MedMO: Grounding and Understanding Multimodal Large Language

Model for Medical Images (Supplementary)

Ankan Deria*, Komal Kumar*, Adinath Madhavrao Dukre, Eran Segal, Salman Khan, Imran Razzak
Mohamed bin Zayed University of Artificial Intelligence

{ankan.deria, komal.kumar}@mbzuai.ac.ae

# Models: huggingface.co/collections/MBZUAT/medmo

PN

) GitHub: github.com/genmilab/MedMO

%> Project Page: genmilab.github.io/MedMO-Page

1. Reward function details

1.1. Bounding Box Reward Function

For grounding tasks in the reinforcement learning stage, we
employ a specialized reward function that evaluates the qual-
ity of predicted bounding boxes against ground truth annota-
tions. This reward is computed using Hungarian matching
combined with geometric metrics.

Notation and Setup. Given ground truth boxes G =
{9;}5_, and predicted boxes P = {p;}/_, in XYXY for-
mat (i.e., (z1, y1, T2, y2) coordinates), we first determine the
image dimensions (H, W) from the maximum extents of
ground truth boxes if available, otherwise from predictions
(with fallback to (1, 1) if both are empty).

Pairwise Metrics. For each pair of boxes (p;, g;), we com-
pute two geometric measures:

Normalized L1 Distance: The L1 distance over all four
coordinates, normalized by the image perimeter:
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Generalized IoU (GIoU): We compute GloU;; €

[—1, 1] following Rezatofighi et al. [34], which extends
standard IoU to account for non-overlapping boxes.
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Hungarian Matching. To establish optimal correspon-
dence between predictions and ground truth, we construct a
cost matrix:

Cij = wfi . Lli]‘ + ng . (1 — GIOUi]‘), 2)

where w'} = 5.0 and wg' = 2.0 are matching cost weights.
We apply the Hungarian algorithm to find the minimum-cost

bipartite matching, yielding m = min(P, G) matched pairs
{ (s ) bty -

Per-Match Score. For each matched pair (i, jx ), we com-
pute a quality score by:
1. Mapping GloU to [0, 1]: G, = M

2. Clamping L1 to [0,1]: L1, = clipp,1)(L1ij,)

3. Computing weighted blend:

w1 - (1 - I:lk) + wg - ék
w1 + Wg ’

Sk = Sk € [Oa 1] (3)

where wy; = 5.0 and wg = 2.0 are pair score weights.

Final Reward Computation. The base reward is the
coverage-normalized sum of matched pair scores:
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We optionally apply penalties for false positives (FP) and
false negatives (FN):
/\FN-(G—m)+)\Fp~(P—m)

max(1, G) ’

penalty = &)

where Apy and App are penalty coefficients (default: 0). The
final bounding box reward is:

Ribox = clipyg 1) (base — penalty) (6)

Expanding the base term:
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Edge Cases.
follows:
¢ No ground truth boxes (G = 0): Rppox = 0.5 (neutral
reward)
¢ Ground truth present but no predictions (G > 0, P =
0): Rppox = clipjg 17(0 — penalty), which equals 0.0 with
default penalties
* Failed matching (no feasible pairs): Treated as m =
0, where all ground truth boxes are unmatched and all
predictions are false positives
This reward formulation encourages the model to pro-
duce accurate bounding box predictions through Hungarian-
matched optimization of both localization (L1) and overlap
quality (GIoU), while penalizing missing detections and
spurious predictions.

The reward function handles special cases as

2. Experimental Details

We conducted all experiments using the SFT_Trainer and
RL (GRPO) trainer frameworks. Unless otherwise noted, we
used mixed-precision training (dtype=bfloat16) on a cluster
of 64x AMD Instinct MI210 GPUs. Random seeds, opti-
mizer state, and scheduler configuration were logged for full
reproducibility.

2.1. Stage 1: General SFT
Parameters Details

We provide detailed experimental settings in Table 1, which
we apply exclusively to training stage 1 MedMO.

Parameter Value
Batch size 10
Gradient accumulation steps 2
Learning rate (initial) 1x107°

LR scheduler Cosine decay
Number of epochs 1

Image resolution 768 x 768 pixels
dtype bfloat16

Table 1. Training parameter details for stage 1.

