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Motivation
• Consider tasks like autonomous 

driving, robotics, or perhaps in 
the future medical treatment
•Many actions, long-term 

dependencies, high-dim 
state-spaces
• Learning online is crucial
• Causally “optimal”

• But learning online is expensive!
• Can (massive) offline data help?
• Save money / interactions / 

mistakes?



Motivation
• Consider tasks like autonomous 

driving, robotics, or perhaps in 
the future medical treatment
• Assumption: we have access to 

large offline data
• Logs from driving
• Human demonstrations of robotic 

tasks

• Challenges:
• Confounding
• Partial observability
• Distribution shifts



Learning to act (intervene) with offline data
Obvious baselines
1. Don’t use offline data at all
• Most of the bandit and RL literature

2. Don’t use online data at all
• Off-policy RL
• Vulnerable to hidden confounding and distribution shifts
• Proxies might help (Tennenholtz 2020, Nair & Jiang 2021, Kallus et al. 2021, Shi 

et al. 2021)

• This talk: how to use merge offline & online in 
challenging scenarios
• We are not the first, see e.g. Bareinboim & Pearl 2013, Zhang & 

Bareinboim 2017, Kallus et al. 2018 and more



Talk outline

How to act online with the help 
of offline data?
• Part I: Contextual bandits with 

confounded offline data
• Part II: Online imitation and 

reinforcemnt learning with 
offline data from a possibly 
different distribution



Talk outline

How to act online with the help 
of offline data?
• Part I: Contextual bandits with 

confounded offline data
• Part II: Online imitation and 

reinforcemnt learning with 
offline data from a possibly 
different distribution

“Bandits with partially 
observable confounded data”,
Tennenholtz, S, Mannor, Efroni

UAI 2021





Linear bandits
• Optimal action is 

context dependent
• No state
• Classic explore - exploit 

tradeoffs
• Goal is sub-linear 

regret, usually !𝒪 𝑇
where 𝑇 is number or 
interactions / 
interventions / actions



Linear bandits
• Goal is sub-linear regret, usually !𝑂 𝑇 where 𝑇 is number or 

interactions / interventions / actions
• Assume we have triplets of historic (context, action, reward) data
• If fully observed: can use learning from logged bandit feedback 

(e.g. Dudík et al. 2011, Swaminathan & Joachims 2015) to 
initalize online bandit
•What if the context in historic offline data is partially observed?

E.g.:
• Actions taken by humans
• Not fully recorded
• Privacy 
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Learning with Partially Observable Data
• Access to partially observable offline data
• Context: 𝑥 = (𝑥!, 𝑥")
• 𝑥! ∈ ℝ", 𝑥# ∈ ℝ$%" denote the observed 

and unobserved features of the context
• Offline data was generated by an 

unknown, fixed behavior policy 𝜋#(𝑎|𝑥)
•When online we act using the full 𝑥

•Without further assumptions the offline 
data might be almost useless
• E.g. all of the important information might 

be in 𝑥"



Our 
approach
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Observable consequences: linear constraints

• For every action 𝑎 we have
𝑏!" 𝑎 = 𝑀(𝑎)𝑤#∗
• 𝑀(𝑎) = 𝐼!×! 𝑅#,#%& 𝑎 𝑅#,'(𝑎)
• Denote by 𝑀(𝑎)( the 

pseudo-inverse of 𝑀(𝑎)

•At every online round, project 
current (𝑤# to 𝑀(𝑎)% 𝑏!"(𝑎)
•We prove we can reduce regret from 
𝒪 𝑑 𝐴𝑇 to 𝒪 (𝑑 − 𝐿) 𝐴𝑇



This is still not enough
• For every action 𝑎 we have 𝑏!" 𝑎 = 𝑀𝑤#∗

•𝑀(𝑎) = 𝐼!×! 𝑅',')* 𝑎 𝑅',+(𝑎)
•Denote by 𝑀(𝑎)% the pseudo-inverse of 𝑀(𝑎)

•At every online round, project current !𝑤! to 
𝑀(𝑎)" 𝑏#$(𝑎)
• From offline data we have:
• 𝑏$% 𝑎 , 𝑅!,!'( 𝑎

• Still missing 𝑅',+ 𝑎 = 𝔼 𝑥' 𝑥+
,
∣ 𝑎, 𝜋-

• The covariance of hidden and observed features in offline data 



Need some way to approximate 

𝑀 𝑎 % = 𝐼!×! 𝑅',')* 𝑎 𝑅',+ 𝑎
%

•We prove a result under general approximations of 
𝑅',+ 𝑎
•We further explore a specific assumption allowing 

approximation:
during online operation we are allowed to query 𝜋-
• Similar to Zhang and Bareinboim (2016) notion of “intuition”

