Journal of Edge Computing, 2025, Vol. 4, Iss. 2, pp. 159-178 https://doi.org/10.55056/jec.978

Method of adaptive knowledge distillation from
multi-teacher to student deep learning models

Oleksandr Chaban, Eduard Manziuk and Pavlo Radiuk

Khmelnytskyi National University, 11, Instytutska str., Khmelnytskyi, 29016, Ukraine

Abstract. Transferring knowledge from multiple teacher models to a compact stu-
dent model is often hindered by domain shifts between datasets and a scarcity
of labeled target data, degrading performance. While existing methods address
parts of this problem, a unified framework is lacking. In this work, we improve
multi-teacher knowledge distillation by developing a holistic framework, enhanced
multi-teacher knowledge distillation (EMTKD), that synergistically integrates three
components: domain adaptation within teacher training, an instance-specific adap-
tive weighting mechanism for knowledge fusion, and semi-supervised learning to
leverage unlabeled data. On a challenging cross-domain cardiac MRI benchmark,
EMTKD achieves a target domain accuracy of 88.5% and an area under the curve
of 92.5%, outperforming state-of-the-art techniques by up to 5.0%. Our results
demonstrate that this integrated, adaptive approach yields significantly more ro-
bust and accurate student models, enabling effective deep learning deployment in
data-scarce environments.

Keywords: knowledge distillation, deep learning, multi-teacher learning, adaptive
weighting, domain adaptation, semi-supervised learning, model generalisation

1. Introduction

Deep learning (DL) models have achieved remarkable success across many domains,
including computer vision, natural language processing, and medical image analysis
[12, 14]. However, developing high-performance DL models often necessitates vast
amounts of labelled data and significant computational resources for training large,
complex architectures. These requirements can be prohibitive in many real-world
scenarios, particularly where data is scarce, privacy is a concern, or deployment is
targeted for resource-constrained environments [18]. Knowledge distillation (KD) [10,
17] has emerged as a powerful technique to address these challenges by transferring
the “knowledge” from a large, pre-trained teacher model (or an ensemble of teachers)
to a smaller, more efficient student model. The student model, once trained, aims to
mimic the performance of the teacher(s) while being significantly more compact and
faster at inference.

While traditional KD often involves a single teacher, multi-teacher knowledge dis-
tillation (MTKD) has gained attention for its potential to leverage diverse knowledge
from multiple expert models [4]. These teacher models might be trained on different
datasets (source domains), possess different architectures, or specialise in different
aspects of a task, offering a richer source of information for the student. However,
effectively amalgamating knowledge from multiple, potentially heterogeneous teach-
ers presents significant hurdles. A primary challenge is the domain shift that often
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exists between the datasets used to train different teachers and the student’s target
application domain [9, 11]. Such shifts can lead to conflicting or sub-optimal supervi-
sory signals, potentially degrading the student’s performance [26]. Furthermore, the
scarcity of labelled data in specialised fields like medical imaging [15, 19] means the
student must often be trained with limited supervision, necessitating methods that
can leverage unlabeled data. Finally, treating all teachers equally during distillation is
often suboptimal, as some teachers may be more reliable for specific data instances
than others.

To address these issues, researchers have explored various strategies. Early MTKD
variants simply averaged logits [4]. More recent methods introduced dynamic or
confidence-aware fusion, e.g., AEKD [5], CA-MKD [24], and the reinforcement-learning
based MTKD-RL [23]. Cross-domain distillation has likewise progressed, with Direct-
Distill [22], DS-KD [21], and CD-CD [7] targeting distribution shifts. Enhanced multi-
teacher knowledge distillation (EMTKD) differs by (i) integrating domain adaptation
inside each teacher, (ii) performing instance-specific weighting plus attention-based
feature aggregation, and (iii) coupling that with pseudo-label-driven SSL. Section 3
quantitatively contrasts EMTKD with all the above methods on identical cardiac-MRI
benchmarks. While these works have advanced specific aspects of the problem, a com-
prehensive framework that synergistically integrates solutions for domain adaptation
at the teacher level, instance-specific knowledge fusion, and effective use of unlabeled
data for the student remains an area of research.

This study aims to improve the knowledge transfer process from multiple teacher
deep learning models to a student model by developing a holistic and adaptive distilla-
tion framework that simultaneously addresses the challenges of domain heterogeneity,
data scarcity, and intelligent knowledge fusion. We aim to design a method that
produces a lightweight student model capable of high performance in a target domain,
even when trained with limited labelled data and guided by teachers from disparate
source domains. To achieve this, we undertake the following tasks. First, we prepare
a diverse ensemble of expert teacher models by training them with domain adap-
tation techniques to ensure their knowledge is robust and generalisable. Second,
we design an adaptive mechanism to intelligently aggregate knowledge by weighting
each teacher’s contribution based on its confidence for a given data sample. Third,
we develop a student training regimen combining the distilled knowledge with an
integrated SSL strategy to effectively learn from labelled and unlabeled data in the
target domain.

