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Deep Neural Networks (DNNs) are prevalent across a wide range of applications. Despite their success,
the complexity and opaque nature of DNNs pose significant challenges in debugging and repairing DNN
models, limiting their reliability and broader adoption. In this paper, we propose MLM4DNN, an element-based
automated DNN repair method. Unlike previous techniques that focus on post-training adjustments or rely
heavily on predefined bug patterns, MLM4DNN repairs DNNs by leveraging a fine-tuned Masked Language
Model (MLM) to predict correct fixes for nine predefined key elements in DNNs. We construct a large-scale
dataset by masking nine key elements from the correct DNN source code and then force the MLM to restore
the correct elements to learn the deep semantics that ensure the normal functionalities of DNNs. Afterwards,
a light-weight static analysis tool is designed to filter out low-quality patches to enhance the repair efficiency.
We introduce a patch validation method specifically for DNN repair tasks, which consists of three evaluation
metrics from different aspects to model the effectiveness of generated patches. We construct a benchmark,
𝐵𝑒𝑛𝑐ℎ𝑚𝑎𝑟𝑘𝐴𝑃𝑅4𝐷𝑁𝑁 , including 51 buggy DNN models and an evaluation tool that outputs the three metrics.
We evaluate MLM4DNN against six baselines on 𝐵𝑒𝑛𝑐ℎ𝑚𝑎𝑟𝑘𝐴𝑃𝑅4𝐷𝑁𝑁 , and results show that MLM4DNN
outperforms all state-of-the-art baselines, including two dynamic-based and four zero-shot learning-based
methods. After applying the fine-tuned MLM design to several prevalent Large Language Models (LLMs),
we consistently observe improved performance in DNN repair tasks compared to the original LLMs, which
demonstrates the effectiveness of the method proposed in this paper.

CCS Concepts: • Software and its engineering → Software testing and debugging; • Computing
methodologies→ Neural networks.

Additional KeyWords and Phrases: Program Repair, Deep Neural Network, Masked LanguageModel, Fine-Tune

ACM Reference Format:
Xu Wang, Mingming Zhang, Xiangxin Meng, Jian Zhang, Yang Liu, and Chunming Hu. 2025. Element-Based
Automated DNN Repair with Fine-TunedMasked Language Model. Proc. ACM Softw. Eng. 2, FSE, Article FSE006
(July 2025), 24 pages. https://doi.org/10.1145/3715716

∗Corresponding author: Xiangxin Meng, mengxx@buaa.edu.cn

Authors’ Contact Information: Xu Wang, SKLCCSE, Beihang University, Beijing, China and Zhongguancun Labora-
tory, Beijing, China and Engineering Research Center of Intelligent Computing for Complex Energy Systems, Ministry
of Education, Baoding, China, xuwang@buaa.edu.cn; Mingming Zhang, SKLCCSE, Beihang University, Beijing, China,
mmzhang@buaa.edu.cn; Xiangxin Meng, SKLCCSE, Beihang University, Beijing, China, mengxx@buaa.edu.cn; Jian Zhang,
Nanyang Technological University, Beijing, Singapore, jian_zhang@ntu.edu.sg; Yang Liu, Nanyang Technological University,
Beijing, Singapore, yangliu@ntu.edu.sg; Chunming Hu, SKLCCSE, Beihang University, Beijing, China, hucm@buaa.edu.cn.

This work is licensed under a Creative Commons Attribution 4.0 International License.
© 2025 Copyright held by the owner/author(s).
ACM 2994-970X/2025/7-ARTFSE006
https://doi.org/10.1145/3715716

Proc. ACM Softw. Eng., Vol. 2, No. FSE, Article FSE006. Publication date: July 2025.

HTTPS://ORCID.ORG/0000-0001-5057-3278
HTTPS://ORCID.ORG/0009-0000-0522-4861
HTTPS://ORCID.ORG/0000-0001-5630-4810
HTTPS://ORCID.ORG/0000-0001-8316-1894
HTTPS://ORCID.ORG/0000-0001-7300-9215
HTTPS://ORCID.ORG/0000-0003-3473-9703
https://doi.org/10.1145/3715716
https://orcid.org/0000-0001-5057-3278
https://orcid.org/0009-0000-0522-4861
https://orcid.org/0000-0001-5630-4810
https://orcid.org/0000-0001-8316-1894
https://orcid.org/0000-0001-7300-9215
https://orcid.org/0000-0003-3473-9703
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1145/3715716


FSE006:2 Xu Wang, Mingming Zhang, Xiangxin Meng, Jian Zhang, Yang Liu, and Chunming Hu

1 Introduction
Deep Neural Networks (DNNs) have demonstrated outstanding performance in a wide range
of fields, such as machine translation (Singh et al., 2017, Stahlberg, 2020), recommendation sys-
tems (Da’u and Salim, 2020, Ko et al., 2022), and autonomous driving (Feng et al., 2021, Grigorescu
et al., 2020), etc. Particularly, with the popularity of Large Language Models (LLMs) and Artificial
Intelligence Generated Content (AIGC) in the most recent years, DNNs have become increasingly
crucial and indispensable, serving as the cores of numerous intelligent systems (Wang et al., 2024,
Xu et al., 2024). Different from traditional software development, the executions of DNNs are
determined by the propagation of weights across complex network structures (Eniser et al., 2019),
which makes it challenging to understand and repair DNN bugs (Eniser et al., 2019, Humbatova
et al., 2020, Islam et al., 2019, 2020, Ma et al., 2018, Wardat et al., 2021, Zhang et al., 2021). Therefore,
automated tools aiding the bug management of DNNs will greatly assist developers in constructing
deep learning systems.
In recent years, some methods (Ma et al., 2018, Sohn et al., 2023, Zhang and Chan, 2019) have

been proposed to repair buggy neurons in the trained DNN models. For instance, Apricot (Zhang
and Chan, 2019) employs a novel weight-adaptation method, improving a DNN model by adjusting
the original weights based on the reduced models trained on different subsets of datasets. However,
as mentioned in DeepFD (Cao et al., 2022), since these techniques regard DNNs as black boxes,
the root causes of undesirable behaviors in DNNs, such as inappropriate activation functions,
may be obscured for developers, which cannot facilitate pinpointing the bugs in deep learning
programs. Thus, there are several recent studies (Cao et al., 2022, Schoop et al., 2021, Wardat
et al., 2021) focusing on detecting and localizing bugs in a more explicit way, such as exposing
the inappropriate configurations for DNN training. Despite this, substantial effort is required for
developers to comprehend the bug information and to manually create patches for DNN bugs.

To that end, several repair methods are proposed to assist developers in repairing DNN models.
AUTOTRAINER (Zhang et al., 2021) is an automated detection and repair system for DNN train-
ing problems, which detects bugs by monitoring and analyzing the data collected during model
training. Based on the detected symptoms (e.g., vanishing gradient), AUTOTRAINER applies the
predefined solutions (e.g., substituting activation functions) to fix them. Similar to AUTOTRAINER,
DeepDiagnosis (Wardat et al., 2022) applies the dynamic analysis during model training to detect
bugs, which reports actionable fix suggestions by applying the predefined decision trees. Based
on the suggestions, such as "Change the activation function at layer: 1", the developer can fix the
DNN model. In summary, both of them process the DNN training programs and pinpoint more
accurate root causes of the bugs, which are more practical to assist developers in comprehending
and repairing bugs.

However, these dynamic approaches exhibit three primary limitations. First, the bug repair relies
on predefined rules, which are unable to solve the bugs whose types are beyond the capability of
these rules. Second, the deep semantic features embedded in DNN source code are not leveraged.
The typical structure of DNN code includes data preparation, model architecture definition, and
model training. The code snippets related to dataset preparation (called data context) generally
encompass valuable information regarding the types of learning tasks. For example, if a program
prepares a dataset by converting output values from strings to zeros/ones (e.g., "positive"→ 1 and
"negative"→ 0), this suggests that the program is more likely to deal with a binary classification
problem. Such insights are crucial for selecting appropriate activation functions and loss functions.
Similarly, the code snippets related to model architecture definition and training (called model
context) encompass more detailed information regarding model design and training configurations.
Thus, we believe that the static semantics embedded in the source code have a chance to be utilized
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to further enhance the performance of DNN repair tasks. Third, these methods generate patches or
recommend fixes by analyzing the model runtime information, which cannot be produced before
time-consuming model training to achieve rapid iterations in DNN bug management.
On one hand, to address the first two limitations, an effective learning-based method is

needed. However, as mentioned in Cao et al. (Cao et al., 2022), there is no existing off-the-shelf
dataset available for learning the semantic features of DNN bugs. Additionally, AlphaRepair (Xia and
Zhang, 2022) points out that gathering bug-fix pairs via manually crafted rules imposes limitations
on the data collection processes, which restricts the repair performance of learning-based methods
designed on this basis. Consequently, it introduces cloze tasks to the Automated Program Repair
(APR) research area. This approach utilizes Masked Language Models (MLMs) and zero-shot
paradigms to predict appropriate code elements for repair tasks, achieving promising results (Xia
and Zhang, 2022). Nevertheless, most of the existing pre-training LLMs are not directly designed
for APR tasks, thus the knowledge learned from the pre-training phase may not be associated with
bug-related semantic features, which further limits the repair effectiveness of such methods based
on zero-shot paradigms. Recent studies have demonstrated that the fine-tuning paradigm is more
effective for achieving better APR performance (Huang et al., 2023, Jiang et al., 2023). These existing
methods require bug-fix pairs to learn the underlying repair semantics. Nevertheless, constructing
such datasets for DNN repair is challenging (Cao et al., 2022), making it difficult to realize the
training process from bug code snippets to the fixed code snippets. To address this limitation, we
have gathered adequate DNN code samples with correct functionalities, to fine-tune the model
via the format of cloze tasks, enabling it to learn correct code elements. This allows the model
to effectively replace erroneous elements when they occur. On the other hand, to address the
third limitation, we do not utilize the dynamic features extracted from model training phases
to generate patches; instead, we follow existing methods focusing on APR tasks in traditional
software (Huang et al., 2023, Meng et al., 2023, Xia et al., 2023a, Xia and Zhang, 2022, 2024), which
relies solely on the static source code.
Based on the above insights, we propose an element-based DNN repair approach, MLM4DNN,

