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Figure 1. Multimodal sketch and text guided 3D medical image generation results from our Sketch2CT method. For each organ, a user-
provided sketch and text description serve as structural and semantic conditions. Sketch2CT produces both a 3D segmentation mask and
a synthesized medical volume that closely follows the geometry and anatomy implied by the input. S1-S7 denote seven consecutive axial
slices from the synthesized 3D volume, illustrating spatial continuity.

Abstract

Diffusion probabilistic models have demonstrated signif-
icant potential in generating high- quality, realistic medi-
cal images, providing a promising solution to the persis-
tent challenge of data scarcity in the medical field. Nev-
ertheless, producing 3D medical volumes with anatomi-
cally consistent structures under multimodal conditions re-
mains a complex and unresolved problem. We introduce
Sketch2CT, a multimodal diffusion framework for structure-
aware 3D medical volume generation, jointly guided by
a user- provided 2D sketch and a textual description that
captures 3D geometric semantics. The framework initially
generates 3D segmentation masks of the target organ from
random noise, conditioned on both modalities. To effec-
tively align and fuse these inputs, we propose two key
modules that refine sketch features with localized textual
cues and integrate global sketch- text representations. Built
upon a capsule- attention backbone, these modules lever-
age the complementary strengths of sketches and text to
produce anatomically accurate organ shapes. The synthe-
sized segmentation masks subsequently guide a latent dif-

fusion model for 3D CT volume synthesis, enabling real-
istic reconstruction of organ appearances that are consis-
tent with user- defined sketches and descriptions. Exten-
sive experiments on public CT datasets demonstrate that
Sketch2CT achieves superior performance in generating
multimodal medical volumes. Its controllable, low- cost
generation pipeline enables principled, efficient augmen-
tation of medical datasets. Code is available at https:
//github.com/adlsn/Sketch2CT.

1. Introduction

Medical image synthesis has become a pivotal research
field aimed at overcoming the challenge of data scarcity
in medical imaging. In contrast to natural images, col-
lecting large-scale, high-quality, and well-annotated medi-
cal datasets is hindered by privacy restrictions, significant
acquisition costs, and dependence on expert annotations.
Meanwhile, deep learning models, which underpin recent
breakthroughs in medical image analysis tasks such as seg-
mentation [3, 4, 14, 56], classification [8, 12], anomaly de-
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tection [37, 55, 58], registration [9, 46], and cross-modality
translation [30], require large volumes of labeled data for
optimal performance. Thus, generating realistic and diverse
synthetic medical images presents a promising avenue for
enhancing model generalizability and robustness under lim-
ited data conditions.

Generative models, including generative adversarial net-
works (GANs) [19] and denoising diffusion probabilistic
models (DDPMs) [25], have achieved significant progress
in image synthesis [26], inpainting [27], and super-
resolution [15]. Among these, diffusion models have gar-
nered particular attention for their exceptional image qual-
ity, robust training, and strong capacity to represent com-
plex data distributions. Conditional diffusion models [47]
further enhance controllability by incorporating auxiliary
modalities, such as text descriptions [11, 42], segmentation
masks [29], or sketches [33, 43, 64], to guide generation
across images, videos, and 3D point clouds. Building on
their success in natural image domains, diffusion-based ap-
proaches have been adopted in medical imaging to help ad-
dress the challenge of limited data.

Diffusion-based medical image synthesis can be catego-
rized into 2D and 3D approaches, depending on the dimen-
sionality of the generated data. 2D diffusion models [18]
commonly produce individual image slices (e.g., CT or
MRI), delivering visually realistic results but often failing
to ensure anatomical continuity between adjacent slices. To
improve realism, segmentation-guided 2D models [29] in-
corporate anatomical priors, enhancing local accuracy but
still lacking global inter-slice consistency for full 3D vol-
ume reconstruction. Conversely, 3D diffusion models di-
rectly generate volumetric data to preserve spatial coher-
ence; however, they require significant computational re-
sources, limiting both achievable resolution and the scala-
bility of the training process. Conditioning on 3D segmen-
tation masks can enhance anatomical plausibility, although
it introduces complexity and may destabilize the training
process. Recently, latent diffusion models [36, 54, 63] have
emerged as a promising alternative by conducting the diffu-
sion process in a compressed latent space, reducing compu-
tational costs while retaining high fidelity.

While unconditional diffusion models are valuable
for general data augmentation, generating paired image-
annotation data through conditional diffusion is essential
for downstream medical image analysis tasks [5, 22, 31, 45,
51]. Segmentation-guided diffusion frameworks [2, 13, 29]
have demonstrated strong results for medical image synthe-
sis; however, they are constrained by their reliance on pre-
defined segmentation masks, which limit both the diversity
and controllability of the output. To address segmentation
availability constraints, methods such as MedGen3D [24]
employ a two-stage pipeline in which random segmenta-
tion masks are generated before synthesizing correspond-

ing medical volumes; however, the inherent randomness of
these masks limits structural control.

To overcome these challenges, namely, (1) insufficient
inter-slice consistency in 2D methods, (2) the high com-
putational demands of full 3D diffusion, and (3) the lim-
ited controllability of current conditional models, we in-
troduce Sketch2CT, a multimodal diffusion framework for
structure-aware 3D medical volume generation. Sketch2CT
comprises two stages: (1) a sketch-and-text conditioned la-
tent diffusion model that produces anatomically consistent
3D segmentation masks from user-provided sketches and
textual descriptions, and (2) a segmentation-conditioned la-
tent diffusion model that synthesizes high-quality 3D CT
volumes based on the generated masks. In our approach,
sketches serve as an intuitive structural blueprint of the tar-
get anatomy, while textual descriptions provide comple-
mentary semantic and geometric details not captured by
sketches alone. The fusion of these modalities enables the
controllable, structure-preserving generation of realistic 3D
medical volumes, as illustrated in Figure 1.

