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Adaptation, Optimality, and Synthesis

or entropy, but the proposed efforts focus on privacy in networks of agents (RT3) with hybrid dy-
namics (RT1), and we will quantify these impacts and investigate new mechanisms (e.g., using
concepts from stochastic geometry) to reduce them. To protect information that reveals mission
objectives and modes of operation, we will explore the use of opacity. Opacity characterizes a
system’s ability to conceal its “secret” information from being inferred by outside observers, and
is encoded by ensuring that no observer can confidently determine an agent’s mode with proba-
bility beyond some threshold. Our efforts are based on the key insight that the observers’s belief
update dynamics can be characterized as a discrete-time switched system whose switching signals
are the observed actions. This observation offers a bridge between the widely used family of mod-
els, namely POMDPs, and concepts from control theory (e.g., barrier certificates). In the proposed
effort, we expect to leverage this novel approach to the synthesis of control protocols to satisfy
mission or safety requirements while enforcing additional requirements on information flow pat-
terns, motivated by privacy and/or security, as well as other applications (e.g., active learning: see
RT2) that also naturally admit formulations based on POMDPs.

2.3 Overview of Expected Outcomes

The proposed CoE is focused on a systematic study directed toward greater knowledge and un-
derstanding of the fundamental problem and methods required to enable assured autonomy in
contested environments (i.e., 6.1 basic research). Given the diversity of challenges, a spectrum of
outcomes are proposed resulting from each of the RTs. A brief overview of the expected outcomes
is provided in the following. Additional details are provided in Sections 3 and 4, including Tables
1-7 which describes specific tasks and deliverables.

Assured autonomy is the union of dynamics gov-
erning physical systems with the dynamics of algo-
rithms and information, with encoded intelligence to
achieve mission objectives without oversight. New
analysis and design tools must be developed in light
of such dynamics while also considering high level
mission planning and adversarial actions. A key out-
come for RT1 is the development of an advanced
framework for interconnected systems with hybrid dynamics that model the complex union of
physics, algorithms, and information. Another outcome of RT1 is the development of new gen-
eralized analysis methods that provide a foundation for estimation and control design (see RT2).

The overarching outcome for RT2 is the develop-
ment of learning-based adaptation, function approx-
imation, optimal control, and TL synthesis design
tools that can be applied to hybrid (using analy-
sis outcomes from RT1) and uncertain multi-agent
(RT3) systems under the constraints of data de-
lays and asynchrony (RT4) and with computational
(RT3, 5-6), privacy (RT6), and resiliency (RT5) con-
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• Approximately optimal control methods for 
forward and inverse decision-making problems

• Real-time optimal control methods that can 
handle uncertainty, complex mission 
specifications, and rely on sophisticated 
approximation, learning, and sampling 
techniques to enhance scalability (avoid 
explicit discretization of continuous dynamics)

• Tractable optimal control methods under complex mission specifications captured by 
temporal logic (TL) formulas, and extend them to systems with unknown uncertainties 
and run-time computational limitations 



Adaptation, Optimality, and Synthesis

• Temporal Logic (TL) Planning and Learning
o Scalable TL robot planning
o Abstraction-free TL robot planning
o Transfer planning for TL tasks
o Transfer learning with unobserved contextual information

• Approximate Dynamic Programming (ADP) Methods 
o Improved asymptotic performance under ime varying parameters
o “Safe” (Barrier function) Reinforcement Learning (RL) methods for 

Approximate Dynamic Programming (ADP)
o Emerging results on Switched ADP methods

• Eliminate the use of high-accuracy orbit determination to 
estimate physical parameters of unknown targets.
o Adaptive control to compensate for unknown physical parameters.
o Regulation of underactuated system using a single control input.
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Robot Motion Planning

High-level complex tasks
• “Pick up the mail by visiting houses in a given order”
• “Next visit a delivery site”
• “Never leave the delivery site until a ground robot is 

present to pick up the mail”
• “Repeat this process every day”

M. Kloetzer et al (TRO 2010), S. Smith et al (IJRR 2011)
A. Ulusoy et al (IJRR 2013), M. Guo et al (IJRR 2015)

Point-to-point navigation tasks
• “Starting from point A, reach point B while avoiding 

obstacles”
L. Kavraki et al (TRA 1996), S. LaValle et al (IJJR 2001), 
S. Karaman et al (IJJR 2011),  L. Janson (IJRR 2015) 

Delivery Task

Household Robots

Autonomous Cars

S. LaValle et al (IJJR 2001), 

How to express complex tasks in a formal way?
How to synthesize optimal and correct-by-

construction controllers?



Expressing Complex Tasks using Linear 
Temporal Logic (LTL)

Robot 1: visit 
room1 infinitely often

Robot 2: eventually 
always visit room 3

Robot 1: never visit room1
until robot 2 visits room 2

room1

room2

room3

Reachability task

Coverage task

Reachability with
avoidance

Recurrent
sequencing

Sequencing

Compositional tasks:



Challenges & Key Accomplishments

Known Environments

Scalability: Multiple Robots, 
Complex Environments & Tasks

Optimality: Large-scale problems, 
Effect of Abstractions

Unknown Environments

Formal Methods and Learning

Unknown Contextual 
Information

Key Accomplishments

Planning in almost infinite spaces
Abstraction-free methods

Transferring experience and skills



Known Environments

Scalability: Multiple Robots, 
Complex Environments & Tasks

Optimality: Large-scale problems, 
Effect of Abstractions

Unknown Environments

Formal Methods and Learning

Unknown Contextual 
Information

Challenges & Key Accomplishments

Key Accomplishments

Planning in almost infinite spaces
Abstraction-free methods

Transferring experience and skills



Discrete Abstractions

Continuous World

Abstraction of 
Environment and 

Dynamics

Motion 
Planning on 

Graphs



Optimal Control Synthesis

Given N robots, an abstraction of the environment and robot dynamics, and a collaborative
task captured by a global LTL specification , synthesize a discrete motion plan such that

and a user-specified metric , such as total traveled distance, is minimized.



