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Pair-VPR: Place-Aware Pre-Training and Contrastive
Pair Classification for Visual Place Recognition With

Vision Transformers
Stephen Hausler and Peyman Moghadam , Senior Member, IEEE

Abstract—In this work we propose a novel joint training method
for Visual Place Recognition (VPR), which simultaneously learns
a global descriptor and a pair classifier for re-ranking. The pair
classifier can predict whether a given pair of images are from the
same place or not. The network only comprises Vision Transformer
components for both the encoder and the pair classifier, and both
components are trained using their respective class tokens. In
existing VPR methods, typically the network is initialized using
pre-trained weights from a generic image dataset such as ImageNet.
In this work we propose an alternative pre-training strategy, by
using Siamese Masked Image Modeling as a pre-training task. We
propose a Place-aware image sampling procedure from a collection
of large VPR datasets for pre-training our model, to learn visual
features tuned specifically for VPR. By re-using the Mask Image
Modeling encoder and decoder weights in the second stage of
training, Pair-VPR can achieve state-of-the-art VPR performance
across five benchmark datasets with a ViT-B encoder, along with
further improvements in localization recall with larger encoders.

Index Terms—Deep Learning for Visual Perception, Recog-
nition, Localization.

I. INTRODUCTION

THE Place Recognition (PR) task involves associating input
sensor data (e.g., lidar [1], radar [2], or vision [3]), with

a global map or database of places previously visited within
an environment. In the field of learning-based Visual Place
Recognition (VPR) [3], [4], it is a standard approach to start
with a pre-trained neural network, such as VGG16 or ResNet,
leveraging their initial architecture and weights for the VPR task.
Following this, it is common to incorporate a feature aggregation
layer — such as VLAD [5], GeM [6], Conv-AP [7], SoP [1]
among others — to pool local features into a compact global
descriptor vector efficiently representing the original image.
These vectors can then be compared with an embedding dis-
tance metric such as the Euclidean distance, with the smallest
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distance noting the pair of most similar images. More recent
VPR techniques often include multiple stages of retrieval, where
subsequent stages of retrieval are used to re-rank an initial set
of candidate place recognition matches [8], [9], [10], [11].

In this work, we develop Pair-VPR, a transformer-based VPR
method trained on diverse VPR datasets, which achieves state-
of-the-art visual place recognition performance across a range
of challenging VPR benchmarks. We achieve this by proposing
a two-stage training pipeline to train a pair-classifier, which can
decide whether a given pair of images is from the same place
or not. In the first stage, we pre-train a transformer encoder
and decoder using Siamese mask image modeling [12], [13],
with place-aware image sampling. We sample pairs of images
from different places in the world, ensuring that these pairs
contain both spatial and temporal differences. Our places are
curated from three existing large-scale open source datasets
(SF-XL [14], GSV-Cities [7] and Google Landmarks v2 [15])
with a total of 3.43 million panoramic images and 2.08 million
egocentric images, across diverse locations (planet-wide) and
diverse times.

In the second stage, we re-use both the encoder and decoder,
by jointly learning to produce a global descriptor from the
encoder and using the decoder as a pair classification network.
The pair classifier produces a similarity score denoting whether
a given pair of images were captured from the same location, or
not. A diagram showing our network architecture and training
recipe is shown in Fig. 1. The Pair-VPR network uses a vision
transformer setup, with ViT blocks in both the encoder and
decoder. We leverage the class token output to supervise the
network, with a low-dimensional global descriptor produced
from an encoder class token and a pair similarity score from
decoder class tokens. The network is then trained using a
Multi-Similarity loss for the global descriptor and a Binary
Cross-Entropy loss for the pair classifier, with online triplet
mining. We benchmark the trained network on existing VPR
benchmark datasets and observe state-of-the-art Recall@1 on
all tested datasets with a ViT-B encoder, such as an improvement
in the Recall@1 on the Tokyo24/7 dataset from 95% to 98%.
Moreover, we show that our proposed method can be extended
to much larger vision transformer encoders (ViT-L, ViT-G) and
achieve a new benchmark result of Recall@1 on Tokyo24/7 of
100% with our best performing configuration.

