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Abstract
It has been long recognized that deep neural networks
are sensitive to changes in spatial configurations or scene
structures. Image augmentations, such as random translation, cropping, and resizing, can be used to improve the robustness of deep neural networks under spatial transforms.
However, changes in object part configurations, spatial layout of object, and scene structures of the images may still
result in major changes in the their feature representations
generated by the network, creating significant challenges
for various visual learning tasks, including representation
or metric learning, image classification and retrieval. In
this work, we introduce a new learnable module, called spatial assembly network (SAN), to address this important issue. This SAN module examines the input image and performs a learned re-organization and assembly of feature
points from different spatial locations conditioned by feature maps from previous network layers so as to maximize
the discriminative power of the final feature representation.
This differentiable module can be flexibly incorporated into
existing network architectures, improving their capabilities
in handling spatial variations and structural changes of the
image scene. We demonstrate that the proposed SAN module is able to significantly improve the performance of various metric / representation learning, image retrieval and
classification tasks, in both supervised and unsupervised
learning scenarios.

1. Introduction
A key challenge in computer vision and machine learning is to construct or learn discriminative representations
for the semantic content of images, which should be invariant to changes in camera positions, perspective transforms, object scales, poses, part deformations, spatial displacement, and scene configurations [8, 25]. Recently, deep
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Figure 1. Illustration of invariant image representation learning under generic spatial variations.

neural networks have emerged as a powerful approach for
visual learning and representation. With its shared weights
for convolution across different spatial locations, average
or maximum pooling, coupled with sufficient training image augmentations, they are able to generate relatively invariant features or decisions under small spatial variations
or transforms. However, researchers have recognized that
deep neural networks are still vulnerable to relatively large
geometric transformations and spatial variations [23]. This
limitation originates from the fixed geometric structures of
deep neural modules. For example, the convolution processes the input image or feature images on a fixed grid
structure with a small reception field. The pooling layers
then process the outputs from the convolution layers with a
fixed spatial mapping or channel structures. There is lack
of internal mechanisms to handle the flexible spatial variations, including spatial transforms and changes in object
poses, spatial layout, and scene structures [22]. In their recent study [17], Kayhan and Gemert even found out that
deep neural networks are exploiting the absolution spatial
locations and image boundary conditions for object recognition and image classification, challenging the common assumption that convolution layers in modern CNNs are translation invariant.
Learning invariant features and visual representation
with deep neural networks has become an important yet
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challenging research problem. Recent research has been focusing on developing various methods on transform-aware
data augmentations [4, 11], geometry adversarial training
[16], and transform-invariant network modules and structures [14, 33, 35] to improve the robustness of deep neural
networks under spatial transforms of images and objects,
such as affine or perspective transforms. In this work, we
aim to address the challenging problem of invariant feature representation learning under more generic spatial variations, include changes in object poses, part configurations,
and scene structures. For example, Figure 1 shows three
example images with different spatial configurations of objects due to object motion. Semantically, they should be
the same or belong to the same class. However, existing
deep neural networks will generate different features for
them. Our goal is to design a new spatial assembly network (SAN), which is able to examine the input image and
perform a learned re-organization or optimized assembly of
feature points from different spatial locations so as to generate invariant features for these three images. This learned
spatial assembly is conditioned by feature maps of previous
network layers. This differentiable module can be flexibly
incorporated into existing network architectures, improving
their capabilities in handling spatial variations and structural changes of the image scene, and maximizing the discriminative power of the final feature representation. We
will demonstrate that the proposed SAN module is able to
improve the performance of various metric / representation
learning, image retrieval and classification tasks, in both supervised and unsupervised learning settings.

