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Recap: policy gradients

REINFORCE algorithm: ) !
; : Q" (x¢,uy) = Z”-'“(Xy,llt’)
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“reward to go”




Improving the policy gradient
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“reward to go”

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

can we get a better estimate?

Q(s¢,as) = Zt, o [T(St, @ )[se, ar: true expected reward-to-go

Vo (6 Z Z Vo log mo(a;¢|si ) Q(si, a; )




What about the baseline?

Q(s¢,as) = ng:t Er, [r(sy,ap)|st, at]: true expected reward-to-go

1NT

Vo J(0) ~ N D > Vologmo(a,lsi,:) @és@ma)) — ) (si 1))

i=1 t=1 /'

1
bt:aﬁrge @¢srard; ;) average what?

V(St) — Eat’“ﬂ'e(aﬂst) [Q(St? at)]




State & state-action value functions

Qsaah =Y, o i (8 a2 s 2] tdtthtewarddifrontalivin pa iritss, fit Q™, V™, or A™
fit a model to
V7 (8t) = Ea,~omy(ar]s,) (@ (8¢, ar)]: total reward from s; ﬁ estimate return
: t
AT (s,a:) = Q7 (s¢,a¢) — V7 (s¢): how much better a; is sagrsgfer: (?e
run the pollcy)

| T

VBJ( N lelv9 log’”@(az t|Sz t)Aﬁ(S'L t, Qg t)
=11
L 0+ 0+ Ong
the better this estimate, the lower the variance

| N

VoJ (0 ﬁ;;VfﬂogW@ a; t|Sit) (;r (Sit, @) b)

unbiased, but high variance single-sample estimate



Value function fitting

Q7 (s, a) = Z;l::t Er, [r(se,ay)|se, a]
VTT(St) = Eatwﬂg(at|st) [QW(Sta at)]
AT (sg,a4) = Q7 (sg,ar) — V7™ (sy)

Vo J (0 Z Z Vo log mo(aie|sie) A (s, a5)

'l,_lt 1

fit what to what?
QT, VT, L A™?

Q" (st,a¢) = e, 2l Bl sl VA Bse i)

AT (s¢,a¢) ~ (s, ar) + V7 (Si41) V(TS(tSLt])

let’s just fit V7 (s)!

fit @™, V™, or AT

fit a model to
ﬁ estimate return

generate

samples (i.e.
run the policy)

; improve the
policy

0+ 0+ O{V@J(Q)

V7 (s)
parameters ¢




Policy evaluation

V7(st) = Yty By [r(sv,a0)si]
J(0) = Es,wp(s) [V (s1)]
how can we perform policy evaluation?

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

E

V7T(sy) ~ (s, ap)

o+
<
|

t

N T

V7 (st) = %Z Z?“(Stf,atf)

1=1t'=t

(requires us to reset the simulator)

fit V™

fit a model to
estimate return

‘—>

generate

samples (i.e.
run the policy)

; Sl

0 0+ aVyJ(0)

improve the




Monte Carlo evaluation with function approximation

T
VT(st) & Zr(stf,atf) X
o V7(s)

parameters ¢

not as good as this: V7 (s;) ~ + Ziil Egzt (S, ay)

but still pretty good!

training data: { (s,,;,t, fo:t r(Si, az’,t’)) }
J

\

1

Yit

1
supervised regression: L(¢) = 5 Z ‘

the same function should
fit multiple samples!



Can we do better?

. T ~
ideal target: v = > .y En, [r(ser, a1 )|8i¢] = r(sig,ai4) + gﬁéf@g,ﬁﬁﬂﬁ"’(@w,ta@fi}ﬁﬁﬂ@(Si,t+1)

T : . .
Monte Carlo target: y;+ = > ., _, 7(Si v, ;1) directly use previous fitted value function!

training data: { (S@?t, r(Sit, Qi ¢) + Vg(Si’t+1))}

1
supervised regression: L(¢) = = Z

sometimes referred to as a “bootstrapped” estimate



Policy evaluation examples

TD-Gammon, Gerald Tesauro 1992
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Figure 2. An illustration of the narmal opening position in backgamman. TO-

