
Partially Matching Submap Helps: Uncertainty Modeling and Propagation
for Text to Point Cloud Localization

Mingtao Feng1 Longlong Mei1 Zijie Wu1* Jianqiao Luo2∗ Fenghao Tian1

Jie Feng1 Weisheng Dong1 Yaonan Wang2

1Xidian University 2Hunan University

Abstract

Text to point cloud cross-modal localization is a cru-
cial vision-language task for future human-robot collab-
oration. Existing coarse-to-fine frameworks assume that
each query text precisely corresponds to the center area
of a submap, limiting their applicability in real-world sce-
narios. This work redefines the task under a more re-
alistic assumption, relaxing the one-to-one retrieval con-
straint by allowing partially matching query text and
submap pairs. To address this challenge, we augment
datasets with partially matching submaps and introduce
an uncertainty-aware framework. Specifically, we model
cross-modal ambiguity in fine-grained location regression
by integrating uncertainty scores, represented as 2D Gaus-
sian distributions, to mitigate the impact of challeng-
ing samples. Additionally, we propose an uncertainty-
aware similarity metric that enhances similarity assessment
between query text and submaps by propagating uncer-
tainty into coarse place recognition, enabling the model
to learn discriminative features, effectively handle par-
tially matching samples and improve task synergy. Exten-
sive experiments on KITTI360Pose and CityRefer demon-
strate that our method achieves state-of-the-art perfor-
mance across both stages. Our code is available at
https://github.com/Afoolbird/PMSH

1. Introduction
Understanding natural language instructions in city-scale
3D environments is critical to enable collaboration in ap-
plications such as autonomous systems and intelligent lo-
gistics [21, 37, 40]. Conventional visual place recognition
(VPR) methods, which rely on unimodal sensor data (e.g.,
cameras or radar) to extract 2D image or point cloud fea-
tures for database matching, exhibit two key limitations:
inefficiency in interactive scenarios and degraded accuracy
under seasonal or viewpoint variations [25, 35]. By con-
trast, text to city-scale point cloud localization circumvents
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Figure 1. Query text retrieves partially matching submaps, causing
cross-modal ambiguity when only a few hints align with scene in-
stances, degrading performances in the coarse-to-fine framework.
Our method mitigates this, enhancing across stages’ accuracy.

these issues, achieving precise geolocation without requir-
ing physical user proximity [23, 43].

To date, few methods have addressed the language
based localization task in large-scale 3D city maps [40].
Text2Pose [21] pioneers this task by partitioning the pro-
posed KITTI360Pose city-scale point cloud into submaps
and aligning textual descriptions with corresponding in-
stances through a coarse-to-fine approach. In coarse stage,
it employs cross-modal text-to-submap retrieval to identify
potential submaps. The fine stage then refines localization
using a text-instance matching module. Building on this
framework, RET [37], Text2Loc [40], and IFRP-T2P [38]
enhance contextual and relative position modeling, improv-
ing localization accuracy. However, existing methods and
datasets simply assume each query text has one correspond-
ing submap whose center area fully matches the location of
the query text. This assumption is not practical for real-
world applications [4], as query texts may appear anywhere
within an area of interest, while submaps are captured be-
forehand [5, 44]. Consequently, multiple submaps may par-
tially overlap with the same query, disrupting the strict one-
to-one correspondence. As shown in Fig. 1, the query text
is not positioned at the center area of the retrieved partially
matching submap, only three hints align with instances, the
remaining three fail to establish a match.

Partially matching samples exacerbate semantic gaps
and increase cross-modal ambiguity during training, de-
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grading both retrieval based coarse place recognition and
fine-grained localization regression. This occurs because
query texts describe only a subset of instances in partially
matching submaps, making their feature embeddings less
similar to the query text than fully matching samples. While
Text2Loc [40] introduces a prototype-based map cloning
module to generate submap variants, it overlooks cross-
modal ambiguities caused by minimal instance overlap.
However, efficiently handling partially matching submaps
presents two challenges: 1) In fine-grained localization,
their partial alignment with query text complicates regres-
sion training. Treating them as fully matching submaps
without adjustment risks overfitting and reduced accuracy.
2) In coarse place recognition, contrastive learning is under-
mined as their similarity to the query text lies between fully
matching positives and mismatched negatives, rather than
fitting either category. Addressing these challenges in both
stages is crucial for robust localization.

