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Abstract

Offline black-box optimization aims to identify the optimal
solution of a black-box objective function under the guidance
of a surrogate model constructed solely from a pre-collected
dataset. It is commonly used in industrial scenarios, which
often involve constraints, i.e., constrained offline optimiza-
tion (COO). Offline optimization has progressed in address-
ing the out-of-distribution (OOD) issue caused by its inher-
ent inability to interact with the objective function. How-
ever, there is not enough research in addressing more diffi-
cult scenarios, which must simultaneously address OOD is-
sues and constrained issues to find stable, high-quality (i.e.,
high-scoring and feasible) solutions. To bridge this gap, this
paper proposes a method called constrained offline opti-
mization via risk evaluation and management (COOREM),
which is capable of consistently surpassing the offline dataset
under the condition of satisfying constraints. Specifically,
COOREM employs a dual-energy model to separately eval-
uate OOD risk and constrained risk. This separation strategy
aims to distinguish and address two difficult cases: the in-
feasible but not OOD solutions and the feasible but OOD
solutions. Moreover, COOREM effectively manages OOD
risk and constrained risk, ensuring the identification of high-
quality solutions. Extensive experiments on real-world tasks,
e.g., space missions, process synthesis, and design problems,
showcase COOREM’s effectiveness in managing both OOD
risk and constrained risk. Furthermore, our findings indicate
that COOREM could outperform online methods that need to
access the objective function in certain space missions.

Introduction
Real-world design problems in numerous domains en-
counter widespread challenges spanning diverse fields such
as materials science (Trabucco et al. 2022), robotics (Liao
et al. 2019), credit risk assessment (Gu et al. 2024), and
protein (Brookes, Park, and Listgarten 2019). Many meth-
ods generate new designs by optimizing an unknown ob-
jective function with active interaction to map designs to
their property scores. Unfortunately, evaluating the objec-
tive function can be costly, risky, or even infeasible, such
as synthesizing protein structures often depends on simu-
lations, requiring extensive effort across multiple domains.
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Recently, researchers propose to access only prior data, i.e.,
offline datasets (Trabucco et al. 2022; Xue et al. 2024). They
build a model via an offline dataset without access to the un-
known objective function or any form of active interaction,
and use the model to guide the search for suitable designs
and evaluate. This can greatly reduce the budget for costly
active interaction if properly utilized. This manner is known
as offline optimization.

Offline optimization (Jin, Wang, and Sun 2021; Gong,
Zhong, and Huang 2024) aims to find better (higher-scoring
in this paper) designs than that in offline datasets by train-
ing a surrogate model to approximate the unknown ob-
jective function and performing optimization. Specifically,
a common approach first trains a deep neural network
(DNN) (Glorot, Bordes, and Bengio 2011) on the offline
dataset to serve as a surrogate model. Optimization then be-
gins from the optimal designs of the offline dataset, em-
ploying methods such as gradient ascent to identify the
best possible designs in the unknown objective function.
The best designs found by such a naı̈ve method are usually
far from the offline dataset. Regrettably, the regime of de-
signs far from the offline dataset is often not well-trained,
which results in out-of-distribution (OOD) issue, as men-
tioned by (Qi et al. 2022; Chen et al. 2022, 2023). For in-
stance, as shown in Figure 1 (d), the blue dots represent the
points that are overestimated due to the OOD issue. As the
optimization proceeds, the optimization method might favor
designs deemed high-scoring by the surrogate but perform
poorly on the unknown objective function because of the gap
between the surrogate and the unknown objective function.

Related Work. To address this issue, recent studies have
proposed a range of approaches, which mainly include two
broad classes: involving conservatism into the surrogate
model or regularization in generative model. For the for-
mer, COMs (Trabucco et al. 2021) integrates a regularization
term into the modeling of conservative objectives to depress
adversarial designs. ROMA (Yu et al. 2021) overcomes the
non-smooth nature of DNN by utilizing a local smoothness
prior to achieving conservatism. IOM (Qi et al. 2022) en-
forces the surrogate to learn invariant representations and
makes a conservative estimation. ARCOO (Lu et al. 2023)
develops an energy model to quantify and manage OOD risk
during optimization to obtain stable, high-scoring designs.
For the latter, CbAs (Brookes, Park, and Listgarten 2019)
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Figure 1: Illustration of motivation. The strategies of optimization are shown at four different optimization stages. The direc-
tion and length of the arrows in each subfigure respectively illustrate the optimization direction and the step size.

employs a variational auto-encoder (Kingma and Welling
2014) to characterize the distribution of designs and adopt
the model to the optimal design in a trust region. MIN (Ku-
mar and Levine 2020) learns a generator that maps the scores
to the designs using a generative adversarial network (Good-
fellow et al. 2014). Although prior work has been successful,
it often depends on fixed-time optimization steps, where an
algorithm’s performance hinges on the termination criterion.
In practice, offline optimization often uses anytime steps due
to uncertain optimal step sizes for different tasks. Thus, a
successful optimization process should consistently provide
high-scoring designs regardless of when it terminates.