2. Related Work and Unique Contributions
Recently, a set of methods have been developed in the literature to improve the robustness of deep neural networks
under spatial transforms of images and objects. Analytically, [3] has studied the equivalence and invariance of
DNN representations to input image transformations. Lenc
and and Vedaldi [23] investigated the linear relationships
between representations of the original and transformed images. In [22], the training dataset is augmented with different spatial transformations and used to train different networks. The weights are the shared between networks and
their generated features are then fused together using maximum pooling. To increase the robustness of deep neural
network under spatial transforms, a random transformation
module is developed in [33] to transform the feature maps
obtained from the neural network and suppress its sensitivity to spatial transforms in the input image. The spatial transformer network has been developed in [14] which
is able to locate and predict the spatial transforms of objects in the scene based on previous feature maps and realign the feature maps of objects based on these transforms.
This new spatial transformer layer can be inserted into ex-

isting network and used to improve the robustness of deep
neural network under spatial transforms. To handle objectlevel spatial variations, an end-to-end network architecture
that perform joint detection, orientation estimation, and feature description has been explored in [49]. To achieve
adaptive part localization for objects with different shapes,
deformable convolution and pooling are developed in [5],
which adds 2D offsets to the grid sampling locations and
bin positions in the standard convolution and RoI (region of
Interest) pooling. Gens and Domingos [9] proposed a generalization of CNN that forms feature maps over arbitrary
symmetry groups based on the theory of symmetry groups
in [9], resulting in feature maps that were more invariant to
symmetry groups. Sohn and Lee [36] proposed a transforminvariant restricted Boltzmann machine (RBM) which is
able to generate compact and invariant representation of the
input image using probabilistic max pooling. This framework can also be extended to unsupervised learning. To
handle the orientation changes, Wang et al. [44] proposes to
transform the weighted region features into the final orientation invariant feature vector by clustering key points into
four orientation-based region proposals. The feature vectors from these four orientation regions are then fused by
the aggregation module that outputs an orientation-invariant
feature vector. A Laplacian pyramid network structure has
been developed in [7] to produce a set of feature maps with
different scales which then fused together to improve the
robustness of image features under scale changes.
This work is also related to spatial permutation. Permutation optimization is a long standing problem arising
in operations research, graph matching, and other applications [1]. It is also referred to as the linear and quadratic
assignment problem [39]. Within the context of deep neural networks, channel shuffling has been explored in ShuffleNet [50] to improve the network performance while minimizing its computational complexity. In [25], Lyu et al.
have developed a deep neural network approach to learn the
permutation for channel shuffling. They introduced Lipschitz continuous non-convex penalty so that it can be incorporated into the stochastic gradient descent to approximate
permutation. Exact permutations are then obtained by simple rounding at the end.
Compared to existing methods in the literature, our work
has the following unique novelties and contributions. (1)
Existing methods mainly focus on transform-invariant networks and image feature learning. The proposed spatial assembly goes beyond spatial image transforms. It learns to
re-organize or re-assemble the feature maps across different
spatial locations with the potential to handle generic spatial
variations, including changes in poses, part configurations,
relative motion between objects, and scene structures. (2)
This work represents one of the first efforts to explore spatial re-organization of feature maps for 2D images. The
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proposed spatial assembly represents a more generic feature operation than simple permutation. This differentiable
module can be directly incorporated into existing deep neural network for end-to-end training to increase network robustness under spatial variations and improve the discriminative power of image features.

Let P = [w(u, v)]N ×N be the permutation matrix, which
is a binary square matrix with ones at matrix locations
(P(v), v). It should be noted that the permutation matrix P
is discrete, which has exactly a single one in every row and
each column, and zeros everywhere else. These matrices
form discrete points in the Euclidean space, which makes
them not differentiable.
To make this spatial permutation module differentiable,
we extend this spatial permutation into spatial assembly
by relaxing the binary indicator w(u, v) into a continuous
weight between [0, 1] which satisfies the following condition
N
X

u=1

w(u, v) = 1,

N
X

w(u, v) = 1, w(u, v) > 0.

(3)

v=1

In spatial assembly, the output feature map is constructed
by the following weighted summation
Figure 2. Spatial assembly of feature vectors across different spatial locations to construct the output feature map.

G(v, c) =

N
−1
X

w(u, v) · F (u, c),

(4)

u=0

3. Method
In this section, we describe the formulation of spatial
assembly and explain its backward error propagation and
gradient-based learning process.

