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Abstract

The performance of offline reinforcement learning (RL) suf-
fers from the limited size and quality of static datasets.
Model-based offline RL addresses this issue by generat-
ing synthetic samples through a dynamics model to en-
hance overall performance. To evaluate the reliability of the
generated samples, uncertainty estimation methods are of-
ten employed. However, model ensemble, the most com-
monly used uncertainty estimation method, is not always
the best choice. In this paper, we propose a Search-based
Uncertainty estimation method for Model-based Offline RL
(SUMO) as an alternative. SUMO characterizes the uncer-
tainty of synthetic samples by measuring their cross entropy
against the in-distribution dataset samples, and uses an effi-
cient search-based method for implementation. In this way,
SUMO can achieve trustworthy uncertainty estimation. We
integrate SUMO into several model-based offline RL algo-
rithms including MOPO and Adapted MOReL (AMOReL),
and provide theoretical analysis for them. Extensive experi-
mental results on D4RL datasets demonstrate that SUMO can
provide accurate uncertainty estimation and boost the perfor-
mance of base algorithms. These indicate that SUMO could
be a better uncertainty estimator for model-based offline RL
when used in either reward penalty or trajectory truncation.

Code — https://github.com/qzj-debug/SUMO.git

Introduction
Offline reinforcement learning (RL) (Levine et al. 2020; Pru-
dencio, Maximo, and Colombini 2023) aims to learn the op-
timal policy from a static dataset collected in advance, avoid-
ing the risks and costs associated with environmental inter-
action in typical RL (Sutton and Barto 2018). Nevertheless,
since the datasets cannot cover the entire state-action space,
the offline agent cannot accurately estimate the Q-value for
out-of-distribution (OOD) samples, ultimately leading to a
degradation in the agent’s performance.

Model-based offline RL (Yu et al. 2020, 2021; Kidambi
et al. 2020) employs a promising idea to address OOD is-
sues. By leveraging an environmental dynamics model ob-
tained by supervised learning, the agent can collect sam-
ples within the dynamics model and train the policy using
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Figure 1: Left: The key idea of SUMO. For a synthetic sam-
ple, we calculate its KNN distance within the dataset as the
uncertainty estimation. Right: An example of combining
SUMO with AMOReL for trajectory truncation. Thanks to
the accurate uncertainty estimation provided by SUMO, the
agent can explore ID regions while avoiding OOD regions.

these samples. This significantly enhances the performance
and generalization of the agent. However, synthetic sam-
ples generated by the dynamics model may not be reliable
(Lyu, Li, and Lu 2022), as the dynamics model’s reliability
in OOD regions is not guaranteed. Training the policy with
unreliable samples can lead to a performance decline. There-
fore, evaluating the reliability of generated samples is crit-
ical. It is common to assess the reliability with uncertainty
estimation (Lockwood and Si 2022; An et al. 2021). Cur-
rent model-based offline RL methods often employ model
ensemble-based techniques for uncertainty estimation, such
as max aleatoric (Yu et al. 2020) and max pairwise diff (Ki-
dambi et al. 2020). Subsequently, the estimated uncertainty
can be used for trajectory truncation (Kidambi et al. 2020;
Zhang et al. 2023b) or reward penalties (Yu et al. 2020) to
mitigate OOD issues. However, model ensemble-based un-
certainty estimation methods may be unreliable (Yu et al.
2021) because the models can be poorly learned, making
their uncertainty estimation questionable. We wonder: Can
we design a better uncertainty estimation method for model-
based offline RL?

In this paper, we propose a Search-based Uncertainty
estimation method for Model-based Offline RL (SUMO).
SUMO characterizes the uncertainty of synthetic samples as
the cross entropy between model dynamics and true dynam-
ics, which can be shown as a more reasonable uncertainty
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estimation than model ensemble-based estimation. More-
over, the estimated uncertainty for a given sample does not
involve extra training of neural networks. In contrast, the
uncertainty estimated by model ensemble methods is cor-
related with the training process and training data distri-
bution since they need to train dynamics models parame-
terized by neural networks. To estimate the cross entropy
practically, we employ a particle-based entropy estimator
(Singh et al. 2003), transforming the problem into a k-
nearest neighbor (KNN) search problem, as shown in Fig-
ure 1 (left), that is the reason we call SUMO a search-based
method. Furthermore, given the large search space and high
data dimensionality, we employ FAISS (Johnson, Douze,
and Jégou 2019) to ensure efficient KNN search. We note
that SUMO is algorithm-agnostic, allowing us to integrate it
with any model-based offline RL algorithm which needs un-
certainty estimation. For instance, it can be combined with
MOPO (Yu et al. 2020) or with Adapted MOReL (Kidambi
et al. 2020) (AMOReL, which we discuss in later sections),
as shown in Figure 1 (right).

We integrate SUMO with several off-the-shelf model-
based offline RL algorithms like MOPO and AMOReL and
theoretically analyze their performance bounds after intro-
ducing SUMO. Empirically, we conduct extensive experi-
ments on the D4RL (Fu et al. 2020) benchmark, and the
experimental results indicate that SUMO can significantly
enhance the performance of base algorithms. We also show
that SUMO can provide more accurate uncertainty estima-
tion than commonly used model ensemble-based methods.
Our contributions can be summarized as follows:

• We propose a novel search-based uncertainty estimation
method for model-based offline RL, SUMO.

