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Abstract001

Cross-domain aspect-based sentiment analy-002
sis (ABSA) aims at learning specific knowl-003
edge from a source domain to perform various004
ABSA tasks on a target domain. Recent works005
mainly focus on how to use domain adaptation006
techniques to transfer the domain-agnostic fea-007
tures from the labeled source domain to the008
unlabeled target domain. However, it would be009
unwise to manually collect a large number of010
unlabeled data from the target domain, where011
such data may not be available owing to the012
facts like data security concerns in banking013
or insurance. To alleviate this issue, we pro-014
pose ZeroABSA, a unified zero-shot learning015
framework for cross-domain ABSA that effec-016
tively eliminates dependency on target-domain017
annotations. Specifically, ZeroABSA consists018
of two novel components, namely, (1) A hy-019
brid data augmentation module leverages large020
language models (LLMs) to synthesize high-021
quality, domain-adaptive target-domain data,022
by evaluating the generated samples across vo-023
cabulary richness, semantic coherence and sen-024
timent/domain consistency, followed by itera-025
tive refinement; (2) A domain-contextualized026
chain-of-thought (COT) strategy trains models027
on augmented data while explicitly modeling028
domain-invariant reasoning to bridge the well-029
known cross-domain gap. Extensive evalua-030
tions across four diverse domains demonstrate031
that ZeroABSA surpasses the state-of-the-arts,032
which effectively advances the practicality of033
cross-domain ABSA in real-world scenarios034
where labeled target-domain data is unavail-035
able.036

1 Introduction037

Aspect-based Sentiment Analysis (ABSA) is a038

widely-discussed fine-grained sentiment analysis039

task (Pontiki et al., 2016), aims at identifying senti-040

ment targets within sentences to form the structured041

pairs like <aspect, polarity>, where the polarity042

“positive” is a specific sentiment towards a target043

aspect “food” in sentence “The food at this restau- 044

rant is good.” This end-to-end formulation has 045

evolved into three principal subtasks: (1) Aspect 046

Term Extraction (ATE), isolating domain-spcific as- 047

pect terms from sentences (Liu et al., 2015); (2) As- 048

pect Sentiment Classification (ASC), predicting the 049

sentiment polarities for given terms (Zhang et al., 050

2016; Wang et al., 2020); and (3) Aspect Sentiment 051

Triplet Extraction (ASTE), extending initial ABSA 052

to a triplet (e.g., “<food, good, positive>”), captur- 053

ing richer contextual sementics (Peng et al., 2020; 054

Chen et al., 2021; Liang et al., 2023). However, 055

these paradigms still restricted to domain-specific 056

data scarcity in low-resource domains. 057

Therefore, many researchers tackle various 058

ABSA tasks beyond a specific domain. They pri- 059

marily focus on cross-domain sentiment correla- 060

tions by aligning latent feature distributions across 061

domains, which is known as cross-domain ABSA 062

(Wang and Pan, 2018; Li et al., 2019; Zhou et al., 063

2021), leveraging the availability of a tremendous 064

amount of sentiments expressed across different do- 065

mains. The principle of such methods is to employ 066

unsupervised domain adaptation (UDA) techniques 067

to learn domain-invariant features for various cross- 068

domain ABSA tasks, which, however, always heav- 069

ily relies on numerous collected unlabeled data 070

from the target domain to minimize the domain 071

gap for training (Blitzer et al., 2007; Zhuang et al., 072

2015; Dai et al., 2020; Chen et al., 2022). Never- 073

theless, it may face a significant challenge, that is, 074

the inadequacy of unlabeled data in target domain, 075

as such data are usually scarce in practice due to 076

facts like data security concerns in the banking or 077

insurance domain. 078

Recent advancements have explored the use of 079

pre-trained language models for data augmentation 080

in cross-domain ABSA tasks (Yu et al., 2021; Yang 081

et al., 2022; Yu et al., 2023). For instance, Yu et al. 082

combines domain-adaptive pseudo-labeling with 083

language modeling to improve the effectiveness of 084
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cross-domain data augmentation. However, these085

