Introduction to Embodied Al

Lecture 9 — Policy Il

Prof. He Wang

Embodied Perception and InteraCtion’kabb



Logistics: Midterm

e Midterm (30% of the total score)
e 4/21,3:10—5:00, in class

* Teaching Building #2, Room 301
e First two sections, in total 110 min

e The third class will be used for lecture
e One-page double-sided A4 cheat sheet (handwrite or print both OK)

e Scope: from Lecture 1 - Lecture 9



Logistics: Midterm

e Questions:
« Multi-choice questions
e True or False
« Short answer questions
e simply state why and how
e some may require mathematical derivations
« Simple calculation questions



Logistics: Assignment 2

e Object Pose Estimation from Point Cloud Observations
e Approach 1: direct regression
e Approach 2: fitting

e Motion plan to grasp

« Each student needs to do this part independently,
real experiments will be done in groups.

» Release date: 4/14 tonight
e Due date: 4/30 Wednesday




Policy Gradient




The goal of reinforcement learning
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The goal of reinforcement learning

0* = arg max Erpy(r) [Zr S¢, Ay ]

0* = arg meax E(S,a)Npg(S,a) [’I“(S, a)] 0" = arg meax Z E(St,at)Npe(St,at) [T(St, at)]
t=1
infinite horizon case finite horizon case



Evaluating the objective

6* = arg max Erpo() [zt: r(s¢, at)] = %@%\2

o

J(0) = Erpy(r) [Z r(st, at)] ~ % Z Z r(Sit, &it)

7 t

L sum over samples from 7y



Direct policy differentiation

a convenient identi
O* = arg mQaX EwT,\,p19 (1) [Z T‘(St, at)] ty

Vope(T)

2o () = Vpo(T)

7(0) | po(T)Velogpe(T) = po(7)




Direct policy differentiation

T
0* = arg mea,x J(0) po(s1,ai,...,sr, aT H (at|s¢)p(str1lse, at)
J(8) = By [r(7)] log of both{sides po(T) .

log po(7) =logp(s1) + Y logmo(as|s;) + log p(si41se, ay)
VoJ(0) = Erpy(r)[Vologpe()r(7)] t=1

A
[ |

T
1059@) + Z log g (a¢|s¢) + IWU]
t=1

Vo

T
VoJ(0) = Erpy(r) [(Z Vo log mg(as|st) > (Zr St, ay )]

t=1
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Evaluating the policy gradient

recall: J(0) = Erp,(r) [Z T(St,at)] ~ 1 Z Zr(si,t,ai,t) > ; Z/

t=1

T T
VoJ(0) = Erp,(r) [(Z Vi log 7rg(at|st)> (Z r(st, at)>]
—
estimate return

generate
samples (i.e.

Vo J (0 % ; (Z Vg log mg(a;, t|Sz t)) (Z T(Sz‘,t, ai.t))

t=1

run the policy)

L improve the
policy

0« 0+ aVyJ(0)

REINFORCE algorithm:
> 1. sample {7'} from 7y (as|s;) (run the policy)

2. VoJ(0) = Y, (32, Vologmg(ailsi)) (32, r(si, al))
S 3.0 0+ aVeJ(6)
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Evaluating the policy gradient

- M
ﬁ
—~~
»
~.
“@#
oV
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N’

‘ 1
recall: J(0) = Ervpy(r) lL r(st,at)‘ ~ ~ Z

t

T
VHJ(Q) = ETNPH(T) [(Z Vo logﬂ_f)(at|st)> <ZT(St’at))]

1 N T
Vol (0) & > (Z Vo log we(ai.t|si,t>) (Z r(si’t,ai’t)>

t=1

L what is this?

=1 \t=1
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Comparison to maximum likelihood

T T
1
policy gradient: VgJ(0 N Z (Z o log mg(a; ¢|sit ) (Z'r Sit,Qit) )

1=1

N T
1
maximum likelihood: VgJuL(0) =~ N Z (Z Vo log 7T()(ai.t|Sz‘,t)>

1=1 \t=1

Iy (at\st)
training STpen’.iSEd mo(as|st)
e earning
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Example: Gaussian policies

| N T
VoJ(0) ~ N Z (Z Vo log Wg(ai,tsi’t)) (Z 7'(sz~,t,a,-,t))

=1 t=1 t=1

example: W@(atlst) — N(fneural network(st); Z)

1
log mg(ay|sy) = —§||f(st) — at||22 + const
1 d
Vologmo(alse) = 557 (f(s1) — a0 5y

REINFORCE algorithm:

“> 1. sample {7*} from mg(as|s;) (run it on the robot)

2. VoJ(0) = >, (>, Vologmg(ails})) (3, r(si, ay))
3.0+ 04 aVyJ(0)

lteration 2000
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What did we just do?

Vo J(0) ~ %Z (Z Vg log 7r9(az-’t|si’t)> (Z r(si,t,ai7t)>

1i=1 \t=1 t=1
1 1 &
VoJ(0) ~ N Z Vo logmg(7;)r(7;) maximum likelihood: Ve Jur(0) = N Z Vo log mo(T;)
i=1 ' : i=1
T

Z Vo logy mo (@i t|sit)

t=1

good stuff is made more likely

bad stuff is made less likely

simply formalizes the notion of “trial and error”!

