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Transfer Successes of AI to Real-world Physical Systems

Simulators and computers Real-world physical systems
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AlphaZero: 19 CPUs, 64 GPUs
ChatGPT: 175 B Parameters,  

>30,000 NVIDIA GPUs to operate*

Decision-making

Data Action

 Large scale
 Limited sensing, computation, 

communication
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Control of Networked Dynamical Systems

Objective:

Own state and 
Neighbor’s state

Own 
action

i’s next 
state

discounting

…

…

. .

Unknown



Thermal Dynamics Traffic Networks
[Varaiya 2013]

Temperature of a room

… depends on temperature of adjacent rooms

Congestion of a road…

… depends on that of nearby roads

* Picture credits: https://behnisch.com/work/projects/0274, google map

Example of Networked Systems

https://behnisch.com/work/projects/0274


Information Constraint Local Policies

…

…

. .

Local ActionLocal State

…

…

. .

Global policy: Local policy:

How much optimality do we sacrifice?
How does the performance degrade with the degree of ‘locality’? 

Bamich, Paganini, Dahleh, 2002, Motee, Jadbabaie, 2008, Benzi 
Razouk, 2007, Haber, Verhaegen, 2016, Motee, Sun, 2017



Structure of Global Optimal Controller

R. Zhang, W. Li, N. Li, On the Optimal Control of Network LQR with Spatially-Exponential Decaying Structure, 2023

… …
High LowLow

Decays exponentially w.r.t 𝜅𝜅

Local Interaction Network Structure 
 Ensure local controllers achieve “near-optimal” global performance

https://scholar.google.com/citations?view_op=view_citation&hl=en&user=qdGelXoAAAAJ&cstart=20&pagesize=80&sortby=pubdate&citation_for_view=qdGelXoAAAAJ:Y5dfb0dijaUC
https://scholar.google.com/citations?view_op=view_citation&hl=en&user=qdGelXoAAAAJ&cstart=20&pagesize=80&sortby=pubdate&citation_for_view=qdGelXoAAAAJ:Y5dfb0dijaUC
https://scholar.google.com/citations?view_op=view_citation&hl=en&user=qdGelXoAAAAJ&cstart=20&pagesize=80&sortby=pubdate&citation_for_view=qdGelXoAAAAJ:Y5dfb0dijaUC


Local policy:

Main Question: How to find optimal local policies?

…

…
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Local policy:

Main Question: How to find optimal local policies?

…

…

. .

C2: Network size

C1: Unknown (nonlinear) dynamics with large/continuous state-action space



For C1: Leveraging Reinforcement Learning (RL)

Q: How to choose DNN parametrization? 

Actor 

Critic 



Actor 

Critic Today’s Talk: Part II: Spectral representation for Critic

Last Week: Part I: Diffusion Policies for Actor

For C1: Leveraging Reinforcement Learning (RL)



Review of Single Agent RL
Learner

State, reward Action

Environment

feedback policy

control action

discounting factor reward

state



Examining the Q-function



Examining the Q-function

Sample Efficient RL Algorithms for linear MDP (low-rank MDP)[JYWJ 2019, AKKS 
2020, …] 



???????

Examining the Q-function

Sample Efficient RL Algorithms for linear MDP (low-rank MDP)[JYWJ 2019, AKKS 
2020, …] 



Positive Kernel
(Bochner Thm)

System Dynamics:
???????

Spectral representation for critic Q parameterization



Actor 

Critic 

Algorithm outline with known dynamics 



Simulation results

D. J. Block and M. W. Spong, “Mechanical 
Design and Control of the Pendubot,” 1995

Pendubot

iLQR Koopman Ours















Theoretical analysis 

Spectral Dynamics Embedding Control (SDEC).

