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The supplementary material contains:

• Camera and world system configuration.

• Network architecture, parameter setting and training
strategies.

• 3D detection results on SUN RGB-D.

• Object class mapping from NYU-37 to Pix3D.

• More qualitative comparisons on Pix3D.

• More reconstruction samples on SUN RGB-D.

A. Camera and World System Setting
We build the world and the camera systems in this paper

as Figure 1 shows. The two systems share the same center.
The y-axis indicates the vertical direction perpendicular to
the floor. We rotate the world system around its y-axis to
align the x-axis toward the forward direction of the camera,
such that the camera’s yaw angle can be removed. Then the
camera pose relative to the world system can be expressed
by the angles of pitch β and roll γ:

R (β, γ) =

cos (β) − cos (γ) sin (β) sin (β) sin (γ)
sin (β) cos (β) cos (γ) − cos (β) sin (γ)

0 sin (γ) cos (γ)

 .
B. Network Architecture
Architecture. We present the architecture of our Ob-
ject Detection Network (ODN), Layout Estimation Network
(LEN) and Mesh Generation Network (MGN) in Table 1-3.
Training strategy. Our training involves two phases. We
first train the three networks individually. ODN and LEN
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Figure 1: Camera and world systems

are trained on SUN RGB-D [6], while MGN is trained on
Pix3D [7] with their specific loss (

∑
λxLx,

∑
λyLy and∑

λzLz respectively) (see Line 455, Page 5). All of them
are with the batch size of 32 and learning rate at 1e-3 (scaled
by 0.5 for every 20 epochs, 100 epochs in total). The MGN
is trained with a progressive manner following [5]. After-
wards, we fine-tune them with the joint losses λcoLco and
λgLg (see Equation 4) together on SUN RGB-D. Specifi-
cally, in the joint training, we randomly blend a few Pix3D
samples into each batch of SUN RGB-D data to supervise
the mesh generation network (i.e. to optimize the mesh loss∑
λzLz). We do so to regularize the mesh generation net-

work because not like Pix3D, SUN RGB-D provides only
a partial point-cloud scan of objects, which is not sufficient
to supervise full mesh generation. For joint training, we
input the full network with a hierarchical batch, where the
scene image (from SUN RGB-D) is inputted to LEN, and
the object images (from SUN RGB-D and Pix3D) are fed
into ODN and MGN for object detection and mesh predic-
tion. We set the hierarchical batch size at 1, and the learning
rate at 1e-4 (scaled by 0.5 for every 5 epochs, 20 epochs in
total). All the training tasks are implemented on 6x Nvidia
2080Ti GPUs. During testing, our network requires 1.2 sec-
onds on average to predict a scene mesh on a single GPU.
Parameters. We set the threshold in our MGN at 0.2.
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Edges with the classification score below it are removed. In
joint training (Section 3.3), we let λr = 10, λx = 1,∀x ∈
{δ, d, s, θ}, λy = 1,∀y ∈ {β, γ,C, sl, θl}, λc = 100,
λe = 10, λb = 50, λce = 0.01, λco = 10, λg = 100.

Index Inputs Operation Output shape
(1) Input Object images in a scene Nx3x256x256
(2) Input Geometry features [3, 8] N x N x 64
(3) (1) ResNet-34 [2] Nx2048
(4) (2), (3) Relation Module [3] Nx2048
(5) (3), (4) Element-wise sum Nx2048
(6) (5) FC(128-d)+ReLU+Dropout+FC δ
(7) (5) FC(128-d)+ReLU+Dropout+FC d
(8) (5) FC(128-d)+ReLU+Dropout+FC θ
(9) (5) FC(128-d)+ReLU+Dropout+FC s

Table 1: Architecture of Object Detection Network. It takes
all object detections in a scene as input and outputs their
projection offset δ, distance d, orientation θ and size s. N
is the number of objects in a scene.

Index Inputs Operation Output shape
(1) Input Scene image 3x256x256
(2) (1) ResNet-34 [2] 2048
(3) (2) FC(1024-d)+ReLU+Dropout+FC β
(4) (2) FC(1024-d)+ReLU+Dropout+FC γ
(5) (2) FC+ReLU+Dropout 2048
(6) (5) FC(1024-d)+ReLU+Dropout+FC C
(7) (5) FC(1024-d)+ReLU+Dropout+FC sl

(8) (5) FC(1024-d)+ReLU+Dropout+FC θl

Table 2: Architecture of Layout Estimation Network. LEN
takes the full scene image as input and produces the camera
pitch β and roll γ angles, the 3D layout centerC, size s and
orientation θ in the world system.

C. 3D Detection on SUN RGB-D

We report the full results of 3D object detection on SUN
RGB-D in Table 5.

