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. Prevailing scene coordinate regression methods for LiDAR localization suffer from

localization ambiguities, as distinct locations can exhibit similar geometric signatures.

. Conventional text descriptions can be subjective, inconsistent across different times, or

ambiguous for continuous observations, making text-enhanced localization challenging.
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«  We propose GTR-Loc, a novel text-assisted LiDAR localization framework. GTR-Loc
is the first work to effectively design and integrate geospatial text descriptions as
regularization to improve LiIDAR SCR, leading to promising localization performance.

*  Extensive experiments on QEOxford, Oxford, and NCLT datasets demonstrate the great
effectiveness of GTR-Loc, particularly outperforming state-of-the-art methods by
9.64%/8.04% on QEOxford.
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Figure 2: Overview of our method. GTR-Loc enhances LiDAR localization with text assistance to
regularize SCR: a Geospatial Text Generator (GTG) provides discrete pose-aware text descriptions
161G, and a LIDAR-Anchored Text Embedding Refinement (LATER) module dynamically con-
structs view-specific text embeddings Fj atgr conditioned on point features Fp. A Transformer £ is
employed to fuse multimodal features for LIDAR-text regression. Furthermore, a Modality Reduction
Distillation (MRD) strategy enables LiDAR-only inference by distilling textural regularization. 4



GTG & LATER & MRD %2025

R A

K> &
< bl
9] -
3 ®
& <
N A

& N

o 3

1923

ﬁl LiDAR point cloud }ﬁ Scene description Geospatial text description
PR : . — | . . . NNW - lrl\ll 5 ’NNE
A car 1n the driving D%str%ct I N rNE North
e o e TN T w- W CE
o oo Tt is in the front left Sleine District 3 xS / F Northeast
~ D i o wWsw* o ESE :
s T | of the ego car and FESCESSGET=—. - W, EE :
LB close to a bus. N e D.I.S'[I'IC'[ 99 ssw''''y " ssE 'NOI"[I'I-NOI‘thWGSt
DONTE , ¥ Current position 4) Current orientation
(a) (b) "District 99, West-Southwest."

. We propose a Geospatial Text Generator and a LiIDAR-Anchored Text Embedding Refinement module to
dynamically create view-specific text descriptions focused on discrete pose information, providing enhanced
disambiguation capabilities for LIDAR localization.

{vll,v;, ...,’U;l} = Transformery(Q = {vi,vs,...,vn}, K,V = Fp),
Fiater = {0y, vy, ..., v,, Wara )4
. We devise a Modality Reduction Distillation strategy to enable LiDAR-only localization during inference.
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Methods Mech. | TFs | 15-13-06-37 17-13-26-39  17-14-03-00  18-14-14-42 | Avg.[m/°]
STCLoc [48] MA 3 5.14/1.27 6.12/1.21 5.32/1.08 4.76/1.19 5.34/1.19
NIDALoc [47] MA D 3.11/1.50 5.40/1.40 3.94/1.30 4.08/1.30 4.28/1.38
DifflLoc [22] MA 3 2.03/1.04 1.78/0.79 2.05/0.83 1.56/0.83 1.86/0.87
PointLoc [41] SA 1 10.75/2.36 11.07/2.21 11.53/1.92 9.82/2.07 10.79/2.14
PosePN [46] SA 1 9.47/2.80 12.98/2.35 8.64/2.19 6.26/1.64 9.34/2.25
PosePN++ [46] SA 1 4.54/1.83 6.44/1.78 4.89/1.55 4.64/1.61 2:18/1.69
PoseMinkLoc [46] SA 1 6.77/1.84 8.84/1.84 8.08/1.69 6.56/2.06 7.56/1.86
PoseSOE [46] SA 1 4.17/1.76 6.16/1.81 5.42/1.87 4.16/1.70 4.98/1.79
HypLiLoc [40] SA 1 5.03/1.46 4.31/1.43 3.61/1.11 2.61/1.09 3.89/1.27
FlashMix [12] SA 1 2.04/1.95 1.95/1.83 2.44/2.18 2.81/2.14 2.31/2.03
SGLoc [23] SS 1 1.79/1.67 1.81/1.76 1.33/1.59 1.19/1.39 1.53/1.60
LiSA [45] SS 1 0.94/1.10 1.17/1.21 0.84/1.15 0.85/1.11 0.95/1.14
LightLoc [21] SS 1 0.82/1.12 0.85/1.07 0.81/1.11 0.82/1.16 0.83/1.12
GTR-Loc SS 1 0.77/1.02 0.77/1.01 0.67/1.01 0.80/1.07 0.75/1.03

Quantitative results on the QEOxford dataset.
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* Visual comparisons on the QEOxford dataset.




9,' NEURAL INFORMATION
',':}. PROCESSING SYSTEMS

. 2025

T h a n k S

« Homepage: https://psyz1234.github.io/
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