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Abstract

Humanoid robots are prone to interference from factors such as abrupt changes in angle-of-view and self-
occlusion during operation, making it difficult for their visual relocalization to balance accuracy, stability, and
real-time performance. To this end, we propose a robust visual relocalization framework integrating Mixture-of-
Experts (MoE) with hierarchical knowledge distillation. The framework utilizes a point–line scene coordinate
mapping network (PL2Map) regressor to map the extracted point-line features from scene images to a unified
representation space, so as to obtain robust feature representations under multi scene conditions. Also, a Soft-
MoE with sparse gating is constructed in the intermediate layer to provide reasonable inference paths for
inputs of different scene structures. On this basis, an expert selection-aware hierarchical distillation(ESHD)
is developed. During training, multi-level distillation over feature representations, routing distributions, and
geometric outputs aligns the teacher model “MoE-PL2Map” with the student model, achieving substantial
parameter compression while maintaining performance comparable to the teacher; at inference, the 6 degrees of
freedom (6-DoF) camera pose is recovered via scene coordinate based pose regression and geometric consistency
constraints. Extensive simulation studies on public datasets and real-world experiments on the “KUAVO-4pro”
humanoid robot demonstrate that the proposed method can achieve accurate and efficient robust relocalization
under various scene conditions.

Keywords: Visual relocalization, Humanoid robots, Mixture-of-Experts (MoE), Hierarchical distillation

1 Introduction

Visual relocalization plays a pivotal role in computer
vision and embodied robotics. It is fundamental for
humanoid robots, autonomous driving systems [1],
and augmented reality devices [2] to achieve sta-
ble environmental perception, precise decision-making,
and autonomous behavior in complex dynamic real-
world environments. For humanoid robots with high
degrees of freedom, the 6-DoF camera pose must be
estimated in real time under challenging conditions
such as abrupt illumination changes, dynamic occlu-
sions, texture-poor regions, and structural changes
[3], all under limited computational resources. How-
ever, during long-term operation, pose drift induced
by environmental disturbances and robot self-motion
accumulates over time. Consequently, achieving high-
accuracy while simultaneously maintaining robustness
and real-time performance remains a core challenge for
visual relocalization on humanoid platforms [4].

Studies [5] has shown that existing visual relocal-
ization schemes struggle to produce accurate pose esti-
mates in scenarios with large angle-of-view changes and

generally lack self-assessment mechanisms for relocal-
ization accuracy, which limits both recall and precision.
This reveals a persistent difficulty in jointly balancing
feature quality, cross-scene generalization, and com-
putational cost. Specifically, geometry-based meth-
ods that rely on handcrafted features and prioritized
matching perform well in texture-rich environments,
but their performance degrades drastically in low-
texture or dynamic scenes, or when matching quality
deteriorates [6]. Purely learned regression models, such
as PoseNet [7], possessed strong representation capac-
ity but lack explicit geometric constraints, making it
difficult for their accuracy to surpass retrieval-based
or 3D structure–based approaches [8, 9]. Brachmann
et al. [10, 11] improved robustness by incorporating
geometric consistency into learned models, yet these
methods typically incur high model complexity and
inference cost, making them unsuitable for the real-
time constraints of robotic platforms [5, 9]. Recently,
image-retrieval-based methods such as Random Ferns
[12] have been widely adopted in SLAM systems due
to their low memory footprint and real-time match-
ing capability. However, they struggle to generalize to
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novel viewpoints and cannot self-assess pose accuracy
[5, 12].

To address these limitations, this paper proposes
a visual relocalization framework that combines a
MoE-based architecture with an expert selection-aware
hierarchical distillation(ESHD) strategy. We introduce
sparsely activated expert routing [13] into the feature
regression module, enabling input-dependent alloca-
tion of complementary expert subnetworks for different
geometric and semantic patterns and thereby enhanc-
ing structural adaptability under a fixed computational
budget. Meanwhile, expert-selection-aware distillation
incorporates both intermediate feature representa-
tions and expert routing behavior into teacher–student
alignment, enabling a lightweight student model to
preserve the teacher network’s semantic expressive-
ness and structural selection behavior while substan-
tially reducing the parameter count [14, 15]. At
the level of the scene’s geometric structure, we con-
struct a geometry-consistent pose estimation mod-
ule by combining point–line reprojection constraints,
which improves stability and interpretability in weakly
textured and structurally degraded scenes [16, 17].
The main contributions of this work are summarized
as follows:

(1) A unified point–line scene coordinate mapping
framework, PL2Map, is proposed for visual relo-
calization of humanoid robots, enhancing relo-
calization accuracy and robustness across diverse
environmental conditions.

(2) A Soft-MoE with sparse gating is constructed
within the intermediate geometric feature space
of PL2Map. It differentiates features of differ-
ent scenes through conditional routing, thereby
improving the model’s adaptability under various
environmental conditions with limited computa-
tional resources.

(3) A MoE-ESHD mechanism is developed to align
the teacher model MoE-PL2Map with the student
model at multiple levels of feature representa-
tion, routing distribution, and geometric output,
allowing the student model to maintain consistent
structural behavior and semantic representation
with the teacher model while significantly com-
pressing parameters.

The remainder of this paper is organized as follows.
Section 2 briefly reviews related work on visual relocal-
ization. Section 3 provides a general description of the
characteristics of humanoid robots. Section 4 presents
an overview of the proposed framework and details of
the methodology. Section 5 reports representative sim-
ulation studies and experimental results on a humanoid
robot platform. Finally, Section 6 concludes the paper
and outlines directions for future work.

2 Related Work

2.1 Retrieval-based methods

Typically, image retrieval methods rely on local fea-
tures and geometric constraints to realized relocal-
ization. Sattler et al. [6] achieved high-accuracy in
texture-rich scenes using a structured pipeline based
on SIFT/SURF/ORB and PnP-RANSAC. Glocker
et al. [12] achieved RGB-D camera relocalization by
encoding keyframes using random ferns, demonstrat-
ing outstanding performance in both memory effi-
ciency and real-time capability. NetVLAD, proposed
by Arandjelović et al. [18], effectively enhanced the
expressive power for images within the same category,
and its global descriptor effectively reduced match-
ing complexity in large-scale scenes through image
retrieval. However, such methods are prone to fea-
ture degradation in areas with strong lighting changes,
dynamic occlusion, and weak texture, resulting in
sparse or even ineffective features in 2D-3D match-
ing. Moreover, retrieval-based schemes inherently rely
on appearance similarity, limiting their adaptability
to long-term appearance drift and large angle-of-view
changes. In summary, retrieval-based methods remain
advantageous in environments with well-defined struc-
tures and stable textures, but for humanoid robots per-
forming long-term autonomous operation in complex
dynamic scenes, their robustness and generalization
capabilities are still insufficient.

