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What is RL?

e Mathematical formalism for learning-based decision making.

What for? To reach a goal!
?

e \What's a goal? How do we define a goal?

Using some sort of signals guiding towards (describing) the goal.

press the red

button, get a
banana

Idk who gave me
banana or why but, | do
¢ anything to get banana




Guidance signal = Reward

e |t's just getting complicated, wasn’t Supervised
Learning better? At least, Goals and the
procedure of making decisions are Clear! ¥

NO!

——> More on this in Inverse RL.

What's the reward?

Not that easy!!!



Supervised Learning of Behaviors(Imitation Learning)

e |t worked but does it work in Iran too?
No!

Distributional Shift

— training trajectory
— Ty expected trajectory

Let's see <= Okay let’s collect more data. <=

what RL Kidding, right? &
does!

End to End Learning for Self-Driving Cars, Bojarski et al., 2016


http://www.youtube.com/watch?v=NJU9ULQUwng

Using rewards
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Sparse reward env: If you reach location 16,
you get +1 reward otherwise, 0.

In any settings:

0 = arg maxy K

TNPg

Dense reward env: reward =

[Zt (Stv at)]

1




Break down the objective

6 =largmax{ B, p,) [32, (st a:)] §

Let’s do it.

MDP = (S, A,~,R,p)

Py(r) = Py(s1,0a1,...,87,ar) = p(s1) Hle o (at|st)p(se+1st, ar)
7:=0,...,T Model-Based RL




Important Parameters

® V7(s) = Z;‘F:t, Ep,(s,,a,)[T(8¢,a¢)|8¢] : Total reawrds from s

® Q" (s,a44) = E;‘;t, Ep,(s,.a,) (8¢5 a¢)|8¢, at] : Total reawrds from taking action a; in s,

o V7™(st) = Eqomy(ar)s) (@ (8t5at)] : V7™(s¢) is the mean of total rewards of taking dif ferent actions in s,

e RL's objective = E,, .p(,)[V™(51)] but Q7 (s¢,at) is more expressive.



Vﬂ- (St) — Zz’:t' ]EPG(StI ,at/) [T(St’ ) Q! )|3t]

T
QW (st ’ a'!) = Zt:t’ EPQ(S,I ,Q-tl) [T(St' b a‘t' )Ist b a’t

- Q-Learning

e Intuition: the biggerQ™(s:,a:) is, the better aiis in S¢:

T
Q" (st,at) =D 4y Ep,(s.a0) [r(s¢ s ar)|st, ai]

= r(sta a't) + Est/+1~p(st/+1|st,at) [Vﬂ(st’—kl )] = T(st, at) + maxa, ., Q(st’—f-l ’ a't’—i—l)

A~ maXg, Q(s¢41,a¢11)

Q”(St, at) = T(St, at) + maXg, , Q(st’+1aat’+1)

e 7(s¢,a:)in sparse environments is not in touch!
e t -+ ldoes not exist for the last timestep.

Recall:
0 = argmaxy B, p,(r)[D_; 7(5¢,a¢)]  mlalse) = {

1 a; = argmax Q(st,a:)
0 Otherwise



Q-Learning
Q" (st,at) = r(st,ar) + maXg, Q(s¢41,0av41)

So there must be a memory that stores Q-Values of each (s,, a,)pairs.

But what if s: is an image or a high-dimension quantity? Use Deep Learning. ==

Deep Q-Networks (DQN)
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DQN

1. Initialize replay buffer D. (Make data IID and enables usage of past experiences).

2. Initialize Q(sy,a;) & Q(s:,as)such that § = §. (Reduce non-stationary target problem)

3. With prob €select a;otherwise,a; = arg max,, Q(s:,a:)
4. Execute a; and observe 7+ and S¢+-1.
5. Store (St, A, Tty St_|_1)in D.

6. Sample random a mini-batch from D.

_ Terminal s
Y= + ymax,, , Q(st41,a:+1) otherwise

8. Perform a Gradient-Descent step on (y — Q(s:,a:))?

9. Every Csteps 6=190

Human-level control through deep reinforcement learning, Mnih et al., 2013
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http://www.youtube.com/watch?v=p88R2_3yWPA

1. Initialize replay buffer D.

2. |Initialize Q(s;,a;) & Q(s¢,a;)such that 0 = 0

3. With prob e select a;otherwise, a; = argmax,, Q(s;,a;)
4.  Execute a;and observe ryand Sty 1.

5. Store (s¢,a¢,7,8:41) inD.

6. Sample random a mini-batch from D.

7. Y=rT+ymax, , Q(St+1,at+1)

Rainbow

8.  Perform a Gradient-Descent step on (y — Q(s¢, a;))?

9. Every C steps

Initialize replay buffer D.

