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1. Event cameras outperform standard cameras under: Table 1: Upper bound perfor-  Table 2: Quantitative results of the real exps.
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due to their distinctive principle of operation A Input: v = log L E2VID + NeRF  19.49 0.847 0.268  E2VID + NeRF 14.85 0.690  0.595 13.12  0.695  0.627
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3. Thisis due to the limited bandwidth of the event sensor QEZF![MH o J,Idiff ¢I°" ¢I°ﬁ State-Space Model: Method ot GSIM 1 LPIPS | DPSNR 1 SSIM 1 LPIPS | PSNR 1 SSIM 1 LPIPS |
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pixel, which is mostly proportional to the light intensity [=1 4, Q Q Q z(t) = A(u(t)) =) + B (u(t)) ult) E2VID + NeRF 18.58 0.849 0.259  18.85 0.839 0.278  17.82 0.804 0.328
A photoreceptor B buﬁer_é_ C differencing amp D comparators y(t) — () CU(t) ’ where: Robust e-NeRF  28.31 0.943 0.050 26.11 0.924 0.074 22.18 0.861 0.122
Deblur e-NeRFT 28.71 0.948 0.048 28.41 0.947 0.049 27.48 0.939 0.061
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C( 1) n( ) 8( ) 0 0 ”é ) 0010 Table 4: Effect of scene illuminance. "Trained with 1/sx the batch size of baselines.
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L L . . o E2VID 4+ NeRF 19.27 0.846  0.268 18.85 0.839  0.278 17.24 0.804 0.354
dark l Logarithmic Photoreceptor Source Follower Buffer Differencing Amplifier Robust e-NeRF  27.62  0.949 0.055 26.11 0924 0.074 29972 0.870  0.129

Deblur e-NeRF'T 28.73 0.948 0.047 28.41 0.947 0.049 28.62 0.935 0.059
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NLHLPE J LITLPE J LITLPE J Table 5: Collective effect of camera speed and scene illuminance. "Trained with 1/sx
the batch size of baselines.
Steady-State Model of Differencing Amplifier Reset Mechanism: Method Opt. Opt. 20X Pee Z 100 OO0 v = 1 Bee = 1 O00R v = A Pee = 100
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1Og Lpir (t) — log Ldiﬁ (t) + log L geltq (t’r’ef) e_wc’diﬁ(t_tmf) E2VID + NeRF — —  19.19 0.844 0.281 18.85 0.839  0.278 15.37  0.799  0.436
Robust e-NeRF \>; — 28.27 0.944 0.057 26.11 0.924 0.074 18.42 0.814 0.255
— - : — 28.28 0.944 0.051 26.31 0.923 0.075 18.51 0.812 0.254
where 1Ongelm o log Lsf 1Ongzﬁ and t > tref’ fox X  29.00 0.950 0.043 28.41 0.947 0.049  26.15 0.904 0.134
Deblur e-NeRF x v 28.19 0.943 0.046 26.07 0.930 0.067  25.59 0.896  0.156
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