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Abstract

We address the challenge of efficient exploration in model-based reinforcement
learning (MBRL), where the system dynamics are unknown and the RL agent
must learn directly from online interactions. We propose Scalable and Optimistic
MBRL (SOMBRL), an approach based on the principle of optimism in the
face of uncertainty. SOMBRL learns an uncertainty-aware dynamics model
and greedily maximizes a weighted sum of the extrinsic reward and the agent’s
epistemic uncertainty. SOMBRL is compatible with any policy optimizers or
planners, and under common regularity assumptions on the system, we show that
SOMBRL has sublinear regret for nonlinear dynamics in the (i) finite-horizon,
(ii) discounted infinite-horizon, and (ii{) non-episodic settings. Additionally,
SOMBRL offers a flexible and scalable solution for principled exploration. We
evaluate SOMBRL on state-based and visual-control environments, where it
displays strong performance across all tasks and baselines. We also evaluate
SOMBRL on a dynamic RC car hardware and show SOMBRL outperforms the
state-of-the-art, illustrating the benefits of principled exploration for MBRL.

1 Introduction

=g

Figure 1: Top: We showcase scalability of SOMBRL on visual control tasks from DMC and Atari.
Bottom: We evaluate SOMBRL on a highly dynamic RC car where we learn to perform a complex
parking maneuver in only 20 real-world episodes.

Reinforcement learning (RL) has been successfully applied to a variety of sequential-decision making
problems like games (Silver et al., 2017), robotics (Kober et al., 2013; Tang et al., 2025), mobile
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health interventions (Yom-Tov et al., 2017; Liao et al., 2020), and fine-tuning of large language
models (Ouyang et al., 2022). RL offers a flexible learning paradigm, enabling agents to learn directly
by interacting with their environment. However, this potential is often not fully realized in practice,
as most widely used RL methods (Schulman et al., 2017) are highly sample-inefficient. This mostly
rules out their direct application to real-world settings where data is scarce or expensive to acquire.

Model-based RL approaches (Moerland et al., 2023) offer a more sample-efficient alternative and
have been successfully used for learning directly in the real-world (Hansen et al., 2022; Wu et al.,
2023; Rothfuss et al., 2024). However, these methods are mostly based on naive exploration strategies,
such as Boltzmann exploration, which are provably sub-optimal (Cesa-Bianchi et al., 2017) and often
struggle in the presence of sparse rewards.

Related Works Several works study principled exploration approaches in RL (Even-Dar & Man-
sour (2001); Jaksch et al. (2010); Abbasi-Yadkori & Szepesvari (2011); Cohen et al. (2019); Dean et al.
(2020); Kakade et al. (2020); Curi et al. (2020); Neu & Pike-Burke (2020); Foster & Rakhlin (2023);
Wagenmaker et al. (2023); Sukhija et al. (2024c), see Section 3 and Appendix A for more details).
In particular, optimism in the face of uncertainty is a celebrated exploration principle with strong the-
oretical guarantees for model-based RL (Brafman & Tennenholtz, 2002; Jaksch et al., 2010; Kakade
et al., 2020; Curi et al., 2020; Moulin & Neu, 2023; Sukhija et al., 2024b). However, in practice, these
algorithms are computationally prohibitive. As a result, naive exploration techniques remain dominant
in real-world applications due to their simplicity. We address this gap between theory and practice and
propose a simple yet principled method, SOMBRL, for exploration that enjoys convergence guaran-
tees across several RL settings. This is in contrast to prior works, which design and study algorithms
only for specific settings, e.g., Curi et al. (2020); Kakade & Langford (2002) study the finite-horizon
setting, Sukhija et al. (2024c¢) the unsupervised RL setting, and Sukhija et al. (2024b) the nonepisodic
one. In addition to the theoretical guarantees, SOMBRL is also much more scalable and, unlike the
aforementioned works, can be applied to high-dimensional settings such as visual control problems
and real-world hardware platforms. We demonstrate this in our experiments (Section 6).

The differences between SOMBRL and prior work on exploration in MBRL are summarized in
Table 1, and we provide a more detailed discussion of related works in Appendix A.

Contributions

1. We propose SOMBRL, a principled yet efficient exploration strategy for model-based RL.
SOMBRL is based on the principle of optimism in the face of uncertainty, and greedily maximizes
a weighted sum of the extrinsic reward and the agent’s epistemic uncertainty/disagreement.
Therefore, the agent selects policies that maximize rewards while also exploring less visited areas
of the state space where the uncertainty about the system is high.

2. We show, under common regularity assumptions on the dynamics, that combining extrinsic
rewards with the agent’s epistemic uncertainty gives anytime high probability value-function
bounds, which could be of independent interest to applications such as safe RL (Brunke et al.,
2022) and offline RL (Levine et al., 2020). We leverage this key insight and show that SOMBRL
has sublinear regret for finite-horizon, discounted infinite-horizon, and nonepisodic settings with
continuous state and action spaces. Our regret bounds are comparable to the ones derived by
prior work (Kakade et al., 2020; Curi et al., 2020; Sukhija et al., 2024b), but our algorithm is
considerably simpler and more scalable.

3. We validate SOMBRL on standard deep RL benchmarks, showing that it outperforms several
naive exploration baselines and scales effectively to high-dimensional tasks, such as visual control.
We also evaluate SOMBRL in the real-world on a dynamic RC car (see Figure 1), where it learns
an agile parking maneuver in only 20 trials, outperforming the state-of-the-art (Rothfuss et al.,
2024) w.r.t. performance and sample efficiency. To the best of our knowledge, this is the first
empirical demonstration of optimistic exploration in model-based deep RL for high-dimensional
and real-world settings.

2 Problem Setting

We consider a discrete-time dynamical system of the form x;11 = f*(@, u:) + w;, where a; €

X C R% is the state, u; € U C R% the control input, and w; € W C R™ the process noise'. The
dynamics f* are unknown.

'For our theory, we assume the process noise to be known, but our algorithm can learn it from data.



Table 1: Comparison of SOMBRL and prior work on model-based RL (MBRL) in terms of sublinear
regret/sample complexity for the kernelized settings and scalability. Kakade et al. (2020) give regret bound for
the finite-horizon setting with Gaussian noise and Curi et al. (2020) for the sub-Gaussian noise case. We show
that SOMBRL has sublinear regret for both settings (Theorem 5.4 and Theorem B.18)

Finite Horizon  +-discounted infinite-horizon ~Nonepisodic ~ Unsupervised RL  Scalable + Practical

Greedy, e.g., Mean planning or

Deisenroth & Rasmussen (2011); Chua et al. (2018) X X X X v
Curi et al. (2020); Kakade et al. (2020) v X X X X
Sukhija et al. (2024b) X X v X X

Sukhija et al. (2024c) X X X v X

SOMBRL (ours) v v v v v

Task In the finite-horizon RL setting (Puterman, 2014), we are given a reward function r : X XU —
R, and want to learn a policy that maximizes the following objective

T-1
Zr(whut)] : (1

t=0

S = g = g B

where action u, follows policy 7, i.e., u; ~ 7(x;). Moreover, we consider the episodic RL setting,
with episodes n € {1,..., N}, and study a model-based approach. Accordingly, at the beginning
of episode n, we select and roll out a policy 7, for T" steps on the true system. We then use the
data collected from the rollouts to estimate the true dynamics f*. The goal is to find a policy that
performs as well as 7w*, as quickly as possible. Therefore a natural performance metric in this context

is the cumulative regret Ry = ZT]:[:I J(7*) — J(m,). In the following sections, we show that our
proposed algorithm achieves sublinear regret. While in the main text for clarity we focus on the
finite-horizon episodic setting, in Section 5, we show that our approach has sublinear regret also for

~-discounted infinite-horizon, episodic: and average reward, nonepisodic settings:
o] 1 T-1
*\ t * .
Jy(m") = maxEx ;7 r(xy, ut)] ) Jp(m*) = rfg%llqglj;p FEn ; T(fﬂt’ut)] 3)

3 Exploration Strategies in MBRL

In MBRL, we learn a model of the true dynamics f* and use our learned model to select/update the
next policy for data acquisition. Exploration algorithms for MBRL determine how the policy should
be chosen given our learned model. Common strategies for this choice are (i) greedy planning, (if)
Thompson sampling, and (ii7) optimistic exploration. We discuss these in detail below.

Let J (7, f) be the the expected returns under the policy 7 and dynamics f, that is
T-1

Z T(f’::s’ut)] , Ty = flay, ug) + we, ) = T,
t=0

and p,, our mean estimate of the dynamics f* at episode n.

J(Tl',f) =Er

Greedy planning The simplest selection strategy is to pick the policy 7, that maximizes the
expected returns for our estimated dynamics s, .

aMEAN — arg max J (7, w1y, “)

well

This strategy is greedy as it does not directly encourage exploration in areas where we have limited
data or where our model has high uncertainty. Instead, it exploits our estimate p,, of the dynamics.
This is the basis of methods such as those of Janner et al. (2019); Hafner et al. (2023), where
exploration is induced using a stochastic policy that is optimized with an entropy bonus.

To incorporate epistemic uncertainty in our learned model and avoid overfitting to misestimated
dynamics, Deisenroth & Rasmussen (2011); Chua et al. (2018); Rothfuss et al. (2024) learn a
Bayesian model of f*: p(f|D1.,). Here Dy.,, = U;<,,D;, and D; = {(x4,i, Wy 4, mt+1,i)}tT:_()1 is the
data collected in episode 7. The policy 7r,, is then selected as

ﬂSREEDY = arg max Ef~p(f|D1:n) [J(Tﬁ f)] 5)
well

Curi et al. (2020) show that greedy planning may fail to perform well in practice, especially for
difficult exploration problems (e.g., in context of action penalties).