Key Idea

wTS1

wTS2

wTSN

PBA

NBA

Graph 
Search

Optimal Plan

No feasible plan 
found

Model
All possible robot behaviors

Desired robot behaviors

Contains possible
intersections of 
“behaviors”

Pick the best
“behavior” 
(optimal plan)



Challenges

wTS1

wTS2

wTSN

PBA

NBA

Graph 
Search

Model

Discrete
Controllers

State explosion, Computationally 
expensive, Centralized (less than 

~107 states)

M. Kloetzer (TRO 2010)
S. Smith et al (IJRR 2011)
A. Ulusoy et al (IJRR 2013)
M. Guo et al (IJRR 2015)

Optimal Control Synthesis

Model Checking / Verification

We propose an algorithm that can solve optimally hundreds of orders of magnitude larger 
planning problems than state-of-the-art methods (~10800 states and beyond).

NuSMV 2, nUxmv, 
SPIN, SPOT

More scalable (~1030 states) but no optimality guarantees.
Return a feasible, and not the optimal, solution.



STyLuS*: Large-Scale Temporal Logic Synthesis

Sample a state

Extend (if possible) the tree
towards

Yes

No

Rewire (if possible) the tree to

Yes

No
Extended?

Sample

Extend

Rewire

Initialize
the tree



Completeness and Optimality

The proposed sampling-based algorithm is probabilistically complete.Theorem:

The proposed sampling-based algorithm is asymptotically optimal, i.e.,Theorem:



Convergence Rate Analysis
Theorem: Let  p denote a feasible prefix or suffix path

Then there exist parameters                              such that the probability                    of finding the 
feasible prefix/suffix path p within            iterations satisfies

Theorem: Let  p* denote the optimal prefix or suffix path

Then there exist parameters                                and                                 and iterations         for 
every state       in the optimal path such that the probability of finding the optimal path within                           

iterations satisfies   

Depend on the selected sampling functions 
NEW BIASED SAMPLING METHOD !!!

1 � ⇧suc(q
K
P ) � 1� e�

Pnmax
n=1 ↵n(p)

2 nmax+K , if nmax > K

⇧opt(p
⇤) �

⇣
1� e�

Pn̄
n=1 ↵n(p⇤)

2 +K
⌘K�1Y

k=1

⇣
1� e�

Pnmax
n=nk�1

�n(qkP )

2 +1
⌘

p = q1P , q
2
P , ..., q

K�1
P , qKP

p⇤ = q1P , q
2
P , ..., q

K�1
P , qKP



Comparative Results: Large NBA
MATLAB runtimes to detect 

the first feasible plan



Challenges & Key Accomplishments

Unknown Environments

Formal Methods and Learning

Unknown Contextual 
Information

Known Environments

Scalability: Multiple Robots, 
Complex Environments & Tasks

Optimality: Large-scale problems, 
Effect of Abstractions

Key Accomplishments

Planning in almost infinite spaces
Abstraction-free methods

Transferring experience and skills



Discrete Abstractions

Continuous World

Abstraction of 
Environment and 

Dynamics

Motion 
Planning on 

GraphsMotion Planning 
Directly in 

Continuous Space



Abstraction-Free Optimal Control Synthesis
Given N robots, a continuous environment and a collaborative task captured by a global LTL
specification , synthesize a discrete motion plan such that and a user-specified
metric , such as total traveled distance, is minimized.

0.0 0.2 0.4 0.6 0.8 1.0
0.0

0.2

0.4
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0.8

1.0

l1 l2

l3l4

l5

l6
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o2

prefix path

su�x path
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TL-RRT*: Temporal Logic RRT*

Sample a state

Extend (if possible) the tree
towards

Rewire (if possible) the tree to

Yes
No

Extended?

Sample

Extend

Rewire

Initialize the tree

q0P

qnewP

r(VT )

qnearestP

xrand

qmin
P

QP = WN ⇥QB

q0P

qnewP

r(VT )

qnearestP

qmin
P

QP = WN ⇥QB

connection radius  rn(V
T )
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xrand

QP = WN ⇥QB



Completeness and Optimality

Let Assumptions 1 and 2 hold and further assume that sampling in the free 
workspace is unbiased. Then, TL-RRT* is probabilistically complete.

Theorem:

Let Assumptions 1 and 2 hold and further assume that sampling in the free 
workspace is unbiased. Consider also the connection radius  

where 

Then, TL-RRT* is asymptotically optimal, i.e.,

Theorem:

rn(VT ) = min

(
�TL-RRT⇤

✓
log |[VT ]⇠|
|[VT ]⇠|

◆1/dim

, ⌘

)
,
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Performance for Different Sizes of Regions

• C. I. Vasile and C. Belta, “Sampling-based temporal logic path planning,” IROS 2013.
• Y. Shoukry, P. Nuzzo, A. Balkan, I. Saha, A. L. Sangiovanni-Vincentelli, S. A. Seshia, G. 

