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A. Overview

In this supplementary material, we provide a detailed ex-
planations of our TrafficLoc and the proposed Carla Inter-
section dataset. Additionally, we present extended experi-
mental results on the Carla Intersection dataset and KITTI
Odometry dataset [5], showcasing the robust localization
capabilities of our TrafficLoc and offering further insights
we gathered during the development.

We begin by presenting the localization performance of
our TrafficLoc on real-world datasets in Sec. B, and then
show more experimental results and comprehensive abla-
tion studies and analysis in Sec. C. In Sec. D, we outline
the data collection process and provide visualizations of our
Carla Intersection dataset. Sec. E describes the detailed el-
ements of the Fusion Transformer in the GFF module, fol-
lowed by Sec. F with implementation details of our network
architecture and training procedure. Finally, Sec. G offers
additional visualizations of our localization results across
different datasets.

B. Evaluation on the real-world datasets

Figure 1 presents the qualitative localization result of our
TraffifLoc on a real-world intersection from the USTC
dataset [14]. Since the ground-truth pose is unavailable,
we validate localization accuracy by projecting the point
cloud onto the image plane with the predicted transforma-
tion matrix [R|t] and intrinsic parameters K. The close
alignment between the projected point cloud and the input
image demonstrates strong Sim2Real generalization capa-
bility of our approach.

We further evaluate TrafficLoc on the OpenTraffic-
Cam dataset [16], where intersection point clouds are re-
constructed using COLMAP [13] following the official
pipeline. As shown in Fig. 2 (a), our TrafficLoc maintains
reasonable localization performance. Since the OpenTraf-
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Figure 1. Localization performance of our TrafficLoc on the
USTC intersection dataset [14]. Note that the model is trained
on the synthetic Carla Intersection dataset.

Figure 2. Additional localization results and failure case visual-
izations of our TrafficLoc on the Carla Intersection dataset and
OpenTrafficCam dataset [16].

ficCam dataset does not publicly release the specific data
used in their experiments, we reconstructed one real-world
traffic intersection scene using their provided scene recon-
struction pipeline and align the scene with the real-world
scale from GPS coordinates. Due to the sparsity of the
point clouds obtained from COLMAP [13] and the result-
ing modality gap compared to real-world LiDAR data, we

1



CM FM GAL TestT 1�T 7 TestT 1�T 7hard TestT 10

RRE(�) RTE(m) RRE(�) RTE(m) RRE(�) RTE(m)

Baseline

NCL / / 1.53 0.82 3.79 1.98 7.35 7.47
ICL / / 1.27 0.74 3.72 1.87 4.09 3.26
ICL / X 0.95 0.64 3.12 1.46 3.03 2.86

ICL + DTA / / 1.01 0.62 3.23 1.65 2.99 2.80
ICL + DTA X / 0.84 0.62 3.17 1.42 2.98 2.83

Ours ICL + DTA X X 0.66 0.51 2.64 1.13 2.53 2.69

Table 1. Ablation Study on loss function and model design. We report median RRE and median RTE results on all three test splits of Carla
Intersection dataset. CM denotes Coarse Matching and FM denotes Fine Matching. “NCL” means using normal contrastive learning,
while “ICL” means using the proposed Inter-intra Contrastive Learning. “DTA” indicates using the proposed Dense Training Alignment.
“GAL” represents applying the proposed Geometry-guided Attention Loss.

further performed dense reconstruction to bridge this dis-
crepancy. The camera poses optimized during the recon-
struction process were used as the ground truth poses.

