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A Two-Stage Triplet Network Training
Framework for Image Retrieval

Weiqing Min

Abstract—In this paper, we propose a novel framework for
instance-level image retrieval. Recent methods focus on fine-
tuning the Convolutional Neural Network (CNN) via a Siamese
architecture to improve off-the-shelf CNN features. They generally
use the ranking loss to train such networks, and do not take
full use of supervised information for better network training,
especially with more complex neural architectures. To solve this,
we propose a two-stage triplet network training framework,
which mainly consists of two stages. First, we propose a Double-
Loss Regularized Triplet Network (DLRTN), which extends basic
triplet network by attaching the classification sub-network, and
is trained via simultaneously optimizing two different types of
loss functions. Double-loss functions of DLRTN aim at specific
retrieval task and can jointly boost the discriminative capability
of DLRTN from different aspects via supervised learning. Second,
considering feature maps of the last convolution layer extracted
from DLRTN and regions detected from the region proposal
network as the input, we then introduce the Regional Generalized-
Mean Pooling (RGMP) layer for the triplet network, and re-train
this network to learn pooling parameters. Through RGMP, we pool
feature maps for each region and aggregate features of different
regions from each image to Regional Generalized Activations of
Convolutions (R-GAC) as final image representation. R-GAC is
capable of generalizing existing Regional Maximum Activations
of Convolutions (R-MAC) and is thus more robust to scale and
translation. We conduct the experiment on six image retrieval
datasets including standard benchmarks and recently introduced
INSTRE dataset. Extensive experimental results demonstrate the
effectiveness of the proposed framework.

I. INTRODUCTION

NSTANCE-LEVEL image retrieval aims at retrieving all im-
ages that contain the same object instance as the query image
from alarge unordered collection of images. Ithas received much
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attention in the multimedia community [1]-[4] for its wide range
of applications, such as visual geo-localization [5], [6], organi-
zation of personal photo collections and 3D reconstruction [7].
Earlier works heavily rely on hand-crafted local descriptors, e.g.,
SIFT [1], [8], [9] and their variants [2], [10], [11]. Recent ad-
vances [3], [4], [12], [13] show that CNNs offer an attractive
alternative for image search with small memory cost.

Most of deep retrieval methods use CNN as a generic feature
extractor from pre-trained models on the ImageNet [14]. The
extracted features are usually activations of high layers (e.g.,
fully connected layers and convolution layers), taken as holistic
feature representations for image retrieval. For example, Tolias
et al. [15] proposed a Regional Maximum Activations of Con-
volutions (R-MAC) obtained via aggregating activation features
of convolutions in a fixed layout of spatial regions. Although
R-MAC improves existing image retrieval methods, the use of
off-the-shelf CNN features may not be the optimal choice since
their features are not necessarily suited for the special retrieval
task. Therefore, fine-tuning CNN is an alternative to improve
the adaptation ability. Recently, Gordo et al. [16] proposed a
triplet network that combined three streams with aranking loss to
fine-tune CNN to produce better feature representation than [15].
However, they do not take full use of supervised information,
and thus do not effectively utilize different types of loss func-
tions for better network training, especially in more complex
triplet networks.

Multiple types of loss functions can constrain parameters of
a neural network for the specific retrieval task from different as-
pects, and help regularly learn a CNN to boost its discriminative
capability [17]. For example, the softmax loss function is used
for minimizing the cross-entropy loss over all training samples.
The pairwise ranking loss accounts for the ordinal ranking over
all the training images to understand fine-grained differences
between image pairs. To the best of our knowledge, none of
previous works have trained the network, especially the more
complex triplet network with different types of losses for image
retrieval. In this paper, focusing on CNN based image retrieval,
we extend the network architecture [16] by introducing the clas-
sification sub-network and propose a double-loss regularized
triplet network, which jointly uses both triplet ranking loss and
classification loss for fine-tuning the CNN with both ranking
sub-network and classification sub-network. The activations of
convolution layers from such fine-tuned network can be used
to produce more discriminative global features via pooling and
aggregation.
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Fig. 1.

The overview of our proposed framework. In the training phrase, a Double-Loss Regularized Triplet Network (DLRTN) is first trained via simultaneously

optimizing both triplet loss and softmax loss. The triplet network with introduced Regional Generalized-Mean Pooling (RGMP) layer is then re-trained to learn
pooling parameters. In the test phrase, one image is fed into the trained network to produce a global image representation R-GAC that can be compared with
images from the dataset to produce ranked retrieval results. Note that feature maps from the last convolutional layer are more competitive than the full-connected
layer [15], and thus we adopt feature maps from the last convolutional layer of DLRTN.