II. RELATED WORK

A. Visual Place Recognition

Compared to the general task of Place Recognition, VPR
focuses only on the image modality and this allows for VPR
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Fig. 1. Overview of the proposed Pair-VPR method. Left: In Stage 1 of training, we train a ViT encoder and decoder using Siamese mask image modelling with
place-aware image sampling. Right: In Stage 2, we re-use the pre-trained encoder and decoder and train specifically for the VPR task, jointly learning a global
descriptor and a pair classifier.

to be considered as an image retrieval problem. This formu-
lation in conjunction with the advent of deep learning led to
a number of high performing learning-based VPR solutions.
Initially, pre-trained neural networks were applied to VPR, then
NetVLAD was developed which utilized triplet loss to train a
neural network specifically for the place recognition task [3].
Numerous subsequent works expanded upon NetVLAD, includ-
ing works that relax the triplet loss to use soft positives and
negatives [16], quadruplets rather than triplets [17], a general-
ized contrastive loss [18], and aggregates features over multiple
spatial scales [19]. Other learning-based methods include those
which consider place recognition as a classification problem [4],
[14] or use a multi-similarity loss [20]. These earlier works all
follow the same approach, of constructing a global descriptor,
i.e., a single vector representing an image for nearest neighbor
retrieval. However, the top candidate found using global descrip-
tor matching is not always correct. To avoid such limitations,
multi-stage VPR algorithms propose to re-rank a collection of
top candidates.

These re-ranking methods involve re-ordering an initial set
of retrieved places such that the correct place match is ranked
first in the retrieved list. Learning-based re-ranking methods
began with less computationally efficient algorithms that used
geometric verification densely (without keypoint selection) [9],
then subsequently evolved to include keypoint/keypatch selec-
tion algorithms [10], [21]. More recently, R2Former [22] went
one step further by removing explicit geometric verification alto-
gether. Instead, they treat re-ranking as a classification problem
and use a small two-block transformer for selecting the best
candidate image. Similarly, GeoAdapt [23] also learns a clas-
sifier except instead for the task of classifying the similarity of
two point clouds for LiDAR Place Recognition. In our proposed
approach, we show that a re-ranking classification transformer

can be designed using standard self and cross-attention blocks
and scaled up to over 80 million parameters, by leveraging a
VPR-specific pre-training recipe.

B. Vision Transformers and Self-Supervised Learning

Compared to Convolutional Networks (CNNs), Vision Trans-
formers [24] have no inductive bias therefore they can learn
global dependencies between image features without being lim-
ited by a specific kernel size; however, as a result, larger image
datasets are needed to train transformer models. This led to
the concept of Self-Supervised Learning (SSL) techniques for
pre-training these large transformer models on large quantities of
unlabeled data. These techniques include deep metric learning
methods such as SimCLR [25], BYOL [26], and DINO [27].
The recent work DINOv2 [28] provided further improvements
to the pre-training recipe and in this work, we leverage the
robust learnt features they provide. In contrast to metric learning
methods, an alternate self-supervised approach is called Masked
Image Modeling (MIM) and will be explained in the following
subsection.

C. Masked Image Modeling (MIM) and Siamese MIM

Masked Image Modeling is a SSL technique where a neural
network is tasked with reconstructing a partially masked image,
where the image is divided into a set of non-overlapping patches.
Initially, this reconstruction was performed on a set of trans-
former tokens produced from a raw image [29]. Subsequently,
MAE [30] demonstrated that instead the reconstruction could
be performed directly on the raw pixel values, based on the
mean squared pixel error between the original and reconstructed
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image. Further works then expanded upon this concept via im-
provements such as distillation (iBOT [31]), continuous masking
(ROPIM [32]), and cross-view completion (CroCo [13]). In
CroCo, pairs of images are provided to the network where one
image is masked and a second image, showing the same scene,
is provided to the network without any masking. They showed
that this pre-training recipe is ideal for 3D vision tasks. In a con-
current work, a similar architecture was proposed for learning
from video data, called Siamese Masked Autoencoders [12]. In
our approach, we also provide pairs of images to a Mask Image
Modeling network, except we propose a Place-aware training
methodology for VPR.

III. METHODOLOGY

Our proposed Visual Place Recognition (Pair-VPR) solution
is a two-stage place recognition method, which first uses a global
descriptor to generate a list of potential place matches, then uses
a second stage to refine these matches to improve the likelihood
that the highest ranked match is correct. For the first time, we
propose a two-stage training methodology using a mask im-
age modeling pre-training designed specifically for VPR. Then
we propose a second stage approach where we learn to generate
both a global descriptor and a pair classifier for VPR.

