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Abstract

Rapid advancements in medical image segmentation perfor-
mance have been significantly driven by the development of
Convolutional Neural Networks (CNNs) and Vision Trans-
formers (ViTs). These models follow discriminative pixel-
wise classification learning paradigm and often have limited
ability to generalize across diverse medical imaging datasets.
In this manuscript, we introduce Generative Medical Seg-
mentation (GMS), a novel generative approach to perform
image segmentation. GMS employs a robust pre-trained vi-
sion foundation model to extract latent representations for
images and corresponding ground truth masks, followed by
a lightweight model that learns a mapping function from the
image to the mask in the latent space. Once trained, the model
can generate estimated segmentation masks using the pre-
trained vision foundation model to decode the predicted la-
tent mask representation back into image space. The design
of GMS leads to fewer trainable parameters in the model, re-
ducing the risk of overfitting and enhancing its generalization
capability. Our experimental analysis across five open-source
datasets in different medical imaging domains demonstrates
GMS outperforms existing discriminative and generative seg-
mentation models. Furthermore, GMS is able to generalize
well across datasets of the same imaging modality from dif-
ferent centers. Our experiments suggest GMS offers a scal-
able and effective solution for medical image segmentation.

Code — https://github.com/King-HAW/GMS

Introduction
Image segmentation plays a crucial role in the field of med-
ical image analysis enabling automated, precise delineation
of anatomical and pathological structures. Automated seg-
mentation enables clinicians to obtain detailed visualizations
and quantitative assessments of lesions and other structural
anomalies, facilitating computer-aided diagnosis, treatment
planning, and monitoring disease progression, thereby en-
hancing the precision and efficacy of therapeutic interven-
tions and improving patient outcomes (Al-Dhabyani et al.
2020; Tschandl, Rosendahl, and Kittler 2018; Jha et al.
2021).
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Inaugural deep learning models designed for medical im-
age segmentation, such as UNet (Ronneberger, Fischer, and
Brox 2015) and its various adaptations (Ruan et al. 2023;
Ibtehaz and Kihara 2023), have significantly advanced the
field of medical imaging analysis. These early deep learning
image segmentation models leverage convolution kernels to
learn local patch representations from large amounts of la-
beled data. Despite their successes, models based on Convo-
lutional Neural Networks (CNNs) often have a large num-
ber of trainable parameters which can introduce challenges
in model training and increase the likelihood of overfitting
when training datasets are small. Additionally, the limited
receptive field of the convolution kernel makes it difficult
for CNN-based models to learn global context information
that can provide important guidance during image segmen-
tation. Moreover, CNN-based models struggle with gener-
alizing to unseen domains, leading to potentially substan-
tial performance drops when the test dataset distribution is
shifted from the training dataset distribution.

The Vision Transformer (ViT) (Dosovitskiy et al. 2021)
has recently been presented as a powerful alternative to
CNN-based segmentation models in medical imaging anal-
ysis. ViT can capture global semantic information that the
convolution kernel is unable to represent. Transformer-based
segmentation models, such as UCTransNet (Wang et al.
2022a) and Swin-Unet (Cao et al. 2022), leverage the trans-
former architecture to represent images as sequences of
patches, enabling the model to learn relationships across the
entire image. However, transformer-based models are re-
quired to be trained on very large datasets to achieve opti-
mal performance, which can be a major bottleneck given the
scarcity of such datasets in the medical field. Additionally,
the high computational costs needed for the multi-head at-
tention module pose practical challenges for real-time appli-
cations and deployment in environments with limited com-
putational resources. Furthermore, due to the large number
of parameters in transformer-based models, there is an in-
creased risk of overfitting when training on small datasets
with subsequent challenges of poor generalization to out-of-
domain datasets under such conditions.

