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Data science aims to solve real-world problems with the knowledge derived from data. Successfully tackling a
data science problem requires practitioners to choose an appropriate solution, which potentially comprises
various components such as pre-processing techniques, learning algorithms, hyper-parameters, and so on.
Therefore, a problem-driven recommendation for the promising solution is invaluable, as it facilitates efficient
and convenient problem-solving. However, existing solution recommendation approaches confront notable
challenges when dealing with limited and sparse prior experience in practical applications. Learning from
such prior easily leads to overfitting and poor generalization in solution recommendations. To address this
issue, we propose a novel solution recommendation method that can predict a good-quality data science
solution, including the pre-processing, the learning algorithm, and hyper-parameters, for a given problem.
The foundation of our method is a carefully designed ranking model that exploits a weight-sharing structure
and a newly proposed loss. The ranking model focuses on incorporating relative ranking information into
the predicted performance score of each solution. With these techniques, our method can recommend the
solution with the highest score and effectively mitigate the limitations of using sparse prior experience. Our
experiments demonstrate the superiority of our method in predicting solutions with higher accuracy and
rank, even trained on highly sparse historical performance records. It also reduces recommendation time
significantly compared to the baselines, offering remarkable efficiency and convenience for practitioners.
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1 Introduction
Data science focuses on extracting knowledge from data and applying the knowledge to tackle
real-world problems [38]. The problem-solving process in data science typically involves several
key components, for instance, data pre-processing, algorithm learning, hyper-parameters tuning,
performance evaluation, and so on, as illustrated in Figure 1. While selecting appropriate individual
components, such as algorithm selection [30] or hyper-parameter configuration [12, 30], is crucial
to effectively address data science problems, there is a growing demand for recommendations
on a more general solution that considers multiple components within the process holistically.
Problem-driven recommendations for high-quality solutions can help practitioners solve problems
in a more streamlined and efficient manner [17, 21].

Many existing solution recommendation approaches strive to establish a mapping from the data
science problem to the solution that achieved the best performance or a mapping from the solution
to the exact performance score (e.g., accuracy) [4, 19, 30]. The effectiveness of these methods
highly relies on the quality and accessibility of the prior experience as the mapping model is
trained using the historical solutions and their associated performance records obtained on the
historical datasets. Moreover, most of these methods require that each historical solution must
have been evaluated on every available historical dataset. With this requirement, a performance
matrix can be formed as in Figure 2(a), where each entry is assigned the performance record
achieved by training the corresponding solution on that dataset. We refer to such performance
records as dense historical performance records. Obtaining dense records can be challenging due
to various factors, such as limited computation resources, time constraints, or the unavailability
of certain solutions for evaluation on some datasets. Therefore, in practice, it is more common
for only a subset of the historical solutions to have been evaluated on the historical datasets. As
these performance records cannot fill in the whole matrix as in Figure 2(b), we regard them as
sparse historical performance records. Unfortunately, training with limited and sparse historical
performance records can restrict the method’s capacity to learn from prior experience, leading
to incomplete knowledge. This increases the risk of overfitting and diminishes the adaptability to
future problems. Some researchers attempt to enhance the recommendation by further optimizing
or fine-tuning the recommended solutions on the encountered problem [17, 21], which may cause
overfitting in few-shot tasks.

To overcome the limitations of using sparse historical performance records for training and
provide accurate recommendations on data science solutions for unseen problems, we propose a
novel solution recommendation method. The data science solution considered in this work consists
of the data, pre-processing, the learning algorithm, and hyper-parameters. The key idea of our
method is to learn the ranking relationships of solutions using their representation with meta-
features. We design a ranking model which is equipped with two weight-sharing Performance
Measurement Machines (PMMs) and a balancing mechanism. We propose a modified contrastive
loss for our ranking model which constrains PMMs to learn scores that capture the ranking
relationship of solutions, instead of learning the precise performance score. The well-trained PMM
then predicts scores for the potential solutions, and the solution with the highest score is selected
as the most promising solution to a given data science problem. By incorporating these techniques,
our method can avoid overfitting to the small number of sparse historical records and enhance its
adaptability to address future problems.

In our experiment, we compare our method with the existing solution recommendation methods
using the historical performance records of various sparsity levels. The experimental results reveal
that our method consistently outperforms the baselines by recommending the solution with higher
accuracy and rank, even using the highly sparse historical records for training. We also conduct
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Fig. 1. Key processes of solving data science
problems. Fig. 2. Examples of performance matrices.

a case study to further fine-tune the recommended solution on the given problem and observe
the performance of the tuned solution. The results affirm that our method can provide a superior
choice of solution while reducing the recommendation time by one to four orders of magnitude
compared with the baselines. In summary, we make the following major contributions:

—We propose a novel method to recommend the data science solution which consists of the pre-
processing techniques and the learning algorithm with hyper-parameters while considering
the dataset itself.

—Our method is built upon a ranking model which contains two weight-sharing PMMs with a
newly defined contrastive loss. Benefiting from the techniques designed for sparse training
records, our method is able to mitigate the negative influence of sparse historical performance
records on solution recommendation.

—We conduct comprehensive experiments to evaluate our solution recommendation method.
The results verify the higher accuracy and rank of the solution recommended by our method
as well as the better generality of our method over the existing methods.

