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ABSTRACT Deploying deep learning models on severely resource-constrained edge platforms, such
as microcontroller-based systems, remains a significant challenge due to strict limitations on memory,
computation, latency, and power consumption. These constraints necessitate the use of ultra-compact neural
networks, which typically suffer from reduced representational capacity and degraded performance compared
to standard large-scale models. Knowledge distillation offers a promising solution by transferring information
from a high-capacity teacher model to a compact student, improving not only accuracy but also robustness,
which is critical for real-world tiny machine learning (TinyML) applications operating under distributional
shifts. However, when student models are extremely compact, the large capacity gap between teacher and
student can hinder effective knowledge transfer. In standard distillation settings, this gap can be narrowed by
simply using a larger student. Resource-constrained deployments, however, impose strict upper bounds on
model size, making large capacity gaps inherent and unavoidable. In this work, we systematically investigate
the effectiveness of three main categories of offline knowledge distillation including response-based, feature-
based, and relation-based across heterogeneous teacher–student convolutional neural network (CNN) pairs.
We specifically target ultra-compact student architectures representative of TinyML deployments, examining
how varying capacity gaps affect distillation in this setting. We first evaluate classification accuracy on the
CIFAR-100 benchmark and then assess robustness on the CIFAR-100-C dataset without additional fine-tuning.
The study is then extended to a practical Driver Monitoring System (DMS) application using the State Farm
Distracted Driver Detection dataset, followed by robustness evaluation on the unseen 100-Driver dataset.
Our results demonstrate that knowledge distillation remains effective even for ultra-compact CNNs designed
for resource-constrained platforms. We further show that even when capacity gaps are consistently large,
the relative difference between teacher and student still meaningfully influences distillation effectiveness,
with smaller gaps yielding larger accuracy improvements. Among the evaluated methods, relation-based
distillation, particularly contrastive representation distillation (CRD), consistently provides the strongest
gains in both accuracy and robustness, making it well suited for resource-constrained edge deployments.

INDEX TERMS Knowledge Distillation, compact model, resource-constrained application, TinyML

I. INTRODUCTION

Knowledge Distillation (KD) has emerged as a powerful
and flexible paradigm for training compact and efficient
deep learning models [1]. The core principle involves a

‘‘teacher–student’’ framework, where a smaller, often compu-
tationally inexpensive student model is trained to mimic the
behavior of a larger, more complex teacher model. Instead of
learning solely from ground-truth labels, the student leverages
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‘‘dark knowledge’’ [2] from the teacher, which can take the
form of soft probability distributions (logits) or intermediate
feature representations. This approach enables the student
to learn richer and more nuanced data distributions and
decision boundaries than it could by training on labeled data
alone. This enables the student to achieve performance that
closely approaches that of its much complex teacher. The
applications of KD extend beyond model compression to
include improving model robustness [3], facilitating cross-
modal transfer learning [4]–[6], and distilling the knowledge
of multiple models or ensembles into a single, deployable
network [7], [8].
The utility of knowledge distillation becomes especially

pronounced in model compression for deployment on resource-
constrained devices. Advances in low-power embedded de-
vices and machine learning (ML) model optimization have
enabled tiny machine learning (TinyML). TinyML runs ML
models directly on IoT devices to reduce latency, enhance
privacy, lower costs, and ensure reliable operation even with
limited connectivity through on-device analytics [9]. Modern
deep learning models, despite their impressive accuracy, of-
ten contain hundreds of millions of parameters and require
substantial computational resources, memory, and power, mak-
ing them impractical for on-device inference. KD addresses
this limitation by producing lightweight student models that
preserve much of the teacher’s predictive performance while
meeting the tight operational constraints of embedded hard-
ware. Through this process, advanced AI functionalities, such
as real-time image classification [10] or object detection [11],
speech processing [12], or environmental monitoring, can be
efficiently executed at the edge, with minimal latency [13],
reduced power consumption, and enhanced data privacy by
limiting cloud dependency [14].
The objectives and constraints of knowledge distillation

diverge significantly when comparing standard applications
to those for resource-constrained devices, though the founda-
tional teacher-student principles remain consistent. In a typical
setting, the primary goal of KD is to maximize the accuracy of
the student model, with secondary considerations to improve
calibration or generalization. This process usually operates
with loose constraints on model size or runtime, focusing on
transferring the teacher’s knowledge through its soft targets or
feature representations.

In contrast, KD for constrained environments, such as edge
AI and TinyML, represents a multi-objective optimization
problem where accuracy is just one of several critical factors.
Optimization must also aggressively target hardware-related
metrics, including minimizing the memory footprint, reduc-
ing inference latency, and lowering energy consumption per
inference. Consequently, success is not defined solely by an
accurate student model but by one that performs effectively
within strict power and computational budgets, requiring a co-
design process that explicitly balances predictive performance
with these operational constraints to produce models that
are both intelligent and deployable. However, such design
constraints inherently create a large performance gap between

the teacher and the student models, which introduces an
additional challenge during knowledge distillation.
This disparity in complexity and representational power

between a large, high-capacity teacher model and a much
smaller, compact student model is known as the capacity
gap, which can cause larger teachers to negatively impact
distillation when the student’s expressive power is not suffi-
cient to capture the teacher’s knowledge [15], [16]. This gap
poses a substantial problem because the fundamental goal of
many distillation methods is to transfer knowledge by forcing
the student to mimic the teacher’s outputs or intermediate
feature representations. When the capacity gap is large, the
student model may be too simple architecturally to effectively
learn or replicate the complex, high-dimensional functions
and nuanced data representations captured by the teacher. This
mismatch can cause knowledge transfer to fail as the rich
information from the teacher can be perceived as noise by the
student, leading to a difficult optimization problem and poor
convergence.

