Dispersion-scan (re)meets neural networks
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- Fast pulse retrieval from dispersion scan [1] traces using neural H 2
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In this work, we will use the DenseNet architecture [1] as a base:
- Network comprised by dense blocks -> each successive layer receives the
concatenated outputs of preceding layers, promoting feature reuse.
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Iterative algorithm
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- Expected output: complex E-field -> implementation of a complex-valued 0.8- 08 (- » e
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- Implementation of an optimized, single-threaded, C++ language based
ptychographic retrieval algorithm [2] to serve as a benchmark.
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- NN Inference time obtained ~ 20 ms to 120 ms. = 1 = 1
- Increased difficulty In retrieving the spectrum; experimental spectra may
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- Currently, conventional iterative retrieval algorithms (<15 ms) have an _
edge over NN, in terms of speed and quality of retrieval. FUﬂdIﬂg
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