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Abstract—Automated radiology report generation (ARRG) has
emerged as a critical application for improving clinical efficiency
and reducing physician workload. However, existing models
often suffer from hallucinations and spatial inaccuracies due
to a lack of explicit anatomical grounding. This paper presents
Radixpert, a novel anatomy-guided vision-language model that
leverages explicit segmentation priors to enhance report gener-
ation accuracy. Unlike traditional end-to-end approaches, our
framework adopts a highly efficient dual-branch architecture:
it combines a frozen pre-trained vision encoder with a frozen,
inference-only segmentation head to capture both high-level
visual semantics and precise anatomical localization. These multi-
modal features are aligned via a lightweight pointwise convolution
and fused to condition a Large Language Model (LLM), which
is optimized using Low-Rank Adaptation (LoRA). We trained
our model on a 16,000-sample subset of the PadChest dataset
to generate reports directly in Spanish. Radixpert demonstrates
comparable performance in clinical grounding and spatial rea-
soning, establishing a practical, resource-efficient path for devel-
oping specialized medical VLMs. Code is publicly available on
https://github.com/abdurafeyf/RadixpertV2

Index Terms—Automated Radiology report generation, vi-
sion–language model, computer vision, biomedical imaging, in-
terpretability.

I. INTRODUCTION

The exponential growth in medical imaging volume has
placed an unprecedented strain on radiological services glob-
ally. Radiologists are increasingly tasked with interpreting
complex scans under tight time constraints, leading to physi-
cian burnout and potential diagnostic delays [4]. In this
context, Automated Radiology Report Generation (ARRG)
has emerged as a transformative solution, aiming to assist
clinicians by drafting preliminary reports from diagnostic
images, thereby streamlining clinical workflows and reducing
turnaround times.

Despite significant advances in Vision-Language Models
(VLMs), the transition from general-domain image captioning
to clinical report generation remains fraught with challenges.
While modern Large Language Models (LLMs) demonstrate
remarkable fluency, they frequently suffer from “hallucina-
tions” – generating plausible-sounding but factually incorrect
findings not present in the image [5]. Furthermore, standard
end-to-end models often treat medical images as global seman-
tic vectors, leading to spatial inaccuracies, such as confusing

the laterality of a pathology (e.g., reporting a pleural effusion
on the left lung when it resides in the right).

Existing approaches typically attempt to mitigate these is-
sues by training massive, end-to-end multi-modal architectures
from scratch. However, this strategy introduces two critical
limitations: (1) High Computational Cost, requiring infras-
tructure inaccessible to most clinical research settings, and
(2) Catastrophic Forgetting, where the visual encoder loses
its robust pre-trained features when fine-tuned on smaller,
domain-specific datasets.

To address these limitations, we present Radixpert, a
parameter-efficient, anatomy-guided framework for radiology
report generation. Unlike traditional approaches that rely on
implicit visual feature learning, Radixpert explicitly grounds
the generation process in anatomical reality. Our architecture
introduces a novel “dual-branch” frozen encoding strategy.
We utilize a pre-trained vision encoder (BioViL) to capture
global semantic textures and a pre-trained, inference-only
segmentation head to extract precise anatomical priors. By
fusing these modalities via a lightweight pointwise convolution
mechanism, we provide the LLM with a “cheatsheet” of
anatomical locations, significantly reducing spatial errors.

We implement this framework using a frozen MedGemma
[12] backbone, fine-tuned via Low-Rank Adaptation (LoRA),
ensuring that the model retains its linguistic capabilities while
adapting to the medical domain. Evaluated on a 16,000-sample
subset of the PadChest dataset [6], Radixpert demonstrates that
high-fidelity, Spanish-language report generation is achievable
with minimal trainable parameters, offering a scalable solution
for resource-constrained clinical environments.