Key difference from simulations with DNN actors: SDEC replaces the DNN actor 
with softmax policy and natural policy gradient:

 

Approximation Error: caused by feature truncation

Statistical Error: caused by finite samples in Q evaluation

Policy Iteration Error: Final policy optimality gap

RRMLD25’, Stochastic Nonlinear Control via Finite-dimensional Spectral Dynamic Embedding, IEEE TAC
https://github.com/CoNG-harvard/repr_control

https://arxiv.org/abs/2304.03907
https://arxiv.org/abs/2304.03907
https://arxiv.org/abs/2304.03907


Data-driven Representation-based RL

Learn the spectral decomposition directly from the data



Learn the spectral decomposition directly from the data
???

Data-driven Representation-based RL

[1]: RZLGSD 2022, Spectral decomposition representation for reinforcement learning.
[2]: GLBPGP 2012 Conditional mean embeddings as regressors-supplementary. 



Probability Distribution

Data-driven Representation-based RL

[1]: RZLGSD 2022, Spectral decomposition representation for reinforcement learning.[2]: GLBPGP 2012 Conditional mean embeddings as regressors-supplementary. [3] ]: AKKS 2020, Flambe: Structural complexity and 
representation learning of low rank mdps. [4] GH 2012, Noise-contrastive estimation of unnormalized statistical models, with applications to natural image statistics. [5] MC 2018, Noise contrastive estimation and negative 
sampling for conditional models: Consistency and statistical efficiency. [6] HD 2005 Estimation of non-normalized statistical models by score matching. [7] SGSE 2020, Sliced score matching: A scalable approach to density 
and score estimation. [8] SSKKEP, Score-based generative modeling through stochastic differential equations. [9] S 2021, Generative Modelling by Estimating Gradients of the Data Distribution

Learn the spectral decomposition directly from the data



Extension-1: Close Sim-to-Real Gap

??

Dynamics Dynamics



STEADY: Skill Transfer and Discovery 

Critic

Actor
Policy Gradient on 𝜋𝜋𝜃𝜃

Physical Simulators

RL with Representation 
Learning: 

𝐦𝐦𝐦𝐦𝐦𝐦𝝓𝝓∘,𝝁𝝁∘ 𝑷𝑷∘ − 𝝓𝝓∘, 𝝁𝝁∘

Real Robots

Controller

Data

Feature extractor
𝐦𝐦𝐦𝐦𝐦𝐦𝝓𝝓,𝝁𝝁 𝑷𝑷∘ − 𝝓𝝓∘,𝝓𝝓+ 𝑻𝑻, 𝝁𝝁∘, 𝝁𝝁+ 𝑻𝑻 , 𝒔𝒔. 𝒕𝒕. 𝝓𝝓+ ⊥ 𝝓𝝓∘

Deploy
Actor-Critic update

The Sim-to-Real Framework

𝝓𝝓∘ (fixed)

𝝓𝝓+ 
(updating) Linear weights

𝑸𝑸𝑷𝑷
𝝅𝝅 =

𝝓𝝓∘

𝝓𝝓+ ,
𝒘𝒘𝟏𝟏
𝝅𝝅

𝒘𝒘𝟐𝟐
𝝅𝝅

① ②

Initial policy

Features 𝝓𝝓∘, 𝝁𝝁∘
Features 𝝓𝝓+

Features 𝝓𝝓∘

Ma, Ren, Dai, Li, Skill transfer and discovery for sim-to-real learning: A representation-based viewpoint, IROS, 2024
https://congharvard.github.io/steady-sim-to-real/  

