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Introduction: 3D facial shape analysis was challenged by the high-dimensional complexity of the facial morphology.
Recently, geometric deep learning technigues have become state-of-the-art methods for dimensionality of 3D shapes.

We thus apply these techniques to facial shape analysis, exploring facial changes Leorr (532, )
related to a target attribute (t) but not being confounded by other biases (s). R ;.

\ Estimatorepe aepe/
Method: We applied the convolution strategy ‘ y
from SpiralNet++ [1], and proposed the X EnCOdeer Decoder |X
projection-wise disentangling approach, which /)‘ﬁum) = Bee |L,,. (X: X)
couples a vector direction with the target while 5 TI—— e DOy

being iIndependent to biases (via L.,., FIQ.
1b). Here Corr(.,.) is the Pearson correlation Ocnc » Ogec, By argmin Ligine = Lyec +ALcors
coefficient which ranges between [—1, 1] (a) (b)

Lcorr(t, S; zp) = ‘Cor’r(zp, s)‘ — n‘Corr(zp, t)‘ L...X; X' = HX — X’I‘

Fig. 1: a) The convolution operation on a spiral; b) The proposed projection-wise disentanglement strategy;

. . . P = (p1,02,p3)
A vector direction In the latent space can be represented by P = [p4,p,,...,pn| @S a linear Z: d.\ — .71 + DoZs + PaZa

combination of the basis vectors (Fig. 2). Let D™ = [z¢,z9, ..., z4] (d datapoints) be the latent

representations of the input data. For each datapoint, d = |74, z,, ..., z,| IS ItS latent
representations, and z, = d *P/ [|P|| = (p; z; + pyz, + -+ przy)/ ||P|| can be viewed as a scalar

projection of d onto vector P (Fig. 2 ). When sampling along P, z,, changes and this change Is
correlated to t while independent to s.

Fig. 2: P = [pq, py, ... P | Fepresents a vector in latent space (n = 3).
d is the latent representation of a datapoint.

Results:.

Disentanglement (Fig 4): We investigated the relation between gender, height and BMI.

When analyzing one of the attributes, the other two were considered as biases.

Vector T. a vector direction capture facial changes related to a target attribute, without bias mitigation.
Vector S: a vector direction capture facial changes related to a bias.

Vector P: a vector direction searching by L., , capturing facial changes related to a target attribute, but
being independent to the bias. P can be viewed as the projection of T onto the plane orthogonal with S

Reconstruction:

BMI 15.09 15.84 16:59 17.35 18.10 18.85 19.60 20.36 21.10 21.86

Fig. 3: Left: input face;
Middle: reconstructed face;
Right: reconstruction error.

Fig. 4: a) illustration of vector T, S and P; b) Disentanglement for BMI. 15t row: disentanglement along T; 2"? row: disentanglement along P.

Features visualization: Gender (Male -> Female) BMI (15.09 -> 21.86) Height (135 -> 150cm)
25 125 0Omm 125 2.5 50 7-2.5 Omm 2.5 50 50 2.5 Omm 2.5 50

Fig. 5 provides visualizations of the facial features by
computing difference heatmaps between the first
and the last frame in Fig 4b. The vector T captured
all features related to the target, whereas P captured
the features that only related to the target and
iIndependent to biases. For gender, the result of P Is

similar to that of T because gender Is nearly | P | | |
: : : Fig. 5: Visualizations of facial features. Red and blue areas refer to inner and outer facial changes
unbiased by height and BMI in the dataset. towards the geometric center of the 3D face, respectively.

However, since BMI and height are positively correlated in our dataset, the similar heatmaps for the BMI and height
disentanglement in T indicate that it captured common facial features for the two tasks, and thus failed to disentangle the
confounding bias. In contrast, P learned a target-specific representation, showing a strong correlation to the target attribute and
without being confounded by other (bias) attributes.
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