Deep Geometry-Prior for
Absolute Pose Regression

Shuai Chen

Linacre College

University of Oxford

A thesis submitted for the degree of
Doctor of Philosophy

Hilary 2025



To my famaly, for their unwavering support,
and to my daughter, Ling’Er, no boyfriend until 2040.



Abstract

Camera relocalisation, a core problem in computer vision and robotics, is crucial
for transformative technologies such as augmented reality, autonomous naviga-
tion, and 3D scene reconstruction. This thesis seeks to push the boundaries of
visual relocalisation by studying various methods of integrating geometric priors
into the end-to-end deep learning models, addressing three key aspects: training,
inference, and network architecture. By harnessing innovative methods, including
Neural Radiance Fields and 3D Gaussian Splatting, alongside map-relative pose
regression, the thesis contributes to more precise, efficient, and scalable solutions
for camera relocalisation.

The research introduces novel training paradigms that incorporate implicit 3D-
based direct photometric and feature-metric matching to absolute pose regression
(APR) models. Techniques such as Direct-PoseNet and DFNet enhance APR
performance through differentiable rendering.

The investigation then shifts to integrating 3D geometry at inference time,
proposing advanced post-processing methods like neural feature synthesis-based
pose refinement, uncertainty-aware hierarchical pose refinement, and efficient pose
refinement using 3D Gaussians and 3D foundation models. These frameworks
demonstrate significant improvements in pose estimation accuracy across various
benchmarks.

Finally, the thesis introduces a geometrically informed network architectural
design for APR, a map-relative pose regression framework that bridges the gap
between end-to-end deep networks with 3D structure-based methods, enabling

scalable and robust relocalisation in dynamic and unvisited environments.

Keywords — Camera Relocalisation, Absolute Pose Regression, Scene Coordinate Re-
gression, Direct Matching, NeRF, 3D Gaussians Splatting, Novel View Synthesis, Semi-

supervised Learning.
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Chapter 1

Introduction

Camera relocalisation is a fundamental problem in computer vision and robotics,
with widespread applications in augmented reality (AR), virtual reality (VR),
autonomous navigation, and 3D scene reconstruction. It involves estimating the
camera’s six degrees of freedom (6-DOF) pose relative to a known scene, which
includes both its position and orientation. Accurate pose estimation is essential for
modern intelligent systems to understand and interact with the 3D world. In AR
and VR applications, it anchors virtual content to the physical world in real time.
In autonomous robotic systems, it facilitates precise coordination between spatial
perception and action. In 3D reconstruction, it provides the spatial grounding
necessary for building coherent models of the environment.

Across these diverse applications, camera relocalisation indeed serves as the
backbone for spatial understanding, and its performance directly impacts the
reliability of downstream tasks. To solve this problem, various algorithms and
learning-based methods have been proposed, each with different trade-offs in terms
of accuracy, efficiency, and scalability. On one end of the spectrum lies the tra-
ditional approach that typically relies on establishing 2D-3D correspondences and

solving the pose using Perspective-n-Point (PnP) solvers [52, 57]. While effective,



these methods are relatively computationally expensive and often challenging to
deploy on resource-constrained devices.

At the other end of the spectrum, deep learning advances have introduced Ab-
solute Pose Regression (APR) techniques [79, 157], where neural networks predict
camera poses directly from RGB images. Despite offering advantages in efficiency
and deployment, APR methods often struggle with accuracy and generalisability.
A potential reason for this, as shown in previous studies [144, 15, 78], is that APR
networks lack explicit mechanisms for 3D geometric reasoning in their formulation.

This thesis focuses on closing the gap between deep-learning-based APR and
state-of-the-art camera relocalisation methods, by enabling APRs to better model
and leverage 3D scene structure. To this end, it introduces novel methods for
improving the training, inference, and architecture of APR-based camera relocal-
isation, leveraging emerging 3D scene representation techniques such as Neural
Radiance Fields (NeRF) [111, 56], 3D Gaussian Splatting (3D-GS) [80, 25, 51],
and dense scene geometry networks [155, 12, 11].

The first part! introduces improvements in APR’s training strategies by incor-
porating 3D supervision beyond the traditional 2D training pipeline. Specifically,
Chapter 3 and Chapter 4 propose two novel training schemes to integrate pho-
tometric and feature-metric direct matching into the APR training process. Fur-
thermore, these methods facilitate complementary training with unlabelled data,
which is particularly useful in real-world environments where ground-truth data is
scarce or expensive to obtain. These improvements enhance the accuracy of APR
without increasing computational complexity during inference.

The second part aims to improve accuracy via changes to the inference process.

Chapter 5 through Chapter 7 propose novel test-time refinement strategies that

ITo present our research within a coherent methodological framework, the main chapters
of this thesis are organised into four parts: Part I, focusing on the training of Absolute Pose
Regression; Part I, covering its inference process; Part I1I, addressing its architectural design;
and Part IV, summarising existing achievements and discussing future work directions.



yield results comparable to, and in some cases even surpassing, state-of-the-art
(SOTA) visual relocalisation methods. Chapter 5 presents a test-time refinement
pipeline leveraging customised neural feature fields. Chapter 6 introduces a hi-
erarchical refinement strategy that optimises computational efficiency for APR
test-time refinement. Finally, Chapter 7 details an advanced camera pose refine-
ment method that enhances both APR-based and non-APR relocalisation methods
by utilising 3D Gaussian-based representations and 3D foundation models.?

The third part proposes a scheme to integrate 3D geometry directly into APR
network architecture. To the best of our knowledge, this is the first work to ex-
plicitly incorporate 3D geometric principles into APR network design. Moreover,
state-of-the-art APR methods require prolonged training times, ranging from tens
of hours to several days, limiting their adaptability to new environments. Chap-
ter 8 introduces a novel APR framework that combines the advantages of 3D
geometry-based and end-to-end APR approaches, empowering APR with explicit
3D geometric reasoning. As a result, this framework enables deployment in un-
seen environments within minutes of mapping time while maintaining real-time
efficiency and end-to-end simplicity.

The research trajectory presented in this thesis emerged from a systematic
exploration of the accuracy-scalability-robustness trade-offs inherent in camera
relocalisation. As the field of APR evolved from isolated pose regression toward
integrating dense geometric representations, each stage of this work addressed
specific limitations identified in its predecessor. This progression transitioned from
enhancing APR training with implicit 3D priors to developing efficient inference-

time refinement frameworks leveraging NeRF and 3D Gaussian Splatting, and

2Throughout the development of Part I and Part II, our underlying scene representations
evolved from neural radiance fields to neural feature fields, and ultimately to 3D Gaussian Splat-
ting, improving rendering quality but remaining sensitive to scene scale, model capacity, and
initial pose accuracy. Detailed discussions on these constraints in challenging scenarios (e.g.,
city-scale, seasonal changes) are provided in Chapter 7 and Chapter 9.



ultimately culminated in the design of geometry-aware network architectures that
enable fast mapping to novel scenes. This methodological evolution reflects an
overarching strategy to bridge the gap between the high precision of geometric
methods and the end-to-end efficiency required for real-world deployment.

The remainder of this thesis is organised as follows: Section 1.1 lists the key
contributions of our research to the field of camera relocalisation, categorised into
geometric priors in training, inference, and network architecture. Section 1.2 pro-
vides a thesis outline, and Section 1.3 presents a comprehensive list of related

publications.

1.1 Key Contributions

This thesis contributes to the field of camera relocalisation by introducing novel
methodologies that advance state-of-the-art APR techniques. It addresses key
challenges in facilitating the use of geometric priors in training, inference, and
network architecture, proposing solutions that improve accuracy, efficiency, and
generalisability. Specifically, 3D geometric priors® encapsulate fundamental spa-
tial constraints and relationships inherent in three-dimensional environments, such
as depth consistency and scene rigidity, which have potentials to enhance an APR
network’s ability to model real-world structures. This thesis demonstrates that
integrating 3D geometric priors improves the performance of APR, effectively ad-
dressing key weaknesses of existing APR approaches. The following sections list

each contribution with respect to these challenges.

3In this thesis, we refer 3D geometric priors as representations of 3D scene structure (explicit
or implicit) that assists or regularises pose prediction.
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1.1.1 Geometric Priors in Training

While APR methods offer computational efficiency, they often overlook 3D ge-
ometric principles in their feed-forward formulation and struggle to generalise
beyond training data [144]. Aiming to address this issue, Chapter 3 presents
Direct-PoseNet, which combines an APR network with a differentiable novel view
synthesiser based on volumetric rendering, achieving improved accuracy through
photometric supervision. Additionally, this framework enables the utilisation of
unlabeled images to further refine camera pose estimation.

Building upon this foundation, Chapter 4 introduces DFNet, which replaces the
photometric formulation with a robust direct feature-metric matching approach.
This design mitigates challenges posed by photometric inconsistencies, which are
frequently seen in visual relocalisation scenarios, and thereby improves pose re-
gression performance.

In summary, Chapter 3 and Chapter 4 propose two training frameworks that
incorporate direct photometric and feature-metric supervision, advancing the ro-

bustness and accuracy of APR-based relocalisation methods.

1.1.2 Geometric Priors in Inference

State-of-the-art visual relocalisation methods often employ geometric refinement
during test time to enhance accuracy. However, end-to-end approaches such as
APR traditionally lack mechanisms to incorporate 3D geometry at inference, lim-
iting their ability to refine poses dynamically. Existing APR efforts that explored
test-time refinement often show limited effectiveness due to reliance on coarse con-
straints or suboptimal optimisation strategies [115, 15, 154].

To address these challenges, this thesis introduces a novel inference pipeline

designed to integrate APR with implicit geometric constraints during test time.
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Chapter 5 details the design and implementation of a neural feature field named
NeFeS. We demonstrate that NeFeS enables substantial performance improvements
for any existing APR method at test time, bridging the gap between APR efficiency
and the geometric reasoning capabilities of traditional methods.

While test-time refinement is a promising avenue for improving APR accuracy,
it inevitably introduces additional computational overhead. To mitigate this, we
propose two solutions. The first, detailed in Chapter 6, leverages hierarchical
refinement through uncertainty estimation. Observing that not all estimated poses
have equal reliability, we develop an implicit database to store prior knowledge
and precompute confidence estimates for pose regression, thereby optimising the
refinement process.

The second approach, presented in Chapter 7, extends the NeFeS framework
by introducing GS-CPR, a novel pose refinement method based on 3D Gaussian
Splatting [80] and the 3D foundation model Mast3R [88]. This design enhances
efficiency and scalability, achieving state-of-the-art results across multiple bench-
marks compared to both APR-based and geometry-based relocalisation methods.

In summary, Chapter 5 details the development of NeFeS, offering a solution
that integrates implicit geometric reasoning into the APR’s testing framework.
Chapter 6 addresses the computational overhead of test-time refinement by in-
troducing a hierarchical approach with uncertainty estimation. Chapter 7 further
enhances the efficiency and scalability of NeFeS through 3D-GS and 3D foundation

models.

1.1.3 Geometric Priors in Network Architecture

Our work on applying geometric priors with test-time refinement has demonstrated
substantial improvements in pose estimation accuracy. Nevertheless, state-of-the-

art APR methods require vast amounts of training data and prolonged training
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times, often ranging from tens of hours to several days. Moreover, the entire train-
ing process must be repeated for every new environment because the traditional
APR model is trained specifically for a single scene. These factors make APR
highly inefficient for large-scale deployment, particularly in dynamic or previously
unseen environments where adaptability is crucial.

To address these challenges, Chapter 8 introduces map-relative pose regression
(marepo), a framework that builds on the principles of APR but integrates scene-
specific geometric priors. By leveraging a transformer-based pose regressor trained
across hundreds of scenes, marepo learns a generic mapping between scene-specific
representations and camera poses. As a result, the pose regressor can be applied to
new map representations immediately or after mere minutes of fine-tuning, making

it one of the most scalable APR frameworks available today.

1.2 Thesis Outline

This thesis is organised in an integrated thesis style?, in which the bulk of some
chapters (Chapter 3 — Chapter 8) are presented in the format as when they were
originally published.

The outline of the thesis is as follows. Chapter 2 provides a literature review
of relevant works. Chapter 3 to Chapter 8 present our main research outcomes,
each corresponding to an accepted publication as mentioned in Section 1.1. Fi-
nally, Chapter 9 concludes the research achievements presented in this thesis and

discusses the future direction of the work.

4https:/ /www.mpls.ox.ac.uk/graduate-school /information-for-postgraduate-research-
students/submitting-your-thesis/guidance-for-submitting-an-integrated-thesis
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Publications Not Included

During my DPhil T also contributed to the following publications. We do not

include them since they are only loosely connected to this thesis.

= “Deep Online Video Stabilization using IMU Sensors”. Chen Li,
Li Song, Shuai Chen, Rong Xie, Wenjun Zhang. In IEEE Transactions on
Multimedia (TMM), 2022.

Abstract: Real-time and data-driven video stabilization using IMU sensors.

= “When LLMs step into the 3D World: A Survey and Meta-Analysis
of 3D Tasks via Multi-modal Large Language Models”. Xianzheng
Ma®*, Yash Bhalgat*, Brandon Smart*, Shuai Chen, Xinghui Li, Jian Ding,
Jindong Gu, Dave Zhenyu Chen, Songyou Peng, Jiawang Bian, Philip Torr,
Marc Pollefeys, Matthias Niefiner, lan D Reid, Angel X. Chang, Iro Laina,
Victor Adrian Prisacariu. In arXiv preprint: 2405.10255, 2024
Abstract: A survey paper that provides a comprehensive overview of the

methodologies enabling LLMs to process, understand, and generate 3D data.

= “Scene Coordinate Reconstruction: Posing of Image Collections
via Incremental Learning of a Relocalizer”. Eric Brachmann, Jamie
Wynn, Shuai Chen, Tommaso Cavallari, Aron Monszpart, Daniyar Tur-
mukhambetov, Victor Adrian Prisacariu. In Furopean Conference on Com-
puter Vision (ECCV Oral Presentation), 2024
Abstract: A novel learning-based structure-from-motion (SfM) method using

scene coordinate regression.

5*Equal First Author Contribution.
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Chapter 2

Literature Review

This chapter presents a review of the literature surrounding the problem of visual
relocalisation (Section 2.1), with an exploration of its key approaches and advance-
ments. Moreover, it provides overviews for novel view synthesis (Section 2.2),
which is highly relevant to the contributions of this thesis. As this review is fo-
cused on the literature directly relevant to our work, we refer readers to more
comprehensive surveys on visual relocalisation in [127, 157] and Section IV of [24],

and on novel view synthesis in [156, 166, 39, 37].

2.1 Visual Relocalisation

Over the years many efforts in the literature have tackled the problem of visual
relocalisation, and we have seen a rough demarcation of the types of approach into
two main fields: the more traditional approaches, relying on geometric concepts
and the estimation of correspondences between images and maps; and the more
recent “direct” approaches, relying on neural networks to predict the absolute po-
sition and orientation of the image without an intermediate, explicit, matching

step linking the 2D image realm with a 3D map of the scene. As illustrated in
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Figure 2.1: Overview and taxonomy of mainstream visual relocalisation paradigms.
The figure illustrates three distinct technical routes for visual relocalisation: (a)
Classical feature correspondences; (b) Scene coordinate regression; and (c¢) Abso-
lute pose regression.

Fig. 2.1, these paradigms represent distinct trade-offs between accuracy, compu-
tational complexity, and inference speed. In the following sections (Section 2.1.1
and Section 2.1.2), we briefly explore the main approaches in each category.

We remind our readers not to confuse the task of visual relocalisation with
other related visual localisation tasks, such as Structure from Motion (SfM) [122]
and Simultaneous Localisation and Mapping (SLAM) [112]. While these tasks
share common objectives and some methodologies for estimating camera poses
from image data, visual relocalisation specifically aims to determine camera po-
sitions within a pre-defined global coordinate system, typically within an already
mapped environment. In contrast, STM usually operates offline on unordered image
collections to reconstruct 3D structures and camera poses simultaneously, typically
without real-time constraints. SLAM, on the other hand, incrementally estimates
camera poses and simultaneously builds maps from scratch in real-time while nav-

igating previously unknown environments.
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2.1.1 Geometry-Based Visual Relocalisation

Geometry-based approaches rely on estimating correspondences between pixels in
the query images and points in the scene’s map. These correspondences effectively
establish a 2D-to-3D matching that can be exploited by pose-solving methods such
as PnP/RANSAC [57, 52] to compute the pose of the camera at the moment it

captures the image.

Classical Feature Correspondences

There are several ways to estimate those correspondences. Classical approaches
typically employ off-the-shelf detectors and descriptors, such as SIFT [105], SURF [6],
or ORB [136], to match query image pixels directly to a pre-built 3D point
cloud database generated by offline SfM [142, 143, 19, 71]. More recently, ad-
vanced neural-based methods have been developed, employing learned descrip-
tors [135, 184, 41, 45, 134, 170], improved matchers [138, 164, 95, 26, 99, 3, 46, 47]
and different map representations to estimate better correspondences from more
challenging images or viewpoints [137, 107, 139, 123].

These approaches leverage the underlying geometric principles governing im-
age formation and capture, yielding accurate pose estimations with low errors,
often in the order of a few centimetres. One effective approach is to rely on the
image retrieval method [1, 2, 140, 168, 178, 186, 62] to retrieve the most similar
reference images from a pre-built database and establish the feature correspon-
dences from the query images to the reference images to approximate camera
poses [143, 165, 137, 139]. Alternatively, more direct methods [141, 73, 102, 59]
skip explicit retrieval, directly associating query descriptors with descriptors of 3D
points stored in the pre-built map.

However, these classical feature correspondences-based methods are not with-

out drawbacks: they generally require the creation of an explicit map (e.g., in the
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form of a 3D point cloud created via SfM) of the scene ahead of time in order to
associate the descriptors to 3D coordinates, and that is typically time-consuming
and storage memory demanding when large-scale scene reconstruction is needed.
Secondly, due to their explicit, multi-stage pipelines, they typically struggle to
achieve real-time performance. The methods are also sensitive to the quality of
other components in the pipeline, such as image retrieval, where inaccurate re-

trieval can significantly degrade pose estimation accuracy.

Scene Coordinate Regression

In recent years, a new approach to geometry-based relocalization became promi-
nent: scene coordinate regression (SCR). In this scenario, the map of the scene
is directly encoded in a fixed-size set of weights of a neural network. At localisa-
tion time, the query image is passed through the network, yielding per-pixel scene
coordinates that can be directly used by a pose solver to estimate the camera
pose [12, 13, 182, 14, 94, 43, 11]. While effective, these methods have typically
required training a new network for every new target scene, potentially taking
several hours [14], thus hindering their large-scale application.

Recently, an approach to scene coordinate regression that can take mere min-
utes to be trained for every scene was presented in [11], making practical deploy-
ment of SCR networks a possibility. As the correspondence-based methods men-
tioned above, coordinate regression approaches are also very accurate by relying
on geometric information on the structure of the scene. Nevertheless, scene coor-
dinate regression methods still require an explicit stage where a pose solver must
process the correspondences generated by the method to estimate the camera pose.
Conversely, Absolute Pose Regression methods, which constitute the primary fo-
cus of this thesis, do not have this requirement since the regressor network can go

directly from image to pose in an end-to-end fashion.
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In Chapter 8, we present an approach that belongs to the family of end-to-end
APR methods. However, it also draws inspiration from SCR by using predicted
scene coordinates as an intermediate representation. Unlike traditional SCR, in-
stead of relying on a separate pose solver like in SCR, we employ a transformer-
based regressor to estimate the pose directly, combining the strengths of both SCR

and APR within a unified framework.

2.1.2 Absolute Pose Regression

Absolute Pose Regression approaches have also garnered notable attention, primar-
ily due to their simplicity and efficiency. These methods directly predict camera
poses via end-to-end neural networks and typically only require a few milliseconds
to infer using a low-end consumer-level GPU (i.e., GTX 1080), thus being the
current fastest visual relocalisation method.

Kendall et al. introduced the first APR model, PoseNet [79, 77, 78], where
a feed-forward neural network directly regresses a 7-dimensional pose vector for
every query image. Successive works explore diverse architectural designs such as
hourglass networks [109], bifurcated translation and rotation regression [179, 117],
attention layers [173, 152, 153, 154], and LSTM layers [172]. Like scene coordinate
regression methods, APR approaches implicitly encode the map of the scene to a
fixed set of weights regardless of the map size. One notable feature of the APR
method, as illustrated in its pioneering work [79], is its robustness to low-quality
queries such as motion blurs.

However, the performance of existing APR is still far behind other relocali-
sation approaches utilising geometric principles, typically of at least one order of
magnitude in precision. We believe that the root cause is that the traditional APR
formulation lacks an effective means to fuse 3D-based geometry-based priors and

is prone to overfitting the training set [144]. Since the majority of the works in this
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thesis focus on enhancing APR approaches, we present existing efforts to improve
APRs in several aspects in the following sub-sections. For the sake of a thorough
overview of this domain, we also include some of our publications presented in this

thesis.

Loss Function and Optimisation

Balancing translation and rotation losses during network training is a critical chal-
lenge in APR. Kendall and Cipolla [78] addressed this by introducing learnable
weights and a reprojection loss, incorporating some scene geometry into the train-
ing. Some works explore using different rotation representations, such as quater-
nion [79], 6D [194] or 9D [89] rotation representations.

Other research efforts attempt to improve APR performance with different
optimisation strategies, such as relative pose constraints [15], uncertainty aware-
ness [78, 115], multi-scene training [10, 152, 87], or a sequential formulation like
temporal filtering [36, 115] and multitasking [131]. MapNet [15] trains the network
using both absolute pose loss and relative pose loss, but can infer in a single-frame
manner. Our work in Chapter 3, Direct-PoseNet, uses photometric losses inspired
by direct matching [72, 161, 119, 50, 128, 49, 147] in visual odometry to refine
pose estimates through RGB differences. Several follow-up works [30, 98, 192, 70],
including DFNet (Chapter 4 of this thesis), have replaced photometric losses with

more robust feature-metric supervision.

Semi-Supervised Learning

Semi-supervised methods such as MapNet [15] and Direct-PoseNet [31] aim to
reduce dependency on labelled datasets. Rather than training only on images
with ground-truth pose annotation, MapNet proposes to train on unlabelled video

frames by adding pairwise geometric constraints between video frames using ad-
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ditional VO algorithms [49, 50]. Direct-PoseNet (Chapter 3) also adopts a similar
paradigm of leveraging additional unlabelled data, and finetunes the trained net-
work using images from arbitrary viewpoints, by minimising the photometric loss
between the rendered and unlabelled images. Both MapNet and Direct-PoseNet

prove that these approaches enhance robustness and generalisation, and subse-

quent works like DFNet (Chapter 4) and PMNet [98] follow this school of thought.

Uncertainty Estimation

Recent APR studies incorporate uncertainty estimation to quantify the reliability
of pose predictions and enhance robustness. Bayesian PoseNet [77] introduced
Monte Carlo dropout, approximating uncertainty through multiple pose hypothe-
ses, while AD-PoseNet [69] uses prior-guided dropout to derive a pose distribution.
CoordiNet [115] complements these methods by learning heteroscedastic uncer-
tainty and refining poses with an Extended Kalman Filter. Deng et al. [40, 18]
and Zangeneh et al. [187] use pose distributions to represent uncertainty. These
uncertainty-aware (UA) APR approaches have been proven to be effective during
both training and inference, particularly in smoothing trajectories for long-term
tracking. However, they often increase computational overhead [77, 69], require
hyperparameter tuning [18], and fail to match the pose accuracy of most recent
non-uncertainty-aware (non-UA) methods. In contrast, our work in Chapter 6
proposes a lightweight uncertainty estimation module aiming to assist the state-
of-the-art APR pose refinement method with minimum computational overhead
(under 6 milliseconds) and without altering the original APR architecture or train-

ing schemes.
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Novel View Synthesis-based Data Augmentation

Novel View Synthesis (NVS) can be beneficial to the visual relocalisation task. For
example, NVS can expand the training space by generating synthetic data. Purkait
et al. [130] propose a method to generate realistic synthetic training data for pose
regression by leveraging the 3D map and the feature correspondences. However,
this method relies on a precomputed reconstructed 3D map, which is not uni-
versally available and may often require a long time to reconstruct. LENS [114]
deploys a NeRF-W-inspired model [108], which can be viewed as an implicit re-
placement for the explicit 3D map, to sample the scene boundaries and synthesise
virtual views with uniformly generated virtual camera poses. LENS is limited by
its costly off-line computation efficiency and the inherent domain gap between syn-
thetic and real images, e.g., caused by changes in illumination, dynamic objects,
or artefacts. Building on this idea, DFNet (Chapter 4) uses a customised NeRF
to generate realistic exposure changes in view synthesis, beginning to address the
domain adaptation problem between synthetic and real images. It is important
to note that using NVS as an effective data augmentation tool has an impact be-
yond APR approaches, for example, in SCR [27, 17] and visual-inertial odometry
(VIO) [65].

2.2 Novel View Synthesis

Novel View Synthesis aims to generate new views of a scene from a limited set
of input views. Early methods treated this task as image-based rendering (IBR),
relying on interpolation or extrapolation techniques to fill in missing viewpoints
from existing images [28]. Such techniques often required dense sampling of the
scene [63, 90, 16] or the creation of explicit proxy geometries [149]. The advent

of multi-view stereo [150, 83, 61, 55, 146] and structure-from-motion-based ap-
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proaches [104, 167, 66, 160, 145] enabled more robust 3D reconstructions, providing
a stronger geometric basis for NVS [22, 197, 48, 67, 82].

However, classical NVS pipelines frequently suffer from artefacts due to erro-
neous depth maps or incomplete geometry, especially in regions with insufficient
feature correspondence or occlusions [38]. To tackle these issues, learning-based
techniques and implicit 3D representations [33, 110, 124, 159] were later intro-
duced, serving as critical stepping stones for more recent NVS methods. Building
on these advancements, methods such as Neural Radiance Fields and 3D Gaussian
Splatting have emerged and led significant progress in this field.

Since NeRF and 3D-GS are the most relevant NVS approaches to the works
presented in this thesis, we will focus our review on these two methods in the
following sections. For a more comprehensive review of other NVS techniques, we

refer to the surveys cited at the beginning of Chapter 2.

Neural Radiance Fields and Neural Feature Fields

Recent research in Neural Radiance Fields (NeRF) [111, 108, 190, 177, 96, 129, 148,
120, 132, 125, 180, 9, 8, 4, 5] led to a major paradigm shift for NVS by enabling
the learning of continuous, implicit 3D volumetric representations directly from
sparse sets of input images. By employing multi-layer perceptrons (MLPs) to
encode colour and density as a function of 3D coordinates and viewing direction,
NeRF can produce highly photorealistic renderings through differentiable volume
rendering techniques.

Building upon NeRF, subsequent studies have extended the model beyond the
RGB space to operate directly in feature space. Recent extensions of NeRF predict
and render feature fields in addition to the traditional density and appearance
fields. These feature fields are typically learnt using supervision from a 2D feature

extractor and are integrated into the volumetric rendering framework. Studies such
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as [169, 81, 7] demonstrated that these 3D feature fields outperform conventional
2D baselines [21, 91, 34] in downstream tasks such as 2D object retrieval and
3D segmentation. Additionally, CLIPFields [151] has introduced feature fields as
scene memory for applications like robot navigation.

Our work in Chapter 3 and Chapter 4 is among the first to design NeRF-based
models specifically tailored for training APRs. In Chapter 5 and Chapter 6, we
further extend this line of research by applying a customised NeRF to support

test-time pose refinement.

Inverting NeRF

Inverting NeRF for camera pose estimation has emerged as a popular research
area, aiming to leverage NeRF’s capabilities for determining camera positions and
orientations. The intuition is that each camera pose in NeRF corresponds to a
unique scene rendering, thus enabling the inverse mapping for pose estimation.
Yen-Chen et al. [183] introduced iNeRF, a framework that inverts a pre-trained
NeRF model for pose estimation. Starting with an initial pose, iNeRF iteratively
refines the pose by minimising the residual between rendered pixels from the NeRF
model and observed image pixels through gradient descent. However, this approach
requires iterative optimisation for each test image and is constrained to specific
scenarios. The concurrent work Direct-PoseNet [31] demonstrated that an inverted
NeRF can be applied to assist in the training of the APR network. NeRF—— and
BARF [177, 97] advanced the concept by proposing joint optimisation strategies,
where camera poses are treated as learnable parameters during the training of
NeRFs in non-360° scenes. These methods provide a theoretical framework for
effectively utilising NeRF's for pose optimisation.

Follow-up works, such as NICE-SLAM and iMAP [196, 162], utilise NeRF for

dense geometry and real-time camera tracking. DFNet and PMNet [30, 98] extend
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Direct-PoseNet with robust feature metric matching to adapt to the real exposure
change in view synthesis.

Despite these advancements, challenges remain to improve convergence speed
and accuracy. For example, NeRF-based pose estimation methods often rely on
time-consuming iterative rendering and pose updates, leading to slow convergence
and limited accuracy. Although our work in Chapter 5 further improves 59%-+
accuracies comparing to previous APR SOTA by applying neural feature fields to
the post-processing stage, NeRF-based pose estimation methods still suffers from
long refinement runtime, and face difficulties in surpassing results compare to the
best of SCR-based methods. In Chapter 6, we propose a new hierarchical pose
refinement framework, HR-APR, to speed up the camera pose refinement speed by
up to 27.4%, but the average runtime of each query is still in the range of several
seconds on a high-performance GPU. Other NeRF-based methods like FQN [60],
CrossFire [113], NeRFLoc [100], and NeRFMatch [193] improve pose estimation
accuracy by establishing 2D-3D matches but require specialised feature extractors

and suffer from slow rendering and quality issues.

3D Gaussian Splatting and Inverting 3D-GS

Although accelerating NeRF's [101, 118, 58, 133, 185, 23, 116, 53, 163, 32] has be-
come an active research area in the 3D vision community, many of these approaches
require trade-offs between rendering quality and computational efficiency. In con-
trast, 3D Gaussian Splatting [80, 106, 86] has emerged as a competitive alternative,
offering both high-quality rendering and efficient speed.

The efficiency of 3D-GS comes from its unique representation. 3D-GS extends
traditional point cloud representations by associating each point with additional
attributes that model the radiance emitted in the surrounding spatial region using

anisotropic 3D Gaussian “blobs”. These 3D Gaussians are typically initialised
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from SfM point clouds [145], and optimised using differentiable rendering. 3D
Gaussian Splatting achieves the state-of-the-art NVS result at a fraction of NeRF
computation using efficient rasterisation [84].

Similarly to inverting NeRF methods, inverting 3D-GS also demonstrates a
positive impact on pose estimation. By replacing NeRF with 3D-GS, pose estima-
tion methods can render highly detailed images with minimal computation. This
dramatically improves the usability of renderer-based visual localisation. Several
methods [54, 75, 93] explore efficient 3D-GS reconstruction with unposed images.
[85] integrates 3D-GS into the Structure-from-Motion framework. [76, 68, 126, 188,
64] develop 3D-GS-based SLAM system.

Our work in Chapter 7, along with several other concurrent and follow-up
studies [74, 121, 158, 35, 195, 189, 70], is among the first to employ 3D-GS in
relocalisation pipelines. Compared to concurrent work, our proposed method con-

sistently achieves SOTA accuracies across multiple benchmarks and works on top

of APR and SCR-based methods.
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Chapter 3

Direct Photometric Matching

with NeRF

This chapter begins to address the limitations of Absolute Pose Regression-based
visual relocalisation methods, which typically suffer from limited accuracy, poor
generalisation, and a heavy reliance on large volumes of labelled image-pose pairs.
These constraints hinder their applicability in real-world applications. For exam-
ple, generating such labelled data often requires computationally intensive methods
like SEM. Meanwhile, unlabelled images, which are frequently available in practical
scenarios, remain underutilised.

To overcome these limitations, we introduce Direct-PoseNet, a novel train-
ing pipeline that integrates 3D geometric reasoning via photometric supervision.
Specifically, the method incorporates a NeRF-based differentiable rendering mod-
ule, enforcing photometric consistency between observed and rendered views of a
scene during training. This supervision complements traditional pose regression
loss, enabling the network to implicitly encode geometric constraints and improve
localisation accuracy.

Upon its publication at the 2021 International Conference on 3D Vision,
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Direct-PoseNet achieved state-of-the-art APR performance on benchmark datasets,
including 7-Scenes and LLFF. Ablation studies demonstrate that photometric su-
pervision and semi-supervised learning are the key factors driving these improve-
ments. To the best of our knowledge, Direct-PoseNet is the first method to demon-

strate that a differentiable renderer can enhance pose regression performance.
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Abstract

We present a relocalization pipeline, which combines an
absolute pose regression (APR) network with a novel view
synthesis based direct matching module, offering superior
accuracy while maintaining low inference time. Our con-
tribution is twofold: i) we design a direct matching module
that supplies a photometric supervision signal to refine the
pose regression network via differentiable rendering; ii) we
show that our method can easily cope with additional unla-
beled data without the need for external supervision such as
traditional visual odometry or pose graph optimization. As
a result, our method achieves state-of-the-art performance
among all other single-image APR methods on the 7-Scenes
benchmark and the LLFF dataset.

1. Introduction

Camera localization is a classical problem in computer
vision and robotics. It is a core component for many appli-
cations such as virtual and augmented reality, indoor navi-
gation systems, and autonomous driving. A typical visual-
based localization algorithm is designed to determine the
camera’s 6-DOF positions and orientations from taking as
input an RGB or RGB-D image.

The classical approach to solve this problem is built upon
finding 2D-3D correspondences [2, 3, 5, 47, 48, 51, 55] be-
tween 2D image position and 3D points in space. Then an
n-point pose (PnP) solver is applied to the 2D-3D matches
inside a RANSAC [4, 8, 12, 44] loop. Traditionally, 2D-
3D matches can be found using local feature descriptor
matching, and many approaches require depth or structure-
from-motion (SfM) reconstruction to build robust 3D ge-
ometric correlations [46, 48]. Recent methods use ma-
chine learning to regress 3D scene coordinates from im-
age patches [2, 3, 5, 51] directly. Overall, 3D structure-
based methods still achieve state-of-the-art (SOTA) accu-
racy, as discussed by Sattler et al. [49]. However, the pres-
ence of highly accurate depth images or SfM models is
not universally available in real-life applications, especially
for many consumer-grade devices such as smartphones or

tablets. Most deep 3D structure-based methods are com-
putation resources intensive and cannot easily achieve real-
time inference with SOTA accuracy constraints.

Another line of approaches is deep learning-based pose
regression [0, 20, 21,22, 30, 35,43, 59, 58, 61], also known
as absolute pose regression (APR). These approaches pro-
pose to train a scene-specific deep neural network to predict
6-DoF camera pose relative to a scene directly from im-
ages. Despite obtaining inferior performances in localiza-
tion benchmarks, it has gained popularity due to its high
efficiency and simplicity by learning the full localization
pipeline in a Convolutional Neural Network (CNN). The
end-to-end approach has several appealing features com-
pared to 3D structure-based methods: (1) most APR algo-
rithms display great portability for commercial deployment
at applications where fast and reliable performance is cru-
cial. For example, the groundwork PoseNet [22] runs its
entire process in less than 6ms. (2) the CNN only requires
RGB images input and does not rely on depth maps or StM
reconstructions, which is less hardware constrained. (3) it
keeps a low memory footprint in megabytes regardless of
scene sizes.

Despite these benefits, drawbacks of the APR method
are also apparent. It is known to be prone to overfit the
training set and significantly less accurate than structure-
based methods, as shown in Sattler et al. [49] and Shavit et
al. [52] . Both studies suggest that scene geometry is key for
obtaining accurate pose estimation. Prior efforts have tried
to add geometric constraints by finding relative pose [, 6,

, 58] or using reprojection error [21]. Nevertheless, it is
clear that existing single image APR solutions are not yet
able to compete with structure-based methods.

We address the problem of single-image APR by intro-
ducing direct matching supervision inspired by direct Visual
Odometry (VO) approaches [10, 11]. The key intuition is
that the predicted pose error is inversely proportional to the
visual similarity between the query image and a rendering
of the 3D scene of the relocalized pose. The proposed APR
framework improves pose regression using direct matching
supervised by the photometric similarity between the input
query image and the rendered image of the scene using the



predicted pose. In the testing stage, our method runs like a
standard APR method without extra computational cost. To
our knowledge, this paper is the first camera pose regression
method to use direct matching/photometric supervision. We
summarize our contributions as follows:

* We introduce a novel camera relocalization pipeline con-
sisting of a pose regression network and a direct match-
ing module such that network learning is supervised by
not only the traditional pose regression loss, but also a
photometric loss.

* We show how unlabeled images can be leveraged using
photometric loss in the direct matching module to further
improve the pose regression performance without extra
supervision, such as relative pose constraints.

With contributions above, our method achieves state-of-the-
art performance in single-image APR on 7-Scenes bench-
mark and LLFF dataset.

This paper is organized as follows: we introduce exist-
ing APR methods and other related work in Section 2. Our
relocalization pipeline is detailed in Section 3, with experi-
mental results and analysis discussed in Section 4. Section 5
concludes our work.

2. Related Work

Absolute Pose Regression Absolute pose regression
methods typically require a CNN classifier that has been
pre-trained from the image classification dataset. It then
uses transfer learning to fine-tune the feature extractors to
regress the camera pose from one or more given image se-
quences. To get a thorough review in this area, the interested
reads is refered to Sattler et al. [49].

