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Abstract: Sim-to-real discrepancies hinder learning-based policies from achiev-1

ing high-precision tasks in the real world. While Domain Randomization (DR)2

is commonly used to bridge this gap, it often relies on heuristics and can lead3

to overly conservative policies with degrading performance when not properly4

tuned. System Identification (Sys-ID) offers a targeted approach, but standard5

techniques rely on differentiable dynamics and/or direct torque measurement, as-6

sumptions that rarely hold for contact-rich legged systems. To this end, we present7

SPI-Active (Sampling-based Parameter Identification with Active Exploration), a8

two-stage framework that estimates physical parameters of legged robots to min-9

imize the sim-to-real gap. SPI-Active robustly identifies key physical parameters10

through massive parallel sampling, minimizing state prediction errors between11

simulated and real-world trajectories. To further improve the informativeness of12

collected data, we introduce an active exploration strategy that maximizes the13

Fisher Information of the collected real-world trajectories via optimizing the in-14

put commands of an exploration policy. This targeted exploration leads to accurate15

identification and better generalization across diverse tasks. Experimental results16

demonstrate that SPI-Active enables precise sim-to-real transfer of learned poli-17

cies to the real world, outperforming baselines by 42−63% in various locomotion18

tasks. Videos at the anonymous website https://anonymous-spi-active.github.io/19
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Figure 1: SPI-Active enables high-fidelity Sim-to-Real transfer across diverse locomotion tasks. To show
the precision, all tasks are open-loop tracking without global position feedback. (a) High-Speed Weave Pole
Navigation, (b) Precise Forward Jump, (c) Precise Yaw Jump, and (d) Humanoid Precise Velocity Tracking.

1 Introduction21

Legged robots are envisioned to be used in complex environments where every stride demands a22

precision that leaves no room for error [1, 2]. Reinforcement Learning (RL) has shown remarkable23

success in enabling agile motions on both quadruped and humanoid systems [3, 4, 5, 6]. However,24

transferring RL policies from simulation to hardware remains challenging due to the sim-to-real gap.25

This gap primarily stems from mismatches in physical parameters such as mass, inertia, friction, and26

unmodeled effects in actuator dynamics and contact interactions, where even small discrepancies can27

severely degrade performance in the real world.28
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To bridge this gap, four broad strategies have been developed: (1) Domain Randomization (DR)29

trains robust policies by exposing them to wide parameter distributions in simulation [7, 8, 9, 10];30

(2) “White-Box” System Identification directly estimates physical parameters using real-world31

data [11, 12, 13]; (3) “Black-Box” System Identification learns full or residual dynamics32

model [14, 15, 16] from ground-truth data; and (4) Adaptive policy learning adapts or fine-tunes33

policies online using real-world feedback [17, 18]. While practical, DR often requires heuristic tun-34

ing: excessive randomization leads to conservative policies, while insufficient randomization com-35

promises real-world generalization. Approaches in (3) and (4) can be task-specific, prone to overfit-36

ting, and may demand substantial real-world data. In contrast, “White-Box” System Identification37

offers a principled, interpretable, and generalizable approach by estimating physically meaningful38

parameters, making it the focus of this work.39

Despite its success in classic control, system identification for legged locomotion is challenging40

due to severe non-linearities and intermittent contacts. Many existing methods either assume differ-41

entiable [19] dynamics, rely on specialized sensing such as ground-truth torques [20], or estimate42

only a limited subset of parameters [21, 12], limiting their applicability to general-purpose legged43

systems. Another challenge is collecting sufficiently informative data for accurate estimation. Prior44

approaches often rely on hand-crafted motion scripts, simple repetitive behaviors, or isolated com-45

ponent tests [22, 23, 16]. While effective for subsystems, these fail to capture the coupled hybrid46

dynamics of natural locomotion and require task-specific tuning or extensive data collection.47

In this work, we present SPI-Active, a two-stage, parallelizable, sampling-based framework for iden-48

tifying structured physical parameters of legged robots—without requiring differentiable simulators49

or specialized sensing. In Stage 1, we leverage heuristically designed motion priors of pre-trained50

RL policies to collect real-world trajectories and estimate the robot physical parameters by mini-51

mizing state discrepancy between real and simulated rollouts. To enhance data efficiency and refine52

the initial estimates, Stage 2 draws on principles from optimal experiment design by maximizing53

the Fisher Information of the collected trajectories. Unlike prior work in manipulators [24], direct54

exploration policy training for legged robots can lead to erratic behaviors [25]. We address this by55

introducing a hierarchical active exploration strategy that optimizes command sequences of a multi-56

behavioral RL policy—targeting informative system excitation while ensuring reliable deployment.57