• We combine SUMO with AMOReL and MOPO, and
provide theoretical performance bounds.

• We empirically demonstrate that SUMO incurs accurate
uncertainty estimation and can bring significant perfor-
mance improvement over the base algorithms on numer-
ous D4RL datasets.

Background
Reinforcement Learning (RL). We consider a Markov De-
cision Process (MDP) (Garcia and Rachelson 2013) mod-
eled by M = ⟨S,A, r, P, ρ, γ⟩, where S is the state space,
A is the action space, r is the reward function: S ×A → R,
P is the transition dynamics: S × A × S → [0, 1], ρ is
the initial state distribution, and γ ∈ [0, 1) is the discount
factor. RL aims to get a policy πθ(a|s) that maximizes
the cumulative expected discounted return: Jρ(π,M) =
maxπθ

Eπθ
[
∑∞
t=0 γ

tr(st, at)|s0 ∼ ρ]. We specify M to
stress that Jρ(π,M) is obtained in the MDP M.
Offline RL. In offline RL, the agent aims to learn the op-
timal batch-constraint policy based on a static dataset D =
{(si, ai, ri, si+1)}Ni=1, where the samples are collected by
a (unknown) behavior policy µ, without accessing the en-
vironment. Since the dataset can not cover the entire state-
action space, the performance of offline RL is often limited.
Model-based Offline RL. Model-based offline RL lever-
ages the learned dynamics model PM̂(·|s, a) to generate

synthetic samples. This allows us to train the policy us-
ing both dataset transitions and samples generated by the
dynamics model. We denote the model MDP as M̂, the
state distribution probability at timestep t following pol-
icy π and dynamics PM̂ as Pπ

M̂,t
(s), and discounted oc-

cupancy measure of π under dynamics PM̂ as ρ̂π(s, a) :=

π(a|s)
∑∞
t=0 γ

tPπ
M̂,t

(s).

Related Work
Model-free Offline RL. Model-free offline RL aims to train
an agent merely on a static dataset without a dynamics
model. The major challenge for model-free offline RL is ex-
trapolation error (Fujimoto, Meger, and Precup 2019; Kumar
et al. 2020; Lyu et al. 2022) of the Q-function due to the in-
ability to explore. Existing methods introduce conservatism
to the policy (Fujimoto and Gu 2021; Kumar et al. 2019;
Fujimoto, Meger, and Precup 2019) or Q-function (Kumar
et al. 2020; Lyu et al. 2022; An et al. 2021; Yang et al.
2024) to tackle the issue. However, the involvement of con-
servatism restricts the generalization ability of the policy.
Model-based Offline RL. Model-based offline RL lever-
ages a dynamics model to extend the dataset and enhance
the generalization ability. Since the dynamics model may
not be accurate on all transitions, conservatism is still neces-
sary for learning a good policy. Some works (Yu et al. 2020;
Kidambi et al. 2020) incorporate conservatism into the gen-
erated samples, while other works (Yu et al. 2021; Rigter,
Lacerda, and Hawes 2022; Liu et al. 2023) introduce con-
servatism to Q-function.
Uncertainty Estimation in Offline RL. In model-free of-
fline RL, uncertainty measures the distance of samples from
the dataset distribution. EDAC (An et al. 2021) leverages
an ensemble of Q-networks to estimate the uncertainty.
DARL (Zhang et al. 2023a) computes the KNN distances be-
tween the samples and the dataset as uncertainty estimation.
In model-based offline RL, uncertainty measures the dis-
crepancy between the simulated dynamics and the true dy-
namics. MOPO (Yu et al. 2020) and MOReL (Kidambi et al.
2020) estimate the uncertainty by model ensemble. MO-
BILE (Sun et al. 2023) quantifies the uncertainty through
model-bellman inconsistency. All of these uncertainty esti-
mation methods rely on model ensemble, while our method
does not. Some other uncertainty estimation methods (Kim
and Oh 2023; Tennenholtz and Mannor 2022) suffer from
heavy computational burden and complex implementation,
while our method is both efficient and easy to implement.

Methodology
Search-Based Method for Uncertainty Estimation
In this part, we formally present our search-based un-
certainty estimation method for model-based offline RL.
Firstly, we outline how we model the uncertainty estimation
problem as an estimation of cross entropy. Subsequently, we
employ a particle-based entropy estimator, which approxi-
mates the calculation of cross entropy as a search problem.

