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Abstract

We present Generative Semantic Segmentation (GSS), a
generative learning approach for semantic segmentation.
Uniquely, we cast semantic segmentation as an image-
conditioned mask generation problem. This is achieved
by replacing the conventional per-pixel discriminative learn-
ing with a latent prior learning process. Specifically, we
model the variational posterior distribution of latent vari-
ables given the segmentation mask. To that end, the seg-
mentation mask is expressed with a special type of image
(dubbed as maskige). This posterior distribution allows to
generate segmentation masks unconditionally. To achieve
semantic segmentation on a given image, we further intro-
duce a conditioning network. It is optimized by minimizing
the divergence between the posterior distribution of maskige
(i.e. segmentation masks) and the latent prior distribution
of input training images. Extensive experiments on standard
benchmarks show that our GSS can perform competitively to
prior art alternatives in the standard semantic segmentation
setting, whilst achieving a new state of the art in the more
challenging cross-domain setting.

1. Introduction
The objective of semantic segmentation is to predict a

label for every single pixel of an input image [32]. Condi-
tioning on each pixel’s observation, existing segmentation
methods [4,9,50,56] naturally adopt the discriminative learn-
ing paradigm, along with dedicated efforts on integrating
task prior knowledge (e.g., spatial correlation) [9, 23, 46, 56].
For example, existing methods [4, 50, 56] typically use a
linear projection to optimize the log-likelihood classification
for each pixel. Despite the claim of subverting per-pixel clas-
sification, the bipartite matching-based semantic segmenta-
tion [8,9] still cannot avoid the per-pixel max log-likelihood.

In this paper, we introduce a new approach, Genera-
tive Semantic Segmentation (GSS), that formulates seman-
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Figure 1. Schematic comparison between (a) conventional discrim-
inative learning and (b) our generative learning based model for
semantic segmentation. Our GSS introduces a latent variable z
and, given the segmentation mask c, it learns the posterior distri-
bution of z subject to the reconstruction constraint. Then, we train
a conditioning network to model the prior of z by aligning with
the corresponding posterior distribution. This formulation can thus
generate the segmentation mask for an input image.

tic segmentation as an image-conditioned mask generation
problem. This conceptually differs from the conventional for-
mulation of discriminative per-pixel classification learning,
based on the log-likelihood of a conditional probability (i.e.
the classification probability of image pixels). Taking the
manner of image generation instead [24,44], we generate the
whole segmentation masks with an auxiliary latent variable
distribution introduced. This formulation is not only simple
and more task-agnostic, but also facilitates the exploitation
of off-the-shelf big generative models (e.g. DALL·E [39]
trained by 3 billion iterations on a 300 million open-image
dataset, far beyond both the data scale and training cost of
semantic segmentation).
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However, achieving segmentation segmentation in a
generic generation framework (e.g. the Transformer archi-
tecture [15]) is non-trivial due to drastically different data
format. To address this obstacle, we propose a notion of
maskige that expresses the segmentation mask in the RGB
image form. This enables the use of a pretrained latent
posterior distribution (e.g. VQVAE [39]) of existing gener-
ative models. Our model takes a two-stage optimization:
(i) Learning the posterior distribution of the latent variables
conditioned on the semantic segmentation masks so that
the latent variables can simulate the target segmentation
masks; To achieve this, we introduce an fixed pre-trained
VQVAE [39] and a couple of lightweight transformation
modules, which can be trained with minimal cost, or they
can be manually set up without requiring any additional
training. In either case, the process is efficient and does
not add significant overhead to the overall optimization. (ii)
Minimizing the distance between the posterior distribution
and the prior distribution of the latent variables given input
training images and their masks, enabling to condition the
generation of semantic masks on the input images. This can
be realized by a generic encoder-decoder style architecture
(e.g. a Transformer).

We summarize the contributions as follows. (i) We pro-
pose a Generative Semantic Segmentation approach that
reformulates semantic segmentation as an image-conditioned
mask generation problem. This represents a conceptual shift
from conventional discriminative learning based paradigm.
(ii) We realize a GSS model in an established conditional
image generation framework, with minimal need for task-
specific architecture and loss function modifications while
fully leveraging the knowledge of off-the-shelf generative
models. (iii) Extensive experiments on several semantic
segmentation benchmarks show that our GSS is competitive
with prior art models in the standard setting, whilst achieving
a new state of the art in the more challenging and practical
cross-domain setting (e.g. MSeg [26]).

