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Abstract

Measuring and alleviating the discrepancies between the syn-
thetic (source) and real scene (target) data is the core is-
sue for domain adaptive semantic segmentation. Though re-
cent works have introduced depth information in the source
domain to reinforce the geometric and semantic knowledge
transfer, they cannot extract the intrinsic 3D information of
objects, including positions and shapes, merely based on 2D
estimated depth. In this work, we propose a novel Geometry-
Aware Network for Domain Adaptation (GANDA), lever-
aging more compact 3D geometric point cloud representa-
tions to shrink the domain gaps. In particular, we first uti-
lize the auxiliary depth supervision from the source domain
to obtain the depth prediction in the target domain to ac-
complish structure-texture disentanglement. Beyond depth
estimation, we explicitly exploit 3D topology on the point
clouds generated from RGB-D images for further coordinate-
color disentanglement and pseudo-labels refinement in the
target domain. Moreover, to improve the 2D classifier in
the target domain, we perform domain-invariant geomet-
ric adaptation from source to target and unify the 2D se-
mantic and 3D geometric segmentation results in two do-
mains. Note that our GANDA is plug-and-play in any ex-
isting UDA framework. Qualitative and quantitative results
demonstrate that our model outperforms state-of-the-arts on
GTA5→Cityscapes and SYNTHIA→Cityscapes.

Introduction
Semantic segmentation has obtained admirable progress ow-
ing to the success of deep learning in computer vision.
However, the pixel-level annotations on large-scale image
data require time-consuming and laborious manual work.
To overcome this challenge, the synthetic datasets whose
photo-realistic images and annotations are automatically
generated via computer graphics, e.g., GTA5 (Richter et al.
2016) and SYNTHIA (Ros et al. 2016), are leveraged to ex-
plore training on the synthetic images instead of real-scene
ones (synthetic-to-real). Nevertheless, the model trained on
synthetic data exhibits poor generalization on real-world
images, i.e., the domain discrepancy occurs. The discrep-
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Figure 1: (a) Illustrations of the traditional image-only
adaptation and our proposed geometry-aware adaptation.
Geometry-aware adaptation only utilizes the depths in the
source domain and leverages the domain-invariant geomet-
ric information in the point cloud transformed from RGB-D
images. (b) The disentanglement of structural features in the
depth-aware domain adaptation. (c) The disentanglement of
spatial coordinates and RGB colors in the 3D points trans-
formed from 2D pixels. Zoom in for better view.

ancy lies in the differences between the synthetic and real-
scene data, e.g., the contrast, lighting, object shape, and sur-
face textures. Therefore, an effective Unsupervised Domain
Adaptation (UDA) model, where the target annotations are
not provided, is needed.

Instead of aligning the domain distributions that may gen-
erate sub-optimal solutions (Yang et al. 2020b; Vu et al.
2019a), the recent UDA works (Zhang et al. 2021; Hoyer,
Dai, and Van Gool 2022a,b) adopt self-training to exploit the
target information: first predicting pseudo labels based on
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the trained parameters from the annotated data and then rec-
tifying the pseudo labels via the target knowledge. Besides,
depth-based multi-task learning (Vu et al. 2019b; Wang et al.
2021) also has demonstrated the advantages in utilizing the
target image features. Although the self-training and depth-
based methods have achieved significant progress in domain
adaptive semantic segmentation, they still have several is-
sues: 1) The predicted low-confidence pseudo labels have
uncertainty in the patches of the object edges and might lead
to assigning incorrect labels to these edge pixels, especially
for the small objects. 2) Despite the effectiveness in extract-
ing structure knowledge, auxiliary depth estimation cannot
accurately manifest the object spatial positions and the in-
herent 3D geometric object shapes, leading to the unsatisfy-
ing performances in the small objects. 3) The depth-based
methods (Wang et al. 2021) obtain the depths for the target
Cityscapes images via the self-supervised depth estimation
and utilizes them as the ground truth to supervise the multi-
task training. However, when the target dataset consists of
only the images, the target depths are not available to per-
form a similar self-supervised depth estimation.