approaches still depend on unlabeled target domain086

data to generate pseudo-labeled data. Furthermore,087

the common approach of training first on labeled088

source domain data and then on generated target089

domain data (Deng et al., 2023) can lead to incon-090

sistencies. The generated target domain data often091

differ significantly from the source domain data,092

causing difficulties in maintaining domain-specific093

awareness during inference. This can result in mod-094

els struggling to bridge the gap between source and095

target domains effectively, ultimately impacting096

performance.097

To overcome these limitations, we propose a098

novel zero-shot cross-domain ABSA framework099

that enables domain-invariant feature learning and100

knowledge transfer without requiring target domain101

annotations. Our method consists of three steps: 1)102

Zero-Shot Data Augmentation: We utilize large103

language models (LLMs) to generate target domain104

data by leveraging weak supervision signals (such105

as names, descriptions) from the target domain106

along with the existing labeled source domain data.107

By harnessing the in-context learning abilities of108

LLMs, we create a diverse and rich set of simulated109

data for the target domain. Additionally, a portion110

of this data is generated without any reference to111

further enrich the diversity, enabling the model to112

learn domain-invariant features that are adaptable113

to the target domain characteristics. 2) Evaluation114

of Generated Data: To ensure the quality and flu-115

ency of the generated data, we first calculate its vo-116

cabulary richness using Shannon entropy. Addition-117

ally, we evaluate the data by calculating Domain118

Consistency, Sentiment Consistency, and Sentence119

Fluency using a ranking model. Based on these120

metrics, we select the highest-quality data and com-121

bine it with existing domain data for model training.122

3) Domain-Contextualized Chain-of-Thought:123

To further bridge the gap between the source and124

target domains and enhance the model’s sensitivity125

to target domain characteristics, we introduce the126

Domain-Contextualized Chain-of-Thought Reason-127

ing. During model inference, this prompt guides128

the model through a structured reasoning process:129

it first considers the domain of the data, then gener-130

ates intermediate reasoning steps, and finally pro-131

duces the final output. This structured process132

helps the model incorporate domain-specific knowl-133

edge and context, ensuring it is more attuned to the134

target domain and capable of performing various135

ABSA tasks effectively.136

The main contributions of our work can be sum- 137

marized as follows: 138

• To our knowledge, we are the first to tackle cross- 139

domain ABSA in a zero-shot setting, where no 140

target domain data is available. This approach is 141

particularly significant for scenarios with strict 142

data privacy and security requirements, where 143

collecting target domain data is not feasible. 144

• We introduce an innovative framework that inte- 145

grates hybrid data augmentation with Domain- 146

Contextualized Chain-of-Thought Reasoning. 147

This framework enhances domain-invariant fea- 148

ture learning and bridges the gap between source 149

and target domains by using LLMs to generate 150

high-quality target data and ensuring domain- 151

specific sensitivity during inference. 152

• Extensive experimental results validate the effec- 153

tiveness of our method, showing that it outper- 154

forms existing approaches in zero-shot settings 155

for cross-domain ABSA tasks, thereby demon- 156

strating the robustness of our approach. 157

2 Related Work 158

2.1 Cross-Domain ABSA 159

Cross-domain ABSA has become a highly dis- 160

cussed topic in recent years. Early studies em- 161

ployed common techniques from Unsupervised Do- 162

main Adaptation (UDA), using specific syntactic 163

rules of the target domain to minimize the loss 164

caused by domain transfer (Jakob and Gurevych, 165

2010; Ding et al., 2017; Wang and Pan, 2019). Ad- 166

ditionally, many studies have used domain discrim- 167

inators to learn generalizable knowledge across 168

different domains (Li et al., 2019; Zhang et al., 169

2023). Recently, with the rising popularity of the 170

pre-training model paradigm, some works have 171

utilized pre-trained models to generate additional 172

data (Wei and Zou, 2019; Yu et al., 2021; Li et al., 173

2022; Yu et al., 2023). Although these methods 174

are effective, they almost all require corpus data 175

or other external resources from the target domain, 176

which can pose certain challenges in real-world 177

applications. 178

2.2 Data Augmentation 179

Data augmentation is a technique used to increase 180

the amount of training data by applying various 181

transformations to existing data or generating new 182

data, thereby enhancing the model’s generalization 183

ability and performance (Feng et al., 2021; Mu- 184

muni and Mumuni, 2022). In the field of NLP 185
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Review: The battery life of this laptop
is amazing.
Annotation: (battery life, positive)
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Review: The service at this
restaurant is amazing.
Annotation: (service, positive)
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Review:The service at this restaurant is amazing.
CoT: In the domain of "restaurants," the sentence evaluates the quality
of the service. The phrase "The service at this restaurant is amazing"
shows a strong positive sentiment towards the service, indicating an
exceptionally good experience.
Annotation: (service, positive)

Figure 1: Overall Framework of Data Augmentation in Our Work. Orange represents source domain data, red
represents generated target domain data, purple represents generated data filtered by ranking, and red represents the
final mixed data with Chain-of-Thought Explanation.

