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Abstract

This paper investigates the problem of fine-grained face
verification under unconstrained conditions. For the con-
ventional face verification task, the verification model is
trained with some positive and negative face pairs, where
each positive sample pair contains two face images of the
same person while each negative sample pair usually con-
sists of two face images from different subjects. However,
in many real applications, facial appearance of the twins
looks very similar even if they are considered as a negative
pair in face verification. Therefore, it is important to dif-
ferentiate a given face pair to determine whether it is from
the same person or a twins for a practical face verification
system because most existing face verification systems fails
to work well in such a scenario. In this work, we define the
problem as fine-grained face verification and collect an un-
constrained face dataset which contains 455 pairs of identi-
cal twins to generate negative face pairs to evaluate several
baseline verification models for fine-grained unconstrained
face verification. Benchmark results on the unsupervised
setting and restricted setting show the challenge of the fine-
grained face verification in the wild.

1. Introduction

Face verification, as an important task of face recogni-
tion, aims to determine whether a given pair of face images
is from the same person or not. The previous face veri-
fication methods have achieved impressive performance in
controlled conditions, however these methods always drop
their performance if the input images are collected in uncon-
trolled environments [8]. In recent years, the unconstrained
face verification has attracted a large attention, especially s-
ince the release of a benchmark dataset named the Labeled
Faces in the Wild (LFW) dataset [9], where the face images
are captured in the uncontrolled environment with signifi-
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Figure 1. Typical positive pairs and negative pairs sampled from

the LFW dataset. Two neighbor images in each row form a face
pair, and negative pair shows significant variation of appearance.

cant variations such as expression, pose, partial occlusions
lighting, and resolution.

Recently, a variety of face verification approaches have
been proposed to advance the performance of the uncon-
strained face verification [9, 6, 3, 7, 21, 13, 19, 15] on the
LFW dataset. For example, Guillaumin et al. [6] presented
a logistic discriminant method to learn a Mahalanobis dis-
tance from labelled image pairs in the probabilistic view,
which expects the distance between a positive pair to be s-
maller than that of a negative pair. Cui et al. [3] present-
ed a robust spatial face region descriptor under the Bag-of-
Feature framework as well as a pairwise-constrained mul-
tiple metric learning to learn multiple distance metrics for
various descriptors. Hu et al. [7] proposed a discriminative
deep metric learning method to learn a nonlinear distance
metric via a architecture of neural network for face verifi-
cation in the wild. Taigman ef al. [21] developed a deep
neural network to learn a face representation from a out-
side training dataset with four million face images, and ob-
tained an accuracy of 97.25%, closely approaching human-
level performance on the LFW dataset. Sun et al. [19] de-
signed a deep convolutional networks model to learn deep
identification-verification features (DeepID2) by using both
face identification and verification signals as supervision,



and achieved 99.15% verification accuracy under the stan-
dard LFW protocol. However, these high accuracies are al-
so high in the underlying false accept rate (FAR), which
is not reliable for for most practical applications. Liao et
al. [13] developed a new benchmark protocol based on this
dataset, under which the best approach obtains 41.66% ver-
ification accuracy at FAR = 0.1%. These results show that
unconstrained face recognition is still a very challenging
problem.

However, most existing face verification methods are
learned with some positive and negative face pairs, where
each positive sample pair contains two face images of the
same person while each negative sample pair usually con-
sists of two face images from different subjects. Figure 1
shows some positive and negative pairs in the LFW proto-
col, two images of a negative pair are different in appear-
ance even gender. However, in many real applications, fa-
cial appearance of the twins looks very similar even if they
are considered as a negative pair in face verification. There-
fore, it is important to differentiate a given face pair to de-
termine whether it is from the same person or twins for a
practical face verification system because most existing face
verification systems fail to work well in such a scenario.
In this paper, we collect a new unconstrained face dataset
which contains 455 pairs of identical twins to form negative
face pairs with quite similar appearance for the challenging
fine-grained unconstrained face verification, as well as de-
velop a benchmark protocol for evaluating several baseline
verification approaches for this problem. Different from the
works [20, 18, 11, 17] in distinguishing between identical
twins by face recognition under controlled conditions, we
aim to determine whether a face pair depicts the same per-
son or not in the scenario that two images in each negative
pairs are very similar in appearance. To our best knowl-
edge, this is the first study on the problem of fine-grained
face verification in the wild.

2. Dataset and Protocol

This section will detail a fine-grained face verification
(FGFV) dataset and benchmark protocol on this dataset.