Thompson Sampling In Thompson sampling (TS), we also learn a Bayesian model p( f|D;.,,) and
pick policies by maximizing the reward under f sampled from the posterior

S = argmax J(m, ), f ~ p(f|Din). (6)

mell

While TS encourages exploration in a theoretically grounded manner (Russo et al., 2018), in practice,
it is often intractable to sample a function f from p(f|D1.,.).

Optimistic Exploration This strategy is based on the principle of optimism in the face of uncer-
tainty. Optimistic exploration approaches maintain a set of plausible dynamics models M, at each
episode n, e.g., the set of functions that have a high probability w.r.t. a learned Bayesian model
p(f|D1.n)- The policy is then selected according to

7% = argmax J(m, f) ™
well, feM,

There are several works that study optimistic exploration theoretically (Jaksch et al., 2010; Kakade
et al., 2020; Curi et al., 2020; Treven et al., 2024; Sukhija et al., 2024b). However, optimizing f
over M,,, typically a difficult non-convex constraint, is often computationally prohibitive, restricting
the application of these methods to fairly low-dimensional settings. The most efficient solvers of
the optimization problem (7), to the best of our knowledge, are based on a reparametrization trick
which introduces additional hallucinated controls (Curi et al., 2020). This increases the total control
dimension from d,, to d,, + d, which is prohibitive in high-dimensional domains.

4 SOMBRL: Scalable and Optimistic MBRL

We now present SOMBRL, our approach for efficient optimistic exploration in MBRL, which
alternates between two steps. First, given a dataset of transitions Dj.,,, we learn an uncertainty-aware
model of the unknown dynamics f*. That is, after each episode n, we learn a mean estimate g, of
f* and quantify our epistemic uncertainty o,, over the estimate. Models such as Gaussian processes
(GPs) (Rasmussen & Williams, 2005) can be directly used for this purpose. Bayesian deep learning ap-
proaches such as deep ensembles are also commonly used to quantify epistemic uncertainty or model
disagreement in RL (Chua et al., 2018; Pathak et al., 2019; Curi et al., 2020; Sekar et al., 2020; Sukhija
et al., 2024c). In the second step, we solve the following optimization problem for the policy 7,

T-1
= argmax E, Z @y, w)+ A |l on (g, we) |||, @y =pn (2}, ue) + wy, 8)
well =0

I ()

where A, is a positive constant which is used to trade off maximizing the extrinsic reward and model
uncertainty (see Appendix B for how )\, is defined in theory and Section 5.2 and Appendix D for how
it is selected empirically). Note that in Equation (8), we use the mean dynamics for planning and only
use the epistemic uncertainty as an additional intrinsic reward. Compared to the principled exploration
strategies from Section 3, our approach does not require sampling from or maximizing over the dynam-
ics. This makes SOMBRL much simpler and more scalable. Moreover, SOMBRL can be combined
with any model-based algorithm such as those of Janner et al. (2019); Hafner et al. (2023); Rothfuss
et al. (2024). The only additional modification we make to these methods is that we add the epistemic
uncertainty to the extrinsic reward. Also note that without the epistemic uncertainty reward, i.e., A, =
0, the agent follows the greedy strategy discussed in Section 3 and for A\ — oo the agent performs unsu-
pervised exploration (Pathak et al., 2017; Sekar et al., 2020; Buisson-Fenet et al., 2020; Sukhija et al.,
2024c). Therefore, we use the model uncertainty to facilitate principled exploration for the agent.

In the following, we show that by optimizing our objective in Equation (8), we are effectively
maximizing an optimistic estimate of J(7*), i.e., we are also performing optimistic exploration.
Accordingly, our approach enjoys the same guarantees as other optimistic MBRL algorithms but is
much simpler, computationally cheaper, and scalable to high-dimensional settings.

5 Theoretical Results

For our analysis, we make some common assumptions on the underlying dynamics f*.



5.1 Assumptions

We first make continuity assumptions on the system. These assumptions are common in the control
theory (Khalil, 2015) and reinforcement learning literature (Curi et al., 2020; Sussex et al., 2023;
Sukhija et al., 2024c).

Assumption 5.1 (Continuous closed-loop dynamics, bounded rewards, and Gaussian noise.). The
dynamics model f* and all = € II are continuous. Furthermore, we assume that the reward is
bounded, i.e., 7 : X x U — [0, Ryax], and process noise is i.i.d. Gaussian® with variance o2, i.e.,

wtii;dN(O, 0'2I).

SOMBRL learns an uncertainty-aware model of the true dynamics f*, i.e., a mean u,, and uncertainty
o, estimate. In our theoretical analysis, we focus on Gaussian Process (GP) dynamics models. For
GPs, u,, and o, have a closed-form solution, and our learned model is calibrated (c.f.,Rothfuss et al.
(2023) or Appendix B.1 for the definition of well-calibrated models or Kuleshov et al. (2018) on
calibration for BNNs). Generally, our guarantees can be extended to broader classes of well-calibrated
models, e.g., BNNs (similar to Curi et al. (2020)).

We assume that f* resides in a Reproducing Kernel Hilbert Space (RKHS) of vector-valued functions.

Assumption 5.2. We assume that the functions f7, j € {1,...,dg} lie in a RKHS with kernel k&
and have a bounded norm B, that is f* € ’HZ?B, with ’HZ?B ={fIlIfil, £B,j=1,...,dz}.
Moreover, we assume that k(z, z) < opayx forall x € X.

Assumption 5.2 ensures that we can model and learn f* with GPs. This assumption is common in the
Bayesian optimization (Srinivas et al., 2012; Chowdhury & Gopalan, 2017) and RL literature (Kakade

et al., 2020; Curi et al., 2020). Moreover, GPs are nonparametric models and can learn very complex
classes of nonlinear functions (Rasmussen & Williams, 2005).

The posterior mean pt,,(2) = [pn,;(2)]<a, and epistemic uncertainty o, (2) = [0, ;(2)] <4, can
then be obtained using the following formula

pn,j(2) = ko (2) (K + 0 1) 'y,

o2 (2)=k(z,2) — k) (2)(K, +°I) 'k, (2),

n,J

©))

Here, y{:n corresponds to the noisy measurements of f;, i.e., the observed next state from the
transitions dataset D1.,,, k,(2) = [k(2, 2i)]z,ep,..» and K,, = [k(zi, 21)]z;,z,eD,., is the data
kernel matrix. The restriction on the kernel k(z, 2) < 0y,.x implies boundedness of f* and has also
appeared in works studying the episodic setting for nonlinear dynamics (Mania et al., 2020; Kakade
et al., 2020; Curi et al., 2020; Wagenmaker et al., 2023; Sukhija et al., 2024c). We can also define
f*suchthat ¢ = 1 + f*(xr—1,ur—1) + Wwi_1 in which case the boundedness of f* captures
many real-world systems.

Our theoretical results depend on the maximum information gain of kernel k (Srinivas et al., 2012),
defined as

110g|I~&—0*2K'N| .

I'n(k) =
~ (k) ACXglljl;T(A\gN2

I" v is a measure of the complexity for learning f* from NV episodes and is sublinear for many kernels

(e.g., O(log? ™ F1(N)) for the squared exponential (RBF) kernel, O((d,, + d.,) log(N)) for the
linear kernel). In Appendix B, we report the dependence of Iy on N in Table 2.

Next, we present the following Lemma, which states that J,,(,,) from Equation (8) is an optimistic
estimate of J(7*).

Lemma 5.3. Let Assumption 5.1 and Assumption 5.2 hold. Then, there exists a A, € ©(+/T' n), such
that we have ¥n > 0, 7 € 11, with probability at least 1 — 6, that J(7) < J, (7). Moreover, we have
J(7*) < Jp (7).

Proof Sketch: Crucially, we leverage the policy difference lemma (Kakade & Langford, 2002),
which bounds the difference between the performance of two different policies with the advantage
function. However, we study this lemma for a fixed policy but different dynamics, effectively
obtaining a simulation lemma (Kearns & Singh, 2002) for our setting. Next, we bound the difference

2For clarity of exposition, we focus on the setting with Gaussian noise. In Appendix B, we also perform the
analysis for the more general sub-Gaussian noise case.



in performance between the mean dynamics and the true one and show that this is proportional to the
model epistemic uncertainty.

Lemma 5.3 shows that for all policies v € II, J,,(7) gives an upper bound on the true return J (7).
This result is of independent interest and can be applied to settings beyond online RL, such as safe
RL (Brunke et al., 2022; As et al., 2024) and offline RL (Levine et al., 2020; Yu et al., 2020; Rigter
et al., 2022). The exact bound for A, is provided in Lemma B.3 in Appendix B.

Finally, we present our main theorem, which bounds the regret of SOMBRL.

Theorem 5.4 (Finite horizon setting). Let Assumption 5.1 and Assumption 5.2 hold. Then we have
VYN > 0 with probability at least 1 — 6, Ry < O (F%Q\/N)

Proof Sketch: To bound the regret, we first prove that Equation (8) is an optimistic estimate of
Equation (1). Then, we use Lemma 5.3 to bound the difference in performance for extrinsic rewards
between the mean and true dynamics with the epistemic uncertainty of the collected rollout. Next,
we analyse the intrinsic reward term and also show that it’s bounded by the epistemic uncertainty
of the collected rollout. This allows us to relate the cumulative regret R with the information gain
I'y and obtain the final bound.

Theorem 5.4 guarantees sublinear regret for a rich class of RKHS functions. Accordingly, for many
RKHS, our algorithm enjoys the same asymptotic guarantees as Kakade et al. (2020). Note that
the regret bound from Kakade et al. (2020) is an order of /I better. On the other hand, SOMBRL
is a much simpler and more scalable algorithm. In Appendix B, we show that SOMBRL improves
the regret bound from Curi et al. (2020), for the sub-Gaussian noise case, by an exponential factor
of I'L;. Below, we also provide our regret bounds for the y-discounted and the non-episodic setting’.

