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Abstract001

Visual Question Answering (VQA) requires002
models to identify the correct answer options003
based on both visual and textual evidence. Re-004
cent Mixture-of-Experts (MoE) methods im-005
prove option reasoning by grouping similar con-006
cepts or routing based on examples. However,007
unstable routing can lead to inconsistent ex-008
pert selection in the same question type, while009
overly stable routing may reduce flexibility. To010
address this, we propose Concept-Guided Rout-011
ing framework (CoGR-MoE), which incorpo-012
rates semantics of the answer options to guide013
expert selection in the training phase. Next, op-014
tion features are used to reweight the selected015
experts, producing discriminative representa-016
tions for each candidate option. These option-017
level representations are further used for op-018
tion comparison and optimized via contrastive019
learning. The experimental results indicate that020
CoGR-MoE delivers strong performance across021
multiple VQA tasks, demonstrating the effec-022
tiveness of our approach.023

1 Introduction024

VQA is a multimodal reasoning task where a model025

should identify the correct answer among several026

candidates by grounding its decision in visual and027

textual evidence(Kim et al., 2025). Flexible multi-028

modal reasoning is essential for real-world applica-029

tions including visual assistants, robotics and acces-030

sibility tools(Borisova et al., 2025). However, such031

fine-grained reasoning remains challenging due to032

the diversity and complexity of visual–language033

representations. Recent advances incorporate MoE034

architectures into vision–language models to allow035

different experts to specialize in distinct visual or036

textual patterns(Le et al., 2025; Nakamura et al.,037

2025).038

The effectiveness of MoE models heavily de-039

pends on routing decisions, which can become040

inconsistent for inputs that require the same an-041

swer but are expressed differently.(Olson et al.,042

2025). Recent work has begun to address this rout- 043

ing instability by improving routing mechanisms. 044

Some methods like MoKE(Cheng et al., 2025b) 045

assign similar concepts to the same knowledge ex- 046

pert, while other approaches(Li et al., 2025a) like 047

ERMoE(Cheng et al., 2025a) routes inputs based 048

on their similarity to the experts’ representations. 049

Although these methods maintain routing stabil- 050

ity across questions of the same type, such stabil- 051

ity also solidifies the activated expert set, thereby 052

weakening flexibility in option-level discrimina- 053

tion(Duanmu et al., 2025; Li et al., 2025c). As a 054

result, the model struggles to capture the distinct 055

evidence required by each option, leading to errors 056

in comparative reasoning. 057

Expert roles in MoE models emerge through 058

repeated activation under consistent semantic con- 059

ditions, requiring cues that remain stable across 060

different representations. Once the Top-K expert 061

set is static, any remaining discriminative capacity 062

come from how expert outputs are utilized. Ac- 063

cordingly, dynamically adjusting the relative con- 064

tributions of experts can help improve the model’s 065

ability to distinguish among candidate answers. 066

Guided by the above considerations, we propose 067

CoGR-MoE, as illustrated in Figure 1, to mitigate 068

the imbalance between routing instability and ex- 069

pert utilization rigidity. First, positive and negative 070

feature descriptions are generated by a Large Lan- 071

guage Model (LLM) for each option. The features 072

of the correct answer are injected into the MoE 073

gating logits as a conceptual direction. After the 074

Top-K experts are selected, feature descriptions 075

from options are used to reweight expert contri- 076

butions, enabling distinct representations for each 077

option. These option representations are optimized 078

with contrastive learning in the training phase. The 079

experiments show that CoGR-MoE outperforms 080

several strong baselines, indicating the benefit of 081

balancing routing stability with flexible expert uti- 082

lization. 083
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Figure 1: The CoGR-MoE framework incorporates features of the correct answer c+a and c−a into the router. This
process also produces teacher gating weights gT from Router T , which are distilled into student gating weights gS

of Router S. It then applies semantics of option j to flexibly modulate expert contributions gi,j , where i indexes the
selected experts. The expert outputs hi are aggregated using gating weights gi,j , yielding features h̃j for each option.
Contrastive learning is employed with positive and negative option pairs c+a and c−a to identify correct options.

Our contributions are summarized as follows:084

• We propose CoGR-MoE, a concept-guided085

MoE framework that stabilizes expert selec-086

tion by injecting answer-relevant features into087

the routing process.088

• CoGR-MoE also adjusts expert contributions089

by option content, enhancing option-level dis-090

crimination while preserving routing consis-091

tency.092

• Extensive experiments on datasets validate093

the efficacy of CoGR-MoE, achieving up to094

a 4.9% absolute gain in accuracy, with more095

interpretable expert utilization.096

2 Related Works097

2.1 Embedding-Driven Routing098

Embedding-driven routing computes expert scores099

from an input’s hidden representation, and typically100

relies on representation-driven mechanisms to sta-101

bilize outputs(Li et al., 2025b). MoME (Shen et al.,102

2024a) partitions experts into modality-specific and103

shared groups, making inputs from the same modal-104

ity more likely to activate the same experts. In par-105

allel, MH-MoE (Huang et al., 2024)routes multiple106

sub-representations of a token to different experts107

and aggregates their outputs, yielding stable ex-108

pert combinations despite routing variability. In109

MMOE(Shen et al., 2024b), similar inputs mapped110

to nearby points in the joint embedding space are111

assigned similar expert weights. However, a limita-112

tion is that routing is based solely on joint embed- 113

dings, without distinguishing modality interactions 114

or semantic roles, which may reduce representation 115

alignment and interpretability in expert selection. 116

2.2 Interaction-Aware Routing 117

To address the weakened correspondence be- 118

tween routing decisions and cross-modal structure, 119

interaction-driven gating leverages task-specific 120

and cross-modal interaction features to guide ex- 121

pert selection(Cai et al., 2025)(Han et al., 2025). 122

I2MoE(Xin et al., 2025) select expert on interaction 123

types, such that inputs exhibiting the same modal- 124

ity interaction patterns tend to activate the same 125

group of experts. Similarly, MOEMOE (Verma 126

et al., 2025) guide expert selection with query- 127

aware cross-modal attention, thereby inputs with 128

comparable modality relevance patterns tend to 129

activate similar experts. RoE-LLaVA(Wu et al., 130

2025) applyies a contrastive objective that pulls 131

semantically related samples closer in the routing 132

embedding space, encouraging them to share rele- 133

vant expert routes. These methods mitigate routing 134

shifts caused by interactions, but do not address 135

routing inconsistency when semantically similar 136

inputs are mapped to different embeddings(Mu and 137

Lin, 2025). 138

2.3 Semantic-Informed Routing 139

To further mitigate inconsistent expert assignment 140

under representation variation, semantic-informed 141

routing aligns expert selection across semantically 142

related samples. MoKE(Cheng et al., 2025b) 143
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uses projection-based routing to consistently as-144

