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(a) online reinforcement learning  (b) off-policy reinforcement learning (c) offline reinforcement learning
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I Background

main ideas in offline RL —
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Tyl = arg rrﬁax Ea~r(|s)[A™ (s, a)]
mweE

s.t. D (7(-[s)[[ms(-[s)) < €

- Policy constraint

o0

Value Regularization max E [Zﬁﬁ (’r'(st, ar) — o - f(”(“?"sf) ))]

d t=0 1(ag|sy)

When offline-online
learning, and the ot

- Supervised Learning Decision transformer ( 1, 1, 1, 2, 2, 2...)

task is aligned, supervised learning cannot be applied to online reinforcement
her two methods are difficult to applied to online fune-tuning directly.



Background

difficulties in online fine-tuning

4. Log Likelihood of 7y
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too slow to achieve best performance

performance drop at beginning because of conservatism

distribution shift, especially in narrow datasets
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An offline-to-online algorithm should:

(1) perform well after trainning in offline datasets offline algorithm
— (2) have stable performance when starting online training
(3) achieve best performance in few steps online algorithm with good initialization

- Policy adjustment

Present solutions 4 Remodel Q function

- Data rebalance
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Adaptive Behavior Cloning Regularization for Stable Offline-to-Online Reinforcement Learning

TD3+BC: 7 = argmax E(s o)up [)\ Q(s,(s)) — (n(s) — a) ]

T
04

A=
% Z(Siuai)

Q(si, a;)]

AdaptiveBC: 7y = argmaxy K a)~p [Q(S; mo(s)) — a(mg(s) — 3)2}

A((-ﬂf'fonlinc) = I{P 2 (Ravg T Riargcl) +KD 'IIlc’LX(U, Ravg _Rcum:m)

When current return is lower than averge return, strengthen the constraint,
otherwise relieve constraint.



I Experiment

15000

= with AdaptiveBC
= without AdaptiveBC
0 50 100 150 200 250

Time Steps (1e3)

Walker2d-Random

—— REDQ+AdaptiveBC

—— REDQ+ManualBC -

0 50

100 150
Time Steps (1e3)

200

250

5000

4000

3000

5000

4000

3000

2000

50

50

100 150
Time Steps (1e3)

Walker2d-Medium

100 150
Time Steps (1e3)

200

200

250

250

3000

2500

2000

1500

1000

500

6000

5000

4000

3000

2000

1000

50

100 150

Time Steps (1e3)

200

Walker2d-Medium-Replay

50

100 150
Time Steps (1e3)

200

ParN,C

250

250

5000

4000

6000
5000
4000
3000
2000

1000

ErURAISmLE+ S5

PAttern Recognition and NEvral Computing

____,\,\‘_,_JN,JMF

50 100 150 200 250
Time Steps (1e3)

Walker2d-Medium-Expert

50 100 150 200 250
Time Steps (1e3)



BEIGHAISHLEIT 87

FAttern Recognition and NEuwral Computing

I Policy adjustment PElr'NEE

Improving TD3-BC: Relaxed Policy Constraint for Offline Learning and Stable Online Fine-Tuning

T

(84
TD3+BC:  m = argmaxE(, o)up | A Q(s,7(s)) — (n(s) — a)” ] A= ¥ ran 1Q(56, a4)]

m=arg maxE ., [Q(s,m(s)) — a(mr(s)—a)?]

Refine: a =

>| Q

1 Yend
Online: Ra = €XP [ﬁ log (Sjn ]f }
A SLATL

O — Ko
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TD3-BC TD3-BC TD3-BC

Dataset BC CQL IQL TD3-BC PR FT PR-FT
haltcheetah-med 42.6 44.0 47.4 48.5 +0.7 55.3 £0.8 74.5 £2.1 74.4 2.4
hopper-med 52.9 58.5 66.3 56.6 9.4 100.1 2.8 | 93.7 +20.6 102.8 0.9
walker2d-med 753 72.5 78.3 ¥3.370 89.1 £1.7 | 1055 +£2.6 101.243.6
halfcheetah-med-rep 36.6 45.5 442 44.5 +0.8 48.7 +1.2 68.0 2.6 69.8 £1.7
hopper-med-rep 18.1 95.0 94.7 55.2 +£24.6 100.5 +£1.2 | 102.8 £1.8 1034 £1.7
walker2d-med-rep 26.0 TE2 739 82.5 +13.6 879 £2.8 | 106.6 £2.9 103.9 8.1
halfcheetah-med-exp 35.2 91.6 86.7 91.5£15.8 91.9 =11.1 96.2 1.3 96.6 1.1
hopper-med-exp 525 1054 915 101.6+23.2 1039+£15.9 | 1108 6.4 111.215.6
walker2d-med-exp 107.5 108.8 109.6 110.4 £0.4 112,703 | 1178 £1.2 119.1 £2.8
halfcheetah-exp - - - 97.1 1.4 97.5 ==1.1 967 =21 97.7 1.8
hopper-exp - - - 112 £1.0 1124 4+0.8 | 111.8 £0.8 111.9 £0.7
walker2d-exp - - - 110.2 0.2 113.0 £0.5 | 120.0 £1.7 1214 +1.9
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Policy Expansion for Bridging Offline-to-Online Reinforcement Learning(ICLR 2023)

