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Abstract

Existing Bayesian Optimization (BO) methods typically balance exploration and
exploitation to optimize costly objective functions. However, these methods often
suffer from a significant one-step bias, which may lead to convergence towards lo-
cal optima and poor performance in complex or high-dimensional tasks. Recently,
Black-Box Optimization (BBO) has achieved success across various scientific
and engineering domains, particularly when function evaluations are costly and
gradients are unavailable. Motivated by this, we propose the Reinforced Energy-
Based Model for Bayesian Optimization (REBMBO), which integrates Gaussian
Processes (GP) for local guidance with an Energy-Based Model (EBM) to capture
global structural information. Notably, we define each Bayesian Optimization
iteration as a Markov Decision Process (MDP) and use Proximal Policy Optimiza-
tion (PPO) for adaptive multi-step lookahead, dynamically adjusting the depth and
direction of exploration to effectively overcome the limitations of traditional BO
methods. We conduct extensive experiments on synthetic and real-world bench-
marks, confirming the superior performance of REBMBO. Additional analyses
across various GP configurations further highlight its adaptability and robustness.
Our code is publicly available at:https://github.com/ruiyaoMiao0809/Black-Box-
Bayesian-Optimization-with-Energy-Based-Model-and-Reinforcement-Learning

1 Introduction

Black-box optimization (BBO) is crucial for solving complex scientific and engineering problems
when gradient information is unavailable or function evaluations are expensive [1]. In practice, BBO
approaches are widely applied to hyper-parameter tuning in machine learning, materials discovery,
drug formulation, and industrial process optimization, where each evaluation often incurs costly
simulations or physical trials. Bayesian Optimization (BO) is a prominent BBO technique that builds
a probabilistic surrogate (e.g., a Gaussian Process [2]) and an acquisition function to guide new
sample queries, thereby balancing exploration and exploitation in a principled manner. However,
standard GP-based BO can suffer from “one-step myopia,” focusing on short-term predicted gains
at the expense of more thorough exploration, a limitation that becomes especially pronounced in
high-dimensional or multi-modal environments.

Existing Bayesian Optimization (BO) methods primarily aim at efficiently locating optimal solutions
by carefully balancing exploration and exploitation [3]. Common strategies for handling complex
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optimization problems include dimensionality reduction methods like REMBO [4], or local partition-
ing techniques such as TuRBO [5]. Although these approaches perform well in simpler scenarios,
they often exhibit a critical shortcoming—rapidly converging to local optima when confronted with
complex, high-dimensional tasks [6, 5]. To solve this limitation, recent techniques incorporate
resource-intensive multi-step look-ahead schemes, including 2-step Expected Improvement (EI) [7],
Knowledge Gradient (KG) [8], and reinforcement learning-driven methods like EARL-BO [9]. How-
ever, such methods typically demand significant computational resources yet still fail to achieve
effective global exploration in challenging environments.

In this study, we introduce the Reinforced Energy-Based Bayesian Optimization Model (REBMBO),
depicted in Figure 1, which addresses traditional shortfalls by combining an Energy-Based Model
(EBM) with multi-step Reinforcement Learning (RL). Our novel EBM-UCB acquisition function
integrates Gaussian Process local uncertainty estimates with global signals derived from a neural
network–based energy landscape learned via short-run MCMC, thereby guiding exploration away
from less promising regions. In addition, we treat each Bayesian Optimization iteration as a Markov
Decision Process (MDP) and employ Proximal Policy Optimization (PPO) for adaptive multi-step
lookahead, thus dynamically adjusting exploration depth and direction to enhance robustness. To
capture both local and global exploration objectives, we propose a theoretically justified Landscape-
Aware Regret (LAR) metric that incorporates global exploration penalties, offering a more holistic
assessment of performance in complex optimization scenarios.

This research offers the following key contributions:

(1) We incorporate Energy-Based signals into a UCB-style acquisition function in the GP surrogate
to capture diverse behaviors. This synergy between global exploration and precise local modeling
addresses the limitations of single-step acquisition approaches.

(2) Bayesian Optimization is modeled as a Markov Decision Process (MDP) with Proximal Policy
Optimization (PPO). This technique addresses the one-step myopia of typical GP-based strategies
by adaptively balancing exploration and exploitation via multi-step lookahead.

(3) We introduce a theoretically justified Landscape-Aware Regret (LAR) metric that extends
standard regret with an energy-informed global term. This metric provides a fair and balanced
evaluation by jointly reflecting local exploitation and global exploration efficiency in complex
optimization landscapes.

Experimental results, summarized in Figure 2, indicate that REBMBO reduces final Landscape-
Aware Regret (LAR) and improves overall performance scores compared to state-of-the-art methods,
consistently outperforming both single-step and short-horizon lookahead approaches even under
challenging high-dimensional conditions. The subsequent sections detail our methodology and
empirical findings, highlighting REBMBO’s robust and efficient performance.

