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Abstract—Features extracted with deep learning have now
achieved state-of-the-art results in many tasks. However, to
reuse a learned deep model, transfer learning with fine-tuning
needs to be employed, which requires to re-train the whole
model or part of it to extract useful features in the new
domain. This step is burdensome and requires heavy computing
power. Therefore, this work investigates alternatives in transferlearning that do not involve performing fine-tuning for a model
with the new domain. Namely, we explore the correlation of
depth and scale in deep models, and look for the layer/scale
that yields the best results for the new domain, we also
explore metrics for the verification task, using locally connected
convolutions to learn distance metrics. Our experiments use a
model pre-trained in face identification and adapt it to the
face verification task with different data, but still on the face
domain. We achieve 96.65% mean accuracy on the Labeled
Faces in the Wild dataset and 93.12% mean accuracy on the
Youtube Faces dataset comparable to the state-of-the-art.
Keywords-Transfer Learning, Artificial Neural Networks,
Face Verification, Metric Learning

I. I NTRODUCTION
Images are two dimensional representation of a scene in
the world, and are a means for us to record this scene and
extract information, such as detect objects, which could be
associated with a tool used by a perpetrator of a crime,
or recognize a face by verifying that it matches with a
valid identity, allowing us to open an automated door, for
instance. Machine learning and computer vision are usually
employed to tackle these tasks, where neural networks with
deep architectures have gained much popularity and have
broken many state-of-the-art records.
Since the AlexNet model [1] won the ImageNet 2012
challenge [2], deep learning models [3] have been popularized and made breakthroughs in many areas, such as winning
matches of a Go, a difficult game, against world champions [4] and achieving results comparable to humans in
face verification [5]. Many architectures have been explored
for image tasks since the work of Krizhevsky et al. [1],
from Inception [6], which leaves the choice of window size
to pick in a convolution layer to the model, to Densely
Connected [7] and Resnet [8], which attempts to tackle
the vanishing gradient problem by using early layer in the
computation of latter ones.
Many models which have achieved great results on ImageNet competitions have also been successfully used in
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datasets or tasks different than the ones they were originally
trained. This is done through transfer learning, which is
the act of adapting a model learned on one data domain to
another, e.g., different task or different labels. In our case,
we perform transfer learning for different labels, same task.
The transfer learning usually consists of replacing some
of the final layers of a learned model and reconditioning
the weights to new data, a process called fine-tunning.
The disadvantage of this process is that it requires robust
hardware to perform the learning process and although the
need of large datasets is diminished, it is still present.
Motivated by these limitations, we explore transfer learning
approaches that would require little to no fine-tuning. We
hypothesize that features associated with each layer of a
sequential model tend to be more specific to the learned
environment as its depth increases, since a node of a neural
network is being built by correlating patterns of patterns.
This way, we believe that the penultimate layer might not be
ideal to extract features if the new data are characteristically
different than the data used to learn the model.
To evaluate our hypothesis, we extract features from
different layers and test them with distance metrics to be
employed for face verification, a largely explored research
topic [5], [9]. The goal of face verification is to determine
whether two face images belong to the same individual.
Early works on face verification employed low-level feature extractors to obtain feature representations for face
images [10]–[14]. Nowadays, it is more common to learn
features instead of engineering them [15], [16]. Ouamane et.
al. [14] achieved great results in face verification by using an
adaptation of Discriminant Analysis for the weakly labeled
case of same/not-same pairs coupled with exponential kernel
Regarding Deep learning methods, Sun et al. [15] proposed
one of the first deep architecture for the task, it relied on
an ensemble of crop specialized convolutional networks.
In their work a pair of face images is fed as input to
an ensemble of networks. Hu et al. [16] also used deep
learning models on face recognition. They employed a
siamese network with shared weights to learn a MDML.
That is, their network model works as a space transformation
where the transformed features are more discriminable.
In contrast to the aforementioned works, we evaluate wellknown handcrafted measures such as χ2 , L1 and L2 to compare two faces. Moreover, we also use convolutions to learn
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a weighted sum of the variables, i.e., the convolution would
be able to identify and give higher weights for variables
which are more discriminative. Our second hypothesis is
that the locally connected convolution [5] would be more
suitable for learning a weighted metric than the standard
convolution because the variables in the deep features have
a spatial independence that can be exploited by the locally
connected convolution.
In our experiments, we extract a feature vector of each
face with a VGG16 model, learned on the VGGFaces
dataset [17]. The learned models are trained using approximately 2.6 million images and, although, additional training
is usually employed, e.g., triplet loss embedding or top layer
fine-tuning, we neither conduct additional learning nor use
additional data, but we still achieve very competitive results.
We perform an experimental evaluation using the labeled
faces in the wild dataset [18] and in the Youtube Faces
Database [19], which are popular datasets in the literature
having been used by many works such as [5], [17], [20].
Our results are comparable to those in the state-of-the-art
scenario, with 96.65% ± 0.34 mean accuracy and standard
error on the Labeled Faces in the Wild (LFW) dataset and
93.12% ± 0.39 mean accuracy and standard error on the
Youtube Faces (YTF) dataset. Moreover, our approach is
simple and require a small number of samples.
II. P ROPOSED A PPROACH
Our method, illustrated in Figure 1, can be roughly
described as follows. First, we carefully choose a layer from
a neural network extracting its output as feature vectors
for each face image. Then, the relationship between the
two feature vectors is captured according to some distance
metric, resulting in a new vector. The metrics employed are
listed in Table I, we call them handcrafted because they are
not learned through the data. Finally, the resulting feature