II. LITERATURE REVIEW

The domain of Automated Radiology Report Generation
(ARRG) has transitioned from early cascaded neural networks
to advanced Vision-Language Models (VLMs) and Large
Multimodal Models (LMMs), driven by the need for clinical
accuracy and anatomical precision.

A. Vision-Language Pre-training in Medicine

Initial deep learning approaches utilized Convolutional Neu-
ral Networks (CNNs) and Recurrent Neural Networks (RNNs)
in an encoder-decoder framework, often failing to capture
fine-grained visual details [8]. The advent of Transformers
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enabled more robust Vision-Language Pre-training (VLP). [1]
introduced GLORIA, a framework that contrasts image sub-
regions with report words to learn global-local representations,
significantly improving data efficiency. Building on this, [9]
proposed BioViL and its successor BioViL-T [10], which
incorporate temporal data (prior images and reports) into the
pre-training objective, enhancing the model’s ability to reason
about disease progression and text semantics.

B. Large Multimodal Models and Foundation Architectures

Recent research focuses on adapting general-purpose Foun-
dation Models for radiology. [11] introduced Med-Flamingo,
a few-shot learner capable of in-context learning for visual
question answering. The Med-Gemini family [13] and Med-
PaLM M [14] leverage massive scale and mixture-of-experts
architectures to achieve expert-level reasoning across diverse
biomedical tasks. To address computational constraints, [7]
developed R2GenGPT, which aligns visual features with a
frozen Large Language Model (LLM) using a lightweight
adapter. More recently, [3] and [15] proposed MambaXray-
VL, utilizing State Space Models (SSMs) to efficiently process
high-resolution medical images with linear complexity, over-
coming the quadratic bottleneck of standard Transformers.

C. Anatomical Grounding and Hallucination Mitigation

A critical challenge in ARRG is mitigating hallucinations.
Anatomy-VLM [16] employs multi-scale information process-
ing to align fine-grained anatomical localization with global
pathological classification. To address quantitative errors, [17]
introduced FactCheXcker, a module that verifies measurement
claims in reports using a query-code-update paradigm. [18]
extended grounding to interactive workflows with RaDialog,
a model trained on structured instruct datasets to enable
conversational diagnosis and report correction.

D. Parameter-Efficient Fine-Tuning (PEFT)

PEFT strategies have become standard for adapting LLMs
to medical datasets. [19] demonstrated that Low-Rank Adap-
tation (LoRA) effectively prevents catastrophic forgetting and
can outperform full fine-tuning in low-data regimes. This
technique is central to models like LLaVA-Rad [20] and
MedGemma [21], which allow for the efficient specialization
of foundation models on datasets like MIMIC-CXR and Pad-
Chest [6].

E. Clinical Evaluation Metrics

The inadequacy of n-gram metrics (BLEU, ROUGE) has
spurred the development of clinically aligned evaluations. [22]
introduced RadGraph F1, measuring the overlap of clinical
entities and relations. [23] proposed RadCliQ, a composite
metric combining lexical and semantic scores to better corre-
late with radiologist judgment. Most recently, [24] developed
RaTEScore, an entity-aware metric robust to synonyms and
negations, addressing the specific linguistic nuances of radiol-
ogy reports.

III. DATASETS

To train and evaluate Radixpert for the task of automated
radiology report generation, we utilized the large-scale Pad-
Chest dataset [6]. This dataset, collected from the Hospital
San Juan in Spain, is one of the largest public repositories of
chest radiographs, containing over 160,000 studies interpreted
by 18 board-certified radiologists. Unlike other datasets that
often rely on automated labelers (e.g., CheXpert), PadChest
provides high-quality, manually annotated reports in Spanish,
making it an ideal benchmark for developing non-English
medical VLMs.

Due to the high computational cost of fine-tuning Large
Language Models (LLMs) and the need for rapid experimental
iteration, utilizing the entire 160,000-sample dataset was in-
feasible. Instead, we curated a representative subset of 16,000
studies (approximately 10% of the total).

