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Abstract— Accurate pose estimation over SE(3) is funda-
mentally crucial for numerous perception tasks, including
camera re-localization. While existing learning-based methods
estimated from a series of RGB images have significantly
improved the accuracy of pose, the majority of models still
face one or two limitations. First, few representations on
SE(3) are smooth and differential, making them difficult to
apply in deep learning frameworks. Second, they often require
high computational resources due to complex deep network
designs. We in this paper propose the DL-PoseNet to address
these issues. Specifically, we present a novel representation
for SE(3) which follows the property of smoothness of the
pose. We then design a lightweight neural network to regress
the pose by developing a differential pose layer. Finally, we
introduce a novel loss function and gradient descent method
to better supervise the proposed lightweight pose network.
Extensive experiments on the camera re-localization task on
the Cambridge Landmarks and 7-Scenes datasets demonstrate
the superior predictive accuracy and benefits of our method in
comparison with the state-of-the-art.

I. INTRODUCTION

Estimating the 6-DoF pose from a single RGB image
comprises the primary challenge in the fields of robotics [1],
computer vision [2], [3], and aerospace engineering [4], [5].
Recently, deep learning technologies have provided us with
an effective vehicle to estimate the pose, and a large number
of deep models have been presented, which made impressive
progress toward the accuracy of the pose.

Despite some advancements, the majority of learning-
based methods combined with traditional pose representation
(i.e. Euler angles, unit quaternions, or transformation matri-
ces) endure one or two limitations. First, the singularities or
discontinuities may arise in certain angles in the rotation part
(e.g., the Gimbal Lock issue with Euler angles [6]). Second,
the mainstream homogeneous transformation matrices en-
dure the problem of overparameterization, which sometimes
easily leads to memory inefficiency [7]. In addition, dual
quaternions involving two quaternions are another vehicle to
denote the pose but that have the nonsmooth feature due to
the discontinuity property of the quaternions [8].

To address these deficiencies, recent 5D and 6D smooth
representations of the rotation have been proposed [8] due to
their properties of continuity and smoothness. Moreover, a
symmetric matrix [9] also has been presented to represent
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Fig. 1. The framework of the proposed differential lightweight network.
Overall, the proposed network comprises two parts: (1) The RestNet part
and (2) the differential pose optimization part. In the first part, we utilize
the pretained ResNet-18 as our backbone where input images are required
to resize to 224 × 224. Then the pose is regressed by the second part
that builds a differential optimization layer. During the training stage, the
implicit function theorem is leveraged to optimize the entire network.

the rotation over SO(3) which is proved to be smooth
and differential in learning-based rotation regression tasks.
However, these approaches limit their scope to the rotation
group SO(3) and do not consider the translation part, making
them difficult to leverage in the field SE(3).

Moreover, many existing models, despite their advance-
ments in pose accuracy, may consume more computing
resources due to their complex deep convolutional layers,
compared to traditional geometry-based methods. For in-
stance, the PoseNet [10] is developed by integrating the
GoogLeNet as the backbone, which is inevitable to be trained
with multiple GPUs.

We in this paper propose a lightweight neural network
to tackle these challenges. Different from existing work,
our method equips two competitive leading edges. First,
our pose representation coupling with the rotation part and
translation part admits the property of smoothness that can
improve convergence in learning-based models. Second, we
convert the geometry-based pose optimization problem into
a data-driven differential optimization layer. In this way, the
solution can be regressed by a lightweight neural model that
fuses the differential layer into a pre-trained CNN model
that is shown in Fig. 1. To further perform the deep pose
regression tasks, we also present a novel loss function and
gradient descent strategy to supervise the whole network.
Extensive experiments on the camera re-localization task on
the Cambridge Landmarks and 7-Scenes datasets remarkably
demonstrate the superior predictive accuracy and benefits of
our method in comparison with the state-of-the-art.

In summary, our work makes the following contributions:
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• We propose a lightweight neural network to regress
the pose over SE(3). Our pose representation not only
admits the property of smoothness making it suitable
for learning-based frameworks, but also successfully
develop a lightweight neural model integrating with the
differential pose layer.