2 Related Work
Recommendation systems have evolved significantly from their traditional forms to modern appli-
cations such as data science recommendations. Classical approaches include collaborative filtering
[54] which exploits user–item interaction patterns, content-based methods [37] that rely on item
similarities, and more recently, deep learning-based recommenders [57] which model complex user
preferences. These techniques have demonstrated remarkable success in various domains such as
product recommendations in e-commerce [29], personalized course selection in e-learning [52], and
medical treatment tailor in e-health [5]. However, recommending data science solutions presents
unique challenges that distinguish it from these traditional applications. Unlike conventional
recommendation targets, data science solutions are complex compositions of structural and un-
structured components, such as algorithms, hyper-parameters, and data pre-processing techniques
[15]. The recommendation not only relies on the problems but also on the interaction of components
inside the solutions. Traditional approaches struggle to capture the hierarchical dependencies and
combinatorial effects inherent in data science solutions [45]. In addition, the nonlinear dependence
of solution performance on dataset variations [36] renders data similarity-based recommendation
approaches ineffective. This limitation is further compounded by the intrinsic difficulty in quanti-
fying similarities of solution components such as similarities of different algorithms. These factors
impede the direct application of conventional similarity-driven recommendation frameworks to
data science solution recommendation tasks [17, 21].
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To address these distinctive requirements, the data science community has developed specialized
methods based on the traditional recommender systems for identifying promising solutions or their
components. Various approaches such as algorithm selection [12], hyper-parameter optimization
[35], neural architecture search [58], and so on have been explored. These strategies for solution
recommendation can be broadly categorized into two types: inference-based recommendation and
optimization-based recommendation.

2.1 Inference-Based Solution Recommendation
Inference-based recommendation operates analogously to model-based collaborative filtering [1],
which leverages insights gained from previous experience, domain expertise, or heuristics to
guide the decision-making process. It analyzes the characteristics of problems as well as solutions
and recommends the solution (or its components) that is likely to perform well. For instance,
various classifiers such as :-NN [20, 43], decision trees [44], Random Forests (RFs) [32], and
Support Vector Machines (SVMs) [46] have been explored in solution recommendation. In these
approaches, existing datasets are used as inputs to the classifier, where the label of each input
represents the solution (or component) that achieved the best performance among all historical
solutions on that problem. Classification models are trained to classify the problem into the class
that indicates the best solution (or component). While classification models can predict the best
solution, regression models are used to predict the performance of a solution. Inference-based
recommendation methods employ regression models such as deep neural networks [39], decision
trees [28], RFs [13], and AdaBoost (AdaB) [14] to model the performance of a solution or compo-
nent. Common performance metrics used include predictive accuracy [23] and runtime [40, 55].
A multi-criteria metric Adjusted Ratio of Ratios (ARR) [30] and extended ARR [53] use the
combination of accuracy and execution time to measure performance. Brazdil et al. [9] used the
results of cross-validation as verification metrics. Some studies [3, 6] integrated expert knowledge
into the evaluation metrics. The solution or components recommended by inference-based methods
can also serve as the warm start in optimization-based recommendation.

Inference-based recommendation learns patterns from previous experience and directly predicts
the promising solution to a new problem. These methods do not need to further tune the solution to
the new problem. However, they can only predict solutions that have been run on previous problems
and may not consider other solutions with potential good performance for new problems. Besides,
most studies of inference-based recommendation focus on recommending specific components in
the solution (e.g., algorithm selection [30]) and require dense historical performance records [19]
to improve recommendation, which can be expensive to acquire.

2.2 Optimization-Based Solution Recommendation
Optimization-based recommendation utilizes search and optimization algorithms to find the best
solution components automatically. In contrast to inference-based solution recommendation,
optimization-based recommendation requires evaluating solutions on the encountered problem
before making predictions. It involves training multiple solutions on the problem at hand and using
the training results to guide the next round of solution search [27, 56]. Auto-sklearn (AutoSK)
[17, 19] incorporates meta-learning and ensemble components into Bayesian Optimization (BO)
[49]. It chooses a highly specialized BO variant known as Sequential Model-Based Algorithm
Configuration [26] to enhance solution search. Fusi et al. [21] proposed a Probabilistic Ma-
trix Factorization (PMF) approach for solution recommendation. PMF uses non-linear matrix
factorization [34], inspired by collaborative filtering, to generate latent embeddings of solutions
performed on different datasets. Then, it adopts BO with a customized acquisition function to
iteratively explore possible solutions. Additionally, PMF initializes BO by selecting top-performing
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solutions from the :-nearest datasets [18], which is similar to user-based collaborative filtering.
Recently, researchers have further investigated deep learning techniques to better extract solution
features [15, 45] as extracting user or item characteristics in conventional recommender systems.
Arango and Grabocka [45] introduced DeepPipe (DP) which first exploits an encoder network to
generate a latent embedding for each solution component. Then, DP feeds the embeddings into
BO with a deep-kernel Gaussian process to search promising solutions. Drori et al. [15] choose a
recurrent neural network, while Rakotoarison et al. [47] use a surrogate model as the estimators of
solution performance, respectively. Based on the estimated performance, they use Monte Carlo
Tree Search [31] to generate potential solutions. The performance evaluation of these solutions
on the new task is back propagated to improve the estimator. Some studies [22, 41] use genetic
algorithms to search algorithm configurations.

Optimization-based recommendation proceeds with iterative evaluations on the encountered
dataset, which may lead to poor robustness when practitioners only have a few shots for their
tasks. Moreover, evaluations on the new dataset add extra computational burden and can be
time-consuming.

3 Recommendation on Data Science Solution
Our work aims to recommend the most promising data science solution for a given dataset, and
there are three key challenges in solution recommendation. First, one of the main challenges is
the limited number of historical performance records available for training the recommendation
method. This limitation can hinder the ability of the method to learn the complex relationship
between a solution and its performance, as well as its capacity to adapt to new datasets. Second,
the search space in solution recommendation is influenced by prior experience. Sparse historical
performance records can lead to a smaller search space, which, in turn, reduces the possibility
of discovering superior solutions. Third, the dominance of certain types of features, such as data
property features, over other types of features like algorithm features, can impact the predictive
accuracy of the recommendation method. To tackle these challenges, we propose an effective
solution recommendation method that leverages the sparse historical experience.

