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WizardMath-v1.0 70B 81.6%  22.7% 64.8%  65.4%

DeepSeekMath-Instruct 7B 82.9% 46.8% 73.2% 84.6%
DeepSeekMath-RL 7B 88.2% 51.7% 79.6% 88.8%
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Figure 2: Average fractions of clipped tokens over the RL training of GSPO and GRPO.
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* Image Reward *

Sample

1) Prompts and Generated Images _~ Prompt A painting of an ocean with clouds and birds, day time, low depth field effect.

2) Annotation I
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ImageReward

Ranking

Overall Rating
(1=worst, 7=best) 3) Preference Learning

Image-Text Alignment
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Fidelity (Image Quality)
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A B *
> > -1.4 20
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4) Back Propagation Feedback
Ty 2) Predict directly
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with gradient Image

Reward ‘

* https://arxiv.org/pdf/2304.05977
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Sementic Relative Preference Optimization
Direct-Align Sementic-Relative-Preference
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RewardDance (Seedream X1k ReFL)

* VLM-based Reward Model Scaling
o A ITEIE, CoTRl K token prob. % reward 43 %

Image Text Image, Text, Instruction Image, Text, Instruction, Ref Image, COT
[ Image Encoder ] { Text Encoder ] [ Vision-Language Model ] [ Vision-Language Model J
v v . .
Image Emb Text Emb Hidden State Hidden State
[ ¥ | v i
[ Cosine Similarity J { Regression Head J [ LLM Head J
¥ Cosine Similarity # Scalar Value ¢ Probability Value
Reward Scores Reward Scores Reward Scores
CLIP-based RM Architecture VLM-based RM Architecture RewardDance Architecture

Please evaluate two images generated &

from the prompt: “two monkeys in the . . <

cage". Is image 2 better than image 1? ) Diffusion Model

Please answer "yes" or "no", and N

given the detailed reason. /

Imagel Image2 Ref Image Generated Image
. . Specific evaluation criteria . . Specific evaluation criteria
Imagel Tokens Image2 Tokens  Prompt & CoT Task Instruction | Imagel Tokens  Image2 Tokens  Prompt & CoT Task Instruction ‘
| (g
[ RewardDance (1B ~ 26B) RewardDance (1B ~ 26B) j
Maximize Reward: P(yes|...)

Task-aware CoT Instruction:
yes/no Reasons

RewardDance Training RewardDance Inference: Reward Feedback Learning
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