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Why This Survey 
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로봇 외 [9], 대부분 시뮬레이션 중심, 자체 연구 사례 중심[10]
특정 작업[11][12], 특정 기술 [13], [14]
딥러닝 이전[15], 시뮬레이션일 때 작성[16]

1. Real-World Success 중심 분석
- 현실 세계 성공한 DRL 연구 선별
- 성숙도(maturity) , 미해결 문제(Open Challenges) 평가

2. 새로운 DRL 분류 체계

Robot 역량 / 문제 식 형태 / Solution 접근 방식 / Success Level

3. 최신 DRL 발전 배경
DRL 분야의 새로운 필요
simulation -> Real-world
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분류
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Robot 역량 / 문제 공식화 / Solution 접근 방식 / Success Level

Robot Competencies 

- Mobility : 이동
§ Locomotion
§ Navigation

- Manipulation : 조작
- Interaction with other agents
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Fig 1. Robot competencies learned with DRL



Robot 역량 / 문제 공식화 / Solution 접근 방식 / Success Level

Problem Formulation 

- Action Space 
§ low-level ( joint, motor commands)
§ mid-level (task-space commands)
§ high-level(extended to time)

- Observation space
§ high-dimensional sensor input
§ low-dimensional sensor input

- Reward function
§ sparse (reward signals)
§ dense (reward signals)

분류
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Fig 2. Problem formulation



Robot 역량 / 문제 공식화 / Solution 접근 방식 / Success Level

Solution Approach 

1. Simulator usage
§ sim-to-real

§ zero shot
§ few shot

§ offline/real
2. Model learning

§ Model-free
§ Model-base

분류
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Fig 4. Solution approach

Fig 3. Conceptual view of sim-to-real



Robot 역량 / 문제 공식화 / Solution 접근 방식 / Success Level

Solution Approach 

3. Expert usage
§ human demo, oracle, etc

4. Policy Optimization
§ planning
§ Offline RL
§ On-Policy RL
§ Off-Policy RL

5. Policy/Model Representation

분류
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Fig 5. Popular archtectures

Fig 4. Solution approach



분류
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Robot 역량 / 문제 공식화 / Solution 접근 방식 / Success Level

Real-World Success 
Inspired by Technology Readiness Levels
  
(기술 성숙도)
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Fig 6. 기술 성숙도

Fig 7. Real-World Success



Competency-Specific Review
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Focusing on a specific robot competency  

- Locomotion
- Navigation
- Manipulation
- MoMa
- HRI
- Multi-Robot

Color legend
- Limited Lab : 제한된 실험실 환경
- Diverse Lab : 다양한 실험실 환경
- Limited Real : 제한된 실제 세계
- Diverse Real : 다양한 실제 환경
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𝐿𝑖𝑚𝑖𝑡𝑒𝑑	𝐿𝑎𝑏 𝐷𝑖𝑣𝑒𝑟𝑠𝑒	𝐿𝑎𝑏 𝐿𝑖𝑚𝑖𝑡𝑒𝑑	𝑅𝑒𝑎𝑙 𝐷𝑖𝑣𝑒𝑟𝑠𝑒	𝑅𝑒𝑎𝑙



Locomotion
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↳ Locomotion | Navigation | Manipulation | MoMa | HRI | Multi-Robot 

Fig 8. Locomotions



Locomotion
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↳ Locomotion | Navigation | Manipulation | MoMa | HRI | Multi-Robot 

Ø DRL 통한 quadrupedal locomotion의 구현
§ Less Mature : 이족 보행 (DoF 높음, 동역학의 어려움)

Ø 다수의 zero-shot sim-to-real & privileged information
§ Zero-shot, Sim-to-real : On-policy Model-Free
§ Privileged information 

§ 특권 정보 가진 정책 훈련 후 Teacher-Student 증류 

Ø Open questions:
§ 효율적, 안전한 real-world 학습
§ 이동과 다른 작업의 통합 (고차원, 복합적, 장기 목표)

Key Takeaways

Fig 9. Boston Dynamics, spot



Navigation
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Fig 11. Navigation



Navigation
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↳ Locomotion | Navigation | Manipulation | MoMa | HRI | Multi-Robot 

Ø 실내 Nav 경우, end-to-end RL이 시뮬레이션 상 뛰어남
§ Less Mature : 이족 보행 (DoF 높음, 동역학의 어려움)

Ø real-world 경우, 모듈식이 가장 성공적
§ 일반화, 설명 가능성, 안전성의 부재
§ 대부분 상용 시스템(classical stacks)