3.1 Overview of Our Proposed Solution Recommendation Method
Before delving into the details, we present an overview of our method as illustrated in Figure
3. Our method begins by generating a representation for each solution using a set of carefully
extracted features. Then, it feeds pairs of solution into a ranking model. The ranking model is
composed of two weight-sharing PMMs, and each PMM can learn a performance score for a given
solution. The new contrastive loss proposed for our ranking model can guide the performance
scores to memorize ranking information. After the training of the ranking model, the optimized
PMM predicts performance scores for a set of candidate solutions. The solution with the highest
predicted score is then recommended to the practitioner as the most promising data science solution
to the given dataset. The carefully designed feature extraction, ranking model, and contrastive loss
all contribute to enhancing the accuracy and reliability of the solution recommendation. In the
following sections, we elaborate the specific techniques adopted in our method.

3.2 Solution Representation
To recommend data science solutions, it is paramount to represent the solution in a format that our
method can effectively utilize. In our approach, we construct the solution representation as depicted
on the left side of Figure 3. The solution considered in this work comprises four main components:
the given dataset, the pre-processing methods, the learning algorithm, and the hyper-parameters
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Fig. 3. Workflow of solution recommendation using our method.

utilized in the solution. We exploit meta-learning techniques to extract meta-features from each
component, which enables us to represent the solution using these extracted features.

For the dataset component, we extract the following five groups of features: (i) Basic information
about the problem, such as the total number of attributes and the number of classes; (ii) statistical
features including the canonical correlations of the data, the geometric mean of each attribute;
(iii) information theory-related measures, such as Shannon’s entropy for each predictive attribute
and the concentration coefficient of each pair of distinct attributes; (iv) landmarking measures
such as the best performance of the decision tree trained on the data; (v) model-based measures,
for example, the number of leaf nodes in the decision tree trained on the data. Combining these
five groups of features forms the representation vector for the given dataset, where the vector is
denoted as d ∈ R=3 and =3 is the total number of meta-features for the dataset.

In addition to the dataset representation, we also consider the representation of pre-processing
methods. Since most applications involve pre-processing the data to boost learning, we explore the
usage of pre-processing methods as features. We encode the pre-processing methods using a vector
p ∈ R=? , where each dimension corresponds to a specific pre-processing method. In the vector, the
dimensions corresponding to pre-processing methods used in the current solution are marked with
ones, while the remaining dimensions which indicate other available pre-processing methods are
filled with zeros.

To represent the learning algorithm, we consider not only the algorithm itself but also its
category and implementation scheme. Formally, we use three one-hot vectors: a (0;6) , a (20C4 ) , and
a (8<? ) , to indicate the algorithm, algorithm category, and implementation scheme, respectively.
The dimension of a (0;6) is equal to the total number of distinct algorithms and 0 (0;6)

8
equals 1 when

the 8th algorithm is used. Each dimension in vector a (20C4 ) refers to an algorithm category, and
the category that algorithm � belongs to is labeled with 1. We expand the range of categories
mentioned in AutoSK [18] and include the following categories: (i) general linear models; (ii)
SVMs; (iii) discriminant analysis; (iv) nearest neighbors; (v) naive Bayes; (vi) decision trees, and
(vii) ensemble including vote, bagging, boosting, and forest; (viii) neural networks. As for the
implementation schemes, each element in vector a (8<? ) indicates a library in which the algorithm
is implemented. The libraries considered cover multiple popular machine learning libraries such as
Weka [25], AutoSK [18], Machine Learning in R [8], Massive Online Analysis [7], and so on. The
three one-hot vectors are concatenated as the representation of the learning algorithm, which is
defined as a = [a (0;6) , a (20C4 ) , a (8<? ) ]. The resulting vector a is an =0 dimensional vector, where =0
is equal to the sum of the dimensions of a (0;6) , a (20C4 ) , and a (8<? ) . Practitioners may incorporate
new algorithms into the representation following the above process.

We take ) ∈ R=\ to serve as the representation vector of hyper-parameters where =\ is the
total number of distinct hyper-parameters across all algorithms and pre-processing methods. Each
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distinct hyper-parameter is regarded as an element of ) . All the elements in ) are set to zero except
for the hyper-parameters used in the current solution, which are assigned their respective values.

By utilizing the aforementioned representation vectors for each component, we can construct the
representation of a solution. Let P be the set of = solutions used for training, and P can be denoted
as P = {P1,P2, . . . ,P=}. By concatenating the representation vectors of the four components, we
define the representation vector for a solution P8 ∈ P as x8 where x8 = (d8 ,p8 , a8 , ) 8 ).

3.3 Ranking Model
With the representation vectors of solutions, we proceed to train a ranking model for the solutions.
The training process is shown in the middle of Figure 3.

  Ranking Model Structure. We design a weight-sharing network structure for our ranking model
which is based on the Siamese neural network [11]. The Siamese neural network was originally
intended for learning the similarity between pairs of training instances. In our case, however, the
ranking model aims to learn the relative ranking between the performance of two solutions. Our
ranking model consists of two weight-sharing PMMs. Each PMM is responsible for measuring the
performance and generating a performance score for an input solution. A simple PMM network can
be built with multiple fully connected layers and a single neuron in the last layer. However, such a
network may suffer from certain features, e.g., the data features, dominating over other features,
e.g., the algorithm or the hyper-parameter features. This imbalance becomes more apparent when
we have insufficient training solutions. To address this issue, we propose a balanced structure for
PMM that learns the features separately.

  Balanced Structure. The balanced PMM, illustrated in the middle of Figure 3, contains two
parallel balanced layers. One balanced layer is used to map the dataset features (i.e., d), while
the other balanced layer is used to map the remaining features (i.e., a, p, and ) ). The outputs
of these balanced layers are then fed into a hidden layer together. The last layer of the PMM
network contains a single neuron that outputs the learned performance score for an input solution.
During the training process, the ranking model takes a pair of solution vectors as inputs each
time. The input pair is denoted as (x8 , x 9 ) where x8 and x 9 are the 8th and 9th training solutions,
respectively. Then, the weight-sharing PMMs generate two performance scores B̂8 and B̂ 9 for x8 and
x 9 , respectively.

