
TACO: Task-Aware Contrastive Learning for Joint LiDAR Localization and 3D
Object Detection

Leyuan Xing12∗ Huanjia Zhang12∗ Dongyu Pan12 Hai Wu3

Qiming Xia12 Kezheng Xiong12 Wen Li4 Chenglu Wen12† Cheng Wang12†
1Fujian Key Laboratory of Urban Intelligent Sensing and Computing, Xiamen University, China

2Key Laboratory of Multimedia Trusted Perception and Efficient Computing,
Ministry of Education of China, Xiamen University, China 3Pengcheng Laboratory, China

4School of Engineering Mathematics and Technology, University of Bristol, UK

Abstract

Reliable navigation and decision-making of autonomous
vehicles require both accurate localization and object de-
tection. Traditionally, these two tasks are handled sepa-
rately, leading to redundant computation and limited cross-
task knowledge transfer. This paper proposes TACO, the
first Task-Aware COntrastive learning framework, which
performs joint LiDAR localization and 3D object detec-
tion within a single, unified network. TACO leverages con-
trastive learning to explicitly decouple and align static ge-
ographic features for localization and object-centric fea-
tures for detection. This bidirectional mutual supervision
not only enhances localization robustness in dynamic en-
vironments by filtering dynamic noise but also boosts de-
tection accuracy via effective spatial context. Additionally,
we propose OxfoLD, the first dataset that provides multi-
traversal LiDAR localization ground truth with rich 3D ob-
ject annotations, thereby supporting task validation across
various times and weather conditions. Experimental results
demonstrate that TACO achieves state-of-the-art localiza-
tion accuracy while maintaining competitive detection per-
formance. The code and dataset will be publicly available
at: https://github.com/xmuxly/OxfoLD.

1. Introduction

Self-localization and object detection are crucial tasks

for autonomous cars [5, 13, 14] and intelligent robots

[17], enabling robust decision-making and safe naviga-

tion. Traditional self-localization systems heavily rely on

GNSS, which often underperforms in GNSS-denied en-
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Figure 1. Illustration of the task-aware interaction between detec-

tor and locator. (Top) The detector focuses on identifying and clas-

sifying movable objects, while the locator concentrates on long-

term static structures. We observe that static cues help prune false

detections, while movable cues help mitigate location uncertainty.

(Bottom) Based on this, we propose TACO, a multi-task learning

network for more effective 3D detection and LiDAR localization.

vironments, such as dense urban canyons. LiDAR pro-

vides precise 3D spatial information, which enables ac-

curate self-localization in urban scenes via retrieval-based

[50], matching-based [32] , and regression-based [51] ap-

proaches. Additionally, LiDAR is a cornerstone sensor for

detecting traffic participants, which has driven substantial

advancements in 3D object detection [44, 47, 56].

However, in traditional design pipelines, the localization
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and detection models operate within two distinct processing

flows, optimizing each task separately through task-specific

architectures and metrics. This decoupled paradigm leads

to significant computational redundancy and limits the po-

tential for cross-task knowledge transfer. Although meth-

ods such as distillation [15] or pruning [10] shrink models,

they generally sacrifice performance and fail to fully exploit

synergies between tasks at the representation level.

Recently, multi-task learning (MTL) emerges to signif-

icantly reduce memory and computation costs by perform-

ing tasks via a unified model [6, 16, 54]. However, a key

challenge persists for localization and 3D object detection:

the two tasks exhibit distinct semantic and geometric priori-

ties, leading to conflicts in feature representation. As shown

in Figure 1, the detector identifies and classifies movable
objects (e.g., vehicles and pedestrians), which requires cap-

turing local, fine-grained dynamic features; In contrast, the

locator relies primarily on static geographic objects (e.g.,

roads, buildings), demanding global, stable structural fea-

tures. This feature-level discrepancy poses a critical issue

for conventional MTL frameworks: features useful for one

task may introduce noise for another. As a result, naive

feature sharing without addressing such task-specific con-

flicts will lead to poor performance, especially in real-world

environments where static and movable elements co-exist

densely. Unlike conventional MTL frameworks [22, 36],

which use one or more auxiliary tasks to support the main

task through feature sharing, we aim to decouple conflict-

ing representations and refine task-aware features to miti-

gate mutual interference.

