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ABSTRACT

Applying dynamics model is a promising approach to further en-
hance the sample efficiency of offline-to-online reinforcement learn-
ing (020 RL). The current obstacle is that distribution shift can
cause drastic and erroneous updates to dynamics model, just as it
has a negative impact on policy. We propose to apply trust-region
constraint to the online fine-tuning of offline-trained dynamics
model. We prove the avoidance of performance crashes and the
unbiasedness of model updates. Experiments verify the enhanced
sample efficiency and the optimal asymptotic performance.
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1 INTRODUCTION

Model-based reinforcement learning (MBRL) shows excellent sam-
ple efficiency, which benefits from dynamics model’s learning tran-
sition dynamics, providing more diverse samples for policy updates
[2,3,5,7,9, 10]. Yet, it is hard to apply MBRL to O20 RL [4, 6, 13]
to achieve higher sample efficiency, because distribution shift will
destroy the fragile dynamics model, thereby leading to performance
collapse. We apply trust-region constraint [8] to model updates,
achieving stable offline-to-online transfer of dynamics model. We
prove the boundedness of the performance difference before and
after one update, as well as the unbiasedness of constrained model
updates, which ensures the avoidance of performance collapse
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and the optimal asymptotic performance. We design the complete
method, Constrained Model Update (CoMoU). Experiments in rep-
resentative benchmark show that CoMoU achieves superior sample
efficiency and asymptotic performance compared to SOTA methods.

2 COMOU: CONSTRAINED MODEL UPDATE
2.1 Methodology

When we update the parametric transition dynamics pg([s, a)
to fit the sample transition probability p?(-|s,a) according to
the replay buffer O, we constrain its variation to not exceed the
trust region specified by €. This forms the optimization objective:
ming Dic. (2 (-Is. )| [P (-Is. ). 5. Dk (Pyyy (15, @)1 (15, )

€, where py |, denotes the old parameters. We obtain the closed-
form solution by applying the KKT conditions, and ultimately for-
mulate the iterative update formula for the dynamics model:

A pg(s'ls,@)  pPrei(s's,a)
A+1 A+1
where A is a hyper-parameter and ¢ is the index variable of updates.
Based on Equation (1), the complete method we propose is shown
in Figure 1, which is named constrained model update (CoMoU).
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Figure 1: Complete method of CoMoU.

2.2 Theoretical Properties

We prove in Theorem 2.1 that after a model update, there is a
controllable upper bound on the difference in the expected return
r]M(n ) of the optimal policy 7r of the model M; in the real

L

env1ronmentM where Ay = |17M(7r ) r]M(n
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THEOREM 2.1. If every model update is done under trust-region
constraint, the difference of expected returns Anu = [nm(ry, ) =
t

nm(r®, )| will be bounded:
M1

A’7M,t S‘/Z(Vmax + Vmax)H+ (2)

B a [84(py, Cls.@). parCCls.a)]+
(s,a)~th’

B e [84(Pyg, (150 puiCls )] 2 Vina
(S,a)NpM t+1

t+1
H is episodic l(ingth, max = MaXg 4 1'(S, a). pyy, Pm are the transition
dynamics of M, M. Vipax = maxses zenn V7 (s) (II is policy space).
¢, (+,+) is L1-norm distance. p3, is discounted occupancy measure.

We prove in Theorem 2.2 that pg, (+|s, a) will converge to p(-[s, a)
if the convergence process of p2¢ (s’|s, a) to p(-|s, a) satisfies that:

®)

THEOREM 2.2. VY(s,a,s") € S X A X S, the difference between the
predicted probability pg, (s’|s,a) and the real probability p(s’[s, a)
converges to 0 as the number of constrained model updates t increases:

©

In summary, Theorem 2.1 ensures that after each model up-
date, the performance will not experience a sudden drastic decline,
thereby preventing performance collapses; Theorem 2.2 ensures
that trust-region constraint does not introduce bias into the estima-
tion of real transition dynamics, thereby safeguarding the optimality
of asymptotic performance.

V(s,a,5'), lim max |p®" (s'|s,a) - p(s'ls, a)| = 0.

t—00 />t

Y(s,a,s), tango lpg, (s'ls,a) — p(s'ls,a)| = 0.

3 EXPERIMENTS

We empirically analyze CoMoU’s performance. For reproducibility,
we employ four types of datasets from the openly-sourced D4RL
[1]: Medium, Medium-Replay, Medium-Expert and Random. We
use MOPO [10] to provide an offline-trained initialization. Our
analyses focus on three MuJoCo locomotion environments: Hopper,
Walker2d, and HalfCheetah. We compare to SOTA counterparts
ACA [11], PEX [12], ODT [14], MOORe [5].

Figure 2: Performance comparison between CoMoU and
SOTA methods.

The performance curves averaged over 3 random seeds are
shown in Figure 2. Obviously, without sacrificing final performance,
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CoMoU rapidly and stably enhances its performance to high level
in all the environment-datasets. We also compare to learning from
scratch (MBPO) and directly finetuning (Naive Tuning) the models
pretrained by MOPO through MBPO. The performance curves are
shown in Figure 3.

Figure 3: Necessity of CoMoU.

We find that CoMoU achieves faster performance improvements
compared to MBPO, which confirms the effectiveness of CoMoU.
Without trust-region constraint applied to dynamics model, perfor-
mance collapses occur, which illustrates the necessity of CoMoU.
We conduct an ablation analysis on hyper-parameter in HalfChee-
tah environment. For convenience, we directly specify 1= ﬁ
instead of 1. The performance curves under different 1 are shown
in Figure 4a. The curves of Dk (pg, ||pg,.,) are shown in Figure 4b.
We find that CoMoU achieves good performance under most 1. The

changes of transition dynamics show obvious bounds under all A

(a) Performance under different A (b) KL-divergence under different A

Figure 4: Ablation analysis of L.

4 CONCLUSION

We study improving offline-trained policies through online finetun-
ing. Analyses reveal that by modulating the differences between
consecutive dynamics models, we can manage the discrepancies in
real-world performance of the optimal policies under these models,
mitigating the negative effects of distribution shift. We develop a
trust-region model update mechanism and integrate it into a com-
plete MBRL method, CoMoU. Through rigorous examination, we
confirm that this mechanism introduces no biases and the perfor-
mance differences are bounded. Experiments show that CoMoU
stably transfers offline-trained policies to online learning stage and
achieve higher sample efficiency than SOTA methods.
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