Generative models, such as Generative Adversarial Net-
works (GANs) (Goodfellow et al. 2014) and Variational
Autoencoders (VAEs) (Kingma and Welling 2013), are of-
ten adopted as data augmentation techniques to improve
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Figure 1: GMS network architecture for 2D medical image segmentation. E and D represent a pre-trained vision foundation
model and weights are frozen. We utilize the model weights from the Stable Diffusion VAE for E and D. The latent mapping
model (orange box) contains convolution blocks and self-attention blocks but does not contain down-sampling layers. Such a
design helps to preserve the spatial information in the input feature vectors. Conv indicates the 2D convolution operation, and
GN represents the Group Normalization.

the performance of segmentation models (Huo et al. 2022).
However, GANs suffer from mode collapse and may fail to
give plausible outputs when the number of training sam-
ples is small (Karras et al. 2020). Image-to-image transla-
tion models have been used to perform image segmenta-
tion in a generative manner, where the image serves as the
input and the mask as the prediction. To date, the perfor-
mance of image-to-image models is well below state-of-the-
art segmentation model performance (Li et al. 2021). Re-
cently, MedSegDiff-V2 (Wu et al. 2024) utilized a diffusion
model for medical image segmentation, where a condition
model encoded images into the feature space for mask gen-
eration. However, diffusion-based approaches require repet-
itive denoising steps which lead to longer inference times.
GSS (Chen et al. 2023) is a generative semantic segmen-
tation framework designed for semantic image segmenta-
tion, where Vector Quantized Variational Autoencoder (VQ-
VAE) (Van Den Oord, Vinyals et al. 2017) was employed to
project the image and mask into a latent space, and an addi-
tional image encoder was designed and trained to match the
latent distributions between the mask and image. However,
GSS has high computational costs as the additional image
encoder is complex, requiring a large number of trainable
parameters, to translate the input image into a latent prior
distribution.

In this paper, we present Generative Medical Segmen-
tation (GMS) to perform image segmentation in a genera-
tive manner. GMS leverages a pre-trained image encoder to
obtain latent representations containing semantic informa-
tion for input images and masks, and then a latent mapping
model learns a transformation function from the image la-
tent representation to the mask latent representation. The fi-
nal segmentation mask in the image space is obtained by
decoding the transformed mask latent representation using a

pre-trained image decoder paired with the pre-trained image
encoder. In this approach, only the latent mapping model
parameters are learned from the training dataset. The pre-
trained image encoder and decoder are obtained from a vi-
sion foundation model trained on a large, general dataset.
Therefore, the latent representations are more general to un-
seen data compared to models trained only on images for the
desired specific task. We demonstrate GMS achieves the best
performance on five open-source medical image segmenta-
tion datasets across different domains. Furthermore, we per-
form an external validation experiment to demonstrate that
the inherent domain generalization ability of GMS is better
than other domain generalization methods.

Related Works
Medical Image Segmentation
Medical image segmentation has experienced rapid ad-
vancements in the last decade due to the development of
deep-learning techniques. The encoder-decoder architecture
with skip connections enables accurate image segmentation
by combining low-level and high-level features to perform
pixel-wise prediction, making UNet (Ronneberger, Fischer,
and Brox 2015) a benchmark method across various medi-
cal image segmentation tasks. Subsequent model enhance-
ments such as MultiResUNet (Ibtehaz and Rahman 2020)
and ACC-UNet (Ibtehaz and Kihara 2023) have been imple-
mented using the basic UNet architecture and integrating the
residual blocks or redesigning the hierarchical feature fusion
pipeline to gain improved segmentation performance. nnU-
Net (Isensee et al. 2021) established a guideline for tailoring
the receptive field size of convolution kernels and network
depth to specific tasks while incorporating extensive data
augmentation during model training to improve segmenta-
tion performance.
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The Vision Transformer (ViT) introduced the multi-head
attention mechanism, which captures long-range feature de-
pendencies across patches in the image, leading to stronger
feature representations for image segmentation compared to
CNN-based models. This ability to model relationships be-
tween distant pixels or features has proven highly beneficial
for medical image segmentation, where understanding the
broader context is often crucial to performing the task well.
ViT-based segmentation models (Cao et al. 2022; Wang et al.
2022b,a) have competitive results compared against tradi-
tional CNN-based models.

Generative & Foundation Models
Generative models are commonly designed for image syn-
thesis and image-to-image translation tasks. For image syn-
thesis, GANs (Goodfellow et al. 2014) and VAEs (Kingma
and Welling 2013) are often leveraged to generate more
data for downstream model training (Huo et al. 2022; Chai-
tanya et al. 2021), especially in the context of medical im-
age segmentation, as the cost of obtaining large, annotated
medical imaging datasets is high. Recently, studies have ex-
plored diffusion models to create more training instances
and alleviate data scarcity (Ye et al. 2023). However, the
iterative denoising process in diffusion models results in a
longer inference time compared to GAN or VAE-based ap-
proaches. For image-to-image translation, models developed
on CNNs (Kong et al. 2021) or ViT (Liu et al. 2023) show
satisfactory results on the MRI missing modality comple-
tion task. Currently, few generative models are designed for
performing image segmentation directly. GSS (Chen et al.
2023) is the exception, this model employs VQ-VAE (Van
Den Oord, Vinyals et al. 2017) to discretize image and mask
pairs into a finite set of latent codes, which are then recon-
structed back into the image space. An independent image
encoder is trained to match the image latent codes to the
mask latent codes.

