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Abstract

In the In-Context Learning (ICL) setup, various forms of label
biases can manifest. One such manifestation is majority label
bias, which arises when the distribution of labeled examples in
the in-context samples is skewed towards one or more specific
classes making Large Language Models (LLMs) more prone to
predict those labels. Such discrepancies can arise from various
factors, including logistical constraints, inherent biases in data
collection methods, limited access to diverse data sources,
etc. which are unavoidable in a real-world industry setup. In
this work, we study the robustness of in-context learning in
LLMs to shifts that occur due to majority label bias within the
purview of text classification tasks. Prior works have shown
that in-context learning with LLMs is susceptible to such
biases. In our study, we go one level deeper and show that
the robustness boundary varies widely for different models
and tasks, with certain LLMs being highly robust (~90%) to
majority label bias. Additionally, our findings also highlight
the impact of model size and the richness of instructional
prompts contributing towards model robustness. We restrict
our study to only publicly available open-source models to
ensure transparency and reproducibility.

Introduction

Large language models (LLMs) have demonstrated notable
capabilities in effectively executing unseen tasks solely based
on provided prompts (Brown et al. 2020). This research in-
vestigates the in-context learning (ICL) paradigm for text
classification (TC) tasks, a significant area of interest within
Natural Language Processing (NLP). The ICL approach in
LLMs has demonstrated the capability to achieve perform-
ance similar to that of the fine-tuned approach, attributed to
their size and pre-training tasks (Wang et al. 2023; Sun et al.
2023).

However, ICL is highly depended on the design of the
in-context prompt, including the selection (Liu et al. 2021)
and order of in-context examples (Lu et al. 2022). Zhao et al.
(2021) discussed how the instability of ICL results is often
due to biases in the model’s predictions. One such example is
the recency bias where the model prediction favors the label
of the last in-context example. They also discuss about major-
ity label bias where GPT-3 (Brown et al. 2020) tends to prefer
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answers that are frequent in the in-context prompt. Fei et al.
(2023) also explored label biases in ICL and introduces three
types of label biases: vanilla, context, and domain biases.
Vanilla label bias refers to the model’s inclination to predict
specific label names without considering the context. One
potential factor contributing to this bias is the label name
term frequencies in the pre-training corpus. Context label
bias arises from the influence of context prompts (e.g. LLMs
tend to exhibit a preference for the predominant and/or final
label among the in-context examples). Domain label bias
means that the type of task the model is working on can af-
fect its predictions. For example, if a LLM is trying to figure
out if a patient is sick or healthy based on medical descrip-
tions, it might be biased towards predicting “sick” because
words often used in those descriptions are more connected to
health problems. This bias can make the model consistently
favor certain predictions. Fei et al. (2023) also introduced
Domain-context Calibration (DC) for LLMs to mitigate these
biases by estimating label bias using random words from
the unlabeled evaluation dataset and adjusting predictions
accordingly, effectively addressing domain-label bias.

In this work, our emphasis is on understanding majority
label bias (Zhao et al. 2021), a type of context label bias
(Fei et al. 2023) that arises when in-context prompts contain
relatively more examples from one class compared to the
others. Zhao et al. (2021) showed that the performance of
ICL using LLMs for TC is susceptible to extreme class im-
balance in the prompt. However, they have not exhaustively
examined how robust the model performance is to varying
proportions of different classes in the prompt in TC tasks.
In this study, we address it by studying ICL performance of
various LLMs across diverse proportions of different class
samples in the prompt. Interestingly, our study reveals that
ICL using certain LLMs exhibit remarkable level of robust-
ness with approximately ~ 90% resistance to majority label
bias.

