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Abstract— This paper adapts a general dataset representation
technique to produce robust Visual Place Recognition (VPR)
descriptors, crucial to enable real-world mobile robot localisa-
tion. Two parallel lines of work on VPR have shown, on one
side, that general-purpose off-the-shelf feature representations
can provide robustness to domain shifts, and, on the other,
that fused information from sequences of images improves
performance. In our recent work on measuring domain gaps
between image datasets, we proposed a Visual Distribution
of Neuron Activations (VDNA) representation to represent
datasets of images. This representation can naturally handle
image sequences and provides a general and granular feature
representation derived from a general-purpose model. More-
over, our representation is based on tracking neuron activation
values over the list of images to represent and is not limited
to a particular neural network layer, therefore having access
to high- and low-level concepts. This work shows how VDNAs
can be used for VPR by learning a very lightweight and simple
encoder to generate task-specific descriptors. Our experiments
show that our representation can allow for better robustness
than current solutions to serious domain shifts away from the
training data distribution, such as to indoor environments and
aerial imagery.

Index Terms— Robotics, Place Recognition, Deep Learning

I. INTRODUCTION

Visual Place Recognition (VPR) is an important task in
robotics [1]. It consists of recognising whether a place has
already been observed from an image depicting it. Doing
so robustly and efficiently can help find loop closures for
Simultaneous Localisation And Mapping (SLAM) or directly
localise a robot. However, for a VPR system to be useful, it
must be robust to viewpoint and appearance changes between
different observations of the same place.

This robustness has often been achieved by training
systems specifically for VPR; however, recently, more ro-
bust and general place recognition has been achieved by
exploiting general-purpose feature representations [2]. An-
other parallel avenue for improving VPR performance is to
leverage an intrinsic characteristic of the robotics settings:
robots continuously stream data, allowing the application of
sequences of images to perform place recognition [3].

On the other hand, a recent research area is studying
general tools to measure custom domain gaps between image
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Fig. 1. VDNA-PR overview. As in other sequence-based works, we solve
VPR by building and matching representations for image sequences along
driven trajectories. We rely on VDNA representations £ [4], which were
originally introduced to measure domain gaps between datasets. They
consist of histograms that describe activations observed when passing
images through a frozen self-supervised feature extractor F. Importantly,
VDNAs keep track of activations for neurons throughout all layers of
the network, keeping a general and granular multi-level representation.
To generate more practical descriptors specifically for VPR, we propose
an encoder E to encode VDNAs into descriptors that can efficiently be
compared with traditional VPR techniques.

datasets [4]. Here, the idea is to generate a general granular
representation of an image dataset and to compare these
representations through task-dependent distances. The two
aforementioned key insights to improve VPR are naturally
handled in these approaches: representations are selected to
be general and robust to domain variations, and representa-
tions are generated for an arbitrary number of images.

Thus, this work proposes building a VPR system using
methodologies borrowed from dataset domain-gap measure-
ments. A high-level overview is depicted in Fig. 1. Specifi-
cally, we treat sequences of consecutive images as individual
datasets and generate general representations that allow for
general-purpose comparisons. For VPR, however, we need to
produce practical descriptors that can be compared at scale.
Hence, we learn a “VPR encoder” on top of the general-
purpose representation that produces a small descriptor suit-
able for the task. Framing the VPR problem in this fashion
ensures we have access to a general, robust, and granular
representation on top of which to perform VPR, and do not
have any arbitrary assumption on the choice of the feature
extractor layer.

Our principal contributions are

1) A novel application of deep neural dataset-to-dataset
comparison mechanisms to sequence-based VPR,

2) An architecture for learning a more practical descriptor
for VPR, and

3) Experiments showing improved generalisation under
domain shift versus competitors.



II. RELATED WORKS

VPR is classically set as an image retrieval problem; given
a query image and a reference database, its closeness in
geometric space to any image in the database is directly
related to a similarity measure in an embedding space [1],
extracted either from local or global features within the
image. Similarly, images can be processed singularly or
sequentially, i.e. exploiting the inherent temporal correlation
to create a stronger representation [3]. This work is related
to both challenges of selecting the right representation and
aggregating temporal information; thus, we will frame it in
both contexts in the following.