We characterize the uncertainty of the model dy-
namics as its cross entropy against the true dynamics:
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H(PM̂(·|s, a), P (·|s, a)) = −
∑

PM̂(·|s, a) logP (·|s, a),
where PM̂(·|s, a) and P (·|s, a) are the model dynam-
ics and the true dynamics, respectively. It is hard to cal-
culate H(PM̂(·|s, a), P (·|s, a)) since we have no knowl-
edge about the true dynamics P (·|s, a). We therefore
compute the cross entropy between the model dynam-
ics and the dataset dynamics: H(PM̂(·|s, a), Pd(·|s, a)) =
−
∑

PM̂(·|s, a) logPd(·|s, a), where Pd(·|s, a) denotes the
dataset transition dynamics of dataset MDP, which is for-
mally defined below.
Definition 1 (dataset MDP). The dataset MDP is defined
by the tuple M̂d = (S,A, r, Pd, ρd, γ), where S, A, r and
γ are the same as the original MDP. The dataset transition
dynamics Pd is defined as:

Pd(·|s, a) =
{
P (·|s, a), if (s, a) ∈ D,

0, otherwise,
(1)

and ρd is the state distribution of the dataset.
Remark: Intuitively, Pd only accounts for transitions that
lie in the dataset; we set the probability for transitions not in
the dataset to be zero. Note that the summation of Pd for a
given state-action pair (s, a) may be not 1, we can scale Pd
accordingly to make it a valid probability density function.

Then based on the definition of cross entropy, we have
H(PM̂, Pd) = − 1

n

∑n
i=1 logPd(xi), where {xi}ni=1 ∼

PM̂. According to the particle-based entropy estimator
(Singh et al. 2003), given a dataset {yj}mj=1 ∼ Pd, we have
Pd(xi) =

kΓ(d/2+1)

mπd/2Rd
i,k,m

, where d is the dimension of xi, Γ is

the Gamma function, and Rdi,k,m = ∥xi−xk,mi ∥d2 represents
the distance between xi and the k-nearest neighbor of xi in
{yj}mj=1. Then, we can compute the cross entropy as:

H(PM̂, Pd) = − 1

n

n∑
i=1

log
kΓ(d/2 + 1)

mπd/2Rdi,k,m

∝ 1

n

n∑
i=1

log ∥xi − xk,mi ∥2

(2)

Notice that Equation (2) is an uncertainty estimation of
the model dynamics. To estimate the uncertainty of a sam-
ple xi generated by the dynamics model, we can assume PM̂
is a delta distribution, where PM̂(xi) = ∞, PM̂(x) = 0
for any x ̸= xi. Thus, we transform the problem of es-
timating the uncertainty of synthetic samples into a KNN
search problem. To be specific, given an offline dataset D =
{(si, ai, ri, si+1)}Ni=1 and a synthetic sample (ŝ, â, r̂, ŝ′),
we can estimate the uncertainty of the synthetic sample as:

u(ŝ, â, ŝ′) = log
(
∥(ŝ⊕ â⊕ ŝ′)− (ŝ⊕ â⊕ ŝ′)k,N∥2

)
(3)

where ⊕ is the vector concatenation operator, (ŝ⊕â⊕ŝ′)k,N

returns the nearest neighbor of the query sample (ŝ, â, r̂, ŝ′)
in the offline dataset, k is the number of neighbors for KNN
search, and N is the number of samples in the dataset. To
ensure the estimated uncertainty is non-negative, we practi-
cally compute the uncertainty as:

u(ŝ, â, ŝ′) = log
(
∥(ŝ⊕ â⊕ ŝ′)− (ŝ⊕ â⊕ ŝ′)k,N∥2 + 1

)
(4)

Note that one can also involve the rewards in Equation
(4) for computing the uncertainty, which we empirically
do not find obvious performance difference in Appendix
D.3. To ensure time efficiency, we employ FAISS (John-
son, Douze, and Jégou 2019), an efficient GPU-based KNN
search method to estimate the uncertainty. Note that using
KNN search to calculate distances between given samples
and datasets is a widely used approach in model-free offline
RL (Zhang et al. 2023a; Ran et al. 2023; Lyu et al. 2024).
However, they often rely on constraining the distance be-
tween the learned policy and the behavior policy, and the
concatenated vector only includes dimensions of s and a.
In contrast, for model-based offline RL, what matters is the
discrepancy between the model dynamics and the true dy-
namics. Therefore, we need to consider the influence of s′.

We then discuss the advantage of SUMO compared with
model ensemble-based methods. First, SUMO estimates the
uncertainty in an unsupervised learning manner, meaning
that the estimated uncertainty is stable and not correlated
with the training process. Second, model ensemble-based
uncertainty estimation is an empirical approximation. A
mismatch can be observed in theoretical analysis of prior
works, e.g., DTV (PM̂(·|s, a), P (·|s, a)) ≤ α is required
in MOReL, where DTV is the total variation distance and
α is the threshold. Model ensemble-based uncertainty esti-
mation can only practically approximate the bound of DTV

with u. In contrast, SUMO provides an unbiased estimate
of cross entropy, relationships between u and DTV can be
established using Pinsker’s inequality (Csiszár and Körner
2011), as shown in Appendix A.2.

Integrating SUMO into Existing Methods
As an uncertainty estimation method, SUMO is compati-
ble with any model-based offline RL algorithm that requires
an estimation of uncertainty. There are two typical ways
of using uncertainty in model-based offline RL, using the
uncertainty as the reward penalty, e.g., MOPO (Yu et al.
2020), and using the uncertainty to truncate synthetic trajec-
tories from the learned model, e.g., MOReL (Kidambi et al.
2020). In this part, we introduce the procedure of combining
SUMO with MOPO and Adapted MOReL, respectively.

