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Abstract

Natural language understanding benefits from001
integrating complementary linguistic perspec-002
tives spanning syntax, semantics, and external003
knowledge. However, most existing Aspect-004
Based Sentiment Analysis (ABSA) models rely005
on isolated linguistic views or ad hoc fusion006
strategies, limiting their ability to jointly rea-007
son over diverse structural representations. We008
propose CMV-Fuse, a Cross-Modal View fu-009
sion framework that systematically integrates010
multiple linguistic perspectives, including Ab-011
stract Meaning Representation, constituency012
structure, dependency syntax, and semantic at-013
tention, augmented with external knowledge.014
CMV-Fuse employs a hierarchical gated fu-015
sion architecture to align local syntactic, in-016
termediate semantic, and global knowledge017
representations, while a structure-aware multi-018
view contrastive learning objective enforces019
cross-view consistency without introducing020
additional model complexity. Experiments021
on three benchmark datasets demonstrate that022
CMV-Fuse achieves consistent and competi-023
tive performance over strong recent baselines,024
with analysis showing how complementary lin-025
guistic views contribute to more robust aspect-026
opinion reasoning.027

1 Introduction028

Aspect-based sentiment analysis (ABSA) is a fine-029

grained task in sentiment analysis that aims to iden-030

tify the sentiment polarity of specific aspects within031

a sentence. For example, in the sentence "The032

small dish was delicious," ABSA must determine033

that "dish" has a mixed sentiment - negative from034

"small" (referring to portion size) and positive from035

"delicious" (referring to taste). This task requires a036

deep understanding of aspect-opinion relationships,037

making it a critical component of natural language038

understanding research, with practical applications039

in customer feedback analysis, opinion mining, and040

other domains.041

Figure 1: Constituent Tree, Dependency Tree and AMR
graph

Context-based methods struggle to associate 042

multiple opinion terms with an aspect simultane- 043

ously (e.g., linking “small” and “delicious” to 044

“dish”), while syntactic structure-based approaches 045

suffer from a critical semantic–syntactic mismatch. 046

As shown in Figure 1, surface-level syntactic struc- 047

tures often fail to capture sentiment-bearing seman- 048

tic relations: although “small” is attached to “dish” 049

via the amod relation, its grammatical position can 050

mislead models, as it resides within the subject 051

phrase governed by “was” rather than reflecting its 052

semantic role. In contrast, the AMR graph explic- 053

itly encodes “delicious-01” with dish as ARG1 and 054

represents modifiers such as “small” semantically. 055

However, existing knowledge-enhanced methods 056

struggle to integrate such structured information 057

efficiently, often relying on costly subgraph sam- 058

pling or weak cross-view alignment, limiting their 059

ability to distinguish sentiment attributes such as 060

portion size and taste. 061

Despite recent progress, existing sentiment mod- 062

els lack a principled mechanism for integrating het- 063

erogeneous linguistic representations that encode 064

complementary sentiment cues. Most prior work ei- 065

ther optimizes a single linguistic view (e.g., syntax, 066

semantics, or attention) or relies on ad hoc fusion 067

strategies such as feature concatenation or task- 068

specific heuristics, which limits cross-view align- 069

ment and generalization. Consequently, these mod- 070
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els struggle to jointly reason over global semantic071