A. Selecting the right representation

With the advent of Deep Learning (DL) methodologies and
extensive VPR datasets, we have seen an almost complete
shift from handcrafted features to learned ones, with sub-
stantial performance improvements. The common approach
is to utilise a feature extractor and fine-tune it while training
a feature aggregator on top of the learned features to perform
VPR. For instance, NetVLAD [5] follows this approach,
introducing a trainable variant of the VLAD [6] descriptor.
This methodology has been very successful and inspired
several improvements [7], [8] and applications to different
data types [9], [10].

Other methods focus on the extraction and aggregation of
information from the images. Examples are MixVPR [11]
and R2Former [12]. MixVPR uses flattened features from
intermediate layers of a pre-trained backbone and incor-
porates spatial relationships through Feature-Mixer blocks.
R2Former, instead, uses a transformer architecture to encode
the image patches into global and local descriptors and
uses the first for global retrieval and the local ones for fast
reranking through a correlation operation.

GeM [13] and consequently Cosplace [14] focused on
data and training procedures, simplifying the aggregation
to a learned pooling operation. Indeed, the first applied
a contrastive approach where positives and negatives are
selected through a Structure from Motion (SfM) technique,
whereas the second sets the VPR training as a classification
problem on a novel extensive dataset.

Finally, a very recent work, AnyLoc [2], proposes the
use of foundational models, in particular DINOv2 [15],
pre-trained in a self-supervised fashion and with no prior
knowledge about the task of VPR, to extract generic and
robust features. These features are then exploited for the
specific task of VPR using an aggregation method, such as
VLAD [5] or GeM [13]. In this way, AnyLoc showed state-
of-the-art generalisability on multiple domains.

In this, we are most similar to this last approach, in that
we exploit a self-supervised pre-trained model to create a
representation of the data robust to domain changes.

B. Using Sequential information

Sequence-based methods leverage temporal information in
the query and database to discover more robust matches

for VPR. We refer the reader to Mereu et al. for a de-
tailed taxonomy [3]. Generally, we can divide such methods
into two main families: sequence-matching and sequence-
descriptor methods. The firsts use separate similarities for
each query image in a query sequence to match segments of
high similarity in the database. Methods such as SeqSLAM
[16] and [17] belong to this family, where the first samples
and validates feasible trajectories in the database to assess
the most likely one and the second uses a matrix value
decomposition to eliminate possible noisy detections.
Sequence-descriptor methods, instead, propose to generate
a descriptor for an entire image sequence and directly
match segments through it. TimeSformer [18] explores early-
fusion approaches on image-patches descriptors through a
transformer architecture. SeqNet [19], instead, has a hybrid
approach as it uses a convolutional backbone to extract image
descriptors, which are used to calculate a sequence-based
descriptor for rough sequence matching and to refine this
latter through image-to-image similarity. Mereu et al. [3]
tackle sequential embedding through an intermediate fusion
of single-frame descriptors with a SeqVLAD aggregator, a
NetVLAD [5] generalisation to handle multiple images.
Our proposed approach belongs to this last family of
methodologies, as we too combine the information from the
whole sequence into a single descriptor, and then use it for
the matching phase. We base our approach on a previous
general dataset representation and comparison work.

C. Representation scope & layer combinations

Our approach benefits from combining representations
across the feature extractor, and we show experimentally
in Section V that multi-level concepts access in different
layers can help generalise better across deployment domains.
Related to this, is the “filter-early, match-late” work of [20]
with the guiding principle that simple visual features that
detract from a network’s utility for place recognition across
changing environmental conditions are removed and, as
per [21], that late layers are more invariant to viewpoint
changes. In our recent work introducing Visual Distribu-
tion of Neuron Activations (VDNA) [4] to represent image
datasets, we also highlighted the power of granular represen-
tations over multiple feature extractor layers to control what
concepts the representation comparison should be sensitive
to, such as when measuring the realism of synthetic images.
Our combination of layers is also related to a weighted
concatenation of convolutional features across layers in [22].

D. Measuring domain gaps between datasets

Quantifying the domain gap between datasets is pos-
sible with techniques such as Fréchet Inception Distance
(FID) [23], Kernel Inception Distance (KID) [24], bag-
of-prototypes [25], and Earth-Mover Distance (EMD) [26]
applied to VDNAs [4].