3.1. Differentiable Spatial Assembly
It is a differentiable network module which learns the
spatial assembly weights from previous feature maps and
perform spatial assembly of the feature maps across different spatial locations based on these assembly weights within
a single forward pass. The spatial assembly weights are
conditioned by the feature maps of the specific input image.
In other words, the spatial assembly will be different for different input images. As illustrated in Figure 2, let F (i, j, c)
be the feature map at network layer k, spatial location (i, j)
and channel c. It serves as the input to the spatial assembly module. Let G(n, m, c) be the output feature map after
spatial assembly. The input and output feature maps share
the same dimension (Wk , Hk ). The output feature map is
constructed using the following 2D spatial permutation operation
G(n, m, c) = F (i′ , j ′ , c), (i′ , j ′ ) = P(n, m),

(1)

where (i′ , j ′ ) = P(n, m) is a 2D spatial permutation. The
2D spatial permutation can be converted into a 1-D spatial
permutation by introducing the location index u = i×Wk +
j and v = n × Wk + m. We have 0 ≤ u, v ≤ N where
N = Wk × Hk . With this, (1) can be re-written as
G(v, c) = F (u, c),

u = P(v).

(2)

as illustrated in Figure 2. Here, every feature vector in the
output feature map G(v, c) is computed using the weighted
summation of the input feature vectors F (u, c) at all spatial
locations.
In order to achieve spatial re-organization of the feature map while maintaining the differentiable property of
the spatial assembly weight function w(u, v), we introduce
the following two constraints. The first one is the minimum entropy constraint which aims to ensure locality of
the weighting function. From a spatial transform perspective, this will ensure that one object is being moved from
one location in the input feature map to another location in
the output feature map. Specifically, we define the following entropy function which is the summation of entropies
for all rows and all columns of the spatial assembly weight
matrix:
XX
1
E[w(u, v)] =
,
w̄c (u, v) · log2
w̄
(u,
v)
c
v
u
(5)
XX
1
.
+
w̄r (u, v) · log2
w̄r (u, v)
u
v
Note that when the entropy is 0, each row or each column
will have a single unit value with the rest entries to be 0.
During training, this minimum entropy constraint will be
used as a part of the loss function to increase the locality of
the spatial assembly operation.
The second one is the minimum correlation constraint:
during spatial assembly, different input feature vectors are
contributing to different output feature vectors. Otherwise,
if one input feature vector is contributing significantly to
multiple output features, it will result in significant output
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information redundancy, or equivalently input information
loss. From the spatial transform perspective, this constraint
will ensure that different objects are being re-organized to
different locations. To this end, we introduce the minimum
correlation constraint which aims to minimize the following
correlation within the spatial assembly weight map:
X X

C[w(u, v)] =

u1 6=u2

+

X X

v1 6=v2

w(u1 , v) · w(u2 , v)

v

(6)

w(u, v1 ) · w(u, v2 ).

u

Figure 3. The spatial assembly networks being embedded into the
deep neural network.

3.2. Spatial Assembly with Local Coherence
The above formulation of spatial assembly aims to
achieve spatial re-assembly of the feature map in a differentiable manner. It should be noted that this spatial reassembly operation is performed on feature vectors at individual spatial locations of the feature map, or individual
feature points. Although the spatial assembly is learned by
optimizing the target loss function, it is highly likely that
feature points from the same object may be dis-assembled
into different locations in the output feature map. To address this issue, we propose introduce local coherence into
the spatial assembly operation. While it could be more effective to develop a separate network to predict if two feature points belong to the same object or not, we choose
to adopt a simple yet efficient measure to enforce the local coherence. Specifically, we define the local coherence
α(i, j; i′ , j ′ ) as the correlation (cosine similarity) between
feature vector Fi,j = [F (i, j, 1), · · · , F (i, j, C)] and its
neighbor Fi′ ,j ′ = [F (i′ , j ′ , 1), · · · , F (i′ , j ′ , C)], i.e.,
α(i, j; i′ , j ′ ) =

(

Fi,j ·Fi′ ,j ′
||Fi,j ||·||Fi′ ,j ′ || ,

0,

(i′ , j ′ ) ∈ Ωi,j ,
elsewhere.

