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Abstract

Radiology Report Generation (RRG) aims to automatically produce clinically accu-
rate descriptions of medical images, yet current models often struggle with incomplete
findings, generic phrasing, and hallucinations due to the absence of explicit grounding sig-
nals. To address these limitations, we propose a grounding-based RRG framework that
integrates spatially localized visual evidence into the generation process. Our approach
combines a vision encoder ViT with a language decoder LLM GPT-2 through a lightweight
transformer-based bridging module inspired by Bridge-Enhanced Vision Encoder—Decoder
(VED) architectures. Grounding is introduced using bounding boxes of anatomical re-
gions and pathologies, enabling the model to attend to both global and localized features.
We further define a region-to-text task, where the model generates findings directly from
specific regions of interest. Experiments on the PadChest-GR dataset demonstrate that
grounding substantially improves linguistic quality and clinical accuracy, with the full image
plus grounding mask configuration achieving the strongest gains across BLEU, ROUGE-L,
CIDEr, BERTScore, CheXbert F1, and RadGraph F1. Incremental masking analyses show
that even partial grounding yields consistent benefits.

Keywords: Radiology Report Generation, Spatial Grounding, Region-to-Text Generation,
Chest X-ray Interpretation.

1. Introduction

Radiology Report Generation (RRG) is a challenging task that aims to automatically pro-
duce detailed and clinically accurate textual descriptions of medical images, such as chest
X-rays. This task requires not only recognizing visual abnormalities but also expressing
them in a coherent and contextually appropriate medical narrative, similar to what a ra-
diologist would write. Unlike traditional image captioning, RRG demands fine-grained
understanding, reasoning, and domain-specific language generation.

However, RRG models face several problems because the decoder often implemented as
a large language model (LLM) does not always know what to say or how to structure the
report based solely on image features. Unlike Visual Question Answering (VQA), where a
textual question provides a clear linguistic grounding and narrows the output space, RRG
lacks an explicit guiding signal that constrains or directs the generation process. As a result,
generated reports may be incomplete, overly generic, or contain hallucinated findings.

To address these challenges, we present a study on an RRG model that incorporates
grounding information to guide the generation process. Specifically, we investigate whether
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grounding the model with bounding boxes corresponding to detected anatomical regions
and pathologies can enhance the factual accuracy, clinical relevance, and descriptive quality
of the generated reports.

The key contributions of this work are twofold. First, we introduce a lightweight
transformer-based bridging module that connects the visual encoder and language decoder,
effectively integrating grounding information into the report generation process without
significantly increasing computational cost. This component enables the model to attend
to localized visual cues such as anatomical structures and pathological regions while main-
taining global contextual awareness. Secondly, we propose a novel grounding method that
leverages bounding boxes corresponding to detected anatomical regions and pathologies to
explicitly guide the decoder toward relevant visual evidence during text generation. This ap-
proach also introduces a new task, Region-to-Text, in which the model generates a grounded
finding directly from a specific region of interest.

For reproducibility and to facilitate further research in grounded Radiology Report Gen-
eration, a complete implementation of our approach is provided in a public repository, with
all source code on GitHub'. We aim to promote transparency and foster future advance-
ments by making our grounding-based RRG framework easily accessible to the research
community.

2. Related work

Recent progress in multimodal models has centered on model architectures for vision—-language
fusion and strategies for spatial grounding. Advances in these areas have enabled finer
alignment between visual features and textual reasoning. In radiology, models capable of
generating bounding boxes or spatial cues such as RadVLM, MATRA-2, Knowledge to Sight,
and NOVA represent a crucial step toward grounded visual understanding. The task we
address, region-to-text generation, differs in that it uses the extracted region features (e.g.,
bounding boxes) to generate grounded findings rather than predicting regions themselves.
Nevertheless, these works remain highly relevant as they demonstrate effective methods for
integrating spatial grounding with clinical reasoning. RadVLM introduces multitask se-
tups that couple instruction following with localization to steer radiology-specific behaviors
(Deperrois et al., 2025). MAIRA-2 emphasizes grounded report generation by condition-
ing text on image evidence and explicitly linking descriptions to visual findings (Bannur
et al., 2024). Similarly, Knowledge to Sight explores how decomposing domain knowledge
into visual attributes enhances abnormality grounding (Li et al., 2025), while NOVA ex-
tends these ideas to brain MRI, addressing rare anomaly localization and evaluation under
distributional shift (Bercea et al., 2025).