In this work, the teacher–student capacity gap is quantified
using parameter count ratios, as model size represents a
direct and practical constraint for deployment on low-spec
devices. While parameter count does not fully characterize
representational capacity, it provides a deployment-relevant
proxy in resource-constrained settings. Different CNN ar-
chitectures exhibit varying inductive biases and parameter
efficiency, meaning models with similar sizes may still differ
in expressive power. Accordingly, parameter ratios are used
here as a pragmatic measure of capacity gap, reflecting realistic
hardware constraints rather than intrinsic representational
capacity.
In resource-constrained settings, particularly where the

student must not only match accuracy but also meet severe
constraints on memory footprint, latency, and power, the
capacity gap becomes especially problematic. The smaller
student must learn from a teacher whose complexity it cannot
hope to replicate, yet it must still operate within tight hardware
and runtime budgets. To mitigate this issue by gradually
bridging the gap between teacher and student, some stud-
ies [8], [17]–[19] introduced teacher assistant (TA) models
with the philosophy of expanding the single distillation task
into multiple easier distillation tasks. However, even though
multiple studies address the capacity gap, a research gap still
remains for large capacity gaps involving ultra-compact CNN
student models in resource-constrained applications. In this
work, we evaluate different categories of offline knowledge
distillation [1] with various capacity gaps between the teacher
and student, both being heterogeneous CNN models.
A compelling example of resource-constrained use of ma-

chine learning models on embedded systems where such distil-
lation would be beneficial is found in detection and monitoring
of driver distraction. In such driver monitoring systems (DMS),
based on image classification, models must operate reliably
under strict latency, power, memory, and compute constraints
while maintaining the accuracy necessary for meaningful
safety functionality. The true measure of a driver behavior
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monitoring system lies in its ability to generalize across
various drivers, varying camera positions, and challenging
illumination conditions. In practical deployments, this also
requires ensuring the robustness of the model. By robustness,
we refer to the model’s ability to maintain decent accuracy
despite changes in appearances, environmental conditions,
or other real-world variations that naturally occur in driving
scenarios, which in this work is specifically examined through
robustness to common image corruptions and dataset-level
domain shifts.

To explore this, we examine the effectiveness of knowledge
distillation as a technique to improve model efficiency and gen-
eralization under such constraints. Specifically, we investigate
three representative categories of KD – response/logit-based,
feature-based, and relation-based – initially evaluating them on
the validation set of the widely used CIFAR-100 dataset [20],
which offers a diverse set of object classes for benchmarking.
Subsequently, we assess the robustness of these KD categories
on the highly augmented CIFAR-100-C dataset [21], without
any fine-tuning, to analyze their behavior under distributional
shifts.
Finally, we extend our evaluation to a real-world applica-

tion in driver monitoring: we first test on the State Farm
Distracted Driver Detection dataset [22], which provides
realistic scenarios for real-time distracted driver detection, and
further evaluate robustness on the 100-Driver dataset [23],
a distinct and unseen dataset widely used for distracted
driver detection research. Across both CIFAR-100-C and 100-
Driver, robustness is quantitatively assessed by comparing
the performance degradation of the student models, evaluated
without fine-tuning on these datasets, using theMacro F1 score.
While TinyML deployment involves additional hardware
considerations such as latency, runtime memory, and energy
consumption, this study focuses on analyzing distillation
behavior under strict model size constraints. We therefore
target ultra-compact student models that satisfy typical MCU
memory budgets, and examine how different KD categories
affect their accuracy and robustness, rather than performing
hardware-level benchmarking.

Based on this motivation, the key contributions and findings
of this study are summarized as follows:

• Knowledge distillation remains effective even for highly
compact CNN student models intended for severely
resource-constrained platforms. Even the smallest models
in our experiments show meaningful gains in accuracy
after distillation.

• The capacity gap between the teacher and student plays
a clear role in how much improvement distillation pro-
vides. The largest accuracy gains occur when this gap is
relatively small. Fig. 1 provides a visual impression of
the capacity gap between the largest teacher network and
the smallest student network used in this study.

• Across the techniques evaluated, relation-based methods
– especially the Contrasive Representation Distillation
(CRD) [24] approach consistently deliver the most no-
table improvements in both accuracy and robustness

for ultra-compact student models in these constrained
settings.

The remainder of this paper is organized as follows. Sec-
tion II reviews previous work on knowledge distillation for
resource-constrained applications and identifies the specific
research gap this study addresses. Section III describes the
methodology for systematically evaluating how different KD
categories impact ultra-compact CNN models. Section IV
provides the experimental setup, including datasets, model
configurations, and implementation details. Section V presents
and discusses the results against our defined evaluation criteria.
Finally, Section VI summarizes the key findings, acknowl-
edges limitations, and outlines directions for future work.

II. RELATED WORK
This section presents an overview of prior research relevant
to our study, organized around three core areas. We begin
by reviewing knowledge distillation methods that address the
capacity gap between large teacher networks and much smaller
student models. We then discuss distillation techniques devel-
oped for resource-constrained edge devices, where compact
models are essential for efficient deployment. Finally, we
review work applying knowledge distillation specifically to
distracted-driver monitoring, highlighting how lightweight
models are designed for safety-critical, real-time environ-
ments.

A. KNOWLEDGE DISTILLATION FOR HIGH CAPACITY GAP
BETWEEN TEACHER AND STUDENT
Recent research in knowledge distillation has increasingly fo-
cused on addressing the ‘‘capacity gap’’ – a problem that arises
when a large, high-capacity teacher model transfers knowledge
to a much smaller student model [17]. This performance drop
occurs because the student, with its limited capacity, struggles
to mimic the complex functions and representations learned
by the over-parameterized teacher.

A primary approach to mitigating the capacity gap involves
modifying the teacher model to make its knowledge more
accessible to the student. The AID [25] method addresses this
by fine-tuning the pre-trained teacher to produce an intra-class
distribution that is better aligned with the student’s capacity
before the distillation process begins. DFPT-KD [26] replaces
the standard distillation process with a novel ‘‘dual-forward
path teacher’’, an additional prompt-based forward pass that
is established within the teacher and optimized to make the
transferred knowledge more compatible with the student’s
representational ability. Park et.al. [27] propose a method to
optimize teacher models before standard distillation. During
optimization, an auxiliary sub-network attached to the teacher
during teacher training defined as ‘‘student branch’’ is jointly
learned to create representations that are inherently more
suitable for knowledge transfer to smaller student models.

Other methods focus on improving the knowledge transfer
process itself to better accommodate the capacity difference.
Some progressive distillation techniques [8], [17] consist of
a series of intermediate-sized models, often called ‘‘teacher
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FIGURE 1. Illustration of the capacity gap between the largest teacher and smallest student models used in this study. Considering the 10-class State Farm
Distracted Driver Detection dataset, the ResNet32x4 teacher has 7.41M parameters, while the MobileNetV2 (0.1) student has 0.08M parameters, resulting in a
capacity gap of 93×.

assistants’’. Knowledge is progressively distilled through
this chain of models, from the large teacher to the final
small student, making the transfer more gradual and effective.
ReviewKD [28] extends the standard knowledge distillation
pipeline with an additional ‘‘review phase’’ for the application
of crowd counting. After the teacher transfers its latent features
to the student in the instruction phase, the review phase enables
the student to refine its initial estimates and improve the
predicted crowd density maps using the previously learned
features. Identifying the teacher-student confidence gap issue,
Jia et. al. [15] propose representing both teacher and student
outputs on a common hypersphere. Their spherical knowledge
distillation method reduces the harmful impact of confidence
magnitude on the student and improves performance.

