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Introduction Pre-training: Curriculum Emotion Learning

= Curriculum Emotion Learning: A progressive 3-stage curriculum that injects knowledge
into base model: (1) attribute perception -> (2) expression analysis -> (3) emotion
understanding. This reduces perplexity and stabilizes learning across difficulty levels.

= High-Level emotion intelligence toward AGI requires explainable reasoning: Human
emotion in video is dynamic, open-set, and heavily context-dependent. Achieving AGl-level
emotion understanding therefore requires models that not only perceive low-level cues but
also construct transparent, step-wise affective rationales. However, even advanced
VideolLLMs such as Gemini 2.0 reach only 26.3% accuracy on fine-grained sentiment Post-training: GRPO via Mixed Affective-Tree Reward
analysis, underscoring the substantial gap in high-level emotional intelligence.

= VidEmo: A Tree-Structured, Affective-Cue-Guided Reasoning Framework: To close this Starting from GRPO: Formally, let ¢ be a query, GRPO samples a group of outputs {0;}%,
gap, we propose VidEmo, a hierarchical reasoning model that decomposes emotion with the number of G from the old policy model my_ ., and train a policy model by
understanding into three stages: (1) attribute perception, (2) expression analysis, and (3) maximizing the following O%GCﬁV‘ei‘
emotion reasoning. Inspired by recent progress in reasoning-style models (e.g., R1),VidEmo 1 o . , .
performs structured, cue-guided reasoning, integrating appearance, micro-expressions, JGrRPO0) =By (o3 my_ E;mzmm (Tt(Q)A’ivt’ lliplen @) L = el E)Aivt> — BDy(mg || mref),
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temporal dynamics, and scene context into coherent emotional interpretations. Rule-based QA reward: The model is evaluated on its ability to respond to emotion-related

queries using predefined rules of Acc and F1 score.
Model-based Caption reward: For the short caption of action, appearance, and emotion,

(1) Appearance @ Face Identity

lassif 5 . .
coion % gﬁ::;‘:ﬁbute we use a generative reward model to score the quality of captions generated by the model.
@ gg:ig;' Eye, Nose, Mouth, = Affective Tree-based Fine-Grained Caption Reward: Given a generated caption 6, we first
Caption Action, Feature, . Figure 1. Selected examples parse it into a set of aspect-item pairs at three semantic levels: attribute (A), expression (€),
@ Expression Analysis of inputs and outputs and emotion (M). These elements are organized into a three-level affective tree T, ¢,
@ Emotion @ Affective Cues obtained from . Apart from where each node represents an extracted item and directed edges encode rationale:
Classify, Multiclass Micro-expression pl’OVIdIﬂg toolkits for basic rationale rationale
- Fine-grained Action Unit attribute perceph’on and A >g >M. (1)
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bt VXA e grined oon ep extends the cognitive VWe compare the pr.ed|cted trée Tpreq vyﬁh gt tree Tt usmg.the tree edit .dlstan.ce
capacity and is able to Edit(Tgt, Threq), Which quantifies the minimal number of edit operations (insertions,
@ Emotional Intelligent: Fine-grained Caption & Rationale Reasoning generate fine-grained deletions, substitutions) required to transform one tree into the other as reward R:

Four young girls are sitting on the floor in front of a gray sofa with multiple patterned cushions, all gazing forward, ) ! |
Back o _ Persovw 1 emotional captions with

seemingly at a screen. The girl on the left has brown, wavy, long hair, big almond-shaped brown eyes, thick AP‘P’ . . _ . ( )
grm brown eyebrows, a small nose with a high bridge, and thick pink lips. She is wearing a gray long-sleeved shirt and = =O Act exp|a|nab|e rat—lonale R — eXp (_)\ * Ed |t(Tgt, Tpred>> , 2

bright pink pants. Initially, her mouth is closed, but around mid of the video, she opens her mouth in a slight gasp. E
mo-
(bottom).