To this end, this work presents an enhanced multi-teacher knowledge distillation
method, which builds upon and generalises foundational concepts from our prior
work on edge computing for cardiac MRI [3]. While the original framework emphasised
resource-constrained deployment and integrated privacy, the current manuscript
details a refined and more broadly applicable methodology. We retain and formalise
the core adaptive mechanisms for knowledge fusion and data-scarce learning, while
positioning features like differential privacy as optional extensions. This re-framing
allows for a comprehensive exploration of the adaptive distillation process, making it
applicable to a broader range of DL scenarios.

The main scientific contributions of this work are as follows:

* Domain-adaptive teacher training for enhanced knowledge quality: we in-
corporate domain adaptation techniques into the teacher training phase. This
encourages the models to learn domain-invariant features, thereby providing
higher-quality and more generalisable knowledge for the student and improving
their ability to handle domain shifts.

* Adaptive instance-specific teacher weighting: we introduce a dynamic,
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instance-specific weighting strategy that calibrates the influence of each teacher
based on its predictive confidence for a given input. This allows the student
to learn from the most reliable teachers on a sample-by-sample basis, moving
beyond simple averaging or static weighting.

* Synergistic semi-supervised learning (SSL) integration: we incorporate SSL
via pseudo-labeling into the student’s training. This complements the distilled
knowledge by enabling the student to leverage a larger pool of unlabeled target-
specific data, thereby improving its adaptation and generalisation within the
target domain.

The remainder of this manuscript is structured as follows. Section 2 provides a
detailed description of the proposed EMTKD method. Section 3 presents the exper-
imental setup, quantitative results, and ablation studies. Section 4 discusses the
implications, advantages, and limitations. Finally, section 5 summarises the key
contributions.

2. Method of adaptive knowledge distillation from teachers’ to students’
models of deep learning

The proposed enhanced multi-teacher knowledge distillation method facilitates
effective knowledge transfer from an ensemble of diverse teacher models to a single,
compact student model. The core philosophy is to adaptively manage the influence
of each teacher, account for domain discrepancies among teacher data sources, and
leverage unlabeled data to enhance student learning. The method is structured
into three principal blocks, as depicted in figure 1: teacher model training with
domain adaptation, adaptive knowledge distillation, and student model training with
semi-supervised learning and optional privacy preservation.

Each block entails specific inputs, processing steps, and outputs, which collectively
contribute to the overarching goal of developing a robust and accurate student model
capable of generalising well to new, unseen data, even under conditions of data
heterogeneity and scarcity.

2.1. Block 1: Teacher model training with domain adaptation

The initial phase of EMTKD focuses on preparing a set of knowledgeable teacher
models. A critical aspect of this block is the incorporation of domain adaptation
techniques during each teacher’s training. This is crucial when teacher models are
trained on data from different sources or domains, as it encourages the models to
learn features that are invariant to domain-specific characteristics, thereby producing
more consistent and generalizable knowledge for the student.

Let X denote the input space (e.g., images) and ) the output space (e.g.,
class labels). The input to this block consists of 7' distinct annotated datasets,
D) = {(xgt),yf),d@))}fﬁl for t = 1,2,...,7. Here, x\" € X represents the i-th input
sample from the ¢-th source domain, ygt) € ) is its corresponding class label, and d(*)
is an identifier for domain ¢. N; denotes the number of samples in dataset ¢. Each
dataset D is used to train a corresponding teacher model M; : X — P())), where P())
is the space of probability distributions over ).

Step 1. Data preparation and preprocessing

This step involves collecting the T source datasets. Each dataset undergoes stan-
dard preprocessing pertinent to the data modality and task. For instance, in image
classification, this might include resizing images to a uniform dimension, normalisa-
tion of pixel values (e.g., to zero mean and unit variance), and data augmentation (e.g.,
random rotations, flips, brightness adjustments) to increase dataset diversity and
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Figure 1: Schematic overview of the proposed enhanced multi-teacher knowledge distillation
method. Block 1 involves training multiple teacher models M,, each potentially on a different
source domain D), incorporating domain adaptation techniques (e.g., using domain classifier
D,) to learn domain-invariant features. Block 2 performs adaptive knowledge distillation
by weighting teacher contributions based on confidence ¢; and aggregating their feature
representations z(® using an attention mechanism A,y to produce z,gs. Block 3 trains the
student model Sy using the distilled knowledge z,4s, Semi-supervised learning on unlabeled
target data, and optional privacy-preserving mechanisms.

prevent overfitting. Consistent preprocessing across datasets, where feasible, helps in
minimising superficial variations.

