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Coarse-to-Fine Multi-Scene Pose Regression
With Transformers

Yoli Shavit

Abstract—Absolute camera pose regressors estimate the posi-
tion and orientation of a camera given the captured image alone.
Typically, a convolutional backbone with a multi-layer perceptron
(MLP) head is trained using images and pose labels to embed a
single reference scene at a time. Recently, this scheme was extended
to learn multiple scenes by replacing the MLP head with a set of
fully connected layers. In this work, we propose to learn multi-scene
absolute camera pose regression with Transformers, where en-
coders are used to aggregate activation maps with self-attention and
decoders transform latent features and scenes encoding into pose
predictions. This allows our model to focus on general features that
are informative for localization, while embedding multiple scenes in
parallel. We extend our previous MS-Transformer approach Shavit
et al. (2021) by introducing a mixed classification-regression ar-
chitecture that improves the localization accuracy. Our method is
evaluated on commonly benchmark indoor and outdoor datasets
and has been shown to exceed both multi-scene and state-of-the-art
single-scene absolute pose regressors.

Index Terms—Absolute pose regression, coarse-to-fine camera
localization, deep learning.

I. INTRODUCTION

OCALIZING a camera using a query image is essential for
L a variety of computer vision applications, including indoor
navigation, augmented reality, and autonomous driving. Current
approaches to estimating a camera’s position and orientation
offer different trade-offs between accuracy, runtime, and mem-
ory requirements. For example, hierarchical Structure-based
localization pipelines (SbP) [2], [3], [4] achieve state-of-the-art
(SOTA) pose accuracy but require a response time of hundreds
of milliseconds, a large memory footprint, and client-server
connectivity. These approaches employ image retrieval (IR) to
find images similar to the query image while extracting and
matching local image features. The 2D-2D matches extracted
are mapped to 2D-3D correspondences through depth or a 3D
point cloud that are used to estimate the camera pose with
Perspective-n-Point (PnP) and RANSAC [5]. Absolute pose
regressors (APRs), on the other hand, estimate the camera pose
in a single forward pass, using only the query image. They
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are faster and can be deployed on a thin client as standalone
applications due to their small memory footprint. However,
APRs are also an order of magnitude less accurate than SbP
approaches and other methods that use 3D data at inference
time [6]. Furthermore, most APRs are designed to embed a
single scene at a time, implying that, for a dataset with NV scenes
(such as a hospital with many wards and rooms), N models
must be trained, deployed and selected during inference. This
paper aims at improving the accuracy of APRs by extending the
current single-scene paradigm to simultaneously learn multiple
scenes. Absolute camera pose regression was first suggested
by Kendall et al. [7]. Following the success of convolutional
neural networks (CNNs) in multiple computer vision tasks, the
authors suggested adapting a GoogleNet architecture to camera
pose regression by attaching a multilayer perceptron (MLP)
head. A proposed architecture called PoseNet provided a fast
and lightweight solution for camera localization. However, it
also suffered from poor accuracy and limited generalization.
Various absolute pose regression methods were suggested to
address these issues, proposing to modify the backbone and
MLP architecture [8], [9], [10], [11], [12], as well as different
loss formulations and optimization strategies [13], [14], [15].
APRs share two common traits: (1) using a CNN backbone to
produce a global latent vector to regress the pose, and (2) training
amodel for each scene (scene-specific APRs). Blanton etal. [16]
extended single-scene absolute pose regression to a multi-scene
paradigm. Similarly to existing APRs, this method applies a
CNN backbone to generate a latent global descriptor of the
image. However, instead of using a single scene-specific MLP,
it trains a set of Fully Connected (FC) layers, with a layer per
scene, which is chosen based on the predicted scene identifier.
While offering a new general framework for optimizing a single
model for multiple scenes, this method was unable to match the
accuracy of contemporary SOTA APRs.

In this work, we propose a novel formulation of multi-scene
absolute pose regression, inspired by the recent successful ap-
plications of Transformers to computer vision tasks such as
object detection [17] and image recognition [18]. These works
demonstrated the effectivity of encoders in focusing on latent
features (in image patches or activation maps) that are infor-
mative for particular tasks, by self-attention aggregation. In
addition, decoders were shown to successfully generate multiple
independent predictions, corresponding to queries, based on the
input embedding [17]. Similarly, we propose to apply Trans-
formers to multiscene absolute pose regression, using encoders
to focus on pose-informative features and decoders to transform
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Fig. 1. Coarse-to-Fine Multi-scene absolute pose regression with Transform-

ers. Two Transformers separately attend to position- and orientation- informative
features from a convolutional backbone. Scene-specific queries (0-3) are further
encoded with aggregated activation maps into latent representations, from which
a single output is selected. The strongest response, shown as an overlaid
color-coded heatmap of attention weights, is obtained with the output associated
with the input image’s scene. The selected outputs, at the scene level, are used
to further select position and orientation centroids and regress the respective
residuals. The position z and the orientation ¢ are given by the sum of selected
centroids and the regressed residuals.

encoded scene identifiers into latent pose representations (Fig.
1). As pose estimation involves two different tasks (position
and orientation estimation), related to different visual cues,
we apply a shared convolutional backbone at two different
resolutions and use two different Transformers, one per task.
The decoder’s outputs are used to classify the scene and select
the respective position and orientation embeddings from which
the position and orientation vectors are regressed. We further
extend our earlier research findings [1], by reframing camera
pose regression as a classification-regression problem with a
coarse-to-fine approach. Specifically, by quantizing the position
and orientation domains of a scene, APR can be formulated as a
classification problem. Although classification-based regression
schemes were found to be robust [19], [20], [21], they require
a refinement phase to overcome quantization errors. Therefore,
we propose a mixed classification-regression architecture. We
first classify the coarse camera location (scene) and then predict
the clusters within the scene based on the selected decoders’
embeddings, which provide an initial coarse estimate of camera
orientation and position. The regression network finetunes these
initial estimates, by learning the residuals with respect to the
predicted quantized clusters’ centers. To the best of our knowl-
edge, our approach is the first to suggest such a coarse-to-fine
classification-regression approach for camera pose regression.
We evaluated our approach on two commonly reference
datasets consisting of multiple outdoor and indoor localiza-
tion challenges. We show that our method not only provides
a new SOTA accuracy for multi-scene APR localization, but
also, importantly, provides a new SOTA for single-scene APRs,
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outperforming our previous SOTA results [1]. Furthermore, we
show that our approach achieves competitive results even when
trained on multiple datasets with significantly different charac-
teristics. We further conduct multiple ablations to evaluate the
sensitivity of our model to different design choices and analyze
its scalability in terms of runtime and memory. In summary, our
main contributions are as follows:
e We propose a novel formulation for multi-scene absolute
pose regression using Transformers.
e We extend and build upon our earlier findings [1]
by approaching the APR problem through a coarse-to-
fine classification-regression framework, and presenting a
mixed architecture that combines both classification and
regression.
® We experimentally demonstrate that self-attention allows
aggregation of positional and rotational image cues.
® Our approach is shown to achieve new SOTA accuracy for
both multi-scene and single-scene APRs across contempo-
rary outdoor and indoor localization benchmarks.

