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Abstract. Automated radiology report generation from 3D CT vol-
umes holds immense potential to alleviate radiologist workloads. Cur-
rent methods, however, face a critical trade-off between efficiency and
resolution: many often downsample volumes to fit memory constraints,
discarding fine-grained anatomical details essential for diagnosis, while
3D-native models remain computationally prohibitive. To address this,
we propose HiFi-Rep, a streamlined framework that leverages high-
fidelity visual features without the burden of 3D encoders. Our method
processes native 512 x 512 resolution slices across tri-planar views us-
ing the pre-trained DINOv3 vision foundation model. Furthermore, to
resolve sequence length bottlenecks, we introduce HiFi-S2D, an effi-
cient aggregation module that employs Space-to-Depth transformation.
This allows for spatial-preserving aggregation, condensing volumetric
depth while strictly retaining high-resolution in-plane diagnostic cues
for MedGemma, a specialized medical LLM. We validate HiFi-Rep on
the large-scale CT-RATE report generation benchmark, where it es-
tablishes a new state-of-the-art. Compared with the best-performing
baseline, our proposed approach yields a 9.2% improvement in BLEU-
1 and achieves the highest reported METEOR score among existing
methods. These results demonstrate that combining robust 2D foun-
dation models with structure-preserving aggregation offers a superior
strategy for 3D medical understanding, paving the way for scalable,
high-precision automated reporting. Our code is publicly available at
https://github.com/rqobistp/HiFi-Rep.

Keywords: Medical Report Generation - Vision-Language Models - Fea-
ture Aggregation - Foundation Models - CT-RATE

1 Introduction

Automated radiology report generation is a powerful tool in medical Al that
aims to improve efficiency and consistency in diagnostics while addressing criti-
cal challenges such as radiologist shortages and diagnostic discrepancies [2326].
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Although Large Language Models (LLMs) have demonstrated remarkable profi-
ciency in interpreting 2D medical images like X-rays [24], applying them to 3D
volumetric scans like Computed Tomography (CT) presents significantly greater
challenges. A single CT scan contains hundreds of slices. To read it correctly, a
system must understand the entire organ’s structure while spotting tiny details,
such as small lung nodules or hairline fractures. The main challenge is find-
ing a way to process this massive amount of data accurately without incurring
prohibitive computational costs.

Early attempts to solve this used native 3D models (like 3D-ViTs). However,
these models require immense memory and computing power. To make them
work, pioneering methods like CT2Rep [6] and E3D-GPT [10] had to aggressively
shrink the input images to very small sizes (e.g., 224 x 224 x 112). Unfortunately,
shrinking the image often deletes the diagnostic details needed for an accurate
report [26]. This limitation led researchers to shift toward slice-based approaches,
which look at 2D slices individually before combining them.

However, current slice-based methods [8I12] still face a resolution-efficiency
paradox. They typically rely on complex, resource-intensive mechanisms to fuse
slice information. Due to the prohibitive computational costs of such aggrega-
tion, these models are forced to aggressively shrink the input images (e.g., to
256 x 256 in SAMF [§]), inadvertently discarding critical diagnostic details. Fur-
thermore, these methods often utilize rigid vision backbones that lack flexibility
regarding input resolution, failing to capture the high-density features essential
for detecting subtle lesions [22I3]. Consequently, they neglect useful multi-view
data (Coronal and Sagittal) to save memory, and utilize generic language models
lacking specialized medical knowledge, leading to inaccurate reports.

To address these challenges, we propose HiFi-Rep, an architecture that
builds upon the premise established by recent efficient frameworks like Raptor
[1], which demonstrated that 2D foundation models can handle 3D volumes via
linear aggregation strategies. While successful in classification tasks, we argue
that their aggressive dimensionality reduction is overly compressive for report
generation, where preserving fine-grained anatomical details is crucial. To over-
come this limitation, we introduce the HiFi-S2D aggregation module, a Space-to-
Depth-based transformation applied after inter-slice mean pooling [21]. Rather
than relying on destructive projection, this operation reduces token sequence
length by rearranging spatial information into the channel dimension [T7UIT],
thereby preserving structural fidelity while satisfying LLM constraints.