Previously, a number of pooling strategies have been used.
These range from max pooling [18], average pooling [19] to
regional pooling [15]. Recently, generalized-mean pooling [20]
is proposed to generalize max and average pooling to boost the
retrieval performance. We also introduce the generalized-mean
pooling layer to the triplet network. Different from the work [20]
using a spatial generalized-mean pooling over activations of the
convolution layer on the whole image, we utilize the generalized-
mean pooling layer to pool feature maps for each detected image
region, and then aggregate pooled features from different regions
to the Regional Generalized Activations of Convolutions (R-
GAQC) as the final image representation. R-GAC can generalize
existing R-MAC and is more robust to scale and translation.

The combination of the above-mentioned two factors pro-
duces a novel framework (Fig. 1), which mainly consists of
two stages (top of Fig. 1). Given the candidate regions de-
tected from the Region Proposal Network (RPN), we first pro-
pose a Double-Loss Regularized Triplet Network (DLRTN),
which extends basic triplet network by attaching the classifica-
tion sub-network and is trained via simultaneously optimizing
both loss functions with back-propagation. Meanwhile, irrel-
evant regions are removed in the training process. Consider-
ing the extracted feature maps of the last convolutional layer
and remaining regions from DLRTN, we then introduce the Re-
gional Generalized-Mean Pooling (RGMP) layer for the triplet
network, and re-train the network to learn pooling parameters.
Through RGMP, we take feature maps from each region as the
input to produce a pooled feature vector for each region, and
then aggregate feature vectors from different regions to Regional
Generalized Activations of Convolutions (R-GAC) as final im-
age representation. In the test stage (bottom of Fig. 1), one image
is fed into the trained network to produce a global image rep-
resentation R-GAC that can be compared with images from the

dataset with a dot-product to produce ranked retrieval results.
An extensive experimental study on six image retrieval datasets
has demonstrated the effectiveness of our framework.
The major contributions of this paper are summarized as fol-
lows.
® We propose a novel two-stage triplet network training
framework, which can jointly utilize different types of loss
functions from both ranking sub-network and classifica-
tion sub-network, and regional generalized-mean pooling
method to produce a global and compact fixed-length rep-
resentation.
® We propose a Double-Loss Regularized Triplet Network
(DLRTN), which consists of both ranking sub-network
and classification sub-network to fine-tune the network.
Double-loss functions of DLRTN aim at the specific re-
trieval task and jointly boost the discriminative capability
of DLRTN from two different aspects.
® We conduct an extensive experimental study on six image
retrieval datasets and experimental results demonstrate the
effectiveness of our proposed framework.

II. RELATED WORK

The proposed framework is mainly related with CNN-based
image retrieval and CNN based metric learning, which will be
briefly reviewed in this section.

CNN-Based Image Retrieval: A more comprehensive sur-
vey of instance retrieval is provided in [21]. Recently, CNN-
based visual features have been widely used for image retrieval
because of their effective feature representation [3], [4], [22],
[23]. It mainly consists of two types: off-the-shelf CNN and
fine-tuning CNN for image retrieval. Razavian et al. [24] ear-
lier applied off-the-shelf CNN features to evaluate the retrieval
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performance quantitatively. Several methods are then proposed
to overcome their limits, such as the scaling, cropping and clut-
ter. For example, Babenko et al. [19] adopted the sum-pooling
mechanism to aggregate local deep features to obtain compact
global descriptors, namely SPoC for image retrieval. Kalan-
tidis et al. [25] extended SPoC by allowing cross-dimensional
weighting and aggregation of neural codes. Other approaches
proposed hybrid models with certain encoding e.g., Fisher Vec-
tor [26] and VLAD [27]. Tolias et al. [15] further aggregated
activation features of a pre-trained CNN in a fixed layout of
spatial regions to produce the R-MAC descriptor, which sig-
nificantly improved existing CNN-based recognition methods.
Ig2we3er4t56y7ui8uo9p0[]n addition, some works [28] inte-
grated fully-connected activations of CNN and SIFT features at
different levels to improve the retrieval performance. Recently,
Shuhuan ez al. [29] first detected the image region using Faster
R-CNN and then extracted off-the-shelf CNN features from de-
tected regions as image features for retrieval.

Instead of using off-the-shelf CNN features on the Ima-
geNet, some methods have explicitly fine-tuned the network
more suited for the retrieval task. The first fine-tuning approach
for image retrieval is proposed by Babenko et al. [12], where
extensive evaluation showed that pre-trained models for object
classification could be improved by fine-tuning them on an exter-
nal data set. Some works [5], [13], [16], [30] also confirmed that
fine-tuning pre-trained models for retrieval can bring a signifi-
cant improvement under the combination of a good image repre-
sentation and a ranking loss. For example, Arandjelovic et al. [5]
proposed a NetVLAD network to learn a ranking network using
external dataset for retrieval. Gordo et al. [30] trained a triplet
network with a triplet loss to produce a global image represen-
tation suited for image retrieval. In our work, we also fine-tune
the CNN for image retrieval. Different from these methods, we
introduce additional fusion sub-network, which consists of a set
of convolutional layers culminating in a fully-connected layer
with softmax loss and fine-tune the network by simultaneously
optimizing the ranking loss and classification loss.