2.2 Scene-coordinate-regression-based

methods

Regression-based visual relocalization aims to directly
learn the mapping from images to poses using deep
networks. Absolute Pose Regression (APR) methods,
exemplified by PoseNet [7], employed convolutional
networks to regress 6-DoF poses in an end-to-end
manner, significantly simplifying feature extraction
and geometric solving. However, subsequent studies
have shown that the lack of explicit geometric con-
straints often limits their accuracy compared with
structured approaches [8, 9]. Scene Coordinate Regres-
sion (SCoRe) enhanced geometric consistency by pre-
dicting a 3D scene coordinate for each pixel and
supervising the model using a PnP-based closed loop.
The regression forest proposed by Shotton et al.
[19] and the DSAC series introduced by Brachmann
et al. [10, 11] further reformulate RANSAC as a
differentiable process, enabling joint optimization of
scene coordinate prediction and interior point selec-
tion. These approaches achieved accuracy comparable
to or even surpassing structured methods on standard
indoor datasets. Nevertheless, APR and SCoRe models
typically contain a large number of parameters, incur
high training costs, and remain sensitive to noise and
domain shifts. As a result, when deployed on resource-
constrained humanoid robot, it is still difficult to
balance representational capacity and computational
overhead [20].
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2.3 Multimodal-enhancement-based

methods

To enhance the stability in complex scenes and long
sequences, some researchers have incorporated tempo-
ral modeling and multimodal information augmenta-
tion into single-frame relocalization frameworks. Walch
et al. [21] drew on LSTMs to perform temporal
modeling on APR outputs. Valentin et al. [22] and
Lu et al. [5] explicitly modeled prediction uncer-
tainty and self-assessed accuracy using regression
forests and hierarchical Fern encodings, respectively,
and mitigated drift and mismatches through closed-
loop correction. Cavallari et al. [23] proposed a
cascaded relocalization scheme that balances accu-
racy and real-time performance via a coarse-to-fine
multi-stage architecture. In addition, methods such as
InLoc [24] strengthened visibility reasoning through
dense matching and virtual view synthesis. Zhou et
al. [25] leveraged semantic cues to alleviate ambigui-
ties caused by weak textures and repetitive structures,
while self-supervised features such as SuperPoint [26]
exhibited better stability across perspectives and light-
ing conditions. Overall, these approaches illustrate a
clear trend from single-frame, single-modality methods
toward temporal constraints and multi-source informa-
tion fusion. Unfortunately, additional sequence model-
ing and modality branches inevitably increase model
complexity and inference latency, which remains prob-
lematic for embedded humanoid robot platforms with
strict real-time and resource constraints.

2.4 MoE-based methods

For the diversity of scenes and complex input pat-
terns faced by visual relocalization, a single-path net-
work is often insufficient to balance different geomet-
ric patterns and appearance distributions. The Mix-
ture of Experts (MoE) model provides a conditional-
computation-based structural adaptation mechanism
for this purpose. The sparse-gated MoE architectures
proposed by Shazeer et al. [13] and Fedus et al.
[27] use a gating network to perform sparse rout-
ing among multiple experts, allowing the model to
expand its effective capacity under an approximately
fixed computational budget. Riquelme et al. [28] fur-
ther introduced MoE into vision Transformers (ViT),
spatially activating different experts across image
regions to enhance representational diversity. Subse-
quently, the application of MoE has also expanded
to robustness-oriented and resource-constrained sce-
narios. Pavlitska et al. [29] systematically analyzed
the robustness of MoE from the perspective of adver-
sarial training and proposed an adaptive adversarial
training and dual-model collaboration strategy, which
significantly improves robustness to adversarial per-
turbations while maintaining accuracy. In addition,
for resource-constrained deployment, Gao et al. [30]
proposed the AnyExperts framework, a budget-aware
dynamic routing strategy for sparse MoE that adap-
tively selects experts under explicit compute budgets,
providing a new design paradigm for improving MoE

inference efficiency under strict computational con-
straints. Overall, MoE offers an effective means of
handling diverse input distributions and increasing
model capacity under limited computational resources;
however, most existing studies focus on classification
and general vision or multimodal tasks, and system-
atic investigations of MoE in geometry-sensitive visual
relocalization remain scarce.

2.5 Knowledge-distillation-based

methods

Complementary to the structural adaptability of MoE,
knowledge distillation (KD) aims to transfer the repre-
sentational capacity of high-capacity teacher networks
to compact student models while keeping inference cost
under control. Hinton et al. [14] introduced distilla-
tion based on output distributions using soft labels,
and Romero et al. [15] extended this idea to interme-
diate feature maps. Park [31] and Tung [32] developed
structure-preserving distillation strategies that exploit
inter-sample relationships and feature-space geometry,
enabling student networks to approximate teachers
at multiple representation levels. Moslemi et al. [33]
systematically reviewed recent advancements in knowl-
edge distillation and pointed out that KD has become
a key approach to improving model performance
and generalization, including in resource-constrained
deployment scenarios [34]. Qian et al.’s MLEMKD
[35] enhanced teacher-student information exchange
through mutual learning, extending KD to temporal
reasoning tasks. Feng et al. [36] proposed a route-aware
distillation framework based on a mixture of LoRA
experts, where expert selection information is explicitly
incorporated into the distillation targets for large lan-
guage model based bundle generation. Although these
works significantly enrich the forms and applications
of KD, most of them target classification or knowledge
reasoning tasks. Even in MoE-Distill, routing-aware
distillation is mainly used to improve discriminative
performance, and there is limited systematic modeling
of the coupling between expert selection and geometric
representation in geometric regression tasks.

In general, visual relocalization has evolved from
structured and retrieval-based methods reliant on geo-
metric feature matching to integrated frameworks
combining deep regression, differentiable geometric
reasoning, and temporal and multimodal enhance-
ments. It has begun incorporating conditional com-
putation and model compression techniques such as
MoE and knowledge distillation to improve accuracy
and robustness under limited computational resources.
Nonetheless, geometry-based, regression-based, and
multimodal-enhancement-based methods still face dis-
tinct limitations in complex dynamic scenes, including
feature degradation, imbalance between generaliza-
tion and computational cost, and increased latency
and implementation complexity [5]. Motivated by
these challenges, the proposed MoE-ESHD framework
combines sparse expert selection with ESHD under
point–line geometric consistency constraints, enabling
visual relocalization on humanoid robot platforms that
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jointly satisfies requirements on accuracy, robustness,
and real-time performance.

3 Characteristics of humanoid

robot

Humanoid robots mimic human bones and joint struc-
tures, with multiple movable joints that can achieve
flexible motion and posture control in various terrain
conditions. This allows their base state to continuously
change during motion, without a fixed reference posi-
tion, making them a floating reference robot [37]. Fig. 1
shows the KUAVO-4pro humanoid robot (1.66m high,
55kg heavy) involved in this work, which has differ-
ences in visual input characteristics and motion modes
compared to traditional mobile robots [38].

On one hand, as the use of a multi-degree-of-
freedom bionic structure (the entire body has 22
degrees of freedom (22-DoF) excluding the end effector,
with a single leg alone possessing 6-DoF), the head-
mounted camera experiences significant short-term
positional and postural changes under the continuous
influence of gait cycles, torso posture adjustments, and
upper limb operations. Consequently, image sequences
frequently exhibit rotational jumps, blurring, and field-
of-view(FoV) shifts. During tasks such as grasping,
the movements of the robotic arm and hand fre-
quently enter the FoV, causing partial occlusions that
result in discontinuous and unstable feature distribu-
tions; On the other hand, typical working environ-
ments for robots include corridors, equipment rooms,
and outdoor areas with complex lighting conditions.
These environments often have weak textures, repeti-
tive structures, and mirror and transparent materials,
which makes it easy for relocation methods that rely
on a single type of feature to perform unevenly in dif-
ferent areas and difficult to maintain stability between
texture dominated and structure dominated scenes.
Additionally, the onboard processing unit of the robot
is constrained by computational power, memory, and
power consumption. The localization module must
complete feature encoding and pose estimation within
a limited time budget, making it impossible to rely on
complex optimization processes or large-scale network
architectures.

