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Abstract001

Vision-Language Models (VLMs) have demon-002
strated strong capabilities in perception, yet003
holistic Affective Image Content Analysis004
(AICA)—which integrates perception, rea-005
soning, and generation into a unified frame-006
work—remains underexplored. To address this,007
we introduce AICA-Bench, a comprehensive008
benchmark comprising three core tasks: Emo-009
tion Understanding (EU), Reasoning (ER), and010
Generation (EGCG). We evaluate 23 VLMs,011
revealing critical gaps: models struggle with012
intensity calibration and suffer from descrip-013
tive shallowness in open-ended tasks. To bridge014
these gaps, we propose Grounded Affective Tree015
(GAT) Prompting, a training-free framework016
that integrates visual scaffolding with hierar-017
chical reasoning. Experiments show that GAT018
effectively corrects intensity errors and signifi-019
cantly enhances descriptive depth, establishing020
a robust baseline for future affective multimodal021
research.022

1 Introduction023

Recent years have witnessed rapid advances in024

Vision-Language Models (VLMs) (Liu et al., 2023a,025

2024a,b; Wang et al., 2024; Bai et al., 2025; Chen026

et al., 2025; Zhu et al., 2025a; Yao et al., 2025),027

which integrate visual and textual modalities to028

perform a wide range of tasks, from image cap-029

tioning and visual question answering to grounded030

reasoning. To assess these capabilities, a variety of031

benchmarks (Yue et al., 2024; Liu et al., 2024c; Fu032

et al., 2024; Wang et al., 2023) have been developed,033

focusing primarily on factual correctness, semantic034

grounding, visual reasoning, or multi-discipline035

understanding. Yet emotional intelligence remains036

an underexplored but essential aspect of evaluat-037

ing VLMs and multimodal large language models038

(MLLMs).039

In response, several recent benchmarks have040

started to explore the emotional capabilities of041

Figure 1: Illustration of the three affective tasks in the
AICA-Bench benchmark.

VLMs and MLLMs (Yang et al., 2024; Bhat- 042

tacharyya and Wang, 2025; Lian et al., 2025; Gao 043

et al., 2025; Song et al., 2024), as summarized in 044

Table 1. Emo-Bench-M (Yang et al., 2024) is a 045

benchmark designed to evaluate the emotional in- 046

telligence (EI) capabilities of MLLMs. EVE (Bhat- 047

tacharyya and Wang, 2025) introduces an image- 048

based benchmark for emotion recognition, evaluat- 049

ing seven open-source VLMs across classification, 050

grounding, and explanation tasks. AffectGPT (Lian 051

et al., 2025) proposes MER-UniBench, a bench- 052

mark designed for fine-grained multimodal emotion 053

recognition, with a focus on video and dialogue un- 054

derstanding in MLLMs. EEmo-Bench (Gao et al., 055

2025) focuses on image-evoked emotion assess- 056

ment. MOSABench (Song et al., 2024) introduces 057

a benchmark for multi-object sentiment analysis in 058

MLLMs. 059

Those benchmarks have made meaningful 060

progress in evaluating the emotional capabilities 061

of VLMs and MLLMs. However, they have yet 062

to deeply investigate AICA, focusing on how emo- 063

tions are interpreted, explained, and generated from 064
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Benchmark Model Tasks #Datasets #AICA Datasets #Instr. #Models Prompt
EVE (Bhattacharyya and Wang, 2025) VLM EU 5 5 8,009 7 B+CoT
AffectGPT (Lian et al., 2025) MLLM EU 9 3 - 17 B
EEmo-Bench (Gao et al., 2025) MLLM EU 1 1 6,773 19 B
EmoBench-M (Hu et al., 2025) MLLM EU 13 - 6,226 20 B
MOSABench (Song et al., 2024) MLLM EU 1 1 1,000 8 B
AICA-Bench (Ours) VLM EU, ER, EGCG 9 9 18,124 23 B+CoT

Table 1: Comparison of recent emotion benchmarks for VLMs and MLLMs. EU: Emotion Understanding, ER:
Emotion Reasoning, EGCG: Emotion-guided Content Generation. #Instr. = total evaluation instructions; Prompt =
B: Basic prompting, CoT: Chain-of-Thought prompting.

visual content. As shown in Table 1, most bench-065

marks include only a few image-based emotion066

datasets and focus primarily on basic emotion under-067

standing tasks, typically framed as multiple-choice068

emotion classification. Yet prior work in affec-069

tive computing and emotion psychology (Picard,070

1997; Cambria, 2016) highlights that emotional071

intelligence involves not only recognizing affective072

cues, but also reasoning about emotional causes073

and producing contextually appropriate affective074

expressions.075

The lack of comprehensive benchmarks for holis-076

tic Affective Image Content Analysis with VLMs077

—spanning understanding, reasoning, and genera-078

tion—is a critical bottleneck in advancing affective079

intelligence. To bridge this gap, we propose AICA-080

Bench (Sec 3), a holistic benchmark evaluating081

VLMs across three complementary dimensions:082

Emotion Understanding (EU), Emotion Reason-083

ing (ER), and Emotion-Guided Content Gener-084

ation (EGCG). AICA-Bench integrates 9 diverse085

datasets and 18,124 standardized instructions to086

assess not only cue recognition but also causal ex-087

planation and empathetic expression. Using this088

benchmark, we conduct a comprehensive evalua-089

tion of 23 open- and closed-source VLMs under090

zero-shot settings.091

Beyond quantitative analysis (Sec 4), our de-092

tailed diagnostic error analysis uncovers two recur-093

rent failure patterns(Sec 5): (1) Emotion Intensity094

Hallucination, where models frequently confuse095

high-arousal emotions (e.g., Amusement) with low-096

arousal ones (e.g., Contentment) due to weak visual097

grounding; and (2) Descriptive Shallowness, where098

generated responses suffer from generic, template-099

like content. In response, we introduce Grounded100

Affective Tree (GAT) Prompting (Sec 5). This101

training-free framework leverages visual scaffold-102

ing to steer models toward precise calibration and103

richer descriptive depth. Across the three tasks,104

GAT produces consistent improvements, with the105

EU Task increasing by 6.15 percentage points and106

the ER and EGCG Tasks increasing by 3.54 and 107

3.96 percentage points, respectively. 108

2 Related Work 109

Vision-Language Models (VLMs) have rapidly ad- 110

vanced from early pretraining frameworks such as 111

Flamingo (Alayrac et al., 2022) and BLIP (Li et al., 112

2022) to modern instruction-following systems ca- 113

pable of handling diverse multimodal tasks. Recent 114

open-source representatives include the LLaVA 115

family (Liu et al., 2023a, 2024a,b), the Qwen2-VL 116

and Qwen2.5-VL series (Wang et al., 2024; Bai 117

et al., 2025), and InternVL2.5/3 (Chen et al., 2025; 118

Zhu et al., 2025a), alongside compact models such 119

as MiniCPM-V (Yao et al., 2025). Commercial 120

systems such as GPT-4o and Gemini 2.5 further 121

demonstrate the practical utility of this paradigm. 122

Most existing benchmarks primarily evaluate fac- 123

tual perception, VQA, captioning, and instruction 124

following (Schwenk et al., 2022; Yin et al., 2024; 125

Tu et al., 2024; Yue et al., 2024; Thapliyal et al., 126

2022; Liu et al., 2023b), leaving the affective dimen- 127

sion—how models perceive, interpret, and generate 128

emotional content—largely understudied. Recent 129

work has begun probing VLMs’ affective abili- 130

ties (Yang et al., 2024; Bhattacharyya and Wang, 131

2025; Lian et al., 2025; Gao et al., 2025; Song et al., 132

2024), but these studies typically rely on limited 133

datasets and focus narrowly on emotion classifi- 134

cation, without addressing affective reasoning or 135

emotionally grounded generation. 136

Motivated by holistic evaluation efforts such as 137

HELM (Liang et al., 2023a) and VHELM (Liang 138

et al., 2023b), we introduce AICA-Bench, a holistic 139

benchmark that systematically evaluates VLMs 140

across the full spectrum of affective understanding, 141

reasoning, and generation. 142
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Figure 2: The instruction curation pipeline of the AICA-Bench benchmark. It consists of two stages: (1) image
sample selection and filtering from multiple affective datasets, and (2) automatic instruction generation across three
tasks—emotion understanding (EU), emotion reasoning (ER), and emotion-guided content generation (EGCG).

