REGTR: End-to-end Point Cloud Correspondences with Transformers -
Supplementary

In this supplementary, we first provide additional details
on the datasets and their preprocessing (Sec. A). We then
describe the procedure for recovering the rigid transforma-
tion from the correspondences (Sec. B), our sinusoidal po-
sition encodings (Sec. C) and additional information on the
network architecture (Sec. D). Finally, we show detailed re-
sults for ScanNet (Sec. E) and additional qualitative results
(Sec. F).

A. Dataset Details

3DMatch. The 3DMatch [23] dataset comprises RGB-D
frames obtained from several sources (Tab. 1). The data
is captured from diverse scenes (e.g. bedrooms, kitchens,
offices) and different sensors (e.g. Microsoft Kinect, Intel
Realsense), and each point cloud is generated by fusing
50 consecutive depth frames using TSDF volumetric fu-
sion [5]. We use the voxel-grid downsampled data from
Predator [9], and the same point cloud pairs for training and
evaluation. The dataset contains 46 train, 8 validation, and 8
test scenes. The training and validation scenes contains a to-
tal of 20,586 and 1,331 point cloud pairs respectively, and
the test scenes contain 1,279 (3DMatch) and 1,726 (3DLo-
Match) pairs. We apply training data augmentation by ap-
plying a small rigid perturbation with magnitudes sampled
from a Gaussian distribution with ¢, = 0.17 and o; = 0.1
for the rotation and translation, respectively. We then ap-
ply a Gaussian noise (¢ = 0.05) on the individual point
locations, and shuffling of point order.

ModelNet40. The ModelNet40 [ 18] dataset provides 3D
CAD models from 40 object categories for academic use.
We follow previous works [17,22] in using the preprocessed
data from [ 2]. These data are generated by sampling 2,048
points from the mesh faces and then scaling them to fit into
a unit sphere. The partial scans are generated from the pro-
cedure in [22]: A half-space with random direction is sam-
pled, and shifted such that a proportion p of points lie within
the half space. Subsequently, random rotation of up to 45°,
translation up to 0.5 units, Gaussian noise (¢ = 0.05) on the
individual point locations, and shuffling of point order are
applied to the point clouds. The point clouds are finally re-
sampled to 717 points. Following [9], p is set to 0.7 and 0.5

lone point cloud (7-scenes-fire/19) has a wrong groundtruth pose and
we exclude training pairs containing this point cloud.

Datasets License
SUN3D [8, 19] CC BY-NC-SA 4.0
7-Scenes [13] Non-commercial use only

RGB-D Scenes v2 [11]
BundleFusion [6]
Analysis-by-Synthesis [15]

(License not stated)
CCBY-NC-SA 4.0
CCBY-NC-SA 4.0

Table 1. Raw data used in the 3DMatch [23] dataset and their
licenses.

for ModelNet and ModelL.oNet benchmarks, respectively.
We use the first 20 categories for training and validation,
and the other 20 categories for testing.

B. Estimation of Rigid Transformation

In this section, we describe the closed form solution
for the rigid transformation {R, t}, given correspondences
{x; +> y;} with their weights {o;}, as used in Sec. 4.4 in
the main paper:
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Step 1. Compute the weighted centroids of the 2 point
sets:
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Step 2. Center the point clouds by subtracting away the
centroid:
Vi=1,...,N. (3)

Step 3. Recover the rotation R. For this, we can use the
Kabsch algorithm [10]. First construct the following 3 x 3
weighted covariance matrix:
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Considering the singular value decomposition H =
UXV T, the desired rotation R is given by:

10 0
R=v |0 1 0 u’, (5)
0 0 det(VUT)

where det(-) denotes the matrix determinant.
Step 4. Lastly, the translation can be computed as:

t=y - Rx (6)
C. Position Encodings

We encode the point coordinates by generalizing the si-
nusoidal positional encodings in [16] to 3D continuous co-
ordinates. The position encodings have the same dimension
d = 256 as the feature embeddings used in the attention
layers.

For a point x = (x,y, z), we separately transform each
coordinate to their embeddings p¥, p¥, pX € R2L%/6). The
z-coordinate is transformed as:

Kol x
pX[2i] = sin (710000%“(1/3) ) (7a)
X6 : o X
pX[2i + 1] = cos (710000% — ) . (Tb)

The y and z coordinates are transformed in a similar man-
ner. We then concatenate the embeddings for all three di-
mensions. Since the embedding dimension d = 256 is not
divisible by 6, we pad the remaining 4 elements with zeros
to obtain the final embedding.

