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Abstract

Bayesian Optimization (BO) is a sample-efficient black-box
optimizer commonly used in search spaces where hyperpa-
rameters are independent. However, in many practical Au-
toML scenarios, there will be dependencies among hyperpa-
rameters, forming a conditional search space, which can be
partitioned into structurally distinct subspaces. The structure
and dimensionality of hyperparameter configurations vary
across these subspaces, challenging the application of BO.
Some previous BO works have proposed solutions to develop
multiple Gaussian Process models in these subspaces. How-
ever, these approaches tend to be inefficient as they require a
substantial number of observations to guarantee each GP’s
performance and cannot capture relationships between hy-
perparameters across different subspaces. To address these
issues, this paper proposes a novel approach to model the
response surfaces of all subspaces in one, which can model
the relationships between hyperparameters elegantly via a
self-attention mechanism. Concretely, we design a structure-
aware hyperparameter embedding to preserve the structural
information. Then, we introduce an attention-based deep fea-
ture extractor, capable of projecting configurations with dif-
ferent structures from various subspaces into a unified feature
space, where the response surfaces can be formulated using
a single standard Gaussian Process. The empirical results on
a simulation function, various real-world tasks, and HPO-B
benchmark demonstrate that our proposed approach improves
the efficacy and efficiency of BO within conditional search
spaces.

Introduction

Bayesian Optimization (BO) (Shahriari et al. 2016; Gar-
nett 2023; Papenmeier, Nardi, and Poloczek 2022, 2023)
is a powerful and efficient global optimizer for expensive
black-box functions, which has gained increasing attention
in AutoML systems and achieved great success in a num-
ber of practical application fields in recent years (Martinez-
Cantin et al. 2007; Gonzdilez et al. 2015; Calandra et al.
2016; Roussel et al. 2024). Considering a black-box func-
tion f: x — R defined on a search space x, BO aims to find
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the global optimal configuration z. argmin, ¢, f(z).
The sequential Bayesian optimization procedure contains
two key steps (Shahriari et al. 2016): (1) BO seeks a prob-
abilistic surrogate model to capture the distribution of the
black-box f given n noisy observations y; = f(z;) +€,7 C
1,...,n,e ~ N(0,0). (2) Suggest the next query =, 1 by
maximizing an exploit-explore trade-off acquisition func-
tion (). The most common choice of the surrogate models
is Gaussian Process (GP) (Snoek, Larochelle, and Adams
2012; Seeger 2004) due to its generality and good un-
certainty estimation. As to acquisition functions, the com-
mon choice for GP-based BO is the Expected Improvement
(EI) Mockus 1994; Ament et al. 2023).

In the traditional BO setting, the search space x is flat
where all configurations have the same dimensions and
structure !: = € x C R4, where d is the number of di-
mensions. However, in many practical AutoML scenarios,
such as Combined Algorithm Selection and Hyperparame-
ter optimization (CASH) (Swersky et al. 2014) and Neural
Architecture Search (NAS) (Thornton et al. 2013; Tan et al.
2019), the search spaces are conditional where the configu-
rations have different structures and number of dimension.

Such a conditional search space x can be decomposed
into a series of flat subspaces (Jenatton et al. 2017): x =
X' U x? U ... U x™ and configurations in the same sub-

space have the same structure: z° € x* C R%. We give
a typical CASH example in Fig. 1. The space consists of
two machine-learning algorithms and their specific hyperpa-
rameters, which can be partitioned into 6 subspaces. Due to
the unaligned features among configurations within differ-
ent subspaces, the surrogate models commonly used, such
as GP, are not directly applicable.

A straightforward strategy to solve this issue is to
build separate surrogate models for each subspace indepen-
dently (Levesque et al. 2017). Given the lack of information
sharing during the training phase of the GPs, most of these
approaches suffer from the requirement of a significant num-
ber of observations to ensure the predictive performance of