The principal contributions of this work are as follows:
• We effectively capture both local structural informa-

tion from sketches and contextual semantics from text,
thereby enhancing the model’s attention to anatomically
meaningful regions during segmentation generation.

• We jointly fuse multimodal representations from local
and global perspectives, thereby facilitating deep interac-
tion between the sketch and text modalities and improv-
ing structural fidelity.

• We enable low-cost, user-crafted sketches and text de-
scriptions to generate high-quality, anatomically coherent
3D CT volumes, providing a practical, controllable solu-
tion for data augmentation.

2. Related Work
Generative models for natural image synthesis. Gener-
ative models can be broadly categorized into two major
branches: GANs and diffusion models. GANs learn a map-
ping from a latent noise distribution to the target data dis-
tribution through an adversarial game between a generator
and a discriminator, and have achieved remarkable success
in early image synthesis tasks. However, they often suf-
fer from training instability and mode collapse, which lim-
its the diversity and fidelity of the generated samples [32].
Diffusion models have recently emerged as a more sta-
ble and expressive alternative, formulating data generation
as the reversal of a gradual noising process. They have
demonstrated superior image quality, robustness in train-
ing, and diversity compared to GANs. In the natural im-
age domain, diffusion models have achieved state-of-the-
art performance in 2D image generation and have been ex-
tended to conditional generation by introducing auxiliary
modalities such as text, segmentation maps, or sketches to



control the synthesis process. Furthermore, several stud-
ies [16, 21, 34, 53] have explored generating 3D data from
2D or multimodal conditions, enabling geometry-aware
synthesis and reconstruction. For instance, Wu et al. [57]
proposed a sketch- and text-conditioned diffusion frame-
work to generate colored 3D point clouds, demonstrating
the effectiveness of combining coarse structural priors with
semantic information.
Medical image synthesis with generative models. Com-
pared to the extensive research on natural image generation,
diffusion-based medical image synthesis remains underex-
plored. Most existing studies [1, 10, 23, 50, 61] focus on 2D
slice-level synthesis, where diffusion models generate large
numbers of CT or MRI slices with considerable diversity.
However, the lack of inter-slice consistency and anatomi-
cal plausibility limits their usability for data augmentation
and downstream analysis. A common strategy to improve
anatomical realism is to incorporate explicit anatomical pri-
ors, such as segmentation masks, to guide the synthesis
process. Following this idea, Wang et al. [54] employed
pretrained latent diffusion models to generate medical im-
ages conditioned on segmentation maps, and Zhang et al.
[63] proposed ControlNet to enable conditional 2D image
generation. Although these methods demonstrate the ben-
efits of conditioning, they are primarily designed for nat-
ural images and do not adapt well to medical data. Konz
et al. [29] designed a segmentation-guided diffusion model
(Seg-Diff) to synthesize medical images from segmenta-
tion masks, showing that the synthetic data can improve the
performance of segmentation networks. Nevertheless, 2D-
based approaches still struggle to maintain inter-slice conti-
nuity and cannot generate segmentation masks themselves.

To enhance controllability and data diversity, some stud-
ies generate segmentation masks as an intermediate step be-
fore image synthesis. For instance, Guibas et al. [20] used a
dual-GAN architecture to produce 2D segmentation masks
for retinal image generation, and Fernandes et al. [18] gen-
erated brain MRI images conditioned on masks from two
coordinated generators. For volumetric synthesis, Subrama-
niam et al. [48] employed a Wasserstein GAN [7] to jointly
generate 3D patches and their corresponding masks, which
improves spatial coherence. However, the high computa-
tional cost of full 3D diffusion models makes large-scale
volume synthesis challenging, particularly when incorpo-
rating 3D segmentation masks as structural priors. Han
et al. [24] addressed this issue with MedGen3D, a multi-
conditional diffusion framework that generates both 3D seg-
mentation masks and medical volumes. Their approach first
synthesizes sub-volumes and subsequently infers the com-
plete volume from the generated regions, partially mitigat-
ing computational overhead.
Multimodal and structure-aware generation. Existing
medical image synthesis approaches largely focus on ei-

ther 2D image generation or 3D volume synthesis condi-
tioned on segmentation masks. With the success of condi-
tional diffusion models in computer vision, recent research
has begun to incorporate multimodal guidance, such as text,
sketches, or multimodal imaging, to enhance controllabil-
ity and interpretability. For text-based generation, Xu et
al. [60] proposed AttnGAN, and Zhang et al. [62] intro-
duced StackGAN to synthesize images from textual de-
scriptions through multi-stage refinement. In 3D recon-
struction, image-based conditioning is widely used to re-
cover 3D shapes from single or multi-view images [52],
such as Pix2Vox++ [59] and Pixel2Mesh [53]. When im-
age conditions are unavailable, sketches serve as an efficient
and intuitive structural input. Guillard et al. [21] utilized
sketches to refine object shapes, and Zhang et al. [64] re-
constructed 3D models from single-view sketches. Recent
works further demonstrate that combining sketches with
text provides complementary information: sketches encode
coarse geometry, while text conveys semantics and fine-
grained details. For example, Wu et al. [57] employed cap-
sule attention [40] to jointly process sketch and text features
for controllable 3D point cloud generation.