abstractions (e.g., AMR), hierarchical phrase struc-072

ture (constituency), grammatical relations (depen-073

dency), and contextual associations (semantic atten-074

tion), especially in complex aspect-level scenarios.075

To address this gap, we propose CMV-Fuse1, a076

Cross-Modal View fusion framework that indepen-077

dently encodes complementary linguistic views and078

aligns them through a hierarchical fusion architec-079

ture. CMV-Fuse adopts a modular, plug-and-play080

design that enables state-of-the-art single-view en-081

coders to be systematically integrated, while explic-082

itly modeling cross-view interactions to strengthen083

aspect–opinion association.084

Our main contributions are as follows:085

1. We introduce CMV-Fuse, a unified plug and086

play architecture that synergizes AMR seman-087

tics, constituency parsing, dependency syn-088

tax, and semantic attention through cross-view089

consistency constraints to bridge the semantic-090

syntactic gap.091

2. We propose a three-level hierarchical gated092

fusion mechanism that orchestrates comple-093

mentary linguistic perspectives across local094

syntactic, intermediate semantic, and global095

knowledge levels within a unified architecture.096

3. We introduce a multi-view structure-aware097

contrastive learning objective to align the rep-098

resentations, enhancing cross-modal consis-099

tency without added complexity.100

4. Evaluation and ablation study on three ABSA101

benchmark datasets demonstrating that CMV-102

Fuse outperforms strong baselines, revealing103

how contrastive alignment of multiple linguis-104

tic views outperforms single structural per-105

spectives.106

2 Related Works107

2.1 Deep Learning Approaches for ABSA108

Early context-based methods focused on LSTMs109

and attention mechanisms. Tang et al. (2016) in-110

troduced Target-Dependent LSTM (TD-LSTM),111

and Wang et al. (2016) pioneered attention-based112

LSTM (ATAE-LSTM). Ma et al. (2017) advanced113

this with Interactive Attention Networks (IAN).114

However, these methods suffer from an aspect-115

opinion misalignment and limited structural aware-116

ness.117
1We will release the code upon acceptance

Graph-based syntactic methods emerged to cap- 118

ture structural relationships. Zhang et al. (2019) 119

pioneered AspectGCN by applying Graph Convo- 120

lutional Networks to dependency trees with aspect- 121

focused edge pruning. Sun et al. (2019) extended 122

this with Aspect-Specific GCN (ASGCN) using 123

learnable edge weights for aspect-specific depen- 124

dency adaptation. Liang et al. (2022) proposed the 125

combination of constituent and dependency trees 126

in ABSA to capture syntactic dependencies in both 127

bottom-up and top-down directions using attention 128

mechanisms, enabling richer contextual represen- 129

tations for each token. Li et al. (2021) introduced 130

Dual-GCN with parallel syntactic and semantic 131

graph encoders connected via BiAffine transfor- 132

mation. Yang et al. (2020) first explored con- 133

stituency parsing for ABSA, demonstrating com- 134

plementary phrase-level information to dependency 135

trees. Despite advances, syntactic methods face 136

critical semantic-syntactic mismatch where gram- 137

matical dependencies fail to align with sentiment- 138

bearing relationships.Semantic approaches, such as 139

Abstract Meaning Representation (AMR), provide 140

abstraction beyond syntax. Ma et al. (2023) intro- 141

duced APARN, which improves aspect-opinion as- 142

sociation through semantic roles. However, AMR- 143

based approaches for ABSA remain underexplored. 144

2.2 Multi-View Fusion and Knowledge 145

Integration 146

Recent work recognizes that single linguistic views 147

provide incomplete information. (Zhou et al., 2020) 148

pioneered knowledge graph sampling with Con- 149

ceptNet subgraphs for CommonsenseGCN, while 150

Zhong et al. (2023) developed Knowledge Graph 151

Augmented Network (KGAN) addressing computa- 152

tional complexity through efficient attention-based 153

knowledge fusion. However, these approaches face 154

knowledge-text alignment issues where external 155

representations often fail to align semantically with 156

textual features. 157

Multi-view fusion approaches attempt system- 158

atic integration of complementary representations. 159

Li et al. (2021) combined syntactic and semantic 160

graphs through BiAffine transformation, while re- 161

cent work also explored contrastive learning for 162

structural consistency. In ABSA, Liang et al. 163

(2021) applied contrastive learning to separate sen- 164

timent features based on polarity and patterns, and 165

Li et al. (2023) developed aspect-aware contrastive 166

learning to enforce consistency between different 167

structural views. Despite progress, existing ap- 168
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proaches remain limited to two or three views with169