Theorem 5.5 (y-discounted, infinite horizon setting). Let Ry = Zﬁ;l Jy(7*) — J, (7). Under
the Assumption 5.1 and Assumption 5.2, we have for the ~y-discounted infinite (Equation (2)) horizon

setting VN > 0 that with probability at least 1 — §, Ry < O <FL;\/[210g(N)\/N).

Proof Sketch: The regret decomposition for this setting is similar to the finite-horizon case
(Theorem 5.4). However, in contrast to the finite-horizon case, where each episode has a fixed
length T', we care about the infinite horizon in the ~y-discounted case. Therefore, to obtain sublinear
regret for this setting, we require the agent to observe the system for longer horizons, i.e., the
horizon T'(n) — oo for n — co. We ensure this by picking T'(n) € ©(log(n)) and show that this
is sufficient to obtain sublinear regret.

In Theorem 5.5, we show that even though we truncate each episode after T'(n) steps, SOMBRL
has sublinear regret w.r.t. the infinite horizon objective. Moreover, the regret for this setting follows
the same structure as for the finite horizon case. To the best of our knowledge, we are the first to
give a regret bound for optimistic model-based RL algorithms for the y-discounted setting.

Finally, we give our regret bound for the non-episodic setting. As pointed out in Kakade (2003);
Sharma et al. (2021), this is the most challenging and closest setting for learning directly in the
real-world. Sukhija et al. (2024b) show that optimistic exploration methods have sublinear regret for
the nonepisodic setting. However, their proposed algorithm is intractable in practice.

Theorem 5.6 (Informal statement; nonepisodic average reward case). Let Ry = 25:1 E[Jag(m*)—

r(@p, Tn(xy))]. Under the same assumptions as Sukhija et al. (2024b), we have for the average
reward setting (Equation (3)) VN > 0 that with probability at least 1 — §, Ry < O (F%z \/ﬁ)

Proof Sketch: The regret analysis for this setting is, in spirit, similar to the finite horizon case. However,
in the nonepisodic setting, we cannot reset the agent and have to learn from a single trajectory.
Therefore, unlike the episodic case, where we update our model and policy after every episode, in the

nonepisodic setting we have to decide when to update the agent. For SOMBRL we show that if we
only update once we have accumulated enough information, i.e., Zfig)_l low (@i m, Ton(Xen))| >
C, for a positive constant C, then SOMBRL has sublinear regret. Intuitively, the model uncertainty
measures how much information our agent has acquired since its last update at time step T'(n — 1).

We only update the agent once the information exceeds the threshold C.

3Both Kakade et al. (2020) and Curi et al. (2020) do not provide a regret bound for these settings.
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Figure 2: Left: Learning curves for the nonepisodic setting with GP dynamics. We report the average
reward J,,4(7 ) and regret Ry. The curves are reported with 5 seeds, and we plot the median
return with its standard deviation. Right: Learning curves for the episodic setting with GP dynamics.
We report the median episode reward J (7 5 ) over an episode with 5 seeds and its standard deviation.

In contrast to Sukhija et al. (2024b), SOMBRL is much more tractable, and in Theorem 5.6 we show
that SOMBRL also has sublinear regret in the nonepisodic setting and therefore offers a theoretically
strong and practical alternative for model-based exploration for this case.

In this section, we have shown SOMBRL, which maximizes a combination of the extrinsic
reward and the model epistemic uncertainty, enjoys sublinear regret for common kernels and RL
settings. There are principled exploration algorithms designed individually for these settings, e.g.,
(Kakade et al., 2020; Curi et al., 2020) for the finite-horizon case and Sukhija et al. (2024b) for
the non-episodic case. However, they are often intractable/computationally prohibitive. In contrast,
SOMBRL works across the different RL settings while also being more practical and scalable.

We present additional theoretical results, for example, a sample complexity bound for unsupervised
RL algorithms such as Sekar et al. (2020); Buisson-Fenet et al. (2020); Sukhija et al. (2024c) and a
regret bound for the sub-Gaussian noise setting in Appendix B. Our detailed proofs are also provided
in Appendix B.

5.2 Selecting )\, in practice

The parameter \,, controls the exploration-exploitation trade-off for SOMBRL. In Appendix B we
provide the theoretical bound for A,,, however in practice, \,, is treated as a hyperparameter. This
is similar to other optimistic exploration and intrinsic exploration algorithms (Burda et al., 2018;
Kakade et al., 2020; Curi et al., 2020), which also heuristically select the amount of exploration.
Sukhija et al. (2024a) empirically study combining extrinsic and intrinsic rewards for model-free
algorithms and propose an approach for automatically tuning the intrinsic reward coefficient, i.e.,
Apn. We find their approach works well for our state-based and visual control tasks. Moreover, we
describe their approach and how we choose \,, for our experiments in Appendix D.

5.3 Application of SOMBRL with GP dynamics

Finally, we empirically validate our theoretical findings for the GP case in Figure 2, where we compare
SOMBRL to HUCRL (Curi et al., 2020), PETS (Chua et al., 2018), and greedy (mean) planning
in the episodic setting. For the nonepisodic setting, we consider their nonepisodic counterparts as
proposed in Sukhija et al. (2024b). We evaluate the algorithms on the Pendulum and MountainCar
tasks from the OpenAl Gym benchmark (Brockman et al., 2016). From the experiments, we conclude
that SOMBRL performs the best across all baselines for both the episodic and the nonepisodic
setting. Moreover, while HUCRL and NEORL, which explore according to Equation (7), perform
better than other baselines, they are worse than SOMBRL. We believe this is because of the practical
challenges associated with solving the optimization problem in Equation (7). Moreover, solving
Equation (7) is also computationally more expensive. For instance, in our experiments, HUCRL
requires roughly 3 x more compute time than OMBRL (see Appendix D.5).



6 Experiments

In our experiments, we showcase the flexibility and scalability of SOMBRL by combining it with
three different model-based RL algorithms; (/) MBPO (Janner et al., 2019) for state-based tasks,
DREAMER (Hafner et al., 2023) for visual control tasks, and SIMFSVGD (Rothfuss et al., 2024) for
our hardware experiment on the RC car. Note that principled exploration methods such as Kakade
et al. (2020); Curi et al. (2020) do not scale to the settings, such as visual control tasks, considered
in this work. We consider the DeepMind control (DMC) benchmark (Tassa et al., 2018) for the
state-based and visual control tasks and test on environments with varying dimensionality*. We also
evaluate on several environments from the Atari benchmark (Bellemare et al., 2013) for the visual
control tasks. In all our experiments, we report the episodic returns using the median over 5 seeds
along with its standard deviation. We provide additional experiment details in Appendix D.

State-based experiments We refer to the MBPO version of SOMBRL as MBPO-OPTIMISTIC.
The resulting algorithm operates similarly to Janner et al. (2019) and trains a policy from real and
model-generated rollouts to maximize the extrinsic and intrinsic rewards. For the policy training,
we use the soft actor-critic (SAC) algorithm (Haarnoja et al., 2018), and for the intrinsic reward
coefficient, \,,, we use the auto-tuning approach from Sukhija et al. (2024a). We train an ensemble of
dynamics models and use their disagreement to quantify the epistemic uncertainty. As baselines, we
consider (i) MBPO-MEAN, which maximizes only the extrinsic reward, i.e., A\,, = 0, and (if) MBPO-
PETS, which is based on the PETS algorithm (Chua et al., 2018) maximizing the extrinsic rewards
in expectation over the ensemble dynamics (see Equation (5)). We report the results on the left side
of Figure 3. We conclude that across all tasks, MBPO-OPTIMISTIC performs the best. Particularly, in
sparse reward tasks such as the Mountaincar and CartPole, MBPO-OPTIMISTIC successfully solves
the task whereas the greedy baselines fail. MBPO-OPTIMISTIC also successfully scales to high
dimensional problems such as the Quadruped and Humanoid environments. We provide additional
experiments with MBPO-OPTIMISTIC in Appendix C, where we evaluate it on more environments
and compare it with pure off-policy algorithms SAC and MaxInfoRL (Sukhija et al., 2024a).

Visual control experiments We investigate the scalability of SOMBRL to challenging and
high-dimensional problems by evaluating it on visual control tasks. We combine SOMBRL with
DREAMER (Hafner et al., 2023), an MBRL algorithm for visual control problems, and call the
resulting algorithm DREAMER-OPTIMISTIC. We use the same approach as Sekar et al. (2020) for
quantifying the epistemic uncertainty and for selecting the intrinsic reward coefficient, A,,, we use the
auto-tuning approach from Sukhija et al. (2024a). We report the results on the right side of Figure 3.
Overall, DREAMER-OPTIMISTIC performs on-par with DREAMER on most tasks and outperforms
it on the Finger-spin task from DMC and the Venture task from the Atari benchmark. Particularly,
for Venture, a sparse reward task, Dreamer fails to achieve any reward. Curi et al. (2020) study
the sensitivity of greedy exploration algorithms w.r.t. the action penalties in the reward. Inspired
by their experiments, we modify the reward for the CartPole and Finger spin environments by adding
an action cost, 7ycion(@) = —K ||al|,, where K controls the penalty for large actions. Curi et al.
(2020) show that even for small action costs, greedy exploration methods fail, converging to the
sub-optimal solution of applying small actions. We observe a similar outcome in Figure 4 (left side),
where DREAMER fails to solve the tasks for both the Finger spin and CartPole environments. On the
other hand, DREAMER-OPTIMISTIC achieves much higher returns due to its optimistic exploration.

We provide additional experiments with DREAMER-OPTIMISTIC, including more environments and
proprioceptive tasks in Appendix C.