To address this issue, we account for cross-modal am-
biguity between the query text and instances of partially
matching submaps in fine-grained localization and quan-
tify it through uncertainty modeling. Specifically, we repre-
sent the predicted fine-grained location and its uncertainty
as a 2D Gaussian distribution, jointly optimizing both via a
Gaussian log-likelihood loss. We apply the negative log-
likelihood to mitigate the impact of high uncertainty on
the regression loss, improving localization performance. In
coarse place recognition, we introduce an uncertainty-aware
similarity metric to assess query text and submap alignment
while accounting for cross-modal ambiguity. By propagat-
ing uncertainty scores into retrieval, this metric enhances
focus on reliable partially matching submaps, enabling the
model to learn discriminative features. By integrating this,
the model effectively learns useful information from par-
tially matching samples, promoting adaptive learning and
reducing the adverse effects of partially matching samples
for practical scenarios. Our main contributions are: 1)
We augment datasets by incorporating partially matching
submaps for text to point cloud task under a more realistic
and practical setting and develop an uncertainty modeling
and propagation strategy to enhance cross-modal localiza-
tion performance. 2) We address cross-modal ambiguity in
fine-grained location regression through uncertainty mod-
eling, reducing the impact of challenging samples on ac-
curacy. 3) We integrate uncertainty propagation into con-
trastive learning for partially matching samples, proposing
an uncertainty-aware similarity metric to learn discrimina-
tive features and improve task synergy. Extensive exper-
iments on KITTI360Pose and CityRefer datasets demon-
strate the superiority of our method, improving both tasks.
2. Related Work
Visual Localization. Visual localization estimates a query
image’s pose using environmental data, such as images and

point clouds, and follows two main paradigms: image-
based and 3D structure-based localization. Image-based
methods [8, 20, 28] treat localization as an image retrieval
task, first retrieving relevant images [2, 3, 16, 36] and then
establishing pixel correspondences for precise pose estima-
tion [7, 39]. NetVLAD [2] achieves state-of-the-art per-
formance via weakly supervised contrastive learning, while
MapLocNet [39] integrates BEV and navigation map fea-
tures for real-time, high-precision localization without HD
maps. In contrast, 3D structure-based methods align 2D
keypoints from the query image with 3D keypoints in a pre-
built model [27, 31, 32]. HF-Net [31] improves efficiency
and accuracy by combining local features with global de-
scriptors for 6-DoF pose estimation.
Language-based 3D Localization. Language-based 3D
localization determines a 3D point cloud’s spatial posi-
tion using natural language descriptions. ScanRefer [6]
and Referit3D [1] introduce indoor datasets for 3D vi-
sual grounding with free-form object annotations on Scan-
Net [9]. Later methods [11, 14, 15, 17, 18, 30, 34, 41] local-
ize 3D objects in raw point clouds based on textual queries.
While these approaches focus on indoor scene localiza-
tion, 3D visual grounding in open outdoor environments
remains underexplored. Text2Pose [21] introduced large-
scale city scene localization by partitioning maps into dis-
crete submaps, establishing the KITTI360Pose dataset. It
first identifies coarse locations before refining location esti-
mation but overlooks associations between textual prompts
and point cloud instances. RET [37] addresses this by em-
ploying a Transformer-based approach to enhance repre-
sentation discriminability. Building on this, Text2Loc [40]
eliminates text-instance matching via contrastive learning
with a more efficient strategy, improving localization ac-
curacy. IFRP-T2P [38] proposes a two-stage localization
method without real instance input, achieving competitive
results. GOTLoc [19] reduces storage and computation by
constructing a compact scene graph [13]. However, existing
coarse-to-fine frameworks assume that each query text pre-
cisely corresponds to the center of a submap, limiting their
applicability in real-world scenarios.

3. Partially Matching Sample Augmentation
Partially Matching Samples Definition. The large-scale
3D map M = {Si : i = 1, ..., n} is a collection of seman-
tic submaps Si. Each submap Si = {pi : i = 1, ...,m}
includes a set of 3D object instances pi. Let T represent
the query text, which comprises a set of spatial hints ti,
each describing the spatial relationship between the posi-
tion and instances of submap. The KITTI360Pose [21] con-
sists of a series of overlapping square submaps, as illus-
trated in Fig. 2. Each submap spans 30m, and the query text
in each text-position pair is generated based on instances
of submap within a 15m radius of the ground truth posi-
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Figure 2. The sampling strategy and IOU definition. Red star:
ground truth position; green dot: center of fully matching submap;
yellow dot: center of partially matching submap.