D. Object Class Mapping

Pix3D has nine object categories for mesh reconstruc-
tion, which contains: 1. bed, 2. bookcase, 3. chair, 4. desk,
5. sofa, 6. table, 7. tool, 8. wardrobe, 9. miscellaneous. In
3D object detection, we obtain object bounding boxes with
NYU-37 labels in SUN RGB-D. As our MGN is pretrained
on Pix3D, and the object class code is required as an input
for mesh deformation, we manually map the NYU-37 la-
bels to Pix3D labels based on topology similarity for scene
reconstruction (see Table 4).

Index Inputs Operation Output shape
(1) Input Object image 3x256x256
(2) Input Object class code dc
(3) Input Template Sphere 3x2562
(4) (1) ResNet-18 [2] 1024
(5) (2),(4) Concatenate 1024+dc
(6) (5) Repeat (1024+dc)x2562
(7) (3),(6) Concatenate (1024+dc+3)x2562
(8) (7) AtlasNet decoder [1] 3x2562
(9) (3),(8) Element-wise sum 3x2562
(10) (9) Sample points 3xNe
(11) (5) Repeat (1024+dc)xNe
(12) (10),(11) Concatenate (1024+dc+3)xNe
(13) (12) Edge classifier 1xNe
(14) (13) Threshold 1xNe (Mesh topology)
(15) (6),(9) Concatenate (1024+dc+3)x2562
(16) (15) AtlasNet decoder [1] 3x2562
(17) (9),(16) Element-wise sum 3x2562 (Mesh points)

Table 3: Architecture of Mesh Generation Network. Note
that dc denotes the number of object categories, and Ne rep-
resents the number of points sampled on edges. The edge
classifier has the same architecture with AtlasNet decoder,
where the last layer is replaced with a fully connected layer
for classification.

cabinet bed chair sofa table door window
8 1 3 5 6 8 9

bookshelf picture counter blinds desk shelves curtain
2 9 9 9 4 2 9

dresser pillow mirror floor mat clothes books fridge
8 9 9 9 9 9 8
tv paper towel shower curtain box whiteboard person
8 9 9 9 8 8 9

nightstand toilet sink lamp bathtub bag wall
8 9 9 9 9 8 -

floor ceiling - - - - -
- - - - - - -

Table 4: Object class mapping from NYU-37 to Pix3D

E. More Comparisons of Object Mesh Recon-
struction on Pix3D

More qualitative comparisons with Topology Modifica-
tion Network (TMN) [5] are shown in Figure 2. The thresh-
old τ in TMN is set at 0.1 to be consistent with their paper.

F. More Samples of Scene Reconstruction on
SUN RGB-D

We list more reconstruction samples from the testing set
of SUN RGB-D in Figure 3.



Method cabinet bed chair sofa table door window bookshelf picture counter
CooP [4]** 10.47 57.71 15.21 36.67 31.16 0.14 0.00 3.81 0.00 27.67
Ours (w/o. joint) 11.39 59.03 15.98 43.95 35.28 0.36 0.16 5.26 0.24 33.51
Ours (joint) 14.51 60.65 17.55 44.90 36.48 0.69 0.62 4.93 0.37 32.08
Method blinds desk shelves curtain dresser pillow mirror floor mat clothes books
CooP [4]** 2.27 19.90 2.96 1.35 15.98 2.53 0.47 - 0.00 3.19
Ours (w/o. joint) 0.00 23.65 4.96 2.68 19.20 2.99 0.19 - 0.00 1.30
Ours (joint) 0.00 27.93 3.70 3.04 21.19 4.46 0.29 - 0.00 2.02
Method fridge tv paper towel shower curtain box whiteboard person nightstand toilet
CooP [4]** 21.50 5.20 0.20 2.14 20.00 2.59 0.16 20.96 11.36 42.53
Ours (w/o. joint) 20.68 4.44 0.41 2.20 20.00 2.25 0.43 23.36 6.87 48.37
Ours (joint) 24.42 5.60 0.97 2.07 20.00 2.46 0.61 31.29 17.01 44.24
Method sink lamp bathtub bag wall floor ceiling
CooP [4]** 15.95 3.28 24.71 1.53 - - -
Ours (w/o. joint) 14.40 3.46 27.85 2.27 - - -
Ours (joint) 18.50 5.04 21.15 2.47 - - -

Table 5: Comparison of 3D object detection. We compare the average precision (AP) of detected objects on SUN RGB-D
(higher is better). CooP [4]** presents the model trained on the NYU-37 object labels for a fair comparison.

Figure 2: Qualitative comparisons between the proposed method and TMN [5] on object mesh reconstruction. From left to
right: input images, results from TMN, and our results.



Figure 3: Reconstruction results of test samples on SUN RGB-D
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