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Abstract. The increasing complexity of medical imaging data under-
scores the necessity for multimodal intelligent systems capable of inte-
grating diverse data representations for comprehensive and precise anal-
ysis. In the domain of 3D CT scans, the generation of accurate and clin-
ically meaningful medical reports requires both volumetric contextual
information and the fine-grained spatial details inherent in 2D slices. To
address this challenge, we propose a framework that employs a pretrained
2D self-supervised learning encoder, initially trained on CT scan slices
integrated with a 3D aggregator. By combining the rich, high-resolution
information from 2D slices with the spatial coherence of 3D volumet-
ric data, our approach maximizes the complementary strengths of both
representations. Experimental results demonstrate that our method out-
performs existing baseline approaches in both report generation and
multiple-choice question answering, highlighting the critical role of mul-
tidimensional feature integration. This work underscores the transfor-
mative potential of multimodal intelligent systems in bridging complex
imaging data with practical clinical insights, ultimately improving radi-
ological diagnostics and patient car

Keywords: 3D Medical Imaging - Medical Report Generation - Multi-
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1 Introduction

Generating Reports and performing Visual Question-Answering (VQA) for three
dimensional Computed Tomography (CT) scans is highly specialized and time
consuming, requiring the delivery of precise, and easily comprehensible medical
information. Thanks to recent advances in Artificial Intelligence (AI), partic-
ularly Large Language Models (LLMs) [6/9], multimodal medical imaging has
undergone a significant transformation in both 2D and 3D medical image analy-
sis [T7U18]. This progress is especially evident in 3D medical image report gener-
ation, where extracting key insights from volumetric data is crucial for accurate
diagnosis and treatment planning.
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Fig. 1. Architectural overview of the proposed medical report generation framework,
incorporating slice-wise encoding, user prompts, and volumetric features through
SAMF fusion methodology.

However, most existing models for 3D medical report generation are trained
exclusively on either 3D or 2D data, which are often limited in size and resolution,
overlooking the rich information available in 2D slices of CT scans [IITII5I0].
In contrast, radiologists typically adopt a dual-perspective approach, combining
global and local viewpoints. The global perspective, akin to a 3D encoder, cap-
tures high-level spatial features, allowing radiologists to understand the overall
structural topology of the volumetric data. The local perspective, similar to a
2D encoder, focuses on individual slice planes, emphasizing fine-grained details
and textural nuances.

To address this challenge, we propose a methodology that utilize both the
high-level spatial features of 3D data and the rich local details of 2D slices.
Our approach begins by pretraining a 2D encoder using a self-supervised learn-
ing(SSL) framework (e.g., DINO [4]) on CT scan slices from three planes: axial,
coronal, and sagittal. The outputs of this 2D encoder are then processed by a 3D
aggregator to preserve volumetric temporal relationships between slices. Addi-
tionally, we introduce a novel fusion technique that integrates the outputs of the
aggregator, the 2D encoder, and a prompt, effectively bridging the gap between
2D and 3D representations (see Figure . This fused representation is then fed
into an LLM to generate medical reports.

Our proposed method enhances both medical report generation and multiple-
choice question answering accuracy in clinical applications by combining high-
resolution 2D features with 3D volumetric spatial relationships. Our key contri-
butions are: (1) A comprehensive radiology report generation framework tailored
for 3D medical imaging, integrating both 2D and 3D data representations. (2)
A novel fusion technique, Slice-Attentive Multimodal Fusion (SAMF), designed
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to seamlessly combine 2D and 3D features, enabling richer and more contextu-
ally aware representations. (3) Open-sourcing our trained models and code to
promote reproducibility and facilitate further research.

2 Methodology

Existing studies primarily focus on encoding either full 3D CT volumes or iso-
lated 2D slices, with limited research on synergistically fusing both 2D and
3D representations for radiology report generation and VQA tasks. Section 2.1
outlines our approach for feature extraction from volumetric data. Section 2.2
presents our key contribution, a novel fusion mechanism that systematically in-
tegrates embeddings from the 2D encoder, 3D volumetric aggregator, and user-
specified prompts. Section 2.3 details the publicly available datasets used in this
study.

2.1 CT Scan Feature Extraction

For pre-training our 2D slice encoder, we employ the state-of-the-art SSL frame-
work DINO, encoding 2D slices extracted from three orthogonal planes: axial,
coronal, and sagittal. We adopt a Vision Transformer(ViT) [8] as the backbone,
processing slice images (s € S) from 3D CT scans (X.), at a resolution of
224x224 pixels. The input images are tokenized into a sequence of fixed-size
16x16 pixel patches, which are then linearly embedded for efficient processing
within the transformer architecture.