tion (the red star), forming a reference area (the red circle).
Each position is uniquely associated with a fully match-
ing submap (the submap centered at the green point), de-
noted as Sf , which contains all the referenced instances of
submap in the query text. As shown in Fig. 2, due to the spa-
tial overlap between submaps, there exist partially matching
submaps (submaps centered at yellow point), denoted as Sp,
which contain only a subset of the referenced instances in
the submap.
Collection. In the training set, we filter partially matching
submaps based on the submap around each true location.
After excluding fully matching submaps, we further discard
submaps without any point cloud-instance text match pairs,
resulting in all partially matching submaps. Each ground
truth position is typically associated with multiple partially
matching submaps, with the highest number of submaps
having three point cloud instance and text match pairs, fol-
lowed by two and four. We prioritize selecting the submap
with three match pairs as the partially matching submap for
a true position. If such a submap is unavailable, we ran-
domly select from submaps with other match pair counts,
ensuring that the selected partially matching submap con-
tains at least two point cloud instances relevant to the query
text. We exclude fully matching samples without any par-
tially matching submaps, which account for only 1% of the
total dataset. Note that information from partially matching
samples is utilized only in the training set to improve over-
all task performance. Evaluation on the validation and test
sets follows prior works to ensure fair comparison with only
fully matching samples.
Distance and IOU. After obtaining the partially matching
submap, its semantic consistency with the query text dif-
fers from that of the fully matching submap. To effectively
leverage the information contained in partially matching
submaps, we require a metric to quantify their discrepancy.
A straightforward approach is to measure the L2 distance
between the position and the submap center. Let the L2 dis-
tance between the centers of Sf/Sp and the position be de-
noted as Df and Dp, respectively. Both are less than 15m,
but Df < Dp. The second intuitive method is the Intersec-
tion Over Union (IOU) between the circle of position and
the submap center circle. As illustrated in Fig. 2, we cal-

culate the IOU between the circle of position with a radius
of 15m and the center circle of Sf/Sp, denoting the IOU as
Of and Op, respectively. Empirical analysis shows that Of

consistently exceeds 0.54, while Op typically falls within
the range [0.10, 0.54].

4. Methodology
Preliminaries. Following prior work, we adopt a hierar-
chical coarse-to-fine strategy for text to point cloud local-
ization. In the coarse place recognition stage, the objec-
tive is to identify the most relevant submap correspond-
ing to the query text. Text2Loc encodes the query text T
and the instances in the fully matching submap Sf , extract-
ing their respective global feature representations FT and
FS . These features are then optimized via cross-modal con-
trastive learning, ensuring their proximity in a shared em-
bedding space. For a given batch of N semantic submap
descriptors {FS

i }Ni=1 and corresponding query text descrip-
tors {FT

i }Ni=1, the contrastive loss Lcon for each pair is com-
puted as follows:

Lcon = − log
exp(FT

i · FS
i /τ)∑

j∈N

exp(FT
i · FS

j /τ)
−log

exp(FS
i · FT

i /τ)∑
j∈N

exp(FS
i · FT

j /τ)
,

(1)
where τ is the temperature coefficient, similar to CLIP [29].

In the Fine-grained Location stage, the goal is to local-
ize the ground-truth position within the submap. Text2Loc
extracts and fuses features from the hints in the query text
and the fully matching submap to predict the position via
regression. The model is trained with mean squared error
loss Lreg for supervision.

Lreg =
∥∥Lgt − Lpred

∥∥
2
, (2)

where Lpred = (x, y) is the predicted position, and Lgt is
the ground truth position.

In contrast, our approach integrates the informative con-
tent of partially matching samples throughout the entire lo-
calization pipeline to enhance both stages’ performance.
The overall pipeline is shown in Fig. 3.

4.1. Cross-Modal Partial Matching Localization
In the fine-grained localization stage, the misalignment be-
tween point cloud instances in partially matching submaps
and the query text poses additional challenges to accu-
rate localization. As a result, treating a partially match-
ing submap Sp equivalently to a fully matching submap
Sf and applying direct regression-based localization intro-
duces overfitting, ultimately compromising the model’s lo-
calization performance (see ablation study for details). To
mitigate this, we utilize uncertainty to quantify the degree
of cross-modal ambiguity between the query text and the
semantic submap. This allows the network to adaptively
adjust its optimization strategy based on varying levels of
uncertainty [12, 22].
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Figure 3. Framework overview. We first propose the uncertainty based cross-modal ambiguity modeling module to improve fine-grained
location prediction accuracy. The uncertainty-aware similarity metric is then proposed to enhance retrieval performance by propagation
uncertainty and learning discriminative features.