which fine-tunes an MLM to learn deep semantic features of DNNs and generates patches to repair
them by predicting correct elements. Specifically, unlike previous learning-based APR methods for
traditional software development (Chen et al., 2021, Gupta et al., 2017, Li et al., 2022b, Meng et al.,
2022, 2023, White et al., 2019, Ye et al., 2022, Zhu et al., 2021), which train models on collected bug-fix
pairs, we collect DNN samples from the latest commits and transform APR tasks to cloze tasks (i.e.,
masking and infilling key elements in DNN source code), thereby promoting the model to learn code
elements capable of expressing correct DNN functionalities. Specifically, we define 9 key element
types. Then, we construct a dataset tailored for element prediction tasks from the latest commits of
real-world repositories, and fine-tune a pre-trained MLM (i.e., UniXcoder (Guo et al., 2022)), to learn
to predict correct elements for the masked locations. Based on the prediction results of cloze tasks,
real patches are generated by replacing the "<mask>" placeholder with the top-ranked predicted
elements, which are generally called patch candidates. Furthermore, to improve the efficiency, we
design a static checking tool to filter out low-quality patches by analyzing differences between
generated patches and original DNN programs. Additionally, inspired by the automated patch
validation phase used in APR methods for traditional software development, we design a patch
validation method tailored for DNN repair tasks. Furthermore, building on previous work (Cao
et al., 2022), we construct a benchmark called 𝐵𝑒𝑛𝑐ℎ𝑚𝑎𝑟𝑘𝐴𝑃𝑅4𝐷𝑁𝑁 (51 DNN samples in total), in
which an automation tool is designed for systematic evaluations on DNN repair methods.

We conduct extensive experiments on 𝐵𝑒𝑛𝑐ℎ𝑚𝑎𝑟𝑘𝐴𝑃𝑅4𝐷𝑁𝑁 to compare MLM4DNN with six
baselines, including two dynamic-based DNN repair methods and four zero-shot learning-based
methods. Our method significantly outperforms all baselines across three metrics. Specifically,
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MLM4DNN (1) significantly improves the performance1 of 88% DNN samples, outperforming all
baselines by more than 36.36%; (2) enables over 70% DNN samples to reach the developer-desired
performance, outperforming all baselines by more than 71.43%; (3) successfully generates patches
that are semantically matched with the ground truth for 49.02% DNN samples, outperforming all
baselines by more than 150%. Additionally, we conduct extensive ablation studies, demonstrat-
ing the effectiveness of five main designs of MLM4DNN. We also evaluate the effectiveness of
MLM4DNN with different base models (i.e., UniXcoder (Guo et al., 2022), CodeT5 (Wang et al.,
2021), InCoder (Fried et al., 2023), Llama 3 (Touvron et al., 2023), DeepSeek-Coder (Guo et al., 2024),
GPT-3.5 (OpenAI, 2022), and GPT-4o (OpenAI, 2024)), and study whether these base models could
achieve better results after incorporating our approach. Experimental results show that repair
results of each base model are significantly better than those where our approach is not leveraged,
further proving the effectiveness of our method in DNN repair tasks.

The main contributions of this paper are as follows:
• Direction. This paper is the first to propose a DNN repair method that relies solely on DNN
source code, which repairs buggy DNNs by revisiting the cloze-style APR method within
the DNN repair domain. Additionally, we enhance the repair performance by fine-tuning an
MLM on DNN samples collected from the latest commits of open-source projects. This work
opens a new direction for DNN repair tasks, utilizing cloze-style design in source code and
fine-tuning paradigm to boost repair performance.
• Technique.We propose MLM4DNN, an element-based DNN repair approach that repairs
buggy DNNs by predicting masked elements, enhanced by fine-tuning base models on a large-
scale dataset (not bug-fix pairs) constructed from open-source repositories and employing a
static checking tool to filter out low-quality patches.
• Benchmark & Evaluation. We construct 𝐵𝑒𝑛𝑐ℎ𝑚𝑎𝑟𝑘𝐴𝑃𝑅4𝐷𝑁𝑁 , which includes 51 buggy
DNN samples and an evaluation tool that validates & categorizes patches and outputs three key
metrics (i.e., WRC, SRC, and SMC), thereby enabling systematic and quantitative evaluations
for DNN repair methods.
• Extensive Study. We conduct extensive experiments by comparing MLM4DNN with six
methods (both dynamic-based and zero-shot learning-basedmethods) on𝐵𝑒𝑛𝑐ℎ𝑚𝑎𝑟𝑘𝐴𝑃𝑅4𝐷𝑁𝑁 ,
demonstrating that our approach significantly outperforms all baselines. We also evaluate its
effectiveness across various base models and find that MLM4DNN with UniXcoder achieves
the best overall performance. Additionally, MLM4DNN surpasses methods using the same
LLMs alone, confirming the effectiveness of our design for DNN repair tasks.

2 Related Work
2.1 Debugging for Deep Neural Networks
Several studies focus on the ill-trained DNN models. Apricot (Zhang and Chan, 2019), Gen-
MuNN (Wu et al., 2022) and NNRepair (Usman et al., 2021) adjust weights in DNNs to fix models,
while MODE (Ma et al., 2018) and DeepFault (Eniser et al., 2019) fix the suspicious neurons based
on model retraining. HybridRepair (Li et al., 2022a) offers a solution using both annotated and
unlabeled data for repairs. They focus on fixing model weights after training is complete. Un-
like these, MLM4DNN fixes bugs in the DNN training code directly. Additionally, SENSEI (Gao
et al., 2020) aims to fix DNNs by augmenting training data, which focuses on image-specific tasks
with geometric and color operations, making it inapplicable to other tasks (e.g., NLP). Unlike it,
MLM4DNN repairs DNNs by adjusting their code, enabling it to be generalized beyond a specific
1In this paper, “performance” is used to refer the accuracy or loss values of a DNNmodel, as used in the previous study (Zhang
et al., 2022).
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task type. Recent research, such as DeepLocalize (Wardat et al., 2021), Neuralint (Nikanjam et al.,
2022), UMLAUT (Schoop et al., 2021), and DeepFD (Cao et al., 2022), focuses on identifying and
localizing bugs in training programs, with methods ranging from static and dynamic analysis
to learning-based fault localization. Another method, deepmufl (Ghanbari et al., 2023), revisits
mutation-based bug localization in DNN models. In contrast, MLM4DNN aims to automatedly
repair bugs to improve the performance of DNN models. AUTOTRAINER (Zhang et al., 2021)
particularly focuses on detecting and repairing five common training bugs by applying predefined
solutions based on the data recorded from dynamic monitoring. DeepDiagnosis (Wardat et al., 2022)
is an automated bug diagnosis method, which provides actionable fix suggestions based on the
detected symptoms to assist user in repairing DNNs. The two methods are rule-based methods,
which cannot identify and repair the bugs that do not conform to these predefined patterns. Our
approach, by learning how to predict the correct elements from a vast amount of static data, can
overcome these shortcomings. Schumi et al. (Schumi and Sun, 2023) propose a semantic-based
method for fixing bugs related to DNN layer configurations. In contrast, our approach improves
DNN performance by correcting training configurations rather than just fixing layer bugs.

2.2 APR for Traditional Software Development
Template-based APR methods synthesize patches by utilizing predefined fix templates (Koyuncu
et al., 2020, Liu et al., 2019, Meng et al., 2022, Saha et al., 2019), which generally provide good repair
performance for bug types covered by templates, yet may not produce effective patches for those
beyond their scope. There are some other learning-based methods (Chen et al., 2021, Li et al., 2022b,
Meng et al., 2023, Ye et al., 2022, Zhu et al., 2021) that treat the APR task as a statistical machine
translation task. These learning-based APR methods utilize training datasets constructed from
bug-fix commits, where each sample consists of a pair of a bug and its corresponding fixed code. In
contrast, we construct our training dataset by collecting DNN code from the most recent commit of
each repository, ensuring all historical bug-fix commits are applied, where each sample consists of
a pair of a DNN containing a <mask> placeholder and its corresponding original element. Recently,
the advent of LLMs has opened up new opportunities for APR research (Feng et al., 2020, Guo et al.,
2022, Huang et al., 2023, Jiang et al., 2023, OpenAI, 2022, Wang et al., 2021). AlphaRepair (Xia and
Zhang, 2022) leverages a pre-trained MLM to predict the correct code for bug locations with context
based on CodeBERT (Feng et al., 2020) and zero-shot learning. GAMMA (Zhang et al., 2023) revisits
template-based APR via mask prediction, which utilizes the UniXcoder base model to predict the
correct code elements masked by predefined fix templates. Unlike them that focus on repairing
bugs in traditional software programs, MLM4DNN is specifically designed to address issues in
DNN models. Furthermore, different from them only leveraging pre-trained MLMs, MLM4DNN
employs a fine-tuning paradigm to leverage domain-specific knowledge related to DNNs, thereby
enhancing repair performance.

