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Abstract

Retrieving images from the same location as a given
query is an important component of multiple computer vi-
sion tasks, like Visual Place Recognition, Landmark Re-
trieval, Visual Localization, 3D reconstruction, and SLAM.
However, existing solutions are built to specifically work
for one of these tasks, and are known to fail when the
requirements slightly change or when they meet out-of-
distribution data. In this paper we combine a variety of
existing methods, training techniques, and datasets to train
a retrieval model, called MegaLoc, that is performant on
multiple tasks. We find that MegaLoc (1) achieves state
of the art on a large number of Visual Place Recognition
datasets, (2) impressive results on common Landmark Re-
trieval datasets, and (3) sets a new state of the art for Vi-
sual Localization on the LaMAR datasets, where we only
changed the retrieval method to LaMAR’s official local-
ization pipeline. The code for MegaLoc is available at
https://github.com/gmberton/MegaLoc

1. Introduction
This paper tackles the task of retrieving images from a large
database that represent the same place as a given query im-
age. But what does it mean for two images to be “from the
same place”? Depending on who you ask, you’ll get differ-
ent answers:
1. Landmark Retrieval (LR) folks will tell you that two

photos are from the same place if they depict the same
landmark, regardless of how close to each other the two
photos were taken [40];

2. Visual Place Recognition (VPR) people set a camera
pose distance of 25 meters to define if two images are
positives (i.e. from the same place) [4];

3. Visual Localization (VL) / 3D Vision researchers will
tell you that two images need to have their pose as close
as possible to be considered the same place.
Even though image retrieval is a core component in all

three tasks, their different definitions and requirement has
inevitably led to the development of ad-hoc image retrieval

Figure 1. Performance comparison of various Visual Place Recog-
nition models. The y axis shows the results averaged across all
evaluation datasets, the x axis shows the inference time, and the
size of the circle represents the number of parameters per model.

solutions for each of them. As these three tasks contin-
ued to diverge, over the years papers have avoided show-
ing results of their methods on more than one of these
tasks: VPR papers don’t show results on LR, and LR pa-
pers don’t show results on VPR. In the meantime, 3D vi-
sion pipelines like COLMAP [30], Hierarchical Localiza-
tion [28] and GLOMAP [22] keep using outdated retrieval
methods, like RootSIFT with bag-of-words [3, 10, 32] and
NetVLAD [4]. In this paper we aim to put an end to this, by
training a single model that achieves SOTA (or almost) on
all of these tasks, showcasing robustness across diverse do-
mains. To train this model we do not propose any “technical
novelty”, but we use all the lessons learned from all these
three task, putting together a combination of good samplers,
datasets, and general training techniques.

“Why does it matter?”, you may ask. Imagine you are
doing 3D reconstruction, where image retrieval is a funda-

This CVPR Workshop paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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Figure 2. Qualitative examples of predictions by MegaLoc. Each
pair of images represents a query and its top-1 prediction from the
SF-XL dataset, searched across the 2.8M database spanning 150
km2 across San Francisco. Predictions in green are correct, red
are wrong.

mental component, on a collection of diverse scenes (e.g.
to create datasets like MegaDepth [18], MegaScenes [37],
or for the evergreen Image Matching Challenge [6]). In
some cases there would be small scenes (e.g. reconstruc-
tion of a fountain), requiring a retrieval model that is able to
retrieve nearby images (few meters away), which is some-
thing VPR models excel at, but LR models underperform
(see [8] Tab. 14). In other cases however, the scene might
be large (e.g. a big landmark like a church), with images
hundreds of meters away: while LR models are designed
for this, VPR models achieve poor results in this situations
(see Sec. 3.2.3). Given these considerations, we note how
neither VPR nor LR provide models for the diverse cases
of 3D reconstructions, creating a gap in literature that is
filled by MegaLoc. As another example where a model like
MegaLoc is necessary, one can think of Visual Place Recog-
nition (which is also the first step for Visual Localization),
where models are evaluated by using a 25 meters threshold
(and queries in popular datasets always have at least one
positive within 25 meters). However, in the real world the
nearest image to a given query might be 100 meters away,
and while ideally we would still want to retrieve it, a VPR
model is unlikely to work in such case, as it has been trained
to ignore anything further away from the camera.