REINFORCE algorithm:

> 1. sample {7} from 7y (as|s;) (run it on the robot)

2. VoJ(0) = Y, (3, Vologmg(ailsi)) (3, r(si, al))
S 3.0 04 aVeJ(0)
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Partial observability

T

1
VQJ(H) ~ N Z (Z VQ lOg’ﬂ'g a;. t|07,t

1=1 \t=1

Markov property is not actually used!

Can use policy gradient in partially observed MDPs without modification

16



What is wrong with the policy gradient?

N
1
VoJ(0) = 3" Vologmo(r)r(r)
1=1

even worse: what if the two “good” samples have r(7) = 07 high variance

17



Review

T

* Evaluating the RL objective S r(xe,uy)
e Generate samples

t=1

fit a model to
* Evaluating the policy gradient ﬁ estimate return

* Log-gradient trick generate
* Generate samples

samples (i.e.
run the policy)

e Understanding the policy gradient t improve the

policy

* Formalization of trial-and-error

* Partial observability 040 +aVeJ(6)

* Works just fine

 What is wrong with policy gradient?

18



Reducing Variance



Reducing variance

N T T
1
VoJ(0) ~ Nz (ZV@logﬂ'g (a;¢[sit) ) (Zr (Sit,a4t) )

=1 \t=1

Causality: policy at time t’ cannot affect reward at time ¢t when ¢ < ¢/

| N T T
VoJ(0) = N > > Vologm(aylsi) < r(si, ai,t’)>
i—1 =1 t/% )

\ J
I

“reward to go”

A

Qi

20



cENUTER

Yo Y
a convenient identity

po(T)Vlog pe(T) = Vepe(T)

B[V log po(7)b] = / po(F)V log pp()bdr — / Vops(r)bdr = bV, / po(r)dr = bVyl =0

subtracting a baseline is unbiased in expectation!

average reward is not the best baseline, but it’s pretty good!

21



Analyzing variance

can we write down the variance?
Var[z] = E[2?] — Elx]?
VoJ(0) = Erpyr)|Vologpe(T)(r(T) —b)]

Var = E_p, ) [(Velogpe(T)(r(T) — b))?] — Erpe(r) Vo logpe(T)(r(T) — b)?

this bit is just E,p, () [Ve logpe(T)r(7)]

(baselines are unbiased in expectation)

Tt = S Blg(r)(r(r) b)) = 55 (ELaePrteF) — 2Elg(r)Pr(r)8) + ¥ Elg(r)?)
~ —2B[g()r(r)] + 2Elg(r)*] = 0

Elg(r)*r(r)] This is just expected reward, but weighted
Elg(T)?] by gradient magnitudes!
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* The high variance of policy gradient

* Exploiting causality
e Future doesn’t affect the past

e Baselines
e Unbiased!

* Analyzing variance
e Can derive optimal baselines

Review

T
QT((Xta ut) — Z T(Xt/, ut’)
t'=t
fit a model to
ﬁ estimate return

generate

samples (i.e.
run the policy)

‘ improve the

policy

' l

0+ 0+ aVyJ(0)

23



Implementing Policy
Gradients



Policy gradient with automatic differentiation

N T
1 .
VoJ(0) = N g E Vologmg(a; t|sit)Qit

1=1 t=1

L pretty inefficient to compute these explicitly!

How can we compute policy gradients with automatic differentiation?

We need a graph such that its gradient is the policy gradient!

N T
1 1
maximum likelihood: VgJur(0) = N Z Z Vologmg(ais|sie)  JmL(f ~ N Z Z log mo (@ ¢|si.t)

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

Just implement “pseudo-loss” as a weighted maximum likelihood:

| N
~N Z Z log mo(@t]8:,t) Qi1
i=1 t=1
L cross entropy (discrete) or squared error (Gaussian)

25



Policy gradient with automatic differentiation

Pseudocode example (with discrete actions):

Maximum likelihood:

# Given:

# actions - (N*T) x Da tensor of actions

# states - (N*T) x Ds tensor of states

# Build the graph:

logits = policy.predictions(states) # This should return (N*T) x Da tensor of action logits
negative likelihoods = tf.nn.softmax_cross_entropy with logits(labels=actions, logits=logits)
loss = tf.reduce_mean(negative likelihoods)

gradients = loss.gradients(loss, variables)

26



Policy gradient with automatic differentiation

Pseudocode example (with discrete actions):

Policy gradient:

# Given:

# actions - (N*T) x Da tensor of actions

# states - (N*T) x Ds tensor of states

# g _values - (N*T) x 1 tensor of estimated state-action values

# Build the graph:

logits = policy.predictions(states) # This should return (N*T) x Da tensor of action logits
negative likelihoods = tf.nn.softmax _cross_entropy with logits(labels=actions, logits=logits)
weighted negative likelihoods = tf.multiply(negative likelihoods, g values)

loss = tf.reduce_mean(weighted negative likelihoods)

gradients = loss.gradients(loss, variables)

N
~ 1
J(0) ~ ~ Zlog Wg(ai,t|si,
g_values

1=1 t=1

27



Policy gradient in practice

* Remember that the gradient has high variance
* This isn’t the same as supervised learning!
e Gradients will be really noisy!