II. RELATED WORK
A. Camera Localization

Camera pose estimation methods can be divided into several
families, depending on the inputs at inference time and on their
algorithmic characteristics.

Image Retrieval methods learn global image descriptors for
retrieving database images that depict the vicinity of the area
captured by the query image. They are commonly employed by
pose estimation methods such as structure-based hierarchical
localization pipelines [3], [4], [22] and relative pose regression
methods [23], [24], [25]. IR can also be applied to estimate
the camera pose by taking the pose of the most similar fetched
image or by interpolating the poses of several visually close
images. Such approaches require both storing and searching
through large databases with pose labels. Recently, Sattler et al.
[6] proposed an IR-based baseline for camera pose regression
to illustrate the limitations of APRs, as no regressor was able to
consistently surpass it on multiple localization tasks.

3D-based Localization methods, also referred to as structure-
based methods [2], [6], include camera pose estimation tech-
niques that utilize the correspondences between 2D image po-
sitions and 3D world coordinates for camera localization with
PnP and RANSAC.

Hierarchical Structure-based pose estimation pipelines (SbP)
[3], [4], [22] are based on a two-phase approach, using global
(IR) and local matching. Each query image to be localized is first
encoded using a CNN trained for IR, and a relatively small set of
nearest neighbors is retrieved from a large-scale image dataset.
Tentative 2D-2D correspondences are estimated by matching
local image features and then mapped into 2D-3D matches. The
resulting matches are passed to PnP-RANSAC for estimating the
camera pose. Such pipelines have been shown to achieve SOTA
accuracy on large-scale benchmarks with challenging condi-
tions [3], [4]. A different body of works directly regresses the 3D
scene coordinates from 2D positions in the image. Brachmann
and Rother derived the DSAC [26] and the follow-up DSAC++
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[27] schemes, where a CNN architecture is trained to estimate
the 3D locations of the pixels in the query image, in order to
establish 2D-3D correspondences for estimating the camera pose
with PnP-RANSAC. These Scene Coordinate Regression (SCR)
methods require the query image and the intrinsics of the query
camera as input, and achieve SOTA accuracy comparable to
SbP methods. Similarly to single-scene APRs, a model must be
trained per scene.

Relative Pose Regression methods typically combine camera
pose regression with an IR scheme. The absolute camera pose
is computed by first estimating the relative motion (translation
and rotation) between the query image and a set of reference
images, for which the ground truth pose is known. An IR scheme
is applied to retrieve a set of nearest-neighbor images, and
a relative motion regression is computed separately between
the query image and each of the retrieved images, followed
by pose interpolation. The learning thus focuses on regressing
the relative pose given a pair of images [23], [24], [25]. These
relative pose regressors (RPR) have been shown to generalize
better than APR and improve accuracy in small-scale indoor
benchmarks [25]. Rather than using (encoded) images with pose
labels, Aha et al. [28] suggested employing anchor points that
are uniformly distributed throughout the scene. The proposed
method, named AnchorNet, predicts which anchor points appear
in the query image along with their relative location, allowing
one to compute an anchor-based absolute pose estimate. The
query pose is then computed as a weighted average of all poses.
Unlike other RPRs, AnchorNet is a single-scene approach and
is trained per scene. Some RPRs rely on sequential acquisition
of images over time [29], [30], while combining relative and
absolute regression, achieving an improved pose accuracy [29],
[30].

Absolute Pose Regression was first proposed by [7] to di-
rectly regress the position and orientation of the camera, given
the input image, by attaching an MLP head to a GoogLeNet
backbone. The resulting architecture, named PoseNet, was much
less accurate than the 3D-based methods, but enabled pose
estimation using a single forward pass. In order to improve
the localization accuracy, contemporary APRs studied differ-
ent CNN backbones [8], [10] and MLP heads [8]. Overfitting
was addressed by averaging the predictions of multiple models
with randomly dropped activations [13], or by reducing the
dimensionality of the global image encoding using Long-Short-
Term-Memory (LSTM) layers [9]. Other work focused on the
loss formulation for absolute pose regression to allow adap-
tive weighting of position- and orientation-associated errors.
Kendall et al. [14] suggested optimizing the parameters that
balance both losses to improve accuracy and avoid manual fine-
tuning. This formulation was adopted by many pose regressors.
Alternative orientation representations were also proposed to
improve pose loss [31]. The use of additional sensors, such
as inertial sensors, was also suggested to improve localiza-
tion accuracy [31]. More recently, Wang et al. [11] proposed
using attention to guide the regression process by applying
self-attention to the output of the CNN backbone. The new
attention-based representation was used to regress the pose with
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an MLP head. Although many modifications were proposed to
the architecture and loss originally formulated by Kendall et al.
the main paradigm remained the same: (1) employing a CNN
backbone to output a global latent vector, which is used for
absolute pose regression, and (2) training a separate model per
scene.

Multi-Scene Absolute Pose Regression methods aim to extend
the absolute pose regression paradigm for learning a single
model on multiple scenes. Blanton et al. proposed Multi-Scene
PoseNet (MSPN), a novel approach to multi-scene absolute pose
regression [16], where the network first classifies the particular
scene related to the input image, and then uses it to index a
set of scene-specific weights to regress the pose. An activation
map of a CNN backbone, which is shared across scenes, is used
both for scene classification and to regress the pose. A fully
connected layer with SoftMax predicts the scene and is trained
via binary cross-entropy. A set of FC layers, one per scene,
is trained for absolute camera pose regression with a set of
scene-specific parameterized losses. The notion of multi-scene
camera pose estimation was also applied to 3D-based methods,
which regresses the 3D coordinates from image pixels. However,
the suggested framework still involved training multiple models
(one per scene) and then selecting the most appropriate model
using a mixture-of-experts strategy [32].

In this work, we focus on learning a single unified deep
learning model for absolute pose regression across multiple
scenes. Our method is thus closely related to single- and multi-
scene absolute pose regression, and we compare it to leading
architectures (APRs) in this field.

