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1 CHOICE OF THE DISTANCE

Our autoencoder network has to compute the cost or dis-
tance between two point clouds. Both Chamfer distance
(CD) [3] and Earth Mover’s Distance (EMD) [7] are pop-
ularly used methods.

The chamfer distance calculates the squared distance
between each point in one point cloud to its closest point
in the other point cloud, chamfer distance is defined as:

dCD(P1, P2) =
∑

p1∈P1

min
p2∈P2

||p1 − p2||22

+
∑

p2∈P2

min
p1∈P1

||p1 − p2||22.
(1)

Chamfer distance is more efficient for training, but in
our experiments, we found that point clouds trained by
the chamfer distance suffer from an uneven distribution
problem. The points easily gather at the flat parts. Hence,
as described in the main paper, we employed the EMD
distance in our loss. EMD distance guarantees one-to-one
mapping when the number of two point clouds is identical.
It makes the generated points more uniformly distributed.

2 DETAILED DESCRIPTION ABOUT THE TREE-
BASED GENERATOR

In our generator, to synthesize point clouds with detailed
geometric structure, we considered upsampling methods in-
stead of taking numerous fully connected layers directly. We
took the tree-structure generator proposed in treeGAN [8] as
the backbone. The tree structure ensures that the nodes with
the same ancestor have similar geometry structure. We used
seven layers of tree-based graph convolution (TreeGCN) [8]
to generate our point clouds.
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TreeGCN is composed of an activation function σ, a
network for loop term FK , a linear mapping for ancestor
term U , and a bias b, and it is defined as:

pl+1
i = σ(F l

K(pli) +
∑

qj∈A(pl
i)

U l
jqj + bl), (2)

where pli is the i-th node of the tree structure in l-th layer, qj
is the j-th ancestor of pli, and A(pli) is the set of all ancestors
of pli. As shown in Fig. 1, the nodes with same ancestors
can preserve similar feature by the ancestor term. The loop
term makes the nodes with same ancestors have diversity.
By this structure, we can generate point clouds with detailed
geometric structure.

We regarded our latent code Z as the root of our tree-
structure generator and presented it as p01. The set of nodes
{pLi ∀i ∈ [1, 2, . . . , n]} in the final layer L is our output point
cloud with n nodes. To upsample the number of nodes in
each layer, we took the branch matrix V to generate child
nodes from a single node. Taking the i-th node pli in l layer
for an example, we defined the branch as:

pl+1 = {V l+1
ij · pli ∀j ∈ [1, 2, · · · , dl]}, (3)

where dl is the upsampling degree in l layer. We adopted
the degrees {2, 2, 2, 2, 2, 4, 16} for seven layers, respectively,
and it generated 2048 nodes in the final layer.

Inspired by [5], we took advantage of AdaIN [4] to
enhance the shape information in every layer except for
the final layer. For l-th layer, we mapped our latent code
z into a vector containing scale coefficient σl and translation
coefficients µl via a shape mapping function which is { FC-
256→ leakyReLU→ FC-256→ leakyReLU→ FC }. Hence,
in l-th layer, we obtained the nodes p̃l as:

p̃l =
pl − µ(pl)

σ(pl)
· σl + µl, (4)

where µ(pl) and σ(pl) are mean and variance of pl. As
shown in the following experiments, with the AdaIN layers,
we can preserve more shape details.
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Fig. 1: The concept about treeGCN layers. Taking the nodes
in the second layer as an example, the nodes with the same
ancestors, e.g. the nodes in the red circle, learn the same
features from the ancestor term. The loop term enhances the
difference between the sibling nodes.

(a)

(b)
Fig. 2: (a) The overview architecture of our autoencoder. (b)
The overview architecture of the autoencoder in model A for
ablation study, in which we removed our shape mapping
functionMshape.

3 ADDITIONAL QUALITATIVE ABLATION STUDIES

3.1 AdaIN and Multi-scale translator

We constructed two additional network structures, model A
and model B, to investigate the effectiveness of our shape
mapping function Mshape (for AdaIN) and multi-scale
translator {T 1

scale, T
2
scale, T

3
scale, T

4
scale}.

