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ABSTRACT Vision transformers (ViTs) have emerged as a successful alternative to convolutional neural
networks (CNNs) in deep learning (DL) applications for computer vision (CV), particularly excelling in
accuracy on large-scale datasets within high-performance computing (HPC) or cloud domains. However,
in the context of resource-constrained mobile and edge AI devices, there is a lack of systematic and
comprehensive investigations into the challenging optimizations for both device-agnostic (e.g., accuracy
and model size) and device-related (e.g., latency, memory usage, and power/energy consumption) multi-
objectives. To resolve this problem, we first 1) introduce five device-agnostic (DA) and seven device-related
(DR) quantitative metrics, 2) using which we thoroughly characterize the effects of ViT hyper-parameters on
small datasets in terms of patch size and model size, and then 3) propose a simple yet effective optimization
technique called the hierarchical and local (HelLo) tuning method for efficient ViTs. The results show that
our method achieves significant improvements of up to 85% in MACs, 67.2% in inference latency, 77.7% in
train latency/time, 63.3% in GPUmemory, 73.8% in energy consumption, and 263.0% in FoM, with minimal
accuracy degradation (up to 2%).

INDEX TERMS Deep learning, efficient vision transformers (ViTs), edge-AI, on-device ML, multi-
objective optimization, characterization, mobile devices, embedded systems.

I. INTRODUCTION
Vision transformers (ViTs) have gained significant attention
in the field of computer vision due to their ability to
effectively leverage self-attention mechanisms, which allow
them to capture global dependencies in an image with
improved interpretability [1].

Unlike traditional convolutional neural networks (CNNs)
that process images through localized filters, ViTs treat
the image as a sequence of patches and learn relationships
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between these patches, enabling a more flexible and compre-
hensive understanding of the visual data. This fundamental
shift in the approach has led to notable improvements in
performance across a wide range of ViT variants [1], [2], [3],
[4], [5] using large-scale datasets such as ImageNets [6], [7]
and JFTs [5], [8], and other CV tasks of object detection [9],
image segmentation [10], and video analysis [11], establish-
ing ViTs as a powerful alternative against conventional CNN
architectures.

However, designing efficient-ViTs for mobile and edge
devices is more challenging not only due to the high quadratic
computation and memory requirements of ViT [1], but also
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because of the need to pursue multiple objectives of accu-
racy, latency, memory usage, and energy consumption, etc.
Additionally, there is a growing need to train efficient deep
learning (DL) models on embedded and edge devices [59],
[60]. This is especially crucial and indispensable in transfer
learning (TL) based fine-tuning training [61] and federated
learning (FL) modeling [62] in privacy-sensitive domains
such as healthcare and medicine, where sharing datasets in
the cloud is not an option. Moreover, the high computational
demands of ViTs have raised concerns about their feasibility
in mobile and edge computing scenarios, where traditional
CNNs still have advantages over standard ViT architecture
due to their accuracy-efficiency trade-offs [12].

Unlike HPC and cloud domains, mobile and edge (on-
device) AI systems may have the following practical
constraints:

• Training ViT models on Small Datasets without
Knowledge Distillation (KD): In domains like science
and medicine, large datasets comparable to the size of
ImageNet [7] are rarely available, making it difficult to
train teacher models for KD.

• Limitation of Training on Resource-constrained Edge
(On-Device) Platforms: In medical domains, privacy
concerns often prevent sharing datasets in the cloud for
training. However, it is very challenging to collect data
and train models on resource-constrained edge devices
(i.e., on-device training).

• Design of Efficient-ViTs using Multiple quantitative
Metrics: Resource-constrained mobile and edge AI
platforms must meet multiple objective metrics, includ-
ing not only accuracy but also latency (inference and
training time), memory usage, energy consumption, and
other combinations of these objectives.

Given the memory and energy constraints of mobile
and edge AI devices, we set the goal to find energy-
and memory-efficient ViT setups that maintain comparable
accuracy with improved inference and training latencies
to baseline ViTs without significant accuracy degradation.
To achieve this, we propose a hierarchical and local
optimization method (HelLo), characterizing ViTs on small
datasets based on patch size and model size hyper-parameters
to efficiently address multiple objectives, including accuracy,
memory usage, and energy consumption. Therefore, our
paper makes the following contributions:

• Employ twelve quantitative metrics, which includes five
device-agnostic (DA) and seven device-related (DR)
metrics for multi-objective.

• Using the metrics, analyze and characterize the effect
of the patch size (P) and the model size of the number
of layers (L), the size of the input dimension (D), the
number of attention heads (H), and the size of the
multi-layer perceptron (M).

• Propose a hierarchical and local ViTmodel optimization
method (HelLo) and conduct an ablation study, locally
optimizing the multi-objective quantitative metrics.

• Our results show improvements of up to 85% in MACs
and 263.0% in FoM, with minimal accuracy loss.
The code for our study is available here.1

The rest of the paper is organized as follows: Section II
presents our motivation and summarizes related work.
In Section III, we introduce the experimental setup, method-
ology, and quantitative metrics. Section IV summarizes our
preliminary results, and Section V presents the results,
analysis and key findings. In Section VI, we present
discussion with future work. Finally, Section VII concludes
the paper.

II. MOTIVATION AND RELATED WORK
A. BACKGROUND
As shown in Figure 1, the architecture of ViTs consists
of three main components: patch embedding, transformer
encoder, and classification head. Patch Embedding: The
input images of size H × W × C (H : height, W : weight,
C : channel) are divided into N patches of patch size P × P.
Each patch is flattened and mapped to a D-dimensional
vector using a learnable linear projection. Positional embed-
dings are added to retain spatial information. Transformer
Encoder: The embedded patches are fed into a stack of
transformer layers, L. Each layer comprises multi-head
self-attention (MHSA) modules and feed-forward neural
networks (FFN), both equipped with layer normalization and
residual connections.Classification Head: A special [CLS]
token is prepended to the patch embeddings, and its final
representation is used for classification tasks.

B. MOTIVATION
Considering the three practical constraints in mobile and edge
AI scenarios, our work focuses on optimizing the ViT-Tiny
model rather than larger models like ViT-S, ViT-B, and ViT-
L (Table 1), as it is more relevant to resource-constrained
mobile and edge devices. Based on the original ViT [1] and
its variant (DeiT) [2], Equation 1 presents variants of ViT
models as the function of the input patch size (P) and the
model size of the number of layers (L), the size of the input
dimension (D), the number of attention heads (H), the size of
the multi-layer perceptron (M).

Model Variants = f (P) + f (L,D,H ,M ) (1)

Considering resource-constrained mobile and edge (on-
device) domains, we try to optimize multiple objectives for
efficient ViT models with negligible accuracy degradation,
using ViT-Tiny (Table 1) to address the following two
motivating questions:

• Given any baseline ViT model, how can we quickly
optimize a locally optimal multi-objective efficient-
ViT model without or within negligible k% accuracy
degradation (e.g., 2%) using quantitative metrics for
multiple objectives?

1https://github.com/esainulab/efficientvit
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FIGURE 1. ViT architecture (Deployed from [1] and modified).

TABLE 1. ViT model variants [1], [2].

• Which hyper-parameter(s) from the patch size (P) and
the model size (L, D, H, or M) are most significant
from the perspective of improvements based on the
quantitative metrics?

To answer these two motivating questions, we characterize
and optimize the effects of the hyper-parameters, and provide
key findings and optimization guidelines.