To address the above issues, in this work, we propose to
incorporate geometric information into the prevalent image-
only UDA frameworks and learn a complete 3D geomet-
ric object shape with the only source depth information, as
shown in Figure 1(a). Since the depth information is accessi-
ble in the generation of synthetic images, we consider lever-
aging the source depths to estimate the target depths. As dis-
played in Figure 1(b), the generation of depths can be seen as
disentanglement of the object structures from the RGB im-
ages without colors and textures (Chang et al. 2019). Thus,
the depth information from the source and target domains
shares more domain-invariant geometric structure knowl-
edge and avoids influences from the domain-specific tex-
tures. Furthermore, with the 2D CNNs, the mere depth es-
timation is insufficient to exploit the implicit 3D geomet-
ric shape knowledge in RGB and Depth (RGB-D) images.
To facilitate the adaptation of the geometric information,
we convert the RGB-D images to more compact 3D scenes
in point clouds. With point clouds and 3D point-based net-
works, the 3D geometric topology on the source and target
domains can be exploited, including the explicit object posi-
tions and distinctive object shapes. As shown in Figure 1(c),
the 3D coordinates and colors can be disentangled, and the
3D spatial coordinates that represent the domain-invariant
object shapes can be explored independently.

Accordingly, we propose a novel plug-and-play
Geometry-Aware Network for Domain Adaptation
(GANDA) for the UDA segmentation task. GANDA con-
sists of two stages: depth-aware adversarial adaptation and
geometry-aware adaptation. In the depth-aware adversarial
adaptation stage, GANDA first accomplishes the depth
estimation on the annotated source images, then predicts
the target depths based on the learned parameters. With the
obtained target pseudo depths, the target RGB-D images
are generated, and the corresponding point clouds are
reconstructed. In the geometry-aware adaptation stage,
GANDA leverages 3D point clouds to perform 2D semantic
and 3D geometric segmentation simultaneously. Specifi-

cally, we design a Geometric Adaptation Module to align
the domain-invariant geometric information on 3D point
clouds from source to target. The target predicted labels
are enhanced with the geometric information by unifying
the semantic and geometric segmentation results on two
domains. Geometry-aware adaptation is especially effective
in segmentation of the small-object classes. The main
contributions of this paper are as follows:
• We propose GANDA, a novel plug-and-play UDA seg-

mentation framework to leverage the complete 3D ge-
ometric representations with only source depth image.
This model introduces domain-invariant geometric in-
formation based on the structure-texture and coordinate-
color disentanglements.
• The Geometry-Aware Adaptation stage is introduced to

align the domain-invariant geometric knowledge from
source to target on the reconstructed point clouds from
RGB-D images.
• The proposed GANDA outperforms the state-of-the-art

methods on the classic synthetic-to-real segmentation
tasks, including GTA5→ Cityscapes and SYNTHIA→
Cityscapes.

Related Work
Unsupervised Domain Adaptation in Segmentation. Ap-
propriate measurement of the domain gap and accurate dis-
entanglement of the domain-invariant knowledge are the
keys to effective Unsupervised Domain Adaptation (UDA)
in the synthetic-to-real semantic segmentation task. Accord-
ingly, two mainstream approaches come to stage: domain
alignment and knowledge extraction from the target domain.
Based on adversarial learning, the first commonly used
methods perform domain alignment to find domain-invariant
features from different levels, including image level (Chen
et al. 2019b; Ma et al. 2021), feature level (Nuriel, Benaim,
and Wolf 2021), and semantic level (Zhang et al. 2021).
Though effective in narrowing the domain gap, these works
fail to achieve better segmentation results since they focus
on the information from source domain without further min-
ing the knowledge from target domain. By comparison, the
latter ones (Yang et al. 2020a; Zhang et al. 2021; Hoyer, Dai,
and Van Gool 2022b) seizes the domain-specific knowledge
from target domain to enhance the pseudo labels.
Depth-based Multi-task Learning in UDA. Some re-
searchers (Lee et al. 2019; Vu et al. 2019b) resort to the
auxiliary tasks to reinforce knowledge mining and trans-
fer, e.g., depth estimation. DADA (Vu et al. 2019b) intro-
duces an auxiliary depth regression task to obtain the dense
depth knowledge from the source domain to facilitate the
adaptation. GIO-Ada (Chen et al. 2019a) proposes to uti-
lize the auxiliary geometric information to ease the domain
gap on both the input and output level. However, these
methods are based on adversarial learning and their per-
formances are limited. Thus the advantages of appending
auxiliary information or tasks are not prominent. Very re-
cently, CorDA (Wang et al. 2021) uses the depth information
on both domains to supervise the training of two depth de-
coders. Though CorDA outperforms the previous works that
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Figure 2: Depth-Aware Adversarial Adaptation. The proposed plug-and-play depth-aware adaptation modules are highlighted
in rounded rectangles with dotted lines.

