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Abstract

Although logging practices have been extensively explored in conventional software sys-
tems, there remains a lack of understanding of how logging is applied in CUDA-based deep
learning (DL) systems, despite their growing adoption in practice. In this paper, we con-
duct an empirical study to examine the characteristics and rationales of logging practices
in these systems. We analyze logging statements from 33 CUDA-based open-source DL
projects, covering both general-purpose logging libraries and DL-specific logging frame-
works. For each type, we identify the development or execution phases in which the logs
are used, investigate the reasoning behind their usage, and the relationship between the
two different types of logging. Our quantitative analysis reveals that the majority of log-
ging statements occur during the model training phase, with significant usage also in the
model loading phase and model evaluation/validation phase. We also observe that logging
is predominantly used for monitoring purposes and tracking model-related information.
Furthermore, we found that complementary is the most prevalent relationship between
general and DL-specific logging. Our findings not only shed light on current logging prac-
tices in CUDA-based DL development but also provide practical guidance on when to use
DL-specific versus general-purpose logging, helping practitioners make more informed de-
cisions and guiding the evolution of DL-focused logging tools to better support developer
needs.
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Chapter 1

Introduction

Deep learning (DL) systems, with their exceptional ability to solve complex problems and
process big data efficiently, are pivotal in advancing modern technology and society. These
systems support major advancements across various domains, including computer vision,
where they enable real-time object detection in autonomous vehicles, and natural language
processing, where they support context-aware machine translation and text generation.
Compared to traditional software systems, DL systems exhibit greater complexity in both
software design and execution. For example, they rely on data-driven neural networks,
and process large volumes of unstructured data with the support of GPU/TPU acceler-
ation. This complexity makes ensuring their quality, performance, and maintainability
challenging.

Software logging is an important and widely used practice for capturing runtime infor-
mation in software systems, which facilitates various critical development and maintenance
activities, including assessing software quality [20, 33], spotting anomalies [12, 27], report-
ing errors [15], diagnosing performance issues [29], understanding system behaviors [13, 23],
as well as estimating code coverage [6].

The importance of software logging in ensuring software quality has been supported by
many existing studies.

For example, Yuan et al. [36], Chen and Jiang [5] analyze the logging practice in open-
source C/C++ and Java projects, respectively, Fu et al. [14] present the logging practice
in the Microsoft industrial systems, and Zeng et al. [37] explore the logging practice in
mobile applications.

However, these studies focus on traditional software systems, while logging practice in
DL systems still remains unclear.
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The findings from existing logging studies may not be directly applicable to DL systems,
particularly those involving GPU programming, where logs are typically generated on the
CPU side. Due to the architectural separation between the CPU and GPU, and the
asynchronous nature of GPU execution, traditional logging practices face limitations in
capturing runtime behavior within GPU kernels. In DL systems, CUDA has emerged as
the dominant platform for GPU programming. CUDA, developed by NVIDIA, provides
a parallel computing platform and programming model that helps developers accelerate
training and inference tasks by harnessing the power of GPU accelerators [30]. It is widely
adopted in popular frameworks such as TensorFlow, PyTorch, MXNet, etc. By studying
CUDA-based DL systems, this study aims to bridge the current research gap and provide
a deeper understanding of logging practices in GPU-accelerated DL systems.

Logging plays an even more important role in projects that leverage DL techniques
due to the unique characteristics of these projects. The DL model often functions as a
black box with complex internal states unobservable, making their behavior difficult to
understand and debug without proper observability [16]. Therefore, logging becomes an
important practice when using DL models as the log messages generated often serve as
the only source of information about the model. Logging statements in these projects
can help capture crucial information about model training processes (e.g., loss values,
learning rates), inference behaviors (e.g., prediction distributions), and resource utilization
(e.g., GPU memory consumption). This information is vital for reproducing experiments,
tracking model convergence, and ensuring model reliability in production environments.

To study logging practice in CUDA-based DL systems, we systematically collect a
set of open-source projects that use CUDA-related DL libraries and study the logging
practice in these projects, hoping to shed light on the research about logging in deep
learning-based projects. Specifically, our study investigates the usage of both general-
purpose and DL-specific logging libraries in studied DL systems. Our findings indicate
that the majority of the studied DL projects leverage both types of logging, highlighting
a complementary relationship rather than a substitutional one. Furthermore, our analysis
reveals that within the DL pipeline, the phases of model training and model loading are the
most frequently logged, underscoring their importance in model lifecycle management. We
also observe that the majority of logging content focuses on monitoring and model-related
information, with such an observation consistently present in both logging types. These
insights suggest that current DL logging tools should be optimized to address the specific
needs of DL developers, particularly in reducing the fragmentation caused by routing logs to
separate destinations through different frameworks. By aligning logging capabilities more
closely with common usage scenarios, future DL logging frameworks can better support
transparency, traceability, and debugging in DL workflows.
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The contributions of this thesis are as follows:

• To the best of our knowledge, this is the first study that analyzes the logging practice
in CUDA-based deep learning systems.

• We report seven findings concerning the characteristics of both general-purpose and
DL-specific logging, as well as their interrelationships, providing valuable insights for
future research on logging in CUDA-based deep learning systems.

• To facilitate the reproducibility of our work, we have made our dataset and code
publicly available 1.

Thesis organization. The thesis is structured as follows: Chapter 2 introduces the
background in Deep Learning pipelines, general and DL specific logging libraries. Chapter
3 describes the subjects we have studied and how we extract the related data. Chapter
4 explains the motivation, approach, and results of each research question. Chapter 5
presents the threats to validity of the study. Chapter 6 discusses the related work. Finally,
Chapter 7 concludes this thesis.

1https://github.com/A1ex-Chen/DL_project_log
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Chapter 2

Background

In this chapter, we will introduce the general architecture of a DL system: the DL pipelines,
and compare DL-specific logging libraries with general-purpose logging libraries.

1 Deep Learning Pipelines

DL pipelines are a series of steps that are used to build, train, and deploy deep neural
network models.

They enable the automation of DL workflows, making it easier for data scientists and
engineers to work with large datasets and complex algorithms. DL pipelines typically
consist of several stages. Each stage of the pipeline is designed to perform a specific task,
and the output of one stage is often used as the input for the next stage. This allows for
a seamless flow of data and information throughout the entire pipeline.