B. KNOWLEDGE DISTILLATION FOR
RESOURCE-CONSTRAINED EDGE DEVICES

Applying knowledge distillation to edge devices introduces
specific challenges, primarily due to the limited computational
power, memory, and energy resources available. Research
in knowledge distillation for this area focuses on creating
lightweight, yet powerful models suitable for real-time appli-
cations on the edge.
AAKD [29] introduces a strategy ‘knowledge sample se-

lection’ that dynamically selects the most informative and
appropriate training examples for distillation based on the
student’s current representational ability. It also incorporates
an adaptive teacher switching mechanism that automatically
transitions between teacher networks as the student grows
more capable, enabling more effective knowledge transfer and

better performance in compact student models. Khan et.al. [30]
propose a weighted knowledge distillation technique for a
resource-constrained crowd-counting application using drones.
This technique improves the learning capability of lightweight
models, allowing them to emulate deeper and more accurate
teacher models without the associated computational cost.
ATMS-KD [31] uses capacity-aware adaptive temperature
scheduling for compact student or larger teacher-student
capacity gaps. The process starts with higher ‘Temperature’
parameter then annealing it over training to gradually shift
emphasis from soft to hard labels. Zhao et. al. [32] propose
a two-step technique for remote-sensing scene classification
on edge devices. First, it distills a large model into a smaller,
lighter version via knowledge distillation. Then it adds an early-
exit mechanism so that ‘‘easy’’ input scenes can be classified
fast, exiting the model early, while ‘‘harder’’ ones go deeper,
so overall it speeds up inference and lowers energy use while
maintaining good accuracy.

C. KNOWLEDGE DISTILLATION FOR DISTRACTED DRIVER
MONITORING

In the driver-monitoring domain, knowledge distillation has
increasingly been leveraged to enable compact models without
significant accuracy losses in tasks such as driver behavior
and drowsiness detection. For example, Liu et al. [33] use
KD in conjunction with neural architecture search (NAS) to
guide a student network by first using the teacher to inform
architecture search and then distilling the teacher’s logits to
a student with ∼0.42 M parameters. In the distracted-posture
classification setting, Li et al. [34] propose an instance-specific
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multi-teacher KD scheme. Unlike uniform teacher weights,
their method dynamically assigns teacher weights on a per-
instance basis and distills both high- and intermediate-level
features to a lightweight CNN for edge deployment.
Tanama et al.’s ‘‘Quantized Distillation’’ [35] combines

soft-label KD from a large I3D architecture teacher model
to a 3D MobileNet student and applies quantization of
weights/activations to further shrink and accelerate the model,
achieving ∼3× size reduction, ∼1.4× speed-up. Ahuja et
al. [36] uses a large teacher CNN model for drowsiness
classification (i.e., open vs closed eyes) and transfers its
soft-logit outputs via knowledge distillation to a compact
student for real-time inference on edge platforms. Although
the work by Gupta et.al. [37] on eye/mouth spatial-temporal
features for drowsiness detection does not explicitly emphasize
KD, it illustrates the trend towards lightweight feature-based
models for drowsiness and could serve as a complementary
baseline. Collectively, these works illustrate how KD via soft-
label annotations, teacher-student architectures, and in some
cases quantization or multi-teacher schemes has become a
core methodology for achieving high-accuracy, low-latency
models suited for driver-behavior and drowsiness recognition
in constrained environments.
This previous work all addresses the common and impor-

tant aspect of KD – the capacity gap between teacher and
student, and demonstrates the application of KD in resource-
constrained use-cases such as distracted driver monitoring.
However, there remains a clear gap in studying how different
degrees of capacity gap (i.e., from a high-capacity teacher to a
very compact student heterogeneous CNN models) influence
the effectiveness of KD, especially when the student is meant
to be deployed on a low-spec edge platform. Our work
addresses this gap and additionally investigates the critical
factor of how various KD techniques perform in making
such highly compact student models robust in real-world,
resource-constrained applications characterized by data in
diverse distributions with high domain shift.

III. METHOD
In this section, we describe the methodology used to analyze
how different knowledge distillation techniques perform in the
case of ultra-compact CNN models for resource-constrained
applications. Our goal is to understand how various forms of
distilled knowledge from larger teacher models influence the
accuracy and robustness of compact student models. We begin
by explaining the categorization of the offline KD methods
used in this study as summarized in Table 1, then outline the
common KD setup tailored for resource-constrained hardware,
followed by details of the datasets and evaluation strategy.

A. CATEGORIZATION OF OFFLINE KD TECHNIQUES
Offline knowledge distillation methods generally focus on
knowledge types and distillation strategies. Knowledge types
can be grouped into three categories: response-based, feature-
based, and relation-based. Response-based methods transfer
knowledge from the teacher’s final outputs to guide the

student’s predictions. Feature-based methods leverage inter-
mediate representations to help the student capture mean-
ingful semantic information across hidden layers. Relation-
based methods go beyond individual samples by modeling
cross-sample relationships within the dataset. Fig. 2 shows a
schematic overview of this categorization.

1) Response-Based KD
Response-based / Logit-based KD distills knowledge from the
teacher’s output probabilities (logits) by training the student to
match the softened predictions, usually via Kullback–Leibler
divergence (KL-divergence) [2] with temperature (T) scaling.
It is simple and effective, and requires only the teacher’s raw
outputs. However, it is limited since it captures knowledge
only from the probability distributions of final raw logits.

LResD (p (zt ,T ) , p (zs,T )) = LR (p (zt ,T ) , p (zs,T )) (1)

Here, p(zt , T ) and p(zs, T ) represent the softened probabil-
ity distributions obtained from the teacher and student logits,
respectively, using temperature-scaled softmax. The loss term
LR

(
p(zt ,T ), , p(zs,T )

)
is typically implemented using KL

divergence, making the student logits, zs, match the teacher
logits, zt , during distillation [38].

2) Feature-Based KD
Feature-based KD transfers knowledge from the teacher’s
intermediate layer representations by aligning student feature
maps with teacher’s corresponding features using similarity
losses (e.g., L2 or cosine). This provides richer supervision
and captures intermediate abstractions, though it may require
projection layers to handle mismatched feature dimensions.

LFeaD (ft(x), fs(x)) = LF (Φt (ft(x)) ,Φs (fs(x))) , (2)

Here, ft(x) and fs(x) denote the intermediate feature maps
produced by the teacher and student models, respectively. The
transformation functions Φt(ft(x)) and Φs(fs(x)) are applied
when the feature maps of the teacher and the student differ
in shape ensuring they can be aligned for comparison. The
term LF (·) represents the similarity function used to match
the transformed feature maps during distillation [38].

3) Relation-Based KD
Relation-based KD distills structural knowledge by preserving
relationships between samples (e.g., distances, angles, correla-
tions) in the teacher’s high dimensional representation space.
It captures deeper relational information beyond features or
logits but is often more computationally expensive.

