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Abstract—Pre-trained deep learning (DL) models are increas-
ingly accessible in public repositories, i.e., model zoos. Given a
new prediction task, finding the best model to fine-tune can be
computationally intensive and costly, especially when the number
of pre-trained models is large. Selecting the right pre-trained
models is crucial, yet complicated by the diversity of models from
various model families (like ResNet, Vit, Swin) and the hidden
relationships between models and datasets. Existing methods,
which utilize basic information from models and datasets to
compute scores indicating model performance on target datasets,
overlook the intrinsic relationships, limiting their effectiveness
in model selection. In this study, we introduce TransferGraph,
a novel framework that reformulates model selection as a
graph learning problem. TransferGraph constructs a graph using
extensive metadata extracted from models and datasets, while
capturing their inherent relationships. Through comprehensive
experiments across 16 real datasets, both images and texts, we
demonstrate TransferGraph’s effectiveness in capturing essential
model-dataset relationships, yielding up to a 32% improvement
in correlation between predicted performance and the actual fine-
tuning results compared to the state-of-the-art methods.

I. INTRODUCTION

Deep learning has been widely used in handling unstruc-
tured data, including tasks related to image and text classi-
fication. The paradigm of first pre-training, then fine-tuning
has become the de facto of applying deep learning in prac-
tice. Pre-training is the phase of training a neural network
on a large, diverse dataset, typically drawn from a general
domain, e.g., ImageNet [1]. Subsequently, the fine-tuning step
refines the model for a specific task, often a smaller target
dataset. This two-step process leverages the general knowledge
acquired during pre-training, facilitating effective adaptation
to a narrower and more specialized context. The general
representations learned during pre-training, speed up model
convergence during fine-tuning and help reduce the risk of
over-fitting.

Today, many pre-trained models are available in public
online platforms, e.g., HuggingFace1, TensorFlow Hub2, and
PyTorch Hub3. Such repositories of pre-trained models are
referred to as model zoos. Model zoos have been widely
adopted in recent years, as they offer convenient access to
a collection of pre-trained models, including cutting-edge

1https://huggingface.co/
2https://www.tensorflow.org/
3https://pytorch.org/hub/
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Figure 1: Illustration of the model selection problem setting.

deep learning architectures. This lowers the expertise bar-
rier, enabling non-expert individuals to apply complex deep
learning models in their applications. Utilizing a model zoo
for fine-tuning facilitates the adaptation across a wide range
of target datasets, which have varying quantities of training
data [2]. In addition, by fine-tuning pre-trained models from
the model zoo, machine learning practitioners can bypass the
need for training from scratch—a resource-intensive process,
resulting in significant savings in both development time and
computational resources.

However, it is a non-trivial task to pick the right pre-
trained models as the starting point of fine-tuning, which
has a substantial impact on the effectiveness of the fine-
tuning results [2]. A straightforward solution is to fine-tune
all the relevant pre-trained models, which is computationally
expensive, and sometimes infeasible in practice. For instance,
there are 7411 models for image classification tasks in the
HuggingFace repository and 900 variations on TensorFlow
Hub. It took 1178 hours of GPU time to fine-tune all the 185
models in our model zoo on a single dataset.

The practical choice is to identify pre-trained models that
exhibit promising performance even without fine-tuning, i.e.,
model selection. As in Figure 1, given a target dataset and sev-
eral pre-trained models over existing datasets, model selection
aims to rank and select optimal candidates from the model zoo
to perform fine-tuning. Different strategies may yield disparate
rankings of the candidates.

A naive approach is to randomly select models for fine-
tuning. This random selection strategy may suffice when pre-
trained models all have similar fine-tuning accuracy. However,
in the more general case where the performance of models
varies, the random strategy is ineffective. In Figure 2, we
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Figure 2: Average fine-tuned accuracy of the top 5 selected
models compared between random selection strategy and our
proposed solution learning from a graph along with metadata
(example dataset: stanfordcars [3]).

report the results of the average accuracy of the top five models
selected through diverse strategies (full results in Section VII).
Random denotes a random selection strategy, which only
achieved an unsatisfying accuracy value of 0.52.

Existing studies [4]–[8] mainly focus on extracting informa-
tion about the pre-trained models and datasets, and mapping
model features to the target dataset labels to measure the
model transferability. The efficacy of features is expected to
diminish as the source dataset (training dataset of the pre-
trained model) and target dataset become less similar [9].
Another approach, exemplified by Amazon LR [10], learns
the pattern of model performance by using metadata (e.g.,
model architecture, data size) to train a regression model. The
mechanism of the previous methods is limited to applying
model representations extracted from the learned parameters
or features constructed from metadata, overlooking the deeper
connections inherent among models and datasets.

Our work advances beyond existing studies by incorpo-
rating the prior knowledge of fine-tuning and transferabil-
ity scores (e.g., LogME [4]), representing this information
through weighted connections between models and datasets.
We borrow the inspiration from data management systems for
data repositories, such as data lakes [11]–[13]. For managing
a collection of datasets, a common approach is to structure
these datasets as graphs [14]–[16]. This involves representing
tables as nodes and their relationships as edges. For instance,
an edge can indicate that two tables are semantically similar
[14]. For the model selection problem, rich relationships exist
not only between models and datasets, but also among datasets
themselves. Our approach leverages the additional information
on relationships informed by fine-tuning and transferability
scores, and dataset similarity.

We reformulate the challenge of model selection as a graph
link prediction problem. We propose TransferGraph4, which
explores how the relationships among dataset-dataset and
dataset-model can facilitate more effective model selection,
offering a structured and intuitive method to navigate and un-
derstand these complex relationships. To represent and analyze
these intricate relationships, we represent them using graph

4Code is available at https://github.com/TransferGraph/transfergraph and
HuggingFace organization at https://huggingface.co/TransferGraph

structures. We show that TransferGraph is able to identify
suitable pre-trained models for the target dataset by exploiting
graph features learned from the graph structure and along
with other metadata information (e.g., model architecture, data
size). As shown in Figure 2, TransferGraph outperforms the
state-of-the-art method [4] with a notable improvement in fine-
tuning accuracy.
Contributions. We summarize our contributions as follows.

• We reformulate the model selection problem as a graph
learning problem.

• Different from existing works, which only take into
account the dataset labels or solely information about
models or datasets, we exploit the metadata of both
models and datasets and further learn the inherent re-
lationships between the artifacts by learning a graph.

• We propose a framework that tackles the model selection
problem via graph learning. The framework consists of
end-to-end processes, from feature collection and graph
learning to model performance prediction.

• Extensive experiments are conducted to evaluate the
validity of our graph-based model selection strategy.
Our findings demonstrate that applying a graph learning
method exhibits a strong correlation with actual fine-
tuning accuracy across image and text classification tasks.