Inspired by these advances, we aim to leverage multi-
modal information to guide the generation of 3D medical
volumes. In particular, sketches offer intuitive structural
guidance of the target anatomy, while text provides comple-
mentary semantic and morphological context. As diffusion
models have proven superior to GANs in terms of image fi-
delity and stability, we adopt them as the backbone of our
framework. We also employ a latent diffusion formulation
that enables high-resolution 3D generation in a compressed
latent space, thereby balancing efficiency and quality. Al-
though latent compression may lose some fine-scale details,
ensuring globally consistent and anatomically plausible 3D
structure is more critical for medical image analysis tasks.
To the best of our knowledge, Sketch2CT is the first frame-
work to explore multimodal (sketch and text) diffusion for
structure-aware 3D medical volume generation.

3. Sketch2CT
As shown in Figure 2, our Sketch2CT framework comprises
two primary components: segmentation mask generation
and medical volume generation. The first component is
designed to synthesize 3D segmentation masks, conditioned
on both sketches and textual descriptions. This stage in-
cludes four key modules: (1) sketch extraction, capturing
the anatomical structure’s outline; (2) text acquisition, pro-
viding complementary 3D semantic details; (3) sketch-text
feature fusion, aligning structural and contextual informa-
tion; and (4) segmentation latent diffusion, which gener-
ates a coherent 3D segmentation mask. The second com-
ponent synthesizes realistic 3D medical volumes by condi-
tioning a latent diffusion model on the segmentation repre-
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Figure 2. Overview of our Sketch2CT framework. (a) A capsule-based sketch encoder and a sentence transformer extract structural and
semantic features, which are fused via a FiLM module. (b) The fused representation conditions a segmentation latent diffusion model to
generate 3D organ masks. (c) The predicted segmentation latent guides an image latent diffusion model to synthesize 3D medical volumes.

sentation. The detailed design and implementation of each
module are described in the following subsections.

3.1. Sketch Extraction
To provide intuitive and structure-aware guidance for gen-
eration, we first extract 2D sketches from 3D anatomi-
cal segmentations. The objective is to obtain representa-
tive contour depictions that capture the characteristic shape
and boundary geometry of each organ, while keeping the
sketches lightweight, abstract, and easily interpretable for
user interaction. We begin by visualizing the 3D seg-
mentation masks in a medical imaging environment (3D
Slicer [17]) to obtain surface representations of the target
anatomy. For volumetric organs such as liver and heart,
2D projections are captured along the axial (transverse)
direction, which corresponds to the standard clinical view-
ing plane and effectively reveals the organ’s overall mor-
phology. For elongated, tubular structures such as the aorta,
projections are instead taken along the sagittal (longitudi-
nal) plane, which aligns with the vessel’s principal axis and
better preserves its continuous geometry.

The rendered projections are subsequently transformed

into sketches through a sequence of image-processing op-
erations that emphasize structural boundaries while sup-
pressing texture and shading. Specifically, we employ the
PyVista [49] library to render high-contrast surface pro-
jections with controlled lighting and orthogonal camera
views, ensuring clear structural outlines. The rendered im-
ages are then processed using OpenCV operations, includ-
ing grayscale conversion, histogram equalization for con-
trast enhancement, bilateral filtering for edge-preserving
smoothing, and Canny-based edge detection to extract
salient contours. The resulting binary edge maps are re-
fined using morphological operations to yield clean, contin-
uous sketches that delineate the organ boundaries. Through
adjusting parameters such as edge detection thresholds and
filtering kernel sizes, we can control the level of detail and
abstraction in the sketches. These anatomy-aware sketches
provide geometry-centric structural priors that condition the
subsequent segmentation diffusion model.

3.2. Text Acquisition
Although sketches offer intuitive 2D structural information,
they inherently lack depth and volumetric context, making



it difficult to reconstruct a complete 3D segmentation mask
from a single projection. Obtaining sketches from multiple
views could mitigate this limitation, but would substantially
increase user effort and compromise practical usability. To
balance expressiveness with simplicity, we introduce text
descriptions as a complementary modality to enhance the
spatial context that sketches alone cannot provide.

To construct these textual representations, we first gen-
erate a series of 2D snapshots for each segmentation mask
along the three principal anatomical axes: axial, coronal,
and sagittal. These projections highlight different facets of
the organ’s morphology and serve as comprehensive visual
references for its 3D structure. Simultaneously, we calcu-
late a suite of physical and geometric metrics from the seg-
mentation mask, such as volume, surface area, principal-
axis lengths, maximum and minimum diameters, spheric-
ity, compactness, and, when applicable, centerline length.
Together, these quantitative attributes succinctly character-
ize the organ’s overall shape, size, and spatial proportions.
During training, textual descriptions are generated automat-
ically from this visual and geometric information to serve
as textual conditions. At inference time, however, users
can freely edit or provide custom text descriptions, en-
abling flexible, interactive control over the generation pro-
cess without requiring reference segmentations.

The snapshots and geometric metrics are provided to-
gether as prompts to a large language model (LLM) special-
ized in visual-language understanding (GPT-4o-mini, Ope-
nAI) [65]. The model is directed to serve as an expert ge-
ometric describer, generating a structured textual summary
of the organ’s shape characteristics, including global form,
surface smoothness, symmetry, and topological continuity,
while explicitly excluding any diagnostic or clinical con-
text. The generated output is a structured JSON descrip-
tion that retains only geometry-related information. This
approach ensures the resulting text focuses solely on spatial
and morphological features, treating the segmentation as a
generic 3D object; thus, domain-specific medical LLMs are
unnecessary.