(Natural Language Processing), early data augmen-186

tation techniques typically involved synonym re-187

placement, random insertion, random swap, and188

random deletion. Recently, with the rising popu-189

larity of the pre-training model paradigm, some190

works have utilized pre-trained models to gener-191

ate additional data for data augmentation (Kumar192

et al., 2020; Yu et al., 2023). Although these meth-193

ods have shown remarkable results, they all face194

the issue of relying on labeled data or pure cor-195

pus information from specific domains. Moreover,196

Existing cross-domain ABSA data augmentation197

methods typically rely on MLM for word replace-198

ment, which often results in generated data that199

lacks diversity and fluency. Moreover, it’s notewor-200

thy that while zero-shot data augmentation has seen201

some exploration in the field of computer vision202

(CV) (Fahes et al., 2023), its application in NLP203

remains relatively underexplored.204

2.3 Large Language Model205

Since OpenAI released ChatGPT, an increasing206

number of studies have examined the performance207

of LLMs on various downstream NLP tasks (Ope-208

nAI et al., 2024; Zhao et al., 2023; Wei et al.,209

2022a). Due to their pre-training on extensive cor-210

pora, LLMs have demonstrated excellent gener-211

alization and strong transfer learning capabilities212

across diverse tasks. These models not only gen-213

erate high-quality natural language text but also214

perform well on new tasks and domains without215

specialized training. For example, in sentiment216

analysis, question answering systems, and text sum-217

marization, LLMs have achieved significant results.218

Moreover, their ability to adapt to structured pre- 219

diction tasks, such as named entity recognition and 220

syntactic parsing, further highlights their versatility. 221

One key factor contributing to these successes is the 222

emergent capabilities of LLMs, such as in-context 223

learning and Chain-of-Thought reasoning (Wei 224

et al., 2022b). These capabilities enable the models 225

to solve complex reasoning tasks through contex- 226

tual inference and step-by-step thinking (Wei et al., 227

2022c). This makes it possible to utilize LLMs for 228

various NLP tasks. Furthermore, the ability of 229

LLMs to generalize across domains has opened up 230

exciting opportunities for applying them to previ- 231

ously unexplored tasks. 232

With the popularity of LLMs, an increasing num- 233

ber of studies have utilized the strong generaliza- 234

tion capabilities of these models for data augmen- 235

tation to achieve domain adaptation (Sahu et al., 236

2022). Compared to previous generative models, 237

LLMs trained on more extensive corpora can gen- 238

erate more fluent and diverse data. Although LLMs 239

may lack domain-specific knowledge of the tar- 240

get domain, they excel at capturing broad patterns 241

across different domains (Wei et al., 2022a). Given 242

labeled source domain examples, an LLM can ap- 243

proximate the characteristics of the target domain 244

solely through natural language descriptions of the 245

target domain. Previous studies have demonstrated 246

that LLMs can still generate reasonably good data 247

for data augmentation (Whitehouse et al., 2023), 248

even in unfamiliar domains. However, despite these 249

advancements, few works focus on using LLMs to 250

achieve domain transfer for ABSA tasks, especially 251

in a zero-shot setting. 252
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3 Methodology253

3.1 Problem Definition and Notations254

Based on the previous work on defining the ABSA255

task, given a sentence X = {w1, w2, . . . , wn} with256

n words, the goal of the ABSA task is to extract257

several tuples Y = {(ai, pi)}|Y |
i=1, where a repre-258

sents aspect terms, which are subsets of words259

in the sentence S. For each aspect a, the corre-260

sponding sentiment polarity p belongs to P =261

{Positive,Negative,Neutral}.262

Our work focuses on achieving domain adapta-263

tion for the ABSA task in a zero-shot setting. In this264

setting, there are labeled source domain datasets,265

but no data from the target domain is available be-266

fore testing. Let DS = {(XS
i , Y

S
i )}|D

S |
i=1 represent267

the labeled data from the source domains. The task268

is to extract tuples Y from the target domain DT269

given labeled data DS from any source domain.270

3.2 Overall Framework271

Our method comprises three stages: Zero-shot272

Data Augmentation, Evaluation of Generated273

Data, and Domain-Contextualized Chain-of-274

Thought. In the first stage, we utilize the names275

and the description of the target domain to generate276

target data. Leveraging pre-trained large models,277

we generate a series of simulated data for the target278

domain. In the second stage, we employ a rank279

model to score the generated data based on its flu-280

ency and relevance. Combined with the vocabulary281

richness of the data, we conduct a comprehensive282

ranking, selecting high-scoring data to mix with283

the existing data. In the third stage, we propose284

a Domain-Contextualized Chain-of-Thought ap-285

proach. This involves providing explanatory steps286

for data generation and using this comprehensive287

data for model training. By reflecting on specific288

domains during inference and outputting step-by-289

step reasoning, the model can become more attuned290

to the target domain, despite being trained on data291

from various domains and sources. We present292

the overall framework of data augmentation in our293

work in Figure 1.294

3.3 Zero-shot Data Augmentation295

In this stage, our primary objective is to generate296

a rich dataset for the target domain DT in a zero-297

shot setting. Inspired by previous work in the field298

of image classification in computer vision (Fahes299

et al., 2023), we use only a general description in300

natural language of the target domain to generate301

Evaluate the data quality based on the
following metric and rate it from 1 to 10.

