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Abstract. Automatic orthodontic report generation requires the joint
interpretation of standardized intraoral photographs and three-dimensional
intraoral scans (IOS). However, most multimodal large language models
(MLLMs) are designed for two-dimensional visual inputs, making it dif-
ficult to incorporate IOS geometry without a dedicated 3D encoder. We
present an anatomy-aware rendering and visual fusion framework that
converts maxillary and mandibular IOS meshes into clinically meaningful
2D representations. The framework establishes a standardized occlusal
coordinate system, renders twelve views targeting whole-arch morphol-
ogy and local occlusal relationships, and focuses the combined bite views
on the dentition before integrating the renderings with intraoral pho-
tographs. This design enables an existing dental-specialized MLLM to
utilize complementary 3D geometric and 2D appearance information.
Under the official Bite2Text evaluation against photograph-variant ref-
erences, occlusal-region focusing raises the final score of the controlled
twelve-view system from 0.3004 to 0.3363. Continuing fine-tuning from
this focused model with photograph-report targets and applying topic-
gated recall completion further raises the final score to 0.3811, outper-
forming the zero-shot GPT-4o, GPT-5.5, and Qwen3-VL-8B baselines.
These results demonstrate that clinically guided 3D-to-2D rendering and
reference-target alignment provide an effective and practical interface be-
tween IOS data and existing dental MLLMs.

Keywords: Orthodontic reporting · Intraoral scans · Multi-view ren-
dering · Multimodal LLMs

1 Introduction

Multimodal large language models (MLLMs) are widely used for medical im-
age understanding and report generation [13, 5]. Dental AI has similarly pro-
gressed from multimodal benchmarks and instruction data [8] to specialized
MLLMs such as OralGPT-Omni [9], visual-tool-using models [6], and interactive
agents [7]. However, open oral-maxillofacial imaging resources remain heteroge-
neous in modality, licensing, and ethical constraints [10]. Orthodontic report-
ing depends not only on appearance cues in photographs, but also on 3D arch
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morphology and occlusal relationships from intraoral scans (IOS). The MIC-
CAI 2026 ODIN Bite2Text challenge formalizes this setting as a multimodal
report generation task: a model must generate a structured English orthodontic
report from maxillary and mandibular IOS meshes and standardized intraoral
photographs [15].

Existing MLLM visual encoders mainly take 2D images and cannot consume
IOS meshes directly. Training a dedicated 3D encoder makes it hard to reuse
dental knowledge already learned by 2D MLLMs. Rendering IOS into multi-view
images is more practical, but scanner orientation varies across centers, generic
views may miss local occlusal findings, and low-relevance structures such as the
palatal vault waste visual tokens. How to preserve clinically discriminative 3D
information under a limited visual context is therefore a key step in connecting
IOS data to 2D MLLMs.

We cast IOS as anatomy-aware 2D views for an existing dental MLLM. We
estimate a canonical occlusal frame from the registered arches, render twelve
clinically targeted views, focus the bite views on the occlusal band, and com-
bine the renderings with intraoral photographs to fine-tune OralGPT-Omni with
LoRA [11]. Figs. 1 and 2 illustrate the rendered views and the focusing effect for
one case. On the Bite2Text validation set, our best system reaches a final score of
0.3811, above zero-shot GPT-5.5 (0.2287), GPT-4o (0.2211), and Qwen3-VL-8B
(0.2007) under the same official evaluation protocol [16, 12, 20].

Our main contributions are as follows:

– We present a 3D–2D multimodal framework for orthodontic report genera-
tion that connects IOS geometry to an existing dental MLLM without in-
troducing a task-specific 3D encoder.

– We design twelve-view rendering and occlusal-region focusing to emphasize
clinically relevant arch morphology and occlusion under a limited token bud-
get, and combine them with intraoral photographs as a unified visual input.

– We validate the framework on Bite2Text against proprietary and open-source
zero-shot MLLMs and controlled rendering ablations.

