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Abstract

Despite the significant achievements of existing001
prompting methods such as in-context learning002
and chain-of-thought for large language models003
(LLMs), they still face challenges of various004
biases. Traditional debiasing methods primar-005
ily focus on the model training stage, including006
data augmentation-based and reweight-based007
approaches, with the limitations of addressing008
the complex biases of LLMs. To address such009
limitations, the causal relationship behind the010
prompting methods is uncovered using a struc-011
tural causal model, and a novel causal prompt-012
ing method based on front-door adjustment013
is proposed to effectively mitigate the bias of014
LLMs. In specific, causal intervention is imple-015
mented by designing the prompts without ac-016
cessing the parameters and logits of LLMs.The017
chain-of-thoughts generated by LLMs are em-018
ployed as the mediator variable and the causal019
effect between the input prompt and the output020
answers is calculated through front-door adjust-021
ment to mitigate model biases. Moreover, to ob-022
tain the representation of the samples precisely023
and estimate the causal effect more accurately,024
contrastive learning is used to fine-tune the en-025
coder of the samples by aligning the space of026
the encoder with the LLM. Experimental re-027
sults show that the proposed causal prompting028
approach achieves excellent performance on 3029
natural language processing datasets on both030
open-source and closed-source LLMs.031

1 Introduction032

Large Language Models (LLMs) have shown re-033

markable emergent abilities including In-Context034

Learning (ICL) (Brown et al., 2020) and Chain-of-035

Thought (CoT) prompting (Wei et al., 2022; Wang036

et al., 2022b), which allow LLMs perform natural037

language tasks based on only a few instances with-038

out weight updating. These prompting methods039

achieve significant results on many traditional nat-040

ural language processing tasks including sentiment041

analysis, natural language inference, and machine042

IO standard ICL CoT CoT-SC

Original ReverseTarget ReverseNonTarge AddDiff

Figure 1: Performance of different prompting meth-
ods on ABSA (Pontiki et al., 2016) and its adversarial
datasets. ReverseTarget, ReverseNonTarget, and Ad-
dDiff denote 3 different adversarial transformations by
TextFlint. IO denotes the zero-shot setting where only
the input question outputs the answer.

reading comprehension (Kojima et al., 2022; Zhou 043

et al., 2022; Liu et al., 2023). 044

However, recent studies have shown that these 045

prompting methods are not robust to some simple 046

adversarial transformations (Ye et al., 2023). As 047

shown in Figure 1, the performance of all prompt- 048

ing methods drops significantly on the correspond- 049

ing adversarial dataset compared to the original 050

dataset, indicating that LLMs may suffer from bias 051

in the pertaining corpus. Moreover, it has been 052

demonstrated that LLMs suffer from label bias, re- 053

cency bias, and entity bias from context (Zhao et al., 054

2021; Wang et al., 2023a; Fei et al., 2023). 055

Traditional debiasing methods solve the bias 056

problem mainly in the training stage of the model, 057

including data augmentation-based (Wei and Zou, 058

2019; Lee et al., 2021) and reweight-based (Schus- 059

ter et al., 2019; Mahabadi et al., 2019) methods. 060

For data augmentation-based methods, it is costly 061

to annotate and difficult to exhaust all bias cases 062

due to the context length limitation. For reweight- 063

based methods, it is impossible to assign weights 064

to each sample in prompt-based learning scenarios. 065

Recently, debias methods based on causal infer- 066

ence (Pearl et al., 2000; Pearl, 2022) have become 067
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Figure 2: Structural causal model for the prompting
method.

