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Robotic design and optimization often require extensive simulation-based iterations, particularly for predicting
static deformations under varying postures, external loads, and gravitational conditions. Conventional finite
element simulations can achieve high accuracy but are computationally expensive, limiting their use in large-
scale design optimization. Data-driven approaches have emerged to accelerate prediction; however, most
existing methods are restricted to simplified scenarios, such as fixed geometries with varying poses or fixed poses
with varying loads, and typically predict only partial deformation at points rather than the full deformation field.
To enable fast and generalizable deformation prediction, a new neural operator architecture named Robot-NO is
developed. A geometric-load graph based on the finite element mesh connectivity, where each node encodes
spatial coordinates with local load conditions is constructed. A graph neural network is then employed to extract
a unified global representation that captures both geometric structure and external force distribution. A quer-
y—decoder module combines global features with arbitrary query-coordinates to predict the full deformation
field. This query-based formulation enables accurate continuous deformation prediction across varying robot
geometries, postures, and load conditions. Experimental results demonstrate that the proposed model achieves a
root mean square error of 0.91 ym in deformation prediction and is 6000 times faster than conventional finite
element simulations. This significant improvement enables rapid design, analysis and optimization for robotic
mechanisms.

achieving high-precision and reliable robotic performance [13]. How-
ever, predicting deformation in robots is inherently complex, as the
deformation field varies with both the geometric configuration and
spatial posture [14]. In practical design processes, thousands of simu-

1. Introduction

Robots offer significant advantages such as high flexibility [1], large
workspaces [2], low weight and relatively low cost [3], which make

them valuable in applications including surgical operations [4],
manufacturing[5], and assembly [6]. However, the mechanical stiffness
of robots strongly depends on their geometry and posture [7], and
substantial structural deformation can occur under varying gravitational
and loading conditions [8]. Such deformation significantly degrades the
positioning accuracy of the end-effector and adversely affects task per-
formance [9]. For example, in ophthalmic microsurgery, even a small
deformation of the robot structure can lead to loss of positioning pre-
cision [10], while in robotic milling, elastic deformation can distort the
intended tool path and surface quality [11].

To mitigate these effects, designers often optimize both the robot
structure and its task trajectory based on predicted deformation
behavior [12]. Accurate deformation modeling is therefore essential for
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lations are often required to evaluate candidate designs, configurations,
and loading conditions. Finite element analysis (FEA) can provide ac-
curate deformation estimates but incurs prohibitive computational
costs, making it unsuitable for iterative or large-scale design optimiza-
tion. Consequently, there is a pressing need for fast and accurate
deformation field prediction methods that can efficiently support the
design and optimization of robotic systems [15].

Existing approaches for robotic deformation field modeling and
prediction can generally be categorized into mechanics-based methods
and data-driven methods. Mechanics-based methods explicitly construct
physical or analytical models of the robot structure to estimate defor-
mation under external loads. Representative techniques include the
finite element method (FEM) [16,17], the matrix structural analysis
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(MSA) [18,19], and the virtual joint method (VJM) [20,21]. FEM pro-
vides high-fidelity results by discretizing the robot structure into finite
elements and solving the governing equilibrium equations. It can
accurately capture stress and strain distributions but requires substantial
computational resources, especially when analyzing different postures
and geometric configurations [22]. MSA simplifies the structure into
beam and joint elements, improving computational efficiency at the cost
of accuracy and flexibility [23]. The VJM further abstracts the structure
by modeling compliance through virtual springs at the joints, enabling
analytical formulation of end-effector deflection [24]. However, these
simplified methods rely on linear elasticity assumptions and predefined
structural parameters, making them unsuitable for predicting full-field
deformations across varying geometries and loading conditions [22].

In contrast, data-driven approaches bypass explicit structural
modeling by learning a direct mapping from inputs such as external
loads or robot postures to the resulting deformation field [25]. Early
efforts based on machine learning employed surrogate models such as
response surface methods [26] and Gaussian process regression [27,28]
to approximate the deformation or error response over design spaces.
These methods can accelerate optimization but are constrained by their
dependence on parameterized design variables and cannot generalize to
new geometries. Recent advances in deep learning have introduced
neural networks capable of learning complex nonlinear mappings from
load and pose parameters to deformation or stiffness outputs
[15,29-31]. Although these models achieve faster predictions than
mechanics-based methods, most are trained for fixed geometric config-
urations or specific postures and often predict deformation only at
discrete points rather than across the continuous field.

Recently, neural operators have emerged as a powerful paradigm for
learning mappings between continuous physical fields, enabling end-to-
end field-to-field prediction [32]. Unlike traditional neural networks
that approximate discrete input-output relationships, neural operators
learn the underlying functional mapping that governs system behavior,
thereby allowing inference at arbitrary spatial resolutions. Representa-
tive models such as DeepONet [33] and the Fourier Neural Operator
(FNO) [34] have demonstrated remarkable success in solving partial
differential equations and predicting complex physical phenomena,
including fluid flow solid mechanics, and heat transfer [35-39]. These
approaches provide a promising foundation for predicting deformation
fields in robotic structures, where the mapping from geometry and
external load to the deformation field can naturally be formulated as a
function-to-function problem.

However, most existing neural operator frameworks are designed for
fixed spatial domains, where the geometric configuration remains un-
changed across training and inference. This limitation constrains their
ability to generalize to systems with varying geometries or boundary
conditions. To address this issue, several recent studies have proposed
theoretically grounded extensions such as diffeomorphic neural opera-
tors [40,41], and transformer-based operator networks [42-44], which
incorporate spatial coordinate transformations or attention-based rep-
resentations to handle geometric variations. These methods have ach-
ieved progress in domains such as aerodynamic flow prediction and
manufacturing deformation modeling, where the geometry varies
moderately within a constrained shape family.

Despite these advances, robotic deformation field prediction remains
particularly challenging. Unlike components with limited geometric
variability, robots exhibit large-scale geometric changes across different
link geometries, postures and configurations, resulting in deformation
fields on varying domains and a wide workspace. Moreover, the
coupling between joint kinematics, gravity, and external loads in-
troduces highly nonlinear and configuration-dependent deformation
behavior. Consequently, developing a neural operator that can gener-
alize deformation field prediction across diverse robot geometries,
postures, and loading conditions remains an open challenge.

