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Abstract

In this paper, we exploit a novel memory-based strategy for mining hard triplets in
the field of re-identification. This strategy is realized with an end-to-end deep learning
based framework using an external memory pool. It could be used in the security system.
We show that the pipeline is able to explicitly provide hard negative and positive sam-
ples to generate effective triplets, which are important for online metric learning. That’s
because the representative triplets could provide distinctive information to help under-
stand the concept of metric learning between categories. In addition, a ‘focal-triplet loss’
function is proposed to help deal with the lack of positive or negative samples for one
anchor, and imbalance between easy and hard triplets for mini-batch. Experimental re-
sults on Market-1501, CUHK03 and DukeMTMC-reID demonstrate the effectiveness of
our method, and its performance outperforms that of some existing methods.

1 Introduction
In security system, one pedestrian or a special object is usually what we need to care about.
Therefore, how to recognise them among group of data is of great importance. Specifically,
re-identification [1] is one of the typical applications to deal with it. Most existing methods of
re-identification typically employ a “train-once-and-deploy” scheme [4, 19, 30, 39, 40, 42].
These methods need identities collected by human annotators for training offline in advance.
However, they are not suitable for a real-time update of re-identification model.

As shown in Fig. 1, in deep-learning based offline learning, the mini-batch are generated
with ‘identity sampling’ strategy [10], whose core idea is to form batches by randomly sam-
pling P instance identities, and then randomly sampling K images of each instance. Thus, it
needs identity information in advance, otherwise it could not be applied in online sampling.
However, in online learning, the mini-batch is obtained randomly, which has an inevitable
problem that it is hard to generate enough triplets for training. As we know, ‘triplets’ consist-
ing of an anchor, a positive, and a negative sample plays an important role in re-identification
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Figure 1: Several different sampling strategies to generate hard triplets for training re-
identification model.

learning. Therefore, it is necessary to mine the effective triplets from continuous unlabeled
data for resolving this issue.

To tackle the problem, we introduce a novel online deep learning based framework with
an external memory pool, called as Hard Sample Mining Memory Network (HMMN). Our
contributions are listed as follows:

1. propose a human-in-loop training strategy which could train the re-identification model
without identity information labelled in advance.

2. propose an incremental memory based learning strategy that allows to explicitly pro-
vide hard negative and positive examples from designed memory pool to speed the
convergence of network in each iteration.

3. propose a novel loss function called as focal triplet loss, which focuses on mining hard
examples.

2 Related Work
Online metric learning Metric Learning approaches are used for learning discriminant met-
rics to calculate the similarity or distance between samples. Recently, more and more re-
searchers explore the effects of the incremental methods with human feedback in online
metric learning and avoid the problems like learning with pre-labeled data, difficult adapting
to new condition coming from offline learning [18, 22, 33].

Memory-based learning Memory-based learning is an algorithm with an external mem-
ory module that could augment a neural network without growing the number of trained
parameters [5, 23]. It is commonly used to store the past experiences and sample mini-
batches for performing incremental learning in reinforcement learning methods [23]. More-
over, there are also some attempts to combine the network with memory to overcome the
shortcomings of neural networks like fast learning during evaluation, catastrophic forget-
ting, and learning with an imbalanced class labels [29].

Hard Samples Mining Hard samples mining is an effective scheme for improving model
learning in the fields of computer vision. There are mainly two different research areas.
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Figure 2: Framework of hard sample mining memory network.
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Figure 3: Examples of two kinds of human interactions. (a) Verifying true match among the
top ranked list or select true match and negative samples in top ranks alternately [11, 18, 33].
(b) Verifying both true match and negative sample for anchor among the batch of samples.

One is to improve the strategy of sampling negative data [3, 8, 28]. The other one is to
consummate the loss function [17, 20, 34, 35].

In view of the great potential of memory mechanism for hard samples mining, we pro-
pose a novel pipeline to explore the hard samples in online metric learning way. The core
memory module and novel focal-triplet loss are designed to accelerate the training speed and
improve the re-identification task performance. Different from the traditional hard samples
mining ways, this strategy is applied in deep learning frameworks.