• We supervise the deep pose regression tasks by propos-
ing a novel loss function. In addition, an implicit func-
tion theorem is also provided as the backpropagation
procedure to optimize the whole networks.

• We conduct extensive experiments on the camera re-
localization task on the Cambridge Landmarks dataset
and 7-Scenes dataset to show the benefits of our method,
the final results demonstrate superior localization accu-
racy compared with the state-of-the-art.

II. RELATED WORK

A. Pose Estimation

Early related research focuses on geometry-based ap-
proaches due to their reliability in some static environments.
The majority of these techniques follow the same pipeline:
keypoints are extracted using several mathematic tools such
as the SURF [11], ORB [12], then a quadratic error function
is derived which is generally solved using the Gauss-Newton
method [13], Levenberg-Marquardt method [14] and their
variants. And several marvelous works have been proposed
such as the ORB-SLAM [15], ORB-SLAM2 [16], DVO [17],
RSC [18] and GLM [19]. However, these approaches cannot
function well in some textureless scenarios. In light of this
fact, deep neural networks are performing as an alternative
vehicle to regress the pose in recent years. DeepVO [20]
brings the deep convolutional network into visual odom-
etry to accurately locate the robot from pair consecutive
images. PoseNet [10] introduces the deep neural network
to automatically localize the camera from RGB images
without manually extracting features. Inspired by these two
pioneering works, more fabulous learning-based works have
been proposed in this area such as PixLoc [21], DBN [2],
GNN-Pose [22], AtLoc [23] and DPVO [24]. However, most
learning-based methods seldom consider the fact that the di-
rectly regressed pose lying in a Euclidean space is generally
not smooth and differential [8], [9], leading to several issues
in capturing a more accurate result. Furthermore, a large
number of models suffer from high computational overhead
due to various deep complicated network designations. In
this work, we aim to address this deficiency by presenting a
lightweight neural model to regress the pose over SE(3).

B. Pose Parameterization

The pose is traditionally parametrized as elements belong-
ing to SE(3) [25], in which the rotation part is diversely
denoted by Euler angles, unit quaternions, or rotation ma-
trices, while the translation part is separately marked as the
three-dimensional vector [26]. However, Li et al. [7] pointed
out that these representations occasionally incur some issues
on the rotation part. For example, Euler angles enduring the
singularities and discontinuities may lead to the Gimbal Lock

problem [6]. The 4× 4 homogeneous transformation matrix
is overparameterized with a large of redundancy that may
cause memory inefficiency. Unit quaternions are antipodally
symmetric but not smooth according to [8]. Additionally,
dual quaternions [27] are alternatively provided to model the
pose, but similarly bear the nonsmooth feature.

Zhou et al. [8] proposed that a continuous representation of
the pose is helpful for training deep neural works, and further
demonstrated that a continuous representation is possible if
the embedding space is greater than five. In this manner, the
6D and 5D representations have been provided to regress
the rotation on SO(3) in learning-based tasks. Besides,
another continuous and smooth matrix was proposed to
regress the rotation [9] which is parameterized as a ten-
dimensional vector. Yet these methods only focus on the
smooth representation of the rotation part that make them
have difficulty in being used in SE(3).

In this work, we similarly aim to provide a smooth
representation of the pose but differ from previous works in
three aspects: (1) our smooth solution involving the rotation
part and translation part is the first to relax the limitation
from SO(3) to SE(3), (2) we show that our representation is
smooth and continuous on SE(3) by expanding the concept
of continuity on SO(3), (3) we introduce a novel loss
function and an implicit function theorem to better supervise
the whole lightweight pose network.

III. PROBLEM FORMULATION

In this section, we introduce the necessary geometry-based
mathematical formulation of pose estimation over SE(3)
using dual quaternions. To fully understand the follow-up
sections, we first give a short description of dual quaternions.
Then the pose estimation formulation is derived with the
form of the quadratically-constrained quadratic program.

A. Dual Quaternion

Dual quaternions comprising two quaternions are viewed
as an alternative tool for representing the pose on SE(3)
[27]. Before presenting the dual quaternion, it is necessary
to give a short introduction to the quaternion.

