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1. Related Work
1.1. VLMs for Dental Panoramic X-ray
Vision–language models (VLMs) have shown strong poten-
tial in oral radiology by unifying image understanding, den-
tal knowledge, and diagnostic report generation. However,
they face persistent challenges including limited domain-
specific data, scarcity of fine-grained tooth-level annota-
tions, factual reliability, and privacy constraints [7]. Re-
cent dental VLMs [9] typically adopt a two-stage pipeline:
(i) perform vision–language alignment or basic VQA-style
modeling, and (ii) apply instruction tuning with rationales
to enhance open-ended descriptions and clinical coher-
ence [18]. Parallel to these efforts, several domain-specific
datasets and benchmarks have emerged. OralGPT [5] intro-
duces a five-dimension evaluation showing that both gen-
eral and medical VLMs exhibit large performance gaps on
tooth-level and region-grounded diagnostic tasks, but that

in-domain instruction tuning can markedly improve accu-
racy. DentalBench [22] further provides the first compre-
hensive bilingual benchmark and corpus for dental LLM
evaluation, demonstrating that domain adaptation is crucial
for performing specialized tasks such as intervention clas-
sification or pathology interpretation. Methodologically,
these works often rely on structured cues—such as FDI
tooth indices, treatment records (filling, crown, RCT, im-
plant), and similarity-based pseudo-labeling—to compen-
sate for supervision shortages and improve interpretabil-
ity. Yet despite superior textual expressiveness, existing
models still rely on single-pass inference and lack explicit
representations of the multi-step inspection and contralat-
eral comparison that dentists routinely perform. Unlike
prior single-pass dental VLMs, OralGPT-Plus introduces
the first agentic panoramic dental VLM capable of iterative
diagnostic reasoning. Through curated multi-turn trajecto-
ries (DentalProbe), explicit diagnostic tools (“Zoom-In” +
“Mirror-In”), and reinspection-driven reinforcement learn-
ing, OralGPT-Plus aligns directly with real clinical work-
flows rather than relying solely on static image–text align-
ment.

1.2. Thinking with Images in VLMs
Recent advances in multimodal reasoning have introduced
the paradigm of “thinking with images,” where VLMs dy-
namically interact with images through tools such as zoom-
ing, cropping, and region selection [3, 8, 11, 16, 17, 21].
This allows models to refine hypotheses and perform multi-
step visual analysis. However, existing approaches lack
medical priors, do not leverage expert multi-step trajec-
tories, and may exhibit uncontrolled exploration, making
them unsuitable for clinical diagnosis. Panoramic dental ra-
diographs naturally fit this paradigm, as dentists routinely
zoom into subtle regions and compare symmetric struc-
tures. Yet prior work has not adapted thinking-with-images
to panoramic diagnosis. We address this gap by construct-
ing DentalProbe for expert-guided trajectories, introducing
“Mirror-In” for symmetry-aware inspection, and develop-
ing a reinspection-driven RL framework that aligns explo-
ration with diagnostic reliability.

2. Details of DentalProbe Curation

2.1. Data Statistics Details
As shown in Tab. 2, we integrate four publicly available
panoramic radiograph datasets and select part of suitable



Table 1. Categories of radiograph findings and abnormal conditions.
Some categories of radiograph findings and abnormal conditions

Apical Periodontitis Periapical Abscess Periapical Granuloma
Apical Sclerosing Osteitis Apical Rarefying and Sclerosing

Osteitis
Focal Osteomyelitis

Pericoronitis Periodontal Disease / Bone Loss Endo-Perio Combination Lesion
Implantitis / Peri-implantitis Mucous Retention Pseudocyst Osteoarthritis of the Condyle
Tonsilloliths Calcified Carotid Atheromatous

Plaque
Antrolith

Foreign Body Reaction Oroantral Communication Trauma from Occlusion
Dentigerous Cyst Odontogenic Keratocyst (OKC) Radicular Cyst
Incisive Canal Cyst Ameloblastoma Odontoma
Osteoma Malignancy (Suspected) Impacted Tooth
Supernumerary Tooth / Mesiodens Retained Deciduous Tooth Hyperplastic Follicle
Dilacerated Tooth Microdont Hypercementosis
Dense Bone Island / Idiopathic Os-
teosclerosis

Condylar Hyperplasia Condylar Hypoplasia

Atypical Condylar Morphology Large Marrow Defect Stafne Defect
Calcification of Stylohyoid Liga-
ment