Foundation models, such as Stable Diffusion (Rombach
et al. 2022) and Segment Anything (SAM) (Kirillov et al.
2023), are trained on large-scale datasets and are designed
to generalize across a wide range of tasks. These models are
designed to serve as a versatile starting point for numerous
tasks. Stable Diffusion utilizes a VAE to first encode the im-
age into a latent space and leverages a UNet to iteratively
denoise and reconstruct the latent embeddings, guiding the
generation process towards a high-quality output. SAM is
designed for image segmentation with a prompt that allows
user interactions to adapt the model to various segmentation
tasks with no or minimal fine-tuning. Together, these mod-
els exemplify the power and flexibility of foundation models
in addressing diverse and complex tasks such as image seg-
mentation.

Methodology
Architecture Overview
The Generative Medical Segmentation (GMS) model archi-
tecture is shown in Figure 1. Given a 2D image I and a cor-
responding segmentation mask M , the pre-trained encoder
E is used to obtain latent representations ZI and ZM of I

and M , respectively. The latent mapping model (LMM) is
trained to use ZI to predict an estimated latent representa-
tion ẐM of M . ẐM is decoded by the pre-trained decoder D
to obtain the predicted segmentation result M̂ in the original
image space. Note the weights of E and D are pre-trained
and frozen during both model training and inference, which
enables updating only the LMM parameters during training.
This approach reduces the number of trainable parameters
in the model to be much smaller compared to other state-of-
the-art deep learning segmentation models.

Image Tokenizer
The pre-trained encoder E and decoder D are treated as
an image tokenizer as they map an input from the image
space to the latent space (E) or the latent to image space
(D). The choice of an appropriate, paired E and D to ob-
tain a representative latent space for both input images and
masks is critical for GMS performance. In this work, we use
the weights of Stable Diffusion (SD) VAE (Rombach et al.
2022) for E and D. Since SD-VAE was trained on a large
natural image dataset (Schuhmann et al. 2022), it has a rich
and diverse latent information representation, leading to a
strong zero-shot generalization ability even for medical im-
ages. SD-VAE can achieve near-perfect image reconstruc-
tion, which enables the feasibility of training GMS (Rom-
bach et al. 2022).

SD-VAE is comprised of three down-sampling blocks in
E and three up-sampling blocks in D. The latent repre-
sentation Z is a 3D tensor containing spatial information
(Z ∈ R4×H

8 ×W
8 if I ∈ R3×H×W ). Such design enables

Z to have a strong feature representation, improved recon-
struction quality and enhanced the generalization of the la-
tent representation.

Latent Mapping Model (LMM)
The latent mapping model (LMM) is the key component
in GMS to map from ZI to ZM . We build the LMM to
be specifically lightweight by using 2D convolutions rather
than transformer blocks that require many parameters for
multi-head attention. Besides, we do not include any down-
sampling layers in LMM to avoid spatial information loss.
Note excluding down-sampling layers is not practical in the
original UNet model because the receptive fields of the con-
volution operations are greatly limited if no down-sampling
layers are used in the model. However, in the LMM they
are not required as the latent representation has already been
down-sampled by E . Skip connections between convolu-
tional layers are added to prevent vanishing gradients and
the loss of semantic-relevant features.

The LMM architecture is shown in the lower middle of
Figure 1 (orange box). Given ZI , which is acquired from
the pre-trained encoder E , it first goes through two convolu-
tion blocks where each block consists of a 2D convolutional
layer (Conv), a PReLU activation function, and group nor-
malization (GN) layer to obtain the feature vector F.