'The structure of a configuration in this paper is defined as con-
taining two aspects: dependencies between pairs of hyperparame-
ters and semantic information of each hyperparameter. Therefore,
the hyperparameter “learning rate” has the same semantic informa-
tion in XGBoost and DNN models.
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Figure 1: An example of the tree-structured search space for a CASH task. The space contains two popular algorithms and their
distinct hyperparameters. According to the dependencies among hyperparameters, the search space can be formed as 9 nodes
and partitioned into 6 flat subspaces. The approaches using separate GPs build a model G P; for each subspace and conduct
optimization in each subspace. Add-tree (Ma and Blaschko 2020a) builds a kernel on each node and integrates them using the
additive assumption. Our method explores to build a unified surrogate model M for all subspaces x* ~ x5.

each GP (Ma and Blaschko 2020b). Recent work (Ma and
Blaschko 2020a) proposed to set a covariance function on
each node of the tree-structured space and integrate them in
a GP through an additive assumption. However, the model
is still essentially divided, with the parameters not shared
among different nodes. As a consequence, the relationships
between non-shared but semantically related hyperparame-
ters, such as "gamma” of different kernels (in nodes 7-9 of
Fig. 1), are totally ignored.

To overcome these limitations, we explore building a uni-
fied surrogate model for all hyperparameters within the tree-
structured search space, by which we can capture the rela-
tionships among all hyperparameters and utilize the infor-
mation of all observations even from different subspaces.
Concretely, to obtain a better representation of the hyperpa-
rameter’s features, we propose a hyperparameter embedding
that preserves the structural information of the subspace
each hyperparameter belongs to. In our framework, we treat
the embedding of each hyperparameter as a token and each
hyperparameter configuration as a sequence of tokens. Then,
we introduce an attention-based deep encoder, which is ca-
pable of modeling the global relationships among tokens us-
ing self-attention blocks and projecting the sequences from
different subspaces into a unified latent space by an aver-
age pooling operator. With the attention-based encoder, the
features of these configurations become comparable and can
be modeled by any standard kernel function. Different from
the previous works, our approach considers the relationships
among hyperparameters in different subspaces, and the pa-
rameters of the surrogate model are shared and completely
consistent for all observations, which can improve the sam-
ple efficiency of BO in the tree-structured search spaces.

Some recent works have proposed using variational au-
toencoders (VAEs) (Kingma and Welling 2014) to trans-
form high-dimensional and structured inputs into con-
tinuous, low-dimensional spaces that are more amenable
to Bayesian optimization techniques (Kusner, Paige, and
Herndndez-Lobato 2017; Lu et al. 2018; Tripp, Daxberger,
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and Hernandez-Lobato 2020; Grosnit et al. 2021; Maus
et al. 2022). Structured or combinatorial inputs (Deshwal
and Doppa 2021) refer to sequences, trees, or graphs orga-
nized by categorical variables. In contrast, the conditional
search space we address has no such restrictions on variable
types involving both numerical and categorical variables.
Consequently, these existing methods do not readily extend
to search spaces containing both categorical and numerical
hyperparameters in a complex, structured relationship, and
we don’t consider these methods as our competitors.

In conclusion, our contributions can be summarized as
follows:

1) We explore the relationships among all hyperparam-
eters and integrate information from all observations with
higher sample efficiency via a unified surrogate model.

2) We propose a novel attention-based Bayesian optimiza-
tion framework, consisting of two key components: a hy-
perparameter embedding to preserve the structural feature
of each hyperparameter in a configuration and an attention-
based deep kernel Gaussian process to model the response
surfaces of all subspaces in one. In our framework, all pa-
rameters are shared for any configurations, making it con-
sider the relationships among all hyperparameters.

3) We conduct experiments on a standard tree-structured
simulation function, a Neural Architecture Search (NAS)
task, and several real-world OpenML tasks to demonstrate
the efficiency and efficacy of our proposed approach. Be-
sides, to validate the warm-starting capability of our method
in scenarios with extensive historical data, we also conduct
a meta-learning experiment on the HPO-B benchmark.

BO for Conditional Search Space

Sequential Model-based Algorithm Configuration (SMAC)
is an early BO method that can deal with conditional search
spaces (Hutter, Hoos, and Leyton-Brown 2011). SMAC in-
volves utilizing all potentially active hyperparameters across
the entire space as inputs to the surrogate model. Before be-
ing fed into the surrogate model, inactive hyperparameters



in configurations from different subspaces will be filled with
default values to minimize their interference with the surro-
gate model. This approach will introduce redundant codes,
resulting in higher-dimensional problems and diminishing
the efficiency of fitting the surrogate model.

