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Homework 1 : Imitation learning

Due Wed 31 January. 3 outputs to Pauphine | PSL* Moodle
1. Report (pdf)

UNIVERSITE PARIS

2. (code) Submit.zip

Google
3. notebook

Any homework submitted late will not be graded
Ask your questions on Moodle and answer to others

Oral presentation of the best homework group in 5-10 minutes (Wed 14
February)



Homework 2 : Policy gradients

Was due Wed 14 February. 3outputsto ~ [21e [F1e] g1 g T=RR=R B VICIh 12
1. Report (pdf)

UNIVERSITE PARIS

2. (code) Submit.zip

Google

3. otebook

Any homework submitted late will not be graded
Ask your questions on Moodle and answer to others

Oral presentation of the best homework group in 5-10 minutes (Wed
28 February)
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https://rail.eecs.berkeley.edu/deeprlcourse/

Recap: policy gradients

REINFORCE algorithm:

1. sample {7*} from my(as|s;) (run the policy)

2. VoJ(0) = ¥, (Zle Vo log me(ak|st) (ZtT,:t T(S@ﬁ@)))
3.0 0+ aVyJ(H)

T
Qﬂ.(xh ut) — Z T(Xt’a ut’)
t' =t

fit a model to
ﬁ estimate return

generate
samples (i.e.
run the policy)

improve the
policy

N T
1 T
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Improving the policy gradient

N T T
1
VoJ(0 N Z Z Vo log T (i t[sit) <Z T<Si,t’>ai,t’)>

=1 t=1

“reward to go”

Qi
Qi+ estimate of expected reward if we take action a;; in state s; ;

can we get a better estimate?

Q(si,a) = Zt, _, Ex, [r(se,ae)|st, a]: true expected reward-to-go

VOJ ZZVG 10g7T9 a; t|S1, t) (Si,taai,t)

zltl




\What about the baseline”?

Q(st,a) = Zt _, Ex, [r(se,ae)|st, a]: true expected reward-to-go

Vo J(0 ZZW log mg(a¢sit) (Q(sieait) — V(sit))

zltl

1
by = ~ Z Q(Sit,ait) average what?

V<St) — EatNWQ(at|st) [Q(Sty at)]



State & state-action value functions

T : :
Q" (st ar) = > iy Er, [r(se,ap)|st, a¢]: total reward from taking a; in s, fit Q7, V™, or A™
fit a model to
V7 (8t) = Ea,~omy(ay]s,) (@ (8¢, at)]: total reward from s; ﬁ estimate return
) generate
AT (s¢,a;) = Q™ (s¢,a4) — V™ (s4): how much better a; is samples (i.e.
run the policy)

N T
! " ; . "
Vol (6) %+ 30 Vologma(ailsi. ) A7 (s a:0) ey

1=1 t=1

0« 0+ aVyJ(H)
the better this estimate, the lower the variance

N T T
1
V@J(H) ~ — Vg 10g 0 (ai,t|si,t) T(Si,t/ , ai,t/) —b
N

=1 t=1 t'=1

unbiased, but high variance single-sample estimate 8



Value function fitting

Q(st,a1) = Y iy B, [r(ser, a0 )51, )]
V7 (8t) = Ea,romy(ay]s,) (@ (8¢, at)]
A™(st,a) = Q7 (st,ar) — V7 (st)

N T
1
VoJ(0) =~ N Z Z Vologmo(a; ¢|sit) A (Sit,ait)

i=1 t=1
fit what to what?
QT, VT L AT?

Q7 (st,ar) = r(se,ar) + ZtsztH Er, [r(se,ap)[se, a¢]

V7 (st41)
A”(st,at) ~ ’I"(St, at) + Vﬂ-(St_Fl) — VW(St)

let’s just fit V7 (s)!

fit @™, V™, or AT

fit a model to
estimate return

generate
samples (i.e.

run the policy)

improve the
policy

0 < 0+ aVyJ(0)

V7(s)
parameters ¢




fit V7

fit a model to
estimate return

Policy evaluation

‘—b

T generate
Vﬂ(st) — Zt/:t E?Te [T(St'v at’)‘st] samples (i.e.
run the policy)

—

J(0) = Esy np(sy) V7 (s1)]

improve the
policy

0« 60+ aVyJ(0)

how can we perform policy evaluation?