These extracted 2D slice-based features serve as inputs to a 3D aggregator,
which processes the embeddings produced by the 2D encoder. Let foq and fsq
represent the 2D encoder and 3D aggregator, respectively. The feature extraction
process is formulated as follows:

25, = faa(s),Vse€ S (1)

Z3d = f3d ({ng}SES) (2)

As an ablation study, prior to final fine-tuning of the LLM, the 3d aggre-
gator f3q is warmed-up in a self-supervised manner to preserve the volumetric
temporal relations between adjacent slices’ embeddings. We posited that im-
plementing a warm-up phase for the aggregator prior to final fine-tuning could
improve model performance by mitigating the effects of random weight initializa-
tion and enabling the aggregator to acquire preliminary feature representations
from CT scan data. During this stage, the 2D encoder fo; remains frozen, while
the 3D aggregator is optimized using a contrastive loss function. Specifically, the
self-supervised pre-training is performed by maximizing the mutual information
between embeddings of adjacent slices from different planes of a CT scan using
InfoNCE loss [15].
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Fig. 2. Slice-Attentive Multi-Modal Fusion architecture. The framework projects three
feature spaces (z3q, text tokens, and z34) into a shared representation space for cross-
modal fusion and interaction.

2.2 Slice-Attentive Multi-Modal Fusion (SAMF)

Inspired by radiologists’ dual-perspective diagnostic mechanism, we introduce
SAMF, a fusion strategy that integrates information from three distinct feature
spaces: the 3D aggregator, textual tokens, and 2D slice embeddings. In SAMF, we
first project the input features, denoted as z34 and zo4, into a unified embedding
space of dimension d,;,;. This projection ensures that features derived from 3D,
2D, and textual modalities are aligned within a common embedding space of
consistent dimensionality.

FU7 = Wag-z3q, € REXSxdm (3)
FP0) = Wy - 23q, € REXdoros (4)

Similarly, we utilize attention mechanisms to capture the relationships be-
tween 3D features, 2D slices, and text tokens. This approach determines the
relevance of 2D slices, text tokens, and 3D feature to each other. The attention
mechanism is implemented as follows:

: NT
Qaq3q = softmax (Fggo-l . (Fggo.l) ) . € RBxS (5)
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: AT
Bi3q = softmax <F&r§g . (Fg(rioj) ) . cRBXT (6)
- AT
Yioq = softmax (Ff;‘:g . (ngm) ,dim = S) . e RBXTxS (7)

Softmax is applied to normalize the attention scores into weights, and these
weights are used to aggregate the input features. This mechanism ensures that
the model prioritizes the most informative components of the 2D, 3D, and textual
data, recognizing that not all slices or tokens hold equal relevance to one another.

agg _ T proj Bx1Xdproj

Fiza=a -Fy", €R pro) (8)
F2e8 T proj Bx1Xdproj
Ficaza=08 "Fg°, €R el (9)

At the final stage fusion startegy, we expand them and concatenate them to
form the final fused representation:

Ffused = qusion : [ F};;;Oj H Fggéd H F‘?egft?)d (1())

During the fine-tuning stage, Fryseq serves as the input to the LLM, specif-

ically Phi-3, for generating the final radiology report. Our fusion strategy is

designed to be flexible, allowing integration of additional modalities or features
as needed.

Attention Over 2D Slices (Ao2D) To further refine SAMF, we introduce
Attention Over 2D Slices (Ao2D), which captures fine-grained relationships be-
tween text tokens and 2D slices. This enhancement aggregates text-to-2D fea-
tures via averaging over text tokens:

T S

agg proj BXx1xXdproi

Fioctod = E E Vi2dtsFoas, ER pred (11)
t=1 s=1

Finally, these features are concatenated to construct the final fused represen-
tation:

it = Wsion - | 550 | B35, || FShs, || ¥, (12)

2.3 Dataset

Our study utilized different publicly available datasets tailored to specific tasks.
For the self-supervised pretraining of the 2D encoder, we employed the publicly
available Liver Tumor Segmentation (LiTS) dataset [3], along with an addi-
tional publicly available dataset for organ localization [I9]. These datasets were
accessed via the MedMnist-v2 framework [20] and were used across all three
anatomical planes: axial, coronal, and sagittal. Each view consisted of approxi-
mately 59,000, 24,000, and 25,000 slices, respectively.
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For the LLM fine-tuning stage, we utilized the publicly available CT-RATE
dataset [IT], which includes approximately 50,000 post-processed CT scans paired
with corresponding radiology reports and multiple-choice questions. Model per-
formance was evaluated using the same dataset split provided in CT-RATE,
ensuring a direct comparison with the baseline results reported in their work.