The common practice in this area is introduced by
PoseNet [22]. A simple pose regressor can take an arbi-
trary RGB image as the input and learn to regress the cor-
respondent camera position and orientation. Successors of
PoseNet focus to improve the framework in several aspects.
[30, 59, 61] seek to enhance network architectures. LSTM
PoseNet [59] combines LSTM with CNN to reduce feature
dimensions for pose regression. Hourglass PoseNet [30]
adapts an encoder-decoder style backbone. BranchNet [61]
uses a multi-task CNN where low-level common features
are extracted before splitting the network into two sepa-
rate branches to predict the camera position and orienta-
tion. Kendall and Cipolla [21] proposed learnable weights
to sidestep hyperparameter tunning that balances the trans-
lation and rotation loss in PoseNet. Besides learning the
optimal weight between losses, they attempt to leverage
scene geometry for pose regression by formulating a repro-
jection error between the ground-truth pose and predicted
pose. While we share the same insight that geometry would
help pose regression, we differ from theirs in that 1) the

scene geometry is implicitly represented in a novel view
synthesis-enabled direct matching module; 2) we introduce
a dense pixel-level photometric supervision.

Unlabeled training in APR Rather than only training on
images with ground-truth pose annotation, MapNet [0] is
able to train on unlabeled video frames by adding pair-
wise geometric constraints between video frames using ad-
ditional VO algorithms [10, 11]. During inference, it can
utilize pose graph optimization (PGO) for post-processing
to further boost the performance. We also recognize the im-
portance of using additional unlabeled data in this work.
However, instead of acquiring constraints from an addi-
tional VO algorithm or PGO, which assumes video frames
are available, our method can train on images from arbitrary
viewpoints by minimizing the photometric loss between the
rendered images and the input images.

Direct Matching for Motion Estimation Direct match-
ing methods or direct methods refer to the commonly used
methods to recover camera motions by directly measuring
image intensities [ 18] in VO and simultaneous localization
and mapping (SLAM) systems. In contrast to the feature-
based methods [9, 19, 24, 25] that minimize reprojection
errors based on corresponding features among frames, di-
rect methods exploit all information in the image and re-
cover camera motions by minimizing the photometric er-
ror. Compared to feature-based methods, direct methods
are often more reliable in sparse textured environments and
do not have feature extraction operations to add in com-
putation costs. DTAM [36], REMODE [42], and LSD-
SLAM [! 1] employ dense reconstruction using direct meth-
ods. SVO[13, 14] proposes a hybrid approach to implement
direct VO motion estimation at the SLAM frontend and
uses feature-based methods in the backend mapping thread.
DSO [10] further proposes a sparse and direct method. This
paper is partly inspired by direct methods and adopts photo-
metric supervision in training the pose regression network.
However, our method is different from direct VO methods
in several aspects. First, our method does not compute pho-
tometric errors based on image intensities but RGB differ-
ences. Second, our method provides absolute pose estima-
tion using a single image, but the methods above are de-
signed to take a pair of neighboring frames for computing
relative motion.

Novel View Synthesis Novel view synthesis (NVS) is a
long-standing problem in computer graphics. It aims to gen-
erate novel camera perspectives based on image samples of
the scenes [56]. Early works in this field can be traced back
to nearly 30 years ago when some required using densely
captured views of the scene [17, 26], and others [7] interpo-
late novel views using image warping. Recently, novel view



CNN

NVS (H)
—lL P

NeRF Fg Volume Rendering R(-)

Figure 1: Overview of our proposed training pipeline. Given an input image I, the pose regressor Gy predicts a pose
estimation P, from which the NVS system H renders a synthetic image I, supplying our direct matching supervision signal
Lphoto and refining Gy along with the ground truth supervision L.

synthesis has made rapid progress in achieving photorealis-
tic view synthesis [27, 28, 29, 32, 34, 39, 41, 50, 53, 57]
with sparser view samples, thanks to recent development in
neural 3D shape representation [3 1, 37, 38, 54]. We select a
recent popular approach from Mildenhall ez al. [34] to build
our camera re-localization training pipeline in this work.
Specifically, we incorporate NeRF architecture to provide
photometric supervision to the pose regression model. We
consider two other NeRF-based works that are able to es-
timate camera pose related to our paper: iNeRF [63] es-
timates pose iteratively by inverting a pre-trained NeRF
model on the test images. Wang et al. [60] show that 3D
scene representation and camera poses can be jointly opti-
mized within a NeRF framework. Nonetheless, the funda-
mental difference of the proposed method to theirs is that
we only use differentiable rendering to compute photomet-
ric loss in training of our pose regressor. After training, we
are able to predict camera pose in a single network forward
pass, whereas their methods require iterative optimization
in test time.

3. Method

Fig. 1 illustrates our proposed relocalization pipeline,
which consists of an NVS-enabled direct matching module
and a pose regression network. We aim to predict a camera
pose v for an input image I via a pose regression network
Gy, which is supervised by a novel direct matching signal
along with ground truth poses during training. At test time,
only the pose regression network is required, ensuring rapid
inference while offering superior relocalization accuracy.

This section is organized as follows: Section 3.1 details
our direct matching module. A full system setup is ex-
plained in Section 3.2. To explore the possibility of utilizing
more data, a further unlabeled training scheme is explained
in Section 3.3.

3.1. Direct Matching

Direct matching is a common approach in traditional
SLAM and VO systems [10, 11, 13, 14, 36, 42]. It refers
to the process that optimizes camera poses via minimizing
a photometric loss. In this work, we adapt the direct match-
ing concept and apply it to assist the training of our pose re-
gression network. Concretely, assuming a pre-trained pose
regression network Gy and an NVS system # are available,
given an image [ captured at viewpoint v and its pose esti-
mation 0 = Gy (I), our direct matching module constrains
¥ via minimizing the photometric difference /.',photo(f )
between a synthetic image / = H(©) rendered by the NVS
model H at viewpoint 0, and its true observation I:

ﬁphoto(faj) = HIA_I”2 (1)

Any NVS system with a differentiable renderer could be se-
lected as the NVS system . For simplicity, we choose the
NeRF [34] in this work, due to the high quality reconstruc-
tions it produces.

From a high-level point of view, NeRF-based NVS re-
quires three main components: 1) a neural radiance field
function Fg that models a 3D volume, 2) a differentiable
volume renderer R(-) that enables back-propagation, and
3) a viewpoint-dependent volume sampling function S(-)
that provides 3D sample locations and view directions for
Fo and R(-) given a camera pose. Consequently, an im-
age rendered from an NVS system #H using NeRF can be
formulated by:

fv = H(U) é R(f@,S(’U)), (2)
where I, denotes a synthetic image rendered at a pose v,
and all operations above are differentiable. As a result, our

direct matching system updates ¥ by minimizing photomet-
ric loss in Eq. (1).

3.2. System Setup

Training Pipeline As mentioned above, our system con-
sists of two main components, a pose regression network



Gy and an NVS-enabled direct matching module. With
each component pre-trained on target data, we join them to-
gether to further refine the pose regression network: given
an input image I, the pose regression network predicts a
pose ¥, from which an NVS system 7 renders a synthetic
image I; = 7(?), enabling our direct matching supervi-
sion Lyhoto. Meanwhile, the ground truth supervision £
is applied as well. As a result, the pose regression network
Gy is refined through a back-propagation of a weighted sum
of Lphoto and Ly, ( Eq. (3)). Mathematically, our training
pipeline can be framed as:

U* = arg H}gn()\lﬁphoto + X2Lygt), (3)

where U* denotes optimized network parameters, and
A1, Ao denote weights for each loss terms, respectively.

Pose Regression Network Our pose regression network
Gy follows the line of PoseNet [22] work, including a pre-
trained feature extractor backbone and a fully connected
layer that outputs a camera pose matrix P. Prior works
[6, 20, 21, 22, 30, 43, 58, 59] typically use a quaternion
or an axis-angle representation during pose estimation, re-
quiring balancing between rotation and translation terms.
Instead, our network regress a camera pose v using the rep-
resentation of P = [R]t] to overcome this issue, where
R € SO(3) is a rotation matrix denotes a camera orien-
tation and t € R? denotes camera position. For clarity, we
refer v as a general pose concept and P as a specific pose
representation.

Our ground truth supervision loss is defined as the L2
distance between a ground truth pose P and an estimated
pose P: R

£gt = HPfPH?v “)

removing the need for balancing rotation and translation
terms while offering competitive performance.

NeRF Two challenges arise while adapting NeRF as our
NVS system H in relocalization context. First, the train-
ing cost is expensive in relocalization tasks, where a train-
ing video could easily yield thousands of images even af-
ter frame subsampling. We resolve this issue by reducing
the NeRF model size and removing the hierarchical train-
ing scheme.

Second, strong artifacts occur in synthetic images if
the NeRF is applied in our task without modifications.
Two reasons account for that: a) NeRF is not de-
signed for outward-looking scenes [64] and b) photo-
metric consistency is violated when auto-focus/exposure
fluctuation and rolling shutter effect appear. We mit-
igate this issue by adapting a coarse-to-fine positional
encoding scheme ~,(-) from Nerfies [39]. Specif-
ically, an input signal p is encoded by 7,(p) =

[, ..., wi(ay) sin(287mp), wy (o) cos(2F7p),...], where
0 <k <m-—1,m € Nand wg (o) activates each band over
epoch ¢, controlled by ay = mt/N. N is a user-defined
maximum epoch number in training, where k reaches the
maximum frequency band m — 1. We refer interested read-
ers to the full mathematical expression for wy (o) in our
supplementary material.

With the progressive positional encoding function, we
are able to adapt NeRF as our NVS system #H, reducing
artifacts and preserving high frequency details. Please refer
to Section 4.4 for more discussion on the effectiveness in
this approach.

3.3. Unlabeled Training

Inspired by MapNet+ [0], we propose to improve pose
estimation in a semi-supervised manner, with unlabeled se-
quences captured in the same training scene. Unlike [6],
which enforces a relative geometric constraint between two
nearby frames and requires an additional VO algorithm,
we rely on our bootstrapped pipeline to further refine the
pose regression network Gy. Given an input image without
ground truth pose annotation but not too far from labeled
training videos, the training of Gy can be supervised by the
photometric loss between the synthetic image rendered by
the direct matching module using the predicted pose. This
semi-supervised training scheme can be effectively set up
by setting A\; = 1.0 and A\, = 0.0. We find our unlabeled
training works well, evidenced by the performance in Ta-
ble 2.

4. Experiments

In the following, we discuss the implementation details
of our solution in Section 4.1. We perform a thorough
evaluation of the proposed method in Section 4.2 on the
7-Scenes dataset. We further evaluate our method on the
LLFF dataset to demonstrate that the proposed method ben-
efits from both the traditional pose regression method and
the direct matching method (Section 4.3). Finally, to gain
more insights to our modification on positional encoding
and the effectiveness of direct matching for camera local-
ization, we apply more experiments in the ablation study
(Section 4.4).

4.1. Implementation Details

Pose Regression We build our pose regression model
upon prior DNN-based methods [6, 21, 22] using Py-
Torch [40]. We choose to use the MobileNetV2 [45] back-
bone in this work. We freeze the batch normalization lay-
ers [16] from the pre-trained ImageNet backbone to train
our baseline pose regression model. Since a direct rotation
matrix regression may not belong to SO(3), a singular value
decomposition (SVD) is applied to normalize the rotation
component of P during inference time. However, we also



without unlabeled data

‘ with unlabeled data

PN learned  geo. PN  LSTM PN Hourglass BranchNet DSO MapNet L MapNet+ MapNet+ .
Scene PN [22] weights [21] D11 [50] PN [30] [10] 161 Direct-PN 6] PGO [6] Direct-PN+U
Chess 0.32/8.12 0.14/450  0.13/4.48 0.24/5.77  0.15/6.17  0.18/5.17  0.17/8.13  0.08/3.25  0.10/3.52 | 0.10/3.17 0.09/3.24 0.09/2.77
Fire 0.47/14.4 0.27/11.8  0.27/11.3  0.34/11.9  0.27/10.8  0.34/8.99  0.19/65.0 0.27/11.7  0.27/8.66 | 0.20/9.04  0.20/9.29 0.16/4.87
Heads 0.29/12.0 0.18/12.1 0.17/13.0  0.21/13.7  0.19/11.6  0.20/142 0.61/68.2 0.18/13.3  0.17/13.1 | 0.13/11.1 0.12/8.45 0.10/6.64
Office 0.48/7.68 0.20/5.77  0.19/5.55 0.30/8.08  0.21/8.48  0.30/7.05 1.51/16.8 0.17/5.15 0.16/5.96 | 0.18/5.38 0.19/5.42 0.17/5.04
Pumpkin  0.47/8.42 0.25/4.82  0.26/4.75 0.33/7.00  0.25/7.0 0.27/5.10  0.61/15.8 0.22/4.02  0.19/3.85 | 0.19/3.92  0.19/3.96 0.19/3.59
Kitchen 0.59/8.64 0.24/5.52  0.23/5.35 0.37/8.83  0.27/10.2  0.33/7.40  0.23/10.9 0.23/493  0.22/5.13 | 0.20/5.01  0.20/4.94 0.19/4.79
Stairs 0.47/13.8 0.37/10.6  0.35/124 0.40/13.7 0.29/12.5 0.38/10.3  0.26/21.3 0.30/12.1 0.32/10.61 | 0.30/13.4  0.27/10.6 0.24/8.52
Average  0.44/10.44  0.24/7.87  0.23/8.12 0.31/9.85  0.23/9.53  0.29/8.30  0.26/29.4 0.21/7.77  0.20/7.26 ‘ 0.19/7.29  0.18/6.55 0.16/5.17

Table 1: Pose regression results on 7 Scenes datasets. We compare our method with both direct matching and absolute pose
regression methods, in median translation error (m) and rotation error (°). Bottom row is the average of median errors of all
scenes. PN denotes PoseNet. Numbers in red represent the best performance with or without unlabeled data.

find that the pose regression network learns to predict or-
thogonal rotation matrices even without using the SVD. All
models are optimized with the Adam optimizer [23]. The
base model is trained with a batch size of 4 and a learning
rate of 1 x 10~4. We implement an early stopping strategy
with a patience value of 200 and schedule the learning rate
decay for every 50 epochs on validation loss plateau with a
factor of 0.95.

NeRF Our NeRF model is trained with input poses in
SE(3). To ensure a consistent coordinate system in pose
regression and NVS, we further align and recenter the cam-
era poses with zero-means similar in Mildenhall et al. [34].
The NeRF architecture mainly follows the original imple-
mentation [34], except we apply a coarse-to-fine positional
encoding 7, (p) for both positions and directions. We set
the maximum frequency band m = 8, and time to reach the
maximum frequency band N = 1200 epochs.

Training For our proposed methods in Section 3.2 and
Section 3.3, we train the pose regression model with direct
matching (Direct-PoseNet) with A\; = 0.3 and Ay = 0.7,
and further fine-tune the model (Direct-PoseNet+U) with
A1 = 1.0 and Ay = 0.0 to simulate the unlabeled data cir-
cumstances. We set the batch size to 1 for training both
models. The learning rate is set to 1 x 10~° with the same
early stopping strategy as above. All models are trained
within 24 hours with a single Nvidia 1080Ti graphic card.
In our experience, the NeRF training time can reach approx-
imately the same as training PoseNet models. More details
on network architecture and training procedure are provided
in the supplementary material.

4.2. Evaluation on 7-Scenes

We evaluate our method on a well-known camera local-
ization dataset 7-Scenes [15, 51]. It consists of seven indoor
scenarios, each scale from 2m3 to 6m3. The sequences

were shot by Kinect RGB-D camera at 640 x 480 resolu-
tion, and the ground truth poses were obtained by a dense
3D model.

The pose regression network takes an input image in
320 x 240 and the pre-trained NeRF model is trained with
resized images in 160 x 120, but inference in 320 x 240 for
Direct-PoseNet and Direct-PoseNet+U training. For each
scene, we train our NeRF model with a learning rate of
5 x 10~* for 4000 epochs with Adam optimizer and decays
exponentially to 8 x 1072 throughout the course of opti-
mization. We set the near and far bounds [b,,, b¢] to [0.5, 4]
except for the Heads scene, we set them to [0.5, 2.5]. How-
ever, unlike the original NeRF [34], which uses a coarse-
to-fine sampling approach in its architecture, we only use a
single MLP model with a width of 128. We sample one
image with a batch of 1024 rays for each iteration, and
each ray uniformly samples N = 128 bins. The above
modifications achieve approximately 3x speed up compare
to the original NeRF paper. To further improve training
efficiency, our NeRF model, Direct-PoseNet model, and
Direct-PoseNet+U model only use a spacing window d = 5
of the training set for scenes contain < 2000 frames, and
d = 10 of the training set otherwise.

We summarize complete quantitative comparisons of
our proposed method with prior absolute pose regression
works and DSO in Table 9. For the experiment of Direct-
PoseNet+U, we follow MapNet+ to use the unlabeled test
sequences for fine-tuning. We do not use the entire test
sequences for fine-tuning, but only 1/5 or 1/10 of the se-
quences described above to ensure our method is not over-
fitting to the entire test sequences. We also demonstrate a
selection of the visual comparisons in Fig. 2.

4.3. Evaluation on LLFF

We further evaluate our method on another real-world
complex scene dataset, the LLFF dataset [33]. The dataset
consisting of 8 forward-facing scenes captured with a hand-
held cellphone and holds out 1/8 of the data as the test set.



(a) PoseNet [0, 21, 22

(b) MapNet [0]

(c) Direct-PoseNet

(d) MapNet+PGO [06] (e) Direct-PoseNet+U

Figure 2: Visualization of camera relocalization results on 7-Scenes dataset [15, 51]. For each 3D plot, we show the ground
truth camera trajectory in green and the predicted trajectory in red. The bottom color bar represents rotation errors for each
subplot. Yellow represents high rotation error, and blue represents low rotation error for each test sequence. Sequence names
from top to bottom are: Stairs-all, Heads-all, Fire-seq-03, Office-seq-09.

It is ideal for an experiment because a high-quality NeRF
can be trained on LLFF to examine the combined effects of
pose regression and direct matching supervision.

We compare our method with both the pose regression
method and an inverting NVS method iNeRF by Lin et

error rate in % ‘ iNeRF PoseNet+SE(3) Direct-PoseNet+U

‘ 73%,71%  57%, 100% 78%, 100%

<5cm, <5°

Table 2: We report the percentage of correctly re-localized
frames below an error threshold of Scm and percentage of
re-localized frames below an error threshold 5° on the Fern,
Fortress, Horns, Room scenes of LLFF dataset [33]

al. [63]. The iNeRF uses an iterative optimization approach
on each test image to recover the camera pose by invert-
ing a trained NeRF model. On the other hand, our method
does not rely on iterative optimization and produces a more
generalized and efficient model. To ensure a fair compari-
son, we trained our NeRF model to follow the same setting
with Lin et al., which uses a standard NeRF model with a
ray batch size of 2048. We fine-tune the NeRF model on
four scenes (Fern, Fortress, Horn, Room) with the baseline
pose regression model and compute the percentage of pre-
dicted pose whose error is less than S5cm and the percentage
of predicted pose whose error is less than 5°. We report
the experiment results in Table 2. We observe that our pro-
posed pose regression method gains benefit both from the



pose regression approach and the direct matching approach,
resulting in the top performance.

4.4. Ablation Study

Effectiveness of Modified Positional Encoding In real-
life datasets such as 7-Scenes, there are multiple sources
to keep NeRF from rendering a high-quality, photorealistic
view of the scene. Artifacts may be produced by letting
the NeRF model learn from images with severe deformation
(e.g., from camera rolling shutter or deforming object) or
motion blur from long exposure among frames. Moreover,
training and testing in very different camera trajectories is a
situation for NeRF likely to fail because it tries to generate
the scene from unfamiliar volumetric rendering locations.
We build a toy example to demonstrate the phenomenon
in the 7-Scenes dataset, and the effectiveness of our modifi-
cation in NeRF’s positional encoding. We randomly select
a frame in Heads and sample a portion of training and val-
idation data that lies within its frustum overlap threshold
using an approach similar to Balntas et al. [1]. For this ex-
periment, we set the frustum overlap threshold to be 0.85.
We report the peak signal-to-noise ratio (PSNR) on this toy
dataset for fixed full encoding (m = 10) in the original
NeRF paper, fixed half encoding (m = 5), and the coarse-

¥
-
3.4
¥

(a) Fixed PE. [34] (b) Coarse-to-fine P.E.

Figure 3: A visual comparison between (a) fixed positional
encoding (P.E.) and (b) the coarse-to-fine P.E in Heads
scene. Top: testset renderings from two NeRF models with
different PE. schemes. Bottom: disparity maps (inverse
depth). Notice that NeRF with fixed P.E. produces stronger
artifacts in this outward looking scene. Even though our
encoding do not completely remove all artifacts, it recovers
more structure and details than the original NeRF scheme.
We provide more detailed discussion on why NeRF suffers
from severe artifacts in Section 4.4.

to-fine encoding schemes in Table 3. We show a qualitative
comparison between the original NeRF embedding scheme
and our modified coarse-to-fine scheme in Fig. 3. Over-
all, we find that using a coarse-to-fine positional encoding
approach generally obtains a higher quality NeRF model
throughout the 7-Scenes dataset in our experiments.

Model ‘ Full encoding Half encoding Coarse-to-fine
PSNR |  16.64 17.16 17.50

Table 3: Comparison of different NeRF positional encoding
scheme in our toy dataset (validation split).

Effectiveness of Direct Matching We investigate the ef-
fectiveness of direct matching for supervising the pose re-
gression training. We first train a NeRF model using
the Heads data. We randomly perturb the ground truth
pose in different ranges and compute the photometric loss
Lph_perturs With the ground truth image. We then count the
percentage that Ly pertury < Lpn_ar, Where Ly qr de-
notes the photometric loss using the ground truth pose. We
define such a percentage as the error rate. Ideally, views
generated from perturbed poses should have higher photo-
metric loss than the loss we get from using the ground truth
poses. Thus the error rate indicates the chances that non-
ideal cases would happen, which potentially damages the
optimization of our pose regression.

Intuitively, the greater range we perturb the ground truth
pose with, the more displacement in the appearance of ren-
dered images will have and shall lead to a lower error rate.
In this experiment, we jitter poses in the range between
+[0.01m, 1m] for 3D translation and the range between

NeRF train set
—— NeRF test set
--- Mapnet+PGO

NeRF train set
40 —— NeRF test set 804
--- Mapnet+PGO

0.12m 8.45°

T
1072 10° 107t

T T T
1071 10°
3D translation jitter range in (m) 3D rotation jitter range in (degree)

(a) 3D translation jitter only (b) 3D rotation jitter only

Figure 4: We feed randomly perturbed poses to the NeRF
model trained in Heads, and validate the robustness of
our photometric loss Lypoto. By cumulatively counting
the chances of Ly perturs < Lpn.gr, the error rate re-
mains nearly 0 when the perturbation is smaller to the Map-
net+PGO reference threshold, for both translation and ro-
tation. This indicates that the photometric loss from direct
matching is effective to supervise the training of a pose re-
gression network.



Scene Geo. PoseNet PoseNet PoseNet+logq  PoseNet+SE(3) PoseNet+SE(3)
[21] (ResNet34) [6]  (ResNet34) [6] (ResNet34) (MobileNetV2)

Backbone Error 5y 3011 10, 26.7%/8.58%  26.7%/8.58%  26.71%/8.58%  28.129%/9.71%

(Top-1/Top-5)

Average 0.23m, 8.12°  0.23m, 8.49° 0.22m, 8.07° 0.21m, 8.71° 0.21m, 7.84°

Table 4: A comparison between our SE(3) PoseNet baseline and other quaternion-based baselines. Our direct SE(3) supervi-
sion offers competitive results with both backbones while removing the need for balancing rotation and translation terms.

+(0.1°,10°] for 3D rotation movement. For each of the se-
lected scales, we randomly jitter 500 poses to estimate the
expected error rate. As the results are shown in Fig. 4, both
3D translation and 3D rotation error rates drop close to 0
below the reference threshold of MapNet+PGO, which may
explain why training with direct matching can obtain better
performance overall.

Effectiveness of Regressing SO(3) We also compares
our baseline pose regression model with prior baselines
from PoseNet and MapNet in Table 4. We achieve on-
par results by directly replacing the rotation representation
from quaternion to SO(3) rotation representation. Our Mo-
bileNetV?2 performs overall the best in terms of average re-
sults. We use identical training hyperparameters to train our
baseline model for each scene, and our MobileNetV?2 fea-
ture extractor is not the best regarding the ImageNet bench-
mark compared to prior baselines. Our baseline models’
superior performance indicates that our rotation represen-
tation is just as effective as quaternion representation. A
full table on scene specific performance is provided in the
supplementary material.

Summary of Ablation We justify our design decisions to
show how each component variation contributes to the relo-
calization performance in Table 5. First, replacing the SE(3)
representation with separate quaternion rotation and trans-
lation position terms leads to lower accuracy due to the bal-
ancing requirement of the two terms during training. The
most significant performance drop is when removing the
coarse-to-fine training strategy on NeRF. It indicates that
the NVS reconstruction quality does affect the overall relo-
calization accuracy. In addition, we observe that using full
NeRF architecture to train our model can obtain slight ac-
curacy improvement. However, this is at the cost of a much
longer training time (i.e. 22hrs vs. 78hrs on Kitchen). We
observe that the same phenomena hold valid when training
with unlabeled data as well.

5. Conclusion and Discussion

In this work, we show that one can use a differen-
tiable renderer to improve pose regression performance. We

Method | 7 Scenes

Direct-PN 0.20m, 7.26°
- SE(3) 0.21m, 7.58°
- Coarse-to-fine 0.22m, 7.91°
- Direct Matching 0.22m, 8.07°

Direct-PN + Full NeRF | 0.20m, 7.16°

Table 5: A performance breakdown for each component in
our method. The performance drops for when our modifi-
cations on SE(3), coarse-to-fine encoding, and the direct-
matching module are removed. The performance improves
slightly if a full-size NeRF [34] (with the hierarchical archi-
tecture, and a MLP with deeper and wider layers), but at the
cost of a much longer training time.

present a relocalization pipeline that outperforms previous
single-image APR methods on the 7-Scenes benchmark and
achieves state-of-the-art performance on the LLFF dataset,
with two main contributions. First, we joint a direct
matching module with a pose regression network, offer-
ing superior performance while maintaining low inference
cost. Second, we further boost our method’s performance
by applying a simple but effective semi-supervised train-
ing scheme to unlabeled data. To adapt with outward-
looking relocalization datasets, which violates assumptions
in NeRF, we employ a coarse-to-fine positional encoding
strategy to improve rendering qualities.

One of the limitations of this work is that the effec-
tiveness of our direct matching highly depends on the
robustness of the NVS methods, which might fail for vari-
ous reasons. For example, NeRF does not perform well in
large-scale scenes, dynamic environments, or outdoor sce-
narios where auto-exposure fluctuates. The next challenge
for us is to circumvent the assumptions made in NeRF so
that our method is extensible to more challenging scenarios.

Acknowledgements We thank Kejie Li for his advice on
experimental design and generous help to polish our pa-
per. We also appreciate Henry Howard-Jenkins and Theo
W. Costain for some great comments and discussions.



6. Supplementary
6.1. Implementation Details

Architectures Details The proposed pipeline includes a
pose regression model for camera pose predictions and an
NVS system for synthesis images. Specifically, we use a
modified PoseNet model and a modified NeRF in our ex-
periments. We summarize the details of the pose regres-
sion network architecture in Table 6. The architecture of our
NeRF (Fig. 5) mainly follows the original implementation
of Mildenhall et al. [34], except we apply a coarse-to-fine
positional encoding v, (p) for both positions and directions,
and we only use a coarse model with 128 samples along
each ray. The entire implementation is written in PyTorch,
and the NeRF code is built upon an open-sourced repository
nerf-pytorch [62].

density ¢
%y, 2) G E = B = E B
position £ color RGB

©,6)

view direction

Figure 5: Our NeRF architecture. We adapt a coarse-to-
fine encoding approach [39] for both positions and view di-
rections to mitigate artifacts in NeRF reconstruction caused
by outward-looking scenes and video distortions. We set
W = 128 in our implementation.

Orthogonalize the Rotation Matrix As we have men-
tioned in the paper, the ground truth supervision L is an
approximation of the correct geometric loss. The regressed
rotation matrix R is not guaranteed to be in SO(3) mani-
fold. To solve this, we apply a singular value decomposition
(SVD) operation during testing:

SVD(R) = UxVT, 5)
R, =UV7T, (6)

where R,, denotes the orthogonalized rotation matrix.

Positional Encoding Strong artifacts occur in synthetic
images if the NeRF is applied in the relocalization task
without modification.  This phenomenon appears be-
cause: a) NeRF is not designed for outward-looking scenes
and b) photometric consistency is violated when auto-
focus/exposure fluctuation and rolling shutter effect appear.
As we addressed in the main paper, we mitigate this issue
by adapting a coarse-to-fine positional encoding strategy
~a(p) proposed by Nerfies [39], and illustrate this strategy

Input ‘ Operator ‘ t ‘ m ‘ n ‘ s
240x320x3 | com2d | -] 32 |1]2
120 x 160 x 32 | bottleneck | 1 | 16 | 1 |1
120 x 160 x 16 | bottleneck | 6 | 24 | 2|2
60 x 80 x 24 | bottleneck | 6| 32 |3 ]2
30 x40 x 32 | bottleneck | 6| 64 |4 ]2
15x20x 64 | bottleneck | 6| 96 |3 |1
15x20x 96 | bottleneck | 6 | 160 | 3 | 2
8x10x 160 | bottleneck |6 | 320 | 1 |1
8x10%x320 |conv2dlx1 |- |1280 |1 |1
8x10% 1280 | avgpool | - | | 1] -
1x1x1280 | fc [ -] 12 | 1]-

Table 6: Baseline pose regression network architecture of
Direct-PoseNet, using an input image size 240 x 320 x 3
as an example. The backbone is MobileNetV2 [45], with n
repeated times for each operator and m output channels. s
represents the stride and ¢ represents the expansion factor.
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Figure 6: An example of wy, activation used in the main pa-
per. The number of frequency band being activated increase
as epoch iterations increase.

in Fig. 6. Specifically, an input signal p is encoded by

Yalp) = [p, .., wi (o) sin(2F7p),

wy,(ay) cos(28mp), . . ],

)

where 0 < k < m — 1,m € N and wy (o) activates each
band over epoch ¢, controlled by oy = mt/N. We denote N
as the maximum epoch number in training and the weight
wy (o) is defined as:

(1 — cos(m clamp(a; — k,0, 1))

wi(oy) = 5 .®

6.2. Additional Ablation Study

More Results on the 7-Scenes Dataset We further com-
pare our method with prior state-of-the-art methods on the



without unlabeled data

with unlabeled data

Model | PoseNet+logq [6] ~ MapNet [6] Direct-PN | MapNet+PGO [6]  Direct-PN+U
Avg. Median | 0.23m,849°  0.21m,7.77°  0.20m,7.26° |  0.18m,6.55°  0.16m,5.17°
Avg.Mean | 0.28m, 1043°  0.27m,10.08° 0.25m,8.98° | 0.22m,7.89°  0.21m,7.02°

Table 7: A comparison of average median errors and aver-
age mean errors on the 7-Scenes dataset.

Scene Geo. PoseNet PoseNet PoseNet+logq ~ PoseNet+SE(3)  PoseNet+SE(3)
21 (ResNet34) [60] (ResNet34) [0] (ResNet34) (MobileNetV2)
Backbone Error 3y 50,1y 10, 26.790/8.58%  26.7%/8.58%  26.7%/8.58%  28.12%/9.71%
(Top-1/Top-5)
Chess 0.13m, 4.48°  0.11m, 4.24° 0.11m, 4.29° 0.11m, 4.53° 0.11m, 3.95°
Fire 0.27m, 11.30°  0.29m, 11.68°  0.27m, 12.13°  0.28m, 11.65°  0.27m, 10.15°
Heads 0.17m, 13.00°  0.20m, 13.11°  0.19m, 12.15°  0.17m, 13.76°  0.17m, 13.30°
Office 0.19m, 5.55°  0.19m, 6.40° 0.19m, 6.35° 0.18m, 5.92° 0.17m, 6.25°
Pumpkin 0.26m, 4.75° 0.23m, 5.77° 0.22m, 5.05° 0.20m, 6.11° 0.22m, 4.58°
Kitchen 0.23m, 5.35° 0.27m, 5.81° 0.25m, 5.27° 0.24m, 6.22° 0.24m, 5.47°
Stairs 0.35m, 12.40°  0.31m. 12.43°  0.30m, 11.29°  0.29m, 12.76° 0.30m, 11.20°
Average 0.23m, 8.12° 0.23m, 8.49° 0.22m, 8.07° 0.21m, 8.71° 0.21m, 7.84°

Table 8: A per scene based comparison between our SE(3)
PoseNet baseline and other quaternion-based baselines,
evaluated with median translation and rotation error on the
7-Scenes. Two columns to the right are results with our di-
rect SE(3) supervision.

7-Scenes dataset (Table 7), showing our pipeline outper-
forms them in average median errors and average mean er-
rors.

Table 8 shows the scene-specific comparison be-
tween SO(3) and quaternion-based representation. The
quaternion-based results were provided by [2 1, 6], and their
performances are confirmed based on their released code.
The quaternion-based models were trained using geometric
consistency loss [6], and the SE(3) models were trained us-
ing L2 loss without balancing translation and rotation terms.

About As The reconstruction loss tends to have an or-
der of magnitude larger value than the pose loss. In our
paper, we didn’t heavily tune the As. We experimentally
pull both losses into closer scales. Even with our default
A1 = 0.3, A2 = 0.7 values, we observe that the weighted
reconstruction loss is usually the dominant term of the com-
bined loss, which proves the benefits of our architecture.
Table 9 shows our experiments on 3 of 7-scenes with dif-
ferent A settings. Although the result seems mixed, we ar-
gue both pose loss and photometric loss are important. For
scenes with low texture or flat background, i.e., Lego scene
from NeRF Synthetic dataset [34], pose loss ensures the re-
gressed pose is regularized in relevant positions.

- ] M=01 A =03 A=05 A=07 A\=09
Dataset ‘ Scene ‘ X=09  A=07 A=05 =03 Ay=01
7Scenes | Heads | 017, 13.08° 0.07, 13.1° 0.17, 1287° 0.7, 13.1° 0.17, 13.26°
7 Scenes | Fire 0.28,8.48° 0.27,8.66° 0.27,8.61° 0.27,8.87° 0.27,9.36°
7Scenes | Pumpkin | 0.19.3.60° 019385 019377 020368  0.19, 3.64°
NeRF ‘ Lego ‘ 0.167,29° 0117,27° 0182,47° 0.194,5.1° 0276,58°
Synthetic

Table 9: Result of using different A\; and A values on
Heads, Fire, and Pumpkin in 7-Scenes dataset (first 3 rows).
We also tested in Lego scene (bottom row) on the NeRF
synthesis datasets [34], which contains large areas of tex-
tureless background.
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Chapter 4

Direct Feature-metric Matching

with NeRF

This chapter explores the limitations of integrating direct matching formulations
with APR methods, particularly in the presence of large photometric distortions.
While Chapter 3 demonstrates that direct photometric matching offers a practi-
cal framework for training geometry-aware APR approaches, its effectiveness is
constrained in environments with strong domain shifts, such as varying lighting,
exposure, weather, or dynamic scene content. This is primarily because, in relo-
calisation, mapping and testing sequences are often captured at different times or
under different conditions, leading to potentially significant appearance discrep-
ancies. NeRF-based renderers, which mostly rely on appearance captured during
mapping, often struggle to render accurately under these conditions due to their in-
ability to generalise beyond observed illumination or exposure settings. To address
the challenges, this chapter presents an enhanced APR training pipeline that ex-
tends the framework of the previous chapter by incorporating direct feature-metric
matching and robust novel view synthesis.

The method consists of two main components: a histogram-assisted novel view
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synthesiser (NeRF-Hist) and a feature-aware pose regression network DFNet. The
NeRF-Hist model generates photometrically consistent synthetic views, compen-
sating for changes in exposure, while DFNet simultaneously regresses camera poses
and extracts robust features to bridge the domain gap between real and synthetic
images. To ensure the effectiveness of feature matching, a contrastive learning
scheme is applied to enforce the distinctiveness of the feature while maintaining
sensitivity to transformation. Additionally, we propose Random View Synthe-
sis (RVS), an online synthetic data generation strategy that efficiently augments
training data, improving generalisation to unseen poses. Extensive experiments
demonstrate that our method improves camera pose estimation in indoor and out-
door environments by as much as 56%. The rest of this chapter is based on our
paper, DFNet: Enhancing Absolute Pose Regression with Direct Feature Matching,

which was accepted at the 2022 Furopean Conference on Computer Vision.
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DFNet: Enhance Absolute Pose Regression with
Direct Feature Matching

Shuai Chen, Xinghui Li, Zirui Wang, and Victor A. Prisacariu

Active Vision Lab, University of Oxford

Abstract. We introduce a camera relocalization pipeline that combines
absolute pose regression (APR) and direct feature matching. By incorpo-
rating exposure-adaptive novel view synthesis, our method successfully
addresses photometric distortions in outdoor environments that exist-
ing photometric-based methods fail to handle. With domain-invariant
feature matching, our solution improves pose regression accuracy using
semi-supervised learning on unlabeled data. In particular, the pipeline
consists of two components: Novel View Synthesizer and DFNet. The for-
mer synthesizes novel views compensating for changes in exposure and
the latter regresses camera poses and extracts robust features that close
the domain gap between real images and synthetic ones. Furthermore,
we introduce an online synthetic data generation scheme. We show that
these approaches effectively enhance camera pose estimation both in in-
door and outdoor scenes. Hence, our method achieves a state-of-the-art
accuracy by outperforming existing single-image APR methods by as
much as 56%, comparable to 3D structure-based methods.?

