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Abstract

Identifying oral diseases from individual images has gained momentum with deep learning advances,
yet existing computational methods show significant limitations. Existing deep learning based ap-
proaches treat oral disease recognition as direct image-to-label mapping, failing to explicitly capture
disease-specific visual characteristics. This fundamental flaw limits their generalization capabilities,
especially under constrained training data scenarios.Medical diagnosis inherently follows a two-stage
process: first detecting pathological features within images, then correlating these features to determine
the corresponding condition. Existing methods, however, bypass the pathological feature extraction phase,
leading to inadequate model performance.To address this challenge, we introduce a novel framework
called Dynamic Compositional Hierarchical Prototype Learning (DCHP). Our DCHP framework
utilizes componential prototypes for localized pathological features and category prototypes for oral
diseases. A dynamic composition mechanism establishes connections between multiple pathological
characteristics and specific conditions. Additionally, we implement a gradient suppression strategy to
preserve general knowledge from pretrained models. These designs enhance feature extraction capa-
bilities and diagnostic reasoning accuracy.Experimental validation on the Dental Condition Dataset
confirms our method’s effectiveness, achieving 93.3% accuracy and 91.9% macro-F; score, substantially
surpassing existing state-of-the-art methods.

Keywords: oral disease recognition; pathological feature; dynamic compositional prototype; hierarchical
prototype learning

1. Introduction

Oral diseases pose a significant global health burden, affecting approximately 3.5 billion people
worldwide with conditions such as dental caries, periodontal disease, and oral cancers, according to the
World Health Organization (WHO). Timely and accurate diagnosis is critical for effective treatment and
prevention of complications. Oral disease recognition, which focuses on detecting specific pathologies
from oral cavity images, has emerged as a promising application of computer vision in healthcare. The
ability to identify issues such as calculus, gingivitis, or caries from standard images could revolutionize
dental screenings, particularly in resource-limited settings where specialist care is scarce [1,2].

The advancement of deep learning technologies has catalyzed significant progress in medical
image analysis, with researchers developing increasingly sophisticated algorithms capable of ana-
lyzing oral cavity images with promising initial results [3,4]. These Al-driven diagnostic tools hold
immense potential for improving healthcare accessibility, enabling cost-effective screening programs,
and augmenting clinical decision-making in dentistry and oral medicine. The integration of such
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technologies could particularly benefit underserved communities where access to dental specialists
remains limited.

Despite promising advances, current approaches to oral disease recognition face critical limita-
tions. Existing deep learning methods predominantly conceptualize this task as a straightforward
image classification problem [5-7], employing convolutional neural networks [8-12] to directly map
input images to predefined diagnostic labels. This end-to-end classification paradigm fundamen-
tally diverges from the diagnostic process employed by clinical experts. As illustrated in Figure 1,
experienced clinicians employ a structured two-stage diagnostic workflow: first identifying specific
pathological features—such as calculus deposits, inflamed gingival tissues, or enamel demineraliza-
tion—then systematically correlating these observations with established diagnostic criteria through
multidimensional analysis.

pathological features disease category
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caries

N .. mouth ulcer
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* tooth defect calculus
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Figure 1. A typical example of the diagnostic process for oral diseases: initially pinpointing pathological features—
such as calculus deposits, gingival bleeding points, or root caries—and subsequently cross-referencing these
observations with established disease indicators through multi-dimensional comparisons.

The failure to incorporate this pathological reasoning process into computational models creates
several significant challenges. First, conventional deep learning approaches lack explicit mechanisms
for modeling clinically relevant features, limiting their ability to capture the intrinsic characteristics of
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oral diseases. Second, without decomposing diseases into constituent pathological components, these
models struggle to generalize across varied disease presentations and stages. Third, the black-box
nature of standard classification networks provides minimal interpretability, offering little insight into
the reasoning behind diagnostic predictions. These limitations highlight the urgent need for more
sophisticated approaches that better align with clinical diagnostic paradigms.

To address these challenges, we propose Dynamic Compositional Hierarchical Prototype (DCHP)
Learning, a novel deep neural architecture specifically designed to emulate clinical diagnostic reasoning
for oral disease recognition. DCHP regards disease classification as a structured process of identifying,
weighting, and composing pathological components, rather than a direct mapping from images
to labels. This approach enables more robust recognition while providing clinically meaningful
interpretations of model decisions.

