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No por mucho madrugar amanece más temprano.

No matter how early you get up, sunrise won’t be any sooner.

– Spanish proverb



Abstract

Determining the location of an agent and representing its surroundings are two essential capabilities for the

successful deployment of intelligent systems with spatial awareness. Commonly referred to as localization

and reconstruction or mapping, these tasks have been studied for decades in the computer vision community,

as many applications—such as augmented reality and robotics—rely heavily on them to operate coherently

within the physical world.

One of the first steps in localizing an agent is retrieving its coarse location, for which Visual Place Recognition

(VPR) provides an effective solution when a database of georeferenced images is available. A key challenge in

VPR lies in designing compact, informative, and discriminative descriptors that remain robust under strong

viewpoint changes, structural variations, and lighting conditions. In this context, the first part of this thesis

proposes two complementary directions to advance VPR. First, we introduce a novel feature aggregation

method based on optimal transport, paired with a powerful vision transformer backbone, to produce more

robust image descriptors. Second, we propose a new training strategy that enhances the geographic sensitivity

of these descriptors by selecting hard training samples based on both visual similarity and spatial distance.

Together, these contributions advance towards effective, large-scale, and general VPR pipelines, significantly

improving metrics at popular benchmarks, like MSLS Challenge, where we improved recall@1 from 67.4% to

82.7% and Nordland, from 58.4% to 90.7%.

Within the broader task of scene reconstruction or mapping, monocular depth estimation is one of the

core pieces. While it is well understood how multiple views naturally provide geometric cues to resolve

ambiguities and improve accuracy, the enduring question is how to design methods that can robustly

exploit this information across diverse scenarios in a general-purpose manner. The second part of this

thesis proposes two novel methods for leveraging multi-view constraints for depth estimation. First, we

introduce a test-time refinement method that uses sparse 3D points from Structure-from-Motion to guide

single-view depth networks during inference. This preserves the learned priors of single-view depth networks

while injecting additional multi-view constraints. Second, we propose a general-purpose multi-view stereo

architecture designed to operate robustly across diverse environments and depth scales. Our contributions

focus on versatility, training on multiple datasets, addressing low overlap and dynamic objects, and removing

restrictions like a priori depth range knowledge. Together, these contributions demonstrate the potential

of combining learned priors with geometric constraints, showing promising steps towards a seamless

integration of multi-view information in depth estimation. More precisely, our proposed refinement improved

all considered single-view depth models, and our general-purpose multi-view stereo system obtained

state-of-the-art results on the Robust Multi-View Depth Benchmark.



Resumen

Determinar la ubicación de un agente y saber representar su entorno son dos capacidades esenciales para

el correcto funcionamiento de sistemas inteligentes con conocimiento espacial. Estas tareas, conocidas

comúnmente como localización y reconstrucción o mapeado, han sido estudiadas durante décadas en la

comunidad de visión por computador, ya que muchas aplicaciones, como la realidad aumentada o la robótica,

dependen en gran medida de ellas para interactuar de forma coherente en el mundo físico.

Uno de los primeros pasos en la localización de un agente es obtener una estimación aproximada de su

ubicación, para lo cual el Reconocimiento Visual de Lugares, conocido como VPR por sus siglas en inglés,

ofrece una solución eficaz cuando se dispone de una base de datos de imágenes georreferenciadas. Uno

de los principales desafíos en VPR consiste en diseñar descriptores que sean compactos, informativos

y discriminativos, pero que además se mantengan robustos ante fuertes cambios de punto de vista,

variaciones estructurales o de iluminación. En este contexto, la primera parte de esta tesis propone dos

direcciones complementarias para avanzar en VPR. En primer lugar, presentamos un método de agregación

de características basado en la teoría de transporte óptimo. Además proponemos utilizar una potente

arquitectura como red neuronal para obtener descriptores de imagen más robustos. En segundo lugar,

proponemos una nueva estrategia de entrenamiento que mejora la sensibilidad geográfica de los descriptores

seleccionando ejemplos difíciles basándonos tanto en similitud visual como en distancia espacial. Estas

contribuciones suponen un avance hacia sistemas de VPR efectivos, escalables y versátiles, mejorando

significativamente los resultados en benchmarks populares como MSLS Challenge o Nordland.

Dentro del campo de la reconstrucción o mapeado de escenas, la estimación de profundidad a partir de una

sola imagen se suele considerar una de las tareas clave. Si bien es conocido que el uso de múltiples vistas

aporta información geométrica que permite resolver ambigüedades y mejorar la precisión, el problema a

resolver es cómo diseñar métodos capaces de aprovechar esta información de forma robusta en escenarios

diversos y de propósito general. La segunda parte de esta tesis propone dos métodos para aprovechar las

información multivista en la estimación de profundidad. Primero, presentamos un método de refinamiento

en tiempo de inferencia que utiliza nubes de puntos 3D no densas obtenidas mediante Structure-from-Motion

para guiar a las redes de profundidad monocular durante su ejecución, preservando así los conocimientos

de la red mientras se incorporan restricciones geométricas adicionales. En segundo lugar, proponemos una

arquitectura multivista de propósito general diseñada para operar de forma robusta en entornos variados y

con rangos de profundidad diversos. Nuestras contribuciones se centran en la versatilidad: entrenando con

múltiples conjuntos de datos, afrontando escenas con poco solapamiento y objetos dinámicos, y eliminando

restricciones como el conocimiento previo del rango de profundidades. Conjuntamente, estas contribuciones

muestran el potencial de combinar lo aprendido por las redes con restricciones geométricas, dando pasos

hacia una integración fluida de la información multivista en la estimación de profundidad. Concretamente,

el refinamiento que hemos propuesto ha mejorado todos los métodos de profundidad que probamos y el

sistema de profundidad multivista que hemos desarrollado obtiene los mejores resultados actuales en el

Robust Multi-View Depth Benchmark.
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Outline of the Thesis 1
1.1 List of Contributions 2

1.2 Funding . . . . . . . . 3

Lo bueno, si breve, dos veces bueno.
Brevity is the soul of wit.

