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Abstract

Unsupervised embedding learning aims at extracting
low-dimensional visually meaningful representations from
large-scale unlabeled images, which can then be directly
used for similarity-based search. This task faces two major
challenges: 1) mining positive supervision from highly sim-
ilar fine-grained classes and 2) generating to unseen test-
ing categories. To tackle these issues, this paper proposes a
probabilistic structural latent representation (PSLR), which
incorporates an adaptable softmax embedding to approxi-
mate the positive concentrated and negative instance sep-
arated properties in the graph latent space. It improves
the discriminability by enlarging the positive/negative dif-
ference without introducing any additional computational
cost while maintaining high learning efficiency. To address
the limited supervision using data augmentation, a smooth
variational reconstruction loss is introduced by modeling
the intra-instance variance, which improves the robustness.
Extensive experiments demonstrate the superiority of PSLR
over state-of-the-art unsupervised methods on both seen
and unseen categories with cosine similarity. Code is avail-
able at https://github.com/mangyel6/PSLR

1. Introduction

Supervised embedding learning focuses on optimizing a
network in which the low-dimensional features belonging
to the same class are concentrated, while features from dif-
ferent classes are separated [33, 35, 48, 61, 29]. Powerful
supervised learning models have achieved human-level per-
formance in various tasks, such as face recognition [32] and
person re-identification [55]. However, enough annotated
data needed for supervised methods requires extensive hu-
man efforts. Consequently, this paper addresses the unsu-
pervised embedding learning (UEL) problem [56], learning
discriminative representations without human annotation.

UEL requires that the similarity between learned fea-
tures is consistent with the visual similarity/category rela-
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Figure 1: Comparison between the general UFL, UEL and the
proposed PSLR. UFL usually focuses on learning linear separable
“intermediate” features using supervision signal, e.g., rotation in
[12,37]. The learned features may not preserve visual consistency,
while UEL aims at extracting visually meaningful representations
for similarity-based search. In contrast, our PSLR optimizes the
latent representation with intra-instance variation modeling to en-
hance the generalizability on unseen testing categories.

tions of input images, which can be subsequently used for
similarity-based search (as shown in Fig. 1). In comparison,
the general unsupervised feature learning (UFL) [4, 7, 30,
34, 37, 50, 57] mainly focuses on learning good “interme-
diate” features for downstream tasks, e.g. train linear classi-
fiers or object detectors using the unsupervisedly learned
features from a subset of labeled images. However, the
learned features may not preserve visual similarity, i.e. the
performance drops dramatically for similarity search [56].

The major challenge in UEL is to mine the visual sim-
ilarity relationship or weak positive supervision from un-
labeled images. Following supervised embedding learn-
ing, MOM [20] was developed to mine hard positive and
negative samples in the manifold space. However, its la-

5457



bel mining relies heavily on the initialized representation.
Instance-wise supervision is another popular approach for
UEL [19, 51, 56]. Specifically, different instances are
treated as negative samples and purposely separated in the
embedding space [3, 51]. Along a similar line, anchor
neighborhood discovery (AND) [19] was proposed to en-
hance the positive similarity with the mined nearest neigh-
bors [38]. However, the neighborhood discovery may in-
troduce a large number of false positives, especially in fine-
grained image recognition tasks (§4.2). Another drawback
is that their optimization is performed on prototype mem-
ory [19, 51] rather than the instance features, which results
in limited efficiency. Similarly, an augmentation invari-
ant and spreading instance feature (ISIF) was introduced in
[56], where random data augmentation was applied to pro-
vide positive supervision. However, data augmentation can
only provide limited positive supervision, and over-fitting to
these augmented instance features will result in poor gener-
alizability, i.e., the learned representation does not perform
well when training and testing categories do not overlap
(unseen testing categories) with unknown variations.

This paper presents a novel probabilistic structural latent
representation (PSLR) for UEL. Specifically, PSLR mines
the relationship within each training batch by learning a
graph latent representation with variational structural mod-
eling, which approximates the data augmentation concen-
trated and negative instance separated properties in the la-
tent space. A novel adaptable softmax embedding is intro-
duced to optimize the latent representations rather than the
instance features. This results in better generalizability on
unseen testing categories while maintaining high learning
efficiency. By enlarging the discrepancy between the pos-
itive and negative sample pairs using an adaptable factor,
the discriminability is reinforced without introducing ad-
ditional computational cost. It also significantly improves
the performance of the ISIF method [56]. Moreover, PSLR
incorporates with a smooth variational self-reconstruction
loss to enhance the robustness against image noise. This
strategy also improves the generalizability on unseen test-
ing categories by applying auxiliary noise to the latent rep-
resentation, which enriches the positive supervision.

