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Abstract

Brain tumor analysis is an important application of medical image computing, where
accurate segmentation and interpretation of tumor regions can support diagnosis and
treatment planning. However, existing methods often address tumor segmentation and
radiology report generation as separate tasks. Moreover, one of the major challenges in
report generation tasks from MRI is accurate tumor localization. Most models fail to
locate the lobe and hemisphere in which the tumor is located, causing incorrect report
generation. In this regard, a unified 3D vision-language framework is proposed for simul-
taneous brain tumor segmentation and report generation from multi-modal MRI. Given
T1, T2, T1C, and FLAIR volumes, the proposed model predicts clinically meaningful
tumor regions and generates a textual description of tumor location and appearance. In
order to encourage consistency between the predicted segmentation and generated report,
the proposed model judiciously integrates a Swin UNETR-based 3D encoder-decoder, a
multi-scale lesion tokenizer, auxiliary clinical grounding heads, and an iterative cross-
modal refinement module. Moreover, anatomy and laterality heads are introduced, which
provide clinical hints to the LLM, allowing better tumor localization. Further, an iterative
refinement is incorporated so that the generated report and segmented outputs can refine
each other, finally producing better outputs. Extensive experimentation on BraTS2020
and TextBraTS data sets shows that the proposed model achieves a mean Dice of 81.60%
and HD95 of 6.21. In addition, the model achieves a BERTScore-F1 of 0.9226, clinical
laterality F'1 of 0.8459, clinical anatomy F'1 of 0.7539 and clinical pathology F1 of 0.9976.
These results indicate that the proposed framework can generate clinically meaningful
reports while accurately localizing tumor regions and maintaining strong alignment be-

tween segmentation and textual interpretation.

Keywords: Brain MRI, tumor segmentation, radiology report generation, vision-language

model, 3D Deep learning, cross-modal refinement
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Chapter 1

Introduction

Brain tumor analysis is currently one of the most important applications in medical imag-
ing because accurate localization, characterization, and interpretation help in diagnosis
and treatment planning. It provides a preliminary idea of whether surgery is required
or whether radiotherapy may be sufficient. Magnetic resonance imaging (MRI) is the
standard imaging modality for brain tumor assessment. It provides rich anatomical and
pathological information through multiple sequences such as T1, T1C, T2, and FLAIR.
The core task in tumor analysis is brain tumor segmentation, where the objective is
to automatically delineate clinically meaningful tumor sub-regions such as Whole Tu-
mor (WT), Tumor Core (TC), and Enhancing Tumor (ET). These sub-regions provide
information about edema, necrosis, and enhancement, which are essential for clinical

evaluation.

However, segmentation alone does not fully represent the way radiologists interpret MRI
scans. In real clinical practice, radiologists not only outline tumor boundaries but
also generate textual reports describing lesion location, signal characteristics, lateral-
ity, edema, necrosis, mass effect, ventricular compression, and other clinically meaningful
observations. Therefore, a more complete artificial intelligence system for brain tumor
analysis should be capable of both producing accurate segmentation masks and generating

structured reports.

Most common brain tumor segmentation models are designed as image-only systems.
They take 2D or 3D images as input and produce segmentation masks as output. U-
Net |2], nnU-Net |3|, and Swin UNETR |[1] are examples of image-only systems that show
strong performance on benchmark datasets. However, recent research on the incorpora-
tion of radiological reports has shown that text can improve the quality of segmentation.
One recent model, TextBraTS [4], demonstrates that radiological text can provide useful

semantic guidance for improving segmentation performance.



On the other hand, report generation from 2D and 3D medical images has become
an important research direction due to the rapid progress of vision-language models.
Med3DVLM [5] and MedGemma [6] are some recent works in this area. Some methods
process MRI scans slice by slice, while others take the entire 3D MRI scan as input to

generate the radiology report.

Despite these advances, segmentation and report generation are often studied as separate
tasks. Text-guided segmentation methods usually use reports as input to improve mask
prediction, while report generation models usually generate text from images without

explicitly producing segmentation masks.

The objective of this project is to develop a unified model for brain MRI analysis that
jointly performs tumor segmentation and radiology report generation. Given multi-modal
3D MRI input, the model aims to predict clinically relevant tumor sub-regions such as
WT, TC, and ET, while also generating a textual report describing the tumor location and
appearance. Furthermore, we use a refinement technique that allows the segmentation
task and the report generation task to benefit from each other, thereby improving the

final outputs.

Our Contribution :

This work makes three main contributions:

1. We propose a unified 3D vision-language framework that is capable of both segmenting

tumor regions and generating reports simultaneously from multi-modal MRI volumes.

2. We introduce anatomy and laterality heads to improve tumor localization. These
heads, along with geometry extraction and anatomical query generation, provides neces-
sary information to the language model, helping it generate reports that more accurately

describe the tumor hemisphere and anatomical lobe.

3. We design an iterative cross-modal refinement module that allows the segmentation
and report-generation branches to exchange information. This helps the two branches to

learn from each other, thereby improving their outputs.



Chapter 2

Background and Related Works

2.1 Background

Magnetic Resonance Imaging (MRI) is a medical imaging technique used to produce
images of anatomical structures. It is widely used for brain tumor analysis because
it provides rich soft-tissue contrast and captures different structural and pathological
properties of the brain. In the proposed work, we use four MRI modalities: T1, T1C,
T2, and FLAIR.

T1-weighted MRI provides detailed anatomical information about brain structures. It
can help in locating major brain structures such as gray matter, white matter, ventricles,
and cerebrospinal fluid. However, edema and tumor regions are often poorly visible on

T1-weighted images. This modality is often used for locating tumor core.

T1C, or contrast-enhanced T1-weighted MRI, is acquired after injecting contrast agent
before imaging. It is useful for showing regions where the blood-brain barrier is disrupted
and is helpful for segmenting Tumor Core and Enhancing Tumor. However, edema is

poorly visible in this modality.

In T2-weighted MRI, fluid-containing regions appear bright. Thus it is useful for
detecting abnormalities that contain increased water content like edema and segmenting
the whole tumor extent. However, enhancing tumor regions and tumor core are poorly

visible in this modality.

FLAIR, or Fluid-Attenuated Inversion Recovery, suppresses the signal from cerebrospinal
fluid while preserving abnormal hyperintense regions. FLAIR is particularly useful for
segmenting edema, non-enhancing tumor components, and the overall tumor extent, while

it is less effective for accurately segmenting enhancing tumor components.



Each modality provides complementary information. T1 and T1C are useful for anatom-
ical structure and enhancement, while T2 and FLAIR are useful for edema and tumor
spread. Therefore, combining all four modalities allows one to learn a more complete

representation of tumor appearance, location, and extent.

2.2 Related Works

Existing studies are reviewed along two main directions: segmentation mask generation

and report generation.

2.2.1 Segmentation Mask Generation

Medical image segmentation is one of the most established tasks in computer-aided di-
agnosis. In brain tumor analysis, the BraTS benchmark has played an important role in
standardizing this task by defining clinically meaningful tumor sub-regions, commonly
including Whole Tumor (WT), Tumor Core (TC), and Enhancing Tumor (ET). Segment-
ing these regions is challenging because tumor boundaries are often irregular, heteroge-
neous, and visually ambiguous across different MRI modalities. As a result, brain tumor
segmentation has gradually evolved from classical image-processing techniques to deep
learning-based architectures that can learn hierarchical spatial features from multi-modal
MRI volumes.

Early deep learning methods for medical image segmentation were largely based on con-
volutional neural networks, especially U-Net-based architectures. U-Net 2| introduced
an encoder-decoder structure with skip connections, which allowed the model to combine
low-level spatial details with high-level semantic information. However, since the original
U-Net [2] operates on 2D slices, it cannot fully capture the 3D spatial context present in

volumetric medical images.

To address this limitation, later U-Net variants extended the architecture to process
volumetric data directly. For example, 3D U-Net [7] replaced 2D operations with 3D
convolutions, 3D max-pooling, and 3D up-convolutions. This enabled the network to
process full 3D image volumes instead of independent 2D slices, allowing it to exploit

inter-slice spatial continuity.

Another important development in medical image segmentation was nnU-Net [3], which
proposed a self-configuring framework rather than a completely new network architecture.
nnU-Net [3| automatically adapts the segmentation pipeline according to the properties

of a given dataset, including pre-processing, network configuration, training strategy,
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inference, and post-processing. However, like most classical segmentation models, nnU-
Net [3] is primarily image-only. It uses MRI volumes as input and predicts segmentation
masks without directly incorporating textual clinical descriptions or radiological prior

knowledge.

To overcome the limited ability of CNNs to capture long-range dependencies, transformer-
based models were later introduced for brain tumor segmentation. One important ex-
ample is Swin UNETR [1], which uses a Swin Transformer [8] as the encoder and a
CNN-based decoder for mask reconstruction. The input MRI volume is divided into
patches and represented as a sequence of embedding, allowing the model to learn both
local and global contextual information. Swin UNETR [1] uses a hierarchical transformer

encoder to extract features at multiple resolutions using shifted-window self-attention.