sign knowledge edits involving similar concepts to145

the same group of domain-specific experts, while146

R2-T2 (Li et al., 2025c) adjusts routing by compar-147

ing new samples with similar past samples. Pro-148

MoE (Wei et al., 2025) introduces a two-step rout-149

ing mechanism that first separates tokens by func-150

tional roles and then assigns them to experts based151

on similarity to learnable vectors. These meth-152

ods are built on the mechanism that similar inputs153

should be routed to the same or similar sets of ex-154

perts (Li et al., 2025d). As a result, the model tends155

to reuse the same experts even when the question156

undergoes subtle variations, which can misjudge157

options.158

3 Methodology159

3.1 Framework Overview160

Existing MoE routing methods(Cheng et al., 2025b;161

Li et al., 2025d) achieve more consistent expert162

selection within the same problem type through se-163

mantic grouping. However, this stability can cause164

routing to become static, repeatedly selecting the165

similar experts even when the question varies, lead-166

ing to incorrect answer selection. To address this167

limitation, we propose CoGR-MoE, which incor-168

porates features of answers option into the gating169

mechanism to align expert selection with the cor-170

rect answer. Meanwhile, CoGR-MoE reweights the171

selected experts using features of options, improv-172

ing discrimination and reducing incorrect answer173

selection.174

In CoGR-MoE, the LLM generates positive and175

negative visual cues for each option, indicating176

which attributes must or must not appear for the177

choice to be correct. The correct answer’s cues are178

then used to inject into the gating logits to guide the179

selection of Top-K expert set, as illustrated in Fig-180

ure 2. Then each option uses its own cues to mod-181

ulate the expert weights, reweighting the selected182

experts to form an option-specific representation.183

Finally, representations are used for answer pre-184

diction and optimized with a cue-based contrastive185

loss in the training phase.186

3.2 Semantic Cues Generation187

To provide stable evidence descriptions for routing,188

an LLM generates positive and negative semantic189

cues for each answer choice. Positive cues describe190

what must appear in the image for an option to be191

correct, while negative cues specify what must not.192

To quantify how well an option’s cues align with 193

the image, we introduce an agreement score Agr. 194

Agr combines the image’s similarity to positive 195

cues with an inversely weighted similarity to neg- 196

ative cues. In parallel, paraphrased variants of the 197

cues are generated via synonym substitutions, and 198

their cue-image similarities are used to compute 199

a variance score V arj . Finally, the uncertainty of 200

option j is defined as a normalized ratio of V ar to 201

its Agr: 202

unc =
V ar

1 +Agr
. (1) 203

When V ar is high, the uncertainty increases be- 204

cause the cues exhibit unstable alignment with the 205

image. Conversely, when Agr is high, the uncer- 206

tainty decreases since the answer is strongly sup- 207

ported by the image semantics. For the answer 208

option, if the estimated uncertainty unc exceeds a 209

predefined threshold, semantic cues are regenerated 210

to maintain reliable cue–image alignment. 211

3.3 Concept-Guided Expert Routing 212

Cues are more stable than specific phrasing because 213

they capture decision-relevant attributes rather than 214

textual variation. As a result, to inject stable guid- 215

ance into the routing process, we construct a se- 216

mantic direction sa from the cues of the correct 217

option a. It is obtained by taking the difference 218

between the embeddings of positive cues c+a and 219

negative cues c−a to support the correct features 220

while suppressing conflicting attributes. 221

sa = Wsem(c
+
a − c−a ). (2) 222

The base logits zbase are the expert scores pro- 223

duced by the MoE router using only the represen- 224

tation of image–question. The semantic direction 225

sa is added to zbase with a fixed routing strength 226

λa = 0.5 to obtain the concept-guided gating dis- 227

tribution: 228

gT = softmax(zbase + λa sa) . (3) 229

where gT denotes the gating distribution produced 230

by the teacher router over the Top-K experts. The 231

teacher and student routers are denoted as Router 232

T and Router S, respectively. The Top-K experts 233

selected by gT are encouraged to align with the 234

semantic direction implied by the cues of the cor- 235

rect option. To enable cue-free inference, Router S 236

with the same architecture operates without sa. Its 237

gating distribution is computed as 238
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Figure 2: Features of answer option sa are injected into the router to guide consistent Top-K expert selection,
producing initial routing logits zT . The uncertainty estimate uncj measures the reliability of the sj , which means
the features of each option. Together, sj adjust expert weights to form the option representation h̃j . Lmain applies
uncj-weighted cross-entropy to option representations h̃j .

gS = softmax(zbase), (4)239

where gS denotes the gating distribution of Router240

S. This process does not require any cue genera-241

tion. During training, a KL-divergence loss is intro-242

duced to distill the routing distribution of Router T243

into the Router S:244

Ldistill = KL
(
gT ∥ gS

)
. (5)245

This distillation encourages the Router S to ap-246

proximate the behavior of Router T , enabling it to247

select experts along the answer-relevant direction248

at inference without requiring any cues.249

3.4 Option-Aware Expert Reweighting250

After the shared Top-K experts are selected, an251

option-specific allocation step is required to main-252

tain discriminability among answer choices. To253

achieve this, features of each option j are derived254

from its positive and negative cues to compute sj ,255

which is constructed in the same manner as the256

routing guidance in Eq. (2). si,j is injected into257

the logits of the Top-K experts i, adjusting their258

weights so that experts more relevant to the current259

option receive higher importance. zTi denotes the260

i-th component of the Router T routing logits zT261

before option-aware modulation.262

gi,j = softmaxi∈TopK
(
zTi + λo si,j

)
, (6)263

where gi,j is defined as the i-th element of gj , 264

representing the option-specific gating distribution 265

over the Top-K experts i. λo controls the strength 266

of reweighting and is fixed to 0.5. Each option 267

then forms its own aggregated representation h̃j by 268

weighting the shared expert outputs according to 269

its gating distribution gi,j : 270

h̃j =
∑

i∈TopK
gi,j hi, (7) 271

where i denotes the expert index within the Top-K 272

routed experts, and hi is the output of the i-th ex- 273

pert. This mechanism allows all options to share 274

one expert set while still producing distinct repre- 275

sentations. If each option were allowed to reweight 276

all experts, the routing would drift and become un- 277

stable. Finally, the predictive score scorej for op- 278

tion j is computed as the cosine similarity between 279

its aggregated representation h̃j and the embedding 280

of its option text. 281

3.5 Training and Inference 282

The Lmain relies on scorej for each option. How- 283

ever, because different options exhibit different lev- 284

els of uncertainty, each option is weighted accord- 285

ing to the confidence of its cues. yj is the one-hot 286

label indicating whether option j is the correct an- 287

swer: 288

Lmain =
∑
j

1

1 + uncj
CE(scorej , yj), (8) 289
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where CE denotes the cross-entropy loss. To further290

keep the model’s internal representations aligned291

with decision-relevant semantics, we incorporate292

a cue-guided contrastive loss. The contrastive loss293

aligns the aggregated representation of the correct294

option with its positive cues, while encouraging the295

representations of incorrect options to be closer to296

the negative cues:297

Lcontrast = −λc

[
cos(h̃correct, c

+
a )

