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Abstract

Vision Large Language Models (VLLMs) show
promise for multi-modal understanding; yet,
their application to emotion recognition re-
mains limited by insufficient spatial and con-
textual awareness and by supervised fine-
tuning that uniformly penalizes all reasoning
tokens—suppressing valid alternatives. We
present Set-of-Vision-Text Rewards (SoVTR),
a unified, reward-based framework that guides
VLLMs with interpretable and verifiable vi-
sual attributes, focusing optimization on the
emotion-discriminative reasoning steps that
truly determine correctness. SOVTR decom-
poses supervision into three rewards: (i) Face
Reward capturing action units, gaze, and micro-
expressions; (ii) Body Reward encoding pose
and gesture cues; and (iii) Context Reward
modeling person—object relations and scene ac-
tivities. By combining BERTScore attribute
matching with GRPO policy optimization,
SoVTR produces attribute-grounded explana-
tion traces while preserving non-critical rea-
soning diversity. Across DFEW, FERV39k,
and ExpW, SoVTR consistently improves both
recognition accuracy and grounding quality,
delivering substantial gains over strong VLLM
baselines.

1 Introduction

With the advancement of computer vision and nat-
ural language processing integration, Vision-Large
Language Models (VLLMs)(Bai et al., 2025; Wang
et al., 2025; Zhang et al., 2024) have revolution-
ized how machines interpret visual and textual
data. While emotion recognition has garnered sig-
nificant interest across multiple disciplines, it re-
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Figure 1: Proposed SoVTR framework. SoVTR in-
tegrates Face Reward (AUs, gaze, micro-expression),
Body Reward (pose, gesture), and Context Reward
(scene, activity recognition) for emotion prediction.

mains challenging(Yang et al., 2023a; Wang et al.,
2024a; Cheng et al., 2024a; Wang et al., 2024b).

Prior work (Xenos et al., 2025; Zhang et al.,
2023) has improved in-context emotion classifi-
cation by training transformer-based models or
vision-language models like CLIP to generate nat-
ural language descriptions of emotions in visual
contexts. However, these methods suffer from two
fundamental limitations. First, the effectiveness of
SFT is highly dependent on data quality: they rely
on generic scene-level descriptions from VLLMs
and filter samples only by the correctness of the
predicted label. Nevertheless, correctness at the
label level does not guarantee that every reason-
ing step captures truly emotion-discriminative evi-
dence—predictions. Correct emotion predictions
may be supported by generic cues (e.g., overall
scene mood or background clutter). Blindly imi-
tating all tokens in the imperfect reasoning traces
reduces optimization efficiency and weakens the
model’s grounding in attribute-level emotion evi-
dence. Moreover, only a small subset of reason-
ing tokens—those describing decisive emotion-
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<answer> [{'Position": [287, 69, 395, 214],
‘Confidence': 0.60, 'Label’: 'happy’}]

<think> In Image-1, two people xxx. The woman xxx smiling slightly. The man xxx
looking down with a closed expression, xxx sadness. In Image-2, both individuals xxx
smiling broadly, xxx happiness or joy. xxx. Since Image 2 xxx with joy and laughter, the
man in Image-1 that stands out is sadness. Thus, xxx. </think>

<think> In Image-3, xxx five faces. Two of these faces—those of woman on the right xxx
blue dress and second woman xxx in a floral dress—exhibit xxx surprise. The woman in xxx
y lened, mouth open in an "O" shape, and raised eyebrows—xxx a surprised
emotion. The second woman from the left xxx shows surprise: her hands are covering her
and eyebrows raised, which xxx unexpected. The remaining individuals

xxx smiles or neutral expressions and xxx not display surprise. The bounding boxes and
-~ confidence are xxx when all cues (mouth, eyes, brows) are clearly visible. </think>
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Figure 2: Overview of the unified SOVTR workflow for face detection and emotion recognition with rein-
forcement learning. The pipeline integrates structured visual and textual rewards—face, body-language, and
context—into a reasoning framework. Chain-of-thought (CoT) responses are generated and evaluated via verifiable,
attribute-based rewards. A policy model is then fine-tuned with GRPO to produce localized and interpretable

emotion predictions grounded in visual evidence.

discriminative attributes from the facial, body, and
contextual modalities—truly determines the cor-
rectness of the final emotion prediction. Second,
existing approaches lack the spatial grounding abil-
ity to localize emotion-relevant regions (such as
face bounding boxes) and fail to model spatial re-
lationships between subjects and their surround-
ings—both critical factors for contextual emotion
understanding.

To address these limitations, SOVTR introduces
a set of structured, verifiable visual—textual re-
wards—decomposed into Face, Body, and Con-
text Rewards—that explicitly supervise emotion-
discriminative attributes through BERTScore-
based attribute matching against label-conditioned
attribute sets, together with spatial grounding sig-
nals for face localization, as illustrated in Fig.1. By
coupling these attribute rewards with GRPO-based
policy optimization, SOVTR focuses reinforcement
signals on the decisive reasoning steps that drive
correct emotion predictions while preserving the
diversity of non-critical attribute descriptions, en-
abling robust, interpretable, and spatially-aware
emotion analysis, as illustrated in Fig. 2.

Our approach builds upon recent advances in
visual prompting techniques (Yang et al., 2024;
Zou et al., 2024; Yang et al., 2023b), which

guide language models using visual markers such
as colored boxes or circles to highlight spe-
cific image regions. To summarize, our main
contributions are: (1) We propose SoVTR, the
first unified reward-based framework that decom-
poses emotion recognition into Face, Body, and
Context Rewards—supervising decisive emotion-
discriminative attributes while preserving reason-
ing diversity, and enabling face-level prediction
with bounding boxes and confidence scores. (2)
We introduce a reinforcement learning pipeline
with verifiable, rule-based rewards that combines
BERTScore attribute matching with GRPO pol-
icy optimization, producing attribute-grounded ex-
planation traces that explicitly link visual cues to
emotion predictions. (3) On DFEW, FERV39k,
and ExpW, SoVTR achieves substantial gains over
strong VLLM baselines (up to +14.37% Acc) and
nearly doubles face-grounding IoU.

2 Related Work

2.1 Vision Large Language Models

The development of VLLMs has been significantly
driven by the advances in foundational large lan-
guage models (LLMs) (Team et al., 2023), such as
LLaMA (Touvron et al., 2023), PaLM (Chowdh-
ery et al., 2023), and GPT-5 (Singh et al., 2025),
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which have demonstrated exceptional capabilities
across diverse natural language processing tasks.
Building on these successes, VLLMs incorporate
large-scale video-text paired data to enable robust
multimodal understanding. A representative ex-
ample is LLaVA (Li et al., 2024), which adopts
an end-to-end framework combining a vision en-
coder with a language model to support effective
multimodal dialogue. More recent VLLMs (Ye
et al., 2025b; Wu et al., 2024; Liu et al., 2024;
Zhou et al., 2024) serve as strong foundations for
vision-language reasoning, as they are architec-
turally optimized to integrate and align visual and
textual modalities for enhanced multimodal infer-
ence.

2.2 Reinforcement Learning

Reinforcement Learning (RL) has become a key
approach for enhancing the complex reasoning
capabilities of Large Language Models (LLMs).
Methods such as Reinforcement Learning from
Human Feedback (RLHF), employed by OpenAl’s
GPT models (Jaech et al.,, 2024), have signif-
icantly improved model alignment and reason-
ing quality. More recently, DeepSeek-R1 (Guo
et al., 2025) introduced Group Relative Policy Op-
timization (GRPO), which replaces the traditional
critic-based structure with verifiable, rule-based
rewards—thereby simplifying training and improv-
ing reasoning performance. This RL-driven trend
has extended into VLLMs (Ye et al., 2025a) to
boost their visual reasoning capabilities, as evi-
denced by works such as Visual-RFT (Liu et al.,
2025) and VLM-R1 (Shen et al., 2025). These
studies show that applying GRPO yields substantial
gains in visual grounding tasks over conventional
supervised methods. Our approach aims to improve
VLLM performance in fine-grained, interpretable
emotion reasoning.