To ensure this subset remained clinically representative,
we employed Stratified Sampling rather than simple random
sampling. Our rationale is supported by the dataset’s intrinsic
distribution properties:

• Addressing Class Imbalance (Long-Tail Distribution):
As illustrated in Figure 1, the PadChest dataset exhibits
a severe long-tailed distribution. Common pathologies
like Pleural Effusion and Atelectasis are highly prevalent,
while conditions such as Granuloma or Fibrosis appear
much less frequently. Simple random sampling would
likely under-represent these minority classes, causing the
model to ignore rare but critical diagnoses. Our stratified
approach enforces minimum quotas for rare findings,
ensuring the model learns robust features across the entire
pathological spectrum.

• Preserving Clinical Co-occurrences: Real-world pa-
tients often present with multiple comorbid conditions.
Figure 1 presents the co-occurrence correlation matrix of
the top pathologies in our subset. We observe significant
correlations, such as between Effusion and Atelectasis
(Correlation Coefficient ϕ > 0.5), reflecting underlying
physiological relationships. Our sampling strategy pre-
serves these joint probabilities, preventing the model from
learning isolated features that fail to capture complex
disease interactions.

For visual preprocessing, all chest X-rays were resized to
224 × 224 pixels and normalized using standard ImageNet
mean and standard deviation values to align with the pre-
trained vision encoder (BioViL).

Crucially, we maintained the original Spanish language of
the reports. No machine translation was performed, preserving
the nuance of the original radiological dictations. The final
processed subset of 16,000 studies was partitioned into 80%
training, 10% validation, and 10% testing. The split was
performed using iterative stratification to maintain the multi-
label distribution balance across all three sets.

IV. METHODOLOGY

We propose Radixpert shown in figure 2, a parameter-
efficient, multi-modal framework designed to generate clini-



Fig. 1. Data distributions in the training subset. (a) Long-tailed distribution of common pathologies in PadChest. (b) Co-occurrence Heatmap (Correlation
Matrix) Shows which diseases appear together (e.g., Cardiomegaly + Edema).

cally accurate radiology reports by explicitly grounding vi-
sual features in anatomical knowledge. Unlike traditional ap-
proaches that rely on end-to-end fine-tuning of massive vision
backbones, Radixpert leverages a dual-branch frozen encoder
architecture. This design minimizes computational overhead
while maximizing the utilization of pre-trained medical priors
through a novel anatomy-guided projection mechanism.

The overall architecture consists of three core components:
(1) A Shared Visual-Anatomical Encoder utilizing frozen
backbones; (2) An Anatomy-Aware Fusion Module utilizing
pointwise convolution for semantic projection; and (3) A Large
Language Model (LLM) decoder optimized via Low-Rank
Adaptation (LoRA).

A. Problem Formulation

Let D = {(Ii, Yi)}Ni=1 denote a dataset consisting of chest
X-ray images I ∈ RH×W×C and corresponding radiology
reports Y = {y1, y2, . . . , yL}, where yt represents the t-
th token in the sequence. Our objective is to model the
conditional probability p(Y |I) by learning a mapping from the
visual domain to the textual domain, constrained by explicit
anatomical segmentation priors.

B. Shared Visual-Anatomical Encoding

To extract robust features without the instability of training
from scratch, we employ two distinct pre-trained experts which
remain frozen during the training phase.

1) Visual Feature Extraction: We utilize a pre-trained Vi-
sion Transformer (e.g., BioViL or CLIP) as the primary visual
encoder, denoted as fvis(·). Given an input image I , the
encoder extracts a sequence of patch embeddings:

Hv = fvis(I) ∈ RNp×Dv (1)

where Np = (H/P )×(W/P ) represents the number of visual
patches (e.g., 14×14 = 196) and Dv is the visual embedding
dimension. These features capture high-level semantic textures
and global visual context.