MOPO with SUMO MOPO adopts the uncertainty as the
reward penalty, and we can simply replace the uncertainty
estimator as the SUMO estimator. The detailed pseudocode
of MOPO+SUMO can be found in Appendix B, and the de-
tailed process can summarized as:
Step1: Learning the Environmental Dynamics Model: To
generate synthetic samples for training, we construct an en-
vironmental dynamics model to simulate the true dynamics.
Following previous works (Yu et al. 2020; Kidambi et al.
2020), we model the dynamics model as a multi-layer neural
network which outputs a Gaussian distribution over the next
state and reward: P̂ψ(s′, r|s, a) = N (µψ(s, a),Σψ(s, a)).
We use an ensemble dynamics model which consists of N
ensemble members: P̂ψ = {P̂ψi

}Ni=1. It is worth mentioning
that we use the ensemble dynamics model solely to reduce
the error in model predictions, not for estimating the uncer-
tainty. Then we can train each ensemble member using the
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offline dataset via maximum log-likelihood:

Lψi
= E(s,a,r,s′)∼D

[
− log P̂ψi

(s′, r|s, a)
]

(5)

Step2: Reward Penalty Calculation with SUMO: We
utilize the current policy π and the dynamics model P̂ψ
to generate synthetic samples. For each generated sample
(s, a, s′), we first calculate its unnormalized uncertainty
with SUMO via Equation (4). We assume that the reward
function satisfies: 0 ≤ r(s, a) ≤ rmax, ∀(s, a). This is easy
to achieve in practice. Then we normalize u(s, a, s′) to the
range [0, rmax]:

û(s, a, s′) =
u(s, a, s′)

max(s,a,s′) u(s, a, s′)
× rmax (6)

We adopt û to penalize the rewards, r̂ = r − λû, where λ is
a hyperparameter that controls the magnitude of the penalty.
We can then add the synthetic samples with reward penalty
to the synthetic dataset Dmodel.
Step 3: Model-based Policy Optimization: We then follow
MOPO to train SAC (Haarnoja et al. 2018) agent with sam-
ples drawn from the offline dataset D and synthetic dataset
Dmodel. Typically, we set a sampling coefficient η ∈ [0, 1],
sampling a proportion of ηB from the offline dataset D, and
a proportion of (1 − η)B from the synthetic dataset Dmodel
given the batch size B.

Adapted MOReL with SUMO MOReL calculates model
ensemble discrepancy as an uncertainty estimation to deter-
mine whether a state-action pair (s, a) is within a known
region and penalizes samples from unknown regions. We
can simply replace the uncertainty estimation method with
SUMO to determine whether a transition (s, a, s′) is reli-
able. In our practical implementation, we make slight mod-
ifications to MOReL. Specifically, when encountering unre-
liable samples, we directly truncate the trajectory instead of
applying a constant penalty. This ensures the reliability of
the samples used for training. And we update the policy via
SAC (Haarnoja et al. 2018) instead of planning. We refer to
this modified version as Adapted MOReL (AMOReL), and
divide the process of SUMO with AMOReL into three steps:
Step 1: Constructing the Environmental Dynamics
Model: Following the same procedure of MOPO+SUMO,
we train an ensemble dynamics model P̂ψ = {P̂ψi

}Ni=1.
Step 2: Trajectory Truncation with SUMO: We then uti-
lize the current policy π and dynamics model P̂ψ to gen-
erate synthetic samples. We use SUMO to measure the un-
certainty of the samples and truncate the synthetic trajectory
accordingly. In specific, in the process of generating syn-
thetic trajectories, we apply Equation (4) to estimate the un-
certainty of each generated sample (ŝ, â, ŝ′) and set a trun-
cating threshold ϵ. If the uncertainty of any sample exceeds
this threshold, we consider the sample unreliable and stop
generating the trajectory, adding the generated trajectory to
the synthetic dataset Dmodel. In this way, we ensure using
only reliable samples for training. It is important to decide
how to choose the truncating threshold ϵ, we can choose to
set the threshold as a constant; however, since data distribu-
tions and dimensions may vary across different datasets, set-

ting it as a constant might not be the optimal choice. There-
fore, we set the threshold to be the maximum uncertainty
among all the dataset samples. In specific, for a dataset
D, we compute the KNN distances for each sample in D to
other samples. We take the maximum uncertainty value as
the truncating threshold. For flexibility, we can also multi-
ply the threshold ϵ by a coefficient α for adjustment:

ϵ = α ·max
D

log
(
∥(s⊕ a⊕ s′)− (s⊕ a⊕ s′)k,N∥2 + 1

)
(7)

where α is a hyperparameter, a larger α makes the algorithm
more optimistic, using more synthetic samples for training.
Step 3: Model-based Policy Optimization: We then draw
samples from D ∪ Dmodel with a sampling coefficient η to
train an SAC agent following Step 3 of MOPO+SUMO.

