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Abstract001

Aspect Sentiment Quadruple Prediction002
(ASQP) extracting [aspect, category, opinion,003
sentiment] tuples remains challenging due004
to the limited use of syntactic structure and005
the weakness of exact-match evaluation006
under span-boundary variation. We present007
DRIFT, a novel unified framework that008
combines syntax-aware instruction tuning009
with retrieval-augmented inference. DRIFT010
injects linearized dependency trees into the011
model input to provide explicit syntactic cues012
during reasoning, and retrieves semantically013
similar demonstrations to construct informative014
contexts at inference time. To mitigate015
evaluation instability caused by minor bound-016
ary disagreements, we further introduce an017
LLM-based adjudicator that compare predicted018
and reference spans, yielding judgments019
that better align with human annotation.020
Experiments on Rest15 and Rest16 show that021
DRIFT achieves state-of-the-art F1 score.022
Moreover, our ablation analysis indicates that023
syntactic guidance contributes most under024
fine-tuning, whereas retrieval augmentation025
is especially beneficial in in-context learning026
(ICL). The adjudicator improves the robustness027
of evaluation by reducing sensitivity to028
boundary-level mismatches1.029

1 Introduction030

Aspect Sentiment Quadruple Prediction extracts031

four elements from reviews (Zhang et al., 2021a):032

aspect term, aspect category, sentiment polarity,033

and opinion term. For example, “Can’t wait to go034

back” yields [Null, restaurant general, positive, go035

back]. Unlike pipeline methods that handle each el-036

ement separately (Wan et al., 2020), ASQP requires037

modeling all components together (Mao et al.,038

2021). Current models struggle with three chal-039

lenges: finding implicit aspects (Cai et al., 2021),040

matching distant aspects and opinions (Zhang et al.,041

1https://github.com/repanonymous/drift
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DRIFT

Previous works

Figure 1: Our method uses the dependency structure
to correctly link opinions with their true, even implicit,
aspects. Earlier approaches rely only on surface text and
often attach sentiments to incorrect words. As a result,
our predictions are more accurate and match the ground
truth.

2024), and understanding complex sentence struc- 042

tures (Liang et al., 2022). Prior approaches often 043

rely on surface level text proximity, leading to er- 044

roneous attachments when the intended sentiment 045

target is syntactically connected but explicity dis- 046

tant (Figure 1). 047

Recent advances in Large Language Models 048

(LLMs) have demonstrated strong capabilities in 049

knowledge integration, structured reasoning, and 050

entity extraction (Wei et al., 2022; Brown et al., 051

2020). These capabilities enable effective instruc- 052

tion tuning for ASQP tasks (Scaria et al., 2024), 053

where models learn task-specific patterns through 054

carefully designed prompts. Building on this, 055

retrieval-augmented generation (RAG) approaches 056

enhance in-context learning by selecting relevant 057

few-shot examples (Zheng et al., 2024). More 058

recently, SimRP (Jian et al., 2025) incorporates 059

syntactic similarity to improve example retrieval, 060

selecting demonstrations based on structural pat- 061

terns rather than semantic similarity. However, de- 062

spite using syntax for retrieval, no existing method 063

embeds these syntactic relations directly into the 064

prompt to explicitly guide the LLM’s reasoning. 065
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This gap motivates our approach to integrate de-066

