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Abstract—Online Signature Verification (OSV) is a critical component of modern digital security, facilitating real-time user
authentication in applications such as financial transactions, identity verification, and secure digital documentation. Al-though
deep learning—based OSV systems have demonstrated strong capabilities in feature extraction and forgery detection, their
deployment on resource-constrained IoT and edge de-vices remains challenging due to high computational demands. To
overcome these challenges, we propose MT-CLOSVNet., a novel Multi-Teacher—Student OSV framework that jointly
leverages Curriculum Learning and Adaptive Multi-Teacher Knowledge Distillation (AMTKD). The framework employs two
complementary teacher models: (i) a Transformer-based teacher that captures long-range temporal dependencies within
signature trajectories, and (ii) a CNN—Transformer hybrid that models fine-grained local stroke dynamics. Knowledge transfer
to a compact student network is driven by two key mechanisms: the Mutual Agreement Score (MAS), which distills
knowledge only from samples where both teachers yield consistent predictions, and the Adaptive Teacher Weighting
Mechanism (ATWM), which dynamically adjusts the student’s reliance on each teacher based on relative training performance.
Further, a curriculum learning strategy progressively structures the training process to improve convergence stability and
generalization. Extensive evaluations on the MCYT-100, SVC, and SUSIG datasets verify the effectiveness of MTCLOSVNet,
achieving state-of-the-art Equal Error Rates (EER) of 12.19%, 6.26%, and 8.54% in the skilled-01 protocol. Remarkably, the
lightweight student model contains only 3,266 trainable param-eters—a 98.43% reduction compared to recent SOTA models
with 206,277 parameters—while maintaining competitive veri-fication accuracy. These results highlight MTCLOSVNet as a
robust, scalable, and deployment-friendly solution for real-time OSV, particularly suited for edge and IoT environments.

Index Terms—Online Signature Verification, Multi-Teacher-Student Network, Curriculum Learning, Knowledge Distilla-
tion, Adaptive Knowledge Transfer.

I. INTRODUCTION

Online Signature Verification (OSV) plays a vital role in modern security infrastructures, providing reliable and continuous
authentication for applications such as banking transactions, identity validation, and secure digital documen-tation [1], [2], [3],
[4]. Unlike offline signature verification, which relies solely on static images, OSV leverages dynamic handwriting
information—including stroke trajectory, pen pressure, velocity, and timing—to capture unique behavioral characteristics of
the signer [5], [6], [7], [8]. This rich temporal modality significantly enhances verification accu-racy, enabling more precise
discrimination between genuine signatures and skilled forgeries [9], [10]. Traditional OSV techniques primarily depend on
handcrafted feature engi-neering and alignment-based traditional techniques like Dynamic Time Warping (DTW) [7], [11],
[12] or manually designed temporal descriptors [13], [14], [15]. In contrast, deep learn-ing—based models, particularly
Convolutional Neural Net-works (CNNs) [16] and Recurrent Neural Networks (RNNs) [17], [18], [19], [20], have
demonstrated superior capability in automatically learning discriminative representations from raw signature data, reducing
reliance on manual feature de-sign and offering improved robustness across diverse signing behaviors.

Recent advancements in deep learning—based OSV have increasingly utilized recurrent architectures such as RNNs, Siamese
networks [21], and enhanced GRU-based mod-els achieving demonstrates competitive results on standard benchmark
datasets [20], [19], [22]. Building on this progress, CNN-driven OSV frameworks [23], [24], [2] and Transformer-
based architectures [25] have further improved Equal Error Rates (EERs) by capturing richer spatial-temporal characteristics of
signature dynamics. Chan-dra et al. [9] devised a Convolution—Transformer hybrid model capable of learning both fine-grained
local stroke variations and broader global signing dependencies, result-ing in state-of-the-art EERs of 10.85%, 5.45%, and
6.32% on MCYT, SUSIG, and SVC datasets, respectively. More recently, Chandra et al. [8] put forward a Teacher—Student
Knowledge Distillation (TSKD) framework that significantly reduces model size and computational complexity of the model
while maintaining strong verification accuracy, marking an important step toward deployable and resource-efficient OSV
systems.

Despite significant progress in online signature verifica-tion (OSV), however, many existing models continue to face
challenges in one-shot learning scenarios, where only a limited number of samples are available per user.. Conventional deep
learning approaches are heavily dependent on large amounts of labeled data to achieve reliable generalization, making them
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unsuitable for real-world OSV deployments that typically involve very limited enrollment signatures. Addressing this
limitation requires a framework that is both lightweight and highly expressive, capable of extracting stable and discriminative
signature patterns from minimal input. To meet this need, we propose an improved multi-teacher—student OSV architecture
that in-tegrates curriculum learning and adaptive knowledge transfer. This framework is specifically designed to overcome the
con-straints of one-shot learning while preserving computational efficiency and maintaining high verification accuracy.

A. Contributions of This Work

To overcome the challenges in Online Signature Verifica-tion (OSV), we propose MTCLOSVNet, a Multi-Teacher-Student
framework that integrates Transformer-based and CNN-Transformer hybrid teacher models with Curriculum Learning,
Adaptive Knowledge Transfer, and Co-Training. The key contributions of this work are:

- Multi-Teacher-Student Network with Co-Training: A dual-teacher framework integrating a Transformer-based model
for long-range dependencies and a CNN-Transformer hybrid for local stroke variations, enabling effective feature
representation learning.

