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Abstract— This supplementary material provides the results
of the experiments that cannot be described in the paper due
to page limitations.

I. COMPALISON WITH BASELINE METHODS

We compared the proposed method with four lidar odom-
etry estimation algorithms; LOAM [1], LeGO-LOAM [2],
(plane-to-plane) GICP [3], and SuMa [4]. LOAM and GICP
are implemented by ourselves, and share common processes
(e.g., preprocessing and pose optimization) and parameters
for a fair comparison. LeGO-LOAM and SuMa show the
results with parameters tuned by Optuna [5] in [6]. Note
that all algorithms are compared using only the front-end
part (loop closure is disabled).

Table I and II show the translational and rotational RTEs
compared with all baseline methods. Table III and IV show
the result of ablation study. Table V shows the results of
the comparison with different scan matching schemes. Two
types of scan matching methods were implemented: Frame-
to-Frame (F-F) and Frame-to-Model (F-M) matching. F-F
matches consecutive frames frame-by-frame and estimates
the sensor trajectory by accumulating the matching results.
F-M matches the current scan and a model that is created
by accumulating past frames. Our proposed two MLPs were
trained for F-F scan matching.
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TABLE I
AVERAGE TRANSLATIONAL RTES [%] FOR KITTI DATASET [7]

Seq. ID Training dataset Test dataset
’ 01 03 05 07 09 Avg. 00 02 04 06 08 10 Avg.
LOAM 233 418 534 202 735 | 424 | 351 108 340 1.19 466 4.08 | 461
LeGO-LOAM 3.07 163 1.02 1.02 129 | 161 | 1.87 183 133 1.09 176 183 | 1.62
GICP 318 106 090 057 126 | 1.40 | 1.11 154 1.07 072 1.15 140 | 1.17
SuMa 559 114 087 066 0.86 | 1.82 | 0.84 127 0.56 060 143 1.73 | 1.07
Generalized LOAM (PN++) | 3.16 1.04 082 053 1.15 | 134 | 1.04 145 101 068 110 124 | 1.09
Generalized LOAM (RN) 291 095 076 053 1.00 | 1.23 | 094 133 0.87 0.64 1.06 099 | 0.97

! Red and blue respectively indicate the first and second best results.
2 PN++ and RN mean PointNet++ and RandLA-Net, respectively.

3 LOAM and GICP are implemented by ourselves. LeGO-LOAM and SuMa show the results with parameters tuned by Optuna in [6].

TABLE II
AVERAGE ROTATIONAL RTES [°/ m] FOR KITTI DATASET [7]

Seq. ID Training dataset Test dataset
’ 01 03 05 07 09 Avg. 00 02 04 06 08 10 Avg.
LOAM 050 1.87 230 124 233 | 165 | 148 341 150 041 189 2.06 | 1.79
LeGO-LOAM 095 103 059 075 071 | 081 | 092 081 095 065 080 0.85 | 0.83
GICP 055 058 045 045 055 | 052 | 052 055 0.67 036 047 0.61 | 053
SuMa 083 0.8 047 062 050 | 065 | 051 059 023 027 063 086 | 052
Generalized LOAM (PN++) 0.51 055 041 041 050 | 048 | 049 052 062 035 043 054 | 049
Generalized LOAM (RN) 045 051 037 034 043 | 042 | 043 046 053 033 040 045 | 044

! Red and blue respectively indicate the first and second best results.
2 PN++ and RN mean PointNet++ and RandLA-Net, respectively.

3 LOAM and GICP are implemented by ourselves. LeGO-LOAM and SuMa show the results with parameters tuned by Optuna in [6].

