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Abstract. The automatic generation of medical reports utilizing Mul-
timodal Large Language Models (MLLMs) frequently encounters chal-
lenges related to factual instability, which may manifest as the omis-
sion of findings or the incorporation of inaccurate information, thereby
constraining their applicability in clinical settings. Current methodolo-
gies typically produce reports based directly on image features, which
inherently lack a definitive factual basis. In response to this limita-
tion, we introduce Fact-Flow, an innovative framework that separates
the process of visual fact identification from the generation of reports.
This is achieved by initially predicting clinical findings from the im-
age, which subsequently directs the MLLM to produce a report that is
factually precise. A pivotal advancement of our approach is a pipeline
that leverages a Large Language Model (LLM) to autonomously create
a dataset of labeled medical findings, effectively eliminating the need for
expensive manual annotation. Extensive experimental evaluations con-
ducted on two disease-focused medical datasets validate the efficacy of
our method, demonstrating improved tuberculosis clinical efficacy and
most NLG metrics over state-of-the-art models. The code is available at
https://github.com/UCPRER/Fact-Flow.
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1 Introduction

The automated generation of medical reports from diagnostic images is a critical
task in computational medicine. Early approaches to Medical Report Genera-
tion (MRG) relied on encoder-decoder architectures, evolving from CNN-RNN
combinations [9,27,29] to Transformer-based models [6,5,19,13]. However, they
struggled with capturing complex semantic relationships and generating factu-
ally precise narratives [17].

The recent advent of Multimodal Large Language Models (MLLMs) [14] has
introduced a new paradigm for MRG. MLLMs such as LLaVA-Med [11] have
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demonstrated immense potential, yet a significant challenge emerges when fine-
tuned end-to-end: factual instability. These models are prone to hallucinating
findings or omitting critical pathological observations, which are clinically unac-
ceptable and remain the primary barrier to real-world deployment [3,28,26].

Inspired by previous work [10,25], we hypothesize that this unreliability stems
from coupling two distinct cognitive processes in a single model: visual feature
recognition and medical language organization. We propose that by decoupling
these tasks—first compelling the model to identify all salient clinical facts before
composing the report—we can improve factual grounding.

A primary obstacle is the lack of large-scale datasets pairing medical im-
ages with exhaustive key-finding labels. This is especially pronounced in disease-
focused settings, where relevant categories are prohibitively expensive to anno-
tate manually. Prior label-guided methods such as TieNet [27] assume a fixed
vocabulary tightly coupled to specific datasets, limiting adaptability and render-
ing them incompatible with modern MLLM architectures.

To overcome this, we introduce Fact-Flow, a novel framework that improves
the factual accuracy of MLLM-based report generation through multi-label guid-
ance. The main contributions are as follows.
– We propose Fact-Flow, which improves MLLM-based report generation via

explicit multi-label clinical finding conditioning.
– We design a fully automated, LLM-bootstrapped data pipeline that con-

structs a large-scale (image, multi-label) dataset from existing image-report
pairs without manual annotation.

– We validate Fact-Flow on two disease-focused datasets (ophthalmology and
tuberculosis), demonstrating consistent improvements over state-of-the-art
methods in NLG metrics and, where applicable, clinical efficacy.

2 Method

We present Fact-Flow, a framework that enhances MLLM-based medical re-
port generation through multi-label guidance. Given a training set of medical
image–report pairs {(Ii, Ri)}Ni=1, our goal is to generate a diagnostic report R̂
for a new image I that accurately captures all clinical findings. Rather than
mapping I → R end-to-end, Fact-Flow introduces an intermediate multi-label
representation Y = {y1, . . . , yk} ∈ {0, 1}k, where each yj denotes the presence
or absence of a specific clinical finding. As illustrated in Figure 1, the framework
comprises three stages: (1) LLM-bootstrapped label dataset construction, (2)
multi-label classification model training, and (3) label-guided report generation,
with the predicted labels serving as factual grounding to reduce hallucinations
and improve finding recall.