− cos(h̃wrong, c
−
a )

]
,

(9)298

where h̃correct denotes the representation of the299

correct option, and h̃wrong is computed as a scorej-300

weighted average over incorrect options. λc is a301

constant value of 0.3 in all experiments. Finally,302

the complete training objective integrates all three303

components, including the Ldistill in Eq. (5) into a304

unified optimization target:305

Ltotal = Lmain + Lcontrast + Ldistill. (10)306

During the training phase, we construct a bal-307

anced multiple-choice supervision set by sampling308

5,000 questions from each of IconQA(Lu et al.,309

2022b), A-OKVQA(Schwenk et al., 2022), and310

Visual7W(Zhu et al., 2016). The same training311

questions are used for all baselines to ensure a fair312

comparison.313

During the inference phase, no cues are gener-314

ated. CoGR-MoE relies solely on the Router S,315

which selects the Top-K experts based on the im-316

age–question pair. These experts are computed317

once and shared across all candidate answers. For318

each option j, the learned option-specific adjust-319

ment signal obtained from its text embedding is320

applied to allocate weights over the shared experts,321

producing an aggregated representation h̃j . The322

model then computes a cosine similarity score be-323

tween h̃j and the option text embedding, and the324

option with the highest score is chosen as the final325

answer.326

4 Experiments327

4.1 Experimental Setup328

We evaluate CoGR-MOE on VMCBench(Zhang329

et al., 2025) and MRAG-Bench(Hu et al., 2024),330

two benchmarks for vision-language reasoning,331

and compare it with other MoE methods. VM-332

CBench unifies twenty existing VQA datasets by333

converting open-ended questions into four-option334

multiple-choice, while MRAG-Bench is a vision- 335

centric benchmark with images and annotated 336

multiple-choice questions across several scenarios. 337

Results are evaluated using task accuracy as the 338

performance metric. 339

To further quantify the contribution of each com- 340

ponent, we conduct an ablation study in which each 341

variant disables one module while keeping remain- 342

ing modules unchanged. Variants of CoGR-MoE 343

include: 344

• w/o sa: removes the correct-answer semantic 345

sa and forms the routing anchor solely from 346

image–question pair, eliminating explicit se- 347

mantic grounding. 348

• w/o sj: keeps the Top-K experts but removes 349

the option-specific semantic term sj , forcing 350

all options to share the same routing-level ex- 351

pert weights, with option discrimination rely- 352

ing only on option text embeddings. 353

• w/o uncj: removes uncertainty-aware weight- 354

ing derived from cue consistency, and applies 355

uniform weighting across all samples during 356

training. 357

• w/o Lcontrast: removes the contrastive loss 358

that aligns expert representations with positive 359

answer semantics while pushing them away 360

from negative cues. 361

• w/o Ldistill: removes the distillation loss that 362

transfers soft routing signals from the Router 363

T to the Router S. 364

• Prompt-only: removes all cue-based training 365

components, and uses the same LLM prompt 366

only at inference phase to isolate the effect of 367

cue-based training. 368

The influence of the MoE architecture on CoGR- 369

MoE is examined by varying the total number of 370

experts n ∈ {1, 2, 4, 8} and the number of acti- 371

vated experts K ∈ {1, 2, 3, 4} on LLaVA-1.5-7B. 372

Each (n,K) configuration is evaluated using two 373

metrics. Accuracy reflects practical performance, 374

while the semantic–expert alignment score Sim 375

measures how well expert routing follows the in- 376

tended semantic direction. 377

Sim = cos(hTopK , sa) , (11) 378

where sa denotes the semantic direction of the cor- 379

rect answer, and hTopK represents the aggregated 380

representation of the Top-K experts. 381
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Table 1: Performance comparison of CoGR and other different MoE-based models on the MRAG-Bench. Results
are reported for overall accuracy and across sub-categories including Perspective, Transformative, and Others.
Detailed results for finer-grained sub-categories are provided in the Appendix A.

Methods Overall Perspective Transformative Others

MOE-LLaVA(Lin et al., 2024)

MOE-LLaVA 53.29 55.54 50.78 51.67
MH-MoE (Huang et al., 2024) 61.71 69.78 51.70 40.83
Metis-HOME (Lan et al., 2025) 57.25 63.79 51.10 55.75
I2MoE (Xin et al., 2025) 59.35 62.16 50.87 60.83
CL-MOE (Huai et al., 2025) 58.95 63.15 51.57 59.94
MoME (Shen et al., 2024a) 62.76 69.30 55.91 64.06
CoGR-MoE (Ours) 63.25 69.09 58.55 58.67

Qwen3-VL-A3B-30B (Yang et al., 2025)

Qwen3-VL-A3B-30B 59.32 64.08 54.29 61.33
MH-MoE 64.85 65.92 58.82 50.50
Metis-HOME 65.81 68.45 61.40 65.30
I2MoE 64.27 68.71 53.46 68.00
CL-MOE 65.31 73.30 48.69 48.65
MoME 66.78 70.64 56.39 56.75
CoGR-MoE (Ours) 68.96 74.54 64.61 62.83

Table 2: Comparison of MoE-based LLaVA-1.5-7B (Liu et al., 2024) on five standard VL benchmarks in VMCBench,
reporting accuracy across VQAv2(Goyal et al., 2017), GQA(Hudson and Manning, 2019), VizWiz(Gurari et al.,
2018), ScienceQA(Lu et al., 2022a), MMVet(Yu et al., 2024), and MMStar(Chen et al., 2024).