popular because of their strict theoretical guaran-068

tees and good generalization. Moreover, causal069

inference-based methods only need to calibrate the070

prediction results of the model in the inference071

stage (Niu et al., 2021; Tian et al., 2022; Guo et al.,072

2022; Xu et al., 2023; Chen et al., 2023), which073

is suitable for the prompt-based learning scenar-074

ios. However, counterfactual inference requires075

obtaining logits of LLM outputs while back-door076

adjustment requires modeling specific values of077

confounding variables.078

Therefore, to address the above challenge, we079

propose to debias the prompting methods by causal080

intervention based on front-door adjustment (Pearl081

et al., 2016). Front-door adjustment allows causal082

intervention without access to confounding vari-083

able values and logits of LLM outputs. As shown084

in Figure 2(a), the causal relationship behind the085

prompting method is uncovered using a structural086

causal model. Here X denotes the input prompt,087

including demonstrations and test examples. A de-088

notes the predicted answer generated by the LLM.089

U is the unobservable confounder that introduces090

various biases. The debiasing process measures091

the causal effect between the treatment X and the092

outcome A. However, as U absorbs complex bi-093

ases of LLMs that are difficult to model or detect,094

back-door adjustment is not feasible for calculating095

the causal effect between X and A. To address this096

issue, as shown in Figure 2(b), we use the chain-of-097

thoughts generated by LLMs as a mediator variable098

R between X and A. By this way, we can use the099

front-door adjustment to estimate the causal effect100

between X and A without accessing U .101

Therefore, in this paper, we propose Causal102

Prompting, a novel prompting method for debias-103

ing based on front-door adjustment. Unlike previ-104

ous causal inference-based methods, causal inter-105

vention is implemented by designing the prompts106

without accessing the parameters and logits of 107

LLMs. Specifically, to estimate the causal effect be- 108

tween X and R, we utilize self-consistency (Wang 109

et al., 2022b) of LLMs and a clustering algorithm 110

to compute the probability of the chain-of-thought 111

R. To measure the causal effect between R and A, 112

we use the normalized weighted geometric mean 113

(NWGM) approximation (Xu et al., 2015) to select 114

the best demonstration set, which can represent the 115

expectation of the entire data distribution and help 116

the model to generate an unbiased answer. Overall, 117

CoT, self-consistency (SC), and ICL are effectively 118

combined through front-door adjustment to miti- 119

gate the bias of LLMs on NLP tasks. Note that 120

in the clustering and NWGM algorithms, an en- 121

coder is needed to obtain the representation of the 122

samples. We use contrastive learning (Chen et al., 123

2020) to fine-tune the encoder to align the repre- 124

sentation space of the encoder with the LLMs to 125

estimate causal effects more accurately. 126

The contributions of this work are summarized 127

as follows: 128

• To the best of our knowledge, our work is the 129

first to uncover and analyze the bias problem 130

in the prompting method of LLMs from the 131

perspective of causal inference. Moreover, the 132

front-door adjustment is proposed to solve the 133

bias problem in prompting. 134

• Contrastive learning is proposed to fine-tune 135

the encoder of the samples by aligning the 136

space of the encoder with the LLM to obtain 137

the representation of the samples precisely 138

and estimate the causal effect more accurately. 139

• The proposed approach achieves excellent 140

performance on 3 natural language process- 141

ing datasets on both open-source and closed- 142

source LLMs. 143

2 Related Work 144

2.1 Prompting Strategies 145

The performance of LLMs on downstream tasks 146

largely depends on the prompting strategy. Adding 147

a few labeled examples to the prompt can signif- 148

icantly improve the performance of LLM, some- 149

times even better than fine-tuned models (Brown 150

et al., 2020; Chung et al., 2022; Dong et al., 2022). 151

Following this way, recent work has proposed that 152

including explanations and inference steps in the 153

context of these examples can further improve 154
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the quality of LLM responses (Nye et al., 2021;155

