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Deep Learning Essentials

10. Reinforcement learning

Markov decision process, policy gradient methods, ...

Lukas Neumann

Adapted from B3B33UROB slides of Karel Zimmerman



https://cw.fel.cvut.cz/b241/courses/b3b33urob/start

Markov Decision Process (MDP)

* Describes behaviour of a decision-making agent (e.g. robot)

A situation the agentis in (e.g. positionon a

States: xeR" ) i
map, chess board configuration, ...)

Actions: u € R™ An action the agent can do (e.g. move,
place a tick, ...)

Model:  p(x'|x,u) When an action is taken, what happens next

A number given to the agent for certain states
or actions

Agent’s plan (strategy) that says what to do
in given state

Rewards: r(x,u,x’) € R
Policy:  7(u|x)

* The goalis typically finding the Policy with the highest Reward
m* = argmax J; (e.8. Jr=E r{ Z vire})

Te~T



Markov Decision Process (MDP)

* Let’s consider a 3x4 grid world. The agent starts at cell (1,1) and aims to reach

the Diamond at while avoiding Fire. The agent can move in four directions but
cannot go through the wall.

States:
Actions:
Model:
Rewards:

Policy:

Agent position in the grid, position of
the Fire and the Diamond

+1
3 w
UP, DOWN, RIGHT, LEFT
. 2 ¥
With 80% chance the agent goes 1
in intended direction, 20% random 1 Bt ‘__& L,
+1 for reaching Diamond, ——
3

-1 for Fire, -0.01 for each move 12 &

Go UP/DOWN until agent’s Y axis the same as the Y axis of the Diamond.
Then go LEFT/RIGHT until agent’s X axis matches the Diamond



In practice, there are many possible problems with each component

States: xeR" incomplete, noisy
Actions: ueR™ continuous high-dimensional
Model: p(x'|x,u) inaccurate model

Rewards: r(x,u,x’) € R hard to engineer

Policy:  7(u|x) execution endangers the robot / others



' Model identification ;
we——) | ¢ given some trajectories | —
. estimate model

" = argmax J,
] v

- given the model and reward §

|

'r(x’ u, x') estimate optimal policy/plan
T Reinforcement learning : — arg max J,
== | o given rewards and trajectories, . i -~

______________________________________________________________________________

______________________________________________________________________________

Inverse reinforcement learning :
ww—® | . given optimal trajectories
i estimate reward function :

r(x,u,x’) eR

|



Markov Decision Process (MDP)

r(X, u=1" -

Tr(\l/ \)/

T(x u \N‘ 1"
T(u = ) S

/X)‘OQ

Stochastic policy for discrete control:

mo(ulx) ~ p(u; p) X




Markov Decision Process (MDP)

'r(x u—l)——|—1
u—1|x)—09 X

Ir(x’u 1 /® >
m(u=

1

Xo-‘: ?"'X./
s U — /1
T(XU\N‘ < 9.2 = X
= -1 2lx’ ~1 P
7Tu\ X)‘OQ /X)>0.1

Stochastic policy for discrete control:

mo(u|x) ~ p(u; p) X_>




rxus =g X

r(u = \3/

T(x u \N‘ 1"
T(u = ) S

I)\oz

V(x) value is the discounted sum of the rewards to be earned on average from
state x

Vi) = E[3 Are] = E[r(r)] = / p(rlm)r(r)

xXp=x xXQ=x
t=0 T: X=X

VT(x) = 222



rxu==g X

rlu= \“/

T(x u \N‘ 1"
T(u = ) S

I)\oz

V(x) value is the discounted sum of the rewards to be earned on average from
state x

) = E[> yreal = E_[r(r)] = | primre)

XO =X xo =X
t=0 T X=X

Vi(x)=08%(1409%x14+0.1%x(—1))+0.2x(—-1)=1.24



Markov Decision Process (MDP)
r(x,u=1)=+1

r(X, u=1" -

Tr(\l/ \)/

T(x u \N‘ 1"
T(u = ) S

/X)‘OQ

Q(x, u) value is the discounted sum of the rewards to be earned on average
from state x by taking the action u

Q) = E (> yre] = E () = [ vt

xo_x xo =X R .
ug=u t=0 ug=u TiIXQ=X

ug=u



Markov Decision Process (MDP)
r(x,u=1)=+1

1

X — N X
r(x u/\% m(u=1|x")=0.9 7
X@ 7((\1/ /
[ — 7r /
T(X u— 2) —_ \\ ! (ll élé/?c/?) -~ ~7 x!"
7r(u\ /X)‘OQ . )§0.] e

Q(x, u) value is the discounted sum of the rewards to be earned on average
from state x by taking the action u

