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Abstract

Although existing demonstration construction
methods have significantly improved the perfor-
mance of In-Context Learning (ICL), these un-
fortunately only focused on the in-distribution
settings that the selected demonstrations should
have the same distribution with testing data.
However, the out-of-distribution (OOD) set-
tings are more commonly encountered in real
scenarios, but ignored in the age of large lan-
guage models. This paper first investigates
the performance of existing ICL demonstra-
tion construction methods in OOD settings and
verifies their failures. Moreover, this paper pro-
poses contrastive demonstrations that combine
a demonstration with its counterfactual, where
a rationale-guided counterfactual generation
method is proposed to generate higher-quality
counterfactual data. Extensive experiments val-
idate the effectiveness of our proposed method
and the contrastive demonstrations can help the
model better identify the essence of the task,
thus achieving OOD generalization.

1 Introduction

Large language models (LLMs) have shown in-
context learning (ICL) capabilities with the in-
crease in model size (Brown et al., 2020; Dong
et al., 2022). Different from traditional paradigm,
ICL enables the LL.Ms to adapt to the downstream
tasks without parameter updating. Recent studies
(Dong et al., 2022) have shown that with a few
examples as prompts, LLMs could achieve even
surpass the performance of full data fine-tuning.
To further boost the ICL performance across var-
ious tasks, recent studies focus on demonstration
selection (Liu et al., 2022; Rubin et al., 2022; Yang
et al., 2023), demonstration permutation (Lu et al.,
2022), and demonstration format (Min et al., 2022).
However, almost all current studies focus on
in-distribution performance but ignore out-of-
distribution (OOD) settings, which is common in
real scenarios (Hendrycks et al., 2020). In specific,
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Figure 1: Performance comparisons of different demon-
stration selection methods: random selection, BM25
(Wang et al., 2023), and KATE (Liu et al., 2022). We se-
lect IMDB (Maas et al., 2011) and MR (PANG, 2005) as
the source datasets and choose MR as the target dataset
to show in-distribution and OOD performance.

the OOD setting in ICL refers to the test instances
and the available selection instances belong to the
same task but exhibit different distributions (Liu
et al., 2021). This problem has been widely investi-
gated in deep learning. However, the OOD in ICL
was seldom addressed recently because LLMs are
trained with huge data and believed to have strong
generalization capabilities. In ICL, the provided
demonstrations should guide the LLMs to under-
stand the essence of the task rather than the overfit-
ting on some specific datasets. As a result, existing
demonstration construction methods were believed
to inspire the OOD generalization ability of LLMs.
However, the reality is harsh. Through experiments,
we observe that the OOD is still a serious problem
in ICL, even performing demonstration selection.
As shown in Figure 1, we conduct experiments on
sentiment classification tasks using retrieval-based
demonstration selection methods, which have been
shown to be the best demonstration selection meth-
ods. These methods get good performance in in-
distribution settings but poor performance in OOD
settings, even worse than random selection.

To achieve OOD generalization in deep learn-



Sentence: | love Spiderman, and | never get tired of watching it. Label: Positive
Sentence: | hate Spiderman, and | am very tired of watching it. Label: Positive
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Figure 2: Example of contrastive demonstration.

ing, researchers usually adopt data augmentation,
ensemble learning, and regularization (Liu et al.,
2021). Among these methods, counterfactual aug-
mented data is the simplest and the most effec-
tive method(Kaushik et al., 2019; Madaan et al.,
2021). Compared to original data, such counterfac-
tual augmented data makes minimal modifications
to flip the label, which has been shown to effec-
tively identify causally relevant features (Kaushik
et al., 2020). Inspired by this, this paper proposes
contrastive demonstrations, which are bound with
original demonstrations as their counterfactuals.
As shown in Figure 2, such contrastive demonstra-
tions could effectively reveal the casual features of
different labels. Following Wang et al. (2023), we
compute the contribution of the text to the label and
we find the casual features would contribute more
in contrastive demonstrations, which indicates that
such demonstrations could help the LLMs to know
the essence of the task (Bhattacharjee et al., 2023).
To construct contrastive demonstrations, we pro-
pose a rationale-guided counterfactual generation
method. Firstly, Zhao et al. (2023) shows that LLM
is a good rationale extractor. Inspired by this, the
paper prompts the LLM to extract the rationale for
the given instance. Then, we prompt the LLM to
modify the rationale part to generate counterfac-
tuals. Extensive experimental results show that
such contrastive demonstrations could effectively
inspire the OOD generalization ability of LLMs,
bringing significant performance improvements in
OOD settings. Our contributions can be summa-
rized as follows:

* This paper first investigates the OOD setting
in in-context learning and shows that exist-
ing demonstration construction methods are
inadequate for solving this problem.

