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Abstract

Language-based localization is a crucial task in robotics and
computer vision, enabling robots to understand spatial posi-
tions through language. Recent methods rely on contrastive
learning to establish correspondences between global fea-
tures of texts and point clouds. However, the inherent am-
biguity of textual descriptions makes it difficult to convey ge-
ometric information accurately, forcing alignment of them in
the feature space may compromise the expressiveness of the
point clouds. Unlike previous methods, this paper proposes
using language as a filter to distinguish dissimilar locations.
To this end, we propose a robust framework of multi-level
negative contrastive learning for language-based localization,
fully leveraging the descriptive power of language for spatial
localization. Our method learns multiple mismatched factors
by minimizing the similarity of different locations at differ-
ent levels, including global-level, instance-level and relation-
level, respectively. Extensive experiments conducted on the
KITTI360Pose benchmark demonstrate that our method out-
performs better that the state-of-the-art methods. Specifically,
we achieve a 56.3% improvement in Top-1 retrieval recall
and a 45.9% improvement in 5m localization recall.

Code — https://github.com/dqliua/MNCL

Introduction
LiDAR localization aims to estimate the position of a Li-
DAR point cloud in a global map, which is a crucial compo-
nent of many applications in computer vision and robotics.
e.g., autonomous driving and virtual reality.

Retrieval-based methods (Wang et al. 2024; Luo et al.
2023; Xia et al. 2023; Komorowski 2021; Kong et al. 2024;
Xia et al. 2021) address this task as a place recognition
problem, aiming to identify locations by comparing LiDAR
point clouds to stored references in a database. While these
methods have achieved satisfactory performance, they re-
quire physically reaching the query location. In contrast,
language-based LiDAR localization does not face this limi-
tation. By describing the environmental information through
natural language, the model can identify its position. This
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west of a gray wall,

Please pick me.

Figure 1: The key observation. City-scale point clouds are
typically sparse, resulting in significant repetition of in-
stances, such as the green tree. Moreover, text is inherently
ambiguous, while point clouds provide precise geometric in-
formation, resulting in informational discrepancies.

allows robots to understand locations through human lan-
guage. Developing this technology will benefit human-robot
collaboration, fostering applications such as autonomous de-
livery vehicles and language-guided navigation. However, to
date, only a few methods for natural language-based local-
ization have been developed. Text2Pos (Kolmet et al. 2022)
is the pioneering work that aligns textual descriptions with
point clouds in a coarse-to-fine manner. In the first stage,
the goal is to retrieve its Top-k submaps that are likely to
contain the described position, while in the later stage, the
location is refined through matching. Text2Pos achieves the
two objectives within a single step, without considering in-
stances (hints) association. In response, RET (Wang, Fan,
and Kankanhalli 2023) first designed a relation enhanced
transformer to implicitly learn relations and then proposed a
cascaded matching and refinement strategy to reduce noise
generated in the matching process, thereby improving per-
formance. Recently, Text2Loc (Xia et al. 2024) introduced
the language model T5 (Raffel et al. 2020) to enhance text
descriptions, incorporating contrastive learning to achieve
optimal performance in a matching-free manner.

We highlight the significant contributions of the afore-
mentioned works, but practical implementation still has a
long way to go. As illustrated in Figure 1, on one hand, city-
scale point clouds are often sparse and may contain many
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repeated instances. On the other hand, language descriptions
tend to be vague. These issues make it challenging to achieve
high localization performance using language.

Existing methods treat language and point clouds equally,
aligning them in the feature space. This is nonideal for
the task of localization. While point clouds contain precise
scene geometry, language is inherently ambiguous. Align-
ing them through contrastive learning may diminish the rep-
resentational power of the point clouds. Additionally, these
methods typically use pooled features to represent the entire
scene, resulting in information loss.