Training Dynamics

During Stage 1, optimization converges rapidly: the loss
drops from ~ 11 to < 0.3 within the first ~ 10 steps, and
entropy collapses from ~ 5.3 to ~ 0.1 over the same win-
dow, indicating quickly sharpened token distributions. Mean
token accuracy rises steeply from ~ 0.6 to ~ 0.95 by step
~ 10 and then plateaus with minor oscillations thereafter.
These curves reflect stable optimization under the cosine
schedule, fast fit to the instruction format, and no signs of
late-stage instability during the single-epoch SFT. Unless
noted, one plotted “step” corresponds to an aggregate over
100 mini-batches (logging interval = 100 batches).
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Figure 1. Stage 1 mean token accuracy vs. step (each step = 100
mini-batches). Accuracy jumps to ~0.95 within ~10 steps and
remains stable.
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Figure 2. Stage 1 training loss vs. step (each step = 100 mini-

batches). Loss declines from ~11 to < 0.3 in the first =10 steps,
then flattens.
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Figure 3. Stage 1 output entropy vs. step (each step = 100 mini-
batches). Entropy collapses from ~5.3 to ~0.1 by =10 steps,
indicating confident token distributions.

2.2. Stage 2: High-Resolution Image SFT
Parameters Details

We provide detailed experimental settings in Table 2, which
we apply exclusively to training stage 2 MedMO.



Parameter Value
Batch size 2
Gradient accumulation steps 8
Learning rate (initial) 8 x 1076

LR scheduler Cosine decay
Number of epochs 1

Image resolution 1280 x 1280 pixels
dtype bfloat16

Table 2. Training parameter details for stage 2.

Training Dynamics

During Stage 2, we fine-tuned MedMO on high-resolution
(1280 x 1280) medical images using a combination of VQA,
grounding, and report-generation datasets. Each logged step
corresponds to 100 training batches. As illustrated in Fig-
ures 4—06, the model exhibits rapid convergence and stable
learning behavior. Mean token accuracy (Fig. 4) increases
sharply from ~0.86 to ~0.95 within the first few hundred
steps, indicating strong adaptation to high-resolution vi-
sual-textual data. Training loss (Fig. 5) decreases quickly
from ~0.9 to ~0.3 and then plateaus, confirming smooth
optimization without overfitting. Entropy (Fig. 6) drops
from ~0.65 to ~0.27 and remains steady, showing reduced
uncertainty and confident token predictions. These results
confirm that Stage 2 effectively enhances MedMO’s multi-
modal alignment and high-resolution spatial reasoning.
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Figure 4. Stage 2 mean token accuracy vs. global step (each step
= 100 mini-batches). Accuracy improves rapidly from ~0.86 to
~0.95, showing strong convergence and model stability.

Datasets Used

For Stage 2, we employed datasets emphasizing multimodal
reasoning, high-quality medical captions, and spatial ground-
ing. The training corpus included a diverse mix of VQA-
oriented datasets such as VQA-Med-2019, PubMed-Vision,
NIH-VQA, Quilt-LLaVA-Pretrain, MIMIC-Ext-MIMIC-CXR-
VQA, VOA-RAD, PathVQA, PMC-VQA, SLAKE, and CT-
RATE. We also incorporated report-generation datasets
including IU-Xray, MIMIC-CXR, CheXpert, CheXpert

train/loss

0.3 train/global_step

200 400 600 800 1k

Figure 5. Stage 2 training loss vs. global step (each step = 100 mini-
batches). Loss decreases from ~0.9 to ~0.3, confirming efficient
optimization and stable convergence.
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Figure 6. Stage 2 output entropy vs. global step (each step = 100
mini-batches). Entropy declines from ~0.65 to ~0.27, reflecting
reduced uncertainty and higher confidence in predictions.

Plus, MEDPIX-ClinQA, ROCO, ROCO-V2, and FairVLMed
to enhance radiology-style narrative generation and im-
age—text consistency. Finally, for grounding and bounding-
box prediction, we used NIH Chest X-ray, DeepLesion,
GRAZPEDWRI-DX, SLAKE, Cell Microscopy (DeepCell,
Bacteria, and CTC), and MedSG, which provide localized
annotations for spatial reasoning and fine-grained object
detection.