Alternative prompting strategies have investigated how to elicit medically meaningful
attention without requiring traditional box-level supervision. Visual Prompt Engineering
for Vision—Language Models in Radiology demonstrates that structured prompts such as
arrows or point-like cues can guide model attention and improve interpretability (Denner
et al., 2025). While effective for classification, these strategies differ from region-to-text
formulations where models must generate grounded findings from spatially localized visual
evidence rather than classifying entire images.

1. https://github.com/LightVED-prhlt/RegionFormer
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Architecturally, a common design pattern is to bridge frozen or semi-frozen vision en-
coders with powerful language decoders through learnable interfaces. BLIP-2 exemplifies
this approach by introducing a lightweight Q-Former to adapt image features for large
language models, reducing training cost while preserving generalization (Li et al., 2023).
ClipCap similarly maps CLIP image embeddings into a prefix for autoregressive decoders,
forming a minimal yet effective conduit between modalities (Mokady et al., 2021). Scaling
this idea, the Matryoshka Query Transformer introduces query-based designs that enable
flexible, nested subsets of capabilities, facilitating efficient inference while retaining strong
alignment (Hu et al., 2024). These bridges operationalize a broad trend: transformer-based
backbones with compact, trainable adapters that translate vision features into token-like
inputs consumable by language models.

With respect to grounding, region-aware VLMs vary in how they represent and inject
spatial cues. Some encode regions as textual coordinates within the prompt, letting the lan-
guage stream parse boxes directly; notable examples include Kosmos-2, Shikra, and PINK,
which format box coordinates or referential tags inline with text to steer attention (Peng
et al., 2023; Chen et al., 2023b; Xuan et al., 2024). Others insert region features as dedi-
cated tokens derived from Rol-aligned crops, masked patches, points, or masks; GPT4Rol,
Ferret, and MG-LLaVA exemplify this feature-level injection, fusing localized embeddings
alongside global image tokens to enable referential comprehension and region-conditioned
responses (Zhang et al., 2025; You et al., 2023; Zhao et al., 2024). A complementary line
modifies the vision encoder to bias attention spatially, (Chen et al., 2023a) incorporates po-
sitional encodings or masking schemes that privilege specific areas without requiring explicit
box tokens. GRILL pursues fine-grained alignment during pre-training by jointly learning
to match textual spans with corresponding image regions, enforcing region—phrase corre-
spondence that later benefits downstream grounding (Jin et al., 2023). Finally, interactive
systems such as RegionVLM encode user-provided points or scribbles as spatial trajectories,
enabling iterative, fine-grained regional understanding without relying solely on bounding
boxes and thus broadening the interface for clinical annotation and guidance (Lee et al.,
2024).

Our focus aligns with region-to-text modeling in radiology, where the objective is to
generate clinically grounded narratives directly from localized image features. Instead of
predicting regions or classifying images, the model interprets predefined regions (e.g., bound-
ing boxes) and produces text that explains the underlying visual evidence. This formula-
tion bridges grounding and generation, allowing clinical reasoning to emerge from spatially
constrained representations and moving toward interpretable, fine-grained medical report
generation.

3. Our Approach To Grounding Radiology Report Generation

Our proposed model for the Grounded Radiology Report Generation task utilizes a Bridge-
Enhanced Vision Encoder Decoder (VED) architecture as shown in Figure 1. It integrates
the VIT (Dosovitskiy et al., 2021) as a vision model and GPT-2 (Radford et al., 2019) as the
language model, both of which remain frozen during training while a lightweight mapping
network is learned.
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3.1. Vision Component

The Vision Transformer (ViT), more specifically the CLIP-based (Radford et al., 2021) ViT-
B/32 model, is used as the vision encoder. Although architecturally similar to the standard
ViT-B/32, the CLIP variant is trained from scratch on hundreds of millions of image—text
pairs, learning a visual embedding space that aligns naturally with linguistic semantics.
This makes CLIP-ViT particularly suitable for grounded reporting, where the model must
connect radiological findings to localized visual evidence. Unlike ImageNet (Ridnik et al.,
2021) pretrained ViTs, CLIP’s visual encoder produces features that are better structured
for downstream language conditioning and cross-modal reasoning.