Quaternion. In this work, a quaternion q is defined
as q = q0 + q1i + q2j + q3k, the {i, j,k} is the standard
basis of the three-dimensional Euclidean space R3. For
convenience, we bring the vector q = [q0,qvec] ∈ R4

to denote the quaternion. The multiplication between two
arbitrary quaternions can be done with a matrix-vector form
that is given by

p⊙ q = Lpq = Rqp, (1)

where Lp and Rq refer to the left side and right side
multiplication respectively, which are expressed by

Lp =

[
p0 −pT

vec

pvec p×
vec + p0I3

]
,Rq =

[
q0 −qT

vec

qvec −q×
vec + q0I3

]
,

where [a]× denotes the skew-symmetric matrix formed from
the vector a, and I refers to the identity matrix.
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The norm of a quaternion is defined as
√
q⊙ q∗, with

q∗ = [q0,−qvec] being the conjugate of q. And quaternions
with a unit norm are called unit quaternions, which are used
to denote the pure rotation on the unit hypersphere S3 ⊂ R4.

Dual Quaternion. The formulation of a dual quaternion
is given by

v = qr + ϵqd, ϵ ̸= 0, ϵ2 = 0, (2)

where ϵ refers to the dual number, qr is the unit quaternion
for indicating the rotation, and qd is the dual part quaternion
for representing the composition of the rotation quaternion
and translation quaternion qt = [0, tx, ty, tz]

T , with qd =
0.5qt ⊙ qr ∈ R4.

Since the dual part qd is orthogonal to the real part qr

on the hypersphere space S3, we further get the unit dual
quaternion manifold DH1 := {[qT

r ,q
T
d ]

T |∥qr∥ = 1,qr ∈
S3,qT

r qd = 0} ⊂ R8. Furthermore, the translation vector
t = [tx, ty, tz] can be recovered from DH1 according to [7],
which can be written as

t = 2[Rqr]
T
1:3qd, (3)

where [Rqr]1:3 refers to the last three columns of the right
multiplication matrix Rqr.

Multiplication of Dual Quaternions. Given two dual
quaternions v1 and v2, the multiplication is expressed by

v1 ⋄ v2 = qr1 ⊙ qr2 + ϵ(qr1 ⊙ qd2 + qd1 ⊙ qr2), (4)

where ⋄ denotes the multiplication of two dual quaternions.
Then we rewrite Eq. (4) with a matrix-vector form,

v1 ⋄ v2 = QL
v1
v2 = QR

v2
v1, (5)

where QL
v1

and QR
v2

are left and right multiplication of v1

and v2 accordingly, which are defined by

QL
v1

=

[
Lqr1

04×4

Lqd1
Lr1

]
8×8

,QR
v2

=

[
Rqr2

04×4

Rqd2
Rqr2

]
8×8

.

B. Pose Optimization Problem

Many optimization problems are formally formulated as a
quadratic cost function, and the pose estimation on SE(3)
is no exception. Theoretically, given a set of related vector
measurements {mi,ni}Ni=1 ∈ R8, the general pose transfor-
mation from ni to mi is given by

mi = v ⋄ ni ⋄ v−1. (6)

Subsequently, we rewrite Eq. (6) as follows, note that we
omit the subscript i for convenience,

v ⋄ n−m ⋄ v = 0

⇒ QR
nv −QL

mv = 0

⇒ (QR
n −QL

m)v = 0

⇒ vTQv = 0,

(7)

where the cost weight matrix Q is symmetric and positive
semidefinite [28], with Q = (QR

n−QL
m)TGTG(QR

n−QL
m),

G = diag(
√
g1, ...,

√
g8).

However, we cannot strictly ensure Eq. (7) holds due to
the existence of the noise. Hence, we in this work aim to

Fig. 2. The framework of proposed differential pose optimization layer. The
input vector β is regressed by the neural networks N (θ), and the final pose
is predicted from the proposed differential layer via the eigendecomposition.

convert the pose optimization problem into a Quadratically-
Constrained Quadratic Program (QCQP).