Figure 2.1 illustrates a general DL pipeline along with its key stages, according to prior
research [10, 3]. The pipeline begins with data collection and preprocessing, followed by
model development where the architecture is defined and hyperparameters are tuned. It
then proceeds to model training, where the model learns from the training data, and valida-
tion, where performance is evaluated on unseen data. After the model reaches the desired
performance, it is deployed to production environments. Throughout this process, moni-
toring and logging are essential to track the model’s performance, debug issues, and ensure
the system operates as intended. Each stage has distinct logging needs, from tracking data
distributions in preprocessing to monitoring inference latency in deployment.
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Data
Collection/Loading Data Processing Data Saving

Model Loading Model Configuration Model Training

Model Fine-tuning
Model Saving Model

Evaluation/Validation

Model DeploymentModel Monitoring

Figure 2.1: Overview of DL pipeline

2 General and Deep Learning specific logging libraries

In the context of DL systems, logging libraries can be categorized into two types:

• General-purpose logging libraries: General-purpose logging libraries, such as
Python’s built-in logging module [11], provide basic functionalities for recording
system runtime information. These libraries offer essential features for logging, such
as log levels for filtering logs, customizable formatting, and flexible output destina-
tions (console, files, or remote services).

For instance, the logging statement logging.info("Model training started")

records the initiation of deep learning model training, with the log message directed
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to a predefined output destination (e.g., console or file) in plain text format, as
specified by the configuration of the logging framework.

However, in the context of DL systems, general-purpose logging lacks built-in support
for tracking key artifacts such as model weights, gradients, loss curves, or evaluation
metrics over time. As a result, while such libraries remain useful for operational
and debugging purposes, they often fall short in supporting model development and
experimentation workflows.

• DL-specific logging libraries: To address the specialized needs of DL practi-
tioners, DL-specific tools such as Tensorboard and Weights & Biases (WandB) have
emerged as a DL-specific logging solution. These tools are designed for the deep
learning development lifecycle, focusing on experiment tracking, model performance,
and visualizing experiments. For instance, Figure 2.2a is used to log an image for
visualization in distributed training and record training information. Figure 2.2b
shows the visualization produced by this logging statement. Unlike general logging
which primarily records events after they happen, DL logging is actively incorporated
into the experimentation workflow.

(a) Example of DL-specific logging (b) Example of visualization capabilities

Figure 2.2: Distribution of general and DL-specific logging rationales
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Chapter 3

Case Study Setup

In this chapter, we describe how we collect the subjects under study and extract data from
them for quantitative and qualitative analysis [4].

1 Approach

We start collecting data by querying the GitHub REST API 1, which is a widely adopted
approach to mining information from Github [10, 17, 1], the largest open-source software
platform to date. As a result, we found 392 open-source subjects varying in size and
domain. These subjects were chosen because: (1) These projects are actively maintained
with regular contributions, (2) They contain different kinds of logging libraries, some of
which have been selected by prior studies [10], and (3) They must import CUDA-related
libraries, which have strong connections with GPU-accelerated DL frameworks.

1.1 Identifying CUDA-related Libraries

We first identify CUDA-related libraries used in deep learning frameworks. By system-
atically searching through research papers and conducting Google searches, we are able
to gather a list of common CUDA-related libraries. This approach allows us to identify
both standard NVIDIA CUDA libraries and domain-specific implementations that leverage

1https://api.github.com/
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projects

Extracting logging
statement

Quantitative and
qualitative
analysis

DL Projects Extracting logging
libraries

Figure 3.1: Overview of our research workflow.

GPU acceleration. We manually curate this list to ensure relevance and contemporary us-
age, resulting in a final set of five key CUDA-related libraries that are widely used in deep
learning projects: PyTorch, TensorFlow, CUDA, Numba, and PyCUDA. These libraries
represent the core GPU acceleration technologies commonly integrated into modern deep
learning frameworks and cover all levels of abstraction.

1.2 Extracting GitHub projects using CUDA-related Libraries

To find repositories that utilize CUDA-related libraries, we leverage the GitHub Search API
to search for projects that import or use our identified CUDA-related libraries. The GitHub
Search API is a feature of GitHub’s REST API that allows developers to programmatically
search for various items on GitHub. Following prior works [10], our approach includes these
steps: We construct search queries targeting repositories with imports in Python files. For
instance, we search for keywords like ’import torch’ and ’from torch’. These keywords are
designed to capture the usage of PyTorch in Python codebases. We also remove duplicates
from our results to ensure that each repository is counted only once. This methodology
yields 392 unique repositories that actively use CUDA-based GPU acceleration in their
codebase. To ensure diversity in our dataset, we include projects across different scales of
popularity, contribution activity, and application domains.

1.3 Projects sampling

To ensure a diverse representation of projects, we sample 33 projects from the initial set
of repositories. This sampling process is designed to capture a wide range of project
characteristics. The final dataset consists of projects that vary in their use of CUDA-
related libraries, providing a comprehensive overview of how these libraries are integrated
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into different codebases. By working with a manageable subset of projects that use CUDA-
related libraries, we can perform more in-depth analysis of logging statements within these
codebases. This approach allows us to identify patterns in how developers log information
related to GPU operations, memory management, and computational performance.

1.4 Extracting logging libraries

To identify the logging libraries used in the sampled projects, we perform a search for
logging libraries in Python. We focus on libraries that are widely adopted and have a
significant presence in the Python ecosystem. Following a similar approach to identifying
CUDA-related libraries, we conduct a systematic search through research papers and rel-
evant websites that discuss Python logging libraries. By analyzing the results, we compile
a list of logging libraries used in Python projects.

Our comprehensive list includes both general-purpose logging libraries and machine
learning-specific logging libraries, which differ significantly in their functionality and pur-
pose:

General-purpose logging libraries These libraries (like Python’s built-in logging module,
Loguru, and structlog) primarily focus on application diagnostics, error tracking, and sys-
tem monitoring. They typically provide functionality for logging events at different severity
levels, formatting log messages, and directing logs to various outputs like files, console, or
external services. Their primary use case is debugging applications and monitoring system
health.

