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Abstract

Panoramic dental radiographs require fine-grained spatial
reasoning, bilateral symmetry understanding, and multi-
step diagnostic verification, yet existing vision—language
models operate under a static single-pass paradigm that
limits their clinical reliability. In this paper, we intro-
duce OralGPT-Plus, an agentic vision—language model de-
signed to perform iterative and symmetry-aware diagnostic
reasoning for panoramic dental radiograph analysis. To
support this paradigm, we construct DentalProbe, a five-
thousand—image dataset with expert-curated diagnostic tra-
Jjectories that provide structured supervision for localized
inspection and contralateral comparison. We further de-
velop a Reinspection-driven reinforcement learning frame-
work that encourages clinically meaningful re-examination
and stabilizes long-horizon reasoning with rubric-based re-
ward and conditioned diagnostic-driven reward. In paral-
lel, we present MM Oral-X, the first benchmark for holistic
panoramic diagnosis, containing 300 open-ended questions
and region-level annotations across multiple difficulty lev-
els. OralGPT-Plus demonstrates consistent and reliable im-
provements over strong baselines on MMOral-X and estab-
lished panoramic benchmarks, indicating the effectiveness
of interactive and symmetry-informed reasoning. Our work
highlights the value of agentic modeling for dental imag-
ing and provides a foundation for future research in clin-
ically aligned panoramic radiograph analysis. Codes will
be published in https://github.com/isbrycee/
OralGPT.
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Figure 1. Paradigm shift in panoramic dental radiograph
analysis. Traditional detectors provide only category-level boxes,
while VLMs generate coarse descriptions without structured rea-
soning. In contrast, OralGPT-Plus performs dentist-like diagnostic
reasoning by invoking zoom-in and mirror-in tools to identify sub-
tle findings and produce clinically coherent interpretations.

1. Introduction

Panoramic radiograph is universally recognized as a funda-
mental tool for oral disease diagnosis and treatment plan-
ning, as it provides a comprehensive view of the teeth,
alveolar bone, and surrounding anatomical structures within
a single image [10, 11, 17, 37]. An exhaustive anal-
ysis of panoramic radiographs is indispensable for both
screening and therapeutic decision-making [25]. How-
ever, interpreting panoramic radiographs is extremely time-
consuming and often relies heavily on the experience of
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radiologists [10, 11, 17]. The computer vision tech-
niques have promoted the advancement of intelligent den-
tistry [13, 14]. Figures 1(a) and Figures 1(b) show two
widely used anomaly detection paradigms. Traditional ob-
ject detectors [9, 16] focus on localizing suspected abnor-
malities and return only categories, bounding boxes, and
confidence scores, limiting their ability to support clin-
ically meaningful explanations. Vision-language models
(VLMs) [3, 12, 14, 15, 18, 22, 33] have improved semantic
expressiveness; yet, the single forward prediction paradigm
restricts their ability to revisit ambiguous regions and cap-
ture subtle disease patterns. Unlike other dental imaging
modalities, panoramic radiographs have a higher image res-
olution, making dentists frequently magnify areas suspected
of containing abnormalities for closer examination. Addi-
tionally, they often refer to analogous teeth in other quad-
rants due to dental symmetry. By comparing correspond-
ing teeth in symmetrical quadrants, they can perceive and
extract subtle features, thus identifying minute disease pat-
terns such as carious lesions, apical periodontitis, and oth-
ers [6]. Inspired by this clinical workflow, we propose
OralGPT-Plus, an agentic model that performs diagnostic
reasoning through an iterative cycle of thought, action, and
observation. The model is equipped with a focused inspec-
tion operator that produces localized high-resolution views
of suspicious areas, as well as a symmetry-aware operator
that retrieves the corresponding anatomical region on the
opposite side. These abilities enable the model to refine
ambiguous regions, perform bilateral comparisons when
needed, and progressively form coherent diagnostic con-
clusions. This iterative reasoning mirrors core elements of
clinical workflows rather than producing a static summary.