Finally, the textual descriptions are transformed into
high-dimensional embeddings via a pretrained sentence
transformer [39], capturing both global semantics and fine-
grained geometric relationships conveyed in the text. These
embeddings serve as textual conditioning features for the
subsequent sketch-text fusion and segmentation-diffusion
stages. By complementing sketch-based structural infor-
mation with semantic representations of 3D geometry, the
text modality enables more consistent, spatially aware mask
generation.

3.3. Sketch-Text Feature Fusion

Although sketches provide an intuitive and compact repre-
sentation of organ structure, their sparse, edge-only nature

makes it challenging to extract stable, discriminative fea-
tures for downstream 3D generation. Unlike natural im-
ages, medical sketches contain limited texture and shad-
ing details, and the relevant anatomical boundaries are of-
ten discontinuous or faint due to projection or noise. Di-
rectly encoding such sparse inputs with convolutional back-
bones can therefore lead to feature ambiguity and loss of
structural cues. To address these challenges, we design
two complementary modules for multimodal fusion: a text-
enhanced sketch feature extractor (TSFE) for local text-
guided refinement, and a cross-modal global fusion mod-
ule (CGFM) for global semantic alignment between sketch
and text.

TSFE aims to enrich the sparse sketch representation
with semantic priors derived from textual descriptions. The
sketch image is first encoded into a capsule-based embed-
ding fs ∈ Rds using a convolutional backbone followed
by primary capsules and attention-based routing, while the
textual description is embedded as ft ∈ Rdt using a pre-
trained sentence transformer. To adaptively modulate the
sketch embedding, we employ a feature-wise linear modu-
lation (FiLM) [35] mechanism that generates scale and shift
parameters from the text embedding

γ, β = g(ft), (1)

where g(·) denotes a lightweight projection network. The
text-enhanced sketch feature is then obtained as

f̃s = γ ⊙ fs + β, (2)

with ⊙ indicating element-wise multiplication. This text-
guided modulation adaptively amplifies semantically rele-
vant channels and suppresses irrelevant ones, producing a
more informative and stable sketch embedding.

To achieve global semantic alignment and joint reason-
ing across modalities, we introduce a two-level attention
mechanism for the CGFM, comprising text-guided cross-
attention and sketch-guided self-attention. Given the en-
hanced sketch features f̃s and the text embedding ft, the
cross-attention stage integrates fine-grained semantic fea-
tures

Flocal = Attention(f̃s, ft, ft), (3)

capturing localized correspondences between sketch con-
tours and textual semantics. Subsequently, the self-attention
stage aggregates these responses to form a global represen-
tation

Fglobal = SelfAttn(Flocal), (4)

which summarizes the organ’s overall geometry and seman-
tics. Finally, both representations are concatenated and pro-
jected to yield the joint multimodal feature

zfusion = Proj
(
[Flocal ∥Fglobal]

)
, (5)



which serves as the conditioning input for the segmentation
latent diffusion model.

Together, TSFE enhances the sparse sketch representa-
tion through text-driven channel modulation, while CGFM
aligns global semantics via hierarchical attention. This two-
stage fusion effectively bridges the modality gap, yielding
a robust, geometry-aware multimodal embedding for gener-
ating anatomically consistent segmentations.

3.4. Segmentation Latent Diffusion
Under the multimodal conditions provided by the fused
sketch-text representation, we aim to generate anatomically
coherent 3D segmentation masks using a latent diffusion
framework. Directly performing diffusion in voxel space
is computationally demanding and memory-intensive for
volumetric data. To address this, we use the 3D Autoen-
coderKL function from MONAI to project segmentation
masks into a compact latent space, enabling efficient dif-
fusion while preserving essential anatomical structures.

Formally, given a ground-truth segmentation volume x0,
the autoencoder encodes it into a latent representation z0 =
Eseg(x0) and reconstructs it as x̂0 = Dseg(z0). During
training, the latent diffusion model learns a parameterized
denoising process that progressively reconstructs z0 from
Gaussian noise zT ∼ N (0, I) across T timesteps.

At each timestep t, the forward diffusion process adds
Gaussian noise according to

q(zt | zt−1) = N
(√

αt zt−1, (1− αt)I
)
, (6)

where {αt}Tt=1 defines a variance schedule controlling the
noise intensity. The reverse process is learned through a
UNet-based denoising network ϵθ conditioned on the mul-
timodal feature zfusion

pθ(zt−1 | zt, zfusion) = N
(
µθ(zt, t, zfusion), σ

2
t I
)
, (7)

where µθ and σt are learned mean and variance terms, and
the conditioning is injected via cross-attention at multiple
layers of the UNet.

Following the v-prediction parameterization [41], the
network is trained to predict the velocity term

vt =
√
αt ϵ−

√
1− αt z0, (8)

where ϵ denotes the Gaussian noise added at step t. The
training objective minimizes the mean squared error be-
tween the predicted and target velocities

Ldiff = Et, z0, ϵ

[
∥ϵθ(zt, t, zfusion)− vt∥22

]
. (9)

During inference, random latent noise is iteratively de-
noised through the learned reverse process, guided by the
sketch–text condition zfusion, to produce a clean segmenta-
tion latent ẑ0. The pretrained autoencoder subsequently de-
codes this latent to yield the final 3D segmentation mask
x̂0 = D(ẑ0).

By operating in the latent space and leveraging cross-
modal conditioning, Sketch2CT efficiently synthesizes
anatomically consistent segmentation masks that reflect
both the structural constraints of the sketch and the semantic
guidance of the text.