-Spanish proverb

Intelligent behavior in the physical world requires, in general, an understanding
of tridimensional space and motion. Whether it is a robot navigating an unfa-
miliar building, a drone mapping terrain, or a smartphone overlaying digital
content in Augmented Reality (AR), all these systems must have the ability to
localize themselves, estimate a consistent representation of their surroundings,
and interpret and interact with their environment in a spatially coherent manner.
The �eld that aims to endow machines with these abilities is known as Spatial
Arti�cial Intelligence (Spatial AI)�the study and development of systems that
can perceive, model, and operate e�ectively within physical environments [1].

At the core of Spatial AI lies spatial perception�the process by which an agent
interprets raw sensory data (images in this thesis) to infer spatial structure
and egomotion. This includes a wide range of individual tasks, from low-level
operations like image or feature matching [2�4] to mid-level tasks such as visual
localization [5, 6], camera pose estimation [7�9] and depth prediction [10�12],
and up to high-level processing pipelines like Simultaneous Localization And
Mapping (SLAM) [13, 14].

Broadly speaking, these tasks aim to answer two central questions: Where am
I? and What surrounds me?This thesis investigates key research challenges
associated with both, and it is structured into two parts aligned with these two
questions.

Part I of this thesis is focused on the where, and more precisely on Visual Place
Recognition (VPR)�the task of retrieving a coarse location by matching a query
image against a set of references. The usual approach to this task is to use
a backbone model that extracts visual features, followed by an aggregation
module that generates compact descriptors from these features. These models
are typically trained end-to-end using metric learning losses.

Most of the research in VPR has focused on designing deep architectures or
training pipelines to improve their accuracy and robustness. In Chapter 4, we
introduce architectural contributions that leverage a large pre-trained vision
model as the feature extractor, combined with a novel aggregation module to
create highly discriminative global descriptors. This results in a powerful and
easy-to-train model that achieves state-of-the-art results in common benchmarks.
In Chapter 5, we shift focus to the training process, proposing a new hard-
negative mining strategy that curates batches by sampling cliques of very
similar-looking images. This signi�cantly improves the recall in very aliased or
densely sampled datasets.

Part II of this thesis addresses thewhat, speci�cally exploring multi-view depth
estimation�the process of inferring the scene geometry leveraging information
from multiple views. While a signi�cant portion of recent research has focused
on single-view depth, leading to large, powerful, and robust models, all of
these are fundamentally limited by the ill-posed nature of the single-view
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setup. Incorporating additional views offers a principled way to overcome their

limitations and enhance robustness.

In this thesis, we propose two different manners of leveraging multi-view

cues for monocular depth. First, in Chapter 8, we enhance single-view depth

models with a Test-Time Refinement (TTR) strategy that uses sparse depth from

a Structure-from-Motion (SfM) reconstruction as supervision. This improves

the reconstruction’s accuracy, especially at large depths, where our method

leverages potentially large baselines from SfM. Then, in Chapter 9, we present a

large general-purpose multi-view depth network trained on diverse datasets.

Our model overcomes the limitations of previous multi-view stereo approaches

regarding varying scales, unknown depth ranges, dynamic environments, and

generalization to unseen environments.

1.1 List of Contributions

The contributions to this thesis, listed in what follows, stem from research pub-

lications, industry collaboration, open source development and peer reviewing

of academic manuscripts.

Publications
É Sergio Izquierdo and Javier Civera

‘SFM-TTR: Using Structure from Motion for Test-Time Refinement of

Single-View Depth Networks’

Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition
(CVPR), 2023

É Sergio Izquierdo and Javier Civera

‘Optimal Transport Aggregation for Visual Place Recognition’

Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition
(CVPR), 2024

É Sergio Izquierdo and Javier Civera

‘Close, But Not There: Boosting Geographic Distance Sensitivity in Visual

Place Recognition’

Proceedings of the European Conference on Computer Vision (ECCV), 2024
É Sergio Izquierdo et al.

‘MVSAnywhere: Zero Shot Multi-View Stereo’

Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition
(CVPR), 2025

É Blanca Lasheras-Hernandez et al.

‘Single-Shot Metric Depth from Focused Plenoptic Cameras’

Proceedings of the IEEE International Conference on Robotics and Automation
(ICRA), 2025

Industry Collaboration
É June 2023 - September 2023: Autonomy Intern at Skydio, San Mateo (US).

Supervised by Kalpana Seshadrinathan.

É July 2024 - December 2024: Research Intern at Niantic Labs, London (UK).

Supervised by Gabriel Brostow.
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Open Source Development
É SfM-TTR.

Code for [15] is available at:

https://github.com/serizba/SfM-TTR.

Licensed under the GNU General Public License v3.0.

É DINOv2 SALAD.

Code and models for [16] are available at:

https://github.com/serizba/salad.

Licensed under the GNU General Public License v3.0.

É CliqueMining.

Code and models for [17] are available at:

https://github.com/serizba/cliquemining.

Licensed under the GNU General Public License v3.0.

É MVSAnywhere.

Code and models for [18] are available at:

https://github.com/nianticlabs/mvsanywhere.

Licensed allowing for non-commercial use only.

Peer Reviewing
É IROS (2022, 2024)

É ICCV (2023)

É RA-L (2024, 2025, 2025)

É TPAMI (2024, 2025)

É ECCV (2024)

É CVPR (2025) (Outstanding reviewer)

É NeurIPS (2025)

1.2 Funding

This thesis has been funded by the Spanish Government with the pre-doctoral

grant FPU20/02342. It has also been supported with projects from the Spanish

Government (PID2021-127685NB-I00 and TED2021-131150B-I00) and the Aragón

Government (DGA T45 23R, DGA FSE-T45 20R).

https://github.com/serizba/SfM-TTR
https://github.com/serizba/salad
https://github.com/serizba/cliquemining
https://github.com/nianticlabs/mvsanywhere
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De noche todos los gatos son pardos.

All cats are dark at night.

-Spanish proverb

The ability to identify a place based on visual information is a fundamental

human skill and a crucial component of our spatial awareness. This capability

allows us to revisit familiar places, identify landmarks, and navigate through

known environments effortlessly.