employ depth estimation significantly, it allows the supervi-
sion from target depth maps that might be inaccessible.
3D Point Cloud Segmentation. The methods of 3D point
cloud segmentation are primarily divided into two cate-
gories: point-based methods (Qi et al. 2017a,b; Thomas et al.
2019; Yan et al. 2020) and voxel-based methods (Wu et al.
2015; Choy, Gwak, and Savarese 2019; Yan et al. 2021; Tang
et al. 2020; Yan et al. 2022; Zhu et al. 2021). In the point-
based methods, PointNet (Qi et al. 2017a) and its improved
PointNet++ (Qi et al. 2017b) are the pioneers of applying
permutation-invariant set functions on the raw 3D geomet-
ric points based on the MLP networks. Early voxel-based
methods (Wu et al. 2015; Choy, Gwak, and Savarese 2019)
convert the points to voxels and utilize 3D convolutions to
process the voxels. Recently, Cylinder3D (Zhu et al. 2021)
proposes an asymmetrical residual block to reduce computa-
tional costs of 3D convolutions. Since the point clouds gen-
erated by RGB-D images are single-view and have more ir-
regular shapes than the usual point clouds, our model applies
the point-based model to extract 3D geometric information
from point clouds.

Our Approach
In this section, we propose GANDA for domain adaptive se-
mantic segmentation, which applies a two-stage self-training
pipeline, including depth-aware adversarial adaptation and
geometry-aware adaptation.

Preliminaries
In the UDA segmentation task, we denote the source dataset
containing ns images as Xs = {xs ∈ R3×H×W }ns

i=1
and the corresponding semantic labels as Ys = {ys ∈
{0, 1}nc×H×W }ns

i=1, where each image xs and label ys

share the same height of H and the width of W , and nc
represents the number of classes. Accordingly, the target
dataset has nt images, Xt = {xt}nt

j=1. Since the only super-
vision from the source domain is limited, self-training (Pan
et al. 2020) is exploited to handle the unlabeled dataset in
the semi-supervised learning and UDA tasks. After train-
ing multiple steps on the source domain, the model is able
to produce the coarse pseudo labels on the target domain,

Ŷt = {ŷt}nt

j=1 = {arg max pt}nt
j=1, where pt is the soft-

max probability of classes for the target image xt. The target
pseudo label ŷt for xt is obtained from the class that has the
highest soft confidence scores. With the source label ys and
the target pseudo label ŷt, the Cross-Entropy (CE) loss in
self-training segmentation is calculated as:

Lseg = −
HW∑
i=1

nc∑
k=1

ys
ik log ps

ik −
HW∑
j=1

nc∑
k=1

ŷt
jk log pt

jk. (1)

Depth-Aware Adversarial Adaptation
In this work, other than the image-only adaptation, we take
the accessible depth maps in the source domain into ac-
count. Specifically, as shown in Fig 1(b), our GANDA first
learns to disentangle the structural information from single
source RGB images Xs under the supervision of source
depths Ds = {ds ∈ RH×W }ns

i=1. Then it applies the
learned depth knowledge to generate pseudo depth maps
D̂t = {d̂t ∈ RH×W }nt

j=1 on the raw target images Xt. In
the training part of the depth-aware adversarial adaptation,
as displayed in Figure 2, we incorporate the depth-aware
knowledge transfer into the classic adversarial UDA.

The depth-aware adversarial adaptation adopts adversar-
ial learning that 2D semantic encoder is optimized to “fool”
the discriminator with the help of source depth estimation:

LD = −
HW∑
i=1

nc∑
k=1

bs
ik logP (Dik=0)−

HW∑
j=1

nc∑
k=1

bt
jklogP (Djk=1),

(2)

Ladv = −
HW∑
j=1

nc∑
k=1

bt
jk logP (Djk = 0) (3)

where bs
k and bt

k are the binary indicator (source or target)
of class k, P (Dk = 0) and P (Dk = 1) represent the pre-
dicted probability of class k from the source or target do-
main, respectively.

