Published as a conference paper at ICLR 2024

SYMBOL: GENERATING FLEXIBLE BLACK-B0OX OPTI-
MIZERS THROUGH SYMBOLIC EQUATION LEARNING

Jiacheng Chen'!'*, Zeyuan Ma'*, Hongshu Guo', Yining Ma?, Jie Zhang?, Yue-Jiao Gong":f
1 South China University of Technology 2 Nanyang Technological University
{jackchan9345, scut.crazynicolas, guohongshu369}@gmail.com,

{vining.ma, zhangj}@ntu.edu.sg ,gongyuejiao@gmail.com

ABSTRACT

Recent Meta-learning for Black-Box Optimization (MetaBBO) methods harness
neural networks to meta-learn configurations of traditional black-box optimizers.
Despite their success, they are inevitably restricted by the limitations of predefined
hand-crafted optimizers. In this paper, we present SYMBOL, a novel framework
that promotes the automated discovery of black-box optimizers through symbolic
equation learning. Specifically, we propose a Symbolic Equation Generator (SEG)
that allows closed-form optimization rules to be dynamically generated for spe-
cific tasks and optimization steps. Within SYMBOL, we then develop three distinct
strategies based on reinforcement learning, so as to meta-learn the SEG efficiently.
Extensive experiments reveal that the optimizers generated by SYMBOL not only
surpass the state-of-the-art BBO and MetaBBO baselines, but also exhibit excep-
tional zero-shot generalization abilities across entirely unseen tasks with different
problem dimensions, population sizes, and optimization horizons. Furthermore,
we conduct in-depth analyses of our SYMBOL framework and the optimization
rules that it generates, underscoring its desirable flexibility and interpretability.

1 INTRODUCTION

Black-Box Optimization (BBO) pertains to optimizing an objective function without knowing its
mathematical formulation, essential in numerous domains ranging from automated machine learn-
ing (Akiba et al., 2019) to bioinformatics (Tsaban et al., 2022). Due to the black-box nature, op-
timizing BBO tasks requires a search process that iteratively probes and evaluates candidate solu-
tions. While several well-known BBO optimizers, such as Differential Evolution (Storn & Price,
1997), Evolutionary Strategy (Hansen & Ostermeier, 2001), and Bayesian Optimization (Snoek
et al., 2012b) have been proposed to steer the search process based on hand-crafted rules, they often
necessitate intricate manual tuning with deep expertise to secure the desirable performance for a
particular class of BBO tasks.

To mitigate the labour-intensive tuning required for BBO optimizers, recent Meta-Black-Box Op-
timization (MetaBBO) methods have turned to meta-learning (Finn et al., 2017) to automate such
process. In the left portion of Figure |, we depict existing prevailing BBO (in the first block)
and MetaBBO (in the remaining blocks) paradigms. Essentially, MetaBBO follows the bi-level
optimization and can be categorized into two branches. The first branch is the MetaBBO for auto-
configuration. As shown in the second block, at the meta level, a neural policy dictates configura-
tions for the lower-level BBO optimizer, and this lower-level optimizer typically employs an expert-
derived formulation; Together, they strive to optimize a meta-objective to excel across a broader
range of BBO tasks. While they offer a pathway to data-centric optimization, the fine-tuned opti-
mizer closely follows the designs of the backbone BBO optimizer, thereby inheriting the potential
limitations of human-crafted rules. More recently, some MetaBBO methods employ neural net-
works to directly propose subsequent candidate solutions shown in the third block, however, these
models may easily get overfitted and their efficiency may be limited to low-dimensional BBOs only.

*Equal Contribution
TCorresponding Author



Published as a conference paper at ICLR 2024

v 1
Run lower-level A it Meta-train
optimization meta obj. SEG params

General workflow Traditional BBO optimizer
of BBO optimzier,) Human- Sample task f ————
xt ——>carfted —— | R
mles | pe=s=wesIiii P TP LTt SIITiisssasa
7 SymBoL-G /S teacher
1

T

10A9] BISN

MetaBBO for Auto-Configuration
V! Human-

2 carfted —» xtH1
191 | rules

- 4

teacher
optimizer

teacher update

¢ | Neural _ >
optimizer  population|

— X Networ

SymBOL-E

MetaBBO for Candidate Solution Proposal

e -Neura.l 41
. i

Our SYMBOL

1
| 1
! symbolic update rule " "
Neural * !
Ly xt | e'urak x*-0.18x, 10 Generated |
x* : | etworl * T |: update ruley |
1
1 s 1 |
1