In addition, different pooling methods for CNNs also influ-
ence the performance of image retrieval. Because lower layers
are more general and preserve certain spatial information [31],
many works [15], [18], [32] used different pooling methods to
fuse activations of convolutional layers as image features, such
as max pooling [18], average pooling [19], sum pooling [32] and
weighted sum pooling [25]. Tolias et al. [15] further proposed a
hybrid scheme, which aggregated the maximum activation over
multiple spatial regions sampled on the convolution layer us-
ing a fixed layout to produce a global representation. Recently,
Radenovic et al. [20] proposed a trainable generalized-mean
pooling method that generalized both max and average pool-
ing with learned parameters. However, they should first collect
large-scale instance-relevant samples, and then use them to 3D
reconstruction. Different from the work [20], which used a spa-
tial generalized-mean pooling over activations of convolution
layers on the whole image to produce Generalized Activations
of Convolutions (GAC), we utilize the generalized-mean pooling
layer for each region from the image, and then aggregate pooled
features from different regions to obtain Regional Generalized
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Activations of Convolutions (R-GAC). All these methods can be
combined with other post-processing techniques such as query
expansion [33] and spatial verification [34]. [13], [20] for further
improving the retrieval performance.

CNN Based Metric Learning: CNN based metric learning
methods first learn a non-linear transformation of an input im-
age via CNN and is then fine-tuned on task-specific datasets. To
jointly learn all parameters of the CNN and embedding, ranking
loss functions operating on image pairs or triplets are used. One
of the most widely used pairwise loss functions for metric learn-
ing is the contrastive loss function [35], [36]. This loss function
minimizes the squared Euclidean distance between positive fea-
ture vectors while encouraging a margin between positive and
negative pairs. To train networks with this loss function, Siamese
networks have widely been used for metric learning [35], [37].
Triplet networks have further been used for metric learning [16],
[38], [39]. For example, Gordo et al. [16] proposed to train
a triplet deep network with a triplet ranking loss for image
retrieval. Different from their proposed triplet networks [16],
which are trained based on only the ranking loss, we propose a
double-loss regularized triplet network with joint classification
loss and ranking loss. In addition, our proposed framework intro-
duces the regional generalized-mean pooling layer to improve
global feature representation.

III. PROPOSED FRAMEWORK

Our framework mainly consists of two components: Double-
Loss Regularized Triplet Network (DLRTN) and Regional
Generalized-Mean Pooling (RGMP), which will be introduced
in more details in the following. In addition, we will briefly in-
troduce the global image feature generation in the test stage from
our framework and triplets selection.

A. Double-Loss Regularized Triplet Network (DLRTN)

1) Learned R-MAC: Our goal is to aggregate features from
different regions to produce global image representation, like
learned R-MAC [16], which has demonstrated the effectiveness
in image retrieval tasks. Therefore, as shown in the top left part
of Fig. 1, we utilize one basic triplet network architecture. Each
stream of the triplet network contains convolutional layers of
a pre-trained network (e.g., VGG16 [40])(CONV) and Region
of Interest pooling (ROI POOL). The former is used to extract
activation features from images while the latter is used for
the spatial pooling in different regions. These pooled region
features are independently [s-normalized, whitened with PCA
and [o-normalized again. They are finally sum-aggregated
(3>") and ly-normalized to produce global and compact feature
representation.

We employ the Region Proposal Network (RPN) to localize
regions of interest in images to produce candidates of regions.
The main idea of RPN [41] is to predict a score describing how
likely each box contains an object of interest for a set of candidate
boxes at all possible locations. Similar to [16], we model this
process with a fully-convolutional network built on top of the
convolutional layers. This allows one to get region proposals at
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almost zero cost. We obtain candidate regions of interest from
each image via RPN.

Existing methods generally utilize the ranking loss L, based
on image triplets for the triplet network. It explicitly enforces
that, given a query, a positive image and a negative one, the
positive one is closer to the query than the negative one. Let
I, be one query image with visual representation ¢, I be one
relevant image with descriptor d™, and I~ be one non-relevant
image with descriptor d~. The triplet ranking loss is defined as

. 1 -
Ly(Iy, I, 17) = 5 max (0,m + flg = d|* = [lg = d"[|?)
(D
where m is a scalar that controls the margin. Given a triplet with
non-zero loss, the sub-gradients are given by
oL, + OL, 0L,

—d —d T —g—dt =
dq »aar 1T aa 1

The sub-gradients are back-propagated through three streams
of this network, and convolutional layers together with PCA
layers get updated. This approach directly optimizes a ranking
objective.