2 Method

2.1 Framework Overview

Given maxillary and mandibular IOS meshes Mu = (Vu,Fu), Ml = (Vl,Fl) and
intraoral photographs P = {Pi}

Np

i=1 (Np ≤ 5), we generate a structured English
orthodontic report y = (y1, . . . , yT ). The pipeline has three stages: anatomi-
cal coordinate normalization from the occluded arches; twelve fixed 2D views
with occlusal-region focusing on combined bite views; and fixed-order assem-
bly of photographs and renderings I = [P;R] (R = {Rj}12j=1) for fine-tuning
of OralGPT-Omni. The same preprocessing is used at training, evaluation, and
inference.
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2.2 Anatomical Coordinate Normalization

IOS data from different centers do not follow a consistent export orientation. In
some cases, the upper and lower arches are separated along the Z-axis, whereas
in others they are separated along the Y -axis. Thus, identical camera directions
may yield different anatomical views. Since Bite2Text arches are already aligned
in occlusion, we estimate the anatomical frame from their relative positions
without additional ICP registration.

We define the origin as the mean of all vertices:

c =

∑
v∈Vu

v +
∑

v∈Vl
v

|Vu|+ |Vl|
. (1)

Let d = µu − µl denote the difference between the maxillary and mandibular
centroids. The coordinate axis corresponding to the largest absolute component
of d is selected as the occlusal axis. Its sign is set to point from the mandible
toward the maxilla, producing ez. Among the two remaining axes, the axis with
the larger extent in the joint bounding box is assigned as the left–right axis ex,
while the other becomes the anteroposterior axis ey.

The sign of the anteroposterior axis is determined from the arch shape. The
anterior arch is closed near the dental midline, whereas the posterior segments
separate toward the two sides. We therefore set the end containing a higher pro-
portion of near-midline vertices as the anterior direction. The left–right sign is
adjusted to ensure that the rotation matrix R = [ex, ey, ez] satisfies det(R) > 0,
and each vertex is transformed as v′ = (v − c)R. This procedure provides con-
sistent superior–inferior, anteroposterior, and left–right axes for fixed-camera
rendering. Since absolute left–right handedness cannot be uniquely recovered
from mirror-symmetric geometry alone, we retain the scanner’s native handed-
ness and use the same convention throughout training and inference.

2.3 Clinically Targeted Multi-view Rendering

We construct twelve fixed IOS views: two per-arch occlusal views for arch form,
crowding, and spacing; three standard bite views for midlines, overbite, and
bilateral occlusion; three oblique and anterosuperior views for posterior exposure
and transverse or vertical relationships; and four regional close-ups for molar or
canine Angle class, overbite, and overjet.

All views are rendered using an orthographic camera to avoid perspective-
related changes in relative dental geometry. The camera frustum is adapted to
the bounding box of the target mesh or local region, with a margin factor of 1.08.
Each view is rendered at 768×768 pixels on a white background. In the combined
bite views, the maxillary mesh is shown in a warm color and the mandibular mesh
in a cool color to make the occlusal interface easier to distinguish. For the close-
up views, the camera center and scale are determined from the local bounding
box of either the anterior region or one of the posterior buccal segments rather
than from the complete arches. Fig. 1 shows the twelve views for one case after
occlusal-region focusing.
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Fig. 1. Twelve clinically targeted IOS views after occlusal-region focusing.

