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本研究室ではコンピュータビジョンを軸に、画像認識のための基礎的な手法の研
究から応用のためのシステム提案・ユーザ評価まで、ユーザとのインタラクショ
ンを含めた全体論的な視野から知能システムの研究に取り組んでいます。

視線推定とユーザ理解
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Figure 2: Spatial weights CNN for full-face appearance-based gaze estimation. The input image is passed through multiple
convolutional layers to generate a feature tensor U . The proposed spatial weights mechanism takes U as input to generate
the weight map W , which is applied to U using element-wise multiplication. The output feature tensor V is fed into the
following fully connected layers to – depending on the task – output the final 2D or 3D gaze estimate.

spatial weighting is two-fold. First, there could be some
image regions that do not contribute to the gaze estimation
task such as background regions, and activations from such
regions have to be suppressed for better performance. Sec-
ond, more importantly, compared to the eye region that is
expected to always contribute to the gaze estimation perfor-
mance, activations from other facial regions are expected to
subtle. The role of facial appearance is also depending on
various input-dependent conditions such as head pose, gaze
direction and illumination, and thus have to be properly en-
hanced according to the input image appearance. Although,
theoretically, such differences can be learned by a normal
network, we opted to introduce a mechanism that forces the
network more explicitly to learn and understand that different
regions of the face can have different importance for estimat-
ing gaze for a given test sample. To implement this stronger
supervision, we used the concept of the three 1! 1 convo-
lutional layers plus rectified linear unit layers from [28] as
a basis and adapted it to our full face gaze estimation task.
Specifically, instead of generating multiple heatmaps (one to
localise each body joint) we only generated a single heatmap
encoding the importance across the whole face image. We
then performed an element-wise multiplication of this weight
map with the feature map of the previous convolutional layer.
An example weight map is shown in Figure 2, averaged from
all samples from the MPIIGaze dataset.

4.1. Spatial Weights Mechanism

The proposed spatial weights mechanism includes three
additional convolutional layers with filter size 1!1 followed
by a rectified linear unit layer (see Figure 2). Given activation
tensor U of size N!H!W as input from the convolutional
layer, where N is the number of feature channels and H and
W are height and width of the output, the spatial weights
mechanism generates a H ! W spatial weight matrix W .

Weighted activation maps are obtained from element-wise
multiplication of W with the original activation U with

Vc = W "Uc, (1)

where Uc is the c-th channel of U , and Vc corresponds to
the weighted activation map of the same channel. These
maps are stacked to form the weighted activation tensor V ,
and are fed into the next layer. Different from the spatial
dropout [28], the spatial weights mechanism weights the
information continuously and keeps the information from
different regions. The same weights are applied to all feature
channels, and thus the estimated weights directly correspond
to the facial region in the input image.

During training, the filter weights of the first two con-
volutional layers are initialized randomly from a Gaussian
distribution with 0 mean and 0.01, and a constant bias of 0.1.
The filter weights of the last convolutional layers are initial-
ized randomly from a Gaussian distribution with 0 mean and
0.001 variance, and a constant bias of 1.

Gradients with respect to U and W are

!V

!U
= !W , (2)

and

!V

!W
=

1

N

N!

c

!Uc. (3)

The gradient with respect to W is normalised by the total
number of the feature maps N , since the weight map W
affects all the feature maps in U equally.

4.2. Implementation Details

As the baseline CNN architecture we used AlexNet [14]
that consists of five convolutional layers and two fully con-
nected layers. We trained an additional linear regression
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