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Abstract001

Large Language Models (LLMs) have achieved002
state-of-the-art performance in Aspect Senti-003
ment Quadruplet Prediction (ASQP). However,004
we argue that this success often relies on su-005
perficial positional heuristics rather than robust006
structural reasoning. In this paper, we propose007
a Probe-and-Cure framework to scrutinize and008
enhance LLM robustness. First, we introduce a009
Multi-Surgical Adversarial Attack protocol as010
a diagnostic tool. Our study reveals that SOTA011
models are “Fragile Giants”: they suffer severe012
performance degradation when facing logical013
distractors and deep syntactic embeddings. To014
address this, we propose Adaptive Bi-SADA015
(Bidirectional Structure-Aware Data Augmen-016
tation). Unlike uniform augmentation strate-017
gies, our method constructs a length-aware cur-018
riculum: it applies natural structural harden-019
ing to short sentences to prevent overfitting,020
and syntactic normalization to long sentences021
to distill core dependencies. We implement a022
strict generation-time verification protocol to023
ensure semantic invariance. Experiments on024
ASQP and ACOS tasks demonstrate that our025
method not only achieves new SOTA F1 scores026
but also effectively transforms superficial pat-027
tern matching into robust structural reasoning,028
significantly closing the performance gap under029
adversarial stress tests.030

1 Introduction031

Aspect-Based Sentiment Analysis (ABSA) (Liu032

et al., 2020; Nazir et al., 2020; D’Aniello et al.,033

2022; Scaria et al., 2023) is a fine-grained senti-034

ment analysis task that aims to identify and under-035

stand opinions at the aspect level within a given036

text. It addresses a key limitation of traditional037

document-level or sentence-level sentiment anal-038

ysis (Meena and Prabhakar, 2007) by recogniz-039

ing that a single sentence or review may contain040

multiple opinions targeting different entities or at-041

tributes.042

Aspect Sentiment Quadruplet Prediction (ASQP) 043

(Zhang et al., 2021a,b; Zhou et al., 2023; Kim 044

et al., 2024) represents the most granular and chal- 045

lenging task in ABSA. It aims to extract all sen- 046

timent elements—aspect terms, categories, opin- 047

ion terms, and sentiment polarities—as structured 048

quadruplets from user reviews. Recently, Gener- 049

ative Large Language Models (LLMs) have rev- 050

olutionized this field, achieving State-of-the-Art 051

(SOTA) performance by formulating ASQP as a 052

sequence-to-sequence generation task (Jian et al., 053

2025; Hellwig et al., 2025; Jiajian Li and Wang, 054

2025). 055

However, the impressive results on standard 056

benchmarks often mask underlying fragilities. 057

Recent studies in NLP robustness suggest that 058

deep models frequently rely on spurious correla- 059

tions rather than robust semantic reasoning (Mc- 060

Coy et al., 2019a). We hypothesize that cur- 061

rent SOTA models effectively act as “Fragile Gi- 062

ants”—powerful in standard settings but prone to 063

collapse under slight structural shifts. They tend 064

to overfit to canonical syntactic structures and su- 065

perficial positional proximity, lacking the ability to 066

handle linguistic variation. 067

To validate this hypothesis, we introduce a Multi- 068

Surgical Adversarial Attack framework. Unlike 069

black-box attacks that inject random noise (Hofer 070

et al., 2021), our approach employs linguistically 071

motivated perturbations—such as cleft construction 072

and recursive embedding—to stress-test the model. 073

Our diagnostic study reveals a startling reality: de- 074

spite high standard performance, baseline models 075

suffer significant performance degradation when 076

subjected to these structural shifts. We identify two 077

primary failure modes: syntactic rigidity and posi- 078

tional bias. First, models exhibit syntactic rigidity 079

when processing informal or fragmented reviews 080

(e.g., “Great food, bad vibes”), which lack explicit 081

syntactic dependencies. Second, models rely heav- 082

ily on positional proximity between aspects and 083
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opinions. Their performance drops notably when084