To this end, we introduce a novel Task-Aware Con-

trastive Learning framework (TACO), which is the first uni-

fied network for LiDAR localization and 3D object detec-

tion tasks. TACO decouples static and movable feature

representations through contrastive learning, enabling an

intrinsic synergy between the two tasks (Figure 1). As

shown in Figure 4, TACO consists of two key stages: TAFE
(Task-Agnostic Feature Extraction) and TFCL (Task-aware

Feature Contrastive Learning). (1) In the TAFE stage, a

3D shared backbone extracts point cloud features, min-

imizing computational overhead through parameter shar-

ing. (2) In the TFCL stage, three complementary modules

are designed to refine and decouple task-specific features:

the Inter-Task Contrastive Learning module (ITCL), the

Intra-Detection Contrastive Learning module (IDCL), and

the Intra-Localization Contrastive Learning module (ILCL).

ITCL enables bidirectional interaction of task-specific fea-

tures, allowing the detector’s movable cues to guide the lo-

cator. Concurrently, the static geographic cues of the locator

reinforce the detector. IDCL aggregates object features of

the same category across dynamic and static motion states,

and separates features of distinct categories via contrastive

loss, thereby improving 3D detection performance. ILCL

extracts geographic-discriminative features and suppresses

pseudo-geographic noise from stationary objects, enhanc-

ing LiDAR localization accuracy.

However, existing localization approaches may require

multi-traversal data, making existing datasets insufficient

for training and evaluating such a joint framework. LiDAR

localization benchmarks such as Oxford [1] and NCLT [27]

provide multi-traversal LiDAR sequences under varying

conditions; however, they lack 3D object annotations. Con-

versely, detection datasets such as KITTI [12] and Waymo

[37] provide rich 3D bounding boxes but do not include re-

peated traversals necessary for evaluating localization ro-

bustness across time and weather conditions. This gap lim-

its progress in joint detection and localization research. To

address this, we introduce the OxfoLD dataset, which is

based on the Oxford localization dataset [1] by providing

rich detection bounding boxes. Extensive experiments con-

ducted on the OxfoLD dataset evaluate the proposed TACO.

The contributions of this paper are as follows:

• We propose a unified Task-Aware contrastive learning

framework (TACO) that jointly enhances the LiDAR lo-

calization and 3D object detection tasks through con-

trastive learning.

• We propose three contrastive modules: inter-task con-

trastive learning (ITCL) to decouple task-specific fea-

tures, intra-localization contrastive learning (ILCL) to

reinforce localization-discriminative representations, and

intra-detection contrastive learning (IDCL) to enhance

detection-oriented features.

• We introduce OxfoLD, the first dataset that provides both

rich object 3D bounding boxes and multi-traversal local-

ization sequences, supporting the validation of localiza-

tion and detection tasks across time and weather con-

ditions. Extensive experiments on OxfoLD show that

TACO greatly improves over the SOTA localization meth-

ods while achieving competitive detection performance.

2. Related work

LiDAR-based localization. LiDAR-based localization

aims to estimate the 6-DoF pose from LiDAR point

clouds. Traditional LiDAR-based localization methods can

be broadly separated into retrieval-based [40, 49, 50] or

matching-based [31, 32, 38] approaches. However, these

methods require prestored maps, which are time-consuming

and labor-intensive [51]. Recently, regression-based meth-

ods train CNN models to estimate the 6-DoF pose through

Absolute Pose Regression (APR) [3, 20, 33] or Scene Co-

ordinate Regression (SCR) [2, 19, 21, 51]. Both APR and

SCR operate under the static scene assumption. However,

this assumption is unreliable in dynamic real-world scenar-

ios, where moving objects often corrupt static scene struc-

tures and introduce noise. This inspires us to explore the
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intrinsic synergy between static scene structures and mov-

able objects to further improve model performance.

LiDAR-based 3D object detection. 3D object detection

has garnered significant attention, with mainstream ap-

proaches categorized as center-based [26, 29, 46, 53] or

anchor-based [8, 34, 35, 45]. The former are predominant

in major detection benchmarks and are widely adopted for

their efficiency. Our TACO adopts the center-based 3D de-

tection heads, which are attached to its 2D branch. How-

ever, the traditional localization and detection tasks are usu-

ally executed separately, creating a gap in the task out-

puts and limiting the potential to improve overall accuracy

through bidirectional constraints.

Multi-task Network. Multi-task learning aims to unify

multiple tasks into a single network and train them simulta-

neously in an end-to-end fashion. MultiNet [39] is a sem-

inal work in image-based multi-task learning that unifies

street classification, vehicle detection and road segmenta-

tion within a single network. LidarMTL [11] proposes a

multi-task network for LiDAR-based joint object detection

and semantic segmentation. LidarMultiNet [52] unifies ob-

ject detection, road area classification, and street recogni-

tion within a single network. Unlike prior multi-task net-

works that jointly handle similar tasks, our work focuses on

the inherently conflicting tasks of LiDAR localization and

3D object detection.