This efficiency allows us to process native 512 x 512 slices using the training-
free DINOv3 [22], a vision foundation model that provides high-quality dense
features. As a result, optimization is concentrated solely on the specialized med-
ical LLM, MedGemma [20]. By coupling high-fidelity visual cues with a domain-
specific language model, we mitigate the medical knowledge gap inherent in
generic models, thus ensuring that fine-grained findings are translated into ac-
curate clinical terminology. Our main contributions are as follows:

— We propose HiFi-Rep, a novel high-resolution framework that establishes
a new state-of-the-art on the CT-RATE report generation task. By effi-
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ciently bridging 2D general-purpose vision features with volumetric context
for a specialized medical LLM, our method significantly outperforms existing
baselines in both lexical fidelity and clinical accuracy.

— We demonstrate the efficacy of harnessing the high-quality dense features
of the DINOv3, vision foundation model, for volumetric medical imaging.
We show that these training-free, robust, domain-agnostic features can ef-
fectively generalize to medical tasks.

— We introduce a parameter-free aggregation module, HiFi-S2D, designed to
compress visual tokens via a Space-to-Depth operation. This mechanism
rearranges spatial pixels into the channel dimension, acting as a spatial-
preserving aggregation that balances depth condensation with in-plane fi-
delity to resolve the long-sequence bottleneck.

— We devise an interleaved tri-planar instruction strategy that enables precise
3D spatial alignment through natural language cues. This allows the LLM
to comprehend multi-view anatomical contexts without requiring explicit 3D
positional encodings.

2 Methodology

2.1 Overview

We propose HiFi-Rep, a streamlined framework for high-resolution 3D report
generation. As illustrated in Fig. |1} our pipeline consists of three stages: (1) High-
Fidelity Visual Encoding, extracting dense features from native resolution slices
using a pre-trained DINOv3 backbone; (2) HiFi-S2D Aggregation, a parameter-
free module that compresses volumetric sequences via inter-slice pooling and
Space-to-Depth transformation; and (3) Tri-Planar LLM Decoding, where a spe-
cialized medical LLM (MedGemma) synthesizes reports from multi-view inputs
guided by interleaved textual instructions.

2.2 High-Fidelity Visual Encoding

Given a CT volume, we extract slices along three anatomical planes: Axial, Coro-
nal, and Sagittal. Unlike prior methods that downsample inputs, we process slices
at their native resolution of 512 x 512 to preserve fine-grained diagnostic cues.
We utilize the vision foundation model DINOv3 [22] as our feature extractor.
Formally, we represent an input volume view as a sequence of 2D slices V =
{2}, where x; € RE*W denotes the i-th slice. We apply the pre-trained
DINOv3 backbone @(-) to each slice independently to generate a stack of patch

embeddings &:
€= {P(x:)}i2; € RPNXC, (1)

where D is the number of slices, N is the number of patches per slice, and C
is the feature dimension. This training-free approach ensures robust, domain-
agnostic feature extraction without the computational burden of fine-tuning a
massive 3D encoder.
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Fig. 1. Overview of the HiFi-Rep framework. (a) Frozen DINOv3 encodes tri-
planar slices, projecting features into MedGemma with textual instructions. (b) HiFi-
S2D condenses volumetric features via inter-slice mean pooling and Space-to-Depth
(r = 2), reducing sequence length while preserving high-resolution spatial details.

2.3 HiFi-S2D Aggregation

Standard flattening of volumetric features results in prohibitive sequence lengths
for LLMs. To resolve this, we introduce HiFi-S2D, a parameter-free mechanism
applied independently to each anatomical view (Axial, Coronal, and Sagittal).

For a given view v, let the encoded slice features be £(*) € RP*N*C We first
reshape the patch sequence N into a 2D spatial grid H' x W’ (where N = H'W").
The compression process then involves two steps:

1. Inter-Slice Mean Pooling: We aggregate anatomical context across the
depth dimension of the specific view to form a unified 2D representation.
This reduces the volume stack £*) to a condensed feature map Fé%:

D
]. ’ !
Fl) — 5 E :gi(v) € RIXH XW'%C @)

avg —
i=1

where 51-(”) represents the reshaped feature map of the i-th slice.