During the first stage, we provide pairs of images to the
network and then heavily mask one of these images. The training
objective is to reconstruct the masked image, using a network
that has both encoder and decoder components. In the second
stage we jointly optimize both the encoder and decoder for
VPR, generating a global descriptor from the class token of the
encoder, and the decoder is trained to predict whether a given
pair of images is a positive or negative pair.

After training, the network can then be used as a two-stage
VPR method. The encoder is used to produce low dimensional
global descriptors which are then used for nearest neighbor
searching through a VPR database. Then the decoder is used
to decide which potential database candidate is the best match
for the current query by passing (query, database) pairs to
the decoder. An overview of our pre-training and fine-tuning
procedures are provided in Fig. 1.

A. Stage One: Place-Aware Masked Image Modeling

In the first stage of training, we use the Siamese Masked
Autoencoder [12] design to train the Pair-VPR network. In this
approach, pairs of images are input into the network, and one
of the images is heavily masked. The network is then able to
leverage the visual information in the second, unmasked image
to aid in reconstructing the masked first image. In previous
works, generating pairs is achieved either by sampling random
frames in a video sequence [12], or by sampling two different
viewpoints of a scene [13]. In our approach, we propose a
location sampling strategy, such that pairs are sampled from
specific locations and, in VPR terminology, are always collected
from the set of positives from a given place.

Network: Our network comprises a shared encoder that con-
verts a first image Ia (masked) and a second image Ib (un-
masked) into latent representations. We use a Vision Trans-
former [24] encoder and convert each image into a collection
of non-overlapping patches, which are then converted to a set of
tokens. For the masked image, we replace the majority of image

tokens with mask tokens, which are learnt parameters but have
no information received from the original image.

After the encoder, we pass the set of encoded patch embed-
dings (excluding any class tokens) from both images through
a decoder to reconstruct the masked image. Our decoder con-
sists of another vision transformer except with alternating self-
attention and cross-attention layers, with self-attention between
tokens from Ia and cross-attention between tokens from Ia and
Ib. For efficiency, we use Flash Attention [33]. After a number
of decoder blocks, we pass the features through a final FC layer
to produce reconstructed pixel values per token (i.e., per image
patch).

Loss: The network is trained using a reconstruction loss
between the predicted and ground truth (unmasked) images, by
minimizing the Mean Squared Error between predicted and true
pixel values. The loss function is expressed as below:

L (Ia, Ib) =
1

|pa/p̃a|
∑

pi
a∈pa/p̃a

||p̂ia − pia||2, (1)

where Ia and Ib denote the two input images, pa denotes the
ground truth value for a masked pixel at index i from image Ia,
p̂a denotes the predicted pixel value, and pa/p̃a is the subset of
masked pixels from the masked image. The loss function is only
calculated for any pixels that have been masked, where the mask
ratio is a hyperparameter of the network. Before calculating the
loss we normalize each patch by the mean and standard deviation
of that patch as per prior work [30].

Training: Our network is pre-trained in a Place-aware fash-
ion, where each iteration is a defined physical location in the
world. Then pairs of images are sampled from this place, with
dataset-specific sampling to ensure that sampled pairs have some
viewpoint consistency; it would be almost impossible for the
network to reconstruct an image using a second image facing the
opposite direction. Our training data can theoretically be drawn
from any collection of places in the world, however, in this work
we limit ourselves to a set of pre-existing open-source datasets.
Further details concerning dataset specific implementations are
provided in Section Four.

B. Stage Two: Contrastive Pair Classification for VPR

In the second stage, the encoder is trained to generate global
descriptors for retrieval, and the decoder is trained to predict
whether a given pair of images is similar or not. We used the
pre-trained weights from stage one of Pair-VPR, loading weights
from both the encoder and the mask image modeling decoder.
We then jointly train the encoder and decoder for both global
retrieval and pair classification simultaneously. Finally, we use
class tokens from both the encoder and decoder as inputs to our
VPR loss.

