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Abstract

The key challenge of face recognition is to develop effective feature repre-
sentations for reducing intra-personal variations while enlarging inter-personal
differences. In this paper, we show that it can be well solved with deep learning
and using both face identification and verification signals as supervision. The
Deep IDentification-verification features (DeepID2) are learned with carefully
designed deep convolutional networks. The face identification task increases the
inter-personal variations by drawing DeepID2 features extracted from different
identities apart, while the face verification task reduces the intra-personal
variations by pulling DeepID2 features extracted from the same identity together,
both of which are essential to face recognition. The learned DeepID2 features
can be well generalized to new identities unseen in the training data. On the
challenging LFW dataset [11], 99:15% face verification accuracy is achieved.
Compared with the best previous deep learning result [20] on LFW, the error rate
has been significantly reduced by 67%.

1 Introduction

Faces of the same identity could look much different when presented in different poses, illumina-
tions, expressions, ages, and occlusions. Such variations within the same identity could overwhelm
the variations due to identity differences and make face recognition challenging, especially in
unconstrained conditions. Therefore, reducing the intra-personal variations while enlarging the
inter-personal differences is a central topic in face recognition. It can be traced back to early
subspace face recognition methods such as LDA [1], Bayesian face [16], and unified subspace



classes, while verification is to classify a pair of images as belonging to the same identity or not
(i.e. binary classification). In the training stage, given an input face image with the identification
signal, its DeepID2 features are extracted in the top hidden layer of the learned hierarchical nonlinear
feature representation, and then mapped to one of a large number of identities through another
function g(DeepID2). In the testing stage, the learned DeepID2 features can be generalized to other
tasks (such as face verification) and new identities unseen in the training data. The identification
supervisory signal tends to pull apart the DeepID2 features of different identities since they have to
be classified into different classes. Therefore, the learned features would have rich identity-related
or inter-personal variations. However, the identification signal has a relatively weak constraint on
DeepID2 features extracted from the same identity, since dissimilar DeepID2 features could be
mapped to the same identity through function g(�). This leads to problems when DeepID2 features
are generalized to new tasks and new identities in test where g is not applicable anymore. We solve
this by using an additional face verification signal, which requires that every two DeepID2 feature
vectors extracted from the same identity are close to each other while those extracted from different
identities are kept away. The strong per-element constraint on DeepID2 features can effectively
reduce the intra-personal variations. On the other hand, using the verification signal alone (i.e. only
distinguishing a pair of DeepID2 feature vectors at a time) is not as effective in extracting identity-
related features as using the identification signal (i.e. distinguishing thousands of identities at a
time). Therefore, the two supervisory signals emphasize different aspects in feature learning and
should be employed together.

To characterize faces from different aspects, complementary DeepID2 features are extracted from
various face regions and resolutions, and are concatenated to form the final feature representation
after PCA dimension reduction. Since the learned DeepID2 features are diverse among different
identities while consistent within the same identity, it makes the following face recognition easier.
Using the learned feature representation and a recently proposed face verification model [3], we
achieved the highest 99:15% face verification accuracy on the challenging and extensively studied
LFW dataset [11]. This is the first time that a machine provided with only the face region achieves an
accuracy on par with the 99:20% accuracy of human to whom the entire LFW face image including
the face region and large background area are presented to verify.

In recent years, a great deal of efforts have been made for face recognition with deep learning
[5, 10, 18, 26, 8, 21, 20, 27]. Among the deep learning works, [5, 18, 8] learned features or
deep metrics with the verification signal, while DeepFace [21] and our previous work DeepID
[20] learned features with the identification signal and achieved accuracies around 97:45% on
LFW. Our approach significantly improves the state-of-the-art. The idea of jointly solving the
classification and verification tasks was applied to general object recognition [15], with the focus on
improving classification accuracy on fixed object classes instead of hidden feature representations.
Our work targets on learning features which can be well generalized to new classes (identities) and
the verification task.

2 Identification-verification guided deep feature learning

We learn features with variations of deep convolutional neural networks (deep ConvNets) [12].
The convolution and pooling operations in deep ConvNets are specially designed to extract visual
features hierarchically, from local low-level features to global high-level ones. Our deep ConvNets
take similar structures as in [20]. It contains four convolutional layers, with local weight sharing
[10] in the third and fourth convolutional layers. The ConvNet extracts a 160-dimensional DeepID2
feature vector at its last layer (DeepID2 layer) of the feature extraction cascade. The DeepID2
layer to be learned are fully-connected to both the third and fourth convolutional layers. We use
rectified linear units (ReLU) [17] for neurons in the convolutional layers and the DeepID2 layer.
An illustration of the ConvNet structure used to extract DeepID2 features is showk.