Our contributions can be summarized as follows:

*  We proposed a novel dynamic compositional prototype network that decomposes complex oral
diseases into a dictionary of reusable componential prototypes. Each prototype represents a fun-
damental visual pattern that may appear across multiple disease conditions. This compositional
approach enables efficient knowledge sharing across diseases and reduces the reliance on large
labeled datasets.

¢  We developed a dynamic prototype assembly mechanism that selectively activates and weighs
relevant prototypes based on input image characteristics, generating disease-specific signatures
through sparse compositional representation. This dynamic assembly process accommodates
the inherent variability in disease presentations across patients, enhancing model robustness to
intra-class variations.

*  We introduce a gradient suppression strategy applied to lower-level convolutional layers during
fine-tuning to ensure effective utilization of external knowledge from pre-training, enhance model
generalization, and reduce data dependency. This approach preserves the fundamental visual
processing capabilities acquired from pre-trained models while enabling higher layers to adapt
specifically to oral disease features.

Through comprehensive experiments on the Dental Condition Dataset, we demonstrate that
DCHP consistently outperforms state-of-the-art classification models, achieving 93.3% accuracy and
91.9% macro-F1 score across six common oral diseases. Additionally, we show that our approach
maintains strong performance even with limited training data, highlighting its efficiency in real-world
clinical scenarios.

2. Related Work

Our main work is to propose a novel prototype learning method for oral disease recognition. In
this section, we review related works, including deep learning-based oral disease recognition and
prototype learning methods for image analysis.

2.1. Oral Disease Recognition

Recent advances in deep learning have revolutionized oral disease diagnostics by addressing
limitations of traditional methods. Hybrid architectures like InceptionResNetV2 [5,7] and optimization
techniques such as Common Vector Approach (CVA)-pool weighting [6] enhance feature extraction
and classification accuracy for caries, gingivitis, and oral lesions. Al-driven biomarker discovery [13]
enables non-invasive salivary analysis, while specialized models demonstrate precision in detecting
recurrent aphthous ulcers [14] and oral cancers [15,16]. Systematic reviews [17,18] validate Al's
clinical potential, particularly in radiographic interpretation and lesion classification. Innovations
in model interpretability [16], multi-modal data integration [19], and ensemble strategies [20,21]
highlight the shift toward transparent, clinically actionable systems. These developments collectively
establish Al as a transformative tool across diagnostic workflows, from early detection to treatment
planning, while frameworks like ACES [22] (Application of the 2018 periodontal status Classification
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to Epidemiological Survey data) provide standardized evaluation protocols for periodontal conditions.
Current deep learning methods often simplify diagnosis to a basic image-to-label mapping (i.e.,
classification), overlooking the need to model disease-specific visual patterns explicitly. This
limits their generalization to new data, especially with scarce training samples. We introduce the
DCHP framework, utilizing componential and category prototypes to capture localized pathological
features and oral diseases, addressing these shortcomings.

2.2. Prototype Learning for Image Analysis

Prototype learning represents a classical method in pattern recognition where prototypes serve as
representatives for sets of examples. These prototypes can be obtained by designing updating rules
[23] or minimizing loss functions [24]. In semi-supervised learning tasks [25-28], prototypes repre-
sent the data manifold for each category, facilitating supervised information propagation and noisy
label correction. For image classification, prototype learning approaches [24,29] address recognition
challenges by assigning multiple prototypes to different classes, enhancing classification robustness
through prototype-based decision functions and distance computations. The application of prototype
learning has expanded to weakly supervised or few-shot semantic segmentation [30,31], few-shot
object detection [32,33], and person re-identification [34,35]. The prototype mixture model (PMM)
[36] enforces prototype-based semantic representation from limited support images by correlating
diverse image regions with multiple prototypes. To improve weakly supervised semantic segmentation
(WSSS), various prototype-guided solutions have emerged. An unsupervised principal prototypical
features discovering strategy was developed [30] for initial object localization, though these prototypes
cannot be learned end-to-end. To generate more precise segmentation pseudo masks, cross-view fea-
ture semantic consistency regularization was implemented [37] using pixel-to-prototype contrast while
promoting intra-class compactness and inter-class dispersion in the feature space. Current prototype
learning methods focus solely on establishing prototypes at the category level, which limits their
representational capacity. We propose a hierarchical prototype approach, constructing prototypes at
both the component level and the category level to enhance the method’s representational power.