simple fusion strategies, lacking scalable frame-170

works for systematic multi-view integration171

Although these prior ABSA models incorporate172

multiple linguistic features, their fusion mecha-173

nisms are often handcrafted or tightly coupled to174

specific representations, limiting extensibility and175

cross-view alignment. CMV-Fuse differs by intro-176

ducing a modular and hierarchical fusion frame-177

work that systematically aligns heterogeneous lin-178

guistic views, allowing complementary informa-179

tion to be integrated without redesigning task-180

specific architectures.181

3 Model Overview182

In the ABSA task, the goal is to predict the senti-183

ment polarity of an aspect term within a sentence.184

Let s = {w1, w2, . . . , wn} represent a sentence185

with n words, and a = {a1, a2, . . . , am} denote186

an aspect term, where a is a subsequence of s.187

The objective is to determine the sentiment polar-188

ity ca ∈ {Positive,Neutral,Negative} for the189

aspect a.190

As shown in Figure 2, our model con-191

sists of three key components: (1) Multi-View192

Graph Encoder, (2) Hierarchical Cross-Modal Fu-193

sion, and (3) Multi-view structure-aware Con-194

trastive Alignment. The process begins with195

BERT contextualized representations HBERT =196

{hBERT
1 , hBERT

2 , . . . , hBERT
n } ∈ Rn×d, obtained197

from sentence–aspect pairs formatted as x =198

[CLS] s [SEP] a [SEP], which serve as initial node199

features for the graph encoders that process Ab-200

stract Meaning Representations, constituency pars-201

ing, dependency syntax, and semantic attention to202

capture structural and contextual patterns.203

3.1 Multi-View Graph Encoder Module204

AMR Adjacency Matrix: Abstract Meaning Rep-205

resentation (AMR) provides a semantic abstrac-206

tion that captures the core meaning of sentences207

while abstracting away surface syntactic variations.208

Our CMV framework incorporates AMR graphs as209

a complementary representation for aspect-based210

sentiment analysis. We utilize AMR-BART (Bai211

et al., 2022) to generate AMR graphs from input212

sentences, converting them into token-aligned adja-213

cency matrices via concept-to-token mapping using214

LEAMR (Blodgett and Schneider, 2021).215

The token-level AMR adjacency matrix is con-216

structed using an edge vocabulary VAMR, which217

includes semantic relations such as argument roles 218

(:ARG0, :ARG1, :ARG2), modifiers (:mod, :man- 219

ner, :time), operators (:op1, :op2), and preposi- 220

tional relations (:prep-*). This vocabulary han- 221

dles relation transformations, including inverse re- 222

lations (e.g., ‘:ARG0-of‘ → ‘:ARG0‘) and preposi- 223

tional relations (‘:prep-X‘ → ‘X‘). 224

Let Eamr = {(s, r, t) | s, t ∈ [0, n), r ∈ Vamr} 225

represent the AMR edge set, where s, t are token 226

indices and r is the relation label. The adjacency 227

matrix Aamr ∈ Zn×n is defined as: 228

Aamr
ij =


Vamr(r) if edge (i, r, j) ∈ Eamr

Vamr(self) if i = j

Vamr(none) otherwise
(1) 229

Initially, the matrix is set to Vamr(none) for all 230

entries. Directed edges are populated with corre- 231

sponding relation indices Vamr(r), and the diagonal 232

entries are set to Vamr(self) to form self-loops. 233

Dependency Adjacency Matrix: To exploit 234

syntactic dependencies, we construct a dependency 235

parse tree T = (VT , ET ), where VT represents the 236

set of tokens, and ET denotes the set of directed 237

dependency edges. For each token wi, its syntactic 238

governor is defined as head(wi). The undirected 239

dependency graph Gdep = (V, Edep) is derived by 240

converting directed dependencies into symmetric 241

edges while maintaining the syntactic relationships. 242

The adjacency matrix Adep ∈ {0, 1}n×n for the 243

dependency graph is defined as: 244

Adep
ij =


1 if (wi, wj) ∈ Edep or

(wj , wi) ∈ Edep
1 if i = j

0 otherwise

(2) 245

Here, (wi, wj) ∈ Edep indicates a syntactic de- 246

pendency between tokens wi and wj . The ma- 247

trix ensures bidirectional connectivity along depen- 248

dency edges and self-loops at diagonal positions to 249

retain token-specific features during graph convo- 250

lution. 251

Constituency Adjacency Matrix: We adopt a 252

bottom-up constituency parsing approach to cap- 253

ture phrase-level syntactic relationships. Con- 254

stituency parsing organizes tokens into nested 255

phrasal units (e.g., S, NP, VP), forming hierarchical 256

graph connections that reflect both local and global 257

syntactic patterns. 258
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Figure 2: Model Architecture

Given a constituency parse tree, we define depth-259

based layers L = {Ld | d ∈ [0, D]}, where Ld260

includes all constituent nodes at depth d from the261

leaves, and D is the tree’s maximum depth. The262

multi-layer adjacency tensor Acon ∈ {0, 1}lc×n×n263

is constructed as:264

A
con(d)
ij =


1, if tokens wi, wj belong to

same constituent at depth d

0, otherwise
(3)265

Here, d is the depth level, and lc is the number266

of selected layers. We apply selective sampling267

at regular intervals to manage computational com-268

plexity, capturing both fine- and coarse-grained269

constituency relationships.270

Semantic Adjacency Matrix: To capture con-271

textual relationships between tokens, we construct272

a semantic adjacency matrix Asem ∈ Rn×n using273

multi-head self-attention, defined as:274

Asem
ij = softmax

(
MHA(hberti , hbertj )

)
(4)275

where MHA represents the multi-head attention276

score between tokens i and j, and the softmax func-277

tion normalizes the attention weights. Self-loops278

are added by assigning non-zero values to diagonal279

entries, and optional sparsification retains the most280

informative semantic links.281

3.2 Unified Graph Convolutional Networks 282

Our framework employs a unified Graph Convo- 283

lutional Network (GCN) to process four graph 284

representations: constituency (ConGCN), depen- 285

dency (DepGCN), semantic (SemGCN), and Ab- 286

stract Meaning Representation (AMR-GCN). This 287

unified approach ensures consistent feature propa- 288

gation across different structural views while pre- 289

serving representation-specific parameters. 290

3.2.1 Common GCN Formulation 291

For each graph structure, X ∈ 292

{con, dep, sem, amr}, we apply the same GCN op- 293

eration. Let HX = {hX1 , hX2 , . . . , hXn } represent 294

the node representations, where hXi ∈ Rd is the 295

feature vector for token i. The l-th GCN layer 296

updates each node as: 297

h
X,(l)
i = σ

(
1

dXi + 1

(∑
j

AX
ijh

X,(l−1)
j WX,(l)