B. Attention and Transformers

Attention mechanisms [33] are layers of neural networks
that aggregate information from the entire input sequence. The
aggregation is often computed by a sequence-to-sequence ar-
chitecture, where the inner-products (interactions) between the
two sequences are used to compute the aggregation weights.
Attention models consist of an Encoder and Decoder. The En-
coder implements self-attention that maps the input sequence
into a higher-dimensional space that is fed into the Decoder
alongside a query sequence, outputting the result sequence.
Attention allows to numerically emphasize the contribution of
the task-informative image locations, in contrast to the visual
clutter. Transformers were introduced by Vaswani et al. [34] as a
novel formulation of attention-based Encoders and Decoders for
sequence encoding that does not use RNN layers such as LSTM
and GRU. Transformers consist of multiple stacked Multi-Head
Attention and Feed Forward layers. As no recurrent layers are
used, the relative position and sequential order of the sequence
elements are induced by adding positional encodings to the em-
bedded representation. Transformers were shown to outperform
RNNGs in encoding long sequences, and were applied in multiple
recent works in natural language processing (NLP) [35], [36]
and computer vision [17], [18]. In this work, we propose a
hybrid CNN-Transformer architecture, inspired by recent ad-
vances in visual transformers for multi-object detection [17].
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Fig. 2. Architecture of our proposed model.

We employ encoders to adaptively aggregate activation maps
for position and orientation regression and use decoders to
decode aggregated representations with respect to query scenes
encoding.

III. MULTI-SCENE ABSOLUTE CAMERA POSE REGRESSION
‘WITH TRANSFORMERS

Assingle/multi-scene APR localizes the capturing camera with
a forward pass on the input image. The pose of the camera p
is typically represented by the tuple < x,q > where x € R? is
the position of the camera in the world coordinates and q € R*
is the quaternion that encodes its 3D orientation. Following the
success of recent visual Transformers [17], [18], we employ
separate position and orientational Transformer Encoders for
adaptive aggregation of (flattened) intermediate activation maps
computed by a convolutional backbone. In particular, as depicted
inFigs. 3 and 4 and Section III-A, the positional and orientational
encoders emphasize different image cues: corner- and blob-like
image cues are position-informative, in contrast to the elongated
edges emphasized by the orientation encoder.

To attend to N scenes, we also apply separate positional
and orientational Transformer Decoders, which are queried by
{x;}¥ and {q;}¥, for the position and orientation embeddings
per scene, respectively. The corresponding output sequences,
{X,;}Y and {Q;}¥, respectively, encode the localization pa-
rameters per scene. This architecture is inspired by the DETR
approach [17], where a single activation map is queried by
multiple queries, each related to a different task. Together,
the encoder-decoder Transformer architecture allows attending

|

localization-informative image content while learning multiple
scenes at once. To regress the pose, the scene is first classified
as described in Section III-B. By concatenating {X;}&V and
{Q;}V, the embeddings of the detected scene {X;, Q;} are
regressed by the MLP heads, as detailed in Section III-C. The
architecture of our model is shown in Fig. 2.

A. Image Encoding Using Transformers

Given an image I € RF*W*C e sample a convolutional

backbone at two different resolutions and take an activation map
per regression task: Ay and A, for the position and orientation
regression, respectively (Fig. 2(a)).

In order to transform activation maps into Transformer-
compatible inputs, we follow the same sequence preparation
procedure as in [17]. An activation map A € RHaxWaxCa jg
first converted to a sequential representation A € RHe"WaxCa
usinga 1 x 1 convolution (projecting to dimension C;) followed
by flattening (Fig. 2(b)). Each position in the activation map is
further assigned with a learned encoding to preserve the spatial
information of each location. In order to reduce the number of pa-
rameters, two one-dimensional encodings are separately learned
forthe X, Y axes. Specifically, for an activation map A we define
the sets of positional embedding vectors E,, € R(Wa)*Ca/2 apnd
E, € RHa)*Ca/2 guch that a spatial position (4, 5),4 € 1..H,,
j € 1..W,, is encoded by concatenating the two corresponding
embedding vectors:

J

E’L,] _ Eu
os ;

p E?

v

€ R%. )
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The processed sequence, serving as input to the Transformer is
thus given by:

Z% = A + Ep € R HoWexCu, )

where E 5 is the positional encoding of A. This processing is
applied separately for each of the two activation maps (for the
position and orientation Transformers, respectively). We use
the Transformer architecture described in [17], with standard
Encoder and Decoders modified to add the positional encoding
at each attention layer. A Transformer Encoder is composed
of L identical layers, each consisting of multi-head attention
(MHA) and multilayer perceptron (MLP) modules. Each layer
l, 1 =1..L, performs the following computation by applying a
LayerNorm (LN) [37] before each module and adding back the
input with residual connections:

2% = MHA(LN(Z'Y) + 251 e RF«WexCa (3)
2'; = MLP(LN(ZY)) + Z§ € R« WexCd )

At the final layer, L, the output is passed through an additional
normalization:

Z% = LN(Z%). (5)

In our model, Ay and A are passed to a separate Transformer
Encoders which apply the aforementioned mechanism. We de-
note the outputs Z%\ and Z%, respectively (Fig. 2(c)).

B. Scene Classification

Given a dataset with IV scenes, the Transformer Decoders first
apply self-attention, as in (3), to the two learned query sequences
{x;}V and {q;}¥ (Fig. 2(d)), for the position and orientation
decoders, respectively. Equations (3)—(4) are then applied again,
but this time computing encoder-decoder attention instead of
self-attention. Unlike the earlier autoregressive decoders [34],
this architecture outputs predictions in parallel for all positions.
We refer the reader to [17], [34] for detailed definitions of the
MHA operation and parallel decoding.

The Transformers Decoders output the sequences {X; }V and
{Qi }{V ,encoding each scene with alatent embedding (Fig. 2(e)).
Since a query image corresponds to a single scene from which
the image was taken, the respective latent embedding need to be
selected. In order to select the corresponding scene, we append
the outputs of the two transformers (Fig. 2(f)) as {Z;_ fused}{v ,
such that

X,
Zi_fused = [ € R?C¢ ©6)

Q;
and pass them through a fully connected layer followed by Log
SoftMax. The embedding vectors {X;, Q;} corresponding to
the maximal probability of scene classification are then chosen
(Fig. 2(2)).

C. Pose Classification-Regression

The selected Transformers outputs { X;, Q; } are used torefine
the location of the camera, from scene level to cluster level, and
to perform residual regression. During training, we precompute
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K position and orientation centroids {c{, cf }4*, respectively,
for each scene using the K -means algorithm [38]. Given a
query image, a fully connected layer and SoftMax are applied to
{X;, Qi } toselect the respective centroids {c};o , czo } (Fig. 2(h)).
To further regress the residuals of {X;,Q;}, we apply two
MLP heads with a single hidden layer and gelu non-linearity
(Fig. 2(1)). The first is applied to regress the position refinement
Ax, while the other MLP refines the orientation by Aq. The
position and orientation vectors (Fig. 2(j)), x and q, are thus
given by

x = ¢ + Ax,q = ¢, + Aq. (7)

D. Multi-Scene Camera Pose Loss

We train our model to minimize both the position loss Ly
and the orientation loss Lq, with respect to a ground truth pose
Po = <Xg,qp>, given by:

Ly = HXO - X||2 (8)
q
Lq:HQO—wW )

where ¢ is normalized to a unit norm quaternion to ensure that
it is a valid orientation encoding. We combine the two losses
using the camera pose loss formulation suggested by Kendall
et al. [14]:

Ly, = Ly exp(—sx) + $x + Lqexp(—sq) + Sq (10)

where sy and sq are learned parameters that control the balance
between the two losses. As our model is also required to classify
the scene from which the image was taken and the centroid
within each scene, we further add the Negative Log-likelihood
(NLL) loss term, computed with respect to the ground truth scene
index s and the ground truth position and orientation centroids
cz,0 and ¢, o, respectively. Given an estimated pose p and the
log-probability distributions s, ¢, and ¢, of the predicted scene,
position and orientation centroids, our overall loss is given by:

Lmultifscene = Lp + ]\TLL(S7 SO)
+ NLL(cx,cx,0) + NLL(cq,Cq0) (11)

E. Implementation Details

Our model is implemented in PyTorch [39]. We use a pre-
trained EfficientNet-BO [40], and take A, and Aq at two dif-
ferent resolutions: Ay € RI414¥112and A, € R?8*28x40 We
set Cq = 256 for the dimension of inputs of the Transformer
components. All encoders and decoders consist of six layers
with gelu nonlinearity and with a dropout of p = 0.1. Each layer
(encoder / decoder) uses four MHA heads and a two-layer MLP
with a hidden dimension C, = Cj.

The two MLP heads, regressing the position and orientation
residual vectors, respectively, expand the decoder dimension
to R'924 with a single hidden layer. Our code is publicly
available,' providing the model implementation along with a

Thttps://github.com/yolish/c2f-ms-transformer
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TABLE I
TRAINING TIME OF OUR MODEL

Dataset #Images #Epochs Training Time
[hours]

Cambridge 3,834 550 24

7Scenes 26,000 30 10

training and evaluation framework, detailed configuration files,
and pre-trained models.

IV. EXPERIMENTAL RESULTS
A. Experimental Setup

Datasets: We evaluate our approach using the Cambridge
Landmarks [7] and 7Scenes [41] datasets, which are commonly
used to evaluate pose regression methods. The Cambridge Land-
marks dataset consists of six medium-sized scenes (~ 900 —
5500 m?) set in an urban environment. For our comparative
analysis, we consider four scenes that are typically benchmarked
by APRs. The 7Scenes dataset includes seven small-scale scenes
(~ 1 — 10 m?) set in an office indoor environment.

Training Details: We optimize our model to minimize the loss
in (11) using Adam, with 3; = 0.9, o = 0.999 and ¢ = 10710,
The loss parameters ( (10)) are initialized as in [29]. Throughout
all experiments, we use a batch size of 8 and an initial learning
rate of A = 10~*. For each dataset, we initialize our model from
the respective pre-trained MS-Transformer model [1], which we
extend in this work. We use k = 4 for the number of position
and orientation clusters for the CambridgeLandmarks dataset
and k =1, k = 2 for the number of position and orientation
clusters for the 7Scenes dataset. At train time, the decoder output
is selected using the ground truth scene index, and the estimated
scene index is used only for evaluating the NLL loss. During
inference, the scene index is unknown, and we rely on the
prediction of our model, taking the index with the highest (log)
probability. The same logic is applied for training the classifiers
of the position and orientation centroids. Note that instead of
training a model per scene (typically with scene-specific training
hyperparameters) as in single APRs, here we train a single model
for all the scenes together. All experiments reported in this
paper were performed on an 8GB NVIDIA GeForce GTX 1080
GPU. We follow the augmentation procedure described in [7].
During training, the images are first rescaled so that the smaller
edge is resized to 256 pixels and then randomly cropped to a
224 x 224-sized image. Additionally, brightness, contrast, and
saturation are randomly jittered. At test time, the center crop is
taken after rescaling without any further augmentations. For the
7Scenes dataset, we train with the aforementioned augmentation
scheme for 30 epochs and reduce the learning rate by half every
10 epochs. For the Cambridge Landmarks dataset, we train for
550 epochs and reduce the learning rate by half every 200 epochs.
For both datasets, we fine-tune the respective models from [1].
Table I shows the training times for these models.
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B. Comparative Localization Analysis

Our proposed coarse-to-fine approach (c2f-MS-Transformer)
is a multiscene absolute pose regression (MS-APR) paradigm.
As such, we compare it to single-scene (SS-APR) and MS-
APRs using the CambridgeLandmarks and 7Scenes datasets
(Tables IT and I1I, respectively). For our approach, we report the
results when training from scratch and when initializing from
the respective MS-Transformer [1] model. To provide a wider
experimental overview and context, we also include the results
of representative methods from other classes of localization
schemes (see Section II), namely: SbP, SCR, Sequence-based
(Seq.) and IR. We report the median position and orientation
errors and the average of errors across scenes. The DSAC*
approach (SCR family) achieves the overall SOTA accuracy by
a significant margin for the CambridgeLandmarks and 7Scenes
datasets, where the closest second is the sequential RPR-based
VLocNet++ [30]. Within the APR family, our method is the
most accurate across datasets. MSPN [16], is, to the best of
our knowledge, the only other MS-APR approach to date. Since
it was trained on a different combination of scenes from the
CambridgeLandmarks dataset, we applied the best perform-
ing model reported by the authors on this dataset [16]. Our
method consistently outperforms MSPN across outdoor and
indoor scenes, reducing both position and orientation errors.
Moreover, compared to single- and multiple-scene APRs, the
c2f-MS-Transformer achieves SOTA positional accuracy in 10
of the 11 scenes (through the CambridgeL.andmarks and 7Scenes
datasets). Furthermore, our method achieves the lowest average
positional error for both indoor and outdoor localization and
is the only APR approach to report an average error below
one meter in outdoor scenes. In most of the scenes reported,
c2f-MS-Transformer outperforms our previous method [1] in
both position and orientation accuracy. Interestingly, the two
best-performing APRs on the 7Scenes dataset (AttLoc and our
method) both use the attention mechanism for pose regression.

We note that different localization approaches offer different
trade-offs between accuracy and other attributes such as general-
ization and storage. Table IV summarizes the key characteristics
of the classes of localization schemes compared in Tables II and
III. We consider whether the localization scheme can localize
using only the query image (Query only) as opposed to requiring
a database or a sequential acquisition (as in SbP, Seq, IR and
RPR methods), whether it can localize without a 3D model (No
3D), whether it can learn multiple scenes at once (Multi-scene),
generalize to unseen scenes (Generalization) and whether it
provides high accuracy (sub-degree error and < 0.3 meters and
< 0.05 meters for mid- and small-scale scenes, respectively).
Multi-Scene APR approaches can operate without 3D infor-
mation using the query image alone, while learning multiple
scenes at once. However, they are less accurate than SbP and
Sequential and SCR methods and cannot generalize to unseen
scenes, as opposed to SbP, IR and RPR approaches. Tables XII
and XIII further compare runtime, storage, and the model size
of our method and other representative approaches.

