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Abstract: This paper introduces the Knowledge Retention Score (KRS) as a novel performance metric
to evaluate the effectiveness of Knowledge Distillation (KD) across diverse tasks including image
classification, object detection, and image segmentation. Unlike conventional metrics that solely rely
on accuracy, mean Average Precision (mAP), or Intersection over Union (IoU), KRS captures both
feature similarity and output agreement between the teacher and student networks, offering a more
nuanced measure of knowledge transfer. A total of 36 experiments were conducted using various KD
methods—Vanilla KD, SKD, FitNet, ART, UET, GKD, GLD, and CRCD—across multiple datasets
and architectures. The results showed that KRS is strongly correlated with conventional metrics,
validating its reliability. Moreover, ablation studies confirmed KRS's sensitivity in reflecting the
knowledge gained post-distillation. The paper also ranked KD methods by performance gain,
revealing that techniques like UET and GLD consistently outperform others. Lastly, the architectural
generalization analysis demonstrated KRS's robustness across different teacher-student pairs. These
findings establish KRS as a comprehensive and interpretable metric, capable of guiding KD method
selection and providing deeper insight into knowledge transfer beyond standard performance
measures.

Keywords: knowledge distillation; model compression; knowledge retention score; deep neural
network; performance evaluation metric; artificial intelligence; advanced computing; image
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1. Introduction

In recent years, deep neural networks (DNNs) have become indispensable in a wide range of
applications, from image classification and object detection [1-3] to natural language processing [4].
However, the deployment of these models in real-world scenarios often encounters limitations due
to their substantial computational and memory requirements, making them challenging to use on
resource-constrained devices such as mobile phones, embedded systems, and edge devices [5]. This
has driven the demand for effective model compression techniques that retain the accuracy and
performance of large models while reducing their complexity. Knowledge Distillation (KD) has
emerged as a prominent paradigm to address this challenge by training a smaller, lightweight model
(student) to replicate the behavior of a larger, high-capacity model (teacher). KD not only compresses
the model but also maintains efficiency, making it well-suited for real-time applications where
latency, power efficiency, and memory usage are critical constraints. to natural language processing.

Originally proposed by [6], KD has evolved significantly and now encompasses a variety of
approaches, broadly categorized as response-based, feature-based, and relation-based methods [7].
While response-based KD focuses on transferring the teacher’s output probabilities (logits) to the
student, feature-based KD leverages intermediate feature representations to pass richer knowledge,
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and relation-based KD captures relationships between data points or features within the teacher
model. Each approach brings unique advantages, with feature-based KD, in particular,
demonstrating potential for visual tasks where preserving fine-grained information is crucial [8]. This
diversity in KD techniques, however, has led to inconsistencies in how these methods are evaluated.
Studies often use different datasets, architectures, and training conditions, making it difficult to
perform direct comparisons and draw reliable conclusions about each technique’s effectiveness.

Despite these advancements, the field of KD faces a critical challenge: the lack of consistent and
universal metrics for evaluating the effectiveness of KD techniques across diverse tasks, datasets, and
model architectures. Current evaluations of KD methods are often inconsistent, with each study using
different datasets, teacher-student configurations, and evaluation metrics, making it difficult to
compare methods directly [9]. Additionally, existing evaluations tend to focus narrowly on accuracy
improvements, often overlooking other crucial aspects of model performance, such as knowledge
retention, computational efficiency, generalizability, and prediction confidence.

Knowledge Retention is a particularly important aspect of KD, reflecting the student model’s
ability to inherit and replicate the knowledge embedded in the teacher model [10,11]. However, there
is currently no standardized way to measure knowledge retention, and it is often implicitly inferred
from accuracy metrics alone. Given the diversity of KD methods and the complexity of tasks they are
applied to, a more nuanced and universal approach to measuring knowledge retention is necessary.
A well-designed knowledge retention metric would not only help in comparing KD methods
objectively but would also provide insights into the quality of knowledge transfer beyond simple
accuracy.

This study aims to address this gap by proposing a universal knowledge retention metric that
can evaluate KD models consistently across different datasets, tasks, and teacher-student
configurations. The proposed metric, which combines feature similarity and output agreement,
captures the degree to which the student model retains the learned representations and decision
boundaries of the teacher model. By considering both feature-level and output-level agreement, this
metric offers a comprehensive view of knowledge retention that accounts for the richness and
structure of the teacher’s knowledge, regardless of model architecture or dataset complexity.

Through this work, we seek to advance KD evaluation practices by introducing a metric that
facilitates objective, standardized comparisons of KD methods. This universal knowledge retention
metric has the potential to serve as a foundation for future research, guiding the development of more
effective KD techniques that balance accuracy, efficiency, and robustness. By offering a unified
framework for evaluating KD performance, this study aims to support the continued progress of KD
as a viable solution for deploying high-performing, compact models in a wide range of practical
applications.

2. Literature Review

Knowledge Distillation (KD) has evolved to encompass a range of techniques that differ in how
they transfer knowledge from the teacher model to the student model. These approaches can
generally be categorized into three main types: response-based, feature-based, and relation-based
KD.

Response-Based KD is the foundational approach and was the method initially introduced by
[6]. This technique transfers knowledge by using the softmax output probabilities (or logits) from the
teacher model as “soft labels” for the student model. By learning from these soft labels, the student
model can capture not only the correct classes but also the confidence distribution across all classes,
which carries valuable information about the teacher’s understanding of the data. However, while
response-based KD is simple and effective, it primarily focuses on the output layer of the teacher
model, limiting its ability to capture the rich hierarchical representations embedded within the
intermediate layers [12]. This constraint has motivated researchers to explore more complex forms of
knowledge transfer that incorporate deeper levels of the teacher model.
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Feature-Based KD addresses this limitation by leveraging the intermediate feature
representations of the teacher model. Rather than focusing solely on the final output, feature-based
methods enable the student model to learn from the teacher’s feature maps at various stages. This
approach captures the spatial and semantic information that the teacher has learned, making it
particularly useful for tasks that rely heavily on detailed feature hierarchies, such as image
classification and object detection. A notable example of feature-based KD is the FitNets approach
[8], where the student model is guided by intermediate layers from the teacher to refine its internal
feature representations. Another significant technique, Attention Transfer (AT), uses spatial attention
maps from the teacher to guide the student, ensuring alignment in the regions of the image that are
most important for task performance [13]. Feature-based KD has shown to improve the student
model’s ability to generalize complex patterns from data, making it an increasingly popular choice
in the field.

Relation-Based KD takes knowledge transfer a step further by capturing relational knowledge
between data points, features, or even layers within the teacher model. Instead of transferring
individual output values or feature maps, relation-based methods focus on the relationships and
dependencies that the teacher model has learned. This category of KD is particularly valuable in
scenarios where understanding the context or structure among elements is essential, such as
relational reasoning tasks. For instance, Relational Knowledge Distillation (RKD) captures the
distance relationships between pairs of data points in the feature space, allowing the student to learn
not only the representations but also the structural relationships that the teacher has identified [14].
This category of KD provides an additional layer of abstraction, enabling the student to mimic not
just the representations but also the interconnections present in the teacher’s learned features.