  Loss of the Ranking Model. The objective of training the ranking model is to learn the ranking
relationship between two performance scores. To represent the ranking relationship, we introduce
a ranking metric A8 9 which computes the distance from the performance score B̂8 to B̂ 9 as follows:

A8 9 = sigmoid(B̂8 − B̂ 9 ) =
1

1 + 4−(B̂8−B̂ 9 )
. (1)

We use the sigmoid function to normalize the distance as computing the distance directly with
B̂8 − B̂ 9 leads to extremely large or small values of the predicted score. Our ranking metric is asym-
metric which means that A8 9 of the input pair (x8 , x 9 ) is not equal to A 98 of the input pair (x 9 , x8 ).
The ranking metric’s value depends on the order of the input solutions, which provides an oppor-
tunity to generate additional training pairs. By swapping the order of the solutions in an input pair,
we can create quadratic times more training pairs for our model.

As the ranking metric reflects predictive rank, we use historical performance records of solutions
to compute true ranks. The true rank of an input pair (x8 , x 9 ) is denoted by ~8 9 as follows, which
relies on the input order of x8 and x 9 .

~8 9 = I(B8 > B 9 ), (2)
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where I(·) is an indicator function and B8 is the true performance score of the solution x8 . The
indicator function equals 1 when the inequality B8 > B 9 holds, and 0 otherwise. We use the historical
performance (i.e., the predictive accuracy) as the true performance score. Note that practitioners
have the flexibility to substitute the performance score with another evaluation metric of interest.

Once we have the predictive rank A8 9 and the true rank~8 9 , we can derive the objective function of
our ranking model. To capture the ranking relationship in the loss, based on the common contrastive
loss [24], we propose a new contrastive loss as shown below:

L =
1
=2

=∑
8=1

=∑
9=1

1
2
((1 − ~8 9 ) · A 28 9 + ~8 9 ·max(n − A8 9 , 0)2), (3)

where= is the number of training solutions and the hyper-parameter n is a margin larger than which
A8 9 is ignored. The margin constrains the range of the learned scores. When the true performance
score B8 is larger than the true performance score B 9 (i.e., ~8 9 = 1), minimizing the loss in Equation
(3) corresponds to maximizing the ranking metric. On the other hand, when the true rank ~8 9 is
equal to 0, the objective is to minimize the squared value of the ranking metric. Since the ranking
metric monotonically increases and the value of which is always positive, minimizing the squared
value of the ranking metric is equivalent to minimizing the value of the ranking metric itself. As
shown in Equation (1), the minimization (resp. maximization) of our ranking metric constrains the
predicted performance score B̂8 to be smaller (resp. larger) than the performance score B̂ 9 , while
maintaining a large gap between B̂8 and B̂ 9 . By optimizing this loss function, our proposed PMMs
learn to capture the relative score of each solution’s performance rather than the exact performance
itself. This enables PMMs to be less susceptible to memorizing specific performance scores of
individual solutions and helps mitigate the risk of overfitting.

  Training of Our Ranking Model. Based on the proposed ranking model structure and loss, the
training process of our ranking model is summarized in Algorithm 1. Initially, we generate
the representation vectors for all training solutions (Line 2). Next, each pair of solutions is fed
into the PMM network which predicts their performance scores (Line 7). We then calculate the
ranking metric A8 9 using the predicted performance scores (Line 8) and determine the true rank
~8 9 based on the historical performance records (Line 9). Afterward, we compute the loss using
our proposed contrastive loss function (Line 10). This loss is used to update the PMM network’s
weights through backpropagation (Line 11). This iterative training process continues for multiple
epochs until convergence is achieved.

3.4 Solution Prediction
The well-trained PMM from Algorithm 1 is used to predict the promising solution for a given
dataset. The process of the solution prediction is illustrated in the right part of Figure 3. We first
generate candidate solutions by considering various combinations of the given data, different pre-
processing methods, and algorithms with their hyper-parameters. These candidate pre-processing
methods, algorithms, and hyper-parameters are the widely used ones on the OpenML platform
(see Section 4 for more details). We represent the candidate solutions in vectors as demonstrated in
Section 3.2. Then, one candidate solution at a time is fed into the optimized PMM, which predicts a
score for each candidate solution. The candidate solution with the highest score is recommended to
the practitioner as the most promising choice.

3.5 Theoretical Analysis on the Computational Complexity
We further provide an analysis on the computational complexity of our method. During the
solution representation phase, the complexities of generating the features for pre-processing
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Algorithm 1: Ranking Model Training

methods, algorithms, and hyper-parameters scale linearly with the number of each aforementioned
component, respectively. Since the complexity of generating meta-features for datasets depends on
the specific methods applied in practice, as shown in our experimental studies, we refrain from
providing a detailed analysis for this aspect.

Next, we proceed to analyze the computational complexity of our ranking model. Let 311 and
312 represent the dimensions of fully-connected balance layers responsible for processing data
features and the residual features of a solution, respectively. Additionally, assume 3; denotes the
dimensionality of the layer immediately succeeding the balance layers. Given that the primary
components of our model are PMM, label generation, and loss computation, with their respective
complexities denoted as O%"" , O;014; , and O;>BB , the overall computational complexity O of our
model can be expressed as O = O%"" + O;014; + O;>BB . According to Equations (2) and (3), we
can deduce that O;>BB = O;014; = O(=2). As for PMM illustrated in Figure 3, we have O%"" =

O(=[=3311+(3B−=3 )312+3; (311+312)]) ≈ O(=[3B (311+312)+3; (311+312)]) = O(=(3B+3; ) (311+
312)), where3B = =3+=?+=0+=\ represents the total dimensionality of our solution representation.
Since the dimensions of the layers within PMM are practically much smaller than the solution
dimension, i.e, 311, 312, 3; << 3B , the complexity of PMM can be simplified to O%"" = O(=3B ). By
aggregating individual complexities, we derive the overall complexity of our model as follows:

O = O%"" + O;014; + O;>BB ≈ O(2=2 + =3B ) ≈
{
O(=2), = ≥ 3B ,

O(=3B ), = < 3B .
(4)

3.6 Advantages of Our Recommendation Method
In comparison with other solution recommendation methods, our method boasts the following
advantages that concurrently tackle the challenges outlined at the beginning of Section 3. First, our
method is equipped with techniques designed to handle limited and sparse training records. On
the one hand, our method incorporates an inherent solution augmentation. This augmentation is
facilitated by the asymmetric ranking metric, which enables our method to take pairs of solutions
as inputs and the number of inputs is quadratic in the number of training solutions. On the other
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Table 1. Advantages of Our Method over Existing Methods

Recommendation method Inference-based
recommendation

Optimization-based
recommendation Ours

Recommendation strategy Learn a mapping to the exact
solution or performance

Evaluate and optimize
solutions on the given data

Incorporate solution ranking
into performance scores

Trainable with sparse records 7 3 3

Diverse search space 7 3 3

Not requiring evaluation on the given data 3 7 3

Augmentation of solutions 7 7 3

hand, our method learns a performance score that indicates the relative rank of each solution.
Therefore, our method focuses on the underlying patterns and trends that determine the relative
performance of solutions, rather than relying on precise performance values. This leads to a more
robust and generalizable recommendation. Second, we use a meta-learning-based representation to
characterize solutions which decouples the search space in the recommendation from the prior
experience. This allows our method to search and recommend candidate solutions that may not
have been evaluated on any historical datasets. The search space is thus expanded. Third, as detailed
in Section 3.3, we propose a balanced PMM to effectively address the dominance issues associated
with certain types of features. Last but not least, our recommendation method does not require
additional evaluation on the encountered dataset, which saves much computation burden. We
highlight the superiority of our method compared with other baselines in Table 1.

4 Experimental Studies
In this section, we present the empirical studies conducted to evaluate the performance of our
proposed method. We compare our method with existing solution recommendation approaches
under two different scenarios: one with dense historical records used in training, and the other
with sparse historical records.

4.1 Benchmarks and Experimental Setup
Benchmarks. In our experimental studies, we use two benchmarks: the classifier-110 benchmark

and the openml-75% benchmark, which include the dense and sparse historical performance records,
respectively. The available performance records include the training and test accuracy.

—classifier-110 benchmark: The classifier-110 benchmark consists of solutions used in a research
study [16] that investigated the effects of 179 classifiers on 121 datasets. In our experiments,
we chose the classifiers that were executed on all the datasets and excluded the ones that
were not. This results in a subset of 110 classifiers, which allows us to construct a set of
121×110 solutions with dense performance records. We use the Pymfe library [2] to generate
86 meta-features for each dataset since the original study does not provide meta-features for
the datasets.

—openml-75% benchmark: We collect 956 datasets and 681 different combinations of widely used
pre-processing (e.g., scaling, imputing) and machine learning algorithms (e.g., SVM, RF) with
various hyper-parameters from the OpenML platform [51]. This results in a total of 956×681
solutions. It is important to note that the performance records of approximately 75% (77.47%
to be precise) solutions in this benchmark are not available on OpenML. This level of sparsity
reflects real-world scenarios where performance records may not be available for a significant
portion of solutions. We use the 69 data features provided by OpenML as the meta-features
for data. More details of the benchmarks and meta-features used in our experiments can be
found in our Supplementary Material.
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  Experimental Setup. To provide a clearer understanding of the experimental settings, we intro-
duce the concept of tasks. In our experiments, a task consists of a dataset along with all the possible
solutions and their corresponding performance records on that dataset. For each benchmark, we
divide the datasets into training tasks and test tasks as follows:

—We take 80% datasets in a benchmark (e.g., in classifier-110, we take 121×80%≈97 datasets),
along with their corresponding solutions and performance records, to create training tasks.
20% of the training tasks serve as validation tasks for model configuration.

—The remaining datasets in a benchmark, along with their solutions and performance records,
form the test tasks. These datasets have different distributions from those in training tasks,
as they originate from distinct areas. Within each test or validation task, the solutions are
considered candidate solutions, and among them, the one with the highest performance record
(i.e., accuracy in our experiments) is identified as the best solution for that task.

We conducted our experiments on a server with an Intel(R) Xeon(R) CPU of 126GB memory
running on a Linux OS. Our method is implemented with PyTorch [42]. The hyper-parameters of
both the baseline models and our proposed method were tuned with the following configurations.
The stochastic gradient descent with momentum set to 0.9 serves as the optimizer, and the learning
rate is selected from the set {0.1, 0.01, 0.001}. All the methods are trained for 200 epochs. The
balanced PMM in our method uses two parallel fully connected layers as the balance layer which
are followed by a hidden layer. Each parallel layer or the hidden layer has = neurons, where =
is selected from {20, 50, 100}. The margin n in our objective function is set as 0.9. Moreover, to
ensure a fair comparison, we use the same solution representation approach as detailed in Sections
3.2 and 4.1 for both the baselines and our method. Our Supplementary Material, source code and
benchmarks are available on the GitHub.1

4.2 Analysis on the Performance of Solution Recommendation
Given the practical limitations in establishing ground-truth optimal solutions for real-world data
science problems, we adopt a comparative analysis against existing methods to demonstrate the
effectiveness and superiority of our proposed approach. The baseline methodologies evaluated in
our study include the following:

— Inference-Based Recommendation. This type of recommendation method learns the mapping
from the dataset to the most promising solution. We choose the widely used mapping models
for our inference-based baselines which are: (i) AdaB [33]; (ii) Classification Neural Net-
works (ClsNN), and (iii) Regression Neural Networks (RegNN) [10, 39]; (iv) RF [50]. Each
network has two fully connected layers as hidden layers. The first hidden layer has 2= neurons
and the next hidden layer has = neurons, which are consistent with our ranking model. The
tuning of the hyper-parameter = is executed as described in the last paragraph of Section 4.1.

