Midterm Review 1

CS 185/285

Instructor: Sergey Levine
UC Berkeley




Part 1.
mitation learning




1. Collect data by asking a person to {(O(Z) (Z) (4) (z))

make demonstrations 2O ,ag )i=1

: : N H
2. Rgn supe.rws-,ed Iearnl.ng (a..k.a. | - maXT Y log (a(i) |0(i))
maximum likelihood estimation) on this & 0 L2 08T 3 |0y

data with your favorite neural network 1=1 t=1

( )

- action distribution
parameters

\. J

encoder
Ot (e.g., ViT, ResNet)




Quantifying how bad it could be

H ( ) o 0 if A — W*(St)
ZEatNﬂg(atlst),SthwQ(St)[c(st7 at)] CB6:8t) =\ 1 otherwise

t=1 f

note that this depends
on past actions

—nglstrlbutmn

This sum corresponds to the
expected total number of mistakes

Question: how does the total number of
mistakes scale with the length of the trajectory
(the “horizon”)




A more general analysis

assume: Fg, o, s,y [To(ar 7# m7(s¢)|s¢)] < €

“if we sample a state from the training distribution, we are unlikely to make a mistake”

A useful property:
Py (St) — (1 — e)tptrain(st) + (1 — (1 — e)t))pmistake(st)

o S \ J

1
probability we made no mistakes some other distribution




A more general analysis

1

Total variation divergence Dy (p,q) = = Z p(z) —q(x)] <1

2

xT

Pry (St) — (1 - 6)tpt]r::l,in(st) + (1 — (1 —

DTV (ptra,ina Py ) — \

e)t ) )pmistake (St)

)

f

1 1
5 Z |ptrain(st) — Pry (St)| — 5 Z |ptrain (St

useful identity:

(1—¢e)t>1—etforeec|0,1] S(l—(l—ﬁ)t)_



A more general analysis

H
Z EatNﬂ'Q (at |St)aSthﬂ'9 (St) [C(Stﬂ at)]

t=1

H
— Z Z P (St)EatNWQ (at|st) [C(Sta at)]

t=1 St

= Z Z(ptrain(st) + P (St) — Ptrain (St))Ea, ~mg (ar|se) [C(St; at))

t=1 St

Z Z ptram St _|_ Ip'ﬂ'g (St) ptrain(st)l)Eatwmg (at|st) [C(Sta at)]

Z ‘pﬂ'g St ptrain(st) ‘Eatwﬂ'g (at|st) [C(Sta at)]

H
_E E ptram St atwm(aﬂst) St,at
St




A more general analysis

H
Z Eat’\"ffe (at|st),st~pr, (St) [C(Stv at)]
t=1
— Z Zptrain(st)Eatmﬂg (at|st) [C(Sta at)] + Z ‘p’ﬂ'g (St) — ptrain(st) ‘Eatwﬂ'g (at|st) [C(Sta at)]
t=1 S¢ St
\ ' J ‘ ' I \ ' J
Eorpinion (o8 2 7S <€ — 9D (or po) <1
< 2et

H
< Ze—|—2€t O(eH?)
t=1

This is bad because error increases quadratically with horizon

For more analysis, see Ross et al. “A Reduction of Imitation Learning and Structured Prediction to No-Regret Online Learning”



Fixing distributional shift

can we make Paata(0t) = pr,(0¢)7

idea: instead of being clever about p;,(0¢), be clever about pgata(0t)!

DAgger: Dataset Aggregation

goal: collect training data from p;,,(0;) instead of pyata(0¢)
how? just run mg(a;|o;)

but need labels a;!

1. train my(as|os) from human data D = {o1,a1,...,0n,an}
2. run mg(a;|oy) to get dataset D, = {01,...,05}

3. Ask human to label D, with actions a;

4. Aggregate: D < DU D,

Ross et al. ‘11



Why might we fail to fit the expert?