The 2D depth decoder is trained simultaneously using the
depth loss Ls

depth between the predicted depth map d̃s and
the source depth map ds:

Ls
depth = Ls

SILog + λLs
grad, (4)
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where λ is the loss weight. Ls
SILog is the Scale-Invariant Log-

arithmic loss for depth estimation (Yuan et al. 2022):

∆ds
i = log d̃s

i − log ds
i ,

Ls
SILog = ψ

√√√√ 1

K

HW∑
i=1

∆ds 2
i −

γ

K
(
HW∑
i=1

∆ds
i )

2,
(5)

where ψ is the scale constant set as 10 and γ denotes the
variance minimizing factor set as 0.85. Lgrad is the smooth-
ness loss with the image gradients from two directions, gx
and gy . We train the whole stage using the following total
loss with the weight µ:

Ldepth-aware = Ls
seg + Ls

depth + µLadv. (6)

In the inference part in Figure 2, the target pseudo label ŷt

and pseudo depth map d̂t are generated for the following
self-training based geometry-aware adaptation.

Geometry-Aware Adaptation
From 2D RGB Pixels to 3D Geometric Points. Given
the source map ds and the target pseudo depth map d̂t,
we transform a depth map d and the RGB image X to an
RGB-D image and further produce the corresponding point
cloud V = {v ∈ R6}nv

k=1 for each image, where nv rep-
resents the number of the points v. According to the map-
ping relationship between the RGB pixels and the 3D points,
nv = HW , and each point corresponds to one pixel in the
original image X. In 3D point cloud processing, a point
v consists of the 3D spatial coordinate (x, y, z) and the
RGB color information(r, g, b) as illustrated in Figure 1(c),
V = {v ∈ R6}nv

k=1 = {(x, y, z, r, g, b) ∈ R6}nv

k=1. The ge-
ometric coordinate (x, y, z) is seen as the domain-invariant
information of the object and disentangled from v.
Disentanglement of the 3D Geometric Coordinates and
RGB Colors. In the geometry-aware adaptation, as dis-
played in Figure 3, we discard the trained 2D depth de-
coder in the previous stage and integrate a 3D point-based

encoder that performs disentanglement on the spatial geo-
metric features. Initially, the input point v is decomposed
into the geometric coordinates h = (x, y, z) and the point
feature v = (x, y, z, r, g, b), which isolates the spatial posi-
tional information individually and also preserves the RGB
color information. The 3D point-based encoder Φ takes the
local regions of points as the inputs, including geometric co-
ordinates H = {h}nv

k=1 and point features V = {v}nv

k=1,
and obtains geometry-aware features:

Fgeo = Φ(H,V) = {Φ(h,v)}nv

k=1 = {fgeo ∈ Rm}nv

k=1,
(7)

where m is the size of geometric feature fgeo. Note that all
the operations in the 3D point-based encoder are explicitly
performed on the 3D spatial coordinates H, which guaran-
tees that the features Fgeo maintain the critical 3D geometric
information to the largest extent.
Geometry-Aware Adaptive Training Scheme. Our pro-
posed GANDA is plug-and-play, and the Geometry-Aware
Adaptive Training (GAAT) scheme can be appended to the
original 2D adaptive segmentation scheme in parallel. As
displayed in Figure 3, the GAAT performs adaptive segmen-
tation on the cross-modal inputs. In the 2D adaptive part,
the input source and target images are randomly cropped to
produce local patches xs

local and xt
local with a smaller size.

Accordingly, in the 3D adaptive part, the cropping opera-
tion is performed on the same patch of the RGB-D images,
then the local point clouds Vs

local and Vt
local are obtained af-

ter the pixel-to-point transformation. The local patches and
point clouds xlocal and Vlocal are then fed to the 2D seman-
tic model (encoder and decoder) and 3D point-based en-
coder Φ, respectively. The outputs of the 2D semantic model
are semantic-aware labels ỹs

sem and ỹt
sem. The outputs of

the 3D point-based encoder Φ are geometry-aware features
Fs

geo = Φ(Hs,Vs) and Ft
geo = Φ(Ht,Vt). We further

propose a Geometric Adaptation (GA) module in Figure 4
to transfer geometric knowledge from Fs

geo to Ft
geo and ob-

tain the enhanced target feature F̃t
geo. The geometry-aware
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geometric features of the objects with similar shapes.

features Fs
geo and F̃t

geo are processed by two FC Layers and
then transformed to 2D pixel space as ỹs

geo and ỹt
geo.