During training, the vision encoder remains frozen to preserve its pretrained CLIP
representations. All images (16-bit) are first loaded and normalized by converting them
to float in the range [0,1], applying percentile normalization (99th percentile), clipping, and
scaling to 8-bit. The resulting grayscale image is replicated into three channels to form
an RGB image compatible with the vision encoder’s input requirements. Standard image
transformations are then applied to produce the input tensor for ViT-B/32. The encoder
outputs a 512-dimensional embedding, which is L2-normalized before being used as input
to the language component.

3.2. Language Component

For the language component, the pretrained GPT-2 model is used as the decoder. The
visual embedding from the vision encoder is projected into the GPT-2 embedding space
through a learnable mapping network, producing a sequence of prefix tokens that serve
as conditioning context. The GPT-2 model receives these prefix embeddings concatenated
with the token embeddings of the target finding text. During training the GPT-2 decoder
is kept frozen; only the mapping network receives gradient updates. The model minimizes
the next-token cross-entropy loss, ignoring padding tokens.

3.3. Region Former
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Figure 1: Our proposed architecture for grounded radiology report generation.

The RegionFormer module integrates spatial grounding by using both the full image
and its corresponding region representation (grounding mask) as visual inputs. Each sam-
ple contains a global image embedding and a grounding mask embedding obtained from
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the same visual encoder. Depending on the configuration, the model can use only the im-
age embedding, only the grounding mask embedding, or the concatenation of both. The
concatenated vector is then mapped to a sequence of prefix tokens through a lightweight
Transformer-based mapper. The resulting prefix embeddings condition GPT-2 to generate
grounded radiology reports.

3.3.1. GROUNDING REPRESENTATION

Each Bounding box is represented using normalized coordinates [x1,y1, 2, y2] within the
range [0, 1], defined relative to the image width and height. When rasterizing these bounding
boxes, the normalized values are converted to pixel coordinates by scaling them to the image
size, rounding to the nearest integer, and ensuring they fall within the image boundaries.

The Region image input M € {0,255}7*W is a grounding mask, stencil, not a crop:
all pixels inside any bounding box are set to 255 (white), and all others to 0 (black). The
single channel is then replicated to RGB to match the vision encoder’s expected 3-channel
input.

The grounding mask M is passed through the same preprocessing pipeline as the orig-
inal image I. This preserves spatial alignment under the input transform: the grounding
mask undergoes the same transforms, ensuring that its embedding corresponds to the same
geometric regions emphasized in the image representation.

3.4. PadChest-GR Dataset

PadChest-GR (de Castro et al., 2025) (Grounded-Reporting), derived from the original
PadChest dataset (Bustos et al., 2020), is designed to support the training of Grounded
Radiology Report Generation (GRRG) models for chest X-ray (CXR) interpretation. It
consists of a publicly available bilingual dataset containing 4,555 CXR studies with grounded
reports (3,099 abnormal and 1,456 normal). Each study includes complete sets of sentences
describing individual present (positive) and absent (negative) findings in both English and
Spanish. For this work, we rely exclusively on the English findings. In total, PadChest-
GR provides 7,037 positive finding sentences and 3,422 negative ones. Each positive finding
sentence is paired with up to two independent sets of bounding boxes annotated by different
radiologists, along with categorical labels indicating the type of finding, anatomical region,
and temporal progression. With its detailed localization information and rich annotations
covering all clinically important findings, PadChest-GR. constitutes a valuable dataset for
developing and benchmarking GRRG models for CXR images.

For the training set, PadChest-GR comprises 3,185 studies, but since each study contains
multiple findings, the data is divided into 7,342 individual entries, each corresponding to a
specific image—finding pair. Similarly, the test set includes 915 studies, which, when divided
per finding, result in 2,121 entries. This fine-grained structure enables models to learn more
precise visual-textual alignments, improving their ability to associate image regions with
specific radiological concepts.

