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Abstract

Accurate dental diagnosis is essential for oral healthcare,
yet many individuals lack access to timely professional eval-
uation. Existing AI-based methods primarily treat diag-
nosis as a visual pattern recognition task and do not re-
flect the structured clinical reasoning used by dental pro-
fessionals. These approaches also require large amounts
of expert-annotated data and often struggle to generalize
across diverse real-world imaging conditions. To address
these limitations, we present OMNI-Dent, a data-efficient
and explainable diagnostic framework that incorporates
clinical reasoning principles into a Vision-Language Model
(VLM)-based pipeline. The framework operates on multi-
view smartphone photographs, embeds diagnostic heuris-
tics from dental experts, and guides a general-purpose VLM
to perform tooth-level evaluation without dental-specific
fine-tuning of the VLM. By utilizing the VLM’s existing
visual-linguistic capabilities, OMNI-Dent aims to support
diagnostic assessment in settings where curated clinical
imaging is unavailable. We design OMNI-Dent as an early-
stage assistive tool to help users identify potential abnor-
malities and determine when professional evaluation may
be needed, thereby offering a practical option for individu-
als with limited access to in-person care.

1. Introduction

Oral health plays an important role in maintaining quality of
life across the human lifespan, yet many individuals, partic-
ularly those in underserved or rural communities [19, 20],
struggle to access timely and reliable dental diagnosis. Lim-

ited availability of dental professionals often leads to de-
layed treatment and preventable deterioration in oral health.
Prior work on teledentistry [4, 11–14, 16, 22] provides re-
mote diagnostic support to improve accessibility; however,
limited expert availability and the resources required for re-
mote evaluation still remain ongoing challenges.

Recent advances in artificial intelligence (AI) motivate
the development of automated dental diagnostic systems.
Existing approaches [1, 7, 21, 24, 27] typically rely on
deep learning models trained to detect or classify dental
conditions from clinical imaging modalities such as radio-
graphs or intraoral photographs taken with professional de-
vices. Although effective in controlled settings, these meth-
ods require large expert-labeled datasets in which clinicians
manually annotate tooth locations and conditions, making
the annotation process labor-intensive and difficult to scale.
Model performance is also sensitive to visual similarity be-
tween the training data and deployment environments, lim-
iting applicability across the wide range of real-world den-
tal imaging conditions. A fundamental limitation of cur-
rent AI-based dental systems is that they treat diagnosis
largely as a visual pattern recognition task. In practice,
however, dental professionals use structured clinical reason-
ing that involves comparing neighboring and contralateral
teeth, considering multi-surface morphology, and interpret-
ing structural changes such as wear, erosion, or cavities in
the context of the full dentition. Existing AI-based methods
do not encode these diagnostic heuristics, so they fail to re-
flect how clinicians reason through a diagnosis and result in
a lack of interpretability.

The emergence of Generative AI (GenAI), particularly
Vision-Language Models (VLMs) [2, 5, 6, 18, 25] trained
on large-scale image-text pairs, introduce new possibili-
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ties for advancing automated dental diagnosis. These mod-
els learn from various image-understanding tasks (e.g., im-
age captioning, visual question answering, object detec-
tion) across different domains. However, applying VLMs
to dentistry [10, 26] typically require additional domain-
specific datasets annotated by experts, leading to substan-
tial labeling costs and systems that often overfit to narrow
clinical imaging conditions. Recent work also introduces
VLMs [23] and benchmark datasets tailored for medical
imaging [15], but these efforts continue to focus on pro-
fessionally captured modalities such as radiographs or in-
traoral photographs obtained with specialized devices rather
than accessible smartphone-based images. These limita-
tions highlight the need for an approach that minimizes re-
liance on dental-specific annotations and controlled clinical
imaging environments while effectively leveraging the ex-
isting capabilities of modern VLMs.

To address these challenges, we propose OMNI-Dent,
an explainable and data-efficient diagnostic framework de-
signed to emulate the reasoning process of dental clini-
cians and to serve as an early, first-line assistive tool for
identifying subtle abnormalities. OMNI-Dent operates on
multi-view smartphone photographs consisting of frontal,
upper occlusal, and lower occlusal views, making it suit-
able for use outside specialized clinical imaging environ-
ments. A key component of the framework is a clinical
reasoning module that directs a general-purpose VLM to
follow expert-defined diagnostic steps, enabling tooth-level
evaluation without any fine-tuning of the VLM. The goal
is to provide accessible, initial screening support that helps
individuals detect potential dental issues at an early stage
and determine when professional care is warranted. We
examine how a state-of-the-art VLM pretrained on broad
image-text corpora can be guided to follow clinician-like di-
agnostic reasoning. By leveraging relational cues within the
dentition and embedding expert heuristics, OMNI-Dent per-
forms tooth-level diagnosis while retaining the VLM’s gen-
eral visual capabilities. Operating directly on smartphone
photographs rather than specialized clinical images enables
early at-home assessment for individuals who face barriers
to in-person evaluation, including those in underserved or
geographically isolated communities.

