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ABSTRACT

Dyna-style model-based reinforcement learning contains two phases: model roll-
outs to generate sample for policy learning and real environment exploration using
current policy for dynamics model learning. However, due to the complex real-
world environment, it is inevitable to learn an imperfect dynamics model with
model prediction error, which can further mislead policy learning and result in
sub-optimal solutions. In this paper, we propose COPlanner, a planning-driven
framework for model-based methods to address the inaccurately learned dynam-
ics model problem with conservative model rollouts and optimistic environment
exploration. COPlanner leverages an uncertainty-aware policy-guided model
predictive control (UP-MPC) component to plan for multi-step uncertainty estima-
tion. This estimated uncertainty then serves as a penalty during model rollouts and
as a bonus during real environment exploration respectively, to choose actions. Con-
sequently, COPlanner can avoid model uncertain regions through conservative
model rollouts, thereby alleviating the influence of model error. Simultaneously,
it explores high-reward model uncertain regions to reduce model error actively
through optimistic real environment exploration. COPlanner is a plug-and-play
framework that can be applied to any dyna-style model-based methods. Experi-
mental results on a series of proprioceptive and visual continuous control tasks
demonstrate that both sample efficiency and asymptotic performance of strong
model-based methods are significantly improved combined with COPlanner.
Our code is available at https://github.com/umd-huang-lab/COPlanner.

1 INTRODUCTION

Model-Based Reinforcement Learning (MBRL) has emerged  visual omc
as a promising approach to improve the sample efficiency of § tasks
model-free RL methods. Most MBRL methods contain two broprio DMC
phases that are alternated during training: 1) the first phase 8 tasks
where the agent interacts with the real environment using a
policy to obtain samples for dynamics model learning; 2) the MuloCo-GrM

4 tasks

second phase where the learned dynamics model rolls out
to generate massive samples for updating the policy. Conse-
quently, learning an accurate dynamics model is critical as the
model-generated samples with high bias can mislead the policy
learning (Deisenroth and Rasmussen| 201 1; Wu et al., [2022).
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Figure 1: Mean performance of
COPlanner compared with base-
lines across 3 diverse benchmarks.

However, dynamics model errors are inevitable due to the complex real-world environment. Existing
methods try to avoid model errors in two main ways. 1) Design different mechanisms such as filtering
out error-prone samples to mitigate the influence of model errors after model rollouts (Buckman et al.
2018 |Yu et al.| 2020; Pan et al., [2020; |Yao et al., [2021). 2) Actively reduce model errors during
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Figure 2: coPlanner Framework. The most essential part of COPlanner is the Uncertainty-aware Policy-
Guided MPC (UP-MPC) phase in which we plan trajectories of length H, according to the learned dynamics
model and learned policy network 7, to select the action with highest trajectory reward. This UP-MPC phase is
implemented differently for the two different purposes: environment exploration v.s. dynamics model rollouts.
In environment exploration, trajectory reward has an uncertainty bonus term to encourage exploring uncertain
regions in the environment. In dynamics model rollouts, trajectory reward, on the contrary, has an uncertainty
penalty term to encourage policy learning on confident regions of the learned dynamics model.

real environment interaction through uncertainty-guided exploration (Shyam et al., 2019; |Ratzlaff]
et al.l [2020; [Sekar et al., [2020; Mendonca et al., 2021). While both categories of methods have
achieved advancements, each comes with its own set of limitations. For the first category, although
these approaches are shown to be empirically effective, they primarily concentrate on estimating
uncertainty at the current step, often neglecting the long-term implications that present samples might
have on model rollouts. Moreover, post-processing samples after model rollouts can compromise
rollout efficiency as many model-generated samples are discarded or down-weighted. As for the
second category, it is intrinsically challenging to achieve low model error and high long-term reward
without sacrificing the sample efficiency by learning exploration policies.