Table I
H ANDCRAFTED DISTANCE METRICS USED . x AND y ARE TWO VECTORS
AND ALL OPERATIONS APPLIED ARE ELEMENT- WISE , THAT IS THEY
ALSO RETURN A VECTOR .
Name

Formula

χ2

(x−y)2
x+y

L1
Sign
L2

|x − y|
x×y
(x − y)2

vector is presented to a classifier, which in our experiments
we used the Multilayer Perceptron (MLP) [21].
To search for complementary information, we conducted
experiments with different metrics: i) the χ2 , defined by
the square of differences over the sum, suited for histogram
comparison and used in the work of Taigman et al. [5]
to compare different feature vectors extracted from deep
models; ii) the square of differences (L2 ), an alternative
to taking the absolute value to make it indifferent to the
order of the variables, which also accentuates very small
and very large values, this last characteristic could convey
complementary information to that of the simple absolute
value of differences. An overview of the metrics is listed in
Table I.
We use a VGG16 architecture [22] learned on the face
identification domain to extract features from the LFW and
YTF datasets. This architecture consists of 16 convolutional
and fully connected ones layers. In general, the features are
extracted from the penultimate fully connected layer [5].
However, we experiment with different layers (pool5, the
last convolutional layer, fc6, the first fully connected layer
and fc7, the penultimate layer), hypothesizing that there is an
inverse correlation between generalization and layer depth.
Our hypothesis comes from two clues. The first is the fact
that as max-pooling occurs it has the effect of enlarging the
receptive field and then capture larger and more complex
patterns, usually associated with a higher semantic level.
The second is that a node of a neural network layer can
be interpreted as a type of correlation to detect patterns.
Therefore, with stacked layers, one layer output is in a
pattern domain and the next layer will be in a pattern of
patterns domain, which we believe increases complexity of
the patterns and decreases generalization. The feature vector
of a face image extracted by a deep model has each of its
variable as the result of a correlation of signals after applying
a nonlinear activation. The variable, then, represents the
confidence that a given pattern was located by a neural
node. In the image space, a two dimensional signal, there
is spatial independence of patterns, i.e., an object such as
a ball, can be located at different positions, however, in the
feature space the variables have more spatial dependency
and it is reasonable that if a variable has large value on a
sample and low value on the other this is correlated with
them being different from one another.