2. Related work
Semantic segmentation Since the inception of FCN [32], se-
mantic segmentation have flourished by various deep neural
networks with ability to classify each pixel. The follow-up
efforts then shift to improve the limited receptive field of
these models. For example, PSPNet [55] and DeepLabV2 [3]
aggregate multi-scale context between convolution layers.
Sequentially, Nonlocal [47], CCNet [21], and DGMN [54]
integrate the attention mechanism in the convolution struc-
ture. Later on, Transformer-based methods (e.g. SETR [56]
and Segformer [50]) are proposed following the introduction
of Vision Transformers. More recently, MaskFormer [9]
and Mask2Former [8] realize semantic segmentation with
bipartite matching. Commonly, all the methods adopt the
discriminative pixel-wise classification learning paradigm.

This is in contrast to our generative semantic segmentation.

Image generation In parallel, generative models [15, 39]
also excel. They are often optimized in a two-stage train-
ing process: (1) Learning data representation in the first
stage and (2) building a probabilistic model of the encod-
ing in the second stage. For learning data representation,
VAE [24] reformulates the autoencoder by variational in-
ference. GAN [19] plays a zero-sum game. VQVAE [44]
extends the image representation learning to discrete spaces,
making it possible for language-image cross-model genera-
tion. [27] replaces element-wise errors of VAE with feature-
wise errors to capture data distribution. For probabilistic
model learning, some works [14, 40, 49] use flow for joint
probability learning. Leveraging the Transformers to model
the composition between condition and images, Esser et
al. [15] demonstrate the significance of data representation
(i.e. the first stage result) for the challenging high-resolution
image synthesis, obtained at high computational cost. This
result is inspiring to this work in the sense that the diverse
and rich knowledge about data representation achieved in
the first stage could be transferable across more tasks such
as semantic segmentation.

Generative models for visual perception Image-to-image
translation made one of the earliest attempts in generative
segmentation, with far less success in performance [22].
Some good results were achieved in limited scenarios such as
face parts segmentation and Chest X-ray segmentation [28].
Replacing the discriminative classifier with a generative
Gaussian Mixture model, GMMSeg [29] is claimed as gen-
erative segmentation, but the most is still of discriminative
modeling. The promising performance of Pix2Seq [7] on
several vision tasks leads to the prevalence of sequence-to-
sequence task-agnostic vision frameworks. For example,
Unified-I/O [33] supports a variety of vision tasks within
a single model by seqentializing each task to sentences.
Pix2Seq-D [6] deploys a hierarchical VAE (i.e. diffusion
model) to generate panoptic segmentation masks. This
method is inefficient due to the need for iterative denoising.
UViM [25] realizes its generative panoptic segmentation by
introducing latent variable conditioned on input images. It
is also computationally heavy due to the need for model
training from scratch. To address these issues, we introduce
a notion of maskige for expressing segmentation masks in
the form of RGB images, enabling the adopt of off-the-shelf
data representation models (e.g. VGVAE) already pretrained
on vast diverse imagery. This finally allows for generative
segmentation model training as efficiently as conventional
discriminative counterparts.
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Figure 2. An illustration of our efficient latent posterior learning. Instead of training a maskige encoder-decoder, we utilize a well
pretrained VQVAE [44] (gray blocks) and optimize the transformations X and X−1 (green blocks). To optimize X and X−1 with gradient
descent, we employ the Gumbel softmax relaxation technique [34]. “Rec.”: Reconstructed.
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Figure 3. Illustration of latent prior learning (top) and genera-
tive inference pipeline (bottom). During training, for latent prior
learning, we optimize the image encoder Iψ while freezing the
maskige encoder Eϕ. The objective is to minimize the divergence
(e.g. cross entropy loss) between the prior distribution and the pos-
terior distribution of latent tokens. During generative inference, we
use the prior z ∼ p(z|x) inferred by Iψ to generate the maskige
with maskige decoder Dθ . “Pred.”: Predicted.