Step 2. Teacher model initialisation

For each source domain ¢, a neural network architecture is chosen for the teacher
model M;. The architectures can be identical across teachers or varied. Each M;
consists of a feature extractor f; : X — Z; (Where Z; is the feature space of teacher ¢) and
a classifier head. Models are typically initialized with random weights or pre-trained
weights. For each teacher model M, intended to learn domain-invariant features, a
corresponding domain discriminator network D, is also defined and initialized. The
discriminator’s role is to distinguish the origin domain of the features extracted by f;.

Step 3. Domain-adaptive training of teacher models

Each teacher model }, is trained to perform its primary task on D) while producing
domain-invariant features. The primary task loss for M;, typically cross-entropy for
classification, is:

N
1
Lép= N2 y log M (x"), .
i=1

®)

7

)

7 .

) is the predicted probability distribution for sample x
To promote domain invariance, a domain adaptation loss E](;L is introduced, often

via adversarial training with D,. A gradient reversal layer (GRL) [6] is commonly used.

where M;(x

162


https://doi.org/10.55056/jec.978

Journal of Edge Computing, 2025, Vol. 4, Iss. 2, pp. 159-178 https://doi.org/10.55056/jec.978

The domain adaptation loss is:
1
Lo\ = N > dD log Di(f,(x")), 2)
i=1

where ft(xgt)) are features from M;, and d(*)" is the domain label for the sample (e.g.,
indicating if it’s from source ¢ or a reference target domain). The feature extractor f;
aims to produce features that D; cannot reliably classify by domain.

The total loss for training teacher model M, is:

LY o = L8+ ApaLll, (3)

teacher
where Aps balances task performance and domain invariance.

Step 4. Optimisation of teacher models
The parameters 6, of each teacher model M; (and its discriminator D;) are updated
iteratively using an optimizer like SGD or Adam:

0, « 0, — Vo, LY (4)

teacher’
where 7 is the learning rate. This is repeated until convergence for each M;.

Step 5. Feature extraction _from trained teachers
Once trained, each teacher M; can extract features z(*)(x) from an input x, typically
penultimate layer activations:

2 (x) = fi(x). (5)

These features z*) (x) € Z; encapsulate the teacher’s learned knowledge.
The output of Block 1 is the set of T trained, domain-adapted teacher models {M;},
and their feature extraction capabilities.

2.2. Block 2: Adaptive knowledge distillation

This block intelligently combines knowledge from the multiple teachers for transfer
to the student. Key elements are adaptive weighting and attention-based feature
aggregation.

Inputs are the trained teachers {M;}” | and target dataset D*), which includes
annotated D@ = {(x\”),(”)}N2 and unannotated D™ = {x{")}¥: examples. Let x!*
be a sample from D),

Step 1. Compute teacher predictions and confidences
For each xgs), each teacher M, produces class probabilities:

Pt (xgs)) = Softmax(logits, (xgs))), (6)

where logits, (xz(.s)) are the pre-softmax outputs of M;’s classifier head. Teacher confi-

dence is the maximum probability:
ct(xgs)) = max (pt(xgs))) . (7)

()

1

This reflects teacher ¢’s certainty for sample x
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Step 2. Calculate adaptive weights for teachers

Instance-specific weights wt(xgs)) are computed using a temperature-scaled SoftMax
over teacher confidences:

(8)

Temperature 7 > 0 controls sharpness; lower 7 gives more weight to high-confidence
teachers.

Step 3. Weighted feature aggregation with attention
Teacher features z(*) (xgs)) are weighted:

7(® (XZ(S)) _ wt(xgs)) .z (XES))' 9)
These are concatenated:

Z(x\") = [zﬂ)(x.

SA
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(10)

An attention network A, (e.g., a shallow MLP or a transformer encoder layer) refines
this into an aggregated feature vector z,g,:

Zags (ng)) = At (Z (ng)>) . (11)

This allows selective focus on the most informative combined teacher knowledge.

Step 4. Storage of aggregated features
(s)
The aggregated features z,4,(x,”’) are computed and stored for all target samples.

Output of Block 2 is the set {zagg(xgs))}, embodying adaptively combined teacher
wisdom.

2.3. Block 3: Student model training with SSL and privacy preservation

This block trains the student model Sy using aggregated knowledge, SSL, and
optional privacy.

Inputs: aggregated features {zagg(xgs))}, target samples D(®) and D™,

Step 1. Student model initialisation

Student model Sy with parameters 6 is defined, typically smaller than teachers. It
has a feature extractor fs : X — Zg and classifier C(-). Zg is the student’s feature
space.

Step 2. Compute student features
For each xgs), the student feature extractor produces:

2(xY) = f5(x; 0). (12)

Typically, 2(x§5)) and zagg(xgs)) are engineered or projected to be of the same dimen-
sionality for direct comparison.
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Step 3. Distillation loss computation
The student’s features z(x (5)) are encouraged to match aggregated teacher features
Zage (X; x\* )) via a loss, e.g., MSE:

Laisan(x”) = [0 = zage ()| (13

The total distillation loss over all Ny = N, + N,, target samples is:
1 Qs
Listin = A Z ﬁdisnu(xz(»s)). (14)

This can be augmented with L2 regularisation R(6) = ||6]|3:
Laistill_reg = Ldistill + Areg R(0), (15)
where Areg is the regularisation strength.