2.3 Emotion Recognition

Multimodal emotion recognition has progressed
from unimodal facial or vocal classifiers toward
datasets and models that jointly exploit visual, au-
ditory, and textual cues (Chen et al., 2024; Wang
et al., 2025; Zhang et al., 2026). Early benchmarks
such as DFEW and FERV39k provide single-label,
discrete emotion annotations collected under in-
the-wild conditions, but offer limited contextual or
explanatory supervision. To move beyond coarse
classification, recent work fine-tunes large mul-
timodal models directly on emotion-centric cor-

pora: Emotion-LLaMA (Cheng et al., 2024a) cou-
ples instruction tuning with multimodal cues for
reasoning-based recognition, while related unified
frameworks attempt to preserve general vision-
language ability alongside emotion specialization
by introducing dedicated facial-feature modules
and expert-routing architectures. A persistent diffi-
culty across this line of work is catastrophic forget-
ting: models fine-tuned on narrow emotion datasets
often lose general-purpose reasoning capability,
motivating architectural remedies such as mixture-
of-experts compressors and multi-stage warm-up
training. However, these approaches remain rooted
in supervised fine-tuning, imitating every token of
an imperfect reasoning trace regardless of whether
it reflects emotion-discriminative evidence, and
they typically lack spatial grounding to localize
the facial, bodily, or contextual regions that jus-
tify a prediction. SoVTR instead departs from
token-level imitation, using verifiable, attribute-
conditioned rewards under reinforcement learning
to selectively reinforce discriminative reasoning
steps while preserving spatial grounding and rea-
soning diversity.

3 Methods
3.1 Problem Definition

Given an input image I, the goal is to detect all
faces and extract a structured tuple for each face ¢
(Eq. 1):

y; = (Position;, Confidence;, Label; € £) (1)
where Position; = | gi),yy),xg),yg)] € 7* de-
notes the bounding box, Confidence; is the model’s
confidence score, and £ is the emotion label
set. A VLLM 7y maps the image to a attribute-

grounded explanation traces r and the answer set
Y =A{yi,...,yn} for N detected faces: (r,)) =

o ().
3.2 SoVTR Overview

The SoVTR framework (Fig. 2) integrates struc-
tured visual and textual rewards into a reasoning-
driven reinforcement learning pipeline for emo-
tion recognition. Given a prompt and an image,
the policy model my generates multiple chain-of-
thought (CoT) responses, which are evaluated by
verifiable reward functions assessing face bounding
boxes, facial expressions attributes, body language
attributes, and contextual attributes. The highest-
scoring response is selected based on these mul-
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timodal rewards. We employ GRPO (Guo et al.,
2025) to compute relative response quality within
candidate groups and update 7y, with KL diver-
gence regularization against a pre-trained reference
model to ensure training stability.

3.2.1 IoU Reward in Face Detection

Given ground-truth boxes G = {g;}%, and pre-
dicted boxes P = {pj}le parsed from the
<answer> tag, we remove duplicates in P and
greedily match each prediction to the unmatched
ground-truth box with the highest IoU:

area(a N b)
area(a) + area(b) — area(a Nb)’
(2)
For IoU threshold 7 (default 0.5), each pre-
diction p; is assigned IoU; = IoU; if
IoU; > 7, and O otherwise, where IoU; =
MaX;cunmatched I0U(p;, gi). The raw reward aver-
ages these scores normalized by D = max(G, P)
to prevent inflation when P < G. The final reward

is clipped with a small floor @ = 0.05 to prevent
zero-reward collapse:

IoU(a,b) =

R _ 1-—a, if matched, 3)
row T clip(% Zle I/gﬁj, a, 1— oz)., otherwise.

This design rewards spatial accuracy, handles
missing or extra face boxes.

3.2.2 Label Reward in Emotion Recognition

This reward measures the categorical correctness of
predicted labels. Predictions are greedily matched
to ground-truth boxes by maximum IoU with
threshold 7. For each matched pair, we define a
label-correctness indicator:

1, ifgj = gi*(j) and IT)I\jj > T,

0, otherwise.

4

zZ5 =

Each prediction contributes a reward r}ab =(1-
a) zj + a (1 — z;), mapping correct and incorrect
labels to 1 — o and «, respectively. The final label
reward averages over matches and normalizes by
D = max(G, M) to prevent inflation when fewer
predictions pass the IoU threshold:

M
1
Ruy = cnp(5 S a1 a) +107%, (5)
j=1

where G is the number of ground-truth boxes and
M is the number of valid matches.

Algorithm 1 Fine-Tuning with Verifiable Rewards
for Vision-Language Face Detection & Emotion
Recognition

Require: Pretrained policy mg; dataset D = {(I,p,Y*)}, Y* =
{(bi, €;)} withb; = [z1, y1, ®2, y2]; pixel domain I = [W x H x 3][;
pixel bounds p € [I(p)mins I(P)max]s Tiou» GRPO settings, weights
A

Ensure: Fine-tuned policy 7y, .

1: Initialize GRPO trainer with reward registry functions

2: for each training step do

3 Sample minibatch B C D.

4 for all (I, problem, Y*) € B do

5 Rollout: Query mg with pixel constraints to produce <think> r
</think> and <answer> A </answer>.

6 Parse:

7 Y < ExtractBBoxes(A);

8: 7 <— ExtractThink(r);

9: /I Removes duplicate boxes to avoid double counting

10: Y « Deduplicate().

11 Match:

12 // Sort by confidence, pair with best-IoU if IoU > 7

13 (IoURes, LblRes, AtirRes) = MATCHANDSCORE(Y*, Y, 7).

14: Rewards:

15: Riou ¢ IoUReward(IoURes, |V*|) (Eq. (3))

16: Ry, + LabelReward(LblRes, |V *|) (Eq. (5))

17: Rcons < ConfidenceReward(IoURes, LbIRes) (Eq.
®)

18: // Correct format for <think> and <answer>

19: Rjpm¢ < FormatReward(r, A) (Eq. (9))

20: /I BERTScore for face, body and context attributes

21: Rattr < ReasoningAttrReward(r, ) (Eq. (11))

22: Aggregate: R < Rjou + Ripi + Reonf + Rfmt + Rattr-

23: Store (prompt, answer, R) for GRPO.

24 end for

25: Policy Update: 6 <~ GRPOUpdate ({ (prompt, answer, R)} ).
26: end for
27: return 7y

3.2.3 Confidence Reward

This reward encourages confidence consistent with
both face localization quality and emotion label
correctness. Let M denote the set of matched pre-
dictions with |[M| = m. For each match i € M,
we have ToU s; € [0,1] with confidence cl°V,
and label indicator z; € {0,1} with confidence
clPl. We convert the label indicator to a value
vi=(1—-a)z+a(l—-2z)e{l—aalthen
apply piecewise shaping to penalize overconfident
errors:

éiou _ C;ou’ . si >0, (6)
(1—s;)(1—c°"), s =0,
1bl
™, v, =1—q,
&= Z 9

(1—v)(1 =P, v=a.

The per-match score averages both shaped terms,
and the final reward is the clipped mean over all
matches:

/1 o
Reons = clip( - 3 (@ + ),

a, 1—a).
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This promotes high confidence when both localiza-
tion and classification are correct, and suppresses
overconfidence when either fails.