J. Pappas, and P. Tabuada, “Linear temporal logic motion planning for teams of 
underactuated robots using satisfiability modulo convex programming,” CDC 2017. 0.0 0.2 0.4 0.6 0.8 1.0
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Performance for Different Complexity of Tasks
� = ⇤⌃⇠1 ^⇤⌃⇠2 ^⇤⌃⇠3 ^⇤⌃(⇠4 ^ ⌃(⇠5 ^ ⌃⇠6))

^ ⌃⇠7 ^⇤⌃⇠8 ^ (!⇠7 U ⇠8).
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SMC runtimes with ”perfect” 
initial horizons



Challenges & Key Accomplishments

Unknown Environments

Formal Methods and Learning

Unknown Contextual 
Information

Known Environments

Scalability: Multiple Robots, 
Complex Environments & Tasks

Optimality: Large-scale problems, 
Effect of Abstractions

Key Accomplishments

Planning in almost infinite spaces
Abstraction-free methods

Transferring experience and skills



Transferring Skills in LTL Planning

A delivery task
• “Pick up the mail by visiting houses IN A 

GIVEN ORDER”
• “Next visit a delivery site”
• “NEVER LEAVE THE DELIVERY SITE 

UNTIL A GROUND ROBOT IS PRESENT 
TO PICK UP THE MAIL”

• “Repeat this process every day”

New Delivery Task
• “Pick up the mail by visiting houses in ANY order”
• “Next visit a delivery site AND DROP OFF THE MAIL”
• “Repeat this process every day”

Already know how to visit 
houses and delivery site. 
Why plan from scratch?



Transferring Skills in LTL Planning

Library of 
Atomic Skills

Sampling-Based 
Controller Synthesis

Sample Extend RewireSame as 
Before!

Extend to other 
subtasks



Control Synthesis for New LTL Tasks

Sample Extend Rewire Extend to 
reused skills

qnewP = (xnew, qB)
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reusable skills

Step 1: Decompose the new LTL into subtasks and match with skills in the library.
Step 2: Grow a tree by sampling and reusing skills from the library.

Theorem: Probabilistically 
Complete and 

Asymptotically Optimal
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Transfer Planning for LTL Different Tasks
⌃⇡r1 ^ ⌃⇡r2 ^ ⌃⇡r3 ^ ⌃⇡r4 ^ ⌃⇡r5 ^ ⌃⇡r6
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Transfer Planning for LTL Different Tasks

Table 1: Runtimes and costs for di↵erent LTL tasks

tasks t t[18] J J [18]
�1 0.02 0.22 1.85 1.86
�2 0.01 0.20 1.60 1.47
�3 0.01 0.70 3.40 3.45
�4 0.07 1.16 3.25 3.15
�5 0.20 3.40 5.10 2.83
�6 0.98 9.85 4.50 3.67
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[18] Kantaros et.al , “Temporal logic optimal control for large-scale multi-robot systems: 10^400 states and 
beyond,” in 2018 IEEE Conference on Decision and Control (CDC)



Transfer Planning in Different Environments
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Table 1: Runtimes in the slightly changed environment

tasks
m = 1 m = 2 m = 3

t t[18] t t[18] t t[18]
�1 0.31 0.33 0.35 0.31 0.40 0.31
�2 0.30 0.22 0.34 0.18 0.35 0.22
�3 0.35 0.76 0.39 0.89 0.43 0.84
�4 0.38 1.10 0.34 1.18 0.42 0.98
�5 0.31 3.32 0.37 4.17 0.41 3.77
�6 0.34 9.49 0.38 10.17 0.44 13.38
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Challenges & Key Accomplishments

Unknown Environments

Formal Methods and Learning

Unknown Contextual 
Information

Known Environments

Scalability: Multiple Robots, 
Complex Environments & Tasks

Optimality: Large-scale problems, 
Effect of Abstractions

Key Accomplishments

Planning in almost infinite spaces
Abstraction-free methods

Transferring experience and skills



Contextual Motion Planning

0 1 2 3 4

0

1

2

3

4

Hospital A specializes in 
treating disease 1

TRANSFER 
PATIENT TO 
HOSPITAL

Reward

Hospital A has larger capacity and, 
therefore, lower waiting time

Probabilities
More likely patient with 
disease 2 will be cured 
in Hospital B

More likely patient with disease 1 
will be cured in Hospital A

Hospital B specializes in 
treating disease 2

Context

u Red(+10) Green(+5)
0 0.6 0.3
1 0.1 0.8
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Transfer Learning in Contextual MDPs

Contextual MDP:(st, at, Pu(st+1|st, at), Ru(st, at, st+1), ⇢(u))
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Transition and reward functions are
parameterized by the contextual variable u

Contextual variable u subject to a stationary
distribution

A contextual optimal policy (or an optimal policy when
the contextual information is unobservable) is the one that maximizes the
accumulated reward.

⇡⇤(at|st, ut)
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⇡⇤(at|st)
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Transfer Learning under Unobserved Contextual Information
Given the observed data distribution collected by a demonstrator agent who
makes decisions based on the contextual information, design learning algorithms for a context-
unaware learner agent to use these data to find the optimal policy with fewer new data samples.