FID [23] embeds images with a specific layer of the
Inception-v3 network [27], fitting a multivariate Gaussian,
and the Fréchet Distance (FD) between such distribu-
tions from different datasets is computed. Alternatively, the
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Overview of VDNA-PR training. As in Fig. 1, as a sequence of images passes through a pre-trained frozen feature extractor F, histograms tracking

neuron-wise activations constitute a VDNA Z. The histogram corresponding to each neuron has 500 bins, and a small 1D CNN encoder E maps each
histogram to a lower dimensional vector of length 4 (with shared weights across the 9216 neurons). The concatenation of these length-4 features is of
length 36864 and is then itself passed through a linear layer W to be reduced in dimension and to form the final representation. It is on this representation
that we perform contrastive learning with triplet losses as is common in place recognition. At test-time on different domains, we remove the linear layer W
which has learned specific features of the training domain, and use concatenations of encoded histogram features from selected neurons. With this training,
we therefore learn neuron-wise descriptors that can be used and combined for VPR.

KID [24] computes the squared maximum mean discrepancy
between Inception-v3 embeddings.

In addition to relying on a more comprehensive and gran-
ular representation, VDNA [4] was demonstrated in [28] to
better predict localisation precision between experiences with
serious seasonal domain shifts, particularly in comparison
to FID [23], and so is the representation on which we
base our proposed place recognition system. This method,
as illustrated and described in Fig. 1, populates neuron-
wise histograms with the activation levels of a pre-trained
feature extractor as images pass through the network, across
all layers. Histogram comparisons (e.g., by the EMD) can
be aggregated and combined with neuron-wise emphasis (or
combinatorially across neurons) to fine-tune the dataset-to-
dataset comparison across attributes of interest and at various
levels of features in deep networks.

III. METHODOLOGY

Expanding on Fig. 1, our VDNA-PR training approach
is shown in more detail in Fig. 2, with a focus on the
lightweight encoder module E learned to produce practical
descriptors for the VPR problem.

A. Visual DNAs creation and comparisons

We chose to build our representation on top of VDNA [4]
representations of images from sequences for which we want
to produce a VPR descriptor.

In this, given a sequence of L images Z, where L > 1,
we can pass the images through a frozen feature extractor
(* in Fig. 2). During the forward pass, we can keep track of
the outputs of multiple layers of the model, and decompose
each of them into multiple 1D “neuron activations”. The idea
of VDNA is to form a granular representation by gathering
distributions of many neuron activations. This is done by
collecting neuron activations into histograms 7#;, one for
each 7 of the N neurons across all layers. Each histogram
comprises b bins, giving a total descriptor size of N x b
which does not depend on the sequence length L (this
being one of the core motivations of the original approach
in [4]). Indeed, VDNASs can inherently represent multiple

images simultaneously as they are designed as compact
representations of datasets.

As VDNAs are composed of histograms, the original
measure of domain gaps between two datasets represented as
VDNAS is based on the Earth-Mover Distance (EMD) [26].
Unfortunately, while this distance has long been useful in
image retrieval [26], no efficient implementation is present
in commercial-grade image-retrieval database technologies,
beyond approximations as in [29].

For these reasons, we propose an encoder model, trainable
and applied to the task of VPR, detailed in the following. The
output of this module is a lower-dimensional vector upon
which we can compute Lo distances, at scale.

B. VPR Encoder Model

In typical foundational models, the number of neurons,
N, may be extremely large. For instance, DINOv2’s Vision
Transformer (ViT) used in this work contains 9216 neurons'.
This fact further supports our need not to directly use the
histograms #,;. Indeed, this descriptor dimension challenges
caching it in memory and thus efficient comparison, essential
in real-time applications such as robotics. To tackle these
issues and those raised in Section III-A, we design an
encoder model to encode the histograms, normalised, into a
latent space where we can efficiently use a vector distance.