—Optimization-Based Recommendation. (i) DP [45]; (ii) PMF [21]; (iii) AutoSK [17]. These
optimization-based baselines select : solutions as warm start and then fine-tune the warm
start solutions using BO variants as described in Section 2.2. We set : = 5 following the
default setting [17]. Note that PMF, AutoSK, and DP require fine-tuning of the solutions on the
validation/test datasets, which is not necessary in our method. Hence, for a fair comparison,
we focus solely on the : solutions selected prior to applying BO. We leave the discussion
about the solutions tuned after BO in Section 4.3.

—Heuristic Search (HS) [48]. The solution with the highest average rank over all the datasets
in training tasks is selected as the best solution for a validation or test dataset.

1https://github.com/JirehChan/SolutionRecommendation.
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Table 2. Comparison on the Averaged Performance

Method classifer-110 openml-75% openml-85% openml-95%

Rank Accuracy (%) NDCG@5 Rank Accuracy (%) NDCG@5 Rank Accuracy (%) NDCG@5 Rank Accuracy (%) NDCG@5

AdaB 2.12± 1.45 83.71± 12.56 0.993 6.45± 2.55 77.74± 15.25 0.973 6.59± 2.83 77.74± 15.73 0.979 6.29± 2.51 76.28± 15.95 0.973
ClsNN 2.64± 2.24 83.62± 12.46 0.985 5.36± 2.51 81.26± 14.80 0.978 5.54± 2.27 81.50± 13.93 0.989 4.56± 2.57 81.53± 16.45 0.984
RegNN 2.12± 1.45 83.71± 12.56 0.993 6.23± 2.91 72.65± 22.74 0.961 5.46± 2.76 79.72± 16.32 0.982 4.96± 2.61 80.59± 15.93 0.983
RF 5.00± 3.51 82.16± 11.88 0.989 4.09± 2.82 82.94± 15.58 0.986 3.82± 2.44 83.49± 14.35 0.989 3.76± 2.44 83.82± 14.95 0.989

AutoSK 5.20± 3.52 81.54± 12.90 0.987 3.93± 2.61 83.23± 15.09 0.987 3.89± 2.76 82.61± 15.50 0.986 4.16± 2.52 82.50± 15.65 0.985
DP 8.08± 2.94 73.63± 15.12 0.969 5.52± 2.86 78.13± 18.32 0.972 5.89± 2.87 77.35± 17.18 0.972 5.74± 2.62 77.51± 17.40 0.974
PMF 4.32± 3.09 82.99± 12.24 0.991 5.53± 3.21 63.17± 37.85 0.750 5.36± 3.35 63.12± 37.87 0.748 9.75± 1.04 6.89± 21.49 0.099

HS 2.12± 1.45 83.71± 12.56 0.991 6.46± 2.48 80.78± 14.44 0.987 6.57± 2.58 80.74± 14.51 0.987 4.75± 2.19 83.65± 14.20 0.989
RS 7.36± 2.50 82.14± 12.18 0.991 6.68± 2.75 73.52± 18.04 0.965 6.72± 2.85 73.52± 18.04 0.965 6.51± 2.42 73.52± 18.04 0.965

Ours 2.04± 1.56 84.49± 11.71 0.994 2.87± 1.99 85.37± 14.05 0.990 3.47± 2.11 84.26± 13.36 0.994 2.74± 1.96 85.39± 13.82 0.991

The best results are highlighted in bold.

—Random Search (RS). It selects a solution randomly from the candidates.

  Overall Performance. The performance of solution recommendation based on the classifier-
110 and openml-75% benchmarks is detailed in the left half of Table 2. The primary metrics for
evaluating a recommendation method M include the average rank, average test accuracy, and
average Normalized Discounted Cumulative Gain (NDCG) which are computed as follows:

average rankM =
1
��

��∑
8=1

A4;'0=:M,8 , average accuracyM =
1
��

��∑
8=1

C4BC�22M,8 ,

NDCGM@5 =
1
��

��∑
8=1


5∑
9=1

C4BC�22
( 9 )
M,8

log( 9 + 1)

/ 5∑
9=1

C4BC�22
( 9 )
M,8

log(A0=: (M, 9) + 1)

 ,
M ∈ {AdaB, ClsNN, RegNN, RF, AutoSK, DP, PMF, RS, HS, ours},

where �� denotes the total number of test datasets in the benchmark �. With each of the 10
recommendation methods in M predicting the most promising solution for the 8th test dataset,
we can obtain 10 potential solutions. Organizing these solutions in the descending order of test
accuracy gives us the relative rank of the solution predicted by method M as A4;'0=:M,8 and
A4;'0=:M,8 ∈ {1, . . . , 10}. Moreover, we refer to the test accuracy of the top-1 solution recommended
by the method M for the 8th dataset as C4BC�22M,8 . In addition to evaluating the performance of
the top-1 solution recommended by each method, we also assess the ranking quality of a list of
predicted solutions. NDCGM@5 measures the similarity between the predicted rankings and the
true rankings of the top-5 solutions predicted by method M. In the formula of NDCGM@5 metric,
C4BC�22

( 9 )
M,8

indicates the test accuracy of the 9th best solution predicted by method M for the
8th test datasets. We denote the true rank of the 9th best solution recommended by method M
as A0=: (M, 9) where 9 , A0=: (M, 9) ∈ {1, . . . , 5}. Given that inference-based baselines cannot be
applied to the sparse benchmark (e.g., openml-75%), we assigned a performance score of zero to
solutions without historical performance records. As indicated in Table 2, our method consistently
outperforms all the baselines in accuracy, rank, and NDCG values. This sustained performance
demonstrates the ability of our method to predict solution rankings that closely align with the true
rankings.