LRelD (Ft ,Fs) = LR2 (ψt (ti, tj) , ψs (si, sj)) , (3)

Here, (ti, tj) ∈ Ft and (si, sj) ∈ Fs, where Ft and Fs denote
the sets of feature representations produced by the teacher and
student models, respectively. The functions ψt(·) and ψs(·)
measure the similarity between the feature pairs (ti, tj) and
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FIGURE 2. A simplified visual overview of knowledge distillation categories: response-based KD transfers knowledge by comparing the teacher and student’s
final logits, feature-based KD utilizes representations from intermediate feature maps and relation-based KD transfers inter-sample relations in the
embedding space.

(si, sj). The term LR2(·) represents the correlation-based loss
used to align the relational structure of the student with that
of the teacher [38].

B. COMMON KD SETUPS FOR RESOURCE-CONSTRAINED
APPLICATIONS

1) Highly compact student models

Tiny IoT devices, such as microcontrollers, often provide only
∼256KB of SRAM [48]. In this work, the smallest student
model satisfies this lowest-spec constraint demonstrating
deployability on such devices. The other student models
remain compact (<1MB of parameters, including weights
and biases) and are likewise aimed at very low-spec Micro-
controller units (MCU), even if not as small as the minimum
configuration. Given these extreme memory constraints, this
study focuses on compact CNN architectures. CNNs are well-
suited to MCU deployment because their core operators, such
as convolutions and depthwise separable convolutions, are
commonly supported by existing embedded firmware and
inference libraries. In contrast, Vision Transformer (ViT)
models rely on global self-attention, which introduces higher

memory and computational overhead [49]. Recent efforts
such as Tiny-ViT aim to improve transformer efficiency for
edge devices [50]. However, their resource requirements still
exceed the ultra-compact MCU budgets targeted in this work.
The accuracy–latency trade-off is a persistent and evolving
challenge on resource-constrained platforms. Therefore, our
focus is on improving the accuracy and robustness of student
models that already meet typical MCU memory requirements.

2) High capacity gap between the teacher and the student

In typical knowledge distillation setups, the teacher model is
a large, high-capacity network with a substantial number of
parameters, usually well-trained and well-generalized in the
target domain. A common challenge in KD is the capacity
gap – the discrepancy between the complex teacher and the,
student that can hinder effective knowledge transfer. In the
context of resource-constrained applications, this gap becomes
even more pronounced, as student models must be extremely
compact to meet strict memory and computational limits.
Unlike conventional KD setups where moderate capacity
differences are acceptable, our targeted scenario inherently
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TABLE 1. Summary of Knowledge Distillation methods used in this study along with their categories, and the nature of transferred knowledge.

Method Acronym Method Name Category What is Transferred

Vanilla KD [2] Knowledge Distillation Response-Based The teacher’s final layer raw outputs (soft targets).

FitNet [39] Hints for Thin Deep Nets Feature-Based Intermediate feature maps from the teacher’s hidden layers.

AT [40] Attention Transfer Feature-Based Spatial attention maps, which are summaries of feature maps, to guide
where the student ‘‘looks’’.

NST [41] Neuron Selectivity Transfer Feature-Based The statistical properties (via Maximum Mean Discrepancy) of neuron
activations in intermediate layers.

VID [42] Variational Information Distillation Feature-Based A variational approximation of the mutual information between teacher
and student feature representations.

FT [43] Factor Transfer Feature-Based Paraphrased representations of the teacher’s feature maps, learned via
factorization, for the student to mimic.

RKD [44] Relational Knowledge Distillation Relation-Based The relationships between different data samples, specifically the dis-
tance and angle between their feature vectors in the teacher’s embedding
space.

SP [45] Similarity-Preserving KD Relation-Based The pairwise similarity matrix of a batch of inputs, ensuring that inputs
that are similar in the teacher’s space are also similar in the student’s
space.

CC [46] Correlation Congruence Relation-Based The correlation matrix between instances in a batch, capturing inter-
sample relationships at a structural level.

PKT [47] Probabilistic Knowledge Transfer Relation-Based The probability distribution of the feature vectors, thereby transferring
structural knowledge of the embedding space by matching these distri-
butions.

CRD [24] Contrastive Representation Distillation Relation-Based Structural knowledge from the teacher’s representations using a con-
trastive loss, which explicitly models the relationships between positive
and negative samples.

requires dealing with severe teacher–student disparities. To
systematically study this effect, we perform experiments in
varying degrees of capacity gaps to assess their impact on
student performance under realistic deployment constraints.

3) Heterogeneity in Teacher and Student architectures
Popular lightweight convolutional neural network architec-
tures such as the MobileNet, ShuffleNet, SqueezeNet, Ef-
ficientNet, and MCUNet families are specifically designed
for optimal performance on resource-constrained hardware
platforms. In contrast, traditional architectures like ResNet
and similar high-capacity networks are typically employed
as teacher models due to their larger parameter counts and
strong convergence across a wide range of deep learning tasks.
Consequently, the KD setup considered in this work involves
heterogeneous teacher–student pairs, where the teacher and
student belong to fundamentally different CNN architectural
families.

C. DATASETS
1) CIFAR-100
The CIFAR-100 dataset is a widely used benchmark in
computer vision for developing and testing machine learning
models, particularly for fine-grained object recognition. The
dataset consists of 60,000 32x32 pixel color images evenly
distributed across 100 distinct classes. The dataset is split into
50,000 images for training and 10,000 for testing, with each
class containing exactly 600 images (500 for training and 100

for testing). A key feature of CIFAR-100 is its hierarchical
structure. The 100 fine-grained classes are grouped into 20
broader ‘‘superclass’’ categories each containing five related
classes.

2) State Farm Distracted Driver Detection dataset

The State Farm Distracted Driver Detection dataset is a
cornerstone resource in the field of driver safety and computer
vision, created to spur the development of models that can
automatically classify a driver’s behavior from dashboard
camera images. Released as part of a Kaggle competition, the
dataset consists of total 22,424 labeled 2D color images for
training, captured from the perspective of a camera mounted
inside a vehicle. Fig. 3 shows sample images, one per class,
from the dataset. These images are categorized into ten distinct
classes: one representing safe, attentive driving (c0) and nine
representing various common distractions. These distractions
include phone use (texting or talking with either the left or right
hand), operating the radio, drinking, reaching behind, doing
hair and makeup, and talking to a passenger. A critical aspect
of the dataset’s design is that the training and test sets are split
by driver, meaning images of a single individual appear in
only one of the sets, which challenges models to generalize
across different people and vehicle interiors.
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FIGURE 3. Sample images from the State Farm Distracted Driver Detection
dataset.

