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Abstract

Image-based 3D shape retrieval (IBSR) aims to find the corresponding 3D shape
of a given 2D image from a large 3D shape database. The common routine is to
map 2D images and 3D shapes into an embedding space and define (or learn) a
shape similarity measure. While metric learning with some adaptation techniques
seems to be a natural solution to shape similarity learning, the performance is often
unsatisfactory for fine-grained shape retrieval. In the paper, we identify the source
of the poor performance and propose a practical solution to this problem. We find
that the shape difference between a negative pair is entangled with the texture
gap, making metric learning ineffective in pushing away negative pairs. To tackle
this issue, we develop a geometry-focused multi-view metric learning framework
empowered by texture synthesis. The synthesis of textures for 3D shape models
creates hard triplets, which suppress the adverse effects of rich texture in 2D images,
thereby push the network to focus more on discovering geometric characteristics.
Our approach shows state-of-the-art performance on a recently released large-scale
3D-FUTURE [1] repository, as well as three widely studied benchmarks, including
Pix3D [2], Stanford Cars [3]], and Comp Cars [4]. Codes will be made publicly
available at: https://github.com/3D-FRONT-FUTURE/IBSR-texture,

1 Introduction

Cross-domain image-based 3D shape retrieval (IBSR) is to identify the matched 3D CAD model of
the object in a query image. With the growing number of 3D shapes, the establishment of reliable
IBSR platforms is significant. For example, it can help to build 3D virtual scenes for real-world
houses from 2D images. High-performing IBSR systems may also inspire and benefit studies in shape
collection based 3D object reconstruction. Unluckily, compared to content-based image retrieval
(516, [7, 18, 9], IBSR is challenging due to the large appearance gap between 3D shapes and 2D
images.

There are mainly two directions to alleviate the issue, as shown in Fig. E} For the first one, researchers
take efforts to predict 2.5D sketches from images, such as surface normal, depth, and location filed,
to bridge the gaps between 3D and 2D domains [2, 10} [11} 12} [13 {14} [15]. These methods achieve
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Figure 1:Motivation. We show the differences (based on metric learning) between our solution (c) and two
widely studied routines ((a) and (b)) for cross-domain image-based 3D shape refrisvaltandom latent code.

Our method assigns the “yellow” texture to the negative 3D chair, and synthesis a random texture (“blue”) to the
positive 3D chair. Since the anchor image also contain a “yellow” texture, the learning procedure may more
easily suppress the adverse effects of creamy texture in 2D images, thereby push the network to focus more on
discovering geometric characteristics.

state-of-the-art (SOTA) retrieval accuracy and sequences. However, while 2.5D representations
for 3D CAD models can be conveniently rendered, accurately estimating 2.5D sketches from 2D
images is itself an open problefhd, 17, 18, 19, 20, 21]. The second routine is to map cross-domain
representations into a uni ed constrained embedding space and de ne (or learn) a shape similarity
measure 32, 23, 24, 25, 26, 27, 28, 29, 30, 31, 32, 33]. Standard metric learning with feature
adaptation techniques seems to be a natural solution to shape similarity learning. However, their
performance is often unsatisfactory for ne-grained shape retrieval. One of the possible reasons is
that the shape difference between a negative pair is entangled with the texture gap, making metric
learning ineffective in pushing away negative pairs.

As the analysis, assuming that we have many hard triplets(kke* ;x ), where the positive
examplex* and the anchor imageare identical in shape, but differ in texture, the negative example

X andx are similar in texture, but differ in shape. The metric learning procedure thus should
suppress the adverse impact of texture in 2D images, thereby push the network to focus more on
discovering geometric characteristics. Towards the goal, we develop a geometry-focused multi-view
metric learning framework empowered by texture synthesis. The synthesis of textures for 3D models
creates hard triplets. More speci cally, we learn a conditional generative adversarial network that can
assign a texture to a 3D model based on a texture code encoded from an example image. Then, we
can generate hard samples in an online manner to improve the cross-domain shape similarity learning,
as shown in Fig 1. Note that, in contrast to category-driven metric learning for image retrieval, each
3D shape is an individual instance (category). It's not easy to apply hard sample mining strategies
in image retrieval to IBSR. We are the rst to consider texture information to generate hard triplets
based on the special properties of the IBSR subject.

Furthermore, the geometry-focused multi-view metric learning framework also contains: (1) a mask
attention mechanism to enhance the feature from saliency regions, and (2) a simple but effective
viewpoint attention policy to guide the multi-view embedding aggregation. With these guidances, we
nd that the network can easily focus more on the learning of shape characteristics. Our approach
shows state-of-the-art performance on a recently released large-scale 3D-FUIJUREOBitory, as

well as three widely studied benchmarks, including Pix2P $tanford Cars3], and Comp Cars].