3 The AICA-Bench Benchmark143

3.1 Evaluation Tasks Design144

As discussed in the Introduction section, the ex-145

isting affective benchmarks for VLMs focus pri-146

marily on emotional understanding tasks. How-147

ever, emotional intelligence extends beyond per-148

ception, encompassing the ability to reason about149

the underlying causes of emotions and generate150

emotionally aligned content. To fill this gap, we151

propose the AICA-Bench benchmark, which evalu-152

ates VLMs on three tasks—emotional understand-153

ing(EU), emotion reasoning(ER), and emotion-154

guided content generation(EGCG)—reflecting dif-155

ferent capability dimensions of VLMs in "under-156

standing–reasoning–generation" for affective intel-157

ligence. (see Fig. 1 for task demonstrations).158

1. EU: assesses a model’s ability to identify emo-159

tions explicitly expressed in an image (Ex-160

pressed Emotion Recognition) and infer the161

likely emotional response elicited in viewers162

(Evoked Emotion Prediction);163

2. ER: measures a model’s ability to explain164

why an image evokes a particular emotion,165

requiring causal reasoning grounded in visual166

context;167

3. EGCG: evaluates a model’s ability to pro-168

duce emotionally congruent descriptions con-169

ditioned on an image and a target emotion.170

3.2 Evaluation Dataset Construction171

The dataset construction process in AICA-Bench172

comprises two stages to ensure both representative-173

ness and quality of the evaluation prompts. Stage 1 174

curates high-quality affective image samples from 175

existing public datasets, and Stage 2 leverages GPT- 176

4o to automatically generate structured evaluation 177

instructions for emotion understanding, reasoning, 178

and generation tasks. The overall pipeline is illus- 179

trated in Figure 2. 180

Image Collection and Filtering We curate a total 181

of 8,086 affective images as the visual foundation 182

of our benchmark. These samples are drawn from 183

a range of publicly available affective computing 184

datasets and undergo a two-step filtering process. 185

Candidate images are first selected using automated 186

scripts, after which 20 trained annotators manually 187

review them to remove any content that is not safe for 188

work or emotionally ambiguous. Rejected samples 189

are replaced to maintain both emotional clarity and 190

dataset diversity. Specifically, we include 1,000 191

samples each from EmoSet (Yang et al., 2023), 192

Emotion6 (Peng et al., 2015), FI (You et al., 2016), 193

FlickrLDL (Yang et al., 2017), TwitterLDL (Yang 194

et al., 2017), FindingEmo (Mertens et al., 2024), 195

and EMOTIC (Kosti et al., 2020), along with 806 196

samples from Artphoto (Machajdik and Hanbury, 197

2010) and 280 from Abstract (Machajdik and Han- 198

bury, 2010). 199

Evaluation Instruction Generation In the sec- 200

ond stage, we automatically generate structured 201

evaluation instructions for each pair of curated 202

image-label using GPT-4o. This automated ap- 203

proach enables the consistent and scalable creation 204

of task-specific prompts while ensuring alignment 205

with the evaluation dimensions of the benchmark. 206
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The instructions cover three task categories. EU207

includes two subtasks: Expressed Emotion Recog-208

nition, identifying the emotion explicitly displayed209

by individuals in the image, and Evoked Emotion210

Prediction, inferring the likely emotional response211

of viewers. Both subtasks use two prompt styles:212

Basic prompts, which directly query the emotion213

from a predefined category list, and CoT prompts,214

which guide the model to reason step by step over215

visual cues such as color and brightness, contextual216

elements like scene type and objects, and semantic217

indicators such as facial expressions before pre-218

dicting the label. ER provides the image and its219

emotion label and asks the model to explain why the220

image evokes that emotion, testing causal reasoning221

grounded in visual context. EGCG similarly takes222

an image and target emotion but prompts the model223

to generate an emotionally congruent scene descrip-224

tion, assessing its ability to produce affect-aligned225

content.226

3.3 Evaluation Strategy227

Our evaluation strategy is designed to accommodate228

the heterogeneous task formats in AICA-Bench,229

including multiple-choice emotion recognition (EU)230

and open-ended generation tasks (EGCG and ER).231

EU: For the multiple-choice emotion under-232

standing task, we adopt the weighted F1 score as233

the primary evaluation metric. The weighted F1234

better reflects the performance in the unbalanced235

emotion categories, taking into account both the236

precision of each class and the recall while weight-237

ing each class proportionally to its frequency. These238

two sub-tasks are defined following the taxonomy239

in (Kosti et al., 2020), which distinguishes between240

Expressed Emotion Recognition and Evoked Emo-241

tion Prediction.242

EGCG and ER: Both emotion-guided content243

generation and emotion reasoning involve open-244

ended outputs where traditional automatic metrics245

(e.g., BLEU (Papineni et al., 2002)) are insufficient.246

These conventional metrics emphasize lexical over-247

lap or global semantic similarity but fail to capture248

critical affective dimensions.249

To address these limitations, we propose250

an AICA-Bench Scoring Model based on251

QwenVL2.5-7B, fine-tuned with instruction-style252

supervision grounded in human-annotated evalua-253

tions. Instead of relying solely on synthetic LLM254

scores, we collect human ratings across multiple255

affective criteria and use them to guide the learning256

process. Our scoring system evaluates open-ended 257

responses along three criteria: (1) Emotion align- 258

ment—the degree to which the response reflects 259

the target emotion; (2) Descriptiveness—the rich- 260

ness and specificity of the generated content; and 261

(3) Causal soundness, which we introduce specif- 262

ically for the emotion reasoning task to assess 263

whether the response provides a plausible explana- 264

tion linking visual cues to the predicted emotion. 265

These dimensions are inspired by prior work (Sedoc 266

et al., 2017; Celikyilmaz et al., 2020) and extended 267

to suit the multimodal and reasoning-oriented na- 268

ture of our benchmark. 269

Model ER EGCG
MSE MAE Pearson MSE MAE Pearson

Qwen2.5VL-7B 1.220 0.775 0.472 0.845 0.645 0.528
Gemini2.5-Pro 1.940 0.940 0.441 0.855 0.620 0.735
ChatGPT-4o 1.360 0.790 0.502 0.580 0.470 0.775
Ours 0.400 0.295 0.880 0.260 0.240 0.900

Table 2: Performance comparison on ER and EGCG
tasks against human annotations.

We construct a dataset of 10,000 open-ended 270

question–answer pairs via GPT-4o (5,000 for emo- 271

tion reasoning and 5,000 for emotion-guided con- 272

tent generation), which is subsequently partitioned 273

into training, validation, and test sets with a ratio 274

of 8:1:1. Each response is independently anno- 275

tated by five different annotators randomly selected 276

from a pool of ten, using our proposed affective 277

criteria on a 1 to 5 scale (interannotator agreement 278

measured by Krippendorff’s 𝛼 is 0.78, indicating 279

substantial agreement suitable for model training). 280

We then fine-tune Qwen2.5VL-7B with the human- 281

labeled data in a supervised manner, producing the 282

AICA-Bench scoring model, which demonstrates 283

superior alignment with human judgment compared 284

to baseline and closed-source LLMs (Table 2). To 285

facilitate comparison on the leaderboard, we nor- 286

malize the raw 1–5 ratings (𝑠) to a percentage score 287

via 𝑆% = 𝑠
5 × 100 and report the macro-average 288

across criteria. 289

4 Experiments 290

4.1 Experimental Setup 291

We benchmark a total of 23 VLMs, comprising 292

7 closed-source commercial models via APIs and 293

16 open-source models ranging from 2B to 16B 294

parameters. 295

Closed-source models. We evaluate the follow- 296

ing commercially hosted VLMs via API access: 297
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Model EU Basic EU CoT EU Avg. ER Avg. EG Avg. Overall Avg. (%)
Closed-source Models

Gemini-2.5-pro 66.97 67.57 67.27 79.08 74.13 73.49
Qwen-VL-max 64.07 65.98 65.02 77.75 75.93 72.90
ChatGPT-4o 64.44 65.42 64.93 77.81 75.73 72.82
Gemini-2.5-flash 68.05 69.32 68.68 76.55 68.19 71.14
ChatGPT-4o-mini 60.15 63.68 61.91 76.45 74.09 70.81
Qwen-VL-plus 60.04 67.81 63.92 72.39 66.86 67.73
Gemini-2.0-flash 67.16 68.98 68.07 71.05 63.93 67.68

Open-source Models (Size > 6B)
Qwen2.5VL-7B (Bai et al., 2025) 56.43 57.25 56.84 74.50 66.00 65.78
Ovis2-16B (Lu et al., 2024) 54.38 54.70 54.54 68.24 71.56 64.78
Ovis2-8B (Lu et al., 2024) 53.63 52.73 53.18 68.89 70.81 64.29
InternVL3-14B (Zhu et al., 2025b) 52.91 52.04 52.47 68.27 66.50 62.41
InternVL3-8B (Zhu et al., 2025b) 52.18 52.98 52.58 67.21 67.27 62.35
InternVL2.5-8B (Chen et al., 2024) 51.89 51.03 51.46 66.48 68.86 62.27
MiniCPM-o-2.6 (Yao et al., 2025) 52.73 48.65 50.69 70.16 64.98 61.94
Qwen2VL-7B (Wang et al., 2024) 53.52 55.19 54.36 65.23 64.76 61.45
LLaVA-1.6-13B (Liu et al., 2024b) 36.78 46.82 41.80 73.57 64.51 59.96
LLaVA-1.6-7B (Liu et al., 2024b) 36.58 50.22 43.40 73.81 59.58 58.93
MiniCPM-V-2.6 (Yao et al., 2024) 43.70 47.25 45.48 65.77 63.00 58.08
LLaVA-onevision (Li et al., 2024) 54.02 53.25 53.64 63.78 54.18 57.20

Table 3: Main results on the AICA-Bench benchmark. EU: Emotion Understanding, ER: Emotion Reasoning,
EGCG: Emotion-guided Content Generation.The complete leaderboard is provided in Appendix Table 8.
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Figure 3: (a) Performance gains from model scaling diminish beyond 7B parameters. (b) Models consistently
struggle with abstract art compared to realistic photos. (c) Masking facial cues causes an 11.1% performance drop,
revealing the models’ heavy reliance on visual shortcuts (faces) over holistic context.