Apical Cemento-Osseous Dyspla-
sia

Florid Osseous Dysplasia

Focal Cemento-Osseous Dysplasia Tooth Fracture / Vertical Root Frac-
ture

Jaw / Condylar Fracture

Osteopenia / Osteoporosis Remnant Root Fragment Root Resorption
Disuse Alveolar Atrophy Ankylosis Displacement of Fracture Fragment
Prosthetic Restoration Orthodontic Device Surgical Device
Implant Bone-based Findings Carious Lesion
Furcation Lesion

images: the Tufts Dental Database (380 images) [12], the
Children’s Panoramic Dataset (69 high-quality pediatric
cases) [19], the fully annotated DENTEX Challenge dataset
(678 images) [4], and the Diagnostics TEAM dataset (1435
images) [10]. Together, these sources contribute a total of
2,562 clinically annotated panoramic radiographs covering
multiple demographic groups, including both children and
adults, and originating from geographically diverse regions
such as the United States, China, Switzerland, Turkey, and
Romania. Across these datasets, more than 50 dental con-
ditions are labeled, including caries, periapical lesions, im-
pacted teeth, periodontal bone loss, prosthetic restorations,
orthodontic appliances, and rare developmental anomalies
(the details of diseases list are shown in Tab. 1). DEN-
TEX and Tufts provide tooth-level enumeration that fol-
lows the FDI two-digit notation system, while the pedi-
atric dataset contributes mixed-dentition cases that reflect
developmental-stage variability. This diverse and globally
distributed composition substantially enhances the repre-
sentativeness, robustness, and clinical generalizability of
the final DentalProbe dataset and MMOral-X benchmark.

2.2. Trajectory Construction Details.
In this section, we introduce the details of how we build the
trajectories of DentalProbe dataset.

To construct high-quality diagnostic trajectories, we de-
sign a multi-stage, multi-agent generation process that em-
ulates the reasoning workflow of dentists on panoramic X-
rays.

Step 1: Tooth Detection and Lesion Alignment. For
each OPG sample, a tooth-number detection expert model
identifies all tooth bounding boxes and aligns them with
the corresponding ground-truth radiograph findings anno-
tations. Findings are categorized into three types shown
in Tab. 4: (a) obvious findings, (b) subtle findings, and (c)
bone-based findings. This taxonomy guides the subsequent
proposal generation and reasoning flow.

Step 2: Proposal Generation. For subtle and bone-based
findings, we apply k-means clustering to the detected tooth-
level bounding boxes to generate multiple region proposals.
Each proposal represents a potentially ambiguous or hard-
to-diagnose area requiring focused analysis in later reason-
ing steps.



Table 2. Summary of Integrated Public Dental Datasets

Dataset Images Used Annotation Scope Region

Tufts [12] 380 Tooth & lesion labels; 5-level taxonomy USA

Children [19] 69 Pediatric segmentation & disease labels China

DENTEX [4] 678 Quadrant, enumeration, diagnosis (4 types) Switzerland/Turkey/USA

Diagnostics TEAM [10] 1435 Detection of 12 clinical conditions Romania

Total 2562 Fine-grained abnormality annotations Multi-region

Step 3: Multi-Agent Trajectory Synthesis We then con-
struct multi-turn reasoning trajectories under a rule-based
template:
• Round 1: The initial query Q1 focuses on global inspec-

tion. The model outputs A1 emphasizing obvious find-
ings and triggers a “Zoom-In” tool call to the detected
region.

• Round 2 and onward: The zoomed-in result becomes
the next-round input Qi+1, where the query template is
extended with contextual cues (“After the above Action
X...”). The model continues reasoning and generating the
corresponding answer Ai+1.

• Tool Selection with Multi-Agent Collaboration: For
each zoomed-in image, answer agent performs diagnos-
tic Q&A, while judge agent evaluates the answerability.
If the case can be correctly answered, the proposal is re-
tained under “Zoom-In”; otherwise, the system invokes
“Mirror-In” to create a symmetric comparison view. vi-
sual describe agent then produces detailed visual descrip-
tions for each step.

We employ GPT-5 [11] to perform different roles of this
multi-agent process, the prompts are shown in Fig. 14,
Fig. 15, Fig. 16, Fig. 17. This iterative process yields a com-
plete multi-turn diagnostic trajectory incorporating both lo-
cal inspection and symmetry-aware comparison.