We summarize the full pseudocode of AMOReL+SUMO
in Appendix B.

Theoretical Analysis
In this part, we provide theoretical analysis for SUMO. Due
to space limit, missing proofs are deferred to Appendix A.

We first provide theoretical analysis when leveraging
SUMO for penalizing rewards in MOPO. We show that
the policy learned by the MOPO+SUMO has a performance
guarantee as follows:

Theorem 1 (Informal). Denote the behavior policy of
the dataset as µ, the uncertainty estimator u(s, a, s′) de-
fined in Equation (4), then under some mild assumptions,
MOPO+SUMO incurs the policy π that satisfies:

Jρ(π) ≥ Jρ(µ)− 2λEρ̂π [u(s, a, s′)],

where λ ∈ R is the penalty coefficient term in MOPO, ρ̂π
is the discounted occupancy measure of policy π. This the-
orem states that in the original MDP M, the policy induced
by MOPO+SUMO can be at least as good as the behavior
policy if the uncertainty is small.

We then present theoretical guarantees when using
SUMO for trajectory truncation in AMOReL. We first
define the ϵ-Model MDP:

Definition 2 (ϵ-Model MDP). ϵ-Model MDP is defined by
the tuple M̂ϵ = ⟨S,A, r, P̂ϵ, ρ̂ϵ, γ⟩, where S, A, r and γ are
the same as the original MDP, ρ̂ϵ is the state distribution of
the learned dynamics model. The transition dynamics P̂ϵ is
defined as:

P̂ϵ(s
′|s, a) =

{
PM̂(s′|s, a), if u(s, a, s′) < ϵ,

0, otherwise,
(8)

Intuitively, M̂ϵ only contains transitions satisfying
u(s, a, s′) < ϵ. In this way, we ensure the reliability of syn-
thetic samples for training. We note that the summation of P̂ϵ
may be not 1, and we can scale it to make it a valid probabil-
ity density function. Then we present our theoretical results
of performance bounds for ϵ-Model MDP.

Theorem 2 (Performance bounds). Denote ρd as the state
distribution of the dataset. For any policy π, its return in
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the ϵ-Model MDP M̂ϵ and the original MDP M (with state
distribution ρ) satisfies:

Jρ̂ϵ(π,M̂ϵ) ≥Jρ(π,M)− rmax
1− γ

(1 +

√
ϵ

2
+ 2DTV (ρ, ρd)

+ 2DTV (ρ̂ϵ, ρd)),

Jρ̂ϵ(π,M̂ϵ) ≤Jρ(π,M) +
rmax
1− γ

(

√
ϵ

2
+ 2DTV (ρ, ρd)

+ 2DTV (ρ̂ϵ, ρd))

Remark: Theorem 2 states that the performance difference
for any policy π in ϵ-Model MDP and the original MDP is
related to three factors: (1) the truncation threshold ϵ, which
determines the synthetic samples for training. (2) the total
variance distance between the true and dataset state distri-
bution DTV (ρ, ρd). (3) the total variance distance between
ϵ-Model and dataset state distribution DTV (ρ̂ϵ, ρd).

Experiment
In our experimental part, we empirically evaluate our
method, SUMO. We aim to answer the following ques-
tions: (1) How much performance gain can SUMO bring
to off-the-shelf model-based offline RL algorithms? (2) Can
SUMO provide more accurate uncertainty estimation com-
pared to model ensemble-based methods? (3) How different
design choices affect the performance of SUMO? (4) How
sensitive is SUMO to the introduced hyperparameters?

For evaluation, we use the D4RL MuJoCo datasets which
includes three tasks: halfcheetah, hopper and walker2d.
Each task provides five types of offline datasets: random,
medium, medium-replay, medium-expert and expert. We
conduct experiments on 15 D4RL MuJoCo datasets to com-
prehensively evaluate the performance of SUMO across var-
ious tasks and datasets of different qualities.

Experimental Results on the D4RL Benchmark
SUMO is an uncertainty estimation method designed for
model-based offline RL, it can be seamlessly combined with
any model-based offline RL algorithm which needs uncer-
tainty estimation. In this part, we combine SUMO with sev-
eral model-based offline RL algorithms, including MOPO,
AMOReL, MOReL and MOBILE (Sun et al. 2023). We
conduct extensive experiments on widely used D4RL Mu-
JoCo datasets and examine whether SUMO can bring per-
formance improvement to these base algorithms. We run all
experiments with 5 different random seeds.

We summarize the experimental results in Table 1, where
we observe that SUMO significantly boosts the performance
of base algorithms. Notably, MOPO+SUMO outperforms
vanilla MOPO in 11 out of 15 tasks, AMOReL+SUMO
and MOReL+SUMO surpasses the original AMOReL and
MOReL in 10 out of 15 tasks, MOBILE+SUMO achieves a
higher score than MOBILE in 9 out of 15 tasks. Regarding
the average score on all 15 tasks, SUMO brings an overall
performance improvement for all four base algorithms, indi-
cating the versatility of SUMO. We include more compari-
son with model-based methods without uncertainty estima-
tion such as COMBO (Yu et al. 2021) and RAMBO (Rigter,
Lacerda, and Hawes 2022) in Appendix D.5.

