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Deep Neural Network Parameter Selection via
Dataset Similarity under Meta-Learning
Framework

Liping Deng, Maziar Raissi, MingQing Xiao

Abstract—Optimizing the performance of deep neural networks (DNNs) remains a significant challenge due to the sensitivity of models
to both hyperparameter selection and weight initialization. Existing approaches typically address these two factors independently, which
often leads to limiting adaptability and overall effectiveness. In this paper, we present a novel meta-learning framework that jointly
recommends hyperparameters and initial weights by leveraging dataset similarity. Our method begins by extracting meta-features from
a collection of historical datasets. For a given query dataset, similarity is computed based on distances in the meta-feature space, and

the most similar historical datasets are used to recommend the underlying parameter configurations. To capture the diverse
characteristics of image datasets, we introduce two complementary types of meta-features. The first, referred to as shallow or visible
meta-features, comprises five groups of statistical measures that summarize color and texture information. The second, termed deep
or invisible meta-features, consists of 512 descriptors extracted from a convolutional neural network pre-trained on ImageNet. We
evaluated our framework in 105 real-world image classification tasks, using 75 datasets for historical modeling and 30 for querying.
Experimental results with both vision transformers and convolutional neural networks demonstrate that our approach consistently
outperforms state-of-the-art baselines, underscoring the effectiveness of dataset-driven parameter recommendation in deep learning.

Index Terms—Hyperparameter selection, Weight initialization, Image characteristics extraction, Deep learning, Meta-learning
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1 INTRODUCTION

DEEP neural networks have made remarkable strides
over the past decade, demonstrating exceptional ef-
ficacy across various domains, including image classifica-
tion [1], speech recognition [2], generative models [3], and
natural language processing [4]. Similar to conventional
machine-learning algorithms, deep neural networks rely on
critical hyperparameters that significantly influence their
performance in diverse tasks.

Hyperparameters are values or settings that are inde-
pendent of model parameters, and they are preset by practi-
tioners before training begins. For instance, in convolutional
neural networks (CNNSs) [5], the critical hyperparameters
related to model training include the number of training
epochs, batch size, learning rate, dropout rate, and optimiza-
tion schemes [6]. These hyperparameters should be carefully
selected for a given deep-learning task to optimize de-
sired outcomes. In addition to hyperparameters, the initial
weights of neural networks play a vital role in controlling
the training process. These weights determine convergence
speed and whether the model can reach the global optimum,
directly impacting performance in real-world applications
[7]. A well-chosen weight initialization should be a few
training steps away from the desirable solution for the
task [8]. Such effective initialization can significantly reduce
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training epochs, time budget, and computing resources,
ultimately improving the efficacy of deep learning models.

The existing strategies for hyperparameter selection in
deep learning encompass three main approaches:

1) Search-based optimization [9], [10]: this approach
involves exploring hyperparameter configurations
through search algorithms. Examples include ran-
dom search and Bayesian optimization. However,
evaluating each searched configuration on the
model can be computationally expensive due to the
large scale of model parameters and training data in
deep learning.

2) Model-based reinforcement learning [11], [12]: in
this method, reinforcement learning techniques
guide the search for hyperparameters. Researchers
have proposed approaches like dynamic program-
ming and efficient exploration. Despite their ef-
fectiveness, these methods also demand substan-
tial high-performance computing resources (such as
GPUs and TPUs) and are time-consuming.

3) Gradient-based optimization [13], [14]: unlike the
previous two approaches, gradient-based meth-
ods focus on differentiable hyperparameters. These
methods can handle specific hyperparameters re-
lated to optimizers, such as learning rate, momen-
tum, and weight decay. Clearly, their application
scope is limited by the requirement for differentia-
bility.

Overall, selecting effective hyperparameters efficiently re-
mains a practical challenge in deep learning, necessitating
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careful consideration of computational resources and the
specific hyperparameters involved.

On the other hand, the representative approaches to
weight initialization are random initialization, model pre-
training [15], and model-agnostic meta-learning (MAML)
[16]. The popular schemes in random initialization are Glo-
rot initialization [17] and He initialization [18], which sam-
ple weights randomly from a bounded uniform or Gaussian
distribution, and have shown promising performance in
certain cases. However, Glorot initialization is not suitable
for large network architectures and does not work well
with ReLU due to its linear activation function assumption,
and He initialization is designed for parametric ReLU only.
Model pretraining is another widely used method in weight
initialization, in which the model parameters trained on
very large datasets (e.g., ImageNet) are transferred to new
tasks. By fine-tuning the model, we adapt it to specific tasks.
However, whether these pre-trained weights are universally
suitable for new tasks remains an open question [19], [20],
[21], [22]. MAML addresses few-shot learning problems
where training data is limited. It effectively avoids over-
fitting. However, MAML's prohibitive computation burden
restricts its applicability to large-scale models.

Existing approaches in deep learning often have limita-
tions: they tend to focus solely on either hyperparameter
tuning or weight initialization, resulting in inefficiencies
and inflexibility. In this paper, we propose a novel strat-
egy within the framework of meta-learning. Our approach
simultaneously recommends fine model hyperparameters
and initial weights based on dataset similarity. Unlike exist-
ing methods, our approach is guided by the widely accepted
heuristic that intrinsically similar datasets are likely to ben-
efit from similar model weights and hyperparameter con-
figurations. Specifically, we pursue the following steps: (i)
data collection - we begin by collecting a group of historical
datasets!, and from these datasets, we extract meta-features
that characterize the most intrinsic aspects of the data; (ii)
similarity evaluation - when a query dataset requires model
(hyper)parameters, we compare it to the historical datasets,
i.e., quantifying the similarities between the query dataset
and historical datasets by calculating distances among their
meta-features; (iii) recommendations - both well-performed
hyperparameters and well-trained model weights from the
historical dataset with the shortest distance are adopted,
and these parameters are then recommended to use for this
query dataset.

Meta-features serve as a group of hand-crafted de-
scriptors that instantiate the underlying characteristics of
datasets [23]. In our approach, meta-features play a crit-
ical role in quantifying dataset similarities, and their ef-
fectiveness significantly influences the success of both hy-
perparameter tuning and weight selection tasks. However,
existing meta-features have primarily been designed for
traditional machine-learning datasets [24]. These datasets
can be succinctly summarized as an n X p matrix, where n
represents the number of instances, and p denotes the num-
ber of attributes. Therefore, conventional meta-features do

1. Historical datasets are those where the performance of target
algorithms is known, meaning no further learning is required on those
datasets.

2

not apply to image datasets. To address this limitation, our
paper proposes a novel approach: extracting meta-features
specifically from image datasets. Our goal is to ensure both
efficiency and effectiveness. Ideal meta-features should be
easy to obtain and should accurately reflect the most im-
portant characteristics of the underlying datasets. Following
these principles, we introduce two distinct categories of
meta-features. The first category is based on five groups
of measures that describe the color and texture features of
images, and we refer to these as “visible” shallow meta-
features. The second category includes 512 characteristics
extracted by a CNN model that is well-trained on the Ima-
geNet image classification dataset. We call these “invisible”
deep meta-features. The rationale behind this distinction
is that, in addition to the visible features, some critical
hidden characteristics exist in images, and they should be
meaningful in similarity measurement.

