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Abstract

Visual localization, which estimates a camera’s pose within
a known scene, is a fundamental capability for autonomous
systems. While absolute pose regression (APR) methods
have shown promise for efficient inference, they often strug-
gle with generalization. Recent approaches attempt to ad-
dress this through data augmentation with varied view-
points, yet they overlook a critical factor: appearance di-
versity. In this work, we identify appearance variation as
the key to robust localization. Specifically, we first lift real
2D images into 3D Gaussian Splats with varying appear-
ance and deblurring ability, enabling the synthesis of di-
verse training data that varies not just in poses but also
in environmental conditions such as lighting and weather.
To fully unleash the potential of the appearance-diverse
data, we build a two-branch joint training pipeline with
an adversarial discriminator to bridge the syn-to-real gap.
Extensive experiments demonstrate that our approach sig-
nificantly outperforms state-of-the-art methods, reducing
translation and rotation errors by 50% and 41% on indoor
datasets, and 38% and 44% on outdoor datasets. Most no-
tably, our method shows remarkable robustness in dynamic
driving scenarios under varying weather conditions and in
day-to-night scenarios, where previous APR methods fail.

1. Introduction

Visual localization, the task of calculating a 6-DoF camera
pose—its translation and rotation—based on a query image
within a given environment, is essential for various appli-
cations, including robotics [2], autonomous vehicles [20],
and virtual reality [13]. Besides traditional geometry-based
approaches, recent learning-based visual localization meth-
ods adopt absolute pose regression (APR) [7, 10, 26, 58],
scene coordinate regression (SCR) [5, 6, 46, 66], or post
pose refinement (PPR) [11, 21, 35, 46, 64, 71, 73]. SCR
methods focus on learning-based 2D-3D correspondences
followed by subsequent Perspective-n-Point (PnP) for pose
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Figure 1. We propose RAP, a novel pipeline to train robust

APR models. We lift real-world 2D images into 3D Gaussian
Splats [27] to synthesize images with diverse appearances and
poses, improving model generalizability. We also introduce an ad-
versarial discriminator, mitigating the syn-to-real gap to learn ro-
bust features. Together, we achieve state-of-the-art performance.

estimation. PPR methods heavily rely on a pose prior, usu-
ally obtained from image retrieval, followed by iterative re-
finement. In contrast, APR methods employ a supervised
framework to train a regression neural network on image-
pose pairs, enabling direct pose estimation during inference.
APR offers faster runtime and lower error in challenging
scenes with sparse views, significant lighting variations, or
numerous dynamic objects, making it a promising method
for ensuring robustness in real-world applications.

Despite promises, there is a performance gap in local-
ization accuracy between APR and other methods. A well-
known pivotal work [54] attributes this to APR performing
image-based memorization, i.e., retrieving poses seen dur-
ing training. Driven by this crucial finding, to improve such
memorization while avoiding the need for denser real-world
training samples, recent methods leverage Neural Radiance
Fields (NeRF) [42] to synthesize additional posed images
for APR training [10, 32, 45]. LENS [45] tried to employ
appearance perturbation using NeRF-W [41], but found the
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improvements minimal [45]. As appearance augmentation
is common in other learning tasks, why does it fail in APR?

We hypothesize a learning gap: Limitations in previous
training pipelines prevented the effective use of diverse data
to boost performance. Artifacts always exist in images ren-
dered by common novel view synthesis (NVS) methods,
which might disturb the model feature space. Inspired by
generative adversarial networks (GAN) [22], where a dis-
criminator is trained to distinguish between real and gener-
ated samples, we propose adversarial training for APR, de-
signing a discriminator to align the features of synthetic and
real images, thereby reducing the syn-to-real domain gap
and mitigating the impact of rendering artifacts. Augmen-
tation quality also matters. To efficiently synthesize diverse
high-quality images with controllable varying appearance,

we extend the vanilla 3D Gaussian Splatting (3DGS) [27]

to appearance-varying 3DGS with deblurring ability.

