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Reinforcement Learning as Behaviour Formalism
Action 

Observation, Reward

Image sources: ChatGPT, Google Deepmind, NVIDIA IsaacGym  

Main Objective: maximize gathered reward



Digital twins
Definition & Examples

A set of virtual information constructs that mimics  
the structure, context and behaviour of an  
individual / unique physical asset, or a group  
of physical assets, is dynamically updated  
with data from its physical twin throughout  
its life cycle and informs decisions that  
realize value.

AIAA Position Paper, 2020

Image sources: AIAA, ChatGPT, F. Laumer



RL in digital twins
Environment models for agents

LLM Agents Scientific Discovery

Digital twins provide an interactive data source to learning models

Surgical Simulation



RL in digital twins
Eliciting behaviours in digital twins

Complex environments require 
increasingly complex behaviours

Reward design highly cumbersomeLeverage demonstration data



Application: 
Algorithmic RL pipeline in 
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RL in Surgical Digital Twins
Research questions

.

Devise algorithmic pipeline based 
on RL agents serving as surgical 

co-pilots

How to leverage ML technology? 

• How to evaluate trainees in a 
data-driven manner? 

• How to provide meaningful 
feedback and assistance? 

Behavioural Policy (and Reward)

ActionObservation



Benchmark suite of tasks for  
surgical RL agents 

Training surgical agents
Leveraging control loop approach

Behavioural Policy (and Reward)

ActionObservation

Learning from demonstrations for 
purposes of evaluation 



Fundamentals of Arthroscopic Surgery Training
FASTRL Benchmark suite

(a) (b) (c)

Query view Reward overlay



Algorithmic pipeline for surgical assistance
Learning from demonstrations

Given a dataset of trajectories

𝒟E = {ξi}i≤N = {(s0, a0, . . . , aTi−1, sTi
)}i≤N

How to learn behaviours from demonstrations?

1. Behavioural cloning  

2. Distribution matching 

Imitation 
LearningIRL

Expert trajectories

Sampling Policy

Supervised 
Learning

π(a |s)

X Y Z



Algorithmic pipeline for surgical assistance
Distribution matching as basis for imitation learning 

Expert trajectories Imitation policy

ρE ρπ
X Y Z X Y Z

Y
Imitation Learning Objective

min
π

D(ρE, ρπ)



Algorithmic pipeline for surgical assistance
Distribution matching: algorithmic choices

min
π

D(ρE, ρπ)

Variational dual of f-divergences 

Df(ρE, ρπ) = sup
g

𝔼ρE
[g(x)] − 𝔼ρπ

[ f*(g(x))]

How to optimize  ? min
π

D(ρE, ρπ)

How can we recover a policy and reward?  

Min-max problem



Putting it all together
Algorithmic pipeline for surgical assistance

Can use policy and reward for assistance and evaluation 



Results: human evaluation example
Algorithmic pipeline for surgical assistance
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Method: addressing generalization
Defining generalization

Generalization in reinforcement learning

Generalization in inverse reinforcement learning

Changing friction coefficient 

𝒟1 𝒟2

Datasets with varying gait

Can policy perform well  
on unseen dynamics?

Policy

Reward

Can we recover reward  
which provides  

useful training signal 
on unseen dynamics?

Image: Ministry of Silly Walks, BBC
Zhang et al. Invariant Causal Prediction for Block MDPs



A little excursion
Invariant causal prediction

P(Y |X1, . . . , Xn)
Should be stable across settings! 

g : 𝒳 → 𝒴Prediction Task

𝒟e = (Xe, Ye) e = {1...K}

Peters et al. 2015



Reward generalization
Mapping ICP intuition to IRL

Main intuition: optimality label distribution should be stable across expert demonstrations 

Inverse reinforcement learning corresponds to learning  
the optimality conditional P(Ot |st, at)

