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Abstract
Leveraging pre-trained language models (LMs)001
together with knowledge graphs (KGs) has be-002
come a common paradigm for commonsense003
question answering (CommonsenseQA), as it004
combines linguistic understanding with struc-005
tured factual knowledge. In this setting, the006
core challenge lies not in the availability of ex-007
ternal knowledge, but in selecting the candidate008
answer that best satisfies both linguistic seman-009
tic constraints and structured knowledge con-010
straints. Existing language model–knowledge011
graph (LM–KG) approaches predominantly012
rely on cross-modal alignment, assuming that013
increased representational agreement leads to014
improved reasoning. However, in Common-015
senseQA, semantic discrepancies between lan-016
guage models and knowledge graphs frequently017
indicate constraint violations, where linguistic018
plausibility conflicts with graph structure or019
vice versa. By smoothing out such discrepan-020
cies, alignment-centric methods obscure criti-021
cal reasoning signals. To address this limita-022
tion, we propose Semantic-Aware Reasoning023
Network (DCRN), which explicitly models se-024
mantic discrepancy between LMs and KGs as025
a reasoning signal rather than noise. DCRN026
leverages discrepancy-aware learning to sup-027
port more reliable joint reasoning for Question028
Answering.029

1 Introduction030

Using pre-trained Language Models (LMs) to-031

gether with Knowledge Graphs (KGs) has become032

one of the mainstream paradigms for commonsense033

question answering (CommonsenseQA). LMs pro-034

vide strong contextual understanding and broad035

parametric knowledge, while KGs offer structured036

factual relations and explicit connectivity. Combin-037

ing them is expected to support more reliable com-038

monsense reasoning, especially when questions039

require multi-hop inference or factual grounding.040

Despite this progress, joint reasoning over LMs041

and KGs remains challenging. Prior work often ag-042

gregates encoded representations from both modali- 043

ties and computes similarity scores to guide answer 044

selection (Fang et al., 2020; Yasunaga et al., 2021). 045

Such aggregation can work when evidence from 046

the two modalities is consistent, but it is less ef- 047

fective for reasoning-intensive commonsense ques- 048

tions, where multiple candidates can be linguisti- 049

cally plausible and only subtle constraints distin- 050

guish the correct answer. 051

To improve joint reasoning, recent studies have 052

explored stronger cross-modal interaction mech- 053

anisms and alignment. JointLK (Sun et al., 054

2022) employs a bidirectional attention mod- 055

ule to facilitate information exchange, while 056

GreaseLM (Zhang et al., 2021) uses shared inter- 057

action layers for fusion. QAT (Park et al., 2023) 058

models structural and semantic relations via meta- 059

paths and applies self-attention for reasoning, and 060

GRT (Zhao et al., 2024) further incorporates knowl- 061

edge triples as graph features to reduce modal- 062

ity gaps. Although these methods improve cross- 063

modal interaction, they largely follow an alignment- 064

centric paradigm, which emphasizes increasing rep- 065

resentational agreement between LMs and KGs. 066

However, the core challenge in Common- 067

senseQA is not simply to align two modalities. It is 068

to select the candidate answer that is most consis- 069

tent with both linguistic semantics and structured 070

knowledge. These discrepancies arise because the 071

two modalities encode complementary but differ- 072

ent signals: LMs capture fine-grained contextual 073

semantics but may lack explicit factual grounding, 074

whereas KGs provide reliable relational knowledge 075

but have limited capacity for nuanced semantic in- 076

terpretation. In many cases, such discrepancies 077

indicate constraint violations, where an answer is 078

plausible under one modality but conflicts with the 079

other. Alignment-centric approaches that smooth 080

out these discrepancies can remove useful cues for 081

distinguishing correct answers from hard distrac- 082

tors. 083
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Motivated by this, we propose a discrepancy-084