These form our two-branch joint training framework for
robust absolute pose regression (RAP). The first branch
coarsely trains our Transformer-based pose regressor with
both real data and data synthesized at the original real pose,
together with an adversarial discriminator to reduce the syn-
to-real domain gap. The second branch progressively gen-
erates randomly perturbed poses and appearances, provid-
ing additional supervision to the same APR Transformer.

Through extensive experiments, we demonstrate that ex-

ploiting data diversity using adversarial training signifi-

cantly increases localization accuracy in APR. Meanwhile,
our results indicate that APR consistently benefits from

more diverse visual data, and we observe clear signs of a

more generalizable APR emerging with its localization per-

formance cannot be explained merely by memorization.
Our contributions are summarized as follows:

* We identify the crucial role of appearance diversity for
APR, and develop a 3DGS-based appearance-varying
data augmentation framework to efficiently generate di-
verse synthetic data with controllable lighting conditions.

* We propose an adversarial discriminator to reduce the
syn-to-real gap. Together with progressive data synthe-
sis, we form a robust two-branch joint training pipeline
that fully unleashes the power of data diversity.

¢ We conduct extensive experiments showing our method
outperforms state-of-the-art approaches on challenging
datasets with significant appearance change. Ablation
studies further analyze key factors affecting performance.

2. Related Works

Visual Localization. Visual localization aims to estimate
a camera’s translation and rotation within a 3D scene. Tra-
ditional geometry-based methods [8, 17, 34, 37, 48, 50-52,
62] accomplish this by using point clouds and a reference
image database, relying on stored descriptors and image
retrieval to establish 2D-3D correspondences. In contrast,
scene coordinate regression (SCR) methods [4-6, 66] em-

bed map information within neural networks to directly pre-
dict 2D-3D correspondences. Both approaches generally re-
quire PnP [19] and RANSAC [18] to output camera poses at
test time, which adds additional computation cost. Alterna-
tively, absolute pose regression (APR) [7, 9, 24, 26, 44, 57]
aims to directly regress the camera pose from a query im-
age using neural networks. Although the performance is
suboptimal compared with geometry-based methods, APR
remains a promising approach due to its fast inference.
Data Augmentation for Pose Regression. End-to-end
pose regression methods rely heavily on the amount and di-
versity of training data. Previous work [54] shows that APR
implicitly learns image retrieval in the given environment.
Therefore, the following works LENS [45], DFNet [10] and
PMNet [32] enhance APR performance by spatially enrich-
ing training views with NeRF. However, these approaches
fail to address the generalizability of APR models and ex-
hibit several limitations: (1) The efficiency of training and
novel view synthesis (NVS) in NeRF is severely restricted,
hindering scalability. (2) They limit NVS to geometric
(pose) transformations while neglecting photometric (ap-
pearance) variations, thereby decreasing APR robustness to
changes in visual appearance. (3) The augmented data is
underutilized in their learning frameworks, leaving its po-
tential for improving APR largely untapped. Differently,
our framework switches to 3DGS [27] as the scene repre-
sentation to efficiently generate novel posed images with
controllable appearances and introduce adversarial training
to unleash the power of such diverse data.

Handling and Synthesizing Challenging Scenarios. Vi-
sual localization often encounters unstructured photo col-
lections [61], where visual appearance varies due to mov-
ing objects, lighting changes, and inconsistent camera expo-
sure settings. To tackle these in-the-wild challenges, NeRF-
W [40] uses per-image transient and appearance embed-
dings. In 3DGS [27], VastGaussian [33] applies a CNN
to 3DGS outputs but still struggles with significant appear-
ance variations. SWAG [14] mitigates this issue by storing
appearance information in an external hash-grid-based im-
plicit field, while GS-W [70] enhances flexibility by sepa-
rating intrinsic and dynamic appearance features for each
Gaussian point. 3DGM [31] leverages consensus across
multiple sequences as the self-supervision signal to remove
transient and moving objects without human annotations.
Deblur-GS [68] addresses motion blur—another challenge
in localization datasets—by modeling camera motion to
yield sharper edges in rendered scenes. Our method incor-
porates appearance modeling and edge refinement to handle
and synthesize diverse indoor, outdoor, and driving scenes.