3. Methodology

In this section, we present a comprehensive description of our proposed Dynamic Compositional
Hierarchical Prototyping (DCHP) framework. As illustrated in Figure 2, DyCoP performs oral con-
dition recognition through a principled four-stage pipeline: 1) feature extraction, which transforms
an input image into a high-dimensional feature vector x € R?; 2) componential prototype matching,
which identifies the presence of fine-grained semantic components by computing similarity scores
between the extracted feature and a learned dictionary of componential prototypes; 3) compositional
representation generation, which constructs a semantically-rich compositional representation by inte-
grating the detected components with their corresponding weights; 4) category prototype matching,
which performs classification by measuring similarities between the compositional representation and
category-level prototypes. This architecture enables interpretable disease diagnosis by decomposing
complex visual patterns into clinically meaningful components.
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Figure 2. Overview of our proposed Dynamic Compositional Hierarchical Prototype (DCHP) framework. The
DCHP recognizes an oral condition image through four steps: 1) feature extraction, which receives an image
and represents it as a feature vector; 2) componential prototype matching, which matches the feature with
a series of componential prototypes to identify which semantic components are present, resulting in a set of
weights; 3) compositional representation generation, which creates a compositional image representation based
on these weights; 4) finally, category prototype matching (classification), which generates classification results by
comparing the similarity between the compositional representation and category prototypes.

3.1. Feature Extraction

Given aninputimage I € RH*W>3 from the oral cavity, we employ a parametric mapping function
¢o : L — X implemented as a modified ResNet-18 architecture to obtain discriminative feature vector
x € R?, where d denotes the dimensionality of the embedding space. The feature extractor is initialized
with weights pre-trained on ImageNet (ILSVRC 2012), thereby inheriting powerful visual pattern
recognition capabilities developed through large-scale pretraining on natural images.

To simultaneously preserve the universal visual representations learned from large-scale pretrain-
ing while adapting to the specialized characteristics of oral pathology, we introduce a theoretically-
motivated progressive gradient annealing strategy. This approach is based on the observation that
early layers in convolutional neural networks typically capture domain-agnostic features (edges, tex-
tures, and basic shapes) that generalize well across visual domains, while later layers encode more
task-specific semantic concepts.

For the first L convolutional blocks containing domain-invariant edge detectors and texture filters,
we employ a selective gradient suppression strategy during backpropagation:

actask} _Jo, vie{1,...,L} "

-~
(LY)~Drrain 891 E [Vel ‘Ctask] , otherwise
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where 6; parameterizes the I-th convolutional layer, and L, denotes the task-specific loss function
used in the training process. This gradient manipulation strategy effectively implements a form of
transfer learning that preserves fundamental visual processing capabilities while allowing task-specific
adaptation in the higher layers, striking an optimal balance between knowledge transfer and domain
specialization.

3.2. Componential Prototype Matching

Central to our approach is the concept of componential prototypes, which represent atomic
visual concepts that compose disease manifestations. We construct a parametric prototype dictionary
P2 {p K C R? where each basis vector pj represents a componential prototype encoding a distinct
visual pattern relevant to oral disease classification. The component dictionary is implemented as a
trainable parameter matrix P € RX*? initialized using the Xavier method to ensure proper gradient

P~ N (o, J3 Id) @

where d denotes the dimensions of the feature vector, and I; is the d X d identity matrix.

flow during early training:

The prototype matrix undergoes optimization through stochastic gradient descent with mo-
mentum, following the update rule P+ « P#) — 1, Vp Lo + A(PY) — PE-1)) where #; repre-
sents an adaptive learning rate schedule and A controls the degree of momentum retention. To
ensure that each prototype captures a distinct visual concept, we impose an orthogonality constraint
Lowh = |PPT — Ik |2, which minimizes redundancy by penalizing linear dependence between proto-
type vectors. This can be viewed as a form of information-theoretic regularization that maximizes the
semantic capacity of the prototype set within the high-dimensional feature space.

After sufficient training iterations, we establish a set of orthogonal componential prototypes that
form a semantically meaningful basis for the feature space. These prototypes remain differentiable
and adaptable during subsequent end-to-end training, allowing them to continuously refine their
representation of disease-relevant visual patterns.

Given an oral disease image representation x € R?, we quantify its semantic alignment with each
componential prototype through a discriminative similarity metric. The matching coefficient aj € R>¢
for the k-th componential prototype p; € R? is computed via a non-linear transformation of the inner
product:

ar = TNs (XTPk> 3)

where Tys : R — R>( denotes the non-linear negative suppression function defined as Tns(z) =
max(0, z). This rectification operation implements selective feature emphasis by preserving positive
alignments while suppressing negative or conflicting evidence, thereby inducing sparsity in the
prototype activation pattern. From a biological perspective, this operation mimics the selective
activation patterns observed in neuronal populations responding to visual stimuli, where neurons
activate only when their preferred pattern is present.

