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1. Structure of this document

In the document we first provide the details of our
method, which were missing due to the lack of space in
the main paper. Later we will provide more qualitative and
some quantitative results for further analysis. A section that
continues the discussion of the paper is also introduced.

2. Gaussian model loss

Besides losses ﬁ({ls (eq. 10) and Ly;, (eq. 11), to com-

plete the loss terms of the Gaussian model we have:
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Therefore, the final loss is:
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3. More implementation and training details

In this section we will first give more details about the
implementation of the linear model and then we will pass to
the experimental evaluations .

GANmut. The learnable vector 6. was encoded through
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practice, samples from S. were conditioned with code
2 = (6.,p) = p * v.. Additionally, to make more robust
the learning process, Gaussian noise of standard deviation
equal to 0.1 was added to Z, before to pass it to the gen-
erator. GGANmut. mu, = tanh(w.) was randomly ini-
tialized with default Pytorch settings, (i.e., w. was sampled
from U(+/0.5,1/0.5)). 6. was initialized with 0, and o2,
with 1. Training. The same training strategy of StarGan
was adopted: Adam with 5; = 0.5 and 52 = 0.999, five
discriminator updates every one of the generator, a batch
size of 16 samples, a linear weight decay to O in the last
100K iterations and image augmentation. The GPUs farm
used included Titan X, Titan Xp , GTX 1080 Ti. The num-
bers of iterations performed in 1 day varied between 130K
and 250K, depending on the GPU and on the method.

4. Classification Error

As the authors of StarGAN evaluate quantitatively their
method based on the classification accuracy obtained by
the generated images, we replicate here the test. We again
used the VGG trained on AffectNet. To obtain the results,
for each emotion ¢ we conditioned all the images of the
test set. For GANmut we have taken the conditional code
z = (0.,1), for GGANmut z = ., and for SMIT we condi-
tioned on ¢, sampling new random noise each time. Results
are shown in table 1. As it can be seen, real images present
expressions much more ambiguous then generated ones.

5. Why FED score for GGANmut is so high?

The left plot of Figure 1 may suggest why GGANmut,
conditioned on emotion means . (plus some small random
noise, as in the evaluation settings) have a FED score much
higher then the other methods. In particular, as one can
notice, its VGG-features distribution clearly clusters in 7
groups. These clusters are likely to represent the 7 categor-
ical emotions. Hence GGANmut manages, if conditioned
on means, to produce intense expressions that are more eas-
ily classifiable than competitors. This is confirmed also by
results in table 1. However, spontaneous expressions are of-



Neutral | Happy | Sad | Surprised | Fearful | Disgusted | Angry
Real 76.4 93.4 57.8 | 46.0 46.4 304 57.2
StarGAN 92.6 96.1 96.9 | 95.4 94.7 95.1 95.8
GANmut 87.8 99.2 96.5 | 91.6 87.5 77.4 97.9
GGANmut 95.8 99.6 99.9 | 99.1 97.6 97.8 99.5
GANimation | 78.4 96.4 76.0 | 76.0 59.7 52.4 79.6
SMIT 87.4 98.7 87.5 | 855 80.0 78.8 84.6

Table 1: Classification accuracy of generated images with different method. Real is the classification error of real images,

using as ground truth the test set annotation.

Figure 1: t-SNE plots of VGG features extracted from im-
ages generated by GGANmut (blue) and from real images
(orange) . Left: Conditioning around models of mean ..
Right: conditioning uniformly selected samples from Z.

ten less intense and recognisable, reason for which we think
the FED score is higher then other methods. On the other
hand, if we condition sampling from the entire Z, complex
emotions, mixing up 4 basic emotion, will be generated.
These expressions, albeit realistic, are even less common,
further increasing the FED score (see right plot of Figure
1). Hence, what penalizes GGANmut in the FED test, it is,
actually, its strength. In other words, its ability to reproduce
the desired emotion as shown from ERE score (Table 2 of
the main paper) and classification error (Table 1 ).