Keywords: Absolute Pose Regression, Feature Matching, NeRF

1 Introduction

Estimating the position and orientation of cameras from images is essential in
many applications, including virtual reality, augmented reality, and autonomous
driving. While the problem can be approached via a geometric pipeline consisting
of image retrieval, feature extraction and matching, and a robust Perspective-n-
Points (PnP) algorithm, many challenges remain, such as invariance to appear-
ance or the selection of the best set of method hyperparameters.
Learning-based methods have been used in traditional pipelines to improve
robustness and accuracy, e.g. by generating neural network (NN)-based feature
descriptors [7,16,17,25,26], combining feature extraction and matching into one
network [30], or incorporating differentiable outlier filtering modules [1,2,3]. Al-
though deep 3D-based solutions have demonstrated favorable results, many pre-
requisites often remain, such as the need for an accurate 3D model of the scene
and manual hyperparameter tuning of the remaining classical components.
The alternative end-to-end NN-based approach, termed absolute pose regres-
sion (APR), directly regresses the absolute pose of the camera from input images

! The code is available in https://code.active.vision.
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[14] without requiring prior knowledge about the 3D structure of the neighbor-
ing environment. Compared with deep 3D-based methods, APR methods can
achieve at least one magnitude faster running speeds at the cost of inferior ac-
curacy and longer training time. Although follow-up works such as MapNet [4]
and Kendall et al. [13] attempt to improve APR methods by adding various
constraints such as relative pose and scene geometry reprojection, a noticeable
gap remains between APR and 3D-based methods.

Recently, Direct-PN [5] achieved state-of-the-art (SOTA) accuracy in indoor
localization tasks among existing single-frame APR methods. As well as being
supervised by ground-truth poses, the network directly matches the input image
and a NeRF-rendered image at the predicted pose. However, it has two major
limitations: (a) direct matching is very sensitive to photometric inconsistency,
as images with different exposures could produce a high photometric error even
from the same camera pose, which reduces the viability of photometric direct
matching in environments with large photometric distortions, such as outdoor
scenes; (b) there is a domain gap between real and rendered images caused by
poor rendering quality or changes in content and appearance of the query scene.

In order to address these limitations, we propose a novel relocalization pipeline
that combines APR and direct feature matching. First, we introduce a histogram-
assisted variant of NeRF, which learns to control synthetic appearance via his-
tograms of luminance information. This significantly reduces the gap between
real and synthetic image appearance. Second, we propose a network DFNet that
extracts domain invariant features and regresses camera poses, trained using
a contrastive loss with a customized mining method. Matching these features
instead of direct pixels colors boosts the performance of the direct dense match-
ing further. Third, we improve generalizability by (i) applying a cheap Random
View Synthesis (RVS) strategy to efficiently generate a synthetic training set by
rendering novel views from randomly generated pseudo training poses and (ii)
allow the use of unlabeled data. We show that our method outperforms existing
single-frame APR methods by as much as 56% on both indoor 7-Scenes and
outdoor Cambridge datasets. We summarize our main contributions as follows:

2 Related Work

Absolute Pose Regression Absolute pose regression aims to directly regress
the 6-DOF camera pose from an image using Convolutional Neural Networks.
The first practice in this area is introduced by PoseNet [14], which is a GoogLeNet-
backbone network appended with an MLP regressor. Successors of PoseNet pro-
pose several variations in network architectures, such as adding LSTM layers [36],
adapting an encoder-decoder backbone [19], splitting the network into posi-
tion and orientation branches [38], or incorporating attentions using transform-
ers [29,28]. Other methods propose different strategies to train APR. Bayesian
PoseNet [15] inserts Monte Carlo dropout to a Bayesian CNN that estimates
pose with uncertainty. Kendall et al. [13] proposes to balance the translation
and rotation loss at training using learnable weights and reprojection error. Map-
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Fig. 1. Overview of the direct feature matching pipeline. Given an input image
I, a pose regressor F estimates a camera pose P, from which a luminance prior NVS
system H renders a synthetic image I. Domain invariant features of M and M are
extracted using a feature extractor G, supplying a feature-metric direct matching signal
Lam to optimize the pose regressor.

Net [4] trains the network using both absolute pose loss and relative pose loss
but can infer in a single-frame manner. Direct-PoseNet (Direct-PN) [5] adapts
additional photometric loss by comparing the query image with NeRF synthesis
on the predicted pose.

Semi-supervised Learning in APR Several APR methods explore semi-
supervised learning with additional images without ground-truth pose anno-
tation to improve pose regression performance. To the best of our knowledge,
MapNet+ [4] and MapNet+PGO [4] are the pioneers to train APR on unlabeled
video sequences using external VO algorithms [8,9]. Direct-PN+ [5] finetune on
unlabeled data from arbitrary viewpoints solely based on its direct matching
formulation. While the direct matching idea from Direct-PN+ inspires our pro-
posed method, we focus on training in the feature space. Our solution can scale
to scenes with large photometric distortion, where the previous method fails.
Novel View Synthesis in APR Novel View Synthesis (NVS) can be beneficial
to the visual relocalization task. For example, NVS can expand training space by
generating extra synthetic data. Purkait et al. [24] propose a method to generate
realistic synthetic training data for pose regression leveraging the 3D map and
feature correspondences. LENS [22] deploys a NeRF-W [18] model to sample
the scene boundaries and synthesize virtual views with uniformly generated vir-
tual camera poses. However, Purkait et al. rely on a pre-computed reconstructed
3D map. LENS is limited by its costly offline computation efficiency and the
lack of compensation to the domain gap between synthetic and real images, i.e.,
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dynamic objects or artifacts. Another direction is to embed NVS into the pose
estimation process. InLoc [32] verifies the predicted pose with view synthesis. Ng
et al. [23] combine a multi-view stereo (MVS) model with a relative pose regres-
sor (RPR). iNeRF [39], Wang et al. [37], and Direct-PN [5] utilize an inverted
NeRF to optimize the camera pose. Our paper is the first to incorporate both
strategies yet have major differences from the above methods. 1) we introduce
an NVS method that can adapt to real exposure change in view synthesis. 2) we
address the domain adaptation problem between the actual camera footage with
synthetic images. 3) our synthetic data generation strategy is comparatively less
constrained and can be deployed efficiently in online training.

3 Method

We illustrate our proposed direct feature matching pipeline in Fig. 1, which
contains two primary components: 1) the DFNet network, which, given an input
image I, uses a pose estimator F to predict a 6-DoF camera pose and a feature
extractor G to compute a feature map M, and 2) a histogram-assisted NeRF H,
which compensates for high exposure fluctuation by providing luminance control
when rendering a novel view given an arbitrary pose.

Training the direct feature matching pipeline can be split into two stages, (i)
DFNet and the histogram-assisted NeRF, and (ii) direct feature matching. In
stage one, we train the NVS module H like a standard NeRF, and the DFNet
with a loss term Lpryer in Eq. (5). In stage two, fixing the histogram-assisted
NeRF and the feature extractor G, we further optimize the main pose estimation
module F via a direct feature matching signal between feature maps extracted
from the real image and its synthetic counterpart I, which is rendered from the
predicted pose P of image I via the NVS module H. At test time, only the pose
estimator F is required given the query image, which ensures a rapid inference.

This section is organized as follows: the DFNet pipeline is detailed in Sec-
tion 3.1, followed by a showcase of our histogram-assisted NeRF H in Section 3.2.
To further boost the pose estimation accuracy, an efficient Random View Syn-
thesis (RVS) training strategy is introduced in 3.3.

3.1 Direct Feature Matching For Pose Estimation

This section aims to introduce: 1) the design of our main network DFNet, 2) the
direct feature matching formulation that boosts pose estimation performance in
a semi-supervised training manner, and 3) the contrastive-training scheme that
closes the domain gap between real images and synthetic images.

DFNet Structure The DFNet in our pipeline consists of two networks, a pose
estimator F and a feature extractor G. The pose estimator F in our DFNet is
similar to an ordinary PoseNet, which predicts a 6-DoF camera pose P = F(I)
for an input image I, and can be supervised by an L; or Ls loss between the
pose estimation P and its ground truth pose P.
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Fig. 2. (a) The training scheme for DFNet to close the domain gap between real images
and rendered images. (b) The histogram-assisted NeRF architecture.

The feature extractor G in our DFNet takes as input feature maps extracted
from various convolutional blocks in the pose estimator and pushes them through
a few convolutional blocks, producing the final feature maps M = G(I), which
are the key ingredients during feature-metric direct matching.

Two key properties of the feature extractor G that we seek to learn are 1)
domain invariance, i.e., being invariant to the domain of real images and the
domain of synthetic images and 2) transformation sensitive, i.e., being sensitive
to the image difference that is caused by geometry transformations. With these
properties learned, our feature extractor can extract domain-invariant features
during feature-metric direct matching while preserving geometry-sensitive infor-
mation for pose learning. We detail the way to train the DFNet in the Closing
the Domain Gap section.

Direct Feature Matching Direct matching in APR was first introduced by
Direct-PN [5], which minimizes the photometric difference between a real image
I and a synthetic image I rendered from the estimated pose P of the real image
1. Ideally, if the predicted pose P is close to its ground truth pose P, and the
novel view renderer produces realistic images, the rendered image I should be
indistinguishable from the real image.

In practice, we found the photometric-based supervision signal could be noisy
in direct matching, when part of scene content changes. For example, random
cars and pedestrians may appear through time or the NeRF rendering quality
is imperfect. Therefore, we propose to measure the distance between images in
feature space instead of in photometric space, given that the deep features are
usually more robust to appearance changes and imperfect renderings.

Specifically, for an input image I and its pose estimation P=r (I), a syn-
thetic image I= H(P, yr) can be rendered using the pose estimation P and
the histogram embedding y; of the input image I. We then extract the feature
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Fig. 3. A visual comparison of features before and after closing the domain gap. Ide-
ally, a robust feature extractor shall produce indistinguishable features between real
and rendered images from the same pose. Column 2/Column 3 are features trained
without/with using our proposed Liripier 1oss, where our method can effectively pro-
duce similar features across two domains.

map M € REM>*WuxCu gnd M e REM>*WuxCum for image I and I respectively,
where Hy; and Wy, are the spatial dimensions and C); is the channel dimension
of the feature maps. To measure the difference between two feature maps, we
compute a cosine similarity between feature m; € R and m; € R™ for each
feature location i: )

- mi - My

R o Py v .

By minimizing the feature-metric direct matching loss Lgm = Y, (1—cos(m;, m;)),
the pose estimator F can be trained in a semi-supervised manner (note no ground

truth label required for the input image I).

Our direct feature matching may optionally follow the procedure of semi-
supervised training proposed by MapNet+ [4] to improve pose estimation with
unlabeled sequences captured in the same scene. Unlike [4], which requires se-
quential frames to enforce a relative geometric constraint using a VO algorithm,
our feature-matching can be trained by images from arbitrary viewpoints with-
out ground truth pose annotation. Our method can be used at train time with
a batch of unlabeled images, or as a pose refiner for a single test image. In
the latter case, our direct matching can also be regarded as a post-processing
module. During the training stage, only the weights of the pose estimator will be
updated, whereas the feature extractor part remains frozen to back-propagation.

Closing the Domain Gap We notice that synthetic images from NeRF are
imperfect due to rendering artifacts or lack of adaption of the dynamic content
of the scene, which leads to a domain gap between render and real images. This
domain gap poses difficulties to our feature extractor (Fig. 3), which we expect
to produce features far away if two views are from different poses and to produce
similar features between a rendered view and a real image from the same pose.
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Intuitively, we could simply enforce the feature extractor to produce similar
features for a rendered image I and a real image I via a distance function
d(-) during training. However, this approach leads to model collapse [6], which
motivates us to explore the original triplet loss:

&) 15 .
‘Cgriplet = max {d(Mrca17 sy n) ( real’ syn) + margim, 0} ) (2)
where ME eqr and MP syn» the feature maps of a real image and a synthetic image

at pose P, compose a positive pair, and M, Syn is a feature map of a synthetic
image rendered at an arbitrary pose P other than the pose P.

With a closer look at the task of feature-metric direct matching, we im-
plement a customized in-triplet mining which explores the minimum distances
among negative pairs:

Lir; iplet = 1MaXx {d real? Msyn) o + margin, 0} ’ (3)

where the positive pair is as same as Eq. (2) and gg is the minimum distance
between four negative pairs:

do = min {d(Mrealv Teal) d( realVMslj/n) d(MslgD/nV Teal) d( syn’ yn)}
(4)
which essentially takes the hardest negative pair among all matching pairs be-
tween synthetic images and real images that are in different camera poses. The
margin value is set to 1.0 in our implementation. Since finding the minimum
of negative pairs is non-differentiable, we implement the in-triplet mining as a
prior step before Ly ipier is computed.

Overall, to train the pose estimator and to obtain domain invariant and
transformation sensitive property, we adapt a siamese-style training scheme as
illustrated in Fig. 2a. Given an input image I and its ground truth pose P, a
synthetic image I can be rendered via the NVS module A (assumed pre-trained)
using the ground truth pose P. We then present both the real image I and the
synthetic image I ‘to the pose estimator and the feature extractor, resulting in
pose estimations Proa and Psyn and feature maps M,¢, and My, for the real
image I and synthetic image I, respectively. The training then is supervised via
a combined loss function

ACDFNet - Actmplet + £RVS + = (HP Preal||2 + HP - psyn”Q)a (5)
where || - || denotes a Lo loss and Lryg is a supervision signal from our RVS

training strategy, which we explain in Section 3.3.

3.2 Histogram-assisted NeRF

The DFNet pipeline relies on an NVS module that renders a synthetic image from
which we extract a feature map and compare it with a real image. Theoretically,
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(a) Ground Truth (b) NeRF-W/15.20 dB (c) Ours/ 18.22 dB

Fig. 4. Typically NeRF only renders views that reflect the appearance of its train-
ing sequences, as shown by NeRF-W’s synthetic view (b). However, in relocalization
tasks, the query set may have different appearances or exposures to the train set. The
proposed histogram-assisted NeRF (c¢) can render a more accurate appearance to the
unseen query set (a) in both quantitative (PSNR) and visual comparisons. We refer to
the supplementary for more examples.

while the NVS module in our pipeline can be in any form as long as it provides
high-quality novel view renderings, in practice, we found that due to the presence
of auto exposure during image capturing, it is necessary to have a renderer that
can render images in a compensated exposure condition. Although employing
direct matching in feature space could mediate the exposure issue to some extent,
we find decoupling the exposure issue from the domain adaption issue leads to
better pose estimation results.

One off-the-shelf option is a recent work NeRF-W [18], which offers the abil-
ity to control rendered appearance via an appearance embedding that is based
on frame indices. However, in the context of direct matching, since we aim to
compare a real image with its synthetic version, we desire a more fine-grained
exposure control to render an image that matches the exposure condition of the
real image, as illustrated in Fig. 4.

To this end, we propose a novel view renderer histogram-assisted NeRF
(Fig. 2b) which renders an image I = H(P,y;) that matches the exposure level
of a query real image I via a histogram embedding y; of the query image I at
an arbitrary camera pose P. Specifically, our NeRF contains 3 components:

1. A base network H, that provides a density estimation o, and a hidden state
z for a coarse estimation: [0}, 2] = Hp((x)).

2. A static network H, to model density og and radiance ¢, for static structure
and appearance: [0, ¢s] = Hs(z,v(d),yr)-

3. A transient network #; to model density oy, radiance ¢; and an uncertainty
estimation S for dynamic objects: [0y, ct, 8] = Hi(z,y1).

As for the input, x is a 3D point and d is a view angle that observes the 3D
point, with both of them encoded by a positional encoding [10,35,20] operator
~(+) before injecting to each network.

During training, the coarse density estimation from the base network #; pro-
vides a distribution where the other two networks could sample more 3D points
near non-empty space accordingly. Both the static and the transient network are
conditioned on a histogram-based embedding y; € R, which is mapped from a
Ny, bins histogram. The histogram is computed on the luma channel Y of a target



DFNet 9

image in YUV space. We found this approach works well in a direct matching
context, not only in feature-metric space but also in photometric space.

We adopt a similar network structure and volumetric rendering method as
in NeRF-W[18], to which we refer readers for more details.

3.3 Random View Synthesis

During the training of DFNet, we can generate training data by synthesis more
views from randomly perturbed training poses. We refer this process as Random
View Synthesis (RVS), and we use this data generation strategy to help the
DFNet to better generalize to unseen views.

Specifically, given a training pose P, a perturbed pose P’ can be generated
around the training pose with a random translation noise of 1) meters and ran-
dom rotation noise of ¢ degrees. A synthetic image I’ = H(P',yy,,) is then
rendered via histogram-assisted NeRF H, with y;  being the histogram em-
bedding of the training image with the nearest training pose. The synthetic
pose-image pair (P’,I’) is used as a training sample for the pose estimator to
provide an additional supervision signal Lzys = ||[P’ — P'||o, where P = F(I)
is the pose estimation of the rendered image.

A key advantage of our method is efficiency in comparison with prior training
sample generation methods. For example, LENS [22] generates high-resolution
synthetic data with a maximum of 40s/image and requires complicated param-
eter settings in finding candidate poses within scene volumes. In contrast, our
RVS is a lightweight strategy that seamlessly fits our DFNet training at a much
cheaper cost (12.2 fps) and with fewer constraints in pose generation while being
able to reach similar performance. We refer to Section 4.5 for more discussion.

4 Experiments

4.1 Implementation

We introduce the implementation details for histogram-assisted NeRF, DFNet,
and direct feature matching. We also provide more details in the supplementary.

NeRF Our histogram-assisted NeRF model is trained with a re-aligned and
re-centered pose in SE(3), similar to Mildenhall et al. [20]. The image histogram
bin size is set to N, = 10 and embedded with a vector dimension of 50 for the
static model and 20 for the transient model. We train the model with a learning
rate of 5 x 10™* and an exponential decay of 5 x 10~* for 600 epochs.

DFNet Our DFNet adapts an ImageNet pre-trained VGG-16 [31] as the
backbone, and an Adam optimizer with a learning rate of 1 x 10™% is applied
during training. For feature extraction, we extract L = 3 feature maps from the
end of the encoder’s first, third, and fifth blocks before pooling layers. All final
feature outputs are upscaled to the same size as the input image H x W with
bilinear upsampling. For pose regression, we regresses the SE(3) camera pose
with a fully connected layer. A singular value decomposition (SVD) is applied
to ensure the rotation component of P is normalized [5].
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Table 1. Pose regression results on 7-Scenes dataset. We compare DFNet and
DFNetgn (DFNet with feature-metric direct matching) with prior single-frame APR
methods and unlabeled training methods, in median translation error (m) and rota-
tion error (°). Note that MapNet+ and MapNet+PGO are sequential methods with
unlabeled training. Numbers in bold represent the best performance.

‘Methods ‘ Chess Fire Heads Office Pumpkin  Kitchen Stairs ‘ Average
PoseNet(PN)[14] 0.32/8.12 0.47/14.4 0.29/12.0 0.48/7.68 0.47/8.42 0.59/8.64 0.47/13.8|0.44/10.4

PN Learn o°[13)] 0.14/4.50 0.27/11.8 0.18/12.1 0.20/5.77 0.25/4.82 0.24/5.52 0.37/10.6 | 0.24/7.87

geo. PN[13] 0.13/4.48 0.27/11.3 0.17/13.0 0.19/5.55 0.26/4.75 0.23/5.35 0.35/12.4 | 0.23/8.12

LSTM PNI[36] 0.24/5.77 0.34/11.9 0.21/13.7 0.30/8.08 0.33/7.00 0.37/8.83 0.40/13.7 | 0.31/9.85
I-frame Hourglass PN[19] 0.15/6.17 0.27/10.8 0.19/11.6 0.21/8.48 0.25/7.0 0.27/10.2 0.29/12.5 | 0.23/9.53
APR BranchNet|[38] 0.18/5.17 0.34/8.99 0.20/14.2 0.30/7.05 0.27/5.10 0.33/7.40 0.38/10.3 | 0.29/8.30
MapNet[4] 0.08/3.25 0.27/11.7 0.18/13.3 0.17/5.15 0.22/4.02 0.23/4.93 0.30/12.1 | 0.21/7.77
Direct-PN[5] 0.10/3.52 0.27/8.66 0.17/13.1 0.16/5.96 0.19/3.85 0.22/5.13 0.32/10.6 | 0.20/7.26

TransPoseNet[29] 0.08/5.68 0.24/10.6 0.13/12.7 0.17/6.34 0.17/5.6  0.19/6.75 0.30/7.02 | 0.18/7.78
MS-Transformer[28] | 0.11/4.66 0.24/9.60 0.14/12.2 0.17/5.66 0.18/4.44 0.17/5.94 0.17/5.94 | 0.18/7.28

DFNet (ours) 0.05/1.88 0.17/6.45 0.06/3.63 0.08/2.48 0.10/2.78 0.22/5.45 0.16/3.29|0.12/3.71
MapNet ; (seq.)[4] 0.10/3.17  0.20/9.04 0.13/11.1 0.18/5.38 0.19/3.92 0.20/5.01 0.30/13.4 | 0.19/7.29
Unlabel [MapNet ; pgo(seq)[4]] 0.09/3.24  0.20/9.29 0.12/845 0.19/5.42 0.19/3.96 0.20/4.94 0.27/10.6 | 0.18/6.55
Data |Direct-PN+U[5] 0.09/2.77 0.16/4.87 0.10/6.64 0.17/5.04 0.19/3.59 0.19/4.79 0.24/8.52|0.16/5.17

DFNetgrm (ours) 0.04/1.48 0.04/2.16 0.03/1.82 0.07/2.01 0.09/2.26 0.09/2.42 0.14/3.31|0.07/2.21

Direct Feature Matching To validate our feature-metric direct matching
formulation, we follow the same procedure from MapNet+ [4] and Direct-PN+U
[5], which use a portion of validation images without the ground truth poses for
finetuning. When finetuning DFNet, we optimize the pose regression module F
solely based on the direct feature matching loss Lg4,,,. We set the batch size to 1
and the learning rate to 1 x 107°. For naming simplicity, we named our model
trained with direct feature matching as DFNetg,,.

4.2 Evaluation on the 7-Scenes Dataset

We evaluate our method on an indoor camera localization dataset 7-Scenes
[11,30]. The dataset consists of seven indoor scenes scaled from 1m3 to 18m?.
Each scene contains 1000 to 7000 training sets and 1000 to 5000 validation
sets. Both histogram-assisted NeRF and DFNet use subsampled training data
with a spacing window d = 5 for scenes containing < 2000 frames and d = 10
otherwise. RVS poses are sampled on the training pose, and the DFNet param-
eters are ty, = 0.2m, ry = 10°, and dyqe = 0.2m. For fair comparison to other
unlabeled training methods such as MapNet+ and Direct-PN, we finetune our
DFNetg,, using the same amount of unlabeled samples, which is 1/5 or 1/10 of
the sequences based on the spacing window above to ensure our method is not
overfitting to the entire test sequences.

We compared our method quantitatively with prior single-frame APR meth-
ods and unlabeled training APR methods in Table 1. The results show that
both our DFNet and DFNetg,,, obtain superior accuracy, and DFNet,,, achieves
56% and 57% improvement over averaged median translation and rotation errors
compared to prior SOTA performance.
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Table 2. Single-frame APR results on Cambridge dataset. We report the me-
dian position and orientation errors in m/° and the respective rankings over scene
average as in [29,28]. The best results is highlighted in bold. For fair comparisons, we
omit prior APR methods which did not publish results in Cambridge.

Methods ‘ Kings Hospital Shop Church ‘ Average ‘Ranks‘Final Rank

PoseNet(PN)[14] | 1.66/4.86 2.62/4.90 1.41/7.18 2.45/7.96 | 2.04/6.23| 9/9
PN Learn 0°[13]  |0.99/1.06 2.17/2.94 1.05/3.97 1.49/3.43 |1.43/2.85| 6/3
geo. PN[13] 0.88/1.04 3.20/3.29 0.88/3.78 1.57/3.32 |1.63/2.86 | 7/4
LSTM PN([36] 0.99/3.65 1.51/4.29 1.18/7.44 1.52/6.68 [1.30/5.51| 5/8
MapNet[4] 1.07/1.89 1.94/3.91 1.49/4.22 2.00/4.53 |1.63/3.64 | 7/7

TransPoseNet[29] | 0.60/2.43 1.45/3.08 0.55/3.49 1.09/4.94 [0.91/3.50 | 2/6
MS-Transformer[28]| 0.83/1.47 1.81/2.39 0.86/3.07 1.62/3.99 | 1.28/2.73 | 4/2
DFNet (ours) 0.73/2.37 2.00/2.98 0.67/2.21 1.37/4.03[1.19/2.90| 3/5
DFNetgy, (ours)  |0.43/0.87 0.46/0.87 0.16/0.59 0.50/1.49(0.39/0.96| 1/1

WK WO T©

Table 3. Comparison between our method and sequential-based APR methods and
3D structure-based methods.

H 3D H Seq. APR 1-frame
’ . MapNet . CoordiNet
Methods || AS[27] H+PGO[4] CoordiNet[21] +Lens[22] VLocNet[34]| DFNet g,
Chess || 0.04/2.0([0.09/3.24  0.14/6.7  0.03/1.3  0.04/1.71 |0.04/1.48
Fire 0.03/1.5 {/0.20/9.29  0.27/11.6 0.10/3.7  0.04/5.34 | 0.04/2.16

Heads || 0.02/1.5||0.12/8.45 0.13/13.6  0.07/5.8 0.05/6.65 |0.03/1.82
Office || 0.09/3.6](0.19/5.42  0.21/8.6  0.07/1.9 0.04/1.95 |0.07/2.01
Pumpkin|| 0.08/3.1 ||0.19/3.96  0.25/7.2  0.08/2.2 0.04/2.28 |0.09/2.26
Kitchen || 0.07/3.4((0.20/4.94  0.26/7.5  0.09/2.2 0.04/2.21 |0.09/2.42
Stairs || 0.03/2.2 ||0.27/10.6  0.28/12.9  0.14/3.6 0.10/6.48 |0.14/3.31

Average || 0.05/2.5]|0.18/6.55  0.22/9.7  0.08/3.0 0.05/3.80 |0.07/2.21

Kings | 0.42/0.6 - 0.70/2.92  0.33/0.5  0.84/1.42 |0.43/0.87
Hospital || 0.44/1.0 - 0.97/2.08  0.44/0.9  1.08/2.41 |0.46/0.87
Shop 0.12/0.4 - 0.73/4.69  0.27/1.6  0.59/3.53 | 0.16/0.59
Church | 0.19/0.5 - 1.32/3.56  0.53/1.6  0.63/3.91 |0.50/1.49
Average [/0.29/0.63| - 0.92/2.58 0.39/1.15 0.78/2.82 |0.39/0.96

4.3 Evaluation on Cambridge Dataset

We further compare our approach on four outdoor scenes from the Cambridge
Landmarks [14] dataset, scaling from 875m? to 5600m?. Each scene contains
from 200+ to 1500 training samples. Our models are trained with 50% of train-
ing data, and DFNet’s RVS are ty, = 3m, ry = 7.5°, and dyqe = 1m. For
finetuning DFNetg,, with unlabeled data, we use 50% of the unlabeled valida-
tion sequence since fewer validation sets are available than 7-Scenes. Table 2
shows a comparison between our approach and prior single-frame APR meth-
ods, which omits prior APR methods that did not report results in Cambridge.
We observe that our DFNetg,, outperforms other methods significantly (60%-+
in scene average), which further proves the effectiveness of our approach.
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Table 4. (a) The effect of various level of features on DFNetqy, result. Letter F, M,
and C denote features extracted from fine, middle, and coarse levels in DFNet.

(b) Ablation on DFNet (upper part) and histogram-assisted NeRF in photometric
direct matching (lower part). DFM denotes Direct Feature Matching.

(b) Ablation

(a) Featrue level vs. pose error Method Shop Facade
DFNet w/ L3 1.49m/5.80°
Feature Level DFNetg,, (ShopFacade) +RVS 0.86m/4.05°
" +Lriplet 0.72m/2.58°
F 0.15m, 0.64 +DFM (NeRF-W)  0.43m/1.62°
F+M 0.19m, 0.77 +DFM (NeRF-Hist) 0.15m/0.65°
F+M+C 0.20m, 0.77°
Direct-PN 1.10m/4.25°
Direct-PN+U 1.41m/6.97°
+ NeRF-Hist 0.72m/3.39°
0.7 0.9
064 0.8
£ £0.74
Sos+ <F 064
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Fig.5. Pose difference vs. feature dissimilarity. X-axis: camera position (left) and
orientation difference (right) between a real image and a rendered image. Y-axis:
feature dissimilarity Lgm,. Our direct feature matching loss L4, is closely related to
pose error, leading to effective training of the APR method.

4.4 Comparison to Sequential APR and 3D Approaches

Table 3 compares our method to other types of relocalization approaches, such
as several state-of-the-art sequential-based APR approaches and 3D structure-
based method Active Search [27]. We notice that our DFNetgy, outperforms
most sequential-based APR methods except the translation error of VLocNet
[34] on 7-Scenes in terms of the scene average performance. However, we still
achieve superior accuracy than VLocNet in 7 out of 11 scenes. For the first time,
the performance of single-image APR is comparable to 3D-structure methods.
Our DFNetg,, is slightly more accurate than Active Search [27] in average ro-
tation error of 7-scenes. However, our method is still slightly behind in terms of
translation error and Cambridge errors although by smaller margins.

4.5 Ablation Study

Effectiveness of Direct Feature Matching We run a toy example of direct
feature matching on Shop Facade using finest features and combinations of multi-
level features, as in Table 4(a). We discover that finer-level features are more
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Input Fine Midium Coarse

Kings

Kings

Hospital

(b) More feature maps examples when trained with triplet loss

Fig. 6. (a) Top row: feature collapsing when training DFNet on Kings without using
triplet loss. Bottom row: training DFNet with triplet loss can avoid the feature collaps-
ing issue. (b) Feature maps of other scenes in Cambridge when training with triplet
loss. We show that more refined level features consistently contain more meaningful
details and, therefore more beneficial to use for direct feature matching.

Table 5. Data generation strategy comparison: RVS vs. LENS [22] on 7-
Scenes. An EfficientNet backbone (as in LENS) is used in DFNet for a fair comparison.
Our RVS strategy obtains a comparable results to LENS while using much less training
data and rendering in much lower resolution, enabling online training.

Model Backbone Pose Error Real Data Synthetic Data Synthetic Rendering Generation

Top-1 Acc. (m/degree) Quantity /Epoch Quantity/Epoch Resolution — Cost Mode
DFNet(VGG16) 71.59%  0.12/3.71 10-20% 10-20% Low Cheap Online
DFNet(EBO) 76.3%  0.08/3.47 10-20% 10-20% Low Cheap Online
LENS(EB3) 81.1% 0.08/3.00 71%-100% 710%-1000% High  Expensive Offline

helpful for direct matching. We believe this to be due to their capability to
preserve high frequency details and sharper contents, as shown in (Fig. 6(b)).
This explains why we only use the finest feature in the feature-metric direct
matching implementation. Furthermore, Fig. 5 shows how the direct matching
loss L4y, successfully correlates the pose differences to the feature similarity
between real images and rendered images.

Features Collapse We demonstrate the difference when training DFNet’s fea-
ture extractor with and without triplet loss in Fig. 6(a). We replace our triplet
loss with a mean square error (MSE) loss for the without triplet loss case. Intu-
itively, losses that only minimize positive sample distances such as MSE, Lo, or
L losses may lead to feature collapsing [6] since the feature extraction blocks in
DFNet are likely to learn to cheat. On the other hand, using triplet loss super-
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vised with additional negative samples works well for extracting dense domain
invariant features.

Summary of Ablation We break down our design decisions to show how
each component contributes to the pose regression accuracy in Table 4(b). We
start with training an DFNet model using with standard triplet loss without
mining. The performance improves noticeably when we add the RVS. We also
see around 16%/36% gain in translation and rotation errors when adding the
customized triplet loss Lyipiee - We then validate our DFNetg,,’s direct feature
matching (DFM), which further reduces error significantly. The DFM approach
with histogram-assisted NeRF outperforms the NeRF-W one, which validates
the effectiveness of our histogram embedding design. Finally, we attempt to
train a Direct-PN+U model with our histogram-assisted NeRF modification.
Our results show that the photometric direct matching-based method that can
benefit from our new NVS method, though the pose estimation accuracy is worse
than our feature-metric direct matching method.

Effectiveness of RVS Table 5 shows a comparison between our online RVS
strategy with another peer work LENS [22] that uses NeRF data generation for
APR training. Although both data generation methods effectively improve APR
performance, our RVS strategy is a much cheaper alternative requiring lower
rendering resolution (80x60 vs. 320x240 [22]) and fewer data. We are able to reach
similar performance with LENS when we replace our VGG16 backbone with an
EfficientNet-B0 [33], which proves that a simpler data generation strategy could
also effectively improves APR methods.

5 Conclusion

In summary, we introduce an Absolute Pose Regression (APR) pipeline for cam-
era re-localization. Specifically: 1) we propose a histogram-assisted NeRF to
compensate dramatic exposure variance in large scale scene with challenging
exposure conditions. The histogram-assisted NeRF, serving as a novel view ren-
derer, enables a direct matching training scheme; 2) we explore a direct matching
scheme in feature space, leading to a more robust performance than the pho-
tometric approach, and address a domain gap issue that arises when matching
real images with synthetic images via a contrastive learning scheme; 3) we de-
vise an efficient data generation strategy, which proposes pseudo training poses
around existing training trajectories, leading to better generalization capability
to unseen data. As a result, our method achieves a state-of-the-art accuracy by
outperforming existing single-image APR methods by as much as 56%, compa-
rable to 3D structure-based methods.
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6 Supplementary

6.1 Implementation

Histogram-assisted NeRF Here, we provide more implementation details of
our methods. As we mentioned in Section 3.3 of the main paper, our histogram-
assisted NeRF model renders at a speed of 12.2 fps (benchmarked by a 3080T1i
GPU) to achieve online RVS training. In order to achieve a balanced trade-off
between speed and quality, we choose to render small images with a shorter side
of 60 pixels. In addition, we set the NeRF model architecture to 64 coarse and
64 fine sampling with an MLP width of 128.

DFNet Our DFNet takes an image input with a shorter side of 240 pixels.
For feature extractor module G of DFNet, features are fed through a Conv-
Relu-Conv-Batch Norm architecture with 64 kernels and 128 output channels.
The DFNet is trained with a batch size of 4 or 8, depending on the GPU’s
memory. We implement an early stopping strategy with a patient value of 200
and schedule the learning rate decay of 0.95 when validation loss plateaus for
every 50 epochs. For every N = 20 epochs, we will randomly generate the same
amount of views as the training sample size using RVS.

Direct Feature Matching To train the DFNetg,,, model with feature-metric
direct matching using unlabeled data, we set the batch size to 1 and the learning
rate to 1 x 1075 with the same early stopping strategy mentioned above. We
discover that only low-level features (i.e., features from the first blocks of VGG)
are needed to achieve the best performance, which we discussed earlier in Section
4.5 of the main paper.

6.2 Visualization

Qualitative Comparison on 7-Scenes We show a selection of qualitative
comparisons on the 7-Scenes dataset with several baseline APR methods [13,4,5]
in Fig. 7. We also encourage our readers to check out our supplementary video,
in which we rendered views of the predicted pose using NeRF synthesis.

NeRF-W vs. Histogram-assisted NeRF In real-life camera localization ap-
plications, since training and testing data are likely to be taken from different
sequences, camera exposures, or time of the day, our histogram-assisted NeRF
would be more helpful to render accurate appearcance Fig. 8. We experimentally
found our histogram-assisted NeRF is helpful in both photometric matching and
feature-metric matching approaches.
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6.3 Additional Discussion

Photometric Distortion As discussed in section 3.2 of the main paper, pho-
tometric matching relies on RGB-wise differences between the query and ren-
dered images. However, if those images appear in different lighting/exposure
conditions, the photometric loss will fail due to large RGB-wise differences even
under the same camera pose. Previous photometric matching approaches, such
as Direct-PN+U, perform worse in pose estimation when using unlabeled data
with large appearance variations from the training sequences (refer to the lower
part of main paper Table 4b). We observed that such degradation is consistent
in other outdoor scenes.

Two Properties of Domain Invariant Features We had two clear goals for
designing our robust feature extractor: (1) We want the extracted features to
be sensitive to pose changes. (2) We want the features to be indistinguishable
between real and rendered image features from the same pose (Close the Domain
Gap). Our first goal is achieved by the Lo pose loss supervision, which ensures
the features are closely related to the pose regression task. We specifically design
the Feature Extractor to share the backbone with the Pose Module (see main
paper Fig 2a). Although the deeper layer features may lose semantic meaning,
we observe that those features can respond to pose changes.

