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Abstract

Existing GAN-based generative methods are typi-
cally used for semantic image synthesis. We pose the
question of whether GAN-based architectures can gen-
erate plausible depth maps and find that existing meth-
ods have difficulty in generating a reasonable depth
map to represent the 3D scene structure due to the lack
of global geometric correlation. To this end, we pro-
pose the DepthGAN, a novel method of generating a
decent depth map with a semantic layout as input for
further constructing and manipulating well-structured
3D scene point clouds. Specifically, we first build a
feature generation model with a cascade of semantic-
aware transformer blocks to obtain depth features with
global structure information. In our semantic-aware
transformer block, we propose the mixed attention mod-
ule and semantic-aware layer normalization module to
better exploit the semantic consistency for depth fea-
tures generation. Moreover, we present a novel seman-
tic weighted depth synthesis module, which generates
adaptive depth interval for the current scene. Then we
generate the final depth map by using a weighted com-
bination of semantic-aware depth weights in different
depth ranges. In this manner, we obtain a more accurate
depth map. Finally, we conduct extensive experiments
on indoor and outdoor datasets and demonstrate that
the proposed DepthGAN achieves superior performance
both on quantitative and visual effects in the depth gen-
eration task.

Keywords: Depth Generation; generative model; trans-
Jormer;scene generation.
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1. Introduction

With the rapid development of technologies of computer
vision and computer graphics, 3D scene generation has be-
come important in a variety of downstream applications,
such as virtual scene construction, AR and VR, etc.

However, existing 3D generation methods mainly fo-
cus on generating a single object with the representation
of point clouds [58, 33], voxels [63], meshes [56, 55] and
implicit representations [39, 20], or optimizing the scene
layout of retrieved 3D models for the scene construction
[36, 11]. The limited fitting capability of 3D genera-
tion models and the complexity of object relations in 3D
scenes make it extremely challenging to generate 3D rep-
resentations of scenes containing diverse objects directly.
Moreover, optimizing existing 3D models is computation-
ally friendly while lacking flexibility. Hence, the solu-
tion to generating complex 3D scenes still remains an open
problem. Compared with manually building 3D scenes
with multiple objects, visual designers typically prefer con-
trollable and simple input, such as 2D semantic layouts
[25, 40, 38] or sketches [9, 21, 6]. However, due to the
insufficient input information, it is impractical to straightly
construct 3D scenes from the simplified 2D constraints
above. Inspired by the works of depth estimation task
[59, 60], the depth map is a viable 2.5D medium that mea-
sures the distance between the objects and the camera in
stereoscopic space, and it can be regarded as the transition
from 2D images to 3D scenes.

Therefore, we focus on a new task of generating an accu-
rate and reasonable depth map with a simple semantic lay-
out as input to further construct the 3D scene for visual de-
signers. To the best of our knowledge, this is the first work
that explores depth generation that only uses a semantic lay-
out as input for constructing 3D scenes. With given cam-
era parameters, the 3D scene can be precisely constructed
once the depth map is reasonably generated, as shown in
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Figure 1. We generate different depth maps (row 2) by manipulat-
ing the input semantic layout (row 1). Given a fixed camera in the
center of the room and the corresponding appearance of the scene
and edited objects, we further construct the point clouds from gen-
erated depth maps with either the color of class labels (row 3) or
appearance (row 4). For better visualization, we colorize the depth
map, where blue is close and red is far.

Fig. 1. Since the depth map provides accurate geometric
relations, the 3D scene can be fully represented within this
lower-dimensional space.

For this purpose, we first conducted depth generation by
previous Conv-based conditional image generation models
[25, 40, 47] yet receiving unsatisfied results which include
incorrect depth interval or improper depth structure. The
receptive field of the convolution architecture is limited to
a local scope [37] and the feature aggregation is confined
to pixels inside the scope. Hence, most existing Conv-
based methods for depth generation cannot accurately pre-
dict the global geometric correlation between different ob-
jects which makes the generated depth incoherent in terms
of visual perception. In addition, existing GAN-based con-
ditional generative models adopt a simple manner of con-
volution layers and nonlinear activation to obtain the out-
put image from generated high-resolution features. Since
the depth maps have more structural regularity than color
images, such a simple layer cannot fully model the depth
distribution, leading to stretched or squeezed depth interval
and unsmoothed depth maps.