This combination allows MedMO to improve fine-grained
visual grounding and detailed report synthesis under high-
resolution supervision.

2.3. Stage 3: Instruction Tuning
Parameters Details

We provide detailed experimental settings in Table 3, which
we apply exclusively to training stage 3 MedMO.

Training Dynamics

Stage 3 focuses on instruction tuning to enhance MedMO’s
clinical reasoning, comprehension, and text generation ca-
pabilities. Each step shown in the plots corresponds to
100 mini-batches. As shown in Figures 7-9, the model ex-



Parameter Value
Batch size 14
Gradient accumulation steps 2
Learning rate (initial) 5x 106

LR scheduler Cosine decay
Number of epochs 1
dtype bfloat16

Table 3. Training parameter details for stage 2.

hibits smooth and stable convergence. Mean token accuracy
(Fig. 7) rises steadily from ~0.62 to ~0.69, demonstrating
improved instruction-following and cross-modal reasoning.
Training loss (Fig. 8) decreases from ~1.7 to ~1.4 within the
first few steps, while entropy (Fig. 9) declines from ~1.55 to
~1.38, both indicating effective optimization and improved
confidence. Overall, Stage 3 consolidates multimodal under-
standing and instruction-following capabilities with stable
convergence and balanced learning dynamics.

train/mean_token_accuracy

Figure 7. Stage 3 mean token accuracy vs. step (each step = 100
mini-batches). Accuracy increases gradually from ~0.62 to ~0.69,
indicating improved instruction-following and reasoning.

train/loss

Figure 8. Stage 3 training loss vs. step (each step = 100 mini-
batches). Loss decreases from ~1.7 to ~1.4, showing smooth
convergence and stable optimization.

train/entropy

Figure 9. Stage 3 output entropy vs. step (each step = 100 mini-
batches). Entropy decreases from ~1.55 to ~1.38, reflecting higher
model confidence and stable prediction behavior.

Datasets Used

For Stage 3, we utilized datasets centered on medi-
cal instruction-following, comprehension, reasoning,
and report summarization. The training corpus inte-
grated a broad collection of QA and understanding
datasets, including MedQA, PubMedQA, PMC-OA,
MedMCQA, PMC-InstructQA, MedQuAD, Medical-
Meadow-MedQA,  ChatDoctor-HealthCareMagic-100k,
AlpaCare-Medlnstruct-52k, ChatDoctor-iCliniq, MedRea-
son, MIMIC-IV-Ext-BHC, Medical-RI1-Distill-Data,
medical-ol-reasoning-SFT, Meadow-PubMed-Causal,
Meadow-Medical-Flashcards, Meadow-MediQA, and
Meadow-Wikidoc. These datasets collectively provide
diverse factual, reasoning, and instruction-based supervision
across medical, clinical, and biomedical contexts.

In addition, we incorporated summarization and clinical
reporting datasets such as Medical-Meadow-Cord19, and
mimic-ext-bhc. These datasets focus on long-form radiology
and biomedical report synthesis, improving contextual un-
derstanding, summarization, and domain-specific narrative
generation.

Together, this combined corpus strengthens MedMO’s
instruction-tuned reasoning, factual grounding, and
text—image comprehension, enabling robust performance
across diverse medical instruction and report-generation sce-
narios.

2.4. Staged4: Reinforcement Learning (Spatial
Grounding)

Parameters Details

» Reward functions: Label accuracy, bounding-box IoU (A),
tag count, and soft-overlong-punishment.

* Image resolution: dynamic (no fixed resize or bounding-
box rescaling).

* Epsilon (policy perturbation) = 0.15.

* Epsilon_high (upper bound) = 0.25.

* Number of training epochs = 2.
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Figure 10. DAPO training progress for bounding-box detec-
tion. Mean bounding-box reward (blue) with =+ rolling standard
deviation (shaded) and smoothed trend (red). The consistent up-
ward trajectory indicates effective policy optimization and stable
improvement in spatial localization accuracy.

* Number of batch size = 2.

* Gradient accumulation steps = 4.

* Number of generations per prompt = 8.

¢ Maximum prompt length = 2048 tokens.