C. RELATED WORK
Efficient ViTs for Mobile or Edge devices: Although the
original large-scale datasets based ViT [1] and its variants
[2], [3], [4], [5], [13] do not outperform efficient CNNs
like MobileNets v2/v3 [14], [15] in an empirical study [16],
more recent efficient-ViTs for mobile or edge devices
such as EdgeNeXt [17], EdgeVits [12], EfficientFormer
v1/v2 [18], [19], and EfficientVit [20] compete with the
speed of CNN-based MobileNet v2 [14] in an efficiency
evaluation study on a mobile platform [21]. However,
multi-objective metrics-based systematic investigations of
efficient-ViTs using latency, memory usage, and energy
consumptionmetrics onmobile or edge GPU devices are very
rare, while device-agnostic evaluations such as accuracy, the
number of parameters and MACs are relatively well studied,
independent of device type. Among the many efficient-ViT
studies, only EdgeViT [12] evaluated latency and energy
on a mobile Android phone (CPUs on Samsung Galaxy
S21 with a Snapdragon 888 chip) using both inference
latency and energy consumption (not on GPU but on CPUs),
while [17] evaluated only latency on an edge GPU device
(TensorRT engines on Nvidia Jetson Nano), [18], [19], [21]
evaluated only latency on mobile phones (NPU/CPUs on
iPhone 12 with a 14 bionic chip/Pixel 6 Android/Google
Pixel 4 Android), and [20] evaluated the device-related
inference latency on two edge GPUs (Nvidia Jetson Nano and
AGX Orin using TensorRT).

Training Efficient-ViTs on Small Datasets w.o. KD:
As an another direction of dataset-constrained and privacy-
issued domains such as science and medical domains,
training the efficient-ViTs on small datasets (e.g., CIFAR-
10 and CIFAR-100) is indispensable. The line of work
mainly focuses on data augmentation [22], self-supervised
techniques [23], [24], andmore-efficient self-attention design
concepts [25], [26], [27]. Despite the challenging constraints
of the domains, related works on model evaluations using
latency, memory usage, and energy consumption metrics on
resource-constrained mobile or edge GPU devices are very
rare.

Multi-objective Optimization for Efficient-ViTs:
Although there are some works for CNN neural architecture
search (NAS) using multi-objectives such as DPP-Net [28]
and MONAS [29], it is very rare in efficient-ViT studies.
The empirical study [16] employed the metrics of accuracy,
inference latency, memory footprint, and energy consumption
to compare efficient-CNNs and lightweight ViT variants, and
provided insightful findings for efficient-ViT optimization.

Local and Hierarchical Search: The most basic form
of greedy local search is often called the hill-climbing
algorithm [30]. We adopt straightforward concepts of hier-
archical and local search for our optimization method.
Recently, the local search was used in NAS [31], [32] as a
strong baseline, compared to the random search. Moreover,
with the computational benefits of hierarchical search by
examining an idealized case [30], GLiT [33] proposed a hier-
archical NAS, tackling the problem caused by huge search
space.

Note that our work is orthogonal in terms of goal and
method. Our goal is not to design a new efficient-ViT
backbone, but to optimizememory- and energy-efficient ViTs
with improved inference and training latencies plus negligible
accuracy drop in any base ViTmodel using multiple objective
(including multi-objective) metrics for resource-constrained
mobile or edge GPU devices. Moreover, our method is simple
yet effective using a hierarchical and local optimization
concept (an approach of fast and lightweight tuning with
characterizations rather than a black-box model-based NAS
approach).

III. METHODOLOGY
This section has four subsections: Experimental setup is
described firstly, because it establishes the foundation of
the study by detailing the hardware platforms, software
frameworks, and utilized datasets. This is essential for
understanding the methodology context in which the exper-
iments are conducted. Optimization space is introduced to
define the specific hyper-parameters that are being optimized,
providing clarity on the scope of the study. Optimization
strategy is outlined to describe the specific techniques
applied to search the hierarchically and locally optimal
hyper-parameters within the defined space. Quantitative
metrics are discussed in detail to explain the measurement
and evaluation of the results, as well as the assessment
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TABLE 2. Specifications of experimental platforms.

of the improvements of the optimization efforts. This
structure ensures systematic methodology phases from the
experimental setup to quantitative and fair evaluation of the
results.

A. EXPERIMENTAL SETUP
Experimental Platforms: As shown in Table 2, we utilize
two platforms — NVIDIA RTX3060 6GB based laptop
and the NVIDIA Jetson TX2 edge device — to measure
the performance of ViT-Tiny models. The laptop platform
measures all device-agnostic (DA) metrics such as accuracy,
number of parameters, and number of MACs; and it also
measures all device-related (DR) metrics except for those
metrics that are directly related to power consumption.

The edge device measures only device-related (DR)
metrics, including power combined metrics. We conduct a
separate setup for experiments on NVIDIA Jetson TX2,
utilizing tegrastats tool [34] that provides detailed power
consumption and memory logs at 100 ms intervals, along
with real-time data on CPU and GPU utilization and clock
frequencies.

Regarding the experimental evaluations, the default (base-
line) setup was run five times, and we took the trimmed
average by removing the minimum and maximum values,
whereas for all other setups, we conducted only a single run.

Software Frameworks: ViT models are implemented
and tested primarily on the TensorFlow framework [35]
using the GitHub codes and additionally on the PyTorch
framework [36] using the codes [25].
Dataset and Applications: CIFAR-10 image classifica-

tion dataset [37] is used as a small dataset for this work.
It consists of 60,000 color images with 10 different classes,
with each class representing a distinct object or category.
Note that the original images have a resolution of 32 by
32 pixels, but they are resized to 224 by 224 pixels, following
the common practice [1], [38] and escaping patch size
confusions compared to the ImageNet.

B. OPTIMIZATION SPACE
Our optimization space is based on a hierarchical manner
of high-level input patch size (P) and low-level architecture

TABLE 3. Optimization space.

search of each model size, which includes the number of
layers (L), the hidden dimension size (D), the number of
heads (H), and the MLP size (M). As shown in Table 3,
the input patch sizes of 16 and 32, along with the model
sizes to be searched, are described with the underlined
default configurations of ViT-tiny, from the perspective
of the transformer (ATT + FFN), attention (ATT), and
FFN layers.

Based on the design goal of fast optimization for efficient
ViTs with negligible or minimal accuracy degradation plus
improved inference and training latencies, the design space
in Table 3 is considered. The patch sizes of 16 and 32 are
selected in a hierarchical manner, based on the preliminary
results of the patch sizes of 16, 32, 56, and 112, excluding
56 and 112 due to significant accuracy degradations. We also
considered smaller model sizes than the default underlined
configurations. However, for the attention (ATT) or FFN
layer, we also consider bigger model sizes (i.e., D: 256, H:
4, 5 and 6, M: 960 and 1152) than the default underlined
configurations, but with smaller (or equal only in H) model
sizes than ViT-Small, considering broader search spaces (e.g.,
a reduced L but an increased D/H/M).

C. OPTIMIZATION STRATEGY: HIERARCHICAL AND LOCAL
SEARCH WITH CHARACTERIZATION (HELLO)
In order to quickly search local-optimal efficient ViTs within
k% (e.g. 2%) accuracy degradation using multiple objective
goals, we propose a hierarchical- and local-search based
optimization technique, as shown in Figure 2: 1) firstly,
we investigate the input patch size effects of ViT-Ti/16 and
ViT-Ti/32, as a high-level search. Then, 2) we analyze and
characterize the low-level search for the effects of L, D, H,
and M. 3) Lastly, using the model sizes of local-optima, we
conduct an ablation study on ViT-Ti/16 and ViT-Ti/32.

1) HIGH-LEVEL: INPUT PATCH SIZE
The size of input patches affects the accuracy/speed trade-
offs, generally leading to higher accuracy with smaller
patches at a greater computational cost [39]. However, strictly
speaking, a local optimum patch size is dependent on the
input image resolution [25] and image characteristics (e.g.,
simple or complex images) [38]. Considering the practical
effects of the input patch size, we conduct a comprehensive
comparison of ViT-Ti/16 and ViT-Ti/32 in terms of training
epochs, frameworks (TensorFlow and PyTorch), and various
patch size characteristics.
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FIGURE 2. Optimization strategy.