driven reasoning framework, DCRN (Discrepancy-085

driven Consistency Reasoning Network), for086

CommonsenseQA. DCRN addresses the inherent087

semantic differences between language models088

(LMs) and knowledge graphs (KGs) by explicitly089

exposing and utilizing cross-modal discrepancies090

for complementary reasoning, rather than enforc-091

ing representational alignment. Specifically, we092

feed contextual representations from LMs and se-093

mantic representations from KGs into a Semantic094

Discrepancy-Aware Reconstruction module, which095

leverages cross-modal semantic conditioning and096

reconstruction-based supervision to isolate infor-097

mative discrepancy residuals. Furthermore, these098

residual semantic discrepancies are transformed099

into explicit representations through an Semantic100

Fusion Mapping, enabling discrepancy-aware con-101

sistency reasoning for answer selection.102

Our contributions are summarized as follows:103

• We propose DCRN, a discrepancy-driven104

consistency reasoning framework for Com-105

monsenseQA that explicitly models cross-106

modal semantic discrepancies between lan-107

guage models and knowledge graphs.108

• We introduce Semantic Discrepancy-Aware109

Reconstruction, which exposes and structures110

semantic residuals induced by cross-modal111

conditioning.112

• We propose an Semantic Fusion Mapping113

module that transforms residual discrepan-114

cies into first-class semantic features for115

consistency-based reasoning.116

• Extensive experiments on four cross-domain117

QA benchmarks show that DCRN achieves118

state-of-the-art performance on commonsense119

and medical question answering tasks, demon-120

strating the effectiveness of discrepancy-121

driven consistency reasoning.122

2 Preliminaries123

2.1 LM+KG Question Answering124

Language model and knowledge graph based125

question answering (LM+KG QA) combines pre-126

trained language models (LMs) and structured127

knowledge graphs (KGs) for reasoning-intensive128

tasks. Given a question q and candidate an-129

swers C = a1, . . . , an, the LM encodes the ques-130

tion–answer text to capture contextual semantics,131

while a task-specific subgraph g = (V,E) is ex- 132

tracted from the KG and encoded to model rela- 133

tional knowledge. The textual and graph repre- 134

sentations are then integrated to estimate the plau- 135

sibility of each answer choice, typically through 136

alignment, fusion, or joint reasoning mechanisms, 137

forming a general framework for commonsense 138

and knowledge-intensive question answering. 139

2.2 Cross-modal Reasoning Paradigms 140

Cross-modal reasoning in LM+KG QA aims to 141

leverage both contextual semantics from language 142

models and structured relational knowledge from 143

graphs. In this work, we adopt a discrepancy- 144

driven reasoning paradigm that does not enforce 145

early alignment between modalities. Instead, we 146

allow LM and KG representations to interact under 147

mutual semantic constraints, expose their residual 148

discrepancies through reconstruction, and explic- 149

itly represent such discrepancies for downstream 150

reasoning. This paradigm enables the model to 151

reason over cross-modal consistency rather than 152

relying solely on aligned representations. 153

3 Methodlogy 154

3.1 Semantic Discrepancy-Aware 155

Reconstruction 156

We introduce a discrepancy-aware semantic recon- 157

struction mechanism with two components. Cross- 158

Modal Semantic Conditioning allows LM and 159

KG representations to interact and expose seman- 160

tic discrepancies, while the Learnable Routing 161

Filter selectively reconstructs representations by 162

preserving informative discrepancy signals and sup- 163

pressing redundant cross-modal information. 164

Cross-Modal Semantic Conditioning. To expose 165

semantic discrepancies between language models 166

(LMs) and knowledge graphs (KGs), DCRN per- 167

forms cross-modal semantic conditioning that al- 168

lows each modality to interpret the input under the 169

semantic constraints of the other, without enforcing 170

early alignment. This process preserves modality- 171

specific inductive biases while making cross-modal 172

semantic residuals observable. 173

Given an input context sequence {wi}Mi=1, we 174

obtain contextual token representations using a pre- 175

trained language model: 176

{t̃0, t̃1, . . . , t̃M} = EncoderLM({w1, . . . , wM}),
(1) 177

where {t̃i}Mi=1 ∈ RD denotes contextual token em- 178

beddings and t̃0 corresponds to the [CLS] token. 179
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Figure 1: Overall architecture of DRCN. The framework processes question-answer pairs and retrieved subgraphs
through three main stages: (1) Semantic Discrepancy-Aware Reconstruction captures semantic gaps between textual
tokens and graph nodes, (2) Semantic Fusion Mapping integrates discrepancy signals to enhance representations, (3)
Discrepancy-aware Joint Reasoning combines enhanced representations to generate the final plausibility score.

In parallel, entity nodes in the retrieved knowledge180

subgraph are encoded as E = {ei}|V |
i=1 ∈ RD fol-181

lowing (Fang et al., 2020). The central subgraph182

node is initialized with the [CLS] representation to183

establish a shared semantic anchor across modali-184

ties.185

To capture fine-grained intra-modal semantics,186

we apply text and graph semantic refinement at187

each layer using Text Semantic Conditioning (TSC)188

and Graph Semantic Conditioning (GSC) modules:189

{t̃l1, . . . , t̃lM} = TSC({tl−1
1 , . . . , tl−1

M }), (2)190

191
{ẽl1, . . . , ẽl|V |} = GSC({el−1

1 , . . . , el−1
|V | }), (3)192

where {tl−1
i } and {el−1

i } denote text and graph193

representations from the previous layer.194

To enable cross-modal semantic conditioning,195

we employ an asymmetric attention mechanism196

that conditions one modality on the semantic space197

of the other. Unlike symmetric fusion or self-198

attention, this design allows modality-specific se-199

mantics to be selectively interpreted under cross-200

modal constraints, making unresolved semantic201

differences explicit. The conditioning operation is202

defined as:203

Q = XWQ, K = X̃WK , V = X̃WV ,
(4)204205

Ẑ = Softmax
(
QK⊤
√
d

)
V , (5)206

where WQ, WK , and WV are learnable projec-207

tion matrices and d is the key dimension. Here,208

X and X̃ are alternately instantiated as text rep- 209

resentations TLM or graph representations EKG, 210

yielding cross-modal conditioned representations 211

Ẑ that explicitly encode discrepancy-aware seman- 212

tic information. 213

Learnable Routing Filter. Following cross-modal 214

semantic conditioning, the injected representations 215

contain both complementary semantic signals and 216

unresolved cross-modal discrepancies. To selec- 217

tively reconstruct informative semantics while pre- 218

serving discrepancy-aware residuals, DCRN intro- 219

duces a learnable routing filter that adaptively con- 220

trols how cross-modal information is incorporated 221

into each modality. 222

Specifically, we apply gated transformations to 223

the conditioned representations to disentangle re- 224

coverable semantic components from residual dis- 225

crepancies: 226

t̃i = fdown
(
σ
(
fgate(ti)

)
⊙ fup(ti)

)
, (6) 227

228

ẽi = fdown
(
σ
(
fgate(ei)

)
⊙ fup(ei)

)
, (7) 229

where fgate(·), fup(·), and fdown(·) denote learnable 230

linear transformations parameterized by Wg, Wu, 231

and Wd, respectively. The gating function σ(·) de- 232

termines the extent to which injected cross-modal 233

information contributes to semantic reconstruction, 234

and ⊙ denotes element-wise multiplication. 235

The reconstructed representations T̃ = {t̃i}Mi=1 236

and Ẽ = {ẽi}|V |
i=1 are then routed back to their 237

original semantic spaces through learnable combi- 238
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nation:239