We summarize the main contributions of this work as
follows:
• We present OMNI-Dent, an explainable and data-efficient

diagnostic framework that performs tooth-level diagno-
sis from smartphone photographs using a general-purpose
VLM, without any fine-tuning.

• We propose a clinical reasoning module that guides the
VLM through structured diagnostic steps inspired by how
dental professionals evaluate teeth, using explicit visual
cues to support reliable tooth-level interpretation.

• We demonstrate how state-of-the-art VLMs perform den-

tal imaging tasks in both zero-shot and few-shot in-
context learning (ICL) settings, achieving strong quanti-
tative performance across multiple diagnostic categories.

• We highlight the potential of OMNI-Dent as an early at-
home screening tool that operates on smartphone pho-
tographs, offering accessible diagnostic support for indi-
viduals who face barriers to in-person dental care.

2. Related Work
2.1. Accessible dental diagnosis
Oral health represents an essential component of overall
health and quality of life, yet access to dental care remains
uneven across populations. Prior work shows that individ-
uals in underserved or geographically isolated communi-
ties [20] continue to face substantial barriers in obtaining
timely professional evaluation. Existing studies [4, 11–
14, 16, 22] therefore explore teledentistry as a remote di-
agnosis framework to facilitate online diagnosis and con-
sultation for individuals who cannot easily reach a clinic.
Specifically, recent work [16] evaluates the diagnostic ac-
curacy of smartphone photographs for traumatic dental in-
juries (TDI), demonstrating strong potential for expand-
ing remote dental care through smartphone-based assess-
ment. Although existing studies report encouraging di-
agnostic performance for teledentistry-based assessments,
these services still depend on human experts to interpret re-
motely submitted information. This dependence introduces
practical constraints because expert availability and the re-
sources required for remote evaluation are not reliably ac-
cessible in a timely manner.

2.2. AI for Dental Diagnosis
AI-based methods increasingly serve dental diagnosis, with
prior work [1, 7, 21, 24, 27] primarily adopting convolu-
tional neural networks and other image-driven architectures
to identify conditions in radiographs [7] and clinical pho-
tographs [27]. Training these models typically relies on su-
pervised learning with dental images, which requires large
amounts of task-specific data that share similar visual ap-
pearances and diagnosis codes, along with expert-annotated
labels that demand substantial human effort. Although these
approaches learn visual patterns associated with disease,
they still treat diagnosis primarily as a pattern recognition
task, which makes it difficult to understand how the model
reaches a particular decision and results in limited inter-
pretability.

2.3. VLM for Dental Diagnosis
Vision-language models, particularly Large-VLMs that
combine a visual encoder with an LLM-style decoder to
generate natural language descriptions of images (e.g.,
GPT4 [2], OVIS [18], Qwen [5], and the InternVL se-
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ries [6, 25]), demonstrate strong capabilities across gen-
eral visual-linguistic tasks and support the integration of vi-
sual information with textual interpretation and reasoning.
VLMs learn from large amounts of image-text pairs that in-
clude tasks such as image captioning and visual question an-
swering (VQA). In addition, in-context learning (ICL) en-
ables the models to adapt from general-purpose training to
domain-specific tasks without additional training by using
relevant question-answer pairs as references during infer-
ence.

To leverage these general-purpose VLMs for dentistry,
recent studies [10, 26] apply them to dental diagnosis and
report promising performance in both diagnostic reason-
ing and explainability. DentalVLM [10] uses a large-scale
bilingual dataset of oral images paired with visual question-
answer annotations, covering multiple 2D dental imaging
modalities and a broad range of diagnostic tasks. How-
ever, these approaches rely on extensive image-text anno-
tations that require domain experts to manually inspect and
describe each case, making it difficult to apply these meth-
ods across the wide variety of specific dental cases encoun-
tered in practice. Furthermore, interest continues to grow
in vision–language foundation models for medical applica-
tions. MedGemma [23], for example, introduces a VLM
that leverages medical training data, and MMOral [15] pro-
vides a benchmark dataset for general medical analysis with
VLMs. However, these models and datasets still primar-
ily rely on specialized clinical imaging such as X-rays or
2D/3D CT/MRI slices, which limits their direct applicabil-
ity to accessible, smartphone-based dental photographs.