1. Non-Markovian behavior
2. Multimodal behavior




Autoregressive discretization

At
0.1 0 Why does this work?
A = 1.2 a1
—0.3 at 2

l first step: p(a¢o|st)
lJ -- _ second step: p(at,1|staat,0)
at,0 at,1 t,2 third step:
’ ’ ’ p- p(at,Q‘Staat,Oaat,l)
os. N P I

. sequence | sequence | sequence
autoregressive > > p(at,z |Sta Qat 0, at,l)p(at,l |St7 at,o)P(at,O |St)
Transformer model block model block model block

= N O U
image
encoder — p(at ‘St)

at.0 at, 1




Flow matching overview

Noise Distribution 1o Euler integration of the predicted velocity field FMg(x;, t) Target Distribution m

|
2.0 / 2.0
15 15
1.0 1.0
»
05

< t = 0.00
N N — step el "
2.0 \ @ Euler Integration Step x = 0.85 -
0.4 02 0.0 0.0 0.4 0.6 0.8 10 0.0 0.5
t: flow step
-2 23 0 1 2

Velocity field value (red pushes up, blue pulls down)

Noise Distribution mo

Flow matching target for a sample path: velocity v(x;, t) = x; — xp

Target Distribution m
—— Pathixao, x1)

2 2
Xo Xo
1 1
0 0
X1 = Xo )
Xt
-1 -1
-2 X1 -2
0.25 0.00 0.0 0.2 0.4 06 [ 0.8 1.0 0.0 0.5
t: flow step

Illustrations: Peter Roelants https://peterroelants.github.io/posts/flow_matching_intro/

to sample:
1. sample xg ~ N (0,1)
2. Integrate
for t € {0, At, 2At, 3A¢, ...,
Xi4 At — Xe + (X, t) At

1 — At}
3. return x;

to train:

1. sample xg ~ N (0,1)

2. sample x; € D where D = {x(V}V |
3. sample t ~ p(t) (e.g., p(t) =U(0,1))
4. compute x; = tx1 + (1 — t)xq
5

. update v with V||v(x¢,1) I&

— (x1 —%0)
\ J

1
target velocity




Goal-conditioned behavioral cloning

—— 9%
E——— 24

training time:

demo 1: {si,a;,...,8S7_1,a7_1,ST} < successful demo for reaching st
demo 2: {sy,a¢,...,S7_1,ar_1,87} learn myp(als,g) «—— goal state
demo 3: {817 Aty ..., ST_1,A7-1, ST}

for each demo {s},a},...,s_{,a%_{,s%}

maximize log 7y (at|s!, g = si)



Part 2
Policy gradients




Direct policy differentiation

H
0* = arg max J(0) po(s1,ai,. .., s, ar) = p(s1) H mo(ae[se)p(Si41[st, ar)
' , ' t=1
log of both|sides
J(0) = Erropy ) [r(7)] 8 < Po(7) .
log pe(7) = log p(s1) Zlogmg as[s¢) + log p(s¢+1]se, at)
VBJ(Q) — E*rwpg (1) [Ve log pg (T)T(T)] t=1

A
[ |

H
1‘%) + ) logmy(asls;) + IMEH)]
t=1

Vo

VoJ(0) = Erpy(r) [(Z Vg log mg(as|st) ) (ZT S¢, Ay )]

t=1



p
a convenient identity

po(T)Veglog pe(T) = Vope(T)

Baselines

L

Vo J(6) z Vo log po (7)) — b

=1

N
1
- N Z”” but... are we allowed to do that??
=1

E[Vglog pg(7)b] = /pg(T)Vg logpg(T)bdr = /Vgpg(T)de = ng/pg(T)dT =bVyl =0

subtracting a baseline is unbiased in expectation!