3. OxfoLD Dataset

Dataset Overview. Oxford RobotCar [1] is a widely-

used multi-traversal LiDAR localization dataset. We ex-

tend it to OxfoLD with dense, per-frame 3D bounding

box annotations for movable objects, enabling the training

and evaluation of multitask frameworks such as TACO.Our

data splits for OxfoLD adhere to well-established proto-

cols [19, 20, 41, 51, 55] where four traversals are used for

training and four routes for testing. We engaged a profes-

sional annotation team to label 315k frames with box anno-

tations across eight traversals. As quantified in Table 1, Ox-

foLD surpasses existing public datasets in annotation quan-

tity (315k vs. WOD’s 230k). Figure 2 illustrates the bal-

anced scene distribution and class statistics, confirming its

suitability for autonomous driving research. The distribu-

tion of the scenes in the training and testing sets is presented

in Figure 2(b). The distribution of the objects’ numbers for

different categories in the training set is presented in Fig-

ure 2(a). The distribution of the objects’ numbers for differ-

ent categories in the testing set is presented in Figure 2(c).

Annotation Format. To facilitate 3D object annotation,

we employed SUSTechPOINTS, an open-source tool that

supports multi-sensor data annotation. We provide 3D an-

notations for the primary movable objects in urban environ-

ments: Vehicles, Pedestrians, and Cyclists. Each object was

labeled with a 7-DoF 3D bounding box (x, y, z, l, w, h, θ),
where [x, y, z] represents the center coordinates, [l, w, h]
denotes length, width, and height, and θ represents the an-

gle of yaw. Figure 3 illustrates an example of an annotated

scene. Note that instances with the same color correspond

to the same category.

Labeling Process. To ensure labeling quality, all LiDAR

and camera ground truth labels are manually annotated by

experienced human annotators. We have then conducted la-

bel verification across traversals. The annotation process is

organized by dividing each point cloud sequence into seg-

ments of 3k scenes, with the most complex scenes requiring

an average of 30 hours of annotation per segment. Overall,

the dataset consists of 105 segments, totaling over 1,300

hours of annotation time, with an additional 20-40 minutes

per segment dedicated to verification and correction. In to-

tal, more than 1,600 hours have been invested to ensure the

high quality annotations of the dataset. To verify the uni-

versality of the OxfoLD dataset, we conduct experiments

using three pre-trained models. Table 2 presents the detec-

tion results using the model pre-trained on WOD. We also

provide the bounding box IoU agreement evaluation in the

supplementary material, confirming the high reliability and

low inter-annotator variance of the dataset.

4. Method
Problem Statement. For a large-scale outdoor scene, we

denote the LiDAR point cloud as P = {pi}Ni=1, where

pi ∈ R
3 denotes a 3D point in the local coordinate frame.

The multi-task model TACO extracts deep features F from

P , written as F = f(P). The objective of the TACO

framework is to perform joint 3D object detection and

LiDAR-based localization tasks: (1) Detection: regress-

ing the 3D bounding boxes B = {bj}j , where bj =
(xj , yj , zj , lj , wj , hj , θj) ∈ R

7 represents position, width,

length, height and azimuth angle, respectively; (2) Local-
ization: estimating the 6-DoF ego-pose p of the vehicle

with respect to a global map by predicting world-aligned

coordinates and refining the pose through RANSAC for ro-

bust estimation.

Overview. As shown in Figure 4, our method consists of

two stages: (1) Task-Agnostic Feature Extraction (TAFE)

and (2) Task-Aware Feature Contrastive Learning (TFCL).

To reduce computational redundancy, TAFE adopts the 3D

backbone of LiSA [51] to extract global context features

from point clouds, avoiding the redundant voxelization pro-

cess and minimizing computational overhead through pa-

rameter sharing. TFCL further optimizes and refines these

features through task-specific contrastive learning.

Inter-task Contrastive Learning Module (ITCL). To mit-

igate cross-task interference between localization and de-
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Dataset Type Multi-Traversal Total Distance 3D Annotations Label All Traversal Annotation Frames Night/Rain

KITTI [12] City × 39.2km � × 15k No/No

nuScenes [4] City × 242km � × 40k Yes/Yes

WOD [37] City × – � × 230k Yes/Yes

ONCE [24] City × 210km � × 16k Yes/Yes

vReLoc [42] Indoor × 272m × × × No/No

Oxford [1] City � 280km × × × Yes/Yes

NCLT [27] Campus � 147.4km × × × Yes/No

Ithaca365 [9] Outdoor � 600km � × 7k Yes/Yes

OxfoLD (Ours) City � 80km � � 315k Yes/Yes

Table 1. Comparison of different datasets. Our proposed OxfoLD not only contains multi-traversal scanning data but also includes 3D

annotations for every frame, enabling the large-scale joint training of LiDAR localization and 3D object detection tasks.