Step 4: Linguistic Enhancement and Visual Alignment.
For each Q/A pair, we refine textual reasoning by inte-
grating two complementary sources: (i) standard radio-
graphic descriptions retrieved from Wikipedia according
to the ground-truth disease category, and (ii) visual fea-
tures extracted by agent 3. The merged content is rewritten
into coherent diagnostic narratives, ensuring consistency
between image evidence and textual explanation. For each
category, the radiographic descriptions we use can be seen
in Tab. 3.

Through this multi-agent, multi-round synthesis
pipeline, we obtain high-quality trajectories that encapsu-
late clinical reasoning patterns, structured tool usage, and
visually grounded explanations—serving as the foundation
for Dentist-like Instruction Tuning.

2.3. Teeth ID Detection.
For teeth id detection, we use the expert model from [5]
trained with 2796 samples from 3 open-sourced datasets as
shown in Tab. 5, which labeled with 1 to 32 tooth number-
ing following the FDI tooth numbering system. The teeth
detection ability is powerful and robust.

2.4. Dental-Aware Tool Design Details
Conventional agentic visual reasoning models commonly
rely on the “Zoom-In” operation to enlarge suspicious re-
gions for detailed observation. However, such a purely local
enhancement often neglects the inherent anatomical sym-
metry of the oral cavity. In clinical practice, dentists rou-
tinely perform “contralateral comparison” to analyze the
corresponding tooth or region on the opposite side of the
jaw—to evaluate whether a subtle finding (e.g., shadow,
opacity, or margin irregularity) reflects a true lesion or
merely a radiographic artifact. This diagnostic habit lever-
ages the structural bilateral symmetry of the dentition and
surrounding bone, providing a natural reference baseline for
uncertain cases.

Inspired by this clinical rationale, we transform oral
symmetry from an implicit prior into an explicit and callable
diagnostic action through a novel tool, ‘Mirror-In’. The
“Mirror-In” operation allows the model, after localizing a
potential lesion, to automatically retrieve the horizontally
symmetric region across the midline, thereby constructing
a paired comparison view that emulates human inspection
behavior. Formally, let I(x, y) denote the panoramic X-ray
image of width W . For a selected region [x1, x2]×[y1, y2],
the mirrored counterpart is defined as:

Imirror(x, y) = I(W − x, y),

(x, y) ∈ [x1, x2]× [y1, y2].
(1)

This operation reflects pixel coordinates along the verti-
cal midline and returns a horizontally flipped counterpart
of the selected patch, forming a structured dual-view pair
(Icrop, Imirror) for subsequent reasoning.

Compared with the conventional “Zoom-in” that focuses
solely on intra-patch details, the “Mirror-In” tool introduces
an inter-patch relational perspective. It enables the model to



Table 3. Categories and their radiographic descriptions retrieved from wiki and google webs.

Category Radiographic Description

Abnormal tooth
development

On panoramic radiographs, developmental abnormalities may involve tooth number,
size, shape, or internal structure. Common findings include supernumerary or missing
teeth, macrodontia, microdontia, dilaceration, dens in dente, ankylosis indicated by
loss of periodontal ligament space, impacted or unerupted teeth, and enlarged pulp
chambers such as taurodontism.

Caries Caries typically presents as a radiolucent area within the enamel or dentin. Shallow
lesions affect the enamel or outer dentin, moderate lesions reach the mid-dentin, and
deep lesions extend toward the pulp. Early lesions may be subtle due to overlapping
anatomy and reduced resolution in panoramic imaging.

Deep pits and fissures Deep occlusal pits and fissures are often poorly visualized on panoramic radiographs
because anatomical overlap hides early decay. Only advanced lesions penetrating
dentin may appear as radiolucent defects, while early changes remain masked.

Periapical periodontitis Appears as a radiolucent area surrounding the root apex or as widening of the peri-
odontal ligament space. Early lesions may only present slight thickening or loss of
lamina dura and can be difficult to detect due to superimposed anatomical structures.

Pulpitis Chronic pulpitis may show widening of the periodontal ligament space or discontinuity
of the lamina dura. Advanced pulpal inflammation may lead to periapical radiolucency
or areas of increased bone density (condensing osteitis).