[9A] om0

T

(action) \\
N

+————— Workflow (_:f_di_ffcr_cﬂt_pgrgd_ig_m_s_ + SyMmBoL as a MetaBBO framework

Figure 1: Comparison of traditional BBO, MetaBBO, and our SYMBOL frameworks. Left: Depic-
tion of various BBO methods. Right: A view of the bi-level structure of SYMBOL. The lower level
optimizes individual BBO tasks, with the SEG generating step-by-step update rules. The meta level
compiles performances from the lower level into a meta objective so as to learn the SEG through
either the SYMBOL-E (without a teacher BBO optimizer), SYMBOL-G, or SYMBOL-S strategy.

Meanwhile, while they attempt to bypass hand-crafted rules, they shift towards becoming “black
box” optimization systems, raising concerns about interpretability and generalization.

In this paper, we address the above challenges by presenting SYMBOL, a novel MetaBBO frame-
work designed to autonomously generate symbolic equations for black-box optimizer learning. As
shown in the final block on the left side of Figure |, our proposed SYMBOL considers generating
update rules expressed as closed-form equations, which not only allows SYMBOL to minimize its
dependence on hand-crafted optimizers, enhancing flexibility for discovering novel BBO optimiz-
ers, but also to exhibit much better interpretability. Specifically, our SYMBOL framework, illustrated
in the right portion of Figure |, follows the bi-level structure of MetaBBO. It features a Symbolic-
Equation-Generator (SEG) at the lower level to dynamically generate symbolic update equations
for optimizing a given BBO task and a given optimization step. The generated rules then determine
the next generations of candidate solutions (or the next population in BBO parlance). At the meta
level, the SEG is trained to maximize the meta-objective across various BBO tasks.

Nevertheless, achieving the above flexible and interpretable framework certainly comes with its
challenges. To this end, we introduce the following novel designs: 1) At the lower level, our SEG
autoregressively generates closed-form equations with each symbol drawn from a basis symbol set
rooted in first principles; concurrently, we also design a constant inference mechanism for incorpo-
rating constants in the equations; 2) At the meta level, we put forth three unique SYMBOL training
strategies to meta-learn SEG, namely the Exploration strategy (SYMBOL-E), which initiates the
learning from scratch; the Guided strategy (SYMBOL-G), which harnesses a state-of-the-art BBO
optimizer as a teacher for behavior cloning; and the Synergized strategy (SYMBOL-S), which amal-
gamates the previous two for effective training; 3) Lastly, to bolster zero-shot generalization, our
SEG further combines fitness landscape analysis with a robust contextual representation, while our
SYMBOL leverages a diverse training set that encompasses various landscape properties.

Through benchmark experiments, we validate the effectiveness of our SYMBOL framework, demon-
strating its efficacy in discovering optimizers that surpass the existing hand-crafted ones. Moreover,
SYMBOL stands out with its zero-shot generalization ability, matching the performance of well-
known SMAC optimizer (Lindauer et al., 2022) but with faster speed on the entirely unseen BBO
tasks such as hyper-parameter optimization and protein docking. We also discuss the optimization
rules that our SYMBOL generates. Lastly, we conduct extensive analyses of SYMBOL regarding its
teacher options, hyper-parameter sensitivities, and ablation studies. Our main contributions are four
folds: 1) The introduction of SYMBOL, a pioneering generative MetaBBO framework for automated
optimizer discovery; 2) The SEG network, designed to effectively generate closed-form BBO equa-
tions; 3) Three training strategies based on reinforcement learning for different application needs;
and 4) New state-of-the-art MetaBBO performance complemented by in-depth discussions.
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2 RELATED WORKS