Most studies on KD rely heavily on accuracy improvements in the student model as the primary
metric for evaluating the effectiveness of KD methods, as depicted in the review of [5,7,15]. Typically,
the success of KD is determined by how closely the student model’s performance approaches that of
the teacher model, measured through accuracy on a target task, such as classification or object
detection. While accuracy is a fundamental indicator of a model’s ability to generalize on unseen
data, using it as the sole metric in KD evaluation has limitations. Accuracy alone does not account for
the nuanced process of knowledge transfer from the teacher to the student, nor does it reveal how
well the student model has absorbed the hierarchical feature representations, patterns, or complex
relationships learned by the teacher.

Reliance on accuracy as the primary measure of KD success overlooks several crucial aspects of
the KD process. Accuracy does not capture feature-level retention, meaning that while the student
may produce correct predictions, it might not have retained the underlying knowledge embedded in
the teacher’s intermediate representations [16]. This can be problematic in applications that require
the model to make decisions based on intricate patterns, spatial dependencies, or contextual cues that
go beyond simple classification.

Moreover, accuracy fails to reflect interpretability or explainability in KD [17]. Interpretability is
becoming increasingly important in fields like healthcare [18] and finance [19], where understanding
the rationale behind predictions is critical. Without metrics that assess the alignment between the
teacher and student in terms of decision-making processes, it is difficult to determine if the student
model truly mirrors the teacher’s knowledge or simply arrives at the same conclusions by different
means.

Finally, accuracy does not account for model efficiency, which is a key reason for employing KD
in the first place. Many KD studies focus on compressing the teacher model into a lighter student
model to reduce computational and memory costs for deployment. However, accuracy-only
evaluations overlook the balance between performance and efficiency, potentially favoring methods
that yield marginally higher accuracy at a substantial computational cost, which might be unsuitable
for real-world applications.

Knowledge retention, the extent to which the student model internalizes and preserves the
patterns, representations, and relational understanding of the teacher model could serve as the
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universal metric that KD research has been seeking. Unlike traditional evaluation metrics that focus
only on final outputs, such as accuracy, knowledge retention goes deeper by assessing how well the
student model captures the quality of knowledge transferred from the teacher [20]. This makes it a
versatile and comprehensive tool for comparing KD methods, regardless of task, architecture, or
dataset, as it directly measures the depth of knowledge transfer rather than just surface-level
performance.

Currently, knowledge retention is usually inferred indirectly through intermediate feature
comparisons and output agreement. Common methods include feature map similarity to measure
the alignment between teacher and student representations at different layers, and output agreement
to assess how closely the student replicates the teacher’s output distribution.

To effectively measure knowledge retention in KD, it is essential to evaluate both feature
similarity and output agreement between the teacher and student models. Feature similarity
approaches, such as cosine similarity [21], mean squared error (MSE) [22], and Centered Kernel
Alignment (CKA) [23], assess the alignment of intermediate representations, providing insight into
how well the student model captures the teacher’s learned features at various layers. These methods
are particularly relevant for KD, as they allow for a deeper understanding of the transferred
hierarchical and spatial patterns that contribute to task performance.

Similarly, output agreement metrics, such as KL Divergence [22], mutual information [24], and
Top-N agreement [25], focus on the final predictions of the models. These metrics gauge how closely
the student model mimics the teacher’s output distribution, reflecting the fidelity of the student’s
decision boundaries to those of the teacher. Both feature similarity and output agreement provide
valuable but distinct insights into knowledge retention.

Combining feature similarity and output agreement into a composite metric could yield a more
comprehensive evaluation of knowledge retention [26], capturing both the intermediate knowledge
and output fidelity of the student model. Such a metric would offer a holistic view of KD
effectiveness, ensuring that the student retains both internal representations and final predictions,
providing a richer, more nuanced assessment of knowledge transfer.

3. Materials and Methods

This section focuses on developing and validating the Knowledge Retention Score (KRS) as a
universal metric for Knowledge Distillation (KD).

3.1. Developing the Knowledge Retention Score (KRS)

KRS is a composite metric designed to measure the effectiveness of knowledge transfer from a
teacher model to a student model in Knowledge Distillation (KD). Unlike traditional metrics that
focus on final outputs, KRS evaluates both intermediate feature alignment and final output
consistency, offering a more holistic view of the student’s retention of the teacher’s knowledge. KRS
combines two key components: (a) feature similarity; and (b) output agreement. By integrating
feature similarity and output agreement, KRS provides a comprehensive measure of knowledge
retention, making it applicable across tasks, datasets, and model architectures. This combined metric
allows for objective, standardized comparisons of KD methods, ensuring that both feature-level and
output-level knowledge transfer are effectively captured in the evaluation.

3.1.1. Feature Similarity Calculation

Feature similarity calculation is a crucial component of the KRS as it measures the alignment
between the intermediate representations of the teacher and student models. This alignment reflects
the student model’s ability to capture and replicate the hierarchical features learned by the teacher,
which is essential for effective knowledge transfer, especially in complex tasks where spatial patterns
and semantic information play key roles. To calculate feature similarity, we focus on extracting and
comparing feature maps from corresponding layers in the teacher and student models.
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For this study, we use Centered Kernel Alignment (CKA) as the primary method for feature
similarity calculation due to its robustness and effectiveness in comparing high-dimensional feature
space.

Given the feature maps of the teacher and student models at a particular layer [, represented as
T,(x) and S;(x) for input x, we calculate CKA by computing first the Centered Gram Matrices,
Kr and Kj, for the teacher and student network, respectively using:

Kr =T(x) - Tl(x)T _%Tl(x) ) Tz(x)T1 = 1-Ty(x)- Tl(X)T + %1 Ty (x) - Tl(x)T -1 (1)

where n is the number of elements in the feature map and 1 is an n X n matrix of ones. This
Centered Gram Matrices measure the similarity between data points in a high-dimensional space,
adjusted to focus on relative patterns rather than absolute values. Using also equation 1, we compute
for Ks.

Next, we can now calculate the CKA similarity using;:

_ Tr(KTKs)
CKAZ(Tl(x)' Sl(x)) - \/TT'(KT'KT)'\/TT(KS'KS) (2)

where Tr is the trace of the matrix, which is defined as the sum of elements along its main diagonal.
Equation 2 will yield a scalar value ranging from 0 to 1. A CKA score of 1 indicates perfect alignment
between the feature maps of the teacher and the student, and a score of 0 is the opposite.

For a comprehensive feature similarity score, we average the CKA similarity values across
multiple layers and inputs in the dataset using Layer-Wise Averaging shown in equation 3:

Avg Feature Similarity, = I%IZXED CKA|(T;(x), S;(x)) (3)

where D is the dataset used. This yields an average similarity score for each layer, reflecting how
well the student replicates the teacher’s feature representations at that level.

To obtain a single feature similarity score, we further average across all selected layers:

Feature Similarity Score = ﬁZlEL Avg Feature Similarity, (4)

This aggregated score represents the feature similarity component of the KRS, providing a
comprehensive measure of feature alighment across the model.

