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Abstract. Generative models for volumetric medical images have found
many applications in medical imaging, ranging from data augmentation
to serving as priors for inverse problems. For these applications, generat-
ing high-resolution 3D images with strong controllability is essential but
remains highly challenging. Existing approaches typically control gener-
ation either through radiology reports used as text prompts or through
full image segmentation. While text-based prompting is flexible, it pro-
vides limited spatial control over the location, shape, and boundary of
abnormalities. In contrast, segmentation-based methods receive precise
spatial guidance but are restrictive in requiring full-organ annotations.
In this work, we propose MedSynV?2, a flexible multimodal framework for
controllable volumetric image generation that supports input from radi-
ology reports and segmentation prompts (both optional). Our approach
allows users to provide segmentation of a specific anatomy or abnormality
without requiring full-organ annotations. The semantic meaning of the
segmentation mask is specified through an accompanying text descrip-
tion, resulting in a highly flexible and scalable conditioning mechanism.
We develop a memory-efficient architecture based on a modified diffusion
transformer that jointly processes image and segmentation tokens. The
model further incorporates gated attention to effectively attend to long
radiology reports. Experiments demonstrate that our method achieves
state-of-the-art perceptual and semantic scores (e.g., ~ 24% relative im-
provement in mean FID), generates high-resolution anatomically consis-
tent CT volumes, and improves data efficiency when used for data aug-
mentation. Radiologists’ evaluation further confirms strong alignment
between generated and real medical images. We also explore the ability
of the model to generalize towards concepts beyond training data. Code
will be released at https: // github. com/batmanlab/MedSynV2.

1 Introduction

Generative models play an important role in medical imaging. They enable
privacy-preserving data augmentation [12|, serve as building blocks for model
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explanation [17|, provide strong priors for solving inverse problems |6/, and
support the training of radiologist residents [26|. For these applications, con-
trolling the generation process is essential, as the semantic properties of the
synthetic image must be specified explicitly. Most existing approaches control
generation using radiology reports as textual prompts [1]/9}/12}/211/25}37}[42].
However, radiology reports provide limited control over spatial attributes, e.g.
they cannot precisely specify the shape of a nodule or the precise size of opacity.
Such problems can be mitigated by segmentation masks, which clearly define
boundaries of pathologies and anatomies. Thus other methods use masks for
synthesis |7}{10,/13}/15| 1642836144, 46|, yet they require full annotations on all
organs which is expensive. This paper proposes a flexible and scalable multi-
modal framework that controls high-resolution volumetric CT synthesis using
either radiology reports or segmentation masks, or a combination of both, where
the user specifies semantic meaning of the segmentation.

Currently, there are two main ways to control volumetric radiology image
generation: using radiology reports as prompts [1,(91/12,21,/25}37}42| or using
segmentation masks as spatial inputs |7},10}/13|/15,/16}/28} 36|44, 46]. Radiology
reports contain rich clinical information describing observed abnormalities. How-
ever, these descriptions are always written in approximate terms. Text itself
cannot precisely specify the location, shape, or boundary of an abnormality, al-
though such details may carry important clinical value. Segmentation masks,
on the other hand, alleviate the burden by defining clear spatial descriptions,
helpful in defining sizes of abnormalities. Methods that condition generation on
segmentation masks address this limitation by providing explicit spatial infor-
mation, where anatomical structures and lesion boundaries are defined precisely.
However, current state-of-the-art approaches typically require full segmentation
covering all organs and abnormalities in the volume (e.g., 117 classes in [44]).
As a result, they are often limited to a small set of abnormality labels defined
during training. Moreover, these approaches impose a heavy burden at inference
time, as full-organ segmentation is required before generation. They also reduce
the diversity of the generated images, since all organs and abnormalities must
be predefined. Importantly, segmentation and radiology reports provide comple-
mentary information and should be ideally used together. Our goal therefore is
to develop a method that combines the strengths of both modalities, enabling
precise control while remaining flexible and scalable.