Traditional black-box optimizer. Traditional black-box optimizers seek global optima without
relying on gradient information, with population-based algorithms being particularly dominant.
Algorithms like Genetic Algorithm (GA) (Holland, 1992), Differential Evolution (DE) (Storn &
Price, 1997), Particle Swarm Optimization (PSO) (Kennedy & Eberhart, 1995) focus on the inner-
population evolution, ensuring convergence of individual solutions within the population towards the
global optima. Others, like Evolution Strategy (ES) (Hansen et al., 2003), focus on re ning the popu-
lation distribution based on statistics. To further enhance performance, adaptive strategies have been
developed, including dynamic population size strategy (Biswas et al., 2021; Auger & Hansen, 2005),
multi-operator selection strategy (Brest et al., 2021), adaptive control parameter strategy (Sarker
et al., 2013), etc. Besides population-based methods, Bayesian Optimization (BO) (Snoek et al.,
2012a; 2015) leverages Gaussian Processes and posterior acquisition to discern optimal solutions.
Among these, SMAC (Lindauer et al., 2022) makes advances with a racing mechanism, setting the
state-of-the-art performance in autoML hyper-parameter optimization (Arango et al., 2021).

Meta-learned black-box optimizer. Initial MetaBBO research utilizes traditional black-box op-
timizers at the meta level to determine proper con gurations for lower-level optimizers, where a
single con guration is usually generated for the entire optimization process (Zhao et al., 2023). Re-
cent MetaBBO meta-learns the con gurations or update rules of black-box optimizers using a neural
network, aiming to generate more exible update rules dynamically. Typically, they consider ne-
tuning the con gurations of a backbone BBO optimizer, e.g., auto-selecting evolution operators and
hyper-parameters for the evolutionary optimizers (Sharma et al., 2019; Sun et al., 2021; Lange et al.,
2023; Chaybouti et al., 2022; Lange et al., 2022; G.Shala et al., 2020; Li et al., 2023; Wu et al.,
2023). Though boosting the performance, they remain constrained by the inherent limitations of the
backbone optimizer. Another way is to directly suggest the next candidate solution(s) through neural
networks (Chen et al., 2017; TV et al., 2019). These end-to-end models can match the performance
of state-of-the-art black-box optimizers in low-dimensional task$). Yet, for larger scales, their

ef ciency can diminish. Furthermore, their shift towards becoming “black box” systems raises in-
terpretability concerns. Meanwhile, we note that many of the above MetaBBO works may still fail
to generalize across different task distributions (Sharma et al., 2019), dimensions (Chen et al., 2017;
TV et al., 2019; Chaybouti et al., 2022; Cao et al., 2019), population sizes (Sun et al., 2021), or
optimization horizons (Chen et al., 2017; TV et al., 2019). Symbolic-L20 (Zheng et al., 2022) and
Lion (Chen et al., 2023), using symbolic learning, show a certain similarity with ows®L in
concept. But it focuses on discovering gradient descent optimizers, wherea0§ is designed

to devise novel update rules for a range of BBO tasks.

Symbolic equation learning. Symbolic equation learning aims to discover a mathematical expres-
sion that best ts the given data, which is a core concept in the realm of Symbolic Regression
(SR). Traditional SR algorithms utilize genetic programming (GP) to evolve and optimize sym-
bolic expressions (Schmidt & Lipson, 2009), whereas recent studies embrace the assistance of
neural-guided search methodologies, such as utilizing a Recurrent Neural Network (RNN) com-
bined with reinforcement learning, as in (Petersen et al., 2021). In this approach, RNN is used to
autoregressively infer a functio, and the reward could be calculated as the error between the
ground truthf (x) and the predicted valué¥x). The constants ift are local-searched by the Broy-
den—Fletcher—Goldfarb—Shanno (BFGS) (R.Fletcher, 1970), performing iterative evaluations and
adjustments. In our proposed’@BoL, we favor using RNN to formulate symbolic update rules
over resorting to GP-driven search, primarily due to two reasons: 1) the intensive computational
demands of GPs, and 2) its pronounced sensitivity to hyper-parameter choices (Biggio et al., 2021).

3 METHODOLOGY

Our SrmsoL framework, akin to MetaBBO, follows bi-level optimization. Starting with an initial
population (a set of solutions), the Symbolic Equation Generator (SEG) at the lower level dynam-
ically formulates the update rules(!), for advancing the populations (current solutions) frofh

to x(**1) using the formula (D) = x( + (O Here, we usé to represent the optimization step
(generation) and we depict the whole process in the bottom right of Figure 2. In the rest of Figure 2,
we provide an example of how SEG autoregressively generates such updatePulesed on a
basis symbol se$ (at the top) and the on-the- y constant value inference mechanism (highlighted
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Figure 2: The illustration of our symbolic equation generator (SEG) at the lower Ieeéf. An
example of generating the update ruleia SEG with on-the- y inference of constaathighlighted

in red dashed block)Top right: The symbolic expression tree from the pre-order traversal and the
interpreted update rule. Bottom right: an illustration of the overall iterations of SEG.

in the middle). At the meta level, the SEG is trained via three different strategiesng®&_ to
maximize the meta-objective over a task distribution.