We also evaluate our methods on D4RL Antmaze tasks,
which are challenging for model-based offline RL meth-
ods (Wang et al. 2021). Due to space limit, we present the
results in Appendix D.1. We find that base model-based RL
algorithms all struggle to perform well in the Antmaze do-
mains. When combined with SUMO, the performance of
base algorithms has been improved. We believe these fur-
ther demonstrate the strengths of SUMO.

Comparison with other Uncertainty Estimators
In this section, we aim to demonstrate the superiority of
SUMO in a more intuitive manner, i.e., whether SUMO can
provide more accurate uncertainty estimation compared to
widely used model ensemble-based uncertainty estimation
methods. This is crucial and necessary for validating our
central claim in this paper.

For model ensemble-based uncertainty estimation meth-
ods, the core idea is to measure the uncertainty of generated
samples by leveraging the diverse predictions of ensemble
members regarding the environmental dynamics. We choose
the following model ensemble-based uncertainty estimation
methods for comparison, which come from recent literature
in both offline and online model-based RL:
Max Aleatoric: It measures the sample uncertainty as:
u(s, a) = maxi=1,...,N ∥Σψi

(s, a)∥F , where Σψi
is the co-

variance matrix predicted by the i-th ensemble member, and
∥·∥F denotes the Frobenius norm. This uncertainty heuristic
is used in MOPO and is related to the aleatoric uncertainty.
Max Pairwise Diff: It measures the sample uncertainty as:
u(s, a) = maxi,j

∥∥µψi(s, a)− µψj (s, a)
∥∥
2
, µψi is the mean

vector predicted by the i-th ensemble member. This uncer-
tainty heuristic is used in MOReL and measures the maxi-
mum pairwise difference between ensemble predictions.
LOO (Leave-One-Out) KL Divergence: It measures the
uncertainty as: u(s, a) = DKL(P̂ψi

(·|s, a)||P̂ψ−i
(·|s, a))

where P̂ψ−i
(·|s, a) represents the aggregated Gaussian dis-

tribution of all ensemble members except the i-th member.
It is used in M2AC (Pan et al. 2020).

We then compare the ability of these four methods in de-
tecting out-of-distribution (OOD) samples. In offline RL,
OOD samples refer to state-action pairs that lie out of the
sample distribution of the dataset. It is difficult to decide
whether a transition is truly OOD. Nevertheless, things are
easier in model-based offline RL, mainly due to the fact that
it involves learning an environmental dynamics model. The
difference between the simulated environmental dynamics
and the real environmental dynamics can be a signal for de-
tecting OOD samples. In practice, we start from the tuple
(s, a) sampled from the offline dataset and generate its next
state ŝ′ via the learned dynamics model. We deem that the
transition (s, a, ŝ′) is OOD if ŝ′ significantly differs from
the dynamics of the real environment. A good uncertainty
estimation method should be sensitive to unrealistic environ-
mental dynamics. In other words, when there is a large error
in the predicted environmental dynamics, it should provide
a higher uncertainty estimate, and when the error is small, it
should have a lower uncertainty estimate.

Empirically, we conduct experiments on the 9 datasets
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Task Name MOPO AMOReL MOReL MOBILE
SUMO Base SUMO Base SUMO Base SUMO Base

half-r 37.2±1.9 34.9±1.4 44.2±2.1 31.8±2.4 37.3±2.1 29.8±1.2 34.9±2.1 37.8±2.9
hopper-r 24.5±0.9 19.4±0.7 29.7±0.6 32.4±1.2 33.2±0.7 30.1±1.0 30.8±0.9 32.6 ± 1.2

walker2d-r 11.4±1.3 13.1±1.1 20.3±0.2 21.0±0.3 17.8±0.6 19.4±0.3 27.9±2.0 16.3± 4.6
half-m-r 73.1±2.1 65.0±3.3 76.8±2.7 49.6±2.3 67.9±2.5 51.2±1.9 76.2±1.3 67.9±2.0

hopper-m-r 65.4±3.2 38.8±2.4 88.7±1.3 80.5±1.0 83.9±1.3 76.3±1.0 109.9±1.4 104.9±0.9
walker2d-m-r 70.3±0.6 74.8±1.5 65.3±2.7 46.0±1.9 61.3±3.1 48.1±4.2 78.2±1.5 83.9±1.3

half-m 68.9±2.3 73.1±2.7 82.1±2.8 69.2±1.2 57.9±1.2 62.4±1.3 84.3±2.4 75.1±1.5
hopper-m 74.6±1.9 45.6±2.5 95.0±2.1 87.2±3.4 82.1±1.4 84.7±3.1 104.8±2.1 102.9±1.9

walker2d-m 57.3±1.6 42.3±0.8 67.4±0.9 71.2±1.3 77.1±3.5 67.6±2.2 94.1±2.5 89.1±1.0
half-m-e 84.1±1.4 76.6±1.0 99.4±3.6 90.6±2.1 98.6±3.5 92.3±4.6 106.6±2.4 109.2±3.8