Compared to SMAC, GP-based BO gives better uncer-
tainty estimation and shows higher sample efficiency in
practical applications. The most straightforward way to
leverage GP in the context of conditional search spaces is to
build separate GPs in these subspaces (Levesque et al. 2017;
Nguyen et al. 2020). Due to the lack of an information-
sharing mechanism during the training stage, these ap-
proaches require a large number of observations in each
subspace to fit these models, making it impractical when
the number of subspaces becomes too large (Jenatton et al.
2017; Ma and Blaschko 2020b). Jenatton et al. (2017) pro-
posed a semi-parametric GP method that captures the rela-
tionship of GPs via a weight vector. However, the linear rela-
tionship assumption among these GPs makes it less flexible.
Following this work, Ma and Blaschko (2020b) proposed
an Add-Tree covariance function to capture the response
surfaces. It sets a covariance function on each node of the
tree-structured space and integrates them using the additive
assumption. However, it totally ignores the relationships be-
tween non-shared hyperparameters.

Preliminaries

Deep Kernel Learning for Gaussian Process The stan-
dard GPs rely on a suitable handcrafted kernel function. An
inappropriate kernel will lead to sub-optimal performances
due to the false assumptions (Cowen-Rivers et al. 2022). The
idea of deep kernel learning (Wilson et al. 2016) is to intro-
duce a neural network ¢ to transform the configuration z
to a latent representation that serves as the input of the ker-
nel, which facilitates learning the kernel in a suitable space.
Concretely, the kernel function is shown as:

kaeep(, 2 |0,w) = k(¢(z,w), o(z ,w)|0), (1)

where w represents the weights of the deep neural network
¢ and 6 represents the parameters of the kernel function. All
these parameters can be jointly estimated by maximizing the
marginal likelihood (Wistuba and Grabocka 2021):

log p(y|X, 0,w) o< —(y" K.,y +108(1Kacep|)),  (2)

where X and y represent the configurations and their noisy
response, respectively, and the deep kernel matrix Kgeep is
equal t0 keep(X, X |0, w) + 0T (Seeger 2004).

Self-Attention Mechanism In the field of Natural Lan-
guage Processing (NLP), the transformer model (Vaswani
et al. 2017) is a pioneering work, which utilizes the self-
attention mechanism to model the global relationship be-
tween different words in a sequence, such as a sentence and
paragraphs. In many later practices and papers, the effec-
tiveness of the attention module was verified and applied in
many fields (Lin et al. 2020, 2022). For an input sequence of
N words, the di-dimensional embeddings of words plus the
corresponding positional embeddings are fed into a stacked
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attention module. In the attention mechanism, the packed
matrix representation of the query @ € RN*%  the key
K € RV*dr and the value V' € RY*% are fused through

Attention(Q, K, V) = softmax (%) V = AV. The

attention matrix A contains the similarity between each pair
of words, which makes the output feature of a word a fu-
sion of the feature of each word in the whole sequence. In
this paper, this mechanism is employed to model the rela-
tionship among hyperparameters in a tree-structured search
space, where the sampled configuration can be viewed as a
sequence of hyperparameters.

Methodology

In this section, we present an attention-based Bayesian op-
timization framework (AttnBO) to model the relationships
among all hyperparameters and build a unified response sur-
face for all subspaces. First, we give the modeling of the
conditional and tree-structured search space, and we ana-
lyze the differences between the unified surrogate model and
multiple independent surrogate models. Then we provide the
methodological details for each component of our approach.

Problem Formulation

A conditional search space x can be decomposed into a se-
ries of flat subspaces (Jenatton et al. 2017; Ma and Blaschko
2020b): x = x' U x? U ... U X" and configurations in the

same subspace have the same structure: z* € y* C R%, d
means the number of dimensions of the subspace x*.