4 Framework and methodology

In this work, addressing the characteristics of
humanoid robots and practical application require-
ments in real-world scenes, we propose a visual relo-
calization framework that integrates a MoE model
with hierarchical distillation, as illustrated in Fig. 2.
First, SuperPoint [26] and DeepLSD [39] are employed
at the front-end of the constructed point–line scene
coordinate mapping network (PL2Map) scene coor-
dinate regression network to extract point and line
features respectively. Subsequently, a MoE-Attentional
GNN architecture is incorporated within the interme-
diate geometric feature space of PL2Map to adaptively
model diverse geometric patterns, thereby achieving

World 

coordinate 

system

Body 

coordinate 

system

Calves

Thighs

Finger

IMU

Shoulder

Interactive lights

Depth camera
Head

Mid-360 radar

Loudspeaker

Fig. 1 KUAVO-4pro humanoid robot.

robust relocalisation through point-line 3D regres-
sion and geometric reprojection loss. Furthermore, we
develop an ESHD strategy to transfer the geometric
structural behavior of the MoE-PL2Map teacher net-
work to a lightweight student network, thus achieving
efficient deployment on humanoid robots.

4.1 Feature extraction and encoding

To extract local texture and corner clues from scene
images, we employ the SuperPoint network [26] to

extract a set of keypoints {pi}
Np

i=1 and their 256-

dimensional descriptors {d
(p)
i }

Np

i=1. Also, DeepLSD [39]

is utilised to detect a set of line segments {lj}
Nl

j=1 and
their endpoints {aj , bj}, thereby providing scale struc-
ture boundaries. To incorporate line segments into
a unified learning framework, we discretize each line
segment by sampling n equidistant points between
the endpoints aj and bj . In this way, each line seg-
ment is represented by n+2 discrete points (including
endpoints aj and bj), i.e.

pj,k = aj +
k

n+ 1

(

bj − aj
)

, k = 1, . . . , n (1)

Subsequently, these discrete points along the lines,
together with the key points, are mapped onto Super-
Point’s feature map to extract the corresponding local
descriptors. Let the local descriptor vector for keypoint

pi be denoted as d
(p)
i ∈ R

256. For each line segment
lj , the initial descriptor set for its sampled points is

denoted as d
(p)
i ∈ R

256. By applying a line segment
geometric encoder to aggregate and encode this set,

the descriptor vector d
(l)
j ∈ R

D for the line segment
is obtained. In our case, the dimensionality of the line
segment descriptor is maintained consistent with that
of the point descriptor, i.e. D = 256 thereby yielding
a set of point features and line features that are both
heterogeneous and dimensionally consistent.

To further unify the expression of heterogeneous
features into the geometric encoding space of PL2Map,
point and line descriptors are embedded separately
through learnable linear mappings, i.e.

e
(p)
i = Wpd

(p)
i , e

(l)
j = Wld

(l)
j (2)
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Fig. 2 Scheme of the proposed robust visual relocalisation framework for humanoid robots via MoE with hierarchical distillation.
The teacher adopts a PL2Map backbone with a Soft MoE-Attentional GNN head, while the student uses a compact single-path head
and ESHD to inherit the teacher’s structural behaviours.

where Wp,Wl ∈ R
C×D are two learnable matrices that

respectively map the original point and line descriptors

d
(p)
i , d

(l)
j ∈ R

D onto a unified C-dimensional geometric

space to yield e
(p)
i , e

(l)
j ∈ R

C . This yields the embed-

ded point feature set {e
(p)
i }

Np

i=1 and the line feature set

{e
(l)
j }Nl

j=1, which serve as the initial representation for
the intermediate geometric encoding in PL2Map.

As a notes, the point descriptor output by Super-
Point can be directly regarded as the embedded point

feature e
(p)
i , and the line segment descriptor is encoded

by LineEncoder to obtain e
(l)
i through Transformer

encoding. Consequently, the mapping Wp in the point
branch is approximately an identity transformation,
while Wl in the line branch is implicitly realized by the
line-segment geometric encoder.

4.2 MoE-Attentional GNN

In practical scenes, the spatial distribution of local
textures, structural contours, and dynamic occlusions
exhibits significant heterogeneity, making it challeng-
ing for a single model to simultaneously capture the
geometric structures of diverse scenes. To adaptively
model distinct geometric patterns in the point-line geo-
metric feature space, we introduce a MoE framework
in the intermediate feature space between the point
branch and line branch of PL2Map, and construct a set
of gate networks and expert subnetworks for each of
them. Through a conditional computation mechanism
to dynamically select the most suitable expert subnet-
work for the current input during the inference stage,
thus achieving adaptive modeling for scene geometry

characteristics. For the point branch, let e
(p)
i denote the

input feature of the ith point, a gating network gp(·)

computes the logit z
(k)
p,i associated with the kth expert

for this point as follows:

z
(k)
p,i = g(k)p

(

e
(p)
i

)

, k = 1, . . . , E (3)

where E is the number of experts (in this work E = 4).
Further, the Softmax function is used to convert it into
the selection probabilities of each expert, i.e.

α
(k)
p,i =

exp
(

z
(k)
p,i

)

E
∑

s=1

exp
(

z
(s)
p,i

)

(4)

where E is the total number of experts, and E = 4 in
this paper.Let the kth expert subnetwork of the point-
based branch be denoted as E(p)

k(·). Then, the output
of the point after undergoing the MoE transformation
is as follows:

ẽ
(p)
i =

E
∑

k=1

α
(k)
p,i E

(p)
k

(

e
(p)
i

)

(5)

To maintain consistency with the original feature
space, the features output by the MoE undergo a
lightweight feature adaptation network ap(·) and are
connected to the input features via a residual connec-
tion, thereby yielding the updated point features as
follows:

h
(p,0)
i = e

(p)
i + ap

(

ẽ
(p)
i

)

(6)
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Additionally, stacking the gating probabilities of all
points by column yields the following gating weight
matrix for the point branch, i.e.

Gp =
[

αp,1, . . . , αp,Np

]

∈ R
E×Np (7)

Likewise, in terms of the line branch input fea-

ture e
(l)
j , the gating network gl(·), and the expert

{E
(l)
k (·)}Ek=1, the updated line feature h

l,(0)
j and the

gating weight matrix Gl ∈ R
E×Nl for the line branch

are obtained, serving as input for subsequent gate-level
distillation in the ESHD.

To explicitly model the geometric relationships
between points and lines, we further apply an Atten-
tional Graph Neural Network (Attentional GNN)
on top of the MoE outputs to jointly encode
geometric context. The Attentional GNN is con-
structed as a stack of propagation blocks with a
“self–cross–self–cross–self” topology, and the point
node update in the lth layer can be written as follows:

h
p,(l+1)
i = h

p,(l)
i +∆p

self

(

h
p,(l)
i ,N p

i

)

+∆p
cross

(

h
p,(l)
i , {h

l,(l)
j }Nl

j=1

)

(8)

where N p
i denotes the neighbourhood of point i, ∆p

self

and ∆p
cross respectively model point-point and point-

line geometric relationships through self-attention and
point-line cross-attention. Similarly, the line node at
lth layer is updated as follows:

h
l,(l+1)
j = h

l,(l)
j +∆l

self

(

h
l,(l)
j ,N l

j

)

+∆l
cross

(

h
l,(l)
j , {h

p,(l)
i }

Np

i=1

)

(9)

where N l
j is the neighbourhood of line segment j.

Through the stacking of a multi-layer “self– cross
–self–cross–self” architecture, point features and line
features repeatedly interact within multi-scale neigh-
borhoods, progressively encoding local textures, struc-
tural contours, and global geometric constraints. After
L-layer propagation, the context enhanced point set

{h
p,(L)
i }

Np

i=1 and line set {h
l,(L)
j }Nl

j=1 are obtained.
The resulting Soft MoE-Attentional GNN interme-

diate module thus enjoys two benefits: on the one hand,
the gating network adaptively distributes computa-
tion across expert subnetworks, achieving an expressive
capacity comparable to an ensemble of experts. On
the other hand, explicit modeling of point–line rela-
tions enhance geometric structure awareness. Notably,
in this work, we did not use additional complex train-
ing techniques such as load balancing regularization,
and only used uniform ℓ2 gradient pruning [40] as
the basic numerical stabilization method to enable
the model to converge stably under standard training
configurations.