Building upon our proposed approach and meta-
features, we have developed a deep neural network hyper-
parameter and weight recommendation system. In this sys-
tem, we utilized 75 real-world image classification datasets
as historical datasets. To validate the effectiveness of our
approach, we employed both a vision transformer (ViT)
and a convolutional neural network (CNN) as the backbone
models, in which five hyperparameters and a total of 360
configurations were considered. Our empirical results, ob-
tained from 30 real-world datasets, demonstrate the supe-
riority of our approach over the state-of-the-art hyperpa-
rameter search algorithms and weight initialization strate-
gies. Specifically, our similarity-based recommendation and
meta-feature learning significantly enhance the performance
of deep learning models.

In summary, our main contributions to this paper are
described as follows:

1)  We simultaneously recommend both hyperparam-
eters and initial weights for deep neural networks
based on dataset similarity within the framework of
meta-learning. This approach overcomes the limita-
tions of existing methods for hyperparameter selec-
tion and weight initialization.

2) We extract image meta-features, introducing two

types:

e Visible shallow meta-features, which describe
color and texture features of images.

e Invisible deep meta-features, extracted by a
CNN model trained on ImageNet. These hid-
den features enhance image characterization.

3) Through extensive experiments, we validate our
approach on 105 real image datasets, using both
vision transformer (ViT) and CNN. Our empirical
results demonstrate the effectiveness and superior-
ity of our approach compared to other state-of-the-
art baselines.

The remainder of the paper is structured as follows. In
Section 2, we provide a brief review of current approaches to
hyperparameter optimization and weight initialization for
deep neural networks. Next, in Section 3, we introduce our
proposed two types of image meta-features. The details of
our recommendation framework are outlined in Section 4.
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Subsequently, we present the empirical results and discus-
sions in Section 5, and finally, we summarize the conclusions
and outline future work in Section 6.

2 RELATED WORK

This section is divided into two subsections. The first sub-
section provides a concise review of hyperparameter opti-
mization algorithms in deep learning. The second subsec-
tion delves into the various approaches for weight initial-
ization. The details are as follows.

2.1

The representative strategy of hyperparameter tuning is
search-based. Grid search is the simplest scheme, greedily
evaluating every hyperparameter configuration within the
defined search space. While it can find the best ones, its com-
putational complexity grows exponentially as the number
of hyperparameters increases. In contrast, random search
[9] samples and evaluates points from the hyperparameter
space randomly, using a preset stopping criterion. It outper-
forms grid search when hyperparameters are not uniformly
distributed. Bayesian optimization (BO) [10], on the other
hand, leverages previous evaluations by utilizing a proba-
bilistic surrogate model (such as a Gaussian process). BO
then determines which promising hyperparameter configu-
ration should be evaluated next, guided by an acquisition
function. Other search strategies include population-based
search (e.g., particle swarm optimization [25] and successive
halving [26]). However, due to the need to evaluate each
searched configuration on deep neural networks (often with
millions of parameters), search algorithms are frequently
time-consuming and computationally heavy.

The second strategy in hyperparameter tuning involves
gradient-based optimization [27]. As the name suggests, we
optimize the hyperparameter selection criterion using gra-
dient descent, which necessitates calculating the hypergra-
dients of hyperparameters. However, since the selection cri-
terion for hyperparameters is typically non-convex and non-
smooth, it lacks differentiability, limiting its applicability. Al-
though gradient-based methods have garnered attention in
few-shot learning [13], [14], they are primarily effective for
specific hyperparameters, such as learning rate, momentum,
and weight decay, within the optimizer. Additionally, due to
hypergradient degradation and substantial memory costs,
gradient-based methods are best suited for simple models
and toy datasets with a short horizon—where the learning
process can be completed within a few gradient steps.

The third strategy in hyperparameter tuning involves
model-based reinforcement learning. In this approach, the
agent selects a hyperparameter configuration from the hy-
perparameter space based on its current policy. It then
evaluates the chosen hyperparameter on the model to obtain
a score (such as classification accuracy), which serves as the
reward for this action. The agent’s state is updated accord-
ingly. This process is repeated until a desired hyperparame-
ter configuration is found. Wu et al. [12] proposed modeling
the hyperparameter optimization process as a sequential
decision problem, akin to a Markov decision process. They
designed a reinforcement learning agent specifically to seek

Hyperparameter optimization
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the desired hyperparameters. Meanwhile, Dong et al. [11]
introduced a dynamical hyperparameter optimization al-
gorithm based on reinforcement learning and continuous
deep Q-learning. Their work found applications in visual
object tracking. However, similar to search algorithms, this
strategy necessitates hyperparameter evaluation during its
process, which can be inefficient on large-scale datasets and
models.

2.2 Weight Initialization

The widely adopted strategy of weight initialization is ran-
dom initialization because of its simplicity, where weights
are sampled following a Gaussian distribution with a spe-
cific mean and variance or uniformly within a relevant
interval. Especially, Glorot et al. [17] proposed to initialize
weights from a random uniform distribution bounded by

(=L 6 ) known as Glorot initialization, where
N/ itn; n;+n;

n; and n; are respectively the number of incoming and
outgoing network connections within a layer, which can
guarantee the variances of the input and output of a layer
stay the same. He et al. [18] proposed to take weights from

a normal distribution N (— \/m\(/liag) ) \/ni\(/16+a2) ), where n;
is the number of connections of the incoming network in a
layer and a is a parameter of the parametric ReLU activation
function. This method is shown to outperform Glorot initial-
ization because it is effective in deeper and wider network
architectures. Another strategy in random initialization is
to use the training data; for example, Gan et al. [28] took
patches from each training image to form a matrix on which
the principal component analysis algorithm was applied,
and the obtained eigenvectors were further leveraged as the
weights of convolutional filters in CNNs.

The second strategy for weight initialization is model
pretraining, which can be classified as supervised and unsu-
pervised pretraining. In the first case, the weights of the new
model are initialized by parameters that are well-trained on
other datasets (such as ImageNet [15]). This process, often
referred to as transfer learning in deep learning, allows us
to fine-tune the model with fewer steps. However, whether
this initialization is effective for all new tasks remains an
open question. On the other hand, various (convolutional)
autoencoder (AE) neural networks [29], [30] are employed in
unsupervised pretraining due to their strong feature learn-
ing capabilities. An AE has a symmetric structure compris-
ing an encoder that maps input data to a lower-dimensional
latent space and a decoder that accurately reconstructs the
input data. Once the AE is fully trained on a dataset, the
encoder can be further combined with a fully connected
layer to perform tasks such as classification or segmentation.