(7)

where Ωi,j is the set of 8 direct neighbor points of (i, j). To
address the computational complexity, the number of feature vectors can be limited. During coherent spatial assembly, we expect that neighboring feature points with high local coherence should be maintained together in the output
feature map. In otherwise words, they should have similar
spatial assemble weights. Motivated by this, we introduce
the following loss function
LLC =

X

(i′ ,j ′ )∈Ω

α(i, j; i′ , j ′ ) · ||Wi,j − Sii,j
′ ,j ′ [Wi′ ,j ′ ]||2 ,
i,j

(8)
where Wi,j represents the 2-D spatial assembly weight map
i′ ,j ′
of size NH × NW for point (i, j). Si,j
[·] performs a 2-D
shift of the whole weight map by one point such that point
(i′ , j ′ ) is aligned to point (i, j).

3.3. Spatial Assembly Networks
Figure 3 shows the design of the spatial assembly network and how it is embedded into existing deep neural networks for feature learning and image classification. The
spatial assembly module is integrated into an intermediate
layer of the network. The feature map F (i, j, c) generated
by network F is used as input to the spatial assembly network Φ, which predicts the spatial assembly weight map
w(u, v), as defined in the above section. Using this weight
map, the input feature map F (i, j, c) is re-assembled into
a new feature map G(n, m, c), which will be further processed by the upper network G. In the following, we use
the supervised metric learning as an example to explain the
loss function design and learning process. This learning
processing can be naturally extended to unsupervised feature learning, and image classification and will be evaluated
in our experiments.
In supervised metric or feature learning, the network
aims to generate discriminative features such that intra-class
image feature distance is minimized and the inter-class feature distance is maximized. As illustrated in Figure 1, the
proposed spatial assembly has the capability to handle spatial variations caused by changes in object poses, part configurations, spatial layout, and scene structures, and significantly reduce the intra-class feature variations. This can
be driven by the metric loss defined at the network output.
For example, in our experiments, our baseline system includes the multi-similarity (MS) loss [42]. The MS method
computes the similarity scores between image samples in
the current mini-batch. The similarity matrix between features of the current mini-batch S. For each sample Ik , we
determine the set of positive pairs Pk and the set of hard
negative pairs Nk based on their similarity scores. Skp and
Skp are similarity scores of the positive and negative pairs.
We define the loss for all samples {Ik } in the mini-batch as
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follows
LF EN =

NB
X
1 X
1
(e−λP (Skp −δ) )]
log[1 +
{
NB
λP
p∈Pk

k=1

1
log[1 +
+
λN

X

(e

λN (Skq −δ)

(9)

)]},

q∈Nk

where δ is a margin threshold, λP and λN are hyperparameters for positive and negative pairs. We follow [42]
for the setting of these hyper-parameters.
During training, the error gradients from metric loss will
back propagated through network G to the spatial assembly layer, which will be further propagated to the spatial
assembly network and the bottom network F. According to
(4), the gradients of the output feature map G(n, m, c) with
respect to the input feature map F (i, j, c) and the spatial
assembly weights are given by
∂G(n, m, c)
= w(i × N + j, n × N + m),
∂F (i, j, c)

(10)

and
∂G(n, m, c)
= F (i, j, c),
∂w(u, v)
u = i × N + j, v = n × N + j.

(11)

In addition to the error gradients back propagated from
the network output, we also use the minimum entropy,
minimum correlation constraints, and the local coherence
penalty to regulate the training of the spatial assembly
weight prediction network Φ through the following combined loss
LΦ = λ1 · E[w(u, v)] + λ2 · C[w(u, v)] + λ3 · LLC , (12)
as illustrated in Figure 3. λi are the weighting parameters.
Once successfully trained, the SAN module will analyze the
incoming feature map, predict the spatial assembly weight
map. Figure 4 shows two examples of predicted spatial assembly weight map. In each example, we show the maximum weight of the first two rows from the weight map
w(u, v). It should be noted that we have re-organized 1D weights of each row into an 2-D vector. Each 2-D vector
represents the assembly weight vector for one output feature
point. We only mark the maximum weight point in each 2D vector by red for a better visualization. The whole weight
map is used to re-assembly the feature map to generate the
output feature map, which will be further analyzed by the
network to produce the feature or decision.

