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Problem

Estimate image data of tensors with low rank
Signal: Order 1 Tensor

Image: Order 2 Tensor

Video: Order 3 Tensor

MRI Video: Order 4 Tensor
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Solution

m Expand low-rank matrix completion to tensor completion
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Figure 1: The left figure contains 80% missing entries
shown as white pixels and the right figure shows its recon-
struction using the low rank approximation.
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Eating Our Vegetables

D(X)=Us, VT (1)
Y- (X) = diag(max(o; — 7,0)) (2)
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Eating Our Vegetables

D(X)=Us, VT (1)
Y- (X) = diag(max(o; — 7,0)) (2)

Masked sample set: Xq
Tensor X € RI1*2xxIn anqd a tensor unfold operation defined
as:

unfoldk(é’c') — X(k:) e lex(h><...><Ik_1><1k+1><...><1n) (3)

and the reverse:
foldp (X)) = X (4)
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Trace Norm

The rank operation is discrete and non-convex.
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Trace Norm

The rank operation is discrete and non-convex. Thus trace
norm is used as a method:

IXler = Y 0i(X) (5)

%

Tightest convex envelope for rank of matrices. (loose reason: L1
enforces sparsity)
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Matrix Completion

We have a matrix M at 2. We
want to estimate a low-rank X.
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Matrix Completion

We have a matrix M at ). We
want to estimate a low-rank X.

1
in: —|| X — M||2
min : | &

s.t.rank(X) <r

1
in: | X - Y|}
i ol IF

s.t.rank(X) <r
Yo = Mg

1
in: | X - Y|?
min : 2
st || X < ¢
Yo = Mg
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Tensor Completion

Tq is what we know
mi 1HX V|7
in: —||X —
Xy 2 F

st X < c
Yo =Ta
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Tensor Completion

2
iy QnZH )~ Yoll:
st || X < e
Yo =Ta

What is the tensor trace norm?
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Tensor Completion

2
I}YH)I} o ZH y — Yo lle

s.t.ﬁ ZHX(,-)HW <c
=1
Ya="Ta

Average of each unfolded trace norm.
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Tensor Completion

Loosening it up:

s.t.g z;HMthr <c
1=

.ﬂﬁ ::)(@)ﬂori ::1,2,...,n
Yo =Ta
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Tensor Completion

Relaxing equality:
1 n
L 4 2
min o z;HMz — Yl
1=

1 n
S.t.TL:E:;HJV&’hr <c
1=

||M1_X(z)||%' <dfori=1,2,...,n
Yo ="Ta
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Tensor Completion

Converting to the dual:

: M; — Y
i o ZII i

+ ;uMiutT
1=

1 n
+5- > aillM; - X lI7
=1

st Vo =To
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Tensor Completion

Tossing in more weights:

min : ZB@HM Yii ||F

XV, M; n

+n;7iHMthr
1=

1 n
+5- > aillM; - X lI7
=1

st Vo =To
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Tensor Completion

Tossing in more weights:

min : Zﬂ,HM 6 HF

XV, M; " on
+*Z%’”Mth7‘
e

1 n
+s, ;aiHMz‘ — X llE
1=
st Vo ="Ta

X is totally free
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Block Coordinate Descent

m divide into n + 2 blocks
m break up
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min Zaan X} (6)

Solution is the weighted mean.
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min Zaan b (6)
Solution is the weighted mean.

y — iz @ifoldi(M;)

11/24



LI
min: 5 Zﬁi”Mi ~ Yl
i1
st Yo =Ta

Solution is the weighted mean with a mask

Vo = <Z?:1 aifOZdi(Mi)>
e D iy Qi

Q

12 /24



. B 9 Vi Q; 2
min s M = Yo I+ L0l + 2104 - Xl )

Solution:
M = D,(2),
_ i 7= a; X ;) + BiY() (10)
a; + B a; + B
D,(X)=U%, V' (11)
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Compared Methods

m CP/Parafac
m Tucker
= SVD
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Table 1: The RSE comparison on the synthetic data of
40 = 40 x40 x 400 P: Parafae model based heuristic
gorithm; T Tucker model heuristic algorithm; SVD: the
heuristic algorithm based on the SVD: a0, a10 and o350
denote the proposed LRTC algorithm with three different
values of the parameter: o = 0, o = 10 and & = 50, re-
spectively. The top, middle and bottom parts of the table
respond to the sample percentage: 3%, 20% and 80%. re-
spectively.

