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Abstract—Hyperparameter optimization (HPO) is computa-
tionally expensive due to large search spaces and dataset-
dependent optimal configurations. To reduce this cost, transfer-
based HPO methods have been proposed. However, existing
methods rely solely on observed performance metrics, failing
to disentangle the latent capability of hyperparameter config-
urations from dataset characteristics, which can cause biased
transfer. In this paper, we propose a hyperparameter transfer
method using Item Response Theory (IRT), a testing theory that
enables the independent estimation of problem characteristics
and examinee capability. By associating hyperparameter config-
urations with examinees and individual data samples with test
items, the proposed method estimates the latent capability of
configurations on source datasets. This is then combined with
the dataset characteristics estimated from a small number of
evaluations on a target dataset, enabling efficient hyperparameter
transfer. Experimental results on multiple datasets demonstrate
that the proposed method can select effective hyperparameter
configurations with fewer evaluation trials compared to an
existing method.

Index Terms—Hyperparameter transfer, Item Response The-
ory, Performance prediction

I. INTRODUCTION

In recent years, as the performance of machine learning
models has continued to improve, the importance of HPO for
fully exploiting their potential has grown significantly [1]-[3].
Hyperparameters, such as learning rates, optimization algo-
rithms, and network architectures, are values specified outside
the training process and are known to have a substantial impact
on training dynamics and final model performance. Conse-
quently, selecting appropriate hyperparameter configurations is
a crucial step in building practical machine learning systems.

However, optimal hyperparameter configurations strongly
depend on the characteristics of the dataset and task; even with
the same model architecture, differences in data distribution
or difficulty composition can lead to substantially different
optimal solutions [4], [5]. Moreover, the search space of HPO
is generally large and often exhibits a complex structure that
combines continuous and discrete variables. In addition, for
many machine learning models, particularly deep learning
models, a single evaluation requires substantial computational
time. As a result, rerunning HPO from scratch to identify
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suitable hyperparameter configurations for each new dataset
or task is computationally impractical.

To address this computational cost issue, transfer-based
HPO methods that leverage past optimization results have been
proposed [6], [7]. However, many existing approaches evalu-
ate hyperparameter configurations solely based on observed
performance metrics, such as accuracy or loss, obtained on
source datasets. Observed performance reflects not only the
latent capability of a model configuration but also factors
such as the difficulty composition of samples and biases in
the evaluation data. Consequently, existing transfer-based HPO
methods do not explicitly disentangle the latent capability of
hyperparameter configurations from dataset-specific character-
istics. This limitation can lead to ineffective hyperparameter
transfer when the source and target datasets differ substantially
in their properties [8].

In this study, we focus on IRT as a framework to address this
issue. IRT is a statistical model that estimates examinee ability
and item characteristics separately from observed correctness
data and has been widely used in the field of educational
measurement [9]. By associating examinees with hyperpa-
rameter configurations and items with individual samples in
a dataset, we use IRT to disentangle the latent capability of
hyperparameter configurations from dataset-specific character-
istics based on correctness data, and perform hyperparameter
transfer based on these estimates. Figure 1 illustrates an
overview of our framework. Specifically, we estimate the latent
capabilities of hyperparameter configurations using a source
dataset, while dataset characteristics of the target dataset
are inferred from a small number of evaluation results. By
integrating these estimates, the proposed framework enables
efficient performance prediction and hyperparameter transfer
without requiring extensive search.

In the evaluation experiments, we compared the proposed
method with an existing transfer-based HPO method using
multiple image classification datasets. The results demonstrate
that our method can effectively identify promising hyper-
parameter configurations even under a limited number of
evaluations. The implementation is publicly available.!

Uhttps://github.com/T-Sakabe/irt-hyperparameter-transfer
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Fig. 1. The figure illustrates how the latent abilities of hyperparameter configurations and dataset-specific characteristics are disentangled using IRT, and how
performance prediction is enabled with only a limited number of target evaluations.

