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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 demonstration 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 ig-
nore the ethical risks behind the examples selected, such as
gender and race bias. In this work, we conduct extensive ex-
periments and discover that (1) example selection with high
accuracy does not mean low bias; (2) example selection for
ICL may amplify the biases of LLMs; (3) 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 embed-
ding for LLMs based on prompt tuning. Finally, we demon-
strate that ReBE effectively mitigates biases of LLMs without
significantly compromising accuracy and is highly compati-
ble with existing example selection methods.

Introduction

Although large language models (LLMs) have demon-
strated impressive capabilities, efficiently deploying 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 downstream tasks without parameter updates, using only
a few demonstration examples (Brown et al. 2020). Com-
pared to fine-tuning (Ziegler et al. 2019), ICL is more flex-
ible 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 an-
swer format), thus attracting considerable attention. As the
research deepened, researchers found that examples selected
randomly from the training set led to high variance in per-
formance (Liu et al. 2022b), so numerous example selection
methods have been proposed to stabilize the performance of
ICL (Gonen et al. 2023; Gupta, Gardner, and Singh 2023).
Since LLMs may spread biases learned from training set
during decision-making or user interaction, potentially caus-
ing severe harm to society, the biases of LLMs have always
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Figure 1: Gender bias and accuracy of OPT-13B in senti-
ment classification using different example selection meth-
ods. The red dashed horizontal and vertical lines indicate
the mean accuracy and bias (AvgGF) of zero-shot prompt-
ing, respectively. Each scattered point represents the accu-
racy and bias of few-shot prompting under a different ran-
dom seed. The box plot below illustrates the distribution of
bias across various example selection methods.

attracted significant attention (Liu et al. 2024b; Gupta et al.
2024; Guo, Yang, and Abbasi 2022). Although not entirely
equivalent to social biases, it has been shown that LLMs
exhibit stronger cognitive biases (Lin and Ng 2023), such
as position bias (Zhao et al. 2021) and token bias (Zheng
et al. 2024), when fed with specific prompts. Similarly, be-
cause the example selection method determines the content
of the ICL prompt, it is natural to ask: Does example selec-
tion for ICL amplify the biases of LLMs? It is undoubtedly
unacceptable for LLMs to preserve or even exacerbate bi-
ases when using ICL to deploy LLMs to downstream tasks.
However, existing example selection studies ignore the ethi-
cal risks behind the examples selected.

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 we build on Equity Evaluation
Corpus (EEC) (Kiritchenko and Mohammad 2018) but with
more complex and natural sentences. Considering the gen-
erality of the findings, our experiments include mainstream
LLMs and four example selection baselines: Random-based,



Similarity-based (Liu et al. 2022b), Perplexity-based (Go-
nen 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 un-
der 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”, in-
dicating 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 using ICL, we have also col-
lected the experiment results of zero-shot under various ran-
dom 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 ex-
hibit higher gender bias than zero-shot, indicating that ex-
ample selection for ICL does amplify the bias of LLMs. Ac-
cording to results in Figure 2, we further find that example
selection amplifies the maximum bias value, worsening un-
fair situations. The maximum bias value refers to the high-
est bias among results measured under various random seeds
using the same example selection method. To uncover why
example selection amplifies bias, we analyze the results of
MaxTG and MaxFG and find that LLMs using ICL exhibit
stronger spurious correlations. Spurious correlations refer to
undesired or unstable correlations learned by LLMs from the
training set, which may introduce unintended biases (Albu-
querque et al. 2024). Typical spurious correlations include
stereotypes such as “He is a doctor; she is a nurse.”

The above observations highlight that example selection
for ICL truly amplifies the biases of LLMs. In order to miti-
gate the social biases of adapting LLMs to downstream tasks
through ICL, we propose the Remind with Bias-aware Em-
bedding (ReBE), which curbs biases of LLMs by prefixing
the bias-aware embedding into the prompt. Besides, we de-
sign the bias-contrastive loss based on contrastive learning
to remove spurious correlations and obtain the bias-aware
embedding through prompt tuning. To demonstrate the ef-
fectiveness of ReBE, we conduct extensive experiments and
the results 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 se-
lection, which is essential for deploying LLMs into down-
stream tasks using ICL. The overall contributions are sum-
marized as follows:

1. To the best of our knowledge, we are the first to discover
and analyze the bias risks of example selection for ICL,
especially the findings: (1) Example selection with high
accuracy does not mean low bias; (2) Example selection
for ICL may amplify the biases of LLMs; (3) Example
selection contributes to spurious correlations of LLMs.