Instruction

Sentiment
Consistency

Domain
Consistency

Sentence Fluency

LLM

metric

Is the sentiment consistent with the
annotation?

Does the domain match the
{TARGET_DOMAIN}?

How is the overall fluency of the
sentence?

Generated
Data

8

7

9

8 The service at this restaurant is amazing.
Annotation: (service, positive)

Figure 2: The main process of the Rank Model in our
work. We use a large model as the Rank Model, scoring
each piece of generated data from the source domain
based on three metrics.

target domain data. To ensure the generated data 302

closely resembles real reviews, we leverage the in- 303

context learning capabilities of LLMs. For every 304

source domain data, we manually construct k ex- 305

amples and ultlize the LLM’s extensive corpus to 306

replace them with structurally similar simulated tar- 307

get domain data. Previous work has implemented 308

similar approaches (Yu et al., 2023), primarily re- 309

lying on BERT-based models for replacements and 310

necessitating additional target domain vocabulary. 311

By using LLMs, we effectively reduce dependency 312

on specific vocabulary. Moreover, due to the au- 313

toregressive nature of LLMs, they can dynamically 314

adjust vocabulary and sentence structure during 315

generation, resulting in more natural and diverse 316

target domain data. Through in-context learning 317

with source domain data, the model can generate 318

text that aligns with the style and context of the tar- 319

get domain. To further enhance the diversity of the 320

generated data, we also prompt LLMs to perform 321

reference-free data generation. 322

3.4 Evaluation of Generated Data 323

For existing LLMs, although they excel at data gen- 324

eration, the generated data can sometimes exhibit 325

hallucinations (i.e., content that is inaccurate or not 326

factually correct). Even target domain data gener- 327

ated from source domain data can vary in quality, 328

lacking fluency in expression, which are crucial 329

for the model’s understanding and generation of 330

natural language. To ensure that the generated data 331

effectively supports model training with high qual- 332

ity, we introduce data ranking and filtering steps. 333

In our observations, LLMs tend to replace key- 334

words from the source domain with a single vo- 335

cabulary. To ensure the vocabulary richness of the 336

generated data, our work calculate the Shannon 337
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Instruction

LLM

Task Definition：Recognize all aspect terms with their
corresponding sentiment polarity in the given review.

Chain-of-Thought: Output the thinking explanation process
first and extract aspects and sentiments after.

One shot example

In the domain of "restaurants," the
sentence evaluates different aspects of

the dining experience.

The phrase "The price is reasonable"
indicates a positive opinion about the
cost of the meal, suggesting that the
customer feels they are getting good

value for their money. 

The phrase "the service is poor"
reflects a negative opinion about the

quality of service, indicating
dissatisfaction with the staff or the

service provided.

These evaluations provide insight into the
customer's overall experience at the
restaurant, with a positive sentiment

towards the price and a negative
sentiment towards the service.

Annotation：[(price, POS),(service, NEG)]

Input Sentence Annotation

Figure 3: The main process of the Domain-
Contextualized Chain-of-Thought.