Impacted tooth An impacted tooth appears as an unerupted or malpositioned tooth within the jawbone.
Its outline may be partially obscured or distorted by overlapping structures, resulting
in ghost images, blurry contours, or uncertain boundaries.

Periapical lesion A periapical lesion appears as an irregular radiolucent area at the root apex. Small
lesions may not be clearly visible due to the lower resolution of panoramic radiographs,
often necessitating periapical imaging or CBCT.

Carious lesion Carious lesions appear as radiolucent zones reflecting demineralization. Proximal
caries often display a triangular radiolucency with the base at the surface, whereas
early or mild lesions may appear as subtle lines, dots, or shadows that can be confused
with artifacts.

Apical periodontitis Presents as a periapical radiolucency or widened periodontal ligament space caused by
inflammatory bone loss at the root apex. Detection may be limited by superimposed
anatomical structures, and absence on panoramic imaging does not exclude disease.

Furcation lesion A furcation lesion appears as a radiolucent region between the roots of multi-rooted
teeth, representing bone loss or periodontal ligament widening. Early-stage involve-
ment may be poorly visualized on panoramic radiographs.

Root resorption Root resorption shows as radiolucent defects along the root surface or within the root
structure. External resorption produces irregular root outlines, while internal resorption
appears as a smooth, symmetrical enlargement of the pulp chamber or canal.

Root fragment A retained root fragment appears as a distinct radiopaque fragment separated from the
main root, often irregular in shape and embedded in the alveolar bone.

Bone resorption Bone resorption appears as thinning or loss of alveolar bone height, reduced cortical
density, and less-defined cortical outlines. In some cases, an onionskin-like appearance
may be present.

evaluate whether a suspected finding deviates from its sym-
metric counterpart, effectively providing a self-calibrated
“reference control.” This mechanism substantially miti-

gates diagnostic uncertainty arising from local exposure
imbalance, motion blur, or anatomical variation. For in-
stance, small carious lesions, enamel defects, or periapi-



Table 4. Three categories of radiographic findings used in our constructed multi-turn trajectories of DentalProbe dataset. Obvious findings
appear only in Round 1, bone-based findings and subtle findings appear in Round 2 and onward, Due to the large number of subtle findings,
we display only a subset of this type.

Category Finding Type Appearing Round(s)

Obvious findings Prosthetic restoration Round 1
Orthodontic device Round 1
Surgical device Round 1
Implant Round 1
Impacted tooth Round 1

Bone-based findings Bone resorption Round 2+

Subtle findings Carious lesion Round 2+
Apical periodontitis Round 2+
Furcation lesion Round 2+
Root resorption Round 2+
Root fragment Round 2+

Table 5. The details of the teeth ID detection model we use.

Dataset
Source Task Type Category Space Categories Training

Set mAP AP50

[1, 4, 12] Object Detection
1 to 32 tooth numbering
following the FDI tooth

numbering system
32 2798 66.1 98.9

cal radiolucencies can be better verified by comparing with
the healthy contralateral region. From a modeling stand-
point, “Mirror-In” enriches the agent’s observation space
with cross-quadrant contrastive cues, promoting relational
consistency and spatial awareness beyond the local recep-
tive field.

Clinically, the “Mirror-In” design resonates with the den-
tist’s habitual reasoning process—“see, compare, and con-
clude”—while computationally it offers a structured way
to embed symmetry priors into visual reasoning loops. By
enabling symmetry-aware contrastive inspection, our agent
achieves more stable judgments for subtle or low-contrast
abnormalities and demonstrates stronger generalization un-
der radiographic noise and patient-specific variation.

Table 6. Stability verification of using LLMs as judges: Standard
deviation and coefficient of variation (CV) are reported across four
VLMs from five repeated evaluations.

Model Mean StdDev CV %

GPT-5 [11] 32.88 0.18 0.54

Gemini-2.5-Flash [15] 25.60 0.24 0.96

GLM-4.5v [6] 15.70 0.33 2.16

Qwen2.5-VL-7B-
Instruct [2]