3. Methodology
3.1. GSS formulation

Traditionally, semantic segmentation is formulated as a
discriminative learning problem as

max
π

log pπ(c|x) (1)

where x ∈ RH×W×3 is an input image, c ∈ {0, 1}H×W×K

is a segmentation mask in K semantic categories, and pπ is

a discriminative pixel classifier. Focusing on learning the
classification boundary of input pixels, this approach enjoys
high data and training efficiency [37].

In this work, we introduce Generative Semantic Seg-
mentation (GSS) by introducing a discrete L-dimension
latent distribution qϕ(z|c) (with z ∈ ZL) to the above log-
likelihood as:

log p(c|x) ≥ Eqϕ(z|c)
[
log

p(z, c|x)
qϕ(z|c)

]
,

which is known as the Evidence Lower Bound (ELBO) [24]
(details are given in the supplementary material). Expanding
the ELBO gives us

Eqϕ(z|c) [log pθ(c|z)]−DKL

(
qϕ(z|c), pψ(z|x)

)
, (2)

where we have three components in our formulation:
• pψ: An image encoder (denoted as Iψ) that models the
prior distribution of latent tokens z conditioned on the input
image x.
• qϕ: A function that encodes the semantic segmentation
mask c into discrete latent tokens z, which includes a
maskige encoder (denoted as Eϕ, implemented by a VQ-
VAE encoder [44]) and a linear projection (denoted as X ,
which will be detailed in Section 3.3).
• pθ: A function that decodes the semantic segmentation
mask c from the discrete latent tokens z, which includes a
maskige decoder (denoted Dθ, implemented by a VQVAE
decoder [44]) and X−1 (the inverse process of X ).

Architecture The architecture of GSS comprises three com-
ponents: Iψ, Eϕ and Dθ. Eϕ and Dθ are implemented as
VQVAE encoder and decoder [44], respectively. Meanwhile,
Iψ is composed of an image backbone R(e.g. esNet [20]
or Swin Transformer [31]) and a Multi-Level Aggregation
(MLA). As an essential part, MLA is constructed using
D shifted window Transformer layers [31] and a linear
projection layer. The resulting output is a discrete code
z ∈ ZH/d×W/d, where d denotes the downsample ratio.
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Optimization Compared to the log-likelihood in discrimi-
native models, optimizing the ELBO of a general model is
more challenging [37]. End-to-end training cannot reach a
global optimization. For Eq. (2), often we name the first
term Eqϕ(z|c) [log pθ(c|z)] as a reconstruction term and the
second KL-divergence as the prior term. In the next section
we will introduce the optimization of this ELBO.

3.2. ELBO optimization for semantic segmentation

The ELBO optimization process for semantic segmen-
tation involves two main steps, as described in [39]. The
first step is latent posterior learning, also known as recon-
struction (see Figure 2). Here, the ELBO is optimized with
respect to θ and ϕ through training a VQVAE [44] to re-
construct the desired segmentation masks. The second step
is latent prior learning (see Figure 3). Once θ and ϕ are
fixed, an image encoder ψ is optimized to learn the prior
distribution of latent tokens given an input image.

Typically, the first stage of ELBO optimization is both
most important and most expensive (much more than many
discriminative learning counterparts) [15]. To address this
challenge, we propose an efficient latent posterior learning
process.

3.3. Stage I: Efficient latent posterior learning

During the first stage (shown in Figure 2), the initial prior
pψ(z|x) is set as the uniform distribution. Conventionally,
the first stage latent posterior training is conducted by

min
θ,ϕ

Eqϕ(z|c)∥pθ(c|z)− c∥. (3)

To optimize Eq. (3) more efficiently, we introduce a random
variable transformation X : RK → R3, its pseudo-inverse
function X−1 : R3 → RK , and the maskige decoder Dθ.
Applying expectation with transformed random variable, we
have

min
ϕ̂,θ̂

Eqϕ̂(ẑ|X (c))∥Dθ̂(ẑ)−X (c)∥

+min
X−1

Eqϕ̂(ẑ|X (c))∥X−1(Dθ̂(ẑ))− c∥. (4)

Please refer to supplementary material for more details. Then
we find that X (c) = x(c) ∈ RH×W×3 can be regarded as
a kind of RGB image, where each category is represented
by a specific color. For convenience, we term it maskige.
Therefore, the optimization can be rewritten as

min
ϕ̂,θ̂

Eqϕ̂(ẑ|xc)∥Dθ̂(ẑ)− x(c)∥

+min
X−1

Eqϕ̂(ẑ|X (c))∥X−1(x̂(c))− c∥, (5)

where x̂(c) = Dθ̂(ẑ). Now, the first term of Eq. (5) can
be regarded as an image reconstruction task (see Figure 2).