We denote the fused feature obtained in the fine-grained
localization stage as fc, which is then passed through a sim-
ple MLP to predict the position. Since the predicted po-
sition within the submap is distributed around the ground
truth position, we model the predicted position as a Gaus-
sian distribution [42]. Specifically, we represent the pre-
dicted coordinates as the mean µ of the Gaussian distribu-
tion, while the uncertainty of the predicted position is cap-
tured by its covariance matrix σ, which serves as a mea-
sure of cross-modal ambiguity. The matrix σ is a symmet-
ric positive-definite matrix of size 2 × 2, which has three
degrees of freedom. To model this, we pass the fused fea-
ture fc through an additional MLP that decomposes σ into
its lower triangular matrix L, such that LLT = σ. The
MLP consists of two fully connected layers, which derive
the three variables that determine L, with the Exponential
Linear Unit (ELU) activation function applied to ensure that
the diagonal elements of L are positive. By learning σ from
the cross-modal fusion features, we effectively capture the
discrepancies between the text and point cloud modalities.
These discrepancies help us address cross-modal ambiguity
with uncertainty.

Given the predicted Gaussian distribution for each sam-
ple pair, the likelihood of the predicted position at the
ground truth position Lgt is formulated as follows:

P (Lgt|µ(fc), σ(fc)) =
exp(− 1

2 (Lgt − µ)Tσ−1(Lgt − µ))

2π
√
|σ|

(3)
where || denotes determinant and µ(fc) represents the pre-
dicted location Lpred. The model represents the predicted
position as a 2D Gaussian distribution, parameterized by
µ and σ. The objective is to train the network to estab-
lish a mapping from fused features fc to the parameters
of the Gaussian distribution. Since maximizing the likeli-
hood function (Eq. 3) is mathematically equivalent to min-
imizing the negative log-likelihood, we adopt negative log-

likelihood as our new loss function L′

reg .

L
′

reg =− lnP (Lgt|µ(fc), σ(fc))

=
1

2
(Lgt − µ)Tσ−1(Lgt − µ) +

1

2
ln |σ|+ ln 2π,

(4)
The first component penalizes the discrepancy between the
predicted and ground truth position, while the second com-
ponent regularizes high uncertainty.

Guided by Eq. 4, the model utilizes uncertainty esti-
mates to dynamically adjust its optimization based on sam-
ple characteristics. When predicting the position for chal-
lenging partially matching samples, the network allows a
larger covariance σ, signaling high uncertainty to moderate
the severe residuals (Lgt − µ(fc)). As a result, the influ-
ence of these challenging partially matching samples is re-
duced during training. This mechanism acts as a strategy
for loss attenuation [24], enabling the model to effectively
learn from partially matching samples while preserving in-
formation from fully matching samples, ultimately enhanc-
ing localization accuracy.

4.2. Uncertainty-Aware Place Recognition
During the coarse place recognition stage, the valid infor-
mation from partially matching submaps also contributes to
enhanced retrieval performance. However, directly incorpo-
rating these submaps into cross-modal contrastive learning
is inappropriate, not only due to the differences between Sf

and Sp, but also because of their overlapping regions. Con-
sequently, their similarity to the query text should be closer
than that of mismatched pairs in contrastive learning, but
not as close as matched pairs. Thus, a new approach is re-
quired to effectively leverage the information from partially
matching samples. Since the point cloud instances in par-
tially matching submaps only partially align with the query
text, their similarity in the feature embedding space should
be lower than that of fully matching pairs. As explained
above, we assign embedding similarity based on the IOU
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or L2 distance between the ground truth position and the
submap. The corresponding loss functions for these assign-
ments are defined as follows:

Ldis =

(
Df

Dp
− Cp

Cf

)2

,Liou =

(
Op

Of
− Cp

Cf

)2

, (5)

where Cp and Cf denote the cosine similarities between
the query text and the partially matching and fully match-
ing submaps, respectively. This loss forces the ratio of the
similarities in the embedding space to be close to the ra-
tio of L2 distance/IOU. As Liou exhibited superior perfor-
mance during training, we adopt IOU as our method for
addressing partially matching samples. Further details are
provided in the ablation study. We observe that Liou ex-
hibits instability during training. This is primarily because,
in some partially matching submaps, the IOU value fails to
accurately reflect the correspondence between point cloud
instances and the query text. Specifically, instances occur
where the IOU value is high despite the actual number of
matched point cloud instances being low. A comparable
issue arises when employing Ldis. Furthermore, certain par-
tially matching samples exhibit challenges in identification.
It is necessary to further optimize assignment loss.