Gemini-2.5-Pro, Gemini-2.5-Flash, Gemini-2.0-298

Flash, GPT-4o, GPT-4o-Mini, Qwen-VL-Max,299

Qwen-VL-Plus.300

Open-source models. We include a diverse set of301

open-source models covering different architectures302

and sizes: Qwen series (Qwen2.5VL-7B-Instruct,303

Qwen2.5-VL-3B-Instruct (Bai et al., 2025), Qwen2-304

VL-7B-Instruct, Qwen2-VL-2B-Instruct (Wang305

et al., 2024)), InternVL series (InternVL3-14B-306

Instruct, InternVL3-8B-Instruct, InternVL3-2B-307

Instruct (Zhu et al., 2025b), InternVL2.5-8B (Chen308

et al., 2024)), Ovis series (Ovis2-16B, Ovis2-8B,309

Ovis2-2B (Lu et al., 2024)), LLaVA series (LLaVA-310

1.6-13B, LLaVA-1.6-7B, LLaVA-OneVision (Li311

et al., 2024)), and MiniCPM series (MiniCPM-V-312

2.6 (Yao et al., 2024), MiniCPM-O-2.6 (Yao et al.,313

2025)).314

Computing environment. All open-source mod- 315

els are evaluated on a cloud computing platform 316

using NVIDIA A100 GPUs. Closed-source models 317

are accessed through their respective APIs under 318

standard inference settings. 319

4.2 Main Results and Analysis 320

We present the comprehensive evaluation results in 321

Table 3 and visualize key analytical dimensions in 322

Figure 3. Our analysis highlights four critical obser- 323

vations regarding the current state of multimodal 324

affective intelligence, with additional breakdowns 325

and extended quantitative results provided in Ap- 326

pendix B.3. 327

The Understanding-Reasoning-Generation Gap. 328

Although closed-source models still hold the lead, 329

the gap between them and top-tier open-source mod- 330
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els varies significantly across tasks. In reasoning-331

heavy tasks (ER), this gap has narrowed to just332

∼4.5%, but in visual perception (EU), it remains333

substantial at over 10%. This reflects a consistent334

"Top-Heavy" pattern across all evaluated models:335

scores for Reasoning and Generation are consis-336

tently 15-30% higher than Understanding scores. A337

clear example is LLaVA-1.6-13B, which achieves338

high reasoning performance (73.57%) comparable339

to state-of-the-art models, yet performs poorly in340

basic perception (41.80% in EU). This indicates341

that current models rely heavily on their language342

priors to infer emotions rather than truly perceiv-343

ing them from visual cues. Furthermore, simply344

increasing model size offers limited benefits (Fig-345

ure 3a); for instance, scaling parameters from 8B to346

16B in the Ovis2 series yields negligible gains. This347

collectively suggests that the primary bottleneck is348

not the model size or textual capabilities, but the349

quality of fine-grained visual encoding.350

Sensitivity to Visual Abstraction. We observe a351

consistent performance degradation when models352

process Abstract Art Photos compared to Realistic353

Non-Art Photos, as shown in Figure 3(b). Real-354

world photos typically contain clear objects and355

facial expressions that VLMs are well-trained to356

recognize. In contrast, art photos convey emotion357

through abstract features such as color theory and358

composition. The universal performance drop in-359

dicates that current VLMs lack effective affective360

transfer capability, struggling to generalize from361

concrete visual objects to abstract representations.362

Over-reliance on High-Level Facial Cues. In-363

spired by psychological studies (Yang et al., 2023)364

which posit facial expressions as critical high-level365

emotion attributes, we investigate the extent to366

which current VLMs rely on this specific visual cue367

for EU. While facial expressions undoubtedly influ-368

ence human emotional perception, a robust VLM369

should ideally integrate diverse visual information370

across levels. To rigorously test this, we conducted371

a controlled ablation study on a diagnostic sub-372

set of 500 images sampled from the context-rich373

EMOTIC and EmoSet datasets. For each image, fa-374

cial regions were detected and masked with opaque375

bounding boxes using MediaPipe. Crucially, to376

ensure experimental validity, we manually verified377

the masked subset to explicitly retain only samples378

where the emotional intent remained visually infer-379

able through remaining scene-level or action-level380

cues. The results, as illustrated in Figure 3(c), re-381

veal a critical dependency: when high-level facial 382

cues are occluded, the model’s performance suffers 383

a sharp decline, with the F1 score dropping by 384

11.1%. This significant degradation confirms that 385

current VLMs heavily utilize facial expressions as 386

a primary heuristic, struggling to effectively synthe- 387

size alternative contextual information when this 388

visual shortcut is removed. 389

5 Diagnostic Analysis and Affective 390

Steering 391

While Section 4 establishes the performance bench- 392

marks, it does not reveal the underlying cognitive 393

mechanisms behind model failures. In this sec- 394

tion, we first conduct a diagnostic error analysis to 395

pinpoint the limitations of current VLMs. Based 396

on the identified bottlenecks—specifically the lack 397

of visual grounding and the confusion in arousal 398

estimation—we introduce a theoretically grounded 399

framework, the Grounded Affective Tree (GAT) 400

Prompting. This approach integrates visual scaf- 401

folding with hierarchical reasoning to steer models 402

towards robust affective alignment and descriptive 403

depth across all three tasks. 404

5.1 Diagnostic Error Analysis 405

EU Misclassification Patterns: Intensity vs. Po- 406

larity. A comprehensive evaluation of total errors 407

reveals that misclassifications are disproportion- 408

ately driven by Intensity Errors (72.25%), signifi- 409

cantly overshadowing Polarity Errors (27.75%). 410

This fundamental split indicates that while models 411

generally succeed in distinguishing positive from 412

negative affective states, they struggle severely with 413

gauging arousal magnitude from visual cues. This 414

trend is visually reinforced in Figure 4a, where the 415

top ten misclassification patterns are dominated 416

by red gradient bars representing within-polarity 417

confusion, such as mislabeling Amusement as lower- 418

arousal Contentment (10.38%) or higher-arousal 419

Excitement (9.69%). Notably, the presence of a blue 420

gradient bar signifies critical cross-valence failures, 421

exemplified by the severe confusion of negative Dis- 422

gust with positive Awe (3.62%). This demonstrates 423

that despite the lower overall frequency of polarity 424

errors in the top tier, models remain susceptible to 425

catastrophic valence flips, particularly when faced 426

with high-arousal visual features. 427

Descriptive Shallowness in Reasoning & Gen- 428

eration. For open-ended tasks, Figure 4(b)-(c) 429

reveals a consistent dichotomy across both ER 430
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Figure 4: (a) EU: The dominance of intensity errors (Blue) over valence errors (Red) reveals an arousal bottleneck.
(b)-(c) ER & EGCG: Across both tasks, models achieve high emotion alignment but consistently lack descriptive
depth.