Network: The stage two network architecture is an extension
to the stage one network for the VPR task. We add a linear
layer to project from the class token in the encoder to a smaller
dimension, then use an L2 norm to generate a global descriptor.
We then convert the Mask Image Modeling decoder into a pair
classifier by adding a new class token and adding a two-layer
MLP to the output of this class token to produce a scalar value
denoting the similarity between a pair of images. The network
architecture of our Pair-VPR is shown in Fig. 1.

Loss: We use a contrastive loss to train the encoder for the
global descriptor and a Binary Cross Entropy (BCE) loss to train
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the decoder for pair classification. We use online mining and use
a Multi-Similarity Miner [34] to select positives, negatives, and
anchors before using a Multi-Similarity Loss [35] for the global
descriptor, with the loss function shown below:

Lg =
1

N

N∑
i=1

(
1

α
log

[
1 +

∑
k∈Pi

e−α(Sik−m)

]

+
1

β
log

[
1 +

∑
k∈Ni

eβ(Sik−m)

])
, (2)

whereN is the batch size and Sik is the similarity value between
the index i in the batch and a positive/negative index k. We keep
the hyperparameters α, β,m the same as used in [7].

During the forward pass, we store both the global descriptor
and the dense features from the encoder and use the dense
features as input into the decoder. As the decoder requires an
image pair, the challenge is to provide examples to the network
of both positives (two images of the same place) and negatives
(two images from different places). To prevent the network from
converging to the trivial solution, we use an Online Hardest
Batch Negative Miner [34] to use the hardest positives, anchors,
and negatives in a given batch.

We then pass into the decoder sets of (anchor, positive) pairs
and (anchor, negative) pairs to produce a list of scalar values per
pair, where a large scalar value denotes a high similarity between
a given pair. After concatenating both sets, we use a BCE loss
(with a sigmoid function) to optimize the network with positive
pairs having a target value of 1 and negative pairs having a target
value of 0:

Lp = − 1

N

N∑
n=1

(yn log sn + (1− yn) log(1− sn)) , (3)

where yn is the target for the current pair (Ia, Ib) and sn is the
similarity output for the pair for a batch size of N pairs. We then
train the network jointly, with the full loss shown below:

L = Lg + wLp, (4)

where Lg is the global loss trained using a Multi-Similarity
loss and miner [20], [34] and Lp is the BCE pair loss. w is a
hyperparameter to balance the two loss terms.

C. Using Pair-VPR During Inference

Once Pair-VPR is trained, VPR is performed using a two-stage
process. First, all images are passed through the encoder and
global descriptors are generated. These global descriptors are
then used to find the top N database candidates for each query.
We also save dense features for second-stage refinement - for an
image input of size 322 by 322pixels, these have a size of 529
by 768 with a ViT-B encoder.

In the second stage, for each query, we copy the dense features
byN in order to create batches of (query, database j) pairs, where
j is the database index and there are N pairs in total. Because
our decoder is not symmetric (self-attention is only performed
on the first image in a pair), we pass into the decoder batches of
both (query, database j) and (database j , query) pairs and then
sum their respective scores. The highest-scoring pair is then
considered the best match for the current query. Fig. 2 shows
our network during evaluation.

Fig. 2. During inference, we pass in pairs of (query, database) images and the
network produces a score estimating whether or not the pair of images are from
the same location or not, along with a global descriptor per image.

IV. IMPLEMENTATION DETAILS

A. Stage One Training

We begin by pre-initializing the ViT encoder with weights
from DINOv2 [28]. We found that leveraging the diverse pre-
training policy used in DINOv2 improved performance over
random initialization (please refer to ablation studies in Table II).
We then freeze the first half of the encoder blocks (e.g., six
blocks with ViT-B) and train the second half using Place-Aware
Masked Image Modeling. We train in a Place-aware fashion and
construct a dataloader such that a single item in a batch is a single
place, where an item comprises a pair of images. We selected
three existing large open source datasets for stage one training:
SF-XL [14], GSV-Cities [7], and Google Landmarks v2 [15].