https://scholar.google.com/citations?view_op=view_citation&hl=en&user=qdGelXoAAAAJ&sortby=pubdate&citation_for_view=qdGelXoAAAAJ:2KloaMYe4IUC
https://scholar.google.com/citations?view_op=view_citation&hl=en&user=qdGelXoAAAAJ&sortby=pubdate&citation_for_view=qdGelXoAAAAJ:2KloaMYe4IUC
https://scholar.google.com/citations?view_op=view_citation&hl=en&user=qdGelXoAAAAJ&sortby=pubdate&citation_for_view=qdGelXoAAAAJ:2KloaMYe4IUC
https://scholar.google.com/citations?view_op=view_citation&hl=en&user=qdGelXoAAAAJ&sortby=pubdate&citation_for_view=qdGelXoAAAAJ:2KloaMYe4IUC
https://scholar.google.com/citations?view_op=view_citation&hl=en&user=qdGelXoAAAAJ&sortby=pubdate&citation_for_view=qdGelXoAAAAJ:2KloaMYe4IUC
https://scholar.google.com/citations?view_op=view_citation&hl=en&user=qdGelXoAAAAJ&sortby=pubdate&citation_for_view=qdGelXoAAAAJ:2KloaMYe4IUC
https://scholar.google.com/citations?view_op=view_citation&hl=en&user=qdGelXoAAAAJ&sortby=pubdate&citation_for_view=qdGelXoAAAAJ:2KloaMYe4IUC
https://congharvard.github.io/steady-sim-to-real/
https://congharvard.github.io/steady-sim-to-real/
https://congharvard.github.io/steady-sim-to-real/
https://congharvard.github.io/steady-sim-to-real/
https://congharvard.github.io/steady-sim-to-real/
https://congharvard.github.io/steady-sim-to-real/
https://congharvard.github.io/steady-sim-to-real/


Experimental Results

Real Robot: Crazyflie 2.1

Task 1: Taking-off, hovering for 7 seconds and landing 

Sim-to-real dynamics gap:
• Additional weights
• Defective motor
• Communication delay
• …






Extension-2 
Offline Imitation Learning (IL)

Costly and Dangerous

RL on real robots Offline IL

Faster, safer, no interaction but 
• Limited expert data
• Computationally challenging

Expert demonstrations

Representation-based 
offline IL

Use non-expert data
for dynamics representation



https://arxiv.org/pdf/2512.15036
https://github.com/spectral-rl/spectral-rl
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 Spectral Representation



Local policy:
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Global policy parameter

RL in the Network Setting

… …

Local policy



… …

Q-function

Recall that

RL in the Network Setting
Local policy



… …

1. Global information
2. Features grow fast (exponentially in the worst case) with the network size

RL in the Network Setting

Q-function

Local policy



Theorem (RZDL24, Informal) 

The Exponential Decay Property

… …i

exponential decay

k-hop neighborhood

Consequence of network structure; (𝑐𝑐, 𝜌𝜌) depends on discounting factor, mixing rate

“Truncated” Q function.



Local policy:

Local policies and Local Critics

…

…

. .

Actor 

Critic 

Network Scalable RL: 

Local critic: Local Spectral 
Representation

Ren, Zhang, Dai, Li, Scalable spectral representations for multi-agent reinforcement learning in network MDPs, 2025



How to represent                      ?

Local feature representation for Networked Q-function

… …i



Learning and Control of Networked Systems

…

…

. .

Local Actor Local Critic



Numerical Experiments: Thermal Dynamics Control

Ren, Zhang, Dai, Li, Scalable spectral representations for multi-agent reinforcement learning in network MDPs, 2025



Numerical Experiments: Kuramoto Synchronization

SAC with DNN critic
SAC with local spectral critic

=

=
=

natural frequency coupling strength Action for i Noise at i

SAC with DNN critic SAC with local spectral critic









Summary: Scalable RL for Multiagent Networked Systems

…

…

. .

Local Actor Local Critic

Key takeaway
Spectral representation + Network Local Interaction  Scalable RL



Global State

Actor 1

…… ……

Identical Interest
Actor N

Joint 
environments

Recent work: Decentralized Diffusion Policy for 
Multiagent Agent Collaboration

Zhang, Balim, Li, Decentralized Diffusion Policy Learning for Enhanced Exploration in Cooperative Multi-agent Reinforcement Learning, submitted, 2026.

Critic i 

Actor i 

Actor-Critic Framework:

Diffusion 
policy minimize 

importance sampling loss

Zhang, Mei, Bo, Chuurmans, Li, On the Global Convergence Rates of Decentralized Softmax Gradient Play in Markov Potential Games, NeurIPS, 2022



Evolutional Behavior in Learning Bi-Dexterous hands

Decentralized Diffusion Policy Learning (DDPL)
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