3) CIFAR-100-C
The CIFAR-100-C dataset is a corruption-augmented version
of the original CIFAR-100 image classification benchmark.
The dataset is created to evaluate the robustness of the models
under common image degradations. Specifically, it takes the
original 10,000 test images from CIFAR-100 an applies 19
different corruption types that are categorized into noise, blur,
weather and digital effects at 5 increasing severity levels,
resulting in total of 950,000 corrupted test samples. These
corruptions are chosen to simulate real-world degradations
and distribution shifts that can degrade the model performance
but are often under-explored in standard benchmarking.

4) 100-Driver dataset
The 100-Driver dataset is another dataset built for distracted
driver monitoring. This dataset was created considering the
limitations of the previous datasets in terms of sample size
and environmental variations. The dataset consists of 470K
images of diverse postures captured by 4 cameras observing
100 drivers for 79 hours using 5 vehicles. The images show
different perspectives from the 4 cameras that were installed
in 4 different positions observing the driver. We selected all
27,086 day time images taken by camera number 4 (Cam4)
that has similar perspective and highest visual similarity with
the State Farm Distracted Driver Detection dataset to maintain
an acceptable domain shift for robustness evaluation. The 100-
Driver dataset has 18 classes showing different activities of the
driver. For consistency we chose the 8 classes in common with
the State Farm Distracted Driver Detection dataset, namely
safe driving, texting (right), talking on the phone (right),
texting (left), talking on the phone (left), operating the radio,
reaching behind, and talking to passenger. Fig. 4 shows sample
images from the dataset with one example per class.

FIGURE 4. Sample images from the 100-Driver dataset.

D. EVALUATION STRATEGY
In this section, we define the two primary evaluation criteria
used in this work. First, we measure overall performance on
subsets of the primary datasets – CIFAR-100 and the State
Farm Distracted Driver Detection dataset. Second, we evaluate
the robustness of student models distilled with different KD
techniques (across KD categories) on secondary but related
datasets – CIFAR-100-C and 100-Driver.
For all experiments, ResNet32x4 and ResNet110 [51] are

used as teacher models, while the student models, ordered
from largest to smallest, are MobileNetV2 (α=0.5) [52],
ShuffleNetV2 (α=0.2) [53], and MobileNetV2 (α=0.1), where
the width multiplierα uniformly scales the number of channels
across convolutional layers to trade accuracy for computational
cost and parameter count.For the remainder of this work, these
student models are termed MobileNetV2 (0.5), ShuffleNetV2
(0.2), and MobileNetV2 (0.1) or MobileNetV2_tiny, respec-
tively. All vanilla teachers and vanilla students are first trained
on the primary datasets. The teacher weights are then frozen
and student models are distilled using various KD techniques,
with each distilled student compared against its corresponding
vanilla student using overall F1 scores.

1) Performance on the primary datasets
Wefirst evaluate the performance of vanilla teacher and student
models on CIFAR-100 and the State Farm Distracted Driver
Detection dataset by reporting overall F1 scores. Specifically,
we use the CIFAR-100 validation split (10,000 samples) and
a 10,000 sample test subset from the State Farm Distracted
Driver Detection dataset. Training hyperparameters and other
experimental details are provided in Section IV. We then
conduct a comparative analysis over six combinations (two
teachers × three students), recording the F1 scores for each
model–dataset pair.
We also compute the total number of undistillable classes

for every KD technique, using the vanilla student as a reference.
A class is counted as undistillable for a given KD method if
the distilled student’s per-class F1 score does not exceed the
vanilla student’s per-class F1 on the same evaluation subset. In
this work, themotivation behind the calculation of undistillable
classes is to provide additional insights beyond overall F1
scores – specifically, to understand how different KD tech-
niques influence the student’s ability to learn and transfer
discriminative knowledge from the teacher. This analysis helps
illustrate how each KD method affects the student’s capacity
to distinguish between classes, ultimately offering a more
detailed perspective on the quality of knowledge transfer.

2) Robustness on unseen data
As discussed in Section I, robustness under distributional and
domain shift is essential for real-time, resource-constrained
applications. For this evaluation, we take all models
trained/distilled on the primary datasets and test them without
any fine-tuning on CIFAR-100-C and a subset of the 100-
Driver dataset. These datasets are chosen to introduce sub-
stantial but relevant perturbations and domain differences,
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challenging enough to approximate real-world deployment
conditions while remaining close enough to avoid an unfair
‘‘out-of-scope’’ evaluation. This setup allows us to assess
whether KD-trained compact students retain accuracy under
shifts that are likely to be encountered in practice.

IV. EXPERIMENTAL DETAILS
We use the PyTorch framework [54] to carry out all the
experiments in this study with torch version 2.0.1. All ex-
periments were carried out on a host machine with a single
NVIDIA GeForce RTX 4090 GPU with CUDA version 12.2.
The codebase for all our experiments is built on the github
RepDistiller [55]. Following this benchmark setup in [24], we
select representative and widely used KD techniques spanning
the three standard distillation categories: response/logit-based,
feature-based, and relation-based. Rather than exhaustively
covering all published variants, our goal is to include strong
baselines from each category that are commonly adopted in
prior KD literature and compatible with our teacher–student
architectures. This ensures a balanced comparison across
different forms of transferred knowledge, while keeping the
evaluation practical for ultra-compact student models.
All KD methods are trained using the default loss weights

and temperature settings provided in the RepDistiller bench-
mark, following the original implementations. These values
are kept fixed across all experiments. While some methods
may benefit from task-specific tuning, our goal is to compare
different KD categories under a unified training protocol rather
than optimize each approach individually.

All teacher and non-distilled student models are first trained
on the CIFAR-100 and State Farm Distracted Driver Detection
dataset for 240 epochs. We used a batch size of 64 for training
on CIFAR-100 and 32 for State Farm Distracted Driver Detec-
tion dataset. The model input image resolution for CIFAR-100
is the original 32× 32, and for State Farm Distracted Driver
Detection dataset, we downsample the original 640 × 480
to 224× 224. During the training we perform augmentation
on the images using PyTorch transforms. We perform Ran-
domCrop(size=32, padding=4) and RandomHorizontalFlip
on CIFAR-100 and normalize the images using the mean and
standard deviation of the overall distribution of the dataset.
On the State Farm Distracted Driver Detection dataset, we
perform a RandomHorizontalFlip and normalize the images
with ImageNet mean and standard deviation [56]. We begin the
training with an initial learning rate of 5e-2 for all the teacher
models and 1e-2 for all the student models with learning rate
decay after epochs 150, 180, 210 with a decay rate of 0.1.
The SGD optimizer is used for all training with a weight
decay of 5e-4 and a momentum of 0.9. Note that the same
hyperparameter and training setting for performing knowledge
distillation are used on all student models.
The total number of parameters for all teacher and student

models, including both the backbone and the final classifier for
the 10-class State Farm Distracted Driver Detection dataset,
is summarized in Table 2. The models are ordered from the
largest teacher to the smallest student to illustrate their relative

TABLE 2. Total parameter counts (in millions) for all teacher and student
models used in this study, including backbone and classifier for the
10-class State Farm Distracted Driver Detection dataset. Models are
ordered from the largest teacher to the smallest student.

