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Abstract— Visual localization is an important sub-task in SfM
and visual SLAM that involves estimating a 6-DoF camera pose
for an input query image relative to a given 3D model of the
environment. The most accurate approach is a hierarchical
one that splits the task into two stages: image retrieval and
camera pose estimation. Each stage requires different image
features, with global features compactly encoding holistic image
information for the first stage and local features encoding the
appearance around salient image points for the second stage.
While existing methods use independent networks to extract
these features, one for global and one for local, this strategy
is suboptimal in terms of computational efficiency. In this
paper, we propose a novel approach that achieves state-of-the-
art inference accuracy with significantly improved efficiency.
Our approach’s core component is SuperGF, a network that
aggregates local features optimized for camera pose estimation
to create a global feature that enables precise image retrieval.
Through extensive experiments on the standard benchmark
tests, we demonstrate that the method offers a better trade-
off between accuracy and computational cost.

I. INTRODUCTION

Visual localization entails estimating the 6-DoF camera
pose based on an image of a scene, relative to a reference
scene representation. This process is a critical component in
computer vision tasks including structure-from-motion (SfM)
and SLAM. It is foundational to a variety of applications in-
cluding autonomous driving, mobile robotics, and augmented
reality. As the range of applications expands, there is an
increasing need for visual localization to operate reliably
across both large-scale challenging indoor and outdoor en-
vironments, unaffected by variations in weather, lighting, or
seasonal changes.

To achieve maximum accuracy, recent studies on visual
localization adopt a hierarchical approach [1], [2], [3]. The
process involves two steps: i) retrieving candidate images
from an image database, and ii) estimating the query’s 6-DoF
camera pose by matching the query and candidate images.
Specifically, in the image retrieval step, the closest multiple
database images to the query are selected using holistic
image similarity. In the camera pose estimation step, the
query is matched to the found candidate images to establish
2D-3D point correspondences from the query to the given 3D
scene model, thereby estimating the query’s camera pose.

In this hierarchical approach, distinct image features are
utilized at each step: global image features for image retrieval
and local image features for camera pose estimation. Conse-
quently, a majority of visual localization studies adopting this

(a) (b)

Fig. 1. Visualization of the final layer’s activation maps for an identical
image: (a) NetVLAD [4] and (b) SuperPoint [5]. Their differences imply
the gap between (a) global features for image retrieval and (b) local features
for image matching.

approach utilize separate methods for each step. For instance,
NetVLAD [4] is often employed to extract global features
from an input image, while image-matching tasks utilize
well-established local features such as SIFT [6] or Super-
Point [5]. However, computational efficiency—encompassing
factors like inference speed and memory footprint—is an-
other critical factor, in addition to the accuracy of pose
estimation. This underscores the motivation to enhance effi-
ciency by integrating both processes, potentially through the
sharing of certain computations.

However, achieving this integration presents a challenge
due to the differing requirements of the two types of fea-
tures, as illustrated in Fig. 1. Global features must offer a
comprehensive representation of input images by encoding
the entirety of a scene. These features can be more effective
when they focus on local regions with distinctive appearances
while excluding irrelevant areas to enhance discriminability.
Conversely, local features are tasked with encoding the lo-
calized appearances surrounding key points identified across
entire images, facilitating precise camera pose estimation.

This paper addresses the challenge of integrating the pro-
cesses of local feature extraction and global feature extrac-
tion. Specifically, we aim to transform a set of local features,
which are beneficial for precise 6-DoF pose estimation, into
global features that enhance the accuracy of image retrieval.
To date, only a handful of studies have pursued a similar
goal. HF-Net [1] seeks to unify global (e.g., NetVLAD [4])
and local (e.g., SuperPoint [5]) features for visual localiza-
tion through multitask distillation. However, the employment
of the teacher model for distillation can potentially decrease
inference accuracy, particularly in challenging environments
such as nighttime scenes. Similarly, Cao et al. [7] attempt
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to develop a unified model to extract both local and global
features, but encounter a similar difficulty. Tolias et al. [8]
propose aggregating learned local features to global ones
for image retrieval employing ASMK [9]. However, the
learned local features are unsuitable for an advanced visual
localization pipeline.