* Consider using much larger batches

* Tweaking learning rates is very hard
e Adaptive step size rules like ADAM can be OK-ish

 We'll learn about policy gradient-specific learning rate
adjustment methods later!

28



Review

* Policy gradient is on-policy

e Can derive off-policy variant
e Use importance sampling
e Exponential scalinginT
* Can ignore state portion
(approximation)
* Can implement with automatic
differentiation — need to know what
to backpropagate

* Practical considerations: batch size,
learning rates, optimizers

T
QW(Xt, ut) — Z T(Xt', U—t’)

~

fit a model to
estimate return
generate
samples (i.e.
run the policy)

; improve the

policy

0+ 0+ aVeJ(0)

29



Actor Critic Algorithm



Improving the policy gradient

N T
VoJ (6 %ZZVH log mo(@i,t(si,t) (Z (Si,t',ai,tf)>

=1 t=1 t'=1

\ J
1

“reward to go”
Qi
Qi,t: estimate of expected reward if we take action a;; in state s; ¢
can we get a better estimate?
Q(s¢,as) = Zf:t Er, [r(sy,ap)|st, at]: true expected reward-to-go

N T

1
Vo J(0) ~ N D> Vologmo(ailsit)Q(sie, aie)

1=1 t=1
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How do we deal with all these expectations?

’TNpg (1)

T
E T St,at

t=1

ESle(Sl) [EalNﬂ’(aﬂSl) [T(Sb al) + ES2Np(SQ|Sl,a1) [EazNW(aQISQ) [T(S% 32) T "'|SQ] |Slv al} |51”

| J
I

what if we knew this part?

Q(Sl7a1) — 7“(81,3.1) _|_ ESQNp(S2|Sl,al) [Eagwﬂ'(a2|82) [T(S27 8'2) _|_ |SQ:| |S].7alj|

— Esle(Sl) [EalNﬂ'(al|sl) [Q(Sl7a]—)|sl]j|

AN

easy to modify my(ay|s1) if Q(s1,a1) is known!

example: w(ay|s;) =1 if a; = argmax,, Q(s1,a;)

32



Definition: Q-function

Q™ (s¢,a;) = Zg:t Er, [r(sy,a)|st, at]: total reward from taking a; in s;

Definition: value function

V7 (s¢) = Zfzt Er, [r(s¢,ap)|st]: total reward from s,

V7™ (st) = Ea,~r(a,|s,) Q7 (St,a¢)]

Eg, ~p(s) V7 (s1)] is the RL objective!

33



What about the baseline?

Q(St7at> — zg:t Eﬂ'e [T(Stla at’)

1 N T

Vo (0) = + D> ) Vologmy(ailsie) (Qsip,aie) — V(sie))

=1 t=1

St, a¢]: true ezpected reward-to-go

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

7

V(St) — Eatwwe(at|st) [Q(Sta at)]

34



State & state-action value functions

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

N T
1
VoJ (6 b § E Vologmg(a; ¢|sit) (Qsit,ait) — V(sit))
t=1

=1

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

V(St) — Eatwwe(at|st) [Q(Sta at)]

35



Value function fitting

QW(St, at) = Zfzt Ex, [T(St', at’)|St7 at]
V7 (8t) = Ea,romy(ar]s,) (@ (8¢, at)]
AT (sg,ar) = Q7 (s, ar) — V™ (sy)

N T

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

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

Q™ (st,as) = (St at) + >op_p g Bry [7(8¢7,20) |81, a¢]

A (sy,a0) ~ 1(s1,a0) + V™ (s041) ~ Vet

let’s just fit V™ (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 ¢

36



Policy evaluation

fit V7

fit a model to
ﬁ estimate return

T generate
VT (St) — Zt':t Ex, [T(st’7 at’)|st] samples (i.e.
run the policy)

J(0) = Fuy op(s) [V (51)] t —
improve the

l l

policy

0 0+ aVeJ(0)

how can we perform policy evaluation?

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

]~

Vﬂ' (St) ~ ']"(Sﬂ, at/)

/

~~

t

| NI
V7(se) = N ZZT(St',at')
i=1t'=t

(requires us to reset the simulator)

37



Monte Carlo evaluation with function approximation

T
Vﬂ'(st) ~ ZT(St’7at’)

t'=t

V7(s)
parameters ¢

not as good as this: V7 (s;) ~ sz\il Z;‘E:t r(s¢, ay)

but still pretty good!

training data: { (Si,t, Zf:t r(si, ai,t’)) }
J

\

supervised regression: L(¢) = — Z

the same function should
fit multiple samples!

38



Can we do better?

A

. T
ideal target: it = >y By [1(Str,a0)[8ie] = 7(8i0,250) + V7 (8i041) = 7(8i,6,208) + Vi (Si,e41)

Monte Carlo target: y; + = Zfzt (S, Qi)

supervised regression: L(¢) = = Z

sometimes referred to as a “bootstrapped” estimate

directly use previous fitted value function!