To tackle the aforementioned limitations, we introduce a novel framework, COPlanner, which
mitigates the model errors from two aspects: 1) avoid being misled by the existing model errors
via conservative model rollouts, and 2) keep reducing the model error via optimistic environment
exploration. The two aspects are achieved simultaneously by a novel uncertainty-aware multi-step
planning method, which requires no extra exploration policy training nor additional samples, resulting
in stable policy updates and high sample efficiency. COPlanner is structured around three core
components: the Planner, conservative model rollouts, and optimistic environment exploration. In
the Planner, we employ an Uncertainty-aware Policy-guided Model Predictive Control (UP-MPC)
to forecast future trajectories in terms of selecting actions and to estimate the long-term uncertainty
associated with each action. As shown in Figure 2] this long-term uncertainty serves as dual roles. In
the model rollouts phase, the uncertainty acts as a penalty on the total planning trajectory, guiding the
selection of conservative actions. Conversely, during the model learning phase, it serves as a bonus
on the total planning trajectory, steering towards optimistic actions for environment exploration.

Compared to previous methods, COPlanner has the following advantages: (a) COPlanner has
higher exploration efficiency, as it focuses on investigating high-reward uncertain regions to broaden
the dynamics model, thereby preventing unnecessary excessive exploration of areas with low rewards.
(b) COPlanner has higher model-generated sample utilization rate. Through planning for multi-
step model uncertainty estimation, COP Lanner can prevent model rolled out trajectories from falling
into uncertain areas, thereby avoiding model errors before model rollouts and improving the utility of
model generated samples. (¢) COPlanner enjoys an unified policy framework. Unlike previous
methods (Sekar et al., [2020; Mendonca et al., 2021)) that require training two separate policies for
different usage, COPlanner only requires training a single policy and we only change the way
model-based planning is utilized, thus improving training efficiency and resolving potential policy
distribution mismatches. (d) COPlanner ensures undistracted policy optimization. Notably,
COPlanner diverges from existing approaches by not using long-term uncertainty as an intrinsic
reward. Instead, the policy’s objective remains focused on maximizing environmental rewards,
thereby avoiding the introduction of spurious behaviors due to model uncertainty.

Summary of Contributions: (1) We introduce COPlanner framework which can mitigate the
influence of model errors during model rollouts and explore the environment to actively reduce
model errors simultaneously by leveraging our proposed uncertainty-aware policy-guided MPC. (2)
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COPlanner is a plug-and-play framework that can be applicable to any dyna-style MBRL method.
(3) After being integrated with other MBRL baseline methad®Planner improves the sample

ef ciency of these baselines by nearly doub{é) BesidesCOPlanner also signi cantly improves

the performance on a suite of proprioceptive and visual control tasks compared with other MBRL
baseline methods (16.9% on proprioceptive DMC, 32.8% on GYM, and 9.6% on visual DMC).

2 PRrRELIMINARIES

Model-based reinforcement learning. We consider a Markov Decision Process (MDP) de ned
by the tuple(S;A;T; o;r; ), whereS andA are the state space and action space respectively,
T (sYs; a) is the transition dynamicsg is the initial state distributiom,(s; a) is the reward function
and is the discount factor. In model-based RL, the transition dynaiias the real world is
unknown, and we aim to construct a modgkYs; a) of transition dynamics and use it to nd an
optimal policy which can maximize the expected sum of discounted rewards,
. #
=argmax E., (s, ,a; 1) r(si;a) ()
ay  (aisy) t=0

Model predictive control. Model predictive control (MPC) has a long history in robotics and
control systems (Garcia etldl., 1989; Qin and Badgwell, 2003). MPC nd the optimal action through
trajectory optimization. Speci cally, given the transition dynamicé the real world, the agent
obtains a local solution at each stepy estimating optimal actions over a nite horizéh (i.e., from

ttot + H) and executing the rst actioa; from the computed optimal sequence at time $tep

X
a; = argmax E 'r(si;a) ;s T(isi & 1); )

at:t+ H i=t

where is typically set to 1. In model-based control methods, the transition dyndmigsimulated
by the learned dynamics modEl(Chua et al., 2018; Wang and Ba, 2019; Hansen et al., 2022).