In this paper we demonstrate that, by leveraging a diverse
set of data sources and best practices from LR, VPR and
VL, we obtain a single image retrieval model that works
well across all these tasks.

2. Method
The core idea of this paper is to fuse data from multiple
datasets, and train a single model. We use five datasets
containing both outdoor and indoor images (thorough de-
scription below) and catering to different image localization
tasks: GSV-Cities [1], Mapillary Street-Level Sequences
(MSLS) [39], MegaScenes [37], ScanNet [13] and San
Francisco eXtra Large (SF-XL) [7]. At each training it-
eration, we extract six sub-batches of data, one for each
dataset (except SF-XL, from which two sub-batches are
sampled) and use a multi-similarity loss [38] computed over
each sub-batch. Each sub-batch is made of 128 images,
containing 4 images (called quadruplets) from 32 differ-
ent places/classes. Given that these datasets have diverse
format, they require different sampling techniques. In the
following paragraphs we explain how data is sampled from
each dataset.

San Francisco eXtra Large (SF-XL) is a dataset of 41M
images with GPS and orientation from 12 different years,
densely covering the entire city of San Francisco across
time. To select ideal quadruplets for training, we use the
sampling technique presented in EigenPlaces [9]. This
method assures that each class contains images that repre-
sent a given place from diverse perspectives, while ensuring
that no visual overlap exists between two different places.
EigenPlaces provides two sub-batches, one made of frontal-
facing images (i.e. with the camera facing straight along the
street) and one of lateral-facing images.

Google Street View Cities (GSV-Cities) is a dataset of
530k images split into 62k places/classes from 40 cities,
where each class contains at least 4 images with same ori-
entation and is at least 100 meters from any other class.
Given that GSV-Cities is already split into non-overlapping
classes, it is not strictly necessary to apply a particular sam-
pling technique. We therefore directly feed the GSV-Cities
dataset to the multi-similarity loss, as in the original GSV-
Cities paper [1].

Mapillary Street-Level Sequences (MSLS) is a dataset
of 1.6M images split in contiguous sequences, across 30
different cities over 9 years. To ideally sample data from
the MSLS dataset, we use the mining technique described in
the CliqueMining paper [33]. This method ensures that the
places selected for each batch depict visually similar (but
geographically different) places (i.e. hard negatives), so that
the loss can be as high as possible and effectively teach the
model to disambiguate between similar-looking places.

MegaScenes is a collection of 100k 3D structure-from-
motion reconstructions, composed of 2M images from
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Wikimedia Commons. Simply using each reconstruction
as a class, and sampling random images from such class,
could lead to images that do not have any visual overlap,
e.g. two images could show opposites facades of a building,
therefore having no visual overlap while belonging to the
same 3D reconstruction. Therefore we make sure that when
we sample a set of four images from a given reconstruction,
each of these four images should have visual overlap with
each other (we define visual overlap as having at least 1%
of 3D points in common in the 3D reconstruction).

ScanNet is a dataset of 2.5M views from 1500 scans from
707 indoor places. To train on ScanNet we use each scene
as a class, and select quadruplets so that each pair of images
within a quadruplet has visual overlap (i.e. less than 10 me-
ters and 30° apart); simultaneously we ensure that no two
images from different quadruplets has visual overlap.

3. Experiments

3.1. Implementation details

During training, images are resized to 224×224, while for
inference we resize them to 322×322, following [16]. We
use RandAugment [11] for data augmentation, as in [1], and
AdamW [19] as optimizer. Training is performed for 40k
iterations. The loss is simply computed as L = L1 + L2 +
L3 + L4 + L5 + L6, where each Ln is the multi-similarity
loss computed on one of the sub-batches.

The architecture consists of a DINO-v2-base backbone
[21] followed by a SALAD [16] aggregation layer, which
has shown state-of-the-art performances over multiple VPR
datasets [16, 33]. The SALAD layer is computed with 64
clusters, 256 channels per cluster, a global token of 256
and an MLP dimension of 512. The SALAD layer is fol-
lowed by a linear projection (from a dimension of 16640 to
8448) and an L2 normalization. During training, most of
the model is frozen, except for the 4 last transformer layers,
the SALAD layer and the final linear layer.