- Adaptive Knowledge Transfer with MAS: The intro-duction of Mutual Agreement Score (MAS) ensures that the student
prioritizes samples with high teacher agree-ment, while the Adaptive Teacher Weighting Mecha-nism (ATWM)
dynamically adjusts teacher influence based on reliability.

- Curriculum Learning for Progressive Signature Training: A structured training approach that organizes signature
samples based on difficulty, facilitating grad-ual adaptation and improved generalization, particularly in low-data learning
scenarios.

- Empirical Validation and Computational Efficiency: State-of-the-art Equal Error Rate (EER) results on MCYT-100
(12.19%), SVC (6.26%), and SUSIG

(8.54%), along with a 98.43% reduction in trainable parameters, enabling efficient deployment on edge and IoT devices.

By integrating multi-teacher learning, curriculum-based training, adaptive knowledge transfer, and co-training,
MTCLOSVNet provides a scalable, efficient, and high-performance OSV solution for real-time signature verifica-tion on
computationally constrained platforms.

B. Paper Organization

The remainder of this paper is organized as follows: Section 2 presents an overview of the Multi-Teacher—Student OSV
framework, while Section 3 describes the Knowledge Distillation approach with adaptive learning strategies. Section 4 details
the Curriculum Learning algorithm, while Section 5 outlines the experimental setup and presents a comparative evaluation of
MTCLOSVNet. Section 6 presents extended technical analysis including ablation studies, convergence analysis, and
deployment considerations. Finally, Section 7 concludes the study.

1I. PROPOSED MULTI-TEACHER-STUDENT NETWORK BASED ONLINE SIGNATURE VERIFICATION FRAMEWORK

A. Multi-Teacher-Student Network

To enable robust signature verification, the proposed framework utilizes the complementary capabilities of Transformer and
CNN-Transformer hybrid teacher networks. The Transformer teacher [26] is particularly effective in capturing long-range
dependencies and capturing global structural context within signatures [27], whereas the CNN-Transformer hybrid teacher [28]
focuses on fine-grained stroke patterns and local spatial variations that are crucial for discriminating subtle forgeries. Relying
on a single teacher limits generalization—Transformers may miss nuanced stroke-level irregularities, while purely CNN-based
models struggle to capture holistic temporal rela-tionships. By integrating both teachers, the student model receives a balanced
distillation of global and local knowl-edge, enabling a more complete representation of signature dynamics. The Mutual
Agreement Score (MAS) [29] ensures that only mutually consistent and reliable teacher signals are emphasized during
learning, while the Adaptive Teacher Weighting Mechanism (ATWM) dynamically modulates each teacher’s influence based on
real-time reliability estimates. This synergy, combined with curriculum learning, enables the lightweight student model to attain
state-of-the-art OSV per-formance with significantly reduced computational overhead. As a result, the proposed distillation
strategy supports real-time, energy-efficient deployment on edge and IoT devices without sacrificing verification accuracy.

B. Teacher 1: Transformer-Based Teacher

To explain the flow of the proposed architecture, we employ a signature sample extracted from the MCYT-100 dataset. As
illustrated in Fig. 1(a), each online signature is represented as a feature vector of size 1 100, derived from local features.
These 100 global features include key statistical, dynamic, and geometric properties such as signa-ture total duration (Ts),
average velocity (v ), standard devi-ation of acceleration (ax, ay), and pen-down duration ratio (Tw/Ts). This structured
representation facilitates effective signature classification and forgery detection. To further improve temporalrepresentation,
linear and periodic time-based features are generated and concatenated with the original input, resulting in a final feature
matrix of dimensions 100x3. This time-embedded feature vector, denoted as F = (fi, ..., fioo) R!%"3, is subsequently
processed through both the encoder and dense layer blocks for hierarchical feature extraction.

1) Self Attention Block: As illustrated in Figure 2(a), the attention layer comprises a multi-head attention block with 12
heads. Each head performs a set of identical operations on each self-attention block. The signature feature vector F , sized
100 3, undergoes processing through two dense layers, denoted as Q and K, each containing 256 neurons. These layers
produce the attention weights Query, Key, and V alue, calculated as Query = F WQ, Key = F WX, and Value=F
WV, where W?, WX, and WV indicates the weight matrices leagned by the corresponding dense layers.
X
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Subsequently, the outputs of the self-attention layer are computed by applying the softmax function to the scaled dot product
between the Query and Key”, divided by the square root of 256 (scaling). Each Attention_Output from the self-
attention heads has dimensions of (100, 256). As illustrated in Fig. 2(b), the outputs generated from the 12 attention
heads are concatenated to produce an attention feature vector of dimensions 100x3072. This combined attention
vector is then passed through a dense layer with 3 nodes, resulting in a final vector of dimensions (100, 3). Subsequently, the
output from the multi-attention is passed to a dense layer block consisting of three layers with 32, 32, and 3 nodes respectively,
yielding a feature vector of dimensions

100 x 3. Therefore, the output from the transformer encoder ultimately attains dimensions of 100 x 3. As shown in Fig. 2(a),
the time-embedded feature vector F € R!93 js
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Fig. 1: The illustration of the proposed multi-teacher-student based OSV framework.

processed through a dense block. The first dense layer with 128 nodes transforms it into RN"**128 followed by another
dense layer maintaining the same dimensions. A global average pooling (GAP) layer reduces it to RN°"®*32 which is then
fed into a fully connected classifier to distinguish between genuine and forged signatures.