+h
X,(l−1)
i WX,(l)

))
(5)

298

where WX,(l) is the learnable weight matrix, 299

dXi =
∑

j A
X
ij is the node degree, and σ(·) de- 300

notes ReLU activation. The summation aggregates 301
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neighboring features while the second term pre-302

serves self-node information.303

3.2.2 Graph-Specific Processing and304

Knowledge Integration305

Each graph structure is processed independently us-306

ing a unified GCN with view-specific layer depths.307

Specifically, the constituency, dependency, seman-308

tic, and AMR representations employ lc, ld, ls,309

and la layers, respectively, to capture hierarchi-310

cal parses, multi-hop syntactic relations, contex-311

tual associations, and semantic roles. This design312

allows each view to model its structural charac-313

teristics while sharing a consistent encoding op-314

eration. External knowledge is incorporated as315

Hkg = [hkg1 , hkg2 , . . . , hkgn ].316

3.3 Hierarchical Cross-Modal Fusion317

Network318

After processing each graph structure via the uni-319

fied GCN, a Hierarchical Fusion (HF) network in-320

tegrates multi-view representations at three levels:321

local syntactic fusion, intermediate semantic inte-322

gration, and global knowledge incorporation. This323

hierarchical approach preserves structural relation-324

ships while enabling effective cross-modal infor-325

mation exchange.326

3.3.1 Level 1: Local Syntactic Fusion327

At the local level, we integrate the constituency and328

dependency graph representations to capture com-329

plementary syntactic signals. The outputs from the330

final GCN layers for constituency and dependency331

are denoted by h
con,(lc)
i and h

dep,(ld)
i , respectively.332

A gating mechanism is used to balance these two333

views:334

Gsyn(i) = σ(Wsyn[h
con,(lc)
i ;h

dep,(ld)
i ]) (6)335

The fused syntactic representation is computed336

as:337

h̃syni = Gsyn(i)⊙ h
con,(lc)
i +338

(1−Gsyn(i))⊙ h
dep,(ld)
i (7)339

We then refine this vector using multi-head self-340

attention, followed by a residual connection and341

layer normalization:342

hsyni = LayerNorm
(
h̃syni +343

MHA(h̃syni , h̃syni , h̃syni )
)

(8)344

The final representation h
syn
i encodes both fine- 345

grained syntactic and contextual relationships, pro- 346

viding a rich input for higher-level semantic fusion. 347

3.3.2 Level 2: Intermediate Semantic 348

Integration 349

At the intermediate level, we fuse deep semantic 350

information by combining Abstract Meaning Rep- 351

resentation (AMR) features and semantic role atten- 352

tion outputs. Let hsem,(ls)
i and h

amr,(la)
i denote the 353

outputs from the final GCN layers of the semantic 354

and AMR graphs, respectively. We use a learnable 355

gate to combine them: 356

h̃semi = Gsem(i)⊙ h
sem,(ls)
i + 357

(1−Gsem(i))⊙ h
amr,(la)
i (9) 358

To enable interaction between syntactic and se- 359

mantic perspectives, we apply multi-head cross- 360

attention between the fused semantic representa- 361

tion and the local syntactic embedding hsyni : 362

h̃interi = LayerNorm
(
h̃semi + 363

MHA(h̃semi , hsyni , hsyni )
)

(10) 364

Finally, the concatenation of the local syntactic 365

embedding, refined semantic embedding, and orig- 366

inal contextualized BERT token embedding hi is 367

passed through a feedforward network: 368

hinteri = FFN([hsyni ; h̃interi ;hi]) (11) 369

The resulting hinteri serves as a unified interme- 370

diate representation, incorporating both syntactic 371

and semantic information. 372

3.3.3 Level 3: Global Knowledge Integration 373

At the global level, we incorporate external knowl- 374

edge to enhance semantic understanding. The inter- 375

mediate token representation hinteri is fused with 376

corresponding knowledge graph embeddings hkgi 377

using a learnable gate: 378

h̃kgi = Gkg(i)⊙ hinteri + (1−Gkg(i))⊙ hkgi
(12)

379

The gated representation is refined through multi- 380

head cross-attention to enable global information 381

exchange, with the intermediate features as keys 382

and values. This is followed by residual connection 383
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and layer normalization to produce the final global384

representation:385

hglobali = LayerNorm
(
h̃kgi +386

MHA(h̃kgi , hinteri , hinteri )
)

