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Abstract

The core challenge of high-dimensional and expensive black-
box optimization (BBO) is how to obtain better performance
faster with little function evaluation cost. The essence of the
problem is how to design an efficient optimization strategy
tailored to the target task. This paper designs a powerful op-
timization framework to automatically learn the optimization
strategies from the target or cheap surrogate task without hu-
man intervention. However, current methods are weak for
this due to poor representation of optimization strategy. To
achieve this, 1) drawing on the mechanism of genetic algo-
rithm, we propose a deep neural network framework called
B20pt, which has a stronger representation of optimization
strategies based on survival of the fittest; 2) B2Opt can utilize
the cheap surrogate functions of the target task to guide the
design of the efficient optimization strategies. Compared to
the state-of-the-art BBO baselines, B2Opt can achieve multi-
ple orders of magnitude performance improvement with less
function evaluation cost.

1 Introduction

Many tasks, such as neural architecture search (Elsken,
Metzen, and Hutter 2019) and hyperparameter optimiza-
tion (Hutter, Kotthoff, and Vanschoren 2019; Golovin et al.
2017), can be abstracted as black-box optimization (BBO),
which means that although we can evaluate f(z) for any
x € X, we have no access to any other information about
f, such as the Hessian and gradients. Moreover, it is expen-
sive to evaluate f(x) in most cases. Various hand-designed
algorithms, such as genetic algorithms (GAs) (Khadka and
Tumer 2018), Bayesian optimization(Mutny and Krause
2018; Eriksson et al. 2019), and evolution strategy (ES)
(Wierstra et al. 2014; Salimans et al. 2017), have been de-
signed to solve BBO. Their purpose is to design optimiza-
tion strategies that allow them to continuously sample better
solutions.

Recently, the learning to optimize (L20) framework
(Andrychowicz et al. 2016; Chen et al. 2022) gives a new
insight into optimization. They leverage the recurrent neu-
ral network (Chen et al. 2020, 2017; Li and Malik 2016;
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Wichrowska et al. 2017; Bello et al. 2017), multilayer per-
ceptron (Metz et al. 2019), or Transformer (Gértner et al.
2023) as the optimizer to develop optimization methods,
aiming at reducing the laborious iterations of hand engineer-
ing (Vicol, Metz, and Sohl-Dickstein 2021; Flennerhag et al.
2022; Li and Malik 2016). The core of L20O is construct-
ing a solid mapping from the initial solutions to the optimal
solution. Moreover, several efforts (Cao et al. 2019; Chen
et al. 2017; Lange et al. 2022) have coped with the black-
box problems, their effectiveness may be hindered by the
limited representation capabilities of optimization strategy
and a large number of evaluations on expensive black-box
functions. As such, they often deal with low-dimensional
problems.

The GA uses a static sequence of operators for black-
box optimization, which can result in inefficient sampling.
Drawing from a recent study (Zhang et al. 2021) that com-
pares the transformer architecture to EAs, noting paral-
lels between genetic operators and transformer components,
we’ve adapted the transformer’s core module. This insight
led to the creation of B2Opt, a parameterized optimization
strategy representation.

We design three modules for mapping random solutions to
optimal solutions. The Self-Attention (SA)-based Crossover
module (SAC) generates potential individuals. Its output
feeds into the Feed-Forward Network (FFN)-based Mutation
module (FM) to avoid local optima. The Residual and Se-
lection module (RSSM) selects the fittest individuals. These
modules form a B2Opt Block (OB). By stacking OBs, we
simulate GA iteration rules to represent robust optimization
strategies.

Adapting B2Opt strategy for target tasks involves updat-
ing its parameters using task info. To minimize costly func-
tion evaluations, we create a cheap surrogate function set
for B2Opt training. This set, resembling target BBO prob-
lems, includes initial populations and designed surrogates.
Training uses gradient-based methods like SGD and Adam,
eliminating the need for expensive function queries.

B20pt undergoes rigorous testing on six standard func-
tions, BBOB challenges (Finck et al. 2010) in high di-
mensions, neural network training, and the planar mechan-
ical arm problem (Wang et al. 2022). The experimental re-
sults position B2Opt at the forefront, showcasing its supe-
rior performance compared to five leading EA baselines,
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Figure 1: Overall architecture of B20pt and OB. B2Opt
comprises a stack of 7" OBs. These units can be configured
to share or not share weights among themselves. In oper-
ation, the initial random population X° is fed into B20pt,
which then generates the optimal population X7

three state-of-the-art (SOTA) Bayesian optimization base-
lines, and three top-performing L20 methods. The high-
lights of this paper are shown as follows:

e Compared with the SOTA BBO methods, B2Opt
achieves multiple orders of magnitude performance im-
provement with fewer function evaluations even if the
training dataset is a low-fidelity set of the target black-
box function.