To address these challenges, Robot-NO, a novel neural operator
framework designed for fast and generalizable prediction of robotic
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deformation fields across varying geometries, postures, and loading
conditions, is proposed in this paper. Note that the geometry herein is
referred to as the joint and link dimensions rather than the robotic ar-
chitecture. The proposed method integrates geometric and load infor-
mation through a geometric-load graph and employs a Graph Neural
Network (GNN) to extract a unified structural representation in a low-
dimensional embedding space. A query-based decoder is then used to
predict continuous deformation fields at arbitrary spatial locations,
enabling resolution-independent inference, as shown in Fig. 1. This
formulation allows Robot-NO to overcome the limitations of fixed-
domain neural operators and conventional data-driven models,
achieving both high accuracy and strong generalization across the
configuration space of a robot. Through experiments on diverse robot
structures and working conditions, we demonstrate that Robot-NO de-
livers acceptable accuracy while outperforming finite element analysis
by four orders of magnitude in computational efficiency. This study
provides an effective and scalable deformation prediction approach that
supports real-time and large-scale robotic design and optimization.

2. Problem formulation

The deformation field considered in this study is governed by static
structural mechanics, where the robot experiences elastic deformation
under the combined influence of gravity and external concentrated
loads. For a robot structure with varying geometries and postures, the
resulting deformation depends on the spatial distribution of material
properties, the gravitational field defined by the current configuration,
and the external forces applied at specific nodes or surfaces.

Let the robot structure occupy a spatial domain QcR® with boundary
0Q. The deformation field is described by the displacement vector u(x) €
R3 at spatial coordinate x € Q. Under the assumption of linear elasticity,
the static deformation obeys the equilibrium equation,

V-6(x) + f(x) =0 in Q, €3]

where ¢(x) is the Cauchy stress tensor and f(x) represents the body force
field. In this work, f(x) includes the gravity-induced force determined by
the robot posture. The stress tensor is related to the strain tensor &(x)
through the constitutive equation,

o(x) = C(x) e(x), )
where C(x) is the elasticity tensor. The strain is defined as,

1
) =5 (Vu(x) + Vux)"). 3

Boundary conditions specify the mechanical constraints on the robot
structure. In robotic systems, boundary constraints typically arise at the
robot base, mounting surfaces, or joint interfaces. These constraints are
commonly modeled as fixed boundary conditions, where the displace-
ment at the constrained locations is set to zero. Let I', C 0Q denote the
set of nodes under fixed constraints. The Dirichlet boundary condition
can be written as,

u(x) =0 on I'p. @

External concentrated loads are applied on nodes or surfaces such as
end-effectors, tools, or structural attachment points. Let I'y C 0Q denote
the load-bearing boundary, where the Neumann condition is expressed
as,

o(x)n(x) = p(x) on Ty, 5)
where n(x) is the outward normal vector and p(x) the applied load.
For robots, both the domain Q and the body force field f(x) vary with

the joint configuration and geometric parameters. The deformation field
can therefore be expressed as a functional mapping,

u(x) = 7(Q, f(x), p(x)), ©)
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Fig. 1. Overview of Robot-NO for deformation fields prediction.

where .7 denotes the solution operator of the static elasticity equations.
More generally, the relationship between geometry, gravity, external
loads, and the resulting displacement field can be written in operator
form as,

7 (Q, f(x), p(x) )—u(x), @

Together with the body force field f(x) induced by gravity and
configuration-dependent orientation, these boundary conditions fully
describe the static equilibrium of the robot under given posture and
loading settings.

Efficiently approximating this operator .7 across diverse robot ge-
ometries, postures, and loading conditions is the objective of this work.
The proposed neural operator framework aims to learn a generalizable
and accurate approximation of .7, enabling fast prediction of contin-
uous deformation fields in robotic design and optimization.

3. Robot-NO framework

This section presents the proposed Robot-NO framework for gener-
alizable deformation field prediction across diverse robotic geometries,
postures, and loading conditions. Building upon the operator formula-
tion introduced in the previous section, the proposed framework learns
an approximation of the deformation operator by combining geometric
representation, load encoding, and continuous field decoding. The
method consists of three main components. First, the robot geometry
and external load information are converted into a geometry-load graph
that characterizes the spatial domain and force distribution. Second, a
GNN extracts a unified structural representation in a low-dimensional
embedding space from this graph, capturing the relationship between
geometry, postures, and applied loads. Finally, a query-based decoder

l.\/lis.h :’ Node v) ! 1
| (.
WARVERN ., GNN
/ Edge _—
L
Edge (e)

G = (V,E)

Coordinates (g)

Load forces(h)

Robot geometry

receives arbitrary spatial coordinates together with the global structural
representation and predicts the corresponding deformation values,
enabling continuous and resolution-independent field inference, as
shown in Fig. 2. The details of each component are described in the
following subsections.

3.1. Geometric-load graph construction

To represent the robot geometry and loading conditions in a form
suitable for operator learning, the spatial domain is discretized into a
mesh and converted into a geometry-load graph. Let the robot geometry
be sampled into a set of points,

V={xeRi=1,-,N}, (8)

where each x; = (x,y,z) denotes a node in the discretized domain.
Connectivity between neighboring points is defined based on the mesh

structure, forming an edge set,

)]

The geometric domain is therefore represented as an undirected
graph,

G=(V,E).

E = {(i,j)|x; and x; are adjacent }.

(10

Each node x; is associated with a feature vector h; that encodes both
geometric information and external load conditions. The geometric

attribute is simply the node coordinate,
8i = Xi. an

External concentrated loads are expressed as three-dimensional

’ Query \
coordinate

%o [ faa] .

Geometry-load embedding

Fig. 2. Architecture of Robot-NO.
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vectors,
pi = (5, P, P}), a2

where p¥, p!, and p? denote the load components along the x, y, and z
axes of the Euclidean coordinate frame. For nodes without external
loads, p; = (0, 0, 0).

The node feature is then defined as,

hi = [g;, pil- 13)

Gravity is treated as a uniform body force whose direction is deter-
mined entirely by the robot posture. Since geometry implicitly de-
termines both the spatial domain and the orientation-dependent
contribution of gravity. Thus, the posture is encoded in the spatial co-
ordinates {x;}, the gravitational effect does not require explicit node-
level encoding.