3 Approach
3.1 Overview
In this work, we propose MLM4DNN, an element-based APR method for DNNs powered by a fine-
tuned MLM. It generates patches for buggy DNN models by predicting the masked suspicious code
elements. As shown in Figure 1, MLM4DNN mainly includes four components. The first component
(Section 3.2) constructs a large-scale element prediction dataset from the latest commits of top-rated
open-source repositories and fine-tunes a pre-trained MLM to learn for element prediction. The
second component (Section 3.3) synthesizes patch candidates based on the element prediction
model. The third component (Section 3.4) proposes a post-processing tool designed to filter out

Proc. ACM Softw. Eng., Vol. 2, No. FSE, Article FSE006. Publication date: July 2025.



FSE006:6 Xu Wang, Mingming Zhang, Xiangxin Meng, Jian Zhang, Yang Liu, and Chunming Hu

Repositories

main(…)
main(…)

model.fit(…)

Files with Model Training APIs

main(…)
main(…)
main(…)

Model Training Entry Files

Formatted DNN Models

model = Sequential() 
model.add(…)
...
model.compile(…)
model.fit(…)

model = Sequential() 
model.add(…)
...
model.compile(…)
model.fit(…)

x, y = ...
...
model = Sequential()                       
model.add(Dense( … ))
model.add(Dense( … ))
model.add(Dense( … ))
...
model.compile(…)
model.fit(x, y, …)

Search Program
Analysis

Find

Tuning

Pre-Trained
UniXcoder

Fine-tuned
Model

1. Element-based MLM Fine-tuning

DNN Models with <mask>

<mask>

Buggy DNN Model Formatted  DNN Model Patch Candidates

?

Filtered Patch Candidates

?

2. Element-based DNN Patch Generation 

EMT

MEFT

PFT

3. Patch Filtering 4. Patch Validation

Diff

DNN Models with <mask> & Masked Elements

model.add(Dense(
...,
activation=<mask>)

model.compile(
loss=...,
optimizer=<mask>,

…
‘relu’

‘adam’

tgt

src

tgt

src

Weak
Correct

Strong
Correct

Semantically
Matched

Fig. 1. An Overview of MLM4DNN

Table 1. DNN Elements and the Corresponding Masking Actions

Categories Name Usage Forms in Keras Element Masking Actions

Model
Structure

Activation 1. "<activation_name>"
2. keras.activations.<activation_name>

- ...keras.layers...(..., activation=<activation>, ...)...
+...keras.layers...(..., activation=<mask>, ...)...

Initializer
1. "<initializer_name>"
2. keras.initializers.<initializer_name>
3. keras.initializers.<initializer_name>(...)

- ...keras.layers...(..., kernel_initializer=<initializer>, ...)...
+...keras.layers...(..., kernel_initializer=<mask>, ...)...

Layer 1. keras.layers.<layer_name>(...) - ...keras.layers...(...)...
+...<mask>...

Model
Compilation

Loss
1. "<loss_name>"
2. keras.losses.<loss_name>
3. keras.losses.<loss_name>(...)

- ...compile(..., loss=<loss>, ...)...
+...compile(..., loss=<mask>, ...)...

Optimizer 1. "<optimizer_name>"
2. keras.optimizers.<optimizer_name>(...)

- ...compile(..., optimizer=<loss>, ...)...
+...compile(..., optimizer=<mask>, ...)...

Learning Rate 1. a number - ...keras.optimizers...(..., learning_rate=<learning_rate>, ...)...
+...keras.optimizers...(..., learning_rate=<mask>, ...)...

Metric
1. "<metric_name>"
2. keras.losses.<metric_name>
3. keras.losses.<metric_name>(...)

- ...compile(..., metrics=<metrics>, ...)...
+...compile(..., metrics=<mask>, ...)...

Model
Training

Batch Size 1. an integer - ...fit(..., batch_size=<batch_size>, ...)...
+...fit(..., batch_size=<mask>, ...)...

Epochs 1. an integer - ...fit(..., epochs=<epochs>, ...)...
+...fit(..., epochs=<mask>, ...)...

low-quality patch candidates by analyzing differences between patches and original DNN models.
The final component is utilized to evaluate the effectiveness of filtered patch candidates.

3.2 Element-Based MLM Fine-Tuning
3.2.1 DNN Key Element Definition. DNN models in Keras (Chollet, 2015) generally comprise three
main parts: model structure definition, model compilation (model.compile(...)), and model training
(model.fit(...)). We refer to DNN repair patterns proposed in Islam et al. (Islam et al., 2020) and Zhang
et al. (Zhang et al., 2021), which primarily focus on three categories of DNN bugs, including model-
related, dataset-related, and API-related bugs. Among them, the repair patterns for model-related
bugs attract increasing interest (Cao et al., 2022, Ghanbari et al., 2023, Zhang et al., 2021), which
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Algorithm 1 Element Masking of Buggy DNN
Input: DNN𝑀 , masking actions 𝐴;
Output: List of (DNN with <mask>, Original element) 𝐿;
1: 𝐿 ← [];
2: for each 𝑎 ∈ 𝐴 do
3: 𝑡𝑎𝑟𝑔𝑒𝑡_𝑒𝑙𝑒𝑚𝑒𝑛𝑡𝑠 ← 𝑔𝑒𝑡_𝑡𝑎𝑟𝑔𝑒𝑡_𝑒𝑙𝑒𝑚𝑒𝑛𝑡𝑠 (𝑀, 𝑎);
4: for each 𝑒 ∈ 𝑡𝑎𝑟𝑔𝑒𝑡_𝑒𝑙𝑒𝑚𝑒𝑛𝑡𝑠 do
5: 𝑀𝑚𝑎𝑠𝑘 ← 𝑟𝑒𝑝𝑙𝑎𝑐𝑒_𝑒𝑙𝑒𝑚𝑒𝑛𝑡_𝑤𝑖𝑡ℎ_𝑚𝑎𝑠𝑘 (𝑀, 𝑒);
6: 𝐿 ← 𝐿 + [(𝑀𝑚𝑎𝑠𝑘 , 𝑒)];
7: end for
8: end for
9: return 𝐿;

can be further divided into two sub-groups. The first involves correcting sub-optimal settings (e.g.,
activation functions and learning rate), while the second involves revising inappropriate tensor
shapes to ensure the correct connections between adjacent layers. For the latter, since the concerned
bugs directly lead to the inability to perform compliant forward and backward propagation (Islam
et al., 2020, Schumi and Sun, 2023), they are not considered problems in the DNN training phase (Cao
et al., 2022, Ghanbari et al., 2023, Schumi and Sun, 2023, Zhang et al., 2021), and therefore, are not
within the scope of this paper. Based on the remaining patterns, including correcting the loss(1)
and activation functions(2), altering the network layers(3), establishing appropriate metrics(4),
modifying the batch size(5) and training epochs(6), adjusting the optimizer(7) and learning rate(8),
as well as setting a proper initializer(9), we identify 9 key elements in DNN training phases.
From different functional stages of DNNs, three of them focus on the model structure (Activation,
Initializer, Layer), four of them concentrate on the configurations for model compilation (Loss,
Optimizer, Learning Rate, Metric), while the remaining two elements are related to model training
(Batch Size, Epochs).

Afterwards, for each element, we analyze and summarize the usage forms in Keras, as well as
operations involving element masking (as called element masking action in this paper). As shown
in Table 1, we list the usage forms in Keras and element masking actions for all DNN elements
defined in this paper. To generate DNN models containing a <mask> (as called the set of 𝐷𝑁𝑁𝑚 in
this paper), we define element masking actions for all elements. Based on these actions, we develop
a syntax-based element masking tool (EMT), as detailed in Algorithm 1. Specifically, given a DNN
model𝑀 , masking actions 𝐴, for each action in 𝐴, EMT searches for the target elements required
by the action and replaces each target element with a "<mask>" token.

3.2.2 Dataset Construction. Numerous high-quality DNNmodels implemented in Keras are needed
by our approach to a train element prediction model. To obtain sufficient DNN models, we first
download 5,178 repositories from GitHub that have more than 10 stars by searching with the
keyword "keras". Then, we check whether any of the collected repositories are also present in
the benchmark used for experiments in this paper to avoid data leakage, and find that no such
cases exist. Subsequently, for each repository, we extract DNN models from the latest commits
of the main branches by analyzing python files in them. Since large quantities of projects utilize
jupyter notebooks 2 for DNN model construction and training, all notebook files (i.e., files with
the ".ipynb" extension) in the collected repositories are converted to Python files via the built-in
command "jupyter nbconvert". Afterwards, the process of these Python files can be divided into
three steps. First, we search for all Python files containing at least one of the model training APIs,
2https://jupyter.org
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Table 2. Statistics of 𝐷𝑎𝑡𝑎𝑠𝑒𝑡𝑀𝐿𝑀 and the Corresponding Standard Usage Forms for Nine Pre-defined Key
Elements

Elements #Samples Standard Usage Forms

Activation 36,330 "<activation_name>"
Initializer 9,441 "<initializer_name>"
Layer 29,279 keras.layers.<layer_name>
Loss 8,761 "<loss_name>"

Optimizer 9,031 keras.optimizers.<opti_name>()
Learning Rate 4,499 <a number>

Metric 5,684 "<metric_name>"
Batch Size 4,149 <an integer>
Epochs 5,601 <an integer>

Total 112,775 -

including model.fit(...), model.fit_generator(...), and model.train_on_batch(...). As a result, 15,047 files
are collected. Next, we build the call graph for these projects using pyan 3 , an offline call graph
generator for Python. Based on the call graphs, we find the root callers of these training APIs and
the corresponding entry files. In this step, we collect 12,169 model training entry files.