The triplet loss is primarily designed to achieve the second goal without
feature collapse in the training process. We previously tried to force real and
rendered image features to be the same by using MSE/ L, losses, leading to fea-
ture collapse (main paper Fig 6a). This is because the pink layers in main paper
Fig 2a, despite being shallow, are likely to learn to cheat since those layers are
not supervised by other meaningful losses. Thus, we introduce the triplet loss to
prevent features collapsing. We experimentally find that the proposed in-triplet
mining adds extra robustness to both feature extraction and pose regression
and leads to better APR performance overall. Such observation could hint that
removing the domain gap benefits APR training when using extra randomly
generated synthetic training data.
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(a) PoseNet[14,12,13] (b) MapNet+PGO[4] (c) Direct-PN+U[5] (d) DFNetarm,

Fig. 7. Qualitative comparison on the 7-Scenes dataset. The 3D plots show the cam-
era positions, green for ground truth and red for predictions. The bottom color bar
represents rotational errors for each subplot, where yellow means large error and blue
means small error for each test sequence. Sequence names from top to bottom are:
Chess-seq-03, Fire-seq-04, Office-seq-07, Kitchen-seq-06, Kitchen-seq-12, Stairs-all.
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Ground Truth NeRF-W Ours

Church
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Hospital

16.57 dB

College
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Fig. 8. A visual comparison between NeRF-W and our histogram-assisted NeRF on
the testing sequences of Cambridge Landmarks dataset. The corresponding scene’s test
PSNR is displayed at the bottom of each sub-figure.
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Chapter 5

Neural Pose Refinement via

Neural Feature Fields

This chapter explores an inference-based camera pose refinement method for vi-
sual relocalisation, leveraging the scene information embedded within the Neural
Feature Fields as a geometric prior. To be more precise, this can be be further
categorised as an implicit prior. Unlike explicit 3D models (e.g., point clouds or
meshes), this prior is implicitly encoded within the neural network’s parameters,
capturing the underlying geometric and semantic consistency of the scene to guide
the pose refinement process.

While APR methods can obtain improved accuracy by incorporating 3D geo-
metric supervision during training, as shown in Chapter 3 and Chapter 4, they are
unable to leverage 3D geometric information at test time. This lack of test-time
adaptability limits their robustness and contributes to their suboptimal perfor-
mance compared to state-of-the-art 3D geometry-based approaches.

Motivated by this challenge, this chapter introduces Neural Feature Synthesizer
(NeFeS), a test-time refinement framework designed to enhance the prediction

of any APR method. Specifically, NeFeS is APR-agnostic and operates without
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requiring additional labelled or unlabelled data, making it compatible with a wide
range of existing APR architectures.

NeFeS consists of several key elements. First, it learns a volumetric 3D fea-
ture field that encodes geometric structure through differentiable rendering during
training. At inference time, NeFeS directly renders dense novel view features from
novel viewpoints corresponding to initial APR predictions to refine the poses.
Second, NeFeS integrates a Feature Fusion Module and an exposure compensation
method called Affine Color Transformation (ACT) to improve the quality of the
rendered features. A progressive training strategy is used to further stabilise the
feature learning process.

We conducted extensive experiments to show that NeFeS consistently improves
the accuracy of various APR baselines and achieves state-of-the-art performance
across indoor and outdoor benchmarks. Notably, it does so without requiring any
test-time supervision or retraining of the existing APR model.

The main content presented below in this chapter is based on our paper, Neural
Refinement for Absolute Pose Regression with Feature Synthesis, published at the

2024 Conference on Computer Vision and Pattern Recognition.
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Abstract

Absolute Pose Regression (APR) methods use deep neu-
ral networks to directly regress camera poses from RGB
images. However, the predominant APR architectures only
rely on 2D operations during inference, resulting in limited
accuracy of pose estimation due to the lack of 3D geometry
constraints or priors. In this work, we propose a test-time
refinement pipeline that leverages implicit geometric con-
straints using a robust feature field to enhance the ability of
APR methods to use 3D information during inference. We
also introduce a novel Neural Feature Synthesizer (NeFeS)
model, which encodes 3D geometric features during train-
ing and directly renders dense novel view features at test
time to refine APR methods. To enhance the robustness of
our model, we introduce a feature fusion module and a pro-
gressive training strategy. Our proposed method achieves
state-of-the-art single-image APR accuracy on indoor and
outdoor datasets. Code will be released at https://
github.com/ActiveVisionLab/NeFeS.

1. Introduction

Camera relocalization is a crucial task that allows machines
to understand their position and orientation in 3D space.
It is an essential prerequisite for applications such as aug-
mented reality, robotics, and autonomous driving, where the
accuracy and efficiency of pose estimation are important.
Recently, Absolute Pose Regression (APR) methods [21-
23] have been shown to be effective in directly estimating
camera pose from RGB images using convolutional neu-
ral networks. The simplicity of APR’s architecture offers
several potential advantages over classical geometry-based
methods [5, 46, 48], involving end-to-end training, cheap
computation cost, and low memory demand.

Latest advances in APR, particularly the use of novel
view synthesis (NVS) [10, 11, 29, 32, 33, 52] to generate
new images from random viewpoints as data augmentation
during training, have significantly improved the pose re-
gression performance. Despite this, state-of-the-art (SOTA)

.+ Ground Truth LM
+ Prediction

(a) Before Pose Refinement (b) After Pose Refinement

Figure 1. Our pose refinement (R) improves (coarse) pose predic-
tions from other methods using novel feature synthesis to achieve
pixel-wise alignment. Top left / right: 3D plots of predicted
(green) and ground-truth (red) camera positions. Bottom left /
right: alignment between rendered features and query image.

APRs still have the following limitations: (i) They predict
the pose of a query image by passing it through a CNN,
which typically disregards geometry at inference time. This
causes APR networks to struggle to generalize to view-
points that the training data fails to cover [49]; (ii) The un-
labeled data, often sampled from the validation/testing set,
used for finetuning the APR network [8, 10, 11] may not
be universally available in real-life circumstances, and this
semi-supervised finetuning is also time-consuming.

To address these limitations, we propose a novel test-
time refinement pipeline for APR methods. Unlike prior
works that explore extended Kalman filters [34], pose graph
optimization [8], or pose auto-encoders [52], our method
integrates an implicit representation based geometric refine-
ment into an end-to-end learning framework, where gradi-
ents can be backpropagated to the APR network. We test
our proposed method across different APR architectures to



demonstrate its robustness and effectiveness. Furthermore,
we propose a Neural Feature Synthesizer (NeFeS) network
to encode the 3D geometry of a scene implicitly into an
MLP. NeFeS renders dense features from novel viewpoints
for refinement. To ensure the robustness of feature render-
ing, we introduce a Feature Fusion module into NeFeS that
combines the rendered color and features and is trained in a
progressive manner. Our method leverages prior literature
on volume rendering to inherently constrain geometric con-
sistency during test time using implicit 3D neural feature
fields. As such, our approach occupies a middle ground be-
tween APR and methods informed by geometry.

‘We summarize our main contributions as follows: First,
we propose a test-time refinement pipeline that greatly im-
proves the pose-estimation accuracy of any APR model
without using additional unlabeled data and exhibits a new
single-frame APR SOTA performance on standard bench-
marks. Second, we propose a Neural Feature Synthesizer
(NeFeS) network that implicitly encodes 3D geometric fea-
tures. NeFeS refines an initial pose by rendering a dense
feature map and making the comparison with the query im-
age feature. Third, we propose a progressive training strat-
egy and a Feature Fusion module to improve the robustness
of the rendering ability of the NeFeS model.

2. Related Work

Absolute Pose Regression (APR). APR methods have
been widely studied due to their simple and lightweight
formulation that allows the camera pose to be directly re-
gressed using an end-to-end neural network. PoseNet [21—
23] introduced the first APR solution using GoogLeNet-
backbone, followed by various architectures like the hour-
glass network [31], attention layers [53, 54, 64], separated
translation and rotation prediction [37, 66], or LSTM [63].
To further improve APR accuracy, some works utilize se-
quential information. These approches incorporate tempo-
ral constraints such as visual odometry [8, 42, 61], motion
[34], temporal filtering [15], and multitasking [42]. Recent
APR methods also benefit from novel view synthesis, where
one line of approaches focuses on generating large amounts
of extra photo-realistic synthetic data [11, 33, 40] via ran-
domly sampled virtual camera poses. However, generating
high-quality offline synthetic data may take several days
[33] for each scene. Other approaches [10, 11] use NeRF
[29, 32] as a direct matching module to perform unlabeled
finetuning [8] using extra images without ground-truth pose
annotation. However, finetuning takes significant time and
assumes that extra unlabeled data can be easily obtained.
While the aforementioned works enhance APR training,
we focus on improving generic APR methods during test
time. Unlike prior works that only exam means for test-
time refinement on a single specific APR architecture, such
as extended Kalman filters [34], pose graph optimization

[8], or pose auto-encoders [52], our method exhibits strong
flexibility to be adapted to a wide range of APR architec-
tures on both camera positions and orientations, achieving
state-of-the-art results without extra unlabeled data.

Notably, classical geometry-based techniques [4—06, 28,
44, 46-48] that require explicit feature correspondence
search [16, 17, 26, 45, 57, 58] also employ test-time re-
finement to improve localization accuracy. For example,
[28, 44, 46] build upon image retrievals and pre-computed
StM model to perform standard geometric refinement via
neural network-based feature matcher, PnP+RANSAC, or
dense featuremetric-alignment. Our method, however, of-
fers end-to-end neural feature refinement via implicit repre-
sentation, enhancing existing APR models without external
storage, pre-computed data, or manual tuning.

Neural Radiance and Feature Fields. Neural Radiance
Fields (NeRF) [32] revolutionized novel view image syn-
thesis and 3D surface reconstruction. NeRF’s implicit 3D
representation and differentiable volume rendering enable
self-supervised optimization from RGB images, avoiding
costly 3D annotations. iNeRF [67] showed that NeRF can
be inverted for pose optimization. Recent approaches such
as BARF [27] and its counterparts [3, 14, 65] simultane-
ously train NeRF by treating camera poses as learnable pa-
rameters in simple, non-360°scenes. Parallel works, NICE-
SLAM [69] and iMAP [56], use NeRF for dense geometry
and real-time camera tracking. Direct-PN [10] uses NeRF
as a direct matching module to compute the photometric
errors and propagate the error gradients back to the pose
regression network. DFNet [1 1] extends this method to out-
door scenarios with robust feature extraction. LENS [33]
uses NeRF to generate a synthetic training dataset based on
manually tuned scene bounds and parameters.

Recently, NeRF models have been extended to directly
predict and render feature fields alongside density and ap-
pearance fields. Typically, these feature fields are learned
by supervision from a 2D feature extractor using volumet-
ric rendering. [2, 24, 60] showed that these 3D feature fields
outperform 2D baselines [9, 12, 25] on downstream tasks
such as 2D object retrieval or 3D segmentation. CLIP-
Fields [51] established feature fields as scene memory for
robot navigation. This work explores distilled neural fea-
ture fields for camera relocalization, highlighting their role
in test-time pose refinement.

3. Method

In this section, we present a detailed outline of our ap-
proach. Sec. 3.1 provides a high-level overview of our re-
finement framework. Sec. 3.2 describes the architecture and
training details of our proposed NeFeS network along with
its two components: Exposure-adaptive Affine Color Trans-
Jormation (ACT) and Feature Fusion module.
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Figure 2. Illustration of the pose refinement pipeline. The query image is processed by a pose estimator J, typically an absolute
pose regressor, to obtain a coarse camera pose P. Our novel feature synthesizer A renders a dense feature map f"¢"¢ based on P.
Simultaneously, the feature extractor G extracts the feature map f€ from the query image. We then compute the feature-metric error
between f7¢"¢ and £, denoted as £ feature. This error is backpropagated to update either the parameters of F or the pose P directly.

3.1. Refinement Framework for APR

Given a query image I, an absolute pose regression (APR)
network F directly regresses the camera pose PofI: P =
F(I). The network is typically trained with ground truth
image-pose pairs. While APR-based methods are much
more efficient than geometry-based methods since they re-
quire only a single forward pass of the network, the qual-
ity of their predictions is often significantly worse than
those of geometry-based methods due to the lack of any 3D
geometry-based reasoning [49].

In contrast to prior APR research, which attempts to im-
prove APR by adding constraints to the training loss or
making architectural changes to the backbone network, we
propose an alternative method to refine the results of APR
methods by backpropagating a feature-metric error at in-
ference time. Our method has three major components
(see Fig. 2): (1) a pretrained APR network, denoted as F,
which provides an initial pose; (2) a differentiable novel fea-
ture synthesizer A that directly renders dense feature maps
given a camera pose; (3) an off-the-shelf feature extractor
G that extracts the dense feature map of the query image.
In our implementation, the feature extraction module from
[11] is employed as the feature extractor G.

The refinement procedure is as follows: (i) The query
image [ is passed through the pretrained APR model F to
predict a coarse camera pose P. (ii) The feature synthesizer
N renders a dense feature map f7°"¢ € R™*€ given the
coarse camera pose ﬁ’, where n = h X w, and h and w
are the spatial dimensions of the feature map'. (iii) At the
same time, the feature extractor G extracts a feature map
f¢ = G(I) from the query image, where f¢ € R™*¢, (iv)
The pose Pis iteratively refined by minimizing the feature
cosine similarity 10ss £ feqrure [11] between frendand fC:

INote: We treat the n dimension as the feature rather than ¢ dimension.
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where f:f”d, ffi € R™, (-, ) denotes the inner product be-
tween two vectors and || - ||2 represents the L2 norm. Differ-
ent from the common feature matching literature’s [26, 57]
convention, our features are normalized along the spatial
direction instead of the channel direction to ensure the con-
sistency of the neighboring pixels.

Our method can be regarded as post-processing to the
initial pose P. We do not save the updated weights of the
APR method since we restart from the initial state when
given a new query image.

3.2. Neural Feature Synthesizer

We propose a Neural Feature Synthesizer (NeFeS) model
that directly renders dense feature maps of a given view-
point to refine the predictions of an underlying APR net-
work. Similar to NeRF-W [29], our NeFeS architecture
uses a base MLP module with static and transient heads
that predict the static and transient density (¢(*) and o(7))
and view-dependent color (¢(*) and ¢(™) respectively, given
an input 3D position (x) and viewing direction (d). We use
the frequency encoding [32, 62] to encode all 3D positions
and view directions. The transient head models the colors
of the 3D points using an isotropic normal distribution and
predicts a view-dependent variance value (32) for the tran-
sient color distribution. To render the color of a given pixel,
the original volume rendering formulation in NeRF [32] is
augmented to include the transient colors and densities, and
the color of a given image-pixel (C(r)) is computed as a
composite of the static and transient components. Here, r
denotes the ray (corresponding to the pixel) on which points
are sampled to compute the volume rendering quadrature
approximation [30]. The variances of sampled points along
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Figure 3. The architecture of our proposed NeFeS model. The query 3D position x is fed to the network after positional encoding PE(-).
The network then splits into two heads: the static head and the transient head. Given a viewing direction d, the rendered color map is
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. In addition, the color map adopts exposure-adaptive ACT to

compensate for exposure differences between images. The final feature map F fusion 18 the concatenation of rendered RGB and feature

map processed by the feature fusion module.

the corresponding ray are also rendered using only the tran-
sient densities (and not the static densities) to obtain a per-
pixel color variance 3(r)?. We refer reader to [29] for more
details on the static+transient volume rendering.

We expand the output of the static MLP to also predict
features for an input 3D position. The output dimension is
N, + Ny, where N features are predicted along with RGB
values. The per-pixel features are rendered using the same
volume rendering quadrature approximation [30]:

Ff(r) = iTl (1 —exp (—UES)&)) f;,
- o @)
T, =exp | — ZUJ(S)&j
j=1

where f; and afs) are the feature and density predicted by

the static MLP for a sampled point on the ray, and d; is the
distance between sampled quadrature points ¢ and ¢ + 1.

Fig. 3 demonstrates the architecture of our proposed Ne-
FeS model. We propose two crucial components in the ren-
dering pipeline of our NeFeS architecture that ensure the
robustness of our rendered features.

Exposure-adaptive ACT. In the context of camera relo-
calization, testing images may differ in exposure or lighting
from training sequences. To address this, DFNet [11] pro-
posed using the luminance histogram of the query image as
a latent code input to the color prediction head of the NeRF
MLP. However, since our NeFeS outputs both colors and
features simultaneously, we find this approach perturbs the
feature output values and causes instability. Ideally, the fea-
ture descriptors should be able to maintain local invariance
even under varying exposure. Inspired by Urban Radiance
Fields (URF) [43], we propose to use an exposure-adaptive

Affine Color Transformation (ACT) which is a 3 X 3 matrix
K and a 3-dimensional bias vector b predicted by a 4-layer
MLP with the query image’s luminance histogram y;. Un-
like URF, which uses a pre-determined exposure code, we
use the query image’s histogram embedding for accurate
appearance rendering of unseen testing images. The final
per-pixel color C(r) is computed using the affine transfor-
mation as C(r) = K(A?rend(r) + b, where Crend(r) is the
rendered per-pixel color obtained using the static and tran-
sient MLPs.

Feature Fusion Module We propose a Feature Fusion
module to fuse the rendered colors and features to produce
the final feature map. The rendered colors and features are
concatenated and fed into the fusion module consisting of
three 3x3 convolutions, followed by a 5x5 convolution and
a batch normalization layer. During inference, we render
colors and features for all H x W image pixels and the re-
sulting HXWx(N.+N) tensor is processed by the module.
Note, for efficiency during training, we sample Sx.S regions
to render and apply the loss to those pixels each iteration.

We use H to represent the fusion module. The final out-
put feature result is:

Ffusion(R) = H(C(R),F(R)) 3)

where R is the sampled region as described above.

We experimentally find that the fusion module produces
more robust features than the input rendered features F ¥
We refer readers to the supplementary for detailed ablations.

Training the Feature Synthesizer The high-level con-
cept of training the NeFeS is motivated by feature field dis-
tillation proposed in [24], which essentially distills the 2D
backbone features into a 3D NeRF model. However, 2D
features in our NeFeS need to be closely related to the di-
rect matching formulation [10, 20]. In this work, we use



the trained 2D feature extractor from [11] to produce the
feature labels due to its effectiveness in generating domain
invariant features.

Loss Functions. The total loss used to train our NeFeS
model consists of a photometric loss £, 4, and two [;-based
feature-metric losses:

L= Ergb + /\1»Cf + )\2['fusion~ (4)

The photometric loss is defined as the negative log-
likelihood of a normal distribution with variance 3(r)?:

1 R 2
£rgb(r) :W HC(I‘) — C(I‘)HQ
1 2 Asxe () ®
+§logﬂ(r) +f20k
k=1

where r is the ray direction corresponding to an image pixel,
C;(r) and C;(r) are the ground-truth and rendered pixel
colors. The third term in Eq. (5) is a sum of the transient
densities of all the points on ray r and is used to ensure that
transient densities are sparse.

The feature losses are simply [; losses:

Ly = [Fp(r) = Fimg(L,1)||1, (6)
reR

and

Efusion = Z |‘ﬁfusion (I‘) - Fimg(Ia r)”l' (7N
reR

where Fimg (1, -) are the features extracted from the train-
ing images using the pre-trained 2D feature extractor [11].
Note that, Ly is applied to the rendered features F s and
L tusion s applied to the fused features F fusion- We exper-
imentally find that using /; gives more robust features than
l2 and cosine feature loss for the test time refinement.
Progressive Training. We propose using a progressive
schedule to train the NeFeS model. We first train the color
and density part of the network for 7} epochs to bootstrap
the correct 3D geometry for the network. For these epochs,
only L, ¢ is used. Then we add £, with weight A\, for the
next 75 epochs to train the feature part of the static MLP.
Since the ground-truth features may not be fully multi-view
consistent, we apply stop-gradients to the predicted den-
sity for the feature rendering branch. And finally, we add
the feature fusion loss £ fysi0n With weight Ay for the last
T4 epochs. Since the feature fusion module takes both
RGB images and 2D features as input, we randomly sam-
ple N¢op patches of S xS regions of the image and fea-
tures to increase training efficiency. According to our ex-
periments, this progressive training schedule leads to bet-
ter convergence and performance. In addition, we apply
semantic filtering to improve the network training results.

Specifically, we use an off-the-shelf panoptic segmentation
method [13] to mask out temporal objects in the scene such
as people and moving vehicles.

3.3. Direct Pose Refinement

While our method is primarily designed to optimize APR,
it is also possible to directly optimize camera pose param-
eters. We explore this feature by showing a possible sce-
nario wherein the source of the pose estimation is either
a black box or cannot be optimized (e.g. the initial cam-
era pose comes from image retrieval). In these settings,
we can set up our proposed method to directly refine the
camera poses. Specifically, given an estimated camera pose
P = [R]t], where R is rotation and t is the translation
component, our method optimizes the camera poses using
tangent space backpropagation’. Additionally, we found
that using two different learning rates for the translation and
rotation parts helps achieve faster and more stable conver-
gence for camera pose refinement. This is different from the
standard convention used in [3, 14, 27, 65] . We refer our
readers to supplementary material for more details.

4. Experiments

We implement our method in PyTorch [39]. Implementa-
tion details about the NeFeS architecture and progressive
training scheduling can be found in the supplementary>.

4.1. Evaluation on Cambridge Landmarks

We evaluate our proposed refinement method on Cam-
bridge Landmarks [23] , which is a popular outdoor dataset
used for benchmarking pose regression methods. The
dataset contains handheld smartphone images of scenes
with large exposure variations and covers an area of 875m2
to 5600m?2. The training sequences contain 200-1500 sam-
ples, and test sets are captured from different sequences.
For each test image, we refine the model using the approach
in Sec. 3.1 for m = 50 iterations.

We first test our method on top of an open-sourced SOTA
single-frame APR method. Tab. 1 summarizes the results
of our method and existing APR methods. Our method
achieves the best accuracy across all four scenes when cou-
pled with the DFNet. In Sec. 4.3, we demonstrate the per-
formance of our method with other APR approaches. Par-
ticularly, our method improves DFNet by as much as 70.6%
compared to its scene average results. All the per-scene per-
formances from the other compared methods are taken from
their papers, except for MS-Transformer+PAE, which only
reports the scene average median errors. We encourage our
readers to check out supplementary for more thorough com-
parisons and ablations to the Cambridge Landmarks dataset.

2We use the LieTorch [59] library for this.
3Supplementary: Implementation Details



Methods Kings Hospital Shop Church Average
PoseNet(PN)[23] 1.66/4.86  2.62/4.90 1.41/7.18 2.45/7.96 | 2.04/6.23
PN Learn 02[22] 0.99/1.06 2.17/2.94 1.05/3.97 1.49/3.43 | 1.43/2.85
geo. PN[22] 0.88/1.04 3.20/3.29 0.88/3.78 1.57/3.32 | 1.63/2.86
LSTM PNJ[63] 0.99/3.65 1.51/429 1.18/7.44 1.52/6.68 | 1.30/5.51
MapNet([8] 1.07/1.89  1.94/391 1.49/422 2.00/4.53 | 1.63/3.64
TransPoseNet[53] 0.60/2.43  1.45/3.08 0.55/3.49 1.09/4.94 | 0.91/3.50
MS-Transformer[54] 0.83/1.47 1.81/2.39 0.86/3.07 1.62/3.99 | 1.28/2.73
MS-Transformer+PAE[52] - - - - 0.96/2.73
DFNet [11] 0.73/2.37  2.00/298 0.67/2.21 1.37/4.03 | 1.19/2.90
DFNet + NeFeSsy(ours) 0.37/0.54  0.52/0.88 0.15/0.53 0.37/1.14 | 0.35/0.77

Table 1. Comparisons on Cambridge Landmarks. We compare our proposed test-time refinement method with single-frame APR
methods. The subscript of NeFeSsy denotes the number of optimization iterations used for APR refinement. We report the median position

and orientation errors in m/°. The best results are highlighted in bold.

Methods ‘ Chess Fire Heads Office Pumpkin Kitchen Stairs ‘ Average
PoseNet 0.10/4.02 0.27/10.0 0.18/13.0 0.17/5.97 0.19/4.67 0.22/5.91 0.35/10.5 | 0.21/7.74
MapNet 0.13/4.97 0.33/9.97 0.19/16.7 0.25/9.08 0.28/7.83 0.32/9.62 0.43/11.8 | 0.28/10.0
MS-Transformer 0.11/6.38 0.23/11.5 0.13/13.0 0.18/8.14 0.17/8.42 0.16/8.92 0.29/10.3 | 0.18/9.51
PAE 0.13/6.61 0.24/12.0 0.14/13.0 0.19/8.58 0.17/7.28 0.18/8.89 0.30/10.3 | 0.19/9.52
DFNet 0.03/1.12 0.06/2.30 0.04/2.29 0.06/1.54 0.07/1.92 0.07/1.74 0.12/2.63 | 0.06/1.93
DFNet + NeFeSsy(ours) | 0.02/0.57 0.02/0.74 0.02/1.28 0.02/0.56 0.02/0.55 0.02/0.57 0.05/1.28 | 0.02/0.79

Table 2. Comparisons on 7-Scenes dataset. We compare the proposed refinement method with previous single-frame APR methods.
We evaluate all methods with SfM ground truth poses provided in [7], measured in median translational error (m) and rotational error (°).

Numbers in bold represent the best performance.

(a) dSLAM NeRF

(b) SfM NeRF

Figure 4. Qualitative comparison between the NeRFs trained by
dSLAM GT pose (a) vs. SfM GT pose (b). As illustrated, STM
NeRF (PSNR 19.94 dB) can render superior geometric details
(bottom row) than dSLAM NeRF (PSNR 16.11 dB).

4.2. Evaluation on 7-Scenes

We further evaluate our method on Microsoft 7-Scenes
dataset [19, 55], which includes seven indoor scenes rang-
ing in size from 1m?2 to 18m3 and up to 7000 training
images for each scene. We sub-sampled the large train-
ing sequences in the dataset to 1000 images for training
our NeFeS model. The original ‘ground truth’ (GT) poses
are obtained from RGB-D SLAM (dSLAM) [38]. How-

ever, we observe imperfection in the GT poses due to the
asynchronous data between the RGB and depth sequences,
and this results in low-quality NeRF renderings, as shown
in Fig. 4. Thus, we use alternative ‘ground truth’ provided
by [7] for our experiments. The authors [7] demonstrate
that their camera poses reconstructed by COLMAP [50], a
structure-from-Motion (SfM) library, are more accurate for
image-based relocalization. We refer the reader to our sup-
plementary * for more details about the GT poses.

For a fair comparison, we use the SfM poses to re-train
baseline APR methods using their official code, except for
PoseNet, in which we use the open-sourced code from [10].
We trained each APR method 3-4 times to select the best-
performing model. We use DFNet + NeFeS;; with the
same settings as in Cambridge for our pose refinement ex-
periment. We achieve state-of-the-art results (59%+ better
in scene average) in all scenes by running 50 optimization
steps (see Tab. 2). The results by using the dSLAM ground-
truth poses are included in the supplementary’, where we
also achieve SOTA accuracy.

It is imperative to note that our method is not constrained
by the number of optimization steps for the refinement pro-
cess. In our experience, nearly 50% of the entire pose error
improvement is accomplished within the initial 10 steps. It

4Supplementary: 7-Scenes Dataset Details
3Supplementary: APR Comparisons with dSLAM GT



Dataset 7-Scenes Cambridge
PoseNet 0.21m/7.74  2.04m/6.23
+ Ours 0.08m/2.83°  0.54m/1.05°
MS-Trans. | 0.18m/9.51°  1.28m/2.73°
+ Ours 0.11m/3.46°  0.43m/1.04°
DFNet 0.06m/1.93°  1.19m/2.90°
+ Ours 0.02m/0.79°  0.35m/0.77°

Table 3. Pose refinement on different APR architectures. Our
refinement method can effectively improve pose estimation results
for different APR architectures.

Dataset ‘ NetVlad Optimize Pose
7-Scenes 0.32m/13.72°  0.14m/3.97°
Cambridge | 3.18m/7.74° 1.15m/1.30°

Table 4. Pose refinement on NetVlad Our method also works on
poses initialized with non-APR-based methods, such as NetVlad
image retrieval. Since the initial pose error is relatively large, we
refine the poses with 100 iterations.

is up to the user to find the optimal trade-off that fits their
computational budget. A detailed analysis of this facet is
provided in Sec. 4.7.

4.3. Refinement for Different APRs

Tab. 3 shows the results of our method with different
APR architectures. Our proposed method exhibits versatil-
ity, operating beneficially under various APR architectures,
such as PoseNet (classic pose regression architecture), MS-
Transformer (EfficentNet CNN backbones with transformer
blocks), and DFNet (multi-task network that predicts do-
main invariant features and poses). A full table with per-
scene results is provided in Supplementary.

4.4. Optimize APR vs. Optimize Pose

Besides boosting APR, our proposed approach can also re-
fine the initial coarse camera pose, as outlined in Sec. 3.3.
We first show a use case of this scenario by coupling our
method with image retrieval, where the initial pose can only
be optimized due to the non-differentiable nature of the re-
trieval process. Given a query image, we retrieve its near-
est neighbor from the training data using NetVLAD [1] and
use the associated pose as the initial pose. We set the learn-
ing rate to be Irg and lr; for rotation and translation com-
ponents, respectively. Specifically, for indoor scenes, we
set Irrp = 0.0087 (corresponds to 0.5° in radiance) and
Iry = 0.01. For outdoor scenes, we set lrg = 0.01 and
Iry = 0.1. Tab. 4 summarises the experimental results,
indicating substantial improvements in pose accuracy over
the NetVLAD retrieved coarse pose, exceeding the perfor-

Dataset ‘ DFNet Optimize Pose ~ Optimize APR
7-Scenes 0.06m/1.93°  0.04m/1.16° 0.02m/0.79°
Cambridge | 1.19m/2.90°  0.66m/1.39° 0.35m/0.77°

Table 5. Pose refinement vs. APR refinement We study on the
optimization over APR vs. the pose. Both methods can effectively
optimize poses. However, optimizing APR can obtain lower errors
than optimizing poses given the same number of iterations.

mance of many prior APR approaches.

We further conducted controlled experiments to investi-
gate if performance disparities exist between two types of
optimization: optimizing the APR’s parameters or directly
optimizing the pose itself. We evaluated both modes on the
DFNet with NeFeS5q refinement, as illustrated in Tab. 5.
The result suggests that while both refinement approaches
can effectively improve the pose accuracy, optimizing the
neural network’s parameters obtains a better result than di-
rectly optimizing the pose itself, which is an interesting
insight. Nevertheless, optimizing the pose remains is also
valuable, particularly when the initial pose is derived from
a non-differentiable or a black-box pose estimator.

4.5. Pose Refinement Bounds

Our refinement method relies on matching rendered fea-
tures with query image features during test time, so it may
fail when there is not sufficient overlap between the two
feature maps. To determine the bounds of our refinement
method, we randomly perturb the ground-truth pose and
determine the maximum perturbation at which our method
stops converging. We jitter the orientation or position of the
ground truth pose components separately while gradually
increasing the magnitude of the perturbation. We use two
scenes, an indoor scene (7-Scenes: Heads) and an outdoor
scene (Cambridge: Shop Facade), to illustrate our results in
Fig. 5. We observe that our method cannot refine pose errors
larger than 35°. In case of translational errors, our method
can refine errors up to 0.6m on Heads (indoor scene) and
up to 4m in Shop Facade (outdoor scene). This difference
may come from the discrepancy in scale between indoor and
outdoor settings. For example, in the small-scale scene of
Heads, the camera is closer to the objects, hence even small
movements lead to a large change in the rendering.

4.6. NeFeS Ablation

This section presents the ablation study of our NeFeS net-
work. In Tab. 6a, we gradually remove the exposure-
adaptive ACT and the Feature Fusion module and evaluate
their impact on the performance of our approach on Cam-
bridge Shop Facade. The results demonstrate that the re-
moval of each component leads to a deterioration in pose
accuracy, indicating the effectiveness of both components.
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Figure 5. Experiments on pose refinement bounds of our method in indoor and outdoor scenes. Each plot shows errors before (x-axis) and
after (y-axis) refinement when ground-truth pose is perturbed by varying magnitudes. Dashed green line is ‘y=x’. Points below this line

indicate a reduction in pose error using our refinement method.

(a) NeFeS Architecture Ablation
(b) Training Scheduling Ablation

Method Shop Facade

Initial Pose Error 0.67m/2.21° Method Shop Facade
Refine w/ NeFeS (ours) 0.15m/0.53°  Combined 0.17m/0.80°
- Exposure-adaptive ACT @  0.15m/1.20°  Progressive 0.15m/0.53°

- ®+Feature Fusion 0.37m/1.62°

Table 6. (a) Ablation on NeFeS architecture. (b) Ablation on the
proposed training scheduling
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Figure 6. Plots of rotation and translation errors against the num-
ber of iteration on Cambridge: Shop Facade scene.

A noteworthy insight from our architecture design is that the
superior pose estimation accuracy is attributed to integrat-
ing both Exposure-adaptive ACT and the Feature Fusion
module. The feature fusion module can smooth potential
noises (outliers) from directly-rendered 3D features.

In Tab. 6b, we compare our progressive training schedul-
ing with the combined scheduling, where all three loss
terms have been enabled simultaneously since the begin-
ning of the training. The results reveal that the progressive
training scheduling results in better accuracy, providing fur-
ther support for our design decisions.

4.7. Number of Iterations vs. Accuracy Trade-off

In Fig. 6, we plot the relationship between the number of
optimization iterations and pose error. Both translation and
rotation errors reduce significantly within the first 10-20 it-
erations. Hence, given a computational budget, an operat-
ing point can be (optionally) chosen w.r.t. the performance-

time trade-off. The errors start to plateau around 50 steps.
Although we can achieve even lower errors with more it-
erations, we think using 50 steps strikes a balance between
accuracy and efficiency, and explains how we set our previ-
ous experiments.

4.8. Spatial vs Channel-wise Normalization

As described in Sec. 3.1, we empirically find spatial-wise
normalized features yield higher accuracy than channel-
wise normalized features when computing the feature co-
sine similarity loss L feqture, €videnced by Tab. 7. This
is likely due to our spatially sensitive dense direct match-
ing, akin to methods like Direct Sparse Odometry [18]. In
contrast, channel-wise normalization can introduce incon-
sistencies among neighboring pixels.

Methods Shop

Channel  0.20m/1.05°
Spatial 0.15m/0.53°

Table 7. Performance comparison between using Channel-wise vs.
Spatial-wise normalization in 10ss £ feqture during refinement.

5. Conclusion

We tackle the camera relocalization problem and improve
absolute pose regression (APR) methods by proposing a
test-time refinement method. In particular, we design a
novel model named Neural Feature Synthesizer (NFS),
which can encode 3D geometric features. Given an esti-
mated pose, the NFS renders a dense feature map, compares
it with the query image features, and back-propagates the
error to refine estimated camera poses from APR methods.
In addition, we propose a progressive learning strategy and
a feature fusion module to improve the feature robustness
of the NFS model. The experiments demonstrate that our
method can greatly improve the accuracy of APR methods.
Our method provides a promising direction for improving
the accuracy of APR methods.



6. Supplementary
6.1. Implementation Details

6.1.1 Architecture details

The model is trained with the re-aligned and re-centred
poses in SE(3), as in [32]. We use a coarse-to-fine sam-
pling strategy with 64 sampled points per ray in both stages.
The width of the MLP layers is 128 and we output N, = 3
and Ny = 128 in the last layer of the fine stage MLP. For
the exposure-adaptive ACT module, we compute the query
image’s histogram y; in YUV color space and bin the lu-
minance channel into N, = 10 bins. We then feed the
binned histogram to 4-layer MLPs with a width of 32. The
exposure-adaptive ACT module outputs the exposure com-
pensation matrix K and the bias b, which directly trans-
form the integrated colors Cy g (r) of the main networks,
with negligible computational overhead. We run the APR
refinement process for m iterations per image using the di-
rect feature matching 108s L fcqture With a learning rate of
1x 1072, Our default value for m is 50 unless specified, de-
noted as NeFeSs5i. The NeFeS model renders features with
a shorter side of 60 pixels and then upsample them using
bicubic interpolation to 240 for feature matching.

6.1.2 Progressive training schedule

The training process for the NeFeS network starts with the
photometric loss only for 77 = 600 epochs by setting A\; =
A2 = 0in Eq. (4). The color and density components of the
model are trained with a learning rate of 5 x 10~* which
is exponentially decayed to 8 x 10~° over 600 epochs. We
randomly sample 1536 rays per image and use a batch size
of 4. After 600 epochs, we reset the learning rate to 5 x 10™*
and switch on the feature loss (£ in Eq. (6)) for the next
Ts = 200 epochs with A\; = 0.04, Ay = 0. The fusion loss
(L fusion in Eq. (7)) is switched on for the last 75 = 400
epochs with coefficients Ay = 0.02, A\ = 0.02. During
the third training stage 73, instead of randomly sampling
image rays, we randomly sample N,,.,, = 7 image patches
of size S x S where S =16. To extract image features (i.e.
Fimg (I, -)) as pseudo-groundtruth, we use the finest-level
features from DFNet’s [11] feature extractor module. We
resize the shorter sides of the feature labels to 60.