¢ Maximum completion length = 1024 tokens.

Implementation & Reproducibility Notes

e Optimizer: AdamW with default betas (0.9, 0.999) and
weight decay = 0.1.

* Warm-up steps = 10% of total training steps per stage.

» Seed: All runs initialized with a fixed seed (e.g., 42) per
stage; randomness only arises from data shuffling and
augmentations.

Training Dynamics

During Stage 4, MedMO was trained with reinforcement
learning using the DAPO [50] algorithm to refine its spa-
tial grounding and bounding-box localization capabilities.
Each global step aggregates multiple rollouts sampled per
instruction prompt. As shown in Figure 10, the bounding-
box reward rises sharply from nearly zero to ~0.45 within
the first 100 steps, indicating rapid adaptation of the policy
to spatial localization signals. Beyond this point, the mean
reward curve (blue) stabilizes around 0.42-0.45 with mod-
erate oscillations, while the smoothed trend (red) shows a
consistent upward trajectory, reflecting incremental perfor-
mance gains and robust reward optimization. The steady
variance band (rolling standard deviation) demonstrates that
exploration remains controlled throughout training, prevent-
ing reward collapse or policy drift. Overall, the DAPO stage
successfully enhances the model’s spatial precision and sta-
bility in bounding-box generation tasks such as bacteria and
lesion detection.

Datasets Used

For Stage 4, we utilized datasets providing explicit spatial
supervision and precise bounding-box annotations for med-
ical object detection and grounding tasks. These include
NIH Chest X-ray, DeepLesion, Bacteria Segmentation, CTC
(Cell Tracking Challenge), SLAKE, GRAZPEDWRI-DX, and
MedSG, which collectively cover anatomical structures, le-
sions, and microscopic cellular regions. The DAPO ob-
jective leverages bounding-box IoU and label-accuracy re-
wards derived from these datasets to iteratively refine spatial
alignment and improve localization precision. This stage
significantly enhances MedMO’s visual grounding ability,
leading to robust disease localization and fine-grained spatial
reasoning across diverse medical modalities.

3. Dataset Collection

We curated a unified multimodal corpus comprising 45
datasets spanning radiology, pathology, ophthalmology, der-
matology, and surgical imaging, totaling more than 26M
samples. At the core lies the MedTrinity dataset [45],
which contributes 18.5M publicly available instruction-
following pairs. This large-scale collection integrates both
image—text and text-only medical data, enabling tasks such
as captioning, visual question answering (VQA), clinical
reasoning, and visual grounding.

The model was trained through four progressive stages.
In Stage 1, we used the MedTrinity dataset to establish foun-
dational multimodal understanding across diverse imaging
modalities. Stage 2 incorporated additional VQA, ground-
ing, and captioning datasets, and trained the model with
high-resolution medical images to enhance visual reasoning
and fine-grained spatial grounding.

Stage 3 focused on medical text-only instruction data
to strengthen clinical knowledge and language understand-
ing. Finally, Stage 4 employed reinforcement learning with
bounding-box supervision to further refine localization and
grounding capabilities.

The datasets encompass a broad spectrum of imaging
modalities (X-ray, CT, MRI, ultrasound, optical, and nuclear
imaging) and biological systems (chest, brain, heart, liver,
kidney, eye, colon, and tissue), ensuring comprehensive
anatomical and modality coverage. For grounding super-
vision, we incorporated datasets containing bounding-box
annotations, including NIH Chest X-ray, DeepLesion, Bacte-
ria, Wrist X-ray (boneanomaly, fracture etc.), CT, and Cell
Microscopy (DeepCell). This diverse corpus collectively sup-
ports robust multimodal alignment, spatial reasoning, and
medical instruction tuning.

Table 4 summarizes the datasets used in MedMO’s train-
ing pipeline, grouped according to their primary role in each
stage.

Note. Several other publicly available datasets such as



TCGA [40], VALSET [39], MAMA-MIA [13], LLD-MMRI
[26], CPD [42], CISC [12], CT-RATE [14], KIPA22 [48],
and PTCGA [20] are already included in MedTrinity and
were not trained on separately.