The fascination with this cognitive function expanded beyond its biological

roots, inspiring popular games like GeoGuessr [20] and WhereTaken [21]. In

these games, players are challenged to determine locations based on visual

cues, showcasing the remarkable aptitude of humans to match patterns and

recognize places
1
. 1: Popular youtuber from

the GeoGuessr community

recognises places within

0.1 seconds on Geoguessr

https://www.youtube.com/

watch?v=ff6E4mrUkBY

Unsurprisingly, beyond humans requiring these skills for perception and

engaging in them for fun, these abilities are also a fundamental building block

for Spatial AI. They are crucial for SLAM [13, 14], AR [22], and absolute visual

localization [23]. In SLAM, they enable loop closing so agents can identify

previously visited locations and correct accumulated errors [24, 25]. In AR, they

help recognize landmarks that applications may use to enhance the experience.

They are also the first step in absolute visual localization, obtaining a first coarse

location that is then refined with precise feature matching.

This part of the thesis focuses on the task of Visual Place Recognition, a subfield

of visual perception concerned with determining the location of a query image

by matching it to a database of geo-tagged reference images [26]. The term VPR

is widely used in the research community to refer to this specific problem.

VPR is typically formulated as an image retrieval problem, where visual

features of the images are extracted and aggregated to generate compact

but descriptive representations. These representations are then compared to

identify the most visually similar matches. For the retrieval to be effective, the

representations must be both robust and discriminative, effectively handling

challenges such as illumination changes, varying weather conditions, and

structural transformations.

Recent advancements in VPR have primarily focused on two broad areas: namely

the neural architectures and training process. Architectural improvements

involve designing or adopting novel backbone models [27, 28], which are

responsible for extracting meaningful and dense visual features from the input

images. The aggregation module, which combines deep features into a compact

anddescriptive representation, has also been the subject of significant research [5,

29, 30]. Regarding the training pipeline, recent research encompasses strategies

and techniques to optimize the model’s performance, such as the losses [31–33],

mining procedures [34], or datasets [6, 33] used during training.

In this thesis, we present architectural contributions, including using a pre-

trained large vision model as the backbone model and a novel aggregation

module, which are detailed in Chapter 4. Additionally, a novel mining strategy

for the training pipeline is presented in Chapter 5. These contributions effectively

https://www.youtube.com/watch?v=ff6E4mrUkBY
https://www.youtube.com/watch?v=ff6E4mrUkBY
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advance the robustness and generality of VPR methods, obtaining unprece-

dented results in well-established and challenging benchmarks. Specifically, we

improve Recall@1 in the MSLS Challenge from 67.4% to 82.7% and in Nordland

from 58.4% to 90.7%.



Related Work 3
The signi�cant research e�orts on VPR have been exhaustively compiled in a
number of surveys and tutorials over the years [26, 35�38]. Current research
addresses a wide variety of topics, such as novel loss functions [6, 32], image
sequences [39�41], extreme viewpoint changes [42] or text features [43]. In this
section, we focus on work related to the architecture, i.e. feature extraction and
aggregation, as well as to the training pipeline, as there lie our contributions
presented in Chapters 4 and 5.

3.1 Architectures

Early approaches to VPR used either aggregations of handcrafted local fea-
tures [44�46] or global descriptors [47, 48]. In both cases, geometric [49] and
temporal [49, 50] consistency was sometimes enforced for enhanced perfor-
mance. With the emergence of deep neural networks, features pre-trained for
recognition tasks, without �ne-tuning, showed a signi�cant performance boost
over handcrafted ones [27]. However, training or �ne-tuning speci�cally for VPR
tasks using contrastive or triplet losses [31] o�ers an additional improvement
and is standard nowadays.

Most of the backbones to extract image features used to be based on the ResNet
architecture [5, 30, 51]. More recent works in VPR have shifted towards Vision
Transformer (ViT) backbones [52, 53], obtaining signi�cant improvements over
previous models. This shift opened the door to use large pretrained foundation
models like DINOv2 [54]. Although AnyLoc [28] �rst proposed to use DINOv2
in VPR, they use the model frozen, while in our research we show how �netuning
this model can further improve performance.

NetVLAD [5] is one of the most popular architecture explicitly designed for
VPR, mimicking the classical Vector of Locally Aggregated Descriptors (VLAD)
aggregation [45] but jointly learning from data both convolutional features and
cluster centroids. Later, Radenovi¢ et al. [30] proposed the Generalized Mean
Pooling (GeM) to aggregate feature activations, also a popular baseline due to
its simplicity and competitive performance. In addition to these, several other
alternatives have been proposed in the literature. For example, Teichmann et al.
[55] aggregates regions instead of local features. Recently, MixVPR [29] has
presented the best results in the literature by aggregating deep features with a
Multi-Layer Perceptron (MLP) layer.

A notable trend in VPR has been the adoption of a two-stage approach to
enhance retrieval accuracy [51, 53, 56�59]. After a �rst stage with any of the
methods presented in the previous paragraph, the top retrieved candidates are
re-ranked attending to the un-aggregated local features, either assessing the
geometric consistency to the query image or predicting their similarity. This
re-ranking stage adds a considerable overhead, which is why it is only applied
to a few candidates, but generally improves the performance. Re-ranking is
out of the scope of our research but, notably, we outperform all baselines that
employ re-ranking even if our model does not include such stage (and hence it
is substantially faster).
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In Chapter 4, we propose a novel aggregation module that uses optimal transport
to assign features to clusters. Optimal transport has found a signi�cant number
of applications in graphics and computer vision [60]. Speci�cally, related to
our research, it has been used for image retrieval [61], image matching [62] and
feature matching [3, 4]. Recently, Zhang et al. [63] used optimal transport at
the re-ranking stage in a retrieval pipeline. However, ours is the �rst work that
proposes the formulation of local feature aggregation from an optimal transport
perspective.