Accurately predicting the positions of these challenging
partially matching samples is also difficult due to inherent
ambiguities in their alignment with the query text, a chal-
lenge analogous to those encountered in fine-grained lo-
calization. Therefore, we propagate the uncertainty esti-
mated during fine-grained localization into Liou. To pre-
vent the model from excessively optimizing on challenging
samples, we modulate the cosine similarity based on the de-
gree of cross-modal ambiguity. Based on the cosine similar-
ity C(include Cp and Cf ), we define an uncertainty-aware
similarity metric S(C, σ), which is adaptively adjusted us-
ing the uncertainty σ. Leveraging this metric, we propose a
novel assignment loss function.

L
′

iou =

(
Op

Of
− S(Cp, σp)

S(Cf , σf )

)2

,

S(C, σ) = 1− (1− C)ϕ(σ), ϕ(σ) =
1

1 + αeβ(|σ|−γ)
,

(6)
where ϕ(σ) is a decaying exponential function [22] with
three positive parameters: α, β, and γ. When the uncer-
tainty σ is low, the similarity metric S(C, σ) closely ap-
proximates the original cosine similarity C. As uncertainty
σ approaches zero, the function ϕ(σ) converges to 1, result-
ing in S(C, σ) = C, then the original assignment loss is
applied for contrastive learning. Conversely, when the un-
certainty σ is high, ϕ(σ) approaches 0, and S(C, σ) takes a
value close to 1, effectively excluding the challenging sam-
ple from optimization. This mechanism filters out challeng-
ing partially matching samples, reducing their impact on

training. By focusing on samples with lower cross-modal
ambiguity, the network can extract more reliable informa-
tion, thereby enhancing retrieval performance.

As fully matching submaps typically exhibit strong cer-
tainty and high similarity with text queries, the network fo-
cuses on enhancing the embedding similarity for partially
matching submaps. Through gradient analysis, we demon-
strate how the uncertainty measure S(C, σ) contributes to
discriminative learning in the embedding space. By replac-
ing the similarity measure in the assignment loss function

Liou with S(C, σ), we derive the relationship ∂Liou
∂C =

∂L
′
iou

∂S ,
which is influenced by the specific form of the loss func-
tion. Let the network parameters and feature embeddings
be denoted as θ and f , respectively; the gradient of the loss

with respect to parameter ∂L
′
iou

∂θ can be expressed as:

∂L′

iou

∂θ
=

∂L′

iou

∂S

∂S

∂C

∂C

∂f

∂f

∂θ
=

∂Liou

∂C

∂S

∂C

∂C

∂f

∂f

∂θ

=
∂Liou

∂θ

∂S

∂C
=

∂Liou

∂θ
ϕ(σ),

(7)

We observe that ∂Liou
∂θ is modulated by the decay function

ϕ(σ), meaning that, compared to the original gradient ∂Liou
∂θ ,

higher uncertainty results in a smaller gradient. Addition-
ally, the design of S(C, σ) enables the model to focus on
specific partially matching submaps, providing more infor-
mative feature embeddings for the coarse place recognition
task. This approach not only mitigates the issue of cross-
modal ambiguity but also ensures proper gradient alignment
during training [33], which aids in achieving more effective
optimization for the coarse place recognition task.

5. Experiments
Datasets. Our experiments are primarily conducted on the
KITTI360Pose [21] dataset. Through our data augmenta-
tion strategy, we train the model with both partially match-
ing and fully matching submaps corresponding to the query
texts. We also use the text to point cloud dataset CityRe-
fer [26] to evaluate the generalization of the method. Fol-
lowing [21], we also segment the large-scale 3D city maps
into comparable semantic submaps. Further details can be
found in the Appendix.
Evaluation Metrics. Following [40], we adopt top-k re-
trieval recall (k ∈ {1, 3, 5}) for text-to-submap retrieval
evaluation in coarse place recognition. To evaluate fine-
grained localization, we assess performance based on the
top-k retrieved candidates and report localization recall,
where k is set to 1, 5, and 10. Localization recall is de-
fined as the fraction of queries that are successfully local-
ized when their localization error falls below certain thresh-
olds, specifically ϵ < 5/10/15m by default. Additionally,
we further evaluate the normalized Euclidean distance error
between the ground truth and predicted positions.
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Localization Recall (ϵ < 5/10/15m) ↑
Methods Reference Validation Set Test Set

k = 1 k = 5 k = 10 k = 1 k = 5 k = 10

Text2Pos [21] CVPR’22 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 [37] AAAI’23 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 [40] CVPR’24 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