3. Method
3.1. Pre-Processing with 3DGS

A robust pose regressor should focus on intrinsic scene
attributes, not appearance variations. Therefore, we first



Figure 2.Pipeline of RAP.We lift multiple RGB video sequences into 3D Gaussian Splats, which serve as our data engibearithel
(see Sec. 3.3.1) inputs paired real and synthetic images to regress poses, with a discriminator to bridge the syn-to-rebdrgaph-Phe
(see Sec. 3.3.2) generates views with novel poses and appearances, which are fed into the same pose regressor as additional supervision.

synthesize diverse visual data for training. We leverage 3.2. Architecture of Pose Regressor
3DGS [27], representing scenes with explicit ellipsoids, to
model diverse appearances. Following GS-W [70], we as-
sume the scene contaiks Gaussians and represent the in-
dependent intrinsic material attributes using position2

RK 3, spherical harmonic¥ 2 RK 16 3 and other pa-
rameters including rotationq 2 RX 4, scalings 2

RK 3 and opacity 2 RX. To capture the dynamic ap-
pearance in uenced by environmental factors, we extract
features from the input image and assign each Gaussian it
own feature using a learnable same® R¥ 2, forming
featuresE 2 RX 16 3. We also incorporate the camera's ()= fFo(1);nFN 2(1)Fan(D)g; €))
view direction to account for viewpoint-dependent effects.
The nal color of Gaussian€ 2 RK 2 is:

Given a set of images and their associated camera poses
f(li;P;)gly, , our goal is to train a neural network to di-
rectly output a homogeneous camera p@s2 R3 “ for a
query imaged 2 RH W €. Our network architecture is
shown as the pose regressor in Fig. 2.

Feature Extractor. Pose regression networks typically
extract features using a common backbdne such as
VGG [60] or Ef cientNet [63], leveraging multiple deeper
?ayers for translation and rotation regression:

F () denotes features extracted from th¢h layer of a
backbone withN layers.F¢(l ) andF, (I ) denote features
C=MLP( :Y:!'E; ) 1) for translation and rotati_on regression, respectivgly.

Pose Transformer. Unlike CNN-based regression mod-

where! is the blending weight that controls the dynamic €IS [10, 32], where ne-grained local features can intro-
appearance of the rendered image. duce noise and harm performance, we progesse Trans-

Another signi cant challenge in visual localization is formerto leverage th.e strong ability of Vision Trqnsformer
motion blur, often caused by slow shutter speeds during(ViT) [16] for modeling long-range dependencies. Each
video capture, leading to pose ambiguity and degraded ren-Transformer generates a global tokdimgns for transla-
dering quality, further decreasing localization accuracy. In- tion @ndRot for rotation) to provide a comprehensive con-
spired by Deblur-GS [68], we model camera motion blur as €t for pose regression, inspired by 1@eStoken in ViT.
the inverse of scene motion, i.e., the transformation in Gaus-GVenF (1) andF:(1), the translation token is then con-
sian position denoted By 2 SE(3). For each training im-  catenated with the attened input features
age, we sample a certain time step along a linear trajectory, _ i HW+1) Cq.
with a sampling weight 2 R" and blend them to com- Fi(1) = Cat(Flatten( Fy(1)); Trans ) 2 R' ) (4')
pute lossL with the original blurry image , 2 RH W 3,
optimizingT , , Cand other 3DGS parameters

|

The positional encodings are then added to the attened
feature(PE+ E((1)) 2 RHW+D) Ci Multi-head Self-
0 Attention (MSA) is then conducted through a stack of mul-
argmin L | p; i Render(Ti( );C; ) ; (2 tiple layers with the post-processing as follows:
N P = =1
E1)=MSA(PE+ E (1)) + PE+ F(1); )
where the details of are in supplemental materials. Af- _ .
ter training, our 3DGS can ef ciently render posed images Fe(1) = LN(FEN(LNC FX1) + B0

given and! . *We only present the translation regression for simplicity.