3.1.2. Output Agreement Calculation

The Output Agreement Calculation component of the KRS measures the alignment between the
output predictions of the teacher and student models. This alignment indicates how closely the
student model mimics the teacher's decision boundaries, going beyond feature-level alignment to
assess the final outputs. Output agreement reflects the student model's fidelity in producing
predictions similar to the teacher’s, providing insights into the quality of knowledge transfer at the
output level.

To calculate output agreement, we use KL Divergence (Kullback-Leibler Divergence) as the
primary metric, as it is a widely accepted measure of the similarity between two probability
distributions. In knowledge distillation, KL Divergence quantifies the difference between the output
probability distributions of the teacher and student models, assessing how well the student replicates
the teacher's probabilistic predictions.

Let Pr(x) represent the probability distribution over classes produced by the teacher model for
input x, and Ps(x) represent the corresponding probability distribution produced by the student
model. For each input x the KL Divergence between the teacher’s and student’s output distributions
is given by:
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KL(Pr(0)IIPs(x)) = 5 Pr(x); * log (3E2) ()

where Pr(x); and Ps(x); are the predicted probabilities for the i-th class class from the teacher and
student, respectively. KL Divergence is minimized when the student’s output distribution closely
matches that of the teacher, indicating high agreement. Since lower KL Divergence values indicate
higher similarity, we convert KL Divergence into an Output Agreement Score by normalizing the KL
Divergence by dividing it by C and then subtracting it from 1. In this case, we set the value of C to
the maximum computed KL in the validation phase. Hence, for every input x, the output agreement
score is calculated as:

KL(PT(0)||Ps(x)) ©6)

Output Agreement Score(x) =1 — B

This transformation ensures that higher values represent better agreement between teacher and
student outputs.

To obtain an overall output agreement score across the dataset, we average the output
agreement scores over all inputs x € D:

Average Output Agreement = I%IZ"GD Output Agreement Score(x) (7)

where [D| is the number of samples in the dataset D. This aggregated score reflects the alignment
between teacher and student outputs across the dataset, forming the output agreement component
of the KRS.

3.1.3. Combining Feature and Output Components

To obtain KRS, we combine the feature similarity and output agreement components, as these
together capture both intermediate and output-level alignment between the teacher and student
models. This combined metric ensures that the evaluation reflects how well the student model retains
the teacher’s knowledge across both learned representations and final predictions.

The overall KRS is then defined as:

KRS = a - Feature Similarity Score + [ - Average Output Agreement (8)

where a and f are weights assigned to the feature similarity and output agreement components,
respectively, with a+= 1. The values of a and f can be adjusted based on the importance of
feature retention versus output alignment for a given application or task.

The choice of weights allows flexibility in emphasizing different aspects of knowledge retention
depending on the task requirements. Assigning more weight to the feature similarity score (a > )
is appropriate for tasks where intermediate feature alignment is crucial, such as tasks that rely heavily
on spatial relationships or semantic hierarchies within the data. A greater emphasis on output
agreement (a < f8) is suitable for tasks where output consistency between teacher and student
models is more critical, like classification tasks where the final prediction probabilities are
paramount.

3.1.4. Interpreting the KRS

The final KRS is a single scalar value representing the overall knowledge retention of the student
model. Ranging from 0 to 1, a KRS of 1 indicates perfect knowledge retention by the student, while a
score of 0 signifies minimal or no retention.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202505.0901.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 12 May 2025 d0i:10.20944/preprints202505.0901.v1

7 of 23

3.1.5. KRS for Image Segmentation Tasks

The KRS defined in equation 8 is designed for object detection and classification tasks only.
While this formulation is effective for tasks where outputs are vector-based predictions, it does not
provide an optimal measure for segmentation tasks, where predictions are pixel-wise and require
spatial alignment.

In segmentation, output agreement must capture the similarity of segmentation masks between
the teacher and student models, reflecting accurate spatial and class overlap. Thus, for image
segmentation, we replace KL Divergence with Intersection over Union (IoU), a metric that directly
evaluates the overlap between the teacher’s and student’s segmentation maps.

So, for every image x in the test set, let S(x) represent the segmentation mask output from the
student model and T(x) epresent the segmentation mask from the teacher model. The IoU for output
agreement is calculated as:

[TEONS)

IoU(T(x),S(x)) = IT)US)| ©)

where |T(x)NS(x)| is the number of pixels where the teacher and student segmentation masks
overlap (agree on the segmentation), and |T(x)US(x)| is the total number of pixels in either mask.
This IoU score provides a pixel-wise evaluation of agreement, specifically assessing how accurately
the student replicates the teacher’s spatial segmentation.

To obtain the overall Output Agreement Score for the dataset, we average the IoU values across
all validation or test samples:

Average Output Agreement,;,; = lT?leeD IoU(T (x),S(x)) (10)

This average IoU represents the degree of alignment between teacher and student across the
entire segmentation task, ensuring that spatial and class overlap is consistently maintained.

The KRS for segmentation tasks combines the Feature Similarity Score (CKA) of equation 4 and
the Average Output Agreement (IoU) in equation 10, and is defined as:

KRSseq = a - Feature Similarity Score + [ - Average Output Agreement;oy (11)

By adjusting the output agreement component to use IoU, this formulation of KRS accurately
evaluates knowledge retention for segmentation tasks, where spatial fidelity and pixel-level
agreement are crucial for performance.

3.2. Experimental Setup

The experimental setup involves selecting appropriate datasets, teacher-student model pairs,
and KD techniques to rigorously evaluate the Knowledge Retention Score (KRS). This setup ensures
that KRS can be tested across different architectures and tasks, validating its robustness and
generalizability.

3.2.1. Dataset

To evaluate KRS effectively, we use a variety of datasets that cover different types of tasks. For
image classification, a well-known classification dataset such as CIFAR-100 and Tiny ImageNet is
used. These datasets contain labeled images of objects and allow us to assess KRS in a standard
classification task. For object detection task, a dataset like COCO (Common Objects in Context) [27],
Pascal VOC [28], and Oxford IIIT Pet is used. Object detection datasets introduce additional
complexity with multi-object scenarios, enabling the evaluation of KRS in more complex feature
extraction and prediction contexts. By using datasets with different characteristics (e.g., classification
vs. detection, simple vs. complex images), we can evaluate the versatility of KRS across various types
of tasks.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202505.0901.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 12 May 2025 d0i:10.20944/preprints202505.0901.v1

8 of 23

Each dataset is then split into training, validation, and test sets, as shown in Table 1. The training
set is used to train the student network using KD, while the test set is used to compute the final KRS,
ensuring that KRS reflects generalizable knowledge retention.

Table 1. Data split of various datasets used in this study.