39



Policy evaluation examples

TD-Gammon, Gerald Tesauro 1992 AlphaGo, Silver et al. 2016
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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

Input Patters

have now switched from the traditional move of 13-9, -5, to TD-Gammon's Figure 1. An illustration of the multilayer perception arct used in
i 13-9 24.23 TD-G . lysis is g in Table 2 TD-Gammon's neural network. This architecture is also used in the
preference, 13-9, 24-23. TD-Gammaon's analysis is given in Table 2. popular backp \eatring Figure re from (9]

reward: game outcome reward: game outcome

value function f/qu (s¢): value function V' (s¢):

expected outcome given board state expected outcome given board state
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An actor-critic algorithm

fit V7

fit a model to
estimate return

batch actor-critic algorithm:
generate

«~=> 1. sample {s;,a;} from my(als) (run it on the robot) samples (i.e.
run the policy)

; improve the

2. fit f/”: (s) to sampled reward sums )

3. evaluate A7 (s;,a;) = r(s;,a;) + V(;T(Sé) — J(Sz)
4. VoJ(0) = > . Vglog 779(&¢|S¢)A7T(Sz',az')

S 5.0+ 0+ aVeJ(6) 0«0+ aVyJ(0)

policy

T
Yit ~ Zt’:t (Sitr, @)

OEEDS

(4

2

VT(s)

Ag (8i) = vi parameters ¢

41



Aside: discount factors

lteration 2000

what if T' (episode length) is co? )
f/(;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:

Vit © 7(Sips ) + YV (Si041)

T

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

42



Aside: discount factors for policy gradients

yi,t ~ T(Si,fh ai,t) + 7‘/\/@;— (Si,t—}—l) )
A™(s: . a
9 with critic: (Si,t, @i t)

N T
1 N R
; Vo (0) ~ = > D" Vologma(asalsie) (r(sicaie) + 1V (sie41) = Vi (s0)
=1 t=1

what about (Monte Carlo) policy gradients?

T
option 1: VoJ (0 ZZV@ log mp(a; ¢]8it) (Z (sZ Y t,)>
i=1 t=1 t'=t \
N
. 1 —
option 2: VoJ(0) = N Z (Z Vologmg(a; ¢|sit) > <Z Vil (si0, A t,)>

=1 t=1

Vo J (6 iZnglogm (i¢]si,t) (Zv s 00 )

zltl

1
VoJ (0 —ZZ = 1V01087T0 (as,¢/si.t) (ZWt t7" (sie, azt’))

(later steps matter less)

not the same!

2

2



Which version is the right one?

this is what we actually use...

N
option 1:  VuJ(0) = ! ZXT:VQ log mg(a; ¢|Si.t) nyt (s, a40) —
N — HEr why?

=1
lteration 2000

1
option 2: VoJ(6 NN th
1 t=1

1=

1V910g779 (a; ¢sit) (th tr (si,ay t,))

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

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



Actor-critic algorithms (with discount)

Actor-critic algorithms (with discount)

batch actor-critic algorithm:

> 1. sample {s;,a;} from my(als) (run it on the robot)
2. fit Vq? (s) to sampled reward sums

3. evaluate A™(s;, a;) = r(s;, a;) + WVJ(SQ) — qu(s@)
4. VoJ(0) = > . Vglogmg(a;|s;)A™(s;,a;)

w5 0+ 0+ aVyJ(60)

online actor-critic algorithm:
> 1. take action a ~ my(als), get (s,a,s’,r)
2. update ngj using target r + 7‘7&;’(5’) )
3. evaluate A™(s,a) = r(s, aA) +Vi(s') = VJ(s)
4. VoJ(0) = Vglogmg(als)A™ (s, a)
“am 5.0+ 60+ aVyJ(6)
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Actor-Critic Design
Decisions



Architecture design

online actor-critic algorithm:

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

2. update ngr using target r + fyf/g;r (s)
3. evaluate A™(s,a) = r(s,a) + fyf/;gr(s’) — VJ(S)
4. VoJ(0) ~ Vg log me(als)A™ (s, a)

5.0« 0+ aVyJ(0)

two network design + simple & stable

- no shared features between actor & critic

shared network design

47



Online actor-critic in practice

online actor-critic algorithm:

1. take action a ~ mg(als), get (s,a,s’, r
//——‘> 7g Y, Y )

3. evaluate A7 (s,a) = r(s,a) + ’yf/(;r 5 (s)
4. VoJ(0) ~ Vglogmy(als)A™ (s, a)
w5 0+ 0+ aVeJ(0)

2. update ngr using target r + 'yf/qgr(s}y works best with a batch (e.g., parallel workers)
(s~ V

synchronized parallel actor-critic asynchronous parallel actor-critic

get (s,a,s’,r)<—l I I I

update 0 « Bl m__=

get (a8, r)—0 | B B

update 0 +— Bt o=

T £

N\

48



Can we remove the on-policy assumption entirely?

online actor-critic algorithm:
= 1. take action a ~ mg(a|s), get (s,a,s’,r)
2. update VQZAT using target r + ’yf/g(s’) ) form a batch by
3. evaluate A™(s,a) = (s, ai) -+ vvqf(s’) — VQZT(S) — using old previously
4. VoJ(0) =~ Vglogmg(als)A™ (s, a) seen transitions
e 5.0+ 0+ aVeJ(0) l

off-policy actor-critic

get (s,a,s’,r)<—l

update 0 «— B «—

get (S7a7 Slar) <_I /

update 6 «— m o transitions that
I Y 4 wesaw in prior
time steps

49



Let’s see what that looks like

online actor-critic algorithm:
~=> 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 qu using targets 1, €& r; + 7V¢ (si) 10Y each s; L(p) = 1 Z

4. evaluate A™(s;,a;) = r(s;,a;) + YVE s Vi (si) i
5. VoJ(0) = + “(si,aix /
batch size

6.0+ 0+ aVeJ(0) / not the right target value

not the action 7y would have taken!