SF-XL: We follow the procedure described in Eigen-
Places [36] and divide the dataset intoM ×M meter-sized cells
based on the UTM coordinates of all panoramic images in the
dataset, generating a total ofC cells. Considering the i-th cellCi,
we follow the approach in EigenPlaces of computing the Singu-
lar Value Decomposition (SVD) from the UTM coordinates of
all images in this cell, along with the mean UTM coordinate μi

for this cell. We then select pairs of panoramic images randomly
from each cell. Given cell Ci, we begin by calculating a random
focal point (e.g., a target UTM coordinate) that we want our
pairs to observe, anchored to the first principle component of
the cell denoted as V i

0 . Our formula for calculating a focal point
is given below:

fi = μi +Di ×R
(
V i
0 , Oi

)
, (5)

where Oi is a random observation angle, and Di is a random
focal length. At each iteration, we randomly sample observation
angles Oi between 0 and 360 degrees and apply this random ro-
tation to the eigenvector V i

0 . We then randomly sample different
focal lengthsDi, sampling between 10 and 20 meters away from
the mean coordinate μi. This approach differs from the method
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in EigenPlaces, which only utilized the 0 and 90◦ observation
angles and a fixed focal length.

Then given a focal point fi, we produce crops from two ran-
domly sampled panoramic images within cell Ci, such that the
cropped views are focused on the target focal point - this ensures
that our pair of images contains overlapping visual information,
without requiring any manual curation of pairs. We can then
calculate a viewing angle between a given panoramic image j
and a focal point using their respective UTM coordinates:

αj = arctan

(
ef − ej
nf − nj

)
. (6)

Given this viewing angle, we select a 512 by 512 pixel crop
from a 3328 by 512 pixel panoramic image. However, pairs can
be selected that are either too easy (small viewpoint difference),
or too hard (too much viewpoint difference). Therefore, we
calculate the difference in angles between our two sampled
crops:

θi = ∠α1 − ∠α2. (7)

Then we check if θi is between a low and high threshold 3°and
50°. If not, we resample until we return a pair of crops within
the required range.

GSV-Cities: We randomly sample a pair of images from each
place in the GSV-Cities dataset, excluding places with less than
4 images available.

GLDv2: To improve the data diversity, we also added the
Google Landmarks dataset [15]. We only use the cleaned subset
of the dataset to avoid damaging the network’s ability to learn by
providing ambiguous image pairs. Additionally, we also exclude
any landmarks with less than 4 images. We consider a landmark
as a proxy for a place and treat the dataset in the same format
as SF-XL and GSV-Cities. In total, we are left with 72,322
landmarks for training after cleaning and filtering.

Training Summary: We merge the three aforementioned
datasets to produce a total of 266809 places per epoch, which
are sampled from a set of 3.43 million panoramic images and
2.08 million egocentric images. We train using a mask ratio of
90 percent with a ViT-B sized decoder for 500 epochs with a
learning rate of 2e-4 for a batch size of 512 places with AdamW
and a cosine LR scheduler. We train using square images of size
224 pixels. By default, we use a ViT-B encoder with 4 register
tokens, however, we note that our approach can also work with
larger encoder sizes. Hyperparameters for larger encoders are
kept the same except we use 1000 epochs.

B. Stage Two Training

We continue training our model using the GSV-Cities
dataset [7] following the training recipe used in prior works
such as MixVPR [20] and SALAD [37]. We train for 10 epochs
using a linear LR scheduler with an initial LR of 8e-5, with a
weight decay of 5e-2 and a batch size of 100 places. We also use
square images of size 322, and freeze all encoder layers except
the last six. Our global descriptor has only 512 dimensions and
we set w (the loss balance term) to 2. Hyperparameters were set
using a grid search on the MSLS-Val set. We use MSLS-Val as
our validation dataset and take the checkpoint with the highest
second-stage Recall@1 as the final trained model.

C. Evaluation

We evaluate our method on five commonly used benchmark
VPR datasets, with a diverse set of environments. The datasets
are: MSLS validation set [38], MSLS challenge set [38], Pitts-
burgh30k [39], Tokyo247 [40] and Nordland [41] (note that
we use the split of Nordland from VPRBench [42], with 2760
query images). During the evaluation, we resize all images
to 322× 322 resolution. By default, Pair-VPR uses a ViT-B
encoder and uses the top 100 candidates after global descrip-
tor matching - we refer to this as the Speed configuration of
Pair-VPR (Pair-VPR-s). We also provide a Performance version
of Pair-VPR, which has a ViT-G encoder and uses the top 500
candidates during pair-classification (Pair-VPR-p). We evaluate
using the standard Recall@N metric [3], [14] with N ∈ 1, 5, 10.