RSE Comparison (107%)

Rank T P SVD a0 all  «ab0

10.11,10.9 715 677 759 321 302 257

14161514 || 892 901 863 715 T0.2 653

20222119 || 1665 1302 1474 501 469 362
24252526 | 2367 1987 2115 406 387 387

10,11.9.11 371 234 347 163 142 127

15.15.16.,14 || 728 530 611 892 E41 823
21192120 [ 1093 982 895 848 B56 848

24252626 || 1395 1202 1260 409 343 137

109119 145 45 136 308 401 312

15.14.14.16 || 326 65 217 217 205 135

21.20.1921 518 307 402 136 206 1.27

24352526 || 685 500 551 141 159 104

Table 2: The RSE comparison on the brain MRI data of
size 181 » 217 »x 181. P: Parafac model based heuristic
algorithm; T: Tucker model heuristic algorthm; SVD: the
heuristic algorithm based on the SVD: of), al0) and ab0
denote the proposed LRTC algorithm with three different
values of the parameter: o = 00, a0 = 10 and o = 50, re-
spectively. The top and bottom parts respond Lo the sample
percentage: 209 and B0%. respectively.
RSE Comparison (10-1)

Rank T P SVD ol all abl
21.24.23 || 311 234 274 210 193 177
384137 || 1259 1001 1322 148 141 121
909387 || 4982 3982 5025 610 537 428
212423 |[ 123 RB6d 548 204 128 135
354236 179 153 99 441 532 5469
39.48.41 279 0 345 199 072 105 126
455547 || 606 523 513 122 135 L6
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Pretty Results

Figure 3: Facade in-painting. The top image is the original
image: we select the lamp ar tellite dishes together with
a large set of randomly positioned squares as the missing
parts shawn in white in the middle image: the botom image
is the result of the proposed completion algorithm,

Figure 2: The left image (one slice of the MRI) is the orig-
inal; we randomly select pixels for removal shown in white
in the middle image; the right image is the result of the pro-

posed completion algorithm,

Figure 4 Video completion. The left image (one frame of
the video) is the original; we randomly select pixels for re-
moval shown in white in the middle image; the right image
15 the result of the proposed LTRC algorithm.
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BRDF

Figure 5: The top left image is a rendenng of an original
phong BRDF; we randomly select 90% of the pixels for re-
movil shown in white in the top right image; the botom
image is the result of the proposed LRTC algonthm.

17 /24



Where is this useful?

2J. Liu et al., 2013.
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Where is this useful?

Images?
follow-up paper?
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Pathological Cases
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Shopping for alternatives

SH. Liu et al., 2019.
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Shopping for alternatives

CoSTCo? Takes in indices, spits out value at those indices

Embedding Nonlinear mapping Aggregation
module module module

T o «HEW
uN

L. Flatten(-)
I 4

1 Agg()
% Model Output: 77, ...... N

Figure 2: Model architecture of CoSTCo.

Uses relus and 2d convs. Seems interesting for non-spatially
dependent data.

SH. Liu et al., 2019.
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Implicit Functions
Fourier Features?, NeRF® and its many children, some
conditioned children®.

