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ABSTRACT
Software engineering (SE) activities have been revolutionized by

the advent of pre-trained models (PTMs), defined as large machine

learning (ML) models that can be fine-tuned to perform specific

SE tasks. However, users with limited expertise may need help to

select the appropriate model for their current task. To tackle the

issue, the Hugging Face (HF) platform simplifies the use of PTMs by

collecting, storing, and curating several models. Nevertheless, the

platform currently lacks a comprehensive categorization of PTMs

designed specifically for SE, i.e., the existing tags are more suited

to generic ML categories.

This paper introduces an approach to bridge the gap by enabling

the automatic classification of PTMs for SE tasks. First, we utilize a

public dump of HF to extract PTMs information, including model

documentation and associated tags. Then, we employ a semi-

automated method to identify SE tasks and their corresponding

PTMs from existing literature. The approach involves creating

an initial mapping between HF tags and specific SE tasks, using

a similarity-based strategy to identify PTMs with relevant tags.

The evaluation shows that model cards are informative enough to

classify PTMs considering the pipeline tag. Moreover, we provide a

mapping between SE tasks and stored PTMs by relying ons model

names.
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1 INTRODUCTION
The emergence of foundation models (FMs), e.g., large language

models (LLMs) [15] or pre-trained models (PTMs) [13] has

significantly transformed traditional software engineering (SE)

practices. Interestingly, PTMs are playing a crucial momentum

while being used as a promising technology to support a wide range

of SE tasks, including domain analysis, source code development,

or testing. Although recent studies have shown that PTMs can

outperform traditional approaches in terms of accuracy [10, 26,

28], selecting the appropriate model for a given task remains a

challenge for non-expert users. To alleviate the burden of choice,

the developers can rely on model repositories defined as dedicated

open-source software repositories that store, collect, and maintain

FMs [12]. Furthermore, most of those community-based platforms

offer dedicated capabilities to search and filter stored models, e.g.,

tagging system or model documentation. Despite this, a proper

mapping between the generic machine learning tasks and specific

SE tasks is still missing.

In this paper, we present a semi-automated approach that centers

around constructing a mapping between SE tasks and pre-trained

models (PTMs) stored on the Hugging Face (HF) model repository,
1

recognized for housing the largest number of PTMs compared

to other platforms [12]. Additionally, the HF community project

[1] represents an initiative that regularly updates the platform’s

dump, thereby facilitating empirical analyses of the stored PTMs. In

particular, we aim at answering the following research questions:

• RQ1: How effectively can state-of-the-art classifiers categorize
pre-trained models based on the information provided in their
model cards?
• RQ2: How can the suggested mapping contribute to assisting
developers in the selection of an appropriate pre-trainedmodel?

To address 𝑅𝑄1, we evaluate the informativeness of the model

card accompanying each stored pre-trained model (PTM) in

facilitating traditional classifiers. Specifically, we employ two state-

of-the-art text multi-label classifiers, namely the Complement

Naive Bayesian (CNB) network [23] and the C-Support Vector

classifier (SVC) [4]. To answer 𝑅𝑄2, we establish a taxonomy

of SE tasks, building upon existing work through a lightweight

systematic study that considers the available literature. Utilizing

the data, we formulate an initial version of the mapping using

1
https://huggingface.co/
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(a) Selection mechanism based on pipeline tags (b) Model card configuration

Figure 1: The Hugging Face PTM reuse-oriented capabilities.

a similarity-based algorithm. Our preliminary findings indicate

that the provided model cards are sufficiently informative for

automatic classification, relying on the associated tags. However, it

is noteworthy that more than half of the PTMs lack corresponding

cards, leaving a substantial number of models on Hugging Face

uncovered. Furthermore, we present an initial iteration of the

mapping between SE tasks and the generic PTM category. This

mapping can be refined to encompass additional SE tasks or cater

to different PTM repositories.