We also conduct various ablation studies to comprehensively discuss our method.

2 Proposed Method

Our main goal is to learn an encoder that can map both natural query images and 3D shapes to an
embedding space. We compute the distances between a query image and the 3D shapes to perform
cross-domain retrieval. To match the 3D shapes with the 2D images, we render multiple views (12
views in our paper) of surface norm@lfor each 3D model using Blende34]. During the learning
procedure, we havd query image and multi-view surface normal pdi¢X '; S')gN,, . Each query

image contains a ground-truth magk, a viewpoint labeV, and a category labé& (e.g.,sofa, chair,

and table). Each 3D shape is coupled with a UV atlas (texture map), so that we can also render



Figure 2: Bottom: The main pipeline of our method. Top: The architectures of some components in our
framework. We generate hard triplets in an online manner to empower our shape similarity learning network.
See Sec. 2 and Fig. 1 for more details.

synthetic 2D imagé (with the corresponding texture) from a random viewpoint. Note that, though
public benchmarks3p] provide Shape-UV pairs, there are some reasons that we can not directly
recast IBSR as an standard image retrieval problem. Firstly, large amounts of shapes in practice do
not have the corresponding UV atlases. For example, while ShapeNetCore [35] contains 51,300 3D
models, only several thousands shapes contain UV atlases. Secondly, we concern shape similarities
rather than texture similarities in IBSR. However, texture information is a core feature for typical
image retrieval subjects. These special properties motivate us to generate hard triplets as shown in
Figure 1. Our full framework mainly contains a texture synthesis module ( ) for hard examples
generation and an attentive multi-view metric learning ( ) process, as shown in Figure 2. In
the following, we will rst introduce how do we generate hard examples by texture synthesis in an
online manner. Then, we will present the attention mechanisms in the metric learning framework.

2.1 Hard Example Generation

Our hard example generation policy relies on texture synthesis. If ignoring the texture consistency
on 3D surfaces, texture synthesis can be recast as a special image-to-image (12l) translation task
[36, 37, 38, 39, 40, 41, 42, 43, 44, 45, 46, 47, 48, 49]. For instance, VONJ0] demonstrated that
integrating 2D texture priors into CycleGAIS] could make controllable texture generation possible.

[51, 52, 53, 54, 55] studied conditional GANs for sketch-to-image synthesis according to example
texture and color.

Speci c to the particular properties of the IBSR subject, we are the rstto consider texture information
for hard triplets generation to improve the shape similarity learning. Thus, we do not focus on
investigating the high-quality UV mapping on a 2D texture atlas and a parameterized 3D mesh. This
is out of the scope of the paper. Instead, we intuitively study the objectives of Variational Autoencoder
(VAE) and Generative Adversarial Network (GAN) in a hybrid model, and extend it to a conditional
scenario (cVAE-GAN) 50, 53] for our purpose. Further, we improve cVAE-GAN to remedy the
category-speci c training issue and enhance the controlment of the example texture.

Beyond cVAE-GAN. The baseline cVAE is to rstly capture a latent codlérom a textured imagé
by learning a encoddf , then adopt a generat@ to obtain® (a reconstruction of ) from (S; 2):

z E(M)=Q(zjT); B G(S;2)= P(TjS;2): (1)



Here,S is the rendered surface normal of a speci ¢ 3D shape from a random camera pose (BDoF),
is the corresponding 2D image (with texture) under the same pose, ard(T) is sampled using a
re-parameterization trick. GAN6B] performs an minimax game to enstfeandT distinguishable

in both style and content. As an extension, we rst rend&F¢hat differs fromT in the camera pose,
and additional enforc& to reconstruct from (S;z%. We nd that this will intensify the texture
guidance of the reference (or example) texture image.

Another issue in cVAE-GAN for texture synthesis is that it may generate textures with unreasonable
part segmentation for the objects when we have mixture categories of 3D shapes in our training set.
Some cases are shown in Figure 3. It seems like previous works ignore the problem by training
category-speci c texture synthesis mode#§,[53]. We provide a patrtially solution by injecting a

semantic latent codewhen learningG, such thatf  G(S;z;0 = P(T|S;z;0. We estimate

from S via a pre-trained ResNet-18 for shape classi cation. The network is xed during the training
of our TSM. Furthermore, we incorporate an auxiliary supervision (shape recognition) on top of the
discriminatorD to impose the category explainable texture synthesis.