Developing such a model requires supervision that re-
flects real diagnostic behavior. For this purpose, we curate
DentalProbe, a dataset that includes more than eight thou-
sand rounds of expert-guided diagnostic trajectories. The
trajectories capture the sequence of global inspection, pro-
posal identification, localized examination, and symmetry-
based verification that characterizes panoramic radiograph
interpretation. Figure 2 illustrates the curation pipeline,
which integrates multiple public datasets with expert anno-
tations and multi-agent trajectory refinement. This corpus
enables instruction tuning that teaches the model to follow
clinically consistent reasoning patterns and to use the diag-
nostic tools appropriately.

Although instruction tuning provides a foundation for
structured behavior, effective multi-turn analysis benefits
from further optimization. We therefore introduce a rein-
forcement learning framework that encourages the model
to re-examine regions when necessary and limit unproduc-
tive exploratory actions. The reward design offers continu-
ous feedback that reflects diagnostic completeness and ac-
curacy, which alleviates the sparsity that commonly arises

in multi-lesion scenarios. It also regulates the initiation of

additional inspections so that the model focuses on clini-

cally meaningful reasoning. These mechanisms contribute
to stable long-horizon optimization and support balanced
and reliable decision-making.

To evaluate the diagnostic performance in a comprehen-
sive manner, we construct MMOral-X, a benchmark that
contains 300 open-ended question-answer pairs covering
clinically relevant diseases and findings. The benchmark
includes three levels of difficulty that reflect the number,
variety, and visual ambiguity of potential abnormalities. It
emphasizes holistic analysis from a single panoramic radio-
graph and enables systematic assessment of multi-turn rea-
soning, fine-grained lesion interpretation, and symmetry-
aware analysis.

Across all components of the framework, OralGPT-Plus
pursues interpretability, stability, and alignment with clin-
ical expectations. The experimental results show consis-
tent improvements over strong baselines on MMOral-X, as
well as on one established public benchmark. The gains are
steady rather than abrupt and reflect the value of interac-
tive and symmetry-aware reasoning strategies in panoramic
dental radiograph analysis.

Our contributions are summarized as follows:

* We introduce OralGPT-Plus, an agentic and symmetry-
aware model designed to perform iterative diagnostic rea-
soning on panoramic dental radiographs.

* We curate DentalProbe, a five-thousand image dataset
with expert diagnostic trajectories that support clinically
aligned instruction tuning and structured tool usage.

* We present MMOral-X, a benchmark for holistic
panoramic radiograph interpretation that evaluates holis-
tic understanding across varying levels of complexity.

» Extensive evaluations show that OralGPT-Plus achieves
strong and consistent performance, indicating that in-
teractive and symmetry-informed reasoning substantially
improves diagnostic quality.

2. Preliminary

Fig. 1 shows the progression of panoramic dental radio-
graph analysis from object detectors to single-pass VLMs
and finally to agentic VLMs. Our work is the first to adopt
agentic VLMs for dental panoramic analysis by introducing
diagnostic tool reasoning and interactive decision-making.
Paradigm 1: Traditional Object Detection. Early sys-
tems relied on detectors such as YOLO [30] and DETR [4]
to identify lesions through bounding-box predictions:

Dow(To) = {(bi, i, s}y,

Although these models can localize lesions accurately,
their outputs are limited to box coordinates and confidence
scores, leaving the diagnostic rationale unexplained and re-
stricting the system to perception-driven inference.

b € [0,1]*. (1)
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Paradigm 2: Single Forward VLMs. Single-pass VLMs,
represented by LLaVA [24], generate responses directly
from an image I, and a query ¢:

y= gvlm(IOa q) = DeC(fQ(IO)a q) (2)

Here, fy(Iy) extracts visual features, and Dec(-) produces
the diagnostic text. This paradigm provides semantic inter-
pretation but remains static, as the model responds in one
pass without revisiting ambiguous regions.

Paradigm 3: Agentic VLMs. Our OralGPT-Plus intro-
duces an iterative thought—action—observation loop that em-
ulates clinical diagnostic procedures. At each step i, the
policy produces a thought T3, selects an action .4;, and ob-
tains a corresponding observation O;:

T; = Thougnt (4> Lo, Hi—1),
Ai = Taction(T3),

O; = Env(A;; lo),

Hi = Hi—1 U{Ti, Ai, O;}.

3)

The environment Env(-) executes image actions such as
“Zoom-In" for close examination. The process ends when
the policy issues a Finalize action or reaches K steps, pro-
ducing the final report:
y* = 7Tanswer(q» I, HK) “4)

Through iterative observation and tool-guided inspection,
the model reassesses uncertainty, performs bilateral com-
parisons, and derives clinically interpretable conclusions.