3.2 Training Pipelines

Overall, training details matter in image retrieval and are task-speci�c. Typically,
contrastive [64] and triplet [65] losses are used to train a deep model that
maps images into an embedding space, in which similar samples are close
together and dissimilar ones are far apart. Although other losses have been
proposed in the literature, e.g.[34, 66�72], Musgrave et al.[31] and Roth et al.[73]
showed a higher saturation than the one reported in the previous literature.
The particularities of VPR, however, can be leveraged in task-speci�c losses. For
example, Leyva-Vallina et al.[32] grade similarity based on spatial overlap to
make losses more informative. Ali-bey et al.[33] showed that the multi-similarity
loss [74] can be e�ectively used for VPR tasks. They curated a dataset, GSV-
Cities, and organized it on sparse places that, combined with the multi-similarity
loss led to signi�cant performance gains. As other recent works [29, 75], our
contributions builds on top of the multi-similarity loss on GSV-Cities. However,
the sparse nature of the GSV-Cities dataset [33] limits the e�ectiveness of the
models in densely sampled data, present in many benchmarks [39, 76]. We
argue that densely sampled data is relevant in VPR as it is a prevalent condition
in numerous applications, owing to the proliferation of mobile computational
platforms capturing video (such as cars, drones, glasses and phones) and the
availability of tools to crowdsource and store big data.

Mining informative batches matters as much or even more than the chosen
losses [34]. �Easy� samples contribute with small loss values, which may slow
down or plateau the training [31]. On the other hand, using only �hard� samples
produces noisy gradients and may over�t or converge to local minima [34, 77],
which suggests a sweet spot in mixed strategies [78]. As another taxonomy,
mining can be done o�ine after a certain number of iterations [79�81], with high
computational costs, or online within each batch [82, 83]. In practice, �hard�
negatives samples are typically used, as they are easy to mine and informative [5,
39, 84, 85]. �Hard� positive mining [86�89] is more challenging to implement, as
it is sometimes caused by occlusions, large scale changes or low overlap, which
may be misleading and harm generalization [30]. Wang et al.[74] generalizes
sampling schemes by weighting pairs in the multi-similarity loss according to
their embedding distance.
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Chapter based on [16]:
Sergio Izquierdo and Javier
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serizba/salad

The task of Visual Place Recognition aims to match a query image against
references from an extensive database of images from di�erent places, relying
solely on visual cues. State-of-the-art pipelines focus on the aggregation of
features extracted from a deep backbone, in order to form a global descriptor
for each image. In this context, we introduce SALAD (SinkhornAlgorithm
for LocallyAggregatedDescriptors), which reformulates NetVLAD's soft-
assignment of local features to clusters as an optimal transport problem. In
SALAD, we consider both feature-to-cluster and cluster-to-feature relations
and we also introduce a `dustbin' cluster, designed to selectively discard
features deemed non-informative, enhancing the overall descriptor quality.
Additionally, we leverage and �ne-tune DINOv2 as a backbone, which
provides enhanced description power for the local features, and dramatically
reduces the required training time. As a result, our single-stage method
not only surpasses single-stage baselines in public VPR datasets, but
also surpasses two-stage methods that add a re-ranking strategy with
signi�cantly higher cost.

Recognizing a place solely from images becomes a challenging task when scenes
undergo substantial changes in their structure or appearance. Such capability
is referred to in the scienti�c and technical literature as VPR, and is essential
for agents to navigate and understand their surroundings autonomously in a
wide array of applications, such as robotics [90�94] or AR [37]. Speci�cally, it is
present in SLAM [13, 95] and absolute pose estimation [96, 97] pipelines.

In practice, VPR is framed as an image retrieval problem, wherein typically
a query image serves as the input and the goal is to obtain an ordered list of
top-k matches against a pre-existing database of geo-localized reference images.
Images are represented as an aggregation of appearance pattern descriptors,
which are subsequently compared via nearest neighbour. The e�ectiveness of
this matching relies on generating discriminative per-image descriptors that
exhibit robust performance even for challenging variations such as �uctuating
illumination, structural transformations, temporal changes, weather and sea-
sonal shifts. Most recent research on VPR have thus focused on the two key
components of this general pipeline, namely the deep neural backbones for
feature extraction and methods for aggregating such features.

For years, ResNet-based neural networks have been the predominant backbones
for feature extraction [5, 30, 51]. Recently, given the success of ViT for di�erent
computer vision tasks [98�101], some methods have introduced ViT in the �eld
of VPR [52, 53]. AnyLoc [28] proposed to leverage foundation models, using
DINOv2 [54] as a feature extractor for VPR. However, AnyLoc uses DINOv2 `as
is', while we show in this chapter that �ne-tuning the model for VPR brings a
signi�cant increase in performance.

Regarding aggregation, NetVLAD [5], the learned counterpart to the traditional
handcrafted VLAD [45], is among the most popular choices. Alternative methods
include pooling layers like GeM [30] or learned global aggregation, like the
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recent MixVPR [29]. In this chapter, we propose optimal transport aggregation,
setting a new state of the art in VPR.

Figure 4.1: Illustration of a VPR
baseline (left) and our contri-
bution (right). The left column
outlines a typical VPR baseline,
a ResNet backbone followed by
NetVLAD aggregation [5]. On the
right column, we replace ResNet
with a partially �ne-tuned DI-
NOv2 [54] backbone, and incor-
porate SALAD, our novel optimal
transport aggregation using the
Sinkhorn Algorithm. Our model
achieves unprecedented state-of-
the-art results on common VPR
benchmarks.

As a summary, in this work, we present a single-stage approach to VPR that
obtains state-of-the-art results in the most common benchmarks. To achieve
this, we present two key contributions:

É First, we propose SALAD ( Sinkhorn Algorithm for Locally Aggregated
Descriptors), a reformulation of the feature-to-cluster assignment problem
through the lens of optimal transport, allowing more e�ective distribution
of local features into the global descriptor bins. To further improve the
discriminative power of the aggregated descriptor, we let the network
discard uninformative features by introducing a `dustbin' mechanism.

É Secondly, we integrate the representational power of foundation models
into VPR, using DINOv2 as the backbone for feature extraction. Unlike
previous approaches that utilized DINOv2 in its pre-trained form, our
method involves �ne-tuning the model speci�cally for the task. This
�ne-tuning process converges extremely fast, in just four epochs, and
allows DINOv2 to capture more relevant and distinctive features pertinent
to place recognition tasks.

The fusion of these two novel components results in DINOv2 SALAD, which
can be e�ciently trained in less than one hour and sets unprecedented recall
in VPR benchmarks, with 75.0% Recall@1 in MSLS Challenge and 76.0% in
Nordland. All of this with a single-stage pipeline, without requiring expensive
post-processing steps and with an inference speed of less than 3 ms per image.