In addition, model-agnostic meta-learning (known as
MAML) [16] serves as a powerful tool for learning initial
weights in few-shot learning scenarios. When training data
is scarce and starting from scratch often leads to overfitting,
MAML comes to the rescue. It adopts a bilevel optimization
strategy: at the inner level, it optimizes the loss across a
range of tasks sampled from a distribution; at the outer
level, it optimizes the loss specifically for the task of interest.
Initially, MAML initializes the weights randomly, and then
iteratively updates them within both the inner and outer
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optimization loops. However, MAML's main drawback lies
in its high computational complexity, particularly when
applied to large network models, rendering it less practical
in many scenarios. For a more comprehensive review of
weight initialization techniques, readers can refer to a recent
survey by Narkhede et al. [7].

3 META-FEATURE EXTRACTION

In this section, we begin by summarizing the general mathe-
matical notations used throughout this paper. Subsequently,
we introduce the proposed meta-features for image datasets.

3.1

In this paper, matrices and vectors are represented by
bold uppercase and lowercase letters, respectively, e.g.,
X € R™*" and x € R™*!, and multidimensional tensors
are denoted as calligraphic letters, e.g., Z € R™1X™2X X",
The entries of a matrix X € R™X" (vector x € R™*1) are
written as X;; (z;) where ¢ and j are the indexes of each
dimension, and the elements of a tensor Z € R™1X"2X" X7y
are written as Z (i1, 42, -+ ,ip) where ij,j = 1,2,--- ,p, are
the indexes of each dimension.

In addition, an image dataset is denoted as the Ralph
Smith formal script &, and a deep learning algorithm is de-
noted as the Ralph Smith formal script .# . The cardinality of
a set () is represented by ||, and floor(z) = |z] is the floor
function. Other notations will be introduced subsequently
when necessary.

Notations

3.2 Proposed meta-features

Our meta-features encompass six distinct groups of mea-
sures, including indexed color histogram, color coherence
vectors, color structure descriptors, color autocorrelogram,
Haralick, and deep hidden features. In our following dis-
cussions, suppose an RGB (red, green, and blue) image
T € Rm*n2X3 g given, where Z(:,:,i),i = 1,2,3, are
corresponding to the red, green, and blue channels, respec-
tively, and the pixels of Z are normalized into [0, 1], i.e.,
Z(i,j,k) € [0,1] for any ¢, j, and k. Furthermore, the image
is converted to an indexed image I € R™*"? using an
universal colormap {ci,ca,- - ,c,} where ¢; € R3*!j =
1,2,---,n, and each dimension of c; is corresponding to a
color channel, and n is the number of quantized colors.

3.2.1 Indexed color histogram (ICH)

Color histograms are an effective tool to characterize the
color distribution of an image. To create an indexed color
histogram (ICH), we classify the pixels in the indexed image
I into n groups based on which color bin they belong to.
Denote the group that is corresponding to the color bin c;
as GG;, then

Gi ={ILx|C(Ljx) = ci},

where I3, j = 1,2,--- ,n1,k = 1,2,--- ,ng, is a pixel on
the indexed image I and C(I;z) = c; indicates the color
of pixel I;; is c;. Finally, we count the number of colors in
each bin and obtain an n-dimensional vector which is the
ICH meta-features, i.e.,

ICH:HG1|a|G2|a 7|G71H (1)

3.2.2 Color coherence vector (CCV)

The previous ICH meta-features primarily focus on the
statistical distributions of pixels or colors, while they ignore
their spatial information, which is critical to identify the
patterns and layouts of colors of an image. Hence, we
consider the color coherence vector (CCV). Different from
color histograms, CCV classifies the pixels in each bin into
coherent and non-coherent. For a particular color bin c;, we
first construct a binary image B that has the same dimension
if C(Ijk) = C;,

as I where
17
Bjk o { O, if C(I]k) 75 C;.

A connected component (CC) in B is the largest set of pixels
such that for any two pixels in the CC, there is always
a pathway between them. Then, for each CC in terms of
pixel 1 in B, we count the number of pixels R and compare
it to a positive integer 7 = floor("%?), and these pixels
are assumed to be coherent if R > 7 and non-coherent
otherwise. Next, we count the total number of coherent
(C;) and noncoherent (V;) pixels, denoted as (C;, N;). Thus,
CCV meta-feature of image Z can be defined as

CCV = [(Cl,N1)7 (C2aN2)a T 7(Cn7Nn)]7

which is a 2n-dimensional vector.

3.2.3 Color structure descriptor (CSD)

CSD is another meta-feature that focuses on color spatial
distribution. It is defined in the HMMD (Hue-Min-Max-
Difference) color space [31], which better represents color
relationships based on human perception compared to the
RGB color space. For a given RGB image Z, we first convert
it into an HMMD image Z’. Then the image is quantized
to n colors {c},ch, -+ ,cl} to obtain an indexed image
I’ € R™*", on which a structure window, e.g., a 3 x 3
square, is moved throughout the image I’ and we count the
total times of each pixel that shown in the window to form
an n-dimensional vector, which is the CSD meta-features,
ie.,

CSD = [[e ], [eb], - [en ], 2

where |c}| represents the total number of times that color ¢}
is detected in the sliding window. To create a more robust
CSD, we adopt 3 square sliding windows with increasing
sizes k X k where k = 3,5,7, and their concatenation is
employed as the CSD meta-features having a length of 3n.

3.2.4 Color autocorrelogram (CAC)

Color autocorrelogram (CAC) is the diagonal of the color
correlogram matrix that focuses on image texture features
by counting the probability of a pair of colors with a certain
distance d. The elements of CAC are described as follows:

CACd(’L) = PI‘{(I]k) Ij'k}’)}; 7= 1’ 2, ceeun,

s.t., C(Ijk> = C(Ij/k/) = ¢; and diSt(Ijk, Ijlk/) =d,
where Pr(FE) stands for the probability of event E, I
and I/ are any two pixels of the indexed image I, and
dist(+, ) represents the distance of two pixels. We consider
d € [1,3,5,7] so four CAC vectors can be obtained and their
concatenation is taken as the final CAC meta-features, i.e.,

CAC = [CAC',CAC?, CAC®,CACT], 3)
which has a length of 4n.
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3.2.5 Haralick features (HARA)

Haralick features are the second type of image texture fea-
ture that is based on the gray-level co-occurrence matrices
(GLCMs). GLCMs are symmetric matrices whose entries are
the frequency of a particular pair of grey levels. How to
obtain the GLCMs from a color image Z can be found in
[32]. Suppose a GLCM P € R™*" is calculated from image
Z where n is the number of grey levels, then it is further
normalized by
ﬁ _ P
n? 3= Fij

Twenty features are proposed in the literature [33], [34], [35]

based on matrix P, and we choose five of them in this

paper and they are cluster shade, correlation, information

measure, contrast, and max probability, because most of

them are highly correlated. Definitions are as follows.
Cluster shade:

3
= n2 Z ( +~2u) Py, )
i,j=1
where i = > i =1 P;.
Correlation:
j ~
_ n My 5
R TG [
i,j=1 v
where
- Ie~i .
Mz = E;E'pz(z)v
_ I~j -
My = ﬁzﬁ py(]):
Jj=1
1o i
~2 L~ N2 s
Op = nlzl(n ,U/a:) pw(l)v
5 = liﬁ?ﬁ)?-ﬁ(a),
y nj:1 n Y Y
andﬁw(l)_ 12] IPU andﬁ ( )_ 121 1
Information measure:
HXY - HXY1
f3= ——— (6)
max{HX 6 HY}
where
}’I\)J( = _721% 1ng.L()
N 1 ~
HY = =3 by(j)-loghy(j),
j=1
e~ 1 & - -
HXY fﬁmzzjlpi log P;;,
o~ 1 & - o
HXY1 = —— > Pij-loglpa(i) - 5y(j)]-
ij=1
Contrast:
2
fa= n2 Z (*—*) ij @)

1,0=1

Max probability:

f5= H}?}XPij- ®
In addition to the existing features, we propose the
following three measures that are based on colors’ spatial
distributions and quantities.
Sum of diagonal:

RN
) Z P, (4 (9)
i=1
A diagonal entry P;; represents the number of pixels of color
1 that are aggregated together, so the sum of the diagonal
measures the aggregation of colors. A larger value of fg
implies each color has a more compact layout.
Sum of outliers:

- 2 Z PZ] Pyi<Pyjo (10)
4,j=1
where I,<p(a,b) is an indicator function and I(a,b) = 1

if a < b otherwise I(a,b) = 0. Based on the definition of
GLCM, we call P;; an outlier if P” < PZ], which suggests
there are more other colors in the surroundings of color <.
Hence, a larger f; indicates a more fragmented distribution
of colors, or the numbers of various colors are imbalanced.

Sum of zeros:

2 Z Pyj=0

,j=1

1)

where I,—¢(a) is an indicator function and I(a) = 1if a = 0
otherwise I(a) = 0. A zero entry P;; in P means the color ¢
and color j are not close to each other, so a larger fg indicates
the colors in Z are more likely well-aggregated.

Therefore, our Haralick meta-feature is an 8-dimensional

vector, i.e., Hara = [f17f27f3a f4af57f67f77f8}'

3.2.6 Deeply hidden features (DEEP)

The meta-features mentioned above are based on the im-
age’s colors and texture, which are “visible” shallow char-
acteristics. There are more critical underlying features that
exist in the images, and extracting those features will be
beneficial to dataset similarity measurements. To extract the
latent hidden features from images, we propose using con-
volutional neural networks, which are shown to be powerful
in deep feature learning, as meta-feature extractors. Specif-
ically, the backbone of our neural meta-feature extractor
adopts the main body of the famous VGG19 [36] architecture
with some modifications. It contains 16 convolutional layers,
5 max pooling layers, and 1 adaptive average pooling layer.
Suppose the input image has a size of 224 x 224, then the fea-
ture map after the fifth max pooling layer has a dimension
of 512 x 7 x 7, and it is further fed into the average pooling
layer, so the output is a 512-dimensional vector, which is the
extracted meta-features. The model parameters of our meta-
feature extraction network are transferred from VGG19,
which is well-trained on the ImageNet image dataset.
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Fig. 1. The workflow of similarity-based hyperparameter and weight
recommendation.

4 SIMILARITY-BASED PARAMETER SELECTION

In this section, we initially address the challenges of hy-
perparameter optimization and weight initialization. Subse-
quently, we delve into the proposed similarity-based recom-
mendation approach.

4.1
tion

Hyperparameter optimization and weight initializa-

Suppose the deep learning model .# of interest has r
distinct hyperparameters Aq, A2, -+ , A, then its hyperpa-
rameter space is defined as the Cartesian product

Ay=A XAy x--- XA, (12)

where A;,i =1,2,--- ,r, is the search space of hyperparam-
eter \;,7 = 1,2,---, 7. Besides, we define the initialization
model parameter space as ® with infinite elements and
comprises all possible weights of .#. For a given image
dataset &, we try to find a hyperparameter configuration
A = [M, Ao, -+, A\ where \; € Aji = 1,2,--- .7, as
well as a model weight 8; € O, that can optimize the
performance of .# on %. Mathematically, it is formulated
as

A%, 85 = argoptaea , 00c@,V(Ps H(x,60), 7)),

where V(-,-,+) is the performance validation strategy, P is
the performance evaluation metric, e.g., classification accu-
racy, and .Z(g,) represents the model that is instantiated
by the hyperparameters A and weights 8.

4.2 Similarity-based recommendation

The process of similarity-based parameter recommendation
is divided into two phases, namely, the offline training phase
and the online recommendation phase, as shown in Figure
1. We elaborate on the details next.

4.2.1 Offline phase

In the offline phase, we first collect a group of historical
image classification datasets { %1, Za, - - - , Py, }, from which
the metadata, including the historical performance of hyper-
parameters and meta-features, is then extracted.
Performance evaluation: For a given historical dataset
2;, it is first split into 10 folds using the stratified split-
ting scheme that can eliminate the influence of imbalance
classes, then 8 folds are randomly chosen and employed

6

as the training set 2" and rest of 2 folds are used as the
validation set Z¢V?!. Then the model .# instantiated with a
hyperparameter configuration A\; € A 4 is trained on Z".
Here, the weights of .# are randomly initialized. When the
training process is done, the trained model weights 6,
are saved, and we evaluate .Z; on _@f"al to obtain the
classification accuracy which is treated as the performance
of hyperparameter \;. Mathematically, this process can be
expressed as follows:

Yx; = P(%Ajvgfragfval)aj =12 a|A//1|7 (13)

where yy; € [0,1] is the obtained performance of hyperpa-

rameter configuration A;, P(-) is the classification accuracy

metric, and P (A, 2", ¢**) represents the performance

of model ./#y, that is trained on 2" and evaluated on Z;*?!.
After all candidate hyperparameter configurations in

Ay are evaluated, a performance vector

(14)

Yo, = [y)\uy)\w"' aykm/fﬂ]—r

and a weight parameter set
O, = {0x,, Oxs . Oxa }

on dataset Z; can be formed where yx, and 6y, are the
performance and associated weights of hyperparameter
configuration A\;,j =1,2,--- ,|A_4|, respectively.

Meta-feature extraction: Suppose a given historical
dataset &; has N; images, ie, 9, = {I1,Zs, - ,InN,},
we extract the proposed meta-features from each image Z;,
denoted as x; = F'(Z;),j =1,2,--- , N;, where F(-) stands
for the defined meta-feature extraction function, then the
meta-features of the dataset Z; is defined as

N;
X@{, - [X17X2a"' 7XNJ S ]RTX 5

where each column is the meta-features of an image with a
size of 7.

