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Model-Free RL

+ Value-based methods
@ Learnt value function
@ Implicit policy

+ Policy-based methods
@ No value function
@ Learnt policy

+ Actor-critic methods
@ Learnt value function

@ Learnt policy
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Overview of Modern RL Methods

RL Algorithms
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Actor Critic architecture
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Policy Gradient Intuition

Vo) (6) ~ i (z Vo log o (ayels; t)) (i r(sie ai,t))

1=1 t=1

1 1
Vo] (0) = Nz Vologmg(z;) 1(1;) maximum likelihood:  VgJpp.(0) = NZ: Vo log g (1)

i1V log mo(Aj ¢|Sit)

+ Good stuff is made more likely

+ Bad stuff is made less likely

+ Simply formalizes the notion of “trial and error”!
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Bias and Variance of Policy Gradient

1 N
Vo) (6) ~ = ) Vg logmy(z) 7(z)
=1

T~

The main source

+ Unbiased estimation: of high variance

E

N
1
Nz Vg log mg (7;) T(Ti)‘ = VgJ(6)

I But suffers from high variance!
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Reducing Variance

+ Everything in the gradient whose expected is zero could be removed, without
affecting the optimization, but could lead to lower gradient variance!

+ Causality trick

+ Discount factor

+ Baseline

+ Actor-critic

+ Optimization techniques:
@ Natural gradient

@ Trust region
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Reducing Variance: Causality

*Ve](H)z%Z’iil(Z 1 Vo lOgTCH(alt‘Slt))(Z 17"(51t» 1t))

+ Causality: policy at tome t’ cannot affect reward at time t when t<t’

1 N T
*N thz V lOgTCH (alt‘slt) (ar(alt"slt')
i

T

Z

r(a; Si,t'))

1
*_
N .

T
D, Vologmg(a; ¢|s; ¢)
1t=1

“reward to go” Q;;

Deep Reinforcement Learning Sharif University of Technology, RIML lab - Spring 2026 Lecture 06-08: Advanced Policy Gradients



Reducing Variance: Discount Factor

N T
1
option 1:  VgJ(0) = NZ Z‘ Vo log g (i c[Sic) (2 v' _tr(sn t'r Aj ¢/ ))

i=1 t=1 t'=t
Not the same!

option 2:  VgJ(6) = %i (ZT: Vg logmg(ajs;, t)) (2 y i (sie, ae )) /

1=1 1

N T
1
VoJ(0) zNZZV logng(alt‘slt) (2 yi- 17"(51t’»ant ))
N T
1
VHJ(H) ~ NZZVLL 1V9 logng(alt‘slt) (2 yt _tr(slt”alt ))

t' =t
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Reducing Variance: Baselines

N
1
Vo) (6) ~ = ) Vg logps() [r() — b]

A convenient identity

po(T)Vg logpe(T) = Vgpy (1)

1 N
b=NZr(T)

E[Vg logpg(7) b] = fpe (7)Vg logpe(7) b dt = fVepe ()b dt = bVg fpe (7)dt = bVel =0

Subtracting a baseline is unbiased expectation!

Average reward is not the best baseline, but it’s pretty good!
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Analyzing Variance

Var[x] = E[x?] — E[x]?

VH](H) — ET~p9(’L’) [VH log pg (r) (r(z) — b)]

Var = E_po ) | (Vo logpg (1) (r(1) = b))”| = Evepyy [V log pp (v) (r(x) — b))’

g(7) this bitis just E;p, () [Vg log pg (v) r(1)]
baselines are unbiased in expectation

dXZr = %E[g(’r)z(r(f) — b)?] = ;—b(E[g(r)Zr(r)Z] — 2E[g(0)%r(t)b] + b2E[g(7)?])
= —2E[g(t)*r(r)] + 2bE[g(r)*] = 0
h = E[g (T)ZT'(T)] Thi.s is just expect.ed reward., but
E [ g (T)Z] weighted by gradient magnitudes!
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Reducing Variance: Baselines

Faster convergence:
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Reducing Variance: Review

+ Exploiting causality
@ Future doesn’t affect the past

+ Discount factor

@ Two different version

+ Baselines

@ Analyzing variance for deriving optimal baselines

+ Now: Introducing actor-critic methods!
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Policy Gradients so Far

T

Algorithm: Qn(xt; ut) — 2 T(th, ut’)

I
1.sample {t!} from my(a;|s;) (run the policy) d

2NVg](0) = Zi(Zt Vg log g (aHSD)(Zt 7"(5{» a{))

Generate

samples
(i.e. run
the

policy)

model to
estimate

return

3.0 «< 0 + CZVQ_](H)

Improve
the policy

"\ ~ 0 <0+ aVy/(6
Vg log mg(aj¢|sic) OHA o] (6)

reward to go
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Improving Estimation of Reward to Go

T T
2 Vg log g (ai,t‘si,t) (2 T(Si,t’» ai,t'))

t=1 t'=1

N— __ 7
g

1
N <

l

Vo] (0) =~

N
=1

reward to go

Q; :: estimate of expected reward if we take action a; . in state s;;

“How to make a better estimate?