Peters et al. 2015



Reward generalization
How to adapt principle to IRL setting?
Primal case: Gibbs MLE Problem over trajectories 

max
φ,ψ

𝔼ξ∼𝒟E [log
1

Zψ,φ
p(ξ |ψ, φ)]

Dual case: total variation distance over transitions 

max
g∈𝒢

min
q∈𝒫

𝔼(s,a,s′ )∼𝒟E
[g(s, a, s′ )] − 𝔼(s,a,s′ )∼q[g(s, a, s′ )]

Decompose reward / critic into  
representation  and predictor  φ ψ

φ ψ

IRM bi-level optimization problem 
 max

φ,ψ ∑
e∈ℰtr

∑
ξ∈𝒟e

Le(ξ, ψ, φ)

 s.t. ψ ∈ argmax
ψ̄ ∑

ξ∈𝒟e

Le(ξ, ψ̄, φ)

IRMv1 penalty 
𝔻(ψ, φ; e) = | |∇ψ ℒe(ψ, φ) |ψ=1.0 | |2

Invariant Risk Minimization



Reward generalization
How to adapt principle to IRL setting?

Decompose reward / critic into  
representation  and predictor  φ ψ

φ ψ

IRM bi-level optimization problem 
 max

φ,ψ ∑
e∈ℰtr

∑
ξ∈𝒟e

Le(ξ, ψ, φ)

 s.t. ψ ∈ argmax
ψ̄ ∑

ξ∈𝒟e

Le(ξ, ψ̄, φ)

IRMv1 penalty applied to IRL as regularizer 

Primal:        

Dual:          

max
φ,ψ ∑

e∈ℰtr

𝔼ξ∈𝒟e
log ( 1

Zψ,φ
exp(ψTφ(ξ))) + λ𝔻(ψ, φ, e)

max
ψ,φ ∑

e∈ℰtr

min
q (𝔼(s,a,s′ )∼𝒟e

E
[gψ,φ(s, a, s′ )] − 𝔼(s,a,s′ )∼q[gψ,φ(s, a, s′ )] + λ𝔻(ψ, φ, e))

IRMv1 penalty 
𝔻(ψ, φ; e) = | |∇ψ Le(ψ, φ) |ψ=1.0 | |2

Invariant Risk Minimization



Evaluation: gridworld navigation
Reward generalization
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Wulfmeier et al., 2016
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Solve primal problem using diverse  
demonstration data 

max
φ,ψ ∑

e∈ℰtr

𝔼ξ∈𝒟e
log ( 1

Zψ,φ
exp(ψTφ(ξ))) + λ𝔻(ψ, φ, e)



Evaluation: robotic locomotion transfer setting
Reward generalization

Evaluation protocol:  
1. Generate diverse trajectories by applying structured noise 
2. Solve dual problem by training adversarial IRL algorithms to recover rewards 
3. Use recovered reward to train policies on perturbed dynamics 

Mujoco Benchmark 



Evaluation: robotic locomotion
Reward generalization
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Ministry of silly walks

ERM

Lip

CI



Method II: 
Addressing Data Efficiency in 

Imitation Learning using Sliced 
Optimal Transport 

Overview
Method I: 

Addressing Reward 
Generalization using Causal 

Invariance 

gψ(s, a , s′ )

1
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∑
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Addressing Data Efficiency
Back to distribution matching

So far, focus on distribution matching  
methods based on f-divergences

Df(P, Q) := 𝔼Q [f ( dP
dQ )] P ≪ Q

+∞ otherwise

Two issues 
• Ill-defined for disjoint support 
• Requires brittle optimization procedures

Alternative: Integral Probability Metrics

υℱ(P, Q) := sup
f∈ℱ

|𝔼P[ f ] − 𝔼Q[ f ] |

Depending on , different metrics:  
MMD, Kantorovich, Dudley

ℱ

IPM𝒲2

Leverage advances in  
computational optimal transport (OT)