3.5. Conditional Medical Volume Generation
The final stage of Sketch2CT synthesizes 3D medical vol-
umes conditioned on the generated segmentation struc-
ture. While the segmentation diffusion model reconstructs
anatomical geometry, this stage translates the structural rep-
resentation into corresponding image appearances, thereby
bridging the gap between geometry and texture. To achieve
this, we adopt a latent diffusion formulation similar to Sec-
tion 3.4 but extend it to incorporate the segmentation latent
as a structural prior.

Specifically, the segmentation mask x̂seg obtained from
the previous stage is first encoded into a compact latent rep-
resentation zseg = Eseg(x̂seg) using a pretrained 3D Autoen-
coderKL. For the medical image volume ximg, another Au-
toencoderKL is trained to map the medical volume into a
perceptually meaningful latent space zimg = Eimg(ximg).

During the diffusion process, the segmentation latent is
concatenated with the noisy image latent at each timestep to
guide the denoising trajectory

zt−1 = ϵθ
(
zt ∥ zseg, t

)
, (10)

where ∥ denotes channel-wise concatenation. This condi-
tioning scheme ensures that the generated image remains
anatomically aligned with the segmentation, while enabling
the realistic synthesis of tissue texture. The diffusion model
is trained under the v-prediction parameterization follow-
ing Equation 9. During inference, random noise is itera-
tively denoised under the segmentation guidance to produce
a clean latent ẑimg, which is finally decoded into the voxel
domain as x̂img = Dimg(ẑimg).

By conditioning the image diffusion model on the seg-
mentation latent, Sketch2CT establishes a strong linkage
between anatomical structure and visual realism. This de-
sign enables controllable, consistent generation of medical
volumes, ensuring that synthesized images exhibit natural
intensity variations while faithfully preserving the geomet-
ric fidelity of the generated segmentation.

4. Results and Discussion
We conduct our experiments on three public CT datasets
and one MRI dataset: (1) CHAOS liver (CT) [28], which
contains 20 CT scans annotated with liver; (2) AVT aorta
(CT) [38], which contains 56 CT scans annotated with
aorta; (3) Decathlon liver (CT) [6], which contains 131 CT
scans annotated with liver; (4) Decathlon heart (MRI) [6],
which contains 20 MRI scans annotated with heart. For



each dataset, we adopt an 8:2 train/test split. All volumes
are resampled to a unified resolution of 128×128×128.

Our Sketch2CT consists of an autoencoder and latent dif-
fusion models for both segmentation and medical volume
generation. The autoencoders use three resolution levels
with channel widths (32, 64, 64), a single residual block per
level, and spatial attention only in the deepest layer. Dur-
ing diffusion training, the autoencoder is frozen and serves
solely as the latent encoder-decoder. The denoising back-
bone is a 3D UNet provided by MONAI operating directly
on the latent space. The UNet employs channel widths
(32, 64, 64) with one residual block per level, and applies
spatial attention at the last two levels. Cross-attention is
enabled with a conditioning dimension of 1024, and one
transformer layer is used at each attention-enabled level.
We train the model using a DDPM scheduler with 1000
steps and v-prediction parameterization. The optimization
uses Adam with a learning rate of 1× 10−4, a batch size of
10, and mixed-precision training. The training runs for 300
epochs on an NVIDIA H200 GPU.

Additional experimental details, including the ablation
studies of Sketch2CT, the effects of varying sketch granu-
larity on mask generation, and other analyses, are provided
in the supplementary materials.

4.1. Synthetic Image Quality Evaluation

To quantitatively assess the quality of our synthetic im-
ages, we compute two metrics: the Fréchet inception dis-
tance (FID) and the learned perceptual image patch similar-
ity (LPIPS). Following established practices, such as those
used in MedGen3D, both metrics are calculated based on
multi-view projections of the generated volumes. Table 1
compares Sketch2CT with three representative baselines:
Med-DDPM [13], MedGen3D [24], and Seg-Diff [29].
All baselines are evaluated on a synthesized dataset con-
structed from two sources: (1) sketches and text extracted
from ground-truth segmentations, and (2) manually created
samples—low-cost hand-drawn sketches paired with lightly
refined text descriptions. For each dataset, we produce 20
such hand-crafted sketch–text pairs. Since the baselines
cannot generate segmentation masks in a controlled man-
ner, we use our synthesized masks as conditional inputs to
ensure a fair comparison.

Sketch2CT achieves the best performance on most
datasets. On the challenging Decathlon heart dataset, where
noise leads to higher FID and lower LPIPS for all meth-
ods, Sketch2CT still surpasses all baselines by a clear mar-
gin. For the CHAOS liver and AVT aorta datasets, it ex-
hibits consistent gains in both fidelity and perceptual simi-
larity. Seg-Diff attains the best score on the Decathlon liver
dataset, likely because its larger data volume favors a 2D
diffusion model. However, its results often lack axial con-
tinuity. In contrast, Sketch2CT preserves full 3D spatial in-

formation while achieving image quality comparable to 2D
methods.

CHAOS liver (CT) AVT aorta (CT) Decathlon liver (CT) Decathlon heart (MRI)
method FID↓ LPIPS↑ FID↓ LPIPS↑ FID↓ LPIPS↑ FID↓ LPIPS↑
Med-DDPM 114.4 0.220 119.6 0.213 115.3 0.207 128.7 0.192
MedGen3D 43.6 0.300 47.1 0.294 45.7 0.296 96.8 0.248
Seg-Diff 37.8 0.310 38.9 0.313 34.8 0.335 68.4 0.265
Sketch2CT 33.7 0.332 36.9 0.321 36.5 0.328 65.1 0.269

Table 1. Quantitative evaluation of synthetic images. We report
FID (lower is better) and LPIPS (higher is better) across four
datasets. Since baseline models cannot generate conditional seg-
mentations, we provide synthesized masks as their inputs.