(13)387

The output hglobali serves as a comprehensive388

representation, integrating syntactic, semantic, and389

knowledge-based features for downstream tasks.390

3.3.4 Cross-Modal Global Fusion391

To enable efficient cross-modal interaction, we392

project both BERT and global graph features to a393

lower-dimensional space and apply cross-modal at-394

tention to capture interactions between textual and395

structural representations. The final hierarchical fu-396

sion combines all levels with learnable importance397

weights:398

hfinali = α1h
syn
i +α2h

inter
i +α3h

enhanced
i (14)399

where αi = softmax(α)i are learnable hierarchi-400

cal weights that adaptively balance contributions401

from different fusion levels, and henhancedi incorpo-402

rates cross-modal interactions and feature enhance-403

ment through residual connections.404

This hierarchical fusion architecture ensures that405

information flows progressively from fine-grained406

syntactic patterns to high-level semantic under-407

standing, while maintaining the structural inductive408

biases learned by each specialized GCN compo-409

nent.410

3.4 Multi-view structure-aware Contrastive411

Learning412

Our framework incorporates three contrastive ob-413

jectives to enhance complementary structural rep-414

resentations: syntactic-semantic alignment, AMR415

consistency, and knowledge graph alignment.416

To ensure computational efficiency, we focus417

contrastive learning on semantically salient nodes418

rather than all token pairs. We compute an419

attention-based importance score for each token420

using the semantic attention matrix Asem ∈ Rn×n:421

importance(i) =
1

n

n∑
j=1

Asem
ij +

n
max
j=1

Asem
ij (15)422

This formulation captures both global connectiv-423

ity (mean attention) and peak semantic relevance424

(max attention), identifying tokens that serve as425

effective anchors for structural learning. Following426

the multi-head pooling strategy in MP-GCN (Zhao 427

et al., 2022), we select the top-k tokens per sen- 428

tence where k = max(1, ⌊(log10(max(2, n)))2⌋). 429

This sparse sampling approach is theoretically 430

grounded in Bourgain’s Theorem (You et al., 431

2019), which demonstrates that O(log2 n) land- 432

mark points suffice to preserve essential structural 433

properties in metric spaces. 434

For an anchor token i, we define a unified con- 435

trastive loss that applies to both syntactic and AMR 436

views. The loss encourages proximity to struc- 437

turally relevant tokens while pushing unrelated 438

ones apart, using a margin-based objective: 439

LT (i) =
1

δ
· ReLU

(
d̄pos − d̄neg + γ

)
(16) 440

where T ∈ {syn, amr}, d̄pos and d̄neg are the av- 441

erage distances to positive and negative samples, 442

respectively, γ is the margin, and δ is a normaliza- 443

tion factor. 444

For the syntactic case (T = syn), positive 445

samples include tokens connected via dependency 446

edges, second-order constituency edges (present 447

in the constituency graph but not in the depen- 448

dency), and the anchor token itself. In the AMR 449

case (T = amr), positive samples are tokens se- 450

mantically connected to the anchor through AMR 451

relations (i.e., where the AMR adjacency matrix 452

value is non-zero), excluding the anchor token. 453

The knowledge graph (KG) contrastive loss is 454

defined as: 455

Lkg =
1

N

N∑
i=1

Lkg(hi) (17) 456

457

Lkg(hi) = − log
sim(proj(h̃text

i ), h
kg
i )∑N

j=1 sim(proj(h̃text
i ), h

kg
j )

(18) 458

Text features from the dependency GCN are pro- 459

jected into the KG space and L2-normalized before 460

applying the InfoNCE loss. Tokens at the same 461

position form positive pairs. Here, proj(·) repre- 462

sents the L2-normalized linear projection from text 463

to KG embedding space, sim(·) is the cosine sim- 464

ilarity, and N is the total number of valid tokens 465

across the batch. 466

Finally, the unified supervised contrastive loss 467

combines all objectives with learnable balancing 468

coefficients: 469

Lscl = λsyn
∑
i∈I

Lsyn(i)+λamr
∑
i∈I

Lamr(i)+λkgLkg

(19) 470
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where I denotes the set of selected important nodes471