T
Q(s¢, ap) = 2 En,r(sy,ay)|s, ag]: true expected reward—to—go
t'=t

=

T
1
Ve](©) =+ > > Vglogme(agsiy) Q(sie ase)

t=1

|l
p—

l
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Improving Estimation of Reward to Go (cont.)

dFurther improvement: Adding a baseline!

Q(s¢, ap) = 2 Eq,r(sy,ay)|s, agl: true expected reward—to—go
t'=t

Vo] (0) =~ Ve log g (aj¢[si¢) (Q(sie aic) — by)

=
N1~

1
N
1

|l
p—
Lo
|l

l

_ %2 Q(sip ajr)
|

V(sy) = Eat~n9 (a¢|S¢) [Q(st, ap)]
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Advantage Value

T

Q0" (s,,a,) = E_ [r(s,,a,)|s: a;|: total reward from takinga;ins

tr At 2 Emg t/rd’ )|S¢e, dt 8 d 111 5¢
t'=t

V*(St) = Eajenpa,sp Q" (S, ap)]: total reward froms,

A" (s¢,ar) = Q" (s¢,a) — V™ (s;): how much better a;is

1 N T
Ve/(e)zﬁz

P 1V910gﬂ9(ai,t‘si,t)An(Si,t: a; ;)
L= =

The better this estimate, the lower the variance
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Advantage Value Approximation

y T T 1T
Q" (S, ap) = z E7T9 [T(Str, at/)‘sb at] flt Q VT orA
t'=t
" — t Generate .
V(S0) = Eqpory(ag|s;) Q7 (S0 a0)] = ™
the estitmate
- urn
A" (St' at) — Qn(stl at) _ Vﬂ(st) policy) =

N T
1
Vo] (0) =~ ~N Z Z Vg log g (ai,t‘si,t) An(si,t» ai,t)

1=1t=1
Improve
the policy

Qn(st' at) — z ETL'Q [T(Stl, at’) ‘Sb at]

ti=t . 0 <0+ aly/(0)
= r(spad + ) Er,lr(se,ap)lspad
t'=t+1
~VT(St4+1)
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Advantage Value Approximation (cont.)

fit Q™ V™ orA™

+Q"(sp,ar) =r(spap) + V™ (St41)

Generate Fit 3

+ A" (s, a;) = 1r(sg,ap) FV(Se11) = V™(sy) b model to

the
policy)

estimate
return

Improve
the policy

0 < 0 + C(Vg](@)

/)

V7 (s)
parameters ¢

| . L | |
!
| i\ ) ’ ’
Seh Aol e A A AL
o o."\. e .".‘l.l. . ‘I.' . ,"
:" A |. I.' | l.‘ 2% ",\ ' .| ’\.': ’
5 i s

+ Let’s just fit V7 (s)!

" N .Y &
| | L]
“ \A
Q'. ( W\
: "‘ .: .‘)‘u | ‘.
\ “‘|..\ \
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Policy Evaluation

T
V(50 = ) Erylr(se,ap)lsd

t'=t
Generate :
J(0) = Es, ~p(sp[V™ (51)] camples model o
. . the estimate
How can perform policy evaluation? oolley] return

Monte Carlo policy evaluation (this is what policy gradient does)

T Improve
h li
Vi(s) ~ ) r(su.ap)
t’:t g fég
V fs 0 <06 + (1\79](8)
N T j
- 1

V(s = NE 2 r(sy,a)

i=1t'=t

(requires us to reset the simulator) .
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Policy Evaluation (cont.)

4+ Monte Carlo estimation with function approximator:

| 3
.8 \
= e 5 _
> e ¢ ( E ::E%' E l’TlS'
P S s o
‘s ' I)l‘]c‘]l]('t“l\ﬁ o/
T P R
[ ~
V (St) ~ E T(St’: at’)
t'=t

not as good as this: V™(sy) z% N X T(Sy,ay)

but still pretty good!

the same function should
fit multiple samples!

training data: {(su, f,=tr(si,tr,ai,tr))}
J’Yi,t

supervised regression L(¢) = =%, |77 (sp) — ; |2
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Policy Evaluation (cont.)

4+ How to make a better estimate?

Ideal target:

T
Yit = Z Er, [T(St'» at')‘si,t] ~ T(Si,t; ai,t) + Vﬂ(si,t+1) ~ 7"(Si,t; ai,t) T VJ)T (Si,t+1)
t'=t — _

directly use previousvfitted value function!