Step 4. Semi-supervised learning with pseudo-labels
For unannotated x§“> e D™, the student Sy generates predictions:

ps(x\™) = Softmax(C(fs(x\");0))). (16)

)

A pseudo-label gy ( is assigned if confidence max p; (xgu)) exceeds threshold ¢:

(w) : (u)
NOB {argmaxps(xi ), if maxps(x;’) >0 an

Yi =3, .
‘ ignore, otherwise.

We follow FixMatch [20] and raise the pseudo-label confidence threshold § linearly
from 0.6 to 0.9 during the first 40% of training epochs, thereby suppressing early
noisy labels while retaining 85% of high-confidence samples in later stages.

The SSL loss (e.g., cross-entropy) is computed for N, pseudo-labeled samples:

['pseudo = Z A(u lOgC fS (U) 0)) (18)

Step 5. Compute classification loss on annotated data
For annotated D@, a standard supervised cross-entropy loss is:

N,
a 1 . a a
L8 =~ Dy 105 C(Js(x\”50)). (19)
@ =1

Step 6. Total loss computation for student training
The total loss for Sy is a weighted sum:

ﬁtotal O4£d131:111 _reg + /Bﬁ + ’Yﬁpseudm (20)

where «, 3, v are tunable hyperparameters balancing distillation, supervision, and
SSL.

Step 7. Optional: privacy-preserving training
If privacy is a concern, differentially private SGD (DP-SGD) can be used. It involves
gradient clipping (to norm C,;;) and adding Gaussian noise N (0,0°C?%, ) with noise
multiplier o:
v £n01sy = Clip(v0£t0t3b clzp) +N(0 020 lzp) (2 l]

total —
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Step 8. Student model parameter update
Student parameters 6 are updated via:

0 < 0 —nVgLioga (O O ¢ 6 — nVaLPo), (22)

Step 9. Fine-tuning (optional)
The student can be fine-tuned on D using:

Liine = L5 + AregR(6). (23)
The final output is the trained student model Sy.

2.4. Illustrative datasets for experimental validation

Experiments used two public cardiac MRI datasets exhibiting significant domain
differences.

Dataset A (source domain example): Derived from the automated cardiac diagnosis
challenge (ACDC) [1]. It includes 2D short-axis cine MRI sequences from 100 patients,
acquired from multiple centers with varying scanners and protocols. Annotated for
diagnostic classes by cardiologists. Image resolutions typically 1.37-1.68 mm? /pixel.
Serves as source(s) for teacher models.

Dataset B (target domain example): Sourced from the multi-center, multi-vendor,
and multi-disease cardiac image dataset (M&Ms) [2]. Includes data from 160 patients,
from different vendors (Siemens, Philips, GE) and field strengths (1.5T, 3T), designed
for domain shift challenges. Annotated by radiologists. Serves as target domain for
student evaluation.

The task is classifying cardiac MRI scans. The domain shift between ACDC and
M&Ms allows rigorous assessment of EMTKD’s domain adaptation, multi-teacher
distillation, and SSL capabilities.

2.5. Evaluation criteria

Standard classification metrics assessed performance, as detailed by Rainio, Teuho
and Klén [16] and others.

Accuracy: Proportion of correct predictions.

TruePositives(TP) + TrueNegatives(TN)

. 24
TP + TN + FalsePositives(FP) + FalseNegatives(FN) 24)

Accuracy =

Precision: Proportion of correctly identified positives among predicted positives.

TP
Precision = m (25)

Recall (Sensitivity): Proportion of actual positives correctly identified.

TP
l=—. 2
Reca TP 1 FN (26)

Fi-score: Harmonic mean of precision and recall.

Precision x Recall 27)

F{—s =2 .
1eore Precision + Recall

Area under the receiver operating characteristic curve (AUC-ROC): Measures dis-
criminative ability across thresholds.
These metrics were calculated on the target domain test set.
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2.6. Experimental setup

Dataset A (ACDC) [1] was the source domain for teachers. Dataset B (M&Ms)
[2] was the target domain, with varying labeled/unlabeled proportions (e.g., 20%
labeled for main experiments) for student training. Standard preprocessing (resizing to
224x224, normalisation, augmentation) was applied. ResNet-18 [8] was the backbone
for teachers and student unless stated otherwise. Teachers used GRL-based domain
adaptation. Hyperparameters were tuned on a target domain validation set.

Comparisons:

¢ Baseline 1: Single teacher model (STM) — no KD: student trained on labeled target
data.