Next, a self-attention mechanism layer is added to bet-
ter capture global semantic relationships and facilitate fea-
ture interaction within F. Specifically, we use three inde-
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Type Model Trainable BUS BUSI
Params (M) DSC↑ IoU↑ HD95↓ DSC↑ IoU↑ HD95↓

CNN

UNet 14.0 81.50 70.77 17.68 72.27 63.00 35.42
MultiResUNet 7.3 80.41 70.33 19.22 72.43 62.59 34.19
ACC-UNet 16.8 83.40 73.51 16.49 77.19 68.51 25.49
nnUNet 20.6 85.71 78.68 11.43 79.45 70.99 22.13
EGE-UNet† 0.05 72.79 61.96 27.73 75.17 60.23 29.51

Transformer
SwinUNet 27.2 80.37 69.75 20.49 76.06 66.10 28.69
SME-SwinUNet 169.8 78.87 67.13 22.19 73.93 62.70 30.45
UCTransNet 66.4 83.44 73.74 16.33 76.55 67.50 25.46

Generative

MedSegDiff-V2 129.4 83.23 74.36 17.02 71.32 62.73 38.47
SDSeg 329.0 82.47 73.45 20.53 72.76 63.52 36.79
GSS 49.8 84.86 77.58 22.42 79.56 71.22 28.20
GMS (Ours) 1.5 88.42 80.56 6.79 81.43 72.58 19.50

Table 1: Quantitative segmentation performance on two ultrasound datasets. The best and second-best performances are bold
and underlined, respectively. † indicates fewer trainable parameters than GMS.

Type Model GlaS HAM10000 Kvasir-Instrument
DSC↑ IoU↑ HD95↓ DSC↑ IoU↑ HD95↓ DSC↑ IoU↑ HD95↓

CNN

UNet 87.99 80.01 18.45 92.24 86.93 13.74 93.82 89.23 8.71
MultiResUNet 88.34 80.34 17.42 92.74 87.60 13.02 92.31 87.03 9.49
ACC-UNet 88.60 80.84 17.14 93.20 88.44 10.83 93.91 89.73 8.74
nnUNet 87.25 78.24 20.07 93.83 89.32 9.43 93.95 90.20 8.51
EGE-UNet† 83.25 71.31 28.79 93.90 88.50 10.01 92.65 86.30 9.04

Transformer
SwinUNet 86.44 76.89 19.63 93.51 88.68 10.46 92.02 85.83 9.15
SME-SwinUNet 83.72 72.77 26.23 92.71 87.21 12.53 93.32 88.27 8.91
UCTransNet 87.17 78.80 20.79 93.45 88.73 10.91 93.27 88.48 8.84

Generative

MedSegDiff-V2 86.82 77.05 19.96 92.28 87.02 13.02 92.29 87.21 9.06
SDSeg 86.76 76.23 21.41 92.54 87.53 12.29 91.23 86.54 9.38
GSS 87.41 79.17 19.81 92.92 87.98 11.29 93.66 89.15 7.25
GMS (Ours) 88.98 81.16 16.32 94.11 89.68 9.32 94.24 90.02 7.03

Table 2: Quantitative segmentation performance on three medical datasets of different modalities. The best and second-best
performances are bold and underlined, respectively. † indicates fewer trainable parameters than GMS.

pendent convolution operations to generate query Q, key K,
and value V , respectively:
Q = WQ·F+bQ,K = WK ·F+bK , V = WV ·F+bV . (1)

Here W is the convolution kernel matrix and b is the learn-
able bias.

Then the self-attention for the query, key, and value is
computed as:

Attention(Q,K, V ) = softmax(
QKT

√
dk

)V, (2)

where dk denotes the feature channel of K, and softmax de-
notes the softmax normalization function. Due to the small
spatial size of the F, employing the self-attention mecha-
nism allows for the efficient capture of long-range depen-
dencies and interactions within the latent representations.

Loss Functions
Two loss functions are used to guide model training, a
matching loss Llm in the latent space and a segmentation

loss Lseg in the image space. Llm is formulated to enforce
similarity between ZM and ẐM . Specifically, Llm is defined
as:

Llm =
∥∥∥ZM − ẐM

∥∥∥2
2
. (3)

Lseg enforces similarity between the predicted mask M̂ and
the ground truth mask M , even where the latent representa-
tion ẐM deviates from ZM . Lseg is defined as:

Lseg = 1− 2 ∗
∑

M ⊙ M̂∑
M +

∑
M̂

, (4)

where ⊙ denotes element-wise multiplication. The final
compound loss function used for model training is:

L = Llm + Lseg. (5)
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Figure 2: Exemplar segmentation results. From top to bottom are images from the BUS, BUSI, GlaS, HAM10000, and Kvasir-
Instrument datasets. The green contours are the ground truth, and the yellow contours are the model predictions. Zoom in for
more details.