To tackle this issue, we propose a novel language-based
localization method. Our method is built upon two key in-
sights: (1) while language may not distinguish highly simi-
lar places, it can indicate where the target is not. For exam-
ple, if the user say "I am standing by a river",
locations without a river can be excluded. (2) scenes con-
tain rich localization cues, including landmarks and geo-
metric relationships. Based on these insights, we propose
using language as a filtering mechanism instead of direct
feature alignment. Specifically, we design modality-specific
scene graphs for text and point clouds, where instances
are represented as node sets and their relationships as edge
sets. This design allows the network to effectively leverage
multi-granular information, thereby enhancing the speci-
ficity of scene representation. We then introduce Multi-level
Negative Contrastive Learning (MNCL), which minimizes
the similarity between different locations at multiple lev-
els, including global-level, instance-level and relation-level
respectively. Notably, our method alleviates the impact of
scene conflicts and textual ambiguity, leading to improved
localization accuracy. In summary, the main contributions
of this work include:
• We propose a novel multi-level negative contrastive

learning framework for language-based localization, us-
ing language as a filter to enhance its boundary-aware
capabilities for place recognition. Experiments show ex-
cellent scalability.

• Extensive experiments on the KITTI360Pose benchmark
demonstrate that our method outperforms the state-of-
the-art methods. Specifically, we achieve a 56.3% im-
provement in Top-1 retrieval recall and a 45.9% improve-
ment in 5m localization recall.

Related Work
LiDAR Localization. The task most relevant to our prob-
lem is LiDAR-based localization (Li et al. 2023; Yang et al.
2024). Compared to camera, LiDAR is robust to lighting
and weather conditions, leading to more accurate localiza-
tion. Existing methods can be primarily classified into two
categories: 1) regression-based localization and 2) retrieval-
based localization. Regression-based methods such as Point-
Loc (Wang et al. 2021) and several variants (Wang et al.
2023; Yu et al. 2023; Li et al. 2024; Yang et al. 2024; Zhou
et al. 2021) directly estimate global poses through a deep
regression network in an end-to-end manner. Meanwhile,
retrieval-based methods typically use a two-stage pipeline
involving place recognition followed by pose estimation.

PointNetVlad (Uy and Lee 2018) is the first work that tack-
les LiDAR place recognition in an end-to-end manner. It
uses point-based backbone PointNet (Qi et al. 2017a) and
NetVLAD (Arandjelovic et al. 2016) to obtain global fea-
tures. Subsequently, PCAN (Zhang and Xiao 2019) and
SOE-net (Xia et al. 2021) introduce attention mechanism to
learn task-relevant features. Minkoc3d (Komorowski 2021)
uses sparse 3D convolutions to learn compact global fea-
tures. Furthermore, various methods (Żywanowski et al.
2021; Vidanapathirana et al. 2023; Komorowski, Wysoczan-
ska, and Trzcinski 2021) use point clouds registration tech-
niques, such as ICP (Segal, Haehnel, and Thrun 2009), to
perform pose estimation and thereby enhance localization
performance. The previous works primarily focused on re-
trieval between LiDAR scans. In this work, we attempt
to use textual descriptions as queries to retrieve the most
matching locations in the LiDAR point clouds database,
which requires multimodal understanding and is more chal-
lenging to address.

3D Vision and Language. Most existing work focus on
3D vision and language understanding in indoor environ-
ments. Chen et al. released the ScanRefer dataset (Chen,
Chang, and Nießner 2020), the first 3D object localization
benchmark based on natural language descriptions, where
point clouds of objects are associated with corresponding
text queries in indoor environments. Based on ScanRefer,
some existing work (Feng et al. 2021; Yuan et al. 2021) have
attempted to localize objects in scenes based on language de-
scriptions, which is known as 3D Vision-Language Ground-
ing. Recently, following Scan2Cap (Chen et al. 2021b),
some work (Jin et al. 2024; Wang et al. 2022) have fo-
cused on providing textual descriptions of object place-
ments, known as 3D Dense Captioning. Our task is closer
to 3D Vision-Language Grounding, but focus on city-scale
outdoor point clouds, and the object to be localized is a po-
sition rather than an actual object, which introduces greater
task difficulty.