3.2.4 Format reward

Each response must contain
<think>. . . </think> followed by
<answer>. . . </answer> Let ( = 1 if the

response matches this format and O otherwise:
Rimi=(1—a)(+a(1—). )

3.3 Reasoning Attributes Reward

We reward explanations that reference label-
consistent and verifiable attributes. For each pre-
diction j with label 7; and rationale ¢; (from
<think>. . . </think>), we compare ¢; to three
label-conditioned attribute sets: facial Ag(7;),
body-language Ap(7;), and contextual Ac(y;).
Using BERTScore (Zhang et al., 2020) F1(¢;, a),
we retain attributes exceeding threshold € = 0.6:

AL () ={a € Ad(9;) : F1(tj,a) > €}. (10)

The per-modality score 3:;(

retained attributes in A% (j) (zero if empty), for
X € {E, B,C}. We aggregate using hierarchical
weights Ac, \p, Ac that prioritize facial expressions
while body language and contextual cues provide
supplementary support:

is the mean F1 over

1
Tj:)\eej“!‘Abbj"i_)‘ch? Rattr:@er'
J

(an

The total reward aggregates all components:

R = Riou + R]b] + Rconf + Rfmt + Rattr- (12)

Each (prompt, answer, R) tuple updates the policy
model via Algorithm 1, encouraging predictions
that are accurate, localized, and grounded in multi-
source visual evidence.

4 Experiments

4.1 Models and Settings

We fine-tune Qwen2.5-VL-3B (Bai et al., 2025)!
and Qwen2.5-VL-7B (Bai et al., 2025)’ using
SoVTR on the official DFEW training split. Train-
ing uses 4 H100 GPUs with DeepSpeed ZeRO-
3 and generates 4 candidate responses per sam-
ple. For the Reasoning Attributes Reward, we

"https://huggingface.co/Qwen/Qwen2.5-VL-3B-Instruct
Zhttps://huggingface.co/Qwen/Qwen2.5-VL-7B-Instruct

compute BERTScore F1 using the distilbert-base-
uncased backbone to keep reward computation
lightweight during GRPO rollouts, where every
candidate response in each sampling group re-
quires scoring; we enable baseline rescaling to
normalize raw cosine similarities onto a more in-
terpretable range, omit IDF re-weighting. We
evaluate on the DFEW test set and apply the
trained model directly to FERV39k and ExpW
test sets with zero-shot cross-dataset evaluation.
Baselines include commercial models (MiMo-
VL-7B-RL (Xiaomi, 2025)* , Qwen2.5-VL) and
open-source models (VideoLLaMA2-7B (Cheng
et al., 2024b)*, LLaVA-NeXT-Video-7B (Li et al.,
2024)°, MiniCPM-V (Yao et al., 2025)°, and
Video-CCAM-9B (Fei et al., 2024)7).

4.2 Quantitative Results

Our SoVTR-enhanced models demonstrate sub-
stantial improvements over baseline VLLMs on
both DFEW and FERV39k (Table 1). On DFEW,
Qwen2.5-VL-3B + SoVTR achieves 56.57% accu-
racy and 55.45% F1 (+14.37% and +14.61% over
baseline), with consistent gains across all difficulty
levels, even on Hard samples (+8.54% accuracy).
Qwen2.5-VL-7B + SoVTR further attains 57.12%
accuracy and 56.35% F1 (+13.59% and +14.21%).
On FERV39k, Qwen2.5-VL-7B + SoVTR reaches
38.72% accuracy and 34.16% F1 (+6.50% and
+9.14%), with gains pronounced on challenging
samples, demonstrating SOVTR’s effectiveness in
capturing subtle emotional cues in the wild. Ta-
ble 2 compares emotion recognition performance
on the ExpW dataset across baseline VLLMs,
task-specific emotion methods, and our SoVTR-
enhanced models. Among baselines, Qwen2.5-
VL-7B achieves the highest performance (64.20%
Acc, 63.61% F@1), while task-specific emotion
methods such as FaRL reach 64.65% accuracy.
Our SoVTR-enhanced models surpass all base-
lines, with Qwen2.5-VL-7B + SoVTR achieving
67.00% accuracy and 65.60% F@1, outperform-
ing the strongest task-specific method FaRL by
+2.35% and the base Qwen2.5-VL-7B by +2.80%.
The consistent gains across both model scales con-
firm SoVTR’s effectiveness on static image-based
emotion recognition.

*https://huggingface.co/XiaomiMiMo/MiMo-VL-7B-RL
*https://github.com/DAMO-NLP-SG/VideoLLaMA?2
Shttps://github.com/LLaVA-VL/LLaVA-NeXT
®https://huggingface.co/openbmb/MiniCPM-V

https:// github.com/QQ-MM/Video-CCAM
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Table 1: Performance comparison of VLLMs on DFEW and FERV39k datasets. We evaluate VideoL-
LaMAZ2 (Cheng et al., 2024b), LLaVA-NeXT (Li et al., 2024), MiniCPM-V (Yao et al., 2025), Video-CCAM (Fei
et al., 2024), MiMo-VL-7B-RL (Xiaomi, 2025), Qwen2.5-VL (Bai et al., 2025), and our SoVTR-enhanced models.
Green (A) indicates absolute improvements over baselines. Red and Blue denote best and second-best results.

DFEW FERV39k
Method Backbone Easy Medium Hard Overall Easy Medium Hard Overall
Acc Fl1 Acc F1 Acc Fl1 Acc Fl1 Acc Fl1 Acc F1 Acc Fl1 Acc F1
Baseline VLLMs
VideoLLaMA2 ViT-L 35.58 4247 30.15 3861 2195 2681 32.20 40.06  19.51 2576 1345 1984 745 11.72 1613 2273
LLaVA-NeXT SigLIP 31.93 34.96 29.26 3321 3171 3519 3039 3395 1512 1854 1834 2258 9.7 13.69 1633  20.07
MiniCPM-V SigLIP 23.26 29.83 20.86 29.00 732 1223 21.58 29.18 1391 1592 10.19 1413 3.5 506 11.67 1479
Video-CCAM SigLIP 14.94 15.42 14.79 1489  14.63 1568 14.85 1517 1197 1031 1138 1028  8.02 9.55 11.51  10.40
MiMo-VL-7B-RL ViT 45.19 44.20 44.52 4256 4250 4413 4476 43.17 3367 3139 3523 3206 2464 21.79 3396 3148
Qwen2.5-VL-3B ViT 40.94 40.05 42.86 41.39  50.00 4534 4220 40.84  27.67 2236 3479 2536 2622 1573 3093 2343
Qwen2.5-VL-7B ViT 43.26 42.07 43.79 4230 4146 4001 4353 42.14 2945 2440 3569 2635 2649 1665 3222 25.02
Our SoVTR-Enhanced Models
Qwen2.5-VL-3B + SoVTR ViT 56.56 55.89 56.51 55.02 5854 5337 5657 5545 3527 3153 4079 3393 2751 2016 3746 32.17
A +15.62  +15.84 +13.65 +13.63 +854 +8.03 +14.37 +14.61 +7.60 +9.17 +6.00 +8.57 +1.29 +443 +6.53 +8.74
Qwen2.5-VL-7B + SoVTR ViT 57.47 56.93 57.07 56.06 51.22 49.16 57.12 56.35 37.09  34.01 41.22 3499 3095 2323 3872 34.16
A +14.21 +14.86 +1328 +13.76 +9.76 +9.15 +13.59 +14.21 +7.64 +49.61 4553 +8.64 +446 +6.58 +6.50 +9.14

Table 2: Comparison of emotion recognition perfor-
mance across various VLLMs on the ExpW dataset.
Results shown for overall accuracy (Acc%) and F1-
Score (F@1). Green (A) rows report absolute improve-
ments over the corresponding Qwen2.5-VL baselines.
Red and blue denote best and second-best results.