When the meta-features of all historical datasets are
extracted, we normalize each meta-feature into [0, 1] using
the min-max scaling to eliminate the possible influence of
scales in our later similarity calculations. Finally, the mean
and the covariance of X ¢, are computed, i.e.,

1 &
ho, = > % (15)
Jj=1
N;
Yo, = D (%= pg) (x5 —pg,)",  (16)
D

and then we assume X g, follows a multivariate Gaussian
distribution with mean Ko, and covariance Xg,, that is
X NNT(I’L_@NZ:@q) fOI'j = 1727 T 7N’i'

4.2.2 Online phase

When we are given a new (query) dataset ¥ with N im-
ages, its most suitable hyperparameters and initial weights
are required to be determined. We first extract its meta-
features, denoted as Xy = [x1,X2, - ,Xy]. Similarly, we
assume Xg follows a multivariate Gaussian distribution
N, (pg,X2) where mean pi., and covariance X4 are com-
puted by (15) and (16), respectively. To measure the similar-
ity between Z and a historical dataset Z;, we calculate the
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TABLE 1
The search space of the hyperparameters of ViT-B/32. A dropout rate
being 0 means there is no dropout during the training.

Hyperparameters  Range

learning rate {0.0001,0.001,0.01,0.1}
batch size {32, 128, 256}

optimizer {Adam, SGD, Rmprop}

training epoch
dropout rate

{10,20,30, 40,50}
{0, 0.5}

distance between the distributions of their meta-features,
and the following Fréchet distance measure [37] is adopted

dist(2, ;) = |pg — po, 3+ Tt[Eg + g, —2(S9Eg,) 2],

where |-||2 stands for the vector Ly norm, Tr(-) is the trace
of matrices, and (£9X, )2 is the square root of matrix
39X g,. Therefore, a shorter distance dist(Z, ;) indicates
a higher degree of similarity between Z and ;.

We adopt the k-nearest neighbor (kNN) as the recom-
mendation algorithm. Specifically, we first select k historical
datasets that have the shortest distance with & based on
the defined distance and then, on each selected dataset,
we assign ranks to hyperparameter configurations based
on their performance: the best one has rank of 1 while
the worst one has rank of |A_y|, where |A_4| is the total
number of hyperparameter configurations. Finally, we pick
the top hyperparameter configuration that has the smallest
average rank over the k£ datasets and recommend it to the
new dataset 7, i.e.,

k
1
9 .
}‘recom = arg )\Iéﬂ[l\nﬂ E ]z_:l rank(y@ij ) (17)
where %;,,j = 1,2,--- , k, are the k most similar historical

datasets concerning the query dataset &, rank(-) is rank-
ing strategy described above, and Y7, is the performance
vector on dataset 7;; as defined in (14). The associated
model parameters of /\Zcom on these k datasets are therefore
recommended to the query dataset &, i.e.,

= {6310 0n.

Arecom

P,

2
6 AK‘SCCPIII } ’

recom

(18)

R

Di; .
where 0, ’  stands for the model parameters associated
2

recom

to hyperparameter configuration A on dataset %, j =

. . P;
1,2,--+ k. In practice, we can choose the first one 6,
only or their average.

5 EXPERIMENTS

In this section, we evaluate the effectiveness of our proposed
approach and meta-features for hyperparameter and weight
recommendation. To construct the recommendation system,
we curated a dataset pool comprising 105 image classifi-
cation datasets sourced from Kaggle.com. These datasets
exhibit a wide range of characteristics: the number of classes
varies from 2 to 211, and the instance counts span from
174 to 57,161. From this collection, we randomly selected
75 historical datasets that represent the aforementioned
distributions. The remaining 30 datasets serve as query
datasets, upon which our recommendations are applied. For

(s)

Time consumed

32x32

6464 128x128
Image size

224 %224

Fig. 2. Comparisons on the time consumed on meta-feature extrac-
tions of proposed meta-features on image dataset Lung and Colon
Cancer that has 25,000 images, under four different image sizes.

detailed information about the datasets, please refer to the
supplementary document.

Our experiment reports are divided into three parts. In
the first part, we demonstrate the efficiency of the proposed
meta-features in meta-feature extraction. In the second and
third parts, we separately present the performance of hyper-
parameters and weight recommendations.

5.1

To show the efficiency of our proposed meta-features, we
report the time consumed on meta-feature extraction on the
image dataset Lung and Colon Cancer [32], which has
25,000 images. The settings and configurations employed
for each type of meta-feature are explained next, and they
are used throughout our experiments. To ensure a fair
comparison, meta-features ICH, CCV, and CAC adopt the
same RGB colormap with a length of 32, iie, n = 32 in
Subsection 3.2, and CSD adopts an HMMD colormap with a
length of 32 as well; therefore, ICH, CCV, CAC, and CSD
have dimensions of 32, 64, 128, and 96, respectively. To
construct a GLCM for HARA meta-features, we consider
four directions, namely, horizontal, vertical, left lean diag-
onal, and right lean diagonal, to obtain four GLCMs, and
their sum is leveraged to calculate the HARA meta-features.
The shallow meta-features, i.e., ICH, CCV, CAC, CSD, and
HARA, are extracted on an AMD Ryzen 7 5800H CPU@3.20
GHz with a RAM of 32.0 GB, and the deep meta-features are
extracted by a Kaggle GPU P100 with a RAM of 16.0 GB.
The time comparisons are illustrated in Figure 2, where
four different image sizes, i.e., 32 x 32,64 x 64,128 x 128,
and 224 x 224, are investigated to show the influence of
image size on the efficiency of meta-feature extractions.
The reason we choose the size of 224 x 224 is that the
backbone deep neural network models in our following
experiments accept 224 x 224 images as input. From Figure
2, one can see that: 1) the image size has a significant impact
on the time needed for almost all meta-feature extractions
except for CAC, which shows a steady time budget. CAC
requires converting images from RGB color space to HMMD
color space first which is a time-consuming process; 2)
ICH consumes the least time and needs about 30 seconds
for 25,000 224 x 224 images, while CSD seems to be the
most computationally heavy as it takes more than 1,600
seconds under the same circumstance; 3) although DEEP
meta-feature shows an increasing tendency in demand of
time budget the increment each time is insignificant. HARA

Efficiency in meta-feature extraction
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TABLE 2
Comparisons on ACA (Average Classification Accuracy Rate), ARA (Average Recommendation Accuracy Rate), and HR (Hit Rate) between
various meta-features under four different image sizes. The ACA of the real best configurations on the testing problems is 91.28%.

Methods 32 x 32 64 x 64 128 x 128 224 x 224
ACA ARA HR ACA ARA HR ACA ARA HR ACA ARA HR

ICH 88.62 96.92 100.00 88.37 9643  100.00 88.34 9639  100.00 88.65 96.92  100.00
CAC 88.50 96.64 100.00 88.66 96.88  100.00 88.31 96.20  96.67 88.14 9581  96.67
HARA 88.22 9593  96.67 88.39 9647  96.67 88.39 9633  96.67 88.07 96.14  96.67
CcCcv 88.08 9590  96.67 88.31 96.37  100.00 88.41 96.50 100.00 88.37 9641  100.00
CSD 88.13 96.03  100.00 88.41 9642 100.00 88.42 9643  100.00 88.44 96.47  100.00
DEEP 88.38 9644  96.67 8832 96.14  96.67 88.42 9642  96.67 88.47 9647  96.67
COMB 88.36 96.29  100.00 88.29 96.24  100.00 88.30 96.25 100.00 88.37 96.35 100.00

meta-features can be obtained efficiently since it does not
need to slide over an image as CSD and CAC do. Next, we
are going to investigate the performance of various meta-
features that are extracted from different image sizes.