the two are separated by embedded clauses or when085

the sentence structure is inverted, leading to extrac-086

tion failures.087

To address these issues, we propose a probe-and-088

cure framework featuring Adaptive Bidirectional089

Structure-Aware Data Augmentation (Bi-SADA).090

Unlike previous methods that apply uniform aug-091

mentation, Bi-SADA constructs a Length-Aware092

Curriculum that adapts strategies to sentence length.093

For Short Sentences, which are prone to overfit-094

ting, we apply Structural Hardening. This involves095

rewriting them into complex but natural forms,096

such as using cleft sentences or passive voice, to097

force the model to learn deep dependency parsing098

rather than surface heuristics. For Long Sentences,099

which suffer from noise, we apply Syntactic Nor-100

malization, which simplifies them into standard101

SVO structures to provide clear attention anchors.102

Crucially, we implement a strict Generation-Time103

Verification Protocol to ensure semantic invariance104

without relying on external filtering models.105

Our contributions are summarized as follows:106

• We conduct a systematic structural robustness107

analysis using a novel Multi-Surgical Attack108

protocol, revealing that standard ASQP mod-109

els are highly vulnerable to logical distractors110

and syntactic inversion.111

• We propose Adaptive Bi-SADA, a training112

framework that simultaneously repairs syntac-113

tic deficiencies and immunizes models against114

structural noise through a length-adaptive,115

bidirectional rewriting mechanism.116

• Extensive experiments on ASQP and ACOS117

tasks demonstrate that our method achieves118

new SOTA performance. More importantly,119

it demonstrates superior robustness, main-120

taining stability under adversarial stress tests121

where baseline models collapse.122

2 Related Work123

2.1 Generative Aspect Sentiment Quadruplet124

Prediction125

Aspect Sentiment Quadruplet Prediction (ASQP)126

aims to extract the comprehensive quadruplet127

(a, c, o, s) from review texts. Early approaches re-128

lied on pipeline methods (Cai et al., 2021) or uni-129

fied grid tagging schemes (Wu et al., 2020), which130

often suffered from error propagation or high com- 131

plexity. Recently, the generative paradigm has be- 132

come the dominant approach. Zhang et al. (2021a) 133

first reformulated ASQP as a paraphrase genera- 134

tion task using T5 (Raffel et al., 2020), predict- 135

ing quadruplets as a linearized natural language 136

sequence. Building on this, Hu et al. (2022) pro- 137

posed Data Augmentation with Layout-Aware Or- 138

der (DLO) to mitigate the order sensitivity of se- 139

quence generation. Gou et al. (2023) further intro- 140

duced Multi-view Prompting (MvP) to aggregate 141

information from different prompt perspectives. 142

2.2 Large Language Models for ABSA 143

With the emergence of Large Language Models 144

(LLMs), recent research has explored their capa- 145

bilities in fine-grained sentiment analysis. Wang 146

et al. (2024) evaluated ChatGPT’s zero-shot perfor- 147

mance on ABSA tasks, finding that while it pos- 148

sesses strong reasoning abilities, it still lags behind 149

supervised SOTA models in extracting precise as- 150

pect terms. To bridge this gap, Instruction Tuning 151

has been widely adopted. Šmíd et al. (2024) fine- 152

tuned LLaMA (Touvron et al., 2023) on ABSA 153

datasets, demonstrating that smaller, specialized 154

LLMs can outperform larger general-purpose mod- 155

els. Fei et al. (2023) proposed reasoning-enhanced 156

tuning to force LLMs to generate intermediate rea- 157

soning steps before predicting sentiment labels. 158

However, most existing works focus on improv- 159

ing standard F1 scores or few-shot capabilities. 160

The structural robustness of these instruction-tuned 161

LLMs—specifically their ability to handle complex 162

syntactic variations like long-distance dependen- 163

cies or passive voice—remains largely underex- 164

plored. 165

2.3 Robustness and Structure-Aware 166

Augmentation 167

Robustness in NLP is a critical concern (McCoy 168

et al., 2019b). In the context of ABSA, existing 169

augmentation techniques are predominantly lexical- 170

level, such as synonym replacement and mask- 171

filling (Li et al., 2023; Wu et al., 2019). Xing 172

et al. (2020) introduced adversarial training for 173

ABSA, but their perturbations were limited to em- 174

bedding space noise. While Zhang et al. (2024) 175

introduced adaptivity into data augmentation, their 176

strategy adapts based on model uncertainty or loss 177

magnitudes. In contrast, our Bi-SADA introduces 178

a Linguistically Adaptive curriculum. We define 179

adaptivity based on the syntactic complexity of 180
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System Prompt for Multi-Surgical

You are a linguistics Red Teamer. For each input sen-
tence, generate TWO distinct adversarial versions.

TECHNICAL MENU (Choose one per can-
didate):

• Cleft + Contrastive Distractor: “It is the
[Aspect], rather than the [Distractor], that is
[Opinion].”

• Syntactic Inversion: Change the positional
relationship. “[Opinion] is how I found the
[Aspect].”

• Recursive Embedding: Insert a long paren-
thetical clause between Aspect and Opinion.

STRICT RULES:

• Meaning must be IDENTICAL.

• Must include ALL ’Keep’ terms exactly.