Title 1 Total Images Training Set Validation Set Test Set
CIFAR-100 60,000 50,000 5,000 10,000
Tiny ImageNet 120,000 100,000 10,000 10,000
COCO 164,000 118,000 5,000 41,000
PASCAL VOC 11,540 8,078 1,731 1,731
Oxford IIIT Pet 7,349 5,239 1,105 1,105

3.2.2. Teacher-Student Model Pairs

We select several teacher-student model pairs to test KRS across varying architecture
complexities and parameter sizes. For instance, we will use ResNet-101/ResNet-18 to assess
knowledge transfer across models with similar architectures but different capacities. Another pair is
the VGG-19/AlexNet, which showcases two different architectures. Variants like WRN-40-2/WRN-
16-1 are included to assess knowledge retention across wide network architectures. EfficientNet-
B7/EfficientNet-Lite pair assesses KRS in the context of highly optimized, efficient models.

In Table 2, we summarized the compression rate of the abovementioned teacher-student pair
used in this study.

Table 2. Parameter compression rate of the teacher-student pair used in this study.

Teacher Model/Student Model Compression Rate (%)
ResNet-101/ResNet-18 73.71
VGG-19/AlexNet 57.34
WRN-40-2/WRN-16-1 92.60
EfficientNet-B7/EfficientNet-Lite 91.97

3.2.3. Dataset-Model Pairing Strategy

The dataset-model pairing strategy for validating KRS involves carefully selecting combinations
of teacher-student model pairs and datasets that cover a range of computer vision tasks. This
approach ensures that KRS can be evaluated across different types of knowledge distillation (KD)
tasks, demonstrating its versatility and reliability as a universal metric. For image classification tasks,
datasets such as CIFAR-100, Tiny ImageNet, and Oxford-IIIT Pet will be paired with model pairs like
ResNet-101/ResNet-18 and VGG-19/AlexNet. These combinations are chosen for their balance
between architectural complexity and relevance to classification, allowing for a thorough assessment
of how KRS captures knowledge retention in models of varying sizes and designs.

For object detection, we will use more complex and robust datasets like COCO and PASCAL
VOC, which pose unique challenges due to the multi-object nature and rich annotations. These
datasets will be paired with teacher-student model configurations such as WRN-40-2/WRN-16-1 and
EfficientNet-B7/EfficientNet-Lite. The selected pairs are chosen to reflect modern, efficient
architectures that can test whether KRS effectively evaluates knowledge retention in models that
prioritize parameter and computational efficiency.

To extend the validation of KRS to image segmentation, we will use the Oxford-IIIT Pet dataset,
adapted for segmentation tasks. This will involve evaluating segmentation-specific outputs using IoU
as the output agreement measure while maintaining CKA for feature similarity. The models paired
for segmentation will help assess whether KRS can accurately reflect pixel-level knowledge retention,
a critical aspect of segmentation.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202505.0901.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 12 May 2025 d0i:10.20944/preprints202505.0901.v1

9 of 23

3.2.4. Knowledge Distillation Techniques

In Table 3, we outline the comprehensive pairing of the datasets used in this study, alongside
the corresponding teacher-student network pairs and the KD methods implemented to validate the
KRS. This table provides a clear overview of how each dataset is matched with appropriate model
architectures and the specific KD techniques replicated to assess the robustness and applicability of
KRS across different tasks.

For the image classification task, we implemented Vanilla KD as it represents the foundational
KD approach specifically designed for image classification. Additionally, SKD (Student-friendly KD)
was selected due to the clear implementation guidelines provided by its authors and its demonstrated
promising results in prior studies. This combination allows for a thorough evaluation of KRS using
both a classic and an advanced response-based KD method.

For the object detection task, we implemented FitNet, the earliest feature-based KD model, to
serve as a benchmark. Alongside FitNet, we incorporated two modern KD techniques: ART
(Ambiguity-aware Teacher KD) and UET (Uncertainty Estimation-Discriminative Knowledge
Extraction-Knowledge Transfer). Both ART and UET introduce uncertainty awareness into the KD
process and have reported improved performance in recent studies. By using KRS, we aim to assess
whether these newer methods genuinely enhance knowledge retention compared to FitNet,
providing a more comprehensive evaluation of their effectiveness.

For the image segmentation task, we implemented GKD (Graph-based Knowledge Distillation),
the first relation-based KD method, as a foundational benchmark. In addition, we included GLD
(Global and Local Logits Densely Connected Relations) due to its significant impact and recognition
within the research community. We also consider Complementary Relation Constrastive Distillation
(CRCD) for its impact and replicability. This combination allows us to evaluate KRS's effectiveness
in assessing knowledge retention across both pioneering and influential relation-based KD
techniques.

Table 3. Overall summary of the datasets, teacher-student pairs, and KD methods used in this study per CV

task.
Task Dataset Teacher/Student KD Method
CIFAR-100 ResNet-101/ResNet-18 Vanilla KD [6],

Image Classification ~ Tiny ImageNet VGG-19/AlexNet SKD [29]

Oxford-IIIT Pet
Object Detection COCO WRN-40-2/WRN-16-1 FitNet [8],

PASCAL VOC EfficientNet-B7/EfficientNet-Lite ART [30], UET [31]
Oxford-IIIT Pet ResNet-101/ResNet-18 GKD [32], GLD [33],

EfficientNet-B7/EfficientNet-Lite CRCD [34]
VGG-19/AlexNet
WRN-40-2/WRN-16-1

Image Segmentation

3.3. Implementation Strategy

To reduce bias in the experiment, it is essential to follow the same steps and procedures for each
teacher-student model pair, dataset, and KD technique to ensure consistency and fairness in the
evaluation process. This section outlines our implementation strategies.

3.3.1. Image Augmentation

In this study, image augmentation is employed during the training phase to enhance the
generalization and robustness of both the teacher and student models. Various techniques, including
random cropping, flipping, and brightness adjustments, are used to generate a diverse set of training
examples, helping to prevent overfitting and improve performance on new data.
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3.3.2. Training Process

The training process in this study consists of two distinct phases. In the first phase, we build
both the teacher and student networks from scratch and train them on the datasets listed in Table 3.
We then conduct hyperparameter tuning on both networks using Random Search, chosen for its
balance between effectiveness and efficiency. Baseline performance is measured on the validation
dataset, using accuracy (A) for image classification, mean average precision (mAP) for object
detection, and Intersection over Union (IoU) for segmentation. Also, we compute the KRS between
the teacher and the student network to baseline its performance. This will help us observe the effect
of KD process in the knowledge retention of the student. The second phase, involving the KD-based
training of the student model, is discussed in the next subsection.

3.3.3. Knowledge Distillation

In the second phase of training, we implement the KD model to transfer knowledge from the
teacher network to the student, as specified in Table 3. Each KD method is meticulously replicated
according to the original procedures outlined by the respective authors to ensure methodological
fidelity. To maintain consistency across all teacher-student pairs listed in Table 3, the teacher network
remains in inference mode throughout the knowledge transfer process. As in the first phase, we
calculate accuracy (4), mean average precision (mAP), and Intersection over Union (IoU), depending
on the task being performed.

3.3.4. Evaluation of Student’s Performance using KRS

Upon completing the KD process, both the teacher and student networks are set to inference
mode to evaluate their accuracy (4), mean average precision (mAP), and Intersection over Union
(IoU) on the test dataset. To determine the KRS for the student model, intermediate features must be
captured from both the teacher and student networks at various levels of abstraction. Figure 1
provides an example of these feature maps taken from different layers in the ResNet-101 and ResNet-
18 models, specifically from the outputs of Conv2_x, Conv3_x, Conv4_x, and Conv5_x. For other
teacher-student network pairs used in this study, Table 4 lists the layers from which feature maps are
extracted.

