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1. Additional Experiments

This supplementary material extends the experimental
section of our main paper with two additional experiments.
The first experiment reports the fitting accuracy of the 5 al-
gorithms described in our paper (PIC and AIC for AAMs,
RLMS for CLMs and PIC-RLMS and AIC-RLMS for our
Unified approach) given different amounts of training data.
The second experiments reports the accuracy of the same
five algorithms on the challenging problem of deformable
face tracking in-the-wild.

1.1. Accuracy vs amount of training data

In this experiment, we compare the accuracy of the two
Unified fitting algorithms (PIC-RLMS and AIC-RLMS)
against the accuracy of existing AAMs (PIC and AIC) and
CLMs (RLMYS) fitting strategies when all models are trained
using different amounts of training data. We combine the
training images of the LFPW [2] and Helen [4] datasets with
half of the images from the AFW [5] and iBUG [ 1] datasets
(66 points ground truth landmark annotations were again
provided by the iBUG group') to create a training dataset
of approximately 3000 training images. We train all models
using 64, 128, 256, 512, 1024 and all training images and
report their respective fitting accuracy on a test dataset con-
taining the test images of the LFPW and Helen datasets and
the remaining halves of the AFW and iBUG datasets.

Results for this experiment are provided in Figure 1. The
proposed AICRLMS algorithm is consistently the most ac-
curate algorithm. The difference in accuracy is small (but
noticeable) with respect to PIC-RLMS and AIC for small
amount of training data (up to 256). For medium and large
amounts of training data (from 512) AIC-RLMS substan-
tially outperforms all other methods. Note that AIC-RLMS
(and to a certain extend PIC-RLMS) is also the only method
for which fitting accuracy always improves given greater
amounts of training data (the accuracy of AIC picks at 1024
training images and decreases afterwards while the accu-
racy of RLMS remains constant after 1024 training images).
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1.2. Deformable face tracking in-the-wild

This experiments compares the accuracy of the two Uni-
fied approaches (PIC-RLMS and AIC-RLMS) against the
accuracy of AAMs (PIC and AIC) and CLMs (RLMS) in
the challenging problem of deformable face tracking in-the-
wild. To this end, we manually annotated 5 sequences of the
Youtube Celebrities dataset [3] (approximately 950 frames)
with the 66 points mark-up scheme used in the previous ex-
periments. The Youtube Celebrities database is an in-the-
wild face dataset that contains videos of celebrities appear-
ing on different TV shows. The length of most of the se-
quences is less than 3 seconds. For each method, we use the
most accurate model in Experiment 1.1. For all algorithms
the first frame of each sequence is initialized by aligning the
mean shape with the ground truth shape; subsequent frames
use the tracking result obtained from the previous frames as
their initialization.

Quantitative results for this experiments are provided
in Figure 2 (tracking statistics are only provided for those
methods capable of tracking whole sequences without reini-
tialization.). Visual comparisons between the results ob-
tained by each method, on five selected frames of each
tracking sequence, are shown in Figures 3, 4, 5, 6 and
7. Figure 2 shows how AIC-RLMS and RMLS are the
only two methods capable to successfully tracking all five
sequences without reinitialization. Note, however, that
AIC-RLMS is much more accurate than RMLS for all se-
quences. Overall, AIC-RLMS is the most accurate and ro-
bust method (notice that PIC-RLMS is slightly more accu-
rate for Sylvester Stallone’s sequence).
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Figure 1: Mean normalized point to point error graph and fitting statistics for all methods given different amounts of training
data. Note that the column “Conv” refers to the percentage of images for which the final error was smaller than the initial
one.
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(e) Sylvester Stallone’s sequence.

Figure 2: Mean normalized point to point error graphs and tracking statistics for all methods
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Figure 3: Selected fitted frames from Angelina Jolie’s first sequence for all methods.
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Figure 4: Selected fitted frames from Angelina Jolie’s second sequence for all methods.
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Figure 5: Selected fitted frames from Adam Sandler’s sequence for all methods.
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Figure 6: Selected fitted frames from Bruce Willis’ sequence for all methods.
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Figure 7: Selected fitted frames from Sylvester Stallone’s sequence for all methods.