This encoder network is shown as the shared modules
in Fig. 2. We treat each histogram H; as sequential data and
apply a 1D Convolutional Neural Network (CNN) composed
of six convolutional layers followed by three linear layers.
This reduces the dimensionality of each histogram from b
to h. After extensive experimentation, we set h to 4. After
encoding, the extracted embeddings are normalised singu-
larly and concatenated into an embedding e of dimension
Nh. Now, this descriptor can more efficiently be stored in
memory and compared.

'For comparison, LeNet5 consists of only 84 neurons which with 500
bins per histogram as in Section IV-A already leads to a 42000-dimensional
vector, in excess of VGG-16/NetVLAD [30], [5]



TABLE I. Details of datasets used. MSLS (train) and (val) are used during
training, and all others are used for evaluation. The numbers of database
and query sequences are given for a sequence length of 5 frames.

Name Domain  # of db seq.  # of query seq.  Loc. req.
MSLS (train) Urban 733048 393201 25 meters
MSLS (val) Urban 8125 5752 25 meters
MSLS (test) Urban 13584 7964 25 meters
St Lucia Urban 1545 1460 25 meters
Pitts-30k Urban 6664 4542 25 meters
RobotCar 1 Urban 3615 3292 25 meters
RobotCar 2 Urban 3919 3687 25 meters
RobotCar 3 Urban 3628 3917 25 meters
Baidu Mall Indoor 677 1356 10 meters
Gardens Point Indoor 196 196 2 frames
17 Places Indoor 334 334 5 frames

VPAIR Aerial 2702 2702 3 frames

C. Training approach

Given a labelled dataset of image sequences, we aim to
train the encoder model to achieve high-grade accuracy while
generalising to different domains. To achieve this, we take
inspiration from CosPlace training [14], which uses data-
specific linear layers on top of the representation of interest
that are then discarded after training. We apply a linear layer
W, parameterised by a trainable weight matrix W € Nh X d,
to project the descriptor into a lower dimensionality. We use
these descriptors to produce triplet losses [31], which serve
to train the encoder E and linear layer W. We use a triplet
loss as it is popular for VPR, but would expect contrastive
losses [32], [33] to also work well.

This training will encourage the 1D CNN to produce good
encodings of histograms that can be reused on different do-
mains while learning the specificities of the training domain
in the linear layer that can be discarded later.

IV. EXPERIMENTAL SETUP
A. VDNAs

We use DINOv2 ViT-B/14 [15] with 12 layers of 768 neu-
rons each to generate VDNAs. For each neuron, we collect a
histogram of b = 500 bins, which we find to be sufficient to
finely approximate distributions of activations. We chose this
model as AnyLoc [2] showed that DINOv2 achieves great
generalisability to different scenes and domains thanks to its
training regime.

B. Data

To validate our approach, we use one training and several
testing datasets summarised in Table I to evaluate our gen-
eralisation capabilities. In particular, we selected MSLS [34]
to train our neuron encoder module as it contains a large
scale of training samples from several urban environments
worldwide and with diverse conditions. Moreover, the data
samples are collected as sequences, so they apply to our
proposed methodology.

We evaluate VPR performance on a diverse set of domains,
including the Baidu Mall Benchmark [35], VPAIR [36],
17 Places [37], and Gardens Point [38]. Figure 3 shows
examples from the datasets used, which show a high degree
of domain variability, from indoor to urban to overhead

Fig. 3. Example images from datasets used in this study. We evaluate
generalisation capability from training VPR approaches on MSLS, and using
them in other urban and indoor environments, as well as on aerial imagery.

imagery. We consider Pittsburgh-30k [39], St Lucia [40],
and Oxford [41] to have significant domain overlap with
MSLS [34] as they also contain images from urban environ-
ments. In Oxford, we use the three train/val/test splits used
in [3], corresponding to:

o RobotCarl: queries: 2014-12-17-18-18-43 (winter
night, rain); database: 2014-12-16-09-14-09 (winter day,
sun).

¢ RobotCar2: queries: 2015-02-03-08-45-10 (winter day,
snow); database: 2015-11-13-10-28-08 (fall day, over-
cast).

¢ RobotCar3: queries: 2014-12-16-18-44-24 (winter
night); database: 2014-11-18-13-20-12 (fall day).