3 Experiments

3.1 Evaluation Metrics

To assess the effectiveness of incorporating SAMF in generating radiology re-
ports, we employed a combination of natural language generation (NLG) metrics
and LLM-based evaluations. The NLG metrics included BLEU-1 and BLEU-
4 [16], METEOR [2], ROUGE-L [14], and the BERT-F1 score [2I]. These met-
rics respectively measure lexical similarity, synonym-aware matching, structural
coherence, and contextual semantic similarity by using BERT embeddings to
evaluate meaning beyond exact word overlap.

For LLM-based evaluations, we used the LLAMA-70B model to assess the
clinical relevance of the generated medical reports. Following the approach used
for evaluating CT-CHAT [I0], we applied the same prompting strategy to cat-
egorize Llama-generated scores for each question into three distinct ranges. For
the VQA task, specifically multiple-choice question answering, we evaluated per-
formance using accuracy, precision, and recall of correct answer prediction.

3.2 Results and Comparison with Baselines

To evaluate the efficacy of our proposed SAMF framework and its extension
Ao02D, we conducted comparative analyses against state-of-the-art methods on
the CT-Rate benchmark. Since the CT-Rate dataset is relatively new, most
relevant studies are recent and available on arXiv, making the reproducibility of
their results challenging. Therefore, we reported their values directly from their
papers. For CT2Rep [I1], due to the inaccessibility of pretrained weights, we
retrained the model using their best-reported parameters.

The results of our experiments are presented in Table [I] showcasing the per-
formance of SAMF + Ao2D in comparison to existing baselines. Our approach
achieves either the best or second best performance across all metrics, highlight-
ing the effectiveness of the SAMF and Ao2D in improving the quality of radiology
report generation. Figure QA demonstrates an example of a report generated by
both methods.

For multiple-choice question answering, the results are presented in Table
with additional insights into detailed predictions available in Figure [3B. The
findings show that SAMF + Ao2D outperforms SAMF alone and the baseline
CT-Chat across all evaluated metrics, demonstrating the effectiveness of slice-
attentive multimodal fusion in enhancing multiple-choice question answering for
chest CT analysis. It should be noted that, the fine-tuning stage required ap-
proximately 16 hours on a single NVIDIA A100 GPU equipped with 80 GB of
RAM.
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Table 1. Comparative analysis of our approach against state-of-the-art methods for
medical report generation for chest CT-scans. Bold values indicate best performance,
while underlined values represent second-best results.

Model Bleul |Bleu4 |RougeL|Meteor|Bert F1|Llama Score
E3D-GPT [12] 0.412 |- - 0.418 [0.880 |-

MS-VLM [13] - 0.232 |0.438 (0.396 |- -
CT-AGRG [7] - 0.172 {0.280 |0.196 [0.867 |-

CT2Rep [11] 0.309 |0.172 |0.243 |0.173 |0.865 |6.35
CT-Chat [10] 0.395 |- 0.321 (0.219 |- 5.664

Our Baseline (SAMF)|0.423 |0.203 [0.338 |0.356 |0.879 [6.792

+ Ao2D 0.440(0.261|0.417 |0.417 |0.889 |7.165

Table 2. Comparative analysis of SAMF and Ao2D against state-of-the-art methods
for multiple-choice question answering for chest CT-scans.

Model Bleul |RougeL |Meteor|Llama Score|Accuracy|Precision|Recall|F'1
CT-Chat [10]{0.838 |0.895 |0.577 |0.901 - - - -
SAMF 0.940 |0.925 (0.926 |0.939 0.915 0.898 0.893 ]0.895
+ Ao2D 0.942(0.929 |0.930 |0.942 0.920 [0.902 |0.900(0.901

3.3 Ablation Study

We conducted ablation studies by (1) selectively freezing different components
of our framework during fine-tuning and (2) implementing a warming-up stage
for the aggregator through a self-supervised approach before fine-tuning stage.
The purpose of freezing different components was twofold: first to isolate the
informational contribution of each component to the final prediction, and second
to empirically evaluate its individual roles in the pipeline.

As demonstrated in Table [3] the fusion approach incorporating Ao2D highly
sensitive to component freezing, leading to diminished performance. This sensi-
tivity can be attributed to Ao2D’s inherent reliance on the 2D embedding space
derived from the image encoder for pattern recognition. Its architectural design,

Table 3. Results for the medical report generation task of selectively freezing different
components of the framework and implementing a self-supervised warming-up stage
for the aggregator.