Retrieving candidate images in the first step of hierarchical
visual localization is equivalent to another task called visual
place recognition (VPR). To enhance accuracy, several exist-
ing VPR methods ([7], [10], [11]) utilize a two-step approach
akin to visual localization. Initially, these methods retrieve
candidate images leveraging global image features, followed
by a re-ranking based on geometric verification between the
query and candidate images. However, while their structure
is similar, these VPR methods cannot be applied to visual
localization, as they rely on the assumption of a planar
homography for geometric verification, which only roughly
approximates 6-DoF camera pose changes. Consequently,
these approaches often recycle features extracted from the
intermediate layers of the network to extract the global fea-
tures. Notably, these features do not correlate with keypoints,
which are critical for accurate 6-DoF pose estimation.

In this paper, we present a novel method called SuperGF,
which obtains a global feature capable of accurate image
retrieval from an image’s local features capable of accurate
6 DoF pose estimation. SuperGF achieves this by aggregating
the local features, similar to the techniques employed in
BoW [12], [13], ASMK [9] and Fisher Vector [14], but with
low computational costs aimed at reducing the overall com-
putational expenses. Inspired by recent successful applica-
tions in SOLAR [15] and TransVPR [10], we employ Trans-
former as the core component of SuperGF. By applying the
Transformer’s self-attention to the local features as tokens,
we facilitate mutual interactions between them, enabling it
to learn to extract good global representation capable of
accurate retrieval from the local image features. We show the
effectiveness of the approach through experimental results on
several public benchmarks.

II. RELATED WORKS

A. Approaches for Visual Localization

Structure-based Localization. Previous visual localization
approaches mainly rely on estimating correspondences be-
tween 2D keypoints in the query and 3D points in a sparse
model using local descriptors. The map is usually composed
of a 3D point cloud constructed via Structure-from-Motion
(SfM), where each 3D point is associated with one or more
local feature descriptors. The query pose is obtained by
feature matching and solving a Perspective-n-Point problem
(PnP) [16]. However, direct matching methods tend to be
resource-intensive or fragile and challenging to apply in
large-scale localization.

Image-based Localization. Visual localization in large-scale
urban environments is often approached as an image retrieval
problem. Specifically, the location of a given query image is
predicted by transferring the geotag of the most similar image

retrieved from a geotagged database [4], [17], [18], [19],
[20], [21], [22]. This approach scales to entire cities thanks to
compact image descriptors and efficient indexing techniques
and can be further improved by spatial re-ranking [7], infor-
mative feature selection [23], [24] or feature weighting [25],
[26], [20], [22]. Image-based localization approaches have
recently shown promising results in robustness and efficiency
but are not competitive in terms of accuracy [4], [27], which
output only an approximate location of the query, not an
exact 6-DoF pose.

Hierarchical Localization. Hierarchical localization takes
an approach, dividing the problem into a global, coarse
search followed by a fine pose estimation. It shows advan-
tages in terms of efficiency and accuracy compared to the
above two approaches, which can be applied to large-scale.
The intermediate retrieval step of hierarchical localization
limits the downstream feature matching to a reasonable
range, which reduces the computational cost significantly
while improving the localization performance by reducing
the influence of feature repetition. [28] proposed to search
at the map level using image retrieval and localize by
matching hand-crafted local features against retrieved 3D
points. However, its robustness and efficiency are limited by
the underlying local descriptors and heterogeneous structure.
Taira et al. applied learning-based features to camera pose
estimation but in a dense, expensive manner [3]. Recently,
HF-Net [1] integrated learning-based models of image re-
trieval and image-matching by model distillation that si-
multaneously predicts keypoints as well as global and local
descriptors for accurate 6-DoF localization.

B. Global and Local Image Features
Before the emergence of deep learning, hand-crafted local

features, such as SIFT [6], ORB [29], and SURF [30], are
widely applied in computer vision fields such as image
matching. Moreover, traditional aggregation methods [13],
[14] are developed for generating global image features
for image retrieval using these hand-crafted local features.
However, hand-crafted local features are limited in invariance
due to only involving low-level information.

Recent features emerging from convolutional neural net-
works (CNN) exhibit unrivaled robustness at a low comput-
ing cost. However, it tends to be task-specific. Specifically,
task-specific local or global image features are generated
using different models in an end-to-end manner. Even though
they achieve superior performances in their respective do-
main, such as image retrieval [15], [10], [11], [7] or image
matching [5], [31], [32], [33], [34], there are still problems
in unifying for multi-task.

