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ABSTRACT

Recently deep learning has become widely used in many research fields and businesses. To improve the performance of deep learning,
one of the critical challenges is to determine the optimal values of many parameters that can be adjusted. This paper focuses on the
adjustable dataloader parameters that affect the overall training time and proposes an automated dataloader parameter tuning framework,
called ADaPT, to determine the optimal values of the dataloader parameters. The proposed ADaPT uses the characteristic of the AVL
tree and attempts to determine optimal dataloader parameters in a small amount of time to accelerate the data loading. The results
show that the proposed method effectively accelerates the data loading speed compared to the default parameter values and values that
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are recommended by PyTorch and the speed is comparable to the optimal.
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1. Introduction

In recent years, the variety of datasets collected by
many enterprises has been increasing. To use and process
this so called Big Data, the need for deep neural networks
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(DNNs) is also increasing. Also, bigger datasets are
required to correctly train more complex DNNs [18],
which leads to the need for large-scale computer systems
that consist of more computing power and more memory.
Thus, modern computer systems for deep learning have
begun to use multi-CPUs and multi-GPUs. Many learning
techniques are also introduced for the efficient use of
such systems, such as data parallelism [1-3], model
parallelism [4-7], and pipeline parallelism [8-10].

With datasets becoming larger and larger, data loading
time is one of the most crucial challenges to speeding up

deep learning. Modern deep learning framework, such as

% This is an Open Access article distributed under the terms of the Creative Commons Attribution Non-Commercial License (http://creativecommons.org/licenses/by-nc/3.0/)
which permits unrestricted non-commercial use, distribution, and reproduction in any medium, provided the original work is properly cited.
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Fig. 1. Normalized execution time for the dataloader when using

default, recommended (Rec.), and the optimal values (Opt.),

respectively. This result was measured using CIFAR-10 dataset
with 32 by 32 image size and 8, 128, 2048 batch sizes.

Tensorflow [11] and PyTorch [12],have many adjustable
parameters that effect the overall performance of deep
learning (e.g., [13, 14]). A dataloader is used to load data
items into main memory and group them as a mini-batch
for deep learning models to use. It has a lot of adjustable
parameters that may affect the overall execution time of
deep learning. In PyTorch, the recommended number of
workers and prefetch factor, which are adjustable
parameters for the dataloader, are half number of CPU
cores and 2, respectively. Due to the variety of types of
datasets, however, these recommended parameter values
are often not the optimal. The variety of variables in a
computer system (e.g., number of CPUs or GPUs, system
memory size, system I/O performance, etc.) also make it
difficult for users to determine the optimal parameter
values for the dataloader. Fig. 1 shows that the normalized
execution time of a dataloader with optimal parameters
can be accelerated up to 4.73% and 2.76x compared to
a dataloader with default and recommended parameters,
respectively. This result suggests that tuning dataloader
parameters may be a solution to improve the overall
speed in deep learning.

Recently, many approaches are proposed such as data
sampling [19, 20] and caching [20, 21]. Some research
such as Deeplake [22] and Webdataset [24] converts the
format of the dataset to stream the data and uses the
recommended parameters for the dataloader. The data
loading time of these methods (from CPU to GPU) will be
the same as the dataloader that uses recommended
parameters. Another method is a DALI [23] which avoids
the pre-processing bottleneck in the CPU by sending all
the data to the GPU and processes on the GPU itself. This
makes it difficult to compare the performance of data
loading from the CPU to GPU. This paper addresses

improving the data loading rate by tuning various
parameters of the dataloader on the CPU side.

This paper introduces an Automated Dataloader
Parameter Tuning framework, ADaP7, that attempts to
determine the optimal parameter values for the particular
dataloader. ADaPT adjusts four different parameters to
maximize and improve the effectiveness of a dataloader.
The optimal values can be found using a grid search
algorithm but it is too time-consuming. This is because a
grid search tries all combinations of adjustable parameters
that can be configured to find the optimal parameters in
the GPU. To address this problem, the ADaPT uses an AVL
tree and its characteristic to achieve speedup comparable
to optimal parameters and reduces the time to determine
near optimal parameter values.

The contributions of this paper are as follows:

1) To reduce the overall training time of a deep
learning model, parameter tuning of the dataloader
is investigated and certain parameters are identified
that affect the performance.