Monte Carlo target:

T

Vit = 2 7"(Si,t’» ai,t’)

t' =t
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Policy Evaluation (cont.)

4+ Bootstrap Estimation with Function Approximator

ideal target:

T
Vie = ) Fnglr(senap)lsd = r(siwase) + Vg (si01)

t' =t

N

training data: {(si,t,r(si,t, aj) + Vg (si,t+1))}
yvi,t
supervised regression:

1 "
L) =5 ) VgD =il
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Batch Actor-Critic Algorithm

batch actor-critic algorithm:

.sample {s;a;} from my(als) (run it on the robot)

fit V(I’f(s)to sampled reward sums

.Evaluate

> Vo] (8) = X Vglogmg(a;ls;) A™(s;, a;)

.> 0 <—9+a\79](9)
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Generate
samples
(i.e. run

the

policy)

V”( )
parameters @

Improve
the policy

fitVm

Fita
model to
estimate

return

0 < 0 + (1\79](6)
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Actor-Critic Algorithm: Architecture Design

batch actor-critic algorithm:

.sample {s;a;} from my(als) (run it on the robot)

.fit ﬁgﬁﬂto sampled reward sums

.Evaluate

> Vo] (0) = X, Vglogmy(a;ls;) A" (s;, a;) two network design simple & stable
+

- no shared features

> 0« 0+alyjo) between actor and critic

vr

~

v

S
U

T
N S .;f‘.-,. ,
1 X %‘;_{ i\
o .' ":!' ‘ ‘.,IJ'.'.
e e ok ol et
l:n :l :l’.! .“I 'n; -.;l,
RO SR SRS S Y

shared network design

b o TR S ® e
B s Bt Tt T ¢ >& : {\
S ey @ T o B T A S
T R T R W T G (a | s) R .y @)
s GiEciHcier Tolals S Ge o
- ’“q::"-.'.‘.'f.:‘_ ‘ . : { '\.1_.‘-';.“.,“-‘..' “ j-,,:/.;:_TE?-‘.-“‘._E,.-( )"3;&_\. £E\( 1
¢ g S . .’ ﬂ-'.' ‘:‘- ! ‘_J'--‘:f..". :‘:. ! )i \ N ( ﬁ..-"&:,"lf —\3‘:_!
4 .'_l“g.'-' . ":)l..;.: :.’,J‘ (.' A ' ﬂ’li':' ® "'&,.‘) y .
) { T s ¥4 4
t ’ ? &
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Actor-Critic Algorithm: Architecture Design

batch actor-critic algorithm: online actor-critic algorithm:

.sample {s;a;} from my(als) (run it on the robot) . take action a~ my(als), get (s, as’,r)

.fit VF(s)to sampled reward sums . update Vg using target r + ngg(s’)

.Evaluate . Evaluate
b.> Vg](8) = X, Vg logme(a;ls;) A7 (s;, a;) b.> Vg](6) = Vglogmg(als) A™(s,a)

> 0« 0+aVyjo) > 0« 0+aVg/(6)
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Proximal Policy Optimization

+We don’t want the new policy to change a lot in an iteration. Why?

D, (7 (- |9)||mg (]5)) < €
+ What is the effect of the constraint?

+ Recall KL-Divergence:

Tlg! (a|s)
mg(als)

Dy (g (. \S)Hng (. \S)) = X,y (als)log

TL'Q/(CL|S)

mg(als)

+ We are effectively constraining the ratio

Deep Reinforcement Learning Sharif University of Technology, RIML lab - Spring 2026 Lecture 06-08: Advanced Policy Gradients



Proximal Policy Optimization

Let's design a simpler objective that directly constrains

r(A|S
"' ) A7 (s, a),
+argmax E min 7o (AS)
& , {s~ug,a~mg} _ TL’QI(C”S)
g clzp(n 25) ,1—¢€,1+¢€)A™0(s,a)
0
[ CLIP A>0 1_/jl<0
1—¢€ ifx<1—¢€ E
+Where clip(x,1—¢,14+¢€)=%5 x ifl—e<x<1+e¢€ ;
1+ € ifx>1+¢€ §
0 l ;+( G VL(T'LIP |
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Proximal Policy Optimization (cont.)

PPO-Clip Algorithm:

1.Input: initial policy parameters O,, initial value function parameters ¢,

2.for k=0,1,2,... do

3. Collect set of trajectories D;, = {7;} by running policy m, = m(6;) in the environment.
A Compute rewards-to-go R,.
5. Compute advantage estimates,A;, (using any method of advantage estimation) based on the current

value function V¢k.