To compare Pair-VPR with existing techniques, we bench-
mark against five existing single-stage learnt VPR methods
(CosPlace [14], MixVPR [20], EigenPlaces [36], BoQ [43] and
SALAD [37]) and three existing two-stage VPR techniques
(Patch-NetVLAD [9], R2Former [22] and SelaVPR [8]). We
also include a baseline single-stage ViT VPR system we refer to
as PaVPR (Place-aware VPR), which uses the same Stage One
training as Pair-VPR except discards the pair contrastive training
component during Stage Two and has a global descriptor with
512 dimensions.

V. RESULTS AND DISCUSSION

A. Comparison to Recent VPR Methods

We begin by comparing the performance of Pair-VPR against
other State-Of-The-Art (SOTA) VPR methods on a range of
benchmark datasets (Table I). Comparing our method, Pair-
VPR-s, to the other methods we benchmark, we observe that
Pair-VPR achieves the highest Recall@1 on all five datasets.
We observe that our transformer-based re-ranking network is
particularly adept at improving the Recall@1 over other works
that also use a vision transformer backbone (SALAD [37],
SelaVPR [8], and our PaVPR baseline). Comparing against
R2Former [22], a prior SOTA method that also used a re-
ranking/pair-classifier transformer, we observe a significant
jump in performance, especially on the Tokyo dataset.

When we scale up our method to use larger encoder sizes
and more top candidates, we observe that Pair-VPR-p provides
a large performance increase over Pair-VPR-s and achieves the
highest recall across all Recall@N values compared to prior
works. We especially highlight the results on Tokyo24/7, where
we have achieved a Recall@1 of 100%.

We also include results on Pair-VPR-s when the number of
top candidates that are re-ranked by Pair-VPR are varied (Fig. 3).
The graph shows that a lower number of top candidates can still
achieve good VPR performance, especially on the MSLS-Val
and Pitts30 k datasets. This is because the Pair-VPR global
descriptor has good performance on these datasets. Tokyo24/7
exhibits a similar trend, except that a larger number of top
candidates allows the Pair-VPR re-ranking to achieve very high
recalls. We observe that increasing the number of top can-
didates has significant benefits on the Nordland dataset. The
Nordland split from VPRBench is very challenging, with a lot
of perceptual aliasing and a small localization error tolerance;
therefore, a larger number of top candidates is necessary on this
dataset.
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TABLE I
QUANTITATIVE RESULTS FOR VPR METHODS ON BENCHMARK DATASETS

TABLE II
STAGE ONE TRAINING ABLATION STUDY FOR VPR

Fig. 3. Recall@1 as the number of re-ranked candidates is increased for Pair-
VPR-s.

B. Pre-Training Ablation Study

To understand which aspects of our training strategy are
essential for the performance of Pair-VPR, we conducted an
ablation study over different variations of stage one training
(Table II). In the first row, we show the results when we do not
perform stage one training at all, with the decoder in stage two
initialized using random weights. We observed that pre-training
the decoder network via stage one training is essential for achiev-
ing effective VPR performance - since the pair-classification task
is non-trivial, the place-aware Siamese mask image modeling
task provides an initial set of weights that are already tuned for
comparing features between two images.

In the second row of Table II, we investigated the importance
of place-aware sampling by removing the place sampling during
stage one training, and instead used strong augmentation to
generate the second unmasked image. We observed a consistent
drop in recall, even though the total collection of training images
remains identical.

In row three, we experimented with unfreezing all blocks
in our DINOv2-initialized ViT encoder. We found that allow-
ing the entire network to be trained reduced the VPR per-
formance, and we hypothesize that this is because the DI-
NOv2 network was originally trained on a larger and more
diverse dataset than ours, and maintaining the low level (e.g.,
color) learnt features from a more diverse dataset improves
performance.

In the fourth row we instead initialized the ViT encoder with
random weights and performed stage one training from scratch.
We found that the VPR performance is still maintained well on
urban datasets, but reduces significantly on non-urban datasets,
such as Nordland. This is likely due to the urban bias in common
VPR pre-training datasets.