Act The girl to the immediate right has blonde, straight, long hair, big almond-shaped blue eyes, narrow Pe’rm/ 3
E_W blonde eyebrows, a small nose with a high bridge, and thick pink lips. She wears a light pink shirt and a white e AAP‘P’
une pajama bottom, as well as a bracelet on her left wrist, and is holding a small piece of popcorn. At first her mouth ot o . .
D ey-sm, 4 PR TN Sh uts he pocom o e mouth, e exreson i shows concer o th i, e i New Milestone: Our best model, VidEmo-T1, shows superior performance across 15 face
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Pipeline: To develop a family of emotion-centric video foundation models, we propose a com- " © ¥ e e 2 RG> X X
prehensive set of toolkits designed for the pre-training, post-training, and reasoning stages. . .
(a) Training (b) Reasoning Figure 3. Results Overview.

;| Curriculum Emotion Learning ¥ GRPO with Mixed Affective-Tree Reward Policy SOTA comparison: We compare VidEmo with 18 leading VideoLLMs on 14 face attribute

- - i Ll e tion, 11 i lysis and 6 fi ined emot derstanding tasks. VidE
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Class II: Exoression Tuni r AT e T achieves over a 16.3% and 14.2% improvement compared to existing open-source VideoLLMs
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etailed description and ultimately predict the emotiona . . 0 . ' : I Gemini 2.0 [62] - 422 564 41.4 622 86.5 25.8 52.4 72.1 729 873 873 64.1 61.9 72.1 80.0 78.7 943 81.5 61.6 762 Gemini 2.0 [62] - 453 422 23.6 37.0 45.0 26.0 35.5 162 36.1 26.1 42.0 50.6 46.3|51.0 52.6 58.2 60.2 66.8 92.1 63.5
Shared Parameter Model based states of single/multiple individuals in the video. . Expression o Expression i :_F_’fr_’resf_'?_n__l Claude 3.5 Sonnet [3] - 39.1 588 35.7 61.1 63.6 22.0 46.7 70.8 67.6 544 77.8 68.9 56.1 547 773 795 933 489 614 676  Claude 3 Sonnet [3] - 26.6 17.6 16.6 203 37.6 23.3 30.4 292 37.1 332 503 36.3 433 [47.5 49.5 57.6 54.9 62.0 925 60.7
Initialization Caption Reward A:In a dimly lit room, a middle-aged East Asian woman with P P — E Z— ¥ Qwen-VL-MAX [63] - 41.1 543 325 60.0 89.7 345 520 71.9 69.6 79.4 844 640 715 64.4 71.7 789 933 740 60.9 737 Qwen-VL-MAX [63] - 293 25.8 24.6 26.6 32.6 21.3 27.0 11.7 24.0 17.9 46.4 49.3 47.8 479 50.7 574 56.6 63.6 92.0 61.4