3. OMNI-Dent
In this section, we describe the design and implementa-
tion of OMNI-Dent. Sec. 3.1 presents an overview of
the full diagnostic pipeline and its multi-view input set-
ting. Sec. 3.2 details the tooth-level identification mod-
ule, which localizes and indexes each tooth from the in-
put views. Sec. 3.3 explains the clinical reasoning module,
which replicates expert diagnostic workflows through struc-
tured, expert-defined instructions applied to a pretrained
VLM. Sec. 3.4 describes the diagnosis integration module,
which consolidates per-view predictions into an individual-
level diagnostic summary.

3.1. Framework Overview
Figure 1 shows the overview of OMNI-Dent. OMNI-Dent

takes a set of multi-view smartphone photographs as input,
captured from each individual. The inputs consist of three
perspectives: (1) a frontal view, (2) an upper occlusal view,
and (3) a lower occlusal view, all acquired using commonly
available and widely accessible smartphones. These com-
plementary views reveal tooth surfaces that are not fully vis-
ible from a single angle and provide sufficient visual diver-

Dentists’ diagnostic 
decision-making

Multi-view smartphone 
photographs

Tooth Detection

Clinical Reasoning

Diagnosis 
Integration

OMNI-Dent

Detected diagnostic 
condition and reasoning

“Wear” not presents 
on tooth id 24, as it 
shows normal 
morphology without 
visible flattening, 
notching, or shiny 
wear facets

“Wear” presents on 
tooth id 10, indicated 

by a smooth, shiny 
surface and 

a slightly flattened 
appearance

“Wear” presents as flattened 
or worn biting surfaces of the 

teeth. When evaluating 
attrition, I first focus on …

…

Module 1

Module 2

Module 3

Figure 1. Overview of OMNI-Dent. Replicating dentists’ clinical
diagnostic reasoning processes, the framework processes multi-
view smartphone photographs through tooth detection, clinical
reasoning, and diagnosis integration modules. The output of
OMNI-Dent provides tooth-level diagnostic conditions with cor-
responding reasoning.

sity to support reliable tooth-level analysis under real-world
imaging conditions.

OMNI-Dent comprises three main components: the
tooth identification module (Sec. 3.2), the clinical reason-
ing module (Sec. 3.3) and the diagnosis integration module
(Sec. 3.4). The tooth-level identification module directly lo-
calizes each visible tooth across the multi-view inputs and
assigns its identifier according to the universal numbering
system, thereby establishing precise and standardized in-
dexing. The clinical reasoning module predicts diagnostic
conditions by replicating expert-provided natural-language
diagnostic steps. The diagnosis integration module consol-
idates the overall diagnosis for each tooth. The framework
outputs a tooth-level diagnostic condition along with a cor-
responding reasoning description.

3.2. Tooth Detection Module

The tooth detection module aims to localize each tooth
in the input images and assign its corresponding univer-
sal tooth-numbering identifier. This step is essential for the
clinical diagnosis stage (Sec. 3.3) because it provides ex-
plicit tooth-level visual guidance, ensuring that the VLM
focuses on clinically relevant evidence at the tooth level
rather than relying on broader or ambiguous image regions.
We formulate this task as an object detection problem and
adopt a YOLOv11-based [17] model to perform joint lo-
calization and tooth-ID classification. We train the detector
on tooth-level annotations and predicts bounding boxes to-
gether with their universal numbering labels, enabling con-
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sistent and standardized indexing across images.

3.3. Clinical Reasoning Module
Visual Input Setting. After the tooth detection module,
OMNI-Dent assigns a bounding box and the correspond-
ing universal tooth number to each detected tooth and over-
lays this information on the image, following the general
paradigm of VQA-style queries used in LVLMs (e.g., ask-
ing a model to identify the object highlighted by a blue
bounding box). This setup specifies the individual tooth
region and provides a consistent reference for subsequent
processing. By retaining the bounding box while preserv-
ing the full image context, the framework enables the model
to consider the target tooth in relation to adjacent and con-
tralateral teeth, which is essential for capturing the compar-
ative patterns and structural relationships used in clinical
reasoning.

Clinical Reasoning guidance. The clinical reasoning
module aims to replicate the diagnostic workflow of human
dental experts within a VLM pretrained on large-scale, di-
verse data. To achieve this goal, OMNI-Dent introduces
expert-defined guidance that encodes the procedural steps,
visual criteria, and heuristic assessments used in clinical
practice.

