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Introduction: 
Digital twins (DTs) have become an active research topic in recent years, including in industrial robotics 
[8]. In industrial robotic applications, DTs are useful for offline verification tasks such as robotic 
machining and quality control [4,10]. However, the practical value of a robot DT strongly depends on 
the fidelity of its dynamics layer, and the reality gap between nominal models and physical systems 
remains a central challenge [1]. Torque predictions may deviate from the physical system because of 
payload variations, parameter drift, or other unmodeled physical effects [7]. These discrepancies create 
persistent, trajectory-dependent errors that can reduce confidence in DT-enabled offline assessments 
[6]. 

Related work has also addressed this issue through uncertainty-aware parameter updating [3] and 
data-driven inverse-dynamics compensation [5]. More recently, interpretable physics-discovery methods 
based on sparse Bayesian learning have shown that compact Lagrangian models can be identified 
together with uncertainty information [2,9]. However, robot DT calibration still lacks a practical method 
that can improve torque prediction while keeping the correction physically interpretable and providing 
usable uncertainty information. 

In this work, we propose a calibration method for robot DT torque layers based on time-
synchronized joint trajectories and actuation data. We model the discrepancy between measured and 
nominal dynamics as a residual term and, in the present offline setting, assume that its main 
contribution can be approximated by conservative rigid-body effects. We then use a physics-based 
candidate library together with sparse Bayesian inference to identify a small set of residual correction 
terms and estimate their posterior uncertainty. The method also provides two useful uncertainty 
outputs for the DT: (i) posterior inclusion probabilities (PIPs), which indicate which residual terms are 
supported by the data, and (ii) predictive intervals for the residual torque. Tests on a simulated two-
degree-of-freedom manipulator show that the proposed correction can reduce the reality gap relative to 
the nominal model, while remaining interpretable and providing uncertainty estimates. 

Main Idea: 
We formulate the auto-calibration of the DT dynamics layer as a structural discovery problem, where 
the goal is to model the discrepancy between the deployed robot and its nominal dynamics. Let 𝒒, 𝒒̇, 𝒒̈ ∈
ℝ𝑑 denote the joint states derived from time-synchronized trajectory data. We define the residual torque 
𝜏res as the difference between the measured actuation 𝜏meas and the nominal rigid-body torque 𝜏nom: 

𝜏res(𝑡) = 𝜏meas(𝑡) − 𝜏nom(𝑡, 𝒒, 𝒒̇, 𝒒̈) (1) 
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In the present offline calibration setting, we assume that the main reality-gap effects, such as inertial 
parameter drift, payload variations, or unmodeled gravitational biases, can be approximated as 
conservative. Accordingly, we represent this discrepancy by a scalar residual Lagrangian function, 
Δℒ(𝒒, 𝒒̇), which augments the nominal dynamics in an energy-consistent manner [9], while the remaining 
non-conservative effects (e.g., friction and actuator losses) are treated as stochastic uncertainty. The 
schematic overview of the framework is shown in Fig. 1. 

 

Fig. 1: Schematic overview of a digital-twin calibration framework based on conservative residual 
Lagrangian discovery. 

To preserve interpretability, we express the unknown correction Δℒ as a sparse linear combination of 𝐾 

candidate basis functions from a physics-informed library ℱ = {𝜙𝑘}𝑘=1
𝐾 : 

Δℒ(𝒒, 𝒒̇) = ∑𝛽𝑘

𝐾

𝑘=1

 𝜙𝑘(𝒒, 𝒒̇) (2) 

where 𝛽 ∈ ℝ𝐾 is the vector of unknown coefficients. The library ℱ is designed to capture the dominant 
rigid-body interactions expected in the target robot, including kinetic-like terms (e.g., 𝑞̇𝑖

2 and 𝑞̇𝑖𝑞̇𝑗) and 

potential-like terms (e.g., sin(𝑞𝑖)  and cos(𝑞𝑖) ) for gravitational effects. Here, Δℒ  is a scalar residual 
Lagrangian correction, whereas the observations 𝜏res are vector-valued generalized forces. We connect 
them through the Euler–Lagrange operator 

𝒟𝑖(⋅) ≜
𝑑

𝑑𝑡
(
𝜕(⋅)

∂𝑞̇𝑖
) −

𝜕(⋅)

∂𝑞𝑖
. (3) 

Applying 𝒟𝑖 to the basis expansion maps the scalar candidates into the torque domain: 
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𝜏res,𝑖 ≈ 𝒟𝑖(Δℒ) = ∑𝛽𝑘

𝐾

𝑘=1

𝒟𝑖(𝜙𝑘(𝒒, 𝒒̇))⏟        
EL Regressors

  (4) 

This step converts the nonlinear identification problem into a linear regression form, where the 
transformed features serve as regressors consistent with rigid-body mechanics. 