. We construct a new sentiment classification dataset
—EEC-paraphrase, which can better identify and eval-
uate gender and race bias of LLMs in ICL. More specif-
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ically, 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 mini-
mizing the bias-contrastive loss while preserving the ad-
vantages of ICL through prompt tuning.

. We conduct extensive experiments to validate the effec-
tiveness of ReBE, including four LLMs and four example
selection baselines.

Related Work

Recognizing that ICL performance is sensitive to example
selection, numerous efforts have been made to stabilize it.
Liu et al. (2022b) proposed KATE, which retrieves exam-
ples semantically similar to the test query samples. Since
then, many heuristic-based methods have emerged, includ-
ing Perplexity-based (Gonen et al. 2023; Iter et al. 2023),
Informativeness-based (Gupta, Gardner, and Singh 2023; Li
and Qiu 2023) and Sensitivity-based (Chen et al. 2023b) ap-
proaches. In addition, some studies have explored example
selection from different perspectives, such as formulating
it as a sequential decision problem (Zhang, Feng, and Tan
2022; Liu et al. 2024a), curating a stable subset from the
original training set (Chang and Jia 2023), or 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 ICL accuracy on
downstream tasks, they ignore the potential social bias risks.
While extensive research has been conducted on the biases
of LLMs (Gallegos et al. 2024), few studies have focused
on the bias risks associated with adapting LLMs to down-
stream 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. Furthermore, predic-
tive bias differs slightly from the social bias we focus on.

Preliminaries
Example Selection for ICL

Given a test input xy, ICL enables the language model M
to generate the corresponding correct output s based on
only a few examples in the context C. The process of gener-
ating the prediction ¢ could be formulated as:

g = argmaXpM(y|07 ztest)a (1
yey

where paq(y|C, xes) represents the probability that M
generates y with context C, x4 denotes the in-
put and ) denotes the label set. For a task with
training set D {(zs,y:)}Y,, the context C
{(z1,11), (x2,92), ..., (xk,yx)} C D, contains k examples
(k-shot prompt). Since the performance of M depends on
the context C, it is important to select examples (x;, y;) that
minimize the overall loss on the test set (Xiest, Yiest) in order
to improve performance, the search of optimal context C*
could be formulated as:

C* = argmin Lp(F, Yiest),
ccD

2
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Figure 2: The impacts of Random-based example selection on biases of LLMs in sentiment classification. The bar value is

calculated by Diff=Bias;ndom-BiaSero-shot-

where the prediction set §

{arg max pamm (y|C, xtest)}
yeY

and Ty € Xeest- As example and demonstration selection
are used interchangeable among existing studies (Iter et al.
2023; Yang et al. 2023), we use the term example selection
throughout to avoid confusion.

Contrastive Learning

Contrastive learning aims to obtain representation by max-
imizing the similarity between related samples and mini-
mizing the similarity between unrelated samples, simultane-
ously. Although originating from self-supervised learning,
contrastive learning also proves useful in supervised learn-
ing (Khosla et al. 2020; Chen et al. 2022). Given a training
setD = {(a:z,yz)} v, and its indexes set Z = {1,2,..., N},
define the ¢-th sample x; as an anchor, the contrastlve loss
for supervised tasks (Khosla et al. 2020) can be defined as:

Z Z l exp(zz ) ZP/T) ,
S PO, Sy aca (e al7)

3)
where z; is the normalized representation of anchor z;,
P(i) = {p € A; : yp = y;} is the index set of positive
samples. A; = T\ {4} is the index set of contrastive samples
that removes ¢ from set Z and 7 is the temperature parame-
ter. Constructing sensible P (i) and A(¢) is vital to utilizing
the contrastive learning framework.