Model Parameters (M)

ResNet32x4 7.41
ResNet110 1.73
MobileNetV2 (0.5) 0.70
ShuffleNetV2 (0.2) 0.17
MobileNetV2 (0.1) 0.08

TABLE 3. The difference in the total parameters showing capacity gap
between the teacher and student models used in this study.

Student Teacher Capacity gap (×)

MobileNetV2 (0.5) ResNet32x4 10.6
MobileNetV2 (0.5) ResNet110 2.5

ShuffleNetV2 (0.2) ResNet32x4 42.5
ShuffleNetV2 (0.2) ResNet110 9.9

MobileNetV2 (0.1) ResNet32x4 90.4
MobileNetV2 (0.1) ResNet110 21.1

capacities. Table 3 further reports the capacity gaps between
each teacher–student pair by comparing their total parame-
ter counts, highlighting the capacity gap between compact
student models and standard teacher models as discussed in
Section III-B2.

V. RESULTS AND DISCUSSIONS
A. OVERALL ACCURACY OF DIFFERENT KD METHODS ON
CIFAR-100
1) F1 Score
First, we compare the performance of various knowledge
distillation (KD) techniques on the CIFAR-100 dataset. Table 4
presents the results obtained using two teacher models and
three student models, as described in section IV. The table
reports the overall F1 score and the total number of undistill-
able classes for each method. A detailed examination of the
results shows that the CRD and CRD+KD techniques, in the
relation-based category, consistently achieve the highest F1
scores and the least number of undistillable classes. In the
table, the best results are shown in bold, and the second-best
are underlined.

A closer analysis of the teacher-student model pairs reveals
a clear trend: the relative improvement in models’ accuracy
is greatest when the difference in model capacity between
teacher and student is small, as observed in the ResNet32x4
andMobileNetV2 (0.5) pairing. This trend is further illustrated
in Fig. 5, which visualizes the F1 score improvement over the
corresponding vanilla student across all KD categories and
student model sizes. In contrast, the smallest performance
gain occurs when the capacity gap between teacher and
student is largest. This suggests that when the teacher model
is substantially larger and more complex than the student, the
student struggles to effectively extract and transfer the distilled
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knowledge regardless of the specific KD technique or category
used.

2) Undistillable classes
We further evaluate the total number of undistillable classes
by comparing the F1 scores per-class of each KD technique
with those of the vanilla student model. For the CIFAR-100
dataset, we plot the performance changes per-class when
distilling from ResNet32x4 to the smallest student (model with
least number of total parameters) – MobileNetV2 (0.1) using
the best-performing KD technique, CRD. Fig. 6 illustrates
this comparison, with class names on the x-axis and the
change in the F1 score on the y-axis, ordered from the
highest improvement to the highest drop. This visualization
provides supplementary evidence that although the overall
improvement in the F1 score achieved by CRD over the
vanilla student is modest, the student distilled using CRD
demonstrates enhanced knowledge transfer through improved
class distinction. The total number of undistillable classes
for CRD is 35 – the lowest among all evaluated methods.
Furthermore, the superclass ‘‘reptiles’’ exhibits the highest
improvement of 7.24%, suggesting that the performance gains
achieved by CRD are systematic rather than random across
classes.

B. MODEL ROBUSTNESS USING DIFFERENT KD METHODS
ON CIFAR-100-C
The motivation for evaluating performance on CIFAR-100-
C is to examine the robustness of the student models fol-
lowing knowledge distillation. CIFAR-100-C introduces a
diverse set of severity-controlled corruptions and augmen-
tations, producing input images that simulate distribution
shifts. Table 5 summarizes the robustness performance of
different KD techniques in combinations of selected students
and teachers, where robustness is quantified using the F1-
score. The selected student architectures are designed for
deployment on edge devices operating in resource-constrained
environments. Consequently, they are expected to exhibit
enhanced generalization capabilities compared to their vanilla
counterparts. Given the low resolution of the CIFAR-100
images, the corruptions and augmentations introduced in
CIFAR-100-C create a challenging benchmark with a notable
domain shift, particularly under high levels of augmentation
severity.
As illustrated in Fig. 7, in line with the trends observed

in the accuracy evaluation, relation-based methods, partic-
ularly CRD, demonstrate superior performance in terms of
robustness. However, this behavior does not extend to the
smallest student model, MobileNetV2 (0.1), which exhibits
the largest capacity gap relative to teacher networks. Although
relation-based distillation effectively brings robustness to the
larger student models, it fails to make MobileNetV2 (0.1)
robust under the distribution shifts introduced by CIFAR-100-
C. This suggests that the excessive capacity gap limits the
ultra-compact student from effectively generalizing. Although
VID yields the highest F1 score for the smallest student model,

the performance differences between VID, CC, CRD, and
especially the vanilla model remain marginal. Overall, these
results underscore the critical role of the capacity gap in
determining the robustness capability of ultra-compact student
models.

C. OVERALL ACCURACY OF DIFFERENT KD METHODS ON
STATE FARM DISTRACTED DRIVER DETECTION DATASET
1) F1 Score
In this experiment, the evaluation is extended to amore realistic
application scenario – driver monitoring system, using the
State Farm Distracted Driver Detection dataset. As illustrated
in Fig. 3 in Section III-C, this dataset presents substantial
complexity due to the subtle inter-class variations, where only
a small number of pixels differ between classes while the
majority of the image remains unchanged (e.g., talking on the
phone versus texting while driving). The dataset comprises of
total 22,424 images, and given both its limited size and the
fine-grained class distinctions, models – particularly larger
teacher networks, tend to become overconfident on the training
set. Consequently, the larger teacher model, ResNet32×4,
exhibited signs of overfitting, therefore only the smaller
teacher network, ResNet110, was used for evaluations.

Table 6 presents the overall F1 scores and the total number
of undistillable classes for ResNet110 paired with three student
models, across all KD techniques. A closer examination of
the results reveals that the standard response-based knowledge
distillation method (KD) achieves the best overall perfor-
mance among teacher–student pairs. Specifically, it achieves
the highest F1 scores and only a single undistillable class
on the State Farm Distracted Driver Detection test set for
MobileNetV2 students. For the ShuffleNetV2 student, the
CRD+KD technique produces the highest F1 score, also with
the total of only one undistillable class. Although the standard
KD method demonstrates the strongest overall results, the
relation-based approaches still exhibit consistently higher
average performance compared to feature-based methods.
In particular, the CRD variants, which achieved superior
results on CIFAR-100, also deliver performance improvements
over the vanilla student on the State Farm Distracted Driver
Detection dataset.