• No ’Yoda-speak’ (ungrammatical text).

• Do not change sentiment polarity.

Figure 1: The prompt used to generate the Multi-
Surgical Adversarial Test Set. We utilize an LLM agent
to enforce linguistic diversity while maintaining strict
semantic constraints.

the input itself. By bidirectionally rewriting sen-181

tences—hardening short ones to prevent overfitting182

and normalizing long ones to reduce noise—we183

explicitly target the model’s dependency parsing184

capability, addressing a blind spot that previous185

uncertainty-based adaptive methods overlook.186

3 Multi-Surgical Adversarial Attack187

Standard test sets often fail to expose the structural188

fragility of ASQP models due to their syntactic ho-189

mogeneity. To rigorously evaluate whether models190

have acquired robust semantic reasoning, we pro-191

pose the Multi-Surgical Adversarial Attack proto-192

col. We employ a Red-Teaming LLM agent to gen-193

erate linguistically motivated perturbations based194

on a strict system prompt (see Figure 1). For each195

sample in the standard test set, we generate distinct196

adversarial variants that target specific cognitive197

mechanisms while strictly preserving the original198

semantic truth conditions.199

3.1 Surgical Probe Design 200

We design three distinct categories of probes to 201

exploit the “shortcut learning” behaviors often ob- 202

served in neural models. 203

Contrastive Distractors. First, to challenge the 204

model’s Logical Robustness, we introduce Con- 205

trastive Distractors. Standard models often rely 206

on bag-of-words co-occurrence, ignoring logical 207

operators. We rewrite simple assertions into cleft 208

constructions that explicitly introduce a negated en- 209

tity (e.g., “It is the pizza, rather than the side dishes, 210

that is tasty”). A robust model must syntactically 211

distinguish the focus from the distractor, whereas 212

a fragile model relying on shallow matching often 213

hallucinates the distractor as a valid aspect. 214

Recursive Embedding. Second, to test Working 215

Memory, we employ Recursive Embedding. We in- 216

ject contextually relevant but syntactically isolating 217

parenthetical clauses between aspect and opinion 218

terms (e.g., “The service, which we observed con- 219

tinuously during our visit, remained slow”). This 220

artificially elongates the dependency path, prob- 221

ing whether the attention mechanism can bridge 222

long-range gaps without suffering from span loss. 223

Syntactic Inversion. Finally, we target Posi- 224

tional Bias via Syntactic Inversion. Models fine- 225

tuned on standard datasets often memorize canon- 226

ical word orders. We disrupt this using object 227

fronting or passive transformations. A failure in 228

this regime (e.g., polarity flipping) suggests the 229

model relies on absolute positional embeddings 230

rather than true dependency structures. 231

To ensure the fairness of this diagnostic study, 232

we implement a rigorous filtering pipeline during 233

generation. We discard any adversarial candidate 234

that fails to preserve all ground-truth terms explic- 235

itly, introduces new sentiment-bearing adjectives, 236

or violates grammatical fluency constraints. This 237

ensures that any performance drop is attributable 238

solely to the model’s structural fragility. 239

3.2 Pathology Analysis and Motivation 240

Table 1 presents representative failure cases from 241

our diagnostic study, revealing two critical patholo- 242

gies in baseline models. As shown in the Con- 243

trastive example, the model hallucinates “side 244

dishes” as a positive aspect. This suggests the 245

model fails to parse the logical operator “rather 246

than” and instead relies on superficial lexical match- 247

ing. In the Inversion case, simply moving the opin- 248
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Attack Type Original Input (Correctly Predicted) Adversarial Input Model Error Type

Contrastive The pizza is tasty. It is the pizza, rather than the side dishes,
that is tasty.

Hallucination:

Extracts ‘side dishes‘ as aspect.

Embedding The service is slow. The service, if I recall correctly from my visit,
is slow.

Span Loss:

Fails to extract ‘service‘.

Inversion I liked the atmosphere. The atmosphere, to be honest, was what I
liked.

Polarity Flip:

Predicts ‘Neutral‘ instead of ‘Positive‘.

Table 1: Case studies of successful Multi-Surgical Attacks. The baseline model, while correct on the original
samples, fails under structural perturbations. The specific error types reveal the model’s reliance on superficial
heuristics.