More recently, Transformer has been adopted for feature
extraction in computer vision fields and achieved state-of-
art performances [15], [10]. It benefits from the desirable
property of the self-attention mechanism, which can natu-
rally aggregate task-relevant features. Recent studies have
applied Transformer to each component method for visual
localization, i.e., image retrieval [15], [10], [35] and image
matching [31], [36].

6291



III. METHOD

A. Overview

In this section, we introduce SuperGF, a novel method
that aggregates local features derived from an input image
to obtain a global feature that encapsulates a comprehensive
image representation. Figure 2 provides an overview of
SuperGF.

Initially, sparse local features are extracted from the input
image. SuperGF is designed to accommodate any type of lo-
cal features; in our experiments, we opted for SuperPoint [5]
owing to its exemplary performance and popularity. These
features, consisting of a variable number of local descriptors
identified at sparse keypoints in the input image, are fed into
SuperGF.

Subsequently, the local descriptors are transformed into
tokens, enriched with data such as image position and
confidence score. This step aims to facilitate their processing
within a Transformer network at a later stage. To enhance
computational efficiency, we utilize the slot attention mech-
anism, reducing the number of resultant cluster centers to a
smaller set, denoted as N , akin to “visual words.” The slot
attention was initially proposed for object detection [37], and
later adopted for visual place recognition [35].

Following this, the N tokens are channeled through a
Transformer encoder, encouraging interaction among them to
derive an improved holistic image representation. In the final
step, the output tokens undergo GeM pooling, culminating in
a unified vector representing the global feature of the input
image.

B. Augmenting and Compressing Local Features

Given an input image, we first extract a set of local fea-
tures, which consists of n pairs of keypoints and descriptors.
Let i be the index of keypoints (i = 1, . . . , n). We denote the
image position, descriptor, and confidence score of the i-th
keypoint by pi ∈ R2, di ∈ Rd, and ri ∈ R1, respectively.
Here d is the size of the descriptors; e.g., d = 256 for
SuperPoint.

We first augment the descriptor di with the side informa-
tion, obtaining ti ∈ Rd of i-th local feature. Specifically, we
embed the position pi and the score ri into a d-dimensional
vector ti using a multi-layer perceptron (MLP) as

ti = di +MLPenc(pi, ri). (1)

We use a two-layer fully-connected network with 256 hidden
units in our experiments.

To improve the efficiency of subsequent computations
while maintaining the token’s representational power, we
extract N(< n) representatives from the augmented tokens
t1, . . . , tn. For this purpose, we adopt the slot attention
mechanism; it was originally developed for object detection
[37] and then utilized for VPR [35].

The slot attention acts as a clustering algorithm, finding
cluster centers from a set of vectors. It is applied to our
problem as follows. The slot attention mechanism receives
T = [t1, . . . , tn]

⊤(∈ Rn×d) and a set of ‘templates’ denoted

by Y 0 ∈ RN×D as inputs, and then outputs updated tem-
plates Y L ∈ RN×D. Specifically, it iteratively updates Y l−1

to Y l using cross-attention from Y l−1 to T for l = 1, . . . , L;
we set L = 6 in our experiments. In the cross attention,
the query is obtained from Y l−1 with a linear mapping.
The key and value are obtained from T with two different
linear mappings. Along these, there is an MLP in the slot
attention mechanism. Thus, the learnable parameters are i)
the three linear mappings to obtain the query, key, and value,
ii) the MLP, and iii) the initial templates Y 0. The final output
is the updated template Y L and a set of attention scores
W i (i = 1, . . . , N ). Y L contains the N cluster centers, or
equivalently N most representative vectors of the input set
T of the augmented local features.

C. From Local to Global Features

The output Y L of the slot attention is further processed
with a self-attention mechanism to make them interact with
each other to yield a better global representation. We employ
the standard Transformer architecture for the self-attention,
which consists of an encoder with three Transformer blocks
with layer normalization, a multi-head self-attention (MSA)
mechanism, an MLP, and another layer normalization, in that
order from input to output ([38], [39]). In our experiments,
we set the dimension D of tokens to 512 and the number of
heads in MSA to 4; we use a two-layer network with 1,024
hidden units for the MLP. The set Y L of tokens is fed into
the Transformer encoder, yielding a set of updated tokens,
denoted by X ∈ RN×D. Finally, X is aggregated to a global
image feature by generalized mean (GeM) pooling [40],
which has a learnable parameter p initialized with p = 3.
The aggregated global feature O ∈ RD is given by:

O = NL2(GeM(X, p)), (2)

where NL2 is L2 normalization and GeM(X; p) =
(
∑N

i=1 (X
i)p/N)1/p, where Xi is the i-th row vector of

X(∈ RN×D).