2) DLRTN: Training only based on the ranking loss may not
be sufficient to train such complex triplet network. Therefore,
we modify this basic triplet neural architecture by attaching a
classification sub-network and further introduce the classifica-
tion loss L.. Particularly, the feature extractor layers (e.g., the
last conv layer conv5_3 in VGG16) for query and positive sam-
ples are followed by a fusion sub-network, which consists of a
set of Fully-Connected layers (FC) and one fusion layer (Con-
cat) with the softmax loss L. (Fig. 1). For the softmax loss, the
normalized probability of the i-th image pair [¢, d*]; in the j-th
class can be computed by

L en(@(ad*) 3
P ST exp(@; (0.4 ) ®

where [q, d¥] denotes joint representation between ¢ and d
from the classification sub-network. Q;([g, d*];) is to specify
discrete probability distribution of the i** image pair [¢, d*] in
the j-th class, j = 1, ..., C, where C' is the number of possible
classes. Therefore, it is a multi-class classification over all the
classes C.

The softmax loss is specified as

1 N C
c:—NZZ jlog(pi ;) “)

where IV is the number of image pairs for query samples and
their positive samples. p; ; denotes the ground-truth probability
of [¢,d*]; in class j.

To train the triplet network, we should minimize the total loss
function L, which is a weighted combination of the ranking loss
L, and the classification loss L. as follows:

L=L,(I,,]", ")+ AL.(I4,I7) (5)

where A is the hyper-parameter.
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(b) Remaining regions
After training L-R-Mac

(c) Remaining regions
after training DLRTN

(a) Regions From RPN

Fig. 2.
training.

The selected regions from DLRTN and L-R-MAC [16] after the

In this case, given a triplet with non-zero loss, the sub-
gradients are revised by

oL oL
—=d —df ¢
dq dq
oL . 0L,
aar 17 T
OL, _ 0L,
o~ 17 o ©

Although DLRTN adopts some basic network layers pre-
sented in [16], but with two important differences: First, dif-
ferent from previous three-stream Siamese network only using
the ranking loss, we further add a classification sub-network,
leading to the joint optimization on both the ranking and classifi-
cation loss. Different loss functions from our triplet network can
constrain parameters from different aspects and help boost its
discriminative capability. Second, the goal of [16] is directly to
learn visual feature representation while our proposed network
mainly focuses on feature map learning for convolution lay-
ers. Meanwhile, we harvest discriminative image regions in the
training process based on two-losses optimizations. Fig. 2 shows
some examples. We can see that the introduced classification
sub-network from DLRTN can reduce noisy and fine-grained
regions compared with [16].

B. Regional Generalized-Mean Pooling (RGMP)

The selected image regions and extracted feature maps after
DLRTN training are further used to effectively learn the triplet
network with introduced Regional Generalized-Mean Pooling
(RGMP).

For the feature map X with W x H x K dimensions of the
convolution layer for each image region, where K is the number
of feature channels. We denote the feature map as a set of 2D
feature responses, X = {X;},i = 1...K, where &; is one 2D
tensor representing responses of the i'” feature channel over the
set of valid spatial locations €2, and X;(p) is the response at po-
sition p. Note that feature maps from the last convolutional layer
are more competitive than the full-connected layer [15], and thus
we adopt the last convolutional layer from trained DLRTN.



3132

We next take feature maps X from each region as the input,
and use a pooling layer to produce final feature representation
f as an output of the pooling process. Generally, these feature
vectors are produced via max pooling or average pooling as
follows:

5 = [fgfl. S P .fng}, £ = meaé()(i (p) (7
o =151 £6  £6 k] 16, = |Q|Z (8)
peQ

Recently, the work [20] introduced the generalized-mean
pooling, which is given by

£ =[5, S KBS = |Q‘Z 9)

peQ

g
'fﬂ,i

where £ is the parameter and can be learned as a part of back-
propagation.

The output of the pooling is Generalized Activations of
Convolutions (GAC), which is the analogy with Maximum
Activations of Convolutions (MAC) [15] from max-pooling
via Eqn. (7). The generalized-mean pooling generalizes the
max-pooling and average-pooling and thus GAC is more effec-
tive for specific retrieval task. This is because the parameter £ is
learned based on the dataset from the special task. In our work,
we also adopt this pooling method. However, different from
the work [20], which used a spatial generalized-mean pooling
over activations of the convolution layer on the whole image to
produce GAC, we utilize the generalized-mean pooling layer
to pool feature maps for each image region detected from RPN,
and then aggregate pooled features from different regions to
Regional Generalized Activations of Convolutions (R-GAC).
Compared with GAC, R-GAC is more robust to scale and
translation. As shown in the top right part of Fig. 1, the input
is the feature map and selected regions from DLRTN and we
re-train the triplet network to learn .