Following this direction, several 2D medical segmentation models have been proposed
that leverage medical reports or textual prompts to improve segmentation performance.
For example, LViT |9] incorporates textual annotations with 2D image features to guide
mask prediction. MedCLIP-SAM [10] combines medical vision-language representation
learning with SAM-style segmentation to support text-guided mask generation. Similarly,
MedCLIPSeg [11]| adopts a CLIP-based segmentation framework, where image patches

are aligned with textual prompts to produce dense segmentation masks.

More recently, TextBraTS [4] introduced a text-guided approach for volumetric brain tu-
mor segmentation. It proposed a dataset consisting of 3D MRIs and their corresponding
reports, and developed a model that used reports to improve segmentation mask predic-
tion. The model uses Swin UNETR [1] as the image backbone and BioBERT [12] as the
text encoder. The extracted text features are mapped into the image feature space and

fused with image features using a bidirectional cross-attention fusion module.

2.2.2 Report Generation

Another important task in the medical domain is the automated generation of clinical
reports. The goal is to generate factual clinical reports from a given medical image.
These reports should correctly describe the location and appearance of tumor regions
while also being grammatically correct and easy to understand. A good model should
avoid hallucinating findings that are not present in the image and should correctly report

the actual structures and abnormalities present in the brain.

Early models such as ConVIRT [13| use an image encoder to extract visual features
and a text encoder to extract textual features. They use contrastive learning to learn

visual representations from paired image-text data. Following this, MedCLIP [14] used



a similar CLIP-like framework and replaced the InfoNCE loss with a semantic matching

loss, enabling training on unpaired image and text data.

Report generation models generally follow an encoder-decoder structure. The encoder is
commonly composed of CNNs or Transformers to extract image features. These features
are then passed to a language-generating module, such as an LSTM or, more recently, a
large language model. Examples include R2GenGPT [15|, Med-Flamingo [16], LLaVA-
Med [17], CT2Rep [18], and CT-CHAT [19].

MedGemma [6] is a family of medical vision-language foundation models based on
Gemma 3, available in 4B and 27B variants. It is designed for medical image and text

understanding, mainly for 2D medical images.

Med3DVLM |[5] addresses the difficulty of applying vision-language models to volumetric
medical images, where 3D scans are computationally expensive and image-text alignment
is more challenging than in 2D images. The model consists of a 3D vision encoder, a

multimodal projector, and a large language model.

Another recent work in report generation is Brain3D [20], which focuses specifically on
automated radiology report generation from 3D brain tumor MRI. Brain3D converts a
pretrained 2D medical vision encoder into a native 3D encoder through weight inflation.
The extracted 3D visual tokens are compressed and projected into the embedding space

of a causal language model.



Chapter 3

Proposed Method

3.1 Overview

We present a unified 3D vision-language framework for simultaneous brain tumor seg-
mentation and radiology report generation from multi-modal MRI. Given the four MRI
modalities, T1, T2, T1C, and FLAIR, we first use a Swin UNETR encoder-decoder to
predict region-wise tumor masks for the tumor core, whole tumor, and enhancing tumor.
The Swin UNETR [1] encoder is further used to extract hierarchical 3D visual features.
A multi-scale lesion tokenizer then converts these image features into visual tokens, which

are provided to the language model as input along with the textual prompt.

To improve clinical grounding, we further introduce laterality and anatomy heads. The
outputs of these two heads provide information about the tumor location and are added
to the language model prompt in the form of clinical hints. In addition, we use an iterative
cross-modal refinement module that feeds language-derived features back into the image
representation. This design allows the segmentation and report generation branches to
interact with each other, encouraging better consistency between the predicted tumor

mask and the generated clinical description.

3.2 Problem Formulation

Let
X c ]R4><D><H><W (31)

be a 3D brain MRI volume, where the four input channels correspond to T1, T2, T1C,

and FLAIR modalities. The objective is to jointly perform brain tumor segmentation



and radiology report generation from this input volume.
For the segmentation task, the model predicts a region-wise tumor mask

S c R3><D><H><W’ (32)

where the three output channels correspond to the three tumor sub regions: Tumor Core
(TC), Whole Tumor (WT), and Enhancing Tumor (ET).

For the report generation task, the model generates a textual radiology report

Y = {4192, ..., 91}, (3.3)

where 7, represents the token generated at time step ¢. The generated report is con-
ditioned on lesion-aware visual tokens extracted from the input MRI volume and the

predicted tumor regions. Therefore, the overall objective is to learn a joint mapping
fo: X = (S,Y), (3.4)

where 6 denotes the trainable parameters of the complete vision-language framework.

During training, the model is supervised using the ground-truth tumor segmentation
mask S, the reference report Y, and auxiliary clinical labels for laterality and anatomical
location. We use the ground truth segmentation mask during training and the predicted

segmentation mask during inference to create the visual tokens.

3.3 Segmentation Module

We use the Swin UNETR [1] encoder as the 3D visual feature extractor. The encoder
produces a bottleneck feature and several intermediate feature maps, which are passed
to the Swin UNETR [1] decoder for segmentation. During the refinement stage, the
bottleneck representation is updated using text-derived features extracted from the report

decoder.
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Figure 3.1: Segmentation module. The Swin UNETR [1]| encoder extracts hierarchical
visual features from the multi-modal MRI input. The decoder predicts region-wise tumor
masks for TC, WT, and ET.

3.4 Multi-Scale Lesion Tokenizer

The model uses feature maps from three different levels of the Swin UNETR [1] backbone.
Fine tokens are created from Stage 2 encoder features and capture local details such
as tumor boundaries and small structures. Mid-level tokens are created from Stage 4
encoder features and capture regional tumor context. Global tokens are created from the

bottleneck features and represent the overall image-level context.

Let F(®) ¢ RE*DsxHsxWs denote the encoder feature map at scale s, where C, is the
number of channels and (Ds, H,, W) is the spatial resolution of the feature map. Let
L € R3>*P>XHEXW denote the segmentation logit map predicted by the segmentation de-
coder, where the three channels correspond to tumor core (TC), whole tumor (WT), and

enhancing tumor (ET).

First, the feature map at each scale is projected to a common embedding dimension using

a 1 x 1 x 1 convolution. The projected feature is then normalized and passed through a



non-linear GELU activation function:

7 = ¢ (Norm (Convgsx)1X1 (F(S))>> : (3.5)

where Norm(+) denotes the normalization layer and ¢(-) denotes the activation function.

The segmentation logits are then converted into soft region probabilities using the sigmoid

function:

P =o(L), (3.6)

where P € R3*P*HXW yepresents the predicted soft tumor-region probability map.

Since the spatial resolution of P may be different from the resolution of Z®), the proba-

bility map is resized using adaptive average pooling:

G® = AAP (P, (D,, H,,W,)), (3.7)

where AAP(-) denotes adaptive average pooling. The resulting G® is used as the soft

lesion-guidance map for scale s.

The projected feature maps from Stage 2 and Stage 4 are then modulated using the

lesion-guidance map:

729 =740 (1+aG"¥), (3.8)

where ® denotes element-wise multiplication and « is a scaling coefficient that controls
the strength of lesion guidance. In the proposed implementation, « is set to 0.5. For the

bottleneck stage, lesion guidance is not used, and only Z() is used.

The final output is then passed through another adaptive average pooling operation that
reduces the spatial size to 3 x 3 x 3. The pooled output is flattened to obtain 27 tokens for

each scale. We also add learnable positional encoding and scale encoding to each token.
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Start
Input:
feat, reducer, norm_layer,
scale_idx, lesion_guidance,
target_res=(3, 3, 3)

Yy

1. Channel Reduction
x = reducer(feat)

v

2. Normalization
X = norm_layer(x)

v

3. Activation
x = self.act(x)

4. Use Lesion Guidance?
(self.use_lesion_guidance
and lesion_guidance is not None)

Inputs / Parameters
feat: Input feature tensor
reducer: Channel reducer module
norm_layer: Normalization layer
scale_idx: Index for scale embedding

lesion_guidance: (Optional) lesion
guidance tensor

target_res: Target resolution (3,3,3)

Lesion Guidance Branch

4.1 Adaptive Average Pooling
guidance = F.adaptive_avg_pool3d
(lesion_guidance, output_size=x.shape[2:])

—

Y

4.2 Guidance Modulation
x =x* (1 + self.soft_mask_alpha * guidance)

Y

5. Adaptive Average Pooling to Target Resolution
x = F.adaptive_avg_pool3d(x, target_res)

v

6. Flatten and Permute
x = x.flatten(2).permute(0, 2, 1)
(Shape: [B, N, C])

v

7. Add Positional Encoding and Scale Embedding
x = self.spatial_pe(x) + self.scale_embeddings[scale_idx]

!

End
Qutput:
x (shape: [B, N, C])

Figure 3.2: Visual Memory Token Creation using encoder features from multiple levels

The model finally outputs 27 fine tokens, 27 mid-level tokens, and 27 global tokens, which

are concatenated to form 81 visual memory tokens.
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!