Geometric Adaptation Module. After the structure-texture
and coordinate-color disentanglements, the 3D domain-
invariant geometric information is isolated and can be uti-
lized to perform adaptation to alleviate the domain gaps.
Based on this motivation, we propose a Geometric Adapta-
tion (GA) module Γ in Figure 4 to transfer geometric knowl-
edge from Fs

geo to Ft
geo and derive the enhanced target fea-

ture F̃t
geo = Γ(Fs

geo,F
t
geo). Since the source and target patch

may be different objects, this module is designed as a resid-
ual form with the attention operation. The GA module first
performs concatenation on the geometric features Fs

geo and
Ft

geo. Then the concatenated features [Fs
geo,F

t
geo] are further

performed the attention operation. The derived feature is fi-
nally added to the target geometric features Ft

geo. While be-
ing trained on the abundant image patches, the GA module
computes the geometric shape similarity of objects, where
the geometric features of the objects with similar shapes are
effectively extracted by the attention operation.
Loss Functions. The semantic and geometric softmax prob-
abilities of classes, ps

sem, pt
sem, ps

geo, and pt
geo, are com-

puted training losses with the source ground truth label
ys

local and target pseudo labels ŷt
local, respectively. To in-

crease the contribution of the long-tail classes, we derive
the weights for each category c based on its correspond-
ing pixel numbers. We first compute the frequency ωs

c of
the pixel that belongs to the class c on the source do-
main, then we obtain the weights for each class and assign
larger values to the long-tail classes ws

c = (
∑nc

k=1 ωs
k

ωs
c

)
1
3 ,

ωs
c = 1

nsHW

∑ns

i=1

∑HW
j=1 ms

cij , where ms
cij is the mask

at the pixel j that belongs to class c, ms
cij = 1. We add the

class weights ws to Eq. 1, and further derive the semantic
and geometric segmentation loss:

Ls
seg = Ls

sem + Ls
geo

=−
HW∑
i=1

nc∑
k=1

ws
ky

s
local logp

s
sem−

HW∑
i=1

nc∑
k=1

ws
ky

s
local logp

s
geo,

Lt
seg = Lt

sem + Lt
geo

=−
HW∑
j=1

nc∑
k=1

ŷt
local logp

t
sem−

HW∑
j=1

nc∑
k=1

ŷt
local logp

t
geo.

(8)

Furthermore, to minimize the semantic and geometric per-
ceptual differences on the source and target domains, we
employ the Kullback–Leibler (KL) divergence to design the
Semantic-Geometric Consistency (SGC) loss LSGC:

Ls
SGC =

HW∑
i=1

nc∑
k=1

KL(ps
geo‖ps

sem) + KL(ps
sem‖ps

geo),

Lt
SGC =

HW∑
i=1

nc∑
k=1

KL(pt
geo‖pt

sem) + KL(pt
sem‖pt

geo).

(9)

Thus, the total loss of the geometry-aware adaptation stage
is:
Lgeometry-aware = Ls

seg + Lt
seg + αLs

SGC + βLt
SGC, (10)

where α and β control the weights of the SGC loss on each
domain.
Inference. The Geometry-Aware Adaptation stage incorpo-
rates the complementary geometric information from 3D
point cloud to strengthen final segmentation predictions. In
inference, we maintain the 2D semantic-aware predictions
pt

sem as the final prediction and discard the 3D adaptive part.
Thus, the 3D geometry-aware predictions pt

geo is only ap-
plied to optimize pt

sem in the Geometry-Aware Adaptation.

Experiments
Our proposed GANDA is evaluated on the benchmarks
SYNTHIA→Cityscapes and GTA5→Cityscapes.