C. CNN-Transformer Hybrid Teacher: Feature Extraction and Alignment

The second teacher model as depicted in Figure 1(b), a CNN-Transformer hybrid, processes an input signature of
dimensions 1 100, where each row corresponds to a single signature and each of the 100 columns represents an
extracted dynamic signature feature. Unlike Teacher 1, which focuses solely on long-range dependencies, Teacher 2 first
applies convolutional layers to capture fine-grained stroke-level variations before refining them through a Transformer-based
attention mechanism. The input feature vector F R™% is reshaped into 1 100 1 for convolutional processing.
Two successive 1D convolutional layers, each with 32 filters of size 1 3, followed by Batch Normalization and ReLU
activation, maintain the feature map size at

1x100x32. A global average pooling (GAP) layer condenses this representation to 1 x 32, which is then passed to the

€
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Transformer-based feature alignment module.

The extracted 1x32 feature representation is subsequently linearly projected into the Query (Q), Key (K)iand Value (V)
matrices using learnable weight matrices Wq, Wk, Wy R34, Since d = 12, the resulting matrices have dimensions:

Q=WoF, K=WF, V=WyF, Q,K V eRI*2

€

In the Multi-Head Self-Attention (MHSA) mechanism, attention scores are calculated as:

T
. K
Attention Softmax Q
where QKT results in a similarity matrix of dimensions

QK V)= ~e v

1 1, which, after Softmax normalization and multiplication with ¥ , retains feature dimensions at 1 12. When using multi-

head attention with h = 4 heads, the final concatenated representation forms 1

(h d) =1 48, ensuging a richer, more

comprehensive feature embedding. The output of the attention module is passed through a feedforward network that transforms

the feature representation while preserving the dimensions at 1

48. This is then foryarded to a dense classification layer

with two fully connected layers, reducing the dimensions from 1 x48 to 1 x 16 and finally
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Fig. 2: The illustration of the Self-Attention and Multi-Head Attention mechanisms in the Transformer-based teacher

network.
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Fig. 3: The illustration of the CNN based Student network.
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1 2. The final Softmax layer produces a probability score indicating the likelihood of a signature being genuine or forged,
with an output of dimensions 1 2. This CNN-Transformer hybrid approach enables Teacher 2 to learn both localized signature
distortions and high-level contextual depende>1<1cies, complementing Teacher 1’s focus on global feature extraction.

D. Student Network

As illustrated in Fig. 3, the student network consists of a CNN architecture containing a single convolutional block with 64
filters of size 1x3. The resulting feature maps of dimensions 10032 are flattened and subsequently passed to the final softmax
layer for classification. As shown in Table I, the studefit net-work comprises only 3266 parameters compared to 208904
parameters required by the multi-teacher ensemble. This reduction amounts to 98.43% fewer parameters. To facilitate
knowledge transfer from high-capacity teacher networks to the student, we employ a knowledge distillation approach.

KNOWLEDGE DISTILLATION WITH ADAPTIVE LEARNING
A. Adaptive Knowledge Distillation with Teacher Agreement
Beyond logits transfer, the student model must also learn structural consistency from both teachers. Instead of relying on pre-
defined feature alignment losses, we introduce Mutual Agreement Score (MAS) and Adaptive Teacher Weighting Mechanism
(ATWM) to ensure the student learns from the most reliable teacher dynamically.

1) Mutual Agreement Score (MAS): The Mutual Agree-ment Score (MAS) ensures that the student model prioritizes
knowledge transfer only when both teachers provide similar predictions. Given the probability scores Ti(i) and T»(i) from
the Transformer and CNN-Transformer hybrid teachers for the i-th signature, MAS is computed as:

1 = N
B.A== 1(T )-T ()< (1)

Algorithm 1 Proposed Advanced Curriculum Learning Al-gorithm for Multi-Teacher OSV with MAS and ATWM

N

i=1

where J is a similarity threshold ensuring consistency. If
|T1(1)—T2(i)| > 6, the student disregards teacher predictions

Require: Dataset D with N users, each having G genuine and K
forgery signatures
Ensure: Two progressively sorted datasets Dascending and
Ddescending
1: Initialize empty datasets Dascending and Daescending
and relies on self-supervised learning. If |T1(i) —T2(i)| < 6,
2: for each user uj in U do
G
both teacher predictions are used for knowledge distillation.
1) Adaptive Teacher Weighting Mechanism (ATWM): Instead of assigning equal importance to both teachers, we
introduce Adaptive Teacher Weighting (ATWM), where the student adaptively regulates the influence of each teacher

3: Compute mean genuine signature vector Vmean and forgery signature vector Y. 1S

4. Initialize empty sets Gascending and Kascending

5: for each genuine signature s¢ of Ui do i
6: Compute difficulty score using:

7

d® =0 -MSE(s®, VS )Y+ B -DTW(GY, VO )

based on their reliability. The weighting factors y; and > i

ij mean
ij mean
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for the Transformer and CNN-Transformer hybrid teachers are given by:
+y - Vars9) + 1 - (1 - Aij)
where Ajj is the Mutual Agreement Score between two teach-

i

Yi=

e Lrl

—L —L

> Y2 =

e L2

—L —L

(2) ers:

Aij =1 T19) —T2s9) <5 i i
8 Add (59, d9) to Gascending
e Tl -+ eT2

S T1 + eTZ

i1

9: end for

where Lt]

and Ltp

are the respective loss values of each

10: end for

11: Sort Gascending in ascending order by d©

teacher. If a teacher achieves lower loss, its weight increases,
12: Set

i

Gdescending as reverse of Gascending

allowing the student to prioritize more accurate predictions. This prevents the student from learning incorrect patterns
13: for each forgery signature s of Ui do

i

14: Compute difficulty score d® using MAS-based confidence: i
from a weaker teacher.
15:

d¥ =0 -MSE(sK, VK

Y+ B-DTW(sK, VE)

i ik mean

ik mean

C. Final Knowledge Distillation Objective

The final loss function for the student model integrates Knowledge Distillation Loss Lkp, Mutual Agreement Score (MAS),
Adaptive Teacher Weighting Mechanism (ATWM), and Cross-Entropy Loss Lcg:

+vy - Var(s®) +A - (1 — Ai) it

16:  Add (s¥, d&) to Kascending
17: end for

18: Sort Kascending in ascending order by d€ i
19: Set Kdescending as reverse of Kascending

20: Compute Adaptive Teacher Weights y1 and y2 using ATWM:

vY1=

>

e L

e LT1

T1 +e LT2

> V2=

e L

e LT2

T1 +e LT2
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arg min

Wistudent

o Lkp + P Imas +v LatwwMm
t(—a—B—y) Le

3)

21: Adjust sample ordering dynamically based on teacher confi-dence
22: if y1 > vy2 then
23: Prioritize structured (global) signature patterns

where a controls knowledge distillation weight, p regu-lates MAS contribution, y adjusts ATWM, and (1 a B y) balances with
cross-entropy loss. This method enhances the student’s ability to generalize across different signing pat-terns, improves
signature verification accuracy, and ensures adaptive knowledge transfer while preventing reliance on uncertain teacher
predictions.

IV. PROPOSED CURRICULUM LEARNING ALGORITHM

The proposed Curriculum Learning Algorithm for Online Signature Verification (OSV) is designed to progressively enhance
model learning by structuring the training process based on signature complexity and teacher confidence. Un-like conventional
training approaches that randomly present samples, this strategy organizes training data in an easy-to-hard manner,
ensuring that the model first learns high-confidence patterns before tackling more complex variations. This structured
progression improves the model’s robustness in handling intra-class variations and enhances generaliza-tion, particularly in
low-data scenarios such as one-shot learning.

24: else

25: Prioritize stroke-level variations (local patterns)

26: end if

27: Apply Mahalanobis Filtering to remove statistical outliers

28: Add Gascending, Kascending to Dascending 29: Add Gdescending, Kdescending to
Ddescending 30: return Dascending, Ddescending

A. MAS-Based Sample Ranking
To quantify the complexity of each signature, a composite difficulty metric is computed using Mean Square Error (MSE) from
the mean signature for structural deviations, Dynamic Time Warping (DTW) distance for temporal mis-alignment, and stroke
variance to capture fluctuations in pen dynamics. Additionally, to ensure that the model learns from reliable samples first, we
introduce a Mutual Agreement Score (MAS), which prioritizes samples where both teachers agree:

Ajj = 1 (|T1(si) —Ta(sij)| < 8) C))
where Ti(sij) and Ta(sj) are the predictions from the Transformer and CNN-Transformer teachers for the j-th
signature of user i, and & is a predefined agreement thresh-old. A high MAS score indicates a reliable sample, while low
agreement suggests uncertainty. Using MAS, the final difficulty score for each sample is computed as:

dij = a - MSE(sijj, V™) + B - DTW(sjj, V ™)

of a and B initially enhanced training stability but slowed adaptation to complex signature variations, leading us to set them
at 0.4 each. A lower y = 0.2 effectively controlled intra-user variability, reducing false positives, while A = 0.3 ensured that
the Mutual Agreement Score (MAS) effectively filtered uncertain samples without discarding valuable train-

i

+vy - Var(sy) + A (1 —Ay)

' ®

ing data. This setup provided an optimal balance between curriculum progression and generalization across different
where A is a scaling factor that penalizes uncertain sam-ples.

B. ATWM-Based Teacher Adaptation
To ensure optimal teacher-student knowledge transfer, we introduce an Adaptive Teacher Weighting Mechanism (ATWM),
dynamically adjusting the influence of each teacher based on its reliability:

signature styles, ensuring robust and adaptive learning.

V. EXPERIMENTATION AND RESULTS

This section aims to appraise the performance of the proposed MTCLOSVNet framework for online signature verification.
This analysis involves a series of experiments conducted on three standard datasets: MCYT-100, SUSIG, and SVC. In this
section, in line with the literature [9], [30], [16], we conduct a comprehensive evaluation of the
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T1 +e L2

(6)
proposed framework, focusing specifically on the Skilled_01 category, which assesses the one-shot learning capability of the
system. Let "N’ denote the total number of writers in where L1 and Ltp are the losses of the Transformer and

CNN-Transformer teachers, respectively. If the Transformer teacher exhibits lower loss, it receives a higher weight,
emphasizing global feature learning in earlier stages. Con-versely, if the CNN-Transformer teacher performs better, the model
prioritizes local stroke-level details.