For the training and evaluation datasets, splits and la-
belling are taken from SeqVLAD [3] and Anyloc [2]. Partic-
ularly, we did not consider the distractor images in VPAIR
as they are not collected as sequences.

In our experiments, we employ a sequence length of 5
images, which we keep consistent with all our baselines.
Nevertheless, we ablate over this number to investigate how
a network pre-trained on five images will behave when used
with a different number.

C. Training details

For training our encoder, we use similar mining methods
from previous works [3], [34]. We cache 1000 query se-
quences alongside 5000 negatives to perform hard example
mining. We also include the 500 hardest previous triplets and



refresh the cache every 1500 triplets. Each triplet contains
a query, its positive, and 5 negatives. We optimise the
encoder E and linear layer W weights using the AdamW [42]
optimiser with weight decay.

D. Baseline

All approaches considered rely on the DINOv2 ViT-
B/14 [15] backbone. For all SeqVLAD variants, we use
features from layer 12. Our baselines and variants include:

1) SeqVLAD: The method and general architecture as
described in [3], but with DINOv2 substituted as
the backbone. In this variant, the backbone and the
SeqVLAD layer are both fine-tuned on MSLS [34], as
is done in [3].

2) SeqVLAD¢,,en: The same setup as SegVLAD, but
in this case, only the SeqVLAD aggregation layer is
fine-tuned. The backbone is kept frozen.

3) SeqVLAD.,;;3.: Using SeqVLAD calibrated to the
evaluation domain. This is performed similarly to the
use of Hard Assignment VLAD [43] in AnyLoc [2] but
with the SeqVLAD aggregation over multiple images.
The backbone is not fine-tuned, and centroids are
initialised using clustering on the database images.

4) VDNA-PRy: Using the output of the linear layer W
used during the training of VDNA-PR.

5) VDNA-PR,;;: Using the output of the VDNA-PR en-
coder E (i.e. with the W linear layer omitted) when
all 9216 neurons have been projected to length 4 and
concatenated. This is equivalent to VDNA—-PRy with the
linear layer used during training on MSLS removed.

6) VDNA-PRjs: Using the VDNA-PR encoder E output
but only keeping descriptors from neurons in the
twelfth layer.

7) VDNA-PRg.12, VDNA-PRig.12, and VDNA-PRji.io:
Similar to VDNA-PR;s but in these cases with a
combination of layers as subscripted.

Baselines (1-3) produce a descriptor of length 49152,
(4) produces a descriptor of length 128, and (5-7) produce
descriptors of length 3072x#layers.

E. Performance metrics

To assess place recognition performance, we use the
Recall@N (R@N) metric. It consists in the percentage of
successful queries in the set of query images which result
in at least 1 correct localisation result when the N closest
reference images are retrieved from the reference map or
database according to VPR descriptors. “Correctness” of a
localisation match is determined by a ground-truth distance
— these thresholds are detailed in Table I.

V. RESULTS
A. Effect of layer selection

In Fig. 4, we first observe how using a VDNA-PR de-
scriptor composed of histogram encodings of neurons from
each backbone layer affects performance on all datasets
considered.

O MSLS Pitts-30k ‘O St Lucia RobotCar 1 O RobotCar 2
‘O RobotCar3 © BaiduMall ‘O Gardens Point O 17 Places VPAIR
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Fig. 4. Recall@] when evaluating VPR performance using VDNA-PR
descriptors from each layer of DINOv2 for all datasets considered.

We obtain large variations depending on the datasets. For
example, decent performance on 17 Places can be obtained
even with early layers, but not on RobotCar sequences.
Moreover, a later layer does not always lead to improved
performance. For example, we obtained better results on
St Lucia with neurons from layer 6 than from layer 8.
These observations support the value of having a descriptor
containing information from all layers, as not all datasets will
do best with the same levels of features. Overall, the last
layers consistently lead to the best results for all datasets.
Hence, in our following experiments, we include results
based on neurons from combinations of the last layers.

B. Benchmarking with domain shifts

a) Training domain: Table Il (Urban) shows the R@1
and R @35 performance of our baselines and approaches in the
same domain as they were trained, in urban environments.
On the test set of MSLS, SeqVLAD with its fine-tuned
backbone performs best. SeqVLAD¢,,,., and VDNA-PRy
also perform well, thanks to their training on MSLS and
despite keeping their backbones frozen. Other VDNA-PR
variants without the linear layer and SeqVLAD_,;;,. do
not benefit from a strong specialisation on MSLS, and these
approaches perform reasonably well, but noticeably worse
than the ones specialised on MSLS.