•Approximating pseudo-inverse 𝑀 𝑎 % only possible due 
to special structure of 𝑀(𝑎)



• 𝑓)) is a factor indicating how hard it is to estimate the linear constraints
• Relates to how well-spread 𝜋* is and how well conditioned and correlated 

are 𝑅#,' and 𝑅#,#

• Worst case dependence: 𝑓+! ≤ +𝒪 𝐿 𝑑 − 𝐿
&/-

• 𝑑 − 𝐿 ∼ 𝑂 𝑑 , Regret 𝑇 ≤ 𝑑./- 𝐴𝑇, worse than discarding the data
• 𝑑 − 𝐿 ∼ 𝑂 1 , Regret 𝑇 ≤ 𝑑&/- 𝐴𝑇, improved performance



• As usual, some assumptions about “unobservables” must be made
• Here: 

access to knowledge of behavorial policy à
partially observed offline data can help make online learning faster



Talk outline

How to act online with the help 
of offline data?
• Part I: Contextual bandits with 

confounded offline data
• Part II: Online imitation and 

reinforcemnt learning with 
offline data from a possibly 
different distribution



Talk outline

How to act online with the help 
of offline data?
• Part I: Contextual bandits with 

confounded offline data
• Part II: Online imitation and 

reinforcemnt learning with 
offline data from a possibly 
different distribution

“On Covariate Shift of Latent 
Confounders in Imitation and 

Reinforcement Learning”,
Tennenholtz, Hallak, Dalal,  

Mannor, Chechik, S
ICLR 2022
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Imitation Learning Background

Pure imitation achieved state of the art performance in StarCraft 2
and reached 70% of final alpha-star performance (“Diamond league”)



Imitation Learning Background

Behavior Cloning (Michie, Bain, & Hayes-Michie, 1990)
Offline RL (2005-today)

Ho & Ermon (2016), Fu et al. (2017), 
Kostrikov et al. (2019), Brantley et al. (2019),

Expert 
Data

Supervised Learning (Offline)
Reinforcement 

Learning (Online)



Imitation Learning + Partial Observability

Some information was not collected in the expert dataset



Imitation Learning + Partial Observability

Privacy constrains (e.g., medical)



Imitation Learning + Partial Observability

Information added with new releases 
of product, e.g., recommender systems



Setup
Online Simulator of a Contextual MDP

X � context space
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S � state space
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A� state space
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P (s0|s, a, x)� transition function
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r(s, a, x)� reward function
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� � discount factor
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⇢0(x)� initial context distribution
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⌫(s0|x)� initial state distribution
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Contextual MDP
causal graph



Imitation learning with partial observability

•As usual in imitation learning, we don’t see the expert’s reward
•We assume the expert performs the optimal policy 𝜋∗(𝑠, 𝑥)
•However, we don’t see the context 𝑥 the expert saw, only the 

state and actions
• Further, we might have 𝜌" 𝑥 ≠ 𝜌#(𝑥), i.e. covariate shift 

between the expert setup and the online setup



Setup

Optimal Policy

v(⇡) = E
"
(1� �)

1X

t=0

�tr(st, at, x)|x ⇠ ⇢0, s0 ⇠ ⌫(· | x), at ⇠ ⇡(st, xt))

#
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Setup
Expert Data

Assume expert data of a policy ⇡⇤
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, ai

H
)
 n

i=1
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H
)
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i=1
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P ⇤(s0, a0, s1, a1, . . . , sH , aH) =
X

x

⇢e(x)⌫(s0|x)
 

H�1Y

i=0

P (si+1|si, ai, x)
! 

HY

i=0

⇡⇤(ai|si, x)
!
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State-Action Frequency Distribution

• The state-action frequency distribution of policy 𝜋 given context 𝑥 is

• The mean-context state-action frequency distribution is given by

d⇡(s, a|x) = (1� �)
1X

t=0

�tP⇡(st = s, at = a|x, s0 ⇠ ⌫(·|x))

<latexit sha1_base64="2yTa4ycfQaCgCbFUlS0wFMoZZQE="></latexit>



No Covariate Shift (                      ) ⇢o(x) = ⇢e(x)
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No Covariate Shift (                      ) ⇢o(x) = ⇢e(x)
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In Layman’s Terms:
Any policy in         is a candidate optimal policy, and none of 
them can be ruled out using state-action frequency 
distributions. Some might be suboptimal.