1. Get Dimensions

B, C, D, H, W = lesion_mask.shape
device = lesion_mask.device

I Pl :

2. Compute Volume (per class) : VR

| * Average value of mask
volume = mean(lesion_mask, dim=([2, 3, 4]) over spatiall dimensions

— volume € RE*€ (D, H, W) for each class

Y @ =E SmsSgdESR SR s SR S
Grids represent normalized

I

3. Create Normalized Coordinate Grids \ . 5 .
, coordinates in each spatial
|

grid_d = linspace(0, 1, D).view(1, 1, D, 1, 1) — RM*xPx1xl dimension:
|« grid_d: depth (0 — 1)
e grid_h: height (0 — 1)
|
|

+ grid_w: width (0 — 1)

grid_h = linspace(0, 1, H).view(1, 1, 1, H, 1) — R!x!xixHx

grid_w = linspace(0, 1, W).view(1, 1, 1, 1, W) — RxtxW

Y

4. Compute Mass (per class) Mass:

mass = sum(lesion_mask, dim=[2, 3, 4]) + le—6 * Total foreground (lesion)

voxel count per class

(+1e-6 to avoid division by zero)
¢ N e e o e e e o e et

Centers of Mass:

— mass € RB*C

5. Compute Center of Mass (per class)

I
|
-_d = sum(lesion_mask * grid_d, dim=[2, 3, 4]) / mass — R®*¢ |+ c_d: along depth axis

+ c_h: along height axis
=_h = sum(lesion_mask * grid_h, dim=[2, 3, 4]) / mass — R®*€ S
* c_w: along width axis

Values € [0, 1]

] e Al i I s

6. Stack Geometry Features per Class

|
|
-_w = sum(lesion_mask * grid_w, dim=[2, 3, 4]) / mass — R®*¢ |
|

Per class geometric vector
class_geometries = stack([c_d, c_h, c_w, volume], dim=1) Feglel z. | ]
c_d, c_h, c_w, volume

—» class_geometries € RE*XCx4

!

7. Flatten to Geometry Vector

geometry_vector = class_geometries.view(B, C * 4)

— geometry_vector € RE*(C*4)

v

End

Return geometry_vector
€ RB*(Cx4)

Figure 3.3: Geometry Extraction Module for extracting center of mass and volume for
each anatomical region

12



Further, to provide explicit spatial information, we extract geometry from the predicted
lesion masks. For each tumor region (edema, necrosis and enhancing tumor), the model
calculates the center of mass along the depth, height, and width directions, along with
the normalized tumor volume. Therefore, each tumor class is represented using four

geometry values: location in 3D space and size.

Let M € REXOxDXHXW denote the segmentation mask, where B is the batch size, C is the
number of segmentation mask channels, and (D, H, W) represents the spatial dimensions
of the 3D volume. From the segmentation module, we get 3 channel segmentation mask,
corresponding to Whole Tumor (WT), Tumor Core (TC) and Enhancing Tumor (ET) as
output. We use this 3 segmentation masks to compute masks for edema (WT - TC) and
necrosis (TC - ET). We extract geometry for these three anatomical features (edema,

necrosis and enhancing tumor).
To compute the spatial location of each anatomical region, we define normalized coordi-

nate grids along the depth, height, and width axes:

d h w
Td——D_l, ’r’h—H_l, Tw_W_17 (39)

where r4, r,, and r, lie in the range [0,1]. These normalized coordinates make the

geometric representation independent of the absolute image size.

The total mass for class ¢ is then computed as:

H W
> Meanaw +e (3.10)

1 h=1 w=1

D
me =
d=

where € is a small constant added to avoid division by zero when the predicted segmen-

tation region is empty.

The center of mass for the class ¢ is then computed as the mask-weighted average of the

normalized voxel coordinates. The depth coordinate of the center of mass is given by:

D H W
Q= 2 d=1 2an=1 2aw—1 Medhaw * d (3.11)

M

Similarly, we also calculated the height and width coordinate if the center of mass for
each class. The final center of mass for class ¢ is then represented as: [Jc, h., e, volume},
where volume is computed by averaging the segmentation mask over all spatial locations

for each channel.
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Once we have the visual memory tokens and geometry tokens, we create the queries for

the language model.

Let, V € REXNuxC denote the visual memory, where B is the batch size, Ny, is the number
of visual memory tokens (in the proposed case, it is 81), and C is the embedding dimension
(in the proposed case, it is 512). The visual memory is obtained by concatenating the

fine, mid-level, and global tokens.

NCR Queries

R - )

(B,Q,0) ' L
Visual Memory Edema Queries | ... 4+ | Token Type Embedding
(fine + mid + global tokens) (B,@,C) __L_IL [1] (Edema) PRy All Queries
Shape: (B, N, AE, I Shape: (B, N4, C)
S ) ET Queries 4 | Token Type Embedding (direst) i
Anatomy Queries D:D 4+ | Token Type Embedding
(B, Qq, C) [3] (Anatomy)
ted O
(query=all_queries, > e i LayerNorm FFN LayerNorm
key=visual_memory, ) (B, Ng, C) (B, Nq, €) (B, Ng, C)
value=visual_memory) HOCH Residual Residual
Add Add i

——,

Pathology Tokens
(first 3Q tokens)
Shape: (B, 3Q, C)

Anatomy Tokens
(last Q4 tokens)
Shape: (B, Qq, C)

Extract Geometry Expand Geometry Concatenate
(from class_masks) along query dim (along last dim)
Shape: (B, G) (B, 3Q, G) (B, 3Q, C+G)

Linear Projection
proj_pathology

(B, 3Q, Cout)

Concatenate

Linear Projection
proj_anatomy
| (B Quy Cour)
(along dim=1) J

(B, 3Q + Qa, Cour)

Lesion Tokens (Output)
Shape: (B, 3Q + Qq, Cout)

Figure 3.4: Query Creation Module. The final lesion tokens output is prepended to the
prompt before sending it to the language model.

To extract both lesion-specific and full anatomical information from this visual mem-
ory, we define separate learnable query groups for different tumor-related concepts. Let,
Qner € REXEXC Qpp € REX@XC Qpp € REXEXC and Qu € RBX@eXC denote the learn-
able query tokens for necrosis, edema, enhancing tumor and full anatomy respectively. Q
is the number of queries for tumor type and (), is the number of queries for anatomical
information. In the proposed case, Q = @, = 32. Further, to differentiate between
the query types, a learnable token type embedding is added to each query group. We
then concatenate the four query groups along the token dimension. This concatenated
query tokens attend to the visual memory through a cross-attention module. This cross-
attention allows each learnable query to retrieve relevant information from the visual

memory.

We then apply a residual connection and layer normalization and pass the output through
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a feed-forward network. The output of the feed-forward network is again added to the

residuals and passed through a layer normalization.

T = LayerNorm (H; + FFN (H;)), H, = LayerNorm (Q.; + A) . (3.12)

where Q. denotes the concatenated learnable query tokens for necrosis, edema, enhanc-
ing tumor, and anatomy, and A denotes the cross-attention output obtained by attending

Q.n to the visual memory tokens.

The refined token sequence T is then split into pathology tokens and anatomy tokens.
The first 3Q tokens correspond to pathology-related tumor tokens, while the remaining
(), tokens correspond to anatomy tokens. Further, we concatenate the geometry tokens
with the pathology tokens and project the concatenated tokens to LLM dimension (in
the proposed case, it is 2048). A separate projection layer projects the anatomy tokens to
the LLM dimension. The final lesion tokens are formed by concatenating the projected
pathology tokens and projected anatomy tokens. These tokens contain pathology-specific,

anatomy-aware, and explicit geometric information about lesion location and extent.

3.5 Clinical Grounding Heads

We use two neural network models to predict the laterality and the anatomy present in
the MRI. The laterality head predicts whether the tumor is located on the left, right, or
bilateral side of the brain. The anatomy head predicts the anatomical regions involved by
the tumor. It is a multi-label classifier because a tumor can involve more than one region.
The predicted anatomy labels include frontal, parietal, temporal, occipital, cerebellum,

and ventricle/periventricular regions.

Let F, € RBXCIxDXHEXW denote the bottleneck feature extracted by the Swin UNETR
encoder, where B is the batch size, C}, is the number of input channels of the head,
and (D, H,W) is the spatial resolution of the bottleneck feature. In the proposed case,
Cin = 768

First, global spatial information is aggregated from the bottleneck feature F;, using adap-

tive average pooling and then flattened:

x = Flatten (AAP;p (Fy)), x € RB*Cn, (3.13)
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Input

(B, Cin, D, H, W)

1. AdaptiveAvgPool3d(1)
Gutput: (B, G, 1.1, 1)

v

2. Flatten()
Output: (B, Ci,)

v

3. Linear(in_dim, hidden_dim)
Qutput: (B, hidden_dim)
(in_dim = 768, hidden_dim = 256)

v

4. GELU()
Output: (B, hidden_dim)
(B, 256)

v

5. Dropout(0.1)
Output: (B, hidden_dim)
(B, 256)

v

6. Linear(hidden_dim, num_classes)
Output: (B, num_classes)

Output

(B, num_classes)

Figure 3.5: Clinical heads module. The bottleneck feature is passed through laterality
and anatomy heads to generate clinical hints, which are added to the language model
prompt. We use two separate modules that share the same structure except for the
number of classes for predicting anatomy and laterality.
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The flattened feature x is passed through a fully connected linear layer with GELU

activation and dropout of 0.1 to produce the output logits:

o = Dropout (GELU (xW; + b)) o € RB*Cout, (3.14)

where W, € R¢"*C: and b; € R are learnable parameters. Here, C), is the hidden

dimension, and in the proposed implementation C} = 256.