ResNet- 101

Conv2 x Conva_x Comvd_x Corws_x

Max Paolmg Layer

Coms_x

RusNet 18

Figure 1. Example of teacher-student network pair with layer selection by which intermediate features will be

extracted.
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Teacher/Student

Layers to Capture from the Teacher

Layers to Capture from the Student

ResNet-101/ResNet-18

Conv2_x, Conv3_x,

Conv4_x, Convb_x

Conv2_x, Conv3_x,
Conv4_x, Convb_x

VGG-19/AlexNet

Convl_2, Conv2_2, Conv3_4,

Conv4_4, Conv5_4

Convl, Conv2, Conv3,
Conv4, Convb

WRN-40-2/WRN-16-1

Block 2, Block 3, Block 4

Block 2, Block 3,

Final Block

EfficientNet-B7/
EfficientNet-Lite

MBConv2_1, MBConv3_3,

MBConv4_5,

Corresponding MBConv blocks

4. Results and Discussion

In total, we conducted 36 experiments in this study, based on the combinations outlined in Table

3. To streamline our analysis and simplify our graphical representations, each experiment has been

assigned a unique ID, as shown in Table 5. This system not only enhances the clarity of our graphs

but also facilitates a more concise discussion by allowing us to refer to experiments by their ID.

Table 5. ID No. of the different experiments conducted in this study.

ID No. Task Dataset Teacher Student Network KD Model
Network

Image CIFAR-100

1 Classification ResNet-101 ResNet-18 Vanilla KD
Image CIFAR-100

2 Classification ResNet-101 ResNet-18 SKD
Image CIFAR-100

3 Classification VGG-19 AlexNet Vanilla KD
Image CIFAR-100

4 Classification VGG-19 AlexNet SKD
Image Tiny ImageNet

5 Classification ResNet-101 ResNet-18 Vanilla KD
Image Tiny ImageNet

6 Classification ResNet-101 ResNet-18 SKD
Image Tiny ImageNet

7 Classification VGG-19 AlexNet Vanilla KD
Image Tiny ImageNet

8 Classification VGG-19 AlexNet SKD
Image Oxford-IIT Pet

9 Classification ResNet-101 ResNet-18 Vanilla KD
Image Oxford-IIT Pet

10 Classification ResNet-101 ResNet-18 SKD
Image Oxford-IIT Pet

11 Classification VGG-19 AlexNet Vanilla KD
Image Oxford-IIT Pet

12 Classification VGG-19 AlexNet SKD

13 Object Detection COCO WRN-40-2 WRN-16-1 FitNet

14 Object Detection COCO WRN-40-2 WRN-16-1 ART

15 Object Detection COCO WRN-40-2 WRN-16-1 UET

16 Object Detection COCO EfficientNet-B7  EfficientNet-Lite FitNet

17 Object Detection COCO EfficientNet-B8 EfficientNet-Lite ART

18 Object Detection COCO EfficientNet-B9  EfficientNet-Lite UET

19 Object Detection PASCAL VOC WRN-40-2 WRN-16-1 FitNet

20 Object Detection PASCAL VOC WRN-40-2 WRN-16-1 ART
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21 Object Detection PASCAL VOC =~ WRN-40-2 WRN-16-1 UET

22 Object Detection PASCAL VOC  EfficientNet-B7  EfficientNet-Lite FitNet

23 Object Detection PASCAL VOC  EfficientNet-B8  EfficientNet-Lite ART

24 Object Detection PASCAL VOC EfficientNet-B9  EfficientNet-Lite UET
Image Oxford-IIT Pet

25 Segmentation ResNet-101 ResNet-18 GKD
Image Oxford-IIT Pet

26 Segmentation ResNet-101 ResNet-18 GLD
Image Oxford-IIT Pet

27 Segmentation ResNet-101 ResNet-18 CRCD
Image Oxford-IIT Pet

28 Segmentation EfficientNet-B7  EfficientNet-Lite GKD
Image Oxford-IIT Pet

29 Segmentation EfficientNet-B7 EfficientNet-Lite GLD
Image Oxford-IIT Pet

30 Segmentation EfficientNet-B7  EfficientNet-Lite CRCD
Image Oxford-IIT Pet

31 Segmentation VGG-19 AlexNet GKD
Image Oxford-IIT Pet

32 Segmentation VGG-19 AlexNet GLD
Image Oxford-IIT Pet

33 Segmentation VGG-19 AlexNet CRCD
Image Oxford-IIT Pet

34 Segmentation WRN-40-2 WRN-16-1 GKD
Image Oxford-IIT Pet

35 Segmentation WRN-40-2 WRN-16-1 GLD
Image Oxford-IIT Pet

36 Segmentation WRN-40-2 WRN-16-1 CRCD

4.1. Performance Improvement Before and After KD

4.1.1. Analysis Using Conventional Performance Metrics

In Figure 2, it is evident that across all experiments, the performance of the student network
improves after applying KD, regardless of the dataset, KD model, or evaluation metric. This
consistent improvement highlights the effectiveness of KD in enhancing the student network’s
capability to generalize better. Specifically, in Figure 2(a), the accuracy gains after KD are most
pronounced in the Oxford-IIIT Pet dataset, while they are relatively lower for Tiny ImageNet. This
discrepancy could be attributed to the differing complexity and inter-class variability of these
datasets. The Oxford-IIIT Pet dataset, with fewer classes and more distinct visual features, likely
allows for easier knowledge transfer, resulting in higher accuracy improvements. In contrast, Tiny
ImageNet, with its large number of classes and high similarity between images, presents a more
challenging learning environment, making knowledge transfer less effective and resulting in
comparatively lower accuracy gains. These findings suggest that KD’s impact can vary significantly
depending on the dataset’s complexity and characteristics. Additionally, Figure 2(a) shows that
ResNet-18 consistently outperforms AlexNet both before and after KD. This difference in
performance can be attributed to the architectural strengths of ResNet-18, which incorporates skip
connections, allowing for deeper and more effective feature extraction compared to the shallower
AlexNet. The skip connections in ResNet-18 mitigate the vanishing gradient problem, enabling the
model to learn more complex patterns, which is particularly beneficial in image classification tasks.
Consequently, ResNet-18's ability to retain and leverage knowledge from the teacher network in the
KD process results in a more substantial performance boost compared to AlexNet. This reinforces the
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effectiveness of ResNet-18 as a student network in KD settings, especially when handling more
intricate datasets.