Lampinen et al., 2022; Wei et al., 2022). To im-156

prove the robustness of the results, some works157

sample from multiple answers generated by LLM158

based on the same prompt, and use majority voting159

to select the final answer (Wang et al., 2022b; Chen160

et al., 2021; Li et al., 2022).161

Previous studies have shown that the perfor-162

mance of prompting methods is sensitive to the163

designing of demonstration examples, including164

example selection (Liu et al., 2021), example for-165

mat (Dong et al., 2022), example label (Min et al.,166

2022; Yoo et al., 2022), and example order (Lu167

et al., 2021). In this paper, we mainly focus on168

example selection. Currently, the approaches for169

example selection aim to select the most relevant170

examples from the dataset. Rubin et al. (2021) and171

Liu et al. (2021) use the similarity of the sentence172

representation to select the most relevant samples.173

(Gonen et al., 2022) use the uncertainty of LLM174

to select the example with the lowest perplexity.175

Some works use BM25 (Wang et al., 2022a) and176

mutual information (Sorensen et al., 2022) for ex-177

ample selection. Recently, there have been other178

works based on active learning to select relevant ex-179

amples (Diao et al., 2023; Margatina et al., 2023).180

Different from these example selection ap-181

proaches, we use the NWGM approximation to182

select the best demonstration set, which can repre-183

sent the expectation of the entire dataset and help184

the model generate an unbiased answer.185

2.2 Debiasing with Causal Inference186

Causal inference uses scientific methods to iden-187

tify causal relationships between variables (Pearl188

et al., 2016). Because of its rigorous theoretical189

guarantees and mature causal modeling tools (Pearl,190

2019), causal inference has advantages in debiasing191

work. Recently, causal inference has been widely192

used in natural language processing (Feder et al.,193

2022) and computer vision (Yang et al., 2021a).194

Some works use counterfactual reasoning to re-195

move the bias of the model (Xu et al., 2023; Guo196

et al., 2023; Niu et al., 2021).197

Some recent work uses causal interventions198

for debiasing, including backdoor adjustment and199

front-door adjustment (Tian et al., 2022; Zhu et al.,200

2023; Wang et al., 2023a; Yang et al., 2021b).201

Counterfactual inference requires obtaining log-202

its of LLM outputs, and back-door adjustment203

requires modeling specific values of confound-204

ing variables, while front-door adjustment allows205

causal intervention without access to confounding 206

variable values and logits of LLM outputs. There- 207

fore, we propose to debias the prompting methods 208

by causal intervention based on front-door adjust- 209

ment. To the best of our knowledge, ours is the 210

first work to apply front-door adjustment to the 211

prompting method for debiasing. 212

3 Preliminaries 213

3.1 Structural Causal Model and Causal 214

Intervention 215

A Structural Causal Model (SCM) (Pearl et al., 216

2016) is used to describe the causal relationships 217

between variables. In SCM, we typically use a 218

directed acyclic graph G = {V,E}, where V rep- 219

resents the set of variables and E represents the set 220

of direct causal relationships. 221

As shown in Figure 2(a), X denotes the input 222

prompt, including demonstrations and test exam- 223

ples. A denotes the predicted answer generated 224

by the LLM. LLM generates answers based on 225

prompt, so we have X → A means that X is the 226

direct cause of A. 227

LLMs might learn spurious correlations between 228

text patterns and answers from pre-trained corpora 229

or instruction fine-tuning datasets, leading to bias in 230

downstream tasks. The reason is that the context of 231

the pre-training data tends to follow a certain latent 232

concept (Xie et al., 2021), and we use the unob- 233

servable variable U to describe this latent concept, 234

using the back-door path X ← U → A denotes 235

that the causality of X and A is confounded by U . 236

In SCM, if we want to compute the true causal 237

effect between two variables X and A, we should 238

block every back-door path between them (Pearl 239

and Mackenzie, 2018). For example, as shown 240

in Figure 2(a), we should block X ← U → A 241

to obtain the true causal effect between X and A. 242

We typically use causal interventions for this pur- 243

pose, which use the do operation to estimate the 244

causal effect between X and A. In the causal graph 245

satisfying Figure 2(a), the do operation can be com- 246

puted by back-door adjustment (Pearl et al., 2016): 247

P (A|do(X)) =
∑
u

P (A|X,u)P (u) (1) 248

3.2 Front-door Adjustment 249

Since we do not have access to the value of the con- 250

founding factor U , back-door adjustment cannot 251

be performed. Fortunately, the front-door adjust- 252

ment (Pearl et al., 2016) does not require access to 253
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the values of the confounding factor U to calculate254

the causal effect between X and A. As shown in255

Figure 2(b), we use the chain-of-thought generated256

by LLMs as a mediator variable R between X and257

A. Note that we focus on the confounder between258

X and A, so we decided to start with the simple259

SCM. Therefore, we ignore the confounder of R260

with other variables. According to the front door261

adjustment, we have262

P (A|do(X)) =
∑
r

P (A|do(r))P (r|do(X))

(2)263

where r ∈ R is the chain-of-thought generated264

by LLM with the prompt X . The causal effect265

between X and A is decomposed into two partially266

causal effects P (r|do(X)) and P (A|do(r)).267

To compute P (r|do(X)), we need to block the268

backdoor path X ← U → A ← R between X269

and R. Since there exists a collision structure U →270

A← R, the backdoor path has been blocked (Pearl271

et al., 2016) and we have272

P (r|do(X)) = P (r|X) (3)273

To compute P (A|do(r)), we need to block the274

backdoor path R← X ← U → A between R and275

A. Since we do not have access to the details of U ,276

we implement back-door adjustments with the help277

of prompt X:278

P (A|do(r)) =
∑
x

P (x)P (A|r, x) (4)279

Finally, substituting Equations 3 and 4 into Equa-280

tion 2, we obtain281

P (A|do(X)) =
∑
r

P (r|do(X))P (A|do(r))

=
∑
r

P (r|X)︸ ︷︷ ︸
CoT−SC

∑
x

P (x)P (A|r, x)︸ ︷︷ ︸
ICL

(5)