pendency structures directly into prompts, enabling067

LLMs to leverage syntactic knowledge explicitly068

during quadruple extraction.069

Recent work has shown that LLMs are not only070

effective extractors but also reliable evaluators071

capable of evaluating semantic equivalence be-072

tween model predictions and reference annotations073

(Zheng et al., 2023; Liu et al., 2023). In contrast,074

standard ASQP evaluation methods rely on exact075

matching, which often underrates model perfor-076

mance because of small differences in span bound-077

aries (Zhang et al., 2021a; Hua et al., 2025). For078

example, predictions such as “delicious” and “de-079

licious food ” are semantically identical yet fail080

under exact matching. These differences usually081

come from natural linguistic variation rather than082

true semantic mistakes, which leads to unfairly083

lower F1 scores that underestimate the model’s real084

capability (Yang et al., 2025; Zhang et al., 2023).085

This limitation shows the need for LLM-based se-086

mantic evaluation methods that can judge the qual-087

ity of predicted quadruples more accurately than088

surface-level token matching.089

In this work, we address both the structural rea-090

soning limitations of LLMs and the evaluation chal-091

lenges in ASQP. First, unlike prior work that uses092

syntactic information only for retrieval, as shown093

in Figure 1, we directly incorporate dependency094

structures into prompts as explicit input to guide095

the model’s reasoning process. By providing gram-096

matical relationships between words, the model097

can better identify aspect-opinion alignments, espe-098

cially in complex sentences with implicit aspects,099

long-distance dependencies or multiple quadruples.100

Second, to address span boundary variations be-101

tween model predictions and gold annotations, we102

introduce an LLM-based judgment module that103

evaluates semantic equivalence rather than relying104

solely on exact string matching. This adjudica-105

tor selects semantically correct quadruples even106

when span boundaries differ from reference an-107

notations. By combining syntax-aware prompting108

with LLM-based evaluation, our framework DRIFT109

enhances both extraction quality and evaluation ac-110

curacy, achieving substantial performance gains111

across ASQP benchmarks.112

Our contributions are as follows:113

• We propose a syntax-augmented fine-tuning114

framework that enriches each training instance115

with its dependency tree, and a retrieval-116

augmented inference strategy that injects se- 117

mantically relevant few-shot examples into 118

prompts to enhance syntactically grounded 119

reasoning. 120

• We introduce an LLM-based adjudication 121

mechanism that guided by the task definition, 122

query, and corresponding dependency tree, re- 123

solves prediction-reference mismatches and 124

span disagreements to produce more consis- 125

tent quadruples. 126

• Extensive experiments on the SemEval Rest15 127

and Rest16 benchmarks demonstrate that our 128

approach consistently surpasses both tradi- 129

tional ABSA systems and strong LLM base- 130

lines. 131

2 Related Work 132

Graph-based ABSA encodes sentences as depen- 133

dency or bipartite graphs to propagate sentiment 134

from opinion tokens to their target aspects, yield- 135

ing richer aspect–opinion representations (e.g., de- 136

pendency GCNs) (Zhang et al., 2019); attention- 137

augmented variants further weight salient syntac- 138

tic neighbors (Huang and Carley, 2019). Despite 139

gains, graph construction and edge labeling are 140

parse-sensitive, long-range or implicit sentiments 141

remain difficult and interpretability is limited. 142

Large pretrained language models have substan- 143

tially improved ABSA because contextual encoders 144

fine-tuned for downstream tasks (e.g., BERT) typ- 145

ically outperform earlier methods (Devlin et al., 146

2019; Sun et al., 2019). Instruction tuning recasts 147

ABSA subtasks as natural-language directives, en- 148

abling strong few-shot and zero-shot performance 149

(Scialom et al., 2022), while parameter-efficient 150

adaptation (e.g., LoRA) is practical at scale and re- 151

trieval augmentation supplies contextually relevant 152

examples in low-data systems (Guu et al., 2020). 153

Recent work also targets reasoning through struc- 154

tured prompts (syntax→opinion→sentiment) and 155

chain-of-thought to align inference with the compo- 156

sitional requirements of quadruple extraction (Fei 157

et al., 2023; Wei et al., 2022). 158

GAS (Zhang et al., 2021b) formulates aspect 159

sentiment quad prediction as a generative para- 160

phrase task, enabling flexible modeling of aspect- 161

opinion-sentiment relations. ILO (Hu et al., 2022b) 162

and GenDA (Wang et al., 2023) enhance genera- 163

tive models through template-order and generation- 164

based data augmentation, while MvP (Gou et al., 165
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2023) adopts multi-view prompting to capture com-166

plementary semantic perspectives. IVLS (Nie et al.,167

2024) introduces implicit variables and latent struc-168

tures to model hidden dependencies among quadru-169

ple elements, improving the handling of implicit170

aspects and opinions. MUL (Hu et al., 2023) and171

OTCL (Li et al., 2024) further enhance model ro-172

bustness through uncertainty-aware learning and173

opinion-tree-guided contrastive objectives.174

3 Method175

We propose an ASQP framework that integrates176

four key components: (1) syntax-aware prompt-177

ing, where we construct Prompt(x) contain-178

ing [TaskDefinition; x; D(x)], where D(x) is179

the dependency parse of sentence x; (2) in-180

struction tuning with Parameter Efficient Fine-181

Tuning (PEFT) for efficient task adaptation;182

(3) retrieval-augmented inference in which se-183

mantically similar examples S(x) are incor-184

porated to construct PromptICL(x) contain-185

ing [TaskDefinition; S(x); x; D(x)], enabling186

one-pass decoding of aspect–sentiment quadruples;187

and (4) an LLM-based judge J that resolves predic-188

tion–reference mismatches and span disagreements.189

The overall workflow is shown in Figure 2.190

3.1 Problem Formulation191

Given an input sentence x = (w1, . . . , wn), the192

goal of ASQP is to extract a set of aspect–sentiment193

quadruples:194

Y (x) = { qi }mi=1 qi = (ai, ci, si, oi) (1)195

where ai denotes the aspect term, oi the opin-196

ion term, ci ∈ C the aspect category selected197

from a predefined category set C, and si ∈198

{Positive,Negative,Neutral} the sentiment polar-199

ity. The variable m represents the number of as-200

pect–opinion quadruples identified in the sentence201

x.202

3.2 Syntax-Aware Prompting203

Given a sentence x, we compute its dependency204

parse D(x) and construct a syntax-aware prompt:205

Prompt(x) =
[
task; x; D(x)

]
(2)206

By using spaCy2, we obtain D(x) and linearize the207

dependency tree into a token-wise sequence that208

preserves head positions and relation labels. This209

2https://spacy.io/

representation captures long-range aspect–opinion 210

dependencies and remains architecture-agnostic, 211

allowing the same linearization D(x) to be in- 212

tegrated into encoder-only, decoder-only, or en- 213

coder–decoder models under fine-tuning or in- 214

context learning. 215

3.3 Instruction Tuning with PEFT 216

A causal language model is fine-tuned using 217

QLoRA on instruction-formatted samples. Each 218

training instance is a pair
(
Prompt(x), y

)
, where 219

y denotes the set of quadruples {(ai, ci, si, oi)}i. 220

Training employs a masked next-token likelihood 221

objective in which loss is computed only over tar- 222

get tokens, while prompt tokens are excluded. The 223

model optimizes the following objective: 224

LSFT = −
T∑
t=1

log pθ
(
yt | y<t, P rompt(x)

)
(3) 225

Here, t indexes target token positions (t = 226

1, . . . , T ); yt is the t-th gold token of the target 227

sequence y. The prompt Prompt(x), including 228

the task definition, input sentence x, and its de- 229

pendency tree D(x), conditions the decoder but is 230

masked during loss computation. The conditional 231

next-token distribution pθ(· | y<t, P rompt(x)) 232

is parameterized by θ, representing the trainable 233

LoRA (Hu et al., 2022a) adapter parameters, while 234

the base model remains frozen. 235

3.4 Retrieval-Augmented In-Context 236

Learning 237

During inference, we retrieve k demonstration pairs 238

S(x) = {(xj , yj)}kj=1 based on the semantic sim- 239

ilarity between the input x and training instances, 240

computed using a frozen Sentence Transformer 241

encoder. These retrieved examples are used as 242

in-context demonstrations, each paired with its cor- 243

responding gold quadruple. The final prompt is 244

constructed as follows: 245

PromptICL(x) =
[
task; S(x); x; D(x)