II. BACKGROUND AND PROBLEM DEFINITIONS

It is a challenging task to select the right models for fine-
tuning, especially given the abundant pre-trained models in the
model zoo. In this section, we explain existing model selection
strategies and identify their limitations.

A. Model selection strategies

Previous model selection strategies consider features of
models and datasets from different perspectives. They mainly
differ in the information of datasets and pre-trained models
they use. Some works like SHiFt [17] have developed systems
which combine these approaches, while also taking user inputs
such as budget constraints into account. We categorize these
model selection strategies based on the features they employ
to rank the models for model selection.
Task-similarity-based model selection. Early model selection
methods use the similarity of the source and target tasks to
measure the transferability of a model. When the target task
is similar to source task, a model with good performance on
the source task is likely to have good fine-tuning performance
[18]. Methods in this group include EMD [19] and NCE [5],
Task2Vec [5], [20]. To obtain the similarity of the source and
target tasks, EMD [19] and NCE [5] compare source and
target task features and labels. Task2Vec [20] embeds tasks
as vectors using a single probe model and computes their
pairwise distances as transferability scores.
Feature-based model selection. More recent approaches
leverage the target task specific features, which are extracted
by executing a forward pass of the target task on each pre-
trained model (model inference on the target dataset). Methods

https://github.com/TransferGraph/transfergraph
https://huggingface.co/TransferGraph


in this group include LEEP [6], LogME [4], PARC [7] and
TransRate [8]. These approaches circumvent the need for fine-
tuning. However, as the number of pre-trained models in a
model zoo grows, it becomes inefficient to perform a forward
pass over all pre-trained models, even infeasible. Moreover,
methods in this group overlook basic features of both the
target dataset (like the number of samples and labels) and the
pre-trained model (such as input size and architecture), which
are crucial for fine-tuning efficiency. For instance, a mismatch
in input size or the number of classes, leads to significant
deterioration in fine-tuning performance [10].
Learning-based model selection. The third group of ap-
proaches [10] trains a simple linear model, i.e., a linear re-
gression model, to predict model performance and recommend
pre-trained models given a new target task. The used features
extracted from models or metadata of the target dataset and
pre-trained models. The state-of-the-art approach, Amazon LR
[10], employs only basic metadata of the target dataset and pre-
trained models. It achieved competitive results when learning a
linear regression model. The authors suggest that incorporating
additional features could further improve this method.

B. Limitations and Challenges

We summarize the limitations of existing model selection
strategies and outline the challenges to tackle them.

1) Overlooking the heterogeneity of model zoo: A model
zoo may encompass heterogeneous models and datasets. Mod-
els within this context can exhibit differences in the pre-trained
domain, architecture, and hyperparameter settings. At the same
time, datasets vary in terms of the tasks they address and
the distribution of their data. Predicting the performance and
capability of models is challenging, given that the models
are trained differently, and the inductive biases of models
are different. Featured-based model selection strategies usually
use the model as feature extractor, or assumes the fine-tuning
process does not change the backbone weights much [7], [21].
However, such an assumption does not hold in practice.

Prior studies [8], [21] have often restricted model archi-
tectures to certain categories, e.g., ResNet, MobileNet or
DenseNet. In LogMe [4], only models pre-training on the
same source dataset (e.g., ImageNet) are included. However,
the optimal architecture or Pareto-optimal models are usually
task-dependent, relying on the inductive bias of the model
and the dataset properties [10]. Fine-tuning with a model zoo
helps transfer to a diverse set of target tasks with different
downstream datasets. Due to the diversity of the model char-
acteristics, e.g., architecture family, pre-trained domain, and
hyperparameter settings, it is even more challenging to identify
suitable candidate models for the downstream task.

2) Insufficient feature coverage: Feature-based model se-
lection strategies [7], [21] often rely on the model features
and the target dataset labels. They assume that models can
generalize better if the features extracted by the model are
similar and labels are similar. However, such approaches
struggle to accurately predict top-performing models for tar-
get datasets significantly different from source datasets used

for pre-training [10]. Conversely, incorporating simple prior
knowledge, such as dataset characteristics, is proven to help
predict the model performance on downstream datasets [10].
Learning from basic metadata of models and datasets is
beneficial yet limited due to its coarse-grained nature. It
often overlooks the intricate relationships between models and
datasets. Therefore, a central challenge lies in identifying and
utilizing such inherent relationships for more effective model
selection.
III. MODEL SELECTION AS A GRAPH LEARNING PROBLEM

We first explain the problem setting of model selection. To
tackle the challenges in Sec. II-B, we propose transforming
the model selection problem into a graph learning problem.
A. Problem definition

Consider a set of models, denoted as M = {m1, ...mN},
and a collection of datasets, represented as χ = {d1, ...dK}.
We denote the actual fine-tuning accuracy as Ti,j , with respect
to the model mi and the target dataset dj , where mi ∈ M ,
and dj ∈ χ. Given a pre-trained model mi, we are interested
in predicting a score Sij which approximates its fine-tuning
accuracy on the target dataset dj .

Example III.1. Consider two models m1 and m2, and two
target datasets d1 and d2. The predicted scores of the models

on each dataset can be presented by a matrix S =

(
0.6 0.8
0.7 0.3

)
.

For dataset d1, the predicted score S11 of m1 on d1 is 0.6, and
S21 is 0.8. It indicates that m2 is predicted to have a better
fine-tuning performance than m1. Whereas it is a different
case on the dataset d2, with S12=0.7 higher than S22=0.3.

The predicted score should be a good approximation of
the actual fine-tuning results and exhibit a strong correlation
with the target dataset. Such an alignment would enable
the predicted score to be a reliable indicator of fine-tuning
performance on the target dataset, allowing for the effective
ranking of pre-trained models.

To measure the effectiveness of the model selection
score, we use Pearson’s correlation coefficient, follow-
ing the common practice [10]. We use τ ∈ [−1, 1] to
represent the Pearson’s correlation. Given N paired data
{(m1, dt), (m2, dt), ...(mN , dt)}, τ is defined as:

τ =

∑N
i=1(Ti − T̄ )(Si − S̄)√∑N

i=1(Ti − T̄ )2
∑N

i=1(Si − S̄)2
(1)

The goal is to maximize the correlation between the pre-
dicted scores and the model performance. An absolute value
of 1 implies that a S perfectly aligns with the trend of T with
all data points lying on a line.

B. Convert model selection to graph learning

In this work, we formulate the model selection problem
as a graph learning process, which maximizes the Pearson
correlation τ , between the predicted score Sij and the actual
fine-tuning accuracy Tij .