2 Related Work

2.1 BO Background and Shortcomings

Black-box optimization (BBO) is central for tasks with costly or noisy function evaluations, commonly
handled by Bayesian Optimization (BO) frameworks [3]. However, high-dimensional or discrete
domains often overwhelm classical Gaussian Process (GP) surrogates, prompting techniques such
as ARD-based variable selection [10], REMBO [4], additive models [11], or local partitioning
in TuRBO [5]. Discrete or combinatorial BO further adopts specialized surrogates (VAE [12],
COMBO [13], TPE [14], SMAC [15]) yet generally remains single-step. Likewise, robust or
constrained variants [16, 17, 18, 19, 20], multi-objective [21, 22, 23], transfer/multi-fidelity [24, 25,
26, 27], and parallel [28, 29, 30] approaches usually retain one-step acquisitions. TruVaR (Truncated
Variance Reduction) [8] unifies BO and level-set estimation with strong guarantees under pointwise
costs or heteroscedastic noise, while look-ahead or rollout-based schemes [7, 31] often incur high
computational overhead. Recent work leverages MLMC for nested integrals [32] or formulates BO as
an MDP under transition constraints [33], and methods like GLASSES [34] approximate multi-step
losses via forward simulation. Yet, many remain domain-specific or lack synergy with short-run
MCMC. Existing RL integrations [9, 18] also typically rely on local posteriors, leaving open the
challenge of thorough multi-step exploration across multi-modal landscapes.
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2.2 Baseline Targeting Global Optima and Limitations

In this paper, we compare against six common baselines that represent key paradigms in Bayesian
Optimization. Classic BO [3] is a canonical single-step GP-based approach. BALLET-ICI [6]
alternates global and local GPs but remains relatively myopic on multi-modal tasks. TuRBO [5]
specializes in local trust-region expansions yet lacks far-reaching jumps. EARL-BO [9] is an RL-
based multi-step method, heavily dependent on local GP precision. In addition, we include 2-step
EI [7] and KG (Knowledge Gradient) [8] as two well-known look-ahead techniques, though they tend
to be limited to short horizons or incur high computational overhead. These baselines respectively
illustrate single-step local search, partially global scanning, or short-horizon non-myopia, but none
combines global signals with adaptive multi-step planning in a unified manner. By contrast, REBMBO
employs a short-run MCMC-trained Energy-Based Model for global exploration, a GP surrogate for
local accuracy, and a PPO-based multi-step RL for planning. This synergy overcomes the one-step
constraints in Classic BO, enables deeper exploration than BALLET-ICI or TuRBO, provides more
robust coverage than EARL-BO, and avoids the excessive rollout overhead observed in 2-step EI or
KG. As detailed in Section 2.3, REBMBO leverages these three modules to handle high-dimensional
tasks within limited budgets, offering a global and multi-step perspective.

2.3 RL in BO and Energy-Driven Multi-Step Planning

Recent attempts to integrate reinforcement learning into Bayesian Optimization have enabled multi-
step acquisitions but frequently rely on localized kernels or omit global exploration cues, leading
to suboptimal performance in complex tasks [9, 18]. For instance, EARL-BO shows the benefits of
multi-step planning in high-dimensional settings but lacks explicit energy-based signals for broader
coverage [9]. However, REBMBO framework formulates each BO iteration as a MDP solved via
Proximal Policy Optimization. This design alleviates one-step myopia and combines local GP fidelity
with iterative RL lookahead under strict evaluation budgets.

3 Preliminaries

Online Black-Box Optimization (BBO). We consider a continuous function f(x) defined over
x ∈ X ⊂ Rd, with the objective:

x∗ = argmax
x∈X

f(x),

under a strict evaluation budget. Each evaluation of f(x) can be computationally or financially
expensive [35], thus data efficiency is crucial. Unlike offline methods that rely on fixed sampling
designs, online BO adaptively selects xt based on previously observed data, facilitating faster
discovery of optimal regions.

Bayesian Optimization (BO) and Gaussian Processes (GP). BO maximizes maxx∈X f(x) by
employing a Gaussian Process (GP) prior: f(x) ∼ GP

(
m(x), k(x,x′)

)
, where typically m(x) =

0, and the kernel function k(x,x′) (e.g., RBF or Matérn) encodes assumptions about the function’s
smoothness [36]. Assuming noisy observations yi = f(xi) + εi, with εi ∼ N (0, σ2

n), the GP
posterior is given by:

f(x)
∣∣ Dk ∼ N

(
µk(x), σ2,k(x)

)
,

with observed data Dk = {(xi, yi)}ki=1. Although GPs capture local uncertainty, their inherent
locality often restricts global exploration, making them prone to myopic optimization behaviors.