We can further extend the notion of multi-scene learning
to multi-dataset learning, where a single model is trained on
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TABLE II
LOCALIZATION RESULTS FOR CAMBRIDGE LANDMARKS DATASET

Method College Hospital Shops St. Mary’s Avg.
& ActiveSearch 0.42,0.6° 0.44,1.0° 0.12,0.40° 0.19,0.5° 0.29,0.63°
»n  InLoc[3] 0.18,0.6° 1.2,0.6° 0.48,1.0° 0.46,0.8° 0.11,0.5°
" DSAC [26] 0.30,0.5° 0.33,0.6° 0.09,0.4° 0.55,1.6° 0.31,0.78°
O  DSAC++ [27] 0.18,0.3° 0.20,0.3° 0.06,0.3° 0.13,0.4° 0.14,0.33°
“ DSAC’ [42] [42] 0.18,0.3° 0.21,0.4° 0.05,0.3° 0.15,0.5° 0.15,0.4°
. MapNet [31] 1.08,1.9° 1.94,3.9° 1.49,4.2° 2.00,4.5° 1.63,3.6°
Z  GL-Net [43] 0.59,0.7° 1.88,2.8° 0.50,2.9° 1.90,3.3° 1.22,2.4°
“ VLocNet [29] 0.83/1.42°  1.07/2.41°  0.59/3.53°  0.63/3.91°  0.78,2.81°
~ VLAD [44] 2.80,5.7° 4.01,7.1° 1.11,7.6° 2.31,8.0° 2.56,7.1°
~  VLAD-+Inter [6] 1.48,4.5° 2.68,4.6° 0.90,4.3° 1.62,6.1° 1.67,4.9°
» EssNet [45] 0.76,1.9° 1.39,2.8° 0.84,4.3° 1.32,4.7° 1.08,3.4°
A, NC-EssNet [45] 0.61,1.6° 0.95,2.7° 0.70,3.4° 1.12,3.6° 0.85,2.8°
" RelocGNN[42] 0.48,1.0° 1.14,2.5° 0.48,2.5° 1.52,3.2° 0.91,2.3°
PoseNet [7] 1.92,5.40° 2.31,5.38° 1.46,8.08°  2.65,8.48°  2.08,6.83°
BayesianPN [13] 1.744.06°  2.57,5.14°  1.25,7.54°  2.11,8.38° 1.91,6.28°
E LSTM-PN [9] 0.99,3.65° 1.51,4.29° 1.18,7.44° 1.52,6.68° 1.30,5.57°
< SVS-Pose [8] 1.06,2.81°  1.50,4.03°  0.63,5.73°  2.11,8.11° 1.32,5.17°
2 GPoseNet [12] 1.61,2.29°  2.62,3.89° 1.14,573°  2.93,6.46°  2.07,4.59°
PoseNetLearn [14] 0.99,1.06°  2.17,2.94°  1.05,3.97° 1.49,3.43° 1.42,2.85°
GeoPoseNet [14] 0.83,1.04°  3.20,3.29°  0.88,3.78° 1.57,3.32° 1.63,2.86°
MapNet [31] 1.07,1.89°  1.94,3.91° 1.49,4.22°  2.00,4.53° 1.62,3.64°
IRPNet [10] 1.18,2.19°  1.87,3.38°  0.72,3.47° 1.87,4.94° 1.41,3.50°
~  MSPN [16] 1.73/3.65°  2.55/4.05°  2.92/7.49°  2.67/6.18°  2.47/5.34°
% MS-Trans[1] 0.83,1.47°  1.81,2.39°  0.86,3.07° 1.62,3.99° 1.28,2.73°
v €2f-MS-Trans w/o init (ours) 0.82,2.34°  2.10,2.79°  0.90,3.21°  1.27/3.69° 1.27,3.01
= c2f-MS-Trans (ours) 0.70,2.69°  1.48,2.94°  0.59,2.88°  1.14,3.88°  0.98/3.10°

We report the average median position/orientation errors in meters/degrees and the respective rankings. The most accurate global
results are highlighted in underlined bold, while the most accurate APR results are highlighted in bold.

completely separate datasets, potentially having different chal-
lenges and attributes. To evaluate the effect of such an extension,
we jointly trained our model on both the 7Scenes and Cambridge
Landmarks datasets. Table V shows the average pose error
per dataset for a state-of-the-art single-scene APR [14] and
our model, trained in multi-scene and in multi-dataset modes.
Although some degradation is observed when both datasets are
jointly trained, our model still maintains competitive perfor-
mance and outperforms the single-scene model. This is despite
the fact that the two datasets represent significantly different
environments and challenges (medium-scale outdoor versus
small-scale indoor). We also evaluated the ability of our model
to correctly classify the scene of the input query image. Our
model achieves an average accuracy of 98.9% (across scenes)
allowing for a reliable selection of the decoder output, which is
essential for regressing the pose.

C. Attention Maps Visualization and Interpretation

In attention-based schemes, attention maps provide intuitive
interpretation and understanding of the visual cues captured by
Transformer Encoders. Using heatmaps overlaid on the input
images, we visualize the upsampled attention weights of the
last encoder layer. Fig. 3 shows the attention map of an image
taken from the Chess scene in the 7Scenes dataset. We show
the activations when training on three and seven scenes (top and
bottom rows, respectively). Training on more (seven) scenes
allows the network to better capture informative image cues

(a) Input (3 scenes) (b) Position (c) Orientation

(d) Input (7 scenes) (e) Position (f) Orientation

Fig. 3. Transformer Encoder attention visualizations for a varying number of
training scenes (three and seven). As we train our scheme using more scenes
(second row), the positional attention is able to better localize corner-like image
cues (e compared to b). The orientational attention is able to better localize
elongated edges (f compared to c).

for both positional and orientational embedding. In particular,
positional attention focuses on corners and blob-like objects,
while orientational attention emphasizes elongated edges. We
also visualize the attentions {X;}?' on the output of the posi-
tional decoder for an image from the OldHospital scene (Fig. 4).
Each activation corresponds to a particular scene. In fact, the
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TABLE III
LOCALIZATION RESULTS FOR 7SCENES DATASET

Chess Fire Heads Office Pumpkin Kitchen Stairs Avg.