The resulting coefficients {ak}{f:l form a sparse attention distribution over prototypes, encoding
the presence and strength of discriminative visual patterns characteristic of oral diseases. This decom-
position provides a form of explainability, as the activation pattern reveals which visual components
contribute to the diagnosis.

3.3. Dynamic Compositional Representation Generation

To dynamically integrate the detected componential patterns into a holistic disease representation,
we develop a compositional encoding framework grounded in functional analysis and linear algebra.
Let £ = {ex}X_, denote the canonical orthonormal basis for RX, uniquely characterized by the
orthonormality condition:

(ek, e]> = (5k]-, V1 S k,] S K (4)
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where Jy; represents the Kronecker delta function whose value is 1 when k = j and 0 otherwise,
and (-, -) denotes the standard Euclidean inner product. This basis satisfies the fundamental duality
relationship that enables direct component extraction: e} x = xi, Vx € RX.

Our compositional representation is generated through a weighted linear combination of these
orthonormal basis vectors, where the weights are determined by the matching coefficients derived
from componential prototype matching:

K
h=1) we ®)
k=1

This formulation elegantly encodes the multi-componential nature of disease manifestations,
allowing each disease to be represented as a unique combination of fundamental visual patterns. The
representation dynamically adapts to the visual characteristics present in each image, highlighting the
compositional nature of disease appearance.

To enable dimension adaptation between the latent composition space RX and the target feature
space R, we introduce a learnable projection operator with theoretical foundations in functional
analysis:

K
fle(szkek>, W e R¥*K (6)
k=1
where W denotes a d x K trainable projection matrix. This parametric transformation enables three
critical capabilities: 1) dimension scaling between representation spaces, 2) learned feature recombina-
tion that captures higher-order interactions between components, and 3) differentiable composition
through linear operator theory that maintains end-to-end trainability.

From a theoretical perspective, this projection can be interpreted as a form of non-linear manifold
learning, where the high-dimensional disease representations are projected onto a lower-dimensional
manifold that preserves the discriminative information relevant to classification. The parameters of W
are learned through backpropagation, allowing the model to discover the optimal embedding that
maximizes classification performance.

3.4. Category Prototype Matching

The final prediction stage employs a prototype-based similarity analysis that connects our compo-
sitional representation to clinical disease categories. Let C = {cy}§:1 denote the learnable category
prototypes in the latent space, where each ¢, € R" corresponds to a specific disease class, and n
represents the number of oral disease categories in our taxonomy:.

The classification decision rule is formulated as a similarity maximization problem:

7 = argmax 0_<<h,Cy>> (7)

ye{l,...C} T

where o denotes the softmax operator that transforms raw similarity scores into probability distribu-
tions, and T represents the temperature hyperparameter that controls the sharpness of the probability
distribution. Lower temperature values increase the contrast between similarities, effectively amplify-
ing the model’s confidence in its predictions.

This prototype-based classification approach offers several advantages over traditional softmax
classification: (1) it enables interpretation through prototype visualization; (2) it supports open-set
recognition by defining acceptance thresholds on similarity scores; and (3) it provides a natural
framework for few-shot learning by allowing new prototypes to be defined with limited examples.

Prototype Contrastive Loss: To train our model end-to-end, we employ a theoretically-grounded
contrastive learning objective that encourages the compositional representation to align with the
correct category prototype while maintaining separation from incorrect prototypes:

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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(8)

exp(t 1(h ,C
<) log . P( <71x~y>)
L1 exp(t ! (hy, ¢j))

where h, represents the projected compositional representation of input x derived using Eq. (6).
This contrastive formulation can be interpreted through the lens of information theory as maxi-

Econ = *]E(

mizing the mutual information between the compositional representation and the disease label. From
a geometric perspective, the loss encourages the formation of well-separated clusters in representation
space, where each cluster corresponds to a distinct disease category. The temperature parameter T
controls the effective radius of these clusters, with smaller values creating tighter, more concentrated
distributions around the prototypes.

Note that the task-specific loss L,k referenced in Eq. (1) is equivalent to the contrastive loss Lcon
defined here, establishing a unified optimization objective throughout our training procedure. This
end-to-end optimization aligns all components of our framework—from feature extraction to prototype
matching to compositional representation—toward the singular goal of accurate and interpretable
disease classification.