Contrastive Learning. As one of the most effective self-
supervised learning paradigms, contrastive learning has
been widely applied across various fields, such as person
re-identification (Chen et al. 2021a; Song et al. 2018) and
image-text retrieval (Chen et al. 2020; Wei et al. 2020). The
basic idea of contrastive learning is to maximize the similar-
ity between positive pairs while minimizing that of negative
pairs in the feature space. CLIP (Radford et al. 2021) lever-
ages contrastive learning as a pre-training objective to align
large amounts of image and text data collected from the in-
ternet, enabling zero-shot generalization. However, the pres-
ence of incorrectly associated pairs can lead to the model
collapse when maximizing the similarity of incorrect pairs.
ALBEF (Li et al. 2021) proposes using momentum distilla-
tion to mitigate this issue. Recently, RCL (Hu et al. 2023)
introduces complementary contrastive learning, which aims
to minimize the similarity between more reliable negative
pairs, thus avoiding issues with incorrect pairs. Inspired by
the aforementioned works, our research aims to fully lever-
age the descriptive power of language for localization from
a new perspective.
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Figure 2: Framework of the proposed method. In the cross-modal place recognition stage, we introduce a multi-level negative
contrastive learning framework to minimize the similarity of different locations at global-level, instance-level, and relation-
level, respectively. This fully leverages the descriptive power of language for spatial localization. In the fine localization stage,
we use the language query and the retrieved cell to regress the corresponding position.

Methodology
Problem Definition. Let M = {Ci}Ni=1 denotes a city-scale
point cloud map. Each cell Ci = {pb}

Np

b=1 contains a set of
Np point cloud instances. The goal of this task is to identify
the position for a given textual query T consisting of a set of
hints {ha}Nh

a=1, each describing the spatial relation between
the target location (x, y) and an object instance. To this end,
we employ a coarse-to-fine manner, i.e., first, retrieving a
cell using the textual query (cross-modal place recognition),
second, regressing the position based on the textual query
and the retrieved cell (fine localization):

min
ϕ,F

E
(x,y,T )∼D

∥∥∥(x, y)− ϕ
(
T , Ĉ

)∥∥∥
2
, (1)

where Ĉ =argmin d (F(T ),F(C)) is the retrieved cell for
the text query in the database, d(· , · ) is a distance metric,
e.g., euclidean distance, the F and ϕ represent the mapping
functions for the stage of cross-modal place recognition and
fine localization respectively. Note that the two objective are
trained separately.
Overview. As shown in Figure 2, our method consists of
two main components: 1) cross-modal place recognition and
2) fine localization. In the cross-model place recognition
stage, we first extract features from text and point clouds us-
ing modality-specific backbones. Then, we apply multi-level
negative contrastive learning to capture the mismatched rela-
tionships between locations, effectively separating their fea-
tures in the feature space. The fine localization phase re-
gresses the final position using the textual query and the re-
trieved cell.

Multi-Level Negative Contrastive Learning
We propose a multi-level negative contrastive learning
framework aimed at minimizing the similarity between dif-
ferent locations across multiple levels. The proposed objec-
tive is expressed as follows:

Lmncl = Lglo + Lins + Lrel, (2)

where Lglo, Lins, Lrel represent the global-level, instance-
level and relation-level negative contrastive loss, respec-
tively. In the following section, we will elaborate on the
above losses.

Modality-Specific Backbone. Following Text2Loc (Xia
et al. 2024), we employ a dual-branch backbone to encode
the textual query T and point cloud C. Specifically, we use
the pre-trained language model T5 to extract features from
T , and PointNet++ (Qi et al. 2017b) to process each instance
in C, capturing point cloud attributes such as color, position,
and point counts. These steps yield the feature representa-
tions for T and C:

F T = {Fhi}Nh
i=1, F

C = {Fpi}
Np

i=1, (3)

where Fhi and Fpi represent the i-th hint feature and its cor-
responding instance feature, respectively.