C. Progressive Curriculum Learning Stages
The curriculum learning process follows a structured three-phase approach:

- Phase 1 (Early Training - High MAS Confidence): The model is first exposed to simple signatures with low intra-user
variance and high teacher agreement (Ajj
1). The adaptive weighting mechanism ensures that the more reliable teacher plays a dominant role in shaping early-stage
learning.

- Phase 2 (Intermediate Training - Moderate Variabil-ity): More complex samples with moderate intra-class variability
are introduced, gradually refining the model’s ability to handle skilled forgeries. ATWM ensures that both teachers
contribute proportionally based on their effectiveness.

- Phase 3 (Final Training - High Variability and Outlier Adaptation): The model is exposed to the most challenging
samples, including low-confidence teacher predictions and outlier-prone signatures. By this stage, the student model has
developed strong feature repre-sentation, allowing it to self-supervise ambiguous cases.

D. Hyperparameter Selection and Empirical Results

The selection of hyperparameters a, B, y, A plays a crucial role in balancing structural consistency, temporal alignment, and
uncertainty handling within the proposed framework. Through empirical evaluations, we systematically varied these
parameters and assessed their impact on Equal Error Rate (EER) and training stability across MCYT-100, SUSIG, and SVC
datasets. Our objective was to minimize EER while maintaining a balanced True Acceptance Rate (TAR) and False Acceptance
Rate (FAR), preventing the model from overfitting to either genuine or forged samples. Higher values the system, with G’ and
K’ representing the number of genuine and forged signature samples, respectively, for each user. For the MCYT-100 dataset,
we have N=100, G=25, and K=25 (N=94, G=20, and K=10 for SUSIG and N=40, G=20,

and K=20 for SVC datasets). In evaluating the Skilled_01 category for user Uj, we utilize one genuine and one forged sample
of Uj for training the framework. Subsequently, the remaining *G-1" samples (i.e., 25-1=24 genuine samples) are reserved to
test the True Acceptance Rate (TAR), while ’K-1" forged signature samples (i.e., 25-1=24) are used to evaluate the False
Acceptance Rate (FAR) of the framework.

This section evaluates the performance of the proposed MTCLOSVNet framework for online signature verification. The
evaluation is carried out through a series of experiments conducted on three benchmark datasets: MCYT-100, SUSIG, and
SVC. Consistent with prior studies [9], [30], [16], the analysis primarily focuses on the Skilled 01 category to examine the
one-shot learning capability of the proposed system. Let NNN denote the total number of users in the dataset, while GGG and
KKK represent the numbers of genuine and forged signature samples, respectively, available for each user. For the MCYT-100
dataset, the values are N=100N=100N=100, G=25G=25G=25, and K=25K=25K=25; for SUSIG, N=94N=94N=94,
G=20G=20G=20, and K=10K=10K=10; and for SVC, N=40N=40N=40, G=20G=20G=20, and K=20K=20K=20.

For the evaluation of the Skilled 01 category, one genuine signature sample and one forged sample from each user UiU_iUi
are used for training the framework. The remaining (G—1)(G-1)(G—1) genuine samples (i.e., 25—1=24) are utilized to compute
the True Acceptance Rate (TAR), whereas the remaining (K—1)(K-1)(K—1) forged samples (i.e., 25—1=24) are employed to
evaluate the False Acceptance Rate (FAR) of the proposed framework.

As shown in Table I, the transformer based teacher requires 195782 parameters, and the CNN based teacher requires 13122
parameters resulting in a total trainable parameters for ensemble model to 208904. The student network requires only 3266
trainable parameters, which reduces the parameter count by 98.43%.

Table II reports the Equal Error Rate (EER) results obtained for the proposed multi-teacher ensemble framework and its
corresponding student network on the MCYT-100 dataset. As depicted in the table, when trained with a signature sample
close to the mean vector (sorted in ascending order), the teacher ensemble outcome an EER of 30.3% and the corresponding
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student outcome an EER of 12.19% (which is SOTA). If the teacher ensemble is trained with a signature sample, far from
the mean vector, it yields an EER of 32.03% and the corresponding student achieves an EER of 13.96%. Even though the
architecture and parameters remain constant, the role of curriculum learning in training the teacher models significantly
improved the model’s ability to learn minute feature representations. Hence, the samples trained in ascend-ing order result in
lower error rates compared to those trained in descending order. Similar observations can also be drawn for other datasets.

The histogram in Figure 4(a) illustrates the distribution of EER for each user in the Skilled_01 category of the MCYT-100
dataset. The framework was trained with an increased order of distance from the mean vector. The teacher network is observed
to produce an EER ranging from 0.4 to 0.50 for more than 60% of users. In Figure 4(b), we observe that the EER
distribution generated by the student network

TABLE I: The comparison of parameter count between a teacher network and its corresponding distilled student
network.

Teacher Type Teacherl |Teacher2 | Student % of

reduction

Multi Teacher 195782 | 13122 3266 98.43%
Network

TABLE II: Equal Error Rate (EER) outcomes for the Multi-Teacher ensemble network and the student network
across MCYT-100, SVC, and SUSIG datasets. Results are reported for both ascending and descending curriculum
learning orders.