2.1 Stage 1: LLM-Bootstrapped Multi-Label Dataset Construction

Since annotating large-scale reports with fine-grained clinical labels is prohibitively
expensive, we construct the label dataset automatically via an LLM-driven
pipeline (see Stage 1 in Figure 1). The pipeline proceeds in two steps.
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Fig. 1. The overall framework of Fact-Flow

Taxonomy extraction. We first build a unified label taxonomy L = {l1, . . . ,
lk} from the training reports. Processing all reports in a single LLM call is infeasi-
ble due to context-length constraints, so we partition {Ri}Ni=1 into batches of size
b and prompt the LLM to extract clinically significant concepts—including dis-
eases, pathological features, anatomical locations, and severity descriptors [4]—
from each batch independently. We enforce flat binary, positive labels in canoni-
cal terminology, excluding negations, generic anatomy, and acquisition/projection
terms. The resulting per-batch label sets inevitably contain synonyms and re-
dundancies, so we consolidate them through iterative hierarchical merging: at
each round, sets are grouped into ≤ κ-label groups and the LLM is prompted
to perform synonym normalization and deduplication, repeating until a single
canonical taxonomy L is obtained.

Report annotation and filtering. Given L, we annotate each training
report Ri by prompting the LLM to identify all labels explicitly or implicitly
mentioned, producing a binary vector Yi ∈ {0, 1}k where Yi[j] = 1 if label lj
is present. To reduce annotation noise and ensure minimum support, we apply
frequency-based filtering and retain only labels that appear in at least θ reports.
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This yields the final bootstrapped dataset DMLC = {(Ii, Yi)}Ni=1 used to train
the guidance model in Stage 2.

2.2 Stage 2: Guidance Model Training

In this stage (see Stage 2 in Figure 1), we train a multi-label classification model
fMLC, formally defined as fMLC(I) = σ(Wcls · ϕ(I)), to predict clinical findings
from medical images, where ϕ(·) is a pre-trained vision encoder (DINOv3 [22]
with a ConvNeXt backbone [15]) and σ(·) denotes the sigmoid function applied
independently per label.

The retained taxonomy can remain imbalanced. Standard binary cross-entropy
tends to overlook low-frequency labels. To address this, we adapt the logit ad-
justment method [16] to multi-label binary classification, shifting each raw logit
zj by the log-odds of its empirical frequency pj before computing the loss:

z̃j = zj + τ log
pj

1−pj
(1)

where pj =
1
N

∑N
i=1 Yi[j] is the empirical label frequency and τ is a temperature

parameter (set to 1). The adjusted logits z̃j are then used in the standard binary
cross-entropy loss, re-balancing the decision boundary to improve both precision
and recall on retained low-frequency labels.

2.3 Stage 3: Guided Report Generation

In the final stage (see Stage 3 in Figure 1), we fine-tune a multimodal large
language model (MLLM) to generate diagnostic reports conditioned on both
visual features and predicted clinical findings.

During training, the bootstrapped pseudo-labels Yi are serialized into a natural-
language prompt (e.g., “The image shows the following findings: [labela], [labelb],
[labelc]. Based on these findings and the image, generate a detailed diagnostic
report.”), which is prepended to the generation target. The model is optimized
with the standard next-token prediction objective, learning to condition its out-
put on both the visual input and the explicit label guidance.

At inference, pseudo-labels are unavailable. Instead, the predicted labels Ŷ =
fMLC(I) from Stage 2 are serialized into the same prompt format and used to
guide generation, grounding the report in explicitly identified factual findings.

3 Experiments

3.1 Dataset and Evaluation Metrics

We evaluate Fact-Flow on two medical imaging datasets. The first is the pub-
lic tuberculosis chest X-ray dataset [8], comprising 561/80/160 frontal chest
X-rays for training, validation, and testing, each paired with a diagnostic re-
port describing tuberculosis-related findings. The second is a multimodal oph-
thalmology dataset from a clinical institution, split into 1,854/206/515 train-
ing/validation/test cases, with institutional ethics approval (No. 2024-1357) and
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Table 1. Comparison with state-of-the-art methods on the Tuberculosis dataset.
“+FF” denotes our Fact-Flow approach. For RadFact F1, paired bootstrap resampling
against the corresponding non-FF baseline yielded p-values < 0.05 for MedGemma and
Qwen2.5-VL, and < 0.1 for LLaVA-Med.

