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1 Details of Experiments

Hyperparameter settings For training all the
models, we use two possible learning rates 0.001 and
0.0001. For the MDN, MLP and CGM-VAE, we use 4
hidden layers with the same number of hidden nodes
(500 or 1000) in all the layers. For LBN, we use two
deterministic hidden layers with linear activation func-
tion same as Dauphin and Grangier (2015) and 500 or
1000 nodes; we also use two stochastic layers with the
same number of nodes with sigmoid activation func-
tions following Dauphin and Grangier (2015). We try
two possible minibatch sizes of 100 and 200. For the
models which need the number of mixture components
(i.e., CGM-VAE and MDN), we select this number
from the set {1, 3, 5, 10}. Finally, for the CGM-VAE
model, we choose the dimension of the latent variable
from {2, 20}. We choose the best hyperparameter set-
ting based on the variational lower bound of the held-
out dataset.

Baselines We choose a set of reasonable baselines
that can cover related models in both domains of mul-
timodal prediction and automatic photo enhancement.
As mentioned in Section 2, literature on the automatic
photo enhancement can be divided into two main cat-
egories of models: 1) parametric methods which typi-
cally minimize an MSE loss: MLP and MDN baselines
capture these methods, and 2) nonparametric meth-
ods that are not reasonable baselines for us since their
proposed edits are destructive (e.g., Lee et al., 2015)
or do not benefit from other users’ information (e.g.,
Koyama et al., 2016). We also add LBN as a strong
baseline since it has been shown that it can outperform
the MDN and other standard multimodal prediction
baselines (Dauphin and Grangier, 2015) .
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Splitting the datasets We split each dataset into
random subsets of train, validation and test in a way
that for all three datasets (i.e., casual, frequent and
expert users) we have subsets with reasonable sizes.
Larger training sets may result in non-representative
validation and test sets for our small dataset (i.e., ex-
pert users), and larger test and validation sets may
result in non-representative training set for the same
dataset. The ratio that we used is just one way for
having a reasonable size subsets; however, we showed
for these random subsets and across all three datasets
and for three different evaluation metrics our approach
outperforms all the other baselines significantly.

To apply the P-VAE model to the experts dataset, we
split the image-slider combinations from each of the
5 experts into groups of 50 image-sliders and pretend
that each group belongs to a different user. This way
we can have more users to train the P-VAE model.
However, this means the same expert may have some
image-sliders in both train and test datasets. The sig-
nificant advantage gained in the experts dataset might
be due in part to this way of splitting the experts. Note
that there are still no images shared across train and
test sets.
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Figure 1: Image 4876 from Adobe-
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Figure 3: Image 4889 from Adobe-MIT5k dataset
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Figure 4: Image 4910 from Adobe-MIT5k dataset
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Figure 5: Image 4902 from Adobe-MIT5k dataset
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Figure 6: Image 4873 from Adobe-MIT5k dataset
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Figure 7: Image 4882 from Adobe-MIT5k dataset



Multimodal Prediction and Personalization of Photo Edits with Deep Generative Models

SUOT)OIPAI]

syradxg

——cooo |1
T

ssaujySug
uoneinjeg
DURIQIA

Aurery
syoerq
SOMYM
SMope
SYBIYSTH

ssauySrrg
uoyeinjeg
dURIqIA
eiste)
syperg
SIHYM
BN smopeys
SIYSYSIH
jsenuod)
amsodxg
I o

amjeraduway,

ssauyySrrg
[ ] uoyeinjeg
dURIQIA
Lyurerd
syperg
SAYM
smopeyg
SIYSIYSIH
jsenuo)
amsodxg
L
amjeradway,

I
.
m

Original image
Avg. LAB error: 6.99

Figure 8: Image 4872 from Adobe-MIT5k dataset
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Figure 9: A sample user categorization from the P-VAE model (car image).
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Figure 10: A sample user categorization from the P-VAE model (similar photos with dominant blue colors).
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Figure 11: A sample user categorization from the P-VAE model (flowers).
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