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Abstract

Predicting face attributes from web images is chal-
lenging due to background clutters and face variations.
A novel deep learning framework is proposed for face
attribute prediction in the wild. It cascades two CNNs (LNet
and ANet) for face localization and attribute prediction
respectively. These nets are trained in a cascade manner
with attribute labels, but pre-trained differently. LNet is pre-
trained with massive general object categories, while ANet
is pre-trained with massive face identities. This framework
not only outperforms state-of-the-art with large margin,
but also reveals multiple valuable facts on learning face
representation as below.

(1) It shows how LNet and ANet can be improved
by different pre-training strategies. (2) It reveals that
although filters of LNet are fine-tuned by attribute labels,
their response maps over the entire image have strong
indication of face’s location. This fact enables training
LNet for face localization with only attribute tags, but
without face bounding boxes (which are required by all de-
tection works). With a novel fast feed-forward scheme, the
cascade of LNet and ANet can localize faces and recognize
attributes in images with arbitrary sizes in real time. (3)
It also demonstrates that the high-level hidden neurons of
ANet automatically discover semantic concepts after pre-
training, and such concepts are significantly enriched after
fine-tuning. Each attribute can be well explained by a
sparse linear combination of these concepts. By analyzing
such combinations, attributes show clear grouping patterns,
which could be well interpreted semantically.

1. Introduction

Face attributes, such as expression, race, and hair style,
are beneficial for many applications such as image tagging
[19] and face verification [12]. Predicting face attributes
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errors on attributes by existing approaches. (b) Our LNet localizes
face regions by averaging the response maps of attribute filters.
ANet predicts attributes without face alignment.

from images on the web is challenging, because of large
background clutters and face variations, such as scale, pose,
and illumination, as shown in Fig.1. Existing methods
[12,2, 1, 15, 26] for attribute recognition first detect faces
and their landmarks, and then extract high-dimensional
features, such as HOG [3] or LBP [17], from image patches
centered on landmarks. These features are concatenated to
train classifiers.

Although this pipeline is suitable for controlled envi-
ronment, it has drawbacks when dealing with web images.
It heavily depends on the precision of face and landmark
detections, which are not reliable in web images. Fig.1
(a) shows the results of state-of-the-art face detection [14]
and alignment [22] and the attribute predictions of HOG
(landmark)+SVM on challenging images. Most of them fail
because features are extracted at wrong landmark positions.
Face detection also has ambiguity. In the third image of
Fig.1 (a), the face detector confuses the cat face and the
human face, as they appear similarly in the HOG space.

This work proposes a novel deep learning framework
for face attribute prediction in the wild, and its novelty
are in three aspects. Firstly, it does not rely on face
and landmark detection. Instead, it cascades two CNNs,
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Figure 2. Face localization by attributes.

in which one (LNet) to locate face region and the other
(ANet) to extract high-level face representation from the
entire located face region (without landmarks) for attribute
prediction. Training LNet and ANet is in a weakly super-
vised manner, i.e. only attribute tags of training images are
provided. This is fundamentally different from training face
and landmark detectors, where face bounding boxes and
landmark positions are needed. It makes the preparation
of training data much easier. LNet and ANet are first pre-
trained differently and then jointly trained with attribute
labels.

Secondly, different pre-training and fine-tuning strate-
gies are designed for LNet and ANet. Different from train-
ing face detectors with positive (face) and negative (non-
face) samples, LNet is pre-trained by classifying massive
general object categories. Thus, its pre-trained features
have good generalization capability on handling various
background clutters. LNet is then fine-tuned by predicting
attributes. Features learned by attribute prediction can
capture rich face variations and are effective for face
localization. It also can better distinguish subtle differences
between human faces and analogous patterns, such as
a cat face. ANet is pre-trained by classifying massive
face identities, to obtain discriminative face representation.
Then it is fine-tuned by the attribute prediction task.

Thirdly, to make face localization and attribute predic-
tion realtime, a fast feed-forward scheme is proposed. It
evaluates web image with arbitrary size. If filters are
globally shared, this can be done by convolving images
with filters. It becomes non-trivial if the filters are locally
shared, while studies [24, 23] showed that locally shared
filters perform better in face related tasks. This is solved by
proposing an interweaved operation.

