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Introduction

Generalist Robot Policy 학습을위해서는강화학습(Reinforcement Learning; RL)이필요함

대규모데이터로사전학습된모델에특정과제(task)에대한고품질조작데이터를지도학습(Supervised Fint-Tuning; SFT)

하지만해당방식은처음보는과제(unseen task)에대한일반화성능(generalization performance)이떨어짐

따라서추가로강화학습을수행하여일반화성능을높이는방법론을제안함
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지난번에공유한연구(FLARE)와의공통점/차이점

[공통점] 지도학습(imitation learning, SFT)의낮은일반화성능을강화학습으로해결해보자

[SimpleVLA-RL] LLM특화된강화학습알고리즘사용(GRPO) / SFT로학습→강화학습으로추가학습 / 탐험장려 / Unseen 변형과제

[FLARE] 일반적인강화학습알고리즘사용(PPO) / 오롯이강화학습으로학습 / 탐험방지 / Unseen 신규과제

Pretrained Model
(SPOC/RDT, OpenVLA)

SimpleVLA-RL
(Li et al.)

FLARE
(Hu et al.)

Ordinary-RL
(PPO)

LLM-RL
(GRPO)

Unseen Task
> 기존 과제의 변형

Unseen Task
> 완전 신규 과제

Hu, Jiaheng, et al. "Flare: Achieving masterful and adaptive robot policies with large-scale reinforcement learning fine-tuning." 2025 IEEE International Conference on Robotics and Automation (ICRA). IEEE, 2025.
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SimpleVLA-RL의기여점요약

SoTA모델(RDT, OpenVLA-OFT)에대하여 full-sample SFT 대비 10~15% 성능향상 (1-sample SFT의경우 최대약 74%까지향상)

RL 기반튜닝을수행하여일반화성능향상 (Unseen task: Spatial, Object, Goal)

Hu, Jiaheng, et al. "Flare: Achieving masterful and adaptive robot policies with large-scale reinforcement learning fine-tuning." 2025 IEEE International Conference on Robotics and Automation (ICRA). IEEE, 2025.

Example)

Spatial: pick up the black bowl between the plate and ramekin

Object: pick up the cream cheese and place it in the basket

Goal: put the wine bottle on top of the cabinet
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SimpleVLA-RL

Overall training process

특정과제에대한데이터로모델을지도학습기반으로사전학습(Supervised Fine-Tuning; SFT)

GRPO를사용하여 SFT 기반의사전학습모델을튜닝(SimpleVLA-RL)
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SimpleVLA-RL

Pseudo-code (adapting from LLM to VLA)

LLM이문장을생성→주어진 query에대한답변을생성(한번의상호작용)

VLA는 trajectory를생성→환경과여러번상호작용(for loop)하면서일련의행동을생성

LLM에서의 rollout

VLA에서의 rollout

병렬 수행 구문
최대 step까지 진행하여 step이 누적된 trajector를 저장
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SimpleVLA-RL

Reward modeling

성공/실패여부에따라서해당에피소드의보상은모두동일하게제공

GRPO에서는 trajectory 단위로가치평가(advantage 계산)를수행하기때문에통일하는듯?

이진 보상 함수

굉장히 단순한 credit assignment
→ 성공하면 모든 action token에 
reward 1을 부여

Trajectory 단위로 reward를 부여

Action 1 Action 2 Action 3

Action 
4-1

Action 
4-2

Success

Failure

1 1 1

0 0 0

Reward
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SimpleVLA-RL

핵심테크닉

Dynamic sampling

Clip higher

Higher rollout temperature
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SimpleVLA-RL

학습테크닉 1 – Dynamic Sampling

GRPO 처럼 advantag를계산하는경우모든 trajectory의 reward가동일하면기울기가 0이나와학습을방해

이를방지하기위하여모든 trajectory의 reward가동일한그룹은제거

문제상황:

해결방법:
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SimpleVLA-RL

학습테크닉 2 – Clipping Higher

성공한경험방향으로점차탐험을수행하기위함

Clipping이너무강하면오히려모델업데이트가잘되지않아서성공하는방향으로다시접근이어려울수있음

문제상황:

해결방법:
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SimpleVLA-RL

학습테크닉 3 – Higher Rollout Temperature

행동다양성을확보하기위함→이것도탐험을활성화하기위한수단중하나로보임

발견:

적용:
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SimpleVLA-RL

RL objective function

On-policy이지만 importance sampling을쓰는이유는미니배치로업데이트를진행하기때문 (학습 step마다조금씩업데이트)

따라서학습안정성을위해서클리핑을통해행동을선택하는확률분포가서서히변하도록함

탐험을크게방해하는 KL-divergence term은삭제

기존 
(LLM)

제안
(SimpleVLA-RL)
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SimpleVLA-RL

Experiment

기본모델은OpenVLA-OFT를사용하였으며여기에 SFT와 SimpleVLA-RL방법론을적용하여성능을비교함

최대상호작용횟수 -→ LIBERO: 512 step / RoboTwin1.0&2.0: Task마다다르며 200, 400, 800 step

RoboTwin 2.0
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SimpleVLA-RL

Analysis

Overcoming data scarcity : 얼마나극단적으로 SFT 데이터를줄여도좋은성능을달성할수있는가? (기존 VLA는데이터양에의존적)

Generalization analysis : 처음보는공간, 물체, 그리고과제에대해서얼마나강건한성능을보이는가?

Real-world experiments : SimpleVLA-RL로학습된모델은 sim-to-real transfer가얼마나잘되는가? (RL 기반의학습이라서하는듯)
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SimpleVLA-RL

Overcoming data scarcity 

SFT에서 demonstration 데이터를하나만사용하였을때(One-Trajectory SFT)의성능비교

너무당연한결과같은데 RL을쓰는효과를극명하게보여주려고한실험인듯…
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SimpleVLA-RL

Generalization analysis 

처음보는상황 (spatial, object, goal)에대해서얼마나잘동작하는지를평가

우선One-Trajectory SFT로학습한후→추가로 450개의 demo를 SFT로수행하거나 RL을수행하는방식으로학습및비교

SFT는단순히암기하는경향이있어서일반화성능이떨어짐. / 반면 RL은목적을달성하기위한다양한시도를통해서일반화성능을확보

물체의 위치나 배치가 바뀌어도 잘 작동하는가?

새로운 지시어를 잘 이해하는가?

물체의 특성이 바뀌어도 잘 작동하는가?
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SimpleVLA-RL

Real-world experiments 

현실데이터없이오직시뮬레이션상으로만학습을수행

50번의검증을수행한평균점수를비교
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SimpleVLA-RL

Discussions – Failure Modes of SimpleVLA-RL

Demo 기반의 SFT가없이는 RL을사용하여도성능향상이없음

SFT의초기성능에의존하는경향이있음

- SFT성능이좋아야 RL을활용했을때성능향상폭이큼
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