P (st, at, st+1, rt)
<latexit sha1_base64="7W+x+d245La4rnW8KqulT8MqkHU=">AAACAnicbVDLSsNAFJ34rPUVdSVuBotQsZSkCLosuHFZwT6gDWEynbRDJ5MwcyOUUNz4K25cKOLWr3Dn3zhpu9DWA/dyOOdeZu4JEsE1OM63tbK6tr6xWdgqbu/s7u3bB4ctHaeKsiaNRaw6AdFMcMmawEGwTqIYiQLB2sHoJvfbD0xpHst7GCfMi8hA8pBTAkby7eNGWftQwSRv2s/gwp1UsPLh3LdLTtWZAi8Td05KaI6Gb3/1+jFNIyaBCqJ113US8DKigFPBJsVeqllC6IgMWNdQSSKmvWx6wgSfGaWPw1iZkoCn6u+NjERaj6PATEYEhnrRy8X/vG4K4bWXcZmkwCSdPRSmAkOM8zxwnytGQYwNIVRx81dMh0QRCia1ognBXTx5mbRqVdepuneXpXptHkcBnaBTVEYuukJ1dIsaqIkoekTP6BW9WU/Wi/VufcxGV6z5zhH6A+vzB2fOlXM=</latexit><latexit sha1_base64="7W+x+d245La4rnW8KqulT8MqkHU=">AAACAnicbVDLSsNAFJ34rPUVdSVuBotQsZSkCLosuHFZwT6gDWEynbRDJ5MwcyOUUNz4K25cKOLWr3Dn3zhpu9DWA/dyOOdeZu4JEsE1OM63tbK6tr6xWdgqbu/s7u3bB4ctHaeKsiaNRaw6AdFMcMmawEGwTqIYiQLB2sHoJvfbD0xpHst7GCfMi8hA8pBTAkby7eNGWftQwSRv2s/gwp1UsPLh3LdLTtWZAi8Td05KaI6Gb3/1+jFNIyaBCqJ113US8DKigFPBJsVeqllC6IgMWNdQSSKmvWx6wgSfGaWPw1iZkoCn6u+NjERaj6PATEYEhnrRy8X/vG4K4bWXcZmkwCSdPRSmAkOM8zxwnytGQYwNIVRx81dMh0QRCia1ognBXTx5mbRqVdepuneXpXptHkcBnaBTVEYuukJ1dIsaqIkoekTP6BW9WU/Wi/VufcxGV6z5zhH6A+vzB2fOlXM=</latexit><latexit sha1_base64="7W+x+d245La4rnW8KqulT8MqkHU=">AAACAnicbVDLSsNAFJ34rPUVdSVuBotQsZSkCLosuHFZwT6gDWEynbRDJ5MwcyOUUNz4K25cKOLWr3Dn3zhpu9DWA/dyOOdeZu4JEsE1OM63tbK6tr6xWdgqbu/s7u3bB4ctHaeKsiaNRaw6AdFMcMmawEGwTqIYiQLB2sHoJvfbD0xpHst7GCfMi8hA8pBTAkby7eNGWftQwSRv2s/gwp1UsPLh3LdLTtWZAi8Td05KaI6Gb3/1+jFNIyaBCqJ113US8DKigFPBJsVeqllC6IgMWNdQSSKmvWx6wgSfGaWPw1iZkoCn6u+NjERaj6PATEYEhnrRy8X/vG4K4bWXcZmkwCSdPRSmAkOM8zxwnytGQYwNIVRx81dMh0QRCia1ognBXTx5mbRqVdepuneXpXptHkcBnaBTVEYuukJ1dIsaqIkoekTP6BW9WU/Wi/VufcxGV6z5zhH6A+vzB2fOlXM=</latexit><latexit sha1_base64="hP+6LrUf2d3tZaldqaQQvEKMXyw=">AAAB2XicbZDNSgMxFIXv1L86Vq1rN8EiuCozbnQpuHFZwbZCO5RM5k4bmskMyR2hDH0BF25EfC93vo3pz0JbDwQ+zknIvSculLQUBN9ebWd3b/+gfugfNfzjk9Nmo2fz0gjsilzl5jnmFpXU2CVJCp8LgzyLFfbj6f0i77+gsTLXTzQrMMr4WMtUCk7O6oyaraAdLMW2IVxDC9YaNb+GSS7KDDUJxa0dhEFBUcUNSaFw7g9LiwUXUz7GgUPNM7RRtRxzzi6dk7A0N+5oYkv394uKZ9bOstjdzDhN7Ga2MP/LBiWlt1EldVESarH6KC0Vo5wtdmaJNChIzRxwYaSblYkJN1yQa8Z3HYSbG29D77odBu3wMYA6nMMFXEEIN3AHD9CBLghI4BXevYn35n2suqp569LO4I+8zx84xIo4</latexit><latexit sha1_base64="hWo88cMsxiM1yS1OMRfFOyR6Tv8=">AAAB93icbZDNSgMxFIXv1L9aq47uxE2wCBVLmXGjS8GNywq2FdphyKSZNjTzQ3JHKENx46u4caGIb+LOtzHTdqGtBxI+zklI7glSKTQ6zrdVWlvf2Nwqb1d2qrt7+/ZBtaOTTDHeZolM1ENANZci5m0UKPlDqjiNAsm7wfimyLuPXGmRxPc4SbkX0WEsQsEoGsu3j1p17WOD0GLTfo7n7rRBlI9nvl1zms5MZBXcBdRgoZZvf/UHCcsiHiOTVOue66To5VShYJJPK/1M85SyMR3ynsGYRlx7+WyEKTk1zoCEiTIrRjJzf9/IaaT1JArMyYjiSC9nhflf1sswvPJyEacZ8pjNHwozSTAhRR9kIBRnKCcGKFPC/JWwEVWUoWmtYkpwl0dehc5F03Wa7p0DZTiGE6iDC5dwDbfQgjYweIIXeIN369l6tT7mdZWsRW+H8EfW5w/+yJQW</latexit><latexit sha1_base64="hWo88cMsxiM1yS1OMRfFOyR6Tv8=">AAAB93icbZDNSgMxFIXv1L9aq47uxE2wCBVLmXGjS8GNywq2FdphyKSZNjTzQ3JHKENx46u4caGIb+LOtzHTdqGtBxI+zklI7glSKTQ6zrdVWlvf2Nwqb1d2qrt7+/ZBtaOTTDHeZolM1ENANZci5m0UKPlDqjiNAsm7wfimyLuPXGmRxPc4SbkX0WEsQsEoGsu3j1p17WOD0GLTfo7n7rRBlI9nvl1zms5MZBXcBdRgoZZvf/UHCcsiHiOTVOue66To5VShYJJPK/1M85SyMR3ynsGYRlx7+WyEKTk1zoCEiTIrRjJzf9/IaaT1JArMyYjiSC9nhflf1sswvPJyEacZ8pjNHwozSTAhRR9kIBRnKCcGKFPC/JWwEVWUoWmtYkpwl0dehc5F03Wa7p0DZTiGE6iDC5dwDbfQgjYweIIXeIN369l6tT7mdZWsRW+H8EfW5w/+yJQW</latexit><latexit sha1_base64="jG3kRjLXzhVBowvN1ROkiQhhojs=">AAACAnicbVDLSsNAFJ3UV62vqCtxM1iEiqUk3eiy4MZlBfuANoTJdNIOnUzCzI1QQnHjr7hxoYhbv8Kdf+Ok7UJbD9zL4Zx7mbknSATX4DjfVmFtfWNzq7hd2tnd2z+wD4/aOk4VZS0ai1h1A6KZ4JK1gINg3UQxEgWCdYLxTe53HpjSPJb3MEmYF5Gh5CGnBIzk2yfNivahiknetJ/BpTutYuXDhW+XnZozA14l7oKU0QJN3/7qD2KaRkwCFUTrnusk4GVEAaeCTUv9VLOE0DEZsp6hkkRMe9nshCk+N8oAh7EyJQHP1N8bGYm0nkSBmYwIjPSyl4v/eb0Uwmsv4zJJgUk6fyhMBYYY53ngAVeMgpgYQqji5q+YjogiFExqJROCu3zyKmnXa65Tc++ccqO+iKOITtEZqiAXXaEGukVN1EIUPaJn9IrerCfrxXq3PuajBWuxc4z+wPr8AWaOlW8=</latexit><latexit