Definition 3.1 (Pose Optimization as the QCQP): Let
matrix Q ∈ R8×8 be a symmetric matrix, the solution of
the pose optimization problem is to find the dual quaternion
v ∈ R8 satisfies the following formulation

min
v

vTQv

s.t. f(v) =

(
∥qr∥ − 1
qT
r qd

)
= 0.

(8)

IV. THE ANALYSIS OF SYMMETRIC MATRIX Q

As aforementioned, we formulate the pose optimization
with the QCQP problem, where the data matrix Q constitutes
the main challenge. In this section, we provide a rigorous
analysis of Q. First, we show how the problem arises as a
differential QCQP problem (DQCQP). Then, we introduce
the solution to the DQCQP and give the smoothness proof
of Q. Finally, the relationship between the DQCQP and deep
learning is given.

A. Differential QCQP

Traditionally, a set of algorithms (e.g., Lagrange method
[29] and its variants) are well-chosen to solve the Prob-
lem (3.1), where the matrix Q constitutes the main challenge.
Conversely, we in this work propose to address this problem
by means of a data-driven manner. To this end, a generalized
differential QCQP is crucially significant.

Recall that the matrix Q ∈ R8×8 is real symmetric and
positive semidefinite, we try to parametrize the matrix Q
using the vector β ∈ R36. In this way, the relationship can
be built between the data-driven approach and the QCQP
problem by regressing the vector β.

Definition 4.1 (Differential QCQP): Let β ∈ R36 be a
vector predicted from neural networks, the data quadratic
matrix Q(β) ∈ R8×8 then can be derived and the QCQP
problem can be drawn as follows,

min
v

vTQ(β)v

s.t. f(v) =

(
∥qr∥ − 1
qT
r qd

)
= 0.

(9)

The Problem (4.1) is issued by choosing a pair of optimal
unit dual quaternions ±v∗1. Inspired by [30], we tackle this
problem by implementing the eigendecomposition of the real

1Due to the antipodal symmetry feature of the unit quaternion qr , i.e..,
qr = −qr , we then have v = −v for unit dual quaternions.
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symmetric matrix Q, and the closed-form solution ṽ ∈ R8

is shown to be the eigenvector associated with the simple
minimal eigenvalue, which can be expressed by

ṽ = min
λi

eig(Q), i = 1, 2, ..., 8, (10)

where λi denotes the eigenvalues of the matrix Q.
However, the directly acquired solution ṽ that we call

the pseudo-pose from Eq. (10) seems infeasible since it
fails to lie on the unit dual quaternion manifold DH1. In
light of the fact, we adopt the strategy S(·) by normalizing
the first four elements ṽ1:4, and taking an orthogonalization
option between ṽ1:4 and ṽ5:8. Then the solution v∗ to the
Problem (4.1) can be drawn as follows,

±v∗ = S(min
λi

eig(Q)), i = 1, 2, ..., 8. (11)

and the whole procedure is visually depicted in Fig. 2.

B. A Smooth Representation over SE(3)

In learning-based regression tasks, it is often required to
work with numerous representations of the same space, a
smooth and differential representation for SE(3) is helpful
for training deep neural networks. In this section, we present
a smooth pose representation Q over SE(3).

According to [8], the representation is said to be smooth
provided that any intermediate representations in Rn re-
gressed by the network can be mapped to the original space
X, that is, h : R → X. Conversely, the mapping from X
to R holds, g : X → R, and for each element x ∈ X,
we have h(g(x)) = x, we say that representation is smooth
and continuous. In this work, we extend this concept to the
SE(3) space.

Remark 4.2: Note that the mapping from real vector2 β ∈
R36 to the homogeneous transformation matrix T ∈ SE(3),
h : R36 → SE(3), where T can be converted from the unit
dual quaternion v ∈ DH1 that is acquired by Eq. (11). We
admit that a smooth mapping exists from SE(3) to R36,
g : SE(3) → R36, and have h(g(T)) = T.

C. Relation to Deep Learning

As mentioned above, a smooth representation of SE(3) is
beneficial to regressing the pose. In this section, we build the
relationship between the smooth representation Q and deep
learning methods. To better predict the target Q, we first
introduce a gradient descent method for the optimization of
the neural network. Then a well-designed loss function is
proposed which is also critical for learning-based tasks.