Experiments
Datasets
We evaluated the performance of GMS on five pub-
lic datasets: BUS, BUSI, GlaS, HAM10000, and Kvasir-
Instrument. BUS (Yap et al. 2017) and BUSI (Al-Dhabyani
et al. 2020) are breast lesion ultrasound datasets that con-
tain 163 and 647 images, respectively. GlaS (Sirinukunwat-
tana et al. 2017) is a colon histology segmentation challenge
dataset divided into 85 images for training and 80 images
for testing. HAM10000 (Tschandl, Rosendahl, and Kittler
2018) is a large dermatoscopic dataset that consists of 10015
images with skin lesion segmentation masks. The Kvasir-
Instrument dataset (Jha et al. 2021) contains 590 endoscopic
images with tool segmentation masks. For all datasets except
GlaS, we randomly select 80% of the images for training and
the remaining 20% for testing. We keep the official training
and testing set split of GlaS.

Implementation Details
Our framework is implemented using PyTorch v1.13, and
all model training was performed on an NVIDIA A100 40G
GPU. We use AdamW (Loshchilov and Hutter 2019) as the
training optimizer. We utilize the cosine annealing learning

rate scheduler to adjust the learning rate in each epoch with
the initial learning rate set to 2e−3. For all experiments, the
batch size was set to 8 and the total training epochs were
1000. The input image is resized to 224 × 224, and on-the-
fly data augmentations were performed during training in-
cluding random flip, random rotation, and color jittering in
the HSV domain. We set a threshold of 0.5 binarize the pre-
dicted values. We quantify segmentation performance using
Dice coefficient (DSC), Intersection over Union (IoU), and
Hausdorff Distance 95th percentile (HD95).

Comparison with State-of-the-Art Models
We compare GMS with other state-of-the-art methods to
evaluate its performance, including CNN-based methods:
UNet (Ronneberger, Fischer, and Brox 2015), MultiRe-
sUNet (Ibtehaz and Rahman 2020), ACC-UNet (Ibtehaz
and Kihara 2023), nnUNet (Isensee et al. 2021) and EGE-
UNet (Ruan et al. 2023); Transformer-based methods: Swin-
UNet (Cao et al. 2022), SME-SwinUNet (Wang et al. 2022b)
and UCTransNet (Wang et al. 2022a); and generative meth-
ods: MedSegDiff-V2 (Wu et al. 2024), SDSeg (Lin et al.
2024) and GSS (Chen et al. 2023)). We also compared
against two domain generalization models: MixStyle (Zhou
et al. 2023) and DSU (Li et al. 2022) to evaluate the inherent
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Model BUSI to BUS BUS to BUSI
DSC↑ HD95↓ DSC↑ HD95↓

UNet 62.99 47.26 53.83 96.81
MultiResUNet 61.53 53.97 56.25 94.31
ACC-UNet 64.60 42.87 47.80 135.24
nnUNet 78.39 20.53 59.13 89.32
EGE-UNet† 69.04 34.63 54.46 105.23
SwinUNet 78.38 21.94 57.47 91.63
SME-SwinUNet 74.78 25.81 58.28 91.26
UCTransNet 72.76 28.47 56.94 94.32
MixStyle 73.07 26.52 57.97 93.54
DSU 66.15 40.03 56.70 95.31
MedSegDiff-V2 69.56 32.51 55.21 98.57
SDSeg 74.03 26.32 57.03 94.61
GSS 68.74 35.74 58.72 92.57
GMS (Ours) 80.31 18.55 61.60 85.25

Table 3: Quantitative performance for domain generaliza-
tion segmentation. A to B indicates A for training and B for
testing. Best and second-best performances are bold and un-
derlined, respectively. † indicates fewer trainable parameters
than GMS.