Q) = E (> yre] = E () = [ vt

xo_x t 0 xo =X
up=u up=u

Q" (x,u=2)= 272

’TZXO =X
ug=u



Markov Decision Process (MDP)
r(x,u=1)=+1

1

X — N X
r(x u/\% m(u=1|x")=0.9 7
X@ 7((\1/ /
[ — 7r /
T(X u— 2) —_ \\ ! (ll élé/?c/?) -~ ~7 x!"
7r(u\ /X)‘OQ . )§0.] e

Q(x, u) value is the discounted sum of the rewards to be earned on average
from state x by taking the action u

Q) = E (> yre] = E () = [ vt

xo_x t 0 xo =X
up=u up=u

Q" (x,u=2)=-1

’TZXO =X
ug=u



Markov Decision Process (MDP)
r(x,u=1)=+1

xu=1=44 x’ ru=1x)=09 X"
(u/l\x):'/" .
X
®-=: T(X - TX,U§2) <"
o \M =2y S~ ,
=2x) =09 =07

Q(x, u) value is the discounted sum of the rewards to be earned on average
from state x by taking the action u

Q) = E (> yre] = E () = [ vt

T~
xo =X t 0 xo =X
up=u up=u

Q" (x,u=2)=-1
Q" (x,u=1) =772

T X=X
ug=u



Markov Decision Process (MDP)
r(x,u=1)=+1

!/ 1

=4 = X ru=1x')=09 X
X Tr(u/ 11x) / "
—— r /
® (X, u =3 Xiu 2 = x""
i \N‘ xS ~1 ;
=2x) =02 0.1

Q(x, u) value is the discounted sum of the rewards to be earned on average
from state x by taking the action u

’Tl'
% >
Q u TN’JT ’7 ’rt+1 TrT

xo =X t 0 xo =X
up=u up=u

Q" (x,u=2)=-1
Q"(x,u=1)=14+09%1+0.1x%(-1)=1.8

E_[r(r)] = / p(r|m)r(r)

'TZXO =X
ug=u



(u/) x’

(\1/ \)/

r(x u \N‘ "
7T(u — ) ).(

/)\02

Advantage function A(x, u) is the average gain/loss in reward by taking the
action u compared to the baseline policy

AT(x,u=1)=Q"(x,u=1) - V7(x) =772



rxu =Yg Ny

r(u = \3/

?“(x u \N 1"
T(u = ) S

I)\oz

Advantage function A(x, u) is the average gain/loss in reward by taking the
action u compared to the baseline policy

AT(x,u=1)=Q™"(x,u=1) - V™ (x) =1.8 —1.24 = 0.56
A"(x,u=2)=Q"(x,u=2)-V™(x) =-1—-1.24=-2.24



Stochastic policy .

) . X B p(u=1x) u
discrete control: o i p(u — 2|X) ) =
mo(ulx) ~ p(u; p) [

u
1. Initialize policy g (u|x) = f(x, )
2. Collect trajectories T with policy 7g
3. Optimize criterion: 0 := 0 + « 8}]}—@ What is the gradient ?
0

4. Repeat from 2

You control a robot with u = 2 and the sum of rewards r(7) is high, how to change policy?

You control a robot with u = 1 and the sum of rewards r(7) is small, how to change policy?



Assume that you took action X; in the state u;

8J(9 N Z 6log(7ra ut|Xt)) T (7)

Sum of rewards along the resulting trajectory.

Direction (in @ -space) that increases probability of performed action.



Assume that you took action X; in the state u;

8J(9 ~ Z 810g(7r9 ut|xt)) () -
\

Sum of rewards along the resulting trajectory.

Direction (in @ -space) that increases probability of performed action.



Assume that you took action X; in the state u;

8J(9 ~ Z 810g(7r9 ut|xt)) () -
\

Sum of rewards along the resulting trajectory.

Direction (in @ -space) that increases probability of performed action.



REINFORCE algorithm

X = X plu=1x> u=1
»-p(uh) w>

Assume that you took action X; in the state u;

3J(9 ~ Z 610g(71'9 ut|Xt)) () -
\

Sum of rewards along the resulting trajectory.

Direction (in @ -space) that increases probability of performed action.



REINFORCE algorithm

X = X . ? mu:ut

Assume that you took action X; in the state u;

3J(9 ~ Z 610g(71'9 ut|Xt)) () -
\

Sum of rewards along the resulting trajectory.

Direction (in @ -space) that increases probability of performed action.