1) Gradient Descent Strategy: Usually, the neural net-
works can be viewed as a mapping N (·) that from the input
image data into the target pose, which is expressed by

v∗ = N (Q(β(θ(I)))), (12)

where β ∈ R36 is the vector form of Q, the θ refers to the
parameters of the neural network, and I denotes the input
images.

2Literately, the symmetric matrix Q ∈ R8×8 can be simplified by the
vector β ∈ R36.

Fig. 3. The pre-process and post-process procedure of translation part. (a)
The ground truth translation part is required to scale 1/η before feeding ino
the network. (b) The output translation part from the network is necessary
to scale η.

Such a neural network is designed to convert the pose
estimation problem into a convex optimization problem (i.e.
DQCQP layer). Moreover, the DQCQP layer can be seam-
lessly integrated into any existing deep learning architecture
due to its smoothness feature. In this paper, we utilize the
lightweight ResNet-18 as our backbone for feature extraction
when considering the RGB input mode.

Additionally, to better optimize the designed network, a
well-defined gradient descent strategy is of utmost signifi-
cance. Different to [29], [31] that addressed the quadratic
problem by constructing a differential Lagrange layer, we
rather in this work introduce the implicit function theorem
to build the optimization layer which is inspired by [9], [32].
Regarding the real symmetry of the matrix Q ∈ R8×8, the
derivative of v∗ exists with respect to β ∈ R36 if and only
if the minimum eigenvalue λmin of Q is simple, and the
gradient is computed as follows,

∂v∗

∂β
= v∗ ⊗ (λminI−Q)+, (13)

where ⊗ denotes the Kronecker product, (·)+ refers to the
Moore-Penrose pseudo-inverse, and β denotes the vector
form of Q which is regressed by the neural network.

2) The Loss Function: Unlike the previous work [10],
[33] which directly makes a difference with the rotation and
translation parts, respectively. In this part, we introduce a
new loss function to supervise the whole training process,
which is formulated by

L(v) = L
([

qr

qd

])
=min(∥qg

r − qe
r∥2, ∥qg

r + qe
r∥2)+

γmin(∥qg
d − qe

d∥2, ∥q
g
d + qe

d∥2),
(14)

where qe
r and qe

d are the predicted real part and dual part,
while qg

r and qg
d are the labeled real part and dual part.

Furthermore, the weight parameter γ is a trade-off between
the difference of the real part and the dual part, accordingly.

V. EXPERIMENTS

In this section, we conduct extensive experiments to
demonstrate the accuracy and benefits of our method, which
we perform the camera re-localization task on both indoor
and outdoor datasets, namely, the Cambridge Landmark [10]
and 7-Scenes datasets [34].

We set the ResNet-18 as the backbone where the input
images are resized to 224 × 224, and the parameters of
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TABLE I
THE EVALUATION RESULTS ON THE 7-SCENES DATASET IN COMPARISON WITH THE STATE-OF-THE-ART. THE RESULTS ARE MEASURED BY THE

MEDIAN TRANSLATION ERROR(M) AND THE MEDIAN ROTATION ERROR(◦). THE BEST RESULTS ARE IN BOLD.

Scene Trainable Para. Chess Fire Heads Office Pumpkin RedKitchen Stairs
PoseNet 5M 0.32m/8.12◦ 0.47m/14.4◦ 0.29m/12.0◦ 0.48m/7.68◦ 0.47m/8.42◦ 0.59m/8.64◦ 0.47m/13.8◦

BPN 5M 0.37m/7.24◦ 0.43m/13.7◦ 0.31m/12.0◦ 0.48m/8.04◦ 0.61m/7.54◦ 0.58m/7.54◦ 0.48m/13.1◦
Dense PoseNet 5M 0.32m/6.60◦ 0.47m/14.0◦ 0.30m/12.2◦ 0.48m/7.24◦ 0.49m/8.12◦ 0.58m/8.34◦ 0.48m/13.1◦