TABLE III

ABLATION STUDY WITH TRANSLATIONAL RTES [%] ON KITTI DATASET [7]

Seq. ID 00 01 02 03 04 05 06 07 08 09 10 Avg.
GICP (Baseline) .11 3.18 1.54 106 1.07 090 072 057 1.15 126 140 | 1.27
GICP+DA PN++ | 1.06 323 148 1.05 103 0.86 070 054 1.14 1.19 132 | 1.24
RN 1.07 3.09 149 103 1.02 084 0.68 060 1.12 120 1.28 | 1.22
GICP+CE PN++ | 1.08 313 152 1.04 106 0.88 070 057 1.12 123 131 | 1.24
RN 1.00 3.08 140 099 093 083 068 051 108 108 1.12 | 1.15
GICP+DA+CE PN++ | 1.04 316 145 1.04 1.01 082 068 053 110 115 124 | 1.20
(Generalized LOAM) RN 094 291 133 095 087 076 064 053 1.06 1.00 0.99 | 1.09
DA and CE mean data association and covariance matrix estimation using features, respectively.
PN++ and RN mean PointNet++ and RandLA-Net, respectively.
All results are obtained by Frame-to-Model matching.
TABLE IV
ABLATION STUDY WITH ROTATIONAL RTES [°/ m] ON KITTI DATASET [7]
Seq. ID 00 01 02 03 04 05 06 07 08 09 10 Avg.
GICP (Baseline) 052 055 055 058 067 045 036 045 047 055 061 | 0.52
GICP+DA PN++ | 050 053 053 056 064 042 035 043 045 052 057 | 050
RN 050 053 053 057 064 041 035 042 045 053 055 | 050
GICP+CE PN++ | 051 053 054 057 065 043 035 043 045 053 058 | 051
RN 047 047 048 052 057 041 034 037 042 046 051 | 046
GICP+DA+CE PN++ | 049 051 052 055 062 041 035 041 043 050 0.54 | 048
(Generalized LOAM) RN 043 045 046 051 053 037 033 034 040 043 045 | 043

DA and CE mean data association and covariance matrix estimation using features, respectively.
PN++ and RN mean PointNet++ and RandLA-Net, respectively.
All results are obtained by Frame-to-Model matching.



TABLE V
COMPARISON OF THE TYPES OF SCAN MATCHING

LOAM GICP Generalized LOAM (PN++)> |  Generalized LOAM (RN)’
Seq. tRTE [%] rrTe[°/m] RTE [%] rRTE [°/m] RTE [%] rRTE [°/m] RTE [%] rrTE [°/m]
F-F2  FM? F-F FM | FF FM FF FM | FF FM FF FM | FFF FM FF FM
Training dataset
01 19.46 233 321 050 | 3.16 3.18 066 055 | 292 316 063 051 | 264 291 057 045
03 24.82  4.18 1038 1.87 | 1.15 1.06 068 0.58 | 1.10 1.04 062 055 | 1.08 095 0.75 0.1
05 2195 534 992 230 | 091 090 047 045 | 084 082 041 041 | 078 076 048 037
07 1295 2.02 8.43 124 | 067 057 044 045 | 067 053 041 041 | 066 053 049 034
09 2783  7.35 939 233 | 1.15 126 046 055 | 1.10 1.15 044 050 | 097 100 036 043
Mean | 2140 424 8.26 1.65 | 1.41 140 054 052 | 1.33 134 050 048 | 1.23 123 053 042
Test dataset
00 16.87 3.51 7.73 1.48 0.98 1.11 049 0.52 1.06 1.04 048 049 098 094 052 043
02 2255 10.80 743 341 | 1.66 154 054 055 | 1.51 145 049 052 | 143 133 048 0.46
04 31.74  3.40 6.72 1.50 | 1.88 1.07 1.00 067 | 1.82 101 092 062 | 1.51 087 0.84 0.53
06 8.00 1.19 259 041 | 069 072 041 036 | 0.67 068 039 035 | 065 064 041 033
08 21.88  4.66 9.06 1.89 | 1.27 1.15 053 047 | 1.22 1.10 052 043 | 1.30 1.06 049 0.40
10 3.71 4.08 137 206 | 098 140 048 061 | 089 124 037 054 | 089 099 048 045
Mean | 1746  4.61 5.82 1.79 | 1.24 1.17 058 053 | 1.19 1.09 053 049 | 1.13 097 0.54 0.44

I'we adopt the RTE as a metric for evaluating pose estimation provided by the KITTI dataset [7]. trrg and rrrg are the translation and
rotation errors for all possible subsequences of length (100,...,800) meters.

2 F-F and F-M mean Frame-to-Frame matching and Frame-to-Model matching, respectively.

3 PN++ and RN mean PointNet++ and RandLA-Net, respectively.

All methods are implemented by ourselves, and common parameters are standardized.