Memory-efficient GPU training is achieved using Py-
Torch [23], where instead of summing all the losses and
computing a single backward pass, we compute backward
passes independently on each dataset: the backward pass
computes and accumulates the gradient while freeing mem-
ory (see Algorithm 1). This simple technique reduces the
VRAM for training MegaLoc from 360GB to 60GB (a 6x
reduction because there are 6 losses) with no increase in
latency, unlike in standard gradient accumulation where a
batch is split into micro batches: this allows MegaLoc to be
trained on a single A100 GPU.

Algorithm 1 Memory-Efficient GPU Training

Require: Model Model, Optim. Opt, Datasets {Di}Ni=1

1: Initialize Model, Opt
2: for each training iteration do
3: for each dataset Di in {D1, ..., DN} do
4: Bi ← LoadBatch(Di)
5: Yi ←Model(Bi)
6: Li ← Loss(Yi, targeti)
7: Li.backward()
8: end for
9: Opt.step()

10: Opt.zero grad()
11: end for

3.2. Results
We perform experiments on three different types of tasks:
• Visual Place Recognition, where the task is to retrieve im-

ages that are within 25 meters from the query (Sec. 3.2.1);
• Visual Localization, where retrieval is part of a bigger

pipeline that aims at finding the precise pose of the query
given a set of posed images (Sec. 3.2.2);

• Landmark Retrieval, i.e. retrieving images that depict the
same landmark as the query (Sec. 3.2.3).

3.2.1. Visual Place Recognition
We run experiments on a comprehensive set of Visual Place
Recognition datasets. These datasets contain a large va-
riety of domains, including: outdoor, indoor, street-view,
hand-held camera, car-mounted camera, night, occlusions,
long-term changes, grayscale. Results are shown in Tab. 1.
While other high-performing VPR models (like SALAD
and CliqueMining) achieve very good results (i.e. compara-
ble to MegaLoc) on most datasets, MegaLoc vastly outper-
forms every other model on Baidu, which is an indoor-only
dataset.

3.2.2. Visual Localization
Image retrieval is a core tool to solve 3D vision tasks, in
pipelines like visual localization (e.g. Hierarchical Local-
ization [28] and InLoc [35]) and 3D reconstructions (e.g.
COLMAP [30, 31] and GLOMAP [22]). To understand if
our method can help this use case, we compute results on
both query sets (phone and HoloLens) of the three datasets
of LaMAR [29], which comprise various challenges, in-
cluding plenty of visual aliasing from both indoor and out-
door imagery. To do this, we relied on the official LaMAR
codebase1 by simply replacing the retrieval method. We
computed these experiments on the validation set, as the la-
bels for the test set are not publicly available. Note that
we only use LaMAR (or the landmark retrieval datasets) as
a test set, and using it as validation would take unfeasibly

1https://github.com/microsoft/lamar-benchmark
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Method Desc. Baidu [34] Eynsham [8, 12] MSLS val [39] Pitts250k [4, 14] Pitts30k [4, 14] SF-XL v1 [7] SF-XL v2 [7] SF-XL night [5] SF-XL occlusion [5] Tokyo 24/7 [36]
Dim. R1 R10 R1 R10 R1 R10 R1 R10 R1 R10 R1 R10 R1 R10 R1 R10 R1 R10 R1 R10