Method VQAv2 GQA VizWiz ScienceQA MMVet MMStar

LLaVA-1.5-7B 66.7 72.6 68.6 64.3 54.0 34.2
MH-MoE 83.6 75.3 77.0 77.4 64.0 39.9
I2MoE 83.3 81.1 82.4 74.6 66.7 47.8
CL-MOE 79.2 78.2 80.9 83.0 60.4 42.8
MoME 75.7 81.2 81.0 80.4 63.3 48.1
Metis-HOME 82.7 83.2 78.5 80.5 64.7 50.4
CoGR-MoE (Ours) 88.5 83.2 84.8 77.4 64.3 52.0

4.2 Analysis382

As shown in Table 1, CoGR-MoE yields the high-383

est overall accuracy on two backbones, reaching384

63.25 on MOE-LLaVA and 68.96 on Qwen3-VL-385

A3B-30B. It shows notable gains in Perspective386

and Transformative tasks, highlighting its strength387

in handling partial-visibility and spatial transfor-388

mations. However, improvements on the Others389

subset remain limited compared with I2MoE and390

MoME. CoGR-MoE demonstrates superior perfor-391

mance across the VMCBench in Table 2, particu-392

larly excelling in tasks like VQAv2 and VizWiz.393

However, its performance on the ScienceQA and394

MMVet tasks shows less improvement, lagging be-395

hind CL-MoE and Metis-HOME. 396

The ablation results in Table 3 highlight the 397

contribution of each component to the overall per- 398

formance of CoGR-MoE. On almost all datasets, 399

the Full model still performs better. Notably, the 400

w/o uncj variant outperforms the Full model on 401

ScienceQA which involves more direct reasoning, 402

achieving a score of 78.0, compared to the Full 403

model’s 77.6. In addition, the removal of sa and 404

Ldistill, as well as the Prompt-only variant, had 405

the largest negative impact on accuracy, causing 406

a significant drop in performance across multiple 407

datasets. 408

In Table 4, the best results occur at n = 8 when n 409
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Figure 3: Each heatmap summarizes expert routing behavior of MoE-LLaVA and CoGR-MoE under four subtasks
in MRAG-Bench. Each cell corresponds to a single expert. Color intensity indicates the probability of an expert
being selected into the Top-K routing set. Darker colors correspond to experts that are more frequently selected
under the given task type. Compared to MoE-LLaVA, CoGR-MoE exhibits more concentrated and task-consistent
routing patterns.

changes, reaching an accuracy of 71.6 and a Sim of410

0.48, noticeably higher than smaller settings. When411

varying K under n = 8, activating K = 2 yields412

the highest accuracy of 74.5 and the strongest Sim413

of 0.51, whereas larger K values lead to a decline.414

4.3 Discussion415

CoGR-MoE excels because it learns to select ex-416

perts based on correct semantic direction and con-417

sistently assigns similar questions to the same ex-418

perts. Figure 3 shows that consistent routing of419

similar questions promotes reuse of experts aligned420

with content requirements. To further support421

fine-grained distinctions among answer options,422

option-specific cues are introduced to dynamically423

reweight the shared Top-K experts. This enables424

option-level discrimination without disrupting es-425

tablished expert roles, as illustrated in Figure 4.426

Even when the initially selected experts provide427

weakly discriminative scores, reweighting can still428

amplify relative differences across options. This429

effect is most pronounced in Perspective and Trans-430

formative tasks involving viewpoint changes or par-431

tial visual evidence. In contrast, gains on VQAv2432

are modest, while ScienceQA shows more unstable433

effects due to higher uncertainty.434

However, CoGR-MoE underperforms in the task435

like Other because it often fails to capture the sub-436

tle differences in cross-modal interactions. The437

core limitation lies in that its routing strategy is438

primarily guided by the overall semantic direction 439

of the input, rather than explicitly modeling fine- 440

grained cross-modal interactions. Concept-guided 441

gating applies a consistent expert-selection strategy 442

aligned with the overall semantic direction of the 443

input, whereas interaction-driven gating adapts ex- 444

pert selection to the instance-specific cross-modal 445

interactions required by each sample. In tasks that 446

demand highly dynamic and complex multimodal 447

interactions, routing based primarily on semantic 448

alignment may be insufficient to capture the full 449

range of instance-specific dependencies. In con- 450

trast, I²MoE excels by using interaction-specific ex- 451

perts for each modality pair, allowing more precise 452

expert selection in tasks with complex intermodal 453

relationships. Similarly, MoME performs well by 454

dynamically activating expert pools specialized for 455

visual and textual tasks. 456

Prompt-only and the w/o sa variants under- 457

perform because inference-time prompting or 458

unguided routing does not update the router. 459

By contrast, cue-based training internalizes at- 460

tribute–expert associations through repeated gradi- 461

ent reinforcement. In addition, removing the con- 462

trastive loss disrupts CoGR-MoE’s ability to gen- 463

erate more discriminative expert representations. 464

This is especially important in tasks like VQAv2 465

and GQA, which require fine-grained reasoning. 466

In the case of ScienceQA, many challenging ex- 467

amples arise from reasoning complexity or from 468

7



Table 3: Ablation results for the components built upon the MoE-LLaVA backbone.

Method VQAv2 GQA VizWiz ScienceQA MMVet MMStar MRAG

w/o sa 80.4 76.8 80.4 70.1 63.2 46.3 57.9
w/o sj 84.6 82.3 82.7 76.1 64.1 50.9 60.8
w/o uncj 85.2 80.8 83.5 78.0 62.5 50.8 61.0
w/o Lcontrast 87.8 84.6 82.1 73.0 60.4 49.5 59.3
w/o Ldistill 83.3 82.4 79.8 75.8 63.2 50.4 58.9
Prompt-only 81.5 77.6 79.4 65.7 63.6 45.1 57.3
Full 88.2 85.1 85.8 77.6 65.7 53.4 63.3
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Figure 4: Comparison of answer scoring with and with-
out option-level reweighting. The top row shows sub-
tasks Perspective and Transformative in MRAG-Bench
and the bottom row shows VQAv2 and ScienceQA
in VMCBench, each with 40 randomly sampled in-
stances. The x-axis shows scores computed using only
sa, whereas the y-axis shows scores of sa + sj . Blue
and red points indicate notable score increases and de-
creases, respectively, while gray points indicate minor
changes.

images that lack clear visual evidence for the cor-469

rect answer. Uncertainty-based weighting reduces470

the gradient updates for cue-weak but informative471

examples, while allowing easier, cue-dominated472

examples to dominate the gradient updates during473

optimization. Under this training scheme, the Full474

model places less emphasis on cue-weak examples475

that may be more instructive, which hinder its abil-476

ity to acquire fine-grained reasoning skills.477

Performance peaks at n = 8, indicating that a478

balanced expert pool provides sufficient diversity479

for specialization. Smaller configurations lack ca-480

Table 4: Effect of the number of experts n and activated
experts K on accuracy and Sim on VMCBench. When
varying n, the number of activated experts is fixed to
K = 1; when varying K, the total number of experts is
fixed to n = 8.

