Offline RL Algorithms

CS 185/285

Instructor: Sergey Levine
UC Berkeley




Some principles for offline RL

» Many different methods, similar principles seem to be effective:

use value-based methods (i.e., Q-learning or Q-function actor-critic) somehow fix the distributional shift problem

Dxr(m(als)||ms(als)) < e

"X / .

»

policy constraints pessimism (e.g., CQL) avoid OOD actions in updates
(e.g., 1QL)
train the policy so that it train the Q-function so that set up the whole algorithm to

stays close to data it doesn’t overestimate avoid out-of-sample actions



Part 1.
Policy constraints continued




Policy constraints review

0 < arg max Eariry(als)|Q(s,a)] s.t. Dxr,(mg||mg) < € unreliable OOD values
]
reliable values J |

Dk (mg(als)||mo(als))  “forward KL” ' bestpoly 0

w/ constraint
/ —

ms(als) /m\
% N I -

“mode covering”

keeping my “close” to mg limits distributional shift

Dk (mo(als)||ms(als)) “reverse KL"

»

“mode seeking”



Explicit policy constraint methods

How do we implement constraints? Lagrange multiplier

1. Modify the actor objective easy to compute and differentiate
for Gaussian or categorical policies

_Q_/P&Pg_ma%g—ﬁ_){wiawﬂg als; 13 /

_ o s; €D
0 < arg max Z Earry(alsy)|Q(si,a) + Xog ma(als;)] + AH(m(als;)
1a s:€D

D1, (mg||mg) = Ex,|log me(als) —log mg(als)|= —FEr,[log ms(als)] — H(mg) “reverse KL”

0 < arg max Z Earry(als) |Q(si,a)] + Alog mg(a,s;)
1b 5:€D

Dy, (mg||mg) = —Er,|logme(als)] + const “forward KL”

sometimes called [method]+BC (e.g., DDPG+BC, TD3+BC, SAC+BC, etc.)

generally not the best way to fix the problem, but can work well if done right



Explicit policy constraint methods

How do we implement constraints?
typically uses reverse KL + MaxEnt RL

2. Modify the reward function

r(s,a) = r(s,a) + ADRgma(als)

Dct,(m9(ls) | 75(a]s)) = —Eary (aje)llog 75(als)] — H(mo(als))

why might we prefer this?

also accounts for future divergence

why might we not prefer this?

requires estimating the behavior policy



Example: BRAC-like algorithm

offline actor-critic algorithm (BRAC-like):

1. evaluate y; = r(s;,a;) + ’yEarmwe(aqs;)[@g(Sﬁ;,a') — AD(mo(+[s;), ma(+,87))] /

: B | Ax
2. update ¢ using Vg > .7, ||Q¢(Sz', a;) — yill?

3. J(0) = 3= Farmy(als) [QF (si,@)] — AD(wo(-|s:), 5 (-[s:)) se batch {(si,a;,87)},
4.0 < 0+ aVeJ(0)

for example D(mg, m3) = Dxr,(mg||73)

See: Wu, Tucker, Nachum. Behavior Regularized Offline Reinforcement Learning. '19



Example: AC+BC-like algorithm

offline actor-critic algorithm (AC+BC-like):

1. evaluate y; = r(s;,a;) + YEaror, (af|s;)[Q;E(S§, a’)]
2. update ¢ using V4 Zil ||Qg(8¢, a;) — yill?
3. J(0) = > Bacry(als,) [QF(8i,a)] + Alog ma(a]s;) use batch {(s;,a;,s})}2,

4.0« 0+ aVyJ(0)



Implicit policy constraint methods

Tnew(a[s) = arg mq?“X EaNW(a|S)[Q(S’a)] 8.t DKL(W”WB) <€ See also:
Peters et al. (REPS)

1 1 straightforward to Rawlik et al. (“psi-learning”)
*
T (als) = Z(s) ms(als) exp (XAW(Sa a)) show via duality ...many follow-ups
w(s, a)
approximate via weighted max likelihood! 1

1 1
Thew(@[S) = arg max Es )~ llog m(als) Z(5) exp (XA%M (s, a))]

T \

samples from dataset critic can be used

a~ mg(als) to give us this

Peng*, Kumar*, Levine. Advantage-Weighted Regression. ‘19
Nair, Dalal, Gupta, Levine. Accelerating Online Reinforcement Learning with Offline Datasets. ‘20



Example: AWAC-like algorithm

offline actor-critic algorithm (AWAC-like):

1. evaluate y; = r(s;,a;) + nyaf,\,We(af|S;)[QAg(s;, a’)] 7
. B | Anr
. update ¢ using Vg 3.7, |QF(si,a:) — vill°

: B ~ ~
update ¢ using Vy, > .7, ||V (si) — Eacry(als;) Q (si;a)lI* = use batch {(s;,a;,s))} 2

1=1
J(0) = . logme(a;|s;) exp (ng(sl,az V7r (si )
0 0+ aVyJ(0)

Tt W

can also just approximate V”(si) ~ Qg(si, a) where a ~ my(als;)

what are the advantages of this approach?

what are possible problems with this approach?