Besides proposing new methods, our framework also
reveals valuable facts on learning face representation. They
not only motivate this work but also benefit future research
on face and deep learning.

(1) It shows how supervised pre-training with massive
object categories and massive identities can improve fea-
ture learning of LNet and ANet for face localization and
attribute recognition, respectively.

(2) It demonstrates that although filters of LNet are fine-
tuned by attribute prediction, their response maps over the
entire image have strong indication of face’s location. Good
features for face localization should be able to capture rich
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face variations, and more supervised information on these
variations improves the learning process. To understand,
one could consider the examples in Fig.2. If only a single
detector [14, 16] is used to classify all the positive and neg-
ative samples in Fig.2 (a), it is difficult to handle complex
face variations. Therefore, multi-view face detectors [8]
were developed in Fig.2 (b), i.e. face images in different
views are handled by different detectors. View labels were
used in training detectors and the whole training set is
divided into subsets according to views. If views are treated
as one type of face attributes, learning face representation
by predicting attributes with deep models actually extends
this idea to extreme. As shown in Fig.2 (c), a filter (or
a group of filters) functions as a detector of an attribute.
When a subset of neurons are activated, they indicate the
existence of face images, which have a particular attribute
configuration. The neurons at different layers can form
many activation patterns, implying that the whole set of face
images can be divided into many subsets based on attribute
configurations, and each activation pattern corresponds to
one subset (e.g. ‘pointy nose’, ‘rosy cheek’, and ‘smiling’).
Therefore, it is not surprising that filters learned by attribute
prediction lead to effective representations for face localiza-
tion. By simply averaging and thresholding response maps,
good face localization is achieved.

(3) This framework also discloses that the high-level hid-
den neurons of ANet after pre-training implicitly learn and
discover sematic concepts that are related to identity, such
as race, gender, and age. These concepts are significantly
expanded after fine-tuning for attribute classification. This
fact indicates that when a deep model is pre-trained for face
recognition, it is also implicitly learning attributes. The
performance of attribute prediction drops without the pre-
training stage. With this strategy, each face attribute is well
explained by a sparse linear combination of these sematic
concepts. By analyzing the coefficients of such combina-
tions, attributes show clear grouping patterns, which could
be well interpreted semantically.

The main contributions are summarized as follows.
(1) We propose a novel deep learning framework for face
localization and attribute prediction. Two cascaded CNNs
are trained in a weakly supervised manner, which makes
it easier to prepare training data from web images. Its
fast feed-forward scheme can evaluate on web image of
arbitrary size. It achieves state-of-the-art attribute classi-
fication results on both the challenging CelebFaces [23]
and LFW [9] datasets, improving existing methods by
8 and 13 percent, respectively. (2) Our study reveals
multiple valuable facts on leaning face representation by
deep models. (3) We also contribute a large facial attribute
database, consisting of over two hundred thousand images,
each of which is annotated with 40 attributes. It has more
than eight million attribute labels and is 20 times larger than
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Figure 3. The proposed pipeline of attribute inference.

the largest publicly available dataset.

2. Related Work

Attribute Inference by Hand-crafted Features Ex-
tracting hand-crafted features, such as HOG [3], LBP [17],
and GIST [18], at pre-defined landmarks is a standard
step in attribute recognition. Farhadi et al. [6] combined
HOG and color histogram to train logistic regression for
object search and tagging based on attributes. Kumar et al.
[12] extracted HOG-like features on various face regions
to tackle attribute classification and face verification. To
improve the discriminativeness of hand-crafted features
given a specific task, Bourdev et al. [2] built a three-level
SVM system to extract higher-level information. Berg et
al. [1] combined various hand-crafted features to obtain an
intermediate representation for a particular domain.