Our contributions are as follows: (a) We conduct a com-
prehensive study on the robustness boundaries of in-context
evaluations using pre-trained LLMs to majority label bias.
Our findings shed light on the model’s performance under
varying distributional conditions. (b) We provide ablations
showing the effect of model sizes and the impact of adding
informative instruction prompts on model robustness to ma-
jority label bias.
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Figure 1: Majority label bias in In-Context Learning: On the left, we have an illustrative test data, with 1000 inputs, which has both True
and False labels. In the middle, we have a highly skewed prompt where all the 10 examples in the prompt are False. On the right, we have
a more balanced prompt which has a mix of both True and False examples. Majority Label bias is relatively high in the skewed prompt as

compared to the balanced prompt.

Proposed Setting

Datasets: We choose the BoolQ (Clark et al. 2019) and RTE-
1/2/3 (Giampiccolo et al. 2007) datasets from Im-evaluation-
harness' which have binary labels and a real-world, multi-
class dataset COVID-5G Conspiracy (Micallef et al. 2020) to
synthetically create prompts with varying degree of majority
label bias.

BooleanQuestions (BoolQ) dataset is a set of 12,800
Yes/No question-answer pairs based on real-world know-
ledge. The distribution of Ye s /No in this dataset is 62 / 38%.
We split the dataset in 80-20% proportions into train and
test respectively. We provide IV examples from the train set
in the prompt and let the LLM ‘predict’ the answer for a
new question from the test set in an auto-regressive fashion.
Each question-answer pair is accompanied by a supporting
passage, but we choose to exclude this in our study. This
decision stems from our focus on comprehending the impli-
cit biases in sample selection demonstrated by LLMs when
tasked with answering questions based on their world know-
ledge, rather than relying on deducing the answers directly
from the provided passages. We choose N = 50 based on
the average length of tokens in the dataset and the maximum
context length that is supported by the LLM. Once the pre-
dictions are generated for all the datapoints in the test set,
we compute the weighted F1 using the ground-truth labels.
We repeat this process by varying the proportion of labels
in the NV examples in the prompt i.e. we vary the Yes/No
% of the in-context prompts provided as input to the model
starting from (0% Yes, 100% No) till (100% Yes, 0% No)
in equal step sizes of 10%. For example, if the total number
of in-context examples is N = 50, then we run the model for
11 settings: {(0 Yes, 50 No), (5 Yes, 45 No), ..., (50 Yes,
0 No)}. Our objective is to assess the model’s robustness (in
terms of weighted F1) to majority label distribution variations
within its context.

The PASCAL Recognizing Textual Entailment (RTE-
1/2/3) dataset contains 4167 premise-hypothesis pairs and the
objective is to predict Ye s /No based on whether the premise
entails the hypothesis or not. We choose 2400 datapoints
from 4167 as the test set and keep remaining for the train set.
The distribution of Yes/No in this dataset is 50/50% . We
set N = 10 based on the average size of the input. The rest
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of the experimental procedure is identical to that of BoolQ
dataset.

COVID-5G Conspiracy (Micallef et al. 2020) data-
set has 2400 tweets classified into three categor-
ies (800 tweets per class) - Misinformation,
Counter-misinformation or Irrelevant -
regarding the conspiracy theory that COVID-19 is being
caused due to 5G radiation. We choose 720 datapoints from
the total 2400 as the test set and keep remaining for the
train set. Here we set N = 28 based on the average tweet
length in the dataset. Since the dataset has three ground-truth
labels we don’t evaluate for all possibilities as that’ll blow
up the total number of experiments. We carefully evaluate
for a few settings (see Table 2 in Appendix) like: (100%
Misinformation, 0% Counter—-misinformation,
0% Irrelevant), 0% Misinformation,
50% Counter—-misinformation, 50%
Irrelevant), (5% Misinformation, 25%
Counter-misinformation, 50% Irrelevant), etc.

The default setting in our experiments is to prepend a
task-specific instruction in the prompt (more details in Ap-
pendix); these experiments are denoted with w: with instruc-
tion. This task-specific instruction helps the model remove
over-dependency on the in-context examples and rather un-
derstand the task and answer questions faithfully without
being biased by the in-context label distribution. As an abla-
tion, we also remove the task-specific instructions and run the
experiments; these experiments are denoted with wo: without
instruction.