Car
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Pedestrian 
250k

Cyclist 77k

Car 
410kPedestrian 

324k

Cyclist 87k

Train (Total 
738k Frames)

Distribution of the label types
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Distribution of the label 
types in test set

Test (Total 
822k Frames)

(a) (b) (c)
Distribution of the trajectories

Figure 2. The scene and annotation details. (a) presents the distribution of the objects’ numbers for different categories in the training set.

(b) presents the distribution of the scenes. (c) presents the distribution of objects’ numbers for different categories in the testing set.

Vehicle Pedestrian Cyclist

Figure 3. Example of 3D object detection bounding boxes.

Pre-trained
Vehicle Pedestrian Cyclist

AP APH AP APH AP APH

CenterPoint [53] 51.93% 48.32% 20.39% 11.58% 37.32% 32.94%

VoxelRCNN [8] 55.53% 51.53% 22.26% 12.51% 38.44% 33.86%

CasA [43] 57.04% 52.91% 22.15% 12.49% 40.26% 35.21%

Table 2. Detection results of the models pre-trained on WOD [37].

tection, the proposed ITCL module explicitly decouples

localization-specific geometric features from detection-

specific object features. This decoupling ensures that the

localization task focuses on geographic structures while

avoiding interference from movable objects, and the detec-

tion task avoids learning unwanted correlations with static

features (e.g., confusing curbs with vehicles). We define the

static geometric features as Gg = {f(i, j)g|i = 1, ..., w, j =
1, ..., h} and the features of the moving objects as Mo =
{f(i, j)o|i = 1, ..., w, j = 1, ..., h}, where w × h repre-

sents the size of the BEV output for the localization and

detection heads.

We first rank Gg according to their L2 norms and select

the top-N most prominent features as Fg = {fn
g }. Then,

we extract object features Fo = {fm
o } from Mo using

prior knowledge derived from the ground truth of the ob-

jects. Next, we calculate the cosine similarity between each

pair of fn
g and fm

o . To enforce decoupling, we minimize

LITCL, which encourages low similarity between static ge-

ometric features and movable object features. The ITCL

loss function is defined as:

LITCL =
1

B

B∑

b=1

∑N
n=1

∑M
m=1 sim(fn

g , f
m
o )

N ·M , (1)

where B is the batch size, sim(fn
g , f

m
o ) is the cosine simi-

larity between fn
g ∈ Fg and fm

o ∈ Fo. N and M denote the

number of static geometric and movable object features in

the b-th sample of the batch B, respectively.

Intra-Detection Contrastive Learning Module (IDCL).
To address intra-task interference within the detection task,

the proposed IDCL module introduces contrastive learning

between dynamic (e.g., moving vehicles) and static (e.g.,
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(2) Task-oriented Feature Contrastive Learning Stage (TFCL)
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Figure 4. Framework of the proposed TACO method. (1) In the task-agnostic feature extraction stage, we employ a shared 3D backbone

to extract context features from LiDAR point clouds, which are simultaneously used for both localization and detection tasks to reduce

redundant computation. (2) In the task-aware feature contrastive learning stage (TFCL), we introduce three submodules to explicitly

disentangle and align task-specific features.

parked vehicles) object features. Dynamic objects are de-

fined as moving targets with a speed of v > 0.5m/s
(calculated based on LiDAR point cloud frame matching),

while static objects are defined as targets with a speed of

v ≤ 0.5m/s.

Depending on the motion state of the objects, we fur-

ther distinguish the object features Fo into dynamic object

features Fdo and static features Fso. Furthermore, we parti-

tion the dynamic object features Fdo into same-category dy-

namic features Sdo and different-category dynamic features

Ddo. And we partition the static object features Fso into

same-category static features Sso and different-category

static features Dso. The intra-detection loss effectively pulls

the features of same-category dynamic and static objects

closer, while separating the features of different-category

objects. Then, we define positive and negative sets. For

each dynamic object feature f i
do ∈ Fdo, its positive samples

are siso ∈ Sso and its negative samples are diso ∈ Dso. For

each static object feature f i
so ∈ Fso, its positive samples are

sido ∈ Sdo and its negative samples are dido ∈ Ddo.