4. Quantitative Results

4.0.1. SOTA Comparison of MedMO for QA

Table 5 summarizes MedMO’s performance across medi-
cal VQA and Text QA benchmarks for all four variants:
MedMO-4B, MedMO-4B-Next, MedMO-8B, and MedMO-
8B-Next.

VQA Benchmarks. MedMO-8B-Next achieves the high-
est VQA average of 72.7%, outperforming all open-source
competitors including Fleming-VL-8B (66.1%) and Lingshu-
7B (55.1%) by +6.6% and +17.6%, respectively. It
sets new state-of-the-art scores on MMMU-Med (69.3%),
VQA-RAD (86.4/68.0), SLAKE (83.0/81.6), and OMVQA
(93.3%). MedMO-4B-Next also surpasses Fleming-VL-8B
with a VQA average of 68.5%, achieving competitive scores
on PMC-VQA (75.7%) and OMVQA (90.6%) despite its
smaller scale. The base variants MedMO-4B (45.4%) and
MedMO-8B (63.2%) show consistent improvement with
scale, with MedMO-8B notably achieving the second-best
PathVQA score (56.3%).

Text QA Benchmarks. MedMO-8B-Next achieves a
Text QA average of 60.1%, outperforming Fleming-VL-
8B (45.7%) by +14.4%. 1t leads on MMLU-Med (80.2%),
MedQA (83.8%), and MedXpertQA (20.9%), demonstrat-
ing strong clinical reasoning and knowledge integration.
MedMO-8B achieves the highest QA average among all
models including Next variants at 61.3%, leading on
MedMCQA (65.0%), MedQA (84.3%), and Medbullets
(66.5/60.2), suggesting its base instruction tuning yields
strong reasoning without RL fine-tuning overhead. MedMO-
4B-Next achieves a QA average of 55.0%, surpassing
Fleming-VL-8B (45.7%) by +9.3% and even matching or ex-
ceeding Lingshu-7B (53.1%) on several benchmarks includ-
ing PubMedQA (78.2%). Overall, all MedMO variants con-
sistently outperform same-scale open-source models, with
larger and Next variants delivering substantial improvements
across both VQA and QA tasks.

4.1. SOTA Comparison of MedMO for Report Gen-
eration

Table 6 evaluates medical report generation across four
datasets using semantic (ROUGE-L, CIDEr) and model-
based (RaTE, Semb) metrics.

MIMIC-CXR. MedMO-8B-Next achieves the highest
CIDEr of 143.4 and strong RaTE (57.7%) and Semb
(51.5%), outperforming Fleming-VL-8B (132.5, 56.7%,
33.6%) on all metrics except ROUGE-L, where Fleming
leads (35.7% vs. 32.6%). MedMO-8B achieves the second-
best CIDEr (140.0) with the highest Semb among all models

(50.0%), confirming that MedMO generates reports with
superior semantic fidelity and clinical coherence. MedMO-
4B-Next (CIDEr: 96.7, Semb: 34.3%) and MedMO-4B
(CIDEr: 92.6, Semb: 31.6%) also outperform most open-
source baselines despite their smaller scale.

CheXpert Plus. MedMO-8B-Next achieves the highest
CIDEr (88.3) and RaTE (48.1%) and Semb (43.8%), sur-
passing Fleming-VL-8B (82.2, 47.1%, 40.1%) across all
model-based metrics. MedMO-8B achieves the second-best
CIDEr (87.5) and Semb (42.2%). While MedGemma-4B-IT
leads on ROUGE-L (27.1% vs. 25.7%), MedMO’s superior
CIDEr and Semb scores indicate better semantic coherence
and clinical accuracy over lexical overlap.