Here, we give a loose assumption that such a conditional
structure is a tree structure or a combination of several tree
structures. To avoid multiple repetitions and simplify the no-
tation, we use a single tree structure that refers to multiple
trees since the embedding method and our method can han-
dle both cases in a unified way. Inspired by Ma and Blaschko
(2020b), we define the search space x as a tree structure
T = (V,E), where one node v € V refers to one set of
hyperparameters, each with the associated range, type and
value (if sampled), and e € E refers to the dependency re-
lationship between a node v and the father node v 1€ V,
which is caused by the hyperparameter p € v and the de-
pendent hyperparameter p 7€ v 1. We assign a virtual father
vertex with a fixed embedding for those root nodes, which
can also be applied to the case of multiple trees. The ances-
tor nodes and intermediate nodes have at least one decision
variable. Each subspace x* is a path from the root to a leaf.

After sampling from the search space x, we group the
configurations X and their noisy responses by each sub-
space x' as X' = {zi},y* = {y!} wherei = 1,2,...,n
and j = 1,2,..., N*, N’ represents the number of sampled
points belonging to the subspace x*. We denote the observa-
tions as D = {Dl, D?, ..., D”}, where D’ means all obser-

vations {(x;,y;)b =1,2, ...,Ni} in subspace x’. A con-
} with

i

fieuration 2% is a sequence of hyperparameters | p.’
g j q yperp Py

specific values, where k = 1,2, ..., d’, d" means the dimen-
sion (the number of hyperparameters) of the subspace x*.



Most previous works (Jenatton et al. 2017; Nguyen et al.
2020; Levesque et al. 2017) proposed to build a surrogate
model M for each subspace x* independently. These surro-
gate models can only be trained on the observations D? and
predict the posterior distribution P(f!|X?,y*, z¢), where 2
represents a configuration from subspace x* and f! repre-
sents the objective funtion value on z* . In contrast, a unified
surrogate model M can be trained on all observations D and
infer posterior probabilities for configuration x, within any
subspace: P(f«|X,y,z.), which implies it must handle the
input configurations that vary in both dimension and seman-
tics while ensuring the parameters are shared across these in-
puts. Compared with the former, a unified surrogate model
offers the advantage of utilizing all observations’ informa-
tion simultaneously without additional sharing mechanisms.
This enhances training efficiency and enables flexible infer-
ence of posterior probabilities for all configurations.

Structure-aware Embeddings

The hyperparameters in different subspaces may have differ-
ent semantics and relationships, which the surrogate model
should be aware of when modeling the tree-structured re-
sponse surface. As Fig.2 shows, there are two sampled con-
figurations (p1, pe, ps) and (p1,ps, ps) from different sub-
spaces. Obviously, the hyperparameters in the two subspaces
have different semantics and relationships, making the value
of the hyperparameter not enough to represent its feature.
Therefore, we assign each hyperparameter an embedding
that contains semantic and dependency information, instead
of only considering the value of the hyperparameter as in
previous BO methods (Hutter, Hoos, and Leyton-Brown
2011; Jenatton et al. 2017; Ma and Blaschko 2020b). From
the data structure view of this tree structure, since each node
has only one parent node or not, we can serialize the tree by
storing nodes and their corresponding father nodes. Thus,

as Fig. 2 shows, we can encode a hyperparameter pij toa
structure-aware embedding with four elements:

1) The identity embedding id_emb(p,’ ). It works as an
identifier and represents the semantic information of a hy-
perparameter. First, we adopt ordinal encoding to encode
the identities of hyperparameters into numerical codes (1,

2, ...), represented by z’d(p‘zj ). Similar to introducing vecto-
rial meta features (Springenberg et al. 2016; Perrone et al.
2018), we use a trainable map to get the final identity em-

bedding: id_emb(py’) = dia(id(p;’)).

2) The index embedding ida:,emb(pzj ). In some NAS
problems, some hyperparameters, such as the number of hid-
den units in a multi-layer deep neural network, may be rep-
resented as vectors, the dimension of which depends on the
number of layers. In this context, each element of this hy-
perparameter also needs an identifier. We use the index of

each element in the vector ¢dx (pg,:’ ) to identify it and a train-

able map to get the final index embedding: idx,emb(pi})

i

GDiaq(idx (pi} )). For the hyperparameter pij containing only
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a scalar, we set idz(p,’ ) = 0.

3) The value embedding value,@mb(p:j ). Besides
structural information, the value of a hyperparameter is a
crucial feature. We apply a trainable linear map ¢, qjqye tO
construct the value embedding.