2.4 Occlusal-region Focusing

In unprocessed frontal and lateral bite views, the maxillary palatal vault and
mandibular base may occupy a large part of the image, leaving fewer pixels for
the crowns and occlusal interface after image resizing (Fig. 2, left). To reduce
this use of the visual budget, we retain only a mesh band around the occlusal
plane for views that contain both arches. After coordinate normalization, the
maxillary occlusal surface lies near the minimum Z value of the upper mesh,
while the mandibular occlusal surface lies near the maximum Z value of the
lower mesh. The retained vertices are therefore defined as

Ṽu = {v ∈ Vu | z(v) ≤ zumin + b} ,

Ṽl =
{
v ∈ Vl | z(v) ≥ zlmax − b

}
,

(2)

where b = 16mm. A triangular face is retained only if all three of its vertices
satisfy the corresponding condition. As a safeguard against incomplete meshes
or unexpected scan units, the original mesh is used when fewer than 15% of its
vertices would be retained. The clipping operation is not applied to the sepa-
rate maxillary and mandibular occlusal views, which preserve the complete arch
geometry. Fig. 2 compares a right lateral bite view before and after focusing.

The rendered images are stored at 768 × 768 pixels and are limited by the
visual processor to at most 327,680 pixels per image before being passed to the
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Fig. 2. Right lateral bite view before and after occlusal-region focusing.

model. Occlusal-region focusing therefore does not increase the number of input
images or the visual-token limit. Instead, it allocates a larger proportion of the
fixed pixel budget to the crowns and occlusal interface.

2.5 Multimodal Fusion and Reference-target Alignment

Appearance and geometric cues are fused within the 2D MLLM by represent-
ing each case as an ordered visual sequence I = [P;R]. Up to five intraoral
photographs occupy the first slots, followed by the twelve IOS renderings in a
fixed anatomical order. This consistent ordering supplies implicit view identity
and allows the model to associate photographic surface appearance with the
corresponding 3D arch morphology and occlusal relationships.

Supervision is aligned with the photograph-report variant used by the offi-
cial evaluation. Starting from the twelve-view checkpoint with occlusal-region
focusing, we continue fine-tuning on photograph-variant reports while leaving
the multimodal input unchanged. At inference, a topic-gated completion step
appends up to four corpus-derived sentences covering crowding, transverse rela-
tionships, gingival status, and plaque or calculus only when the generated report
does not already mention the corresponding topic.

3 Experiments

3.1 Dataset and Evaluation Metrics

We conduct experiments on the MICCAI 2026 ODIN Bite2Text dataset [15]. The
released data contain approximately 1,000 orthodontic cases. Each case provides
registered maxillary and mandibular IOS meshes in occlusion, standardized in-
traoral photographs, and clinician-authored English reports. After completeness
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checks, 991 patient-level cases are split into 961 for training and 30 for vali-
dation. Multiple observer reports are treated as separate targets, yielding 1,455
IOS-report training samples. The official photograph-reference evaluation is per-
formed on the 29 validation cases with an available photograph-variant report.
Samples sharing the same visual input are grouped at the case level, and the
model generates one report per case.

We adopt the official Bite2Text scoring functions. Report similarity is mea-
sured using BLEU-4 [17] and METEOR [1]; their arithmetic mean defines the
captioning score Scap. Clinical correctness is evaluated using RadFact logical
F1 [2]. RadFact decomposes the generated and reference reports into clinical
statements and evaluates bidirectional entailment. Denoting the harmonic mean
of logical precision and recall by Sclin, the official final score is

Sfinal = 0.8Sclin + 0.2Scap. (3)

Evaluation protocol. The release contains two report streams: an IOS variant
(reports_ios_en, approximately 82 words and focused on occlusal findings)
and, when available, a photograph variant (reports_intraoral-photo_en, ap-
proximately 125 words and additionally covering soft tissue and oral hygiene).
All results in this paper are recomputed against the photograph variant used by
the challenge evaluation. BLEU-4 and METEOR are calculated with the official
NLTK-based implementation, while clinical correctness is computed with the of-
ficial radfact_lite pipeline using GPT-4o-mini. Thus, every reported row uses
the same 29 cases, reference variant, and metric implementation.