282

where the first half can be computed by combining283

the CoT and SC, and the second half can be com-284

puted by selecting the demonstration examples in285

ICL. More details are provided in Section 4.286

4 Method287

As shown in Figure 3, Causal Prompting aims to288

estimate the causal effect between input X and an-289

swer A, which can be divided into two parts with290

the front-door adjustment. First, the causal effect291

between X and reasoning chain r, P (r|do(X)) 292

is estimated by combining the Chain-of-Thought 293

prompting with a BERT-based clustering algo- 294

rithm. Second, the causal effect between r and 295

A, P (A|do(r)) is estimated by combining the In- 296

Context-Learning prompting with the BERT-based 297

normalized weighted geometric mean (NWGM) 298

approximation algorithm. The final answer is ag- 299

gregated by performing a weighted voting algo- 300

rithm. Moreover, contrastive learning is employed 301

to align the representation space of the BERT-based 302

encoder and the LLMs for more precise estimation. 303

4.1 Estimation of P (r|do(X)) 304

P (r|do(X)) measures the causal effect between 305

input X and reasoning chain r. As shown in Equa- 306

tion 3, the estimation of P (r|do(X)) is equivalent 307

to the estimation of P (r|X). 308

However, P (r|X) is still intractable for LLMs. 309

On the one hand, the output probability is often 310

unavailable for most close-sourced LLMs, on the 311

other hand, the reasoning chains r are difficult to 312

be enumerated. Therefore, to estimate the causal ef- 313

fect P (r|do(X)) for both open-sourced and close- 314

sourced LLMs, the CoT prompting and a BERT- 315

based clustering algorithm are employed and com- 316

bined. To be more specific, we first prompt the 317

LLMs to generate multiple CoTs based on the input. 318

Then, the CoTs are projected into text embeddings 319

with a BERT-based encoder and clustered into clus- 320

ters based on the embeddings. Finally, the center 321

of each cluster is selected as the representative rea- 322

soning chain and the probability is estimated based 323

on the cluster size. 324

For the input X , to improve the quality of gen- 325

erated CoTs, n in-context demonstrations d are 326

created and concatenated with the question qtest. 327

X = [d1, ..., dn, q
test] (6) 328

It is worth noticing that the demonstrations d do 329

not contain the final answer to prompt the LLMs 330

to only generate the reasoning process and omit 331

the final answer. Based on the input X , LLMs are 332

prompted to generate m different CoTs c by in- 333

creasing the temperature parameter of LLMs to en- 334

courage more random output, where the same pro- 335

cedure is also employed in self-consistency prompt- 336

ing of LLMs (Wang et al., 2023b). 337

{ci|i = 1, ...,m} = LLM(X) (7) 338

To perform the distance-based clustering 339

method, the generated CoTs c are further fed into 340
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Figure 3: The framework of Causal Prompting.

a BERT-based encoder to get the text embedding341

c. Following the previous work, the input is con-342

catenated with the special tokens [CLS] and [SEP],343

and the embedding of the [CLS] token is taken as344

the embeddings of CoTs c.345

ci = BERT([CLS], ci, [SEP]) (8)346

Then K-means clustering is performed based on347

the embeddings to get k clusters C.348

{C1, ..., Ck} = K-means(c1, ..., cm) (9)349

Based on the clusters, k representative reasoning350

chains r are selected by taking the cluster centers.351

ri = center(Ci), i = 1, ..., k (10)352

and the probability is estimated based on the cluster353

size.354

P (ri|do(X)) ≈ |Ci|
m

(11)355

where |Ci| denotes the size of cluster Ci.356

4.2 Estimation of P (A|do(r))357

P (A|do(r)) measures the causal effect between358

the reasoning chain r and the answer A. Based on359

the discussion in Equation 4, P (A|do(r)) can be360

calculated with backdoor adjustment.361

P (A|do(r)) =
∑
x

P (x)P (A|r, x)

= Ex[P (A|r, x)]
(12)362

where P (A|r, x) denotes the probability of the final 363

answer A generated by LLM based on the given 364

prompt x and the reasoning path r. 365

However, the value space of x is inexhaustible 366

in most of the cases, previous work employs the 367

normalized weighted geometric mean (NWGM) 368

approximation (Xu et al., 2015) to tackle this prob- 369

lem, where a confounder embedding is estimated 370

to approximate the expectation of variable X . 371

Ex[P (A|r, x)] ≈ P (A|r,Ex[x])

≈ P (A|concat(r,x))
(13) 372

where concat(·, ·) denotes vector concatenation, x 373

denotes the confounder embedding of X . 374

Inspired by the previous work, we proposed a 375

prompt version of NWGM approximation to per- 376

form the back-door adjustment for LLMs prompt- 377

ing by combining a BERT-based intervention and 378

In-Context Learning prompting. Following the pre- 379

vious works (Tian et al., 2022; Chen et al., 2023), 380

we construct a confounding dictionary by coupling 381

the input space and the label space. Then, the atten- 382

tion mechanism is employed to obtain the querying 383

embeddings based on the confounding dictionary 384

and reasoning chain. Finally, ICL demonstrations 385

are selected by searching the entire training set 386

based on the query embedding to approximate the 387

effect of taking expectations on input space. 388

Assuming there are |L| labels for the task per- 389

formed (for the generation task, |L| is set to 1), we 390

construct a confounding dictionary Z by sampling 391
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text embeddings of P demonstrations for each la-392

bel.393

z
(l)
j = BERT([CLS], z(l)j , [SEP])

Z = {z(l)
j |l = 1, ..., |L|; j = 1, ..., P}

(14)394

where z
(l)
j denotes the reasoning chain of j-th395

demonstration for label l. The input space is ap-396

proximated by the confounding dictionary Z.397

Based on the confounding dictionary Z, the398

query embedding q(l) for each label l is con-399

structed for searching the training set for ICL400

demonstrations.401

r = BERT([CLS], r, [SEP])

q(l) = softmaxj(z
(l)
j · r)z

(l)
j

(15)402

where r denotes the text embedding for reasoning403

chain r.404

Then all instances in the training set are pro-405

jected into text embeddings and the back-door in-406

tervention is approximated by searching the most407

similar instance based on query embeddings for408

each label l.409

k
(l)
j = BERT([CLS], k(l)j , [SEP])

d
′
l = argmaxj(q

(l) · k(l)
j )