2) LOW-LEVEL: MODEL SIZE
In the low-level search, firstly we investigate the layer (L)
effects from the perspective of transformer (ATT + FFN).
Then, the hidden dimension (D) size and the number of heads
(H) in ATT layers are investigated. Lastly, we add the effects
of the MLP size (M) in FFN layers. The optimization space
is chosen manually based on the design goal of optimizing
more efficient ViTs with minimal accuracy degradation plus
improved inference and training latencies; and, we mostly
select reduced model sizes but include some bigger sizes as
well (e.g., in D, H and M), compared to the default.

3) ABLATION STUDY
Using the local optima found in each factor of L, D, H, and
M, we conduct an ablation study to investigate the results of
the combinations in Figure 2. Then, we find one best optimal
and provide optimization guidelines for specific design goals
according to the results of the locally optimal combinations.

D. QUANTITATIVE METRICS
For fair and comprehensive evaluations of device-agnostic
(DA) and device-related (DR) performances, we employ
twelve quantitative metrics for multiple objectives. As shown
in Table 4, we specify four types of metric categories:
device-agnostic single-objective (DA-Sin.), device-agnostic
multiple-objective (DA-Mul.), device-related single-objective
(DR-Sin.), and device-related multiple-objective (DR-Mul.)
metrics.

1) DA-SIN
Accuracy, the number of parameters (Params), and the
number of MACs (MACs) are adopted. While Params
is directly provided by TensorFlow framework’s output,

TABLE 4. Twelve quantitative metrics.

TABLE 5. MACs calculation (P: patch size, N : number of patches (i.e.,
input tokens), D: hidden dimension size of tokens, M: MLP size, L:
Number of layers). (Based on [44] and the GitHub code [45] of [46]).

MACs is calculated manually following the method used in
Table 5, where the embeddings creation, the attention block
involvement with the projection of embeddings, calculation
of attention scores, weighted averaging based on these scores,
and projection of the result are processed. The MLP block
and classification head consist of two linear layers. In the first
layer of MLP, each embedding is projected from D size to a
higher dimension (MLP size), and the second layer projects
embeddings back from MLP size to D size.

2) DA-MuL
Information density (ID) [40] quantifies the trade-off between
accuracy and Params, while NetScore,bib:41 quantifies the
trade-off between accuracy and model complexity, (i.e.,
Params and MACs). Another difference is that NetScore has
different weights between accuracy and Params/MACs with
the specific logarithmic format in Table 4.

2In our real calculation, D · M + M · #Classes is used due to one more
added dense layer in our code.
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FIGURE 3. Comparison of power consumption between 100 (blue) and 5
(green) epochs. (Below is the zoomed 5 epochs.)

3) DR-SIN
Inference Latency is the inference time of each batch size
(32 on Laptop and 16 on TX2). Training Latency is the
total training time (hours) to complete the training until
convergence. Therefore, it depends on the number of epochs
(i.e., 100 epochs for ViT-Ti/16 and 150 epochs for ViT-
Ti/32 in this study). Memory-Usage shows the amount of
memory during the model training phase and is different for
platforms - the laptop uses the discrete GPU memory, while
the NVIDIA TX2 uses the integrated GPU memory (i.e.,
shared memory for both CPU and GPU). Therefore, nvidia-
smi,bib:47 is utilized to measure GPU memory consumption
on the laptop, and the tegrastats,bib:34 is utilized to measure
the integratedmemory (i.e., CPU+GPUmemory) on the edge
device.
Power Consumption: The measurement for power con-

sumption is conducted on the TX2 edge device during the
training phase using the total power of CPU, GPU, and
DRAM power sensors. Due to time constraints on the edge
device (which has a 3-5× longer training time per epoch
compared to the laptop during the training phase), we reduce
the number of epochs to 5, based on the observations in
Figure 3.We observe that there is no difference between 5 and
100 epochs in terms of the average power. It remains almost
constant regardless of the number of epochs (i.e., provided
power curves of both cases are almost the same).

4) DR-MuL
Accuracy-over-Latency (AoL),bib:42 is a multi-objective
metric that shows the trade-off between the Accuracy and
the Inference Latency. Figure of Merit (FoM) [43] is a
multi-objectivemetric that shows the trade-off betweenAccu-
racy, Power, and Inference Latency. Energy Consumption is
a multi-objective metric which combines the Power and the
Training Latency per epoch (Eq. 4 in Table 4). When we
need to consider the total training energy consumption with
regards to several epochs, we use the energy consumption
per epoch multiplied by the number of epochs, as the total
training energy consumption.

TABLE 6. Preliminary results of accuracy of patch sizes in
ViT-Ti/16/32/56/112 on 300 epochs (on Laptop using CIRAR-10).

TABLE 7. Preliminary performance results on frameworks, Number of
Epochs, Augmentations and models (on laptop using CIFAR-10 [48]).

IV. PRELIMINARY RESULTS: ACCURACY ISSUES ON
SMALL DATASETS
Generally, it has been studied that smaller patches pro-
vide higher accuracy with longer token lengths, though
at a greater computational cost [39]. However, practically
speaking, a local optimum patch size is also dependent
on the input image resolution, patch sizes [25], and image
characteristics [38] (e.g., simple or complex images).

Comparison of Patch Size Effects: Firstly, in order
to investigate the effects of the input patch size in
accuracy, which is one of most important performance
metrics, we measure and compare the accuracies of ViT-
Ti/16/32/56/112 using CIFAR-10 dataset without augmen-
tation on 300 epochs, which are based on the reference
work [25], with observations of a sufficient number of
training epochs on small datasets. While the accuracies of
ViT-Ti/16 and ViT-Ti/32 are almost similar on TensorFlow (a
comparable degradation of -2.8% on PyTorch), the accuracies
of ViT-Ti/56 and ViT-Ti/112 have significant accuracy
degradations of -5.0% and -22.5% on TensorFlow (-11.6%
and -20.9% on PyTorch), respectively. Therefore, we select
ViT-Ti/16 and ViT-Ti/32 for the comprehensive patch and
model size characterization for efficient-ViTs.

Comparison of Number of Epoch Effects: Secondly,
in order to investigate the effects of the candidate input
patch sizes and the number of epochs in the training
phase, we analyze basic DA and DR metrics, as shown in
Table 7, using the CIFAR-10 dataset without augmentation
on TensorFlow. In 100 epochs, ViT-Ti/16 achieves a higher
accuracy of 80.14% with a training time of 6.7 hours,
compared to 78.27% in ViT-Ti/32 with a reduced training
time of 2.5 hours. Additionally, by increasing the number
of epochs to 150, ViT-Ti/32’s accuracy has increased up
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to 80.09% with a training time of 3.8 hours. Finally, the
accuracies in 300 and 500 epochs are almost similar between
the two models; while ViT-Ti/32 is a little bit more accurate
than ViT-Ti/16 in 300 epochs, it is vice versa in 500 epochs.
The patterns are clearly shown in the blue triangle (ViT-Ti/32
TF no Aug.) and blue circle (ViT-Ti/16 TF no Aug.) lines
in Figure 4, which represent values from Table 7. Figure 4
shows that by increasing the number of epochs, the accuracy
gradually increases, and then converges (or subtly decreases
due to overfitting [49]).

Furthermore, in terms of training time (the x-axis in
Figure 4), it can be inferred that the training time of the
ViT-Ti/32 models is almost 3 times faster than that of ViT-
Ti/16models for the same number of epochs.We also observe
that models with different patch sizes could achieve similar
accuracy by adjusting the number of epochs, maintaining not
only a lower training time but also a lower memory usage
(Table 7). For the effects of the number of epochs on ViT-
Ti/16 and ViT-Ti/32 using small datasets like CIFAR-10/100
without augmentations, we conclude that 300 epochs could be
deployed with the related work [25]. Alternatively, our results
imply that a more reduced number of epochs could also be
considered, according to the accuracy degradation levels in
the reduced numbers of epochs.