However, beyond the challenge of the unknown objective
function and unachievable evaluations, many complex real-
world scenarios are further complicated by constraints. This
gives rise to constrained offline optimization (COO) prob-
lems. The goal of COO is to find high-quality (i.e., high-
scoring and feasible) designs through a delicate symbiosis
between the exploitation of the offline high-value, feasible
designs and guided exploration to find designs that surpass
the offline dataset, i.e., we need the surrogate to find out bet-
ter designs than the offline dataset. As shown in Figure 1
(d), although we want to find out yellow stars, it may find
the blue point due to OOD issues, i.e., the surrogate often
makes inaccurate predictions and constrained estimations,
complicating the symbiosis process. Consequently, success-
ful COO methods inherently involve balancing the need to
stay “near” the offline dataset to obtain accurate and feasible
designs and the necessity to deviate from the offline dataset
to find better designs. At the same time, a stable and feasible
optimization process is also necessary in COO.

To address COO, current research primarily includes two
ideas. One line of research with a series of methods (Huang
and Wang 2021) is to handle constraints independently
from the surrogate. This method, e.g., DE-PF, uses existing
constraint-handling techniques to address constraints and in-
tegrates them with evolutionary algorithms to construct the
surrogate model. However, a major limitation is that they
can’t effectively address the OOD issue in COO. On another
front, PRIME (Kumar et al. 2022) involves assigning lower
weights to infeasible designs to avoid these regions. How-
ever, the application of PRIME often requires elaborate tun-

ing across different tasks. Though some promising methods
have been proposed, there is a significant lack of research
focused on the challenge that needs to achieve a balance
between constrained satisfaction and performance improve-
ment in the whole optimization process.

Motivation. COO aims to identify high-quality designs,
yet differentiating the risk degrees between OOD and con-
straint remains challenging, often confounding the optimiza-
tion process. Prior approaches often use smaller optimiza-
tion steps under high-risk conditions (i.e., OOD or infeasi-
ble regions) or suppress these regions. However, they often
fail to distinguish and address OOD and constrained risks,
leading to suboptimal results. Quantifying and dynamically
responding to both OOD and constrained risk is necessary,
thereby facilitating more precise navigation through the de-
sign space. As shown in Figure 1, we should retreat in re-
gions where both OOD and constraint risks are high, and
proceed with a normal step size in areas where both risks are
low. In cases where OOD risk is high but constraint risk is
low, it is more prudent to back off because the constraint risk
might be inaccurately estimated due to the elevated OOD
risk. Conversely, when constraint risk is high but OOD risk
is low, a larger step size should be chosen so as to quickly
escape the infeasible region and search for a better design.

Contribution. Driven by this motivation, this paper pro-
poses Constrained Offline Optimization via Risk Evaluation
and Management (COOREM) method to find stable, high-
quality designs under the COO scenario for real-world appli-
cations. COOREM introduces a three-stage model: adaptive
surrogate model (ASM), composite risk evaluation model
(CREM), and adaptive risk management (ARM) to control
the risk adaptively in the optimization procedure. Specifi-
cally, CREM proposes a dual-energy model to express OOD
risk and constrained risk. After that, we use contrastive di-
vergence to train the risk, which aims to distinguish be-
tween high-risk (i.e., OOD or infeasible designs in the of-
fline dataset) and low-risk (i.e., not OOD or feasible designs
in the offline dataset). After risk is learned, ARM is used
to manage the risk of the optimization process adaptively,
which ensures that the risk is adjusted across various stages
of the optimization process shown in Figure 1. Experimen-
tal results show that COOREM has significant advantages
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in both key indicators of optimization stability and optimal-
ity. In addition, COOREM even outperforms online methods
that need to access the objective function in some tasks.

In the following sections, we respectively introduce the
problem definition, present the proposed COOREM, analyze
the experimental results, and finally conclude the paper.