Table I: Notation definitions

Notation Definition
Si,j Predicted transferability score of mi on dj
Ti,j Fine-tuning performance of mi on dj
χ, dj Set of datasets collection and dataset j
M , mi Model collection and model i

ϕ Dataset similarity
G Graph
E Edge of Graph
V Vertex / Node
L Edge labels
τ Pearson’s Correlation

fG() Function over the graph
W (k) Weights of the graph
Q(k) Operation that allows aggregation afterwards
X̄ Mean of the variable X
X̂ Prediction for the variable X
F () Learned function to predict the model performance

Definition III.1 (Graph). We denote a graph as G = (V,E)
where V is the set of vertices/nodes and E ⊆ V × V denotes
the set of edges that connect the vertices in V .

In our setting, a vertex either represents a dataset or a model.
Given a set of datasets χ = {d1, d2, ..., dK}, and a set of pre-
trained deep learning models M = {m1,m2, ...,mN}, we
build our vertex set as V = χ ∪ M . Here K = |χ| is the
number of datasets, and N = |M | is the number of models.

In our graph, we construct three types of edges, depending
on the nodes connected by the edges. The first type links
dataset nodes, utilizing calculated dataset similarity for con-
nection. The second type forms connections between a model
and a dataset, representing existing transferability scores, e.g.,
LogME [4], PARC [7]. The third edge type also connects a
model and a dataset, and comes from the training history of
each model on each dataset, such as the pre-trained perfor-
mance and fine-tuning performance. In the graph, instead of
having the binary adjacency matrix, the respective scores will
be used as the weights of the adjacency matrix. Instead of
having a fully connected graph, a pruning threshold will be
used to decide the existence of the edges.

Example III.2. If we have two datasets d1, d2 and two
models m1,m2 then we can form the graph with edge
sets EG = {(d1, d2), (d1,m2), (d2,m2), (d2,m1)}. Each of
these edges will have a value, as per a weighted adja-
cency matrix, the value for (d1, d2) will be the similarity
score ϕd1,d2

between the datasets. The value between edges
{(d1,m1), (d1,m2), (d2,m2), (d2,m1)} will be the training
performance of the model on the corresponding dataset. These
values can be taken from Example III.1 and constructing the
graph using those values.

In this work, we are interested in exploiting the inherent
relationships between models and datasets for the model
selection problem in a model zoo. Borrowing the concept from
data lake management, we represent the model and dataset
relationships in a graph and learn the graph structure by
performing a link prediction task.

u

Model-Dataset Relationship in a Graph

Dataset

Model

v
Node representations

TD

Target dataset node

Graph Learning via 
Link Prediction

Negative edge

Positive edge

Figure 3: Link prediction in the context of model selection

Link prediction. We extend Definition III.1 to G = (V,E,L),
by adding the set of labels or representations of each edge,
denoted as L. The goal of link prediction is to learn a
predictive model that assigns a score to pairs of nodes (u, v),
indicating the likelihood of an edge existing between them.

We aim to identify the models that have high performance
on the datasets. We can specify the positive edges with models
receiving high performance in the training history. We regard
the link prediction task as a classification problem, positive
edges as 1 and negative edges as 0. Thus edges of models
performing well on a dataset are regarded as positive edges,
and vice versa. Illustration is shown in Figure 3.

We formulate the model selection problem through a learned
function over the graph, represented by the following formula.

T̂i,j = F (fG(mi), fG(dj)), (2)

In Equation 2, we use the graph learners fG to learn the set
of labels L for the link prediction task on our constructed
graph. fG(mi) obtains the vertex embeddings of mi, and
fG(dj) obtaining the vertex embeddings of dj . F denotes
the prediction model that maps from the model and data
representations to the fine-tuning results. The prediction model
is trained on the training history.

We reformulate the model selection problem with a model
zoo as a graph link prediction problem. In what follows, we
will introduce the information needed to tackle the problem
in our proposed graph-learning-based strategy.

IV. DATA COLLECTION: METADATA AND FEATURES

Extensive research [4], [6], [7] has been conducted to
investigate the relationship between the model features and the
target dataset labels. Yet, the metadata of models and datasets
are often neglected. Though simple and coarse-grained, such
metadata are of great value to specify the characteristics of the
models and datasets in some sense, and prove to be useful for
predicting the fine-tuning performance [10]. Below, we will
introduce the main metadata and features considered.

A. Metadata as features

In the following subsections, we present the considered
metadata of both models and datasets.

1) Metadata of datasets: The metadata of datasets can
be indicators of the fine-tuning difficulty. The properties of
a dataset can affect a model’s performance. For example, a
dataset with many classes is more difficult to learn than a
dataset with binary classes. We do not exclude the information
from the pre-trained model, as in most feature-based model



selection strategies. We consider the metadata of both source
and target datasets for model selection.
Number of data samples. A small dataset contains less
information and is likely easier to learn. In contrast, a large
dataset with more diverse features may require a more complex
model to learn to obtain good performance.
Number of label classes. A multi-label classification problem
is more challenging than binary classification and may require
more data samples to learn.

2) Metadata of models: The metadata of models reveals
their learning capability from a certain perspective. A model
with more parameters may capture more generalized features.
Models with different architectures may have varying induc-
tive biases for different datasets.
Input shape. More information can be captured with a larger
input shape, e.g., a higher-resolution image.
Architecture. The architecture of a model plays an important
role in determining how well a model can capture complex
patterns in a dataset. A more complex architecture, e.g.,
ResNet [22], Inception [23], might be more suitable to learn
more complex and larger inputs than e.g., LeNet [24].
Pre-trained dataset. The source data quality significantly
impacts the learned features and knowledge that a model can
capture. A model trained on a large dataset with diverse data
may have more generalized ability than one trained on a small
and biased dataset.
Model performance. The performance identifies the capabil-
ity of a model. For example, when two models are trained on
the same dataset, the model with higher accuracy indicates that
it has better knowledge of the dataset and may be adaptable
to new datasets.
Number of parameters. A bigger model with more parame-
ters can capture more generalized features from a large dataset.
Compared to an SVM model, a more complex model (ResNet)
can perform better in image classification on ImageNet.
Memory consumption. The memory consumption of a model
is correlated to the number of parameters. It is another
indicator of the complexity of a model.

This work does not include all the metadata mentioned in
Amazon LR [10]. Some metadata included in Amazon LR
needs further computation to obtain, e.g., dataset difficulty.
The metadata mentioned above are more accessible to obtain.
In addition, we include some other features, e.g., models’ pre-
trained performance compared to Amazon LR. We find that
even with the simple metadata, the model selection strategies
can make good predictions on the model performance.