Accordingly, to address the limitations above, we pro-
pose the DepthGAN, which redefines depth generation as a
feature generation and depth synthesis task. In the feature
generation part (Sec. 3.1), to better generate global features
in the semantic-guided generation, we propose a semantic-
aware transformer block with mixed attention and semantic-
aware layer normalization, efficiently improving the consis-
tency between the generated feature and the semantic input.

Moreover, we replace the output layer in the previous gen-
erative methods with a semantic weighted depth synthesis
module (Sec. 3.2) to generate an accurate depth map. We
first predict the depth intervals within a scene and then syn-
thesize the final depth map by a weighted combination to in-
tegrate local and global features with semantic information.
Equipped with the above modules, the proposed DepthGAN
achieves state-of-the-art results on both indoor and outdoor
scene datasets, demonstrating the effectiveness of our ap-
proach on depth generation. Furthermore, our DepthGAN
can perform scene manipulation with a simple modification
to the input, as shown in Fig. 1. Meanwhile, we also gener-
ate the appearance by proposed semantic-aware transformer
blocks together with depth generation task. Thus, we can
enable the scene generation from a simply handcrafted se-
mantic layout, as shown in our video demos.
Overall, our contributions are summarized as follows:

* We propose a novel generation-synthesis approach for
the new depth generation task with only the semantic
layout as input. It provides an effective and control-
lable solution for 3D scene generation.

* We present a semantic-aware transformer block with
mixed attention and semantic-aware layer normaliza-
tion to take advantage of rich global information of
depth and semantic layout for generating depth fea-
tures.

* A semantic weighted depth synthesis scheme is intro-
duced to generate the final depth map with the input
of generated depth features, which is superior both in
terms of quantitative metrics and visual effects.

2. Related Work
2.1. GAN-based Semantic Image Synthesis.

Generative Adversarial Networks [22] have achieved im-
pressive results in unconditional [5, 29, 16] and conditional
[25, 43, 28] image generation. Semantic image synthesis is
a task that takes the semantic layout as input, which pro-
vides pixel-level class labels, and outputs a natural image
with semantic guidance.

Pix2Pix [25] first introduces an encoder-decoder archi-
tecture and a patch-based discriminator to handle this prob-
lem. SPADE proposed a method to modulate the activa-
tions in the normalization layers using the semantic in-
put to guide the generation direction, which frees the en-
coder block, enabling a coarse-to-fine generation. Follow-
ing works including [64, 40, 38, 45] learn the normaliza-
tion layers using style, semantic, or instance input. CC-
FPSE [34] predicts conditional separated convolution ker-
nels from the input semantic layout, and introduces a fea-
ture pyramid semantic-embedding discriminator for seman-
tic alignment. OASIS [44] re-designed the discriminator



with a semantic segmentation network for semantic align- 2.3. Vision Transformers.
ment. LGGAN [48, 47] proposed a local class-speci ¢ and

a global image-level generator to learn a local-global fea-
ture generation. SCGAN [53] learned semantic vectors to
parameterize spatially conditional convolution and normal-
ization. While depth generation requires more global fea-
ture awareness, thus we introduce a cascade of transforme
based blocks for a coarse-to- ne depth feature generation.

The seminal work [13] propose a pure transformer [7]-
based architecture for discriminative vision tasks, which en-
ables a global feature aggregation and extraction in images.
Cvt [57] introduces convolutions into vision transformers
fo enhance the local attention. Swin transformer combines
the local and global attention by calculating the attention in
a local shifted window, leading to a huge improvement in
vision transformers. Recently, researchers begin to explore
2.2. Monocular Depth Estimation. the migration of using vision transformers in GANSs for gen-

erating better global features in complex images. [32, 26]
o X . : i ®have improved rapidly in image generation tasks due to the
which is a low-dimensional but ef c'lent.representanon of superior global feature aggregation capability of multi-head
the_3D scene. Monocular d_epth estimation [17, 31, 19, : ]'self-attentions(MSAs). However, the generation quality of
mainly focuses on regressing dens_e depth maps from 'Mihese methods is not proportional to the time consumption
ages. Ngvertheless, poor edge quality and the lack of gIObaldue to the quadric computing ef ciency of the default vision
|_nformat|on are common prc_)b_lem_s of CNN-based dep_th es'transformers, which makes it dif cult for a high-resolution
timation models. [65] explicitly introduced a pre-trained