We design the B2Opt framework to realize the automated
GA, which can better represent optimization strategies.
It is easier to map random solutions to optimal solutions
with fewer evaluation times during optimization.

We design a new training strategy to reduce the evalu-
ation cost of expensive objective functions during train-
ing. It uses cheap surrogate functions for expensive target
tasks instead of directly evaluating the target black-box
function.

2 Related Work
2.1 Population-based BBO Algorithm

Our work is closely related to the population-based BBO al-
gorithm (Ros and Hansen 2008; Sampson 1976; Kennedy
and Eberhart 1995; Gong et al. 2015; Storn and Price 1997;
Stanovov, Akhmedova, and Semenkin 2022). However, with
limited knowledge of the target problem, the algorithms
mentioned above rely heavily on carefully hand-crafted de-
signs, which is time-consuming and unreliable. Ultimately,
they are unable to automatically modify their optimization
strategies according to the target task, resulting in low-
performance degradation and extreme inflexibility.

2.2 Meta-Learn BBO Algorithm

Meta-learn (or learn-to-learn) is also an important research
direction of AutoML (Hutter, Kotthoff, and Vanschoren
2019). Here, we mainly focus on a learnable optimization
strategy for BBO (Ma et al. 2024), divided into two parts.

Meta-Learn Whole BBO Algorithm Our proposal be-
longs to this type. These methods parametrize the optimiza-
tion algorithm by an neural network processing the raw so-
lution vectors and their associated fitness (Chen et al. 2017,
TV et al. 2020; Cao et al. 2019; Gomes, Léger, and Gagné
2021; Wu et al. 2023; Li et al. 2024).
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Meta-Learn Part BBO Algorithm This type only learns
some parts of the algorithm, not the overall algorithm
(Miiller et al. 2023; Shala et al. 2020; Lange et al. 2022,
2023; Salimans et al. 2017; Guo et al. 2024).

The limitations of these meta-learn methods are shown as
follows: 1) to train the meta-optimizer, a large number of ex-
pensive black-box functions need to be requested, which is
very unrealistic; 2) the established loss function for training
the meta-optimizer is challenging to optimize, resulting in
a poor representation of the optimization strategy. Thus, we
propose B20pt overcome the above limitations.

2.3 LLM for Optimization

Various optimization approaches leveraging Large Lan-
guage Models (LLMs) have emerged to address diverse
BBO problem domains (Romera-Paredes et al. 2023; Mey-
erson et al. 2023; Liu et al. 2023; Yang et al. 2023; Lehman
et al. 2023; Ma et al. 2023; Chen, Dohan, and So 2023; Nasir
et al. 2023; Mo et al. 2024). These methods lack the univer-
sal applicability as pretrained BBO models due to a defi-
ciency in generating capabilities across tasks. A more de-
tailed introduction to these related works is presented in the
Appendix A.

3 Framework of B20pt

We introduce the background knowledge related to genetic
algorithms (GA) and transformers in Appendix B.

3.1 Problem Definition

A black-box optimization problem can be transformed as a
minimization problem, as shown in Eq. (1), and constraints
may exist for corresponding solutions:

min f(x),s.t. z; € [l;,u) (D)
where x = (z1, 22, -+ ,x4) represents the solution of op-
timization problem f, the lower and upper bounds 1 =
(li,la, -+ ,lg) and u = (uq,us, -+ ,uq), and d is the di-
mension of x. Suppose n individuals of one population be
X = [x1,%2, - ,%,]7T, then B20pt are required to find the
population near the optimal solution. Note that we only have
a very small number of function evaluations to achieve.

3.2 Self-Attention Crossover Module

Inspired by the crossover operator in GAs, we propose an
SA-based module to generate potential solutions by maxi-
mizing information interaction among individuals in a pop-
ulation. Suppose a population X is arranged in a non-
descending order of fitness, and F € R™*1 pe the fitness
matrix of X. Then, this module can be represented as fol-
lows:

X¢=SAC(X,F)

where X¢ = [x§,x§, -
the SAC module.