4.2. Benefits for Segmentation
As described in [29], we assess the quality of generated
medical images by measuring how well they preserve struc-
tural information relevant for segmentation. This evalua-
tion criterion aligns well with our Sketch2CT framework,
which explicitly generates 3D segmentation masks condi-
tioned on sketch-text pairs. Then it synthesizes correspond-
ing medical images, ensuring that anatomical structures are
preserved throughout the process.
Faithfulness to input masks. Table 2 reports the faith-
fulness of the generated images in relation to the input
masks. For each method, we run an auxiliary segmenta-
tion network [29] (trained on real data) on the generated
images and compute the Dice coefficient against (1) the in-
put masks and (2) the segmentations predicted from the real
images. Across all datasets, Sketch2CT achieves the high-
est Dice scores, demonstrating that the synthesized images
most faithfully preserve spatial structure.
Downstream segmentation generalization. To evaluate
the effectiveness of synthetic data, we train a segmentation
network using either (1) real training images or (2) synthetic
images generated by various methods, and test the models
on real datasets, as shown in Table 3. Sketch2CT produces
results closest to the real data baseline across all datasets,
indicating that its generated images effectively replicate re-
alistic anatomical details.

4.3. Qualitative Results
We also provide qualitative comparisons to complement the
quantitative results and visually assess the anatomical plau-
sibility of the synthesized segmentations and volumes. As
shown in Figure 3, these examples reflect the trends ob-
served in previous evaluations. For each case, we extract
a sketch and a text description from the ground-truth seg-
mentation to encode the organs’ geometry. We then gen-
erate segmentation conditioned on these features and use it
to guide the generation of medical images. We compare
the synthesized results from various methods. Med-DDPM
and MedGen3D often lose structural details, while Seg-Diff
shows promising results for the single slice. In contrast,



CHAOS liver (CT) AVT aorta (CT) Decathlon liver (CT) Decathlon heart (MRI)
model Dice(mpred

gen ,m) Dice(mpred
gen ,mpred

real ) Dice(mpred
gen ,m) Dice(mpred

gen ,mpred
real ) Dice(mpred

gen ,m) Dice(mpred
gen ,mpred

real ) Dice(mpred
gen ,m) Dice(mpred

gen ,mpred
real )

Med-DDPM 0.501 0.492 0.487 0.474 0.512 0.495 0.421 0.408
MedGen3D 0.814 0.797 0.842 0.828 0.821 0.803 0.612 0.587
Seg-Diff 0.827 0.809 0.866 0.861 0.892 0.873 0.638 0.601
Sketch2CT 0.868 0.852 0.894 0.887 0.912 0.904 0.642 0.614

Table 2. Faithfulness of generated images to input masks. Dice is computed between segmentations predicted from generated images and
the input masks (i.e., Dice(mpred

gen ,m)), and between segmentations predicted from generated images and segmentations predicted from
real images (i.e., Dice(mpred

gen ,mpred
real )). Sketch2CT consistently achieves the best fidelity across all datasets.

sketch GT mask 
(3D)

synthesized 
mask

GT mask 
(2D) GT Med-

DDPM
synthesized 
mask (2D) MedGen3D Seg-Diff Sketch2CTtext

heart
shape: irregular, 
amorphous structure
topology: ……

{ }

liver
shape: wedge-shaped 
geometry
topology: ……

{ }

aorta
shape: long, slender, 
and serpentine shape
topology: ……

{ }

liver
shape: asymmetrical, 
elongated shape
topology: ……

{ }

Figure 3. Qualitative comparison of baseline methods. For each case, we extract a sketch and text description from the ground-truth mask
to encode organ geometry. These features guide the generation of 3D masks and the synthesis of 3D volumes.

CHAOS liver AVT aorta Decathlon liver Decathlon heart
(CT) (CT) (CT) (MRI)

real training set 0.897 0.904 0.912 0.823
Med-DDPM 0.574 0.561 0.598 0.412
MedGen3D 0.814 0.801 0.823 0.681
Seg-Diff 0.826 0.812 0.887 0.702
Sketch2CT 0.893 0.889 0.904 0.711

Table 3. Downstream segmentation performance (Dice) on real
datasets. A segmentation model trained on synthetic images gener-
ated by Sketch2CT achieves the closest performance to the model
trained on real data, demonstrating superior anatomical realism.

Sketch2CT produces spatially coherent shapes with more
precise boundaries.

5. Conclusions and Future Work
We have presented Sketch2CT, a multimodal diffusion
framework that generates structure-aware 3D medical vol-
umes from sketches and textual descriptions. The frame-
work comprises a segmentation generator that reconstructs
anatomical structures based on multimodal inputs and a
volume generator that synthesizes realistic CT appearances
guided by the segmentation latent. The proposed TSFE and
CGFM modules effectively align sketch and text features

with 3D anatomical semantics, thereby facilitating efficient,
high-fidelity reconstruction. Our experiments demonstrate
that Sketch2CT enhances both image realism and data avail-
ability. A key advantage of this framework is its ability to
utilize low-cost, user-created sketches and simple text de-
scriptions to produce anatomically coherent segmentation
masks and corresponding CT volumes. This level of control
yields reliable synthetic data that enhances data augmenta-
tion and supports downstream segmentation tasks. How-
ever, the current implementation is limited to a few or-
gans and focuses exclusively on the synthesis of single or-
gans. In addition, two medical imaging experts qualita-
tively evaluated the generated results in terms of anatom-
ical realism, structural continuity, and clinical plausibility,
confirming their overall reliability. Future work will extend
Sketch2CT to multi-organ generation, incorporate disease-
specific sketch editing to simulate pathological variations,
and conduct broader expert evaluations.
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Sketch2CT: Multimodal Diffusion for Structure-Aware
3D Medical Volume Generation

Supplementary Material

A. Structured Semantic Text Description

To obtain geometry-focused textual descriptions for multi-
modal conditioning, we provide GPT-4o-mini with (1) three
canonical 3D renderings of each organ (axial, sagittal, and
coronal views), and (2) a carefully designed prompt in-
structing the model to extract purely geometric informa-
tion. Examples of the text descriptions are presented in Fig-
ure A1.