We suppose that devising a set of more advanced techniques to

recommend the proper PTM given a specific SE task is crucial

to support the creation of SE task-dedicated AI-based agents

framework [11, 14]. Thus, this paper can be seen as the very

first stepping stone to enable dedicated recommender systems for

software engineering (RSSEs) [5, 24] that are able to automatically

select the proper models given the SE task. It is our firm belief that

devising advanced techniques for recommending the most suitable

pre-trained model (PTM) based on a specific SE task is imperative

to sustain the establishment of frameworks consisting of AI-based

agents that are tailored for specific SE tasks [11, 14]. Our paper

serves as a foundational step, paving the way for the creation of

dedicated RSSEs [5, 24] endowing the capability to autonomously

identify and recommend appropriate models tailored to given SE

tasks. The main contributions of this paper are as follows:

• An initial mapping between generic PTM tags and SE

tasks by adopting a semi-automatic screening of existing

literature;

• An empirical evaluation conducted using the textual

documentation available on Hugging Face to train state-

of-the-art classifiers;

• A publicly available replication package to foster further

studies in this domain [7].

2 MOTIVATION AND BACKGROUND
2.1 Overview of the PTM reuse workflow
As part of the decision-making PTM reuse process outlined by

Jiang et al. [17], developers undertake distinct steps to search

for and identify PTMs suitable for supporting specific tasks.

Initially, developers engage in a reusability assessment, requiring
a comprehensive analysis of the requirements to select the

most appropriate PTM. Then, during the model selection phase,

developers identify a set of candidate PTMs. Following this,

developers may evaluate whether the chosen PTM is suitable for

deployment through the downstream evaluation, which typically

involves a fine-tuning phase specific to the task at hand. Finally, the

model deployment phase encompasses testing the finalized version

of the PTM in a real development environment.

Even though this process is facilitated by model repositories

and other open-source platforms such as GitHub, the presented

workflow still considers generic categories (e.g., object detection,

image to text, text generation, and image classification) that are not

directly linked to SE tasks. In this respect, we propose a taxonomy

as a starting point to improve the first two phases of the above

mentioned process, i.e., reusability assessment and model Selection,
for SE tasks.

2.2 The Hugging Face model repository
To allow for their practical usage in SE tasks, PTMs need to be stored,

maintained, and documented. In this respect, developers can share

their PTMs on model repositories. Among the others, Hugging

Face offers the largest number of PTMs and the corresponding

documentation. Furthermore, the HFCommunity project [1] allows

the analysis of metadata and source code contained in Hugging

Face.

Figure 1 shows the model searching capabilities provided by

Hugging Face. In particular, an interested developer can browse

the hub by directly using the search bar. However, this process is

time-consuming given the large number of PTMs stored on the

platform. To mitigate this, HF provides a tagging system that can

automatically filter the models by category as depicted in Figure

1a. For instance, the user can obtain the list of models that perform

text-classification.
To further improve the visibility, PTM owners can upload

the relevant information in the model card, i.e., a README-like

document that provides the information required to configure and

run the PTM at hand [19]. Figure 1b represents the creation process

of a model card using the dedicated interface. In addition, the user

who wants to publish a model can select two types of tags, i.e.,

pipeline tag and user-based tags. The former represents the

community-based tagging system that expresses generic tasks, e.g.,
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image classification, text-generation. Users manually specify the

latter, like the GitHub topics mechanism.
2

Unfortunately, many models stored in HF are not documented,

or present missing information and discrepancies [3, 17]. Moreover,

non-expert developers may need help to elicit the proper PTM

according to the SE task of interest. Thus, we see an urgent need

to provide developers with a rigorous mapping between HF tags

and SE-related activities. In the scope of this paper, we focus on

mapping pipeline tags to SE tasks since they are maintained by HF,

thus avoiding erroneous labeling by users.

3 PROPOSED APPROACH
Figure 2 shows the proposed mapping approach: the data filtering

phase is split into two main phases, i.e., HF data gathering 1○ and

SE task filtering 2○. A mapping phase 3○ is subsequently performed

to correlate identified SE tasks with candidate pre-trained models

stored on Hugging Face. The subsequent sections elaborate on these

three core phases.