This algorithm is broken!

Can you spot the problems?

50



Fixing the value function

online actor-critic algorithm:

= 1. take action a ~ my(als), get (s,a,s’,r), store in R s =2—y=Fm
A g

2. sample a batc.h {si,a;,r;,s;} from buffer R Q™ (s,a0) = SL_, Ery [r(ser, a5t a]

3. update V¢ using targets vi€E r; + 7V¢ (s;) to) each s;

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

4. evaluate AW (Sza az =T Sz ‘I' 7 ¢ S, qu (Sz) ... and then follow the policy 7"
5. V0(0) ~ 4 20\
60— 0+ &V9J / not the right target value
not the action mp would have taken! where does this come from?
1 . 2
3. update ch using targets y; = r; + 7V¢ (s}) for each s;, a; L(p) = N Z Qg(si, a;) — vy
—Tz‘|‘7Q¢( z z) '

T

not from replay buffer R!
a; ~ mg(ay[s;)
V7T (st) = Zz:zt Er, [r(sv,ar)|s:] = Earvﬂ'(at|st)[Q<Sta a)]
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Fixing the policy update

online actor-critic algorithm:
> 1. take action a ~ my(als), get (s,a,s’,r), store in R
2. sample a batch {si,a;,r;,s;} from bqffer R
3. update QF using targets y; = TZ + Q% (s}, a;) for each s;, a;
Vqs (s:)
" (si,a;)

4. evaluate A”(sz,aZ = sZ

50~ X

not the action my would have taken!

use the same trick, but this time for a; rather than a]!

sample al ~ my(als;)
Vo (0) = &3, Vologmo(al|s;) A" (s;, af)

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

in practice: VoJ(0) ~ + >, Vglogmy(a f|Sz)QW(Sz, ay)
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What else is left?

online actor-critic algorithm:

= 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 Q¢ usmg targets y; = r; + 7Q¢( a;) for each s;, a;

4. VoJ(0) ~ + >, Vg logmy(a 1s;,)Q7 (s;,aT ) where a7 ~ mg(als;)
5. 0« 0+ aVyJ(0)

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
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Some implementation details

online actor-critic algorithm:
= 1. take action a ~ my(als), get (s,a,s’,r), store in R
2. sample a batch {s;,a;,r;,s;} from bulffer R
3. update Q7 using targets y; = r; + yQ}(s;, a;) for each s;, a;
4. VoJ(0) ~ = >, Vglog m9(ar|s;)Q7 (s;,aT) where a ~ my(als;)
OB 0 0+ aVeJ(0)

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

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!
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Critics as Baselines



Critics as state-dependent baselines

Actor-critic: VoJ(0) ~

=
M-
E

Vo log 7 (ailsie) (r(siain) + V7 (siar1) = Vi (si0)

1t=1

2

+ lower variance (due to critic)
- not unbiased (if the critic is not perfect)

N T
: : 1 -
Policy gradient:  Vy.J (6 ~ N Z Z Vo logmg(aj ¢|si) ( (Z Y (sie, az’,t')) - b)

=1 t=1 t'=t

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

can we use ‘A/(;r and still keep the estimator unbiased?

T
1 r_ o
V@J N Z Z VQ log ] az t|S7, t ( (Z ’}/t tr(si,t/, ai,t,)> — V¢ (Si,t))

t =t
+ no bias

+ lower variance (baseline is closer to rewards)

56



Control variates: action-dependent baselines

Q" (Staat) Zt’ Ex, [T(St',at')\st,at]
VT (s¢) = Eatfv?re(atlst) (Q7 (st, a4)]
Aﬂ(St, at) = Q“(st,at) — VW(St)

n + no bias
4 —t ‘/'71'
(st,a) = Zt’ —t 'Y r(se,ay) — o (st) - higher variance (because single-sample estimate)

A 00 t—¢ - + goes to zero in expectation if critic is correct!
A (st, at) = th:t7 T(St',at') — Q¢(St, at) not correct

N T
VGJ ]1[ Z Z Vi 10g7r9 a; t|S7, t) (Qz t — Q¢(Sz ty A4t ) ‘l‘% Z Z VQEaN’frg(a”Sq;’t) [Qg(si,t,at)}

1=1 t=1 =1 t=1

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

Gu et al. 2016 (Q-Prop)
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Eligibility traces & n-step returns

. . Y + lower variance
(St’ at) B T(St’ at) T 7V¢ (St+1) V¢ (St) - higher bias if value is wrong (it always is)

A7T
AC
- oo ¢ Y + no bias
Afic(st,ar) = 3y v" ~'r(sv,ar) qu (s¢) higher variance (because single-sample estimate)

bigger variance
Can we combine these two, to control bias/variance tradeoff?

Tt
‘K cut here before variance gets too big!