Energy-Based Models (EBMs). EBMs specify an unnormalized probability density:

pθ(x) =
exp

[
−Eθ(x)

]
Zθ

, Zθ =

∫
exp

[
−Eθ(u)

]
du,

where the energy function Eθ(x) is typically parameterized as a neural network through short-run
MCMC-based Maximum Likelihood Estimation [37, 38]. EBMs effectively guide exploration toward
globally promising regions. Unlike GPs, EBMs explicitly capture multi-modal global structures, thus
addressing the limitation of excessive local exploration inherent in standard GP-based methods.

Reinforcement Learning (RL) and Proximal Policy Optimization (PPO). RL formalizes the
optimization process as a sequential decision-making task, wherein a policy πϕppo

, parameterized
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by neural network weights ϕppo, maps states st to actions at. PPO [39] stabilizes the training by
limiting policy changes through a clipped probability ratio:

rt(ϕppo) =
πϕppo

(at | st)
πϕppo

old(at | st)
,

thereby preventing erratic changes in the parameters. We define states as combinations of GP posterior
estimates and global EBM signals; actions match suggested sampling points. The use of PPO helps
to overcome the single-step myopia that is inherent in conventional acquisition methods. This is
accomplished through the use of multi-step reasoning.

4 REBMBO Model & Algorithmic Details

Posterior Mean: µt(x)
Posterior      Std: σt(x) Action =Xt

EBM for Global Converge 
Short Run MCMC for 

Global Energy.
𝜋ϕ← optimize via RL 

objective

GP Surrogate State & Action Agent

Energy Based Model

Black-Box Oracle

Reward & Policy Agent

Dynamic Data Loader

Update GP

Initial Data D_θ
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Next Iteration(Update D _ t)

RL Action A1 Measure f(x）

RL Action A2

Evaluate f(x)

Reward & New Policy

Data Processor
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Module B Module C

Update Reward

Initial Iteration(Update D_θ)

Clip

𝑟𝑡(𝑠𝑡, 𝑎𝑡) =  𝑛𝑓 𝑎𝑡 −  𝜆𝐸𝜃(𝑎𝑡)

Figure 1: REBMBO Workflow Diagram. The ar-
chitecture comprises: Module A for local model-
ing using GP posterior; Module B which trains
an EBM to capture global structure; and Module
C, which uses PPO-based RL agents to generate
decisions and optimize via rewards shaped by both
function values and EBM energy signals. Arrows
of different colors represent distinct data flows:
green arrows indicate model parameter updates,
and purple arrows represent RL actions, evaluation
or feedback steps.

After updating the GP model (which focuses on
local predictions) and the EBM model (which
looks at global patterns), REBMBO uses the
PPO technique to choose the next sample point
by combining both local and global informa-
tion. The GP posterior, EBM signals, and PPO’s
multi-step planning help REBMBO find good
solutions in complex spaces with many dimen-
sions or peaks. PPO’s planning horizon mit-
igates the short-sightedness of single-step ap-
proaches. Overall, REBMBO provides a uni-
fied solution for balancing global exploration
and sequential decision-making in challenging
black-box optimization settings in Figure 1.

4.1 Module A: Gaussian Process Variants

As new data comes into the REBMBO frame-
work, it first goes to Module A (the Gaussian
Process surrogate, shown in Figure 1) to im-
prove the estimate of the objective function
f(x). In particular, the GP uses the input-output
data it has seen to improve its predictions about
the average outcome and the level of uncertainty
in specific areas, ensuring precise local model-
ing with each update. Local modeling is essen-
tial for black-box optimization because it lets us
acquire solid insights from a few observations
before sampling the full domain.

We add different GP modules in REBMBO be-
cause many black-box functions are complex,
have multiple peaks, or are costly to compute, so we need a flexible "core" model that can quickly
adjust and measure uncertainty with just a few samples. GPs provide estimates of the average and
variability for f(x), making them useful for identifying significant local trends, particularly when
limited data is available at the start. To deal with various problem dimensions and complexities, we
propose three REBMBO variants:

(1) REBMBO-C (Classic GP) [40]. Employs exact O(n3) GP inference, which is practical for
moderate n. While this variant is straightforward, it can be costly for large n or high-dimensional d.

(2) REBMBO-S (Sparse GP) [41]. Adopts a sparse approximation to alleviate the O(n3) bottleneck
in higher dimensions. It introduces m ≪ n inducing points {zj} and approximates Kx,x ≈
Kx,z K

−1
z,z Kz,x, lowering the update cost to O(nm2). This approximation may lose accuracy if m

or the chosen inducing points are suboptimal, but it remains effective for larger datasets and higher d.
In our EBM-driven acquisition, the approximate mean µ̃f,t(x) and variance σ̃2

f,t(x) replace the exact
GP posteriors.
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(3) REBMBO-D (Deep GP) [42]. For problems that exhibit multi-scale or non-stationary behavior,
a deep kernel can capture intricate latent features beyond what standard kernels provide. We use a
deep network Θ to map inputs x into latent features ϕGP(x), then compute GP-like statistics:

µ(x; D,Θ) = m⊤ϕGP(x) + η(x), σ2(x; D,Θ) = ϕGP(x)
⊤K−1ϕGP(x) +

1
β ,

where η(x) is a (potentially learned) mean function, and K is a smaller covariance matrix in the latent
space. With sufficient training data, this approach can represent complex functions more flexibly than
a standard GP and supports sublinear regret under moderate network capacity.