Methods Backbone Acc(%) F@1

Baseline VLLMs

VideoLLaMA?2 (Cheng et al., 2024b)  ViT-L 3520 42.50

LLaVA-NeXT (Li et al., 2024) SigLIP 42.07 51.89

MiniCPM-V (Yao et al., 2025) SigLiP 26.07 37.16

Video-CCAM (Fei et al., 2024) SigLiP 24.40 28.04

MiMo-VL-7B-RL (Xiaomi, 2025) ViT 46.33 54.60

Qwen2.5-VL-3B (Bai et al., 2025) ViT 61.77 60.91

Qwen2.5-VL-7B (Bai et al., 2025) ViT 64.20 63.61

Emotion Methods

FaRL (Zheng et al., 2022) ViT 64.65 -

Ada-DF (Liu et al., 2023) ViT 59.59 -

HITL (Hasan et al., 2025) ViT 54.00  40.60

Our SoVTR-Enhanced Models

Qwen2.5-VL-3B + SoVTR ViT 65.87 64.81
A +4.10  +3.90

Qwen2.5-VL-7B + SoVTR ViT 67.00 65.60
A +2.80 +1.99

= Qwen2.5-VL-7B + Ours B8 Qwen2.5-VL-7B B VideolLLaMA2 LLaVA-NeXT MiniCPM-V

’ Angry Fear Happy Sad Surprise Neutral Disgust

(a) DFEW (Jiang et al., 2020)

B Qwen2.5-VL-7B + Ours B8 Qwen2.5-VL-7B VideoLLaMA2 LLaVA-NeXT MiniCPM-V

60

0 '- al |I I| || II -
Angry Fear Happy Sad Surprise Neutral Disgust

(b) FERV39k (Wang et al., 2022)

Figure 3: Performance comparison across seven emo-
tion categories.

Fig. 3 presents per-category analysis across

seven emotions. On DFEW, our method achieves
strong performance on Happy (76.2%), Neutral
(53.7%), and Angry (49.2%), significantly outper-
forming all baselines. On FERV39k, our approach
attains the highest accuracy on six of seven cate-
gories. These consistent advantages demonstrate
that SOVTR enhances VLLMs’ discriminative ca-
pability across diverse emotions, including chal-
lenging categories like Angry and Surprise.

4.3 Visual Prompting

Table. 3 presents a comparative analysis of dif-
ferent methods for emotion recognition across
datasets categorized by varying levels of difficulty:
Easy, Medium, and Hard. It details performance
metrics such as Accuracy and Recall, compar-
ing the effectiveness of different visual prompting
strategies utilized by Qwen2.5-VL-7B. The base-
line method (Qwen2.5-VL-7B), which uses plain
text prompts, demonstrates moderate effectiveness,
with an overall accuracy of 43.53% and a Recall of
42.14%. Methods such as ReCLIP, RedCircle, and
SoVTR employ more complex combinations of vi-
sual prompts. SOVTR (Ours), incorporating facial
cues, body language, and contextual information,
achieves the highest overall accuracy and recall
scores of 57.12% and 56.35%, respectively. This
results suggests that the integration of multiple vi-
sual attributes cues, particularly those that enhance
the recognition of facial features, significantly im-
proves performance across all difficulty levels, es-
pecially in more challenging datasets. Fig. 4 com-
pares visual prompting methods for emotion rea-
soning. RedCircle and ReCLIP focus on facial
regions while masking the background. In contrast,
our SOVTR approach retains facial, body, and con-
textual details, enabling richer and more holistic
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Table 3: Comparison of SOTA methods for emotion recognition across DFEW datasets (Jiang et al., 2020)
with varying levels of difficulty—Easy, Medium, and Hard. The types of visual prompts used by previous
approaches are: P: Crop, B: Box, R: Blur Reverse, C: Circle, F: Face Attributes, D: Body Language Attributes, T:

Contextual Attributes

SOTA methods Visual Prompting Easy Medium Hard Total
Acc (%) F@1 Acc(%) F@1 Acc(%) F@1 Acc(%) F@l1
Baseline (Bai et al., 2025) Plain Text 43.26 42.07 43.79 42.30 41.46 40.01 43.53 42.14
RedCircle (Shtedritski et al., 2023) P|C|R 45.27 4222 43.25 39.72 46.34 37.51 44.13 40.79
ReCLIP (Sun et al., 2024) P|B|R 47.55 45.30 46.24 42.64 43.90 41.17 46.73 43.74
SoVTR (Ours) F|D|T 57.47 56.93 57.07 56.06 51.22 49.16 57.12 56.35

RedCircle

Image

ReCLIP

Figure 4: Visualization of the SOTA visual prompting approaches such as ReCLIP (Sun et al., 2024), RedCircle

(Shtedritski et al., 2023) and our SOVTR prompts.

B Qwen2.5-VL-7B + Ours

ot Ml

Angry Fear Happy Sad Surprise Neutral Disgust

BN ReCLIP RedCircle

Figure 5: The bar chart illustrates the performance of
SoVTR(Ours), RedCircle and ReCLIP across seven dif-
ferent emotional categories.

emotion understanding. Fig. 5 presents a compara-
tive analysis of emotion recognition performance
across seven emotion categories among three mod-
els: the proposed SoVTR-enhanced Qwen2.5-VL-
7B, ReCLIP, and RedCircle. The SoVTR approach
consistently outperforms the other two baselines in
all emotion classes. This visualization highlights
the robustness and superiority of the SOVTR vi-
sual rewards framework in fine-grained emotion
recognition tasks.

4.4 Face Grounding

Table 4 compares reasoning-grounding perfor-
mance (mloU/gloU) across VLLMs on DFEW,
FERV39k, and ExpW. Baseline Qwen2.5-VL mod-
els achieve modest grounding scores, while MiMo-
VL-7B-RL provides a somewhat stronger but still
limited baseline (34.75%-45.96% mloU). Apply-
ing SoVTR yields substantial, consistent gains
across every dataset and model scale, lifting both
3B and 7B backbones to 77%—82% mloU/gloU
— more than doubling grounding quality rela-

tive to their respective baselines (absolute im-
provements ranging from +40.45% to +63.54%).
The gains are most pronounced for the 7B back-
bone, where SoVTR improves mloU by up to
+63.54% on FERV 39k, indicating that the reward-
based grounding supervision scales effectively
with model capacity despite the 7B baseline’s
comparatively weak starting point. Overall, the
7B+SoVTR configuration attains the strongest
grounding performance on FERV39k and ExpW
(82.65%/82.30% and 80.88%/80.13% mloU/gloU,
respectively), while 3B+SoVTR remains competi-
tive and even leads on DFEW (80.75%/80.25%),
demonstrating that SOVTR’s grounding improve-
ments are robust across both model scales and
dataset domains.

Fig. 6 presents per-category reasoning-
grounding performance on DFEW, FERV39k, and
ExpW, respectively, comparing Qwen2.5-VL-3B +
SoVTR (ours) with the Qwen2.5-VL-3B baseline
and MiMo-VL-7B-RL across seven emotion
classes (Angry, Fear, Happy, Sad, Surprise,
Neutral, Disgust). Across all three datasets, our
method achieves scores in the 78%—86% range
for every emotion category, roughly doubling
the grounding performance of both baselines
on DFEW and FERV39k. Despite this baseline
variability, our method’s advantage remains
stable across categories within each dataset,
with comparatively little fluctuation in its own
scores (e.g., ranging narrowly from 78% to 84%
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Table 4: Comparison of reasoning grounding across
datasets (DFEW (Jiang et al., 2020), FERV39k (Wang
et al., 2022), ExpW (Zhang et al., 2018)), reporting
mloU and gloU for multiple VLLMs.