∗
T = α1 ·T+α2 · T̃,

∗
E = β1 ·E+ β2 · Ẽ, (8)240

where α1, α2, β1, and β2 are learnable scalar coef-241

ficients that regulate the balance between original242

modality-specific semantics and discrepancy-aware243

reconstructed signals. Through this routing mecha-244

nism, DCRN selectively preserves semantic resid-245

uals induced by cross-modal conditioning while246

recovering complementary information, enabling247

fine-grained discrepancy-aware reasoning across248

modalities.249

3.2 Semantic Fusion Mapping250

After N layers of discrepancy-aware semantic re-251

construction, the resulting representations encode252

cross-modal information with implicit discrepancy253

cues. To integrate such information for down-254

stream reasoning without suppressing informa-255

tive semantic differences, DCRN introduces a Se-256

mantic Fusion Mapping module that selectively257

fuses original and reconstructed representations un-258

der discrepancy-aware constraints, consisting of259

Masked Semantic Mapping and Semantic Discrep-260

ancy Completion.261

Masked Semantic Mapping. To control the fusion262

process and mitigate interference from irrelevant263

semantic units, we construct bidirectional visibil-264

ity matrices to guide LM-to-KG and KG-to-LM265

interactions. Tokens and graph nodes are treated as266

semantic units, and asymmetric masking strategies267

are applied to regulate which units participate in268

cross-modal fusion.269

In the source semantic space, we mask all units270

except semantically enriched intermediate nodes271

to focus fusion on informative representations. In272

the target semantic space, we mask the central unit273

while retaining peripheral semantic units, prevent-274

ing trivial self-alignment while preserving contex-275

tual diversity. Each entry Mi,j in the visibility ma-276

trix M is set to 1 for visible pairs and 0 otherwise,277

and transformed into an attention mask:278

M̃i,j =

{
0 if Mi,j = 1

−∞ if Mi,j = 0
(9)279

Based on M̃ , masked attention is applied to se-280

lectively fuse cross-modal semantic information281

while preserving discrepancy-relevant signals:282

α = softmax

(
(hiWq)(h

jWk)
⊤

√
d

+ M̃

)
, (10)283

where Wq and Wk are projection matrices, d de- 284

notes the key dimension, and M̃ governs cross- 285

modal visibility during fusion. 286

Semantic Discrepancy Completion. Using the 287

discrepancy-aware attention weights, we further 288

model the semantic differences between original 289

and reconstructed representations to capture com- 290

plementary cross-modal information introduced 291

during fusion. The semantic discrepancy vector 292

is computed as: 293

D̃ = fd

(
α · T ; α · T̃

)
, (11) 294

where T and T̃ denote the original and recon- 295

structed textual representations, respectively, α rep- 296

resents the attention weights derived from semantic 297

fusion mapping, and fd is a learnable transforma- 298

tion that integrates the fused representations. 299

3.3 Consistency Reasoning with Semantic 300

Discrepancy Supervision 301

With explicit discrepancy representations, DCRN 302

performs consistency-based reasoning to select the 303

final answer by jointly considering textual, struc- 304

tural, and discrepancy-aware signals. A dedicated 305

training objective further regulates discrepancy 306

behavior, encouraging semantic consistency for 307

aligned cases while preserving discriminative dif- 308

ferences when semantic conflicts arise. 309

Semantic Discrepancy Contrastive Loss. 310

To maintain semantic consistency while enhanc- 311

ing discriminative capabilities, we introduce a con- 312

trastive loss based on mean squared error that 313

measures element-wise differences between recon- 314

structed and original features. We apply differen- 315

tial supervision for positive and negative samples 316

to enhance semantic contrast. For positive sam- 317

ples (correctly matched LM-KG pairs), the model 318

minimizes reconstruction discrepancy to preserve 319

semantic consistency. Conversely, for negative 320

samples (mismatched pairs), the model retains se- 321

mantic differences to prevent over-alignment and 322

maintain cross-modal discriminability. This con- 323

trastive supervision guides the model to perform 324

meaningful reconstruction for aligned inputs while 325

preserving discriminative power across modalities. 326

LSDC =
1

m

m∑
i=1

∥∥∥V ′
i − Ṽ 0

i

∥∥∥2
2
+λ· 1

n

n∑
i=1

∥∥∥T ′
i − T̃ 0

i

∥∥∥2
2

(12) 327

Here, V ′
i and Ṽ 0

i denote the reconstructed and orig- 328

inal KG features for the i-th positive sample, while 329
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T ′
i and T̃ 0

i represent the reconstructed and origi-330

nal LM features for the i-th negative sample. The331

coefficient λ controls the relative importance of332

the negative loss component. This design guides333

the model to restore semantic content for aligned334

pairs while retaining discriminative discrepancies335

for misaligned inputs.336

Discrepancy-aware Joint Reasoning. Finally,337

discrepancy-aware semantic representations are in-338

tegrated with textual and graph representations for339

answer selection. The answer probability is com-340

puted as:341

p = P (a | q) = MLP([s; g; t]) , (13)342

where s, g, and t denote semantic discrepancy,343

graph, and textual representations, respectively.344

The output probabilities are normalized across can-345

didate answers using softmax.346

The overall training objective combines answer347

supervision with discrepancy-aware consistency348

supervision:349

L = LCE + βLSDC, (14)350

where LCE is the cross-entropy loss and β controls351

the influence of semantic discrepancy supervision.352

Methods IHdev-Acc.(%) IHtest-Acc.(%)

RoBERTa-large(w/o KG) 73.07(±0.45) 68.69(±0.56)

+ RGCN 72.69(±0.19) 68.41(±0.66)
+ MHGRN 74.45(±0.10) 71.11(±0.81)
+ QA-GNN 76.54(±0.21) 73.41(±0.92)
+ GreaseLM 78.50(±0.50) 74.20(±0.40)
+ JointLK 77.88(±0.25) 74.43(±0.83)
+ GSC 79.11(±0.22) 74.48(±0.41)
+ SEPTA 79.61(±0.17) 74.78(±0.23)
+ QAT 79.50(±0.40) 75.40(±0.30)
+ GRT 79.60(±0.30) 76.10(±0.40)

+ DCRN(Ours) 80.29(±0.20) 76.48(±0.35)

Table 1: Performance comparison on CommonsenseQA
in-house split. We follow the data division method of
(Lin et al., 2019) and report the in-house Dev(IHdev)
and Test (IHtest) accuracy(mean and standard deviation
of four runs).