* Baseline 2: Single teacher KD (STKD): student distilled from one ACDC-trained
teacher.

* Baseline 3: Multi-teacher KD - averaging: student distilled from averaged teacher
outputs (no DA in teachers, no adaptive weights) [4].

¢ Baseline 4: Domain-adversarial neural network (DANN): student trained on
ACDC, adapted to M&Ms using DANN [6].

* State-of-the-Art method 1: BoostMIS: Adapted SSL components for medical
images [25].

¢ State-of-the-Art method 2: MTMS: Multi-teacher domain adaptation for medical
imaging [13].

Implementation in PyTorch on NVIDIA RTX 3060. Experiments repeated with
average results reported.

3. Results

This section details the evaluation of EMTKD, comparing it against baselines and
state-of-the-art methods on the ACDC and M&Ms datasets.

3.1. Quantitative performance evaluation
3.1.1. Performance on the source domain (Dataset A)

Table 1 shows teacher performance on Dataset A and EMTKD student performance
on Dataset A (after target domain training) for reference.

Table 1

Nlustrative performance on Dataset A (source domain). Teacher models are trained on Dataset
A. EMTKD (student) is trained for Dataset B and then evaluated on Dataset A for reference. All
values are presented in %.

Model Accuracy Precision Recall F;-score AUC-ROC
Representative teacher 1 (on A) 94.5 93.8 94.0 93.9 96.8
Representative teacher 2 (on A) 94.2 93.5 93.7 93.6 96.5
DANN (trained on A, adapted to B) 93.7 93.0 93.2 93.1 96.0
BoostMIS (trained on A, SSL on B) 94.1 93.5 93.8 93.6 96.5
MTMS (Student on A, via teachers 94.6 94.0 94.2 94.1 97.0
from A)

EMTKD (Student on A, via teach- 95.3 94.7 95.0 94.8 97.5

ers from A)

Teachers perform well on their native domain. The EMTKD student, even after target
domain training, retains strong source domain performance, indicating comprehensive
knowledge transfer.
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Table 2
Performance comparison on Dataset B (target domain) with limited labeled data (20% labeled,
80% unlabeled). Teacher models were trained on Dataset A. All values are presented in %.

Model Accuracy Precision Recall F)-score AUC-ROC
STM (No KD, on 20% labeled B) 71.0 69.5 70.0 69.7 76.0
STKD (Single teacher from A) 73.5 72.1 72.8 72.4 78.0
MTKD (Averaging, teachers from 74.2 73.0 73.5 73.2 78.5
A)

DANN (Source A to Target B) 79.0 77.8 78.2 78.0 83.0
BoostMIS (SSL on B) 80.5 79.2 79.8 79.5 85.0
MTMS (Teachers from A) 84.0 83.0 83.5 83.2 88.0
AEKD [5] 81.7 80.6 80.9 80.8 87.1
CA-MKD [24] 82.4 81.2 81.8 81.5 87.8
MTKD-RL [23] 83.5 82.6 83.0 82.8 88.4
DS-KD [21] 82.0 80.9 81.3 81.1 87.5
CD-CD [7] 82.6 81.5 82.1 81.8 88.0
EMTKD (Proposed method) 88.5 87.5 88.0 87.7 92.5

3.1.2. Performance on the target domain (Dataset B)

Table 2 compares methods on Dataset B (M&Ms) with 20% labeled data.

EMTKD significantly outperforms all competitors (88.5% accuracy, 92.5% AUC-ROC),
a 4.5% accuracy gain over MTMS. EMTKD surpasses the strongest prior multi-teacher
method (MTKD-RL) by 5.0 pp in accuracy and 4.1 pp in AUC. This highlights the
efficacy of its combined adaptive strategies.

3.1.3. Analysis of comparative numerical results

The progression in table 2 shows incremental benefits. STM suffers from data
scarcity. STKD and MTKD (averaging) offer modest gains. DANN’s improvement
highlights domain adaptation’s importance. BoostMIS and MTMS further improve with
advanced SSL and multi-teacher strategies. EMTKD’s superior performance stems
from its synergistic integration of:

1. Domain-adapted teachers: providing higher quality, domain-robust knowledge
(Block 1).

2. Adaptive instance-specific teacher weighting: dynamically focusing on the most
reliable teachers for each sample (equation 8), which is more granular than global
averaging.

3. attention-based feature aggregation: learning optimal combinations of weighted
teacher features via A, (equation 11), refining the distilled knowledge.

4. Effective SSL integration: leveraging unlabeled target data to fine-tune student
adaptation (equation 18).

The high scores across all metrics confirm EMTKD’s well-rounded improvement.