The intra-detection loss enforces alignment between dy-

namic and static objects of the same category while separat-

ing those of different categories. It consists of two symmet-

ric components:

(1) Dynamic-to-Static Contrastive Loss. For each dy-

namic object feature fdo, the loss pulls its feature toward

positive static features of the same class and pushes it away

from negative static features:

Lds = − log

∑
siso∈Sso

exp
(
sim(fdo, s

i
so)/τ

)
∑

f∈Fso
exp (sim(fdo, f)/τ)

, (2)

where τ is a temperature hyper-parameter that controls the

concentration level of the feature distribution.

(2) Static-to-Dynamic Contrastive Loss. For each static

object feature fso, the loss pulls its feature toward positive

dynamic features of the same class:

Lsd = − log

∑
sido∈Sdo

exp
(
sim(fso, s

i
do)/τ

)
∑

f∈Fdo
exp (sim(fso, f)/τ)

, (3)

The total loss is the average of the two components over

all dynamic and static objects:

LIDCL =
1

B

B∑

b=1

[
1

Q

Q∑

q=1

Lds +
1

R

R∑

r=1

Lsd], (4)

where B is the batch size, Q and R denote the number of

dynamic and static objects in the b-th sample, respectively.

Intra-Localization Contrastive Learning Module
(ILCL). To further enhance the robustness of the local-

ization features, the proposed ILCL module introduces

contrastive learning within the localization task itself. We

define the geographic features Fg = {fn
g }, representing

the stable long-term geographic features that form the
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foundation of robust localization. Then, we define the

pseudo-geographic features Fpg = {fn
pg}, which are

erroneously activated by static objects that are visually

similar to geographic structures but are inherently movable.

ILCL module explicitly disentangles the feature space of

the localization head by contrasting the geographic features

Fg and the pseudo-geographic features Fpg . By doing

so, it ensures that the localization model focuses on stable

geographic structures while avoiding interference from

temporarily static objects.

Given the localization feature map Fg = {f(i, j)g|i =
1, 2, ..., w, j = 1, 2, ..., h}, where w × h represents the size

of the BEV output for the localization head, we first extract

geometric features corresponding to ground-truth bound-

ing boxes of static objects as Fpg = {f i
pg}. Then, we ex-

tract pseudo-geometric features corresponding to static en-

vironmental elements by ranking Fg according to their L2

norm and selecting the top-K most prominent features as

Fgeo = {f i
geo}. The ILCL module minimizes cosine sim-

ilarity sij between all pairs of geometric f i
geo and pseudo-

geometric object f j
pg features. The total intra-localization

contrastive loss is defined as:

LILCL =
1

B

B∑

b=1

[
1

UV

U∑

i=1

V∑

j=1

sbij ], (5)

where B is the batch size, U and V denote the number

of geographic and pseudo-geographic features in the b-th
sample of the batch, respectively.

Training Losses. To effectively train the proposed TACO

framework, we combine multiple loss functions to optimize

both 3D object detection and LiDAR-based localization

tasks. The overall training loss L is defined as a weighted

sum of individual losses from each task:

L = λ1Ldet + λ2Lloc + λ3LITCL + λ4LILCL + λ5LIDCL, (6)

where Ldet,Lloc,LITCL,LILCL,LIDCL represent the detection

loss, localization loss, inter-task loss, intra-detection loss,

and intra-localization loss, respectively. λ1, λ2, λ3, λ4, λ5

denote the corresponding hyper-parameters that balance the

contributions of each loss term.

5. Experiments
5.1. Experimental Settings

Dataset and Metrics. We conducted extensive experiments

on the proposed OxfoLD dataset. For localization evalua-

tion, following prior works [21, 51], we report the mean

position error (m) and mean orientation error (°). For 3D

object detection, we adopt the standard mean Average Pre-

cision (mAP) metric with an IoU threshold, following com-

mon practice in the literature [48].

To evaluate TACO’s generalizability, we further vali-

date it using the nuScenes [4] and KITTI-360 [23] datasets.

However, both datasets consist of non-overlapping trajecto-

ries, making them unsuitable for evaluating relocalization

performance [21, 51]. To overcome this limitation, we con-

struct pseudo-relocalization pairs for nuScenes using 7k a

5-frame sliding window, where the first four frames are used

as training references and the last frame serves as the query

for testing. For KITTI-360, similarly to [30], we select 7k

training frames and choose evaluation frames from the re-

visited scenarios, requiring each to be within 5 meters of

any training frame and at least 30 seconds apart in time.

Implementation Details. All experiments are conducted

on a server equipped with an Intel® Xeon® Silver 4314

CPU, 256 GB of RAM, and 4 NVIDIA RTX 3090 GPUs.