6.2. Refinement for Different APRs Full

This is the supplementary full table for Section 4.3 of the
main paper (Tab. 8).

6.3. Qualitative Comparisons

In Fig. 8, we qualitatively compare the refinement accu-
racy of different APR methods - namely PoseNet[21-23],
MS-Transformer[54], DFNet [11] - with our method, i.e.

Dataset | PoseNet  +Ours | MS-Trans.  +Ours | DFNet + Ours
7-Scenes ‘ pose error in m/°

Chess 0.10/4.02  0.04/1.35 | 0.11/6.38  0.06/1.96 | 0.03/1.12  0.02/0.57
Fire 0.27/10.0  0.03/1.20 | 0.23/11.5 0.06/2.55 | 0.06/2.30  0.02/0.74
Heads 0.18/13.0  0.12/7.91 | 0.13/13.0  0.09/6.19 | 0.04/2.29 0.02/1.28
Office 0.17/5.97 0.02/0.72 | 0.18/8.14  0.05/1.69 | 0.06/1.54 0.02/0.56
Pumpkin 0.19/4.67 0.06/1.57 | 0.17/8.42 0.07/1.85 | 0.07/1.92  0.02/0.55

Kitchen 0.22/5.91  0.02/0.68 | 0.16/8.92  0.08/2.31 | 0.07/1.74  0.02/0.57
Stairs 0.35/10.5 0.27/6.35 | 0.29/10.3  0.34/7.64 | 0.12/2.63 0.05/1.28

Average | 0.21/7.74 0.08/2.83 | 0.18/9.51  0.11/3.46 | 0.06/1.93  0.02/0.79
Cambridge ‘ pose error in m/°

Kings 1.66/4.86  0.38/0.56 | 0.83/1.47  0.43/0.59 | 0.73/2.37 0.37/0.54
Hospital 2.62/490 1.15/1.30 | 1.81/2.39  0.61/1.06 | 2.00/2.98 0.52/0.88
Shop 1.41/7.18 0.21/0.81 | 0.86/3.07 0.18/0.98 | 0.67/2.21 0.15/0.53

Church 2.45/796 0.42/1.52 | 1.62/3.99 0.48/1.53 | 1.37/4.03  0.37/1.14
Average ‘2.04/6.23 0.54/1.05‘ 1.28/2.73  0.43/1.04 ‘ 1.19/2.90  0.35/0.77

Table 8. Pose refinement on different APR architectures. Our
refinement method can effectively improve pose estimation results
for different APR methods. PoseNet is the classic pose regression
architecture. MS-Transformer is denoted as MS-Trans., which
combines EfficentNet CNN backbones with transformer blocks.
DFNet is a multi-task network that predicts domain invariant fea-
tures and poses.

Figure 7. A visualization of camera trajectories of 7-Scene: Chess
scene. The original ‘GT’ poses are obtained using dSLAM [38]
( ). In this paper, we use SfM GT poses provided by [7] (red)
for better GT pose accuracy. Two GT trajectories have a median
ATE error of 3.5cm/1.46°.

DFNet+NeFeS59. We can observe that our method pro-
duces the most accurate poses (compared to ground-truth)
and has a significant improvement over DFNet in different
scenes such as fire [1000-1500] and kitchen [1000-1500].

6.4. 7-Scenes Dataset Details

In Sec. 4.2 of the main paper, we mention the difference
between the dSLAM-generated ground-truth pose and the
StM-generated ground-truth pose for the 7-Scenes dataset.
We provide more details in this section.

dSLAM vs. SfM GT pose Brachmann et al. [7] identi-
fied imperfections in the original ‘ground-truth’ (GT) poses
generated by dSLAM in the 7-Scenes dataset. The erro-
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(a) PoseNet (b) MS-Transformer (c) DFNet (d) DFNet+NeFeSs5,

Figure 8. Qualitative comparison on the 7-Scenes dataset. The 3D plots show the camera positions: green for ground truth and red for
predictions. The bottom color bar represents rotational errors for each subplot, where yellow means large error and blue means small
error for each test sequence. Sequence names from top to bottom are: fire [1000-1500], office [2500-3000], pumpkin [500-1000], kitchen
[1000-1500], kitchen [1500-2000]. Since each scene has different numbers of frame, we select 500 frames from each of them and append
the range after scene’s name.



neous GT poses originate from sensor asynchronization be-
tween the captured RGB images and depth maps. There-
fore, Brachmann et al. employed SfM to regenerate a new
set of ‘ground-truth’ poses, which subsequently aligned and
scaled to match the dSLAM-derived poses. As described in
Sec. 4.2 of the main paper, we notice that when trained with
the SfM ground-truth poses, the rendering quality of NeRF
is noticeably boosted compared with using the dSLAM GT
poses. The comparison between the trajectories of two sets
of ground-truth poses is visualized in Fig. 7. An interest-
ing observation is made based on the results presented in
Table 2 of our main paper. We notice DFNet achieves supe-
rior performance when trained with SfM-grounded GT data,
surpassing its performance as originally reported [11]. This
phenomenon may be attributed to utilizing the improved
synthetic dataset generated by NeRF during DFNet’s Ran-
dom View Synthesis training.

APR Comparisons with dSLAM GT. To supplement
Table 2 of the main paper, we compare previous methods
and our method when trained and evaluated using dSLAM
GT poses. The results can be found in Tab. 9. Note that the
pose error is presented in cm/degree to emphasize the dis-
tinctions in translational accuracy. Despite NeFeS models
being trained using suboptimal dSLAM GT poses in this
experiment which reduces the quality of the feature ren-
dering, our model is able to achieve SOTA performance on
single-frame APR comparisons. Notably, Coordinet+LENS

33] is the only single-frame APR technique that achieves
our method’s proximate outcomes (on translational error).
However, it’s pertinent to note that LENS requires several
days to train a high-quality NeRF model per scene. In stark
contrast, the NeFeS model requires a much shorter training
duration of approximately 5-20 hours, accompanied by an
inference speed over 110 times faster and obviated the need
for manual parameter tuning, making NeFeS a notably more
cost-effective prospect.

Furthermore, we experiment to see if the current _ISLAM
pose results can be improved if a better quality NeFeS
model is used. We performed joint optimization of Ne-
FeS and ground truth camera poses during training using
the method introduced in NeRF—- — [65]. The outcomes re-
veal that while the NeFeS model attains an enhanced train-
ing PSNR from 23.33dB to 27.88dB and the median trans-
lation error improves by lcm, the rotation error worsens
by 0.07° since jointly optimizing the dSLAM GT training
poses also slightly shifts the world coordinate system of the
radiance fields. This refined model’s performance is de-
noted as DFNet + NeFeS;~, as indicated in Tab. 9.

6.5. Comparison with Other Camera Localization
Approaches

Although our paper mainly focuses on test-time refinement
on single-frame APR methods, it is only one family of ap-

Methods Average(cm/°)
PoseNet(PN)[23] 44/10.4
PN Learn 02[22] 24/7.87
geo. PN[22] 23/8.12
LSTM PN[63] 31/9.85
Hourglass PN[31] 23/9.53
BranchNet[66] 29/8.30
MapNet[8] 21/7.77
Direct-PN[10] 20/7.26
TransPoseNet[53] 18/7.78
MS-Transformer[54] 18/7.28
MS-Transformer+PAE [52] 15/7.28
CoordiNet[34] 22/9.7
CoordiNet+LENS[33] 8/3.0
DFNet [11] 12/3.71
DFNet + NeFeSsy (ASLAM) 8/2.80
DFNet + NeFeS;,~ (dSLAM) 7/2.87

Table 9. We compare the proposed refinement method using 7-
Scene dSLAM GT pose [55] with prior single-frame APR meth-
ods, in average of median translation error (cm) and rotation
error (°). Numbers in bold represent the best performance.

proaches in camera relocalization (see our Related Work
section). In Tab. 10, we compare geometry-based methods
and sequential-based methods for camera localization, as
well as adding several other single-frame APR methods, in-
cluding some without code available publicly to support a
more thorough comparison. The results on 7-Scenes dataset
are evaluated using the original SLAM ground-truth pose,
except methods marked by “(COLMAP)”, which indicates
the results evaluated using the COLMAP ground-truth pose
for 7-Scenes. The methods that marked by “(COLMAP to
build 3D model)” indicates COLMAP generated 3D models
are used in training and evaluation.

We show that when compared with sequential-based
APR methods, our method achieves very competitive re-
sults on Cambridge Landmark dataset and 7-Scenes dataset.
In addition, for the first time, we show that a single-frame
APR method can obtain accuracy of the same magnitude as
3D geometry-based approaches.

6.6. Featuremetric vs. Photometric Refinement

In this section, we study the differences between feature-
metric refinement and photometric refinement. Prior lit-
erature such as iNeRF [67], NeRF—— [65], BARF [27],
GAREF [14], and NoPe-NeRF [3], have attempted to ‘invert’
a NeRF model with photometric loss for pose optimization.

However, directly comparing our featuremetric method
with these methods would not be appropriate due to the
following reasons: Firstly, these methods [3, 14, 27, 65]
optimize both camera and NeRF model parameters simul-
taneously but are unsuitable for complex scenes with large
motion (e.g. 360°scenes) since each frame’s camera pose is



Family ‘ Method ‘ Cambridge  7-Scenes

Seq. 3D | KFNet[68] | 1303 3/0.88
AS[47] 29/0.6 5125
AS[48] 11/0.3 4/1.2
DSACI6] 32/0.8 20/6.3
3D DSAC*[5] 15/0.4 3/1.4
DSAC*[7] (COLMAP) - 1/0.34
PixLoc[46] (COLMAP to build 3D model) 11/0.3 3/1.1
HLoc [44] (COLMAP to build 3D model) 10/0.2 3/1.09
MapNet+PGO[8] - 18/6.55
Seq. AtLoc+[64] - 19/7.08
APR TransAPR[41] 94/2.12 17/6.29
VLocNet [61] 78/2.82 5/3.80
PoseNet(PN)[23] 204/6.23 44/10.4
PN Learn 02[22] 143/2.85 24/7.87
geo. PN[22] 163/2.86 23/8.12
LSTM PN[63] 130/5.51 31/9.85
Hourglass PN[31] - 23/9.53
BranchNet[66] - 29/8.30
MapNet[8] 163/3.64 21/7.77
Direct-PN[10] - 20/7.26
1-frame | TransPoseNet[53] 91/3.50 18/7.78
APR MS-Transformer[54] 128/2.73 18/7.28
MS-Transformer+PAE [52] 96/2.73 15/7.28
E-PoseNet [36] 94/2.12 17/7/32
CoordiNet[34] 92/2.58 22/9.7
CoordiNet+LENS[33] 39/1.15 8/3.0
DFNet [11] 119/2.90 12/3.71
DFNet [11] (COLMAP) - 6/1.93
DFNet + NeFeSs 35/0.77 8/2.80
DFNet + NeFeSsy (COLMAP) - 2/0.79

Table 10. This table compares different types of camera relocal-
ization on Cambridge Landmarks and 7-Scenes dataset. We show
representative methods for each school of approach: geometry-
based methods (3D), sequential-based APR methods (Seq. APR),
and single-frame APR methods (1-frame APR). We report the av-
erage of median translation error (cm) and rotation error (°).
Numbers in bold represent the performance of our methods.

initialized from an identity matrix. Secondly, these meth-
ods do not effectively handle exposure variations, result-
ing in suboptimal rendering quality. Thirdly, even with
a coarse camera pose initialization, photometric-based in-
version methods cannot prevent drifting in refined camera
poses, leading to misalignment with the ground truth poses
of testing sequences.

Therefore, for a fair comparison with photometric meth-
ods, we define a photometric refinement model as the base-
line model to compare with. Specifically, for the base-
line model, the main architecture from the NeFeS model
is maintained but without the feature outputs, and only the
RGB colors C(r) are used for photometric pose refinement.
The performance of two cases with photometric refinement
are demonstrated in Tab. 11: first is a sparse photometric
refinement that randomly samples pixel-rays, similar to iN-
eRF [67] or BARF[27]-like methods; and the other uses
dense photometric refinement, which renders entire RGB
images. The results indicate that our featuremetric refine-
ment is more robust than all the photometric refinement
baselines, as it achieves lower pose errors after 50 iterations

Methods Hospital

DFNet 2.00m/2.98°
DFNet + Sparse NeRF photometricsg  1.19m/1.52°
DFNet + Dense NeRF photometricsg ~ 0.80m/1.12°
DFNet + NeFeSs 0.52m/0.88°

Table 11. We compare our featuremetric refinement method using
the proposed NeFeS network with photometric-based refinement
baselines on Cambridge Hospital.

| LR Settings Shop-20% (+NeFeS20)
Initial Pose Error 0.58m/3.14°
Ilrr =1lry = 0.1 0.91m/22.70°
Ilrr = Ilry = 0.01 0.49m/1.51°
Same Ir lrr = lry = 0.003 0.54m/2.44°
Ilrr = Ilry = 0.001 0.57m/2.48°
Different Ir ‘ Ilrr = 0.01, Iy = 0.1 0.27m/1.77°

Table 12. We use a toy example to show the benefit of using dif-
ferent learning rates over same learning rates for translation and
rotation components during direct pose refinement. We show four
cases for same learning rate including two settings that are used
in prior works. Our pose refinement results are evaluated by using
20% test data of Cambridge: Shop Facade and 20 iterations of
optimization.

of optimization.

6.7. Benefit of splitting irr and Ir;

As described in Sec. 3.3 of the main paper, we find using
different learning rates for translation and rotation compo-
nents as beneficial for fast convergence when we directly
refine the camera pose parameters. In this section, we use
a toy experiment to illustrate how we determine to use this
strategy. We select 20% of Cambridge: Shop Facade’s test
images and perform direct pose refinement for 20 iterations
using our NeFeS model. In Tab. 12, we compare our differ-
ent learning rate setting with several cases of same learning
rate settings. The learning rate [rp = Ir; = 0.003 is used
in [14, 27] and Irg = lry = 0.001 is used in [65, 67]. We
show that by utilizing a different learning rate strategy, the
pose error converges much faster and is more stable for both
camera position and orientation.

6.8. Runtime Analysis

Runtime cost. Due to better implementation flexibility,
we used an unoptimized version of NeFeS in this study.
The pytorch-based NeFeS currently runs at 6.9 fps per
image including its backpropagation, which is 3x faster
than DFNet’s NeRF-Hist [11] and 110x faster than LENS’s
NeRF-W [33]. It is crucial to emphasize that further op-
timization can be pursued to attain commercial-level effi-



ciency. For example, NeFeS can potentially be accelerated
up to 66x using the C++/CUDA-based tiny—-cuda—-nn
and instant—-ngp [35] frameworks.

Training cost. Our NeFeS can be trained in parallel with
the APR method such as DFNet and takes roughly the same
time as the underlying APR method (i.e. 5-20 hrs depend-
ing on scene size). However, the NeFeS model only needs
to be trained once and the same model can be applied to
different APR methods.

6.9. Additional Insight

DFNet features vs. other type of features. We were curi-
ous about how NeFeS performs when trained with features
other than the DFNet. Thus, we experimented with train-
ing the NeFeS model with PixLoc [46] features in our re-
finement pipeline. While we did find positive results, the
refined performance didn’t reach that of DFNet features.
This is because DFNet is trained to close the domain gap
between features extracted from natural query images and
features rendered by NeRF.
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Chapter 6

Hierarchical Pose Refinement via

Uncertainty Estimation

This chapter presents a follow-up study that addresses the limitations of the neural
pose refinement method introduced in Chapter 5. While NeRF-based refinement
methods such as NeFeS improve pose accuracy by optimising over learnt neural
feature fields, they typically rely on a time-consuming iterative approach that
requires numerous refinement steps. This strategy significantly increases compu-
tational latency to obtain the optimal performance, limiting the efficiency of pose
regression methods. Enhancing runtime performance, particularly for methods
such as NeFeS, is therefore crucial for practical applicability.

This work proposes Hierarchical Refinement-based APR (HR-APR), an effi-
cient extension of NeFeS that introduces uncertainty-aware refinement and a hier-
archical optimisation strategy to reduce test-time computational cost. Central to
this framework is a lightweight uncertainty estimation module that predicts pose
reliability at test time by computing the cosine similarity between query features
and training set embeddings. It is important to clarify that this measure serves

as a similarity-based proxy for uncertainty rather than representing a full proba-
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bilistic distribution. This choice is empirically justified by its strong correlation
with pose error, as higher feature similarity typically indicates that the query is
well-represented by the training distribution. Unlike previous uncertainty-based
methods, our design for the uncertainty estimation module is lightweight (typically
under 7 ms in a standard consumer grade GPU), requires no additional training
labels, and can be seamlessly integrated into existing APR architectures.

Moreover, the hierarchical pipeline built atop NeFeS dynamically allocates re-
finement efforts based on these uncertainty scores, prioritising optimisation for less
reliable poses while efficiently handling high-confidence predictions. Conceptually,
this mechanism is close in spirit to traditional place-recognition approaches, which
rely on retrieving similar scene content to localise a camera. However, while stan-
dard place-recognition pipelines often serve as a coarse indexing step, our approach
utilises feature similarity as a continuous proxy to bridge the gap between absolute
pose regression and local coordinate-level refinement.

Our experiment shows that using this hierarchical pose refinement can reduce
the computational overhead of NeFeS by 27.4% and 15.2% on the indoor and
outdoor dataset. This design reduces computational overhead while maintaining
or improving pose accuracy.

This work was accepted at the 2024 International Conference on Robotics and

Automation.
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HR-APR: APR-agnostic Framework with Uncertainty Estimation and
Hierarchical Refinement for Camera Relocalisation

Changkun Liu', Shuai Chen?, Yukun Zhao!, Huajian Huangl, Victor Prisacariu® and Tristan Braud'?

Abstract— Absolute Pose Regressors (APRs) directly estimate
camera poses from monocular images, but their accuracy is
unstable for different queries. Uncertainty-aware APRs provide
uncertainty information on the estimated pose, alleviating
the impact of these unreliable predictions. However, existing
uncertainty modelling techniques are often coupled with a
specific APR architecture, resulting in suboptimal performance
compared to state-of-the-art (SOTA) APR methods. This work
introduces a novel APR-agnostic framework, HR-APR, that
formulates uncertainty estimation as cosine similarity estima-
tion between the query and database features. It does not rely
on or affect APR network architecture, which is flexible and
computationally efficient. In addition, we take advantage of the
uncertainty for pose refinement to enhance the performance of
APR. The extensive experiments demonstrate the effectiveness
of our framework, reducing 27.4% and 15.2% of computational
overhead on the 7Scenes and Cambridge Landmarks datasets
while maintaining the SOTA accuracy in single-image APRs.

I. INTRODUCTION

Camera relocalisation, estimating the six degrees of free-
dom (6-DoF) absolute camera pose in the world space, is
a core component in many applications, including mobile
robotics, navigation, and augmented reality. In recent years,
Absolute Pose Regressors (APRs) have emerged as an ap-
pealing approach for monocular camera pose estimation.
APRs use neural networks for directly inferring 6DoF camera
poses from monocular frames and offer advantages in terms
of computation and memory footprint over classical 3D
structure-based methods [1], [2], [3], [4], [5]. However,
APR methods often struggle with generalization beyond their
training data, leading to inaccurate predictions [6].

Following the first APR model, PoseNet [7], numerous
methods have been proposed to enhance the robustness and
accuracy of pose predictions, including modifications to
network architectures [8], [9], [10], [11], [12], augmentation
of the training set with labelled synthetic images [13], [10],
[6], different training strategies and loss functions [14], [15],
[16]. Although these methods improve accuracy, they do not
distinguish inaccurate predictions. In this study, we first re-
examine prevailing APRs [7], [12], [16] and demonstrate that
even such state-of-the-art (SOTA) APR methods still output

' Authors are with the Department of Computer Science and

Engineering, The Hong Kong University of Science and Technology, Hong
Kong, {cliudg,yzhaoeg, hhuangbg}@connect.ust.hk,
braudt@ust.hk

2 Tristan Braud is also with the Division of Integrated Systems Design,
The Hong Kong University of Science and Technology, Hong Kong

3 Shuai Chen and Victor Prisacariu are with the Active Vision Laboratory,
Department of Engineering Science, University of Oxford, United Kingdom,
{shuaic,victor}@robots.ox.ac.uk

Uncertainty
Estimation Module

—

Pose Refinement
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Fig. 1. HR-APR: APR-agnostic Framework with Uncertainty Estimation
and Hierarchical Refinement.

significantly unreliable poses, raising the need for uncertainty
estimation in real-life applications.

Uncertainty-aware (UA) APRs aim to distinguish unreli-
able predictions by providing additional uncertainty informa-
tion with the estimated pose. Bayesian PoseNet [17] models
the uncertainty by generating multiple hypotheses for each
image at inference time. In AD-PoseNet [18], uncertainty is
quantified via prior guided dropout. CoordiNet [19] models
heteroscedastic uncertainty during training. Deng et al. [20],
[21] and Zangeneh et al. [22] use pose distributions to
represent uncertainty. However, these methods can be time-
consuming [17], [18], and have weak extensibility as they
rely on specific network architectures and specific training
schemes [21], [22], [18], [19]. Furthermore, although these
UA-APRs provide both pose predictions and uncertainty
estimates, the accuracy of estimate poses is much lower than
SOTA non-UA APRs [12], [16] that only output poses.

Such a gap between accuracy improvement and uncer-
tainty estimation raises the need for more modular and
more generic approaches to uncertainty estimation. In this
paper, we propose HR-APR, a novel test-time APR-agnostic
framework with uncertainty estimation and pose refinement
(see Figure 1). The uncertainty estimation module integrates
a new pose-based retrieval algorithm that fetches image
feature embeddings in the training set. The cosine similarity
between these retrieved features and the query image is then
calculated to measure uncertainty. We leverage the uncer-
tainty to optimize an iterative pose refinement pipeline [23].

We summarize our main contributions as follows:

1) We propose a novel APR-agnostic uncertainty esti-
mation module to predict the uncertainty of the APR
output during test time. This module integrates a new
pose retrieval algorithm that fetches image feature
embeddings in the training set. The cosine similarity



between these retrieved features and the query image
is then calculated to measure uncertainty.

2) We evaluate the accuracy of our uncertainty estimation
module over three APR models with different archi-
tectures on indoor and outdoor datasets. The proposed
method displays a clear correlation between pose error
and uncertainty with similar performance across APR
models, demonstrating the validity of the approach.

3) We further leverage the predicted uncertainty to reduce
the overhead of an iterative pose refinement algorithm.
HR-APR reduces the SOTA APR refinement pipeline’s
overhead by 27.4% and 15.2% on the indoor and
outdoor datasets, respectively, while maintaining the
SOTA accuracy of single-image APR methods.

II. RELATED WORK
A. Absolute Pose Regression

APRs train neural networks for regressing the 6-DoF
camera pose of query images. The seminal work in this area
is introduced by PoseNet (PN) [7]. Further modifications to
network architecures [8], [9], [10], [11], [12] and different
training strategies [17], [14] have been made to improve
accuracy and performance. MS-Transformer (MS-T) [12]
follows MS-PN [24], which extends the single-scene APRs to
multiple-scene APRs. Other approaches localise from image
sequences [25], [26], [27], [28]. However, [6] has shown that
most APR methods do not generalize well beyond training
set via image retrieval baseline. To address this issue, [13],
[10], [29] leverage additional synthetic training data. Other
approaches [15], [16] adapt photometric or feature matching
by applying unlabeled data with NeRF synthesis in a semi-
supervised manner. However, using unlabeled data from the
test set to finetune the APR network is impractical.

Most APR methods focus on improving pose prediction
accuracy. However, we demonstrate in the following sections
that not all pose predictions are reliable. The APRs men-
tioned above do not distinguish accurate predictions from
poses with a large error. This paper introduces a modular,
plug-and-play method to enable uncertainty estimation for
non-UA APRs. Such uncertainty data can be used in the later
stages of a visual positioning pipeline to improve tracking
robustness and accuracy regardless of the underlying APR.

B. Uncertainty estimation

Several previous studies have investigated the pose predic-
tions’ uncertainty in the training phase of APRs. In Bayesian
PoseNet [17], uncertainty is captured by quantifying the vari-
ance among multiple inferences of the same input data using
Monte Carlo Dropout. Similarly, AD-PoseNet [18] evaluates
pose distribution by generating multiple hypotheses via prior
guided dropout. CoordiNet [19] learns heteroscedastic un-
certainty as an auxiliary task during the training. Poses and
uncertainties output by CoordiNet are fused into an Extended
Kalman Filter (EKF) to smooth the trajectories. Deng et
al. [20], [21] and Zangeneh et al. [22] use pose distributions
to represent uncertainty. While these UA APRs offer both
pose predictions and uncertainty estimates, the accuracy of
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Fig. 2. The accuracy of APR predictions is highly corresponding to pose
variants between query and training images. (a) and (d): Camera ground
truth trajectory of Hospital and Church in Cambridge Landmarks dataset [7].
Blue: training set; Green: queries in the test set near the training set within
2 meters and 10 degrees; Red: queries in the test set far from the training
set. (b), (c), (e), and (f) show that all three different APRs [7], [12], [16]
have better predictions on test (near) than test (far).

estimate poses is much lower than SOTA non-UA APRs that
only output poses, as shown in Section IV. Furthermore,
existing UA APRs can be time-consuming [17], [18], re-
quire context-specific hyperparameters [21], or display weak
extensibility as specific loss functions and modules need to
be combined in a training scheme [21], [22], [18], [19].
Our framework enables greater flexibility regarding APR
architecture and pose refinement compared to existing UA
APRs. Mainstream pre-trained APRs can be integrated into
our framework without modifying the network architecture or
training schemes. The pose refinement module can leverage
the uncertainty data to optimize computations significantly.

II1. METHOD

Our objective is to enhance the robustness of APR meth-
ods and reduce the refinement overhead by identifying the
reliabilities of predictions. Most existing APR methods suffer
from limited generalizability due to overfitting their training
sets. We first investigate several prevalent APR methods to
show the accuracy of APR predictions is highly correspond-
ing to pose variants between query and training images.
The result is illustrated in Figure 2, where all three APR
models exhibit more accurate predictions for test queries with
viewpoints similar to those in the training set, compared to
queries that fall outside the coverage of the training data.
These quantitative results are also validated by the similar
observation of [6], [30]. In light of this, we believe that
the proximity of viewpoints also implies that these images
have similar features. Therefore, we exploit pose predictions
of APR to obtain the most corresponding features from the
database. We then model the uncertainty of predictions by
measuring the similarity between the features of the query
image and the corresponding features of the database. The
uncertainty information is further used as pose refinement
constraints which can reduce the computational cost while
achieving comparable performance.



A. Uncertainty estimation module

The uncertainty estimation module of HR-APR is shown
in Figure 3. We build a database that stores low-dimensional
feature embeddings of images from the training set and their
associated ground truth poses, which operates as follows:

1) Given a query image I, APR P outputs estimated
translation % and rotation § so that P(I) = p =< X, q >.
All feature embeddings F;- with poses within ranges of
threshold d;;, to X are retrieved. Then, proceed to step
2). If there is no valid pose in the database, we simply
assume that the similarity is 0 and skip to step 3).

2) A feature extractor E extracts the feature embeddings
of the query image I as f;. Then, we compute the co-
sine similarity between f, and each feature embedding
fi € F,, retrieved in step 1). We take the maximum
value as the final similarity score.

3) The estimated pose that obtain a similarity score above
threshold 7y is deemed to be reliable, and thus to be
output directly or refined with small steps. Otherwise,
the poses are considered unreliable and to be treated
with more refinement steps.

Compared to typical image retrieval approaches that often
require large computational complexity in the visual feature
descriptor matchings, our pose retrieval is a super cheap
alternative by only relying on 3-D position searches with
a significant reduction in the search space. The database
consisting of pose-feature embedding pairs also saves a lot
of memory footprint compared to the image database in [2].

B. CNN feature embeddings

Our feature extractor E is similar to an ordinary
PoseNet [7], [14], which predicts a 6-DoF camera pose for
an input image. E has an FC layer before the final regressor
of feature size n = 1024. The difference is that E also outputs
the FC layer as feature embedding. E is supervised by the
learnable loss function [14]:

Ly = ZLyexp(—S8x) + 8 + Lyexp(—54) + 54 (1)

, where %, = ||X—x||> and £, = Hﬁ —q||2. To measure

the difference between two feature embeddings, we compute

cosine similarity between feature embedding f, extracted

from query images and each retrived feature embeddings
i flEF,.

f q f rl

_ 2
IARGE @

cos(fy f}) =

, where f,, fi € R1*1024 The Similarity score of the query
image [ is:

S(1) = max(cos(fy. 1)), f; € Fr. 3)

The similarity score of the query image I is S(I), where
—1<8(I) < 1, which reflects the reliability of the prediction.

C. Outcomes

The proposed uncertainty estimation module can identify
an unreliable pose p under two scenarios:

1) The training set does not contain an image close
enough to the estimated location X.

2) Although feature embeddings of images in training set
are retrieved from the database based on X, they all
present too few similar features.

In the first scenario, p can only get O similarity score because
of the limited generalization ability of the neural network.
The APR thus has a high chance of predicting a vastly
incorrect pose for an image [/ far from the training set.
In the second scenario, although valid most-similar feature
embeddings F, extracted from images in the training set is
found based on g, all f € F, are not similar enough to faq-
Either the orientations of the query image and these images
are very different, leading to little overlap, or the predicted
X and ¢ have a large error, and F, found according to this
pose is a false positive.

/ Uncertainty Estimation Module\
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p Checker Database
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| & h >  Extractor
g \\ /
Fig. 3. Uncertainty estimation module.

D. Pose refinement module

In this paper, we incorporate the test-time Neural feature
synthesizer (NeFeS) refinement pipeline [23] in our pose
refinement module. We modify the refinement procedure
to be uncertainty-aware. The refinement procedure is as
follows: (i) For estimated camera pose p with a similarity
score in the uncertainty estimation module, NeFeS N renders
a dense feature map m™"? given p. (ii) At the same time, a
feature map extractor G extracts a dense feature map m® =
G(I) from the query image. (iii) The pose p is iteratively
refined by minimizing the feature cosine similarity loss [23]
between m™? and m®. The refined steps depend on the
similarity score S(I) in our uncertainty estimation module.

E. Hyperparameters

During test time, the proposed method is controlled by
two hyperparameters: the distance threshold dy;, and the
similarity threshold y. d;, depends on the size of the scene.

IV. EXPERIMENT

To demonstrate the scalability and effectiveness of HR-
APR, we integrate the latest representative mainstream APR
architectures into our framework and test them over indoor
and outdoor datasets of various scales.
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Fig. 4. Uncertainty evaluation on the 7Scenes and Cambridge Landmarks datasets. Subfigures (a)-(f) show the correlation between similarity threshold y
and normalized pose error (0-1). Based on the similarity threshold, uncertain samples with low similarity scores are gradually removed. Subfigures (g)-(i)
in the last row show the ratio of retained predictions (%) as threshold increases. We observe that as we remove the samples with low similarity scores the
overall error drops indicating a clear correlation between our predictions and the actual inaccurate predictions.

A. Datasets

The 7Scenes dataset [31], [32] is an indoor dataset con-
sisting of seven small scenes from 1> to 18m>. Each scene
contains a training set with 1000 to 7000 images and a test set
with 1000 to 5000 images. We use the Structure from Motion
(SfM) ground truth provided by [33] for our experiment. The
Cambridge Landmarks [7] dataset represents six large-scale
outdoor scenes ranging from 900m? to 5500m>. We utilize
four out of six scenes for comparative evaluation, and the
SfM ground truth provided by [7]. Each scene contains 231
to 1487 images for training and 103 to 530 for testing.

B. Implementation Details

In this paper, we train the feature extractor E with
EfficientNet-BO [34] as the backbone in the uncertainty
estimation module. The training process of E follows [7],
[14]. Tt is trained using Adam optimizer [35] with an initial
learning rate of le™* and a weight decay of 5¢~*. During
training, all input images are resized to 256 x 256 and then
randomly cropped to 224 x 224,

We implement the uncertainty estimation module of HR-
APR over three recent APR models: PoseNet (PN) [7] is the
classic pose regression architecture. MS-Transformer (MS-
T) [12] aggregates the activation maps with self-attention and
queries the scene-specific information. DFNet [16] is trained
by feature matching loss. We train these three models on our
platform using the open-source codes. We incorporate these
APRs into our HR-APR framework, referring to them as
APR"". We set d,;, as 0.2m for the 7Scenes dataset and 1.5m

for the Cambridge dataset. We set ¥ range from 0.95 ~ 0.98.
Furthermore, we show the impact of 7 in the next subsection.

In this paper, we implement the NeFeS refinement
pipeline [23] in our pose refinement module. The term
APR™ —Q—NeFeS?;((yx)) denotes the refinement process based on
the similarity of estimated poses. We refine high similarity
(hs) poses that are above the similarity threshold y with x
steps. Conversely, we refine low similarity (Is) poses that are
below the similarity threshold y with y steps. For instance,
APR'" - NeFeS/*lY indicates that we refine poses with sim-
ilarity scores higher than 7y for 10 steps, but refine poses
with a low similarity (Is) < y for 50 steps. Alternatively, we
use APR™ + Filter to denote the scenario where we exclude
the pose refinement module and directly filter out estimated
poses with low similarity scores (Is). This approach helps
us analyze the effectiveness of our framework, as shown
in the uncertainty evaluation below. Besides, APR"" + Filter
can be used to reject bad predictions in real mobile robotics
applications simply.

C. Uncertainty Evaluation

We compare our method quantitatively with three main-
stream single-frame non-UA APR methods and UA APR
methods. We utilized the resulting similarity score to measure
prediction uncertainty in this paper. Our uncertainty esti-
mation module applies to almost all APRs, and we present
results over three different models. We gradually increase
the threshold 7, filter predictions whose similarity scores are
below 7, and analyze the average error of the remaining
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Fig. 5. Plots of translation and rotation errors against the number of
iteration for images pass the similarity threshold (hs) and images with low
similarity scores (Is) do not pass the similarity threshold on some scenes
of 7Scenes. The hs predictions ratio of each scene is provided in Table 1.

NeFeSm denotes runing the refinement process for m iterations.

PERCENTAGE OF PREDICTIONS WITH HIGH (0.25M, 2°), MEDIUM (0.5M,

TABLE I

5°), AND LOW (5M, 10°) ACCURACY [36] (HIGHER IS BETTER). THE
VALUE IN PARENTHESES REPRESENTS THE RATIO OF RETAINED
PREDICTIONS (HS) IDENTIFIED IN THE TEST SET BY OUR METHOD.

Dataset DENet [16] DFNet™ + Filter (ours)

7Scenes Chess 81.1/97.3/100 87.6/99.6/100 (75%)
Fire 46.5/75.7/94.5 92.3/97.1/100 (21%)

Heads 44.8/87.2/98.1 56.6/98.4/100 (44%)

Office 63.6/89.7/96.6 82.7/97.9/99.9 (31%)

Pumpkin ~ 51.6/77.6/93.1 80.5/99.1/100 (28%)

Kitchen 59/82.1/94.5 77.9/99.6/100 (30%)

Stairs 32.9/79.7/98.5 66/100/100 (14%)

Cambridge Kings 4.1/27.1/196.5 5.3/28.9/100 (55%)
Hospital 0/1/94.5 0/4.3/100 (13%)

Shop 7.8/31.1/97.1 19/50/100 (16%)

Church 0.9/9.1/87.9 1.9/14.6/99.1 (40%)

sample, as shown in Figure 4. The subfigures Figure 4.g-
i indicate a decrease in the ratio of retained predictions
as the threshold 7y increases, coupled with the decrease
in normalized mean translation and rotation errors of the
retained predictions as 7y increases in Figures 4.a-f. This clear
correlation demonstrates that samples with higher similarity
scores tend to yield more accurate estimations.

1) 7Scenes: For all three APR models, when the similar-
ity threshold v is higher than 0.95, the translation and rotation
mean errors are reduced by 25% to 80% across the scenes.

2) Cambridge: For all three APR models, when 7 is
higher than 0.95, the translation and rotation mean errors
are reduced by 15% to 80% on different scenes.

Non-UA APRs (MS-T and DFNet) exhibit higher accuracy
individually compared to UA APRs (Bayesian PN, AD-PN,
BMDN, and VaPoR) as shown in Table II and Table III.
Our new APR-agnostic uncertainty estimation module en-
ables uncertainty estimation for such models, allowing us to
leverage their greater accuracy in applications that require
uncertainty measures.

D. UA pose refinement evaluation

Adding uncertainty awareness into APRs through the un-
certainty estimation module enables filtering unreliable poses
and prioritizing the optimization of less accurate predictions.