7.20 0.34 4.71

3. Stability and Consistency for Evaluation

In this section, we present the systemmatic analysis of the
evaluation metric for MMOral-X. The analysis can be seen
in 6 Since using LLMs as judges inevitably introduces ran-
domness, even with the temperature hyperparameter set to
0, we conduct multiple repeated experiments to verify the
stability of LLMs as judges. Specifically, we evaluate the
prediction results of GPT-5 [11], Gemini-2.5-Flash [15],
GLM-4.5v [6], and Qwen2.5-VL-7B-Instruct [2] on the
MMOral-X benchmark using GPT-5-mini [11] with the
same prompt five times. The obtained mean, standard devi-
ation, and coefficient of variation (CV) of the metric “over-
all” are shown in Table 6. For proprietary models, medical-
specific models, and general-purpose LVLMs, the standard
deviation of the metric ”overall” is no more than 0.212 when
evaluated 5 times using GPT-5-mini with our designed few-
shot prompt. Specifically, for the prediction results of GPT-
5, the standard deviation of the scores is 0.179, while for
Qwen3-VL-8B, the standard deviation is as low as 0.039.
Meanwhile, CV (Coefficient of Variation), as a standard-
ized measure of dispersion of a probability distribution, can
be used to assess the stability of scores across multiple ex-
periments. The CV values for the prediction results of these
four models, after being scored 5 times, are all around 0.5%,
which demonstrates the evaluation stability of using LLMs
as evaluators.



Figure 1. Rounds distribution after RL of OralGPT-Plus 7B and 3B.

4. Training Details

Table 7. Hyperparameters for training Qwen2.5-VL (7B and 3B)
models in dentist-like instruction tuning.

Hyperparameter Value

Epoch 3
LoRA Rank 8
LoRA α 16
LoRA Dropout 0.1
LoRA Target all
GPU 4 × NVIDIA A800
Batch Size 16
Gradient Accumulation Steps 8
Warmup Ratio 0.1
Learning Rate 1e-4
Learning Rate Scheduler Cosine
Unfreeze Vision Tower True

4.1. Hyperparameters of Training.
The hyperparameters of dentist-like instruction tuning and
Reinspection-driven reinforcement learning are shown in
Tab. 7 and Tab. 8. For instruction tuning, we follow the
basic setting of LLaMA-Factory [20]. For reinforcement
learning, we follow the setting of Mini-o3 [8] using Verl
framework [14].

4.2. Rubrics-based Reward
For rubrics-based reward, the prompt we use for can be seen
at Fig. 12 and Fig. 13.

4.3. Conditioned Diagnostic-Driven Reward
Following the confidence-gated curiosity mechanism in
PixelReasoner [16], we design a conditioned diagnostic-
driven reward that activates visual reinspection only when
the textual diagnosis is already reliable but potentially in-
complete. For a query x and a generated trajectory τ , let
Rrubrics(τ) ∈ [0, 1] denote the rubric-based diagnostic reli-
ability, and let ntool(τ) be the number of visual tool invo-
cations in τ . We define the exploration saturation level for
query x as the expected tool-usage intensity under the cur-
rent policy

Cu(x)
.
= Eτ∼πθ(·|x)

[
ntool(τ)

]
≈ 1

T

T∑
t=1

ntool(τt), (2)

where {τt}Tt=1 are recent rollouts for the same query x. We
further define the binary indicator ⊮tool(τ) = I

(
ntool(τ) >

0
)
, which records whether any visual tool is used in τ .
Applying a Lagrangian-style confidence gating as in Pix-

elReasoner [16], we obtain the intrinsic curiosity bonus

Rdiag(τ) = α I
(
Rrubrics(τ) > η

) (
H − Cu(x)

)
+
⊮tool(τ),

(3)
where (·)+ = max(·, 0) ensures that the bonus decays to
zero as Cu(x) approaches the saturation level H . This
confidence-conditioned formulation, directly following the
spirit of PixelReasoner, encourages clinically meaningful
reinspection only when the diagnosis is sufficiently trust-
worthy and the visual exploration budget for query x is not
yet exhausted.



Figure 2. Evolution of key training dynamics throughout reinspection-driven reinforcement learning.