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

(requires us to reset the simulator)



Monte Carlo evaluation with function approximation

T
E St 7at

not as good as this: V7 (s) ~ + Zi\le Z;‘Ezt r(sy,ay)
but still pretty good!
training data: { (sz—,t, Zf:t r(Siv, ai,t/)> }

\ )

I

Yit

1
supervised regression: L(¢) = 5 Z

the same function should
fit multiple samples!

11



Canwe do better?

. T ~
ideal target: v+ = > 1, Ex, [r(s¢,a)[sit] = r(sit,ait) + V™ (Sitt1) = r(sit,a;t) + V$(8i7t+1)

T : : :
Monte Carlo target: y;+ = > ., _, 7(Si v, i) directly use previous fitted value function!

training data: {(si,t, r(si,t, ai,t) + VQZT(Si,tH))}

\ J

supervised regression: L(¢) = = Z

sometimes referred to as a “bootstrapped” estimate

12



Policy evaluation examples

TD-Gammon, Gerald Tesauro 1992

13 14 15 16 17 18 19 20 21 22 23 24
v v ry
» <
> 4

Figure 2. An illustration of the normal opening position in backgammaon. TD-
Gammon has sparked a near-universal conversion in the way experts play
certain opening rolls. For example, with an opening roll of 4-1, most players
have now switched from the traditional move of 13-9, 6-5, to TD-Gammaon's
preference, 13-9, 24-23. TD-Gammon's analysis is given in Table 2.

reward: game outcome

value function VQZT (s¢):

Output Pattemns

Input Pattems

Figure 1. An ion of the ¥ i i used in
TD-Gammon's neural network. This architecture is al d
popular t ion learning Fig from [9]

expected outcome given board state

AlphaGo, Silver et al. 2016

.SL(;HASOZQ T LEE SEDOL
- e 00:01:00

reward: game outcome

value function Vg (s¢):

expected outcome given board state .



Alphago a real challenge

14



From Evaluation to Actor Critic



An actor-critic algorithm fit V"

fit a model to
ﬁ estimate return

generate

batch actor-critic algorithm:

= 1. sample {s;,a;} from my(als) (run it on the robot) San:rr:'es (::e-)
~ run the polic
2. fit V7 (s) to sampled reward sums ) e |
3. evaluate A™(s;,a;) = r(si, a;) + V7 (s7) — V' (si)
A policy
4. VoJ(0) = >_; Vologmg(ai[s;) A7 (s, a;)
50+ 04+ aVeJ(9) 0+ 0+ aVyJ(9)

Yit ~ Zz::t T(Si,t’7 az’,t’)

OEEDY

AJ(Si) —Yi

’L g

2 S V7 (s)

parameters ¢

V™(st) = Y p—y Er, [r(s07,20)[84]

16



Aside: discount factors

A

Yit 2 1(Sit, i) + Vi(sity1)

OEEDS

(]

Regular Policy:

" 2
¢ (i) — v

what if T (episode length) is 0o?

V(;T can get infinitely large in many cases

simple trick: better to get rewards sooner than later

Vi A 1(Si, ait) + YV (Si041)

T

discount factor v € [0,1] (0.99 works well)

~v changes the MDP:

p(s'ls,a) = (1 —7)

|S>a) — 7p(s’|s,a) 17



Aside: discount factors for policy gradients

Yit ~ ’I“(Si,t, ai’t) -+ ’YVJ(SZ',t—{—l) g
AT (s . a.
9 with critic: (S’L,ta az,t)
1

N T I 1
1 - R
1 VGJ N g E Vg log 7T9 a; t|sz t) (T(Si,tvai,t) + WVJ(Sz‘,tH) — VJ(S¢¢)>

1=1 t=1

what about (Monte Carlo) policy gradients?

N T T
1 :
option 1: VoJ(0) ~ N Z Z Vg log mo(a; t[sit) (Z v (s, az’,t’))

i=1 t=1
not the same!