whereLN indicates layer normalization artéFN denotes  3.3.2. Branch-2: Training while Synthesizing Data

the fully connected feed-forward network, consisting of two \pjith the proposed appearance-varying 3DGS, more posed
linear layers with a ReLU. The nal outputis attened back jnages are generated to enrich the training data for bet-
to(HW +1) . See supplementary for more details. (o1 generalizability. Speci cally, our data synthesis is cat-
Regression Head. Only the processed translation token, egorized into two dimensiongiose augmentatioand ap-
Trans , capturing global features for regression, is fed into pearance augmentatioras illustrated in Fig. 1. For pose
the regression' head.. This regression head cpns_ists of t""%ugmentation, given a training pofe, a perturbed pose
MLPs, each with a hidden layer and GeLU activation: P4y is generated aroun@ by the translation noise of

f= Linear(GeLU(Linear( Trans ))): (6) and rotation noise of . For appearance augmentation, we
randomly adjust the appearance of rendered images using
random blending weights, and then render the synthetic
imagel sy using the Gaussian Splats trained in Sec. 3.1.
3.3. Two-Branch Joint Training Paradigm The novel image-pose pdirsyn; Psyn), Online generated ev-
ery 20 epochs during training until the validation MSE loss

o . } i and median errors cease to decrease, serves as additional
Synthetic images from 3DGS provide novel viewpoints and g pervision for the training. Given the estimated pose of

appearances but often contain artifacts, leading to a syn-toy,o synthesized image denoted gyyn’ the loss function
real domain gap. To align features from rendered and real , d_ . _ 1
L 25sd Psyn Psyn) is same ak [oce

images of the same pose, we introduce an adversarial train-"Pos

ing mechanism besides the basic pose regression training. 3.3.3. Overall Objective
Pose Regression LossFor basic training, we render the
synthetic image ° with the same pose lab&l as the real
imagel , both used as supervision for the pose regressor.
The training objective consists of translation ldss and

the rotation los4 [, which are measured by the Euclidean where 1; »: 3 are loss weights. The total loss will opti-

distance between the ground truth p&se= ft;rgandthe ;6 the pose regressor, adjustment layers, and discrimina-

estimated pos® = ff,rg: tor. Only the pose regressor will be deployed in the infer-
ence phase, while the other two components are discarded.

Thef represents the nal prediction for translation. Simi-
larly, we obtain the rotation prediction denotedry

3.3.1. Branch-1: Aligning Features via Discriminator

The total loss for the pose regressor is:

Ltotal = lLéose+ 2Lgose+ 3('—Gen+ LDiS); (12)

Ly =kt fko; (7) _
A 4. Experiments
Le=r  — 8 .
kek 5 4.1. Evaluation Setup
1 — .

Lpose= Lt €Xp( s)+ sc+ Lrexp( s)+ si; (9) Datasets. We follow previous works [10, 32] to mainly
wheres; ands, are learned parameters for balancing the use four scenes in the Cambridge Landmarks dataset [26]
optimization between rotation and translation [25]. with spatial extents around 875mMoreover, we evaluate

Adversarial Loss. The adversarial training mechanism op- our method on MARS [30], a self-driving dataset featur-
timizes the discriminator to distinguish real from rendered ing challenges like moving objects, lighting changes, and
image features, while training the feature extractor to fool motion blur. To investigate the robustness of our model un-
the discriminator, effectively bridging the domain gaps. To der extreme lighting changes, such as the transition from
prevent vanishing gradients, we propose a novel adversarday to night, we also prepared a subset of the Aachen
ial objective for pose regression, inspired by LSGAN [39]: Day-Night dataset [53]. The training data includes images
captured using various camera models with differing res-

argmin Lpis(D) = %EI pa1) (D(ADI(Fe(1)) 1) olutions, which renders direct evaluation with APR meth-
b 1 ods infeasible. Thus, we standardized the camera models
+ZE ;0 D(AdjYF(1%)? ; (10)  through center cropping and built a COLMAP [55] model
i as pose annotations, including 13 nighttime images for eval-