As mentioned in GAMMA (Zhang et al., 2023), the precision of element prediction is quite limited
when only a single masked buggy line is given without any context. Therefore, we develop a
model extracting and formatting tool (MEFT) to extract DNN models with more useful context and
format the obtained DNN code. Given an entry file, we first inline the module imports and function
calls, extracting the code of the module or function into the importing or calling point. Note that
MEFT only considers modules/functions defined in the project that correspond with the entry
file. Then we discard the statements that are unrelated to model training by applying program
slicing. Afterwards, the DNN models with full context are extracted, including the data context and
model context. The former contains the statements related to dataset preparation, while the latter
comprises the statements about model structure definition, model compilation, and model training.
In this paper, both contexts are collaboratively employed for the training and inference phases of
the element prediction model. The following Nevertheless, due to the dynamic language feature of
Python, the previous steps may fail in certain scenarios, the files in which are discarded. Finally,
duplicate samples from the collected models are removed, after which there are 7,376 DNN models
extracted in total. All above operations are applied to Abstract Syntax Trees (ASTs) of DNN models.
Then, we obtain formatted DNN code by utilizing ast.unparse(...). Finally, EMT is applied to the
obtained formatted DNN models, after which the mask-infilling dataset 𝐷𝑎𝑡𝑎𝑠𝑒𝑡𝑀𝐿𝑀 is constructed,
consisting of 112,775 samples (the detailed statistics are shown in Table 2). Each sample is the pair
of a 𝐷𝑁𝑁𝑚 and the corresponding original element.

3.2.3 Fine-Tuning. We select UniXcoder(Guo et al., 2022), an MLM, as base model, which has been
demonstrated to be effective in APR tasks across both zero-shot (Zhang et al., 2023) and fine-tuning
paradigms (Huang et al., 2023), and fine-tune it on 𝐷𝑎𝑡𝑎𝑠𝑒𝑡𝑀𝐿𝑀 . UniXcoder is a unified cross-modal
pre-trained model for code, which utilizes the mask attention mechanism with prefix adapters to
control the model behaviors and leverages cross-modal contents such as ASTs and code comments
to further enhance the repair performance.

3https://github.com/davidfraser/pyan
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...
model = keras.models.Sequential()
model.add(Dense(units=8, input_dim=8, init='normal', activation='relu'))
model.add(Dense(units=8, init='normal', activation='relu'))
model.add(Dense(units=8, init='normal', activation='sigmoid'))
sgd = keras.optimizers.SGD(learning_rate=0.01)
model.compile(optimizer=sgd, loss='mean_squared_error', metrics=['acc'])
model.fit(X, y, batch_size=1, epochs=1000, validation_data=(X_test, y_test))

(a) Formatted DNN Buggy Model

model.compile(optimizer=sgd, loss='mean_squared_error', metrics=<mask>)

#1

model.compile(optimizer=sgd, loss=<mask>, metrics=['accuracy'])

#4

model.add(Dense(units=8, init=<mask>, activation='sigmoid'))
#15

…

…

(b) DNN Models with <mask>

model.compile(optimizer=sgd, loss='mean_squared_error', metrics=['acc'])

#1

model.compile(optimizer=sgd, loss='binary_crossentropy', metrics=['acc'])

#4

model.add(Dense(units=8, init='normal', activation='sigmoid'))

#15

…
…

(c) Patch Candidates

sgd = keras.optimizers.SGD(learning_rate=0.1)

#1 (#2 of patch candidates)

model.compile(optimizer=sgd, loss='binary_crossentropy', metrics=['acc'])

#2 (#4 of patch candidates)

model.add(keras.layers.Dense(units=8, init='normal', activation='relu'))

#3 (#12 of patch candidates)

(d) Filtered Patch Candidates

Fig. 2. An Example of DNN Model Repair

As mentioned in Section 3.2.2, the original DNN code snippets are transformed to the formatted
representations containing the placeholder <mask> and the original elements. For our training
task, the input is 𝐷𝑁𝑁𝑚 , and the expected output is the corresponding original element. Since the
length of model input may exceed the max input length of UniXcoder, we split the full input into
two segments (i.e., pre-context and post-context) based on the symbol <mask>, and save the most
nearest code text in a length constraint ⌊𝑚𝑎𝑥_𝑖𝑛𝑝𝑢𝑡_𝑙𝑒𝑛𝑔𝑡ℎ/2⌋ for each segment. After fine-tuning,
we obtain a model capable of predicting the masked element in a 𝐷𝑁𝑁𝑚 .

3.3 Element-Based DNN Patch Generation
Given a buggy DNN model, we use our element prediction model to generate patch candidates for
it. Compared with existing studies (Cao et al., 2022, Ghanbari et al., 2023, Wardat et al., 2022, 2021,
Zhang et al., 2021) that collect the dynamic features during model training, we only employ the
static code features for patch synthesis. Unlike the prior automated DNN repair method (Zhang
et al., 2021), we are the first to propose a way to repair bugs at the source code level. Following
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prior APR methods for traditional programs by considering bug-related features at the source code
level (Li et al., 2024, Lutellier et al., 2020, Wei et al., 2023, Ye et al., 2022, Zhu et al., 2021), MLM4DNN
focuses on fixing single-hunk bugs, where the patch is obtained by changing a DNN element.
Additionally, we analyzed DNN bugs collected by prior work (Cao et al., 2022) from GitHub and
Stack Overflow, of which 43.75% are single-hunk bugs. In comparison, as mentioned in the existing
study (Xia et al., 2023b), 39.39% of the 391 bugs in Defects4J v1.2.0 and 36.30% of the 438 bugs in
Defects4J v2.0.0 are single-hunk bugs, both lower than that of the DNN repair domain. Despite
this, many previous studies mentioned above have concentrated on single-hunk bugs, which also
provide valuable experience for future research. We divide the patch generation process into three
steps, as shown in Figure 1.
(1) Format DNN models. As mentioned in Section 3.2.2, the given buggy model needs to be

formatted using MEFT.
(2) Generate 𝐷𝑁𝑁𝑚 set. Based on the formatted models, EMT (mentioned in Section 3.2.1) is

applied to generate the 𝐷𝑁𝑁𝑚 set.
(3) Generate patch candidates. In previous steps, the APR tasks for DNN models are trans-

formed to cloze tasks. For each 𝐷𝑁𝑁𝑚 generated by EMT, the top-1 prediction result from our
element prediction model is retained.

We provide an example in Figure 2, where only the key contexts of the model code are provided
due to space constraints. The formatted buggy model𝑀 is shown in Figure 2a. There are totally
15 𝐷𝑁𝑁𝑚 generated by EMT from 𝑀 . Next, 15 patch candidates are generated for each 𝐷𝑁𝑁𝑚

by querying the element prediction model. As shown in Figure 2c, the 4𝑡ℎ patch updates the
loss function from ’mean_squared_error’ to ’binary_crossentropy’, while the other two displayed
patches are the same as the original DNN model.

3.4 Patch Filtering Based on Patch Differential Analysis
To further improve the repair performance, a patch filtering tool (PFT) is developed to filter out the
low-quality patches by analyzing the differences between patch candidates and the corresponding
original buggy DNN models. This tool is capable of filtering out three types of patches:
• The patches with syntax errors.
• The patches that are semantically equivalent to original DNN models.
• The patches without appropriate input and output shapes.