Gammon has sparked a near-universal conversion in the way experts play
certain opening rolls. For example, with an opening rall of 4-1, mast players
have now switched frarm the traditional move of 13-9, 6-5, to TD-Gammon's
preference, 13-9, 24-23. TD-Gammon's analysis is given in Table 2.

reward: game outcome

value function qu (s¢):

Qutput Pattemns

Internal
Representation
Units

Input Patterns

Figure 1. An illustration of the multilayer perception architecture used in
TD-Gammaon's neural netwark. This architecture is also used in the
popular backpropagation learning procedure. Figure reproduced from [9].

expected outcome given board state

AlphaGo, Silver et al. 2016

ALPHAGO ' pee
0:1 :29 00 00 ' * LEE SEDOL
: ) ! * L .. ‘ 00:01:00

AlphaGo

Google DeepMind

reward: game outcome

value function qu (s¢):

expected outcome given board state



An actor-critic algorithm iy

fit a model to
ﬁ estimate return
batch actor-critic algorithm:

generate

= 1. sample {s;,a;} from my(als) (run it on the robot) SaTEIeS (::e-) l
~ run the polic

2. fit V' (s) to sampled reward sums ) == .

3. evaluate A™(s;,a;) = r(s;, a;) j_ vy (sh) — T (s;) ‘ |mppr;)|\i/:ythe

4. VoJ(0) = > . Vglogmg(ai|s;)A™(s;, a;)

5.0 — 0+ aVeJ(0) 0« 04+ aVeJ(0)

V™ (sya) & D, a1 MGG Vs
1
L) =35

()

V7 (s)
parameters ¢

2

Ag(si) — Yi

V™(st) = Sy _ By (s, a1)[84]



Aside: discount factors

~

Yit = r(Sie,ait) + Vi(Siit1)

OEEDS

1

lteration 2000

2

J(Si) —Yi

what if 7' (episode length) is co?

V(;r can get infinitely large in many cases episodic tasks continuous/cyclical tasks
simple trick: better to get rewards sooner than later ~v changes the MDP:

Yit R T(Sit,ait) + '}’Vg(si,t—{-l)

T

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




Actor-critic algorithms (with discount)

batch actor-critic algorithm:

1. sample {s;,a;} from 7mg(als) (run it on the robot)
. fit TA/QZT (s) to sampled reward sums A
evaluate A™(s;,a;) = r(s;,a;) + V] (s;) — Vi (si)
VoJ(0) = > . Vglogmg(a;|s;)A™ (s;, a;)

0 < 0+ O{VQJ(Q)

Ot

online actor-critic algorithm:

1. take action a ~ my(als), get (s,a,s’,r)
update V(g using target r + ')/V(P“ (s) )
evaluate A™(s,a) = r(s,a) + YV (s') — V] (s)
. VgJ(0) =~ Vglogmg(als)A™ (s, a)
0+ 0+ OéVgJ(Q)

CUs W



Architecture design

thm

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

ic algori

t

Cri1

online actor-

~

A
~

target r + Vi (s')

~

4. Vo J(0) =~ Vglogmg(als)A™ (s, a)

using
3. evaluate A" (s,a) =r(s,a) +V](s') — V] (s)

A
A

2. update V]

5. 0 04+ aVeJ(0)

le & stable
- no shared features between actor & critic

+ simp

shared network design

two network design




Can we use just a value function?



Can we omit policy gradient completely?

AT (s¢,a): how much better is a; than the average action according to

arg max,, A™(s¢,a;): best action from s;, if we then follow 7 at least as good as any a; ~ w(a¢|st)

L regardless of what m(as|ss) is!
forget policies, let’s just do this!

fit A™ (or Q™ or V™)

1 if a; = argmax,, A™ (s, ay)

fit a model to
/ estimate return
T (A+|S = .
(at]st) { 0 otherwise ‘

generate
samples (i.e.
run the policy)
as good as 7
(probably better) improve the

policy

T 7’



Policy iteration

High level idea:

policy iteration algorithm:

1. evaluate A7 (s,a) «— how to do this?
2. set ™+ 7’

1 if a; = argmax,, A™(s¢, ar)
0 otherwise

7 (aysy) = {

as before: A™(s,a) =r(s,a) + yE[V™(s')] — V™ (s)

let’s evaluate V™ (s)!