hopper-m-e 88.1±1.9 69.1±1.2 101.5±0.4 106.2±1.5 105.8±1.4 102.4±0.9 107.8±0.7 110.1±1.3
walker2d-m-e 81.9±1.6 75.4±1.1 109.6±0.7 92.3±0.9 86.1±1.8 90.4±1.4 122.8±0.4 115.9±0.8

half-e 87.1±1.2 88.7±1.6 112.3±2.5 103.2±1.9 109.9±2.1 105.8±1.6 111.5±1.5 113.1±2.1
hopper-e 101.2± 1.8 83.9±0.7 105.4±0.6 94.5±0.3 101.8±1.9 92.5±1.0 115.9 ± 2.9 112.4±3.5

walker2d-e 114.4±1.1 95.3±3.4 106.3±1.3 107.2±1.0 106.2±1.5 108.3±2.1 116.3±1.5 113.7±1.1

Average score 69.3 59.7 80.3 72.2 75.1 70.7 88.2 85.6

Table 1: Normalized average score comparison between vanilla base algorithms and the version with SUMO, on top of MOPO,
AMOReL, MOReL and MOBILE on 15 D4RL MuJoCo datasets, and the version of datasets we use is ”-v2”. We abbreviate
”halfcheetah” as ”half”, ”random” as ”r”, ”medium” as ”m”, ”medium-replay” as ”m-r”, ”medium-expert” as ”m-e” and ”ex-
pert” as ”e”. We run each algorithm for 1M gradient steps with 5 random seeds. We report the final average performance and ±
captures the standard deviation. Bold numbers represent the best average scores within each group.

Task Name Max Aleatoric Max Pairwise Diff LOO KL Divergence SUMO(Ours)
ρ r ρ r ρ r ρ r

halfcheetah-random-v2 0.63 0.58 0.58 0.47 0.10 0.06 0.84 0.83
hopper-random-v2 0.76 0.71 0.85 0.77 0.13 0.09 0.82 0.74
walker2d-random-v2 0.75 0.62 0.71 0.58 0.14 0.10 0.73 0.70
halfcheetah-medium-replay-v2 0.70 0.65 0.73 0.67 0.21 0.16 0.82 0.68
hopper-medium-replay-v2 0.73 0.70 0.79 0.67 0.18 0.08 0.87 0.80
walker2d-medium-replay-v2 0.66 0.54 0.65 0.59 0.09 0.06 0.88 0.86
halfcheetah-medium-v2 0.69 0.59 0.65 0.57 0.15 0.11 0.84 0.77
hopper-medium-v2 0.74 0.66 0.70 0.63 0.11 0.05 0.86 0.79
walker2d-medium-v2 0.68 0.56 0.74 0.73 0.11 0.08 0.82 0.71
halfcheetah-medium-expert-v2 0.67 0.63 0.70 0.68 0.13 0.07 0.88 0.81
hopper-medium-expert-v2 0.71 0.68 0.78 0.72 0.22 0.14 0.75 0.68
walker2d-medium-expert-v2 0.62 0.59 0.65 0.60 0.08 0.06 0.84 0.80
halfcheetah-expert-v2 0.79 0.75 0.69 0.67 0.12 0.10 0.76 0.68
hopper-expert-v2 0.73 0.64 0.76 0.67 0.17 0.14 0.86 0.80
walker2d-expert-v2 0.63 0.57 0.65 0.58 0.09 0.05 0.83 0.76

Table 2: Spearman rank (ρ) and Pearson bivariate (r) correlations comparison of SUMO against Max Aleatoric, Max Pairwise
Diff and LOO KL Divergence. We choose these two metrics following (Lu et al. 2021). The closer ρ and r are to 1, the better
the uncertainty estimation. Each method is evaluated by 5 runs and we report the average ρ and r. Bolded numbers represent
the method with the highest average ρ and r on each dataset.

from D4RL MuJoCo tasks. On each dataset, we first train
an ensemble dynamics model via supervised learning. Then
we train a policy inside the model following the process of
MOPO, without adding any penalty. To generate synthetic
samples, we randomly select 100 states from the dataset as
initial states. For each initial state, we use the trained pol-
icy to perform rollouts in the dynamics model. To ensure
the generation of OOD samples, we set the rollout horizon

to be 100 (the dynamics model tends to output bad transi-
tions under larger rollout horizon due to compounding er-
ror). In total, we obtain 10,000 synthetic transitions for each
dataset. For any synthetic transition (s, a, ŝ′), we can replay
the state-action pair (s, a) in the real environment to obtain
the true next state s′. Then we can calculate the L2-norm
error between s′ and ŝ′: ∥s′ − ŝ′∥2, and this can reflect the
difference between the true environmental dynamics and the
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Task Name s⊕ s′ s⊕ a s⊕ a⊕ s′