4 Experiment353

4.1 Datasets354

We evaluate our method on four question-355

answering datasets: CommonsenseQA(Talmor356

et al., 2019),OpenBookQA(Mihaylov et al., 2018),357

Riddle(Lin et al., 2021) and MedQA-USMLE(Jin358

et al., 2021).Dataset statistics are in the supplement.359

CommonsenseQA. This dataset contains questions 360

that require commonsense reasoning. Since the of- 361

fcial test set labels are not publicly available, we 362

mainly report performance on the in-house devel- 363

opment (IHdev) and test (IHtest) sets following 364

(Lin et al., 2019). For CommonsenseQA,we adopt 365

ConceptNet (Speer et al., 2017) as the structured 366

knowledge source. 367

OpenBookQA. This dataset requires reasoning 368

with elementary science knowledge. We exper- 369

iment on the offcial data split from (Mihaylov 370

et al., 2018).we adopt ConceptNet as the structured 371

knowledge source. 372

RiddleSense. This dataset requires complex com- 373

monsense reasoning abilities, an understanding of 374

figurative language and counterfactual reasoning 375

skills.We experiment on the offcial data split from 376

(Lin et al., 2021).we adopt ConceptNet as the struc- 377

tured knowledge source. 378

MedQA-USMLE. This dataset originates from the 379

United States Medical License Exam (USMLE) 380

practice sets, requiring biomedical and clinical 381

knowledge. Thus, we utilize a knowledge graph 382

provided by (Yasunaga et al., 2021). We use the 383

same data split as(Jin et al., 2021). 384

4.2 Baseline Methods 385

We focus on approaches that enhance model ar- 386

chitecture and LM-KG reasoning interfaces. We 387

compare DCRN against the following methods, all 388

employing the same pre-trained LM as text encoder: 389

(1) RGCN (Schlichtkrull et al., 2018), (2) MH- 390

GRN (Fang et al., 2020), (3) QAGNN (Yasunaga 391

et al., 2021), (4) GSC (Wang et al., 2022), (5) 392

JointLK (Sun et al., 2022), (6) GreaseLM (Zhang 393

et al., 2021), (7) QAT (Park et al., 2023), (8) 394

GRT (Zhao et al., 2024), (9) SEPTA (Peng et al., 395

2024). Methods (1)-(4) perform joint reasoning us- 396

ing graph and textual representations, while meth- 397

ods (5)-(6) incorporate explicit cross-modal infor- 398

mation exchange. Methods (7)-(8) enhance rea- 399

soning by modeling edge features, and method (9) 400

introduces subgraph retrieval strategies for cross- 401

modal integration. 402

4.3 Main Results 403

We present experimental results comparing DCRN 404

with baseline methods on CommonsenseQA, 405

OpenbookQA, RiddleSense, and MedQA-USMLE 406

datasets. 407

General Domain. On CommonsenseQA (Ta- 408

ble ??), DCRN establishes new state-of-the-art 409
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Methods RoBERTa-Large AristoRoBERTa

LMs (w/o KG) 64.80 (±2.37) 78.40 (±1.64)

+ RGCN 62.45 (±1.57) 74.60 (±2.53)
+ MHGRN 66.85 (±1.19) 80.60 (±NA)
+ QA-GNN 67.80 (±2.75) 82.77 (±1.56)
+ GreaseLM - 84.80 (±NA)
+ GSC 70.33 (±0.81) 86.67(±0.46)
+ JointLK 70.34 (±0.75) 84.92 (±1.07)
+ QAT 71.20 (±0.80) 86.90 (±0.20)
+ SEPTA 72.33 (±0.35) 87.37 (±0.51)
+ GRT 72.60 (±1.00) 87.30 (±0.80)

+ DCRN(Ours) 72.80(±0.60) 87.60(±0.54)

Table 2: Test accuracy comparison on OpenBookQA.

Methods Accuracy

RoBERTa-Large(w/o KG) 52.6

MHGRN 54.5
QA-GNN 67.0
GreaseLM 67.2
JointLK 67.3
SEPTA 67.6

DCRN(Ours) 70.6

Table 3: Test accuracy comparison on RiddleSense.QAT
and GRT do not provide preprocessed data for Riddle-
Sense. Therefore we can’t train the QAT and GRT model
on RiddleSense.

Methods Accuracy

SapBERT-Base (w/o KG) 37.2

QA-GNN 38.0
GreaseLM 38.5
QAT 39.3
GRT 39.5

DCRN (ours) 40.8

Table 4: Test accuracy comparison on MedQA-USMLE.

performance, surpassing fine-tuned LMs by 7.7%410

on IH-test accuracy. Notably, DCRN outper-411

forms strong baselines including GRT, QAT, and412

SEPTA, demonstrating the effectiveness of seman-413

tic discrepancy-aware reasoning.414

Table ?? shows results on OpenBookQA using415

the RoBERTa-large backbone. DCRN achieves a416

0.5% absolute improvement over previous methods.417

When using the larger AristoRoBERTa model with418

additional training data, DCRN maintains a 0.3%419

gain, demonstrating robustness across different lan-420

DR SFM DL IHtest-Acc.(%)

✓ ✓ ✓ 76.48 (±0.35)
✓ ✓ 75.82 (±0.40)
✓ 72.40 (±0.50)

69.85 (±0.64)

Table 5: Ablation study on CommonsenseQA.