Problem Definition
Constrained Offline Optimization. Constrained offline op-
timization (COO) aims to find the optimum x∗ which stably
surpasses the offline dataset (i.e., the surrogate should find
out better designs than the optimum in the offline dataset)
through maximizing black-box objective function f :

x∗ = arg max
x∈RD

f(x), s.t. gi(x) ≥ 0, i = 1, ..., n , (1)

where gi(x) quantifies the constraint for designs, and n de-
notes the number of constraints. To achieve it, an offline
dataset D = D+ ∪ D− = {(x1, y1), . . . , (xN , yN )} ∪
{x′

1, . . . ,x
′
M} is available, where D+ denotes the feasible

dataset consisting of N feasible designs, and D− denotes
the infeasible dataset consisting of M infeasible designs.
Among them, we consider designs x and the corresponding
scores f(x) which is applicable if and only if x is feasible.

A standard method for addressing the design problem
involves fitting a DNN model to the offline dataset us-
ing supervised learning. The optimal parameters, θ∗, are
determined by minimizing the mean squared error be-
tween the model’s predictions and the actual scores: θ∗ =

argminθ
1
N

∑N
i=1(f̂θ (xi)− yi)

2.
The trained DNN model, denoted as f̂θ , serves as a surro-

gate for optimizing the design through gradient ascent steps,
i.e., xt = xt−1 + η∇xf̂θ(xt−1), for t = 1, . . . , T , where
T denotes the number of steps, η represents the learning rate
and xT as the final design candidate.

Definition of COO’s Risk. The first challenge is that its
surrogate tends to produce inaccurate overestimations far
from the offline dataset. Therefore, we define {x | |f̂θ(x)−
f(x)| > γ} as a set of the high-risk designs, which means
there is a big gap γ between the surrogate f̂θ(x) and the
unknown function f(x). The second challenge is that COO
needs to deal with infeasible designs which we don’t want to
get. Therefore, we identify {x | g(x) < 0} as another set of
high-risk designs, i.e., x comes from the infeasible dataset
D−. Moreover, designs are classified as low-risk when x
comes from the feasible dataset D+. We regard the low-risk
distribution l(x) =

∑N
i=1 δ(x),x ∈ D+ as an empirical

distribution, characterized by a probability density function
l(x), where δ denotes the Dirac delta function (Raju 1982)
utilized to convert the discrete offline dataset into a continu-
ous data representation for unified processing. Similarly, the
high-risk constraint distributions hC(x), and the high-risk
OOD distributions hO(x) are also expressed using a Dirac
delta function. Then, we construct the high-risk distribution
as h(x) = hO(x) + βhC(x), where βi =

exp
∑

j gij∑K
k=0 exp

∑
j gkj

can be considered as the degree of constraint violations:
while higher βi steers the model away from infeasible re-
gions, lower values prioritize regression accuracy. gij means

the degree to which the j-th constraint is violated corre-
sponding to the i-th design xi.

The Proposed Method
This section presents the Constrained Offline Optimiza-
tion via Risk Evaluation and Management (COOREM)
method, as illustrated in Figure 2 (a). COOREM consists
of three modules. The first module, Adaptive Surrogate
Model (ASM), estimates the unknown objective function
while reducing the estimations for infeasible designs in D−.
To address the challenges mentioned in COO, we intro-
duce the second module, Composite Risk Evaluation Model
(CREM). This module assesses OOD, and constrained risks.
ASM and CREM are specifically designed during the train-
ing process of COO. We use a three-head DNN with the
same input x and three different outputs: the surrogate
model head (i.e., ASM), and the dual-energy model heads
for OOD and constrained risks (i.e., CREM). Subsequently,
the third module, Adaptive Risk Management (ARM), bal-
ances these risks throughout the optimization process to ob-
tain stable, high-quality (i.e., high-scoring and feasible) de-
signs. The overall algorithm is detailed in Algorithm 1.

Adaptive Surrogate Model (ASM)
The infeasible designs x in D− do not have corresponding
scores y in some setting. As a result, the traditional surrogate
model, which trains the model f̂θ by using mean squared er-
ror (MSE), cannot be applied. At the same time, overlook-
ing these infeasible designs during training results in terrible
performance in practice. Based on this, this paper proposes
that ASM incorporate infeasible information into the surro-
gate model, cf. Figure 2 (b).

Our core idea is to fit the unknown objective function
and reduce the estimations of the infeasible designs x to
avoid choosing the infeasible area. Following (Kumar et al.
2022), we incorporate a regularization term into the tradi-
tional MSE loss function, which can be formulated as:

L(θ) = Exi,yi∼D+ [(f̂θ(xi)− yi)
2]− αEx′

i∼D− [f̂θ(x
′
i)] . (2)

The first term means the standard MSE loss, which is used to
fit the surrogate model to the data in D+. The second term,
known as the constraint suppression term, minimizes the ex-
pected scores of the surrogate on infeasible designs. Obvi-
ously, α plays an indispensable role in determining the be-
havior of the surrogate. If α is set too low, the optimizer may
explore infeasible regions. Conversely, if α is set too high,
the estimated values for infeasible designs may become too
low, preventing the optimizer from obtaining better designs.
Thus, ASM adjusts weights adaptively to differentiate be-
tween varying degrees of constraint violations using α.