II. RELATED WORK

To reduce the computational cost of HPO, numerous
transfer-based HPO methods have been proposed, which lever-
age optimization histories obtained from previously solved
tasks to accelerate the search process on a new target task
[6], [7], [10]. These methods aim to improve search efficiency
on a target dataset by reusing knowledge acquired from source
tasks.

Early studies on transfer-based HPO primarily employed
warm-start approaches, which directly transferred hyperpa-
rameter configurations that achieved high performance on
source tasks as initial candidates for optimization on a target
task [11], [12]. Subsequently, similarity-based methods were
proposed, in which task similarity is defined based on dataset
meta-features or performance correlations, and optimization
histories from similar tasks are weighted and reused [7],
[13]. More recently, meta-learning—based approaches that learn
structures shared across multiple tasks have been explored,
reporting further improvements in the efficiency of hyperpa-
rameter search [6], [14].

In addition to these approaches, recent work has also
explored transfer HPO methods that focus on transferring
information from the exploration process [15], [16]. One
such recent method is MCTS-transfer [17]. It transfers and
integrates search trees and exploration statistics constructed by
Monte Carlo Tree Search (MCTS) into a target task, enabling
efficient exploration of promising regions while maintaining
balanced exploration.

Despite their differences in how knowledge is transferred,
existing transfer-based HPO methods commonly rely on ob-
served performance values to guide the search process. As a
result, dataset-specific characteristics and the intrinsic effec-
tiveness of hyperparameter configurations are not explicitly
disentangled. This limitation may lead to degraded trans-
fer performance when the difficulty structures differ across
datasets.

III. PRELIMINARIES

In this study, we introduce a new framework for hyper-
parameter transfer based on IRT, and estimate model perfor-
mance on a target dataset from a limited number of evaluation
trials.

IRT is a test theory that estimates examinee ability and
item characteristics separately from observed binary response
data [9], [18]. An important property of IRT is that estimated
parameters can be represented on a common scale across
different tests, which enables comparison across datasets.

A. Multidimensional Two-Parameter Logistic Model

As a representative IRT model, we use the Two-Parameter
Logistic Model (2PLM), which characterizes each item by its
discrimination and difficulty [19]. In this study, we adopt its
multidimensional extension to model multiple latent abilities
[20]. Let & € RP denote a D-dimensional ability vector
of an examinee. The probability that the examinee correctly
responds to item ¢ is defined as

P(0) = :

1+exp(—(a/60—1b;))’

where a; € RP represents the discrimination vector of item ¢,
and b; € R denotes its difficulty. The discrimination parameter
controls the sensitivity of the response probability to ability,
while the difficulty parameter determines the location of the
item on the ability scale.

(D

B. Parameter Estimation via Joint Maximum Likelihood

We estimate the ability and item parameters of the multidi-
mensional 2PLM from the observed response data.

Let I be the number of items and J the number of
examinees, and let y;; € {0,1} denote the binary response
of examinee j to item ¢. Under the 2PLM, the response
probability is given by p;; = P(y;; = 1 | 8;,a;,b;). The
likelihood of the observed response matrix is then written as

L= Hpr” (1 —pyy) v, 2

i=1j5=1



In this work, both ability parameters {6} and item parameters
{a;,b;} are treated as unknown, and are estimated simultane-
ously using Joint Maximum Likelihood (JML) estimation [21].

C. Linking by Procrustes Transformation

In IRT, the latent ability space is not uniquely determined,
and estimated parameters may differ by sign flips or rotations.
As a result, parameters estimated from different tests cannot
be directly compared. To address this issue, linking methods
are commonly employed. In this study, we adopt an orthogonal
Procrustes transformation based on a set of common exami-
nees [22(], [23].

Let OjA) and 0§-B) denote the estimated ability vectors of
a common examinee j obtained from tests A and B, respec-
tively. The orthogonal transformation matrix R is obtained by
solving

2
. A
R:argRglgLIE :“0§B)R—0§ >H , 3)
jec

where C' denotes the set of common examinees. The resulting
transformation is applied to both ability and discrimination
parameters to align the latent scales. Difficulty parameters are
not affected by the rotation and are therefore left unchanged.