Figure 2 illustrates the three-step diagnostic reasoning
process. First, OMNI-Dent begins with role assignment
and primary assessment, a step that localizes early indica-
tors by specifying the anatomical regions to examine and
the morphological or chromatic cues associated with each
condition category. Second, OMNI-Dent performs struc-
tural and pattern verification. This step incorporates heuris-
tic patterns routinely applied by clinicians, including con-
tralateral comparison for symmetry assessment, evaluation
of adjacent-tooth relationships to identify cross-tooth pat-
terns, and consistency checks across multiple views of the
same tooth. Finally, OMNI-Dent generates the final diagno-
sis by integrating the findings from the previous steps. The
VLM processes these stages sequentially while retaining in-
termediate reasoning states, enabling it to emulate clinical
diagnostic logic without requiring large-scale dental fine-
tuning. For the VLM, we employ the InternVL3 [25] model,
a state-of-the-art vision-language framework pretrained on
large-scale image-text data.

3.4. Diagnosis Integration Module
After generating diagnoses for each image, the diagno-
sis integration module aggregates the per-tooth predictions
across all views to produce a consolidated condition sum-
mary for each individual. In addition to assigning condition
labels, the module also retains the accompanying reason-
ing outputs, enabling the framework to provide explanations
that remain aligned with the underlying diagnostic logic.

4. Experiments
4.1. Datasets
We evaluate OMNI-Dent using a multi-view dental image
dataset, collected at clinical and research settings in the
USA and Thailand, with appropriate IRB approval. This
paper focuses exclusively on adult participants from the
dataset. Each participant contributes three smartphone pho-
tographs consisting of frontal, upper occlusal, and lower oc-
clusal views. Licensed dental professionals provide tooth-
level diagnostic labels. Given the lower diagnostic accuracy
reported for assessing posterior teeth using smartphone-
captured images [14], we focus on the upper and lower an-
terior teeth, including the central incisors, lateral incisors,
and canines on both sides, for a total of twelve teeth. Under
the Universal Numbering System, the corresponding teeth
are 6–8, 9–11, 22–24, and 25–27. This design choice en-
sures consistent visibility across participants and supports
reliable evaluation under real-world smartphone imaging
conditions. We fully de-identify all images prior to anal-
ysis, and data collection and use follow appropriate ethics
approval and informed consent. Due to privacy and consent
constraints, the dataset remains under restricted access and
is not publicly available.

Tooth Detection. To identify the exact location of each
tooth for the tooth detection module, we manually anno-
tate bounding boxes for every individual tooth along with
its FDI tooth number, resulting in 313 annotated images in
the dataset. We train the object detection model using a two-
step supervised learning strategy: we first pretrain it on 5K
open-source tooth-detection images from Roboflow [8, 9],
and then fine-tune it on 229 manually annotated smartphone
images to align the model with real-world imaging condi-
tions. We evaluate the model on a separate set of 84 man-
ually annotated images from 26 participants, which we do
not include during fine-tuning.

Tooth diagnosis. To ensure fair evaluation of the full end-
to-end framework, we consistently use the same 84 images
from the 26 participants for assessing the performance of
OMNI-Dent and its components. We evaluate OMNI-Dent
on overall abnormality, which refers to whether each tooth
shows any abnormal condition, including tooth wear, un-
complicated crown fracture, or dental caries. We also report
the performance for each of the three diagnostic categories
individually.

4.2. Evaluation Metrics
To evaluate tooth localization in the tooth detection mod-
ule, we measure multi-class object detection performance,
covering both bounding-box localization and tooth ID clas-
sification. For the overall diagnosis evaluation of OMNI-
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Localizing Early Indicators

Step 1. Role Assignment & Primary Assessment

Step 2. Detailed Assessment

Structural and Pattern Verification

Step 3. Final Assessment

Final Diagnosis Generation

“  Based on all findings from Step 1 and Step 2, 
determine whether tooth wear is present on the boxed tooth. Use this dentist-aligned rule:

- If the tooth shows surface flattening, cervical wedge defects, V-shaped notches, rounded erosive concavities, polished 
planes, or color changes indicating enamel loss, classify wear as present.

- If none of these changes appear and the tooth maintains normal contours, color, and surface texture, classify wear as 
not present.

- If visibility is too poor to determine (blur, glare, shadow, occlusion), classify as not present but indicate uncertainty in 
the reason.  ”

“  You are an AI dental assistant. Examine only the tooth highlighted by the blue bounding box.
Identify early indicators of tooth wear (attrition, abrasion, abfraction, or erosion).
Use the dentist’s reasoning:

- First determine *where* the surface change occurs: biting edge, cervical area, broad facial/lingual surface, or 
occlusal surface.