Method n Acc Sim K Acc Sim

CoGR-MoE

1 68.2 0.36 1 71.6 0.48
2 64.5 0.27 2 74.5 0.51
4 59.1 0.43 3 68.6 0.38
8 71.6 0.48 4 64.2 0.44
16 55.4 0.30 5 62.0 0.31

pacity for experts to develop distinct semantic roles, 481

while overly large pools dilute expert utilization. 482

Under a fixed n = 8, the optimal setting occurs 483

at K = 2, where experts can contribute comple- 484

mentary semantic information while maintaining 485

focused routing. Larger K values introduce seman- 486

tic dilution, as aggregating many weakly relevant 487

experts reduces both accuracy and semantic align- 488

ment. 489

5 Conclusion 490

In this paper, we propose CoGR-MoE, a concept- 491

guided MoE framework that mitigates routing 492

inconsistency by injecting the correct answer’s 493

semantic direction into router. Furthermore, 494

the option-aware weighting mechanism dynami- 495

cally reweights the Top-K experts, enhancing the 496

model’s ability to discriminate. Experiments on 497

multiple multimodal benchmarks demonstrate the 498

superiority of CoGR-MoE in improving accuracy 499

across diverse VQA tasks. Ablation studies further 500

confirm the effectiveness of each component. Fu- 501

ture work will focus on extending CoGR-MoE’s 502

routing mechanism to better account for varying 503

cross-modal patterns and task complexities. 504
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6 Limitations505

Despite its effectiveness, CoGR-MoE has several506

limitations. First, it relies on LLM-generated se-507

mantic cues during training, introducing additional508

computational cost and dependency on external509

language models, which may limit scalability for510

large-scale or frequent retraining settings.511

Second, although the agreement-variance mech-512

anism alleviates unstable or noisy cues, the model513

may still be sensitive to systematic biases or hallu-514

cinations from the LLM, particularly for visually515

ambiguous or fine-grained concepts.516

Finally, our evaluation is limited to multiple-517

choice visual question answering benchmarks, and518

the effectiveness of the proposed mechanisms for519

open-ended generation or other multimodal reason-520

ing tasks remains to be explored.521
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and a warmup period of 100 steps. Gradient clip-722

ping with a maximum norm of 1.0 is used to sta-723

bilize training. In addition, sample-level gradient724

reweighting is applied at the routing layer based on725

Agr(j) and V ar(j), with weights clipped to the726

range [0.1, 1.0].727

Compared to a standard Top-K MoE architec-728

ture, our approach retains the same gating scheme729

and does not increase the number of expert forward730

passes during training or inference, introducing731

only a lightweight semantic term in the routing log-732

its. At inference time, the model exhibits the same733

inference-time complexity and memory footprint734

as the corresponding baseline MoE models.735

Semantic cues are generated offline using a large736

language model, with one-time generation per ques-737

tion prior to training. The generated cues are738

cached and reused throughout training and eval-739

uation. As a result, no LLM calls are made during740

training iterations or inference, and the LLM is not741

part of the training or inference loop. All reported742

results are averaged over three independent runs.743

B Additional Experiments744

B.1 Case Study745

Figure 5 presents an example from the Temporal746

category of MRAG-Bench, comparing the behav-747

iors of CoGR-MoE and I2MoE. The image depicts748

a large neoclassical building under construction,749

while the question asks for the name of the archi-750

tecture once construction is finished. Among the751

four candidate answers, the correct choice is Pan-752

theon.753

We compare the routing behavior and decision754

outcomes of MH-MoE and CoGR-MoE on this ex-755

ample. I2MoE exhibits a relatively diffuse routing756

pattern, with expert activations distributed more757

evenly across the selected experts. As a result, the758

aggregated representations formed for different an-759

swer options are weakly differentiated, leading the760

model to assign a higher similarity score to an in-761

correct option. In contrast, CoGR-MoE shows a762

more structured routing behavior. Although the763

same Top-K experts are selected, CoGR-MoE ap-764

plies option-specific reweighting over these experts,765

resulting in distinct aggregated representations for766

each answer choice.767

This difference in expert CoGR is reflected in768

the final option scores. CoGR-MoE substantially769

increases the score of the correct answer while sup-770

pressing the scores of distractors, thereby enlarging771

the margin between the correct option and all al- 772

ternatives. I2MoE , by contrast, fails to separate 773

the correct answer from visually or semantically 774

similar distractors. 775

B.2 Uncertainty Study 776

To evaluate the contribution of stability-aware sam- 777

ple weighting, we disable the variance component 778

in uncertainty estimation. As a result, gradient 779

weighting depends solely on agreement, without 780

suppressing unstable or noisy probes. All options 781

therefore receive similar training strength indepen- 782

dent of textual consistency. To further isolate the 783

role of agreement-based semantic reliability, we 784

construct an Only-Variance baseline by removing 785

the agreement term. In this setting, uncertainty is 786

determined solely by probe variation, without incor- 787

porating agreement information. This variant treats 788

all semantic cues as equally plausible regardless of 789

their semantic alignment with the image–question 790

pair. It keeps the ability to detect probe inconsis- 791

tency (larger variance → higher uncertainty) but 792

removes any information about whether the probes 793

actually align with the image–question pair. 794

Across all seven benchmarks, removing uncer- 795

tainty consistently lowers accuracy as shown in 796

Table 7. The largest drops appear on VQAv2, with 797

a decrease of 4.1 percent. More moderate declines 798

occur on ScienceQA with 1.5 percent and MMVet 799

with 0.8 percent. The accuracy of Only-Variance 800

falls between that of w/o uncertainty and Full 801

CoGR. However, on ScienceQA, Only-Variance 802

obtains 75.4 percent, slightly lower than the 75.9 803

percent of w/o uncertainty, and on MMVet, Only- 804

Variance reaches 62.8 percent, also the lowest. 805

The largest performance drops on VQAv2 and 806

MRAG stem from the fact that they contain highly 807

diverse, semantically overlapping answer options 808

and substantial linguistic ambiguity, which makes 809

them particularly sensitive to noisy or unstable 810

probe signals. Without uncertainty, noisy probes 811

receive equal training strength, contaminating ex- 812

pert routing, distorting the semantic direction for 813

contrastive alignment, and amplifying option-level 814

confusion. ScienceQA, however, is largely unaf- 815

fected by this removal because its questions are 816

highly structured and semantically unambiguous. 817

As a result, the model relies far less on statement 818

stability for distinguishing candidate answers, lead- 819

ing to only minimal degradation when uncertainty 820

is removed. 821

On ScienceQA, the Only-Variance variant under- 822

11



Table 5: Performance comparison on the Perspective categories of MRAG-Bench.