However, in other urban datasets, SeqVLAD does not
dominate as strongly. It particularly struggles on RobotCarl,
performing similarly to VDNA-PR techniques without W and
SeqVLAD.,,;p., Whereas SeqVLAD,.,., Maintains good
performance on other urban domain datasets. This already
indicates a limitation in robustness by using an approach
too strongly trained on a dataset, despite MSLS’ large scale
and diversity. The features from the selected layer of the
backbone might already be well-suited for VPR in urban
settings. In this case, keeping the backbone frozen allows
SeqVLAD¢, ., to outperform SeqVLAD on other urban
datasets by maintaining these features. If the features from a
layer are already suitable for VPR within a domain, we also
expect SeqVLAD¢, ..., t0 be more descriptive than VDNA-
PR variants as VDNAs do not have information on the joint
distribution of all neuron activations within a layer.



TABLE II. Performance comparison on benchmark environments with urban and indoor environments, and aerial imagery. Please refer to the
baseline/ablation definitions in Section IV-D for details of methods (row names).
Urban Indoor Aerial
MSLS St Lucia Pitts-30k RobotCar 1 RobotCar 2 RobotCar 3 Baidu Mall Gardens Point 17 Places VPAIR
Methods R@l R@5 R@l R@5 R@l R@5 R@l R@5 R@l R@5 R@l R@5 R@l R@5 Re@] R@5 R@l R@5 R@l R@5
SeqVLAD 87.9 91.7 99.7 99.9 92.8 96.1 355 45.1 97.0 98.1 68.3 76.9 52.1 69.5 89.8 95.9 81.1 86.8 20.5 30.5
SeqVLAD¢,qzen 82.2 87.6 99.5 99.9 93.4 96.6 66.0 74.1 98.3 98.9 93.3 96.3 63.5 804  100.0  100.0 83.5 89.8 444 57.2
SeqVLAD 41ip. 447 57.2 62.6 76.8 76.7 89.3 33.0 51.4 86.1 95.1 58.0 77.1 50.9 734 97.4 100.0 81.7 87.7 20.7 345
VDNA-PRy 74.1 84.0 92.1 95.3 81.2 93.2 34.7 49.9 92.2 96.8 69.8 86.2 37.1 63.8 88.3 95.4 78.7 88.6 24.8 41.7
VDNA-PRa11 389 46.0 79.2 86.1 81.7 88.7 8.6 19.6 91.0 94.5 51.9 72.4 49.7 72.8 99.0 100.0 80.2 89.8 40.4 50.4
VDNA-PR12 49.8 58.5 91.3 95.1 87.6 94.4 29.2 40.6 93.8 96.5 78.9 88.1 64.5 81.5 100.0  100.0 82.9 89.8 50.2 63.5
VDNA-PRg:12 45.4 52.6 86.1 91.7 85.4 92.0 30.6 42.5 94.6 97.3 78.5 88.4 66.0 81.2  100.0  100.0 823 89.2 51.3 63.2
VDNA-PR10:12 46.0 54.1 87.1 92.2 86.0 92.6 29.9 41.4 94.9 97.4 719 87.8 66.2 81.3 99.5 100.0 82.0 89.2 S51.1 63.7
VDNA-PR11:12 46.7 54.5 88.6 93.6 86.2 92.9 28.3 40.9 93.7 96.7 78.3 87.9 65.4 81.4  100.0  100.0 82.9 89.5 51.0 64.3

TABLE III.  Performance comparison on VPAIR with varying imbalanced
test-time sequence lengths. All approaches were trained on sequences of
length 5 for database and query sequences. Here we denote test-time
sequence lengths as database/queries.