Comparison of Augmentation Effects: In addition to
the effects of the number of epochs, we investigate the
effects of augmentation by fixing deployable 300 epochs
on both frameworks TensorFlow (TF) and PyTorch (PT).
From the perspective of no augmentation between TF and
PT frameworks, the ViT-32 TF no Aug. of 81.78% (the third
triangle of the blue line in Figure 4) has almost similar
accuracy, compared to ViT-32 PT no Aug. of 82.32% (the red
triangle in Figure 4). From the perspective of augmentation
techniques, TF Aug. versions have significantly lower
accuracies of 86.01% in ViT-Ti/16 TF w/Aug. (the center
green circle ) and 82.73% in ViT-Ti/32 TF w/Aug. (the
bottom-left green triangle ) respectively, while PT w/Aug.
versions achieve high accuracies of 95.55% in ViT-Ti/16
PT w/Aug. (the top right violet circle ) and 92.78%
in ViT-Ti/32 PT w/Aug. (the top left violet triangle )
respectively. This difference arises from the use of different
augmentation techniques in the TensorFlow and PyTorch
implementation. In detail, while the PT-based codes utilize
advanced Mixup [50], CutMix [51], Random erasing [52],
and additional random augmentation techniques from the
timm library [53], the TF-based codes utilize manually
implemented naive Mixup and CutMix.

Comparison to ViT-Litemodels [25]: Lastly, we compare
with pure VIT-Lite models among all the efficient ViT
versions [25], although more state-of-the-art efficient ViTs
such as CVT and CCT models (i.e., using more advanced
training techniques of sequence pooling (SP) rather than
class tokenization (CT) and hybrid ViT+CNN models)
are included. In addition to the original ViT-Li7/4 models
(7 layers with 4 × 4 patch size from 32 × 32 images) in the
paper [25], we also modify and compare with the ViT-Li12/4

FIGURE 4. Accuracy and train time trade-offs on ViTs(Based on Table 7).

models for fair comparison, considering the same 12 attention
layers. While ViT-Li7/4 without and with augmentation
versions have accuracies of 83.59% (the bottom-left red
asterisk ) and 93.57% (the top-left violet asterisk )
respectively, ViT-Li12/4 without and with augmentation
versions have accuracies of 82.53% (the bottom-left red
diamond ) and 94.31% (the top-left violet diamond )
respectively.

Note that ViT-Ti32 PT (no Aug. and w/Aug. ) and ViT-
Li12/4 (noAug. andw/Aug. ) have almost similar number
of patches, although the number of patches of 64 in ViT-
Li12/4 is a little bit more than 49 of ViT-Ti/32. We speculate
that ViT-Li12/4 models yield a little bit better results than
ViT-Ti/32 due to the larger number of patches and the more
advanced sequence pooling (SP) technique, as opposed to the
default class tokenization (CT) technique [25].
Summary: Among the baseline models (i.e., ViT-Ti/16/32

no Aug.), the accuracies are almost similar between TF
and PT frameworks, while different types of augmenta-
tion techniques have more various impacts. Therefore, for
further measurements and analysis sections, we utilize the
baseline versions without augmentations despite low accu-
racies, excluding various effects of advanced augmentation
techniques. However, our hierarchical and local method
(HelLo) can be applied to both more advanced augmentation
techniques andmore efficient ViTmodels for higher accuracy
(up to ViT+CNN hybrid models by increasing hyper-
parameters), using the quantitative metrics for multiple
objectives.

V. RESULTS AND ANALYSIS
This section systematically describes a detailed analysis of
the results and presents the findings from our experiments.
First, we explore the impacts of the patch sizes and the four
key hyper-parameters for model sizes: L, D, H, and M. Each
subsection focuses on each factor, providing quantitative
comparisons and highlighting the trade-offs observed in
accuracy, resource usage, and efficiency metrics. We also
summarize the effects across different devices (Laptop and
Edge), comparing results in device-related (DR) metrics.
The analysis provides a summary of key findings on patch
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TABLE 8. Results of input patch size effects in ViT-Ti/16 and ViT-Ti/32 on Laptop and Edge.
(NOTE: ↑ means the greater the better, and ↓ means the lower the better). Bold is the superior value with the percentage of improvements, compared to
the results of ViT-Ti/16. Model sizes are the default for both patch sizes, i.e., L (12), D (192), H (3), and M (768).

and model size effects, helping readers understand which
hyper-parameters have the most influence on model perfor-
mance across the quantitative metrics. Finally, an ablation
study is included to validate the combinations of locally
optimal hyper-parameters.

A. INPUT PATCH SIZE EFFECTS
In this subsection, we compare and analyze the results of the
baseline ViT-Ti/16 (trained for 100 epochs) and ViT-Ti/32
(trained for 150 epochs). As shown in the Table 8, the baseline
ViT-Ti/16 (trained for 100 epochs) and ViT-Ti/32 (trained
for 150 epochs) have almost the same accuracies of 80.14%
and 80.09%, respectively (i.e., only 0.05% difference), while
the baseline ViT-Ti/16 (trained for 150 epochs) has almost
similar accuracy of 80.81% (only 0.89% less than ViT-Ti/32
on 150 epochs), but with 37% increased training time than
ViT-Ti/16 on 100 epochs (i.e., 7.3 vs. 10.0 hours) in Table 7.

DA-Sin. (Acc., Params, MACs): Although the accuracy
(80.09% vs. 80.14%) and the number of parameters (6.09M
vs. 5.68M) are quite similar between ViT-Ti/16 and ViT-
Ti/32, there is a substantial difference in the number ofMACs
(0.28G vs. 1.26G), with ViT-Ti/32 requiring 4.5x fewer MAC
operations than ViT-Ti/16.

The MACs difference between the two models can be
explained with the help of Table 5, in which by changing the
patch size (P), the number of patches (N) in ViT-Ti/32 can
be reduced to one-fourth (1/4) of ViT-Ti/16, while the hidden
dimension size (D), MLP size (M), and the number of layers
(L) are the same.

DA-Mul. (ID, NetScore): For ID, ViT-Ti/32 has a −6.9%
degradation (13.14 vs. 14.11) in accuracy per million
parameters compared to ViT-Ti/16 due to the slightly
increased (7.2%) number of parameters which results from
the increased patch size (P), while the NetScore (accuracy
per Params × MACs) achieves 9.2% improvements due
to the significantly reduced number of MACs. NetScore
metric is more important than ID from the perspective
that they have different results when we compare with the
inference and train latencies and memory usage. While
NetScore can directly reflect latency and memory improve-
ments, ID is not directly related to latency and memory
improvements.

DR-Sin. (Inference-/Train-Latency, Memory Usage,
Power): Note that DR metrics have different results on
different platforms. On Laptop, improvements of 60.7%,

46.0%, and 61.7% in ViT-Ti/32 are achieved in the inference
latency, training latency, and GPU memory usage respec-
tively, while on Edge improvements of 71.2%, 67.5%, 22.8%,
and 19.1% are achieved in the inference latency, training
latency, memory usage, and power consumption respectively.
(Note that the memory usage on Edge is the integrated
memory, and the power consumption is measured only on
Edge, described in Table 4). Interestingly, the improvements
of inference latency and training latency (60.7%, 46.0%,
and 71.2%, 67.5% on Laptop and Edge respectively) and
GPU memory improvement on Laptop (61.7%) are closely
related to the device-agnostic MACs improvement of 77.8%.
Therefore, if we need to use a proxy DA metric for model
efficiency instead of DRmetrics on real platforms, the MACs
metric is more important than the number of parameters
(Params).