The geometric-load graph provides a unified representation of the
robot’s shape, posture, and external concentrated forces. This graph
serves as the input to the subsequent GNN. For clarity, the complete
input representation can be written as,

G = (V,E H), (14)

where H = {h;}Y, denotes the set of node features containing both
geometric coordinates and load vectors.

3.2. Graph neural network encoding and embedding

The geometric-load graph provides node features and connectivity
information that describe the robot geometry and external forces. To
extract a unified global representation from this graph, a GNN is
employed to aggregate and transform node-level information. This
unified representation captures the essential structural and functional
relationships across the geometry, posture, and external loading condi-
tion, which is important for efficient learning and generalization, and
enabling the model to effectively approximate the underlying defor-
mation operator and predict continuous deformation fields across
diverse configurations.

Let hY denote the initial feature of node i, consisting of its geometric
coordinate and load vector. The connectivity encoded in the edge set E
determines the neighborhood structure over which message passing is
performed. For each node i, messages are exchanged only with nodes
connected by edges (i,j) € E. At the k-th layer of the GNN, the message
aggregation and node feature update are given by,

m= )" ¢m(hl-k7 h,'-‘>7 (15)
j:(ij)€E
R = gy (R, ), 6

where ¢, and ¢, are learnable message and update functions imple-
mented with multilayer perceptions.

Through this edge-based aggregation, each node iteratively in-
corporates information from its neighbors, enabling the network to
capture the geometric relationships and local load transfer patterns
induced by the structure.

After K rounds of message passing, the node features {hf(} encode

both local and nonlocal structural information. To obtain a compact
latent embedding z that summarizes the global characteristics of the
geometry and loading conditions, an average pooling operator is applied
across all nodes,

1«
2 =— hi' a7)
M2

The resulting latent embedding vector z € R? captures essential
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attributes of the robot structure, including, geometry, posture, and
concentrated loads. This global representation is used as the structural
input to the query-based neural operator decoder.

The graph neural encoding provides two key advantages for defor-
mation field prediction. First, through iterative aggregation of node
features, the GNN effectively extracts the structural patterns embedded
in the geometric-load graph, including the relationships between ge-
ometry, posture, and applied forces. Second, the global latent vector
produced by pooling condenses this information into a compact repre-
sentation that summarizes the essential mechanical characteristics of the
structure. This latent representation serves as the foundation for pre-
dicting continuous deformation fields in the subsequent neural operator
decoder.

3.3. Query-based neural operator decoder

The global latent vector z extracted from the geometric-load graph
encodes the structural characteristics of the robot under a specific ge-
ometry, posture, and loading condition. To obtain the deformation field
at arbitrary spatial locations, the proposed framework employs a query-
based decoder that maps any query coordinate to its corresponding
displacement value. Let x; € R® denote a query point in the geometric
domain. The decoder receives both the query coordinate and the global
representation as inputs, forming the feature,7, = [xq, 2].

A multilayer perception is then used to approximate the operator
evaluation at this coordinate,

ﬂ(xq) = ¢dec (r]q) ) (18)

where TU(xq) = [Ty, Uy, U;] € R? represents the predicted displacement
components in the x, y, and z directions.

This formulation treats deformation prediction as a function evalu-
ation problem defined over a continuous domain. Since the decoder
operates on arbitrary query coordinates rather than pre-defined mesh
nodes, it enables resolution-independent prediction, allowing the model
to evaluate the deformation field at any spatial resolution or sampling
density. This contrasts with traditional data-driven regression models
that are tied to fixed discretization and can only output deformation
values at predetermined nodes.

By conditioning the prediction on the global representation z, the
decoder effectively captures the influence of geometry, gravity orien-
tation, and external loads on the deformation response. The query-based
structure allows the network to approximate the underlying deforma-
tion operator,

To:(Q, p)u(x,), 19)

where 6 denotes the trainable parameters of the neural network. This
formulation enables the model to learn a continuous mapping from
spatial coordinates to displacement values and to generalize deforma-
tion prediction across different geometries and poses while producing
full-field outputs suitable for design and optimization tasks.

The neural operator T o is trained to approximate the true defor-
mation operator by minimizing the discrepancy between predicted and
reference displacement fields across all training samples. For each

sample n, a set of query points {x;‘} is selected from its geometric

domain, and the predicted displacement ﬁ(x;) is compared with the

ground-truth displacement u(x’;). The overall training objective is the

mean squared error computed across all samples and all query points,

7= g (1))

1() ~u()r" 0

where N is the total number of training samples and Q, is the number of
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query points for sample n. w is a weight function used to adaptively scale
the squared error according to the magnitude of the ground-truth target,
so that regions with larger physical response receive higher training
emphasis. This objective enforces pointwise accuracy of the predicted
deformation field over diverse geometries, postures, and loading con-
ditions. By minimizing -, the model learns a generalizable neural
operator capable of predicting continuous deformation fields. The
overall formulation allows the network to approximate the underlying
static deformation operator across varying geometries, postures, and
loading conditions.

4. Implementation details and experimental results

This section describes the data generation process and the imple-
mentation details of the proposed framework. The robot is parameter-
ized at the joint level and assembled automatically, allowing the
creation of diverse instances with varying geometries and postures.
These configurations are used to generate deformation samples under
different gravity orientations and external loads. The model setup,
training procedure, and inference settings are then introduced. Finally,
the prediction performance and comparisons with baseline methods are
presented.

4.1. Dataset generation details

To evaluate the proposed method, a serial robotic configuration was
selected as the test platform. The robot consists of seven structural
components, including the base, link1, link21, link22, link3, link4, and
the end effector. Each component is parameterized to allow variations in
its geometric dimensions, as illustrated in Fig. 3. The specific parameter
ranges for each joint and link are summarized in Table 1. By sampling
these parameters, a large number of robot geometries can be generated.