Composite Risk Evaluation Model (CREM)
Although we have trained the surrogate model from Eq. (2),
it is still difficult to achieve high-quality designs in the whole
optimization process. That’s because designs away from
datasets D inevitably raise the risk of performance degra-
dation (i.e., the optimizer finds OOD or infeasible designs)
in the optimization process. To address it, we present CREM
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Figure 2: Illustration of adaptive surrogate model (yfeas means feasible scores in feasible datasetD+, yinfe means feasible scores
in feasible dataset D−, ytrue means the true scores in the unknown function) and an overview of COOREM.

to express two different risks, i.e., OOD risk and constrained
risk, by training a dual-energy model, and we then control
the risks in the next section (Adaptive Risk Management).

Inspired by (Lu et al. 2023), to approximate the low-risk
distribution l(x) and distance itself from the high-risk distri-
bution h(x), an energy-based model (EBM) (Du et al. 2021)
is applied to explicitly delineate the risks, which quantifies
the likelihood of design x’s probability distribution.

pϕ(x) = Z(ϕ)−1 exp(−Eϕ(x)) , (3)
where Eϕ(x) is the energy function parametrized by ϕ that
maps design x ∈ RD to energy Eϕ(x) ∈ R, i.e., Eϕ :
RD → R. Z(ϕ) =

∫
x
exp (−Eϕ(x)) dx is the partition

function which is a constant w.r.t the variable x.
The energy function utilizes Contrastive Divergence

(CD) (Hinton 2002) to distinguish between high-risk and
low-risk designs. The loss function for training pϕ(x) can
be expressed as:
LCDO

(ϕ) = KL (l(x))∥pϕO
(x)))−KL (hO(x)∥pϕO

(x))) , (4)
LCDC

(ϕ) = KL (l(x))∥pϕC
(x)))−KL (hC(x)∥pϕC

(x))) , (5)
where LCDO

(ϕ) is the loss of erroneously overestimation
and LCDC

(ϕ) is the loss of constraint violations. On the
one hand,LCD aims to minimize the Kullback-Leibler diver-
gence between low-risk distribution l(x) and pϕ(x), which
drives pϕ(x) to approximate the distribution l(x). On the
other hand, to discourage pϕ(x) from adopting the high-risk
distribution h(x), the divergence between h(x)—which in-
cludes both the high-risk OOD distribution hO(x) and the
high-risk constraint distribution hC(x)—and pϕ(x) is max-
imized in LCDC

(ϕ) and LCDC
(ϕ).

To satisfy the requirement for the OOD distribution
hO(x) in Eq. (4), which is absent in the offline dataset, it’s
necessary to simulate this distribution. Markov Chain Monte
Carlo (MCMC) technique (Welling and Teh 2011) is applied
to systematically sample high-risk designs and construct the
distribution hO(x). To achieve it, we use Langevin Dynam-
ics LDθ as the stochastic kernel for MCMC sampling, i.e.,
xk ← xk−1 + λ∇xfθ (xk−1) + ωk, k = 1, . . . ,K , (6)

where wk ∼ N (0, λ), λ is a hyperparameters and K
is the maximum Langevin dynamics time step. Besides,
∇xfθ (xk−1) means the gradient of ASM at xk−1.

Algorithm 1: Constrained Offline Optimization via Risk
Evaluation and Management (COOREM)

Input: Offline dataset D, learning rate η, maximum
Langevin dynamics step K, Langevin dynamics step-
size λ, and initial momentum m.

Output: Final solution xT after optimizing T steps.
1: Sample OOD high-risk distribution hO(x) and infeasi-

ble high-risk distribution hC(x) by Langevin dynamics
in Eq. (6) and infeasible offline dataset.

2: Sample low-risk distribution l(x) from feasible offline
dataset.

3: {Phase 1: Training Process}
4: for i = 1 in training steps do
5: ▷ Adaptive Surrogate Model (ASM)
6: Train Surrogate f̂θ(x) on D using MSE loss with

Eq. (2).
7: ▷ Composite Risk Evaluation Model (CREM)
8: Train dual-energy model EϕO

(x) and EϕC
(x) using

contrastive divergence loss with Eq. (4) and Eq. (5).
9: end for

10: Calculate the risk suppression factor RϕO
(x) and

RϕC
(x) with Eq. (8).