4.3 Scene coordinate regression

At the output of the PL2Map framework, we use
point-line scene coordinate regression to map the struc-

tured geometric features {h
p,(L)
i } and {h

l,(L)
j } output

by the MoE-Attention GNN module to 3D scene coor-
dinates, and apply geometric consistency constraints
through explicit reprojection errors. Then, in the infer-
ence stage, we utilize a PnP solver with RANSAC
to obtain the 6-DoF pose of the camera. For the

ith context-enhanced point feature h
p,(L)
i , the point-

branch regression head fp(·) outputs a 4-dimensional
vector, i.e.

[

P̂i, σ̂
(p)
i

]⊤
= fp

(

h
p,(L)
i

)

, P̂i ∈ R
3 (10)

where P̂i denotes the predicted 3D scene coordinate

and σ̂
(p)
i denotes an uncertainty parameter associated

with this point. For the line branch,fl(·) takes the line

feature h
l,(L)
j as input and outputs the two endpoints

of the line segment in 3D space and their uncertainties,
i.e.

[

Âj , B̂j , σ̂
(l)
j

]⊤
= fl

(

h
l,(L)
j

)

, Âj , B̂j ∈ R
3 (11)

In our case, fp and fl are two multi-layer perceptrons
(MLPs) with output dimensions 4 and 7, respec-
tively.During training, let the true 3D scene coordi-
nates of each point be P ∗ , and the true 3D endpoints
of each line segment be A∗

j and B∗
j .Then the scene

coordinate regression loss is defined as follows:

Lp
3D =

1

B

B
∑

b=1

∑

i

mp
b,i

∥

∥P̂b,i − P ∗
b,i

∥

∥

2
(12)

Ll
3D =

1

B

B
∑

b=1

∑

j

ml
b,j

∥

∥

∥

[

Âb,j , B̂b,j

]

−
[

A∗
b,j , B

∗
b,j

]

∥

∥

∥

2

(13)

where B is the size of batch, m
(p)
b,i ,m

(l)
b,j ∈ {0, 1} are

validity masks indicating whether the corresponding
point or line has reliable ground truth. In parallel, the

network uses the predicted uncertainty parameters σ̂
(p)
i

and σ̂
(l)
j to derive confidence scores c

(p)
i , c

(l)
j ∈ (0, 1)

through a monotonic mapping function. These con-
fidences are encouraged to approximate the validity
masks, yielding uncertainty regularization terms Lp

unc

and Ll
unc , which encourage the model to automatically

reduce confidence in low-light or weak-texture regions
and thereby improve the robustness.

To further enhance consistency between the pre-
dicted scene coordinates and the observed image mea-
surements, we introduce explicit point-line reprojec-
tion errors during training. Namely, given the camera
intrinsic matrix K and the ground-truth pose (R, t),
We project the 3D points and 3D line segments pre-
dicted by the network back onto the image plane to
align with the original observed features, and minimize
the corresponding reprojection error, thereby explic-
itly applying geometric consistency constraints during
training. For each predicted 3D point Pi, the projection
is writtren as follows:

p̃i = Π
(

RP̂i + t, K
)

(14)

where Π(·) denotes the projection from 3D space to
image coordinates. The reprojection error of a point
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is defined as the Euclidean distance between the pre-
dicted projection position pi, i.e.

Ep(i) =
∥

∥p̃i − pi
∥

∥

2
(15)

For a line segment, we project the predicted end-
points Âj and B̂j onto the image plane, and then
calculating the distance between the projected line
segment and the observed line segment. To improve
the robustness to outliers and depth anomalies, the
above point-line reprojection errors are aggregated into
point-line reprojection losses Lp

proj and Ll
proj through a

robust loss ReproLoss with a dynamic threshold, and
gradually introduced at a certain pace during training,
so that 3D regression and uncertainty learning are the
main focus in the early training stage, and geometric
consistency constraints are gradually strengthened in
the later stage. Combining all terms, the overall loss
for PL2Map is expressed as follows:

LPL2Map = Lp
3D+Ll

3D+Lp
unc+Ll

unc+Lp
proj+Ll

proj (16)

During inference, the network exclusively outputs
2D-3D correspondences between points and line seg-
ments along with their uncertainty estimates, while the
final 6-DoF pose is resolved by a backend geometric
solver. This architecture, combining MoE-Attentional
GNN intermediate representation, scene coordinate
regression, and geometric reprojection constraints,
achieves a balance between computational efficiency
and robust scene structure perception. The hierar-
chical design provides high-quality teacher features
for subsequent ESHD distillation by capturing richer
multimodal geometric information.

4.4 Hierarchical distillation

Although the introduction of the MoE significantly
enhances the model’s ability to adapt to different
visual patterns, the computational and storage over-
head caused by the multi-expert structure is not
conducive to deployment on resource constrained robot
platforms. To address this issue, this paper designs the
ESHD between the MoE-PL2Map teacher network and
the compact student network. However, if the teacher
and the student are only aligned at the final pose out-
put layer, the student will have difficulty recovering
the structural priors of the teacher in intermediate geo-
metric representations and expert selection behaviors,
and it is prone to the issue of “numerical proximity but
structural deviation”.

For this reason, the proposed ESHD framework
decomposes knowledge distillation into three com-
plementary pathways: feature-level, gate-level, and
structure-level (Hint) distillation. This enables the stu-
dent model to progressively approximate the teacher’s
structured decision-making process while maintaining
compactness. Crucially, this partitioning strictly fol-
lows the geometric reasoning chain of the teacher
network—comprising input encoding, MoE pattern
decomposition, point-line message passing, and 3D
coordinate regression—rather than applying uniform

ℓ2 distillation on equidistant backbone layers. Con-
sequently, ESHD simultaneously constrains geometric
outputs, routing behaviors, and multi-layer semantic
structures across the reasoning pipeline. Unlike tra-
ditional “hierarchical distillation” that merely aligns
features across select convolutional or FPN layers,
our design offers dual advantages: 1) enabling the
student model to approximate the teacher’s input
geometric distributions at shallow layers while repro-
ducing structured GNN representations at deep layers;
2) explicitly preserving MoE’s pattern decomposition
capability through gating distillation. As a result, with-
out increasing the inference overhead, the lightweight
student model can get closer to the high-capacity
MoE teacher model in terms of geometric accuracy,
robustness in scene switching, and training stability.

Structurally, the teacher model adopts the com-
plete MoE–PL2Map architecture, concatenating an
Attentional GNN with a “self–cross–self–cross–self”
topology on point-line geometric features, and learns
structural preferences under different geometric modes
through a MoE module with routers. On the premise of
keeping the input and output interfaces consistent, the
student model compresses the attention dimension and
the number of GNN layers. It also removes all experts
and routing structures and only retains single path
feature propagation, thereby significantly reducing the
number of parameters and the amount of computa-
tion. To inherit the expert selection mechanism of the
teacher model without incurring the computational
overhead of MoE, we attach a lightweight gating head
to the GNN output layer of the student network. This
gating head consists of two layers of 1×1 convolutions
and ReLU activations, and it outputs gating logits with
the same number of experts as the teacher. Operating
exclusively during training, the branch approximates
the teacher’s gating distribution through tempera-
ture softening Jensen-Shannon divergence and entropy
regularization, thereby preserving MoE’s structured
inductive bias while maintaining model compactness.

4.4.1 Feature-level distillation

Feature-level distillation directly aligns the 3D point-
line output and geometric descriptors of teachers and
students, ensuring that students can still inherit the
teacher’s physical geometry priors without reprojec-
tion loss. Let the feature of teachers and students in
the integrated geometric coding space is denoted as
fT and fS , respectively. The feature-level distillation
loss is defined as a weighted combination of Euclidean
distance and cosine similarity, i.e.

