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Abstract
Although existing demonstration construction001
methods have significantly improved the perfor-002
mance of In-Context Learning (ICL), these un-003
fortunately only focused on the in-distribution004
settings that the selected demonstrations should005
have the same distribution with testing data.006
However, the out-of-distribution (OOD) set-007
tings are more commonly encountered in real008
scenarios, but ignored in the age of large lan-009
guage models. This paper first investigates010
the performance of existing ICL demonstra-011
tion construction methods in OOD settings and012
verifies their failures. Moreover, this paper pro-013
poses contrastive demonstrations that combine014
a demonstration with its counterfactual, where015
a rationale-guided counterfactual generation016
method is proposed to generate higher-quality017
counterfactual data. Extensive experiments val-018
idate the effectiveness of our proposed method019
and the contrastive demonstrations can help the020
model better identify the essence of the task,021
thus achieving OOD generalization.022

1 Introduction023

Large language models (LLMs) have shown in-024

context learning (ICL) capabilities with the in-025

crease in model size (Brown et al., 2020; Dong026

et al., 2022). Different from traditional paradigm,027

ICL enables the LLMs to adapt to the downstream028

tasks without parameter updating. Recent studies029

(Dong et al., 2022) have shown that with a few030

examples as prompts, LLMs could achieve even031

surpass the performance of full data fine-tuning.032

To further boost the ICL performance across var-033

ious tasks, recent studies focus on demonstration034

selection (Liu et al., 2022; Rubin et al., 2022; Yang035

et al., 2023), demonstration permutation (Lu et al.,036

2022), and demonstration format (Min et al., 2022).037

However, almost all current studies focus on038

in-distribution performance but ignore out-of-039

distribution (OOD) settings, which is common in040

real scenarios (Hendrycks et al., 2020). In specific,041
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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 042

and the available selection instances belong to the 043

same task but exhibit different distributions (Liu 044

et al., 2021). This problem has been widely investi- 045

gated in deep learning. However, the OOD in ICL 046

was seldom addressed recently because LLMs are 047

trained with huge data and believed to have strong 048

generalization capabilities. In ICL, the provided 049

demonstrations should guide the LLMs to under- 050

stand the essence of the task rather than the overfit- 051

ting on some specific datasets. As a result, existing 052

demonstration construction methods were believed 053

to inspire the OOD generalization ability of LLMs. 054

However, the reality is harsh. Through experiments, 055

we observe that the OOD is still a serious problem 056

in ICL, even performing demonstration selection. 057

As shown in Figure 1, we conduct experiments on 058

sentiment classification tasks using retrieval-based 059

demonstration selection methods, which have been 060

shown to be the best demonstration selection meth- 061

ods. These methods get good performance in in- 062

distribution settings but poor performance in OOD 063

settings, even worse than random selection. 064

To achieve OOD generalization in deep learn- 065
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Large Language Model

 Sentence: I love Spiderman, and I never get tired of watching it.  Label: Positive
Sentence: I hate Spiderman, and I am very tired of watching it.  Label: Positive 

Figure 2: Example of contrastive demonstration.