Attribute Inference by Deep Models Recently, deep
learning methods [20, 5, 26, 25, 10] achieved great success
in attribute inference, due to their ability to learn compact
and discriminative features. Razavian et al. [20] and
Donahue et al. [5] demonstrated that off-the-shelf features
learned by the Convolutional Network (CNN) of ImageNet
[10] can be effectively adapted to attribute classification.
Zhang et al. [26] showed that better performance can be
achieved by ensembling learned features of multiple pose-
normalized CNNs. Specific network structures have also
been designed for attribute prediction. Luo et al. [15]
introduced a deep sum-product architecture to account for
occlusion during attribute inference. The main drawback
of the above methods is that they heavily rely on accurate
landmark detection and pose estimation in both training
and testing steps. Even though a recent work [25] can

perform automatically part localization during testing, it
still requires landmark annotations of the training data.

3. Our Approach

Framework Overview The process of attribute infer-
ence consists of four stages by cascading LNet,, LNet,, and
ANet. In the first stage, given a face image x,, with arbitrary
size, x, € R™*" LNet, calculates a response map h(()5),
which indicates a location of head-shoulder, as shown in
Fig.3 (a). x, is then combined with hg5) to crop the region
of head-shoulder, denoted as x,. Fig.3 (b) presents the
second stage, where LNet, utilizes x, as input and outputs
a response map th), which designates a region of face.
Similarly, h(f) is combined with x to locate the face region
Xy. Note that the high responses (red) in these maps of
LNet, and LNet; mainly correspond to the head-shoulder
and face, demonstrating that they are robust to background
clutter. The above two stages are cascaded to propose face
location in a coarse-to-fine manner. In the third stage shown
in Fig.3 (c), ANet is applied on the face region x to extract

response map h;4). FC is a fully-connected layer to classify
attributes y. High responses in these maps are associated
to different facial components, implying that ANet is able
to capture subtle face differences, such as shapes of lips and
eyebrows. In the last stage as illustrated in Fig.3 (d), several
candidate windows are selected to pool the feature vectors
by FC. Then these features are concatenated as h, to train
linear classifier for attribute recognition.

More specifically, the network structures of LNet, and
LNet, are the same as shown in Fig.3 (a) and (b), which
stack two max-pooling and five convolutional layers (C1 to
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Figure 4. (a) Pruning responses when multiple faces are presented.
(b) Our feature extraction scheme can handle large face transla-
tion.

C5) with globally shared filters. These filters are recurrently
applied at every location of the image and are able to
account for large face translation and scaling. ANet stacks
four convolutional layers (C1 to C4), three max-pooling
layers, and one fully-connected layer (FC), where the filters
at C1 and C2 are globally shared, while the filters at C3
and C4 are locally shared. As shown in Fig.3 (c), the
response maps at C2 and C3 are divided into grids with
non-overlapping cells, each of which learns different filters.
The locally shared filters have been proved effective for
face related problems [24, 23], because they can capture
different information from different face parts. The network
structures are specified in Fig.3. For instance, the filters
at C1 of LNet, has 96 channels and the filter size in each
channel is 11 x 11 x 3, as the input image x,, contains three
color channels.

3.1. Coarse-to-fine Face Localization

Both of LNet, and LNet, have five convolutional layers,
each of which utilizes the output of the previous layer as
input and is formulated as

h*® = relu(p*® + Y "k hu ) (1)

where relu(z) = max(0, z) is the rectified linear function
[10] and * denotes the convolution operator. h*(—1) and
hv(®) stand for the u-th input channel at the [ — 1 layer and
the v-th output channel at the [ layer, respectively. kv*()
and b*® denote the filters and bias. For instance, each
output channel v of h'?) is achieved by hl® = relu(bv®) +
381 kvu) « hv®), » = 1,2, ..., 256. The max-pooling
operations at C1 and C2 partition the feature maps into grid
with overlapping cells, which are formulated as

h'") — nY . 2
i3 = ypmax bl @

Here, ; ;) indicates the cell with index (i, j) and (p, ) is
a position index within €2. The maximum value is pooled
over each small cell as expressed in Eqn.(2).