The model A involved two modifications. While fixing
the encoder in our framework, we first removed allMshape

of our generator as depicted in Fig. 2b. In the second
modification, we replaced the proposed multi-scale trans-
lators, where four sub-translators are applied, with a global
translator as depicted in Fig. 3b. Based on model A, we put
Mshape back to corresponding layers of our generator as the
model B.

As shown in Fig. 4, there are several vague parts and
noisy points in the reconstructed and the transferred point
clouds of model A. In model B, the Mshape enhances the
generator to synthesize more clear shape characteristics than
results of model A. However, the transferred point clouds
of model B miss certain distinct shape characteristics, such

(a)

(b)

Fig. 3: Comparison of the translator architecture. (a) Our
sub-translator. Four sub-translators are applied to transfer
latent codes of four scales. (This sub-figure is identical to
Fig.6(b) in the main manuscript.) (b) Global translator used
in model A and model B for ablation study.

input Model A Model B ours

Fig. 4: Results of reconstruction (the first row and the third
row) and translation (the second row and the fourth row)
by different architectures for ablation study. The upper and
lower halves show the results of chair-to-table transfer and
table-to-chair transfer, respectively.

as the four branches of the table base. With our complete
architecture, where multi-scale translators are applied, the
transferred shape characteristics are more distinct and closer
to the originals than those by global translators in model B.

3.2 Training Strategies

We also trained our framework with different strategies
to compare our alternate training to the separate training
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input separate training alternate training
(ours)

Fig. 5: Transferred results by our model trained with differ-
ent training strategies. The upper and lower halves show
results about chair-to-table transfer and table-to-chair trans-
fer, respectively.

used in LOGAN [9]. In LOGAN, they first trained the
autoencoder to produce its latent space and then trained the
translators in the fixed latent space. However, the results of
separate training highly depended on the diversity of shape
characteristics in the latent space. As shown in Fig. 5, the
latent space learned from the autoencoder with the separate
training is not able to make the following translators pre-
serve the detailed shape characteristics such as the inverted
pyramid shape of the chair base and the single short leg of
the table.

3.3 Test on Paired Arm-and-armless Chairs Dataset

As mentioned in the main manuscript, to objectively assess
the unpaired translation methods, we constructed the Paired
Arm-and-armless Chairs test dataset. This small test dataset is
composed of thirty armchair data from ShapeNet and thirty
corresponding armless chairs, which are crafted manually
and unseen in ShapeNet. When we train a framework with
the training split (1710 armchairs and 2875 armless chairs),
and translate an armchair to an armless chair, the manually
crafted armless version can become the pseudo ground
truth, and vice versa.

Fig. 6 compares the results of our translation framework
with different configurations of modules, Ours(MVS) and
LOGAN [9]. Fig. 7 compares the results of our translation
framework with different configurations of loss functions,
Ours(MVS) and LOGAN [9].

similarity(%) fidelity(%)
ours 50.97 40.41

LOGAN [9] 29.72 25.00
both are plausible 7.50 22.91

both are not plausible 11.80 11.66

TABLE 1: User evaluation about preferences of transferred
point clouds by the proposed method versus those by LO-
GAN [9] in terms of style similarity to the input and point
cloud fidelity for the target domain, respectively.

chair→table→chair table→chair→table
Model/Distance CD EMD CD EMD

Ours 3.81 9.51 4.63 9.98
OurCB 1.88 7.01 1.89 7.26

LOGAN [9] 3.30 8.54 2.76 7.43
UNIST [2] 1.54 4.61 2.04 4.50

TABLE 2: Statistics on the cycle-reconstruction error of the
proposed framework (Ours), LOGAN [9], and UNIST [2] on
the chair-table dataset. OurCB (cycle-loss-boosted) denotes
our framework trained with a double weight on cycle-
consistency loss. The reported CD (chamfer distance) scores
are multiplied by 103 and EMD (earth mover’s distance)
scores are multiplied by 102.