Since the order of individuals does not affect the popula-
tion distribution, SA does not require position coding. Stan-
dard SA projects the input sequence X into a d-dimensional

2

,x¢]7 is the output population of



space via the queries (Q), keys (K), and values (V). We re-
move these three mappings for enhanced transferability and
X = AX. A € R" " is a self-attention matrix that can
be learned to maximize inter-individual information interac-
tion based on individual ranking information. Since A uses
individual ranking information instead of fitness value infor-
mation, A is invariant to the problems, which is beneficial to
improve the generalization performance of the model. This
is why the population needs to be sorted in non-descending
order. We further introduce fitness information to assist in
designing the SAC module:

AP = SA(F) = Softmax (FWQ(FWK)T /\/@)

3
Thus, X¢ = AX + AFX. To better balance the roles of A
and A, we introduce two learnable weights W§ € R"*!
and W§ ¢ R"™*1 Therefore, the final SAC module is shown
as follows:

X¢ = tile(W$) © (AX) + tile(W$5) © (AFX)  (4)

where © represents Hadamard product and the tile copy
function extends the vector to a matrix.

3.3 FFN-based Mutation Module

In Transformer, each patch embedding carries on directional
feature transformation through the FFN module. We take
one linear layer as an example: X = XW?, where W'
is the weight of the linear layer, and it is applied to each
embedding separately and identically. The similar formula
format of mutation operator and FFN inspires us to design
a learnable mutation module FM based on FEN with Re LU
activation function:

X™ = FM(X®) = (ReLU (X*WY¥ 4+ b1))WL + b,

(5)
where X™ is the population after the mutation of X¢. WZ
and W1 represent the weight of the second layer of FFN
and the weight of the first layer of FFN, respectively. b, and
b; represent the bias of the second layer and the first layer
of FEN, respectively. FM is designed to escape the local op-
timum.

3.4 Selection Module

The residual connection in the transformer can be analo-
gized to the selection operation in GA (Zhang et al. 2021).
The RSSM generates the offspring population according to
the following equation:
X = RSSM(X,X¢,X™)
= Sort(SM (X, tile(W3) ® X
+ tile(W3) © X + tile(W3) © X™))

(6)

where X is the fittest population for the next generation; the
learnable weights W{ € Rnx1, W3 € R™*1, and W3 €
R™*1 are the weights for X, X¢, and X™, respectively.
Sort(X) represents that X is sorted in non-descending order
of fitness. We use quicksort to sort the population based on
function fitness. These three learnable weight matrices real-
ize the weighted summation of residual connections, thereby
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ID Functions Range
. x; € [—10,10
TF, > lwisin(z)| b € [[_10’ 10]]
) x; € [—10, 10]
Tr 2l bi € [10,10]
2il(zi) + (zie1)] @ € [-10,10]
TFs +3° 4] b; € [~10,10]
TF, ) 2; € [~100,100]
(Sphere) i % bi € [-50,50]
. 2; € [~100,100]
TH {lal T=i< Dy "% " 50!50]
D-1
TFg (100(2? — zi41)?+ a; € [—100, 100]
(Rosenbrock) =1 N b; € [—50,50]
(z —1)7)
D
TFr S (22 —10cos(2mz;)) @ € [-5,5]
(Rastrigin) =1 10D b; € [-2.5,2.5]
D
TFg 4060_ x; € [*600,600}
Griewank i=1 b; € [—300, 300
( R cos(3) + 1 [ |
T2 i A
TR, — —20 exlp(—D ) 4 e [-32,32)
(Ackley) —exp(g 2= cos(27z;)) b; € [~16,16]
+20 + exp(1)

Table 1: Training and testing functions. T'F}-T'F3 are train-
ing functions and TF,-TFy are testing functions. Here,

simulating a learnable selection strategy. Meanwhile, intro-
ducing residual structure enhances the model’s representa-
tion ability, enabling B2Opt to form a deep architecture.
SM updates individuals based on a pairwise comparison
between the offspring and input population regarding their
fitness. Suppose that X and X' are the input populations of
SM. We compare the quality of individuals from X and X'
pairwise based on fitness. A binary mask matrix indicating
the selected individual can be obtained based on the indi-
cator function l,~o(x), where l;~o(x) = 1if x > 0 and
loso(x) = 0 if 2 < 0. SM forms a new population X by
employing Eq. (7).
X = tile(ly»o(Mp: — Mp)) © X
+ tile(1 — lyso(Mp — Mp)) © X

where the tile copy function extends the indication vector to
a matrix, M (M) denotes the fitness matrix of X(X").