]
(4) 246

This formulation integrates semantically aligned ex- 247

amples with the syntax-aware representation D(x), 248

enabling the model to perform structured quadruple 249

generation through one-pass decoding. 250

3.5 LLM-based Adjudication 251

To address annotation span inconsistencies, we 252

introduce a blind judge J model that compares 253
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Figure 2: Overview of DRIFT that combining syntax-aware prompting, instruction tuning with PEFT, and retrieval-
augmented in-context learning for ASQP.

two candidate quadruple sets U (prediction) and254

V (ground truth) labels by using the task defi-255

nition, sentence x and its dependency tree D(x)256

without identifying which set is the model predic-257

tion or ground truth. Formally, J returns a deci-258

sion–reasoning pair:259

(d, r) = J(U, V |
[
task, x,D(x)

]
) (5)260

where d ∈ {0, 1} and r is a textual reasoning. At261

evaluation time, if d = 0 we accept U for scoring,262

otherwise we accept V . This protocol allows se-263

mantically equivalent alternatives (e.g., “delicious”264

vs. “delicious food”) to be accepted when sup-265

ported by the task definition and the dependency266

structure D(x), thereby reducing unfair penalties267

caused by span boundary differences. In addition,268

the approach is model-agnostic and can be applied269

to predictions from any system, including fine-270

tuned models or pretrained large language models271

used in the ICL setting. In our experiments, the272

adjudication is performed using the pretrained o3273

model.274

4 Experiments275

4.1 Datasets276

We perform experiments on the ASQP bench-277

marks in the restaurant-domain Rest15 (SemEval-278

2015 Task 12) (Pontiki et al., 2015) and REST16279

(SemEval-2016 Task 5) (Pontiki et al., 2016). Each280

sentence is labeled with one or more quadruples281

(a, c, s, o) denoting the aspect term, category, sen-282

timent polarity, and opinion term. We use the offi-283

cial train/validation/test splits and follow standard284

Dataset Rest15 Rest16

Train Valid Test Train Valid Test

N 834 209 537 1264 316 544

Positive 1005 252 453 1369 341 583
Neutral 34 14 37 62 23 40
Negative 315 81 305 558 143 176

Total 1354 347 795 1989 507 799

Table 1: Dataset statistics for Rest15 and Rest16. N
denotes the number of sentences. Positive, Neutral, and
Negative represent the number of quadruples for each
sentiment.

ASQP preprocessing. Dataset statistics are pro- 285

vided in Table 1. 286

4.2 Evaluation Metrics 287

We adopt F1 as the primary metric and also report 288

precision and recall. A prediction is considered 289

correct only when all four elements of a quadruple 290

aspect term, category, polarity, and opinion term 291

exactly match the corresponding gold labels. Eval- 292

uation uses normalized spans and exact matching 293

across all four elements. 294

4.3 Implementation Details 295

We fine-tune Meta-Llama-3-8B-Instruct3 using 296

QLoRA with 4-bit NF4 quantization and train with 297

LoRA (Low-Rank Adaptation) (Hu et al., 2022a) 298

techniques with a single A100-40GB GPU. Train- 299

ing employs the paged AdamW optimizer with a 300

learning rate of 2× 10−4, cosine learning rate de- 301

3https://huggingface.co/meta-llama/Meta-Llama-3-8B-
Instruct
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cay, and a warmup ratio of 0.05 over 4 epochs. The302