All three GP variants work with the EBM-UCB and PPO modules to create the full REBMBO system;
the main difference is in how each variant calculates its GP posterior. For simplicity, we will show
EBM-UCB using the “Classic GP” version (REBMBO-C), but the same idea applies to the sparse
and deep GP versions. More information about differences of GP variants, including their complexity
and how to implement them, can be found in Appendices ??, ?? and ??.

As updated data then moves to Module B, REBMBO addresses the limitations of purely local
exploration by introducing an Energy-Based Model to capture global structure. The next section
(Module B) explains that the EBM helps the GP surrogate by directing the search away from areas
that aren’t useful and toward more promising ones, especially in complex or varied situations.

4.2 Module B: EBM-Driven Global Exploration

To overcome the limitations of purely local GP-based search, we introduce an Energy-Based Model
(EBM) defined as Eθ(x). After Module A updates the GP posterior with newly collected data (see
Figure 1), Module B uses these updates to train the EBM, which captures a global “energy” landscape.
While the GP’s uncertainty σf,t(x) pinpoints locally undersampled regions, the EBM reveals which
basins in X are more likely to contain near-optimal solutions. Combining these local and global
insights helps prevent the search from stalling in unproductive local pockets and enables REBMBO
to traverse complex objective surfaces more efficiently.

EBM Training Mechanism. We parameterize Eθ(x) as a neural network trained under short-run
MCMC-based Maximum Likelihood Estimation (MLE). At each iteration, we alternate:
Positive Phase: Lower Eθ(xi) for real data points xi, guiding the model to “observed” regions.
Negative Phase: Draw a small number (K) of Langevin samples from pθ(u) ∝ exp[−Eθ(u)], then
push these model-generated samples to higher energy unless they reflect data-like features. This
short-run MCMC procedure (e.g. Stochastic Gradient Langevin Dynamics, detailed in Appendix ??)
ensures that low-energy regions correspond to promising global basins.

EBM Parameterization Details. We specifically train Eθ(x) via short-run MCMC-based MLE as
follows. Suppose we have data {xi}ni=1 from an unknown distribution pdata. We fit θ by minimizing

− 1

n

n∑
i=1

log pθ(xi) =
1

n

n∑
i=1

Eθ(xi) + logZ(θ),

which is equivalent to maximizing
∑n

i=1 log pθ(xi) . Let L(θ) =
∑n

i=1 log pθ(xi), where pθ(xi) ∝
exp[−Eθ(xi)].Then, we have

∇θ L(θ) = −
n∑

i=1

∇θEθ(xi) +

n∑
i=1

∫
pθ(u)∇θEθ(u) du.

Dividing by n yields the well-known positive-minus-negative decomposition:

1

n
∇θ L(θ) = −Ex∼pdata

[∇θEθ(x)]︸ ︷︷ ︸
Positive Phase

+Eu∼pθ
[∇θEθ(u)]︸ ︷︷ ︸

Negative Phase

,

which balances data alignment against model-drawn samples [43, 44]. Since short-run MCMC
approximates pθ(u) sufficiently well, it lets us implement a Robbins-Monro-style gradient update
[45]. Iteratively alternating positive and negative phases steers Eθ(x) to be low in data-like basins
and high elsewhere, thus revealing globally promising regions for exploration.
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EBM-UCB Acquisition Function. Once the EBM is trained, we embed its negative energy−Eθ(x)
into a standard GP-UCB scheme. Let µf,t(x) and σf,t(x) be the GP posterior mean and standard
deviation at iteration t. A typical UCB function is αUCB(x) = µf,t(x) + β σf,t(x), where β > 0
controls exploitation vs. exploration. To incorporate the EBM’s global guidance, we define

αEBM−UCB(x) = µf,t(x) + β σf,t(x)− γ Eθ(x),

where γ > 0 specifies how strongly −Eθ(x) biases the search toward underexplored basins. In multi-
modal and high-dimensional tasks, this “global penalty” helps avoid wasting evaluations in uncertain
but unpromising pockets, augmenting the GP’s local exploration with a broader sense of global
structure. As further discussed in Section 5, this synergy accelerates convergence on challenging
landscapes and reduces the need for purely local or manually specified look-ahead heuristics.