NetVLAD [4] 4096 69.0 95.0 77.7 90.5 54.5 70.4 85.9 95.0 85.0 94.4 40.1 57.7 76.9 91.1 6.7 14.2 9.2 22.4 69.8 82.9
AP-GeM [27] 2048 59.8 90.8 68.3 84.0 56.0 72.9 80.0 93.5 80.7 94.1 37.9 54.1 66.4 84.6 7.5 16.7 5.3 14.5 57.5 77.5
CosPlace [7] 2048 52.0 80.4 90.0 94.9 85.0 92.6 92.3 98.4 90.9 96.7 76.6 85.5 88.8 96.8 23.6 32.8 30.3 44.7 87.3 95.6
MixVPR [2] 4096 71.9 94.7 89.6 94.4 83.2 91.9 94.3 98.9 91.6 96.4 72.5 80.9 88.6 95.0 19.5 30.5 30.3 38.2 87.0 94.0
EigenPlaces [9] 2048 69.1 91.9 90.7 95.4 85.9 93.1 94.1 98.7 92.5 97.6 84.0 90.7 90.8 96.7 23.6 34.5 32.9 52.6 93.0 97.5
AnyLoc [17] 49152 75.6 95.2 85.0 94.1 58.7 74.5 89.4 98.0 86.3 96.7 - - - - - - - - 87.6 97.5
Salad [16] 8448 72.7 93.6 91.6 95.9 88.2 95.0 95.0 99.2 92.3 97.4 88.7 94.4 94.6 98.2 46.1 62.4 50.0 68.4 94.6 98.1
CricaVPR [20] 10752 65.6 93.2 88.0 94.3 76.7 87.2 92.6 98.3 90.0 96.7 62.6 78.9 86.3 96.0 25.8 40.6 27.6 47.4 82.9 93.7
CliqueMining [33] 8448 72.9 92.7 91.9 96.2 91.6 95.9 95.3 99.2 92.6 97.8 85.5 92.6 94.5 98.3 46.1 60.9 44.7 64.5 96.8 97.8
MegaLoc (Ours) 8448 87.7 98.0 92.6 96.8 91.0 95.8 96.4 99.3 94.1 98.2 95.3 98.0 94.8 98.5 52.8 73.8 51.3 75.0 96.5 99.4

Table 1. Recall@1 and Recall@10 on multiple VPR datasets. Best overall results on each dataset are in bold, second best results
underlined. Results marked with a “-” did not fit in 480GB of RAM (2.8M features of 49k dimensions require 560GB for a float32-based
kNN).

Method CAB (Phone) HGE (Phone) LIN (Phone) CAB (HoloLens) HGE (HoloLens) LIN (HoloLens)
(1, 0.1) (5, 1.0) (1, 0.1) (5, 1.0) (1, 0.1) (5, 1.0) (1, 0.1) (5, 1.0) (1, 0.1) (5, 1.0) (1, 0.1) (5, 1.0)

NetVLAD 43.4 54.0 54.8 80.0 74.4 87.8 63.1 81.4 57.9 71.6 76.1 83.0
AP-GeM 39.4 52.0 58.0 81.3 69.1 82.0 62.9 82.5 65.6 76.6 80.7 91.1
Fusion (NetVLAD+AP-GeM) 41.4 53.8 56.3 82.4 76.0 89.4 63.2 83.1 63.1 75.1 78.5 87.0
CosPlace 29.0 37.4 54.4 81.3 63.3 75.7 56.4 77.8 55.6 69.8 80.6 91.4
MixVPR 40.9 50.8 59.2 83.8 77.5 89.8 65.2 84.7 63.3 74.7 83.6 92.2
EigenPlaces 32.3 44.7 56.3 81.3 70.2 82.6 63.9 81.8 60.2 72.5 84.8 93.1
AnyLoc 48.0 59.8 58.8 83.0 77.2 92.4 69.7 88.5 70.1 81.0 81.4 90.4
Salad 44.2 55.6 65.3 92.2 81.7 94.0 71.5 90.7 75.3 85.2 91.3 99.4
CricaVPR 40.4 52.0 63.7 89.3 80.7 93.1 73.9 90.7 72.5 81.6 89.1 98.4
CliqueMining 44.2 55.6 66.0 91.4 80.5 93.1 74.2 90.9 77.3 86.3 92.0 98.8
MegaLoc (Ours) 47.0 60.4 67.2 92.9 83.3 94.9 77.4 93.4 72.9 83.5 92.2 99.0

Table 2. Results on LaMAR’s datasets, computed on each of the three locations, for both types of queries (HoloLens and Phone), which
include both indoor and outdoor. For each location we report the recall at (1°, 10cm) and (5°, 1m), following the LaMAR paper [29].