Dataset | Sorting Order | Multi-Teacher | Student
MCYT-100 | Ascending 30.3 12.19
Descending 32.03 13.96
SvC Ascending 12.66 6.26
Descending 13.76 6.74
SUSIG Ascending 21.93 8.54
Descending 32.03 13.96

“.\:) g l.l'l;l. '
Fig. 4: The histogram illustrates the EER for each user in the Skilled_01 category of the MCYT-100 dataset. The
framework was trained with samples with an increased order of distance from the mean vector. (a): Teacher

ensemble (b) Student.
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Fig. S: The histogram illustrates the EER for each user in the Skilled_01 category of the MCYT-100 dataset. The
framework was trained with samples with a decreasing order of distance from the mean vector. (a): Teacher
ensemble (b) Student. is more concentrated in the lower region, suggesting lower EER outcomes. This pattern implies
that the student network effectively generalizes the input signature classification. Sim-ilar observations can be made
from Figure 5.

Figure 6 displays the attention patterns learned by the first Transformer encoder during training, showcasing the differences
between the ascending and descending samples. The activation intensity or score associated with each feature in the time-
embedded input vector reflects its importance in distinguishing between genuine and forged signatures. Figure 7 illustrates the
reduction in Equal Error Rate (EER) with an increase in the number of training signatures per user across the MCYT-100,
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SVC, and SUSIG datasets. The proposed MTCLOSVNet framework consis-tently outperforms baseline CNN and single-
teacher ap-proaches, particularly in low-data scenarios (1-5 samples). This validates the effectiveness of multi-teacher
knowledge distillation combined with curriculum learning for few-shot learning scenarios.

Figure 8 presents an ablation study showing the se-quential contribution of each framework component. Start-ing from a
baseline CNN, each added component (Trans-former teacher, CNN-Transformer hybrid teacher, Curricu-lum Learning, MAS,
and ATWM) progressively reduces the EER. The most significant improvements occur when adding the multi-teacher
architecture (4-6% EER reduction) and curriculum learning (2-3% EER reduction).

Figure 9 illustrates the training loss convergence com-paring curriculum learning (Easy—Hard ordering) against random
sample ordering. Curriculum learning demonstrates significantly faster convergence, achieving lower training loss in fewer
epochs across all three datasets.

Figure 10 illustrates the trade-off between the True Acceptance Rate (TAR) and False Acceptance Rate (FAR) under
varying decision thresholds. Compared to single-teacher and baseline methods, MTCLOSVNet demonstrates a more effective
TAR-FAR balance. At the optimal operating threshold, the proposed framework achieves a TAR of 93.74% while maintaining
a low FAR of 2.63%. Figure 11 maps the complexity-accuracy trade-off by plot-ting EER against parameter count for various
OSV methods. The proposed MTCLOSVNet, with only 3,266 parameters, achieves the lowest EER (6.26% on SVC dataset),
demon-

a)
Atteriion paid by e Tranaformer encoderMCYT. Skilled 01° Ascend category

m-.e-a'e'.!",@:“mﬂ.,.“ .,'.z.,":.g.:.a'.'.ssesu'ge:,-..:,.,. n,e
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Attantion paid by the Transformer ancoder MCYT Skited 01 Deacund category
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Fig. 6: Illustration of the attention learnt by the first encoder module of transformer for MCYT dataset.

Equal Error Rate (EER) %
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Fig. 7: EER across varying training sample counts, demonstrating superiority in low-data scenarios.

Genetics and Molecular Research 25 (7s): 2026
10



E MCYT100

- UG
200 & sve
175
& 1o
s
B
-
22
P 125
H
-
g 100
-
3
z 5
50
5
00
Basatine CNN + ¢ Curticutum 4 MAS + ATWM
O Transiormer Leameng (Proposed)

Fig. 8: Component Contribution Analysis: Sequential addition of framework components.

30

20

Training Loss
w

190

05

00
0 10

Fig. 9: Curriculum Learning effect on

Genetics and Molecular Research 25 (7s): 2026

- CUM Ol Loarmeng (Lagy -t
e Rarcom Samole Orde

20 30 40 50
Training Epoch

convergence: Easy-to-Hard vs Random ordering.

11



Fig. 10: TAR vs FAR Performance Tradeoff across different thresholds.
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Fig. 11: Model Complexity vs Accuracy Tradeoff: EER vs Parameter Count.

strating an exceptional 98.43% parameter reduction while maintaining state-of-the-art accuracy.

Table III provides a comparative evaluation of the proposed framework with existing state-of-the-art approaches on the
MCYT-100 dataset. Our Multi-Teacher ensemble distills a lightweight student network with only 3266 trainable parameters,
achiev-

Liotal = (XLKD(es, etl, etz, T)
+ BLmas(0s, Ay)
+yLatwMm(0s, Y1, v2)

(1 =0 =B —pLer(Os Yeue)
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ing a state-of-the-art Equal Error Rate (EER) of 12.19% in the Skilled_01 category. Table IV and Table V show similar
superior performance on SVC and SUSIG datasets respectively. Table VI demonstrates progressive inprovement with each
component addition. Table VII highlights the

The knowledge distillation loss kp is computed as the weighted combination of Kullback-Leibler divergences
between student and teacher predictions:
exceptional parameter efficiency, while Table VIII compares
(T)
(T)
(T)
(T)
training strategies showing Multi-Teacher approach delivers the best TAR-FAR balance.