Question Types QAT GRT DCRN

Full question set 79.5 79.6 80.3 (↑0.7)
Question w/ negation 79.0 79.7 80.0 (↑0.3)
Question w/ entities ≤ 7 79.9 79.1 80.0 (↑0.1)
Question w/ entities > 7 79.7 80.0 80.6 (↑0.6)

Table 6: Accuracy of datasets for questions involving
complex reasoning such as negation terms, more entity
mentions. DCRN consistently outperforms the KG-
augmented QA models (QAT and GRT) in these com-
plex reasoning settings.

guage models. 421

On the semantically complex RiddleSense 422

dataset (Table 3), DCRN outperforms the previ- 423

ous best model (SEPTA) by 3.0%, highlighting its 424

enhanced capacity for handling intricate semantic 425

reasoning. These results demonstrate DCRN’s su- 426

perior adaptability across diverse datasets and lan- 427

guage models, particularly on complex reasoning 428

tasks. 429

Biomedical Domain. To evaluate cross-domain 430

generalizability, we test DCRN on MedQA- 431

USMLE. As shown in Table 4, DCRN achieves 432

40.8% accuracy, representing a 1.3% improvement 433

over the strongest baseline (GRT). These results 434

confirm DCRN’s effectiveness in capturing domain- 435

specific semantics across both textual and graph 436

representations. 437

5 Analysis 438

In this section, we provide an in-depth analysis of 439

DCRN to answer the following research questions: 440

(1) How does each component in DCRN contribute 441

to discrepancy-driven consistency reasoning? (2) 442

Does explicitly modeling semantic discrepancy im- 443

prove cross-modal commonsense reasoning? (3) In 444

what types of reasoning scenarios does semantic 445

discrepancy provide the greatest benefit? 446

5.1 Ablation Studies 447

To address Question (1), we conduct ablation 448

studies on DCRN by progressively removing key 449
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components that correspond to different stages450

of discrepancy-driven reasoning. Specifically, re-451

moving the Semantic Discrepancy Contrastive452

Loss(DL) eliminates consistency-aware supervi-453

sion over discrepancy behavior. Ablating the Se-454

mantic Fusion Mapping(SFM) module prevents455

the construction of explicit discrepancy representa-456

tions, forcing the model to rely solely on aligned457

semantic features. Removing the Discrepancy Re-458

construction(DR) module disables cross-modal459

semantic conditioning and residual structuring en-460

tirely.461

The results are reported in Table 5. When462

all discrepancy-related components are removed,463

performance drops by 6.6%, indicating that dis-464

crepancy modeling plays a central role in DCRN.465

Among individual components, removing the Se-466

mantic Mapping module leads to the largest per-467

formance degradation (3.9%), highlighting the im-468

portance of explicitly representing semantic residu-469

als rather than implicitly absorbing them through470

fusion. These findings suggest that discrepancy-471

aware representations are critical for enabling com-472

plementary reasoning across language and knowl-473

edge modalities.474

5.2 Effectiveness of Discrepancy Modeling475

To answer Question (2), we evaluate whether ex-476

plicitly modeling semantic discrepancy improves477

cross-modal commonsense reasoning. We compare478

DCRN with representative knowledge-enhanced479

baselines, including QAT and GRT, and further ana-480

lyze performance under varying levels of semantic481

complexity. In particular, we group questions by482

the number of involved entities and the presence483

of negation, both of which introduce competing or484

conflicting semantic constraints.485

As shown in Table 6, DCRN consistently outper-486

forms baseline methods across all evaluated cat-487

egories, achieving accuracies of 80.0%, 80.0%,488

and 80.6%. The performance gains are most pro-489

nounced for questions containing negation or in-490

volving more than seven entities, where simple491

alignment between language and knowledge repre-492

sentations is insufficient. These results indicate that493

semantic discrepancy modeling is especially effec-494

tive in scenarios where language cues and struc-495

tured knowledge impose partially inconsistent con-496

straints, supporting the motivation that discrepancy497

serves as a critical signal for consistency-based498

reasoning.499

Figure 2: How semantic discrepancy enhances cross-
modal reasoning. We visualize the enhancement
changes for each question–answer pair, focusing on
the selected answer choice.

5.3 Qualitative Analysis 500

To address Question (3), we conduct a qualita- 501

tive analysis to examine how semantic discrepan- 502

cies are activated and utilized during joint reason- 503

ing. For each question–answer pair, DCRN re- 504

trieves a corresponding knowledge subgraph and 505

constructs explicit semantic discrepancy represen- 506

tations between the language model and the knowl- 507

edge graph. We visualize attention weights pro- 508

duced by the Semantic Mapping module, where 509

red indicates semantic enhancement and blue de- 510

notes suppression. 511

We first observe that discrepancy activation pat- 512

terns differ markedly between correct and incor- 513

rect answer choices. As illustrated in Figure 2, for 514

the correct answer “frustration”, DCRN assigns 515

high discrepancy-aware attention to tokens such 516

as “create”, “art”, and “interrupted”. These to- 517

kens reflect semantic tensions between the linguis- 518

tic context and the retrieved knowledge, signaling 519

unresolved constraints that are informative for rea- 520

soning. At the same time, attention to irrelevant or 521

weakly related tokens is effectively suppressed. 522

In contrast, for incorrect answer candidates, dis- 523

crepancy signals remain weak and diffuse. This 524

indicates that DCRN does not indiscriminately am- 525

plify cross-modal differences, but instead selec- 526

tively activates discrepancy representations when 527

semantic conflicts are meaningful for inference. As 528

a result, incorrect question–choice pairs do not ex- 529

hibit strong enhancement or suppression patterns. 530

To further analyze how discrepancy influences 531
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Figure 3: A case of semantic discrepancy enhanced
reasoning. The question and corresponding answer
are: “The car’s steering seemed quite loose, but he still
considered purchasing it because he needed something
small and what?” and “compact”. For simplicity, we
present only a subset of entities in the figure and omit
synonym-substituted entities.