Our main contributions are summarized as follows: We
propose a novel probabilistic structural latent representation
(PSLR) for unsupervised embedding learning. The opti-
mization on the latent representation results in higher accu-
racy than competing methods, while it maintains high learn-
ing efficiency compared to the direct representation opti-
mization. We introduce an adaptable softmax embedding
on latent representation by enlarging the positive/negative
difference. This provides stronger discriminability and bet-
ter generalizability without additional cost. We outperform
the current state-of-the-art on five datasets under both seen
and unseen testing categories with cosine similarity search.

2. Related Work

Unsupervised Deep Learning. There are four main ap-
proaches for unsupervised deep learning [4], as follows: 1)
Estimating Between-image Labels, this approach mines the
between-image relationship with clustering [4, 10, 30] or
nearest neighbors [19, 44] to provide label information. 2)
Generative Model, it usually learns the true data distribution
with a parameterized mapping. The most commonly used
models include Bolztmann Machines (RBMs) [27, 43],
Auto-encoders [18, 45, 57] and generative adversarial net-
work (GAN) [13, 8, 11]. 3) Self-supervised Learning, this
approach designs supervision signals to guide feature learn-
ing [21, 24], such as the context information of local patches
[7], the position of randomly rearranged patches [34, 50],
the missing pixels of an image [36], the color patterns
[58] and spatial-temporal information in videos [, 47]. 4)
Instance-wise Learning, it treats each image instance as a
distinct class by separating the different instance features
[9, 51, 56] or local aggregation [19, 62].

Most of the above methods belong to general unsuper-
vised feature learning, where the learned representation is
applied to downstream tasks with a small set of annotated
training samples. However, the learned representation may
not preserve visual meaning [56], making them unsuitable
for similarity-based tasks, i.e., nearest neighbor search,
person re-identification [52, 53, 54].

Unsupervised Embedding Learning. This approach
aims at learning a visually meaningful representation by
optimizing the similarity between samples. With a proper
initialized representation, Iscen ef al. [20] mined hard pos-
itive and negative samples in the manifold space and then
the embedding is trained with triplet loss. Later, an aug-
mentation invariant and spreading instance feature (ISIF)
[56] was introduced for UEL. The challenging unseen test-
ing categories require additional generalizability rather than
overfitting to the seen training categories.

Our method is closely related to the graph variational
auto-encoder [23, 60], utilizing the structural relationships
among input graph nodes. It is also related to variational
deep metric learning [31, 39]. However, our method is en-
tirely unsupervised, without any input edge information.

3. The Proposed PSLR Method

Problem Formulation. Given a set of n unlabeled im-
ages X = {x1,x9, - ,x,}, UEL aims at learning a feature
extraction network fp(-), which maps the input image x;
into a low-dimensional embedding feature fo(x;) € R**¢
(d is the feature dimension). For simplicity of notation, the
instance feature representation fy(x;) of an input image x;
is represented by x; € R*d As pointed out in [35, 41],
the learned embedding should satisfy two properties: posi-
tive concentration and negative separation.
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Figure 2: Overview of PSLR trained with a Siamese network. The feature embedding network projects the input images into low-
dimensional normalized features. PSLR approximates the data augmentation invariant and instance separating properties with adaptable
softmax embedding on latent space in §3.2, together with self-reconstruction in §3.3 and the probabilistic structural preserving in §3.4 .

Without class-wise labels, we approximate the above two
properties using the data augmentation as positive supervi-
sion, i.e., the features of the same instance under different
data augmentations should be invariant, whilst features of
different instances should be spread-out. Along this line,
the proposed PSLR achieves better robustness against noisy
instances and better generalizability to unseen testing cate-
gories. An overview of PSLR is shown in Fig. 2.

3.1. Graph Latent Representation

Our model takes the embedding instance features {x;}
as input, and the graph latent representation {z; } is obtained
using a graph convolutional network (GCN) by constructing
an undirected graph G within each training batch.

