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Reinforcement Learning. Reinforcement Learning (RL) problems are
commonly formulated within the framework of a Markov Decision Process
(MDP), defined by the tuple M = (S, A, r, po, P,7). Here, S denotes the state
space, A represents the action space, r(s,a) : S X A = [—Fmax, fmax] is @
bounded reward function, po(s) specifies the initial state distribution,

P:S x A — A(S) defines the transition kernel, and v € [0,1) is the discount
factor. Given a policy 7(-|s), its performance can be evaluated by the expected
cumulative long-term reward, defined as

00
J(ﬂ-) = ESDNP01atN7r75t+1NP [Z ’ytr(st, af)] : (1)
t=0

The goal of RL is to learn a policy 7(- | s) that maximizes the expected
cumulative long-term reward, i.e., 7* = argmax, J(7).
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Offline Reinforcement Learning. As shown in

oo
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the classical RL framework requires online interactions with the environment P
during training. In contrast, the offline RL learns only from a fixed offline
dataset D = {(s;, aj, ri,s!)}!_, collected by the behavior policy u(- | s), where s,
a, r, and s’ denote the state, action, reward, and next state, respectively. That
is, it aims to find the best possible policy solely from D without additional
interactions with the environment.
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Model-based offline RL aims to derive the optimal policy by utilizing a learned
dynamics model. These methods define a pessimistic MDP

M = (S, A,F, po, P,7v), which shares the same state and action spaces as the
original MDP but employs the learned transition dynamics P(s’ |'s, a) and
reward function #(s, a). P and 7 are typically estimated through supervised
regression on the dataset D, with additional incorporation of uncertainty
penalties to discourage exploration of OOD actions. These pessimistic models
then serve as proxies for the real environment, enabling the simulation of
transitions and subsequent use for planning.

The success of model-based RL algorithms hinges on the ability to learn an
accurate model. Once the model is learned, various approaches, such as model
predictive control (MPC), dynamic programming, or model-based policy
optimization, can be employed to recover the optimal policy by solving the
pessimistic MDP M.



Value Function Learned from the Dataset. We first learn an approximated
value function of the behavior policy directly from the dataset. In the MDP

M = (S, A, r,po, P,7), under the behavior policy p(-|s), the Bellman backup
for obtaining the corresponding value function V is defined as

Bellman operator:

THV(S) :=Eanp(. | s),5'~P( | 5,0) [ (5, @) + 7YV(5')].
Therefore, from the offline dataset D, we can define the following empirical

1
T4 V(s) =4 [P 2

[r+~V(s)], if IDs| >0,
(s,a,r,s")EDs
0,

(2)

otherwise,
where Ds; C D is the set of transitions in the dataset D that begin in state s,
|Ds| is the number of such transitions, and ~ is the discount factor.




We then show that the empirical Bellman operator has a unique fixed point.

4 ~\
Proposition 1

The empirical Bellman operator 77,“ has a unique fixed point V}'(s) such
that

THVE(s) = Vi (s). (3)

. J

From Proposition 1, we can learn a value function V//(s) from the offline
dataset D. Intuitively, when D is a nearly full-coverage offline dataset, the

learned V//(s) provides an accurate approximation of the true value function
V#(s), such that

Vii(s) = VH(s).
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Value Function Learned from the Model. We then train another
approximated value function corresponding to the behavior policy with the help
of a learned model. We learn an approximate dynamics model Py(s’, r|s, a)
through maximum likelihood estimation and define the Bellman operator
associated with Py as follows:

7\-1# V(S) = anu(- |'s),(r,s")~Pg [r + VV(S/)] . (4)

Note that when the learned model Py(s’, r | s, a) provides an accurate
approximation of the true environment model, denoted as P*(s’, r | s, a) (which
jointly models the transition dynamics and reward), the induced Bellman
operator ’7\',,’,‘ coincides with the true Bellman operator T*.




Proposition 2

The Bellman operator induced by Py, denoted 7A',#, has a unique fixed point
V£ (s) such that

THVE(s) = VE(s). (5)

. J

From Proposition 2, we can iteratively apply 7\’,,’,‘ to obtain the unique value
function V., representing the value function learned from the model. This value
function serves as another approximation of V#(s), such that

VE(s) = VH(s).
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Value Function Inconsistency. The core idea is that if the learned model Py is
accurate, the value function V/#(s)—obtained from the model—should align
with V//(s)—derived from the dataset—as both aim to approximate the true
value function V#(s). Therefore, we define the value function inconsistency loss

as follows:
Lae(0) = Eevpo (VY () = VA())] (6)

where pg denotes the initial distribution, and L,; depends on 6 because VX(s)
is derived from the learned model Py.