& Active Search [2] 0.04,2.0° 0.03,1.5° 0.02,1.5° 0.09,3.6° 0.08,3.1° 0.07,3.4° 0.03,2.2° 0.05,2.47°
»» InLoc[3] 0.03,1.05°  0.03,1.07°  0.02,1.16°  0.03,1.05°  0.05,1.55°  0.04,1.31°  0.09,2.47° 0.04,1.44°
" DSAC [26] 0.02,0.7° 0.03,1.0° 0.02,1.30°  0.03, 1.0°  0.05,1.30° 0.05,1.5° 1.90,49.4° 0.30,8.03°
O  DSAC++[27] 0.02,0.5° 0.02 ,0.9° 0.01,0.8° 0.03,0.7° 0.04,1.1° 0.04,1.1° 0.09,2.6° 0.04,1.10°
“ DSAC” [42] 0.02,1.1° 0.02,1.0° 0.01,1.8° 0.03,1.2° 0.04,1.4° 0.03,1.7° 0.04,1.4° 0.03,1.37°
LsG [46] 0.09,3.3° 0.26,10.9°  0.17,12.7°  0.18,5.5° 0.20,3.7° 0.23,4.9° 0.23,11.3° 0.19,7.47°

. MapNet[31] 0.08,3.3° 0.27,11.7°  0.18,13.3°  0.17.,5.2° 0.22,4.0° 0.23,4.9° 0.30,12.1° 0.21,7.78°
g GL-Net[43] 0.08,2.8° 0.26,8.9° 0.17,11.4°  0.18,13.3°  0.15,2.8° 0.25,4.5° 0.23,8.8° 0.19,7.50°
“ " VLocNet [29] 0.04,1.71°  0.04,5.34°  0.05,6.64°  0.04,1.95° 0.04,2.28°  0.04,2.20°  0.10,6.48° 0.05,3.80°
VLocNet++ [30] 0.02,1.44°  0.01,1.39°  0.02,0.99°  0.02,1.14°  0.02,1.45°  0.03,2.27°  0.02,1.08° 0.02,1.39°

~ VLAD [44] 0.21,12.5°  0.33,13.8°  0.15,14.9°  0.28,11.2°  0.31,11.2° 0.30,11.3°  0.25,12.3°  0.26,12.46°
—  VLAD+Inter[6] 0.18,10.0° 0.33,12.4° 0.14,14.3°  0.25,10.1° 0.26,9.4° 0.27,11.1° 0.24,14.7° 0.24,11.71°
NN-Net [24] 0.13,6.5° 0.26,12.7°  0.14,12.3°  0.21,7.4° 0.24,6.4° 0.24,8.0° 0.27,11.8° 0.21,9.30°
RelocNet[23] 0.12,4.1° 0.26,10.4°  0.14,10.5°  0.18,5.3° 0.26,4.2° 0.23,5.1° 0.28,7.5° 0.21,6.73°

5 EssNet [45] 0.13,5.1° 0.27,10.1° 0.15,9.9° 0.21,6.9° 0.22,6.1° 0.23,6.9° 0.32,11.2° 0.22,8.03°
~  NC-EssNet [45] 0.12,5.6° 0.26,9.6° 0.14,10.7°  0.20,6.7° 0.22,5.7° 0.22,6.3° 0.31,7.9° 0.21,7.50°
RelocGNN[42] 0.08,2.7° 0.21,7.5° 0.13,8.70°  0.154.1° 0.15,3.5° 0.19,3.7° 0.22,6.5° 0.16,5.24°
CamNet [25] 0.04,1.73°  0.03, 1.74°  0.05,1.98°  0.04,1.62°  0.04,1.64°  0.04,1.63°  0.04,1.51° 0.04,1.69°
PoseNet [7] 0.32,8.12°  0.47,144°  0.29,12.0° 0.48,7.68° 0.47,8.42° 0.59,8.64° 0.47,13.8°  0.44,10.44°

~  BayesianPN [13] 0.37,7.24°  0.43,13.7°  0.31,12.0° 0.488.04° 0.61,7.08°  0.58,7.54°  0.48,13.1° 0.47,9.81°
% LSTM-PN [9] 0.24,5.77°  0.34,11.9°  021,13.7° 0.30,8.08° 0.33,7.00°  0.37,8.83°  0.40,13.7° 0.31,9.85°
«»»  GPoseNet [12] 0.20,7.11°  0.38,12.3°  0.21,13.8°  0.28,8.83°  0.37,6.94° 0.358.15°  0.37,12.5° 0.31,9.95°
“2 PoseNetLearn[14] 0.14,4.50°  0.27,11.8°  0.18,12.1°  0.20,5.77°  0.254.82°  0.24,5.52°  0.37,10.6° 0.24,7.87°
GeoPoseNet[14] 0.13,448°  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°
IRPNet[10] 0.13,5.64°  0.259.67°  0.15,13.1°  0.24,6.33°  0.22,5.78°  0.30,7.29°  0.34,11.6° 0.23,8.49°
AttLoc[11] 0.10,4.07°  0.25,11.4°  0.16,11.8° 0.17,5.34°  0.21,4.37° 0.23,542°  0.26,10.5° 0.20,7.56°

~  MSPN[16] 0.09/4.76°  0.29/10.5°  0.16/13.1°  0.16/6.80°  0.19/5.50°  0.21/6.61°  0.31/11.6° 0.20/7.56°
% MS-Trans[1] 0.11,4.66°  0.24,9.60°  0.14,12.2°  0.17,5.66°  0.18,4.44°  0.17,5.94°  0.26,8.45° 0.18,7.28°
vy ¢2f-MS-Trans w/o init. (ours) 0.10,4.97°  0.23,9.46°  0.13,124°  0.17,5.71° 0.17,448  0.17,6.23°  0.25,9.62°  0.18,7.55°
= c2f-MS-Trans (ours) 0.10,4.60°  0.249.88°  0.12,12.3°  0.16,5.64°  0.16,4.42°  0.16,6.39°  0.25,7.76° 0.17/7.28°

We report the average of median position/orientation errors in meters/degrees and the respective rankings. The most accurate global results are highlighted in underlined bold, while

the most accurate APR results are highlighted in bold.

TABLE IV
ATTRIBUTES OF THE MAIN CLASSES OF LOCALIZATION SCHEMES

Family Query-only No 3D  Multi-Scene  Generalization  High Accuracy
SbP v v v
SCR v * v
Seq v v v v
IR v v v
RPR v v v
Single-Scene APR v v
Multi-Scene APR v v v

We indicate that an approach has an attribute by a v" sign. The ‘*’ sign indicates that the attribute is manifested by some

schemes within the class.

(a) Kings C.

(b) Old Hospital (c) Shop Facade (d) St. Mary’s

Fig.4. Translational Decoder attention visualization { XZ}{V . Each activation
relates to a different scene. The activations are due to an input image from the old
Hospital scene. The activations of the corresponding scene are notably stronger.

activations corresponding to the OldHospital scene (Fig. 4(b))
are significantly stronger.

1) Visualization of Decoder Attention: In order to gain ad-
ditional insights into the scene-specific features learned by our

model, we further visualize the attentions {X; }} on the output
of the positional decoder in two images from the St. Mary’s
scene. In addition, we measure and rank the decoder outputs
by summing over the corresponding attention map. Indeed, the
strongest response is obtained in the output corresponding to
that scene (Fig. 5(d)). Interestingly, the activations related to the
ShopFacade (Fig. 5(c)) scene are focused on the lower part of
the input images, which typically includes the key features in
images from this scene.