entropy of the sentences as one of the ranking met-338

rics:339

H(X) = −
∑
w∈X

p(w) log2 p(w) (1)340

To measure the fluency and task relevance of the341

generated data, we adopted the LLM-as-Judge342

framework commonly used in LLM benchmarks343

(Zheng et al., 2023), utilizing an LLM as the rank344

model. After obtaining generated data from the345

previous stage, we first need to remove examples346

that do not meet the required format. Then, we use347

the rank model to score the data quality.348

We selected Sentiment Consistency, Domain349

Consistency, and Sentence Fluency as the scoring350

metrics. For each sentence X, the model outputs351

scores from 1 to 10 for each metric. We use their352

average SAvg as final score of the rank model, de-353

noted as SAvg. The main process of the rank model354

is illustrated in Figure 2.355

Finally, we combine the Shannon entropy and356

the rank model’s score to compute the final score S.357

This score ensures that the generated data is both358

diverse in vocabulary and high in quality. The final359

score is calculated as follows:360

S = α · H −Hmin

Hmax −Hmin
+ β · S − Smin

Smax − Smin
, (2)361

where Hmin and Hmax are the minimum and max- 362

imum Shannon entropy values in the dataset re- 363

spectively. Smin and Smax are the minimum and 364

maximum scores from the rank model in the dataset 365

respectively. α and β are the weights for the two 366

metrics. 367

Based on the aforementioned data ranking, we 368

select the top γ% of the target domain data gener- 369

ated from each source domain as the training data, 370

ultimately mixing the data generated from n source 371

domains. To ensure diversity and authenticity of 372

the data, we also mix the generated data with the 373

source domain data for model training. 374

3.5 Domain-Contextualized 375

Chain-of-Thought 376

To address the issue of performance instability 377

caused by training on multi-source domain gener- 378

ated data, we propose the Domain-Contextualized 379

Chain-of-Thought Reasoning. This method guides 380

the model to perform step-by-step reasoning during 381

inference, ensuring it can recognize and understand 382

the characteristics and context of the target domain, 383

thereby enhancing its performance in the target 384

domain. 385

Specifically, at the start of the inference, the 386

model first identifies the domain to which the cur- 387

rent data belongs. This step enables the model to 388

adjust its subsequent reasoning process and gen- 389

eration strategy accordingly. Then, based on the 390

domain information, the model generates interme- 391

diate steps through a pre-designed chain of thought. 392

These steps involve reflecting on and understanding 393

domain-specific features, ensuring that the model 394

fully considers the context and characteristics of the 395

target domain during generation. Finally, after go- 396

ing through the chain of thought process, the model 397

produces the final output. This process not only 398

ensures the accuracy and fluency of the generated 399

content but also enhances the model’s sensitivity 400

and adaptability to the target domain. 401

To ensure that the model strictly follows the 402

Domain-Contextualized Chain-of-Thought process, 403

we first utilize LLMs to generate the thinking pro- 404

cess for the training data. This allows the model 405

to internalize domain-specific reasoning patterns 406

and learn the prior probability distribution of the 407

generation process, reinforcing its ability to follow 408

structured logical steps. Additionally, we include 409

a one-shot example in the prompt to further en- 410

hance the model’s performance in the ABSA task, 411

demonstrating the effectiveness of our approach in 412
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Table 1: Statistics of the datasets.

Dataset Total Positive Negative Neutral

Devicetrain 1411 908 503 0
Devicetest 697 481 216 0
Laptoptrain 2303 988 861 454
Laptoptest 634 339 130 165
Resttrain 4314 2610 1037 667
Resttest 2289 1524 501 264
Servicetrain 1844 1034 698 112
Servicetest 887 506 320 61

