
UP-FacE:
User-predictable Fine-grained Face Shape Editing

Supplementary Material

Florian Strohm∗,1,3 Mihai Bâce∗,2 Andreas Bulling3
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1. Full Implementation Details
Input to our Transformer encoder is the sequence of vectors
w+ ∈ R512×18 concatenated with the 512 dimensional se-
mantic face feature embedding extracted by the embedding
layer. The encoder consists of four Transformer encoder
layers with four self-attention heads [7] each. The output
of the Transformer is input to a linear layer that outputs the
semantic manipulation vector se. The scaling network takes
the current and target face feature values, mj and mt

j for a
feature j, and the feature’s embedding ej as input. It con-
sists of three linear layers with 32, 32, and one hidden u-
nit(s), respectively, with a ReLU activation function after
the first two linear layers and outputs the scaling value k.

To train UP-FacE, we generate data batches by sampling
random vectors z ∼ N (0, 1) from a standard normal dis-
tribution. We generate the corresponding vectors w+ and
images I using the mapping and synthesis network from
a pre-trained StyleGAN2 [2] model. For each image, we
sample a face feature index j we want to modify from a u-
niform distribution j ∼ U(0, 23). We also sample a desired
target feature value mt

j from a standard normal distribution
mt

j ∼ N (0, 1). Furthermore, we use the pre-trained SPIGA
landmark detector [4] to extract landmarks and calculate the
current face feature values mj for each generated image I .
Since we sample mt

j from N (0, 1) we normalise mj to fol-
low a standard normal distribution as well:

mj = mj − µj/σj , (1)

where µ and σ are the mean and standard deviation for all
face features j calculated on the FFHQ dataset, which our
StyleGAN2 model was pre-trained on. This ensures that our
defined semantic face features are normalised to the same
value range when calculating the loss. Using these generat-
ed data samples, we run UP-FacE to predict w+

edit. We then
use the StyleGAN2 synthesis network to generate Iedit and
the SPIGA landmark detector to extract the new landmarks
and calculate the predicted feature values mp

j . We calcu-
late the loss as defined in the main paper and propagate the
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gradients back through SPIGA and StyleGAN to update the
parameters of UP-FacE. We optimise UP-FacE for 105 step-
s using the Adam optimiser [3] with a learning rate of 2−5

and a batch size of 16. Through empirical testing, we set the
weighting scalars of the loss function to λpix = 1, λfeat = 3,
λSFF = 0.005, λreg = 0.1 and λcor = 1.

2. Face Feature Correlations

To understand how changing one semantic feature affects
others, we compute all 23 feature values for each face in
FFHQ [2]. We then estimate pairwise Pearson correlation-
s between all features. Figure 1 shows the full correlation
matrix. For visual clarity, we highlight only stronger corre-
lations in the printed values. Most high correlations occur
among width-related features, indicating that facial propor-
tions tend to scale jointly.

3. Interactive Face Editing Tool

Inspired by common digital character creation tools [1, 5],
we provide a slider-based interface for UP-FacE. Each of
the 23 semantic face features is controlled by one slider.
The interface is shown in Figure 2. When a slider changes,
UP-FacE performs a forward pass and updates the edited
face immediately. Because correlated features can change
jointly, we re-estimate feature values after each edit and up-
date related sliders. An anonymised video demonstration is
available at https://youtu.be/xSXAJP1M3ew.

4. Additional Editing Results

Figure 3 shows additional progressive edits with more ex-
amples. Figures 4 to 7 shows additional real-image edits
for all 23 semantic features. For each pair, the left image
is the original real face inverted into StyleGAN2 latent s-
pace [2, 6]. The right image is the edited result produced
by UP-FacE. We use strong edit magnitudes to make the
direction of each semantic edit clearly visible.
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Figure 1. Full Pearson correlation matrix of our 23 semantic face
features on FFHQ. Correlations with larger absolute magnitude
indicate feature pairs that naturally co-vary.

Figure 2. Slider-based user interface for UP-FacE. Users can per-
form fine-grained semantic edits by directly manipulating feature
sliders.
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Figure 3. Additional progressive editing examples with UP-FacE. Each row shows a longer edit sequence, providing more examples than
the corresponding figure in the main paper.



Figure 4. Additional real-image edits for our semantic features. Each pair shows an original inverted face (left) and the edited result (right).



Figure 5. Additional real-image edits for our semantic features. Each pair shows an original inverted face (left) and the edited result (right).



Figure 6. Additional real-image edits for our semantic features. Each pair shows an original inverted face (left) and the edited result (right).



Figure 7. Additional real-image edits for our semantic features. Each pair shows an original inverted face (left) and the edited result (right).