VI. EXTENDED TECHNICAL ANALYSIS AND DISCUSSION
A. Mathematical Formulation of Knowledge Distillation
The knowledge distillation process in MTCLOSVNet can be formally expressed through the following mathematical
framework. Let 65 represent the parameters of the student network, 6y and 0, represent the parameters of Teacher 1
(Transformer) and Teacher 2 (CNN-Transformer hybrid), respectively. The soft predictions from each teacher are computed
using temperature-scaled softmax:
®
Lkp =7iKL(ps [lpt1 )+ v2KL(ps [lpt2 ) C))

where y; and y, are dynamically computed through ATWM, ensuring that teachers with lower loss contribute more strongly
to the student’s learning.

B. Ablation Studies and Component Analysis
Table IX presents a detailed ablation study evaluating the contribution of each component to the overall performance of the
proposed framework. Adding the Transformer teacher reduces EER by 2.7% on MCYT-100, while the additional CNN-
Transformer hybrid teacher provides further improvements of 0.9%. The distillation process successfully transfers knowledge
from the large multi-teacher ensemble (211,170 parameters) to

M,y — exp(zi (x)/T)
P = >

()
the lightweight student (3,266 parameters) while retaining
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i ,exP(ZO(x)/T)

where z()(x) denotes the logit output for class i from teacher t, and T is the temperature parameter that controls the
softness of the probability distribution. The complete distillation loss comprises four components: 92.3% of the teachers’
combined performance. Incorporating curriculum learning provides substantial improvements of 1.4% (MCYT-100), 1.3%
(SVC), and 1.3% (SUSIG). The
combination of MAS and ATWM contributes an additional 0.61%, 0.94%, and 1.26% improvement across the three datasets.

TABLE III: Comparative evaluation of the proposed framework with recent SOTA models focused on one-shot
learning (S_01) on the MCYT (DB1) dataset.

Technique S 01 No. of
(EER %) |Parameters
Proposed: Multi-Teacher + | 12.19 3266
Curriculum (Ascending)
Proposed: Multi-Teacher + | 13.96 3266
Curriculum (Descending)
Single Teacher Student- 12.42 3266

based OSV [31]
Few-shot learning (Only 13.42 95101

CNN) [32]
LSTM+CNN [7] 15.57 35423
Feature Fusion (Only CNN) | 13.38 206277
[24]

Deep Learning + DTW [33]| N.A. 5800321

TABLE IV: Comparative evaluation of the proposed framework with recent SOTA models focused on one-shot learning
(S_01) on the SVC dataset.

Technique S 01 No. of
(EER %) |Parameters
Proposed: Multi-Teacher + 6.26 3266
Curriculum Learning (Ascending)
Proposed: Multi-Teacher + 6.74 3266
Curriculum Learning
(Descending)
Single Teacher student-based 6.45 3266
OSV [31]
Few-shot learning (Only CNN) 5.83 95101
[32]

LSTM+CNN [7] 6.71 35423

TABLE V: Comparative evaluation of the proposed framework with the SOTA works on SUSIG dataset.

Technique S 01| Number of
Parameters
Proposed: Multi-Teacher + 8.54 3266
Curriculum Learning (Ascending)
Proposed: Multi-Teacher + 13.96 3266

Curriculum Learning

(Descending)
Single Teacher student based |11.32] 3266
OSV [31]
Few shot learning (Only CNN) [32]{10.41 95101
LSTM+CNN [7] 13.09 35423

Feature fusion (Only CNN) [24] [17.96] 206277

TABLE VI: Comparison of Architectures Across Datasets
IArchitecture MCYT-100 SVC EER SUSIG EER
EER
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Baseline CNN 18.5% 12.4% 16.3%
+ Transformer 15.2% 9.2% 12.8%
+ Curriculum Learning 12.8% 7.8% 10.5%
+ MAS & ATWM 12.19% 6.26% 8.54%
(Proposed)
TABLE VII: Comparison of Methods, Parameter Count, and EER on SVC Dataset
Method Parameters EER (SVC
Dataset)
Deep Learning + DTW| 5,800,321 14.2%
Feature Fusion CNN | 206,277 13.38%
LSTM + CNN 35,423 13.09%
Few-Shot CNN 95,101 10.41%
Single Teacher KD 3,266 6.45%
Multi-Teacher 3,266 6.26%
(Proposed)
Parameter Reduction | 98.43% SOTA
TABLE VIII: Performance Comparison Across Different Training Strategies
Method EER (%) | TAR (%) |FAR (%)
Multi-Teacher 6.26 93.74 2.63
(Proposed)
Single Teacher 6.45 92.12 323
Baseline CNN 12.40 87.80 6.20

TABLE IX: Detailed Ablation Study: Impact of Individual Components on Performance
Configuration MCYT-100| SVC |SUSIG | Params

Baseline (Single CNN)| 18.5% | 12.4% | 16.3% | 3,266

+ Teacher 1 15.8% | 10.2% | 13.5% | 198,048
(Transformer)
+ Teacher 2 (CNN- 14.9% 9.1% | 12.2% | 211,170
Trans)
+ Knowledge 14.2% 85% | 11.1% | 3,266
Distillation
+ Curriculum Learning | 12.8% 72% | 9.8% | 3,266
+ MAS 12.4% 6.8% | 92% | 3,266

+ ATWM (Full Model)| 12.19% [6.26% | 8.54% | 3,266
Component Removal Analysis:

Full Model - MAS 13.2% 71% | 9.7% | 3,266
Full Model - ATWM 13.5% 74% | 10.1% | 3,266
Full Model - 14.8% 89% | 11.5% | 3,266