\
N /T
option 2: VoJ(0) ~ %Z (Zve log mg(ay,¢|si,¢) ) <Z’Yt b (si,r, a1 )> /

1= 1 t=1
1
Vo6 N;;ngﬂe sy <27 2019 )
| NT
VoJ (6 N v "1V log g (ay ¢|si ) <th “ir(sie, ag )> 18
(later steps matter less) i=1 t=1



Which version is the right one?

| N T _— this is what we actually use...
option 1:  VyJ(0) = N Z Z Volog mg(a; ¢|sit) (Z (s, a t/)> why?
i=1 t=1 t'=t
| N T
OptiOH 2 V@J(Q) ~ N Z Z ,Yt—lve lOg T (ai,t‘si,t) <Z ,_)/t _tr(si,t’yai,t’) Expert Policy Regular Policy
=1 t'=t

later steps don’t matter if you're dead!

19

Further reading: Philip Thomas, Bias in natural actor-critic algorithms. ICML 2014



Actor-critic algorithms (with discount)

batch actor-critic algorithm:

1.

CUs w0

online

Gt N

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

fit qu (s) to sampled reward sums

. evaluate /Al”(si, a;) =r(s;,a;)+ ’yVJ(S;) — VQZT(S@)

VoJ(0) = > .V logm(ai]si)ﬁﬁ(si,ai)
0« 0+ aVeJ(0)

actor-critic algorithm:

. take action a ~ my(als), get (s,a,s’,r)

update V(;T using target r + VVQZT(S/)

. evaluate A7(s,a) = r(s,a) + vf/g(s’) — qu(s)

VoJ(0) ~ Vglogmg(als)A™ (s, a)
0«0+ aVyJ(0)

20



Actor-Critic Design Decisions



Architecture design

online actor-critic algorithm:

50— 0+ aVeJ(6)

two network design

= 1. take action a ~ mg(als), get (s,a,s’,r)

2. update VC;: using target r + ’yf/q?(s’)

3. evaluate A™(s,a) = r(s,a) + V] (s') — V(s)
4. Vo J(0) ~ Vylogmy(als)A™ (s, a)

+ simple & stable
- no shared features between actor & critic

shared network design

22



Online actor-critic in practice

online actor-critic algorithm:

= 1. take action a ~ my(als), get (s,a,s’,r)
2. update f/qu using target r + "yf/qf(s’ ) < works best with a batch (e.g., parallel workers)

A

3. evaluate A™(s,a) = r(s,a) + quzr(/s’)/— 5 (s)
4. VoJ(0) ~ Vglogmy(als)A™ (s, a)

e 5.0 0+ aVeJ(0)

synchronized parallel actor-critic asynchronous parallel actor-critic

get (s,a,s’,'r)<—l I I I

update 0 — B

get a8, r)—0 B B B

update 0 «— Bl

N\

~
~



Canwe remove the on-policy assumption entirely?

online actor-critic algorithm:
1. take action a ~ 7mg(als), get (s,a,s’,r)
. update V(;T using target r + VVQZT(S/)

VoJ(0) ~ Vglogmg(als)A™ (s, a)
0«0+ aVyJ(0)

SIS

off-policy actor-critic

get (s,a,s’,r)<—l

update 0 «— B «—

get (s,a,s’,r)<—l /

update 0 «— m transitions that
I v { we saw in prior
time steps

evaluate A7 (s,a) = r(s,a) + ﬂA/qu(s’) — qu(s)

—

form a batch by
— using old previously
seen transitions

—

24



L et's see what that looks like

online actor-critic algorithm:
7> 1. take action a ~ my(als), get (s,a,s’,r), store in R
2. sample a batch {s;,a;,r;,s;} from buffer R
3. update ng using targets y; ny¢ (s;) to) each s;
4. evaluate A”(sz,aZ = r(s;

az —|"Y¢ S ’_V¢ (SZ)
0. VQJ(Q) ~ % ﬂ-(Szaaz)\

6. 0« 0+ anJ / not the right target value

not the action mp would have taken!

This algorithm is broken!

Can you spot the problems?

batch size

25



Fixing the value function

online actor-critic algorithm:

- 1.

2.
3.

take action a ~ mg(als), get (s,a,s’,r), store in R ey =S lelsar s
sample a batch {s;,a;,r;,s.} from buffer R Q™ (se,a0) = S°L_ Er, [r(ser, aur)[st, ]
9 ! — o Y I

7

update ‘A/ggr using targets ;€& r; + Wg(sg) o) each s;

A “total reward we get if we take a; in s;...