fit A™ (or Q™ or V)

fit a model to
ﬁ estimate return

generate
samples (i.e.
run the policy)

; PR e

policy

T+« 7’



Dynamic programming

Let’s assume we know p(s’|s,a), and s and a are both discrete (and small)

0.2l0.3l0.4l0.3| 16 states, 4 actions per state

03030803 can store full V7 (s) in a tablel
0.4{0.4]0.6|0.4 .
oslosloglos| 7 is 16 x 16 x 4 tensor

bootstrapped update: V7™ (s) <= Eavr(als)[7(s,a) + VEs wp(s'|s,a) [V (s")]]

just use the current estimate here

1 _ T
T (ay]sy) = { 1 if a; = argmax,, A7 (s¢, at)

: —» deterministic policy w(s) = a
0 otherwise POREY ()

simplified: V™ (s) < r(s,7(s)) + v Es ~p(s|s,x(s)) [V (8")]



Policy iteration with dynamic programming

policy iteration:
@ 1. evaluate V™ (s)
2. set <+ 7’

1 if a; = argmax,, A" (s¢, az)
/ _ t a. ts Af
™ (alse) = { 0 otherwise

estimate V™

fit a model to
estimate return

‘—>

generate

samples (i.e.
run the policy)

policy evaluation: t
policy

6 Vﬂ-(s) — T(Sa ﬂ-(s)) + W/Es’wp(s’ls,w(s))[Vﬂ-(s’)] e

improve the

0.2|0.3|0.4/0.3| 16 states, 4 actions per state
0.3]03]0:5103|  can store full V™(s) in a table!
0.4|0.4/0.6{0.4 .

osloslodlos| 7 is 16 x 16 x 4 tensor




Even simpler dynamic programming

1 if a; =Gre max,, A™(s;.a | ” .
ﬂ.’(at |St) _ t \ g ai ( ts t) Q(s.a) Q(s.2) Q(s,a) arggnaxy Q(Sa a policy
0 otherwise Q(s,a) Q(s.a) Q(s.a)

QGs.a)

S Qsa) Qsa) Q)
A™(s,a) =r(s,a) +~yE[V™(s")] — V™ (s Q(s.2) Qls.) Q(s.2)
(s,8) =r(s,a) +7E[V7(S)] (s) e B approximates the new value!

Qls.2) Qs.) l

arg max,, A™(s¢, a;) = arg max,, Q™ (s¢, az)

fit a model to
ﬁ estimate return

: : : [
skip the policy and compute values directly! pp— l

samples (i.e.
value iteration algorithm: run the policy)

1. set Q(s,a) «+ r(s,a) +yE[V(s')] ‘
policy

2. set V(s) + max, Q(s, a)

Q™ (s,a) =r(s,a) + yE[V™(s')] (a bit simpler) Q™ (s,a) < r(s,a) + YEgp(s'|s,a) [V ()]
(s,a)

V7™ (s) < max, Q™ (s,a



Fitted value iteration

f?
how do we represent V (s)’ s=0:V(s)=0.2
curse of

dimensionality

big table, one entry for each discrete s
neural net function V: S -+ R

V(S) |S| — (2553)200x200

(more than atoms in the universe)

Q™ (s,a) < 7(s,a) + YEgps|s,a) [V (8)]

2 .
fit a model to
-
[’( 2 Hvéb o mSXQ (Sa a)H ﬁ estimate return
generate
. . . ) samples (i.e.
fitted value iteration algorithm: e pollcy)

@ 1. set y; < maxa, (r(si,a;) + vE[V,(s))])
. 1 9 |mprovethe
2. set qf) < argming 5 Zz ||V¢(SZ) — yz||

) + max, Q™ (s, a)



What if we don’t know the transition dynamics?

fitted value iteration algorithm:
1. set y; + maxa, (r(s;,a;) + vE[Vs(sh)]) need to know outcomes
2. set ¢ < argming = 3. [|[Vi(s:) — vil)° for different actions!