across all samples in the batch, and λsyn, λamr, and472

λkg are hyperparameters controlling the relative im-473

portance of syntactic, AMR, and knowledge graph474

alignment objectives.475

3.5 Training Objective476

For the primary aspect-based sentiment analysis477

(ABSA) task, we apply a standard cross-entropy478

loss over the final hierarchically fused representa-479

tions. Given the final token representations hfinali480

from the hierarchical fusion network, we com-481

pute aspect-specific sentiment predictions through482

a classification head:483

LCE = − 1

M

M∑
m=1

C∑
c=1

ycm log pcm (20)484

where M is the number of training samples, C is485

the number of sentiment classes, ycm is the ground486

truth label (1 if sample m belongs to class c, 0487

otherwise), and pcm is the predicted probability for488

class c obtained through softmax normalization489

over the classification logits.490

The complete training objective integrates both491

the task-specific cross-entropy loss and the multi-492

view contrastive regularization:493

Ltotal = LCE + Lscl (21)494

This unified objective enables the model to si-495

multaneously learn discriminative representations496

for sentiment classification while enforcing struc-497

tural consistency across multiple graph views. The498

contrastive component acts as a regularizer, en-499

couraging the model to preserve complementary500

structural relationships encoded in syntactic depen-501

dencies, semantic roles, and external knowledge,502

ultimately leading to more robust and interpretable503

aspect-based sentiment analysis.504

4 Experiments505

In this section, we outline the experimental setup,506

including the datasets, implementation details, and507

baseline models used for comparison. We then508

present performance results under both basic and509

advanced evaluation settings. Finally, we provide510

a qualitative analysis by examining representative511

examples to gain deeper insights into the model’s512

behavior and effectiveness.513

Dataset Positive Negative Neutral

Train Test Train Test Train Test

Restaurant14 2164 727 807 196 637 196
Laptop14 976 337 851 128 455 167
Twitter 1507 172 1528 169 3016 336

Table 1: Sentiment class distribution for SemEval14,
and Twitter datasets.

4.1 Datasets and Experimental Setup 514

We experiment on three aspect-level sentiment 515

datasets: Restaurant14, Laptop14, and Twitter from 516

the SemEval 2014 ABSA challenge, removing 517

conflicting sentiment labels. Dataset statistics are 518

shown in Table 1. 519

For AMR preprocessing, we use AMRBART 520

(Bai et al., 2022) for semantic parsing and (Blodgett 521

and Schneider, 2021) for token alignment, with Su- 522

Par (Zhang, 2020) for dependency and constituent 523

tree parsing. 524

To incorporate external knowledge, we use 525

WordNet(Princeton University, 2025) as a lexical- 526

semantic knowledge base, which is converted into 527

relational triples encoding synonymy, antonymy, 528

and hypernym–hyponym relations. Knowledge 529

graph embeddings are trained on these triples using 530

OpenKE(THUNLP, 2018) with DistMult, and the 531

resulting embedding matrix serves as the external 532

knowledge representation hkg. Each input token is 533

linked to its corresponding WordNet concept via 534

lemma matching, and the associated embedding is 535

retrieved from the trained model. 536

We use the bert-base-uncased model Devlin et al. 537

(2019) with 768-dimensional hidden vectors and 538

a sequence length of 100. For the three datasets 539

(in the order of Table 2), the AMRGCN, DepGCN, 540

ConGCN, and SemGCN layers are set to (1, 9, 6), 541

(5, 9, 6), (3, 9, 3), and (7, 3, 6) with β coefficients 542

as (0.5, 0.2, 0.5). Hyperparameters δ and γ are set 543

to 10 and 0.2. We train for 15 epochs, evaluating 544

after each epoch. All experiments run on A100 545

GPUs, with each dataset taking an average of 15 546

minutes. Performance is evaluated using Accuracy 547

and macro-F1 scores. 548

4.2 Main Results 549

Table 2 shows the experimental results on the 550

SemEval-2014 datasets. CMV-Fuse demonstrates 551

competitive performance across all three datasets. 552

In Restaurant14, Laptop14 and Twitter, it beats 553

all the baseline models in accuracy (87.76%, 554

82.71%, 78.13%) and achieves comparable Macro- 555
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Model Restaurant14 Laptop14 Twitter

Accuracy Macro-F1 Accuracy Macro-F1 Accuracy Macro-F1

BERT(Devlin et al., 2019) 85.62 78.28 77.58 72.38 75.28 74.11
dotGCN(Chen et al., 2022) 86.16 80.49 81.03 78.10 78.11 77.00
R-GAT(Wang et al., 2020) 86.60 81.35 78.21 74.07 76.15 74.88
KE-IGCN(Wan et al., 2023) 86.70 81.05 81.06 77.89 - -
Dual GCN(Li et al., 2021) 87.13 81.16 81.80 78.10 77.40 76.02
SSEGCN(Zhang et al., 2022) 87.31 81.09 81.01 77.96 77.40 76.02
BiSyn-GAT(Liang et al., 2022) 87.49 81.63 82.44 79.15 77.99 76.80
TextGT(Yin and Zhong, 2024) 87.31 82.27 81.33 78.71 77.70 76.45
S2GSL(Chen et al., 2024a) 87.31 82.84 82.46 79.07 77.84 77.11
Bert+CD(Tian et al., 2024) 87.32 81.94 82.25 79.65 - -
DMAN(Chen et al., 2024b) 87.59 82.47 82.29 78.91 - -
MambaforGCN+BERT(Lawan et al., 2025) 86.68 80.86 81.80 78.59 77.67 76.88
CMV-Fuse (ours) 87.76 81.99 82.71 79.79 78.13 77.06