Scopus DL SE task
filtering

Paper-supported
PTMs

HF dump HF data
gathering Stored PTMs

Mapping 
phase

2

1

3

<PTM, SE task>

<PTM, Pipeline tag>

Figure 2: The proposed mapping approach.

3.1 HF data gathering
To gather the necessary data, we utilized the latest available dump

from the HF community website,
3
specifically from October 2023.

We deployed this dump locally into a MySQL database to expedite

the data retrieval process. Within the scope of this paper, our focus

is on extracting textual documentation, as represented by the model

card, and the pipeline tags. Additionally, we collected information

for each pre-trained model, including the number of likes and

downloads, facilitating further qualitative analysis discussed in

Section 4. For these purposes, we employed the dedicated Python

library
4
to interact with the Hugging Face dump.

Listing 1: SQL query.
SELECT model_id ,card_data ,pipeline_tag ,likes ,downloads FROM

model ,repository WHERE model.model_id = repository.id;

The SQL query used for this interaction is provided in Listing 1.

This process resulted in a CSV file containing 381,240 PTMs along

with the aforementioned metadata.

3.2 SE task filtering
We followed the steps shown in Figure 3 to collect SE tasks that are

supported by PTMs. In particular, the process starts from the initial

work by Gong et al. [12] identifying 13 SE tasks supported by PTMs

from 37 papers. Though it is recent work, we expanded this initial

2
https://github.com/topics

3
https://som-research.github.io/HFCommunity/download.html

4
https://pypi.org/project/mysql-connector-python/

mapping since PTM-related technologies are fast-evolving [9]. To

this end, we executed a query on the Scopus digital library
5
with the

following set of keywords: (i) pre-trained model* OR PTM* OR large

language model* OR LLM OR transformer*; (ii) AUT support* OR

recommend* OR task* OR automat*; (iii) requirement* OR develop*

OR source code. All such keywords are combined by using the

AND operator. We considered papers published over the last five

years in top-tier SE venues, e.g., ICSE, ASE, and TSE. Through the

executed query, we retrieved 80 papers and 46 tasks for which PTMs

were employed. Afterwards, we refined the result by (i) merging

the papers and SE tasks that were in common with those defined

by Gong et al., and (ii) applying a set of inclusion and exclusion

criteria to the titles and abstracts. In particular, we included all the

approaches that reuse PTMs to cover different SE tasks, e.g., code

completion, bug fixing, or vulnerability assessment. In contrast,

foundational papers on PTMs and works that combine PTMs with

other techniques were filtered out from the final list. In addition,

we excluded empirical studies that investigate qualitative aspects

of PTMs, e.g., carbon emission or advanced fine-tuning strategies.

Gong et al.

Candidates task 

Final SE dataset

Papers: 37 
SE-Tasks: 13 Search string

Papers: 80 
SE-Tasks: 46

Scopus DL

Merging phase

Papers: 91
SE-Macro-tasks: 6
SE-Sub-tasks: 51

Inclusion 
and exclusion
criteria

Figure 3: The performed process to elicit SE tasks.

We eventually identified 91 papers and 51 SE tasks. Since some of

the collected papers address a very specific task, e.g., Smart contract
generation or Software traceability, we refined those categories by

manually grouping SE tasks into 6 macro tasks
6
as reported in

Section 4, e.g., Code-related tasks or Documentation support.

3.3 Mapping phase
The proposed mapping algorithm is represented in Algorithm 1.

While a comprehensive mapping between each identified SE task

and every individual pre-trained model stored on Hugging Face is

out of the scope of this paper, we present a generic approach that

holds applicability to model repositories resembling HF.