argminLgen(G) = ZE;0 (D(AdjYF(19) 1)? : (11) uation and 246 daytime images for training 3DGS and RAP.
G 2 We also employ the 7-Scenes dataset [59], which provides
Here, Adj and Adj° are the adjustment layers, consisting seven indoor scenes with volumes spanning®-18 n¥,
of Conv-ReLU-BN layers. The feature extractoracts as  and follow the original training and testing splits with more
the generatoG, while D is the discriminator, composed of accurate SfM pose annotations [6, 11]. Although itis an in-
several convolutional layers with ReLU activations. More door dataset, it is still non-trivial as it includes texture-less
details are in supplemental materials. surfaces, object occlusions, and motion blur.



Figure 3. Qualitative comparison of camera pose estimation errors between a) DFNet [10] and b) our RAP frameworicross ve
scenes on the Cambridge Landmarks dataset [26]. Our RAP framework estimates trajectories that more closely follow the ground truth,
with signi cantly reduced rotation and position errors compared to DFNet [10].

Table 1.Median translation (cm) and rotation ( ) errors on the
Cambridge Landmarks dataset [26]. The best resultsin pure
APR and PPR are highlighted bold.

| Methods | College Hospital Shop —ChurctiAverage?| Court

PN [26] 166/4.86 262/4.90 141/7.18 245/7,9%04/6.23| 683/3.50
MapNet [7] |107/1.89 194/3.91 149/4.22 200/4|5B63/3.64) N/A
MS-Trans. [58] | 83/1.47 181/2.39 86/3.07 162/3.9928/2.73  N/A
Pure PAE [56] 90/1.49 207/2.58 99/3.88 164/4.1640/3.03| N/A
APR| LENS [45] 34/0.54 45/0.96 28/1.66 54/1.6640/1.25 N/A

DFNet [10] 73/2.37 200/2.98 67/2.21 137/4.0819/2.90, 217/4.11
PMNet [32] | 68/1.97 103/1.31 58/2.10 133/3.730/2.27 N/A

RAP (Ours) | 52/0.90 87/1.21 33/1.48 5%1.52| 5€/1.28 | 11£/1.68

DSAC* [4] 18/0.3 21/0.4 5/0.3 15/0.6| 15/0.4 34/0.2

SCR|  ACE[6] 28/0.4 31/0.6 5/0.3 18/0.6 21/05 | 43/0.2
GLACE[66] | 19/0.3 1704 4/02 903 | 1203 | 1901 Figure 4. Visualization of RAPt on MARS [30]. In each sub-
FQN-MN[21] | 28/0.38 54/0.82 13/0.63 58/2.0038/0.96 | 4253/39.16 gure, a diagonal line separates the “Predicted” (rendered from the
?\JEEZZWTEF] 3477/’5;574 :23//3';8 12;’;'523 23/’11 , 3357/’(:;37 wﬁ re ned pose) and “GT” (ground truth) sections. Smooth alignment
HR-APR[35] | 36/0.58 53/0.89 13/0.51 38/1.1635/0.78| NIA along this boundary shows RAPS improved pose accuracy.

PPR| MCLoc[64] |31/0.42 39/0.73 12/0.45 26/0.8827/0.62| NIA
DFNetss.cpr[36] | 23/0.32 42/0.74 10/0.36 27/0.6226/0.51| N/A Table 2.Median translation (cm) and rotation ( ) errors on the
ACEgs cpr[36] | 20/0.29 21/0.40 5/0.24 13/0.40 15/0.33| N/A MARS dataset [30].
DFNeterours) | 16/0.24 21/0.41 8/0.42 10/0.2614/0.33| 250.13
RAP (Ours) | 1£/0.23 1€/0.38 5/0.23 9/0.23 | 12/0.27 | 22/0.15 Methods “0011”  “0015” “0037" “0041” ‘ Average