D. Training

While SuperGF aims to enhance the computational effi-
ciency of precise visual localization, its training objective is
identical to that of the standard VPR. The distinction is that
SuperGF employs local image features as inputs. The shared
goal is to develop a model capable of generating a global
image feature that encapsulates the unique characteristics of
a scene depicted in an image. More precisely, when ranking
images in a database based on their similarity to a query
image, as measured by their global features, we want the
correct image(s) to attain the highest possible rank in the
sorted result.

In traditional VPR methods, it is common to presume
the existence of a single positive sample for each query
and to conduct metric learning by minimizing contrastive
or triplet loss ([41], [42], [43]). This process aims to bring
the query and the positive sample closer while distancing it
from negative samples in the global feature space. However,
as suggested in [44], a more nuanced evaluation of the
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Fig. 2. The framework of SuperGF. SuperGF works on sparse local features used for image matching, i.e., keypoints (pi), descriptors (di), and confidence
scores (ri). The modules indicated by green baskets contain learnable parameters.

ranking results’ quality is desirable; see also [45], [33].
Furthermore, as noted in [27], the binary categorization of
images into positive and negative samples for each query
does not accurately reflect the spatial continuity observed in
real-world scenes. In response to these findings, we employ
the average precision (AP) loss of [44], replacing traditional
metric learning losses, and adopt soft image similarity scores
based on field-of-view (FoV) overlap utilized in [27], instead
of employing binary scores.

The details are as follows. We first categorize the database
images into three classes per query image, depending on
the FoV overlap between images [27]. Specifically, images
possessing a FoV overlap within the range of [0.5, 1] are
classified as positive samples, those with a FoV overlap
falling within (0, 0.5) are identified as soft negatives, and
those with a FoV overlap of 0 are designated as (hard)
negatives. We then choose for each query image a single
positive sample, α soft negative samples, and β hard negative
samples, with values α = 2 and β = 100 utilized in
our experiments. All these images are input to SuperGF to
compute their global features. We use cosine similarity for
the similarity measure. Let the similarity between the query
image and the single positive and α + β negative samples
be denoted by S = [s1, . . . , sα+β+1]. Denoting their ground
truth similarity score by S̄ = [s̄1, . . . , s̄α+β+1], we compute
the AP loss [44] between S and S̄ as LAP = 1−AP(S, S̄).

We utilize the slot attention mechanism for computational
efficiency, as explained in Sec. III-B. To facilitate its training,
we use an attention decorrelation loss introduced in [35]. It
aims to reduce the spatial correlation between attention maps,
i.e., the output W i (i = 1, . . . , N ) from the slot attention
mechanism. In other words, the loss encourages different
maps to attend to different image regions. Specifically, for the
N attention maps [W 1, ...,WN ], the attention decorrelation
loss is given by

Lattn =
1

N(N − 1)

∑
i̸=j

W i ·W j

∥W i∥2 ∥W j∥2
, (3)

where i, j ∈ {1, ..., N}.

IV. EXPERIMENTAL RESULTS

We conducted experiments to compare SuperGF with
existing state-of-the-art methods. Although our primary focus
is on visual localization, we also tested the methods on VPR

to demonstrate the independent effectiveness of SuperGF as
a global feature.

A. Training Procedure

Following previous studies, we utilize the training set
from the Mapillary Street-level Sequences (MSLS) [46], as
mentioned in Sec.III-D. The training is conducted over 350
epochs; in each epoch, we randomly select 10,000 query
samples from all sub-cities. The input image dimensions
are set to 640 × 480 pixels. For SuperGF, we incorporate
SuperPoint as the local feature and employ the AdamW
optimizer with a weight decay parameter of 10−4. The
learning rate initiates at 10−4 and gradually decays to 10−6

over the training period. For all the other methods, we retain
the settings as specified in the official codebases.