sup

Impacts of Example Selection on Biases
Experiment Settings

Datasets To better capture and evaluate the gen-
der and race biases of LLMs, we construct a new
sentiment classification dataset, EEC-paraphrase, based
on the Equity Evaluation Corpus (EEC) (Kiritchenko
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and Mohammad 2018). Starting from the template
<person> feels <emotional word>.,wereplace
<person> with first names (e.g., Alonzo and Alan) or
pronouns (e.g., she and he) associated with specific de-
mographic group to generate sentences with gender and
race attributes. These sentences are then paraphrased us-
ing GPT-3.5-Turbo to make them more complex, nat-
ural, and reflective of real-world scenarios. To demonstrate
the advantages of EEC-paraphrasee, we compare its quality
with that of the original EEC. The results are provided in the
Supplementary Material.

EEC-paraphrase contains 8,640 sentences annotated with
gender and race attributes. To simulate the few-shot sce-
nario, we randomly sample 400 sentences for the training
set and 200 for the development set. To further validate the
generalizability of our findings, we also evaluate LLMs on
the toxicity detection task using the Jigsaw (Adams et al.
2019) and provide results in the Supplementary Material.

Language Models To guarantee the reliability of our find-
ings, we conduct experiments on multiple LLMs, including
OPT-6.7/13/30B, GPT-J-6B, GPT-neo—-2.7B
and L1aMA-2-7/13/70B.

Example Selection Methods We select four example se-
lection methods to investigate the impact of example selec-
tion on the biases of LLMs. Random-based example selec-
tion 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 similar-
ity 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.



EEC-paraphrase

Jigsaw Toxicity Detection

GPT-J-6B GPT-neo-2.7B OPT-6.7B OPT-13B ‘ GPT-J-6B GPT-neo-2.7B OPT-6.7B OPT-13B Ministral-8B

E ACC(Min) 0.84(0,80) 0-77(0‘58) 0.81(0.67) 0.82(0,72) 0.63(0,23) 0.60(0, 12) 0.88(0‘85) 0.87(0,42) 0.83(0'67)

-§ AVgGF(MaX) 0-04(0.08) 0.04(0.13) 0.04(0.13) 0.04(0_12) 0. 10(0'39) 0-04(0.26) 0.01(0_04) 0.02(0.12) 0.03(0_07)
é MaxTG(MaX) 0. 15(0,29) 0. 14(0‘31) 0.18(0.47) 0. 17(0‘33) 0.1 1(0.45) 0.05(0.3()) 0-00(0‘06) 0.02(0,15) 0.1 1(0,21)
MaxFG(MaX) 0.1 7(0.26) 0.20(0.39) 0-20(0.46) 0.1 9(0_34) 0.1 0(0‘33) 0.06(0.35) 0.03(0'29) 0.05(0_33) 0.1 3(0_22)

E‘ ACC(Min) 0.83(0_72) 0.82(0_32) 0.85(0.31) 0.83(0_79) 0.66(0_13) 0.66(()_12) 0.88(0_77) 0.84(0_52) 0.85(0_73)
; AVgGF(Max) 0.09(0.15) 0.08(0,08) 0.04(0.09) 0.05(0‘10) 0. 10(0‘24) 0.04(0,21) 0.03(0,07) 0.05(0‘21) 0.04(0_15)
% MaxTG(MaX) 0.23(0.33) 0.18(0_18) 0.21(0.35) 0.22(0_32) 0. 10(0.26) 0.03(0_20) 0.01(0_10) 0-03(0.26) 0-04(0.16)