IU-Xray. Fleming-VL-8B leads on IU-Xray with CIDEr
198.6, RaTE 66.0%, and Semb 51.3%. MedMO-8B-Next
achieves competitive performance (CIDEr: 171.9, RaTE:
56.0%, Semb: 43.1%), and MedMO-8B ranks second on
ROUGE-L (37.0%) and CIDEr (169.7%). MedMOQO-4B-
Next shows a strong improvement over the base 4B variant,
achieving CIDEr 147.8 and Semb 49.4%, while Lingshu-7B
leads on ROUGE-L (41.2%) among open-source models.
Med-Trinity. On Med-Trinity, which spans diverse modali-
ties including CT, MRI, ultrasound, and pathology, MedMO-
8B-Next achieves the highest ROUGE-L (38.5%) and
CIDEr (272.1), while MedMO-8B leads on RaTE (53.0%)
and Semb (39.2%). Both variants dramatically outper-
form all baselines — MedMO-8B-Next’s CIDEr of 272.1
is over 3x higher than the next best open-source model,
Qwen2.5VL-7B (81.5), underscoring MedMO’s excep-
tional capability in multi-modal medical report generation.
MedMO-4B-Next also delivers strong performance (CIDEr:
183.8), surpassing all non-MedMO baselines.

5. Qualitative Results

To complement the quantitative analyses presented in the
main text, Figures 11-14 provide qualitative insights into
our method’s performance across diverse medical imaging
scenarios. These visualizations illustrate representative pre-
dictions, highlighting both successful cases and challenging
examples under varied clinical conditions.

6. Overall Training Summary

Across the four stages, MedMO progressively improves from
general multimodal alignment (Stage 1) to high-resolution
spatial reasoning and grounding (Stage 2), instruction-tuned
language understanding (Stage 3), and reinforcement-driven
grounding refinement (Stage 4). Together, these stages es-
tablish a robust, domain-aware foundation model for diverse
medical imaging tasks.



Table 4. Overview of datasets used in MedMO training. Datasets are grouped by category, each contributing to distinct training objectives
such as image captioning, multimodal and text-based instruction tuning, and spatial grounding.

Category Datasets Purpose / Usage
Medical Caption Data  MedTrinity [45], [U-Xray [10], MIMIC-CXR [19], Used for large-scale image—text
CheXpert [16], CheXpert Plus [7], alignment, caption-based
MEDPIX-ClinQA [38], ROCO [32], supervision, and radiology-style
ROCO-V2 [35], FairVLMed [27] report modeling across diverse
imaging modalities.
Medical Multimodal VQA-Med-2019 [3], PubMed-Vision [9], Facilitates multimodal instruction

Instruction Data

NIH-VQA [36], Quilt-LLaVA-Pretrain [37],
MIMIC-Ext-MIMIC-CXR-VQA [4],

VQA-RAD [21], PathVQA [15], PMC-VQA [53],
SLAKE [25], CT-RATE [6]

tuning for VQA, diagnosis,
reasoning, and clinical
summarization, improving
image—text comprehension and
task-driven responses.

Medical Text
Instruction Data

MedQA [47], PubMedQA [18], PMC-0A [24],
MedMCQA [31], PMC-InstructQA [53],
MedQuAD [5], Medical-Meadow-MedQA [17],
ChatDoctor-HealthCareMagic-100k [22],
AlpaCare-MedlInstruct-52k [52],
ChatDoctor-iCliniq [23], MedReason [44],
MIMIC-1V-Ext-BHC [1],
Medical-R1-Distill-Data [8],
medical-ol-reasoning-SFT [8],
Meadow-PubMed-Causal [49],
Meadow-Medical-Flashcards [28],
Meadow-MediQA [33], Meadow-Wikidoc [29],
Medical-Meadow-Cordl19 [43], mimic-ext-bhc [2]

Provides text-only instruction and
QA supervision to enhance factual
reasoning, language understanding,
and medical knowledge grounding
across clinical and biomedical
contexts.

Medical Bounding Box
Data

NIH Chest X-ray [11], DeepLesion [46],
GRAZPEDWRI-DX [30], SLAKE [25], Cell
Microscopy (DeepCell, Bacteria, CTC) [41],
MedSG [51]

Provides explicit spatial grounding
and disease-localization supervision
with bounding-box annotations,
enabling fine-grained object
detection and improved spatial
reasoning in medical imagery.

Table 5. Performance comparison across medical VQA and Text QA benchmarks. Bold and underline indicate the best and second-best
results, respectively. OMIVQA and MedXQA refer to the OmniMedVQA and MedXpertQA benchmarks.