Back to policy iteration...

policy iteration: policy evaluation:
1. evaluate Q™ (s, a)

2. set ™+ 7 V7(s) <= r(s,m(s s7~p(s'|s,n(s) [V (87)]

1 if a; = argmax,, Q™ (s¢, a¢)
0 otherwise Q™ (s, a) < r(s,a) + YEg wp(s'|s,)[Q" (8", 7(s"))]

can fit this using samples J

7 (aglsy) = {



Can we do the “max” trick again?

fitted value iteration algorithm:

1. set y; + maxy, (r(s;,a;) + ’YE[VQB(S;)])

1. evaluate V™ (s) y [
2. set ¢ < argming 5 >, | Vo (s;) — yill’

2. set m <+ 7’

policy iteration:

forget policy, compute value directly

can we do this with Q-values also, without knowing the transitions?

fitted Q) iteration algorithm:
@ 1. set y; < r(si,a;) +yE[Vy(s))] < approxiate E[V (s))] ~ maxay Q4(s),al)
2. set ¢ < argming 3 3. [|Qu(si, a;) — yil|” doesn’t require simulation of actions!

+ works even for off-policy samples (unlike actor-critic)
+ only one network, no high-variance policy gradient
- no convergence guarantees for non-linear function approximation (more on this later)



Fitted Q-iteration

full fitted Q-iteration algorithm:

1. collect dataset {(s;,a;,s;,r;)} using some policy

@ 2. set y; < r(s;,a;) + Y MaXy! Qy(s],a;)
X
3. set ¢ <— argming % Zz ||Q¢(S¢, a;) — Yi||2

Q¢5(S7 a)

parameters ¢

parameters

dataset size NV, collection policy

iterations K

gradient steps S



Q-Learning



Online Q-learning algorithms

Qy(s,a) < r(s,a) + ymaxa Qu(s’,a)

fit a model to
estimate return

full fitted Q-iteration algorithm:

1. collect dataset {(s;,a;,s;,r;)} using some policy ‘ I

2. set y; < T’(Si, az-) + vy maxy’ ng(sz, a,L) generate
‘ 5 samples (i.e.
3. set @ < arg min¢ % Zl HQCﬁ(S’ia az’) — yzH run the pollcy)

improve the
policy

a = argmax, Q4(s, a)

online @ iteration algorithm:

/ off policy, so many choices here!

1. take some action a; and observe (s;, a;,s;, ;)
2. y; = T(Suaz) + Y MaXy’ Qr,b( i z)
3. ¢« ¢ — P (si,a:)(Qulsi a;) — vi)



Exploration with Q-learning

online () iteration algorithm: final policy:

1 if a; = argmaxa, Q4 (st, ar)

1. take some action a; and observe (s;,a;,s;, ;)
a;ls .
(a¢lst) { 0 otherwise

2.y = T(Si,az') + Yy maxy’ Q¢(s§,a§)

3. 19 Ay 1y A ) T Y
6 4 ¢ = o 50,20) (Qulsi i) ~ y) why is this a bad idea for step 1?

1 — € if a; = argmaxa, Qp(St, as) Uy~ ”
_ : ) ilon-gr
m(ayfs:) { e/(|A| — 1) otherwise epsilon-greedy

m(ac[st) o< exp(Qo(st, ar)) “Boltzmann exploration”



What’s wrong?

online Q) iteration algorithm:

1. take some action a; and observe (s;,a;,s;, ;)

2. y; = r(s,,;,az-) + Y MmaXa qu(Sl' a’-) \
these are correlated!
3. ¢ @ — (S%aa@)(Q¢(S'Lvaz) Yi)

isn’t this just gradient descent? that converges, right?

Q—Iearning is not gradient descent!

Gb — Qb (Sz; az)(Qqﬁ(Suaz) _@z) + Y maxsy: Qq‘)(@

no gradient through target value




Correlated samples in online Q-learning

online @ iteration algorithm: - sequential states are strongly correlated
@ 1. take some action a; and observe (s;, a;,s;, ;) - target value is always changing
2. o0 — ade d¢ > (4, a@)(ch(Szv a;) — [r(si,a;) + 7y maxa Q¢(S;, a;)])

Pl N N AN



Replay buffers

online ( iteration algorithm: special case with K = 1, and one gradient step

1. take some action a; and observe (s;, a;,s;, ;)