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



Off-policy learning & importance sampling

0" = arg mgtx J(Q) importance sampling
JO) = B (0] Bepilf (@) = [ pla)f(a)do
what if we don’t have samples from pg(7)7 = / %p(@f ()dx
(we have samples from some p(7) instead) _ . p(z) N
| - [ @ E 5 ra)a
J(0) = Erpr) (’T)] _ p(x)
i — Equ(m) Hf(x)]

H
pe(T) = p(Sl) r W@(at|st)p(st+1 |St, at)
t=1

po(7) _ BT, molaylst)pbserrtsroar) _ T1iL, molaylst)
p(r) D) [ILL, 7 (also)plsmrtsmar) TIiL, 7(as:)




A first-order approximation for IS

VQfJ(Q’) — ETNPQ(T) vagr 10gﬂ9f(at|st) (H ﬂ-gl(at,St,)) (Z ?"(Stf,at’))]

t—1 =1 o (2 [sy) 1=t

L exponential in 7T'...

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

i i i 1 i)y (8)\ (i
on-policy policy gradient: V,.J(6) ~ ~ Z Z Vy log m(a§ )!s§ ))Ai )

1=1 t=1
N (s al?) ~ my(sy, )

N H

. . . 1 / 7 )
off-policy policy gradient: Vg J(0)~ =) > mor (St 2 )VQ, log 7o (al? [s{P) AV

N 4 (2) ()

im1t=1 To(sy a;’)
this is “a little bit wrong” L o (s WG’(agi”Sgi)) 1 D) 4D

, . =N L T Ve (af”|s{")
we’ll see next time why =1 t—1 lst?)

it’s mostly ok to do this ignore this pa,rt



Clipped importance weights

w(T)

AN
J(Q ) — E’rfvpe('r) [pe(T) decreasing here

“surrogate objective”

por (7) w(r)
r\T

Vo JOY=FE._ ., (- [ ), 10gp9,(7-)r(7-)] keeps
) po(m) po(T) increasing here

try 0.1

1

edein u(r) = {1~ emin {1 ¢, 2201

‘ ‘ w(T) /\
por (7) keeps -
r(7)

puts a limit on how
much probabilities can
increase or decrease

\
\
\ \
\ \
\\ 1
1
\\ 4



One more detail

1 —e 1+(—:\:py(ﬂ

not paying any price
for drifting away from
data here!



Clipped importance sampling policy gradient

policy gradient with clipped IS (PPO):
1. sample {7(¥} from 7y (run the policy)

Some more details:
use GAE for y( ) as well

2. evaluate y( D) = fr'(s,g )?a,(; )) + V”(sgl) |
3. fit qu (s) to targets {y]t } add >, >, %(WB’('|S§1))) to objective
4. evaluate AT, (s\", a,(i)) = Z?f):t('y)\)t,_%g) “entropy regularization”
5. 0" 0 R
p(x)

6. Vgr J(Q’) ~ VQ’ECLIP(H’)

X
7.0 0 +aVyJO)
6. 6« 0

this results in the widely
used PPO algorithm

v

i) L (D) |g() s
Lcorp (0 szm{’ﬁa (at)”Sm )Agz);dip (Wa (aé |St. ),1 —e, 1+ e) A,(f)}
0

1=1 t=1 )



Policy gradient as policy iteration -z, [mestjat{

J(Q,) - J(O) — J(Ql) - ESQNP(S()) [Vﬂ-g (SO)]
— J(QI) _ ETNPQ’(T) [Vﬁe (SO)] Claim:J(Q ) o J(Q) — ETNP@’("’) [zt: Y A" (Stv at)-

= ()~ Erepy (o thV“ 1) ZW” ]

= J(0) + Errepy () Z Y (VT (s141) = V7 (s1))
| =0

= ETNP@/ (1) lz ’Ytr(sta at) + ETNPQ!(T) [Z /Yt (7V7T9 (SH—l) -V (St))]
t=0 t=0

oo

= Erpyi(7) th r(se,ar) +V" (St+1)vm(8t))]

— ETNp9/ (1) Z ’YtAwe (Sta at)




lgnoring distribution mismatch?