Prompt design. GPT-4o-mini is directed to serve as
an expert in the geometric interpretation of anatomical 3D
structures. The prompt emphasizes strict geometric reason-
ing and forbids any clinical or physiological interpretation.
In summary, the model is tasked with:
• analyzing the organ’s 3D geometry using the three pro-

vided views;
• describing the volumetric shape, dominant axes, convex-

ity, and proportions;
• characterizing surface morphology, including curvature

patterns, smoothness, ridges, protrusions, and indenta-
tions;

• assessing bilateral or rotational symmetry and quantifying
asymmetry;

• identifying high-level topological traits such as cavities,
branching, or major geometric landmarks; and

• providing additional structural features that could assist
downstream geometry-aware diffusion models.
The prompt explicitly limits the model to geometric and

morphological observations, instructing it to avoid using
medical terminology, diagnoses, clinical relevance, or bi-
ological functions. The aim is to produce a text description
that focuses solely on the structural characteristics of the
input 3D shape.

Output structure. GPT-4o responds with a structured
description organized into the following conceptual compo-
nents:
• an identifier for the input organ instance;
• a summary of global volumetric shape and coarse struc-

tural proportions;
• a characterization of surface-level geometric features;
• an analysis of symmetry or asymmetry patterns;
• a summary of key topological features; and
• high-level geometric guidance relevant for shape-

conditioned generative modeling.
Although internally expressed in a structured format, we

use only the distilled textual content for multimodal condi-
tioning in the Sketch2CT framework.

B. Sketch Granularity Analysis

To investigate how sketch detail influences the quality of
generated segmentation masks, we conduct a controlled
analysis using sketches derived from 2D organ snapshots.
As described in the main paper, sketch contours are gen-
erated using an edge-based extractor with a sensitivity pa-
rameter ranging from 0 to 10. Lower values produce sparse
and coarse structural outlines, while higher values generate
denser sketches with fine-grained details.

We select three representative parameter values across
this range to create sketches with increasing levels of gran-
ularity. These sketches are then input into our segmentation
generation module, while maintaining consistency with all
other model components and conditions. The results are
shown in Figure A2. Our results reveal a clear trend:

• Coarse sketches (low parameter settings) yield segmen-
tation masks with smooth, global surfaces and minimal
small-scale fluctuations. The generated structures faith-
fully capture the overall anatomical form, with stable
topology and consistent volumetric shape.

• Detailed sketches (high parameter settings) introduce ad-
ditional local variations, resulting in segmentation masks
with slightly rougher or more irregular surface patterns.
These high-detail sketches accurately capture fine contour
variations and transfer them into the predicted mask.

Despite the surface-level differences, the global anatom-
ical fidelity remains highly consistent across various lev-
els of detail. The final reconstructed 3D medical volumes
derived from these segmentation masks are visually sim-
ilar, and quantitative metrics indicate minimal variation
across different levels of sketch detail. In particular, the
Dice score between coarse and medium sketches fluctuates
within 0.02±0.01. In contrast, the Dice difference between
coarse and fine sketches remains similarly small at approx-
imately 0.06± 0.02, confirming that increased sketch detail
leads to only marginal changes in segmentation quality.

Considering both performance and computational effi-
ciency, we recommend using sketches with low to moderate
granularity. Coarse sketches offer sufficient structural guid-
ance for the multimodal diffusion model while minimizing
unnecessary local noise and reducing preprocessing over-
head. This supports a practical use case where users can
provide simple, clean sketches without compromising the
quality of downstream generation.



global shape: The structure forms a broad, 
horizontally oriented mass composed of two 
major volumetric lobes connected by a 
shallower central region. Its footprint is wide 
and flattened, with the dominant axes 
extending laterally. The left portion appears 
thicker and more convex, while the right 
portion displays a more elongated and 
tapered contour. 
surface characteristics: The surface exhibits 
a mix of smooth convex regions and 
numerous layered, terrace-like undulations 
that wrap across the volume.  
symmetry: The shape is strongly asymmetric. 
The two large lobes di!er in size, thickness, 
and curvature distribution. The right region 
has more pronounced layered striations, while 
the left region is smoother and more globular, 
reinforcing the asymmetric mass distribution.
topology: The topology is that of a single 
connected solid without holes or branching 
protrusions. It contains multiple shallow 
depressions, internal-looking concave 
surfaces, and a central notch-like indentation 
separating the two primary volumetric lobes. 