: . . . _generation. Recent works [12, 35, 50] propose to calculate
semantic segmentation network o guide depth_boundarleq\ASAS in local windows, leading to the linear computational
due_t_o the high quality of edges in the se_mannc map. In ef ciency. [61] prove the feasibility of using block-wised
add|t|_0r_1 to CNN-based structures, generative m_odels [, ]attention for unconditional high-resolution image genera-
anc_i vision transformers [ 1] have also been applied to d_ept ion. In this work, we observe that exploiting vision trans-
est|mat|on' tasks. Receptly, [5, 4] perform. a global statisti- formers with more global information is suitable for the new
pal analygls on depth bm; to further predict the depth map . ditional depth generation task.
in a classi cation-regression manner. In the task of depth
estimation, the dense depth map can be further used to re3 Method
construct 3D scenes, which inspires us a time-saving choice
to generate a 3D scene by the depth map. Nevertheless, As illustrated in Fig. 2, we present a novel depth gen-
color images are required as input in the depth estimationeration architecture, DepthGAN, which consists of a depth
task, obtaining 3D scenes in this way is dif cult to meet the feature generation stage (Sec. 3.1) and a depth map syn-
requirements of the simplicity of manipulation and variabil- thesis stage (Sec. 3.2). Starting from a one-hot seman-
ity for visual designers. To this end, we propose a new tasktic layoutS 2 NH W C we rst adopt a cascade of
of depth generation utilizing only the semantic layout as in- semantic-aware transformer blocks to generate the depth
put, which is different from the depth estimation task with featureF 2 R" W E_ Then we utilizeF to generate the
the input of color images. adaptive depth interval and apply a semantic-weighted com-

A depth map measures the spatial structure of a scen

Figure 2.0verview of our DepthGAN. Our framework involves two stages: (1) depth feature generation and (2) semantic weighted depth
synthesis. We rst employ a cascade of semantic-aware transformer (SAT) blocks to generate depth features with semantic alignment.
Then we adopt an encoder-decoder to generate the semantic weight map and a DIWG module to generate the depth interval and the depth
weight map. Finally, the depth map is synthesized through a semantic weighted combination.



bination to obtain the nal depth map 2 R" W which kernelswith different stride parameters, denotedsas
is semantically aligned with the semantic lay&ut
S = ConyS): Q)

3.1. Depth Feature Generation Thus the SPE is adaptive for different feature scales. We

. . . then add the embedded semantic infut to the input
Unlike generating the appearance, depth map gener‘fjlt'or%eature maps$- , enabling the SAT block to perceive the
mainly focuses on global features, such as the geometric '

. e global semantic information for each pixel. Different from
and spatial structure within the scene. In order to capture o o
. . . . the learned positional encoding in the default transformer
global information, we construct an architecture comprised

of a series of Swin transformer [35] blocks as our baseline blocks which encodes the relative position of pixels, our

. SPE can involove the semantic information and further im-
to better generate the global attention features. It takes the

downsampled low-resolution semantic layout as the input Ofprgxf the feature generation quality and semantic align-
this stage and generates the depth feature with upsamplm%xed Attention.

) Although the baseline utilizes self-
in a coarse-to- ne manner.

. ) . attention by calculating queries, keys, and values from the

However, the baseline method cannot effectively align featyres, this method ignores the interaction between fea-

the generated features with the input semantic layout due to,res and semantics. To this end, we propose a simple yet
the lack of semantic constraints in the generation process gftactive strategy, named Mixed Attention, as shown in Fig.