Algorithm 1 Pseudocode for the mapping phase

1: Input: ⟨𝑝𝑡𝑚 : 𝑃𝑇𝑀, 𝑡 : 𝑆𝐸𝑇𝑎𝑠𝑘,𝐻𝐹 ⟩
2: Output:𝑀𝐴𝑃𝑃𝐼𝑁𝐺

3: 𝑀𝐴𝑃𝑃𝐼𝑁𝐺 ← {}
4: for 𝑝𝑡𝑚𝑖 ∈ 𝐻𝐹 do
5: if match(𝑝𝑡𝑚𝑖 , 𝑝𝑡𝑚) then
6: 𝑀𝐴𝑃𝑃𝐼𝑁𝐺.𝑎𝑑𝑑 (⟨𝑝𝑡𝑚𝑖 .𝑝𝑖𝑝𝑒𝑙𝑖𝑛𝑒𝑡𝑎𝑔, 𝑡 ⟩)
7: end if
8: end for
9: function match(𝑃𝑇𝑀, 𝑃𝑇𝑀∗)
10: 𝛼 ← sim(𝑃𝑇𝑀, 𝑃𝑇𝑀∗)
11: return 𝛼 > 𝑇

12: end function

5
https://www.scopus.com/

6
Interested readers can refer to the complete list of macro and sub-tasks in the online

appendix https://tinyurl.com/2p8y25cr
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Table 1: Filtering process to create 𝐷 𝑓 .
#PTMs #pipeline tags

PTMs in the initial dump 381,240 40

PTMs with missing data 241,091 -

PTMs with support≤ 𝛼 and
downloads≤ 𝛽

4,234 21

𝐷 𝑓 135,915 19

As shown in Algorithm 1, there are three main inputs: a pre-

trained model denoted as 𝑝𝑡𝑚, a corresponding SE task labeled

as 𝑡 , and the entire repository 𝐻𝐹 (Line 1). For each pre-trained

model 𝑝𝑡𝑚𝑖 stored in the specified repository (Line 4), the algorithm

analyzes its name and calculates the similarity with the name of

the input ptm (Line 5). If the similarity surpasses the designated

threshold T (Line 11), it signifies that 𝑝𝑡𝑚𝑖 is a relevant pre-

trained model to support the SE task 𝑡 . Consequently, the algorithm

establishes a mapping between the pipeline tag of 𝑝𝑡𝑚𝑖 and the SE

task 𝑡 provided as input (Line 6).

Intuitively, given the PTM name that is applied on a given SE

task, we tried to find a list of stored PTMs using the similarity

between the given model name and different versions available on

the dump. In this paper, we employed the Levenshtein distance

metric [21] as similarity function with 𝑇=0.8 as threshold.

Listing 2: Example of the similar models retrieved for
RoBERTa

('sloberta ', 'fill -mask '),
('roberta -go ', 'fill -mask ')
('me-roberta ', 'fill -mask ')
('am-roberta ', 'fill -mask ')
('numroberta ', 'fill -mask ')

Listing 2 shows an explanatory result, which is obtained by

considering RoBERTa [18] as ptmmodel and Code related-task as SE

task. By running the query on the HF dump, we got that the similar

PTMs are labeled as fill-mask. Thus, we can establish a mapping

between the pipeline tag fill-mask with the Code-related SE
task.

It is worth noting that the PTMs belonging to the same family

can have different pipeline tags. Similarly, the same model can be

employed for different SE tasks. We try to mitigate these issues

by (i) filtering HF data by using quality filters; and (ii) grouping
similar SE tasks into macro tasks. The results of the mapping are

discussed in Section 4.

4 PRELIMINARY EVALUATION
This section presents the evaluation conducted to answer the

aforementioned research questions, and highlights the threats to

validity of our findings.

4.1 Addressing 𝑅𝑄1

To address this question, we initiated the process by refining

the initial dump in Section 3.1, through the application of well-

established preprocessing steps commonly utilized in the realm of

automatic categorization for heightened overall accuracy [6, 16].

The steps involve filtering and shaping the final dataset, denoted

as 𝐷 𝑓 (see Table 1). Initially, we excluded PTMs lacking essential

data, such as pipeline tags or the model card. Subsequently, a further

set of PTMs and tags were eliminated, employing two distinct

thresholds: support=𝛼 and downloads=𝛽 , where 𝛼 is the median

value and 𝛽 is the mean value of the corresponding parameters

(the attributes “support” and “downloads” refer to the number of

models for a specific category, and the number of downloads for a

given PTM, respectively).