  Overall Performance on Different Sparsities of Training Records. To investigate the impact of
different training record sparsities on solution recommendation, we vary the sparsity level of the
openml-75% benchmark by randomly removing the historical records in it. The recommendation
results which were provided by the methods trained on different sparsity levels are presented
in the right half of Table 2. The openml-85% (resp. openml-95%) benchmark indicates that 85%
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Fig. 4. Rank distributions of the solutions recommended for all the tested datasets.

(resp. 95%) performance records of the solutions are unavailable. Even with highly sparse training
tasks (e.g., openml-95%), our method still outperforms the baselines. Notably, PMF experiences a
significant decrease in accuracy, because it is difficult for PMF to select suitable warm start solutions
from highly sparse historical records. Although the randomly selected solutions remain unaffected
by changes in sparsity levels, their average ranks correlate with the variations of sparsity. This
phenomenon arises due to the relative nature of rank, which is contingent on the ranks of solutions
predicted by other methods. Alteration in sparsity levels shifts the recommendations made by
both other baselines and our method, leading to changes in the relative rank of random selection.
Moreover, the superior performance of our method achieved on openml-95% relative to openml-85%
may primarily stem from the higher signal-to-noise ratio of openml-95% benchmark. Fewer noisy
samples and a greater proportion of high-quality solutions in the training set allow models to more
effectively identify discriminative features for solution recommendation. The empirical results
of the baselines reaffirm our findings. As shown in Table 2, not only our method but also the
majority of the tested baselines (i.e., 6 out of 9 baselines) achieve better performance on openml-95%
compared with openml-85%. Analogous observation can be found in the previous study [50]. Our
experimentation with different sparsity levels simulates real-world scenarios and demonstrates the
potential applicability of our method in industrial settings.

  Detailed Results. In addition to the averaged performance presented in Table 2, we provide
a detailed analysis on the relative rank A4;'0=:M,8 for each test datasets. Figure 4 depicts the
distributions of relative ranks for the solutions recommended by each method for all the test
datasets. Notably, our method shows a concentrated distribution around the first place, marked
by a higher peak in the distribution. On the contrary, other methods exhibit more diverse distri-
butions with longer and wider tails. Our method stands out for providing more accurate solution
recommendations for unseen problems, even when trained on highly sparse historical records. This
demonstrates the effectiveness and superior generality of our method.

  Tests of Statistical Significance. We validate the significance of the comparison among all the
tested recommendation methods on different datasets using the Friedman test. As listed in the
middle column of Table 4, the ?-value on each benchmark is smaller than the significance level of
0.05, which indicates that the differences among the 10 tested recommendation methods, including
the baselines and our method, are significant. To delve deeper into the significance of the difference
between our method with each baseline, we adopt the Nemenyi post hoc test, and the results are
visually presented in Figure 5. The width of each bar corresponds to the Critical Difference (CD)
on that benchmark. If the difference between the average rank of our method and that of a baseline
exceeds the CD, meaning that the baseline bars do not intersect with the red bar, the result is
deemed significant. Observing Figure 5(b) through (d), none of the baselines overlaps with the red
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Fig. 5. Nemenyi post hoc test.

bar on the sparse benchmarks, apart from AutoSK and RF on openml-85%. In Figure 5(a), the results
indicate less significance on the dense benchmark, with AdaB, RegNN, ClsNN, and the heuristic
method showing comparable performance to our method. In summary, the statistical significance
tests provide evidence that our method performs significantly better than the baselines on most
benchmarks, especially sparse ones, demonstrating its effectiveness in solution recommendations.

4.3 Case Studies: Fine-Tuning on the Test Tasks
In this case study, we conduct the full process of our optimization-based baselines where the
solutions selected in the warm start stage are further fine-tuned on the test tasks. We divide
the dataset in each test task into two subsets where 80% of the data serves as the support set and the
remaining 20% serves as the query set. The warm start solutions are first tuned on the support set
using the optimization techniques in PMF and AutoSK, respectively. The solution which achieved
the highest predictive accuracy on the support set is recommended as the best solution. Then,
we apply the recommended solution on the query set to compute the test accuracy. We denote
the number of tuning iterations as C and take C = 50 in our experiments. As AutoSK, DP, or PMF
evaluates C solutions in total (one in each iteration) during fine-tuning, for a fair comparison, we
evaluate the top-C solutions directly predicted by our method on the support set to find the solution
with the best performance. Similarly, the random strategy selects one solution in each iteration
and evaluates the C chosen solutions on the support set.

  Overall Performance of Solution Recommendation with Fine-Tuning. We list the average rank,
average test accuracy, and average NDCG@5 of the solutions recommended after fine-tuning
in Table 3. The results show that our method not only attains the best test accuracy compared
with the fine-tuned baselines but also produces a recommendation list of the top-5 solutions with
higher quality. Furthermore, we illustrate the variation of average test accuracy and average rank
throughout iterations in Figures 6 and 7, respectively. We observed that the solution recommended
by our method consistently achieves the highest accuracy within the same number of iterations
while maintaining small ranks. Remarkably, the top-C solutions directly predicted by our method
outperform most of those tuned with PMF and AutoSK. The significance of these fine-tuned results
is confirmed by the Friedman test, as demonstrated in the final column of Table 4.

  Detailed Results. We draw the distributions of relative ranks for the solutions recommended
after fine-tuning in Figure 8. The relative ranks of our method converge to the highest rank with a
higher peak, particularly on the sparse benchmarks. While AutoSK shows a slight advantage on
the dense benchmark, our method still performs competitively. These compact distributions of our
method reaffirm its superior performance compared to the carefully tuned baselines.
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Fig. 6. Average accuracy varied with iterations.

Fig. 7. Average rank varied with iterations.

Fig. 8. Rank distributions of fine-tuned solutions for all the tested datasets.