… 
- Inspect the incisal/occlusal edge for flattening, shortening, or polished shiny surfaces (possible attrition).
- Inspect the gumline region for narrow, wedge-like, or V-shaped notches (possible abfraction/abrasion) ”

“ Evaluate wear-specific structural, contour, and texture changes in detail.
Follow the dentist’s reasoning:

- Look for smooth, flat, polished surfaces on the biting edges, indicating attrition.
- Look for deep, narrow, sharply defined wedge or slit-like notches at the gumline, indicating abfraction.

…
- Look for rounded, softened, shallow concavities across facial or lingual surfaces, indicating erosion.
- Assess reflection patterns: polished shiny → attrition/abrasion; softened matte → erosion. ”

Clinical Reasoning Module

Example of Clinical Reasoning Guidance for Tooth Wear

Step 1

Step 2

Step 3

Figure 2. Three-step diagnostic reasoning in the clinical reasoning module (left). For example, the module assesses tooth wear in three
stages (right), replicating a dentist’s diagnostic process: Step 1 localizes early surface changes; Step 2 examines structural and textural
patterns using clinician-guided criteria (e.g., attrition, abfraction/abrasion, erosion); and Step 3 integrates these findings to produce the
final diagnosis.

Dent, we report tooth-level precision, recall, and F1-score
to quantify how well the model’s predictions align with ex-
pert diagnoses across the assessed condition categories.

4.3. Baselines
To assess the contribution of each component in OMNI-
Dent, we compare the framework with three baseline set-
tings while keeping the same VLM across all experiments.
In the first baseline, the VLM analyzes cropped single-tooth
images without any clinical reasoning guidance (Exp-1). In
the second baseline, the model receives full images without
tooth-level localization cues or reasoning guidance (Exp-2).
In the third baseline, the model processes full images with
a single-tooth bounding box but still does not receive any
clinical reasoning prompts (Exp-3). These baselines allow
us to isolate the effects of visual input configuration and
clinical reasoning guidance, enabling a controlled compari-
son with the full OMNI-Dent setup. For all baseline condi-
tions, we use a general VQA-style question that omits clini-
cal reasoning cues and asks the model to determine whether
specific diagnostic categories (e.g., dental caries or tooth
wear) are present based solely on its overall visual impres-
sion of the individual tooth.

4.4. Implementation Details
We conduct all experiments for OMNI-Dent on a GPU
server equipped with NVIDIA A100-SXM4-40GB GPUs,
using the same hardware configuration for both tooth de-

tection inference and clinical reasoning. For the clinical
reasoning module, we employ the InternVL3 model with
approximately 14 billion parameters as the VLM back-
bone. We use the model in its pretrained form without any
task-specific fine-tuning. For the tooth detection module,
we train a YOLOv11-based [17] detector using supervised
learning. We train the model using the Adam optimizer with
an initial learning rate of 1e-3 for pretraining and 1e-4 for
fine-tuning, a batch size of 48, and a total of 40 training
epochs. The loss function follows the standard YOLOv11
formulation [17], incorporating bounding-box regression,
objectness prediction, and multi-class classification terms.
We pretrain the detector on open-source datasets and fine-
tune it on manually annotated images from the Minnesota
State Fair dataset to better reflect real-world smartphone
imaging conditions.

5. Results

5.1. Framework Evaluation
Table 1 reports the evaluation results for OMNI-Dent. We
first examine overall abnormality, which indicates whether
each tooth shows any condition such as tooth wear, uncom-
plicated crown fracture, or dental caries. We then present
observations for each diagnostic category individually.

Overall abnormality. The overall abnormality category
includes tooth wear, uncomplicated crown fracture, and
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Diagnosis Category Experiment Visual Input Setting Clinical Reasoning Guidance Actual Positive TP FP FN Precision Recall F1-score

Overall Abnormality

Exp-1 Cropped single-tooth image No

271

89 25 182 0.78 0.32 0.46
Exp-2 Full image No 155 22 116 0.87 0.57 0.69
Exp-3 Full image + single tooth bounding box No 141 33 130 0.81 0.52 0.63
OMNI-Dent Full image + single tooth bounding box Yes 264 62 7 0.80 0.97 0.88

Wear

Exp-1 Cropped single-tooth image No

215

38 29 177 0.56 0.17 0.26
Exp-2 Full image No 86 38 129 0.69 0.40 0.50
Exp-3 Full image + single tooth bounding box No 68 29 147 0.70 0.31 0.43
OMNI-Dent Full image + single tooth bounding box Yes 206 115 9 0.64 0.95 0.76