4. Experimental Results
In this section, we conduct experiments on three different settings: (1) supervised metric learning, (2) unsupervised metric learning, and (3) image classification to evaluate the performance of the spatial assembly network.

Figure 4. Examples of the first two rows in the predicted spatial
assembly weight map.

4.1. Datasets
For supervised and unsupervised deep metric learning,
we use the following four benchmark datasets, following
the same procedure used by existing papers [30, 43, 46,
47]. (1) CUB-200-2011 (CUB) [40] is a fine-grained bird
dataset. It contains 11,788 images of birds from 200 categories. The first 100 classes are used for training, the
remaining 100 classes are used for testing. (2) Cars196 (Cars) [20] consists of 16,185 car model images (196
classes). We split the first 98 classes (8,054 images) for
training, and remaining 98 classes (8,131 images) for testing. (3) Stanford Online Products (SOP) [28] consists of
120,053 online product images (22,634 classes) from Ebay.
The first 11,318 classes are used for training and the remaining 11,316 classes are used for testing. (4) In-Shop
Clothes Retrieval (In-Shop) [24] contains 54,642 images
with 11,735 clothing classes. We use the predefined 25,882
training images of 3,997 classes for training. The testing set
includes 14,218 query images of 3,985 classes and 12,612
gallery images of 3,985 classes.
To evaluate the performance of our method on classification in the supervised setting, we use the following two
datasets: (5) CIFAR-10 [21] consists of 32×32 pixel RGB
images in 10 classes. It includes 50,000 training images
and 10,000 testing images. (6) CIFAR-100 [21] is an extension of CIFAR-10. It contains 50,000 training images
(100 classes) and 10,000 testing images.

4.2. Supervised Metric Learning
We follow the recent state-of-the-art methods [42, 51, 30,
43] and conduct the experiments on the fine-grained CUB ,
Cars, SOP, and In-Shop datasets which are challenging for
learning discriminative features. We utilize the GoogleNet
network [37] pre-trained on ImageNet [32] as the backbone
network with an one-layer embedding head to embed feature representation to the 512-dimensional feature space on
all datasets for the benchmark performance comparison. We
implement our algorithm with PyTorch. The Adam optimizer [19] is used in all experiments with 5e−4 weight
decay. In the following experiments, we use the standard
image retrieval performance metric (Recall@K), for performance evaluations and comparisons. Note that the major
challenge here is that the training classes are totally differ-
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ent from the test classes.
The performance comparisons with existing state-of-theart supervised metric learning methods on the CUB, Cars,
and In-Shop datasets are summarized in Table 1. These
methods include: LiftedStruct Loss [28], Histogram Loss
[38], N-Pair Loss [35], Clustering [27], BIER (boosting independent embeddings robustly) [29], Angular Loss [41],
MS (Multi-Similarity) Loss [42], HDML (hardness-aware
deep metric learning) [51], ABIER [30] and XBM (CrossBatch Memory) [43]. We use the multi-similarity loss [42]
with momentum memory bank [10] as the baseline system.
The momentum memory bank has a contrastive-based loss
[15]. Our proposed method is the baseline system with SAN
module. From Table 1, we can see that our method outperforms the state-of-the-art methods by up to 2.6% on the
Recall@1, 2, 4, and 8 rates on the CUB dataset. We evaluate the performance of the In-Shop dataset in two settings.
One setting uses the whole testing set as the query set and
gallery set, the other setting splits the testing set into query
set (14,218 query images) and gallery set (12,612 gallery
images). The performance of the second setting shows in
the brackets.