At each training step, m instances {z; }* , are randomly
sampled and data augmentation is performed to generate
the augmented sample set {#;},. We represent the fea-
ture set of both the original and augmented features as
{X =%, , Xm, X1, , X} € RP™X4We construct
an undirected graph G = (A, Z) using the relationship be-
tween the instance features within X, and the adjacency ma-
trix A € R2™*2™ is computed by

A =1Iop, (D
where I, is an identity matrix, indicating that each node
is connected to itself. The main reason is that it is difficult
to mine the reliable structure relations without label infor-
mation for graph construction. Note that neighborhood dis-
covery (AND) [19] might also be adopted to enhance the
graph construction using the mined additional positive in-
formation with neighbors (e.g., on the CIFAR-10 dataset,
as shown in § 4.1.1). However, this strategy suffers under
fine-grained image recognition settings, since it is difficult
to mine reliable positives. The graph latent representation
Z is then obtained by a graph convolutional layer

Z=¢(D 2AD IXW), 2)
where D;; = >, A;; is the degree matrix of A and ¢(-)
represents the ReLU activation function. W is the net-
work weight matrix. The graph latent representation {Z =
Zi, 0 B, 21,0, %m) € R2™X4 incorporates contex-
tual information from the instance features. We can alterna-
tively use a linear layer to obtain the latent representation.

3.2. Adaptable Softmax on Latent Representation

With the above graph latent representation, we propose a
new adaptable softmax embedding method to approximate
the positive concentration and negative separation proper-
ties. For each instance x;, we treat the augmented latent
representation Z; as the positive sample, while the latent
representations zyx-z;) from other instances are considered
as negatives. The probability of augmented sample Z; being
recognized as instance x; is represented by

- exp(z!2;/T)

P(il;) = 7 o 3
exp(z; 2;/7) +n- Zk7si exp(z, 2i/T)
where 7 > 1 is a magnification parameter to enlarge the
similarity difference, enlarging the negative similarity con-
tribution in the denominator. 7 < 1 is a temperature pa-
rameter to smooth the probability distribution [16, 19, 51].
Note that all the latent representations are 5 normalized for
numerical stability, i.e., |z;]2 = 1.

Similarly, the probability of augmented sample Z; being
recognized as instance x ;) is calculated by
o exp(zjrii/r)

P(jla:) = T 7o @
exp(z; 2:/T) +n- Zk;éi exp(zy, 2:/T)

Finally, our adaptable softmax embedding on latent rep-

resentation is formulated by minimizing the sum of the neg-

ative log likelihood over all instances, which is represented
by
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Figure 3: Step-by-step illustration of PSLR. Given the augmented instance features, we optimize the lafent representations using the en-
larged positive/negative similarity. Variational modeling and structural information are incorporated to reinforce the embedding learning.

c=-n-> > log(1-P(jld;))

i jF#£e

Z log P(i|Z;). (5)

Our adaptable softmax embedding has two major advan-
tages: 1) The adaptable factor 7 > 1 enlarges the discrep-
ancy between the positive and negative similarities, which
enhances the model’s discriminability by addressing the im-
balance between positive and negative sample pairs; 2) Per-
forming softmax on the latent representation provides bet-
ter generalizability to unseen testing categories, as demon-
strated in § 4.2, since this modification prevents the network
over-fitting the training instance features. In summary, the
adaptable softmax embedding improves the accuracy while
maintaining high efficiency by directly optimizing the latent
representations, as illustrated in Fig. 4 in § 4.1.

3.3. Smooth Variational Self-Reconstruction

To enhance the robustness, we design a smooth varia-
tional self-reconstruction loss. The basic idea is to recon-
struct the original input embedding features X using the
noise corrupted latent representation (both original and aug-
mented) Z* = {z}}7™,, through a reparameterization pro-
cess [22]. Specifically, we assume z; satisfies the univariate
Gaussian distribution, z; ~ p(z!|x;) = N(z;,0?). The
reparametrized latent representation is then represented by

zZ; =2;+0; €, (6)

where o; is the output of another GCN layer based on x;.
e ~ N(0,1) is an auxiliary noise variable. To enhance the
representational capacity of the embedding features, we add
another decoder D(-) to reconstruct x; based on z}, i.e.
x; = D(z}). Here, a smooth L1 loss is adopted as the
reconstruction loss

0.5(x; —x)?%, |x —xF| <1
ET=Z{ xR Rl <L

= =i =il otherwise.