‘ VQA Benchmarks ‘ Text QA Benchmarks
. VQA-RAD  SLAKE  PathVQA Medbullets
Models ‘ MMMU-Med (closed/all)  (closed/all) () PMC-VQA OMVQA MedXQA Avg. | MMLU-Med PubMedQA MedMCQA MedQA (op4/ops) MedXQA SGPQA  Avg.
Fleming-VL-8B 63.3 78.4/56.4 86.9/80.0 56.5 64.3 88.2 21.6 66.1 71.8 74.0 51.8 53.7 40.5/37.3 12.1 24.9 45.7
Qwen3VL-8B 61.4 54.1/31.2 34.3/15.0 14.6 52.3 77.2 24.8 40.5 79.0 70.4 60.0 66.1 56.1/47.7 15.1 34.7 53.6
MedMO-4B 54.6 50.9/35.0 41.0/30.0 424 50.6 79.7 24.8 454 75.7 78.0 58.0 78.5 57.5/47.1 16.4 29.4 55.1
MedMO-4B-Next 58.7 79.7/59.6 78.0/74.0 73.3 75.7 90.6 27.0 68.5 74.8 78.2 58.1 78.3 57.4/47.6 16.5 29.5 55.0
MedMO-8B 64.6 72.3/64.7 70.6/70.0 56.3 59.4 84.8 26.2 63.2 81.0 71.6 65.0 84.3 66.5/60.2 199 36.0 61.3

MedMO-8B-Next 69.3

86.4/68.0

83.0/81.6

56.3

74.1

933

429

72.7

80.2

75.6

62.0

83.8

65.2/57.8

209

355

60.1




Table 6. Comparison of medical report generation performance on MIMIC-CXR, CheXpert Plus, IU-Xray, and Med-Trinity using semantic
(ROUGE-L, CIDEr) and model-based (RaTE, Semb) metrics. Models highlighted in green denote our proposed MedMO, which achieves
the best overall performance across all datasets.

| MIMIC-CXR | CheXpert Plus | TU-Xray | Med-Trinity
Models | ROUGE-L CIDEr RaTE Semb | ROUGE-L CIDEr RaTE Semb | ROUGE-L CIDEr RaTE Semb | ROUGE-L CIDEr RaTE Semb
Fleming-VL-8B 35.7 1325 567 336 26.1 822 471 401 449 1986 660 513 13.1 358 419 181
Qwen3VL-8B 25.1 779 503 334 21.9 674 444 379 25.0 91.44 525 429 20.2 69.9 459 336
MedMO-4B 26.0 926 498 316 15.1 623 366 342 26.6 940 421 413 225 1526 478 343
MedMO-4B-Next 283 967 520 343 23.5 745 426 387 38.0 1478 620 494 26.3 1838 495 386
MedMO-8B 31.7 1400 571 500 23.6 875 413 422 311 169.7 453 413 37.0 2704 530 392
MedMO-8B-Next 326 1434 577 515 25.7 883 481 438 31.8 1719 560  43.1 38.5 2721 538 407

Ground Truth : The heart is normal in size. The mediastinal and hilar contours are unremarkable. There is no pleural effusion or pneumothorax.
The lungs appear clear. No evidence of acute process.

MedMO : The lungs are clear. The cardiomediastinal silhouette is within normal limits. No acute osseous abnormalities. No acute
cardiopulmonary process.

Figure 11. Qualitative result example #1. We show model predictions compared against ground truth annotations. The input medical
image is displayed on the left, with corresponding text outputs on the right. Correct predictions are highlighted (highlighted in green) to
demonstrate alignment with clinical ground truth, while differences indicate areas for potential improvement.

Ground Truth : Frontal and lateral chest radiographs again demonstrate a vascular stent and surgical clips. Moderate to severe
cardiomegaly is unchanged. There is no definite focal consolidation. Pleural and parenchymal scarring have been more fully evaluated
by CTA of the chest of . A small right pleural effusion is seen. There is no appreciable pneumothorax. The visualized upper abdomen is
unremarkable. Rightward deviation of the trachea is consistent with left lobe thyroid enlargement. No definite focal consolidation. Small
right pleural effusion.

MedMO : There is a stent in the right brachiocephalic vein. There is a small right pleural effusion. There is no focal consolidation or
pneumothorax. There is mild cardiomegaly. There is no pulmonary edema. There is a small hiatal hernia. There is a right upper lobe
nodule, better seen on the prior CT. Small right pleural effusion. No focal consolidation.