B. Results on Visual Localization

Datasets. Following recent studies, we evaluate methods on
three datasets, the Aachen Day-Night [47], [48], Extended
CMU [49], [50], and RobotCar Seasons datasets [51], [47].
The Aachen Day-Night dataset contains images captured
using handheld cameras, while the RobotCar and Extended
CMU datasets contain images captured using car-mounted
cameras. These images were captured in different seasons,
weather conditions, and locations of urban and rural areas.

Compared methods. Besides SuperGF, we consider hier-
archical localization methods that combine NetVLAD with
two different local descriptors, namely SIFT and Super-
Point, referred to as NV+SIFT and NV+SP, respectively.
Specifically, NV+SIFT and NV+SP utilize global features
extracted by NetVLAD and local features extracted by SIFT
and SuperPoint, respectively. As in VPR, SuperGlue can be
employed with SuperPoint. Therefore, we also investigate
the method that uses SuperGlue for the pose estimation
step, denoted by NV+SP+SG. Additionally, we consider two
recent structure-based localization methods, Active Search
(AS)[52], and City Scale Localization (CSL)[53]; see also
Sec. II-A.

Experimental setting. Following previous studies, we adopt
the hierarchical localization procedure of HLoc [1], provided
by an open-source toolbox1. Specifically, we evaluate the
performance of each method as follows. We first apply the
method to obtain the global features of the query and the

1https://github.com/cvg/Hierarchical-Localization
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TABLE I
LOCALIZATION RESULTS ON THREE BENCHMARKS. WE REPORT THE MEDIAN TRANSLATION (M) AND ROTATION (◦) ERRORS AND THE AVERAGE

RECALL [%] AT THREE THRESHOLDS, I.E., (0.25M, 2◦), (0.5M, 5◦), AND (5M, 10◦). THE SYMBOL † DENOTES THAT THE NUMBER IS COPIED FROM

THE ORIGINAL PAPER.

Aachen Day-Nigh RobotCar Seasons Extended CMU Seasons
Method Day Night Day Night Urban Suburban Park

AS 85.3† / 92.2† / 97.9† 39.8† / 49.0† / 64.3† 50.9† / 80.2† / 96.6† 6.9† / 15.6† / 31.7† 81.0† / 87.3† / 92.4† 62.6† / 70.9† / 81.0† 45.5† / 51.6† / 62.0†

CSL 52.3† / 80.0† / 94.3† 29.6† / 40.8† / 56.1† 45.3† / 73.5† / 90.1† 0.6† / 2.6† / 7.2† 71.2† / 74.6† / 78.7† 57.8† / 61.7† / 67.5† 34.5† / 37.0† / 42.2†

NV+SIFT 82.8 / 88.1 / 93.1 30.6 / 43.9 / 58.2 54.5 / 79.2 / 95.4 7.1 / 13.6 / 21.4 75.4 / 81.4 / 88.0 59.0 / 66.6 / 77.2 37.2 / 43.2 / 53.2
NV+SP 86.0 / 93.7 / 96.8 68.4 / 83.7 / 94.9 55.9 / 80.7 / 96.6 9.3 / 16.2 / 24.9 89.5 / 94.2 / 97.9 76.5 / 82.7 / 92.7 57.4 / 64.4 / 80.4
NV+SP+SG 88.2 / 95.4 / 98.7 86.7 / 92.9 / 100.0 56.3 / 81.1 / 97.5 19.5 / 37.0 / 50.3 95.5 / 98.6 / 99.2 90.9 / 94.2 / 97.1 85.4 / 88.9 / 91.4
SuperGF-NN 87.4 / 94.4 / 97.6 70.3 / 85.7 / 96.9 55.6 / 81.0 / 95.5 13.3 / 21.2 / 39.6 89.9 / 94.3 / 97.7 75.4 / 82.5 / 93.5 66.2 / 74.7 / 85.2
SuperGF-SG 89.4 / 95.4 / 98.6 88.7 / 92.8 / 100.0 56.7 / 81.1 / 96.6 23.7 / 47.6 / 69.4 94.9 / 98.1 / 99.1 90.7 / 95.6 / 97.3 87.4 / 89.8 / 92.3

TABLE II
COMPARISONS IN THE MEMORY REQUIREMENT AND THE AVERAGE

LATENCY OF DIFFERENT METHODS.