C. More Ablation Studies and Analysis
In this section, we show more experimental results and ab-
lation studies to evaluate the effectiveness of different pro-
posed components in our TrafficLoc.
Geometry-guided Attention Loss (GAL). As shown in Ta-
ble 1, the model incorporating GAL consistently outper-
forms its counterpart without GAL across all three test splits
of the Carla Intersection dataset. Notably, when evaluated
on images with unseen pitch angles from the TestT 1�T 7hard

split, TrafficLoc achieves remarkable 20.4% improvement
in RTE (see the last two rows), highlighting the robustness
of GAL to viewpoint variations.
Inter-intra Contrastive Learning (ICL). The first and sec-
ond rows of Table 1 present the ablation study results com-
paring ICL and normal contrastive learning (NCL). When
using NCL in coarse matching, the model exhibits rela-
tively high error across all three test splits, particularly on
TestT 10 which features an unseen world style. Leveraging
ICL significantly improves performance, achieving 44.3%
and 56.3% gains in RRE and RTE on TestT 10, respectively.
This enhancement brings the localization accuracy in un-
seen scenes from an unseen world style to a reasonable
level, making reliable localization feasible.
Dense Training Alignment (DTA). The second and fourth
rows of Table 1 present the ablation study results of DTA,
which facilitates global image supervision by allowing gra-
dients to back-propagate through all image patches via soft-
argmax operation. With the proposed DTA, we observe an
improvement of 26.9% and 14.1% in RRE and RTE, re-
spectively, on TestT 10.
Fine Matching (FM). The fine matching module re-
fines point-to-pixel correspondences within the point
group–image patch pairs derived from the coarse matching
results. As shown in the fourth and fifth rows of Table 1,
the fine matching module further enhances the model’s lo-

calization accuracy in seen world styles, achieving a 16.8%
improvement in RRE on the TestT 1�T 7 split.
More analysis of GAL. The ablation results for the
Geometry-guided Attention Loss (GAL) are summarized in
Table 2. We conducted experiments on the Carla Intersec-
tion dataset with GAL using different threshold parameters
and applying GAL across different layers of the Geometry-
guided Feature Fusion (GFF) module.

When the lower and upper threshold are set to the same
value (see the second and third row), the model performs
worse than not applying GAL, which highlights the im-
portance of defining a tolerant region that enables the net-
work to flexibly learn attention relationships for interme-
diate cases between the lower and upper thresholds. With
thresholds θlow, θup, dlow and dup set to 10�, 20�, 3m and
5m, our model consistently outperforms the baseline with-
out GAL across all metrics. Moreover, we observed that
applying GAL to either the first layer or all layers of the
GFF module yields worse localization results compared to
applying it only to the last layer. This is mostly because
such configurations constrain the network’s ability to cap-
ture global features during the early stages (or initial layers)
of multimodal feature fusion.
More analysis of ICL, DTA and GAL. To further ver-
ify the effectiveness of our Inter-intra Contrastive Learning
(ICL), Dense Training Alignment (DTA) and Geometry-
guided Attention Loss (GAL) in enhancing previous Image-
to-Point Cloud (I2P) registration methods, we integrated
them into the state-of-the-art CoFiI2P network [8]. We con-
ducted experiments on the KITTI Odometry dataset [5] to
assess the improvements. The experimental results shown
in Table 3 demonstrate that each module contributes posi-
tively to the improvement of localization accuracy. When
all three modules are employed together, we achieve the
best performance, with an improvement of 25.4% in RRE
and 27.6% in RTE.
Feature extraction backbone. Table 4 illustrates the re-
sults under different image and point cloud feature ex-
traction backbone. Our model performs best when using



θlow(
�) θup(

�) dlow(m) dup(m) Layer TestT 1�T 7 TestT 1�T 7hard TestT 10

RRE(�) RTE(m) RRE(�) RTE(m) RRE(�) RTE(m)

Baseline

/ / / / / 0.84 0.62 3.17 1.42 2.98 2.83
10 10 3 5 Last 1.24 0.80 3.49 1.53 6.07 7.45
10 20 3 3 Last 1.27 0.83 3.05 1.46 3.55 2.95
20 30 3 5 Last 0.91 0.59 2.71 1.27 3.05 2.78
10 20 5 7 Last 0.85 0.55 2.63 1.15 3.08 2.75
10 20 3 5 First 1.00 0.59 2.68 1.14 4.30 3.23
10 20 3 5 All 1.02 0.62 3.01 1.19 3.45 3.33

Ours 10 20 3 5 Last 0.66 0.51 2.64 1.13 2.53 2.69

Table 2. Ablation Study on Geometry-guided Attention Loss (GAL). �low and �up denote the angular threshold for image-to-point cloud
(I2P) attention, while dlow and dup represent the distance threshold for point cloud-to-image (P2I) attention. “Layer” specifies the fusion
layer within the Geometry-guided Feature Fusion (GFF) module where GAL is applied.