Global-Level. Text2Loc employs contrastive learning to
align textual queries with their corresponding cells. How-
ever, due to the presence of numerous similar instances in
urban scenes, language descriptions for different locations
can often be quite similar. Additionally, since a textual de-
scription corresponds to only a local region within the cell,
there is an inherent information imbalance. Directly aligning
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these features can lead to two main issues: 1) distinguishing
between features of similar but different locations becomes
difficult, and 2) the expressiveness of the point cloud is di-
minished.

To address the issue, we propose minimizing the similar-
ity between different locations, enabling the network to dis-
tinguish between non-matching pairs. Specifically, given a
mini-batch of size K, we first leverage self-attention layers
and max pooling to obtain global-level features {F T

gi}Ki=1

and {F C
gi}Ki=1. Then, the global level similarity between po-

sitions i and j can be formulated as:

Sij =
exp(F C

gi
⊤
F T
gj/τ)∑K

k exp(F C
gi

⊤
F T
gk/τ)

+
exp(F T

gi
⊤
F C
gj/τ)∑K

k exp(F T
gi

⊤
F C
gk/τ)

,

(4)
where τ is the temperature parameter. Based on this, the
global-level negative contrastive loss is formulated as:

Lglo = − 1

K

K∑
i,j

fij(1− d)
1
a log(1− Sij), (5)

where fij is an indicator, making the loss only apply to neg-
ative pairs, i.e., different locations. a is a scale parameter
and d is a weighted parameter, this term enables the model
to recalibrate the repulsive forces between T and C. It en-
hances the network’s focus on dissimilar locations, thereby
improving its ability to discriminate between them.

Instance-Level. While language may not distinguish
highly similar places, it can indicate where the target is not.
For example, if the user says "I am standing by a
river", locations without a river can be excluded. Based
on this insight, we employ negative contrastive learning at
the instance level to fully exploit the descriptive power of
language for localization. To this end, we first use a 3-layer
fully connected layers to map F T and F C to a subspace.
Then, given a mini-batch K, we can obtain the instance-level
features {F T

oi}Ki=1 and {F C
oi}Ki=1. The instance level similar-

ity between positions i and j can be defined as:

Sij =
exp(sc2tij /τ)∑K
k=1 exp(s

c2t
ik /τ)

+
exp(st2cij /τ)∑K
k=1 exp(s

t2c
ik /τ)

, (6)

where sc2tij represents the average of the maximum similarity
scores between instances in F C

oi and F T
oi . Accordingly, the

instance-level negative contrastive loss can be formulated as:

Lins = − 1

K

K∑
i,j

fij(1− d)
1
a log(1− Sij). (7)

Relation-Level. To address the challenge of potentially
repetitive scene instances, we construct a scene graph to cap-
ture relation-level features. The insight here is that while in-
stances may be similar, their relationships can significantly
enhance the specificity of scene representation. To fully
leverage the geometric information of point clouds, we take
the geometric displacement between pairs of instances as re-
lations, which can be formulated as:

RC
ij = MLP(ci − cj), (8)

where ci ∈ R3 represents the center coordinate of the i-th
instance and MLP(·) denotes a fully connected layer. We then
concatenate the hints descriptors as their relations, which is
formulated as:

RT
ij = MLP([Fhi;Fhj ]). (9)

We then adopt an m-th layer GCN (Wu et al. 2020) for en-
coding and updating. Based on this, we can generate cell
scene graph GC and language scene graph GT :