=™ MaxFG(MaX) 0.24(0.5()) 0.24((),50) 0. 17(().3 1)) 0.27(0,45) 0.1 0(0‘42) 0.05(0,23) 0.01 (0.08) 0.05(0,30) 0.1 6(0‘48)
_-;‘ ACC(Min) 092(0.88) 0.85(0,32) 0.84(0.82) 0.87(0,36) O~72(0.65) 072(0.62) 0.00(0,00) O~89(0.86) 0.86(0,83)
E AvgGFMmaxy  0.030006)  0.03(0.09)  0.03005) 0.040.09) | 0.06¢0.18y 0.05¢0.13y  0.03007y 0.030007y  0.04(0.08)
E MaxTG(MaX) 0.1 3(0.28) 0. 19(0'30) 0.1 2(().22) 021(0.38) 0.06(0‘21) 0.06(0.13) 0.01 (0.04) 0.02(0_05) 0.04(0_11)
2} MaxFG(MaX) 0. 14(()_20) 0. 16(0_19) 0.15(0.31) 0. 17(0_37) 0. 12(0_39) 0.1 1(()_29) 0.14(0.39) 0.18(0.37) 0. 15(0.56)
Accmin 0930089y 0.890s83 0.87079y 0.89%032) | 0.730066) 0.75066) 0.900088y 0.890s7) 0.87(0.34)

& AVgGF(MaX) 0-03(0.06) 0.03(0'()7) 0.04(0.11) 0.03(0‘12) 0.04(0‘13) 0.06(0.14) 0-02(0.()6) 0.03(0_03) 0.04(0_11)
=] MaxTG(MaX) 0 12(0'23) 0 13(0.28) 0 14(0_27) 0-13(0.38) 0.05(0.12) 0.06(0,13) 0.02(0,()4) 0.03(0,1 1) 0.04(0'1 i)
MaxFG(MaX) 0.1 0(0, 17) 0.1 3(0,24) 0. 14(0.27) 0. 12(0.38) 0.1 2(0_37) 0.1 8(0,32) 0.1 1(0‘39) 0.1 5(0_34) 0. 16(0‘40)

1 Avgainy are the largest two values in AvgGF, MaxTG and MaxTG.

Table 1: Accuracy and gender bias of LLMs under four example selection baselines.

Bias Metrics Drawing on fairness metrics of machine
learning (Mehrabi et al. 2021) and natural language pro-
cessing (Czarnowska, Vyas, and Shah 2021), we summa-
rize three representative bias metrics that adapt to the senti-
ment classification task. First, AvgGF measures the dispar-
ity in the overall prediction accuracy between demographic
groups s and so, which could be calcualted by:

AVgGF =[P(Y =Y|S=s1) —P(Y =Y |S=s;)|. (4
Second, we derive MaxTG and MaxFG from the true pos-
itive rate (TPR) and false positive rate (FPR), respectively.
MaxTG refers to the maximum recall (TPR) difference be-

tween groups among all sentiment categories, which could
be calculated by:

P(Y =yly,s1) — P(Y =yly, s2)|. (5

Similar to MaxTG, MaxTG refers to the maximum FPR dif-
ference between various groups among all sentiment cate-
gories, calculated by:

MaxTG =max
yey

MaxFG = P(Y =4y, s1) —P(Y =4y, s2)|. (6)

max
Y, YEV, IFY

Experimental Results Analysis

Bias Amplification As inappropriate ICL examples may
mislead LLMs, we evaluate how biases of LLM change
when using example selections for ICL (few-shot prompt-
ing) compared to zero-shot prompting. As shown in Figure
2, the LLMs show varying degrees of increased maximum
gender or race bias values when using Random-based exam-
ple selection. Comparisons of the remaining example selec-
tion baselines could be found in the Supplementary Material.

These results indicate that example selection for ICL may
amplify LLM biases (Finding-2), increase bias fluctuations,
and heighten unfairness risks. Additionally, the maximum
bias values for each baseline across LLMs are highlighted
in Table 1 and are notably higher than the mean values.
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Figure 3: Confusion matrix heatmaps of OPT-6.7B under
few-shot and zero-shot. The value at (Y7, Y>) represents the
probability that a sample of Y7 is predicted to be Y5.
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Figure 4: The overview of ReBE, which includes the input (z, y, s) and the process of obtaining the Bias-Aware Embedding.

Spurious Correlations As seen from Figure 3, we visu-
alize the confusion matrices of OPT-6. 7B, which has the
biggest fluctuation of MaxTG (0.47) and MaxFG (0.46) in
Table 1. With the help of Figure 3, we can further analyze
the reasons that cause MaxTG and MaxFG to increase.