⌥⇡⇤
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• Result 1: Context Free Transition à Impossibility of Imitation

With Covariate Shift (                      ) ⇢o(x) 6= ⇢e(x)

<latexit sha1_base64="/wUFTEPKVd8cp1YeNi2P6m4fGRQ=">AAACAXicbVDLSgMxFM3UV62vqhvBTbAIdVNmpKLLohuXFewDOqVk0jttaCYZk4xYSt34K25cKOLWv3Dn35i2s9DWA4Fzz7mXm3uCmDNtXPfbySwtr6yuZddzG5tb2zv53b26lomiUKOSS9UMiAbOBNQMMxyasQISBRwaweBq4jfuQWkmxa0ZxtCOSE+wkFFirNTJH/iqLzuy+HCCfQF3eFqCLTv5gltyp8CLxEtJAaWodvJfflfSJAJhKCdatzw3Nu0RUYZRDuOcn2iICR2QHrQsFSQC3R5NLxjjY6t0cSiVfcLgqfp7YkQirYdRYDsjYvp63puI/3mtxIQX7RETcWJA0NmiMOHYSDyJA3eZAmr40BJCFbN/xbRPFKHGhpazIXjzJy+S+mnJK5fObsqFymUaRxYdoiNURB46RxV0jaqohih6RM/oFb05T86L8+58zFozTjqzj/7A+fwB94qV8Q==</latexit>

In Layman’s Terms:
If the transition is independent of the context, then the 
worst-case policy cannot be ruled out.

(observed states and actions act as proxies for context)



• Result 2: Context Free Rewards à Possibility of Imitation

With Covariate Shift (                      ) ⇢o(x) 6= ⇢e(x)

<latexit sha1_base64="/wUFTEPKVd8cp1YeNi2P6m4fGRQ=">AAACAXicbVDLSgMxFM3UV62vqhvBTbAIdVNmpKLLohuXFewDOqVk0jttaCYZk4xYSt34K25cKOLWv3Dn35i2s9DWA4Fzz7mXm3uCmDNtXPfbySwtr6yuZddzG5tb2zv53b26lomiUKOSS9UMiAbOBNQMMxyasQISBRwaweBq4jfuQWkmxa0ZxtCOSE+wkFFirNTJH/iqLzuy+HCCfQF3eFqCLTv5gltyp8CLxEtJAaWodvJfflfSJAJhKCdatzw3Nu0RUYZRDuOcn2iICR2QHrQsFSQC3R5NLxjjY6t0cSiVfcLgqfp7YkQirYdRYDsjYvp63puI/3mtxIQX7RETcWJA0NmiMOHYSDyJA3eZAmr40BJCFbN/xbRPFKHGhpazIXjzJy+S+mnJK5fObsqFymUaRxYdoiNURB46RxV0jaqohih6RM/oFb05T86L8+58zFozTjqzj/7A+fwB94qV8Q==</latexit>

In Layman’s Terms:
If the reward is independent of the context, then standard 
imitation techniques suffice (even if the transition function 
depends on the context). 



Hardness of Confounded Imitation

Feasible ImpossibleHighly BiasedBiased

Context-free 
transition

Context-free 
reward

Context-dependent reward
Context-dependent transition



Expert Data as Side Information
• Now we further assume we have access to the true reward signal (online)
• First try:

• This is biased + we don’t know 𝜌/
• We show a more involved optimization problem is unbiased 

𝐷! is an 𝑓-divergence (e.g. KL-divergence, TV-distance, 𝜒"-divergence)

• We propose:
1. A provably convergent but slow algorithm based on Follow The Leader
2. A more efficient gradient-based method over the non-convex objective



Corrective Trajectory Sampling (CTS)



Assistive-Gym Experiments
• Assistive autonomous robots as versatile caregivers

• Assistive-Gym environment [Erickson et al. 2020]
• Tasks include: Feeding, Dressing, Bathing, Drinking, etc.
• Context: weight, height, gender, disability (mobility, shaking), preferences
• State: Robot state
• Action space: Joint forces
• Reward: Success in task + specific user preferences
• Expert: trained on dense reward
• Online: sparse reward
• Shifted context distribution sampled w.p. 𝛽



Experiments (Feeding)
β ∈ [0,1] indicates strength of shift



Experiments



Experiments (Dressing)

With Sample CorrectionNo Sample Correction



Summary
• Offline data can make online learning more efficient
• Yet offline data often does not match online data
• Map failure modes and necessary conditions for success 
• We examined partial observability and distribution shifts
• In linear bandits: offline data + sampling from offline policy 

sometimes allows us to accelare online learning
• In imitation-learning on contextual MDPs: ”it depends"
• In RL with expert data, can empirically accelearet convergence 

under distribution shifts
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