2. Space-to-Depth Transformation: To efficiently encode high-resolution
features without the information loss associated with downsampling or the
massive token overhead of patch splitting [I1], we apply a Space-to-Depth
operation (Pixel Shuffle). This operation shifts spatial complexity into the
channel dimension, preserving high-frequency diagnostic details:

F) 82D, 7r) ¢ R HEX(E) (3)
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Finally, a learnable linear projector maps the aggregated features Z'(*) from
each view to the LLM’s embedding dimension Dy ps. These projected tokens
are then concatenated to form the complete visual input sequence.

2.4 Tri-Planar Instruction & Decoding

We leverage the language modeling capabilities of MedGemma-4B [20], a special-
ized medical LLM, to generate reports. Notably, we discard its native 2D vision
encoder (MedSigLIP) entirely. Instead, we project our high-fidelity, multi-view
features derived from DINOv3 into the LLM’s embedding space. To enable pre-
cise 3D spatial alignment without complex positional embeddings, we devise an
Interleaved Tri-Planar Instruction strategy. We concatenate the visual to-
kens from all three views (Zuz, Zeor, Zsag) and inject natural language markers
to guide the LLM’s attention. The instruction prompt is structured as follows:

“You are an expert radiologist. Analyze the following multi-view CT fea-
tures:

Axial View: < Z,, >

Coronal View: < Z.,. >

Sagittal View: < Zyqq >

Based on these views, describe the findings ...”

This text-guided structuring allows the LLM to comprehend multi-view anatom-
ical contexts directly, ensuring that findings are localized and clinically accurate.

3 Experiments and Results

3.1 Experimental Setup

Dataset and Preprocessing. We validate our method on the CT-RATE re-
port generation benchmark [7], a large-scale public dataset comprising chest CT
volumes paired with radiology reports. The dataset is officially partitioned into
a training set of 47,149 volume-report pairs and a validation set of 3,039 pairs.
Our preprocessing employs dynamic intensity scaling: background is filtered
via a global median threshold, followed by 1-99% clipping and Min-Max normal-
ization to [0,1]. Tri-planar slices are then extracted, resized to 512 x 512, and
ImageNet-standardized to align with the DINOv3 backbone.

Implementation Details. Our framework is implemented in PyTorch [19] us-
ing the Hugging Face ecosystem [BII6/25]. While 16 NVIDIA A100 GPUs were
utilized to accelerate data-parallel training, the model maintains a minimal mem-
ory footprint suitable for single-GPU execution. To preserve visual robustness,
the DINOv3 backbone [22] remains frozen, while we optimize the linear projector
and LoRA modules [9] (r = 64, o = 128) injected into MedGemma. Visual tokens
are compressed via a Pixel Shuffle factor of r = 2. Training is performed using
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AdamW [I5] with a batch size of 16 and 512 x 512 resolution across two stages:
(1) Feature Alignment, training only the projector for 5 epochs (LR 5 x 1074,
constant schedule); and (2) Instruction Tuning, fine-tuning the projector and
LoRA for 30 epochs (LR 1 x 1074, cosine annealing with 5% warmup).

Evaluation Metrics. We evaluate report generation performance using BLEU-
1/4 [18], ROUGE-L [13], and METEOR [2] to capture lexical fidelity. Addition-
ally, we employ BERTScore [27] to quantify high-level semantic alignment with
ground-truth reports.

3.2 Results and Discussion

The quantitative results are presented in Table [I] Notably, HiFi-Rep establishes
a new state-of-the-art on the CT-RATE report generation task, outperforming
both volumetric and slice-based paradigms. By harnessing high-quality dense
features from the pre-trained DINOv3 foundation model, we show that robust
2D representations encode volumetric context more effectively than resource-
constrained native 3D architectures like E3D-GPT. Furthermore, when paired
with a specialized medical LLM, our approach significantly improves upon the
strongest slice-based baseline, SAMF + Ao2D. Consequently, we achieve a sub-
stantial 9.2% gain in BLEU-1 and secure the highest METEOR score of 0.424,
validating that preserving native input resolution yields richer diagnostic cues
than complex aggregation strategies applied to downsampled features.