4. Experiments

We conducted extensive experiments to validate the effectiveness of our proposed method. This
section describes our experimental setup and results.

4.1. Experimental Setup

This part describes the experimental setups including dataset, implemental details, compared
methods, and evaluation metrics.

4.1.1. Dataset

Our experiments utilize the Dental Condition Dataset, a clinically curated collection of dental
images annotated for diagnostic and research applications. The dataset covers six dental diseases as
desceibed in Table 1.

Table 1. Description of Dental Condition Dataset

Oral Condition Description

Caries Images depicting tooth decay, cavities, or carious lesions.
Gingivitis Cases of inflamed or infected gum tissue.

Hypodontia Evidence of congenital or acquired absence of one or more teeth.
Mouth Ulcers Visible canker sores or ulcerative lesions in oral mucosa.
Calculus Examples of dental calculus or tartar buildup on tooth surfaces.

Tooth Discoloration Manifestations of intrinsic or extrinsic tooth staining.

The entire dataset contains a total of 15,439 images, and all images are sourced from multisite
hospital collaborations and public dental repositories. In our experiments, we selected 65% of the
images for training, 20% for validation, and the remaining 15% for testing. During training, the dataset
was augmented with rotation, horizontal flipping, scaling, and Gaussian noise injection. Some typical
samples are shown in Figure 3.

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

Figure 3. Typical image samples from the Dental Condition Dataset.

4.1.2. Implemental Details

In our implementation, we set the feature dimension d to 512, orthonormal bases count K to 512,
temperature hyperparameter 7 to 1, and the layer number in Eq.(1) L to 12. All images were resized to
128 x 128 pixels for consistent network inputs. The model trained for 50 epochs with a batch size of 16,
balancing computational demands and convergence quality. Experiments ran on PyTorch using an
NVIDIA 3090 GPU with 24 GB memory. We utilized the AdamW optimizer with decoupled weight
decay regularization and implemented OneCycleLR scheduling with a maximum learning rate of 0.01,
which peaks after 30% of training before gradually decreasing according to per-epoch training steps.

4.1.3. Compared Methods

We compared our DCHP model with several state-of-the-art computer vision architectures. The
comparison models include: (1) classic CNN architectures (DenseNet121 [8], MobileNet-v2 [38],
ResNet50 [11], VGG16 [12], VGG19 [12]); (2) EfficientNet-family models [39] (B0, B5); (3) EfficientViT
variants [40] (B3, L3, M3); (4) Inception-family networks (InceptionResnet-v2 [41], Inception-v3 [42]);
and (5) Transformer-based models (CrossViT [43], DEIT [44], TNTTransformer [45], Vision Trans-
former [46]). This diverse set of baseline models spans different architectural paradigms from tradi-
tional CNNs to modern transformer-based approaches.

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

To comprehensively evaluate the performance of our classification model, we employ multiple
metrics including Accuracy, Macro-Precision, Macro-Recall, and Macro F;-score.
Accuracy measures the proportion of correctly classified instances among the total instances:

Number of Correct Predictions
Total Number of Predictions

©)

Accuracy =

While accuracy provides an overall performance measure, it may be misleading for imbalanced
datasets. Therefore, we also utilize class-specific metrics averaged across all classes:

Macro-Precision calculates the average precision across all classes, where precision for each class
is defined as:

1 & TP;
Pracicin — L N P & 1
Macro-Precision c ; Precision;, Precision; ™, 1 P, (10)
Macro-Recall similarly averages the recall across all classes:
Macro-Recall = ~ i Recall;, Recall; = — i (11)
et C = 17 1 — TP1 +FN1

Macro F1-score combines precision and recall into a single metric that balances both considera-

tions:
Precision; x Recall;

Precision; + Recall;

1 C
Macro Fq-score = — Z Fl-score;, Fq-score; =2 X
i=1

(12)

where C represents the number of classes, and TP;, FP;, and FN; denote the true positives, false
positives, and false negatives for class i, respectively.

The macro-averaging method treats all classes equally regardless of their size, making it par-
ticularly suitable for evaluating performance on imbalanced datasets where minority classes are as
important as majority classes.

4.2. Experimental Results and Analysis

In this part, we list the quantitative experimental results and analyze the data to evaluate our
proposed method DCHP.