Lfeat = γ
∥

∥fS − fT
∥

∥

2

2
+ (1− γ)

(

1−
⟨fS , fT ⟩

∥fS∥2 ∥fT ∥2

)

(17)
where γ ∈ [0, 1] is a balance coefficient used to bal-
ance the mean square error (MSE) term and cosine
similarity, and γ = 0.5 in this paper. This loss encour-
ages students to reproduce the teacher’s discriminative
feature distribution in a joint point-line geometric
space.
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4.4.2 Gate-level distillation

Gate-level distillation aligns the expert selection prob-
ability of MoE, transferring the routing behavior of
teachers across different geometric patterns to stu-
dents without explicit expert structures. Herein, we
utilize the routing distribution of the teacher MoE as
a “behavioral prior” to constrain the expert selection
pattern of the student’s lightweight gating head. Let
the expert selection probability distributions generated
by the teacher and student gate networks for the same
input be denoted as pT = {αT

i }
N
i=1 and pS = {αS

i }
N
i=1,

respectively. Then, routing preferences can be aligned
by minimizing the JS divergence between the two dis-
tributions and applying entropy regularization. The
gate-level distillation loss is defined as follows:

Lgate =
1
2DKL

(

pT ∥m
)

+ 1
2DKL

(

pS ∥m
)

,m = 1
2 (p

T+pS),
(18)

In Eq. (18), Lgate leverages the teacher’s gate distri-
bution pT as soft labels, explicitly constraining the
student’s gate head to reproduce the teacher’s prefer-
ence for using each expert at every frame. This enables
the student to learn the teacher’s implicit pattern
segmentation capabilities across different structural
regions even after removing the explicit MoE structure,
thereby significantly enhancing the student’s structural
consistency across varying geometric areas. As a note,
both MoE gating and gating distillation use room tem-
perature Softmax (temperature τ = 1),without the
additional use of temperature annealing mechanism.

4.4.3 Hint-level distillation

Hint-level distillation selects four key stages: point-line
input features + GNN output features, aligning the
intermediate representations at two semantic depths:
“geometric input” and “after geometric interaction”.
By aligning the hidden features of the teacher and the
student at several key intermediate layers, the student
can still maintain the same geometric perception and
context modeling ability as the teacher even when the
model structure is compressed. Let be the index set of
these intermediate layers, and the features of teachers
and students at several intermediate layers be hT

k and
hS
k , respectively. The hierarchical hint distillation loss

is defined as follows:

Lhint =
1

|K|

∑

k∈K

[

(1− η)
∥

∥hS
k − hT

k

∥

∥

2

2

+ η

(

1−
⟨hS

k , h
T
k ⟩

∥hS
k ∥2 ∥h

T
k ∥2

)

]
(19)

where η ∈ [0, 1] is the balance coefficient used to
adjust preferences between Euclidean distance and
cosine similarity, and η = 0.8 in this paper. This
term encourages the student to reproduce the teacher’s
organization of geometric structures across multiple
semantic levels, thereby preserving the teacher’s struc-
tural priors even under a compressed model structure.
Hint-level distillation complements supervision at the
final output layer by enforcing alignment at several

intermediate semantic depths, ensuring that the stu-
dent maintains similar information flow and geometric
inductive biases during feature transformations and
fundamentally improving the representation quality
and robustness of the lightweight model.

Combining features distillation, gate distillation,
and hierarchical hint distillation, ESHD’s overall dis-
tillation objective is as follows:

LESHD = λfLfeat + λgLgate + λhLhint (20)

where λf , λg, and λh are hyperparameters for balanc-
ing the weights of each distillation term. In our case,
λf = 0.7, λg = 0.3, and λh = 0.5 for all datasets. To
describe the general training procedure, we express the
optimization objective of the student network at the
epoch as follows:

Lstudent(t) = w(t)LESHD (21)

where w(t) is the weight function that controls the
overall distillation intensity, and expressed as follows:

w(t) =



















winit, t < t1

winit +
wfinal − winit

t2 − t1
(t− t1) t1 ≤ t < t2

wfinal, t ≥ t2
(22)

where winit and wfinal denote the distillation weights
in the early and late stages of training, respectively;
t1 and t2 are time windows that control the smooth
transition of weights from weak to strong. Intuitively,
the distillation intensity winit is maintained at a low
value during early training to weaken constraints and
stabilize the student’s geometric representations. In
the mid-training phase, weight is gradually increased
within the [t1, t2]range, enabling progressive alignment
of the student network with the teacher’s structured
representations and expert selection behaviors. Finally,
a high wfinal value is applied in late training to inten-
sify approximation of the teacher’s outputs. Hence,
Eq. (22) provides a unified scheduling description
that facilitates scaling training strategies as needed
for larger-scale or more complex scenarios, without
compromising the consistency of the experimental con-
figuration and implementation described in this paper.

Additionally, since the gating network and multiple
expert branches in MoE-ESHD may produce large gra-
dient norms in certain training stages, we apply global
ℓ2 norm clipping [40] to all learnable parameters to
avoid gradient explosion and improve numerical sta-
bility. Let g denote the concatenated gradient vector
for all parameters in the current mini-batch, then the
clipped gradient g′ is defined as follows:

g′ =
g

max
(

1, ∥g∥2/δ
) (23)

where δ is the clipping threshold, and δ = 5 in this
paper. This operation restricts the magnitude of the
gradient while keeping its direction unchanged, which
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can reduce the gradient fluctuations caused by the rela-
tively sharp distribution of gating weights and improve
the convergence stability of the MoE - ESHD training.

Through the above multi-level distillation con-
straints, the student model, despite having no explicit
expert structure, maintains behavior in the structural
subspace that is highly consistent with the teacher.
As a result, it achieves stable and robust geomet-
ric representations under the inference-time efficiency
constraints of humanoid robot deployment scenarios.

5 Experiments

In this section, we first evaluate the proposed algorithm
on several public benchmarks and then validate its
performance in real-world experiments on a humanoid
robot. Unless otherwise specified, all experiments are
conducted on a workstation equipped with an Intel
i9–14900K CPU and 32 GB DDR5 RAM, running
Ubuntu 20.04 LTS.

5.1 Simulation studies

To validate the performance of the proposed visual
relocalization method under diverse scene condi-
tions, we selected three representative datasets for
benchmarking: 1) the small-scale indoor dataset “7-
Scenes [19]”, characterized by weak textures, severe
occlusions, and significant illumination variations; 2)
the large-scale outdoor dataset “Cambridge Land-
marks [7]”, featuring intense lighting contrasts and
viewpoint changes; 3) the “Indoor-6 [51]” dataset,
which captures semi-static scene evolution (including
appearance drift and local structural changes) across
different time periods.

All experiments were conducted using officially par-
titioned training/test splits, and input images were

uniformly resized to a long edge of 1024 pixels while
maintaining their original aspect ratios via bilinear
interpolation. Evaluation metrics included: Median
Pose Error (MPE), Recall@5cm, 5°, Absolute Tra-
jectory Error (ATE) [52] in continuous sequences.
Also, comparative analysis was performed against
state-of-the-art methods spanning depth regression,
geometric learning, and feature matching, includ-
ing: PoseNet2 [41], VLocNet [42], DSAC++ [11],
KFNet [44], DSM [45], DFAM [46], and HLoc [53].