domain generalization ability of GMS.
Quantitative comparisons of all models on the two ultra-

sound datasets are presented in Table 1. GMS achieves the
highest DSC, IoU, and HD95. We also present the train-
able parameter of each model in Table 1, only EGE-UNet
has fewer trainable parameters than GMS, and most mod-
els have between ×10 and ×100 more parameters. GMS
achieves a 2.71% and 1.87% improvement in the DSC met-
ric on the BUS and BUSI datasets, respectively, compared to
the second-best model. Additionally, for IoU and HD95 met-
rics, our approach shows improvement of 1.88% and 4.64,
respectively, over the second-best model. Transformer-based
segmentation models do not show competitive results on
these datasets, which indicates that the intrinsic long-range
modeling capability of the transformer block may not be
suitable for ultrasound images which lack chromatic infor-
mation that often aids in distinguishing different tissues. The
limited texture and low contrast in ultrasound images might
reduce the effectiveness of the multi-head attention module
in transformer-based models. nnUNet, as a powerful auto-
configuration segmentation model, beats transformer-based
models and even some generative models, and is the second-
best model on the BUS dataset. Notably, segmentation per-
formance is not correlated to the models’ number of train-
able parameters but benefits from plausible model design
and the robust representations provided by the pre-trained
vision foundation model. However, models (e.g. EGE-UNet)
that contain too few trainable parameters, may lack the ca-
pacity to capture complex patterns and relationships in the
images, leading to underfitting and poor performance on
both datasets. In contrast, models (e.g. SME-SwinUNet and
MedSegDiff-V2) with an excess of parameters can easily
overfit the training dataset, memorizing rather than gener-

alizing, which compromises performance on the test set.
Table 2 presents quantitative results on the other three

datasets, where all images are RGB representations. GMS
achieves the best segmentation performance except for the
IoU metric on the Kvasir-Instrument dataset. It is worth not-
ing that not all generative segmentation models outperform
other discriminative models, which proves the importance
of design when applying the generative model framework.
MedSegDiff-V2 employs an encoder-decoder model to em-
bed images as conditions for guiding the denoising step,
yet its performance remains below CNN and transformer
based models. SDSeg utilized the Stable Diffusion model
to generate latent representations and further decode them
as predicted masks. Additionally, SDSeg proposed a train-
able encoder to embed the image into the latent space as
the condition for the denoising step. This design does not
maximize the use of the knowledge encapsulated in the pre-
trained vision foundation model, which may account for
its poorer performance. GMS outperforms both CNN-based
and transformer-based models, suggesting that generative
models when carefully designed can be suitable for a wide
variety of segmentation tasks.

Domain Generalization Ability
We evaluated all models on their ability to segment im-
ages within the same modality but collected at different cen-
ters on different machines to demonstrate model domain
generalization ability. Specifically, we train the model us-
ing the training set from one dataset but evaluate the per-
formance on a different dataset. This experiment was per-
formed with the BUS and BUSI datasets interchangeably
as training and test sets since they are the same modalities
(breast ultrasound) but acquired from different centers and
vendors. Therefore, the data distributions of the training and
test sets are not aligned. Quantitative results are shown in
Table 3, where GMS outperforms all other models in terms
of DSC and HD95. In particular, nnUNet demonstrates pow-
erful domain generalization abilities on both datasets, due to
its network architecture and the use of data augmentation
techniques. However, GMS surpasses nnUNet by around
2% for DSC. We also recruited two domain generalization
methods (MixStyle and DSU) for comparison. MixStyle and
DSU were implemented based on DeepLab-V3 (Chen et al.
2017) and employed the ResNet50 (He et al. 2016) as the en-
coder. GMS is better than two domain generalization meth-
ods, which demonstrates the powerful domain generaliza-
tion ability of our model. The improvements achieved by
our model are likely due to the latent representations derived
from the pre-trained large vision model, which are domain-
agnostic as it was trained on a large, general-purpose dataset.
Additionally, GMS has fewer trainable parameters com-
pared to the other generative models, which further reduces
the likelihood of overfitting the model to the training set.

Qualitative Segmentation Results
Qualitative segmentation results for different models are
shown in Figure 2. The yellow and green lines denote the
contours of predictions and ground truth, respectively. In
images acquired from the BUS and BUSI datasets (top two
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Llm Lseg
BUSI HAM10000 Kvasir

DSC↑ IoU↑ HD95↓ DSC↑ IoU↑ HD95↓ DSC↑ IoU↑ HD95↓
✓ 80.25 71.26 21.57 93.92 89.41 9.95 92.93 88.28 10.21

✓ 78.75 69.87 24.78 93.64 88.99 10.27 93.00 88.47 10.68
✓ ✓ 81.43 72.58 19.50 94.11 89.68 9.32 94.24 90.02 7.03

Table 4: Quantitative segmentation performance on three datasets for ablation study using different loss functions.