Raw Data Len < τ ?
Hardening

(Clefts/Fronting)

Normalization
(SVO Fix)

Normalization
(Distillation)

Augmented
Data

Span 
Check +

Teacher LLM (DeepSeek-V3) 
Prompt: Adapt strategy by length

True

False

Verification 
Protocol

Strategy A

StrategyB No 
Hallucination

Figure 2: Overview of Adaptive Bi-SADA. Samples flow from left to right. Short sentences (len < τ ) undergo bidi-
rectional expansion (Strategy A), while long sentences undergo normalization (Strategy B). A rigorous verification
gate ensures semantic integrity before the student model fine-tuning.

ion to the front causes a polarity flip. This indicates249

that the model’s decision boundary is heavily an-250

chored to absolute positions rather than semantic251

dependencies.252

These findings highlight a critical limitation that253

standard instruction tuning fails to equip models254

with the structural flexibility needed for complex255

real-world logic. To address these specific vulnera-256

bilities—namely Syntactic Rigidity and Positional257

Bias—we propose a targeted curriculum learning258

framework in the following section.259

4 Adaptive Bi-SADA260

To address the specific pathologies identified in our261

diagnostic study—namely positional overfitting in262

simple structures and attention decay in complex263

ones—we propose Adaptive Bi-SADA (Bidirec-264

tional Structure-Aware Data Augmentation), as265

shown in Figure 2. Rather than applying a uni-266

form perturbation strategy, Bi-SADA constructs a267

length-aware curriculum that optimizes the training268

distribution by treating short and long samples as269

distinct pedagogical targets.270

4.1 Curriculum Formulation 271

Let Dtrain be the training set. We partition samples 272

using a length threshold τ (empirically τ = 15). As 273

illustrated in Figure 3, the transformation function 274

T is adaptive: 275

T (x) =

{
{Thard(x), Tnorm(x)}, if len(x) < τ

{Tnorm(x)}, if len(x) ≥ τ
(1) 276

For short sentences, we apply a bidirectional ex- 277

pansion to enrich structural diversity. For long sen- 278

tences, we strictly prohibit complication (Thard → 279

∅) to prevent generating unreadable text, applying 280

only normalization. 281

4.2 Direction I: Natural Structural Hardening 282

We apply Thard primarily to short samples to 283

counter Positional Bias. Unlike the adversarial 284

probes in Section 3 which aim to break the model, 285

Thard focuses on teaching Natural Linguistic Gen- 286

eralization. To achieve this, we instruct the Teacher 287

LLM to employ diverse but fluent syntactic struc- 288

tures. Specifically, we implement Focus Shifting 289
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System Prompt for Adaptive Augmen-
tation

You are an expert Data Augmenter. Adapt your output
based on the input sentence length (τ = 15).

GLOBAL CONSTRAINTS:

• Hard Span Constraint: Keep [Aspect] and
[Opinion] exact.

• No Hallucination: Do NOT add new adjec-
tives.

STRATEGY A: For "SHORT" Inputs (< τ )

• Goal: Bidirectional Expansion (1 → 2).

• Output 1 (Hardening): Use Clefts/Fronting
to disrupt order.

• Output 2 (Normalization): Convert frag-
ments to SVO.

STRATEGY B: For "LONG" Inputs (≥ τ )

• Goal: Unidirectional Distillation (1 → 1).

• Output 1 (Normalization): Simplify struc-
ture; remove fillers.

• Output 2 (Hardening): RETURN EMPTY
(Avoid complexity explosion).

Figure 3: The adaptive prompt used for Bi-SADA.
The curriculum dynamically adjusts the augmentation
intensity: short samples undergo bidirectional rewrit-
ing (Hardening + Normalization) to prevent overfitting,
while long samples undergo only Normalization to re-
duce noise.

via cleft constructions (e.g., “It is the service that290

is slow”), which forces the model to resolve hier-291

archical dependencies rather than linear sequences.292

Furthermore, we utilize Benign Embedding by in-293

serting natural connective phrases into dependency294

paths; this trains the attention mechanism to bridge295

gaps, explicitly countering the Short-Range My-296

opia pathology without compromising sentence flu-297

ency.298

4.3 Direction II: Syntactic Normalization299

We apply Tnorm to both short fragments and long300

run-on sentences to address Syntactic Rigidity.301

Real-world reviews are often colloquial and frag-302

mented. This operator transforms inputs into stan-303

dard Subject-Verb-Object (SVO) structures (e.g.,304

converting “Great food, bad service” to “The food305

is great, whereas the service is bad”). This pro-306

Split
ASQP Task ACOS Task

Rest-15 Rest-16 Laptop Rest

S Q S Q S Q S Q

Train 834 1,354 1,264 1,264 2,934 4,172 1,530 2,484
Dev 209 347 316 507 326 440 171 261
Test 537 795 544 799 816 1,161 583 916

Trainaug 2,074 3,279 3,124 4,737 8,526 12,053 3,760 5,823
Testadv 1,024 1,494 1,019 1,479 1,567 2,216 1,084 1,647