MapNet 63M 0.08m/3.25◦ 0.27m/11.69◦ 0.18m/13.2◦ 0.17m/5.15◦ 0.22m/4.02◦ 0.23m/4.93◦ 0.30m/12.08◦
MapNet++ 63M 0.10m/3.17◦ 0.20m/9.04◦ 0.13m/11.1◦ 0.18m/5.38◦ 0.19m/3.92◦ 0.20m/5.01◦ 0.30m/13.4◦
GPoseNet 6M 0.20m/7.1◦ 0.38m/12.3◦ 0.21m/13.8◦ 0.28m/8.8◦ 0.37m/6.92◦ 0.35m/8.1◦ 0.37m/12.4◦

UBN 1.5M 0.10m/4.97◦ 0.27m/12.87◦ 0.12m/14.05◦ 0.20m/7.52◦ 0.23m/7.11◦ 0.19m/8.25◦ 0.28m/13.1◦
MBN-MB 1.5M 0.10m/4.35◦ 0.28m/11.86◦ 0.12m/12.76◦ 0.19m/6.55◦ 0.22m/6.9◦ 0.21m/8.08◦ 0.31m/9.98◦

AtLoc 2M 0.10m/ 4.1◦ 0.25m/11.4◦ 0.16m/11.8◦ 0.17m/5.3◦ 0.21m/4.4◦ 0.23m/5.4◦ 0.26m/10.5◦
Ours 1M 0.02m/4.1◦ 0.04m/8.0◦ 0.02m/7.0◦ 0.03m/4.0◦ 0.05m/4.1◦ 0.04m/4.8◦ 0.02m/5.0◦

Fig. 4. The rotation and translation median error curves on the 7-Scenes dataset on all 80 epochs. The left y axis denotes the rotation median error, and
the right y axis represents the translation median error. Moreover, the red lines are the rotation median errors on all 7 scenes, while the green lines are the
translation median errors on all 7 scenes.

Fig. 5. The rotation and translation median error curves on the Cambridge Landmark dataset on all 300 epochs. The left y axis denotes the rotation
median error, and the right y axis represents the translation median error. Moreover, the red lines are the rotation median errors on all 4 scenes, while the
green lines are the translation median errors on all 4 scenes.

ResNet are initialized from pre-trained ImageNet weights.
Then two fully connected layers are added to replace the
ResNet’s activations for predicting the vector β that after-
ward is used as the input of the differential QCQP layer
shown in Fig. 2, the details of the network structure can be

found in Fig. 1. During the training stage, Eq. (13) is applied
to the gradient descent optimization. Moreover, we set the
trade-off parameter γ = 400 in the 7-Scenes and γ = 100 in
the Cambridge dataset, accordingly. It is important to note
that the learning parameters of the model are confined to two
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TABLE II
THE EVALUATION RESULTS ON THE CAMBRIDGE LANDMARKS DATASET IN COMPARISON WITH THE STATE-OF-THE-ART. THE RESULTS ARE

MEASURED BY THE MEDIAN TRANSLATION ERROR(M) AND THE MEDIAN ROTATION ERROR(◦). THE BEST RESULTS ARE IN BOLD.

Scene Trainable Para. Kings College Hospital ShopFacade St.Mary Church
PoseNet 5M 1.92m/5.40◦ 2.31m/5.38◦ 1.46m/8.08◦ 2.65m/8.48◦

BPN 5M 1.74m/4.06◦ 2.57m/5.12◦ 1.25m/7.54◦ 2.11m/8.38◦
Dense PoseNet 5M 1.66m/4.86◦ 2.62m/4.90◦ 1.41m/7.18◦ 2.45m/7.96◦

MapNet 63M 1.07m/1.89◦ 1.94m/3.91◦ 1.49m/4.22◦ 2.0m/4.53◦
GPoseNet 6M 1.61m/2.30◦ 2.62m/3.91◦ 1.14m/5.70◦ 2.93m/6.50◦

UBN 1.5M 0.88m/1.77◦ 1.93m/3.71◦ 0.8m/4.74◦ 1.84m/6.19◦
MBN-MB 1.5M 0.83m/2.08◦ 2.16m/3.64◦ 0.92m/4.93◦ 1.37m/6.03◦
GNN-Pose 13M 0.48m/1.00◦ 1.14m/2.50◦ 0.48m/2.50◦ 1.52m/3.20◦

Ours 1M 1.10m/0.80◦ 1.90m/2.30◦ 0.87m/2.50◦ 1.30m/2.60◦

fully connected layers and a differential layer. As a result,
our model can be efficiently trained on an RTX 2080 GPU
platform.