Machine learning-specific logging libraries These specialized libraries (such as TensorBoard,
MLflow, and Weights & Biases) are designed for experiment tracking, model development,
and performance evaluation in machine learning workflows. They offer features for tracking
experiment metrics, hyperparameters, and model artifacts, as well as visualizing training
progress through dashboards and interactive plots. These libraries emphasize reproducibil-
ity, comparison between experiment runs, and collaboration among data scientists.

This distinction in logging approaches is particularly relevant to our study, as deep
learning projects may utilize either or both types of logging libraries depending on their
specific requirements and development practices.
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Chapter 4

Case Study Result

In this section, we present the study results of the research questions.

1 RQ1: What are the characteristics of logging prac-

tice in deep learning systems?

1.1 Motivation

Logging practices have been extensively studied in traditional software systems [36, 5, 37],
but their application in DL systems remains underexplored. Although there are studies
[10] on logging practices in modern software systems, they focus on ML systems and lack
exploration of DL systems. DL systems present distinct characteristics that differ signif-
icantly from traditional software systems, such as high computational complexity, non-
deterministic behavior, and resource-intensive operations, making effective logging prac-
tices essential for debugging, monitoring, and performance optimization. By understanding
the characteristics of logging practices in DL systems, we aim to uncover how developers
address logging-related challenges and identify areas for improvement in logging practices.

The results are expected to contribute to enhancing the quality, reliability, and main-
tainability of DL software projects.
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1.2 Approach

Following a similar approach to the prior research [10], we study the characteristics of the
logging practices in the DL systems from the following aspects:

• Project-level characteristics:

According to the prior research approaches [10], we first identify the project-level
characteristics of logging practices in DL systems using four metrics: (1) number of
stars, (2) number of commits, (3) number of contributors, and (4) source lines of code
(SLOC).

• Library-level characteristics:

We then study the library-level characteristics of logging practices in DL system, with
a focus on analyzing the use of DL-specific vs. general-purpose logging libraries.

The process of extracting logging libraries from DL systems involves both automated
and manual approaches. We began with an automated approach using Python’s
Abstract Syntax Tree (AST) to parse each code file and extract import statements.
These import statements were then compared against our curated list of known log-
ging libraries to identify logging framework usage across projects. For ambiguous
cases or custom logging implementations, we conducted manual analysis to ensure
accurate identification.

• Density of logging statements: We measure the density of logging statements
to reflect the popularity of logging in DL systems. Projects with higher density
often exhibit a stronger emphasis on debugging and monitoring, which is critical for
DL systems due to their complexity and non-deterministic behavior. The density is
calculated as the ratio of the number of logging statements (Nlogs) in the DL project
to the total source lines of code (NSLOC), expressed as NSLOC

Nlogs
. This metric provides

a quantitative measure of the emphasis on logging within a DL project. For each
studied project, we use the scc1 tool to calculate the total source lines of code in all
Python files. We then count the number of logging statements by identifying calls
to both general and DL-specific logging methods. Our logging statement extraction
is based on the logging libraries identified in the previous aspect and is conducted
using a Python AST parser as well.

1https://github.com/boyter/scc
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Figure 4.1: Distribution of selected deep learning projects across metrics

1.3 Results

In this section, we present our study results based on the three aspects mentioned above.

Project-level characteristics. Figure 4.1 provides an overview of the project-level char-
acteristics of logging practices, which shows the diversity of our project selection. In this
figure, the distributions of stars, contributors, and commits show similar trends, with the
majority of DL projects clustered at the lower end of each metric. This suggests that
many DL systems are relatively new or less mature in terms of community engagement
and development history. In contrast, SLOC differs evidently, with many projects having
higher SLOC values, which indicates that DL projects can be complex in their implemen-
tation, and such complexity makes logging practices very important for understanding the
behavior of DL systems.

Library-level characteristics. Table 4.1 presents an overview of the logging libraries
involved in this study. It can be observed that DL systems include many DL-specific
logging libraries that have been overlooked by prior logging studies, which highlights the
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necessity of this study.

Table 4.1: Summary of logging libraries used in studied DL systems.

Type Library Stars Contrib. Releases Main Purpose

DL-specific

logging

MLflow 14,076 573 65 Experiment tracking and management

Wandb 5,800 127 113 Visualization and experiment tracking

TensorBoard 6,195 224 49 Training visualization and metrics monitoring

PyTorch Lightning 23,819 801 107 Training organization and logging

Comet ml 2,114 17 42 Experiment and model management

ClearML 4,388 112 54 ML workflow automation and tracking

DLLogger 251 18 5 Performance tracking for deep learning

Accelerate 5,745 228 37 Training optimization and monitoring

Neural compressor 1,412 83 19 Model optimization and benchmarking

ColossalAI 34,583 309 29 Distributed training management

General

logging

Logging 51,877 2,234 540 Standard Python logging facilities

Structlog 3,473 133 43 Structured logging for Python

Loguru 16,113 78 30 Simplified logging with enhanced features

Sentry sdk 4,578 291 453 Error tracking and performance monitoring

Notes: Some libraries like PyTorch, TensorFlow, and Transformers con-
tain logging functionality but are primarily DL frameworks rather than
dedicated logging libraries.

We then analyzed the distribution of logging library types across the selected projects.
Figure 4.2a illustrates the prevalence of different types of logging libraries. We can observe
that general logging libraries are far more widely used as logging solutions in DL-based sys-
tems compared to DL-specific logging libraries. This result reflects that while DL-specific
logging statements are valuable for visualizing training metrics and tracking experiments,
general-purpose logging remains a fundamental aspect of DL development. The reliance
on general logging indicates that developers still prioritize traditional software engineering
practices, even in the context of complex DL systems.

As shown in Figure 4.2b, we can observe that most of the studied projects adopt both
general-purpose and DL-specific logging libraries, with a few exceptions that utilize only
one type of logging libraries. The prevalence of projects using both types of logging li-
braries (representing 64% of our sample) indicates a recognition of the unique monitoring

13



(a) Overall distribution.

(b) Distribution by repositories.

Figure 4.2: Distribution of logging library types.

needs in DL systems that cannot be fully addressed by general-purpose logging alone.
The high adoption rate of both general and specialized logging libraries suggests that DL
project developers recognize the need for different types of logging libraries to address
various aspects of system observability. General logging handles traditional software con-
cerns like error reporting and execution flow tracking, while DL-specific logging addresses
unique DL requirements such as hyperparameter tracking, gradient monitoring, and visual
representation of training dynamics.