B. Dataset Features

Together with the metadata, we capture the dataset features
in the feature collection stage. Similar to feature-based model
selection strategies, which acquire features by executing a
forward pass over all candidate models on the target dataset,
we can capture dataset representations through a comparable
approach. By utilizing a reference ML model, referred to as

a probe network, for inference on datasets as the initial step.
We acknowledge that the probe network exhibits varied perfor-
mance on different datasets, resulting in distinct embeddings
within a vector space. We expect these embeddings to unveil
the distinctive characteristics of the datasets, and the distance
between embeddings captures the semantic similarities be-
tween the datasets.

1) Dataset representations: Prior studies, including Do-
main Similarity [19], Task2Vec [20] and Taskonomy [25],
focus on learning dataset representations within the realm of
transfer learning. We adopt Domain Similarity to extract the
embeddings for dataset representations.
Domain Similarity embeddings. We adopt a similar mecha-
nism to extract features of data samples from large pre-trained
model as in Domain Similarity [19]. We aggregate all the
representations of the dataset inferred by a probe network
as the dataset features. The probe network is usually a large
network, such as VGG [26], ResNet [22]. These networks are
pre-trained on large corpus of data, e.g., ImageNet [1] for
images or millions of collected texts, and are considered to be
able to capture good generic features from the images and thus
serve as reference models to retrieve features. The embedding
of a dataset dk is defined as:

Ẽk =

|dk|∑
j=1

g(xj), xj ∈ dk, (3)

g(·) represents the features obtained by extracting the feature
layers of the reference model. We adopt ResNet34 pretrained
on ImageNet as the reference model for image datasets and
GPT-Neo [27] for textual datasets.

2) Dataset similarity: A model with good performance on
the source task is likely to have good fine-tuning performance
when the target task is similar [18]. The similarity between
datasets is denoted by ϕ. This similarity is quantified by
calculating the correlation distance between datasets, where a
shorter distance signifies greater similarity. We expect a higher
similarity between semantically similar datasets. For example,
a dataset of flowers shall be more similar to a dataset of plants
than airplanes.

C. Other features

Existing works such as Model2Vec [20] and attribution
map [28] have investigated to obtain model features for
transfer learning. Future work can investigate using model
features as an additional type of feature for predicting the
model performance.

V. GRAPH CONSTRUCTION AND LEARNING

The metadata and dataset features mentioned in Section IV
characterize the datasets and models from a high-level per-
spective. When the metadata information and dataset features
are similar, distinguishing between them becomes challenging,
leading to difficulties in predicting model performance. In
order to obtain more subtle features of models and datasets,
we aim to explore the intrinsic relationships between models
and datasets. For example, whether a model’s proficiency on
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one dataset implies good performance on a similar dataset, or
whether models pre-trained on diverse datasets exhibit distinct
performance on a given target dataset.

We introduce a graph-based approach to capture and lever-
age the relationships between models and datasets. Specifi-
cally, we incorporate prior knowledge about dataset-dataset
and model-dataset as edges/relationships in the graph. Through
graph-based learning, we seek to exploit not only the available
node features but also the inherent assumptions or preferences
(inductive biases) embedded within the graph’s topology. The
subsequent section will detail how we construct this graph,
tailored for model selection with a model zoo. In addition,
we introduce the representative graph learning algorithms that
capture the information of the constructed graph.

A. Graph construction

To assign attributes to nodes and edges, it is crucial to
identify entities and relationships. In Figure 4, we present an
overview of the graph structure, where nodes and edges may
carry distinct semantic meanings.

1) Nodes: A node in the constructed graph can be either
a model or a dataset. The nodes are connected to each other,
embedded with model-dataset relationships or dataset-dataset
relationships. Usually, model zoos contain models trained on
overlapping publicly available (benchmark) datasets, making
the number of models exceed the number of datasets in a
model zoo.

2) Node features: A node can be embedded with fea-
tures. Some graph learners, e.g., GraphSAGE [29], GAT [30],
can capture the node features and use them to initiate the
learning process. We introduce dataset features earlier in
Section IV-A1. We can embed the dataset features as the
features of the dataset nodes.

3) Edges and edge attributes: The edges are constructed in
three ways: i) edges between datasets indicating the similarity
between datasets, ii) model performance on datasets as edges
between models and datasets, iii) predicted scores obtained
from other feature-based model selection strategies as another
type of edges between models and datasets.
Dataset-Dataset (D-D) edge attributes. The construction of
D-D edges is achieved by evaluating the similarity of dataset
representations. The dataset similarity is denoted as ϕ. The
computation encompasses all possible dataset pairs, with the
resulting similarity scores employed as edge attributes.
Model-Dataset (M-D) edge attributes. The edges between
datasets and models are associated with different meanings.
A model can connect to a dataset with training performance

or predicted score. For example, if we can obtain the pre-
trained performance of mResnet50 on the dataset cifar100 with
an accuracy of, e.g., 95%, the nodes between mResnet50 and
cifar100 has an edge with an attribute of 0.95. We can also
embed the fine-tuning results if they are available. In addition,
the predicted scores obtained from other model selection
strategies can also embed meaningful information between
models and datasets.

B. Graph Learning

In the context of model selection, we formulate the graph
structure to address a link prediction task, evaluating the like-
lihood of a model exhibiting high performance on the target
dataset. The connectivity between the model and dataset nodes
is established if the model is anticipated to yield favorable
outcomes.

For effective resolution of the link prediction problem,
it is imperative to distinguish positive edges from negative
ones. In our pursuit of identifying high-performing models,
we designate relationships where a model demonstrates good
performance on the dataset as positive edges, while those with
lower accuracy are categorized as negative edges.

We employ diverse graph learning algorithms for the ac-
quisition of knowledge from the constructed graph. These
algorithms consider a variety of information, e.g., link struc-
ture and edge attributes. In essence, graph learning algorithms
demonstrate the capability to capture intrinsic knowledge
within a graph by assimilating neighborhood information.

1) Random-walk-based graph learning algorithms: Graph
learning algorithms based on random walks do not incorpo-
rate the features of nodes; instead, they focus on learning
the graph’s link structure. This paper specifically explores
Node2Vec [31] and its variant, Node2Vec+ [32].

Node2Vec. Node2Vec [31] introduces a probability model
where the random walk has a certain probability, 1/p, to
revisit nodes being traversed. Additionally, it employs an in-
out parameter, q, to control the exploration of the global
structure. When the return parameter, p, is small, the random
walk may become trapped in a loop, focusing on the local
structure. Conversely, when the in-out parameter, q, is small,
the random walk resembles a depth-first-sampling strategy
more closely, capable of preserving the global structure in the
embedding space.

Node2Vec+. Node2Vec+ [32] is a variant of Node2Vec. Dif-
ferent from Node2Vec traversing the graph with parameters, p
and q, Node2Vec+ takes into account the edge weights. When
it constructs walks in the graph, the probability of visiting the
next neighbor is associated with the edge weights.