In the bottom four rows, we compared different configurations
of Pair-VPR. We observed that the performance of Pair-VPR
improves as we increase the encoder size. We further observed
that increasing the number of top candidates passed to the pair
classification component improves the recall, as it alleviates
the performance limitation imposed by the global descriptor’s
effectiveness.
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TABLE III
PERFORMANCE OF THE PAIR-VPR GLOBAL DESCRIPTOR

TABLE IV
COMPUTE ANALYSIS OF TWO-STAGE METHODS

C. Performance of the Pair-VPR Global Descriptor

In Table III, we analyze the performance of the Pair-VPR
global descriptor. The performance of the second stage refine-
ment is always limited by the recall of the global descriptor
at the chosen number of top candidates, therefore we display
Recall@N values for N ∈ 1, 100, 500. The global descriptor is
always 512 dimensions, allowing for computationally efficient
database searching while also having a Recall@1 comparable
to existing global descriptor VPR methods. We also note that
our global descriptor is a lot smaller than the single-stage VPR
methods in Table I, e.g., CosPlace, MixVPR and SALAD have
2048, 4096 and 8448 dimensions respectively.

When we shift to using larger encoder sizes, we always main-
tain the same global descriptor by increasing the projection ratio
from the class token. For a ViT-G encoder, the class token has
1530 dimensions and we project down to 512 dimensions using
a linear layer. We do this in order to keep the computational cost
of descriptor matching the same. We find that the ViT-G global
descriptor performs similar to the ViT-B descriptor, except on
Tokyo24/7. It is possible that the large projection ratio is not ideal
for VPR, therefore future work should investigate experimenting
with larger global descriptor sizes, albeit at an increased compute
requirement.

D. Compute Analysis

In this subsection we discuss the computational requirements
of Pair-VPR and compare against other two-stage VPR methods
on MSLS-Val, using the same compute platform (a single GPU),
as shown in Table IV. It can be seen that Pair-VPR-s is fast at
encoding and matching, taking 7 milliseconds per query image
to encode and only 0.13 ms/query to match against the entire
database using 512 dimensional descriptors. Our second stage
refinement is slower than SelaVPR and R2Former but much
faster than Patch-NetVLAD-p, and requires 0.7 seconds per
query with 100 top candidates. Comparing the ViT-B to ViT-G
encoder sizes of Pair-VPR, only the encoding time and storage
requirement increases, since we maintain the same global de-
scriptor size and the same decoder network size. The storage
requirements of Pair-VPR are primarily from the dense features
required for refinement and Pair-VPR-s features are comparable
in size to Patch-NetVLAD-s and SelaVPR.

Fig. 4. Qualitative results on the benchmark datasets, showing the perfor-
mance of the computationally cheapest version of Pair-VPR (Pair-VPR-s). We
provide three success examples and two failure cases per dataset.

E. Qualitative Analysis

In Fig. 4, we provide qualitative results for Pair-VPR-s, in-
cluding success and failure examples. The success examples
show that Pair-VPR can successfully localize even in chal-
lenging situations such as at nighttime, under viewpoint shifts,
or seasonal changes like summer to winter. The failure cases
provide insights about challenging situations for VPR systems.
For example, on the MSLS-Val dataset we show a failure due
to heavy occlusion, and a second failure due to an upside down
image in the dataset. In the case of the occluded image (due to a
bus), these situations merit the addition of sequential VPR meth-
ods (e.g., [44]) to include adjacent image frames that may not
be occluded. Concerning the failure examples on the Tokyo24/7
dataset, nighttime conditions are a common failure mode in VPR
systems due to the lack of visible features at nighttime - although
we note that these failure cases are solved by the more powerful
Pair-VPR-p system, which has significantly more parameters in
its ViT-G encoder.

VI. CONCLUSION

In summary, we present Pair-VPR, a novel two-stage VPR
method that relies upon a mask image modeling pre-training
strategy to maximize performance. Pair-VPR combines a small
512 dimensional global descriptor for rapid database search-
ing along with a slower second stage that only searches a
set of potential database matches. We observed that Pair-VPR
achieved the highest Recall@1 score on all datasets we tested
on, comparing against recent state-of-the-art methods in VPR
literature - while only requiring an encoder and decoder of 86
million parameters each. As the encoder size is scaled up to
ViT-L (307 M) and ViT-G (1.1B), our training recipe allows
for continuing performance improvements as the network size
grows. Given the high recalls attained by Pair-VPR, we believe
it prudent to investigate converting this method from a VPR
technique to a loop closure module in a full SLAM system. In
the future, we aim to examine the effectiveness of Pair-VPR at
performing loop closures in SLAM.
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