Table 2: Performance comparison of CMV-Fuse and baselines on the Restaurant14, Laptop14, and Twitter datasets
using Accuracy and Macro-F1

F1 (81.99%, 79.79%, 77.06%). This highlights the556

effectiveness of our Cross Modal-View Fusion in557

capturing aspect-sentiment relationships.558

Compared to syntax-centric graph models such559

as Dual GCN (87.13%) and dotGCN (86.16%),560

CMV-Fuse improves accuracy on Restaurant14 by561

+0.63% and +1.60%, respectively, demonstrating562

the benefit of incorporating semantic abstraction563

and external knowledge beyond purely syntactic564

structures. Compared with BiSyn-GAT, which565

jointly models constituency and dependency trees,566

CMV-Fuse achieves consistent gains of +0.27%567

accuracy on Restaurant14 and +0.14% on Twit-568

ter, highlighting the advantage of systematic multi-569

view integration over syntax-only dual-graph de-570

signs. CMV-Fuse also remains competitive with571

recent semantic and graph enhanced SOTA mod-572

els, outperforming TextGT by +0.45% accuracy on573

Restaurant14 and S2GSL by +0.40% on Twitter,574

while achieving the best overall performance on575

Laptop14 (82.71% accuracy, 79.79% Macro-F1).576

Overall, these results indicate that integrating AMR577

semantics, syntactic structure, semantic attention,578

and external knowledge enables more robust aspect-579

level sentiment reasoning across diverse datasets.580

We conduct comprehensive ablation studies (Ap-581

pendix B) to isolate and understand the individ-582

ual contribution of each view (AMR, DEP, CON,583

SEM, KG), effectiveness of complementary view584

pairings and impact of different training objec-585

tives (e.g., alignment and contrastive losses) on586

performance gains. This analysis clarifies which587

components drive performance gains and avoids588

attributing improvements to the framework with-589

out evidence (results in Appendix B Tables 3 and590

4). Results show that combining all three views 591

(AMR, syntax, and knowledge) achieves the best 592

performance (87.76%accuracy). Contrastive learn- 593

ing, especially for semantic consistency, is crucial 594

for model performance. 595

5 Conclusion 596

This work presents CMV-Fuse, a unified modular 597

ABSA framework that integrates multiple linguis- 598

tic views, including AMR semantics, dependency 599

and constituency syntax, semantic attention, and 600

external knowledge. Unlike prior methods that 601

rely on isolated structures, CMV-Fuse uses a hier- 602

archical gated fusion mechanism to jointly model 603

local syntactic cues, intermediate semantic repre- 604

sentations, and global knowledge signals, aligning 605

with the layered nature of language understand- 606

ing. A multi-view contrastive learning objective 607

further aligns complementary representations and 608

improves cross-view consistency with low over- 609

head. Experiments show that CMV-Fuse consis- 610

tently outperforms strong baselines, while ablation 611

studies confirm the complementary contributions 612

of each linguistic view and the model’s robustness 613

across diverse sentiment settings. Overall, CMV- 614

Fuse advances more integrated, interpretable, and 615

linguistically grounded sentiment analysis, with po- 616

tential for cross-domain, multilingual, and fairness- 617

aware extensions. 618

6 Limitation 619

While our model offers flexibility by integrating 620

multiple linguistic representations (e.g., depen- 621

dency, constituency, AMR, and KG-based views), 622

it also presents certain limitations. First, the ef- 623

8



fectiveness of individual representations varies de-624

pending on dataset characteristics. For instance,625

datasets such as Restaurants, which contain shorter626

and more aspect-specific samples, may not benefit627

from complex semantic or long-range dependency628

modeling; a simple syntactic structure (e.g., de-629

pendency parsing) is often sufficient. Conversely,630

datasets like Laptops typically involve longer and631

semantically richer sentences that require more ad-632

vanced representations, such as AMR or contex-633

tualized embeddings. Consequently, determining634

which representations meaningfully contribute to a635

specific dataset remains a challenge.636

Another limitation lies in the reliance on off-the-637

shelf parsers for generating linguistic views (e.g.,638

dependency, constituency, or AMR parses). While639

these tools simplify preprocessing, their inherent640

parsing errors or domain mismatches can propagate641

through the model and affect overall performance.642

Additionally, the KG-based component depends on643

the availability and quality of an external knowl-644

edge graph tailored to the target domain, which645

may not always exist or be easy to construct.646

Finally, the current evaluation is limited to En-647

glish benchmark datasets; future work should ex-648

plore multilingual and domain-general extensions,649

as well as deeper interpretability analyses to better650

understand how each view contributes to the final651

prediction.652
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A Appendix A: Baseline Methods 830

