





Figure 2. SyncMatch. Given a sequence of N RGB-D video frames, we extract features for each image and project them to a 3D
pointcloud using input depth. We extract all pairwise correspondences to estimate pairwise SE(3) transformations. We then synchronize
the pairwise transformations to register the scene. Finally, we use the estimated registration to refine our correspondence and transformation
estimates. We compute correspondences losses for both the initial and refined registrations, and backpropagate them to the feature encoder.

3. Approach

We learn correspondence estimation from multiview reg-
istration of short RGB-D sequences without relying on pose
or correspondence supervision. We first provide a high-
level sketch of our approach, shown in Fig. 2, before dis-
cussing each component in detail.

Approach Sketch. Given N RGB-D frames, we extract
features for each RGB image and project them onto a 3D
pointcloud using input depth and camera intrinsics. We
then extract correspondences between all pointcloud pairs
and estimate pairwise SE(3) transformations. Given (];] )
pairwise transformations, we apply transformation synchro-
nization to find the N camera extrinsic parameters in a
shared global frame. Given this coarse alignment, we re-
sample correspondences based on both feature and spatial
proximity. We repeat the registration using the updated
correspondences. Finally, we compute the loss using the
estimated correspondences and SE(3) transformations and
backpropagate it to the feature encoder.

3.1. Feature Pointcloud

We use a randomly-initialized ResNet-18 for feature ex-
traction. While correspondence estimation methods often
rely on keypoint detection, our approach is detector free and
generates dense features uniformly across the image. Simi-
lar to Sun et al. [62], we generate the feature grid at a lower
resolution (1/4) than the input image. For each frame i, we
use the input depth map and camera intrinsics to project the
features into a pointcloud P; where each point p € P; has a
feature f, and a 3D coordinate x,,.

3.2. Correspondence Estimation

We estimate feature correspondences for all view pairs
(i, 7). We first generate an initial set of correspondences by
finding for each point in image ¢ the point in image j with
the closest matching feature vector. The initial correspon-

dence set will include mismatches due to poor matching,
repetitive textures, or occlusion.

Correspondences can be filtered using measures of
unique matches or geometric consistency. Heuristics
such as Lowe’s ratio test [43] prefer unique matches and
have been extended to self-supervised pointcloud registra-
tion [20, 21] and attention-based matching [27, 57, 62].
Geometric consistency relies on the idea a geometrically
consistent set of correspondences is likely correct. This
can be done by estimating the transformation similar to
RANSAC [22] or directly estimating the inlier scores [ 13,

, 69]. We use the ratio test for initial alignment and lever-
age geometric consistency for refinement (Sec. 3.5). Specif-
ically, we compute a ratio between the cosine distances in
feature space as follows:

D(p,q)
D(p,q')’

where D(p, q) is the cosine distance between the features,
and ¢ and ¢’ are the first and second nearest neighbors to
point p in feature space. We use the weights to rank the
correspondences and only keep the top k correspondences.
This results in a correspondence set C; ; for each pair of
frames. The correspondences (p, ¢, wp, q) € C;, ; consists of
the two matched points and the match weight.

ey

Wp,q=1—

3.3. Pairwise Alignment

For each pair of frames, we can identify a transformation
T; ; € SE(3) that minimizes the weighted mean-squared er-
ror between the aligned correspondences across the images:

T; ; = arg min E
TESE(3) (p,q,w)€EC; ;

wl|xq — T(Xp)H%- ()

A differentiable solution is given by the Weighted Pro-
crustes (WP) algorithm [13] which adapts the classic
Umeyama pointcloud alignment algorithm [34, 64].
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