reasoning trajectories, Figure 3 visualizes node im-532

portance weights from the pooling module, where533

the halo size around each node reflects its contri-534

bution to inference. Without semantic discrepancy535

modeling, the model tends to over-attend to seman-536

tically peripheral nodes such as “seem” or “loose”,537

which may divert reasoning toward loosely asso-538

ciated concepts. In contrast, when discrepancy539

representations are incorporated, attention shifts540

toward nodes and tokens that participate in seman-541

tic conflict resolution. Co-occurring markers such542

as “but”, “needed”, and “small” interact to acti-543

vate discrepancy-aware semantics, leading to more544

coherent reasoning paths.545

Overall, these qualitative results demonstrate546

that discrepancy-driven enhancement does not in-547

troduce spurious conflicts. Instead, it selectively548

amplifies semantic signals that bridge gaps between549

the linguistic context and structured knowledge. By550

reasoning over such discrepancies, DCRN effec-551

tively resolves competing constraints, resulting in552

more reliable cross-modal inference.553

6 Related Work554

6.1 Question Answering with LM+KG555

Knowledge graphs (KGs) encode structured rela-556

tional knowledge and are commonly combined557

with language models (LMs) for knowledge-558

intensive question answering. Prior work (Ya-559

sunaga et al., 2021; Fang et al., 2020) performs560

joint reasoning by integrating KG representations561

modeled with graph neural networks (GNNs) and562

textual representations from LMs. To strengthen563

cross-modal interaction, subsequent studies intro-564

duce explicit interaction layers (Sun et al., 2022;565

Zhang et al., 2021) or adopt unified self-attention566

mechanisms with alternative KG encodings (Park 567

et al., 2023; Zhao et al., 2024). Across these ap- 568

proaches, a common design choice is to align rep- 569

resentations from LMs and KGs to support joint 570

reasoning.Recent studies take initial steps toward 571

modeling and exploiting such differences for com- 572

plementary reasoning in commonsense question 573

answering (Wang et al., 2023). 574

6.2 Cross-modal Discrepancy Modeling 575

Information from heterogeneous modalities often 576

exhibits discrepancies at both representational and 577

semantic levels, reflecting differences in inductive 578

biases and information organization. If not prop- 579

erly handled, such discrepancies may lead models 580

to over-rely on a single modality and limit effective 581

cross-modal reasoning. Prior work has therefore 582

explored explicitly modeling semantic differences 583

or residual signals to support complementary under- 584

standing across modalities (Xu et al., 2020; Deng 585

et al., 2024; Yang et al., 2024; Baltrusaitis et al., 586

2019). These studies, primarily in multi-modal 587

settings involving vision, audio, and text, show 588

that representing cross-modal discrepancies can 589

help recover missing information and improve joint 590

inference.Cross-modal discrepancy in LM–KG rea- 591

soning reflects differences in semantic abstraction 592

and structural awareness across modalities (Dai 593

et al., 2024; Mavromatis et al., 2024). 594

7 Conclusion 595

This work revisits joint reasoning with language 596

models and knowledge graphs for commonsense 597

question answering, arguing that effective reason- 598

ing requires going beyond cross-modal alignment. 599

We observe that semantic discrepancies between 600

language and graph representations are common 601

and informative, and propose DCRN to explicitly 602

model such discrepancies for consistency-based 603

reasoning. Extensive experiments show that lever- 604

aging semantic discrepancy leads to consistent im- 605

provements across multiple benchmarks. 606

Limitations 607

This work focuses on leveraging semantic discrep- 608

ancies between language models and knowledge 609

graphs to support consistency-based reasoning for 610

commonsense question answering. While DCRN 611

demonstrates consistent improvements across mul- 612

tiple benchmarks, it relies on the availability and 613

quality of external knowledge graphs. In scenarios 614

8



where the underlying knowledge graph is sparse,615

noisy, or misaligned with the question domain,616

the effectiveness of discrepancy modeling may617

be limited.In addition, DCRN explicitly models618

cross-modal semantic discrepancies at the repre-619

sentation level, which may not capture all forms620

of higher-order reasoning discrepancies, such as621

those involving implicit commonsense assump-622

tions or long-range causal dependencies that are623

not well represented in either modality.Finally, the624

proposed framework introduces additional compu-625

tational overhead due to cross-modal reconstruc-626

tion and discrepancy-aware learning components.627

Although this overhead is moderate in our exper-628

iments, further optimization would be necessary629

for deployment in large-scale or latency-sensitive630

settings.631

Ethics Statement632

This work focuses on developing methods for633

improving commonsense question answering by634

jointly reasoning over language models and knowl-635

edge graphs. All experiments are conducted on636

publicly available benchmark datasets, and no new637

data involving human subjects is collected. The638

proposed approach does not introduce additional639

risks related to privacy, security, or personal data640

misuse. Potential biases present in the results may641

originate from the underlying language models or642

knowledge graphs used in the experiments, which643

reflect the biases of their training data. While our644

method aims to improve reasoning reliability by645

modeling semantic discrepancies, it does not ex-646

plicitly address fairness or bias mitigation.647
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Dataset # Questions # Choices per Question

CommonsenseQA 12,102 5
OpenBookQA 5,957 4
Riddle-Sense 5,715 5
MedQA-USMLE 12,723 4

Table 7: Dataset Statistics.