DR-Mul. (AoL, Energy, FoM): On Laptop, AoL is
improved by 155.0%, which results from the significantly
reduced inference latency (24 ms). On Edge, improvements
of 243.3%, 73.7%, and 329.2% in AoL, Energy, and FoM
respectively are achieved. (Note that energy consumption and
FoM are obtained only on Edge due to the availability of
power logs). Regarding the power consumption patterns, they
will be discussed from the section of layer effects, because
they have dynamic patterns even in gradual workload vari-
ations. It also makes sense because the power consumption
is dependent on dynamic voltage frequency scaling (DVFS)
techniques. The improvements of energy consumption, which
is a product of time and power, are more related to the
improvements of training time rather than the little variations
of power consumption (i.e., 7117mW vs. 8798mW).

Key Findings: In terms of the input patch sizes of 16 and
32, 1) firstly, we observe that the ViT-Ti/32 needs more
epochs to achieve a comparable accuracy, but with less total
training time than ViT-Ti/16. 2) Secondly, among the DA
metrics, MACs and NetScore rather than Params and ID
can be used as proxy metrics for latency-efficiency and
memory-efficiency instead of device-related (DR) metrics
on real platforms. 3) Thirdly, energy consumption is more
dependent on latency, rather than power consumption on
ViT workloads for image classification. Lastly, these key
findings conclude that ViT-Ti/32 with longer training epochs
(a bigger patch size with a reduced number of tokens) can be
a better choice for mobile and edge platforms under the three
constraints.
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TABLE 9. Results of number of Layers in ViT-32 and ViT-16 on Laptop and Edge, Batch size (bs): 32 on Laptop and 16 on Edge. Baseline: L:12 D:192 H:3
M:768. (red > 2% accuracy drop; yellow - acceptable); best within acceptable < 2% drop and worst in all).

B. NUMBER OF LAYERS EFFECTS
We firstly analyze the number of layer effects on ViT-Ti/32,
secondly compare with the effects on ViT-Ti/16, and then
summarize key findings of the layer effects.

1) RESULTS OF ViT-Ti/32
As shown in Table 9, the overall patterns reveal trade-offs
between accuracy and other performance metrics. In other
words, greater accuracy degradation leads to more significant
improvements in most metrics, except for power consump-
tion, which will be covered separately in detail. In the
analyses below, we focus on the results within a 2% accuracy
drop (i.e. the 6 layers and above), in line with the design goal
of minimal k% accuracy degradation. Note that the baseline
is the default ViT-Ti/32 model of 12 layers.

DA-Sin. (Acc., Params, MACs): The accuracies between
8 and 12 layers are almost similar, having the highest
accuracy in 10 layers (0.52% higher than the default). The
6 layers, with an accuracy degradation of 0.91%, have
improvements of 43.8% in Params and 48.2% in MACs,
respectively.

DA-Mul. (ID, NetScore): Due to the improvements in both
Params andMACs, the 6 layers also achieve improvements of
76.0% in ID and 7.0% in NetScore, respectively.

DR-Sin. (Inference-/Train-Latency, Memory Usage,
Power): On Laptop, inference latency, training latency, and
GPU memory usage improved by 41.7%, 42.9%, and 33.6%,
respectively. On Edge, inference latency, training latency, and
GPU memory usage improved by 43.6%, 56.0%, and 13.2%,
respectively, but the power consumption increases by 19.1%.
As it was observed in the patch size effects, the inference and
training latency improvements both on Laptop and Edge are

FIGURE 5. Power consumption in different layers.

proportional to the improvements in MACs for all the layers.
This shows that the MACs metric is very important both for
inference latency and training time.

Figure 5a shows that the power consumption in ViT-Ti/32
generally tends to vary within a certain level (from 7100 mW
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FIGURE 6. Layers effects: Power and frequencies details.

to 8750 mW) without any linear or specific pattern regardless
of the increasing number of layers. Moreover, we provide
the stacked average power consumption of CPU, GPU, and
memory power consumption in Figure 6a, in which GPU
power consumption is dominant, and the memory power
consumption is almost constant across different number of
layers.

Furthermore, we observe relatively high power consump-
tion between 4 and 8 layers and low power consumption
in 2, 10, and 12 layers; and we speculate that the power
consumption patterns are quite different from each other in
different number of layers due to the dynamically changing
CPU, GPU, andMemory frequencies. Table 10 and Figure 6a
show the dynamically changing CPU, GPU, and Memory
average frequencies from DVFS governors using tegrastats.
Note that the frequency scaling scheme of CPU, GPU, and
Memory governors on TX2 are based on separate CPU and
GPU and Memory utilizations respectively [54]; and we
speculate that the power consumption patterns of layer effects
in ViT-Ti/32 are more related to diverse CPU frequencies
rather than relatively similar GPU and Memory frequencies.

DR-Mul. (AoL, Energy, FoM): In terms of AoL, the
improvements on Laptop and Edge are 69.5% and 73.5%,
respectively. However, the absolute values on the laptop and
edge devices differ significantly, at 5.66 and 1.80 respec-
tively, due to the device-related inference latencies, with the
laptop being faster than the edge device. Energy consumption
per epoch on the edge has an improvement of 47.6% due to
the latency improvement of 56%. Since energy consumption
is the product of latency and power consumption, the

TABLE 10. Layers effects: Average CPU, GPU, and memory frequencies
and utilizations for ViT-Ti/32 and ViT-Ti/16 on Edge (Nvidia TX2).

observed energy improvements can be attributed to latency
improvements rather than to power consumption changes,
given that power variations (ranging from 7100 mW to
8750 mW) are relatively small compared to the changes in
training time. Lastly, the multi-objective FoM improvement
on the edge in 6 layers reaches 47.1%, which can be attributed
to the inference time improvement (43.6%), the accuracy
drop (0.91%), and the power increase (19.1%).

2) RESULTS OF ViT-Ti/16 COMPARED TO ViT-Ti/32
The overall improvement levels of ViT-Ti/16 are similar yet
lower than those of ViT-Ti/32, except for a few important
metrics, such as accuracy and power consumption. However,
the absolute values (in parentheses) for the two models
largely differ, as already observed in the patch size effects.

DA-Sin. (Acc., Params, MACs): The accuracy degrada-
tion is more serious in ViT-Ti/16 (-2.2% in 6 layers, compared
to -0.91% in 6 layers of ViT-Ti/32). Within the same 2%
threshold in accuracy degradation, the accuracy of 8 layers
satisfies with -1.1% degradation. Hence, we compare the
results of 8 layers in ViT-Ti/16 with those of 6 layers in ViT-
Ti/32 focusing on the best improvements (in bold) and the
absolute values (in parentheses).

Whenwe compare the improvements inMACs between the
two models, ViT-Ti/32 shows higher relative improvements
(48.2% vs. 32.5%) due to more serious accuracy degradation
in ViT-Ti/16, decreasing MACs from 0.28G (baseline of
12 layers) to 0.15G (6 layers). For reference, the ViT-Ti/16
model shows a reduction from 1.26G (baseline of 12 layers)
to 0.85G (8 layers). In terms of the absolute values (0.15G vs.
0.85G), the ViT-Ti/16 of 8 layers has 5.67×moreMACs than
ViT-Ti/32 of 6 layers.

DA-Mul. (ID, NetScore): The pattern of ID and NetScore
are almost proportional to those of MACs.

DR-Sin. (Inference-/Train-Latency, Memory Usage,
Power): The patterns of inference and train latencies are
almost similar to that of MACs. Regarding the device-related
comparisons, the Laptop is much faster than the Edge in terms
of inference latency (3-5×) and train time (5-9×). While
memory usage improvements are almost similar, the power
consumption patterns are quite different between ViT-Ti/16
layers and ViT-Ti/32 layers due to the dynamically scaling
frequencies (Figure 6 and Table 10).

