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Recap: Markov Decision Process
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Markov property: Current state completely characterizes the state of the world.

A Markov decision process is defined by a tuple: < S, A, R, P,y >.

S: set of possible states

A: set of possible actions

R: distribution of reward

P: transition probability

~: discount factor

State = {0, 1, 2, 3, 4, 5, 6,7, 8, 9, 10, 11, 12, 13, 14, 15}

Action = {up, down, left, right}

Reward = -1 for all transitions

p(s’,rls,a) =Pr{S; =5, Ry =r|S;_1 =s,A;_1 = a}

Gy = Riy1 +7Riso + 7V Rivs + Y Riga + -+

=Ry + (Rt+2 +YRiss + Y Rysa + - )

= Riyv1 +7vGii1




Recap: Value-Based Approach

Policy: ways of acting. It is a mapping from states to probabilities of selecting each
possible action.

Value Function: the expected return when starting in s and following 7 thereafter.

State-value function for policy m: v;(s) = E[G¢|S: = s]
Action-value function for policy m: ¢ (s,a) = E;[G¢|S; = s, A; = a

Relationship: vn(s) = Zﬂ(cﬂs)qﬁ(&a)

qr(8,a) = Z Zp(s’, rls, a)[r + yvg(s')]
Objective: find the optimal policy, which maximizes cumulative discounted reward
(value function).

Q-Learning: a temporal-difference learning method.
Q(s,a) < Q(s,a) + a[R+ymax Q(s', a) — Q(s, a)]

What if there are large number of states, or even infinitely many states? DQN



Policy-Based Methods

RL Goal: Learning a policy to maximize the expectation of the accumulate returns (rewards)
when an agent interacts with the environment.

0" = argmaxyE ), () [Z r(st, @t)]
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Value-Based Methods: learning action-value firstly, then select actions based on the
learned action-value (policy).

Policy-Based Methods: compute the gradient of J(0) w.r.t. O directly, then update the
parameter 0 of the policy according to the gradient.

J(6 Erp( [Zr (s¢,ay) ] = /pg(T)?“(T)dT

VeJ(0) = /Vgpg(’r)r(’r)d’r

= [ 2o ZE D ryar

/Pe )V logpg(T)r(r)dr

= Ermpy(r) [Vologpe(7)r(7)]




Compute the Gradient

Question: How to compute VyJ(0) = E,.,, (- [Vo log pg(7)r(7)] ?

po(T) = po(s1, a1, s2,a2,s3, a3, ,sT,ar)
= p(s1)p(a1|s1)p(sa|s1,ar)p(as|s2)p(ss|s1, a1, s2,a2)p(as|ss) - -

= p(s1)m(a1]s1)p(sals1, ar)m(az|s2)p(s3|s2, az)m(as|s3) - - -

T
= p(s1) H [mo(ae|se)p(ses]se, ar)]
t=1
T
log pg(7) = log p(s1 +Z log mg(at|st) + log p(st+1]st, ar)]
t=1
T
Vg logpe(1) = Vg log (s +Z Vo log mo(at|si) + Vo log p(sit1]se, at)]
t=1

Vo log mg(as|sy)

||Mka

M%

= Vo J(0) = Errpyr) [Z Vo log mg(as|st) (8¢, at ]
t=1 t=1

N T T
Monte-Carlo Sampling: v,.J(6) ~ ;fz KZ Vo log T (ais|s; t)) (Zr (si0laiy) )]

=1 t=1 t=1



Algorithm: REINFORCE

1. sample {7'} from my(a¢|s;). (i.e. Tun the policy)

2. compute gradient of the cost function.

1 N T T
Vo (0) ~ N Z [(Z Vo 10g7T9(Clz',t|Si,t)) (Z T(Si.t@z‘,t))]

1=1 t=1 t=1

3. update policy parameters: 6 < 6 + aVyJ(6)

T

1
Vo J(0) = ﬁz ng log 7y a”|s” Zr szt|a”
t=1 t=1
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approximate this mapping.



Q Example: Gaussian Policies (Continuous Case)

1. sample {7'} from my(a¢|s;). (i.e. Tun the policy)

2. compute gradient of the cost function.

1 a d
Vo (0) ~ Z KZ Vg log 7T9(®i,t|3i,t)) (Z T(Si,t|ai,t))]
=1 t=1

t=1

3. update policy parameters: 6 < 6 + aVyJ(6)

mo(at|se) = N(ge(st),ch)

_ 1 ox {1(0,,5—99(315))2}
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1 1
log o (arlst) = =5 5 (ar = go(s:))" +log ——

1
Vi log mg(as|sy) = 2 (ar — go(st))



Q Summary: RL Algorithms (So Far)

Reinforcement Learning Algorithms

Model-Free Methods Model-Based Methods

P

Value-Based Approach

Q-Learning
SARSA
DQN




Case Study: Application on Robot Locomotion

state (observation): {0, hy, vy, wh, 4, G, G, ax—1,C'}
action: low-impedance joint position commands
algorithm: TRPO

Stochastic
rigid body modeling

Deploy on the
real system

Reinforcement
learning in simulation

Train actuator net
with real data
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Q Case Study: Application on Robot Locomotion

Base Velocity Tracking Performance of the Learned Controller While Following Random Commands

1.0F l | | | | =
0.5

0.0

Velocity [m/s]

-0.5

0.4k444 , 2

=1

0.2

0.0

Velocity [m/s]

-0.21

T
|

1.0
114"

0.5
0.0

[o————

-0.5

Yaw rate [rad/s]

-1.0

I
r—
[=
pp——
(X
I

0 10 20 30
Time [s]

(A) Forward velocity, (B) Lateral velocity, (C) yaw rate. For all graphs, the dotted lines represent the commanded velocity and the solid lines
represent the measured velocity. All commands are followed with a reasonable accuracy even when the commands are given in a random fashion.
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Thanks for Listening
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