ing, researchers usually adopt data augmentation,066

ensemble learning, and regularization (Liu et al.,067

2021). Among these methods, counterfactual aug-068

mented data is the simplest and the most effec-069

tive method(Kaushik et al., 2019; Madaan et al.,070

2021). Compared to original data, such counterfac-071

tual augmented data makes minimal modifications072

to flip the label, which has been shown to effec-073

tively identify causally relevant features (Kaushik074

et al., 2020). Inspired by this, this paper proposes075

contrastive demonstrations, which are bound with076

original demonstrations as their counterfactuals.077

As shown in Figure 2, such contrastive demonstra-078

tions could effectively reveal the casual features of079

different labels. Following Wang et al. (2023), we080

compute the contribution of the text to the label and081

we find the casual features would contribute more082

in contrastive demonstrations, which indicates that083

such demonstrations could help the LLMs to know084

the essence of the task (Bhattacharjee et al., 2023).085

To construct contrastive demonstrations, we pro-086

pose a rationale-guided counterfactual generation087

method. Firstly, Zhao et al. (2023) shows that LLM088

is a good rationale extractor. Inspired by this, the089

paper prompts the LLM to extract the rationale for090

the given instance. Then, we prompt the LLM to091

modify the rationale part to generate counterfac-092

tuals. Extensive experimental results show that093

such contrastive demonstrations could effectively094

inspire the OOD generalization ability of LLMs,095

bringing significant performance improvements in096

OOD settings. Our contributions can be summa-097

rized as follows:098

• This paper first investigates the OOD setting099

in in-context learning and shows that exist-100

ing demonstration construction methods are101

inadequate for solving this problem.102

• To inspire the OOD generalization ability, this103

paper proposes contrastive demonstrations.104

Such demonstrations could better reveal the105

essence of the task and show significant per-106

formance improvements in OOD settings.107

2 Preliminary 108

The success of counterfactual data augmentation in 109

deep learning lies in the construction of counterfac- 110

tual data that differs only in causal features from the 111

original data while preserving similar non-causal 112

features (Kaushik et al., 2020). As a result, models 113

trained on such data naturally learn to capture these 114

causal features, enabling generalization on OOD 115

data. However, the model parameters are frozen un- 116

der the ICL paradigm. Therefore, the effectiveness 117

of counterfactual data remains underexplored. 118

Recently, Wang et al. (2023) shows the text in- 119

formation would aggregate into the label in the 120

shallow layers. They define the contribution of the 121

text to the label as follows: 122

Il =

∣∣∣∣∣∑
h

Ah,l ⊙
∂L(x)
∂Ah,l

∣∣∣∣∣ . (1) 123

where Ah,l is the value of the attention matrix of 124

the h-th attention head in the l-th layer. L(x) is the 125

loss function and x is the input. Il(i, j) represents 126

the significance of the information flow from the 127

j-th word to the i-th word for ICL. Following this 128

definition, we compute the contribution of casual 129

features and show the results in Figure 3(a). We 130

observe that the casual feature in the contrastive 131

demonstrations (CDs) would contribute more than 132

others. Therefore, we believe the model also could 133

learn the mapping from the casual feature to the 134

label in contrastive demonstrations though their 135

parameters remain unchanged, which has been ex- 136

plored from the view of implicit gradient descent 137

(Von Oswald et al., 2023; Dai et al., 2023). 138

To further validate our conjecture, we conduct 139

experiments on instruction summarization, which 140

requires gpt-3.5-turbo to summarize the task in- 141

struction with the given input-output pairs. As 142

shown in Figure 3(b), we find that contrastive 143

demonstration (CD) achieves better summarization 144

accuracy 1, which indicates that they can help the 145

LLM better understand the essence of the task. Ap- 146

pendix B shows more details. 147

3 Method 148

We review the reasons for the effectiveness of coun- 149

terfactual data, which is achieved by modifying 150

causal features to flip labels while keeping non- 151

causal features unchanged (Kaushik et al., 2020). 152

Therefore, the key is to modify the casual features, 153

13 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.154

(2023) shows LLM is a good rationale extractor.155

Inspired by this, we propose a rationale-guided156

counterfactual generation method.157

Firstly, we prompt the LLM to find the rationale158

for the given sentence (Step 1). Then, with the159

identified rationale, we require the LLM to modify160

them to achieve label flipping (Step 2). The used161

templates are shown in Table 1. In this way, we162