4.3. Unsupervised Deep Metric Learning
In the following experiments, we evaluate the performance of the spatial assembly network for unsupervised
metric learning where image labels are not available. We
compare the performance of our proposed methods with
the state-of-the-art unsupervised methods: MOM (mining
on manifolds) [13], AND (anchor neighborhood discovery)
[12], CBSwR (center-based softmax with reconstruction)
[26], PSLR (probabilistic structural latent representation)
[46], ISIF [48], and aISIF [47] (augmentation invariant and
spreading instance feature). For fair comparisons, the authors of the aISIF paper [47] have implemented three other
state-of-the-art methods developed for feature learning and
adapted them to unsupervised deep metric learning tasks:
Examplar [6], NCE (Noise-Contrastive Estimation) [45],
and DeepCluster [2], which are included into our comparison. We use the same baseline system in the supervised
metric learning.
We use the ImageNet [32] pre-trained GoogleNet [37]
as the backbone network and set the embedding feature dimension to 128 on CUB, Cars, and SOP datasets for performance comparison. We use the k-means clustering to
cluster the embedding features of training samples and assign pseudo labels to them. We set the cluster number K to
be 100 for the CUB and Cars datasets, and set K to 10,000
for the SOP dataset. From Table 2, we can see that our proposed method outperforms the state-of-the-art unsupervised
methods by a large margin.
Following the recent state-of-the-art PSLR [46], ISIF
[48], and aISIF [47] methods, we also evaluate the perfor-

mance of our proposed method on Resnet-18 without pretrained parameters. In this experiment, we use the randomly
initialized Resnet-18 network with an one-layer embedding
head to verify the effectiveness of our proposed SAN module. We set the feature embedding dimension to 128 and
conduct experiments on the large-scale SOP dataset. The
results in Table 3 show that our proposed method has improved the Recall@1, Recall@10, and Recall@100 rates by
4.0%, 4.2%, and 4.5%, respectively.

4.4. Image Classification
To verify the generalization capability of our spatial assembly network module in different tasks, we conduct experiments on the image classification task. Specifically, in
this experiment, we train the VGG-19 network [34] with
the cross-entropy loss to perform the image classification
task on the CIFAR-10 and CIFAR-100 datasets [31]. Table 4 shows the classification performance comparison on
the CIFAR-10 and CIFAR-100 dataset. We can see that the
SAN module is able to improve the classification accuracy
by 0.68% and 0.64% on the CIFAR-10 and CIFAR-100, respectively. We notice that this improvement is small since
the space for performance improvement on these two wellstudied datasets is already very limited. In addition, when
applied to image classification, we used the SAN module directly without any modification for this classification task.
We observe that, unlike the metric loss, the image label does
not provide very efficient supervision on the spatial assembly learning.

4.5. Ablation Studies
In the following, we perform ablation studies to further
understand the performance of the proposed spatial assembly network.
(1) Performance contribution of the SAN module. In
this ablation study, we aim to identify the contribution of
our proposed SAN module on different datasets. Table 5
summarizes the performance results on the CUB and SOP
datasets with and without using the SAN module in both supervised and unsupervised deep metric learning. The baseline system is using the multi-similarity [42] with momentum memory bank [10]. The momentum memory bank has
a contrastive-based loss [15]. We can see that our proposed
SAN module significantly improves the performance by a
large margin. Figure 5 shows the retrieval examples by the
baseline with and without our SAN module on the CUB,
Cars, SOP, and In-Shop datasets from supervised metric
learning. The top row shows the retrieval results by the
baseline, and the bottom row shows the results for the baseline plus the SAN module. Samples highlighted with blue
and red boxes are query images and incorrect retrieval results. We can see that, using the SAN module, the number
of incorrect retrieval results have been significantly reduced
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Table 1. Recall@K (%) performance on the CUB and Cars, and In-Shop datasets with GoogleNet in comparison with other supervised
metric learning methods. Some papers did not report results on specific datasets, which are marked with -.
Methods
LiftedStruct [28] CVPR16
Histogram Loss [38] NIPS16
N-Pair Loss [35] NIPS16
Clustering [27] CVPR17
BIER [29] ICCV17
Angular Loss [41] ICCV17
MS [42] CVPR19
HDML [51] CVPR19
A-BIER [30] TPAMI18
XBM [43] CVPR20
Proposed
Gain