4.1 Method: SALAD

DINOv2 SALAD is based on NetVLAD, but we propose to use and �ne-tune
the DINOv2 backbone (Subsection 4.1.1) and propose a novel module (SALAD)
for the assignment (Subsection 4.1.2) and aggregation (Subsection 4.1.3) of
features.

4.1.1 Local Feature Extraction

E�ective local feature extraction lies in striking a balance: features must be robust
enough to withstand substantial changes in appearance, such as those between
seasons or from day to night, yet they should retain su�cient information on
local structure to enable accurate matching.

Inspired by the success of ViT architectures in many computer vision tasks and
by AnyLoc [28], that leverages the exceptional representational capabilities of
foundation models [102], we adopt DINOv2 [54] as our backbone. However,
di�erently from AnyLoc, we use a supervised pipeline and include the backbone
in the end-to-end training for the speci�c task, yielding improved performance.

DINOv2 adopts a ViT architecture that initially divides an input image I 2
R � � F � 2 into ? � ? � 2 patches, with ? = 14. These patches are sequentially pro-
jected with transformer blocks, resulting in the output tokens f t1– • • • –t=–t=Ï 1g–t8 2
R3, where = = �F • ?2 is the number of input patches and there is an additional
global token t=Ï 1 that aggregates class information. Although the DINOv2's
authors reported that �ne-tuning the model only brings dim improvements, we



4 Optimal Transport Aggregation 11

Figure 4.2: Overview of our
method . First, the DINOv2 back-
bone extracts local features and
a global token from an input im-
age. Then, a small MLP, score pro-
jection, computes a score matrix
for feature-to-cluster and dustbin
relationships. The optimal trans-
port module uses the Sinkhorn al-
gorithm to transform this matrix
into an assignment, and subse-
quently, dimensionality-reduced
features are aggregated into the
�nal descriptor based on this as-
signment and concatenated with
the global token.

found that at least for VPR there are substantial gains in selectively unfreezing
and training the last blocks of the encoder.

4.1.2 Assignment

In NetVLAD, a global descriptor is formed by assigning a set of features to
a set of clusters,f � 1– • • • – �9– • • • – �< g, and then aggregating all features that
belong to each cluster. For the assignment, NetVLAD computes a score matrix
S 2 R=� <

70 , where the element in its 8th row and 9th column, B8–92 R70, represents
the cost of assigning a feature to a cluster � 9. In other words, S quanti�es the
a�nity of each feature to each cluster. While SALAD draws inspiration from
NetVLAD, we identify several crucial aspects in their assignment and propose
alternatives to address these.

Reduce assignment priors. When building the score matrix S, NetVLAD
introduces certain priors. Speci�cally, it initializes the linear layer that computes
S with centroids derived from k-means. While this may accelerate the training,
it introduces inductive bias and potentially makes the model more susceptible
to local minima. In contrast, we propose to learn each row s8 of the score matrix
from scratch with two fully connected layers initialized randomly:

s8 = WB2¹� ¹WB1¹t8º Ï bB1ºº Ï bB2 (4.1)

where WB1, WB2 and bB1, bB2 are the weights and biases of the layers, and � is a
non-linear activation function.

Discard uninformative features. Some features, such as those representing the
sky, might contain negligible information for VPR. NetVLAD does not account
for this, and the contribution of all features is preserved in the �nal descriptor.
Contrary, we follow recent works on keypoint matching and introduce a `dustbin'
where non-informative features are assigned to. For that, we augment the score
matrix, from S to ¢S = »S– ¢s8–<Ï 1¼2 R=� < Ï 1

70 , by appending the column ¢s8–<Ï 1

representing the feature-to-dustbin relation. As in SuperGlue [4], this score is
modeled with a single learnable parameter I 2 R:

¢s8–<Ï 1 = I 1= (4.2)

being 1= = »1– • • • –1¼> 2 R= a =-dimensional vector of ones.

Optimal assignment. The original NetVLAD assignment computes a per-
row softmax over S to obtain the distribution of each feature's mass across
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the clusters. However, this approach only considers the feature-to-cluster
relationship and overlooks the reverse �the cluster-to-feature relation. For this
reason, we reformulate the assignment as an optimal transport problem where
the features' mass,- = 1=, must be e�ectively distributed among the clusters or
the `dustbin', + = »1>

< – =� < ¼> . We follow SuperGlue [4] and use the Sinkhorn
Algorithm [103, 104] to obtain the assignment ¢P 2 R=� ¹< Ï 1º such that

¢P1< Ï 1 = - and ¢P> 1= = +. (4.3)

This algorithm �nds the optimal transport assignment between distributions -
and + iteratively normalizing rows and columns from exp

�
¢S
�
. Finally, we drop

the dustbin column to obtain the assignment P =
�
p� –1– • • • –p� –<

�
, where p� –9

stands for the 9th column of P.

4.1.3 Aggregation

Once the feature assignment in our SALAD framework is computed as detailed
in Subsection 4.1.2, we focus on the aggregation of these assigned features to
form the �nal global descriptor. The aggregation process in NetVLAD involves
combining all features assigned to each cluster � 9. However, we introduce three
variations:

Dimensionality reduction. To e�ciently manage the �nal descriptor size, we
�rst reduce the dimensionality of the tokens from R3 to R; . This is achieved by
processing the features through two fully connected layers, precisely adjusting
the size of the feature vectors while retaining the essential information from the
task.

f 8 = W 52¹� ¹W 51¹t8º Ï b 51ºº Ï b 51 (4.4)

Aggregation. Based on the assignment matrix derived using the Sinkhorn
Algorithm, each feature is aggregated into its assigned cluster. Di�erently from
NetVLAD, we do not subtract the centroids to get the residuals. We directly
aggregate these features with a summation, reducing the incorporated priors
about the aggregation. Viewing the resulting VLAD vector as a matrix V 2 R< � ; ,
each element+9–:2 R is computed as follows:

+9–:=
=X

8=1

%8–:� 58–: (4.5)

where 58–:corresponds to the : th dimension of f 8, with : 2 f 1– • • • – ;g.