4 ADDITIONAL EXPERIMENT RESULTS

4.1 User Evaluation
We also compared our approach to LOGAN [9] through user
evaluation about the transferred point clouds. We randomly
selected and generated thirty sets of results about chair-to-
table transfer and thirty sets of results about table-to-chair
transfer.

Fifty-eight volunteers participated in the evaluation.
thirty-two of them are familiar with 3D models from movies
or games, and seventeen of them are experienced in 3D
modeling. After looking around the input point clouds and
the transferred results by two methods, volunteers then
voted for their preferred results in terms of style similarity
to the input and point cloud fidelity for the target domain.

The percentages of similarity and fidelity are listed in
Table 1. More volunteers preferred our results in both sim-
ilarity and fidelity. We also performed t-test: paired two
sample for means (one-tail) on the votes (hypothesis H0:
LOGAN is better and H1: the proposed is better). The p-
values for similarity and fidelity are 0 and 2 × 10−7(<.05).
The advantages of the proposed work are significant.

4.2 Argument about Cycle-reconstruction Error for
Evaluating Translation
It is a challenging task to objectively evaluate the translation
quality with a large dataset without ground truth. One pos-
sible thought is to evaluate the reconstruction error between
a source and its cycle-transferred model. For example, for
chair→table translation, evaluating the distance between a
source chair and the chair generated by chair→table and
then table→chair translation. Hence, we conducted an ex-
periment to discuss the use of cycle-reconstruction error for
evaluating translation.

As shown in Table 2, we evaluated the cycle-
reconstruction error of results by the proposed frame-
work, LOGAN [9] and UNIST [2]. Our average cycle-
reconstruction error is inferior to those of LOGAN and
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input w/o AdaIN, MS w/o AdaIN w/o MS Ours(Trans) Ours(MVS) LOGAN Pseudo GT

Fig. 6: Qualitative comparison among our models with different configurations of modules and LOGAN [9]. These
translation methods were trained with the armchair and armless chair training split and tested on the Paired Arm-and-
Armless Chairs dataset. The first five rows are the results for armchair → armless chair, while the last five rows are the
results for armless chair → armchair. The first and last columns are the input and pseudo ground truth pairs. The fifth
column represents the results of our full model, while the 2-4th columns represent the ablation of AdaIn and Multi-Scale
(MS) modules used in the generator and encoder. The sixth column shows the results by our mean-vector-shift (MVS)
operation, where the model was trained on the chair-table datasets. The seventh column represents the results of LOGAN.
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input w/o Lcenter , Lcp w/o Lcp w/o Lcenter Ours(Trans) Ours(MVS) LOGAN Pseudo GT

Fig. 7: Qualitative comparison among our models with different configurations of loss functions, Ours(MVS) and LOGAN
[9]. The translation methods (except MVS) were trained with the armchair and armless chair training split and tested on
the Paired Arm-and-Armless Chairs dataset. The first five rows are the results for armchair → armless chair, while the last
five rows are the results for armless chair → armchair. The first and last columns are the input and pseudo ground truth
pairs. The fifth column represents the results of our full model, while the 2-4th columns represent the ablation of Lcenter

and Lcp. The sixth column shows the results by our mean-vector-shift (MVS) operation, where the model was trained on
the chair-table datasets. The seventh column represents the results of LOGAN.
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input Ours (Trans., Cyc.) OurCB (Trans., Cyc.) LOGAN (Trans., Cyc.) UNIST (Trans., Cyc.)