Additionally, the predicted pose v∗ derived from the unit
minimum eigenvector ṽ in Eq. (11) cannot always be practi-
cal since the norm of the translation vector in some scenarios
is sometimes considerably large. To address this issue, we
propose a scale factor η for the translation vector which can
be found in Fig. 3. Specifically, the labeled translation vector
qg
t encoded by the dual quaternion is required to scale 1

η
its original. Conversely, the final predicted translation vector
qe
t computed from Eq. (3) is recovered by scaling η. Note

that we set η = 300, 200 in the 7-Scenes dataset and the
Cambridge Landmarks dataset respectively.

To demonstrate the accuracy of our lightweight model,
we take a comparison with the state-of-the-art including the
PoseNet and DensePoseNet [10], MapNet and MapNet++
[35], BPN [36], UBN and MBN-MB [2], AtLoc [23],
GPoseNet [37], GNN-Pose [22] in terms of final evaluation
results on two common datasets.

A. 7-Scenes Dataset

The model is trained for 80 epochs using a batch size of
8, and the learning rate is 2× 10−5. Figure 4 illustrates the
inferred median rotation error curve and median translation
error curve in 80 epochs, where the left axis denotes the rota-
tion median errors, and the right axis refers to the translation
median errors. Obviously, our model is remarkably effective
and can converge after 80 epochs. To further exhibit the
performance of our method, we then make the comparison
with the state-of-the-art that is depicted in Table I, where the
best results are denoted by bold font. Our method enables the
lowest error on both rotation part and translation part in the
scenes of Fire, Heads, Office, RedKitchen, Stairs. Besides,
our method has a competitive advantage on the translation
part in the scenes of Chess and Pumpkin.

B. The Cambridge Landmark Dataset

Next, we continue the camera re-localization task on the
outdoor dataset to test the effectiveness of our approach. We
train the proposed network for 300 epochs using a batch size
of 8, and the learning rate is 3 × 10−5. Likewise, we plot
the inferred rotation and translation accuracy curves on all

scenes. Fig. 5 shows that our method is able to converge
after about 150 epochs. To further verify the accuracy of our
method, we also provide the comparison with state-of-the-art
methods in Table II. Our method performs best on the Saint
Mary Church with the lowest rotational median error of 2.60◦

and the lowest translational median error of 1.30m. Besides,
our method also performs marginally best on the rotation part
of the remaining scenes and has a competitive advantage on
the translation part. Furthermore, in comparison to existing
models in Table I and Table II, our model boasts the smallest
number of trainable parameters of about 1M. This efficiency
could result in a reduction in the necessary computational
resources.

Therefore, the proposed lightweight model is proved to be
effective and accurate on the camera re-localization task in
the 7-Scenes dataset and the Cambridge Landmark dataset.

VI. CONCLUSIONS

In this paper, we present a lightweight differential neural
network to regress the pose over SE(3). First, we present
a differential and smooth representation over SE(3) making
it suitable for deep pose regression tasks. Unlike existing
continuous representations that focus only on the rotation
part, our representation provides an alternative vehicle for
denoting pose over SE(3) by regressing the vector β. Then
we develop a novel lightweight neural network to convert
the pose optimization into a convex optimization problem
considering the smoothness of the proposed differential layer.
Next, we introduce a novel loss function to supervise the
whole pose regression tasks, and an implicit function theorem
is provided for the backpropagation procedure. To show
the accuracy of our approach, we conduct extensive experi-
ments on the camera re-localization task on the Cambridge
Landmarks and 7-Scenes datasets in which final results
demonstrate the superior predictive accuracy of our method
in comparison with the state-of-the-art.
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