2) Anatomical Prior Extraction: To address the common
limitation of spatial hallucinations in medical VLMs, we
introduce an explicit anatomical guide. We employ a pre-
trained U-Net segmentation decoder, denoted as gseg(·), to
predict pixel-wise probability maps for K distinct anatomical
regions (e.g., Lungs, Heart, Clavicles):

Mraw = σ(gseg(I)) ∈ RK×H×W (2)

where σ is the sigmoid activation function. Crucially, this mod-
ule is inference-only; its weights are not updated, ensuring the
model relies on stable, expert-level segmentation boundaries.

C. Anatomy-Aware Fusion Mechanism

A direct concatenation of high-resolution probability masks
Mraw with low-resolution patch embeddings Hv is computa-
tionally infeasible due to dimensional mismatch. We propose
a two-step alignment and projection process.

1) Spatial Alignment: First, we align the spatial resolution
of the segmentation masks with the visual patches via an
adaptive pooling operation P:

Mdown = P(Mraw) ∈ RK×
√

Np×
√

Np (3)

This step retains the density of anatomical presence within
each specific visual patch region.

2) Semantic Channel Projection: Concatenating raw prob-
abilities (scalar values) with deep semantic features can lead to
suboptimal fusion. To resolve this, we project the K-channel
probability maps into a high-dimensional semantic embedding
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Fig. 2. Proposed architecture; makes use of a frozen, pre-trained Vision Encoder and a frozen Segmentation Head to extract both visual and anatomical
features. To align the modalities, raw anatomical masks are downsampled and projected into a high-dimensional embedding space via a trainable Pointwise
Convolution (1 × 1). These semantic mask embeddings are concatenated with the visual features and fused via an MLP Projector before being fed into the
frozen Large Language Model (LLM), which is fine-tuned via LoRA adapters to generate grounded radiology reports.

space using a trainable pointwise convolution (kernel size
1× 1), denoted as Conv1×1:

Hseg = Conv1×1(Mdown) ∈ RDemb×
√

Np×
√

Np (4)

This operation expands the depth from K anatomical classes
to Demb semantic channels, effectively learning a dense vector
representation for “anatomical presence” that is compatible
with the visual features.

3) Multi-Modal Fusion: The visual features Hv and the
projected anatomical embeddings Hseg are concatenated along
the channel dimension to form a unified multi-modal represen-
tation:

Hfused = Concat(Hv, Flatten(Hseg)) ∈ RNp×(Dv+Demb) (5)

This fused representation is then mapped to the LLM’s input
dimension Dllm via a lightweight Multi-Layer Perceptron
(MLP) projector ψ:

Xprompt = ψ(Hfused) ∈ RNp×Dllm (6)

D. LLM Fine-Tuning via Low-Rank Adaptation (LoRA)
For the decoding stage, we employ a decoder-only Large

Language Model (e.g., MedGemma-4b-it). To mitigate the
high computational cost of full fine-tuning and prevent catas-
trophic forgetting of linguistic knowledge, we freeze the pre-
trained LLM weights W0 and inject trainable Low-Rank
Adaptation (LoRA) matrices.

For any linear layer in the transformer attention mechanism
with weights W0 ∈ Rd×k, the weight update is parameterized
as a low-rank decomposition:

W = W0 +∆W = W0 +
α

r
BA (7)

where B ∈ Rd×r and A ∈ Rr×k are trainable matrices with
rank r ≪ min(d, k), and α is a scaling factor. The forward
pass for an input x is computed as:

h = W0x+
α

r
BAx (8)

During training, we optimize only the parameters of the
MLP projector ψ, the pointwise convolution Conv1×1, and
the LoRA matrices {A,B}.

E. Training Objective
The model is trained end-to-end using the standard au-

toregressive cross-entropy loss. Given the sequence of visual
prompts Xprompt and the ground truth report Y , the loss is
defined as:

L = −
L∑

t=1

log p(yt|y<t,Xprompt; θtrainable) (9)

where θtrainable represents the subset of learnable parame-
ters. This formulation forces the model to generate clinically
grounded text by attending to the anatomy-enriched visual
tokens.