Table 1. Comparative analysis of our approach against state-of-the-art methods for
medical report generation on chest CT-scans. Bold values indicate best performance,
while underlined values represent second-best results among baselines.

Model Bleul Bleu4 RougeL Meteor Bert F1
3D Volumetric Methods

E3D-GPT [10] 0.412 - - 0.418 0.880
CT-AGRG [4] - 0.172 0.280 0.196 0.867
CT2Rep [6] 0.309 0.172 0.243 0.173 0.865
CT-Chat [7] 0.395 - 0.321 0.219 -
2D Slice-Based Methods

MS-VLM [12] - 0.232 0.438 0.396 -
SAMF [§] 0.423 0.203 0.338 0.356 0.879
SAMF + Ao2D [§] 0.440 0.261 0.417 0.417 0.889
HiFi-Rep (Ours) ‘ 0.532 0.255 0.363 0.424 0.877

Complementing these quantitative gains, our qualitative analysis (Fig.
highlights three clinical validity patterns. First, Semantic Fidelity demonstrates
robust visual understanding through clinically equivalent descriptions rather
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(¢) Critical Hallucination

Ground Truth
Findings: Trachea, both main bronchi are open. Mediastinal main vascular
Structures, heart contour, size are normal. Thoracic aorta diameter s normal.
Pericardial _effusion-thickening was not observed. Thoracic esophageal
calibration was normal and no significant tumoral wall thickening was detected.
No enlarged lymph nodes in prevascular, pre-paratracheal, subcarinal o
bilateral hilar-axillary pathological dimensions were detected. When examined
in the lung parenchyma window: |Ground-glass densities, which are more
prominent in the lower lobes of both lungs, are common and scattered. In
addition, <ubp| olidation area:
be lat t and left lung upper L n
Finding: findings we frequer id-19
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Upper abdominal organs included in the
Sections are normal. No space-occupying lesion was detected in the liver that
entered the cross-sectional area. Bilateral adrenal glands were normal and no
space-occupying lesion was detected. Bone structures in the study area are
natural. Vertebral corpus heights are preserved. Impression: Typical-probable
Covid-19 preumonia

HiFi-Rep (Ours)

Findings: Trachea and lumen of Both main branchi are open. No occlusive
pathology was detected in the trachea and lumen of both main bronchi
Mediastinal os as suboptimal since the examination was
unenhanced. As far as can be observed: Calibration of thoracic main vascular
Structures is natural. No dilatation was detected in the thoracic aorta. Heart
contour size is natural. Pericardial thickening-effusion was not detected.
Thoracic esophagus calibration was normal and no significant pathological wall
thickening was detected. No lymph node was detected in mediastinal and
bilateral hilar pathological size and appearance. When examined in the lung
parenchyma window; In the upper and lower lobes of both lungs,
peribronchovascular and peripheral subpleural areas tend to_coales
place to place, and [density increases in the style of ground glass, =
paving appearances in the right lung upper lobe were observed.
described There are imaging features frequently reported in Covid-19
prieumonia. Other viral pneumonias can be considered in the differential
diagnosis. Clinical and laboratory correlation is recommended. It is observed
with subsegmental_atslectatic changes in_the lower lobe of the left lung
Upper abdominal
Sections entering the examination area are natural. Bilateral adrenal gland
calibration was normal and no space-occupying lesion was detected. No lytic-
destructive lesion was detected in bone structures. Impression: There are
frequently reported imaging features of |Covid-19 pneumonia in both lung
parenchyma. Clinical and laboratory correlation is recommended.