> ¢ smaller variance

AZ(Stg at) = Z?_:nt ’Yt,_t’r'(St/, at/) — VJ(St) —I—’anqzr(st+n) o

choosing n > 1 often works better!
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Generalized advantage estimation

r :
t K Do we have to choose just one n?
Cut everywhere all at once!
1 > 1

A . t+n ' —¢ 2 2 A . A

An(st,ar) = v Tir(se,ar) — Vi(se) +9" Vi (St4n) Gag(St,at) = — wn AT (St, ar)
weighted combination of n-step returns
How to weight? Mostly prefer cutting earlier (less variance) Wy, X AL exponential falloff

A

AZap(st,ar) = r(sp,ar) +7((1 = NV (s141) + A (ses1,a1) + (1= NV (Se42) + A (Sey2,a42) + .. )

T an(sta) = > o, (YN 6y O = r(spr,ap) + YV (sp41) = Vi (se)
™~ similar effect as discount!

N T
1
option 1:  VuJ(0) = N ZZV@ log mg(a; ¢|Si.t) (ny br(s t,,ai’t,)>

, i=1 t=1 =t
remember this?

discount = variance reduction!

Schulman, Moritz, Levine, Jordan, Abbeel ‘16



Review, Examples, and
Additional Readings



Review

fit V7

Actor-critic algorithms:

e Actor: the policy
 Critic: value function ‘ I

* Reduce variance of policy gradient
generate

Policy evaluation samples (i.e.
* Fitting value function to policy run the policy)

Discount factors @ t

* Carpe diem Mr. Robot
e ...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
* Another way to use the critic
e Can combine: n-step returns or GAE

fit a model to
estimate return

|

improve the
policy

0 < 0+ aVyJ(0)
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Actor-critic examples

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

e Batch-mode actor-critic

* Blends Monte Carlo and
function approximator
estimators (GAE)
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Actor-critic examples

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

* Online actor-critic, parallelized
batch

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




Actor-critic suggested readings

* Classic papers
e 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

e 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
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Proximal Policy
Optimization

Proximal Policy Optimization Algorithms , John Schulman ... , OpenAl 2017



Policy gradient is on-policy

0* = arg max J(0)

* Neural networks change only a little bit

J(0) = Erp, () |7(T : .
(9) @r(7)] with each gradient step

Vo (0) = Ervp,(r)|Vologpe(r)r(7)] * On-policy learning can be extremely

L inefficient!
this is trouble...

can’t just skip this!
REINFORCE algorithm: /

@ 1. sample {7'} from mg(as|s;) (run it on the robot)

2. VoJ(0) = >, (Zt Vg log 7T<9(aﬂsi)> (Zt T(Siva@)
3. 0+ 0+ aVyJ(0)
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Off-policy learning & importance sampling

0" = arg max J(0) /importance sampling B
T(0) = Brpy (o) () Besniolf(0)) = [ #a) i
what if we don’t have samples from pg(7)7 - / %p(x)f(x)dx

(we have samples from some p(7) instead)

q(z)
J(0) = Erp(r) [(7)] = Eyrq(x) Z(—z)f(l’)}

po(T) = p(s1) H To(at|se)p(St+1lst, ar)

po(T) mnt 179 at|StM Ht 17T9(at|st)
P(T) o) [T,y T(aslse)plseertsrar)  [1_; 7(aclse)
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Deriving the policy gradient with IS

a

0* = arg max J(0) a convenient identity

T)Vol V=V T
J(6) = Errepy () [r(7)) \ po(T) Vo log po(T) = Vpe(7)

can we estimate the value of some new parameters 6’7

/ the only bit that depends on ¢’
J(0) = Erpy(r) [ T(T)]

peA7)

Vo' Do (T)T(T)] = Erpy(r) [W Vo log pe: (7)7r(7)

po(T)

V@’J(el) — ETNpg (1) [

now estimate locally, at § = 60": Vo J(0) = E-p,(+) [V log pe(7)r(7)]
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The off-policy policy gradient

p >
0" = arg m@aX ‘]<9) '](9) = ETNP@(T) [T(T)] Do’ (7’) _ Hle UYL (at|st)
Do po(T) HT_ mo(a|st)
VoI (0) = Ermpyor | 2400 t0g o (r)e(r)| - when 02 -
| po(T) v
(17 o (aclse) -
= E e po(r) H il Sl i Z Vo log mo: (az|st) Z r(s¢,a;) | | what about causality?
| \t=1 mo(at[st) t=1 t=1
_ i o (ay |S¢) a
= F_ . (+ V@z log g (a¢|st) s r(sy,ay)
po(T) — t |9t (J/:[l To at/|St/ t’zzt

future actions don’t affect current weight J
if we ignore this, we get
a policy iteration algorithm
(more on this in a later lecture)
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A first-order approximation for IS (preview)

t—1 =1 o (ay[se) =t

L exponential in 7'...

Vo J(0') = Erpy(ry | Y Ve logmo (agls;) (H e (at/|8t/)) (Z T(Stuat'))]

let’s write the objective a bit differently...