IV. PROPOSED METHOD

We propose an IRT-based hyperparameter transfer method.
The proposed method consists of three stages: (1) estimation
of ability parameters on a source dataset, (2) estimation of item
parameters on a target dataset, and (3) linking and performance
prediction based on estimated parameters. In IRT, we associate
examinees with hyperparameter configurations and questions
with individual samples in the dataset. The dimensionality of
the ability parameter D is specified in advance and shared
across all stages. In this study, we focus on the case where
the hyperparameter search space is a finite discrete space.

A. Ability Estimation on the Source Dataset

On the source dataset, we first evaluate all hyperparameter
configurations and collect their prediction results. Specifically,
each configuration is trained and evaluated on the source
dataset, and the correctness of its prediction for each sample
during evaluation is recorded. Let J denote the number of
hyperparameter configurations and I the number of samples
in the source dataset. We define

yij € {0,1} 4

as the binary response indicating whether the hyperparameter
configuration j correctly classifies the sample <. The response
matrix {y;;} is constructed from these binary outcomes and
used as input to the IRT model.

In typical machine learning datasets, the number of samples
is often very large. Using all samples as items in IRT may
cause instability in parameter estimation.

To address this issue, we estimate ability parameters based
on a fixed-size subset of samples selected from the response
matrix {y;;}. The subset size is determined based on the

number of hyperparameter configurations to ensure stable
parameter estimation. To improve estimation stability, the
sample subset is selected such that the distribution of sample-

wise accuracy
J
1
> v 5)
j=1

approximately follows a normal-shaped distribution. If the
estimation does not converge, sample selection and parameter
estimation are repeated until stable ability parameters 6
are obtained according to the convergence criterion of the
parameter estimation procedure.

pi =

<l

B. Item Parameter Estimation on the Target Dataset

On the target dataset, evaluating all hyperparameter config-
urations is computationally prohibitive. Therefore, we estimate
item parameters using prediction results obtained from a
limited number of hyperparameter configurations.

Let J' denote the number of selected hyperparameter con-
figurations evaluated on the target dataset, and I’ the number
of samples in the target dataset. We define

Yl € {0,1} ©6)

as the binary response indicating whether the hyperparameter
configuration j correctly classifies the sample ¢ on the target
dataset. The response matrix {y;;} constructed from these
binary outcomes is used to estimate item parameters of the
target dataset.

When the performance of the selected hyperparameter
configurations is heavily biased, this parameter estimation
becomes unstable. To mitigate this issue, the hyperparameter
configurations evaluated on the target dataset are selected
based on their performance on the source dataset. Specifically,
configurations are chosen such that their accuracies on the
source dataset are approximately evenly distributed.

As in the source dataset, using all samples as items may lead
to unstable estimation. Therefore, item parameter estimation is
performed on a fixed-size subset of samples randomly selected
from the target dataset.

To reduce dependency on a specific subset of samples,
sample selection and parameter estimation are repeated multi-
ple times, and only converged estimation results are retained.
This procedure yields stable estimates of the target item
parameters (the discrimination parameters a(*) and difficulty
parameters b(*)) while controlling both estimation instability
and selection-induced bias.

C. Hyperparameter Transfer via Linking and Performance
Prediction

The latent spaces estimated on the source and target datasets
are obtained independently and thus are not directly com-
parable. To link these spaces, we apply Procrustes-based
linking using hyperparameter configurations evaluated on both
datasets as anchors. Through this linking, the target item
parameters are mapped onto the source dataset scale and are
denoted as a*~*) and b(t=%).