effective batch size is 16 achieved by accumulating303

gradients 4 times with a batch size of 4. For LoRA,304

we set the rank r = 128, resulting in approximately305

500 million trainable parameters. This configura-306

tion allows us to capture high-dimensional task-307

specific information while training only a small308

fraction of the total model weights, significantly309

reducing the VRAM overhead compared to full310

fine-tuning. We choose LLaMA-3-8B-Instruct for311

its strong instruction-following ability and efficient312

trade-off between performance and compute, ideal313

for parameter-efficient fine-tuning.314

4.4 Main Results315

Table 2 presents a comprehensive comparison be-316

tween DRIFT and state-of-the-art generative ASQP317

models on Rest15 and Rest16 benchmarks. DRIFT318

achieves 54.47% on Rest15 and 64.10% on Rest16,319

establishing new state-of-the-art performance with320

an average of 59.28%. DRIFT outperforms the321

strongest baseline, SimRP (Jian et al., 2025), by322

+1.17 points on Rest15 and +0.68 points on Rest16,323

achieving +0.92 average improvement. Compared324

to earlier methods, the gains are more substantial:325

+8.49 over GAS (Zhang et al., 2021b) on Rest15,326

+5.42 over ILO (Hu et al., 2022b), and +3.19 over327

IVLS (Nie et al., 2024). These consistent improve-328

ments across diverse baseline architectures demon-329

strate the effectiveness of dependency-guided rea-330

soning using the dependency tree. Recent ad-331

vanced methods incorporating various optimiza-332

tion strategies still fall short of DRIFT. MvP (Gou333

et al., 2023) with multi-view prompting achieves334

only 51.04% (Rest15) and 60.39% (Rest16), while335

GenDA (Wang et al., 2023) with generation-based336

augmentation reaches 50.01% and 60.88%. Even337

sophisticated learning mechanisms like MUL (Hu338

et al., 2023) and OTCL (Li et al., 2024) under-339

perform DRIFT by considerable margins. These340

comparisons indicate that syntactic structure inte-341

gration provides more fundamental improvements342

than optimization-focused approaches alone.343

Beyond overall performance improvements,344

DRIFT demonstrates an impressive balance be-345

tween precision and recall. It achieves 54.55%346

precision and 54.40% recall on Rest15, while per-347

forming even better on Rest16 with 62.76% preci-348

sion and 65.51% recall. This balance effectively349

reduces both over-extraction, which lowers preci-350

sion, and under-extraction, which lowers recall. In351

contrast, IVLS exhibits a clear imbalance (54.46%352

precision versus 48.53% recall on Rest15), re- 353

flecting a more conservative prediction behavior. 354

DRIFT’s balanced results are consistent with trends 355

observed in syntax-aware models, where structural 356

information helps stabilize generative outputs. Fi- 357

nally, the LLM-based adjudication results report 358

judge-adjusted F1 scores of 72.41% on Rest15 and 359

77.20% on Rest16, accounting for semantically 360

equivalent predictions. The gap between exact- 361

match and semantic-match scores indicates that 362

many apparent errors are actually semantically cor- 363

rect predictions that differ only in surface form. 364

This evaluation method better reflects true seman- 365

tic correctness, and DRIFT’s strong results show 366

that using syntax helps the model correctly cap- 367

ture sentiment relations even when word bound- 368

aries change. These results confirm that explicitly 369

integrating dependency structure through reason- 370

ing mechanisms substantially improves generative 371

ASQP performance and establishes DRIFT as a 372

new state-of-the-art approach. 373

4.5 Syntactic Information Format Analysis 374

As shown in Table 3, we compare the effects of 375

different dependency tree formats on ASQP per- 376

formance using GPT-4o mini as our base language 377

model. We evaluate five representations: SpaCy 378

Default (compact token-head notation), JSON 379

(structured key-value format), CoNLL-U (standard 380

tabular format), Plain Text (explicit linguistic de- 381

scriptions), and Hierarchical (tree structure). Each 382

format encodes identical syntactic information but 383

presents it differently to align with the language 384

model’s sequential processing nature. The results 385

reveal format-dependent performance variations 386

across datasets. On Rest15, Plain Text achieves the 387

best F1-score 35.92%, while CoNLL-U performs 388

best on Rest16 44.16%. More lengthy formats 389

with explicit dependency descriptions (Plain Text, 390

Hierarchical) generally outperform compact sym- 391

bolic representations (SpaCy Default), suggesting 392

that large language models benefit from human- 393

readable syntactic information rather than com- 394

pressed notations. 395

The variation in optimal formats across datasets 396

suggests that the effectiveness of syntactic represen- 397

tation depends on linguistic complexity and dataset 398

characteristics. Although more lengthy formats 399

yield superior performance, we choose SpaCy De- 400

fault for our PEFT and ICL experiments due to 401

its computational efficiency. The compact nota- 402

tion significantly reduces token overhead during 403
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Methods Venue Rest15 Rest16 Avg (F1)
Pre Rec F1 Pre Rec F1

GAS† ACL21 45.31 46.70 45.98 54.54 57.62 56.04 51.01
Paraphrase EMNLP21 46.16 47.72 46.93 56.63 59.30 57.93 52.43
DLO EMNLP22 47.08 49.33 48.18 57.92 61.80 59.79 53.99
ILO EMNLP22 47.08 50.38 49.05 57.58 61.17 59.32 54.19
MvP ACL23 - - 51.04 - - 60.39 55.72
GenDA *SEM23 49.74 50.29 50.01 60.08 61.70 60.88 55.45
MUL ACL23 49.12 50.39 49.75 59.24 61.75 60.47 55.11
OTCL CSCWD24 47.86 50.77 49.27 58.31 62.02 60.11 54.69
IVLS Neurocomputing24 54.46 48.53 51.28 62.69 59.75 61.04 56.16
SimRP AAAI25 53.12 53.50 53.30 62.74 64.12 63.42 58.36

DRIFT (Ours) 54.55 54.40 54.47 62.76 65.51 64.10 59.28
LLM-based Adjudication 73.12 71.72 72.41 75.64 78.96 77.2 74.80

Table 2: Comparison results in terms of precision (Pre, %), recall (Rec, %) and F1 score (F1, %).

fine-tuning and in-context learning, while still de-404

livering competitive performance.405

Format Rest15 Rest16
SpaCy Default 34.27 43.08
JSON 35.11 42.94
CoNLL-U 34.55 44.16
Plain Text 35.92 43.54
Hierarchical 35.85 43.94