Type Method Clinical Efficacy Natural Language Generation
F1 Prec. Recall B-4 R-L CIDEr METEOR

Traditional

R2Gen 0.1909 0.2273 0.1646 0.0682 0.6423 1.7061 0.2131
R2GPT 0.2105 0.1310 0.5361 0.1032 0.3101 1.1659 0.1813
CvT2DistilGPT2 0.2128 0.2333 0.1957 0.1655 0.5752 1.7217 0.1896
R2GenCSR 0.2041 0.3000 0.1546 0.1478 0.6333 1.8396 0.1953
R2GenCMN 0.2334 0.2903 0.1952 0.0603 0.6500 1.7216 0.1990

MLLM
MedGemma 0.2266 0.2422 0.2130 0.0795 0.6566 1.7307 0.1759
LLaVA-Med 0.0000 0.0000 0.0000 0.0242 0.4691 1.1719 0.1177
Qwen2.5-VL 0.0286 1.0000 0.0145 0.0265 0.4779 1.2035 0.1141

Zero-Shot Gemini-2.5-Flash 0.0677 0.0525 0.0952 0.0014 0.0383 0.0102 0.0295
Gemini-2.5-Pro 0.0713 0.0457 0.1621 0.0008 0.0301 0.0003 0.0245

Fact-Flow
MedGemma + FF 0.3055 0.3070 0.3041 0.2290 0.6243 2.0664 0.2305
LLaVA-Med + FF 0.2016 0.1974 0.2059 0.1287 0.6018 1.5869 0.1869
Qwen2.5-VL + FF 0.2831 0.3535 0.2361 0.2129 0.6107 1.9434 0.2236

ChiCTR registration (ChiCTR2500106060). Each case provides fundus photog-
raphy, Optical Coherence Tomography (OCT), and OCT angiography (OCTA),
paired with an ophthalmologist-authored Chinese diagnostic report describing
myopia complications and retinal changes.

We assess report quality using two sets of metrics. For natural language
generation (NLG), we employ BLEU-1 through BLEU-4 [20], ROUGE-L [12],
CIDEr [24], and METEOR [2]. For clinical efficacy on the tuberculosis dataset,
we adopt RadFact [3], which leverages large language models to extract clinical
entities from both generated and reference reports and computes Precision, Re-
call, and F1-score without requiring predefined disease-specific categories; pre-
cision reflects unsupported generated entities, recall reflects omitted reference
entities, and F1 balances both. No established clinical efficacy metric is cur-
rently available for Chinese ophthalmology reports, so only NLG metrics are
reported for that dataset.

3.2 Implementation Details

For Stage 1 label bootstrapping, we use GPT-5-mini [23] to extract and merge
clinical findings from training reports with b = 200, κ = 200, and a merg-
ing threshold θ = 15, yielding 7 labels for tuberculosis and 42 for ophthal-
mology datasets. For Stage 2, the multi-label classifier fMLC employs DINOv3-
ConvNeXt-Base [22,15] as the visual encoder with full fine-tuning and logit ad-
justment [16] (τ = 1.0) for retained-label imbalance, trained with a learning rate
of 2 × 10−5. For the ophthalmology dataset, we use separate encoders for each
modality (fundus, OCT, OCTA) with feature fusion. For Stage 3, we fine-tune
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Table 2. Comparison with state-of-the-art methods on the Ophthalmology dataset.
“+FF” denotes our Fact-Flow approach.

Method BLEU-1 BLEU-2 BLEU-3 BLEU-4 ROUGE-L CIDEr

Traditional Methods
R2Gen 0.6004 0.4703 0.3807 0.3138 0.3605 0.0232
R2GenCMN 0.6232 0.5178 0.4420 0.3838 0.7065 0.0650
R2GPT 0.7324 0.6446 0.5777 0.5231 0.8389 0.2589
CvT2DistilGPT2 0.6249 0.5224 0.4485 0.3904 0.4131 0.0268
R2GenCSR 0.7216 0.6372 0.5710 0.5165 0.8386 0.1786

MLLM
MedGemma 0.6489 0.5562 0.4867 0.4318 0.7921 0.0986
LLaVA-Med 0.7242 0.6266 0.5521 0.4935 0.8345 0.1741
Qwen2.5-VL 0.6873 0.5853 0.5098 0.4506 0.7947 0.1382