TABLE I
HYPERPARAMETER VALUES OF THE CNN USED IN THIS STUDY
Hyperparameter Values
Learning rate 0.01, 0.001
Number of training epochs 5, 10
Optimizer Adam, SGD
Activation function ReLU, LeakyReLU, ELU
Number of convolutional blocks 2, 3, 4
Channel width 16, 32, 64
Convolutional kernel size 3,5
Dropout rate 0.0, 0.2

Using the linked item parameters and the ability param-
eters 05-8) estimated on the source dataset, we predict the
performance of each hyperparameter configuration on the
target dataset. Let Z(!) denote the set of samples used for
estimating the target item parameters. The (%redicted accuracy

of configuration j on the target dataset, P s computed as

J
po - ! ! .
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This predicted accuracy enables comparison of hyperparam-
eter configurations on the target dataset without exhaustively
evaluating all configurations.

V. EXPERIMENTS

In this section, we evaluate the proposed IRT-based hyperpa-
rameter transfer method from two perspectives: (1) the validity
of the estimated item parameters, and (2) the performance in
transfer-based HPO.

A. Experimental Setup

We conduct experiments on three image classification
datasets: CIFAR-10 [24], FER-2013 [25], and Quick, Draw!
[26]. For Quick, Draw!, to reduce computational cost, we
randomly select 50 classes and use 1,000 images per class.

The target model is a CNN implemented in PyTorch, and
the hyperparameter search space is summarized in Table 1. All
hyperparameter configurations are evaluated in advance, and
binary response data are constructed based on classification
results, enabling offline transfer-based HPO experiments.

In this study, we consider both one-to-one and two-to-
one transfer settings. In the two-to-one transfer setting, the
proposed method integrates binary response data obtained
from multiple source datasets after aligning the number of
samples. All experiments are repeated five times, and the
average results are reported.

The proposed method is evaluated with ability dimensions
D =1 and D = 2, and hyperparameter configurations are
evaluated in descending order of the estimated accuracy on
the target dataset. The main parameter settings of the proposed
method are summarized in Table II.

As a baseline, we use MCTS-transfer [17]. Evaluation
metrics include the progression of the maximum accuracy, its
area under the curve (AUC), and the internal computation time
of each method.

TABLE II
PARAMETER SETTINGS OF THE PROPOSED METHOD

Parameter Values
Selected items (source) 500
Selected items (target) 500

Selected hyperparameter configurations (target) 10
Converged item parameter estimates (target) 5
Ability dimension D 1,2
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Fig. 2. Distributions of estimated parameters (item discrimination and item
difficulty) for CIFAR-10, FER-2013, and Quick, Draw!

B. Analysis of Item Parameters

We first examine the validity of the item parameters es-
timated by the proposed method. Figure 2 shows the distri-
butions of item parameters estimated by the 1D 2PLM for
CIFAR-10, FER-2013, and Quick, Draw!.

While most samples in FER-2013 and Quick, Draw! are
distributed in regions with positive discrimination, CIFAR-10
contains a relatively large number of samples with negative
discrimination. Samples with negative discrimination corre-
spond to samples for which higher-ability models tend to make
incorrect predictions, indicating that sample characteristics
differ substantially across datasets. This result suggests that
transfer methods based solely on observed accuracy may fail
to sufficiently capture dataset-specific characteristics.

Furthermore, Figure 3 illustrates the relationship between
sample images in CIFAR-10 and the estimated item parame-
ters. In the 1D 2PLM, samples with negative discrimination
often contain unusual backgrounds or compositions, indicating
deviations from the features learned by the model. While
the first dimension of the 1D and 2D 2PLMs shows similar
distributions, the same samples are mapped to different regions
across the dimensions of the 2D 2PLM, suggesting that distinct
abilities are captured.

These results demonstrate that the proposed method effec-
tively captures dataset-specific sample characteristics through
the estimated item parameters.

C. Hyperparameter Transfer Performance

Figure 4 shows the progression of the maximum accuracy on
the target dataset under the one-to-one and two-to-one transfer
settings, respectively. Table III summarizes the results for both
settings, including AUC values and the internal computation
times of each method on the source and target datasets.

During the first 10 evaluations, the proposed method tends
to show lower performance than MCTS-transfer, as it uni-
formly evaluates hyperparameter configurations on the target



TABLE III
PERFORMANCE COMPARISON OF TRANSFER-BASED HPO GROUPED BY TARGET DATASET.