2) An optimal parameter combination of tunable values
are found using grid search.

3) An AVL-tree based search algorithm is proposed to
reduce searching time while achieving near optimal

performance.

This paper is organized as follows. The concept of the
dataloader and the adjustable parameters are described in
Section 2. Section 3 introduces the proposed ADaPT and
main search algorithm. Experimental results are depicted

in Section 4. Finally, Section 5 concludes this paper.

2. Dataloader

2.1 Procedure of a Dataloader

The process of the dataloader usually consists of four
steps. First, data items are sequentially loaded from
storage into main memory. Second, the loaded data is
transformed into a suitable data format for future
processes (e.g., padding, tensorization, or normalization).
Then, the dataloader groups data loaded into main
memory as a mini-batch. Finally, the dataloader transfers
a mini-batch to the target device such as GPUs.

2.2 Adjustable Parameters
To improve the performance of dataloader in PyTorch

[12], this paper focuses on four adjustable parameters that
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Fig. 2. Comparison of performance improvements for each adjustable parameter.

are dependent on system configurations for performance.
First, num workers (Ny;) is an integer-based parameter
that indicates the number of subprocesses (i.e., workers).
These workers are spawned to load data in parallel. Each
worker loads data from storage to main memory and
transforms them into a suitable data format (called
Tensor) for use in deep learning models. If num workers
is 0, the dataloader uses the main process to load and
transform data. Second, prefetch factor (N;) is an
integer-based parameter that indicates the total number
of mini-batches equally distributed and pre-loaded to all
workers. This parameter may be useful for dataloder to
pre-load next mini-batches to accelerate data loading
speed. Third, pin memory (PM) is a boolean-based
parameter that allows a dataloader to copy the loaded
mini-batch into the fixed host memory (i.e., pinned
memory) before transferring the mini-batch to a device.
Pinned memory is useful when transfering data, in
particular large data, from the host memory to the device
memory. The last parameter is persistent workers (PW), a
boolean-based parameter, which allows workers to be
reused by running the worker permanently. As default, all
workers for loading data are performed once and
terminated when data loading is complete. In the PyTorch
framework, prefetch factor (N,) and persistent workers
(PW) are not available when num workers (V) is O.
The reason why the above parameters are chosen is
because they do not directly affect the performance of
deep learning models. Among many adjustable parameters
in dataloaders, batch_size affects data loading performance

(see Table 1). However, as reported in many previous
studies [13, 14], adjusting barch_size affects performance of
deep learning models. Thus, this paper does not investigate
related to

batch_size and only system parameters

accelerating dataloader performance.

2.3 Impact of Adjustable Parameters

In Fig. 2, the results show the impact of each
parameter for the dataloader. The experiments of these
results use CIFAR-10 dataset with 32x32 image sizes and
three different batch sizes (8, 128, 2048), and are tested
on the system described in Section 4. In 8 batch sizes,
small parameter values for num_ workers and prefetch_
factor have a significant impact on the performance
improvement of the dataloader compared to parameters
for pin_memory and persistent workers (see Fig. 2a). On
the other hand, in 2048 batch sizes, the num workers and
persistent_workers have a significant impact on the
performance improvement compared to pin_memory and
prefetch factor (see Fig. 20¢).

These results suggest that it can be difficult for users to
determine optimal parameter values for the dataloader
given a dataset. It is also difficult to find the optimal
parameters by manually substituting for all combinations
of the candidate parameters. Therefore, it is important to
determine the optimal dataloader parameters to improve
the speedup for deep learning.
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Fig. 3. An overview of the proposed ADaPT.

Search Parameters

3. The Proposed Framework

3.1 Overview

The ADaPT is a framework to automatically search for
the optimal combination of dataloader parameters using
AVL tree-based search in a strictly guaranteed short
amount of time. Fig. 3 shows an overview of the ADaPT,
which works in two main processes; i) monitoring, and ii)
parameter searching. The monitoring process measures
the total execution time of dataloader (e.g., data loading,
pre-processing, and data transfer), and then feedbacks the
measured time to the parameter searching process. In the
process of parameter searching, the measured time is
used to find the optimal combination of parameters using
an AVL tree-based search algorithm. The ADaPT iterates
between these two processes until it finds the optimal
combination of parameter values or arrives at the final

leaf node.