5.2 Performance in hyperparameter recommendations

In this experiment, we choose the famous vision transformer
(ViT-B/32) [38] as the backbone model where five hyper-
parameters, namely, learning rate, optimizer, batch size,
training epoch, and dropout rate, are considered, and their
search spaces are listed in Table 1 and we have a total of
360 hyperparameter configurations. We adopted the weights
of ViT-B/32 pre-trained on ImageNet, fixed them during
training, and just fine-tuned the layer of full connection for a
new dataset. All training was run on Kaggle GPU P100 and
TPU v3-8, and cosine learning rate decay was deployed.
We employ three metrics to evaluate the goodness of
the selected hyperparameters, namely, (average) classifica-
tion accuracy rate (CA, ACA), (average) recommendation
accuracy rate (RA, ARA), and hit rate (HR), and they are
widely leveraged in hyperparameter and classifier selection
tasks [39], [40]. CA, RA, and HR have a range of [0, 1], and a
larger value is preferred and indicates a better recommenda-
tion. In addition, we also adopt the normalized discounted
cumulative gain (NDCG) [41], which is a popular metric in
recommender systems, to measure the similarities between
the real rankings of hyperparameter configurations and the
rankings of the predictions of recommendation approaches.

5.2.1 Performance of proposed meta-features

The empirical results of our meta-features, under four im-
age sizes, are summarized in Table 2 (ACA, ARA, and
HR) and Figure 3 (NDCG) separately. In addition to the
performance of every single type of meta-feature, we also
investigate the effectiveness of their combinations, denoted
as “COMB”, where the similarity between two datasets is
the summation of the similarities calculated on each type
of meta-feature. To eliminate the influence of different di-
mensions of meta-features, the similarity of each type of
meta-feature is divided by its length, i.e., dist(Z,%;) =
2?21 mdistMFEi(@, 2;) where MFE; stands for
a specific meta-feature.

From Table 2, one can observe that: 1) all meta-features
have achieved satisfying results, since the highest (lowest)
ACA, ARA, and HR are respectively 88.65%, 96.92%, and
100.00% for ICH when image size is 224 x 224 (88.07%,
95.81%, and 96.67% for HARA when image size is 224 x 224);
2) the image size has different impacts on the performance

[=—1cH —=—cac DEEP —e—COMB|
32x32 64x64

0.92 0.92
0.89 :
@ © =&
L o.86 ' — e
zZ b

0.83

HARA —&—CCV ——CSD

0.80

12345p678910 2345ﬂ678910

128x128 224x224

Fig. 3. Comparisons on NDCG@p (Normalized Discounted Cumulative
Gain), where p = 1,2,---,10, between various meta-features under
four different image sizes.

of each type of meta-feature. CCV, CSD, DEEP, as well
as COMB, seem to have better performance as the size of
images increases, while CAC and HARA present a contrast
tendency. In comparison, ICH has the best performance
when image sizes are 32 x 32 and 224 x 224 and has a
similar but lower performance when image sizes are 64 x 64
and 128 x 128. DEEP and COMB present a relatively stable
performance; 3) among the seven groups of meta-features,
ICH achieves the best performance over four image sizes
with the highest ACA of 88.65%, ARA of 96.92%, and HR
of 100.00%. HARA claims the lowest performance with the
highest ACA of 88.39%, ARA of 96.47%, and HR of 96.67%.
In particular, COMB does not show a dramatic performance
improvement, performing similarly to DEEP.

On the other hand, a higher NDCG@p value means
the first p recommendations made by our approaches are
closer to the real top p best hyperparameter configurations.
From Figure 3, we can see that: 1) the NDCG values under
various meta-features mainly show a decreasing tendency
as p increases, which is a fine property and suggests the
p-order recommendation can outperform the (p + 1)-order
recommendation; 2) CAC presents a contrast tendency com-
pared to ACA, ARA, and HR, as its best NDCG is found
under the image size of 224 x 224 while the NDCG under
other image sizes is mediocre. CCV and CSD have consistent
performance as in Table 2 and their NDCG increases as the
image size enlarges; 3) ICH, DEEP, and COMB own the best
NDCG throughout four image sizes. Especially for DEEP,
it outperforms others uniformly under the image sizes of
128 x 128 and 224 x 224, which shows its potential.
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Fig. 4. Performance fluctuation of meta-features when only a portion of the dataset is used for meta-feature extraction. The reported performance is
the mean of the three metrics: ACA (Average Classification Accuracy Rate), ARA (Average Recommendation Accuracy Rate), and HR (Hit Rate).

The figure is better viewed in color.

5.2.2 Ablation study

In this experiment, we investigate the impact of meta-
features on recommendation performance when only a par-
tial dataset is used for meta-feature extraction. In real-world
scenarios, dealing with very large-scale datasets can be
extremely time-consuming and computationally intensive.
To address this, we randomly select e N images from each
dataset, where € € (0, 1] represents the keeping ratio and N
is the total number of images. These selected images serve
as the basis for extracting meta-features and conducting rec-
ommendation tasks. To mitigate the influence of imbalanced
classes within a dataset, we adopt a stratified selection
strategy. Specifically, we randomly sample images from each
class according to the keeping ratio € and combine them to
create a new sub-dataset. The empirical results, presented in
Figure 4, show the average performance of ACA, ARA, and
HR across different values of ¢, ranging from 0.1 to 1 (i.e,,
€ =0.1,0.2,--- ,1). We repeat the experiments 10 times for
€ < 1 to account for randomness. Notably, when ¢ = 1, all
images are utilized for meta-feature extraction.

From Figure 4, we can observe that the performance
of meta-features under various keeping ratios can remain
stable in most cases, and the absence of images does not
cause a dramatic performance decline. To be specific, ICH,
CSD, and DEEP meta-features show a very minor change
in performance under all image sizes and keeping ratios,
while there are some stronger fluctuations for CAC (HARA)
when image sizes are 64 x 64 (128 x 128 and 224 x 224).
On the other hand, there are several obvious performance
decreases with smaller keeping ratios for CCV when image
sizes are 64 x 64 and 128 x 128 and for CAC when image size
is 64 x 64; however, we can also see some cases where the
smaller keeping ratios can even produce the better perfor-
mance, for instance, CAC under image sizes 128 x 128 and
224 x 224, CCV under image size 32 x 32, and DEEP under
image size 32 x 32. Overall, extracting meta-features from
partial datasets is a viable approach to reduce computational

TABLE 3
Comparisons on ACA (Average Classification Accuracy Rate), ARA
(Average Recommendation Accuracy Rate), HR (Hit Rate), and NDCG
(Normalized Discounted Cumulative Gain) between our approaches
and seven search-based algorithms.