After we obtain the response map, for example h((,5), an
important issue is how to crop the patch of head-shoulder
from x,. A simple solution is cropping the region with
the responses in h((f') larger than a threshold. However,
difficulty exists when multiple faces are presented, such that
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Figure 5. Illustration of the interweaved operation.

we may have multiple regions with evenly high responses,
as shown in Fig.4 (a.1). Therefore, we devise an fast density
peak identifying technique. Similar to [21], it calculates a

special geodesic distance for each position 7 in hf;”);

d; = \/p? + 02 3)

where p; is the density intensity in position i, o; =
min;., >, (5:) and s;; is the spatial distance between
position ¢ and position j. o; measures its distance to the
nearest position which has a larger density intensity. Then
the density peaks are identified by selecting extreme large
d;. This process can be further accelerated, as h(()5) is sparse.
Fig.4 (a.2) outlines the picks of the density map. We can
propose the correct window by cropping the region with the
highest density. Note that the face image x; can be cropped
in a similar fashion as above.

3.2. Feature Extraction

ANet utilizes the estimated face region x; as input. As
shown in Fig.3 (c), the filters of C1 and C2 in ANet are
globally shared and can be formulated in the same way as
Eqn.(1) and (2). The locally shared filters at C3 and C4 are
learned to capture different local information in the specific
facial regions (cells). For example, the highlighted cells in
purple and black (Fig.3 (c)) are corresponded to left eye and
left mouth corner respectively. These locally shared filters
can be formulated as

v(l v(l vu(l u(l—1
b,y = relu(,) + kG <), @)
where (p,q) is the cell index. However, as shown in
Fig.3 (c), the estimated face region x; is not well-aligned,
because of the large variation presented in the web image.
If we simply apply Eqn.(4), the subsequent face features
may contain noise. A simple solution is to densely crop
image patches and apply ANet on each of them, but there
are redundant computations (e.g. C1 and C2). Therefore,
we propose interweaved operation, which can account for
misalignment without cropping multiple patches.

To better visualize the process, the network structure
of C2, C3 and C4 is again illustrated in Fig.5 (a), where
each filter in C3 corresponds to four local regions in C2.



These regions can be overlapped. And the same relationship
applies between C4 and C3. For clarity, we consider four
filters k(lg), k(23), ké3) and kf’) in C3 and one filter k(14) in
C4. We assume there is only one channel.

After obtaining response map h(?) in C2, we apply each
filter in C3 using Eqn.(1) to the entire response map h®),
resulting in the response maps hgg), hgg), hgg) and hf),
as shown in Fig.5 (b). In the next step, we need to apply
k§4) to these maps. Difficulty exists because filters in C3
have spatial relationship. For instance, the response of k§3)

should be at the left hand side of kg?’). To compensate
for these geometric constrains, the interweaved map of

C3, hgiier, is constructed as depicted in Fig.5 (c), where
responses in the same cell are padded together.

Then, the feature map of C4 is calculated as standard

convolution using Eqn.(1) as h§4) = relu(k§4) * hgi)ter).
Similarly, we could get feature maps hz(-4) for other locally
shared filters in C4.

Since we assume filters in C4 have one channel, the
redundant parts in h§4) are filter responses at other possible
spatial positions. To find desired position, we construct
interweaved map hl(-i)ter of C4 to preserve geometric con-
straint and search for its maximum component:

h® = argmax  max
Q(i,” v(p)Q)eQ(i‘j)

{hgiier(Q(I,J))} (5)

The whole process could be viewed as implicitly com-
bining different part detectors (locally shared filters) under
geometric constrains (interweaved operation) to facilitate
accurate localization. Fig.4 (b.1-4) demonstrate misaligned
faces could be localized. Then we properly crop and
pool at different positions to generate multiple views of
h®). It could further suppress residual misalignment and
achieve size fit for fully connected layer. Feeding these
multi-view response maps into FC would lead to multi-
view representations of face region. We concatenate all
multi-view representations together to obtain the final face
representation h,,.

4. Learning Algorithms

We introduce the pre-training and fine-tuning methods
for LNet,, LNets, and ANet, respectively. Since the
convolutional structures of LNet, and LNet, are the same,
their filters are initialized by a single network, denoted
as LNet+, which is trained with massive general object
categories. Then LNet, and LNet, are fine-tuned separately
by face attributes on full image x, and head-shoulder xg,
respectively. ANet is pre-trained by large amount of face
identities and then fine-tuned by face attributes on x ;.