§ 유망한 접근 : local plan, semantic exploration
Ø Agile Navigation 

§ Joint learning navigation & low-level control

Ø Open questions: 
§ Nav stacks 중 얼마나 많은 부분을 학습으로 대체 해야?
§ Nav & Locomotion을 어떻게 함께 효과적으로 학습?
§ Safety Critical 분야 (e.g. 자율주행)

Key Takeaways



Manipulation
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Manipulation
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↳ Locomotion | Navigation | Manipulation | MoMa | HRI | Multi-Robot 

Ø RL is more successful when task is Constrained, enumerable a priori
§ Constrained(제약) : 정해진 물품, 정해진 환경 ..
§ Enumerable a priori (사전 열거 가능) : task/target/초기조건

§ grasping, in-hand manipulation
§ Allows zero-shot sim-to-real & dense reward design

Ø Scaling to the open-world will require:
§ Scaling simulation assets & tasks
§ Multi-task / Meta- / lifelong learning 
§ Autonomous real-world learning (e.g, reward, resets) 
§ Learning from human video 
§ Leveraging demonstrations 

Key Takeaways



Manipulation
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↳ Locomotion | Navigation | Manipulation | MoMa | HRI | Multi-Robot 

Ø Open questions: 
§ How to integrate effective priors? Symmetry? Collision-avoidance
§ How to put it all together

§ Most works study one isolated subtask with specific action 
spaces

§ How do we integrate these abilities? 

Key Takeaways



Mobile Manipulation
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↳ Locomotion | Navigation | Manipulation | MoMa | HRI | Multi-Robot 

Mobile Manipulation
Ø Some initial successes, especially in short-horizon tasks, often sim-to-

real
Ø Action space is critical, diverse morphologies

Ø Open questions: 
§ Multi-tasking
§ Long-term memory
§ Safe exploration

Key Takeaways



Human-Robot Interaction
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↳ Locomotion | Navigation | Manipulation | MoMa | HRI | Multi-Robot 

Human-Robot Interaction
Ø Fewer successes than “single-robot” competencies
Ø Hard to collect human-like data

§ Non-Markovian
§ Limited rationality
§ Expensive

Ø Future directions: 
§ Enable real-world learning alongside humans
§ Develop realistic human behavior simulation

Key Takeaways



Multi-Robot Interaction
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 ↳ Locomotion | Navigation | Manipulation | MoMa | HRI | Multi-Robot 

Multi-Robot Interaction
Ø Limited successes in cooperative “homogeneous” settings

§ E.g, collision-avoidance
Ø Challenges in complexity & scalability

Ø Critical areas: 
§ 통신 : Communication between agents
§ 수렴성 : Convergence & stability
§ 비협조, 일반. 상황 : General, non-cooperative setting

Key Takeaways
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Ø Real-World Success
§ Mature domains

§ Locomotion
§ Some (Navigation, Manipulation)

§ grasping, assembly, in-hand, non-prehensile

Ø Less mature domains
§ MoMA, HRI, Multi-robot, 
§ Some(Nav, Mani)

§ pick and place

Ø Mature solutions : commonly Zero-Shot Sim-to-real
§ Domain : Locomotion, Navigation, (grasping, in-hand) manipulation
§ Dense, engineered reward functions
§ On-policy is feasible 

Ø Without sim, human demos can mitigate exploration challenge

General Trends

↳ General Trends | Future Directions 

Key Takeaways
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Ø Principled approaches for RL systems
§ Reward design, action space choice
§ Integration with classical model-based tools

Ø Benchmarking real-world success
§ Need standard platforms and test problems

Ø Leveraging Foundation Models
§ Avenue toward strong generalization, language-conditioning
§ Possibility for reward design, simulation task & asset creation, etc

Key Future Directions

↳ General Trends | Future Directions 

Key Takeaways
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Additional Table
Ø Table 1 : Categorizing Literature base on Problem Formulation

Problem Formulation
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Additional Table
Ø Table 1 : Categorizing Literature base on Problem Formulation

Problem Formulation
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2026. 2. 22. 27

Additional Table
Ø Table 2 : Categorizing Literature base on Problem Formulation

Problem Formulation

History | Why? | Taxonomy | Competency Review | Additional Table | Appendix
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Additional Table
Ø Table 2 : Categorizing Literature base on Problem Formulation

Problem Formulation
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Additional Table
Ø Table 3 : Categorizing Literature base on Solution Approach

Solution Approach
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Additional Table
Ø Table 3 : Categorizing Literature base on Solution Approach

Solution Approach