Ground Truth

Findings: Trachea, both main bronchi are open. Mediastinal main vascular
Striictures, heart contour, size are normal, Thoracic aorta diameter is normal.
Pericardial _ effusion-thickening was not observed. Thoracic esophageal
calibration was normal and no significant tumoral wall thickening was detected.
No enlarged lymph nades in prevascular, pre-paratracheal, subcarinal or
bilateral hilar-axillary pathological dimensions were detected. When examined
in the lung parenchyma window; A few millimetric nonspecific nodules and mild
recessions are observed in the upper lobe and lower lobe of the right lung
Aeration of both lung parenchyma is normal and

in the lung parenchyma. Pleural effusion-thickening was not detected.

Upper abdominal organs included in the sections are normal. No space-
occupying lesion was detected in the Liver that entered the cross-sectional area.
Bilateral adrenal glands were normal and no space-occupying lesion was
detected. Bone structures in the study area are natural. Vertebral corpus
nthts e praserved. impessior: (SRR e IR o
slight recessions in the upper (obe er lobe of the right lun

HiFi-Rep (Ours)

Findings: Trachea and both main bronchi were in the midiine and no
bstructive pathology was observed in the lumen, The mediastinum could not
be evaluated optimally in the non-contrast examination. As far as can be seen;
mediastinal main vascular structures, heart contour, size are normal, Pericardial
effusion-thickening was not observed. Thoracic esophagus calibration was
normal and no significant tumoral wall thickening was detected. No enlarged
lymph nodes in prevascular, pre-paratracheal, subcarinal or bilateral hilar-
axillary pathological dimensions were detected. When examined in the lung
parench) d el

changes v obe
segment of the Left lung upper lobe, and the medi
lung lower lobe anteromediobasal segment.

arenchymal_nodules were_observed in both

imetric_sized_nonspecific

in both lungs. Upper
bdominal organs included in the sections are normal. No space-occupying
lesion was detected in the liver that entered the cross-sectional area. Bilateral
adrenal glands were normal and no space-occupying lesion was detected. Bone
structures in the study area are natural, Vertebral corpus heights are preserved.
Impression: Pleuroparenchymal fibroatelectasis sequelae changes in both lungs.
Millimetric nonspecific parenchymal nodul ngs.

Ground Truth

Findings: Trachea, both main bronchi are open. Mediastinal main vascular
structures, heart contour, size are normal. Thoracic orta diameter is normal.
Pericardial _effusion-thickening was not _observed.

No enlarged lymph nodes in prevascular, pre-paratracheal, subcarinal or
bilateral hilar-axillary pathological dimensions were detected. When examined
in the ung parencrma windov (SRR e
imiddle obe of the right tng: 1-2 millmetric ful

Lok Lo Aeration of hoth Lung parenchyma is norma and o nodutr or
infitrative lesion is_detected in t parenchyma.
2L organs inclu

HiFi-Rep (Ours)

Findings: Mediastinal vascular structures and cardiac examination were not
evaluated optimally because of the lack of IV contrast. As far as can be seen;
Calibration of vascular structures, heart contour and size are natural. In tnc

No
ness was detected. Trachea, both
occlusive pathology is detected.

consistent with sequela linear atelectasis
lal segment, (<t (ung upper lobe inferior
5. N trat

No iyt or
in the image.

Fig. 2. Qualitative comparison of HiFi-Rep against ground truth. Matching
colors denote semantic alignment. Orange in the ground truth represents omissions,
while red in HiFi-Rep identifies hallucinations.

than rigid template matching. Second, Localization Sensitivity exhibits strong
detection of fine-grained pathologies despite occasional struggles with precise
spatial grounding. Lastly, Hallucinations and Omissions persist in non-target re-
gions, reflecting the inherent trade-offs between generative fluency and factual
strictness common in volumetric reporting.

3.3 Ablation Studies

We conduct ablation studies to validate three core components: (1) HiFi-S2D
aggregation, (2) tri-planar anatomical context, and (3) interleaved instructions.
All experiments follow the default configuration unless otherwise stated.