11: {Phase 2: Optimization Process}
12: ▷ Adaptive Risk Management (ARM)
13: for t = 1 in optimization steps T do
14: xt ← xt−1 +

(
RϕO

(x) − σRmax
ϕO

)(
τRmax

ϕC
−

RϕC
(x)

)
∇xfθ(xt−1)

15: end for
16: return xT

The motivation and specific process of Langevin Dynam-
ics LDθ to simulate high-risk OOD distribution hO(x) are
as follows. First of all, as shown in Theorem 1, the rea-
son why Langevin Dynamics LDθ can be used is that the
risk in it gradually increases with each sampling step, and
ultimately the return distribution hO(xk) is high risk. To
achieve it, Langevin Dynamics LDθ , starting from the low-
risk distribution l(x), does K iterations of gradient ascent to
characterize high-risk OOD distribution hO(x).

Theorem 1 (Upper Bound of the Prediction Error in
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Langevin Sampling). In the Langevin dynamics procedure,
if the norms ∥f∥∞ = sup{|f(x)| : x ∈ X} and ∥f̂θ∥∞ =

sup{|f̂(x)| : x ∈ X} are defined, the prediction error for
f̂θ(x) over any OOD distribution hO(x) is constrained by
an upper bound:

Ŝθ(h
k
O)− S(hk

O) ≤ Ŝθ(l)− S(l) + Cf ;fθTV (hk
O; l) , (7)

where Cf ;fθ = 2(∥f̂θ∥∞ + ∥f∥∞), Ŝθ(π) = Ex∼π[f̂θ(x)],
S(π) = Ex∼π[f(x)], and the total variation TV (hk

O; l) =∫
X |hO(x

k)− l(x)|dx.
The proof of Theorem 1 can be found in Appendix A. And

Appendix A-B can be found in https://github.com/zhuyiyi-
123/COOREM. Theorem 1 demonstrates that as LDθ pro-
gresses, the gap between l(x) and hO(x

k) increases, result-
ing in a larger total variation TV (hk

O; l). Consequently, the
final distribution hO(x

k) attains the largest upper bound,
making it more susceptible to large prediction errors. This is
why it is considered the high-risk OOD distribution hO(x

k).
In Eq.(3), Z(ϕ) requires integration over the entire input

space, making it impractical to compute directly. Thus, it
is necessary to identify an alternative approach. Fortunately,
favoured by theorem 2, we find thatLCD can be equivalently
represented as Ex∼l(x) [Eϕ(x)]− Ex∼h(x) [Eϕ(x)].

Theorem 2 (Equivalent form ofLCD(ϕ)). The loss function
LCD(ϕ) can be equivalently expressed as Ex∼l[Eϕ(x)] −
Ex∼h[Eϕ(x)], where l(x) represents a low-risk distribution
and h(x) represents a high-risk distribution.

The proof of Theorem 2 is provided in Appendix A. The-
orem 2 suggests that training the distribution h(x) is equiv-
alent to directly training on the output of Eϕ(x). This alter-
native training approach lowers the energy of designs in the
low-risk distribution l(x) and raises it in the high-risk distri-
bution h(x). Consequently, the energy model can estimate
the risk of any design from h(x) and l(x), with the output
energy serving as a measure of risk for the designs.

Adaptive Risk Management (ARM)
The core of COO is to find feasible and better designs in
the whole optimization. However, despite prior COO meth-
ods (Kumar et al. 2022; Huang and Wang 2021) having
taken this into account, the issue, i.e., the risk of perfor-
mance degradation increases, is still available as the opti-
mization process proceeds. To address it, we propose ARM,
which includes proposing risk suppression factor and detail-
ing its application in the optimization process.

Risk Suppression Factor of COO. To apply risk in the
optimizer and perform stable optimization, we only need to
add the risk into the optimization process. In practice, we
adopt a normalization method to map energy values Eϕ(x)
in Eq. (3) to a specific range to enhance the model’s robust-
ness and ensure consistent performance during optimization.
Therefore, the risk suppression factor can be expressed as:

Rϕ(x) =
m(Eh(x)− Eϕ(x))

Eh(x)− El(x)
, (8)

where Eh(x) = Ex′∼h(x) [Eϕ (x′)], El(x) = Ex′∼l(x)[Eϕ

(x′)], and m is defined as the initial momentum.