The connections between link components are modeled using stan-
dardized shaft-hole interfaces, i.e. revolute joints. Similarly, link21 and
link22 are connected to linkl via two parallel shaft-hole pairs. This
consistent interface design allows the automatic construction of robot
forward kinematic model by extracting D-H parameters. To obtain
deformation samples under different robot configurations, each joint is
associated with a local base frame (By, By, B;) and a following frame (F,,
F,,F;), as shown in Fig. 3. The local base frame of the next link is aligned
with the following frame of the previous link, enabling sequential as-
sembly of a robot. Then, by randomly sampling the rotation angles of the
five actuated joints within the limits shown in Table 2, robots with
diverse spatial postures are generated. Representative examples of
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Table 1
Ranges of allowable geometry parameters (unit: mm).
Component  Parameter  Range Component  Parameter Range (mm)
(mm)
Base L, 130 ~ Link 1 L 100 ~ 140
250
wp 100 ~ w1 40 ~ 60
250
hy 40 ~ h 40 ~ 60
60
T1p 20 ~ Ly L
30 20~ (5 710)
hpy 20 ~ hyp 20 ~ 40
40
Tz 20 ~ 40
Link 21 153 200 ~ Link 3 I3 100 ~ 160
300
Link 22 Wy 20 ~ w3 40 ~ 60
30
hy 50 ~ hs 20 ~ 80
70
r3 20 ~ 35
Is4 20 ~ 60
Link 4 N 70 ~ End L (80 ~ 140)*
100 effector 4/10 ~7/
10)
Wy 60 ~ he 30 ~ 80
100
hy 50 ~ We 30~(w4 —16)
80
lyz 5~20 Wae (Wa —we)/2
r4 10 ~ Te min(w, hy)/2
20
Lot 50~ Ler 20 ~ 40
14 —-8)
14, lslot*g

sampled configurations are shown in Fig. 4.

External forces are applied at the designated force application point
on the end effector. The load is represented as a three-dimensional
vector consisting of the force components in the X, Y, and Z di-
rections. The range of each force component ranges from —20 N to 20 N.

The robot components are assumed to be made of aluminum alloy,
with material properties defined by an elastic modulus of 71.7 GPa, a

density of 2700 kg/m®, a Poisson’s ratio 0.33 and a gravitational

Base Link1 Link21/Link22 Link3 Link4 End effector
i N\ W 712 \"Vl W2 \'AV; V 2 i3 W,
. h 50 h,
Link Geometry ng e Ll gy Laotiy] ha ‘o [he
w; / \ /
W k. KN N
A
K vi"’ K A” k Bt jﬂ\ 7
Coordinates frame ~,+{%s &1 AWL L & ’;;”’
5 { re. \L PR A LN
s, AN W 5 g

Case 1

Case 2

@
@V

rd
7”7

»
@

Fig. 3. Schematic representation of the parameterized robot joints.
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Table 2
Ranges of allowable joint rotation angles.
Joint Joint 1 Joint 21 Joint 22 Joint 3 Joint 4 Joint 5
Range 0" ~ 360 30" ~ 150 30" ~ 150 —90" ~ 90" 0 ~120° —90" ~ 90"
Configuration 1 Configuration 2 Configuration 3 Configuration 4
500
500
400
400 n 400 400
300 - € 300
Robot 1 T E 300 £ %0
E200 = N 200 E
~ N 200 ~ 200
100 5 - 100 100
0 100 0 0 0 100
200 100 P 0
° 100 300 0 100 , '00“ 0 100 -w 0 100 100
200 X (mm) 200 X 200 % 200 X (mm)
Y (mm) Y (mm) (mm) Y (mm) X (mm) Y (mm)
400 400 .
= 300 0
: 200 £ E 300
Robot 2 ~ E 200 200 3
100 ™ E N 200
100 N 100 200
0 , 100 100
0 0 0 0
200 mo 100 = 100 100 £ , ﬁ
00 100 L X (mm) 1
Y (mm) X (mm) Y (mm) X (mm) Y (mm) Y (mm) X (mm)

Fig. 4. Representative robot configurations generated by sampling joint rotation angles.

acceleration of 9.8 m/s2. All robot assemblies and static deformation
simulations were performed in Abaqus for generating data for training
and benchmarking. An automatic meshing procedure with tetrahedral
elements of maximum size of 10 mm is used for robot geometry dis-
cretization, resulting in varying numbers of nodes and elements across
the dataset. Combining geometric variations, random joint angles, and
variable external loads, a total of 9000 robot instances were generated,
each corresponding to a unique combination of geometry, posture, and
loading condition.

The geometric-load graph used as the operator input is constructed
from the surface mesh extracted from the FEM software, where the mesh
nodes and their connectivity provide the graph nodes and edges. While
FEA relies on elements for volumetric integration and solving equilib-
rium equations, Robot-NO approximates the solution operator by
learning the mapping between inputs (geometry-load) and output
(deformation) field. The node-edge graph is adopted because it provides
a simple representation and precise characterization of geometric con-
nectivity, while leveraging the inherent ability of GNNs to process
complex structural topologies of meshes. For each robot instance, all
mesh nodes are used as query points for supervising the continuous
deformation field.

4.2. Implementation details of Robot-NO

The proposed Robot-NO framework is implemented using PyTorch
and trained on an NVIDIA TITAN RTX GPU. The model architecture
comprises a GNN-based encoder and a multi-head query decoder,
totaling 310,023 trainable parameters. Specifically, the GNN-based
encoder utilizes four Graph Convolutional Network (GCN) layers with
successive output dimensions of 64, 128, and 256 to aggregate geo-
metric and loading features from the mesh topology. A global pooling
layer then condenses these features into a latent structural embedding.
This embedding is processed through a linear layer to form a 128-dimen-
sional unified global representation.

For the decoding stage, a query-based module maps this global

representation along with arbitrary spatial coordinates to the predicted
deformation field. The decoder architecture employs three parallel
output heads for the three displacement components, each consisting of
two linear layers with a hidden dimension of 128 and Parametric ReLU
(PReLU) activation functions to capture complex nonlinear structural
responses.

The training process utilizes the Adam optimizer with a weight decay
of 0.00001 to minimize the mean squared error (MSE) loss between the
predicted and ground-truth displacement fields. The model is trained
with an initial learning rate of 0.0003 and a batch size of 128. All linear
layers are initialized using the Xavier normal distribution to facilitate
stable convergence.

