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Computers and robots that learn how
to take actions to achieve goals.
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Learn a policy that maps any given
situation to an action.
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The Reinforcement Learning World

State: Position of car or other cars

Action: Steer wheel / brake / accelerate
Reward: Reach destination

Policy: State to action

SO) AO) RO) Sl) JEEEEE SL7 AL7 RL
#
Trajectory
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The Reinforcement Learning World

State: Position of car or other cars

Action: Steer wheel / brake / accelerate
Reward: Reach destination

Policy Improvement: Find policy that maximizes
expected cumulative reward.
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The Reinforcement Learning World

State: Position of car or other cars

Action: Steer wheel / brake / accelerate
Reward: Reach destination

Policy Evaluation: Given a fixed policy, determine the
expected cumulative reward of that policy.
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Evaluating a fixed policy
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Evaluating a fixed policy
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Evaluating a fixed policy

L

>R

=L

v(m) = E;,

Josiah Hanna



Evaluating a fixed policy

L

’U:EW ZRt
7

t=0
Target Policy



Evaluating a fixed policy

L

U:EW ZRt
el

t=0
Target Policy

m:SxA— 10,1



Evaluating a fixed policy

Target/Policy \

Expected Total
Reward

m:SxA— 0,1
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Evaluating a fixed policy

Testing :
Deployment Time
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Evaluating a fixed policy
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Passively evaluating a fixed policy

1. Repeatedly run the target policy.

SO? AO) R07 v o0y SL) AL) RL

2. Average the total reward seen each trajectory.
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Can we improve on passive evaluation”
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Can we improve on passive evaluation?
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Can we improve on passive evaluation?
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Evaluating a fixed policy

Testing :
Deployment Time
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Can we improve on passive evaluation?

Challenges:

] Changing the data collection policy changes the data
distribution.
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Can we improve on passive evaluation”

Challenges:

] Changing the data collection policy changes the data
distribution.

[J|We do not know the right data collection policy.

Target Policy: Policy we want to evaluate.

Behavior Policy: Policy we collect data with.
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Collecting data with any policy

De‘:s:igtrilon + 1
Target Probability =0.999
Behavior Probability = 0.5
\» S?:\?g Vz:‘in\éer - 1 O O

Target Probability = 0.001
Behavior Probability = 0.5
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Importance Sampling
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2. Add up all of the reward received along each trajectory.
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1. Repeatedly run the behavior policy.
2. Add up all of the reward received along each trajectory.
3. Re-weight the reward total.
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Importance Sampling

1. Repeatedly run the behavior policy.
2. Add up all of the reward received along each trajectory.

3. Re-weight the reward total.
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Importance Sampling

1. Repeatedly run the behavior policy.
2. Add up all of the reward received along each trajectory.
3. Re-weight the reward total.
( m(A|Sy) ) ( )
/ i 07Tb (At|St) b \

Relative Likelihood Total Reward
4. Average the re-weighted rewards.

Precup, Sutton, and Singh (ICML 2000) 25 Josiah Hanna



Can we improve on passive evaluation?

Challenges:

M Changing the behavior policy changes the data distribution.

] We do not know the right behavior policy.
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Can we perfectly evaluate with a single test driver?
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Can we perfectly evaluate with a single test driver?
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Single Trajectory Estimate

Josiah Hanna, Phillip Thomas, Peter Stone, Scott Niekum (ICML 2017)
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Learning the right behavior policy

MSE(0) = Enr, :(@(Wa e, Tp) — U(T(‘)z:

True Value

Josiah Hanna, Phillip Thomas, Peter Stone, Scott Niekum (ICML 2017)



Learning the right behavior policy
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Learning the right behavior policy

MSE(0) = Enr, :(@(ﬂ'a xr W) — U(ﬂ'))z:

MSE cannot be estimated

Gradient of the MSE can be estimated
(with respect to behavior policy)