2) Neural-network-based learning methods: Different
graph neural networks can learn different kinds of information
from the graph. All of them capture the edges in the graph.
Some also learn from the edge attributes, or node features.

GraphSAGE. GraphSAGE [29] employs a sampling and
aggregation method to perform inductive node embedding,
utilizing node features such as text attributes, node profiles,



and more. The model trains a set of aggregation functions
that integrate features from the local neighbors and pass them
to the target node, denoted as vi. Subsequently, the hidden
state of the node vi is updated by:

h
(k+1)
i = ReLU

W (k)h
(k)
i ,

∑
n∈N(i)

(ReLU(Q(k)h(k)
n ))


(4)

3) Attention graph embedding: We also consider another
type of graph learning method, using attention mechanisms
in the learning process. The attention mechanisms enable
graph learning to concentrate on specific parts of a graph
that are more relevant to a given task. One advantage of
applying attention to graphs is the ability to filter out the
noisy components, thereby increasing the signal-to-noise ratio
in information processing. In this line of work, we adopt graph
attention networks (GAT) in this paper.
GAT. GAT [30] employs masked self-attentional layers to
address the limitations of prior graph convolutional-based
methods. The layers aim to compute attention coefficients.

αij =
exp(LeakyReLU(−→a T [W

−→
hi ||W

−→
hj ]))∑

k∈Ni
exp(LeakyReLU(−→a T [W

−→
hi ||W

−→
hj ]))

, (5)

W is the weight matrix of the initial linear transformation.
The transformed information for each neighbor’s feature is
then concatenated to derive the new hidden state. This new
hidden state undergoes a LeakyReLU activation function, a
widely utilized rectifier. The attention mechanism described
above constitutes a single-layer feed-forward neural network,
parameterized by the weight vector mentioned earlier.

VI. THE FRAMEWORK OF TRANSFERGRAPH

We propose TransferGraph, a framework that performs
model selection via a graph learning process. There are a few
steps in the graph-based model selection process, as shown in
Figure 5. The processes are divided into four main steps:

A. Metadata and Feature collection

We first collect all the information needed, as described
in Section IV. Step ①-④ indicate the collection process of
different features and metadata used for the subsequent steps.
Step ① obtains the dataset representations, which can be
further applied to compute the similarity between datasets.
Step ② encapsulates the training performance of models across
different datasets, while step ③ represents the acquisition of
transferability scores of models, which can be obtained from
existing works, e.g., LogME [4]. Step ④ collects the metadata
of models and datasets. All the collected information will be
returned to the model zoo and stored as preparatory data for
further processes.

B. Graph construction and learning

With the collected information, we continue to construct a
graph in step ⑤, encapsulating relationships between models
and datasets, and other attributes. The graph component and
learning details are provided in Section V.

Table II: Statistics of the graph properties. (* indicates that the
value vary when the dataset and model collection changes)

Graph property
Modality image text
graph type homogenous homogenous
Threshold on transferability score for edge
pruning 0.5 0.5

Threshold on accuracy for edge pruning 0.5 0.5
Threshold of negative edge identification
on accuracy 0.5 0.5

Number of nodes 265 188
Average node degree* 20.1 8.6
Number of dataset-dataset edge 5256 550
Number of model-dataset edge with accu-
racy weight* 1753 918

Number of model-datset edge with trans-
ferability weight* 916 419

We embed different types of relationships in the graph.
Datasets are connected to each other with edge weights
encoding their similarity. Models are connected to datasets
with weights of the training performance and/or transferability
scores. To preserve the graph’s density and facilitate graph
learning, we set specific heuristics during graph construction.
These heuristics include setting thresholds to differentiate
positive edges from negative ones, based on the edge weight.
An positive edge between a model and dataset is established
only when the normalized fine-tune accuracy and the transfer-
ability score meet or exceed the threshold. The heuristics and
properties of the constructed graph are shown in Table II.

We further use one of the graph learners, e.g., Node2Vec,
presented in Section V to capture the information in the graph,
e.g., link structure or node features, as in step ⑥. The graph
learner is trained for a link prediction task. With the trained
graph learner, we extract the representations for each node,
whose dimension is 128.

C. Training prediction model to predict model performance

As a learning-based strategy, we learn from the training
history to predict the model performance on an unseen dataset
as a regression task. In step ⑦, we construct a training set for
the supervised learning as a regression task. The label is the
training performance of a model on a dataset. The training
features are constructed by metadata of models and datasets,
as well as the node representations of the models and datasets.
For example, given the performance of model mA on dataset
dB , we identify the metadata of mA and dB , as well as the
node representations of them. The information is treated as
features and train a prediction model.

The training set can be represented as tabular data. The
prediction models are introduced below: We then can learn a
prediction model, e.g., linear regression, random forest, on the
prepared training set, as shown in step ⑧.

Linear regression. One of the prediction model we use is
linear regression. We use the linear regression model to learn
various features, e.g., meta features and graph features. Linear
regression fits a straight line or surface that minimizes the
discrepancies between predicted and actual output values.
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Figure 5: An overview of TransferGraph on model selection for fine-tuning, including model zoo construction (stage 1), training
(stage 2-3) and model selection (stage 4).

Random forest. Random forest is also a highly adopted model
due to its simplicity and explainability. We set the number of
trees as 100, max depth as 5.
XGBoost. XGBoost (eXtreme Gradient Boosting) is one of
the ensemble learning methods and is particularly effective
in structured and tabular data scenarios [33]. XGBoost is
an ensemble of decision trees and minimizes the objective
function with gradient descent. We set the number of trees as
500, and maximum depth as 5.

D. Model recommendation for fine-tuning

We construct a prediction set ⑨ similarly to the training
set construction. Especially, the dataset included in the pre-
diction set is the target dataset we want to predict the model
performance on. We adopt a leave-one-out approach for the
evaluation of our methodology. When training the prediction
model, we utilize all the fine-tuning results from the pairs
of models and datasets, excluding the target dataset. In the
prediction set, we predict the performance of pairs between
all models and the target dataset, i.e., dt. The metadata of the
dataset also adjust with the target dataset. We include all the
models, since we would like to predict performance of the
models in the model zoo on the target dataset. More details
of the evaluation can be found in Section VII-A(Evaluation).

Given the trained prediction model, we obtain a score for
each model and target dataset pair. We apply these predicted
scores as an indicator to rank and select models for fine-tuning.