1/5 5/1 5/5
Methods R@l R@5 R@I R@5 R@l R@5
SeqVLAD 1731 335 154 247 205 305

SeqVLAD;,o,0n 388 590 390 517 444 572

SeqVLAD, s, 103 249 88 203 207 345

VDNA-PR12 454 668 447 580 502 635

TABLE IV. Performance comparison on VPAIR with increasing test-time
sequence lengths. All approaches were trained on sequences of length 5 for
database and query sequences.

seq. len. 5 seq. len. 15 seq. len. 25

Methods R@l R@5 R@l R@5 R@l R@5
SegVLAD 20.5 30.5 27.9 359 322 39.0
SeqVLAD¢,o,en 444 57.2 554 61.8 61.7 65.8
SeqVLAD .1 ip. 20.7 34.5 27.1 35.8 34.8 41.2
VDNA-PRj2 50.2 63.5 61.2 66.7 64.5 68.0

b) Shifted domains: Table Il (Indoor & Aerial) shows
the R@1 and R@5 performance of our system on domains
different from training: indoors with Baidu Mall, Gardens
Point and 17 Places, and on aerial imagery with VPAIR.
What we see is that our VDNA-PR variants are typically
more resilient than other methods, for these datasets. In
Gardens Point and 17 Places, we are broadly in line with
SeqVLAD¢, ..., but outstrip it for Baidu Mall and VPAIR.

Our VDNA-PRy variant struggles in these non-urban do-
mains. This is to be expected as we have fine-tuned the
linear layer W on MSLS data in VDNA-PRy, and as a
result of this urban specialisation, VDNA-PRy suffers in non-
urban environments. On the other hand, VDNA-PR_,1;, which
simply removes the linear layer from VDNA-PRy, performs
worse in urban domains, but is much more robust to other
domains. In fact, the VDNA-PR variants lacking the linear
layer W are the most robust in these datasets, outperforming
SeqVLAD baselines. Therefore, we can argue that the fine-
tuning of SegqVLAD and SeqVLAD¢,,., on MSLS, despite
the foundation model’s self-supervised representations, leads
to domain shift susceptibility, and in this context our VDNA
representation and careful training and then dismantling of
our VPR system immunises us from this to a good extent.

We also note that SeqVLAD_,,;,. always performs worse
than SegqVLAD¢,.,.,, Suggesting that the aggregation layer
optimisation with a frozen backbone still allowed for some
robustness to domain shifts.

Finally, in the case of Baidu Mall and VPAIR, these
results show that incorporating information across neural
network layers as is natural for VDNA-PR is important, where
we see that VDNA-PRj.12 is the most performant in Baidu
Mall for R@1 while VDNA-PRg.12 and VDNA-PRq1.12 are
the most performant in R@1/5 respectively for VPAIR.
Indeed, considering R@5 for 17 Places and Gardens Point,
we see that incorporating all neurons is beneficial.

Layer combinations considered in this work are arbitrarily
chosen and are unlikely to focus on the best set of neurons
for each domain. However, these first results are encouraging
signals that future work identifying how to select relevant
neurons for a given domain could make VDNA-PR an even
stronger solution for robust VPR.

C. Test-time sequence length variations

Furthermore, we investigate the effect of having varying
numbers of images for the database and query descriptors, in
particular for the VPAIR dataset. For VDNA-PR, the inputs
to the encoder E are normalised histograms regardless of the
number of images. This allows to make descriptors consistent
for arbitrary numbers of images.

As with SeqVLAD, we can verify this natural robustness
when having 1 or 5 sequence lengths in Table III. The
small variations in performance observed when using 1 and 5
database or query images can be attributed to less informative
descriptors due to the reduced number of images used.

In Table IV, we also observe that increasing the number
of frames is handled naturally and allows for improved
performance thanks to more informative descriptors.

VI. CONCLUSIONS

We have presented a new approach to VPR based on a
general dataset representation called Visual Distribution of
Neuron Activations. This representation lends itself naturally
to representing sequences and is convenient for combining
representations at different layers. We showed improved
resilience of localisation performance to serious domain
shifts in non-urban scenes, making progress in the area of
universal place recognition from a foundation model basis.

In the future, we will explore the potential of this method
with unsupervised domain calibration — where a search for
responsive neurons may replace difficult gradient-based fine-
tuning of aggregation layers. This could be used on database
images to calibrate attention on neurons from which to
produce a VPR descriptor.
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