Figure 5: Representative failure cases of EU, ER, and EGCG tasks.

and EGCG: while models consistently achieve431

high scores in Emotion Alignment (Median ≈432

4.1), indicating effective topic adherence, their433

Descriptiveness lags significantly (Median ≈ 3.0).434

This performance gap highlights a "Safe Re-435

sponse Trap." Figure 5 qualitatively confirms this436

pattern, illustrating how models often resort to437

“template-filling”—producing generic, safe descrip-438

tions rather than grounding their reasoning in spe-439

cific, subtle visual evidence like lighting, texture,440

or social interactions.441

5.2 Steering via Grounded Affective Tree442

Prompting443

To address the Intensity and Polarity Errors along-444

side the Descriptive Shallowness identified in Sec-445

tion 5.1, we introduce Grounded Affective Tree446

(GAT) Prompting.447

Why Training-free-based Steering? First, Ef-448

ficiency: simple instructions have been proven to449

steer latent capabilities effectively without altering450

weights (Wu et al., 2025). Second, Scalability:451

prompting facilitates test-time scaling, where struc-452

tured strategies theoretically enhance reasoning453

performance (Liu et al., 2025). Third, Universality:454

unlike fine-tuning, prompting serves as a training-455

free, model-agnostic solution applicable to both456

open-source and black-box models. Training-free-457

based458

5.2.1 GAT Prompting 459

Drawing inspiration from recent work on scaffold- 460

ing coordinates for vision-language coordination 461

(Lei et al., 2025) and the Tree-of-Thoughts (ToT) 462

reasoning framework(Yao et al., 2023), our pro- 463

posed GAT Prompting orchestrates a structured 464

cognitive process. 465

Figure 6: The GAT Prompting Framework.

Visual Scaffolding. The visual scaffolding is gen- 466

erated using an efficient graph-based image segmen- 467

tation method(Chakrabarti, 2020), which creates 468

large, contiguous regions that serve as explicit vi- 469

sual anchors in the prompt to guide the VLM’s 470

attention. (Please refer to Appendix C for illustra- 471

tive examples). Based on these segmented anchors, 472

the prompt instructs the VLM to execute a sys- 473

tematic "region scan." For each designated region, 474

the model is required to identify and list objective 475

visual elements, thereby extracting distinct visual 476
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clues grounded in specific areas of the image.477

AffectToT Reasoning (for EU). To address clas-478

sification ambiguity in the EU task, we introduce479

AffectToT, a structured cognitive appraisal frame-480

work adapted from the ToT paradigm with a fixed481

search depth (𝑑 = 3) and breadth (𝑘 = 3). Lever-482

aging the objective region descriptions from the483

initial scan (Step 1) as the foundation, the work-484

flow proceeds to a Hypothesis Branching phase485

(Step 2), where the model generates 𝑘 = 3 distinct486

competing emotion-intensity pairs, explicitly citing487

specific region IDs as grounding evidence. Sub-488

sequently, a Grounded Verification stage (Step 3)489

functions as a critic to evaluate the logical con-490

sistency between each proposed intensity and the491

visual facts. By identifying contradictions—such as492

a relaxed posture invalidating a high-arousal hypoth-493

esis—the system actively prunes invalid branches.494

This single-pass propose-and-verify mechanism ef-495

fectively eliminates intensity hallucinations within496

a constrained token budget, ensuring the final deci-497

sion is strictly grounded in verified visual evidence.498

Grounded Generation (for ER & EGCG). In499

parallel, for open-ended generation tasks—ER and500

EGCG—the strategy pivots to directly leveraging501

the objective foundation established by visual scaf-502

folding to enhance descriptive fidelity.503

5.2.2 Effectiveness of GAT Prompting504

Impact on Task-Level Performance. Table 4505

demonstrates that GAT yields consistent perfor-506

mance improvements across EU, ER, and EGCG507

for all evaluated models. Specifically, the frame-508

work significantly boosts accuracy in EU while509

bridging the performance gap in higher-level ER510

and EGCG tasks, enabling smaller open-source511

models to approach the capabilities of proprietary512

baselines. These results confirm GAT as a robust513

enhancer that effectively grounds abstract emotional514

concepts in concrete visual evidence to benefit both515

perception and generation.516
Improvements in Error Calibration and Descrip-517

tive Quality. Figure 7 illustrates the specific im-518

provements in error handling and content quality.519

The left panel shows that GAT acts as an effective520

intensity calibrator, significantly suppressing con-521

fusion between high- and low-arousal emotions by522

correcting visual hallucinations. The right panel523

highlights a structural improvement in descriptive524

depth for ER and EGCG. Unlike baselines that525

tend to produce shallow responses, GAT shifts the526

Table 4: Comprehensive performance comparison. We
compare Baseline and GAT for EU, ER, and EGCG,
where green values indicate improvements of GAT over
the Baseline.

Model EU ER EGCG

Basic GAT Basic GAT Basic GAT

Gemini-2.5-Pro 66.97 71.15 79.08 82.45 74.13 78.25
ChatGPT-4o 64.44 69.82 77.81 83.10 75.73 79.40

Qwen2.5-VL-7B 56.43 61.94 74.50 78.92 66.00 70.55
Qwen2-VL-7B 53.52 59.08 65.23 69.15 64.76 68.30
Ovis2-8B 53.63 57.41 68.89 71.50 70.81 73.20
InternVL3-8B 52.18 56.33 67.21 70.30 67.27 70.85
LLaVA-1.6-7B 36.58 51.05 73.81 75.88 59.58 63.45

Figure 7: GAT corrects major intensity-confusion errors
in EU (left) and improves descriptive depth for ER and
EGCG (right). Abbreviations: Amu = Amusement, Con
= Contentment, Exc = Excitement, Awe = Awe, Ang =
Anger, Fear = Fear.

score distribution upwards with condensed vari- 527

ance. This confirms that our method effectively 528

eliminates generic outputs, ensuring that the gener- 529

ated content is descriptively rich and contextually 530

grounded. 531

6 Conclusion 532

We introduced AICA-Bench, a holistic benchmark 533

evaluating affective intelligence in vision-language 534

models through perception, reasoning, and gen- 535

eration tasks. Our study reveals weaknesses in 536

VLMs—particularly intensity miscalibration and 537

shallow descriptive grounding—and demonstrates 538

that GAT Prompting, a lightweight test-time strat- 539

egy, substantially mitigates these issues across mod- 540

els. While establishing a foundation for multimodal 541

affective understanding, broader challenges remain. 542

We hope this advances research toward VLMs that 543

understand, reason, and generate emotional content 544

more accurately and naturally. 545
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Limitations546

While AICA-Bench provides a holistic and much-547

needed perspective on evaluating multimodal affec-548

tive intelligence, it represents an initial step rather549

than a complete solution. However, several chal-550

lenges remain intrinsic to this domain and are not551

fully addressed in our work. Emotional interpreta-552

tion is inherently subjective and culturally situated,553

making it difficult to construct a benchmark that554

captures the full spectrum of human affect across de-555

mographics or social contexts. Our tasks operate on556

static images and English prompts, leaving broader557

settings—such as cross-cultural affective reason-558

ing, temporal emotion dynamics, or multilingual559

understanding—outside our current scope. In addi-560

tion, although our assessor offers consistent scoring561

across open-ended tasks, any automated judgment562

of emotional nuance inevitably carries modeling563

biases and may not fully approximate human in-564

terpretation. Finally, GAT Prompting focuses on565

test-time steering; its interaction with fine-tuning,566

memory-based reasoning, or personalized affect567

modeling remains unexplored. These limitations568

open important opportunities for future work to-569

ward developing more culturally aware, temporally570

grounded, and human-aligned affective VLMs.571
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A More Details of AICA-Bench876

