in log

USD price

|
[S¥] (=] o = =) =]

Digitalizing beauty: On NFT art and its price
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MOTIVATION PRELIMINARY RESULT
E NET art market [:] Spatial Energy Spectrum
» Market cap US$ 41 billion in 2021: 30 %1 ESD < > pairwise correlation
P Sales of contemporary art market: 22%1 2
» Some stylized facts of contemporary art trading £8 £8
- Infrequent trading - Less transparency in Z Z u(x, yexp{—2zfr(x+y)}| <> 2 2 r,(x, yexp{—i2afr(x +y)}
Price inequality pricing X=—00 y=—00
 llliquidity * Independent
» Centralized patrons marketplaces assuming same fr and r,,,(x, y) autocorrelation of u(x, y)
] What are these outliers : 1
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. Figure 1. Log price box plot for
i : top 10 collections
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Figure 2. ArtBlocks sales and ol ”3”)7@7777?777?7?}}\}///// 5k | AR 10
prices Mft& L o gl

ope: -1.
=D B Ll -6
s sk P 10
e AR
‘ % N B o
, N : _
0 _L_ 10 1 2 5 1 2 5 10

1 0 100 200
: . Cycles per image
6| O o Intensity value

107

12

Spectral pow

10

e in USD

Log pric

Figure 5. Algo-generateq, real object and re-edited images

0 N NEURAL NETWORK
| 2— | | | — [:] Interpretability
Number of s Learned Features What features has the NN learned?
STATISTICAL REGULARITIES | Pixel Attribution How did each pixel contribute to a prediction® |
o Concepts Which abstract concepts has the NN learned?
[:] Color quantification (K means) Adversarial Learning How can we trick the NN?

Influential Instances How influential is a training point for a certain prediction?

rRGB(131,17,18  Figure 3. Color palette for
RGB (206, 73, 90
Rom e n  ArtBlocks #17225316

RGB (57, 24, 37)

[:] Integrated gradient
Sundararajan, Taly & Yan (2017)

RGB (217, 196, 130) _ i : ) V2 o
RGB (193,95, 156) » Input-output pairs { (x;, f(x;) }—, € R" X [0,1]
RGB (215, 111, 211) £ . N
| RGB (223, 30, 30 » Network classifier f : IRM — [0,1]
RGB (252, 252, 151) : : m
RGB (0.0,0 p Basis functions {¢(x)};” € R

Attribution a(x, x") is contributions of x to f(x) relatively to baseline input x’

Baseline? {x;}7_; € R" 1 a/(x', x) = (0,...,0)" > In object recognition:
Figure 4. Dominant colors from 3,964 artworks

|G Axioms - |
. , 1. Sensitivity Vo; # x;, 3¢i(x) # Pi(x) + f(x) #F(xX) A arlx;, x;) = alx;, x))
- ReLU f(x) =1 — max(0,1 —x)
/ s 1o 05 B0 05 10 1s 20 25 Suppose x' = O, X = 2,
a5 10 2. Implementation Invariance Vf,g € # f(X) = 8(x) A ag(x, x’) = a,(x,x")
» Luminance: 15 1G. (x) lej (x B )J of (x" + ax — X))
Perceived brightness to RGB colour 0 OX;

I.e. Hue-saturation-brightness satisfies 1. and 2. where a € [0, 1] allows the linear interpolation between baseline and
HSB = 1/0.299R? + 0.587G2 + 0.114B2 original image

» Composition-level statistics

|G Axioms - I
Proposition

f: R" — [0,1] is differentiable almost everywhere > 2 IG(x) = f(x) — f(x)

l

[:] Pairwise spatial statistics

For a set of images U, ,cp2 {u(x, y)}
» Asymmetry (Skewness)

3
Skew = (#x) ™' (#y) ™! Z Z [u(x, y) ~ 'M] > 3
Xy

Generalization - Path Methods (PM)
Lety = (v, ---,7,) : [0,1] = R" be a smooth function specifying a path in R" from x’

1
tox and a € [0,1], then PM”( ) def[ o) or) da
0

0

» Sparsness (Kurtosis)

) _ yi(a) oa
Kurt = (#x)_l(#y)_1 Z Z e, y) — #

(ReLU a/(x, x') cont.) y(a) linear, quadratic, cubic, ...

0}
FUTURE WORK

Process pipeline

» Energy Spectral Density (ESD)

2
Energy of signal £ = ZZ | fre fr,) P Afr Afr, LR Feature
f,, f,, representation
alfrofry=Y Y utw.yexpl—ida(fra+fr,y)) OF 1
Explanati it
R 2x— 00 y=—00 | | NN design Black box L Xila(r;é)'on A}’[’[rlb?thﬂ
| u4(fr fr,)|~ ESD at normalized frequencies fr, and fr, I A unction
e i 4 . Prediction
12 12 12 ca f(xi)
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Figur@ 5. |mage statistics vs. Prices > SChiCh, M., Huemer, G., Adamczyk, P., I\/Ianovich, |_., & |_iU, Y. Y. (201 7) Network
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