To address this issue, we propose a semantic-aware transz (1)) nstead of calculating the attention between tokens of
former (SAT) block, which introduces a semantic positional fgatures. we adopt additional semantic queries:

encoding (SPE), a mixed attention module, and a semantic-
(Qr + Qs)K{
dy

aware layer normallzanon_ (SALN) modqle tp guide the di- Mixed Attn = Softmay FEVE: (2
rection of feature generation, as shown in Fig. 3 (a). ' B

Semantic Positional Encoding.In the SAT block, we rst

aim to better let the layers know the semantic position infor-

mation on each input scale. Thus, we utilize a learned se-
mantic embedding from the semantic layout as a positional
encoding, as shown in Fig. 3 (a).

whereQr ; K¢ ; VE represent the query, key, and value ma-
trices projected by the features, a@d is the query matrix
from the semantic input. The relative positional encoding
E is added as a bias term.

Compared to self-attention in Swin Transformer, our
mixed attention enables the feature aggregation between
features and semantics at the same time, leading to better
semantic-aware generation.

Semantic-aware Layer Normalization. To better match
semantic features and depth features in the SAT block, we
propose the semantic-aware layer normalization to learn a
parameterized af ne transformation and fuse the semantic
information to the features, as shown in Fig. 3 (c). Given the
input feature tokenBr , the output tokenB are calculated

as:

er= 5w e (s, 3)

where ; are vectors learned by a simple MLP-RelLU-
MLP architecture with the semantic toke8s. Here is
the element-wise multiplication between two vectorand
denote the mean and standard deviatioR-of
With learned scaling and bias vectors , the afne
transformation is adaptive with the semantic input and
Figure 3. (a) The semantic-aware transformer (SAT) block. (b) varies with respect to different token positions, which facil-

The proposed mixed attention. (c) The proposed semantic-awaretates the matching of different features without introducing
layer normalization (SALN). unstable training.

For the input feature mag  of shapeRHs Wr Er 3.2. Semantic Weighted Depth Synthesis

in each input scale, wheker ; Hg ; Wg are the spatial res- Especially, the depth map has more structural regularity
olution, we embed the one-hot semantic infubf shape in the feature distribution. However, the simple output man-
NH W C to the same scale & by learnedconvolution ner in previous GAN-based image generation methods lacks



the capability to model the accurate depth map. Inspiredof another SAT block and the input featufe Note that, the
by the Adabins [3] from the depth estimation task, we pro- depth weight map contains rich local-global feature similar-
pose the semantic weighted depth synthesis (SWDS) stageities while serving as a key-query process.
which generates the depth interval from the depth features On the other hand, we compute the semantic weight map
of the previous stage and conducts a semantic weightedV with the encoder-decoder architecture. Then, we apply
depth synthesis scheme to obtain the nal depth map, asan element-wise multiplication betwe&d and the depth
shown in Fig 2. weight map to obtain a semantic-aware depth weighted
In this stage, we rst design a depth interval and weight map, which aggregates the additional semantic informa-
generation (DIWG) module to enable the depth interval and tion for a weighted generation. Next, the semantic-aware
weight generation for the scene. Meanwhile, we propose todepth weighted map is converted to a weighted probabil-
use an encoder-decoder architecture to compute the semarity depth distribution mafP"W via softmax Finally, the
tic weight mapW from S and better utilize the semantic depth value for each pixel is calculated from a weighted
input. Finally, we utilize a semantic weighted combination combinatpn with the corresponding probability distribu-
module to fuse them and synthesize the nal depth map. tion: d = c(b)p!.

In the SWDS stage, we fuse the semantic information to
the depth map and disentangle the bins generation with the
depth weight map generation by two separate SAT blocks,
enabling more accurate and reasonable depth maps.

3.3. Loss Functions

The generator and the discriminator are trained alterna-
tively, where we adopt the hinge loss in the discriminator
for distinguishing real/fake. The generator is optimized
by multiple losses, including the hinge-based adversarial
loss, discriminator feature matching losgy (%;x), and
the perceptual loslsp (%; x), following the previous works

[27, 40, 52]:

Lo = Exs[H(DX, S)] Egs[H(D (& S)HI;