)

3.5 Structure of B2Opt

B20Opt comprises basic ¢ B20Opt blocks (OBs), and param-
eters can be shared among these ¢ OBs or not. The over-



all architecture of B2Opt and OB is shown in Figure 1.
Each OB consists of SAC, FM, and RSSM in sequential
order. X? € R"*9 represents the initial population input
into B2Opt, which must be sorted in non-descending fitness
order. In Eq. (8), X?~! is fed into OB, to get X*, where
i1 € [1,t]. B2Opt realizes the mapping from the random ini-
tial population to the target population by stacking ¢t OBs.

X! =0B(X"™1); X®=SACX"' F); (©))
X™=FM(X%); X'=RSSM(X"! X X™)
3.6 Training of B20pt
Goal We introduce the parameters 6 of B2Opt,

which need to be optimized. Here, we set 6
{W$, W5, A WE WE by by, W5, W5, W5}
Surrogate Function Given a target problem f(x | w),
we define its surrogate function as f(x | @). x is the input
of function, w and w are the parameters of the target prob-
lem and the surrogate function respectively. Given tn target
problems { f;(x | w;) | @ € [1,tn]}, we can construct a cor-
responding set of surrogate task set composed of functions
{fi(x | @ ;) | i € [1,sn],j € [1,sn’]}, where sn repre-
sents the number of surrogate functions, anJ represents the
number of different arguments samples of surrogate function
fi. In this paper, we build all surrogate functions manually.
We do not limit the way to obtain the surrogate function, it
can be manually designed or learned.

Training Dataset Training data is a crucial factor be-
yond the objective functions. Unless otherwise specified, we
choose T'F'1 —T'F'3 as the training function, see Table. 1 for
details. This paper establishes the training set by construct-
ing a set of surrogate functions related to the optimization
objective. This training dataset only contains (X°, f;(x |
@)), the initial population, and the surrogate objective func-
tion, respectively. The variance of & causes the shift in land-
scapes. The training dataset is designed as follows: 1) Ran-
domly initialize the input population X°; 2) Randomly sam-
ple a surrogate objective function fi (x | @&, ;) by adjusting
the parameter &; 3) Evaluate X° by fi(x | &, j); 4) Repeat
Steps 1)-3) to generate the corresponding dataset. We show
the training and testing function set designed as follows:

FtTam = {fl(X ‘ (Di,j) | i€ [LS”L]' € [1,8712)]} 9
Frest = {fi(x | wi) i € [1,tn]} (10)
Loss Function
|)é0| > filx|w) - Wlxm > filx|w)
I = x€X0 xXEEy(X9) (11)

ﬁ Y. fix|w)
xeX0

B20pt attempts to search for individuals with high quality
based on the available information. The loss function tells
how to obtain the parameters of B2Opt to generate individ-
uals closer to the optimal solution by maximizing the dif-
ference between the initial population and the output pop-
ulation of B20pt. The following loss function /;(X°, f(x |
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w), ) is employed (see Eq. 11), where 6 denotes parame-
ters of B20pt (F). Equation (11) calculates the average fit-
ness difference between input and output, further normal-
ized within [0, 1]. To encourage B2Opt to explore the fitness
landscape, for example, the constructed Bayesian posterior
distribution over the global optimum can be added to Eq.
(11). We have three ways to train B2Opt:

1. When we can construct a differentiable surrogate func-
tion of the objective function, we use the gradient infor-

mation of Eq. (11) to train B2Opt.

. When it is difficult to construct differentiable surrogate
functions for the objective function, we can use REIN-
FORCE (Williams 1992) to estimate these derivatives.

. We can use ES (Vicol, Metz, and Sohl-Dickstein 2021)
to train B2Opt with black-box training functions. Here,
we focus on introducing B2Opt training through the first
method.

Training B20pt We then train B2Opt in a supervised
mode. Since the gradient is unnecessary during the test pro-
cess, B20pt can solve BBO problems. To prepare B2Opt
to learn a balanced performance upon different optimization
problems, we design a loss function formulated as follows:

> L(XO, filx|wi™ ™), 0)
) X0€eQ
arg min lo (€2, 0, fi(x|w)) =
0

-K

(12)
We employ Adam method with a minibatch €2 to train B2Opt
upon training dataset.