3 Methodology

3.1 Motivation and Overview

The detailed steps of the procedures are corresponding to the numbers in Fig. 2. 1. Extract
the features representation of raw data. 2. Resample highly relevant samples for each raw
data from the memory pool. 3. Mix together raw data and resample data. 4. Update
the storage by raw data and corresponding features. 5. Feed mixed data into the updated
embedding network and get the embedding of them. 6. Rank and generate triplets candidates
according to feature distance. 7. Annotate the positive and negative samples of each anchor
for training updated embedding network. 8. After execute above steps with hundreds of



4 LI ET AL: HMMN

times, the weights of primary embedding network are replaced by the updated embedding
network. Meanwhile feature representations in memory pool are also updated.

In addition, it is difficult to completely avoid ineffective triplets. Thereby, we introduce a
focal-triplet loss to avoid the negative influences from them and make the network converge
faster (sec 3.3.2). The details of our proposed method are given in following sections.

3.2 Memory Pool
3.2.1 Memory Updating

First, we assume that the dataset obeys Gaussian Mixture Model (GMM) distribution such
that p(x) = ∑K

i=1 πiN (x; µi). Here, µi is the mean of Gaussian component i, while πi is the
weight of component i. K is a hyper-parameter standing for the total number of Gaussian
components. The covariance matrix is set to the identity matrix. Hence, only two kinds of
parameters need to be updated (µ and π).

To update the GMM, we use an online algorithm by Declercq and Piater [7]. When a
new sample xi is added, we initialize a new cluster using this sample πk = σ and µk = fθ (xi),
where σ is the initial weight of component, and fθ (xi) stands for the feature representation
of the new sample. Once the number of clusters is exceeding the hyper-parameter K, we
merge the two closest clusters m and n to form a new cluster m∗ using Eqs. (1) and (2). The
criterion of ‘close’ is defined as the distance between a pair of the centroid of clusters in
cosine metric.

πm∗ = πm +πn , (1)

µm∗ =
µm ∗πm +µn ∗πn

πm +πn
. (2)

However, the memory consumption will increase rapidly as more and more examples are
stored in memory pool. In order to relieve the situation, we set that the weight of cluster
is decaying by learning rate η , and drop out some examples belonging to the cluster whose
weight is below the threshold ζw before merging the two clusters. Note that the distribution
of dataset is always assumed as GMM after each iteration.

3.2.2 Sampling from Memory

Using the above strategy, we could obtain some cluster groups. Each cluster has examples
with similar embedding representation. The advantage of sampling from the same group
is, positive samples and hard negative samples will have higher probability to be selected.
Therefore, for each raw data, we get its feature representation using primary embedding
network at first. Afterwards, this raw data is recognized as belonging to the cluster whose
centroid is closest to its feature represention, and then resample data is chosen from this
cluster. Different from [27], which is randomly sampling negative sample and adding them
to each mini-batch, our process could avoid the problem that there are no positive samples
in batch, meanwhile increase the probability of choosing the hard negative sample.

3.3 Training
3.3.1 Triplets Generation

In the proposed method, online learning strategy with human feedback in loop is adopted
to perform the training process. At present, the most common kind of human-in-the-loop
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method is top ranks labeling (TRL) [11, 18, 33]. It allows users to select ‘strong negative’
and ‘true match’ alternately in the top-k samples ranked by current model, details shown
in Fig. 3(a). Compared to ‘exhaustive labeling’ [16, 24, 32, 37] or ‘true or false pairwise
labeling’ [6, 22], it is more efficient and costs less human labeling efforts. But it needs to rank
all the data in gallery set so that computation efficiency becomes poor for large gallery sizes.
Different from above methods, in this work the resample data are sampled from designed
pool. It just need to compute and order the distances between anchor and other samples in
mixed data instead of computing the distances between anchor and all samples in gallery
set. Human could interactively select positive and negative samples from ordered candidate
samples list efficiently as shown in Fig. 3(b).

For an open set, it exists a situation that there are no corresponding positive samples in
memory pool when a new identity sample is obtained. Without positive sample, we couldn’t
generate a triplets to train the network effectively. From the perspective of the metric space,
we assume that the distance between the anchor and negative sample is larger than the dis-
tance between any pair of samples owning the same identity. Hence, in order to utilize the
information of this anchor with its negative sample, another pair of anchor and positive sam-
ple is selected randomly in the mini-batch and cooperated with the current negative sample
pairs for training. Therefore, there exist two cases of triplets generation illustrated in Fig. 4.