2.1. Dataset

To advance the fine-grained face verification under un-
controlled environments, we collected a new dataset named
fine-grained face verification (FGFV) dataset. The FGFV
dataset contains 1820 face images, namely, 455 negative
face pairs and 455 positive face pairs, respectively. The
455 negative face pairs are from 455 pairs of identical twins
(910 subjects) collected from the internet without restric-
tions in lighting, expression, pose background, and partial
occlusion. A significant characteristic of the negative pair is
that two images of this pair are from the same photo with al-
most the same lighting. Figure 2 lists sample negative face

Figure 2. Some negative face pairs of the FGFV dataset. A neg-
ative pair consists of two neighbor twin images in each row, and
two images of each pair pose very similar appearance.
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Figure 3. Some positive face pairs of the FGFV dataset. A positive
pair consists of two neighbor images of same person in each row.

pairs of the FGFV dataset. For 455 positive pairs of FGFV
dataset, they were selected from positive (or matched) pairs
of the LFW dataset [9], where few people have more than
one face pair. Figure 3 shows some positive face pairs in the
FGFV dataset. In addition, to reduce background informa-
tion and easily use this dataset, we also offer a well-aligned
version by aligning and cropping each face image to size of
64 x 64 according to the manually labeled eye coordinates.
Figures 4 and 5 list some cropped samples of negative and
positive pairs on FGFV dataset, respectively.

2.2. Benchmark Protocol

Following the widely used benchmark protocol on the
LFW dataset [9], we designed two different settings to e-
valuate the performance of different verification algorithm-



Figure 4. Cropped negative face pairs used in our experiments.
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Figure 5. Cropped positive face pairs used in our experiments.

s: Unsupervised setting and Restricted setting. As a bench-
mark for comparison, we randomly partitioned all face pairs
of the FGFV dataset into 5 independent folds, where each
fold contains 91 negative pairs and 91 positive pairs. We
also recommend reporting performance as 5-fold cross val-
idation using this pre-specified training/testing splits, name-
ly, 4 folds for training and the rest one for testing each time
under the following two settings.

Unsupervised setting: Under this setting, a verification
method cannot have access to any label information of face
images, such as pairwise label (positive or negative), unique
identifiers of persons, and the distribution of labels. The re-
ceiver operating characteristic (ROC) curve, the area under
the ROC curve (AUC), equal error rate (EER) and verifica-
tion accuracy are used for performance evaluation.

Restricted setting: In the restricted setting, only the
pairwise labels (positive or negative) of face pairs are used
for training verification models. Finally, the mean accuracy
with standard error and ROC curve are adopted for perfor-
mance evaluation.

3. Baseline Approaches

In this section, we briefly elaborate several baseline
methods for fine-grained face verification problem in the
perspective of similarity or metric learning, these approach-
es include information theoretic metric learning (ITML) [5],
KISS metric learning (KISSME) [12], side-information
based linear discriminant analysis (SILD) [10], and cosine
similarity metric learning (CSML) [16].

3.1. ITML

Given a training set X = [x1, 22, -+ ,2x] € R™*Y con-
sisting of N samples, the goal of conventional distance met-
ric learning methods is to look for a positive semi-definite
matrix M € R?*9 5o that the squared Mahalanobis distance
between two samples x; and x; is calculated as:

R (xi,%5) = (xi —%;)TM(%; — x;), ()
where d is the dimension of the input sample x;.

Information-Theoretic Metric Learning (ITML) [5] uti-
lizes the relationship between the multivariate Gaussian dis-
tribution and the set of Mahalanobis distances to generalize
the standard Euclidean distance. The idea of ITML is to
seek a distance metric M to close a prior metric M by min-
imizing the LogDet divergence between these two matrices
under the constraints that the distance d3;(x;, x;) between
a positive pair is smaller than a upper bound 7, while that of
negative pair is larger than a lower bound 7,,, 7, > 7, > 0.
Then, ITML is formulated as the following LogDet opti-
mization problem:

min Dyq(M, Mo) = tr(MM, ') — log det(MM, ') — d

S.t. di,[(xi,xj) < Tp V&J =1

dxn(xi, %) > 7 Vi =—1, 2
where the prior My is set to the identity matrix for the Eu-
clidean distance; tr(Z) is the frace of matrix Z; and Lij
denotes pairwise label between a pair of samples x; and x;,
which is set as ¢;; = 1 for a positive pair and ¢;; = —1
for a negative pair. To optimize this problem (2), Bregman
projections are iteratively computed to project the current
solution onto a single constraint by the update:

M1 =M, + 8 M(x; — x;5)(x; — xj)TMt, 3)
where £ is the projection parameter dominated by pairwise

label and learning rate.