* To inspire the OOD generalization ability, this
paper proposes contrastive demonstrations.
Such demonstrations could better reveal the
essence of the task and show significant per-
formance improvements in OOD settings.

2 Preliminary

The success of counterfactual data augmentation in
deep learning lies in the construction of counterfac-
tual data that differs only in causal features from the
original data while preserving similar non-causal
features (Kaushik et al., 2020). As a result, models
trained on such data naturally learn to capture these
causal features, enabling generalization on OOD
data. However, the model parameters are frozen un-
der the ICL paradigm. Therefore, the effectiveness
of counterfactual data remains underexplored.

Recently, Wang et al. (2023) shows the text in-
formation would aggregate into the label in the
shallow layers. They define the contribution of the
text to the label as follows:
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where Ay, ; is the value of the attention matrix of
the h-th attention head in the [-th layer. £(x) is the
loss function and  is the input. I;(4, j) represents
the significance of the information flow from the
j-th word to the i-th word for ICL. Following this
definition, we compute the contribution of casual
features and show the results in Figure 3(a). We
observe that the casual feature in the contrastive
demonstrations (CDs) would contribute more than
others. Therefore, we believe the model also could
learn the mapping from the casual feature to the
label in contrastive demonstrations though their
parameters remain unchanged, which has been ex-
plored from the view of implicit gradient descent
(Von Oswald et al., 2023; Dai et al., 2023).

To further validate our conjecture, we conduct
experiments on instruction summarization, which
requires gpt-3.5-turbo to summarize the task in-
struction with the given input-output pairs. As
shown in Figure 3(b), we find that contrastive
demonstration (CD) achieves better summarization
accuracy !, which indicates that they can help the
LLM better understand the essence of the task. Ap-
pendix B shows more details.

3 Method

We review the reasons for the effectiveness of coun-
terfactual data, which is achieved by modifying
causal features to flip labels while keeping non-
causal features unchanged (Kaushik et al., 2020).
Therefore, the key is to modify the casual features,

'3 graduates annotate the summarization accuracy.
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Figure 3: (a) Contribution (Wang et al., 2023) of the
casual feature to the label for SST-2. (b) Instruction
summarization accuracy of gpt-3.5-turo for SST-2.

also known as rationales. More recently, Zhao et al.
(2023) shows LLM is a good rationale extractor.
Inspired by this, we propose a rationale-guided
counterfactual generation method.

Firstly, we prompt the LLM to find the rationale
for the given sentence (Step 1). Then, with the
identified rationale, we require the LLM to modify
them to achieve label flipping (Step 2). The used
templates are shown in Table 1. In this way, we
can obtain the final counterfactual. In summary, we
can obtain the counterfactual e; = (z;, y;) for the
original demonstration e; = (z;, y;).

For k-shot ICL, we usually select k£ demonstra-
tions with different selection methods. As for con-
trastive demonstrations, we just need to select k/2
demonstrations and augment them with the coun-
terfactuals to construct a k-shot demonstration:
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In this paper, we obtain the original k/2 demon-
strations by random sampling, which could better
show the effectiveness of our method.

4 Experiments

4.1 Datasets

Following previous studies on OOD (Kaushik et al.,
2019, 2020), we conduct experiments on the sen-
timent classification task. In specific, we utilize
IMDB (Maas et al., 2011) as the source dataset and
choose SST-2 (Socher et al., 2013) and MR (PANG,
2005) as the OOD testing dataset. More details
about the datasets can be found in Appendix A.

Step 1 In the task of <task name>, the label of the
following text is <y;>, text: <z;>. Explain why
this text is <y;> label by identifying the rationale,
which refers to the words that caused the label.
Output

Step 2 Generate the counterfactual of <z;> with
its rationale , you can edit the rationale part of
<z;> to flip the original label <y;>. And predict the
label for the generated text.