Detailed Training Process The goal of the training algo-
rithm is to search for parameters 0* of B2Opt. Before train-
ing starts, B2Opt is randomly initialized to obtain the initial
parameters 6. The algorithm will then perform the following
three steps in a loop until the training termination condition
is satisfied:

1. Step 1, randomly initialize a minibatch €2 comprised of

K populations X?;

. Step 2, for each f; € F train given training data
(XY, f;), update § by minimizing the lq, (see lines 9 to
12 of Algorithm 1);

. Step 3, given X, update 6 by minimizing —1/m ", lo,
where m is the number of functions in "™ (see lines
14 to 23 of Algorithm 1).

After completing the training process, the algorithm will
output #*. The pseudocode of the training phase is described
in Appendix D Algorithm 1.

3.7 Driving B2Opt to Solve New Problems

The trained B2Opt does not require the gradient information
of the target problem and can be directly used to solve the
BBO problem. In the testing phase, the goal of B2Opt is to
map a random population X" to a population X*', which
is closer to the global optimum. A detailed introduction is
given in Appendix D Algorithm 2.
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Figure 2: B2Opt’s performance on BBOB. The problem di-
mensions of (left) and (right) are 10 and 100, respectively.
This metric is the optimal value found on the function. To
present the results more clearly, we normalize the experi-
mental results. The higher the value here, the better the per-
formance.

4 Experiments
4.1 Experimental Setup

Datasets This paper first employs 6 commonly used func-
tions (T'F4-T Fy) to show the effectiveness of the proposed
B20pt. Then, we evaluate the performance of the proposed
scheme on the planner mechanic arm problem (Cully et al.
2015; Mouret and Maguire 2020), a robotic control prob-
lem that has been widely used to evaluate the performance
of BBO algorithms. We further analyze the performance of
B20Opt in the field of neuroevolution. We evaluate the perfor-
mance of training a convolutional neural network (Howard
et al. 2017) using B20pt on the MNIST classification task.
Please see Appendix F for the detailed introduction of the
tasks.

Baselines We design three B2Opt models, including 3
OBs with WS, 5 OBs without WS, and 30 OBs with WS. 3
OBs with WS represents that B2Opt has 3 OB modules, and
these OBs share the weights of each other. Each OB consists
of 1 SAC, 1 FM, and 1 RSSM. In general, B2Opt represents
30 OBs with WS. B20pt is compared with the state-of-the-
art BBO methods, including non-L20 and L20-based. The
reasons for choosing all these algorithms and the parameter
settings are detailed in Appendix G.

1) Non-L20O: EA baselines. DE(DE/rand/1/bin) (Das and
Suganthan 2010), ES((u,A\)-ES), IPOP-CMA-ES (Auger
and Hansen 2005), L-SHADE (Tanabe and Fukunaga 2014),
and CMA-ES (Hansen 2016). Bayesian optimization.
Dragonfly (Kandasamy et al. 2020), SAASBO (Eriksson and
Jankowiak 2021) HEBO (Cowen-Rivers et al. 2022) and
TurBO (Santoni et al. 2023) are employed as a reference.

2) L20-based methods L20-swarm (Cao et al. 2019),
LES (Lange et al. 2022), LGA (Lange et al. 2023)

4.2 Results

Synthetic Functions Here, the structure of B20pt is 30
OBs with WS. The results on synthetic functions are pro-
vided in Fig. 3. We also plot the convergence curves of all
the methods on T'Fy-T'Fy with d = {10,100}, as shown
in Appendix E.1. B2Opt converges quickly and can obtain
better solutions with little budget.
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Figure 3: The compared results of all methods on six func-
tions. The structure of B2Opt is 30 OBs with WS. The left
and right schematic diagrams are the test results when the
dimensions are 10 and 100, respectively. The metric used for
evaluation is the optimal function value found by the differ-
ent methods. To plot this, we normalize the results. A larger
value indicates better performance.

Discussion We delve into the underlying reasons behind
B20pt’s remarkable efficacy (See Appendix 1.1 for details).