3.2 AVL Tree-based Search

An AVL tree is a binary search tree, with two main
characteristics; (i) the maximum height difference
between the left and right subtrees is 1, and (ii) the parent
node has a value larger than the left node and smaller
than the right child node. Using the first characteristic,
the best parameters can be found in a short time by
reducing the number of parameter combinations to be
searched. Based on our observations, in addition, future
sub-combinations of current parameter combinations that
performed poorly tend to continue to perform poorly. For
examples, in 128 batch sizes (see Fig. 2(b)), parameter
combinations with batch sizes smaller than 32 perform
better than parameter combinations with batch sizes
larger than 32. Thus, using the second characteristic of
the AVL tree, it is possible to predict that future
sub-combinations of current parameter combinations that
performed poorly will still perform poorly, dramatically
reducing the number of unnecessary searches. This is
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AVL (A)

Fig. 4. An example of AVL tree generation.

possible because the AVL tree maintains a height of log,N
and guarantees the time complexity of O(log,N) for
insertion, search, and deletion. Therefore, the total time
complexity of AVL tree search is O((log,M)*) in the worst
case when % parameters need to be found.

Note that the proposed approach does not guarantee to
search the optimal parameter combinations, but it is
possible to find the best parameter combinations that can

perform as well as the optimal parameter combinations.

3.3 The Process of Parameter Searching

In the beginning of this algorithm, ADaPT generates
AVL trees for each parameters (is shown in Fig. 4). For
example, if the number of adjustable parameters is # and
the number of available values for each parameter is &,
the ADaPT generates # AVL trees with N nodes, where
each node has an adjustable value for each parameter.
Then, each AVL tree is given a priority for search. Higher
priority is given to more frequently searched trees (see
Fig. 5).

In the process of parameter search, attempting to
search for optimal combination of parameters, AVL tree
with lower priority sends the value of currently selected
node to the root node of the AVL tree with higher priority
(step @ as shown in Fig. 5). This process is repeated until
the AVL tree with the highest priority is reached and
continues to send values cumulatively up to the value
received from lower priority AVL trees. Then, it passes all
of the accumulated parameter values to the dataloader to
measure the execution time (see step O~® in Fig. 5).
When the execution time for a node is completed, the
execution time of its children nodes are determined in the
same way.

When execution time of the current and children nodes
are determined, the algorithm selects the node with the
lowest execution time (see step ® in Fig. 5). If the parent
node is selected, the algorithm does not search any

further and returns the measured time and parameter
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Fig. 5. The overall process of the AVL tree—-based search for searching the dataloader parameters combination.

combination to higher priority AVL tree. On the other
hand, if one of children nodes is selected, the algorithm
measures the children of the child node. If there are no
more nodes to search, the algorithm stops searching and
returns the measured time and parameter combination to
higher prioritized AVL tree (see step @ in Fig. 5). The
algorithm continues to repeat the above processes until
the lowest priority AVL tree returns the parameter
combination (see step ® in Fig. 5). This returned
parameter combination from the lowest priority AVL tree
will the best parameter combination found using ADaPT.

This proposed algorithm has two stopping conditions;
One is when there are no more searchable nodes, and the
other is when the current node is selected (is described in
step @ and @ in Fig. 5). The reason why the algorithm
stops searching when current node is selected is because
it assumes that the parameter combinations of later nodes

will not provide better speedup.

4. Evaluation

4.1 Experimental Setup

System. The experiments tested on a system, which
consists of Threadripper 3970 3.7GHz 32-Core 64-Thread
processor, Titan X GPU with GDDR5 12GB memory, and
128GB main memory. The ADaPT was implementation by
CUDA 11.8 version and Pytorch 2.1.2 version.

Datasets. To evaluate ADaPT performance, CIFAR-10
[15] dataset is used in this paper. CIFAR-10 dataset is
widely used in image classification tasks. CIFAR-10
dataset consists of 60,000 32x32 color images in 10
classes. The image size of CIFAR-10 dataset was fixed at
32%32, which is widely used [16, 171.

Parameters. As described in Section 2, the proposed ADaPT

aims to find and adjust four different parameters;
num_workers (Ny,), prefetch_factor (N), pin_memory (PM),
persistent_workers (PW). The num_workers (Ny,) is starts
from 1 and from 2 to 64 it is increased by 2. The preferch factor
(V) begins with 1 and it is increased by 2 times up to 2,048.
Both pin memory (PM) and persistent workers (PW) are
boolean-based parameters (0 (False) or 1 (True)).

