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Abstract

Visual Place Recognition (VPR) is aimed at predicting the
location of a query image by referencing a database of geo-
tagged images. For VPR task, often fewer discriminative lo-
cal regions in an image produce important effects while mun-
dane background regions do not contribute or even cause
perceptual aliasing because of easy overlap. However, exist-
ing methods lack precisely modeling and full exploitation of
these discriminative regions. In this paper, we propose the
Focus on Local (FoL) approach to stimulate the performance
of image retrieval and re-ranking in VPR simultaneously by
mining and exploiting reliable discriminative local regions in
images and introducing pseudo-correlation supervision. First,
we design two losses, Extraction-Aggregation Spatial Align-
ment Loss (SAL) and Foreground-Background Contrast En-
hancement Loss (CEL), to explicitly model reliable discrim-
inative local regions and use them to guide the generation of
global representations and efficient re-ranking. Second, we
introduce a weakly-supervised local feature training strategy
based on pseudo-correspondences obtained from aggregating
global features to alleviate the lack of local correspondences
ground truth for the VPR task. Third, we suggest an efficient
re-ranking pipeline that is efficiently and precisely based on
discriminative region guidance. Finally, experimental results
show that our FoL achieves the state-of-the-art on multi-
ple VPR benchmarks in both image retrieval and re-ranking
stages and also significantly outperforms existing two-stage
VPR methods in terms of computational efficiency.

Code — https://github.com/chenshunpeng/FoL

Introduction
Visual Place Recognition (VPR), also known as visual ge-
olocalization (Berton, Masone, and Caputo 2022a), is used
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Figure 1: (a) The results show that our FoL achieves state-of-
the-art performance in the image retrieval phase alone and
significantly outperforms recent methods after re-ranking.
(b) Our FoL proposes to do local matching only in the dis-
criminative region, which not only improves the accuracy of
re-ranking but also greatly improves the efficiency.

to retrieve images of the most similar locations from geo-
tagged databases to estimate the rough geographic loca-
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tion of a query image and is an essential part of many
robotics (Chen et al. 2017) and computer vision (Middelberg
et al. 2014; Wang et al. 2019b; Guo et al. 2020; Yuan et al.
2024; Li et al. 2024) tasks. Early approaches viewed VPR
as a single-stage image retrieval problem (Datta et al. 2008),
using global features (a.k.a. global descriptors) to represent
the location image, similarity search in that feature space,
and determining the localized location by nearest neigh-
bor matching. However, these global features ignore spa-
tial information, making single-stage VPR methods based
on these features prone to perceptual aliasing (Izquierdo and
Civera 2024), i.e., it is difficult to distinguish highly similar
images taken from different locations.

To utilize the spatial information, some recent VPR meth-
ods have proposed two-stage promising solutions (Hausler
et al. 2021; Zhu et al. 2023; Lu et al. 2024c), in which they
retrieve the top k candidates in the database using global
features, and then rerank these candidates by matching lo-
cal features. Although the two-stage methods have yielded
encouraging results in terms of accuracy through the intro-
duction of spatial information checking, there are still three
problems with these methods that have not been well ad-
dressed: i) They lacked modeling and utilization of discrim-
inatory regions, which are critical for VPR task; ii) The lack
of local correspondence labels in the existing VPR dataset
leads to ineffective local matching supervision of the re-
ranking stage; iii) Matching on dense local features in the
re-ranking stage leads to huge runtime overhead and mem-
ory usage.

