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Optimistic Critic Reconstruction and Constrained Fine-Tuning
for General Offline-to-Online RL
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I Offline-to-online RL
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I Two mismatches

online
J(m) =Ex [tho v (Staat)}
- Q" (s,a) =71 (s,a) + By p(s.a).ar~mi (s @ (8',a)]  policy evaluation
- k41 = argmax Q™ (s, a) policy improvement
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I Method
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Any offline algorithm —— representative online methods —

- SAC

TD3

L PPO

~

update way policy type
off-policy stochastic O2SAC
off-policy deterministic 02TD3
on-policy stochastic O2PPO

/

—
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Policy Re-evaluation

Value Alignment

Constrained Fine-Tuning

evaluation mismatch

pessimistic Q-values estimation

improvement mismatch

the impact of the behavior policy

distribution shift

discrepancy between and



I Policy Re-evaluation

- Fitted Q-learning (FQE) —— O2SAC, O2TD3 consistent with online update

theoretical guarantee of FQE

4" (38, 8)
3 & f
(s T(s,0) =

off-policy evaluation (OPE) —
5 K B 2
l Q" — Q7| < 11__77 VCe+ KV, where e .= L 1(‘)%(‘]:/6) + 20d7..

optimistic critic - Fitted returns ——> O2PPO the fitted retrurns only approximate V*(s)



I Value Alignment

hopper-medium-v2 hopper-medium-v2
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O2SAC:  Q(s,a) =V(s) + alogm (als) mmp Q) (s,a)=min(Qz(s,a) — a(log 7 (a]s) —log mox (als)) , Qn(s,a))

value bound Vi (s) < Vaign(s) < Va(s)

02TD3:  Q(s,0)/Q(s5,4) ~ N(a,%) == Q'(s,a) = min (Qﬁ(s’ ) TTE mic(ido(zc)z a)?, 02))

02PPO: A, (s,a) = alog mer(als) + aH(mo(-|s)) == A'(s,a) = A(s,a) + SA.(s,a)

Uy
equivalent constraint — E E |—Aa(s,a)| <= CELoss(mg, mret) + C
SNRawﬂ'gk (|s) ﬂ'gk



I Constrained Fine-Tuning

Constrained MDP

max E [Z Yere(seyar)] st Ex[f(m(ag]se), met(ar]s))] < 7
t=0
L(0) = maxEr, |Q° (s, a) — Af(mo(als), mer(als))]
L(p) =minE 4 s’)wR[(Q ’(s,a) —y)?]
Yy =74 VEanme ()@ (s, a") = Af(ma(a'|s"), mrer(a’ls”))]
L(A) = min —A[Er, (f(7e(als), mer(als))) — 7]
Corollary 4.5. With the penalty f (7, 7,y) defined before and appropriate learning rates, algorithm

of Eq. (20) almost surely to a fixed point (0%, i*, \*), where \* = 0, 0* and p* are corresponded to
7 and ()*, which are optimal in the MDP without constraint.

O2SAC:  f (u,®) = Dgr (u|o)
02TD3: f (i, ¢) = MSE (j1, ®)

02PPO: A, (s,a) = alog met(als) + aH(mre(+]5))

(20)




I Experiments
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I Experiments

= 02SAC from CQL = O2SAC from IQL = O2SAC from ODT

halfcheetah-medium-v2 hopper-medium-v2 walker2d-medium-v2
100 -
= = = 100
[ o R
£60 1 £ =
< S g0 - <
& = & g
= = =
[ @ @
N N N
= F 60 '
=] = -1
40 A
E E £ 60
b Rt R
z z z
40
40
T T T T T T T T T
0 2 75 100 0 2 75 100 0 2 75 100

5 50 5 50 s 50
Evaluation Epoch Evaluation Epoch Evaluation Epoch

The fine-tuning performance achieved by initializing from different offline algorithms
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The fine-tuning performance achieved by transferring to three online algorithms
from their heterogeneous offline algorithms.
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