Theoretical Contributions and Landscape-Aware Regret (LAR). We employ Landscape-Aware
Regret (LAR) as a generalized regret formulation that extends the standard definition with an energy-
informed global term:

RLAR
t =

[
f(x∗)− f(xt)

]
+ α

[
Eθ(x

∗)− Eθ(xt)
]
,

where α≥0 controls the relative influence of the global energy term. For non–energy–based baselines,
we set α=0 to recover standard regret and ensure fair comparison, while for energy-aware methods
such as REBMBO, α>0 provides a holistic measure that captures missed global opportunities in
the learned landscape. Under mild alignment and regularity assumptions (Appendix ??), our EBM-
UCB retains the GP-UCB-type sublinear rate, so incorporating Eθ(x) preserves the same optimality
guarantees as standard regret [43, 44].

Mixture kernel for the GP posterior (rationale + form). The GP posterior is computed by
inverting an n× n kernel matrix built from a mixture of Radial Basis Function (RBF) and Matérn
covariances:

kf (x,x
′) = σ2

f [wRBF kRBF(x,x
′) + wMatern kMatern(x,x

′)] ,

with kRBF(x,x
′) = exp

(
− 1

2 (x − x′)⊤Λ−1(x − x′)
)

and, for ν=2.5 and r=∥x − x′∥,
kMatern(x,x

′) =
(
1 +

√
5 r
ℓ + 5 r2

3 ℓ2

)
exp(−

√
5 r
ℓ ). RBF captures smooth global trends, while Matérn-

5/2 accommodates rough, less-smooth local variations. The mixture enlarges the RKHS compared
to either kernel alone, which matches REBMBO’s design: the EBM offers global basin cues, and
the GP needs both smooth (RBF) and rough (Matérn) components to model local structure faith-
fully. The mixture weights {wRBF, wMatern} are learned by type-II marginal likelihood (evidence
maximization), avoiding per-task manual tuning.

By unifying the global signal Eθ(x) with these locally expressive GP statistics (via the mixture
kernel), REBMBO couples principled global exploration with precise local modeling; Module C then
employs PPO-based multi-step planning to mitigate one-step myopia and fully exploit this synergy.

4.3 Module C: Multi-Step Planning via PPO

While αEBM−UCB(x) enhances global exploration over local approaches, a single-step acquisition
can still cause local myopia. The algorithm prioritizes instant rewards above long-term queries. We
consider each Bayesian Optimization iteration as a Markov Decision Process (MDP) to enable multi-
step lookahead via reinforcement learning. Although Proximal Policy Optimization (PPO) [39]is
well-known, our work combines it with the GP surrogate and the EBM’s global energy signal. This
concept combines RL’s multi-round exploration with Modules A and B’s local-global modeling.
Figure 1 illustrates how Module B updates the EBM, and Module C guides PPO-based policy
adjustments based on local uncertainty and global energy cues.

MDP Formulation: States, Actions, and Rewards. At iteration t, we define the state

st =
(
µf,t(x), σf,t(x), Eθ(x)

)
,

where µf,t(x), σf,t(x) come from the current GP posterior, and Eθ(x) denotes the learned global
energy map. The action is the proposed query point at ∈ X ⊂ Rd; evaluating f(at) updates the GP
and EBM for the next state st+1.
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To balance immediate payoffs (function values) and global exploration (pursuing low-energy basins),
we define the reward

rt(st,at) = nf(at)− λEθ(at),

where λ > 0 governs how strongly −Eθ(at) influences exploration. A higher λ promotes thorough
global searching, while a lower λ emphasizes direct improvement in f(at). By embedding Eθ in the
reward, we ensure that REBMBO actively targets regions the EBM deems globally promising.

PPO Training Process. We employ a stochastic policy πϕppo
(at | st) to maximize the cumulative

reward over T steps. Though PPO is an established RL algorithm [39], our adaptation ensures it
co-evolves with both the GP posterior and the EBM distribution, rather than being a standalone
module. Concretely, we define rt(ϕppo) =

πϕppo (at|st)
π
ϕold
ppo

(at|st) , which measures how much the new policy

πϕppo
deviates from the previous one πϕold

ppo
. The clipped objective to be maximized is

LCLIP(ϕppo) = Et

[
min

(
rt(ϕppo) Ât, clip

(
rt(ϕppo), 1− ε, 1 + ε

)
Ât

)]
,

where Ât is an advantage estimate derived from rt(st,at) minus a learned baseline. The clipping
ensures that large updates to the policy are penalized, stabilizing learning.

4.4 Overall Methodology and Synergy of GP, EBM, and PPO

After each query at is evaluated, REBMBO synchronously updates three components:
1) GP Posterior Update: Incorporate (at, f(at)) to refine µf,t+1 and σf,t+1, preserving reliable local
predictions. 2) EBM Retraining: Run short-run MCMC with the expanded dataset to improve Eθ(x)
(Section 4.2), thereby maintaining a coherent global energy landscape. 3) PPO Policy Optimization:
Use the new reward rt = f(at)− λEθ(at) and the transition (st,at, st+1) to update πϕppo

via the
clipped objective LCLIP(ϕppo). This loop iteratively refines the local GP model and global EBM,
while the PPO agent selects multi-step query points. Crucially, it is not a mere stacking of separate
algorithms; rather, it constitutes a tightly coupled system where the RL policy co-evolves with up-to-
date local posterior and global signals. The EBM term −Eθ(x) augments UCB-based sampling with
long-range structure, and PPO transforms this single-step acquisition into an MDP-based multi-round
planner, thereby mitigating the near-sightedness of conventional BO.