D. MODEL ROBUSTNESS USING DIFFERENT KD METHODS
ON 100-DRIVER DATASET
To further assess the robustness of the KD techniques for
compact student models, we extend the evaluation by testing
models trained on the State Farm Distracted Driver Detection
dataset on a completely unseen dataset, the 100-Driver dataset.
Fig. 4 shows sample images from this dataset. Although the
camera perspectives are visually similar to those in the State
Farm Distracted Driver Detection dataset images, a significant
domain shift is evident due to factors such as the wide-
angle fisheye lens distortion and differences in illumination
conditions.
Table 7 reports the F1 scores, which are used to quantify

robustness, of both vanilla and distilled models on the unseen
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FIGURE 5. Percentage change in macro F1 score relative to the vanilla (undistilled) student on the CIFAR-100 validation set, grouped by KD category:
logit-based, feature-based, and relation-based (separated by dashed vertical lines). Solid bars indicate ResNet32×4 as teacher; hatched bars indicate
ResNet110. Positive values reflect improvement over the baseline student; negative values reflect degradation. Student models decrease in capacity from top
to bottom: (a) MobileNetV2 (0.5) as student, (b) ShuffleNetV2 (0.2) as student, (c) MobileNetV2 (0.1) as student.

100-Driver dataset. Given the inherent challenges in training
models on the State Farm Distracted Driver Detection dataset
and the increased difficulty introduced by the 100-Driver
dataset, the results show that both model variants struggle
to generalize effectively. Nevertheless, several noteworthy
patterns emerge from the relative comparisons of F1 scores.
Among the vanilla students, the smallest model achieves the
highest F1 score, suggesting that its lower capacity may allow
it to learn the State Farm Distracted Driver Detection dataset
features in a more balanced manner, avoiding overconfidence,

a behavior observed in larger models, and consequently
exhibiting better generalization on the unseen 100-Driver
dataset.

An interesting trend can also be observed in relation to
model capacity discrepancies. For the largest student model,
MobileNetV2 (0.5), where the vanilla performance was the
lowest and the teacher–student capacity gap was minimal,
knowledge distillation resulted in a substantial performance
gain. Specifically, the highest-performing technique, Simi-
larity Preserving (SP), increased the F1 score from 7.23 to
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FIGURE 6. Per-class F1 score change (%) when distilling from ResNet32x4 to MobileNetV2 (0.1) using CRD on the CIFAR-100 validation set. Classes are sorted
from highest improvement to highest degradation relative to the standalone student. Blue bars indicate distillable classes (improvement due to distillation),
while orange bars indicate undistillable classes where knowledge distillation degrades performance.

TABLE 4. Performance comparison of different knowledge distillation techniques across three student models and two teacher models on the CIFAR-100 Val
set.

KD Method ResNet32x4 (Teacher) ResNet110 (Teacher)

MobileNetV2 (0.5) ShuffleNetV2 (0.2) MobileNetV2 (0.1) MobileNetV2 (0.5) ShuffleNetV2 (0.2) MobileNetV2 (0.1)

Vanilla Teacher 68.00 68.00 68.00 61.53 61.53 61.53
Vanilla Student 46.14 50.86 23.72 46.14 50.86 23.72

KD 53.15 | 05 49.43 | 62 22.33 | 58 55.81 | 04 52.76 | 34 23.53 | 55

Hint 50.85 | 19 53.74 | 28 20.86 | 81 51.24 | 13 52.77 | 31 20.54 | 67
AT 48.80 | 27 45.20 | 86 18.72 | 82 51.66 | 13 49.92 | 53 19.16 | 85
FT 41.58 | 79 48.42 | 67 12.72 | 99 44.31 | 68 50.64 | 44 15.46 | 96
NST 49.64 | 23 52.44 | 31 16.62 | 95 52.99 | 12 52.95 | 29 18.38 | 81
VID 50.16 | 16 52.80 | 31 23.59 | 53 50.53 | 14 53.37 | 27 22.65 | 67

CC 51.25 | 10 51.05 | 44 24.07 | 48 50.46 | 11 50.64 | 50 24.21 | 50
SP 51.02 | 12 41.19 | 97 14.77 | 97 53.56 | 07 49.73 | 51 18.01 | 90
PKT 54.19 | 06 51.60 | 41 21.67 | 69 52.86 | 02 52.88 | 27 24.00 | 51
RKD 40.68 | 91 49.73 | 60 23.06 | 50 50.72 | 12 51.28 | 45 22.04 | 64
CRD 54.77 | 01 54.48 | 16 25.74 | 35 56.25 | 03 54.81 | 10 24.17 | 48
CRD+KD 55.79 | 04 53.95 | 17 23.63 | 50 56.77 | 02 55.42 | 10 23.76 | 48

All values are reported as F1 Score (macro). The values are shown as ‘‘score | total undistillable classes’’. The maximum F1 scores are shown in bold and the
second highest are underlined. Horizontal separator lines are used to distinguish KD categories, ordered from top to bottom as response-based, feature-based,
and relation-based methods.

18.98 which is approximately 2.6 ×. In contrast, for the
smallest student model, where the vanilla student already
achieved the highest performance and the teacher–student
capacity gap was the largest, the improvement achieved
by the best-performing technique, Attention Transfer (AT),
was comparatively modest of approximately 1.4 ×. Overall,
when averaged across all methods within each category of
KD, relation-based techniques achieved the highest average
F1 scores, with CRD variants – particularly for MobileNet-
family student models, consistently achieving the second-best
performance with only marginal differences compared to the
top-performing methods.

VI. CONCLUSIONS AND FUTURE WORK
In resource-constrained TinyML applications, maintaining
both model accuracy and low latency is a fundamental chal-
lenge. Models intended for deployment on low-spec platforms
must not only be compact but also robust to variations in
data distributions since real-world input often differs from
the training data. Hence, Knowledge Distillation (KD) is a
good choice for such scenarios. For real-time applications
such as Driver Monitoring Systems, where latency is critical,
extremely lightweight models are required. Consequently, the
KD setup for such scenarios naturally involves high-capacity
teacher networks and compact student models. Accordingly,
our evaluation centers on understanding how knowledge
distillation behaves when student capacity is severely limited.
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FIGURE 7. Percentage change in macro F1 score relative to the vanilla (undistilled) student on the CIFAR-100-C corruption benchmark, grouped by KD
category: logit-based, feature-based, and relation-based (separated by dashed vertical lines). Solid bars indicate ResNet32×4 as teacher; hatched bars
indicate ResNet110. Positive values reflect robustness improvement over the baseline student; negative values reflect degradation. Student models decrease
in capacity from top to bottom: (a) MobileNetV2 (0.5) as student, (b) ShuffleNetV2 (0.2) as student, (c) MobileNetV2 (0.1) as student.