C. R-GAC Generation for Image Retrieval

In the test stage, we feed each image to the trained DLRTN
and extract feature maps of convolution layers from this image.
For each detected region from RPN, we pool feature maps from
DLRTN via Eqn. (9). We then aggregate pooling features from
different regions via PCA, [l normalization and sum-pooling to
obtain R-GAC. A dot-product is used to calculate the similarity
between the query and images from the dataset.

D. Triplets Selection

For the triplet network, it is crucial to select image triplets
to ensure fast convergence. First, we create a dataset of tuples
(g, m(q), N(q)), where ¢ represents a query image, m(q) is a
positive image that matches the query, and N(q) is a set of neg-
ative images that do not match the query. These tuples are used
to form training image pairs. Similar to [35], we should select
hard positive images and hard negative images. For hard posi-
tive images, we select the image which has the highest descriptor
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distance to the query from the same class as positive image ac-
cording to

m(q) = max [ f(g) —i(q)]

(10)
i€M(q)

where M (q) is the dataset, which has the same class label with
q. f(q) and i(q) denote feature descriptors.
Similarly, we select hard negative images from different cat-
egories which are different from the query image, according to
ma(q) = min ||f(g) -

11
nin 1f(0) - 3(a)] (i

where N(q) is the dataset and the class label from N (q) is dif-
ferent from the query.

The process of generating triples is as follows: for each class,
we randomly select one image as the query, and then find one
positive image according to Eqn. (10). We select each negative
image for each of remaining classes according to Eqn. (11).

Through the above-mentioned method, we obtain initial train-
ing triplet set. However, when learning our triplet network, simi-
lar to [16], we generate triplets offline every n epoches using the
most recent network checkpoint (n = 5) for practical consider-
ations, and then compute the losses of all the triplets involving
those features and select triplets with a non-zero loss as hard
negatives.

IV. EXPERIMENT

In this section, we start by describing the dataset and exper-
imental setup. We then evaluate different components of our
proposed framework, and finally compare our results with the
state of the art.

A. Datasets

We validate the effectiveness of our method based on the
following six image retrieval datasets, including Oxford5k [9],
Paris6k [42], Oxford105k [9], Paris106k [42], INSTRE-S [43]
and INSTRE-S+1M [43]. The first four datasets are standard
image retrieval benchmarks while the last two are recently
introduced instance search datasets, which contains various
objects from buildings to logos with many variations such as
different scales, rotations, and occlusions, making them more
challenging.

e Oxford Buildings Dataset [9]: This dataset consists of
5,062 Oxford landmark images (namely Oxford 5 k). These
landmark images have been manually annotated to gener-
ate a comprehensive ground truth for 11 different land-
marks, each represented by 5 possible queries. This gives
a set of 55 queries. These 55 query images are also used as
the training set for the network training. The remaining is
used as the image dataset for retrieval. To test larger-scale
instance-level retrieval, we consider the Oxford 105 k,
where the additional 100,000 images from Flickr are in-
troduced as the distractors.

e Paris Dataset [42]: This Dataset consists of 6,412 images
collected from Flickr by searching for particular Paris land-
marks with 12 different landmarks, namely Paris 6 k. For
each landmark, there are 5 query images. This gives a set
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of 60 queries, which are also used as the training set for the
network training. The remaining is used as the dataset for
retrieval. Same as the Oxford dataset, we also use the addi-
tional 100,000 images for a larger-scale scenario, namely
Paris 106 k.

e INSTRE [43]: INSTRE consists of two kinds of dataset:
the INSTRE-S and INSTRE-M. In this work, we select
INSTRE-S in our experiment, which contains 23,070 im-
ages with 200 classes in total and each image is pro-
vided with object location annotations. For each class,
we randomly select 75 images as the query, resulting in
200 x 75 = 15,000 queries. These query images are also
used as the training set for the network training. The re-
maining is used as the image dataset for retrieval. In addi-
tion, there are one million distractor images crawled from
Flickr, namely INSTRE-S+1 M.

B. Experimental Setup

Our framework is implemented on the Caffe [44] platform.
For the convolutional part of our network, we select the popular
architecture VGG16 [40], which is pre-trained on the Imagenet
dataset. We apply the Adam [45] algorithm to train our network.
The initial learning rate is [o = 1 x 10~ and changes using the
Adam rules with exponential decay Iy exp~?-! over epoch i.
The momentum is 0.9 and weight decay is 5 x 1074, All the
training images are resized to a size of 256 x 256. The batch
size of triplets is 8. We empirically set the margin m = 0.75.
The initial parameter £ = 3.