Lec = Exs[D(%S)]+ pEgsLle(RX) (5)
Figure 4. The proposed DIWG module. The module takes the fea- + rm ExsLem (%;S);
ture map and semantic map as input and outputs the depth interval
and depth weight map. wherex is a real depth ma is a generated depth map,

andS is the semantic layout.p; gm denote the weights

~ As shown in Fig 4, the DIWG module rst embeds the  for the perceptual loss and feature matching ldssis the
input featureF and the semantic inp @8 into patches, de- hinge function, =1 if | is a real image and 1if | is a

noted asFr andSr. Then we adopt two SAT blocks 10 generated image:

enable semantic-aware feature generation. Note that, we do

not add a global positional encoding here since the window H()= min(0; 1+ 1): (6)
size in the SAT block is set to be the same as the embedded

feature map, thus the relative positional encoding here card. Experiments

be regarded as a global one. The output embedding from4 1. Implementation
one of SAT blocks is projected by a linear perceptron with ™"

softmaxto yield an N bins length vectdn Like Adabins Datasets. We benchmark our approach over Structured3D
[3], the bin centerg(b) are calculated via post-process: [62], Stanford2D3D [2], and Visual KITTI (VKITTI) [18]
datasets. Here we show details about the datasets following:

b X*
o(b) = dmin +(dmax ~ min )(E T ) ) « Structured3D is rendered with synthetic scenes in
J= panorama images. The geometric structure is distorted
wherec(h) is the center depth of thé" bins. dmax and in the panorama images on the sphere grid, and ac-
dmin are the maximum and the minimum depth values of curate depth generation is dif cult with conventional
the dataset. convolution kernels [10]. Therefore, we re-project the
Meanwhile, we obtain the depth weight map via a pixel- panoramaimages in Structured3D to perspective views

wise dot product between the generated feature embedding by reverse gnomonic projection [49], as shown in Fig.



5. Following the of cial split, we choose scene 0 to for depth accuracy, including mean absolute error (MAE),
scene 2999 for training, scene 3000 to scene 3249 forroot mean square error (RMSE), absolute relative error (Abs
validation, and scene 3250 to scene 3499 for testing, Rel), square relative error (SqRel) and threshold percentage
resulting in 109494 training images and 10122 testing ( "):

images of virtual indoor scenes. P
k -MAE= 0N a4

q PN -
-RMSE= & L jd dj%

P
AbsRel= = N jd  dij=d;

P _
- SqRel= & L, j&2  d@%=d;;

Threshold percentage, is the percentage of pixels
satisfyingmax(gA—i; g—:) < 1:25";n 2f1;2;3g,
whered andd are ground truth depth and generated depth
respectively.
Additionally, we calculate the PSNR of generated depth
maps:
Figure 5. Explanation of the re-projection in Structured3D. (a) The MAXq . @)
panoramic image on the sphere grid. (b) Cubemap by reverse RMSE’

gnomonic projection. (c) Semantic layout and depth map pairs where MAXq is the max depth value of the dataset for the
of 6 perspective views in the scene, viewed in color. Note that depth generation

the same color box in (a) and (b) represents the same part from al'raining and Testing Details. Different from the task of

spherical view to a perspective view. . . .
image generation, the depth values are stored as 32-bit oat
values, which are then normalized to [0, 255.0] by dividing
the maximum depth value of the scenes. At the testing, the
FID is calculated directly by the normalized depth values
ranging from 0 to 255.0, while other metrics are calculated
by re-scaling generated oat depth values back to the orig-
inal format of the dataset without losing accuracy. For the

PSNR= 20log,,

 Stanford2D3Dis scanned with RGB-D cameras in the
real-world scene with both perspective and panorama
images. Following the of cial split, we choose the per-
spective images in areas 1, 2, 3, 4, and 6 for training
and area 5 for testing. Stanford2D3D contains 52093
training images and 17593 testing images of real-world

indoor scenes. Table 1. Detail architecture of our DepthGAN. Input size and Dim
. . ) i S are the shapes of the input feature map and semantic embedding in
VKITTI is a photo-realistic synthetic video dataset the SAT block. SAT-8 means an SAT block with an input resolu-

designed to learn and evaluate computer vision mOdeIstion of8 8. Inthe SAT block, h is the number of heads in MSAs,

for several video understanding tasks: object detection j is the depth of SAT blocks, and w is the window size of mixed

and multi-object tracking, scene-level and instance- agention. In the SWDS module, p is the patch size of the patch
level semantic segmentation, optical ow, and depth empedding for both the feature map and the semantic layout, and
estimation. We choose scenes 0, 2, 18, and 20 for train-MLP-256 is the 256-dimensional MLP for depth interval. We use
ing and scene 6 for testing. Thus, we get 18560 train- bilinear upsampling for the upsampling layers.