Importance of position encodings. Table 2 compares
different choices of position encodings. The position en-
codings can only be removed when decoding the correspon-
dences as a weighted sum (Eq. 4 in main paper). Without
position encodings, the network suffered a significant drop
in performance both in terms of registration recall (RR) and
accuracy (RTE and RRE), further supporting our hypothesis
that our attention mechanism utilizes rigidity constraints to
correct bad matches. We also compare with learned embed-
dings (using a 5-layer MLP with 32-64-128-256-256 chan-
nels), which has a slightly lower performance in most met-
rics. We therefore chose to use sinusoidal encodings, which
also reduces the number of learnable weights.

D. Network Architecture

KPConv backbone. We show the detailed network archi-
tecture of our KPConv [14] backbone in Fig. 2. We use
the same KPConv backbone as Predator, but we modify it
to apply instance normalization on each point cloud indi-
vidually instead of over all point clouds to allow for cor-
rect behavior over batch sizes larger than one. We do not

3DMatch 3DLoMatch

Dec. Pos. |RR(%) RRE(°) RTE(m) | RR(%) RRE(°) RTE(m)
Wt.  None 87.9 1.958  0.062 550  3.389  0.093
Wt. Learned | 89.0 1519 0.047 | 61.3 2812  0.083
Wt.  Sine 909 1.468 0.046 | 63.1 2.540 0.076
Reg. Learned | 91.6 1576  0.047 | 64.8 2999  0.080

Reg.  Sine 92.0 1.567  0.049 648 2827  0.077

Table 2. Effects of different position encodings. “Dec.” denotes
correspondence decoding scheme, which can be either weighted
coordinates using Eq. 4 in main paper (Wt.) or regression using
Eq. 3 in main paper (Reg.). “Pos.” denotes position encoding type.
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Figure 1. REGTR’s transformer cross-encoder layers.

make any other changes to the backbone for the 3DMatch
dataset. However, to maintain a reasonable resolution for
the downsampled keypoints for ModelNet, we use a shal-
lower backbone consisting of only a single downsampling,
and the voxel size used in the first level is set to 0.03 instead
of 0.06.

Transformer. Figure 1 provides the detailed description
of our transformer cross-encoder. Geometric features from
the KPConv backbone are first projected to d = 256 dimen-
sions, and then passed through L = 6 transformer cross-
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(b) KPConv backbone for ModelNet40 dataset

ResBlockB (in, out, [stride])

[ : Instance Norm, then Leaky-ReLU

(c) Detailed structure of blocks

Figure 2. KPConv backbone used for (a) 3DMatch and (b) ModelNet. (c) shows the detailed structure of the residual blocks.

encoder layers to obtain the conditioned features F % Ff,,
which can be used to predict the output correspondences
and overlap scores via our output decoder. We use the pre-
LN [20] configuration for the self-attention, cross-attention,
and position-wise feed-forward networks (FFN). Positional
encodings (Sec. C) are added to the queries, keys and values
before every self- and cross-attention layer.

E. Detailed Registration Results for 3DMatch

We report the breakdown of the Registration Recall, Rel-
ative Rotation Error, and Relative Translation Error for each
individual scene in Tab. 3. REGTR obtains the highest reg-
istration recall for three (3DMatch) and four (3DLoMatch)
of the scenes, and the lowest rotation/translation errors for
majority of the scenes in both settings, despite using down-
sampled features.

F. Additional Qualitative Results

We show additional qualitative results for both 3DMatch
and ModelNet datasets in Fig. 3. The last two rows show
example failure cases. During failures, usually both overlap
and correspondences are predicted wrongly.
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Figure 3. Additional qualitative results on (a,b) 3DMatch, (c,d) 3DLoMatch, (e) ModelNet, and (f) ModelLoNet benchmarks. Keypoints
are colored by their predicted overlap scores where red indicates high overlap. The last two rows (g,h) show example failure cases on the
3DMatch dataset. Best viewed in color.



3DMatch (> 30% overlap)
Kitchen Home 1 Home 2 Hotel 1 Hotel 2 Hotel 3

Study MIT Lab Avg.

3DLoMatch (10-30% overlap)

Kitchen Home 1 Home 2 Hotel I Hotel 2 Hotel 3 Study MIT Lab Avg.