D. Ablation Study

To study the effect of different architectural design choices,
we conducted multiple ablation experiments on the 7Scenes
dataset (Tables VI-IX). In each experiment, we start with the
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TABLE V
LOCALIZATION RESULTS WITH SINGLE-SCENE, MULTI-SCENE AND
MULTI-DATASET LEARNING

APR Method CambridgeLand.  7Scenes

[m/deg] [m/deg]
Single-scene [14] 1.43/2.85 0.24/7.87
Multi-scene (Ours) [1] 1.28/2.73 0.18/7.28
Multi-dataset (Ours) [1] 1.50/2.57 0.22/6.78
c2f-Multi-scene (Ours) 0.98/3.10 0.17/7.28
c2f-Multi-dataset (Ours) 1.59/2.64 0.28/6.44

We report the average of median position/orientation errors in
meters/degrees for the CambridgeLandmarks and 7Scenes datasets.
Bold values indicate best performance.

(a) Kings C.

(b) Old Hospital (c) Shop Facade (d) St. Mary’s

Fig.5. Translational Decoder attention visualization {XZ}{V . Each activation
relates to a different scene. The activations are due to two input images from the
St Mary’s scene. The activations of the corresponding scene are notably stronger.

TABLE VI
ABLATIONS OF THE CONVOLUTIONAL BACKBONE OF OUR MODEL, EVALUATED
ON THE 7SCENES DATASET

Backbone Position  Orientation
[meters] [degrees]
Resnet50 0.19 8.60
EfficientNetB0 0.18 7.55
EfficientNetB1 0.17 7.26

We report the average of median position and
orientation errors, across all scenes. The chosen model
is highlighted in bold.

architecture used for our comparative analysis, without initial-
ization, (Section IV-B) and modify a single algorithmic compo-
nent / hyperparameter. Our ablation study focuses on three main
aspects of our approach: (a) the derivation of activation maps
(backbone and resolution) (b) the transformer architecture and
(c) coarse-to-fine method (number of clusters). For the ablation
of the number of clusters, we used the same backbone and
Transformers configuration as in [1], to allow accurate com-
parisons with the proposed scheme. We computed the median
position and orientation errors for each scene and reported the
average between scenes.

Convolutional Backbone: We consider three convolutional
encoders for our choice of backbone: ResNet50, EfficientNetBO
and EfficientNetB 1. The results obtained with these backbones
are shown in Table VI. The two EfficientNet variants achieve a
better performance compared to the ResNet50 backbone, either
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TABLE VII
ABLATIONS OF ACTIVATION MAPS EVALUATED ON THE 7SCENES DATASET

Resolution Position Orientation
Ax/Aq [meters] [degrees]
28 x 28 x 40/28 x 28 x 40 0.22 7.42
14 x 14 x 112/28 x 28 x 40 0.18 7.55
7 X T x 320/28 x 28 x 40 0.19 8.32
14 x 14 x 112/14 x 14 x 112 0.19 7.96

Ay and A are sampled at different resolutions and passed to the respective
transformer head. We report the average of median position and orientation
errors across all scenes. The chosen model is highlighted in bold.

due to overfitting (26 M parameters for ResNet50 compared
to 5.3 M and 7.8 M for EfficientNetBO and EfficientNetB1,
respectively [47]) or a better learning capacity [47]. The best
performance is achieved with the EfficientNetB1 backbone,
suggesting that further improvements in accuracy can be ob-
tained with appropriate deeper models (e.g., deeper EfficientNet
models), at the expense of memory and runtime.

Resolution of Activation Maps: The EfficientNet backbone
can be sampled at different endpoints. As we move along these
endpoints, the receptive field and the depth of each entry grow.
Thus, activation maps sampled at different levels capture dif-
ferent features, which may vary in the degree to which they are
informative for position and orientation estimation. To evaluate
this effect, we train our model by sampling the position and
orientation activation maps, A, and Aq, at different endpoints.
Specifically, we consider sampling both A, and A, from the
same endpoint or when segregating the sampling from two
different resolutions. Table VII shows the results of different
combinations. The best performance is obtained by providing a
combination of coarse and fine activation maps for the position
and orientation transformers, respectively. It follows that the
chosen resolutions of 14 x 14 x 112/28 x 28 x 40 are a sweet
spot in this parameter space. In particular, for Ay, the position
estimation, the 14 x 14 x 112 resolution is optimal as we tested
for both the smaller (7 x 7 x 320) and larger (28 x 28 x 40)
resolutions. As for Ay, the orientation estimation, we tested for
the smaller (14 x 14 x 112) activation map. We were unable
to test for the higher Ag resolution (56 x 56 x -) due to the
associated memory constraints.

Transformer Architecture: The main hyperparameters of our
Transformer architecture follow the standard choice. Thus, we
further evaluate the sensitivity of our model performance to
changing two main hyperparameters: the number of layers in
the encoder and decoder components and the transformer di-
mension, Cjy. The results are shown in Tables VIII and IX,
respectively. All variants considered, in terms of layer number
and transformer dimension, maintain the SOTA position and
orientation accuracy, compared to other APR solutions (Table
IIT). The accuracy improves with increasing the dimension of the
Transformer, suggesting that larger models may achieve further
improvement in localization accuracy. We note that regardless
of the number of layers (Table VIII), our model outperforms
other solutions (see Table III). We chose the standard 6-layer
model for our operations and for comparing it with our previous
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TABLE VIII
ABLATIONS OF THE NUMBER OF LAYERS IN THE TRANSFORMER ENCODERS
AND DECODERS EVALUATED USING THE 7SCENES DATASET

Encoder/Decoder  Position Orientation
# Layers [meters] [degrees]
2 0.19 8.21
4 0.18 7.62
6 0.18 7.55
8 0.18 7.47

We report the average median position and orientation
errors across all scenes. the chosen model is highlighted in
bold.

TABLE IX
ABLATIONS OF THE TRANSFORMER’S LATENT DIMENSION, C;, EVALUATED ON
THE 7SCENES DATASET

Transformer Dimension  Position Orientation
[meters] [degrees]
64 0.19 8.32
128 0.18 7.32
256 0.18 7.55
512 0.18 7.21

We report the average of median position and orientation errors
across all scenes. The chosen model is highlighted in bold.