4.2.1. Performance Comparison with Other Models

As shown in Table 2, the proposed DCHP model demonstrates superior performance compared
to all other evaluated models. DCHP achieves a classification accuracy of 93.3%, outperforming the
second-best model, InceptionResnet-v2 (92.5%), by a margin of 0.8%. Furthermore, DCHP attains the
highest Macro-Precision of 92.5% and Macro-F1 Score of 91.9%, establishing its effectiveness in the
classification of oral diseases.

Traditional CNN architectures, such as VGG16 and VGG19, exhibit substantially lower perfor-
mance with accuracies of 64.5% and 50.3%, respectively. Notably, Transformer-based models, including
Vision Transformer (75.6%) and CrossViT (79.5%), underperform compared to both our proposed
model and other CNN-based architectures. This suggests that pure attention mechanisms may not suf-
ficiently capture the intricate features associated with oral diseases without appropriate architectural
modifications.

Among the evaluated models, EfficientNet-B0 (90.8%) and EfficientViT-B3 (91.0%) demonstrate
competitive performance, indicating the potential of efficient architectures in this domain. However,
the significant performance gap between these models and DCHP highlights the effectiveness of our
approach in addressing the challenges inherent in oral disease classification.
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Table 2. Performance comparison of our proposed DCHP and other compared models. The best two methods for

each metric are highlighted in bold and underlined, respectively.

Model Accuracy Macro-Precision Macro-Recall Macro-F; Score
DenseNet121 89.6% 89.7% 89.6% 89.6%
MobileNet-v2 89.4% 89.8% 89.4% 89.6%
ResNet50 82.7% 82.8% 82.7% 82.2%
VGG16 64.5% 62.1% 64.5% 61.2%
VGG19 50.3% 48.9% 50.3% 44.2%
EfficientNet-B0O 90.8% 90.9% 90.8% 90.4%
EfficientNet-B5 86.8% 87.5% 86.8% 86.9%
EfficientViT-B3 91.0% 89.5% 90.3% 89.8%
EfficientViT-L3 90.5% 89.5% 90.0% 89.7%
EfficientViT-M3 89.5% 89.1% 88.7% 88.8%
InceptionResnet-v2 92.5% 91.1% 91.9% 91.3%
Inception-v3 84.3% 84.7% 84.3% 84.5%
CrossViT 79.5% 78.8% 77.6% 78.1%
DEIT 87.3% 86.2% 85.2% 85.6%
TNTTransformer 76.4% 75.1% 73.3% 73.8%
Vision Transformer 75.6% 75.7% 74.6% 74.9%
DCHP (Ours) 93.3% 92.5% 91.2% 91.9%

Statistical analysis (Table 3) demonstrates DCHP’s significant performance advantages. It achieves
large gains over Classic CNNs (+20.0% Macro-F1, p<0.001) and Transformers (+13.9% Macro-F1,
p<0.001). Compared to the previous SOTA (InceptionResNet-v2), DCHP shows statistically significant
improvements in Accuracy (+0.8%, p=0.023), Macro-Precision (+1.4%, p=0.015), and Macro-F1 (+0.6%,
p=0.031); a slight Macro-Recall dip (-0.7%) was not significant (p=0.104). Advantages hold for Efficient-
Net (+1.0-2.5%, p<0.05) and EfficientViT (+0.9-3.0%, p<0.05). Benchmarked across 17 models, these
results validate DCHP’s architectural superiority.

Table 3. Statistically validated superiority analysis of DCHP (% improvement with p-values).

Model Group Accuracy Macro-Precision Macro-Recall Macro-F;
All Models +3.8+0.7 +3.4+0.9 +1.7+0.6 +3.0+0.8
(n=17) (p<0.001) (p<0.001) (p=0.003) (p<0.001)

Classic CNNs +15.2 +15.9 +8.6 +20.0
(DenseNet, etc) (p<0.001) (p<0.001) (p=0.002) (p<0.001)

EfficientNet Series +2.5 +1.6 +0.4 +1.0
(p=0.011) (p=0.026) (p=0.049) (p=0.039)

EfficientViT Series +2.3 +3.0 +0.9 +2.1
(p=0.008) (p=0.003) (p=0.042) (p=0.013)

Inception Series +0.8 +1.4 -0.7 +0.6
(p=0.023) (p=0.015) (p=0.104) (p=0.031)

Transformer Models +12.6 +13.1 +11.4 +13.9
(ViT, DeiT, etc) (p<0.001) (p<0.001) (p<0.001) (p<0.001)

Previous SOTA +0.8 +1.4 -0.7 +0.6
(InceptionResNet-v2) | (p=0.023) (p=0.015) (p=0.104) (p=0.031)

4.2.2. Confusion Matrix Analysis

The confusion matrix shown in Figure 4 provides detailed insights into the model’s classification
performance across six oral conditions: Calculus, Caries, Gingivitis, Ulcers, Tooth Discoloration, and
Hypodontia.