4.3. Experimental results

4.3.1. Case Studies: Full-field deformation prediction

To evaluate the prediction performance of the proposed operator, we
first examine two representative robot cases with different geometries,
postures, and external loads. For each case, the deformation fields along
the X, Y, and Z directions are visualized and compared with the refer-
ence fields obtained from Abaqus simulation. The corresponding error
distributions and slice-based internal views are also provided to illus-
trate the accuracy of the predicted full-field deformation.

For Case 1, the predicted deformation fields closely match the
ground-truth distributions in all three directions, as illustrated in Fig. 5.
The spatial patterns, deformation gradients, and relative magnitudes are
well reproduced, indicating that the model effectively captures both the
global deformation trend and the fine-scale local variations. In partic-
ular, the predicted fields exhibit smooth and continuous deformation
profiles across the entire structure, consistent with the physical char-
acteristics of elastic deformation. The model also accurately captures
localized high-gradient regions, such as the joint interfaces and
connection areas where deformation changes rapidly due to geometric
discontinuities or concentrated stiffness variations. The absolute error
remains small throughout the structure, and the slice-based
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Absolute error slices

Ground truth-X Prediction-X
(um) (um)
38.08 38.08
18.86 18.86
-0.36 -0.36
Ground truth-Y Prediction-Y
(um) (um)
22.61 22.61
10.50 10.50
-1.61 -1.61
Ground truth-Z Prediction-Z
(um) (um)
3.73 3.73
-13.76 -13.76
-31.25 -31.25

(um) (um)
38.43 I38.43
19.22 i 19.21
0.00 |OOO
Absolute error-Y Absolute error slices
(um) (um)
24.23 38.43
- |
12.11 j 19.21
0.00 0.00
Absolute error-Z Absolute error slices
(um) (um)
34.98 38.43
-~ |
17.49 é 19.21
0.00 0.00

Fig. 5. Full-field deformation prediction for Case 1.

visualizations further confirm that the prediction accuracy extends from
the surface mesh to the interior of the geometry. These results demon-
strate that the learned operator not only preserves field continuity but
also delivers reliable predictions across both smooth regions and me-
chanically sensitive areas with sharp deformation gradients.

Case 2 shows similar consistency, as shown in Fig. 6. The predicted
fields in the X, Y, and Z directions again exhibit agreement with the
reference results. Internal slice views also show low error levels, con-
firming the reliability of the model across different loading and
configuration settings.

Quantitative results for the two cases are summarized in Table 3.
Case 1 achieves mean absolute errors (MAE) of 0.95um, 0.93 um and
1.43yminthe X, Y, and Z directions, respectively. Case 2 yields errors of
0.76 ym, 1.19 ym and 0.82 ym in the X, Y, and Z directions, respectively.
These examples demonstrate that the proposed Robot-NO model pro-
vides highly accurate full-field deformation predictions across different
robot geometries and postures.

4.3.2. Effect of configuration variations

To evaluate the ability of the proposed method to generalize across
different joint configurations, a set of robot postures was generated for a
fixed geometric design with 5 N force in each direction. Each configu-
ration corresponds to a unique combination of joint angles, resulting in
distinct spatial poses and gravity orientations. The distribution of end-
effector positions together with the associated prediction MAE is
shown in Figs. 7-9, covering a broad region of the workspace. In these
figures, each point represents the end-effector location of a particular
configuration, with its color indicating the MAE for that configuration.
Four representative configurations with substantial differences in
posture are further visualized to illustrate the detailed prediction results

for the X, Y, and Z displacement components.

Across all three directions, the predicted deformation fields closely
match the reference solutions, and the spatial deformation patterns
remain consistent over the full range of sampled configurations. The
MAE stays within the micrometer range for all cases, demonstrating that
the model accurately captures configuration-dependent deformation
behaviors. Overall, the results indicate that Robot-NO maintains high
prediction accuracy under significant variations in joint angles and
workspace locations. The method generalizes effectively to a wide va-
riety of configurations, confirming that the learned neural operator
successfully models the intrinsic relationship between posture and
deformation.

In addition to examining representative configurations, the predic-
tion errors were further analyzed across the full range of the six joint
angles. Fig. 10 shows the MAE distribution for the X, Y, and Z defor-
mation along the joint angles. Each point corresponds to a single robot
configuration, and the color represents its prediction MAE. The error
distributions remain smooth and uniformly low across all angle in-
tervals. This indicates that the model does not exhibit sensitivity to any
specific joint rotation and that local changes in a single joint angle do not
lead to systematic error variations and further validates the robustness
of Robot-NO across the entire configuration domain.

Table 4 shows the overall MAE and Root Mean Square Error (RMSE)
for the X, Y, and Z displacement components. The MAE are 0.49 ym,
0.38um, and 0.51 ym, respectively, while the corresponding RMSE
values remain below 0.60 yum in all directions. To further quantify the
prediction stability, a violin plot of the MAE across all test samples is
presented in Fig. 10(d). The distribution reveals that for all three
displacement components, the errors are highly concentrated in the sub-
micrometer range, with the median values consistently below 0.6 ym.
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Fig. 6. Full-field deformation prediction for Case 2.

These error levels across thousands of distinct joint configurations
confirm that Robot-NO provides stable and configuration-independent

Table 3
MA)E for Case 1 and Case 2 in the X, Y, and Z deformation components (units: deformation prediction performance.
um).
Case X MAE (um) Y MAE (um) Z MAE (um) 4.3.3. Effect of force variations
1 0.95 0.93 1.40 To validate the robustness of the proposed method under diverse
2 0.76 1.19 0.82 loading conditions, the deformation prediction accuracy across a wide
range of external forces applied at the end-effector was further evalu-
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Fig. 7. MAE across different robot configurations for the predicted deformation in X direction.
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Fig. 9. MAE across different robot configurations for the predicted deformation in Z direction.

ated. Two robot configurations were selected, and for each configura-
tion, 500 load vectors were generated by independently sampling the
three force components within the predefined ranges. The prediction
MAE for the X, Y, and Z deformation components under each load vector
is visualized in Fig. 11, where the three axes correspond to the force
components (Fx,Fy,Fz), and the color of each point denotes the resulting
MAE.