In Figure 2(b), the mean average precision (mAP) for the student models is slightly higher on
the PASCAL VOC dataset compared to COCO. This can be attributed to the greater complexity and
diversity of the COCO dataset, which includes more varied objects, categories, and challenging
backgrounds, making the detection task inherently more difficult. Consequently, the models perform
slightly better on PASCAL VOC, which has a more straightforward set of categories and typically
less complex scenes. In terms of student model performance, EfficientNet-Lite consistently
outperforms WRN-16-1. This difference can be attributed to the architecture of EfficientNet-Lite,
which is optimized for better parameter efficiency and feature extraction capabilities, allowing it to
capture and represent more nuanced information. EfficientNet’s design leverages compound scaling,
which balances network depth, width, and resolution, providing a more robust foundation for
complex tasks such as object detection.

In Figure 2(c), which presents the results of the image segmentation task on the Oxford-IIIT Pet
dataset, we observe an increase in IoU scores across all student models after applying KD. Notably,
the student model derived from EfficientNet consistently achieves the highest IoU, both before and
after KD, highlighting its superior feature extraction capabilities and architectural efficiency for
segmentation tasks. EfficientNet's compound scaling strategy enables it to maintain high-resolution
feature maps and capture finer details essential for accurate segmentation. Following EfficientNet,
ResNet-based students show a moderate increase in IoU, benefiting from the depth and residual
connections that facilitate the learning of complex patterns. WRN-16-1 performs reasonably well but
lags behind due to its comparatively simpler architecture. AlexNet demonstrates the lowest IoU
performance, reflecting its older design and limited depth, which constrains its ability to capture
detailed spatial information necessary for precise segmentation. This ranking underscores the
importance of modern, optimized architectures like EfficientNet for high-precision segmentation
tasks.

While Figure 2(a—c) highlight clear improvements in student network performance post-KD
across various datasets and tasks, these conventional metrics alone—accuracy, mAP, and IoU—are
insufficient to capture the full scope of knowledge transfer effectiveness. Traditional metrics provide
only a surface-level understanding of KD's impact, focusing primarily on output accuracy and
precision but failing to assess how well the student model retains critical knowledge from the teacher.
This limitation becomes particularly evident in complex tasks and datasets where nuances in feature
retention and relational learning are essential. Hence, a more comprehensive metric like the KRS is
necessary. KRS goes beyond surface performance to evaluate how effectively the student internalizes
and utilizes knowledge from the teacher, offering a more holistic measure of KD’s success. This
underscores the need for KRS as a complementary metric to conventional evaluations, providing a
deeper insight into the true effectiveness of KD methods.

4.1.2. Student Model Performance Using KRS Before and After KD

After analyzing the performance of the KD models we chose using conventional performance
metrics, our next goal is to analyze the baseline KRS between the student and teacher model before
applying KD techniques. As depicted in equation 8, KRS is composed of the Feature Similarity Score
(FSS) and Average Output Agreement (AOA) weighted by hyperparameters @ and S, respectively.
For the image classification tasks where logit-based KD is used in the experiments, the KRS was
configured with an alpha value of 0.3 and a beta value of 0.7, reflecting the balance between the hard
labels and the softened teacher logits during training. For the object detection and image
segmentation tasks, an alpha value of 0.7 and a beta value of 0.3 were used to prioritize the alignment
of intermediate features over the softened teacher logits. This configuration ensures that the student
model effectively captures the spatial and structural information necessary for these tasks, where
feature-level guidance plays a more critical role.
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The graph showing the results for experiment ID no. 1 to 12 of Table 5 is presented in Figure 3,
which underscores the pivotal role of KD in enhancing the KRS for both ResNet-18 and AlexNet
across all datasets. However, the extent of these improvements varies substantially based on the KD
technique employed, student architecture, and the complexity of the dataset. ResNet-18 consistently
outperforms AlexNet, exhibiting higher baseline KRS values and larger gains after KD. For instance,
on CIFAR-100, ResNet-18"s KRS increases from 42.5 before KD to 57.7 after Vanilla KD and 69.8 after
SKD, representing a total improvement of 27.3 points. In comparison, AlexNet’'s KRS rises from 34.4
to 48.0 with Vanilla KD and 51.5 with SKD, yielding a smaller overall improvement of 17.1 points.
These trends are replicated across Tiny ImageNet and Oxford-IIIT Pet, affirming ResNet-18's
superior knowledge retention capabilities.

The superior performance of SKD over Vanilla KD is consistent across both networks and
datasets. SKD leverages a student-friendly mechanism that simplifies the teacher’s outputs, aligning
them with the student’s learning capacity. This tailored approach enhances the interpretability and
utility of the teacher’s knowledge for the student model, as evidenced by SKD’s larger KRS
improvements, particularly on datasets with more complex features. For instance, on Tiny ImageNet,
AlexNet's KRS increases by 6.5 points with SKD compared to 4.8 points with Vanilla KD, while
ResNet-18 achieves a 18.4-point gain with SKD versus 13.2 points with Vanilla KD. This demonstrates
SKD'’s ability to effectively address the limitations of smaller and less complex architectures, such as
AlexNet.

The results highlight the significant impact of the teacher-student architecture on knowledge
retention. ResNet-18, with its deeper architecture and residual connections, is better equipped to
learn and retain complex patterns compared to AlexNet. The residual connections facilitate efficient
gradient flow and mitigate vanishing gradient issues, enabling ResNet-18 to optimize better during
both baseline training and KD. Conversely, AlexNet's simpler architecture, characterized by fewer
layers and parameters, inherently limits its capacity to extract and retain the nuanced knowledge
transferred from the teacher. This is evident in AlexNet’s smaller KRS gains across all datasets,
reinforcing the importance of sophisticated model architectures in achieving effective knowledge
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Figure 2. The figure shows the performance of the student model pre and post-KD. (a) represents experiment ID
no. 1-12; (b) experiment 13-24; and (c) experiment 25-36.

The data also shows a general trend of higher KRS improvements for simpler datasets, such as
Oxford-1IIT Pet, compared to more complex ones like CIFAR-100 and Tiny ImageNet. For instance,
AlexNet achieves a 21.8-point KRS improvement on Oxford-IIIT Pet with SKD, compared to 13.2
points on CIFAR-100 and 11.3 points on Tiny ImageNet. However, a notable exception is observed
for ResNet-18 with SKD on CIFAR-100, where the KRS improvement of 27.3 points surpasses the
23.2-point improvement on Oxford-IIIT Pet. This anomaly can be attributed to CIFAR-100’s greater
feature complexity and inter-class variability, which provide more opportunities for the student
model to benefit from SKD’s tailored knowledge transfer. ResNet-18's residual connections allow it
to better leverage the teacher’s superior representations in such complex datasets. On simpler
datasets like Oxford-IIIT Pet, the student model’s baseline performance is already higher, leaving less
room for improvement. Thus, while simpler datasets generally result in higher KRS gains due to
reduced complexity, the broader feature space in more complex datasets like CIFAR-100 can
sometimes amplify the benefits of SKD, especially for architectures capable of deeper learning.
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Figure 3. The figure shows the performance of the student model (i.e. ResNet-18 and AlexNet) across datasets
before and after KD process.