4) The identity embedding of the father (dependent)

hyperparameter id,emb(pzj 1) = qbid(id(pzj ). It pro-
vides the identifier of a hyperparameter’s ancestor, which
helps preserve the structural information. For the hyperpa-

rameters in the root nodes, we set id(pij 1) =0.
We concatenate these four embeddings as the represen-

tation of a hyperparameter p:j . We refer to all operations
involved in obtaining this embedding collectively as the em-

bedding block, denoted by emb(pz; ):

emb(pi}) = concat(id,emb(p:; ), idx,emb(pi}),
Ualue,emb(pi})’ Zd,emb(p‘z; /l\))’ kj — 17 27 . di7 (3)

where d’ represents the dimension of the flat subspace x*.
Using such embeddings, we transform each hyperparameter
into a vector representation that incorporates structural in-
formation, thereby enhancing the effectiveness and distinc-
tiveness of the hyperparameter features. The full embedding
of a configuration is represented as:

emb(py’ ), emb(py? ), ..., emb(pz,?)

emb(z;) = 4)
To demonstrate the effectiveness of the structure-aware em-
bedding, we conducted an ablation study on these embed-

dings, and the experimental results can be found in Fig. 8.

BO with Attention-based DKGP

Compared to other surrogate models (Hutter, Hoos, and
Leyton-Brown 2011; Bergstra et al. 2011), Gaussian Pro-
cesses (GPs) offer better uncertainty estimation and higher
sample efficiency in practical applications. However, han-
dling configurations that vary in length and contain different
hyperparameters is still a challenge for GP. To address this
issue, we introduce an attention-based encoder to adapt the
GP for this context. This encoder works as a deep feature
extractor within the deep kernel framework (Wilson et al.
2016), allowing us to capture global relationships among
hyperparameters and project variable-length configurations
into a unified latent space Z C R?. A GP can then be built
on this latent space Z using a standard kernel function.
Consider a black-box function with noisy observations
yi = f(z;) +€6iC1,...,n,e ~N(0,0), we have a dataset
D of N noisy observations in a conditional space x that
has n flat subspaces {x' Ux*U..Ux"}, N = 3" | N,
D = {D',D?,...,D"}, where D' means all observations
{(@%,y5)]j =1,2,..., N’} in subspace x'. We adopt the
deep kernel learning framework (Wilson et al. 2016) to
learn the weights of the embedding block, attention-based
encoder, and the parameters of the kernel function jointly
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Figure 2: The framework of AttnBO. We introduce three elements—the identity, index, and father’s identity of a hyperparameter,
which preserve structural features for each hyperparameter. Each hyperparameter embedding can be considered a token, and
a configuration can therefore be viewed as a sequence of tokens. Then we employ an attention-based encoder to capture the
relationships of these tokens and project all sequences into a unified latent space where a GP-based BO can work directly.

by maximizing the log marginal likelihood in eq. 2. In our
framework, the deep kernel matrix is as follows:

Kacep = kaeep(X, X0, w) + 0°I
= k(d(emb(X,w1),w2),
d(emb(X,wy),w2)|0) + o1, 5)
where w1, wy are two subsets of w representing the weights
of the embeddings and the attention-based encoder.

With a well-fitted DKGP, the predictive posterior distri-
bution of the objective function f at x, is as follows:

f*|Xay7$* NN(i*’yar(f*))) ’ (6)
T = Kieep, Koy, ©)
Ua/l"(f*) = kdeezﬂ(m*? ZC*) - k;e&p* Kdeepkdeep* N (8)

The deep kernel matrix Kge., can be found in eq. 5, and we
write Kgeep, = Kdeep(T+, X) to donate the vector of covari-
ances between the test point x,. and the training points X. In
this paper, we use the Matérn 5/2 kernel function to accom-
modate the DKGP model and adopt EI acquisition function
to choose the next query. During the acquisition stage, we
utilize 1bfgs optimizer to optimize EI on each subspace and
find the most valuable configurations to query in each sub-
space, enabling parallel Bayesian optimization on the objec-
tive functions. For those more complex search spaces that
have a large number of subspaces, optimizing the acquisition
function within each subspace is computationally expensive.
In such cases, we can directly employ random search to op-
timize the acquisition function over the entire space to give
batch queries. Under the sequential BO setting, we choose
the configuration that maximizes the acquisition function
among all subspaces. The detailed procedure of the algo-
rithm is shown in Algorithm 1.