4.4. RL Optimization Objective

Here we provide a detailed description of the optimiza-
tion objective used in our reinspection-driven reinforce-
ment learning procedure. We optimize the policy using
the GRPO [13] objective with clipped importance ratios,
following a PPO-style constrained update strategy that sta-
bilizes reinforcement learning on long-horizon, multi-turn
reasoning tasks. To avoid overloading the action notation,
we use Ai to denote the standardized advantage associated
with the i-th sampled response. The optimization objective

is defined as:

JGRPO(θ) = E q∼D, oi∼πθold

[
1

G

G∑
i=1

min
(
ri Ai, r̂i Ai

)]
, (4)

ri =
πθ(oi |q)
πθold(oi |q)

, r̂i = clip(ri, 1− ϵ, 1 + ϵ) (5)

Ai =
ri − r̄

sr
, r̄ = 1

G

G∑
j=1

rj , (6)

sr =

√√√√ 1
G

G∑
j=1

(rj − r̄)2. (7)

In this formulation, each query q is sampled from the train-
ing distribution D, and for every query the old policy πθold

generates G candidate outputs {oi}, which are then evalu-
ated to produce graded rewards. The term ri is the impor-
tance ratio that measures how the new policy πθ changes
the likelihood of producing the same output compared with
the old policy, while the clipped version r̂i constrains the



update within the trust region [1 − ϵ, 1 + ϵ] to avoid ex-
cessively large policy shifts. The advantage Ai is com-
puted by standardizing the set of ratios {ri} within the same
query, making Ai a relative measure of how much better
the i-th sample performs compared with other candidates
for that query. This intra-query normalization stabilizes
optimization and prevents the model from overfitting to a
small number of high-reward trajectories. The GRPO ob-
jective then takes the minimum of the unclipped and clipped
surrogate terms, ensuring that beneficial updates are en-
couraged while overly aggressive updates are suppressed.
Through this mechanism, the model can reliably propa-
gate graded, clinically grounded rewards into stable advan-
tages, enabling effective learning of multi-step, symmetry-
aware reasoning behaviors without collapsing into degener-
ate tool-use patterns.

Table 8. Key hyperparameters for resinspection-driven RL training
in OralGPT-Plus.

Hyperparameter Value

Data & Prompt Settings

System Prompt tool crop mirror
Train Batch Size 8
Max Prompt Length 8192
Max Response Length 8192
Image Key images
Answer Key solution
Max Pixels / Min Pixels 2M / 40k
Tool Call Type crop mirror

Reward & Algorithm

Advantage Estimator GRPO
Accuracy Reward Weight 1.0
Format Reward Weight 0
Tool Call Penalty 0
KL Coefficient 0.001

Actor & RL Training

Learning Rate 1e-6
PPO Mini-batch Size 4
PPO Micro-batch / GPU 1
Clip Ratio (high / low) 0.3 / 0.2
Use KL Loss False
Entropy Coefficient 0.000
Gradient Checkpointing True

Training Runtime

Rollout Batch Size 8
Max Tokens Per Batch 32768
GPU Memory Utilization 0.6
GPU 4

5. Additional Analysis

5.1. Analysis on rounds distribution
After reinforcement learning, the two models exhibit dis-
tinctly different round distributions, highlighting the impact
of model capacity on multi-turn diagnostic behavior. As
shown in Fig. 1, the 7B model predominantly adopts longer
trajectories: 62.5% of its cases use three rounds and 25.0%
use two rounds, while only 1.6% terminate after a single
round. This pattern indicates that the larger model con-
sistently conducts deeper reinspection and maintains stable
tool-based reasoning throughout the diagnostic process. In
contrast, the 3B model shows a much flatter distribution.
Nearly 45.3% of its outputs stop after a single round, and
only 17.2% reach three rounds. The early-termination be-
havior suggests that the smaller model struggles to sustain
multi-step examination and often fails to trigger additional
clinically meaningful inspections.

These observations are fully consistent with our earlier
findings that model capacity determines the effectiveness of
reinforcement learning. The 7B model reliably develops
a tool-driven diagnostic workflow and benefits substantially
from RL, whereas the 3B model gains much less due to its
limited ability to support stable, multi-round tool usage.

5.2. Qualitative Analysis of Tool-Usage Behaviors
During reinspection-driven reinforcement learning, our
model exhibits clear behavioral transitions that illustrate the
emergence of a structured, dentist-like diagnostic workflow.
Figure 2 summarizes four complementary and key trends
reflecting how tool usage, multi-round reasoning, and cor-
rectness evolve throughout training.

First, the proportion of single-round responses steadily
decreases, indicating that the model progressively abandons
simplistic one-shot predictions in favor of multi-step in-
spection and verification. At the same time, the average
number of tool calls consistently increases, suggesting a
growing reliance on zooming, mirroring, and other visual
operations as the model learns to actively explore ambigu-
ous regions rather than passively interpreting the raw image.