We compare CMV-Fuse with several state-of-the- 831

art models, including: (1) BERT (Devlin et al., 832

2019), a general pre-trained model with a classifi- 833

cation head for ABSA; (2) R-GAT (Wang et al., 834

2020), which uses a relational GAT for aspect- 835

based dependency structures; (3) DualGCN (Li 836

et al., 2021), a dual GCN that merges features 837

from sentences and dependency trees; (4) dot- 838

GCN (Chen et al., 2022), which uses a latent tree 839

structure for aspects; and (5) SSEGCN (Devlin 840
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et al., 2019), incorporates aspect-aware attention841

in GCNs.(6) KE-IGCN (Wan et al., 2023) aims842

to select the highly relevant subgraphs, and pro-843

poses an interaction strategy to evaluate the inter-844

action between external knowledge and the input845

text. (7) BiSyn-GAT (Liang et al., 2022) graph-846

based model that captures syntactic dependencies847

in both bottom-up and top-down directions using848

attention mechanisms, enabling richer contextual849

representations for each token. (8) TextGT em-850

ploys a double-view graph transformer to integrate851

syntactic and semantic dependencies for ABSA.852

(9) S2GSL models syntactic graphs with graph853

structure learning to improve aspect–opinion in-854

teraction. (10) Bert+CD enhances BERT with855

contextualized dependency(CD) representation, in-856

jecting syntactic dependency information into to-857

ken embeddings. (11) DMAN, a Dual Mode At-858

tention Network that jointly models semantic and859

syntactic information through complementary at-860

tention mechanisms. (12) MambaforGCN+Bert861

integrates the Mamba sequencing modeling archi-862

tecture with GCN and BERT, leveraging long range863

dependency modeling from Mamba and structured864

syntactic reasoning from GCN.865

B Appendix B: Ablation study866

B.1 Ablation Study867

We conduct comprehensive ablation studies to iso-868

late and understand869

1. the individual contribution of each view870

(AMR, DEP, CON, SEM, KG)871

2. the effectiveness of complementary view pair-872

ings873

3. the impact of different training objectives874

(e.g., alignment and contrastive losses) on per-875

formance gains.876

This analysis clarifies which components drive877

performance gains and avoids attributing improve-878

ments to the framework without evidence (results879

in Appendix Tables 3 and 4).880

We conduct comprehensive ablation studies to881

validate the contribution of each component in882

CMV-Fuse, examining multi-view combinations,883

contrastive learning objectives, and architectural884

design choices. All experiments are conducted on885

Restaurant14 unless otherwise specified.886

Hamr Hsyn Hkg Acc. (%) F1 (%)

✓ 86.91 79.94
✓ 86.26 79.65

✓ 86.54 79.69
✓ ✓ 87.01 80.73
✓ ✓ 87.10 80.87

✓ ✓ 86.54 80.62
✓ ✓ ✓ 87.23 80.82

Table 3: Ablation study of Different Multi View Fusion
Combinations on the Restaurant14 dataset.

B.1.1 Effects of Different Multi View Fusion 887

Combinations 888

Table 3 systematically evaluates all combinations 889

of our three core representations: AMR-based se- 890

mantic (Hamr), syntactic structures (Hsyn), and ex- 891

ternal knowledge (Hkg). Individual views show 892

that Hamr achieves the highest standalone perfor- 893

mance (86.91% accuracy), validating semantic ab- 894

straction’s discriminative power for ABSA. Among 895

pairwise combinations, Hamr +Hkg (87.10%) per- 896

forms best, demonstrating effective knowledge- 897

semantic synergy, while Hsyn + Hkg (86.54%) 898

shows minimal gains, indicating syntactic struc- 899

tures require semantic abstraction to effectively 900

leverage external knowledge. The full three-way 901

combination achieves optimal results (87.23%), 902

confirming that systematic multi-view integration 903

provides the most robust representation. 904

Model Acc. (%) F1 (%)

Our CMV-Fuse 87.76 79.21

W/O Lscl 87.38 81.72
W/O Lamr 86.82 79.11
W/O Lsyn 86.54 80.00
W/O Lkg 87.01 80.62

Table 4: Ablation study of Different Multi View Loss
Contributions on the Restaurant14 dataset

B.1.2 Effects of Different Multi View Loss 905

Contributions 906

Table 4 reveals that contrastive learning is essen- 907

tial: removing Lamr causes the largest degradation 908

(-0.94% accuracy, -2.88% F1), demonstrating criti- 909

cal importance of semantic consistency, while elim- 910

inating all contrastive objectives results in severe 911

performance loss (-1.22% accuracy, -2.99% F1). 912
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Our full model with hierarchical fusion and all con-913

trastive objectives achieves 87.76% accuracy and914

81.99% F1, significantly outperforming the con-915

catenation baseline (+0.53% accuracy).916
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