1) 7Scenes: Table I illustrates the performance improve-
ment provided by solely filtering unreliable poses identified
by the pose estimation module. DFNet" +Filter achieves
higher percentages in all accuracy levels by keeping the
14 ~ 75% predictions with reasonably high similarity scores
pass 7. Furthermore, we completely filter out the pose
predictions in the low accuracy level (5m,10°) in six of seven
scenes, and reduce it to 0.1% in the Office scene. Regarding
pose optimization, Figure 5 shows that high similarity (hs)
predictions, with similarity scores above 7, largely converge
within 10 steps of optimization using the NeFeS method. On
the other hand, low similarity (Is) predictions still require 10
to 50 steps to converge.
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Fig. 6. Plots of translation and rotation errors against the number of
iteration for images pass the similarity threshold (hs) and images with low
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Cambridge. The hs predictions ratio of each scene is provided in Table I.
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2) Cambridge: Similar to 7Scenes, Table I shows that
filtering unreliable poses achieves higher percentages in all
accuracy levels by keeping the 13 ~ 55% predictions with
reasonably high similarity scores pass . Besides, we filter
out the pose predictions in low accuracy level (5m,10°) in
three of four scenes and reduce it to 0.9% in the Church.
As shown in Figure 6, high similarity (hs) predictions, with
similarity scores above 7, largely converge within 30 steps
of optimization using the NeFeS method, but low similarity
(Is) predictions still require 30 to 50 steps to converge.

Table II and Table IIT show the accuracy of our UA pose
refinement method compared to the SOTA non-UA APRs
and refinement pipeline. The results demonstrate that our
method achieves comparable accuracy to SOTA methods
while reducing the optimization overhead by 27.4% and
15.2% on the indoor and outdoor datasets, respectively.

E. Analysis

Figure 2 shows that all three APR models have higher
accuracy on query images closer to the training set’s view-
points. Without knowing the ground truth of the query image,



TABLE I
COMPARISONS ON 7-SCENES DATASET. THE MEDIAN TRANSLATION AND ROTATION ERRORS (M/°) OF DIFFERENT METHODS AND THE AVERAGE
REFINE STEPS FOR EACH QUERY IMAGE. THE BEST RESULTS ARE IN BOLD (LOWER IS BETTER).

Methods Chess Fire Heads Office  Pumpkin Redkitchen  Stairs | Avg. [m/°] Avg. Steps
UA APR Bayesian PN [17] 0.37/7.24 0.43/13.7 0.31/12.0 0.48/8.04 0.61/7.08  0.58/7.54 0.48/13.1 | 0.47/9.81 -
CoordiNet [19] 0.14/6.7 0.27/11.6 0.13/13.6 0.21/8.6 0.25/7.2  026/7.5 0.28/12.9 | 0.22/9.70 -
BMDN/'[21] 0.10/6.47 0.26/14.8 0.13/13.4 0.19/9.73 0.20/9.40 0.19/10.9 0.34/14.1 | 0.20/11.26 -
VaPoR [22] 0.17/6.9 0.30/14.1 0.17/14.5 0.24/9.3 0.30/8.3  0.26/10.2  0.47/15.5 | 0.27/11.26 -
non-UA APR PN [7] 0.10/4.02  0.28/9.44 0.18/13.9 0.17/5.99 0.22/5.18 0.23/591 0.34/11.6 | 0.22/7.16 -
MS-T [12] 0.11/6.45 0.23/10.9 0.13/13.1 0.18/8.18 0.16/6.87 0.17/8.44  0.30/10.4 | 0.18/9.19 -
DFNet [16] 0.03/1.12  0.06/2.30 0.04/2.29 0.06/1.54 0.07/1.92 0.07/1.74  0.12/2.63 | 0.06/1.93 -
APR Refine | DFNet + NeFeS10 [23] | 0.02/0.55 0.03/1.20 0.03/1.88 0.04/1.08 0.04/0.98 0.03/0.97 0.10/2.47 | 0.04/1.30 10
DFNet + NeFeS50 [23] | 0.02/0.57 0.02/0.74 0.02/1.28 0.02/0.56 0.02/0.55 0.02/0.57 0.05/1.28 | 0.02/0.79 50
Ours DFNet" + NeFeSIJ | 0.02/0.55 0.02/0.75 0.02/1.45 0.02/0.64 0.02/0.62  0.02/0.67  0.05/1.30 | 0.02/0.85 36.3

! Results of BMDN taken from [22].

TABLE III
COMPARISONS ON CAMBRIDGE DATASET. THE MEDIAN TRANSLATION
AND ROTATION ERRORS (M/°) OF DIFFERENT METHODS AND THE
AVERAGE REFINE STEPS FOR EACH QUERY IMAGE. BEST RESULTS ARE
IN BOLD (LOWER IS BETTER).

Methods Kings  Hospital ~ Shop Church Avg.  Avg. Steps
UA APR Bayesian PN [1.74/ 4.06 2.57/ 5.14 1.25/ 7.54 2.11/ 8.38[1.92/6.28 -

AD-PN 1.3/1.67 2.28/4.80 1.22/6.17 -/- -/-

BMDN! 1.51/2.14 2.25/3.93 3.52/5.41 2.16/5.99 2.36/4.37

VaPoR 1.65/2.88 2.06/4.33 1.02/6.03 1.80/5.90 (1.63/4.79
non-UA APR] PN 0.93/2.73 2.24/7.88 1.47/6.62 2.37/5.94(1.75/5.79

MS-T 0.85/1.45 1.75/2.43 0.88/3.20 1.66/4.12|1.29/2.80

DFNet 0.73/2.37 2.00/2.98 0.67/2.21 1.37/4.02|1.19/2.90 -
APR Refine | DFNet + NeFeS30 [0.37/0.64 0.98/1.61 0.17/0.60 0.42/1.38{0.49/1.06 30

DFNet + NeFeS50 |0.37/0.54 0.52/0.88 0.15/0.53 0.37/1.14 (0.35/0.77 50

Ours DFNet’” + NeFeS3)| 0.36/0.58 0.53/0.89 0.13/0.51 0.38/1.160.35/0.78  42.4

! Results of BMDN taken from [22].

(d) Church (DFNet"")
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Fig. 7. Examples of retrieved image pairs in Cambridge and 7Scenes. For
each pair, left side is the query image in test set, right side is the training set
image retrieved by pose-based algorithm with the maximum similarity. The
red numbers in the upper row of each subfigure represent the two images
with low similarity and the green numbers in the lower row represent the
two images with high similarity.

our uncertainty estimation module utilizes image features
to measure the similarity between the query image and the
training set, as we expect the similarity of image features
to equate the proximity of viewpoints. We visualize the
query image and the corresponding image in the training set
retrieved by our pose-based algorithm with the maximum
similarity. As shown in Figure 7, some query images are
very similar to the training set images, while others are less

straightforward to match. The clear correlation in Figure 4
and improvement in all accuracy levels after filtering in
Table I confirm our uncertainty estimation module is effec-
tive and fits the design outcomes in Section III-C. Besides,
Figure 7.b and Figure 7.d show that the high-level and low-
dimensional feature embeddings extracted from PoseNet-
based feature extractor E are robust to different lighting,
weather, moving objects, and pedestrians where point-based
SIFT registration fails [7].

F. System Efficiency

We evaluate the processing time of the proposed frame-
work on a PC equipped with an NVIDIA GeForce GTX
3090 GPU. Based on the implementation in Section III
and Section IV, we repeat each measurement 1000 times.
The feature extraction of E takes 3.4ms. Pose-based feature
retrieval with &'(n) complexity takes 1.98ms, while similarity
calculation takes 1.3ms in the Heads dataset. Overall, the un-
certainty estimation module only adds about an extra 6.7ms
to each inference time of APRs. That means predictions
can get the uncertainty in real-time. The feature extractor
E with EfficientNetbO as backbone only takes 20 MB to
store the weights, and each 1 x 1024 feature embedding of
an image only takes 4.2 KB. That means our uncertainty
estimation module is also very storage efficient. Through its
high modularity, our framework provides a new paradigm for
real-life camera relocalisation with APRs. It can integrate
most existing and future APRs and test-time refinement
methods with minimal changes.

V. CONCLUSIONS

We introduce an APR-agnostic framework, HR-APR,
which includes an uncertainty estimation module that uses
a novel pose retrieval algorithm to calculate the cosine
similarity between image feature embeddings in the training
set and the query image. This uncertainty estimation is used
to optimize an iterative pose refinement algorithm. We eval-
uate the performance of our method on indoor and outdoor
datasets using three different APRs. Our results demonstrate
a clear correlation between pose error and uncertainty, val-
idating the effectiveness of our approach. Moreover, HR-
APR significantly reduces the computational overhead of the
refinement pipeline while maintaining accuracy.
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Chapter 7

Efficient Camera Pose Refinement
via 3D Gaussian Splatting and 3D

Foundation Model

This chapter introduces a more efficient and robust method for camera pose re-
finement. In the previous two chapters, we show that NeRF-based refinement
methods can effectively improve coarse pose estimates produced by APR. Con-
ceptually, such methods share similarities with traditional image-retrieval-based
pipelines, such as HLoc, which rely on place recognition for coarse localisation. In
contrast to traditional methods constrained by the discrete poses of the retrieved
database images, NeRF-based refinement takes advantage of the continuous and
more accurate initial poses provided by APR. However, these methods often fail
to improve the already accurate poses predicted by geometry-based methods such
as SCR [92, 174]. When the initial estimate is close to ground truth, NeRF-based
iterative refinement methods sometimes become unreliable. One root cause to this
phenomenon is that the optimisation signal becomes weak, noisy, and highly sen-

sitive to small errors due to the artefacts produced by the view synthesis process,
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limiting the refinement precision.

Additionally, methods like NeFeS [29] and CrossFire [113] suffer from high
computational overhead due to slow iterative rendering and backpropagation at
the test time. They also require training scene-specific feature descriptors, which
is tedious and time-consuming. These challenges highlight the need for a more
general, efficient, and scalable camera pose refinement method.

To address this, we present a more effective pose refinement framework based
on our recent paper published at the 2025 International Conference on Learning
Representations, titled GS-CPR: Efficient Camera Pose Refinement via 3D Gaus-
sitan Splatting. GS-CPR introduces several upgrades compared to the previous
NeFeS project. First, we replace the NeRF model with a 3D Gaussian Splatting
model, enabling efficient rendering of high-quality synthetic images and depth
maps. Second, it avoids iterative feature-metric refinement by establishing dense
2D-3D correspondences, enabling one-shot pose refinement without iterative op-
timisation. Third, it eliminates the tedious feature descriptor training process by
using a 3D foundation model MASt3R [88] for direct 2D-2D matching.

Together, these design choices make GS-CPR. faster, more generalisable, and
easier to deploy. Our experiments show that GS-CPR consistently achieves state-
of-the-art results on both indoor and outdoor benchmarks. It not only improves
pose estimates from APR methods, but also enhances the accuracy of state-of-
the-art SCR methods such as ACE [92] and GLACE [174]. On average, GS-CPR
reduces pose estimation errors by up to 30% and runs in less than 0.2 seconds per

query, offering more than 50x speed up compared to NeFeS in Chapter 5.
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7.1 Discussion on Methodology and Constraints

To provide a more comprehensive understanding of the proposed GS-CPR and the
preceding refinement frameworks, this section clarifies the requirements for initial
poses, label types, and the inherent constraints regarding scene scalability.
Initial Pose and Convergence. The efficacy of NeRF and 3DGS-based re-
finement is fundamentally contingent upon the quality of the initial pose estimates.
As demonstrated in the convergence analyses in Chapters 4, 5 and 7, these meth-
ods typically require an initial APR estimate to fall within a specific convergence
radius to avoid local minima. Notably, as the underlying scene representation
evolved from NeRF to 3D-GS in this chapter, we observed an increased tolerance
threshold, enabling the system to successfully refine even coarser initial estimates
due to the higher-fidelity geometric signals provided by the latest 3D-GS solution.
Label Requirements and Scene Scale. Our frameworks are compatible
with various pose labels, including those generated via SLAM or SfM, although
StM-based labels generally yield higher refinement precision due to their superior
global quality. Regarding scalability, while our methods demonstrate robust per-
formance on standard benchmarks, we acknowledge that the datasets used consist
primarily of small-to-medium scale scenes. As the scene volume expands, there
is a commensurate increase in the required model capacity (e.g., the number of
Gaussians or parameters) and label density to maintain high-frequency details.
Limitations and Robustness. Despite recent advances, representations such
as NeRF and 3DGS still face challenges in extreme scenarios, including city-scale
environments, day-to-night transitions, and seasonal variations. Consequently, our
refinement methods are most effective within scenes that the underlying represen-
tation can accurately reconstruct. We anticipate that these constraints will be

mitigated as the research community continues to improve the quality and effi-
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ciency of 3D scene representations. Further discussions on these scalability chal-
lenges and potential multi-modal solutions are provided in the future work section

in Chapter 9.
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GS-CPR: EFFICIENT CAMERA POSE REFINEMENT VIA
3D GAUSSIAN SPLATTING

Changkun Liu'* Shuai Chen? Yash Bhalgat?> Siyan Hu' Ming Cheng®
Zirui Wang? Victor Adrian Prisacariu?> Tristan Braud'
'HKUST  2University of Oxford 3Dartmouth College
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One-shot GS-CPR (ours)

ACE ACE + GS-CPR (ours) Marepo Marepo + GS-CPR (ours)

Figure 1: GS-CPR refines pose predictions of state-of-the-art APR and SCR models in a one-shot
manner, achieving greater accuracy compared to the iterative neural refinement method, such as
NeFeS (Chen et al., 2024a). Each subfigure is divided by a diagonal line, with the bottom left part
rendered using the estimated/refined pose and the top right part displaying the ground truth image.

ABSTRACT

We leverage 3D Gaussian Splatting (3DGS) as a scene representation and propose
anovel test-time camera pose refinement (CPR) framework, GS-CPR. This frame-
work enhances the localization accuracy of state-of-the-art absolute pose regres-
sion and scene coordinate regression methods. The 3DGS model renders high-
quality synthetic images and depth maps to facilitate the establishment of 2D-3D
correspondences. GS-CPR obviates the need for training feature extractors or de-
scriptors by operating directly on RGB images, utilizing the 3D foundation model,
MASTt3R, for precise 2D matching. To improve the robustness of our model in
challenging outdoor environments, we incorporate an exposure-adaptive module
within the 3DGS framework. Consequently, GS-CPR enables efficient one-shot
pose refinement given a single RGB query and a coarse initial pose estimation.
Our proposed approach surpasses leading NeRF-based optimization methods in
both accuracy and runtime across indoor and outdoor visual localization bench-
marks, achieving new state-of-the-art accuracy on two indoor datasets. The project
page is available at: https://xrim-lab.github.io/GS-CPR/.

1 INTRODUCTION

Camera relocalization, the task of determining the 6-DoF camera pose within a given environment
based on a query image, is critical for numerous applications, including robotics, autonomous vehi-
cles, augmented reality, and virtual reality. Current methods for camera pose estimation primarily
fall into the categories of structure-based approaches and absolute pose regression (APR) techniques.
Classic structure-based pipelines (Dusmanu et al., 2019; Sarlin et al., 2019; Taira et al., 2018; Noh
et al., 2017; Sattler et al., 2016; Sarlin et al., 2020; Lindenberger et al., 2023) rely on 2D-3D cor-
respondences between a point cloud and the reference image. Another class of structure-based

*cliudg @connect.ust.hk, research conducted during a visit at Active Vision Lab, University of Oxford.
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methods - Scene Coordinate Regression (SCR) (Brachmann et al., 2017; 2023; Wang et al., 2024a;
Brachmann & Rother, 2021) - uses neural networks for direct regression of 2D-3D correspondences.
These 2D-3D correspondences are fed into Perspective-n-Point (PnP) (Gao et al., 2003) for pose
estimation. APR methods (Kendall et al., 2015; Wang et al., 2019; Chen et al., 2021; Shavit et al.,
2021) employ neural networks to infer camera poses from query images directly. While APR ap-
proaches offer fast inference times, they often struggle with accuracy and generalization (Sattler
et al., 2019; Liu et al., 2024a). SCR methods generally achieve higher accuracy but at the cost of
increased computational complexity.

Pose Pose
—> Estimator ——> Prior
F p

| ;,

Rendered Depth I o Pose
. RANSAC Refined
Ll — “ 5|.."'., , P
= = . -”'h\n
Exposure 3D Gaussian Splat " L 2D-3D matches
Histogram +ACT Rendered Image I,
H+ € ¢
Matcher
M

Figure 2: Overview of GS-CPR. We assume the availability of a pre-trained pose estimator F and a
pre-trained 3DGS model H of the scene. For a query image I, we first obtain an initial estimated

pose p from the pose estimator F. Our goal is to output a refined pose ]5’.

Given the above limitations, there has been a growing interest in pose refinement methods to en-
hance the accuracy of the initial pose estimates of an underlying pose-estimation method. Recent
approaches have leveraged Neural Radiance Fields (NeRF) (Mildenhall et al., 2020) for this pur-
pose. For instance, NeFeS (Chen et al., 2024a) proposes a test-time refinement pipeline. However,
it offers limited improvements in accuracy and suffers from slow convergence due to the computa-
tional demands of NeRF rendering and the requirement for backpropagation through the pose esti-
mation model. Furthermore, a recent NeRF-based localization method - CrossFire (Moreau et al.,
2023) - establishes explicit 2D-3D matches using features rendered from NeRF. However, training
a customized scene model together with the scene-specific localization descriptor is required, and it
exhibits lower accuracy compared to classic structure-based methods.

To address the challenges of slow convergence, limited accuracy, and the need for training cus-
tomized feature descriptors, we propose a novel test-time pose refinement framework, termed GS-
CPR, as illustrated in Figure 1 and Figure 2. GS-CPR employs 3D Gaussian Splatting (3DGS) (Kerbl
et al., 2023) for scene representation and leverages its high-quality, fast novel view synthesis (NVS)
capabilities to render images and depth maps. This facilitates the efficient establishment of 2D-3D
correspondences between the query image and the rendered image, based on the initial pose estimate
from the underlying pose estimator (e.g., APR, SCR). We incorporate an exposure-adaptive module
into the 3DGS model to improve its robustness to the domain shift between the query image and
the rendered image. Secondly, our method operates directly on RGB images, utilizing the 3D vision
foundation model MASt3R (Leroy et al., 2024) for precise matching, eliminating the need for train-
ing scene-specific feature extractors or descriptors (Chen et al., 2024a; Moreau et al., 2023). This
significantly accelerates our method compared to iterative NeRF-based refinement methods (Chen
et al., 2024a) and makes our framework easier to deploy than CrossFire (Moreau et al., 2023) and
its variants (Zhou et al., 2024; Liu et al., 2023; Zhao et al., 2024).

Lastly, we conduct comprehensive quantitative evaluations and ablation studies on the
7Scenes (Glocker et al., 2013; Shotton et al., 2013), 12Scenes (Valentin et al., 2016), and Cambridge
Landmarks (Kendall et al., 2015) benchmarks. GS-CPR significantly enhances the pose estimation
accuracy of both APR and SCR methods across these benchmarks, achieving new state-of-the-art
accuracy on the two indoor datasets. Unlike previous NeRF-based methods (Chen et al., 2024a),



Published as a conference paper at ICLR 2025

which fail to improve SCR methods, such as ACE (Brachmann et al., 2023), our method offers sub-
stantial improvements and outperforms other leading NeRF-based methods (Germain et al., 2022;
Moreau et al., 2023; Zhou et al., 2024; Liu et al., 2023; Zhao et al., 2024).

2 RELATED WORK

Pose Estimation without 3D Representation. A straightforward approach for coarse pose esti-
mation is using image retrieval (Arandjelovic et al., 2016; Ge et al., 2020; Gordo et al., 2017) to
average poses from top-retrieved images, but this lacks precision. Absolute Pose Regression (APR)
methods (Kendall et al., 2015; Kendall & Cipolla, 2016; 2017; Wang et al., 2019; Chen et al., 2021;
2022; Shavit et al., 2021; Chen et al., 2024b; Lin et al., 2024) directly regress a pose from a query
image using trained models, bypassing 3D representations and geometric relationships. Despite be-
ing fast, APR methods suffer in accuracy and generalization (Sattler et al., 2019; Liu et al., 2024a)
compared to structure-based techniques. LENS (Moreau et al., 2022) enhances APR by augmenting
views with NeRF, but matching the accuracy of 3D structure-based methods remains challenging.
To improve APR methods’ accuracy, we used 3DGS as a 3D representation and utilized its geometry
information to optimize the initial prediction.

Structure-based Pose Estimation. Classical 3D structure-based methods, like the hierarchical lo-
calization pipeline (HLoc) (Dusmanu et al., 2019; Sarlin et al., 2019; Taira et al., 2018; Noh et al.,
2017; Sattler et al., 2016; Sarlin et al., 2020; Lindenberger et al., 2023), predict camera poses using a
point cloud and a database of reference images, requiring descriptor storage and 2D-3D correspon-
dence through image retrieval. In contrast, Scene Coordinate Regression (SCR) methods (Brach-
mann et al., 2017; 2023; Wang et al., 2024a; Brachmann & Rother, 2021) directly regress 2D-3D
correspondences using neural networks and apply PnP (Gao et al., 2003) and RANSAC (Fischler &
Bolles, 1981) for pose estimation. Our GS-CPR eliminates the need for reference images and de-
scriptor databases by using a 3DGS model for scene representation, further optimizing SCR outputs
like ACE (Brachmann et al., 2023).

NeRF-based Pose Estimation. NeRF-based pose estimation methods (Chen et al., 2024a; Yen-
Chen et al., 2021; Lin et al., 2023) rely on iterative rendering and pose updates, leading to slow con-
vergence and limited accuracy. While NeFeS (Chen et al., 2024a) improves APR pose estimation, it
faces difficulties in enhancing SCR results and suffers from long refinement runtime. HR-APR (Liu
et al., 2024a) speeds up optimization by 30%, but the average runtime of each query still takes sev-
eral seconds on a high-performance GPU. Other NeRF-based methods like FQN (Germain et al.,
2022), CrossFire (Moreau et al., 2023), NeRFLoc (Liu et al., 2023), and NeRFMatch (Zhou et al.,
2024) improve positioning by establishing 2D-3D matches but require specialized feature extractors
and suffer from slow rendering and quality issues.

3DGS-based Pose Estimation. With the NVS field transitioning from NeRF to 3DGS, methods pro-
posed by Sun et al. (2023) and Botashev et al. (2024) refine camera poses in an inefficient iterative
manner by inverting 3DGS, following iNeRF (Yen-Chen et al., 2021). In contrast, 6DGS (Bortolon
et al., 2024) achieves a one-shot estimate by projecting rays from an ellipsoid surface, avoiding it-
eration. Although both methods use 3DGS for visual localization, neither has been tested on large
benchmarks (Kendall et al., 2015; Valentin et al., 2016) or compared with mainstream methods like
SCR and APR. We propose an approach using 3DGS for 2D-3D correspondences, similar to Cross-
Fire (Moreau et al., 2023), but without requiring training feature extractors or feature matchers.
Our method generates high-quality synthetic images and employs direct 2D-2D matching, making it
faster and easier to deploy than previous NeRF-based methods such as NeFeS, CrossFire, and other
variants (Germain et al., 2022; Zhou et al., 2024; Liu et al., 2023; 2024a; Zhao et al., 2024).

3 PROPOSED METHOD

GS-CPR is a test-time camera pose refinement framework. We assume the availability of a pre-
trained pose estimator and a 3DGS model of the scene. For a query image, we first obtain an initial
estimated pose from the pose estimator. Our goal is to output a refined pose.

Given a query image I, € R7*W>3 with camera intrinsics K € R**3, a pose estimator F (typically
an APR or SCR model) predicts an initial 6-DoF pose p = [t|R], where £ € R® and R € R3*3
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represent the estimated translation and rotation respectively. Subsequently, for the viewpoint p, a
pretrained 3DGS model 7 renders an image I,, € RZ>*W >3 and a depth map I; € RZ*Wx1 We
use an exposure-adaptive affine color transformation (ACT) module £ during this rendering process
to enhance the robustness of our model to challenging outdoor environments (see Section 3.1).
A matcher M then establishes dense 2D-2D correspondences between I, and I,. Then we can
establish the 2D-3D matches based on fq and fd (see Section 3.2). Finally, we obtain the refined
pose p’ from these 2D-3D matches (see Section 3.2). An overview of our framework is depicted in
Figure 2. We also explore a faster pose refinement framework without 2D-3D matches depicted in
Figure 3 (see Section 3.3).

3.1 3DGS TEST-TIME EXPOSURE ADAPTATION

Existing literature (Kerbl et al., 2023; Lu et al., 2024) shows that 3DGS achieves high-quality novel
view renderings but assumes training and testing without significant photometric distortions. In
visual relocalization, mapping and query sequences often differ in lighting due to varying times,
weather, and exposure. This creates a significant appearance gap between 3DGS renderings and
query images, negatively impacting 2D-2D matching performance.

To address this issue, we apply an exposure-adaptive affine color transformation module £ (Chen
etal., 2022; 2024a) to 3DGS, allowing the 3DGS to adaptively render appearances during testing and
accurately reflect the exposure of I,. Specifically, we use a 4-layer MLP that takes the luminance
histogram of the query image as input and produces a 3x3 matrix Q along with a 3-dimensional bias
vector b. These outputs are then directly applied to the rendered pixels of the 3DGS as shown in
Equation 1, ensuring a closer match to the exposure of the query image.

C(r) = QCrena (r) + b, (1)

where C(r) is the final per-pixel color and Chenq(r) is the rendered per-pixel color obtained from
the 3DGS model H.

3.2 POSE REFINEMENT WITH 2D-3D CORRESPONDENCES

GS-CPR estimates the camera pose by establishing 2D-3D correspondences between the query im-
age I, and the scene representation. This process involves the following steps:

2D-2D Matching. First, an image I, is rendered from the initial estimated viewpoint p. A Matcher
M is then used to establish 2D-2D pixel correspondences C, , between the query image I, and

the rendered image I.. In our implementation, the matcher M is a recently released 3D vision
foundation model, MASt3R (Leroy et al., 2024). MASt3R demonstrates strong robustness for 2D-
2D matching across image pairs with the sim-to-real domain gap.

3D Coordinate Map Generation. Simultaneously, we use our trained 3DGS model H to render a
depth map I; from the viewpoint p. We modify the rasterization engine of 3DGS to render the depth

map as follows:
i—1
Iy="Y " diai [J(1 = ay), )

i€EN j=1
where d; is the z-depth of each Gaussian in the viewspace and «; is the learned opacity multiplied
by the projected 2D covariance of the i** Gaussian. In our framework, ground truth depth maps
are not required for supervision during training of the 3DGS model H. Using the rendered depth

map I4, camera intrinsics K, and pose p, we obtain the 3D coordinate map X;i € REXWX3 for the
rendered image I,..

Establishing 2D-3D Correspondences. By combining the 2D-2D correspondences C, , with the
3D coordinate map X¢, we establish 2D-3D correspondences between 1, ¢ and the scene. For each
matched pixel in I, we obtain its corresponding 3D coordinate from x4,

Pose Refinement. Finally, we obtain the refined pose p’ by feeding these 2D-3D correspondences
into a PnP (Gao et al., 2003) solver with RANSAC (Fischler & Bolles, 1981) loop. This process
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does not require backpropagation through the pose estimator F or the 3DGS model H, ensuring
efficient computation and enabling its usage with any black-box pose estimator model.

Using 2D-3D correspondences, coupled with PnP + RANSAC, provides a robust pose refinement
that is much faster and more accurate than methods relying solely on rendering and compari-
son (Yen-Chen et al., 2021; Lin et al., 2023; Sun et al., 2023). Furthermore, our method eliminates
the requirement of training specialized feature descriptors that previous approaches (Chen et al.,
2024a; Moreau et al., 2023; Chen et al., 2022; Zhao et al., 2024) rely on for robustness.

3.3 FASTER ALTERNATIVE WITH RELATIVE POST ESTIMATION

Pose Pose
—> Estimator Prior
F p

| e

Rendered Depth Iy e
] I I > . Rrel trea > Refined
| Al
| e ——{ Jul 1} ° L p
1 l‘

a1l - i
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H+ €

Rendered Image I,

Matcher
M

Figure 3: Overview of GS-CPR,;. Different from GS-CPR in Figure 2 (highlight with the red box),
we use I to recover the scale s of t.. Then we calculate the refined pose p’ based on Ry and st
without matching.

While GS-CPR provides high accuracy through 2D-3D correspondences, we also explore an alter-
native approach that prioritizes computational efficiency. This variant, which we call GS-CPR,,
utilizes MASt3R’s point map registration capabilities to estimate relative pose without matching.
Figure 3 shows an overview of the GS-CPR,| approach.

Specifically, MASt3R generates point maps P, and P,. for both the query image I, and the rendered

image I » and predicts the relative rotation R and translation t., between the two images. However,
this relative pose predicted by MASt3R needs to be aligned to the scene’s scale s. We recover the
scale by aligning the point map P,. with the depth map I,; rendered from the 3DGS model . The
final refined pose p’ is computed as:

ﬁ/ = [I:l/ﬁ"/] = [Rre1R|Rre1£ + Strel]a 3)

where R, t are the initial rotation and translation estimates. As shown in Table 5 and 6, GS-CPR
offers a trade-off between speed and accuracy, making it ideal for rapid refinement of APR methods
like DFNet (Chen et al., 2022).

4 EXPERIMENTS

4.1 EVALUATION SETUP

Datasets. We evaluate the performance of GS-CPR across three widely used public visual local-
ization datasets. The 7Scenes dataset (Glocker et al., 2013; Shotton et al., 2013) comprises seven
indoor scenes with volumes ranging from 1-18 m3. The 12Scenes dataset (Valentin et al., 2016) fea-
tures 12 larger indoor scenes, with volumes spanning from 14-79 m3. The Cambridge Landmarks
dataset (Kendall et al., 2015) represents large-scale outdoor scenarios, characterized by challenges
such as moving objects and varying lighting conditions between query and training images.

Evaluation Metrics. We report two types of metrics to compare the performance of different meth-
ods. The first metric is the median translation and rotation error. The second metric is the recall rate,
which measures the percentage of test images localized within @ cm and 6°.

Baselines. In our experiment, to demonstrate the improvement capabilities of our framework, we
use the initial estimates of APR and SCR methods as our baseline. We employ our method on top of
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Table 1: Comparisons on 7Scenes dataset. The median translation and rotation errors (cm/°) of
different methods. The best results are in bold (lower is better). Second best results are indicated
with an underline. NRP stands for Neural Rendering-based Pose Estimation.

‘ Methods ‘ Chess Fire Heads  Office Pumpkin Redkitchen Stairs ‘ Avg. | [em/°]
PoseNet (Kendall et al., 2015) 10/4.02  27/10.0 18/13.0 17/5.97 19/4.67 22/5.91 35/10.5 21/7.74
APR MS-Transformer (Shavit et al., 2021) | 11/6.38  23/11.5 13/13.0 18/8.14 17/8.42 16/8.92 29/10.3 18/9.51
DFNet (Chen et al., 2022) 3/1.12 6/230  4/229  6/1.54  7/1.92 7/1.74 12/2.63 6/1.93
Marepo (Chen et al., 2024b) 1.9/0.83 2.3/0.92 2.1/1.24 2.9/0.93 2.5/0.88  2.9/0.98 5.9/1.48 2.9/1.04
DSAC* (Brachmann & Rother, 2021) | 0.5/0.17 0.8/0.28 0.5/0.34 1.2/0.34 1.2/0.28  0.7/0.21 2.7/0.78 1.1/0.34
SCR ACE (Brachmann et al., 2023) 0.5/0.18 0.8/0.33 0.5/0.33 1.0/0.29 1.0/0.22  0.8/0.2 2.9/0.81 1.1/0.34
GLACE (Wang et al., 2024a) 0.6/0.18 0.9/0.34 0.6/0.34 1.1/0.29 0.9/0.23  0.8/0.20 3.2/0.93 1.2/0.36
FQN-MN (Germain et al., 2022) 4.1/1.31 10.5/2.97 9.2/2.45 3.6/2.36 4.6/1.76  16.1/4.42 139.5/34.67 28/7.3
CrossFire (Moreau et al., 2023) 1/0.4 5/1.9 3/2.3 5/1.6 3/0.8 2/0.8 12/1.9 4.4/1.38
pNeRFLoc (Zhao et al., 2024) 2/0.8 2/0.88 1/0.83  3/1.05  6/1.51 5/1.54 32/5.73 7.3/1.76
DFNet + NeFeSso (Chen et al., 2024a) | 2/0.57  2/0.74  2/1.28  2/0.56  2/0.55 2/0.57 5/1.28 2.4/0.79
NRP HR-APR (Liu et al., 2024a) 2/0.55  2/0.75  2/1.45  2/0.64  2/0.62 2/0.67 5/1.30 2.4/0.85
NeRFMatch (Zhou et al., 2024) 0.9/0.3 1.1/04 1.5/1.0 3.0/08 2.2/0.6 1.0/0.3 10.1/1.7 2.8/0.7
MCLoc (Trivigno et al., 2024) 2/0.8 3/1.4 3/1.3 4/1.3 5/1.6 6/1.6 6/2.0 4.1/1.43
DFNet + GS-CPR (ours) 0.7/0.20  0.9/0.32 0.6/0.36 1.2/0.32 1.3/0.31  0.9/0.25 2.2/0.61 1.1/0.34
Marepo + GS-CPR (ours) 0.6/0.18 0.7/0.28 0.5/0.32 1.1/0.29 1.0/0.26  0.8/0.21 1.5/0.44 0.9/0.28
ACE + GS-CPR (ours) 0.5/0.15 0.6/0.25 0.4/0.28 0.9/0.26 1.0/0.23  0.7/0.17 1.4/0.42 0.8/0.25

the prevailing APR methods, DFNet (Chen et al., 2022) and Marepo (Chen et al., 2024b), as well as
a well-known SCR method, ACE (Brachmann et al., 2023), as the pose estimator /. We follow the
default settings of these pose estimators to obtain the initial pose prior for each query image'. The
term APR/SCR + GS-CPR denotes the one-shot refinement. A similar naming convention applies
to APR/SCR + GS-CPR,.;. We also include a comparison here with the state-of-the-art NeRF-based
methods (Chen et al., 2024a; Moreau et al., 2023; Zhou et al., 2024; Liu et al., 2024a; Germain
et al., 2022; Zhao et al., 2024; Liu et al., 2023) and MCLoc (Trivigno et al., 2024), which is a
pose refinement framework agnostic to scene representation. MCLoc provides results using 3DGS
models as scene representations for the 7Scenes and Cambridge datasets.

Implementation Details. GT Poses: For both the 7Scenes and 12Scenes datasets, we adopt the STM
ground truth (GT) provided by Brachmann et al. (2021). As demonstrated in NeFeS (Chen et al.,
2024a), STM GT can render superior geometric details compared to dSLAM GT for the 7Scenes
dataset. Gaussian Splatting: For the training of the 3DGS model of each scene, we utilize the
sparse point cloud of training frames generated by COLMAP (Schonberger & Frahm, 2016) as
the initial input. We select Scaffold-GS (Lu et al., 2024) as our 3DGS representation, incorporat-
ing modifications detailed in Sections 3.1 and 3.2 to adapt exposure and enable depth rendering.
Scaffold-GS reduces redundant Gaussians while delivering high-quality rendering compared to the
vanilla 3DGS (Kerbl et al., 2023). For the exposure-adaptive ACT module, we follow the default
setting in Chen et al. (2024a), computing the query image’s histogram in the YUV color space and
binning the luminance channel into 10 bins. In addition, we apply temporal object filtering to filter
out moving objects in the dynamic scene using an off-the-shelf method (Cheng et al., 2022), lead-
ing to better accuracy in scene reconstruction quality and pixel-matching performance. Training
Details: We employ the official pre-trained MASt3R (Leroy et al., 2024) model without fine-tuning
for 2D-2D matching and resize all images to 512 pixels on their largest dimension. The modified
Scaffold-GS model is trained for each scene with 30,000 iterations on an NVIDIA A6000 GPU. We
implement our framework with PyTorch (Paszke et al., 2019). Additional details can be found in the
Appendix A.1 and A.2.

4.2 LOCALIZATION ACCURACY

We conduct quantitative experiments on three datasets to evaluate the improved localization accu-
racy of our framework compared to the APR and SCR methods.

7Scenes Dataset. Using the 7Scenes dataset, we evaluate the performance of DFNet, Marepo, and
ACE with GS-CPR. Table 1 demonstrates that GS-CPR significantly reduces pose estimation errors
for DFNet, Marepo, and ACE with one-shot refinement. Table 2 shows that GS-CPR significantly
improves the proportion of query images below 5cm, 5° and 2cm, 2° pose error. It is worth noting

"Note that the original paper of Marepo reports results on 7Scenes using dSLAM GT; we retrained the ACE
head of Marepo using SftM GT.
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Table 2: We report the average percentage (%) of frames below a (5cm, 5°) and (2cm, 2°) pose error
across 7Scenes. IR denotes image retrieval.

| Methods | Avg. 1 [5em, 5°] | Avg. T [2cm, 2°]
DFNet 43.1 8.4
APR ‘ Marepo ‘ 84.0 ‘ 33.7
. HLoc (SP + SG) (Sarlin et al., 2020; 2019) 95.7 84.5
IR+STM points | iy AD+R2D2 (Torii et al., 2015; Revaud et al., 2019) 95.7 87.2
DSAC* 97.8 80.7
SCR ACE 97.1 83.3
GLACE 95.6 82.2
DFNet + NeFeS5q 78.3 459
HR-APR 76.4 40.2
NeRFMatch 78.4 -
NRP NeRFLoc (Liu et al., 2023) 89.5 -
DFNet + GS-CPR (ours) 94.2 76.5
Marepo + GS-CPR (ours) 994 89.6
ACE + GS-CPR (ours) 100 93.1

Table 3: Comparisons on Cambridge Landmarks dataset. We report the median translation and
rotation errors (cm/°) of different methods. Best results are in bold (lower is better) among the NRP
approaches.

