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A. Theoretical Analysis of Generative Matching Learning

As demonstrated in Sec. 3.2.1 in the main manuscript, the optimization objective of our Generative Matching Learning under
GM-R? paradigm can be formulated as the problem of maximizing the log-likelihood over the dataset D with paired point
clouds (P, Q) and corresponding RGB images (I”, I%):
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In practice, we map the paired point clouds into the range maps dF’%? = (d”,d?) via our proposed AFoV-ERP, and the
coupled latent image representation of the paired images can be represented as x7'? = [x'; X?]. Moreover, we leverage the
ControlNet encoder as the geometric feature encoder gg(-). Consequently, the log-likelihood optimization objective can be
rewritten as: £, , [10g p (X7? | CNene(d72; 9))).

Our diffusion process progresswely introduces the Gaussian noise into this clean image c;)aur which gradually converts
them into the noise distribution x? ~ N(0,1), formmg aMarkov chain x7'@ = x Q@ x1 PQ . As demonstrated
in [2], the random variable x; @ ~ q(x/?|x/?) := N(xF9; VT =BxI 9, BtI) can also be expressed in a closed form

), which can be formulated as follows:
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Here, the diffusion coefficients &y = IT,_ s = ITL_,(1 — B5), and B indicates the noise coefficient determined by such as
a linear schedule [2] or a cosine schedule [3]. Then, the variational lower bound of the log-likelihood optimization objective
can be represented as:
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where the third term is the core loss (termed denoising matching loss) for denoising network training. As derived in [2], the
e PQ £PQ .
posterior distribution (%X, |x} X ©) can be formulated as:
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Furthermore, through the reparameterization trick, XPQ ? W (eo ~ N(0,1)), Eq. 5 can be rewritten as:
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Also, the denoising network (i.e., prior distribution) can be modeled as:
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Consequently, minimizing the KL divergence between the posterior distribution and the prior distribution in the denoising
matching loss is equivalent to optimizing the parameters of noise network €g (xt ot CNem(dlD @:8)) to approach noise €.
The final loss function can be formulated as:
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which is equivalent to our practical denoising losses as in Eq. 12 in our manuscript.

B. More Visualization Results

In Fig. 1, we provide more qualitative comparison results on challenging low-overlap cases from ScanNet dataset [1].
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Figure 1. Qualitative comparison between the SOTA fully-supervised deep descriptor PARE-Net [4] and our unsupervised GM-R? descrip-
tor in challenging low-overlap cases from ScanNet [1]. Our unsupervised method visually presents higher alignment precision.
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