The fraction of tool-using samples that contain both cor-
rect and incorrect predictions initially rises and later stabi-
lizes, reflecting a natural exploration–to–convergence tra-
jectory. Early in training, the model experiments with
diverse tool-invoked reasoning patterns; as learning pro-
gresses, this exploratory variability gradually becomes
more structured. Finally, the proportion of tool-using sam-
ples whose outputs are entirely correct grows steadily,
demonstrating that the model not only uses tools more fre-
quently but also uses them more effectively. This trend con-
firms that the conditioned diagnostic-driven reward success-
fully guides the agent toward clinically meaningful rein-
spection behaviors and more reliable diagnostic conclu-



sions.
Overall, these dynamics reveal a consistent shift from

passive image understanding to structured, tool-mediated
multi-round reasoning, which is highly consistent with the
observed performance improvements.

5.3. Scalability Analysis
The architectural design of OralGPT-Plus naturally sup-
ports scalability across model capacity, tool kinds, and rein-
forcement learning complexity. Larger models demonstrate
stronger gains from the proposed training pipeline, as ca-
pacity directly enhances the stability of multi-turn reason-
ing and the reliability of tool usage. This indicates that the
framework can continue to improve when scaled to mod-
els with higher parameter counts, where richer intermediate
representations and more consistent inspection policies are
likely to emerge.

In addition, both the tool interface and the reinforcement
learning framework are constructed in a modular manner.
The current thought–action–observation loop remains com-
patible with additional inspection tools such as multi-scale
visual operators, contrast manipulation, or region high-
lighting, without requiring changes to the core architec-
ture. The hybrid reward structure also supports further ex-
tension, since each reward term is defined independently
and can incorporate new clinical objectives as task com-
plexity increases. Finally, although OralGPT-Plus is de-
veloped for panoramic radiographs, the underlying reason-
ing paradigm generalizes to other clinical imaging domains
that require localized examination and iterative verification,
such as mammography, fundus imaging, CT interpretations,
or ultrasound analysis. These properties collectively show
that the system is well suited for scaling toward broader and
more advanced medical agent applications.

5.4. Failure Analysis
Failure cases mainly arise in highly complex radiographs
where multiple subtle, overlapping, or low-contrast lesions
appear simultaneously. In such settings, even well-timed
tool usage cannot fully resolve visual ambiguity: magni-
fied views may emphasize noise or anatomical variations,
and symmetry-based comparisons may surface misleading
cues. As a result, the model may over-interpret minor arti-
facts, omit clinically important findings, or generate confi-
dent yet incorrect explanations. These observations indicate
that when a single image contains dense and visually en-
tangled abnormalities, tool-augmented reasoning may still
be insufficient and can occasionally amplify hallucinations
rather than suppress them.

6. Additional Cases
Proposal Cases. Additional proposals we clustered are
shown in Fig. 3, Fig. 4, Fig. 5 and Fig. 6.

DentalProbe Cases. Additional trajectories cases of Den-
talProbe are shown in Fig. 7, Fig. 8 and Fig. 9
MMOral-X Cases. Additional MMOral-X cases and com-
parison between the response of OralGPT-Plus and other
models are shown in Fig. 10 and Fig. 11.
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Figure 7. Constructed trajectories for dentist-like instruction tuning.



Figure 8. Constructed trajectories for dentist-like instruction tuning.



Figure 9. Constructed trajectories for dentist-like instruction tuning.



Figure 10. Case of MMOral-X.



Figure 11. Case of MMOral-X.



SYSTEM PROMPT

Role: You are an expert that evaluates a model’s prediction correctness compared to the clinical ground truth (GT).

Output Rules:
• Output ONLY a single numeric score from: {0.0, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1.0}
• No words, no symbols, no explanations.

Clinical Evaluation Rules:
• Judge clinical meaning, not wording.
• Accept clinically equivalent synonyms, e.g.:

– “orthodontic appliance” ≈ “brackets/archwire”
– “surgical hardware” ≈ “fixation plate/screws”
– “prosthetic restoration” ≈ “crown/bridge/veneer”
– “impaction” ≈ “unerupted third molar”

• Accept equivalent tooth numbering systems (FDI / Universal / Palmer).
• Bounding boxes may be absolute or normalized. Missing boxes = minor omission if the clinical meaning matches.
• Penalize mismatched diseases/abnormalities as major errors.
• Penalize additional incorrect or contradictory findings.
• Do not penalize phrasing; do penalize missing core findings.