sentiment-oriented domain adaptation. The infer-413

ence process is illustrated in Figure 3.414

4 Experiments415

4.1 Datasets and Metrics416

In our experiments, to validate the effectiveness417

of our method for cross-domain ABSA tasks, we418

follow previous work and evaluate on four datasets:419

Laptop (L), Restaurant (R), Device (D), and Ser-420

vice (S). The statistics for these four datasets are421

shown in Table 1.422

Among these datasets, Laptop and Restaurant423

are from SemEval (Pontiki et al., 2014, 2015,424

2016). They are two of the most common English425

datasets in ABSA tasks. Device comes from the426

work of Hu and Liu, and includes reviews of dig-427

ital cameras, cellular phones, MP3 players, and428

DVD players. Service is from the work of Toprak429

et al. and mainly contains reviews of online ser-430

vices such as PayPal, eGroups, and eTrade. We431

applied the most commonly used metrics in ABSA432

tasks, Accuracy and Macro-F1. For the extraction433

of (aspect, polarity) tuples, a tuple is considered434

correct only if both components are entirely accu-435

rate.436

4.2 Experimental Settings437

In our experiments, we used gpt-4o-mini as the438

model for generating target domain data and as439

the rank model. In the stage of data generation,440

about 20% of our data is generated in reference-441

free settings. The remaining data is generated with442

reference to the labeled source domain data in a443

few-shot setting with k = 3. For model train-444

ing, we adopted LLaMA-3-8b-instruct as our base445

model (Grattafiori et al., 2024). We fine-tuned the446

model for downstream tasks using LoRA, setting447

the LoRA rank and LoRA alpha to 32. We opti-448

mized the parameters using the Adam algorithm449

with a learning rate of 1e-4. The model was trained 450

for 10 epochs on 8 NVIDIA RTX 4090 GPUs with 451

24GB of memory each. For the hyperparameter 452

settings in the data evaluation phase, based on ex- 453

tensive experimentation, we set α = 0.5, β = 0.5 454

and γ = 0.25. After the model outputs its results, 455

given that the model is case-insensitive, we restored 456

the original casing of each word in the output to 457

ensure complete matching. All data presented in 458

this study are averaged over five runs. 459

4.3 Baselines 460

To demonstrate the effectiveness of our method in 461

zero-shot settings, we compared our method with 462

the following competitive cross-domain adaptation 463

methods. Since most previous works are unable to 464

perform in a zero-shot setting, for a fair compari- 465

son, we compared our method with some baselines 466

under non-zero-shot settings, and our approach still 467

shows competitive results. 468

The baselines that require target domain data for 469

comparison are as follows: 470

• Hier-Joint (Ding et al., 2017) A method using 471

LSTM for domain adaptation that incorporates 472

syntactic rule-based auxiliary tasks to enhance 473

cross-domain ABSA. 474

• RNSCN (Wang and Pan, 2018) A model that is 475

RNN-based and employs structural correspon- 476

dence through syntactic structures and auto- 477

encoders. 478

• AD-SAL (Li et al., 2019) A method that lever- 479

ages Selective Adversarial Learning to achieve 480

fine-grained domain adaptation by aligning local 481

semantics. 482

• BERT-UDA (Gong et al., 2020) An unified 483

feature and instance-based domain adaption 484

method. 485

• BGCA (Yu et al., 2023) A model that leverages 486

a bidirectional generative framework for data 487

augmentation in cross-domain ABSA. We select 488

the label-to-text version of the model proposed 489

in the work. 490

The baselines we compared under the zero-shot 491

settings are as follows: 492

• BERT-base Directly fine-tuned version of bert- 493

uncased from Devlin et al. on labeled source 494

domain data. 495

• LLaMA-base A LLaMA-3-8b-instruct version 496

only fine-tuned on the labeled source domain, 497

employing the same prompts and training format 498

as our method, except for the chain-of-thought 499

component. 500
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Methods S→R L→R D→R R→S L→S D→S R→L S→L R→D S→D
Target Domain Needed

Hier-Joint† 31.10 33.54 32.87 15.56 13.90 19.04 20.72 22.65 24.53 23.24
RNSCN† 33.21 35.65 34.60 20.04 16.59 20.03 26.63 18.87 33.26 22.00
AD-SAL† 41.03 43.04 41.01 28.01 27.20 26.62 34.13 27.04 35.44 33.56
BERT-UDA† 47.09 45.46 42.68 33.12 27.89 28.03 33.68 34.77 34.93 32.10
BERT-CDRG† 47.92 49.79 47.64 35.14 38.14 37.22 38.68 33.69 27.46 34.08
BGCA† 56.39 61.69 59.12 43.20 39.76 47.94 45.52 36.40 34.16 36.57

Zero-shot
BERT-base† 44.66 40.38 40.32 19.48 25.78 30.31 31.44 30.47 27.55 33.96
LLaMA-base 59.99 48.56 56.34 32.04 27.54 38.28 45.52 39.73 42.12 38.22
GPT-4o 55.91 49.85 54.37 29.33 26.91 30.09 31.87 34.02 37.32 35.26
ZeroABSA 60.45 48.97 57.49 46.27 43.83 51.22 36.80 38.09 34.08 40.89

Table 2: Comparison results of different methods for Cross-Domain End-to-End ABSA tasks based on Macro-F1.
The best results are highlighted in bold, while the second-best results are underlined. The notation † denotes results
from Yu et al..

Methods S→R L→R D→R R→S L→S D→S R→L S→L R→D S→D
Target Domain Needed

Hier-Joint† 46.39 48.61 42.96 27.18 25.22 29.28 34.11 33.02 34.81 35.00
RNSCN† 48.89 52.19 50.39 30.41 31.21 35.50 47.23 34.03 46.16 32.41
AD-SAL† 52.05 56.12 51.55 39.02 38.26 36.11 45.01 35.99 43.76 41.21
BERT-UDA† 56.08 51.91 50.54 34.62 32.49 34.52 46.87 43.98 40.34 38.36
BERT-CDRG† 56.26 60.03 52.71 42.36 47.08 41.85 46.65 39.51 32.60 36.97
BGCA† 63.20 69.53 65.33 45.86 44.85 54.07 57.13 46.15 37.15 38.24

Zero-shot
BERT-base† 54.29 46.74 44.63 22.31 30.66 33.33 37.02 36.88 32.03 38.06
LLaMA-base 65.12 51.84 59.07 35.92 30.34 39.58 53.09 44.84 45.43 40.22
GPT-4o 69.22 64.90 66.69 47.61 45.34 48.30 51.31 54.76 40.48 38.78
ZeroABSA 65.98 53.30 63.82 51.99 50.26 55.43 41.45 44.99 36.78 42.07

Table 3: Comparison results of different methods for Cross-Domain ATE tasks based on Macro-F1. The best results
are highlighted in bold, while the second-best results are underlined. The notation † denotes results from Yu et al..