The variational self-reconstruction has two major advan-
tages: it enhances the robustness by capturing the informa-
tive components [17, 49], and it simultaneously improves
the discriminability by enriching the positive supervision
besides the data augmentation. In addition, the smooth L1
loss is easy to optimize, ensuring a stable training.

3.4. Probabilistic Structural Preserving

This section presents a probabilistic structure preserv-
ing strategy to enhance the unsupervised embedding fea-
ture learning [23]. The structural loss £, contains two main
components: the structure preserving loss L, and the dis-
tribution alignment loss Ly;.

Le= ﬁg + L. ®)

Structure Preserving. This component matches the
graph structure of Z* (from both original and augmented
samples) with the original graph input G. Specifically, the
structure between the variational latent representations is
measured by

A‘Z* HQm H2m

7;) = o(=]" 7)), (10)
where (+) is an activation operation with logistic sigmoid
function. The inner product directly measures the similarity
between two variational latent variables (nodes) to match
the original graph input. For simplicity, we adopt an L2 dis-
tance to measure the graph difference rather than the orig-
inal maximum likelihood estimation (minlog P(A|Z*))
[23]. This is represented by

Lo=% . JAi—e@ 3 an

Distribution Alignment. It aligns the intra-instance
variance p(Z*) with the isotropic centered Gaussian with
Kullback-Leibler divergence p(Z*| X, A) = N (Z*|Z,0?),
which is formulated by

Ly =—-KL(p(Z*|X, A)|lp(Z"))

(Aijlzi, 25), ®)

p(Aij = 1]z},

1 , . 4
== > 1+ 2log(a?) — (2)2 — (6)?).
Vi,jeB
(12)
3.5. Joint Training

The overall learning objective function £ is a combina-
tion of three components, formulated by

L=L+L,+) L. (13)

A is a weighting factor of the structural loss. A step-by-step
illustration of PSLR is shown in Fig. 3: 1) The instance
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features are first extracted by the network using data aug-
mentations; 2) The graph latent representation is calculated
within each training batch; 3) The network is optimized us-
ing the adaptable softmax embedding with enlarged posi-
tive/negative similarity between the latent representations;
4) The variational latent representation is reconstructed to
enhance the robustness; and 5) The structural information
is aligned to reinforce the discriminability.

Siamese Network Training. As shown in Fig. 2, PSLR
is trained with a Siamese network to guarantee training ef-
ficiency. At each training step, m image instances are ran-
domly sampled and two random data augmentations are per-
formed, then totally 2/m images are fed into the network for
training. The strategy avoids duplicated pairwise similarity
measurement in Eq. 3 and 4, resulting in higher efficiency.

4. Experimental Results

We evaluate PSLR under two different settings: Seen
Testing Category (CIFAR-10 [26] and STL-10 [5] datasets
in § 4.1) and Unseen Testing Category (CUB200 [46],
Car196 [25] and Product [35] datasets in § 4.2). In the
former setting, training and testing sets share the same cat-
egories (kNN classification protocol), while in the second
setting, they do not share any common categories (zero-shot
image retrieval protocol).

4.1. Experiments on Seen Testing Categories

This subsection evaluates the learned embedding, where
the testing samples share the same categories as train-
ing samples. Following [51, 56], we conduct the experi-
ments on CIFAR-10 [26] and STL-10 [5] datasets, using
the ResNet18 network [15] as the backbone. We fix the
dimensions of the output feature embedding and latent rep-
resentation to 128. We set the initial learning rate to 0.03,
and then decay by 0.1 every 40 epochs after the first 120
epochs, for a total of 200 training epochs. To avoid trivial
solutions, we use Ilp,,, as the adjacent matrix A, and we may
investigate a better graph construction strategy in the future.
We set the temperature parameter 7 to 0.1, the adaptable in-
dicator 7 as 100 and A = 0.1. We fix the batch size to 128
for all the comparison. PSLR is implemented on PyTorch,
and optimized by SGD, where the weight decay parameter
is 5%10~* and momentum is 0.9. For data augmentation,
RandomResizedCrop, RandomGrayscale, ColorlJitter, and
RandomHorizontalFlip) are adopted [56].