Table 2: D𝑓 Results.

Precision Recall F1 Score

Fold CNB SVC CNB SVC CNB SVC

1 0.892 0.940 0.890 0.938 0.887 0.938
2 0.888 0.935 0.886 0.933 0.882 0.932
3 0.893 0.936 0.889 0.933 0.886 0.933
4 0.891 0.939 0.889 0.936 0.886 0.936
5 0.892 0.936 0.889 0.933 0.886 0.933
6 0.892 0.936 0.891 0.934 0.888 0.934
7 0.887 0.934 0.883 0.931 0.880 0.931
8 0.894 0.942 0.891 0.940 0.887 0.940
9 0.890 0.939 0.887 0.936 0.883 0.936
10 0.887 0.938 0.884 0.935 0.881 0.935

Average 0.891 0.938 0.888 0.935 0.885 0.935

Afterward, we performed the cross-fold validation [22] of two

state-of-the-art binary classifiers, i.e., CNB and SVC models, and

widely-adopted accuracy metrics, i.e., Precision, Recall, and F1-score
[2]. Table 2 shows the outcomes of the performed evaluation by

considering the PTM stored on HF as the input and the pipeline
tag as the predict label.

It is worth noting that the two employed models obtain decent

performance, with the SVC model outperforming the CNB network

by 10% on average in terms of the considered accuracy metrics.

However, we report that 241,091 PTMs in the dump have no model

cards as shown in Table 1.

Our findings confirm that model cards can be used to enable

traditional classifiers based on textual content, even though most

of the developers do not upload this information on the platform.

Answer to RQ1

4.2 Addressing 𝑅𝑄2

The outcome of the SE task filtering process described in Section 3.2

is reported in Figure 4. In particular, we grouped similar SE tasks

into six different macro-tasks as follows:
• M1-Code-related tasks: This category includes PTMs that

have been used for several code-related tasks, from

suggesting libraries to code summarization.

• M2-Program repair: Compared to the previous category, we

consider in this macro-task PTMs that have been applied to

specific testing and program repair tasks e.g., bug fixing or

vulnerability detection in the code.

• M3-Documentation support: We classify in this category

PTMs that help developers generate textual documentation

for different SE artifacts, i.e., code, commits or bug reports.
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M5 - Text-engineering tasks
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Figure 4: The identified SE macro tasks.

• M4-Classification of SE artifacts: This category identifies

PTMs that perform automatic classification of specific

artifacts, e.g., SO posts, commits, and issue reports.

• M5-Text-engineering tasks: Unlike documentation-related

tasks, we labeled PTMs that generate a textual description

of specific SE artifacts, e.g., titles for GitHub issues, Stack

Overflow posts, or pull request descriptions.

• M6-Miscellaneous: This category includes PTMs that cannot

be categorized in one of the previous macro-tasks. For

instance, PTMs that support sentiment analysis in SE fall in

this category.

As expected, most of the PTMs are used to address code-related
tasks, i.e., 33 papers employed them for code generation, code

summarization, or code2code translation. On the contrary, the

application to more generic tasks such as text-engineering or

classification of SE artifacts is limited (we collected only 8 supporting

papers for these two categories). Afterward, we run the algorithm

shown in Section 3.3 for three well-adopted PTMs, i.e., BERT,
RoBERTa, and T5. To this end, we first retrieved a list of similar

PTMs stored on HF to find the most frequent pipeline tags used

on the dump. We eventually searched the PTM name in the abstract

of the retrieved papers to get the corresponding SE macro-tasks

and sub-tasks. The results are reported in Table 3.

Table 3: Explanatory mapping using our approach.

PTM Pipeline tag Macro SE tasks
BERT text-classification M1,M2,M3,M4,M5,M6

RoBERTa fill-mask M1, M3, M4

T5 text2text-generation M1, M2, M3, M5

Notably, BERT has been used to cover the whole set of SE macro

tasks even though it may be not suitable for generation tasks.