5.1.1 Positioning error

Table 1 lists the MPE of different methods on the 7-
Scenes sequence. It can be observed that the MoE’s
teacher model achieved the best or second-best perfor-
mance in scenes such as Chess, Fire, and Heads, with
an overall average error reaching 0.03 m / 0.87°. In the
cases of weak texture and severe occlusion, the intro-
duced point-line geometric constraints significantly
enhance the robustness of pose estimation. As a result,
the model’s stability in these challenging situations was
superior to that of depth regression methods [41, 42]
and some geometric learning methods [45, 46]. In addi-
tion, while significantly compressing the model size,
the student model still basically maintained a per-
formance level similar to that of the teacher model.
In most scenes, the accuracy of the student model
was better than that of depth regression methods
such as PoseNet2 [41] and VLocNet [42]. Therefore,
it combined the advantages of lightweight design and
high-precision.

Table 2 further compares the MPE of different
methods on the Cambridge Landmarks sequences. We
observe that the MoE model achieved localization
accuracy comparable to geometric consistency meth-
ods like DSM [45] and HSC-Net [49] in scenes including

Table 1 Comparison of the MPE among different methods on the 7-Scenes sequence (m/◦).

Method Chess Fire Heads Office Pumpkin RedKitchen Stairs Average

PoseNet2 [41] 0.13/4.48 0.27/11.3 0.17/13.0 0.19/5.55 0.26/4.75 0.23/5.35 0.35/12.4 0.23/8.12
VLocNet [42] 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
CamNet [43] 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
KFNet [44] 0.02/0.65 0.02/0.90 0.01/0.82 0.03/0.69 0.04/1.02 0.04/1.16 0.03/0.94 0.03/0.88
DSM [45] 0.02/0.68 0.02/0.80 0.01/0.80 0.03/0.78 0.04/1.11 0.03/1.11 0.04/1.16 0.03/0.92
DFAM [46] 0.02/0.64 0.02/0.73 0.01/1.07 0.03/0.75 0.04/0.91 0.03/1.03 0.04/1.14 0.03/0.89
CROSSFIRE [47] 0.01/0.4 0.05/1.9 0.03/2.3 0.05/1.6 0.03/0.8 0.02/0.8 0.12/1.9 0.04/1.1
Ours 0.02/0.65 0.02/0.78 0.01/0.73 0.03/0.76 0.04/0.94 0.04/1.22 0.06/1.02 0.03/0.87
Student 0.02/0.66 0.03/0.95 0.02/1.01 0.04/1.07 0.04/1.19 0.04/1.22 0.09/1.03 0.04/0.96

Table 2 Comparison of the MPE among different methods on the Cambridge Landmarks sequence (m/◦).

Method Great Court Kings College Old Hospital Shop Facade St M. Church Average

PoseNet2 [41] 7.00/3.7 0.99/1.1 2.17/2.9 1.05/4.0 1.49/3.4 2.54/3.02
VLocNet [42] NA 0.84/1.42 1.07/2.41 0.59/3.53 0.63/3.91 0.78/2.81
DSAC++ [11] 0.4/0.2 0.18/0.3 0.20/0.3 0.06/0.3 0.13/0.4 0.19/0.3
EMOSC [48] 1.35/0.70 0.25/0.39 0.34/0.75 0.65/0.68 0.26/0.56 0.57/0.62
HSC-Net [49] 0.28/0.2 0.18/0.3 0.19/0.3 0.06/0.3 0.09/0.3 0.16/0.3
DSM [45] 0.19/0.43 0.35/0.19 0.38/0.23 0.30/0.06 0.34/0.11 0.31/0.20
CCP-Net [50] 0.33/0.25 0.14/0.26 0.20/0.35 0.05/0.25 0.09/0.30 0.16/0.28
Ours 0.21/0.50 0.11/0.16 0.18/0.35 0.09/0.40 0.20/0.58 0.15/0.37
Student 0.27/0.63 0.13/0.21 0.26/0.43 0.10/0.40 0.34/0.99 0.22/0.53
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Table 3 Comparison of the Recall@5cm,5◦ among different methods on the Indoor-6 sequence.

Method scene1 scene2a scene3 scene4a scene5 scene6 Average

DSAC* [54] 18.7 28.0 19.7 60.8 10.6 44.3 30.4
SLD [51] 35.0 34.6 50.8 56.3 43.6 38.9 44.9
NBE+SLD [51] 38.4 – 53.0 – 40.0 50.5 45.5
Hloc-l1000 [53] 33.3 12.5 48.3 34.8 21.9 47.4 33.0
Hloc-l3000 [53] 48.1 17.1 61.9 39.2 31.1 59.1 42.8
SLD* [55] 68.5 62.6 76.2 77.2 57.8 78.0 70.1
Ours 58.5 66.2 63.2 83.5 42.2 59.1 62.1
Student 46.3 41.6 53.0 65.2 30.7 46.4 47.2

Kings College, Shop Facade, and Old Hospital. Partic-
ularly in environments with significant scale variations
and strong illumination contrasts (e.g., Kings Col-
lege), the point-line geometric constraints effectively
mitigated pose drift, maintaining consistent accu-
racy. Notably, despite substantial parameter reduction,
the student model preserved the teacher’s perfor-
mance characteristics, demonstrating robust accuracy
in large-scale scenes without significant degradation
due to model compression.

From Table 3, it can be seen that the average
Recall@5cm, 5° of the MoE’s teacher model reached
62.1%, second only to SLD* [55], and it significantly
outperformed DSAC* [54], SLD [51], and HLoc [53]
in all time-varying scenes. Even when faced with
appearance drifts and local layout changes across time
periods, the student model can still maintain a per-
formance trend consistent with that of the teacher
model, demonstrating good cross-time robustness. It is
worth mentioning that in scenarios with drastic tempo-
ral changes (such as the same location under different
weather or lighting conditions), the fluctuation range

of the positioning error of the student model was com-
parable to that of the teacher model. This indicates
that the lightweight model obtained through hierar-
chical distillation still has excellent robustness under
time-varying conditions [51].

To further evaluate trajectory estimation stabil-
ity, Fig. 3 compares the performance of Ours, Cam-
Net [43], and CCP-Net [50] across: Chess(a) and
Fire(b) sequences from 7-Scenes dataset, Kings Col-
lege(c) and Shop Façade(d) sequences from Cambridge
Landmarks dataset, and Scene4a(e) sequence from
Indoor-6 dataset. The MoE’s teacher model demon-
strated near-perfect alignment with ground-truth tra-
jectories in indoor scenarios (Chess, Fire), whereas
CamNet exhibited significant drift (up to 0.35m) dur-
ing abrupt lighting changes or partial occlusions. In
outdoor environments (Kings College, Shop Façade),
the MoE model maintained smooth trajectory esti-
mation despite large parallax and strong illumination
contrasts, while CCP-Net produced discontinuous tra-
jectory segments under overexposure or extreme view-
point changes. For the time-varying Scene4a sequence,

(a) (b) (c) (d) (e)
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Fig. 3 Comparison of the generated trajectory among different algorithms.
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Fig. 4 Attention distribution of experts on different sequences. Odd rows indicate input images, while different colors in even rows
indicate different expert distributions.

Fig. 5 Changes in the weights of experts on different sequences
over time.

the MoE trajectory remained highly consistent with
reference poses despite calibration errors, furniture dis-
placement, and dynamic objects, showing negligible
drift accumulation.