V. RESULTS

We evaluated Radixpert on the held-out test set of the
PadChest dataset (1,600 samples). Our primary objective was
to assess whether a parameter-efficient, anatomy-guided model
could achieve parity with computationally heavier state-of-the-
art (SOTA) approaches.

Table I presents a quantitative comparison against recent
baselines. We compare Radixpert with R2GenGPT (a repre-
sentative frozen-backbone model without segmentation) and
Reg2RG (a fully trained anatomy-guided model).

As shown, Radixpert outperforms the baseline frozen ap-
proach (R2GenGPT) across all metrics, demonstrating the
value of our Inference-Only Segmentation branch. Specifically,
we observe a substantial improvement in the RadCliQ score
(0.768 → 0.804), which correlates better with human clinical
judgment than n-gram metrics. Crucially, our performance is
statistically comparable to Reg2RG (p > 0.05), despite our
model utilizing a frozen vision encoder and segmentation head,
whereas Reg2RG requires complex graph construction and
end-to-end training.

A key contribution of Radixpert is its computational effi-
ciency. Table II contrasts the trainable parameter count of our
approach versus standard fine-tuning methods. By freezing the
BioViL image encoder and the LLM backbone, we only train
the lightweight Pointwise Convolution, MLP Projector, and
LoRA adapters.

To isolate the impact of our architectural contributions, we
conducted an ablation study (Table III).

• Base: A standard MedGemma-4b-Instruction Tuned
model with a linear visual projector (no LoRA, no
segmentation).

• + LoRA: Adds adaptability to the LLM, significantly
improving language fluency (ROUGE-L).

• + Anatomy Branch: Adds the frozen segmentation head
and pointwise convolution. This addition yielded the
largest gain in clinical metrics (RadCliQ), validating our
hypothesis that explicit spatial priors are essential for
accurate reporting.

VI. DISCUSSION

The inclusion of the inference-only segmentation branch
was instrumental in mitigating spatial hallucinations. In qual-
itative analysis, baseline models often correctly identified
pathologies (e.g., “Opacities”) but failed to localize them
correctly (e.g., attributing them to the wrong lung field).
Radixpert, guided by the concatenated anatomical embed-
dings, demonstrated a stronger adherence to laterality. By
explicitly projecting the probability masks of the Left Lung and
Right Lung into the embedding space, the LLM is effectively
conditioned on “where to look” before generating findings.

While the performance is comparable to SOTA, we ac-
knowledge certain limitations inherent to the frozen backbone
approach. The pre-trained BioViL encoder, while robust, may
miss extremely subtle or rare radiological signs that a fully
fine-tuned encoder might capture. For example, in cases of

Fig. 3. Qualitative analysis of Radixpert’s performance on two distinct cases.
(Top) For a chest X-ray, the model correctly identifies cardiomegaly and
pulmonary congestion but makes a minor error in the numerical estimation
of the cardiothoracic ratio. (Bottom) For a CT scan, the model correctly
identifies all pathological findings (cavitary nodule, ground-glass nodules,
pleural effusion) but demonstrates laterality confusion, swapping the locations
of the nodule and the ground-glass opacities. These examples highlight the
model’s overall accuracy while illustrating specific limitations discussed in
the text.

very small nodules (< 1cm), our model occasionally generated
false negatives, likely because the frozen visual features at
the 14 × 14 grid resolution smoothed out these fine details.
However, for the majority of standard pathologies (Effusion,
Cardiomegaly, Pneumonia), the frozen features proved suffi-
cient.

VII. FUTURE WORK

While Radixpert demonstrates that resource-efficient,
anatomy-guided reporting is viable, several avenues remain
for enhancing its clinical utility and diagnostic depth.