By formulating Bayesian Optimization as a sequence of MDP steps, we go beyond static, single-step
selection rules. Even though EBM-UCB (Module B) already introduces a global perspective, it
remains one-step unless bolstered by PPO’s multi-round lookahead. The reward function rt =
f(at) − λEθ(at) drives the policy toward robust global basins, balancing immediate gains and
exploratory push. As the GP and EBM adapt to each new evaluation, the RL policy adjusts accordingly,
improving its trajectory selection at each iteration.

Putting It All Together. Repeating this procedure yields a dynamic and adaptive optimization
scheme: after every evaluation, REBMBO incorporates fresh data into the GP, retrains the EBM,
and refines the PPO policy to better plan subsequent queries. Section 5 presents empirical results
showing how this synergy enables REBMBO to tackle high-dimensional, multi-modal functions more
effectively than single-step or purely local methods, while our theoretical analysis (Appendix ??)
ensures sublinear Landscape-Aware Regret (LAR) under mild assumptions. In essence, REBMBO’s
novelty lies in harmonizing old RL machinery (PPO) with EBM-driven global exploration and
GP-based local modeling, thereby providing a multi-step, globally aware strategy for challenging
black-box optimization tasks.

5 Experiments

5.1 Experiment Setups

In this study, we evaluate REBMBO (variants C, S, D) against leading Bayesian Optimization (BO)
methods across multiple synthetic tasks, including Branin in 2D, Ackley in 5D, Rosenbrock in 8D,
and high-dimensional BO (HDBO) in 200D, and real-world tasks such as Nanophotonic in 3D and
Rosetta in 86D, shown in Figure 2. Baselines include BALLET-ICI, TuRBO, EARL-BO, and Classic
BO, representing varied modeling strategies from local Gaussian Processes (TuRBO) to single-step
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Algorithm 1 REBMBO
Require: GP config ({Classic, Sparse, Deep}), EBM config (Eθ, MCMC steps), PPO config (πϕppo

,
clip ϵ, mini-batch size), and an initial dataset D0 of size n0.

1: Train GP on D0 to obtain (µ0, σ0).
2: Initialize EBM Eθ(x) and PPO policy πϕppo .
3: for t = 1 to T do
4: (A) Update the GP with Dt−1, yielding (µt, σt).
5: (B) Retrain or partially train the EBM using data in Dt−1 (via short-run MCMC).
6: (C) Form the RL state: st ← [µt(·), σt(·), Eθ(·)].
7: (D) Select action: xt ← πϕppo

(st).
8: (E) Evaluate: yt ← f(xt) (expensive black-box call).
9: (F) Compute reward: rt ← yt − λEθ(xt); update πϕppo with (st,xt, rt) via PPO.

10: (G) Augment dataset: Dt ← Dt−1 ∪ {(xt, yt)}.
11: end for
12: Return the best sampled point x∗ ∈ DT in terms of f(x∗).

Figure 2: Bayesian optimization performance across benchmarks: (a) Branin 2D, (b) Ackley 5D, (c)
Rosenbrock 8D, (d) HDBO 200D, (e) Nanophotonic 3D, (f) Rosetta 86D. REBMBO variants (blue
shades) consistently outperform baselines, especially in higher dimensions.

RL (EARL-BO) and iterative confidence intervals (BALLET-ICI). We extend this analysis in Table 1
and Table 2 with two additional real-world tasks (NATS-Bench in 20D, Robot Trajectory in 40D) and
two more baselines (Two-step EI, KG), covering a wider set of approximate lookahead methods and
practical optimization cases. All algorithms are quantitatively compared using a Landscape-Aware
Regret (LAR) metric: Re