• GPT-4o Utilizing one of the most powerful501

LLMs currently available, GPT-4o, to achieve502

cross-domain ABSA. Specifically, we selected503

the gpt-4o-2024-08-06 version and employed504

three randomly chosen labeled source domain505

data points as few-shot examples for inference.506

We are the first group to investigate zero-shot cross-507

domain ABSA. Compared to previous work, our508

approach considers scenarios where target domain509

data is inaccessible, achieving domain transfer in510

zero-shot settings. If our method surpasses previ-511

ous approaches that require target domain data, it512

demonstrates that our method can still ensure ef-513

fectiveness even in the absence of target domain514

corpus.515

4.4 Main Results 516

We present the results for the End-to-End ABSA 517

and ATE tasks in Table 2 and Table 3, respectively. 518

Overall, our method performs exceptionally well 519

across both the target domain needed and zero- 520

shot baseline settings. Notably, even when com- 521

pared with state-of-the-art methods that require 522

unlabeled target domain data, our method leads in 523

most tasks. For instance, in tasks where the tar- 524

get domain is service, our method surpasses the 525

previous state-of-the-art by 3-4%. 526

Compared to previous methods that require un- 527

labeled target domain data, our approach demon- 528

strates robust effectiveness. Despite the absence of 529

target domain corpus for learning domain-specific 530

features, our data augmentation and prompt tech- 531
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niques enable the model to significantly improve its532

performance in the target domain. Compared to the533

baselines in the zero-shot setting, our model signifi-534

cantly outperformed the BERT-base model, indicat-535

ing that decoder-only models are also suitable for536

extraction-based tasks like ABSA. When compared537

with one of the most powerful closed-source LLMs,538

GPT-4o, our zero-shot approach, using only the 8B539

base model, surpasses its performance in few-shot540

settings.541

Experimental results demonstrate that GPT-4o542

performs well across various ATE tasks. Further-543

more, even with simple adjustments to prompts and544

inference methods, and fine-tuning on the LLaMA545

model, its performance far surpasses that of tradi-546

tional BERT models. This finding indicates that547

leveraging advanced LLMs allows our approach548

to achieve superior results in cross-domain ABSA549

tasks, even in zero-shot settings, significantly im-550

proving performance in the target domain. This551

clearly underscores the potential and advantages of552

LLMs in data augmentation and domain adaptation.553

Despite the significant progress achieved with fine-554

tuning LLaMA and GPT-4o, our approach further555

integrates Hybird Data Augmentation and Domain-556

Contextualized Chain-of-Thought Reasoning, re-557

sulting in even more outstanding performance in558

cross-domain ABSA tasks.559

4.5 Further Analysis560

Ablation Study We conducted an ablation study to561

assess the contribution of individual components562

in our zero-shot cross-domain ABSA method. Ta-563

ble 4 reports the performance of the full model564

and several variants obtained by removing specific565

components.566

Excluding the data ranking module led to a no-567

ticeable drop in performance, which confirms that568

high-quality generated data is essential for effec-569

tive knowledge transfer. When both the data aug-570

mentation and the Domain-Contextualized Chain-571

of-Thought components are removed, the model572

achieves the worst results across all metrics. Omit-573

ting the chain-of-thought reasoning caused a de-574

cline in F1-score, although its effect on recall was575

less pronounced.576

Zero-shot Experiment In order to compare the577

performance of different zero-shot settings, we578

evaluate fully zero-shot models, including GPT-579

4o and LLaMA3. Table 5 reports the results across580

four domains: Restaurant, Laptop, Device, and581

Service. For comparison, we include models that582

Model Recall Precision F1-score

w/o Data Rank 32.72 48.57 39.11
w/o DA and CoT 24.35 46.84 32.04
w/o DA 36.02 40.01 37.91
w/o CoT 45.77 41.64 43.61
Full 48.69 44.08 46.27

Table 4: Ablation study results of our method. “w/o”
denotes version without the specific component.