Metrics. This paper only evaluates the execution time
of the dataloader that includes the time to load data items
from storage into main memory, preprocess them, and
transfer them to the GPU. This paper also compares the
performance between dataloaders using the default,
recommended (Rec.), optimal (Opt.), and ADaPT
parameter combinations. The recommended parameters
use values mentioned on the PyTorch [12], and optimal
parameters use values found by the grid search. This work
also measures the time to find the optimal parameters for
the grid search and the time to find the best values for the
ADaPT. All experiments for the ADaPT and grid search
are run 10 times and the execution time shown is the
averaged value. The search time for the ADaPT and grid
search is the time used to find the best combination.

Note that the purpose of the proposed ADaPT is to
maximize performance (speed) of the dataloader, not to
improve the training performance (e.g., accuracy) of deep
learning models.

4.2 Experimental Results

Table 1 shows the results of the dataloader per-
formance for 8, 128, and 2048 batch sizes, respectively. In
the table, ‘Exec. time is the total execution time of
dataloaders. In 8 batch sizes, the ADaPT shows 1.68 x and
1.69x faster than using default and recommended
parameters, respectively. For 2048 batch sizes the ADaPT
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Table 1. The results show the performance of the dataloader for each batch size.

Batch sizes 8 128 2048
Methods Default Rec. Opt. | ADaPT | Default Rec. Opt. | ADaPT | Default Rec. Opt. | ADaPT
Exec. time (ms) 1.14 1.15 0.67 0.68 15.38 1.71 1.30 1.35 | 252.52  41.54 6.52 6.82
Search time (sec) - - 1,688 127 - 1,761 91 - - 3,801 530
Ny 0 32 14 10 32 14 14 0 32 30 30
Best Np 0 2 2 2 2 128 128 0 2 512 128
Params.
Found PW False  False True False False | False | False | False  False True True
PM False  False | False | False False True True False  False True True
Ranking fOI‘ ) 559(}1 365th lsl 16th 1557‘[}1 165[}1 lsl 1st 1537th 974th 15( 215(
Parameter Combinations

performed significantly better than using default and
recommended parameters, with 37.03x and 6.09% more
fast, respectively. Compared to the results of the optimal
parameters, the ADaPT shows comparable performance.
In small 8 batch sizes, ADaPT found the 16" ranked
combination listed by grid search. In large 2048 batch
sizes, the ADaPT determined that the best combination of
parameters for the 21* rank. The ADaPT selected the 1%
best combination of parameters in 128 batch sizes which
is the same combination found by grid search method.
This result indicates that the ADaPT selects the best
dataloader

execution speed is similar to the optimal combination of

combination of parameters where the

parameters. It should be noted that the execution time of
the best combination is calculated as an average
therefore, the execution time of ADaPT and the optimal
combination may not necessarily be the same even if
ADaPT finds the optimal combination.

Table 1 also shows the overhead of searching optimal
parameters between the grid search and AVL tree-based
search. In 8 batch sizes, the AVL tree-based search shows
13.29% faster in searching time compared to a grid
search. This is also 19.35% and 7.17x faster in other
batch sizes, respectively. This result means that the AVL
tree-based search can find optimal combination of
parameters faster than a grid search.

As the above results, the ADaPT does not guarantee
that it finds the optimal combination of parameters that
the grid finds, but it can find the combination of
parameters that performs similar in a short amount of
time. In general, the time complexity of the grid search is
O(N*) in the worst case. In this work, the time complexity
of a grid search can be represented as ON?) because
both pin memory (PM) and persistent workers (PW) are

boolean-based adjustable parameters. On the other hand,

the time complexity of the proposed searching algorithm

is O((log,M?) in the worst case.

5. Conclusion

In this paper, an Automated Dataloader Parameter
Tuning framework called ADaPT is proposed to find a
useful combination of adjustable parameters for a
dataloader by using an AVL tree-based search algorithm
method. The experimental results show that the proposed
approach succeeds in searching the best parameter
combinations that performed as well as the optimal
parameter combinations in a short amount of time.

In the future, we expect that ADaPT will be helpful in
the research of deep learning system optimization for the
reduction of data transmission time from the CPU to GPU.
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