For our training strategy, we only fine-tuned certain layers in
the network training. Particularly, in the first training stage, sim-
ilar to [16], we first fine-tuned RPN network using the training
set. Then each region extracted from RPN is fed into the back-
bone network VGG-16. The last convolutional layer conv5_3
is followed by PCA layers, and FC layers in DLRTN. We only
fine-tuned the conv5_3 layer from VGG-16 and its following
layers, such as PCA and FC layers. In the second training stage,
similarly, we mainly fine-tuned the RGMP layer and its follow-
ing layers.

In order to construct triplets, in the Oxford and Paris dataset,
we use the official provided query images and select a positive
example for each query whose label corresponds to ok or junk,
and select one negative example from each of the remaining
categories. For fair comparison with previous methods, we use
all images as query images in the INSTRE-S dataset. The images
in each category are very similar, so we select one image in each
category as a query for building a tuple. For each query, we select
a positive example for each query, and select one of the other
199 categories as a negative example.

We use the standard evaluation metric mean Average
Precision (mAP) for all datasets. As is the standard practice,
in Oxford and Paris, we use only the annotated region of interest
of the query, while for INSTRE, we use the whole query image
for fair comparison with other baselines.

C. Evaluation of the Proposal Framework

1) Quantitative and Qualitative Evaluation: In this sec-
tion we evaluate the effectiveness of each component in our
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framework. Since we extended the neural architecture from
Learned R-MAC [16], we compare each improvements in
our framework with [16]. Table I shows the experimental re-
sults,where L-R-MAC denotes the Learned R-MAC. We can
see that (1) the performance of DLRTN is better than L-R-MAC.
This is because compared with L-R-MAC, DLRTN further in-
troduced the classification sub-network. Two different types of
loss functions of DLRTN can help regularly learn a CNN for
boosting its discriminative capability. (2) After introducing the
RGMP, our method further improves the performance of DL-
RTN. This verifies the effectiveness of our method in utilizing
the generalized mean pooling on different regions from the im-
age. Through RGMP based network training, we can learn the
best fusion parameter for the training dataset. Better fusion on
the activations of convolutions from different regions leads to
more discriminative feature representation. There is about 1.5
percent improvement over DLRTN on average over six datasets.
(3) The double-loss regularization and RGMP are both comple-
mentary, and jointly improved the performance of image re-
trieval. We observe that our method on all six different datasets
consistently improves the performance of L-R-MAC. There is
about 2.5 percent improvement on average over six datasets.
In addition, some examples of retrieval results are presented in
Fig. 3.

2) The Effect of Double-Losses in DLRTN: Additional clas-
sification loss can not only help regularly learn the deep net-
work to boost its discriminative capability, but also lead to lower
ranking loss. Fig. 4 showed that ranking losses of the DLRTN
model and L-R-MAC trained in the first 80 epochs on all the
three datasets OxfordSk, Paris6k and INSTRE-S, respectively.
We can see that DLRTN consistently has lower ranking loss than
L-R-MAC. In the same epochs, DLRTN has a smaller ranking
loss than L-R-MAC. The possible reason is that introducing the
classification sub-network can make the network training more
adequate.

3) Effect of & From RGMP: Similar to [20], we compared
the pooling layer with learned parameters £ with mean-pooling
and max-pooling during the CNN fine-tuning with RGMP.
We present the results on in Fig. 5. As shown in Fig. 5, the
RGMP layer consistently outperforms the conventional aver-
age and max pooling on three datasets. Particularly, after the
fine-tuning of the triplet network with RGMP, The learned pa-
rameter £ = 2.72 for Oxford, £ = 2.65 for Paris and £ = 2.85
for INSTRE-S.

4) Effect of A: The performance for varying A is plotted in
Fig. 6, where we set A = {0.3,0.5,0.7,0.9,1.1,1.3,1.5,1.7}.
The plot suggests that our network works best on all the datasets
when A = 1.5. Therefore, we select A = 1.5 in our experiment.

D. Comparison With the State of the Art

In this section, we thoroughly compare our proposed frame-
work with the state-of-the-art methods in the image retrieval
task.