We assume that the selected ultra-compact models meet basic
MCU memory requirements, and focus on comparing KD
methods in terms of accuracy and robustness, rather than
reporting hardware-level metrics.

From our experiments involving ResNet-family teachers
and MobileNet and ShuffleNet-family students on the CIFAR-
100 benchmark dataset, we observed that relation-based KD
methods, particularly Contrastive Representation Distillation
(CRD), achieved superior overall accuracy. These methods
also performed strongly on the CIFAR-100-C dataset, which

consists of heavily augmented and corrupted samples, indicat-
ing their robustness and better generalization to distribution
shifts. Additionally, the results highlighted the impact of the
teacher–student capacity gap: improvements in F1 score over
the vanilla student were most significant when this gap was
relatively small, suggesting the importance of identifying an
appropriate level of teacher complexity for effective distilla-
tion.

In the more challenging and limited State Farm Distracted
Driver Detection dataset, the simple response-based vanilla
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TABLE 5. Robustness evaluation of knowledge distillation techniques across three student models and two teacher models on the CIFAR-100-C dataset.

KD Method ResNet32x4 (Teacher) ResNet110 (Teacher)

MobileNetV2 (0.5) ShuffleNetV2 (0.2) MobileNetV2 (0.1) MobileNetV2 (0.5) ShuffleNetV2 (0.2) MobileNetV2 (0.1)

Vanilla Teacher 50.22 50.22 50.22 47.16 47.16 47.16
Vanilla Student 41.60 42.30 26.61 41.60 42.30 26.61

KD 44.69 41.06 25.18 46.93 43.72 25.97

Hint 42.80 39.90 24.10 41.25 38.09 22.12
AT 42.01 37.66 19.71 44.34 40.39 22.03
FT 38.72 40.64 14.38 40.96 41.73 17.07
NST 43.23 42.32 18.49 44.30 41.71 20.65
VID 44.53 42.22 26.71 44.23 41.97 26.53

CC 44.09 41.77 25.83 44.20 42.45 26.39
SP 43.06 35.05 16.84 46.96 41.5 20.54
PKT 45.99 42.88 23.75 42.29 42.29 24.93
RKD 37.75 41.75 25.82 44.55 42.95 24.22
CRD 46.51 43.05 25.06 47.68 44.62 26.39
CRD+KD 46.37 43.74 25.19 47.92 44.17 25.87

All values are reported as F1 Score (macro). The values are shown as ‘‘score | total undistillable classes’’. The maximum F1 scores are shown in bold and the
second highest are underlined. Horizontal separator lines are used to distinguish KD categories, ordered from top to bottom as response-based, feature-based,
and relation-based methods.

TABLE 6. Performance comparison of different knowledge distillation techniques across three student models and ResNet110 teacher model on the State
Farm Distracted Driver Detection dataset.

KD Method ResNet110 (Teacher)

MobileNetV2 (0.5) ShuffleNetV2 (0.2) MobileNetV2 (0.1)

Vanilla Teacher 84.88 84.88 84.88
Vanilla Student 81.43 76.87 40.23

KD 87.59 | 1 85.52 | 1 70.00 | 1

Hint 68.30 | 9 51.63 | 10 25.88 | 9
AT 77.27 | 7 75.76 | 5 46.27 | 6
FT 70.89 | 8 78.28 | 3 33.93 | 7
NST 82.41 | 4 79.18 | 4 42.45 | 6
VID 79.32 | 6 82.63 | 2 35.03 | 6

CC 76.54 | 7 54.27 | 9 34.56 | 8
SP 85.78 | 2 84.32 | 1 44.05 | 5
PKT 83.51 | 2 83.91 | 2 42.52 | 3
RKD 50.78 | 9 61.69 | 6 27.07 | 8
CRD 72.80 | 5 77.83 | 4 53.85 | 3
CRD+KD 83.18 | 3 87.77 | 1 44.69 | 5

All values are reported as F1 Score (macro). The values are shown as ‘‘score | total undistillable classes’’. The maximum F1 scores are shown in bold and the
second highest are underlined. Horizontal separator lines are used to distinguish KD categories, ordered from top to bottom as response-based, feature-based,
and relation-based methods.

KDmethod showed the highest accuracy among all, especially
for the smallest student model with the largest capacity
gap. Relation-based methods such as CRD+KD and SP also
demonstrated competitive performance. Taking the challenge
even further, we evaluated the models trained on the State Farm
Distracted Driver Detection dataset on a different dataset for
the same application, 100-Driver, and observed that CRD+KD
and SP again achieved the highest robustness, surpassing the
vanilla student models.

These findings provide valuable insights into the most
effective KD category for real-time, resource-constrained ap-
plications with highly compact CNNs, and clarify how varying
capacity gaps influence distillation outcomes. However, the
experiments are limited to heterogeneous CNN architectures
and do not explore homogeneous or cross-architecture con-

figurations such as CNN-to-ViT distillation. Future work can
extend this direction to better understand architectural com-
patibility and evaluate KD effectiveness across diverse model
families. Moreover, the observed improvement in robustness
on the 100-Driver dataset suggests that KD may also act as a
regularizer, enhancing the generalization of compact models
under challenging, unseen real-world conditions, which can
be explored in future studies.
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TABLE 7. Robustness evaluation of knowledge distillation techniques across three student models and ResNet110 teacher model on the 100-Driver dataset.

KD Method ResNet110 (Teacher)

MobileNetV2 (0.5) ShuffleNetV2 (0.2) MobileNetV2 (0.1)

Vanilla Teacher 17.56 17.56 17.56
Vanilla Student 7.23 7.65 9.74

KD 14.93 10.12 12.26

Hint 10.90 12.28 12.34
AT 8.08 8.52 13.61
FT 8.26 12.56 7.86
NST 15.73 11.41 8.86
VID 11.40 14.32 6.76

CC 11.40 9.86 9.32
SP 18.98 14.72 10.60
PKT 14.90 11.93 11.65
RKD 8.28 6.83 10.19
CRD 17.66 10.05 11.52
CRD+KD 9.45 11.10 13.07

All values are reported as F1 Score (macro). The values are shown as ‘‘score | total undistillable classes’’. The maximum F1 scores are shown in bold and the
second highest are underlined. Horizontal separator lines are used to distinguish KD categories, ordered from top to bottom as response-based, feature-based,
and relation-based methods.
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