Dataset Methods #Param  mlIoU gloU
MiMo-VL-7B-RL (Xiaomi, 2025) 7B 39.35 38.18
Qwen2.5-VL-3B 3B 38.45 37.65

DFEW Qwen2.5-VL-3B + SoVTR (Ours) 3B 80.75 (+42.30)  80.25 (+42.60)
Qwen2.5-VL-7B 7B 19.26 18.73
Qwen2.5-VL-7B + SoVTR (Ours) 7B 77.71 (+58.45)  77.11 (+58.38)
MiMo-VL-7B-RL (Xiaomi, 2025) 7B 45.96 44.36
Qwen2.5-VL-3B 3B 4123 40.67

FERV39k  Qwen2.5-VL-3B + SoVTR (Ours) 3B 81.68 (+40.45)  81.31 (+40.64)
Qwen2.5-VL-7B 7B 19.11 18.89
Qwen2.5-VL-7 + SoVTR (Ours) 7B 82.65 (+63.54)  82.30 (+63.41)
MiMo-VL-7B-RL (Xiaomi, 2025) 7B 34.75 33.78
Qwen2.5-VL-3B 3B 38.00 37.06

ExpW Qwen2.5-VL-3B + SoVTR (Ours) 3B 80.30 (+42.30)  79.53 (+42.47)
Qwen2.5-VL-7B 7B 20.23 19.58
Qwen2.5-VL-7B + SoVTR (Ours) 7B 80.88 (+60.65)  80.13 (+60.55)

Table 5: Ablation study for visual attributes rewards
on Qwen2.5-VL-3B. Baseline: represents the model’s
performance without any additional attributes rewards.
Face: indicates a visual reward that uses facial expres-
sion attributes. Face+Body: adding body language
attributes. SOVTR: adding context attributes.

Visual Reward #Param Total
Acc (%) F@1
Baseline (Bai et al., 2025) 3B 4220 40.84
Face 3B 51.23  50.68
Face+Body 3B 52.85 5217
SoVTR 3B 56.57 55.45

B Qwen2.5-VL-3B + Ours Baseline = MIMO

B Qwen2.5-VL-3B + Ours Baseline Bl MIMO

T 80
n
m 60
2
3%
~ 20
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E 60

°

S 40
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Figure 6: Per-category reasoning-grounding perfor-
mance on three datasets. Our method attains consis-
tently higher scores on all categories.

on DFEW) relative to the more pronounced
category-wise variation exhibited by both base-
lines. This uniform, wide margin over diverse
emotions and datasets underscores the robustness
and cross-dataset generalization of SoVTR for
fine-grained, emotion-aware grounding.

4.5 Ablation Study

Table 5 investigates the effects of different visual
attributes rewards on Qwen2.5-VL-3B. Relative
to the baseline without attribute rewards (Acc =
42.20, F@1 = 40.84), adding Facial expression re-
wards yields large gains (51.23 Acc, 50.68 F@1).
Incorporating facial expression and body language
rewards improves further (52.85 Acc, 52.17 F@1).
Our full SoOVTR—which additionally injects con-
text attributes—achieves the best results (56.57
Acc, 55.45 F@1), demonstrating consistent, step-
wise improvements and highlighting the different
contribution of facial expression, body language
and contextual signals.

Table 6 compares three training paradigms —
zero-shot inference, supervised fine-tuning (SFT),
and our proposed SoVTR reinforcement learning
framework — on two Qwen2.5-VL backbones. On

Table 6: Comparison of training paradigms on
Qwen2.5-VL backbones. A denotes absolute improve-
ment of SOVTR over Zero-shot.

Method Training Acc (%) F1 (%)
Qwen2.5-VL-3B Zero-shot 42.20 40.84
+ SFT Supervised  47.47 47.22

+ SoVTR RL 56.57 55.45

A — +14.37  +14.61
Qwen2.5-VL-7B  Zero-shot 43.53 42.14
+ SFT Supervised ~ 50.58 48.75

+ SoVTR RL 57.12 56.35

A — +13.59 +14.21

the 3B model, SFT yields a moderate gain over the
zero-shot baseline (+5.27 Acc, +6.38 F1), while
SoVTR delivers a substantially larger improvement
of +14.37 Acc and +14.61 F1, nearly tripling the
gain from supervised training alone. The same
trend holds on the 7B backbone: SFT improves
over zero-shot by 7.05 Acc / 6.61 F1, whereas
SoVTR achieves +13.59 Acc and +14.21 F1. These
consistent double-digit gains across both model
scales indicate that the improvement stems from
the SoVTR-based optimization itself rather than
from increased model capacity, and that the visual
and textual reward signals in SOVTR provide a
stronger learning signal for emotion recognition
than supervised label fitting.

Table 7 reports an ablation study on impacts
of the BERTScore filtering threshold ¢ and the
emotion-attribute weight A\., with overall Accu-
racy and F@1 as metrics. Performance peaks at
a moderate filter and mid-level weight: ¢ > 0.4
with A\, = 0.6 attains the best results (Acc 56.57,
F@1 55.45). Raising € to 0.6 yields similar but
slightly lower scores, and the optimum shifts to-
ward higher A, (0.8: Acc 55.78, F@1 54.88).
At the strictest filter ¢ > 0.8, performance im-
proves with larger A\, (0.8: Acc 56.33, F@1 54.49)
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Table 7: Ablation study on Qwen2.5-VL-3B + SoVTR
varying the BERTScore filtering threshold e and the
emotion-attribute weight ..

Prompts #Score  #Weight Acc(%) F@l

0.2 54.80 53.81

Qwen2.5-VL-3B (Bai et al., 2025)+ SOVTR ¢ > 0.4 0.6 56.57 5545
0.8 54.71 53.73

0.2 55.50 54.50

Qwen2.5-VL-3B (Bai et al., 2025)+ SOVTR ¢ > 0.6 0.6 55.55 54.56
0.8 55.78 54.88

0.2 55.45 54.27

Qwen2.5-VL-3B (Bai et al., 2025)+ SoOVTR € > 0.8 0.6 54.94 53.63
0.8 56.33 54.49

Max Pixel Groups Max Prompt Groups

50

Accuracy

30 80_60 160_120320_240640_4801280_960 30 128 256 512 1024 2048

(a) (b)

Figure 7: Ablation study of key hyperparameters. We
evaluate the impact of (a) pixel size, (b) maximum
prompt token sizes.

yet remains marginally below the ¢ > 0.4 opti-
mum. Overall, the study indicates that moderate
evidence filtering and balanced emphasis on emo-
tion attributes provide the most reliable gains, while
overly small or large weights—and overly aggres-
sive filtering—slightly degrade effectiveness.

Fig. 7 reports two ablations. (a) Input resolu-
tion: accuracy rises from low resolution (80 x 60)
to mid/high resolutions, peaking around mid-high
sizes, showing finer visual detail is key for reason-
ing. (b) Prompt length: varying the max tokens
(128-2048) reveals a sweet spot at 512—-1024; very
short (128-256) or very long (2048) prompts re-
duce scores, implying too little or too much context
hurts understanding. Overall, tuning resolution and
prompt length is essential to balance efficiency and
task accuracy.

4.6 Visualization

Fig. 8 illustrates qualitative results from the
SoVTR-enhanced Qwen2.5-VL model across six
emotion categories, demonstrating how the model
uses structured visual and textual cues to support its
predictions. Each sample includes an input image,
an attribute-grounded explanation, and a predicted
emotion with a confidence score. These examples
showcase SOVTR’s ability to produce accurate,
interpretable, and localized emotion reasoning in
complex scenes.