4. evaluate Aﬂ-(sia ai) = T'(S; az’) + 7y ¢ S, )N~ qur (Sz) ... and then follow the policy TT'” t

5. VQJ(Q) ~ % . T‘-(S’L'aa’i)\
6. 0 04 aVeJ(0) / not the right target value

not the action mp would have taken! where does this come from?
A : T 1 AT 2
3. update Qg using targets y; = r; + 7‘{¢ (sf) for each s;, a; L(p) = ~ Z Q% (si;a;) — yi
= 1y + Q3 (s) al) @
not from replay buffer R!
a; ~ mp(ay|s;)
V™ (st) = Sy By (st a0)lst] = Barr(a,|s,) [Q(st,a1)] 26



Fixing the policy update

online actor-critic algorithm:

- 1.

take action a ~ my(als), get (s,a,s’,r), store in R

. sample a batch {s;,a;,r;,s,} from buffer R
. update Q¢ using targets y; = r; + 7Q¢( ',a;) for each s;, a;

4. evaluate A”(sz,aZ = s2 a;) qu (s)
5. VoJ(0) ~ % w(sz,az)
@ 6

.9<—9+OzV@J /

not the action mp would have taken!
use the same trick, but this time for a; rather than a;!

sample al ~ mg(als;)

VoJ(0) ~ % 3, Vologme(al|s;)A™ (s;, al)

T ' higher variance, but convenient
not from replay buifer R! / why is higher variance OK here?

in practice: Vo J(0) ~ = >, Vglogmy(a ?|Sz)QW(Sz> ay)



What else is left”?

online actor-critic algorithm:

1. take action a ~ my(als), get (s,a,s’,r), store in R

. sample a batch {s;,a;,r;,s;} from buffer R

. update qu usmg targets y; = r; + 7Q¢( a;) for each s;, a;
VoJ(0) = & >, Vg log my( a™|s;)Q7 (s;,aT) where a7 ~ my(als;)
0« 0+ aVeJ(0)

CU

Is there any remaining problem?

s; didn’t come from py(s)

nothing we can do here, just accept it

intuition: we want optimal policy on py(s)
but we get optimal policy on a broader distribution

28



Some implementation details

online actor-critic algorithm:

1. take action a ~ my(als), get (s,a,s’,r), store in R

. sample a batch {s;,a;,r;,s;} from buffer R

. update Q¢ usmg targets y; = r; + 7Q¢( a;) for each s;, a;
VoJ(0) = & >, Vg log my( ﬂsi)Q”(si, al) where al ~ my(als;)
0« 0+ aVeJ(0)

lots of fancier ways to fit Q-functions
/ (more on this in next two lectures)

CU

could also use reparameterization trick
to better estimate the integral

Example practical algorithm:
Tuomas Haarnoja, Aurick Zhou, Pieter Abbeel, Sergey Levine. Soft Actor-Critic: Off-
Policy Maximum Entropy Deep Reinforcement Learning with a Stochastic Actor. 2018.

We’'ll also learn about algorithms that do this with deterministic policies later!



Cntics as Baselines



Cntics as state-dependent baselines

N T
1 Cr T Cr
Actor-critic: Vo J (0 N ZE_l ;1 Vo log mg(ay,¢[sit) (T(Si,t, a;¢) + Vg (sier1) — Vy§ (Si,t)>
+ lower variance (due to critic)

- not unbiased (if the critic is not perfect)

N T
1
Policy gradient: VjyJ(0) ~ N Z Z Vologmo(a; ¢|sit) <(Z vy r sz,t/,aq;,t/)> — b)
t=1

=1 t’' =t

+ no bias
- higher variance (because single-sample estimate)

can we use V(;r and still keep the estimator unbiased?

T
1 r_ -
VQJ N Z Z VQ lOg e az t|S7, t ( (Z ’Yt tT’(Si,t/, ai,t/)> — V¢ (Si,t)>

=1 t=1 /=t

+ no bias

+ lower variance (baseline is closer to rewards) 31



Control variates: action-dependent baselines

Qﬂ- (St7 at) — Z;zt E7T9 [T(St’a at’)|st7 at]
Vﬁ(st) — EatNWQ(at|st)[Q7r(Sta at)}
A™(st,ar) = Q" (s, ar) — V7 (st)

A" (s¢,a4) = Z;O:t YTt (se, ap) — qur (st) - higher variance (because single-sample estimate)
A™ (s, a0) = 300 At (s, ap) — Q7 (sy, ay)
t) <t tr=t " thy Tt ¢ \Ptr < - not correct