A Dataset Statistics807

We provide details on the datasets and knowledge808

graph we have adopted for our experiments. In809

Table 7, we summarized the question and answer810

choice statistics for the three datasets we experi-811

mented on. For CommonsenseQA (Talmor et al.,812

2019) and OpenBookQA (Mihaylov et al., 2018)813

datasets, we used the ConceptNet (Speer et al.,814

2017) as the knowledge graph. This is a general-815

domain knowledge graph retaining 799,273 nodes816

and 2,487,810 edges in total. Each edge is assigned817

to a relation type, which is merged as in Table 8818

following (Fang et al., 2020; Yasunaga et al., 2021).819

On the other hand, MedQA-USMLE (Bodenreider,820

2004) requires external biomedical knowledge. We821

thus used a different knowledge graph provided822

by (Wishart et al., 2018), which contains 9,958823

nodes and 44,561 edges. Given each QA context,824

we extract a subgraph from the full knowledge825

graph following (Yasunaga et al., 2021).826

B Experimental Settings827

In this section, we provide details for preprocess of828

KG and LMs, as well as hyperparameters we used829

in our experiments.830

B.1 KG Retrieval831

Given each input text segment W , we follow the832

procedure from (Yasunaga et al., 2021) to retrieve a833

relevant local KG G from the raw KG G = (V, E).834

First, we use the entity linker from the spaCy li-835

brary to link entity mentions in W to entity nodes836

in G, obtaining an initial set of nodes Vel. Second,837

we add any bridge entities in G that are in a 2-hop838

path between any pair of linked entities in Vel to get839

the total retrieved nodes V ⊆ V . If the number of840

nodes in V exceeds 200, we prune V by randomly841

sampling 200 nodes from it to be the final retrieved842

nodes V . Lastly, we retrieve all the edges in G843

that connect any two nodes in V to obtain E ⊆ E ,844

forming the final local KG, G = (V,E).845

Relation Merged Relation

AtLocation
AtLocation

LocatedNear

Causes
CausesCausesDesire

*MotivatedByGoal

Antonym
Antonym

DistinctFrom

HasSubevent

HasSubevent

HasFirstSubevent
HasLastSubevent
HasPrerequisite

Entails
MannerOf

IsA
IsAInstanceOf

DefinedAs

PartOf
PartOf

*HasA

RelatedTo
RelatedToSimilarTo

Synonym

Table 8: Merged Relations. *RelationX indicates the
reverse relation of RelationX.

B.2 Graph Initialization 846

For the ConceptNet knowledge graph used in 847

the general commonsense domain, we follow the 848

method of MHGRN (Fang et al., 2020) to prepare 849

the initial KG node embeddings. Specifically, we 850

convert triplets in the KG into sentences using pre- 851

defined templates for each relation. Then, these 852

sentences are fed into BERT-Large to compute em- 853

beddings for each sentence. Finally, for each entity, 854

we collect all sentences containing the entity, ex- 855

tract all token representations of the entity’s men- 856

tion spans in these sentences, and return the mean 857

pooling of these representations. 858

For the UMLS knowledge graph used in the 859

biomedical domain, node embeddings are initial- 860

ized similarly using the pooled token output em- 861

beddings of the entity name from SapBERT (Liu 862

et al., 2021). 863

B.3 Language Models 864

For CommonsenseQA, OpenBookQA and Riddle- 865

Sense, we take advantage of the pretrained 866
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RoBERTa-large (Liu et al., 2019) model. In the867