3.2. KISSME

KISS Metric Learning (KISSME) [12] considers learn-
ing a simple and straightforward distance metric from a s-
tatistical inference perspective, which makes the statistical
decision whether a sample pair x; and x; is negative or not



by a likelihood ratio test. It states the hypothesis H, that a
pair is negative, and the #; that this pair is positive. The
log-likelihood ratio is given as:

S(x,xy) = log (LR,

p(xi, %[ H1)
where p(x;,x;|Ho) is probability distribution function of a
pair under the Ho. The H, is accepted if §(x;, x;) is larger
than a threshold, otherwise the #; is validated and this pair
is positive. By assuming the single Gaussian distribution
of the pairwise difference z;; = x; — X; and relaxing the
problem (4), 6(x;, x;) is simplified as:

5(Xi,Xj):(Xi—Xj)T(Cp_l—C_l)(Xi—Xj), (5)

n

“)

where covariance matrices C,, and C,, are estimated as:
= X T
Cr=3, , i—x)xi-x)",  ©
Co=2, __, i—x)li=x)" ()

To obtain the Mahalanobis distance metric M, KISSME

projects M = C,' — C,! onto the cone of the positive

semi-definite matrix M by clipping the spectrum of M.
3.3. SILD

Side-Information based Linear Discriminant Analysis
(SILD) [10] effectively exploits the weakly-supervised
side-information of sample pairs to directly calculate the
within-class scatter matrix C,, in Eqn. (6) using positive
pairs and the between-class scatter matrix C,, in Eqn. (7)
utilizing negative pairs. Similarly to fisher linear discrim-
inant analysis (FLDA) [2], SILD seeks a discriminative
linear projection W € R%*™ m < d by solving the op-
timization problem as:

det(WTC, W)

max

W det(WTC,W)’

By diagonalizing C, and C,, as:
C, =UD,U", (UD,'*)"C,(UD,"?) =1, (9
(UD,/*’C,(UD,'?) =VD,V”, (10)

®)

the projection matrix W can be obtained as:
W =UD,'/?V, (11)

where U and V are orthogonal matrices, and D,, and D,,
are two diagonal matrices. Then, the squared Euclidean dis-
tance is computed in the transformed subspace as:

2
d%v(xi,xj) = HWTXi — WTXjH2
= (x; — %) T WWT (x; — x;)
= (Xi — Xj)TM(Xi — X]’)7 (12)

which is equivalent to the Mahalanobis distance in the orig-
inal space, M = WWT',

3.4. CSML

Cosine Similarity Metric Learning (CSML) [16] aims to
learn a linear transformation W € R4X™ 1 < d to calcu-
late cosine similarity in this transformed subspace:

(W) (W)
esw %0 %5) = R T W |
- XiTWWTXj
\/XiTWWTXi \/XjTWWTX]‘ .

(13)

To learn W, CSML minimizes the cross validation error by
formulating the objective function as:

max F(W) = [Z cswxi, Xj)

1]—1

—a Z csw(Xi x;) — B|W — W2, (14)

where W is a predefined matrix; parameter « balances the
contributions of positive and negative pairs to margin; and 3
controls the tradeoff between margin and regularization ter-
m ||[W — W ||2. Finally, a gradient based method is used to
obtain the optimal W, and more details of the optimization
are provided in the work [16].

4. Baseline Results

Following the benchmark protocol in the FGFV dataset,
we evaluate several methods for fine-grained face verifica-
tion under the unsupervised setting and restricted setting.

4.1. Experimental Settings

For feature representation, we use the aligned version of
the FGFV dataset, where each face image was aligned and
cropped to size of 64 x 64 according to the manually la-
beled eye coordinates. Furthermore, these cropped images
were converted to grayscale and we extracted three types of
features for each face image as follows:

e Histogram of Oriented Gradients (HOG) [4]: each face
image was first divided into 16 x 16 non-overlapping
blocks, where the size of each block is 4 x 4. Then
it was evenly partitioned into 8 X 8 non-overlapping
blocks again, where the size of each block is 8 X
8. Lastly, we extracted a 9-bin HOG descriptor for
each block and concatenated them to form a 2880-
dimensional feature vector;

e Local Binary Patterns (LBP) [1]: we partitioned each
image into 8 x 8 non-overlapping blocks of size 8 x §,
then computed a 59-bin uniform pattern LBP descrip-
tor for each block and concatenated all descriptors to
form a 3776-dimensional feature vector;



Table 1. The verification accuracy, AUC and EER of three features
on the FGFV dataset under the unsupervised setting.

| Feature | Dim. | Accuracy (%) | AUC (%) | EER (%) |

HOG 2880 60.44 62.59 40.44
LBP 3776 59.67 62.92 41.32
SIFT 6272 58.79 61.23 42.45

e Scale-Invariant Feature Transform (SIFT) [14]: we
densely sampled SIFT descriptors on each 16 x 16
patch with stepsize of 8 pixels and obtained 49 SIFT
descriptors. Then extracted a 6272-dimensional fea-
ture by concatenating these SIFT descriptors.