Finally, the output logits are computed using another fully connected layer:

0 = hW2 + bg, (315)

where Wy € RO *Cut and by € R%ut are the parameters of the second linear layer, and

Cout 18 determined by the number of classes to be predicted.

We used the same neural network structure but separate networks for both the anatomy
and laterality heads. The number of classes predicted by laterality head is 3 corre-
sponding to left, right and bilateral. The number of classes predicted by anatomy
head is 6 corresponding to frontal, parietal, temporal, occipital, cerebellum, and ven-
tricle/periventricular regions. The predicted probability for each anatomical region is
computed using the sigmoid function and are used to create clinical grounding hints,
such as: “Laterality: left. Anatomy: frontal, temporal.” These hints are added to the

prompt given to the report decoder.

The ground truth for the two heads are created by extracting the relevant contents from

the ground truth reports.

3.6 Vision-Conditioned Report Generation

Using the outputs of laterality heads we first create the prompt.The prompt contains a
system message and user message. The outputs from the laterality and anatomy heads is
given as hints in the prompt. The clinical hint follows the following format: Laterality:
laterality. Anatomy: anatomy list. For example: Laterality: left. Anatomy: frontal,
temporal. This means that the tumor is located on the left side of the brain and involves

the frontal and temporal regions
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MRI Brain Tumor Report Prompt Template

m \

<|begin_of_text|><|start_header_id| >system <|end_header_id| >

Igl You are an expert neuroradiologist. Generate a concise MRI brain tumor report
strictly grounded in the provided multi-modal 3D MRI visual tokens.
The available modalities are T1, T1CE, T2, and FLAIR.
Use the clinical grounding hints when provided.
Describe tumor location, edema, necrosis/enhancing tumor, and mass effect
only when supported by the images.

Avoid unsupported abnormalities.

<|eot_id| >

| 2 UsER MESSAGE | & 4

O < |start_header_id| > user < |end_header_id| >

Q The multi-modal 3D MRI volume has been encoded as visual tokens
prepended before this text.

Clinical grounding hints:
{clinical_hint}

Generate a factual radiology report using the visual evidence
and clinical grounding hints.
Avoid unsupported findings.

<|eot_id|>

3. ASSISTANT START

v <|start_header_id| > assistant < |end_header_id| >
| 0
E' (Model generates the report here)

4. FINAL OUTPUT
AT T el e B da " AP Y AN e 3
@ : Generated Radiology Report : <|eot_id|>
: (Factual, concise, image-grounded) 1
J

Figure 3.6: Prompt construction for report generation. The lesion tokens produced by
the tokenizer are prepended before the textual prompt and passed to the language model.
The prompt contains a system instruction, a user message, and clinical grounding hints
obtained from the laterality and anatomy heads. The language model then generates
the final radiology report conditioned on both the visual lesion tokens and the textual
prompt.
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The lesions tokens are then prepended to the prompt and is given input to the LLM.

3.7 Cross-Modal Iterative Refinement

Cross Attention Refinement

=
image_features ]

[B, 768, 4, 4, 4] J l

|

Cross Attention 1

—

Text queries image
text_features
[B T 20 48] Q = text_features

K, V = image_features

l

{ refined text features

[B, T, 2048]

A4

Cross Attention 2

Image queries refined text

Q = image_features

K, V = refined text features

A 4

refined image features
[B, 768, 4, 4, 4]

A 4

final output

'{ image_features + refined image features

[B, 768, 4, 4, 4]

Figure 3.7: Cross-modal refinement module. Text-derived features first attend to the
image bottleneck features, and the refined text features are then used to update the
image representation. The final output is obtained by adding the refined image features
to the original image bottleneck.

This stage links segmentation and report generation via iterative feedback. Initially,
the decoder uses MRI and bottleneck features to predict segmentation. This output

is then used to create the prompt for report generation. A cross-attention refinement
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module then uses these report features to refine the image bottleneck feature, allowing
text information to enhance the image representation. The refined bottleneck is then
used by the segmentation decoder in the next iteration, improving segmentation with
report-level information in each step. Finally, the prompt tokens are passed to the report

decoder with ground-truth labels to calculate the report-generation loss.

The cross-attention refinement module we use is similar to TextBraTS [4]. The text
features first attend to the image bottleneck features to obtain image-aware text rep-
resentations, and the image features then attend back to these refined text features.
The resulting refined image representation is added to the original bottleneck through a

residual connection.

3.8 Training Objective

3.8.1 Loss Functions

The overall training objective combines segmentation, report generation, and auxiliary

clinical grounding losses:

L = AegLseg + ALtmLrim + Aat Liat + Aanat Lanat (3.16)
where L, is the segmentation loss, Lyrm is the language-modeling loss, L, is the lat-
erality classification loss, and L,,.; is the anatomy classification loss.

For segmentation, we use a combination of Dice loss and Binary Cross-Entropy (BCE)

loss:

/Cseg = [’Dice + 'CBCE- (317)

Dice loss encourages overlap between the predicted tumor regions and the ground-truth
masks, while BCE provides voxel-wise supervision by penalizing incorrect predictions at

each voxel.

For laterality prediction, which is a three-class classification task, we use the standard

cross-entropy loss:
Lot = Lcg. (3.18)
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For anatomy prediction, which is a multi-label classification task, we use Binary Cross-

Entropy loss:

Eanat = £BCE- (319)

The laterality and anatomy losses are weighted by coefficients A, and A.,.¢, respectively.

For report generation, we use the standard causal language-modeling loss. Given a report

token sequence {y1,¥s,...,yn}, the model is trained to predict the next token at each
position:
N
Lrim = — Zlog Py | y<t)- (3.20)
t=1

The lesion tokens and prompt tokens do not correspond to target report words. Therefore,
their labels are set to —100, causing the cross-entropy loss to ignore these positions during

training.

3.8.2 Training Procedure

Training is performed in four stages.

Stage 1: Segmentation Warm-up. The Swin UNETR |[1] encoder-decoder is first
trained for tumor segmentation. Only the segmentation branch is optimized during this

stage. The loss is given by:

L= EDice + LBCE- (321)

This stage is trained for approximately 50 epochs with early stopping based on mean

Dice value of the segmentation of validation set.

Stage 2: Clinical Head Training. The laterality and anatomy heads are then trained.
During this stage, only the Swin UNETR [1]| backbone, laterality head, and anatomy head

are updated, while the remaining modules remain frozen. The loss function is

L= )\segﬁseg + )\latﬁlat + )\anatﬁanat- (322)

This stage allows the model to learn clinically meaningful location information that will
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later be used as hints for report generation. This stage is trained for around 50 epochs

with early stopping based on validation loss.

Stage 3: Report Alignment. Next, the language model is trained while all image-
processing modules remain frozen. Low-Rank Adaptation (LoRA) is used with rank
r = 16 and scaling factor « = 32. The loss function is the standard causal language-

modeling loss:

L= )\LLMACLLM- (323)

This stage is also trained for around 50 epochs with early stopping based on validation

loss.

Stage 4: Joint Refinement. Finally, the segmentation and report-generation branches
are jointly optimized through the iterative refinement module. During this stage, the Swin
UNETR [1]| backbone, laterality head, anatomy head, cross-attention refinement module,

and language model are trained.

The overall loss is given by :

L= )\seg*cseg + /\latﬁlat + )\anatﬁanat + )\LLM‘CLLM~ (324)

3.8.3 Training and Inference

The refinement process differs between training and inference.

During training, teacher forcing is employed. After the initial segmentation and report-
generation steps, the ground-truth report tokens are used as input to the refinement
module regardless of the report generated by the model. This ensures stable optimization

and prevents error accumulation during training.

During inference, the report generated by the model in the first pass is used to cre-
ate the refinement features. These predicted report features are then fed back into the
cross-attention refinement module to update the image bottleneck representation. The re-
fined bottleneck is subsequently used by the segmentation decoder and report-generation

branch in the next refinement iteration.
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Chapter 4

Experimental Details

4.1 Dataset

We use the TextBraTs [4] dataset, a volume-level text-image brain tumor dataset derived
from the BraTS2020 [21, 22, 23] training set, for the experiments. This dataset contains
369 brain tumor MRI cases, where each case includes four MRI modalities: T1, T1C,
T2, and FLAIR, along with a corresponding radiology report. We get the ground truth
segmentation masks from the BraTS2020 [21, 22, 23] dataset. The segmentation annota-
tions focus on three clinically meaningful tumor regions: whole tumor (WT), tumor core
(TC), and enhancing tumor (ET).