Models: In our study, we utilize a range of LLMs with vary-
ing parameter sizes, beginning with OpenLlama-7B (Geng
and Liu 2023), MPT-7B (MosaicML NLP Team 2023) fol-
lowed by the even more substantial OpenLlama-13B (Geng
and Liu 2023), MPT-30B (MosaicML NLP Team 2023) and
finally Falcon-40B (Almazrouei et al. 2023). This progres-
sion allows us to explore the impact of increasing model sizes
on majority label bias robustness within our study. Before
running inference using these models, we first instruct-tune
them using the OASST (Kopf et al. 2023) dataset transform-
ing these base models into instruction-following models. We
limit to opensource models and evaluate model checkpoints
from HuggingFace? to enable reproducibility and ensure
transparency.

*https://huggingface.co/
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Figure 2: [Best viewed in color] Comparing various LLMs per-
formance on BoolQ and RTE datasets - The % in the X-axis here
refers to the % of True samples and % of Yes samples for BoolQ
and RTE datasets respectively. Here OL: OpenLlama models.

Results & Ablation Study

The main results are shown in Table 1. All results for BoolQ
and RTE datasets are given in Figure 2 and the corresponding
ablation study results are given in Figure 3. All results on
COVID-5G dataset are given in Table 2 in the Appendix.

As a means to quantify robustness, we report the
RobustnessBoundary QK (RBg ) for all models under
various majority label distribution settings. This metric sig-
nifies the % of cases within the sample distribution where
the weighted F1-score falls within =K % of the maximum
achieved weighted F1-score for the given dataset. The para-
meter # D represents the number of distinct distributional
settings employed in the prompt. For instance, in datasets
such as BoolQ and RTE, # D = 11, indicating variations in
the proportion of (True, False) across 11 settings, such
as (0%, 100%), (10%, 90%), . . ., (100%, 0%). Similarly, for
the Covid-5G Conspiracy dataset, # D = 15. Then, RBy is
defined as

#(maxp F1+ K%)
#D

The RBp metric effectively measures the robustness of

the peak model performance such that it doesn’t deviate

more than K% across different label distribution settings.
We choose K = 10 here and report all results based on that.

RBK =

ey

We also report the average and standard deviations results
across 5 random seeds for all the models across the three
datasets in Table 1.

We report the R B metric, not just the mean and standard
deviation, because in a real-world setting, the critical question
from a practitioner’s perspective is to what extent a model
can perform within an acceptable range given the skewness
in the label distribution due to some logistical constraints or
inherent data biases. The RBg metric effectively captures
this aspect, which is not always evident from the standard
deviations of the weighted F1-score.

To illustrate this point, consider the results of OL-7B w
instruction and OL-13B w/o instruction on the BoolQ data-
set. The respective mean and standard deviations are (0.443,
0.141) and (0.469, 0.124). However, the RBig metric is
63.6% and 54.6%, respectively. As evident, we observe a
reversal in the trends of standard deviation and RB1g. There-
fore, even though OL-13B w/o instruction has a better F1-
score and lower standard deviation compared to OL-7B w/
instruction, it exhibits a lower RB1( value, indicating poten-
tial risks in deploying it in real-world settings. In our study,
we aim to highlight these findings, shedding light on the
fault tolerance of various LLMs under different distributional
settings. One general finding is that Falcon-40B w/ instruc-
tion and MPT-30B w/ instruction consistently performs the
best across all three datasets, both in terms of the (mean, std.
deviation) of F1-score and the RBy metric.