Traditional methods tend to directly apply a gradient as-
cent with the fixed learning rate for optimization, which may
result in finding erroneous overestimation, or infeasible de-
signs; PRIME addresses erroneous overestimation and con-
strained issues through conservative models, which indis-
criminately lower the scores y of OOD and infeasible de-
signs x. However, as shown in Figure 1, OOD and infeasi-
ble situations should not be treated equally. Equating the two
risks can result in an overly conservative model, avoiding the
area whenever either risk is high. To address it, ARM incor-
porates the risk suppression factor Rϕ(x) into the gradient
ascent optimizer to identify current high-risk states and thus
adopt appropriate strategies:

xt ← xt−1 +Rϕ(xt−1)∇xfϕ(xt−1) . (9)
Rϕ(x) acts similarly to an adaptive step size in online

optimization methods like Adam. Unlike online optimizers,
which can adjust based on feedback (i.e., active interaction),
offline optimizers cannot do it. ARM proposes using risk in-
formation from the offline dataset D for adaptive optimiza-
tion. The optimizer adjusts based on the current risk.

Specifically, in Figure 1 (a), when neither OOD nor infea-
sible situations are present (both the OOD risk suppression
factor RϕO

(x) and the constrained risk suppression factor
RϕC

(x) are high), a standard learning rate is applied. In Fig-
ure 1 (b), with low OOD risk and significant constraint vio-
lations (RϕO

(x) high, RϕC
(x) low), a larger learning rate is

used to quickly move away from infeasible designs. In Fig-
ure 1 (c), the optimizer should reverse direction when high
OOD risk indicates that low constrained risk may be unreli-
able, suggesting a retreat. Finally, in Figure 1 (d), the model
should avoid high-risk designs by following the gradient in
the opposite direction, as halting optimization at this time
can degrade design quality. We find that ARCOO has typi-
cally reduced the step size to near zero in high-risk regions
to prevent obtaining poor-quality designs. However, our ap-
proach offers an improvement by not only preventing poor
designs but also guiding the optimization process back to
low-risk regions. This proactive adjustment ensures that the
optimization remains focused on areas with a higher likeli-
hood of success, thereby enhancing overall design quality.

To accomplish this, we introduce a novel risk suppression
factor Rϕ(x) that integrates OOD risk suppression factor
RϕO

(x) and constrained risk suppression factor RϕC
(x):

Rϕ(x) =
(
RϕO

(x)− σRmax
ϕO

)(
τRmax

ϕC
−RϕC

(x)
)
, (10)

where σ and τ are hyperparameters. OOD and constrained
risk suppression factors jointly determine both the mag-
nitude and direction of the novel risk suppression factor
Rϕ(x), which are collectively influenced by the product of
the OOD and infeasible risk. RϕO

(x)max and RϕC
(x)max

are the local maximization of risk in each round. Theorem 3
has proved that Rϕ(x) has an upper bound that can control
risk within an appropriate range.
Theorem 3 (Upper Bound of the Risk Suppression Factor).
Given a design x, consider a Gaussian distributionN (x;σ)
where σ is the standard deviation and c = m2 · (τ−1) · (1−
σ), if ∥E∥∞ exists, then Rϕ(x) is upper bounded:

Rϕ(x) ≤ c · TV (hk
O(x);N (x;σ))

TV (hk
O(x);Pl(x))

· TV (hk
C(x);N (x;σ))

TV (hk
C(x);Pl(x))

. (11)
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The proof of Theorem 3 can be found in Appendix A.
Theorem 3 reveals the distance constrains the risk suppres-
sion factor from the high-risk distribution h(x), σ, and τ
on each optimization process. When the current designs ap-
proach the high-risk distribution h(x), the bound contracts
and mitigates the risk, resulting in a decrease. The new risk
suppression factor Rϕ(x) adjusts adaptively based on risk.
Specifically, the higher risk suppression factor Rϕ(x), the
lower the risk. A low RϕO

(x) indicates a high OOD risk.
Given this high risk, following the gradient is advisable, ir-
respective of other factors. Consequently, σ is set to a min-
imal value, such as 0.1, which prompts a retreat when the
risk falls below this threshold, i.e., RϕO

(x) < σRϕO
(x)max.

When a constraint is violated, and the OOD risk is low, as in-
dicated by τRϕC

(x)max < RϕC
(x), increasing the step size

is beneficial to move away from infeasible designs swiftly.
Conversely, if the risk is high, a larger step size helps re-
vert to feasible designs. Furthermore, a moderate step size is
preferable when both risk suppression factors (i.e., RϕO

(x)
and RϕC

(x)) are high. Consequently, we set τ greater than
1 (e.g., 1.1) to adjust the action of the gradient.