A.1 Datasets877

To construct a comprehensive and diverse affective878

image benchmark, we select 9 publicly available879

datasets spanning various sources, labeling models,880

and visual styles. These datasets include both881

social and artistic domains, and cover a range of882

emotion annotation schemes, such as Ekman’s basic883

emotions, the Mikels model, and Plutchik’s wheel.884

Table 5 summarizes the key statistics and features885

of each dataset used in AICA-Bench.886

• EMOTIC(Kosti et al., 2017): Real-world887

images featuring individuals in diverse every-888

day contexts, annotated with Ekman’s basic889

emotion categories. The dataset is designed to890

support Expressed Emotion Recognition based891

on visual cues within natural scenes.892

• EmoSet-118K(Yang et al., 2023): A subset893

of a large-scale dataset with human-annotated894

labels, designed primarily for Evoked Emo-895

tion Prediction. It provides rich multi-level896

emotion attributes, including low-level (e.g.,897

color, brightness), mid-level (e.g., scene type,898

object category), and high-level (e.g., facial899

expression, human action) features, following900

the Mikels emotion model.901

• FindingEmo(Mertens et al., 2024): A dataset902

of 25,000 images tailored for Expressed Emo-903

tion Recognition, where each image is anno-904

tated with Plutchik emotion labels.905

• FI(You et al., 2016): A large-scale dataset906

from Flickr and Instagram, annotated using907

the Mikels model. Contains diverse everyday908

scenes and subtle affective cues in social media909

imagery.910

• Emotion6(Peng et al., 2015): Small-scale911

dataset labeled with six Ekman emotions plus912

neutral, offering clean and balanced data for913

Evoked Emotion Prediction.914

• FlickrLDL(Yang et al., 2017): Applies label915

distribution learning (LDL) on images from916

Flickr using the Mikels model, capturing the917

uncertainty of emotion perception through soft918

labels.919

• TwitterLDL(Yang et al., 2017): Similar to920

FlickrLDL but sourced from Twitter. Anno-921

tated via LDL under the Mikels model, reflect- 922

ing noisy and ambiguous affective signals in 923

social content. 924

• Abstract(Machajdik and Hanbury, 2010): 925

Consists of abstract paintings labeled with 926

the Mikels model. Emotions are conveyed 927

through shape, color, and form rather than 928

representational content. 929

• ArtPhoto(Machajdik and Hanbury, 2010): 930

Aesthetic photographic images labeled with 931

the Mikels model. Explores affect elicited 932

through compositional and stylistic elements 933

in artistic photos. 934

A.2 Instructions 935

To support diverse affective tasks, we construct 936

four types of natural language instructions within 937

the AICA-Bench benchmark: EU Basic, EU CoT, 938

ER, and EGCG. In total, we generate 18,124 in- 939

structions covering a wide range of image-emotion 940

combinations across all task types. Each instruction 941

type corresponds to a specific task category. EU 942

Basic and EU CoT are designed for Emotion Un- 943

derstanding. ER (Emotion Reasoning) instructions 944

require the model to explain the cause of a given 945

emotion in an image. EGCG (Emotion-guided 946

Content Generation) prompts the model to gen- 947

erate emotionally aligned descriptions based on 948

both visual input and a target emotion. Together, 949

these instructions enable fine-grained evaluation of 950

a model’s ability to comprehend, reason about, and 951

generate emotionally meaningful content. 952

Example Prefix of Instructions templates
for Expressed Emotion Recognition in EU
Basic

• "Identify the emotion displayed by the
person in the image."

• "What emotion is the person in the
picture showing?"

• "Determine the person’s emotional ex-
pression in this photo."

• "Classify the emotion of the person
visible in the image."

• "From the visual cues, what emotion is
the person exhibiting?"

• "..."
953
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Table 5: Datasets Used in the AICA Benchmark

Dataset Year Original Image Count Images Used in AICA Proportion in AICA Type Emotion Label Model

EMOTIC 2019 23,571 1,000 12.37% social Ekman
EmoSet-118K 2023 118,102 1,000 12.37% social Mikels
FindingEmo 2024 25,000 1,000 12.37% social Plutchik
FI 2016 23,308 1,000 12.37% social Mikels
Emotion6 2015 1,980 1,000 12.37% social Ekman
FlickrLDL 2017 10,700 1,000 12.37% social Mikels
TwitterLDL 2017 10,045 1,000 12.37% social Mikels
Abstract 2010 280 280 3.46% abstract Mikels
ArtPhoto 2010 806 806 9.97% artistic Mikels

Example Prefix of Instructions templates
for Evoked Emotion Prediction in EU Ba-
sic

• "Identify the emotion this image is
likely to evoke in a human viewer."

• "Based on the visual content, what emo-
tion would a typical observer feel?"

• "Determine the emotional response this
image is meant to trigger."

• "Classify the feeling this image might
evoke in someone who sees it."

• "..."
954

For the EU Basic task, we construct the instruc-955

tion set to directly prompt models to identify the956

most appropriate emotion from a predefined list.957

This task is divided into two subtypes: Expressed958

Emotion Recognition and Evoked Emotion Predic-959

tion. For each subtype, we use GPT-4o to generate960

50 diverse question templates phrased in natural961

language, in order to enhance lexical variety and962

reduce model overfitting to fixed instruction pat-963

terns. These templates serve as natural language964

prefixes, generalizable across datasets and capturing965

variation in phrasing, tone, and focus.966

To create a complete instruction for a given967

image instance, we concatenate a selected prefix968

with the emotion label space corresponding to the969

dataset’s annotation schema (e.g., Ekman, Mikels,970

or Plutchik). Formally, we define a complete EU971

Basic instruction as:972

Instruction = Prefix𝑖 + OptionList(𝐷 𝑗) (1)973

where Prefix𝑖 is the 𝑖-th natural language tem-974

plate, and OptionList(𝐷 𝑗) denotes the set of emo-975

tion labels associated with dataset 𝐷 𝑗 . This dy-976

namic construction ensures alignment between the977

instruction and the emotion taxonomy used in each 978

dataset. 979

For the EU CoT setting, we design chain- 980

of-thought style instructions to guide the model 981

through a structured three-step reasoning process: 982

Observe, Interpret, and Select. This format encour- 983

ages the model to reflect on visual features before 984

making a decision, aiming to improve both accuracy 985

and interpretability. 986

We define two CoT templates corresponding to 987

the two subtypes of Emotion Understanding: 988

• Evoked Emotion Prediction: The model is 989

instructed to assess how an image may affect 990

a typical viewer. It analyzes the scene based 991

on brightness, colorfulness, scene type, and 992

social context, then selects an emotion label 993

from the provided list. 994

• Expressed Emotion Recognition: The model 995

is asked to reason about the emotional state 996

of a person depicted in the image by exam- 997

ining facial expressions, body posture, and 998

environmental cues. 999

To illustrate how EU Basic instructions are in- 1000

stantiated for different subtypes, we present two 1001

representative examples. Figure 8 shows an Evoked 1002

Emotion Prediction prompt, where the model is 1003

asked to infer the likely emotional response of 1004

a typical viewer. In contrast, Figure 9 presents 1005

an Expressed Emotion Recognition prompt, which 1006

focuses on identifying the emotion explicitly dis- 1007

played by the individual in the image. 1008
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Figure 8: Example of an Evoked Emotion Prediction instruction in the EU Basic and CoT setting.

Figure 9: Example of an Expressed Emotion Recognition instruction in the EU Basic and CoT setting.

Prompt Used for ER and EGCG Instruction
Generation

You are building a benchmark to evaluate
a vision-language model’s emotional rea-
soning and emotional content generation
abilities.
You will receive an image and an emotion
label.
Your task is to produce two distinct tasks: 1.
Emotion Reasoning: A reasoning question
that asks the model to explain why the given
emotion is being expressed in the image.
2. Emotion-Guided Content Generation:
Generate a writing instruction that asks the
model to generate a short paragraph (50–
100 words) using the target emotion tone,
grounded in the image. Then provide an
expressive answer.
Format your response like this:
Reasoning Question: ...
Reasoning Answer: ...
Generation Instruction: ...
Generation Answer: ...

1009

To construct instructions for the ER and EGCG 1010

tasks, we leverage GPT-4o to generate natural lan- 1011

guage prompts along with corresponding sample 1012

answers. Each generation is conditioned on an 1013

image-emotion pair, and the model is asked to 1014

produce two distinct instruction types: 1015

• Emotion Reasoning: A question that requires 1016

the model to explain why the given emotion is 1017

appropriate for the image. 1018

• Emotion-guided Content Generation: A cre- 1019

ative writing instruction that asks the model to 1020

describe the image using the tone or perspec- 1021

tive of the given target emotion. 1022

We use a single, structured system prompt to 1023

generate both instruction types in a consistent and 1024

controlled manner. A representative example of this 1025

prompt is shown in Figure A.2. To illustrate how 1026
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these instructions are applied in practice, Figure 101027