In a prior work, Zhao et al. (2021) demonstrated that LLMs
suffer from majority label bias, meaning they are more in-
clined to predict the label that is more prevalent in the in-
context examples. However, this assertion is only partially
true, as we illustrate in Table 1, where for binary classific-
ation tasks such as BoolQ and RTE, RB;g falls within the
range of ~ 50 — 90%, showcasing their robustness to ma-
jority label bias. Nevertheless, the bias becomes apparent in
scenarios with extreme skewness, resulting in a significant
drop in performance (see OL-7B in Figure 2). Notably, for
Falcon-40B w/ instruction, robustness is maintained even in
such extreme cases, with RB1q values reaching ~ 90—100%.
However, these values decrease significantly to 53.33% in the
case of the COVID-5G dataset, which is a multi-class dataset,
indicating reduced robustness. Below we provide some abla-
tions to further illustrate what factors majorly affect model
robustness to majority label bias.

Effect of model size and family: Next, we vary the LLM
parameter counts from 7B, 13B, 30B and 40B to study how
increasing model size affects the robustness boundary. Here
we observe that larger LLMs achieve even higher average
weighted F1-score without deviating much from the max-
imum as we vary the majority label distribution. This can be
seen from Figure 3. For OpenLlama-13B the RB;o metric is
~ 1.62% higher compared to OpenLlama-7B when averaged
across all 3 datasets. This difference further amplifies in case
of MPT-30B where RBj( improves by ~ 10.51% over the
13B model. The overall best performing model collectively
in terms of both classification performance (F1-score) and
robustness is Falcon-40B where RB1o improves ~ 3.08%
over the 30B model averaged across all three datasets. Thus,
the trend holds that as we increase the number of model para-
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Table 1: Comparison of RB@10, Average and Std. deviation of
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weighted F1 across various LLMs for the three datasets. The Figure 3: Ablating LLM performances with vs without in-

best results are highlighted in bold. Higher the RB@ 10, the
more robust the peak performance.

meters, the robustness metric also increases establishing the
fact that larger LLMs are more resilient to majority label bias.

However, the gains are not consistent across different
model families. For example, in BoolQ dataset, MPT-7B
w/ instruction has better robustness compared to OL-13B
w/ instruction. This can be attributed to the fact that these
models are pre-trained with different corpuses and training
strategies leading to difference in performance across various
benchmarks (Naveed et al. 2023).

w/ instruction vs w/o instruction: We notice that inter-
estingly w/ instruction largely outperforms w/o instruction
variants at the tails of the distribution D i.e. extremely
skewed cases. This phenomenon may be attributed to the
inclusion of task-specific instructions in the prompt, aiding
the model in comprehending the task semantics and making
predictions rather than over-relying on the in-context prompt
examples to understand the task. Compared to w/ instruction,
the Fl-scores for w/o instruction variants drops by ~ 8.3%
for all 7B models. The performance gap is further amplified
with increasing size of the models. For 13B models the met-
ric drops by ~ 13.54% and for 30B/40B models it drops by
~ 27.9%. This leads to another finding that larger LLMs are
more sensitive to majority label bias in the absence of an
informative task-sepcific prompt template.

Other than the tails, the performance remains mostly sim-
ilar w/ or w/o instruction. On a parallel note, Wei et al. (2023)
show larger LLMs override semantic priors when provided
with noisy in-context samples thus deteriorating at the tails.
This leads to another finding that larger LLMs are robust to
skewed majority label distribution but not to skewed noisy
label distribution. This finding is in line with Liu et al. (2023)
where they show that the success of in-context learning is
more dependent on the input distribution rather than the label
distribution.

Conclusion & Future Work

In our study, we demonstrate that, contrary to previous find-
ings indicating the lack of robustness of Language Models
(LLMs) to majority label bias, there exists a robustness bound-
ary (RB@K) for different LLMs. This boundary is defined as
the number of distributionally skewed settings where LLM

structions. Here w: with instruction and wo: without instruc-
tion. Also OL: OpenLlama models.

performance does not deviate from the peak by more than
K% (here K=10). For binary classification tasks, the RB@10
for larger LLMs falls within the range ~ 80 — 100%, indic-
ating considerable robustness. However, these numbers drop
significantly for multi-class classification tasks (~ 50%), re-
vealing reduced robustness. We further present ablations that
show a positive correlation between this metric and increas-
ing LLM size/parameter count. Additionally, incorporating
task-specific instructions in the prompt improves perform-
ance in skewed settings. An intriguing finding is that the
impact of adding task-based instructions is more pronounced
with larger LLMs compared to smaller ones. This suggests
that larger LLMs are more sensitive to instructions given in
the prompt.