Method Memory (MB) Extraction latency (ms)
Global Local Total

NetVLAD / SFRS + SP 150.30 14.4 6.5 20.9
ResNet50-GeM + SP 24.81 11.1 6.5 17.6
SOLAR + SP 57.45 19.5 6.5 26.0
HF-Net 32.66 – – 8.1
SuperGF 7.72 5.2 6.5 11.7

database images. We perform nearest neighbor search in
the space of the global feature as in VPR, obtaining 10,
20, and 50 candidates for the Extended CMU, RobotCar,
and Aachen Day-Night datasets, respectively, following the
original setting of HLoc. We then establish putative point
correspondences from the query to the selected candidates
using either nearest neighbor search in the local feature space
or SuperGlue, denoted by ‘-NN’ or ‘-SG’, respectively, in the
results shown below. We then perform PnP to estimate the
camera pose of the query image using the matched points in
the given 3D model.
Metrics. We adopt the standard evaluation metrics used in
previous studies ([1], [3], [36], [54]), i.e., median translation
error (in meters) and median rotation error (in degrees). We
set three different thresholds for the errors and calculate the
average recalls using these pairs of thresholds, i.e., (0.25m,
2◦), (0.5m, 5◦), and (5m, 10◦).
Results. Table I presents the results, which allow us to
make several observations. First, SuperGF performs com-
parably to the state-of-the-art NetVLAD variants across
all datasets. Notably, it exhibits superior performance in
challenging scenarios, particularly in night scenes of the
RobotCar dataset, underscoring the effectiveness of SuperGF.
Additionally, while two structure-based methods, AS and
CSL, show competitive performance in easy cases, e.g.,
matching day and day images, where localization accuracy
tends to saturate, they tend to be outperformed by NetVLAD
and our SuperGF in more challenging cases.

Table II reports the running time and memory require-
ments of the compared methods. To assess the running time
of each method, we randomly selected 1,000 query images
from the MSLS [46] validation set and calculated the average
time necessary to extract both global and local features using

each method. It should be noted that the times reported do
not include the time taken for matching local/global features.
For a fair comparison, we standardized the input image size
to 640× 480 pixels.

As illustrated in Table II, SuperGF holds a distinct ad-
vantage over other methods in terms of both model size
and latency. SuperGF efficiently generates the global feature
of an input image solely using its local features, thereby
reducing computational expenses. In contrast, other methods
extract global features directly from input images, necessitat-
ing the additional step of extracting local features from the
images, thereby increasing computational demands. While
HF-Net [1] offers quicker inference speeds, it compromises
inference accuracy, as indicated in [1]. This approach, which
utilizes multitask distillation for training, yields less precise
outcomes than its teacher model, namely, NV+SP. Consid-
ering the data in Table I, it becomes clear that SuperGF
provides a superior balance between inference accuracy
and computational efficiency, affirming the efficacy of our
approach.

C. Results on Visual Place Recognition

We also evaluate SuperGF on the visual place recognition
(VPR) task. Note that since VPR does not necessitate local
features that are capable of precise 6-DoF pose estimation,
SuperGF will be at a disadvantage when compared to native
VPR methods.
Datasets. We employ several public benchmark datasets,
namely MSLS [46], Pitts30k [22], Nordland [56], and
Tokyo247 [21] to test the models trained as above. These are
large-scale datasets containing diverse appearance variations,
including day-night, weather, and seasonal changes, which
pose significant challenges.
Compared methods. We experimentally compare sev-
eral state-of-the-art and a few baseline methods, i.e.,
NetVLAD [4], several state-of-the-art CNN-based methods,
including SFRS [55], ResNet50-GeM-GCL [27] and also two
state-of-the-art Transformer-based methods, SOLAR [15]
and TransVPR [10]. To evaluate each model, we follow
previous studies ([7], [10], [11]). Specifically, we use L2 dis-
tance in the global image feature space to retrieve candidate
images from the database.
Metrics. Following previous studies of VPR, we use
Recall@K metric, which computes the percentage of query
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TABLE III
RESULTS FOR THE SINGLE-PASS RETRIEVAL OF VPR. WE REPORT RECALL@K WITH K = 1, 5, AND 10. THE SYMBOL † DENOTES THAT THE

NUMBER IS COPIED FROM THE ORIGINAL PAPER.