Pre-training of LNet+ We adopt 1,000 general object
categories, following the ImageNet Large Scale Visual

Recognition Challenge (ILSVRC) 2012 [4], where 1.2 mil-
lion training images and 50 thousands validation images are
released. Each image has image-level annotation, indicating
whether an object is presented or not. All these data are
employed for pre-training except one third of the validation
data for choosing hyper-parameters. The convolutional
structures (C1 to C5) of LNet+ is designed in the same way
as LNet, and LNet;. We add two fully-connected hidden
layers on top of C5 in order to improve the non-linearity for
classification. This is inspired by AlexNet [10] for object
recognition. As a result, LNet+ contains five convolutional
layers, two fully-connected layers of 4096 dimensions, and
one fully connected layer of 1000 dimensions, indicating
the probabilities of the presences of object categories. Fol-
lowing previous works [10], we augment data by cropping
ten patches from each image, including one patch in the
center and four patches at the corners, and their horizontal
flips. We adopt the softmax loss to pre-train LNet+, which
can be optimized by stochastic gradient descent (SGD) with
back-propagation [13].

Pre-training of ANet ANet is pre-trained using eight
thousand face identities, selecting from the CelebFaces [23]
dataset, where each identity has around twenty images.
We have over 160 thousand images in total. We follow
[23] to preprocess and augment these data. A simple
way to train ANet is done by classifying eight thousand
classes, using the softmax loss as above. However, this
problem is challenging because the number of samples of
each identity is limited to maintain the intra-class invari-
ance. To improve intra-class invariance, we employ the
similarity loss similar to [23, 7]. This loss decreases the
distances between samples of the same identity. We have
L=y =y, I () = f(1;)]3, where /(T;) and f(T;)
denote the features vector of the i-th and j-th samples
respectively, and y; = y; indicates the identities of these
samples are the same. In summary, ANet is pre-trained by
combining the softmax loss and the similarity loss.

Fine-tuning All the filters of LNet, and LNet; are
initialized by LNet+ after pre-training. Then LNet,, LNet,,
and ANet are fine-tuned by attribute classification, where
LNet, adopts the full image x, as input, LNet; uses
the the image of head-shoulder x as input, while ANet
employs the estimated face region xy as input. Similar
to the pre-training of LNet+, we add two fully-connected
layers to both LNet,, and LNet,, where the weight matrices
are initialized randomly. We adopt the cross-entropy loss
to solve attribute classification for these nets, i.e. L =
S (i log p(yilLi) + (1 — yi) log(1 — p(yilL:))). where
p(yi = c|li) = Trapryay is the sigmoid function. It
can be optimized by the SGD with back-propagation [13].



Figure 6. (a) Examples of LNet response maps. (b) Some failure cases.

5. Experiments

Large-scale Data Collection To evaluate the proposed
approach, we construct two face attribute datasets, namely
CelebA and LFWA, by labeling images selected from two
challenging face datasets, CelebFaces [23] and LFW [9].
CelebA contains ten thousand identities, each of which has
twenty images. There are two hundred thousand images in
total. LFWA has the same scale of LFW, which contains
5, 749 identities with totaly 13,233 images. Each image in
CelebA and LFWA is annotated with forty face attributes
and five key points by a professional labeling company. In
summary, CelebA and LFWA have over eight million and
five hundred thousand attribute labels respectively.

We partition CelebA into three parts, including a subset
to pre-train and fine-tune ANet, a subset to train SVM for
attribute prediction, and the remaining subset for testing.
More precisely, the images of the first eight thousand identi-
ties (i.e. 160 thousand images) are used to pre-train and fine-
tune ANet and the images of another one thousand identities
(i.e. twenty thousand images) are employed to train SVM.
The images of the remaining one thousand identities (i.e.
twenty thousand images) are used for testing. For the
LFWA, we partition the data into half for training and half
for testing. Specifically, 6,263 images are adopted to train
SVM and the remaining images for testing. To further
exam whether the proposed approach can be generalized
to unseen attributes, we manually label 30 more attributes
for the testing images, denoted as LFWA+. The attributes
presented in LFWA+ do not appear in LFWA.