Table 2: Statistics of datasets. S and Q denote the count
of sentences and quadruplets. The gray rows indicate the
augmented training set and adversarial test set generated
in this work.

vides the model with clean dependency anchors, 307

stabilizing the learning of core sentiment semantics 308

before exposing the model to complex variations. 309

4.4 Generation-Time Verification 310

To ensure the integrity of our augmented data with- 311

out external filtering models, we enforce a rigor- 312

ous Generation-Time Protocol. As shown in the 313

“Global Constraints” of Figure 3, we enforce Hard 314

Span Preservation (ground-truth terms must persist) 315

and Null-Hallucination Constraints directly within 316

the generation pipeline. Any candidate violating 317

these constraints is discarded immediately. This 318

ensures that T (x) strictly preserves the semantic 319

manifold of the original sample x, preventing the 320

label noise issues common in previous augmenta- 321

tion works. 322

5 Experiments 323

5.1 Experimental Setup 324

Datasets and Protocols. We conduct comprehen- 325

sive experiments on four standard benchmarks cov- 326

ering two subtasks of aspect-based sentiment analy- 327

sis. For the ASQP task, we use Rest-15 and Rest-16 328

(Zhang et al., 2021a), which focus on restaurant 329

reviews. For the ACOS task, we utilize Laptop 330

and Rest-ACOS (Cai et al., 2021), which present 331

higher linguistic diversity and domain-specific ter- 332

minology. To rigorously evaluate model robustness, 333

we construct two specific data splits beyond the 334

standard ones. First, we generate an Augmented 335

Training Set (Dtrain-aug) via Adaptive Bi-SADA, 336

expanding the training data by approximately 2.5× 337

to enrich structural diversity, we explicitly retain 338

the original samples to ensure the model maintains 339

proficiency in standard syntactic patterns while 340

learning from the hardened curriculum. Second, 341

we construct an Adversarial Test Set (Dtest-adv) 342
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Method ASQP Task ACOS Task

Rest-15 Rest-16 Laptop Rest

Pre Rec F1 Pre Rec F1 Pre Rec F1 Pre Rec F1

LLM Baselines (Instruction-Tuned)
Qwen-2.5-7B 52.22 53.41 52.81 63.40 64.20 63.80 44.82 42.65 43.71 64.43 60.83 62.58
Llama-3.1-8B 51.92 52.90 52.41 60.27 62.31 61.27 46.13 44.29 45.19 63.77 63.35 63.56
Mistral-v0.3-7B 55.15 52.78 53.94 59.67 62.81 61.20 46.10 44.46 45.27 63.96 63.68 63.82

Generative Baselines
MvP - - 51.04 - - 60.39 - - 43.92 - - 61.54
DOT - - 51.91 - - 61.24 - - 44.92 - - 59.25
SimRP 53.12 53.50 53.30 62.74 64.12 63.42 - - - - - -
IVLS 54.46 48.53 51.28 62.69 59.75 61.04 43.47 33.45 43.71 60.46 51.14 55.25
ILO 47.78 50.38 49.05 57.58 61.17 59.32 44.14 44.56 44.35 58.43 58.95 58.69
MUL 49.12 50.39 49.75 59.24 61.75 60.47 44.38 43.65 44.01 61.22 59.87 60.53
E4L 54.12 55.35 54.73 63.98 64.46 64.21 45.38 46.08 45.73 65.46 64.37 64.91

Ours (Adaptive Bi-SADA)
+ Qwen-2.5 56.29 56.69 56.44 64.91 66.46 65.67 47.62 44.98 46.26 68.02 66.08 67.04
+ Llama-3.1 54.62 55.93 55.27 62.12 64.07 63.08 46.45 44.72 45.57 65.74 64.44 65.08
+ Mistral-v0.3 54.56 55.93 55.24 62.95 67.46 65.13 48.05 45.85 46.92 66.26 64.88 65.56

Table 3: Main results on standard benchmarks. Red and pink backgrounds denote the best and second-best F1
scores, respectively. Bi-SADA universally boosts the performance of all three LLM backbones, achieving SOTA
across all datasets.