To alleviate the above problems, this work advocates “fo-
cus on local” and proposes FoL, an efficient two-stage VPR
method that makes better use of spatial local information.
First, we design two losses to explicitly model regions of the
VPR task that are discriminative and reliable. Specifically,
we propose Extraction-Aggregation Spatial Alignment Loss
(SAL) to achieve mutually reinforcing self-supervised learn-
ing by aligning the regions of interest of the feature ex-
tractor (i.e., the self-attention map in the transformer) with
the regions that are not discarded by the feature aggrega-
tor. Besides, we introduce the Foreground-Background Con-
trast Enhancement Loss (CEL) to encourage the network to
generate regions that are both reliable, meaning they yield
consistent attention across images, and discriminative, en-
suring they are well differentiated from the background. As
shown in Figure 1 (a), under the influence of discrimina-
tive region modeling, our FoL generates better global fea-
tures, thus obtaining higher retrieval accuracy. Second, we
introduce a weakly supervised local feature training strat-
egy to improve the performance of local matching (Xu et al.
2024; Wu et al. 2023) in the re-ranking stage. This strategy is
based on pseudo-correspondences derived from aggregated
global features, which helps to solve the problem of scarcity
of ground truth for local correspondences (Wang et al. 2023,
2022a). Third, we suggest an efficient re-ranking pipeline
that is efficiently and precisely based on discriminative re-
gion guidance, as shown in Figure 1 (b).

To summarize, our work brings the following contribu-
tions: 1) We design two well-designed losses for explic-
itly modeling reliable discriminative regions and enabling

both image retrieval and local matching stages to benefit
from them. 2) We introduce a weakly supervised local fea-
ture training strategy based on pseudo-correspondence to
improve re-ranking performance. 3) We suggest using the
discriminative region for guiding the local features match-
ing in the re-ranking stage, thereby furthering the accuracy
and efficiency. 4) Extensive experiments showing our FoL
has a state-of-the-art performance on a wide range of VPR
benchmarks with a competitive inference speed.

Related Works
One-Stage VPR: The one-stage VPR approaches pro-
duce global representations for image matching by aggre-
gating early handcrafted local features (Bay, Tuytelaars,
and Van Gool 2006) or deep learning-based features from
convolutional neural networks (Arandjelovic et al. 2016),
MLPs (Ali-bey, Chaib-draa, and Giguère 2023), and trans-
formers (Keetha et al. 2023). With the recent rise of vi-
sual foundation models (VFMs), several approaches have
adopted the foundation model DINOv2 (Oquab et al. 2023)
as the backbone of the VPR task and have shown promis-
ing performance. One representative work is CricaVPR (Lu
et al. 2024b), which integrates adapters into DINOv2,
employing a self-attention mechanism to associate mul-
tiple images within a batch, leveraging variations across
images as cues to guide representation learning. Mean-
while, SALAD (Izquierdo and Civera 2024) redefines
NetVLAD (Arandjelovic et al. 2016)’s soft-assignment as
the optimal transmission problem aggregating local features
from DINOv2. However, one-stage methods are prone to
perceptual aliasing (Lu et al. 2024d) due to the fact that they
only utilize global information for the purpose and ignore
spatial information that can be used for position calibration.
In contrast, our proposed FoL models and exploits image
spatial discriminative regions so that the network pays more
attention to valuable regions to alleviate the perceptual alias-
ing of global retrieval and imposes spatial information val-
idation through local matching between discriminative re-
gions to further refine the global retrieval results efficiently.

Two-Stage VPR: A recent trend in VPR is the use of a
two-stage retrieval strategy (Hausler et al. 2021; Lu et al.
2024a), which first performs an initial ranking based on
the global representation similarity, and then re-ranks the
top K retrieved candidates in the second stage using lo-
cal features containing spatial information. The two-stage
VPR methods achieve a more competitive performance due
to the use of spatial information. Patch-NetVLAD (Hausler
et al. 2021) is a two-stage method that first retrieves can-
didate images using global NetVLAD features and subse-
quently reorders these candidates by leveraging multi-scale
patch-level features derived from the NetVLAD framework.
TransVPR (Wang et al. 2022b) leverages the transformer ar-
chitecture’s multi-level attention mechanism to derive global
features for candidate retrieval, and uses an attention mask
to filter the feature map to generate key patch descriptors
for reordering candidates. R2Former(Zhu et al. 2023) pro-
poses a unified framework for place recognition that inte-
grates retrieval and re-ranking, where the re-ranking module
considers feature correlation, attention values, and coordi-