In practice, this has been already well optimized by [15,
39] using million-scale datasets. This allows us to directly
utilize the off-the-shelf pretrained models. As such, our
optimization problem can be simplified as:

min
X−1

Eqϕ̂(ẑ|X (c))∥X−1(x̂(c))− c∥. (6)

Note that the parameters (0.9K∼466.7K in our designs) of
X and X−1 are far less than θ, ϕ (totally 29.1M parameters
with the VQVAE from [39]), thus more efficient and cheaper
to train. Concretely, we only optimize the small X while
freezing θ, ϕ. Following [6, 25], we use cross-entropy loss
instead of MSE loss in Eq. (6) for a better minimization
between segmentation masks.

Linear maskige designs The optimization problem for X
and X−1 is non-convex, making their joint optimization
challenging. To overcome this issue, we optimize X and
X−1 separately. For simplicity, we model both X and X−1

as linear functions (linear assumption). Specifically, we
set x(c) = cβ where β ∈ RK×3, and ĉ = x̂(c)β† where
β† ∈ R3×K . Under the linear assumption, we can transfer
Eq. (6) into a least squares problem with an explicit solution
β† = β⊤(ββ⊤)−1, so that X−1 is free of training.

To enable zero-cost training of X , we can also manually
set the value of β properly. We suggest a maximal distance
assumption for selecting the value of β to encourage the en-
coding of K categories to be as widely dispersed as possible
in the three-dimensional Euclidean space R3. More details
are provided in the supplementary material.

Non-linear maskige designs For more generic design, non-
linear models (e.g. CNNs or Transformers) can be also used
to express X−1. (non-linear assumption)

Concrete maskige designs We implement four optimiza-
tion settings for X and/or X−1 with varying training budgets.
We define the naming convention of “GSS-[F/T] [F/T] (-O)”
in the following rules. (i) Basic settings “-[F/T] [F/T]” on
whether X and/or X−1 require training: “F” stands for Free
of training, and “T” for Training required. (ii) Optional set-
tings “-O” (e.g. “R” or “W”) which will be explained later
on. All GSS variants are described below.
• GSS-FF (training free): Modeling both X and X−1 using
linear functions, with β initialized under maximal distance
assumption, and β† optimized using least squares. For com-
parison, we will experiment with GSS-FF-R, where β is
Randomly initialized.
• GSS-FT (training required): Modeling X using a linear
function but modeling X−1 using a non-linear function (e.g.
a three-layer convolutional neural network). We initialize β
with maximal distance assumption and optimize X−1 with
gradient descent. A stronger design GSS-FT-W utilizes a
single-layer Shifted Window Transformer block [31] as the
non-linear X−1. Notably, we train X and X−1 separately,
as described in Section 4.1.
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• GSS-TF (training required): Modeling both X and X−1

using linear functions. We train β with gradient descent and
optimize β† with least squares according to β.
• GSS-TT (training required): Modeling X using a linear
function but modeling X−1 using a non-linear function (e.g.
a three-layer CNN). We jointly train both functions using
gradient descent.

To perform end-to-end optimization of the X function us-
ing gradient descent for both GSS-TF&TT, a hard Gumbel-
softmax relaxation technique [34] is used. This involves
computing the argmax operation during the forward step,
while broadcasting the gradients during the backward step.
Our linear designs (i.e. GSS-FF&FF-R) is training free with
zero cost. Our non-linear assumption based designs (e.g.
GSS-FT&FT-W) has high performance potential at accept-
able training cost (see Section 4.2).

3.4. Stage II: Latent prior learning

We show in Figure 3 (Top) the latent prior learning. In
this stage, we learn the prior joint distribution between mask
latent representation z and images x, with ϕ, θ both fixed.