Furthermore, we compare and analyze CPU and GPU
utilizations in Table 10. Through all layers, ViT-Ti/32
and ViT-Ti/16 have ranges of 53%–62% and 37%–53%
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TABLE 11. Results of D size in ViT-32 and ViT-16 on Laptop and Edge, Batch size: 32 on Laptop and 16 on Edge Baseline: L:12 D:192 H:3 M:768. (red > 2%
drop; yellow - acceptable); best within acceptable < 2% drop and worst in all).

on CPU utilization (64%–81% and 83%–89% on GPU
utilization), respectively; more specifically, ViT-32 has more
CPU-intensive utilization, while ViT-Ti/16 has more GPU-
intensive utilization. Although it is beyond our scope to
investigate CPU-GPU optimized utilization perspectives in
this work, one clear observation is that there are oppor-
tunities in terms of CPU and GPU hardware utilization
perspectives.

DR-Mul. (AoL, Energy, FoM): AoL is directly propor-
tional to the inference latency. In terms of absolute values
of FoM, ViT-Ti/32 has 4.4× better score compared to ViT-
Ti/16 (212.24 vs 48.61) despite similar relative improvements
(47.1% vs. 44.6%), even allowing a slightly higher accuracy
(79.18 vs. 79.04). Considering that differences in power
consumption (8479 mW vs. 8604 mW) and accuracy are
small, the FoM improvement in ViT-Ti/32 is primarily due
to the reduced inference latency (i.e., 44 ms in ViT-Ti/32 vs.
189 ms in ViT-Ti/16). By the same token, the difference
in absolute values of the energy consumption (i.e., 4.8×
better, 3300 J vs. 15808 J) can be explained by the training
time.

Key Findings: 1) Firstly, the accuracy degradation/trade-
off is more serious in ViT-Ti/16 compared to ViT-Ti/32. This
is related to the challenging and intrinsic ViT workloads of
the high quadratic computation (i.e., according to N, number
of patches/tokens) and memory requirements [1]. Note that
the N of Ti/16 is four times that of Ti/32.

2) Secondly, the pattern of power consumption is not
dependent on (or proportional to) the number of layers
(ViT workloads) but rather on separate frequencies of DVFS
governors, with GPU power accounting for 55-60% of the
total power consumption. 3) Thirdly, in terms of absolute
values, the energy consumption and FoM of ViT-Ti/32
achieve 4.4× and 4.8× better results than those of ViT-Ti/16,
with only a negligible 0.91% accuracy degradation. These key
findings show that the ViT-Ti/32 with the reduced number of
layers could be an alternative for the efficient-ViT models on
small datasets.

C. EFFECTS OF D SIZE
In this section, we investigate how D size (not D + MLP)
affects the quantitative metrics. To do this, we change only
D sizes, keeping the same MLP size of 768 (the default
baseline) by modifying the mlp_rate in our code (e.g., 96 ×

8 (mlp_rate) = 768).

1) RESULTS OF ViT-Ti/32
DA-Sin. (Acc, Params, MACs): Interestingly, even the
smallest D size of 96 results in 0.13% accuracy improve-
ments, with a better 0.78% accuracy improvement in a D
size of 128 (Table 11). Additionally, the improvements in
Params and MACs reach 57.1% and 57.7%, respectively,
surpassing the improvements observed from layer effects in
terms of Params and MACs. However, the improvements
in inference latency and training time are lower than those
observed from layer effects, which we further investigate in
the corresponding DR metrics.

DA-Mul. (ID, NetScore): Due to the improvements of
DA-Sin. metrics, ID and NetScore are also greatly improved
by 133.6% and 10.1% respectively. (Note that the DR-Mul.
improvements are the highest among all the model size
effects).

DR-Sin. (Inference-/Train-Latency, Memory Usage,
Power): On Laptop, the improvements of 12.5% and 14.3%
in inference latency and train time are achieved, respectively,
while the edge device has the improvements of 28.2% and
23.3% in inference latency and train time, respectively. More
specifically, on Edge, despite substantial improvements in
Params andMACs (57.1% and 57.7%), inference latency and
train time improvements (28.2% and 23.3%) are lower than
those of the layer effects (43.6% and 56.0%) in ViT-Ti/32
(Table 9). This shows that the number of MACs still has
limitations in evaluating the inference/train latency, although
it can be used as an alternative proxy metric.

In terms of memory usages on ViT-Ti/32, Laptop GPU
memory usages remain constant in spite of the D size
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variations, while the integrated memory usages on Edge
change slightly, having improvements within 4%. From the
perspective of power consumption for ViT-Ti/32 shown in
Figure 7a, D size of 96 achieves the highest improvement
of 14.7% and the power consumption grows gradually as the
D size increases (from 6250 mW up to 7500 mW). In order
to speculate reasons for the power and memory patterns,
we investigate the CPU, GPU and Memory power and
frequencies breakdown presented in Figure 7 and Table 12.
We observe that the memory (i.e., DDR) power consumption
is almost constant (less than 1% difference between 2206 and
2421 mW) and its frequency also is almost the same
(1.86 GHz) across all D size values. We speculate that the
CPU workload reduces as D size grows (decreasing CPU
frequency line ), whereas GPU workload grows (slightly
increasing GPU frequency line ). In the meantime, memory
usage is almost constant (almost horizontal frequency
line ).

DR-Mul. (AoL, Energy, FoM): AoL is improved by
14.5% and 39.5% on Laptop and Edge, respectively, which
happen to be proportional to the improvements of inference
latency. On Edge, the improvements of 34.6% in energy
consumption and 63.6% in FoM score (236.0) are achieved
due to the improvements in power, inference latency, and even
accuracy.

2) RESULTS OF ViT-Ti/16 COMPARED TO ViT-Ti/32
Overall improvement patterns of ViT-Ti/16 are similar to
those of ViT-Ti/32 with the best results in D size of 96.

DA-Sin. (Acc, Params, MACs): ViT-Ti/16 shows a
slight accuracy degradation (-0.62%) compared to the ViT-
Ti/32 (0.13%) despite having similar Params and MAC
improvements.

DA-Mul. (ID, NetScore): The improvements in ID and
NetScore of ViT-Ti/16 and ViT-Ti/32 are also almost similar
due to similar DA-Sin. improvements.

DR-Sin. (Inference-/Train-Latency, Memory Usage,
Power): On Laptop, the improvements of inference latency
and train time in ViT-Ti/16 (21.3% and 24.3%) are higher
than those of ViT-Ti/32 (12.5% and 14.3%). On Edge,
the inference latency (32.5%) and train time (35.3%)
improvements of ViT-Ti/16 are higher than those of ViT-Ti/32
(28.2% and 23.3%, respectively). The pattern of memory
usage is constant on the Laptop and showcases relatively
little variations (up to 10%) on the Edge. Also, ViT-Ti/16 has
higher power consumption levels ranging from 8500 mW to
9500 mW in Figure 7b with higher GPU frequencies (i.e.,
mostly near to the maximum 1.3 GHz in Table 12), compared
to the levels of ViT-Ti/32 from 6250 mW to 7500 mW in as
shown in Figure 7a.

Similar to the layer variations, we present the average
results of CPU and GPU utilizations on D size effects
in Table 12. Through all the D size variations, ViT-
Ti/32 and ViT-Ti/16 have the ranges of 60%–68% and
47%–53% on CPU utilization (53%–68% and 83%–90% on
GPU utilization) respectively, resulting in the same pattern

FIGURE 7. D size: Power and frequencies details.

TABLE 12. D size effects: Average CPU, GPU, and DDR frequencies and
utilizations for ViT-Ti/32 and ViT-Ti/16 on Edge (Nvidia TX2).

of CPU-intensive utilization in ViT-32 and GPU-intensive
utilization in ViT-Ti/16.

