Bokehlicious: Photorealistic Bokeh Rendering with Controllable Apertures

Supplementary Material

In the supplementary material, we first show the Aper-
ture Attention Block (AAB) used in the Residual Groups
(RGs) of our Bokehlicious architecture in Sec. A, then we
present the hyperparameter study of our method in Sec. B.
Next, Sec. C and Sec. D provide visualization of feature ac-
tivations within our network.

We also provide detailed descriptions of the benchmark-
ing methods and their training procedures in Sec. E.

Additional dataset samples with varying apertures are
shown in Sec. F. To align with standard single-aperture
practices, qualitative comparisons are presented in Sec. G,
along with results on the conventional EBB! Val294 [4]
benchmark in Sec. H and EBB400 [17] in Sec. I. We also
show the impact of loss proportions in Sec. J.

We compare our purely neural single-step approach to
controllable aperture bokeh rendering with previous multi-
step architectures. The full version of Tab. 5 showing the
performance at all apertures represented in RealBokeh is
provided in Sec. K. The uncropped versions of our qualita-
tive comparison in Fig. 7 can be found in Sec. L, with ad-
ditional qualitative samples in Sec. M. Examples of smooth
aperture control, interpolating between the known f-stops
from the training data, are shown in accompanying videos,
including application on smartphone images from [24] in a
zero-shot way.

Finally, we show additional comparisons on real-world
portrait photography in Sec. N, general real-world appli-
cations in Sec. O, and explore our potential in deblurring
scenarios in Sec. P, respectively.

A. Aperture Attention Block (AAB)
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Figure A. Diagram of the Aperture Attention Block (AAB) from
Fig. 4, it embeds our Aperture Aware Attention (AAA) mecha-
nism as described in Fig. 5 and sec 4.3. This block architecture
was adopted from Fan ez al. [6].

B. Hyperparameter Study

The results of our study on the effects of different hy-
perparameter choices within our proposed architecture are
shown in Fig. B. Here, a baseline configuration called
Bokehlicious-dev is used and marked in red. In particular,
it is implemented with a CNN width of 16 channels, four
Residual Groups, each containing five blocks with three
AAA heads on a 96-dimensional embedding.

For experiments a) - e), each configuration was trained
with crops of 384 x 384pz resolution on RealBokeh. The
experiment f) on the training resolution used RealBokehy;,.
All experiments were trained until convergence using Adam
with a learning rate of be — 4.

a) Embedding Dimensions: The dimension of the embed-
ding used by our transformer backbone has a significant im-
pact on the computational complexity of Bokehlicious. In-
terestingly, our architecture remains relatively robust when
using a very small embedding size such as 16.

b) CNN Width: The width of the CNN encoder and
decoder has a more limited effect on the computational
cost, compared to the dimension of the transformer embed-
ding. Likewise, our architecture is robust to thin CNN en-
coder/decoder modules.

¢) Number of Residual Groups: The computational com-
plexity of our method naturally scales linearly with the
number of groups. Our results indicate that Bokehlicious
should be implemented with at least two groups.

d) Number of Attention Blocks: Analogously to the num-
ber of groups, the computational complexity increases lin-
early. Our findings indicate that a minimum of three atten-
tion blocks per group is imperative to achieve satisfactory
output fidelity.

e) Number of Attention Heads: For a 96-dimensional em-
bedding, it is advisable to employ three or four attention
heads.

f) Training Resolution: Naturally, as a training patch needs
to include the full extent of a Bokeh blur kernel, our Bokeh-
licious architecture suffers massively when small training
sizes are used. The study suggests that this criterion is likely
to be satisfied at 384px or 512pz, as the enhancement be-
yond these resolutions is relatively small.

Based on the results of this study, we chose the parame-
ters of our proposed Bokehlicious-M as defined in Sec. 4.1.

C. Exploration of Deep Layers

In Fig. C, we provide a visualization of the AAA activa-
tion maps for all RGs within the transformer backbone of
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Figure B. Results of our hyperparameter study. The PSNR fidelity is denoted by the teal plots, GMACs complexity at 256 x 256pX is
denoted by the blue plots, the baseline Bokehlicious-dev is marked in red. Note that experiment f) used RealBokehy,.
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Figure C. Activation maps for the encoded features, each residual group and the resulting global residual.

our method. The behavior is particularly interesting, with
the first three blocks focusing around high-intensity light
sources, which is the area that will suffer major modifica-
tions during Bokeh Rendering. In addition, groups 1-3 have
an activation of higher magnitude for the foreground ob-
jects, since in-focus contents are characterized by increased
sharpness in the rendered shallow DoF image. In group 4 of
the proposed transformer structure, we can observe the fo-
cus shifting to the Bokeh “balls” appearing around the light
sources. We can observe that the geometry of this region is
being refined from block to block. The latter groups seem to
focus specifically on areas of the image background, since
this is the area that is most affected by the Bokeh effect.

We also provide an RGB representation of the residual
learned by the proposed model, in which we can observe
the image areas affected the most by the Bokeh render-
ing. Naturally, the region corresponding to the leaves that
are in-focus receives the slightest domain shift, while con-
tents localized either closer or deeper than the position of
the projected focal plane receive higher modifications. Un-
surprisingly, high-intensity segments corresponding to out-
of-focus areas are affected the most, since the Bokeh ef-
fect corresponding to them is stronger in manifestation. We
can also observe that, in background areas with little high-
frequency detail, there is barely any activation. Logically,
this is because their changes are minimal.
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