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1. Overview
We present additional quantitative and qualitative results

to show the benefits of our method against existing state of
the art.

2. Additional Quantitative Results
2.1. Improvement across Image Resolutions

With high resolution imagery becoming more and more
common, there will be an increasing need for algorithms
which can process images of high quality. In Fig. 1, we
compare the improvement in overall AUC by switching to
our method when compared to DLIB [4], and FAN [1] as
the resolution of the input image increases. At lower resolu-
tions, the improvement though present is negligible. How-
ever, as the resolution of the input increases to 1K and be-
yond, the benefits of switching to our method substantially
increase.

2.2. Regional Metrics

Our region based refinement results in an improvement
in the quality of the predicted landmark for every consid-
ered region. In Fig. 2, we present the PCK and NME metric
measured region-wise for resolutions ranging from 256 x
256 pixels to 2048 x 2048 pixels. As seen in the figure, our
method improves results in every region across all resolu-
tions.

3. Additional Qualitative Results
3.1. Visualizing regional refinement

A primary difference of the proposed method against
existing multi-stage convolutional architectures are the re-
gional refinement modules. Conventionally, multi-stage ar-
chitectures [1, 6, 5, 2] feed the predictions from the previous

Figure 1. The benefit of our method increases with the resolution
of the input image. At resolutions as low as 256 x 256, our method
remains comparable to FAN [1]. However, a higher resolutions,
we significantly outperform existing methods.

stage as an additional input to the current stage, while also
holistically considering the entire face as one region. While
such stacking can also be performed with our architecture
(see the ablation study in section 4.4 in the main paper), we
only pass regional crops of the high resolution image to the
regional hourglass modules. The predictions made by these
regional hourglass are of much higher precision than those
made by our global model. In Fig. 3 and Fig. 4, we visu-
alize the predictions of our global and regional models on
different expressions of a test subject.



3.2. Performance across viewpoints

It is well known that the performance of facial landmark
detectors is view dependent. As existing databases consist
of more images of people in frontal views as compared to
profile views, methods such as [3] perform pose-based data
balancing to obtain consistent performance across many dif-
ferent viewpoints. Since our training data was already pose
balanced, we did not have to explicitly perform such data
pre-processing. In Fig. 5 and Fig. 6, we compare the per-
formance of DLIB [4], a 4 stage hourglass [1] and our
method for two expressions from 4 different viewpoints.
Our method obtains the lowest MSE for both expressions
in all 4 viewpoints.

3.3. Performance across expressions

Finally, in Fig. 7, Fig. 8, Fig. 9, Fig. 10, and Fig. 11, we
show qualitative comparisons of DLIB [4], the 4 stage hour-
glass [1] and our method for many different expressions of
a test subject. Our method results in the least MSE for all
expressions.
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Figure 2. Percentage Correct Keypoints (PCK) and Normalized Mean Error (NME) are measured individually for different regions of the
face for resolutions ranging from 256 x 256 to 2048 x 2048 (Resolutions increase a factor of 2 from top (256 x 256 pixels) to bottom (2048
x 2048 pixels)). Inside each row, metrics for individual regions of the face are presented (Eyes - top left, Nose - top right, Mouth - bottom
left and Overall - bottom right)
.



Figure 3. Landmarks shown in black and cyan correspond to predictions by our global and regional models respectively. These results
highlight the effectiveness of the regional models on making highly precise predictions.



Figure 4. This is a continuation of Fig. 3, showing the corrections made by the regional modules on the remaining expressions of the same
subject.



Figure 5. We compare the predictions of DLIB [4], a 4 stage hourglass [1] and our method, for 4 different viewpoints of a test subject. Our
method obtains the lowest mean squared error in every viewpoint.



Figure 6. In this figure, we show qualitative comparisons for 4 different viewpoints of a different test subject. Like Fig. 5, our method
results in the lowest mean squared error.



Figure 7. In this figure, we show qualitative comparisons for different expressions of a test subject.



Figure 8. This is continuation of Fig. 7 showing qualitative comparisons across expressions.



Figure 9. This is continuation of Fig. 7 showing qualitative comparisons across expressions.



Figure 10. This is continuation of Fig. 7 showing qualitative comparisons across expressions.



Figure 11. This is continuation of Fig. 7 showing qualitative comparisons across expressions.