Approach ACA ARA HR  NDCG@1 @2 @3

ICH 88.21 96.18 97.78 0.892 0.876  0.874
CAC 88.32  96.32 96.67 0.852 0.870  0.878
HARA 88.10 96.06 96.67 0.847 0.831 0.834
CcCcv 88.27 96.16 98.89 0.862 0.863  0.864
CSD 88.13 9596 97.78 0.852 0.853  0.850
DEEP 88.20 96.08 96.67 0.911 0.895 0.891
COMB 88.21 96.20 98.89 0.883 0.873  0.869

“RS T 7249 7582 7278 0776 ~ 0.676 0571

BO 7615 7997 7533 0.767 0.664 0.580
PSO 7371 77.09 72.67 0.760 0.671  0.576
HEBO 68.34 69.72 63.33 0.723 0.593 0.485
AT 86.59 9413 94.44 0.918 0.854  0.800
MTGP 7915 83.58 83.89 0.838 0.761  0.660
RGPE 85.81 92.63 90.89 0.826 0.778 0.714

overhead while ensuring satisfactory performance.

5.2.3 Comparisons with search algorithms

In this experiment, we compare our hyperparameter recom-
mendation approaches to seven search algorithms: random
search (RS) [9], heteroscedastic evolutionary Bayesian opti-
mization (BO, HEBO) [10], [42], particle swarm optimization
(PSO) [25], active testing (AT) [43], multi-task Gaussian
process (MTGP) [44], and ranking-weighted Gaussian pro-
cess ensemble (RGPE) [45]. The last three are meta/transfer
learning-based methods.

To obtain fair comparisons, the maximum allowable
search time assigned to search algorithms on a dataset
should be the same as the time spent in the online recom-
mendation phase of our approach, where the most costly
step is the extraction of meta-features. However, we found
that merely one search round could be executed on most
testing datasets under this time constraint due to the time-
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Fig. 5. Comparisons on RA (Recommendation Accuracy Rate) between our approaches and seven search-based algorithms on testing datasets.

consuming hyperparameter evaluations. Therefore, we per-
mitted three hyperparameter configurations to search for all
datasets in this experiment.

The empirical results are summarized in Table 3, where
we report the average performance of the top-3 recommen-
dations/searches of each baseline. Notably, we only con-
sider the image size of 224 x 224 for our meta-features. Each
search method, except Active Test (AT), was run 10 times
independently, and their average performance is displayed.

From Table 3, one can see that: 1) our approaches outper-
form search algorithms by a significant margin, and obtain
the highest ACA of 88.32% (CAC), the highest ARA of
96.32% (CAC), and the highest HR of 98.89% (CCV and
COMB), and have the lowest ACA of 88.10% (HARA),
the lowest ARA of 95.96% (CSD), and the lowest HR of
96.67% (CAC, HARA, and DEEP); 2) Among the seven
search algorithms, Active Test (AT), Multi-Task Gaussian
Process (MTGP), and Ranking-weighted Gaussian Process
Ensemble (RGPE) outperform other four algorithms evi-
dently, which underscore the effectiveness of meta-learning-
based methods. However, it is worth noting that while AT
performs well in terms of NDCG@1, its performance drops
significantly for other NDCG values. This suggests that the
effectiveness of the three searched hyperparameters is un-
even; 3) On the other hand, Random Search (RS), Bayesian
Optimization (BO), Heteroscedastic Evolutionary Bayesian
Optimization (HEBO), and Particle Swarm Optimization
(PSO) do not yield satisfactory outcomes. These algorithms
struggle to discover promising configurations within the
limited search rounds. Additionally, we present per-dataset
comparisons (see Figure 5). For brevity, we focus on the
results related to ICH, CAC, and DEEP meta-features using
the Recommendation Accuracy Rate (RA) metric. Notably,
our approaches consistently outperform or perform equiva-
lently to the search algorithms across almost all datasets.

Finally, we employ Wilcoxon signed-rank tests [46] at

TABLE 4
The p-values of the Wilcoxon signed-rank tests between our
approaches and seven search-based algorithms. The null hypothesis is
that each pair of baselines performs equivalently the same.

RS BO PSO HEBO AT MTGP RGPE
ICH 0.000 0.000 0.000 0.000 0.012 0.000 0.000
CAC 0.000 0.000 0.000 0.000 0.001 0.000 0.000
HARA | 0.000 0.000 0.000 0.000 0.015 0.000 0.000
CcCv 0.000 0.000 0.000 0.000 0.021 0.000 0.000
CSD 0.000 0.000 0.000 0.000 0.025 0.000 0.000
DEEP | 0.000 0.000 0.000 0.000 0.008 0.000 0.000
COMB | 0.000 0.000 0.000 0.000 0.005 0.000 0.000

a 0.05 significance level to verify if the superiority of our
approaches over search algorithms is statistically significant.
The test null hypothesis is that they have the same per-
formance on average. The p-values of the pair-wise tests
are summarized in Table 4, all of which are less than 0.05.
Consequently, we reject the null hypothesis and accept the
alternative hypothesis: the performance of our approaches
outperforms the comparative baselines significantly.

5.3 Performance in weight recommendations

In this subsection, we present the performance of our ap-
proaches related to weight initialization. To alleviate com-
putational burdens, we devised a compact CNN model
consisting of four consecutive convolutional blocks and a
fully connected layer. The channel numbers within the four
blocks are as follows: 32, 64, 128, and 256, respectively.
Within each block, we incorporate three 3 x 3 convolutional
layers, with each layer followed by ReLU activation and
batch normalization. Additionally, a max pooling layer is
applied at the end of each block. The entire model comprises
1,926,562 trainable parameters. For each of the historical
datasets, we train the model on the training set using a fixed
hyperparameter configuration: the learning rate is 0.0001,
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TABLE 5
Comparisons on CA (Classification Accuracy Rate) between various weight initialization approaches. The average CAs (ACAs) of GlorotU, HeU,
RandU, PreTrain, MAML, ICH, ICH_least, DEEP, DEEP_least, COMB, and COMB_least on the testing problems are 68.49%, 65.61%, 69.01%,
68.53%, 64.82%, 70.91%, 68.29%, 70.78%, 68.58%, 70.85%, and 69.05%, respectively. The datasets corresponding to dataset IDs can be found
in the supplementary document.