A desirable method should be fiexible, allowing users to provide segmentation
of one specific abnormality or anatomy without requiring full-organ annotations.
In addition, the semantic meaning of the segmentation prompt should be defined
explicitly and flexibly, since a mask may represent different concepts such as a
lung nodule, heart boundaries, or mask of pleural effusion, etc. This design in-
creases the diversity of the generated images, as the model retains more degrees
of freedom compared to approaches that rely on full segmentation where all
boundaries are predefined. Our architecture builds on a modified diffusion trans-
former (DiT) [29]. We tokenize both the image and the segmentation mask, when
available, with a fine-tuned video tokenization method. This design is memory
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efficient for high-resolution CT generation, as image and segmentation tokens are
processed jointly without increasing the number of tokens, incurring negligible
additional memory cost. To better handle long radiology reports, we incorporate
gated attention 32| to ensure the model attends to all text tokens. The seman-
tic meaning of the segmentation prompt is provided as optional text appended
to the radiology report, enabling scalable conditioning where new abnormalities
can be introduced through fine-tuning or even in a zero-shot setting.

This work makes three contributions. (1) We develop MedSynV2, a frame-
work where users can optionally provide a radiology report or a segmentation of
an abnormality, or both to control image generation, resulting in a highly versa-
tile generative model. (2) We propose an architecture that attends to long text
prompts and segmentation while generating high-resolution radiology images on
modest GPU resources. (3) Our method achieves state-of-the-art perceptual and
semantic scores. We further show that the generated images exhibit high anatom-
ical fidelity, improve data efficiency when used for data augmentation, and align
well with real medical images according to evaluation by two radiologists.

2 Related Work

Text-to-Image Lung CT Generation. Generating high-resolution 3D med-
ical images is computationally expensive due to the large spatial dimensions of
volumetric data. CTFlow |37| mitigates this challenge by leveraging 2D back-
bones to generate slices and auto-regressively assemble them into volumes. While
this design reduces training memory requirements, it often leads to long inference
times and anatomical inconsistencies across orthogonal planes. GenerateCT [12]
and MedSyn 42| address memory limitations using multi-resolution generation
strategies. However, these approaches synthesize images directly in the voxel
domain, which becomes computationally expensive when extending to high-
resolution volumetric images. More recent methods, including Text2CT |[25],
T2CT |9/, and Report2CT [1], adopt latent diffusion models (LDM) |33|, which
are more computationally scalable. Despite this improvement, these models rely
solely on textual prompts and therefore inherit the limitations of text-only con-
trol, such as limited ability to specify the precise size, shape, or spatial extent of
anatomical structures and abnormalities. Such drawbacks can be mitigated via
segmentation masks as they absorb more abundant spatial information.

Segmentation-to-Image Lung CT Generation. Using semantic segmenta-
tion masks as prompts provides an alternative approach for controlling image
generation. SemGen |46/, mDDPM |16/, and MedGen3D [13| generate CT im-
ages conditioned on segmentation masks using 2D backbones. However, similar
to text-based methods built on 2D architectures, these approaches inherit limi-
tations when generating consistent volumetric structures. LungDDPM [15] and
LAND |[28] instead adopt 3D backbones, but they focus on inpainting local ab-
normalities such as lung nodules in existing scans rather than synthesizing full
CT volumes. Med-DDPM [7| generates full volumes conditioned on paired im-
ages and semantic masks in the form of image-to-image style transfer. However,
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requiring a full volumetric mask as input limits the flexibility and applicability
of the method for downstream tasks, since the model cannot generate complete
images without training with corresponding masks. MAISIs |10{44] and 3D Med-
Diffusion (36| attempt to alleviate this limitation by first training unconditional
volumetric generators and then fine-tuning them using ControlNet 43| to accept
segmentation masks as conditions. Nevertheless, these methods still require full
segmentation masks covering all organs in the field of view. It reduces the diver-
sity of the generated images and limits the model accepting segmentation labels
only defined during fine-tuning, requiring retraining when new mask types are
introduced. Joint mask and image generation approaches (SimGen |[2|, CoSim-
Gen |4]) fail to accept single mask condition, still pre-define full segmentation
masks, therefore fail to address the flexible control problem. Importantly, none of
these segmentation-based approaches incorporates radiology reports as prompts,
even though textual reports provide complementary clinical information beyond
spatial annotations. Recent joint-modality approaches (DGM [41], Trace |35|)
attempt to combine text and segmentation prompts, but similar to MAISIs they
require full segmentation masks defining all organs, which limits flexibility in
practical clinical scenarios.