presents an example based on a specific image,1028

demonstrating how the model is guided to explain1029

the given emotion and produce a corresponding1030

emotionally aligned description.1031

A.3 Annotation for AICA-Bench1032

To construct the visual foundation of AICA-Bench,1033

we relied on 20 trained annotators recruited from1034

our institution and collaborating labs. The anno-1035

tators were students (including undergraduate and1036

M.S. students), typically 20–27 years old, and were1037

required to be proficient in English to follow the1038

annotation guidelines. They had prior experience in1039

affective computing or related areas. Participation1040

was voluntary, and annotators were informed that1041

they could stop at any time without penalty. Each1042

annotator received a flat honorarium of $20 for their1043

contribution, which corresponds to a typical short1044

annotation session in our locale and is comparable1045

to the standard compensation level for student re-1046

search assistants performing similar expert tasks.1047

The 8,086 candidate images selected by automated1048

scripts (Section 3.2) were divided into subsets and1049

assigned to these annotators for manual review.1050

Before the main filtering phase, all annotators1051

completed a brief training and calibration session.1052

We provided written guidelines describing the goal1053

of AICA-Bench (to build a clear and diverse af-1054

fective image benchmark), the target emotion cat-1055

egories and valence–arousal space, and several1056

worked examples of acceptable and unacceptable1057

images. During training, annotators practiced on a1058

small set of pilot images and received feedback to1059

align their judgments. In the main annotation stage,1060

we applied the two-step filtering process described1061

in Section 3.2: images were first selected using1062

automated scripts from a range of publicly avail-1063

able affective computing datasets, and then each1064

candidate was manually reviewed by a trained anno-1065

tator. Annotators were instructed to reject images1066

that are unsafe for work, contain offensive or highly1067

sensitive content, or are too emotionally ambiguous1068

to support reliable labels; rejected samples were1069

replaced to maintain both emotional clarity and1070

dataset diversity.1071

The images used in AICA-Bench are drawn1072

from existing publicly released affective image1073

datasets that provide de-identified visual content1074

under research-friendly licenses, and we do not1075

collect any new personally identifying information1076

about the individuals depicted. Our work focuses1077

on secondary use and additional annotations over 1078

these public resources. Annotators were informed 1079

that their decisions would be used for research 1080

purposes and for releasing the benchmark to the 1081

community, and we store only anonymized annota- 1082

tor identifiers and binary keep/reject decisions. In 1083

line with the content policies of the source datasets, 1084

and consistent with our two-step filtering protocol, 1085

images that are NSFW, offensive, or otherwise in- 1086

appropriate for an affective benchmark are removed 1087

prior to release, and annotators are encouraged to 1088

flag any remaining samples that may be sensitive 1089

or ambiguous so that they can be excluded from the 1090

final dataset. 1091

A.4 Metrics 1092

We use task-specific metrics to evaluate model 1093

performance across the AICA-Bench benchmark. 1094

For the EU task, we report Accuracy, Macro F1, 1095

and Weighted F1. Among these, Weighted F1 is 1096

used as the primary metric, as it accounts for class 1097

imbalance across datasets. 1098

For the open-ended generation tasks—ER and 1099

EGCG—we employ a fine-tuned scoring model 1100

to assess the quality of responses. For ER, we 1101

evaluate three dimensions: Emotion Alignment, 1102

which measures how well the response reflects the 1103

target emotion; Descriptiveness, which assesses 1104

the richness and specificity of the explanation; and 1105

Causal Soundness, which captures whether the 1106

reasoning provides a plausible link between the 1107

visual content and the stated emotion. For EGCG, 1108

we evaluate Emotion Alignment and Descriptiveness 1109

using the same criteria. 1110

Table 6 summarizes the evaluation metrics used 1111

for each task. 1112

A.5 VLM Models Details 1113

To ensure a comprehensive evaluation, we in- 1114

clude both closed-source and open-source vision- 1115

language models (VLMs). Within the open- 1116

source group, we select models at three param- 1117

eter scales—2–3B, 7–8B, and 14–16B—covering 1118

a range of compute capacities and deployment set- 1119

tings. 1120

Closed-source models. These models are ac- 1121

cessed via API and represent strong general-purpose 1122

commercial systems. We include: 1123

• GPT-4o and GPT-4o-Mini: The latest gen- 1124

eration of OpenAI’s VLMs with multimodal 1125

reasoning capabilities. 1126
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Figure 10: Examples of an ER and EGCG.

Table 6: Evaluation metrics used for each task in AICA-Bench

Task Evaluation Metrics

Emotion Understanding (EU) Accuracy, Macro F1, Weighted F1
Emotion Reasoning (ER) Emotion Alignment, Descriptiveness, Causal Soundness
Emotion-guided Content Generation (EGCG) Emotion Alignment, Descriptiveness

• Gemini-2.5-Pro / Flash / 2.0-Flash: Google’s1127

vision-language models optimized for both1128

generation and perception tasks.1129

• Qwen-VL-Max / Plus: High-performing com-1130

mercial VLMs developed by Alibaba, de-1131

signed for instruction-following in multimodal1132

contexts.1133

Open-source models. We include diverse open-1134

source models from different families and architec-1135

ture designs. All selected models support vision1136

input and are instruction-tuned.1137

• Qwen series (2B, 3B, 7B):1138

– Qwen2-VL-2B / Qwen2.5-VL-3B /1139

Qwen2.5-VL-7B: Lightweight VLMs de-1140

signed for practical deployment with 1141

strong performance in perception-based 1142

tasks. 1143

• InternVL series (2B, 8B, 14B): 1144

– InternVL3-2B / 8B / 14B, InternVL2.5-8B: 1145

VLMs optimized for high-resolution vi- 1146

sual reasoning, with a multi-scale fusion 1147

backbone. 1148

• Ovis series (2B, 8B, 16B): 1149

– Ovis2-2B / 8B / 16B: Focused on vision- 1150

language alignment and long-form gen- 1151

eration, designed for instruction-based 1152

multimodal understanding. 1153
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• LLaVA series (7B, 13B):1154

– LLaVA-1.6-7B / 13B, LLaVA-OneVision:1155

Popular open-source VLMs pretrained1156

with image-text alignment and dialogue1157

fine-tuning.1158

• MiniCPM series:1159

– MiniCPM-V / MiniCPM-O-2.6: Com-1160

pact VLMs designed for mobile and edge1161

deployment, with surprisingly strong per-1162

formance on vision tasks.1163

B Detail of AICA-Bench Scoring Model1164

B.1 Dataset Details1165

To effectively train our scoring model, we meticu-1166

lously constructed a high-quality human-annotated1167

dataset. This dataset serves as the foundation for1168

fine-tuning our scoring model, enabling it to learn1169

the nuances of human judgment regarding MLLM1170

output.1171

Figure 11 illustrates the custom human annota-1172

tion interface employed for collecting high-quality1173

data for our scoring model. This platform facilitated1174

expert evaluators in assessing model-generated re-1175

sponses (e.g., for emotion reasoning tasks) against1176

predefined criteria, such as ’emotional_alignment’,1177

’descriptiveness’, and ’causal_soundness’, ensuring1178

a rigorous and consistent scoring process.1179

The creation of this dataset involved five domain1180

experts independently evaluating 10K distinct data1181

samples. Each sample comprised an image-based1182

question, the MLLM’s generated answer, and a1183

set of predefined evaluation criteria. The experts1184

provided scores for each criterion, reflecting the1185

quality of the MLLM’s response. This human-1186

annotated data was then formatted into a specialized1187

instruction-tuning dataset, specifically designed for1188

training our scoring model.1189

Figure 12 provides illustrative examples of the1190

instruction-tuning format used in our dataset. As1191

depicted, each entry includes a "Question" prompt1192

that instructs the expert evaluator on the task (e.g.,1193

Emotion Reasoning, Emotion-Guided Content Gen-1194

eration) and the specific criteria for assessment. An1195

"Input Sample" section presents the original image-1196

based prompt and the MLLM’s generated "Output"1197

response. Crucially, the "Evaluation Criteria" sec-1198

tion lists the specific aspects to be rated on a 1-51199

scale, such as "Emotional Alignment," "Descrip-1200

tiveness," and "Causal Soundness." Finally, the1201

"Ground Truth" section contains the actual scores1202

provided by the human experts in a JSON format, 1203

serving as the target labels for our scoring model’s 1204

training. This structured format ensures that our 1205

fine-tuning process directly aligns the model’s out- 1206

put with expert human assessments of MLLM re- 1207

sponse quality. 1208

B.2 Training Details 1209

Our scoring model was fine-tuned from the 1210

Qwen2.5-VL-7B model using the LLaMA-Factory 1211

framework with Low-Rank Adaptation (LoRA). 1212

This approach was chosen for its efficiency in adapt- 1213

ing large pre-trained models with reduced com- 1214

putational overhead. Training was performed on 1215

a single NVIDIA A100 80GB GPU, leveraging 1216

a high-quality human-annotated dataset. The de- 1217

tailed training configuration is summarized in Table 1218

7. Key parameters, including an effective batch size 1219

of 8, a learning rate of 1.0e-4, a cosine learning rate 1220

schedule with a 0.1 warmup ratio, and 3 training 1221

epochs, were optimized to ensure stable conver- 1222

gence and prevent overfitting on our specialized 1223

dataset. 1224

B.3 More Experiment Results 1225

B.4 Comprehensive Model Comparison 1226

Table 8 provides the full evaluation results for all 1227

closed-source and open-source models assessed in 1228

the AICA-Bench benchmark. While the main paper 1229

reports the aggregated findings, this appendix table 1230

offers a complete breakdown across five metrics: 1231

EU Basic, EU CoT, EU Average, ER Average, and 1232

EGCG Average, as well as the final overall average 1233

score. 1234

B.5 Performance Radar Charts by Model 1235

Series 1236

To complement the quantitative leaderboard pre- 1237

sented in the main paper, Figure 13 visualizes the 1238

performance of all evaluated VLMs across seven 1239

core metrics using radar charts. Each subplot 1240

corresponds to a distinct model series—either open- 1241

source or closed-source—and includes all variants 1242

within that series. The plotted axes cover: EU 1243

Basic, EU CoT, ER Emotional Alignment (ER EA), 1244

ER Descriptiveness (ER Desc.), ER Causal Sound- 1245

ness (ER CS), EGCG Emotional Alignment (EGCG 1246

EA), and EGCG Descriptiveness (EGCG Desc.). 1247

Radar chart comparisons reveal several consis- 1248

tent trends across model series. Closed-source 1249

models generally demonstrate strong and balanced 1250

performance across all affective tasks. In contrast, 1251
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Figure 11: Human Annotation Interface