# pairs
449 106 159 182 78 26 234 45 160 [ 524 283 222 210 138 42 237 70 191
Registration Recall (%) T

3DSN [7] 90.6 90.6 65.4 89.6 82.1 80.8 684 600 784 | 514 259 44.1 41.1 30.7 36.6 140 203 330
FCGF [4] 98.0 94.3 68.6 96.7 91.0 84.6 76.1 71.1 85.1 | 60.8 422 53.6 53.1 38.0 268 16.1 304 40.1

D3Feat [1] 96.0 86.8 67.3 90.7 88.5 80.8 782 644 8l.6 | 497 37.2 473 47.8 36.5 31.7 157 319 372
Predator-5k [9] 97.6 97.2 74.8 989 962 835 859 73.3 89.0 | 715 58.2 60.8 775 642 610 458 39.1 59.8
Predator-1k [9] 97.1 98.1 74.8 97.8 962 885 872 844 90.5| 70.6 62.8 63.1 809 642 61.0 500 478 625
Predator-NR [9]  60.8 74.5 52.2 80.8 654 577 543 556 627 | 256 19.9 37.8 325 226 244 119 174 240
OMNet [21] 39.0 39.6 27.7 30.8 385 462 214 444 359 9.0 6.7 9.0 33 8.8 146 25 13.0 8.4

DGR [3] 97.8 94.3 62.3 95.1 88.5 84.6 842 75.6 853 | 60.2 45.0 52.7 545 489 415 38,6 478 487
PCAM [2] 96.9 93.4 78.6 96.7 83.3 846 81.6 689 85| 7.1 56.7 60.8 70.8 599 415 364 420 549
Ours 97.8 90.6 755 97.8 949 100 885 91.1  92.0 | 66.2 58.5 64.9 727 613 707 53.0 710 648

Relative Rotation Error (°) |
3DSN [7] 1.926  1.843 2324 2041 1952 2908 2296 2301 2.199| 3.020 3.898 3.427 3.196 3217 3.328 4.325 3814 3.528
FCGF [4] 1.767 1.849 2210 1.867 1.667 2417 2.024 1.792 1.949| 2904 3.229 3277 2768 2.801 2.822 3.372 4.006 3.147
D3Feat [ 1] 2.016 2.029 2425 1990 1967 2400 2346 2.115 2.161| 3.226 3.492 3373 3330 3.165 2972 3.708 3.619 3.361
Predator-5k [9]  1.861 1.806 2.473 2.045 1.600 2.458 2.067 1.926 2.029| 3.079 2.637 3.220 2.694 2907 3390 3.046 3412 3.048
Predator-1k [9]  1.902 1.739 2306 1.897 1.817 2289 2278 2271 2.062| 3.049 2679 3.247 2857 2.782 3.340 3.778 3.538 3.159
Predator-NR [9] 3.052 2.223 2.805 2996 1.900 2.117 3.711 1.854 2.582| 6.445 4508 5272 5224 4.889 6975 8457 5320 5.886
OMNet [21] 4.142  3.166 3.664 5450 3952 5518 4.142 3296 4.166| 6924 8747 8199 8590 10901 7.613 4297 3.123 7.299
DGR [3] 2.181 1.809 2474 1.842 1966 2313 2.653 1.588 2.103| 4.049 3967 4433 3.666 4.119 3.742 4.188 3.469 3.954
PCAM [2] 1.965 1.644 2.145 1.874 1434 1.631 2250 1.521 1.808| 3.501 3.518 3.571 3.649 3.197 3.278 4.148 3.368 3.529
Ours 1.729 1347 1.797 1.639 1.289 1.810 1.570 1.357 1.567| 3.366 2.446 3.244 2.732 2439 2919 3.044 2428 2.827
Relative Translation Error (m) |

3DSN [7] 0.059 0.070 0.079 0.065 0.074 0.062 0.093 0.065 0.071| 0.082 0.098 0.096 0.101 0.080 0.089 0.158 0.120 0.103
FCGF [4] 0.053 0.056 0.071 0.062 0.061 0.055 0.082 0.090 0.066| 0.084 0.097 0.076 0.101 0.084 0.077 0.144 0.140 0.100
D3Feat [1] 0.055 0.065 0.080 0.064 0.078 0.049 0.083 0.064 0.067| 0.088 0.101 0.086 0.099 0.092 0.075 0.146 0.135 0.103
Predator-5k [9]  0.048  0.055 0.070 0.073 0.060 0.065 0.080 0.063 0.064| 0.081 0.080 0.084 0.099 0.096 0.077 0.101 0.130 0.093
Predator-1k [9]  0.052  0.062 0.071 0.062 0.058 0.055 0.088 0.094 0.068| 0.077 0.084 0.074 0.090 0.093 0.096 0.126 0.128 0.096
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PCAM [2] 0.050 0.051 0.060 0.066 0.051 0.058 0.081 0.052 0.059| 0.088 0.108 0.090 0.112 0.098 0.068 0.117 0.110 0.099
Ours 0.040 0.041 0.057 0.057 0.042 0.039 0.054 0.058 0.049| 0.079 0.064 0.078 0.094 0.074 0.060 0.093 0.077 0.077

Table 3. Detailed results on the 3DMatch and 3DLoMatch datasets. Results
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