(CD/EMD) 4.11/10.47 0.77/4.56 3.92/10.79 2.85/10.70

2.00/7.23 2.25/7.12 1.21/5.48 1.21/6.07

2.68/6.89 2.12/7.17 3.50/8.26 2.05/7.39

Fig. 8: Examples of chair→table translation (Trans.) by the proposed framework (Ours), LOGAN [9], and UNIST [2]
and their corresponding chair→table→chair cycle-reconstructed models (Cyc.) and cycle-reconstruction error in terms of
(CD/EMD). OurCB (cycle-loss boosted) denotes our framework trained with a double weight on cycle-consistency loss.
The reported CD (chamfer distance) scores are multiplied by 103 and EMD (earth mover’s distance) scores are multiplied
by 102. We found that the cycle-reconstruction error may not directly accord with the translation quality.

UNIST. When we simply doubled the weight of cycle-
consistency error in our framework, the cycle-reconstruction
error of such a cycle-loss-boosted version (OurCB) can be
comparable to others and even superior in certain items.
However, when we inspected the results generated by
our cycle-loss-boosted framework and related methods, we
found that the superiors in cycle-reconstruction error are not
necessary to possess high translation quality.

Fig. 8 shows examples of translation results by our
framework, our cycle-loss-boosted framework (OurCB),
LOGAN and UNIST and their corresponding cycle-
reconstructed models and cycle-reconstruction error. In the
first row, OurCB generated the cycle-reconstructed model
properly but its translation result is not as appealing as
others. In the second row, LOGAN got the lowest cycle-
reconstruction error, but it translated a solid and chunky
chair into a table with hollow storage space under the
table top. In the third row, UNIST got he lowest cycle-
reconstruction error in CD but the model translated by our
proposed framework keeps the thin and curved chair base.

Since the weight of cycle-consistency loss can influ-
ence the learning effort of a model in terms of cycle-
reconstruction and the cycle-reconstruction accuracy is not
always consistent with translation quality, we argue that the
cycle-reconstruction error should not directly be applied as
the metric to evaluate the quality of shape translation.

4.3 Additional Results of Shape Style Mixing

We can generate point clouds which consist of the coarse
and fine shape features from two source point clouds by
combining their coarse and fine portions of latent codes,
respectively. Additional results of shape style mixing are
shown in Fig. 9.

We can also combine coarse and fine features from two
different domains, as shown in Fig. 10. Some of the cross-
domain style-mixing results are with slightly more noise
points compared to those of single-domain style-mixing. We
think that is because some features are not perfectly mapped
onto the opposite domains.

4.4 Additional Results of Shape Editing with Mean-
Vector-Shift (MVS) operation
We present additional results of shape editing with MVS
operation in Fig. 11. Taking short tables to tall tables as
example, the MVS operation is formulated as:

Zishort→tall table
= Zishort table

−Z̄short table+Z̄tall table, (5)

where Z̄(.) denotes the mean vector of a given set.

4.5 Additional Results of our Autoencoder
We demonstrate additional results of reconstructed chairs in
Fig. 12 and results of reconstructed tables in Fig. 13.

4.6 Additional Results of Shape Transfer
4.6.1 Chairs and Tables
We show additional results and comparison about chair-to-
table transfer in Fig. 14 and table-to-chair transfer in Fig.
15.

4.6.2 Closest Model Retrieval for the Translated Results
Fig. 16 shows translation results of chair-to-table and table-
to-chair and also their Top-5 closest shapes in the target
training dataset. It demonstrates that our proposed network
is capable of transferring shapes and not simply retrieving
training data from the target domain.
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fine-scale coarse-scale generated fine-scale coarse-scale generated
source source point clouds source source point clouds

Fig. 9: Our results of shape style mixing. The left part demonstrates the mixing results of chairs. The right part shows the
mixing results of tables.
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fine-scale coarse-scale generated fine-scale coarse-scale generated
table source chair source point clouds chair source table source point clouds

Fig. 10: The results of mixing coarse and fine scale features from two different domains. The left part shows the coarse-scale
features from chairs and the fine-scale features from tables, and vice versa for the right part.
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input edited input edited input edited input edited
point clouds point clouds point clouds point clouds point clouds point clouds point clouds point clouds