Based on the observations and comparisons, we speculate
that the challenging device-related differences may be
attributed to the differences in NVIDIA GPU specifications
of the number of Streaming MultiProcessors (SM) and the
number of CUDA cores per SM, but with the same underlying
CUDAparallel programming (i.e., the same kernel configura-
tions for the number of blocks and the number of threads per
block) in the framework of TensorFlow. Specific reasons need
to be more investigated using NVIDIA metrics of profilers
like nvprof,bib:55, which is beyond scope of the study and
will be a future work.

DR-Mul. (AoL, Energy, FoM): Both on Laptop and
Edge, the AoL scores are improved by 26.1% and 46.9%
respectively. However, in terms of absolute AoL values,
ViT-Ti/16 has 2-3 times lower (i.e., worse) scores than ViT-
Ti/32. Additionally, we observe the improvements of 37.5%
in energy consumption and 52.0% in FoM score in ViT-
Ti/16; yet FoM improvements in ViT-Ti/16 are lower than
ViT-Ti/32 (63.6%) due to the lower improvements in power
consumption (i.e., 3.4% vs. 14.7%).

Key Findings: 1) The D size changes do not have an
accuracy drop in ViT-Ti/32 and have almost negligible
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TABLE 13. Results of Heads size in ViT-32 and ViT-16 on Laptop and Edge, Batch size = 32 on Laptop and 16 on Edge. Baseline: L:12 D:192 H:3 M:768
(red > 2% drop; yellow - acceptable); best within < 2% drop and worst in all).

accuracy drop (0.62%) in ViT-Ti/16 in spite of the highest
improvements of Params andMACs among all the model size
changes (L, D, H, and M). 2) However, the improvements of
inference latency and train time are lower than those of the
layer effects (L). 3) D size changes have no or fewer effects
on memory usages compared to the layer effects (L). 4) The
FoM improvement in D size of 96 on ViT-Ti/32 is the highest
among all the model size effects.

D. HEADS NUMBER EFFECT
In addition to the default 3 heads, we investigate the effects
of the number of heads from 1 to 6. According to the multi-
head self-attention (MHSA) mechanism [1], the number of
heads can affect the model’s performance (by allowing more
diverse attention patterns) without changing the number of
parameters, and that the MHSA allows parallel computations
with the same dimensionality (D) for their combined
output.

1) RESULTS OF ViT-Ti/32
As shown in Table 13, changing the numbers of heads
does not significantly affect the metrics compared to other
effects. Therefore, we provide a brief summary of this
section.

DA Metrics: With the constant number of Params and
MACs, the accuracy trade-offs are not much significant (only
0.76% accuracy drop even in the single head). The ID and
NetScore fluctuations are also minimal.

DR Metrics: In terms of inference latency, while the
laptop has 4.2% improvement, whereas the edge device
has -2.6% degradation. Due to the increased inference
latency on Edge, AoL and FoM also declined by −3.4%
and -2.3%, respectively. Regarding the power and energy,
as demonstrated in Figure 8a, the pattern is quite stable until
the 6 heads.

FIGURE 8. Power consumption in different number of heads.

2) RESULTS OF ViT-Ti/16 COMPARED TO ViT-Ti/32
DA Metrics: The accuracy degradation is more serious in
ViT-Ti/16 (−3.3% vs. −0.76% in ViT-Ti/32), although the
number of Params and MACs is the same. In addition, small
performance drops are observed in ID and NetScore.

DR Metrics: Improvement patterns of inference latency
and train time on both Laptop and Edge are a little bit
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TABLE 14. Results of MLP size in ViT-32 and ViT-16 on Laptop and Edge, Batch size = 32 on Laptop and 16 on Edge. Baseline: L:12 D:192 H:3 M:768 (red >

2% drop; yellow - acceptable); best within < 2% drop and worst in all).

different within 4% improvements, while the memory usages
and power consumptions are quite similar. And, all the DR-
Mul. metrics are mainly dependent on the improvements of
inference latency and train time.

KeyFindings:The degree of impact of number of heads on
small datasets is the least among all the model changes, along
with the observation that ViT-Ti/16 has higher trade-offs
between accuracy and the reduced number of heads.

E. MLP SIZE EFFECT
1) RESULTS OF ViT-Ti/32
DA-Sin. (Acc, Params, MACs): By reducing MLP size
to 192, Params and MACs are reduced almost by half
(45.6% and 46.4% respectively) with a negligible accuracy
degradation of 0.05%.

DA-Mul. (ID, NetScore): ID and NetScore also improved
by 83.7% and 7.2%, respectively, due to the improvements in
DA-Sin. metrics.

DR-Sin. (Inference-/Train-Latency, Memory Usage,
Power): Unlike the layer effects, despite the high improve-
ments of Params and MACs, the improvements of inference
latency and train time are not high enough, which indicates
that they are not directly proportional. For example, the
inference latency and train time on Laptop reduced by 20.8%
and 13.2% respectively (25.6% and 26.9% respectively on
Edge). In terms of memory usage, significant improvements
(up to 33.6% on Laptop) are observed on Laptop, along with
lower improvements (10.4%) on Edge. The power consump-
tion curve in ViT-Ti/32 is almost constant, as depicted in
Figure 9a.

DR-Mul. (AoL, Energy, FoM): On Laptop, the AoL score
improved by 26.2%. On Edge, improvements of 34.4% in
AoL, 28.8% in energy consumption, and 38.1% in FoM score
are observed. Overall, multi-objective improvements, with
the exception of FoM, are quite similar to those observed in
D size.

FIGURE 9. Power consumption in MLP size.

2) RESULTS OF ViT-Ti/16 COMPARED TO ViT-Ti/32
The MLP size improvements on ViT-Ti/16 are almost similar
toViT-Ti/32, except the train time and the power consumption
patterns, on which we focus for brevity.

DA Metrics: All the improvements in metrics are almost
equal to those of ViT-Ti/32.

DR Metrics: In terms of the train time, while ViT-Ti/16
(27.0%) has higher improvements than ViT-Ti/32 (13.2%)
on Laptop, ViT-Ti/32 (26.9%) has better improvements than
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TABLE 15. Optimal variations for Ti32 on laptop and edge (yellow - < 2%; green - < 1% drop); best and worst for each hyper-parameter).

TABLE 16. Optimal variations for Ti16 on laptop and edge (yellow - < 2%; green - < 1% drop); best and worst for each hyper-parameter).

ViT-Ti/16 (19.4%) on Edge. Note that the ViT training phase
is composed of backward and forward passes, while the infer-
ence phase is composed of only forward pass. Due to the dif-
ference in computations, the improvements between the two
phases are not always proportional and have variability on
different devices [56], [57], although it was proportional in
the layer effects in Table 9. Therefore, the challenging device-
related (DR) investigations between inference and training
phases will be considered as our future work.

Unlike the stable and low power consumption in
ViT-Ti/32, ViT-Ti/16 has a higher variance and higher power
consumption levels up to 9250 mW (median) with narrower
spread. According to our observations, the ViT-Ti/16 GPU
frequencies are higher (near to the maximum of 1.3 GHz)
than those of ViT-Ti/32; and the MLP size of 768 has the
highest CPU frequency with the highest power consumption.

Key Findings: 1) While the lower MLP sizes greatly
reduce Params and MACs with almost negligible accuracy
drops (< −0.5%), they lead to relatively less significant
improvements in inference latency and train time, compared
to the layer effects. 2) Compared to D size, MLP size has
better improvements in memory usage, along with similar
improvements in other DR metrics. This indicates that MLP
size, compared to D size, is more opportunistic in memory-
constrained scenarios.

F. SUMMARY ON PATCH AND MODEL SIZE EFFECTS
We summarize important key findings together to build a
comprehensive picture of our characterization on patch and
model size effects.