Q(s,a) — V(s) = A(s,a): Better measure about a.(Dueling)

€ — Greedyis naive: Use NoisyNets

Same as DQN

Bootstrap 7't (N-Step returns) to reduce Variance.

Imbalance dataset: Use PER (Priortized Experience Replay).

{ (1) 7+ ¥Q(s¢41, arg max,, , Q(s¢1,at+1)) Reduce Over Estimation. (Double]

(2) Z(X,A) = R(X,A)+~vZ(X',A") Learn Distribution not EV for stability.

(C51)
Same as DQN

Same as DQN

Performance would be again on Atari Domain.
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Rainbow: Combining Improvements in Deep Reinforcement Learning, Hessel et al., 2017



Policy Gradient

0 =|argmaxg E, _p, () D, r(se,at)]
J(6)

It's an analytical expression, so let’s find its maximum directly:

J(e) = IETNPg(T

= [ Py(7)r(r)dr

VoJ(0) = fVe)Po 7')7’( T)dT = [ Py(7)Vglog Py(7)r(1)dr = E,.p,(r)[Vo log Py(7)r(7)]

Vo Py(1)

Vo Py(7) = Py() = Py(1)Vglog Py(T)
Py(1)

Py = p(s1) [11- mo(az|s)p(sei1se, ar)
log Py (T) = logp(sl) + ZtT:I log 7T0(at|3t) + Zthl logp(3t+1 |s¢, at)

Vg log Py(1)

=311 Vologmg(ass:)

VoJs(0) = E,p, (XL, Vologme(ar|s) (XL, r(s,ar))]

Reinforce Algorithm
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I otate
Really bad
!

) ™
"; o
Actor Critic

VoJo(0) = E,op, [(Xr1 Vo logmo(as|s:)) Xy r(st,ar))]

High variance! ::

+10 +10 +15 -100 +100 +10

Actor-Critic

Causality trick: Samples from ¢'can’t affect rewards at twhen ¢ < ¢.

Q(st,a:) = r(st,a:) + V(st41)
A(styar) =r(st,a:) + V(se41) —

Vo J(6)

Critic
V(st)

Maximum likelihood

/_\
= E,p,n [(EF, Vo logmo(as|s:))(Xry r(sv,ar))

Q(8t7 a’t)
What if the agent worked good but even better than the expected? Q(s:,a;) —

How much to increase prob

/_\

V(st)

VoJ(6)

- ETNPQ

)[>i—1 Vo loglmy

(at|st)A(st, at)]

Actor

= A(St, a,t)

14



Asynchronous Advantage Actor-Critic (A3C)

// Assume global shared parameter vectors () and (), and global shared counter T = ()
// Assume thread-specific parameter vectors 0" and 0;,
Initialize thread step counter £ 4 1
repeat
Reset gradients: df < 0 and df,, < 0.
Synchronize thread-specific parameters 0’ = 0 and 0, = 0,
tstart =1
Get state s,
repeat
Perform a, according to policy (a|s:; 8')
Receive reward ry and new state sy

te-t41
T+T+1
until terminal $; or { — letart == bmaz
0 for terminal s,

k= V(st, 01,) for non-terminal s¢// Bootstrap from last state

forie{t—1,... lsan}do
R ri+qR
Accumulate gradients wrt 0: d + d0 + V log w(ais:; 0') (R = V(345 0,))
Accumulate gradients wrt 6.,: dfl, < df, | 9 (R \/’(.9,-;0{,))2/80{,
end for
Perform asynchronous update of 0 using df) and of 0, using df),,.
until 7' > Tz

Asynchronous Methods for Deep Reinforcement Learning, Mnih et al., 2016
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http://www.youtube.com/watch?v=0xo1Ldx3L5Q

Ll o o o

RL as Inference

IS 0 = argmaxy E.p,-) [>; 7(s¢,a¢)] @ good objective?

Are humans’ behavior in harmony with the objective?
Does this objective include laziness, tiredness, distraction?
Humans and animals have an important presumption:

Some mistakes matter less than others

So they may not be optimal! And the objective
ignores the notion of optimality!

S4
NS

p(s'|s,a)

P(s1r,a1.7|011)

16



RL as Inference

This is what we want

T —
P(s1.r,a1.7|0nr) = p(s1) [ [, 7(ai|st, Orr)p(Se+1|8¢, ar, Orr)

There is a problem!