7537



projection

projection

projection

N

Score matrix

projection

Sinkhorn 

projection

Feature extraction

Reliable Discriminative
 Region Modeling

 M

Local 
Feature Decoder

DINOv2
Backbone

Global Feature Aggregation

Dustbin clusterCluster

self-attention

Sum
Image

Weakly Supervised 
Local Feature Learning

[cls] token

cluster 1
cluster 2
cluster 3
cluster 4

 tokens

Figure 2: Illustration of our FoL’s pipeline during training. In addition to including common feature extraction and global
feature aggregation steps, our FoL also includes Reliable discriminative region modeling and weakly supervised local feature
learning to fully introduce spatially localized information to simultaneously improve the performance of the two-stage VPR
method for image retrieval and re-ranking.

nates. Recently, SelaVPR(Lu et al. 2024c) integrated train-
able adapters into the DINOv2 architecture then used GeM
pooling techniques for feature aggregation and performed
re-ranking by introducing an adapter that produces local fea-
tures. Different from existing two-stage methods, our pro-
posed FoL explicitly models reliable discriminative regions
by leveraging extraction-aggregation spatial alignment and
foreground-background contrast enhancement losses. These
mined regions can be used to facilitate efficient and accu-
rate local feature matching in the re-ranking stage. Addition-
ally, our FoL also introduce pseudo-correspondence-based
weakly-supervised local feature learning techniques to en-
hance the accuracy of the re-ranking stage.

Methodology
Network Architecture
As shown in Figure 2, the image is first fed into the back-
bone network to extract the features, and then goes through
two branches to derive the global feature and local features
respectively. Specifically, global feature for image retrieval
are obtained after feature aggregation, while local features
are obtained by a lightweight resolution recovery decoder.
Feature Extraction. Following recent works (Keetha et al.
2023), we use the transformer-based vision foundation
model DINOv2 (Oquab et al. 2023) as a feature extractor,
for input image I ∈ Rh×w×3 after feature extraction to ob-
tain feature F containing N = h×w/142 tokens ti, i ∈ RN .
Global Feature Aggregation. We adopt the optimal assign-
ment based on Sinkhorn algorithm (Cuturi 2013) proposed
by SALAD (Izquierdo and Civera 2024) to aggregate the
features F to construct the global feature Dg . Specifically,

tokens from F are assigned to M clusters according to the
score matrix computed by the Sinkhorn algorithm, and an
additional dustbin cluster can is set up to discard useless
background region tokens. In particular, we refer to the to-
kens regions assigned to the M clusters outside the dustbin
cluster can as the feature aggregation attention mask Ma.
Local Feature Decoder. The decoder is lightweight consist-
ing of only two Deconvolution layers and a ReLU layer.

Reliable Discriminative Region Modeling
In FoL, we design two losses, Extraction-Aggregation Spa-
tial Alignment Loss (SAL) and Foreground-Background
Contrast Enhancement Loss (CEL), to model reliable dis-
criminative regions. We seek to construct discriminative re-
gions by utilizing the spatial information capturing capabili-
ties readily available in feature extraction and global feature
aggregation of VPR pipeline.

For feature extraction, the self-attention score computa-
tion of the transformer architecture incorporates the level
of attention paid to each token representing an image
patch, which can be viewed as modeling spatial informa-
tion. Specifically, Me is obtained by averaging the attention
scores of the last multi-head attention layer [cls] token over
patch tokens. For feature aggregation, the dustbin cluster
is dedicated to hold background features, while other fore-
ground features can be obtained by assigning to the set of
M clusters, thus we can obtain discriminative foreground re-
gion mask Ma. Finally, we obtain the discriminative region
mask M by fusing Me and Ma, i.e., M = (Me +Ma)/2.
Extraction-Aggregation Spatial Alignment Loss. We pro-
pose Extraction-Aggregation Spatial Alignment Loss (SAL)
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to achieve mutually reinforcing self-supervised learning by
aligning the regions Me of interest of the feature extractor
with the regions Ma that are not discarded by the feature
aggregator. Specifically, we align Ma and Me by Kullback-
Leibler divergence (Van Erven and Harremos 2014):

LSA =
h×w∑

i

Mi
alog

Mi
a

Mi
a

+
h×w∑

i

Mi
elog

Mi
a

Mi
e

, (1)

where i ∈ Rh×w. In practice, we found that direct alignment
leads to network learning difficulties due to the significant
difference in distribution between Ma and Me. Therefore,
we smoothed Ma and Me. Taking Ma as an example, it can
be defined as:

M(i)
a =

{
M

(i)
a if M(i)

a < perc10(M
(i)
a )

perc10(M
(i)
a ) otherwise,

(2)

where perc10(M
(i)
a ) denotes the 10-th percentile value of the

i-th row in matrix Ma. This formula is used to truncate the
top 10% of values in each row to the 10-th percentile value,
thereby smoothing the distribution of Ma and Me.
Foreground-Background Contrast Enhancement Loss.
We further introduce a Foreground-Background Contrast
Enhancement Loss (CEL) to encourage the network to gen-
erate regions that are both reliable (i.e., produce consistent
attention across images) and discriminative (ensure that they
are well distinguished from the background). We first re-
shape F containing the patch tokens into F ∈ Rh×w×d that
is consistent with the shape of M . From this, we can obtain
the foreground comparison prototype ffg:

ffg =

∑h×w
i M(i) · F(i)

||
∑H×W

i M(i) · F(i)||
, (3)

where || · || means L2 norm. Similarly, we can get the back-
ground prototype fbg:

fbg =

∑h×w
i (1−M(i)) · F(i)

||
∑H×W

i (1−M(i)) · F(i)||
. (4)

Next, Based on triplet loss (Hermans, Beyer, and Leibe
2017) LCE can be defined as:

LCE = max(0, 1− (ffg · fp
fg − ffg · fbg)), (5)

where fp
fg is the foreground prototype of the positive sam-

ple (different images of the same scene), as shown in Fig-
ure 2. Notice that in order to force the network to optimize
only M without affecting feature extraction, we truncate the
gradient of F when computing the LCE loss. Fueled by
LCE , M tends to produce consistent and reliable foreground
discriminative region activation, and foreground and back-
ground regions are encouraged to be clearly distinguished.
With these two losses proposed above, FoL can model reli-
able discriminative regions and benefit both image retrieval
and re-ranking stages. On the one hand, the network can
be induced to pay more attention to critical regions when
extracting features and aggregating global features by con-
straining the attention of the transformer and the score ma-
trix of the aggregation phase. On the other hand, discrim-
inative regions can be used as a priori information in the

Algorithm 1: Pseudo-correspondence Ground Truth Con-
struction

1: Input: Discriminative Region Map M , Assignment
Score Matrix S

2: Parameters: thr1 = 0.8, thr2 = 0.5, N = 8
3: We sort the patches using the activation values in M .

Then, we select the patch feature fp with the highest
activation value and exclude it from the sequence.

4: The corresponding cluster order number is found
through the index assignment matrix S. Then all the
patches in the positive sample image that are assigned
to that cluster are found based on the cluster order num-
ber as candidate features.

5: If candidate features {fp′
1th

, fp′
2th

} correspond-
ing to fp satisfy sim(fp, fp′

1th
) > thr1 and

sim(fp, fp′
2th

)/sim(fp, fp′
1th

) < thr2 with the high-
est and second-highest similarity to the corresponding
feature fp, perform step 6 else perform step 3.

6: p and p
′

1th as pseudo labels (p, p
′
) and then perform step

3 until N labels are obtained or there are no candidates.
7: Return: N pseudo-correspondence ground truth.

re-ranking stage to accelerate the efficiency and accuracy of
local matching.

Weakly Supervised Local Feature Learning
Due to the lack of pixel-level correspondence labels in the
VPR dataset, existing two-stage methods can usually only
supervise the final matching results, such as R2Former (Zhu
et al. 2023)’s classification loss and CricaVPR (Lu et al.
2024b)’s mutual nearest neighbor loss. In FoL, we ex-
plore the use of the clustering results of local features in
the global feature aggregation process to construct pseudo-
correspondence truths thereby enabling pixel-level supervi-
sion of local feature matching.
Pseudo-correspondence Ground Truth Construction. As
shown in Figure 2, in the global feature aggregation phase,
each local patch is assigned to a specific cluster, which in
fact indirectly includes the correspondence between patches,
i.e., the corresponding pair of patches will be assigned to the
same cluster. We develop the pseudo correspondence truth
construction algorithm based on the above observation as
shown in Algorithm 1.
Weakly Supervised Pseudo correspondence Loss. We ob-

tain (Dp
l , D

p
′

l ) by sampling the network output dense local
features Dl using the pseudo correspondence (p, p

′
). From

this, LPC can be defined as:

LPC =

∑
exp(sim(fpi , fp′

i
)) · (1− sim(Dpi

l , D
p
′
i

l )))∑
exp(sim(fpi

, fp′
i
))

.