3.1 SrmBOLIC EQUATION GENERATOR

Our SEG leverages the structure of symbolic expression trees to represent analytical equations (Pe-
tersen et al., 2021), with internal nodes denoting operators e)gnd terminal nodes signifying
operands (e.g., constants). Starting with an empty expression tree, it involves autoregressively se-
lecting a token from dasis symbol se$, so as to construct the pre-order traversal of this symbolic
expression tree. The traversal can then be uniquely interpreted into the corresponding update rule
with a closed form. In this paper, we adopto denote the generated update rule, its symbolic
expression tree, and the corresponding pre-order traversal, interchangeably. We dasdkbesi

token of and the depth of the expression tred-as

We parameterize the SEG with an LSTM, denoted ,a® autoregressively construct update rules
token by token. In each construction step, we input the LSTM with a Vectorized Tree Embedding
(VTE) of the partially constructed expression tree, complemented by features originating from Fit-
ness Landscape Analysis (FLA) as the initial cell state of the LSTM so as to capture the current
optimization status. The output would be a categorical distribution over all the available tokens
from the basis symbol s&, where each token; is sampled from the distribution, during both
training and inference. This process terminates either when all terminal nodes are assigned as
operands or when the depth of the trek, exceeds a predetermined limit. The likelihood of the
pre-orderdraversal,, is the cumulative product of the probabilities of selecting each token, i.e.,

p( j)= {:'1 P( ij 1 1): )- More details are provided as follows.

Basis symbol setS. Following the rst principle, we identify an essential symbol s&ti.e.,
f+; 5 XX ;X ;X; X Xr;cg, where we divide them into operators and operands. 1) Oper-
ators:+ and . 2) Operandsx - ‘candidate solutionsk andx - ‘the best and worst solutions
found so far in the whole populatior®, - “the best-so-far solution for th# candidate’, x - ‘the
differential vector (velocity) between consecutive steps of candidates’, a randomly selected
candidate from the present population of candidates', @andconstant values'. Such basis sym-
bol set covers update rules for known optimizers such as DE (Storn & Price, 1997) with mutation
strategy = (xr1 X)+ ¢ (X2 Xr3), PSO (Kennedy & Eberhart, 1995) with update formula
=cl X+c2 (x x)+c3 (x; x),etc. MoreimportantlyS could also span beyond the
existing hand-crafted space, offering exibility to explore novel and effective rules. Note that the de-
sign of S needs to balance representability and learning effectiveness, simply removing/augmenting
symbols from/tdS may impact the nal performance, which is discussed in Appendix

Constant inference.Upon the selection of the constant tolafor ;, we infer its value immediately
by processing the subsequent LSTM hidden sthtes through two distinct feed-forward layers.
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Speci cally, any constantis de ned as a combination of its mantisBaand exponent, represented
asc=$ 10, wherewe stipulatedthat2 f 0; 1gand$ 2f 1.0; 0:9; 0:8;:::;0:8;0:9; 1:0g.

The process is shown in Figure 2, highlighted in the red dashed block. Note that such an inference
mechanism for constants grantsMBOL the versatility to ne-tune the relative emphasis of differ-

ent segments within an update rule via sampling from various exponent levels.