3.3.2 Focal-triplet Loss

According to the illustration of two above mentioned cases, the loss function is defined as
follows:

L(θ ;X) =

N

∑
i=1

{
1(Ki > 0)G f

(
max

k=1...Ki
D
(

fθ (xa
i ), fθ ((x

p
i )

(k))
)
, min

r=1...Ri
D
(

fθ (xa
i ), fθ ((xn

i )
(r))

))
+λ ×1(Ki = 0)G f

(
D( fθ (xa

∗), fθ (x
p
∗ )), min

r=1...Ri
D
(

fθ (xa
i ), fθ ((xn

i )
(r))

))}
,

(3)

where, D( fθ (A), fθ (B)) represents the L2 distance between two embeddings:
D( fθ (A), fθ (B)) = || fθ (A)− fθ (B)||2 . (4)

N is the total number of samples in mini-batch, Ki stands for the number of positive samples
for each anchor i, and Ri stands for the number of negative samples for each anchor i. In
addition, fθ (xa

∗) and fθ (x
p
∗) represent the other arbitrary anchor and corresponding positive

samples, λ is a coefficient indicating the contribution level of two cases shown in Fig. 4 for
the loss, and G f (xi,x j) represents the attention function.

The attention function of traditional triplet loss is hinge function max(dan −dap +m,0),
which could avoid correcting easy triplets continually. But it ignores pull together samples
from the same class as much as possible. Owing to that, [10] uses the softplus function
ln(1 + exp(dan − dap)) to be the attention function. However, when the number of easy
triplets is large, the gradient of batch will be dominated by easy triplets even though each
easy triplet’s loss is minimal. This phenomenon is unbeneficial for online learning when a
new identification is fed for training the network incrementally. In consideration of that, we
expect the attention function of the focal-triplet loss could force network to focus on hard
sample during training. Therefore, the attention function is defined as:

G f (dap,dan) =


− (m+1)2

(m)2 ∗ (dan −dap)+1, dan −dap < 0
1

(m)2 ∗ (dan −dap −m)2, 0 <= dan −dap <= m

0, dan −dap > m

(5)
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Figure 4: The triplets generation strategy is divided into two cases: (a) If there exists the
true match (p) and hard negative samples (n) in the mini-batch, these three samples could be
viewed as a ‘triplets’. (b) Once we could not find the true match or hard negative samples in
batch, we try to use other randomly selected anchor (a2) and corresponding positive sample
(p) to constrain the distance between original anchor (a1) and the corresponding negative
sample (n).

where m stands for the margin, dap = D( fθ (xa
i ), fθ (x

p
i )) represents the distance between

anchor and positive sample, and dan = D( fθ (xa
i ), fθ (xn

i )) represents the distance between
anchor and negative sample. The proposed attention function is a piecewise function which
is linear when independent variable is less than 0, quadratic when independent variables is
larger than 0. Quadratic part decays gradually instead of having a hard cut-off, at the same
time, linear part could avoid that the loss suddenly becomes large resulted from outliers.

4 Experiments

In order to evaluate the effectiveness of proposed framework, several experiments are per-
formed with various parameters and benchmarks.

4.1 Datasets

Market-1501 [38] is an image-based re-identification benchmark dataset consisting of 1,501
identities, which could be split into two parts: 12,936 images for training and 19,732 images
with 750 identities used for testing. During testing, 3,368 hand-drawn images with 750
identities are used as probe set to identify the correct identities on the testing set.

CUHK03 [14] contains 14,096 images of 1,467 identities. The dataset provides both
manually labeled and automatically detected bounding boxes. In our experiments, the results
are on the ‘labeled’ data and use a new training/testing protocol proposed in [41]. The
protocol splits the dataset into training set and testing set which consist of 767 identities and
700 identities, respectively.

Duke MTMC-reID is a subset of Duke MTMC [26]. It has 16,522 training images
of 702 identities while 2,228 query images of the other 702 identities and 17,661 gallery
images. The evaluation protocol is the same as that of [40].
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Table 1: The performance of proposed method with different variables on Market-1501 and
CUHK03. Rank-1 (%) and mAP (%) are shown. The missing piece indicates that the ap-
proach is unstable that easily results in a collapsed model.