3 Method

Overview. Our goal is to develop a controllable framework for 3D CT synthesis
that uses both long-form radiology reports and segmentation masks as prompts.
The model should have the following capabilities: (1) A user should be able to
control the image generation with either a radiology report, or a segmentation
mask, or both. (2) The user can define the semantic meaning of a segmentation
mask with extra text appended to the radiology prompt, where both prompts
are optional. (3) The model jointly attends to spatial and semantic conditions
while preserving high-fidelity anatomical details in high-resolution volumes. We
address these requirements via a rectified flow formulation [20]| operating on la-
tent tokens, where a diffusion transformer (DiT) |29] predicts the final clean
latent state (i.e., xo prediction) from noisy inputs. This setting introduces sev-
eral challenges: (a) generating volumetric images is highly memory demanding,
(b) radiology reports are long and standard architectures often focus on early
tokens [32], and (c) segmentation masks do not have fixed semantics and the
user should be able to define the meaning of the mask prompt. To address these
issues, we introduce a compound prompting strategy that explicitly encodes
mask semantics as a textual description together with the radiology report. We
further address (a) through a unified tokenization scheme adapted from video
tokenization (OSP [19]), which treats images and segmentations in the same la-
tent space. We further address (b) by adopting gated attention |32| to improve
reasoning over long and complex text prompts (Ablation in Supp. [7.5). Finally,
for (c) we modify the DiT architecture to jointly reason over segmentation and
report conditioning while improving spatial consistency and anatomical fidelity
in generated volumes. Fig.[1|shows the schematic of our model architecture.
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Fig.1: Overview of MedSynV2. (a.) Our Encoder-Decoder utilizes OSP trained
on CT-Rate images, while we inference on both xg and xm. (b.) We inject compound
text embeddings (cm, optional CT) into text-aware DiT Block with multi-head cross-
attention. The paired segmentation latent z, and noisy image latent z; are patchified
together in early stages to learn a clean image latent zo. A light-weighted Depth sepa-
rable convolution layer (Depth-Sep-Conv) is appended after each Block for maintaining
inter-token feature consistency.
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3.1 Data Preparation and Image Tokenization

Our framework follows a latent diffusion formulation and therefore requires a to-
kenization strategy that preserves anatomical fidelity while efficiently handling
volumetric data. Let Enc(-) denote the encoder used to tokenize volumetric in-
puts into latent representations. We denote a CT image volume by x and its
corresponding segmentation mask by m. Prior to tokenization, all CT volumes
are affinely registered to a common template such that the initial and termi-
nal slices approximately correspond to the same anatomical regions. This align-
ment reduces inter-subject spatial variance and stabilizes token learning. Given
the aligned volumes, we interpret each 3D CT scan as videos alongside axial
axis |9], and adopt a video tokenization paradigm. Among several alternatives,
we fine-tune the Open-Sora [30(45] tokenizer on CT images to obtain compact
yet high-fidelity latent representations (reconstruction analysis in Supp. .

The image tokens are defined as zy = Enc(x) € R(aXmnxnw)xne “where
ng, nn, and n, denote the number of tokens along depth, height, and width,
respectively, and n,. is the latent channel dimension. Following prior work [3§],
the tokenizer is fine-tuned using images only and is not trained on segmentation
masks. During inference, however, the same encoder is applied to segmentation
masks to obtain zp, = Enc(m) € R(aXmnxnw)xne  This unified tokenization
strategy compresses both images and segmentations within a shared latent space,
allowing the diffusion model to process spatial and anatomical conditions in a
consistent manner.

3.2 Proposed Architecture

Patchification and Compound Prompting. Given a noisy version of the
tokenized image z; at time ¢ and a clean segmentation representation z,,, we
perform early fusion by concatenating them along the channel dimension. The
fused latent representation is converted into transformer tokens through the
patchification operator in Fig. [1| illustrating:

h, = Patchify([z;; Zm]), (1)

where [-; -] denotes channel concatenation and h; denotes the sequence of latent
tokens processed by the DiT throughout the remainder of the paper.

Segmentation masks may correspond to different anatomical or pathological
concepts. To explicitly specify mask semantics, we introduce a compound text
prompt noted Ciext. A semantic pre-prompt describing the mask identity cp
is concatenated before the optional radiology report c,. When segmentation is
absent, the pre-prompt is replaced with a sentence indicating an empty condi-
tion (‘“no image segmentation is provided’’). This design enables optional
conditioning while preserving consistent text structure.