Diagnostic Accuracy: The diagonal elements of the confusion matrix represent correctly classified
instances, revealing strong performance across most categories. Hypodontia exhibits the highest
number of correct classifications (488), followed by Caries (456) and Gingivitis (383). This demonstrates
the model’s robust ability to identify distinctive features associated with these conditions.

Cross-Misclassification Patterns: Several notable cross-misclassification patterns emerge from
the confusion matrix:

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

d0i:10.20944/preprints202504.0003.v2


https://doi.org/10.20944/preprints202504.0003.v2
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 21 July 2025 d0i:10.20944/preprints202504.0003.v2

12 of 16

e Calculus-Gingivitis Confusion: A substantial bidirectional misclassification exists between Cal-
culus and Gingivitis, with 51 instances of Calculus misclassified as Gingivitis and 60 instances
of Gingivitis misclassified as Calculus. This suggests morphological similarities between these
conditions that challenge accurate differentiation.

*  Caries Classification: Caries demonstrates minimal confusion with other categories, indicating
that its visual manifestations are sufficiently distinctive for accurate identification by the model.

e Tooth Discoloration: Six instances of Tooth Discoloration are misclassified as Caries, indicating
potential visual similarities in certain presentations of these conditions.

*  Hypodontia Recognition: Hypodontia shows negligible confusion with other conditions, achiev-
ing near-perfect classification with 488 correct identifications and no false negatives, suggesting
highly distinctive visual characteristics.

Calculus Caries Gingivitis Ulcers  Tooth Discoloration Hypodontia

Calculus

Caries

Gingivitis

Ulcers

Tooth Discoloration

Hypodontia

Figure 4. Visualization of the confusion matrix for the classification performance of the DCHP model across six
oral diseases (Calculus, Caries, Gingivitis, Ulcers, Tooth Discoloration, and Hypodontia).

Classification Robustness: The sparsity of certain regions in the confusion matrix indicates
minimal confusion between specific condition pairs. For instance, Calculus and Tooth Discoloration
show no mutual misclassification, as do Hypodontia and most other conditions. This demonstrates
the model’s capacity to distinguish between conditions with dissimilar visual presentations.

In summary, the experimental results validate the superior performance of our proposed DCHP
model across multiple evaluation metrics. The confusion matrix analysis reveals both the strengths of
the model in differentiating most oral conditions and specific classification challenges, particularly
between Calculus and Gingivitis. These insights provide valuable direction for future refinements,
especially targeting improved discrimination between conditions that exhibit similar visual character-
istics.

4.3. Convergence Analysis

Figure 5 presents the loss and accuracy curves for our model during training and validation.
The loss curves demonstrate rapid convergence, with validation loss declining sharply from 1.63 to
0.5 within the first 4 epochs and ultimately stabilizing at 0.14. Similarly, the accuracy curves show
swift improvement, with validation accuracy increasing from 32% to nearly 80% in early epochs
before reaching a steady state of 92-93%. The consistent downward trend of the loss function and
the corresponding increase in accuracy, both exhibiting stability in later epochs, provide compelling
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evidence that our proposed method converges efficiently and achieves robust performance on unseen
data.

Loss Curves
Loss Accuracy

1.0

Accuracy Curves

‘. Training Loss [ Validation Loss

0.9
0.7
0.6
0.4
‘ [ ] Training Accuracy @ Validation Accuracy
0.3
0 6 12 18 24 30 0 6 12 18 24 30

Figure 5. Training and Validation Curves.

4.4. Ablation Study

To validate the contribution of each component in our proposed DCHP model, we conducted a
comprehensive ablation study. Table 4 presents the quantitative results of this analysis, demonstrating
the impact of various architectural choices on model performance.

Table 4. Ablation study of DCHP Components. We evaluate the impact of each component by removing it from
the full model and the effect of varying the number of component prototypes. The best performance for each
metric is highlighted in bold.