Masks for streamlined equation generation.Following past works (Biggio et al., 2021; Valipour
et al., 2021; Vastl et al., 2022), we introduce several restrictions to simplify symbolic equation
generation: 1) The children of binary operators must not both be constants as the result is simply
another constant; 2) The generated expressions must not include consecutive inverse operation, e.g.,
+Xx X; 3) The children of the operater must not be the same since it is equivalent to the operator

; 4) The operator must have one constant child because two-variable multiplication merely
appears in any black-box optimizer; 5) The heighbf the symbolic expression tree is empirically
set to be betweeB and5, which aligns with most of traditional black-box optimizers. Given the
above restrictions, we mask out the probability of selecting any invalid tokén as

Contextual state representation. To inform SEG of suf cient contextual information for gen-
erating update rules, our state representation includes two aspects: 1) Vectorized Tree Embed-
ding (VTE), which embeds the partially constructed symbolic expression tree created thus far into
a vector; and 2) Features derived from Fitness Landscape Anaitsig,(which pro les the opti-
mization status for the current optimization step. Our desidgtetlfeatures consist of three parts:

1) Distributional features of the current population, e.g, average distance between any pair of indi-
viduals, aiding in assessing the distribution and diversity of candidates; 2) Statistic features of the
current objective values, e.g, average objective value gap between an individual and the best-so-far
solution, providing insights into the quality of optimization progress; 3) Time stamp embedding,
e.g, the number of consumed generations, offering a temporal perspective on the tasks' evolution.
Collectively, FLA features convey the optimization status of current population on the given task,
constantly informing the SEG an inductive bias on generating update rule for next generation. Both
the leveraged/TE and FLA features are task-agnostic and dimension-agnostic, which allows our
SYMBOL to generalize across diverse tasks. More details on the state representation and the SEG
network architecture can be found in Appendix A.1, and Appendix A.2, respectively.

3.2 THREE STRATEGIES FORTRAINING THE SEG

SYMBOL aims to meta-learn the SEG (parameterized)dyy op-
timizing the accumulated meta-objective over a task distribution
D, as shown in Eq. (1). Given a BBO probldnsampled fronD,
in the form of the Markov Decision Process, the SEG receives an
optimization status astate and generates a symbolic update rule
() asaction to update the candidate population at each gener-
ationt. For each generation we measure how well the gener-
ated () performs on the samplddby a meta-performance met-
ric R( (V;f) asreward. We denote the update rules trajectory
generated fof as ¢ = f @; ; (T g whereT denotes the Figure 3: Performance of three
maximum number of generations for the lower-level optimizatigfifferent training strategies.
task, andG( ¢) denote the accumulated meta-performance.

X
J()=E oG( )i =E o R(Yf) 1)
t=1
We introduce three BvBOL training strategies, catering to diverse application needs. Their effec-
tiveness is illustrated in Figure 3. Each features a distinct reward furieiof¥); f ).

Exploration learning (SymBoL -E). Our rst proposed strategy¥3vBoL -E seeks to directly let the
SEG learn to build optimizers from scratch. It utilizes a reward function to measure the effectiveness
of the generated optimizer (update rules) based on the progress they facilitate:

y (1) yopt

Rexplore( (t);f )=(C 1) y ;(0) yopt (2)

wherey () denotes the minimal objective value during the generationst andy°? denotes the
known optimal for the given task (considering minimization). However, BBO tasks often present
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intricate optimization landscapes, leading to signi cant exploration hurdles (Reddy et al., 2019).
Consequently, when training the SEG usingv8oL -E, it might demonstrate competitive outcomes

but with a relatively slower convergence. This stems from the SEG undergoing numerous trial-and-
error attempts before pinpointing proper update rules, as shown by the orange trajectory in Figure

Guided learning (SymeoL -G). Our subsequent strategyy@BoL -G, endeavours to train the SEG
by mimicking the performance of a leading black-box optimizéteacher optimizer). To this end,
we let the SEG and the teacherun in parallel (with identical initial populatiof. For each gen-
eration in the lower-level optimization process, we compute the meta-perforrRaagel( (V;f)
of SEG by measuring a negation of the Earth Mover's Distance (Rubner et al., 1998) between its
current populatiox® and the population of the teachef:
n Oy
Rouiged ;) = 1 max minfj x x G jiag) " ©)
Xmax  Xmin b i=1
wherexXmax andxmin denote the upper bound and the lower bound of the search $gadenotes the
size of the population angl jj » denotes the Euclidean distance between two individual solutions.
Utilizing the demonstration from the teacher optimizer as a guiding poliemedL-G ef ciently
addresses the exploration challenges faced\meL-E, leading to the fastest convergence as
shown in Figure 3. Meanwhile, we note that the nal performanceyafiSoL-G is on par with or
even surpassing the performance of the teacher, underscoring the desirable effectiveness.

