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(X, V, t, p) denote an event, where pe {-1, +1}
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Figure 1. Problem Description. In this imaginary scene, we place
a white square along the edge of a black disk. The image taken
by the conventional camera is blurry because the disk rotates at
a fast speed. It is as if the perimeter of the disk somehow grows
into a gray collar. During the exposure interval, the event sensor
produces a spiral of events. Our approach takes the blurry frame
and the events as input and produces a sharp video sequence as
output. The output video explains the motion blur by entailing the
complete motion trajectory of the rotating disk.
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1. The blurry intensity B, for all pixels (x, y);
2. A collection of events during the exposure interval
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Input

output  Lipxw(t) = { Ly (t)}




B,, = — f L., (t)dt (3)

The events associated with pixel (X, y) provide a set of
timestamps where the intensity change considerably.
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' Overview
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Figure 3. The overall pipeline. We use the U-Net [34] model to regress the polynomial coefficients. The network takes three inputs the
blurry frame B, the keypoint timestamps K, and the event histogram E. The network then outputs the intensity derwatlves . Given an

arbitrary timestamp t, the integrator follows Equation (7) and calculates the initial frame reconstruction L( ). The refinement module takes
L(¢) and E as input and outputs the final frame reconstruction L(#). In this figure, m, n, d, h, w represent the number of histogram bins,
the number of keypoints, the number of frames in the output video, the frame height, and the frame width, respectively.




' Initialization: Polynomial Coefficient Regression S
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§ Polynomial interpolation Sisoceall
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l.(x) is called Lagrange bases
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From a geometric point of view, it is to find an n-th degree curve y=L_(x),
so that it passes through (n+1) points(x,,y,), (X1, ¥1),--- (X, ¥,)
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' Refinement: Temporal Feature Propagation M“*IV

Algorithm 1 Refinement

Input: Initial reconstruction: {L(t;)|1 < i < d}

Input: All events: {(z,y.t,p)| — L <t <L}
Output: Final reconstruction: {L( Il <1 <d}
1: loop I,,,. iterations
2: fori=1tod — 1do > Residual Prediction
3: E < VOXELIZE(events from ¢, to t; 1)
4: if i == 1 then A A
3 R; < g5 (E P( i), L(tit1),
6: VL(t:), VL(ti11))
7: else
3: R; (—(]g{(R, 1, E L( ) L( £_|_1)
9: VL(t,),VL(t&H))
10: end if
11: end for
12: fori =1toddo > Apply Updates
13: A; — qg(]’:(tﬁ))
14: D; R ’Rd_l’f'(tiggu gﬁ(m L(t1),+ Lita))
15: L(t;) « L(t;) — A; ® D;
16: end for
17: end loop
18: for: =1toddo > Final Polishing

19:  L(t;) < g~ (L(t;))
20: end for

d—1

f=> LL(t:)+RiL(tis1) +/\Z£ ), L(t:))

i=1 i=1

L2-distance as L(, )

gfl“ ) gi’ : Recurrent Neural Network

gﬁ!J , gI,‘ Convolutional Neural Network
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' Training Objective Bk
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Derivative Loss Lg = |(—)ot — (— )pre 0
a = (= )er = (= )prealn )
Primitive Loss £, = |Lg — Lyred|1 (10)
Refinement Loss Lret = Y [Lig(t) — Lprea(t)|1 (11)
L

Residual Loss  Lres = » (exp(p- [Ri 1) © IRy, — Ry 1) (12)

1

Total Objective  Liga1 = AaLa + ApLp + ArerLrer + Ares Lres (13)
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Table 1. Quantitative evaluation on the REDS [22] dataset.

Methods | MSE| PSNR 1T SSIM 1
EDI[26] | 0.182 21.663 0.664
eSL-Net [40] (official) | 0.203 20.640 0.601
eSL-Net [40] (re-trained) | 0.201 20.748 0.646
QOurs | 0.114 25.531 0.819

REDS is a standard deblurring benchmark dataset designed for
conventional cameras. The dataset contains 240 training videos and
30 validation videos
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Input Ground Truth EDI [26] eSL-Net [40] Ours

Figure 4. Qualitative visualization on the REDS [22] dataset.
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Figure 5. Qualitative visualization on real captures by Pan et al. [26].
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Row Input Sources Video Format Stages Performance Metrics
Frame Events | Poly. Frame | Initialization Refinement | MSE | PSNR T SSIM 1
1 X v v X v X 0.134 24.210 0.767
2 v X v X v X 0.180 21.721 0.654
3 y v v X v X 0.125 24.807 0.787
4 v v X v v X 0.136 23.504 0.723
5 v v v X v v 0.114  25.531 0.819

Table 2. On the REDS [27] dataset, we use ablation studies to demonstrate the importance of using a dual-stream input, the power of the
polynomial representation, and the strength of the refinement module.
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