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1 SD-KL Metric

For considering the duration of spikes, we designed a metric called Spike Du-
ration — Kullback-Leibler Divergence (SD-KL). The pseudocode of SD-KL is
demonstrated in Algorithm

Algorithm 1 Pseudocode of the SD-KL

Input: § € RV*F 4 e RV*F 0 =0.3,8=1.0
Output: score

: D + peak widths(min(max(0,3), 8)),D C R
: D < peak widths(min(max(0,y),8)),D C R

: Vary «+ 230 (v —)°, 2 € {D, D}

Lo« {(loweru — 3% Vary) + i - QpperutdsVaro)—(lowery—3«Vary) | o 1 .. 199}

N

5: pdfp < KDE(D, )
6: pdfp + KDE(D,a)

. _ ) pdfp (i) )
7. Pp = {(m, Ej\’:lpdfp(zﬁ) | x; € EU}

8: Ps = {( _pdpl@) ) | x; € Eu}

i, S pdf ()
9: score < Dk (Pp||Pp)
10: score +— min(max(0, score), 1000)
11:
12: return score

Where « is the bandwidth of the kernel density estimation (KDE), set to
0.3, B is the high cut of the spike duration, set to 1.0, N is the number of
RGCs, F' is the number of frames, and y, § are the ground truth and predicted
FR, respectively. Furthermore, the peak widths calculates durations of each
spike then returns the set of durations [1|. The K DFE algorithm calculates the
probability density function (PDF) of the input set of durations with a given
bandwidth a.
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Fig. 1: SD-KL Metric Baseline

We selected several signals simulated using the sine function and added ran-
dom noise at different ratios to obtain the baseline of the SD-KL metric, as

Fig.

2 Experimental Results

We choose the best, middle, and worst cases of the CC to demonstrate the real
predictions of the Vi-ST.
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Fig. 2: Real Predictions of good CC
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Fig. 5: Real Predictions of middle CC
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Fig. 6: Real Predictions of worst CC
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Fig. 7: Real Predictions of worst CC
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