For MaxTG, comparing the two sub-figures in the same
row by row reveals that, in the few-shot setting, the pro-
portion of sadness sentences correctly predicted for the fe-
male group (0.88) is much higher than for the male group
(0.42), which aligns with the findings of (Plaza-del Arco
et al. 2024). However, in the zero-shot setting, the perfor-
mance between the two groups (0.52 and 0.68) is much
closer. Likewise, for MaxFG, comparing the two sub-figures
in the same row by column reveals that, in the few-shot set-
ting, more sentences with sadness labels are incorrectly pre-
dicted as fear in the male group (0.54) than in the female
(0.08). However, in the zero-shot setting, the performance
between the two groups(0.35 and 0.21) is much closer.

In summary, the sentiment analysis criteria of LLMs may
be influenced by words beyond emotional ones, and example
selection exacerbate some spurious correlations (Finding-
3). To mitigate bias, it is important to focus on breaking
these spurious correlations.

ReBE: Remind with Bias-Aware Embedding

To retain the accuracy and flexibility of ICL while reduc-
ing bias, we propose to remind with bias-aware embedding
(ReBE), which removes spurious correlations utilizing con-
trastive learning.

Pipeline of ReBE

As shown in Figure 4, taking (x, y, s) as input, ReBE obtains
bias-aware embedding by minimizing the bias-contrastive
loss during training. z, y, and s correspond to the task’s
test sample, label, and demographic attribute, respectively.
The verbalizer (Cui et al. 2022) converts representations
{21, 22, ..., 2} to predicted labels {joy, anger, ...} used in
the downstream task. With the help of prompt tuning, ReBE
avoids updating the original parameters of LLM M, re-
taining the flexibility of ICL. To effectively remove spuri-
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ous correlations, contrastive learning is introduced to con-
struct the bias-contrastive loss. 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. According to
the corresponding virtual tokens, bias-aware embedding is
integrated into the embedding vectors during inference.

Bias-Aware Embedding

We refer to the trainable parameters in prompt tuning for
LLMs debiasing as Bias-Aware Embedding. Prompt tuning
(Lester, Al-Rfou, and Constant 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 embed-
ding processing.

To better explain the bias-aware embedding in Fig-
ure 4, we take the sentiment classification of “He feels
happy.” as an example. Represent the sentence as z
[v1][v2][He][feels][happy][.], where [v;] is the virtual to-
ken. After tokenization and embedding processing, the em-
bedding vectors, which include the bias-aware embedding,
are fed into the remaining neural network layers to get the
final prediction. Since prompt tuning has been found to be
unstable during training (Chen et al. 2023a), we add Gaus-
sian noise to help the training, which is a common solution
(Wu et al. 2022; Pecher et al. 2024).

Trainable Parameter Size Let n-virtual be the number of
virtual tokens [v;], 7 feqts be the dimension of LLM features,
the number of trainable parameters (bias-aware embedding)
could be calculated as n-virtual X 1 ¢q¢5. All original param-
eters of LLM are frozen and are not involved in the training
process of bias-aware embedding.

Bias-Contrastive Loss

Acquiring bias-aware embedding requires a well-designed
loss function to guide the training. Given a training set



\ Acct AvgGF| MaxTG| MaxFG| \ Acct AvgGF| MaxTG| MaxFGJ|

Random Max | GPT-neo-2.7B 0.083(_0.044) 0.260(_0_055) 0.3 19(—0.067) OPT-6.7B 0.086(_0_042) 0'322(—04146) 0-447(—0.018)
Perplexity Max GPT—J-GB 0.064(_0.024) 0.350(_0035) 0.381(_0_122) OPT-13B 0.1 13(+().()13) 0.300(_(),021) 0.301(_()‘157)
AVg 0.829(_0_002) 0.064(_0.024) 0. 171(—0.060) 0. 164(_0_079) 0.828(_0'005) 0.058(4.().009) 0.201(_0‘019) 0. 172(—0.096)