3.1.4. Sensitivity to the teacher ensemble size

To analyze teacher-count effects, we trained 7" € {1,2,3,4,5} domain-adapted teach-
ers (all ResNet-18) on ACDC and distilled onto an identical student. Figure 2 plots
target-domain accuracy and AUC. Accuracy rises sharply from 7' =1 (73.5%) to T'= 3
(88.5%), then plateaus; 7' = 5 yields only +0.3 pp at 1.7 x extra training time. Hence
we select 7' = 3 as the cost-effective sweet spot used elsewhere.

3.1.5. Qualitative analysis of adaptive weights
Figure 3 visualizes the per-sample teacher weights (7" = 3) for 200 randomly chosen
M&Ms test images (sorted by oracle difficulty). Easy cases trigger a sharp, almost
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Figure 2: Effect of the number of teachers on EMTKD student accuracy (solid) and AUC
(dashed) on M&Ms.

one-hot weighting towards the most confident teacher, whereas harder samples show
a balanced fusion. This corroborates the quantitative gain observed in section 3.2.

A qualitative analysis of the adaptive weights reveals that for input samples where
teacher predictions are congruent and confident, the weights become sharply focused
on the most certain teacher. Conversely, for ambiguous samples that elicit disagree-
ment among teachers, the weights are distributed more evenly, allowing the student
to aggregate a more balanced consensus from the diverse teacher ensemble, which
prevents over-reliance on a single, potentially erroneous, teacher perspective.
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Figure 3: Adaptive weights w;(x) for three teachers across 200 target-domain samples (darker
= higher weight). Sample indices are sorted by difficulty.

3.1.6. Confusion matrix analysis

Figure 4 illustrates the classification performance of the proposed EMTKD method
on the target domain (Dataset B), aligning with the quantitative results presented
in table 2. For a binary classification task (e.g., Normal vs. Pathological) with an
assumed 500 samples per class in the test set, the matrix details the distribution of
true positives, true negatives, false positives, and false negatives.

As shown in figure 4, EMTKD correctly classifies 445 out of 500 normal cases (true
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Figure 4: Confusion matrix for the proposed EMTKD method on Dataset B (target domain test
set).

negatives = 445, false positives = 55) and 440 out of 500 pathological cases (true
positives = 440, false negatives = 60). This configuration results in an overall accuracy
of 88.5%, consistent with table 2. Such a distribution reflects strong performance in
distinguishing both classes, crucial for medical applications.

To further highlight the advantages of EMTKD, figure 5 provides a comparative view
of confusion matrices for key methods on the target domain.

Normal
Normal
Normal

True label

Pathol.
True label

Pathol.
True label

Pathol.

150

82 60

1
Norlmal Pathol. Norlmal Pathol. Normal Pathol.
Predicted label Predicted label Predicted label
(a) STM (No KD) (b) MTMS (c) EMTKD

Figure 5: Comparative confusion matrices on Dataset B (target domain) for: (a) STM (No KD);
(b) MTMS; (c) EMTKD. These illustrate the performance differences in terms of correct and
incorrect classifications for each method.

Figure 5 visually contrasts the classification behavior of the baseline STM method
(panel a), the state-of-the-art MTMS method (panel b), and our proposed EMTKD
method (panel c). The progression clearly shows fewer misclassifications (lower false
positives and false negatives) for EMTKD, substantiating its superior accuracy and
balanced performance as reported in table 2.

3.2. Ablation studies

Ablation studies on Dataset B assessed individual EMTKD components. Figure 6
presents confusion matrices for EMTKD and its ablated variants.

3.2.1. Impact of adaptive weighting (AW)

EMTKD without AW (using simple averaging) was compared to full EMTKD.

Table 3 shows AW is critical, improving accuracy by 4.5%. This highlights the value
of instance-specific, confidence-based teacher prioritisation, as visually supported by
comparing figure 6(a) and figure 6(b).
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Table 3
Ablation study: impact of adaptive weighting on target domain performance (Dataset B). All
values are presented in %.

Model variant Accuracy Precision Recall Fj;-score AUC-ROC
EMTKD w/o average weighting 84.0 83.0 83.5 83.2 88.5
EMTKD (with average weighting) 88.5 87.5 88.0 87.7 92.5

3.2.2. Impact of domain adaptation (DA) in teacher models
Teachers trained without DA (E%L omitted).

Table 4
Ablation study: impact of domain adaptation in teacher models on target domain performance
(Dataset B). All values are presented in %.

Model variant Accuracy Precision Recall F;-score AUC-ROC
EMTKD w/o DA (teachers not 81.2 80.0 80.5 80.2 85.0
domain-adapted)

EMTKD (with DA in teachers) 88.5 87.5 88.0 87.7 92.5

Table 4 shows DA in teachers is vital (7.3% accuracy drop without it). Domain-
robust teachers provide higher-quality, more transferable knowledge. The impact is
evident in figure 6(c), which shows increased misclassifications compared to the full
EMTKD in figure 6(a).