Policy Expansion

— - S,T = |
: <
,ﬁ - a Unroll ﬁ‘ -

— —
Learn %ﬂﬁ
T ()

|

Offline Buffer tenaverl} >

Doﬂiine

- exp(Qg (s, a:)/a) . .
Pw | — i v E 1.. Elx @ K A — 3 . 2 ~
4 > exp(Qo(s,aj)/a) el | 7(als) = [damrp(s): Oammy(s)|W, W~ Py
Policy Expansion: 7 = [mg, mg|; transfer (),  : randomly initialized policy

while in online training phase do
for each environment step do
ay ~ 7(a;|s;) according to , Spp1 ~ T(se41l81,ar), D DU{ (8¢, ag, (8¢, a¢), S441)}
end for
for each gradient step do
% online training using batches from both D, and D
d) — O o )\QvﬁbLfﬁ:ﬂinc((’b)’ 00— AWV&L:EHHC (9)
end for
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I Data rebalance
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Offline-to-Online Reinforcement Learning via Balanced Replay and Pessimistic Q-Ensemble

Balanced Experience Replay

Make more use of the offline
samples of near-on-policy to
update safely

Pessimistic Q-Ensemble

w(s,a) := d°(s,a)/d°**(s,a) measure the online-ness

f(y) = ylog 24 +10g T

D11 = Iy o a0t s ot e
EDR(-'E-') = Eznpl[f’ (u-*'(’r))] — Eenolf*(f (wy(x)))]

Wo(z) = wy ()7

Eynplwy(a )1/T}
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MOORe: Model-based Offline-to-Online Reinforcement Learning

' ; , |
Prioritized Sample Pr(d.t) = {(Od’ t) Z i g"” fld,t) = —

Reward Penalty r(s,a) = r(s,a) — Au(s,a)

Algorithm 1 Model-based Offline-to-Online Reinforcement learning (MOORe)

1: # Offline learning stage
Run MOPO on D, to obtain 7, s f, an ensemble of K estimated models {1, s} |, and the action-value functions Q,

(]

# Online learning stage

Initialize 7op, = Tory, { M,, = M, I f}le. the action-value function QU“ = QU If

Initialize D,,, = 0, D,n04er = ¥ and the number of gradient updates N

6: Initialize the online episode length S, the estimated model’s update frequency ¢, rollout batch size I? and length H
7: for Epocht = 1...T do

8:  Set the priority value of each transition d € D,y as Pr(d,t)

9: forStepr=1..5do

B Lo

10: [ Interact with the real environment for one step using 7, to obtain the transition d,. = (S, ., $,11.7) |

11: Compute the priority Pr(d,,t) and add the tuple ((s,, a,, Sr+1,7). Pr(d,.t)) to D,

}3: if 7 mod ¢ == 0 then update mOdel

13: |Train M until convergence on D,y U D,,, by prioritized sampling [Schaul et al., 2016] |

14: Sample a batch of R initial states {s; }fil from D, sy U D,,, by prioritized sampling [Schaul ef al., 2016]

15: Generate {d; FXIH transitions by rollouting A using 7, for 1 steps starting from {s,}f? 1

16: Obtain the penalized rewards using equation (2) (as done in MOPO) and add the updated transitions to D,y odel

17: _endif ) ) b update 1T and
18: | Perform N gradient updates on 7, and (Q,,, using data uniformly sampled from D,,, ,4¢: |

19:  end for
20: end for » B 3 Moe wm v @ @
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Uncertainty-Driven Pessimistic Q-Ensemble for Offline-to-Online Reinforcement Learning

Online Interaction

Online samples

. Offline data collection

(ooff ~offy
o

Offline

Dataset Pretraining offline

Prioritized |offline samples

Prioritized

Replay
Buffer

Sampling mini-b

Ensemble Agent

CQL Agent 1

CQL Agent 2

CQL Agent N

atch transitions T

(s,ar1,5")

Gradient update

Lerieic(0)

LAc‘mr (@)
A

QE

L TQE

TS » Offline procedure
——— Online procedure

') = 0(Qp,_(5",d))