The transition from detectors to agentic VLMs reflects a
shift from static perception to interactive reasoning. Tradi-
tional detectors localize abnormalities, single-pass VLMs
describe them, and agentic VLMs analyze and verify
through tool-guided, multi-step exploration. This progres-
sion enhances interpretability and strengthens clinical align-
ment in panoramic dental radiograph analysis.

3. OralGPT-Plus

In this section, we introduce OralGPT-Plus, which emu-
lates dentists’ diagnostic reasoning on panoramic X-rays
via tool-augmented learning. We first present Dentist-like
Instruction Tuning 3.1, where the model learns core diag-
nostic behaviors from curated expert trajectories in the Den-
talProbe dataset. We then describe Reinspection-Driven Re-
inforcement Learning 3.2, which incorporates rubric-based
continuous rewards and conditioned diagnostic incentives
to promote clinically meaningful reinspection. These com-
ponents are unified by a Hybrid Reward System that sta-
bilizes long-horizon optimization. Together, they enable
OralGPT-Plus to follow a dentist-like workflow and pro-
gressively enhance diagnostic competence.
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Figure 4. Our training pipeline from dentist-like instruction tuning to re-inspection reinforcement learning.

3.1. Dentist-like Instruction Tuning

Our goal is to enable VLMs to emulate dentists’ diagnos-
tic reasoning on dental X-ray images, especially in sub-
tle lesion regions. The model uses diagnostic tools to lo-
cate, zoom in, and compare suspicious areas, improving
panoramic X-ray analysis. However, as shown in Fig. 6,
models such as Qwen2.5-VL fail to develop tool-based rea-
soning through prompt engineering alone, consistent with
prior observations [36]. This limitation arises from the lack
of tool-interaction data during pretraining. To address this,
Sec. 3.1.1 introduces a precise diagnostic data construc-
tion process that produces high-quality expert trajectories
(Sec. 3.1.2, Sec. 3.1.3).

3.1.1. Data Statistics

We integrate four public datasets [8, 26, 29, 44] for ab-
normality detection in panoramic radiographs, each offer-
ing region-level annotations of dental abnormalities. These
datasets cover over 50 disease categories across geographic
regions, including the United States, China, Switzerland,
and Romania, which enhances representativeness and mit-
igates sampling bias. In addition, we select 2,500 high-
quality radiographs from the MMOral-OPG [14] dataset
and combine them with 2,562 collected samples to construct
the Sk-image DentalProbe dataset.

3.1.2. Dental-Aware Tool Design

Previous agentic VLMs rely primarily on the “Zoom-In”
operation to magnify suspicious regions for detailed in-
spection. However, panoramic dental X-rays exhibit strong

anatomical symmetry, and a purely local enhancement strat-
egy often overlooks this intrinsic characteristic. In clinical
practice, dentists routinely perform contralateral compar-
isons by examining the corresponding tooth or region on
the opposite side, which allows them to determine whether
subtle shadows or irregularities indicate true lesions.

Motivated by this diagnostic behavior, we introduce the
“Mirror-In” tool, which converts oral symmetry from an im-
plicit prior into an explicit model action. After the model
identifies a potential lesion, the tool retrieves its horizon-
tally mirrored counterpart across the midline, thereby form-
ing a dual-view pair for comparative reasoning. Formally,
given an image I(x,y) of width W and a selected region
[z1, Z2] X [y1, 2], the symmetric view is defined as

Imirror(xa Z/) = I(W -, y),

5
(2,9) € [21,22] X [y1, 2] ©)

In implementation, we use 1.5x padded original/mirrored
crops to absorb minor misalignment and asymmetry. This
explicit symmetry-based inspection enhances the model’s
spatial understanding and facilitates the verification of sub-
tle or low-contrast abnormalities through contralateral ref-
erence. By embedding clinical comparison habits into the
reasoning loop, the agent produces more stable and inter-
pretable diagnostic judgments.