VII. EVALUATION

A. Experiment setups

Datasets. For evaluation, we collected 12 public image
datasets and eight textual datasets, which are often used for
classification benchmarks and are listed in Table III. We also
included 61 image and 16 textual source datasets, which were
used to compute dataset similarity.
Models. We include 185 heterogeneous models for image
classification tasks and 163 models for text classification
tasks, with different architectures, such as ViT [23], Swin-
Transformer [43] and ConvNeXT [44] for visual models and
BERT [45], FNet [46] and ELECTRA [47] for NLP models,
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Figure 6: Fine-tuning performance of models over different
datasets sorted by standard deviation (t e short for tweet eval)

and pre-trained on diverse datasets. We use public image
and text classification models from HuggingFace5. Different
from the setup in the previous works [4], [10], we do not
constrain the model to be trained only on a certain dataset,
e.g., ImageNet.

Ground truth. A pre-trained deep learning model consists of
two components: a feature extractor and a classifier. During
fine-tuning, the model is initiated with the pre-trained weights,
coupled with a classifier layer that is randomly initialized.
Subsequently, this new model is retrained on the target dataset.
To determine the actual fine-tuning accuracy, we fine-tune all

5https://huggingface.co/models



Table III: The properties of the target datasets used for evaluation

Image dataset caltech101 [34] cifar100 [35] dtd [36] flowers [37] pets [38] smallnorb elevation [39] stanfordcars [3] svhn [40]

Samples 3060 50000 1880 1020 3680 24300 8144 73257
Classes 101 100 47 10 37 18 196 10

Textual dataset glue/cola [41] glue/sst2 [41] rotten tomatoes tweet eval/emotion [42] tweet eval/hate [42] tweet eval/irony [42] tweet eval/offensive [42] tweet eval/sentiment [42]
Samples 8550 70000 10662 5050 13000 4600 24300 59900
Classes 2 2 2 4 2 2 18 3

models on our target datasets, using setups that generalize well
over the different target datasets:

• For fine-tuning image classification models, we employ
stochastic gradient descent in combination with a cyclical
learning rate scheduler [48]. We optimize for 30 epochs,
using a momentum of 0.9 and max learning rate of 1e-3.

• For text classification models, we used AdamW [49]
in combination with a linear learning rate scheduler
and optimized for five epochs, using betas (0.9, 0.999),
epsilon 1e-8 and initial learning rate 5e-5.

We present the fine-tuning performance of models across
different datasets, as in Figure 6. Notably, in certain datasets,
the performance variance is small. For example, in the case
of eurosat, where the standard deviation is only 0.005, model
selection is not necessary. In the following experiments, we
only report results on datasets where model performance
exhibit variation. The datasets are ordered by the standard
deviation of the performance.

Baselines. We compare our work with the two baselines:
- LR (Amazon LR [10]) is the state-of-the-art approach for

model selection for model zoos. It exploits the meta-features
of models and datasets, and uses these features to train a
linear regression model to predict the fine-tuned accuracy. The
metadata of datasets includes data size, number of classes, etc.
The metadata of models consists of the model architecture,
input size, pre-trained domain, etc. LR indicates the strategy
including only the metadata as features, LR{all,LogME}
consisting metadata, dataset similarity and LogME score.

- LogME [4] is one of the most representative works that
measure the transferability of a model to a target dataset.
Transferability assesses a model’s transfer learning perfor-
mance to a new task (see Section VIII for explanations). The
mechanism of LogME is to estimate the maximum value of
label evidence p(y|R) (R is the representations extracted by
a model) given features extracted by pre-trained models.

Evaluation. To validate the effectiveness of our approach,
we adopt a “leave-one-out” (LOO) mechanism for evaluation.
This is a standard setting in related works of model selection,
such as [10]. At each time, we learn from the training history
of models trained on the existing datasets while excluding the
target dataset. When constructing the graph in our proposed
method, we remove all the edges of models connected to the
target dataset node, i.e., the target dataset, while maintaining
the edges between datasets. Then, with the learned GNN, we
identify the node representations of models and the target
dataset, and use them as the graph features.

For baseline comparison, we apply an evaluation metrics:

Pearson correlation. Existing methods for model selection
mostly predict a score, i.e., model selection score, for each
pair of a model and target dataset. The Pearson correlation
measures the correlation between the predicted scores and the
ground-truth results, i.e., accuracy. A model selection method
is considered better, with a higher correlation between its
predicted score and the ground truth.
Summary of our proposed graph-learning-based strategy.
There are a few design choices with our methods.

• Prediction model We include linear regression model
(LR), random forest model (RF), XGBoost model (XGB).

• Graph learners. The graph learning algorithms in-
clude GraphSAGE [29], GAT [30], Node2Vec [31] and
Node2Vec+ [32]. In particular, N2V(+) is short for
Node2Vec(+) in the plots.

• Additional features for supervised learning. Along
with the graph features, we also include additional fea-
tures as inputs for supervised learning when predict-
ing the training results. We take into account features
including all the metadata of models and datasets, as
in Section IV-A2. In addition, we include the distance
between the source dataset and target as another type of
features for supervised learning, as in Section IV-B2.

The variants of our proposed strategies begin with TG. For
example, TG:LR,N2V,all indicates that we use a linear
regression model LR to learn from all (including both the basic
metadata and dataset similarity) supervised features along with
the graph features obtained by Node2Vec N2V . TG:LR,N2V
includes only the graph features obtained from Node2Vec.

B. Evaluation on heterogeneous model zoo
We first evaluate the effectiveness of our model selection

strategies with the heterogeneous model zoo. In Figure 7, we
report the average Pearson correlation between the predicted
score and the fine-tuning results over 16 downstream datasets,
eight for each modality, i.e., text and image. We compare our
graph-learning-based strategy with other strategies mentioned
in Section VII-A, i.e., LogME, and LR. LogME is feature-
based and does not take into account of meta features nor
the source dataset distance. The rest are all learning-based
model selection strategies. They learn from the training history
and predict the model performance on a target dataset. LR
learns from the basic metadata, while LR{all,LogME} also
includes the dataset similarity and transferability scores ob-
tained by LogME. We present graph-feature-based strategies,
beginning with TG.

Figure 7 shows that our proposed graph-feature-based strate-
gies significantly improve the model selection performance
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Figure 7: Comparing model selection strategies: feature-based
(LogME), learning-based (LR), and our graph-learning-based
(TG). Variants LR and LR{all,LogME} differ by feature
use; LR applies basic metadata, whereas LR{all,LogME}
includes metadata, dataset distance, and LogME scores. Our
TG approaches use different predictive models with metadata,
dataset distance, and graph features.

compared to baselines LogME, LR({all,LogME}). We
use three kinds of prediction models, i.e., linear regression
model LR, random forest model RF, and XGBoost model
XGB. Compared only using (meta) features (LR), the graph
features can improve the capability of the prediction model
and achieve a higher correlation between the predicted scores
and the fine-tuning accuracy. It shows that adding additional
information represented in a graph structure can help the
prediction of model performance. We also notice that, on
textual datasets, LR{all,LogME} significantly outperforms
LR, which implies the significance of the selected features.