The weighted ENN classifier is adopted to evaluate the
top-1 classification accuracy. The kNN classifier measures
the visual similarity between learned features. Given a test-
ing sample, we retrieve its top-k (k = 200 by default) near-
est neighbors with the cosine similarity, and weighted vot-
ing is used to predict the label of the input testing sample.

Table 1: kNN accuracy (%) with different k£ on CIFAR-10 dataset.

Methods k=5 k=20 k=200
RandomCNN 324 34.8 33.4
DeepCluster (1000) [4] 66.5 67.4 67.6
Exemplar [9] 73.2 74.0 74.5
NPSoftmax [51] 79.6 80.5 80.8
NCE [51] 79.4 80.2 80.4
ISIF [56] 82.4 83.1 83.6
AND'[19] (2 round) 82.7 83.6 84.2
ANDT[19] (5 round) 84.8 85.9 86.3
AET*[57] 77.6 76.3 78.2
AVTH[37] 78.4 78.5 79.0
PSLR (1 round) 83.8 84.7 85.2
PSLR + AND (5 round) 87.4 88.1 88.4

T AND [19] is built with gradually neighborhood discovery and each round
takes 200 epochs. Other methods are reported with 200 epochs.

 The results (AET [57] and AVT [37]) are obtained with features from
the second convolutional block, while the last embedding layer does not
preserve visual meaning and the accuracy for kNN search is very low.

90
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;@
g
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—— ISIF [56]
AND [19]
—— DeepCluster [4]
NCE [51]
Exemplar [9]
20

0 1020 40 80 120 160 200
Training Epochs

Figure 4: Learning curves on CIFAR-10 dataset. kNN accuracy
(%) at each training epoch is reported. (k = 200)

4.1.1 CIFAR-10 Dataset

CIFAR-10 [26] contains 50,000/10,000 images (32 x 32)
from the same 10 classes. We compare PSLR with eight
unsupervised learning methods, as shown in Table 1. Note
that ISIF [56] and AND [19] represent the state-of-the-art
UEL methods, while AET [57] and AVT [37] indicates the
state-of-the-art for UFL tasks, which learns linear classifiers
with annotated labels using the unsupervisedly learned rep-
resentations. The learning curves are shown in Fig. 4.

kNN Classification Accuracy. Table 1 demonstrates
that PSLR achieves the best performance (85.2%) with 200
training epochs. Note that AND [19] achieves slightly bet-
ter accuracy (86.3%) by continuously neighborhood min-
ing after 1000 training epochs, while PSLR achieves 88.4%
under this setting. Compared to ISIF [56] with softmax
embedding on instance features, PSLR consistently im-
proves the performance by optimizing the latent represen-
tation with structural information mining. The main reason
is that learning with latent representation results in better
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Table 2: Classification accuracy (%) with linear classifier (Lin-
ear) and kNN classifier (kNN) on STL-10 dataset.

Methods Training | Linear kNN
RandomCNN None - 224
k-MeansNet™ [6] 105K 60.1 -
HMP”* [2] 105K 64.5 -
Satck® [59] 105K 74.3 .
Exemplar™ [9] 105K 75.4 -
NPSoftmax [51] 5K 62.3 66.8
NCE [51] 5K 61.9 66.2
DeepCluster(100) [4] 5K 56.5 61.2
ISIF [56] 5K 69.5 74.1
AND [19] 105K 76.8 80.2
ISIF [56] 105K 77.9 81.6
PSLR 105K 78.8 83.2

generalizability on testing samples as discussed in § 4.3.
Compared to AET [57] and AVT [37]), they perform well
in learning good “intermediate” features with additional lin-
ear classifier learning, but their performance for similarity-
based search drops dramatically.

Efficiency. Fig. 4 illustrates the learning speed of all the
comparison methods. We observe that both PSLR and ISIF
[56] achieve much faster learning speed than the other com-
petitors, by directly performing the optimization on features
rather than the memory bank [19, 51]. This demonstrates
that adaptable softmax embedding performed on the latent
representation maintains the high efficiency and meanwhile
improves the testing accuracy compared to [56].