ZSince most methods did not report results@ourt, it is excluded from PoseNet [26] | 149/1.80 136/2.34 123/1.60 75/0.92121/1.67

the average error calculatiohAs CoordiNet + LENS [45] does not pro- RAP (Ours) | 32/0.61 37/1.08 150.35 280.35 | 28/0.60

vide open-source code, it is unclear whether any post-processing is used. RAPr (Ours) | 8.50.13 82/0.20 8.7/0.09 7.€/0.11| 8.5/0.13

Baselines. We rst compare our proposed RAP against Table 3.Median translation (COLMAP [72] unit) and rotation
common APR-only approaches on the four datasets, wherd ) €rrors on the Aachen Day-Night Dataset [53]

PMNet [32] and DFNet [10] are the most related and ad- APR-Based ‘ SCR-Based
vanced methods based on data augmentation. We split theposenet [26] DFNet[10JRAPwio App. RAP  RAP.| ACE[6] GLACE [66]
remaining methods into two categories based on whether 2177430 17418580  134/75.99 _ 188.70 5(/3.93 914/90.50  482/36.4
they rely on extra novel view synthesis in test time, includ-

ing SCR [5, 6, 66] and PPR (Post Pose Re nement) [11, hen train our RAP network, which uses an Ef cient-

21, 35, 46, 64, 71, 73], which involves rendering images, gy packbone [38] pre-trained on ImageNet [15], opti-
querying features in novel views by the initial pose, itera- mized with Adam [28] at a learning rate 4D 4. Only

tive re nement or sequential re nement [44]. the features from the thirdréduction _3) and fourth
Implementation Details. First, we optimize our 3DGS (reduction _4) layers are used respectively for transla-
for each scene without masking moving objects. We tion and rotation regression, and both layers are utilized for




Figure 5.Visualization of the localization errors of RAPs on the 7-Scenes dataset [59].

Table 4.Quantitative results on the 7-Scenes dataset [59T.he best results in pure APR and PPR are highlightebold. DSLAM GT
andSfM GT refer to different sets of ground truth. More visualizations and details are in supplemental materials.

Category | Methods | Chess Fire Heads Ofce  Pumpkin  Kitchen Stairs | Average
PoseNet (PN) [26] 32/8.12 47/14.4 29/1.20 48/7.68 47/8.42 59/8.64 47/13.8044/10.4
MapNet [7] 8/3.25 27/111.7 18/13.3 17/51.5 22/4.02 23/4.93 30/12[1 21/7.77
AtLoc+ [65] 10/3.18 26/10.8 14/11.4 17/5.16 20/3.94 16/4.90 29/10{2 19/7.08
MS-Transformer [58] 11/4.66 24/9.60 14/12.2 17/5.66 18/4.44 17/5.94 17/5.94 18/7.28
Pure PAE [56] 12/4.95 24/9.31 14/12.5 19/5.79 18/4.89 18/6.19 25/8.14 19/7.48
APR CoordiNet + LENS [45] 4/1.38 11/3.77 8/5.86 8/1.98 9/2.27 10/2.27 15/3.6] 9/3.07
DFNet [10] 5/1.88 17/6.45 (3.63 8/2.48 10/2.78 22/5.45 16/3.29| 12/3.71
PMNet [32] 4/1.70 10/4.51 7/4.23 7/1.96 14/3.33 14/3.36 16/3.6R 10/3.24
RAP (Ours, DSLAM GT) 3/1.41 73.46 66.02 5/1.97 6/1.96 72.18 102.14 6/2.73
RAP (Ours, SfM GT) 2/0.85 6/2.84 4/4.52 4/1.57 3/1.10 5/1.10 1C/1.30 5/1.90
DSAC [4] 0.5/0.17 0.8/0.28 0.5/0.34 1.2/0.34 1.2/0.28 0.7/0.21 2.7/0.781.1/0.34
SCR ACE [6] 0.5/0.18 0.8/0.33 0.5/0.33 1.0/0.29 1.0/0.22 0.8/0.20 2.9/0.811.1/0.34
GLACE [66] 0.6/0.18 0.9/0.34 0.6/0.34 1.1/0.29 0.9/0.23 0.8/0.20 3.2/0.931.2/0.36
marepd [12] 2.6/1.35 2.5/1.42 2.3/2.21 3.6/1.44 4.2/1.55 5.1/1.99 6.7/1.833.9/1.68
FQN-MN [21] 4.1/1.31 10.5/2.97 9.2/2.45 3.6/2.36 4.6/1.76 16.1/4.42 139.5/34.628/7.3
CrossFire [46] 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
DFNet + NeFe§, [11] 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
HR-APR [35] 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
PPR MClLoc [64] 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 (SfM GT) [36] 0.7/0.20 0.9/0.32 0.6/0.36 1.2/0.32 1.3/0.31 0.9/0.25 2.2/0.611.1/0.34
ACE + GS-CPR (SfM GT) [36] | 0.5/0.15 0.6/0.25 0.4/0.28 0.9/0.26 1.0/0.23 0.7/0.17 1.4/0.420.8/0.25
RAPes (Ours, DSLAM GT) 2.78/1.43 2.07/1.23 1.53/1.87 2.49/1.20 4.47/1.56 4.21/1.83 3.24/1.2307/1.47
RAP¢f (Ours, SfM GT) 0.3¥0.11 0.51/0.21 0.3¢0.27 0.57/0.16 0.81/0.20 0.4%/0.12 1.17/0.32 | 0.6(/0.20