Experiments
Experimental Setting

Tasks. To demonstrate the efficiency and efficacy of At-
tnBO, we conduct experiments on multiple tasks: For the
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simulation task, we follow the setting of Ma and Blaschko
(2020b), and the details of the search space can be found
in our supplementary material. We adopt log( distance be-
tween the best minimum achieved so far and the practical
minimum value as the y-axis.

Following the solid work Tan et al. (2019) in the NAS
field, we set an optimization problem in a complex search
space which includes a minimum of 29 and a maximum
of 47 hyperparameters depending on different conditions
—- the number of the blocks ranging from 4 to 7. There
are both categorical and continuous hyperparameters in this
NAS space, and the candidate will be evaluated on CIFAR-
10 dataset after 100 training epochs. The details of the set-
tings of this search space can be found in the supplementary
material.

For the OpenML tasks, we designed two conditional
search spaces, one for SVM and one for XGBoost, both of
which are widely used machine learning models for tabular
data. Moreover, we also combine the two search spaces via
an algorithm variable as Fig. 1 shows, leading to a CASH
problem and making the search space more complex having
six subspaces and 15 hyperparameters. The details of these
search spaces are shown in our supplementary material. Sup-
ported by OpenML (Vanschoren et al. 2013), we consider
6 most evaluated datasets: [10101, 37, 9967, 9946, 10093,
3494].

Benefiting from the capability to handle configurations
across various subspaces, our surrogate model enables large-
scale meta-learning on multiple source tasks from various
search spaces. We verify this feature on HPO-B-v3 (Pineda-
Arango et al. 2021), a large-scale hyperparameter optimiza-
tion benchmark that contains a collection of 935 black-box
tasks for 16 hyperparameter search spaces evaluated on 101
datasets. We set the ID of a search space as the father node
of its hyperparameters, resulting in a tree-structured search
space. We meta-train our model on all training data points of
the 16 search spaces and fine-tune it on the test tasks to get
the final performance.



Algorithm 1: AttnBO: An Attention-based
Bayesian Optimization Method for Conditional
Search Spaces.

Inputs: A black-box function f defined on a
conditional search space
x=x'Ux2U..ux™;

The batch size B(B <= n);
The number of total training iterations 7.

Randomly sample two initial points (N? = 2) to

evaluate from each subspace, resulting in N = 2n
initial points in total.

Get the initial dataset:

Do = {(z},yi)li =1,2,...,n,j =1,2,..,N'}
fort := from1toT do

Fit the Deep Kernel Gaussian Process by

maximizing the log marginal likelihood (eq. 2)
with Adam optimizer.

Optimize the acquisition function in each

subspace:
xl = argmax, i (x),

Get the next queries:

X.={xp|b=1,2,..,B} =
TopB({a(zl)|i =1,2,...,n})

Query f and get new observations:

Dy = {(zv,p)|b=1,2,..., B,yp = f(zp)}.

Update dataset: Dy = D;_1 U D,

-

N

=1,2,...,n.

end

Output: The best point z,,, in history.

1: TopB is a function that returns the top B
configurations ranked by the acquisition function.

—
>

Baselines. We compare AttnBO with Random
Search (Bergstra and Bengio 2012) and four BO base-
lines for the conditional space on all tasks, including two
GP-based methods (Bandits-BO (Nguyen et al. 2020),
AddTree (Ma and Blaschko 2020b,a)) and two non-GP
methods (SMAC (Hutter, Hoos, and Leyton-Brown 2011),
TPE (Bergstra et al. 2011)). Compared to the naive in-
dependent GPs, Bandits-BO is more advanced and can
easily degrade to the latter. Therefore, we choose it as our
baseline rather than the naive independent GPs. Moreover,
we also compare with Bandits-BO under a parallel setting
on real-world OpenML tasks to demonstrate our ability of
batch optimization. The implementation details of these
baselines can be found in our supplementary material.