3.1.3. DentalProbe Trajectory Construction

To construct dentist-like diagnostic trajectories, we design
a multi-stage pipeline that emulates clinical reasoning on
panoramic X-rays as shown in Fig. 2. For each OPG, a
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Figure 5. Diagnostic trajectory generated by OralGPT-Plus on
a sample of MMOral-X.

tooth-number detection model localizes tooth boxes and
aligns them with lesion labels. Lesions are categorized into
obvious, subtle, and bone-based findings. For subtle and
bone-based cases, we apply k-means clustering to tooth-
level boxes to generate region proposals that highlight diag-
nostically challenging areas requiring focused inspection.

We construct multi-turn diagnostic trajectories using ex-
plicit rules derived from the proposals. The initial query
performs global inspection, followed by turns that progres-
sively incorporate zoomed-in regions and contextual cues to
mirror dentists’ stepwise reasoning. After generating these
trajectories, we apply a dedicated quality refinement stage.
A multi-agent tool decision module evaluates each step and
verifies whether the invoked tool is appropriate. If the judge
agent deems the current view sufficient, it validates ‘“Zoom-
In”; otherwise, it triggers “Mirror-In” for symmetric com-
parison to support more reliable diagnostics. Next, a vi-
sual description agent generates region-level summaries for

all tool-invoked images, which are combined with curated
clinical definitions to rewrite each reasoning step. To en-
hance linguistic diversity and reduce stylistic bias, we use
three models [1, 27, 35] for independent rewrites and se-
lect the best version. This process produces trajectories that
are clinically aligned, stylistically diverse, and instruction-
ready. Finally, expert dentists conduct sampling-based eval-
uation on the DentalProbe dataset, with results shown in
Fig. 3. Their evaluations and iterative refinement further
improve data quality to a high standard.

3.1.4. Training Strategy

We apply full-parameter SFT to the language module while
freezing the vision encoder and projector, ensuring stable
visual features and focusing learning on grounded reason-
ing and correct tool use. Given multimodal input (z, I') and
the curated trajectory y*, the training objective is:

T
Lsrr = — Y logmo(yf |z, 1,y%,) . (6)
t=1

3.2. Reinspection-Driven Reinforcement Learning

After SFT, the model can invoke basic tools, but naive
GRPO [32, 34] remains unreliable for clinical diagno-
sis. Panoramic radiographs contain multiple spatially dis-
tributed lesions, while binary 0,1 rewards offer all-or-
nothing feedback, causing sparse signals, weak advantages,
and unstable learning. Uncontrolled exploration further
drives the agent toward clinically irrelevant regions.

To mitigate reward sparsity and align exploration with
diagnostic reasoning, we introduce three complementary
components. The rubrics-based reward provides continu-
ous, case-aware supervision; the Conditioned Diagnostic
Driven Reward activates exploration only under sufficient
rubric confidence; and a unified hybrid reward integrates
these signals to ensure stable and interpretable RL.

3.2.1. Rubrics-based Reward

To address reward sparsity in multi-lesion scenarios, we in-
troduce a rubric-based dental reward that provides continu-
ous and informative supervision. Instead of using a binary
{0, 1} score, we employ a few-shot rubric evaluator aligned
with MMOral-X criteria to assess clinical meaning, radio-
graphic accuracy, major error severity, and omission sensi-
tivity. This approach ensures that partially correct predic-
tions, such as identifying some but not all lesions, receive
proportional rewards rather than collapsing to zero, thereby
enabling stable and effective gradient updates.

Formally, the rubric evaluator (GPT-5-mini) assigns each
trajectory 7 a continuous score Ryyuics(7) € [0, 1]. The scor-
ing follows explicit clinical rules: synonymous diagnostic
phrasing is accepted, clinically consistent tooth-indexing
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Table 1. Model performance on MMOral-X and open-ended VQA for MMOral-OPG. Results on MMOral-X are averaged over five runs,
whereas MMOral-OPG is evaluated once. In each column, the best score is bold and the second best is underlined.