Implementation
Datasets. In our experiments, we adopt the GTA5 and SYN-
THIA datasets as the source synthetic datasets, respectively,
and exploit the Cityscapes dataset as the target real scene
dataset. The GTA5 dataset (Richter et al. 2016) has 24,966
synthetic photo-realistic scenes with a resolution of 1914
× 1052. SYNTHIA (Ros et al. 2016) is a large-scale syn-
thetic urban image dataset, containing 9,400 synthetic urban
images with the resolution of 1280 × 760 in model train-
ing. The Cityscapes dataset (Cordts et al. 2016) is a realis-
tic dataset of the 2048 × 1024 street scenes from 50 cities,
where 2,975 images for training and 500 ones for validation.
Setups. Two synthetic datasets both have pixel-level seg-
mentation annotations, and these labels are utilized to pro-
vide supervision on the source data. Besides, the GTA5
dataset shares 19 semantic categories, and the SYNTHIA
dataset shares 16 common classes with the Cityscapes
dataset, respectively. We compute the Intersection-over-
Union (IoU) on each class and derive the mean IoU (mIoU)
for the evaluation metric.
Implementation Details. Our model is implemented in
PyTorch. Following the previous works (Zhang et al.
2021; Hoyer, Dai, and Van Gool 2022b), we utilize
the DeepLabv2 (Chen et al. 2018) and SegFormer (Xie
et al. 2021) as the segmentation architectures. On
GTA5→Cityscapes, since the GTA5 dataset has no depth
maps, we obtain the depths via training the NeWCRFs (Yuan
et al. 2022) on the GTA5-based dataset DeepMVS (Huang
et al. 2018). On SYNTHIA→Cityscapes, we utilize the pro-
vided depth maps from Synthia-Rand-Cityscapes. We con-
duct the experiments on 4 Tesla V100 GPUs.
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HRDA 96.4 74.4 91.0 61.6 51.5 57.1 63.9 69.3 91.3 48.4 94.2 79.0 52.9 93.9 84.1 85.7 75.9 63.9 67.5 73.8
GANDA 96.5 74.8 91.4 61.7 57.3 59.2 65.4 68.8 91.5 49.9 94.7 79.6 54.8 94.1 81.3 86.8 74.6 64.8 68.2 74.5

Table 1: Quantitative results on GTA5→Cityscapes in the metrics of mIoU. mIoU is the score on 19 categories. The best score
is highlighted bold and the second best one is marked underline for each column.
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mIoU mIoU*
Source Only 64.3 21.3 73.1 2.4 1.1 31.4 7.0 27.7 63.1 67.6 42.2 19.9 73.1 15.3 10.5 38.9 34.9 40.3
GIO-Ada 78.3 29.2 76.9 11.4 0.3 26.5 10.8 17.2 81.7 81.9 45.8 15.4 68.0 15.9 7.5 30.4 37.3 43.0
DADA 89.2 44.8 81.4 6.8 0.3 26.2 8.6 11.1 81.8 84.0 54.7 19.3 79.7 40.7 14.0 38.8 42.6 49.8
Seg-Uncertainty 87.6 41.9 83.1 14.7 1.7 36.2 31.3 19.9 81.6 80.6 63.0 21.8 86.2 40.7 23.6 53.1 47.9 54.9
Coarse-to-Fine 75.7 30.0 81.9 11.5 2.5 35.3 18.0 32.7 86.2 90.1 65.1 33.2 83.3 36.5 35.3 54.3 48.2 55.5
SAC 89.3 47.2 85.5 26.5 1.3 43.0 45.5 32.0 87.1 89.3 63.6 25.4 86.9 35.6 30.4 53.0 51.6 59.3
CorDA 93.3 61.6 85.3 19.6 5.1 37.8 36.6 42.8 84.9 90.4 69.7 41.8 85.6 38.4 32.6 53.9 55.0 62.8
ProDA 87.8 45.7 84.6 37.1 0.6 44.0 54.6 37.0 88.1 84.4 74.2 24.3 88.2 51.1 40.5 45.6 55.5 62.0
DAFormer 84.5 40.7 88.4 41.5 6.5 50.0 55.0 54.6 86.0 89.8 73.2 48.2 87.2 53.2 53.9 61.7 60.9 67.4
HRDA 85.2 47.7 88.8 49.5 4.8 57.2 65.7 60.9 85.3 92.9 79.4 52.8 89.0 64.7 63.9 64.9 65.8 72.4
GANDA 89.1 50.6 89.7 51.4 6.7 59.4 66.8 57.7 86.7 93.8 80.6 56.9 90.7 64.8 62.6 65.0 67.0 73.5

Table 2: Quantitative results on SYNTHIA→Cityscapes in the metrics of mIoU. mIoU and mIoU* are the scores on 16 cate-
gories and 13 categories. The best score is highlighted bold and the second best one is marked underline for each column.
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Figure 5: Comparisons with and without the 2D
and 3D segmentation on GANDA+ProDA on the
SYNTHIA→Cityscapes task in the Geometry-Aware
Adaptation stage in the metrics of mIoU and s-mIoU.

