS AFTER DEBIASING BY REBE

To supplement the data in Table 3, we provide the accuracy and gender bias comparison of
OPT-6.7B (Figure 15) and OPT-13B (Figure 17). Furthermore, for comparison, we also provide
the distribution of race bias in Figure 16 and Figure 18.
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Figure 15: The accuracy and gender bias comparison of OPT-6.7B under four example selection
baselines before and after debias.
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Figure 16: The accuracy and race bias comparison of OPT-6.7B under four example selection
baselines before and after debias.
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Figure 17: The accuracy and gender bias comparison of OPT-13B under four example selection
baselines before and after debias.
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Figure 18: The accuracy and race bias comparison of OPT-13B under four example selection base-
lines before and after debias.

D.2 RACE BIAS RESULTS AFTER DEBIASING BY REBE

Similar to the gender bias, according to the results in Table 8, we select the LLM with the largest
bias in each baseline to eliminate the race bias. The results are shown in Table 9.

Table 9: Race bias and accuracy of LLMs under example selections after debiasing.

Acc↑ AvgGF↓ MaxTG↓ MaxFG↓

Random Max GPT-J-6B 0.140(-0.035) 0.256(-0.062) 0.228(-0.057)
Avg 0.843(+0.000) 0.037(-0.006) 0.148(+0.002) 0.132(+0.006)

Perplexity Max GPT-neo-2.7B 0.076(-0.018) 0.195(-0.062) 0.211(-0.045)
Avg 0.807(+0.017) 0.041(-0.000) 0.121(-0.007) 0.128(-0.038)

Similarity Max OPT-6.7B 0.065(-0.015) 0.147(-0.125) 0.224(+0.013)
Avg 0.862(+0.022) 0.030(+0.003) 0.108(-0.021) 0.137(-0.027)

DPP Max GPT-neo-2.7B 0.150(-0.015) 0.264(-0.081) 0.271(-0.074)
Avg 0.883(-0.004) 0.040(+0.001) 0.140(+0.014) 0.144(+0.024)

1 Red subscript indicates that the metric increases after debiasing, and blue subscript
indicates that the metric decreases after debiasing.

D.3 DETAILED EXPERIMENTAL RESULTS OF PARAMETER ANALYSIS

In this subsection, we provide detailed data on the effect of example order, k-shot and n-virtual on
ReBE in Table 10, Table 11 and Table 12 respectively.

Table 10: Detailed data on the effect of example order on ReBE.

Shuffle Seed Accuracy↑ AvgGF↓ MaxTG↓ MaxFG↓
Mean Min Mean Max Mean Max Mean Max

13 0.826 0.730 0.034 0.074 0.140 0.276 0.181 0.332

21 0.829 0.755 0.031 0.073 0.143 0.319 0.188 0.379

42 0.837 0.775 0.030 0.087 0.131 0.244 0.171 0.284

87 0.828 0.665 0.032 0.092 0.128 0.295 0.166 0.279

100 0.837 0.790 0.030 0.126 0.128 0.234 0.157 0.263

E IMPACT OF THE NUMBER OF ICL EXAMPLES ON BIAS

To investigate the impact of increasing the number of IC examples, we have assessed the gender
bias performance of Llama-2-7B in toxicity detection under various number of ICL examples
(k ∈ [2, 6, 10, 14, 18, 22, 26]). As the number of ICL examples k increases, the bias decreases
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Table 11: Detailed data on the effect of k-shot on ReBE.

k-shot Accuracy↑ AvgGF↓ MaxTG↓ MaxFG↓
Mean Min Mean Max Mean Max Mean Max

2 0.747 0.540 0.042 0.147 0.156 0.288 0.157 0.288
6 0.787 0.670 0.044 0.121 0.156 0.304 0.175 0.374

10 0.800 0.650 0.038 0.111 0.148 0.253 0.190 0.355
14 0.806 0.610 0.033 0.095 0.141 0.308 0.195 0.314
18 0.837 0.775 0.033 0.082 0.136 0.221 0.179 0.284
22 0.807 0.685 0.032 0.095 0.141 0.396 0.174 0.443
26 0.823 0.760 0.031 0.147 0.141 0.401 0.191 0.407

Table 12: Detailed data on the effect of n-virtual on ReBE.