Implementation details. We adopt the Transformer en-
coder as the deep kernel network to project the configura-
tions in different subspaces into a unified latent space Z.
Specifically, we employ 6 attention blocks with 2 parallel
attention heads. The dimensionality of input and output is
dmodel =256 (4 x 64), and the inner layer also has a dimen-
sionality of 512. We adopt average pooling to integrate the
output of the transformer encoder and utilize a multi-layer
perceptron (MLP) with 4 hidden layers, which has [128,
128, 128, 32] units of each hidden layer, to project the fea-
tures of the configurations into 32-dim vectors. The param-
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Figure 3: Performance of our AttnBO and baselines on the
conditional simulation objective function.

eters of the encoder are selected based on their performance
on the SVM and XGBoost tasks. We train the embedding
layer and attention-based encoder jointly for 100 epochs us-
ing Adam (Kingma and Ba 2015). We set the initial learning
rate to 0.001 and reduce it by half every 30 epochs. More
details of our implementation can be found in our supple-
mentary material.

Other settings. Following the settings of Bandits-BO, we
give 2n random points to initialize BO methods. Then, we
run BO on the simulation and OpenML tasks until 80 obser-
vations (without initial points) are collected and repeat the
experiment 10 times to reduce the impact of random seeds.
For the NAS tasks, we train each candidate on CIFAR-10
training set for 100 epochs and evaluate on the testing set.
Because the evaluation of a configuration in this task is very
expensive, we only repeat the experiment 3 times.

Experiment Analysis

Simulation Function. Following the setting of Ma and
Blaschko (2020b), we compare our AttnBO with other base-
lines on this additive structure objective function. As shown
in Fig. 3, our method performs best on this simulation func-
tion. Here, for a fair comparison, we reimplement the exper-
iment and set the same random seeds as all other algorithms.
(Probably, we did not get the same results as shown in their
paper due to the different number of initial points.)

Neural Architecture Search. Considering the evaluation
of a deep neural network is expensive, parallelization be-
comes especially important and necessary, which could
improve the efficiency of the optimization process. How-
ever, the state-of-the-art method AddTree (Ma and Blaschko
2020b) doesn’t support parallelization, which will still give
one query per BO iteration in this experiment. We show the
optimal accuracy after each BO iteration for all methods in
Fig. 4.

With more hyperparameters and more complex condition
settings, the ability to explore becomes crucial. Compared
to other methods, Add-Tree is limited in its capability to
explore or exploit various configurations within a BO loop
due to the inability to provide batch queries. As a result,
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Figure 4: Performance of baselines and AttnBO on the com-
plex NAS space.

the opportunity for observation is reduced, leading to a fail-
ure in finding optimal configurations during the early stages.
On the other hand, Random Search demonstrates better per-
formance on this task because of its strong ability to ex-
plore across each dimension in a larger space with paral-
lelism (Bergstra and Bengio 2012). In contrast to existing
methods, our AttnBO has the advantage of exploiting the
relationships between hyperparameters, which allows us to
learn better representations of configurations. Additionally,
AttnBO also enables parallel optimization by selecting the
best candidate in each subspace, leading to higher efficiency
throughout the BO process.

Real-world tasks on OpenML. Fig. 7 reports the average
ranking of performance on three hierarchical search spaces
of two machine-learning models, which were evaluated on 6
real-world datasets randomly selected from OpenML (Van-
schoren et al. 2013; Feurer et al. 2021). Our proposed
method achieves the best performance on all three tasks and,
in particular, outperforms the start-of-the-art BO method
AddTree (Ma and Blaschko 2020a) for conditional search
spaces. We also report the performance of all baselines on
each dataset, which can be found in our supplementary ma-
terial.

HPO-B Benchmark. Fig. 5 displays the performance of
our method compared to other default baselines as reported
in (Pineda-Arango et al. 2021). We also compare AttnBO
with and without warm-starting, denoted as AttnBO_WS and
AttnBO, respectively. The results demonstrate the effective-
ness of the warm-starting phase on large-scale datasets. Be-
sides, with warm-starting on HPO-B, our proposed AttnBO
can achieve competitive performance with state-of-the-art
transfer learning methods.

Computational Cost Compared to other baselines, our
method incurs slightly higher computational costs due to
the training of the deep encoder. Table 1 summarizes the to-
tal time (in minutes) required by our method and two other
BO methods to complete 100 iterations on the simulation
task. Since the simulation function involves no evaluation
cost, the recorded time is effectively equivalent to the algo-
rithm’s runtime. The results indicate that our method takes
only about 5 minutes longer than the other two methods. For
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Figure 5: Performance of various black-box optimization
methods on HPO-B benchmark.