Nair, Dalal, Gupta, Levine. Accelerating Online Reinforcement Learning with Offline Datasets. ‘20



Part 2:
mplicit Q-learning




Can we avoid al/l OOD actions in the Q update?

What if we didn’t need to ever evaluate any action that is not in the dataset?

Q=min > [|Q(s;a) = [r(s;a) + V(I

+10 (s,a,5")€D
V = min s) — Q(s,a)|”
(s,a)€D
V=min Yy (V(s)-Q(s,a)) |
(s,a)€D

-10

mean upper quantile
12

llya Kostrikov, Ashvin Nair, Sergey Levine. Offline Reinforcement Learning with Implicit Q-Learning. 21

v



Implicit Q-learning (1QL)

Q(s,a) «+ r(s,a) + Eafwﬁnew Q(s',a )] ’\//
V(l ) just another neural network )

N
V « arg mln — Zf i), Q(si,a;))
i=1 I \ MSE gives us this
. . 14 Eamwﬁ [Q(s,a)] value of best
e.g.., MSE loss (V(S@') . Q(Sz‘, ai))2 this action comes from 3 p( (S)) policy supported
not fI‘OHl Thnew by data
(1 ) 2 >0 distribution is induced
: —T)x® UHx .
tile: ¢7 = by actions only Vs
expectile: /3 (x) { 2 olse >V (s)

4 V(s) +
(s) arengé)é?(s ,a)

Q(s) = {a: ms(als) > )

if we use ¢35 for big 7

v

13
llya Kostrikov, Ashvin Nair, Sergey Levine. Offline Reinforcement Learning with Implicit Q-Learning. 21



Implicit Q-learning (1QL)

Q-learning with implicit policy improvement

Q(s:2) « 7(s,2) + V(') V e argmin 3" G(V(s1), Qlsi 1)

1=1

V(s) = max Qfs,a) Q(s,a) « r(s,a) + max Q(s,a’)

a’'eQ(s’)
{Us) = {a:mg(als) > €} N .
“Implicit” policy
if we use /3 for big 7 Thew(als) = d(a = arg m&x) Q(s,a))
acil(s

Now we can do value function updates without ever risking out-of-distribution actions!

llya Kostrikov, Ashvin Nair, Sergey Levine. Offline Reinforcement Learning with Implicit Q-Learning. 21

v



Implicit Q-learning (1QL)

offline actor-critic with IQL:

1. evaluate y; = T(Si, a?l) -+ ’Y‘A/w(sgz) )
. update ¢ using Vs 3.7, Qg (s, a:) — wil?
update ¢ using V,, Zile 05 (Vy(si) — Qe(si,ai)) = use batch {(si,a;,8)) 2

~ N 1/ J1=1
J(0) = >, log mp(a;|s;) exp (qu(si, a;) — Vw(Sz’))
0 0+ aVyJ(0)

UL Lo N

there are no expectations under my anywhere

critic is also completely independent of actor

hence implicit “Q-learning,” not really “actor-critic”

llya Kostrikov, Ashvin Nair, Sergey Levine. Offline Reinforcement Learning with Implicit Q-Learning. 21



Intermission



Part 3:
Conservative Q-learning



Conservative Q-learning (CQL)

HalfCheetah-v2: AverageReturn

n=1000
n=10000
n=100000
n=1000000

00K 02K 04K 06K 08K 1L.OK

how well it does

, HalfCheetah-v2: log(Q)
30

— n=1000 ; \
e |

y
] n=10000
—— n=100000 ;

99 d — w=1000000 —
15
101

“"_

1 I 1AK I I 1.0F >

how well it thinks
it does (Q-values)

Q" = argmin ml?x ozESND,aNM(MS) (Q(s,a)] } term to push down big Q-values

Q@

regular objective { +E(s,a,s")~D [(Q(Sv a) — (r(s,a) + B.[Q(s,a))))’

can show that Q™ < Q™ for large enough «

true Q-function 18



Conservative Q-learning (CQL)

A better bound: always pushes Q-values down  push up on (s, a) samples in data

) ! ! _

Q" = arg mén ml?x 0 Fs D a~p(als)[Q(s; a)] =B (s a)~p|Q(S; a)]