Table 3: F1-Scores (%) for Different Dependency Tree
Formats

4.6 Zero and Few-Shot Performance in ICL406

Table 4 demonstrates DRIFT’s consistent superior-407

ity across zero-shot and few-shot settings. Smaller408

models show dramatic improvements Llama-3.1-409

8B advances from 15.41% to 30.01% (10-shot)410

on Rest15, nearly doubling performance. Larger411

models also benefit substantially: Llama-3.1-70B412

reaches 42.76% on Rest15 and 49.36% on Rest16,413

while GPT-4o achieves 54.77% on Rest16.414

DRIFT outperforms the strongest baseline,415

SimRP, across all configurations, with gains of416

+2.44 F1 (GPT-4o, 10-shot) on Rest15 and +5.03417

F1 (GPT-4o, 10-shot) on Rest164. Figure 3 shows418

smooth, monotonic scaling as demonstrations in-419

crease, confirming that syntax-aware retrieval stabi-420

lizes reasoning and helps models effectively lever-421

age additional examples.422

4.7 Ablation study423

Tables 5 and 6 evaluate the contributions of re-424

trieval and dependency trees in PEFT and ICL425

paradigms. In fine-tuning settings (Table 5), full426

4OpenAI API: https://openai.com/api/

DRIFT achieves 51.01% and 63.17% F1-scores. 427

Removing both components drops performance to 428

49.69% and 61.87% (-1.32, -1.30), while removing 429

only dependency trees yields 50.13% and 61.34%. 430

Notably, removing retrieval while retaining syntax 431

achieves 53.78% and 64.10%, suggesting that syn- 432

tactic guidance alone is highly effective when the 433

model has been fine-tuned on task data. 434

In ICL settings (Table 6), the importance of 435

both components amplifies. Full DRIFT achieves 436

34.27% and 43.08%. Removing both components 437

causes dramatic drops to 24.89% and 29.70% (- 438

9.38, -13.38), substantially larger than in PEFT, 439

highlighting their critical role in few-shot learn- 440

ing. Removing dependency trees yields 34.79% 441

and 41.52%, while removing retrieval results in 442

31.40% and 42.40%, demonstrating that example- 443

based guidance is essential for ICL effectiveness. 444

Overall, the ablation results highlight the com- 445

plementary roles of syntactic structure and retrieval 446

across different learning paradigms. In the PEFT, 447

syntactic structure provides stronger independent 448

benefits as the model has learned task patterns and 449

in ICL, retrieval becomes more critical for pro- 450

viding task context through demonstrations. On 451

Rest15, dependency trees contribute more in PEFT 452

(+3.65 when comparing w/o Retrieval vs. w/o De- 453

pendency Tree), while retrieval contributes more 454

in ICL (+3.39). This paradigm-dependent behav- 455

ior demonstrates that DRIFT’s effectiveness arises 456

from the complementary interaction of its com- 457

ponents, with each contributing in distinct ways 458

across different learning settings. Notably, the 459

PEFT configuration employs three retrieved shots, 460

while the ICL configuration relies on a single re- 461

trieved shot. 462
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Methods Venue Backbone Rest15 Rest16

0-shot 1-shot 5-shot 10-shot 0-shot 1-shot 5-shot 10-shot

THOR ACL23

Llama-3.1-8B 7.88 8.02 8.65 10.01 9.44 10.78 11.37 11.95
Llama-3.1-70B 17.62 22.49 26.78 31.47 27.61 30.04 34.34 35.91
GPT-4o-mini 18.18 21.52 24.29 29.36 29.83 31.50 32.84 34.05
GPT-4o 30.79 33.37 35.12 36.81 37.23 39.22 42.05 43.57

LLMs for SA NAACL24

Llama-3.1-8B 8.61 8.82 8.66 10.69 11.43 9.99 11.67 12.59
Llama-3.1-70B 18.20 20.79 27.81 32.84 29.01 30.99 35.04 37.10
GPT-4o-mini 19.80 22.16 24.93 30.11 31.43 29.42 35.84 35.45
GPT-4o 34.56 35.62 36.29 37.08 39.15 39.61 43.36 45.00

SimRP AAAI25

Llama-3.1-8B 8.88 9.26 14.13 15.26 12.55 15.46 16.71 21.60
Llama-3.1-70B 18.12 26.83 35.56 38.19 28.71 33.73 40.91 43.81
GPT-4o-mini 19.47 26.46 33.33 35.55 31.25 39.36 40.44 43.13
GPT-4o 34.44 37.88 41.08 43.17 39.33 45.50 48.62 49.74

DRIFT(Ours)

Llama-3.1-8B 15.41 23.80 27.21 30.01 18.09 30.18 34.23 37.58
Llama-3.1-70B 28.73 33.75 38.40 42.76 34.96 40.61 47.58 49.36
GPT-4o-mini 31.40 34.27 37.23 35.87 42.40 43.08 44.52 44.71
GPT-4o 41.41 42.01 41.75 45.61 45.44 50.74 53.44 54.77

Table 4: Experimental results of LLMs under zero-shot and few-shot settings on Rest15 and Rest16.

(a) (b)

Figure 3: Shot scaling on (a) REST15 and (b) REST16: F1 scores across different numbers of in-context examples
(k∈{0, 1, 5, 10}) for Llama-3.1-8B, Llama-3.1-70B, GPT-4o-mini, and GPT-4o.

Methods Rest15 Rest16

w/o Dependency Tree and Retrival 49.69 61.87
w/o Dependency Tree 50.13 61.34
w/o Retrieval 53.78 64.10
DRIFT 51.01 63.17

Table 5: Ablation studies in the PEFT paradigm

4.8 Span Boundary Variation Analysis463

Table 7 highlights how span boundary variation and464

aspect grounding differences influence ASQP eval-465

uation. In many cases, model predictions express466

the same underlying semantics as the reference but467

differ in the exact boundaries chosen for aspects or468

opinion terms. For example, the model often ex-469

tracts more complete opinion spans (e.g., capturing470

both Great and enjoy) or selects more concise spans471

Methods Rest15 Rest16

w/o Dependency Tree and Retrival 24.89 29.70
w/o Dependency Tree 34.79 41.52
w/o Retrieval 31.40 42.40
DRIFT 34.27 43.08

Table 6: Ablation studies in the ICL paradigm

that still preserve meaning. Such differences reflect 472

natural linguistic variability. Annotators may in- 473

clude full descriptive phrases, whereas models tend 474

to choose shorter spans that remain semantically 475

equivalent. In several instances, the reference an- 476

notations themselves are incorrectly grounded, and 477

the model’s prediction more accurately reflects the 478

sentence. For instance, attributing delivers to spot 479

rather than modern Japanese, or assigning fair to 480
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Sentence (Query) Reference Prediction Reasoning

Great place to relax and
enjoy your dinner.

[place, ambience general,
positive, Great]

[place, ambience general,
positive, Great] [place,
ambience general, positive,
enjoy]

Prediction tuple is better because it
includes both valid opinion words
Great and enjoy so its quadruples
are more complete than the
reference tuple, which omits one of
them.

The hot dogs are good, yes,
but the reason to get over
here is the fantastic pork
croquette sandwich, perfect
on its supermarket squishy
bun

[hot dogs, food quality,
positive, good] [pork
croquette sandwich, food
quality, positive, fantastic]
[bun, food quality, positive,
perfect]

[hot dogs, food quality,
positive, good] [pork
croquette sandwich, food
quality, positive, fantastic]

Prediction tuples are correct; the
reference tuple is wrong because it
misassigns perfect to bun instead of
the sandwich.

In the end you end up with
a fair tab and NOTHING
BUT A GREAT TIME !!!