ZAs marepo[12] combines SCR and APR, we classify it as SCR.

narrowing the domain gap via the discriminator, which is 30% compared to other APR-only methods. The visualiza-
also optimized with Adam [28], using a learning rate of tionin Fig. 3 shows that our method produces fewer outliers
10 * and betas set to (0.5, 0.999). More details about train-than DFNet [10]. In the three larger-scale scenes with sig-
ing are in supplemental materials. For generating randomni cant appearance diversityOpllege Church andCourt),
views, we apply random normalized perturbations to eachrotation error is even halved compared to DFNet. Table 1
training pose:t =20 cmandr =10 forindoor scenes, also shows the effectiveness of our RARN further re-
andt =150 cmandr =4 for outdoor scenes. ducing pose errors through re nement. R&mutperforms

To allow for comparison with SCR methods and lever- CoordiNet + LENS [45], which assumes a continuous tra-
age 3DGS's efcient rendering for PPR, we extend the jectory when an Extended Kalman Filter [23] is required
APR pipeline with match-based re nement similar to GS- for re nement [44]. RARes even surpasses ACE [6] and
CPR [36], denoted as RAR. At test time, RAP's initial its post-re nement variant, ACE + GS-CPR [36], despite
pose is used to render an RGB-D image via 3DGS. TogetherGS-CPR manually masking dynamic objects when building
with MASt3R [29], we can obtain 2D-3D correspondences 3DGS. This demonstrates the strong representation capabil-
to perform RANSAC-PnP [18, 19], resulting in a re ned ity of our appearance-varying 3DGS with deblurring.

pose. More details are in supplementary materials. MARS [30]. Autonomous driving scenarios present unique

challenges, including moving objects and frequent changes
in lighting conditions, as illustrated in Fig. 4. Our RAP
Cambridge Landmarks [26]. In the challenging outdoor  demonstrates effective and robust performance across four
Cambridge Landmarks dataset (Table 1), our RAP reduceschallenging scenes, as shown in Table 2, achieving an av-
both translation and rotation errors across all scenes by oveerage of 28 cm / 0.60localization error. This signi cantly

4.2. Benchmark Results



Table 5.Ablation study.