Objectives. As the analysis, the adversarial loss of our TSM takes the form as:
Lagv = Ex[log(D(T))]+0:5 Eis; e(y0)log(l D(G(S;z;0)]
+0:5 E(szo g(1o:llog(l  D(G(S;Z%0)]:
We additionally apply thé; loss to enforce the reconstruction process:
Lrec = E(tisz £(T):0)[KG(S;Z2;0  Tkil+ Erisizo £(19:0[KG(S;2%¢)  Tkil:  (3)

To allow texture synthesis from a random latent code at the inference stage, we utilize a Kull-
back—Leibler (KL) loss to pusk (T) to be close to a Gaussian distribution:

)

Lk = Er[Dke (E(T)KN (0;1))] + Ero[Dke (E(TOKN (0;1))]; (4)
R
whereDg (pkqg) = p(z)log %dz. We further adopt a cross-entropy loss to mitigate the

unexpected cross-category synthesis issue:
Las = Er[ 10g(Deas(CjT)I+0:5 E(szic)l 109(Des (CiG(S; 25 9))] 5)
+0:5 E(S;ZO;C)[ log(Dgis (CjG(S; ZO; oNnd;

whereD s shares the same parameters with the discrimirator the convolutional part, an@ is
the category label of the 3D shape.

The full objective for the texture synthesis module is written as:
Ltsm = Ladv + recbrec * kL Lkt + cslois: (6)

The hyperparametersec, kL , and s are setto 10.0, 0.01, and 1.0 in all the experiments.

2.2 Attentive Multi-View Metric Learning (AMV-ML)

For conventional presentation, assuming that we iaveard tripletsf (X '; P'; N )gl\, , where

P'= G(S';z;c),andN' = G(S';E(X");d). Here,S' pairs up withX ' in shape, an®' (j 6 i)

is a random negative sample frdr8y gEzl . See Sec. 2.1 for details of the texture gener@tand

other variables. Directly learning a multi-view metric learning based embedding network would be
a straightforward solution to IBSR. We go a further step by introducing attention mechanisms to
address the background noises and viewpoint variation issues of query images.

Saliency Attention (SA).We introduce a saliency attention (SA) policy to suppress the surrounding
noises of objects in natural images. Speci cally, we take the ResNet backbone as an encoder, and
splitit into two partsEncl andEnc2. Here,Enclis the beginning convolutional blocks until the

4x output layer €.9, layer2 of ResNet serials), anfinc2 represents the reminder convolutional
blocks. Given a query imag¢', we can obtain several side feature mébg,; Fg,; F1igy; F20x9 =
Enc2(Encl(X'")), whereF,, is the output ofEnc1(X'). We add a light version of UperNet

[57, 58] decoder@ec) on top ofEnc1 to predict saliency regiord ' = Dec(Fl,; Fi; Fiex: Fiae)

in a supervised manner. The objective is expressed as:

1 XX

N H W i=1 hyw

Lsa = Mp, log (M, ) + (1 mp,)log (1 my,); ©)



whereH W is the spatial size aft ', i, 2 M is the probabilistic estimation in positigh; w),
andmy,, 2 M' is the ground truth. All the images are resize@®d  244in our experiments.

Then, we operate element-wise multiplication for each channels belv\lggemdl\ﬁ ‘ to capture the
attention feature, and feed it to another encdgiec3 to secure the enhanced featég,:

tox = ENC3(Fa  MY); )
whereEnc3 has the same network structure withc2. The saliency attention mechanism is simple
but effective to enforce the network taking care of region of interest (Rol) for natural query images.

Viewpoint Guidance (VG). We incorporate soft viewpoint guidance into the multi-view metric
learning procedure to mitigate the impact of unconstrained viewpoints. Speci cally, we simply add
an azimuth (viewpoint) classi er (driven by a cross-entropy Ibgg,, ) on top ofEnc2 to capture

the probability attention vectal' 2 RV from F,,. Here,V denotes the prede ned bin number of
azimuth. Simultaneously, we use an additional convolutional layer followed by an average pooling
operation to obtain the embeddin@s(X ') 2 R F(P) 2 RY 4:F(N') 2 RV 9) from their
corresponding SA features, whatés the feature dimensiofV(= 12;d = 256 in our paper).

Then, we operaté&/' onF (P') to capture the guided embeddiP') of the positive sample:
B(PHY=F(PH) W' =" F() w; ©)
v=1l

wherew, is thevth attention score oV'. P' = G(S'; z; d) containsV view of imagef d,gV-, , as
S' is the multi-view surface normal maps of shap&(N ') can be produced in the same manner.