Model ViT Aggregator| BLEU-1BLEU-4| ROUGE-L|METEOR
SAMF baseline v 0.426 | 0.209 0.345 0.366
+ SSL Warmup 0.442 0.184 0.377 0.412
v 0.447 | 0.186 0.300 0.375
v v 0.339 0.128 0.282 0.308
+ Ao2D v 0.257 | 0.089 0.260 0.263
+ Ao2D, SSL Warmup 0.445 | 0.204 0.338 0.365
v v 0.223 | 0.419 0.091 0.255
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which focuses on attention over two-dimensional features, makes it dependent
on maintaining an adaptable 2D encoder.

B) Confusion Matrices for Multiple Choice

A) Qualitative Evaluation of Medical Report Generation " N
Question Answering

él’: Trachea, both main bronchi are open. Heart size increased. The ascending aorta is 42 mm and is
ectatic. Calcific atheroma plaques are observed in the aorta and coronary arteries. Other mediastinal main SAMF
vascular structures are normal. Pericardial effusion-thickening was not observed.
No enlarged lymph nodes in ©- 997 102 2 43
prevascular, pre-paratracheal, subcarinal or bilateral hilar-axillary pathological dimensions were detected.
When examined in the lung parenchyma window; There are diffuse emphysematous changes in both lungs. .
i N 174 53

b

In the right lung, there is a 1 area with air br signs in the upper lobe anterior

segment, middle lobe and lower lobe anterior segment, and in the left lung upper lobe anterior segment.

There are also consolidation areas in the left lung lower lobe superior segment. There are ground glass
@nsilies in the lower lobes of both lungs.

Ground Truth

SAMF: Mediastinal structures cannot be evaluated optimally because contrast material is not given. As far o- 33 50 34 1161
as can be observed: Heart contour and size are normal. There is a pericardial effusion measuring 20 mm in
its thickest part. Pericardial thickening was not detected. Atheroma plaques are observed in the aorta and b .
coronary arteries. The widths of the mediastinal main vascular structures are normal. There are lymph Predicted
nodes in the mediastinum and hilar regions. The shortest diameter of the largest of the described lymph
nodes was 10 mm. There is bilateral minimal pleural effusion. There is no pathological wall thickness
increase in the esophagus within the sections. Trachea and both main bronchi are open. No occlusive
pathology was detected in the trachea and both main bronchi. There are atelectasis adjacent to the effusion
in both lung lower lobes. There are uniform interlobular septal thickenings in both lungs. / o B 93] 25 n

GAMF + Ao2D: iasti were | d as i since the examination was \

unenhanced. As far as can be seen; Trachea and lumen of both main bronchi are open. No occlusive = -y Rl e J
pathology was detected in the trachea and lumen of both main bronchi. An image of a catheter extending

superiorly to the vena cava was observed. Heart contour size is natural. Pericardial thickening-effusion was

SAMF + A02D

Ground Truth

not detected. Calcified atherosclerotic changes were observed in the wall of the thoracic aorta. by B2 2218 L
A few calcified lymph nodes with a short axis smaller than 1 cm were observed in the

left hilar region. In addition, lymph nodes measuring 1 cm in the short axis of the largest were observed in °- 0 e 2 1169

the upper-lower aorti ary region. There are patches of ground glass | | | |

density increases in both lungs. 2 hPlsd\c(edc d

Fig. 3. A) Qualitative evaluation of medical report generation. Correct predictions are
highlighted, while incorrect predictions are indicated in red font. B) Comparison of
model performance of SAMF and Ao2D on multiple-choice question answering.

4 Discussion

In this study, we introduced Slice-Attentive Multimodal Fusion (SAMF), an
innovative approach for radiology report generation from 3D chest CT volumes.
Our method leverages transfer learning, transitioning from slice-wise encoding
to volume-level feature extraction through a SSL paradigm. The effectiveness
of our framework is further enhanced by Attention over 2D slices (Ao2D) on
top of SAMF, which captures fine-grained relationships between text tokens and
2D slices. This is particularly useful for tasks that require detailed alignment
between language and visual data.

Our methodology demonstrates improved fidelity in radiological report gen-
eration and multiple-choice question answering, effectively bridging the gap be-
tween visual features and textual descriptions. Although our results could be
further improved by incorporating additional clinically focused evaluation met-
rics, our successful integration of both 2D and 3D representations marks a sig-
nificant advancement in multimodal AI for medical imaging and clinical decision
support.
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