Base model ICL DTA GAL RRE(�) RTE(m)
CoFiI2P × × × 1.14 0.29
CoFiI2P X × × 1.11 0.26
CoFiI2P × X × 0.94 0.24
CoFiI2P × × X 1.01 0.27
CoFiI2P X X × 0.94 0.22
CoFiI2P X × X 1.04 0.25
CoFiI2P × X X 0.85 0.22
CoFiI2P X X X 0.85 0.21

Table 3. Experimental results on KITTI Odometry dataset [5]
based on current SOTA model CoFiI2P [8]. “ICL”, “DTA” and
“GAL” mean whether we add the proposed Inter-Intra Contrastive
Loss, Dense Training Alignment and Geometry-guided Attention
Loss into CoFiI2P, respectively. We report the mean RRE, mean
RTE, and RR metrics for comparison.

Img Encoder PC Encoder RRE(�) RTE(m)

Baseline

ResNet [6] PiMAE [2] 1.25 0.87
ResNet [6] PT [19] 0.85 0.58

DUSt3R [17] PiMAE [2] 1.03 0.75
DUSt3R� [17] PT [19] 0.77 0.59

Ours DUSt3R [17] PT [19] 0.66 0.51

Table 4. Ablation study on feature extraction backbone. We re-
port median RRE and median RTE results on test split TestT1−T7.
DUSt3R∗ means using frozen DUSt3R backbone during training.

DUSt3R [17] and Point Transformer [19] as backbones,
benefiting from DUSt3R’s strong generalization ability.
Even with a frozen DUSt3R, the model achieves compara-
ble performance. In contrast, when using ResNet [6] or Pi-
MAE [2], the model’s performance declines due to the lack
of attentive feature aggregation during the feature extrac-
tion stage. When utilizing PiMAE, we load the pretrained
weights of its point encoder.
Localization with unknown intrinsic parameters. Abla-
tion results of localization with predicted intrinsic param-
eters are shown in Table 5. In the absence of ground-
truth intrinsic parameters during inference, we leverage
DUSt3R [17] to predict the focal length of the images.

The camera is assumed to follow a simple pinhole camera
model, with the principle point fixed at the center of the im-
age. When using predicted intrinsic parameters instead of
ground-truth focal length, the localization accuracy shows
a significant decline. However, enabling focal length re-
finement during EPnP-RANSAC [4, 10] yields notable im-
provement on TestT 1�T 7, while maintaining similar perfor-
mance on other two test splits. This suggests that refining
predicted focal length during pose estimation is more effec-
tive when the correspondences are of higher quality.
Block number of Fusion transformer. Table 6 shows
the experimental results of using different numbers of fea-
ture fusion layers NC in Geometry-guided Feature Fusion
(GFF) module. Our model achieves the best performance
when utilizing a four-layer structure.
Input point cloud size. We conducted ablation studies to
investigate the effect of input point cloud size on the rep-
resentation learning process. The number of coarse point
groups was fixed to M = 512, as these groups were gener-
ated using Farthest Point Sampling (FPS), ensuring uniform
sampling across the point cloud. As shown in Table 7, the
localization accuracy decreases with lower point cloud den-
sities, as overly sparse point cloud lose local critical struc-
tural details. On the other hand, higher-density point clouds
place a heavy computational burden. To balance computa-
tional efficiency and accuracy, we selected an input size of
20,480 points.

D. Carla Intersection Dataset

Our proposed Carla Intersection dataset consists of 75
intersections across 8 worlds (Town01 to Town07 and
Town10) within the CARLA [3] simulation environment,
encompassing both urban and rural landscapes. Town01
to Town07 include multiple intersections for training and
testing, while Town10 contains only one intersection for
testing. Specifically, we utilize the first Intersection sce-
nario from each world (e.g. Town01 Int1, Town02 Int1,
. . . , Town07 Int1, Town10 Int1) for testing, with all re-
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