n-virtual Accuracy↑ AvgGF↓ MaxTG↓ MaxFG↓
Mean Min Mean Max Mean Max Mean Max

1 0.853 0.825 0.033 0.083 0.135 0.301 0.145 0.253
3 0.850 0.795 0.030 0.073 0.143 0.292 0.159 0.263
5 0.843 0.790 0.027 0.111 0.134 0.301 0.160 0.346

10 0.837 0.775 0.033 0.082 0.136 0.221 0.179 0.284
20 0.866 0.820 0.043 0.088 0.148 0.250 0.151 0.256
30 0.856 0.820 0.034 0.092 0.137 0.250 0.158 0.250
50 0.832 0.800 0.018 0.049 0.070 0.135 0.108 0.148

100 0.828 0.780 0.045 0.113 0.146 0.288 0.128 0.215

(a) OPT-6.7B (b) GPT-J-6B

Figure 19: The effect of n-virtual on ReBE.

overall, but the change in accuracy must also be considered. The results are presented in Table 13,
Table 14, Table 15 and Table 16.

Table 13: Bias performance of Llama-2-7B on AvgGF

Random Perplexity Similarity DPP
Mean Max Mean Max Mean Max Mean Max

k = 2 0.204(±0.05) 0.310 0.105(±0.05) 0.195 0.116(±0.05) 0.203 0.129(±0.05) 0.235
k = 6 0.204(±0.05) 0.312 0.087(±0.06) 0.211 0.067(±0.04) 0.166 0.073(±0.05) 0.195
k = 10 0.175(±0.03) 0.247 0.075(±0.06) 0.187 0.046(±0.03) 0.158 0.062(±0.04) 0.156
k = 14 0.179(±0.05) 0.263 0.083(±0.05) 0.189 0.041(±0.03) 0.127 0.056(±0.03) 0.105
k = 18 0.179(±0.05) 0.283 0.058(±0.06) 0.205 0.043(±0.05) 0.154 0.051(±0.04) 0.136
k = 22 0.187(±0.05) 0.285 0.064(±0.06) 0.211 0.035(±0.03) 0.109 0.041(±0.03) 0.094
k = 26 0.151(±0.04) 0.229 0.063(±0.05) 0.198 0.038(±0.03) 0.130 0.046(±0.02) 0.078
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(a) OPT-6.7B (b) GPT-J-6B

Figure 20: The effect of example order on ReBE.

Table 14: Bias performance of Llama-2-7B on MaxTG

Random Perplexity Similarity DPP
Mean Max Mean Max Mean Max Mean Max

k = 2 0.220(±0.05) 0.322 0.114(±0.05) 0.203 0.123(±0.06) 0.223 0.139(±0.06) 0.251
k = 6 0.226(±0.05) 0.336 0.094(±0.06) 0.236 0.067(±0.04) 0.166 0.077(±0.06) 0.210
k = 10 0.192(±0.03) 0.261 0.081(±0.06) 0.207 0.050(±0.03) 0.151 0.066(±0.04) 0.160
k = 14 0.196(±0.05) 0.278 0.089(±0.06) 0.194 0.042(±0.03) 0.109 0.062(±0.03) 0.114
k = 18 0.195(±0.05) 0.312 0.065(±0.06) 0.217 0.044(±0.03) 0.140 0.059(±0.04) 0.156
k = 22 0.204(±0.05) 0.305 0.075(±0.06) 0.228 0.036(±0.03) 0.103 0.045(±0.03) 0.107
k = 26 0.162(±0.05) 0.254 0.071(±0.06) 0.215 0.039(±0.03) 0.129 0.049(±0.05) 0.094

Table 15: Bias performance of Llama-2-7B on MaxFG

Random Perplexity Similarity DPP
Mean Max Mean Max Mean Max Mean Max

k = 2 0.025(±0.07) 0.250 0.069(±0.09) 0.2500 0.125(±0.18) 0.667 0.180(±0.15) 0.500
k = 6 0.168(±0.12) 0.250 0.198(±0.17) 0.500 0.091(±0.14) 0.500 0.104(±0.15) 0.500
k = 10 0.135(±0.12) 0.250 0.182(±0.16) 0.400 0.079(±0.14) 0.500 0.120(±0.15) 0.500
k = 14 0.133(±0.12) 0.300 0.199(±0.15) 0.500 0.108(±0.17) 0.500 0.142(±0.17) 0.500
k = 18 0.104(±0.11) 0.250 0.182(±0.18) 0.667 0.126(±0.17) 0.500 0.171(±0.18) 0.667
k = 22 0.128(±0.14) 0.500 0.285(±0.20) 0.667 0.113(±0.14) 0.500 0.154(±0.16) 0.500
k = 26 0.095(±0.11) 0.300 0.306(±0.20) 0.667 0.104(±0.14) 0.500 0.176(±0.15) 0.500