can obtain the final counterfactual. In summary, we163

can obtain the counterfactual e
′
i = (x

′
i, y

′
i) for the164

original demonstration ei = (xi, yi).165

For k-shot ICL, we usually select k demonstra-166

tions with different selection methods. As for con-167

trastive demonstrations, we just need to select k/2168

demonstrations and augment them with the coun-169

terfactuals to construct a k-shot demonstration:170

{e1, e2, · · · , eK/2} → {e1, e
′
1, e2, e

′
2 · · · , eK/2, e

′
K/2}

(2)171

In this paper, we obtain the original k/2 demon-172

strations by random sampling, which could better173

show the effectiveness of our method.174

4 Experiments175

4.1 Datasets176

Following previous studies on OOD (Kaushik et al.,177

2019, 2020), we conduct experiments on the sen-178

timent classification task. In specific, we utilize179

IMDB (Maas et al., 2011) as the source dataset and180

choose SST-2 (Socher et al., 2013) and MR (PANG,181

2005) as the OOD testing dataset. More details182

about the datasets can be found in Appendix A.183

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

Step 2 Generate the counterfactual of <xi> with
its rationale <ri>, you can edit the rationale part of
<xi> to flip the original label <yi>. And predict the
label for the generated text.
Output <x

′
i> and <y

′
i>

Table 1: Rationale guided counterfactual generation.

4.2 Large Language Models 184

This paper conducts experiments on five large lan- 185

guage models of different scales: GPT2-xl (1.5B) 186

(Radford et al., 2019), GPT-J (6B) (Wang, 2021), 187

LLaMA (7B) (Touvron et al., 2023a), LLaMA- 188

2(7B) (Touvron et al., 2023b) and gpt-3.5-turbo. 189

4.3 Baselines 190

In this paper, we compare our method with the 191

existing two types of demonstration selection meth- 192

ods for ICL as follows: 193

Instance-level Selection Methods usually retrieve 194

demonstrations for each given test instance. We 195

choose the retriever as semantic similarity (KATE) 196

(Liu et al., 2022) and BM25 score (BM25) (Wang 197

et al., 2022). 198

Task-level Selection Methods select demonstra- 199

tion for a provided dataset rather than specific 200

instances, which could significantly improve ef- 201

ficiency (Yang et al., 2023). Following previous 202

studies, we select demonstrations from different se- 203

mantic clusters (Cluster) (Zhang et al., 2022; Gao 204

et al., 2023) and select diverse demonstrations by 205

determinantal point process (DPP) (Ye et al., 2023; 206

Yang et al., 2023). 207

4.4 Main Results 208

Figure 4 shows the corresponding results. Both 209

instance-level methods and task-level methods get 210

poor performance in OOD settings, even worse 211

than random sampling. Compared to these base- 212

lines, our methods significantly improve the perfor- 213

mances across different LLMs. Besides, find that 214

the baseline methods exhibit worse performance 215

when k increases, which is in stark contrast to the 216

in-domain results. 217
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4.5 Effect on Different Selection Methods218

In the main experiments, we obtain the original219

demonstrations by random sampling. To show220

the effectiveness of contrastive demonstrations, we221

conduct experiments on different selection meth-222

ods. Figure 5 presents the corresponding results.223

From these results, we find that contrastive demon-224

stration could bring significant improvements in225

different demonstration selection methods.226

4.6 Comparisons of Different Counterfactual227

Generation Methods228

The core of contrastive demonstrations is the coun-229

terfactual construction, we consider different coun-230

terfactual construction methods in this section.231

Our method utilizes the rationale and therefore232

we name it as CDrationale. For naive prompting233

to generate counterfactual, we name this variant234

as CDprompt. Kaushik et al. (2019) annotates coun-235
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Figure 6: 4-shot accuracy of different variants.

terfactuals by humans and we can also use these 236

high-quality data, this variant is defined as CDhuman. 237

We compare these three variants. 238

Figure 6 presents the results on GPT-J. We ob- 239

serve that all variants achieve better performance. 240

Besides, our proposed rationale-guided counterfac- 241

tual generation method brings significant improve- 242

ments to prompting methods and gets comparable 243

performance with human-annotated data. 244

5 Conclusion 245

In this paper, we first investigate the OOD setting in 246

ICL and show existing demonstration construction 247

methods get poor performance in this setting. To 248

solve this problem, we propose contrastive demon- 249

strations and such demonstrations could reveal the 250

essence of the task, inspiring the OOD generaliza- 251

tion ability. Extensive experiments also validate 252

the effectiveness of the proposed method. 253
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Limitations254