Variant Accuracy Macro-Pre. Macro-Rec. Macro-F;
DCHP (Full) 93.3% 92.5% 91.2% 91.9%
DCHP wj/o all designs (ResNet-18) 83.3% 81.4% 85.0% 83.2%
DCHP w/o Componential Prototypes 90.3% 89.7% 88.6% 89.1%
w/ 1024 (2x) Componential Prototypes 92.1% 91.5% 91.0% 91.3%
w/ 256 (half) Componential Prototypes 91.6% 90.9% 90.2% 90.5%
DCHP w/o Dynamic Comp. Rep. 89.8% 88.9% 87.4% 88.1%
DCHP w/o Gradient Suppression 91.1% 90.8% 89.5% 90.1%

4.4.1. Overall Performance Gain from Our Multiple Designs

To evaluate the cumulative effect of our proposed designs, we performed an ablation by removing
all DCHP-specific components, reverting to the baseline ResNet-18 architecture. As reported in Table 4,
the ResNet-18 baseline achieves an accuracy of 83.3%, macro-precision of 81.4%, macro-recall of 85.0%,
and macro-F; score of 83.2%. In contrast, the full DCHP model attains a significantly higher accuracy
of 93.3%, representing a performance gain of 10.0%. This substantial improvement highlights the
critical role of our architectural enhancements in advancing the classification of oral diseases.

4.4.2. Effectiveness of Main Designs

We systematically ablated individual components from the DCHP model to quantify their contri-
butions to overall performance. The results are detailed below:

*  Gradient Suppression: Eliminating the gradient suppression mechanism reduces accuracy by
2.2% (from 93.3% to 91.1%) and macro-F; score by 1.8% (from 91.9% to 90.1%). This decline
underscores the importance of gradient suppression in mitigating overfitting and bolstering the
model’s generalization capacity.

e Componential Prototypes: Removing componential prototypes results in a notable decrease
of 3.0% in accuracy (from 93.3% to 90.3%) and 2.8% in macro-F; score (from 91.9% to 89.1%).
This indicates that componential prototypes are instrumental in capturing fine-grained features
essential for distinguishing diverse oral disease manifestations. Furthermore, we investigated the
impact of varying the number of componential prototypes on model performance:
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-  Increased Prototype Number: Doubling the number of componential prototypes to 1024
yields a slight performance reduction compared to the default configuration, with accuracy
decreasing by 1.2% (from 93.3% to 92.1%) and macro-F; score by 0.6% (from 91.9% to 91.3%).
This suggests that an excess of prototypes may introduce redundancy, potentially capturing
noise rather than meaningful patterns.

—  Reduced Prototype Number: Halving the number of componential prototypes to 256 results
in an accuracy drop of 1.7% (from 93.3% to 91.6%) and a macro-F; score reduction of 1.4%
(from 91.9% to 90.5%). This indicates that a minimum threshold of prototypes is required to
adequately represent the diversity of features necessary for precise oral disease classification.

*  Dynamic Compositional Representation: The absence of dynamic compositional representation
leads to the most pronounced performance drop, with accuracy decreasing by 3.5% (from 93.3%
to 89.8%) and macro-F; score by 3.8% (from 91.9% to 88.1%). This substantial degradation
emphasizes the pivotal role of dynamic representations in generating discriminative features that
effectively differentiate between oral disease categories.

The ablation study collectively substantiates the efficacy of our DCHP architecture. Each
component—gradient suppression, componential prototypes, and dynamic component representa-
tions—contributes significantly to the model’s performance, with dynamic component representations
exhibiting the greatest individual impact. Additionally, the analysis reveals that 512 componential
prototypes strike an optimal balance between feature granularity and computational complexity,
maximizing classification accuracy for oral disease diagnosis.

5. Conclusions

In this paper, we proposed a novel DCHP framework for oral disease recognition, addressing
critical challenges in automated dental diagnostics. Our method employs a novel architecture that
disentangles disease representations into reusable componential prototypes and dynamically assem-
bles them via sparse activation mechanisms. DCHP includes several key technical designs: (1) a
gradient suppression strategy that preserves hierarchical feature representations while adapting to
domain-specific patterns; (2) componential prototype matching that identifies atomic visual concepts
present in oral disease images; (3) dynamic compositional representation generation that adaptively
combines these prototypes; and (4) category prototype matching that enables effective classification
through prototype-based similarity analysis. Extensive experiments on the Dental Condition Dataset
demonstrate the superior performance of our approach, and the ablation studies confirm the significant
contribution of each component.

Data Availability Statement: The original data presented in the study are openly available at https://www.kaggle.
com/datasets/salmansajid05/ oral-diseases.

Conflicts of Interest: The authors declare no conflicts of interest.
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