ρ r ρ r ρ r
half-m 0.51 0.44 0.62 0.58 0.84 0.77
hopper-m 0.50 0.48 0.55 0.52 0.86 0.79
walker2d-m 0.64 0.49 0.59 0.51 0.82 0.71
half-m-e 0.57 0.54 0.63 0.61 0.88 0.81
hopper-m-e 0.60 0.57 0.69 0.63 0.75 0.68
walker2d-m-e 0.52 0.46 0.67 0.59 0.84 0.80
Mean 0.56 0.50 0.63 0.57 0.83 0.76

Table 3: Spearman rank (ρ) and Pearson bivariate (r) corre-
lations comparison of SUMO with different search vectors.
We run each experiment by 5 different random seeds and re-
port the average ρ and r.

simulated dynamics. We can then use the aforementioned
methods to estimate the uncertainty of the synthetic transi-
tion. For a good uncertainty estimation method, we expect
a strong correlation between the estimated uncertainty and
the L2-norm error of the next state. The remaining ques-
tion is how to measure the correlation. Following previous
work (Lu et al. 2021), we use Spearman rank (ρ) and Pear-
son bivariate (r) correlations, where ρ captures the rank cor-
relations and r measures the linear correlations.

For each dataset, we calculate ρ and r on the synthesized
10,000 transitions and present the results in Table 2. It is ev-
ident that the advantages of SUMO are significant. SUMO
achieves the best ρ or r metrics in 12 out of 15 datasets com-
pared with other model ensemble-based methods. We then
conclude that SUMO incurs a better uncertainty estimation.

Ablation Study & Parameter Study
In this part, we examine different design choices of SUMO
and investigate the sensitivity of SUMO to the introduced
hyperparameters. For the design choices of SUMO, we
mainly focus on two aspects: (a) the components included
in the search vector; and (b) the choice of distance measure.
The Choice of Search Vector: Recall that in Equation (4),
we use (s⊕ a⊕ s′) as the search vector for KNN search be-
cause this reflects the difference between simulated dynam-
ics and real dynamics. What if we replace the search vector
with (s⊕ s′) or (s⊕ a)?

We design experiments to investigate the effectiveness of
these three choices of search vectors. We follow the exper-
imental settings in Section and conduct experiments with
these search vectors on 6 D4RL MuJoCo datasets. We also
use ρ and r as evaluation metrics. We present the experimen-
tal results in Table 3. It is evident that using (s⊕ a⊕ s′) as
the search vector is superior to using (s ⊕ s′), or (s ⊕ a).
The scores in terms of ρ and r on all six datasets are the
highest when using (s⊕ a⊕ s′) among the three choices. It
turns out that it is vital to include the action a for measuring
uncertainty. The inclusion of the next state is also necessary
because the learned dynamics model is responsible for pre-
dicting the next state given (s, a).
The Choice of Distance Measure: Different distance mea-
sure for KNN search can induce different uncertainty esti-

Task Name Euclidean Manhattan Cosine

half-m 68.9 67.4 68.0
hopper-m 74.6 72.9 73.8

walker2d-m 57.3 59.1 56.2
half-m-e 84.1 83.9 82.1

hopper-m-e 88.1 90.4 88.6
walker2d-m-e 81.9 79.4 77.2

Average Score 75.8 75.5 74.3

Table 4: Performance comparison of MOPO+SUMO be-
tween difference distance measure. Each experiment is run
with 5 seeds.

Task Name k = 1 k = 5 k = 10
ρ r ρ r ρ r

half-m 0.84 0.77 0.81 0.75 0.86 0.78
hopper-m 0.86 0.79 0.84 0.81 0.84 0.80
walker2d-m 0.82 0.71 0.85 0.73 0.81 0.70
half-m-e 0.88 0.81 0.86 0.77 0.84 0.79
hopper-m-e 0.75 0.68 0.77 0.71 0.74 0.73
walker2d-m-e 0.84 0.80 0.82 0.76 0.80 0.77
Mean 0.83 0.76 0.82 0.76 0.81 0.77

Table 5: Spearman rank (ρ) and Pearson bivariate (r) corre-
lations comparison of SUMO with different values of k. We
run each experiment by 5 different seeds and report the av-
erage ρ and r.

mation. To examine whether SUMO is sensitive to differ-
ent distance measure, we change the default Euclidean dis-
tance we use to Manhattan distance and Cosine similarity,
and conduct experiments on six MuJoCo datasets, based on
MOPO+SUMO. The results are presented in Table 4. We
can observe using Euclidean distance is slightly better than
other two distance measure, but there is no obvious perfor-
mance distinction, so we can simply use Euclidean distance
as distance measure.
Number of Neighbors k: The main hyperparameter in
SUMO is the number of nearest neighbors k in KNN search.
To examine its influence on the uncertainty estimation, we
sweep k across {1, 5, 10} and run experiments on selected
MuJoCo datasets. We use metrics of ρ and r. The results are
shown in Table 5. We find that SUMO is robust to k.

Conclusion

In this paper, we propose SUMO, a novel search-based un-
certainty estimation method for model-based offline RL.
SUMO characterizes the uncertainty as the cross entropy be-
tween simulated dynamics and true dynamics, and employ a
practical KNN search method for implementation. We show
that SUMO can provide a better uncertainty estimation than
model ensemble-based methods and boost the performance
of a variety of base algorithms.
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