M | | MMOral-X MMOral-OPG Open-ended VQA
odel Params . .
‘ ‘ Simple  Moderate  Complex | Teeth  Patho His Jaw Summ  Report  Overall

Proprietary VLMs (API)
GPT-5 [27] N/A 32.90 8.30 9.30 39.84 2942 4408 77.38 40.06  28.16 42.34
Gemini-2.5-Flash [35] N/A 25.56 9.70 8.70 2821 24.64 3195 47.74 13.05 16.73 27.89
Doubao-seed-1-6%7] N/A 20.10 5.80 5.20 27.19 18.18 41.72 5944 2238  40.20 34.20
Claude-sonnet-4-57 1] N/A 27.72 8.14 9.78 2829 2045 4883 71.56  26.67 37.70 37.68
Qwen3-VL-235b-a22b-thinking [39] 235B 10.24 3.88 3.42 27.42 2636 3934 5850 40.48 37.70 35.78
Grok-4 [38] N/A 15.18 7.96 6.12 2248 19.08 3282 5481 2536 38.30 30.97
GLM-4.5v [19] 106B 15.68 5.46 4.04 27.53 2220 4620 59.56 22.14  42.70 35.95
Medical Specific VLMs
LLaVA-Med [22] 7B 0.20 0.16 0.10 0.92 1.52 0.00 0.00 0.00 24.50 4.76
MedDr [18] 40B 6.14 4.26 3.08 2299 32,58 29.57 5244 2095 8.70 26.20
HuatuoGPT-V [5] 34B 6.40 2.62 4.02 3518 2492 3632 65.69 2548 24.80 36.02
HealthGPT [23] 32B 6.34 0.34 0.26 30.64 2583 2798 51.12 17.02 8.00 27.80
MedVLM-R1 [28] 2B 16.80 8.70 3.92 2242 1371 2442 4388 13.57 25.80 24.70
MedGemma-4B [31] 4B 8.48 1.06 3.72 29.69 1126 28.12 41.88 2262  39.40 30.45
Open-source VLMs
LLaVA-OneVision [21] 8B 8.66 3.62 6.08 28.79 13.64 30.12 55.12 2036  23.20 29.43
Qwen2.5-VL-3B-Instruct [2] 3B 1.82 4.96 3.40 32.01 2091 2755 5450  30.12 5.70 28.79
Qwen?2.5-VL-7B-Instruct [2] 7B 7.22 4.58 3.70 17.01  16.10 11.18 2941 9.07 8.20 15.92
Agentic VLMs
Mini-03 [20] | 7B ] 314 2.18 204 ] 872 1.97 1515 46.62 1393 9.80 14.72
Our Models
OralGPT-Plus-3B-SFT 3B 16.45 8.32 14.18 2217 1371 1644 3525 9.88 19.80 21.02
OralGPT-Plus-7B-SFT 7B 23.06 11.36 14.40 3502 1932 29.02 6237 20.12 11.90 31.44
OralGPT-Plus-3B 3B 33.12 11.24 10.70 2158 1735 2129 35.69 16.07 31.70 24.48
OralGPT-Plus-7B 7B 43.16 20.60 24.96 4534 3356 4558 7538 34.64 32.70 45.35

 Evaluated API snapshot dated 2025-10-15.

b Evaluated API snapshot dated 2025-09-29.

systems are treated as equivalent, minor coordinate omis- where (-); = max(-,0) ensures that the curiosity mag-

sions incur small penalties, and disease mismatches or false
assertions are penalized as major errors. These structured
criteria bridge the gap between binary correctness and con-
tinuous clinical judgment, offering dense supervision that
rewards clinically meaningful outputs while discouraging
hallucinations and omissions of key findings. This mech-
anism improves training efficiency and supports the condi-
tioned diagnostic-driven reward described next.

3.2.2. Conditioned Diagnostic-Driven Reward

Inspired by the clinical workflow that dentists reinspect only
when the initial diagnosis is reliable yet incomplete, we
design a conditioned exploration reward that prevents un-
necessary visual operations at low diagnostic certainty. We
adopt the curiosity bonus [36], enabling it only when the
rubric score indicates sufficient diagnostic reliability.

For a generated trajectory 7, let Ryybrics(7) € [0, 1] denote
the diagnostic confidence evaluated by the rubric-based as-
sessor, and let Cu(z) represent the current exploration sat-
uration level for query x. We further define Wi,01(7) €
{0,1} as an indicator of whether tool is used. The condi-
tioned diagnostic-driven reward is then formulated as:

Rdiag(T) = H(Rrubrics('r) > 77) e

(7N
: (H - Cu(x))-i- '“Atool(T)a

nitude decreases as exploration becomes saturated, and «
controls the strength of the intrinsic reward.