case of OpenBookQA, we additionally apply Aris-868

toRoBERTa (Clark et al., 2020) which utilizes tex-869

tual data as an external source of information. For870

the MedQA-USMLE dataset, SapBERT (Liu et al.,871

2021)is used in place of RoBERTa models.872

B.4 Implementation Details873

In our experiments, the hyperparameters are tuned874

with respect to the development set in each dataset,875

and evaluated on the test set. For training, one876

GeForce RTX 4090 is used. We used RAdam as877

our optimizer using a linear learning rate sched-878

uler with a warmup phase on four datasets. Fol-879

lowing prior works, we took the performance880

mean and standard deviation with different seed in881

0,1,2,3,4,5,6 We kept identical hyperparameter set-882

tings across seeds and their settings vary by dataset,883

which are specified in Table ?? and Table 11884

B.5 Implementation885

Building on prior work (Yasunaga et al., 2021),886

we employ ConceptNet (Speer et al., 2017) as our887

structured knowledge source for the three general-888

domain QA tasks. Following the preprocessing889

pipeline of (Fang et al., 2020), we retrieve sub-890

graphs from ConceptNet with up to three hops per891

question.The subgraph of MedQA is constructed892

via integrating the Disease Database portion of893

the Unified Medical Language System (Boden-894

reider, 2004) and the DrugBank (Wishart et al.,895

2018) knowledge graph. Training of DCRN uses896

the RAdam optimizer (Liu et al., 2020). To897

ensure a fair comparison, all baselines and our898

DCRN variants share the same underlying lan-899

guage model. We tune the LM’s learning rate over900

{1×10−5, 3×10−5, 4×10−5} and DCRN’s learn-901

ing rate over {1× 10−3, 3× 10−4}. Each model is902

trained on a single NVIDIA RTX 4090 GPU with903

a batch size of 128, requiring on average 5 hours904

to converge.905

B.6 Complex Questions906

To validate the effectiveness of the question answer-907

ing models on complex questions, we experimented908

with diverse question types such as questions with909

negation, questions with fewer entities (≤ 7), and910

questions with more entities (> 7) following (Sun911

et al., 2022) in Table 5 (below) of the main pa-912

per. We selected questions with negation terms913

by retrieving questions that contain (no, not, noth-914

ing, never, unlikely, don’t, doesn’t, didn’t, can’t,915

Hyperparameter CSQA OBQA

epochs 22 100
freeze LM epochs 2 2
tolerance epochs 8 30
warmup steps 100 150
batch size 128 128
Discrepancy Reconstruction layers 5 5
KG-conditioned attention heads 4 4
LM-conditioned attention heads 8 8
Cross-modal conditioning heads 8 8
hidden dimension 200 200
embedding dropout 0.2 0.2
reconstruction dropout 0.2 0.2
MLP dropout 0.2 0.2
learning rate 1e-3 1e-3
discrepancy loss weight (λ) 50 50
routing coefficient (α) 0.1 0.1
LM learning rate 1e-5 3e-5
weight decay 1e-2 1e-2
gradient norm clip 1 1

learning rate schedule warm-up warm-up
linear decay linear decay

Table 9: Hyperparameter Settings for CSQA and
OBQA.

Hyperparameter RiddleSense

epochs 36
freeze LM epochs 2
tolerance epochs 10
warmup steps 100
batch size 128
Discrepancy Reconstruction layers 3
KG-conditioned attention heads 4
LM-conditioned attention heads 8
Cross-modal conditioning heads 8
hidden dimension 200
embedding dropout 0.2
reconstruction dropout 0.2
MLP dropout 0.2
learning rate 3e-4
discrepancy loss weight (λ) 50
routing coefficient (α) 0.1
LM learning rate 3e-5
weight decay 1e-2
gradient norm clip 1

learning rate schedule warm-up
linear decay

Table 10: Hyperparameter Settings for RiddleSense.

couldn’t) from the CommonsenseQA IHdev set. 916

C Additional Experimental Results 917

In this section, we provide additional analyses to 918

show the robustness of our SARN on diverse hy- 919

perparameter settings including loss balance coeffi- 920

cient, λ. 921
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Hyperparameter MedQA-USMLE

epochs 34
freeze LM epochs 0
tolerance epochs 10
warmup steps 500
batch size 128
Discrepancy Reconstruction layers 3
KG-conditioned attention heads 4
LM-conditioned attention heads 8
Cross-modal conditioning heads 8
hidden dimension 200
embedding dropout 0.2
reconstruction dropout 0.2
MLP dropout 0.2
learning rate 4e-5
discrepancy loss weight (λ) 50
routing coefficient (α) 0.1
LM learning rate 5e-5
weight decay 1e-2
gradient norm clip 1

learning rate schedule warm-up
linear decay

Table 11: Hyperparameter Settings for the Biomedical
Domain.

Methods Acc.

RoBERTa 72.1
ALBERT 76.5

RoBERTa + FreeLB 73.1
RoBERTa + HyKAS 73.2
RoBERTa + KE 73.3
RoBERTa + KEDGN 74.4
XLNet + GraphReason 75.3
RoBERTa + MHGRN 75.4
ALBERT + PG 75.6
RoBERTa + QA-GNN 76.1
RoBERTa + JointLK 76.6
RoBERTa + GSC 76.4
RoBERTa + DCRN (ours) 78.2

Table 12: Performance comparison on Common-
senseQA official leaderboard.

C.1 Leaderboard Evaluation Results922

We further report SARN’s performance on the923

official leaderboard for two datasets, Common-924

senseQA and OpenBookQA. In Table 12, In Ta-925

ble 13926

C.2 Ablation Studies927

To evaluate the robustness of our model under928

different hyperparameter configurations, we con-929

ducted a sensitivity analysis on key hyperparame-930

ters. Specifically, we varied the value of λ to exam-931

Methods Acc.

ALBERT 81.0
AristoRoBERTa 77.8
HGN 81.4
AMR-SG 81.6
ALBERT + KPG 81.8
AristoRoBERTa + QA-GNN 82.8
T5 83.2
T5 + KB 85.4
UnifiedQA 87.2
GreaseLM 84.8
AristoRoBERTa + JointLK 85.6
AristoRoBERTa + GSC 87.4
AristoRoBERTa + QAT 87.6
AristoRoBERTa + DCRN (ours) 88.0

Table 13: OpenBookQA official learderboard. We also
report the official leaderboard performance on the test
dataset.

Ablation Type Ablation Dev Acc.

Number of DR layers (M )
M = 4 79.6 (±0.4)
M = 5 80.3 (±0.2)
M = 6 79.4 (±0.3)
M = 7 78.8 (±0.5)

Loss coefficient (λ)
λ = 0.1 79.5 (±0.5)
λ = 1 79.4 (±0.5)
λ = 10 79.9 (±0.3)
λ = 50 80.3 (±0.2)
λ = 100 79.1 (±0.4)

Table 14: Ablation study of our model Hyperparameter,
using the CommonsenseQA IH-dev set.

ine its effect on performance on CommonsenseQA. 932

Recall that λ is the weighting coefficient between 933

the Semantic Discrepancy Contrast Loss and the 934

Cross-Entropy Loss. As shown in Table 7, the best 935

Dev accuracy is achieved when λ = 50. We also 936

analyzed the impact of the number of layers used 937

in Semantic Discrepancy Reconstruction and found 938

that the best Dev accuracy is obtained when M = 939

5. Moreover, we observe that even under extreme 940

hyperparameter settings, the performance does not 941

degrade drastically. 942
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