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Q-learning

MoP &4 X K, )
gl e AR

Q(g Q) = Hff&: a,5 ]
o A (Cﬁr&dﬁf

T (als) = e Q(s,9)
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Action-Value approximation

Langd” Wy

e Find w that minimizes loss between Q™ (s, a) and Q(s, a; w)
e MSE

J(w) = EL[(@(s,2) — Q(s, 2 w))’]
@ SGD samples the gradient

_%VWJ(W) = ]EW[(QW(S, a) — @(5, a, W))VWQTF(57 a W)]

1
Aw = —EaVWJ(W)

Novosibirsk
State
University

*THE REAL SCIENCE

DOROZHKO Anton (Novosibirsk State Univq Policy Gradient © June 6, 2020 4/24



.
U
Incremental Model-Free Control "o + ¢t “‘J’ 7%

A0 apr B0s kas y=09 |
EMWMM go - - A/Z//O
) C \OOOSW‘) 0-9,\’\'5—'—(0 R (S
— Aw = a(gt/— Q™ (st, ar; w))Vw Q(st, ar; w)
e SARSA

Aw = Q(W — Q" (s, a; W)V Q(st, ar; w)

@ @ Q-learning = (. + -+ .
Rl Sy 64 e T & e

Aw = or + @m,ax Q(s, ;s w) — Q(se, as; w))V,, Q(se, a; w)
~_ ' = 7
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What if ?

é(sJOIW) —> T

What if we can directly optimize our expected reward w.r.t. the
parameters of our policy ?

T (as) T, =F[6t]
A 1)
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Policy Optimization

° Mic, parametrized poIicyﬁg -—{(@) S = QA
@ maximize expected return N
N :S) =

J(m6) = Ernry[Ge(7)] Logi ¥
L—
@ SGD with policy gradient L ‘é}”aj@dbrta, '

—~———r
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How to compute policy gradient

@ Derive the analitycal gradient

@ Compute sample estimate
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Policy Gradient

1) Probability of a Trajectory
Q(v’wmv‘wffo)

o_/?c-—'?o-——%ﬂ'

Trajectory L a
507307--- ST+1) /70”
Probability of a Trajectory
Martbo /mperfg,
P(r10) = po %)H\MM@ 3, St)
Take log
logP(7|0) =
60% eec_go + 2 (0% P(SH'J ghat\ﬁﬁ—ﬁ VOSIbH’SR
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2) The Log-Derivative Trick . _1
) Hayx)'= <

1
v, &gﬁe(x)'; 7 7y #(x)
%97’ % hord

VylogP(r|theta) = %ﬂg)@)
|

Rearrange

Hx) V)’( &g ‘ﬁ(){)
VoP(7|0) = P(7|0)ValogP(7|6)
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3) Gradients of Environment Functions

T = % B, LR

LMe

R _ g j 0 (%) Pl o)

° PO(SO)v 'D(St—i-l‘st:at) and Gt(T)
@ no dependence on 6

o Gradients w.r.t 6 are
() = \A(9- p() 4

Novosibirsk
State
University

*THE REAL SCIENCE

DOROZHKO Anton (Novosibirsk State Univd Policy Gradient 13 June 6, 2020 11/24




Grad-Log-Prob of Trajectory

\Y O T —, O
vew :M+Z (Ve lo +1 Staat)
t=0

+ Vg log 7T9(at|5t))

-
= Z Vo log mg(as|s;).
‘—__/
t=0

J—
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VoJ(mg) = ... 6 \

v, B f%’ﬂ VLL - P(zle)
= | 89 wPlle
= | R(7) p(t16], Vo Loy Helo]

= Fmi\}%}) Vey&%@'ﬂe}
R 7 %ol s}

[\ _’{; =0 *govo&b\rsk
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Basic Policy Gradient

Vol(m) = Vo B[R] ded

Ty

=Vy / P(7|0)R(r) Expand expectation
= / VoP(7|0)R(7) Bring gradient under integral
= f P(7]0)Vylog P(r|0)R(r) Log-derivative trick
= lejm [Volog P(7|0)R(7)] Return to expectation form
o Ved(mg) = Tl*]m XT: Vg logmg(ai|s)R(r)| Expression for grad-log-prob
=0
Pout"g %{‘d,{%‘{._ RE\NﬁO P\CF *gogvtgsibirsk
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How to compute expectation ?