It can be seen from the figure, across both robot configurations, the
error distributions remain consistently low throughout the sampled
force space. However, several load-dependent patterns can also be
observed. For Pose 1, the MAE in the X direction shows a slight increase
when the applied Fx component becomes large. A similar trend appears
in Pose 2 for the Y direction, where larger F, values correspond to mildly
higher prediction errors. These phenomena are consistent with the fact
that different robot postures exhibit different stiffness characteristics,
and stronger directional loading may lead to larger or more nonlinear
deformation responses, making the prediction task more challenging.
Despite these localized increases, the errors remain within the micro-
meter range across all load combinations, indicating that the proposed
operator maintains reliable accuracy even under force amplitudes that

significantly vary in direction and magnitude. These results confirm that
Robot-NO maintains stable and load-independent performance,
enabling accurate deformation prediction under diverse and unpre-
dictable external loading conditions.

The error statistics for the two sampled robot poses are summarized
in Table 5. For Pose 1, the MAE values for the X, Y, and Z deformation
components are 0.96 ym, 0.62 ym, and 0.56 ym, respectively, with cor-
responding RMSE values remaining below 1.10um. Pose 2 exhibits
slightly lower errors overall, with MAE values of 0.67 ym, 0.62 ym, and
0.51 ym. These results indicate that, although loading-direction effects
cause modest variations in prediction accuracy between poses, the
model consistently maintains sub-micrometer to low-micrometer error
levels in all directions.

4.3.4. Effect of meshing size

To evaluate the resolution independence and generalizability of
Robot-NO across different discretization scales, an ablation study was
conducted using varying mesh densities. While the model was originally
trained on a dataset discretized at a 10 mm mesh size, its performance
was tested across 30 distinct robot configurations using three different
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(b) Error distribution in Y direction along joints angle
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Fig. 10. (a—c) MAE distribution of predicted deformation in X, Y, and Z across full predefined ranges (in radians) of the six joint angles. (d) MAE distribution in X, Y,

and Z directions.

Table 4
Overall MAE and RMSE of the predicted displacement components across all
sampled robot configurations.

Directions X Y Z
MAE (um) 0.49 0.38 0.51
RMSE (um) 0.56 0.43 0.56

mesh sizes: 10 mm, 8 mm, and 5 mm.

As shown in Table 6, the prediction accuracy remains stable across
all tested resolutions. For instance, the MAE in the X direction only
fluctuates slightly from 0.85 ym (at 10 mm) to 0.9 um (at 8 mm) and 1.06
um (at 5 mm). Similar trends are observed in the Y and Z components,
where the error metrics remain within a narrow micrometer-level range
(0.24 um) despite the significant increase in node density at mesh scales.

This stability is primarily attributed to the query-based decoder
formulation. Unlike traditional GNNs that are tied to specific nodal
indices, Robot-NO treats deformation prediction as a continuous func-
tion evaluation problem. By mapping global structural embeddings to
arbitrary query coordinates, the model effectively approximates the
underlying physical operator rather than just the discrete nodal dis-
placements. These results demonstrate that Robot-NO is highly robust to
variations in mesh discretization, providing consistent and accurate full-
field predictions regardless of the input mesh resolution
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4.3.5. Effect of geometries variations

Robot structural deformation is strongly influenced by its geometric
design, and a key requirement for operator-based prediction models is
the ability to generalize across different robot geometries. To evaluate
this capability, a dataset of 250 robot instances by randomly sampling
geometric parameters together with corresponding joint configurations
and external forces was generated. This setting provides a comprehen-
sive evaluation scenario in which geometry, posture, and load jointly
vary, allowing us to isolate and examine the influence of geometry on
prediction accuracy.

Fig. 12 shows the MAE distributions for the X, Y, and Z deformation
components with respect to each geometric parameter. The sampled
points span the full predefined ranges of all parameters, indicating
adequate geometric coverage. Across nearly all parameters, the pre-
diction errors remain within the micrometer range, demonstrating
robust performance under geometric variability.

Nevertheless, several parameters exhibit slightly larger spreads. For
instance, increases in link lengths (e.g., I, I3, l4) or radii (e.g., r1p) that
lead to larger lever arms can introduce larger deformation behavior,
which results in broader error distributions. These parameters directly
affect the global stiffness distribution, leading to larger deformation
magnitudes and stronger coupling between geometry, posture, and
loading. As a result, small variations in these parameters can induce
more pronounced changes in the deformation field, making accurate
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Fig. 11. Prediction MAE of the X, Y, and Z deformation components under randomly sampled external load combinations for two robot configurations.

Table 5
MAE and RMSE of the predicted displacement components under 500 randomly
sampled external load combinations for two representative robot configurations.

Pose Pose 1 Pose 2
MAE (um) RMSE (um) MAE (um) RMSE (um)
X 0.96 1.10 0.67 0.73
Y 0.62 0.70 0.62 0.70
Z 0.56 0.57 0.51 0.53
Table 6

Prediction results under different mesh discretization sizes (10 mm, 8 mm, and 5
mm).

Direction Metric 5 mm 8 mm 10 mm

X MAE (um) 1.06 0.90 0.85
RMSE (um) 1.65 1.44 1.29

Y MAE (um) 1.08 0.95 0.84
RMSE (um) 1.75 1.61 1.37

Z MAE (um) 0.92 0.83 0.73
RMSE (um) 1.45 1.34 1.13

prediction inherently more challenging.

In contrast, some geometric parameters (e.g., I, wp, hp) with more
localized structural influence show consistently small errors with nar-
row variance. These parameters have limited impact on the global load
transfer paths and overall structural compliance, resulting in deforma-
tion patterns that are easier for the model to capture. Importantly,
despite these parameter-dependent variations, the overall error levels
remain low across the entire geometric space.

To further quantify the geometric influence, Fig. 13 shows the
Pearson correlation coefficients between each geometric parameter and
the prediction errors. For all three deformation components, the corre-
lations lie mostly within +0.1, indicating weak linear relationships and
suggesting that no single parameter dominates the prediction error. A
few parameters, however, show moderate correlations above 0.1.
Notably, r1, which corresponds to a key structural radius in the first link
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connection, exhibits negative correlations in all three directions,
reflecting its strong influence on local stiffness and the deformation
pattern of the entire mechanism. Other parameters with slightly
elevated correlations include those associated with major load-bearing
cross-sections and link lengths, consistent with their mechanical sig-
nificance. Overall, the low correlation magnitudes confirm that the
model is not sensitive to specific geometric features and remains reliable
across diverse robot designs.