The calibration task is then written as a probabilistic linear regression. By stacking the evaluations 
of the Euler–Lagrange regressors across all 𝑑 joints and 𝑁 time samples, we obtain the design matrix 

𝚽 ∈ ℝ(𝑁𝑑)×𝐾 and the target vector 𝒚 ∈ ℝ𝑁𝑑, which represents the flattened residual torque 𝜏res: 

𝒚 = 𝚽𝛽 + 𝜖,  𝜖 ∼ 𝒩(0, 𝜎2𝑰) (𝟓) 

Here, 𝜎2 is the noise variance, 𝑰 is the identity matrix, and the error term 𝜖 aggregates measurement 
noise and unmodeled non-conservative effects, treated as aleatoric uncertainty. To enforce parsimony 
and retain only the physically necessary corrections, we place a Spike-and-Slab prior on 𝛽 . This 
hierarchical prior uses latent binary indicators to separate relevant physical terms (the slab) from 
irrelevant ones (the spike at zero). Inference is performed by a Gibbs sampler, which alternates between 
updating the sparse coefficients and estimating the noise variance. 

Finally, the framework yields a calibrated dynamics core 𝜏calib = 𝜏nom +𝚽𝛽̂, where 𝛽̂ denotes the 
posterior mean coefficients. The calibrated model is also accompanied by two uncertainty outputs that 
are useful for DT assessment. Posterior Inclusion Probabilities (PIPs) indicate which residual terms are 
supported by the data, while posterior predictive intervals provide bounds on the residual torque along 
a trajectory. 

Simulation: 
We validate the proposed framework on a simulated two-degree-of-freedom planar arm, which serves 
here as a simple representative industrial manipulator. Numerical experiments were conducted in a 
physics-based simulator (MuJoCo), and nominal torques were computed using a rigid-body dynamics 
model. Bayesian sparse inference was performed using Markov Chain Monte Carlo (MCMC) sampling, 
and uncertainty summaries were reported. A nominal rigid-body model provides the baseline torque, 
𝜏nom(𝑡) . To emulate practically relevant reality-gap effects, we generate ground-truth data from a 
parameter-perturbed rigid-body model with inertial and gravity drifts, together with a hidden 
conservative correction used only for data generation. By applying the Euler–Lagrange equations to this 
perturbed system and injecting measurement noise, we synthesize the measured torques, 𝜏meas(𝑡). The 
identification task is cast as residual supervision, i.e., we regress the deviation between measured and 
nominal torques. This formulation lets the learned dynamics augment the digital twin as an additive 
correction, without changing the structure of the nominal model. 

 

Fig. 2. Structural discovery using posterior inclusion probabilities (PIP) of candidate terms in the 
residual-Lagrangian dictionary. Terms with PIP ≥ 0.5 (majority posterior support) are selected; the 
horizontal axis denotes the dictionary term index. 

Using the Bayesian residual-Lagrangian formulation, we express Δℒ as a sparse linear combination of 
candidate basis functions containing both kinetic- and potential-energy terms. The Euler–Lagrange 
operator maps this expansion into a linear regression problem on the residual torques with additive 
Gaussian noise. We then employ a spike-and-slab prior with Gibbs sampling to jointly perform structure 
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learning and uncertainty quantification. As shown in Fig. 2, the PIP identifies a compact subset of active 
terms, highlighting the dominant conservative corrections. The posterior distributions of the retained 
coefficients (Fig. 3) further characterize parameter uncertainty and coupling in the recovered model. On 
held-out data (Fig. 4), the calibrated twin combines the nominal baseline with the posterior predictive 
residual and closely tracks the measured torques. The associated predictive intervals provide 
uncertainty bounds along the trajectory, showing that the method can support offline DT validation in 
this simulated setting. 

 

Fig. 3: Coefficient posterior distributions. Joint and marginal plots visualize parameter uncertainty and 
coupling in the recovered model. 

 

Fig. 4: Torque prediction by the proposed model. 
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Conclusions: 
We have presented an automated calibration framework for the dynamics layer of industrial robot DTs, 
together with uncertainty quantification. By enforcing Euler–Lagrange structure within a sparse Bayesian 
learning process, the method identifies interpretable rigid-body residual corrections from torque 
observations, instead of relying on black-box compensation models. In the simulated two-DOF study, 
the recovered conservative corrections are consistent with the perturbations introduced during data 
generation, and the calibrated twin provides both PIP-based support for the identified terms and 
posterior predictive intervals for the residual torque. 

Although the present validation is limited to offline calibration of conservative dynamics, the 
proposed formulation provides a practical basis for offline simulation and verification with quantified 
uncertainty. Future work will test the framework in broader validation settings and extend it to non-
conservative effects such as friction and damping. 
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