Modified DiT Block. Our architecture builds upon the diffusion transformer
(DiT) 29| but introduces several modifications to satisfy controllability and
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anatomical fidelity requirements. First, to incorporate token-level textual condi-
tioning, we introduce a multi-head cross-attention (MHCA) module to DiT that
attends image tokens to compound text tokens. Adaptive layer normalization
(AdaLN) is applied before and after MHCA to modulate features using timestep
embeddings. Second, to stabilize learning and improve anatomical fidelity, we
introduce a depthwise separable convolution after each transformer block, en-
forcing local spatial consistency between neighboring tokens. Third, to improve
reasoning over long radiology reports and compound text, gated attention |32]
is incorporated in every layer. Ablation studies in Supp. further prove the
efficacy of each component in the aforementioned modifications.

Nlustrated in Fig. [1| let h? denote tokens at layer j and ciext denote com-
pound text tokens, our modified DiT block is summarized as:

Qh = th}?? Kh = Ctextwfv Vh = CtextW}‘l/u Gh - hjwfa

~ KT
Ay, =0(Gp) O SoftmaX(Q\}/Ld_hh ) Vi,

w’ = AdaLN(MHCA (b, ciext)) + b7,
v/ = AdaLN(FFN(w’)) + v/,
h/ ! = Conv(h?) 4 v/,

where the Conv(-) in the last line involves a spatial and channel-wise convolution
to enhance inter-patch consistency as shown in Fig. |1| (ablation in Supp. .
For intra-patch learning, we adopt gated attention to multi-head self-attention

(MHSA) block as well. After all blocks are finished, We perform the unpatchify
operation i.e., Zg = UnPatchify(hJ ), on which we apply our loss function.

3.3 Training and Inference Procedure

We train the model using conditional rectified flow |20|22| in the latent token
space following the x-prediction formulation of |18|. Let zy denote clean latent
tokens obtained from the tokenizer and € ~ AN(0,I) denote Gaussian noise. A
noisy sample is constructed using linear interpolation:

zy = (1 —t)zo + te, t €[0,1]. (3)

Our network directly predicts the clean latent tokens zg = fy(z4,t,c), where
c includes ¢y, (¢;), Zm. Thus velocity prediction and conditional flow matching
objective are computed as:
Zg — Z¢

Zg — 7y
vg(z¢, 1, ¢) := 0_1 '’ L=E;ze {Hve(zt,t, c) — 0_¢ Hg}» (4)

which corresponds to z-prediction with v-loss as described in |18]. Directly pre-
dicting clean latent tokens encourages learning on the data manifold and im-
proves anatomical fidelity.
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Conditioning Randomization. During training, conditioning modalities are ran-
domized within each batch to encourage robustness. Samples may include (i)
radiology report only (i.e., ¢y, = ), (ii) segmentation mask with semantic de-
scription only (i.e., ¢, = 0), (iii) both prompts, or (iv) neither prompt. This
strategy enables the model to operate under arbitrary prompt availability dur-
ing inference. We set segmentation tokens to zeros (z,, = 0) when segmentation
masks are absent.

Inference. Given the learned velocity field vy, generation is performed by solving
the ordinary differential equation (ODE):

d
% = ’U@(Zt,t,C>, (5)
starting from z; ~ A(0,I) and integrating to ¢ = 0. We use a Dormand-Prince
solver with a fixed 50 steps to solve the ODE. After the last step of denoising,
we pass the denoised zy to our decoder to obtain the image, i.e., X = Dec(2g).

4 Experiments

We conduct experiments to show flexibility, controllability, scalability and
diversity of our model. We compare our method with recent open-source SOTA
methods with publicly available weights, including GenerateCT [12|, MedSyn [42],
and Text2CT |25| (top candidate in VLM3D Challenge [11]). We compare results
in text-only, mask-only, and joint-modality settings to show flexibility and con-
trollability, different random seeds to show diversity, and two downstream tasks
to show scalability. Moreover, we provide radiologists’ assessment to present close
alignment of our results with real images. (Ablation study in Supp. |7.4)