Dynamics has changed

Policy: Given that you got high reward, what was your action prob?

P(3t+1 \st, ag, 01:T) # P(3t+1 ‘St, at)

Given that you qgot high reward, what was your transition probability?

We do not want this! Why? The game of lottery: If you’'ve won lottery what was your transition prob
while, winning the lottery without any knowledge about victory is so unlikely!

17



RL as Inference

We want another distribution ¢(s1.7, a1.7)that is close to P(s,.;,a:.2|01.r) but has dynamics
p(si11/8t,a¢) . How? Use variational Inference: [A(z) = [ A(z|2)B(z)dz]

z = Ornr and z= (sur,aur), find 4(2)to approximate P(zlz).

Q(31:T, al:T) = P(Sl) Hle Q(at‘b’t)P(StH |8t, at)

Okay, what do we want? More optimality!

S9
p(s'|s,a) 2

P(s1.r,a1.7|0Ov1)

18



Variational lower bound

Q(SLT, al:T) = P(Sl) H:{:l Q(at |St )p(st“ |St, at)

z =017 2=(sir,arr) Okay, what do we want? More optimality! Let: P(O¢|s:,a:) = exp(r(s:,az))

We know for any random x and z and distributions p and q:

logp

(z) > E.p) [log p(z, 2) — log g(2)]

So:

log Py(Or.1) =2 Efe o4 ,._q[log (p(s1) + E(T:I log p(s¢41 85, a;:) + ZT: log p(Oy s;,a:) — logp(s;) — Z,r:l log p(s¢-1 8:,a:) — ZT:] log
‘I(ﬂf|sf)]

log P(O1.7) > E(sypans)mq Dot (515 at) — log a(ay|s)]

log P(O1.7) > By a1)-q Yoty T(5t,a¢) + H(q(ar|s))]

New Objective: Maximize reward and maximize action entropy!

19



New Objective

Q(81:T, a1:T) = P(Sl) HtT:1 Q(at|3t)P(St+1 ’b‘t, at)

Policy
0 = argmaxg », By, 0)~q[r(st, a2) + H(g(ae|s:))]

q(st]at) = argmaxy Zt E(s,,a,)-»q['r(st, at) + H(Q(at|3t))] = argmaxyg 2[ :E(s,.af)-vq [T(steat) - log q(at |3t)]

Let’s find the max

Base case t=T: Recall: |Dis(qllp) = Evvye) 10955 = Evve) [1099(2)] — vyt log p(a)

ezp(r(sr,ar)) )]

zp(r(sr,ar))dar

E(srar)~q[r(s7, a) —log glar|sr)] = Esp(sy) [~ Dxr(alar|sT)l| 5

Let’s find the min

cap(r (ST’aT)()i = exp(r(sr,ar) — V(sr)
T

(aTlsT) [ exp(r(sr,ar))da

Let define: V(sr) = log [ exzp(Q(sr,ar))dar

Q(STa CLT) = ’I"(ST, a’T)



New Objective

exp(r(sr,ar))
[ exp(r(sr,ar))dar

q(ar|sr) = = exp(r(sr,ar) — V(sr)

]E(S'r,ar)w [r(s7,ar) —logg(ar|sr)] = Esrnq(sr) [EaT~q(aT|sT) [V (s7)]]

For any t:
q(at|s¢) = argmax E,, o(s,) [Eq,~g(ars.) [Z r(se,a¢) + H(g(ae|st))]
= argmax E,, _g(s,) [Ea,~g(a,57) [r(st, ar) + H(q(a¢|st)) + Ep(s, 100 [V(Se41)]]]
= argmax K, _.(s,) [Ea,~q(a,1s7) [Q(5t, ar) + H(q(a|s:))]]
—logg(at|st)
Same ast=T:

alsdlar) = TG = eap(Q(sna) V() @Gsilar) = r(or,0) T+ EV(s0:1)
V(St) — logfewp(Q(st, at))dat Same as regular RL!

21



Recall

Initialize replay buffer D. (Make data IID and enables usage of past experiences).
Initialize Q(s;,a;) & Q(s¢,a;)such that § = . (Reduce non-stationary target problem)
With prob € select @t otherwise,a; = arg max,, Q(s, a;)
Execute a; and observe ¢ andSi+1.

Store (8¢, at, 7, St+1)in D.

Sample random a mini-batch from D.

r Terminal s
vi= 7+ ymax,,, Q(st+1,a:41) otherwise

Perform a Gradient-Descent step on (y — Q(s¢,a;))?