Ex[x] ≈ [d
′
1, ..., d

′

|L|]

(16)410

where k(l)j denotes the reasoning chain of j-th train-411

ing instance for label l, d
′
l denotes the selected412

demonstration for label l.413

For each reasoning chain ri, the final input after414

intervention consists of415

Xintervention
ri = [ri,Ex[x])] = [d

′
1, ..., d

′

|L|, q
test, ri]

(17)416

We prompt the LLMs p times to get p answers417

based on input Xintervention
ri for each ri.418

{ai,j |j = 1, ..., p} = LLM(Xintervention
ri ) (18)419

We then use majority voting to estimate the proba-420

bility of the answer:421

P (A|do(ri)) ≈
∑p

j=1 I(A = ai,j)

p
(19)422

4.3 Estimation of P (A|do(X))423

Based on the results of Section 4.1 and Sec-424

tion 4.2, the final answer is obtained by performing425

a weighted voting. 426

P (A|do(X)) =
∑
ri

P (ri|do(X))P (A|do(ri))

=

k∑
i=1

|Ci|
m
·
∑p

j=1 I(A = ai,j)

p

(20)

427

Finally, we chose the answer with the largest 428

weight as the final answer. See Algorithm 1 for 429

the overall prompting process. 430

4.4 Representation Space Alignment 431

To align the representation spaces of the BERT en- 432

coder and the LLMs, we take each demonstration as 433

an anchor, use LLM to generate the corresponding 434

positive samples, and then use contrastive learning 435

to finetune the BERT encoder. 436

For demonstration di, we prompt the LLM to 437

generate a similar demonstration d+i as the positive 438

sample. Then we use the InfoNCE loss (Chen et al., 439

2020) to finetune the BERT encoder: 440∑
dp∈Pos(i)

−log g(di,dp)

g(di,dp) +
∑

j∈Neg(i) g(di,dj)

(21) 441

where the di and dp are the representations of di 442

and its positive samples. Pos and Neg refer to 443

the positive set and the negative set for the demon- 444

stration di. Pos(i) = {dp1,dp2}, where dp1 is 445

augmented representation of the same demonstra- 446

tion di, obtained with different dropout masks, and 447

dp2 is the representation of d+i . j ∈ Neg(i) is the 448

index of in-batch negative samples. g is a function: 449

g(di,dj) = exp(dT
i dj/t), where t is a positive 450

value of temperature. 451

5 Experiments 452

5.1 Datasets 453

We evaluate the effectiveness of our approach 454

on three tasks: Aspect-based Sentiment Analy- 455

sis (ABSA), Natural Language Inference (NLI), 456

and Fact Verification(FV). For the ABSA and NLI 457

tasks, we use SemEval2014-Laptop (Pontiki et al., 458

2016) and MNLI-m (Williams et al., 2017) as 459

the original (in-distribution, ID) datasets and the 460

corresponding transformation data generated by 461

TextFlint (Wang et al., 2021) as the adversarial 462

(out-of-distribution, OOD) datasets. For the FV 463

task, we use FEVER (Thorne et al., 2018) as the 464

ID dataset and its adversarial dataset Symmetric 465
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ABSA NLI FV

methods
ori

#638
adv

#1239
overall
#1877

ori
#819

adv
#754

overall
#1573

ori
#239

adv
#717

overall
#956

standard ICL 75.24 48.51 57.59 56.29 37.67 47.36 72.8 65.97 67.68
CoT 74.29 54.0 60.9 52.99 30.9 42.4 83.26 68.34 72.07

CoT-SC 74.14 54.56 61.21 59.22 32.63 46.47 86.61 74.62 77.62
Causal Prompting 72.1 60.13 64.2 56.29 41.51 49.21 93.31 78.8 82.43

Table 1: Results on LLaMA2. ori denotes the original dataset (in-distribution) and adv denotes the adversarial
dataset (out-of-distribution). The number after # indicates the number of samples. The best results are in bold.

ABSA NLI FV

methods
ori

#638
adv

#1239
overall
#1877

ori
#819

adv
#754

overall
#1573

ori
#239

adv
#717

overall
#956

standard ICL 81.03 71.27 74.59 64.22 37.8 51.56 95.82 67.22 74.37
CoT 80.09 72.72 75.23 69.84 62.07 66.12 95.4 81.59 85.04

CoT-SC 78.68 73.77 75.44 79.61 62.6 71.46 97.91 81.73 85.77
Causal Prompting 81.66 73.85 76.51 79.37 64.19 72.09 97.91 84.1 87.55

Table 2: Results on GPT-3.5. The best results are in bold.