Experiments
This section first introduces the experimental setup, includ-
ing baselines and tasks. Extensive experiments are con-
ducted on these tasks to answer the following questions. The
code of this paper is available at https://github.com/zhuyiyi-
123/COOREM.
Q1: How does COOREM perform when compared with on-
line and offline state-of-the-art (SOTA) algorithms in terms
of optimality and stability?
Q2: Can COOREM mitigate OOD and constraint issues?
Q3: How do ASM and ARM contribute to the performance
of COOREM respectively?
Q4: How do the hyperparameters, i.e., the step of Langevin
Dynamic K, risk control σ and τ , affect COOREM?

Task Description
We conduct experiments on two gtopx space mission tasks:
Cassini 1 and Cassini1-MINLP (Schlueter et al. 2021) and
three CEC tasks (Kumar et al. 2020): Three-bar truss design
problem, Process synthesis problem, Welded beam design.

Table 1 below shows the number of decision variables,
the number of constraints, and the feasible optimal objective
function values of the five tasks. A detailed task description
and implementation details can be found in Appendix B.

Experimental Setup
This subsection introduces the experimental setup including
compared methods, optimality indicator, and stability indi-
cator. The details are provided in Appendix B.

Baselines and Comparisons. We compare COOREM
against four COO methods and three constrained online op-
timization methods. All the experiments are independently
repeated with 10 seeds. In all the experiments, we provide
the same dataset to all COO methods, while the online meth-
ods can actively select which designs to query.
Constrained offline optimization methods:

Tasks D g f(x∗)

Cassini 1 6 4 4.9307
Cassini 1-MINLP 10 4 3.5007

Three-bar 2 3 263.8958
Process synthesis 2 2 2.0000

Welded beam design 4 5 1.6702

Table 1: Details of experiments’ dataset, D and g means the
number of decision variables and constraints, and f(x∗) is
the best feasible objective function value.

• DE-PF(S) (Huang and Wang 2021) is a COO method,
which uses static penalty functions to handle constraints.

• DE-PF(A) (Huang and Wang 2021) is a COO method,
which uses adaptive penalty functions to handle.

• DE-SFP(A) (Huang and Wang 2021) is a COO method,
which uses superiority of feasible designs to handle.

• PRIME (Kumar et al. 2022) utilizes a conservative model
to solve OOD and constrained issues.

Constrained online optimization methods:

• SCBO (Eriksson and Poloczek 2021) is a scalable con-
strained Bayesian optimization.

• CEO is a constrained evolutionary optimization, which is
implemented by Scikit-opt.

• LLM (Ito and Kunisch 2008) is the traditional Lagrange
Multiplier Method.

Optimality Indicator (OI). Evaluating the performance
of COOREM can be a challenging task as the result of stop-
ping at a certain step does not indicate completely the op-
timal performance of the algorithm. Comparing algorithm
A (current constrained offline optimization algorithm) with
Acon (the most conservative baseline, i.e., optimal design in
the offline feasible dataset), OI serves as a measure, quan-
tifying the degree to which A exceeds Acon’s performance.
It can be formally defined as: OI(A) = SA

SAcon
, where SA de-

notes the shared area under the curve of algorithm A, and
SAcon signifies the area under the curve of algorithm Acon.

Stability Indicator (SI). Evaluating the stability of
COOREM is an important task as we don’t know at which
step the algorithm stops. By comparing the optimal design
obtained by algorithm A at each step of optimization with
those of an ideal algorithm Aideal (i.e., the optimal design
found in the whole optimization), we measure the stability
of algorithm A. The higher SI, the closer the designs gen-
erated by algorithm A are to the optimal design found in
the optimization processes. The formula can be expressed as
SI(A) = SA

SAideal
, where SAideal is the area under the hypotheti-

cal ideal algorithm Aideal.

Experimental Results
We focus on OI and SI for COO methods due to their inabil-
ity to interact with unknown functions, preventing real-time
quality assessment. This makes maintaining stability and
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Tasks Three-bar Process synthesis Cassini 1 C-MINLP Welded beam

Online
SCBO -264.50 -2.00 -282.00* -147.60 -1.87
CEO -263.90 -2.00 -7.27 -9.25 -2.10

Lagrange -280.91 -2.89 - - -7.82

Best OI SI Best OI SI Best OI SI Best OI SI Best OI SI
xOFF -265.89 3.20 -11.92 -22.44 -7.08

Offline

DE-PF(S) -273.65 1.16 1.16 -2.82 0.89 1.08 - 835.41 835.41 - 443.77 443.77 -8.83 1.67 1.67
DE-PF(A) -272.41 1.08 1.08 -2.29 0.95 1.03 - 835.41 835.41 - 443.77 443.77 -8.72 2.25 2.25