Method
Market-1501 CUHK03

batchsize-8 batchsize-16 batchsize-32 batchsize-8 batchsize-16 batchsize-32
Rank-1 mAP Rank-1 mAP Rank-1 mAP Rank-1 mAP Rank-1 mAP Rank-1 mAP

Random sample 1.3 0.98 19.12 8.81 60.48 41.27 0.43 0.59 6.29 7.43 23.14 22.86
Order sample - - 68.38 48.39 73.84 54.11 - - 10.14 9.67 19.14 17.99
Identity sample - - 65.05 44.74 81.65 65.11 - - 22.86 22.47 43.10 40.19
HMMN (tri) 45.57 23.08 72.41 50.62 83.61 66.11 6.43 7.65 23.79 23.75 43.29 41.44
HMMN (ft,λ=0) 46.67 26.33 72.30 52.21 83.55 67.01 7.14 7.81 26.71 26.69 44.36 42.32
HMMN (ft,λ=1) 63.47 41.23 78.17 59.49 84.23 66.40 10.07 11.51 30.50 29.60 44.21 42.09

4.2 Implementation Details

Our network is trained end-to-end using Adam optimizer with β1 = 0.9 and β2 = 0.999.
The learning rate is set to be 10−4. For all the experiments, the input images are resized to
256×256 and randomly cropped to 224×224 with randomly horizontal flipping. Meanwhile,
images are normalized before they are fed into the network. For memory pool, the number
of centroids is set to 2,000 by default. The initial weight of component σ is set to be 0.9.
And the learning rate of memory η is 10−3, while the minimum weight ζw is set to be
0.09. Before training the network, few images need to be add to the memory pool as initial
memory items. We adopt ResNet-50 without the last fully-connected layer as the backbone
of HMMN. The primary embedding network is pre-trained in other dataset, meanwhile the
updated embedding network is randomly initialized using xavier [9]. Specifically, when we
evaluate the method on the Market-1501, primary embedding network is pre-trained using
CUHK03. And primary embedding network is pre-trained using Market-1501, when we
evaluate the method on CUHK03, Duke MTMC-reID respectively. For every 6,000 steps, the
weights of the primary embedding network are replaced by those of the updated embedding
network. In addition, the default setting of margin is 3 for focal-triplet loss. In order to
conduct verification experiments quickly, we utilize label information to simulate human
feedback, and then use Rank-1 identification rate and mean Average Precision (mAP) to
evaluate the performance.
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Figure 5: This figure shows the performance
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Table 2: Comparison of the proposed
method on Market-1501 with other online
method, baseline method and state-of-the-
art offline method respectively.

Method Market-1501
Rank-1 mAP

OL-IDM [31] 14.43 2.48
IDR/QR [36] 36.70 13.73
IFDA [12] 61.19 30.36
Pang’s IFDA [25] 71.64 45.15
SoDA [15] 75.27 49.82
Basel(R) [39] 73.90 47.78
Basel(R)+LSRO [40] 78.06 56.23
Pose-transfer(R) [19] 79.75 57.98
SVDNet [30] 82.30 62.10
SVDNet+REDA [42] 87.08 71.13
HMMN 84.23 66.40

Table 3: Comparison of the proposed
method on CUHK03 and Duke MTMC-reID
with baseline method and state-of-the-art of-
fline method.

Method CUHK03 Duke MTMC-reID
Rank-1 mAP Rank-1 mAP

Basel(R) 22.2 21.0 65.2 45.0
Pose-transfer(R) 33.8 30.5 68.6 48.1
SVDNet 40.9 37.8 76.7 56.8
DPFL [4] 43.0 40.5 79.2 60.6
Pose-transfer(R,T) 45.1 42.0 - -
TriNet+REDA [42] 58.1 53.8 - -
HMMN 44.4 42.3 78.3 58.1

4.3 Comparison Results
Comparison with proposed method with different variables In order to verify the effec-
tiveness of our method, we test the performance of the network under different sampling
strategies. The results are listed in Table 1. ‘Random sample’ simulates the condition that
the network is fed with data randomly and incrementally in the training step. ‘Order sample’
means sampling the data using the sequence of data sets. ‘Identity sample’ represents that
the network is trained under the sample strategy mentioned in [10]. And its parameter, the
number of instances per identity, is set to be 4. Besides, we compare our memory-based
strategy with original triplet loss and focal-triplet loss (λ is set to be 0 and 1, respectively).
In all the experiments, the margin of loss is 3 while the number of centroids is set to be
2,000. All the models are trained in 96,000 iterations. The analyses of results are as the fol-
lows. Firstly, we find that the performance of ‘HMM(tri)’ is superior to that of other sample
strategies. It proves the memory-based strategy has an important role in generating triplets.
In addition, from the result of ‘HMMN (ft,λ=0)’, we could conclude that our attention func-
tion is superior to hinge function which is widely used in traditional triplet loss. At last, the
result of ‘HMMN (ft,λ=1)’ proves the importance of mining case b shown in Fig. 4. Along
with those results, we visualize the change of Rank-1 and mAP with each iteration on the
Market-1501 when batch-size is 16, as shown in Fig. 5.