3 THE COR.ANNERFRAMEWORK

In this section, we will introduc€OPIlanner framework.COPIlanner consists of three compo-
nents: the Planner, conservative model rollouts, and optimistic environment exploration. Within
the Planner, we propose using an Uncertainty-aware Policy-guided MPC to predict potential future
trajectories when selecting different actions under the current state and estimate the long-term uncer-
tainty associated with each action, which will be introduced in Sec 3.1. Depending on the phase, this
long-term uncertainty is used to further guide the selection of conservative actions for policy learning
or optimistic actions for environment exploration which will be introduced in Sec 3.2 and Sec 3.3.

3.1 “THE PLANNER”: UNCERTAINTY-AWARE PoLICY-GUIDED MPC

In this section, we present the core part of our pro-

posed framework which is called Uncertainty-aware

Policy-guided MPC (UP-MPC). Inspired by MPC,

we apply the random shooting method (Rao, 2009)

to introduce a long-term vision. Speci cally, given

the current state;, before each interaction with the Figure 3: The Planner.

model or real environment, we rst generate an action candidate set cont&naugions using the

policy: a; = faﬁl) ;a§2) i aﬁk)g. Then, for each action candidate, we perfdtim-step planning

and calculate the reward and model uncertainty for each step. Finally, we select the action
according to accumulated reward and model uncertainty, (to interact with the learned dynamics for
the model rollouts or to interact with the environment for the model learning), as will be discussed in

details in Sec 3.2 and Sec 3.3.

Incorporating model uncertainty is crucial for action selection to compensate for model error. As
illustrated in Algorithm 1, we calculate the model uncertainthrough the model disagreement
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(Pathak et al., 2019) method. Model disagreement is closely related to model learning and is currently
the most common way to estimate model uncertainty in MBRL (Yu et al., 2020; Kidambi et al.,
2020; Pan et al., 2020; Sekar et al., 2020; Yao et al., 2021; Mendonca et al., 2021). We train a

dynamics model ensemble = 1@ ;1@ ... £(" g to predict the next state given the current
state-action paifs;; a;) as input. Utilizing the ensemble, we approximate the model uncertainty by
calculating the variance over predicted states of the different ensemble members. This estimation
closely represents the expecte)g information gain (Pathak et al. %019)

T (s;a) 9% °-—f TV (st;2): (3)

u(se; &) =

N 1

See Figure 3 for the iIIustration of the process. The pseudocode for the Planner, i.e., the UP-MPC
process, is summarized in Algorithm 1.

Algorithm 1 The PlannerUP-MPC s, T K, H,

Require: Policy , States, learned dynamics mod&l , number of candidates actioKs, planning
horizonH,, optimistic/conservative parameter
1: Initialize R =0 fork = 1;::;K, s = sfork = 1;::K
2: fork =1 toK do
fort=0toH, 1do

samplea®  (js{)

Rollout dynamics model® = R(jsi;a®); s f (jsi¥);al)
Compute model uncertaint;{k) according to Eq. 3

R(K) = RK) & r(k) + ul (k)

N akrow

9: return agk )

Although in Algorithm 1 model uncertainty is implemented through model disagreement, our
proposed UP-MPC is a generic framework, any method for calculating intrinsic rewards to encourage
exploration can be embedded into our framework for compuiinigg Appendix D.5 we provide an
ablation study of uncertainty estimation methods to further illustrate this point.

3.2 CONSERVATIVE MODEL ROLLOUTS

In model-based RL, due to the limited samples available for model learning, model prediction errors
are inevitable. If a policy is trained using model-generated samples with a large error, these samples
will not provide correct gradient and may mislead the policy update. Previous methods estimate the
model uncertainty of each sample after generation and re-weight or discarded samples with high
uncertainty. However, re-weighting samples based on uncertainty still leads to samples with high
uncertainty participating in the policy learning process, while Itering requires manually setting
an uncertainty threshold, and determining the optimal threshold is dif cult. Discarding too many
samples can result in inef cient rollouts.

