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We recently introduced a new algorithm for computer-generated holography based on un-
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Figure 3 : HoloNet performance comparison after training and testing the model on four shape-specific datasets. lllustrations (left) and statistical accuracy data.
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image. The line and pixel model have the most suc-
cess in reproducing the target image which is a result
of the shapes being fundametal building blocks to
create natural images. Both squares and disks are a
combination of lines, while a line itself is a series of
pixels. This gives both models a broader range of
shapes they can reconstruct, improving their accuracy.
In conclusion, while convolutional Nueral Networks
are able to synthesize holograms at record speeds,
but that fixed computational capabilities restrict perfor-
mance. To address this issue, we proposed special-
ized training with datasets that mimick typical inputs.
Simulation results show a definite gain in performance,
at the expense of performance in rendering other pat-
terns beyond the training data. The authors acknowl-
edge financial support from the Burroughs Wellcome
Fund (CASI Award), and from the NVIDIA GPU grant
program.

Data set : https.//github.com/NVlabs/ffhq-dataset

A popular approach for computing holograms relies on iterative projection algorithms such 0
as Gerchberg-Saxton. This method is easy to implement and yields acceptable solutions

after a few cycles, but offers no guarantees of quality or convergence. Conversely, optimi- 50
zation algorithms such as NOVO-CGH improve exploration and identify better solutions at
the expense of longer computation time. Both methods require the end user to choose the
number of iterations and prioritize either the computation speed or the hologram quality.
Deep learning algorithms are perfectly suited to solve multidimensional nonlinear prob-
lems like CGH, and, with offline training, can eliminate trade-offs between speed and qual-
ity. HoloNet, in red, outperforms existing methods in speed and performance
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