We now have a query image embeddm@X '), the positive 3D model embeddif(P'), and the
negative 3D model embeddif@(N '). The objective for the viewpoint guided metric learning is:

X
max(k f (F(X") f(@PY) K> k f(F(X") fEN)) K>+ ; 0); (10)

i=1

1
I-VG:W

wheref () is al2 norm function as discussed in [5], and= 0:1 is the margin.

Full Objective. Apart from the loss terms mentioned above, we utilize an instance classi cation loss
Linst to capture shape similarity among 3D CAD instances, as previobshp]. The full objective
of our attentive multi-view metric learning takes the form as:

Lavv mL = Linst + 1lview + 2Lsa + slve; (11)

where 1 3 are the trade-off hyperparameters. According to the dif culty level of optimizing
each task, we set; =0:5, ; =1:0, 3=3:0in all of our experiments.

3 Experiments

In the section, we conduct extensive experiments to demonstrate the superiority of our method. We
rst present the implementation details, then make comparisons against previous works on four
challenging benchmarks including 3D-FUTURGS,[Pix3D [2], Stanford Cars3], and Comp Cars

[4]. We do not evaluate our method on PASCAL3B8] and ObjectNet3D§(] since the 3D models

are not matched the objects in the images as stated].ifipally, we examine various ablations to
comprehensively discuss our method.

3.1 Implementation Details

We refer the supplemental materials for more implementation details. Codes will be shared.

Network Architecture. For the texture synthesis module (TSM), the encdgeleonsists of ve
residual blocks followed by a liner layer. The gener&dollows the same architecture as U-Néd].
We take PatchGANS3[7] as our discriminatob to identify in two scales{0 70and140 140).
The shape classi eD s shares the same parameters Mitlin the convolutional part. We add the



Figure 3:Qualitative Results. Top: Texture synthesis from random codes or example images. Top Right:
Texture synthesis from example images. Bottom: Shape retrieval. Bicycle@BNs[a SOTA method for
supervised multimodal 121 translation. Unseen Pool: ShapeNet [35] Pool. Zoom in for better view.

latent codez andc to each intermediate layer & following [62]. For the attentive multi-view metric
learning (AMV-ML) part, we take the convolutional part of ResNet-34 as the backbone.

Training Details. We rst train TSM, and utilize the learne@ to generate hard triplets in an online
manner. We use the Adam solver [27] with a learning rate of 0.0002 and coef cients of (0.5, 0.999).
The latent dimensiojgj is set to 8, angij is the number of shape categories. We train the network
with a image size 0256 256and with a batch size of 16. For the AMV-ML procedure, we train
the network in two stagegg.,a warm-up stage with,s; for 20 epochs and a ne-tuning stage with

the objectivdamy ML for another 60 epochs. We use the SGD solver with a beginning learning
rate of 0.002, the momentum of 0.9, and the weight decay of 0.0004. The learning rate is xed in the
initial 10 n 20 epochs, and linearly decays to zero over the next4@epochs. The model is trained
with a batch size of 24 and with a image size28#% 224

Evaluation. For evaluation, we render multi-view images without text8réor each 3D model
coBtained in the 3D pool. The distance between a query iddgend a 3D shapg can be computed

as ., w, (F(X') F (&), whered, is thevth view image ofSl . See Sec. 2.2 (VG) for details.
We use TopK Recall as our primary quantitative measure, while also report HAU (mean modi ed
Hausdorff Distance) and loU (Intersection Over Union) as suggested in [15].

3.2 Benchmark Performance

Pix3D. Pix3D [2] offers 10,069 images with 395 3D models. Followidd], we conduct experiments

on categories that contain more than 300 non-occluded and non-truncated samplesi, chair,

sofa, and table. This results in 5,118 images and 322 shapes, with 2,648 for training and 2,470 for test.
We introduce 18,648 3D models from ShapeNB&] fas the 3D pool for more challenging evaluation.

Stanford and Comp Cars. Stanford Cars3] focuses on more challenging ne-grained retrieval,
where 134 3D car models with 16,185 images are provided. The images are of cially split into the
train (8,144) and test (8,041) sets. Comp Cdtshows similar characteristics as Stanford Cars.
There are 94 3D car models with 5,696 images (3,798 for training and 1,898 for test). The 7,497 3D
car models in ShapeNet [35] are used to demonstrate the robustness of our method.

3D-FUTURE. 3D-FUTURE [1] is a recently released 3D furniture repository. We study the IBSR
subject on the six furniture categorié®,, sofa, bed, table, chair, cabinet, and stool. We have 25,913
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