Josiah Hanna, Phillip Thomas, Peter Stone, Scott Niekum (ICML 2017)
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Behavior Policy Search

Mean Squared Error

Policy

Josiah Hanna, Phillip Thomas, Peter Stone, Scott Niekum (ICML 2017)
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Behavior Policy Search

9 \SE[i] = E,,

00

Policy

Josiah Hanna, Phillip Thomas, Peter Stone, Scott Niekum (ICML 2017)
26 Josiah Hanna



Behavior Policy Search

get Polic

Behavior Policy Gradient Theorem
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Behavior Policy Search

Behavior Policy Gradient Theorem

%
~FMSE[3] = Em)

AQZ

log o (A¢|St)

Josiah Hanna, Phillip Thomas, Peter Stone, Scott Niekum (ICML 2017)

Policy

26

Josiah Hanna



Behavior Policy Search
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Behavior Policy Search

Reach
Destination + 1

Target Probability = 0.999
Behavior Probability = 0.8

Safety Driver
Intervene -

Target Probability = 0.001
Behavior Probability = 0.2

Josiah Hanna, Phillip Thomas, Peter Stone, Scott Niekum (ICML 2017)
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Behavior Policy Search

1. Collect a small number of trajectories with target policy.

2. Improve behavior policy.

3. Collect more trajectories with improved behavior policy.

4. Estimate the target policy’s value using all observed data.

5. (Repeat if desired)

Josiah Hanna, Phillip Thomas, Peter Stone, Scott Niekum (ICML 2017)
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Can we improve on passive evaluation?

Challenges:

M Changing the behavior policy changes the data distribution.

] We do not know the right behavior policy.
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1. Policy evaluation is critical for safe and reliable deployment of

learning systems.

2. Active data collection is necessary for efficient reinforcement

learning.

Josiah Hanna, Peter Stone (AAAI Spring Symposium 2018)
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1. Policy evaluation is critical for safe and reliable deployment of

learning systems.

2. Active data collection is necessary for efficient reinforcement

learning.

3. Behavior policy search connects to counterfactual reasoning.

We(At Ot) . We(At Ot)
7Tb(At Ot) ’fTb(At Ot)

Josiah Hanna, Peter Stone (AAMAS 2019)
Josiah Hanna, Peter Stone, Scott Niekum (AAMAS 2017)
Josiah Hanna, Scott Niekum, Peter Stone (ICML 2019)
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How can an agent efficiently learn to
predict the effects of its actions?

+ 3

Predicting how actions
change the state of the
world.

Can reinforcement learning be data efticient
enough for real world applications?
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Accelerate
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Predicting Action Effects

1. Data efficient policy evaluation
e Simulate outcomes.
2. Data efficient policy learning

e | earn from simulated experience.

33 Josiah Hanna



Simulated Robotics

UTAustinVilla  0:0 FCPortugal 3032

Credit: Patrick MacAlpine

Patrick MacAlpine, Samuel Barrett, Daniel Urieli, Victor Vu, and Peter Stone (AAAI 2011)

Patrick MacAlpine, Josiah Hanna, Jason Liang, and Peter Stone (RoboCup 2015) .
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Real World Robotics

Credit: StreamTeam HTWK
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Credit: Patrick MacAlpine Credit: Patrick MacAlpine
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State: Position / velocity of robot’s parts

Action: Joint commands
Reward: Forward velocity

Policy: Joint positions to joint commands

37 Josiah Hanna



Learning in Simulation
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L earning in Simulation
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Grounded Simulation Learning
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Learning in
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Policy

Alon Farchy, Samuel Barrett, Patrick MacAlpine, and Peter Stone (AAMAS 2013) ,
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How do we make simulation more realistic?

Joint Positions
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How do we modify the policy’'s actions?
h Grounding
Module

Josiah Hanna and Peter Stone (AAAI 2017)

Modified Join
Commands

Joint
Commands

42 Josiah Hanna



How do we modify the policy’s actions”

Modified Joint
Commands

Joint

Predict real Commands

world effect.