To evaluate this capability and systematically isolate the contribu-
tions of the proposed architectural components, an ablation study on a
dataset of 250 robot instances with randomly sampled geometric pa-
rameters, postures, and loading conditions was conducted. Several
model variants were established to verify the necessity of the geo-
metric-load graph, the GNN encoder, and the query module.

Specifically, to test the importance of geometry-load (GL) input,
Robot-NO-GL was designed to process geometry and load (GL) sepa-
rately, concatenating the load vector only after extracting the geometric
latent embedding. To evaluate the graph-based topological representa-
tion against spatial-based methods, the GNN encoder and the query
decoder were replaced with Point Transformer framework, resulting in
PT-GE-GL (Geometry Encoder) and PT-FD-GL (Field Decoder), respec-
tively, both utilizing the full geometry-load data. Table 7 summarizes
the MAE and RMSE of the proposed method (Robot-NO) and other
ablation models.

It can be seen from Table 7 that the models utilizing Point Trans-
formers as encoders (PT-GE-GL) exhibit significantly inferior perfor-
mance compared to the proposed GNN-based framework. This is
primarily because Point Transformers rely on spatial neighborhood ag-
gregation, which prioritizes proximal points while potentially ignoring
the actual mechanical connectivity of the robot. In robotic structures,
mechanical stiffness is governed by structural joints and interfaces; a
point-cloud-based approach may misinterpret non-connected proximal
regions as coupled, thereby failing to capture the intrinsic relationship
between geometry, load, and the resulting deformation field. Conse-
quently, when Point Transformers is applied to the field decoding stage
(PT-FD-GL), the results further deteriorate, especially for full-field out-
puts. The neglect of physical topology causes the model to struggle be-
tween maintaining field continuity and interpreting spatial distances,
which underscores the necessity of using Graph Neural Networks to
extract geometric features in problems where deformation is tightly
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Fig. 12. MAE of the predicted X, Y, and Z deformation components across all sampled geometric parameters.

coupled with complex mechanical structures.

The predictive accuracy of Robot-NO is substantially higher than
that of the separated formulation (Robot-NO-GL) and even lower than
that of the PT-GE-GL variant. This demonstrates that a unified geometry-
load representation allows the model to more effectively discover how
external loads, when applied at different locations, propagate through
the geometric topology to influence the deformation field.

Furthermore, the proposed method was compared with two versions
of Transolver, a representative transformer-based neural operator [41].
Transolver was trained using the same dataset, loss function, and
training hyperparameters as Robot-NO. The only difference was the
batch size, which was set to 32 due to GPU memory limitations. The
network architecture remained at its default settings, without modifi-
cations or task-specific tuning. The difference between the versions of
Transolver is their parameter sizes, where the first version has 1,807,051
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parameters (TS-Large-GL), and the second version has 297,071 param-
eters (TS-Small-GL), which is closer to the parameter count of Robot-NO.

Robot-NO, with 310,023 parameters, significantly outperforms TS-
Large-GL (1,807,051 parameters), across all displacement components.
Robot-NO achieves MAE of 0.92 + 0.51 ym, 0.88 + 0.50 yum, and 0.87 +
0.43 um for the X, Y, and Z components, respectively, with similarly low
RMSE values. Compared to the Transolver-Large (1,807,051 parame-
ters), Robot-NO improves the MAE by an average of 20.06%, achieving a
prediction RMSE of 0.91 ym.

While the smaller version of TS-Small-GL (297,071 parameters)
shows a smaller average error in the Z components compared to Robot-
NO, it exhibits larger error variance. Additionally, Robot-NO shows a
high accuracy compare with Transolver in the X and Y components. This
suggests that TS-Small-GL may be prone to local optima in multi-
directional predictions, leading to less consistent performance across
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Fig. 13. Pearson correlation coefficients between geometric parameters and prediction errors in the X, Y, and Z deformation components.

Table 7
Overall MAE and RMSE of the predicted displacement components across 250
robot instances with randomly sampled geometric parameters.

Model Index X Y Z Inference
time
Robot-NO MAE 0.92 + 0.88 + 0.87 £ 0.0058 s
(Params: (um) 0.51 0.50 0.43
310,023) RMSE 0.95 + 0.90 + 0.89 +
(um) 0.54 0.52 0.45
Robot-NO-GL MAE 2.46 + 219 + 2.95 + 0.0051 s
(Params: (um) 2.57 2.22 2.75
309,831) RMSE 2.54 + 227 + 3.09 +
(um) 2.61 2.27 2.90
PT-GE-GL MAE 1.47 + 1.46 + 1.22 + 0.0121 s
(Params: (um) 0.92 0.89 0.70
706,311) RMSE 1.50 + 1.50 + 1.25 +
(um) 0.94 0.92 0.73
PT-FD-GL MAE 5.58 + 4.32 + 371 £ 0.0113 s
(Params: (um) 3.33 2.93 1.86
706,311) RMSE 5.68 + 4.42 + 3.78 +
(um) 3.39 3.05 1.99
TS-Large-GL MAE 1.22 + 1.15+ 0.97 + 0.0095 s
(Params: (um) 0.90 0.88 0.72
1,807,051) RMSE 1.26 + 1.18 £ 1.00 +
(um) 0.91 0.90 0.75
TS-Small- GL MAE 1.13 + 1.23 + 0.72 £ 0.0055 s
(Params: (um) 0.94 1.12 0.67
297,071) RMSE 117 + 1.27 + 0.75 +
(um) 0.96 1.14 0.69

all displacement components. In contrast, Robot-NO maintains smaller
error variance in all three directions. Compared to the TS-Small-GL
(297,071 parameters), Robot-NO improves the MAE by 13.31% on
average.