Transfer setting MCTS-transfer

Proposed Method (1D 2PLM) Proposed Method (2D 2PLM)

AUCT Src(s)] Tgt(s)] [AUCT Src(s)] Tgt(s)] | AUCT Src(s)] Tgt(s)]
FER-2013 — CIFAR-10 77.07 4.4 3606.9 77.21 10.6 2.0 77.01 12.3 18.2
Quick, Draw! — CIFAR-10 77.15 4.8 6925.9 77.06 14.4 2.0 76.95 54.4 21.8
FER-2013, Quick, Draw! — CIFAR-10 76.78 7.7 3130.2 77.16 16.1 2.2 77.13 40.8 73.6
CIFAR-10 — FER-2013 59.44 4.4 3727.9 59.35 10.3 1.9 59.50 13.2 21.8
Quick, Draw! — FER-2013 59.64 3.6 4815.6 59.70 15.5 1.9 59.38 55.6 24.8
CIFAR-10, Quick, Draw! — FER-2013 59.60 6.2 4157.7 59.54 15.9 1.9 59.60 36.9 27.9
CIFAR-10 — Quick, Draw! 77.19 4.3 3207.5 77.02 10.5 2.0 76.87 13.2 60.0
FER-2013 — Quick, Draw! 76.86 4.2 3538.7 77.12 10.5 1.9 77.07 12.3 472
CIFAR-10, FER-2013 — Quick, Draw! 76.78 8.0 2638.2 77.12 13.6 2.0 76.94 13.1 93.3

2D 2PLM (First Dimension) 2D 2PLM (Second Dimension)

Fig. 3. Relationship between image samples and estimated item parameters
(horizontal axis: item discrimination a, vertical axis: item difficulty b)

dataset regardless of their performance. From the 11th evalu-
ation onward, it achieves superior performance by estimating
the performance of all hyperparameter configurations based
on the IRT framework. This trend is consistently observed in
both one-to-one and two-to-one transfer settings.

Furthermore, when comparing the one-to-one and two-to-
one transfer results for each method, while MCTS-transfer
shows a decrease in AUC when moving from one-to-one
to two-to-one transfer, the proposed method achieves AUC
improvements in some settings, indicating its more effective
integration of multiple source datasets.

From the perspective of computational efficiency, the pro-
posed method significantly reduces the internal computation
time on the target dataset. This advantage arises from the
difference in the evaluation strategy: while MCTS-transfer
sequentially selects the next hyperparameter configuration
to explore, the proposed method estimates the accuracy of
all hyperparameter configurations at once. This efficiency is
particularly important in transfer-based HPO scenarios, where
computational resources on the target dataset are often limited.

Regarding the effect of the ability dimension, the 1D
2PLM consistently outperforms the 2D 2PLM in terms of
AUC. This result suggests that, for the considered datasets
and hyperparameter space, a single dominant latent ability
primarily determines model performance, while the additional
dimension may introduce noise.

VI. CONCLUSION

In this paper, we proposed an IRT-based hyperparameter
transfer method that explicitly separates the latent ability of
hyperparameter configurations from dataset-specific charac-
teristics. By disentangling these two factors, the proposed

approach enables hyperparameter transfer that is less depen-
dent on the characteristics of the source datasets. Through an
analysis of the estimated item parameters, we confirmed that
the proposed method appropriately captures sample-level char-
acteristics specific to each dataset. Furthermore, in the eval-
uation of transfer-based HPO, the proposed method achieved
competitive or superior performance compared to an existing
approach, while significantly reducing the computational cost
on the target dataset.

As future work, we plan to extend the proposed method to
hyperparameter spaces that include continuous values. While
this study focused on a finite discrete search space, continuous
hyperparameters are widely used in practical machine learn-
ing problems. Another important direction is the application
to the Combined Algorithm Selection and Hyperparameter
Optimization (CASH) problem. In settings where differences
among algorithms are substantial, the advantages of multidi-
mensional ability models may become more pronounced.
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