= (s,0) + 1By rp |QF (5, 0') — alog mf (a']s') — BUp—(s',

q N
N;(Qo

7Q(j e G))2

a’)}
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UPQ  UPQ  UPQ
QL OonRL: 90 g=001 4=000

S HalfCheetah 24552 114745 110686 111724 112805
S Hopper 323.5 3213 9453 26226 2967.8
S Walker2d 3722 27061 22241 31908 27592
= HalfCheetah 51711 100497 103649 108479  10668.2
2 Hopper 19734 32797 34168 33613 342411
S Walker2d 32884 46385 43565 47369 49712
S 5 HalfCheetah 5214 104134 101183 106004 103132
2 Hopper 16988 35216 31952 32067 34404
22 Walker2d 31421 47609 45052 47509 51002
S HalfCheetah 11588 111590 112612 112779 113534
2 2 Hopper 12721 25313 22011 25948 34234
& Walker2d 3675 51818 55257 56826 5446
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Adaptive Policy Learning for Offline-to-Online Reinforcement Learning

C*1 « F (A(CF) + W(s,a)B(C"))

— online buffer: recent online data

Set the W(s,a) to 0
Online-Offline Replay Buffer —

— offline buffer: offline datasets and previous online data
Set the W(s, a) to 1

; i * Ak ! ! 2-
AQF) = Es a,s'~00RB &’ ~rk (.57 {(Qf"(s, a) - B"Q"(s',a ))

B(Q7) = aEs~oors [lOgZ exp(Q; (s,a")) — Ea~oors[Q; (s, a)]

a’ il
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Environment | GCQL  GCTD3BC| CQL REDQ.ON | REDQ TD3.ON TD3BC AWAC | OFF20N | IQL
walker2d-r 31427 543 749 71411 543 742 643 12 20413 | 743
hopper-r 58430 35422 1041 78437 241 102 1140 63 81121 1042
halfcheetah-r | 10142 6948 4644 | 5942 3241 394 | 3543 53 85 13 2847
walker2d-m 9416 9047 8341 | 71411 243 742 7942 80 8912 51413
hopper-m 83411 9943 70423 | 78437 341 1042 80+13 91 59 49 4249
halfcheetah-m | 6643 6242 2548 | 5942 4641 394 | 4341 41 5842 4040
walker2d-me | 93412 10242 10541 | 71411 1243 742 11043 78 101424 | 58+22
hopper-me 11041 11042 10945 | 78437 40415 1042 11040 112 82 421 | 72+16
halfcheetah-me | 10241 10342 9242 | 5942 943 3941 9842 41 10041 | 38+17
walker2d-mr | 97416 9049 5745 | 71411 1342 742 6045 - 71432 | 30413
hopper-mr 72420 87411 3744 | 78437 0+1 1042 3841 - 60423 | 31410
halfcheetah-mr | 6242 5341 5040 | 59+2 28425 3941 4740 - 5741 4242
Total 9691131 905471 691463| 6244200 | 192459 224420 717433 - 8634152 | 4494114
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Cal-QL: Calibrated Offline RL Pre-Training for Efficient Online Fine-Tuning

The main idea: Conservative Q-values learned by the conservative offline RL method must be
lower-bounded by the ground-truth Q-value of a sub-optimal reference policy

1.0 - Pre-trained Q-function Online fine-tuned Q-function
. _
0.8 - 1 -, bad action appears optimal
o a under learned Q-function
& 3
% s
% e — action
E aset  action during
< exploration g
g 0.4 ) , ) ,
= | L . W |, s bad action doesn’t appear optimal
Z g J - under learned Q-function
0.2 1 o
— IQL O Nl
—— CQL — : :
0.0 -
! . ! ! action during
0 20000 40000 60000 80000 100000 exploration
Environment Steps ~ seeeee ground truth reward learned Q-function ~ *=exres reference Q-function
. i » L. 1 Bﬂ' b= 2
mén a (Es~'D.a~,?T [Qo(s, a)] - Eg 4.p [Qa(s. a”) W EEs,a,s’nrD (QG(Sz i)~ Q(s, a))
Conservative regularizer R(6)