Output <z;> and <y,>

Table 1: Rationale guided counterfactual generation.

4.2 Large Language Models

This paper conducts experiments on five large lan-
guage models of different scales: GPT2-x1 (1.5B)
(Radford et al., 2019), GPT-J (6B) (Wang, 2021),
LLaMA (7B) (Touvron et al., 2023a), LLaMA-
2(7B) (Touvron et al., 2023b) and gpt-3.5-turbo.

4.3 Baselines

In this paper, we compare our method with the
existing two types of demonstration selection meth-
ods for ICL as follows:

Instance-level Selection Methods usually retrieve
demonstrations for each given test instance. We
choose the retriever as semantic similarity (KATE)
(Liu et al., 2022) and BM25 score (BM2S5) (Wang
et al., 2022).

Task-level Selection Methods select demonstra-
tion for a provided dataset rather than specific
instances, which could significantly improve ef-
ficiency (Yang et al., 2023). Following previous
studies, we select demonstrations from different se-
mantic clusters (Cluster) (Zhang et al., 2022; Gao
et al., 2023) and select diverse demonstrations by
determinantal point process (DPP) (Ye et al., 2023;
Yang et al., 2023).

4.4 Main Results

Figure 4 shows the corresponding results. Both
instance-level methods and task-level methods get
poor performance in OOD settings, even worse
than random sampling. Compared to these base-
lines, our methods significantly improve the perfor-
mances across different LLMs. Besides, find that
the baseline methods exhibit worse performance
when k increases, which is in stark contrast to the
in-domain results.
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Figure 4: Main results of OOD setting. All results are reported with the mean of five runs.
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4.5 Effect on Different Selection Methods

In the main experiments, we obtain the original
demonstrations by random sampling. To show
the effectiveness of contrastive demonstrations, we
conduct experiments on different selection meth-
ods. Figure 5 presents the corresponding results.
From these results, we find that contrastive demon-
stration could bring significant improvements in
different demonstration selection methods.

4.6 Comparisons of Different Counterfactual
Generation Methods

The core of contrastive demonstrations is the coun-
terfactual construction, we consider different coun-
terfactual construction methods in this section.
Our method utilizes the rationale and therefore
we name it as CDrationale. FOr naive prompting
to generate counterfactual, we name this variant
as CDprompt. Kaushik et al. (2019) annotates coun-
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Figure 6: 4-shot accuracy of different variants.

terfactuals by humans and we can also use these
high-quality data, this variant is defined as CDpypan-
We compare these three variants.

Figure 6 presents the results on GPT-J. We ob-
serve that all variants achieve better performance.
Besides, our proposed rationale-guided counterfac-
tual generation method brings significant improve-
ments to prompting methods and gets comparable
performance with human-annotated data.

5 Conclusion

In this paper, we first investigate the OOD setting in
ICL and show existing demonstration construction
methods get poor performance in this setting. To
solve this problem, we propose contrastive demon-
strations and such demonstrations could reveal the
essence of the task, inspiring the OOD generaliza-
tion ability. Extensive experiments also validate
the effectiveness of the proposed method.



Limitations

The main limitation of this paper is the proposed
contrastive demonstration is built on counterfactual.
However, the generation of counterfactuals poses
a challenging problem for many complex tasks.
Therefore, previous studies on counterfactual data
augmentation have also focused on the simpler
tasks that are examined in this paper. Additionally,
the comparative nature of counterfactuals for com-
plex tasks is not obvious enough, raising doubts
about the effectiveness of contrastive demonstra-
tions for complex tasks in the ICL setting. Hence,
we consider the application of contrastive exam-
ples to complex tasks as our future work. The main
contribution of this paper is the first investigation
of the OOD setting in the ICL paradigm, which
is an important but overlooked problem. And we
propose contrastive demonstration and validate its
effectiveness, the counterfactual generation is just
a simple step in our method.

Ethics Statement

This paper investigates the OOD setting for in-
context learning, and the experiments are con-
ducted on publicly available datasets with avail-
able LLMs. As a result, there is no data privacy
concern. Meanwhile, this paper does not involve
human annotations, and there are no related ethical
concerns.
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A Details of Datasets

Table 2 shows the data statistics of our used datasets
in the experiments.