The refined parameters significantly improve sim-to-real transfer, enabling high-precision perfor-58

mance across diverse tasks on both the Unitree Go2 quadruped and the G1 humanoid, including59

challenging tasks (Figure. 1) such as precise jumping, high-speed weave pole traversal, and outper-60

forming baselines by 42− 63%. In summary, the main contributions are:61

• A parallelized sampling-based system identification framework for legged robots that accounts for62

complex contact dynamics without specialized sensor requirements.63

• An effective active exploration strategy that leverages command-space optimization of a multi-64

behavioural policy to induce highly informative data by maximizing Fisher Information.65

• A comprehensive set of real-world experiments showcasing improvements in sim-to-real transfer66

and precise control in highly dynamic locomotion tasks.67

2 Related Works68

2.1 Domain Randomization and “Black-Box” System Identification for Sim2Real Transfer69

A wide range of strategies have been developed to address the sim-to-real gap, including domain70

randomization, adaptive policy learning, and data-driven model learning.71

Domain Randomization. Early efforts employed domain randomization (DR) to expose policies72

to diverse visual and physical variations during training [10], later extending to randomized dynam-73

ics [9, 22, 26, 27, 28] and sensor perturbations [29, 8]. While DR improves robustness, overly broad74

parameter ranges can lead to conservative policies that underperform on the true system. To address75

this, recent methods adapt the randomization process during training. Curriculum and adversarial76

DR strategies [30, 31] shape the parameter distributions over time, while others refine DR bounds77
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Figure 2: Overview of SPI-Active. Data Collection: Collect real-world trajectories using a multi-behavioral
policy. Parameter Identification: Estimate physical parameters via simulation-to-real rollout matching by
sampling-based optimization. Active Exploration: Optimize data-collection commands to maximize Fisher
Information and gather informative data. Downstream Task Training: Use identified parameters to train
accurate locomotion controllers

using real-world data [32]. Despite these advances, DR still relies heavily on heuristics, requiring78

expert tuning and task-specific knowledge.79

Learning Adaptive Policies. Beyond DR, several approaches leverage online adaptation during80

deployment [33, 34, 17, 35] or use offline data for sim-to-real transfer [36] or condition the learnt81

policy on the prediction of model parameters online [37]. Some methods further adapt policies or82

simulation parameters during real-world rollouts to enable continual learning [18, 38], but these83

typically require high-quality data and are not zero-shot.84

Data-driven Model Learning. Another class of methods learns data-driven residual networks that85

output corrective torques [39] or actions [40] to compensate for unmodeled dynamics. While ef-86

fective in specific settings, these methods risk overfitting to the training tasks or trajectories, or87

requiring ground-truth torques [16], limiting their generalization to new or diverse tasks.88

2.2 “White-Box” System Identification of Non-linear Dynamics89

Modeling and identifying nonlinear dynamical systems remains challenging [41, 42, 19]. A foun-90

dational approach introduced least-squares estimation of inertial parameters via linearity in inverse91

dynamics [11], later refined with minimal parameter sets and model selection [43, 44, 45]. However,92

most methods assume structured and fixed-base models, limiting applicability to legged robots with93

discontinuous contacts and strong nonlinearities. Prior work mainly focuses on actuator modeling94

using analytical or hardware-specific approaches [22, 46, 23], while base parameter identification95

often requires constrained setups or physical disassembly [22, 47]. A related two-stage method [26]96

estimates actuator dynamics via latent-conditioned policies, but omits inertial parameters and lacks97

explicit torque decay modeling. In contrast, our framework jointly identifies inertial and actuator98

parameters with interpretable structure and improved sample efficiency.99

2.3 Targeted Exploration for System Identification and Model Learning100

Accurate System identification relies on collecting trajectories that sufficiently excite the dynam-101

ics of interest. Classic works on optimal experiment design [48, 49, 50] formalizes this using the102

Fisher Information Matrix (FIM) to reduce parameter uncertainty. Recent works extend this to non-103

linear and hybrid systems: [25] optimize excitation for mechanical systems, while [51] leverage104
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differentiable contact simulation to identify informative contact modes. Learning-based approaches105

such as ASID [24] and task-oriented exploration [52] actively excite dynamics via policy optimiza-106

tion. Others focus on scalable pipelines, including trajectory design benchmarks for inertial ID [53]107

and automated Real2Sim via robotic interaction [20]. Building on these foundations, we optimize108

command sequences of multi-behavioral policies to reliably excite informative dynamics, enabling109

scalable and robust parameter identification for high-dimensional legged robots.110