?
ng(at|St) [ !71-9 (at|st) o :“
ES ~ S Ea ~Taola;ls Aﬂ'@ ) ESt St ar~Tglat|St A S ?a
; t~Pg (St) [ 1~ (ag|se) [W6(3t|st) St at ]:| Z ) o(at[st) ( ‘ ) ( t t)
\ J
|

why do we want this to be true? A(Ql)
JO) - JO)~AlO) = ¢« arg nbax A(0) 2. Use A™(s;,a;) to get improved policy 7’

is it true? and when?

Claim: pg(s;) is close to pg/(s¢) when g is close to my



Bounding the distribution change

Claim: pg(s;) is close to pg/(s¢) when g is close to g

Simple case: assume 7y is a deterministic policy a; = my(s¢)

o 18 close to mg if g (as # mo(st)|st) < €

Po’ (St) — (1 T E)tpﬁ(st) + (1 — (1 — E)t))pmistake(st) seem familiar?
I_'_l [ J
probability we made no mistakes some other distribution

9 Z |p9’ St — Po St)| - (1 - ]- - E Z |pmlstake St pQ(St)| § 1 — (1 — E)t

useful identity: (1 —¢€)* > 1 — et for € € [O’ 1] < et

not a great bound, but a bound!



Bounding the distribution change

Claim: pg(s;) is close to pg/(s¢) when g is close to g
General case: assume 7y is an arbitrary distribution
o 18 close to my if % Zst (o (ag|se) —mg(ag|st)| = Drv(me (az|st), mo(ag|sy)) < e

Useful lemma: if Dy (px(x),py(x)) < €, exists p(x,y) such that p(x) = px(x), p(y) =py(y) and p(r =y) =1 —¢
= px(x) “agrees” with py (y) with probability e

= o/ (a¢|s;) takes a different action than my(as|s;) with probability at most €

—Zw s¢) — po(se)| = (1 — (1 —e)’ Z|pmlstake st) —po(se)] <1—(1—e)
< el

Proof based on: Schulman, Levine, Moritz, Jordan, Abbeel. “Trust Region Policy Optimization.”



Bounding the objective value

T is close to mp if 5> |mer(arls:) — mg(arlss)| < e for all s,

—Z [por(st) — po(st)| < et

By, (solf Zpef s¢) f(se) > Zpe st)f(st) — [po(st) — per(st)ImS?Xf(st)
> Epg(st)[f(st)] — 2el IIlS?JXf(St)
ZE —E -W(adst)Am(s a)" >
AR S ETCHEV R O(Hrma) or O (22 )
[ (o (agse) x 17_ 9 tC/
;Eswpe(st) _Ea*“’”f?(aﬂst) | o (ag|sy) A Q(Stvat)__ zt: 6

maximizing this maximizes a bound on the thing we want!



Where are we at so far?

0’ « arg max E

Y, s¢~po(St)
t

i o (ags)
Ea ~TT at s AWQ b}
t o(ag|st) Wﬂ(atlst) (St at)]]

such that Dpvy(mgr (at|st), mo(ailst)) < e

for small enough e, this is guaranteed to improve J(0") — J(0)



PPO with KL divergence

policy gradient with KL-constraint (PPO):

1. sample {7(¥} from 7y (run the policy)
. evaluate y( D = fr'(s,g ), ag )) + V“(sé?l)
fit V¢ (s) to targets {y } |
_evaluate A7, (s\”, a,(i)) = 200 (v M) ~t6
0 0

6. V@f J(Q’) ~ V@fﬁKL(QI)

ST 0+ aVe J(6)
6. B < B+ a(Dxkr(mg(as|st)||mer (at]st)) — €)