Uncomplicated
Crown Fracture

Exp-1 Cropped single-tooth image No

43

0 3 43 0.00 0.00 0.00
Exp-2 Full image No 1 1 42 0.50 0.02 0.04
Exp-3 Full image + single tooth bounding box No 0 3 43 0.00 0.00 0.00
OMNI-Dent Full image + single tooth bounding box Yes 27 159 16 0.14 0.62 0.23

Dental Caries

Exp-1 Cropped single-tooth image No

16

5 41 11 0.10 0.31 0.16
Exp-2 Full image No 7 84 9 0.07 0.43 0.13
Exp-3 Full image + single tooth bounding box No 11 82 5 0.11 0.68 0.20
OMNI-Dent Full image + single tooth bounding box Yes 11 59 5 0.15 0.68 0.25

Table 1. Evaluation results across four experimental settings for overall abnormality detection and three diagnostic categories (tooth wear,
uncomplicated crown fracture, and dental caries). Bold values indicate the best performance, and underlined values indicate the second-
best.

dental caries, totaling 271 positive cases. This setting best
reflects OMNI-Dent’s role as an early-stage screening tool.

Across the baselines, Exp-1 produces the lowest perfor-
mance because the cropped single-tooth image removes sur-
rounding anatomical context and prevents the VLM from
leveraging cross-tooth relationships. Exp-2 and Exp-3
achieve similar performance levels: Exp-2 gains broader
visual cues from the full image, and Exp-3 stabilizes atten-
tion by highlighting the target tooth, but both settings still
lack the diagnostic reasoning needed to detect subtle ab-
normalities. As a result, the best baseline score appears in
Exp-2 with an F1-score of 0.69. In contrast, OMNI-Dent
reaches an F1-score of 0.88, outperforming all baselines by
a substantial margin. Notably, OMNI-Dent achieves this
improvement without any additional training that relies on
large-scale annotations, highlighting the effectiveness of ex-
plicit visual guidance and clinical reasoning in enabling a
general-purpose VLM to perform reliable abnormality de-
tection.

Tooth Wear. Tooth wear includes 215 positive cases, the
largest among the diagnostic categories. Exp-1 produces the
lowest performance because the cropped single-tooth view
removes adjacent-tooth context and prevents the VLM from
comparing surface patterns across neighboring teeth. This
limitation results in an F1-score far below that of OMNI-
Dent, which improves performance by 0.5. Exp-2 and Exp-
3 achieve higher scores than Exp-1 by providing full-image
context or explicit localization, yet both settings still fall
short of OMNI-Dent by a substantial margin, with F1-score
differences of 0.26–0.29. These gaps highlight that, even
under the same VLM, reliable tooth-wear detection requires
both explicit visual guidance and clinical reasoning cues.

Uncomplicated Crown Fracture. Uncomplicated crown
fracture includes 43 positive cases and typically appears
as subtle enamel fractures or faint craze lines involving
dentin [3]. These features challenge visual interpretation in
smartphone photographs, especially when images are blurry
or cues are minimal. These characteristics make uncom-
plicated crown fractures particularly difficult for a general-
purpose VLM to recognize in smartphone photographs, and
all baseline settings perform extremely poorly as a result.
Exp-1, Exp-2, and Exp-3 all yield near-zero F1-scores (with
the best baseline reaching only 0.04). In contrast, OMNI-
Dent attains an F1-score of 0.23, representing a substan-
tial improvement over all baselines and highlighting the
essential role of clinical reasoning guidance in detecting
fine-grained structural defects. Identifying uncomplicated
crown fractures requires deliberate evaluation of enamel
continuity across multiple views, a process that general-
purpose VLMs cannot perform without explicit reasoning
guidance.

Dental Caries. Dental caries includes 16 positive cases,
which makes the evaluation sensitive to small prediction er-
rors. Exp-1 relies solely on a cropped view and often con-
fuses staining or food debris with dental caries, which low-
ers precision. Exp-2 adds global context but provides no
localization, causing the model to attend to irrelevant re-
gions and further degrade precision. Exp-3 localizes the
target tooth and improves recall, yet the VLM still struggles
to differentiate discoloration from true lesions without diag-
nostic reasoning. While both OMNI-Dent and the baselines
show lower precision than recall for dental caries detection,
OMNI-Dent improves recall to 0.68 and attains an F1-score
of 0.25, outperforming the baseline methods, which remain
substantially lower in both recall and F1-score.
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Category Experiment Precision Recall F1-score
Uncomplicated
Crown Fracture

OMNI-Dent 0.14 0.62 0.23
OMNI-Dent+ ICL 0.30 0.37 0.33

Dental Caries OMNI-Dent 0.15 0.68 0.25
OMNI-Dent+ ICL 0.25 0.06 0.10

Table 2. Comparison of OMNI-Dent and OMNI-Dent + ICL on
two diagnostic categories. Bold indicates the best score.