open-source models often achieve high scores in1252

reasoning tasks (e.g., ER-EA, ER-CS) but under-1253

perform in emotion-guided generation, especially1254

in descriptive quality. Additionally, within many1255

model families, performance improvements do not1256

scale uniformly with model size, highlighting the1257

influence of optimization and alignment strategies.1258

B.6 Analysis of Model Size vs. Performance1259

To substantiate our observation that model size is1260

not a reliable predictor of affective performance, we1261

further analyze the scores of open-source models1262

across four evaluation dimensions: EU Avg., ER1263

Avg., EGCG Avg., and Overall Avg., plotted in Fig-1264

ure 14. Each curve represents a model series, and1265

markers indicate performance at different parameter1266

scales.1267

Several patterns reinforce our conclusion:1268

• Qwen2.5VL-7B (65.78%) achieves the high-1269

est overall average score among all open-1270

source models, outperforming larger mod-1271

els such as InternVL3-14B (62.41%) and1272

LLaVA-1.6-13B (59.96%), underscoring that1273

increased parameter size does not guarantee1274

superior affective capability.1275

• Qwen2.5VL-3B (61.81%) outperforms mul-1276

tiple larger models such as InternVL3-14B 1277

(62.41%) and LLaVA-1.6-13B (59.96%), and 1278

exhibits particularly strong performance on ER 1279

Avg. and EGCG Avg.. 1280

• Ovis2-8B (64.29%) achieves higher average 1281

scores than the 14B and 13B models of other 1282

series, including InternVL3 and LLaVA, in- 1283

dicating that even mid-sized models can be 1284

highly competitive. 1285

• Across series, performance fluctuations do not 1286

exhibit monotonic growth with scale: for ex- 1287

ample, within InternVL3, the smallest model 1288

(2B) performs worse overall (56.14%), but the 1289

8B variant (62.35%) and the 14B (62.41%) are 1290

nearly tied, suggesting diminishing returns. 1291

• In the EGCG dimension in particular, smaller 1292

models like Qwen2VL-2B (58.64%) and 1293

MiniCPM-2.6 (58.08%) are competitive with 1294

or even outperform some 7B–13B models. 1295

Interestingly, when focusing specifically on the 1296

EGCG Avg. dimension, a more noticeable trend 1297

emerges: models with larger parameter sizes tend 1298

to perform better. For instance, Ovis2-16B achieve 1299

higher EGCG scores (71.56%) compared to their 1300

smaller counterparts like Ovis2-2B (66.04%). This 1301
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Figure 12: Examples of the Instruction-Tuning Dataset Format

suggests that model size might play a more signif-1302

icant role in generation tasks where maintaining1303

coherence, style, and emotional grounding in gen-1304

erated content requires greater model capacity.1305

We speculate that this correlation may be due to1306

the inherently more complex nature of text or image1307

generation in affective settings, which benefits from1308

the richer representation capabilities and longer1309

context handling of larger models. Nevertheless,1310

the trend is still not strictly linear, as some smaller1311

models like Qwen2.5VL-3B and Qwen2VL-7B1312

still demonstrate competitive performance, reinforc-1313

ing the importance of model training and alignment1314

strategies.1315

C GAT Prompting1316

This section outlines the concrete prompts used1317

by the Grounded Affective Tree (GAT) framework1318

across the three tasks in AICA-Bench. Each prompt1319

is designed following the principles described in1320

Section 5.2, combining region-level visual scaffold-1321

ing with structured affective reasoning or grounded1322

generation. In addition to the prompts, we also1323

describe the implementation of visual scaffolding,1324

which serves as a key component in guiding the1325

model’s understanding and generation of affective1326

content. Furthermore, we provide results from 1327

human evaluation to validate the effectiveness of 1328

GAT, ensuring that the improvements are not only 1329

supported by automatic metrics but also by human 1330

judgments. 1331

Visual Scaffolding Implementation. For image 1332

segmentation, we use the graph-based image seg- 1333

mentation method that divides the image into re- 1334

gions based on pixel similarities. The segmentation 1335

is controlled by three parameters: scale, sigma, 1336

and min_size_ratio. After the initial segmenta- 1337

tion, we dynamically merge the smallest regions 1338

until the number of regions is reduced to a target 1339

range (2–4 regions) based on the adjacency of re- 1340

gions and their relative areas. The process was 1341

implemented in Python using the skimage library 1342

and is available on GitHub (Chakrabarti, 2020). 1343

Figure 15 presents representative examples of the 1344

Visual Scaffolding used in GAT Prompting. Each 1345

image is decomposed into several coarse regions 1346

using graph-based segmentation, where each region 1347

is assigned a unique numerical ID (e.g., 1, 2, 3...). 1348

Subsequently, these IDs and contours are overlaid 1349

on the raw image before feeding it into the VLM. 1350

These annotated regions serve as explicit visual 1351

anchors for downstream prompting, providing a 1352
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Table 7: Scoring model training configuration

Parameter Value

Base Model Qwen2.5-VL-7B
Fine-tuning Framework LLaMA-Factory
Fine-tuning Method LoRA
GPU 1 × NVIDIA A100
Effective Batch Size 8 (per-device: 2, gradient accumulation: 4)
Learning Rate 1.0e-4
Learning Rate Scheduler Type Cosine
Warmup Ratio 0.1
Number of Training Epochs 3

Model EU Basic EU CoT EU Avg. ER Avg. EG Avg. Overall Avg. (%)
Closed-source Models

Gemini-2.5-pro 66.97 67.57 67.27 79.08 74.13 73.49
Qwen-VL-max 64.07 65.98 65.02 77.75 75.93 72.90
ChatGPT-4o 64.44 65.42 64.93 77.81 75.73 72.82
Gemini-2.5-flash 68.05 69.32 68.68 76.55 68.19 71.14
ChatGPT-4o-mini 60.15 63.68 61.91 76.45 74.09 70.81
Qwen-VL-plus 60.04 67.81 63.92 72.39 66.86 67.73
Gemini-2.0-flash 67.16 68.98 68.07 71.05 63.93 67.68

Open-source Models
Qwen2.5VL-7B (Bai et al., 2025) 56.43 57.25 56.84 74.50 66.00 65.78
Ovis2-16B (Lu et al., 2024) 54.38 54.70 54.54 68.24 71.56 64.78
Ovis2-8B (Lu et al., 2024) 53.63 52.73 53.18 68.89 70.81 64.29
InternVL3-14B (Zhu et al., 2025b) 52.91 52.04 52.47 68.27 66.50 62.41
InternVL3-8B (Zhu et al., 2025b) 52.18 52.98 52.58 67.21 67.27 62.35
InternVL2.5-8B (Chen et al., 2024) 51.89 51.03 51.46 66.48 68.86 62.27
MiniCPM-o-2.6 (Yao et al., 2025) 52.73 48.65 50.69 70.16 64.98 61.94
Qwen2.5VL-3B (Bai et al., 2025) 54.58 53.67 54.13 69.68 61.63 61.81
Qwen2VL-7B (Wang et al., 2024) 53.52 55.19 54.36 65.23 64.76 61.45
Ovis2-2B (Lu et al., 2024) 49.32 46.45 47.88 66.38 66.04 60.10
LLaVA-1.6-13B (Liu et al., 2024b) 36.78 46.82 41.80 73.57 64.51 59.96
LLaVA-1.6-7B (Liu et al., 2024b) 36.58 50.22 43.40 73.81 59.58 58.93
Qwen2VL-2B (Wang et al., 2024) 51.85 49.38 50.62 67.33 57.97 58.64
MiniCPM-V-2.6 (Yao et al., 2024) 43.70 47.25 45.48 65.77 63.00 58.08
LLaVA-onevision (Li et al., 2024) 54.02 53.25 53.64 63.78 54.18 57.20
InternVL3-2B (Zhu et al., 2025b) 43.87 39.53 41.70 65.78 60.93 56.14

Table 8: Performance comparison on AICA-Bench tasks. EU: Emotion Understanding, ER: Emotion Reasoning,
EGCG: Emotion-guided Content Generation. Scores are shown as percentages.

structured basis for guiding the model to identify1353

objective visual cues before performing affective1354

reasoning or generation.1355

Human evaluation. In addition to the automatic1356

evaluation metrics reported in Table 4, we further1357

conduct a human evaluation to validate the effective-1358

ness of GAT from a human judgment perspective.1359

Specifically, we randomly sample 200 instances1360

and select two representative models, GPT-4o and1361

Qwen2.5-VL-7B. For each instance, we collect both1362

the Baseline and GAT-generated responses for the1363

ER and EGCG tasks. These paired responses are1364

then evaluated by 10 human annotators, who inde-1365

pendently assign scores following the same affective1366

criteria used in AICA-Bench, including emotion1367

alignment and descriptiveness for both tasks, as 1368

well as causal soundness for ER. All scores are 1369

given on a 1–5 Likert scale. We report the mean 1370

ratings aggregated across annotators and samples 1371

in Table 9. The results show that GAT consistently 1372

receives higher human ratings across models and 1373

tasks, providing complementary evidence to the 1374

automatic evaluation results. 1375

GAT Prompt for EU (Tree-of-Thoughts Strat- 1376

egy). 1377
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Figure 13: Radar charts comparing performance across tasks for eight major VLM model series (both open-source
and closed-source)

Table 9: Human evaluation on ER and EGCG (200 images, 10 annotators). Values are mean ratings (no ±).