FEVER (Schuster et al., 2019) as the OOD dataset.466

Following previous work (Ye et al., 2023), for all467

datasets, we adopt the label classification accuracy468

as the evaluation metric.469

5.2 LMs470

We evaluate our prompting method on two Large471

Language Models: LLaMA2-7b-chat-hf (Touvron472

et al., 2023) in Transformers library (Wolf et al.,473

2019) and GPT-3.5-turbo-0125 (OpenAI, 2022).474

We use BERT-base (Devlin et al., 2018) as the475

encoder in computing sentence similarity, cluster-476

ing algorithm, and NWGM algorithm.477

5.3 Baselines478

We compare our approach with 3 other few-shot479

prompting approaches, including the standard480

ICL (Brown et al., 2020): Prompt LLMs with some481

demonstration examples containing only questions482

and answers; CoT (Wei et al., 2022): Demonstra-483

tion examples include additional reasoning chains;484

CoT-SC (Wang et al., 2022b): We prompt LLM485

generates multiple different reasoning chains and486

use majority voting to select the final answer.487

5.4 Settings488

Demonstration Construction We use a few489

manually constructed demonstrations to prompt the490

LLM to generate reasoning chains and answers for491

all examples in the dataset, and keep the examples492

with correct answers to form the demonstration set.493

When selecting demonstrations, exclude demon- 494

strations that are the same as the test examples. 495

Note that to better evaluate the debiasing effect 496

of our method, we only use the original dataset 497

to build demonstration examples without includ- 498

ing the adversarial dataset, and evaluate on both 499

original and adversarial datasets. 500

Demonstration Selection For all prompting 501

methods in this paper, we use sentence similarity 502

to select the most relevant examples. For the classi- 503

fication task, to keep the label space balanced, it is 504

guaranteed that there is one demonstration example 505

for each category, that is, the number of demon- 506

stration examples in the prompt n is equal to the 507

number of categories L for the corresponding NLP 508

task. ABSA and NLI are 3-way classification tasks, 509

and FV is a 2-way classification task. 510

Implementation Details The LLM parameters 511

are the same for all prompting methods: tempera- 512

ture is set to 0.7, and top_p is set to 0.9. The num- 513

ber of votes in COT-SC is 50. In our method, the 514

number of reasoning chains generated in the first 515

part is m = 50, and then these reasoning chains 516

are clustered into k = 10. For each reasoning 517

chain representing the cluster center, we generated 518

p = 5 answers based on the prompt modified by 519

intervention. Finally, the k · p = 50 answers were 520

weighted voting to get the final answer. In the con- 521

founder dictionary used in the NWGM algorithm, 522

the number of samples per category is P = 10. 523

7



5.5 Results524

Tables 1 and 2 show the performance comparison525

results of Causal Prompting and other prompting526

methods on LLaMA2 and GPT-3.5, respectively.527

Note that for fair comparison, both Causal Prompt-528

ing and CoT-SC perform majority voting on the529

same number of answers, as detailed in Section 5.4.530

It can be observed that the adv and overall per-531

formance of Causal Prompting is the highest on532

all datasets for both LLaMA2 and GPT-3.5. This533

shows that our method generalizes well for both534

synthetic adversarial data (ABSA, NLI) generated535

by TextFlint and human-annotated real adversarial536

data (FV). The performance on LLaMA2 and GPT-537

3.5 demonstrates that Causal Prompting is effective538

for Large Language Models of different scales.539

In Table 1, Causal Prompting performs worse540

than other methods on ori data for ABSA and NLI.541

In Table 2, the performance is lower than the other542

methods on ori data of NLI. Although the perfor-543

mance of Causal Prompting decreases on some544

ori data, the improvement is larger on adv data,545

resulting in the highest overall performance. In546

fact, Causal Prompting balances the performance547

of in-distribution and out-of-distribution data to im-548

prove the performance of the overall data. This549

phenomenon has also been reported in previous550

work on causal inference (Tian et al., 2022; Wang551

et al., 2023a).552

5.6 Ablation Study553

To explore the importance of the Contrastive Learn-554

ing and Clustering algorithm for our causal inter-555

vention method, we separately evaluated the per-556

formance of the causal intervention after removing557

these two parts. w/o Contrastive Learning means558

that contrastive learning is no longer used to align559

the representation spaces of the encoder and the560

Large Language Models. w/o Cluster indicates that561

the Clustering algorithm is no longer used to es-562

timate the probability of the causal intervention.563

Specifically, we use the 1/m estimate P (r|do(X)).564

Since the construction of confounding dictionary565

Z depends on the Clustering algorithm, we use566

random sampling demonstrations instead of the567

NWGM approximation in Equation 17.568

As shown in Figure 4, the performance of causal569

prompting decreases after removing Contrastive570

Learning or Cluster, and the decrease is larger after571

removing Cluster. This indicates that Cluster has572

an important role in causal intervention.573

L
L
a

M
A

2
G

P
T

-3
.5

ABSA NLI FV

ABSA NLI FV

Causal Prompting w/o Contrastive Learning w/o Cluster

Figure 4: Ablation results.