N T
. . . 1 A
on-policy policy gradient: VyJ(0) ~ ~ D) Vologmo(alsie) Qi

i=1 t=1 3
(Sz’,ta ai,t) ~ 7T9(St, at)

N T
. . . 1 \P1,ty Ay ~
off-policy policy gradient: Vg J(6') ~ ~ E E 7;90 ((SS. ’tt : ’:)) Vo log mor (a; ¢sit) Qi t
i=1 t=1 byb1

N
) . o 1 Tor (S 7-‘-0, a. S A
We'll see why thisis  — ~ 3 (SA)S ((a.%,t’|S.2,t)) Vo log 7o (2 ¢]8i.4) Qs
reasonable i=1 t=1 77’(%15 o\ it |54t

later in the course! ignore this part
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Problem of Importance Sampling

T
, If optimized J, it will make U larger and larger. Distribution will

T
significantly change. old

» distribution change too may lead policy network performance
much worse

 policy sampled bad actions, lead to worse policy.
» training collapsed!

1(6) = E:[ mo(at | st) At]

7.‘-gold (a’t ‘ St)
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TRPO

« TRPO: Optimize mean reward on a constraint (use importance sampling)

maximize Et[ 7T9(Clt | St) At]
0 Thoa(at | St)

subject to E¢[KL[mg . (| s¢), ma(- | 5¢)]] < 6.

« Intuition: 7, shouldn’t change too much in 1 step.

« equals to change the step length in every step, avoiding training
collapse

» Theoretically, It can be proved that the mean reward function is

monotonous T 4 )
. 9k = D—| Z Z Vo logﬁg(at\stﬂ@k A
« TRPO uses hard constraints to control the change. Pl /5, 1=
* monotonous -> local minima 1 &= H ',
« complicate math . 20
P Opi1 = O + S T,
X Hkazk

k 72

Trust Region Policy Optimization, John Schulman ... , UC Berkeley, 2015



 Following TRPO’s intuition, PPO provides two methods to
constraint policy distribution’s change using the first-order
algorithm

 Clipped Surrogate Objective
« Adaptive KL Penalty Coefficient
 Soft constraint
* Trade-off: reward monotonous and policy randomness

 Other tricks to make training more stable and better sample
efficiency

 Importance sampling
« GAE
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PPO - Clipped Surrogate Objective

LCPI(Q) _ ]Et[ mo(at | s¢) At] — &, [rt(é)flt].

7T901d (a’t | St)

LCHP(9) = E, [min(rt(ﬁ)flt, clip(r¢(0),1 — e, 1 + E)At)}

JCLIP A>0

0 1 1+e€ 74



PPO - Adaptive KL penalty coefficient

« KL constraint in TRPO is hard to apply
* PPO uses Adaptive KL penalty coefficient to have the same effect

« can be alternative/addition to Clipped Surrogate Objective
- we can achieve some target value of KL divergence d.,.,

~ | melae|se) -
LKLPEN(Q) — i, o(at | st) Ay — BKL[mg, ., (- | s¢), mo(- | 5¢)]
T.1q (at ’ St)

Compute d = ]Et[KL[Woold(' | s¢), mo (- | 8¢)]]

— If d < diarg /1.5, B < (/2
— If d > diarg X 1.5, B < B % 2

* During training, Sometimes KL divergence is significantly different

from d,,,,, but can fast adjust.
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PPO - Total loss and other tricks

LEHPHVETRS 9y = By [LELIF(0) — ey LY T (0) + c2S[ma)(s1)],

Ay =6+ (YN)ip1 + -+ -+ (YN 5,
where 0 =7 + YV (st41) — V(s¢)
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PPO - Experiments

 Exp 1, Clipping VS. Adaptive KL
 Clipping > Adaptive KL > Fixed KL > benchmark

algorithm avg. normalized score
No clipping or penalty -0.39
Clipping, ¢ = 0.1 0.76
Clipping, ¢ = 0.2 0.82
Clipping, € = 0.3 0.70
Adaptive KL dgare = 0.003 0.68
Adaptive KL diarg = 0.01 0.74
Adaptive KL diarg = 0.03 0.71
Fixed KL, 8 = 0.3 0.62
Fixed KL, § = 1. 0.71
Fixed KL, 8 = 3. 0.72

Fixed KL, 3 = 10. 0.69
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PPO - Experiments

* Exp 2, PPO vs. Other on-policy RL algorithm
* Sample efficiency
 Final performance

HalfCheetah-v1 Hopper-v1 InvertedDoublePendulum-v1 InvertedPendulum-v1

2000 2500 8000 RV RN

A
AV 800
1500 \fV\
2000 M/ / 5000
1000 1500 600
500 4000
400
1000 J/v\
. ,:«\M 2000
500 /;V//’_Mw 200
-500
0 e 0 0
0 1000000 0 1000000 0 1000000 0 1000000
Reacher-v1 Swimmer-v1 Walker2d-v1
— A2C
120 R i
-20 A2C + Trust Region
P 100 3000 —— CEM
40 80 —— PPO (Clip)
—60 60 2000 Vanilla PG, Adaptive
/ TRPO
-80 40

20 ¢

V»
,k/\,'\o/-.,\ P
ST

0 1000000 0 1000000 0 1000000 78



Implementation Tricks

https://zhuanlan.zhihu.com/p/512327050
https://iclr-blog-track.github.io/2022/03/25/ppo-implementation-details/
Implementation Matters in Deep Policy Gradients: A Case Study on PPO and TRPO , Logan Engstrom, ..., MIT, ICLR 2020



https://zhuanlan.zhihu.com/p/512327050
https://iclr-blog-track.github.io/2022/03/25/ppo-implementation-details/

PPO - Update tricks

1, sample action-state pairs {s;, a;, S¢+1} = B from my
2, update Vo, Tgr for K epochs, each epoch use all of datain B
3,0/ - 6
1. In practice, K shouldn’t be too large otherwise the data error
would be large.
* In PPQO’s original paper, K=15 for RoboschoolHumanoidFlagrun

2. Minibatch: In each epoch, divided buffer B into several mini-
batches. each batch updates network once. (Like batch gradient
decent)

* Minibatch should be suitable.
« large: stack in local minima
« small: too noisy gradient
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PPO - Update tricks

* Our own experiment: state-based close door in

objects.