4.1.2 STL-10 Dataset

STL-10 [5] is an image recognition dataset for unsupervised
learning. It contains 5000 labeled images (96 x 96) from ten
classes and 100,000 unlabeled images. We do not use the
annotated labels for embedding learning. The testing set
contains 8000 images from the same ten classes. We report
the classification accuracy (%) using both the Linear Clas-
sifier (Linear) and KNN classifier (kNN) in Table 2. The lin-
ear classifier is trained with the 5000 labeled images based
on the unsupervisedly learned features from 105K training
images. We implement AND [19] under the same settings
while other results are taken from [56].

Table 2 demonstrates that PSLR outperforms its coun-
terparts under both evaluation metrics (kKNN: 83.2%, Lin-
ear: 78.8%). When we use the 105K images for training,
we achieve consistently better performance than the two
state-of-the-art methods (AND [19] and ISIF [56]). Note
that Linear, which measures the linear separability of the
learned representations, requires additional classifier train-
ing with labeled images. In contrast, the kNN classifier di-
rectly measures the visual similarity with learned represen-
tations, which requires the similarity preservation between
samples. In addition, this experiment also demonstrates that
PSLR benefits from more training samples.

Table 3: Retrieval performance (%) on CUB200 dataset.

Methods R@1 R@2 R@4 R@8
Supervised Learning
Lifted [35] 43.6 56.6 68.6 79.6
Clustering[4 1] 48.2 61.4 71.8 81.9
Triplet+ [14] 45.9 57.7 69.6 79.8
Smart+ [14] 49.8 62.3 74.1 83.3
N-pair [40] 454 58.4 69.5 79.5
Unsupervised Learning
Initial (FC) 39.2 52.1 66.1 78.2
Cyclic [28] 40.8 52.8 65.1 76.0
Exemplar [9] 38.2 50.3 62.8 75.0
NCE [51] 39.2 514 63.7 75.8
DeepCluster[4] 42.9 54.1 65.6 76.2
MOM [20] 453 57.8 68.6 78.4
AND [19] 473 59.4 71.0 81.0
ISIF [56] 46.2 59.0 70.1 80.2
PSLR 48.1 60.1 71.8 81.6

4.2. Experiments on Unseen Testing Categories

In this section, we conduct the experiments with unseen
testing categories, where the training and testing categories
do not overlap. We follow the settings described in [35, 56]
and perform the experiments on three fine-grained image
retrieval datasets, including CUB200 [46], Stanford Online
Product (Product) [35] and Car196 [25]. The fine-grained
image classes make similarity mining extremely challeng-
ing since we do not use the semantic labels for training.

Datasets. CUB200 [46] is a dataset with 200 bird
species. The first 100 classes with 5,864 images are used
for training, while the remaining 100 classes with 5,924 im-
ages for testing. Stanford Online Product (Product) [35] is
an online product dataset with much more classes. 11,318
classes with a total of 59,551 images are used for training,
while the remaining 11,316 classes with 60,502 images for
testing. Carl96 [25] is a fine-grained car dataset. We use
the first 98 classes with 8,054 images for training, while the
rest 98 classes with 8,131 images for testing.

Implementation Details. We adopt the Inception-V1
network [42] pre-trained on ImageNet as our backbone fol-
lowing [20, 56]. A batch normalization layer followed by
a fully connected layer (128-dim) is added after the pool5
layer. The feature dimension of the latent representation is
set to 128. The initial learning rate is set to 0.001 with-
out decay. The temperature parameter 7 is set to 0.1 and
7 is set to 1. Other parameters and settings are exactly the
same as in §4.1 for optimization. The training batch size is
set to 64. The input images are first resized to 256 x 256,
and randomly cropped with random horizontal flipping to
227 x 227 images before being fed into the network.

Evaluation Metrics. In the testing phase, a single
center-cropped image is adopted for feature extraction. Fol-
lowing existing works [35, 14], the retrieval performance
(Rank-k accuracy) is reported with cosine similarity [56].
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Table 4: Retrieval performance (%) on Car196 dataset.

Table 6: Results on Product dataset without pre-trained network.

Methods R@1 R@2 R@4 R@3 Methods R@1 R@10 R@100
Initial (FC) 35.1 474 60.0 72.0 Random 18.4 29.4 46.0
Exemplar [9] 36.5 48.1 59.2 71.0 Exemplar [9] 31.5 46.7 64.2
NCE [51] 37.5 48.7 59.8 71.5 NCE [51] 344 49.0 65.2
DeepCluster[4] 32.6 43.8 57.0 69.5 MOM [20] 16.3 27.6 44.5
MOM [20] 35.5 48.2 60.6 72.4 AND [19] 36.4 52.8 67.2
AND [19] 38.4 49.6 60.2 72.9 ISIF [56] 39.7 54.9 71.0
ISIF [56] 41.3 52.3 63.6 74.9 PSLR(n =1) 40.4 55.6 69.7
PSLR 43.7 54.8 66.1 76.2 PSLR ( = 10) 42.3 57.7 72.5

Table 5: Retrieval performance (%) on Product dataset.