5 Limitations

We acknowledge several limitations of this work.
First, our evaluation focuses on the seven basic

Fear
<think> The image shows a person holding a pole with a distressed
expression. The person's mouth is wide open, and their eyes are wide,
which are typical signs of fear or surprise. The context suggests a tense
situation, possibly involving danger or an unexpected event.</think>
<answer>[{'Position': [153, 0, 324, 249), ‘Confidence': 70.00, 'Label:
‘fear'}]</answer>

Angry

<think> The image shows a person with a glass of pink
liquid and a bowi, illuminated by a stained-glass lamp. The person appears
to be making an angry or aggressive facial expression, with their mouth
open and teeth visible. The context suggests a tense or confrontational
situation.</think>

<answer>[{'Position": [153, 98, 214, 206], 'Confidence': 70.00, 'Label":
‘angry'}]</answer>

Happy

<think> The image shows a man environment, wearing a
suit and tie. He appears to be smiling and looking slightly to his right. The
text at the bottom of the image is in Chinese and English, suggesting that
he might be receiving congratulations. The man's facial expression
indicates happiness or contentment.</think>

_ <answer>[{'Position’: [384, 97, 456, 191], 'Confidence: 60.00, 'Label*
'happy'}|</answer>

Sad

<think> The image shows a person standing at
night. The person appears to be speaking or singing, as their mouth is open
and they seem to be gesturing with their hands. The lighting is dim, and the
overall atmosphere is somewhat mysterious. The person's expression
seems to convey a sense of emotion, possibly sadness or distress, given
the context and the way they are holding their hands up.</think>
<answer>[{'Position": [327, 95, 406, 188], 'Confidence': 60.00, 'Label":
'sad'}]</answer>

Figure 8: Visualize the SoVTR-enhanced Qwen2.5-
VL generated samples for different expressions: the top
shows a target individual, with the ground-truth emotion
label displayed in the top-left corner; the bottom shows
the generated chain-of-thought reasoning and answer.

text indicates location; green highlights body

&

language; blue denotes facial expression; and purple
captures contextual information.

emotions, which does not fully capture compound
emotions (e.g., bittersweet, awe), or culturally-
specific expressions that may follow different dis-
play conventions across cultures. Second, SOVTR
is designed for structured emotion recognition with
verifiable rewards. Its extension to open-ended af-
fective tasks (e.g., empathetic dialogue, emotional
storytelling), where valid responses are inherently
ambiguous, remains underexplored.

6 Conclusion

We proposed SoVTR, a unified reward-based
framework that decomposes emotion supervi-
sion into Face, Body, and Context Rewards.
By combining BERTScore attribute matching
with GRPO policy optimization, SOVTR pro-
duces visually-grounded Chain-of-Thought predic-
tions with bounding boxes and confidence scores
while preserving reasoning diversity. On DFEW,
FERV39k, and ExpW, SoVTR consistently sur-
passes strong VLLM baselines, with up to +14.37%
accuracy gains and nearly doubled face-grounding
IoU. These results demonstrate that structured at-
tribute rewards enable robust, interpretable, and
spatially-aware emotion reasoning in VLLMs.
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Al Prompt Used to Construct the Dataset

Table A.1 presents the comprehensive prompt tem-
plate employed for constructing a multi-task face
detection and emotion recognition dataset. The
prompt instructs the model to perform three inter-
connected tasks: (1) detect all human faces present
in the input image and provide precise spatial lo-
calization through bounding box coordinates in the
format [x1, y1, T2, y2], where all values must be in-
tegers representing the top-left and bottom-right
corners of each face; (2) assign a confidence score
between 0 and 1 (reported to exactly two deci-
mal places) to quantify face detection and emo-
tion recognition certainty; and (3) classify each de-
tected face into one of seven fundamental emotion
categories— ‘fear’, ‘angry’, ‘happy’, ‘sad’, ‘dis-
gust’, ‘neutral’, or ‘surprise’—based on compre-
hensive analysis of facial expressions (eyebrow po-
sition, mouth shape, eye aperture), body language,
and broader contextual details within the scene.
The prompt explicitly handles edge cases by re-
quiring the model to return “No Objects” when no
faces are present, ensuring consistent data format-
ting across all scenarios.

The prompt emphasizes structured, machine-
readable output through a two-stage response for-
mat: the model must first provide its reasoning pro-
cess within <think></think> tags to ensure trans-
parency and facilitate qualitative analysis of infer-
ence strategies, followed by the final predictions
enclosed in <answer></answer> tags formatted as
a JSON-compatible list structure: [{’Position’:
[x1, v1, 2, y21, ’Confidence’: number,
"Label’: ’emotion’}, ...]. This design con-
cludes with an explicit directive to “strictly fol-
low the format,” which is critical for maintain-
ing dataset quality, enabling automated valida-
tion, and ensuring seamless integration with down-
stream data processing pipelines. By combining
detection and classification tasks with mandatory
reasoning documentation and rigid formatting re-
quirements, this prompt design produces a rich,
self-documenting dataset that minimizes annota-
tion ambiguity, supports multiple research objec-
tives, and scales effectively across large image col-
lections while maintaining consistency throughout
the dataset construction process. Throughout the
training phase, we employ format-based rewards
to ensure the model produces outputs conforming
to the specified structure. The reasoning content
within <think></think> tags facilitates model

Table A.1: Prompt used to construct the dataset.

Face Detection & Emotion Recognition Prompt: Detect the faces in the
image, and provide the bounding boxes of the faces (integers) and a confidence
score (between 0 and 1, with two decimal places). In addition, identify the emo-
tion of the faces from [‘fear’,‘angry’, happy’,‘sad’, ‘disgust’, ‘neutral’, ‘surprise’]
based on the image by analyzing facial expression, posture, and context.
If no face is present in the image, return ‘No Objects’. Output the
thinking process in <think> </think> and the final answer in <answer>
</answer> tags. The output answer format should be: <think>

</think><answer>[{‘Position’: [x1, y1, x2, y2], ‘Confidence’:
number, ‘Label’: “’}, ...]</answer>. Please strictly follow the format.

self-improvement during reinforcement learning
by exposing the underlying decision-making logic
in an interpretable manner. Concurrently, the pre-
dictions within <answer></answer> tags are as-
sessed to generate task-oriented rewards that steer
the model’s learning process toward improved face
detection and emotion classification performance.
This dual-component reward structure guarantees
both process interpretability and prediction quality.

Al1.1 Dataset details

We evaluate on three public emotion recognition
datasets spanning easy to hard difficulty levels
based on face image resolution: DFEW (Jiang
et al., 2020) contains 16,372 movie clips with
expert annotations under challenging in-the-wild
conditions; FERV39k (Wang et al., 2022) which
includes 39,000+ video clips labeled with seven
basic emotions; and ExpW (Zhang et al., 2018)
which comprises 91,793 in-the-wild face images
with emotion annotations, providing greater scale
and diversity.

Al.2 Vision and Text Prompts

After training, SOVTR assigns identity labels to in-
dividuals using bounding boxes, enabling person-
level tracking across prompts. With each person
tagged (e.g., Person 1, Person 2), the model an-
alyzes emotions by jointly reasoning over facial
expressions, body language, and contextual cues.
Fig. A.l demonstrates two prompting approaches
on a family picnic scene: (1) plain text prompts for
group-level emotion interpretation, and (2) vision-
text prompts linking bounding boxes to queries
for person-specific emotion recognition. This en-
ables nuanced understanding of individual emo-
tions grounded in multimodal reasoning.

A2 Construction and Validation of
Emotion Reward Attributes.

The emotion reward attribute taxonomy was con-
structed through a systematic three-stage pipeline
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@ What is the emotion for this group of

people?

The group of people in the image
appears to be experiencing happiness
and relaxation. This is evidenced by
their smiling faces, engaged B8aY
, and the leisurely outdoor
picnic setting.

is smiling while holding
watermelon.
Person 2 appears joyful and relaxed
while eating.
BBESSH8ls clearly smiling and
leaning toward the group, showing
engagement. Combined with the

presence of food, sunshine, and a
calm dog, the group collectively

conveys a sense of joyful family
bonding and contentment.

] Q Is Person 2's face visible? What is Person 2's emotion based on
their facial expression, body language, and contextual cues?