4
Es~D,a~x [maX (QQ(Sa a): Q‘U(S, a))] = IE"s,a~D [QQ(Sn a)]
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Domain | Task | IQL CQL | SAC + offline data | SAC | O3F | Cal-QL (Ours)
antmaze large-diverse 0.40 — 0.59 0.27 — 0.84 0.00 — 0.00 0.00 — 0.00 0.74 — 0.04 0.32 — 0.94
large-play 0.41 — 0.51 0.29 — 0.65 0.00 — 0.00 0.00 — 0.00 0.60 — 0.03 0.28 — 0.90
medium-diverse 0.70 — 0.92 0.68 — 0.98 0.00 — 0.02 0.00 — 0.00 0.85 — 0.96 0.73 — 0.98
medium-play 0.72 — 0.94 0.63 — 0.99 0.00 — 0.25 0.00 — 0.00 0.89 — 0.99 0.54 — 0.98
kitchen | partial 0.37 — 0.61 0.69 — 0.71 0.00 — 0.00 0.00 — 0.03 N/A — N/A 0.62 — 0.81
mixed 0.46 — 0.45 0.60 — 0.50 0.00 — 0.00 0.00 — 0.02 N/A — N/A 0.37 — 0.71
complete 0.62 — 0.62 0.12 — 0.34 0.00 — 0.00 0.00 — 0.05 N/A — N/A 0.20 — 0.62
adroit pen-binary 0.88 — 0.89 0.08 — 0.19 0.10 — 0.45 0.00 — 0.00 0.91 — 0.92 0.79 — 0.96
door-binary 0.29 — 0.87 0.13 — 0.62 0.00 — 0.86 0.00 — 0.01 0.00 — 0.00 0.40 — 0.90
relocate-binary 0.04 — 0.37 0.09 — 0.75 0.00 — 0.99 0.01 — 0.24 0.03 — 0.35 0.03 — 0.99
COG manipulation 0.47 — 0.89 0.51 — 0.97 0.00 — 0.00 0.00 — 0.04 N/A — N/A 0.61 — 0.97
| average || 049 — 0.70 (+ 42.9%) | 0.37 — 0.69 (+ 84.4%) | N/A — 0.23 | N/A—0.04 | 0.57 — 047 (-18.2%) || 0.44 — 0.89 (+ 99.6%)
—— (Cal-QL (narrow) —— CQL (narrow)
------ Cal-QL (diverse) ------ CQL (diverse)
v ~200 0.10
"-E 0.8 1 g —250 1 w
7 E 5005
~ 0.6 1 7, —300 1 M
S ! s
= 0.4- 30 —350 g
g i 2 0.00 -
= o
2 021 2 —400 =
0.0 - ; - —450 . . . —0.05 - -
0 200 400 600 0 200 400 600 0 100 200
Epoch Epoch Epoch
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Actor-Critic Alignment for Offline-to-Online Reinforcement Learning
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SAC E?TAC(Q* d) = ESNdanﬁg(-L‘s) [(-}{ 10g ﬂ'g((l-ls) o Q#-L(S: (J,)] To ((1,|5) — €Xp (é@u(sa (I,))/ Z(LE.A S5D (%QH(S? H"))

1.0Offline phase: el ) — E(s,a)~dEs~mg(-|5) [ )\(Q,u,(s, b) — alog frg(b|.s-)) —log ?T()(G.'H)]

The main idea: adding a baseline function ( )to (, ) does not change the optimal

Qu(s,a) = Z(s) + alogmy(als)

In practice Q;(s.a) = logmy,(als)+ Zy,(s)

2.0nline phase: Qy,(s.a) = logmy,(a|s) + Ry, (s, a).

Train without offline datasets

where
O, Score(d)
Datisel iy w/ offline data  w/o offline data
HC 59.03(16.50) 59.48(16.95)
Med.-Replay H 85.54(36.72) 77.19(28.37)
W 85.17(22.98) 84.27(22.08)
HC 93.74(0.21) 93.81(0.28)
Med.-Expert H 98.02(4.94) 105.67(12.59)
W 110.54(2.42) 110.93(2.81)
HC 93.14(-0.46) 90.76(-2.83)
Expert H 110.21(-0.67) 109.22(-1.66)
W 109.59(1.38) 110.52(2.31)
Total | 844.98(84.02)  841.84(80.88)

( ) can be calibrated by minimizing the Bellman residual

R4, (s.a) is initialized with 2, (s)
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I Conclusion

Present solutions -

ExUHAIS LT SitR7E

FAttern Recognition and NEuwral Computing

ParN,C

adjust policy constraint  reducing constraint when online trainning

- Policy adjustment

policy expansion a general framework of bridging offline-to-online

Remodel Q function —

~ uncertainty penalt
yP Y } base on confidence

differential update

Q function calibration = mitigate underestimate

L Q function alignment align Q function

- Data rebalance adaptive sampling
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I Prospect PElr'NEE

1. Combined with more efficient online algorithms (additional reward...)
2. More method about uncertainty (weights of update and sampling, adaptive UTD)
3. Offline-to-online on-policy method

4. Model-based method (rollout imaginary trajectories, different confidence policies)
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