\ Methods | Kings Hospital Shop — Church |Avg. | [cm/°]
IR + STM points HLoc (SP+SG) (k=1) ‘13/0.22 18/0.38 6/0.25 9/0.28 ‘ 12/0.28
HLoc (SP+SG) (k=10) | 11/0.2 15/0.31 4/0.21 7/0.22 9/0.24
PoseNet 93/2.73 224/7.88 147/6.62 237/5.94|  175/5.79
MS-Transformer 85/1.45175/2.43 88/3.20 166/4.12| 129/2.80
APR LENS (Moreau et al., 2022)| 33/0.5 44/0.9 27/1.6 53/1.6 39/1.15
DFNet 73/2.37200/2.98 67/2.21 137/4.02| 119/2.90
PMNet (Lin et al., 2024) |68/1.97 103/1.31 58/2.10 133/3.73|  90/2.27
SCR ‘ ACE ‘29/038 31/0.61 5/03 19/0.6 ‘ 21/0.47
GLACE! 20/0.32 20/0.41 5/0.22  9/0.3 14/0.32
FQN-MN 28/0.4 54/0.8 13/0.6  58/2 38/1
CrossFire 47/0.7 43/0.7 20/1.2 39/1.4 37/1
DFNet + NeFeS3,> 37/0.64 98/1.61 17/0.60 42/1.38 49/1.06
NRP DFNet + NeFeS5g 37/0.54 52/0.88 15/0.53 37/1.14 35/0.77
HR-APR 36/0.58 53/0.89 13/0.51 38/1.16 35/0.78
MCLoc 31/0.42 39/0.73 12/0.45 26/0.8 27/0.6
DFNet + GS-CPR (ours) [23/0.32 42/0.74 10/0.36 27/0.62 26/0.51
ACE + GS-CPR (ours) [20/0.29 21/0.40 5/0.24 13/0.40 15/0.33

! We report the accuracy based on official open-source models (Wang et al., 2024a).
2 Results of DFENet + NeFeSs taken from Liu et al. (2024a).

that ACE + GS-CPR outperforms HLoc (Superpoint (DeTone et al., 2018) + Superglue (Sarlin et al.,
2020)), indicating that 3DGS has the potential to replace traditional point-clouds in visual localiza-
tion pipelines. Figure 4 (a) shows that after refinement using our GS-CPR, the rendered image of
the estimated pose better matches the real image.

Cambridge Landmarks Dataset. We conduct a quantitative evaluation by deploying DFNet and
ACE with GS-CPR. Marepo is not included in this comparison due to the absence of an official
model for this dataset. Table 3 demonstrates that GS-CPR significantly reduces pose estimation
errors for both DFNet and ACE. Specifically, the accuracy of DFNet + GS-CPR with one-shot
optimization significantly surpasses that of CrossFire and DFNet + NeFeS with 30 and even 50
steps of optimization (see Table 3). This result fully demonstrates the efficiency of our GS-CPR. On
the Kings College scene, DFNet + GS-CPR outperforms ACE after our refinement. ACE + GS-CPR
consistently improves ACE accuracy across all four scenes. Refining the pose using our method
results in a rendered image that aligns more accurately with the ground truth image as illustrated in
Figure 4 (c).

12Scenes Dataset. We conduct the quantitative evaluation using Marepo and ACE with GS-CPR.
The former works (Brachmann et al., 2023; Wang et al., 2024a) report the percentage of frames
below a 5¢cm, 5° pose error. Since SCR methods have already achieved good results with this metric,
in this paper we use a more stringent standard (2cm, 2°) and report the median translation and
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Table 4: We report the average accuracy (%) of frames meeting a [5cm, 5°], [2cm, 2°] pose error
threshold, and the median translation and rotation errors (cm/°) across 12Scenes.

Methods Avg. Err | [cm/°] Avg. 1 [5cm,5°] Avg. 1 [2cm, 2°]
Marepo 2.1/1.04 95 50.4
DSAC* 0.5/0.25 99.8 96.7
ACE 0.7/0.26 100 97.2
GLACE 0.7/0.25 100 97.5
Marepo + GS-CPR (ours) 0.7/0.28 98.9 90.9
ACE + GS-CPR (ours) 0.5/0.21 100 98.7

Table 5: We report the average accuracy (%) of frames meeting a [5cm, 5°] pose error threshold, and
the median translation and rotation errors (cm/°).

Datasets 7Scenes Cambridge

Methods Avg. Acc 1 [6em, 5°] Avg. Err | [cm/°] Avg. Err | [cm/°]
DFNet 43.1 6/1.93 119/2.9
DFNet + GS-CPR,, (ours) 80.5 2.7/0.38 55/0.57
DENet + GS-CPR (ours) 94.2 1.1/0.34 26/0.51
ACE 97.1 1.1/0.34 21/0.47
ACE + GS-CPR, (ours) 79.9 2.8/0.43 47/0.54
ACE + GS-CPR (ours) 100 0.8/0.25 15/0.33

rotation errors (cm/°). Table 4 shows that GS-CPR significantly improves the percentage of query
images below 2cm, 2° pose error and median pose error for Marepo and ACE. Figure 4 (b) shows
that after refinement using our GS-CPR, the rendered image with our pose estimation aligns better
with the real image.

GS-CPR vs. GS-CPR,. We compare GS-CPR, a pose refinement framework that uses 2D-3D
correspondence, with GS-CPR), a faster alternative that uses relative pose from MASt3R. Both
frameworks are evaluated on 7Scenes and Cambridge Landmarks datasets using DFNet and ACE
predictions. Table 5 shows that GS-CPR, achieves notable accuracy improvement with DFNet on
both indoor and outdoor datasets, though it is less effective than GS-CPR. However, GS-CPR,; is
significantly faster than GS-CPR and other NeRF-based methods, as discussed in Section 4.3. While
GS-CPR,,| improves coarse pose estimates from APR methods like DFNet, it struggles with accurate
pose estimates from SCR methods. For ACE, GS-CPR,, results in performance degradation because
our pose refinement relies on the relative pose estimator MASt3R, which struggles to provide more
accurate relative pose estimates when the ACE-predicted pose is sufficiently close to the GT pose.
Higher median rotation and translation errors in Table 5 compared to GS-CPR indicate that scale
recovery is not the only challenge for GS-CPR,j, as rotation is scale-independent.

ACE + GS-CPR (Ours)

Marepo Marepo + GS-CPR (Ours) Marepo Marepo + GS-CPR (Ours) DFNet DFNet + GS-CPR (Ours)

(a) 7Scenes b) 12Scenes (c) Cambridge

Figure 4: Our GS-CPR enhances pose predictions for Marepo, DFNet, and ACE. Each subfigure
is divided by a diagonal line, with the bottom left part rendered using the estimated/refined pose
and the top right part displaying the ground truth image. Patches highlighting visual differences are
emphasized with green insets for enhanced visibility.
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Table 6: Runtime Analysis (test on Cambridge Landmarks).
Methods \ CrossFire DFNet + NeFeS5g HR-APR MCLoc DFNet + GS-CPR, (ours) DFNet + GS-CPR (ours) ACE + GS-CPR (ours)

Avg. | [em/°] | 37/1.0 35/0.8 35/0.8  27/0.6 55/0.6 26/0.5 15/0.3
Avg. | time (s) 0.3 10 8.5 2.4 0.08 0.18 0.19

Table 7: Results of different matchers (LoFTR (Sun et al., 2021), DUSt3R (Wang et al., 2024b),
and MASt3R (Leroy et al., 2024)) on the 7Scenes dataset. GS-CPR  denotes using LoFTR as the
matcher M, GS-CPR P denotes using DUSt3R as M, and GS-CPR M denotes using MASt3R as
M. The table presents median translation and rotation errors (cm/°) of the different methods.
Methods | Marepo + GS-CPR" +GS-CPRP +GS-CPRM| ACE +GS-CPR" +GS-CPRP +GS-CPRM
Avg. | [em/°] [ 2.9/1.04  1.5/0.40 2.1/0.7 0.9/0.28 | 1.1/0.34  1.0/0.31 1.5/0.6 0.8/0.25

4.3 RUNTIME ANALYSIS

We evaluate the runtime of the proposed framework using an NVIDIA GeForce RTX 4090 GPU. On
average, 3DGS rendering takes 3.7 ms on the 7Scenes dataset and 12 ms on the Cambridge Land-
marks dataset (due to higher scene complexity and image resolution). MASt3R relative pose estima-
tion takes 71 ms. MASt3R matching takes an additional 42 ms, and PnP+RANSAC takes another 52
ms. As a result, our GS-CPR,; only adds 71 ms to the inference time of the pose estimator F, and
our GS-CPR adds less than 180 ms overhead. All time measurements are averaged over 1,000 runs.
We compare the runtime and accuracy with other methods in Table 6. On the Cambridge Landmarks
dataset, MCLoc requires an average of 2.4 s per query with 80 iterations (Trivigno et al., 2024). In
contrast, our ACE+GS-CPR with one-shot optimization only takes 0.19 s per query. Therefore, in
terms of efficiency and improvement, our GS-CPR is better than MCLoc when using 3DGS as scene
representation. Although GS-CPR, is less accurate than GS-CPR, it is more efficient. GS-CPR
provides a feasible solution to pose refinement when the time budget is important.

4.4 ABLATION STUDY

In this section, we first demonstrate the rationale behind selecting MASt3R as the matcher M in
GS-CPR. Subsequently, we show that ACT effectively reduces the domain gap between the query
image and the rendered image, thereby enhancing the refinement accuracy.

Different Matchers. We compare three matching methods: LoFTR (Sun et al., 2021),
DUSt3R (Wang et al., 2024b), and MASt3R — within GS-CPR in the 7Scenes dataset. For DUSt3R
and MASt3R, we resize all images to 512 pixels in their largest dimension. For LoFTR, we use the
pre-trained model for indoor scenes and maintain the frames in the 7Scenes dataset at 640 x 480. As
shown in Table 7, Marepo + GS-CPR and ACE + GS-CPR using MASt3R as M achieve the highest
improvement. Conversely, ACE + GS-CPR using DUSt3R does not yield any improvement. Marepo
+ GS-CPR using DUSt3R and Marepo/ACE + GS-CPR using LoFTR show a lower improvement
compared to MASt3R. These results validate our choice of design to use MASt3R as a matcher M.

Affine Color Transformation. To enhance the robustness of the 3DGS model in image rendering
and to reduce the domain gap between the rendered image and the query image, we incorporated
an ACT module into the Scaffold-GS model, as described in Section 3.1. Figure 5 illustrates the
improvement in image rendering quality with the ACT module applied. The performance enhance-
ment of GS-CPR from the ACT module is demonstrated in Table 8. On the Cambridge Landmarks
dataset, employing the ACT module in the DFNet + GS-CPR setup reduces both the average median
translation and rotation errors.

4.5 DISCUSSION

In this section, we provide additional insights and discussions of our design choices.

Replace Feature Descriptors. Given that 3DGS can render high-quality synthetic images I in
real-time, we show that using a pre-trained 3D foundation model, MASt3R, can directly establish

accurate 2D-2D correspondences C|, - between I, and I with a sim-to-real domain gap. As demon-
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Table 8: Ablation study for ACT module on Cambridge Landmarks dataset. We report the median
translation and rotation errors (cm/°).
Methods | Kings Hospital Shop Church|Avg. | [cm/°]

DFENet + GS-CPR (w/o. ACT)|34/0.46 54/0.84 12/0.3434/0.72|  34/0.59
DFNet + GS-CPR (w. ACT) [23/0.32 42/0.74 10/0.36 27/0.62|  26/0.51

(a) Ground Truth (b) Scaffold-GS/PSNR:16.5dB  (c) Ours/PSNR:18.4 dB

Figure 5: Benefit of the ACT module. A regular 3DGS model tends to render images based on the
lighting conditions and the appearance of its training frames, as demonstrated by the synthetic view
of Scaffold-GS in (b). However, in challenging visual localization datasets, such as ShopFacade
in the Cambridge Landmarks, some query frames may have different exposures compared to the
training frames. (c) Our proposed Scaffold-GS + ACT can adaptively adjust the exposure based on
the query’s histogram.

strated in Section 4.2, GS-CPR achieves significantly higher accuracy than NeRF-based refinement
pipelines that rely on feature rendering. Direct RGB matching makes our framework more compact,
reduces runtime, eliminates the need for training additional neural radiance features, and simplifies
both deployment and usage.

Efficient and Effective Pose Refinement. As a pose estimator, DFNet provides less accurate pre-
dictions than Marepo and ACE, but NeFeS reports the best results over DFNet. To ensure a fair
comparison with NeFeS, we present examples in Figure 6 illustrating that our GS-CPR outperforms
NeFeS in both efficiency and effectiveness. With only one-shot optimization, our GS-CPR achieves
higher accuracy than NeFeS with 50 optimization iterations when combined with DFNet on both
the indoor 7Scenes and outdoor Cambridge Landmarks datasets. This superior performance is due
to our method’s leverage of 3D geometry (depth rendering) of the representation, unlike previous
NeRF-based refinement methods (Chen et al., 2024a; Yen-Chen et al., 2021) that use only 2D fea-
ture/photometric information in an iterative process, rendering candidate poses and comparing them
with the target image. Additional discussion can be found in the Appendix A.3.

DFNet+NeFeS,,

(a) 7Scenes (b) Cambridge

Figure 6: A comparison between DFNet + GS-CPR and DFNet + NeFeSs.

5 CONCLUSION

We present GS-CPR, a novel test-time camera pose refinement framework leveraging 3DGS for
scene representation to improve the localization accuracy of state-of-the-art APR and SCR methods.
GS-CPR enables one-shot pose refinement using only a single RGB query and a coarse initial pose
estimate from APR and SCR methods. Our approach outperforms existing NeRF-based optimization
methods in both accuracy and runtime across various indoor and outdoor visual localization bench-
marks, achieving new state-of-the-art accuracy on two indoor datasets. These results demonstrate
the effectiveness and efficiency of our proposed framework.

10
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A APPENDIX

A.1 GT POSES DETAILS

In Section 4.2, we report evaluation results based on the SfM ground truth (GT) poses for the 7Scenes
dataset, as these poses can render higher quality images (Chen et al., 2024a). Since NeFeS (Chen
et al., 2024a) demonstrates the superior accuracy of SfM poses using NeRF as the scene representa-
tion, we provide a quantitative comparison in Table 9 and illustrative rendering examples of 3DGS in
Figure 7. These results affirm that SfM poses are more accurate, leading to higher quality rendered
images and depth maps when using 3DGS. We utilize pre-built COLMAP models from Brachmann
et al. (2021) for 7Scenes and 12Scenes datasets, and the models from HLoc toolbox (Sarlin et al.,
2019) for the Cambridge landmarks dataset. For the 7Scenes dataset, we enhance the accuracy of
the sparse point cloud by utilizing dense depth maps provided by the dataset, combined with the
HLoc toolbox and rendered depth maps (Brachmann & Rother, 2021).

Table 9: Quatitative comparison between the 3DGS models implemented in Section 4.1 trained by
dSLAM GT poses and SfM GT poses. We report the average PSNR (dB) for the test frames in each
scene. The best results are in bold (higher is better).

dSLAM GT SfM GT
Scenes  avg. PSNR 1 avg. PSNR 1

chess 19.6 23.1
fire 19.8 21.2
heads 18.4 19.7
office 194 21.7
pumpkin 20.3 23.2
redkitchen 18.5 214
stairs 19.7 20.1
avg. 19.4 21.5

s

(a) dSLAM GT (b) StM GT

Figure 7: Render performance example (ASLAM GT vs. SfM GT). The 3DGS model trained with
SfM GT poses (b) renders superior geometric details compared to the dSLAM 3DGS (a) for the
same query image, particularly in the chessboard and pieces area.

A.2 SEMANTIC SEGMENTATION WHEN BUILDING 3DGS

To handle challenges in outdoor datasets, we apply temporal object filtering to filter out moving
objects in the dynamic scene using an off-the-shelf method (Cheng et al., 2022), leading to better
accurate scene reconstruction quality and pixel-matching performance. We show examples of se-
mantic segmentation in Figure 8 and its effect on novel view synthesis (NVS) results in Figure 9.
This approach, together with ACT, allows our 3DGS models to provide more robust and better ren-
dering results.
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Figure 8: Example of masking on the ShopFacade scene. Top: original images; Bottom: corre-
sponding semantic masks.

GTimage

(b) w/o. Seg Mask + w. ACT

GT image

(c) w. Seg Mask +w. ACT (d) w/o. Seg Mask + w/o. ACT

Figure 9: Rendering performance comparison. The 3DGS model trained with segmentation masks
renders superior geometric details and fewer artifacts compared to the model trained without masks.

A.3 THE ADVANTAGES OF GS-CPR OVER OTHER APPROACHES

Advantages over render and comapre methods: Methods (Yen-Chen et al., 2021; Lin et al., 2023;
Chen et al., 2024a; Sun et al., 2023; Trivigno et al., 2024) leverage only the geometric information
of the representation for rendering but do not use it for 2D-3D matching. Consequently, they offer
limited accuracy gains and are hindered by slow convergence and high computational costs due to
iterative rendering. While NeFeS (Chen et al., 2024a) reduces rendering time and cost by using
feature maps and feature loss rather than photometric loss, its accuracy potential remains lower than
methods employing 2D-3D matches from original RGB images due to the loss of information in
feature maps.

Advantages over structure-based methods: Classical 3D structure-based methods, such as
HLoc (Dusmanu et al., 2019; Sarlin et al., 2019; Taira et al., 2018; Noh et al., 2017; Sattler et al.,
2016; Sarlin et al., 2020; Lindenberger et al., 2023), estimate camera poses using a 3D SfM point
cloud and a reference image database. HLoc requires storing a descriptor database and retrieving
the top-k most similar images for 2D-3D correspondences, typically requiring k=5 to 40 images for
robust localization (Humenberger et al., 2022; Sarlin et al., 2022; Leroy et al., 2024). Our approach
offers two key advantages: (1) While HLoc requires k£ matching operations, our GS-CPR only re-
quires one, and its single-shot pose optimization surpasses the accuracy of traditional HLoc. (2) For
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challenging queries, even the top-1 retrieved image may have limited overlap with the query (Liu
et al., 2024b). However, since GS-CPR performs NVS based on APR and SCR predictions, the ren-
dered images exhibit a greater overlapping region with the query, leading to more accurate matches.
We provide examples in Figure 10. The key insight is that both image retrieval and ACE pose-
based retrieval are restricted to identifying queries within a limited reference pool. In contrast, our
approach theoretically allows for an unlimited reference pool. (3) Using 3DGS instead of sparse
point clouds for scene representation enables the domain shift of the rendered image according to
the query’s exposure through a learning approach, offering greater flexibility.

System design analysis: Our approach goes beyond simply combining 3DGS and MASt3R. As
outlined in Section 3.2, our method leverages the matching components of MASt3R to eliminate
the need for training extra features to match image pairs with a sim-to-real domain gap—a common
limitation of other NeRF-based pose estimation techniques. However, relying solely on MASt3R
with reference images fails to deliver accurate metric translation due to the lack of scale informa-
tion and cannot build 2D-3D matches for absolute pose estimation. This limitation arises because
MASt3R is unable to generate metric 3D points within the pre-built global coordinate system. For
instance, Jiao et al. (2024) addresses this problem in robotics tasks by incorporating a depth camera.
To resolve this challenge, 3DGS in our framework serves a critical function by rendering metric
depth, enabling accurate 2D-3D matching. Besides, the rendered view generated by 3DGS from
SCR and APR poses aligns much better than normal image retrieval from fixed reference images.
This integration is important in recovering precise scale and achieving robust and accurate pose es-
timation with sufficient matches. By combining the strengths of these components, our framework
addresses current limitations.

A.4 SUPPLEMENTARY VISUALIZATION

To complement our quantitative analysis, we present additional results in Figure 11 that provide a
qualitative perspective on pixel-wise alignment using NVS based on 3DGS across three datasets. A
video is also included in the supplementary material.

A.5 FAILURE CASES AND LIMITATION

One limitation of our method lies in its dependency on the accuracy of the initial pose estimates
provided by the pose estimator. When the initial pose is highly inaccurate, the overlap between the
rendered images and the query image is insufficient to establish reliable 2D-3D correspondences for
accurate pose estimation. As shown in Figure 12, GS-CPR cannot refine the DFNet’s initial pose in
this case because it is too far away from the GT pose.

Following Section 4.5 of NeFeS (Chen et al., 2024a), we conduct quantitative experiments to eval-
uate the limitations of GS-CPR. Specifically, we introduce random perturbations to the ground truth
poses of test frames on the ShopFacade scene, applying fixed magnitudes of rotational and trans-
lational errors independently. The results after pose refinement using GS-CPR are presented in
Table 10 and Table 11. Our framework can improve the accuracy when rotation error < 50° and
translation error < 8 meters, respectively. In contrast, NeFeS achieves accuracy improvements only
for rotational errors under 35° and translational errors below 4 meters. These findings highlight that
our method significantly expands the optimization range, enhancing its robustness to larger pose
perturbations.

Table 10: Average rotation error after refinement by GS-CPR.
Jitter-magnitude (° ) 5 10 20 30 40 50 55 60
Avg. Rot. Error (°) 023 023 027 035 06 7 26 83

Table 11: Average translation error after refinement by GS-CPR.
Jitter-magnitude (m) 1 2 3 4 5 6 8 10

Avg. Trans. Error(m) 0.19 0.38 051 0.88 1.13 2.0 3.1 10.7
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seq-01/frame-000138 seq—03/frame-000056 seq-03/frame-000089

query top-1 retrieved top-1retrieved image The rendered image
image by NetVLAD  based on ACE’s pose based on ACE’s pose

query and the retrieved query and the retrieved query and the rendered
image ( NetVLAD): 1623 image (ACE): 1258 image (ACE): 2966
(a) Stairs

seq-03/frame-000847 seq-08/frame-000402

top-1 retrieved top-1 retrieved image The rendered image
image by NetVLAD based on ACE’s pose based on ACE’s pose

-

query and the retrieved query and the retrieved query and the rendered
image ( NetVLAD): 2387 image (ACE): 1640 image (ACE): 2921
(b) Office

top-1 retrieved top-1retrieved image The rendered image
image by NetVLAD based on ACE’s pose based on ACE’s pose

query and the retrieved query and the retrieved query and the rendered
image ( NetVLAD): 2255 image (ACE): 6 image (ACE): 2970
(c) Redkitchen

Figure 10: The image rendered from the pose estimator’s predictions exhibits a greater overlapping
region with the query image than the one retrieved by NetVLAD (Arandjelovic et al., 2016) and the
one retrieved by ACE’s pose. We use MASt3R as the matcher. Since the matches are very dense,
we show the number of matches but only visualize 20% of the matches.
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DFNet DFNet + GS-CPR (Ours) Marepo Marepo+ GS-CPR (Ours)

ACE ACE + GS-CPR (Ours) ACE ACE + GS-CPR (Ours)

DFNet + NeFeS g, DFNet + GS-CPR (Ours) DFNet + NeFeS5, DFNet + GS-CPR (Ours)

Figure 11: Each subfigure is divided by a diagonal line, with the bottom left part rendered using the
estimated/refined pose and the top right part displaying the ground truth image. Patches highlighting
visual differences are emphasized with green insets for enhanced visibility.

DFNet DFNet +GS-CPR

Figure 12: Failure case example. Each subfigure is divided by a diagonal line, with the bottom left
part rendered using the estimated/refined pose and the top right part displaying the ground truth
image.
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This paper demonstrates the effectiveness of our framework on commonly used datasets and bench-
marks. However, reconstructing high-quality 3DGS models for large scenes remains a significant
challenge. Exploring the application of this framework to large-scale scenes for accurate visual
camera relocalization is a promising avenue for future work.

Table 12: We report the average accuracy (%) of frames meeting a [5cm, 5°], [2cm, 2°] pose error
threshold, and the median translation and rotation errors (cm/°) across 7Scenes and 12Scenes.

Datasets | Methods | Avg. Err | [em/°] | Avg. 1 [5em, 5°] | Avg. 1 [2cm, 2°]
7Scenes GLACE 1.2/0.36 95.6 82.2
GLACE + GS-CPR (ours) 0.8/0.27 99.5 90.7
GLACE 0.7/0.25 100 97.5
12Scenes

0.5/0.21 100 98.9

GLACE + GS-CPR (ours)

Table 13: Comparisons on Cambridge Landmarks dataset. We report the median translation and
rotation errors (cm/°) of different methods.

Methods | Kings Hospital Shop Church|Avg. | [cm/°]
GLACE!' 20/0.32 20/0.41 5/0.22 9/0.3 14/0.32
GLACE? 19/0.3 17/0.4 4/0.2 9/0.3 12/0.3

GLACE + GS-CPR (ours)(17/0.28 18/0.34 5/0.21 8/0.28 12/0.28

! Accuracy based on official open-source models (Wang et al., 2024a).
2 Accuracy reported in the paper (Wang et al., 2024a).

A.6 SUPPLEMENTARY EXPERIMENTS

GLACE (Wang et al., 2024a) is an enhanced version of ACE tailored for large-scale outdoor scenes,
while exhibiting nearly identical accuracy in indoor environments compared to ACE. We present the
results of GLACE + GS-CPR in Tables 12 and 13 to provide supplementary results for evaluating
the performance of our approach. GS-CPR significantly improves GLACE accuracies in two of
the three datasets (7scenes and 12scenes), demonstrating the effectiveness of our method. On the
Cambridge Landmarks dataset, we achieve comparable results, with a slight edge in rotational error.
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Chapter 8

Map-Relative Pose Regression

This chapter explores the integration of geometric priors into APR architectures.
While previous chapters have demonstrated steady improvements in APR accuracy
through enhanced training strategies and post-processing techniques, the underly-
ing architectures still lack explicit 3D geometric reasoning. This omission presents
a key limitation: state-of-the-art APR models, by disregarding well-established 3D
principles, often require extensive scene-specific training, necessitating days-long
novel view synthesis. This shortcoming limits the practicality of APRs for rapid
deployment, particularly in dynamic or frequently changing environments.

To tackle this challenge, we propose Map-Relative Pose Regression (marepo),
a pose regression framework that decouples the regressor from individual scenes.
Instead, marepo uses a scene-agnostic transformer-based network [171, 20, 44, 164]
to map the relationship between scene-specific geometric maps and poses.

These geometric priors are obtained through a fast-training SCR model [11],
which produces dense 2D-3D correspondences for each scene. The scene-specific
geometric representations serve as inputs for the pose regressor, grounding APR
predictions in geometry. The newly designed architecture relieves the data hunger

issue of conventional APR methods and enables the regressor to generalise across
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diverse scenes. While marepo retains the end-to-end efficiency of APR, this method
enhances the model with structural awareness of the underlying 3D scene. Un-
like traditional geometric-based pipelines, it does not rely on traditional iterative
solvers or hand-crafted features. Instead, it directly predicts camera poses from
the input images.

A key architectural innovation is the Dynamic Positional Encoding mecha-
nism, which embeds both pixel locations and camera intrinsics into the network.
This further strengthens the geometric understanding of the model and improves
robustness to variations in camera configurations and imaging conditions.

This framework significantly reduces the mapping time for new environments.
The pose regressor network is trained once across many scenes and can be deployed
to new environments immediately. When optimal performance is needed, the
system supports lightweight fine-tuning in just a few minutes. In general, marepo
provides a versatile, accurate, and scalable APR solution through the integration
of geometric priors, and we hope that this work offers a promising future research
direction in APR-based visual relocalisation.

The remainder of this chapter presents our original manuscript for our pa-
per, Map-Relative Pose Regression for Visual Re-Localization, accepted in 2024

Conference on Computer Vision and Pattern Recognition.
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Map-Relative Pose Regression for Visual Re-Localization
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Abstract

Pose regression networks predict the camera pose of a
query image relative to a known environment. Within this
Jamily of methods, absolute pose regression (APR) has re-
cently shown promising accuracy in the range of a few cen-
timeters in position error. APR networks encode the scene
geometry implicitly in their weights. To achieve high ac-
curacy, they require vast amounts of training data that, re-
alistically, can only be created using novel view synthesis
in a days-long process. This process has to be repeated
for each new scene again and again. We present a new
approach to pose regression, map-relative pose regression
(marepo), that satisfies the data hunger of the pose re-
gression network in a scene-agnostic fashion. We condi-
tion the pose regressor on a scene-specific map representa-
tion such that its pose predictions are relative to the scene
map. This allows us to train the pose regressor across
hundreds of scenes to learn the generic relation between
a scene-specific map representation and the camera pose.
Our map-relative pose regressor can be applied to new
map representations immediately or after mere minutes of
fine-tuning for the highest accuracy. Our approach out-
performs previous pose regression methods by far on two
public datasets, indoor and outdoor. Code is available:
https://nianticlabs.github.io/marepo.

1. Introduction

Today, neural networks have conquered virtually all sectors
of computer vision, but there is still at least one task that
they struggle with: visual relocalization. What is visual
relocalization? Given a set of mapping images and their
poses, expressed in a common coordinate system, build a
scene representation. Later, given a query image, estimate
its pose, i.e. position and orientation, relative to the scene.
Successful approaches to visual relocalization rely
on predicting image-to-scene correspondences, either via
matching [8, 21, 38—40, 42, 58] or direct regression [4—
6, 14, 57], then solving for the pose using traditional and
robust algorithms like PnP [18] and RANSAC [17].
Adopting a different perspective, approaches based on
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Figure 1. Camera pose estimation performance vs. mapping
time. The figure shows the median translation error of several
pose regression relocalization methods on the 7-Scenes dataset and
the time required (proportional to the bubble size) to train each
relocalizer on the target scenes. Our proposed approach, marepo,
achieves superior performance — by far — on both metrics, thanks
to its integration of scene-specific geometric map priors within an
accurate, map-relative, pose regression framework.

pose regression [12, 25, 32, 46] attempt to perform visual
relocalization without resorting to traditional pose solving,
by using a single feed-forward neural network to infer poses
from single images. The mapping data is treated as a
training set where the camera extrinsics serve as supervi-
sion. Generally, pose regression approaches come in two
flavors, but they both struggle with accuracy compared to
correspondence-based methods.

Absolute pose regression (APR) methods [7, 24, 25] in-
volve training a dedicated pose regressor for each individual
scene, enabling the prediction of camera poses to that par-
ticular scene. Though the scene coordinate space can be im-
plicitly encoded in the weights of the neural networks, ab-
solute pose regressors exhibit low pose estimation accuracy,
primarily due to the often limited training data available for
each scene, and struggle to generalize to unseen views [43].

Relative pose regression is a second flavor of pose re-
gression methods [10, 16, 26, 51, 55]. The regressor is
trained to predict the relative pose between two images. In a
typical inference scenario, the regressor is applied to a pair
formed by an unseen query and an image from the mapping
set (typically selected via a nearest neighbor-type match-



ing); then, the predicted relative pose can be combined with

the known pose of the mapping image to yield the absolute

query pose. These methods can be trained on a lot of scene-
agnostic data, but their accuracy is still limited: a metric
pose between two images can only be predicted approxi-

mately [2].

Motivated by those limitations, we propose a new flavor
of absolute pose regression: map-relative pose regression
(marepo). We couple a scene-specific representation — en-
coding the scale-metric reference space of each target scene
— with a general, scene-agnostic, absolute pose regression
network. In particular, we utilize a fast-training scene co-
ordinate regression model as our scene representation and
train, once and ahead of time, a pose regression network
that learns the relationship between a scene coordinate pre-
diction and the corresponding camera pose. This generic
relationship allows us to train the pose regressor on hun-
dreds of different scenes, effectively solving the issue of
the limited availability of training data afflicting absolute
pose regression models. On the other hand, since at local-
ization time our pose regressor is conditioned on a scene-
specific map representation, it is able to predict accurate
scale-metric poses, unlike relative pose regressors.

Our experiments show that marepo is a pose regression
network with an accuracy on par with structure-based re-
localization methods (e.g. [6]), exceeding the accuracy of
all other single-frame absolute pose regression methods by
far (see Fig. 1). Our scene-agnostic pose regressor can be
applied to each new scene representation right away, or (op-
tionally) fine-tuned in just a few minutes for best accuracy.
We summarize our main contributions as follows:

1. We propose marepo, a novel Absolute Pose Regression
approach that combines a generic and scene-agnostic
Map-Relative Pose regression method with a scene-
specific metric representation. We show that the network
can perform end-to-end inference on previously unseen
images and, thanks to the strong and explicit 3D geomet-
ric knowledge encoded by the scene-specific component,
it can directly estimate accurate, absolute, metric poses.

2. We introduce a transformer-based network architecture
that can process a dense set of correspondences between
2D locations in a query image and their corresponding
3D coordinates within the reference system of a previ-
ously mapped scene, and estimate the pose of the cam-
era that captured the query image. We further show how
a dynamic position encoding applied to the 2D locations
in the query image can significantly improve the perfor-
mance of the method by encoding the intrinsic camera
parameters within the transformer input.

2. Related Works

Over the years many efforts in the literature have tackled
the problem of visual relocalization, and we have seen a

rough demarcation of the types of approach into two main
fields: the more traditional approaches, relying on geomet-
ric concepts and the estimation of correspondences between
images and maps; and the more recent “direct” approaches,
relying on neural networks to predict the absolute position
and orientation of the image without an intermediate, ex-
plicit, matching step linking the 2D image realm with a 3D
map of the scene. In the remainder of this section, we briefly
explore the main approaches in each of these categories.

2.1. Geometry-based Visual Relocalization

Geometry-based approaches rely on estimating correspon-
dences between pixels in the query images and points in the
scene’s map. These correspondences effectively establish a
2D-to-3D matching that can be exploited by pose-solving
methods such as PnP/RANSAC [17, 18] to compute the
pose of the camera at the moment it captures the image.

There are several ways to estimate those correspon-
dences: from classic computer vision approaches using
off-the-shelf feature detectors and descriptors to compute
matches between image pixels and a database of previ-
ously observed 3D points [8, 21, 41, 42]; to more advanced,
neural-based approaches that rely on learned descriptors,
improved matchers, and different map representations in
order to estimate better correspondences from more chal-
lenging images or viewpoints [29, 35, 38, 40]. These ap-
proaches leverage the underlying geometric principles gov-
erning image formation and capture, yielding accurate pose
estimations with low errors, often in the order of a few cen-
timeters. However, they are not without a drawback: they
generally require the creation of a map (e.g., in the form of
a 3D point cloud created via Structure-from-Motion) of the
scene ahead of time in order to associate the descriptors to
3D coordinates, and that is typically time-consuming.

In recent years, a new approach to geometry-based re-
localization started to become prominent: scene coordinate
regression (SCR). In this scenario, the map of the scene is
directly encoded in a fixed-size set of weights of a neural
network. At localization time, the query image is passed
through the network, yielding per-pixel scene coordinates
that can be directly used by a pose solver to estimate the
camera pose [3-06, 14, 27, 57]. While effective, these meth-
ods have typically required training a new network for ev-
ery new target scene, potentially taking several hours [4],
thus hindering their large scale application. Recently, an
approach to scene coordinate regression that can take mere
minutes to be trained for every scene was presented in [6],
making practical deployment of SCR networks a possibility.
As the correspondence-based methods mentioned above,
coordinate regression approaches are also very accurate by
relying on geometric information on the structure of the
scene. Nevertheless, scene coordinate regression methods
still require an explicit stage where a pose solver has to



process each correspondence generated by the method to
estimate the camera pose. Conversely, Absolute Pose Re-
gression methods do not have this requirement since the re-
gressor network can go directly from image to pose in an
end-to-end fashion.

2.2. Absolute Pose Regression

Absolute Pose Regression (APR) approaches have also gar-
nered notable attention recently, primarily due to their sim-
plicity and efficiency. These methods directly predict cam-
era poses via end-to-end neural networks. Kendall et al.
introduced the first APR approach, named PoseNet [23—
25], where a feed-forward neural network directly regresses
a 7-dimensional pose vector for every query image. Suc-
cessive works explore diverse architectural designs such as
hourglass networks [30], bifurcated translation and rota-
tion regression [34, 56], attention layers [45-47, 54], and
LSTM layers [53]. Other research efforts attempt to im-
prove APR performance with different supervisions, such
as a geometric loss [24], relative pose constraints [7], uncer-
tainty awareness [24, 33], or a sequential formulation like
temporal filtering [13] and multitasking [37]. Despite these
advancements, the accuracy of single-frame-based pose re-
gression remains limited when compared to alternative ap-
proaches, such as those based on geometric principles.

Among recent advancements within APR, a promising
direction is incorporating novel view synthesis techniques,
either by synthesizing large amounts of training data to
solve overfitting issues [12, 32, 36] or by integrating them
into a fine-tuning process before test time [7, 11, 12]. One
drawback of the former is that generating high-quality syn-
thetic data can be a time-intensive process; as for the latter,
in addition to time requirements, those approaches typically
require extra data from the scene of interest. These limita-
tions pose significant constraints in environments subject to
rapid changes, such as those with frequent alterations in fur-
nishings or appearances.