Every C steps 6 =160

22
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o A w

o

Soft Q-Learning

m(als) = exp(Qy(s,a) — V(s)) = exp(A(s,a))
V(st) = log [exp(Q(st, ar))day
Take action a, observe transition and add it to buffer

Sample a mini-batch

y =7 +ysoftmaz,,, Qs (st+1,a:11)
2.
Do gradient descent on (¥ — Q(st,a))?

Every C steps ¢ = ¢

23



Recall

0 =|arg maxy ]E‘TNPQ(T) [Zt (8¢, a)]
J(0)
It's an analytical expression, so let’s find its maximum directly:
J(0) = Eropy(r)[r()] = [ Py()r(7)dT
VoJ(0) = [VoPs()r(1)dT = [ Py(7)Vglog Py(7)r(r)dr = E,p,(r) [Vo log Py(7)r(7)]

Vo Py(r) = Py(7) ;f(HT()T) = Py()Vglog Py()

Py() = p(s1) HtT:I g (at|st)p(ser1st,ar)
log Py(7) = logp(s1) + ZtT:l mo(ar|st) + Zf:l p(st+1]se, ar)
Vo log Py(7) = 31, Vo logmo(as|s:)

VoJs(0) = E,p, (XL, Vologme(ar|s) (XL, r(s,ar))]

24



Soft Policy Gradient

H(m(a|st))

T~
() Zt (s¢,a¢) ~7rstat)[ (St,at)—log’ff(atlst)]

Just a new reward function
Same as before:

Vo (0) = Erp,n) (X1 Valogme(ar|s:))(Xi_q Tnew(st, ar))]
But: logm(a|s:) = Q(st,ar) — V(st)

Vo (0) = Erp,r) (X1 (VoQ(at |st) — VoV (se))(r(se, a) — logm(as|se) + Sy, v(s¢,ap) — logm(ay [sy) — 1))
V(5t+1)

T
= EhP,,(r) Z VBQ(atlS‘t Vev(sc))(T(St,at) Q(%at) ( t) + V(chl) - 1)]
t=1

25



arg min IEs, ~7(8;) [:Eu, ~m(a ;) [DKL (W(sf » A )|

Soft Actor-Critic

ezp(Q(s:, at))

[ ezp(Q(st, ar))dt

argminEy, o), [log s (ar]st) — Qa(st,a,)] : Target ¢

NN NN

Qo(st,at) = 7(st,ar) +vVy(st+1) : Target 6
Vi (st) = Q(s¢,a¢) — logmy (ar|ss) : Target ¢

Initialize parameter vectors 1, 11, 6, ¢.
for each iteration do
for each environment step do
ay ~ mwy(as)
S41 ~ P(Se+1(se, ar)
D« DU {(st,at, 'l'(s,,a,_),s,,H )}
end for
for each gradient step do
Y Y — AvVydyv(v)
0; + 0; — A\oVp,Jo(0;) fori € {1,2}
O ¢ — Ay v,,-,.l.,, ()
Y1+ (1-T1)Y
end for
end for

Soft Actor-Critic: Off-Policy Maximum Entropy Deep Reinforcement Learning with a Stochastic Actor, Haarnoja et al., 2018
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http://www.youtube.com/watch?v=KOObeIjzXTY

Some Codes



RL as Inference

So what!?

epoch: 200

And: Inverse RL - Transfer Learning in RL

random
initialization

Reinforcement Learning with Deep Energy-Based Policies, Haarnoja et al., 2017

pretrained with pretrained with
DDPG soft Q-learning
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http://www.youtube.com/watch?v=7Nm1N6sUoVs

Inverse RL

Okay, does world behave in such an ideal mechanism?

IRL: Learn the reward function from observing an expert then use
RL to learn a policy.

But what'’s the difference between IRL & Imitation Learning?

IRL:
1. Copy the intention of the expert
What's the reward? But the goal is clear, to overtake the 2. Might take different actions

car! Still Idk the reward. @&
Imitation Learning:
1.  Copy the actions of the expert
2. No reasoning about outcome of actions

29



IRL is not easy

Let’s learn the reward and now we know that the expert might not be optimal too!

The hard part is that many reward functions may describe an unique task!

2\ 2|y > D vy
V) v

Does it really matter as far as it describes the task?