Hardware experiments Rothfuss et al. (2024) propose a novel approach for training deep
Bayesian models that incorporates low-fidelity physical priors. Their approach significantly improves
sample efficiency, which they illustrate in their hardware experiments on an RC car. Inspired by
their experimental setup, we conduct a similar experiment on a highly dynamic RC car. The task
is to perform a complex parking maneuver with drifting as depicted in Figure 1. We use the same
experimental setup as Rothfuss et al. (2024).

First, we evaluate our algorithm SIMFSVGD-OPTIMISTIC, a combination of SOMBRL and
SIMFSVGD, in simulation. The simulation is based on a realistic race car simulation from Kabzan
et al. (2020). For the simulation experiments, we ablate different choices for the reward parameters,
starting with the dense reward configuration from Rothfuss et al. (2024) and adapt parameters to
obtain sparser rewards (see Appendix D for more detail). We report the results in the top row
of Figure 4. For the dense reward setting, SIMFSVGD and SIMFSVGD-OPTIMISTIC perform
similarly, but for sparser rewards, SIMFSVGD-OPTIMISTIC outperforms SIMFSVGD. In particular,

4including the humanoid from DMC: d; = 67, d,, = 21
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Figure 3: Left: Learning curves for the state-based tasks from DMC using MBPO as the base
algorithm. Across all experiments, MBPO-OPTIMISTIC obtains the best performance compared
to its greedy variants. MBPO-OPTIMISTIC also scales to high-dimensional tasks, specifically the
humanoid environments from DMC. Right: Learning curves for the visual control tasks from DMC
and Atari using DREAMER as the base algorithm. DREAMER-OPTIMISTIC either performs on-par
or better than DREAMER in all our experiments. Particularly, in the Venture task from the Atari
benchmark, where DREAMER fails to obtain any rewards.
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Figure 4: Left: Learning curves with action costs, where we compare DREAMER with DREAMER-
OPTIMISTIC. DREAMER fails to explore sufficiently with action costs, whereas DREAMER-
OPTIMISTIC is able to explore and obtain much higher performance. Right: Learning curves
for our experiments with SIMFSVGD. Top row: We change the parameters of the reward function
from Rothfuss et al. (2024), and make it sparse, starting from their dense reward. We observe
that, as the reward gets sparser, SIMFSVGD drops in performance and SIMFSVGD-OPTIMISTIC
outperforms it. Bottom row: We run the sparse reward configuration on hardware (depicted on the
right side at the bottom), where we obtain similar results. As opposed to SIMFSVGD-OPTIMISTIC,
SIMFSVGD fails to solve the task.

for the setting with very sparse rewards, SIMFSVGD completely fails to solve the task. We conduct
our hardware experiments using the sparse reward configuration, and report the learning curve in the
bottom row of Figure 4. In line with the simulation experiments, we also observe similar behavior
on hardware. SIMFSVGD-OPTIMISTIC learns to solve the task, whereas SIMFSVGD completely
fails. In fact, out of 5 attempts, SIMFSVGD worked only once, and otherwise converged to a local

optimum of not moving from the starting position”.

7 Conclusion

In this work, we propose SOMBRL, which maximizes a weighted sum of the extrinsic reward and the
agent’s epistemic uncertainty. We show that SOMBRL effectively performs optimistic exploration
and provide regret bounds for it in a variety of settings, in particular for continuous state-action spaces

>Video is available at https://sukhijab.github.io/projects/sombrl/
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and many common classes of RL problems, namely, finite-horizon, infinite-horizon, episodic, and
non-episodic RL. To the best of our knowledge, we are the first to provide these theoretical guarantees,
yielding a more flexible, scalable, and principled algorithm for exploration. We illustrate the strengths
of SOMBRL in our experiments, where we combine SOMBRL with different model-based RL
algorithms, evaluate it on tasks of varying dimensionality, including visual control problems, and also
illustrate the benefits of optimistic exploration on hardware. In all cases, SOMBRL achieves the best
performance, being significantly more scalable and computationally cheaper than prior optimistic
exploration methods and stronger at exploration than SOTA deep RL baselines.

A limitation of SOMBRL is that it requires training a probabilistic model, e.g., deep ensembles, for
quantifying epistemic uncertainty. We report the computational cost of our method in Appendix D.5
and show that the computational overhead is small compared to the training cost for the actor and critic.
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A Related Work

Deep model-based RL.  Model-based RL algorithms offer a sample-efficient solution for learning
directly in the real world Hansen et al. (2022); Wu et al. (2023); Rothfuss et al. (2024). Most widely
applied algorithms (Chua et al., 2018; Janner et al., 2019; Hafner et al., 2023; Hansen et al., 2023)
commonly rely on naive exploration techniques such as Boltzmann exploration and differ primarily in
the type of dynamics modeling and policy planners. Cesa-Bianchi et al. (2017) show that Boltzmann
exploration is suboptimal even in the simplified setting of stochastic bandits. SOMBRL is agnostic to
the choice of modeling and planners, as we demonstrate in Section 5 and 6. Moreover, we focus on the
problem of exploration for MBRL and propose a principled exploration approach. We derive regret
bounds for our approach, showing that it is theoretically grounded. Furthermore, we illustrate the
benefits of principled exploration in our hardware experiment, where the naive exploration baseline
fails to obtain any meaningful exploration. To the best of our knowledge, we are the first to propose a
simple, flexible, scalable, and theoretically grounded approach for principled exploration and show
its benefits directly in the real world.

Theoretical results for Model-based RL.  There are numerous works that study MBRL for linear
dynamical systems theoretically (Abbasi-Yadkori & Szepesvari, 2011; Cohen et al., 2019; Simchowitz
& Foster, 2020; Dean et al., 2020; Faradonbeh et al., 2020; Abeille & Lazaric, 2020; Treven et al.,
2021), focusing primarily on the challenges of nonepisodic learning. In the nonlinear case, Kakade
et al. (2020); Curi et al. (2020); Mania et al. (2020); Wagenmaker et al. (2023); Treven et al. (2024)
analyze the finite-horizon episodic setting and provide regret bounds that are sublinear for many
RKHS. Recently, Sukhija et al. (2024b) extended these results to the nonepisodic setting. Crucially,
most of these algorithms are based on the principle of optimism in the face of uncertainty and require
solving the problem in Equation (7). As highlighted in Section 1 and 3, solving these problems is
often intractable or computationally expensive. Therefore, naive exploration techniques, such as
Boltzmann exploration are more widely used. SOMBRL addresses this drawback and proposes an
alternative optimistic exploration method, which is much simpler and more scalable. Furthermore, it
enjoys the same asymptotic guarantees as these methods and hence is also theoretically grounded.
Intrinsic exploration in RL Intrinsic rewards are often used as a surrogate objective for principled
exploration in challenging tasks (see Aubret et al., 2023, for a comprehensive survey). Common
choices of intrinsic rewards are model prediction error or “Curiosity” (Schmidhuber, 1991; Pathak
et al., 2017; Burda et al., 2018), novelty of transitions/state-visitation counts (Stadie et al., 2015;
Bellemare et al., 2016), diversity of skills/goals (Eysenbach et al., 2018; Sharma et al., 2019; Nair
et al., 2018; Pong et al., 2019), empowerment (Klyubin et al., 2005; Salge et al., 2014), and informa-
tion gain of the dynamics (Sekar et al., 2020; Mendonca et al., 2021; Sukhija et al., 2024c). However,
these rewards are mostly used for pure exploration and rarely considered in combination with the
extrinsic reward. We show that combining the model epistemic uncertainty, an intrinsic reward, with
the extrinsic one, effectively performs optimistic exploration, thus, providing a theoretical grounding
for our approach. There are a few works from bandits (Auer, 2002; Srinivas et al., 2012), data-driven
control (Astr(ﬁm & Wittenmark, 1971; Chiuso et al., 2023; Grimaldi et al., 2024), and RL (Abeille &
Lazaric, 2020; Sukhija et al., 2024a) that have also proposed maximizing extrinsic rewards jointly with
epistemic uncertainty. The data-driven control community refers to this as the separation principle
between model identification and control design (Astr(‘)’m & Wittenmark, 1971; Chiuso et al., 2023;
Grimaldi et al., 2024). In RL, Abeille & Lazaric (2020) show duality between Equation (7) and Equa-
tion (8) for linear systems. For nonlinear systems and deep RL, Sukhija et al. (2024a) empirically study
combining extrinsic and intrinsic rewards. However, compared to these works, we demonstrate SOM-
BRL'’s scalability to high-dimensional settings such as visual control tasks, and additionally, ground
this approach theoretically, providing regret bounds for nonlinear systems and common RL settings.
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B Proofs

B.1 Definition of Well-calibrated Model

We define a well-calibrated statistical model of f*, which captures both the mean prediction g, and
the uncertainty o, of our learned model. det
Definition B.1 (Well-calibrated statistical model of f*, Rothfuss et al. (2023)). Let Z = X x U. A
sequence of sets {M,,(d)},,>0, where
def .

Mu@)EA{Ff: Z 2 R™ [Vz € 2,¥j € {L,...,da} : ln(2) = fi(2)] < Bu(6)on(2)},
is an all-time well-calibrated statistical model of the function f*, if, with probability at least 1 — 9,
we have f* € ,~, Mn(6). Here, f;, jt,,,; and 0, ; denote the j-th element in the vector-valued
functions f, w, and o, respectively, and 3,,(d) € R is a scalar function that depends on the
confidence level 6 € (0, 1] and which is monotonically increasing in n.

In the following, we show that Gaussian processes are well-callibrated models if Assumption 5.2
holds.
Lemma B.2 (Well calibrated confidence intervals for RKHS, Rothfuss et al. (2023)). Let f* € HZmB.

Suppose p,, and o, are the posterior mean and variance of a GP with kernel k, Equation (9). There
exists 3, (), for which the tuple (y,, o, Br(0)) is a well-calibrated statistical model of f*.

In summary, in the RKHS setting, a GP is a well-calibrated model.