Finding 1

DL projects primarily adopt a mix of general and DL-specific logging libraries, with
general logging libraries being the dominant logging solution. This reflects the com-
plexity of logging practice in DL projects.

Density of logging statement. For a more straightforward comparison with other
system types, we incorporate our results into those reported in prior studies [36, 5, 40, 2,
37, 10]. In Figure 4.3, “The thesis (DL)” is the result of this study, while the remaining
items are from the existing paper. Among the 33 selected DL projects, we identified 7561
logging statements and 1,466,769 source lines of code, resulting in a logging density of 194.

14



Figure 4.3: Distribution of logging density across different systems.

The comparison reveals that modern software systems tend to have lower logging frequency
compared to traditional software systems, with higher values in the figure indicating fewer
logging statements per source line of code. DL systems rank among the top three with the
sparsest logging, suggesting that current DL systems could be improved through denser
and more deliberate logging practices.

Finding 2

DL systems exhibit sparse logging, significantly lower than that of traditional soft-
ware systems, which highlights the need for denser logging practices in DL systems.

RQ1 Summary

DL projects are complex, often adopting a mix of general-purpose and DL-specific
logging libraries, but they tend to have sparser logging compared to traditional soft-
ware systems. This highlights the challenges of studying logging practices in DL
systems, particularly in terms of system complexity, the diversity of logging libraries
involved, and the need for denser logging practices.

15



2 RQ2:Which phases of the DL pipeline incur more

logging?

2.1 Motivation

Understanding the phases of the DL model lifecycle where logging is most prevalent is
crucial for improving development practices. While traditional software logging studies
examine where [40, 14] and what to log [32, 26], the unique characteristics of DL sys-
tems—such as complex training pipelines, hyperparameter tuning, and model evaluation
processes—require specialized logging considerations. Identifying which phases of the DL
lifecycle (e.g., data preprocessing, model training, evaluation) are most frequently logged
and understanding developers’ intentions can provide valuable insights for practitioners.
This knowledge can help establish effective logging patterns specific to DL systems, en-
abling better model monitoring, debugging, and reproducibility of experiments, which are
essential challenges in DL system development.

2.2 Approach

To answer this RQ, we need to associate logging statements with the phases of the DL
pipeline. This requires manual analysis to interpret the context of each logging statement
and identify which phases of the DL pipeline it originates from. The manual analysis
consists of two steps:

Logging statements sampling: Due to the large number of logging statements across
the selected projects, we apply random sampling, as adopted by a prior study [25], to
narrow down the dataset for feasible manual analysis. The sampling is based on 95% con-
fidence level with a 5% confidence interval. Specifically, we apply sampling to general and
DL-specific logging separately, as these two types of logging serve different purposes and
exhibit distinct characteristics. As a result, we obtained 265 and 203 logging statements
from a total of 845 and 428 general and DL-specific logging statements, respectively.

Manual investigation: Our manual investigation is inspired by previous research [10,
3]. The first two authors of this paper first independently examined each of the sampled
logging statements to identify the corresponding DL model phase. The DL pipeline phases
involved in this study were not created from scratch. Instead, we carefully reviewed exist-
ing research to construct an initial version of the DL pipeline, which we then refined based
on the characteristics of the specific DL systems analyzed in this study. For each logging
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statement, we analyzed its context by reviewing the surrounding code, method definitions,
invocations in the call graph, comments, and documentation to determine which phase
of the DL pipeline incurs the logging statement. To establish a reliable and consistent
categorization scheme, we first conducted a preliminary labeling round on the randomly
selected 100 logging statements. This initial round helped us obtain consensus on the
categorization approach and develop a shared understanding of the model phases and the
phases’ identification rationale. After this preliminary analysis, we built a categorization
scheme that received approval from two raters, which could serve as a “codebook” for the
full analysis. For the second round of labeling, we applied the established categorization
scheme to analyze all remaining log samples. This round included both labeling the pre-
viously unexamined logging statements and revisiting the initial 100 statements to ensure
consistency with our established categorization scheme. After independent reviewing, the
two raters conducted reconciliation meetings to resolve any disagreements and achieve con-
sensus on the final categorization. For model phase identification, we calculated Cohen’s
kappa coefficient [28], which measures agreement between two raters while accounting for
chance agreement. This statistical metric helped validate the consistency and objectivity
of our categorization approach.

2.3 Results

Based on our manual analysis of the sampled logging statements, we identified and cate-
gorized the DL pipeline phases incurring logging. The Cohen’s kappa coefficients for DL
pipeline phase categorization are 0.93 for DL-specific logging and 0.89 for general logging,
indicating a high level of agreement between raters. In general, the most frequent phase in
DL systems that incurs logging is Model Training, accounting for 37.2% of all the logged
statements we analyzed. This is followed by Model Loading (14.8%) and Model Evalu-
ation/Validation (14.3%). Model Configuration incurs 9.3% of logging statements, while
Data Processing accounts for 7.5%. Other phases incurring a nontrivial amount of logging
include Model Saving (6.4%), and Data Collection/Loading (2.9%). 4.6% of logging state-
ments were left uncertain due to insufficient information in their log messages, surrounding
context and documentation.

Finding 3

Logging in DL systems is predominantly concentrated in the model training phase
(37.2%), followed by model loading (14.8%) and evaluation/validation (14.3%), re-
flecting the critical importance of monitoring these key processes in the DL lifecycle.
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Table 4.2 presents the detailed distribution of logging statements across different phases
of the DL pipeline.

The concentration of logging in the training phase aligns with the computationally
intensive and time-consuming nature of DL model training, where developers need visibil-
ity into progress and performance metrics. The substantial focus on model loading and
evaluation phases highlights their critical importance in the DL workflow, particularly for
ensuring model correctness and tracking performance. However, Model Monitoring ac-
counts for only 0.7% of logging statements, suggesting a potential gap in current logging
practices. As DL models increasingly move to production environments, more robust log-
ging practices for ongoing monitoring may become necessary to ensure the DL pipeline’s
reliability.