Remarkably, we observe that T5 is employed to address both code-

related and documentation tasks, indicating the adaptability of

text-to-text generation strategies even in the context of source code.

The trend reveals a significant surge in the utilization of PTMs

across diverse SE tasks, extending beyond the realm of code-related

activities. In this context, our approach is envisioned as an initial

solution to aid developers in selecting a specific PTM tailored to

the current SE task.

Although we tested only three PTMs, the proposed mapping could

be adopted to assist developers in selecting specific models that

are used in practice.

Answer to RQ2

4.3 Threats to validity
• Internal validity concerns the employed dump to perform the

automatic classification given the model card, wherein the

data may be incomplete or unbalanced. To mitigate this, we

applied standard filtering techniques on the original dataset

(Table 1). Moreover, there is a possibility of the mapping

algorithm retrieving erroneousmatches, where the HFmodel

name may differ from the actual one. To mitigate this, we set

a higher threshold similarity for the Levenshtein function.

• Threats to external validity are related to the generalizability

of our approach considering (i) additional papers; and (ii)
other model repositories beyond Hugging Face. Concerning

the first aspect, we expanded the initial taxonomy by

querying the Scopus digital library to exclusively collect

peer-reviewed papers. By the second aspect, our proposed

approach is adaptable to any repository that exposes a

curated list of tags and textual documentation for each stored

model.

5 RELATEDWORK
Several approaches have been proposed to predict and recommend

GitHub topics. Di Sipio et al. [8] proposed a multi-label stochastic

classifier that predicts featured topics given a README file. The

same authors extended their approach by employing a collaborative

filtering engine to increase the topic coverage [6]. SED-KG [16]

combines the BERT model with a topic model based on semantic

relationships and knowledge graphs (KG) to enhance state-of-the-

art models. GitRanking [25] exploits a semi-automated technique

to create a ranked taxonomy of GitHub projects in terms of SE

technologies. ZestXML [27] is an approach based on extreme multi-

labeling learning conceived to outperform traditional approaches.

Di Rocco et al. [6] conceived a hybrid recommender system that

employs a multi-label stochastic classifier and collaborative filtering

algorithm to predict featured topics given a README file. SED-

KG [16] combines the BERT model with a topic model based on

semantic relationships and knowledge graphs (KG) to enhance

state-of-the-art models. Similarly, GHTRec [29] employs BERT to

predict an initial set of topics that have been used to retrieve most

similar repositories given the input one. GitRanking [25] exploits a

semi-automated technique to create a ranked taxonomy of GitHub

projects in terms of SE technologies. ZestXML [27] is an approach

based on extreme multi-labeling learning conceived to outperform

traditional approaches.

While several studies highlight the limitation of existing PTM

repositories [12, 17, 20], to the best of our knowledge there has

been no prior approach to automatically classify PTMs. In this

context, we can redefine the challenge of categorizing generic open-

source software within the framework of PTM repositories, such as

Hugging Face. Additionally, we introduce an initial semi-automated
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approach to establish a mapping between generic categories and

SE-specific tasks.

6 CONCLUSION AND FUTUREWORK
Aiming to map generic PTM categories with specific SE tasks, this

paper envisions a semi-automated strategy based on a similarity-

based algorithm. We first collected metadata from Hugging Face to

foster automatic categorization of the stored PTMs. Then, we built

an SE taxonomy by grouping tasks that exploit PTMs into macro

and sub-tasks. The mined data has been used to (i) automatically

categorize PTMs by exploited data available in the corresponding

model cards and (ii) map generic PTMs categories to corresponding

SE tasks. Our findings demonstrate that our methodology can help

developers browse Hugging Face even though further experiments

are needed to confirm our initial results.

For future work, we aim to improve the mapping algorithm by

using well-known strategies to build software taxonomy e.g., active

sampling algorithm. Furthermore, we can apply our approach to

additional public repositories of PTMs. Last but not least, we can

envision a set of recommender systems that rely on our approach

to assist developers in deploying the chosen PTMs, thus fostering

the creation of an AI-based multi-agent framework tailored for SE

tasks.
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