4.1 Dataset

We perform our training and validation on the CT-Rate dataset |11], a large
public chest CT dataset consisting of 25,692 pairs of CT images and radiology
reports, with the corresponding 18 abnormality labels. We follow their official
train-validation setting. We follow MedSyn (42| and affine-register all CT im-
ages, with a fixed pixel spacing 0.7 x 0.7 x 0.7 followed by padding or cropping
to a fixed size 448 x 448 x 448. Hounsfield Unit (HU) intensities are clipped
to [—1024,1024] and normalized to [—1,1] for stabilized training |25|. CT-Rate
does not contain corresponding segmentation masks, thus we leverage multiple
state-of-the-art models for anatomical and pathological masks. We include four
anatomy and five abnormality masks: lung lobes (lungmask [14]), airways (To-
talSegmentator |39|), vessels ( |31]), heart (TotalSegmentator |39|); consolidation
(MedPSeg |5]), ground glass opacity (MedPSeg |5]), pericardial effusion ( |40]),
pleural effusion ( [34]) and lung nodules (TotalSegmentator [39]).
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Table 1: FID| on different CT windows with reports only. We use different
intensity windows used by radiologists to increase contrast for different organs: ([Level,
Width]= Lung: [-600, 1500], Vessel: [100, 700], Soft Tissue: [50, 350], Bone: [300, 2000])
when comparing FID scores. (best bold, second underlined) Our method performs best
over all windows on almost all axes. (XY: Axial, YZ: Sagittal, ZX: Coronal)

Lung Vessel Soft Tissue Bone
Model XY} YZ| ZX] Mean| XY| YZ| ZX] Mean| XY| YZ| ZX| Mean] XY| YZ] ZX| Mean]
GenerateCT [12] 7.03 14.07 21.71 14.27 4.78 11.77 14.57 10.37 6.49 13.89 17.25 12.54 4.57 9.20 12.35 8.71
MedSyn [42] 9.37 14.27 14.84 12.83 13.59 16.33 17.24 15.72 13.96 18.59 20.00 17.52 5.86 8.23 8.22 7.44

Text2CT |25] 11.51 8.55 17.69 12.58 891 9.76 9.37 9.35 9.12 13.18 13.58 11.96 8.67 7.04 6.37 7.36
MedSynV2(Ours) 10.96 6.40 11.40 9.59 7.97 5.17 6.24 6.46 8.97 7.45 899 8.47 7.13 3.43 3.19 4.58

4.2 Experimental details

Textual Conditions. We encode the compound pre-prompt ¢y, and the radi-
ology reports c, separately to reduce storage space. Both the radiology reports
(including both Findings and Impressions) and the compound pre-prompt are
processed with a pretrained CXR-BERT |[3| model from MedSyn [42]. For train-
ing data variance, we augment cp, using different formats shown in Supp. [7.2
We set the ¢, max token length as 32, describing identity of abnormalities. For
the optional reports, we concatenate the findings and impressions with a <SEP>
token in between, and set token length 512. Thus, we acquire textual condition
shaped (544, 768) concatenating them. (More details in Supp.

Mask Conditions and Tokens. We normalize all masks to [—0.5,0.5] for
matching our image intensity and avoiding outliers. For all images and segmen-
tation masks shaped 448 x 448 x 448, our encoder processes them into latents z
of a unified shape (ng X np X ny) x ne = (112,56, 56) x 4. We z-norm all latents
with their individual channels for training with the loss fucntion in Eq. [4| and
reverse the z-norm when applying our decoder. (More details in Supp.

4.3 Quantitative Results

Modified DiT. We choose patch size (2 x 2 x 2) to balance between memory
issues and image quality, yielding 43,904 patches (latent tokens). We use 16
layers and feature dimension 1152 [29|. All the experiments are run on a single
A100 GPU (PyTorch 2.6.0+cul26) with AdamW optimizer, learning rate 10~4
and batch size 1 with 4 accumulated forward steps. (More details in Supp.
Baselines and Metrics. We compare on various metrics against current state-
of-the-art text-to-image generative models, namely GenerateCT [12|, MedSyn [42],
Text2CT |25|. For perceptual evaluation, we follow radiology practice and define
contrast intensity windows for four tissue types: lung, vessel, soft tissue, and bone
(See Supp. . We compute FID for each window across the three orthogonal
planes. For semantic perspectives, we leverage two frequently used CLIP models:
CT-CLIP [11] and Pillar-0 |27] to compute CLIP-Score on both text-to-image
(T2I) and image-to-image (I2I) scopes. Note Pillar-0 applies eleven windows
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Table 2: CLIP-Score (%) using re-
ports only with CT-CLIP (1 window)
and Pillar-0 (11 windows). Our result
achieves good results on these four met-
rics with both CLIP models.