No Fourier features
rv)=v

»
—
HE)
5
'% Il
£ -
2
zCHR
(a) Coordinate-based MLP (b) Image regression  (c) 3D shape regression  (d) MRI reconstruction (e} Inverse rendering
(z,y) = RGB (x,y,z) = occupancy (z,,z) = density  (x,y,z) —» RGB, density

Allow interpolation for free. Implicit neural functions for
continuous images’ and sinusoidal activation functions Implicit

Neural Representations with Periodic Activation Functions®
4Tancik et al., n.d.
5Mildenhall et al., 2020.
5Yu et al., 2020.
"Skorokhodov, Ignatyev, and Elhoseiny, 2020.
8Sitzmann et al., 2020. 21 /24



References [

Ji Liu et al. (Sept. 2009). “Tensor Completion for Estimating
Missing Values in Visual Data”. In: 2009 IEEE 12th
International Conference on Computer Vision. 2009 IEEE
12th International Conference on Computer Vision,
pp. 2114-2121. por: 10.1109/ICCV.2009.5459463.

Liu, Hanpeng et al. (July 25, 2019). “CoSTCo: A Neural Tensor
Completion Model for Sparse Tensors”. In: Proceedings of the
25th ACM SIGKDD International Conference on Knowledge
Discovery € Data Mining. KDD ’19: The 25th ACM
SIGKDD Conference on Knowledge Discovery and Data
Mining. Anchorage AK USA: ACM, pp. 324-334. ISBN:
978-1-4503-6201-6. pOI1: 10.1145/3292500.3330881. URL:
https://dl.acm.org/doi/10.1145/3292500.3330881
(visited on 12/01/2020).

22 /24


https://doi.org/10.1109/ICCV.2009.5459463
https://doi.org/10.1145/3292500.3330881
https://dl.acm.org/doi/10.1145/3292500.3330881

References 11

Liu, Ji et al. (Jan. 2013). “Tensor Completion for Estimating
Missing Values in Visual Data”. In: /[EEE Transactions on
Pattern Analysis and Machine Intelligence 35.1, pp. 208-220.
1SSN: 0162-8828, 2160-9292. po1: 10.1109/TPAMI.2012.39.
URL: http://ieeexplore.ieee.org/document/6138863/
(visited on 12/08/2020).

Mildenhall, Ben et al. (Mar. 19, 2020). NeRF: Representing
Scenes as Neural Radiance Fields for View Synthesis. arXiv:
2003.08934 [cs]. URL: http://arxiv.org/abs/2003.08934
(visited on 03/30/2020).

Sitzmann, Vincent et al. (June 17, 2020). Implicit Neural
Representations with Periodic Activation Functions. arXiv:
2006.09661 [cs, eess]. URL:
http://arxiv.org/abs/2006.09661 (visited on
11/29/2020).

23 /24


https://doi.org/10.1109/TPAMI.2012.39
http://ieeexplore.ieee.org/document/6138863/
http://arxiv.org/abs/2003.08934
http://arxiv.org/abs/2003.08934
http://arxiv.org/abs/2006.09661
http://arxiv.org/abs/2006.09661

References I11

@ Skorokhodov, Ivan, Savva Ignatyev, and Mohamed Elhoseiny
(Nov. 24, 2020). Adversarial Generation of Continuous
Images. arXiv: 2011.12026 [cs]. URL:
http://arxiv.org/abs/2011.12026 (visited on
11/29/2020).

[§ Tancik, Matthew et al. (n.d.). “Fourier Features Let Networks
Learn High Frequency Functions in Low Dimensional
Domains”. In: (), p. 11.

@ Yu, Alex et al. (Dec. 3, 2020). pizelNeRF: Neural Radiance
Fields from One or Few Images. arXiv: 2012.02190 [cs].
URL: http://arxiv.org/abs/2012.02190 (visited on
12/08,/2020).

24 /24


http://arxiv.org/abs/2011.12026
http://arxiv.org/abs/2011.12026
http://arxiv.org/abs/2012.02190
http://arxiv.org/abs/2012.02190

	Introduction
	Approach
	Alternatives
	References