R@1
47.2
50.3
51.0
48.2
55.3
54.7
58.2
53.7
57.5
61.9
63.3
+1.4

CUB
R@2 R@4
58.9
70.2
61.9
72.6
63.3
74.3
61.4
71.8
67.2
76.9
66.3
76.0
69.8
79.9
65.7
76.7
68.7
78.3
72.9
81.2
74.5
83.8
+1.6 +2.6

R@8
80.2
82.4
83.2
81.9
85.1
83.9
87.3
85.7
86.2
88.6
90.4
+1.8

R@1
49.0
71.1
58.1
78.0
71.4
75.7
79.1
82.0
80.3
83.5
+1.5

Cars
R@2 R@4
60.3
72.1
79.7
86.5
70.6
80.3
85.8
91.1
81.4
87.5
84.6
90.1
87.1
92.1
89.0
93.2
87.1
91.9
89.7
93.4
+0.7 +0.2

R@8
81.5
91.6
87.8
95.1
92.1
94.4
95.5
96.1
95.1
96.1
+0.0

In-Shop
R@1
R@10 R@20 R@30
76.9
92.8
95.2
96.2
85.1
96.7
97.8
98.3
83.1
95.1
96.9
97.5
89.1
97.3
98.1
98.4
92.5(88.5) 98.9(97.5) 99.3(98.2) 99.5(98.6)
+3.4(-) +1.6(0.2) +1.2(0.1) +1.1(0.2)

Table 2. Recall@K (%) performance on the CUB, Cars, and SOP datasets with GoogleNet in comparison with other unsupervised metric
learning methods.

Methods
Examplar [6] TPAMI16
NCE [45] CVPR18
DeepCluster [2] ECCV18
MOM [13] CVPR18
AND [12] ICML19
ISIF [48] CVPR19
aISIF [47] TPAMI20
CBSwR [26] BMVC20
PSLR [46] CVPR20
Proposed
Gain

R@1
38.2
39.2
42.9
45.3
47.3
46.2
47.7
47.5
48.1
55.9
+7.8

CUB
R@2 R@4
50.3
62.8
51.4
63.7
54.1
65.6
57.8
68.6
59.4
71.0
59.0
70.1
59.9
71.2
59.6
70.6
60.1
71.8
68.0
78.6
+7.9 +6.2

R@8
75.0
75.8
76.2
78.4
80.0
80.2
81.4
80.5
81.6
86.8
+5.2

Table 3. Recall@K (%) performance on the SOP dataset using
Resnet-18 network without pre-trained parameters.

Methods
Random
Examplar [6] TPAMI16
NCE [45] CVPR18
MOM [13] CVPR18
AND [12] ICML19
ISIF [48] CVPR19
aISIF [47] TPAMI20
PSLR [46] CVPR20
Proposed
Gain

R@1
18.4
31.5
34.4
16.3
36.4
39.7
40.7
42.3
46.3
+4.0

SOP
R@10
29.4
46.7
49.0
27.6
52.8
54.9
55.9
57.7
61.9
+4.2

R@100
46.0
64.2
65.2
44.5
67.2
71.0
72.2
72.5
77.0
+4.5

R@1
36.5
37.5
32.6
35.5
38.4
41.3
41.2
42.6
43.7
44.2
+0.5

Cars
R@2 R@4
48.1
59.2
48.7
59.8
43.8
57.0
48.2
60.6
49.6
60.2
52.3
63.6
52.6
63.8
54.4
65.4
54.8
66.1
55.5
66.8
+0.7 +0.7

R@8
71.0
71.5
69.5
72.4
72.9
74.9
75.1
76.0
76.2
76.9
+0.7

R@1
45.0
46.6
34.6
43.3
47.4
48.9
49.7
51.1
58.7
+7.6

SOP
R@10
60.3
62.3
52.6
57.2
62.6
64.0
65.4
66.5
73.1
+6.6

R@100
75.2
76.8
66.8
73.2
77.1
78.0
79.5
79.8
84.6
+4.8

Table 4. Classification accuracy (%) on the CIFAR-10 and CIFAR100 dataset using VGG-19 network with and without the SAN
module.