3.2 Implementation Details

Our main model is OralGPT-Omni, which is based on Qwen2.5-VL-7B [9]. The
vision tower and vision–language projector are frozen, and LoRA is applied to the
language model. We use a LoRA rank of 16, a scaling factor of 32, and a dropout
rate of 0.05. The per-device batch size is 1 with eight gradient-accumulation
steps, giving an effective batch size of 8. The initial learning rate is 1×10−4, with
cosine scheduling and a 3% warm-up ratio. Training uses bfloat16 precision and
gradient checkpointing. Rendering ablations are trained for up to three epochs.
For reference-target alignment, we start from the focused twelve-view model and
continue training on 843 photograph-report samples for up to two epochs with a
reduced learning rate of 5× 10−5. Training is performed on one NVIDIA A100
80GB GPU.

GPT-4o and GPT-5.5 are evaluated through zero-shot API inference [12,
16], while Qwen3-VL-8B is evaluated locally without fine-tuning [20]. All three
baselines receive the same multimodal input and report instruction, without
example reports or additional clinical information.

3.3 Comparison with General Purpose MLLMs

Table 1 compares our method with proprietary and open-source general pur-
pose MLLMs. GPT-4o, GPT-5.5, and Qwen3-VL-8B directly generate reports
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Table 1. Comparison with general purpose MLLMs.

Model Adaptation Clinical F1 BLEU-4 METEOR Final
GPT-4o Zero-shot 0.2341 0.0607 0.2775 0.2211
GPT-5.5 Zero-shot 0.2457 0.0383 0.2837 0.2287
Qwen3-VL-8B Zero-shot 0.2109 0.0548 0.2650 0.2007
OralGPT-Omni (ours) LoRA SFT 0.3691 0.3389 0.5193 0.3811

Table 2. Representative report comparison. Blue marks findings supported by the
reference; red marks errors.

OralGPT-Omni (ours) GPT-5.5 (zero-shot)
The patient presents a transverse constric-
tion of the maxilla in the absence of cross-
bite. From a vertical standpoint, there is a
deep bite. Sagittally, there is a full bilat-
eral Class II molar and canine relationship
with increased overjet. The dental mid-
lines are deviated relative to each other. The
Curve of Spee and the Curve of Wilson
are increased. There is mild crowding in
the upper arch and moderate crowding in
the lower arch. The gingivae are inflamed.
Plaque/calculus is present in the posterior sec-
tors.

Correct transverse relationships; no pos-
terior crossbite is present. Overbite is
within normal limits. Right side: Class I
molar relationship; Class I canine relation-
ship. Left side: Class I molar relationship;
Class I canine relationship. Overjet is
within normal limits. Upper and lower den-
tal midlines are approximately coincident.
The Curve of Spee is within normal lim-
its; the Curve of Wilson is within nor-
mal limits. The maxillary arch has moderate
anterior crowding; the mandibular arch has
mild anterior crowding. Other visible find-
ings include fissure staining/sealants on poste-
rior teeth, mild plaque/staining, and no clear
cavitated carious lesions.

in a zero-shot setting, while our final system uses LoRA SFT, reference-target
alignment, and topic-gated completion.

Our method achieves a final score of 0.3811, exceeding GPT-5.5, GPT-4o, and
Qwen3-VL-8B by 0.1524, 0.1600, and 0.1804, respectively. The zero-shot models
generate semantically reasonable orthodontic descriptions, but their wording and
organization differ substantially from the reference reports, leading to BLEU-4
scores at or below 0.061. Their clinical F1 scores are also lower than that of
our adapted dental model. These results show that zero-shot general-purpose
MLLMs do not fully meet the requirements for both clinical correctness and
structured orthodontic reporting.

Table 2 uses a case tied for our highest official per-case clinical F1. Our report
captures the reference-supported deep bite, increased overjet, midline deviation,
increased curves, and upper/lower crowding distribution, while missing the lo-
calized crossbite and overstating the Class II relationship as bilateral. GPT-5.5
instead normalizes most findings and reverses the crowding severity between
arches.