Methods R@1 R@10 R@100
Initial (FC) 40.8 56.7 72.1
Exemplar [9] 45.0 60.3 75.2
NCE [51] 46.6 62.3 76.8
DeepCluster[4] 34.6 52.6 66.8
MOM [20] 433 57.2 73.2
AND [19] 47.4 62.6 77.1
ISIF [56] 48.9 64.0 78.0
PSLR 51.1 66.5 79.8

Comparison to the State-of-the-arts. We compare
the state-of-the-art unsupervised learning methods, includ-
ing Exemplar [9], NCE [51], DeepCluster [4], MOM [20],
AND [19] and ISIF [56]. The results are shown in Table 3,
4 and 5, respectively. Most of these results are taken from
[56]. We also implement the state-of-the-art AND [19] un-
der the same settings for comparison. Note that the mined
neighbors with AND contain large amount of false positives
since the different classes are quite similar in this setting.
We also compare some supervised learning methods on the
CUB200 dataset, as shown in Table 3.

The major challenge under unseen testing categories is
that these categories do not occur in the training set, which
requires visual similarity mining rather than fitting to train-
ing samples. Results on the three fine-grained image recog-
nition datasets demonstrate that the instance-wise represen-
tation learning models (NCE [51], AND [19], ISIF [56] and
PSLR) usually perform better than the label-mining meth-
ods (DeepCluster [4], MOM [20]). The main reason is
that instance-wise supervision avoids wrong label estima-
tion, making it more suitable for unsupervised learning un-
der these fine-grained settings. AND [19] performs well on
the CUB200 dataset when the neighborhood discovery is re-
liable with a good initialization model, but the performance
drops dramatically when applied to Carl96 and Product, in
which it is quite difficult to mine reliable neighborhood in-
formation. In comparison, PSLR does not rely on the initial-
ized representation. Compared to ISIF [56], PSLR is also
the clear winner due to its optimization on the latent rep-
resentation with structural information. Our design shows
better generalizability on unseen testing categories as veri-
fied in § 4.3. Meanwhile, PSLR even achieves comparable
performance to some supervised methods on CUB200.

0.745 0.736 0.651

Figure 5: Retrieved examples with the calculated cosine similar-
ities on the CUB200 dataset. The positive and negative retrieved
results are framed in green and red, respectively.

Qualitative Results. To understand the learned embed-
ding, we visualize some retrieved results on the CUB200
dataset as shown in Fig. 5. Although it contains some
wrongly retrieved images with different semantic labels,
most of the top-ranked images are visually similar to the
query image. This demonstrates that PSLR can learn a good
feature embedding to mine the underlying visual similar-
ity. Interestingly, PSLR still obtains the correct results even
when the bird images suffer from flipping variations (first
and second row in Fig. 5). The main reason is that PSLR
learns the data augmentation invariant features with random
flipping, achieved by the latent representation learning.

Training from Scratch. We also evaluate PSLR on the
large-scale Product dataset without using pre-trained Ima-
geNet model (ResNetl8) for initialization. The results of
different methods are shown in Table 6. We observe that
PSLR is again the clear winner, even without pre-trained
model. The main reason is that using the randomly aug-
mented samples as positives provides reliable positive su-
pervision for unsupervised embedding learning. In compar-
ison, MOM [20] and AND [19] suffer in this experiment
due to the incorrect label mining with random initialized
network for fine-grained categories.
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4.3. Further Analysis

Effectiveness of Each Component. We evaluate each
component in our proposed PSLR on the Carl/96 dataset,
as shown in Table 7. We observe that all the designed com-
ponents contribute to the performance gain. The smooth
variational reconstruction loss £, enhances the robustness
against signal noise and enriches the positive supervision,
thus improving the testing performance on unseen cate-
gories. In addition, the graph structural preserving loss £
facilitates the representation learning by mining the rela-
tionship cues among different instance representations.