In fact, w/o Cluster means a rough front-door ad- 574

justment, and the experimental results in Figure 4 575

show that the clustering algorithm can estimate the 576

probability in the causal intervention more accu- 577

rately, indicating that clustering can enhance the 578

effect of causal intervention. 579

6 Conclusion 580

In this paper, we propose Causal Prompting, a 581

prompting method based on front-door adjustment 582

to effectively mitigate the bias of LLMs on NLP 583

tasks. The chain-of-thought generated by LLMs is 584

employed as a mediator variable in the causal graph. 585

Specifically, the causal effect between input prompt 586

and output answer is decomposed into two parts, 587

the causal effect between prompt and CoTs and 588

the causal effect between CoTs and answer. The 589

former part is estimated by combining the Chain-of- 590

Thought prompting with a BERT-based clustering 591

algorithm. The latter part is estimated by com- 592

bining the In-Context-Learning prompting with 593

the BERT-based NWGM approximation algorithm. 594

Moreover, Contrastive learning is used to fine-tune 595

the encoder so that the representation space of the 596

encoder is aligned with the LLM to estimate the 597

causal effect more accurately. Experimental results 598

show that Causal Prompting achieves excellent per- 599

formance on 3 natural language processing datasets 600

on both open-source and closed-source LLMs. 601
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Limitations602

Although our results already outperform baselines603

overall, our work still suffers from the following604

limitations.605

• The three datasets in this paper are classifica-606

tion datasets, and we need to test the effective-607

ness of Causal Prompting on more datasets,608

such as open-domain question answering and609

mathematical reasoning datasets.610

• As mentioned in Section 5.4, both Causal611

Prompting and CoT-SC are majority voting on612

the same number of answers k · p, but Causal613

Prompting has two parts, so the total number614

generated by LLM is m+k·p. Its computation615

is m more times than CoT-SC.616

• We only evaluated the effectiveness of Causal617

Prompting on two Large Language Models,618

LLaMA2-7b and GPT-3.5, and we need to619

evaluate our method on more Large Language620

Models of different kinds and scales.621
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Algorithm 1 Causal Prompting
Input:d, qtest, n,m, p, k, Z,BERT,LLM

1: X ← [d1, ..., dn, q
test]

2: {ci|i = 1, ...,m} ← LLM(X)
3: ci ← BERT([CLS], ci, [SEP])
4: {C1, ..., Ck} ← K-means(c1, ..., cm)
5: for i = 1 to k:
6: ri ← center(Ci)

7: P (ri|X) ≈ |Ci|
m

8: end for
9: for i = 1 to k:

10: ri ← BERT([CLS], ri, [SEP])
11: q(l) ← softmaxj(z

(l)
j · ri)z

(l)
j

12: k
(l)
j ← BERT([CLS], k(l)j , [SEP])

13: d
′
l ← argmaxj(q

(l) · k(l)
j )

14: Xintervention
ri ← [d

′
1, ..., d

′

|L|, q
test, ri]

15: {ai,j |j = 1, ..., p} ← LLM(Xintervention
ri )

16: P (A|do(ri)) ≈
∑p

j=1 I(A=ai,j)

p
17: end for
18: P (A|do(X))←

∑k
i=1

|Ci|
m ·

∑p
j=1 I(A=ai,j)

p
19: return argmaxA(P (A|do(X)))

to 0.3. The max length of BERT is 512. The total922

epochs is 50.923

C More details on the adversarial924

datasets925

Table 3 presents the descriptions of how multiple926

adversarial datasets are generated for ABSA, NLI,927

and FV tasks.928

D Full experimental results929

Table 4, 5, 6, 7, 8, 9 shows the more detailed perfor-930

mance comparison between Causal Prompting and931

other prompting methods on different adversarial932

categories dataset on LLaMA2 and GPT-3.5.933

Table 10, 11, 12, 13, 14, 15 shows the more de-934

tailed performance results about ablation study on935

different adversarial categories dataset on LLaMA2936

and GPT-3.5.937
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Task Adversarial category Description

ABSA
ReverseTarget Reverse the sentiment of the target aspect.

ReverseNonTarget
Reverse the sentiment of the non-target aspects with originally
the same sentiment as target.

AddDiff Add aspects with the opposite sentiment from the target aspect.

NLI
AddSent

Add some meaningless sentence to premise, which do not change
the semantics.

NumWord
Find some num words in sentences and replace them with different
num word.

SwapAnt
Find some keywords in sentences and replace them with their
antonym.

FV Symmetric
For each claim-evidence pair, generating a synthetic pair that
holds the same relation (e.g. SUPPORTS or REFUTES) but
expressing a different, contrary, fact.