Image Tokenizer BUSI HAM10000 Kvasir
DSC↑ IoU↑ HD95↓ DSC↑ IoU↑ HD95↓ DSC↑ IoU↑ HD95↓

VQ-VAE 79.23 70.34 24.57 92.77 87.61 13.34 92.47 88.31 9.73
SD-VAE 81.43 72.58 19.50 94.11 89.68 9.32 94.24 90.02 7.03

Table 5: Quantitative segmentation performance on three datasets using different image tokenizers.

Model GPU GFLOPS Infer Speed
Memory (samples / s)

UNet 2.02 25.13 36.65
UCTransNet 6.03 38.61 26.67
MedSegDiff-V2 26.32 972.66 0.31
SDSeg 29.80 655.34 8.36
GSS 18.11 476.28 9.02
GMS (Ours) 11.86 341.30 15.38

Table 6: Computational complexity analysis of GMS and
other models.

rows), breast lesions show regular shapes, but the segmenta-
tion results of other models are often irregular causing over-
or under-segmentation. GMS shows the most consistent re-
sults compared with the ground truth, which also proves
the superiority of GMS. For the histology and dermatology
images (the third and fourth rows), there are some regions
with highly similar appearances to the target area, which
leads to false positive segmentation results in the CNN and
transformer-based models. However, GMS is still able to
accurately segment those images with complex or mislead-
ing patterns. For the endoscopic image (last row), generative
methods (GSS and our approach) give the most accurate pre-
dictions, which demonstrates the advantages of employing
large pre-trained vision models for the segmentation task.

Sensitivity Analysis
Ablation Studies on Loss Function. We performed an
ablation study on different loss function combinations for
BUSI, HAM10000, and Kvasir-Instrument datasets. As
shown in Table 4, the compound loss (Llm + Lseg) always
has the best segmentation performance regardless of dataset
size or modality. Interestingly, different datasets have dif-
ferent supervision preferences. GMS using only Llm for
model training performs better on BUSI and HAM10000
datasets, which implies supervision in the latent space is
more effective compared to the image space. However,
GMS performance is better for Lseg when training on the
Kvasir-Instrument dataset, indicating supervision in the im-

age space is more important. The compound loss having the
best performance suggests supervision in the image and la-
tent space are both important for achieving the best perfor-
mance.

Image Tokenizer Effectiveness. We evaluated two pre-
trained image tokenizers to assess their performances across
three datasets. VQ-VAE (Van Den Oord, Vinyals et al. 2017)
is a variant of VAE, incorporating a vector quantization step
to generate discrete latent representations. Table 5 displays
the results using VQ-VAE and SD-VAE (default tokenizer
used in GMS) as the image tokenizers. SD-VAE improves
DSC by up to 2.2% and reduces the HD95 by up to 5.07,
indicating that SD-VAE is more suitable for image tokeniza-
tion compared to VQ-VAE. The performance improvements
also affirm the appropriateness of SD-VAE for handling di-
verse image segmentation tasks.

Computational Complexity We evaluated the computa-
tional complexity of each model on three metrics: GPU
memory usage, GFLOPS, and inference speed. Results are
shown in Table 6. Compared to CNN and Transformer-
based models, GMS has larger GPU memory usage, higher
GFLOPS, and slower inference speed since it contains many
self-attention modules. However, GMS has less computa-
tional complexity than other generative segmentation mod-
els, underscoring its efficiency.

Conclusion
We present Generative Medical Segmentation (GMS), a gen-
erative approach to performing medical image segmenta-
tion. GMS leverages a pre-trained vision foundation model
to obtain latent representations of both images and masks,
and we design a lightweight latent mapping model that
learns a mapping function from image latent representa-
tions to mask latent representations. Experiments on five
datasets show that GMS outperforms the state-of-the-art dis-
criminative and generative segmentation models. Moreover,
we prove that the domain generalization ability of GMS
is stronger than other well-designed domain generalization
models. In the future, we will explore extending GMS to
3D medical images by selecting an appropriate pre-trained
model for 3D images.
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