B.2 Analysis for the finite horizon case
Lemma B.3. Let Assumption 5.1 and Assumption 5.2 hold. Consider the following definitions

T-1

> (@, ()
t=0

J(mw, f*) =Eg- , S, Tppr = [ (e, m(xy)) +wy, a9 = x(0).

J(ﬂ-’ Mn) = Eltn, l r(m;,ﬂ'(az;))] , 8.1, .’1}7/5_,'_1 = tu’n(x;?ﬂ'(w;)) + wy, .’136 = 313(0)

t=0

1
Sp(m, ) = E g~

~+

(e}

||0'n(:ct,7r(mt))||] , S, Xy = [ (xg, w(xy)) +wy, @ = x(0).

T-1
) an<x;,w<w;>>n] st @y = (] w() s @ = 2(0).
t=0

(1 + Vdz)B-1(9)

Zn(ﬂ-v I'I’n) = E/an

An = CmaxT

where Cpax = max{Rmax, Omax |- Then we have for all n > 0, w € II with probability at least
1-6

<

|J (0, f7) = J (0, )| < AnXn (70, pr,)
|J(7T’ f*) - J(ﬂ-vun)l < Anzn(”?f*)

Proof. We give the proof for |J (7, f*) — J (7, ptn)| < A (L, por )20 (70, por,). The same argument
holds for the second inequality. Let J;1 (7, f*, ) denote the cost-to-go from state x, step ¢ + 1
onwards under the dynamics f*. Following the Policy difference Lemma from (Kakade & Langford,
2002) and Sukhija et al. (2024c, Corollary 2.)

T—1
‘](777H’TL) - J(Tl'7 f*) = Eﬂn, lz Jt-‘rl(Tr? .f*v .’17;_’_1) - Jt-‘rl(ﬂ.a f*a jt+1)‘| 5
t=0

with &, 11 = f* (), w(x})) + wy, and @) | = p(x), 7(x})) + wy.

Therefore,

T—1
‘J(W7/1'n) - J(ﬂ-’ f*)| = |E lz Jt+1(ﬂ-7.f*vm;+1) - Jt+1(ﬂ'v f*vit+1)] |

t=0
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T-1

< Z E H]Ewt [Jt-i-l(ﬂ-? .f*a mi—i—l) - Jt-‘rl(ﬂ-a f*a ﬁjt-‘rl)] H

t=0

Next, we bound the last term using the derivation from Kakade et al. (2020). Let C(x) =
‘]t2+1(ﬂ-7 f*7 .’I})

|Ewt [Jt+l(7r7 f*vm:‘/—O—l) = Jega(m, £, i’t+1)} |
< \/max {Ewt C 332_,_1)] Eew [C(fit-%l)]}
x mm{ I (el m(at)) -

(1 + \/@)ﬂnfl (5)

!
pn (@, (2 t))l,l} (Kakade et al., 2020, Lemma C.2.)

< RmaxT ||0‘n_1($2,ﬂ'(332))”

Therefore, we have

| (m,
T

ll'n) - J(ﬂ',f*)|

< E H]E’wt [Jt-‘rl(ﬂ'af*ax:f-i-l) - Jt-‘rl(ﬂ-a .f*7:f:t+1)]|]
=0

~

-1

An D Elllon—1(xh, m(xi))]l] -

t

INA
Il
)

O

Note that Lemma 5.3 follows directly from Lemma B.3.
Lemma B.4. Let Assumption 5.1 and Assumption 5.2 hold and consider the simple regret at episode
n, ry, = J(w*, f*) — J(7n, f*). The following holds for all n > 0 with probability at least 1 — 0

rn < (2A, + )\gl)zn(ﬂ-na )

Proof.
= J(w", f7) - (Wmf*)
< J(7", ) + A Zn (707, o) — J (700, £F) (Lemma B.3)
< J(Tn, ) +A Y (s ) — J (700, £¥) (Equation (8))
J(Trnal-l‘n) - (Trna.f*) +An2n(ﬂ'n7//"n)
< )\ (7Tn7 f ) + )\ E (7‘-77,7/471) (Lemma B3)

=2\, 25 (7Tn,f ) ( (7Tn7llfn)_2n(7rnu.f*))
< (A2 42X0,) 8 (0, ).

Here in the last inequality, we used the fact that ||o (-, -)|| is bounded and positive, therefore, we can
treat it similar to the reward (it is in fact an intrinsic reward) and use Lemma B.3. ]

Proof of Theorem 5.4.

Ry

I
WE
s

3
Il
—

(A2 20,2, (7, FF)

Mz

3
Il
—

2+ )

n Trna f

Mz

n=1
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N
= (A +2\v) ) Ey
n=1

N
<N +2W)VNT Y Eye
n=1

< C(N% +208)TV/ Ny

T—1
> ||an<am<mt>>|]
t=0

T—1
5 ||a,%<xt,w<wt>>||]
t=0

(Curi et al. (2020, Lemma 17))

Finally, note that from Lemma B.3 we have Ay « T3, and 3,, « +/I';, (Chowdhury & Gopalan,

2017). Therefore, Ry < O(T3Tv/N)

O

Table 2: Maximum information gain bounds for common choice of kernels.

Kernel  k(z,z) I'y
Linear 'z’ O (dlog(N))
oo’
RBF PR (9(1ogd+1(N)>
Matm b (\@n?zn) B(xﬁlll) O (N7 log77 (N))

In Table 2 we list rates of I' v for the most common choice of kernels.

B.3 Analysis for the discounted infinite horizon case

For the infinite horizon case, we first study the posterior variance o, in the feature space. Moreover,

letz = (z,u)and Z = X x U.

For the ease of notation we denote zy , = (2}, 7, (x})). For z we define the kernel embedding
k2 = k(z,-). The covariance matrix V; : H — H in the feature form is:

t
1
‘/}:I—&-?Zkzik;. (10)
i=1
Note that we have @41 = (kz,, f*),, + w;. With the design matrix M, : H — R’
M, = (kzl kzz (11
we have V, = I + %M,th—r and since K; = MtTMt we have
1
det(V;) = det (I + 2K,g> (12)
o
Corollary B.5 (Lower bound on the posterior log determinant).
log (|Vo]) > log [V a]) +1log [ 14072 [l 1 (zk0)l” (13)
In particular, we have
V| N T,
o (1527 2 D108 | 14072 o s a9
n=1 k=1

Proof.

T,
log (|V,]) = log (|Vp—1]) +1og | [T + 072Vn_71{2 Zk:

> log (V-1

)
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+log | 1+tr *QV‘%ZkZ“ kl VI (see (*) below)

T,
— log (|VIL—1D —+ 10g 1 + 0'72 Z szk,n 3/;;711

T,
=log ([Vaia]) +log [ 14+ 072D lon—1(zm)ll”

We prove (*) in the following, first let m), = o~ * Vn_jlh k., .. then we have

’fn ,fn
log [ [T+ 072V, 1*> ko kL, V|| =log | [T+ mum]
k=1 k=1

The matrix M = Zfil mym;
[Ii>1(1 + a;), where a; > 0 are the eigenvalues of M. Furthermore, since a; > 0 and [[;-, (1 +

) = 1+3 0+ + [y weget [[,o,(1+a;) > 1+ 37,5, a5 Finally, since
Yo i = tr (M), weget\I+M\>1+tr(M) O
Corollary B.6 (Upper bound on the posterior log determinant).

Ty do

log ([Va) <log (IVaa) + D> log (1407 %00, j(2k.n))
k=1 j=1

Proof.
log (|V,]) = log (|V,—1) + log (| + M])
<log (|Vn-1]) + log (|diag (I + M))) (Hadamard’s inequality for PSD matrices)
T do
=log (|Vp-1]) + Z Z log (1+ 0'_20'727471’j(,2k’n))
k=1j=1
O

Corollary B.5 will be useful for the discounted horizon case, whereas Corollary B.6 will be applied
for the nonepisodic setting.

Next, we show that SOMBRL also performs optimism in the discounted horizon case.
Lemma B.7. Let Assumption 5.1, and Assumption 5.2 hold. Consider the following definitions

=E lz Vi (m, w(x))
t=0

oo

Jy(m, pn) =E lz yir(x), () )] st Ty = po oy, w(x))) +wy,  xy = x(0),

s.t, Typ1 = fr(x, w(xy)) +we, o = 2(0),

S1(m, ) = E | >4 o (@, m»n] st @ = (@0, m(@) +wy, @0 = 2(0),
t=0
() —E[Z’Yt o (y, (wt))l st Thyy = pn(@h, m(2y)) +we, xp = 2(0),
t=0
y 1 (1 VB ()
1—7v o
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where Cryax = max{Rmax, Omax }- Then we have for all n > 0, 7 € 11 with probability at least
1-96

|J“/(7T7 f*) - Jv(ﬂ-7 p‘n)| < )‘nE;YL(ﬂ-v p‘n)

|y (70, f7) = Ty (0, )| < A B3 (7, fF)

Proof. We give the proof for | J., (7, f*)—J, (7, tn)| < An(Lr, pn )2 (7, ). The same argument
holds for the second inequality. We can extend the result from Sukhija et al. (2024a, Corollary 2.,) to
the discounted case and get

Jy(“ﬁ#n) (71' f an Z’}/t-‘rl ﬂ- f wt+1) J"/(ﬂ-ﬂ f*7£t+1)) 9

with &1 = f* (s}, w(x})) + wy, and Ty = pn(sy, (X)) + we.
Let BH%C’(@') = J2(m, f*,x). Note that C(x) < \,, for all ¢ € X. Therefore, we have
[Ty (775 ) — o (75, 7))

Z’YHl (m, f* mt+1) gy (, f*vf%t+1))H

<Z,yt+1E [|Ew, [Jy(m, f5, @0 0) — Jo (0, f5, @041)] ]