TABLE X
ABLATIONS OF THE NUMBER OF POSITION AND ORIENTATION CLUSTERS, K.
AND K4, RESPECTIVELY

Average [m/deg]

K, K, Cambridge Landmarks  7Scenes
8 8 1.69/3.06 0.25/7.93
4 4 1.27/3.01 0.24/7.61
2 2 1.09/3.16 0.20/7.45
1 2 — 0.18/7.55

We report the average of the median position and orientation
errors across all scenes for the 7Scenes and CambridgeLand-
marks datasets. The chosen model is highlighted in bold, as we
gave preference to the position error over the orientation error.

multi-scene architecture (to allow for a fair comparison), but also
include a shallower model in runtime and memory analysis.
Number of Clusters: Our coarse-to-fine residual learning ap-
proach assumes the computation of k clusters (and centroids)
for each scene, for orientation and position. To study the effect
of this hyperparameter at small and large scene scales, we train
our model with a varying number of clusters. Table X shows the
results of this experiment for the CambridgeLandmarks and the
7Scenes datasets. We highlight the model chosen to report our
main results by preferring the position over orientation errors.
For mid- and large- scale scenes (CambridgeLandmarks), k = 4
yields the best results, with a similar performance obtained
also for other choices (we report the performance of models
trained for 400 epochs). When considering small-scale scenes
(7scenes dataset), the choice of k has a significant effect on
position estimation, with the best performance obtained using a
single cluster. The results show the advantage of partitioning a
scene into smaller subareas when learning to regress positions
for mid- or large-scale scenes. When dealing with small-scale
scenes, as in the 7Scenes dataset, this division does not improve
position estimation. When considering orientation regression,
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TABLE XI
RUNTIME (IN MS) AND MEMORY FOOTPRINT (IN MB) AS A FUNCTION OF THE
NUMBER OF LEARNED SCENES

Num. Scenes  Runtime [ms] Memory [MB]
6

Num. Layers 2 6 2

1 18.8 34.6 40.8 74.6
4 18.8 35 40.8 74.6
7 19.2 352 40.8 74.6
10 19.2 352 40.8 74.6
100 19.6 354 41.0 74.8
500 21.0 41.0 41.8 75.6
1000 27.0 58.6 42.8 76.7

The results for two instances of our model, using two and six
layers in all encoders and decoders.

the division improves performance, but, the results are less con-
sistent and significant. We postulate that this can be improved by
augmenting angle-based clustering with position information,
where such an improvement is a direction for further research.

Scalability: Runtime and memory footprint are two of the
main advantages of single-scene APRs. However, in order to
cover a site with /N scenes, N models need to be stored and
selected-from during inference time. Thus, encoding a site of
1000 scenes with PoseNet models [7] of size 30 MB each,
requires 1000 x 30MB = 3 GB. For a given number of scenes,
the required memory and run-time of the proposed scheme
are invariant of the network’s weights and depend only on its
architecture. To evaluate the run-time and memory footprint, itis
enough to instantiate models for a varying number of scenes and
measure their model size and the runtime of their forward pass
(without training). For our ablation study, we consider hypotheti-
cal datasets with an order of magnitude of 10" — 102 scenes. The
results are shown in Table XI, where we compare two variants
of our model: the architecture used for the comparative analysis
(Section IV-B), with six layers for each encoder and decoder,
and a shallower model with two layers per encoder/decoder, for
which we report similar performance as part of our ablation study
(Section IV-C). The memory footprint of our model remains
relatively constant, where increasing from 4 to 1000 scenes
adds only 2 MB. In addition, both variants require less than
80 MB before any optimization. The runtime of the model
remains constant in the range of 4-100 scenes and increases by
~ x1.5 per 1000 scenes. Assuming a constant scene selection
time, our model is X2 — x5 slower than a single-scene APR.
This can be expected due to the run-time complexity of the MHA
operation, which is quadratic with respect to the sequence length
(number of scenes). However, a significant acceleration can be
achieved with recent linear-time MHA formulations [48] and
other optimization methods [49]. We demonstrate this in the
next section.

Runtime and Memory: We evaluate and compare the runtime
and model size, and the total storage required, for our method and
other localization schemes, in Tables XII and XIII, respectively.
MS-Transformer and the proposed c2f-MS-Transformer were
implemented using the EfficientNet-BO backbone and have 6
layer encoders and decoders. The runtime of Duong et al. [50],
Brachmann et al. [S1] and DSAC [26] are cited from [50], while
the DSAC* timing is cited from [42]. All timing measurements
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TABLE XII
RUNTIME AND MODEL S1ZE COMPARISON OF OUR APPROACH AND
REPRESENTATIVE LOCALIZATION METHODS

Network Time Model Size  Device
[ms] [MB]
DSAC*[42] 30 30 2080TI
DSAC*[42] 75 30 K80
DSACI26] 1500 - 1080
Brachmann[51] 1000 - 1080
Duong[50] 50 - 1080
PoseNet[7] 7.8 26.7 1080
Ours (6 layers) 35 75 1080
Ours (2 layers) 19 42 1080
Ours-TRT (6 layers) 6.1 48.2 2080TI

The GeForce 1080 and tesla K80 GPUs are of similar computing power.
Bold values indicate the best configuration of our model in terms of runtime
and model size at inference time.

TABLE XIII
THE ORDER OF MAGNITUDE OF THE STORAGE REQUIRED BY DIFFERENT
LOCALIZATION SCHEMES FOR 10 AND 100 SCENES (ASSUMING 1000 IMAGES

PER SCENE)
Scenes#
Method 10 100
SbP [3] TB TB
SCR[26] GB GB
SCR [52] MB GB
RPR ([23]) GB GB
Single Scene APR [7] MB GB
Multi Scene APR (Ours) MB MB

For RPRs we assume single image encoding
weighs of Skb.

Bold values indicate the lowest requirements in terms
of data size and model size required at inference time.

were made using GTX1080 and Tesla K80 GPUs that are of
similar processing speed. We also applied NVIDIA’s TensorRT?
(TRT) to optimize our model size and runtime, using TRT 8.0.3.4
with CUDANN 8.2 and default settings. With this optimization,
our model runs in 6.1ms (x5.77 speedup) and has a model
size of 48.2MB (27% reduction), demonstrating its potential for
deployment in real-time applications on low-end devices. The
optimized version is x 4.9 faster than the accelerated version of
DSAC* [42]. The optimization process was performed with the
GTX2080TI GPU.

V. CONCLUSION

In this work, we propose a novel transformer-based approach
for multiscene absolute pose regression. Using two Transformer
Encoders, self-attention is applied separately to positional and
orientational image cues. Thus, aggregating the activation maps
computed by the backbone CNN in a task-adaptive manner. Our
formulation allows agglomerating non-scene-specific informa-
tion in the backbone CNN and Transformer Encoders. Scene-
specific information is encoded by a Transformer-Decoder
and is queried per scene. Furthermore, the proposed mixed

Zhttps://developer.nvidia.com/tensorrt
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classification-regression architecture introduces a novel coarse-
to-fine scheme by incorporating scene clustering. We demon-
strate that our approach provides improved state-of-the-art local-
ization accuracy for both single-scene and multiscene absolute
regression approaches, across outdoor and indoor datasets.
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