t = [f(x∗)− f(xt)] + α [Eθ(x
∗)− Eθ(xt)], which jointly assesses local

suboptimality and global exploration; all reported values reflect the mean ± standard deviation over
5 independent runs. Further details on these baselines and benchmarks are provided in Appendix ??,
including the rationale for selecting tasks and the chosen hyperparameter settings (such as 10–20
short-run MCMC steps per iteration in the EBM, a 2-layer policy network with 64–256 hidden
units for PPO, and Matérn–RBF kernel mixtures in the GP). Notably, REBMBO-D (see Section 3.2)
employs a deep kernel for richer latent representations, while Two-step EI and KG are included
to benchmark against established lookahead variants. The final scores in the tables reflect the
average Landscape-Aware Regret (LAR) (or normalized objective) under predefined iteration budgets
(T = 30, 50 for Branin, Ackley, Rosenbrock, and T = 50, 100 for HDBO); each entry in Table 1
and Table 2 includes both the mean outcome and its standard deviation. Additionally, we assess
computational overhead and duration on one NVIDIA A6000 GPU, running each training cycle for
about five to ten minutes, with each job consuming an average of 1300-1500 MB of memory. The
Appendix ??, ?? provides experimental information for supplemental experiments and parameter
ranges, in addition to a brief summary of baselines.
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Model Branin 2D Ackley 5D Rosenbrock 8D HDBO 200D Mean
T=30 T=50 T=30 T=50 T=30 T=50 T=50 T=100

BALLET-ICI [6] 87.33±2.09 90.44±1.98 82.84±0.93 87.78±2.14 85.55±2.40 90.76±0.97 79.46±2.85 85.85±3.48 83.80±1.45
EARL-BO [9] 85.13±0.96 88.76±2.28 80.46±1.23 87.22±1.82 83.47±1.96 88.47±0.98 77.24±2.87 83.74±2.81 81.57±1.23

TuRBO [5] 80.65±1.01 88.63±2.49 78.06±2.06 83.79±2.19 80.82±1.32 85.74±1.32 74.72±3.56 80.69±3.14 78.56±1.39
Two-Step EI [7] 89.27±2.04 92.38±2.15 84.12±1.87 89.14±1.78 85.19±1.67 88.57±1.43 78.10±3.22 84.42±3.05 86.15±1.65

KG [8] 88.64±1.83 91.53±1.97 86.71±1.78 90.23±2.11 87.95±1.95 90.29±1.67 79.63±3.10 85.17±2.96 87.52±1.67

REBMBO-S 88.89±1.54 96.95±2.46 86.85±1.00 92.64±1.61 92.87±1.53 95.85±0.86 83.33±3.06 90.16±2.60 87.98±1.25
REBMBO-D 93.65±1.38 95.21±1.50 85.25±1.48 91.53±1.55 91.97±2.02 96.98±1.09 85.79±3.18 94.42±3.98 89.17±1.41
REBMBO-C 90.83±1.09 97.37±2.07 89.93±1.25 94.46±1.05 91.28±1.50 96.77±1.92 85.55±3.23 90.95±3.57 89.40±1.24

Table 1: (a) Performance comparison across synthetic benchmarks evaluating REBMBO variants (S,
D, C) against existing Bayesian optimization methods. Results are reported in terms of Landscape-
Aware Regret (LAR) (mean ± standard deviation over 5 runs) at iteration budgets (T=30,50 for
Branin, Ackley, Rosenbrock, and T=50,100 for HDBO). Higher scores indicate superior optimization
efficiency. Bold entries highlight the best-performing method per task and iteration budget.

5.2 Main Results

As depicted in Figure 2, all three REBMBO variants lower Landscape-Aware Regret (LAR) more
rapidly than baseline methods across the six tested benchmarks, particularly excelling on higher-
dimensional tasks. Table 1 (synthetic) and Table 2 (real-world) further quantify these findings for
iteration budgets T = 30 and T = 50. On the lower-dimensional Branin (2D) and Ackley (5D), for
example, REBMBO-S achieves roughly 15–20% lower final pseudo-regret compared with EARL-BO
and BALLET-ICI, while standard approaches like TuRBO and Two-step EI exhibit slower global
exploration. Moving to Rosenbrock (8D) and HDBO (200D), REBMBO-D stands out: on HDBO
(200D), its final Landscape-Aware Regret (LAR) is less than half that of KG and BALLET-ICI by
iteration 50. Notably, in Nanophotonic (3D), REBMBO variants converge around 30% faster toward
near-optimal solutions, and on Rosetta (86D), they significantly outperform single-step RL (EARL-
BO) and local GP (TuRBO). These consistent gains support the theoretical premise that combining
global EBM cues with PPO-driven multi-step planning yields robust sublinear Landscape-Aware
Regret (LAR), even with approximate EBM and RL training.

Model Nanophotonic 3D Rosetta 86D NATS-Bench 20D Robot Trajectory 40D Mean
T=50 T=80 T=50 T=80 T=50 T=80 T=50 T=80

BALLET-ICI [6] 83.77±2.96 88.64±2.68 76.75±2.63 83.98±3.15 81.69±2.94 84.25±2.81 78.43±3.21 82.65±2.89 82.02±2.66
EARL-BO [9] 81.72±4.08 86.58±2.60 74.78±2.41 81.93±3.90 80.44±3.12 83.47±3.25 76.59±2.87 80.11±2.90 80.70±2.89