sha1_base64="7W+x+d245La4rnW8KqulT8MqkHU=">AAACAnicbVDLSsNAFJ34rPUVdSVuBotQsZSkCLosuHFZwT6gDWEynbRDJ5MwcyOUUNz4K25cKOLWr3Dn3zhpu9DWA/dyOOdeZu4JEsE1OM63tbK6tr6xWdgqbu/s7u3bB4ctHaeKsiaNRaw6AdFMcMmawEGwTqIYiQLB2sHoJvfbD0xpHst7GCfMi8hA8pBTAkby7eNGWftQwSRv2s/gwp1UsPLh3LdLTtWZAi8Td05KaI6Gb3/1+jFNIyaBCqJ113US8DKigFPBJsVeqllC6IgMWNdQSSKmvWx6wgSfGaWPw1iZkoCn6u+NjERaj6PATEYEhnrRy8X/vG4K4bWXcZmkwCSdPRSmAkOM8zxwnytGQYwNIVRx81dMh0QRCia1ognBXTx5mbRqVdepuneXpXptHkcBnaBTVEYuukJ1dIsaqIkoekTP6BW9WU/Wi/VufcxGV6z5zhH6A+vzB2fOlXM=</latexit><latexit sha1_base64="7W+x+d245La4rnW8KqulT8MqkHU=">AAACAnicbVDLSsNAFJ34rPUVdSVuBotQsZSkCLosuHFZwT6gDWEynbRDJ5MwcyOUUNz4K25cKOLWr3Dn3zhpu9DWA/dyOOdeZu4JEsE1OM63tbK6tr6xWdgqbu/s7u3bB4ctHaeKsiaNRaw6AdFMcMmawEGwTqIYiQLB2sHoJvfbD0xpHst7GCfMi8hA8pBTAkby7eNGWftQwSRv2s/gwp1UsPLh3LdLTtWZAi8Td05KaI6Gb3/1+jFNIyaBCqJ113US8DKigFPBJsVeqllC6IgMWNdQSSKmvWx6wgSfGaWPw1iZkoCn6u+NjERaj6PATEYEhnrRy8X/vG4K4bWXcZmkwCSdPRSmAkOM8zxwnytGQYwNIVRx81dMh0QRCia1ognBXTx5mbRqVdepuneXpXptHkcBnaBTVEYuukJ1dIsaqIkoekTP6BW9WU/Wi/VufcxGV6z5zhH6A+vzB2fOlXM=</latexit><latexit sha1_base64="7W+x+d245La4rnW8KqulT8MqkHU=">AAACAnicbVDLSsNAFJ34rPUVdSVuBotQsZSkCLosuHFZwT6gDWEynbRDJ5MwcyOUUNz4K25cKOLWr3Dn3zhpu9DWA/dyOOdeZu4JEsE1OM63tbK6tr6xWdgqbu/s7u3bB4ctHaeKsiaNRaw6AdFMcMmawEGwTqIYiQLB2sHoJvfbD0xpHst7GCfMi8hA8pBTAkby7eNGWftQwSRv2s/gwp1UsPLh3LdLTtWZAi8Td05KaI6Gb3/1+jFNIyaBCqJ113US8DKigFPBJsVeqllC6IgMWNdQSSKmvWx6wgSfGaWPw1iZkoCn6u+NjERaj6PATEYEhnrRy8X/vG4K4bWXcZmkwCSdPRSmAkOM8zxwnytGQYwNIVRx81dMh0QRCia1ognBXTx5mbRqVdepuneXpXptHkcBnaBTVEYuukJ1dIsaqIkoekTP6BW9WU/Wi/VufcxGV6z5zhH6A+vzB2fOlXM=</latexit><latexit sha1_base64="7W+x+d245La4rnW8KqulT8MqkHU=">AAACAnicbVDLSsNAFJ34rPUVdSVuBotQsZSkCLosuHFZwT6gDWEynbRDJ5MwcyOUUNz4K25cKOLWr3Dn3zhpu9DWA/dyOOdeZu4JEsE1OM63tbK6tr6xWdgqbu/s7u3bB4ctHaeKsiaNRaw6AdFMcMmawEGwTqIYiQLB2sHoJvfbD0xpHst7GCfMi8hA8pBTAkby7eNGWftQwSRv2s/gwp1UsPLh3LdLTtWZAi8Td05KaI6Gb3/1+jFNIyaBCqJ113US8DKigFPBJsVeqllC6IgMWNdQSSKmvWx6wgSfGaWPw1iZkoCn6u+NjERaj6PATEYEhnrRy8X/vG4K4bWXcZmkwCSdPRSmAkOM8zxwnytGQYwNIVRx81dMh0QRCia1ognBXTx5mbRqVdepuneXpXptHkcBnaBTVEYuukJ1dIsaqIkoekTP6BW9WU/Wi/VufcxGV6z5zhH6A+vzB2fOlXM=</latexit><latexit sha1_base64="7W+x+d245La4rnW8KqulT8MqkHU=">AAACAnicbVDLSsNAFJ34rPUVdSVuBotQsZSkCLosuHFZwT6gDWEynbRDJ5MwcyOUUNz4K25cKOLWr3Dn3zhpu9DWA/dyOOdeZu4JEsE1OM63tbK6tr6xWdgqbu/s7u3bB4ctHaeKsiaNRaw6AdFMcMmawEGwTqIYiQLB2sHoJvfbD0xpHst7GCfMi8hA8pBTAkby7eNGWftQwSRv2s/gwp1UsPLh3LdLTtWZAi8Td05KaI6Gb3/1+jFNIyaBCqJ113US8DKigFPBJsVeqllC6IgMWNdQSSKmvWx6wgSfGaWPw1iZkoCn6u+NjERaj6PATEYEhnrRy8X/vG4K4bWXcZmkwCSdPRSmAkOM8zxwnytGQYwNIVRx81dMh0QRCia1ognBXTx5mbRqVdepuneXpXptHkcBnaBTVEYuukJ1dIsaqIkoekTP6BW9WU/Wi/VufcxGV6z5zhH6A+vzB2fOlXM=</latexit><latexit sha1_base64="7W+x+d245La4rnW8KqulT8MqkHU=">AAACAnicbVDLSsNAFJ34rPUVdSVuBotQsZSkCLosuHFZwT6gDWEynbRDJ5MwcyOUUNz4K25cKOLWr3Dn3zhpu9DWA/dyOOdeZu4JEsE1OM63tbK6tr6xWdgqbu/s7u3bB4ctHaeKsiaNRaw6AdFMcMmawEGwTqIYiQLB2sHoJvfbD0xpHst7GCfMi8hA8pBTAkby7eNGWftQwSRv2s/gwp1UsPLh3LdLTtWZAi8Td05KaI6Gb3/1+jFNIyaBCqJ113US8DKigFPBJsVeqllC6IgMWNdQSSKmvWx6wgSfGaWPw1iZkoCn6u+NjERaj6PATEYEhnrRy8X/vG4K4bWXcZmkwCSdPRSmAkOM8zxwnytGQYwNIVRx81dMh0QRCia1ognBXTx5mbRqVdepuneXpXptHkcBnaBTVEYuukJ1dIsaqIkoekTP6BW9WU/Wi/VufcxGV6z5zhH6A+vzB2fOlXM=</latexit>