Global token. To include global information about the scene not easily incor-
porated into local features, we also incorporate a scene descriptor 6 computed
as:

g = W62¹� ¹W61¹t=Ï 1º Ï b61ºº Ï b61 (4.6)

where t=Ï 1 is the global token from DINOv2. We then concatenate g with V
�attened. Following NetVLAD, we do an L2 intra-normalization and an entire
L2 normalization of this vector, which yields the �nal global descriptor.
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4.2 Experiments

To rigorously evaluate the e�ectiveness of our proposed contributions, we
conducted exhaustive experiments following standard evaluation protocols.

4.2.1 Implementation Details

We ground our training and evaluation setups on the publicly provided frame-
work by MixVPR 1. 1: https://github.com/

amaralibey/MixVPR
For the architecture , we opt for a pretrained DINOv2-B backbone, targeting a
balance between computational e�ciency and representational capacity. We
only �ne-tune the �nal 4 layers of the encoder, which signi�cantly enhances the
performance without markedly increasing training time. For the fully connected
layers, the weights of the hidden layers WB1, W 51 and W61 have 512neurons and
use ReLU for the activation function � . To optimize feature handling, we employ
a dimensionality reduction, compressing feature token dimensions from 3 = 768
to ; = 128, and the global to 256. We use< = 64clusters, resulting in a global
descriptor of size 128� 64Ï 256. We also report results with smaller descriptors,
with size 512Ï 32 (< = 15– ;= 32), and 2048Ï 64 (< = 32– ;= 64).

We train on GSV-Cities [33], a large dataset of urban locations collected from
Google Street View. Given the impressive representation power of DINOv2,
our pipeline achieves training convergence within just 4 epochs. Using a batch
size of 60 places, each represented by 4 images, the training is completed in 30
minutes on a single NVIDIA RTX 3090. We use the multi-similarity loss [74]
and AdamW [105] for the optimization, with an initial learning rate set to 6e� 5.
To ensure an e�ective learning rate, we linearly decay the initial rate at every
iteration so at the end of the training is 20%of the initial value. We use a dropout
rate of 0•3 on the score projection and dimensionality reduction neurons. As
our model is agnostic to the image input size (as long as it can be divided in
14 � 14patches), we evaluate on images of size322� 322but train on 224� 224
to speedup training time.

To validate our experiments and select the hyperparameters, we monitored the
recall in the Pittsburg30k-test [106]. We observed that, in the long run, most
con�gurations perform similarly, but rapid convergence on a few epochs is more
sensitive to the hyperparameters.

4.2.2 Results

We benchmarked our model against several single-stage baselines, namely
NetVLAD [5] and GeM [30] as two representative tradicional baselines, and
Conv-AP [33], CosPlace [6], MixVPR [29] and EigenPlaces [107] as the four most
recent and best performing baselines in the literature. The evaluation spanned a
diverse array of well-established datasets: MSLS Validation and Challenge [39],
which are comprised of dashcam images; Pittsburgh250k-test [106], featuring
urban scenarios; SPED [92], a collection from surveillance cameras; NordLand,
notable for its seasonal variations from images captured from the front of a train
traversing Norway; and SF-XL [6], a large urban dataset to evaluate VPR at scale.
We use Recall@k (R@k) as the metric for all our experiments, as it is standard
in related work. We use evaluation data and code from MixVPR [29], which
considers retrieval as correct if an image at less than25meters (or two frames
for Nordland) from the query is among the top-k predicted candidates.
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Table 4.1: Comparison against single-stage baselines. We compare DINOv2 SALAD against two popular baselines [5, 30] and the four
baselines that show best results in recent literature [6, 29, 33, 107]. Our slim version already obtains state-of-the-art results in all metrics. Our
full model outperforms all previous results by a signi�cant margin. Note, in particular, the large improvement in the most challenging
benchmarks, MSLS Challenge and NordLand. „ We reproduced GeM results training during 80 epochs following MixVPR training pipeline.

Method
MSLS Challenge MSLS Val NordLand Pitts250k-test SPED

Desc. size Latency (ms) R@1 R@5 R@1 R@5 R@1 R@5 R@1 R@5 R@1 R@5
NetVLAD [5] 32768 1.41 35.1 47.4 82.6 89.6 32.6 47.1 90.5 96.2 78.7 88.3
GeM [30]„ 1024 1.14 49.7 64.2 78.2 86.6 21.6 37.3 87.0 94.4 66.7 83.4
Conv-AP [33] 8192 1.22 54.2 66.6 83.1 90.3 42.7 58.9 92.9 97.7 79.2 88.6
CosPlace [6] 2048 2.59 67.2 78.0 87.4 93.0 44.2 59.7 92.1 97.5 80.1 89.6
MixVPR [29] 4096 1.37 64.0 75.9 88.0 92.7 58.4 74.6 94.6 98.3 85.2 92.1
EigenPlaces [107] 2048 2.65 67.4 77.1 89.3 93.7 54.4 68.8 94.1 98.0 69.9 82.9
DINOv2 SALAD 512 + 32 2.33 70.8 83.6 89.3 94.9 61.2 78.9 93.0 97.4 88.5 94.7
DINOv2 SALAD 2048 + 64 2.35 73.7 85.9 90.5 95.4 70.4 85.7 94.8 98.3 89.5 94.9
DINOv2 SALAD 8192 + 256 2.41 75.0 88.8 92.2 96.4 76.0 89.2 95.1 98.5 92.1 96.2

Table 4.2: Comparison against baselines with re-ranking. We compare our single-stage DINOv2 SALAD with methods that perform a
re-ranking stage to improve performance. Without using re-ranking, our DINOv2 SALAD outperforms all other methods while being orders
of magnitude faster and more memory-e�cient. Latency metrics obtained from [53] using a RTX A5000. Latency for DINOv2 SALAD was
computed using a RTX 3090. Memory footprint is calculated on the MSLS Val dataset, which includes around 18–000images.