6. Update the policy by maximizing the PPO-Clip objective:

T
1 g (ae|se)
0, .. = arg max E E min A" (s;,a.), gle A"k (s, a;.)) |,
Kt 5 0 |D%|TTED;@ o T[Bk(atlst) vt g( vt )

typically via stochastic gradient ascent with Adam.

7. Fit value function by regression on mean-squared error:
T
e =arsmn s 2, D (Ko =R’
= arg min S¢) — ,
TED, t=0

typically via some gradient descent algorithm.
8.end for
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Environments

A
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PPO Results

HalfCheetah-v1 Hopper-v1 InvertedDoublePendulum-v1 InvertedPendulum-v1
1000 e TV
2000 2500 8000 77 K\j\? A AR o RN
A :
AN 800
1500 ‘/Nf\
2000 AV / 5000
1000 1500 600
- 4000
400
1000 NKPJ\
0 ,.’«M 2000 |
-500 /
0 e 0 0
0 1000000 0 1000000 0 1000000 0 1000000
Reacher-v1 Swimmer-v1 Walker2d-v1
— A2C
120 :
~20 — A2C + Trust Region
’____/\M 100 3000 —— CEM
Vanilla PG, Adaptive
60 60 2000 P
‘ TRPO
-80 40 = —
W
20 /€W 1000
—100 AN R
0 WMM/W /)eé;;"—"’"""f
o

-120 0
0 1000000 0 1000000 0 1000000

Deep Reinforcement Learning Sharif University of Technology, RIML lab - Spring 2026 Lecture 06-08: Advanced Policy Gradients



Soft Actor Critic

One cause for the poor sample efficiency of deep RL methods 1s on-policy
learning: some of the most commonly used deep RL algorithms, such as TRPO

(Schulman et al., 2015), PPO (Schulman et al., 2017b) or A3C (Mnih et al., 2016),

require new samples to be collected for each gradient step.

ture parameter (Haarnoja et al., 2017). More importantly, the maximum entropy

formulation provides a substantial improvement in exploration and robustness: as

discussed by Ziebart (2010), maximum entropy policies are robust 1n the face of

model and estimation errors, and as demonstrated by (Haarnoja et al., 2017), they

improve exploration by acquiring diverse behaviors. Prior work has proposed
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Soft Policies

T

J(@) = ) Esyap-pelr(suad) + adt (n(-Is)].

t=0

4+ How does the Bellman equation change?

T"Q(sp,ar) =r(sp,ap) +y bSp 1~ [V (St+1)]

Where

V(sy) = *at~n[Q (s ap) —logm(ac[sy)]
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Soft Policies (cont.)

Lemmal

(Soft Policy Evaluation). Consider the soft Bellman backup operator 7"

in Equation 2 and a mapping Q°%: $ XA —» R with |A]| < oo, and define

Q**t1 = T7Q*. Then the sequence Q" will converge to the soft Q-value

of rask — 0.}
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Optimal Soft Policy

+ The optimal soft policy (optimizing entropy augment objective) is:

exp Q(s, a)
2. expQ(s, a’)

m*(als) =
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Soft actor-critic

1. Q-Function update

update Q-Function to evaluate policy

O(s,a) <« r(s,a) + IES’~]p)S,a'~Tc[Q (s’,a’) —logm(a’|s’)]

This converges to Q™

2. Update policy

Update the policy with gradient of information projection

|
MTnew = 4I'g H}TI,U Dk, (ﬂ'(' s) |l Eexp Q”old (S;‘))

In practice only take one gradient step on this objective

3. Interact with the world, collect more data

Haarnoja, et al. Soft Actor-Critic Algorithms and Applications. ‘18 35
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Soft actor-critic (cont.)

Soft Actor-Critic algorithm:

Inputs: The learning rates, A;, Ay, and Ay for functions my, @, , and V;, respectively; the
weighting factor 7Tfor exponential moving average.

1.Initialize parameters 6,w, 1, andi.
2.for each iteration do

3. (In practice, a combination of a single environment step and multiple gradient steps is
found to work best).

A for each environment setup do
S ar ~ T (ac|se)

6 St+1 ~ Pr(St+1lSt, a¢)

7. D « DU {(st,ar, 7(St, At), St+1)}

8 for each gradient update step do
9

Y <y — AVVI/;]V(l/J)

10. wew— AoV, Jo(w)
11. 0—0—A1,Vy].(0)
12. Y1)+ (1—1)Y
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Loss functions

Jo@) = Eqpen |5 (Vi (50) ~ Bagery [0 (50, 20) — log g alsp)]) |

Jo(8) = Eqe E (Qo(sea0) — Qe ap) |
With

Q (Spay) =7r(spay) +vy *st+1~p[V17) (St+1)]

]n((p) — Lg~D [DKL (T[qb(' ‘St)
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SAC Results
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Environments
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