Table 3: Classification results (%)
using reports only. We use ze-
roshot CT-CLIP as classifier, showing our
method performs on par with existing
method.

CT-CLIP (1 window) Pillar-0 (11 windows)

Accuracy 1 Precision  AUROC 1 F1 1

Source

T21 1 121 T2I 1 21 1 Real 67.81 32.00 67.34  58.95
Real 16.46 26.36 GenerateCT [12]  28.24 19.77 5057  26.33
GenerateCT [12]] 14.70 59.03 22.10 32.11 MedSyn [42] 79.65 35.65 5132 40.12
MedSyn [42] 12.70 81.61 22.75 44.59 Text2CT [25] 45.06 23.76 50.96  37.43
Text2CT 2] 20.17 79.37 25.80 49.38 MedSynVZ{Ours) 63.55 24.90 52.24 48.40

MedSynV2{Ours) 14.74 83.00 27.61 46.79

Table 4: Expert evalua-
tion of images matching re-
port and mask.

Table 5: Results of incorporating synthesized
data for Opacity segmentation on SemiSeg test
set. We report results with the real images, our
synthesized images, and their combination. (best,
second best)

Partial Not
Match Match  Match

Radiologist 1 (4 years experience)

Training Data Dice(%) 1 Jaccard(%) + ASD (pixel)| HD95 (pixel)|

Real . 49 10 16 Real (50 images) 58.78 43.49 21.65 65.33
Synthetic 40 18 17 Synthesized (416 images) ~ 48.82 32.30 56.32 10.61
Radiologist 2 (17 years experience) Combined (466 images) 68.13 54.27 43.32 4.69
Real 45 25 5 Inf-Net 8] 62.41 45.35 32.67 20.63
Synthetic 36 30 9 MedPSeg |5] 65.20 48.13 28.45 5.51

in their image encoder. For factual correctness, we leverage the zero-shot CT-
CLIP [11] to predict the 18 pathological labels based on the generated images.
We report accuracy, precision, AUROC and F1 score based on the ground truth.

5 Results

5.1 Quantitative Results

Comparing Baselines. Table[1]demonstrates that our method outperforms all
baselines in the mean FID scores among all contrast windows. We achieve 24%
improvement compared to TextCT on the lung window (ours 9.59 vs. TextCT
12.58). The good performances result from our gated attention, which captures
most details in long CT reports. GenerateCT performs good on axial (XY) view,
due to its design of slice-wise super resolution on axial views. It however loses
continuity and suffer on the other two axes. MedSyn suffers from soft tissue gen-
eration due to its training on another dataset, while Text2CT uses unregistered
images for training, yielding to inferior results. Likewise, tables also sub-
stantiate that our method performs well on CLIP T2I, 121, factual correctness
AUROC and F1 scores (table[2] Pillar-0 T2I ours 27.6% vs. Text2CT 25.8%).
This results from our modified DiT-based method, as it enhances report under-
standing by token level cross attention, with inter-patch consistency.
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GenerateCT MedSyn Text2CT Ours

Fig.2: Comparisons using text guidance only. All images are shown in lung
contrast window with pixel spacing (0.7 x 0.7 x 0.7). Corresponding report men-
tions ‘volume loss in the left lung and widespread atelectatic changes’. Our method
correctly synthesizes this in bounding box, showing controllability.

Radiologist Evaluation. We randomly sample 15 pairs each abnormality, and
synthesize another 75 cases with reports and masks, forming a dataset totaling
150 cases. A double-blind test with two radiologists to evaluate whether the
images match the report and mask is conduct. Table shows the assessment of
synthetic ones and real ones. Our synthetic images show majority in the ‘Match’
and ‘Partial Match’ ones, with a distribution similar to the real ones. Moreover,
both radiologists show agreement on low ‘Not Match’ counts, further implying
the same pattern. The radiologist evaluation shows an overall high fidelity result
of our image towards the input condition. (More details in Supp. |7.4)