3 SPI: Sampling-based Parameter Identification for Legged Robot111

In this section, we introduce a zeroth-order system identification approach that leverages GPU-based112

parallel sampling to efficiently estimate the physical parameters of legged robots.113

Preliminary: Consider the dynamics of the legged system given by: xt+1 = f(xt,ut; θ), where114

xt ∈ X ⊆ Rn is the state, ut ∈ U is the control input, and θ ∈ Θ ⊆ Rd represents the unknown115

model parameters to be identified using state-action trajectories collected from the real-world sys-116

tem. Given a dataset D consisting of observed state-action sequences D = {(xt,ut)}Nt=1, the system117

identification problem can be formulated as the following optimization problem:118

θ∗ = argmin
θ∈Θ

N∑
t=1

∥xt+1 − f(xt,ut; θ)∥2. (1)

where θ∗ is the optimal robot parameter that minimizes the prediction error between the observed119

states from real-world data and predicted states from the model. Specifically for legged systems, we120

identify a set of physical parameters θ = [θin, θmo]
T , where θin represents the mass-inertia properties,121

including the mass, center of mass, and inertia of rigid bodies, and θmo denotes actuator model122

parameters that characterize motor dynamics. To ensure physical consistency in the mass-inertial123

parameterization, we apply the Log-Cholesky decomposition (Appendix A.4) to enforce it follows124

the Linear Matrix Inequality (LMI) constraint. In this work, we focus on identifying the robot’s base125

link parameter identification. However, the approach can be readily extended to additional links with126

minimal modification.127

Actuator Dynamics Modeling: In physics-based simulators, RL policies typically apply joint128

torques directly, with only torque limits enforced. However, real-world actuators exhibit signifi-129

cant non-linearities in high-torque regimes, leading to torque decay between commanded and actual130

outputs, which degrades performance in precision-critical or dynamic tasks. To better capture these131

effects, we formulate an actuator dynamics model, inspired from [54], using a hyperbolic tangent132

function to map desired to actual torques in simulation:133

τmotor = κ · tanh
(τPD

κ

)
, τPD = Kp(qtarget − q)−Kdq̇, (2)

where qtarget,q, q̇ ∈ RN denote target positions, joint states, and velocities. We assign joint-specific134

scaling parameters κ to accommodate differences in motor types and load conditions.135

Data Collection and Pre-Processing: The goal of the data collection process is to induce di-136

verse motion patterns improving parameter observability. To this end, we collect data for Stage137

1 of SPI-Active using heuristically designed motion-priors and input command sequences of pre-138

trained RL locomotion policies (Figure. 2(a)). The resulting real-word trajectories form the dataset139

Dj = {(xt,j ,ut,j)}
Nj

t=1, D = {Dj}. To enhance the predictive capability of the system pa-140

rameters, we extend the single-step system identification to a multi-step prediction formulation.141

Therefore, the dataset is segmented into various clips {ck}Nc

k=1 with horizon lengths H , follow-142

ing the simulation error criterion[13], where the length H is sampled from uniform distribution143

U(Hmin, Hmax).Varying the clip length avoids bias introduced by fixed horizons and introduces an144

averaging effect that balances simulation error across trajectories. While this process, provides broad145

state-action coverage, the collected data might still lack targeted excitation of certain system param-146

eters and designing heuristics for specific parameter excitation is often nontrivial. This limitation147

motivates the need for active trajectory design which we address in Section. 4.148
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Algorithm 1 SPI-ACTIVE: TWO-STAGE SAMPLING-BASED SYSID VIA ACTIVE EXPLORATION

1: Input: Data-collection policy π(ut | xt, ct), Simulator f(x, u; θ), Initial robot parameter θ0
2: Output: Refined parameters θ̂active

3: Stage 1: Initial Identification
4: D0 ← collect real-world data using π with action primitives.
5: θ̂1 ← SPI (D0, θ0)
6: Stage2: Active Exploration and Refinement
7: c⋆1:T ← argminc1:T tr(F(θ̂1, π)

−1) ▷ FIM optimization using CMA-ES
8: D1 ← collect data using π(ut | xt, ct), ct ∼ c⋆1:T
9: θ̂active ← SPI (D1, θ̂1)