Methods for Comparisons The proposed method is
compared with three competitive approaches, including
FaceTracer [1 1], PANDA-w [26], and PANDA-1 [26]. The
first method extracts HOG and color histogram on several
important functional face regions and then trains SVM for
attribute classification. To enable it to evaluate on web
image, we calculate these functional regions referring to
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Figure 7. (a) Comparisons of face localization performances. (b)

The effectiveness of pre-training LNet.

the ground truth landmark points. The last two methods
based on PANDA [26], which was proposed recently for
human attribute recognition by ensembling multiple CNNss,
each of which extracts features from a well-aligned human
part. These features are concatenated to train SVM for
attribute recognition. It is straight forward to adapt this
method to face attributes, since face parts can be well-
aligned by landmark points. Here, we consider two settings,
PANDA-w and PANDA-I. The former one obtains the face
parts by applying the state-of-the-art face detection [14]
and alignment [22] on the wild image, while the latter one
attains the face parts by ground truth landmark points. To
allow a fair comparison, all the above methods are trained
using the same data as the proposed approach.

5.1. Effectiveness of the Framework

This section demonstrates the effectiveness of the frame-
work. All experiments are done on CelebA.

o LNet To show how pre-training improves face localiza-
tion, we compare LNet with pre-training and without pre-
training on the recall rates of face localization with respect
to different overlapping ratios. The results are provided in
Fig.7 (a), where shows that LNet (pretrain) significantly
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outperforms LNet (without-pretrain) by 74 percent when
the overlapping ratio equals 0.5. To further demonstrate its
effectiveness, we compare LNet (pretrain) with two state-
of-the-art face detectors, SURF [14] and DPM [16]. At
the 0.5 overlapping ratio, LNet (pretrain) archives recall
rate better than [14] and [16] by 23 and 11 percent,
respectively. Several response maps are given in Fig.7
(b), where illustrates the benefit of pre-training. Response
maps with pre-training generally are robust to background
clutters, existence of body parts and face variations. We also
demonstrate more response maps of LNet under different
circumstances in Fig.6 (a). Despite some failure cases
(Fig.6 (b)) due to extreme pose, large occlusion, and low
resolution, LNet accurately localize face regions in the wild.
More examples are provided in Fig.14.

o ANet We analyze ANet in three aspects.

Pre-training Discovers Semantic Concepts We show
that the pre-training of ANet can implicity discover seman-
tic concepts, which are related to face identity. To this
end, given a hidden neuron at the FC layer of ANet as
shown in Fig.3 (c), we partition the face images into three
groups, including the face images with high, medium, and
low responses at this neuron. The face images of each group
are then averaged to obtain the mean face. As illustrated in
Fig.8 (a), we visualize these mean faces for serval neurons.
Interestingly, these mean face changes smoothly from high
response to low response, following a high-level concept.
Human can easily assign each neuron a semantic concept

it measures (i.e. the text in yellow). For example, the
neurons in (a.1) and (a.4) correspond to ‘gender’ and ‘race’,
respectively. This effect reveals that the high-level hidden
neurons of ANet can implicitly learn to discover semantic
concepts, even though they are only optimized for face
recognition using identity information. We also observe that
most of these concepts are intrinsic to face identity, such as
the shape of facial components, age, gender, and race.

To better explain this phenomena, we compare accuracy
of attribute prediction using features at different layers of
ANet right after pre-training. They are FC, C4, and C3. The
forty attributes are roughly separated to two groups, which
are identity-related attributes, such as gender and age, and
identity-non-related attributes, for example attributes of
expressions, shapes, colors, and textures. We select some
representative attributes for each group and plot the results
in Fig.9, where shows that the features’ performance of
FC outperforms C4 and C3 in the group of identity-related
attributes, but they are relatively weak when dealing with
identity-non-related attributes. This is because the top layer
FC learns identity features, which are insensitive to face
variations.