Of the 369 text-image pairs, we use 221 for training, 55 for validation and 93 for testing.

4.2 Training Setup

Most of the experiments are conducted on RTX A4000 GPU using PyTorch, MONAI
and Unsloth. We resize the images into 96 x 96 x 96 volume for the experiments and
ablation studies. The final comparison with other models are done using images resized
to 128 x 128 x 128 on an A30 GPU to match the image size reported in papers. We also
normalize the images channel-wise using only non-zero voxel. We use Swin UNETR |[1] as
image segmentation backbone and Llama-3.2-1B Instruct [24] as causal language model
(LLM) for text generation. We use bf16 mixed precision with batch size of 1 and gradient
accumulation of 16. We also use LoRA with r = 16 and o = 32. We use AdamW as
optimizer and use a stage-wise optimization strategy. For each training stage, only the

modules required for that stage are unfrozen, while the remaining modules are kept frozen.
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The Swin UNETR [1] backbone is trained with learning rate lrgy,, the lesion tokenizer
with Ir¢renizer, the LORA parameters of the report decoder with Irpoga, and the refinement
and clinical heads with Iryepne. In the joint refinement stage, smaller learning rates are
used for previously trained modules by multiplying all learning rates by 0.2. We use
Irgwin = Iriokenizer = ITLora = 4€ — 4 and Irpeg,e = le — 5. All the stages are trained for 50

epochs with early stopping with a patience of 5.

For report generation during inference, we use nucleus sampling with top-p = 0.9 and

temperature 0.7

4.3 FEvaluation Metrics

4.3.1 Segmentation Metrics

We mainly compare the Dice and HD95 (95th percentile Hausdorff Distance) for each of
the sub-regions as well as the mean Dice and HD95.

Dice score measures the overlap between the predicted segmentation mask and the ground-

truth mask. The higher the Dice score, the better the segmentation.

Dice = —2’P na
1P|+ |G|’
where P denotes the predicted mask and G denotes the ground-truth mask.

On the other hand, HD95 measures the boundary distance between the predicted mask
and the ground-truth mask. Lower the HD95, the better the segmentation.

4.3.2 Report Generation Metrics

We compare BLEU (BLEU 1 & BLEU 4), ROUGE (ROUGEL & ROUGE2 & ROUGEL),
METEOR, CIDEr and BERTScore (BERTScore-p & BERTScore-r & BERTScore-f1).

BLEU measures the word overlap precision between the generated and reference reports.
BLEU1 measures the single word overlap while BLEU4 measures the overlap of 4 word

phrases. The higher the score, the better the report generation.

ROUGE measures word overlap recall between the generated and reference reports.
ROUGE1 and ROUGE2 measures the overlap of 1-gram and 2-gram between the gen-

erated and reference reports, while ROUGEL uses the longest common sub-sequence to
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measure similarity. The higher the ROUGE score, the better the report generation.

METEOR evaluates similarity using word matching, stemming, synonym matching, and
word order penalty. The higher the METEOR score, the better the report generation.

CIDEr measures consensus between generated and reference reports using TF-IDF-weighted
n-gram similarity. A higher CIDEr score indicates that the generated report is more con-

sistent with the ground-truth report.

BERTScore measures semantic similarity between the generated and reference reports us-
ing contextual embeddings from transformer models like BERT. BERTScore-p, BERTScore-
r and BERTScore-f1 measures the semantic precision, recall and F1 respectively. A higher
BERTScore indicates that the generated report is semantically more similar to the refer-

ence report.

4.3.3 Clinical Grounding Metrics

We mainly compare the clinical F1 metrics for laterality, anatomy and pathology. We

use the metrics defined in Brain3D [20] for comparison.

The Clinical Laterality F1 measures whether the report correctly identifies tumor side:
left, right, or bilateral. A higher score represents the model is able to better identify the

tumor side.

The Clinical Anatomy F1 measures whether the report correctly mentions involved anatom-
ical regions, such as frontal, parietal, temporal, occipital, cerebellum and ventricle. A
higher score represents the model is able to better identify the anatomical region the

tumor is located.

The Clinical Pathology F1 measures whether the report correctly describes pathology-
related terms, such as tumor, edema, necrosis, enhancing region, or lesion appearance. A

higher score indicates the model is able to generate correct pathology-related concepts.

4.4 Ablation Study

We conduct ablation studies to analyze the contribution of different components of the
model. We check the outputs after the final joint refinement stage. All ablations are

conducted on input image of size 96 x 96 x 96
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4.4.1 Effect of Iterative Refinement

For this ablation study, we did not use any cross/iterative refinement. While the segmen-
tation showed slightly better results without the refinement, the clinical laterality and

anatomy metrics performed much better with refinement.

The iterative refinement module enables bidirectional information exchange between the
segmentation and report-generation branches. In this process, the segmentation branch
is refined using report-derived text features, while the updated segmentation output pro-
vides improved visual evidence for subsequent report generation. Therefore, the final
generated reports become more consistent with the predicted tumor regions, leading to
improved clinical grounding performance, particularly in laterality and anatomical local-

ization.

Table 4.1: Segmentation metrics comparison.

Variant Dice TC Dice WT Dice ET Dice Mean HD95 TC HD95 WT HD95 ET HD95 Mean

Without Refinement  0.7888 0.8891 0.7627 0.8125 5.4571 6.0723 4.0963 4.9700
Baseline 0.7858 0.8883 0.7627 0.8111 5.4405 6.2380 4.1517 5.0334

Table 4.2: Report-generation metrics comparison.

Variant BLEU-1 BLEU-4 ROUGE-1 ROUGE-2 ROUGE-L METEOR BERT-P BERT-R BERT-F1 CIDEr
Without Refinement 0.5163  0.1990 0.6582 0.3488 0.4844 0.4040 0.9231  0.9198 0.9214 0.1565
Baseline 0.5092  0.2002 0.6454 0.3507 0.4808 0.3902 0.9213 0.9179 0.9195 0.1922

Table 4.3: Clinical entity-level metrics comparison.

Variant Laterality F1 ~Anatomy F1 Pathology F1
Without Refinement 0.7796 0.7441 0.9976
Baseline 0.8029 0.8144 0.9976

4.4.2 Effect of Clinical Grounding Hints

We check whether the two anatomy and laterality heads are required. We remove the
two heads as well as the clinical hints for ablation. We observe the report and clinical

metrics to be much higher on being trained with hints derived from the two heads.

The clinical hints provide important information about the tumor laterality and anatom-

ical region. This additional guidance helps the language model to generate reports that
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are more consistent with the actual tumor location. As a result, the model achieves im-
proved report-generation metrics and substantially better clinical grounding performance,

particularly for laterality and anatomy prediction.

Table 4.4: Segmentation metrics comparison for the prompt ablation study.

Variant Dice TC Dice WT Dice ET Dice Mean HD95 TC HD95 WT HD95 ET HD95 Mean

Baseline 0.7858 0.8883  0.7627 0.8111 5.4405 6.2380 4.1517 5.0334
No Hints  0.7889 0.8869 0.7581 0.8102 5.9143 5.9235 4.7324 5.2889

Table 4.5: Report-generation metrics comparison for the prompt ablation study.

Variant BLEU-1 BLEU-4 ROUGE-1 ROUGE-2 ROUGE-L METEOR BERT-P BERT-R BERT-F1 CIDEr

Baseline  0.5092  0.2002 0.6454 0.3507 0.4808 0.3902 0.9213  0.9179 0.9195  0.1922
No Hints  0.4618 0.1418 0.5905 0.2773 0.4115 0.3444 0.9059 0.9037 0.9048 0.1212

Table 4.6: Clinical entity-level metrics comparison for the prompt ablation study.

Variant Laterality F1 ~Anatomy F1 Pathology F1

Baseline 0.8029 0.8144 0.9976
No Hints 0.5161 0.4853 0.8847

4.4.3 Effect of Geometry Tokens and Anatomy Tokens

We check if the geometry and the anatomy tokens are needed for report generation or
not. We mainly concentrate upon the report generation metrics that shows the highest

value when both the token groups are present.

The geometry tokens encode explicit spatial information, including the centroid coordi-
nates and volume of tumor-related regions such as edema, necrosis, and enhancing tumor.
In contrast, the anatomy tokens provide learnable queries that capture global anatomical
context from the visual memory. Together, these token groups help the language model
better understand the anatomical structure of the brain as well as the location and size

of the tumor regions.
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Table 4.7: Segmentation metrics comparison for different ablation settings using joint
refinement.