IFRP-T2P [38] ACM MM’24 0.23/0.45/0.53 0.53/0.70/0.81 0.64/0.86/0.89 0.22/0.40/0.46 0.47/0.68/0.73 0.58/0.78/0.82

Ours - 0.42/0.62/0.68 0.75/0.89/0.90 0.83/0.94/0.95 0.39/0.55/0.59 0.68/0.81/0.83 0.78/0.89/0.90

Table 1. Performance comparison on the KITTI360Pose. Both Validation and test sets are used for fair comparison with SOTA.

Methods Validation Error ↓ Test Error ↓

Text2Pos [21] 0.120 0.127
Text2Loc [40] 0.091 0.090
IFRP-T2P [38] 0.118 0.119

Ours 0.085 0.081

Table 2. Fine-grained localization comparison on KITTI360Pose.

Submap Retrieval Recall ↑
Methods Validation Set Test Set

k = 1 k = 3 k = 5 k = 1 k = 3 k = 5

Text2Pos [21] 0.14 0.28 0.37 0.12 0.25 0.33

RET [37] 0.18 0.34 0.44 - - -

Text2Loc [40] 0.32 0.56 0.67 0.28 0.49 0.58

IFRP-T2P [38] 0.24 0.46 0.57 0.23 0.39 0.48

GOTLoc [19] 0.36 0.58 0.67 0.30 0.49 0.57

Ours 0.37 0.63 0.73 0.34 0.56 0.65

Table 3. Coarse place recognition comparison on KITTI360Pose.

5.1. Comparison with State-of-the-Art
We compare our method with state-of-the-art methods [19,
21, 37, 38, 40] across both stages.
Fine-grained localization. Tab. 1 presents the top-k re-
call rates (k = 1/5/10) under different localization error
thresholds (ϵ < 5/10/15m). IFRP-T2P [38] eliminates the
reliance on ground truth semantic submaps by leveraging its
own semantic segmentation approach [10], but lacks open-
source code; thus, we conduct direct comparisons under dif-
ferent settings. To ensure consistency, we use the semantic
submap input provided by the original dataset, similar to
other methods. However, unlike previous approaches that
trained solely on fully matching samples, our method lever-
ages both partially and fully matching samples (all tabulated
data are sourced from the original papers). Our approach
surpasses all existing methods across all recall levels, out-
performing the previous state-of-the-art, Text2Loc [40], by
14% and 18% in top-1 recall on the validation and test sets,
respectively. Moreover, our method consistently demon-
strates superior performance as the threshold or k increases.
These results validate the effectiveness of our uncertainty
modeling and propagation in leveraging partially matching
samples throughout the coarse-to-fine framework, enhanc-
ing overall localization accuracy. Additionally, we analyze
the impact of integrating partially matching samples into the
open-source method Text2Loc [40] in Tab. 4 as part of our

ablation study.
To independently assess our fine-grained location stage,

we evaluate the trained model using only fully matching
samples for a consistent and fair comparison with oth-
ers. Normalized Euclidean distance serves as the evalua-
tion metric. As shown in Tab. 2, our method reduces er-
ror by 7% and 10% on the validation and test sets, respec-
tively, compared to Text2Loc [40]. These results validate
the effectiveness of our uncertainty modeling in leveraging
both partially and fully matching samples during training,
enhancing fine-grained localization accuracy.
Coarse place recognition. In the coarse place recognition
stage, we evaluated top-1/3/5 recall rates, with our method
surpassing the SOTA Text2Loc by 16%/13%/9% (Tab.3),
showing similar gains on the test set. It also outperforms
the retrieval-only method GOTLoc[19] (arXiv 2025). These
results highlight the importance of partially matching sam-
ples in enhancing retrieval and validate the effectiveness of
our proposed IOU and uncertainty propagation approach.
Qualitative Analysis. We provide a qualitative compari-
son of coarse-to-fine localization between Text2Loc and our
method, as shown in Fig. 4. Given a query text, we visualize
the ground truth, top-3 retrieved submaps, and top-1 fine-
grained localization result. Each submap spans 30m; thus,
in coarse place recognition, a retrieved submap is classi-
fied as a partially matching submap if its center distance is
within 15m of the ground truth and it is not a fully matching
submap. In coarse place recognition, both Text2Loc and our
method retrieve fully or partially matching submaps near
the position. However, our method is more likely to retrieve
a fully matching submap under stricter metrics, such as top-
1. As shown in the first column, while Text2Loc retrieves
only a partially matching submap at top-2, our method
achieves a fully matching submap at top-1. This demon-
strates that our uncertainty-aware assignment loss L′

