
Robot Learning
Learning from human demonstrations



Last time…

• Learning from human feedback
• Suboptimal demonstrations

• Pairwise comparisons

• Comparative language

• Reinforcement learning from human feedback (RLHF)

CSCI 642: Robot Learning - Lecture 8 2



Confidence-aware imitation learning
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Confidence-Aware Imitation Learning from Demonstrations 
with Varying Optimality
Zhang et al. NeurIPS 2021
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Incorporating Comparisons

𝜉𝐴 or 𝜉𝐵?

𝜉𝐵𝜉𝐴

4
Learning Reward Functions from Diverse Sources of Human 
Feedback: Optimally Integrating Demonstrations and Preferences
Bıyık et al. IJRR 2021.
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Choosing Queries

Demonstrations Comparisons

𝜉 𝑞

𝜉𝐴 

𝜉𝐵 

The robot can query the user with the query that will give the most information.
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Comparative Language Feedback

Move 
closer to 
the cube

Trajectory Improvement and Reward Learning from Comparative Language Feedback
Yang et al. CoRL 2024.
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Robosuite 84.9%

Meta-World 82.9%Trajectory Improvement and Reward Learning from Comparative Language Feedback
Yang et al. CoRL 2024.
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RLHF
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𝐿 𝑤; 𝓒 = −𝑃 𝑤 𝓒



Today…

• Learning from human demonstrations

Wait, that’s IRL, no?
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10 robot teleop
demos takes 12 minutes
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Today…

• Learning from human demonstrations
• Retrieval-based methods

• Latent action models

• Mixing human and robot data
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Challenges

• Human demonstrations do not contain action labels.

• Humans and robots have very different morphologies.
• Shape

• Constraints

• Sensors
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Today…

• Learning from human demonstrations
• Retrieval-based methods

• Latent action models

• Mixing human and robot data
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Play Data
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Play Data: unlabeled and not task aligned

Key Idea: Humans retrieve relevant data by 
demonstrating with their hand! 

Enables: non-experts to quickly teach robots!
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Robot Teleoperation

Hand Demos

Hand demos take 4x less time to collect!

User 2

User 1
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HAND Me the Data

HAND Me the Data: Fast Robot Adaptation via Hand Path Retrieval
Hong et al. ICRA 2026.



Prompt: ”Point at center of hand”

Gripper/Hand Tracking Pipeline
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Prompt: ”Point at center of hand”

HAND Me the Data

HAND Me the Data: Fast Robot Adaptation via Hand Path Retrieval
Hong et al. ICRA 2026.
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Experiments in CALVIN
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Reach Block Push Button Close Microwave

Real World Evaluation Tasks

HAND Me the Data: Fast Robot Adaptation via Hand Path Retrieval
Hong et al. ICRA 2026.
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Retrieval Quality

STRAP

HAND

HAND Me the Data: Fast Robot Adaptation via Hand Path Retrieval
Hong et al. ICRA 2026.
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HAND Me the Data: Fast Robot Adaptation via Hand Path Retrieval
Hong et al. ICRA 2026.
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Out-of-Domain Retrieval

HAND Me the Data: Fast Robot Adaptation via Hand Path Retrieval
Hong et al. ICRA 2026.
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Policy Performance
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HAND Me the Data: Fast Robot Adaptation via Hand Path Retrieval
Hong et al. ICRA 2026.
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HAND Me the Data

HAND Me the Data: Fast Robot Adaptation via Hand Path Retrieval
Hong et al. ICRA 2026.
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Today…

• Learning from human demonstrations
• Retrieval-based methods

• Latent action models

• Mixing human and robot data

CSCI 642: Robot Learning - Lecture 8 29



Human-to-Robot Transformation
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Phantom: Training Robots Without 
Robots Using Only Human Videos
Lepert et al. CoRL 2025.



Learning from unlabeled observations 
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Robot Policy

Missing action and reward labels!



Learning from Videos
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LAPO [Schmidt et al., ICLR 2024]

LAPA [Ye et al., ICLR 2024]

VPT [Baker et al., NeurIPS 2022]

ATM [Wen et al., RSS 2024]



CLAM: Continuous Latent Action Models
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CLAM: Continuous Latent Action Models
for Robot Learning from Unlabeled Demonstrations
Liang et al. IROS 2026.

Stage 1: CLAM Pretraining
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CLAM: Continuous Latent Action Models
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CLAM: Continuous Latent Action Models
for Robot Learning from Unlabeled Demonstrations
Liang et al. IROS 2026.

Stage 2: Latent Action Policy Training

Latent 
Action Policy
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Results

*Hatches denote methods that use discretized latent actions

CLAM improves over best baseline (VPT) 
by more than 2x on average normalized return in 
DMControl and 2-3x success rate in MetaWorld

25% vs. 76%

CLAM: Continuous Latent Action Models
for Robot Learning from Unlabeled Demonstrations
Liang et al. IROS 2026.
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Real WidowX Robot Experiments

• CLAM scales to policy learning 
on a WidowX robot arm

• 𝒟𝑙𝑎𝑏𝑒𝑙𝑒𝑑 comprises of task-
agnostic, mixed expertise play 
data

• VPT is the closest baseline, but 
struggles from labeled data 

• CLAM achieves best 
performance

CLAM: Continuous Latent Action Models
for Robot Learning from Unlabeled Demonstrations
Liang et al. IROS 2026.
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Reach Green Block Push Button

Close Microwave Put Block in Pot and Slide Right
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Continuous latent actions and joint action decoding significantly 
improves performance for continuous control problems

CLAM: Continuous Latent Action Models
for Robot Learning from Unlabeled Demonstrations
Liang et al. IROS 2026.
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CLAM Design Choices

CLAM: Continuous Latent Action Models
for Robot Learning from Unlabeled Demonstrations
Liang et al. IROS 2026.

• Latent action dimension affects model 
expressivity

• CLAM scales with |𝒟𝑢𝑛𝑙𝑎𝑏𝑒𝑙𝑒𝑑−𝑒𝑥𝑝𝑒𝑟𝑡|

• CLAM scales with |𝒟𝑙𝑎𝑏𝑒𝑙𝑒𝑑| resulting a 
more accurate action decoder

• CLAM is robust to different expertise of 
action-labeled data



Today…

• Learning from human demonstrations
• Retrieval-based methods

• Latent action models

• Mixing human and robot data
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