From the perspective of landscape features, T'F; -1 F3 in-
clude the following features: unimodal, multimodal, sepa-
rable, and non-separable. The landscape features included
in TFy-TFy are as follows: 1) T'Fy: Unimodal, Separable;
2) TF5: Unimodal, Separable; 3) T Fy: Multimodal, Non-
separable, Having a very narrow valley from local optimum
to global optimum, Ill-conditioned; 4) T'F»: Multimodal,
Separable, Asymmetrical, Local optima’s number is huge; 5)
T Fg: Multi-modal, Non-separable, Rotated; 6) T'Fy: Multi-
modal, Non-separable, Asymmetrical

The landscape features of T'F, and T'F5 can be found
in TFi-TF3. T Fg-T Fy all have new features. The interfer-
ence strength of different characteristics with the landscape
is arranged as follows: Having a very narrow valley from
local optimum to global optimum>Asymmetrical, Lo-
cal optima’s number is huge>Asymmetrical >Rotated.
Therefore, B20pt has the best generalization performance
on T'Fy, TFs5, TFg, the second-best generalization perfor-
mance on T'F; and T'Fy, and the worst on T'Fg.

Results on BBOB We explore the optimization capabil-
ities and generalization performance of B2Opt on BBOB
(Finck et al. 2010). The experimental results of B2Opt on
BBOB are shown in Fig. 2. The convergence curves are
shown in the Appendix E.3. We train B2Opt on the training
function shown in Table 1. The B2Opt architecture we adopt
contains 30 OBs and shares weights. We compare B20pt
with population-based baselines renowned for their perfor-
mance in synthetic T Fy-T'Fy functions. Notably, B20pt,
trained on just three simple functions, attains superior per-
formance in BBOB. Across 10 and 100 dimensions, B2Opt
leads in 20 and 19 out of 24 functions, respectively. B2Opt
achieves great results at little cost and demonstrates gener-
alization capabilities far beyond its training distribution.



T DE ES CMA-ES L20

LSHE

IPOP

LGA LES  TurBO | B2Opt |Untrained

100 1.60(0.1) 10.7(0.4) 1.25(0.1) 40.4(3.89) 0.66(0.1) 1.17(0.1) 178(1.7) 0.48(0.1) 0.42(0.1)
SC 300 2.65(0.1) 35(2.4) 1.84(0.1) 69.5(3.8) 0.54(0.1) 1.21(0.1) 219(1.6) 0.59(0.1) 0.56(0.1)
0.4(0.1) 36.8(1.0) 446(1.4) 37.8(1.9) 96.8(0.2)

1000 155(1.5) 153(2.2) 154(2.3) 176(7.2)

0.19(0.1)
0.28(0.1)
15.1(0.3)

0.8(0.1)
4.26(0.3)
126(0.9)

100 1.17(0.1) 9.22(0.5) 0.78(0.1) 31.9(1.8) 0.25(0.1) 0.72(0.1) 71.5(0.3) 0.29(0.1) 0.17(0.1)
cC 300 13.6(0.5) 38.3(0.6) 5.22(0.5) 89.1(2.0) 54.5(5.3) 0.92(0.0) 129(0.4) 0.35(0.1) 0.45(0.0)
1000 278(2.0) 235(1.4) 239(0.8) 262(3.0) 218(0.9) 167(1.2) 394(1.1) 168(3.3) 229(0.5)

0.15(0.0)
0.17(0.0)
17.9(0.1)

0.94(0.1)
18.6(0.4)
214(0.9)

w/t/l 0/0/6 0/0/6 0/0/6 0/0/6

1/0/5

0/0/6

0/0/6 0/0/6 0/1/5 0/0/6

Table 2: The results of all baselines on the planar mechanical arm. The structure of B2Opt is 30 OBs with WS. Simple case
(SC): searching for different angles with fixed lengths. Complex case (CC): searching for different angles and lengths. w/t/l
represents win/tie/loss to B2Opt. L20, LSHE and IPOP stands for L20-SWARM, LSHADE and I-POP-CMA-ES, respectively.