GC = {VC , EC},GT = {VT , ET }, (10)

where G = {V, E} denote a modality-specific scene graph,
and V = {Vv}Nv

v=1 is the nodes-set, E = {Ee}Ne
e=1, is the

edges-set, Nv and Ne are the numbers of the correspond-
ing set. Inspired by the external space attention (ESA) (Zhu
et al. 2023), we utilize a novel attention mechanisms to cap-
ture and integrate both local and global realtional features
from language and point clouds. To be specific, we first
using learnable parameters W ∈ RNe×Ne and Ee to con-
struct the query Q, and take Ee as value V. Unlike tradi-
tional self-attention mechanisms that operate at the sample
level, our method uses an external learnable maping space
M ∈ RD×D as key K to capture general pattens at the
dataset level. The process is formulated as follows:

ME = σ(Q ·M),

Ee =

Nv∑
i=1

ME ⊙V,
(11)

where ME ∈ RD×D represents the attention matrix, σ is the
softmax normalization along the second dimension. ⊙ rep-
resent Hadamard product. After that, given a mini-batch K,
Similar to instance-level features, we can obtain the relation-
level features {F T

ri }Ki=1 and {F C
ri}Ki=1. The relation level

similarity between positions i and j can be defined as:

Sij =
exp(sc2tij /τ)∑K
k=1 exp(s

c2t
ik /τ)

+
exp(st2cij /τ)∑K
k=1 exp(s

t2c
ik /τ)

, (12)

where sc2tij represents the average of the maximum similar-
ity scores between F C

ri and F T
ri . The relation-level negative

contrastive loss can be formulated as:

Lrel = − 1

K

K∑
i,j

fij(1− d)
1
a log(1− Sij). (13)

Fine Localizaiton
In the fine localization stage, the goal is to accurately locate
the coordinates corresponding to the text description within
the top-k candidate cells. Text2Loc innovatively addresses
this issue by using a translation regressor. It obtains fused
features by applying cross-attention between the candidate
cells and the textual description, and finally regresses the
target position via a simple MLP. The regression loss can be
formulated as:

Lfine = ∥Cgt − Cpred∥2 , (14)
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Method
Localization Recall (ϵ < 5/10/15m) ↑

Validation Set Test Set
k = 1 k = 5 k = 10 k = 1 k = 5 k = 10

Text2Pos 0.14/0.25/0.31 0.36/0.55/0.61 0.48/0.68/0.74 0.13/0.21/0.25 0.33/0.48/0.52 0.43/0.61/0.65
RET 0.19/0.30/0.37 0.44/0.62/0.67 0.52/0.72/0.78 0.16/0.25/0.29 0.35/0.51/0.56 0.46/0.65/0.71

Text2Loc 0.37/0.57/0.63 0.68/0.85/0.87 0.77/0.91/0.93 0.33/0.48/0.52 0.61/0.75/0.78 0.71/0.84/0.86

Ours 0.54/0.75/0.79 0.83/0.94/0.95 0.89/0.97/0.98 0.50/0.66/0.68 0.76/0.87/0.89 0.83/0.93/0.94

Table 1: Performance of complete pipeline comparison on the KITTI360Pose. The best results are indicated in black bold.

Method
Submap Retrieval Recall ↑

Validation Set Test Set
k = 1 k = 3 k = 5 k = 1 k = 3 k = 5

Text2Pos 0.14 0.28 0.37 0.12 0.25 0.33
RET 0.18 0.34 0.44 - - -

Text2Loc 0.32 0.56 0.67 0.28 0.49 0.58

Ours 0.50 0.75 0.84 0.44 0.67 0.75

Table 2: Performance of retrieval stage comparison on the
KITTI360Pose benchmark. Note that only values that are
available in RET are reported.

where Cgt is the corresponding ground-truth coordinates
and Cpred is the predicted target coordinates.

Notably, although previous studies (Yu et al. 2022) have
shown that adding regression head parameters can improve
performance, we maintain the same architecture as Text2Loc
in this paper. This choice clearly validates our insight that
language can serve as a filter to narrow down the localization
range, leading to more accurate localization results.