(6)
Since not true ground truth is used, we use similarity as a
confidence for evaluating the quality of labels to mitigate
the negative impact of inaccurate labels on model training,
hence LPC is a weakly supervised loss.
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Efficient Re-ranking with Discriminative Region
Guidance
We propose to accelerate and enhance the re-ranking process
using the local regions mask M modeled in previous section
as a priori information for local matching.

First, we convert M into a binary matrix, where the top
k positions in M are set to 1, and others to 0. This can be
expressed as:

Mbin =

{
1 if index ∈ top k of M
0 otherwise,

(7)

where k is set to the top 40%.
Then, we interpolate Mbin and select the parts of the dense

local features Dl where the mask is 1:

DM
l = Dl[Mbin = 1] (8)

Finally, we only perform nearest-neighbor local feature
matching on DM

l , which reduces the probability of wrong
matching and improves the efficiency of matching due to the
narrowed matching range.

Total Loss Function
Following previous works (Izquierdo and Civera 2024), we
also use the multi-similarity loss (Wang et al. 2019a) LMS

with an online hard mining strategy to optimize the global
features. To optimize the local features matching, we also
adopt the mutual nearest neighbor local feature loss LMNN

proposed in SelaVPR(Lu et al. 2024c). Combined with the
techniques presented in the previous sections, the total loss
can be defined as:

L = LMS + LMNN + LCE + αLSA + βLPC , (9)

where {α, β} are hyperparameters to adjust the magnitude
of the different losses.

Experiments
Benchmarks and Performance Evaluation
Our experiments utilize several VPR benchmark datasets to
assess the performance of our models, focusing primarily on
Tokyo24/7, Pitts250k, and MSLS, with additional evalua-
tions on Nordland, AmsterTime, SVOX, SPED, and SF-XL.
Tokyo24/7 (Torii et al. 2015) includes approximately 76,000
database images and 315 query images from urban envi-
ronments, each image involving three different viewpoints
and three different times of the day, showcasing significant
changes in lighting conditions. Pitts250k (Torii et al. 2013)
consists of images from Google Street View panoramas,
exhibiting significant viewpoint changes, moderate condi-
tion variations, and a small number of dynamic objects.
MSLS (Mapillary Street-Level Sequences) (Warburg et al.
2020) is a large-scale dataset with over 1.6 million im-
ages collected from urban, suburban, and natural scenes,
testing models under varying conditions such as illumina-
tion, weather, and dynamic objects. Nordland (Sünderhauf,
Neubert, and Protzel 2013) captures images from a fixed
viewpoint in the front of a train on the same route over

four seasons, providing images from suburban and nat-
ural environments with significant seasonal and lighting
changes. AmsterTime (Yildiz et al. 2022) presents histor-
ical grayscale queries and contemporary RGB references
from Amsterdam, challenging models with temporal and
modality variations. SVOX (Berton et al. 2021) evaluates
performance under different weather and lighting condi-
tions, with queries extracted from the Oxford RobotCar
dataset. The SPED (Zaffar et al. 2021) and SF-XL (Berton,
Masone, and Caputo 2022b) datasets add further diversity
with varying degrees of viewpoint and condition changes.
We follow the common evaluation metrics used in previous
works (Ali-bey, Chaib-draa, and Giguère 2024). We assess
performance using Recall@N, with a 25-meter threshold for
Tokyo24/7, Pitts30k, and MSLS, and ±10 frames for Nord-
land, effectively measuring retrieval accuracy under various
conditions.