Comparisons with State-Of-The-Arts
The evaluations of our GANDA are conducted via
the comparisons of several state-of-the-art methods on
the two scenarios: GTA5→Cityscapes in Table 1 and
SYNTHIA→Cityscapes in Table 2. These methods are
mainly divided into two categories. a) Self-training
Methods: Seg-Uncertainty (Zheng and Yang 2021),
SAC (Araslanov and Roth 2021), Coarse-to-Fine (Ma et al.
2021), ProDA (Zhang et al. 2021), DAFormer (Hoyer, Dai,

and Van Gool 2022a), and HRDA (Hoyer, Dai, and Van
Gool 2022b). b) Depth-based Multi-task Learning Meth-
ods: GIO-Ada (Chen et al. 2019a), DADA (Vu et al. 2019b),
and CorDA (Wang et al. 2021). On the GTA5→Cityscapes
task in Table 1, our proposed GANDA outperforms of the
state-of-the-art HRDA by 0.7% mIoU. On the more chal-
lenging SYNTHIA→Cityscapes task in Table 2, our pro-
posed GANDA achieves the highest mIoU score as 67.0%
and 73.5%. The performances well illustrate the capability
of GANDA in shrinking the domain gaps and leveraging the
geometric information to perceive the shapes and spatial po-
sitions of objects.

Effectiveness of Geometry-Aware Adaptation
Since GANDA is a plug-and-play framework that can be
applied to any existed UDA method, we perform the ex-
periments on the multiple UDA methods with and with-
out the Geometry-Aware Adaptation in Table 3, includ-
ing self-training ProDA (Zhang et al. 2021), depth-based
CorDA (Wang et al. 2021), and self-training HRDA (Hoyer,
Dai, and Van Gool 2022b). The gains are evident in each
method in terms of all the metrics, which demonstrates the
efficacy of differentiating the small object classes.
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mIoU mIoU*
Self-training Method Architecture: DeepLabv2 Backbone:ResNet-101
ProDA 87.0 44.0 83.2 26.9 1.0 42.0 45.8 34.2 86.7 81.3 68.4 22.1 87.7 50.0 31.4 38.6 51.9 58.5
GANDA+ProDA 87.6 44.2 84.0 31.0 1.0 42.0 50.5 38.5 87.1 81.2 68.5 27.2 88.7 50.2 44.4 46.6 54.5 61.4
Gain ↑0.6 ↑0.2 ↑0.8 ↑4.1 ↑0.0 ↑0.0 ↑4.7 ↑4.3 ↑0.4 ↓0.1 ↑0.1 ↑5.1 ↑1.0 ↑0.2 ↑13.0 ↑8.0 ↑2.6 ↑2.9
Self-training Method with Distillation Architecture: DeepLabv2 Backbone:ResNet-101
ProDA? 87.8 45.7 84.6 37.1 0.6 44.0 54.6 37.0 88.1 84.4 74.2 24.3 88.2 51.1 40.5 45.6 55.5 62.0
GANDA+ProDA? 87.6 44.8 85.6 36.5 0.0 45.8 50.3 40.0 88.2 86.4 71.1 30.1 90.8 57.4 40.6 52.9 56.8 63.5
Gain ↓0.2 ↓0.9 ↑1.0 ↓0.6 ↓0.6 ↑1.8 ↓4.3 ↓3.0 ↑0.1 ↑2.0 ↓3.1 ↑5.8 ↑2.6 ↑6.3 ↑0.1 ↑7.3 ↑1.3 ↑1.5
Depth-based Multi-task Learning Method Architecture: DeepLabv2 Backbone:ResNet-101
CorDA 93.3 61.6 85.3 19.6 5.1 37.8 36.6 42.8 84.9 90.4 69.7 41.8 85.6 38.4 32.6 53.9 55.0 62.8
GANDA+CorDA 87.1 45.8 86.1 28.9 4.8 37.1 40.6 45.0 87.0 87.9 69.1 39.8 89.9 59.8 33.8 57.2 56.3 63.8
Gain ↓6.2 ↓15.8 ↑0.8 ↑9.3 ↓0.3 ↓0.7 ↑4.0 ↑2.2 ↑2.1 ↓2.5 ↓0.6 ↓2.0 ↑4.3 ↑21.4 ↑1.2 ↑3.3 ↑1.3 ↑1.0
Self-training Method Architecture: SegFormer Backbone:MiT-B5
HRDA 85.2 47.7 88.8 49.5 4.8 57.2 65.7 60.9 85.3 92.9 79.4 52.8 89.0 64.7 63.9 64.9 65.8 72.4
GANDA+HRDA 89.1 50.6 89.7 51.4 6.7 59.4 66.8 57.7 86.7 93.8 80.6 56.9 90.7 64.8 62.6 65.0 67.0 73.5
Gain ↑3.9 ↑2.9 ↑0.9 ↑1.9 ↑1.9 ↑2.2 ↑1.1 ↓3.2 ↑1.4 ↑1.1 ↑1.2 ↑4.1 ↑1.7 ↑0.1 ↓1.3 ↑0.1 ↑1.2 ↑1.1