Josiah Hanna and Peter Stone (AAAI 2017) .
43 Josiah Hanna



How do we modify the policy’s actions”

Modified Joint
Commands

Joint

Predict real Commands

world effect.

Real world data:

SO7 AO) RO) v oey SL) AL) RL

Josiah Hanna and Peter Stone (AAAI 2017) .
43 Josiah Hanna



How do we modify the policy’s actions”

Modified Joint |
Commands Predict real
world effect.

Real world data:

S())A(%RO)"')SL)AL)RL {St)At} —7 St-l—].

Josiah Hanna and Peter Stone (AAAI 2017)

Joint
Commands
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How do we modify the policy’s actions”

Choose action
that causes

Modified Joint

Commands .
same effect in
simulation.
Real world data:
SO) AO? RO) SRE SL) AL) RL

Josiah Hanna and Peter Stone (AAAI 2017)
43
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How do we modifty the policy’s actions”

Choose action
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Modified Joint

Commands
same effect in
simulation.
Simulated data:
SO) AO? R07 s eey SL) AL) RL

Josiah Hanna and Peter Stone (AAAI 2017)
43
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How do we make simulation more realistic?

Joint Positions
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Modified Joint Chocaclaction Joint
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Josiah Hanna and Peter Stone (AAAI 2017) SlmUIathn .
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Application to Robot Walking
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Application to Robot Walking
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Application to Robot Walking

Josiah Hanna and Peter Stone (AAAI 2017) iE Josiah Hanna



1. Better action modeling will lead to faster learning.

2. Domain simulations offer a starting point for action modeling.

Josiah Hanna, Peter Stone, Scott Niekum (AAMAS 2017)
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How can an agent efficiently learn to
predict the effects of its actions?

4 4

Estimate task Predicting how actions
performance for a fixed change the state of the
policy. world.

Can reinforcement learning be data efficient
enough for real world applications?
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Haipeng Chen, Guni Sharon, Josiah Hanna, Peter Stone, and Bo An (AAAI 2018)
Josiah Hanna, Guni Sharon, Steven Boyles, and Peter Stone (AAAI 2019)
Guni Sharon, Josiah Hanna, Steven Boyles, and Peter Stone (TRB Part C 2017)
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How can an agent efficiently learn to
predict the effects of its actions?
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performance for a fixed change the state of the
policy. world.

Can reinforcement learning be data
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How can an agent efficiently learn to
predict the effects of its actions?

Estimate task Predicting how actions
performance for a fixed change the state of the
policy. world.

State and Action Abstractions
Properties of Prediction Methods

From Prediction to Policy Learning

Can reinforcement learning be data
efficient enough for real world applications”
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State and Action Abstraction
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Drive straight ik



State and Action Abstraction

lurn wheel Accelerate
left
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Prediction Guarantees

Statistical Properties:
Testing -
i Deployment Time

1. Confidence?
2. Consistent?

Josiah Hanna, Peter Stone, and Scott Niekum (AAMAS 2017)
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Prediction Guarantees

Statistical Properties:
Testing .
Time Deployment Time

1. Confidence?
2. Consistent?
3. Unbiased?

Practical Properties:
1. Scalable?

2. Explainable?

Josiah Hanna, Peter Stone, and Scott Niekum (AAMAS 2017)
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More efficient algorithms for
predicting effects of actions.

More efficient algorithms for
reinforcement learning.
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More efficient algorithms for
predicting effects of actions.

More efficient algorithms for
reinforcement learning.

1. Searching the space of possible policies.

2. Transfer evaluation and learning.
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More efficient algorithms for
predicting effects of actions.

Reinforcement learning can be data
efficient enough for real world applications

1. Searching the space of possible policies.

2. Transfer evaluation and learning.

54 Josiah Hanna
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