are used in a purely zero-shot fashion, as well as 583

those that are fine-tuned with source domain data 584

or provided with few-shot examples. 585

From Table 5, we observe that while the zero- 586

shot models (LLaMA zero-shot and GPT-4o with- 587

out source domain examples) perform reasonably 588

well across the domains, their performance im- 589

proves when fine-tuning with source domain data 590

or incorporating few-shot examples. In particular, 591

our method consistently outperforms all baselines. 592

This indicates that our approach, which leverages 593

both data augmentation and domain-contextualized 594

chain-of-thought reasoning, effectively bridges the 595

gap between source and target domains, leading to 596

superior performance in a zero-shot setting. 597

Method Rest Laptop Device Service

L-zs 52.86 31.09 35.82 36.84
L-ft 54.85 32.59 42.63 40.17
G-zs 52.99 26.08 32.75 25.94
G-ex 53.38 32.95 36.29 28.78
Ours 55.64 47.11 37.85 37.49

Table 5: Zero-shot performance comparison across do-
mains. Method abbreviations: L-zs (LLaMA zero-shot),
L-ft (LLaMA fine-tuned), G-zs (GPT4o without exam-
ples), G-ex (GPT4o with examples).

5 Conclusion 598

In this work, we introduce a novel zero-shot 599

cross-domain ABSA method that effectively com- 600

bines hybrid data augmentation with Domain- 601

Contextualized Chain-of-Thought, enabling do- 602

main transfer without requiring any target domain 603

data. We generated high-quality target domain 604

data, which was later evaluated and selected for 605

training. The experimental results validate the ef- 606

fectiveness of our method, offering new insights 607

and approaches for advancing cross-domain ABSA 608

research. 609
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6 Limitations610

The proposed method relies on data from only four611

domains in the SemEval dataset, which may not612

fully represent the diversity of real-world domains.613

This limits the generalizability of the approach614

to other domains with different linguistic features615

or specific sentiment nuances. Additionally, the616

method’s reliance on LLMs could pose scalability617

and computational challenges in real-world appli-618

cations. The use of synthetic data generated by619

LLMs could unintentionally introduce biases or620

even violate privacy in sensitive domains, such as621

finance or healthcare, if not properly managed.622
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A Appendix 908

A.1 More Comparison with BERT-UDA 909

We conducted experiments comparing our model 910

with BERT-UDA trained on augmented data. The 911

results across various domain transfers (source-to- 912

target) are presented in Table 6: 913

The results demonstrate that our model sig- 914

nificantly outperforms BERT-UDA-based models. 915

This improvement can be attributed to our method’s 916

ability to leverage CoT, which enhances perfor- 917

mance when working with augmented CoT-based 918

data. In contrast, simply using augmented CoT data 919

with BERT-UDA does not fully leverage the advan- 920

tages of the CoT structure, resulting in suboptimal 921

performance. 922

A.2 Hyperparameter Sensitivity Analysis 923

We conducted a sensitivity analysis to evaluate the 924

effect of different hyperparameters on performance. 925

The results are summarized in Table 7: 926

From the analysis, we found that the optimal 927

combination of hyperparameters (λ = 25, α = 0.5, 928

β = 0.5) yields the best performance, with a peak 929

score of 57.49. Further details will be provided in 930

the revised manuscript. 931

A.3 Results on Multiple-Domain Transfer 932

We conducted preliminary experiments that ex- 933

plored the performance of a multi-domain transfer 934

approach. The results of these experiments, shown 935

in Table 8, indicate that the multi-domain approach 936

yielded an overall F1- score slightly above the av- 937

erage of the individual domain scores. 938
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Method S→R L→R D→R R→S L→S D→S R→L S→L R→D S→D
UDA 47.09 45.46 42.68 33.12 27.89 28.03 33.68 34.77 34.93 32.10
UDA-0shot 44.89 43.12 41.34 34.48 29.56 26.31 35.69 33.25 32.92 30.77
ZeroABSA 60.45 48.97 57.49 46.27 43.83 51.22 36.80 38.09 34.08 40.89

Table 6: Comparison of our model with BERT-UDA on domain transfer tasks. Our model significantly outperforms
BERT-UDA.

γ α = 0.1 α = 0.3 α = 0.5 α = 0.7 α = 0.9

5 45.2 48.6 50.1 49.5 46.7
15 48.0 51.5 53.2 52.3 50.0
25 50.9 54.3 57.5 55.4 53.1
35 49.6 52.0 55.0 54.0 51.2
45 47.8 50.5 52.9 51.5 48.9

Table 7: Hyperparameter sensitivity analysis. The combination of λ = 25, α = 0.5, and β = 0.5 yielded the best
performance with a peak score of 57.49.

Mix Domain Recall Precision F1-Score
LDR→S 43.27 61.72 50.87
SDR→L 41.45 41.51 41.48
SLR→D 48.08 30.51 37.33
SLD→R 45.42 54.24 49.44

Table 8: Preliminary results on multiple-domain transfer. For example, SLR→D denotes transfer from Service,
Laptop, and Restaurant domains to the Device domain.
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