* Minibatch size ~ 5500
* RoboschoolHumanoidFlagrun: mini-batch = 4096

Smoothed Value

Name

FrankaCabinetManiSkill/ppo_0000021-8(default), mini=1, epoch=8_seed5555
FrankaCabinetManiSkill/ppo_0000021-8(default), mini=16, epoch=8_seed5555
FrankaCabinetManiSkill/ppo_0000021-8(default), mini=2, epoch=8_seed5555
FrankaCabinetManiSkill/ppo_0000021-8(default), mini=32, epoch=8_seed5555
FrankaCabinetManiSkill/ppo_0000021-8(default), mini=4, epoch=8_seed5555
FrankaCabinetManiSkill/ppo_0000021-8(default), mini=8, epoch=8_seed5555

ag: Episode/success_rate_train

0.7577
0.7923
0.9213
0.5339
0.9311
0.9795

0.7577
0.7923
0.9213
0.5339
0.9311
0.9795

Step
436
436
436
436
436

Time

Mon Jul 11,
Mon Jul 11,
Mon Jul 11,
Mon Jul 11,
Mon Jul 11,
Mon Jul 11,

14:41:21
11:43:18
14:40:29
12:19:39
00:17:08
11:35:14

Relative
47m 55s
52m 14s
47m 38s
1h 28m 8s
49m 49s
45m 59s

Hyperparameter

44 different

Value

Horizon (T)

Adam stepsize

Num. epochs

Minibatch size

Discount (7)

GAE parameter ()

Number of actors

Log stdev. of action distribution

012

*

15

4096

0.99

0.95

32 (locomotion), 128 (flagrun)
LinearAnneal(—0.7, —1.6)
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PPO -Normalization / scaling

g norm AI — Hap
Advantage normalization: A/ =
A /U% + €
- only used in training time LCHP(9) = R, {min(rt(ﬁ)flt, clip(r¢(0),1 —e,1 + e)flt)]

e normalize in a minibatch
- When V(s,) isn’t well estimated, it helps A, centered 0.

S, — U
. . 5 run
State normalization : St’wr m —

2
Opun T €

* Need to restore the running mean of each dimension of states and use it
in test time.

« Similar to BatchNorm, it helps with training.

r
. {
Reward scaling : r¢4/¢ =

2
Opun T €

- scaled reward makes value function ¥V, (s,) training easier .



PPO - Initialization / activation

« Orthogonal Initialization
« 1, Gaussian distribution( 4 = 0, o = 1) initialize W.
- 2,5VD, W=U'"DV, V — W. W is orthogonal matrics

* Engstrom, llyas, et al., (2020) find orthogonal initialization to
outperform the default Xavier initialization.

« Andrychowicz, et al. (2021) find centering the action distribution
around O (i.e., initialize the policy output layer weights with 0.01”)
to be beneficial

« Tanh activation
« use Tanh activation instead of ReLU (PPO original paper)

« only 2 or 3 hidden layer MLP, gradient vanishing may not have
significant damage.
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https://iclr-blog-track.github.io/2022/03/25/ppo-implementation-details/#Engstrom
https://iclr-blog-track.github.io/2022/03/25/ppo-implementation-details/#Andrychowicz

* Pros:
* better sample efficiency
« Importance sampling, minibatch
« more stable training and better performance

« Clipped Surrogate Objective, Adaptive KL, other implemental
tricks

« Simpler math than TRPO
 Cons:
« Still poor sample efficiency compared with off-policy RL algorithm

* Need to train in simulator, has domain gap to real-world
environment

* many task-specific tricks
« Carefully choose hyperparameters 84



A Taxonomy of RL Algorithms

RL Algorithms
Model-Free RL Model-Based RL
{ ( ¥ 1 ! !
Policy Optimization Q-Learning Learn the Model Given the Model
Policy Gradient < - \ > DQN » World Models L> AlphaZero
\ > DDPG < ; ’ _ :’ |
A2C / A3C < ; > C51 > 12A
‘ > D3 <
PPO < ) >  QR-DQN >  MBMF
> SAC < )
TRPO < \ / > HER >  MBVE

ref: https://spinningup.openai.com/en/latest/index.html



Further Reading and Practice

OpenAl Tutorial to RL

https://spinningup.openai.com/en/latest/user/introduction.html

ALGORITHMS DOCS

&% OpenAl
S Spinning Up



https://spinningup.openai.com/en/latest/user/introduction.html

Introduction to Embodied Al

Next week:
Midterm & Lecture 10, Policy Il

Embodied Perception and InteraCtion’kabb



