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In this supplementary file, we provide the following materials:

– Detailed architecture of the synthesis network (referring to Section 3.2 in the
main paper);

– More visual comparisons of different methods on video frame interpolation
(referring to Section 4.2 in the main paper);

– More visual comparisons of different methods on face aging (referring to
Section 4.4 in the main paper);

– More visual comparisons of different methods on face toonification (referring
to Section 4.4 in the main paper);

– More visual comparisons of different methods on image morphing (referring
to Section 4.4 in the main paper);

– A demo video to demonstrate the continuous image conversion results of our
method.

1 Synthesis Network

We employ a GridNet architecture [4] with three rows and six columns as the
synthesis network to improve the final transition results. We incorporate para-
metric rectified linear units [5] to improve the training and use bilinear upsam-
pling to avoid checkerboard artifacts [12]. We do not use Batch Normalization
[6] by following the recent findings in image enhancement tasks [8]. The detailed
architecture is presented in Fig. 1.

2 Experiments on Video Frame Interpolation

This section shows more visual results of competing methods on the video frame
interpolation task. As in the main paper, we compare our SDL method with
SepConv [11], SuperSloMo [7], CAIN [3], EDSC [2], DAIN [1], and BMBC [14].
The visual comparisons are presented in Fig. 2. One can see that our method
generates superior results with fine details and edge structures.
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Fig. 1. The architecture of our synthesis network.

3 Experiments on Face Aging

This section shows more visual results of competing methods on continuous
face aging. As in Section 4.4 in the main manuscript, the methods StyleGAN2
backpropagation [17], SAVI2I [10], Lifespan [13] and DNI [18] are used in the
comparison. Fig. 3 presents the visual comparisons on face aging. It can be seen
that SDL achieves favorably better results than the competitors.

4 Experiments on Face Toonification

As in Section 4.4 of the main manuscript, We compare our SDL with Pinkney
et al. [16] and SAVI2I [10] on face toonification. Fig. 4 shows the visual com-
parisons, demonstrating the superior performance of our method on continuous
face toonification.

5 Experiments on Image Morphing

In this section, we compare SDL with StyleGAN2 backpropagation [17], Cross-
Breed [15], SAVI2I [10] and FUNIT [9] on image morphing. As presented in
Fig. 5, SDL achieves smooth morphings with more vivid details and works much
better on retaining image background.
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a 																						 b 																										 c 																									 d 																									 e 																								 f 																							 g 																								 h

Fig. 2. Visual comparison of competing methods on the Vimeo90K test set. (a) Sep-
Conv [11]; (b) SuperSloMo [7]; (c) CAIN [3]; (d) EDSC [2]; (e) DAIN [1]; (f) BMBC
[14]; (g) SDL; (h) Ground truth.
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Fig. 3. Comparison of SDL with competing methods on continuous face aging. For each
example, from top to bottom are the results by SDL, StyleGAN2 backpropagation [17],
SAVI2I [10], Lifespan [13] and DNI [18].
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Fig. 4. Comparison of SDL with competing methods on continuous face toonification.
For each example, from top to bottom are the results by SDL, Pinkney et al. [16] and
SAVI2I [10].
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Fig. 5. Comparison of SDL with competing methods on image morphing. For each
example, from top to bottom are the results by SDL, StyleGAN2 backpropagation
[17], CrossBreed [15], SAVI2I [10], and FUNIT [9].
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