Person 2'§iface ... partially visible. Person 2 is ...happiness or joy. This
conclusion ... based on Facial Expression: Raised cheeks and relaxed
eyes suggest a smile, even though the mouth is partially hidden. Body
Language: Sifting cross-legged and leaning forward while
confidently—indicates comfort and engagement. Context:

Outdoor picnic with family, food, and a relaxed setting. supports a
joyful atmosphere.

What is Person 1's body language?

Person - body language ... relaxation and enjoyment... seated

comfortably ...picnic blanket with her legs crossed, indicating she
feels at ease ... upper body is slightly leaning forward, ...holding ...

watermelon ... both hands, suggesting active participation ... shared

meal.
\Y4
© [EpTEE———

Person lis seated cross-legged ...picnic blanket, leaning slightly
forward ... relaxed posture...holding ... slice of

watermelon ...looking ...child (Person 2) ... wide, genuine

smile. ...shoulders ...slightly relaxed, ...body is analed toward the
center ... group, indicating social engagement and warmth. ... open and

oriented posture, ...with sustained eye contact and a joyful ...,
suggests , affection, ...

Do Person 1 and Person 3 have similar emotion?

Yes, Person il and Person [ ... express similar emotions,...happiness
or contentment. Both ... smiling, holding watermelon slices, and ... in a
relaxed and joyful outdoor picnic setting with family... facial
expressions and relaxed postures indicate ... enjoying the moment,
suggesting... shared ...of positivity and enjoyment.

v

A\

A\

v

Figure A.1: We use two types of prompt methods. Left: Plain text prompts are used to interpret group-level
emotions, capturing general affective states such as joy, relaxation, and social engagement in an outdoor picnic
scenario. Right: Combined vision-text prompts associate visual regions (e.g., bounding boxes) with corresponding
textual descriptions, enabling the localization of individual emotional states (e.g., child’s joy, father’s engagement,
mother’s comfort). This allows for fine-grained emotion attribution at the person level.
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grounded in both data-driven generation and ex-
pert validation. In the first stage, we employed
Qwen2.5-VL to generate candidate facial expres-
sion, body language, and contextual attributes from
single-frame images sampled exclusively from the
DFEW training split, ensuring no test data leak-
age. The model was prompted to describe observ-
able visual cues associated with each of the seven
emotion categories, producing an initial pool of
raw attributes per modality. In the second stage,
two human annotators independently reviewed and
refined the generated attributes by removing re-
dundant or ambiguous entries, merging semanti-
cally overlapping descriptions, and ensuring label
consistency—i.e., that each attribute is discrimina-
tive for its associated emotion category. Disagree-
ments between annotators were resolved through
discussion until consensus was reached. In the
third stage, a third annotator with a professional
background in psychology verified the correctness
and completeness of the final attribute sets, cross-
referencing them against established affective sci-
ence frameworks including Ekman’s basic emotion
theory (Ekman et al., 1999) and the Facial Ac-
tion Coding System (FACS) (Prince et al., 2015).
This expert review ensured that facial attributes
align with recognized Action Unit (AU) configura-
tions, that body language attributes reflect validated
arousal and valence indicators, and that contextual
attributes capture situational appraisal cues.

A2.1 Emotion Reward Attributes

To enable fine-grained and explainable emotion
recognition, we propose a structured taxonomy of
Emotion Reward Attributes that guide the model’s
reasoning process. As illustrated in Fig. A.2 and
Fig. A3, the attributes are systematically organized
into three complementary categories: (a) Facial Ex-
pression Attributes, (b) Body Language Attributes,
and (c) Contextual Attributes. This design supports
multi-modal affect recognition by incorporating vi-
sual, behavioral, and situational signals into the
reinforcement learning framework.

Facial Expression Attributes. This category
captures subtle visual cues that are strongly in-
dicative of emotional states. Attributes such as
furrowed brows, wide open eyes, moist eyes, smile,
tense facial muscles, and focused gaze play a criti-
cal role in recognizing primary emotions like hap-
piness, sadness, fear, and anger. These visual sig-
nals also include finer-grained expressions such
as calm, helplessness, despair, and confusion, en-

abling nuanced emotion understanding. These
features map naturally to the annotated emotion
groups in Fig. A.3, where, for example, smile, joy,
and relaxed posture are clustered under happiness,
while furrowed brows and heated argument char-
acterize anger.

Body Language Attributes. These attributes
capture expressive cues from bodily posture and
movement. Examples include fense posture, lean-
ing forward, relaxed demeanor, clenched fists,
slumped posture, and expressive gestures. Such
attributes encode information about emotional in-
tensity, engagement level, and behavioral disposi-
tion. For instance, aggressive stance and defensive
posture are indicative of anger or anxiety, while
engaged in conversation and focused stance reflect
attentiveness or confidence. These body cues are
particularly useful in scenarios where facial visi-
bility is limited or occluded.

Contextual Attributes. Contextual attributes
provide situational and environmental grounding
that disambiguates emotional meaning in complex
or ambiguous scenes. This includes both physical
context (e.g., indoor setting, dim lighting, formal
attire) and social-emotional context (e.g., heated
argument, pleasant conversation, emotional tur-
moil, unexpected news). Such cues are essential
for distinguishing between emotions with overlap-
ping visual indicators—for example, both fear and
surprise may involve wide eyes and open mouth,
but the presence of a threatening environment or
shocking event in the context refines the interpreta-
tion.

In summary, these three structured categories of
Emotion Reward Attributes enable interpretable,
multi-modal emotion reasoning by anchoring re-
inforcement learning outputs to human-verifiable,
semantically grounded cues. This facilitates robust
emotion understanding even in socially or visually
complex scenarios, contributing to the broader goal
of explainable emotion-aware Al systems.

A2.2 Reasoning Attributes Reward Algorithm

To operationalize the multi-modal Emotion Reward
Attributes within our SOVTR framework, we intro-
duce a structured reward computation process that
leverages facial, bodily, and contextual evidence to
guide model alignment. This mechanism ensures
that generated outputs not only exhibit high spatial
accuracy but also express emotionally grounded
and interpretable justifications. The full algorith-
mic procedure is described in Algorithm A.1.
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Algorithm A.1 Reasoning Attributes Reward (See
Eq.(16)-Eq.(17))
Require: Completion C (with <think> & <answer>);
ground-truth detections G = {(b], y;)}
Ensure: Ry, = a7 22 T
1: Hyperparams: IoU threshold 7; Bertscore similarity
threshold e . .
2: Parse predicted boxes/labels YV = {(b;,9;)} from
<answer>in C
3: Extract rationale text ¢ from <think> in C (if per-face
rationales exist, use t;; else sett; <—t)
4: Greedy match predictions to ground truth by best IoU:

50 M <« {(i,§) | ToU(b},b;) is maximal for j and >
T

6: Initialize list R < []

7: for all (¢,j) € M do

8:  t; « rationale for prediction j (default ¢)

9:  Obtain label-conditioned attribute sets Ag(y;) (fa-

cial), Ag(7;) (body), Ac(9;) (context)
10: forall X € {E, B,C} do

11: Compute BERTScore F1 between ¢; and every a €
Ax (95)
12: Retain attributes above threshold (Eq.(16)):
13: AL (§) + {a € Ax(9;) : Fl1(t;,a) > €}
14: Mean F1 over retained attributes (zero if none):
15: x;x —
‘A-%-l(j)‘ Z Fl(tj7a)> |A}(])| > 0,
X a€AL (j)
0, otherwise.
16: end for
17: Compute structured-evidence score (Eq.(17)):
18: i Aexd + NP + A a§
19: Appendr; to R
20: end for 1
21: return R — r
o R e |G‘ rTER

Given a predicted completion C' containing both
rationale (<think>) and answer (<answer>) seg-
ments, the model first parses predicted detection
boxes and associated labels ) = {(b;, 7;)}. These
are greedily matched to the set of ground-truth
detections G = {(b},y;)} using Intersection-over-
Union (IoU), retaining only matches with IoU
above a threshold 7. For each matched predic-
tion (I;j, ;). a rationale text t; is extracted and
associated with the prediction (defaulting to global
t if instance-specific rationales are unavailable).