Implementation Details
We initialize the ViT-L backbone with pre-trained DINOv2
weights and fine-tune only the last four layers of the back-
bone. The remaining modules are set to learnable. In the
feature extraction stage, the number of clusters M is set to
64. In the re-ranking stage, the number of channels up-conv
are 256 and 128, and the convolution kernel size was 3×3,
stride=2, padding=1. The ViT architecture supports variable
input sizes, provided images can be partitioned into 14 × 14
patches. To speed up training, we used 322 × 322 images
but evaluated on 504 × 504 resolution. We trained with one
A100 GPU on GSV-Cities (Ali-bey et al. 2022), a large city
location dataset collected by Google Street View. Batch size
is 60 and each batch is described by 4 images. The AdamW
optimizer with a linear learning rate schedule was used, with
a learning rate of 6e − 5 and a weight decay of 9.5e − 9.
The training converged after 5 epochs. To ensure the valid-
ity of our experiments and optimize hyperparameter selec-
tion, we continuously monitored recall performance on the
MSLS validation set. We follow mainstream works to use 25
meters as the threshold for correct scene and report recall@k
(k=1,5,10) as evaluation metrics.

Comparisons with state-of-the-art Methods
In this section, we compare our one-stage (FoL-global)
and two-stage (FoL-re-ranking) results with previous state-
of-the-art VPR methods, including eight one-stage meth-
ods that utilize global feature retrieval: NetVLAD (Arand-
jelovic et al. 2016), SFRS (Ge et al. 2020), CosPlace
(Berton, Masone, and Caputo 2022b), MixVPR (Ali-bey,
Chaib-draa, and Giguère 2023), EigenPlaces (Berton et al.
2023), CricaVPR (Lu et al. 2024b), SALAD (Izquierdo
and Civera 2024), and BoQ (Ali-bey, Chaib-draa, and
Giguère 2024). Additionally, we compare our method with
three two-stage methods that incorporate re-ranking: Patch-
NetVLAD (Hausler et al. 2021), R2Former (Zhu et al.
2023), and SelaVPR (Lu et al. 2024d). Our method, sim-
ilar to CricaVPR and SALAD, is trained on the GSV-
Cities (Ali-bey et al. 2022). Quantitative results are pre-
sented in Table 1. Our FoL-global method achieves the best
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Method Pitts250k-test MSLS-val MSLS-challenge Tokyo24/7
R@1 R@5 R@10 R@1 R@5 R@10 R@1 R@5 R@10 R@1 R@5 R@10

NetVLAD CVPR’ 2016 (Arandjelovic et al. 2016) 90.5 96.2 97.4 53.1 66.5 71.1 35.1 47.4 51.7 60.6 68.9 74.6
SFRS ECCV’ 2020 (Ge et al. 2020) 90.7 96.4 97.6 69.2 80.3 83.1 41.6 52.0 56.3 81.0 88.3 92.4
Patch-NetVLAD CVPR’ 2021 (Hausler et al. 2021) † - - - 79.5 86.2 87.7 48.1 57.6 60.5 86.0 88.6 90.5
CosPlace CVPR’ 2022 (Berton, Masone, and Caputo 2022b) 92.4 97.2 98.1 82.8 89.7 92.0 61.4 72.0 76.6 81.9 90.2 92.7
MixVPR WACV’ 2023 (Ali-bey, Chaib-draa, and Giguère 2023) 94.6 98.3 99.0 88.2 93.1 94.3 64.0 75.9 80.6 86.7 92.1 94.0
R2Former CVPR’ 2023 (Zhu et al. 2023) † 93.2 97.5 98.3 89.7 95.0 96.2 73.0 85.9 88.8 88.6 91.4 91.7
EigenPlaces ICCV’ 2023 (Berton et al. 2023) 94.1 98.0 98.7 89.1 93.8 95.0 67.4 77.1 81.7 93.0 96.2 97.5
SelaVPR ICLR’ 2024 (Lu et al. 2024d) † 95.7 98.8 99.2 90.8 96.4 97.2 73.5 87.5 90.6 94.0 96.8 97.5
CricaVPR CVPR’ 2024 (Lu et al. 2024b) 95.6 98.9 99.5 90.0 95.4 96.4 69.0 82.1 85.7 93.0 97.5 98.1
SALAD CVPR’ 2024 (Izquierdo and Civera 2024) 95.1 98.5 99.1 92.2 96.2 97.0 75.0 88.8 91.3 94.6 97.5 97.8
BoQ CVPR’ 2024 (Ali-bey, Chaib-draa, and Giguère 2024) 95.0 98.4 99.1 91.4 94.5 96.1 - - - - - -
FoL-global 96.5 99.1 99.5 93.1 96.9 97.4 78.7 90.8 93.0 96.2 98.7 98.7
FoL-re-ranking† 97.0 99.2 99.5 93.5 96.9 97.6 80.0 90.9 93.0 98.4 99.1 99.4