Next, we analyze the results for experiment ID numbers 13 to 24, where the primary task is object
detection. Across all experiments, as shown in Figure 4, UET consistently demonstrates the highest
improvements in KRS, followed by ART and then FitNet. For instance, in Experiment 15, UET
achieves a remarkable KRS improvement of 31.3 points on COCO, compared to ART, which delivers
a KRS improvement of 19 points. Similar trends are observed in Experiment 21 on PASCAL VOC,
where UET outperforms ART and FitNet, achieving a KRS gain of 29.2 points. These results
underscore UET's ability to integrate uncertainty estimation effectively, enhancing feature alignment
and output consistency between teacher and student networks.

EfficientNet models further highlight UET's superiority. In Experiment 24, UET achieves a
substantial KRS improvement of 38.1 points on PASCAL VOC, outperforming ART (24.9 points KRS)
and FitNet (16.8 points KRS). Notably, UET's ability to maximize KRS improvements is evident across
both datasets and architectures, as it consistently outperforms its counterparts, demonstrating its
robustness in facilitating effective knowledge transfer.

Like in the image classification task, the complexity of the dataset significantly influences KRS
improvements. The simpler dataset, PASCAL VOC, shows higher increases in KRS compared to the
more complex and diverse COCO. While COCO’s rich feature space and intricate inter-class
relationships provide opportunities for extensive knowledge transfer, these same complexities may
also present challenges for the student model to fully assimilate the teacher's knowledge. In contrast,
the relatively straightforward nature of PASCAL VOC facilitates a more effective alignment of
features and outputs, resulting in greater KRS improvements. This observation highlights the
nuanced relationship between dataset complexity and the efficacy of knowledge distillation methods,
emphasizing the importance of tailoring KD strategies to the characteristics of the dataset.

Another observation is the steady yet comparatively smaller gains achieved by FitNet across all
experiments. For instance, in Experiment 19 on PASCAL VOC, FitNet increases KRS by 13.2 points,
lagging behind UET's gains of 29.2 points in KRS. This highlights FitNet's limited ability to fully
leverage the teacher’s knowledge, especially in more complex scenarios.

Opverall, the results underscore the effectiveness of advanced KD techniques, particularly UET,
in improving KRS and task performance. The consistent patterns across COCO and PASCAL VOC,
coupled with the varying improvements in KRS and mAP, highlight the interplay between KD
methods, teacher-student architectures, and dataset complexity in achieving optimal knowledge
transfer.
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Figure 4. Performance of WRN-16-1 and EfficientNet-Lite using the KRS in various datasets before and after
selected KD method.

Finally, we examine the KRS of the student model used in experiments 25 to 36. A notable trend
is the significant improvement in KRS after applying any KD technique, with GLD consistently
achieving the highest increases, followed by CRCD and then GKD, as shown in Figure 5.

In the ResNet-101/ResNet-18 pair, GLD achieves the largest KRS improvement of 24.7 points,
demonstrating its superior ability to transfer both global and local knowledge effectively. This is
followed by CRCD, which achieves a KRS gain of 17.3 points, and GKD, with a modest increase of
11.6 points. Similarly, the EfficientNet-B7/EfficientNet-Lite pair exhibits the same hierarchy of
effectiveness, with GLD achieving the highest KRS gain of 21.3 points, significantly surpassing CRCD
(18.6 points) and GKD (13 points). These findings underscore the effectiveness of GLD in maximizing
knowledge transfer, likely due to its ability to model and align global relationships more
comprehensively.

Interestingly, in the VGG-19/AlexNet pair, the KRS improvements are comparatively smaller
across all KD methods. GLD still demonstrates the highest increase in KRS (14.4 points), while CRCD
and GKD achieve gains of 7.8 and 2.7 points, respectively. This reflects the inherent limitations of
AlexNet’s simpler architecture, which restricts its capacity to fully leverage the teacher’s knowledge,
regardless of the KD method employed.

For the WRN-40-2/WRN-16-1 pair, the improvements in KRS follow a similar pattern, with GLD
leading with an increase of 11.5 points, followed by CRCD (10.1 points) and GKD (6.1 points). The
relatively moderate KRS gains in this pair highlight the architectural alignment between the teacher
and student, which provides a more stable baseline for knowledge transfer.

Opverall, the results emphasize the superior performance of GLD in enhancing KRS, attributed
to its robust approach to transferring comprehensive knowledge. CRCD emerges as an effective
alternative, particularly for network pairs with higher capacities, while GKD demonstrates limited
but consistent improvements, reflecting its relatively simpler methodology. These observations
highlight the critical role of the KD method in determining the effectiveness of knowledge transfer
and retention in image segmentation tasks.

4.2. Validation of the KRS Metric

This section presents the results of multiple validation strategies conducted to assess the
effectiveness and reliability of the proposed KRS metric as a performance indicator for knowledge
distillation models.
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4.2.1. Correlation Between KRS and Standard Performance Metrics

To validate the reliability of the proposed KRS metric, we first examined its correlation with
established performance metrics across different tasks. For image classification (Experiments 1 to 12),
we computed the Pearson correlation between KRS and the student model’s accuracy after
knowledge distillation. The results revealed a strong positive correlation (r = 0.943, p = 0.000005),
indicating that KRS is highly aligned with the conventional accuracy metric in classification tasks.

For object detection (Experiments 13 to 24), we analyzed the relationship between KRS and mAP.
The computed correlation was also strong (r = 0.884, p = 0.0001), suggesting that KRS effectively
reflects model performance in detection tasks.

Lastly, for image segmentation (Experiments 25 to 36), the correlation between KRS and IoU was
found to be exceptionally high (r = 0.968, p = 0.00000025), demonstrating that KRS closely tracks the
performance of student models in segmentation scenarios. These results collectively support the
validity of KRS as a robust and task-agnostic metric for evaluating knowledge distillation outcomes.

4.2.2. Ablation Study: Decomposing KRS Before and After KD

To better understand how KRS captures knowledge transfer effectiveness, we performed an
ablation analysis using its two core components: Feature Similarity Score (FSS) and Average Output
Agreement (AOAg), before and after knowledge distillation. Across experiments 1 to 12, notable
improvements were observed in both components after KD, validating the KRS’s sensitivity to actual
knowledge transfer. The SKD method consistently resulted in higher increases in both FSS and AOAg
compared to Vanilla KD. For instance, ResNet-18 trained on CIFAR-100 improved its FSS from 32 to
39 and AOAg from 47 to 83 under SKD, leading to a substantial KRS gain. In contrast, Vanilla KD
yielded smaller gains across these components. Additionally, student models with deeper
architecture (e.g., ResNet-18) showed greater KRS improvements compared to shallower models like
AlexNet, reaffirming the role of network capacity in knowledge retention. This component-wise
analysis supports the validity of using KRS as a composite metric and highlights how specific KD
techniques and model architectures contribute to effective knowledge transfer. The resulf for the
ablation study for experiments 1 to 12 is plotted in a bar graph shown in Figure 5.
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Figure 5. KRS ablation study before and after KD for experients 1 to 12.

The ablation analysis for Experiments 13 to 24 demonstrates a consistent increase in KRS after
the application of KD across all object detection settings. This reinforces the reliability of KRS in
capturing the improvements in student models brought about by various KD techniques.

