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Preliminary: Functional Map

Method . Dense Correspondence
Image Laplacian from Feature #1 lexyll = exp (‘ e ) - I 1% it

Construct weighted graph among image pixels

Represent dense correspondences in the function space
Basis: Eigenfunctions of the Laplacian-Beltrami operator
A function can be represented as a linear combination of the basis _as function regularizer M = o™ gr (F™) FY = SON!]R(FN)

functions: — a: oM _ _
f Z’L ZSO’L »Cfeat — ”CFM - FN||2

Tr(f)=TF ZaicpzM = ZaiTF(‘sz'\/l)

Laplacian eigenfunctions

Feature
(DINOV2)

A bijective mapping between the two spaces becomes a linear mapping
in the function space:

Tr(f) = Zai Zcz'jfﬂﬁv = > aiciy
i j ho i

Preliminary: Functional Map for Images? Method: Additional Constraints
. . . . M N 2
Pln ' a I . . .
— = — the magnitudes of eigenvalues reflect the frequencies of the
' ‘-. - .- - - corresponding eigenfunctions
- " - — eigenfunctions of similar frequencies are more likely to be related
\‘k T el ednm. -j Bijectivity (consistency) regularization:  Lcons = HCZM — ZNH
2
: : ° o Overall objective
Images don't naturally have manifold structure —
How to construct the manifold/graph structure on images? L = Leeat + Adiag Ldiag + Acons Leons Main R |-|- TSS
[
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Method Overview + Areg (H(Z yzM 1| H(Z VY zZN 1 ) Setting  Method FG3DCar JODS Pascal Avg.
2 2 SCOT [23] 95.3 81.3 577 781
. Supervised CATs™ [7] 92.1 78.9 64.2 784
Resul-l-an-r FU"C""O"OI MGPS PWarpC-CATs* [49] 95.5 85.0 855 88.7
CNNGeo [33] 90.1 76.4  56.3 744
| | Unsupervised PARN [15] 89.5 75.9 712 7838
" Inputimage | — Source Source task-specific ~ GLU-Net [46] 93.2 73.3 71.1  79.2
: Q.= . Goigl,  [FEp A — - | (A Semantic-GLU-Net [48] 95.3 822 782 852
E. optimization :
H | | Texture ~ (840x840 each) DINOv1-ViT-S/8 [1] 68.7 447 367 52.7
; (ransfer <. W D . Ed\ 1 DINOv2-ViT-B 81.2 68.4 51.5 694
? ' “‘ DINOV2-ViT-S/14 DINOV2-ViT-B/14 layer9 Stable Diffusion (SD) 92.1 62.6 48.4 725
i . Dimige Feature #1 - Unsupervised Concat. DINOv2 + SD [55] 92.9 73.8 59.6  78.7
é Corr. (patch feat. » . ‘ ‘ zero-shot FMap DINOv2(basis) + DINOv2(loss) 83.5 69.2 52.7 T71.0
.al interp. to pixe|s) ﬁ FMap SD(basns) + SD(IOSS) 80.0 63.4 51.5 67.8
— FMap DINOv2(basis) + SD(loss) (ours) 84.8 70.4 53.5  T72.2

DINOv2-ViT-B/14 Stable Diffusion Stable Diffusion DINOv2-ViT-B/14 layerll
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Fig. 1: Overview. Left: Given two sets of features, E™, EY and ™, FV, we compute FMap DINOv2(loss) + SD(basis) (ours)  93.1 74.0 59.9 78.9

Feature #2 .
the Laplacian eigenfunction basis with EM, EY and apply regularizations to the (patch feat. g' ﬁ"}& w h

functional map optimization using F™, FY. This method optimizes a mapping in the interp. to pixels) R ef erences Twitter A L=
spectral domain derived from one feature set to achieve a consensus with the other . o E_. E &) e
set. Right: With a better understanding of the global image structure, our method Functional map "-._ﬂ'_ B g o Functional maps: a flexible representation of maps between shapes. In: ACM - T
produces smoother and more accurate correspondences in a zero-shot manner. (200x200) P - TOG 31(4), 1-11(2012) i H'. T

20%20 A tale of two features: Stable diffusion complements dino for zero-shot
submxatrix semantic correspondence. In: arXiv preprint arXiv:2305.15347 (2023) E
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