3.5. Framework Overview

Our framework establishes a unified pipeline for Grounded Radiology Report Generation
(GRRG), combining visual encoding, spatial grounding, and language generation within
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a single end-to-end trainable model. Formally, given an input radiograph I and its set of
bounding boxes B = {bk}szl, the model aims to generate a coherent finding Y = (y1,...,yr)
conditioned on both global and localized visual cues.

3.5.1. VISUAL ENCODING

Each image I and its corresponding grounding mask M are first projected into the visual
embedding space through the vision encoder ¢yir(+).

Vimg = oviT({), Vg.mask = OviT(M)

Depending on the configuration, either the image embedding ving, the grounding mask
embedding vg mask, Or their concatenation is used:

Vimg» image-only mode
U = { Vg mask, grounding mask-only mode

[Vimg; Vg mask), image+grounding mask mode
All embeddings are L2-normalized such that ||v]|2 = 1.

3.5.2. VISUAL-LANGUAGE MAPPING

The visual representation v € R? is mapped to the GPT-2 embedding space through a
learnable Transformer-based mapper fg, which outputs a sequence of L, prefix tokens P =
[p1,...,pL,] € RErxh where h is the GPT-2 hidden size:

P = fy(v) = Transformer([Wv]Lc I EpreﬁX)L .

Here, W € R"*4 is a linear projection that expands the single visual vector v into a
sequence of L, latent tokens compatible with GPT-2’s embedding dimensionality. This pro-
jection is essential, as the CLIP-ViT produces a single 512-dimensional image descriptor,
whereas GPT-2 operates over a sequence of h-dimensional token embeddings. The linear
layer therefore serves as a learned interface that unpacks the compressed visual representa-
tion into multiple visual tokens that can be processed by the Transformer and effectively
fused with the learnable prefix embeddings Epeix. The Transformer then refines this joint
representation through self-attention, and the final L, tokens corresponding to the learned
prefix positions form the output P, which serves as a conditioning context for the language
model.

3.5.3. LANGUAGE GENERATION

Given token embeddings E(y1),..., E(yr) from GPT-2, the input sequence to the language
model is constructed as

Z =[P;E(y1),...,E(yr)]

GPT-2 then predicts the probability of each next token conditioned on both the prefix and
the previous tokens:
Py: | y<t, P) = GPT2(Z),
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The model is trained by minimizing the standard next-token cross-entropy loss:

T
Lop=—Y log Py | y<i, P)
t=1

During inference, reports are generated autoregressively using beam search.

3.5.4. GROUNDED GENERATION OBJECTIVE

Through the grounding mask embeddings, the model learns to associate textual tokens with
localized image evidence. The overall generation function can be written as

Y = arg max PY |I,M)= arg max PY | fo([pviT(1); pviT(M)]))

thus ensuring that the generated finding Y is grounded both globally and regionally in the
visual content.

Overall, our approach jointly models visual and textual modalities through learned
prefix embeddings that bridge ViT visual representations and GPT-2 language generation,
enabling spatially grounded and semantically coherent radiology report synthesis.

4. Experimentation and Results

Two different studies were launched, each including multiple experiments, to thoroughly
assess the improvement brought by adding grounding to the model. Each experiment was
trained for 20 epochs using the AdamW (Loshchilov and Hutter, 2019) optimizer with a
learning rate of 2e-5 and a linear warm-up of 500 steps. The batch size was set to 40. In
this setup, the model generates 40 prefix embeddings encoding visual information before
GPT-2 starts generating text.

For generation, we used beam search decoding with a beam size of 5, generation length
of 15 tokens, and temperature set to 1.0. The best checkpoint was selected based on the
lowest validation loss.

Our models are evaluated with two metric families. Among NLG metrics, BLEU(Papineni
et al., 2002), ROUGE-L(Lin, 2004), and CIDEr(Vedantam et al., 2015) capture surface-level
overlap and coverage of the reference text, while BERTScore(Zhang et al., 2020) provides a
deeper semantic similarity measure. For clinical correctness, F1CheXbert(Smit et al., 2020)
reflects agreement with clinical labels, and F1RadGraph(Jain et al., 2021) evaluates entity-
and relation-level factual accuracy. Together, these metrics assess both linguistic quality
and medical fidelity.