Since code changes only occur between the original masked element 𝐸𝑜 and the predicted
element 𝐸𝑝 , PFT exclusively analyzes these two elements. First, if 𝐸𝑝 has any syntax error, PFT
will discard the patch. PFT checks whether 𝐸𝑝 is syntactically correct by utilizing the Python
built-in library ast. If 𝐸𝑝 can be successfully parsed into an Abstract Syntax Tree (AST) by ast.parse,
it is considered to be free of syntax errors. Note that a patch without syntax error may not
be executable due to the dynamic language feature of Python (e.g., a non-existing variable is
referenced). Second, if 𝐸𝑝 is semantically equivalent to 𝐸𝑜 , the patch is also discarded. As shown
in Table 1, for each element type, there may be several different usage forms. For instance, ’mse’,
keras.losses.MeanSquaredError(...), keras.losses.mean_squared_error and ’mean_squared_error’ all
denote the mean squared error loss function. Thus, according to the Keras document (Chollet,
2015), we develop a component for PFT, which is used to transform the given DNN element to the
corresponding standard usage form. We list the standard forms for all elements in Table 2. We take
the algorithm for the standardization process of loss element as an example, which is shown in
Algorithm 2. The loss elements have three usage forms as shown in Table 1, which are unified into
the form of strings in MLM4DNN. In the algorithm, given a non-standard loss element, if it is used
in form of class conduction (e.g., keras.losses.MeanSquaredError(...)), loss name is obtained from
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Algorithm 2 loss Element Standardization
Input: Non-standard loss element 𝑒;
Output: Standardized loss element 𝑒𝑠𝑡𝑑 ;
1: 𝑙𝑜𝑠𝑠_𝑛𝑎𝑚𝑒 ← 𝑁𝑜𝑛𝑒;
2: if 𝑖𝑠_𝑓 𝑢𝑛𝑐𝑡𝑖𝑜𝑛_𝑐𝑎𝑙𝑙 (𝑒) then
3: // example 1: keras.losses.MeanSquaredError(...)
4: 𝑙𝑜𝑠𝑠_𝑛𝑎𝑚𝑒 ← 𝑔𝑒𝑡_𝑓 𝑢𝑛𝑐𝑡𝑖𝑜𝑛_𝑛𝑎𝑚𝑒 (𝑒)
5: else if 𝑖𝑠_𝑎𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒 (𝑒) then
6: // example 2: keras.losses.mean_squared_error
7: 𝑙𝑜𝑠𝑠_𝑛𝑎𝑚𝑒 ← 𝑔𝑒𝑡_𝑎𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒_𝑛𝑎𝑚𝑒 (𝑒)
8: else if 𝑖𝑠_𝑠𝑡𝑟𝑖𝑛𝑔_𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡 (𝑒) then
9: // example 3: ’mse’ / ’MSE’ / ’mean_squared_error’
10: 𝑙𝑜𝑠𝑠_𝑛𝑎𝑚𝑒 ← 𝑔𝑒𝑡_𝑠𝑡𝑟𝑖𝑛𝑔_𝑙𝑖𝑡𝑒𝑟𝑎𝑙 (𝑒)
11: end if
12: if 𝑙𝑜𝑠𝑠_𝑛𝑎𝑚𝑒 and 𝑖𝑠_𝑏𝑢𝑖𝑙𝑡𝑖𝑛_𝑙𝑜𝑠𝑠_𝑛𝑎𝑚𝑒 (𝑙𝑜𝑠𝑠_𝑛𝑎𝑚𝑒) then
13: 𝑙𝑜𝑠𝑠_𝑛𝑎𝑚𝑒 ← 𝑠ℎ𝑜𝑟𝑡_𝑛𝑎𝑚𝑒_𝑡𝑜_𝑓 𝑢𝑙𝑙_𝑛𝑎𝑚𝑒 (𝑙𝑜𝑠𝑠_𝑛𝑎𝑚𝑒);
14: 𝑙𝑜𝑠𝑠_𝑛𝑎𝑚𝑒 ← 𝑓 𝑢𝑙𝑙_𝑛𝑎𝑚𝑒_𝑡𝑜_𝑠𝑛𝑎𝑘𝑒_𝑛𝑎𝑚𝑒 (𝑙𝑜𝑠𝑠_𝑛𝑎𝑚𝑒);
15: 𝑒𝑠𝑡𝑑 ←𝑚𝑎𝑘𝑒_𝑠𝑡𝑟𝑖𝑛𝑔_𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡 (𝑙𝑜𝑠𝑠_𝑛𝑎𝑚𝑒);
16: else
17: 𝑒𝑠𝑡𝑑 ← 𝑒;
18: end if
19: return 𝑒𝑠𝑡𝑑 ;

class name. And if is used in form of attribute (e.g., keras.losses.mean_squared_error), loss name is
obtained from attribute name. Then, loss name is converted from short name (e.g., ’mse’) to full
name (e.g., ’mean_squared_error’), and then is converted from full name (e.g., ’MeanSquaredError’)
to snake name (e.g., ’mean_squared_error’). PFT transforms 𝐸𝑝 and 𝐸𝑜 to their standard forms 𝐸#𝑝
and 𝐸#𝑜 . If 𝐸#𝑝 equals 𝐸#𝑜 , the patch is filtered out. Third, if the input shape or output shape of the
generated patch is inappropriate, it will be discarded. PFT first extracts the input and output shapes
of the layer 𝐿𝑚𝑎𝑠𝑘 corresponding to 𝐸𝑝 and 𝐸𝑜 . If the shape of 𝐿𝑚𝑎𝑠𝑘 is not changed, the patch will
be retained directly. Next, PFT determines whether the shape modification of this layer affects
the shapes of the overall network, based on the contextual information of 𝐿𝑚𝑎𝑠𝑘 (e.g., the index of
𝐿𝑚𝑎𝑠𝑘 and the type of previous/next layer of 𝐿𝑚𝑎𝑠𝑘 ). For instance, if the 𝐿𝑚𝑎𝑠𝑘 is the penultimate
layer and its output shape is changed, and if the final layer employs a ReLU activation function
(which maintains the same output shape as its input), then the overall output shape of the network
will also change. For cases like these, as mentioned in Section 3.2.1, we do not care the bugs related
to shapes, hence if the input or output shape of the DNN changes, the patch will be filtered out.

Overall, this tool is used to improve validation efficiency by simply eliminating redundancy (e.g.,
generating the same element) and obvious issues (e.g., generating the pacthed DNN with error
input/output shape) in the final patch candidates. Also taking Figure 2d as an example, it is shown
that 12 patches are discarded in the patch filtering process in total. Consequently, only 3 patches
remain, which will subsequently proceed to the patch validation stage.

3.5 Patch Validation
Inspired by studies related to APR for traditional software development (Ghanbari, 2020, Ghanbari
andMarcus, 2022, Liu et al., 2019, Meng et al., 2022, Xia et al., 2023b, Xia and Zhang, 2022, Zhang et al.,
2023), a patch validation process is needed to evaluate the DNN repair performance. However, due to
the stochastic nature of DNN model training and inference, traditional test-driven patch validation
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methods fall short, as they are designed for deterministic scenarios and cannot accommodate the
inherent output variability. Therefore, we design a patch validation method specifically for DNN
repair tasks, which cares about three distinct types of patches:

• Weak Correct Patch: Patches that demonstrate a statistically significant improvement in
performance compared to the original buggy model.
• Strong Correct Patch: Patches whose performance is greater than or equal to that of the
corresponding ground truth model.
• Semantically Matched Patch: Patches whose source code is semantically equivalent to the
corresponding ground truth model.

Specifically, we perform multiple rounds of training for each buggy model, ground truth model,
and generated patch candidate first. This repetition helps to minimize the impact of randomness
on the evaluation results.

To determine if a patch qualifies as a weak correct patch, we first check whether there is a
significant statistical difference between the distribution of the performance of the patched DNN
(i.e., 𝑃𝐷P , where 𝑃𝐷 indicates the performance of DNN) and that of the original buggy DNN 𝑃𝐷O
using the following equation (Humbatova et al., 2021, Jahangirova and Tonella, 2020):

ℎ𝑎𝑠𝑆𝑖𝑔𝐷𝑖 𝑓 𝑓 (O,P, 𝑋 ) =


𝑡𝑟𝑢𝑒 if effectSize(𝑃𝐷O (𝑋 ), 𝑃𝐷P (𝑋 )) ≥ 𝛽

& pValue(𝑃𝐷O (𝑋 ), 𝑃𝐷P (𝑋 )) < 𝛼

𝑓 𝑎𝑙𝑠𝑒

 (1)

where 𝛼 and 𝛽 are thresholds that control the statistical significance and effect size, while X
represents the testing set. We employ the generalized linear model (GLM) (Nelder and Wedderburn,
1972) for the calculation of statistical significance and Cohen’s d (Cohen, 1992) for the effect size. If
the accuracy distribution of the patched DNN significantly differs from that of the original model,
we further examine whether the average accuracy of the patched DNN surpasses that of the original
one. A patch is classified as weak correct if both conditions are satisfied.
To determine if a patch qualifies as a strong correct patch, we first calculate the average

performance. If the patch performance is equal to or exceeds that of the ground truth, it is considered
strong correct. Additionally, if a patch’s performance is marginally lower than the ground truth
but does not exhibit a significant difference (as determined by Equation 1), we still consider the
patch to be on par with the ground truth model.
To determine if a patch qualifies as a semantically matched patch, we standardize all

elements in both the patch and the ground truth model as outlined in Section 3.4. If the transformed
source code is equivalent to that of the ground truth model, the patch is deemed a semantically
matched patch.

By analyzing the presence of these three patch types within the generated patch candidates for
each buggy model, we can comprehensively evaluate the performance of the DNN repair methods.
Specifically, we use the following three metrics, corresponding to the three types of patches.

(1)Weak Repair Count (WRC): This metric represents the number of DNNs whose correspond-
ing patch candidates contain at least one weak correct patch. This metric reflects the method’s ability
to generate patches that significantly improve model performance, with each DNN considered
weakly repaired if it contains at least one weak correct patch.

(2) Strong Repair Count (SRC): This metric quantifies the number of DNNs whose correspond-
ing patch candidates contain at least one strong correct patch. This metric evaluates whether the
generated patches can achieve performance levels comparable to the ground truth, indicating that
a DNN is strongly repaired if it includes at least one strong correct patch.
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(3) Semantically Matched Count (SMC): This metric indicates the number of DNNs whose
patch candidates contain at least one semantically matched patch. This metric assesses the accept-
ability of the generated patches from the developers’ perspective, reflecting whether the repair
method can produce solutions that are fully aligned with the developer’s intent.

4 Evaluation
4.1 ResearchQuestions
In this paper, we study the following research questions:
• RQ1: How does MLM4DNN perform in DNN repair compared to existing techniques?
• RQ2: How do the main designs of proposed MLM4DNN impact its overall effectiveness?
• RQ3: How does MLM4DNN perform across different base models, and how does it improve
performance compared to using models alone?

4.2 Evaluation Metrics
We validate the generated patches according to the approach described in Section 3.5 and evaluate
the repair performance of the DNN repair methods using three metrics WRC, SRC, and SMC.
Among these metrics, higher values are preferable, indicating improved performance in methods.