5.1.2 Expert visualization

To assess the effectiveness of MoE’s dynamic expert
mechanism during actual inference, we conducted a
visualization analysis of expert distribution regions
and weights across diverse scenarios.Fig. 4 illustrates

the focal regions (i.e., expert attention distributions)
of individual experts in representative indoor, out-
door, and time-varying scenes, while Fig. 5 quantita-
tively plots the temporal evolution curves of expert
weights in corresponding environments. From these
results, we could reasonably to conclude that: 1) Spe-
cialized expert allocation: each expert demonstrates
clear functional specialization, where expert subnet-
works biased toward point-based features were pref-
erentially activated in texture-dense or corner-rich
regions, while those favoring line-structured repre-
sentations exhibited higher activation in scenes with
well-defined geometric contours and dominant long
straight lines; 2) Strong temporal consistency: the
expert weights exhibited smooth temporal evolution
across consecutive frames, demonstrating that expert
selection maintains both continuity and stability under
sequential input conditions; 3) Good scene adaptabil-
ity: indoor scenes predominantly activate experts spe-
cializing in local textures and small-scale structures,
while outdoor scenes require collaborative multi-expert
configurations to handle scale variations and illumi-
nation differences. In time-varying conditions, expert
switching undergoes gradual adaptation aligned with
scene appearance transitions. This further reveals that
the dynamic expert selection mechanism enables the
model to adaptively adjust the structural representa-
tion according to the input features, thereby signifi-
cantly enhancing the spatial consistency and temporal
coherence.

5.1.3 Ablation experiment

To evaluate the individual contributions of point-line
geometric constraints, MoE integration, and hierarchi-
cal distillation to system performance, we construct
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(a) (b) (c)

Fig. 6 Recall under different thresholds on the Indoor-6 sequence.

Table 4 Comparison of efficiency among different models.

Methods Parameters count (M) Model size (MB) Inference time (ms)

Teacher (Ours) 16.49 69.3 19.5
Student (ESHD) 5.2 12.7 33.2
DSM [45] 25.1 100.4 29.7
Hloc [53] – > 500 ∼ 1000

ablation configurations across two dimensions (net-
work architecture and pose estimation strategies) while
maintaining identical training data, hyperparameters,
and evaluation protocols. Architectures include: Base-
line model “Base”, Baseline integrated with MoE
“Base+MoE (Teacher)”, Teacher model compressed
via ESHD distillation “Base+MoE+ESHD (Student)”.
Geometric configurations comprise: Point-feature-
based PnP solver(PnP-point) and PnP with point-line
reprojection constraints(PnP-pointline). Fig. 6 depicts
Recall curves for these variants on three representa-
tive sequences: 7-Scenes/Office, Indoor-6/Scene5, and
Cambridge/StMarys. Notably, higher curve positions
at identical thresholds indicate stronger relocalization
robustness.

From the perspective of geometric constraints,
PnP-pointline consistently outperformed PnP-point,
indicating that line features provide effective struc-
tural supplementation in pose solving. In the “Office”
scene with abundant point features, the introduction
of line constraints was mainly reflected in the improve-
ment of the recall rate in the medium-to-high threshold
regions and the reduction of the long-tail failure ratio.
This shows that lines mainly play a role in enhanc-
ing the stability of the solution. In “Scene5” with
more obvious weak textures and local occlusions, the
curve of PnP-pointline rised more prominently in the
strict threshold interval. This indicates that when
point features degrade, line contours can still provide
reliable constraints for direction and scale estimation,
thereby improving geometric observability and solution
stability. In the large-scale outdoor “StMary” scene,
point-line constraints also bringed stable but relatively
limited benefits. This implies that the performance
bottleneck of such sequences is more restricted by
feature representation and cross-scene generalization,
rather than just by back-end geometric modeling.

Additionally, after the introduction of MoE, the
recall curves of the three scenes shifted upward as a
whole, and the improvement was more significant in
the StMary scene. According to the visualization of
expert routing, when texture information diminishes,
the activation weights of geometric experts increased
significantly. Under dynamic interference or local detail
variations, texture experts demonstrate enhanced
responsiveness. In sequences with substantial view-
point changed and large depth spanned, collaborative
reasoning involving multiple experts frequently occurs.
This demonstrates that MoE employs sparse gating for
conditional routing of perception modes (e.g., texture-
dominant vs. structure-dominant), thereby improving
scene coordinate regression consistency across view-
point changes and distribution shifts.

Furthermore, comparative analysis of “Base+MoE
+ESHD” versus “Base+MoE (Teacher)” reveals that,
with approximately a 70% reduction in the number
of parameters, the student model maintained compa-
rable levels to the teacher model in terms of average
localization error, cross-scene stability, and temporal
trajectory smoothness. This indicates that the pro-
posed ESHD strategy can effectively transfer the struc-
tural advantages of MoE to a compact network with-
out incurring additional inference overhead, thereby
achieving both lightweight design and high precision.
From this, we can conclude that the point-line joint
PnP provides robust geometric constraints, the MoE
module enhances adaptability to complex visual pat-
terns and scene distributions, while the ESHD strategy
preserves these representational gains in lightweight
networks. Their synergistic collaboration collectively
supports the proposed framework’s high-performance
relocalization across diverse scenes.

To compare the efficiency of the model, Table 4
lists the MoE’s teacher model, ESHD student model,
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and multiple baselines in terms of parameter quan-
tity, model footprint, and inference latency. We find
that the ESHD model achieved approximately 1/8
the model size of DSM while maintaining comparable
performance, highlighting the proposed framework’s
superior engineering deployability. This compactness
makes it notably suitable for achieving real-time visual
relocalization on humanoid robotic platforms.

5.2 Experimental testing

To evaluate the performance and effectiveness of the
proposed method in real-world scenes, we deployed the
MoE’s teacher model and its ESHD student model

KUAVO-4pro 

humanoid robot

Running interface

WiFi

Laptop

KUAVO-4pro 

humanoid robot

Running interface

WiFi

Laptop

Fig. 7 Experimental scene and humanoid robot.

on the “KUAVO-4pro” humanoid robot and con-
duct experiments in indoor and corridor environments.
These environments include typical challenging con-
ditions such as dynamic objects, weak textures, and
strong illumination changes, as illustrated in Fig. 7.

Fig. 8 depicts the expert response patterns of the
MoE model at six distinct waypoints traversed by the
robot in an indoor environment. It can be observed
that the activation distributions among experts exhib-
ited significant variations in response to environmen-
tal changes. When the robot entered low-texture or
abruptly illuminated regions (Waypoints 3 and 5), geo-
metric experts received substantially increased weights
to compensate for uncertainty caused by texture
degradation. Conversely, under dynamic object inter-
ference (Waypoint 2), texture-oriented experts show
enhanced responses to maintain local detail continu-
ity and estimation stability. This demonstrates that
the MoE’s teacher model dynamically adjusts expert
weights according to input feature variations, achieving
adaptive encoding across diverse visual conditions.

Fig. 9 further compares the predicted trajectory
(green) against the ground-truth trajectory (red) dur-
ing a full navigation cycle of the humanoid robot in the
indoor environment. Meanwhile, we also constructed a
3D dense point cloud map of the scene to better demon-
strate the localization effects. It can be observed that
at Waypoint 1 (static and stable) and Waypoint 2 (low-
texture ), the predicted trajectory of the student model
almost completely coincided with the reference trajec-
tory. At Waypoint 2 (dynamic interference), despite
the presence of moving objects, the generated tra-
jectory can still fit the reference trajectory smoothly
and continuously. At Waypoint 5 (strong illumination
change), the estimated trajectory still maintained good
consistency with the reference trajectory. Evidently,

          (Waypoint 1) 

          (Waypoint 2 )

          (Waypoint 4)

          (Waypoint 5)

Reference 

trajectory

Motion 

direction

KUAVO-4 pro

humanoid robot

          (Waypoint 6) 

          (Waypoint 3)

          (Waypoint 1) 

          (Waypoint 2 )

          (Waypoint 4)

          (Waypoint 5)

Reference 

trajectory

Motion 

direction

KUAVO-4 pro

humanoid robot

          (Waypoint 6) 

          (Waypoint 3)   
  

  
  
  

(W
a
y
p

o
in

t 
1
)

  
  

  
  
  

(W
a
y
p

o
in

t 
5
)