2. oo — O‘ d¢ > (sq, a@)(Qqﬁ(Sza a;) — [r(sia;) + v maxay qu(s;; a;)])

full fitted Q-iteration algorithm:

any policy will work! (with broad support)

] 0

£ 2. set y; + r(s;,a;) +7 maXs’ Qo(s;, al) just load data from a buffer here
X

. 1 2
3. set ¢ <~ argming 5 ) ; [[Qe(si,a;) — yil still use one gradient step
dataset of transitions
Fitted Q-iteration

i T '\:\,



Replay buffers

Q-learning with a replay buffer:
@ 1. sample a batch (s,,;,aq;,s’- r;) from B

2. 0 ¢ — O‘Zg do (S’w a'b)(ch(SzaaZ) - [T(Sivai) T 7Y MaXa’ Qfﬁ(sga a;)])

but where does the data come from?

need to periodically feed the replay buffer...

(SJ a’? SIJ /r) 0n0
dataset of transitions
(“replay buffer”)
off-policy

m(als) (e.g., e-greedy)




Putting it together

full Q-learning with replay buffer:

1. collect dataset {(s;,a;,s;,r;)} using some policy, add it to B
, K=1is common, though
2. sample a batch (S'L'a a;,s;,r;) from B larger K more efficient

3. ¢ ¢ —ad, T a)(Qslsiyan) — [r(si,ai) + 7 maxa Qu(s), af)))

dataset of transitions
(“replay buffer”)

off-policy
Q-learning

mw(als) (e.g., e-greedy)



What’s wrong?

online Q) iteration algorithm:

1. take some action a; and observe (s;,a;,s;, ;)

2. y; = r(s,,;,az-) + ymaxar Q4 (s;, aj) N
A, St e
3. 0 ¢ — (S%aa@)(Qé(Smaz) yi)

use replay buffer

Q—Iearning is not gradient descent!

¢ ¢ — (s@, a;)(Qo(si, a;) —@i) + y maxy’ Qqﬁ(@ ;:‘;Sb:se;::" a

no gradient through target value




Q-Learning and Regression

full Q-learning with replay buffer:
1. collect dataset {(s;,a;,s.,r;)} using some policy, add it to B

2. sample a batch (s,l;,a?;,s’- r;) from B

3. 9 ¢ — &ZZ adé 2 (ss,a:)(Qo(si,a;) — [r(ss,a;) + 7 maxar Qu(s;,aj)])

K X

one gradient step, moving target

full fitted Q-iteration algorithm:
1. collect dataset {(s;,a;,s;,r;)} using some policy

2. set y; < r(s;,a;) + Y MaXy! Qy(s;, aj)

K x ) 1 2
3. set ¢ <—argming 5 ) . [|Q4s(si,a;) — yil

perfectly well-defined, stable regression



Q-Learning with target networks

QQ-learning with replay buffer and target network:

1. save target network parameters: ¢’ < ¢

2. collect dataset {(s;,a;,s;,r;)} using some policy, add it to B

N x 3. sample a batch (s%, a;,s;,r;) from B

K x
4. ¢<_¢_azz Ao “(si,a:)(Qo(si, a;) —

[7(si,@i) + vy maxar Qg (sj, a3)])

targets don’t change in inner loop!

uolissaigdal pasiniadns



“Classic” deep Q-learning algorithm (DQN)

(Q-learning with replay buffer and target network:
1. save target network parameters: ¢’ < ¢
2. collect dataset {(s;,a;,s;,r;)} using some policy, add it to B

NXK_ 3. sample a batch (S@-,ai,s’-,ri) from B
X

4. ¢« ¢>—@Zz b “(si,a:)(Qg(si,a;) — [r(ss,a;) + ymaxar Qg (s;, a;)])

?,7 ?,

“classic” deep Q-learning algorithm:

1. take some action a; and observe (s;,a;, s, r;), add it to B

2. sample mini-batch {s;,a;,s’,r;} from B uniformly

3. compute y; = 7"3 + ymaxy/ Qg (s- a-) using target network @)y K =1
4. ¢ < ¢ — 0423 dé = (sj,a5)(Qe(s,a5) — yj)

5. update ¢': copy ¢ every N steps

Mnih et al. ‘13



Representing the Q-function

ions

Inuous act
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ions

te act

Iscre

more common with d




Back to actor-critic

online Q) iteration algorithm: off policy, so many choices here!

