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RL is helpful for LLMs and VLMs
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RL can help long reasoning and OOD generalization
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RL can also improve VLA models
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But which facets of VLA stand to
gain the most from RL?

Vision (V) Semantics (L) Execution (A)
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Facets of VLA generalization - Vision

Vision (V)
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Facets of VLA generalization - Semantics
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Facets of VLA generalization - Execution
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Execution (A)
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Overview of our study

Vision (V) Semantics (L) Execution (A)

! P
L L
o -
T - . Training Unseen Objects ] .
Training -m | L S oL L Training
NSNNN L 'ﬁ) » L
| . D - - | w : I ”"' | ' TN ?’ : ]
Lt auer 0 YAVe %1
- O - 1 Q/\%\ — N : l
1 |
Unseen o Multi-Object Multi-Object L
Table | : (both seen) (both unseen) | :
1 L
| 4 . |
Dynamic : : \ é % | :
Texture ' — 7
! . ! Unseen Position 7
(weak) : l b (Obiect & R tacle) ¥
ecC eceptaclLe
. l : Unseen Unseen : : J P
Dynamic : I Receptacles Instruction : l
Texture : : Phrasings : : Unseen H
(strong) L “the 08 shoutd e | | Robot Init Pose '#
I : placed on the $RS.” I : )
oise | ! Mid-Episode
l Distractive Multi-Receptacle I Ob 'ect Re os-i_t-l_on 6“&
(weak) ! : Receptacle (both unseen) : : J P
1 |
Dynamic || - !
Noise L ’ . : :
(strong) : | po
! ‘\ l,’ \\



i)

Data
ﬂ Collector
DT Dataset

4

ol |

SFT

SFT/RL finetuning for VLA

.ﬁ

Environment

IIIIIIIIIIIIIIIIIIIIIIIIII

--------------------------

Interaction

Data Batch

.:>

lllllllllllllllllllllllll

lllllllllllllllllllllllll

Group Relative
Advantage

Data Batch

IIIIIIIIIIIIIIIIIIIIIIIII

lllllllllllllllllllllllll

Generalized

Advantage Estimator

Cpotey || e |

PPO



Effective RL fine-tuning
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PPO works best, SFT scales with data
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RL vs SFT: does RL always win??
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does RL always win?

RLvs SFT
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RL vs SFT: what about real-world deployment?

RL can also help zero-shot sim-to-real generalization
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RL vs SFT: what about more challenging tasks?

Open articulated

objects

L.

(a) (b)
SFT RL
Success Rate  Degradation Ratio | Success Rate  Degradation Ratio
IND 0.745 (015) — 0.724 (.045) —
New Backgrounds | 0.766 (071) +0.028 0.734 (.058) +0.014
Dynamic Noise 0.526 (015 -0.294 0.448 (.037) -0.381
Vision Avg. 0.646 (.043) -0.130 0.591 (.048) -0.184
Articulated Oby;. 0.042 (015) -0.944 0.151 (019 -0.791
Re-phrased Inst. 0.703 (077 -0.056 0.620 (.041) -0.144
Semantic Avg. 0.373 (.046) -0.500 0.386 (.030) -0.468
Obj. Pose 0.448 (032 -0.399 0.484 (.089) -0.331
EE Pose 0.151 (027) -0.797 0.312 (013) -0.568
Execution Avg. 0.300 (.030) -0.600 0.398 (.051) -0.450
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Why can RL work better?

Hypothesis 1: Does it benefit from using more data?
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Why can RL work better?

Hypothesis 2: Does it benefit from diverse exploration? 0
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RL trajectories span a broader workspace and a richer
range of end-effector orientations



Thanks for your time!

Project: https://rlvla.github.io
Code: https://github.com/gen-robot/RL4VLA

Project page «
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