2.4 Discussion

While both general and DL-specific logging contribute to system traceability, our findings
reveal notable differences in their focus areas. As shown in Table 4.2, DL-specific logging is
heavily concentrated in the model training phase (50.2%) and model evaluation/validation
(18.6%), compared to general logging (25.4% and 10.4% respectively). This pronounced
emphasis reflects the unique characteristics of deep learning platforms and their specialized
requirements.

The substantial focus on training and evaluation phases in DL-specific logging aligns
with the core functionality of deep learning frameworks, which are designed to optimize
the model development process. Conversely, general logging shows a more balanced distri-
bution across different phases, with relatively higher percentages in model loading (21.7%),
model configuration (11.7%), and data processing (10.8

This divergence in logging patterns highlights how logging practices are shaped by the
domain-specific concerns. DL-specific logging leverages the rich instrumentation capabili-
ties of deep learning frameworks to provide detailed visibility into the most computationally
intensive and algorithmically complex phases of the DL pipeline. Meanwhile, general log-
ging addresses broader system concerns across the entire application lifecycle, including
infrastructure, data management, and application flow.
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Table 4.2: Distribution of logging statements in the different phases of the DL pipeline.

ML pipeline Description Example % overall % general % DL

Model Training The chosen models are
trained and tuned on
the collected data and
labels.

logger.info(f’Continuing training from
global step self.state.global step’)

37.2% 25.4% 50.2%

Model Loading Loading a pre-trained
model

logger.info(f’Loading model name
checkpoint from: pretrained’)

14.8% 21.7% 7.0%

Model Evalua-
tion/Validation

Engineers evaluate
the output model on
tested datasets using
pre-defined metrics.

logger.info(f’>> Validation: step loss:
meter.loss meter.avg:.4’)

14.3% 10.4% 18.6%

Model Configu-
ration

Configuring or Initial-
izing a model

logger.info(f’Initialize PyTorch weight
key’)

9.3% 11.7% 6.55%

Data Process-
ing

Preprocess data for
model training or eval-
uation

logging.info(’Using Dataset Sharding’) 7.5% 10.8% 4.2%

Model Saving Saving a trained model self.logger.info(’Saving checkpoint: ...’
.format(filename))

6.4% 5.0% 7.9%

Uncertain The model phase can-
not be determined.

logging.info(f’TIMER name elapsed’) 4.6% 6.3% 2.8%

Data Collec-
tion/Loading

Data collection and
processing

logger.info(’loading archive file
archive file’)

2.9% 4.2% 1.4%

Model Deploy-
ment

The inference code of
the model is deployed
on the targeted de-
vice(s).

logging.info(f’Running with single
process. Device args.device.’)

1.5% 2.5% 0.5%

Model Monitor-
ing

The deployed model
is continuously moni-
tored for errors during
execution.

logging.debug(’Starting wandb.’) 0.7% 0.8% 0.5%

Model Fine-
tuning

Fine-tune a pre-trained
model

logger.info(’Next fine tuning the entire
model...’)

0.4% 0.8% 0.0%

Data Saving Save processed data logger.info(’Saved pseudo label data to
pselab path’)

0.4% 0.4% 0.5%
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Finding 4

DL-specific logging focuses heavily on the model training (50.2%) and evaluation/-
validation phases (18.6%), while general logging shows a more balanced distribution
across various phases, with higher percentages in model loading (21.7%), configura-
tion (11.7%), and data processing (10.8%). This reflects how deep learning frame-
works are specialized for optimizing the core model development workflow.

RQ2 Summary

In general, the model training phase (37.2%) is the dominant phase of the DL pipeline
for incurring logging, followed by model loading (14.8%) and evaluation/validation
(14.3%). DL-specific logging libraries are more likely to be introduced during model
development phases, while general logging libraries are more likely to be introduced
during setup-related phases. These results indicate that general and DL-specific
logging libraries serve different logging purposes in DL systems and complement
each other, providing useful runtime information to developers, especially regarding
the DL models.

3 RQ3: What rationales are behind DL system log-

ging practice?

3.1 Motivation

In RQ2, we studied logging practice from the perspective of DL pipelines without consider-
ing the developers’ intention. This RQ aims to answer what specific purposes these logging
statements serve. By examining developers’ motivations for logging, we can develop a com-
prehensive understanding of logging practices in DL systems that not only identifies the
corresponding DL pipeline phases that incur logging but also why logging occurs at those
specific points in DL system development.

3.2 Approach

To understand the rationales behind logging in DL systems, we conducted a qualitative
analysis of the logging statements collected in RQ2. Our approach involved systemati-
cally examining each logging statement along with its contextual information to identify
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the underlying motivation for its inclusion in the source code. Similar to the approach
used in RQ2, we manually analyzed each statement; however, unlike the DL pipeline
phase identification, a single logging statement could be associated with multiple ratio-
nales. For example, the logging statement logging.info(f’test time: test elapseds

| test loss test loss’) serves both as model monitoring metrics (test loss) and time
information (test elapsed). Since rationale classification allows for multiple labels per in-
stance, we used Krippendorff’s alpha [21]—a statistical measure of inter-rater reliability
that accommodates multi-label data—to evaluate the level of agreement between raters.

3.3 Results

Based on our manual analysis, we categorized the rationales behind logging statements in
DL systems. We achieve Krippendorff’s alpha of 0.94 for DL-specific logging and 0.88 for
general logging, indicating strong agreement between both raters. Table 4.3 illustrates the
details and hierarchical distribution of these rationales.

Our analysis reveals that monitoring and model information are the primary rationales
behind the studied logging practice that account for over 40% of all logging rationales
in DL systems. This reflects the computationally intensive and iterative nature of DL
system development, where monitoring long-running processes and tracking configuration
parameters are crucial for effective development and reproducibility.

The significant presence of “validation” (14.8%) highlights developers’ concerns about
ensuring the correctness of models, datasets, and configurations throughout the develop-
ment process. Meanwhile, tracing logs (12.8%) help developers follow execution flows in
complex DL pipelines, and checkpoint-related logging (9.1%) supports the critical practice
of saving and restoring model states during lengthy training processes.

This distribution of logging rationales demonstrates how DL systems require specialized
logging approaches that address the unique challenges of model training, evaluation, and
deployment. The focus on monitoring metrics and model information particularly distin-
guishes DL logging from traditional software logging practices, which typically emphasize
error reporting and execution flow.