4.3 Benchmark Construction
We collect 48 buggy DNN models from the publicly accessible repository of the prior research
DeepFD (Cao et al., 2022)4, which are real-world DNNs implemented in Keras from Stack Overflow
and GitHub and are used by previous studies (Cao et al., 2022, Wardat et al., 2022, 2021). Due to
the existence of multiple fixes within a single model, we decompose each bug location and the
corresponding repair action into an independent repair task. Through this approach, we obtain a
total of 89 test samples containing individual repair behaviors. However, not all samples represent
true bugs, as previous studies lack rigorous statistical analyses of their performance. Therefore,
we conduct further filtering of these samples. Specifically, for each buggy sample, we train it and
its corresponding ground truth model 𝑁 times and then apply Equation 1 to determine if there
is a significant performance difference between the two. If a significant difference is found and
the performance of the ground truth model is better than that of the buggy sample, the sample is
retained; otherwise, it is discarded. In our experiments, following the previous studies (Cao et al.,
2022, Humbatova et al., 2021), which also employ this formula for further checking of possible
buggy DNNs, we set 𝑁 to 20, 𝛼 to 0.05, and 𝛽 to 0.2. After filtering, a total of 51 buggy samples are
retained. Then, we ensure that these DNNs are not included in our training dataset by querying
them in models of the training dataset, in order to avoid data leakage. Subsequently, we develop an
automated evaluation tool for this benchmark, based on the patch validation process described
in Section 3.5, using the same values for 𝑁 , 𝛼 , and 𝛽 as those employed in the filtering of buggy
samples. This tool automatically identifies three types of patches (i.e., weak correct patch, strong
correct patch, and semantically matched patch) from the patch candidates for each buggy DNN
and outputs the three metrics outlined in Section 4.2.

Finally, we construct the benchmark, denoted as 𝐵𝑒𝑛𝑐ℎ𝑚𝑎𝑟𝑘𝐴𝑃𝑅4𝐷𝑁𝑁 , including 51 buggy DNN
samples and a tool designed to evaluate the effectiveness of DNN repair methods on this benchmark.
Through manual analysis, we conclude that the benchmark includes DNNs with two to more than
ten layers, incorporating various modules such as dense, convolutional, recurrent, pooling, and

4The paper of DeepFD mentions 58 buggy models, but only 48 are available in its public repository: https://github.com/
ArabelaTso/DeepFD
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dropout layers. And the application domains covered span natural language processing (NLP),
computer vision (CV), cybersecurity, physics, botany, and other fields.

4.4 Experimental Settings
First, we split𝐷𝑎𝑡𝑎𝑠𝑒𝑡𝑀𝐿𝑀 into training, validation, and test sets by allocating the samples according
to the DNNs they originate from via a ratio of 8:1:1. As a result, we obtain the training set with
89728 samples, the validation set with 11620 samples, and the test set with 11427 samples. We set
the𝑚𝑎𝑥_𝑠𝑜𝑢𝑟𝑐𝑒_𝑙𝑒𝑛𝑔𝑡ℎ of the UniXcoder to 1000 and the𝑚𝑎𝑥_𝑡𝑎𝑟𝑔𝑒𝑡_𝑙𝑒𝑛𝑔𝑡ℎ to 24, as 90% of the
training samples have output lengths of fewer than 24 tokens. The AdamW optimizer (Loshchilov
and Hutter, 2019) is adopted with the following detailed setups: 𝑙𝑟 = 5𝑒 − 5, 𝛽1 = 0.9, 𝛽2 = 0.999,
𝜖 = 1𝑒 − 8. We set random seed as 1234 to enhance the reproducibility, and fine-tune 10 epochs
on 𝐷𝑎𝑡𝑎𝑠𝑒𝑡𝑀𝐿𝑀 to enable the pre-trained UniXcoder model to sufficiently learn deep semantic
knowledge for the DNN element prediction task.
All the experiments are conducted on Ubuntu 22.04.4 LTS server with 48 cores of 3.2GHz CPU,

264GB RAM, and NVIDIA Tesla A100 GPUs with 40GB memory.

4.5 Baselines
We select the following DNN repair methods as baselines, including two dynamic-based methods
and four zero-shot learning-based methods.
(1) AUTOTRAINER (Zhang et al., 2021). AUTOTRAINER is the state-of-the-art automated

DNN bug repair system based on dynamic analysis, supporting five predefined bugs, including
vanishing gradient, exploding gradient, dying ReLU, oscillating loss, and slow convergence. For
each buggy DNN model, when a problem is detected, the predefined solution for the problem will
be applied, and the new model will be retrained until it passes the validation process. We use the
default settings provided in its open source repository 5.

(2) DeepDiagnosis (Wardat et al., 2022).DeepDiagnosis is an automatedmethod for diagnosing
bugs and recommending actionable fix suggestions for the given DNN programs, which intercepts
the training process once a predefined bug pattern is detected. However, it is not designed to
directly repair bugs in DNN models. To solve this issue, we manually analyze the actionable bug fix
suggestions generated by DeepDiagnosis, which are occasionally coarse-grained. For example, it
might recommend changing a certain activation function to a more suitable one without specifying
the exact replacement. In our evaluation, we apply a comparatively lenient standard, considering
such cases as correct.

Additionally, we design and implement a DNN repair method leveraging the zero-shot learning
capabilities of Large LanguageModels (LLMs), including it as part of our baselines. This broadens the
scope of our comparative experiments, and the evaluation results of this zero-shot learning-based
method can provide valuable references for future research in the field.
First, following the existing approach (Xia and Zhang, 2024), we set the system prompt for the

used LLM to “You are an Automated Program Repair tool” to inform it of its role as an APR tool.
Next, we specifically design a prompt consisting of the following three parts: (1) to inform the
LLM that we will provide a Keras (Chollet, 2015) model training code snippet containing a bug;
(2) to provide the buggy DNN code mentioned above; and (3) to specify requirements aimed at
preventing unnecessary output. Before patch filtering, MLM4DNN generates the same number
of patches as the detected key elements in the given buggy DNN. To ensure fairness, we follow
existing studies (Kolak et al., 2022, Prenner et al., 2022, Xia et al., 2023a,b, Xia and Zhang, 2024)
by using sampling method to generate an equivalent number of patches. Following the previous

5https://github.com/shiningrain/AUTOTRAINER
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Table 3. Comparative Analysis of Repair Results by Different Techniques. Here n.a. means Not Available, and
the notation X (Y%) indicates the count X and its corresponding percentage Y

Technique WRC SRC SMC

AUTOTRAINER 6 (11.76%) 2 (3.92%) 0 (0.00%)
DeepDiagnosis7 n.a. n.a. 10 (19.61%)
DeepSeek-Coder 27 (52.94%) 15 (29.41%) 1 (1.96%)
Llama 3 30 (58.82%) 21 (41.18%) 0 (0.00%)
GPT-3.5 33 (64.71%) 20 (39.22%) 2 (3.92%)
GPT-4o 33 (64.71%) 21 (41.18%) 3 (5.88%)

MLM4DNN 45 (88.24%) 36 (70.59%) 25 (49.02%)

studies (Xia et al., 2023a, Xia and Zhang, 2024), we use nucleus sampling with a top-p value of 1
and a temperature of 1 in order to get a diverse set of patches. All patches generated for a buggy
DNN are saved as a candidate patch set for subsequent patch validation. It is important to note that
the bug locations are not provided, ensuring that the same configuration is used for MLM4DNN as
well as for other baselines.

We implement this method with a series of instruction-tuned LLMs that achieve good per-
formance on code-related tasks. (1) Llama 3 (Touvron et al., 2023), which is designed for a
wide range of NLP tasks, including coding-related activities. In our experiment, we use Llama-
3-8B-Instruct. (2) DeepSeek-Coder (Guo et al., 2024), an LLM trained on a real-world code
corpus, which enhances its proficiency in coding-related tasks, including debugging. We employ
DeepSeek-Coder-6.7B-Instruct. (3) GPT-3.5 (OpenAI, 2022) and GPT-4o (OpenAI, 2024), which
are pre-trained LLMs developed by OpenAI 6 and have demonstrated state-of-the-art performance
in the APR task (Xia and Zhang, 2024). We access them through the APIs of gpt-3.5-turbo-0125 and
gpt-4o-mini-2024-07-18, respectively.
In summary, we compare a total of six baselines, including two dynamic methods (i.e., AUTO-

TRAINER, DeepDiagnosis) and four zero-shot learning-based methods (i.e., Llama 3, DeepSeek-
Coder, GPT-3.5, and GPT-4o).

4.6 Results and Discussion
We investigate the following research questions to provide an analysis of the experimental results.

RQ1: How does MLM4DNN perform in DNN repair compared to existing techniques?
To answer this RQ, we evaluate the repair effectiveness of MLM4DNN and six baseline methods

(as detailed in Section 4.5) on 𝐵𝑒𝑛𝑐ℎ𝑚𝑎𝑟𝑘𝐴𝑃𝑅4𝐷𝑁𝑁 . Table 3 shows the experimental results of these
seven methods, including two existing methods specifically designed for DNN debugging (top,
i.e., AUTOTRAINER (Zhang et al., 2021) and DeepDiagnosis (Wardat et al., 2022)), four zero-shot
learning-based methods (middle, i.e., DeepSeek-Coder (Guo et al., 2024), Llama 3 (Touvron et al.,
2023), GPT-3.5 (OpenAI, 2022), and GPT-4o (OpenAI, 2024)), and our method (bottom).