using the Multi-Surgical Attack protocol, apply-343

ing one-to-many perturbations to create a hardened344

evaluation suite roughly 2× the size of the original,345

we intentionally exclude the original test samples346

to prevent performance dilution. Detailed statistics347

for all splits, including the number of sentences (S)348

and quadruplets (Q), are summarized in Table 2.349

Backbones and Baselines. To verify the model-350

agnostic effectiveness of our approach, we verify351

our method across three representative instruction-352

tuned LLMs: Qwen-2.5-7B-Instruct (Qwen et al.,353

2025), Llama-3.1-8B-Instruct (Touvron et al.,354

2023), and Mistral-7B-Instruct-v0.3 (Jiang et al.,355

2023). These models were selected for their supe-356

rior instruction-following capabilities and diverse357

architectural traits. For comparative analysis, we in-358

clude strong generative baselines such as DOT (Jun359

and Lee, 2025), SimRP (Jian et al., 2025), IVLS360

(Nie et al., 2024), ILO (Hu et al., 2022), MUL361

(Hu et al., 2023), E4L (Lai et al., 2025), and MvP362

(Gou et al., 2023), which represent the previous363

state-of-the-art in supervised ASQP.364

Implementation Details. We implement all ex-365

periments using PyTorch on a single NVIDIA366

A800 (80GB) GPU. Parameter efficiency is367

achieved via Low-Rank Adaptation (LoRA) ap-368

plied to all linear projection modules, with rank369

r = 64, α = 128, and dropout set to 0.05. We370

utilize the AdamW optimizer with a learning rate371

of 2e−4 and a cosine scheduler with a 0.03 warmup 372

ratio. The global batch size is set to 32, and the 373

maximum sequence length is fixed at 1024 tokens. 374

For the data augmentation phase, DeepSeek-V3 375

(DeepSeek-AI et al., 2025) serves as the teacher 376

model with a generation temperature of 0.7. 377

Evaluation Metrics. We report the F1 Score 378

based on exact quadruplet matching. For robust- 379

ness analysis, we additionally report the F1 Drop 380

Rate (∆), defined as ∆ = (F1std−F1adv)/F1std. 381

A lower ∆ indicates higher structural resilience. 382

5.2 Main Results 383

Table 3 reports the comparative performance of 384

our Adaptive Bi-SADA framework against com- 385

petitive baselines. We apply our method to three 386

representative backbones: Qwen-2.5, Llama-3.1, 387

and Mistral-v0.3. The results indicate three key 388

findings. 389

Universal Effectiveness across Backbones. 390

Adaptive Bi-SADA consistently boosts the per- 391

formance of all three LLMs, demonstrating that 392

our curriculum learning strategy is model-agnostic. 393

Comparing the “Base” models with their “Bi- 394

SADA” enhanced counterparts, we observe sig- 395

nificant F1 gains. For instance, Qwen-2.5 sees an 396

improvement of +3.63% on Rest-15 and +4.46% 397

on Rest (ACOS). Similarly, Mistral-v0.3 gains 398

+3.93% on Rest-16. This confirms that explicitly 399

6



Method Rest-15 Rest-16 Laptop Rest

Dstd Dadv Dstd Dadv Dstd Dadv Dstd Dadv

Llama-3.1-8B-Instruct
Base 52.41 50.78 (−1.63) 61.27 57.70 (−3.57) 45.19 41.86 (−3.33) 63.56 56.79 (−6.77)

+ Bi-SADA 55.27 54.20 (−1.07) 63.08 60.05 (−3.03) 45.57 43.54 (−2.03) 65.08 59.07 (−6.01)

Qwen-2.5-7B-Instruct
Base 52.81 46.99 (−5.82) 63.80 55.67 (−8.13) 43.71 41.39 (−2.32) 62.58 54.30 (−8.28)

+ Bi-SADA 56.44 51.86 (−4.58) 65.67 59.30 (−6.37) 46.26 43.69 (−2.57) 67.04 59.43 (−7.61)

Mistral-7B-Instruct-v0.3
Base 53.94 51.44 (−2.50) 61.20 57.35 (−3.85) 45.27 42.05 (−3.22) 63.82 57.16 (−6.66)

+ Bi-SADA 55.24 55.10 (−0.14) 65.13 63.63 (−1.50) 46.92 44.34 (−2.58) 65.56 59.57 (−5.99)

Table 4: Robustness analysis on Standard (Dstd) vs. Adversarial (Dadv) test sets. Values in parentheses denote
the Performance Gap (Dstd −Dadv). A smaller gap (closer to 0) indicates higher structural resilience. Bi-SADA
consistently reduces this gap across most datasets and backbones.