N T N T
1 A 1
VOJ N Z Z ve log Uy a?, t‘Sz t) (Qi,t — Qg(si,t, ai,t)) +N Z Z veEaN'/TG(atISi,t) [Qg(si,ta at)}

i=1t=1 i=1 t=1

use a critic without the bias (still unbiased),
provided second term can be evaluated

Gu et al. 2016 (Q-Prop) 32



Eligibility traces & n-stepreturns

+ lower variance

AT (st,ar) = r(se, ar) + ’YV(;T(St—H) - Vg(st) -higher bias if value is wrong (it always is)
. , n + no bias
_ N0t —t
Afic(st,at) =Dy v" “'r(sp,ay) — VJ(St) -higher variance (because single-sample estimate)
Can we combine these two, to control bias/variance tradeoff? bigger variance

cut here before variance gets too big!

R

— >

AT (sy,a0) =

t+n
11—

>

smaller variance

t/_tT(St/, at/) — ‘A/;ZT (St) —i-’}/nqur(st_*_n)

choosing n > 1 often works better!

33



Generalized advantage estimation

Tt Do we have to choose just one n?
Cut everywhere all at once!
> {
A t+n ¢ —¢ 3 3 A A
An(st,ar) = v Tir(se,ar) — Vi(se) +9" Vi (St4n) AT ag(st,ar) =500 w, AT (8¢, ay)
weighted combination of n-step returns
How to weight? Mostly prefer cutting earlier (less variance) w, o< A1 exponential falloff

A

Gan (st ar) = r(si,ar) + (1= MV (st41) + A(r(seyn, acpn) +7((1 = AV (s42) + Ar(ser2, ap2) + - )

A

\Tan(sna) =Y o, (YA oy O = (s, ar) + YV (s1r11) — VI (se)
™~ similar effect as discount!

N T T
. 1 -
option VoJ(0) =~ N Z Z Vg log (@i t|sit) (Z ok tT(Sz‘,t', ai,t’))

. ‘: p— ,:
remember this? =1 t=1 =t

discount = variance reduction! 2

Schulman, Moritz, Levine, Jordan, Abbeel ‘16



Review, Examples, and Additional Readings



Review

Actor-critic algorithms:
o Actor: the policy
o Critic: value function
« Reduce variance of policy gradient

Policy evaluation
« Fitting value function to policy

Discount factors
o Carpe diem Mr. Robot
» ...but also a variance reduction trick

Actor-critic algorithm design

« One network (with two heads) or two networks

« Batch-mode, or online (+ parallel)

State-dependent baselines
o Another way to use the critic
o Can combine: n-step returns or GAE

é 7T

fit V]
fit a model to
estimate return

‘—>

generate

samples (i.e.
run the policy)

| —

improve the
policy

ER
|
=

0 0+ aVyJ(0)

36



Actor-critic examples

« High dimensional continuous
control with generalized
advantage estimation
(Schulman, Moritz, L., Jordan,
Abbeel ‘16)

« Batch-mode actor-critic
» Blends Monte Carlo and

function approximator
estimators (GAE)

lteration O

37



Actor-critic examples

« Asynchronous methods for deep
reinforcement learning (Mnih,
Badia, Mirza, Graves, Lillicrap,
Harley, Silver, Kavukcuoglu ‘16)

e Online actor-critic, parallelized
batch

o N-step returns with N =4
o Single network for actor and critic

38



Actor-critic suggested readings

o Classic papers

« Sutton, McAllester, Singh, Mansour (1999). Policy gradient methods for
reinforcement learning with function approximation: actor-critic algorithms with
value function approximation

« Deep reinforcement learning actor-critic papers

« Mnih, Badia, Mirza, Graves, Lillicrap, Harley, Silver, Kavukcuoglu (2016).
Asynchronous methods for deep reinforcement learning: A3C -- parallel online
actor-critic

« Schulman, Moritz, L., Jordan, Abbeel (2016). High-dimensional continuous
control using generalized advantage estimation: batch-mode actor-critic with
blended Monte Carlo and function approximator returns

 Gu, Lillicrap, Ghahramani, Turner, L. (2017). Q-Prop: sample-efficient policy-
gradient with an off-policy critic: policy gradient with Q-function control variate