We apply our Planner to plan for maximizing the future reward while minimizing the model uncer-
tainty during model rollouts before executing the action. After calculating the reward and model
uncertainty for theH ,-step trajectories oK action candidates (line 5 and 6 in Algorithm 1), we
replace = ¢, for a positive ¢ > Oatline 7 in Algorithm 1. Mathematically, we select the action
according to E% 4 to interact with the model for model rollouts:

P P
a=argmaxg ., r(st;a)+ .:1 Fr8e+is (Be+i)) ¢ i1 u(desis (ét+|)) 18t f(J§t+l 1,8+ 1)
(4)

The negative . is a coef cient that adds the model uncertainty as a penalty term to the trajectory
total reward. By employing this approach, we can prevent model rollout trajectories from falling into
model-uncertain regions while obtaining samples with higher rewards.

3.3 OPTIMISTIC ENVIRONMENT EXPLORATION

In addition to model rollouts, another crucial part of MBRL is interacting with the real environment
to obtain samples to improve the dynamics model. Since the main purpose of MBRL is to improve
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sample ef ciency, we should acquire more meaningful samples for improving the dynamics model
within a limited number of interactions. Therefore, unlike previous methods that merely aimed to
thoroughly explore the environment to obtain a comprehensive model (Shyam et al., 2019; Ratzlaff
et al., 2020; Sekar et al., 2020), we do not expect the dynamics model to learn all samples in the state
space. This is because many low-reward samples do not contribute to policy improvement. Instead,
we hope to obtain samples with both high rewards and high model uncertainty to suf ciently expand
the model and reduce model uncertainty.

Similar to model rollouts, we also employ our Planner in the process of selecting actions when
interacting with the environment. However, the difference lies in that we replace ,, for a
positive o, > 0 at line 7 in Algorithm 1. Mathematically, we choose the action with both high
cumulative rewards and model uncertainty according to Eq. 5, which is a symmetric form of Eq. 4.

o is a hyperparameter to balance the reward and exploration. Such an action can guide the trajectory
towards regions with high rewards and model uncertainty in the real environment, thereby effectively
expanding the Iﬁarned dynamics model.

Py Py ! .
a=argmaxy ,, r(sua)+ 25 MG G+ o 21 UBtein (Be+i)) 58+ f(Jst*ri 18+ 1)
(5)

In summary, by simultaneously using conservative model rollouts and optimistic environment explo-
ration,COPlanner effectively alleviates the model error problem in MBRL. As we will show in
Section 5, this is of great help in improving the sample ef ciency and performance. The pseudocode
of COPlanner is shown in Algorithm 2, and a more detailed gure is shown in Appendix A. Very
importantly, COPlanner achieves both conservative model rollouts and optimistic environment ex-
ploration using a single policy. Different from prior exploration methods, the policyGeERlanner

learns does not have to be an “exploration” policy which is inevitably suboptimal.

Algorithm 2 Main Algorithm: COPlanner

Require: Interaction epochs, rollout horizonH,, planning horizorH,, number of candidates
actionsK , conservative rate, optimistic rate ,
1: Initialize policy , dynamics modef', real sample buffebe, model sample buffeb,
2: for | epochgdo
3:  while not Donedo

4: Select actiora; = UP-MPC  ;si; T ;K;H ;o

5: Execute in real environment, adsi; a;;r; St+1 ) t0 De

6: Train dynamics modef with De

7: for M model rolloutsdo

8: Sample initial states from real sample bufizy

9: forh=0toH, do
10: Select actiody.n = UP-MPC  ;&0;T ;KiH ;¢
11 Rollout learned dynamics model and addXg
12: Update current policy with Dy,