In traditional transfer or 
imitation learning, the 

demonstrator and learner 
make decisions based on 

the same information



Causal Inference

a
<latexit sha1_base64="b7/vCs5ze5KtVd66W3yyALYBfbk=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipSQflilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDGz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6qeW/Wa15X6bR5HEc7gHC7BgxrU4R4a0AIGCM/wCm/Oo/PivDsfy9aCk8+cwh84nz/DXYzl</latexit><latexit sha1_base64="b7/vCs5ze5KtVd66W3yyALYBfbk=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipSQflilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDGz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6qeW/Wa15X6bR5HEc7gHC7BgxrU4R4a0AIGCM/wCm/Oo/PivDsfy9aCk8+cwh84nz/DXYzl</latexit><latexit sha1_base64="b7/vCs5ze5KtVd66W3yyALYBfbk=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipSQflilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDGz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6qeW/Wa15X6bR5HEc7gHC7BgxrU4R4a0AIGCM/wCm/Oo/PivDsfy9aCk8+cwh84nz/DXYzl</latexit><latexit sha1_base64="b7/vCs5ze5KtVd66W3yyALYBfbk=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipSQflilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDGz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6qeW/Wa15X6bR5HEc7gHC7BgxrU4R4a0AIGCM/wCm/Oo/PivDsfy9aCk8+cwh84nz/DXYzl</latexit>