Table 1: Comparison to state-of-the-art methods on four benchmarks. The best results are highlighted in bold and the second
best are underlined. Two-stage methods are marked with †.

Method Nordland Amster
Time

SF-XL
Occlusion

SF-XL
Night

SVOX
Night

SVOX
Sun

SVOX
Snow

SVOX
Overcast SVOX SPED

SFRS ECCV’ 2020 (Ge et al. 2020) 16.0 29.7 - - 28.6 54.8 - - - -
CosPlace CVPR’ 2022 (Berton, Masone, and Caputo 2022b) 43.8 38.7 - - 44.8 67.3 - - - -
MixVPR WACV’ 2023 (Ali-bey, Chaib-draa, and Giguère 2023) 58.4 40.2 - - 64.4 84.8 - - - -
EigenPlaces ICCV’ 2023 (Berton et al. 2023) 54.4 48.9 32.9 23.6 58.9 86.4 93.1 93.1 98.0 70.2
SelaVPR ICLR’ 2024 (Lu et al. 2024d) 85.2 55.2 35.5 38.4 89.4 90.2 97.0 97.0 97.2 88.6
CricaVPR CVPR’ 2024 (Lu et al. 2024b) 90.7 64.7 42.1 35.4 85.1 93.8 96.0 96.7 97.8 91.3
SALAD CVPR’ 2024 (Izquierdo and Civera 2024) 76.0 58.8 51.3 46.6 95.4 97.2 98.9 98.3 98.2 92.1
BoQ CVPR’ 2024 (Ali-bey, Chaib-draa, and Giguère 2024) 74.4 53.0 - - 85.2 96.5 98.4 98.3 - 86.2
FoL-global 87.8 64.6 51.3 53.4 98.3 98.1 99.1 97.9 98.4 92.1
FoL-re-ranking 92.6 70.1 61.8 60.5 98.8 98.8 99.3 98.3 98.9 91.8

Table 2: Comparison (R@1) to state-of-the-art methods on more challenging datasets.

R@1/R@5/R@10 across all datasets using only global fea-
tures for direct retrieval, significantly outperforming other
one-stage and two-stage methods. Specifically, FoL-global
improves the absolute R@1 by 0.8%, 0.9%, 3.7%, and
1.6% on Pitts250k-test, MSLS-val, MSLS-challenge, and
Tokyo24/7, respectively. This highlights the effectiveness
of the single global representation learned through our ap-
proach. After re-ranking with local features, the complete
FoL method outperforms all other methods by a substan-
tial margin. Specifically, FoL-re-ranking improves the abso-
lute R@1 by 1.3%, 1.3%, 5.0%, and 3.8% on Pitts250k-test,
MSLS-val, MSLS-challenge, and Tokyo24/7, respectively.
These results demonstrate that our model can overcome var-
ious visual changes induced by illumination (Tokyo24/7),
viewpoint (Pitts250k), weather, season, and dynamic objects
(MSLS).

Subsequently, we demonstrate the effectiveness of our
method in the most challenging VPR benchmark scenar-
ios through experiments on ten demanding datasets. The de-
tailed results in Table 2 emphasize the significant advantages
of our method over previous methods on these datasets. FoL-
re-ranking shows improvements of +1.9%, +5.4%, +10.5%,
+13.9%, +3.4%, and +1.6% on Nordland, Amster Time, SF-
XL Occlusion, SF-XL Night, SVOX Night, and SVOX Sun,
respectively. Notably, we observe an improvement of over

10% on the large-scale SF-XL dataset, demonstrating that
our model can generalize to highly challenging scenarios in-
volving viewpoint changes and occlusions.