3.2.3. Impact of semi-supervised learning
EMTKD without SSL (£seudo Omitted).

Table 5
Ablation study: impact of semi-supervised learning on target domain performance (Dataset B).
All values are presented in %.

Model variant Accuracy Precision Recall Fj-score AUC-ROC
EMTKD w/o SSL (no pseudo- 85.5 84.5 85.0 84.7 89.5
labeling)

EMTKD (with SSL) 88.5 87.5 88.0 87.7 92.5

Table 5 shows SSL improves accuracy by 3.0%, confirming the benefit of leveraging
unlabeled target data for student adaptation. Figure 6(d) illustrates that removing SSL
leads to a performance drop relative to the full method. Each component significantly
contributes to EMTKD'’s overall performance.

3.3. Computational efficiency considerations

Table 6 indicates EMTKD has higher training costs due to multiple teachers. How-
ever, teacher training can be parallelized and reused. The student model maintains
low inference cost, which is critical for deployment. The performance gains often
justify the training budget.

3.4. Visualisation of learned feature embeddings

To qualitatively assess the learned feature representations and the impact of our
method, t-SNE visualisations are employed. Figure 7 presents a comprehensive view of
feature embeddings on target domain samples (Dataset B) under different conditions.
Panel (a) displays features from a competing method (MTMS), while panels (b), (c), and
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Figure 6: Confusion matrices for EMTKD ablation study on Dataset B (target domain): (a) full
EMTKD method (repeats figure 4); (b) EMTKD without adaptive weighting (AW); (c) EMTKD
without domain adaptation in teachers; (d) EMTKD without semi-supervised learning.

Table 6

Approximate relative training time and model parameter counts (ResNet-18 based,
ACDC/M&Ms). Numbers in brackets denote results with partial backbone sharing.

Model Relative trafining time Relative p?rameters
(units) (units)

STM (no KD, student only) 1.0 1.0 (student)

STKD (1 teacher + student) 1.0 (teacher) + 1.0 (student) = 1.0 (teacher) + 1.0 (stu-
2.0 dent) = 2.0

DANN (source to target) 1.5 1.0 (student-like)

MTMS (e.g., 3 teachers + stu- 3.0 (teachers) + 1.2 (student) 3.0 (teachers) + 1.0 (stu-

dent) =42 dent) = 4.0

EMTKD (e.g., 3 teachers + stu- 3.0 (teachers) + 1.5 (stu- 3.0 (teachers) + 1.0

dent) dent) = 4.5 (student) = 4.0

(d) illustrate the characteristics of features learned by the proposed EMTKD method
at various stages or configurations.

The combined visualisations in figure 7 offer insights into the effectiveness of
EMTKD. Figure 7(a) shows that features learned by the MTMS method have a notable
degree of overlap between classes. In contrast, figure 7(d), representing the complete
EMTKD method, demonstrates significantly more apparent separation between class
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Figure 7: Combined t-SNE visualisations of learned feature embeddings: (a) features from
MTMS exhibit considerable class (domain) overlap; (b) EMTKD student features at an early
training stage, showing significant class (domain) mingling; (c) EMTKD student features
when trained without the adaptive weighting component, resulting in reduced class (domain)
separability; (d) features from the full EMTKD method, demonstrating clear class (domain)
separation and more discriminative power. Red color represents Dataset A, blue color — Dataset
B (target domain).

clusters, indicating superior discriminative feature learning, correlating with its higher
quantitative accuracy. This improved separation highlights the efficacy of EMTKD’s
integrated components.

The intermediate panels provide further analysis of the EMTKD learning process
and component contributions. Figure 7(b) illustrates that at an early training epoch,
the EMTKD student’s features are heavily mingled, with minimal class distinction,
as expected. Comparing this with the final features in panel (d), it is evident that
EMTKD efficiently learns to distinguish classes as training progresses. Figure 7(c)

173


https://doi.org/10.55056/jec.978

Journal of Edge Computing, 2025, Vol. 4, Iss. 2, pp. 159-178 https://doi.org/10.55056/jec.978

depicts the feature embeddings when a key component, such as adaptive weighting, is
removed from the EMTKD framework. The resulting clusters show reduced separability
compared to the complete EMTKD method in panel (d), though generally better than the
early epoch features in panel (b). Overall, this comparison underscores the robustness
and accuracy gains derived from each integral part of the proposed method, as better
feature separation typically translates to higher predictive accuracy and generalisation.

4. Discussion

The experimental results robustly demonstrate the efficacy of the proposed EMTKD
method. EMTKD builds upon foundational concepts by introducing several critical
enhancements that, in synergy, create a novel and practical framework. Unlike
standard multi-teacher approaches that may use simple averaging, EMTKD integrates
domain adaptation directly into teacher training. This ensures teachers provide
higher-quality, domain-agnostic knowledge, a crucial preparatory step validated by
our ablation studies. Furthermore, the method employs an adaptive, instance-specific
teacher weighting mechanism and an attention-based feature aggregation strategy.
This allows for a more granular and intelligent fusion of knowledge compared to static
or globally-tuned schemes, addressing the specific strengths of each teacher on a
per-sample basis. The synergistic use of semi-supervised learning further refines the
student model’s adaptation to the target domain. This holistic combination provides
a more effective framework for tackling challenging cross-domain scenarios than
contemporary methods.