iou in
the coarse stage helps distinguish fully and partially match-
ing samples, improving retrieval performance. The second
column highlights a key challenge for Text2Loc: despite
failing to retrieve the correct fully matching submap at top-
3, the retrieved submaps contain similar object instances,
indicating difficulty in resolving inter-submap ambiguities.
In contrast, our method retrieves the fully matching submap
at top-1, followed by a partially matching submap. This
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Figure 4. Qualitative comparisons on KITTI360Pose: In coarse place recognition, the numbers in top-3 retrieved submaps show their
center to ground truth distances. Green boxes denote fully matching submaps containing the position, while red indicates retrieval failures.
In fine-grained localization, red and yellow dots mark the ground truth and predicted locations, with red numbers showing their distances.

Localization Recall (ϵ < 5m) ↑
Methods Validation Set Test Set

k = 1 k = 5 k = 10 k = 1 k = 5 k = 10

Text2Loc 0.37 0.68 0.77 0.33 0.61 0.71

Text2Loc* 0.40 0.71 0.80 0.36 0.65 0.74

w/o L
′
reg 0.25 0.43 0.51 0.21 0.38 0.47

Ours 0.42 0.75 0.83 0.39 0.68 0.78

Table 4. Ablation study on fine localization (KITTI360Pose). *
denotes the Text2Loc fine localization network with submaps re-
trieved by our coarse recognition. ‘w/o L

′
reg’ indicates training

with Lreg using partially matching submaps.

demonstrates that integrating Lcon with L′

iou helps the model
focus on distinctive features of fully and partially matching
submaps, enhancing its ability to differentiate from other
semantically similar submaps. The top-1 fine-grained local-
ization results in Fig. 4 confirm our method’s ability to re-
fine predictions using the retrieved fully matching submap.
Additional visualizations are provided in the Appendix.

5.2. Ablation Study
Fine-grained localization. To further assess our method’s
effectiveness in fine-grained localization, we present a
quantitative analysis in Tab. 4. For fair comparison, all
methods use the same submaps retrieved by our coarse
place recognition. Text2Loc* significantly outperforms
the original Text2Loc, demonstrating the benefits of our
coarse place recognition. However, incorporating partially
matching submaps into Text2Loc’s training degrades per-
formance, consistent with our earlier analysis (see Sec. 5.1).
By introducing uncertainty modeling as a loss function to
handle partially matching samples, our method achieves a

Figure 5. Visualization of cross-modal ambiguity modeling. Es-
timated uncertainty is shown as yellow circles, while the orange
dashed line links the text query to its corresponding point cloud
instance in the submap.

top-1 accuracy of 0.39 on the test set at ϵ < 5m, an 8%
improvement over Text2Loc. These results confirm that our
framework effectively models cross-modal ambiguity, en-
hancing the model’s ability to distinguish fully from par-
tially matching samples and improving text to submap lo-
calization accuracy.

To further validate this finding, we visualize predicted lo-
cation, uncertainty scores, and prediction errors. As shown
in Fig. 5(a), higher uncertainty scores correspond to fewer
matched text–point cloud instances and larger prediction
errors, indicating that uncertainty reflects cross-modal am-
biguity arising from imperfect text–point cloud alignment.
Moreover, Fig. 5(b) and (c) reveal that as the number of
matched instances increases, both uncertainty and predic-
tion errors decrease, demonstrating the model’s ability to
learn discriminative feature representations for improved
localization accuracy.

We further analyze the results by binning test samples
based on uncertainty values using histogram binning and
computing mean and median localization errors within each
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Figure 6. The mean and median errors of fine-grained predictions
are evaluated across uncertainty intervals, with the range [0.01,
0.06] divided into 10 segments, corresponding to bins Bi.