We first compare our experimental results with the current
state of the art in the Table II and Table IV, with other meth-
ods that also compute the image representations without per-
forming Query Expansion (QE) at test time. Table II shows
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TABLE I
THE PERFORMANCE(mAP) COMPARISON FOR DIFFERENT COMPONENTS OF OUR METHOD (%)
Method Dim. OxfordSk Oxford105k Paris6k Parisl06k INSTRE-S INSTRE-S+1M
L-R-MACI16] 512 83.1 78.6 89.1 79.7 75.6 32.8
DLRTN 512 84.2 79.8 90.8 80.7 77.2 33.6
DLRTN+RGMP 512 85.3 814 91.6 82.4 79.6 34.2
1 0.9982 0.9958 0.9953 0.9942 0.9913 0.9901 0.9832 0.9812 0.92
DLRTN+
RGMP |
1 0.9986 0.9938 0.9923 0.9912 0.9863 0.9831 0.9802 0.9782 0.9732
&
1 0.9884 0.9881
s A
auery 0T ‘
1 0.9938
L-R-MAC =
DLRTN+
RGMP f
1 0.9950 0.9946 0.9946 0.9945 0.9943 0.9941 0.9932 0.9912 0.9902
Fig. 3. Examples of top retrieved images between our method (DLRTN+RGMP) and L-R-MAC, where the images with the red box are wrong retrieved ones

and the ranked score is shown below each image.
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Epoch

(a) Oxford5k

Fig. 4.

experimental results on four standard image retrieval bench-
marks. Some methods listed in Table II are proposed recently
such as Mask-MAC [50] and SBA [49]. We can see that our
method achieves the best performance among most of methods
on all the standard datasets except the Mask-MAC method on the
Pairs106 K dataset. However, our method has the lower feature
dimensions than this method. Table IV shows the experimental

1 5 101520253035404550556065707580

(b) Paris6k
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—o—L-R-MAC 350 —o—L-R-MAC

—4—DLRTN 3.00 —4— DLRTN
"
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—
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200
-

£ 1.50

[y}

&€ 1.00
050

0.00
1 5 101520253035404550556065707580

Epoch
(c) INSTRE-S

Epoch

Ranking losses with different epochs on three datasets between L-R-MAC and DLRTN.

results on the INSTRE-S, which contains various 3D or planar
objects from buildings to logos with many variations. We can
see that our method consistently outperforms all of them.

We then compare our approach with other methods that rely
on both image representation and QE, where QE is a compara-
tively cheap strategy that significantly increases the final accu-
racy. Similar to [16], we conduct the experiment with average
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TABLE II
THE PERFORMANCE (mAP) COMPARISON WITH THE STATE-OF-THE-ART IN OXFORD AND PARIS DATASET (%)

Method Dim. Oxford5k Oxford105k Paris6k Paris106k
MAC [18] 512 56.4 47.8 72.3 58.0
Patch-CKN [46] 256K 56.5 - - -
FM-VLADI[47] 128 59.3 59.0 - - -
SPOC [32] 256 68.1 61.1 78.2 68.4
Crow [25] 512 70.8 65.3 79.7 72.2
R-MAC [15] 512 66.9 61.6 83.0 75.7
NetVLAD-Off-Shelf [5] 4096 66.6 - 77.4 -
NetVLAD-Finetune [5] 4096 71.6 - 79.7 -
Bow-CNN [48] n/a 73.9 59.3 82.0 64.8
SIAM-FV [39] 512 81.5 76.6 82.4 -
UFT-MAC [13] 512 79.7 73.9 83.8 76.4
L-R-MAC [16] 512 83.1 78.6 87.1 79.7
SBA [49] 4096 79.1 73.6 86.1 80.4
Mask-MAC [50] 4096 83.8 80.6 88.3 83.1
Ours 512 85.3 814 91.6 82.4
1
mAP 09 —Oxfordsk Oxford105k

0.914
0.871 0.864

0.756 0.762 2794

OxfordSk Paris6k INSTRE-S

B mean-pooling ¥ max-pooling ® RGMP

(a) The comparison on the datasets without distractors

Oxford105k

Paris106k INSTRE-S+1M

B mean-pooling ¥ max-pooling ® RGMP

(b) The comparison on the datasets with distractors

Fig. 5. The comparison between RGMP and other pooling methods.

QE [33], which has a negligible cost (the top 10 returned re-
sults are used). Table III and Table V show the experimental
results. From Table III, we can see that our method is compar-
ative or even improves the state of the art on most datasets.
Note that the performance of our method is higher than re-
cently proposed regional fusion method [52] on two datasets,
Oxford5k and Oxford105 k. Their higher performance on other

—=— Paris6k
0.8 —o—INSTRE-S

0.7

o 06
<

Paris106k
—— INSTRE-S+1M
g 05

oa /
0.3
0.2

0.1

0

0.3 0.5 0.7 0.9 2 11 13 15 1.7

Fig. 6. Performance evaluation for different A values on different datasets.

two datasets comes from their high-dimensional features. Al-
though they reported higher performance when increasing the
feature dimensions, such methods are hardly scalable as they
require a lot of storage memory. Table V also shows experimen-
tal results on the INSTRE dataset. Note that our experimental
setting is different from [52] for the INSTRE-S dataset: we use
the INSTRE-S dataset and the experimental setting is the same
as [43] while they re-split the whole INSTRE dataset in a dif-
ferent setting.