The repair results show that our method outperforms all baseline approaches across three metrics
(i.e., WRC, SRC, and SMC). In terms of improving model performance (i.e., WRC), MLM4DNN
significantly enhances the performance of 45 out of 51 buggy models, covering over 88% of the

6https://openai.com
7For DeepDiagnosis, only the SMC is calculated by manually checking if the suggestions match the developers’ fixes, as the
other two metrics are not applicable to this method.
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Table 4. Comparative Analysis with Different Designs for MLM4DNN. Here the notation X (Y%) indicates
the count X and its corresponding percentage Y.

Model Variants WRC SRC SMC

MLM4DNN 45 (88.24%) 36 (70.59%) 25 (49.02%)

𝑀𝑜𝑑𝑒𝑙𝑛𝑜−𝑝𝑟𝑒𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 9 (17.65%) 6 (11.76%) 4 (7.84%)
𝑀𝑜𝑑𝑒𝑙𝑛𝑜−𝑓 𝑖𝑛𝑒−𝑡𝑢𝑛𝑖𝑛𝑔 22 (43.14%) 11 (21.57%) 0 (0.00%)
𝑀𝑜𝑑𝑒𝑙𝑛𝑜−𝑑𝑎𝑡𝑎−𝑐𝑜𝑛𝑡𝑒𝑥𝑡 45 (88.24%) 33 (64.71%) 16 (31.37%)
𝑀𝑜𝑑𝑒𝑙𝑛𝑜−𝑒𝑙𝑒𝑚𝑒𝑛𝑡−𝑚𝑎𝑠𝑘𝑖𝑛𝑔 43 (84.31%) 29 (56.86%) 7 (13.73%)
𝑀𝑜𝑑𝑒𝑙𝑛𝑜−𝑝𝑎𝑡𝑐ℎ−𝑓 𝑖𝑙𝑡𝑒𝑟𝑖𝑛𝑔 45 (88.24%) 36 (70.59%) 25 (49.02%)

samples in 𝐵𝑒𝑛𝑐ℎ𝑚𝑎𝑟𝑘𝐴𝑃𝑅4𝐷𝑁𝑁 . In contrast, AUTOTRAINER only achieves significant perfor-
mance improvements in 6 models. Additionally, compared to zero-shot learning-based methods,
MLM4DNN outperforms its best competitor, GPT-4o, by 36.36%. In terms of meeting developers’
expected performance (i.e., SRC), MLM4DNN enables over 70% of models to reach the desired
performance, significantly outperforming AUTOTRAINER and surpassing GPT-4o’s success rate
of 41.18% by 71.43%. In terms of meeting developers’ expectations for source code matching (i.e.,
SMC), MLM4DNN successfully generates patches that align with the ground truth for nearly half
of the buggy models, while all other methods perform poorly on this metric. Among these, Deep-
Diagnosis is the best-performing method aside from MLM4DNN, successfully providing correct
repair suggestions for 10 buggy models (as mentioned in Section 4.5, note that this method does
not generate patches directly, but rather offers suggestions).

In summary, our method outperforms the other six methods across all three metrics, particularly
demonstrating a significant advantage in the SMC metric. On one hand, MLM4DNN outperforms
four zero-shot learning-based methods. The results demonstrate that the idea of fine-tuning MLMs
on 𝐷𝑎𝑡𝑎𝑠𝑒𝑡𝑀𝐿𝑀 is able to improve the DNN model repair performance. By systematically masking
and reconstructing key elements from correct DNN code, it is possible to make LLMs learn deep
semantic features necessary for ensuring the normal functionalities of DNN models. Subsequently,
when bugs occur in certain critical components, the well-trained LLMs are capable of predicting
the correct elements to repair them, thereby achieving APR implementations for DNN code. On
the other hand, MLM4DNN also surpasses two existing dynamic-based methods. In contrast to
these two methods, MLM4DNN generates patches solely based on the static DNN code, without
relying on any dynamic features. The experimental results demonstrate that repairing DNN models
using only static information is feasible and can yield outstanding performance by employing a
learning-based approach that comprehends deep semantics and generates high-quality patches.

RQ1 Summary: MLM4DNN significantly outperforms all six baseline methods across three
key metrics (i.e., WRC, SRC, and SMC) with the element-based fine-tuning and patch genera-
tion method, without relying on dynamic features from model training.

RQ2: How do the main designs of proposed MLM4DNN impact its overall effectiveness?
In this RQ, we explore the effectiveness of the five main designs of MLM4DNN. The experimental

results are shown in Table 4. The following section provides a detailed discussion of the experimental
setup and the analysis of the results.

(1) Without Pretraining. We train the element prediction model for MLM4DNN from scratch
on our 𝐷𝑎𝑡𝑎𝑠𝑒𝑡𝑀𝐿𝑀 , using the same architecture and configurations as UniXcoder fine-tuning. The
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repair results are presented in the second row of Table 4. This variant can achieve only a WRC of 9
(17.65%), SRC of 6 (11.76%), and SMC of 4 (7.84%). Compared to other variants, MLM4DNN without
pretraining phase performs almost the worst across three metrics, except for SMC, where it outper-
forms only𝑀𝑜𝑑𝑒𝑙𝑛𝑜−𝑓 𝑖𝑛𝑒−𝑡𝑢𝑛𝑖𝑛𝑔. The experimental results indicate that the pre-trained knowledge
in UniXcoder is crucial for MLM4DNN. Training solely on 𝐷𝑎𝑡𝑎𝑠𝑒𝑡𝑀𝐿𝑀 does not lead to satisfactory
performanc e for MLM4DNN. On the other hand, by comparing with 𝑀𝑜𝑑𝑒𝑙𝑛𝑜−𝑓 𝑖𝑛𝑒−𝑡𝑢𝑛𝑖𝑛𝑔, we
observe that the knowledge acquired from 𝐷𝑎𝑡𝑎𝑠𝑒𝑡𝑀𝐿𝑀 alone enables a breakthrough in the SMC
metric, highlighting the importance of domain-specific datasets from an indirect perspective.

(2) Without Fine-tuning.We directly utilize the original UniXcoder without fine-tuning to pre-
dict themasked elements in this variant. As shown in the third row of Table 4, the𝑀𝑜𝑑𝑒𝑙𝑛𝑜−𝑓 𝑖𝑛𝑒−𝑡𝑢𝑛𝑖𝑛𝑔
variant outperforms𝑀𝑜𝑑𝑒𝑙𝑛𝑜−𝑝𝑟𝑒𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔, achieving a WRC of 22 (43.14%) and SRC of 11 (21.57%),
but it performs the worst on SMC, with a value of 0. The results indicate that MLM with substantial
pre-trained knowledge can achieve certain effectiveness in DNN repair tasks. However, there
remains a significant gap when compared to the complete MLM4DNN. On the other hand, through
a comparative analysis of the experimental results from this variant and the 𝑀𝑜𝑑𝑒𝑙𝑛𝑜−𝑝𝑟𝑒𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔
variant, we can find that the two variants each have their strengths and weaknesses across the three
metrics. By combining both approaches, MLM4DNN achieves optimal performance, demonstrating
a significant improvement over these two variants, exhibiting a multiplicative enhancement.
(3) Without Data Context. As mentioned in Section 3.2.2, we extract the full context of each

DNN model (i.e., data context and model context). To evaluate the effectiveness of this design, we
construct this variant. We remove the data contexts from all DNNs in 𝐷𝑎𝑡𝑎𝑠𝑒𝑡𝑀𝐿𝑀 and then fine-
tune a new model over the processed dataset. During the repair phase, the input buggy models from
𝐵𝑒𝑛𝑐ℎ𝑚𝑎𝑟𝑘𝐴𝑃𝑅4𝐷𝑁𝑁 undergo the same operation. This variant achieves a WRC of 45 (88.24%), SRC
of 33 (64.71%), and SMC of 16 (31.37%). By incorporating the data context, the complete MLM4DNN
outperforms this variant by 9.09% on SRC and 56.25% on SMC. The experimental results underscore
the importance of the data context (i.e., code snippets related to data loading and preprocessing),
which can guide the selection of appropriate model structure, loss functions, and more, thereby
enhancing the repair performance of MLM4DNN. In contrast, previous methods (Wardat et al., 2022,
Zhang et al., 2021) have primarily focused on either static or dynamic semantic features of model
context, ignoring the significance of data context. Our element-based MLM fine-tuning method
addresses this gap.

(4) Without Element Granularity Masking. In the implementation of MLM4DNN, we employ
a finer-grained masking strategy by masking element-level tokens in the DNN code, as discussed in
Section 3.2.1. To evaluate the effectiveness of this design, we implement this variant by modifying
the masking granularity to replace the entire buggy code line with the symbol <mask>. This
coarser-grained masking strategy is applied in both the element-based MLM fine-tuning and the
element-based DNN patch generation phases. The variant achieves a WRC of 43 (84.31%), SRC of
29 (56.86%), and SMC of 7 (13.73%). In comparison, the element-based MLM4DNN outperforms this
variant by 4.65% on WRC and 24.14% on SRC. More importantly, this design significantly enhances
the repair performance, improving SMC by 257%. The results demonstrate that our element-based
fine-tuning and repair method can enhance the overall performance of our method.

(5) Without Patch Filtering. As described in Section 3.4, low-quality patches generated during
the repair process will be filtered out, allowing only the filtered patch candidates to proceed to the
patch validation phase. To evaluate the effectiveness of PFT, we construct this variant by disabling
patch filtering, resulting in all generated patches being directly input into the validation phase. The
results are listed in the sixth row of Table 4. Notably, this variant exhibits the same values across the
three metrics as the complete MLM4DNN, as the discarded patches are not valid patches. In other
words, this design only alters the ranks of the patches we care about (i.e., weakly correct, strongly
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Table 5. Performance Comparison of MLM4DNN and Zero-Shot-based Method Across Different LLMs. Here
the notation X (Y%) indicates the count X and its corresponding percentage Y.