teaching structural normalization and hardening400

unlocks the potential of instruction-tuned models401

better than standard fine-tuning alone.402

State-of-the-Art Performance. Our method403

achieves new SOTA results on all four datasets. As404

highlighted in Table 3, the top-2 performing models405

(marked with dark and light gray backgrounds) are406

consistently Bi-SADA variants. Notably, Bi-SADA407

(Qwen) dominates the restaurant-domain datasets408

(Rest-15, Rest-16, Rest-ACOS), outperforming the409

previous best generative baseline E4L by margins410

of 1.71%, 1.46%, and 2.13% respectively. This411

suggests that Qwen’s strong multilingual alignment412

capability, combined with our structural augmenta-413

tion, yields the most precise sentiment extraction.414

Superiority in Complex Domains. On the Lap-415

top dataset, which is known for its technical termi-416

nology and diverse syntactic structures, Bi-SADA417

(Mistral) achieves the highest F1 score of 46.92%,418

surpassing both Qwen (46.26%) and the strong419

baseline E4L (45.73%). We hypothesize that Mis-420

tral’s sliding window attention mechanism may pro-421

vide an advantage in capturing the local syntactic422

nuances typical of technical reviews. Neverthe-423

less, both Qwen and Mistral variants of our method424

outperform all previous baselines, validating that425

structural hardening is particularly effective for do-426

mains with high linguistic variance.427

5.3 Robustness Analysis428

To verify whether the performance gains stem from429

genuine structural robustness rather than superfi-430

cial pattern matching, we subject all models to the431

Multi-Surgical Adversarial Test Set (Dadv). Ta-432

ble 4 compares the performance on standard data433

(Dstd) versus adversarial data (Dadv), with the Per- 434

formance Gap (Dstd−Dadv) shown in parentheses. 435

Mitigating Structural Collapse. Standard 436

Instruction-Tuned models exhibit significant 437

fragility when facing structural perturbations. For 438

instance, the Qwen-2.5 baseline suffers a drastic 439

F1 drop of 8.13 points on Rest-16 and 8.28 points 440

on Rest-ACOS. This confirms our diagnostic 441

hypothesis: standard models overfit to canonical 442

structures and struggle with logical distractors. In 443

contrast, Adaptive Bi-SADA acts as an effective 444

immunization strategy. It universally improves 445

absolute adversarial performance (e.g., +3.63 446

F1 for Qwen on Rest-16) while simultaneously 447

narrowing the performance gap. For Qwen 448

on Rest-16, the gap shrinks from 8.13 to 6.37, 449

indicating that a larger portion of the model’s 450

capability is structurally robust. 451

The Stability of Mistral. A remarkable finding 452

is the resilience of the Mistral-v0.3 + Bi-SADA 453

model. On the Rest-15 dataset, it achieves near- 454

perfect stability with a negligible performance gap 455

of only 0.14 points (55.24 vs. 55.10). Similarly, on 456

Rest-16, it reduces the gap from 3.85 (Base) to 1.50 457

(Ours). This suggests that Mistral’s architecture, 458

combined with our structural hardening curriculum, 459

learns to decouple semantic sentiment extraction 460

from syntactic surface forms more effectively than 461

other backbones. 462

Robustness in Diverse Domains. On the ACOS 463

datasets (Laptop and Rest), which feature higher 464

linguistic complexity, Bi-SADA continues to de- 465

fend against attacks. For Llama-3.1 on Laptop, 466

the performance drop is reduced from 3.33 to 2.03. 467
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Method Rest-15 Rest-16 Laptop Rest

Dstd Dadv Dstd Dadv Dstd Dadv Dstd Dadv

Qwen-2.5 (Base) 52.81 46.99 (−5.82) 63.80 55.67 (−8.13) 43.71 41.39 (−2.32) 62.58 54.30 (−8.28)

w/o Normalization (Hard) 54.99 51.75 (−3.24) 64.63 58.34 (−6.29) 44.59 42.18 (−2.41) 64.20 59.88 (−4.32)

w/o Hardening (Normal) 53.46 47.71 (−5.75) 64.17 58.46 (−5.71) 44.52 40.94 (−3.58) 64.32 57.06 (−7.26)

Adaptive Bi-SADA 56.44 51.86 (−4.58) 65.67 59.30 (−6.37) 46.26 43.69 (−2.57) 67.04 59.43 (−7.61)

Table 5: Ablation study of different augmentation components. “w/o Normalization” refers to using only hardened
samples, while “w/o Hardening” uses only normalized samples. The values in parentheses denote the performance
gap (∆). Bi-SADA achieves the best overall performance by synergizing both strategies.