Fig. 11: Our results by MVS operations. The model was trained with the chair and table data. The upper left part shows
the MVS results of arm-chair-to-armless-chair. The upper right part shows the MVS results of armless-chair-to-arm-chair.
The lower left part shows the MVS results of short-table-to-tall-table. The lower right part shows the MVS results of
tall-table-to-short-table.
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input reconstructed input reconstructed input reconstructed input reconstructed
point clouds point clouds point clouds point clouds point clouds point clouds point clouds point clouds

Fig. 12: The reconstructed results of chairs by the proposed autoencoder.

input reconstructed input reconstructed input reconstructed input reconstructed
point clouds point clouds point clouds point clouds point clouds point clouds point clouds point clouds

Fig. 13: The reconstructed results of tables by the proposed autoencoder.



SUPPLEMENTARY DOCUMENT FOR IEEE TRANSACTIONS ON VISUALIZATION AND COMPUTER GRAPHICS 11

(a) (b) (c) (d) (e) (f)

Fig. 14: The results of chair-to-table transfer. (a) Input chairs. (b) Our chair-to-table transferred results from (a). (c) The
chair-to-table transferred results of LOGAN [9] from (a). (d) Input chairs. (e) Our chair-to-table transferred results from (d).
(f) The chair-to-table transferred results of LOGAN [9] from (d).
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(a) (b) (c) (d) (e) (f)

Fig. 15: The results of table-to-chair transfer. (a) Input tables. (b) Our table-to-chair transferred results from (a). (c) The
table-to-chair transferred results of LOGAN [9] from (a). (d) Input tables. (e) Our table-to-chair transferred results from (d).
(f) The table-to-chair transferred results of LOGAN [9] from (d).
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input trans (query) Top-5 retrieved results

Fig. 16: Top-5 retrieval results from the training data for the chair-table translation results with our model. The inputs
and translated results (queries) are shown in the leftmost two columns and the Top-5(EMD) retrieved objects of the
corresponding queries are on the right-hand side.
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input Ours (trans) input Ours (trans)

Fig. 17: The results of chair-sofa translation with our model.
The left half is the results of chair → sofa, while the right
half is the results of sofa→ chair.

4.6.3 Chairs and Sofas

We trained our proposed method on the chair and sofa
datasets from ShapeNet Core [1]. The chair dataset has 4768
training shapes and 2010 testing shapes, and the sofa dataset
has 3073 training shapes and 100 testing shapes. Our trans-
lation results of chair-to-sofa and sofa-to-chair are shown in
Fig. 17. As mentioned in the limitation, when some features
are rare or difficult to implicitly find the correspondences in
the opposite domain, the transferred point clouds can have
more noise points than other cases.

4.6.4 Cabinets and Chairs

We trained our proposed method on the cabinet and chair
datasets from ShapeNet Core [1]. The cabinet dataset has
1472 training shapes and 100 testing shapes, and the chair
dataset has 4768 training shapes and 2010 testing shapes.
Our translation results of cabinet-to-chair and chair-to-
cabinet are shown in Fig. 18. As mentioned in the limitation
of the main manuscript, since there are few apparent or
semantic correspondences between these two domains, our
system mainly transferred the height and width of objects
and the round or square contour.

input Ours (trans) input Ours (trans)

Fig. 18: The results of cabinet-chair translation with our
models. The left half is the results of cabinet→ chair, while
the right half is the results of chair→ cabinet.

4.6.5 Fit persons and Fat Persons
We trained our framework on the fit person (ID: 50009) and
fat person (ID: 50002) data from the MPI DYNA dataset
[6]. We uniformly sampled 2048 points as our input. As
shown in Fig. 19, we can preserve the poses of persons after
fit-person-to-fat-person transfer and fat-person-to-fit-person
transfer.
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input transferred input transferred input transferred input transferred
point clouds point clouds point clouds point clouds point clouds point clouds point clouds point clouds

Fig. 19: Our transfer results between fit persons and fat persons. The left part shows the results of fat-person-to-fit-person
transfer. The right part shows the results of fit-person-to-fat-person transfer.
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