Time Cost (minutes)
AttnBO  Bandits — BO Add — tree

17.05 11.96 12.73

Table 1: The total time cost over 100 iterations on the simu-
lation task.

objective functions with significantly high evaluation costs,
this additional overhead becomes negligible.

Sample Efficiency. Compared to separate GP models, the
unified model exhibits higher sample efficiency. To illustrate
the higher sample efficiency of the unified model compared
to separate GPs, we conducted a comparison based on the
simulation function. The results show that our method can
achieve the same performance within 100 observation points
that the separate models require 200 points to reach. Thus,
our method will become more advantageous when the ob-
servation cost of the black box is exceedingly expensive.

Ablation Study

Structure-aware Embedding. In this experiment, we
compare our method with two variants, AttnBO-no-emb and
AttnBO-token-mixer, on two machine-learning tasks. On the
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Figure 6: Comparison of AttnBO with the Separate GP Ap-
proach on the conditional simulation objective function.
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Figure 8: Performance of our AttnBO and two variants on
the SVM and XGBoost task.

one hand, to verify the effectiveness of the embedding we
proposed, we drop the structure-aware embedding and only
use the values of the hyperparameters as their features. We
denote this method as AttnBO-no-emb. On the other hand,
instead of using the average pooling operator for feature
fusion, we introduce an additional token to represent the
global feature of the sequence, which is often used in the
Computer Vision field (Dosovitskiy et al. 2021) and denoted
as AttnBO-token-mixer. Fig. 8 shows the average ranking
of these methods in each search space. Obviously, our pro-
posed embedding method helps to capture the relationships
between hyperparameters and leads to higher effectiveness.

Architecture of the Attention-based Encoder. This ex-
periment is to explore the architecture of the attention-based
encoder. The number of the self-attention blocks and paral-
lel heads are denoted as n, and n;. Table 2 shows all candi-
dates’ average regret and ranking on these two tasks. The re-
sults show that changes in the network structure had minimal
impact on the performance, with the final average rankings
of different structures being very similar. This indicates that
our method is not sensitive to slight variations in network
architecture. We selected the configuration with the lowest
average ranking across the two tasks (n, = 6,n; = 2, with
MLP) as our default network structure.
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Architecture SVM XGBoost

ng np MLP  accuracy ranking accuracy ranking

3 8 X 0.84+0.05 4.73+£0.24 0.88+0.04 4.71+0.28
3 8 v 0.85+0.05 4.81+£0.25 0.89+0.04 5.12+0.27
4 6 X 0.844+0.05 4.80+£0.25 0.89+0.04 4.21+0.28
4 6 v 0.85+£0.05 4.41+£0.26 0.89+0.04 4.68+0.24
5 4 X 0.85+0.05 4.45+0.24 0.90+0.04 3.99+0.28
5 4 v 0.85+0.05 4.07+£0.25 0.89+0.04 4.48+0.29
6 2 X 0.85+0.05 4.53+0.25 0.88+0.04 4.72+0.28
6 2 v 0.84+0.05 4.20+£0.22 0.90+£0.04 4.10+0.28

Table 2: The average accuracy and ranking of candidate net-
work architectures on the SVM and XGBoost tasks. The
signs ”x” and ”v"” represent the architecture with and with-
out a MLP after the attention block, respectively.

Conclusion

In this paper, we explore how to model the response sur-
faces within conditional search spaces in one for efficient
optimization in these spaces. We proposed a novel attention-
based BO framework AttnBO. Concretely, we proposed a
hyperparameter embedding method that can introduce the
semantic and dependency information into the feature of
each hyperparameter. Then we utilize an attention-based en-
coder to model the relationships among hyperparameters
and project the configurations from different subspaces into
a unified latent space. With the powerful attention-based en-
coder, we build a single standard GP model in a united latent
space. Moreover, our proposed method can give a batch of
queries in a BO iteration, which improves efficiency when
dealing with expensive objective functions. We conduct the
experiments on multiple tasks and give sufficient experimen-
tal results to demonstrate the effectiveness of our method.
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