Finding 5

Monitoring (22.4%) and model information (18.1%) are the primary rationales for
logging in DL systems, reflecting the need to track both training progress and model
configuration.
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Table 4.3: Categorization of logging rationales in DL systems.

General Rationale Detailed Rationale Rationale Explanation %

Monitoring (22.4%)

Model Monitoring
Metrics

Tracking training progress and model behav-
ior (epoch number, learning rate, loss value)

13.0%

Model Performance
Metrics

Direct measures of model performance (accu-
racy, precision, recall, F1 score)

6.9%

Resource Utilization Hardware utilization tracking (CPU, GPU,
memory consumption, VRAM usage)

1.5%

Model Validation Met-
rics

Other metadata related to model training
(throughput, latency)

1.11%

Model Information (18.1%)

Model Configuration Non-trainable model parameters and configu-
ration settings

9.3%

Model Information Basic model metadata (model name, selec-
tion)

4.8%

Model Parameters Trainable parameters that the model learns
from training data

3.3%

Model Architecture Details of layers, activation functions, and
connections

0.7%

Tracing (16.1%)

Logging Steps Recording next action or step in execution
flow

4.1%

General Information Descriptive natural language information
about execution

3.7%

Time Information Elapsed time for model training (time taken
per epoch, per batch, or total time).

3.3%

Data Processing Logging during data processing operations 3.0%

General Configuration Configuration details not directly related to
model

2.0%

Validation (14.8%)

Configuration Valida-
tion

Validation of configuration settings and pa-
rameters

7.6%

Data Validation Validation of dataset properties and charac-
teristics

3.0%

Model Validation Validation of model components (weights, en-
coders, etc.)

2.8%

Dependency Valida-
tion

Validation of required libraries and dependen-
cies

1.5%

Model & Data I/O (9.1%)

Model Loading Loading model components (model, tokeniz-
ers, weights)

5.0%

Model Saving Saving model components (model, tokenizers,
weights)

3.0%

Dataset Saving Saving raw or preprocessed datasets 0.7%

Dataset Loading Loading raw or preprocessed datasets 0.4%

Others (6.1%)

Cross-platform transi-
tion

Transition b/w tensorflow and pytorch, or
other pairs of platforms

2.0%

Debug the log aims to assist debugging a specific issue 2.0%

Formatting Special characters or (and) words to separate
output content

1.3%

Job submission Submitting execution of computational tasks 0.7%

Visualization (5.7%) Metadata logging Log metadata for visualiztion, such as image,
videos, etc.

5.7%
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3.4 Discussion

Figure 4.4 shows the distribution of general and DL-specific logging rationales.

In general-purpose logging within DL systems, we observe a notably higher proportion
of validation (23.7% vs 8.1%) and tracing (21.1% vs 12.3%) compared to DL-specific logging
statements. This difference highlights that general logging functions still primarily serve
traditional software engineering needs - validating configurations, dependencies, and data
integrity, as well as tracing execution flow. These aspects are less directly tied to DL
algorithms themselves and more focused on the surrounding program infrastructure.

Conversely, DL-specific logging shows significantly higher proportions in categories di-
rectly related to model operations, such as monitoring (30.5% vs 11.6%). This distribution
suggests that DL-specific logging focuses more on the unique aspects of DL processes like
model training dynamics and performance evaluation.

Base on the analysis, we can conclude that DL systems exhibit distinct logging ratio-
nales that reflect their unique challenges and requirements. The emphasis on monitoring
and model information in DL-specific logging underscores the need for specialized logging
practices that cater to the complexities of deep learning development.

Finding 6

The rationales for logging in DL systems are more diverse than those in traditional
software systems. General-purpose logging focuses on validation (23.7%) and tracing
(21.1%), while DL-specific logging emphasizes monitoring (30.5%). This indicates
that DL systems require specialized logging practices to address the unique challenges
of model training and evaluation.
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(a) Percentage of general logging rationales

(b) Percentage of DL specific logging rationales

Figure 4.4: Distribution of general and DL specific logging rationales
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RQ3 Summary

The primary rationales for logging in DL systems are monitoring (22.4%) and
model information (18.1%), with validation (14.8%), tracing (12.8%), and check-
point management (9.1%) also playing significant roles. This distribution reflects
the unique challenges of DL development, where tracking training progress, ensuring
reproducibility through configuration tracking, and validating complex models and
datasets are essential for successful outcomes.
General-purpose logging within DL systems continues to serve traditional software
engineering needs, with higher emphasis on validation (23.7%) and tracing (21.1%).
DL-specific logging demonstrates a stronger focus on monitoring (30.5% vs 11.6% in
general logging) and other aspects directly related to DL processes. These differences
highlight the dual nature of logging in DL systems: maintaining traditional software
engineering practices while incorporating specialized logging techniques to address
unique deep learning challenges.

4 RQ4: Which type of logging should be used?

4.1 Motivation

As observed in our previous research questions, deep learning systems commonly utilize
both general-purpose and DL-specific logging mechanisms (79.5% vs 20.5%). Our analysis
revealed that many projects employ these distinct logging approaches either separately
or in combination. However, developers often face uncertainty about when to use which
type of logging. This research question aims to identify the decision factors that influence
logging choices in DL systems.

Understanding the selective application of different logging types has significant prac-
tical implications. By examining these use cases, we analyze the surrounding code to
understand the context in which these logging statements are used. Specifically, we adopt
a method inspired by Ding et al. [9], where the pre-log and post-log code (i.e., the lines
of code immediately before and after each logging statement) are extracted to provide
contextual information.

Such insights would not only improve logging efficiency but also enhance the overall
quality of monitoring, debugging, and analysis capabilities in deep learning systems. Fur-
thermore, this understanding could inform the design of more integrated logging solutions
that better address the unique needs of DL development workflows.
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4.2 Approach

Locate mix-typed logging usage at function level: As introduced in RQ1, we collect
the logging statements in deep learning systems that leverages either general or DL-specific
logging libraries. We first select the python files that contains both general and DL-
specific logging statements. We then parse each of the selected files with ast and locate
the functions where these two types of logging co-exists. This ensures that we are examining
contexts where developers had the opportunity to choose between different types of logging
mechanisms and made deliberate decisions about which to use in specific circumstances.