St W N

7.0 <0
N I o ( a?’)!s ) i (i)).(0)
Lxr( 0,3 ZZ Lo Am(st aat )+610g7r (a Ay ’St )




Part 3:
Actor-critic



An online actor-critic algorithm

online actor-critic algorithm: Example algorithm: A3C

1. get (s;,a;,s;) by taking one step with a ~ my(a|s)
evaluate y; = r(s;,a;) + ﬂyf/qf(sg)

update ¢ using V,L;(¢)

. evaluate A™(s;,a;) = r(s;,a;) + fyf/qf(S;) — f/g(s@)
Vo J(0) = Vglogmg(a;|s;) A" (s;, a;)

0 60+ aVeJ(0)

/\/\ Li(¢) = H%”(Si) — Yi
¢ & —aVyLli(9)

SIESBNCNRN

2

\../

(si;ai,s

.

Y = 1(si,a;) + VVJ(S:;)



Eligibility traces & n-step returns

+ lower variance

- higher bias if value is wrong (it always is)

+ no bias

- higher variance (because single-sample estimate)

Ag(st, at) — r(st,at) + ’YVQZT(SH_l) — V¢7T(St)
Af\T/[c(Sta ar) = )y ’Yt,_t"“(st'a ay) — VJ(St)

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

Tt
‘k cut here before variance gets too big!

1 > 1

smaller variance

Ar(sp,ay) = S0y Tir(se,ap) — VE(se) 9"V (Stgn) E

choosing n > 1 often works better!



Generalized advantage estimation

r :
t Do we have to choose just one n?
Cut everywhere all at once!
> 1
A . t+n ' —¢ ~ 2 A 00 "
AR (st ar) =3 v “ir(se,ar) — ViI(se) +9" Vi (St4n) AT ag(se,ar) =D 0" wp AT (s, ar)
weighted combination of n-step returns
How to weight? Mostly prefer cutting earlier (less variance) Wy, X Al exponential falloff

~

Eap(sta) = r(spa) +7(1 = NV (si41) + Ar(sert aen) + 7 (1= AV (Sey2) + Ar(sig2,ai2) + ...

~ ~

AZpp(sta) = Yo (YN 1oy 8 = r(sp,ap) + YV (svq1) — VI (sv)

™~ similar effect as discount!

Schulman, Moritz, Levine, Jordan, Abbeel ‘16



Policy gradient with GAE

policy gradient with GAE: can use GAE estimator here too!
1. sample {7V} from 7y (run the policy)

evaluate y( D = fr(sg ), ag )) + fyf/w(sgl) 4/

. fit Vﬁ( ) to targets {yt }

evaluate Af,p(si”,a:(i)) = Yoo, (vA)! 16y

Vo (0) ~ 3.3, Vologme(al” s{?) A7 (s al?) ZA“ OO
00+ aVyJ(0)

S T

1 2
=N Z (A”(Sg .ay’) - IJf)
in practice, we typically it

use n-step return estimators center the advantages @ ()
_ L . A (sl ay = A1) —
use Monte Carlo estimator with V7 (s;) baseline Lot o

Other good options:

This is the first part of implementing PPO

The other part is a slightly different gradient estimator



Off-policy actor-critic with reparameterization

!/
store s;,a;,s;

off-policy reparameterized actor-critic algorithm: /\
1. get (s;,a;,s;) by taking one step with a ~ my(a|s)

evaluate y; = r(s;,a;) + ’)/Eafwm(aqs;) [Q;Z(Si, a’)| } J

update ¢ using Vi 3°i7 1 [|Q7F (s, a5) — yil|? )
VoJ(0) =), Vg@%(s, o (s) + op(s)e;) use batch {(s;,a;,s;)}:7; from buffer
0« 0+ aVyJ ()

U L N

Earry(als) (@8, a)] = Ecpnr0,1)[Q(s, 1o(s) + oo (s)e)]

~ Q(s, po(s) + og(s)e) e ~N(0,1)
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