Wmax{Ewt (@ 1)) B [Cla)]}
i { U000~ it )

g

| , 1 H (Kakade et al., 2020, Lemma C.2.)
Z E [ lon-1(x}, m(x}))]] ((Sukhija et al., 2024c, Corollary 3))
=0

O

Proof of Theorem 5.5. We start with bounding

ZZ w1 oo (@, m(@)IF] (15)
n=1t=0

To achieve this, we use a sampling strategy where we increase the horizon of rollouts with each
episode n. In the discounted setting, this allows us to collect data at the tails of our rollouts, i.e.,
make observations with longer rollouts and thus approximate the true discounted value function

asymptotically. Moreover, we set T'(n) = }gi(") (note that v < 1 and therefore T'(n) is positive).
N oo
2
S Bunas 1 lowa (@) (@)
n=1t=0

S

T(n)—1

Eus |1 o (@), m(@) ] Y Bu 7 o (@), w(@)) ]

I
] =
ing

n=1 =1 t=T(n)
N T(n)-1
< Z Ewiin {’yt ||0'n,1(wt, :I:t || } Z T(n) max
n=1 t=0
N T(n)-1 N 2
2 - X
= Z IE'wl:t—l |:’7t ||a'n—1(x;, 77(513;))” :| —+ Z n 1%
n=1 t=0 el y
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N T(n)-1 ) Co?
=3 B [ llonalat w(@)IP] + S22 1og(N)
=1 t=0 1—v

Next, we bound the term
T(n)—1

_ 2
> Ao P lon (@, w (@)
t=0
Note that 0, 2 Ao ) et = % e b < o smsog(]
ote at, s,, € 77 eSmax—#,We aVeSn_mOg( -+
Sp) (Srinivas et al., 2012). Define C, = bg(l"’iﬁ We have,

T(n)—1
sn < Cylog [ 14072 > Ao i(x), m(x})]

T(n)—1
<Clog (14072 Y llow () w(@))]’
t=0
Finally, we have
N N T(n)-1 )
Z sn < Cy Zlog 1402 Z o1 (e, m ()|
n=1 n=1 t=0
< C’A,]."ZN:1 T(n) (Corollary B.5)
< Oy N iog(v)
N
RN = Z Tn
n=1
N
Z()\2 + 2\, ) (ﬁnaf )
n=1
N
< (X +2Mn) )T (. £9)
n=1

( +2/\N)\/> Z n ﬂna.f*))

(ﬁ_ojw o e, >>||D2
(i}) (iv o (e, m wt»uD

ok U%(wt,ﬂ(wt))lll

2

< (2\x +A3)VN x

N
< (2)\N+)\?\[)\/NX Z

N

N
= (2\x + 2\3) T * Y E

C NFNlo (N) Co?2 NlOg(N)
< (2\ A2 2 g max
< (2An + N)\/ 1—~ (1—7)2
Since An o A~ /1 — 4, we get
RN < o (Fj\//zlog(N) N)

21



B.4 Analysis for the nonepisodic RL case

In this section, we prove Theorem 5.6. First, we restate the bounded energy assumption from Sukhija
et al. (2024b).

Definition B.8 (K ..-functions). The function £ : R~y — R is of class K, if it is continuous,
strictly increasing, £(0) = 0 and &£(s) — oo for s — oc. -

Assumption B.9 (Policies with bounded energy). We assume there exists x,& € K, positive
constants K, C,,, C; with C,, > C, and v € (0, 1) such that for each 7w € II we have,

Bounded energy: There exists a Lyapunov function V™ : X — [0, co) for which V, x’ € X,

V™ (x) — V™ (z')| < k(]|]z — ') (uniform continuity)
Cié(llz|l) < V™ (x) < Cué(llz]) (positive definiteness)
Eg o[V (@4)] <AV (2) + K (drift condition)

where . = f*(x, 7 (x)) + w.

Bounded norm of reward:
r(@, m(x))
; <
sen 1+ V(@) =%

Boundedness of the noise with respect to k:

Eu [1(][w]])] < 00, Eu [£*([w])] < o0

Sukhija et al. (2024b) argue that this assumption is often satisfied in practice. We refer the reader to
Sukhija et al. (2024b) for further details. Next, we make an assumption on the underlying system f*.
Assumption B.10 (Continous closed-loop dynamics, and Gaussian noise.). The dynamics model

f* and all w € II are continuous, and process noise is i.i.d. Gaussian with variance o2, ie.,
wtl'fl\?dN(O, O'QI).
An important quantity in the average reward setting is the bias
T—1
B = lim E — . 1
(7, 20) Jim Er ; (@, up) — Javg () (16)

The Bellman equation for the average reward setting is given by

B(m,x) + Jug(m) = r(x, m(x)) + Eo, [B(m, 24 ) |2, 7] 17

Sukhija et al. (2024b) show that under Assumption B.9 and Assumption B.10 the average reward
solution and the bias (c.f., Equation (3)) are bounded. Moreover, they show that with Assumption 5.2
the average reward and bias are bounded for all dynamics f € M,, N M.

Lemma B.11. Let Assumption 5.2, Assumption B.9, and Assumption 5.2 hold. Consider the following
definitions

T—1
.1 .
Juvg(ﬂ-a f*) = Th—I};o TIE Z T‘(IBt,Tl'(wt))‘| S.t., Ty = f (wt,ﬂ'(il,‘t)) +ws, T = 33(0),
t=0
T-1

T(wé,ﬂ(wi))] sit, Ty = flag, w(@) +we, ap = 2(0),

t=0
1 T—1
Bl 1) = Jim 7 [ ||an(wt,w<wt>>||] st @egr = (@ m(@) +wr, ap = 2(0),
t=0
1 T—1
Sa(m, f) = Jim —E |3 ||an<w;,w<w;>>||] st @y = Fa)m(@) +w, x)=x(0),
t=

0
An = D4(.’B0,’Y, K)Bn—l 5)a
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and Dy(xo,v, K) is defined as in Sukhija et al. (2024b, Theorem 3.1), is independent of n and
increases with || x| , K and vy~ (see Sukhija et al. (2024b) for the exact dependence). Then we have
foralln >0, ™ € 1l, f € M,, N My with probability at least 1 — §

| Javg (70, F*) = Javg (70, F)| < AnZn (7, f)
|Javg(77 ) - qu(ﬂ' P < A2 (m, £7)

Proof.
1 T-1
|Javg(7r ) - dvg(ﬂ- )l = Th—rgo TE,f ZT(CBt,ﬂ'(iL'é)) Javg(ﬂ' f*)‘H
t=0
T—1
Th_{réo *Ef Z B(xy, m(x})) B(Z4 1, (%4—1))”
t=
< AnXn(m, f) 1

In the second last equality, we used the Bellman equation for the average reward setting (Equa-
tion (17)), where ﬁ:; 1 18 the next state under the true dynamics f*.

For the last inequality, Sukhija et al. (2024b) bound the bias term with )\, in Section A.3, on pages
23 — 24.

We can use the same derivation to show that | Juye (7, ) — Jave (7, F)| < A Ey (7, f5). O

SOMBRL in the non-episodic setting operates similarly to NEORL (Sukhija et al., 2024b). In
particular, we update our model and policy every T, step, where T, is defined as:

—~ Cu
T, = max (Tn, [log (®/cr]} /Clﬂ) , (18)
log (1/%)
T, = argmaxT + 1 (19)
T>1
T d
s.t. Z Z log (1 + 0720121_17]- (zkn)) <log(2). (20)
k=1j=1

Effectively, we update our model and policy only once we have accumulated more than one bit of
information, i.e., 3, 2?21 log (1407202, ;(2kn)) > log(2). With the updated model and
model set M,,, we select any dynamics in f,, € M,, N M, and pick the policy with

Tp, = argimax Javg(ﬂ'a fn) + /\nzn(ﬂa fn) 21
mell

Note that (Sukhija et al., 2024b) require maximizing over the dynamics in M,, N M, whereas we do
not. Moreover, while this optimization is generally intractable, for SOMBRL, we can obtain f using
the quadratic program described in Equation (22). However, in practice, we just pick the mean model
Wy, € M,,. This practical modification is also made in Sukhija et al. (2024b) where they optimize
over dynamics in M, instead of M,, N M.

Theorem B.12 (Formal Theorem statement for informal Theorem 5.6). Define Ry =

N E[Jave(7*) — 7(@n, 7n(x,,)). Let Assumption 5.2, Assumption B.9, and Assumption B.10

n=1

hold. Then we have for all N > 0 with probability at least 1 — §
Ry <0 (TVN)

Proof. Let Ey denote the number of episodes after IV interactions in the environment.

Enx Tp—1
Ry=E > > Jugln®) —r wk,wnm))]
n=1 k=0
En T,—1
<E Javg (T, fr) + An (77, fr) — 7‘(%’5)1 (Lemma B.11)
n=1 k=0
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En T,—1
<E Z Javg(ﬂ'na .fn) + )\nzn(ﬂ'vu .fn) - T(Z;?)] (Equation (21))
n=1 k=0
En T,—
<E Z Javg(ﬂ'na .fn) - T(Z;?)]
n=1 k=0
B T
+AVE Z Z n (70, 1
o En Tp—1
<0 (FN\/N) Y E Ay S (0, f)} (Theorem 3.1 Sukhija et al. (2024b))
n=1 k=0

Next, we focus on E [)\N Zn 1 Zgl n(ﬁnaf):|

En Tp—1
E lz Z Zn(”naf)]

n=1 k=0
En Tp—1

=FE Z ||0'n(€13t77f($t))||]

=1

S
o

[y

k
Thn—

(]2

+E

En(mn, ) = llon(z, 71'(:130)”]

1

=

=0

<CyI'yN+E

n

n

En T,
Z Z (o, ) — ||0'n(wt’7"(53t))|]

(Lemma A.1 Sukhija et al. (2024b))

</NTy+0 (r N \/N) (Sukhija et al. (2024b, Theorem 3.1) with reward &)
Therefore
En T,—1
E [AT Y Su(ma. £ <0 (ANFN\/N)
n=1 k=0
<o (T¥VN)

In conclusion,

Ry <0 (I{'VN)

B.5 Analysis for pure intrinsic exploration

In the following, we derive a sample complexity bound for a pure intrinsic exploration algorithm.
Thereby showing convergence for methods such Buisson-Fenet et al. (2020).