Objective The optimization target of this stage is the second
term of Eq. (2):

min
ψ
DKL

(
qϕ(z|c), pψ(z|x)

)
,

where z is in a discrete space of codebook-sized (e.g. 8192
in [39]) integers. The objective is to minimize the distance
between the discrete distribution of z predicted by latent
prior encoder pψ and the z given by VQVAE. Since the
entropy of qϕ is fixed (i.e.the ground truth), we can use the
cross-entropy function to measure their alignment.

Unlabeled area auxiliary Due to high labeling cost and
challenge, it is often the case that a fraction of areas per im-
age are unlabeled (i.e. unknown/missing labels). Modeling
per-pixel conditional probability p(c|x) in existing discrimi-
native models, this issue can be simply tackled by ignoring
all unlabeled pixels during training.

In contrast, generative models (e.g. UViM [25] and our
GSS) are trained at the latent token level, without flexible
access to individual pixels. As a result, unlabeled pixels
bring about extra challenges, as they can be of objects/stuff
of any categories heterogeneously. Without proper handling,
a generative model may learn to classify difficult pixels as the
unlabelled and hurting the final performance (see Figure 4).

To address this problem, we exploit a pseudo labeling
strategy. The idea is to predict a label for each unlabeled
pixel. Specifically, we further introduce an auxiliary head
pξ(c̄|z) during latent prior learning (i.e. state II) to label all
unlabeled areas. Formally, we form an enhanced ground-
truth mask by c̃ =Mu · c̄+ (1−Mu) · c where Mu masks
out labeled pixels, c̄ denotes the pseudo labels, and c̃ denotes

the labels after composition. The training objective of this
stage cane be then revised as:

min
ψ
DKL (qϕ(z|c), pψ(z|x)) + pξ(c̄|z). (7)

3.5. Generative inference

As illustrated in Figure 3 (bottom), we first take the latent
tokens z that are predicted by the image encoder Iψ, and
feed them into the maskige decoder Dθ to generate the
predicted maskige x̂(c). Next, we apply the inverse trans-
formation X−1 (Section 3.3) to the predicted maskige to
obtain the final segmentation mask ĉ.

4. Experiment
4.1. Experimental setup

Cityscapes [11] provides pixel-level annotations for 19 ob-
ject categories in urban scene images at a high resolution of
2048× 1024. It contains 5000 finely annotated images, split
into 2975, 500 and 1525 images for training, validation and
testing respectively.

ADE20K [57] is a challenging benchmark for scene parsing
with 150 fine-grained semantic categories. It has 20210,
2000 and 3352 images for training, validation and testing.

MSeg [26] is a composite dataset that unifies multiple se-
mantic segmentation datasets from different domains. In
particular, the taxonomy and pixel-level annotations are
aligned by relabeling more than 220,000 object masks in
over 80,000 images. We follow the standard setting: the
train split [2, 3, 11, 30, 38, 42, 45, 51] for training a unified
semantic segmentation model, the test split (unseen to model
training) [1, 12, 16, 18, 36, 53] for cross-domain validation.

Evaluation metrics The mean Intersection over Union
(mIoU) and pixel-level accuracy (mAcc) are reported for all
categories, following the standard evaluation protocol [11].

Implementation details We operate all experiments on mm-
segmentation [10] with 8 NVIDIA A6000 cores. (i) Data
augmentation: Images are resized to 1024 × 2048 on
Cityscapes, 512 × 2048 on ADE20K and MSeg, and ran-
dom cropped (768 × 768 on cityscapes and 512 × 512 on
ADE20K and MSeg) and random horizontal flipped during
training. No test time augmentation is applied. (ii) Train-
ing schedule for latent prior learning: The batch size is
16 on Cityscapes and MSeg and 32 on ADE20K. The total
number of iterations is 80,000 on Cityscapes and 160,000
on ADE20K and MSeg.

4.2. Ablation studies

Latent posterior learning We evaluate the variants of latent
posterior learning as described in Section 3.3. We observe
from Table 1 that: (i) GSS-FF comes with no extra training
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—————Image ————————Ground Truth ——————without auxiliary —————–with auxiliary——–
Figure 4. Qualitative results of unlabeled area auxiliary on Cityscapes [11] dataset.