10: return θ̂active

SPI ( D, θ):
11: Segment D into clips {ck}, initialize CMA-ES with θ,Σ
12: repeat
13: Sample {θj}Bj=1 ∼ N (θ,Σ) ▷ Parallel rollouts
14: for each θj do
15: Evaluate trajectory prediction cost J(θj , {ck}) based on equation (3)
16: Update CMA-ES using J(θj)
17: until convergence
18: return argminθ J(θ)

Sampling-based Optimization Formulation: We formulate the identification problem as a non-149

linear least-squares H-Step Sequential prediction problem, with the cost function defined as:150

J(θ, {ck}) =
N∑

k=1

H−1∑
t=0

∥∥xr
t+1,k − xt+1,k

∥∥2
Wx

+ ∥θ − θ0∥2Wθ
, xt+1,k = f(xt,k,u

r
t,k;θ) (3)

where f is the simulated dynamics conditioned on the parameter θ, xt,k is the simulated state at151

timestep t and corresponding to clip ck. The initial state for each clip is aligned with the real-world152

trajectory segment, and subsequent states are simulated using recorded control inputs ur
t,k. Given153

that main-stream RL-focused simulators such as Isaacgym are non-differentiable but parallelizable,154

we adopt a sampling-based optimization approach inspired by the recent works [55]. The optimal155

parameter estimate θ̂ is found by minimizing J(θ) and this optimization is performed using the156

CMA-ES[56] framework within the optuna library [57]. At each iteration a batch of candidate157

parameter vectors {θj}Bj=1 is sampled. The candidates are evaluated in parallel and J(θj) are used158

to update CMA-ES distribution until convergence (Figure. 2(b)).159

4 SPI-Active: Active Exploration for Informative Data Collection160

The performance of the Sampling-based System Identification framework Section. 3, depends heav-161

ily on the informativeness of the collected trajectories. Although Section. 3 uses heuristic design for162

data collection, this approach cannot fully excite the system dynamics. To improve data efficiency163

and enable more accurate parameter estimation, we introduce a principled trajectory excitation strat-164

egy that focuses on collecting a small set of highly informative trajectories. Cramer-Rao Bound [24]165

states that the covariance of any unbiased estimator θ̂ of the true parameters θ⋆ is lower-bounded by166

the inverse of the FIM: Ex1:T∼pθ⋆

[
(θ̂ − θ⋆)(θ̂ − θ⋆)⊤

]
⪰ F(θ⋆)−1, where the FIM of the parame-167

terized trajectory distribution p(x1:T | θ⋆) is given by:168

F(θ⋆) = Ex1:T∼p(·|θ⋆)

[(
∂

∂θ
log p(x1:T | θ⋆)

)(
∂

∂θ
log p(x1:T | θ⋆)

)⊤
]

(4)

Intuitively, identifying an exploration policy πexp that maximizes the FIM reduces the lower bound169

on the estimation variance. However, directly optimizing the FIM through an exploration policy170
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may produce erratic behaviors. To this end, we propose a practical exploration strategy based171

on trajectory-level command optimization. Let π(ut|xt, ct) be a command-conditioned multi-172

behavioral policy/controller, where ut is the control action, xt is the system state and ct is the173

command that modulates the velocities and locomotion behaviors. Rather than learning a explo-174

ration policy from scratch, we instead optimize over the command sequences c1:N, which enables175

the policy to generate diverse trajectories that can excite different modes of the underlying dynamics:176

177

c⋆1:T = argmin
c1:T

tr(F(θ⋆, π)−1) (5)

Considering the dynamics Eq. 3 to have a Guassian process noise, wt ∼ N (0, σ2I), the F(θ⋆, π)178
can be approximated with[24]:179

F(θ⋆, π) ≈ σ−2 · Ep(·|θ̂1,π)

 T∑
t=1

∂f(xt, ut; θ̂1)

∂θ
·

(
∂f(xt, ut; θ̂1)

∂θ

)⊤
 (6)

This optimization is solved using the same CMA-ES optimizer described in Section. 3, to handle180
the non-differentiable dynamics and fully utilized the parallelization of the GPU-based simulator.181

Further, solving Eq. 4 requires θ∗ which is not available in practice, hence we substitute it with182

the current best estimate θ̂1 obtained from the Stage 1. Additional implementation details for the183

FIM maximization are provided in the Appendix A.3. The pseudo-code for the entire process in184