Setups on Shop Trans. (cm)# Rot. () #
| (Baseline):' =VGG16 174 5.45
II: * = Efcient-BO 103 4.64
Iz Il + Pose Aug. 75 3.52
IV: Il + Appearance Aug. 60 3.14
V: IV + Decoder (ConvNet) 52 2,51
VI: V + Decoder (Transformer) 40 1.98
VIl (Ours): VI + Discriminator 33 1.48

outperforms the baselinéoseNet [26]. With one-shot re-

nement, our RARgs further reduces outdoor localization

errors to below 10 cm. Figure 6. Visualization of the training set distribution and re-
Aachen Day-Night [53]. Bene ting from appearance aug- sults on St. George's Basilica. Building{54]. Thg _red hollqw_
mentation, our RAP signi cantly reduces the localization SPheres, centered on the real images in the training set, indicate
error from 134 unit / 75.99to 130 unit / 13.70, outper- the potential locations of all synthetic images during training.
forming other APR [10, 26] and SCR [6, 66] baselines, as

shown in Table 3. This demonstrates the effectiveness oftion mechanisms. Finally, in Setup VII, our adversarial dis-
appearance diversity in handling extreme lighting changes. criminator effectively reduces the syn-to-real domain gap,
7-Scenes [59]As shown in Table 4, our RAP reduces trans- allowing the model to learn better pose regression features
lation error by 50% (10 cm 5 cm) and rotation error by  from synthetic data and further reduce localization error.
41.36% (3.24° 1.90°) on average compared to previous ) ] )

state-of-the-art single-frame APR methods. The only ex- 4.4. Discussion on Data Synthesis

ception isHeads where the rotation error is suboptimal. Emerging Generalizability. Previously, APR has been un-
This scene consists of just two sequences—one for trainingyerstood to implicitly learn image retrieval [54], lacking
and one for testing—potentially limiting the effectiveness he apjlity to successfully interpolate between training sam-
of our augmentation in capturing scene variability. Mean- pjes and generalize beyond them. To investigate how APR
while, RARe further reduces localization error below 1 raining is affected by increasing synthetic data, we trained
cm with one-shot re nement using our 3DGS. It also sur- RAp on theSt. George's Basilica Buildin54] and visual-
passes ACE [6] and its post-re nement variant, ACE + GS- jze( the results in Fig. 6. Here, the translation perturbation

CPR [36]. Qualitative examples are shown in Fig. 5. was set tot = 350 cm and the rotation perturbation to

. r = 60 . Notably, the test set contained two regions en-
4.3. Ablation Study tirely uncovered by the training set. Despite this, the model
We conduct ablation studies on the validation seSlabpin still closely predicts the test camera poses, demonstrating

the Cambridge Landmarks dataset to investigate the impacigeneralization ability beyond the original training positions.
of all the components in our RAP. Setup |, our baseline,  We also learn from our experiments that reducing the ro-
consists of the same components as in PoseNet [26] andation perturbation, such that the overlap between test and
has been retrained for our experiments. In Setup Il, we re-training views remains minimal, leads to high localization
place the feature extraction from VGG16 [60] to Ef cient-  error. This is because the translation and rotation parameter
BO [38], which enhances performance due to its superior space is inherently 8E(3) manifold. Even if the translation
feature representation, while they both exhibit poor perfor- remains xed, signi cant rotation changes result in entirely
mance due to the lack of data synthesis. In Setup Il anddifferent visual content in the images, naturally prevent-
IV, we explore the effectiveness of the designed pose aug-ing the model from estimating poses of such unseen views,
mentation and appearance augmentation, which bring no-which correspond to a large distance on 8&(3) mani-
table improvements: translation error reduces from 103 cmfold. Therefore, enabling generalization across a broader
to 75 cm, and rotation error from 3.520 3.14. In Setup  range of space is an important direction for future work.
V and VI, we add regular convolutional layers and Pose Analyzing Generalization Boundaries. To evaluate the
Transformer between feature extraction and pose regresmodel's generalizability, we designed an experiment intro-
sion. Both improve performance due to the increasing pa-ducing a “void zone” centered on the test camera, where
rameters, but the Transformer achieves superior results byg|| real and synthetic data within this zone were excluded.
effectively handling long-term dependencies through atten- The void zone was progressively expanded to determine the
TDFNet [10] results are omitted as we were unable to successfully train critical threshold at which the localization performance de-

its NeRF component, likely due to the need for manual scene scaling within Clin€s most Sign? C_aml)’- Speci cally, forShop we used
[ : 1, whichis tedious for diverse outdoor scenes. 100% of the training set to ensure complete scene cov-
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