Method
Desc. size

Memory (GB)
Latency (ms) MSLS Challenge MSLS Val

Global Local Retrieval Reranking R@1 R@5 R@10 R@1 R@5 R@10
Patch-NetVLAD [51] 4096 2826� 4096 908.30 9.55 8377.17 48.1 57.6 60.5 79.5 86.2 87.7
TransVPR [52] 256 1200� 256 22.72 6.27 1757.70 63.9 74.0 77.5 86.8 91.2 92.4
R2Former [53] 256 500� 131 4.7 8.88 202.37 73.0 85.9 88.8 89.7 95.0 96.2
DINOv2 SALAD (ours) 8192Ï 256 0.0 0.63 2.41 0.0 75.0 88.8 91.3 92.2 96.4 97.0

Table 4.3: Ablations . The �rst two rows correspond to two baselines in the literature [5, 28], the rest to di�erent aggregations appended to
DINOv2 including our DINOv2 SALAD. Note that only DINO NetVLAD, with a signi�cantly bigger descriptor size than ours, is able to
show competitive results. We outperform all the rest DINOv2 baselines of similar descriptor sizes by a large margin.

Method
MSLS Challenge MSLS Val NordLand Pitts250k-test SPED

Desc. size 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
ResNet NetVLAD [5] 32768 35.1 47.4 51.7 82.6 89.6 92.0 32.6 47.1 53.3 90.5 96.2 97.4 78.7 88.3 91.4
DINOv2 AnyLoc [28] 49152 42.2 53.5 58.1 68.7 78.2 81.8 16.1 25.4 30.4 87.2 94.4 96.5 85.3 94.4 95.4
ResNet SALAD 8192 57.4 70.8 74.9 83.2 89.5 91.8 33.3 49.6 55.8 91.4 96.9 97.9 75.0 86.7 89.8
ConvNext [108] SALAD 8192 63.9 75.2 80.1 85.5 92.4 94.5 47.8 64.3 70.3 93.9 97.9 98.8 83.5 90.9 92.9
DINOv2 GeM 4096 62.6 78.3 83.0 85.4 93.9 95.0 35.4 52.5 59.6 89.5 96.5 98.0 83.0 92.1 93.9
DINOv2 MixVPR 4096 72.1 85.0 88.3 90.0 95.1 96.0 63.6 80.1 84.6 94.6 98.399.3 89.8 94.9 96.1
DINOv2 NetVLAD 24576 75.8 86.5 89.8 92.4 95.9 96.9 71.8 86.5 90.1 95.6 98.7 99.3 90.8 95.7 96.7
DINOv2 NetVLAD (dim. red.) 8192 73.3 85.6 88.3 90.1 95.4 96.8 70.1 86.5 90.2 95.4 98.4 99.1 90.6 95.496.7
DINOv2 SALAD (ours) 8192 + 256 75.0 88.8 91.3 92.2 96.4 97.0 76.0 89.2 92.0 95.1 98.5 99.1 92.1 96.2 96.5
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As shown in Table 4.1, our model outperforms all previous methods on all
datasets and all metrics. Even the smaller 512Ï 32 version already surpasses
previous models with bigger descriptors on most datasets. It is worth highlight-
ing the metrics saturation observed in MSLS Val, Pitts250k-test and SPED, and
on the other hand the challenging nature of MSLS Challenge and NordLand.
The MSLS Challenge dataset, with its diversity, extensive size and closed labels,
and NordLand, with its extreme sample similarity and seasonal shifts, emerge
then as key benchmarks for assessing VPR performance. Although our DINOv2
SALAD shows a signi�cant improvement on all benchmarks, it is precisely in
MSLS Challenge and NordLand where we obtain the most substantial recall
increases, with Ï 7•6%–Ï 11•7% and Ï 17•6%–Ï 14•6% for R@1, R@5 respectively
over the second best.

For SF-XL, as shown in Table 4.4, our method also achieves the best results
to date. This is remarkable, considering that the previous state of the art was
trained on this dataset, whereas our method never used any image of San
Francisco when it was �ne-tuned.

In Table 4.2, we compare our DINOv2 SALAD method, which solely operates
on a single retrieval stage, against the leading two-stage VPR techniques. In this
comparison, we include the best performing models in the literature, namely
R2Former [53], TransVPR [52], and Patch-NetVLAD [51], which incorporate a
re-ranking re�nement. Note how our DINOv2 SALAD, despite being orders of
magnitude faster and smaller in memory, signi�cantly outperforms all these
two-stage methods on all benchmarks. This �nding not only highlights the
e�ciency of our model but also demonstrates the e�ectiveness of global retrieval
using our novel SALAD aggregation. Additionally, considering our method's
reliance on local features, we believe that a re-ranking stage could also be
applied, potentially increasing our recall metrics but at the price of a higher
computational footprint.

4.2.3 Ablation Studies

E�ect of DINOv2 . We assess the impact of the DINOv2 backbone and our
optimal transport aggregation SALAD separately. For this, we compare with
the existing baselines of ResNet NetVLAD or AnyLoc, this last one applying
a VLAD on top of a pretrained DINOv2 encoder. We integrate the DINOv2
backbone with various aggregation modules, obtaining a handful of performant
techniques that improve their respective previous results. As shown in Table 4.3,
all of these outperform the baselines, even though AnyLoc already uses DINOv2.
This validates the DINOv2's integration in end-to-end �ne-tuning to re�ne its
capabilities.

E�ect of SALAD . Our experiments in Table 4.3 show that aggregation also
matters. Even the recent MixVPR aggregation coupled with DINOv2 does not
match the performance of DINOv2 NetVLAD and DINOv2 SALAD. We believe
that the DINOv2 backbone is especially suitable for local feature aggregation, as
its features work remarkably well in dense visual perception tasks [54, 109, 110].

Method Desc. size SF-XL Test v1 SF-XL Test v2
CosPlace [6] 2048 76.4 88.8
EigenPlaces [107] 2048 84.1 90.8
DINOv2 SALAD 8192 + 256 88.6 94.8

Table 4.4: Results on SF-XL.
(R@1) Our DINOv2 SALAD
achieves unprecedented results
on SF-XL despite never seeing any
single image of San Francisco dur-
ing VPR �netuning.
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Model Dim. size # Params. Latency (ms) MSLS Val R@1
S 384 21M 1.30 90.5
B 768 86M 2.41 92.2
L 1024 300M 7.82 92.6
G 1536 1100M 24.93 91.7

Table 4.5: DINOv2 con�gura-
tions and performances.