Datasize| B2Opt ES DE

CMA-ES I-POP-CMA-ES L-SHADE LGA

LES TurBO

0.25 [0.69(0.01) 0.21(0.02) 0.21(0.01) 0.57(0.04)
0.5 |0.80(0.01) 0.21(0.01) 0.24(0.01) 0.61(0.03)
0.75 [0.85(0.00) 0.21(0.01) 0.22(0.02) 0.61(0.03)

1 |0.86(0.00) 0.25(0.02) 0.23(0.02) 0.67(0.01)

0.33(0.02)  0.31(0.03) 0.53(0.02) 0.14(0.02) 0.30(0.07)
0.37(0.04)  0.29(0.01) 0.51(0.01) 0.25(0.03) 0.33(0.03)
0.45(0.02)  0.30(0.07) 0.52(0.05) 0.23(0.07) 0.44(0.02)
0.42(0.02)  0.30(0.01) 0.54(0.04) 0.28(0.01) 0.38(0.05)

Table 3: The classification accuracy of all methods on the MNIST dataset. Datasize represents the proportion of data sets

involved in training.

Untrained 5 OBs 30 OBs 3 OBs
without WS with WS with WS

0.28(0.09) 0.08(0.03) 1.2e-4(5e-5) 8.16(3.44)
0.37(0.05) 0.15(0.03) 0.008(0.002) 1.47(0.40)
45.8(16.9) 15.43(2.34) 8.93(0.03) 1891(1396)
1.08(0.72) 4.43(1.82) 0.01(0.03) 35.72(8.52)
0.69(0.09) 0.06(0.03) 1e-5(2e-5) 0.82(0.10)
0.85(0.20) 0.29(0.07) 0.01(0.003) 3.28(1.00)

f

TF,
TFs
TFs
TF,
TFy
TF,

Table 4: The performance of different B2Opt structures. The
metric used to evaluate is the minimum function value found
in the output population. The lower values in the table indi-
cate superior algorithm performance.

Planner Mechanic Arm The detailed experimental re-
sults are in Tables 2. Please see the Appendix E.2 for the
convergence curve. Note that the parentheses in the table
show the standard deviation if not otherwise specified. The
structure of B2Opt is 30 OBs with WS. Untrained repre-
sents the untrained B20pt. We randomly selected 600 tar-
get points within the range of » < 1000 to form a set S,
where r represents the distance from the target point to the
origin of the mechanic arm. During the training process of
B20pt, a sample point set s is re-extracted from S for train-
ing every T training cycle. In the testing process, we ex-
tracted 128 target points (S*¢*?) in the range of » < 100,
r < 300, and » < 1000, respectively, for testing. The pur-
pose of testing in three different regions is to further explore
the generalization performance of B20pt. B20Opt wins all
SOTA methods and achieves the best results in comparison
with other algorithms. B2Opt loses once to L-SHADE in SC
with » = 1000. However, in the other 5 cases, B2Opt out-
performs L-SHADE. In particular, on the complex problem
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(CC), B20pt is more dominant and stable than L-SHADE.
The optimization objective of this problem does not exist
in the training sets of LGA and LES. A sharp performance
degradation of LGA and LES can be observed. We also
find the surprising phenomenon that Untrained outperforms
most of the baselines, suggesting that the randomly initial-
ized B20pt also has some ability to produce and select po-
tential solutions.

Neural Network Training The detailed results are shown
in Table 3. The evaluation metric is the accuracy of the
test set. When training B2Opt, the optimization objective of
B20Opt is to minimize the cross-entropy loss, which is a sur-
rogate function for metric accuracy. However, in the testing
stage, the optimization goal of B2Opt and other baselines
is to maximize the accuracy of the training set. We select
25%, 50%, 75%, and 100% data from the training set for
training, respectively, which constitute surrogate problems
with different levels of fidelity. Fig. 4(a) shows the conver-
gence curve of B20Opt, LES, LGA, and CMA-ES in this task.
B20pt can achieve the best solution with the least number
of evaluations.

4.3 Parameter Analysis

We analyze the effect of the deep structure, learning rate,
and weight sharing between OBs on B20pt.

B20Opt Architectures We consider the performance of
different B2Opt architectures. The experimental results are
shown in Table 4. They were sorted from good to worst
based on their performance, and the result is 30 OBs with
WS>5 OBs without WS>3 OBs with WS. Deep architectures
have better representation capabilities and also lead to bet-
ter performance. Untrained represents that the parameters of
5 OBs without WS are randomly initialized. 5 OBs without
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Figure 4: (a). The convergence curves of B2Opt and base-
lines on the task of neural network training. The X-axis rep-
resents the number of evaluations, and the Y-axis represents
the test accuracy. B2Opt stops iterating when the number
of evaluations is 144, and the red dotted line is for conve-
nient comparison. (b). Experimental results when n = 25,
d = 10. The metric used for evaluation is the optimal func-
tion value found by the different methods. To plot this, we
normalize the results. A larger value indicates better perfor-
mance. IPOP stands for [-POP-CMA-ES.