TuRBO [5] 79.75±3.17 84.81±2.75 72.47±2.74 79.86±2.42 79.12±3.25 81.55±3.45 74.32±2.99 78.60±3.11 78.81±2.99
Two-step EI [7] 84.29±3.20 89.47±2.85 78.90±2.80 84.75±3.05 83.33±3.10 86.80±2.95 79.55±3.05 83.92±2.99 83.88±2.87

KG [8] 85.10±2.90 90.05±2.60 79.79±2.88 85.20±3.00 84.10±2.95 87.25±2.75 80.20±2.90 84.45±2.85 84.39±2.74

REBMBO-C 87.25±2.41 92.65±2.40 80.96±2.66 83.33±3.31 85.43±2.63 89.20±2.45 82.50±2.67 87.40±2.50 86.59±2.63
REBMBO-D 81.66±3.16 91.53±3.13 84.22±3.38 90.84±3.74 85.95±2.76 90.30±2.89 83.25±2.75 88.10±2.60 86.98±2.80
REBMBO-S 86.50±2.35 93.99±3.27 80.53±2.17 88.88±2.76 85.10±2.65 89.45±2.50 81.85±2.60 86.50±2.40 86.60±2.59

Table 2: (b) Performance comparison across real-world benchmarks. Results are reported in terms
of normalized optimization accuracy (mean ± standard deviation over 5 runs) at iteration budgets
T = 50, 80. Higher scores indicate superior optimization efficiency.

5.3 Supplementary Experiment

In addition to our primary benchmarks, we conducted several supplementary experiments (see
Appendix ??) to further validate REBMBO’s theoretical guarantees and empirical robustness under
diverse conditions.

5.3.1 Design and Modeling Choices

An ablation study (Appendix Table ?? and Table ??) isolates the roles of EBM, multi-step PPO,
and short-run MCMC by incrementally removing or modifying these components, and performance
drops whenever a core element is omitted, which confirms that global energy-based exploration, local
GP modeling, and reinforcement learning each contribute critically to REBMBO. We further test
kernel choice in the GP surrogate and find that a learned RBF+Matérn mixture performs best on
Branin 2D, Ackley 5D, and HDBO 200D (Appendix ??, Table ??), which supports the sum RKHS
view and tighter regret guarantees. A one-at-a-time hyperparameter study and a dedicated sweep for
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λ identify a broad safe band λ ∈ [0.2, 0.5] and show that the default configuration is near optimal
(Appendix ??, Tables ?? and ??), which supports the theory that a balanced reward f(x)− λEθ(x)
keeps information gain controlled and simplifies tuning.

5.3.2 Robustness and Reliability

We illustrate REBMBO’s behavior on 1D/2D multi-modal functions (Appendix Figures ??–??),
showing how EBM-UCB avoids local optima and uses broader structural information, and trajec-
tory comparisons (Appendix Figures ??–??) show less unnecessary exploration than GP-UCB and
GLASSES with more direct convergence to global maxima. Robustness tests cover EBM convergence
and removal and also scale mismatch between f and Eθ; REBMBO-C degrades gracefully under
failed EBM and remains competitive without it, and normalization plus adaptive λ recovers most
losses under severe scale gaps while keeping PPO stable in most runs (Appendix ??, Tables ?? and
??).

5.3.3 Practicality and Fair Evaluation

We quantify compute overhead and observe a small constant-factor increase relative to TuRBO
that matches polynomial scaling and parallelizes well on GPU, which is negligible when function
evaluations dominate time (Appendix ??, Table ??). Finally, we report standard regret in addition
to pseudo-regret and REBMBO-C achieves the best values on all three tasks, which shows that
improvements are not tied to one metric and that dual reporting reflects both exploration quality and
final solution quality (Appendix ??, Table ??); taken together with a benefit and overhead analysis
(Appendix Figure ??), detailed comparisons (Appendix Table ??), performance heatmaps (Appendix
Figure ??), and statistical significance checks (Appendix Figures ??–??), these results corroborate
the premise of robust sublinear Landscape-Aware Regret when global EBM signals and multi-step
RL are integrated and they reinforce the practical value of REBMBO for challenging BBO tasks.

6 Conclusion

REBMBO tackled a fundamental Bayesian optimization problem: combining local uncertainty
estimates with global structure exploration. Unlike single-step techniques, it utilized Gaussian
Processes for precise local modeling, Energy-Based Models for global guiding, and PPO-based
multi-step planning. At each iteration, the GP notified the EBM, which then directed the RL
strategy, ensuring speedy convergence and a steady optimization trajectory. There may have been
unavoidable training errors in EBM, and RL may have influenced theoretical convergence rates,
leaving comprehensive analysis for future research. Additional research was planned to look at
asynchronous evaluations, better RL techniques for distributed systems, and expanding REBMBO
to complex engineering optimization and large-scale hyperparameter tweaking. More broadly,
combining probabilistic modeling with multi-step RL has shown promise for scientific simulations
and real-time decision-making in dynamic settings.
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