Figure 4.3: Heatmap of local fea-
tures importance . Left images
show the original pictures, their
right counterparts represent the
weights not assigned to the `dust-
bin'. Note how the network learns
to discard uninformative regions
like skies, roads or dynamic ob-
jects, and instead focus on dis-
tinctive patterns in buildings and
vegetation. We attribute its focus
on distant buildings to their in-
variance to viewpoint change.

Although DINOv2 NetVLAD achieves comparable performance to SALAD,
it employs a descriptor almost three times as big. Besides, the generalization
performance of DINOv2 NetVLAD is limited, as observed in NordLand results.
We attribute this to NetVLAD's priors initialization with urban scenarios, which
constrain the convergence of the system. In our experiments we also trained a
slimmer DINOv2 NetVLAD version, whose features are dimensionally reduced
as described in Subsection 4.1.3, targetting a �nal descriptor of roughly the
same size as SALAD. In this fairer setup, DINOv2 SALAD clearly outperforms
DINOv2 NetVLAD. We also evaluate SALAD on top of ResNet and ConvNext
backbones, which improves over baseline ResNet NetVLAD but is signi�cantly
worse than using DINOv2. This indicates that SALAD is specially suited for
high spatial resolution features, like the ones from DINOv2.

E�ect of hyperparameters . DINOv2 comes in di�erent sizes that a�ect the
number of parameters, inference speed, and representation capabilities. As
shown in Table 4.5, more parameters do not always result in better performance.
Excessively big models might be harder to train or prone to over�tting the
training set. From these results, we chose the DINOv2-B backbone, which
exhibits a great balance between performance and size and speed. Regarding
descriptor size, we observed (Table 4.1) that changing< and ; allows to get
slimmer versions with competitive performance. For the number of blocks to
train, as shown in Table 4.6, �ne-tuning two or four block report the best results
without signi�cant computation overhead.

E�ect of SALAD components . In Table 4.6, we show how di�erent components
of our SALAD pipeline a�ect the �nal performance. Both the global token, which

Method
MSLS Val

R@1 R@5 R@10
DINOv2 SALAD (frozen) 88.5 95.0 96.2
DINOv2 SALAD (train 2 last blocks) 92.0 96.5 97.0
DINOv2 SALAD (train 4 last blocks) 92.2 96.4 97.0
DINOv2 SALAD (train 6 last blocks) 91.6 96.2 97.0
DINOv2 SALAD (train all blocks) 89.2 95.1 96.1
DINOv2 SALAD w/o dustbin 91.4 95.8 96.2
DINOv2 SALAD w/o global token 91.8 96.0 96.2
DINOv2 SALAD (Dual Softmax) 91.9 95.7 96.5
DINOv2 SALAD 92.2 96.4 97.0

Table 4.6: Ablation study of the
SALAD components.
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Figure 4.4: Illustration of feature-
to-cluster assignments. See at the
leftmost and rightmost part of the
�gure two di�erent views of the
same place. Framed by red and
blue squares we highlight two cor-
responding patches in each of the
images. The central part of the �g-
ure shows the feature-to-cluster
assignments for these patches.
Note how DINOv2 SALAD cor-
rectly assigns the features to the
same bins for both views, even
with di�erent local texture.

appends global information not captured in local features, and the dustbin,
which helps in distilling the aggregated features, contribute to the performance
of SALAD. We also trained a model using a dual-softmax [111] to solve the
optimal transport assignment, following LoFTR and Gluestick [3, 112]. Although
dual-softmax achieves only slightly worse performance, the Sinkhorn Algorithm
is theoretically sound and provides a better acronym to our method.

4.2.4 Introspective Results

We provide an introspection of our model's performance through a series of
illustrative �gures. Figure 4.3 visualizes the weights that are not assigned to
the `dustbin', o�ering insight into the parts of the input image that the network
considers informative. As the `dustbin' assignment is completely learnt by the
network, some discarded features might be counter-intuitive. However, we
observe that it typically removes dynamic objects and focuses on the most
distinctive and invariant parts of the image. In Figure 4.4, we display the
assignment distribution of patches from two di�erent images depicting the
same place. It demonstrates the model's ability to consistently distribute most
of the weights into the same bins for patches representing similar regions. Such
repeatable and consistent assignment across di�erent images of the same place
is crucial for the reliability and performance of the system. Finally, in Figure 4.5,
we showcase various query images alongside their respective top-3 retrievals
made by our system. DINOv2 SALAD is able to retrieve correct predictions
even under challenging conditions, such as severe changes in illumination or
viewpoint.
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Figure 4.5: DINOv2 SALAD
qualitative results at MSLS. The
left column shows several queries
and the three other ones shows
the top-3 candidates retrieved by
our DINOv2 SALAD. Candidates
are framed in green if they cor-
respond to the same place as the
query, and in red if they do not.
Note the correct retrievals under
seasonal, weather, viewpoint and
day-night changes. Note also a
challenging failure case in the last
row, due to non-discriminative
image content.

4.3 Conclusions and Limitations

In this chapter, we have proposed DINOv2 SALAD, a novel model for VPR that
outperforms previous baselines by a substantial margin. This achievement is
the result of combining two key contributions: a �ne-tuned DINOv2 backbone
for enhanced feature extraction and our novel SALAD (Sinkhorn Algorithm for
Locally Aggregated Descriptors) module for feature aggregation. Our extensive
experiments demonstrate the e�ectiveness of these modules, highlighting
the model's single-stage nature and exceptionally fast training and inference
speed.

While our work brings signi�cant improvements in performance, it is not
without limitations. Primarily, the adoption of DINOv2 as our backbone results
in slower processing speeds compared to ResNet-based methods. Besides,
although SALAD is a general aggregation module, its e�ectiveness is tied to the
choice of backbone. It excels with DINOv2, which o�ers high spatial resolution
features, but it is less suited for coarser features. Additionally, in SALAD we
use an optimal transport assignment in its simplest form. More sophisticated
constraints could improve the resulting assignment, a very relevant aspect for
our future work.
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