6. More qualitative results

We present more qualitative results for the Gaussian
model. In Figure Figure 2 and Figure 3, we created expres-
sions that are difficult to classify inside only one categorical
emotion. In Figure 4 we show how the model manage to
create different emotion nuances by slight expression mod-
ification. And in Figure 5 we show that our model, (taking
different conditional codes z; and z2) can produce differ-
ent expressions even if the label distributions p,, and p,,
are practically the same. More qualitative results of our
two models, in comparison with the state-of-the-art meth-
ods, are shown in Figure 6, 7, 8. In Figure 9, 10, 11, we
provide more samples synthesized by our linear model. As
it can be noticed, with a lower p emotions are vague, and
expression change smoothly. With p = 1 emotions become
more intense, and expression may change sharply.

7. StarGAN v2

We attempted to produce multiple expressions for the
same categorical label using StarGAN-v2. However, as
shown in Figures 12 and 13, the method fails to leverage
random styles to produce different expressions. This is the
reason why we adopted SMIT as our baseline. Note that the
StarGAN-v2 was not originally designed for emotion ma-
nipulation. Further discussion in this regard can be found in
the related works of our paper.

8. Discussion

We observed that the ambiguous supervision of chal-
lenging AffectNet dataset — that involves plethora of spon-
taneous emotions — leads the existing methods to perform
poorly. Furthermore, attention-based methods are observed
to create artifacts for non-frontal and occluded faces. This
particularly turns out to be the case when GANimation,
which was originally designed for AU-based control, is
trained for categorical emotions. The quality may have been
further degraded due to the unreliable annotations of Af-
fectNet. A similar argument can also be made in regard
to SMIT. After all, both the original designs aim at some-
what a different goal (please refer to the related works of
our paper). The user study is avoided as we observe that
the proposed method is clearly better than the competitors
in almost all the cases. Please, refer to more qualitative
results provided in the supplementary materials. On other
small scale datasets, when we tested our method, although
a similar behaviour was observed, the achieved improve-
ments were not very prominent. We believe, this is due
to the fact that the existing small scale datasets are either
non-representative of the spontaneous emotions or are not
large enough to model the complex gamut of human emo-
tions. Note that, when the proposed method is restricted,
by avoiding intensity and fusion search, it becomes very
similar to StarGAN. Therefore, our method can always per-
form at least as good as the StarGAN. Our desire to model
spontaneous emotions and associated issues with the labels
makes the AffectNet our ideal candidate. We refrain to re-
port the results of our method on small and controlled (or



curated by avoiding the ambiguous emotions) datasets, as
we think that may distract readers from our original intent of
modeling spontaneous emotions. Moreover, the presented
results are obtained for the most challenging (from the data
availability point of view) setup.
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Figure 2: Expression generated using the Gaussian model. In the first column it is provided the label distribution associated
with the used conditional code. These images are representative to the complex emotions, which may not be easily classified
to basic categorical emotions.



Figure 3: Expression generated using the Gaussian model. In the first column it is provided the label distribution associated
with the used conditional code. These images are representative to the complex emotions, which may not be easily classified
to basic categorical emotions.
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Figure 5: Expressions generated with the Gaussian model.
Different conditional codes, associated with the same label
distribution, can produce different expressions.

0
Neutral Happy ~Sad Surprised Fear Disgust Angry

Figure 4: Expressions generated with the Gaussian model.
Even though the expression are pretty similar, they convey
different emotional nuances.
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Figure 6: Images synthesized by different methods. Top: basic categorical emotions synthesized by StarGAN, SMIT, and
GANimation. Randomize emotions form emotion gamut using our methods: GANmut (middle) and GGANmut (bottom).



StarGAN StarGAN

GANimation GANimation

Figure 7: Images synthesized by different methods. Top: basic categorical emotions synthesized by StarGAN, SMIT, and
GANimation. Randomize emotions form emotion gamut using our methods: GANmut (middle) and GGANmut (bottom).
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Figure 8: Images synthesized by different methods. Top: basic categorical emotions synthesized by StarGAN, SMIT, and
GANimation. Randomize emotions form emotion gamut using our methods: GANmut (middle) and GGANmut (bottom).
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Figure 9: Wheel of emotion generated by the GANmut. It was set p; = 0.6.
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Figure 10: Wheel of emotion generated by the GANmut. It was set p; = 0.4, and py = 1.
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Figure 11: Wheel of emotion generated by the GANmut. It was set p; = 0.4, and ps = 1



Figure 12: Happy expressions generated with StarGAN-v2. The first row is the input. Different rows correspond to different
random styles.
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Figure 13: Fearful expressions generated with StarGAN-v2. The first row is the input. Different rows correspond to different
random styles.