Identify different typed logging with overlapping context: For each function con-
taining mixed logging types, we analyze the surrounding code to understand the context in
which these logging statements are used. Specifically, we adopt a method inspired by Ding
et al. [9], where the pre-log and post-log code (i.e., the lines of code immediately before
and after each logging statement) are extracted to provide contextual information. We
extract up to 5 lines of code preceding and following each logging statement to capture
the relevant context. This approach helps us identify scenarios where general-purpose and
DL-specific logging statements are used within overlapping or related contexts. For exam-
ple, a general-purpose logging statement might log an error message, while a DL-specific
logging statement in the same function could log training metrics or hyperparameters. By
examining these overlapping contexts, we aim to uncover patterns in how developers decide
to use different types of logging. This analysis provides insights into the complementary
roles of general-purpose and DL-specific logging in addressing various aspects of system
observability, such as debugging, monitoring, and performance tracking.

Log context analysis: We then analyze the extracted logging pairs to identify the ra-
tionale behind the logging decisions. For the extracted logging pairs, we employ a large
language model (LLM) to analyze the patterns and differentiating factors between these
two types of logging. Using GPT-4o mini 2, we prompt the model to analyze each logging
pair by providing the surrounding context, the logging statements themselves, and asking
for an explanation of the relationship between these different types of logging in each case.

For each pair of logging statements, we structure our analysis as follows: (1) We provide
the function containing both types of logging, (2) We mark the lines where the general
and DL-specific logging statements are located, (3) We ask the LLM to analyze what
relationship exists between the two logging statements.

This approach leverages the pattern recognition capabilities of LLMs to identify subtle
distinctions in usage patterns that might be difficult to systematically code in a traditional

2https://platform.openai.com/docs/models/gpt-4o-mini

26

https://platform.openai.com/docs/models/gpt-4o-mini


manual analysis. For each logging pair, the LLM generates categorize and an explanation
of the relationship.

4.3 Results

Each logging pair has one labels: the relationship between the two logging statements.

Figure 4.5: Relationship between general and DL-specific logging in deep learning systems

Relationship between the two logging statements:

Based on our analysis of logging pairs where both general and DL-specific logging co-
exist within the same functions, we identified several distinct relationships between these
logging types. Figure 4.5 illustrates the distribution of these relationships. Figure 4.6
shows the example of each relationship, with general logging marked by red boxes and dl
logging within blue boxes. We found four primary relationship patterns between general
and DL-specific logging:

• Complementary (64.6%): The two logging statements provide different but re-
lated information about the same process. For example, in Figure 4.6a a general
logging statement might indicate the total number of processes participating in the
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distributed training phase, while a DL-specific logging statement records detailed
parameter related to that phase.

• Elaboration (16.9%): In this relationship, one logging statement contain infor-
mation that somewhat overlaps with another logging statement, but it offers more
detailed, specialized information. In Figure 4.6b, although the dl log includes infor-
mation about step and accuracy, the general log provides more details about loss,
time and progress.

• Independent (12.3%): The two logging types target entirely different operations
within the same function, with no direct relationship between the logged information.
As illustrated in Figure 4.6c, the dl logging statement provides step and training
information, the general logging indicates that it is in validating phase.

• Overlap (6.2%): In this case, the information recorded by two logging statements
are identical. They may log same information or metrics, but they do in different
ways or formats. In Figure 4.6d, both general and dl log record information about
epoch and metrics.

Based on Figure 4.5, the most prevalent relationship is Complementary (64.6%). This
number confirms that in DL-system, the vast majority of general logging statements in
logging pairs are used to provide related information to nearby dl logging statements. How-
ever, considering that the output paths of general logging and dl logging are not the same,
in practice it is difficult for developers to connect the two logging statements efficiently.
The second most prevalent relationship is Elaboration (16.9%), which signifies that the
information contained in the dl logging is not sufficient. The least common relationships
are Independent (12.3%) and Overlap (6.2%), both of which have comparable proportion.
Log pairs that are labeled with Overlap mean these logs contain same information, hence
we conjecture that such log pairs are a waste of information.

Finding 7

The most prevalent relationship between general and DL-specific logging in deep
learning systems is Complementary (64.6%), indicating that general logging often
provides related information to nearby DL-specific logging statements.
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(a) Complementary

(b) Elaboration

(c) Independent

(d) Overlap

Figure 4.6: Examples of different relationships between general and DL-specific logging
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RQ4 Summary

Our analysis of logging pairs in deep learning systems reveals distinct relationships
between general and DL-specific logging. Mixed typed loggings are not randomly
co-occurring but are instead meaningfully related in most cases, often enriching the
interpretation and traceability of system behavior through their synergy.
This distribution highlights the need for improved integration between general and
DL-specific logging practices to enhance the overall effectiveness of logging in deep
learning systems.

To conclude, Table 4.4 summarizes the principal findings from our investigation of the
research questions.
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Table 4.4: The main findings of this thesis.

What are the characteristics of logging practice
in deep learning systems?(RQ1)

Implication

1.1 DL projects primarily adopt a mix of general and
DL-specific logging libraries, with general logging li-
braries being the dominant logging solution.

Developers can increase logging
density in DL systems to improve
maintainability and debuggability,
particularly focusing on DL-specific
logs.

1.2 DL systems exhibit sparse logging, significantly
lower than that of traditional software systems.
Which phases of the DL pipeline incur more
logging?(RQ2)

Implication

2.1 Logging in deep learning systems is predominantly
concentrated in the model training phase (37.2%), fol-
lowed by model loading (14.8%) and evaluation/vali-
dation (14.3%).

Developers should enhance logging
in model monitoring phases (0.7%),
especially for production
deployments where ongoing
monitoring becomes critical.2.2 DL-specific logging focuses heavily on the model

training (50.2%) and evaluation/validation phases
(18.6%), while general logging shows a more balanced
distribution across various phases.
What rationales are behind DL system logging
practice?(RQ3)

Implication

3.1 Monitoring (22.4%) and model information
(18.1%) are the primary rationales for logging in deep
learning systems.

Developers need to pay more
attention on general but also
important logging rationales, such
as Validation (14.8%), to ensure
comprehensive coverage of all
aspects of the DL lifecycle.