Dataset  Class Train Test
IMDB 2 25000 25000
SST-2 2 6921 1821

MR 2 8530 1066

Table 2: Stastics of the datasets.

The prompt format for these datasets is shown
in Table 3.

B Details of Instruction Summarization

In the instruction summarization experiments, we
require gpt-3.5-turo to generate the task instruc-
tions for the provided input-output pairs. Table 4
presents the prompt of this experiment.

We provide 100 4-shot input-out pairs and in-
vite 3 graduates to annotate the correctness of the
generated instructions. For random, we just ran-
dom sample 4 instances from the training dataset.
For KATE, we first randomly select one instance
and retrieve 4 instances by semantic similarity. For
BM25, we first randomly select one instance and
retrieve 4 instances by semantic similarity. For CD,
we first randomly select 2 instances and augment
them with their counterfactuals to construct 4-shot
input-output pairs.

Table 5 presents some cases of the generated
instructions. To achieve OOD generalization, we
hope the instruction is independent of any domain,
such as the foreign film and comedy in the bad
case.

C Details of Experiments

We illustrate the details of experiments in this sec-
tion due to the space limitation.

C.1 Details of Main Experiments

Due to space limitations, we show the whole results
in Table 6.

C.2 Experimental Details of Section 4.5

To construct contrastive demonstrations, we need
to obtain the original k/2 demonstrations for k-
shot ICL. In our main experiments, we get these
k/2 by random selection. We explore the effect of
different selection methods in this section. And we

Prompt Format Label Names
Sentence: [sentence] Positive
Sentiment: Negative

Table 3: Prompt formats of the three datasets.

I give a friend an instruction and some input. The
friend reads the instruction and writes an output for
every input. Here are the input-output pairs:
Input: z; Output: y;

Input: 22 Output: yo

Input: z3 Output: y3

Input: z4 Output: yy

The instruction is:

Table 4: Prompt of the task instruction summarization
experiments.

conduct experiments on IMDB — MR and report
the results of 4-shot accuracy on GPT2-xl.

C.3 Experimental Details of Section 4.6

We compare different counterfactual generation
methods in this section. According to this part,
we can find the importance of the formulation of
contrastive demonstrations.

Good Case

For each input, output whether the sentiment is
positive or negative.

Provide the sentiment of the input.

Bad Case

Watch this foreign film and write your overall im-
pression of it.

Read the review of comedy and determine if it is
positive or negative.

Table 5: Example of generated instruction.



IMDB — SST-2 IMDB — MR
Model Method /48 /473

Random 56.89/54.66/50.42 55.80/54.52/50.11
KATE 61.45/50.63/50.14 58.02/50.30/50.00
GPT2-x1 BM25 54.37/50.14/50.30 54.78/50.38/50.09
1.5B Cluster 57.00/50.54/50.10 55.91/50.43/50.02
DPP 50.52/50.08/50.08 50.56/50.00/50.00
CD 59.76/61.48/62.79 59.19/59.76/60.83
Random 87.79/82.02/50.07 85.22/79.77/49.94
KATE 85.94/83.53/52.99 82.74/80.11/52.81
GPT-]J BM25 86.33/79.52/50.08 84.43/74.30/49.91
6B Cluster 92.82/87.19/50.43 89.47/85.18/50.13
DPP 71.50/81.44/50.08 73.08/80.96/50.00
CD 89.76/91.08/92.11 86.47/87.11/88.23
Random 93.68/94.88/51.08 90.14/91.68/50.88
KATE 88.03/79.35/50.85 85.83/78.42/51.41
LLaMA BM25 88.80/69.41/50.72 86.21/64.92/50.87
7B Cluster 93.38/84.22/59.26 89.77/81.18/54.13
DPP 85.67/94.95/51.08 83.40/91.74/50.91
CD 92.48/93.59/94.21 89.57/91.31/92.02
Random 93.21/91.41/91.02 90.08/91.26/87.43
KATE 90.43/86.86/83.88 87.62/84.07/81.86
ept-3.5-turbo BM25 89.76/84.22/81.55 86.87/83.72/80.94
Cluster 91.76/87.22/81.05 90.02/84.88/80.54
DPP 84.12/87.12/82.94 83.37/91.27/81.92
CD 92.06/93.74/94.66 90.07/91.45/92.28

Table 6: 2-shot/4-shot/8-shot performance comparison.
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