Table 16: Accuracy of Llama-2-7B under vairous k

Random Perplexity Similarity DPP
k = 2 0.721(±0.08) 0.669(±0.12) 0.676(±0.02) 0.688(±0.03)
k = 6 0.744(±0.07) 0.715(±0.13) 0.716(±0.04) 0.786(±0.03)
k = 10 0.757(±0.07) 0.803(±0.09) 0.765(±0.03) 0.824(±0.03)
k = 14 0.776(±0.07) 0.817(±0.06) 0.778(±0.03) 0.837(±0.03)
k = 18 0.762(±0.06) 0.830(±0.08) 0.802(±0.03) 0.850(±0.03)
k = 22 0.769(±0.06) 0.839(±0.06) 0.827(±0.04) 0.880(±0.03)
k = 26 0.805(±0.06) 0.869(±0.04) 0.851(±0.02) 0.889(±0.03)

F EXPERIMENTS OF TOXICITY DETECTION

In toxicity detection, LLMs are asked to judge whether the sentences given are toxic or non-toxic.
As shown in Table 17 and Table 18, we provide the gender bias performance of Llama-2-7B and
Llama-3.2-3B in toxicity detection.

Consistent with the sentiment analysis, we can find that: ❶ Compared with the zero-shot, example
selection methods for ICL amplify the maximum value of gender bias; ❷ ReBE remains compatible
with example selection methods and exhibits effective debiasing in toxicity detection.
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Table 17: Maximum values of gender bias of Llama-2-7B in toxicity dection

Llama-2-7B AvgGF MaxTG MaxFG
k = 18 Origin ReBE Origin ReBE Origin ReBE
Zero-shot 0.108 - 0.098 - 0.833 -
Random-based 0.283 0.186 0.312 0.210 0.250 0.300
Perplexity-based 0.205 0.168 0.217 0.173 0.667 0.667
Similarity-based 0.154 0.141 0.140 0.129 0.500 0.667
DPP-based 0.136 0.102 0.156 0.116 0.667 0.857

Table 18: Maximum values of gender bias of Llama-3.2-3B in toxicity dection

Llama-3.2-3B AvgGF MaxTG MaxFG
k = 18 Origin ReBE Origin ReBE Origin ReBE
Zero-shot 0.145 - 0.158 - 0.429 -
Random-based 0.215 0.108 0.217 0.127 0.500 0.550
Perplexity-based 0.142 0.043 0.152 0.019 0.857 0.333
Similarity-based 0.056 0.038 0.069 0.019 0.600 0.333
DPP-based 0.090 0.048 0.049 0.011 0.750 0.500

Table 19: Mean values of gender bias of Llama-2-7B in toxicity dection

Llama-2-7B AvgGF MaxTG MaxFG
k=18 Origin ReBE Origin ReBE Origin ReBE
Zero-shot 0.043(±0.03) - 0.053(±0.03) - 0.267(±0.25) -
Random-based 0.179(±0.05) 0.058(±0.04) 0.195(±0.05) 0.070(±0.04) 0.104(±0.11) 0.176(±0.11)
Perplexity-based 0.058(±0.06) 0.049(±0.04) 0.065(±0.06) 0.053(±0.05) 0.180(±0.18) 0.256(±0.03)
Similarity-based 0.043(±0.03) 0.038(±0.03) 0.044(±0.03) 0.039(±0.03) 0.126(±0.17) 0.155(±0.20)
DPP-based 0.051(±0.04) 0.045(±0.03) 0.059(±0.16) 0.053(±0.02) 0.171(±0.18) 0.248(±0.20)

Table 20: Mean values of gender bias of Llama-3.2-3B in toxicity dection

Llama-3.2-3B AvgGF MaxTG MaxFG
k=18 Origin ReBE Origin ReBE Origin ReBE
Zero-shot 0.057(±0.05) - 0.059(±0.05) - 0.177(±0.15) -
Random-based 0.058(±0.05) 0.038(±0.03) 0.056(±0.05) 0.044(±0.03) 0.126(±0.14) 0.152(±0.11)
Perplexity-based 0.038(±0.04) 0.027(±0.01) 0.038(±0.04) 0.002(±0.01) 0.263(±0.22) 0.045(±0.10)
Similarity-based 0.031(±0.06) 0.024(±0.02) 0.034(±0.02) 0.006(±0.01) 0.223(±0.19) 0.150(±0.14)
DPP-based 0.028(±0.03) 0.03(±0.01) 0.021(±0.02) 0.004(±0.01) 0.301(±0.23) 0.070(±0.14)