  Efficiency Comparison. In the meantime, our method offers substantial time savings compared
with the other baselines. Our approach requires just one training phase of about 210 seconds per
benchmark and can be promptly applied to multiple new problems without additional evaluations.
Conversely, optimization-based methods demand extra evaluations for every new problem. As
shown in Figure 9, our method takes few seconds to recommend the top-50 solutions which are 30
to 104 times faster than AutoSK, DP, or PMF. This efficiency makes our method highly practical as
it delivers higher-quality solutions with far less recommendation time than those heavily tuned.

4.4 Ablation Study
In this study, we empirically observe the effectiveness of our balanced structure and asymmetric
ranking metric, respectively. In the first part of the study, we replace the balanced structure with a
variant that retains the same number of layers and layer sizes as the balanced PMM, but omits the
division of one layer into two balanced layers. In the second part, we modify the ranking metric to
use a symmetric distance measurement. The results of this comparison, including rank and test
accuracy for the recommended solutions across test tasks, are summarized in Table 5. The findings
indicate that our method consistently outperforms alternatives, regardless of whether the historical
performance records are dense or sparse. This reveals the importance of our balanced structure and
asymmetric ranking measurement in enhancing the efficacy of solution recommendations.
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Fig. 9. Total elapsed time on solution recommendation.

Table 3. Averaged Performance with Fine-Tuning

Benchmark Method
Accuracy (%) Rank NDCG@5

t = 25 t = 50 t = 25 t = 50 t = 25 t = 50

classifier-
110

AutoSK 85.87 86.39 2.36 1.68 0.979 0.977
DP 85.14 85.95 2.92 1.64 0.992 0.982
PMF 85.74 85.99 2.12 2.36 0.979 0.978
RS 85.49 86.06 2.56 2.40 0.984 0.979
Ours (top-C ) 86.39 86.46 1.32 1.64 0.992 0.975

openml-
75%

AutoSK 87.16 87.61 2.40 2.38 0.974 0.971
DP 87.21 87.68 2.74 2.40 0.972 0.978
PMF 87.09 87.44 2.85 2.91 0.976 0.968
RS 86.84 87.40 2.81 2.68 0.961 0.976
Ours (top-C ) 87.31 87.76 2.39 2.23 0.977 0.979

openml-
85%

AutoSK 87.33 87.65 2.31 2.33 0.983 0.982
DP 87.31 87.85 2.66 2.31 0.981 0.980
PMF 87.05 87.46 2.91 2.84 0.975 0.972
RS 86.84 87.40 2.96 2.66 0.961 0.976
Ours (top-C ) 87.46 88.02 2.36 2.30 0.983 0.982

openml-
95%

AutoSK 87.21 87.60 2.51 2.45 0.978 0.975
DP 87.52 87.93 2.46 2.35 0.979 0.981
PMF 86.80 87.49 2.94 2.84 0.973 0.974
RS 86.84 87.40 2.88 2.70 0.961 0.976
Ours (top-C ) 87.54 88.03 2.32 2.05 0.978 0.982

The best results are highlighted in bold.

Table 4. Significance Test
(Significance Level U = 0.05)

Benchmark p-value p-value (w/ tuning)

classifier-110 8.40e−12 5.97e−03
openml-75% 3.66e−41 7.74e−64
openml-85% 1.23e−34 1.23e−64
openml-95% 4.02e−122 8.15e−110

Table 5. Ablation Study of Our Method

Benchmark Method Accuracy (%) Rank

classifier-
110

w/o balance structure 80.43± 14.27 1.52± 0.81
w/o asymmetric rank 78.70± 16.17 2.32± 0.84

Our method 84.49± 11.71 2.04± 1.56

openml-
75%

w/o balance structure 78.47± 15.91 2.16± 0.71
w/o asymmetric rank 75.00± 16.47 2.23± 0.89

Our method 85.37± 14.05 2.87± 1.99

openml-
85%

w/o balance structure 77.03± 18.55 2.05± 0.77
w/o asymmetric rank 74.75± 17.80 2.23± 0.88

Our method 84.26± 13.36 3.47± 2.11

openml-
95%

w/o balance structure 77.39± 15.95 2.21± 0.68
w/o asymmetric rank 72.24± 22.24 2.25± 0.90

Our method 85.39± 13.82 2.74± 1.96

The best results are highlighted in bold.

5 Conclusion
To provide promising data science solutions, encompassing pre-processing, learning algorithms, and
hyper-parameters tailored to specific problems, we have proposed a novel solution recommendation
method for data science problems. Our approach involves extracting meta-features from solutions
and applying a ranking model to learn their performance scores, which imply the relative ranks
of them. The ranking model is equipped with a series of techniques including (i) two weight-
sharing PMMs, (ii) a balancing mechanism, and (iii) a new contrastive loss function. By leveraging
these techniques, our method effectively addresses the challenges related to sparse historical
performance records, such as inadequate representation of solution space and risk of overfitting.The
experimental results affirm the superior generalization of our proposedmethod to future tasks, when
compared to existing inference-based and optimization-based baselines. Our method consistently

ACM Transactions on Knowledge Discovery from Data, Vol. 19, No. 7, Article 133. Publication date: August 2025.



Towards Recommendation on GoodQuality Data Science Solutions 133:17

recommends solutions with higher accuracy and rank for the encountered tasks, regardless of
whether trained on dense or highly sparse historical records. Our case study further demonstrates
its significant outperformance over heavily tuned baselines. This solution recommendation method
empowers practitioners to efficiently choose high-quality solutions for their data science problems.
Furthermore, exploring adaptive incremental learning frameworks to dynamically incorporate
evolving data science problems, solutions, and their historical records in training is an important
research direction for solution recommendation. It is also promising to develop interpretable
recommendation mechanisms that provide transparent rationales for suggested solutions. We leave
these interesting research ideas for future work.
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