Dataset ID 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
GlorotU 1755 2489 2633 3815 39.84 4321 4487 5287 5630 5823 6271 6449 6757 7128 73.75
HeU 1192 2055 2295 36.14 3555 4142 4147 4600 51.13 4527 60.73 6355 6970 72.82 69.85
RandU 19.15 27.01 2653 4177 37.69 4536 45.69 53.07 5846 6190 6356 6437 6454 6898 7454
PreTrain 19.10 3216 31.53 3333 3770 4750 4581 5727 64.54 5890 56.21 65.67 6848 61.28 78.58
MAML 16.56 28.73 17.00 20.88 40.50 4721 3291 4393 54.63 47.77 66.10 6337 6939 67.70 69.61
TICH™ T T T T 2616 3171 2672 4217 T 3747 T4880 50.00 5640 ~ 6321 “62.80° 68.64 6527 7091 ~73.85 7475
ICH_least 21.03 2886 2621 30.12 3525 4641 4336 51.20 6219 5820 60.17 65.67 68.18 60.00 74.59
"DEEP T T T T 2616 ~29.00 2672 4217 ~ 3792 T50.000 50.00 5640 ~ 6071 “64.10 68.64 6482 ~ 71.82 ~73.85 7475
DEEP_least 21.03 2886 2756 3494 3459 4820 4550 51.20 6093 5820 5254 6527 69.09 6846 74.75
TCOMB ~ T T 2616 3171 2672 4337 3991 4880 46.68 5640 6321 61.80° 68.64 6457 7091 73.85 7475
COMB_least 21.03 2886 26.21 45.78 3525 4641 4335 5120 6291 5820 60.17 64.07 68.18 73.08 7459
Dataset ID 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30
GlorotU 7395 7729 7810 79.00 79.76 81.16 84.62 8642 9095 92.05 94.17 98.02 98.84 9896 99.37
HeU 6844 7211 74.06 7567 77.02 7923 8248 8547 9058 92.66 8950 96.84 98.23 98.18 98.73
RandU 7724 7371 80.33 78.67 79.35 83.09 8513 8443 91.18 9511 94.00 98.06 99.05 99.22 99.21
PreTrain 7218 6998 6820 7733 85.09 8213 85.86 8547 9223 96.33 8783 98.07 99.29 9896 98.99
MAML 6729 6521 7127 7700 7435 7198 8353 7816 91.83 9266 9133 9760 9843 9844 99.36
TICH™ T T T T 7733 7769 80.75 81.00 7981 8551 85.86 87.75 9139 92.66 93.00 9797 ~ 9932 "99.22° 9912 ~
ICH_least 7307 7331 7531 83.00 8343 7826 8423 8519 90.88 99.08 96.50 98.43 9898 9844 99.24
"DEEP T T 7760 7729 7490 80.00 ~ 79.81 ~89.86 8446 87.75 9139 9358 9400 9817 ~99.11 99.22 99.12
DEEP_least 73.07 7490 7531 84.00 8350 8261 8586 87.18 9145 91.74 92.00 9843 98.64 9844 99.16
TCOMB T T T 7733 7769 80.75 81.00 7981 ~84.06 8446 87.75 9173 ~9450 93.00 9817 ~99.32 99.22  99.32 ~
COMB_least 73.07 7331 7531 83.00 8343 8261 8423 8519 9168 9541 90.00 9843 9898 9844 99.24
the training epoch is 40, the optimizer is Adam, the batch TABLE 6

size is 32, and no dropout. These settings ensure consistency
across comparisons.

In this experiment, we leverage the nearest-neighbor
(NN) recommendation algorithm in our methods. Specifi-
cally, for a given query dataset, we identify its most similar
historical dataset, whose trained weights are then recom-
mended for the query dataset. Subsequently, we train a
CNN model on the training set of the query dataset and
evaluate its performance on the validation set. Due to the
infinite search space of model weights, we focus solely on
classification accuracy rate (CA) as the evaluation metric.
Other metrics, such as RA, HR, and NDCG, cannot be
precisely defined in this context.

We selected five popular weight initialization strategies
as comparative benchmarks: random uniform (RandU), He
uniform (HeU) [18], Glorot uniform (GlorotU) [17], model
pretraining (PreTrain), and MAML [16]. The implementa-
tion details of these methods can be found in the supple-
ment. Additionally, we also compared the weights trained
on the least similar historical dataset for each query dataset.
According to our similarity assumptions, these weights are
expected to perform worse than those generated from the
most similar dataset. The empirical results are summarized
in Table 5. To save space, our approaches focus on three
meta-features: ICH, DEEP, and COMB. Note that ICH_least,
DEEP_least, and COMB_least refer to the methods where
the weights of the least similar dataset are utilized.

From Table 5, one can observe that: 1) our approaches
exhibit similar performance, with an average classification
accuracy rate (ACA) of 70.91% (ICH), 70.78% (DEEP), and
70.85% (COMB), respectively. Notably, our proposed weight
recommendation approaches outperform the comparative
baselines by a significant margin across most datasets (e.g.,

The p-values of the Wilcoxon signed-rank tests between our
approaches and comparative baselines. The null hypothesis is that
each pair of baselines performs equivalently the same.

RandU HeU GlorotU PreTrain MAML  *jeas
ICH 0.000 0.000 0.000 0.045 0.000  0.002
DEEP 0.000 0.000  0.000 0.040 0.000  0.005
COMB | 0.000 0.000 0.000 0.032 0.000  0.000

1, 6, 7, 10, 11, 13, and 14), demonstrating their effective-
ness. Within the five weight initialization strategies, RandU
performs the best with an ACA of 69.01%, PreTrain ranks
second with an ACA of 68.53%, and GlorotU ranks third
with an ACA of 68.49%. It is worth mentioning that PreTrain
exhibits best performance on several datasets (e.g., 2, 3, 8,
9, 12, 15, 20, and 24) but has unsatisfactory performance
on many datasets (e.g., 1, 4, 10, 11, 14, 16, 17, and 18),
suggesting its instability. MAML does not produce satis-
fying performance in most cases, with an ACA of 64.82%;
3) ICH_least, DEEP_least, and COMB_least have similar
performance to RandU, HeU, and GlorotU on average. We
noticed that they have higher CA than ICH, DEEP, and
COMB on datasets 19, 20, and 27.

Similarly, we employ Wilcoxon signed-rank tests at a
0.05 significance level to verify if the superiority of our
approaches over other weight initialization methods is sta-
tistically significant. The null hypothesis is that the two
tested approaches have the same performance on average.
The p-values of the pairwise tests are summarized in Table
6, where all p-values are less than 0.05. Consequently, the
null hypothesis is rejected, and we can conclude that the
performance of our approaches is significantly better than
the comparative strategies of weight initialization.
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6 CONCLUDING REMARKS

Hyperparameter tuning and weight initialization are crit-
ical components in the training of deep neural networks.
In this work, we introduced a novel meta-learning-based
approach that leverages dataset similarity to jointly recom-
mend promising hyperparameters and initial weights. Cen-
tral to our framework is a set of six meta-feature groups that
capture color, texture, and latent characteristics of image
datasets, enabling effective similarity measurements across
diverse tasks. To evaluate the proposed method, we con-
ducted comprehensive experiments on 105 real-world image
classification datasets, employing both Vision Transformer
(ViT) and Convolutional Neural Network (CNN) as back-
bone models. Empirical results, measured against multiple
performance metrics and benchmarked against state-of-the-
art baselines, consistently demonstrated the effectiveness
and robustness of our framework in improving hyperpa-
rameter selection and weight initialization. Our analysis
further highlights the strong performance of indexed color
histograms and deep latent meta-features, with the for-
mer offering a compelling balance between simplicity and
predictive power. These findings emphasize the potential
of meta-feature-driven learning to improve deep learning
workflows.

Looking ahead, our future work will explore the exten-
sion of this framework to the recommendation of neural ar-
chitecture. In particular, defining a practical and expressive
search space for architectures remains a fundamental and
open challenge that we aim to address.
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