Patch Size: When we use a larger patch size on small
datasets (e.g., ViT-Ti/32 in our study), more training epochs
are required to achieve a certain level of accuracy. However,
as long as a target accuracy can be obtained, a larger patch size
with a reduced number of tokens (N) can be a better choice for
resource-constrained mobile and edge devices, because of the
2.5 - 4.5× higher improvements in terms of important metrics
such as MACs, inference latency, train time, GPU memory,
energy consumption, and FoM, as shown in the two bottom
rows of Tables 15 and 16.

Number of Layers: Among the model size effects, the
layer effect is the first-priority factor that needs to be
considered in ViT optimization and tuning problems due to
the direct improvements in the important metrics (Table 15).
However, in layer variation, a problematic optimization issue
is that accuracy degradation is more prominent compared to
D andM size effects, which are more successful on ViT-Ti/16
(Table 16). The power consumption of ViT models is not
directly proportional to the number of layers but is primarily
determined by CPU, GPU, andMemory dynamic voltage and
frequency scaling (DVFS) governors.
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TABLE 17. Results of ablation study on ViT-32 on Laptop and Edge, Batch size = 16 (red, > 2% drop; yellow - acceptable); best within < 2% drop and
worst in all). Best values are L:6, D:96, M:192, H:1 and the baseline is: L:12, D:192, M:768, H:3.

TABLE 18. Results of ablation study on ViT-16 on Laptop and Edge, Batch size = 32 and 16 (red, > 2% drop; yellow - acceptable); best within < 2% drop
and worst in all) Best values are L:8, D:96, M:192, H:2 and the baseline is: L:12, D:192, M:768, H:.

D Size: The D size effect yields the highest improvements
across all the device-agnostic (DA) metrics, without accuracy
drop in ViT-Ti/32 and only a negligible 0.62% drop in ViT-
Ti/16 (Tables 15 and 16). However, the best improvements in
DAmetrics do not guarantee the highest improvements in DR
metrics (i.e., mostly the best improvements of DRmetrics are
observed in the layer effects (L), with the highlighted (bold)
values especially in Table 15). Moreover, compared to the
number of layers and MLP size, D size variations have no
or little effect on the memory usage.

MLP Size: The MLP size effect provides significant
improvements in DAmetrics with almost negligible accuracy
drops (less than 0.5%), although they are not the best
improvements. However, in terms of memory usage, it has
better improvements compared to the D size and layer effects;
therefore, the MLP size optimization and tuning can be more
opportunistic for memory-constrained devices.

Number of Heads: The head size effect has the least
impacts and improvements on overall model performance,

along with the observation that ViT-Ti/16 experiences more
serious trade-offs between accuracy and the number of heads.

Lastly, we summarize in terms of the number of best
improvements in each effect out of all the 16 measurements:
In ViT-Ti/32, the top layer effects (9/16), followed by D size
(7/16), H size (0/16) and MLP size (1/16, the same with L)
(Table 15). In ViT-Ti/16, the order looks a bit different: The
top D size (9/16), followed by the number of layers (3/16),
Head size (0/16) and MLP size (3/16) (Table 16). In short,
the layer (L) effect dominates in ViT-Ti/32, while the D size
effect dominates in ViT-Ti/16.

G. ABLATION STUDY
We present the results of the ablation study using the
combinations of the local optima (i.e., the number of layers
of 6, D size of 96, and MLP size of 192 in ViT-Ti/32 and
the number of layers of 8 and the same D and MLP sizes in
ViT-Ti/16 in Tables 17 and 18).
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1) ABLATION RESULTS OF ViT-Ti/32.
As shown in Table 17, when we apply the 2% accuracy
degradation constraint, the D+M combination yields the
highest improvements in terms of most metrics except
accuracy and a few DR metrics. Moreover, when the local
optimal L (6 layers) is combined with another optimal or
optima (i.e., L+M, L+D, L+D+M, and L+D+M+H), there
are clear trade-offs between accuracy and other metrics
(especially time-related metrics).

Optmization Guidelines: Through the ablation study,
we give the following guidelines for model size optimiza-
tions/tuning: 1) Firstly, for a design goal of significant
improvements without accuracy degradation, D size orM size
optimization/tuning is most recommended. 2) Secondly, for
a design goal of maximum improvements with minimal accu-
racy degradation (within 2%), L or D+M size optimization
is more recommended. 3) Lastly, sacrificing more accuracy,
L+local optimal/optima configurations could be used for
minimizing MACs, inference latency, and train time etc.

2) ABLATION RESULTS OF ViT-Ti/16, COMPARED TO
ViT-Ti/32
As shown in Table 18, the main difference compared to ViT-
Ti/32 is that there are the three L included combinations
(i.e., L+M, L+D+M and D+M) without direct trade-offs
between accuracy and time-related metrics. We speculate that
it happens because the local optimal of L is not 6 layers but
8 layers in ViT-Ti/16.

Optmization Guidelines: We give the following guide-
lines for model size optimizations/tuning: 1) Firstly, for a
design goal of significant improvements without accuracy
degradation, optimizing or tuning the D size or MLP size
is most recommended. 2) Secondly, for a design goal of
maximum improvements with minimal accuracy degradation
(within 2%), it is recommended to consider L, D+M, or a
combination that includes L.

VI. DISCUSSION AND FUTURE WORK
Although we comprehensively investigate the effects of
input patch size and model size on competitive efficient-
ViTs, a potential limitation of our work is the evaluation
using only the CIFAR-10 dataset, which may affect the
generalizability to other datasets. However, in this work,
we focus more on optimization factors and our HelLo
methodology (i.e., the hierarchical and local search approach
to quickly search local-optimal efficient-ViTs within k%
accuracy degradation), which can be applicable for other
datasets as well. When we consider another medical dataset
(COVID-19 infected lungs) with a higher resolution (512 ×

512) [58], candidates of baseline models and patch sizes can
be selected according to the k% accuracy degradation scheme
by evaluating accuracies of baseline ViT models, compared
to the accuracy of the baseline ViT of the work (i.e., 94.03%).

The limitations of this study will be addressed in our
future work: First, we will expand our HelLo method to

medium-sized datasets to address the scalability issue, as cer-
tain mobile and edge devices may utilize high-resolution
datasets in some domains. Second, we will conduct more
challenging investigations into device-related (DR) differ-
ences, including: 1) the characteristics between inference
and training phases and 2) the characterization of GPU
parallelism and memory parallelism on specific frameworks
using profiling (e.g., nvprof) tools. Lastly, we will focus
more on on-device training optimization for efficient-ViTs
based on our key findings and previously studied on-device
training on CNNs [59], [60], fine-tuning in transfer learning
(TL) [61], and ViTs for federated learning (FL) [62].

VII. CONCLUSION
In this paper, we conduct a comprehensive patch and
model size characterization and optimization for efficient
ViT models on small datasets using quantitative twelve
(five DA + seven DR) metrics, improving performances on
resource-constrained mobile and edge AI devices. We thor-
oughly investigate and summarize key findings of the
effects of various hyper-parameters and the ablation study,
considering input patch sizes (P) and model sizes of number
of layers (L), D size (D), number of heads (H), and MLP size
(M).

The key findings are summarized as follows: A large patch
size reduces computational overhead and improves overall
latency, memory efficiency, and energy efficiency, as long
as the target accuracy can be achieved with the increased
number of epochs. In terms of model size optimization,
it depends on design goals: D size or MLP size (or
less aggressive L) optimizations are recommended for a
design goal of significant improvements without accuracy
degradation, whereas L or D+M (or less aggressive L + M
and/or D) is recommended for a design goal of maximum
improvements with minimal accuracy degradation.

With our hierarchical and local optimization/tuning
(HelLo) method for efficient ViTs, we achieve significant
improvements up to 85% in MACs, 67.2% in inference
latency, 77.7% in train latency/time, 63.3% in GPU memory,
73.8% in energy consumption, and 263.0% in FoM, within
minimal accuracy degradation (up to 2%).
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