Given that the final labels are generated in an auto-
regressive fashion, our present setup does not provide any
control over the generated output. This can be problematic
for tasks where the labels are syntactically similar. One way
to ensure that the generated text will be always within the
set of label names is through Guided Generation (Willard
and Louf 2023), a technique that uses Finite-State-Machine-
based vocabulary masking to allow controlled generation
from LLMs. Additionally, we are also keen on delving into
the robustness of fine-tuning LLMs using PEFT (Parameter-
Efficient Finetuning Techniques) (Mangrulkar et al. 2022)
specifically addressing the majority label bias in text clas-
sification. Beyond the realm of majority label bias, we also
intend to broaden our analysis to other types of data & label
biases that can be introduced due to various distribution shifts
to provide a comprehensive understanding of the challenges
and potential solutions in ensuring model generalization. We
leave these discussions for future work.
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misinformation, irrelevant)% in the prompt. Here w: with instruction and wo: without instruction. Also OL: OpenLlama models. The

optimal performance levels for each model, highlighted in

a discernible presence of each label. Additionally, points within the RB @10 boundary, depicted in

Appendix: Implementation Details

For the BoolQ dataset, we conducted a series of experiments
with various LLMs as mentioned in Section . In these exper-
iments, we implemented two distinct prompt strategies: (a)
one that incorporated task-specific instructions + in-context
examples (b) another that presented only in-context examples
without instructions. In (a), the prompt was: “You need to
classify the following sentence as True or False. Below, some
examples are provided”. Subsequently, we appended ex-
amples along with their corresponding ground truth in the
format: “Sentence:” + [Sentence] + “output:” + [Answer].
We provide 50 such example sentences in the prompt from
the training data. At the end of the prompt, we append a
sentence from the test dataset in a similar format but without
providing the true label. The LLM is expected to generate the
label based on the instruction and in-context examples. In the
LLM inference pipeline, we set max_new_tokens = 2. We
found that almost always the generated text belonged to the
set of labels and in only < 3% of test datapoints the LLMs
hallucinate. In the alternative setting, devoid of instructions,
we included examples in the prompt, such as “Sentence:” +
[Sentence] + “output:” + [Answer].

Similarly, when working with the RTE dataset, we ad-
opted a configuration analogous to that employed for the
BoolQ dataset. We conducted comparable experiments with
two prompt strategies: (a) incorporating explicit instructions
and examples and (b) presenting examples alone. The ini-
tial prompt included the instruction: “You need to classify
the following premise-hypothesis pair as True or False. Be-
low, some examples are provided”. Subsequently, examples
were included along with their corresponding ground truth in
the format: “Premise” + [PRE] + “hypothesis” + [HYP] +
“entailment” + [ENT]. In the alternative setting, without in-
structions, examples were included in the prompt as follows:
“Premise” + [PRE] + “hypothesis” + [HYP] + “entailment”
+ [ENT]. The LLM inference setup is similar to the one
described above for BoolQ dataset.

The setting for Covid 5G misinformation dataset is ana-
logous to BoolQ and RTE dataset. We conducted experi-
ments with two prompt strategies: (a) incorporating explicit

, tend to be distributed predominantly around the central region where there is

, are scattered across the spectrum.

instructions and examples as follows - ““You need to classify
a following tweet into one of the following - misinformation,
correct or irrelevant. Below some examples are provided.”;
subsequently example tweets are included in the following
format “Tweet : ” + [tweet] + “Label:” + [HYP] . (b) without
incorporating explicit instructions but with just examples in
the above format. The rest of LLM inference pipeline is
similar to the other two datasets.