These ensure that the reward encourages clinically mo-
tivated reinspection rather than indiscriminate tool use, al-
lowing visual operations only when they meaningfully re-
fine an already credible diagnostic hypothesis.

3.2.3. Hybrid Reward System

Building on the above reward components, we combine the
rubric-based clinical reward, conditioned diagnostic incen-
tive, and format signals into a unified Hybrid Reward Sys-
tem:

R(T) = RrubﬁCS(T) + Rformat(T) + Rdiag(’r). (8)

This composite reward balances diagnostic accuracy, struc-
tural correctness, and exploration efficiency. It guides the
agent from reliable local assessments to clinically meaning-
ful reinspections while preserving adherence to the diag-
nostic schema, thereby stabilizing training and preventing
tool-use collapse during long-horizon reasoning.

3.2.4. Optimization Objective

We train the model under the GRPO objective [32] with
clipped ratios, using standardized advantages denoted as A;
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Here, G is the number of sampled rollouts per query. The
hybrid reward R(7) defined above populates the return used
for computing advantages.

4. MMOral-X Benchmark

4.1. Benchmark Composition

We introduce MMOral-X, the first benchmark that en-
ables comprehensive diagnosis from a single panoramic
radiograph. It contains 300 open-ended Q&A pairs and
686 bounding boxes covering diverse pathological find-
ings, including disease classification, grounding, tooth-level
assessments, regional evaluations, and abnormality flags.
It also includes clinically relevant non-pathological find-
ings—such as orthodontic appliances, restorations, and sur-
gical devices—that are essential for a complete diagno-
sis but are largely overlooked in prior datasets. Unlike
MMOral-OPG [14], which targets localized, lesion-specific
queries, MMOral-X supports holistic diagnostic evaluation.
A sample is provided in Fig.5. To assess varying difficulty,
MMOral-X is divided into three subsets—Simple, Moder-
ate, and Complex—each containing 100 images. Simple
cases require one to two reasoning steps and contain a single
proposal; Moderate cases involve two or more proposals;
Complex cases include multiple proposal types with sub-
stantial visual ambiguity. This stratified organization pro-
vides a controlled gradient of diagnostic complexity while
maintaining a unified task formulation.

4.2. Evaluation Metrics

Following established evaluation practices and prompts de-
sign [14, 41-43], we construct a carefully designed few-
shot prompt and employ GPT-5-mini [27] as the judge for

Table 2. Ablation studies.

Model \ MMOral-X
‘ Simple ~ Moderate ~ Complex

wo Instruction tuning 8.02 4.64 4.98
WO Ryyprics and Reond 20.82 9.24 9.82
WO Ryubrics 21.48 12.08 13.42
WO Reond 24.62 14.14 15.96
wo “Mirror-In” tool 34.68 14.26 14.30
OralGPT-Plus 43.16 20.60 24.96

open-ended assessment. The prompt contains few-shot ex-
emplars covering fully/partially correct and incorrect re-
sponses, enabling the judge to score each prediction on a
continuous scale from 0.0 to 1.0 with a resolution of 0.1.
Beyond this setup, we systematically analyze the choice of
the judge, its potential scoring bias, and the variance ob-
served across multiple test runs. We also perform consis-
tency checks to verify that the evaluation procedure remains
stable under repeated testing. These analyzes demonstrate
that our scoring framework is reliable and robust.

S. Experiments

5.1. Experimental Setups

Settings. All experiments are conducted on four NVIDIA
A800 GPUs. For dentist-like instruction tuning, we em-
ploy Qwen2.5-VL-3B/7B-Instruct [2]. We perform SFT
on 4k DentalProbe samples for three epochs and reserve
an additional 1k samples for RL to avoid data leakage.
Both the rollout number and global batch size are set to 8,
and all other optimization configurations follow [40]. At
evaluation, we report Avg@5 for MMOral-X and pass@1
for MMOral-OPG following prior work [14]. For judge,
we chose GPT-5-mini because it offers consistent scoring,
strong rubric-following, and minimal hallucination.