TACO is implemented with Pytorch [28] and Spconv [7].

For experiments on OxfoLD datasets, we use the Adam op-

timizer with an initial learning rate of 0.01 and a weight de-

cay of 10−4. The batch size is set to 100, and the model

is trained for 100 epochs. The grid range is defined as

[−60m, 60m] along the x-axis, [−60m, 60m] along the y-

axis, and [−2m, 6m] along the z-axis. The voxel size is set

to [0.2m, 0.2m, 0.2m] along the x, y, and z axes, respec-

tively. Further details can be found in the supplementary.

5.2. OxfoLD dataset Results

LiDAR Localization Evaluation. To demonstrate that

TACO outperforms single-task models in global localiza-

tion, we compare it with state-of-the-art methods on the Ox-

foLD dataset. TACO is jointly trained on LiDAR localiza-

tion and 3D object detection, allowing it to learn learning

more consistent spatial features. As shown in Table 3, our

TACO achieves the lowest position error (0.72 m) and orien-

tation error (0.85°), improving over the baseline LiSA [51]

by 24.21% and 25.44%, respectively. These results indicate

that multi-task feature learning enhances scene representa-

tion quality, leading to more accurate global localization.

3D Object Detection Evaluation. We also evaluate the

3D detection performance of TACO on the OxfoLDdataset.

The model is jointly trained for 3D object detection and

LiDAR localization, which encourages focusing on ob-

ject foreground points. As shown in Table 4, TACO sur-

passes the CenterPoint baseline [53] by 28.77% for vehi-

cles, 7.24% for pedestrians, and 8.76% for cyclists in mAP,

demonstrating that joint localization constraints further im-

prove detection robustness.

Effect of the Joint Multi-task Training. Table 5 presents

an ablation study comparing the results of the jointly-

trained model with those of the independently-trained mod-

els. We remove the localization head from the jointly-

trained model to form the detection-only model, and remove

the detection head to form the localization-only model.

Compared to single-task models, the jointly-trained model

performs better in both detection and localization tasks. In
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Methods Reference 15-13-06-37 17-13-26-39 17-14-03-00 18-14-14-42 Average
A

P
R

PointLoc IEEE Sensors 2022 10.75m, 2.36◦ 11.07m, 2.21◦ 11.53m, 1.92◦ 9.82m, 2.07◦ 10.79m, 2.14◦
PosePN PR 2022 9.47m, 2.80◦ 12.98m, 2.35◦ 8.64m, 2.19◦ 6.26m, 1.64◦ 9.34m, 2.25◦

PosePN++ PR 2022 4.54m, 1.83◦ 6.44m, 1.78◦ 4.89m, 1.55◦ 4.64m, 1.61◦ 5.13m, 1.69◦
PoseMinkLoc PR 2022 6.77m, 1.84◦ 8.84m, 1.84◦ 8.08m, 1.69◦ 6.56m, 2.06◦ 7.56m, 1.86◦

PoseSOE PR 2022 4.17m, 1.76◦ 6.16m, 1.81◦ 5.42m, 1.87◦ 4.16m, 1.70◦ 4.98m, 1.79◦
STCLoc TITS2022 5.14m, 1.27◦ 6.12m, 1.21◦ 5.32m, 1.08◦ 4.76m, 1.19◦ 5.34m, 1.19◦

NIDALoc TITS2023 3.71m, 1.50◦ 5.40m, 1.40◦ 3.94m, 1.30◦ 4.08m, 1.30◦ 4.28m, 1.38◦
HypLiLoc CVPR 2023 5.03m, 1.46◦ 4.31m, 1.43◦ 3.61m, 1.11◦ 2.61m, 1.09◦ 3.89m, 1.27◦
DiffLoc CVPR 2024 2.03m, 1.04◦ 1.78m, 0.79◦ 2.05m, 0.83◦ 1.56m, 0.83◦ 1.86m, 0.87◦

S
C

R

SGLoc CVPR 2023 1.79m, 1.67◦ 1.81m, 1.76◦ 1.33m, 1.59◦ 1.19m, 1.39◦ 1.53m, 1.60◦
LiSA CVPR 2024 0.94m, 1.10◦ 1.17m, 1.21◦ 0.84m, 1.15◦ 0.85m, 1.11◦ 0.95m, 1.14◦

LightLoc CVPR 2025 0.82m, 1.12◦ 0.85m, 1.07◦ 0.81m, 1.11◦ 0.82m, 1.16◦ 0.83m, 1.12◦
TACO (Ours) – 0.80m, 0.89◦ 0.75m, 0.83◦ 0.64m, 0.83◦ 0.71m, 0.88◦ 0.72m, 0.85◦

Table 3. Single-model global localization performance comparisons on OxfoLD test set. Mean position error (m) and mean orientation

error (◦) for representative methods are reported. Best performance is highlighted in bold, lower is better. TACO outperforms all baseline

methods in terms of both position and orientation accuracy.
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Figure 5. Visualization comparison of different localization results. The ground truth and prediction are black and red lines, respectively.