ing images and 2700 testing images of outdoor scenes, -

The semantic labels are obtained from the provided in-  Input size | Dim | Module |  Architecture | Up
stance labels by the color mapping in each scene pro- s 8 512 | SATS th-16, d-2, w-§

. - X
vided in the dataset 16 16 | 512 | SAT-16 | fh-16,d-2, w-§ | X
The minimum depth value is set to 0, and the maximum 32 32 | 512 | SAT-32 | fh-16,d-2,w-§ | X
X

X

depth value is 655.35 meters for VKITTI while is 10 meters 64 64 256 | SAT-64 | fh-16,d-2, w-§
for the other indoor datasets. 128 128 | 128 | SAT-128| fh-8,d-2, w-§
Evaluation Metrics. We adopt Fechet Inception Dis- 256 256 | 64 | SAT-256| fh-4,d-2, w-g§
tance(FID) [23] to measure the Wasserstein-2 distance be-

T p-16
tween the distribution of generated depth map and that of 256 256 | 64 SWDS | SAT-16, MLP-256
the ground truth depth. Moreover, seven standard evalua- SAT-16

tion metrics in depth estimation tasks [14, 3] are evaluated




discriminator, we apply the Spectral Norm to all the lay- Note that in the depth generation, we use a one-hot se-
ers. We adopt the Adam optimizer [30] with a learning rate mantic layout as input for the accurate evaluation, unlike
0.0001 for the generator and 0.0004 for the discriminator the input noise map commonly used in semantic image syn-
following TTUR [24],and set ;1 =0 and , =0:999 The thesis tasks for a multi-style generation. Thus we can learn
weight for the perceptual loss is 10. Our models are traineda unique depth distribution from an input semantic layout
on 8 TITAN RTX GPUs, with a batch size of 32. The train- without randomness. Meanwhile, using a semantic layout
ing and generated resolution256 256for Structured3D  instead of noise as input enables a fully controllable depth
and Stanford2D3D datasets, &b 512for the VKITTI generation. As shown in Fig. 1 and the video demo, the
dataset. All results presented are obtained after training 50generated depth map only changes among the edited ob-
epochs. jects, while the remaining parts keep consistent.

Network Architecture. In this section, we provide the de-  guantitative Comparison. Tab. 2 shows the performance
tailed m_odel archltectL_Jre for266 256resolution depth s the depth maps generated by our approach and the com-
generation, as shown in Tab. 1. petitors on the proposed new tasks. Our approach leads to
decisive improvement and performs consistently better than
previous approaches, which demonstrates the effectiveness
In this sub-section, we provide quantitative and visual of the proposed approach. With the generation-synthesis
comparisons to prove the effectiveness of our DepthGAN. strategy, we generate depth maps with more accurate depth
We compare with previous semantic image synthesis meth-values and higher PSNR. In particular, our method improves
ods including Pix2pixHD [25], SPADE [40], CC-FPSE MAE by around 20% and PSNR by around 5% for the aver-
[34], LG-GAN [48], SEAN [64], OASIS [44], and SAFM  age of three datasets over the second-best competitor, which
[38] with the same training strategy. For OASIS, we use means the proposed strategy is more capable of generating
their default setting but remove the 3D noise part to avoid accurate depth than the convolution-nonlinear manner in the
the randomness in the generated depth map for better accuprevious methods for this task. Moreover, our generated
racy. depth maps outperform the competitors by 28% on the FID

4.2. Comparison Experiments

Table 2. Comparison of performance with previous approaches on multiple datasets. The better performanicellare in
Dataset Method MAE AbsRel# SqgRel# RMSE# T 2 8" PSNR" FID#

Pix2pixHD 0.1587  0.1325 0.1162 0.2062 84.52 93.73 96.64 21.63 128.20
SPADE 0.1366  0.1447 0.0781 0.1536 86.61 9451 96.93 2242 119.59
CC-FPSE 0.0946  0.0903 0.0353 0.1297 91.46 97.68 99.04 27.19 87.62
LGGAN 0.1362  0.1229 0.0893 0.1489 88.03 95.63 97.56 23.41 114.02