Similarity Max | GPT-neo-2.7B 0-053(—0.036) 0.267(_0,033) 0.1 67(_0,026) OPT-13B 0.062(.0_022) 0.333(_0_050) 0.283(_0_083)
Avg | 0.8710024) 0.031.0.003) 0.1400.047) 0.1320.0.032) | 0.896(:0.024) 0.032(.0.012) 0.181(0.028) 0.167.0.008)

DPP Max| OPT-6.7B  0.073.0037 0.250.0003) 0.247.0026)| OPT-13B  0.080 0043 0.267.0117) 0.1670217)
Avg | 0.874(10009) 0.033(0003) 0.12000.022) 0.122(0021) | 0.918(+0.027) 0.033(:0.001) 0.1200.008) 0.1000.021)

Table 2: Gender bias and accuracy of LLMs under example selections after debiasing by ReBE. The gray background cell

indicates that the bias decreases after debiasing.

\ Ablation Study (GPT-J-6B)

Baseline Comparison

| Original Lace Liias ReBE |Random DPP  Balance CF  Rand+ReBE DPP+ReBE
Acc?t Mean‘0.84(i1‘7%> 0.86(+2.3%) 0.26(x1.7%) 0.84(x2.2%)| 0.81 0.87 0.80 0.77 0.78 0.87
AveGF| Max 0.084 0.089 0.049 0.082 0.129 0.110 0.132 0.125 0.086 0.073
g Mean|0.04x2.2%) 0.03(x2.3%) 0.02(x0.9%) 0.03x2.2%)|0.04x0.03) 0.04(x0.03) 0.04x003 0.04=x0.03) 0.03x002) 0.03(z0.02)
MaxTG Max 0.295 0.292 0.196 0.221 0.468 0.273 0.333 0.369 0.322 0.250
Mean |0.155.3%) 0.13+5.2%) 0.02(x4.9%) 0.14(+3.9%)|0.18=0.09) 0.14=x0.08) 0.17=0.08) 0.15x0.07 0.15007) 0.120.05
MaxFG/| Max 0.264 0.250 0.327 0.284 0.465 0.273 0417 0.369 0.447 0.247
Mean |0.17#+4.9%) 0.14+4.2%) 0.03+7.7%) 0.18+4.5%)|0.20=0.09) 0.14x0.06) 0.21(%0.09) 0.15x0.07 0.19+0.08) 0.12+0.05)

Table 3: Experimental results of ablation study of GPT-J-6B and gender bias of OPT-6.7B under various baselines.

D = {(z;,y;)}Y, and its indexes set Z = {1,2,.... N},
define z; as the normalized representation of sample x;. To
better mitigate biases in the feature representation of LLM,
we first design the bias-contrastive loss Ly;,s based on Sup-
Con (Khosla et al. 2020) loss as follows:

1 1 exp(z;i - 2j/T)

L ias — N7 TN —lo )

’ N ; P ()] j;i) ngeA(z’) exp(2i - 2k /T)

(N

where P(i) = {j € T : y; = vi,s; # si}, represents the
set of indexes of examples with the same label and different
demographic attribute s; as z;. Conversely, A(i) = {k € T :
Yk # Vi, Sk = Si}, represents the set of indexes of examples
with the different label and same demographic attribute as
z;. T 1s the temperature parameter of contrastive learning.

On the other hand, to retain the accuracy of ICL, we in-
troduce the loss L. based on cross-entropy loss. Following
the convention, we define the £, as:

1 exp(pi)
LCLCC = ~F _log—7
N ; > yey cap(py)

®

where p; is the probability that z; is predicted to be
the ground-truth label, p? is the probability that z;
is predicted to be the label y, and label set )
{joy, anger, sadness, fear}. Finally, we obtain bias-aware
embedding by minimizing the weighted sum of the above
two objectives: Lipta; = @Lace + (1 — @) Lpiqs, Where o
is the parameter that balances the accuracy and fairness. As

shown in Figure 4, the total loss L4 is used to optimize
the bias-aware embedding via back-propagation.