DE-SPF(A) -280.99 1.07 1.07 -2.50 0.94 1.01 - 835.41 835.41 - 443.77 443.77 -9.4 1.21 1.27
PRIME -293.59* 37.15 37.15 -2.22 3006.86 4381.60 - 835.41 835.41 - 443.77 443.77 - 1406.50 1406.50

COOREM -264.72 0.89 1.01 -2.09 0.65 1.03 -12.92 1.01 1.01 -7.84 0.79 1.08 -2.93 0.82 1.05

Table 2: Comparisons on the quality of final designs with constrained online optimization and COO methods. xOFF means the
best feasible design in offline dataset. The value marked in * indicates that the feasibility rate is lower than 80% during 10
independent repetitions. “-” in the text means feasible designs cannot be found. In this case, we default to rating the quality of
the design as extremely poor and assigning a value of 10,000.

high-quality predictions essential for good results. In con-
trast, online optimization allows for real-time solution qual-
ity evaluation and model adjustment to improve outcomes.
Since the standard deviation of online and offline algorithms
is relatively small, the experimental results in this paper only
provide the mean value.

Optimality and Stability Performance (Q1). Table 2
shows that COOREM almost outperforms all COO meth-
ods and some online methods. In the CEC tasks, which are
relatively easy to optimize due to low search dimensions and
few constraints, nearly all online and offline methods, except
PRIME, can find feasible and stable high-scoring designs in
Table 2. However, in more challenging gtopx space mission
tasks, online optimization algorithms SCBO and CEO can
find feasible designs, but not only are the designs found by
SCBO not good, but also prior COO methods fail to find
feasible designs even in the first few steps of optimization,
and this results in large values of OI and SI. For example,
previous COO methods could not find a feasible design on
the Cassini 1 task, so they assign a poor value, resulting in
their OI and SI being equal and having a very high value of
835.41. COOREM successfully finds high-quality designs
through effective risk control strategies. In addition, our re-
search finds that compared with traditional conservative con-
strained online optimization methods, methods using evolu-
tionary strategies perform better.

Ablation Study (Q2 & Q3). To understand how
COOREM addresses the OOD and constrained problems
jointly, and how the ASM and ARM components affect the
performance of COOREM, we conduct an ablation study on
the Welded task. Specifically, we compare COOREM with
the following variants:

• COOREM w/o CSM - A surrogate model with no control
over constraints.

• COOREM w/o ASM - A proxy model with static control
over constraints.

• COOREM w/o ARM - A normal gradient ascent.
• COOREM w/o FARM - A gradient ascent with learning

rate RϕO
(x)RϕC

(x).
• COOREM w/o ARMO - A gradient ascent algorithm that

only cares about OOD risk.

• COOREM w/o ARMC - A gradient ascent algorithm that
only cares about constrained risk.

Such comparisons help reveal the impact of each component
on overall performance.

• Compared to COOREM, COOREM w/o CSM and ASM
can only get a small improvement because although we
use risk to know the operation of the gradient, it tends to
go to those high-scoring but infeasible designs, even if
we handle the constraints like COOREM w/o ASM.

• Compared to COOREM, COOREM w/o ARM does not
improve performance due to the overestimation of high-
risk OOD designs later in the optimization process. The
algorithm often gets trapped in infeasible areas, failing to
distinguish these from feasible ones.

• Compared to COOREM, COOREM w/o ARMO and
ARMC will stop at the beginning of optimization as they
can only handle one bad situation and are easily trapped
in another bad situation.

Additional ablation analysis is in Appendix B.
Hyperparameter Analysis (Q4). We also conduct hyper-

parameter analysis on the impact of the step of Langevin Dy-
namics K, σ and τ in the risk control. COOREM exhibits
robustness and low sensitivity to hyperparameters. The de-
tailed results are available in Appendix B due to space limi-
tation.

Conclusion
This paper presents a constrained offline black-box opti-
mization method called COOREM, which uses the energy-
based model to assess risks during the optimization process
and introduces a novel strategy to control them. We also pro-
pose the adaptive surrogate model, which can avoid sam-
pling infeasible areas. Compared with existing COO meth-
ods, COOREM provides superior performance. Notably, dy-
namically adjusting the step size and keeping it stable dur-
ing the optimization process can help the surrogate focus
more on improving performance rather than being deliber-
ately conservative. COOREM is an attempt to take a solid
step forward in finding stable, good, and feasible designs. In
the future, developing strategies for surrogate models with
better generalization performance as a prior is expected.
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