IRL’s General Procedure

Given:

LU=

States s € S, actionsa € A
(Sometimes) transitions P(s| s, a)
Sample {7} from 7*(7)

Learn (s, a): 1) reward parameters
Use RL to learn 7*(s|a)

31



Learn a reward function

We use expert’'s data so, take into account optimality!
We defined before: P(O¢|s:,at) = exp(r(s:,at))
P(7|Ov.r,%) o< P(1)exp(d_, Ty (st,at))

p(s'[s, a)

We're given {7; } from 7*(7) so, let's make reward function behave as expert’s data is more likely to be
optimal than @ny other possibie rewards.

L = max ET,'N’R'* (1) [log P(Tz IOI:Ta d)) = max ET,‘NTF'(T) [Tzf)(Ti)] —|logZ

Z = [ P(r)exp(ry(r))dr



Derive a reward function

L =maxE, . [log P(7;|Ov.r,%) = maxE. ;) [ry(7i)] — logZ

Z = [ P(r)exp(ry(r))dr

VoL = Er o (r) [Vyry (i) — 5 [ P(T)eap(ry (7)) Vyry(1)dr

P(7|O1.7,%) It comes from our current policy.

VyL =Eq e (r) [Vyry(T)] = Erepr1000.0) [Vyre (T)]

33



IRL’s General Procedure

Given:

1. Statess € S, actionsa € A

2. (Sometimes) transitions P(s| s, a)

3. Sample {7} from 7*(7)

d Learnry(s,a): VoL =Ern[Virs(1)] — Erepriour,p) [Vory (7))

d  Use RLto learn 7*(s|a):J(0) = B,y au0)~q Sty 7(st5 1) + H(q(ar|s:))]

T

Seems so familiar! =

34



IRL and GANSs

" - Demos are made more likely, samples less likel
Initial policy y p y Hurman Demos

7lT VyL =Eqor (1) [Vyry (T)] = Erep(r10100) [Ty (T)] |

| l
Samples from g (T)/ \Samples from 7" (T)

J(0) = E (s, anr)~a Xt (56, a2) + H(g(ac]se)))

Policy changes to make it harder to distinguish samples from demos.




Transfer Learning in RL

Generally, Transfer Learning is assumed an open problem in RL! Why?

e Domain shift
e Difference in the MDP
e Fine-tuning issues

But, there are some solutions:

e Train on one task, transfer to a new one
o  Transfer visual representations

e Train on many tasks, transfer to a new one
e Transfer Models & Value Functions

36



Transfer Learning in RL

e Transfer representations

Pong Qbert Seaquest Spacelnvaders
100 pmpimpmvaad 1001 Feta] 100 aongy ] B DY
, = : 140
80k [{ { 80F ; 80 120
X Tk 100
v 60 { e Nt 60}
o : 80
S 40F : { 40 | 1 40}, 60
20} [ [= ongma }{ 20} ' | 20 40
: — recovery 20
0o i 2 3 ; 5 6 0o i 7 3 «]1 5 6 Oo 1 2 3 2 5 6 00 1 2 é 4 5 6
steps le7 le7 le7 le7
Convolutional Full-connected
& ' — ot

Input Layer 1st hidden 2nd hidden 3rd hidden 4th hidden Output

™7

=7

84X 84 )
20X 207

Loss is its own Reward, Shelhamer. 4 frames 32 filters 64 filters 64 filters

™>7
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Transfer Learning in RL

e Train on many tasks, transfer to a new one

J(0) = E(syanr)~a Do (56, as) + H(g(ar]se)))

Act as random as possible while collecting high reward!

38



Sum up

Valued-Based RL:

a. Q-Learning
b. DQN
c. Rainbow

Policy-Based RL
a. Reinforce

Actor-Critic (Hybrid use of Value and Policy based RL)
a. A3C

Notion of Optimality

a. New Objective

b. Soft Q-Learning

C. Soft PG
d. Soft AC
Inverse RL

Transfer Learning in RL
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What we did not cover

Model-Based RL

Meta-RL

Advanced Policy Gradient methods: TRPO, PPO
Differences between Off-Policy and On-policy Learning

Exploration in RL: Count-based exploration, Novelty-seeking in RL

40



Practical tips

Always use () PyTorch- Trust me. :)
Be PATIENT!!!

Monitor losses ONLY for being sure that your NNs have not diverged, not anything else.

Usually Colab is sufficient but, paperspace is also available and even better.

Be clever; Rainbow utilized a replay buffer with size 108 including images! Store np.unit8 instead of float for images to
have more memory then, transform them to float at the last step(which is your input to your CNN).

Benefit from Object Oriented Programing.

Transfer of data between RAM and GPU is expensive. Be careful to transfer completely your batch once to reduce

latency!

41


https://colab.research.google.com/
http://paperspace.com
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