Synergized learning (SYMBoOL -S).Our third strategy $MBOL-S, integrates both the above designs
as shown in Eq. (4) where is a real-valued weight. Meanwhile, to reduce reliance on known
optima (in SrmBoL-E), we introduce a surrogate global optimuf, as a dynamic alternative to
substitute the static ground trugf*tin Eqg. (2). We refer more details P to Appendix

Rsynergize& ) = IQexplore( ) + R guidec( ) (4)

The results, as captured in Figure 3, reveal thaSoL-S excels in synergizing exploration and
guided learning, resulting in steadfast convergence and the best nal performance.

Teacher optimizer selection.Choosing a proper teacher optimizer is generally straightforward, in-
volving selections from proven performers in BBO benchmarks or state-of-the-art domain literature.
For training SYMBOL in this paper, we utilize the MadDE (Biswas et al., 2021) as the teacher for
SyMmBoL-G and ¥MBOL-S , since MadDE is one of the winners of the CEC benchmark. Note
that our MBOL is a teacher-agnostic framework, which is validated in Section 4.3. For scenarios
where teacher selection is challengingMBoL-E offers a fallback, allowing for meta-learning an
effective policy from scratch, without relying on any teacher optimizer.

Training algorithm. Upon selecting one of the aforementioned strategies/e®L can be ef -
ciently trained using reinforcement learning. In our work, we employ the Proximal Policy Opti-
mization with a critic network (Schulman et al., 2017). See pseudocode in Appendix

4 EXPERIMENTAL RESULTS

In this section, we delve into the following research questi®t@1: Does ¥MBoOL (in any of the

three strategies) attain state-of-the-art performance during both meta test and meta generalization?
RQ2: What insights has ®vBoL gained and how could they be interpretd®iQ3: Does the choice

of teacher optimizer in ®BOL-G and SYMBOL-S has signi cant impact on performanc&Q4:

How do the hyper-parameters and each componentvefs®L designs affect the effectiveness?
Below, we rstintroduce the experimental setups and then discuss RRD4, respectively.

Training distribution D. Our training dataset is synthesized based on the well-known IEEE CEC
Numerical Optimization Competition (Mohamed et al., 2021) benchmark, which contains ten chal-
lenging synthetic BBO problemd${  fip). These problems, having a longstanding history in
the literature for evaluating the performance of BBO optimizers, show different global optimization

lln SymBoL, the student population size is xed 460. However, since different teachers may employ
different initial population sizes, it may be impossible for the student to share an identical initial population
with the teacher. In such situations, we use strati ed sampling to form the student's initial population from the
teacher's. Details are given in Appendix
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Table 1: Comparisons of¥&1BoL and other baselines during meta test and meta generalization.

Meta Test D) Meta Generalization (HPO-B)| Meta Generalization (Protein-docking)
#Ps=100, #Dim=10, #FEs=50000 #Ps=>5, #Dim=2 16, #FEs=500 #Ps=10, #Dim=12, #FEs=1000
Baselines Mearl' (Std) Time Rank| Mear!' (Std) Time Rank| Mear' (Std) Time Rank
RS 0.932 (0.007) -/0.03s 11 [ 0.908 (0.004) -/0.02s 8 [ 0.996 (0.000) -/0.003s 4
o MadDE 0.940 (0.009)  -/0.8s 6 | 0.932 (0.004) -/0.2s 6 | 0.991 (0.001) -/0.4s 8
@ sep-CMA-ES | 0.935 (0.017)  -/1.3s 9 | 0.870 (0.017) -/0.1s 9 | 0.971 (0.000) -/0.3s 10
ipop-CMA-ES | 0.970 (0.012)  -/1.4s 3 | 0.938 (0.013) -/0.1s 5 | 0.996 (0.003) -/0.3s 5
SMAC 0.937 (0.019) -/1.1m 7 | 0.979 (0.005) -/0.7m 1 | 0.998 (0.000) -/3.8m 2
LDE 0.970 (0.006) 9h/0.9s 2 fail fail
DEDDQN 0.959 (0.007) 38m/1.1m 5 | 0.862 (0.026) -/0.6s 10 | 0.993 (0.000) -/1.3s 7
8 Meta-ES 0.936 (0.012) 12h/0.4s 8 | 0.949 (0.002) -/0.1s 3 | 0.984 (0.000) -/0.3s 9
% MELBA 0.846 (0.012) 4h/2.6m 13 fail fail
%  RNN-Opt | 0.923 (0.010) 11h/0.4m 12 fail fail
= SvymBOL-E | 0.934 (0.008) 6h/0.9s 10 | 0.920 (0.007) -/0.5s 7 1 0.996 (0.000) -/0.5s 3
SymBoL-G | 0.964 (0.012) 10h/1.0s 4 | 0.940 (0.011) -/0.5s 4 0.995 (0.000) -/0.5s 6
SymBoL-S | 0.972 (0.011) 10h/1.3s 1 | 0.963 (0.006) -/0.7s 2 | 0.999 (0.000) -/0.7s 1