1 £ Q"
+E(s,a,s')~D [(Q(s, a) — (r(s,a) + E,[Q(s',a)])) } cqr(@”)

—

no longer guaranteed that Q™ (s,a) < Q™ (s,a) for all (s, a)

but guaranteed that Eﬂ(a|s)[Q7r(S, a)] < Er(als)|Q(s,a)] for all s € D

Kumar, Zhou, Tucker, Levine. Conservative Q-Learning for Offline Reinforcement Learning. ‘20



Conservative Q-learning (CQL)

1. Update O™ w.r.t. ECQL(QW) using D

2. Update policy 7w

if actions are discrete:

_ [ 1if a=argmaxa,Q(s,a)
m(als) = { 0 otherwise

if actions are continuous:

0 0+aVe Y Eaomyals)[Q(si,a)]

Kumar, Zhou, Tucker, Levine. Conservative Q-Learning for Offline Reinforcement Learning. ‘20



Conservative Q-learning (CQL)

regularization

/o

Qﬂ — arg mCén mﬁmx OéEst,aw,u(a|S) [Q(Sa a)] _aE(S,a)ND [Q(S, a)] _R(ﬂ)
- Loqu(@T)
+Es.asn | (Q(s,2) = (r(s,a) + ExlQ(s',a)])”
common choice: R = Eg.p|[H(u(:[s))] maximum entropy regularization

optimal choice: pu(als) oc exp(Q(s,a))

Eam,u(a|s) [Q(Sa a)] — log Z eXp(Q(S? a))

for discrete actions: just calculate directly

for continuous actions: use importance sampling to estimate F,.,(als)[Q(s,; a)]

Kumar, Zhou, Tucker, Levine. Conservative Q-Learning for Offline Reinforcement Learning. ‘20



Part 4
Offline-to-online RL



The big picture

ining

RL pre-tra

Ine

offl

fast, safe
online RL
finetuning

23



What's the problem?

A

Example: offline to online RL Q" = argminmax aFsp a~nr(als)Q(S,a)] — aFs anp|Q(s,a)]
with cQL @ 7

Bl | (Qs.2) — (r(s.a) + E[Q(. )

this period wasted recovering

offline performance _ ,
| underestimating too much here

1.00 4 /
0 -

,_

=1

=t
]

10 4

0.50 - Different offline RL algorithms have

+— different versions of this problem
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But it’s very hard to fix this

' A ' ' 10
0 100000 200000 '
]

o completely!
\ J 1] LOMCOM
l ! [ T ]
offline online . .
offline online

online training starts here (at 50k steps)

24



The quest for the one ultimate algorithm

The problem:

offline phase:

online phase:

stay close to ms

conservative values (e.g., Q“ < Q")

rollout(s)

lots of gradient steps on the same data dala collected ONCe = — — = — l

with any palicy training phase

very hard to figure out one algorithm
that does both of these things well

rollout data {(s;. a;. 5., ;) )

improve as much as possible over g

this is important for
exploration, more

learn as quickly as possible on that later

optimistic values (e.g., Q™ > Q™)

40



An embarrassingly effective method

1. Initialize two buffers: an online replay buffer Rollout Data: {s,a,r,s’}
and an offline data buffer
2. Initialize the value function (and actor) from

scratch (no pretraining!) - |7?E; .
3. Runonline RL, and for every batch, sample chey e
half of it from the offline data, and half of it
from the online data replay buffer 50% ! 50%
s R
This is deeply unsatisfying _
Normalized
This is really hard to beat with any “proper” K Rollouts ) Update
offline to online method : k41
All Adroit Sparse Domains All D4RL AntMaze Domains All D4RL Locomotion Tasks \ )
g 75 100 - 100 B 1
% 50 - 7rk_|_]_
ﬁ 0 —_— Pr;rSG'-A’—
g // o = oot
200 400 600 800 1000 Enwronméi‘lz cteps (22?03) 300 0 50 100 150 200 250
26

Philip J. Ball, Laura Smith, llya Kostrikov, Sergey Levine. Efficient Online Reinforcement Learning with Offline Data.



An unlikely hero?

For some reason, algorithms that use diffusion models or flow matching to represent the
actor tend to make this work better

| don’t know exactly why that’s the case ms(als)

Some possibilities...

in the online case, optimal 7y (als) is deterministic (no need to capture multiple modes)
in the offline case, just capturing the best mode in the data is fine

if we can represent multiple modes, it’s easier to 1  surprisingly, many of the offline-to-online RL
methods we’ll discuss only train the

) . _ diffusion/flow model with supervised learning!
maybe fOI' Ofﬂme—to—onhne, 1t helps to traCk all the 11IUUCD 111 UILLLLLIC 111UUC & 2

then “double down” on the best one in online mode



Aside

Why is it hard to use diffusion as the actor in RL?