Experiments
Benchmark Dataset
We train and evaluate the proposed method on the
KITTI360Pose benchmark(Kolmet et al. 2022). It includes
point clouds of 9 districts, covering 43,381 position-query
pairs with a total area of 15.51 km2. Following (Kolmet
et al. 2022), we sample the cells of size 30m with a stride of
10m. Five scenes are used for training (11.59km2), one for
validation, and the remaining three for testing (2.14km2).

Evaluation Metric
As the evaluation metric, we use Retrieve Recall at Top-k (k
∈ {1, 3, 5}) in the cross-modal place recognition stage. Ad-
ditionally, in the fine localization stage, we assess the Top-k
(k ∈ {1, 5, 10}) retrieved candidates and report localization
recall. Here, localization recall measures the proportion of
queries successfully localized queries when their errors are
below specific thresholds (ϵ ∈ {5m, 10m, 15m}). A higher
value indicates better performance.

Implementation Details
For hyper-parameters, we set the number of hidden layers in
GCNs to 3, and set the parameter α in the loss function to
2. We train our model 32 epochs with AdamW optimizer
(Loshchilov and Hutter 2017). The learning rate is set to

Method
Submap Retrieval Recall ↑

Validation Set Test Set
k = 1 k = 3 k = 5 k = 1 k = 3 k = 5

Lglo 0.40 0.67 0.75 0.38 0.58 0.66
Lins+Lglo 0.44 0.70 0.79 0.42 0.62 0.70
Lrel+Lglo 0.46 0.72 0.81 0.42 0.64 0.73

Ours 0.50 0.75 0.84 0.44 0.67 0.75

Table 3: Ablation study of the multi-level negative con-
trastive loss on the KITTI360Pose benchmark.

1e−3 and decays by half every 5 epochs. All the experiments
are conducted on an NVIDIA RTX 4090 GPU.

Results

Quantitative Analysis. To validate the performance of
the proposed method, we conduct a comparative analy-
sis with several state-of-the-art language-based methods,
such as Text2Pos (Kolmet et al. 2022), RET (Wang, Fan,
and Kankanhalli 2023), and Text2Loc (Xia et al. 2024).
For the cross-modal place recognition, Table 2 shows the
performance for submap retrieval recall of each method.
Our method outperforms Text2Loc by 56%/34%/25% and
57%/37%/29% in Top-1/3/5 retrieval performance on the
validation and test sets, respectively. These results demon-
strate that our method can perform localization well by lan-
guage query in large-scale outdoor scenes.

For the fine localization, we report the Top-1/5/10 lo-
calization recall rates with different thresholds (ϵ ∈
{5m, 10m, 15m}). As shown in Table 1, Text2Loc achieves
a recall rate of 0.37 on the validation set for Top-1 recall
within 5m. In contrast, our method gets a 45.9% signifi-
cant improvement. This improvement remains evident even
as the number of candidates k increases or when evaluated
on the test set. Moreover, as shown in the last column of Ta-
ble 1, we achieve a Top-10 localization recall of 93% with a
10m threshold for the first time, which bridges the gaps in
practical applications.

Qualitative Analysis. Figure 3 shows a comparision of
retrieval results between our method and Text2Loc. For a
given query, we display the Top-2 retrieved cells. Here, A
cell is considered a positive sample if it contains the target
location. In the first row, when the scene contains salient in-
stances (e.g., poles and buildings), both models accurately
retrieve the correct cell. The second row illustrates a scene
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Vending Machine

Box Sidewalk Road Parking

Wall

Fence BridgeTunnelVegetationTerrain

103.57 39.46 399.53

Textual query Ground truth cell

4.01

Ours-Top1

6.56

Ours-Top2

4.01

Text2Loc-Top1 Text2Loc-Top2

Pose is on-top of a gray-green road. 
Pose is east of a beige sidewalk. 
Pose is east of a gray smallpole. 
Pose is east of a gray smallpole. 
Pose is south of a gray smallpole. 
Pose is west of a dark-green building. 