Each subplot displays the predicted discrete points. The star denotes the first frame. Each sub-figure shows noticeable outliers, which

renders its results unreliable in these regions. The caption of each subfigure shows the mean position error (m) and orientation error (°).

Methods Reference
Vehicle

AP@0.5

Pedestrian

AP@0.3

Cyclist

AP@0.3

Pointnet CVPR 2017 55.63% 44.56% 49.53%

SECOND Sensor 2018 63.12% 50.66% 54.39%

Centerpoint CVPR 2021 63.37% 48.79% 52.83%

PillarneXt CVPR 2023 72.54% 51.83% 55.99%

FSHNet CVPR 2025 78.31% 50.22% 58.21%

TACO (Ours) – 81.60% 52.32% 57.46%

Table 4. Comparison with previous detection methods on OxfoLD

test set.

(1) PillarneXt

1.1 2.1

2.21.2

(2) TACO (Ours)

Figure 6. Visualization comparison of different detection results.

Blue/red boxes are ground truth/predicted results.

addition, by sharing part of the network among the tasks, the

jointly-trained model is more efficient than directly combin-

ing the independent single-task models.

Multi-Task Architectures Comparison. To validate the

effectiveness of the TACO framework, we conducted com-

Models Localization Error
Vehicle

AP @0.5

Pedestrian

AP @0.3

Cyclist

AP @0.3

Detection-only - 60.01% 43.64% 47.80%

Localization-only 0.95m,1.14° - - -

Joint Training 0.72m,0.85° 81.60% 52.32% 57.46%

Table 5. Comparison of the TACO results of the jointly trained

model and independently trained single-task models.

Methods Localization Error
Vehicle Pedestrian Cyclist

AP@0.5 AP@0.3 AP@0.3

Cross-stitch [25] 1.97m, 2.01° 55.23% 40.88% 43.16%

LiDARFormer [57] 0.89m, 1.06° 72.54% 47.21% 51.00%

TACO(Ours) 0.72m, 0.85° 81.60% 52.32% 57.46%

Table 6. Comparison of different MLT methods and TACO vari-

ants on localization and detection tasks using the OxfoLD dataset.

ID DET ITCL IDCL ILCL Localization Error
Vehicle
AP@0.5

1 0.95m, 1.14° –
2 � 0.89m, 1.06° 72.54%
3 � � 0.82m, 0.99° 75.32%
4 � � 0.85m, 0.93° 77.45%
5 � � 0.76m, 0.89° 76.21%
6 � � � � 0.72m, 0.85° 81.60%

Table 7. Ablation studies for the localization and vehicle 3D de-

tection performance of TACO on the OxfoLD test set.

parative experiments between TACO and two previous

multi-task learning architectures, Cross-stitch [25] and Li-

DARFormer [57], for joint detection and localization tasks.
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Trajectories LiSA [51] TACO (Ours)
1 6.42m, 4.21° 4.32m, 3.77°
2 3.97m, 2.87° 2.68m, 2.19°
3 1.46m, 1.66° 1.08m, 1.37°
4 0.95m, 1.14° 0.72m, 0.85°

Table 8. The impact of training with different number of scan-

ning trajectories on localization performance for LiSA and TACO,

tested on sequence 15-13-06-37.

As shown in Table 6, our TACO achieves significant im-

provements in localization metrics compared to LiDAR-

Former (0.72m/0.85° vs. 0.89m/1.06°), while also obtain-

ing optimal performance across all three categories in de-

tection metrics. We attribute this improvement to TACO’s

task-aware contrastive learning mechanism, which enables

cross-task feature disentanglement while maintaining pa-

rameter efficiency, outperforming LiDARFormer that solely

relies on shared backbone and task-specific heads.