4 RELATED WORK

Mitigating model error by improving rollout strategies. Prior methods primarily focus on using
dynamics model ensembles (Kurutach et al.; Chua et al., 2018) to assess model uncertainty of samples
after they were generated by the model, and then apply weighting technigues (Buckman et al., 2018;
Yao et al., 2021), penalties (Kidambi et al., 2020; Yu et al., 2020) or Itering (Pan et al., 2020; Wang
etal., 2022) to those high uncertainty samples to mitigate the in uence of model error. These methods
only quantify uncertainty after generating the samples and since their uncertainty metrics are based on
the current step and are myopic, these metrics can not evaluate the potential in uence of the current
sample on future trajectories. Therefore, they fail to prevent the trajectories, which is generated
through model rollout on the current policy, from entering high uncertainty regions, eventually leading
to a failed policy update. Wu et al. (Wu et al., 2022) proposed Plan to Predict (P2P), which reverses
the roles of the model and policy during model learning to learn an uncertainty-foreseeing model,
aiming to avoid model uncertain regions during model rollouts. Combined with MPC, their method
achieved promising results. However, their approach lacks effective exploration of the environment.
Branched rollout (Janner et al., 2019) and bidirectional rollout (Lai et al., 2020) take advantage of
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small model errors in the early stages of rollouts and uses shorter rollout horizons to avoid model

errors, but these approaches limit the planning capabilities of the learned dynamics model. Besides,
different model learning objectives (Shen et al., 2020; Eysenbach et al., 2022; Wang et al., 2023;
Zheng et al., 2023b) are designed to solve objective mismatch (Lambert et al., 2020) in model-based
RL and further mitigate model error during model rollouts.

Reducing model error by improving environment exploration. Another approach to mitigate
model error is to expand the dynamics model by obtaining more diverse samples through exploration
during interactions with the environment. However, previous methods mostly focused on pure
exploration, i.e., how to make the dynamics model learn more comprehensively (Lowrey et al., 2018;
Shyam et al., 2019; Ratzlaff et al., 2020; Sekar et al., 2020; Seyde et al., 2020; Ball et al., 2020;
Mendonca et al., 2021; Hu et al., 2023). In complex environments, thoroughly exploring the entire
environment is very sample-inef cient and not practical in real-world applications. Moreover, using
pure exploration to expand the model may lead to the discovery of many low-reward samples, which
are not very useful for policy learning. Mendonca et al. (Mendonca et al., 2021) proposed Latent
Explorer Achiever (LEXA) which involves a explorer for exploring the environment and one achiever
for solving diverse tasks based on collected samples, but the explorer and achiever may experience
policy distribution shift under speci c single-task settings, causing the achiever to potentially not
converge to the optimal solution.

Mitigating model error from both sides. One most relevant work is Model-Ensemble Exploration
and Exploitation (MEEE) (Yao et al., 2021) which simultaneously expands the dynamics model and
reduces the impact of model error during model rollouts. During the rollout process, it uses uncertainty
to weight the loss calculated for each sample to update the policy and the critic. Before interacting
with the environment, they rst generakeaction candidates and then select the action with the
highest sum of Q-value and one-step model uncertainty to execute. However, as we mentioned earlier,
weighting samples cannot fundamentally prevent the impact of model errors on policy learning, and
it may still mislead policy updates. Moreover, since the one-step prediction error of dynamics models
is often small (Pan et al., 2020), relying only on the sum of Q-values and one-step model uncertainty
may not effectively differentiate action candidates. As a result, samples collected during interactions
with the environment might not ef ciently expand the model.

5 EXPERIMENT

In this section, we conduct experiments to investigate following questions: (afO&fmanner

be applied to both proprioceptive control MBRL and visual control MBRL methods, to improve
their sample ef ciency and asymptotic performance? (b) How does each compor@@Rianner
impact the performance? (c) How do@®Planner in uence model learning and model rollouts?