GSS variants mIoU Training time

GSS-FF-R 62.83 0
GSS-FF 84.31 0
GSS-FT 86.10 ≤20
GSS-TF 84.37 ≤5
GSS-TT 36.11 ≤5
GSS-FT-W 87.73 ≤350

Table 1. Ablation on the variants of latent posterior learning on
the val set of ADE20K. Metrics: The maskige reconstruction
performance in mIoU, as well as the training time in GPU hours
(i.e., effective single-core hours).

Design Maskige? Cityscapes ADE20K Train time

VQGAN [15] % 82.16 81.89 ≤500
VQGAN [15] ✓ 75.09 42.70 ≤100
UViM [25] % 89.14 78.98 ≤2,000
DALL·E [39] ✓ 95.17 87.73 ≤350

Table 2. Ablation on maskige reconstruction by different
VQVAE designs on Cityscapes semantic val split and ADE20k
val split. In case of no maskige, we directly reconstruct the
segmentation mask with K (the number of classes) channels. Unit
for training time is GPU hour (i.e. the effective single-core hour).

d Unlabel MLA mIoU mAcc

1/8 40.64 52.55
1/8 ✓ 43.72 56.08
1/4 ✓ 43.98 56.11
1/4 ✓ ✓ 46.29 57.84

Table 3. Ablation on latent prior learning on the val split of
ADE20K. “Unlabel” denotes unlabeled area auxiliary, and “MLA”
denotes Multi-Level Aggregation. “d” is the downsample ratio of
discrete mask representation size between input image size.

cost. Whilst UViM consumes nearly 2K GPU hours for train-
ing a VQVAE with similar performance achieved [25]. (ii)
The randomly initialized β (i.e. GSS-FF-R) leads to consider-
able degradation on the least square optimization. (iii) With
our maximal distance assumption, the regularized β of GSS-
FF brings clear improvement, suggesting the significance
of initialization and its efficacy of our strategy. (iv) With
three-layer conv network with activation function for X−1,
GSS-FT achieves good reconstruction. Further equipping
with a two-layer Shifted Window Transformer block [31]

Method Pretrain Backbone Iteration mIoU

- Discriminative modeling:

FCN [32] 1K ResNet-101 80k 77.02
PSPNet [55] 1K ResNet-101 80k 79.77
DeepLab-v3+ [5] 1K ResNet-101 80k 80.65
NonLocal [47] 1K ResNet-101 80k 79.40
CCNet [21] 1K ResNet-101 80k 79.45
Maskformer [9] 1K ResNet-101 90k 78.50
Mask2former [8] 1K ResNet-101 90k 80.10
SETR [56] 22K ViT-Large 80k 78.10
UperNet [48] 22K Swin-Large 80k 82.89
Maskformer [9] 22K Swin-Large 90k 78.50
Mask2former [8] 22K Swin-Large 90k 83.30
SegFormer [50] 1K MiT-B5 160k 82.25

- Generative modeling:

UViM† [25] 22K Swin-Large 160k 70.77
GSS-FF (Ours) 1K ResNet-101 80k 77.76
GSS-FT-W (Ours) 1K ResNet-101 80k 78.46
GSS-FF (Ours) 22K Swin-Large 80k 78.90
GSS-FT-W (Ours) 22K Swin-Large 80k 80.05

Table 4. Performance comparison on the Cityscapes val split:
UViM† [25] is reproduced by us on PyTorch. “1K” means pre-
trained on ImageNet 1K [13] while “22K” means pretrained on
ImageNet 22K [13].

Method Pretrain Backbone Iteration mIoU

- Discriminative modeling:

FCN [32] 1K ResNet-101 160k 41.40
CCNet [21] 1K ResNet-101 160k 43.71
DANet [17] 1K ResNet-101 160k 44.17
UperNet [48] 1K ResNet-101 160k 43.82
Deeplab V3+ [5] 1K ResNet-101 160k 45.47
Maskformer [9] 1K ResNet-101 160k 45.50
Mask2former [8] 1K ResNet-101 160k 47.80
OCRNet [52] 1K HRNet-W48 160k 43.25
SegFormer [50] 1K MiT-B5 160k 50.08
SETR [56] 22K ViT-Large 160k 48.28