u
<latexit sha1_base64="HdrHs+9WrEY+c6wp70bq3BGtMmw=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipmQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8A4a2M+Q==</latexit><latexit sha1_base64="HdrHs+9WrEY+c6wp70bq3BGtMmw=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipmQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8A4a2M+Q==</latexit><latexit sha1_base64="HdrHs+9WrEY+c6wp70bq3BGtMmw=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipmQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8A4a2M+Q==</latexit><latexit sha1_base64="HdrHs+9WrEY+c6wp70bq3BGtMmw=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipmQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8A4a2M+Q==</latexit>

r
<latexit sha1_base64="D+vIjYIYiuYBqfGNJBmXYbUZJb0=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipqQblilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDGz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6qeW/Wa15X6bR5HEc7gHC7BgxrU4R4a0AIGCM/wCm/Oo/PivDsfy9aCk8+cwh84nz/dIYz2</latexit><latexit sha1_base64="D+vIjYIYiuYBqfGNJBmXYbUZJb0=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipqQblilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDGz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6qeW/Wa15X6bR5HEc7gHC7BgxrU4R4a0AIGCM/wCm/Oo/PivDsfy9aCk8+cwh84nz/dIYz2</latexit><latexit sha1_base64="D+vIjYIYiuYBqfGNJBmXYbUZJb0=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipqQblilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDGz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6qeW/Wa15X6bR5HEc7gHC7BgxrU4R4a0AIGCM/wCm/Oo/PivDsfy9aCk8+cwh84nz/dIYz2</latexit><latexit sha1_base64="D+vIjYIYiuYBqfGNJBmXYbUZJb0=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipqQblilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDGz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6qeW/Wa15X6bR5HEc7gHC7BgxrU4R4a0AIGCM/wCm/Oo/PivDsfy9aCk8+cwh84nz/dIYz2</latexit>

a
<latexit sha1_base64="b7/vCs5ze5KtVd66W3yyALYBfbk=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipSQflilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDGz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6qeW/Wa15X6bR5HEc7gHC7BgxrU4R4a0AIGCM/wCm/Oo/PivDsfy9aCk8+cwh84nz/DXYzl</latexit><latexit sha1_base64="b7/vCs5ze5KtVd66W3yyALYBfbk=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipSQflilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDGz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6qeW/Wa15X6bR5HEc7gHC7BgxrU4R4a0AIGCM/wCm/Oo/PivDsfy9aCk8+cwh84nz/DXYzl</latexit><latexit sha1_base64="b7/vCs5ze5KtVd66W3yyALYBfbk=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipSQflilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDGz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6qeW/Wa15X6bR5HEc7gHC7BgxrU4R4a0AIGCM/wCm/Oo/PivDsfy9aCk8+cwh84nz/DXYzl</latexit><latexit sha1_base64="b7/vCs5ze5KtVd66W3yyALYBfbk=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipSQflilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDGz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6qeW/Wa15X6bR5HEc7gHC7BgxrU4R4a0AIGCM/wCm/Oo/PivDsfy9aCk8+cwh84nz/DXYzl</latexit>

u
<latexit sha1_base64="HdrHs+9WrEY+c6wp70bq3BGtMmw=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipmQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8A4a2M+Q==</latexit><latexit sha1_base64="HdrHs+9WrEY+c6wp70bq3BGtMmw=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipmQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8A4a2M+Q==</latexit><latexit sha1_base64="HdrHs+9WrEY+c6wp70bq3BGtMmw=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipmQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8A4a2M+Q==</latexit><latexit sha1_base64="HdrHs+9WrEY+c6wp70bq3BGtMmw=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipmQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8A4a2M+Q==</latexit>

r
<latexit sha1_base64="D+vIjYIYiuYBqfGNJBmXYbUZJb0=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipqQblilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDGz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6qeW/Wa15X6bR5HEc7gHC7BgxrU4R4a0AIGCM/wCm/Oo/PivDsfy9aCk8+cwh84nz/dIYz2</latexit><latexit sha1_base64="D+vIjYIYiuYBqfGNJBmXYbUZJb0=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipqQblilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDGz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6qeW/Wa15X6bR5HEc7gHC7BgxrU4R4a0AIGCM/wCm/Oo/PivDsfy9aCk8+cwh84nz/dIYz2</latexit><latexit sha1_base64="D+vIjYIYiuYBqfGNJBmXYbUZJb0=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipqQblilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDGz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6qeW/Wa15X6bR5HEc7gHC7BgxrU4R4a0AIGCM/wCm/Oo/PivDsfy9aCk8+cwh84nz/dIYz2</latexit><latexit sha1_base64="D+vIjYIYiuYBqfGNJBmXYbUZJb0=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipqQblilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDGz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6qeW/Wa15X6bR5HEc7gHC7BgxrU4R4a0AIGCM/wCm/Oo/PivDsfy9aCk8+cwh84nz/dIYz2</latexit>

Demonstrator knows 
context u

Learner does NOT 
know context u

Causal Inference: Given the observed data distribution P(r,a,u), or P(r,a), induced from the 
demonstrator’s causal graph, estimate the learner’s probability P(r | do(a)) of the outcome r when 
intervening on the variable a.  