Comparison with other baselines To prove the performance of proposed method, we
compare our method with other online methods on the Market-1501, and results are shown
in Table 2. Moreover, we compare our method with the ResNet-50 baseline [39] on the three
benchmarks. The results on Market-1501 are shown in Table 2, and the results on CUHK03
and DukeMTMC-reID are shown in Table 3. From the results, we could find that our method
better than the baseline [39, 40]. Then, we compare our work with state-of-the-art offline
methods [4, 19, 30, 42]. Some state-of-the-art methods achieve higher performance with
specific network structures [4], and some certain tricks like data augmentation [42]. Our
method could also further improve the performance with these techniques.

4.4 Component Analysis
We carry out some additional experiments to verify the effectiveness of the sub-modules we
proposed.

Effectiveness of memory sample To prove the effectiveness of the memory pool mod-
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Soft-margin LossTriplet Loss Focal-triplet Loss

Figure 7: Study the learning speed of the network trained by different losses through observ-
ing the embedding output by the model trained only in one epoch.

Soft-margin LossTriplet Loss Focal-triplet Loss

Figure 8: Test the performance of different losses in online learning through observing the
embedding output by the model trained incrementally.

ule, we conduct experiments to compute the proportion Ψ that resample data sampled from
memory pool will be selected as positive or hard negative samples of raw data in each batch.
The results tested on Market-1501 with different numbers of centroids are plotted in Fig.
6, where ‘probability of being selected as positive or negative samples’ is used to represent
moving average of the proportion Ψ. Solid lines stand for the probability that resample data
is selected as positive samples while dotted lines stand for negative samples. From this fig-
ure, we could find that over 70% of hard samples are chosen from memory pool module
after several iterations when the number of centroids is 5,000. It sufficiently shows that our
proposed sample strategy is useful for seeking the hard samples. We take an experiment
that when the number of centroids increases, the possibility of being selected is increasing
simultaneously.

Effectiveness of focal-triplet loss In order to pull samples from the same class as close
as possible, [10] uses soft-margin replace the hinge function. In the experiment, this method
could get a good result without choosing the margin. But it could not meet our expectation to
train the network as quickly as possible. Nevertheless, the proposed focal-triplet loss has the
advantage of soft-margin loss and overcomes the above shortcoming. To verify the positive
effect that focal-triplet loss could be able to accelerate the training process, we compare our
focal-triplet loss with soft-margin loss and triplet loss using LeNet [13]. All of them are
trained in one epoch, and then we test the representation ability of these networks on the test
data respectively. In this experiment, we use t-SNE [21] to reduce dimension of features for
data visualization. As shown in Fig. 7, we find that focal-triplet loss could help the network
to get better embedding results with limited iterations. Another experiment is performed
to demonstrate that focal-triplet loss has an advantage in incremental learning. Firstly, the
network is trained using data with 5 different categories selected randomly. Afterwards, the
network is trained by total dataset in only 200 iterations. Applying the same measurement
method above, we could confirm that the loss with hard margin could discriminate different
categories well in incremental learning from Fig. 8 .
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5 Conclusion

In this paper, we proposed an incremental hard-sample mining framework called as Hard
Sample Mining Memory Network (HMMN). It is a novel end-to-end deep learning based
pipeline containing two networks and an external memory, which could be used in the secu-
rity system. The primary embedding network is used for selecting hard sample from memory
pool and the updated embedding network is trained to generate embedding representation.
The pipeline could be used in both online and offline training. More importantly, the pro-
posed pipeline is a novel work which is first to try to focus on training the deep-learning
based re-identification model and annotating the data simultaneously in practical applica-
tions. As a result, it could help us to deploy the model in an open set.
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