P houlder-length dark hair pulled back si ble, holdi GPT-4o [51] - 293 515 05.1 40.7 79.0 27.6 38.8 51.5 45.7 629 77.1 485 46.4 545 78.1 68.5 863 755 52.8 623 GPT-40 [51] - 206 19.0 043 14.6 29.6 18.0 23.8 29.6 02.3 16.0 38.1 43.6 40.8 |30.0 35.4 40.8 43.2 50.9 87.4 48.0
shoulder-length dark hair pulled back sits at a table, holding . 0 0
@ Please describe the ( Best-of-Expression ) GPT-4omini [51] - 205 55.8 04.1 54.0 69.3 27.8 38.6 432 44.5 520 524 31.6 43.5 40.1 450 41.0 69.6 459 30.7 449 GPT-domini [51] - 19.6 20.2 073 15.7 29.9 16.6 23.3 21.9 08.9 154 40.7 47.6 44.2[35.5 39.0 46.2 46.7 54.4 91.0 52.1
Refer‘ence KL POI ic Rewa rd e)Epre;sior} o peqple " - = . Open-sourced 1-3B Video MLLM Open-sourced 1-3B Video MLLM
the video in details. ol Samplin LLaVA-OV [25] IB 063 349 002 47.6 503 144 25.6 41.0 49.7 360 50.9 46.7 32.0 39.0 48.1 29.8 87.6 20.1 61.9 452 LLaVA-OV [25] 1B 283 17.5 05.3 17.0 363 15.0 25.6 13.4 15.8 14.6 40.2 29.6 34.9|17.2 18.2 28.6 23.5 28.8 89.0 34.2
Feedback pling
A At the beari s amaaaad PRSI = P : InternVL2.5 [8] 2B 17.7 462 13.4 47.1 047 17.3 24.4 532 50.6 575 703 43.5 38.6 42.8 545 52.1 80.7 59.8 51.6 54.6 InternVL2.5 [8] 2B 23.0 16.1 08.3 15.8 31.6 15.6 23.6 09.7 07.4 08.5 43.6 26.0 34.8 |40.1 42.9 51.6 49.6 56.4 90.8 55.2
MOdel Penalty MOde' e A AR P RITG . . 0 . ¥ . . VideoLLaMA3 [86] 2B 00.3 36.8 05.2 48.5 89.2 20.6 33.4 559 51.5 520 73.7 452 36.7 47.1 527 550 85.4 59.3 52.1 55.5 VideoLLaMA3 [86] 2B 29.3 18.3 11.6 19.7 34.3 16.0 25.1 06.5 06.5 06.5 20.1 31.3 25.7(24.0 22.4 295 33.4 40.3 86.8 39.4
NG5 / and then he has an expression of + Emotion .+ Emotion :: Emotion mPLUG-OwI3 [81] 2B 16.0 454 13.8 523 76.4 07.7 353 544 61.4 554 714 437 454 523 60.8 39.8 91.6 58.7 48.5 56.9 mPLUG-OwI3 [81] 2B 32.3 18.4 05.0 18.6 35.6 07.6 21.6 28.0 22.7 253 45.0 34.3 39.7 |27.8 27.9 35.8 34.6 41.3 89.9 42.9
ARG \ happiness, h finally tums nto a R ——  E—— W— Qwen2.5-VL[65] 3B 43.6 41.1 302 49.9 957 15.5 46.0 64.2 543 51.3 72.8 29.1 40.8 52.1 589 70.6 93.5 762 62.6 60.5 Qwen2.5-VL[65] 3B 36.0 23.7 09.3 23.0 36.6 20.3 28.5 12.1 23.0 17.6 44.2 40.3 42.2 382 40.9 49.7 492 56.3 91.4 54.3
o P ( ; : ) VidEmo-Base 3B 57.0 67.9 37.7 479 100 90.7 66.9 84.9 82.7 94.0 85.2 759 80.8 78.0 83.4 84.0 95.0 88.8 61.1 828  VidEmo Base 3B 46.0 38.0 26.0 36.6 40.3 32.6 36.5 22.3 32.1 27.2 48.1 42.0 45.057.3 59.6 70.7 62.7 68.1 93.1 68.6
Best-of-Emotion Open-sourced 7B+ Video MLLM Open-sourced 7B+ Video MLLM