C. Ablation study

In this experiment, we conduct an ablation study where
we investigate the effect of different features. We use the
same prediction model, LR to learn from the features. As
seen from Figure 8, including more features results in better
performance. In particular,our approach using graph features
significantly outperform the baselines. We note that when LR
fails to learn, e.g., smallnorb evaluation, the strategies using
the graph features can successfully predict the model perfor-
mance. Among all, the most effective strategy is to include
all the features, i.e., metadata features, dataset similarity, and
graph features. We also notice that the adding graph features
does not yield significant benefits on cifar100. We observe
that the performance trends for models on cifar100 exhibit
variability, e.g., models that achieve medium performance on
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Figure 8: Ablation study when including various features, i.e.,
i) with only metadata, ii) with metadata, dataset similarity and
LogME scores, iii) with only graph-based features, and iv)
with metadata, dataset similarity and graph-features.

other datasets tend to underperform on cifar100. Future re-
search could explore strategies to account for this performance
variation, using it as prior knowledge to refine the approach.

Scenarios without training history. It is worth noting that we
explored scenarios lacking training history on image datasets,
which is relevant in initial status. Here, we leverage trans-
ferability scores, like LogME, for performance estimation.
Despite reduced information, our approach still outperforms
baselines, achieving average correlations of 0.47 (with meta-
data, dataset similarity and graph features) and 0.42 (using
only graph features).

D. Effect of graph learning methods

In the previous study, we investigate the effect of different
features. We move forward to verify the effectiveness of
different graph learning methods. In the following, we com-
pare the average performance using different graph learning
algorithms to extract the graph features. All the strategies
included in this experiment learn an LR model to predict the
fine-tuning performance. The graph features are extracted by
four graph learners: i) GraphSAGE [29], ii) GAT [30], iii)
Node2Vec+ [32], and iv) Node2Vec [31].

Figure 9 presents the correlation results when using differ-
ent graph features obtained by various graph learners. The
strategies learning features from the Node2Vec series, i.e.,
Node2Vec(+), outperform the ones using GraphSAGE and
GAT. Each graph learners consume different graph properties.
Node2Vec only learns the link structure. Besides the link struc-
ture, Node2Vec+ also takes into account the edge attributes in
the graph. While GraphSAGE and GAT obtain not only the
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Figure 10: Effect of different prediction models

link structure, edge attributes, but also the node features, each
updating the node representations in different mechanisms.

The graph neural networks usually work well on large
graphs, e.g., Citation data containing 302,424 nodes, and
Reddit with 232,965 edges [29]. GraphSAGE and GAT do not
perform well in our context because the constructed graph is
relatively small compared to those graph datasets. The graph
used in this paper has only 265 nodes and thousands of edges.
The computation overhead of obtaining such large-scale graph
dataset is extremely expensive. While the Node2Vec series
of graph learners can perform well on various size of graph
dataset. It is noted that we do not explore the hyperparameter
space of these graph learners, e.g., walk length, number of
neighbors sampled by each node, window size, etc. Comple-
mentary work can identify the best hyperparameter candidate
for each graph learners, and also investigate which graph
learner to apply given different setting scenarios, e.g., graph
size, link structure and node/edge features.

E. Effect and capability of prediction model

The prediction models are used to learn features and predict
the fine-tuning scores. In this experiment, we investigate the
effect when applying different prediction models. In Figure 10,
we present the correlation results when applying different
prediction models. We observe that there is no dominant
prediction model that can obtain the best results among all the
datasets, and the performance on a dataset is similar in general,
which indicates that the feature selection is more important
than prediction model selection. Yet, we do not fully tune the
prediction models on each dataset. Further study can be done
to identify the most appropriate prediction model based on
varying dataset characteristics.

F. Effect of fine-tuning method

There are multiple current practices to fine-tune models,
each yielding different results. In the previous experiments,
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Figure 11: Comparison of model selection approaches with
new fine-tuning method considered

the fine-tuning method applied retrains all of the layers’
pre-trained parameters, which is aiming at effectiveness, but
expensive in terms of memory used. We adopt another fine-
tuning method, LoRA [50], which is recently developed aiming
at efficiency, both in time and memory. The mechanism is
to freeze all model parameters and injects trainable rank
decomposition matrices into each layer to reduce the number
of trainable parameters. This enables the use of larger batch
sizes and learning rates, achieves quicker convergence, but
may lead to slightly reduced performance. We set an initial
learning rate of 4e-4 and optimize for four epochs.

To investigate the effect of different fine-tuning method,
we repeat the experiments for the textual datasets using the
new fine-tuning method. Below, in Figure 11, we show the
results for both i) repeating the entire experiment with the
new fine-tuning results, and ii) keeping the graph constructed
with the previous fine-tuning results, but taking the new fine-
tuning results as ground truth for the unseen dataset. We show
that, for both settings, our graph-based approach consistently
outperform the baselines. Compared to i), using different fine-
tuning methods can result in slightly decrease in correlation
performance, indicating that different fine-tuning methods do
not impact the effectiveness of the approach a lot.
G. Discussion

Through comprehensive experiments, we have shown the
efficacy of graph-based features in addressing the model selec-
tion problem with a model zoo. Our most competitive model
selection strategy incorporates both graph-based features and
additional metadata of models and datasets. It is noted that,
in this paper, we use image classification task and visual
models as illustrative scenarios. However, our proposed model
selection strategy can be applied to diverse cases on various
modalities. Below, we discuss the limitations and directions
that can be investigated in future research.



Graph construction. We incorporate different information in
a graph, e.g., dataset distance, model performance, dataset
representations, etc. Yet, we do not discuss the contribution
and importance of each type of features embedded in a graph.
We apply a simple threshold-based edge pruning process to
maintain the graph structure. Future work can investigate a
more advanced graph construction method and make it adapt
to the capability of different graph learning models.

Efficiency. Collecting the relevant features for the prerequisite
works is not trivial, though this process can be achieved off-
line. Future work can investigate the most impactful features
and make the preparation process more efficient.

Graph learning. We investigate four types of graph learner
to obtain graph features. In the graph community, the per-
formance of the graph learner may depend on the graph
properties. Further work can pursue to identify good candi-
dates of graph learner (with tuned hyperparameters) for the
graph generated from each specific model zoo. As future
work, dynamic graph learning [51] can be investigated for
continuous updates. The current approach requires retraining
of the graph learner and regression model whenever new
nodes or edges are added. By dynamically updating the graph
learner, we extend TransferGraph to support timely update of
the model recommendation. Moreover, future work can adapt
methods [52], [53] to interpret and explain the graph learning
process to improve the transparency of the model selection.