SPI-Active is provided in the Algorithm. 1.185

5 Experiments186

In this section, we present extensive experimentation results of our framework on both quadruped187

and humanoid systems. Through our experiments, we would like to answer the following questions:188

1. Does SPI identify accurate robot models that match real-world dynamics?189

2. Do the models identified by our methods enable improved sim2real transfer of RL policies for190

high-precision locomotion tasks?191

3. Does the exploration strategy in SPI-Active further improve the performance of SPI?192

5.1 Tasks and Hardware Overview193

We evaluate the framework across the platforms, Unitree Go2 and Unitree G1. To examine the194

performance of sim2real transfer we consider four tasks namely: Forward Jump, Yaw Jump,195

Velocity Tracking, Attitude Tracking for the Unitree Go2 with an attached payload of 4.7 kg (∼196

one-third of its weight) and Velocity Tracking for Unitree G1. These tasks prominently exhibit197

the sim-to-real gap, and detailed task definitions and metrics can be found in the appendix A.1 and198

parameter identification results are in appendix A.6. For all the tasks, RL policies were trained199

with Isaac Gym [58] and we use Proximal Policy algorithm (PPO)[59] to maximize the cumulative200

discounted reward E
[∑T

t=1 γ
t−1rt

]
.201

Baselines: For each baseline, we specify the corresponding URDF and the Domain Randomization202

(DR) range for the trained RL policy, if applicable:203

• Vanilla: Uses the nominal URDF with added payload and nominal DR range (Table 8, Column 1).204

• Heavy DR: Uses the same URDF as Vanilla but with a wider DR range (Table 8, Column 2).205

• Gradient-based Sys-ID (GD): URDF parameters are identified using the gradient-based optimiza-206

tion method [60] with differentiable simulator (MJX [61]).207

• SPI: Uses the URDF updated with parameters θ̂1 from Stage 1 and nominal DR range.208

• SPI-Active: Uses the URDF updated with parameters θ̂active from Stage 2 and nominal DR range.209
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Figure 3: Task Performance comparison of SPI-Active vs Vanilla in (i) Forward Jump, (ii) Yaw
Jump, (iii) and Velocity Tracking

Table 1: (a) Comparison of Prediction Accuracy and (b)Task Performance Across Methods
(a) Normalized Aggregate Prediction Error

Method Jrpos ↓ Jpja ↓ Jrvel ↓
Vanilla 1.00 1.00 1.00
GD 0.98 1.14 1.05
SPI 0.87 0.89 0.95
SPI-Active 0.67 0.72 0.91

(b) Normalized Performance Across Tasks (↓)

Method Jfj Jyj Jvt Jat Jhvt

Vanilla 1.00±0.000 1.00 ±0.000 1.00 ±0.000 1.00 ±0.000 1.00 ±0.066

Heavy DR 1.75±0.033 1.40 ±0.021 1.06 ±0.022 0.85±0.040 1.10 ±0.064

SPI 0.60±0.014 0.64 ±0.066 0.80 ±0.044 0.96±0.042 0.87±0.064

SPI-Active 0.48±0.012 0.37 ±0.038 0.58 ±0.014 0.73±0.052 -

5.2 Open-Loop Prediction using Identified Model210

To address Q1, we compare the prediction accuracy of the simulated trajectories with identified211

robot parameters of Unitree Go2 against real-world trajectories from a validation data. The data is212

collected by manually teleoperating Go2 for 60 seconds, while it runs the RL policy following[62].213

We further preprocess the data, similar to Section.3 segmenting the data in various clips of average214

horizon length of 1.5sec. We evaluate the prediction accuracy by comparing the mean tracking error215

of the global root position Jrpos, per-joint angle Jpja and the global root velocity Jrvel. We report216

the normalized Quantitative results in Table. 1(a) demonstrates that SPI and SPI-Active consistently217

outperform the baselines, achieving lower Jrpos and Jpja, indicating more accurate open-loop pre-218

diction and closer alignment with real-world dynamics. In contrast, the gradient-based method GD219

exhibits larger prediction errors, possibly due to non-differentiable contact dynamics and the sim-220

to-sim gap between MJX and Isaac Gym.221

5.3 Sim2Real Performance222

To address Q2, we evaluate RL policies fine-tuned with system parameters identified by each223

method. Policies are trained for tasks shown in Appendix A.1 and deployed directly on hardware224

without further tuning. As reported in Table 1(b), both SPI and SPI-Active consistently outperform225

the baselines across all tasks. In Velocity Tracking, Forward Jump and Yaw Jump, SPI achieves an226

improvement of 19.6%, 39.9% and 35.9% respectively over the Vanilla baseline, highligting im-227

proved sim-to-real transfer (Figure. 3). While SPI under performs in the Attitude Tracking task -228

likely due to insufficient excitation of attitude-related system parameters, SPI-Active surpasses all229

baselines in Attitude Tracking (Appendix A.7) and across every task emphasizing the effectiveness230

of targeted excitation. Additionally, SPI improves performance in the Humanoid Velocity Tracking231

task, demonstrating the framework’s generalization across robot morphologies and tasks.232