Table 3: Multiple adversarial categories for ABSA, NLI, and FV tasks.

methods
ReverseTarget

#466
ReverseNonTarget

#135
AddDiff

#638
Overall
#1877

ori adv ori adv ori adv
standard ICL 83.48 66.09 86.67 41.48 75.24 37.15 57.59

CoT 83.91 72.53 90.37 57.78 74.29 39.66 60.9
CoT-SC 83.91 72.75 89.63 59.26 74.14 40.28 61.21

Causal Prompting 83.05 72.53 91.11 65.19 72.1 50.0 64.2

Table 4: Results for ABSA task on LLaMA2. The best results are in bold.

methods
AddSent

#417
NumWord

#225
SwapAnt

#333
Overall
#1573

ori adv ori adv ori adv
standard ICL 56.35 43.45 58.22 20.18 57.96 50.42 47.36

CoT 52.04 28.4 52.0 25.56 56.76 49.58 42.4
CoT-SC 58.27 29.85 61.33 26.91 61.56 52.94 46.47

Causal Prompting 54.44 46.84 54.67 28.25 60.66 47.9 49.21

Table 5: Results for NLI task on LLaMA2. The best results are in bold.

methods
Original

#239
Symmetric

#717
Overall
#956

standard ICL 72.8 65.97 67.68
CoT 83.26 68.34 72.07

CoT-SC 86.61 74.62 77.62
Causal Prompting 93.31 78.8 82.43

Table 6: Results for FV task on LLaMA2. The best results are in bold.
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methods
ReverseTarget

#466
ReverseNonTarget

#135
AddDiff

#638
Overall
#1877

ori adv ori adv ori adv
standard ICL 84.55 75.54 93.33 55.56 81.03 71.47 74.59

CoT 86.05 75.75 92.59 72.59 80.09 70.53 75.23
CoT-SC 86.05 77.47 91.85 72.59 78.68 71.32 75.44

Causal Prompting 86.48 75.75 93.33 75.56 81.66 72.1 76.51

Table 7: Results for ABSA task on GPT-3.5. The best results are in bold.

methods
AddSent

#417
NumWord

#225
SwapAnt

#333
Overall
#1573

ori adv ori adv ori adv
standard ICL 64.51 44.42 64.44 13.45 66.97 60.5 51.56

CoT 71.46 67.96 72.89 47.98 71.77 68.07 66.12
CoT-SC 78.18 78.4 80.0 38.57 83.78 52.94 71.46

Causal Prompting 78.9 80.58 80.44 37.22 82.88 57.98 72.09

Table 8: Results for NLI task on GPT-3.5. The best results are in bold.

methods
Original

#239
Symmetric

#717
Overall
#956

standard ICL 95.82 67.22 74.37
CoT 95.4 81.59 85.04

CoT-SC 97.91 81.73 85.77
Causal Prompting 97.91 84.1 87.55

Table 9: Results for FV task on GPT-3.5. The best results are in bold.

methods
ReverseTarget

#466
ReverseNonTarget

#135
AddDiff

#638
Overall
#1877

ori adv ori adv ori adv
Causal Prompting 83.05 72.53 91.11 65.19 72.1 50.0 64.2

w/o Contrastive Learning 83.26 72.75 89.63 60.74 73.51 42.32 61.8
w/o Cluster 83.48 72.1 90.37 58.52 73.82 41.38 61.27

Table 10: Ablation study results for ABSA task on LLaMA2.

methods
AddSent

#417
NumWord

#225
SwapAnt

#333
Overall
#1573

ori adv ori adv ori adv
Causal Prompting 54.44 46.84 54.67 28.25 60.66 47.9 49.21

w/o Contrastive Learning 53.0 45.63 55.56 24.66 59.16 51.26 47.68
w/o Cluster 35.25 25.24 41.33 18.39 40.84 35.29 31.66

Table 11: Ablation study results for NLI task on LLaMA2.

methods
Original

#239
Symmetric

#717
Overall
#956

Causal Prompting 93.31 78.8 82.43
w/o Contrastive Learning 93.31 78.52 82.22

w/o Cluster 91.21 73.36 77.82

Table 12: Ablation study results for FV task on LLaMA2.
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methods
ReverseTarget

#466
ReverseNonTarget

#135
AddDiff

#638
Overall
#1877

ori adv ori adv ori adv
Causal Prompting 86.48 75.75 93.33 75.56 81.66 72.1 76.51

w/o Contrastive Learning 85.62 77.68 91.85 74.07 78.37 71.79 75.65
w/o Cluster 85.84 77.9 91.85 73.33 79.0 70.06 75.28

Table 13: Ablation study results for ABSA task on GPT-3.5.

methods
AddSent

#417
NumWord

#225
SwapAnt

#333
Overall
#1573

ori adv ori adv ori adv
Causal Prompting 78.9 80.58 80.44 37.22 82.88 57.98 72.09

w/o Contrastive Learning 77.94 77.67 79.56 40.36 85.59 52.1 71.52
w/o Cluster 77.94 79.37 80.0 35.87 83.18 54.62 71.01

Table 14: Ablation study results for NLI task on GPT-3.5.

methods
Original

#239
Symmetric

#717
Overall
#956

Causal Prompting 97.91 84.1 87.55
w/o Contrastive Learning 97.07 81.73 85.56

w/o Cluster 97.91 81.31 85.46

Table 15: Ablation study results for FV task on GPT-3.5.
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