Experimental Results with ReBE

To validate the few-shot performance of ReBE, we conduct
debiasing experiments on a training set of 400 samples, split
from the EEC-paraphrase. We select two LLMs with the
largest AvgGF in each baseline in Table 1 as the objects
for eliminating gender bias. Due to hardware limitations, we
exclude OPT-30b and Llama-2-70b from the choices.
ReBE is implemented based on the Huggingface PEFT li-
brary and previous work (Nguyen and Wong 2023). Exper-
imental results of race bias are available in the Supplemen-
tary Material.

Effectivity of ReBE

As shown by the blue subscripts in Table 2, the average gen-
der bias of most LLMs decreases after debiasing by ReBE,
which works for all example selection baselines. Concern-
ing the issue that example selection may amplify the maxi-
mum bias value, the “Max’ row in Table 2 shows a signifi-
cant reduction in maximum bias. In addition, Figure 5 more
intuitively shows the changes in accuracy, AvgGF, MaxTG
and MaxFG of GPT-neo—2 . 7B before and after debiasing.
The variances of the three biases all decrease, resulting in a
more concentrated distribution, indicating improved stabil-
ity of the bias. In addtion, according to Table 2, the sentiment
classification accuracy of LLMs is not significantly affected
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Figure 5: The accuracy and gender bias comparison of GPT-neo-2.7B under example selection methods with and w/o ReBE.

after using ReBE. The above experimental results demon-
strate that ReBE meets the requirement of reducing bias
without significantly compromising the accuracy.

More importantly, the results in Table 2 and Figure 5
demonstrate that ReBE is compatible with existing ex-
ample selection methods. By combining example selection
with ReBE, it is possible to achieve high accuracy and low
bias of LLMs.

Baseline Comparison

Regarding baseline selection, although (Hu, Liu, and Du
2024) proposed Fairness via Clustering Genetic (FCG) algo-
rithm, it cannot be applied to sentiment analysis or toxicity
detection because it requires explicit feature vectors for clus-
tering. Since there are no other debiasing methods specif-
ically for ICL, we compare ReBE with two context aug-
mentation methods: counterfactual context and gender-
balanced context. Compared with the counterfactual con-
text (CF) and gender-balance (Balance) context method,
ReBE is compatible with existing example selection meth-
ods and can achieve lower bias and higher accuracy.

Ablation Study

To further demonstrate that the reduction in bias results from
the Lp;qs rather than improved accuracy, we conduct abla-
tion studies using the L,.. and L5 to replace the Liorq;
to train GPT—-J-6B, respectively. As shown in Table 3, the
maximum values of AvgGF and MaxTG of L,.. are much
higher than those of ReBE, even though the accuracy is
slightly improved. In contrast, £, achieves lower bias but
sacrifices accuracy. Therefore, Ly;,s is actually responsible
for bias reduction, and L,.. guarantees accuracy.

Parameter Analysis

To illustrate the influence of parameters on ReBE, we con-
duct the following parameter analysis.

k-shot Since the coverage of examples affects the accu-
racy of ICL (Gupta, Gardner, and Singh 2023), the number
of examples in prompt of ICL %k should be large enough.
However, redundant information caused by excessive exam-
ples may decline the performance of ICL. As shown in Fig-
ure 6, 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,
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we chose & = 18 as our experiment setting. We provide the
k-shot experimental results of other LLMs in the Supple-
mentary Material.

o2

Acc
S oo
B O

— AvgGF MaxTG —— MaxFG

10 14 18 2 26

Number of examples(k)

6

Figure 6: The accuracy and gender bias of GPT-J-6B using
ReBE under different k-shot.

n-virtual We ues n-virtual to represent the number of vir-
tual prompt tokens which decides the size of trainable pa-
rameters. 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, and find there is no apparent
relationship between n-virtual and bias. Due to space limita-
tions, we provide the corresponding experimental results in
the Supplementary Material.

Conclusion

In this study, we have investigated the impact of example
selection on the biases of LLMs. By comparing biases un-
der four example selection baselines with biases under zero-
shot, we have found that example selection for ICL ampli-
fies 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 correla-
tions 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 sig-
nificantly compromising accuracy and is compatible with
existing example selection methods.
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