Table 1: The DeepID2 feature learning algorithm.

input: training set � = f(xi; li)g, initialized parameters �c, �id, and �ve, hyperparame-
ter �, learning rate �(t), t 0

while not converge do
t t+ 1 sample two training samples (xi; li) and (xj ; lj) from �
fi = Conv(xi; �c) and fj = Conv(xj ; �c)

r�id = @Ident(fi;li;�id)
@�id

+
@Ident(fj ;lj ;�id)

@�id
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4 Experiments

We report face verification results on the LFW dataset [11], which is the de facto standard test set
for face verification in unconstrained conditions. It contains 13; 233 face images of 5749 identities



Figure 3: Face verification accuracy by varying
the weighting parameter �. � is plotted in log
scale.

Figure 4: Face verification accuracy of DeepID2
features learned by both the the face identification
and verification signals, where the number of
training identities (shown in log scale) used for
face identification varies. The result may be
further improved with more than 8192 identities.

Figure 5: Spectrum of eigenvalues of the inter- and intra-personal scatter matrices. Best viewed in
color.

personal variations, distinguishing different identities becomes difficult. Therefore the performance
degrades significantly.

Figure 6 shows the first two PCA dimensions of features learned with � = 0, 0:05, and +1,
respectively. These features come from the six identities with the largest numbers of face images in
LFW, and are marked by different colors. The figure further verifies our observations. When � = 0
(left), different clusters are mixed together due to the large intra-personal variations, although the
cluster centers are actually different. When � increases to 0:05 (middle), intra-personal variations
are significantly reduced and the clusters become distinguishable. When � further increases towards
infinity (right), although the intra-personal variations further decrease, the cluster centers also begin
to collapse and some clusters become significantly overlapped (as the red, blue, and cyan clusters in
Fig. 6 right), making it hard to distinguish again.

4.2 Rich identity information improves feature learning

We investigate how would the identity information contained in the identification supervisory signal
influence the learned features. In particular, we experiment with an exponentially increasing number



Figure 6: The first two PCA dimensions of DeepID2 features extracted from six identities in LFW.

Table 2: Comparison of different verification signals.

verification signal L2 L2+ L2- L1 cosine none

L2 norm (%) 94.95 94.43 86.23 92.92 87.07 86.43
Joint Bayesian (%) 95.12 94.87 92.98 94.13 93.38 92.73

identifying a large number (e.g., 8192) of identities is key to learning effective DeepID2 feature
representation. This observation is consistent with those in Sec. 4.1. The increasing number of
identities provides richer identity information and helps to form DeepID2 features with diverse inter-
personal variations, making the class centers of different identities more distinguishable.

4.3 Investigating the verification signals

As shown in Sec. 4.1, the verification signal with moderate intensity mainly takes the effect of



Table 3: Face verification accuracy with DeepID2 features extracted from an increasing number of
face patches.

# patches 1 2 4 8 16 25

accuracy (%) 95.43 97.28 97.75 98.55 98.93 98.97
time (ms) 1.7 3.4 6.1 11 23 35

Table 4: Accuracy comparison with the previous best results on LFW.

method accuracy (%)

High-dim LBP [4] 95:17� 1:13
TL Joint Bayesian [2] 96:33� 1:08
DeepFace [21] 97:35� 0:25
DeepID [20] 97:45� 0:26
GaussianFace [13] 98:52� 0:66
DeepID2 99:15� 0:13

Figure 7: ROC comparison with the previous best results on LFW. Best viewed in color.

To further exploit the rich pool of DeepID2 features extracted from the large number of patches, we
repeat the feature selection algorithm for another six times, each time choosing DeepID2 features
from the patches that have not been selected by previous feature selection steps. Then we learn
the Joint Bayesian model on each of the seven groups of selected features, respectively. We fuse the
seven Joint Bayesian scores on each pair of compared faces by further learning an SVM. In this way,
we achieve an even higher 99:15% face verification accuracy. The accuracy and ROC comparison
with previous state-of-the-art methods on LFW are shown in Tab. 4 and Fig. 7, respectively. We
achieve the best results and improve previous results with a large margin.

5 Conclusion

This paper have shown that the effect of the face identification and verification supervisory signals
on deep feature representation coincide with the two aspects of constructing ideal features for face
recognition, i.e., increasing inter-personal variations and reducing intra-personal variations, and the
combination of the two supervisory signals lead to significantly better features than either one of
them. When embedding the learned features to the traditional face verification pipeline, we achieved
an extremely effective system with 99:15% face verification accuracy on LFW. The arXiv report of
this paper was published in June 2014 [19].
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