5.2 Qualitative Results

Comparing Baselines. In Fig.|2]| although GenerateCT shows good on axial
view (first row), it suffers on the other two, as it performs super resolution on
axial slices. MedSyn generates a rather healthy image, lacking the focus on the
abnormality region. Text2CT shows abdomen which leads to good soft tissues
yet it produces blurry image compared to ours, since it adopts un-registered
image and therefore loses detail. In contrast, our method generates high qual-
ity images, while it clearly synthesizes the volume loss and atelectasis (yellow
boxes) noted in the report, attributing to our encoding of word level tokens
and gated attention module, allowing for more details preserved. In Fig. (3} our
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Fig. 3: Comparison of anatomically conditional generation using lobe, air-
way and vessel masks (without report). The second block is shown in vessel
contrast window, while the other two in lung contrast window. We show ground truth
images, ours and MedSyn’s with 3 different random seeds. The zoomed-in views on the
right show MedSyn fails to follow anatomical masks. In contrast, our results closely
respect the conditional masks, exhibiting both controllability and diversity.
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Fig. 4: Results of modifying pathology masks and reports. For pleural effusion,
we retain either left or right mask, and modify the corresponding report by deleting the
abnormality description on the other side. For nodule, since no location was described in
report, we spatially move the mask to left side of body by either flipping or translating
without changing the report. Our results closely follow the conditional masks, showing
both controllability and flexibility.

method shows closer alignment towards the segmentation mask. As noted by the
zoomed-in views (right most), MedSyn generates organs falling out of the given
mask, which results from the loose incorporation of segmentation masks. Ours on
the contrary, directly incorporates the noisy latent and mask together, enforces
better inter-patch consistency with our convolution layer, therefore yielding bet-
ter alignment. Results in Fig.|4|show great controllability over masks of differ-
ent appearance. Whether we retain one side of the abnormality, or completely
flip/translate the mask, the generated results always show strong correspondence
with the condition. All these results indicate our controllability and flexibility.
(More results in Supp.|7.1)

5.3 Scalability

We investigate the scalability with two downstream tasks: 1) augmenting datasets
assisting training segmentation model. 2) Multiple conditional synthesis simu-
lating gradually growing abnormalities. (More results in Supp.|7.4)
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Fig.5: Results of progressively adding conditions. We start by generating
healthy images with lobes only. Progressively, we add a pleural effusion mask and
a nodule mask, describing them in the radiology report. In each row, following stages
keep the characteristic from previous stages, while exhibiting new abnormalities.

Augmenting dataset. We augment the SemiSeg dataset [8| segmenting Ground
Glass Opacity (GGO), whose original training set contains only 50 2D images
with segmentation labels. We sample 416 2D masks from 3D ones (details in
Supp. and compare three settings: 1) real images only (50 images), 2) syn-
thesized only (416 images), and 3) combination of both (466 images). We train
vanilla UNet models and show quantitative results in table |5| Training with the
combined dataset achieves the highest Dice score (68.13%), Jaccard (54.27%),
and the lowest HD95 (4.69), even surpassing the SOTA models (MedPSeg Dice
65.2%), showing great efficacy with our augmented images. In addition, training
solely on synthetic images achieves a fair Dice score (48.82%) and HD95 (10.61).
In conclusion, 1) our method effectively assists training segmentation models by
augmenting training data. 2) our model receives only segmentation masks and
preserves data and patient privacy. (More results in Supp.|7.4)

Multiple Conditional Synthesis. Fig.|5|shows the results where we progres-
sively add more details to a case, synthesizing growing multiple diseases. We
start with lobe mask and healthy report (pair one) to generate stage one im-
ages, then fix the same random seed and add noise again to apply additional
pairs of conditions following SDEdit |24|. Images in column two all preserve the
original layout of the first column, with only pleural effusions added and marked
in boundaries. Similarly in column three, while lobe positions and pleural effu-
sions are preserved, the zoomed-in views show delicate nodules, indicating our
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scalability of multiple conditions. In conclusion, 1) scalability of our model in-
dicates further details can be added given single or more segmentation masks
with our low-cost controlling , 2) the results form procedures with arbitrary ab-
normalities and simple reports, educating residents to various combinations of
diseases on the same CT.

6 Conclusion

This paper proposes the first joint-modality to lung CT generation model en-
abling single object of anatomy or pathology as condition, enforcing scalabil-
ity and flexibility via compound prompts (pre-prompt and radiology reports).
We enforce the scalability of various binary mask by introducing a compound
pre-prompt, optionally paired with radiology reports. Extensive experiments in-
cluding radiologist evaluation and downstream dataset augmentation prove the
controllability, flexibility and scalability of our method. Evaluations by radi-
ologists, downstream data augmentation utility and practical clinical scenario
simulation of developing diseases all indicate the potential of our method.
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