The causal effect P(r | do(a)) cannot be estimated 
without bias when there is an unobserved 

confounder u in the observation data.

do(a) : intervention 
on a regardless of 

the context



Estimation Bias

P (u)

E[r|a] =
X

r

rP (r|a) =
X

r

r
P (r, a)

P (a)
Instead Learner can estimate:

Demonstrator’s
observational data by 
executing policy ⇡?(a|s, u)

P (r|a) = P (r, a)

P (a)
=

P
u P (r|a, u)P (a|u)P (u)P

u P (a|u)P (u)
=

X

u

P (r|a, u) P (a|u)P (u)P
u P (a|u)P (u)

Compare                     and              :E[r|do(a)] E[r|a]

E[r|do(a)] =
X

r

rP (r|do(a))The Learner cares to estimate:

where: Learner does NOT KNOW the context 

a
<latexit sha1_base64="b7/vCs5ze5KtVd66W3yyALYBfbk=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipSQflilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDGz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6qeW/Wa15X6bR5HEc7gHC7BgxrU4R4a0AIGCM/wCm/Oo/PivDsfy9aCk8+cwh84nz/DXYzl</latexit><latexit sha1_base64="b7/vCs5ze5KtVd66W3yyALYBfbk=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipSQflilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDGz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6qeW/Wa15X6bR5HEc7gHC7BgxrU4R4a0AIGCM/wCm/Oo/PivDsfy9aCk8+cwh84nz/DXYzl</latexit><latexit sha1_base64="b7/vCs5ze5KtVd66W3yyALYBfbk=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipSQflilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDGz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6qeW/Wa15X6bR5HEc7gHC7BgxrU4R4a0AIGCM/wCm/Oo/PivDsfy9aCk8+cwh84nz/DXYzl</latexit><latexit sha1_base64="b7/vCs5ze5KtVd66W3yyALYBfbk=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipSQflilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDGz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6qeW/Wa15X6bR5HEc7gHC7BgxrU4R4a0AIGCM/wCm/Oo/PivDsfy9aCk8+cwh84nz/DXYzl</latexit>

u
<latexit sha1_base64="HdrHs+9WrEY+c6wp70bq3BGtMmw=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipmQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8A4a2M+Q==</latexit><latexit sha1_base64="HdrHs+9WrEY+c6wp70bq3BGtMmw=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipmQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8A4a2M+Q==</latexit><latexit sha1_base64="HdrHs+9WrEY+c6wp70bq3BGtMmw=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipmQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8A4a2M+Q==</latexit><latexit sha1_base64="HdrHs+9WrEY+c6wp70bq3BGtMmw=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipmQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8A4a2M+Q==</latexit>
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do(a) : intervention 
on a regardless of 

the context

P (r|do(a)) =
X

u

P (r|a, u)P (u)

SAME DIFFERENT

scaled by 
demonstrator’s 
data

SAME DIFFERENT
P (u)

⇡?(a|s, u)

Since                                       , we have that P (r|do(a)) 6= P (r|a) Estimation 
Bias

E[r|do(a)] 6= E[r|a]



Example
Action space: UP (1), RIGHT (2), DOWN (3), LEFT (4)

0 1 2 3 4

0

1

2

3

4

u Red(+10) Green(+5)
0 0.6 0.3
1 0.1 0.8
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Demonstrator’s policy: P (a = 4|u = 0) = 0.7, P (a = 4|u = 1) = 0.1
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P (u = 0) = 0.2, P (u = 1) = 0.8

Learner’s expected reward based on demonstrator’s observational data:

P (r|a) =
X

u

P (r|a, u) P (a|u)P (u)P
u P (a|u)P (u)

= 0.6
0.7 · 0.2

0.7 · 0.2 + 0.1 · 0.8 + 0.1
0.1 · 0.8

0.7 · 0.2 + 0.1 · 0.8 = 0.418

E[r|a] =
X

r

rP (r|a) = 10 · 0.418 + (�1) · (1� 0.418) ⇡ 3.6

Context u:                                                          (Bernoulli)

Reward

Learner’s true expected reward:
P (r|do(a)) =

X

u

P (r|a, u)P (u) = 0.6 · 0.2 + 0.1 · 0.8 = 0.2

E[r|do(a)] =
X

r

rP (r|do(a)) = 10 · 0.2 + (�1) · (1� 0.2) = 1.2

Learner 
overestimates reward 

of moving to Red



This Bias is why…

… students should not blindly trust their advisors, BUT 
they should also read and explore their own ideas.

Advisors often guide students (the policy), WITHOUT 
explaining their thought process (the context).

Still, advisors can help students learn faster and avoid 
major mistakes…

HOW ???



While the causal effect                     is unidentifiable when there is an unobserved 
confounder u in the observational data, we can compute causal bounds on                     
(and the Q-function) given the demonstrator’s observational data.

Causal Bound Constrained Q-Learning

Causal Bound Constrained Q learning

at  ✏-Greedy
�
Q(st, a)

�
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Q(st, at) ⇧[Q(st,at),Q(st,at)]

✓
(1� ↵t)Q(st, at) + ↵t

�
r(st, at) + �max

a
Q(st+1, a)

�◆
.
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Projection on causal bounds avoids exploration of the 
state space in directions that decrease the Q function

Linear 
Programming!

E[r|do(a)]
E[r|do(a)]



Numerical Experiments

0 1 2 3 4

0

1

2

3

4

Much faster convergence!



Summary

Unknown Environments

Formal Methods and Learning

Unknown Contextual 
Information

Known Environments

Scalability: Multiple Robots, 
Complex Environments & Tasks

Optimality: Large-scale problems, 
Effect of Abstractions

Key Accomplishments

Planning in almost infinite spaces
Abstraction-free methods

Transferring experience and skills



Thank You
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