G BASELINE COMPARISON OF REBE

According to our survey results, there are not many relative debiasing methods of ICL. Although
Hu et al. (2024) proposed fairness via clustering genetic (FCG) algorithm, it cannot apply to more
tasks due to the need for explicit feature vectors. Therefore, we cannot set FCG as the baseline of
ReBE. Since there are no other debiasing methods specifically for ICL, we compare ReBE with two
context augmentation methods: counterfactual context and gender-balanced context.

Counterfactual For datasets built based on templates, such as EEC and EEC-paraphrase,
we can construct the corresponding counterfactual context instance based on the template. For
example, according to the template <person subject> feels <emotion word>,
the counterfactual context instance of sentence Alonzo feels angry. can be
Nichelle feels angry. or Amanda feels angry.

Gender-balanced The gender-balanced context approach requires an equal or close number of
examples for each gender type.

Table 21 shows the gender bias of OPT-6.7B on sentiment analysis with EEC-paraphrase as the
dataset. While the EEC-paraphrase dataset does not have its own templates, it is built upon the EEC
samples, allowing us to generate counterfactual samples using the templates from the EEC.
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Since the counterfactual context method does not apply to datasets without templates, we remove it
from the baselines tested on the Jigsaw dataset. Table 22 shows the gender bias of Llama-2-7B
on toxicity detection with Jigsaw as the dataset.

Table 21: Gender bias of OPT-6.7B on Sentiment Analysis with EEC-paraphrase

AvgGF (Mean) Max MaxTG (Mean) Max MaxFG (Mean) Max Acc
Random 0.044(±0.03) 0.129 0.180(±0.09) 0.468 0.199(±0.09) 0.465 0.81
DPP 0.036(±0.03) 0.110 0.142(±0.08) 0.273 0.144(±0.06) 0.273 0.87
Gender-balanced 0.040(±0.03) 0.132 0.174(±0.08) 0.333 0.210(±0.09) 0.417 0.80
Counterfactual 0.035(±0.03) 0.125 0.145(±0.07) 0.369 0.149(±0.07) 0.369 0.77
Random+ReBE 0.034(±0.02) 0.086 0.151(±0.07) 0.322 0.191(±0.08) 0.447 0.78
DPP+ReBE 0.033(±0.02) 0.073 0.120(±0.05) 0.250 0.122(±0.05) 0.247 0.87

Table 22: Gender bias of Llam-2-7B on Toxicity detection with Jigsaw

AvgGF (Mean) Max MaxTG (Mean) Max MaxFG (Mean) Max Acc
Random 0.179(±0.05) 0.283 0.215(±0.05) 0.312 0.215(±0.05) 0.312 0.76
DPP 0.051(±0.04) 0.136 0.059(±0.04) 0.156 0.171(±0.18) 0.667 0.85
Gender-balanced 0.116(±0.06) 0.236 0.205(±0.08) 0.500 0.205(±0.08) 0.500 0.81
Random+ReBE 0.058(±0.04) 0.186 0.070(±0.04) 0.210 0.176(±0.11) 0.300 0.86
DPP+ReBE 0.045(±0.03) 0.102 0.053(±0.02) 0.116 0.248(±0.20) 0.857 0.88

G.1 DISCUSSION ON DEBIASING METHODS

To avoid spurious correlations caused by example selection, we test the feasibility of calibrating the
prompts of ICL. Based on past experiences, we provide detailed instructions or construct the coun-
terfactual example pairs in the prompt. Considering that differences in the proportion of sentences
corresponding to demographic groups or labels might mislead the LLMs, we also try the approach
that balances the proportions of various features in the prompt. However, as shown in Figure 21,
there are no significant differences in feature ratios between prompts with high and low bias, so the
method based on balanced features may not be effective enough. In sum, the feasibility of removing
spurious correlations by few-shot prompts alone is questionable.
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Figure 21: The feature distributions of ICL-prompts with high and low bias, which are constructed
by Random-based example selection.
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