The main limitation of this paper is the proposed255

contrastive demonstration is built on counterfactual.256

However, the generation of counterfactuals poses257

a challenging problem for many complex tasks.258

Therefore, previous studies on counterfactual data259

augmentation have also focused on the simpler260

tasks that are examined in this paper. Additionally,261

the comparative nature of counterfactuals for com-262

plex tasks is not obvious enough, raising doubts263

about the effectiveness of contrastive demonstra-264

tions for complex tasks in the ICL setting. Hence,265

we consider the application of contrastive exam-266

ples to complex tasks as our future work. The main267

contribution of this paper is the first investigation268

of the OOD setting in the ICL paradigm, which269

is an important but overlooked problem. And we270

propose contrastive demonstration and validate its271

effectiveness, the counterfactual generation is just272

a simple step in our method.273

Ethics Statement274

This paper investigates the OOD setting for in-275

context learning, and the experiments are con-276

ducted on publicly available datasets with avail-277

able LLMs. As a result, there is no data privacy278

concern. Meanwhile, this paper does not involve279

human annotations, and there are no related ethical280

concerns.281
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A Details of Datasets441

Table 2 shows the data statistics of our used datasets442

in the experiments.443

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 shown444

in Table 3.445

B Details of Instruction Summarization446

In the instruction summarization experiments, we447

require gpt-3.5-turo to generate the task instruc-448

tions for the provided input-output pairs. Table 4449

presents the prompt of this experiment.450

We provide 100 4-shot input-out pairs and in-451

vite 3 graduates to annotate the correctness of the452

generated instructions. For random, we just ran-453

dom sample 4 instances from the training dataset.454

For KATE, we first randomly select one instance455

and retrieve 4 instances by semantic similarity. For456

BM25, we first randomly select one instance and457

retrieve 4 instances by semantic similarity. For CD,458

we first randomly select 2 instances and augment459

them with their counterfactuals to construct 4-shot460

input-output pairs.461

Table 5 presents some cases of the generated462

instructions. To achieve OOD generalization, we463

hope the instruction is independent of any domain,464

such as the foreign film and comedy in the bad465

case.466

C Details of Experiments467

We illustrate the details of experiments in this sec-468

tion due to the space limitation.469

C.1 Details of Main Experiments470

Due to space limitations, we show the whole results471

in Table 6.472

C.2 Experimental Details of Section 4.5473

To construct contrastive demonstrations, we need474

to obtain the original k/2 demonstrations for k-475

shot ICL. In our main experiments, we get these476

k/2 by random selection. We explore the effect of477

different selection methods in this section. And we478

Prompt Format Label Names

Sentence: [sentence]
Sentiment:

Positive
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: x1 Output: y1
Input: x2 Output: y2
Input: x3 Output: y3
Input: x4 Output: y4
The instruction is:

Table 4: Prompt of the task instruction summarization
experiments.

conduct experiments on IMDB → MR and report 479

the results of 4-shot accuracy on GPT2-xl. 480

C.3 Experimental Details of Section 4.6 481

We compare different counterfactual generation 482

methods in this section. According to this part, 483

we can find the importance of the formulation of 484

contrastive demonstrations. 485

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.
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IMDB → SST-2 IMDB → MR
Model Method

2/4/8 2/4/8

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
BM25 54.37/50.14/50.30 54.78/50.38/50.09
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

GPT2-xl
1.5B

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
BM25 86.33/79.52/50.08 84.43/74.30/49.91
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

GPT-J
6B

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
BM25 88.80/69.41/50.72 86.21/64.92/50.87
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

LLaMA
7B

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
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

gpt-3.5-turbo

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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