Methods Angle Partial Scope Occlusion

MOE-LLaVA

MOE-LLaVA 62.42 54.88 60.19 47.65
MH-MoE 68.94 69.92 73.53 66.74
Metis-HOME 68.77 62.68 65.24 58.47
I2MoE 65.49 61.76 64.87 59.53
CL-MOE 65.69 63.41 58.82 66.67
MoME 68.95 69.42 73.24 65.57
CoGR-MoE (Ours) 70.29 69.92 67.35 68.81

Qwen3-VL-A3B-30B

Qwen3-VL-A3B-30B 62.80 61.94 63.78 67.81
MH-MoE 71.01 73.42 57.90 61.33
Metis-HOME 64.78 68.54 69.83 70.65
I2MoE 69.53 67.29 72.61 65.42
CL-MOE 72.61 72.92 73.37 74.30
MoME 74.18 72.54 66.86 68.96
CoGR-MoE (Ours) 77.78 71.26 73.61 75.63

performs because questions are highly structured,823

so variance mainly reflects random fluctuations in824

statement scoring rather than meaningful semantic825

stability. On MMVet’s instruction- and reasoning-826

style questions, the performance drop is even more827

pronounced. Correct answers are often longer,828

multi-aspect explanations, which naturally induce829

higher variance across statements, whereas plausi-830

ble but incorrect distractors can appear more uni-831

form and thus exhibit lower variance. A variance-832

only scheme therefore tends to down-weight pre-833

cisely those samples that require nuanced reason-834

ing, while relatively up-weighting simpler but in-835

correct options. In contrast, the Full model for-836

mulation combines variance with agreement-based837

alignment, allowing the model to discount probes838

that are stable yet semantically misaligned.839

B.3 Prompt Ablation Study840

To isolate prompt effects from the CoGR-MoE ar-841

chitecture itself, we compare two cues-generation842

settings under an otherwise identical training and843

evaluation pipeline. We consider the following two844

prompts for the LLM-based cues generator:845

• Full Prompt. This is the task-aware prompt846

used in our main experiments. It explicitly847

instructs the LLM to (i) distinguish between848

positive-cues and negative-cues, and (ii) at-849

tend to task characteristics (e.g., object recog-850

nition, counting, OCR-like text reading, and 851

relational reasoning). 852

• Minimal Prompt. This ablated version re- 853

moves all task-type hints and high-level rea- 854

soning instructions. The LLM is only asked 855

to generate a small set of positive-cues and 856

negative-cues for each answer option. No ad- 857

ditional guidance about problem type, reason- 858

ing strategy, or probe diversity is provided. 859

Across the seven benchmarks, using the Min- 860

imal Prompt instead of the Full Prompt leads to 861

only small drops on the standard VQA datasets. 862

The decrease is very small on VQAv2, where accu- 863

racy falls from 88.5 to 87.8, and similarly small on 864

GQA, where it goes from 83.2 to 82.6. Larger 865

differences appear on more complex reasoning 866

datasets: MMVet from 64.3 to 60.9, and MMStar 867

from 52.0 to 47.5. The decline is most pronounced 868

on reasoning-oriented and instruction-following 869

tasks. 870

The prompt ablation highlights a clear task- 871

dependent pattern. On perception-oriented VQA 872

datasets such as VQAv2 and GQA, replacing the 873

full task-aware prompt with a minimal cue prompt 874

leads to only minor degradation, suggesting that 875

these benchmarks rely mainly on local visual evi- 876

dence that simple support/reject cues can already 877

capture. 878
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Table 6: Performance comparison on the Transformative and Others categories of MRAG-Bench.

Methods Temporal Deformation Incomplete Biological Others

MOE-LLaVA

MOE-LLaVA 47.65 53.92 47.62 53.92 51.67
MH-MoE 70.47 42.16 41.22 52.94 40.83
Metis-HOME 58.59 50.28 40.63 54.90 55.75
I2MoE 54.94 57.69 32.06 58.80 60.83
CL-MOE 63.12 47.06 39.22 56.86 59.94
MoME 69.30 54.71 39.82 59.80 64.06
CoGR-MoE (Ours) 68.46 58.80 49.18 57.75 58.67

Qwen3-VL-A3B-30B

Qwen3-VL-A3B-30B 57.36 51.85 52.02 55.94 61.33
MH-MoE 71.46 58.88 34.37 65.78 50.50
Metis-HOME 74.26 62.67 51.94 64.32 65.30
I2MoE 62.73 60.41 42.22 60.84 68.00
CL-MOE 71.46 47.12 41.27 56.92 48.65
MoME 73.05 56.92 41.37 63.26 56.75
CoGR-MoE (Ours) 74.84 65.21 51.62 66.75 62.83

Table 7: Ablation accuracy on uncertainty components.

Method VQAv2 GQA VizWiz ScienceQA MMVet MMStar MRAG

w/o unc 82.4 81.1 83.0 75.9 63.5 49.7 59.5
Only-Variance 85.8 82.5 84.2 75.4 62.8 50.9 62.7
Full 88.5 83.2 84.8 77.4 64.3 52.0 63.3

In contrast, reasoning-oriented and instruction-879

following tasks, including ScienceQA, MMVet,880

MMStar, and MRAG show larger drops. These881

datasets require understanding multi-step instruc-882

tions and applying task-specific constraints, and883

the full prompt provides essential guidance for gen-884

erating cues that reflect such reasoning steps. With-885

out this guidance, the cues become more superfi-886

cial, reducing the quality of semantic anchoring887

and routing. Overall, CoGR-MoE remains robust888

on perception-heavy tasks but benefits more from889

structured prompting when deeper reasoning is re-890

quired.891

B.4 Routing Sharpness and Variance Study892

To evaluate whether CoGR-MoE achieves more se-893

mantically aligned and decisive routing than MoE-894

LLaVA, routing is explicitly enhanced toward ex-895

perts aligned with the correct semantic direction.896

Qwen-VL is not included here because its MoE897

layer uses 128 experts with Top-8 routing, under898

which the relative differences in gating distribu-899

tions become extremely small and difficult to in-900

terpret. Expert-gating distributions are collected 901

on MRAG-Bench, where each test sample is anno- 902

tated with a semantic category (e.g., Angle, Occlu- 903

sion, Deformation, Biological). Two complemen- 904

tary metrics are used: 905

Routing sharpness is defined as the difference 906

between the average gating weight of the selected 907

experts and that of the unselected experts. Formally, 908

letting T (x) denote the Top-K experts selected for 909

sample x: 910

Sharp(x) =
1

|T (x)|
∑

i∈T (x)

gi(x)

− 1

E − |T (x)|
∑

i/∈T (x)

gi(x),

(12) 911

where E is the total number of experts. A higher 912

value indicates stronger preference for the selected 913

experts. 914

Routing variance is defined for each semantic 915

category c as: 916

Varc =
1

E

E∑
i=1

Varx∈c
(
gi(x)

)
, (13) 917
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Figure 5: Qualitative comparison between CoGR-MoE and I2MoE on a temporal question from MRAG-Bench.
Although both models process the same image–question pair, CoGR-MoE produces more discriminative option
scores by leveraging structured expert uCoGR, leading to the correct prediction.