3.2 General-purpose logging focuses on validation
(23.7%) and tracing (21.1%), while DL-specific logging
emphasizes monitoring (30.5%).
Which type of logging should be used?(RQ4) Implication
4.1 The most prevalent relationship between general
and DL-specific logging in deep learning systems is
Complementary (64.6%).

To better utilize both
general-purpose and DL-specific
logging, developers need integrated
tooling and workflow to capture
logs and correlate them.

4.2 Mixed typed loggings are meaningfully related in
most cases.
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Chapter 5

Threats to Validity

In this section, we present the threats to the validity of our research.

1 Internal validity

In RQ2, we conduct an manual investigation of the model phases and rationales of logging
practices. Despite our rigorous approach with two independent reviewers and reconcilia-
tion discussions, the categorization process may still be influenced by researcher subjective
judegements which may not fully align with developers’ intentions. Additionally, although
we carefully examined the contextual information of the logging statement, we may not
have fully captured the complete execution flow or domain-specific knowledge from a stat-
icthat motivated certain logging decisions based on a static code review.

2 External validity

Our selection of deep learning systems was based on keywords related to commonly used
DL frameworks, which may have excluded projects using less popular frameworks or those
implementing deep learning without explicitly mentioning standard framework keywords.
Additionally, our study of logging usage and deep learning systems focus primarily on
Python-based open-source projects, as Python is the most commonly used language for
deep learning tasks. Different programming languages or proprietary deep learning systems
may exhibit different logging practices, and the generalizability of our findings may be
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limited by both the language choice and the distribution of application domains in our
dataset.

We conduct the qualitative analysis of logging practices based on a sampled subset of
the logging statements. Although we are unable to cover all usage scenarios, we believe
that the sampled loggings are capable of providing representative explanations to what and
when to log in the context of deep learning system development. The findings of this study
shall shall enlighten practitioners to construct more robust logging infrastructures in their
deep learning systems.

3 Construct validity

The construct validity of our approach is supported by the systematic methodology used
to identify and analyze logging practices in deep learning systems. By leveraging Python’s
Abstract Syntax Tree (AST) for automated extraction of logging statements and combining
it with manual analysis, we ensure a comprehensive and accurate classification of logging
types and their contexts. The use of pre-log and post-log code analysis further strengthens
the validity by capturing the surrounding context of logging statements, enabling a nuanced
understanding of their purpose. Additionally, the categorization scheme was iteratively
refined through a preliminary labeling phase, ensuring consistency and reliability in the
final analysis. However, potential threats to construct validity include the reliance on
sampled projects and logging statements, which may not fully represent all deep learning
systems. To mitigate this, we ensured diversity in project selection and applied rigorous
sampling techniques to achieve a representative dataset.
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Chapter 6

Related Work

In this section, we introduce the related work.

1 Empirical study on software logging

Many studies have been conducted to understand logging practices. For example, Yuan
et al. [36] analyze the logging practice in some open-source C/C++ projects. Shang et al.
[33] characterize the logging statements in two Java projects to uncover the relationship
between the logging practices and the code quality. Fu et al. [14] uncover developers’
logging practices in two large industrial systems. Chen and Jiang [5] perform a replication
study in many Java applications and compare the the logging practice in Java with that
in C/C++ [36]. Zeng et al. [37] study the logging practice in mobile application and
compare it with that in server and desktop applications. He et al. [18] study the topics
in the natural language description in the logging statements. Kabinna et al. [19] study
the stability of the logging statements and the log files. Li et al. [23] perform a qualitative
study to understand developers’ opinions about software logging. Tang et al. [34] study the
logging practice related to the logging levels. More recently, Zhang et al. [38] study the
logging practice in test code and Foalem et al. [10] study the logging practice in machine
learning-based applications. Despite the high volume of studies performed regarding the
logging practice, they are primarily concerned with the general logging practice without
considering domain-specific characteristics, such as those specific to DL systems. Although
Foalem et al. [10] provide an initial investigation into logging practices in DL applications,
their analysis is limited to projects that utilize DL-specific logging libraries and does not
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consider DL projects that rely solely on general-purpose logging frameworks. To address
this gap, our study investigates logging practices in DL systems by examining both general-
purpose and DL-specific logging across projects that utilize CUDA-related libraries. We
analyze how logging is applied throughout different phases of the DL pipeline and the
rationales behind such logging usage. Our findings reveal logging behaviors specific to
deep learning systems and provide a foundation for designing more effective and targeted
logging solutions.

2 Improving logging practice

The studies for improving the logging practice are primarily about where to log and what
to log [38]. Research about where to log mainly focuses on where to place the logging
statements. Zhu et al. [40] introduce a tool to help developers make informed decisions
about where to place the logging statements. Ding et al. [7] and Zhao et al. [39] propose
a logging framework respectively that take the overhead and effectiveness of logging into
consideration. Yao et al. [35] present an automated logging tool that can suggest the
logging locations for monitoring the software performance. Moreover, Li et al. [24] suggest
where to log by using a deep learning model. Studies about what to log are mostly
concerned with the static and dynamic information in the logging content as well the logging
levels. Shang et al. [32] study what knowledge to incorporate into software logging. Liu
et al. [26] propose a tool that helps developers to choose which variable to log. Ding et al.
[8] introduce a tool that can automatically generate logging content based on the context
information. Li et al. [22] present a tool to help developers decide which logging level to
choose. Unlike prior studies that target general-purpose software systems, our research
investigates logging practices and scenarios specific to DL systems. Our work aims to fill
this gap by characterizing where logging is employed in DL pipelines and what is purpose
of such logging, thereby providing foundational insights that can guide future research and
tooling efforts in DL-specific logging practices.
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Chapter 7

Conclusion

In this thesis, we provide an in-depth empirical analysis of logging practice in CUDA-based
deep learning projects. By examining logging statements across 33 open-source projects,
we find that the majority of logging activity occurs during the model training phase, with
substantial logging also observed during the phases of model loading, model evaluation, and
model validation. We also observe that general logging and DL-specific logging within the
same context are often correlated with complementary content that together offer a more
complete view of system and model behavior. These findings reveal the current logging
practices in CUDA-based deep learning projects and can provide insights to developers
to make informed decisions when logging with general-purpose logging libraries and DL-
specific logging libraries.
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