4.1. Study 1: Adding Grounding

The first study compared three configurations: using only the chest-xray images, using
the grounding masks alongside the chest-xray images, and using only the grounding masks
as input. This setup aimed to evaluate how explicit anatomical grounding affects finding
generation and factual consistency.

As observed in Table 1 adding anatomical masks as a grounding signal significantly
improved every metric compared to the baseline with only images. The model trained
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Table 1: Comparison of model performance using only images, images and grounding masks,
and only grounding mask. The best results are shown in bold.

Metric Only Images Images and Grounding Masks Only Grounding Masks
Value A ‘ Value A
BLEU-1 0.0911 0.1860 +0.0949 0.1516 +0.0605
BLEU-2 0.0481 0.1296 +0.0815 0.1004 +0.0523
BLEU-3 0.0300 0.0912 +0.0612 0.0687 +0.0387
BLEU-4 0.0209 0.0640 +0.0431 0.0474 +0.0265
ROUGE-L 0.1079 0.2411 +0.1332 0.2097 +0.1018
CIDEr 0.1636 0.5875 +0.4238 0.4324 +0.2688
BERTScore 0.2402 0.3943 +0.1541 0.3333 +0.0931
F1CheXbert 0.0768 0.2546 +0.1779 0.2143 +0.1375
F1RadGraph 0.0131 0.0931 +0.0799 0.0656 +0.0525

with images and grounding masks achieved the highest performance across all metrics, with
especially strong gains in CIDEr (+0.42), BERTScore (+0.15), and CheXbert (40.18), con-
firming that grounding improves both linguistic and factual accuracy. The only grounding
masks configuration still outperformed the only images baseline, demonstrating that struc-
tural cues alone are informative, but performance slightly decreased without the raw image,
suggesting that both modalities are complementary.

4.2. Study 2: A Percent-Scaled Analysis

Since the introduction of grounding masks provided consistent benefits, we performed a
second study that incrementally increased the percentage of the train set used. Two con-
figurations were evaluated: using only the grounding masks, and using both the grounding
masks and the chest X-ray images. This experiment aimed to identify how much grounding
is optimal before reaching performance saturation.

Table 2: Performance comparison across different percentage of the train set using only
grounding masks, and images and grounding masks. The best results are shown

in bold.
Experiment BLEU-1 BLEU-2 BLEU-3 BLEU-4 ROUGE-L CIDEr BERTScore F1CheXbert RadGraph
5% Only Grounding Masks 0.0958 0.0496 0.0196 0.0048 0.1102 0.0558 0.1889 0.0517 0.0063
5% Images and Grounding Masks 0.0729 0.0372 0.0080 0.0000 0.1000 0.0205 0.1069 0.0514 0.0044
10% Only Grounding Masks 0.1135 0.0627 0.0272 0.0000 0.1680 0.1039 0.2720 0.0624 0.0054
10% Images and Grounding Masks 0.1408 0.0821 0.0440 0.0000 0.2017 0.2042 0.2670 0.0619 0.0667
20% Only Grounding Masks 0.1610 0.0948 0.0543 0.0327 0.2063 0.3145 0.3433 0.1082 0.0443
20% Images and Grounding Masks 0.1675 0.1026 0.0599 0.0368 0.2182 0.3770 0.3300 0.1446 0.0424
50% Only Grounding Masks 0.1790 0.1151 0.0759 0.0498 0.2349 0.4739 0.3846 0.2083 0.0793
50% Images and Grounding Masks 0.1816 0.1241 0.0863 0.0605 0.2337 0.5265 0.3773 0.2264 0.0713
80% Only Grounding Masks 0.1344 0.0965 0.0677 0.0475 0.1865 0.4573 0.3558 0.2107 0.0774
80% Images and Grounding Masks 0.1792 0.1257 0.0899  0.0650 0.2389 0.5639 0.3923 0.2446 0.0862
100% Only Grounding Masks 0.1516 0.1004 0.0687 0.0474 0.2097 0.4324 0.3333 0.2143 0.0656
100% Images and Grounding Masks 0.1860 0.1296  0.0912 0.0640 0.2411 0.5875 0.3943 0.2546 0.0931
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As observed in Table 2 Incrementally increasing the masking ratio produced consistent
performance gains across most metrics. Taking F1CheXbert as the primary indicator of
clinical factual accuracy, Figure 2 shows a clear trend: both the only grounding mask and
the image and grounding mask configurations surpass the 100% only image baseline as early
as 20% of the training set. This result has practical implications for dataset creation: to
match or exceed the performance of a model trained exclusively on full-image data, it is
not necessary to annotate the entire dataset. Instead, annotating approximately 20% of
the chest X-ray scans with bounding boxes is sufficient to reach and even surpass the full-
image baseline. This substantially reduces the annotation burden for radiologists while still
achieving superior factual and semantic accuracy.