Evaluation Summary. Across all diagnostic categories,
OMNI-Dent consistently outperforms the baseline configu-
rations by a large margin. Exp-1, Exp-2, and Exp-3 each
reveal different limitations of a general-purpose VLM, such
as restricted context, ambiguous localization, or the absence
of diagnostic reasoning, which lead to low recall and un-
stable performance. In contrast, OMNI-Dent combines ex-
plicit visual guidance with clinical reasoning and achieves
substantial gains without any additional annotation-heavy
training. These results demonstrate that clinical reasoning
guidance is essential for enabling a VLM to reliably inter-
pret subtle dental cues in real-world smartphone images.
Furthermore, we provide an analysis of common failure pat-
terns in the Section 6.1.

5.2. In-Context Learning (ICL) Capabilities

In-context learning (ICL) allows VLMs to adapt to domain-
specific tasks without additional training by referencing a
few example question–answer pairs during inference. In
this work, we further examine whether OMNI-Dent ben-
efits from ICL when diagnosing subtle dental conditions.
For each patient, the dataset includes paired views of the
same tooth (e.g., frontal and occlusal). We construct an
ICL prompt using two paired images that include the tooth
bounding box and the corresponding expert-provided diag-
nosis. At inference time, we provide two such reference
pairs (four images in total) and evaluate the model’s predic-
tions on a separate image of the same tooth.

We evaluate ICL on uncomplicated crown fracture and
dental caries, the two categories with the most subtle and
variable visual appearances. Table 2 reports the quantitative
results. ICL yields a clear improvement for uncomplicated
crown fracture, raising the F1-score from 0.23 to 0.33. Be-
cause fracture lines exhibit relatively consistent structural
cues across views, the reference examples help the VLM
better distinguish these defects from normal surface tex-
ture. In contrast, ICL does not improve performance for
dental caries. Caries exhibits highly variable visual patterns
and often resembles staining or food debris. With only two
paired ICL examples, the model lacks sufficient information
to resolve these ambiguities, and the additional examples
may even narrow or distort the model’s internal decision
patterns.

Pretrained fine-tuned Precision Recall F1-score

Yes No 0.80 0.79 0.80
Yes Yes 0.96 0.89 0.92

Table 3. Tooth detection performance before and after fine-tuning
on smartphone images.Bold indicates the best score.

5.3. Tooth detection evaluation

We evaluate the performance of the tooth detection module
by examining the impact of the two-step training strategy.
We first pretrain the detector on open-source tooth-detection
images, each containing bounding-box annotations for indi-
vidual teeth. We then fine-tune the model on manually an-
notated images from the dataset to adapt the detector to real-
world smartphone imaging characteristics. Table 3 summa-
rizes the detection results. The pretrained model achieves a
precision of 0.80, a recall of 0.79, and an F1-score of 0.80,
indicating reasonable transferability from general-purpose
tooth images. After fine-tuning on smartphone-specific im-
ages, performance improves substantially, reaching a pre-
cision of 0.96, a recall of 0.89, and an F1-score of 0.92.
These results demonstrate that domain adaptation through
fine-tuning is crucial for reliable tooth localization and ID
classification in smartphone photographs.

6. Discussion

6.1. Failure Cases Analysis

We examine the failure cases of OMNI-Dent to understand
the diagnostic errors that arise in smartphone images. Be-
cause OMNI-Dent produces explicit tooth-level reasoning
for each prediction, we can directly inspect the visual cues
and decision steps that lead to misclassification. This inter-
pretability enables a more detailed and clinically meaning-
ful failure analysis than prediction-only models.

For tooth wear, errors often occur when the occlusal sur-
face is not clearly visible. In these situations, the model
relies on secondary cues such as the incisal edge, where
mild flattening or reflections can resemble attrition and lead
to overdiagnosis. For uncomplicated crown fracture, false
positives frequently arise from normal surface irregularities
or reflections that mimic faint enamel fractures. Illumina-
tion and viewing angles in smartphone photographs can ex-
aggerate these cues, making trauma detection particularly
difficult. For dental caries, staining or food debris often cre-
ates dark regions that resemble early carious lesions. Lim-
ited contextual information and the small number of caries
cases increase the likelihood of misinterpreting these re-
gions as pathological.
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6.2. Clinical Implications
OMNI-Dent suggests that a general-purpose VLM, when
guided by expert-defined diagnostic reasoning, can ap-
proximate key aspects of clinical decision-making with-
out requiring labor-intensive fine-tuning on large, expert-
annotated dental datasets. The strong recall achieved across
all diagnostic categories is particularly meaningful for an
assistive tool intended to encourage timely dental care, as
it reduces the likelihood of missed abnormalities that could
otherwise delay treatment.