Table 8: Performance comparison of CoGR-MoE under different prompt configurations. The Full Prompt provides
detailed visual cue guidance, while the Minimal Prompt only generates simple postive and negative cues. All other
components of CoGR-MoE remain identical.

Method VQAv2 GQA VizWiz ScienceQA MMVet MMStar MRAG

Minimal Prompt 87.8 82.6 82.1 74.3 60.9 47.5 59.6
Full Prompt 88.5 83.2 84.8 77.4 64.3 52.0 63.3

which quantifies the variability of expert-gating918

distributions among samples within the same se-919

mantic group, with lower variance indicating more920

stable and semantically consistent routing. To im-921

prove readability, we report routing variance scaled922

by a factor of 10 without affecting relative compar-923

isons.924

As shown in Table 9 and Table 10, CoGR-925

MoE produces consistently sharper and more stable926

routing than MoE-LLaVA. For routing sharpness,927

CoGR-MoE on MoE-LLaVA increases the overall928

score from 0.12 to 0.23. Stronger improvements929

appear in categories such as Angle and Partial.930

For routing variance, CoGR-MoE substantially re-931

duces intra-category variability. On MoE-LLaVA,932

the overall variance drops from 0.46 to 0.31, with933

larger reductions in Partial and Temporal.934

The improvements in routing sharpness and vari-935

ance stem from CoGR-MoE’s ability to explicitly936

steer the router toward experts aligned with the937

correct semantic direction. Rather than relying on 938

unconstrained gating logits, CoGR-MoE builds a 939

semantic anchor from positive and negative cues 940

and injects it as a learnable signal, nudging samples 941

of the same semantic category toward a consistent 942

subset of experts. The probe-aligned contrastive 943

objective further strengthens this direction, while 944

uncertainty-aware weighting suppresses noisy gra- 945

dients that could destabilize routing. 946

C Theoretical Analysis 947

C.1 Bounded Routing Perturbation 948

Proposition. Let zbase ∈ RE denote the original 949

gating logits over E experts, and let the seman- 950

tic vector bCoGR satisfy ∥bCoGR∥∞ ≤ C for some 951

constant C > 0. For any bounded scalar λ, the 952

semantic-guided routing 953

gT = softmax
(
zbase + λbCoGR

)
(14) 954
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Table 9: Comparison of routing sharpness and routing variance on the Perspective categories.

Methods Overall Angle Partial Scope Occlusion

Routing Sharpness

MOE-LLaVA 0.12 0.08 0.06 0.12 0.08
CoGR-MoE (MOE-LLaVA) 0.23 0.26 0.28 0.26 0.20

Routing Variance

MOE-LLaVA 0.46 0.35 0.53 0.46 0.31
CoGR-MoE (MOE-LLaVA) 0.32 0.19 0.22 0.30 0.24

Table 10: Comparison of routing sharpness and routing variance on the Transformative and Other categories.

Methods Temporal Deformation Incomplete Biological Others

Routing Sharpness

MOE-LLaVA 0.21 0.13 0.07 0.13 0.18
CoGR-MoE (MOE-LLaVA) 0.20 0.20 0.24 0.18 0.20

Routing Variance

MOE-LLaVA 0.65 0.43 0.24 0.46 0.72
CoGR-MoE (MOE-LLaVA) 0.47 0.33 0.21 0.35 0.58

constitutes a bounded and Lipschitz-continuous955

perturbation of the original routing distribution956

softmax(zbase). In particular, it does not introduce957

additional extrema nor destabilize the relative or-958

dering of experts.959

Proof. The softmax function is Lipschitz-960

continuous with respect to its input logits under961

the ℓ∞ norm. That is, there exists a constant L > 0962

such that for any z, z′ ∈ RE ,963

∥softmax(z)− softmax(z′)∥1 ≤ L∥z − z′∥∞.
(15)964

In the semantic-guided routing, the perturbation965

applied to the original logits is966

(zbase + λbCoGR)− zbase = λbCoGR. (16)967

Since ∥bCoGR∥∞ ≤ C, we have968

∥(zbase + λbCoGR)− zbase∥∞ ≤ λC. (17)969

Combining the above inequalities, the induced970

change in the routing distribution is bounded by971

LλC. Therefore, the semantic enhancement intro-972

duces a controlled directional shift in logit space973

rather than an unbounded deformation, preserving974

routing stability and preventing expert collapse.975

C.2 Shared Top-K Consistency 976

Let zbase denote the base gating logits produced 977

by the router for an image–question pair (I,Q), 978

and let TopK denote the set of experts selected ac- 979

cording to zbase. For each answer option j, option- 980

specific logits over the shared Top-K experts are 981

defined as 982

logitstop(j) = zbase[TopK] + λsj [TopK], (18) 983

where sj denotes the semantic signal derived from 984

the option text. The corresponding gating distribu- 985

tion is given by 986

gj = softmax
(
logitstop(j)

)
, (19) 987

and the aggregated representation for option j is 988

computed as 989

h̃j =
∑

i∈TopK
gj(i)hi. (20) 990

Since the Top-K expert set is determined solely 991

by zbase, it is identical for all answer options and 992

independent of the option index j. Consequently, 993

routing decisions are shared across options and 994

depend only on the input (I,Q). sj influences 995

the model exclusively through reweighting within 996

this shared expert set, without altering the routing 997

outcome. 998
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As all option representations h̃j are linear com-999

binations of the same expert outputs, they lie in1000

a common expert subspace. This design ensures1001

comparability across options and prevents option-1002

conditional routing drift. In contrast, allowing each1003

option to independently select its own Top-K ex-1004

perts would entangle routing with option identity,1005

leading to duplicated expert computation and desta-1006

bilized expert specialization.1007

C.3 Bounded Gradient Reweighting1008

Proposition. Let the main training objective be1009

defined as1010

Lmain =
∑
j

1

1 + uncj
CE(score(j), yj). (21)1011

where CEj(θ) denotes the cross-entropy loss as-1012

sociated with option j, and uncj ≥ 0 is the cor-1013

responding uncertainty-based weight. This formu-1014

lation induces a bounded rescaling of per-option1015

gradients and does not introduce uncontrolled gra-1016

dient amplification.1017

Proof. Taking the gradient of Lmain with respect1018

to model parameters θ yields1019

∇θLmain =
∑
j

uncj ∇θCEj(θ). (22)1020

Applying the triangle inequality, we obtain1021

∥∇θLmain∥ ≤
∑
j

uncj ∥∇θCEj(θ)∥

≤
(
max

j
uncj

)∑
j

∥∇θCEj(θ)∥.