Method R-Oxford R-Paris
E M H E M H

NetVLAD 24.1 16.1 4.7 61.2 46.3 22.0
AP-GeM 49.6 37.6 19.3 82.5 69.5 45.5
CosPlace 32.1 23.4 10.3 57.6 45.0 22.3
MixVPR 38.2 28.4 10.8 61.9 48.3 25.0
EigenPlaces 29.4 22.9 11.8 60.9 47.3 23.6
AnyLoc 64.2 45.5 18.9 82.8 68.5 48.8
Salad 55.2 42.3 21.4 76.6 66.2 44.8
CricaVPR 57.0 39.2 15.3 80.0 68.9 48.9
CliqueMining 52.2 41.0 22.1 71.8 60.5 41.2
MegaLoc (Ours) 91.0 79.0 62.1 95.3 89.6 77.1

Table 3. Results on Landmark Retrieval datasets, respectively
Revisited Paris 6k [25, 26] and Revisited Oxford 5k [24, 26].

long (multiple days). Results are reported in Tab. 2, and
show that while some other models achieve good results on
some datasets, MegaLoc is the only one that consistently
achieves high results.

3.2.3. Landmark Retrieval
For the task of Landmark Retrieval we compute results on
the most used datasets in literature, namely (the revisited
versions of [26]) Oxford5k [24] and Paris6k [25]. To do
this we relied on the official codebase for the datasets2, by

2https://github.com/filipradenovic/revisitop

simply swapping the retrieval method. Results, reported in
Tab. 3, show a large gap between MegaLoc and previous
VPR models on this task, which can be simply explained
by the fact that previous models were only optimized for the
standard VPR metric of retrieving images within 25 meters
from the query.

3.2.4. Failure Cases

We identified a series of 4 main categories of “failure cases”
that prevent the results from reaching 100% recalls, and we
present them in Fig. 3. We note however that, from a prac-
tical perspective, the only real failure cases are depicted
in the second category/column of Fig. 3: furthermore, in
most similar cases SOTA models (i.e. not only MegaLoc,
but also other recent ones) can actually retrieve precise pre-
dictions, meaning that these failure cases can be likely solv-
able by some simple post-processing techniques (e.g. re-
ranking with image matchers, or majority voting). Finally,
another failure case that we noted, is when database images
do not cover properly the search area: this is very com-
mon in the Mapillary (MSLS) dataset, where database im-
ages only show one direction (e.g. photos along a road taken
from north to south), while the queries are photos facing the
other direction. We note however, that in the real world this
can be easily solved by collecting database images in multi-
ple directions, which is also common in most test datasets,
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Figure 3. Failure cases, grouped in 4 categories. Each one of the 4 column represent a category of failure cases: for each category we
show 5 examples, made of 3 images, namely the query and its top-2 predictions with MegaLoc, which can be in red or green depending
if the prediction is correct (i.e. within 25 meters). The 4 categories that we identified are (1) very difficult cases, which are unlikely to
be solved any time soon; (2) difficult cases, which can probably be solved by slightly better models than the current ones or simple post-
processing; (3) incorrect GPS labels, which, surprisingly, exist also in Mapillary and Google StreetView data; (4) predictions just out of
the 25m threshold, which despite being considered negatives in VPR, are actually useful predictions for real-world applications.

like Eynsham, Pitts30k, Tokyo 24/7 and SF-XL.

4. Conclusion and limitations
So, is image retrieval for localization solved? Well, almost.
While some datasets still show some room for improve-
ment, we note that this is often due to either arguably un-
solvable failure cases, wrong labels, and very few cases that
can be solved by better models. We emphasize however that
this has been the case for some time, as previous DINO-v2-
based models, like SALAD and CliqueMining, show very
high results on classic VPR datasets. What is still missing
from literature is models like MegaLoc that achieve good
results in a variety of diverse tasks and domains.

Should you always use MegaLoc? Well, almost, except
for at least 3 use-cases. MegaLoc has shown great results
on a variety of related tasks, and, unlike other VPR models,
achieves good results on landmark retrieval, which make it
a great option also for retrieval for 3D reconstruction tasks,
besides standard VPR and visual localization tasks. How-
ever, experiments show that MegaLoc is outperformed by
CliqueMining in MSLS, which is a dataset made of (almost
entirely) forward facing images (i.e. photos where the cam-
era is facing the same direction of the street, instead of fac-
ing sideways towards the side of the street). Another use
case where MegaLoc is likely to be suboptimal is in very
unusual natural environments, like forests or caves, where
instead AnyLoc has been shown to work well [17]. A third

and final use case where other models might be preferred
to MegaLoc is for embedded systems, where one might opt
for more lightweight models, like the ResNet-18 [15] ver-
sions of CosPlace [7], which has 11M parameters instead of
MegaLoc’s 228M.
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