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Event data downscaling

Spatial downscaling methods
[Gruel, 2022; Gruel 2023]:
e spatial funnelling
e event count
e log-luminance reconstruction
o linear
o cubic
e spiking neural network-based
pooling
o separate
o mutual

Temporal downscaling methods:
e temporal funnelling
o synchronous
o asynchronous
e structural
o stochastic
o deterministic
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Frugal event data: how small is too small?
A human performance assessment with shrinking data
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How small can event data be, while preserving
sufficient information for the task at hand?

In this first human perception study with event data, we show:

- the unequal data quality between event downscaling methods.

- the existence of a size threshold under which
human performance falls below the chance level.
- some unexpected discrepancies in a comparison
between human and machine performance.

Experimental setup

More than
Age 18-25y.0. 25yearsold Total
Female 11 11 22
Male 20 17 37
Other 0 1 1
Total 31 29 60

Choice between four gestures, displayed during 10s
and selected in DVS 128 Gesture dataset [Amir, 2017]

: What does the picture display?
. . _";-| EH'.'.l:l- - . ] A
.'. _:.5 ‘-?'. j '.:’ i . D B
. . O C
. '..'_ _ oD
. 0 | don't know
A

- June 19, 2023 - Vancouver, Canada

Human and classifier accuracy (in %)
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Experimental results
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Top. Human accuracy and rate of 'unknown" answers to event data downscaled spatially (left) and temporally (right)
Bottom. Ratio of the human accuracy to the PLIF classifier accuracy [Fang, 2021]
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Global comparison between methods according to human and machine performance, number of events and runtime
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