Figure 12. Qualitative result example #2. We show model predictions compared against ground truth annotations. The input medical
image is displayed on the left, with corresponding text outputs on the right. Correct predictions are highlighted (highlighted in green) to
demonstrate alignment with clinical ground truth, while differences indicate areas for potential improvement.



Ground Truth: The image is a high-resolution CT scan of the thoracic region, specifically showing the lungs and the heart. The heart is
centrally located, with the lungs on either side. The region of interest, located in the lower-middle right-center of the image, shows an area of
the lung that is abnormal in appearance, characterized by ground-glass opacity, consolidation, or other atypical features indicative of a
COVID-19 infection. This region is adjacent to normal lung tissue, which may suggest that the disease has not spread extensively and could
be at an early or localized stage. The proximity to normal lung tissue could imply a potential for further spread or influence on adjacent areas,
although the image alone does not confirm the directionality of this relationship.

MedMO: The image is a high-resolution computed tomography (HRCT) scan of the chest, showing the lungs, heart, and part of the spine.
The lungs are the primary organs visible, with the heart centrally located between them and the spine visible posteriorly. The region of
interest, located in the lower-middle right-center of the image, shows an area of abnormality within the lung tissue. This area exhibits a
texture and density that differ from the surrounding lung parenchyma, suggesting the presence of a pathological process, likely related to
COVID-19 as indicated by the caption. The abnormal region is adjacent to normal lung tissue, which may be either unaffected by the disease
or could potentially be at risk of being affected due to proximity. The presence of the disease in this region could be indicative of an early
stage of infection, which is consistent with the knowledge that COVID-19 can present with ground-glass opacities and consolidation in the
lungs, often in the peripheral distribution of the disease.

Figure 13. Qualitative result example #3. We show model predictions compared against ground truth annotations. The input medical
image is displayed on the left, with corresponding text outputs on the right. Correct predictions are highlighted (highlighted in ) to
demonstrate alignment with clinical ground truth, while differences indicate areas for potential improvement.

Ground Truth: The image is a transverse slice of a magnetic resonance imaging (MRI) scan of the brain, showing
various brain structures such as the cerebral cortex, ventricles, and other intracranial structures. A region of interest
is located at the center of the brain, which is the cerebral hemispheres, and it appears to be a transverse slice
through the axial plane, likely at the level of the cerebral cortex, possibly involving the cerebral cortex and adjacent
brain tissue. The region of interest, located centrally in the image, there is an area that appears to be abnormal, with
an area ratio of 0.4% of the image, indicating a potential abnormality. This region is characterized by a difference in
tissue character, which may suggest a variation in tissue density or composition, such as altered signal intensity,
possibly due to the presence of a brain tumor. The abnormality is situated in the cerebral cortex, which is the central
part of the brain, which could be affecting or be affected by the disease process, potentially disrupting the normal
brain tissue surrounding it. The abnormality's relationship to other brain structures could be indicative of a
pathological process that may be influencing or being influenced by adjacent brain tissue, such as causing a mass
effect or being influenced by surrounding brain structures, potentially altering their function or being affected by
them.

MedMO: The image is a magnetic resonance imaging (MRI) scan of the brain, showing various brain structures such as
the cerebral cortex, ventricles, and possibly the basal ganglia or thalamus, without any medical devices visible. A
region of interest is located at center part of the image horizontally and upper-middle part of image vertically,
occupying approximately 0.4% of the total area. The region of interest, located in the cerebral cortex, exhibits an
abnormality that differs in appearance from the surrounding brain tissue, potentially indicating a brain tumor. This
abnormality could be affecting or be affected by adjacent brain structures due to its proximity, which may suggest an
interaction or influence on nearby tissue, although the exact relationship depends on the nature of the tumor and its
growth pattern. The MRI scan, with its high soft-tissue contrast, is instrumental in identifying such abnormalities.

Figure 14. Qualitative result example #4. We show model predictions compared against ground truth annotations. The input medical
image is displayed on the left, with corresponding text outputs on the right. Correct predictions are highlighted (highlighted in ) to
demonstrate alignment with clinical ground truth, while differences indicate areas for potential improvement.
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