For experimental settings, the cosine similarity is used to
directly compute the similarity of a given face pair for eval-
uating the performance of above three features in the unsu-
pervised setting. For the restricted setting, these three kind-
s of features are first reduced to 200 dimensions by PCA
learnt on training set. Then four weakly supervised baseline
methods (ITML, KISSME, SILD, and CSML) are utilized
to learn distance metrics for each feature on the training
set, and the learned distance metric is applied to compute
similarity of each testing pair x; and x; as sim(x;,x;) =
exp (—d3;(x;,x;)/7) for three baseline methods: ITML,
KISSME and SILD, where v is a positive scalar. We im-
plement these methods with various features by carefully
tuning the parameters of these algorithms, especially set-
ting « = 1 and § = 0.1 for CSML method. Lastly, the
mean accuracy and ROC curves are used for performance
evaluation.

4.2. Results on Unsupervised Setting

We first compare the three types of features, HOG, LBP,
and SIFT for fine-grained face verification under unsuper-
vised setting. Table 1 shows the verification results of dif-
ferent types of features on the FGFV dataset, and Figure 6
plots the ROC curves of these three features. From this ta-
ble, we see that the best result under unsupervised setting
is only 60.44% in verification accuracy, and 62.92% in the
AUC. We find these three hand-crafted features show sim-
ilar ability of face verification. Therefore, the fine-grained
unconstrained face verification is a very challenging task.

4.3. Results on Restricted Setting

We also compare several weakly supervised similarity
learning based methods with different kinds of features un-
der the restricted setting. Table 2 shows performance of
the four weakly supervised methods under the this setting.
ITML obtains 64.29% verification accuracy using SIFT fea-
ture; KISSME achieves 68.35% — 69.67% mean accuracy
in three different features; SILD shows good performance
using HOG and SIFT features than LBP; and CSML using
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Figure 6. The ROC curves of different features on the FGFV
dataset underthe unsupervised setting.

Table 2. The verification results in terms of accuracy (%) on the
FGFV dataset under the restricted setting.

| Method HOG LBP | ST |
ITML 63.52 +4.41 | 62.86 +3.84 | 64.29 + 4.29
KISSME | 69.67 & 3.37 | 68.35+3.26 | 69.67 + 3.40
SILD 70.00 & 3.68 | 62.53+3.17 | 68.57 4+ 3.53
CSML | 71.4341.94 | 72.31 +3.53 | 72.31 +3.24

LBP feature obtains the mean accuracy of 72.31%, which
is better than other three compared baseline approaches.
These methods consistently improve the performance of
face verification than that under unsupervised setting. These
results show that learning a distance metric can help the
challenge of fine-grained face verification in the wild. In
addition, Figure 7 also plots the ROC curves of these base-
line methods with different features on the FGFV dataset
under the restricted setting.

4.4. Discussion

From the above experimental results, we make the fol-
lowing three observations:

1) Fine-grained face verification under unsupervised set-
ting is more challenging than the restricted setting.
This is because some discriminative information has
been exploited in the restricted setting.

2) HOG and SIFT slightly outperform LBP in the task
of fine-grained face verification. However, the differ-
ence is not significant. The reason is that for fain-
grained face verification, face images look very similar
for both positive and negative pairs so that the texture
feature descriptor such as LBP cannot perform well.

3) CSML achieves the best verification rate than other
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Figure 7. The ROC curves of the baseline method with three different features on the FGFV dataset under the restricted setting.

metric learning methods, which indicates that the co-
sine similarity is better than the Mahalanobis distance
to learn the similarity for fine-grained face verification
because face samples are better normalized by the co-
sine similarity, which can remove some face variations
such as varying illuminations.

5. Conclusion

In this paper, we have investigated the problem of fine-
grained face verification under unconstrained conditions.
Unlike the conventional face verification task that a nega-
tive sample pair usually consists of two face images from
different subjects with large appearance difference, we col-
lected a new unconstrained face dataset which contains 455
pairs of identical twins to generate negative face pairs, and
evaluated several baseline verification approaches for fine-
grained unconstrained face verification under a benchmark
protocol. Benchmark results on both the unsupervised set-
ting and restricted setting show the grand challenges of the
fine-grained face verification.
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