[NULL, restaurant prices,
positive, fair], [NULL,
restaurant general, positive,
GREAT]

[tab, restaurant prices,
positive, fair] [NULL,
restaurant general, positive,
GREAT TIME]

Prediction tuples are correct
because they include the aspect tab,
which the reference tuples miss.

Which lets face it ... at
times it’s a good thing.

[service, service general,
positive, good]

[NULL, restaurant
miscellaneous, positive,
good]

Prediction tuple is better, assigning
restaurant miscellaneous, while the
reference tuple wrongly adds an
ungrounded service aspect.

I’ve had my fair share of
modern Japanese, and this
spot delivers.

[modern Japanese, food
quality, positive, delivers]

[spot, restaurant general,
positive, delivers]

The prediction tuple is correct,
linking delivers to the restaurant
(spot, category restaurant general);
the reference tuple wrongly assigns
it to modern Japanese.

Table 7: Examples Where the Model Correctly Identifies Quadruples (O3 Evaluation). Each entry includes the input
sentence, reference, predictions, and reasoning.

the explicit aspect tab instead of using a NULL-481

aspect placeholder. These examples show that span482

boundary mismatches are not always model errors;483

they often arise from annotation inconsistencies484

or subjective span choices. Although these varia-485

tions rarely affect sentiment polarity or the core as-486

pect–opinion relationship, exact-match scoring pe-487

nalizes them equally. This indicates that semantic-488

level matching or adjudication-based evaluation489

would yield a fairer assessment, especially for im-490

plicit aspects, multi-word expressions, and flexible491

opinion phrasing.492

5 Conclusion493

We proposed DRIFT, a novel unified framework for494

Aspect Sentiment Quadruple Prediction (ASQP)495

that combines dependency-based syntactic reason-496

ing with retrieval-augmented instruction tuning.497

DRIFT establishes new state-of-the-art results on498

Rest15 and Rest16, and our analyses reveal comple-499

mentary effects across learning regimes: explicit500

structural (syntactic) guidance is the main contribu-501

tor under parameter-efficient fine-tuning, while re-502

trieved few-shot demonstrations account for most503

of the gains in in-context learning. We also in-504

troduced an LLM-based adjudicator that mitigates505

the brittleness of exact-match evaluation by recog- 506

nizing semantically equivalent predictions despite 507

minor span-boundary differences. Overall, DRIFT 508

provides a practical baseline for structure-aware 509

ASQP and supports more reliable evaluation for 510

this task. 511

Limitations 512

Despite DRIFT’s effectiveness, several limitations 513

remain. Its reliance on external dependency parsers 514

can cause error propagation, particularly for infor- 515

mal, ungrammatical, or domain-specific text. The 516

benefits of retrieval-augmented demonstrations are 517

sensitive to database quality and coverage, mak- 518

ing DRIFT less reliable under low-resource con- 519

ditions or significant domain shift. Moreover, the 520

model continues to struggle with neutral sentiment 521

and rare aspect categories, where polarity cues are 522

subtle and supervision is limited. Although the 523

LLM-based adjudicator improves evaluation ro- 524

bustness, it introduces additional cost and potential 525

bias, highlighting the need for complementary hu- 526

man verification. Future work includes developing 527

more robust alternatives to external parsing, more 528

robust retrieval strategies, and broader evaluation 529

across multilingual and cross-domain settings. 530
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9

https://doi.org/10.48550/arXiv.2005.14165
https://doi.org/10.48550/arXiv.2005.14165
https://doi.org/10.48550/arXiv.2005.14165
https://doi.org/10.18653/v1/2021.acl-long.29
https://doi.org/10.18653/v1/2021.acl-long.29
https://doi.org/10.18653/v1/2021.acl-long.29
https://doi.org/10.18653/v1/2021.acl-long.29
https://doi.org/10.18653/v1/2021.acl-long.29
https://doi.org/10.18653/v1/N19-1423
https://doi.org/10.18653/v1/N19-1423
https://doi.org/10.18653/v1/N19-1423
https://doi.org/10.18653/v1/N19-1423
https://doi.org/10.18653/v1/N19-1423
https://doi.org/10.18653/v1/2023.acl-short.101
https://doi.org/10.18653/v1/2023.acl-short.101
https://doi.org/10.18653/v1/2023.acl-short.101
https://doi.org/10.18653/v1/2023.acl-long.240
https://doi.org/10.18653/v1/2023.acl-long.240
https://doi.org/10.18653/v1/2023.acl-long.240
https://doi.org/10.18653/v1/2023.acl-long.240
https://doi.org/10.18653/v1/2023.acl-long.240
https://proceedings.mlr.press/v119/guu20a.html
https://proceedings.mlr.press/v119/guu20a.html
https://proceedings.mlr.press/v119/guu20a.html
https://openreview.net/forum?id=nZeVKeeFYf9
https://openreview.net/forum?id=nZeVKeeFYf9
https://openreview.net/forum?id=nZeVKeeFYf9
https://doi.org/10.18653/v1/2023.findings-acl.851
https://doi.org/10.18653/v1/2023.findings-acl.851
https://doi.org/10.18653/v1/2023.findings-acl.851
https://doi.org/10.18653/v1/2022.emnlp-main.538
https://doi.org/10.18653/v1/2022.emnlp-main.538
https://doi.org/10.18653/v1/2022.emnlp-main.538
https://doi.org/10.18653/v1/2022.emnlp-main.538
https://doi.org/10.18653/v1/2022.emnlp-main.538
https://doi.org/10.48550/arXiv.2511.03034
https://doi.org/10.48550/arXiv.2511.03034
https://doi.org/10.48550/arXiv.2511.03034
https://doi.org/10.48550/arXiv.2511.03034
https://doi.org/10.48550/arXiv.2511.03034
https://doi.org/10.18653/v1/D19-1549
https://doi.org/10.18653/v1/D19-1549
https://doi.org/10.18653/v1/D19-1549
https://doi.org/10.18653/v1/D19-1549
https://doi.org/10.18653/v1/D19-1549
https://doi.org/10.1609/aaai.v39i23.34601
https://doi.org/10.1609/aaai.v39i23.34601
https://doi.org/10.1609/aaai.v39i23.34601
https://doi.org/10.1609/aaai.v39i23.34601
https://doi.org/10.1609/aaai.v39i23.34601
https://api.semanticscholar.org/CorpusID:271090765
https://api.semanticscholar.org/CorpusID:271090765
https://api.semanticscholar.org/CorpusID:271090765
https://doi.org/10.1016/j.knosys.2021.107643
https://doi.org/10.1016/j.knosys.2021.107643
https://doi.org/10.1016/j.knosys.2021.107643
https://doi.org/10.1016/j.knosys.2021.107643
https://doi.org/10.1016/j.knosys.2021.107643
https://doi.org/10.18653/v1/2023.emnlp-main.153
https://doi.org/10.18653/v1/2023.emnlp-main.153
https://doi.org/10.18653/v1/2023.emnlp-main.153
https://doi.org/10.18653/v1/2023.emnlp-main.153
https://doi.org/10.18653/v1/2023.emnlp-main.153
https://doi.org/10.1609/aaai.v35i15.17597
https://doi.org/10.1609/aaai.v35i15.17597
https://doi.org/10.1609/aaai.v35i15.17597
https://doi.org/10.1016/j.neucom.2024.127642
https://doi.org/10.1016/j.neucom.2024.127642
https://doi.org/10.1016/j.neucom.2024.127642