- Generative modeling:

UViM† [25] 22k Swin-Large 160k 43.71
GSS-FF (Ours) 22K Swin-Large 160k 46.29
GSS-FT-W (Ours) 22K Swin-Large 160k 48.54

Table 5. Performance comparison with previous art methods on
the ADE20K val split. UViM† [25] is reproduced by ourselves.

for X−1 (i.e. GSS-FT-W) leads to the best result at a cost of
extra 329.5 GPU hours. This is due to more accurate trans-
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Method Backbone Iteration VOC [16] Context [36] CamVid [1] WildDash [53] KITTI [18] ScanNet [12] h. mean

- Discriminative modeling:

CCSA [35] HRNet-W48 500k 48.9 - 52.4 36.0 - 27.0 39.7
MGDA [41] HRNet-W48 500k 69.4 - 57.5 39.9 - 33.5 46.1
MSeg [26] HRNet-W48 500k 70.7 42.7 83.3 62.0 67.0 48.2 59.2
MSeg† [26] HRNet-W48 160k 63.8 39.6 73.9 60.9 65.1 43.5 54.9
MSeg† [26] Swin-Large 160k 78.7 47.5 75.1 66.1 68.1 49.0 61.7

- Generative modeling:

GSS-FF (Ours) HRNet-W48 160k 64.1 37.1 72.3 59.3 62.0 40.6 52.6
GSS-FT-W (Ours) HRNet-W48 160k 65.2 38.8 75.2 62.5 66.2 43.1 55.2
GSS-FF (Ours) Swin-Large 160k 78.7 45.8 74.2 61.8 65.4 46.9 59.5
GSS-FT-W (Ours) Swin-Large 160k 79.5 47.7 75.9 65.3 68.0 49.7 61.9

Table 6. Cross-domain semantic segmentation performance on MSeg dataset test split. “h. mean” is the harmonic mean [26].
MSeg† [26] is reproduced by us on MMSegmentation [10]

Sharing Iψ Sharing maskiage GSS-FF GSS-FT-W

78.9 80.5
✓ 78.0 79.5

✓ ✓ 76.6 78.4

Table 7. Transferring the maskiage and image encoder Iψ
from MSeg to Cityscapes (val split). Metric: mIoU.

lation from predicted maskige to segmentation mask. (v)
Interestingly, with automatic β optimization, GSS-TF brings
no benefit over GSS-FF. (vi) Further, joint optimization of
both X and X−1 (i.e. GSS-TT) fails to achieve the best per-
formance. (vii) In conclusion, GSS-FF is most efficient with
reasonable accuracy, whilst GSS-FT-W is strongest with
good efficiency.
VQVAE design We examine the effect of VQVAE in the
context of maskige. We compare three designs: (1) UViM-
style [25]: Using images as auxiliary input to reconstruct a
segmentation mask in form of K-channels (K is the class
number) in a ViT architecture. In this no maskige case,
the size of segmentation mask may vary across different
datasets, leading to a need for dataset-specific training. This
scheme is thus more expensive in compute. (2) VQGAN-
style [15]: Using a CNN model for reconstructing natural im-
ages (maskige needed for segmentation mask reconstruc-
tion) or K-channel segmentation masks (no maskige case)
separately, both optimized in generative adversarial training
manner with a smaller codebook. (3) DALL·E-style [39]:
The one we adopt, as discussed earlier. We observe from
Table 2 that: (i) Due to the need for dataset specific train-
ing, UViM-style is indeed more costly than the others. This
issue can be well mitigated by our maskige with the first
stage training cost compressed dramatically, as evidenced
by DALL·E-style and VQGAN-style. Further, the inferi-
ority of UViM over DALL·E suggests that our maskige
is a favored strategy than feeding image as auxiliary input.
(ii) In conclusion, using our maskige and DALL·E pre-
trained VQVAE yields the best performance in terms of both
accuracy and efficiency.

