.)J World model pretraining and fine-tuning

31M+ sampled trajectories

ﬁ &‘\"\w 6 /

3 w Y,

~ Reinforcing VLA
& Action N\

Limited new environment data

Propet Rollouts LA policy

e
\ Reward
signal
.’:"9_\ - Fast generalization to new manipulations
s’DROID LIEE 5 b L Reward model )

\

Future action frame (Optional)

Generated or real history frames Conditional frame
I I

E E E

| )
| Future scalar action
History latent packing l

I l

oSS ‘

c3 = [p3,€3,93] ¢4 = [P4, €4, 94]

History latent Condition latent with noised future Action condition feature

Diffusion Transformers (DiT)

0

1 History-aw.are Self-
attention

Denoised
future latent

> Cross-attention <

Q KV Generated future robot
maniPulation

\ Stack the bowls (unseen trajectory in fine-tuning) Y

Generated rollouts

Precise robot control, by pretrained Prophet )

ach grippereeps moving right 2mm per—fi‘ame

Fast generalization, by fine-tuned Prophet on 150 samples exclude “yellow cube” in task

Failure trajectory using simulated action as input

Real-world adaptation, by fine-tuned Prophet on 100 samples from self-collected data

Algorithm

Denoising process R

Ay T
— 1 ) TZ _— TK — 1

Aggregate over k ¢, ., =¥ 1ognl”(a,.4l0s)
Per-d ratio
TS,C,d — eXp(ES,C,d T fg’li‘d) FA-GRPO

PPO-clip & sum over d

~

5x faster, 30% higher AT = wy A,
FlowScale 7
/
': From noise
0.88 | schedule

\

\\ W,k X (Jg,k + E)p:

Vel
K
EZkzl wsp =1

Overall success (%)

- Basel . npe are
0.80 - B 1 GRPO & FlowScale Normalize-Mix-Clip;
0 50 100 150 200 stop gradient

RL training steps

\ /
Results on SimplerEnv & Real-robot —

Base Base
+FA-GRPO (Ours) I +FA-GRPO & FlowScale (Ours)
mmm  +FA-GRPO & FlowScale (Ours) +12.1 +30.0
> 51.0 857 82.1
46.9 -
¥17.7 E
45 - : +24.6
41.0 65 - 62.9

Overall success (%)

38.2 38.9 60.4
+5.9 55 -
35 -
30.9
29.2 45 A
25 23.3 35
25
15 . . . 15

OpenVLA-OFT-7B VLA-Adapter-0.5B Pi0.5-3B OpenVLA-OFT-7B VLA-Adapter-0.5B Pi0.5- 33

G




	幻灯片 1