MSLS val MSLS challenge Pitts30k test Nordland test Tokyo247 test
Method R@1 R@5 R@10 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 [4] 58.2 71.4 75.2 33.5 45.1 49.4 85.1 92.2 94.5 21.0 33.5 39.2 67.0 77.8 80.3
SFRS [55] 69.2 80.3 83.1 41.5 52.0 56.3 89.4 94.7 95.9 18.8 32.8 39.8 81.0 86.4 89.8
ResNet50-GeM-GCL [27] 66.2† 78.9† 81.9† 43.3† 59.1† 65.0† 72.3† 87.2† 91.3† 27.2 41.1 49.2 44.1† 61.0† 66.7†
SOLAR [15] 78.3 87.2 89.6 44.6 58.6 63.2 85.4 92.6 94.8 41.8 58.4 66.1 76.2 84.4 88.3
TranVPR [10] 70.8† 85.1† 89.6† 48.0† 67.1† 73.6† 73.8† 88.1† 91.9† 15.9† 38.6† 49.4† – – –
SuperGF 78.5 88.6 91.3 56.8 69.9 76.0 78.7 89.5 92.6 57.5 77.4 87.5 68.5 78.2 84.1

images that are correctly localized. The retrieval for a query
image is considered successful if at least one of the top
K ranked reference images is within a pre-defined distance
threshold from the ground truth location of the query image.
The distance thresholds are provided by the datasets ([11],
[10], [4].) Following previous studies, we report Recall@K
with K = 1, 5, and 10.

Results. Table III. Several key observations emerge from
these findings. Firstly, the effectiveness of different mod-
els fluctuates markedly across various datasets, with some
only achieving low accuracy. This underlines the inherent
challenges of image retrieval and the limitations encountered
without implementing geometric verification. Secondly, and
of primary significance, our SuperGF approach outperforms
competing methods on three datasets and matches them
on another two, thus establishing its robust capabilities
as a global feature extractor. This is notable, especially
considering that it builds upon given local features instead
of originating from an unprocessed image. We must note
that the local feature leveraged here is SuperPoint, whose
parameters were held constant during the SuperGF training
phase.

D. Understanding How SuperGF Works

SuperGF aggregates local features to develop a global fea-
ture, thereby facilitating precise image retrieval. However, as
previously highlighted, these local features are not inherently
designed for holistic image feature extraction. The pertinent
question is: how can SuperGF harness useful information
from these local features for effective image retrieval?

A partial answer is found in SuperGF’s method of generat-
ing and utilizing attention weights on the input local features,
a process detailed in Sec. III. Figure 3 shows a visualization
of the attention weights applied to the input local features
(or keypoints) on several sample images. It is apparent that
SuperGF prioritizes certain local features that potentially
offer significant cues for image retrieval while disregarding
less relevant ones, shedding light on the functioning of the
SuperGF mechanism.

V. SUMMARY AND CONCLUSION

This paper introduced a novel method for the visual
localization task, offering comparable inference accuracy to
existing state-of-the-art methods while enhancing compu-
tational efficiency. The visual localization process unfolds

Fig. 3. Visualization of the attention weights computed by SuperGF on
the input local features. Red dots indicate local features with high weights
and cyan dots indicate those with low weights.

in two steps: initial candidate image retrieval followed by
camera pose estimation, referencing the scene’s 3D model.
The first step requires global image features, while the
second leverages local image features.

Current methodologies achieve high accuracy through
optimized feature extraction processes; however, they are
computationally demanding, processing input images twice
for feature extraction. To address this, we proposed SuperGF,
a system that capitalizes on the local features used in the
second step, aggregating them to formulate a global image
feature. This global feature, which portrays the holistic image
appearance, enables precise image retrieval. The ingenuity
of SuperGF lies in the selection and combination of local
features to create a global feature, facilitated through the use
of Transformer and slot attention mechanisms, coupled with
a well-constructed loss function for training.

Experiments on standard benchmark datasets demonstrate
the effectiveness of the proposed approach. It is noteworthy,
in the visual place recognition task, where the absence of
local feature reliance seemingly puts SuperGF at a disad-
vantage, it still manages to deliver performance comparable
to specialized VPR methods.
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