Latent prior learning We ablate the second training stage
for learning latent joint prior. The baseline is GSS-FF with-
out the unlabeled area auxiliary and Multi-Level Aggrega-
tion (MLA, including a 2-layer Swin block [31]), under 1/8
downsample ratio. We observe from Table 3 that: (i) Our
unlabeled area auxiliary boosts the accuracy by 3.1%, sug-
gesting the importance of complete labeling which however
is extremely costly in semantic segmentation. (ii) Increasing
the discrete mask representation resolution is slightly useful.
(iii) The MLA plays another important role, e.g. giving a
gain of 2.3%.

4.3. Single-domain semantic segmentation

We compare our GSS with prior art discriminative meth-
ods and the latest generative model (UViM [25], a repli-
cated version for semantic segmentation task). We report
the results in Table 4 for Cityscapes [11] and Table 5 for
ADE20K [57]. (i) In comparison to discriminative meth-
ods: Our GSS yields competitive performance with either
Transformers (Swin) or CNNs (e.g. ResNet-101). For ex-
ample, under the same setting, GSS matches the result
of Maskformer [9]. Also, GSS-FT-W is competitive to
the Transformer-based SETR [56] on both datasets. (ii)
In comparison to generative methods: GSS-FF surpasses
UViM [25] by a large margin whilst enjoying higher training
efficiency. Specifically, UViM takes 1,900 TPU-v3 hours
for the first training stage and 900 TPU-v3 hours for the
second stage. While the first stage takes only 329.5 GPU
hours with GSS-FT-W, and zero time with GSS-FF. The
second stage of GSS-FF requires approximately 680 GPU
hours. This achievement is due to our maskige mechanism
for enabling the use of pretrained data representation and
a series of novel designs for joint probability distribution
modeling.
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—Image —————-Ground Truth ————–VQGAN [15] ————–UViM† [25] ————-GSS (ours)
Figure 5. Qualitative results of maskige reconstruction on ADE20K [57] dataset. Note that the black areas in the Ground Truth correspond to
unlabeled regions, and thus no impact on mIoU measurement.

———–Image ————Ground Truth ———Prediction ————-Image ————Ground Truth ———Prediction——-
Figure 6. Qualitative results of semantic segmentation on Cityscapes [11] and ADE20K [57] datasets.

4.4. Cross-domain semantic segmentation

We evaluate cross-domain zero-shot benchmark [26]. We
compare the proposed GSS with MSeg [26], a domain gen-
eralization algorithm (CCSA) [35] and a multi-task learning
algorithm (MGDA) [41]. We test both HRNet-W48 [43]
and Swin-Large [31] as backbone. As shown in Table 6, our
GSS is superior to all competitors using either backbone.
This suggests that generative learning could achieve more
domain-generic representation than conventional discrimina-
tive learning counterparts.

Domain generic maskige Being independent to the vi-
sual appearance of images, maskige is intrinsically domain
generic. To evaluate this, we transfer the maskige from
MSeg to Cityscapes. As shown in Table 7, GSS can still
achieve 79.5 mIoU (1% drop). In comparison, image repre-
sentation transfer would double the performance decrease.

4.5. Qualitative evaluation

We evaluate the first-stage reconstruction quality of our
GSS, UViM [25] and VQGAN [15]. As shown in Figure 5,
GSS produces almost error-free reconstruction with clear
and precise edges, and UViM fails to recognize some small
objects while yielding distorted segmentation. VQGAN [15]
achieves better classification accuracy but produces more
ambiguous edge segmentation. As shown in Figure 6, GSS

produces fine edge segmentation for interior furniture di-
visions on ADE20K [57] and accurately segments distant
pedestrians and slender poles on Cityscapes [11].

5. Conclusion
In this paper, we have presented a Generative Semantic

Segmentation (GSS) approach. Casting semantic segmenta-
tion as an image-conditioned mask generation problem, our
formulation is drastically distinctive to conventional discrim-
inative learning based alternatives. This is established on a
novel notion of maskige and an efficient optimization algo-
rithm in two stages: (i) Learning the posterior distribution
of the latent variables for segmentation mask reconstruction,
and (ii) minimizing the distance between posterior distribu-
tion and the prior distribution of latent variables for enabling
input images to be conditioned on. Extensive experiments
on standard benchmarks demonstrate that our GSS achieves
competitive performance in comparison to prior art discrimi-
native counterparts, whilst establishing new state of the art
in the more challenging cross-domain evaluation setting.
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