global shape: An elongated, curved tubular 
structure with a dominant vertical axis and a 
pronounced C-shaped bend near the upper 
region. The main volume tapers gradually 
from a thicker proximal segment to a narrower 
distal end. Several smaller o!shoots extend 
laterally from the main tube.
surface characteristics: Surface appears 
smooth and continuously curved with no 
sharp ridges. The upper curved segment 
shows broad, gentle convexity, while the 
descending portion exhibits a consistent 
cylindrical profile. 
symmetry: The structure is strongly 
asymmetric. The primary curvature and the 
lateral branch orientations both deviate from 
bilateral symmetry. No axial or rotational 
symmetry is apparent due to the varied 
placement and orientation of side branches.
topology: Topologically a single connected 
tubular form with multiple smaller branches 
extending from the main path. No cavities or 
closed loops are visible. The topology is tree-
like, with one dominant trunk and several 
secondary bifurcations.

global shape: The structure has an overall 
compact, bulbous mass with several 
elongated protrusions extending outward in 
di!erent directions. The main body is rounded 
and slightly tapered toward its lower end, 
while three major extensions emerge 
asymmetrically from its mid-to-upper regions. 
surface characteristics: Protrusions blend 
gradually into the main body with soft 
curvature transitions. The extended arms vary 
slightly in thickness and curvature, some 
bending gently while others remain nearly 
straight. The main mass exhibits gentle 
convexity with mild surface undulations but 
no prominent indentations.  
symmetry: The structure is highly 
asymmetric. The protrusions di!er in length, 
direction, and placement, resulting in no 
bilateral or rotational symmetry. 
topology: It is a single connected solid with 
multiple outward extensions, but no holes, 
cavities, or branching bifurcations that split 
into sub-branches. The global topology is 
compact with several single-branch 
appendage-like forms.

AVT aorta (CT) Decathlon heart (MRI)

sketch mask sketch mask sketch mask

CHAOS liver (CT)

Figure A1. Examples of textual geometry descriptions used as the text-based conditioning input in Sketch2CT. For each organ, we show the
input sketch, the generated mask, and the corresponding structured text description that captures the global shape, surface characteristics,
symmetry, and topology.
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Figure A2. Effect of sketch granularity on segmentation mask generation. For each dataset, we vary the sketch detail in three levels,
coarse, medium, and fine, and visualize the corresponding 3D masks produced by Sketch2CT. Increased sketch detail introduces more
local structural variations, while the overall anatomical geometry remains consistent across granularity levels.



C. Ablation Study
To evaluate the contribution of the core components in
Sketch2CT, we conduct an ablation study aligned with the
modules defined in the main framework. Specifically, we
examine the impact of removing: (1) TSFE, which refines
sparse sketch embeddings via text-guided FiLM modula-
tion; (2) CGFM, which performs global semantic align-
ment through hierarchical cross- and self-attention; and (3)
the segmentation latent diffusion model, which reconstructs
coherent 3D masks in latent space under multimodal con-
ditioning. For each ablated variant, synthetic images are
generated and used to train the same downstream segmenta-
tion network [18, 44] as in the main experiments. Table A1
reports Dice scores on real test sets. Removing any sin-
gle module leads to a consistent decrease in performance
across all datasets, demonstrating that all three components
play complementary roles in ensuring accurate multimodal
alignment and anatomically faithful 3D mask generation.
The full model achieves the best performance across all
benchmarks.

CHAOS liver AVT aorta Decathlon liver Decathlon heart
(CT) (CT) (CT) (MRI)

full model 0.893 0.889 0.904 0.711
w/o TSFE 0.864 0.859 0.872 0.683
w/o CGFM 0.825 0.818 0.831 0.671
w/o Seg-LDM 0.642 0.629 0.633 0.545

Table A1. Ablation study of Sketch2CT. Removing TSFE, CGFM,
or the segmentation latent diffusion model (Seg-LDM) reduces
downstream segmentation performance, confirming that all com-
ponents are essential for generating anatomically coherent and
text-aligned 3D masks.

We further analyze the individual contributions of
sketches and text by evaluating two additional variants:
sketch-only and text-only conditioning. As shown in Fig-
ure A3, relying solely on sketches leads to incomplete or
distorted 3D structures due to the inherent limitations of
single-view contours, which lack depth information and
volumetric context. Conversely, using text alone removes
spatial constraints entirely, resulting in incorrect global
shape, misplaced structures, and anatomically implausible
geometries. These observations highlight that sketches and
text provide complementary forms of guidance. Sketches
anchor the spatial structure [21, 33, 64], while text provides
semantic and morphological context, both of which are es-
sential for accurate and stable 3D mask generation.

D. Qualitative Evaluation of Generative Diver-
sity

To qualitatively demonstrate the diversity of the synthesized
volumes generated by Sketch2CT, we repeat the generation
process three times under the same sketch and text condi-
tions. As shown in Figure A4, each run produces anatom-
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Figure A3. Comparison of segmentation masks generated using
sketch-only and text-only conditions. Sketch-only guidance fails
to recover full 3D geometry due to single-view ambiguity. In con-
trast, text-only guidance yields incorrect global shape and spatial
placement, underscoring the need to combine sketches and text.

ically consistent 3D segmentation masks that follow the
shared multimodal conditioning, while the synthesized CT
volumes exhibit natural variability in texture, intensity dis-
tribution, and fine-scale appearance. This stochasticity re-
flects the inherent randomness of the diffusion process, en-
abling Sketch2CT to produce diverse yet structurally faith-
ful volumetric data. The qualitative results are consis-
tent with the quantitative findings reported in the main pa-
per, indicating that Sketch2CT maintains stable geometry
while supporting realistic appearance-level variation, which
is valuable for creating diverse synthetic datasets.
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Figure A4. Qualitative diversity demonstration using a single Decathlon liver case. Under identical sketch and text conditions, three
independent runs (r1-r3) generate anatomically consistent yet appearance-varying CT volumes, illustrating the stochastic diversity of
Sketch2CT.
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