  
  

  
  
  

(W
a
y
p

o
in

t 
2
)

  
  

  
  
  

(W
a
y
p

o
in

t 
4
)  

  
  
  
  

(W
a
y
p

o
in

t 
3
)

(W
a
y
p

o
in

t 
6
)

Normalized expert 
weights

Point-line featuresScene images Expert attention
distribution 

          (Waypoint 1) 

          (Waypoint 2 )

          (Waypoint 4)

          (Waypoint 5)

Reference 

trajectory

Motion 

direction

KUAVO-4 pro

humanoid robot

          (Waypoint 6) 

          (Waypoint 3)   
  

  
  
  

(W
a
y
p

o
in

t 
1
)

  
  

  
  
  

(W
a
y
p

o
in

t 
5
)

  
  

  
  
  

(W
a
y
p

o
in

t 
2
)

  
  

  
  
  

(W
a
y
p

o
in

t 
4
)  

  
  
  
  

(W
a
y
p

o
in

t 
3
)

(W
a
y
p

o
in

t 
6
)

Normalized expert 
weights

Point-line featuresScene images Expert attention
distribution 

Fig. 8 Visualization results of various experts at different waypoints of the teacher model in an indoor scene.
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Fig. 9 The trajectory generated by student model deployed on
the humanoid robot in indoor scene.

the student model inherited the teacher model’s tem-
poral stability and spatial consistency across different
scenes, highlighting the advantages of structural rep-
resentation fidelity and deployment efficiency brought
by hierarchical distillation.

To validate the performance of our method in out-
door scenes, we conducted experimental tests in a 27
m × 20 m corridor. This scene represents a typical

“structural repetition + texturelessness + dynamic
interference” scenario prone to scale drift and geomet-
ric degeneracy. Fig. 10 compares the ESHD model’s
generated trajectory (green) against the ground-truth
trajectory (red), while Fig. 11 further visualizes scene
characteristics and extracted features at key way-
points. Also, a complementary 3D dense point cloud
map was reconstructed for context. We find that,
despite challenges posed by weak textures, dynamic
disturbances, and structural repetition, the ESHD tra-
jectory maintained consistent alignment with reference
poses throughout the humanoid robot’s navigation,
exhibiting no significant deviation or distortion. This
demonstrates that the proposed distillation mecha-
nism effectively preserves the teacher model’s spa-
tial geometric representation capabilities, enabling the
lightweight student model to adapt to complex envi-
ronments.

Fig. 12 quantitatively describes the curve of the
ATE over time in the corridor. It can be observed
that throughout the entire process, the ATE of the
ESHD model always stayed within a small fluctua-
tion range. Even though there were some deviations
in the weakly - textured areas, there was no obvious
error accumulation. Even though local texture degra-
dation can cause short-term accuracy disturbances, the
error was always kept within an acceptable range, and
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Fig. 10 The trajectory generated by the student model in the corridor.
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Fig. 11 Scene images at different waypoints (top row) and extracted features (bottom row) in corridor.
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Table 5 The performance of algorithms in real scenes.

Scene Average ATE (cm) Runtime (s) Max ATE (cm) Std ATE (cm) Recall@5cm,5◦ (%)

Indoor 2.1 45.6 6.4 1.0 97.2
Corridor 3.4 62.5 12.3 1.7 93.1

Fig. 12 ATE curve of the ESHD model in corridor.

the predicted trajectory can maintain a stable spa-
tial trend. This indicates that the ESHD model not
merely performs robustly in indoor scenarios but can
also maintain long-term consistent localization ability
in typical geometrically degenerate environments such
as corridors.

From Table 5, it can be observed that in real indoor
environments, the ESHD student model achieved an
average ATE of approximately 2.1 cm, with a max-
imum error of 6.4 cm and a standard deviation of
around 1.0 cm. The Recall@5cm,5° metric reached
97.2%. Error fluctuations remained consistently within
a small centimeter-scale range over time, with only
a few frames approaching the threshold boundary.
Combined with the results in Fig. 6, it can be con-
cluded that the student model provided stable and
reliable localization results even under conditions of
self-occlusion and localized weak textures. In corri-
dor scene with more pronounced geometric degeneracy,
characterized by increased long linear structures and
repetitive patterns, the average ATE rised to 2.9 cm,
with a maximum error of approximately 12.3 cm and a
standard deviation of 1.7 cm. The Recall@5cm,5° met-
ric slightly decreased to 93.1%. Compared to indoor
environments, both error magnitude and fluctuations
increase in corridors, but the overall error remains
within a low range. The ATE curve exhibited a pattern
of “localized minor spikes followed by rapid recov-
ery”, without sustained drift or error bursts. This
demonstrates the student model’s strong localization
capability in large-scale scenes with rapid viewpoint
changes and structural degradation.

Overall, the experimental results demonstrate
that, despite substantially reduced parameters and
computational overhead, the ESHD student model
maintains centimeter-level accuracy during real-world
deployment on the humanoid robot, while keeping
Recall@5cm,5° consistently high across different sce-
narios. Moreover, the discrepancies between indoor
and corridor scenarios primarily manifest in extreme
frames and error fluctuations rather than catastrophic
accuracy collapse, indicating that the hierarchical dis-
tillation with expert selection awareness effectively

preserves the teacher model’s geometric representation
and robustness. This enables the lightweight student
model to meet the comprehensive requirements of real-
time performance and stability for long-term online
relocalization in humanoid robots.

6 Conclusion and future work

This paper proposed an adaptive visual relocaliza-
tion framework integrating MoE with ESHD, address-
ing the challenge of simultaneously achieving accu-
racy, stability, and real-time performance in humanoid
robot relocalization within complex environments. The
framework employed SuperPoint and DeepLSD for
point-line feature extraction at the frontend of the
constructed PL2Map scene coordinate regression net-
work. An MoE-Attentional GNN module was inserted
into PL2Map’s intermediate geometric feature space to
adaptively model diverse geometric patterns, enabling
robust relocalization through point-line 3D regres-
sion and geometric reprojection losses. Notably, the
ESHD hierarchical distillation mechanism jointly con-
strained feature-level, routing-level, and intermediate
Hint-level representations, successfully transferring the
teacher model’s structured reasoning capabilities to
a lightweight student model. This achieved signifi-
cant model compression (≈70% parameter reduction)
and inference acceleration (33.2 ms with the stu-
dent model) while maintaining comparable accuracy
and cross-scene consistency to the teacher. Experi-
mental results on 7-Scenes, Cambridge Landmarks,
Indoor-6 sequences, and the KUAVO-4pro humanoid
robot demonstrate that the MoE-ESHD framework
effectively balanced accuracy, robustness, and effi-
ciency, providing a theoretically sound and practically
valuable visual relocalization solution for resource-
constrained humanoid robots.

Future work will focus on further enhancing system
accuracy and generalization capabilities through two
complementary directions. First, we intend to integrate
advanced temporal modeling mechanisms (such as
lightweight Transformers or Recurrent units) to explic-
itly exploit short-term kinematic constraints generated
during humanoid gait cycles and upper-limb manip-
ulations. This will improve suppression of pose drift
during continuous operation by leveraging motion peri-
odicity. Second, while ESHD has achieved significant
model compression, we plan to investigate neural archi-
tecture search (NAS)-based automated optimization
to realize ultra-low-power, ultra-low-latency inference
on embedded processors (e.g., FPGA/ASIC), main-
taining distillation fidelity. Additionally, we plan to
extend the framework to multimodal relocalization by
fusing inertial measurement units (IMU) or LiDAR,
enabling robust operation in extreme scenarios (e.g.,
low-light or severe occlusion) where monocular vision
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fails completely-a critical capability for humanoid
autonomy in complex environments.
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