WS outperforms Untrained, which demonstrates the effec-
tiveness of the designed training process.

We also find an interesting phenomenon: 5 OBs without
WS outperforms 3 OBs with WS in all cases. Our untrained
deep architecture, 30 OBs with WS, can achieve good results
on simple planner mechanic arm problems, which shows
that B2Opt retains the advantages of Transformer architec-
ture and has strong generalization ability. We used untrained
5 OBs without WS to test the complex planner mechanic arm
problem, which performs poorly.

B20pt yields improved outcomes with deeper architec-
tures, but training deep B2Opt is challenging. ES for opti-
mizing deep models, as explored in (Vicol, Metz, and Sohl-
Dickstein 2021), represents a key future research direction.

Discussion. B2Opt comprises solution generation
(crossover and mutation) and selection modules, enabling
solution search even without training. In Table 2, the
Untrained variant is outperformed by the trained B2Opt
across all cases, although it surpasses several baselines.
This is attributed to B2Opt’s transformer-like structure,
showcasing robust representation and search capabilities
even without training. Table 4 demonstrates that Untrained,
comprising 5 non-parameter-sharing OBs, outperforms 3
OBs with WS but lags behind 5 OBs without WS of the
same depth. Deeper architectures, like 30 OBs with WS,
accentuate the performance gap of the untrained variant.

We further analyzed the impact of learning rate and pop-
ulation size on B20pt performance, see Appendix J for de-
tails.

4.4 Ablation Study

This section considers the impact of different parts on
B20pt. We take B20Opt with 3 OBs and weight sharing as an
example, which is trained on T'F}-T F5 and tested on T'F-
TFy. We remove SAC, FM, RSSM, and RC in B20pt, re-
spectively, and denote them as Not SAC, Not FM, Not RSSM,
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f | Not SAC Not FM  Not RC Not RSSM B2Opt

TF,|52.7(15.0) 23.3(6.68) 50.5(6.81) 271(346) 3.03(5.82)
T F5|5.08(0.98) 2.94(0.41) 3.75(0.09) 3.51(1.49) 1.02(0.20)
TFs| 1e5(9e4) led(led) Sed(led) Te6(1e8) 4de3(Ted)
TF,|47.2(5.11) 19.7(4.27) 63.4(8.60) 40.6(8.10) 44.8(8.34)
T F|1.18(0.04) 1.19(0.07) 0.87(0.07) 3.28(1.14) 0.60(0.17)
T Fy|4.49(1.09) 3.42(0.78) 8.36(0.43) 3.56(0.72) 3.03(0.70)

Table 5: The results of ablation study. d = 10. The lower
values in the table indicate superior algorithm performance.

and Not RC. The experimental results are shown in Table 5.
When their results are sorted from good to worst, the rank
is B20pt > Not FM > Not RC =~ Not SAC ~ Not RSSM.
The role of FM is slightly weaker than that of the other three
modules. Taken as a whole, the parts of SAC, RSSM, and
RC are of equal importance. The absence of these core com-
ponents can seriously affect the performance of B2Opt. At
the same time, it also shows the effectiveness of the four
proposed modules. The removal of any one of the modules
in the crossover, mutation, and selection of EAs will de-
grade the performance of EAs. This shows that B2Opt im-
plements a learnable EA framework that does not require
human-designed parameters.

We conducted additional visualization experiments to in-
vestigate B2Opt’s internal optimization strategy (see Ap-
pendix K). B2Opt adjusts its strategy dynamically and adap-
tively for a balance between exploration and exploitation,
aligning with our motivation.

5 Conclusions

The better performance than that of EA baselines, Bayesian
optimization, and the L20-based method demonstrates the
effectiveness of B20pt. Moreover, B20Opt can be well
adapted to unseen BBO. Meanwhile, we experimentally
demonstrate that the three proposed modules have positive
effects. However, B20pt still has room for improvement.

1) In the loss function, we do not effectively consider the
diversity of the population, and the population can be regu-
larized in the future;

2) The training set seriously affects the performance of
B20Opt. If the similarity between the training set and the op-
timization objective is low, it will cause the performance of
B20pt to drastically degrade. Building the dataset as rele-
vant to the target as possible is essential.
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