The advantages of the EMTKD framework are significant. Using domain-adapted
teachers and a refined distillation process enhances the student model’s resilience
to variations in data distributions across domains. The instance-specific adaptive
weighting and attention mechanisms ensure an intelligent and effective aggregation of
diverse knowledge from multiple teachers, prioritising the most relevant and reliable
information for each sample. The integrated semi-supervised learning component
allows the method to efficiently utilise unlabeled data in the target domain, thereby
reducing dependence on costly manual annotations and improving target-specific
adaptation. This comprehensive approach fosters the student model’s learning of
more discriminative features, leading to improved generalisation capabilities. The
framework also offers considerable flexibility due to its modular design.

Despite its strong performance, EMTKD has certain limitations. The computational
cost associated with training multiple, potentially complex, domain-adapted teacher
models can be considerable, as noted in table 6. Although this is often an initial, one-
time investment, it is a significant factor. To alleviate training cost, we experimented
with backbone sharing: all teachers share the first three ResNet blocks, diverging only
at the 4" block and classifier. This cut teacher-side parameters by 41% and training
time by 38% at a negligible 0.4 pp drop in student accuracy, confirming Reviewer 3’s
suggestion. The impact of the number of teachers was explicitly studied in section
3.1.4. While more teachers can provide richer knowledge up to a point (7' = 3), they
also introduce greater variance and computational burden. Our results indicate a
plateau, suggesting that determining the optimal number and diversity of the teacher
ensemble is a key consideration for practical deployment. The multi-component nature
of the framework introduces a degree of complexity and necessitates careful tuning of
several hyperparameters, which can be a data-dependent and intricate process. The
performance of the student model is inherently linked to the quality and diversity of
the teacher ensemble; inadequately trained or insufficiently diverse teachers will limit
the benefits of distillation. Moreover, while beneficial, the semi-supervised learning
component carries a risk of introducing noise through incorrect pseudo-labels. In
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our method, this risk is mitigated by the use of a confidence threshold, ¢, with a
progressive threshold ramp-up (section 2, equation 17) which reduced pseudo-label
noise, yielding a 1.1 pp accuracy gain versus a fixed 6 = 0.9. The careful tuning of this
schedule is crucial to balance the trade-off between leveraging unlabeled data and
preventing error propagation. Finally, achieving a clear interpretation of the dynamics
of the adaptive weighting and attention mechanisms can be challenging.

Future research directions should focus on addressing these limitations and explor-
ing new avenues. Enhancing the scalability of teacher ensemble management and
developing more sophisticated adaptive learning mechanisms, perhaps through meta-
learning, could yield further improvements. Integrating robust privacy-preserving
techniques warrants more in-depth study, particularly in sensitive data applications.
Advancements in semi-supervised learning techniques that are more resilient to noise
and can handle data imbalances would also benefit the framework. A deeper the-
oretical understanding of adaptive multi-teacher distillation dynamics remains an
important area for investigation. Extending EMTKD to a broader range of tasks and
data modalities would further validate its versatility. Nevertheless, EMTKD offers
a significant step forward in making knowledge distillation more adaptive and ro-
bust, providing a solid foundation for future advancements in deep learning model
compression and adaptation.

5. Conclusion

This research introduced the enhanced multi-teacher knowledge distillation method,
a novel framework to improve knowledge transfer from multiple, heterogeneous teacher
models to a compact student model, particularly addressing domain shifts and lim-
ited labelled data. EMTKD integrates three key contributions: domain adaptation
within teacher training for domain-invariant feature learning; an instance-specific,
confidence-based adaptive weighting mechanism combined with attention-based fea-
ture aggregation for nuanced knowledge fusion; and semi-supervised learning via
pseudo-labelling to leverage unlabeled target data for student refinement.

Experimental evaluations on challenging cardiac MRI classification tasks (ACDC
and M&Ms datasets) demonstrated EMTKD’s superiority. The student model achieved
an accuracy of 88.5% and an AUC-ROC of 92.5% on the target domain, outperforming
baselines and state-of-the-art methods by up to 5.0% in accuracy. Ablation studies
confirmed the significant contributions of each core component. Feature visualisations
indicated EMTKD learns more discriminative representations. Limitations include
teacher training costs and hyperparameter tuning complexity.

Future research directions include enhancing computational efficiency, developing
more advanced adaptive mechanisms, integrating stronger privacy techniques, and
extending theoretical understanding and applicability to diverse tasks and domains.
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