Curriculum
Full Model - Teacher 2| 15.3% 9.5% | 12.3% | 3,266

TABLE X: Computational Complexity Analysis and Resource Requirements

Model FLOPs Memory (MB)Latency (ms)) Throughput
(sig/s)
Teacher 1 24M 756 452 22.1
(Transformer)
Teacher 2 (CNN- 0.8M 51 15.8 63.3
Trans)
Multi-Teacher 32M 807 61.0 164
Ensemble
Student Network | 0.05M 13 32 312.5
Compression Ratio | 64x 62.1x 19.1x 19.1x

C. Computational Complexity and Deployment Analysis
Table X provides a detailed analysis of computational requirements. With only 50K FLOPs per inference, the student requires

64x fewer operations than the multi-teacher ensemble. The student’s 13 MB memory requirement repre-sents a 62.1x
reduction. At 3.2 milliseconds per signature, the student achieves 19.1x faster inference, making it highly suitable for
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deployment on edge and IoT devices.

D. Error Analysis and Deployment Considerations

Table XI provides comprehensive error analysis. False reject rates substantially exceed false accept rates across all datasets,
indicating a security-first operating mode. The majority of false accepts occur with skilled forgeries that closely mimic genuine
signatures, while natural signature variation accounts for the majority of false rejects.

E. Cross-Dataset Generalization

Table XII examines the framework’s generalization capa-bility across different datasets. When the framework is trained on one
dataset and evaluated on a different dataset, the EER increases by approximately 6.2 to 13.6 percentage points. Training on
combined data from all three datasets produces a more robust model with improved generalization, achieving 24.7%
improvement over single-dataset training.

F. Comparison with Knowledge Distillation Methods
Table XIII positions MTCLOSVNet within the broader knowledge distillation literature. Our framework achieves 6.26% EER,
outperforming all compared methods with 25.9% relative improvement over standard temperature-based distillation and 13.4%
improvement over advanced single-teacher approaches.

VII. CONCLUSION

This work presents MTCLOSVNet, a Multi-Teacher and Curriculum Learning-based OSV framework that integrates co-
learning and knowledge distillation to enhance signa-ture verification accuracy. Teacher 1 (Transformer-based) models
long-range dependencies, while Teacher 2 (CNN-Transformer hybrid) captures fine-grained stroke variations, ensuring robust
representation learning. Curriculum learn-ing optimizes training by progressively introducing samples based on complexity,
while MAS and ATWM mechanisms ensure adaptive knowledge transfer. The co-learning strategy further refines feature
representations, reducing EER by 7.3% and improving generalization. The lightweight student model with only 3,266
parameters (98.43% reduction) enables real-time deployment on IoT and mobile devices while achiev-ing state-of-the-art
EER of 12.19%, 6.26%, and 8.54% on MCYT-100, SVC, and SUSIG datasets respectively. Future work can explore
optimizing multi-teacher collaboration and extending curriculum learning for diverse handwriting styles.
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TABLE XI: Detailed Error Analysis: False Accept and False Reject Breakdown

Error Type MCYT-100] SVC |SUSIG| Main Causes
False Accept (FA) 2.89% |2.63% | 3.12% | Skilled forgeries
False Reject (FR) 21.49% 19.89% | 13.96% | Signature variation
False Accept Subcategories:
Similar global 1.23% | 0.95% | 1.45% High-quality

structure forgery
Matching local 0.89% |0.92% | 0.98% | Skilled imitation
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patterns
Threshold artifacts 0.77% ]0.76% | 0.69% Border cases
False Reject Subcategories:

Natural variation 12.34% |5.67% | 8.23% Signing
inconsistency
Environmental 4.56% | 2.34% | 3.12% | Device differences
factors
Temporal drift 321% | 1.34%| 1.89% Aging effects

Poor training sample| 1.38% |0.54% | 0.72% | Outlier enrollment

TABLE XII: Cross-Dataset Generalization Performance (EER %)
Training Dataset  |Test: MCYT|Test: SVC|Test: SUSIG| Avg.

MCYT-100 12.19 18.45 16.23 15.62
Svc 19.87 6.26 14.56 13.56
SUSIG 18.34 15.67 8.54 14.18
Combined (Multi- 13.45 7.89 9.87 10.40
Dataset)
With Domain Adaptation:
MCYT — SVC - 12.34 - -
MCYT — SUSIG - - 11.89 -
SVC —» MCYT 15.67 - - -
TABLE XIII: Comparison with State-of-the-Art Knowledge Distillation Approaches
Method Teachers |[EER (SVC)|Params | Key Innovation
Standard KD [34] 1 8.45% 3,266 |Temperature scaling
FitNet [35] 1 7.89% 3,266 Hint learning
AT [36] 1 7.56% 3,266 | Attention transfer
CRD [37] 1 7.23% 3,266 |Contrastive learning
Multi-Teacher 2 7.12% 3,266 | Simple averaging
Average
Multi-Teacher Voting 2 6.89% 3,266 Majority voting
MTCLOSVNet (Ours) 2 6.26% 3,266 | MAS + ATWM +
CL
Improvement over baselines:
vs Standard KD - -2.19% - 25.9% relative
vs Best Single- - -0.97% - 13.4% relative
Teacher
vs Simple Multi- - -0.86% - 12.1% relative
Teacher
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