ShareGPT4Video [7] 8B 10.3 38.7 13.7 51.6 03.0 17.1 22.4 53.9 547 37.7 74.8 13.1 28.6 46.7 45.1 452 51.6 57.9 53.1 469 ShareGPT4Video [7] 8B 07.6 06.0 04.6 06.1 38.0 14.3 26.1 09.7 01.4 05.6 46.2 32.3 39.2|16.1 18.8 34.4 21.8 26.0 91.1 34.7
: H H H fAt . : : : : . : N : InternVL2.5 [8] 8B 369 38.7 17.4 49.8 61.2 155 36.6 56.3 59.0 550 72.2 524 364 527 61.5 60.0 76.9 57.6 59.3 58.3 InternVL2.5 [8] 8B 28.0 26.2 09.0 21.0 29.3 18.3 23.8 16.2 12.8 14.5 40.8 35.0 37.9|52.3 53.4 61.5 59.8 66.1 92.4 64.2
Figure 2. Pipeline of VidEmo. (a) Training: The model is trained using curriculum emotion learning, divided into LLaVANN-Video [41] 7B 169 346 205 492 S17 038 298 426 430 404 67.5 183 499 442 523 167 844 582 486 472 LLaVA-N.video [41] 7B 243 237 106 195 39.0 140 265 109 133 121 44.1 390 415|337 33.2 433 388 452 90 475
th ¢ H b . . d JCI . . A ]c d | . d .o tl | . d | LLaVA-OV [25] 7B 05.6 373 122 46.6 972 19.8 36.4 53.0 47.6 504 64.0 353 322 49.9 558 72.9 94.6 47.5 59.0 552 LLaVA-OV [25] 7B 31.6 22.7 10.3 21.5 36.0 20.0 28.0 11.7 15.5 13.6 42.2 43.0 42.6[36.5 39.3 49.5 46.2 53.1 91.0 52.6
. VideoLLaMA3 [86] 7B 283 33.5 15.8 48.7 89.2 16.4 38.6 544 56.7 555 71.9 40.5 36.6 50.6 613 60.4 847 65.6 64.8 58.6 VideoLLaMA3 [86] 7B 27.6 23.9 10.6 20.7 31.0 19.3 25.1 08.9 10.8 09.8 33.2 36.0 34.6 (422 44.4 53.1 52.9 59.5 89.5 56.9
ree Stages: atlribute, expression, and emaoton tuning. rererence model provides Initial parameters, and a policy LLaVA-Video [91] 7B 14.5 382 14.1 46.0 88.7 20.3 37.0 65.0 57.0 662 72.6 21.3 29.4 593 68.3 79.4 93.0 62.5 63.8 61.5 LLaVA-Video [91] 7B 32.6 22.9 09.3 21.6 35.3 20.6 28.0 12.1 02.5 07.3 45.8 42.0 43.9(38.8 40.9 50.1 47.8 54.6 912 53.9
. . . . . . . . . mPLUG-OWI3 [81] 7B 343 41.6 21.3 55.1 66.4 21.1 40.0 550 56.2 480 70.5 39.9 48.1 50.5 58.8 61.8 89.7 62.0 60.8 584 mPLUG-OwI3 [81] 7B 30.0 22.2 10.8 21.0 29.3 15.6 22.5 21.5 25.1 23.3 47.2 33.6 40.4[36.5 35.6 44.2 43.8 50.3 90.8 50.2
model is trained with reward feedback. (b) Reasoning: The policy model performs hierarchical reasoning by Quen2SVLI65] 7B 447 452 210 523 997 226 47.6 656 70.5 832 747 664 5.6 608 738 772 940 762 640 721  QuenzSVLIsSI 7B 386 270 123 260 300 223 261 1035 144 125 462 44.3 452|507 521 60.0 9.7 663 927 636
. . . . . VidEmo-Base 7B 603 729 38.4 55.1 99.8 934 69.2 86.4 855 95.1 85.1 77.3 81.6 78.7 85.0 85.6 95.0 89.5 71.7 84.7 VidEmo-Base 7B 47.3 37.6 34.6 39.8 42.3 36.0 39.1 18.2 34.2 262 50.0 48.6 49.3(55.9 57.4 67.9 62.6 68.3 92.8 67.5
Samp| | ﬂg ]Crom J[he best attrlbutes, expreSS|OnS, aﬂd emOJﬂOﬂS tO geﬂerate the ﬁ ﬂa| emohonal OUtpUt. VidEmo-T1 7B 64.8 73.1 41.4 57.4 99.7 96.7 72.1 88.2 87.8 95.6 87.8 79.2 82.0 80.8 85.7 86.9 97.0 90.4 74.3 86.3 VidEmo-T1 7B 49.7 38.8 35.6 41.3 42.3 37.5 39.9 20.4 34.1 27.3 50.7 52.9 51.8 |59.3 61.2 68.1 65.9 69.1 92.6 69.3

https.//zzcheng.top/VIdEmo Advances in Neural Information Processing Systems (NeurlPS) Poster