Table 3: Effectiveness of the Geometry-Aware Adaptation in multiple UDA methods on SYNTHIA→ Cityscapes in the metrics
of mIoU and mIoU*. mIoU and mIoU* are the scores on 16 categories and 13 categories, respectively. The symbol “?” indicates
the distillation operation is applied.

Stage & Components mIoU Gain

Source Only 34.9 +0.0

AA
Image Only 40.9 +6.0

Depth-Aware 41.2 +6.3

GAA

ST GA WCE SGC mIoU Gain
3 51.9 +17.0
3 3 52.3 +17.4
3 3 52.9 +18.0
3 3 53.1 +18.2
3 3 3 3 54.5 +19.6

Table 4: Ablation studies of each component on the
GANDA+ProDA on the SYNTHIA→Cityscapes task.

Ablation Study

The proposed components of our GANDA are evaluated
based on their contributions to the model performances
in Table 4, including Depth-Aware Adversarial Adapta-
tion, Geometry Adaptation module (GA), Weighted CE loss
(WCE), and Semantic-Geometric Consistency loss (SGC).
At the stage of Adversarial Adaptation (AA), the introduc-
tion of depth estimation can gain the performances of 41.2%
mIoU. At the stage of Geometry-Aware Adaptation (GAA),
the model using only the Self-Training (ST) techniques has
a gain of 17.0% mIoU compared to the source only model.
After adding these parts, the model performances achieve
the gains from 17.4% to 19.6%. Besides, we perform the
comparisons with and without the 2D and 3D segmentation
on GANDA+ProDA on the SYNTHIA→Cityscapes task in
Figure 5, which proves that 2D semantic segmentation is
necessary and the 3D geometric part is complementary.

Model
Training Inference

GFLOPs Params (M) GFLOPs Params (M)
HRDA 146.9 85.7

146.9 85.7GANDA+HRDA 150.4 86.7

Table 5: Computation comparisons in HRDA with and with-
out Geometry-Aware Adaptation in the training and infer-
ence phases with the metrics of GFLOPs and Parameters
(Params) (M) on the 512×512 input image and the extra
40000 input points in training.

Computation Costs in Training and Inference
Table 5 presents the computation costs in training and infer-
ence in HRDA with and without Geometry-Aware Adapta-
tion in terms of GFLOPs and parameters. Inclusion of the
GANDA does not lead to the large computation costs, since
it is only applied in training and discarded in inference.

Conclusions
In this paper, we address the task of synthetic-to-real domain
adaptive semantic segmentation by proposing a two-stage
geometry-aware training framework. Beyond the previous
depth-based UDA methods and based only on source depth
information, GANDA gains a deep insight into the 3D geo-
metric space and extracts the domain-invariant information
after the structure-texture and coordinate-color disentangle-
ments. Besides, without any structure or model dependency,
GANDA is plug-and-play and boosts the performances of
other existing UDA methods, especially effective in classi-
fying small objects. Comprehensive experimental analysis
demonstrate the effectiveness of GANDA that outperforms
other methods on two prevalent synthetic-to-real tasks.
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