Variant Dice TC  Dice WT  Dice ET  Dice Mean HD95 TC HD95 WT  HD95 ET HD95 Mean

Baseline 0.7858 0.8883 0.7627 0.8111 5.4405 6.2380 4.1517 5.0334
WGWA 0.7897 0.8888 0.7640 0.8128 5.3196 6.3492 3.9476 4.9413
WG 0.7897 0.8888 0.7641 0.8128 5.3181 6.3393 3.9444 4.9357
WA 0.7896 0.8889 0.7640 0.8128 5.3177 6.3366 3.9557 4.9385

Table 4.8: Report-generation metrics comparison for different ablation settings using joint
refinement.

Variant BLEU-1 BLEU-4 ROUGE-1 ROUGE-2 ROUGE-L METEOR BERT-P BERT-R BERT-F1 CIDEr

Baseline  0.5092  0.2002 0.6454 0.3507 0.4808 0.3902 0.9213 0.9179 0.9195 0.1922

WGWA  0.4919 0.1682 0.6356 0.3162 0.4583 0.3740 0.9219 0.9163 0.9190 0.1726
WG 0.4956 0.1783 0.6330 0.3244 0.4656 0.3800 0.9205 0.9181 0.9192 0.1532
WA 0.4982 0.1758 0.6342 0.3239 0.4672 0.3750 0.9225 0.9171 0.9198 0.1676

Table 4.9: Clinical entity-level metrics comparison for different ablation settings using
joint refinement.

Variant  Laterality F1 ~Anatomy F1 Pathology F1

Baseline 0.8029 0.8144 0.9976
WGWA 0.4875 0.7586 0.9976
WG 0.4875 0.7607 0.9976
WA 0.5125 0.7580 0.9976

Legend: Baseline = model with both geometry features and anatomy tokens; WG =
without geometry features; WA = without anatomy tokens; WGWA = without both

geometry features and anatomy tokens.

4.4.4 Effect of Input Modality

We check the importance of each of the modalities. We mainly check the segmentation
metrics that shows the highest performance for baseline model using all the modalities.

We also observe a sharp rise in clinical anatomy metric when using all the modalities.

Each of the four MRI modalities provides complementary information for segmenting dif-
ferent tumor regions. T'1 and T1C are useful for anatomical structures and enhancement,
while T2 and FLAIR are useful for edema and tumor spread. Thus all the four modalities

together gives one the best segmentation results.
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Table 4.10: Segmentation metrics comparison for modality ablation using joint refine-
ment.

Variant Dice TC  Dice WT  Dice ET  Dice Mean HD95 TC HD95 WT  HD95 ET HD95 Mean

Baseline 0.7858 0.8883 0.7627 0.8111 5.4405 6.2380 4.1517 5.0334
FLAIR 0.5689 0.8647 0.3706 0.6100 10.0180 6.9314 10.2874 9.1148
T1C 0.3076 0.4094 0.2288 0.3182 28.4277 31.5405 26.2745 29.2031
T1 0.4374 0.6918 0.2569 0.4697 14.0971 13.1198 13.9967 13.3426
T2 0.4863 0.8146 0.2912 0.5383 11.4580 7.0678 11.3104 9.8001

Table 4.11: Report-generation metrics comparison for modality ablation using joint re-
finement.

Variant BLEU-1 BLEU-4 ROUGE-1 ROUGE-2 ROUGE-L METEOR BERT-P BERT-R BERT-F1 CIDEr

Baseline  0.5092  0.2002 0.6454 0.3507 0.4808 0.3902 0.9213 0.9179 0.9195 0.1922
FLAIR 0.5042 0.1927 0.6465 0.3457 0.4712 0.3958 0.9185 0.9158 0.9170 0.1284
T1C 0.5123  0.1958 0.6522 0.3517 0.4820 0.3924 0.9214 0.9157 0.9185 0.1625
T1 0.5021 0.1967 0.6446 0.3474 0.4809 0.3949 0.9252 0.9189 0.9220 0.1379
T2 0.4992 0.1942 0.6455 0.3402 0.4811 0.3981 0.9243 0.9196 0.9219 0.1786

Table 4.12: Clinical entity-level metrics comparison for modality ablation using joint
refinement.

Variant  Laterality F1 ~Anatomy F1 Pathology F1

Baseline 0.8029 0.8144 0.9976
FLAIR 0.8495 0.7528 0.9945
T1C 0.8315 0.7556 0.9976
T1 0.8136 0.7616 0.9976
T2 0.8136 0.7676 0.9976

Legend: Baseline = full four-modality input using T1, T1C, T2, and FLAIR; FLAIR
— model trained and tested using only the FLAIR modality; T1C = model trained and
tested using only the contrast-enhanced T1 modality; T1 = model trained and tested
using only the T1 modality; T2 = model trained and tested using only the T2 modality.

4.5 Comparative Performance Analysis

We compare the proposed method with several state of the art models. All baseline

comparison are done using 128 x 128 x 128 images.

Segmentation-only baseline : We compare the segmentation with 3D U-Net [7],
nnU-Net [3], Swin UNETR [1] and TextBraTS [4]. Compared with the state of the art
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segmentation models, the model obtains a lower Dice scores, especially for ET and TC.
The model performs relatively well for W'T' Dice, where joint refinement achieves a Dice
score of 89.02, which is higher than 3D U-Net [7] and nnU-Net [3] but still lower than
Swin UNETR [1] and TextBraTS [4] result.

Overall, the results show that joint refinement slightly improves the segmentation quality
over report alignment, both in average Dice and average HD95, but the model still lags

behind state of the art methods in segmentation.

Table 4.13: Segmentation comparison with existing methods. Higher Dice is better, and
lower HD95 is better.

Dice 1 HD95 |
Method
ET WT TC Avg. ET WT TC Avg.
3D U-Net 0.804 0.873 0.816 0.831 6.11 10.51 893 8.17
nnU-Net 0.822 0.875 0.826 0.841 4.27 1190 852 823
swin UNETR 0.810 0.895 0.808 0.838 595 823 7.03 7.07
TextBraTS 0.833 0.899 0.828 0.853 4.58 5.48 5.34 5.13

Proposed Work: RA  0.7692 0.8891 0.7882 0.8140 543 752 7.55 6.32
Proposed Work: JR  0.7683 0.8902 0.7932 0.8160 5.22 7.66 7.28 6.21

Legend: RA = Report Alignment; JR = Joint Refinement.

Report-generation-only baseline :

For report generation, we compare proposed method with Med3DVLM [5], MedGemma [6],
and Brain3D [20]. MedGemma [6] supports 2D image inputs; therefore, for this base-
line, we uniformly sample 64 axial slices of size (128 x 128) from the FLAIR modality for
report generation. This baseline allows us to study the effect of slice-based MRI report
generation compared with proposed 3D volume-based report generation framework. For
Med3DVLM [5] and Brain3D [20], we use the (128 x 128 x 128) FLAIR volume as input,
since the released baseline pipelines do not natively support the same four-channel BraTS
input format used by the proposed model, which consists of T1, T1C, T2, and FLAIR.
Therefore, FLAIR is used as the common input modality for the external VLM baselines

to ensure input-format compatibility.

Furthermore, we use the following prompt for MedGemma [6] and Med3DVLM |[5] during
report generation: Generate a radiology report for this brain MRI FLAIR scan. Focus
only on tumor-related findings. Describe laterality, anatomical location, edema, necrosis,

enhancement if visible, and mass effect.

The proposed model clearly outperforms all external baselines. Joint Refinement (JR)
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gives the best overall report-generation performance, achieving the highest BLEU-1,
BLEU-4, ROUGE-1, ROUGE-2, METEOR, BERT-F1, and CIDEr. Report Alignment
(RA) gives the best ROUGE-L and slightly better anatomy F1. Clinically, both RA and
JR are much stronger than the other three models, especially for laterality and anatomy

grounding.

Table 4.14: Report-generation metric comparison on the tumor-only TextBraTS test set.
RA denotes Report Alignment, and JR denotes Joint Refinement. Higher values indicate
better performance.

Model BLEU-I BLEU-4 ROUGE-1 ROUGE-2 ROUGE-L METEOR BERT-F1 CIDEr
Med3DVIM 01192 0.0096  0.2500 0.0552 0.1769 0.1153  0.8540  0.0009
MedGemma 0.2631  0.0378  0.3314 0.0907 0.2123 01789 0.8524  0.0161
Brain3D 03264 0.0949  0.4409 0.1626 0.2823 0.2588  0.8928  0.0742
Proposed work: RA

roposed wor 0.4785  0.1866  0.6455 0.3428 0.4972 03763  0.9223  0.1390
(FLAIR-only)

Proposed work: JR

roposed wor 05015 01932  0.6457 0.3462 0.4785 0.3815 0.9190  0.1533

(FLAIR-only)
Proposed work: RA  0.4875 0.1971 0.6423 0.3484 0.5017 0.3795 0.9217 0.1434
Proposed work: JR  0.5163 0.2038 0.6532 0.3505 0.4833 0.4020 0.9226 0.1450

Table 4.15: Clinical entity-level metric comparison on the tumor-only TextBraT$S test
set. RA denotes Report Alignment, and JR denotes Joint Refinement. Higher values
indicate better performance.