E. Discussion of Latest Work

More recent released works, such as [59]-[62] tackled the
image retrieval task from different angles and achieved bet-
ter retrieval performance. For example, Radenovic et al. [60]
solved the image retrieval problem via unsupervised fine-tuning
of CNNSs on a large image collection in a fully automated man-
ner, where reconstructed 3D models and structure-from-motion
methods guide the selection of the training data. Considering
local hard negative samples can provide tight constraints to
fine tune the metric locally, Zhou et al. [59] achieved the op-
timal local metric adaptation for image retrieval by exploiting
easily-available negative samples. Chen et al. [62] proposed an
end-to-end local similarity learning framework to handle small
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TABLE III
THE PERFORMANCE (mAP) COMPARISON WITH THE STATE-OF-THE-ART IN OXFORD AND PARIS DATASET WITH QE (%)

Method Dim. Oxford5k Oxford105k Paris6k Paris106k
BoW(IM)+QE [51] n/a 82.7 76.7 80.5 71.0
CroW+QE [25] 512 72.2 67.8 85.5 79.7
R-MAC+AMLA+QE [15] 512 77.3 73.2 86.5 79.8
UFT-MAC [13] 512 85.0 81.8 86.5 78.8
L-R-MAC+QE [16] 512 89.1 87.3 91.2 86.8
SBA+QE [49] 4096 81.7 80.6 89.2 84.7
R-MAC+SP [4] 512 79.0 70.7 91.2 84.7
R-MAC+FU [4] 512 79.4 72.9 92.1 85.7
Global Diff. [52] 512 85.7 82.7 94.1 92.5
Region Diff. [52] 5x512 91.5 84.7 95.6 93.0
Ours+QE 512 91.8 85.7 95.5 89.8

TABLE IV
THE PERFORMANCE (mAP) COMPARISON WITH THE STATE-OF-THE-ART
IN INSTRE-S (%)

Method Dim. INSTRE-S INSTRE-S+1M
Bow [53] n/a 48.1 9.1

RANSAC [54] n/a 46.5 7.7

SC [55] n/a 53.4 12.5

GC [56] n/a 58.6 19.7

COP [57] 2048 63.8 23.5

HE+WGC [58] 2048 67.2 26.8

L-R-MAC [16] 512 75.6 32.8

Ours 512 79.6 34.2

TABLE V

THE PERFORMANCE (mAP) COMPARISON WITH THE STATE-OF-THE-ART
IN INSTRE-S WiTH QE (%)

Method Dim. INSTRE-S INSTRE-S+1M
L-R-MAC+QE[16] 512 79.8 35.8

Global Diff.[52] 512 70.3 -

Region Diff.[52] 5x512 775 -

Ours+QE 512 82.4 38.2

objects for local feature learning. Gao et al. [61] proposed one
probabilistic method for cross-region matching based image re-
trieval. There are also some works, which focus on solving image
retrieval tasks under varying illumination conditions [63] or in-
troducing novel losses [64]. In contrast, our method adopts the
triplet network with the classification sub-network to learn lo-
cal image feature representation via metric learning for image
retrieval. As the future work, it would be interesting to see what
performance would our method reach with ideas from recent
works, such as [61], [62], [64].

V. CONCLUSION

In this paper, we propose a two-stage triplet network training
framework for image retrieval. To boost the feature learning ca-
pability of CNN, we train the triplet network by simultaneously
optimizing both ranking-loss and classification-loss. The added
classification sub-network can also lead to faster convergence of

the network. With the introduced Regional Generalized Mean
Pooling (RGMP) technique, we can effectively pool feature
maps of convolution layers from DLRTN, and then aggregate
pooled activations of convolutions from different regions of each
image to produce global image representation, namely Regional
Generalized Activations of Convolutions (R-GAC). We conduct
extensive experiment on six datasets, including four standard
image retrieval benchmarks and two recently introduced more
challenging INSTRE datasets, and have quantitatively evaluated
the impact of each component in the framework. The experimen-
tal results have demonstrated the effectiveness of the proposed
framework.

This work can be extended in the following three directions: 1)
We plan to combine RGMP and double-loss in a triplet network
and design an end-to-end learning method for this network. We
can also introduce another classification layer on negative im-
ages to evaluate the performance of our proposed method. 2) We
will introduce a state-of-the-art hashing method, e.g., relaxed bi-
nary autoencoder [65] into the framework to support large-scale
instance-level image retrieval. 3) Recently proposed methods
such as [30] and [20] adopt more complex neural architecture
(e.g., ResNet [66]), novel multi-scale image representations and
query expansion methods [20] to achieve better retrieval perfor-
mance. Therefore, we also plan to incorporate these modules to
our framework to further boost the performance.
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