Fine-tuning Expands Semantic Concepts In the above,
we show that the pre-training of ANet essentially discovers
semantic concepts related to identity. Here, as illustrated
in Fig.8 (b), we show that after fine-tuning, ANet can
expand these concepts to more attribute types. The last
five columns of Fig.8 (b) visualizes the neurons at the FC
layer, which are ranked by their responses in descending
order with respect to several test images. Similar to the
above, human can assign semantic meaning to each of these
neurons. We found that large number of new concepts
can be observed. Remarkably, these neurons express
diverse high-level meanings and cooperate to explain the
test images. The activations of all neurons are visualized
in the second column of Fig.8 (b), showing that they are
sparse. In some sense, the attributes presented in each test
image is explained by a sparse linear combination of these
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PANDA-1[26] | 88 | 78 | 81 | 79 | 96 | 92 | 67 | 75 | 85 | 93 | 86 | 77 | 86 | 86 | 88 | 98 | 93 | 94 | 90 | 86 | 97
LNets+ANet 91 | 79 | 81 | 79 | 98 | 95 | 68 | 78 | 88 | 95 | 84 | 80 | 90 | 91 [ 92 | 99 | 95 | 97 | 90 | 87 | 98
FaceTracer [11] | 70 | 67 | 71 | 65 | 77 | 72 | 68 | 73 | 76 | 88 | 73 | 62 | 67 | 67 | 70 | 90 | 60 | 78 | 88 | 77 | 84
LFwa | PANDA-w[26] | 64 | 63 | 70 | 63 | 82 | 79 | 64 | 71 | 78 | 87 | 70 | 65 | 63 | 65 | 64 | 84 | 65 | 77 | 86 | 75 | 86
PANDA-1[26] | 84 | 79 | 81 | 80 | 84 | 84 | 73 | 79 | 87 | 94 | 74 | 74 | 79 | 69 | 75 | 89 | 75 | 81 | 93 | 86 | 92
LNets+ANet 84 | 82 | 83 |83 | 88 | 88 | 75 | 81 | 90 | 97 | 74 | 77 | 82 | 73 | 78 | 95 | 78 | 84 | 95 | 88 | 94
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FaceTracer [11] | 87 | 91 | 82 | 90 | 64 | 83 | 68 | 76 | 84 | 94 | 89 | 63 | 73 | 73 | 89 | 89 | 68 | 86 | 80 81
Celeba | PANDA-w[26] | 82 | 83 | 79 | 87 | 62 | 84 | 65 | 82 | 81 | 90 | 89 | 67 | 76 | 72 | 91 | 88 | 67 | 88 | 77 79
PANDA-1[26] | 93 | 93 | 84 | 93 | 65 | 91 | 71 | 85 | 87 | 93 | 92 | 69 | 77 | 78 | 96 | 93 | 67 | 91 | 84 85
LNets+ANet 92 | 95 | 81 | 95 | 66 | 91 | 72 | 89 | 90 | 96 | 92 | 73 [ 80 | 82 | 99 | 93 | 71 | 93 | 87 87
FaceTracer [11] | 77 | 83 | 73 | 69 | 66 | 70 | 74 | 63 | 70 | 71 | 78 | 67 | 62 | 88 | 75 | 87 | 8L | 71 | 80 74
LFwa | PANDA-w[26] | 74 | 77 | 68 | 63 | 64 | 64 | 68 | 61 | 64 | 68 | 77 | 68 [ 63 | 85 | 78 | 83 [ 79 | 70 | 76 71
PANDA-I[26] | 78 | 87 | 73 | 75 | 72 | 84 | 76 | 84 | 73 | 76 | 89 | 73 | 75 | 92 | 82 | 93 | 86 | 79 | 82 81
LNets+ANet 82 | 92 | 81 |79 |74 | 84 |8 | 8 | 78|77 | 91|76 | 76 | 94 | 88 | 95 | 88 | 79 | 86 84
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Figure 10. Attribute grouping.

concepts. For instance, the first image is described by “a
lady with big bang, brown hair, pale skin, narrow eyes,
and high cheekbone”, which completely matches the human
perception.