Model Laterality F1 Anatomy F1 Pathology F1
Med3DVLM 0.2771 0.3335 0.2756
MedGemma 0.3118 0.4261 0.2082
Brain3D 0.5789 0.5537 0.9471
Proposed work: RA (FLAIR-only) 0.8100 0.7457 0.9976
Proposed work: JR (FLAIR-only) 0.8190 0.7544 0.9945
Proposed work: RA 0.8136 0.7607 0.9976
Proposed work: JR 0.8459 0.7539 0.9976

RA denotes Report Alignment, and JR denotes Joint Refinement. The best value in each

column is shown in bold.
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Proposed Model TextBraTS

Whole Tumor (WT) | Best slice z=087
Green=GT only, Red=Prediction only, Yellow=0Overlap

Whole Tumor (WT) | Slice z=087
Green=GT only, Red=Prediction only, Yellow=Overlap

Tumor Core (TC) | Best slice z=080 Tumor Core (TC) | Slice z=080
Green=GT only, Red=Prediction only, Yellow=0Overlap Green=GT only, Red=Prediction only, Yellow=Overlap

Enhancing Tumor (ET) | Best slice z=088
Green=GT only, Red=Prediction only, Yellow=0verlap

Enhancing Tumor (ET) | Slice z=088
Green=GT only, Red=Prediction only, Yellow=Overlap

Figure 4.1: Comparison between the proposed model and TextBraTS model. The left
column shows the output of the proposed model, while the right column shows the cor-
responding TextBraTS output. False-positive regions are shown in red, false-negative
regions in green, and true-positive regions in yellow.
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Table 4.16: Qualitative comparison of generated reports for the case shown in Figure 4.1

Qualitative Comparison of Generated Reports

Ground The lesion area is in the left frontal lobe and partially in the pari-
Truth: etal lobe, characterized by mixed signals of varying intensity and
spotty high signal areas. Edema is distributed in the left temporal
and parietal lobes, extending from the left frontoparietal region to
the left temporal lobe, covering a large area. Necrosis is in the
central region of the lesion, particularly in the left parietal lobe,
with low signal intensity and some high signal spots. Ventricular
compression is observed as the left lateral ventricle is compressed
and deformed.

Proposed The lesion area is in the left frontal and parietal lobes with a mix-

Model: ture of heterogeneous high and low signals, with spotty high signal
areas suggesting multiple lesions. Edema is significant, surround-
ing the lesion areas, particularly in the left frontal and parietal
lobes, and covers a large area of heterogeneous signal intensity, in-
dicating significant swelling in the tissue surrounding the lesions.
Necrosis is suggested by mixed high and low signal areas, with
concentrated signals in certain regions, and some areas show ex-
tremely low signals, indicating possible tissue necrosis. Ventricular
compression is observed with the left lateral ventricle compressed
and deformed, showing slight compression.

Brain3D: The lesion area is in the left frontal lobe with mixed high and low
signals, including patchy areas of uneven signal intensity. Edema
is significant around these lesions, mainly concentrated near the
edges but also extending to surrounding tissues like parts of the
temporal lobes as well. Necrosis may be present within some re-
gions characterized by very dark images or a lack of discernible
tissue structures due to severe destruction of normal brain matter
at certain points where necrosis might occur. Ventricular compres-
sion occurs on both sides from pressure caused by edema; it shows
signs of deformation compared to adjacent ventricles that are rel-
atively unchanged.

Med3DVLM: | The mass effect appears in the image. It is a right-sided lesion
located in the anatomical location of the temporal lobe. The mass
effect is due to an enhancing tumor. Edema is present. The en-
hancement is enhancing. The anatomical location is an anatomical
location in the right hemisphere. The lateralization is right.

MedGemma: | FINDINGS: There is a heterogeneously enhancing mass in the left
frontal lobe measuring 2.8 x 2.5 x 2.3 cm. There is associated va-
sogenic edema in the left frontal lobe. There is no significant mass
effect on the adjacent brain parenchyma. There is no midline shift.
There is no evidence of hemorrhage. There is no hydrocephalus.
IMPRESSION: Left frontal lobe enhancing mass with vasogenic
edema.
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Proposed Model TextBraTS

Whole Tumor (WT) | Best slice z=065
Green=GT only, Red=Prediction only, Yellow=0Overlap

Whole Tumor (WT) | Slice z=065
Green=GT only, Red=Prediction only, Yellow=Overlap

Tumor Core (TC) | Best slice z=064 Tumor Core (TC) | Slice z=064
Green=GT only, Red=Prediction only, Yellow=0Overlap Green=GT only, Red=Prediction only, Yellow=Overlap

Enhancing Tumor (ET) | Best slice z=062
Green=GT only, Red=Prediction only, Yellow=0verlap

Enhancing Tumor (ET) | Slice z=062
Green=GT only, Red=Prediction only, Yellow=Overlap

Figure 4.2: Comparison between the proposed model and TextBraTS model. The left
column shows the output of the proposed model, while the right column shows the cor-
responding TextBraTS output. False-positive regions are shown in red, false-negative
regions in green, and true-positive regions in yellow.
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Table 4.17: Qualitative comparison of generated reports for the case shown in Figure 4.2

Qualitative Comparison of Generated Reports

Ground Truth: | The lesion area is in the right frontal and occipital lobes with mixed
signals of varying intensities and speckled high-signal areas. Edema ap-
pears as significant high signals, suggesting prominent edema mainly
concentrated in the right occipital lobe, extending widely and encom-
passing most of the surrounding tissue of the lesion areas. Necrosis
appears as low-signal areas observed in the right frontal and occipital
lobes, with necrotic areas scattered among the high-signal lesion re-
gions and relatively concentrated in the core of the lesions. Ventricular
compression is observed, with some ventricles compressed and slightly
deformed, although no significant ventricular obstruction is observed.

Proposed The lesion area is in the right frontal and parietal lobes with a mixture

Model: of heterogeneous high and low signals, along with speckled high-signal
areas. Edema is significant, primarily observed in the right frontal and
parietal lobes, with surrounding tissue swelling that could compress the
nearby normal brain tissue. Necrosis appears as low-signal areas, sug-
gesting possible necrosis primarily concentrated in the right frontal and
parietal lobes. The necrotic areas are relatively concentrated and mainly
appear as mixed signals. Ventricular compression is observed, particu-
larly in the right lateral ventricle, which is compressed and deformed,
indicating a significant compressive effect of the lesions on the brain
tissue and ventricles.

Brain3D: The lesion area is in the right frontal lobe and part of the parietal region
with a mixture of heterogeneous high-signal areas along with speckled
regions. KEdema mainly appears as uniform high signals, indicating sig-
nificant swelling around parts of these lesions. It covers most of the
affected brain tissue outside normal structures but does not show any
clear demarcation from surrounding healthy tissues or distinct bound-
aries between different edema zones. Necrosis appears primarily within
low-signal mixed patches that are scattered throughout some higher-
signal necrotic sections, suggesting uneven distribution concentrated at
deeper levels rather than being uniformly distributed across all necrosis
sites. Ventricular compression occurs due to pressure exerted on the
ventricular systems, showing slight deformation while maintaining rela-
tively stable shapes without obvious signs of severe obstruction.

Med3DVLM: No other abnormalities were found.

MedGemma: FINDINGS: There is a large, lobulated, heterogeneously enhancing
mass centered in the right frontal lobe, extending into the right temporal
lobe and right parietal lobe. The mass is associated with significant
vasogenic edema in the right frontal, temporal, and parietal lobes. There
is no significant mass effect on the adjacent brain parenchyma. There is
no midline shift. There is no evidence of hemorrhage. IMPRESSION:
Large, enhancing mass in the right frontal lobe with significant vasogenic
edema.
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Proposed Model TextBraTS

Whole Tumor (WT) | Best slice z=074
Green=GT only, Red=Prediction only, Yellow=0Overlap

Whole Tumor (WT) | Slice z=074
Green=GT only, Red=Prediction only, Yellow=Overlap

Tumor Core (TC) | Best slice z=071 Tumor Core (TC) | Slice z=071
Green=GT only, Red=Prediction only, Yellow=0Overlap Green=GT only, Red=Prediction only, Yellow=Overlap

Enhancing Tumor (ET) | Best slice z=071 Enhancing Tumor (ET) | Slice z=071
Green=GT only, Red=Prediction only, Yellow=0verlap Green=GT only, Red=Prediction only, Yellow=Overlap

Figure 4.3: Comparison between the proposed model and TextBraTS model. The left
column shows the output of the proposed model, while the right column shows the cor-
responding TextBraTS output. False-positive regions are shown in red, false-negative
regions in green, and true-positive regions in yellow.
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Table 4.18: Qualitative comparison of generated reports for the case shown in Figure 4.3

Qualitative Comparison of Generated Reports

Ground Truth: | The lesion area is in the left frontal and parietal lobes with heteroge-
neous signal intensities, displaying both high and low signal areas, along
with speckled high-signal regions. Edema is evident around the lesions
in the left frontal and parietal lobes, primarily observed around the
high-signal lesions, indicating the extent of tissue swelling and edema.
Necrosis is mainly concentrated in the left parietal region, character-
ized by low signal intensity, with some areas showing mixed signals and
varying degrees of tissue necrosis. Ventricular compression is observed
with the right lateral ventricle slightly compressed, and the shape of the
left lateral ventricle somewhat altered.