Ablation Studies. We conduct ablation experiments on

TACO’s components to validate their impact on LiDAR lo-

calization and 3D object detection. Results on OxfoLD

test set are presented in Table 7. Specifically, (1) Base-

line: LiSA [51], a pure LiDAR localization method via

SCR, serves as the baseline with position/orientation er-

rors of 0.95 m and 1.14°. (2) With DET: Integrating the

Center-based detector head [53] (DET) reduces the posi-

tion/orientation error to 0.89 m/1.06° and achieves 72.54%

vehicle AP, demonstrating that detection provides implicit

spatial cues that benefit localization. (3) DET + ITCL:

Adding ITCL further reduces the error to 0.82m/0.99° and

improves the vehicle AP to 75.32%, validating its effec-

tiveness in decoupling task-specific features. (4) DET +

IDCL: IDCL enhances detection to 77.45% AP by re-

fining motion state-aware features. (5) DET + ILCL:

ILCL boosts geographic feature disentanglement, achieving

0.76m/0.89° localization error and 76.21% detection AP. (6)

Fully integrated: TACO reduces position/orientation error

by 24.21%/25.43%, respectively, over the baseline, achiev-

ing 81.60% vehicle average precision.

Impact of Training Trajectory Quantity. To evaluate the

effect of training trajectory quantity, we compare LiSA and

TACO on the OxfoLD dataset. As shown in Table 8, both

methods improve as more trajectories are used. Impor-

tantly, TACO consistently outperforms LiSA: with a single

trajectory, it reduces position and orientation errors from

5.12m/4.21° (LiSA) to 4.23m/3.77°, and with four trajecto-

ries, it further improves to 0.72m/0.85°, compared to LiSA’s

0.95m/1.14°. These results demonstrate that TACO pro-

vides stable and superior localization performance across

different training conditions.

Visualization Analysis. We visualize the predicted tra-

jectories and detection results for sequence 17-14-03-00 in

Figure 5. TACO produces smoother, more accurate trajec-

tories with fewer outliers compared to [19, 41, 51], indicat-

Methods Localization Error
Vehicle Pedestrian Cyclist

AP@0.5 AP@0.3 AP@0.3

Cross-stitch [25] 2.11m, 2.67° 60.10% 42.54% 47.03%

LiDARFormer [57] 1.01m, 1.14° 83.81% 86.20% 50.32%

TACO (Ours) 0.92m, 0.86° 85.72% 86.93% 52.30%

Table 9. Comparison of different MLT methods and TACO vari-

ants on two tasks using the nuScenes[4] dataset.

ing that TACO effectively handles dynamic elements while

preserving trajectory accuracy. Figure 6 further compares

the detection results, where PillarNeXt [18] frequently mis-

classifies static structures. Thanks to the task-aware mutual

learning design, TACO accurately detects pedestrians and

suppresses false positives from background clutter.

Methods
Seq. 00 (7k/647) Seq. 09 (7k/2534)

Loc. Error Veh. AP@0.5 Loc. Error Veh. AP@0.5

LiDARFormer [57] 2.03m, 1.89° 50.21% 1.84m, 1.77° 53.21%
TACO (Ours) 1.94m, 1.68° 51.58% 1.79m, 1.67° 53.47%

Table 10. Comparison of different MLT methods and TACO vari-

ants on two tasks using the KITTI-360 [23] dataset.

5.3. nuScenes and KITTI-360 Datasets Results
As described in Sec. 5.1, we evaluate TACO’s generaliza-

tion on nuScenes dataset [4] and KITTI-360 dataset [23].

Table 9 reports the nuScenes results: TACO attains

0.92m/0.82° in localization and 85.72%/86.93%/52.3% in

detection, outperforming LiDARFormer by 8.91%/24.56%,

2.27%/0.84%/3.93%. Table 10 presents the KITTI-360 re-

sults: Following [23], only Vehicle AP is reported. Com-

pared with LiDARFormer, our improvements remain signif-

icant. Specifically, we achieve 1.79m/1.67°/53.47% in po-

sition accuracy, orientation and vehicle detection accuracy

on seq.09. These experiments demonstrate our method’s

strong generalization across different datasets.

6. Conclusion
In this work, we propose a novel Task-Aware Contrastive

Learning framework named TACO. To validate our method,

we propose the OxfoLD, the first dataset that supports both

LiDAR-based localization and 3D object detection tasks si-

multaneously. We establish a benchmark on the OxfoLD

dataset by integrating the 3D object detection pipeline into

classic LiDAR-based localization methods. Moreover, we

propose sub-modules named ITCL, ILCL, and IDCL to en-

hance the performance of both tasks. In summary, OxfoLD

and our exploration pave the way for the advancement of

LiDAR-based localization and 3D object detection.

Limitations. A limitation of our research is the reliance

on multi-traversal LiDAR scan data with rich 3D bounding

boxes. Future work could explore unified perception using

less labeled information or data from a single traversal scan.
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