To learn the model, we begin with minimizing the negative log-likelihood, which
we refer to as the original model (learning) loss,

Eori(e) = _ED[lc’g PO(S/v r | S, a)] . (7)
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We incorporate the value function inconsistency loss into the original model loss
to construct the following augmented model loss:

Eaug(e) - [’ori(e) + /\Lvic(o)y (8)

where A > 0 is a user-chosen hyperparameter that balances the contributions of
the two loss components. Thus, L,,, serves as the overall loss for training the
dynamics model which aims to optimize both the original model loss and the
value function inconsistency loss.
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Theorem 3 (Model Gradient Theorem)

Let O represent the parameters of the dynamics model Py. Denote V()
and V(-) as the value functions learned from the offline dataset D,
satisfying (3), and the model Py, satisfying (5), respectively. Then:

VoLaus(6) = VoLori(8) — 2XE[ (VI (5) = Vi (5))
(r' + V5 o(s") Ve log Po(s”, " | s’,a’)},

where the expectation is taken over s ~ pg, s’ ~ df, a ~ p(- | s'), and
(s",r") ~ Pp(-| s, ).
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Table: Normalized average returns on D4RL Gym tasks. The experiments are run on
MuJoCo-"v2" datasets over 4 random seeds. r = random, m = medium, m-r =
medium-replay, m-e = medium-expert. MOPO* indicates the results of MOPO
retrained in “v2" datasets. The returns labeled with * in random tasks indicate values
obtained from our training, as they were not reported in the original paper. We bold
the highest mean.

Task Name TD3+BC CQL IQL DQL |MOPO* MOReL COMBO RAMBO MOBILE|VIPO-MOPO VIPO-MOBILE

halfcheetah-r 102 313 16.1* 22.1%| 385 25.6 38.8 305 39.3 38.9:07 42,54,
hopper-r 110 53 108* 175%| 317  53.6 17.9 25.4 31.9 30.2432 33451
walker2d-r 14 54 7.7% 141%| 74 37.3 7.0 0.0 17.9 95108 20.0:01
halfcheetah-m 428 469 474 511| 730 421 542 779 746 78.6121 80.0.04
hopper-m 995 619 663 905 | 628 95.4 97.2 87.0 106.6 735417 1077410
walker2d-m 797 795 783 87.0| 841 778 81.9 84.9 87.7 87.9420 93.1414
halfcheetah-m-r 434 453 442 478 | 721 402 55.1 68.7 717 7301158 77.2104
hopper-m-r 314 863 947 101.3| 1035 936 89.5 99.5 103.9 103.0207 109.619
walker2d-m-r 252 768 739 955 | 856 49.8 56.0 89.2 89.9 88.2:05 98.4.03
halfcheetah-m-e 979 950 867 96.8 | 90.8 53.3 90.0 95.4 108.2 93.8457 110.040.4
hopper-m-e 1122 969 9015 111.1| 816 1087 1111 88.2 1126 104543, 1132404
walker2d-m-e 1057 1001 109.6 110.1| 1129 956 1033 56.7 1152 111341, 1177410

Average 54.6 616 60.6 704 | 703 64.4 66.8 67.7 80.0 | 74.4 83.6




Table: Normalized average returns on NeoRL tasks. The experiments are run on
MuJoCo-"v3" datasets over 4 random seeds. L = low, M = medium, H = high. We
bold the highest mean.

Task Name cQL TD3+BC MOPO MOBILE VIPO-MOBILE

halfcheetah-L ~ 38.2 30.0 40.1 54.7 58.5 + 0.1
hopper-L 16.0 15.8 6.2 17.4 30.7 + 0.3
walker2d-L 44.7 43.0 11.6 37.6 67.6 = 0.7
halfcheetah-M  54.6 52.3 62.3 77.8 80.9 + 0.2
hopper-M 64.5 70.3 1.0 51.1 66.3 + 0.2
walker2d-M 57.3 58.5 39.9 62.2 76.8 + 0.1
halfcheetah-H  77.4 75.3 65.9 83.0 89.4 + 0.6
hopper-H 76.6 75.3 115 87.8 107.7 £ 0.5
walker2d-H 75.3 69.6 18.0 74.9 81.7 £ 1.0

Average 56.1 54.5 28.5 60.7 73.3




Table: Normalized average returns on AntMaze tasks. Each score is the average
success rate over 10 trials. We bold the highest mean.

Dataset MOBILE IQL-TD-MPC LEQ VIPO-LEQ
umaze 0.0 52.0 944 + 6.3 95.7 + 4.9
umaze-diverse 0.0 72.6 71.0 £ 123 74.8 £12.7
large-play 0.0 66.6 58.6 + 9.1 79.5 + 4.8
large-diverse 0.0 4.0 60.2 + 183 81.8 + 8.3
ultra-play 0.0 20.6 25.8 +18.2 31.0 + 18.7
ultra-diverse 0.0 3.6 55.8 + 18.3 26.5 + 10.9
Average 0 36.6 61.0 64.9




For Interested Readers

Thank You!

Questions and discussion are welcome.

Full paper https://arxiv.org/abs/2504.11944

Code https://github.com/NUS-CORE/vipo
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