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Motivation

I The goal of this work is to test the Triplet network [4] model
capability of learning applicable person embeddings in the
feature space.

I Can model implicitly learn visual soft-biometric features?
I Person gait, weigh, height.
I Gender, age, ethnicity.
I Hair style, facial hair style.
I Glasses, tattoos, scars, birth marks.
I Dressing style, accessories (backpacks, suitcases).
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Introduction

I Person re-identification: the task of associating a person
across different cameras.

I Problems:
I Diversity of real world cameras (different resolutions and

aspect rations, mono/color).
I Non-standardized camera placement resulting in various person

perspectives.
I Humans are articulated objects and their pose can significantly

change.
I Changing lighting and weather conditions, partial occlusions

and motion-blur.

I Person de-identification: concealing person identity.
I Related to the re-identification.
I Multiple appearances of the same person could be de-identified

in similar manner.
I If we discover the features useful for re-identification, we could

try to hide the identity by modifying (masking) those features.
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The Viewpoint Invariant Pedestrian Recognition [2, 3]
Dataset

I Images of 632 persons.
I Two examples per person.
I Each example is scaled to 48× 128 resolution.

I Problems:
I Strongly varied perspectives between two examples of the same

person.
I Excessive lighting changes in the scene.
I Small resolution of example images.
I Just two examples per person.

Figure: Examples of pedestrian images from VIPeR dataset. The same
pedestrians are in succession of two.
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Deep Metric Model - Triplet Network [4]

I Idea: Embed the data into a
vector space such that the distance
between two positive examples
becomes larger than the distance
between the reference positive
example and a negative example.

I Three convolutional neural network
instances of the same architecture
which share all the network
parameters.
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Deep Metric Model - Triplet Network [4]

I Triplet consisting of positive (x+),
reference (x) and negative (x−)
example is set as one input
(x+, x , x−).

I The sampling layer is responsible
for randomly choosing x+, x and
x− examples in each epoch.

I The input triplet is forward-passed
through one of the three networks
in the model to get a
low-dimensional vector.
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Deep Metric Model - Triplet Network [4]

I The resulting vectors are compared in the last layer (Eq. 1) by
applying the Soft-max function σ (Eq. 2) to the corresponding
L2 distances d+ = ‖fp(x)− fp(x+)‖2 and
d− = ‖fp(x)− fp(x−)‖2.

C =

{
1, if σ(d+) < σ(d−)

0, otherwise
(1)

σ(‖fp(x)− fp(x ′)‖2) =
e‖fp(x)−fp(x ′)‖2∑

x∗∈(x−,x+)

e‖fp(x)−fp(x∗)‖2
, (2)

where x ′ represents positive or negative example depending on
the distance to be computed.

I The goal of the training is to satisfy the condition C given by
Eq. 1 for all training examples.
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Deep Metric Model - Triplet Network [4]

Layer type dimensions properties
0 input 3 (RGB) maps of 48x128
1 convolutional 64 maps of 44x122 neurons kernel 5x7 stride 1
2 ReLU & max pooling 64 maps of 22x61 neurons kernel 2x2 stride 2
3 dropout dropout ratio = 0.25
4 convolutional 128 maps of 20x56 neurons kernel 3x6 stride 1
5 ReLU & max pooling 128 maps of 10x28 neurons kernel 2x2 stride 2
6 dropout dropout ratio = 0.25
7 convolutional 256 maps of 8x24 neurons kernel 3x5 stride 1
8 ReLU & max pooling 256 maps of 4x12 neurons kernel 2x2 stride 2
9 dropout dropout ratio = 0.25

10 convolutional 256 maps of 4x10 neurons kernel 1x3 stride 1
11 ReLU & max pooling 256 maps of 2x5 neurons kernel 2x2 stride 2
12 convolutional 128 maps of 2x3 neurons kernel 1x3 stride 1
13 ReLU & max pooling 128 maps of 1x1 neurons kernel 2x2 stride 2

Table: Description of one network architecture instance used in Triplet
network model.
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Qualitative results

Figure: Train examples (404 pairs) from VIPeR dataset projected onto
two main components of PCA.
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Qualitative results

Figure: Examples from validation subset (101 pairs) of VIPeR dataset.
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Qualitative results

Figure: Examples from test subset (127 pairs) of VIPeR dataset.
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Quantitative results

I For the network evaluation, we use the following error metric
on train, validation and test sets:

error =
1

M ∗ N

i=M∑
i=1

j=N∑
j=1

Cij , (3)

where M represents the number of batches and N is the
number of triplets (x+ij , xij , x

−
ij ) in a given batch, while Cij for

a particular triplet is defined in Eq. 1.

I After the last training epoch of the used model the error were
as follows:

I 2.453% on train subset.
I 8.125% on validation subset.
I 13.125% on test subset.
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Conclusion

I We proposed and discussed applying deep metric learning
onto two related tasks.

I Person re-identification =⇒ security reasons.
I Person de-identification =⇒ privacy concerns.

I We showed promising results on challenging VIPeR dataset
when Triplet network as deep metric model is used.

I Applicable person embeddings based on soft-biometric
features can be successfully learned even when there is small
number of examples per person.

I Future goal: Which soft-biometric features have the most
significant impact on metric learning performance.
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