Note: For meta generalization, we test on HPO-B and protein-docking tasks featuring different task dimeh&long population sizes
(# Ps), and optimization horizon# FEs). Note that several MetaBBO methods fail to generalize to these two realistic tasks: RNN-Opt
and MELBA are not generalizable across different task dimensions; LDE is not generalizable across different population sizes.

properties such as uni-modal, multi-modal, (hon-)separable, and (a)symmetrical features. Addi-
tionally, they reveal varied local landscape properties, such as different properties around different
local optima, continuous everywhere yet differentiable nowhere landscapes, and optima situated in
attened areas. To augment those 10 functions to form a boundless training data distribution for
reinforcement learning, we adopt a sampling procedure: 1) setting a random seed; 2) randomly se-
lect a batch oN problems fromf; 1o (with allowance for repetition), where we set problem
dimension tal0 and the searching space[to100Q, 100]'°; 3) for each selected probleim randomly
introduce a offsez  U[ 80; 80J*° to the optimal and then randomly generate a rotational matrix

M 2 R0 10t rotate the searching space; and 4) yield the transformed problgvh&(x + z)).

Baselines.We compare 8MBOL with a wide range of traditional BBO and MetaBBO optimizers.
Regarding the BBO methods, we incluBandom Search (RS), MadDE (Biswas et al., 2021),
strong ES optimizersepCMA -ES (Ros & Hansen, 2008) arigop-CMA -ES (Auger & Hansen,

2005), and a strong BO optimiz8MAC (Lindauer et al., 2022). Regarding the MetaBBO methods,

we includeDEDDQN (Sharma et al., 2019LDE (Sun et al., 2021), anMeta-ES (Lange et al.,

2022) as baselines for auto-con guratioRNN-Opt (TV et al., 2019) andMELBA (Chaybouti

et al., 2022) as baselines for directly generating the next candidate solutions. All hyper-parameters
were tuned using the grid search and we list their best settings in Appendix

Training & code release.We dispatch training details and hyper-parameter setups of ousSL

in Appendix B.2. For MetaBBO baselines, they are all trained on the same problem distriDaton
our framework while following their recommended settings. We release the implementation python
codes at , where we show how to trainY&soL

with different strategies, and how to generalize it to unseen problems.

4.1 PERFORMANCEEVALUATION (RQ1)

To ensure a thorough assessment, we conduct two sets of experiments: meta test and meta general-
ization. The former evaluates the performance of the trained optimizer on unseen, yet in-distribution
(w.r.t. D) BBO problems. The latter evaluates the adaptability of the optimizer on completely novel
realistic BBO tasks, characterized by varying task dimensions (#Dim), population sizes (#Ps), and
optimization horizons (#FEs). For each method, we report in Table 1: 1) the average of min-max
normalized performance with the corresponding standard deviationSowetependent runs (see
Appendix for normalization details); 2) overall training time and the average solving time per
instance, in the format of “training/testing time”; and 3) performance rank among all methods.

Meta test. We meta-test 8MBOL (trained with the three strategies) on a group3gb unseen
problem instances sampled from and compare them with all baselines. For each instance, all
participants are allowed to optimize it for no more than 10* function evaluations (FEs). We note

that SMAC is an exception which is givés00 FEs, otherwise it takes several days for evaluating
under the same FEs. The results in Table 1 show thaty#)B®L -S stands out by delivering a per-
formance that not only surpasses all the baselines but also signi cantly outpaces its teacher, MadDE;
2) Compared with 8MBOL-G which concentrates itself on the teacher demonstration anaSL -

E which probes optimal update rules from scratchm8oL-S attain a signi cant improvement by
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