Method Extraction
Time (s)

Matching
Time (s)

Total
Time (s)

TransVPR 0.007 2.632 2.639
R2Former 0.009 0.347 0.356
SelaVPR 0.023 0.071 0.094
FoL-re-ranking 0.025 0.032 0.057

Table 3: The single query runtime comparison of two-stage
methods on Pitts250k-test.

Efficiency is another critical metric for evaluating VPR
methods. In Table 3, we compare the runtime of our method
with other two-stage methods on Pitts250k-test, including
both feature extraction time and matching/retrieval time.
Due to the absence of geometric verification in our re-
ranking stage and the involvement of only discriminative
regions in matching, our method demonstrates a significant
speed advantage. Figure 3 and Figure 4 show the visualiza-
tion results of re-ranking local matching and VPR retrieval.
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(b)(a)

Figure 3: Visualization of local feature matching in the
re-ranking stage. (a) shows the w/o Discriminative Re-
gion Guidance, while (b) displays w/ Discriminative Re-
gion Guidance. Red •, Blue •, and Green • represent low,
medium, and high similarity matching points, respectively
(• → • → • indicates increasing similarity).

Ablation Study

Table 4 reports the results of our proposed FoL ablation ex-
periments on the MSLS Challenge benchmark. Here, the
Baseline denotes using only the SALAD model trained with
LMS and LMNN losses, without any of the proposed tech-
niques. We first apply a simple re-ranking strategy to the
Baseline, which aims to refine the initial retrieval results
by re-examining candidate lists. This step slightly improves
performance from (74.8, 88.4, 91.1) to (75.7, 89.1, 91.8).
Next, we introduce LSA to explicitly model discriminative
regions for the VPR task. After applying LSA, we observe
increments of (+1.5%, +0.3%, +0.9%) on R@1, R@5,
and R@10, respectively. Subsequently, adding LCE fur-
ther leverages spatial information, yielding increments of
(+0.9%, +1.2%, +0.1%). Then, we impose LPC loss to
enhance local feature representation in the re-ranking phase.
As illustrated in Table 4, this leads to another improve-
ment of (+0.6%, +0.2%, +0.2%), highlighting the crucial
role of improving local feature quality for re-ranking. Fi-
nally, we adopt our proposed Efficient Re-ranking with Dis-
criminative Region Guidance i.e., DRG. The performance
reaches (80.0, 90.9, 93.0), and notably, the proposed DRG
significantly reduces the matching time compared to dense
local feature matching, resulting in a substantial inference
speedup.

(a) SALAD
(CVPR 24)

FoL (Ours)
(b) CricaVPR

(CVPR 24)
(c) EigenPlaces

(ICCV 23)
Query

Figure 4: Qualitative VPR comparison results. Our FoL ac-
curately matching the query images, while other methods
such as SALAD, CricaVPR, and EigenPlaces cause erro-
neous matches under complex lighting and viewpoint varia-
tions.

Configurations MSLS Challenge
R@1 R@5 R@10

Baseline 74.8 88.4 91.1
+re-ranking 75.7 89.1 91.8
+LSA 77.2 89.4 92.7
+LCE 78.1 90.6 92.8
+LPC 78.7 90.8 93.0
+ DRG 80.0 90.9 93.0

Table 4: Ablation Study on MSLS Challenge benchmark.
Here DRG means Efficient Re-ranking with Discriminative
Region Guidance.

Conclusions

In this paper, we propose a two-stage VPR method called
FoL and focus our research vision on the role of mining
spatial local information for VPR. We explicitly model reli-
able and discriminative local regions with two well-designed
losses and demonstrate the importance of discriminative re-
gion modeling for image retrieval and local matching in
VPR tasks. We also introduce a weakly supervised local
feature training strategy based on pseudo-correspondence to
improve re-ranking performance. In addition, we propose
discriminative region-guided efficient re-ranking strategy to
further improve the accuracy and efficiency. Experimental
results show that our FoL achieves the latest state-of-the-art
performance on mainstream benchmarks for VPR tasks with
high efficiency.
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