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AniSora: Exploring the Frontiers of Animation Video Generation in the Sora Era. Yudong Jiang, Baohan Xu et. al, Accepted by IJCAI25

Aligning Anime Video Generation with Human Feedback. Yidi Wu, Bingwen Zhu et. al Under Review
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® Dataset & Benchmark

Training Set
Raw Data: 1M long animation videos
Filtering Criteria:
Text-overlay, optical flow, aesthetic scores, duration (2-20s)
Resulting Dataset:
10M high-quality clips for training
Evaluation Set
948 animation clips are collected and labeled with different actions

» 100 common action labels: talking, walking, running, eating, and so on.

10-30 clips/label
o 857 2D animation, 91 3D animation
*  Human manual correct prompt

Point at things Walk

Wave hand Rub

QCon
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*  Visual Smoothness
Ssmooth o= Reg(Ev(Ilr sy IN))

where 1;, N denote the single frame and the total frames, and Reg denotes the
regression head, and E,, denotes the vision encoder.

e Visual Motion

The magnitude of primary motion in anime videos.
Smotion = Cos(MCLIP(V), MCLIP(T,,))

where MCLIP denotes the finetuning action model. V represents the generation video
and Ty, denotes the designed motion prompt.

o Visual Appeal

The fundamental quality of video generation.
Sappeal = Aes(SigLIP(ly;,.k))1; € KeyFrm(V)

whereKeyFrm, SigLIP and Aes denote the key frame extraction method, feature
encoder method and aesthetic evaluation method, and K denotes the number of the
keyframes.

e Text-Video Consistency
Stve = Reg(Ey(V), E¢(T))
where Reg denotes the regression head, and E,,, E, denote the vision and text
encoder, respectively.

 Image-Video Consistency
Sivc = Reg(E,(V), E, (Ip))
where Vandl, denote the participant video clip and the input image.
e Character Consistency
1S
Stpc = EZCOS(BLIP(Mi)»feac)
i

where S denotes the number of sample frames, M; denotes the mask obtained from
GroudingDino and SAM methods, and fea. denotes the stored character's features.
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AniSora Benchmark
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® sEEFIBEN

1. Reward Dataset Collection 2. Anime Reward Training 3. Anime Video Alignment p(v® = 'Ul|c) — o(R(c,v™) — R(c, vl)),
caption E Annotated Data - Corresponding Lppo(#):
—— | Prompt | | t
VLM i I 1 Weogvideo “E, ) [10g0 (ﬁlog Po (v"”wl c) — Blog 2 pe (v I| c) ):| ’
| *A light blue cat Pret ("] ) pret (V1| €) _
Initial Frame 1 ! ! — [ I2vV MOdE'
i o next to a red wall.” EGAPO(H) — (Gw _ Gl) . EDPO(-'I": c, ’Uw,’Ul),
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! ' ¥ ' :
' | [ RegressionHead | i [ Cosine Similarity |11 V" _ =
s N
[ 29 | 1554 507 657 669 i 749 831 | ; Poceage
- i ' Vs VA TC Ic ! Ic cc ! p Figure 4. Human evaluation of generated anime videos on differ-
Human Annotation \ \Score-based Preference; \  Objective Fact | GAPO I

AnimeReward VideoScore A A\ mw AR \ A T/
Visual Visual Visual Text Image Charac. Visual Temporal Dynamic Text Factual N . ) ~
Smooth Motion Appeal Consist. Consist. Consist. Quality Consist. Degree Alignment Consist.

Baseline 52.63 65.13 4768 71.50 74.92 88.85  3.36l 3.080 3334 2.945 3.114
SFT 52.62 66.27 48.11 72.81 75.25 90.38  3.358 3.075 3.329 2.951 3.100
Ours 61.67 59.86 53.08 73.29 79.30 9145 3379 3.131 3.290 2.942 3.148

Method

Table 2. Quantitive performance comparison on AnimeReward and VideoScore [5], with best performance in bold. We achieve the
best performance in both visual quality and motion smoothness, with a higher degree of distinction on AnimeReward.
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