Emotion-Centric Video Foundation Models 2. NEURAL INFORMATION
Zhicheng Zhang® Weicheng Wang!® Yongjie Zhu3 WenyuQin3 PengfeiWan3 DiZhang3 Jufeng Yang < "f‘.h.

Emo-CFG: Emotion-Centric Fine-Grained Video Dataset

Data Curation: We curate Emo-CFG from 1/ diverse video datasets, preserving rich meta infor-
mation. We further obtain rationale annotations linking attribute, expression, and emotion. Al
data is rigorously filtered through a committee, ensuring high-quality emotion annotations.

(a) Data Source & Meta (b) Data Labelling (c) Data Verification
U m Causal Affective Reasoning Voting by Committee
‘ ) o
g MER series .
Y P 3 CelebV—HQ T ——— ce‘ebv_TeXt Attribute Q: What express?nnAit is? QNW QA ' QA M Mai
o DFEW - RAVDESS A_) anxiety B) surprise C) neutral D)  s==—p RWW a.!or
“=FERV3‘7K Em O-CFG ASME ] l disgust E) sad F) fear G) corfipg i Q: Explain the reason N #1_QA — Votlng
Q N[ ﬂ . — : The analysis begins . Aspect . .
| 1 = MELD . 4ataset AFFW.’dzw e ExpreSSIOn 1 ?oi?tiﬁeringgzebfas:ialgfggtur;sh cam"’ ™ EXt':'aCt > #2—QA B "‘.ﬂ‘
4 -« ! o :?e cruecliraISlfjor Sncd:rr;tae:am IC = # = .
AFEW " Meap W ) Caption o expressions o epresson. N-QA ™ _al
HS'M%/]AFW PERR . g;;:ddiE:]?t/ Rtsiraor?\r/\]lqcl)fng:c\llﬂlti_ - d_escribéd as slight downturn,
MOSE] myes @ Emotion | | &5l iength dork nair PR
& BN Critic Aspecty

T

;;;;;;;;;;;;

~ M

Figure 4. Data Curation Pipeline of the dataset. (a) The source of data from 17 datasets. (b) The illustration of data
labeling steps. (c) The illustration of data verification loop.

Data Statistics: Emo-CFG covers three major task types with diverse facial views, video lengths,
and affective annotations. Its large scale, rich label variety, and inclusion of fine-grained emotions
and rationales make it substantially more comprehensive than existing emotion or video datasets.

(a) Data Taxonomy (b) Data Distribution = MEAD
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User Study: Emo-CFG is built to preserve high data quality even beyond 50K samples, a scale at
which consistency becomes difficult for human-labeled datasets such as CelebV-Text. As a fully
automated and systematically verified pipeline, Emo-CFG delivers reliable, large-scale emotional
annotations across diverse video sources.

Pairwise

. . Table 2. User study between VidEmo and CelebV-Text. We test
Dimension #Vid #Usr Prefer p-value ] o i )
Win Tie Loss the label quality on precision, rationality, and complementary
Precision 964 204 82 50 25 955% 0.00021 through pairwise comparison with 50 videos and 25 users. All

Rationality 1082 87 81 50 25 92.1% 0.00015 : : . .
Complementary 1172 23 55 S50 25 93.0% 0.00008 three dimensions show significant preference for VidEmo.

Conclusion

= We introduce VidEmo, a unified video emotion foundation model that integrates attribute
perception, expression analysis, and high-level affect reasoning.

= We build Emo-CFG, a 2.1M-sample emotion-centric dataset with rich fine-grained
annotations, establishing a comprehensive data infrastructure for community.
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