SemEval-2016 Task 5: Aspect based sentiment anal-644
ysis. In Proceedings of the 10th International Work-645
shop on Semantic Evaluation (SemEval-2016), pages646
19–30, San Diego, California. Association for Com-647
putational Linguistics.648

Maria Pontiki, Dimitris Galanis, Haris Papageorgiou,649
Suresh Manandhar, and Ion Androutsopoulos. 2015.650
SemEval-2015 Task 12: Aspect based sentiment anal-651
ysis. In Proceedings of the 9th International Work-652
shop on Semantic Evaluation (SemEval 2015), pages653
486–495, Denver, Colorado. Association for Compu-654
tational Linguistics.655

Kevin Scaria, Himanshu Gupta, Siddharth Goyal,656
Saurabh Sawant, Swaroop Mishra, and Chitta Baral.657
2024. InstructABSA: Instruction learning for aspect658
based sentiment analysis. In Proceedings of the 2024659
Conference of the North American Chapter of the660
Association for Computational Linguistics: Human661
Language Technologies (Volume 2: Short Papers),662
pages 720–736, Mexico City, Mexico. Association663
for Computational Linguistics.664

Thomas Scialom, Tuhin Chakrabarty, and Smaranda665
Muresan. 2022. Fine-tuned language models are666
continual learners. In Proceedings of the 2022 Con-667
ference on Empirical Methods in Natural Language668
Processing, pages 6107–6122, Abu Dhabi, United669
Arab Emirates. Association for Computational Lin-670
guistics.671

Chi Sun, Luyao Huang, and Xipeng Qiu. 2019. Uti-672
lizing BERT for aspect-based sentiment analysis via673
constructing auxiliary sentence. In Proceedings of674
the 2019 Conference of the North American Chap-675
ter of the Association for Computational Linguistics676
(NAACL), pages 380–385. Association for Computa-677
tional Linguistics.678

Hai Wan, Yufei Yang, Jianfeng Du, Yanan Liu, Kunxun679
Qi, and Jeff Z. Pan. 2020. Target-aspect-sentiment680
joint detection for aspect-based sentiment analysis.681
In Proceedings of the 34th AAAI Conference on Artifi-682
cial Intelligence (AAAI-20), pages 9122–9129. Asso-683
ciation for the Advancement of Artificial Intelligence.684

An Wang, Junfeng Jiang, Youmi Ma, Ao Liu, and685
Naoaki Okazaki. 2023. Generative data augmen-686
tation for aspect sentiment quad prediction. In Pro-687
ceedings of the 12th Joint Conference on Lexical and688
Computational Semantics (*SEM 2023), pages 128–689
140, Toronto, Canada. Association for Computational690
Linguistics.691

Jason Wei, Xuezhi Wang, Dale Schuurmans, Maarten692
Bosma, Brian Ichter, Fei Xia, Ed H. Chi, Quoc V. Le,693
and Denny Zhou. 2022. Chain-of-thought prompting694
elicits reasoning in large language models. In Ad-695
vances in Neural Information Processing Systems 35696
(NeurIPS 2022), pages 24824–24837. Curran Asso-697
ciates, Inc.698

Soyoung Yang, Hojun Cho, Jiyoung Lee, Sohee Yoon,699
Edward Choi, Jaegul Choo, and Won Ik Cho. 2025.700

Single ground truth is not enough: Adding flexibil- 701
ity to aspect-based sentiment analysis evaluation. In 702
Proceedings of the 2025 Conference of the Nations 703
of the Americas Chapter of the Association for Com- 704
putational Linguistics: Human Language Technolo- 705
gies (Volume 1: Long Papers), pages 12071–12096, 706
Albuquerque, New Mexico. Association for Compu- 707
tational Linguistics. 708

Chen Zhang, Qiuchi Li, and Dawei Song. 2019. Aspect- 709
based sentiment classification with aspect-specific 710
graph convolutional networks. In Proceedings of the 711
2019 Conference on Empirical Methods in Natural 712
Language Processing (EMNLP), pages 4568–4578. 713
Association for Computational Linguistics. 714

Fan Zhang, Wenbin Zheng, and Yujie Yang. 2024. 715
Graph convolutional network with syntactic depen- 716
dency for aspect-based sentiment analysis. Interna- 717
tional Journal of Computational Intelligence Systems, 718
17(1):37. 719