Fact-Flow
MedGemma + FF 0.7079 0.6267 0.5627 0.5099 0.8272 0.2306
LLaVA-Med + FF 0.7685 0.6798 0.6103 0.5533 0.8457 0.2350
Qwen2.5-VL + FF 0.7681 0.6820 0.6133 0.5567 0.8558 0.2759

three MLLMs—Qwen2.5-VL 7B [1], MedGemma 4B [21], and LLaVA-Med-v1.5-
Mistral 7B [11]—using LoRA [7] on the decoder, vision encoder, and projec-
tor; all models are trained with the AdamW optimizer (learning rate 2 × 10−4,
weight decay 0.1) using BFloat16 mixed precision on four NVIDIA RTX A6000
GPUs. Taxonomy construction, classifier training, and MLLM fine-tuning use
only training data; validation is used for model selection and test data only for
final evaluation.

3.3 Comparison with State-of-the-Art Methods

We compare Fact-Flow against traditional MRG models (R2Gen [6], R2GenCMN
[5], R2GPT [28], R2GenCSR [26], CvT2DistilGPT2 [18]), MLLM baselines (Qwen
2.5-VL, MedGemma, LLaVA-Med fine-tuned directly on image-report pairs with-
out factual guidance), and powerful closed-source VLMs (Gemini-2.5-Flash and
Gemini-2.5-Pro) evaluated in a zero-shot setting. On the tuberculosis dataset
(Table 1), our approach consistently improves three MLLMs across clinical ef-
ficacy and most NLG metrics. MedGemma + Fact-Flow achieves the best
overall performance, while some vanilla MLLM baselines suffer from mode col-
lapse—Qwen2.5-VL yields perfect precision but near-zero recall, and LLaVA-
Med produces zero clinical efficacy scores—a problem our factual guidance di-
rectly addresses. Despite their strong general capabilities, Gemini-2.5-Flash and
Gemini-2.5-Pro perform poorly in the zero-shot setting, underscoring the neces-
sity of domain-specific training for medical report generation. On the ophthal-
mology dataset (Table 2), Qwen2.5-VL + Fact-Flow achieves the best results
on most NLG metrics, demonstrating the effectiveness of our approach across
complex multimodal scenarios. Qualitative examples in Table 3 further confirm
that factual guidance enables more precise localization of findings (e.g., disease
laterality, anatomical region) compared to the vanilla MLLM baseline.
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Table 3. Case study of generated reports on the Tuberculosis dataset. Bold text in
the reference report denotes key findings. Superscript ✓ indicates findings supported
by the reference, while † indicates unsupported or incorrect findings.

Chest
X-ray Ground Truth MLC Prediction MedGemma

+ Fact-Flow
MedGemma

Right secondary
PTB in the upper
and middle fields

Pulmonary
tuberculosis✓,
Secondary
(post-primary)
pulmonary
tuberculosis✓

secondary
PTB✓ in the
right upper
field✓

bilateral†

PTB✓

RadFactF1 1 0

extensive infiltrates
bilaterally with large
cavity in RUL and
a moderate pleural
effusion on the left.
AFB smears and RNA
probes pos for MTB.
Active TB, cavitary.

Pulmonary
tuberculosis✓,
Pulmonary
cavitation✓,
Pulmonary
infiltrates✓, Pleu-
ral effusion✓

bilateral†

PTB✓ with
cavitation✓

and left pleu-
ral effusion✓

bilateral†

PTB✓

RadFactF1 0.67 0

3.4 Analysis of Visual and Factual Guidance

We evaluate five configurations on the tuberculosis dataset using Qwen2.5-VL
(Table 4), varying input modalities (image and/or label) and label sources (pre-
dicted labels vs. bootstrapped pseudo-labels). The Image Only baseline suffers
from mode collapse despite high precision, as MLLMs generate overly conser-
vative reports without factual grounding. Introducing predicted labels (Label
Only (Pred)) substantially improves both clinical efficacy and NLG metrics,
and combining image with predicted labels (Image + Label (Pred))—our
full Fact-Flow approach—achieves the best practical performance, confirming
that visual context and factual guidance are complementary. The performance
gap between predicted-label and pseudo-label highlights label quality as the key
bottleneck, and the oracle Image + Label (PL) consistently outperforms La-
bel Only (PL), indicating that visual information provides spatial details that
discrete labels alone cannot capture.