3.4 Ablation Study

Table 3 studies the visual input and training designs under the same data split,
image-pixel limit, and LoRA configuration.

In the clean single-variable comparison, increasing from eight to twelve views
raises the final score from 0.2976 to 0.3004. The gain is driven by captioning
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Table 3. Ablation results for rendering and training configurations.

Configuration Clinical F1 BLEU-4 METEOR Caption Final
8 rendered views 0.2896 0.2402 0.4193 0.3297 0.2976
12 rendered views (controlled) 0.2869 0.2674 0.4420 0.3547 0.3004
12 views with per-image text legends 0.3133 0.2210 0.4040 0.3125 0.3131
12 views with occlusal-region focusing 0.3272 0.2844 0.4610 0.3727 0.3363
Focused Reference SFT with Topic Gating 0.3691 0.3389 0.5193 0.4291 0.3811

(0.3297 to 0.3547), while clinical F1 remains similar and decreases slightly from
0.2896 to 0.2869. Thus, additional targeted views provide a modest benefit.

Occlusal-region focusing produces the largest visual-input improvement, in-
creasing clinical F1 from 0.2869 to 0.3272 and the final score from 0.3004 to
0.3363. Per-image legends produce a mixed effect: they improve clinical F1 and
final score relative to the unlabeled twelve-view setting but reduce captioning
from 0.3547 to 0.3125 and remain below occlusal-region focusing. These findings
support retaining fixed view order while allocating more of the pixel budget to
the crowns and occlusal interface.

3.5 Reference-target Alignment

The controlled rendering experiments above are trained with IOS-variant re-
ports so that only the visual input changes. However, the official evaluation uses
the longer photograph-report variant. To reduce this training–evaluation mis-
match without discarding the occlusal knowledge learned from all IOS reports,
we initialize from checkpoint-400 of the focused twelve-view model and continue
LoRA fine-tuning on the 843 training samples with photograph-variant targets.
This preserves the focused visual input while aligning report style and clinical
coverage with the evaluation target.

As shown in Table 3, reference-aligned SFT followed by topic-gated comple-
tion raises clinical F1 from 0.3272 to 0.3691 and the final score from 0.3363 to
0.3811 over its focused IOS-supervised source model. The sequential improve-
ment shows that concentrating the visual budget on the occlusal region and
aligning language supervision with the photograph-report target provide com-
patible gains.

3.6 Limitations and scope.

Our contribution is primarily a clinically guided rendering and adaptation in-
terface rather than a new multimodal architecture. Validation on 29 cases may
limit generalizability across sites and patient populations. GPT-4o and GPT-5.5
are proprietary API-based systems whose parameters and training procedures
cannot be matched to our fine-tuned model; thus, all baselines were evaluated
zero-shot with the same multimodal inputs and task instruction. Larger multi-
site evaluations and more controlled baselines would strengthen the evidence
within the applied challenge-track scope.
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4 Conclusion

We presented an anatomy-aware multi-view rendering and visual fusion frame-
work for orthodontic report generation. Without introducing a dedicated 3D en-
coder, the framework standardizes IOS meshes in an occlusal coordinate system,
converts the maxillary and mandibular arches into twelve clinically meaning-
ful 2D views, and combines occlusal-region focusing with standardized intraoral
photographs. This design enables a dental-specialized MLLM to jointly utilize
3D arch morphology, occlusal relationships, and 2D surface appearance. Un-
der the unified official evaluation, occlusal-region focusing produces the largest
visual-input gain. Continuing reference-aligned SFT from this focused model
and applying topic-gated completion further raises the final score to 0.3811.
The resulting system outperforms the zero-shot GPT-4o, GPT-5.5, and Qwen3-
VL-8B baselines. These results establish the effectiveness of reusing existing
dental MLLMs through clinically driven 3D-to-2D visual representations and
task-aligned language supervision for automated orthodontic report generation.
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