Across both COCO and PASCAL VOC datasets, the three KD strategies—FitNet, ART, and
UET —showed progressive improvements in KRS, with UET consistently achieving the highest post-
distillation scores. For instance, student models distilled with UET showed greater KRS gains
compared to their FitNet and ART counterparts under the same teacher-student configurations. This
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trend was evident regardless of dataset complexity, indicating that KRS can reflect nuanced
differences in the effectiveness of KD methods.

Moreover, the increase in KRS is not uniform across all setups. Models with more compact
architectures or trained on more challenging datasets (e.g., COCO) exhibited larger gains, suggesting
that the distillation process yields more pronounced benefits where the student’s baseline capacity is
limited or where the learning task is more complex. For example, WRN-16-1 distilled using UET on
COCO yielded a higher relative improvement than when the same student was trained on PASCAL
VOC using simpler methods like FitNet.

These findings validate the sensitivity of KRS in measuring knowledge transfer success. By
effectively capturing shifts in feature similarity (FSS) and output agreement (AOAg), KRS reflects not
only performance gains in terms of accuracy or mAP but also structural learning enhancements in
the student model. As such, the ablation results strengthen the position of KRS as a robust and
interpretable metric for evaluating the impact of knowledge distillation in object detection. Summary
of ablation study data is presented in Figure 6.

KRS Before and After KD with KRS Increase (Experiments 13 to 24)
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Figure 6. KRS ablation study before and after KD for experients 13 to 24.

Lastly, experiments 25 to 36, focusing on image segmentation, demonstrate consistent KRS
improvements across all KD methods, confirming KRS as a reliable metric for evaluating knowledge
transfer in dense prediction tasks. Among the methods, Global Logit Distillation (GLD) produced the
highest KRS gains, indicating its strength in transferring holistic output information essential for
segmentation. CRCD also performed well, particularly in deeper networks, benefiting from its dense
relational guidance. In contrast, GKD yielded the least improvement, suggesting its graph-based
alignment may be less effective in segmentation or with simpler students. Notably, networks like
AlexNet showed limited KRS gains across methods, reflecting their reduced capacity to absorb
transferred knowledge. Overall, the results validate KRS’s sensitivity to KD effectiveness and
highlight the interplay between method complexity and student architecture.
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Figure 7. KRS ablation study before and after KD for experients 25 to 36.

4.2.3. Sensitivity to KD Quality

To further evaluate the reliability of KRS, we examined its sensitivity to the quality of KD
methods applied across different tasks. In this context, KD quality refers to the extent to which each
method improves the performance and knowledge retention of the student model. A reliable metric
should consistently reflect higher gains when stronger KD strategies are employed. We first rank the
performance of the KD methods used in this study depending on the average improvement of the
student in terms of the conventional metrics used. Then, we also rank each KD method based on the
average increase in the KRS. Finally, we compare the two rankings as shown in Table 6.

Table 6. Comparison of KD methods based on gains in conventional metrics and KRS.

Lowest to Highest Ranking of KD Methods by

L t to Highest KR i
Conventional Metrics Gain owest to Hhighes S Gainers

Vanilla KD Vanilla KD
FitNet FitNet
GKD GKD
CRCD CRCD
ART ART
GLD GLD
UET UET

The table offers a dual perspective on how different KD strategies perform in enhancing both
traditional task-based metrics and the proposed KRS, which captures retained knowledge more
holistically. Across both rankings, Vanilla KD consistently appears as the least effective method,
suggesting that while it offers basic improvements, it lacks the sophistication of more modern
techniques in transferring knowledge. FitNet follows closely, indicating only moderate gains in both
traditional metrics and knowledge retention. In contrast, UET emerges as the top-performing method
in both categories. Its superior placement suggests that UET not only maximizes conventional
performance outcomes but also enables the student model to internalize a substantial amount of the
teacher’s knowledge, as reflected in the high KRS gains. Similarly, GLD and ART show consistently
strong performance, placing them among the top-tier KD techniques across both evaluation
dimensions. Interestingly, the parallelism in both columns of Table 6 highlights a strong alignment
between conventional metrics and KRS as evaluation tools. This convergence strengthens the case for
adopting KRS as a reliable complementary metric to traditional measures. It demonstrates that
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methods yielding higher KRS also tend to perform well in standard evaluations, thus reinforcing
KRS's validity and practical utility in assessing KD quality.

4.2.4. Architectural Generalization

Architectural generalization assesses how consistently a KD method performs across varying
teacher-student network combinations. In the context of this study, it also serves as a validation
mechanism for the KRS—determining whether KRS remains a reliable metric when applied to
diverse model architectures.

Our findings reveal that high-performing KD methods such as UET, GLD, and ART yield
substantial improvements in KRS across a wide range of architectural pairings. These include deep-
to-shallow (e.g., ResNet-101 to ResNet-18), resource-constrained (e.g., EfficientNet-B9 to EfficientNet-
Lite), and structurally different networks (e.g., VGG-19 to AlexNet). The consistency in KRS
improvements across these combinations confirms its adaptability and reliability, regardless of the
architectural design.

Furthermore, methods like Vanilla KD and FitNet, which are more sensitive to teacher-student
alignment, demonstrated lower KRS gains especially in less compatible pairs—reinforcing that KRS
can also capture limitations in knowledge transfer. This sensitivity strengthens the argument that
KRS effectively reflects the internal learning dynamics of the student model beyond surface-level
metrics like accuracy or mAP.

In summary, the alignment between KRS trends and architectural variations validates KRS not
only as a universal performance indicator but also as a metric that generalizes well across
heterogeneous model configurations. It provides nuanced insight into the effectiveness of KD
methods in real-world applications where model structures are rarely standardized.

5. Conclusions and Future Work

In this study, we introduced the Knowledge Retention Score (KRS), a universal and task-agnostic
metric designed to measure the effectiveness of Knowledge Distillation (KD) methods across diverse
datasets, tasks, and teacher-student architectures. By integrating feature similarity and output
agreement, KRS offers a more comprehensive evaluation of the knowledge transfer process than
conventional performance metrics alone. Our experiments, spanning 36 diverse KD setups,
consistently demonstrate that KRS aligns well with traditional evaluation metrics such as accuracy,
mAP, and IoU. Moreover, the KRS successfully captures nuanced insights into the quality of
knowledge transfer, the sensitivity to KD method effectiveness, and the architectural generalizability
of student models.

We validated the reliability of KRS using correlation analyses and ablation studies, showing that
it accurately reflects the underlying dynamics of feature and output alignment between teacher and
student models. KRS was further proven to be sensitive to KD quality and consistent across different
network architectures, underscoring its robustness and utility for evaluating KD strategies. These
findings establish KRS as a credible complementary metric for assessing KD models beyond surface-
level accuracy gains.

Future work can explore extending KRS to non-vision tasks such as NLP or speech recognition,
validating its universality in broader domains. Additionally, we envision refining the metric by
incorporating model uncertainty, calibration scores, or explainability metrics to capture more
dimensions of knowledge retention. Automated KRS-based benchmarking tools and integration into
NAS (Neural Architecture Search) pipelines also present promising directions for further research
and practical deployment.
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