5.1 EXPERIMENT ON PROPRIOCEPTIVE CONTROL TASKS

Baselines In this section, we conduct experiments to demonstrate the effectiven€§3Rdanner

on proprioceptive control MBRL methods. We combi@®Planner with MBPO (Janner et al.,
2019), the most classic method in proprioceptive control dyna-style MBRL, and we name the
combined method aSOPlanner-MBPO. The implementation details can be found in Appendix B.
ConsequentlyVIBPO naturally becomes one of our baselines. The other three baseline2rRyre

MPC (Wu et al., 2022)MEEE (Yao et al., 2021), anM2AC (Pan et al., 2020). These three methods
also aim to mitigate the impact of model errors in model-based RL. We choose one of the most
popular model-free RL mthedd4PG (Barth-Maron et al., 2018) as another baseline. More details

of P2P-MPC, MEEE, and M2AC can be found in Section 4. We also provide comparison with more
proprioceptive control MBRL methods in Appendix D.1.

Environment and hyperparameter settings We conduct experiments on 8 proprioceptive continu-
ous control tasks of DeepMind Control (DMC) and 4 proprioceptive control tasks of MuJoCo-GYM
(GYM). MBPO trains an ensemble of 7 networks as the dynamics model while using the Soft
Actor-Critic (SAC) as the policy network. In COPlanner-MBPO, we adopt the setting of MBPO
and directly use the dynamics model ensemble to calculate model uncertainty for action selection
in Policy-Guided MPC. For hyperparameter setting, we set optimistic rate be 1, conservative

rate . to be 2 in all tasks, and set action candidate nunkbgplanning horizorH, equal to 5 in all

tasks. The speci ¢ setting are shown in the Appendix C.1.
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Figure 4: Experiment results of COPlanner-MBPO and other ve baselines on proprioceptive control
environments. The curves in the rst eight gures originate from DM Control tasks, while those in

the last four are from GYM tasks. The results are averaged over 8 random seeds, and shaded regions
correspond to th85% con dence interval among seeds. During evaluation, for each seed of each
method, we test for up to 1000 steps in the test environment and perform 10 evaluations to obtain an
average value. The evaluation interval is every 1000 environment steps.

COPIlanner signi cantly improves the sample ef ciency and performance of MBPQ Through

the results in Figure 4 we can nd that both sample ef ciency and performance of MBPO have a
signi cant improvement after combininGOPIlanner . (a) Sample ef ciency. In proprioceptive
control DMC, the sample ef ciency is improved B§0% on average compared to MBPO. For
example, in the Walker-walk task, MBPO requires 100k steps for the performance to reach 700,
while COPlanner-MBPO only needs approximately 60k steps. In more complex GYM tasks, the
improvement brought b€OPlanner is even more signi cant. Compared to MBPO, the sample

ef ciency of COPlanner-MBPO has almost doublegh) Performance From the performance
perspective, as shown in Figure 1, the performance of MBPO has improvegidse after combining
COPlanner . Moreover, it is worth noting that our method successfully solves the Walker-run task,
which MBPO fails to address, further demonstrating the effectiveness of our proposed framework. In
GYM tasks, the average performance at convergence has increa32@%y Besides, COPlanner-
MBPO also outperforms other baselines.

5.2 EXPERIMENT ON VISUAL CONTROL TASKS

Baselines We conduct experiments to demonstrate the effectiveness of our proposed framework on
visual control environments. We integrate our algorithm viiteamerV3 (Hafner et al., 2023), the
state-of-the-art Dyna-style model-based RL approach recently introduced for visual control. The
implementation details can be found in Appendix B. We choose LEXA (Mendonca et al., 2021) as
our another baseline. LEXA uses Plan2Explore (Sekar et al., 2020) as intrinsic reward to explore
the environment and learn a world model, then using this model to train a policy to solve diverse
tasks such as goal achieving. Since pure exploration base on Plan2Explore is sample inef cient
for model learning when solving speci c tasks, we use the real reward provided by environment as
extrinsic reward and add it to intrinsic reward provided by Plan2Explore to train the explorer. We
adopt this method on DreamerV3 and calliiXA-reward-DreamerV3 . Besides, we compare our
method with the SOTA model-free visual RL methbdQV2 (Yarats et al., 2021). We also provide
comparison with more visual control MFRL and MBRL methods in Appendix D.2.