Structured3D  “graN' 01037 0.0863 00481 01268 8947 97.05 98.75 2669  75.34
OASIS 01199 0.1173 00532 0.1631 87.47 95.83 98.12 2440 166.51

SAFM  0.0981 0.0826 0.0419 0.1187 90.64 97.45 98.61 27.79 6158

Ours 00613 0.0590 0.0228 00888 9537 98.67 99.40 3053 37.38

Pix2pixHD 05424 02985 05507 0.7801 69.36 84.97 90.97 17.25 33598

SPADE 05820 02981 03662 07910 60.54 83.07 92.10 19.37 201.53
CC-FPSE 0.3662 0.1822 0.1466 0.5385 76.66 92.70 97.20 23.88 185.87

Stanfordapap GGAN 03381 01866 01435 05637 77.65 9292 97.25 2223 254.65
SEAN  0.4208 02068 0.1883 0.6057 72.28 90.99 9656 21.67 157.37

OASIS 04037 02441 02635 0.6252 71.23 89.79 97.43 2279 17255

SAFM  0.3788 01927 0.1604 05559 74.17 91.86 96.98 22.19 238.06

Ours 02831 0.1380 0.1168 0.4898 83.90 9521 98.19 23.95 130.45

Pix2pixHD 24.689 0.3989  31.784 53.373 5247 8116 9292 2174 668.24

SPADE  20.014 0.3384 13675 38.607 55.64 80.95 91.49 2460 510.08
CC-FPSE 18760 0.2869 11559 35376 64.63 84.90 92.67 2540 764.08

VKITT] LGGAN  15.089 0.2605 12.331 34.091 67.45 8834 9426 2570 470.11

SEAN 18.719 0.2996 16.393 38919 66.52 84.48 91.21 2455 569.56
OASIS 13.214  0.2657 8.439 30.263 64.40 86.71 93.17 26.68 493.30
SAFM 15.220  0.2548 10.754  31.702 64.17 87.15 9342 26.40 45441
Ours 10.973  0.2315 7.181 26.388 69.47 89.16 94,55 27.02 291.78




Figure 6. Depth maps comparison on Structured3D and Stanford2D3D. Blue is close and red is far.

Figure 7. Depth maps comparison on VKITTI. Blue is close and
is far.

score, proving that the distribution of generated depth maps

is closer to the ground truth distribution.
Visual Comparison. As shown in Fig. 6 and Fig. 7, our ap-

proach shows compelling quality in generating more accu-

plex scenes, such as chairs in rows 3 of Fig 6. Especially for
small and far semantic regions, our approach can generate
correct depth values, see the plants of row 1 and the door
of row 4 in Fig. 6. Moreover, since we generate the depth
interval for the scene and utilize a semantic-aware weighted
combination, our generated depth maps show more accurate
geometric correlation and can better capture the depth vari-
ation within the semantic regions, see row 2 in Fig. 6 and
the depth of trees in Fig. 7.

4.3. Ablation Study

We conduct experiments on the Structured3D dataset to
verify the effectiveness of each component in our method.

Table 3. Ablation study on the network architecture. Starting from
the baseline architecture, we prove the effectiveness of each pro-
posed component.

Method MAE# AbsRel# PSNR" FID#
Baseline 0.1709 0.2086 17.65 307.16
+ SPE 0.1382 0.1749 20.81 226.94
+ SALN 0.0843 0.1015 26.90 77.24

+ Mixed Attn 0.0755  0.0826 29.58 50.11
+ SWDS (Ours) 0.0613  0.0590 30.53 37.38

Main Ablation. As shown in Tab. 3, starting from a cas-

rate depth maps with reasonable structure correlation, betcade of Swin blocks as our baseline method, we gradually

ter matching the ground truth depth distribution. With the

add each component to the framework. Compared with the

global depth features generated by the SAT block, our gen-baseline, adding a semantic position embedding (SPE) on
erated depth maps can better represent the structure of comeach scale brings improvement because it encodes extra se-