In addition, the stepwise reasoning outputs generated
by OMNI-Dent provide interpretable justifications aligned
with clinical logic, which may support early-career clini-
cians and offer patients clearer explanations of why a find-
ing warrants professional evaluation. These explicit rea-
soning traces also contribute to explainable AI by reveal-
ing how the model arrives at its conclusions, enabling more
targeted feedback and facilitating iterative refinement of the
system’s diagnostic behavior. Consequently, OMNI-Dent
has the potential to connect accessible smartphone-based
imaging with clinically informed diagnostic guidance, im-
proving access to preliminary oral health assessment for in-
dividuals in underserved or marginalized communities who
face barriers to timely professional care.

6.3. Deployment Considerations
Considering that OMNI-Dent operates on widely accessible
smartphone photographs, it supports deployment in settings
that lack specialized dental imaging equipment. However,
reliable and effective deployment depends on several fac-
tors. First, the system guides users to capture images of
sufficient quality to ensure reliable tooth localization and di-
agnosis. Second, privacy protections play a critical role, as
smartphone images may include identifiable facial features
or metadata, and the system handles this information se-
curely. Finally, although the system demonstrates strong re-
call, it does not replace professional diagnosis. Appropriate
human oversight remains necessary, and deployment em-
phasizes that the system provides preliminary assessments
to assist, rather than substitute, clinical judgment.

6.4. Limitations
Despite the promising findings, OMNI-Dent exhibits sev-
eral limitations. First, the evaluation dataset includes lim-
ited size and demographic diversity, which may constrain
generalizability across broader populations and imaging
conditions. Certain conditions, such as decay, appear infre-
quently in the dataset (e.g., 15 instances), reducing the relia-
bility of condition-specific performance estimates. Second,
improving diagnostic performance (Sec. 3.3) remains chal-
lenging for conditions whose visual presentation is subtle
or easily confused with normal variations (e.g., uncompli-
cated crown fracture). These cases often lack distinct vi-

sual boundaries and may require additional contextual or
non-visual information for reliable differentiation. Third,
the current framework performs limited reasoning during
the aggregation of multi-view predictions. The diagno-
sis integration module (Sec. 3.4) does not yet incorporate
view-specific contextual descriptions or confidence-based
weighting, which may lead to less reliable combined diag-
noses across views.

6.5. Future Work
Future work will expand the diagnostic scope of OMNI-
Dent and improve its robustness under real-world smart-
phone imaging conditions. Extending the set of diag-
nostic categories, including restorations and other clini-
cally relevant conditions, and improving the reliability of
the tooth detection module (Sec. 3.2) across diverse vi-
sual presentations remain important directions. Future
work will also strengthen the clinical reasoning module
(Sec. 3.3). Exploring medical-domain VLMs, integrat-
ing external knowledge sources, and enhancing reason-
ing through in-context learning (ICL) may improve perfor-
mance for conditions with subtle or ambiguous cues. In ad-
dition, refining multi-view aggregation with view-specific
context or confidence-based weighting in the diagnosis in-
tegration module (Sec. 3.4) may further improve diagnostic
consistency. Finally, prospective evaluations in clinical and
community settings will be essential for assessing usability,
user trust, and the broader impact of OMNI-Dent, partic-
ularly for populations with limited access to professional
care.

7. Conclusion

This paper presents OMNI-Dent, an explainable and data-
efficient framework for automated dental diagnosis us-
ing multi-view smartphone photographs. By combining
tooth-level detection with expert-defined clinical reason-
ing instructions, the framework enables a general-purpose
VLM to emulate structured diagnostic workflows without
large-scale dental fine-tuning. Experimental results show
that OMNI-Dent consistently outperforms baseline config-
urations across all evaluated conditions, which is essen-
tial for an assistive system intended to encourage timely
professional evaluation. Through its integration of clini-
cally grounded reasoning, transparent outputs, and accessi-
ble imaging requirements, OMNI-Dent contributes toward
more interpretable, reliable, and widely accessible dental
assessment that may benefit individuals with limited access
to direct dental care.
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