Considering that some variables might be more important
than others to discriminate a pair of samples, we experiment
to use a weighted sum of the variables where the weights
are learned from the data. This is done by means of a
(2 × 1) locally connected convolutional (LCC) filter. These
filters, different to standard convolutional filters, are not
spatially shared, and for each variable of the pair of samples
a different relationship in the form xi ∗ wi,a + yi ∗ wi,b is
learned, where xi is the i-th variable from the first sample
in the pair and yi is the analogous for the second sample
in the pair. We can note that the weights can therefore be
learned to ignore a variable from either of the face of one
of the pairs, suppose wi,a = 0 or wi,b = 0, to ignore the
relationship altogether, wi,a = 0 and wi,b = 0, or to give it
large importance, wi,a >> 0 and wi,b >> 0.
With the traditional convolution, the weights of a feature
map are shared across different spatial positions. This implies that the weighting for one pair of variables is suitable
to all the others. By using more convolutional filters, more
weighting relationships are learned. This will generate an
output with size N × F , where N is the length of the
feature vectors and F is the number of convolutional filters.
In general, this process results in memory problems which
can be circumvented with a trick also used in the Inception
Module [6]. It consists of employing another convolution
with a (1×1) sized filter to compress the channels dimension
after performing the layer convolution, resulting in an output
of size N, the original length of the input vector.
One problem of simply applying the weighted difference
between variables is that the weighted sum of the convolutions would have different value depending on the order
they are executed, since a − b 6= b − a. Thus, to avoid
this, the difference is followed by an absolute value layer,
making the relationship indifferent to the order that a pair
is presented. However, by taking the absolute value the
information of the sign of the variables is lost. In the product
of variables, sign in Table I, the result of the operation will
be positive if the operands have the same sign or negative
if they have different signs. This apparent complementarity
was the motivation that led us to test the sign metric and
combine it with other metrics.
III. E XPERIMENTAL R ESULTS
In this section, we explain the protocol of our experiments,
discuss the face verification task, the models and considered
datasets. Then, we present and discuss our results.
A. Experimental Setup
We use the following two datasets in our face verification
experiments, mainly for their ubiquity and ease of use.
The first is the Labeled Faces in the Wild (LFW) [18],
which is the de-facto academic test set for face verification.
We follow the standard protocol for unrestricted, labeled
outside data and report the mean classification accuracy,

Table II
ACCURACY OBTAINED IN L ABELED FACES IN THE W ILD WHEN USING
THE FEATURE MAP OBTAINED FROM LAYER pool5 WITH DIFFERENT
METRICS . T HE + SIGN INDICATES CONCATENATION OF METRICS .
Metric
Name
LCC
L1
Sign
L1 + Sign
χ2
L1 + Sign + LCC

Mean
Accuracy
95.15
90.83
90.75
96.32
96.39
96.48

Confidence
Interval90%
[94.51, 95.79]
[90.34, 91.32]
[89.92, 91.58]
[95.78, 96.85]
[95.70, 97.08]
[95.91, 97.05]

and the standard error of the mean. It consists of a 10-fold
cross validation protocol, where each fold has 600 samples
with balanced labels. The second is the Youtube Faces
Database (YTF) [19], a dataset that has gained popularity in
face recognition being used by [5] and [20]. The YTF setup
is similar to LFW, but instead of verifying pairs of images,
pairs of videos are used. It is also a 10-fold protocol, but
each fold has 500 label balanced samples. Its images are
usually of a smaller resolution than LFW.
Regarding implementation details, when comparing two
faces in the verification task, this yields a similarity metric,
which is a numeric value. It is then necessary to choose
a threshold which is used to classify a pair of samples as
belonging to the same identity or not, given this similarity.
In our case, the similarity is constrained in the [0, 1] domain,
due to the output of a sigmoid neural node and we simply
choose the median of the domain as the threshold, i.e., 0.5.
B. Results and Discussion
Table II shows the performance of the different metrics.
According to the results, the χ2 is able to achieve good
results when employed alone. However, experimentally we
note that its combination with other metrics did not have
a positive effect. In comparison, the L1 and Sign metrics,
although showing a lower accuracy, when combined showed
an reasonable improvement, indicating that the information
of each metric is indeed, complementary to one another.
The Locally Connected (LCC) metric also obtained a good
result alone. Finally, the combination of L1 + Sign + LCC
yielded the best result of the metrics with 96.48% mean
accuracy. Other combinations were experimented, omitted
due to space limitations.
Regarding our hypothesis that previous layers can provide
better results, Tables III and IV reinforce that the complexity
and specialization of the model increases with depth, and
that is the reason we observe a worse result in the final
layer fc7 on both datasets. For the LFW, we note that the
best result was with the pool5 layer and the result was
gradually degrading, this layer is probably the one with
most suitable patterns for the LFW and the successive layers
are too specific to the VGGFaces domain. This correlation
between depth and generalization/specification is probably a