1. take some action a; and observe (s;, a;,s;, ;)
2. y; = ?"(Si,az') + ymaxa Q4 (s}, a;)
3. 66— a2 (s, a)(Qolsi,ai) — i)

with continuous actions, this is very inconvenient (but not impossible)

Idea: use actor-critic, but with Q-functions (to train off-policy)

take some action a; and observe (s;,a;,s;,r;), add it to B

sample mini-batch {s;,a;,s’,r;} from B uniformly

. compute y; = fr‘j + Y Ea ) (2l |s)) ) [ Qe (87, a)] using target ¢" and ¢’
L OO — 0423 o = (85,85)(Qo(s),a5) — yj)

0 < 0+ B3 VoEarry(als;)Qs(sj;a)] «——— policy gradient

update ¢’ and 6’ every N steps

SIS S S



Simple practical tips for Q-learning

* Q-learning takes some care to stabilize
* Test on easy, reliable tasks first, make sure your implementation is correct

Pong Breakout . _ 250~ Venture
30 - 400 AT 400000 Video Pinball

? 2001

15 - 320 T 320000

0 _ : | 240 240000 o
1004

160 1600004

804 80000 -/ 501

-304 : : : . 0 4=t 0

-15

Figure: From T. Schaul, J. Quan, |. Antonoglou, and D. Silver. “Prioritized experience
replay”. arXiv preprint arXiv:1511.05952 (2015), Figure 7

* Large replay buffers help improve stability
* Looks more like fitted Q-iteration
* |t takes time, be patient — might be no better than random for a while

e Start with high exploration (epsilon) and gradually reduce

Slide partly borrowed from J. Schulman



Q-learning with convolutional networks

e “Human-level control
through deep
reinforcement learning,”

Mnih et al. ‘13 e ®
* Q-learning with RRRRRR
convolutional networks e *RRRR
* Uses replay buffer and o | aaa
target network ® aaaa
* One-step backup l
* One gradient step ~ . .

* Can be improved a lot
with double Q-learning
(and other tricks)




Large-scale Q-learning with continuous actions

(QT-Opt)

~
N—
stored data from all
past experiments
!/
. {(S’iaaiasi)}i

71571

live data collection

Kalashnikov, Irpan, Pastor, Ibarz, Herzong, Jang, Quillen, Holly, Kalakrishnan,
Vanhoucke, Levine. QT-Opt: Scalable Deep Reinforcement Learning of Vision-

Based Robotic Manipulation Skills

training buffers

off-policy (s,a,s’,r)

on-policy (s, a,s’,r)

labeled (s,a, Qr(s,a))

\

(

training threads

meinHQg(S, a) — Qr(s, a)||2

N

J

A

J

4 Bellman updaters \

compute Qr(s,a) =

r + maxy Qg(s’,a’

)
= 2,

J

minimize ) . (Q(si,a;) —

[r(si, i) + maxa; Q(sf, a7)])?



Q-learning suggested readings

 Classic papers

Watkins. (1989). Learning from delayed rewards: introduces Q-learning

Riedmiller. (2005). Neural fitted Q-iteration: batch-mode Q-learning with neural
networks

* Deep reinforcement learning Q-learning papers

Lange, Riedmiller. (2010). Deep auto-encoder neural networks in reinforcement
learning: early image-based Q-learning method using autoencoders to construct
embeddings

Mnih et al. (2013). Human-level control through deep reinforcement learning: Q-
learning with convolutional networks for playing Atari.

Van Hasselt, Guez, Silver. (2015). Deep reinforcement learning with double Q-learning: a
very effective trick to improve performance of deep Q-learning.

Lillicrap et al. (2016). Continuous control with deep reinforcement learning: continuous
Q-learning with actor network for approximate maximization.

Gu, Lillicrap, Stuskever, L. (2016). Continuous deep Q-learning with model-based
acceleration: continuous Q-learning with action-quadratic value functions.

Wang, Schaul, Hessel, van Hasselt, Lanctot, de Freitas (2016). Dueling network
architectures for deep reinforcement learning: separates value and advantage
estimation in Q-function.