Technique Model WRC SRC SMC Tokens

MLM4DNN
(with fine-tuning)

UniXcoder (127M) 45 (88.24%) 36 (70.59%) 25 (49.02%) -
CodeT5-Small (60M) 42 (80.39%) 27 (52.94%) 23 (45.10%) -
CodeT5-Base (220M) 42 (80.39%) 29 (56.86%) 21 (41.18%) -
CodeT5-Large (770M) 45 (88.24%) 33 (64.71%) 21 (41.18%) -
InCoder (1B) 45 (88.24%) 36 (70.59%) 23 (45.10%) -

MLM4DNN
(with prompting)

Llama 3 (8B) 34 (66.67%) 19 (37.25%) 6 (11.76%) 231,155
DeepSeek-Coder (6.7B) 37 (72.55%) 23 (45.10%) 4 (7.84%) 373,422
GPT-3.5 (Closed Source) 37 (72.55%) 22 (43.14%) 11 (21.57%) 236,305
GPT-4o (Closed Source) 47 (92.16%) 33 (64.71%) 14 (27.45%) 235,826

Zero-Shot

Llama 3 (8B) 30 (58.82%) 21 (41.18%) 0 (0.00%) 462,543
DeepSeek-Coder (6.7B) 27 (52.94%) 15 (29.41%) 1 (1.96%) 721,722
GPT-3.5 (Closed Source) 33 (64.71%) 20 (39.22%) 2 (3.92%) 454,329
GPT-4o (Closed Source) 33 (64.71%) 21 (41.18%) 3 (5.88%) 470,148

correct, and semantically matched patches) among the patch candidates for each buggy DNN. We
analyze the ranks of the first weak correct patch, strong correct patch, and semantically matched
patch among the generated patch candidates for each buggy DNN. For the complete MLM4DNN,
the average ranks of three types of patches are 1.73, 2.75, and 2.96, respectively, whereas for this
variant, the averages are 2.87, 4.19, and 5.68. The results demonstrate that our PFT can optimize
the ranks of these three types of patches, thereby saving time and computational resources during
patch validation, which highlights the usability of our patch filtering design.

RQ2 Summary: Pretraining, fine-tuning, data context, and element granularity masking sig-
nificantly enhance the effectiveness of MLM4DNN, while patch filtering improves validation
efficiency without affecting the overall repair effectiveness.

RQ3: How does MLM4DNN perform across different base models, and how does it
improve performance compared to using models alone?

To evaluate the effectiveness of MLM4DNN using different base models and investigate whether
the performance of these models can be improved by applying our element-based patch generation
method, we further conduct more extensive experiments. As shown in Table 5, we replace our
base model (i.e., UniXcoder) with four other MLMs, fine-tune new element prediction models, and
implement a series of MLM4DNN variants:

(1) CodeT5 (Wang et al., 2021): A model family that follows T5’s (Raffel et al., 2020) encoder-
decoder architectures, and is pre-trained on several code-specific tasks, including masked
tokens prediction. We train three new models based on CodeT5-Small, CodeT5-Base, and
CodeT5-Large.

(2) InCoder (Fried et al., 2023): A model family that follows XGLM (Lin et al., 2021)’s decoder-
only architecture and is also pre-trained on masked tokens prediction task. We train a new
model based on InCoder-1B.
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Additionally, we utilize four other instruction-tuned LLMs (i.e., Llama 3, DeepSeek-Coder, GPT-
3.5, and GPT-4o), as mentioned in Section 4.5, to perform the element prediction task by directly
querying them with prompts adapted from existing work (Zhang et al., 2023).
The experimental results for MLM4DNN and its eight variants are presented in the top and

middle sections of Table 5. To further explore the performance improvements that our element-
based method offers over using the same LLMs alone, we also include the results of four zero-shot
learning-based approaches at the bottom of the table.

(1) Using different models with MLM4DNN. Firstly, based on the results presented in Table 5,
MLM4DNN with UniXcoder outperforms other models in terms of SRC and SMC, despite having
only 127M parameters. While GPT-4o surpasses UniXcoder in the WRC metric, it falls short on
the other two metrics, especially SMC. Among the open-source models, InCoder most closely
approaches UniXcoder’s overall performance, but its larger parameter size requires more hardware
resources during training and inference. Overall, UniXcoder is the most suitable base model for
MLM4DNN. Secondly, comparing the three variants based on the CodeT5 models, we observe that
performance on the WRC and SMC metrics improves with an increase in parameter size. However,
when comprehensively comparing the performance of the five fine-tuned models—UniXcoder,
CodeT5 (small, base, and large), and InCoder, with parameter sizes ranging from 60M to 770M—we
find that larger parameter models do not necessarily hold a definitive advantage for DNN repair
tasks. Thirdly, the experimental results presented in the middle section of Table 5 indicate that the
application of prompt-based techniques for DNN repair element prediction within MLM4DNN is
feasible. Overall, GPT-4o performs closest to the fine-tuned UniXcoder, followed by GPT-3.5. How-
ever, the repair performance of these models is generally inferior to that of the fine-tuned models.
Additionally, they either have a larger number of parameters or are closed-source models, which,
when considering resource requirements, inference time costs, and security, do not demonstrate a
clear advantage.
(2) Using different methods with LLMs. On one hand, the performance of MLM4DNN

significantly outperforms that of methods using the same LLM alone, indicating that our element-
based patch generation method is effective and can substantially enhance DNN repair performance.
On the other hand, we record the total number of input and output tokens for two groups of
methods (i.e., the middle and bottom sections of Table 5), as shown in the Tokens column of Table 5.
The results demonstrate that the number of tokens consumed by MLM4DNN is significantly lower
than that consumed by zero-shot learning-based approaches. This is because our method only
requires the prediction of the tokens needed for an element at a time. In local model inference, the
number of tokens correlates positively with the consumption of hardware resources. In the case of
using closed-source models through remote API calls, the number of tokens consumed directly
determines the cost (e.g., OpenAI API charges based on token count 8). Therefore, our element-
based DNN repair method can improve performance while simultaneously reducing hardware and
economic costs.

RQ3 Summary: (1) MLM4DNN with UniXcoder achieves the best overall performance com-
pared to variants based on other base models. (2) Larger parameter models do not necessarily
offer a definitive advantage for MLM4DNN. (3) While prompt-based fill-in models are usable
for MLM4DNN, they do not provide benefits in hardware resource or time efficiency. (4) Our
element-based method significantly enhances performance compared to using LLMs alone.

8https://openai.com/api/pricing
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5 Threats to Validity
External Threat. Due to the lack of the DNN repair dataset, we only conduct experiments on
one benchmark, which may not include all DNN architectures and bug types. In the future, we
will evaluate the generalizability performance of MLM4DNN on more datasets. Another threat is
that we only focus on Keras (Chollet, 2015) in MLM4DNN, despite its alignment with previous
studies (Cao et al., 2022, Ghanbari et al., 2023, Wardat et al., 2022, 2021, Zhang et al., 2021). However,
since DNNs implemented across different libraries often share similar designs, our method could
be readily adapted to other popular deep learning frameworks. By implementing our specialized
toolkit—comprising MEFT, EMT, and PFT—in libraries such as PyTorch (Paszke et al., 2019), Ten-
sorFlow (Abadi et al., 2016), Caffe (Jia et al., 2014), and MXNet (Chen et al., 2015), MLM4DNN
can be transferred to these frameworks. Moreover, MLM4DNN can be flexibly extended by 1)
summarizing more element types to cover new bugs and 2) reusing our workflow to construct
dataset encompassing a wider range of DNN architectures, thereby adapting our approach to new
bugs or architectures.

Internal Threat. To construct 𝐵𝑒𝑛𝑐ℎ𝑚𝑎𝑟𝑘𝐴𝑃𝑅4𝐷𝑁𝑁 containing single-hunk bugs, based on buggy
models from DeepFD (Cao et al., 2022), we decomposed each bug location and the corresponding
repair action into an independent repair task, involving manual inspection. To reduce the threat,
all models are double-checked by two authors and publicly accessible at our repository 9. In the
future, we plan to expand our research to support the repair of multi-hunk bugs.

6 Conclusion
In this work, we propose MLM4DNN, a novel element-based DNN repair approach powered by a
fine-tuned MLM, generating patches by predicting masked elements within the buggy DNNs. Based
on nine element types defined for the DNN repair task, we construct a large-scale element prediction
dataset from the latest commits of top-rated GitHub repositories. We then fine-tune anMLM to learn
the element prediction tasks and design an element-based method to transform DNN repair tasks to
element prediction tasks. Next, we develop a post-processing tool to filter out low-quality patches by
leveraging light-weight static analysis. Finally, a validation tool is utilized to validate the generated
patches. Our extensive experiments demonstrate that MLM4DNN significantly outperforms six
baselines across three metrics, establishing its effectiveness in improving DNN repair performance,
particularly when leveraging a fine-tuned UniXcoder. Additionally, it surpasses methods using the
same LLM alone, confirming the effectiveness of our element-based DNN repair method.

7 Data Availability
Our source code and experimental data have been made publicly available for access and reuse,
which can be found at https://github.com/PGZXB/MLM4DNN.
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