Effectiveness of HiFi-S2D Aggregation. To validate our premise that pre-
serving spatial fidelity is critical for report generation, we compare HiFi-S2D
against two destructive aggregation strategies: Baseline Linear [14] and Random
Projection (Raptor) [1]. As shown in Table[2] HiFi-S2D consistently outperforms
these baselines across all metrics. Unlike Random Projection, which aggressively
compresses features and discards high-frequency diagnostic cues, HiFi-S2D spa-
tially preserves and rearranges in-plane details into the channel dimension, com-
pensating for pooled depth via tri-planar context. This structural preservation
ensures the LLM retains access to fine-grained anatomical information, directly
translating to superior lexical and semantic accuracy compared to destructive

alternatives.
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Table 2. Comprehensive ablation study. We analyze the impact of (a) aggregation
strategies, (b) multi-view context, and (c) instruction prompting. Rows highlighted in
gray denote our proposed HiFi-Rep configuration, which consistently yields the best
balance of performance.

Model Configuration ‘ Bleu-1 Bleu-4 Rouge-L Meteor Bert-F1
(a) Aggregation Strategy
Baseline Linear [14] 0.498 0.219 0.329 0.393 0.872
Random Projection [I] 0.499 0.233 0.344 0.403 0.875
HiFi-S2D (Ours) 0.532 0.255 0.363 0.424 0.877
(b) Anatomical Views
Axial Only 0.520 0.246 0.354 0.414 0.876
Axial + Coronal 0.524 0.248 0.357 0.418 0.876
Tri-Planar (A+C+S) 0.532 0.255 0.363 0.424 0.877
(c) Instruction Strategy
Standard Concatenation 0.510 0.249 0.365 0.416 0.878
Interleaved Instructions 0.532 0.255 0.363 0.424 0.877

Impact of Tri-Planar Context. Medical diagnosis relies on correlating find-
ings across anatomical planes. To validate our multi-view approach, we investi-
gate the impact of incrementally adding anatomical views in Table [2 Relying
solely on the Axial view yields suboptimal performance due to limited verti-
cal continuity. However, the full tri-planar configuration achieves the highest
accuracy across all metrics, showing significant step-wise improvements (paired
t-test, p < 0.01). Qualitatively, while the Axial-only model missed vertically-
spanning pathologies like a hiatal hernia, the Tri-Planar model identified them
(e.g., “Sliding type hiatal hernia was observed at the lower end of the esopha-
gus”), matching the ground truth. This monotonic improvement confirms that
aggregating multi-view 2D slices is a prerequisite for approximating volumetric
understanding, capturing complex structures that single-view inputs miss.

Impact of Instruction Strategy. Finally, we analyze the role of our Inter-
leaved Tri-Planar Instruction strategy compared to a naive Standard Concate-
nation baseline. As shown in Table 2] while the baseline remains competitive
on general similarity metrics with negligible variance, our Interleaved strategy
delivers marked improvements where it matters most. Specifically, we observe a
substantial 2.2% gain in BLEU-1 alongside improved METEOR scores, confirm-
ing that explicitly labeling views provides the necessary spatial cues to boost
diagnostic precision without compromising semantic coherence.

4 Conclusion and Future Work

We introduced HiFi-Rep, a high-resolution framework that establishes a new
state-of-the-art on CT-RATE by effectively bridging 2D vision features with vol-
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umetric context. Our experiments validate that frozen DINOv3 representations
generalize robustly to medical tasks, eliminating the need for computationally
prohibitive 3D encoders. Crucially, we demonstrated that the sequence length
bottleneck is resolved via our parameter-free HiFi-S2D aggregation, which acts
as a spatial-preserving module by balancing depth condensation with multi-
view context. Furthermore, we confirmed that precise 3D alignment is achievable
through interleaved natural language cues, avoiding explicit 3D positional encod-
ing. While current evaluations rely on standard NLP benchmarks for direct base-
line comparability, future validation will incorporate clinical efficacy metrics and
expert reader studies to assess true diagnostic validity. Subsequent extensions
of this framework will explore multi-choice VQA, interactive medical conversa-
tions, and the integration of emerging high-resolution medical-specific encoders.
Finally, incorporating reinforcement learning promises to foster reasoning-driven
models, ultimately enhancing diagnostic transparency and reliability.

Disclosure of Interests. The authors have no competing interests to declare that
are relevant to the content of this article.
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