Proposed The lesion area is in the left frontal and parietal lobes with mixed high

Model: and low signals with patchy high-signal areas. Edema is significant, pri-
marily observed in the left frontal and parietal lobes, with high-signal
areas indicating swelling in the tissues surrounding the lesion and af-
fecting a large area of brain tissue. Necrosis is observed as low-signal
areas within the lesion regions, mainly concentrated in the left frontal
and parietal lobes, with mixed high-signal regions indicating necrosis.
These necrotic areas are relatively dispersed and adjacent to edema ar-
eas. Ventricular compression is observed, with the left lateral ventricle
compressed and deformed, showing slight compression.

Brain3D: The lesion area is in the right frontal lobe with heterogeneous mixed
high and low signals, including patchy areas of high signal. Edema is
significant around the lesion and is mainly concentrated on the periph-
eral region surrounding it, appearing as a large extent of abnormal signal
outside the main lesion zone. Necrosis may be present within some very
dark or low-intensity regions compared to adjacent edema-affected white
matter, appearing more scattered than the necrotic regions described in
the ground truth. Ventricular compression occurs at both ventricles un-
der pressure from swelling near the ventricular system, although obvious
deformation is not clearly described.

Med3DVLM: No other pathology is visible. The mass lesion is again observed in the
left temporal lobe, hypodense with no enhancement, measuring 6.0 x
5.0 x 4.2 cm. The mass demonstrates mild heterogeneous enhancement
in the right lateral wall measuring 10 mm thick; however, no extra-axial
extension is seen and no acute intracranial hemorrhage is present. There
is no edema or necrosis identified.

MedGemma: FINDINGS: There is a large, heterogeneously enhancing mass cen-
tered in the right frontal lobe, extending into the right temporal lobe and
involving the right lateral ventricle. There is significant vasogenic edema
surrounding the mass. There is no midline shift or herniation. There
is no evidence of intracranial hemorrhage. IMPRESSION: Large, en-
hancing mass in the right frontal/temporal lobes with significant vaso-
genic edema.
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Proposed Model TextBraTS

Whole Tumor (WT) | Best slice z=071
Green=GT only, Red=Prediction only, Yellow=0Overlap

Whole Tumor (WT) | Slice z=071
Green=GT only, Red=Prediction only, Yellow=Overlap

Tumor Core (TC) | Best slice z=064 Tumor Core (TC) | Slice z=064
Green=GT only, Red=Prediction only, Yellow=0Overlap Green=GT only, Red=Prediction only, Yellow=Overlap

Enhancing Tumor (ET) | Best slice z=051 Enhancing Tumor (ET) | Slice z=051
Green=GT only, Red=Prediction only, Yellow=0verlap Green=GT only, Red=Prediction only, Yellow=Overlap

Figure 4.4: Comparison between the proposed model and TextBraTS model. The left
column shows the output of the proposed model, while the right column shows the cor-
responding TextBraTS output. False-positive regions are shown in red, false-negative
regions in green, and true-positive regions in yellow.
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Table 4.19: Qualitative comparison of generated reports for the case shown in Figure 4.4

Qualitative Comparison of Generated Reports

Ground Truth: | The lesion area is in the left frontal and parietal lobes with a mixture of
high and low signal spots with patchy high signals. Edema is significant,
observed around the lesion areas in the left frontal and parietal lobes,
especially within and surrounding the lesions, characterized by high-
intensity signals. Necrosis is observed as low-signal areas interspersed
within the high-signal regions, particularly in the central portion of the
lesions with a mixture of high and low signals. Ventricular compression

is mild.
Proposed The lesion area is in the left frontal and parietal lobes with a mixture of
Model: heterogeneous high and low signals, with some areas showing speckled

high signals. Edema is significant, surrounding the lesion areas in the
left frontal and parietal lobes, with marked swelling of the tissues around
these regions and a considerable extent of edema. Necrosis is present
within the lesion areas, with regions within the left frontal and parietal
lobes displaying low signal intensity, suggesting possible necrotic tissue.
These necrotic areas are relatively concentrated. Ventricular compres-
sion is observed, with the left lateral ventricle being compressed and
deformed.

Brain3D: The lesion area is in the right frontal lobe with mixed high and low
signals, along with speckled areas of uneven signal intensity. KEdema
surrounding the lesion is mainly concentrated around these regions and
shows significant swelling affecting parts of the white matter tissue at
the edge of a large region. Necrosis is described as scattered necrotic
foci that are relatively isolated from each other, appearing mostly as
irregular patches interspersed among healthy tissue sections rather than
forming extensive contiguous zones.

Med3DVLM: The mass is right-sided and located in the frontal lobe. There is no
edema or necrosis. The lesion enhances heterogeneously and causes
mass effect with midline shift to the left.

MedGemma: FINDINGS: There is a large, heterogeneously enhancing mass cen-
tered in the right frontal lobe, extending into the right temporal lobe
and right parietal lobe. The mass is associated with significant vaso-
genic edema in the right frontal, temporal, and parietal lobes. There
is no significant mass effect on the adjacent brain parenchyma. There
is no midline shift or hydrocephalus. IMPRESSION: Large, hetero-
geneously enhancing mass in the right frontal/temporal/parietal lobes
with vasogenic edema.
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Chapter 5
Conclusion and Further Work

In this work, we proposed a unified 3D vision-language framework for simultaneous brain

tumor segmentation and radiology report generation from multi-modal MRI volumes.

The experimental results show that the proposed model is effective for both segmentation
and report generation. While the model was unable to beat the state of the art methods,
it still achieves strong segmentation performance, with a mean Dice score of 81.60% and
an HD95 of 6.21.

For report generation, it achieves a BERTScore-F1 of 0.9226, clinical laterality F1 of
0.8459, clinical anatomy F1 of 0.7539, and clinical pathology F1 of 0.9976, indicating
that the model can generate clinically meaningful reports while accurately localizing
tumor regions and producing textual descriptions that are consistent with the segmented
tumor areas. Moreover, through the ablation studies, we also showed that the presence of
laterality and anatomy heads, geometry extraction and anatomical queries improve the
laterality and anatomy F'1 allowing the model to accurately locate the tumor position for

report generation.

Further, we proposed a basic iterative model that allows the two tasks to learn from each
other, once initial segmentation and report generation has been done. This allowed the
model to improve the initial segmentation and report by leveraging the knowledge of each
other.
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Proposed Model TextBraTS

Whole Tumor (WT) | Best slice z=096 Whole Tumor (WT) | Slice z=096
Green=GT only, Red=Prediction only, Yellow=0Overlap Green=GT only, Red=Prediction only, Yellow=Overlap

Tumor Core (TC) | Best slice z=096 Tumor Core (TC) | Slice z=096
Green=GT only, Red=Prediction only, Yellow=0Overlap Green=GT only, Red=Prediction only, Yellow=Overlap

Enhancing Tumor (ET) | Best slice z=098 Enhancing Tumor (ET) | Slice z=098
Green=GT only, Red=Prediction only, Yellow=0verlap Green=GT only, Red=Prediction only, Yellow=Overlap

Figure 5.1: Comparison between the proposed model and TextBraTS model for a failed
case. False-positive regions are shown in red, false-negative regions in green, and true-
positive regions in yellow. Although the WT region segmentation is reasonably good, the
TC segmentation contains many false positives, leading to a low TC Dice score.
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Further Work

We are mainly looking forward to working in three directions :

1. The BraTS2020 dataset mainly contains glioma brain tumor cases. In future, we
may add further brain tumor cases such as meningioma and pituitary tumors, allowing
the report generation framework to identify and describe a wider range of brain tumor
types. This would help improve the generalization of the model across different tumor

appearances, anatomical locations, and clinical presentations.

2. Although the proposed model achieves promising report generation performance, its
segmentation performance is still lower than state-of-the-art segmentation models, with
a lower mean Dice score and a higher HD95 value. As shown in Figure 5.1, the TC
segmentation may contain false positives, leading to a lower mean Dice score. Future
work will involve investigating the factors responsible for this performance gap, such as
limitations in the refinement strategy, loss formulation, input resolution, and training
configuration. Furthermore, instead of using a simple cross-attention-based refinement
module, we plan to explore region-based attention mechanisms, where the generated text
attends separately to tokens corresponding to different tumor regions. The region-wise
attended features can then be merged and used to refine the bottleneck representation,

potentially improving the interaction between segmentation and report generation.

3. Although the current iterative refinement module shows promise, it can be further
improved by adding a consistency-checking mechanism, either as a neural network module
or as an additional loss function. This mechanism would measure the alignment between
the generated text report and the segmentation output. Incorporating such a consistency
constraint may lead to better refinement and improved agreement between the visual and

textual outputs.
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