Theorem B.13. Let Assumption 5.1 and Assumption 5.2 hold. Consider SOMBRL with extrinsic
rewardr = 0, i.e.,

T, = arg max Ex

Z HUH wtvut ||‘| ) w1/5+1 = N’n(:r’;’ut) + we.

Then we have VN > 0, with probability at least 1 — §

T-1 T4,
> Ian(wt»ﬁ(wt))H] O ( N ) :

t=0

max E g
well
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Proof. Let £ = max, Xy (7, f*) and 7}, the corresponding policy.

N
1
¥y < N Z DI (monotoncity of the variance)
n=1
| N
< N ;(1 + )30 (7, ) (Lemma B.3)
| X
=¥ Z(l + An) Zn (70, pn) (v, is the maximizer for mean dynamics ft,,)
n=1
l al 2 *
< N Z(l + M) X (0, FF) (Lemma B.3)
n=1

O

Effectively, Theorem B.13 shows that pure intrinsic exploration reduces our model epistemic uncer-

3
tainty with a rate of 4/ FTN To the best of our knowledge, we are the first to show this. Moreover,

Sukhija et al. (2024c) derive a similar bound but their algorithm performs optimistic exploration from
Equation (7) in addition to maximizing the intrinsic rewards. Our result shows that the optimistic
exploration is not necessary for this setting.

B.6 Analysis for the finite horizon setting with sub-Gaussia noise

In the following, we analyse the regret for the setting where the process noise w is o-sub Gaussian.
Assumption B.14. The dynamics model f*, reward 7, and all w € Il are Ly, L, and L, Lipschitz,
respectively. Furthermore, we assume that process noise is i.i.d. o-sub Gaussian.

We make the same assumptions as other works (Curi et al., 2020; Sussex et al., 2023) that study this
setting. Moreover, Lipschitz continuity is a common assumption for nonlinear dynamics (Khalil,
2015) and is satisfied for many real-world systems.

Curi et al. (2020) provide a regret bound that depends exponentially on the horizon 7', i.e., Ry €
@ I'T,N ). They obtain an exponential dependence because when planning optimistically, i.e.,

solving Equation (7), they consider all plausible dynamics, including those that are not Lipschitz
continuous for all n. Solving Equation (7) for only continuous dynamics is intractable. However, for
SOMBRL, as we do not maximize over the set of dynamics we can overcome this limitation.

Moreover, since f* has bounded RKHS norm, i.e., || f*||, < B ( Assumption 5.2). From Srinivas
et al. (2012); Chowdhury & Gopalan (2017) follows that with probability 1 — § we have for every n:

1F = pnlly, < B

For SOMBRL, instead of planning with the mean, which in general might not be Lipschitz continuous
for all n, we select a function f;, that not only approximates the f* function well, i.e., || f* — fu|,, <

B, but also its RKHS norm does not grow with n. To do that we propose to solve the following
quadratic optimization problem:

.fn = arg min ||f - /J'n”kn (22)
fespan(k(xy,-),....k(€n,))
st fll, <B
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Optimizing for dynamics with bounded RKHS norm

—_— fr n ® Observations
B=1.0 B=20 B=50
® ® ()
. o © ] o © ] e ©
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Figure 5: Solution to Equation (22) for different values for B. Effectively, for larger values for B,
., and f, coincide.

Theorem B.15. The optimization problem Equation (22) is feasible and we have || fr, — pnly, < Bn-

Proof. Consider the noise-free case, i.e., w = 0, and let f1,, posterior mean for this setting. For the
function fz,, holds that [| f* — .||, < B, (Corollary 3.11 of Kanagawa et al. (2018)) and [| f,,] .

<
B (Theorem 3.5 of Kanagawa et al. (2018)). Since ||, — panll, < 0 — F* |y, +IF* = ponlly, <
203, By representer theorem, it also holds that f&,, € span(k(z1,-),...,k(zn,"))- O

Let o, = (K + 02I)~'y € R and reparametrize f(z) = >.I" | a;k(z;, ). We have || f|;
a' Ka. We also have:

1
I~ ol = (o 0) K (T4 5K ) o= au)
Hence the optimization problem Equation (22) is equivalent to:
1
c?el%?'(a a,) K (I—|— = K) (a—ap)
st.a Ka < B?

This is a quadratic program that can be solved using any QP solver. The program finds the closest
function to the posterior mean g, that is Lipschitz continuous (see Figure 5). In particular, note that
since || f, ||, < B, f» has a Lipschitz constant L g which is independent of n (Berkenkamp, 2019).
From hereon, let L, = max{L¢, Lg}.

For the sub-Gaussian case, SOMBRL follows the same strategy as Equation (8) but instead of using
the mean dynamics t,,, we plan with the dynamics f,, that are obtained from solving Equation (22).

T-1
— / !
T =arg max Ex ;T(wt,ut)—i-)\nﬂan(a:t,ut)” (23)

mf‘,—}-l:fn(x;? ut) + Wy,

Lemma B.16. Let Assumption B.14 and Assumption 5.2 hold. Consider the following definitions

T—1
J(m, f*)=FE Z r(:ct,ﬂ'(wt))] s.t, Tip1 = (@, w(xy)) + wy, T = x(0),
o
J(m, ) =E Y T(wivﬂ(ml))] sit, Ty g = fo(xy, m(xy) +wi, x5 = 2(0),
t_To_1
En(ﬂ', _f*) =F Z ||O'n(.’Bt, W(mt))||] s.L., $t+1 = _f*(.’Bt, Tl'(mt)) =+ Wy, rog = .’13(0),
-
En(ﬂ'a .fn) =F ||0',L(m,/5,71'(£(3;))||‘| s.L., m:ﬁ-&-l = f'rb(m;aﬂ(x:f)) + wy, :BIO = -’B(O),
t=0
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A= (1+dy)L(1+ L) LT1TB,.
Then we have for all n > 0, 7 € 11 with probability at least 1 —

| (70, £7) = J (7, fu)l < AnZn (7, fn)
|J(7T7.f*) - J(ﬂ-’ fn)' < )‘nzn(ﬂ’ f*)
Proof.
T-1
(e, ) = T, )| = B | Y r(as, w(w)) —r(wt,ﬂ(wt))] < Lr(1+4 Lx) lz [l — wtll

Next we analyze |x; — a;|| for any ¢. Without loss of generality, assume L, > 1 and define
L.=L.(1+Ly).

‘We show that
th+1 wt+1|| < 1 + \/> (Z Lt k ||O'n wk? (wk)>”>

Considert =1
1 — @[l = [ £ (20, m(20)) — Fulzo, 7(20)) |
< (1+ Vdy) By ||on (xh, w(xh)) |

Consider any ¢t > 1,

[zer1 = @ || = [ (e, (@) — Fular, w(@)]
< N (at, w (i) — fo (@, w(@) | + 1F7 (e, w (@) — 7 (2, 7 (7))
< (14 Vdy)Ba o (@), w(@)|l + Ly e — |

t—1
< (14 Vd)Ba (o, m(@))I]) + (1 + Vs )Ba <L* (Z Lt IIUn(wZ»Tr(wk))H))

k=0
=1+ \/le)ﬂn (Z Lt ||an(:n§€,7r(w§€))||>

k=0

In particular, since L, > 1, we have Hmt+1 — w;_HH < (1+Vd,)BnLt (22;10 llon (), w(az%))”)

In summary, we have

[ J(m, f*) = J (7, pn)| = E lz_: r(@y, w(w)) — T(wi,ﬂ(wi))]

t=0

Z et —wtn]
< L(L+ La)(1 + Vd,) x E [Z 8L (Z |an<w;,w<xz>>n>]
t=0 k=0

< (L+de) Ly (L + L) LY T, 50, o)
= )\nzn(ﬂa /Ln)

+(1+Lr)

O

The main difference between our analysis and the analysis from Curi et al. (2020) is that for us
An X By, if we plan with f,,.
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Lemma B.17. Let Assumption B.14 and Assumption 5.2 hold and consider the simple regret at
episode n, r, = J(w*, f*) — J(7mwn, f*). The following holds for all n > 0 with probability at least
1)

n < (2>\n + /\i)zn(ﬂ'na f*)

Proof.
Ty = J(m", f) - (ﬂnaf*)
S J(T*, o) + M Zn (7", fr) = J (70, f5) (Lemma B.16)
< '](ﬂ-nv .fn) Anzn(ﬂ-n: .fn) - J(ﬂ'n, f*) (Equation (23))
= J(ﬂ'm fn) - J(ﬂ'na f*) + /\nzn(ﬂ'nv fn)

< (Ai +2)\n)2n(7rn,f*).
O

Theorem B.18 (Finite horizon setting sub-Gaussian case). Let Assumption B.14 and Assumption 5.2
hold. Then we have VN > 0 with probability at least 1 — §

Ry <0 (TVN).

Proof. The proof is the same as for Theorem 5.4, since in Lemma B.17 we show that also for the
sub-Gaussian case, SOMBRL has the same regret dependence w.r.t. A,, and 3, (7, f*). O
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C Additional Experiments

In this section, we provide additional experiments.
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Figure 6: Comparison between MBPO-OPTIMSTIC and MAXINFOSAC and SAC. We observe that
MBPO-OPTIMSTIC, being an MBRL algorithm, performs the best in terms of sample efficiency.
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Figure 7: Learning curves for the visual control tasks from DMC and Atari using DREAMER as the
base algorithm. DREAMER-OPTIMISTIC either performs on-par or better than DREAMER in all our
experiments. Particularly, in the Venture task from the Atari benchmark, where DREAMER fails to
obtain any rewards.