VIII. RELATED WORK

A. Transfer learning

Traditional machine learning techniques have seen signif-
icant progress in various knowledge engineering areas such
as classification, regression, clustering and data mining. De-
spite these advancements, real-world applications frequently
encounter limitations. Unfortunately, in many scenarios, ob-
taining sufficient and representative training data can be a
costly and time-consuming effort. Transfer learning has been
very successful in combatting these problems, especially in
the domain of deep learning, where the data dependence is
even greater [54].

The process of transfer learning typically begins with se-
lecting an upstream or pre-trained model from a repository
containing models trained on different source datasets and
architectures. Subsequently, one or multiple selected models
are then fine-tuned using the users’ target dataset, and the user
can select the fine-tuned model with the best characteristics
for their downstream task. There are various available fine-
tuning strategies identified by [54]. We adopt the most popular
network-based deep transfer learning in this work. Network-
based deep transfer learning refers to reusing the partial
network that pre-trained in the source domain and retraining
the deep neural network which used in target domain.

B. Graph learning

Graph learning broadly refers to machine learning on data
structured as a graph. It is gaining more and more attention,

as many complex real-world data can be expressed as graphs.
Graph learning can be separated into four different methods: i)
graph signal processing, ii) matrix factorization, iii) random
walk and iv) neural network [55]. We focus on the latter two
methods, as those are mainly used in graph learning-based
recommender systems [56].

1) Random-walk-based graph learning algorithms: These
types of algorithms sample random walks by traversing the
graph. Given a walk length, i.e., number of steps, a random
vertex is selected as the starting point and a neighbor vertex
would be selected with probability as the next step in the
walk. These walks indicate the context of connected vertices.
The randomness of walks gives the ability to explore the
graph and capture both the global and the local structural
information by walking through neighboring vertices. After
the walks are built, probability models, such as skip-gram [57],
can be applied to learn the representations. The mechanism of
the random-walk-based graph learning is aiming to make the
representations of connected nodes in the vector space closer
to each other while disconnected ones further away. In such a
way, the representations capture the graph’s intrinsic structure.

2) Neural-network-based learning methods: This line of
works were inspired by the success of neural network models,
RNNs and CNNs. Graph learning methods using RNNs re-
semble walks sampled from a graph as words, and use natural
language processing models to learn representation of vectors.
Another family of neural-network-based methods adopt CNN
models. The input can be walks sampled from a graph or
the entire graph itself. In this work, we only discuss CNN-
based learning methods in this category. Representative works
include GraphSAGE [29], GCN [58].

IX. CONCLUSION

We explore the use of a graph-learning-based model selec-
tion strategy within the model zoo framework and introduce
a comprehensive framework to address the intricate model
selection problem. Predicting model performance proves to
be challenging, given no dominant model excels across all
datasets. Extensive experiments have shown that effectiveness
of leveraging the intrinsic relationships between models and
datasets for predicting the model performance. The most
competitive variant of our model selection strategy gains
32% increase in measuring the correlation of the predicted
model performance and the fine-tuning results. Furthermore,
the graph-learning-based model selection strategy can contin-
uously be improved with more metadata and training history
in the model zoo.
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APPENDIX

A. Effect of dataset representations
In this section, we aim to identify the effect of different data

representations. Data representations are used to compute the
relationship between datasets, i.e., data similarity.
Task2Vec embeddings. Task2Vec [20] is another method
that we implement to obtain node features. Unlike domain
similarity, Task2Vec also takes into account the labels of the
dataset and learns embeddings for different tasks with pre-
trained networks. The main formula to retrieve the Task2Vec
embeddings involves computing the diagonal Fisher Informa-
tion Matrix of the network filter parameters for a given task:

Ẽk = F, F = Ex,y p̃(x)pw(y|x)[∇wlogpw(y|x)∇wlogpw(y|x)T ],
(6)

where F is the diagonal Fisher Information Matrix (FIM). The
Task2Vec embedding can then be obtained by averaging the
FIM for all weights in each filter of the probe network. This
results in a fixed-size vector representation for each task that
captures its complexity and semantic similarity to other tasks.
The norm of this embedding correlates with the complexity
of the task, while the distance between embeddings captures
semantic similarities between tasks.
Experiments exploring the effect of dataset represen-
tations. We extract dataset representations using proposed
methods from [20]. The representations are used in two ways:
i) to compute the distance between datasets, and ii) used as
initial node features for datasets. In this experiment, we aim to
investigate the effect of different dataset representations. The
dimension of a Task2vec embedding is 13842, and the one
of a domain-similarity embedding is 1024, depending on the
extraction layer of the reference model.
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Figure 12: Correlation results affected by different dataset
representations.

In Figure 12, we present the results of two of our
proposed strategies, i.e., TG:XGB,GraphSAGE,all and
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Figure 13: Effect of inputs ratio

TG:XGB,N2V+,all, using GraphSAGE and Node2Vec+ as
graph learner respectively. We observe only slight differences
in the performance on most of the datasets between using
Task2Vec representations and the ones of Domain Similarity.
For Nove2Vec+, the embeddings are only used to compute the
dataset distance. The small differences in the dataset distance
do not affect the final results. However, in the case of using
GraphSAGE, where the representations are used for both
similarity computation and the vertex features. We observe
that in most cases, Task2Vec representations do not show
advantages when using GraphSAGE. One reason is that the
Task2Vec embeddings have really high dimension, while the
graph in general is not big. We suggest that future work can
delve into this and identify better representations for a graph
learner to learn for the model selection problem.

B. Effect of input ratio

We investigate the effect of the input size of the train-
ing history on the performance. The entire training history
(ratio = 1.0) include the training results of all the model and
dataset pairs, excluding the target dataset and model pairs.
We experiment on training with different ratios of the training
history: {0.3, 0.5, 0.7, 1.0}. The strategy training would be
much more efficient with lower input ratio, because the feature
collection can be expensive though it can be performed offline.
This experiment aims to answer the question: whether more
training history help the prediction?

We compare two main categories, i.e., a strategy training
without graph features (LR,all) and another strategy training
with graph features (TG:LR,N2V+,all). As in Figure 13,
the performance of both strategy can be affected by the input
ratio. LR,all is more robust even when limited training
history is used to train the strategy. While graph-feature-based
strategy is more sensitive to the input ratio, especially with
low input ratio. When we set training history as ratio=0.3,

TG:LR,N2V+,all fails to predict the performance. The rea-
son is that with a small input ratio, the constructed graph may
have a large number of disconnected components. The graph
learner fails to capture the global information by traversing
the graph.
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