To evaluate the reasoning quality, the algorithm
retrieves label-conditioned attribute sets for each
prediction from the predefined taxonomy: Ag(y;)
(facial), Ap(9;) (body), and Ac(7;) (context). For
each modality X € {E, B, C'}, the algorithm com-
putes the BERTScore F1 similarity between the
rationale ¢; and each attribute a € Ax(y;). At-
tributes with similarity above a BERTScore thresh-
old € are retained, forming the verified set A% ().
The attribute-based reward for each modality ij
is then computed as the mean F1 score over the
retained attributes (or zero if none meet the thresh-
old).

Finally, a structured evidence score r; is calcu-
lated for each prediction as a weighted combination
of modality-specific scores:

rj 4= /\Eacf + )\ijB + )\C.%']C

with weighting ratios as Ag, Ap, Ac. The overall
reasoning attributes reward Ry, is returned as the
mean over all matched predictions:

1
Ry = @ ZJ: T

This reward design encourages the model to
produce semantically meaningful rationales that
align with fine-grained multimodal attributes. By
grounding feedback in interpretable and verifiable
cues, the algorithm enables robust training of emo-
tionally aware systems within the SOVTR frame-
work.

A2.3 Scene based emotion recognition

Figure A.4 qualitatively demonstrates how emotion
inference is modulated by the interaction between
facial, bodily, and contextual cues across diverse
real-world situations. The examples illustrate that
identical or similar facial expressions can yield dis-
tinct emotional interpretations depending on sur-
rounding context and body language, whereas con-
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Figure A.2: Overview of Emotion Reward Attributes
used for fine-grained emotion recognition and reason-
ing. The figure presents three categories of attributes
that is used in reinforcement learning (RL) for aligning
model outputs with desired behaviors through verifiable
rewards.(a) Facial Expression Attributes include de-
tailed facial cues. (b) Body Language Attributes capture
postural and gestural. (c) Context Attributes provide
environmental and situational cues. Together, these at-
tributes form the foundation of multi-modal emotion
reward modeling in SOVTR, enabling more robust and
explainable emotion inference.

sistent contextual and bodily indicators tend to re-
inforce stable emotional judgments.

In scene Figure A.4 (a), Person 1 exhibits a
partially open mouth and furrowed brows—facial
features that, in isolation, may be ambiguous and
could correspond to either fear or surprise. How-
ever, when coupled with a defensive running pos-
ture (arms bent and raised, body angled forward)
and the chaotic, threatening background of smoke,
debris, and fleeing individuals, these cues collec-
tively indicate a high-arousal negative emotion,
most plausibly fear. The convergence of tense pos-
ture, protective arm position, and hazardous envi-
ronmental context strengthens this interpretation.

Scene Figure A.4 (b) presents a contrasting sit-
uation, in which Person 1 displays a broad smile,
slightly squinted eyes, and relaxed facial mus-
cles—strong indicators of positive affect. The ac-
companying body language, including a forward-
leaning but casual posture and relaxed shoulders,
suggests comfort and social engagement. The pic-
nic setting, featuring food, greenery, and compan-
ionship, provides additional contextual evidence
of leisure and enjoyment. The integration of these
multimodal cues leads to a confident inference of
happiness.

Scene Figure A.4 (c) further reinforces this pat-
tern of contextual alignment. Here, Person 1 shows
a similar smiling expression with raised cheeks and
visible teeth, but within a family-oriented barbecue
scene. The body language—open arm gestures, up-
right and engaged stance—combined with a bright,
relaxed environment near a pool, supports an inter-
pretation of social warmth and joyful interaction.
Despite differing activities between scenes (b) and
(c), the parallel presence of friendly social context,
relaxed demeanor, and affiliative gestures leads to
the same emotional inference of happiness.

Overall, these qualitative examples highlight the
importance of integrating multi-source evidence
across facial expression, body language, and en-
vironmental context. By jointly reasoning over
these modalities, the model can resolve ambigui-
ties arising from isolated facial cues and achieve
more robust and explainable emotion recognition
across complex real-world scenes.
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Figure A.3: Taxonomy of Open Emotion Reward Attributes by Emotion Categories. This figure illustrates the
fine-grained taxonomy of Emotion Reward Attributes used for multi-modal emotion recognition and reasoning in
the proposed reinforcement learning (RL)-based systems. The attributes are grouped according to six core emotion
categories: (a) Happy, (b) Angry, (c) Surprise, (d) Fear, (e) Disgust, and (f) Sad. Each emotion cluster includes
verifiable and label-consistent cues derived from facial expressions, body language, and contextual features. For
instance, the Happy category includes attributes such as ‘smile’, ‘positive feedback’, and ‘cheerful tone’, while
Angry encompasses ‘furrowed brows’, ‘forceful gestures’, and ‘heated argument’. These curated attributes form the
backbone of the structured attribute reward model, providing interpretable and discriminative signals for aligning
model rationales with human-understandable emotion concepts. By leveraging this categorization, the SOVTR
framework promotes robust and explainable emotion inference via multi-source evidence integration.
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What is the emotion of Person 1?

Emotion Analysis for Person 1:
Facial Expression

Eyes wide open, brows slightly furrowed, and mouth tense — these are strong indicators of fear or
distress. The child’s expression suggests acute emotional arousal, likely due to immediate danger or
panic.

Body Language

The child is running with arms bentand hands raised near the head, which reflects a defensive or
protective reaction. The bodyis angled forward in a hurried motion, suggesting an attempt to escape a
threatening situation. Overall posture is tense and urgent— classic signs of flight response under fear.
Context

The background shows a burning building, destroyed cars, smoke, rubble, and people running in
diferent directions — a chaoticwar or disaster scene. This traumafic environmentheavily reinforces the
likelihood thatth i isfear, possibly ied by panic.

Answer: Fear
The

facial ion, defensi d anda
the most plausil tion for Person 1.

Emotion Analysis for Person 1:

Facial Expression

Person 1 is smiling ly with visible teeth and slightly sq eyes— strong indicators of genuine

happiness or enjoyment.

Eyebrows are relaxed, no tension visible in the face, further suggesting a positive affect.

Body Language

Sitting cross-legged and leaning slightly toward the other person, indicating engagementand

openness.

Arm extended toward the food, showing comfort and involvementin the shared activity.

Relaxed shoulders and casual posture reinforce a state of ease.

Context

Outdoors ina large, green park with a picnicsetup (food, drinks, basket), implying a leisurely and

pleasantsocial setting.

Interacting with another person in a friendly, informal atmosphere.

Answer: Happiness

The combination ofa genuine smile,open and relaxed body posture, and  rendly picrio context
trongly i Person

Emotion Analysis for Person 1:
Facial Expression
Person 1 is smiling with visible teeth, slightly squi ., and raised cheeks — classic indi
g dposit T ion sh laxed facial muscles,
i fort than forced emotion.

Body Language
He is standing in a relaxed posture, slightly leaning forward while holding tongs to cook on the grill.
His open arm gestures and casual stance indicate thathe is actively engaged in the activity, while
remaining atease.
Context
The setting is a leisurely outdoor barbecue with food, family, and a sunny environmentnextto a pool.

p smiling ding a child and joyful and
relaxed social context.
Answer: Happiness

cial openand engaged body language, and relaxed family-
onentsd context, Person Tie most likely experiencing a state of happiness, with signs of social
bonding and enjoyment.

Figure A.4: Qualitative Emotion Inference for Person 1 Across Diverse Situational Contexts. This figure presents
three case studies illustrating the reasoning process for determining the emotional state of Person 1 based on facial
expressions, body language, and environmental context. Each scenario demonstrates multi-source visual evidence
integration to support emotion classification
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