Stochastic policy
discrete control

) . X B p(u=1]|
' - w> I p(u=2
me(ulx) ~ p(u; p) 0

Initialize policy mg(u|x) = f(x, 0)
Collect trajectories T with policy g (1|X)

Update policy:

- Z 5’10g(7r9 ut|xt)) o (7)

. (6)
90

0:=0+ «

Repeat from 2



Stochastic policy

discrete control: —p l- ggﬁ i %Ii% m» u
m(ux) ~ p(u; p) O

u
1. Initialize policy mg(u|x) = f(x, )
2. Collect trajectories T with policy g (1|X)
3. Update policy (Actor)
aﬁactor(g) Z 810gﬂ'9(ut’Xt) . A(ll - )
= 89 ty &t
00 (ug,x¢)ET
8ﬁca,(:t',or(‘g) \
0:=0+a o0 Advantage function

4. Repeat from 2



Stochastic policy
discrete control:

- B p(u=1x) u
—» B plu =2 m>
me(ulx) ~ p(u; p) [

Initialize policy mg(u|x) = f(x, 0)
Collect trajectories T with policy g (1|X)
Update policy (Actor)

OLactor(0) 3 0 log mo(ue|x¢) (’r‘-l—’wa(X') — Vw(X))
a0 a0 S ~ g

(ug,x¢)ET A, Vv

o 8ﬁca,(:t',or(‘g) /
=0+« 50

Advantage function
approximation

Repeat from 2



Stochastic policy
discrete control:

- B p(u=1x) u
—» B plu =2 m>
me(ulx) ~ p(u; p) [

Initialize policy mg(u|x) = f(x, 0)
Collect trajectories T with policy g (1|X)
Critic: Update value function to predict observed values V,(X) < 7 + vV, (x)

Loio(®) = (7 +9%0) = Vo))

"

A

Actor: Update policy

AL actor (0) : Z 0log g (ug|x¢) _ (fr+nyw(x’) _ Vw(x))
a0 a0 ) ~ g

(ug,x¢)ET A,

8ACactor (9)
o0

0 := 60+

Repeat from 2



& Reinforcement learning

OpenAl Gym (Gymnasium)
https://github.com/openai/gym

import gym

env

obs
for

gym.make('CartPole-v1")

env.reset()

i in range(1000):
action, state = model.predict(obs, deterministic=True)
obs, reward, done, info = env.step(action)

env.render()

if done:

obs = env.reset()



https://github.com/openai/gym
https://github.com/openai/gym

Reinforcement learning

e Starcraftll
* Deepmind AlphaStar beaten top-end professional human
gamers 5:0
* No single best strategy
* Partially observable
* Longterm planning (delayed rewards from upgrades)
* Real-time
* Large action space

12:03 4 REPLAY

W3 EAlphaStar



Reinforcement learning

e Starcraftll

* Deepmind AlphaStar beaten top-end professional human
gamers 5:0

* Supervised training to learn basic strategies

Collect Miné’rals and
Gas. ‘ot e
N T z '(li"\,.. 2ol

““Move to Beacon

““Collect Mineral
Shards




Reinforcement learning

Starcraftll

* Deepmind AlphaStar beaten top-end professional human
gamers 5:0

Supervised training to learn basic strategies
Supervised training from played games

14 days of reinforcement learning by playing against 2
grandmasters

Previously Trained Agents AlphaStar Training League

8000

7000 -

6000 -

Supervised Learning

5000

4000 -

3000

Estimated MMR

2000

1000 -

T T T T T T T T
] 2 4 6 8 10 12 14
Training Days



* Playing board games

[ ]
— RL guides the search efficiently
Amount of Search per Decision

Human State-of-the-Art

Grandmaster AlphaZero Chess Engines
. >

100's 10,000's 10,000,000 s

of moves of moves of moves

Reinforcement learning

Brute-force algorithms have no chance in huge state-action spaces

Chess Shogi Go
<SEx; g #L.
34, g %l
v ’,_’ \'-\.'\'- 3 X ' ‘\ e
A 532 \“'
g
AlphaZero vs. Stockfish AlphaZero vs. EImo AlphaZero vs. AGO
W:29.0% D:70.6% L:0.4% W:84.2% D:2.2% L:13.6% W:68.9% L:31.1%
oy B | bt
o | IS i
W:2.0% D:97.2% L:0.8% W:98.2% D:0.0%  L:1.8% W:53.7% L:46.3%

Az wins [l AZdraws AZ loses Az whiteO) Azblack @



Reinforcement learning

* Learning complex movements in simulations

This agent, trained on several terrain types, has
never seen the "see-saw" terrain.

-
s
-

—
.l

)

\




Reinforcement learning

* Learning complex motions in reality by parallelizing and automatizing rewards

manipulator+ RGB camera







Competencies gained for the test

 Markov Decision Process
* V-value, Q-value, Advantage function
* Policy gradient methods (REINFORCE)
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