To provide a more intuitive comparison of model reliability, a violin
plot illustrating the MAE distributions of Robot-NO and the two Trans-
olver baselines are presented in Fig. 14. As shown in Fig. 14, Robot-NO
shows consistently more compact error distributions across all three
directions, with interquartile ranges (IQRs) of 0.62 uym, 0.58 ym, and
0.53 pm in X, Y and Z directions, respectively. In contrast, both Trans-
olver variants exhibit substantially broader distributions in all di-
rections. For TS-Large-GL, the IQRs increase to 1.15 ym, 1.55 ym, and
0.79 pmin X, Y, and Z, respectively, comparing to 1.13 um, 1.36 um, and
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0.80 ym from TS-Small-GL. These results quantitatively confirm that
Robot-NO achieves consistently tighter error distributions and better
prediction stability across all spatial directions.

These results highlight that geometry-load graph representation and
query-decoder formulation of the proposed method are better aligned
with the structural mechanics characteristics of robotic components.
Even under substantial geometric variability, Robot-NO maintains sta-
ble micrometer-level accuracy, demonstrating generalization capability
across continuously changing geometric domains.

To quantitatively evaluate the geometric generalization of Robot-
NO, the distributional relationship between the training and test sets
in the parameter space is analyzed. First, the Mahalanobis Distance
(MD) was calculated for each test instance relative to the training set
distribution to measure its degree of novelty. As shown in Fig. 15 (a-c),
while samples with smaller MD values generally exhibit lower errors,
the Pearson correlation coefficients between MD and MAE across all
three directions are close to zero (ranging from —0.012 to —0.026). The
lack of strong correlation indicates that prediction accuracy does not
systematically degrade as the geometry moves further from the training
distribution, thereby confirming the stability of the model.

Furthermore, a Principal Component Analysis (PCA) was performed
to visualize geometry parameter coverage. In Fig. 15(d-f), the test set
(darker points) exhibits a more dispersed distribution compared to the
training set (lighter points), effectively covering unobserved regions in
the latent space. Notably, instances with larger prediction errors are
uniformly distributed across the PCA domain rather than clustering in
specific peripheral areas. This evidence demonstrates that Robot-NO has
learned the underlying structural mechanics rather than merely inter-
polating between training samples, highlighting its robust generaliza-
tion capability to out-of-distribution geometries.

In addition to accuracy, computational efficiency is a critical factor
for deformation prediction in design and optimization workflows. A
typical FEM for the evaluated robot models requires approximately 30 s
to compute a full deformation field, whereas Robot-NO produces pre-
dictions in 0.0058 s on a single GPU (NVIDIA TITAN RTX), corre-
sponding to a speedup of 6000 times. Although generating the training
dataset involves the computation of approximately 8,000 FEM samples
(covering 1,000 geometric variants, two configurations, and two force
conditions), which amounts to roughly 8,000 x 30 s ~ 67 h of simulation
time, this cost is incurred only once during offline preparation. The
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subsequent model training requires about 12 h, after which Robot-NO
can provide real-time predictions at negligible computational cost.
Such substantial efficiency gains enable rapid exploration of large
design spaces, support real-time deformation compensation, and
significantly reduce the computational burden in iterative optimization
pipelines. Combined with the consistent micrometer-level accuracy
demonstrated across variations in geometry, posture, and loading con-
ditions, these results highlight the practical value and scalability of the
proposed neural operator framework for robotics applications.

Given the vast combinatorial space spanned by geometric parame-
ters, joint configurations, and external loading conditions, the ability to
replace repeated high-fidelity simulations with a single neural operator
offers substantial practical benefits. Once trained, Robot-NO enables
rapid exploration of large design domains, supports stiffness-aware
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optimization, and allows real-time deformation compensation without
reliance on expensive numerical solvers. Combined with the consistent
micrometer-level accuracy demonstrated across variations in geometry,
posture, and loading, these results highlight the scalability and practical
value of the proposed neural operator framework for advanced robot
design and structural analysis.

5. Discussion

While point loads and gravity are considered in the current study,
Robot-NO’s node-level encoding is inherently flexible for handling
complex load patterns such as distributed and multi-point forces. Due to
the inherent non-linear learning capacity of the graph-based operator,
the model can approximate non-linear elasticity and large-deformation
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behaviors by training on datasets derived from non-linear FEM solvers.
By augmenting the geometric-load graph with local orientation fea-
tures, the model can explicitly account for various types of forces
including follower loads, which provides a concrete foundation for
design and analyses of complex robotic systems.

Beyond deformation fields, the architecture of Robot-NO is inher-
ently compatible with the prediction of other critical physical quantities,
such as stress distributions and strain fields. By extending the output
dimension of the query-based decoder or employing a multi-head
decoder structure, Robot-NO can also provide stress and strain out-
puts. This generalizable capability is vital for robot design, analysis, and
optimization.

6. Conclusion

This work presents Robot-NO, a novel neural operator architecture
for fast and accurate prediction of robot deformation fields. The main
contributions of this study are as follows.

(1) A generalizable neural operator formulation is proposed to pre-
dict full-field elastic deformations under varying robot geome-
tries, joint configurations, and external loading conditions,
addressing a key limitation of existing data-driven deformation
models that are restricted to fixed domains or partial outputs.

(2) The proposed method achieves micrometer-level full-field pre-

diction accuracy, with mean absolute errors of 0.92 + 0.51 um,

0.88 + 0.50 pym, and 0.87 + 0.43 um for the X, Y, and Z

displacement components, respectively, across diverse geometric

designs, postures, and force conditions.

In terms of computational efficiency, Robot-NO provides a 6000

times speedup compared to conventional FEM simulations,

reducing the inference time for a full deformation field from 30 s

to 0.0058 s, thereby enabling large-scale design exploration and

real-time deformation-aware optimization.

(3)

Because of its superior efficiency and strong generalization capabil-
ities, Robot-NO enables rapid optimization of structural parameters,
effective deformation compensation, and near real-time digital twin
implementation. These capabilities are essential and increasingly
indispensable for advancing robot design, planning, and real-world
applications.

While the method demonstrates strong overall performance, certain
extreme geometric or loading conditions can still lead to relatively high
prediction errors. This suggests that further improvements may be
possible through larger diverse training datasets, enhanced model ca-
pacity, and more advanced training strategies. Incorporating physical
constraints into the operator formulation also represents a promising
direction for increasing robustness, especially in regimes where defor-
mation behavior becomes highly nonlinear or sensitive to structural
variations. Generalization and transferability of the model across
different robotic topologies will also be worth to explor further.
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