This paper introduces a new category of approach to
the pose regression domain, one that tops the need for
extensive mapping time, reducing it to mere minutes per
scene. It demonstrates enhanced accuracy over previous
single-frame APR methods and exhibits rapid scalability to
new environments, making it flexible to deploy in a fast-
changing world as we live in today.

3. Method

Prevalent pose regression methods are built on top of end-
to-end neural network-based approaches. They can be for-
mulated as P = F (I): the camera poses P are directly pre-
dicted by providing an input image I to the network F. A
benefit of this type of approach is its conceptual simplicity
and highly efficient inference speed. However, the forward
process of typical APR networks — which rely on 2D oper-

ations over images and features — does not exploit any 3D
geometric reasoning, resulting in insufficient performance
compared to state-of-the-art geometry-based methods. In
this paper, we propose a first map-relative pose regression
approach empowered with explicit 3D geometric reasoning
within its formulation, allowing us to regress accurate cam-
era poses while maintaining real-time efficiency and end-
to-end simplicity like any other pose regression method.

In the remainder of this section we first give an overview
of the transformer-based network architecture we deploy
to perform pose regression (Sec. 3.1); then we describe
the main components and ideas behind the proposed ap-
proach (Sec. 3.2); the loss function optimized during train-
ing (Sec. 3.3); and, finally, we show how the scene-agnostic
pose-regression transformer can be optionally fine-tuned for
a specific testing scene in a matter of minutes, thus improv-
ing the performance of the method even further compared
to a non-fine-tuned regressor (Sec. 3.4).

3.1. Architecture Overview

The main architecture of our method is formed of two com-
ponents: (1) a CNN-based scene geometry prediction net-
work G that maps pixels from the input image to 3D scene
coordinates; and (2) a transformer-based map-relative pose
regressor M that, given the scene coordinates, estimates the
camera poses. Ideally, the network G is designed to asso-
ciate each input image to scene-specific 3D information,
thus requiring some training process for every new scene
processed by the method. Conversely, the map-relative pose
regressor M is a scene-agnostic module trained with large
amounts of data and can generalize to unseen maps.

We illustrate our proposed network architecture in Fig. 2.
Given an image I from scene S, we pass it to our model
which outputs a pose P. The process is formulated as:

P=M(H K)=M(Gs(I),K), )]

where H = Gs(I) indicates the image-to-scene coordi-
nates predicted by G (which was trained ad-hoc for scene
S), and K € R3*3 is the camera intrinsic matrix associ-
ated with the input image. This formulation makes the ap-
proach similar to both standard Absolute Pose Regression,
in that it generates poses via a feed-forward pass through
a neural network, as well as Scene Coordinate Regression
since the scene geometry prediction network regresses 3D
coordinates directly from each input image. Unlike stan-
dard APR, our method has full geometric reasoning on the
link between the image and the scene, and, unlike SCR ap-
proaches, it does not require a traditional, non-deterministic
RANSAC stage to infer the pose. Theoretically, any algo-
rithm capable of predicting 3D scene coordinates from an
input image could be a viable candidate as G, since the fol-
lowing transformer we deploy to perform pose regression
(M) does not depend on the prior component.



H

Ol K

o

Transformer

Scene-Specific
Scene Geometry Prediction Network G

~+
Scene-Agnostic
Map-relative Pose Regressor M

Figure 2. Illustration of the marepo network. A scene-specific geometry prediction module Gs processes a query image to predict a scene
coordinate map H. Then, a scene-agnostic map-relative pose regressor M is used to directly regress the camera pose. Our network’s
training and inference rely solely on RGB images I and camera intrinsics K without requiring depth information or pre-built point clouds.
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Figure 3. The map-relative pose regressor M takes as input a
tensor of predicted scene coordinate maps and the corresponding
camera intrinsics, embeds the information with dynamic positional
encoding into higher dimensional features, and finally estimates
the camera poses P. During training, we also predict Py and Py
for intermediate supervision.

In the next section, we will focus on detailing the map-
relative pose regression network M.

3.2. Map-Relative Pose Regression Architecture

To achieve a robust and scene-agnostic map-relative pose
regression, we carefully design the simple yet effective ar-
chitecture depicted in Fig. 3. The main components of this
module are: (a) a novel dynamic positional encoding used
to increase the dimensionality of the input scene coordi-
nates — as well as embed their spatial location within the
input image — taking into account the intrinsic properties of
the camera that captured the frame; (b) several multi-layer
self-attention transformer blocks; and finally (c), an MLP-
based pose regression head. Given scene coordinate maps
H (predicted by Gs) and the corresponding camera intrinsic

matrices K, the network is able to directly estimate 6-DoF
(six degrees of freedom) metric camera poses. We detail the
designs of each component in the following sub-sections.

3.2.1 Dynamic Positional Encoding

Unlike many vision transformers (ViTs) for high-level
tasks [9, 15, 50], where the transformer is conditioned
to operate directly upon input RGB images (or higher-
dimensional features), our transformer is designed to inter-
pret accurate 3D geometric information strongly connected
to real-world physics. The content a camera captures in
its frame is strictly associated with its intrinsic parameters;
thus, we propose to use a positional encoding that is con-
ditioned on each individual sensor, allowing us to train the
main transformer blocks in a fashion that is generic, i.e.,
independent of the camera calibration parameters.

Our positional encoding scheme entails the fusion of two
different components: (1) a camera-aware 2D positional
embedding, associating each predicted scene coordinate to
its corresponding pixel location; and (2) a 3D positional em-
bedding that embeds the actual 3D scene coordinate values
into a high-frequency domain.

Camera-Aware 2D Positional Embedding We draw in-
spiration from LoFTR’s [50] positional embedding, but in-
tegrate information from the camera’s intrinsics to generate
the high-frequency components that are fed to the network.

Specifically, for each pixel coordinate (u,v) in the in-
put image, we first compute the (x,y) components of
the 3D ray originating in the camera center and passing
through the pixel (ignoring the z component); then apply
the positional embedding from [50] on the (now camera-
invariant) ray’s directional components. This generates
a high-frequency/high-dimensionality embedding, allowing
the transformer to correlate the input 3D coordinates (pre-
dicted by Gs and defined in a scene-specific coordinate sys-
tem) with 3D rays originating from the current camera posi-
tion, helping with the task of regressing the current camera



pose w.r.t. the origin of the scene coordinate system. For-
mally, we define the Camera-Aware 2D Positional Embed-
ding as follows:

sin (wg - Xray(u)), =4k

i ) cos(wk - Xay(w)), i=4k+1
'szD(u,v) = sin (wy, - Yy (v)), i=4k+2" 2)
cos (wk - Yay(v)), i=4k+3
where wy, = W is the frequency band defined for

d-dimensional features in which positional encoding is ap-
plied on, i is the current feature index, and X,y and Y, are
the X and Y components of the rays passing through (u, v):

U— Cyp —E
Kuyl) = AT,
’U*C;*é‘ (3)
Yy (v) = Afi,
Yy

with f,/, and ¢, , corresponding to the intrinsics of the in-
put frame, ¢ = 0.5 to achieve zero-mean in the center of the
image, and A = 400 chosen as a heuristic constant to keep
a reasonable numerical magnitude for the final embedding.

3D Positional Embedding We use a 3D positional em-
bedding to map the scene coordinates p € R? predicted by
Gs to high frequency/dimensionality, inspired by [31]:

PéEsp(p) = Convg@mﬂ)[p, sin (207rp) , COS (207rp) ,

Qm_lﬂ'p) , COS ( wp)].

...,sin ( gm—1

)
Here, in addition to the sinusoidal embedding mapping the
3D coordinates to a 3(2m + 1)-dimensional space, we also
apply a further 1 x 1 convolution Convgm _ 3 to ensure both
PEsp and PE3p have the same number of channels.

Fused Positional Embedding Finally, we fuse the 2D
and 3D embeddings before passing them to the transformer:

PEs =PEp +PEsp. )

3.2.2 Re-Attention for Deep Transformer

As illustrated in the left part of Fig. 3, the core of our map-
relative pose regression architecture is formed by twelve
self-attention transformers arranged over three blocks of
four transformers each. In our implementation, we use Lin-
ear Transformers [22] as they reduce the computation com-
plexity of each layer from quadratic to linear in the length of
the input (i.e., the resolution of the scene coordinate map).
Since the Dynamic Positional Encoding is fed to the net-
work only at the beginning, we found that the informa-
tion flow became weaker as the depth of the network in-
creases. To solve this problem, we add what we call a

“Re-Attention” mechanism, introducing residual connec-
tions every four blocks. Experimentally, we find that this
practice is quite effective, allowing the network to converge
more quickly and leading to a better generalization.

3.2.3 Pose Regression Head

The last component of the marepo architecture is a pose re-
gression head. Its structure is simple: first, a residual block
formed of three 1 x 1 convolution layers followed by global
average pooling generates a single embedding that repre-
sents the whole input scene-coordinate map. Such embed-
ding is then passed to a small MLP (3 layers) that directly
outputs the camera pose as a 10-dimensional representation.
The pose representation can then be unpacked into transla-
tion and rotation: the translation is represented by four ho-
mogeneous coordinates (inspired by [6]); the rotation is en-
coded as a 6D vector representing two un-normalized axes
of the coordinate system that are later used to form a full ro-
tation matrix by normalization and cross-product, as in [59].

3.3. Loss Function

The map-relative pose regressor architecture described
above is able to directly output a metric pose P (formed
of a 3 x 3 rotation matrix PL and a translation vector E) for
each image. In order to train such system we use a standard
L1 pose regression loss proposed in [2], defined as follows:

Lp=|R—R|1+ |t -t (6)

Experimentally, we found that adding supervision at inter-
mediate layers of the regressor is beneficial to the overall
performance. Therefore, at training time, we additionally
apply the pose regression head after each block of four self-
attention transformers (see Fig. 3, right) and compute aux-
iliary losses Lp, and Lp, as described above. Thus, the
overall loss we optimize during training is as follows:

L=Lp +Lp +Lp, @)
During inference we only use the last output pose, P.

3.4. (Optionally) Fine-Tuning the Pose Regressor

As described earlier, the proposed map-relative pose regres-
sor is formed by two main components: an initial scene-
specific network Ggs that is able to predict metric scene co-
ordinates for each pixel (in our implementation, we use an
off-the-shelf scene coordinate regression architecture that
can be trained in a few minutes for each scene [6]); and a
scene-agnostic regressor M that exploits the geometric in-
formation encoded by the scene coordinates to predict the
camera pose. The latter is trained once — ahead of time —
over a large corpus of data, but it is reusable as-is for every
new target scene. We find that this hybrid approach works



exceptionally well compared to other APR methods that are
trained with the traditional end-to-end image-to-pose proto-
col, over the course of hours or days.

Still, we also explore whether applying a scene-specific
adaptation stage to the transformer-based regressor can be
beneficial to the performance of the method. In this scheme,
for each new scene being evaluated, after training the scene-
specific coordinate regressor Gs, we fine-tune the pose-
regressor M on the same mapping images, using the same
loss as in Sec. 3.3. Fine-tuning the transformer is very effi-
cient in terms of resources required: in the next section we
show that, with only two passes over the training dataset for
each new scene (taking typically between 1-10 minutes, de-
pending on the number of frames), our method can further
improve its performance from what was already state-of-
the-art compared to pose regression-based methods.

Notably, the final fine-tuning step is completely optional
in our approach: the pre-trained M is already capable of
predicting accurate camera poses, given 3D scene coordi-
nates predicted by the geometric network module Gs.

4. Experiments
4.1. Implementation Details

In this section, we provide details of the process used to
train the marepo network. We first detail the generation of
training data, then describe the architectural configuration.

Training Data Generation In our implementation, we
employ the Accelerated Coordinate Encoding architecture
and training protocol proposed in [6] as G to train the scene-
specific geometry prediction network Gs for each scene
S in the training dataset, since that allows the training of
scene-specific coordinate-regression networks in a speedy
fashion (~5 minutes for each new scene). To train M, we
use 450 scenes (indexing from 0 to 459, excluding 200-209)
from the Map-Free Dataset [2]. Each image in the dataset
has an associated ground truth camera pose computed by
the authors of the dataset via SfM [44]. The data includes
around 500K frames, with each scene containing images
scanning a small outdoor location. Frames from each scan
have been split into mapping and query, with ~ 500 map-
ping frames and ~ 500 queries. In practice, we train 900
scene-specific coordinate regressors Gs using frames from
each scene and its two splits. Given the efficient scaling ca-
pability of the method, we are able to generate a vast amount
of 2D-3D correspondences between image pixels and scene
coordinates by applying each Gs to the frames of the unseen
split of its corresponding scan. We use data augmentation
during the generation of the correspondences, processing 16
variants of each frame. Specifically, we apply random im-
age rotations of up to 15°; rescale each frame to 0.67 ~ 1.5
times its original resolution; and, finally, extract random

crops. We save the scene coordinate maps output of the
preprocessing, together with their corresponding masks in-
dicating which pixels are valid after rotation, the augmented
intrinsics, and camera poses. This forms the fixed dataset
we use to train the map-relative pose regressor M.
Additionally, we perform online data augmentation by
randomly jittering the scene coordinates by =1m and ro-
tating them by up to 180° to further increase data diversity.
Note that the random jittering is applied image-wise, i.e.,
all scene coordinates of an input frame are perturbed by the
same transform. We do this to avoid overfitting, ensuring
that the network M does not learn an absolute pose for each
frame but rather a pose relative to the scene coordinates.

Network Configuration The scene-specific networks Gs
process images having the shortest side 480 pixels long and
output dense scene coordinate maps with 8x smaller reso-
lution. The map-relative pose regressor M is built upon
a cascade of linear-attention transformer blocks [50] with
dmodel = 256 and h = 8 parallel attention layers. For the
3D position embedding, we prudently choose m = 5 fre-
quency bands due to presence of potentially noisy input.

Training and Hardware Details We train M using 8
NVIDIA V100 GPUs with a batch size of 64. We use the
AdamW [28] optimizer with a learning rate between 3¢ =4
to 2¢~2 with a 1-cycle scheduler [49]. The model is trained
for ~ 10 days, iterating through the dataset for 150 epochs.

During inference our entire model, including the scene-
specific network Gs and the map-relative pose regressor M,
requires only one GPU, and can estimate camera poses with
a real-time throughput, as later shown in Tab. 2.

4.2. Quantitative Evaluation

In the following paragraphs we show the performance
of marepo on two public datasets: one depicting indoor
scenes, and one outdoor. We show that the proposed map-
relative pose regressor module M can generalize its pre-
dictions to previously unseen scenes, thanks to the scene-
specific geometry prediction network Gs providing it with
2D-3D correspondences in each scene’s metric space.

7-Scenes Dataset We first evaluate our method on the Mi-
crosoft 7-Scenes dataset [19, 48], an indoor relocalization
dataset that provides up to 7000 mapping images per scene.
Each scene covers a limited area (between 1m? and 18m?);
despite that, previous APR methods require tens of hours or
even several days [32] to train a model to relocalize in them.
This is nonideal in a practical scenario as the appearance
of the scene might have changed within that time frame,
thus rendering the trained APR out of date. Conversely,
marepo requires only minutes of training time (= 5) for
each new scene to generate a geometry-prediction network



Table 1. Re-localization results on the indoor 7-Scenes dataset. Pose errors are shown as median translation (cm) and rotation (°)
errors. Numbers in bold represent the best performance among the APR-based approaches. marepo denotes our model with generic
transformer-based pose regressor M. marepo ¢ reports the performance of the model after M has been fine-tuned for each scene.

| Methods | Chess Fire Heads Office Pumpkin Kitchen Stairs | Average | Mapping Time
scR | DSAC* [4] 1.9/1.11 1.9/1.24 1.1/1.82 2.6/1.18 4.2/1.41 3.0/1.70 42/1.42 ‘ 2.7/1.41 ‘ Hours
ACE [6] 1.9/0.7 1.9/0.9 0.9/0.6 2.7/0.8 42/1.1 42/13 3.9/1.1 | 2.8/0.93 5 Minutes
PoseNet(PN)[25] 32/8.12 47/14.4 29/12.0 48/7.68 47/8.42 59/8.64 47/13.8 | 44/10.4 Hours
PN Learn 0-2[24] 14/4.50 27/11.8 18/12.1 20/5.77 25/4.82 24/5.52 37/10.6 | 24/7.87 Hours
geo. PN[24] 13/4.48 27/11.3 17/13.0 19/5.55 26/4.75 23/5.35 35/12.4 | 23/8.12 Hours
LSTM PN[53] 24/5.77 34/11.9 21/13.7 30/8.08 33/7.00 37/8.83 40/13.7 | 31/9.85 Hours
Hourglass PN[30] 15/6.17 27/10.8 19/11.6 21/8.48 25/7.01 27/10.2 29/12.5 | 23/9.53 Hours
APR | BranchNet[56] 18/5.17 34/8.99 20/14.2 30/7.05 27/5.10 33/7.40 38/103 | 29/8.30 Hours
MapNet[7] 8/3.25 2711.7 18/13.3 17/5.15 22/4.02 23/4.93 30/12.1 | 21/1.77 Hours
Direct-PN[11] 10/3.52 27/8.66 17/13.1 16/5.96 19/3.85 22/5.13 32/10.6 | 20/7.26 Days
MS-Transformer[47] | 11/4.66 24/9.60 14/12.2 17/5.66 18/4.44 17/5.94 17/5.94 | 18/7.28 Hours
DFNet (VGG) [12] 5/1.88 17/6.45 6/3.63 8/2.48 10/2.78 22/5.45 16/3.29 | 12/3.71 Days
DFNet (EBO) [12] 3/1.15 9/3.71 8/6.08 7/2.14 10/2.76 9/2.87 11/558 | 8/3.47 Days
LENS [32] 3/1.3 10/3.7 7/5.8 7/1.9 8/2.2 92.2 14/3.6 8/3.00 Days
marepo (Ours) 2.6/1.35 2.5/1.42 2.3/2.21 3.6/1.44 4.2/1.55 5.1/1.99 6.7/1.83 | 3.9/1.68 5 Minutes
marepo g (Ours) 2.1/1.24 2.3/1.39 1.8/2.03 2.8/1.26 3.5/1.48 4.2/1.71 5.6/1.67 | 3.2/1.54 | < 15 Minutes
Table 2. Pose accuracy comparison on the outdoor Wayspots dataset. Results are reported as the percentage of frames below 10cm /5°

and 0.5m/5° pose error. The map-relative pose regressors M of our marepo g experiment are fine-tuned in ~ 1 minute for each scene.

Scene DSAC* ACE PN MST marepo marepo g
[4] [6] [23-25] [47] Ours Ours
Throughput (fps) | 17.9 17.9 | 166.7 28.4 55.6 55.6
Bears 82.6%/91.6%  80.7%/92.6% | 12.9%/35.7% 0.5%/12.8% 80.7%/99.3%  80.7%/99.5 %
Cubes 83.8%/98.1%  97.0%/98.1% 0.0%/0.4% 0.00%/9.9% 72.4%/96.9%  71.8%/96.9%
Inscription 54.1%/69.7%  49.0%/69.6% 1.1%/6.3% 1.3%/9.7% 37.8%/74.2% 37.1%/74.1%
Lawn 34.7%/38.0%  35.8%/38.5% 0.0%/0.2% 0.0%/0.0% 32.6%/41.6%  34.2%/41.1%
Map 56.7%/87.1%  56.5%/84.7% | 14.9%/49.1% 5.6%/25.7% 53.9%/87.7%  55.1%/87.9%
Square Bench 69.5%/97.9%  66.7%/97.8% 0.0%/3.0% 0.0%/0.0% 68.6%/100 % 70.7%/100 %
Statue 0.0%/0.0% 0.0%/0.0% 0.0%/0.0% 0.0%/0.0% 0.0%/0.0% 0.0%/0.0%
Tendrils 25.1%/26.5%  34.9%/36.8% 0.0%/0.0% 0.9%/23.6% 27.9%/33.4%  29.3%1/34.8%
The Rock 100%/100% 100%/100% 24.2%/77.5%  10.7%/52.6%  98.1%/100% 99.8%/100 %
Winter Sign 0.2%/5.7% 1.0%/7.6% 0.0%/0.0% 0.0%/0.0% 0.0%/0.7 % 0.0%/0.3%
Average | 50.7%/61.5%  52.2%/62.6% | 5.3%/17.2% 1.9%/13.4% 47.2%163.4%  47.9%/63.5%

Gs specifically tuned for the target environment. We com-
pare our method with prior Pose Regression approaches
in Tab. 1, showing that marepo is not only a partly scene-
agnostic approach that enjoys the fastest mapping time of
all APR-based methods, but also obtains ~ 50% better av-
erage performance (in terms of median error). We also
show the performance of a fine-tuned variant of our method,
marepo g, where, in addition to training the scene-specific
Gs scene coordinate predictor, we also use the mapping
frames to run two epochs of fine-tuning on the M regressor
(see Sec. 3.4). The fine-tuned model marepo g achieves fur-
ther improvements in average performance, requiring only
between 1.5 ~ 10 extra minutes of training time, resulting
in the only single-frame pose regression-based method able
to achieve a similar level of accuracy as one of the current
best 3D geometry-based methods, while being more effi-
cient in terms of computational resources required.

Wayspots Dataset We further evaluate our method on the
Wayspots dataset [2, 6], which depicts challenging outdoor
scenes that even current geometry-based methods struggle
with. The dataset contains scans of 10 different areas with
associated ground truth poses provided by a visual-inertial
odometry system [1, 20]. In Tab. 2 we show a comparison
of the performance of the proposed marepo (as well as the
marepo g models, fine-tuned on the mapping frames of each
scene) with two APR-based approaches we reproduced; we
also include a comparison with two scene coordinate re-
gression approaches: DSAC* [4] and the current state-of-
the-art on Wayspots, ACE [6]. marepo significantly outper-
forms previous APR-based methods — such as PoseNet [25]
and MS-Transformers [47] — that require on average sev-
eral hours of training time, and compares favorably with
geometry-based methods. We show, for the first time, that
an end-to-end image-to-pose regression method relying on



Accuracy

Model 5¢cm/5°  10cm/5°
Full Architecture (marepo) 16.6% 39.6%
- Re-Attention 10.9% 28.3%
- Dynamic P.E. 3.9% 18.6%

Table 3. We gradually remove Re-Attention and Dynamic Posi-
tional Encoding and report the % of frames relocalized within
5¢m /5° and 10cm /5°.

Accuracy
#TBlocks  dmodel 5. /50 10em /50
4 128 5.8% 22.2%
8 128 14.7% 39.1%
12 128 16.6% 39.6%
12 256 19.0% 43.5%

Table 4. Effect on performance of different dimensionality choices
in the pose regressor’s model. # T Blocks denotes the number of
transformer blocks used in the model. d.,o04e; denotes the width of
the transformer layers.

geometric priors can achieve a similar level of performance
as methods that require the deployment of a (slower) ro-
bust solver to estimate the camera pose from a set of po-
tentially noisy 2D-3D correspondences. More specifically,
marepo requires only five minutes to train a network en-
coding the location of interest within the weights of the G
scene-specific coordinate regressor and (optionally) approx-
imately one minute to fine-tune the map-relative regressor
M (as the Wayspot scans have significantly less frames then
the 7-Scenes scenes above). At inference time marepo (or
its fine-tuned variant) can perform inference at ~ 56 frames
per second, making it not only accurate, but also extremely
efficient in comparison to other methods.

4.3. Ablation Experiments

In the following, we provide additional insights into the de-
sign choices adopted whilst designing our method.

Architecture Ablation We run several controlled experi-
ments to justify our architectural design. Note that, for the
experiments in this subsection, we trained the transformer-
based pose regressor for 50 epochs instead of 150 as in the
main experiments. This allows us to complete each experi-
ment in approximately two days without affecting the rela-
tive ranking of results in the ablations. For the first exper-
iment, see Tab. 3, we train a smaller transformer M (with
dmoder = 128) and gradually remove the Re-Attention and
Dynamic Positional Encoding components to evaluate their
impact on the performance of the Wayspots dataset. The
pose accuracy is shown as the percentage of frames relocal-
ized within 5¢m /5° and 10em/5° error. The table shows
consistent degradation without the proposed components.
Next, we show the impact of diverse model configura-
tions by deploying different numbers of transformer blocks
and d,,04.; dimensions in Tab. 4. We experimented with

Accuracy
Model 10cm/5°  50cm/5°
Per-scene marepo 0.7% 6.0%
Per-scene M 2.9% 18.7%
marepo (Ours) 47.2% 63.4%

Table 5. Effect of different training strategies. Per-scene marepo
trains the entire network from scratch for every new mapping
scene. In per-scene M, we train only the regressor from scratch,
on top of a pre-trained Gs. Finally, marepo is trained over the en-
tire training dataset and can generalize well to unseen scenes.

training even larger models with d;,0q¢; = 512 and 16/20
transformer blocks, but found they necessitated substan-
tially more GPU resources and time. We therefore cannot
recommend them given the performance-time trade-offs.

Per-Scene Training The proposed pose regressor com-
ponent M is designed to be scene-agnostic and has been
trained on a large corpus of data. Still, we are inter-
ested in evaluating its performance when trained ad-hoc
for individual scenes, similar to existing APR-based meth-
ods. We conduct two experiments where, instead of using
the full training set, we train scene-specific models using
mapping sequences from the Wayspots dataset, as shown
in Tab. 5. First, the models are trained from scratch, i.e.,
both the scene geometry regressor Gs and the map-relative
pose regressor M are trained as a single entity, similar
to PoseNet [25]. The results show extremely poor perfor-
mance, likely due to the model’s inability to learn explicit
3D geometry relations of the scene. For the second variant,
we assume a pre-trained Gs is provided, then train M from
scratch for each scene. We see results in a similar order
of magnitude as other APR methods, such as PoseNet [25]
or MST [47] (cf. Tab. 2); still, this training approach per-
formed quite poorly compared to the full marepo model,
where M is trained on a large-scale dataset to predict truly
generic and scene-independent map-relative poses.

5. Conclusion

In conclusion, our paper introduces marepo, a novel ap-
proach in Pose Regression that combines the strengths of
a scene-agnostic pose regression network with a strong ge-
ometric prior provided by a fast-training scene-specific met-
ric representation. The method addresses the limitations
of previous APR techniques, offering both scalability and
precision in predicting accurate scale-metric poses across
diverse scenes. We demonstrate marepo’s superior accu-
racy and its capability for rapid adaptation to new scenes
compared to existing APR methods on two datasets. Ad-
ditionally, we show how integrating the transformer-based
network architecture with dynamic positional encoding en-
sures robustness to varying camera parameters, establishing
marepo as a versatile and efficient solution for regression-
based visual relocalization.
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Supplementary Material

A. Supplementary Ablations
A.1. Impact of auxiliary losses

In Tab. 6 we present an analysis of the impact of incor-
porating auxiliary losses L , L into our model training
protocol, contrasted with the model devoid of such losses.
As mentioned in Section 3.3 of the main paper, we found
this implementation beneficial to the overall pose regression
performance.

. Accuracy
Architecture 10em/5°  0.5m/5°
marepo w/ auxiliary losses (Ours) 47.2% 63.4%
marepo w/o auxiliary losses 45.7% 62.2%

Table 6. Performance of marepo trained with and without auxil-
iary losses as in Equation 7 of the main paper.

A.2. Impact of rotation representation: 9D SVD
orthogonalization vs. 6D. Gram-Schmidt

Additionally, we investigated the effects of utilizing alter-
native rotation representations on our model’s performance.
For example, Levinson et al. [26] demonstrated that SVD
orthogonalization facilitates a continuous mapping of a 9D
representation onto SO(3), potentially improving pose pre-
diction accuracy beyond that achievable with a 6D repre-
sentation [59] used in our model. We replaced our 6D with
the 9D representation and trained the full marepo models
to assess the differences. The findings indicate that, within
our model’s framework, the prediction accuracy for 9D ro-
tations marginally lags behind that of 6D rotations (Tab. 7),
thereby verify our design choice in the paper.

Accuracy

10em/5° 46.8% 47.2%

marepo (9D)  marepo (6D)

Table 7. Ablation on rotation representations using the marepo
model. Accuracies are reported on Wayspots.

A.3. Impact of the SCR component

We use two methods to study the impact of the choice of
Scene Coordinate Regression component on the pose esti-
mation performance. First, we replaced the pretrained ACE
backbone with a VGG network, then retrained the scene-
specific SCRs. The SCRs’ outputs were then passed to our
pretrained pose regressor M. As indicated in Tab. 8, the

choice of SCR does indeed affect the pose regressor’s ac-
curacy. However, marepo also displays robustness to the
quality of the input scene coordinates, as the overall per-
formance degradation is not large, demonstrating the capa-
bility of our approach to predict accurate poses from scene
coordinates generated by different means.

Furthermore, we performed quantitative experiments
adding random noise to the scene coordinates passed to M.
Specifically, we applied randomly generated noise of differ-
ent magnitudes (up to 10cm, and up to 50cm) to a variable
proportion of the scene coordinates. We show that marepo
is able to cope with large proportions of errors in the input
coordinates, without significant drops in performance (up to
60% of the coordinates can be perturbed with 10cm noise,
and up to 40% for 50cm noise) (see Tab. 9).

Accuracy  ACE backbone SCR + M VGG backbone SCR + M
10ecm/5° 47.2% 46.0%

Table 8. Effect of different scene coordinate regression backbones
on the accuracy of the downstream regressor M on Wayspots.

SCR Noise 0% 20% 40% 60% 80% 100%

10cm 472% 469 460 445 382 26.9
50cm 472% 463 432 211 10.3 0.3

Table 9. Effect of increasing amounts of random noise applied
to the SCR predictions. The top row indicates the proportion of
the pixels in each scene coordinate map affected by uniform noise
with maximum value indicated at the beginning of each row. We
report the 10¢m /5° accuracy on Wayspots.

B. Supplementary Video

To complement our quantitative analysis, we provide a sup-
plementary video offering a qualitative perspective, primar-
ily focusing on visually comparing the predicted camera tra-
jectories. The trajectories are superimposed on point clouds
rendered from the respective scenes, providing an intuitive
understanding of each method’s performance.

The first segment of the video showcases a comparative
analysis of our approach against other open-sourced APR-
based methods on the 7-Scenes dataset [19, 48], where we
compare vs. PoseNet[24, 25] and DFNet(EBO)[12]; and the
Wayspots dataset [2, 6], where we compare vs. PoseNet
and MS-Transformer[47], note that both train their models
in under one day. For PoseNet, we have utilized the PyTorch
implementation provided by Chen et al.[11].



Moreover, in the second segment of the video, we show
that marepo compares well qualitatively with the Acceler-
ated Coordinate Encoding[6] structure-based method. This
comparison demonstrates that our method achieves simi-
lar accuracy to ACE, with the added benefit of producing
smoother trajectory estimations in certain scenarios. No-
tably, our approach provides a faster throughput during in-
ference, underscoring its practical applicability in demand-
ing scenarios.

C. Experiments on 12-Scenes dataset

We show experimental results on the 12-Scenes dataset [52]
in Tab. 10. We compare marepo to the baseline APR
methods PoseNet and MS-Transformer. Since the original
PoseNet code was implemented on Caffe, we used the open-
sourced code from [11]. The results show that marepo sig-
nificantly outperforms the baseline APRs, which is consis-
tent with the behavior shown in the main paper compared to
the benchmark APR approaches.

Scene PoseNet MST marepo
Apt.1 Kitchen 14.3% 3.4% 98.0%
Apt.1 Living 11.2% 9.7% 98.6%
Apt.2 Bed 18.1% 2.9% 96.0%
Apt.2 Kitchen 38.6% 13.8% 100%
Apt.2 Living 13.5% 4.6% 99.7%
Apt.2 Luke 9.1% 4.8% 89.4%
Office 1 Gates 362 34.5% 14.0% 97.2%
Office 1 Gates 381 8.1% 4.1% 84.6%
Office 1 Lounge 17.1% 14.1% 93.9%
Office 1 Manolis 13.7% 8.9% 94.8%
Office 2 Floor 5a 5.2% 1.4% 90.5%
Office 2 Floor 5b 5.2% 7.2% 83.5%
Average 13.5% 7.4% 93.9%
median error 9.4cm/3.9°  11.1cm/5.5°  2.6cm/1.3°

Table 10. Performance on the 12-Scenes [52] dataset. The ac-
curacy is reported as percentage of query frames localized within
5¢m /5°.
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Chapter 9

Conclusion

This thesis has explored the integration of geometric priors into the Absolute Pose
Regression paradigm to improve training, inference, and network architecture.
While APR offers an efficient alternative to traditional structure-based visual re-
localisation methods, its reliance on purely data-driven learning often limits its
generalisation and accuracy. By incorporating geometric principles into the core
of APR models, this research aims to bridge the gap between learning approaches
and geometry-based techniques.

The first part of the thesis investigates how geometry awareness can be lever-
aged during training. Unlike conventional APR methods, which primarily rely
solely on direct image-to-pose mappings, this thesis has proposed Direct-PoseNet
and DFNet, two frameworks that integrate implicit 3D networks with the APR
training process to provide photometric and feature-metric supervision. These
approaches improve the generalisation and robustness of the APR in indoor and
outdoor environments while enabling a more effective use of unlabelled data.

The second part focusses on inference-time enhancements, where existing APR
methods typically lack mechanisms to refine predictions dynamically. The thesis

introduces NeFeS and HR-APR to incorporate 3D geometric priors and uncertainty
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estimation into APR frameworks. NeFeS refines APR predictions using a learned
neural feature field, while HR-APR prioritises refinement based on uncertainty
estimation to reduce computational overhead. Additionally, GS-CPR, a novel ap-
proach integrating 3D Gaussian splatting and the 3D foundation model MASt3R,
provides a more efficient and scalable pose refinement framework. The proposed
approach achieves state-of-the-art performance across several benchmarks.

The final part of the thesis examines how geometric priors can be embedded
directly into the APR network architecture. A map-relative pose regression frame-
work was developed by leveraging scene-specific geometric maps and a transformer-
based architecture. This design enables the model to generalise across multiple en-
vironments while maintaining adaptability to new scenes with minimal fine-tuning.
Unlike traditional APR methods that require extensive scene-specific training, this
framework offers a more scalable approach to visual relocalisation, making APR
more practical for real-world applications.

Overall, this thesis demonstrates the benefits of integrating geometric priors
into APR across different stages of the pipeline. The methods presented con-
tribute towards more robust and generalisable camera relocalisation approaches

while maintaining the efficiency of learning-based techniques.

9.1 Future Work

While this thesis has addressed several fundamental challenges in APR-based cam-
era relocalisation research, multiple open questions are worth further investigation.
We highlight several promising research directions to extend our work, particularly
for improving visual relocalisation algorithms.

An interesting future work direction is to develop hybrid localisation frame-

works that bridge the gap between APR and geometry-based methods. As demon-
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strated in this thesis, APR offers efficient inference and scalability, whereas geometry-
based approaches provide strong interpretability and robustness in structured
scenes. However, current APR and geometry-based models often operate in iso-
lation from each other. Future work could investigate adaptive mechanisms that
dynamically balance these two paradigms based on scene characteristics, envi-
ronmental conditions, or resource constraints. For instance, one could explore
applying APR-based inference in perceptually degraded environments (e.g., under
motion blur or fog) while reverting to geometric refinement when sufficient struc-
ture is available. The design of such flexible and context-aware strategies remains
an open and valuable research challenge.

Another direction is to enhance the robustness of APR algorithms in more chal-
lenging scenarios, including severe appearance changes (e.g., day-to-night transi-
tions), seasonal variations, and large-scale urban environments. In these circum-
stances, APR has yet to surpass the adaptability of traditional geometry-based
systems. Moreover, training 3D models such as NeRF and 3D-GS under such
conditions remains a challenge.

Furthermore, multi-modal-based approaches are another frontier. Although
this thesis primarily focuses on visual-only relocalisation, future research could
investigate the fusion of visual, inertial, LiDAR point clouds, language embed-
dings, and semantic cues. Hypothetically speaking, these complementary inputs
could compensate for the limitations of individual modalities. For example, iner-
tial signals can improve the robustness of the algorithm under motion blur, while
semantic understanding can disambiguate repetitive structures. By fusing diverse
inputs, models may develop a more holistic understanding of the environment.
This would be particularly valuable for applications in AR/VR and robotics. Fu-
ture research could explore cross-modal contrastive learning, unified embedding

spaces, or multi-sensor transformers tailored for this purpose.
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From a computational efficiency standpoint, reducing the mapping and infer-
ence cost for SOTA accuracy APR methods remains a central challenge. This thesis
introduced GS-CPR, which achieves a favourable trade-off between accuracy and
runtime efficiency compared to other NeRF-based or GS-based refinement meth-
ods. However, constructing high-quality 3D-GS models suitable for visual relocal-
isation tasks still largely relies on dense multi-view imagery and time-consuming
StM point clouds. Further simplifying these requirements, especially under sparse
or unconstrained conditions, could be beneficial.

In parallel, the utilisation of large-scale training datasets in obtaining emergent
abilities for APR networks remains under-investigated. While marepo provides
a practical approach to partially offload mapping computations through scene-
independent pre-training, broader studies around scaling APR training to tens
of millions of images, similar to recent vision-language and 3D foundation model
trends, remain unexplored. Bridging this with APR, particularly through the
integration of 3D foundation models [176, 88, 191, 42, 181, 103, 175], may offer a

path toward more generalisable and efficient relocalisation systems.
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