Table III
ACCURACY OBTAINED WHEN USING DIFFERENT FEATURES (L ABELED
FACES IN THE WILD ). L1 + Sign METRIC USED .
Layer
Name
pool5
fc6
fc7

Mean
Accuracy
96.32
94.63
93.13

Confidence
Interval90%
[95.78, 96.85]
[93.95, 95.32]
[91.74, 93.69]

Rank
1
2
3

ACCURACY OBTAINED WHEN USING DIFFERENT FEATURES (YOUTUBE
FACES ). L1 + Sign METRIC USED .
Mean
Accuracy
91.00
93.12
91.54

Confidence
Interval90%
[89.55, 92.45]
[92.45, 93.79]
[90.67, 92.41]

Method
Name
FaceNet [20]
DeepFace [5]
Ours

Mean
Accuracy
99.63 ± 0.09
97.35 ± 0.25
96.65 ± 0.34

Confidence
Interval90%
[99.58, 99.68]
[96.90, 97.81]
[96.03, 97.27]

Table VI
S TATE - OF - THE - ART C OMPARISON (YOUTUBE FACES ).

Table IV

Layer
Name
pool5
fc6
fc7

Table V
S TATE - OF - THE - ART C OMPARISON (L ABELED FACES IN THE W ILD ).

Rank
3
1
2

characteristic of purely sequential models such as VGG16
and we believe this corroborates with the hypothesis of Huan
et al. [7] that connecting a layer to multiple successive layers
is also a form of regularization. We hypothesizes it as being
a distribution of complexity across layers of all depths.
Our best result in LFW is presented in Table V. It was
obtained by using the metric L1+Sign+LCC together with
the concatenation of two feature vectors, one obtained from
LBP [23] and the other from pool5 as defined previously.
Our result was a mean accuracy of 96.65, and although
this number does not outperform the one from the work
of Taigman et al. [5], a unpaired T-Test [24] with 90%
Confidence shows that the confidence interval of the difference of these two means contains the zero, therefore,
they are not statistically different. To our advantage, our
results was obtained with a simpler approach, as we do
not use of their 3D alignment called frontalization and we
also use a model for deep features that was trained on a
smaller number of samples. Regarding Schroff et al. [20],
our result is statistically inferior, they employ a Triplet
Loss network that learns a projection in which same pairs
are closer regarding the second order minkowski distance
and not-same pairs are far apart. On the other hand, our
deep feature models use much fewer samples than them
and also do not require a careful selection of the triplet
to be presented to the model. Therefore, with much less
complexity and computation, careful selection of a layer
feature map and simple variable metrics, our approach was
statistically equivalent.
In the Youtube Faces, our best result achieved a mean
accuracy of 93.12%, as presented in Table VI. Our method
is statistically superior to that of Taigman et al. [5], even
though we use fewer samples and a simpler face alignment
technique. This is a valid example that careful consideration
of which layer to use in another dataset can be a valid
transfer learning technique.
In Table VI, in the third row, we see that our method,

Method
Name
FaceNet [20]
DeepFace [5]
VGG [17]
Ours

Mean
Accuracy
95.12 ± 0.39
91.40 ± 1.1
91.6
93.12 ± 0.34

100%
- EER
91.4
92.8
93.22

Confidence
Interval90%
[94.89, 95.35]
[90.76, 92.04]
[92.45, 93.79]

through this careful layer selection, outperformed the results
(without triplet-loss embedding), of the model originally
trained on the VGGFaces dataset, which we use to extract
deep features. That is, by picking a different layer of the
model trained on the VGGFaces we obtained better results.
IV. C ONCLUSIONS
We presented accurate results on the task of face verification with a simple method of transfer learning, consisting of
a careful choice of which layer of a neural network to extract
feature maps. Our result outperformed Taigman et al. [5]
in one benchmark (YTF) and was statistically equivalent
in another (LFW). Their work was the first work to have
human comparable results on this task, and they relied on a
3D alignment, frontalization. Our simpler model does no
frontalization and also uses fewer samples to learn deep
features. Finally, we believe that model fine-tuning, although
able to yield improved results is not a hard requirement for
transfer learning. In addition, we have showed experimental
evidence that it is possible to adapt a model trained on one
dataset to another through simple layer selection and with
small additional computing cost.
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