Baselines. To enable a comprehensive comparison, we
evaluate a diverse set of strong baselines , including fron-
tier foundation models, state-of-the-art medical multimodal
models, commonly used open-source vision—language
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Figure 7. Training dynamics across ablation models.

models, and tool-augmented VLMs.
5.2. Main Results

Table 1 presents the overall results of OralGPT-Plus across
MMOral-X and MMOral-OPG benchmarks. On MMOral-
X, OralGPT-Plus achieves the highest accuracy under all
difficulty levels, surpassing powerful proprietary mod-
els such as GPT-5, as well as domain-specific models
like MedDr and HuatuoGPT-V. This shows that our two-
stage training, including dentist-like instruction tuning and
reinspection-driven reinforcement learning, effectively en-
hances the model’s reasoning ability on complex dental
structures. On MMOral-OPG, OralGPT-Plus also obtains
the best overall score and leads in key diagnostic aspects
such as Teeth, Patho, and Jaw. The results confirm that
integrating structured tool interaction enables the model to
perform a stepwise and clinically coherent analysis similar
to that of human dentists. The distribution across multiple
models on different subset are shown in Fig. 6.

We also note that failure cases primarily occur in com-
plex radiographs. Additional analyses are provided in Ap-
pendix Sec. ?? (tool-usage dynamics), Sec. ?? (failure anal-
ysis), Fig. ??, Fig. ??, and Table ??.

5.3. Findings

In this section, we present four key findings derived from
the results in Table | and the ablation studies in Table 2.

Dentist-like Instruction Tuning is Essential. As shown
in Table 2 and Fig. 6, models without Dentist-like Instruc-
tion Tuning exhibit clear performance drops and fail to ac-

tivate tool-usage behaviors, even after reinforcement learn-
ing. This demonstrates that tool-based reasoning does not
emerge from reward optimization alone but requires clini-
cally structured demonstrations that specify when and how
tools should be used. In contrast, instruction-tuned mod-
els acquire a stable tool schema that enables reinforcement
learning to further refine diagnostic behavior.

Model Capacity Determines the Effectiveness of Rein-
forcement Learning. With the same instruction-tuning and
reward setup, OralGPT-Plus-7B yields markedly larger RL
gains than the 3B model. As shown in Fig. 6, the 7B model
consistently develops stable tool-based reinspections, while
the 3B model fails to do so. As a result, the 7B variant
improves across all MMOral-X levels, indicating that suf-
ficient model capacity is crucial for mastering tool-driven
diagnostic workflows and fully benefiting from RL.
Conditioned Diagnostic-Driven Reward Prevents Re-
ward Hacking. Ablating the conditioned diagnostic-driven
reward induces clear reward hacking. As shown in Fig. 7
and Tab. 2, the model without this component displays a
collapse-rebound pattern in which tool usage first drops
and then spikes while validation accuracy deteriorates. This
failure arises because the agent exploits the reward by in-
voking a single tool and answering without meaningful in-
spection. Incorporating the conditioned mechanism sup-
presses this shortcut, stabilizes training, and triggers rein-
spections only when diagnostic confidence is sufficient,
thereby aligning exploration with clinical reasoning.
Mirror-In Tool Significantly Enhances Diagnostic Reli-
ability. Panoramic radiographs are highly symmetric, and
the “Mirror-In” tool effectively exploits this structure. Re-
moving it leads to clear drops across all difficulty levels
shown in Tab.2: accuracy on Simple decreases from 43.22
to 34.68, on Moderate from 20.60 to 14.26, and on Com-
plex from 24.96 to 14.30. These declines indicate the model
struggles with low-contrast ambiguities and exhibits unsta-
ble reward trajectories. Integrating “Mirror-In” introduces
symmetry-aware verification, stabilizes training, and signif-
icantly improves diagnostic robustness.

6. Conclusion

This work advances panoramic radiograph analysis from
static perception to interactive diagnostic reasoning. We
introduce OralGPT-Plus, an agentic model that inspects,
compares, and verifies findings through clinically grounded
tool use. With dentist-like instruction tuning and
reinspection-driven reinforcement learning, OralGPT-Plus
achieves strong performance on MMOral-X and MMOral-
OPG, surpassing proprietary and medical-domain base-
lines. The results show that diagnostic capability emerges
not only from model capacity but also from the abil-
ity to act, reflect, and re-examine. This paradigm
provides a promising direction for future diagnostic
VLMs.
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