12.95

6.71 546.86

Pose is on-top of a gray road. 
Pose is west of a gray terrain. 
Pose is north of a green traffic sign. 
Pose is north of a gray-green small pole. 
Pose is south of a gray sidewalk. 
Pose is south of a gray-green vegetation. 

13.43 227.51

Pose is on-top of a dark-green vegetation. 
Pose is on-top of a gray sidewalk. 
Pose is north of a gray-green road. 
Pose is north of a gray sidewalk. 
Pose is north of a green terrain. 
Pose is west of a green pole. 423.12

Figure 3: Qualitative retrieval results on the KITTI360Pose dataset. The red circle in the ground truth cell indicates the target
location. Each retrieved cell displays the center distance from the ground truth in the bottom-right corner. Correct matches are
shown with a green background, while incorrect matches have a red background. Green boxes highlight positive cells containing
the target location, whereas red boxes indicate negative cells.

with repetitive instances, such as roads and vegetation. The
results show that our method successfully retrieves the rel-
evant cell, while Text2Loc fails. This may be attributed to
our model’s ability to capture and focus on prominent in-
stances and their relationships, which enhances its ability
to correctly identify locations. The last row shows a chal-
lenging case with low-distinctiveness instances. In this sce-
nario, although neither model successfully retrieves the cor-
rect cell, our model achieves a smaller localization error than
Text2Loc, further demonstrating its effectiveness.

Ablation Study
In this section, we perform ablation studies to investigate
the effectiveness of our method. The analysis is divided into
three parts: multi-level feature learning mechanism, negative
contrastive loss, and hyper-parameters.

Multi-level Feature Learning Mechanism. We analyze
the benefits of multi-level feature learning by keeping
other components unchanged. The results are shown in Ta-
ble 3. Here, Lglo represents using only global-level fea-
tures, Lins + Lglo refers to using both global-level and
instance-level features, and Lrel + Lglo refers to using both
global-level and relation-level features. Compared to Row
1 and Row 2, instance-level features raise the Top-1 re-
trieval recall rate from 0.40 to 0.44 on the validation set.
This result indicates that incorporating more local features,
which may represent landmark information, enhances fea-

Method
Submap Retrieval Recall ↑

Validation Set Test Set
k = 1 k = 3 k = 5 k = 1 k = 3 k = 5

w/o Lmncl 0.45 0.70 0.78 0.41 0.63 0.71

Ours 0.50 0.75 0.84 0.44 0.67 0.75

Table 4: Ablation study of the negative contrastive learning
on the KITTI360Pose benchmark. ”w/o Lmncl” indicates
the vanilla contrastive loss.

ture discriminability. Furthermore, adding relation-level fea-
tures to global-level alignment boosts this metric to 0.46,
demonstrating that the topological relationships between in-
stances provide valuable scene-specific information in ur-
ban contexts. Finally, our method, which integrates all three
level features, effectively leverages multiple relational cues
within the scene, achieving optimal performance.

Negative Contrastive Loss. We conduct experiments by
replacing the proposed negative contrastive loss with the
vanilla loss. The results, shown in Table 4, indicate that
after replacing the loss function with the original one,
the Top-1/3/5 recall rates on the validation set drop from
0.50/0.75/0.84 to 0.45/0.70/0.78, The trend is also observed
on the test set. These results indicate that by combining with
negative contrastive loss, replacing the task of pulling text-
point positive pairs closer with pushing negative pairs fur-
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Figure 4: The sum of retrieval recall rates for Top-1/3/5
(rsum) of the (a) number of GCN layers and (b) the size
of a in the multi-level negative contrastive loss.

ther apart effectively solves text ambiguity, achieving sig-
nificant improvements in retrieval recall rates.