J(0) = Zq, Eanm, (a]s;) [@E(Sza a)]

Y

requires either Vy log g (als)

or backprop through the diffusion process (BPTT)

This is possible, see for example:
Black et al. "Training diffusion models with reinforcement learning.”
Ren et al. “Diffusion policy policy optimization.”

. o that said, maybe avoiding this is exactly what
but it’s a bit difficult allows diffusion models to work so well for
offline-to-online RL

diffusion or flow

28



IDQL: simple offline-to-online RL with diffusion

1. update ¢ using V4 Zil ||Q¢(Si,aq;) — yz||2
1. train Q4(s,a) using IQL (without any actor) -[ 2. update ¢ using V327, 5 (Vi (si) — Qu(si, a;))
3. J(0) =, logme(a;|s;) exp (qu(sia a;) — Vw(si))

2. train my(als) as a diffusion/flow model with BC mo(als) ~ ma(als)

3. at test time, sample {ay,...,ax} from 7y(als) at each step

pick arg max,, Q¢(s, ay,) no OOD actions because mg(als) ~ m(als)

why is this good? why is this bad?

29
Hansen-Estruch, Kostrikov, Janner, Grudzien, Levine. IDQL: Implicit Q-learning as an actor-critic method with diffusion policies.



FQL: actor that stays “close” to diffusion model

1. train maow(als, z) as a diffusion/flow model with BC Thow (a[S) ~ mg(als)

2. run offline actor-critic with a special BC regularizer

this actor is not a diffusion model! It’s

just a regular neural net that takes in z mo(als, z)

J(Q) — Zz Il:E‘er;c'(z) [EaNﬂ'g (a|si,z)[Qg(Sia a)] +E ar T ow (als,z) )\10g Uy az|sza

\ /

clone the action mgow would take for that value of z

why is this good?

30
Park, Li, Levine. Flow Q-learning.



Diffusion steering
- —p  [aSt online RL
method
- Diffusion
—_— model

Standard Diffusion Puliw Deployment

C_A g

action chosen by m \

The problem: out of distribution actions

max EourlQ(s,a)] =

Key idea: run very efficient online RL (e.g., soft
actor-critic) in the latent space of a diffusion
model (e.g., DDIM or flow matching)

DSRL: Diffusion Sleoring via Reinforcement Learning

,,s+n ¥

» Environment e " 1» Tdp =——=— Environment _..
w ~ .J"VF U I |
4 Latent-Action Environment .
! 1
be e === (RL Tra,ining) ------------
every noise sample is in distribution
(which means we can safely use offline data!)
Andrew Wagenmaker, Mitsuhiko Nakamoto, Yunchu Zhang, Seohong Park, Waleed Yagoub, Anusha Nagabandi, Abhishek Gupta, Sergey Levine 31

Steering Your Diffusion Policy with Latent Space Reinforcement Learning



Part 5:
Model-based offline RL




How does model-based RL work?

...s0 the model’s predictions are invalid
these states are OOD

P(St+1/8¢,ar) O

T(ag|s;)

what goes wrong when we can’t collect more data?

”
—

the model answers “what if” questions

v



MOPO: Model-Based Offline Policy Optimization

solution: “punish” the policy for exploiting - O

7(s,a) = r(s,a) — \u(s, a) \

uncertainty penalty

...and then use any existing model-based RL algorithm \ k‘

Yu*, Thomas™*, Yu, Ermon, Zou, Levine, Finn, Ma. MOPO: Model-Based Offline Policy Optimization. ‘20

See also: Kidambi et al., MORel : Model-Based Offline Reinforcement Learning. 20 (concurrent)



COMBO: Conservative Model-Based RL

Basic idea: just like CQL minimizes Q-value of policy actions, we can minimize Q-value of model state-action tuples

state-action tuples from the model

| l

QR'H —arg 11511 I} (Eﬁkﬂmpia.aj [Q(s,a)] — Es,a~p [Q(s, a)])

+ (4)

Ba| =

Ega,s/~d, {(Q(s, a) — B"Q" (s, a)}):z

Intuition: if the model produces something that looks clearly different \
from real data, it’s easy for the Q-function to make it look bad

— .

Yu, Kumar, Rafailov, Rajeswaran, Levine, Finn. COMBO: Conservative Offline Model-Based Policy Optimization. 2021.
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