A primary limitation of our current “frozen backbone”
approach is the potential loss of fine-grained visual details
essential for detecting subtle pathologies (e.g., micro-nodules
or hairline fractures). To address this without incurring the
cost of full fine-tuning, future iterations will explore injecting
Visual LoRA adapters directly into the Vision Transformer
(BioViL). This would allow the encoder to learn task-specific
feature extraction for rare radiological signs while keeping
99% of the parameters frozen.

Currently, our segmentation branch provides guidance for
five major anatomical regions. To improve the model’s spa-
tial reasoning, we plan to integrate a more comprehensive
segmentation module capable of delineating finer structures,
such as individual lung lobes, the aortic knob, and the carina.
Expanding the Pointwise Convolution bridge to handle these
additional anatomical channels will enable the LLM to gener-
ate more precise localization descriptions (e.g., distinguishing
“Right Upper Lobe” from “Right Middle Lobe”).

To further mitigate hallucinations and improve generaliza-
tion to rare diseases, we aim to incorporate a Retrieval-
Augmented Generation (RAG) mechanism. By indexing the
training set embeddings, the model could dynamically re-
trieve reports from historically similar cases during inference.
Providing these retrieved “reference reports” as in-context
examples to the LLM would serve as a strong template for



TABLE I
COMPARATIVE ANALYSIS ON PADCHEST (SPANISH). RADIXPERT ACHIEVES PERFORMANCE COMPARABLE TO STATE-OF-THE-ART METHODS. WHILE
FULLY FINE-TUNED MODELS LIKE REG2RG ACHIEVE MARGINALLY HIGHER NLG SCORES (BLEU), RADIXPERT MAINTAINS COMPETITIVE CLINICAL

ACCURACY (RADCLIQ) WITH SIGNIFICANTLY LOWER TRAINING OVERHEAD.

Model Backbone Status BLEU-4 ROUGE-L METEOR RadCliQ

R2GenGPT [7] Frozen (Vis+LLM) 0.132 0.374 0.181 0.768
RaDialog [18] PEFT (Instruction) 0.152 0.387 0.192 0.785
Reg2RG [2] Trainable (Graph) 0.181 0.395 0.201 0.810

Radixpert (Ours) Frozen + Guided 0.176 0.389 0.196 0.804

TABLE II
EFFICIENCY VS. PERFORMANCE TRADE-OFF. RADIXPERT REQUIRES UPDATING LESS THAN 2% OF THE TOTAL PARAMETERS, DRASTICALLY

REDUCING GPU MEMORY REQUIREMENTS WHILE MAINTAINING HIGH CLINICAL EFFICACY.

Training Strategy Trainable Params RadCliQ Score

End-to-End Fine-Tuning ∼ 7,000 M (100%) 0.815
Visual Adapter Only (R2GenGPT) ∼ 40 M (0.6%) 0.768
Radixpert (Dual-Branch + LoRA) ∼ 126 M (1.8%) 0.804

TABLE III
ABLATION STUDY. THE ADDITION OF THE ANATOMY BRANCH
(SEGMENTATION) PROVIDES THE CRITICAL BOOST IN CLINICAL

ACCURACY.

Configuration ROUGE-L RadCliQ

Base (Frozen LLM + Projector) 0.321 0.682
+ LoRA (Text Adaptation) 0.374 0.755
+ Anatomy Branch (Full Model) 0.389 0.804

style and content, particularly for complex cases where the
model’s internal knowledge might be insufficient.

Finally, we intend to move beyond standard supervised
fine-tuning by implementing Direct Preference Optimization
(DPO). By collecting a dataset of “preferred” (clinically
accurate) and “dispreferred” (hallucinated) report pairs, we
can directly optimize the model to align with radiologist
preferences. This step is crucial for reducing the rate of factual
errors and ensuring the generated reports meet the rigorous
standards of clinical practice.
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