Hyper-Parameters. We further investigate the effects of
different parameter settings on our method. Specifically, this
section verifies the impact of the number of GCN layers
(Figure 4 (a)) and the size of a in multi-level negative con-
trastive loss (Figure 4 (b)). We report the sum of retrieval
recall rates for Top-1/3/5 (rsum) on the test set.

In Figure 4 (a), we set the layer number from zero to five,
and report its metric. Here, the zero indicates removing the
instance and relation-level alignment, and only using global-
level alignment. It shows that when a GCN layer is added,
the performance is significantly improved from 162.7% to
179.6%. This demonstrates the importance of alignment at
both instance and relation levels. It can also be seen that
when the number is set to two and further increased, the
performance improvement is not obvious, and the optimal
value is achieved when the number is three. Notably, when
the number of hidden layers exceeds three, the sum of re-
trieval recall decreases. This may be due to the model start-
ing to capture noise and irrelevant details in the instances as
the network depth increases.

In Figure 4 (b), we set the value of a from zero to four,
and report its metric. Here, the zero indicates the removal of
the proposed multi-level negative contrastive loss, replaced
by a vanilla contrastive learning loss function (Radford et al.
2021). Results shows that our model demonstrates good ro-
bustness to different parameters. On the other hand, we ob-
serve that either excessively ignoring or focusing on the re-
liability of negative pairs by increasing or decreasing the
value of a leads to a decline in retrieval recall. The best result
is achieved when a is set to two.

Scalability Analysis
In this section, we analyze the scalability of our method.
We evaluate the performance difference between our model
and the state-of-the-art method Text2Loc by restricting the
query to a specific area and progressively increasing the
size of the database. Specifically, we choose the geometric
center of trajectory Scene-0009 as the circle’s center, de-
fine a circle with a radius of 200m, and sample 2373 tar-
get positions within it, using their textual descriptions as
a set of queries. For the database, we use the same center
and select radiuses of 200m/300m/400m/500m, resulting
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Figure 5: (a): Visualization for database and query on tra-
jectory Scene-0009. (b): Performance of our model with
Text2Loc on the same set of queries across four different
scales of databases, reporting the Top-1 retrieval recall rates.
The bar chart shows the absolute values of the retrieval re-
call rates, while the line chart represents the performance ra-
tio relative to the standard setting of the database and query
with a 200m radius.

in 819/1799/2278/2549 cells as the database. As shown in
Figure 5, using the 200m radius database as a standard set-
ting, when increasing the database radius to 300m, 400m,
and 500m, our model’s performance decreased by 4.9%,
6.8% and 9.6%, respectively. The results of our method are
significantly better than the performance drop of 14.3%,
16.8%, and 19.2% observed with Text2Loc. Experiments
demonstrate that as the data scale expands and more interfer-
ing scenes are introduced into the database, performance is
impacted. However, unlike existing methods, our proposed
model does not aim to learn the similarity between language
and point clouds but rather to minimize incorrect locations in
the database. This allows it to maintain better performance in
distinguishing and matching correct locations, showing min-
imal performance degradation as the data scale increases.
This demonstrates excellent robustness and scalability.

Conclusion

In this paper, we propose a robust language-based localiza-
tion method that avoids directly aligning text and point cloud
features. Instead, we leverage the proposed multi-level neg-
ative contrastive learning to minimize the similarity between
different locations across multi-granularity features, includ-
ing global, instance, and relational levels. Our method effec-
tively utilizes landmarks and relational information within
scenes, enhancing the capability of language for spatial lo-
calization. Quantitative and qualitative results demonstrate
that our method outperforms state-of-the-art methods and
exhibits excellent scalability. Notably, we are the first to
achieve a 10m localization recall rate of over 90% in city-
scale environments using language. We believe this method
provides a novel perspective for language-based localiza-
tion by filtering out irrelevant locations and reducing the
search space. However, due to the lack of additional avail-
able datasets, our experiments were conducted on a single
benchmark. Future work could focus on developing more
diverse datasets to enable comprehensive and accurate anal-
ysis, further advancing this field.
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