(23)1022

Therefore, uncertainty-aware weighting amounts1023

to a bounded linear rescaling of per-option gradi-1024

ents. As long as uncj is bounded, the overall gra-1025

dient magnitude remains controlled, ensuring that1026

uncertainty-based reweighting does not destabilize1027

optimization but only modulates the relative influ-1028

ence of different options during training.1029

C.4 Contrastive-Alignment Consistency1030

Proposition. Let the semantic alignment metric1031

be defined as1032

Sim = cos(hTopK, sa), (24)1033

where hTopK denotes the aggregated representation1034

of the routed Top-K experts and sa is the seman-1035

tic direction corresponding to the correct answer.1036

Consider the cue-guided contrastive objective used 1037

in Eq. (9), which encourages the aggregated repre- 1038

sentation of the correct option to align with posi- 1039

tive semantic cues while pushing incorrect option 1040

representations away from negative cues. Then, 1041

minimizing the contrastive loss induces gradient 1042

updates on the shared expert representations that 1043

are directionally consistent with increasing the se- 1044

mantic alignment metric Sim. 1045

Proof. The cosine similarity measures the angu- 1046

lar alignment between two vectors in representa- 1047

tion space. Without loss of generality, we assume 1048

∥sa∥ = 1, since normalization does not affect direc- 1049

tional analysis. For a representation h, the cosine 1050

similarity with respect to sa can be written as 1051

cos(h, sa) =
h⊤sa
∥h∥

. (25) 1052

Taking the gradient with respect to h yields 1053

∇h cos(h, sa) =
sa
∥h∥

− cos(h, sa)
h

∥h∥2
. (26) 1054

The first term promotes rotation of h toward the se- 1055

mantic direction sa, while the second term removes 1056

the component aligned with h itself, preventing triv- 1057

ial norm inflation. As a result, minimizing a neg- 1058

ative cosine similarity term − cos(h, sa) induces 1059

gradient updates that rotate the representation to- 1060

ward sa while keeping its norm controlled. 1061

In our setting, the contrastive loss in Eq. (9) is 1062

defined over option-specific aggregated represen- 1063

tations, including the correct-option representation 1064

h̃correct and a pooled incorrect-option representa- 1065

tion h̃wrong. Both representations are formed by 1066

reweighting the same shared Top-K expert outputs. 1067

Consequently, gradients from the contrastive objec- 1068

tive propagate to the shared expert representations 1069

that constitute hTopK. 1070

The positive term in the contrastive loss aligns 1071

h̃correct with the positive semantic cues, which are 1072

constructed to be consistent with the semantic di- 1073

rection sa. This induces gradient updates on the 1074

selected experts that rotate their representations 1075

toward sa. Meanwhile, the negative term discour- 1076

ages alignment of incorrect-option representations 1077

with incompatible semantic cues, further suppress- 1078

ing expert activations that conflict with the correct 1079

semantic direction. 1080

Therefore, although the contrastive objective 1081

does not explicitly maximize Sim, its gradient in- 1082

duces a consistent rotational pressure on the shared 1083
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expert representations toward the correct semantic1084

direction. As training proceeds, this alignment-1085

consistent gradient flow increases the expected co-1086

sine similarity between hTopK and sa, correspond-1087

ing to an increase in the semantic alignment metric1088

Sim.1089

D Prompt Listing1090

D.1 Full Prompt1091

You are a visual evidence aligner.

Given an image I, a question Q, and a
set of candidate answer options,↪→

your goal is to generate decision-level
semantic cues for each option.↪→

For each option a, produce two sets of
cues:↪→

- positive-cues: observable visual
evidence that should be present if a
is correct.

↪→
↪→
- negative-cues: observable evidence

that would contradict a if present.↪→

Before generating cues, identify the
main task type(s) involved in the
question

↪→
↪→
(multiple types may apply), and tailor

the cues accordingly.↪→

Task categories include:
- Perception
- Counting
- Spatial
- OCR / Text
- Commonsense & Knowledge
- Reasoning

[Category-Specific Guidance]

Perception:
Focus on directly observable visual

attributes, such as object parts,
colors, materials,

↪→
↪→
textures, or the presence or absence of

specific entities. Cues should be
localized

↪→
↪→
and visually verifiable.

Counting:
Focus on explicit countable instances or

visual anchors that support a
specific quantity.

↪→
↪→
Negative cues should highlight visible

evidence that contradicts an
incorrect count.

↪→
↪→

Spatial:
Focus on relative spatial relationships

between entities, such as left/right,
above/below,

↪→
↪→
inside/outside, distance, orientation,

or occlusion relationships.↪→

OCR / Text:

Focus on visible text or symbols in the
image. Positive cues should describe
readable text

↪→
↪→
or character patterns together with

coarse location information. Avoid
hallucinating text;

↪→
↪→
if the text is uncertain, indicate low

confidence rather than fabricating
content.

↪→
↪→

Commonsense & Knowledge:
Use only cues that are directly

supported by observable visual
evidence.

↪→
↪→
Do not rely on external knowledge as

decisive evidence when generating
cues.

↪→
↪→

Reasoning:
Describe minimal sets of observable

premises together with a short rule
or relation

↪→
↪→
that supports the option. Avoid long

chains of reasoning and do not
introduce

↪→
↪→
external knowledge beyond what is

visible or stated in the question.↪→

[General Principles]
- Cues should be concrete, specific, and

verifiable from the image.↪→
- Prefer minimal but discriminative

evidence.↪→
- Avoid subjective or non-observable

attributes.↪→
- If evidence is weak or uncertain,

reflect this by lowering confidence
rather than inventing details.

↪→
↪→

Return the positive-cues and
negative-cues for each option in a
structured format.

↪→
↪→

D.2 Minimal Prompt 1092

You are given an image, a question, and
multiple candidate answer options.↪→

For each option a, generate:
- positive-cues: a small set of visible

cues that must be present in the
image if the option were correct.

↪→
↪→
- negative-cues: visible cues that, if

present, would contradict the
option.

↪→
↪→

Cues should be concrete, observable, and
directly verifiable from the image.↪→

Do not rely on external knowledge or
subjective descriptions.↪→

If evidence is weak or uncertain, lower
the confidence rather than inventing
details.

↪→
↪→

Output a concise JSON object containing,
for each option, its positive-cues
and negative-cues.

↪→
↪→
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