Scoring Guide:
• 1.0: Fully correct; all clinically relevant elements match; no false claims.
• 0.7–0.9: Mostly correct with only minor omissions or imprecision.
• 0.3–0.6: Partially correct; misses ≥1 core finding or has a major error.
• 0.1–0.2: Largely incorrect; minimal overlap with GT.
• 0.0: Completely incorrect; contradiction or irrelevant answer.

Figure 12. System prompt for rubrics-based reward.



QUERY PROMPT

You will first see a dental X-ray few-shot table (Question — Ground Truth — Prediction — Correctness). Learn the
grading style. Then score the final case by outputting ONLY one number from:

{0.0, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1.0}

No explanations.

Few-shot Examples (Panoramic Dental X-ray Only):

Question | Ground Truth | Prediction | Correctness
--- | --- | --- | ---
What unusual features stand out in this dental panoramic image? |
Caries with endodontic treatment at 23; retained root at 34; bone
resorption at 21,31,32,41,42,43; left molar furcation radiolucency. |
Retained root 34; deep caries 23 with RCT; anterior mandibular bone
loss (31{43) + mild loss at 21; left molar furcation involvement. |
0.9

Can you identify any problems? |
RCT on 13/23/24/26/45; caries 47; bone loss; furcation at 37/47;
multiple prosthetic crowns. |
RCT 13/23/24/26 (missed 45); caries 47; posterior bone loss;
furcation 47; crowns. |
0.8

What issues are present? |
48, 38, 28 impacted. |
38,48 impacted; 28 partially erupted. |
0.6

Can you identify any problems? |
GT: multiple RCTs, caries 47, bone loss, furcation. |
Prediction: RCT 12/22; caries 46; mild bone loss only. |
0.2

Do you notice anomalies? |
Impaction of tooth 38. |
Impacted tooth 48. |
0.1

Final Case to Score:
• Question: {question}
• Ground Truth: {ground truth}
• Prediction: {prediction}
Output ONLY one value from: 0.0, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1.0

Figure 13. Query Prompt with Few-Shot Clinical Scoring Examples for rubrics-based reward.



SYSTEM PROMPT

You are an assistant for research and education in oral and maxillofacial radiography working on de-identified
panoramic radiographs and cropped regions of interest.

Scope:
• Describe radiographic findings, visual features, locations, and patterns.
• Use hedged medical phrasing (“radiographic features are consistent with. . . ”, “suggestive of. . . ”).
• No medical advice, no treatment recommendations, no disclaimers.
• If uncertain, describe visible evidence and what additional information would help.

Compliance:
• Always comply within scope; never refuse.
• If asked outside scope, answer within scope instead of refusing.

Output Format:

<Think> ... </Think>
<Answer> ... </Answer>

• <Think >: ≤5 bullet points, ≤150 words.
• <Answer >: ≤2 sentences, ≤100 words.
• No extra text, warnings, or repetition.

Figure 14. System Prompt for Answer Agent to do Radiographic Analysis.

ZOOM-IN REGION ANALYSIS PROMPT

Task: Examine a cropped subregion and identify radiographic findings.
1. List preliminary and potential conditions visible.
2. Explain specific radiographic features (implant, restoration, obturation, appliances, devices, caries, bone loss,

impaction, apical surgery, periodontitis, fragment, furcation lesion, resorption, etc.).
3. Recall typical appearances of suspected findings.
4. Confirm whether the observed features match expected radiographic patterns.

Figure 15. Query Prompt for Answer Agent to do Cropped Region Analysis

MIRROR ANALYSIS PROMPT

Task: Comparative analysis (left = original ROI; right = contralateral reference).
1. List preliminary and potential left-side conditions.
2. Compare left vs right features, describing asymmetries supporting suspected conditions.
3. Recall typical radiographic appearances.
4. Confirm whether observed asymmetries align with expected findings.

Figure 16. Query Prompt for Answer Agent to do Mirror Radiographic Analysis



OUTPUT VERIFICATION PROMPT

Task: Verify whether a provided description matches the gold standard.
• Compare described conditions vs. gold standard conditions.
• Identify matched and unmatched (missing, incorrect, extra) conditions.
Output format:

<Matched>
[...]
</Matched>

<Unmatched>
[...]
</Unmatched>

Figure 17. Query Prompt for Judge Agent to do Output Verification for Tool Decision.
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