The highest overall performance was achieved using the complete images and grounding
masks configuration, reinforcing that integrating spatial attention from segmented regions
enhances both textual fluency and clinical accuracy.

T T
0.25 Only Grounding Masks N
—6— Images and Grounding Masks
- - - Only Images 100% Train Set
0.2 i
+
—
2 0.15
>< .
5}
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>
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Figure 2: F1CheXbert comparison across training percentages.

4.3. Explainability

To analyze the effect of our grounding masks, we use an explainability approach that high-
lights where the model directs its attention. When grounding masks are included, the model
places greater emphasis on the corresponding pathological regions, as illustrated in the at-
tention maps in Figure 3. Moreover, the grounding masks not only highlight the relevant
abnormalities but also guide the model on where to focus. This effect is evident in the
final example, where the model generates new attention around the pacemaker region, even
though it was not originally emphasized. This indicates that grounding masks not only
boost finding generation accuracy but also improve interpretability by guiding the model
to focus on clinically meaningful areas.
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Only Images and
Images G.Masks

Chest-Xray

GT: Aortic elongation
Only Images: Chronic changes in lung parenchyma and cardiomegaly

Images and G.Masks: Aortic elongation

GT: Prominent hila of probable vascular origin
Only Images: Chronic changes in lung parenchyma and cardiomegaly
Images and G.Masks: Prominent hila of probable vascular origin

GT: Blunting of the costophrenic angles
Only Images: Dorsolumbar scoliosis with left convexity
Images and G.Masks: Blunting of the left costophrenic angle

GT: Cardiomegaly

« .
ﬂ Only Images: No other relevant findings
s d Images and G.Masks: Cardiomegaly at the upper limit of normal

GT: Marked scoliosis
Only Images: No significant findings
Images and G.Masks: Dorsolumbar scoliosis with left convexity
GT: Pacemaker
Only Images: Cardiomegaly at the expense of the right humeral head

Images and G.Masks: Dual chamber pacemaker

Figure 3: CXR images with attention maps using only image vs image and grounding mask.

5. Conclusion

This work shows that incorporating spatial grounding substantially enhances Radiology
Report Generation by guiding models toward clinically relevant visual evidence. Although
performance is limited by the small size of the PadChest-GR dataset (4,555 studies), ground-
ing masks still yield clear gains in both linguistic quality and clinical accuracy.

By combining ViT embeddings with a transformer mapping module and leveraging
grounding masks derived from annotated bounding boxes, our framework enables the de-
coder to generate more accurate, specific, and interpretable reports.

Experiments on PadChest-GR show consistent improvements across all metrics when
using grounding. The configuration that only uses the grounding masks performs surpris-
ingly well compared to the image-only configuration, which often struggles to align findings
with text and produces unfocused descriptions. Grounding masks alone provide strong cues
about the expected nature of the finding, even though this output is not derived from im-
age features, as the model does not actually see the underlying image. Despite this, the
grounding-based cues alone still perform substantially better than the image-only configu-
ration. When image and mask are combined, the model benefits from both visual context
and spatial guidance, achieving the best overall performance.

The proposed region-to-text formulation further demonstrates the model’s ability to gen-
erate localized, evidence-based findings, advancing RRG toward more clinically meaningful
and trustworthy generation.

Overall, our results highlight grounding as an essential component for advancing reliable
and interpretable radiology report generation.
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