Submap Retrieval Recall ↑
Methods Validation Set Test Set

k = 1 k = 3 k = 5 k = 1 k = 3 k = 15

Text2Loc 0.32 0.56 0.67 0.28 0.49 0.58

Text2Loc* 0.19 0.28 0.41 0.16 0.25 0.37

w/ Ldis 0.33 0.59 0.69 0.31 0.50 0.61

w/ Liou 0.35 0.60 0.71 0.32 0.53 0.63

Our 0.37 0.63 0.73 0.34 0.56 0.65

Table 5. Ablation study of coarse stage on KITTI360Pose. *
denotes training with partially matching submaps using Lcon.
‘w/Ldis’ denotes training both partially and fully matching sam-
ples using Lcon and Ldis, ‘w/Liou’ follows a similar strategy.

bin (Fig. 6). Lower uncertainty corresponds to smaller er-
rors, while higher uncertainty correlates with increased er-
rors, confirming its positive relationship with localization
accuracy. These findings validate the effectiveness of our
uncertainty modeling in capturing cross-modal ambiguity
and serving as a reliable indicator of localization accuracy.
Coarse place recognition. To evaluate the effectiveness
of our method in coarse place recognition, we compare
strategies for handling partially matching samples (Tab. 5).
Consistent with fine-grained localization, naively incorpo-
rating partially matching samples into contrastive learning
reduces retrieval performance. Based on this, we explore
alternative approaches using Liou, Ldis, and our final pro-
posed L′

iou. The results show that both Liou and Ldis out-
perform the baseline, with IOU-based similarity surpassing
L2 distance. The IOU ratio more effectively distinguishes
between partially and fully matching samples. Our final ap-
proach achieves the best performance, demonstrating that
the uncertainty-aware similarity loss filters out hard sam-
ples, allowing the model to better utilize informative par-
tially matching samples and enhance retrieval accuracy.
Further Training Analysis. We analyze the training pro-
cess, as shown in Fig. 7. The left panel displays loss
curves for the coarse place recognition stage with Liou and
L′

iou. Propagating uncertainty guidance improves stability
and accelerates convergence, suggesting that L′

iou allows

Figure 7. Liou and L
′
iou loss curves (left), the Normalized Eu-

clidean distances when utilize Lreg or L
′
reg’ loss (right).

Localization Recall(ϵ < 10m) ↑
Methods Validation Set Test Set

k = 1 k = 5 k = 10 k = 1 k = 5 k = 10

Text2Pos 0.13 0.32 0.55 0.10 0.28 0.47

Text2Loc 0.25 0.46 0.69 0.19 0.38 0.57

Ours 0.29 0.54 0.78 0.24 0.47 0.66

Table 6. Performance comparison on the CityRefer.

dynamic adjustment, mitigating the impact of hard sam-
ples within partially matched pairs and enhancing train-
ing efficiency. The right panel shows the normalized Eu-
clidean distance error curve in the fine-grained localization
stage. Using L′

reg improves convergence, indicating that
uncertainty based cross-modal ambiguity modeling effec-
tively utilizes discriminative features from partially match-
ing samples, boosting accuracy for fully matching samples.
Details in Appendix: The hyperparameter ablation in Eq. 6
and its impact on model performance. The effectiveness of
our method in structuring the embedding space and refining
spatial retrieval.

5.3. Generalization to CityRefer dataset
We evaluate our method against new CityRefer dataset and
report the fine-grained localization performance in Tab. 6.
We implement the open-source methods on CityRefer with
the same settings as KITTI360Pose. Due to the increased
linguistic variability of CityRefer compared to the fixed
templates in KITTI360Pose, existing methods show de-
graded performance. In contrast, our method maintains a
significant advantage and outperforms Text2Loc by 16%
and 26% in top-1 recall on the validation and test sets, re-
spectively, highlighting its robustness in handling diverse
query text and improving localization accuracy.

6. Conclusion
In this paper, we pioneered a more realistic setting for text
to large-scale point cloud task by relaxing the one-to-one
retrieval constraint by allowing partially matching submap
and query text pairs. To address the associated challenges,
we first modeled cross-modal ambiguity in fine-grained lo-
cation regression by integrating uncertainty scores and then
proposed an uncertainty-aware similarity metric to propa-
gate uncertainty into coarse place recognition. Experiments
show our method’s superiority. In the future, we will design
more efficient similarity metrics with the modeled uncer-
tainty for overall performance improvement.
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