Environment and hyperparameter settings We use 8 visual control tasks of DMC as our en-
vironment. In COPlanner-DreamerV3, we learn a latent one-step prediction dynamics model as
Plan2Explore (Sekar et al., 2020), the ensemble size is 8. We set action candidate Kuaniker
planning horizorH, equal to 4 in all tasks. For optimistic ratg and conservative rate;, we set

them to be 1 and 0.5, respectively. Other hyperparameters remain consistent with DreamerV3 paper.

COPIlanner signi cantly improves the sample ef ciency and performance of DreamerV3
From the experiment results in Figure 5, we observe that COPlanner-DreamerV3 improves the
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Figure 5: Experiment results of COPlanner-Dreamerv3 and other three baselines on pixel-input DMC.
The results are averaged over 8 random seeds, and shaded regions correspo@@tectiredence

interval among seeds. During evaluation, for each seed of each method, we test for up to 1000 steps
in the test environment and perform 10 evaluations to obtain an average value. The evaluation interval
is every 1000 environment steps.

sample ef ciency and performance signi cantly over DreamerV3, and it demonstrated a signi cant
advantage over DrQv2. The sample ef ciency of COPlanner-DreamerV3 is more than twice that of
DreamerV3, and the performance is improved by 9.6%. After adding real reward as extrinsic reward
for explorer learning, LEXA-reward-DreamerV3 delivers performance comparable to DreamerV3
in most environments. It outperforms DreamerV3 in Cartpole-swingup-sparse and Hopper-stand.
However, its performance and sample ef ciency are still worse than COPlanner-DreamerV3, further
indicates the effectiveness 6OPlanner .

5.3 ABLATION STUDY

In this section, we aim to investigate the impact of different components witbiRlanner on

the sample ef ciency and performance. We conduct experiments on two proprioceptive control
DMC tasks (Walker-stand and Walker-run) using MBPO as baseline and two visual control DMC
tasks (Hopper-hop and Cartpole-swingup-sparse) with DreamerV3 as baseline. The results are
demonstrated in Figure 6. Due to page limitations, we provide the ablation study on various
hyperparameters @OPlanner in Appendix D.4 and the ablation study of uncertainty estimation
methods in Appendix D.5.

From this ablation study, we can see that effectively combining optimistic exploration and
conservative rollouts is necessary to achieve the best resultdVe nd that when only using
optimistic exploration (COPlanner w. Explore only), the sample ef ciency and performance in all
tasks are signi cantly improved, which highlights the importance of expanding the model. When
only using conservative rollouts (COPlanner w. Rollout only), there is some improvement in sample
ef ciency and performance but to a lesser extent. In more complex visual control tasks, only using
conservative rollouts may lead to over-conservatism, resulting in an inability to learn an effective
policy in sparse reward environments (as observed with a broken seed in Cartpole-swingup-sparse) or
a decrease in sample ef ciency during the early stages of learning (Hopper-hop). This is reasonable
because conservative rollouts may avoid high uncertainty and high reward areas to ensure the stability
of policy updates. Moreover, without ef ciently expanding the model, it is challenging to nd better
solutions using only conservative rollouts in complex visual control tasks. Experimental results show
that both optimistic exploration and conservative rollouts are crucial, and using either one individually
can lead to an improvement in performance. When combining the two (as in COPlanner), we can
achieve the best results, further demonstrating the effectiveness of our method.

5.4 MODEL ERROR AND ROLLOUT UNCERTAINTY ANALYSIS

In this section, we will investigate the impact @GOPlanner on model learning and model roll-
outs. We provide the curves of how model prediction error and rollout uncertainty change as the
environment step increases in Figure 7. We conduct experiments on two proprioceptive control
DMC tasks (Cheetah-run and Walker-run) and two visual control DMC tasks (Hopper-hop and
Cartpole-swingup-sparse).
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