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This supplemental material provides

A. details of the proposed network architecture and
B. complete visualization of our synthetic experiments.

A Details of the proposed network architecture

Figure[S1]illustrates the architecture of the proposed encoder network, including
the omitted part in Fig. 3 in the main paper. The shared-MLP layer indepen-
dently embeds each element of the input sample set sj, into d,, dimension ones,
which are then fed into the multi-head attention layer.

B Complete visualization of our synthetic experiments

Although overall our method achieves better synthesis than baseline methods,
from Table 1 in the main paper, the baseline method (i.e., STT [1]) can some-
times generate slightly better BTFs in terms of the PSNR metric, especially in
the cases with small 3. To visually compare the results thoroughly, Figs
show the visualizations of all results shown in Table 1 in the main paper.

Figure shows an example where STT [1| produces results with higher
average PSNR than ours. Although STT performs better in the quantitative
metric, the degradation in later frames is noticeable (see the difference in color
between GT and STT’s result in Fig. for example). STT’s high accuracy is
basically due to its better PSNR in the first frames, where both methods produce
visually satisfactory results.

The degradation by the baseline method becomes significant when f is large,
i.e., there is a large gap between the source and target materials. In such cases,
STT struggles to accurately reflect the target material from the first frame (see
Fig. for example), while ours achieves high PSNR consistently regardless of
the value of 3.
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Fig. S1: Detailed architecture of the proposed encoder. The multi-head attentions use
8 heads.
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Fig. S2: Visual results for the synthetic temporal model 1 with

0:0.
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Fig. S3: Visual results for the synthetic temporal model 1 with

=0:05.



Title Suppressed Due to Excessive Length 5
Target Frame O Frame 7 Frame 14 Frame 21 Frame 28 Frame 35
[0}
e
>
o
(2]
Frame O Frame 7 Frame 14 Frame 21 Frame 28 Frame 35
—
0}
0
>
]
41.2 415 41.0 415 425 421
=
'_
'_
2]
48.2 45.9 41.8 37.9 34.8 32.4
PSNR over time
0:1.

Fig. S4: Visual results for the synthetic temporal model 1 with =0:6 and
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Fig. S5: Visual results for the synthetic temporal model 1 with

=0:15.
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Fig. S6: Visual results for the synthetic temporal model 1 with
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Fig. S7: Visual results for the synthetic temporal model 1 with

0:0.
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