3.5 Intermediate Stage Analysis

We validate intermediate stages (Table 5). Stage 1: All metrics are verified by a
professional ophthalmologist on the ophthalmology dataset. (1) Coverage mea-
sures whether each report’s key clinical information can be expressed by a subset
of labels in L, rated as fully / partially / not covered on 50 randomly sampled re-
ports; (2) LLM-Match Accuracy checks whether LLM-Match assigns correct
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Table 4. Analysis of visual and factual guidance on the Tuberculosis dataset using
Qwen2.5-VL. “Pred” and “PL” denote predicted labels and bootstrapped pseudo-labels,
respectively.

Input Modality Clinical Efficacy Natural Language Generation
Image Label F1 Prec. Recall B-2 B-3 B-4 R-L CIDEr METEOR

Practical Configurations
✓ – 0.0286 1.0000 0.0145 0.0265 0.0265 0.0265 0.4779 1.2035 0.1141
– Pred 0.2115 0.2656 0.1757 0.2895 0.2409 0.2074 0.5943 1.9209 0.2188
✓ Pred 0.2831 0.3535 0.2361 0.2951 0.2455 0.2129 0.6107 1.9434 0.2236

Oracle Upper Bounds
– PL 0.3750 0.5000 0.3000 0.3658 0.3026 0.2618 0.6990 2.3198 0.2691
✓ PL 0.4421 0.5116 0.3892 0.3727 0.3095 0.2680 0.7198 2.4420 0.2746

Table 5. Intermediate stage analysis. Left: Intrinsic quality evaluation of Stage 1
on the ophthalmology dataset (all metrics verified by a professional ophthalmologist).
Report-level metrics (Coverage, LLM-Match Accuracy) are measured on 50 randomly
sampled reports; label-level metrics (Redundancy, Clinical Validity) characterize L
itself. Right: Stage 2 MLC classification performance on test sets.

Stage 1 Result
Report-level (50 sampled reports)

Coverage 100% (50/50)
LLM-Match Accuracy 100% (50/50)

Label-level (L)
Redundancy 7.5%
Valid & decidable 80%
Valid, context-dependent 15%
Overly generic 5%
Invalid / pseudo-concept 0%

Stage 2 Macro-F1 Micro-F1
Tuberculosis 0.5227 0.7328
Ophthalmology 0.7071 0.8426

labels (set-level) on the same 50 reports; (3) Redundancy estimates the pro-
portion of clinically synonymous label pairs within L; and (4) Clinical Validity
categorizes each label as valid & decidable, valid but context-dependent, overly
generic, or invalid/pseudo-concept. Results show 100% coverage and matching
accuracy, low redundancy (7.5%), and 80% of labels valid and decidable with
none invalid, providing a sanity check for the bootstrapped vocabulary. Stage 2:
The MLC achieves Macro-/Micro-F1 of 0.52/0.73 on tuberculosis and 0.71/0.84
on ophthalmology, providing practical grounding for Stage 3.

4 Conclusion

To address the critical challenge of factual instability in Multimodal Large Lan-
guage Models (MLLMs) when applied to medical report generation, we pro-
pose Fact-Flow, a novel framework that enhances factual accuracy by decou-
pling visual feature recognition from textual composition. Our core contribu-
tions include an LLM-bootstrapped pipeline for automatic multi-label dataset
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creation and a multi-label classification model that provides an explicit “Fact-
Flow” to guide the MLLM. Fact-Flow is a plug-and-play framework compatible
with any MLLM architecture, particularly suited to clinical scenarios where re-
ports revolve around targeted and enumerable finding categories. Experiments
on two disease-focused datasets with three MLLMs (Qwen2.5-VL, MedGemma,
and LLaVA-Med) demonstrate that Fact-Flow improves tuberculosis clinical effi-
cacy and most NLG metrics over state-of-the-art methods and direct fine-tuning,
without compromising textual quality. Limitations include LLM-based pseudo-
labeling/evaluation, Stage-2 error propagation without rejection, and untested
hyperparameter sensitivity.
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