Exploring computational OT
Sliced optimal transport

Leverage closed form of 1-D Wasserstein  
Distance computation  

W2(ρ, ρ′ ) = ∫
1

0
|F−1

ρ (μ) − F−1
ρ′ 

(μ) |2 dμ

Sliced Wasserstein Distance

SW2(ρ, ρ′ ) = ∫𝒮d−1

W2(ψ#ρ, ψ#ρ′ )dψ

Efficient sorting-based computation 

Imitation Learning: No access to dynamics  



Procedure 
1.Project buffer samples

2.Sample policy and project atom

3.Find closest atom in ranking and measure  

replacement distance

4.Use measure replacement distance as reward

Sliced Wasserstein Distances
Proxy reward structure

gψ(s, a, s′ )

Incur positive reward

Incur negative reward

1
N

N

∑
n=1

|xi[n] − yj[n] |

Distance:
Policy buffer

Expert buffer

Policy optimizing reward reduces 
the 1-D Wasserstein distance

rd(xt; ̂ρE, ̂ρπ) = d( ̂ρE, ̂ρπ) − d( ̂ρE, rpl( ̂ρπ, xt))Atom replacement reward:

Procedure 
1.Project buffer samples

2.Sample policy and project atom

3.Find closest atom in ranking and measure  

replacement distance


Procedure 
1.Project buffer samples

2.Sample policy and project atom


Procedure 
1.Project buffer samples




Choice of projections
Generalized Sliced Wasserstein (GSW) Distances

Deshpande et al., 2019

MSW2(ρ, ρ′ ) = sup
ψ∈𝒮d−1

W2(ψ#ρ, ψ#ρ′ )SW2(ρ, ρ′ ) = ∫𝒮d−1

W2(ψ#ρ, ψ#ρ′ )dψ

MGSW2(ρ, ρ′ ) = sup
ψ∈Ψ

W2(g(ψ)
* ρ, g(ψ)

* ρ′ )

inf
π∈Π

MGSW2( ̂ρE, ̂ρπ) = inf
π∈Π

sup
ψ∈Ψ

W2(g(ψ)
* ̂ρE, g(ψ)

* ̂ρπ)

Linear projections scale poorly with  
state space dimensionality

Choose most informative (nonlinear) projection



Imitation Learning using GSW
Recovers expert performance from a single trajectory  



Imitation Learning using GSW
Varying number of trajectories
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Imitation Learning using GSW
Evaluation: data sparse setting
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Application: 
Algorithmic RL pipeline in 

Surgical Digital Twins 

Method II: 
Addressing Sample Efficiency 

in Imitation Learning using 
Sliced Optimal Transport 

Conclusion 
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FASTRL Ablations
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FASTRL : TraceLines SAC
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FASTRL : algorithm comparison
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Laparos: Davos Dataset Evaluation
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SimpleLap



Transition SCM
Spurious correlations



Trajectory SCM

Policy intervention
Dynamics intervention
Reward preference intervention



Reward generalization
Leveraging diversity

Goal: recover reward functions which provide meaningful training signal to 
policies trained across a variety of dynamics

Distributionally robust optimization Causal invariance

min
f

max
e∈ℰtr

𝔼ξ∼𝒟e
[ℒe( f, ξ)] min

f
𝔼ξ∼𝒟e

[ℒe( f, ξ)] ∀e ∈ ℰtr

Training setting Generalization setting

∑
e

λeLe ∑
e

λeLe



CI-IRL: gridworld
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CI-IRL: adversarial training
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Table: body mass



Table: actuator control range



Table: geometry friction



Table: joint range



AIRL training dynamics I
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GAIL Training Dynamics I
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Adroit / Franka Results
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Ablation SWIL design choices
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SWIL: comp RL / slicing ablation
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SWIL: Algorithm



CI-IRL: Algorithm 1



CI-IRL: Algorithm 2
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Posterior Agreement in Soft Actor Critic
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