These consistent improvements across three dis-468

tinct LLM families (Llama, Qwen, Mistral) and469

four datasets demonstrate that Adaptive Bi-SADA470

provides a model-agnostic enhancement to struc-471

tural reasoning capabilities.472

5.4 Ablation Study473

To disentangle the contributions of the Syntactic474

Normalization and Natural Structural Hardening475

components, we conducted an ablation study across476

all four datasets using the Qwen-2.5 backbone. We477

compare the full Adaptive Bi-SADA framework478

with two variants: w/o Hardening (Normal-only),479

where the model is trained only on original and nor-480

malized (simplified) data; and w/o Normalization481

(Hard-only), where the model sees only original482

and hardened (complex) samples. Table 5 summa-483

rizes the results, yielding three critical insights.484

Hardening Drives Robustness. Removing the485

hardening component leads to a significant decline486

in adversarial performance (Dadv). For instance,487

on the Rest-15 dataset, the adversarial F1 drops488

from 51.86 (Bi-SADA) to 47.71 (Normal-only),489

and the performance gap widens to 5.75. On Lap-490

top, the Normal-only model (40.94) performs even491

worse than the Base model (41.39) under attack.492

This confirms that exposing the model to complex,493

inverted, and embedded structures during training494

is non-negotiable for defending against structural495

perturbations.496

Normalization Boosts Standard Accuracy.497

While the Hard-only variant achieves strong robust-498

ness (small gaps), it consistently lags behind Bi-499

SADA in standard F1 (Dstd). On the Rest dataset,500

Bi-SADA achieves 67.04 on Dstd compared to501

64.20 for Hard-only. This suggests that applying502

normalization to long, fragmented sentences helps503

the model distill core semantic patterns, prevent-504

ing it from getting lost in the noise of real-world505

reviews.506

The Synergistic Effect. The full Adaptive Bi- 507

SADA achieves the highest Dstd scores across all 508

datasets while maintaining excellent robustness. 509

Although the Hard-only variant occasionally yields 510

a slightly higher adversarial score (e.g., 59.88 vs. 511

59.43 on Rest), it comes at the cost of a signifi- 512

cant drop in standard accuracy (-2.84). Bi-SADA 513

strikes the optimal balance, demonstrating that our 514

length-aware curriculum—hardening simple sam- 515

ples while normalizing complex ones—effectively 516

synergizes the benefits of both strategies. 517

6 Conclusion 518

In this work, we moved beyond standard perfor- 519

mance metrics to scrutinize the structural robust- 520

ness of Large Language Models in fine-grained 521

sentiment analysis. Our diagnostic study, enabled 522

by the Multi-Surgical Adversarial Attack, exposed 523

a critical vulnerability: even powerful instruction- 524

tuned models often rely on superficial positional 525

heuristics (“Fragile Giants”), crumbling under logi- 526

cal distractors and syntactic shifts. To bridge this 527

gap, we proposed Adaptive Bi-SADA, a curricu- 528

lum learning framework that bidirectionally nor- 529

malizes and hardens training samples based on 530

their syntactic complexity. By treating short and 531

long sentences as distinct pedagogical targets, we 532

successfully combined the benefits of structural im- 533

munization and syntactic distillation. Extensive ex- 534

periments across three LLM backbones (Qwen-2.5, 535

Llama-3.1, Mistral-v0.3) and four benchmarks ver- 536

ify that our method achieves a dual victory: setting 537

new State-of-the-Art F1 scores while significantly 538

reducing the performance degradation under adver- 539

sarial stress. For future work, we plan to extend 540

this adaptive curriculum to cross-domain transfer 541

scenarios and explore whether Chain-of-Thought 542

reasoning can further enhance structural resilience 543

against logical traps. 544
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7 Limitations545

Despite the promising results, our work has several546

limitations that invite future investigation.547

Our Adaptive Bi-SADA framework relies on a548

Teacher LLM (DeepSeek-V3) to generate syntac-549

tically diverse samples. While we implemented a550

strict generation-time verification protocol to filter551

hallucinations, the quality of the augmented data552

is ultimately upper-bounded by the linguistic ca-553

pability and instruction-following accuracy of the554

teacher model. Applying our method with smaller555

or less capable teacher models might yield subopti-556

mal results.557

The curriculum design relies on the length558

threshold τ (set to 15) to distinguish between559

“short” and “long” sentences. This value was de-560

termined empirically based on the distribution of561

the Rest15/16 datasets. In practice, the optimal562

threshold may vary across different domains where563

sentence structures are inherently longer or more564

complex. A dynamic or learnable thresholding565

mechanism remains to be explored.566

Our experiments are currently limited to En-567

glish datasets in the restaurant and laptop domains.568

While the ACOS task introduces some complexity,569

we have not verified the effectiveness of Bi-SADA570

on low-resource languages or highly specialized do-571

mains where syntactic structures differ significantly572

from standard English. Future work will assess the573

cross-lingual and cross-domain generalization of574

our structure-aware curriculum.575
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