Table 7: Effects of each component on Car196 dataset. Rank-k
accuracy (%) is reported.

Strategies R@1 R@2 R@4 R@S8
L. 421 532 64.6 75.2
L.+ L, 432 54.6 65.6 75.9
L.+Lr+Ls 43.7 54.8 66.1 76.2

Why Latent Representation Learning? We visualize
the similarity distribution of the training and testing set on
the Carl96 dataset. We calculate the cosine similarity dis-
tributions between the query features and their SNN fea-
tures from the same category (Positive) as well as SNN
features from different categories (Negative). The distribu-
tions of PSLR with latent representations or directly with
instance features learning are shown in Fig. 6. Note that the
latter directly optimizes Eq. 5 with the instance features.

Naturally, a more separated distribution (Positive Vvs.
Negative) indicates a better feature embedding. Fig. 6
demonstrates that instance feature optimization achieves
better separation than latent representation optimization on
the training set but it performs worse on the testing set. This
experiment shows that latent representation learning is more
suitable for UEL with unseen testing categories, since it pre-
vents over-fitting to the training instance features.

Why Adaptable Softmax? This subsection evaluates
the adaptable softmax embedding on latent representation
in §3.2. We plot the performance with different n (1, 10,
100) on one seen testing category dataset (CIFAR-10) and
one unseen testing category dataset (Product), as shown in
Fig. 7. We also report the performance of ISIF [56] with
different 1. Note that our proposed adaptable softmax with
the adaptable factor 7 is equivalent to ISIF when n = 1.

We draw two conclusions from Fig. 7: 1) The adapt-
able factor significantly improves the performance for both
PSLR and ISIF under two different settings. The main rea-
son is that the probability difference between the positive
and negative is enlarged with a large . This enhances the
discriminability with the enlarged negative samples, which
shares similar spirit with hard negative sample mining [14].
2) The proposed PSLR consistently outperforms its major
counterpart ISIF in all the settings. This further demon-
strates the superiority of latent representation learning.

[ Positive [ Negative [ Positive I Negative

0 0 -

10 08 06 04 02 00 10 08 06 04 02 00
(a) PSLR with Instance Features (Testing Rank-1: 41.3%)

[ Positive [ Negative [0 Positive

6 6

I Negative

01.o 08 06 04 02 00 01.0 08 06 04 02 00
(b) PSLR with Latent Representation (Testing Rank-1: 43.7%)
Figure 6: The cosine similarity distribution of the training (left
column)) and testing (right column) sets from the Carl96 dataset.

KNN Acc (%) on CIFAR-10 Rank-1 Acc (%) on Product

85.2 42.6

42.3

84.8

84.0

—&— PSLR (Ours)

—&— |SIF (Ours)
ISIF [56] 39.7

—e— PSLR (Ours)
—&— ISIF (Ours)
ISIF [56]

83.6

1 10 100 1 10 100
Figure 7: Results of different 7 in PSLR on CIFAR-10 and Prod-
uct datasets with ResNet18 (training from scratch) to show the
effectiveness of the adaptable softmax embedding. We show that
ISIF [56] is also improved with the adaptable factor.

Backbone Network. In this part, we evaluate the gen-
eralizability of PSLR using different backbone networks.
We further test ResNet18 and ResNet50 [15] on three fine-
grained image recognition datasets with unseen testing cat-
egories. The rank-1 accuracy in Table 8 demonstrates that
PSLR benefits from stronger backbone network structures.

Table 8: Rank-1 accuracy (%) with different backbone networks.

Backbone CUB200 Carl96 Product
InceptionV1 48.1 43.7 51.1
ResNet18 48.9 39.2 52.2
ResNet50 49.0 42.8 61.6

5. Conclusion

This paper presents a novel probabilistic structural latent
representation (PSLR) for unsupervised embedding learn-
ing. We propose an adaptable softmax embedding to opti-
mize the graph latent representation, which achieves supe-
rior performance and achieves high efficiency on both seen
and unseen categories. Meanwhile, a smooth variational re-
construction loss is introduced to enhance the robustness
against signal noise and enrich the positive supervision. A
structural preserving loss is also developed to fully exploit
the underlying relationship among different instances. Ex-
tensive experiments on five different datasets with cosine
similarity have validated the effectiveness.
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