Experiments with MBPO In Figure 6 we compare MBPO-OPTIMISTIC with off-policy RL
algorithms MAXINFOSAC (Sukhija et al., 2024a) and SAC (Haarnoja et al., 2018). From the figure,
we conclude that MBPO-OPTIMISTIC performs the best in terms of sample-efficiency, particularly
for the challenging/high-dimensional humanoid tasks. Moreover, between SAC and MAXINFOSAC,
the latter achieves much better performance. We believe this is due to its intrinsic exploration reward.

Experiments with DREAMER In Figure 7 we compare DREAMER-OPTIMISTIC with DREAMER
on additional environments. Overall, we observe that DREAMER-OPTIMISTIC performs either on
par or better than DREAMER. However, for certain environments such as Reacher Hard or Finger
Turn Hard, DREAMER is more sample-efficient. We believe this is because in these settings smaller
values for \,, would suffice for exploration. However, we use a constant value for \,, across all
environments and automatically update it using the approach proposed in Sukhija et al. (2024a).
Investigating alternative strategies for \,,, would generally benefit SOMBRL methods. We think this
is a promising direction for future work.

In Figure 8 and Figure 9 we compare DREAMER-OPTIMISTIC with DREAMER on proprioceptive
tasks. In most environments, DREAMER-OPTIMISTIC performs on par. It performs better in the
Finger Spin environment. However, when action costs are introduced (Figure 9), in line with our
results in Section 6, DREAMER fails to obtain any meaningful rewards.
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Proprioceptive control learning
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Figure 8: Experiments with DREAMER-OPTIMISTIC and DREAMER for proprioceptive tasks.
DREAMER-OPTIMISTIC performs on par with DREAMER, obtaining slightly better performance on
the Finger Spin task.
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Figure 9: Experiments with DREAMER-OPTIMISTIC and DREAMER for proprioceptive tasks with
action costs. DREAMER completely fails to solve the task, whereas DREAMER-OPTIMISTIC does
not.
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D Experiment Details
In this section, we provide additional details for our experiments.

D.1 MBPO-OPTIMISTIC

For MBPO-OPTIMISTIC, we train an ensemble of forward dynamics models®. We use the disagree-
ment between the ensembles to quantify model epistemic uncertainty, similar to Pathak et al. (2019);
Curi et al. (2020); Sukhija et al. (2024c¢). For selecting \,,, we use the auto-tuning approach from
Sukhija et al. (2024a), where the intrinsic reward weight is optimized by minimizing the following
loss with stochastic gradient descent

L= E g\ (on(@,u) — on(@,u)). 24)

D1, UNT U Ty,

Here 7, is a target policy, which is updated using polyak updates of 7r,,. This objective increases A
when the policy is under exploring compared to the target policy. Sukhija et al. (2024a) show that
this strategy works across several model-free off-policy RL algorithms.

Besides using the model to quantify disagreement, we generate additional data by adding the
transitions predicted by our learned model. In particular, for every policy update, we sample a batch
of transitions from the data buffer (x,u,x’) ~ D;.,,, and add (x, u, &'), transitions predicted by our
mean model pt,,, to the batch. This allows us to combine true rollouts with model generated rollouts,
as proposed in Janner et al. (2019). Since we can generate additional data through our learned model,
we can efficiently increase our update-to-data ratio (UTD). For all our experiments with MBPO, with
use an UTD of 57.

We use the same hyperparameters as Sukhija et al. (2024a) for all our state-based experiments.

D.2 DREAMER-OPTIMISTIC

We use DREAMERV3 As the base model. For quantifying the model epistemic uncertainty, we use
the same approach as Sekar et al. (2020); Mendonca et al. (2021) and learn an ensemble of MLPs to
model the latent dynamics®. The ensemble is only used for quantifying the model uncertainty/intrinsic
reward. For the policy optimization, we use the DREAMER backbone, where the agent optimizes the
policy using imagined rollouts. For selecting A, we also use the objective in Equation (24). We found
adding a regularize term « * | \| to the objective worked better with DREAMER. We initialize A with
2 and pick o = 0.001. For the rest, we use the same hyperparemters as DREAMER’.

D.3 SIMFSVGD-OPTIMISTIC

Tolerance reward with different margins

= Margin=2
Margin=5
= Margin=20

0.8

0.6

0.4

Reward

0.2

0.0

00 05 10 15 20 25 30 35 40
Distance to target

Figure 10: Tolerance reward function for different values of the margin. For larger margins, the agent
receives rewards even if its further away from the target.

We use the same experiment setup, simulation prior, and hyperparameters as Rothfuss et al. (2024)'°.
The reward function in Rothfuss et al. (2024) is based on the tolerance reward from Tassa et al. (2018).

SFor all tasks we use a (256, 256) neural network architecture with 5 ensembles, except for the humanoid
and quadruped tasks where we use (512,512).

"We did not tune the UTD and chose 5 to trade-off between computational cost and sample efficiency.

8For all tasks we use a (512, 512) neural network architecture with 5 ensembles.

“We use the 12 million size model and the official DREAMERV3 implementation (https://github. com/
danijar/dreamerv3/tree/main).

official implementation: https://github.com/lasgroup/simulation_transfer
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The tolerance function, gives higher rewards when the agent is close to a desired state, i.e., in case of
the RC car the target position. The “closesness” is quantified using a margin parameter for the reward
function. In Figure 10 we plot the reward for different margin parameters. As we decrease the margin,
the reward becomes sparser. Rothfuss et al. (2024) use a margin of 20. In our simulation experiments,
we show that SIMFSVGD performs worse than SIMFSVGD-OPTIMISTIC for smaller margins. For
our hardware experiment, we use a margin of 5, for which SIMFSVGD fails to learn. For \,, we
found that a linearly decaying schedule worked the best. Therefore, we linearly interpolated from
Ao = 0.5 and A\1p = 0. After the tenth episode, the agent greedily maximized the extrinsic reward.

D.4 GP experiments

For our GP experiments, we use the RBF kernel. The kernel parameters are updated online using
maximum likelihood estimation (Rasmussen & Williams, 2005). For all the experiments, we use
An = 10 and for planning the iCEM optimizer (Pinneri et al., 2021). We use the same hyperparameters
as Sukhija et al. (2024b)'!.

D.5 Computational Costs

Table 3: Computation cost comparison for SOMBRL with different base algorithms.

Algorithm Training time

HUCRL (GPs) 90 +/- 3 min (Pendulum),
31.5 +/ 2.5 min (MountainCar)

SOMBRL (GPs) 30 +/- 0.6 min (Pendulum),
13.8 +/ 0.25 min (MountainCar)

MBPO-MEAN 9.6 +/- 0.2 min
(Time per 100k steps, 1 ensemble, GPU: NVIDIA GeForce RTX 2080 Ti)

MBPO-OPTIMISTIC 13.7 +/- 0.35 min
(Time per 100k steps, 5 ensembles, GPU: NVIDIA GeForce RTX 2080 Ti)

DREAMER 42.24 +/- 0.95 min
(Time per 100k steps, GPU: NVIDIA GeForce RTX 4090)

DREAMER-OPTIMISTIC 46.32 +/- 0.34 min
(Time per 100k steps, 5 ensembles, GPU: NVIDIA GeForce RTX 4090)

"official implementation: https://github.com/lasgroup/opax
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [ Yes]

Justification: We highlight the problem setting, algorithm, and theoretical and empirical
results in the abstract and introduction.

Guidelines:

e The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It s fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: In Section 5 we highlight the assumptions of our work, which also correspond
to the limitations of our theoretical analysis and also the setting for which our algorithm
yields theoretical guarantees. In our experiments (Section 6), we evaluate our algorithm on
settings where the assumptions are not necessarily satisfied.

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

 The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.
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3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]

Justification: All theoretical results are accompanied by the relevant assumptions that are
listed in Section 5 and we provide all proofs in Appendix B.

Guidelines:
» The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We use open-source benchmarks, disclose all hyperparameters and experi-
ment details in Appendix D. Furthermore, our algorithm is build on top of open-source
implementations of the base algorithm as highlighted in Appendix D.

Guidelines:

The answer NA means that the paper does not include experiments.

If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
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the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer:

Justification: We base our algorithm on top of open-source repositories and provide all
details and hyperparameters in Appendix D. Our experiments are based on different reposi-
tories depending on the base algorithm. We will provide our final code (which merges all
dependencies and repositories) with the camera-ready version.

Guidelines:
* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not
be possible, so No is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justification: All details are provided in Appendix D.
Guidelines:
» The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment statistical significance
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Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [ Yes]

Justification: We run all our experiments with multiple seeds and report the error bars in
every plot.

Guidelines:
» The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

¢ It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: We report the compute resources as well as times in Table 3.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification: Our research conforms, in every respect, to the NeurIPS Code of Ethics.
Guidelines:

e The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
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* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

10. Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [NA]

Justification: This paper proposes a method to improve exploration in reinforcement learning,
and is not tied to specific applications. As such, it shares the many potential societal
consequences that are associated with reinforcement learning and automation as a whole,
spanning from environmental impact to concerns on ethics and alignment.

Guidelines:
* The answer NA means that there is no societal impact of the work performed.

o If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: We do not release high-risk data or models.
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.
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12.

13.

14.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: We cite all creators whose code we used in our experiments in Section 6.
Guidelines:

* The answer NA means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [ Yes]

Justification: We provide a supplementary video including a readme that explains the video
in detail.

Guidelines:
» The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.
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15.

16.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

Declaration of LLLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]

Justification: The core method development in this research does not involve LLMs as any
important, original, or non-standard components.

Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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