Mao Zhang, Yongxin Zhu, Zhen Liu, Zhimin Bao, Yun- 720
fei Wu, Xing Sun, and Linli Xu. 2023. Span-level 721
aspect-based sentiment analysis via table filling. In 722
Proceedings of the 61st Annual Meeting of the As- 723
sociation for Computational Linguistics (Volume 1: 724
Long Papers), pages 9273–9284, Toronto, Canada. 725
Association for Computational Linguistics. 726

Wenxuan Zhang, Yang Deng, Xin Li, Yifei Yuan, Li- 727
dong Bing, and Wai Lam. 2021a. Aspect senti- 728
ment quad prediction as paraphrase generation. In 729
Proceedings of the 2021 Conference on Empirical 730
Methods in Natural Language Processing (EMNLP), 731
pages 9209–9219. Association for Computational 732
Linguistics. 733

Wenxuan Zhang, Xin Li, Yang Deng, Lidong Bing, and 734
Wai Lam. 2021b. Towards generative aspect-based 735
sentiment analysis. In Proceedings of the 59th An- 736
nual Meeting of the Association for Computational 737
Linguistics and the 11th International Joint Confer- 738
ence on Natural Language Processing (Volume 2: 739
Short Papers), pages 504–510, Online. Association 740
for Computational Linguistics. 741

Guangmin Zheng, Jin Wang, Liang-Chih Yu, and Xuejie 742
Zhang. 2024. Instruction tuning with retrieval-based 743
examples ranking for aspect-based sentiment analy- 744
sis. In Findings of the Association for Computational 745
Linguistics: ACL 2024, pages 4777–4788, Bangkok, 746
Thailand. Association for Computational Linguistics. 747

Lianmin Zheng, Wei-Lin Chiang, Ying Sheng, Siyuan 748
Zhuang, Zhanghao Wu, Yonghao Zhuang, Zi Lin, 749
Zhuohan Li, Dacheng Li, Eric P. Xing, Hao Zhang, 750
Joseph E. Gonzalez, and Ion Stoica. 2023. Judging 751
llm-as-a-judge with mt-bench and chatbot arena. In 752
Neural Information Processing Systems (NeurIPS) 753
2023 – Datasets and Benchmarks Track. 754

10

https://doi.org/10.18653/v1/S16-1002
https://doi.org/10.18653/v1/S16-1002
https://doi.org/10.18653/v1/S16-1002
https://doi.org/10.18653/v1/S15-2082
https://doi.org/10.18653/v1/S15-2082
https://doi.org/10.18653/v1/S15-2082
https://doi.org/10.18653/v1/2024.naacl-short.63
https://doi.org/10.18653/v1/2024.naacl-short.63
https://doi.org/10.18653/v1/2024.naacl-short.63
https://doi.org/10.18653/v1/2022.emnlp-main.410
https://doi.org/10.18653/v1/2022.emnlp-main.410
https://doi.org/10.18653/v1/2022.emnlp-main.410
https://doi.org/10.18653/v1/N19-1035
https://doi.org/10.18653/v1/N19-1035
https://doi.org/10.18653/v1/N19-1035
https://doi.org/10.18653/v1/N19-1035
https://doi.org/10.18653/v1/N19-1035
https://doi.org/10.1609/aaai.v34i05.6447
https://doi.org/10.1609/aaai.v34i05.6447
https://doi.org/10.1609/aaai.v34i05.6447
https://doi.org/10.18653/v1/2023.starsem-1.12
https://doi.org/10.18653/v1/2023.starsem-1.12
https://doi.org/10.18653/v1/2023.starsem-1.12
https://doi.org/10.48550/arXiv.2201.11903
https://doi.org/10.48550/arXiv.2201.11903
https://doi.org/10.48550/arXiv.2201.11903
https://doi.org/10.18653/v1/2025.naacl-long.603
https://doi.org/10.18653/v1/2025.naacl-long.603
https://doi.org/10.18653/v1/2025.naacl-long.603
https://doi.org/10.18653/v1/D19-1464
https://doi.org/10.18653/v1/D19-1464
https://doi.org/10.18653/v1/D19-1464
https://doi.org/10.18653/v1/D19-1464
https://doi.org/10.18653/v1/D19-1464
https://doi.org/10.1007/s44196-024-00419-6
https://doi.org/10.1007/s44196-024-00419-6
https://doi.org/10.1007/s44196-024-00419-6
https://doi.org/10.18653/v1/2023.acl-long.515
https://doi.org/10.18653/v1/2023.acl-long.515
https://doi.org/10.18653/v1/2023.acl-long.515
https://doi.org/10.18653/v1/2021.emnlp-main.726
https://doi.org/10.18653/v1/2021.emnlp-main.726
https://doi.org/10.18653/v1/2021.emnlp-main.726
https://doi.org/10.18653/v1/2021.acl-short.64
https://doi.org/10.18653/v1/2021.acl-short.64
https://doi.org/10.18653/v1/2021.acl-short.64
https://doi.org/10.18653/v1/2024.findings-acl.284
https://doi.org/10.18653/v1/2024.findings-acl.284
https://doi.org/10.18653/v1/2024.findings-acl.284
https://doi.org/10.18653/v1/2024.findings-acl.284
https://doi.org/10.18653/v1/2024.findings-acl.284
https://doi.org/10.48550/arXiv.2306.05685
https://doi.org/10.48550/arXiv.2306.05685
https://doi.org/10.48550/arXiv.2306.05685

	Introduction
	Related Work
	Method
	Problem Formulation
	Syntax-Aware Prompting
	Instruction Tuning with PEFT
	Retrieval-Augmented In-Context Learning
	LLM-based Adjudication

	Experiments
	Datasets
	Evaluation Metrics
	Implementation Details
	Main Results
	Syntactic Information Format Analysis
	Zero and Few-Shot Performance in ICL
	Ablation study
	Span Boundary Variation Analysis

	Conclusion