A ()= G oy

(o Oy
O—a—2O0—7e —7
S Co a\
, T ¢
@[;MM)R(TH
Sy s
&= 2_2 Velgm(als)R(r) V]

i=1 t=0
@_k‘ﬂ—; @*L_'OWQ‘
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Basic Policy Gradient in words

Q(sa)  sxA—> R

. . . . DN
@ Define policy as parametrized function Te (ms 35 S bA
@ Write the gradient of the loss function
@ Play games collect trajectories (1 or more)
o Compute cumulative discounted rewards for each t ¥ (’L’)
o Compute gradients T .
o Update ers of your policy &7, = @y s

- l-\’_)
e Comment: throw out trajectories

‘__/_’_—/
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Loss is not a normal loss

MSE Losr P
L33 tel=y)

© Data is dependent on the parameters "ﬂ"a
@ Is not connected to performance Jimy) after one step

© So, minimization of this "loss” itself for several steps on the
same batch will not give better rewards.
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Policy Gradient

Consider only future rewards
Ao '(10 Qg Y\\

febee 1 “ dor m%};ﬁ%
R%T)]

Vod(mg) = Err, [Z Vlogme(at|st)

— t=0
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Consider only future rewards

.
Vo(79) = Brr, Y _ Vologm(ae|s)R(7)]
t=0
T ©
Vod(mg) = Errry [Z Vlogma(at|s:) Z R(ss, ar, Ser1)]
t=0 ﬂ:@

R ord =y -9
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Policy Gradient

Lemma

Expy[VologPy(x)] = 0

|

Proof: distributions are normalized — take gradient — log derivative

trick

K%le

Va/Pe(X)IVQ 0

X

W/%M_/%MW@M@JMMW@%M]

/&GK e\
Ao
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Proof of go-to-reward usage —

@Tﬁfva&f“—@ Z K]:
Eﬁ[z &gvrefi "R +ZRjj

I~
Vng(H) = TNWe[Zt OVQ/Ogﬂ'g(at‘St Zt/ St/ dyr, Syt +1

“Z EM”E?*

"L J on
@% +
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Consider only future rewards K

O a 7
P gl
n = T

T T
VHJ(WG) = E’TNﬂ'g [Z Vo/ogﬁa(atlst) Z R(st’7 ay, 5t’+1)]

t=0 t'=t
N,
Why it's better ? 2 R~ ey Var (@/
Recall the sum of random variables with 0 mét;noand some variance.
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Policy Gradient

Improvement: Baseline

~—

Consequence of lemma ww&\— w.ri . O
For Vb(s):
EatN@[Vg/ogm(at|st)b(st)] =0

Vor ?Yff_—;

/—/\\—\/&
Vod(mg) = Me[; Vologmy(ae|s:) (;R S, ay, Sy41) @)]
a

We can choose b to reduce variance. In practice b(s;) = V™(s;) value

function works well.

This allows:
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Basic Policy Gradient

Algorithm 1 Vanilla Policy Gradient Algorithm

1: Input: initial policy parameters @, initial value function parameters ¢
2: for k=10,1,2, " "do

ploy e

Collect set of trajectories Dy, = {7;} by running policy m; = w(6;) in the environment.
Compute rewards-to-go Ry. —
Compute advantage estimates, A, (using any method of advantage estimation) based

5:

on the current value function V, . > ( ‘)
6:  Estimate policy gradient as D—\_)' O‘ S\O\ = \/ (S"“" A’ 4

s * —_—
1 g A
b= e 3 S Vlogmalalsl, A const ¥
~ k| rep, 1=0 ~— “
1of *(60
7. Compute policy update, either using standard gradient ascent, (o2 2
, —1
O = O + g, g9
- =

or via another gradient ascent algorithm like Adam.

8 Fit value function by regression on mean-squared error:
1 z 2
= R Vi(s) - B).
buir = argmin o 3 3 (Vg ~
reDy, 1=0

typically via some gradient descent algorithm.

9: end for
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Policy Gradient

Policy Gradient with automatic differentiation

N T
1 A
VoJ(0) = N Z Z Veologmy(aitlsit)Gi

i=1 t=1
How can we compute policy gradient with autodiff ?

Create a function s.t. it's gradient is policy gradient.
You will implement " pseudo-loss”

N OT
1 o
J(0) = N E E logmy(aj ¢|si¢)Gi

i=1 t=1

cross entropy (discrete) or squared error (gaussian)

DOROZHKO Anton (Novosibirsk State Univq Policy Gradient 27 June 6, 2020

24 /24



It is good if you can ...

000000000

Q

Define Markov Decision Process

Describe some task in terms of MDP

Understand value and action-value functions

Be able to apply Policy Iteration and Value Iteration
Understand model-based vs model-free

Be able to apply MC, TD(0) algorithms to Q-function

Be able to apply Q-learning, SARSA, Expected value SARSA
Describe the " Exploitation / Exploration” dilemma

Understand e-Greedy and " Optimism in the face of uncertainty”
(UCB) ideas

Understand the idea of Policy Optimization (Policy Gradient)
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