Methods
VGG-19
VGG-19 with SAN

CIFAR-10
93.23 %
93.91%

CIFAR-100
72.13%
72.77%

because the learned feature is much more discriminative.

performance of our proposed SAN module with different
metric learning losses and different backbone networks. It
should be noted that the momentum memory bank [10, 15]
in the baseline system is not included in this experiment.
We evaluate the MS loss [42] with SAN on GoogleNet
backbone and Proxy-Anchor [18] loss with SAN on BNinception backbone. From the Table 6, we can see that the
MS loss [42] with SAN has improved the Recall@1 rate by
1.5% and the Proxy-Anchor [18] with SAN has improved
the Recall@1 rate by 1.1%.

(2) Performance of SAN module with different metric
learning losses. In order to verify the generalization capability of our method, we conduct experiments to show the

In the Supplementary Materials, we provide additional
experimental results, implementation details, and ablation
studies.
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Figure 5. Retrieval examples by the baseline with and without our SAN module on the CUB, Cars, SOP, and In-Shop datasets. The query
images and the incorrect retrieved images are highlighted with blue and red.
Table 5. The Recall@K performance of the baseline and baseline
with our proposed SAN module on the CUB and SOP datasets.
Supervised Metric Learning
CUB
Methods
R@1 R@2
R@4
Baseline 61.8
73.2
82.3
63.3
74.5
83.8
+ SAN
Gain
+1.5
+1.3
+1.5
SOP
Methods
R@1 R@10 R@100
Baseline 73.7
87.9
95.0
+ SAN
75.8
89.2
95.5
Gain
+2.1
+1.3
+0.5
Unsupervised Metric Learning
CUB
Methods
R@1 R@2
R@4
Baseline 53.3
66.1
77.4
+ SAN
55.9
68.0
78.6
Gain
+2.6
+1.9
+1.2
SOP
Methods
R@1
R@10
Baseline 56.9
71.2
+ SAN
58.7
73.1
Gain
+1.8
+1.9

R@8
88.9
90.4
+1.5
R@1000
98.4
98.6
+0.2

R@8
85.6
86.8
+1.2
R@100
82.7
84.6
+1.9

5. Conclusion
In this work, we have successfully developed a new
spatial assembly network to explore the spatial variations
caused by changes in object part configurations, spatial layout of object, and scene structures of the images. This SAN
module examines the input image and perform a learned
re-organization and assembly of feature points from different spatial locations conditioned by feature maps from
previous network layers so as to maximize the discriminative power of the final feature representation. The proposed
spatial assembly goes beyond spatial image transforms. It

Table 6. Recall@K (%) performance on SAN with MultiSimilarity (MS) loss and Proxy-Anchor loss on the CUB dataset.
’G’ denotess GoogleNet, ’BN’ denotes BN-inception.

Methods
MS [18] CVPR19
MS with SAN
Gain
Proxy-Anchor [18] CVPR20
Proxy-Anchor with SAN
Gain

G
G
BN
BN

R@1
58.2
59.7
+1.5
68.4
69.5
+1.1

CUB
R@2 R@4
69.8
79.9
72.0
81.4
+2.2 +1.5
79.2
86.8
79.3
86.7
+0.1
-

R@8
87.3
88.4
+1.1
91.6
92.0
+0.4

learns to reorganize or re-assemble the feature maps across
different spatial locations. This work represents one of the
first efforts to explore spatial reorganization of feature maps
for 2D images. The proposed spatial assembly represents
a more generic feature operation than simple permutation.
This differentiable module can be directly incorporated into
existing deep neural network for end-to-end training to increase network robustness under spatial variations and improve the discriminative power of image features In our experiments, we have demonstrated that the proposed SAN
module is able to significantly improve the performance of
various metric / representation learning, image retrieval and
classification tasks, in both supervised and unsupervised
learning scenarios.
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