Attribute Grouping Here we show that the weight
matrix at the FC layer of ANet can implicitly capture
relations between attributes. Each column vector of the
weight matrix can be viewed as a decision hyperplane to
partition the negatives and positive samples of an attribute.
By simply applying k-means to these vectors, the clusters
show clear grouping patterns, which can be interpreted
semantically. As shown in Fig.10, Group #1, Group #2 and
Group #4 demonstrate co-occurrence relationship between
attributes, e.g. ‘Attractive’ and ‘Heavy Makeup’ have high
correlation.  Attributes in Group #3 share similar color
descriptors, while attributes in Group #6 correspond to
certain texture and appearance traits.

Attribute-specific Region Discovery Different at-
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Wearing
Hat

Smiling

z

J M
Figure 11. Attribute-specific regions discovery.
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tributes capture information from different regions of face.
We show that ANet automatically learn to discover these
regions. Given an attribute, by inspecting the learned
weights and filters that have large influence to the firing
(prediction) of it, we can locate important region of this
attribute. Fig.11 shows some examples. The important
regions of some attributes are locally distributed, such as
‘Narrow Eyes’, ‘Big Nose’, and ‘Wearing Hat’, but some
are globally distributed, such as ‘Attractive’.

5.2. Attribute Prediction

Performance Comparison The classification accuracies
of attribute prediction are reported in Table 1. On CelebA,
the averaged classification accuracies of FaceTracer [11],
PANDA-w [26], PANDA-I [26] and our LNets+ANet are
81, 79, 85 and 87 percent respectively, while the cor-
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Figure 12. Performance comparison of FaceTracer [11], PANDA-
w [26], PANDA-1 [26] and LNets+ANet on LFWA+.

— LNets+ANet ——PANDA-]
CelebA LFWA LFWA+

B ——86
/ /
/ 80/ 82/

76 77
1k 3k 10k 1k 3k 10k 1k 3k 10k

Dataset Size

%
x

Accuracy
o0
&

o
[$]

Figure 13. Performances of different sizes of training dataset.

responding accuracies on LFWA are 74, 71, 81 and 84
percent. Our method outperforms PANDA-w by nearly 10
percent. Remarkably, even when PANDA-w is equipped
with ground truth bounding box and landmark positions,
our method still achieve 3 percent advantage. The strength
of our method is illustrated not only on fine-grained facial
traits, e.g. ‘Mustache’ and ‘Pointy Nose’, but also on
globally-perceived attributes, e.g. ‘Chubby’ and ‘Young’.
Neurons with various concepts help to represent and dis-
tinguish different human-namable semantics. We also
examine the case of providing ANet with the localized face
region, but without pre-training. The averaged accuracies
are 83 and 79 percent on CelebA and LFWA, which indicate
pre-training with massive facial identities is effective.

Performance on LFWA+ This experiment shows that
the proposed approach can be generalized to attributes,
which are not presented in the training stage. Fig.12
reports the results. LNets+ANet outperforms the other three
approaches (FaceTracer, PANDA-w and PANDA-]) by §, 10
and 3 percent on average, respectively. It demonstrates that
our method learns discriminative face representations and
has good generalization ability.

Size of Training Dataset We compare the attribute pre-
diction accuracy of the proposed method with the accuracy
of PANDA-I, regarding different sizes of training datasets.
Fig.13 demonstrates that our method performs well when
dataset size is small, but the performance of PANDA-1 drops
significantly.

Time Complexity For a 300 % 300 image, our method
takes 35ms to localize face region and 14ms to extract
feature in average on GPU. It has large potential in real-

world applications.

6. Conclusion

This paper has proposed a novel deep learning frame-
work for face attribute prediction in the wild. With carefully
designed pre-training strategies, our method is robust to
background clutters and face variations. We devise a new
feed forward technique for locally shared filters, which
enables evaluating image with arbitrary size in realtime. We
have also revealed several important facts about learning
face representation, which shed a light on new directions
of face detection and learning face representation.
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