Model ER EGCG

Align Desc Causal Overall Align Desc Overall

Base GAT Base GAT Base GAT Base GAT Base GAT Base GAT Base GAT

GPT-4o 4.12 4.36 3.05 3.61 3.18 3.74 3.45 3.90 4.20 4.48 3.22 3.79 3.71 4.02
Qwen2.5-VL-7B 3.88 4.14 2.94 3.47 3.02 3.56 3.28 3.72 3.95 4.21 3.10 3.62 3.53 3.86

Stage 1: Indexed Region Observation (Root
Node)
Input: An image with numbered segmented regions.
Task: Systematically describe the visual content of each
marked region based on its ID.
Instruction:
For each numbered region visible in the image, describe
its key visual clues (shapes, textures, object parts, or
interactions). Do NOT infer emotions yet. Focus on
objective description.
Output Format:

• Region 1: [Description of visual elements in this specific
area]

• Region 2: [Description of visual elements in this specific
area]

• ...

• Region N: [Description...]
1378

Stage 2: Candidate Generation (Branching)

Input: The descriptions of Regions 1 to N and the global
polarity estimate.
Goal: Propose three distinct emotion candidates. You
must cite specific Region IDs to justify your choice, specif-
ically explaining the intensity.
Instruction:
Generate three hypotheses. For each, explain which Re-
gion number supports the emotion and its intensity level.

• Hypothesis A: [Emotion Label] (Intensity: Low/Medi-
um/High)
Evidence: Region [X] shows [detail] which suggests
[level] arousal. Region [Y] shows [detail]...

• Hypothesis B: [Different Emotion Label] (Intensity:
Different Level)
Evidence: Region [Z] contradicts the previous hypothe-
sis because it shows...

• Hypothesis C: ...
1379
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(a) Overall Avg. Score vs. Model Size (b) EU Avg. vs. Model Size

(c) ER Avg. vs. Model Size (d) EGCG Avg. vs. Model Size

Figure 14: Performance comparison across subtasks (EU, ER, EGCG) and overall average scores for open-source
models. Each line represents a model series, with the best-performing model in each subtask marked by a star.

Stage 3: ID-Based Verification (Evaluation)

Role: You are a grounded verifier.
Input: A proposed Hypothesis (Emotion + Intensity) AND
the Region Descriptions.
Instruction:
Verify if the contents of the cited Regions actually support
the claimed intensity.

1. Fact Check: The hypothesis claims Region [X] shows
evidence of High Intensity. Look at the description
of Region [X]. Is this true? (e.g., If Region X is a
"relaxed hand", it contradicts "High Excitement").

2. Completeness: Do other Regions (e.g., Region [Y])
suggest a different conclusion?

Verdict:

• Score (0.0 - 1.0): Probability that this hypothesis is
correct based strictly on the regions.

• Critique: Mention specifically if a Region ID was
misinterpreted.

1380

GAT Prompt for ER.1381

Emotion Reasoning (ER)

You are given an image with segmented regions.
Step 1 – Extract visual clues.
Identify the important visual elements from the regions
(people, actions, objects, background, lighting, color, and
composition).
Step 2 – Explain the emotion.
Using only these grounded clues, explain which emotion
the image conveys and why. Refer explicitly to the regions
or elements that support your interpretation.
Provide a concise, evidence-based explanation grounded
entirely in the visual content.

1382

GAT Prompt for EGCG. 1383

Emotion-Grounded Content Generation
(EGCG)
You are given an image with segmented regions and a
target emotion label.
Step 1 – Identify visual anchors.
From the segmented regions, list the key elements that
should guide the emotion (e.g., characters, objects, envi-
ronment, lighting, colors, and their relationships).
Step 2 – Generate an emotionally aligned description.
Write a short paragraph that is emotionally consistent with
the target emotion and grounded in the listed visual ele-
ments. Use specific details rather than generic statements,
and avoid adding objects or events that are not present in
the image.

1384
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Figure 15: Visual Scaffolding examples used in GAT Prompting. The red contours highlight the segmented regions
that serve as visual anchors for guiding the model’s grounded reasoning.

D Experiments compute resources1385

All open-source models were evaluated using1386

NVIDIA A100 GPUs on a cloud computing plat-1387

form. Each evaluation task was executed on a1388

single GPU, depending on model size. For most1389

7B models, each task (e.g., EU or ER) required1390

approximately 1–2 hours to complete over the full1391

benchmark set. Larger models (13B–16B) typically1392

required 2–4 hours. Inference was run with float161393

precision using the Hugging Face Transformers or1394

official inference libraries where available.1395

Closed-source models were accessed via pub-1396

lic APIs, including OpenAI, Google, and Alibaba1397

endpoints. All requests were made under default1398

inference settings without any batch acceleration.1399

E License and Intended Use1400

We will release the AICA-Bench artifacts under the1401

CC BY 4.0 license for academic use. We follow1402

the original terms of all source datasets used for1403

secondary use and do not redistribute any restricted1404

raw content; users should obtain any required origi-1405

nal images from the respective sources under their1406

terms. AICA-Bench is intended for research and1407

benchmarking of affective image content analysis1408

with vision-language models, and is not intended1409

for high-stakes or sensitive applications or for iden-1410

tifying individuals.1411

F Show Case1412

F.1 Emotion Understanding Case1413

We present sample analyses of EU cases, including1414

5 correct and 8 error examples (see Figures 16, 17,1415

18, 19, 20, 21, 22, 23, 24, 25, 26, 29) .1416

Figure 16: A sample correct case of EU-Basic.

Figure 17: A sample correct case of EU-Basic.
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Figure 18: A sample error case of EU-Basic.

Figure 19: A sample error case of EU-Basic.

Figure 20: A sample error case of EU-Basic.

Figure 21: A sample error case of EU-Basic.

Figure 22: A sample correct case of EU-CoT.

Figure 23: A sample correct case of EU-CoT.
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Figure 24: A sample correct case of EU-CoT.

Figure 25: A sample error case of EU-CoT.

Figure 26: A sample error case of EU-CoT.

Figure 27: A sample error case of EU-CoT.

Figure 28: A sample error case of EU-CoT.

Figure 29: Basic Prompting vs. CoT Prompting Case
Study
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F.2 Emotion Reasoning Case1417

The following presents our sample analysis of Emo-1418

tion Reasoning (ER) cases, including representa-1419

tive correct and error examples. Refer to Fig-1420

ures 30,31,32, and 33 for detailed illustrations.1421

In each figure, we manually annotate the True1422

Answer, which represents the ground-truth reason-1423

ing outcome based on the emotion context of the1424

image. This information was not provided by the1425

model, but serves as a human-verified reference to1426

facilitate comparison. For the bad cases, we further1427

conduct manual analysis to identify typical reason-1428

ing failures, such as incorrect emotion attribution,1429

misunderstanding of causal context, or mismatches1430

between textual and visual cues.1431

Figure 30: A sample correct case of EGCG

Figure 31: A sample correct case of EGCG

Figure 32: A sample correct case of EGCG
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Figure 33: A sample correct case of EGCG

F.3 Emotion-guided Content Generation Case1432

We also include representative cases from the1433

EGCG task to illustrate model performance (Fig-1434

ures 34, 35, 36, 37). Each case displays a manually1435

annotated True Answer—the target content aligned1436

with the intended emotion. For generation errors,1437

we briefly analyze where the output fails to reflect1438

the emotional intent.1439

Figure 34: A sample correct case of EGCG

Figure 35: A sample correct case of EGCG

Figure 36: A sample error case of EGCG
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Figure 37: A sample error case of EGCG
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