5.4 Performance Improvement with Active Exploration233

To investigate the effect of active exploration (Q3), we evaluate the impact of active exploration234

on real-world task performance by comparing three variants on the Forward Jump task: (1) SPI,235

(2) SPI +random where second-stage data is collected using randomly sampled input commands,236

and (3) SPI-Active. As shown in Fig. 4(c), SPI-Active yields a jumping distance error (3.6cm),237

lower compared to the other variants, demonstrating the effectiveness of targeted trajectory excita-238

tion for parameter identification. Further, Fig. 4(a) and (b) demonstrate that FIM-based command239
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Figure 4: Effect of Active Exploration: (a) Velocity Magnitude Distribution (b) Gait Pattern Distri-
bution and (c) Forward Jumping error comparison. Horizon Length Ablation (d)

optimization induces trajectories with higher velocity norm distributions and a higher occurrence of240

high-torque gaits such as pronking. This results in richer excitation of the system dynamics, which241

is critical for accurate parameter identification.242

5.5 Ablation Studies243

Role of Actuator Modeling in Policy Transfer: Here we discuss the performance im-244

pact of using different motor models. We evaluate four torque models: (1) Vanilla245

(ideal torques), (2) Linear Gain, (3) Unified Tanh with unified κ, and (4) Ours (motor-246

specific κ), where we choose unique κi for hip, calf and thigh motors of Unitree247

Go2. Real-world experiments were conducted on the Forward Jump and Yaw Jump tasks.248

We report the normalized task metrics with respect to the Vanilla baseline in Table 2.249

Table 2: Comparison of Motor Models on Normalized Task Metrics

Method Definition (τmotor ∼) Jfj ↓ Jyj ↓

Vanilla τPD 1.00±0.00 1.00±0.00
Linear Gain κ · τPD 1.30 ±0.023 1.54 ±0.011
Unified Tanh κ · tanh(τPD/κ) 0.74 ±0.009 1.17 ±0.019
Ours κi · tanh(τPD/κi) 0.55 ±0.015 0.76±0.042

It can be observed that, our model achieves250

the lowest error in both tasks. In the251

Forward Jump task, our method and Uni-252

fied Tanh outperform the vanilla baseline253

by 45% and 26% respectively, highlight-254

ing the benefit of modeling joint-specific255

nonlinearities for high-torque maneuvers.256

However, in the Yaw Jump task, the Unified Tanh underperforms the Vanilla baseline, which is257

likely due to the lower torque demands and the effect of angular inertia, where unified scaling fails258

to capture joint-specific behavior.259

Influence of Horizon Length on Policy Performance: We also investigate the effect of horizon260

length H when segmenting trajectory clips ck during system identification, using the Forward Jump261

task. We compare fixed-length horizons (0.05s to 2s) against uniformly sampled horizons within this262

range. As shown in Figure 4(d), uniformly sampled horizons lead to better estimation and down-263

stream performance. Results show that smaller H fails to capture long-term temporal dependencies264

needed for accurate estimation, while larger H suffers from instability of the open-loop action roll-265

out. Uniformly sampling H during Stage 1 yields a better trade-off, enabling the identification266

process to benefit from both short and long-horizon dynamics.267

6 Conclusion268

We presented a two-stage, sampling-based system identification framework for legged robots that269

combines robust physical parameter estimation with an active trajectory excitation strategy to enable270

precise and scalable sim-to-real transfer. Our method does not rely on differentiable simulators or271

ground-truth torques, making it broadly applicable across different robotic platforms. By leveraging272

heuristic RL policies in the first stage and optimizing command sequences for Fisher Information273

in the second, our approach generates informative trajectories that excite key inertial and actua-274

tor parameters ensuring reliable hardware execution. Experimental results on the Unitree Go2 and275

G1 demonstrate significant improvements in tracking accuracy and task performance compared to276

domain randomization and baseline identification approaches. These results highlight the impor-277

tance of accurate model identification and targeted data collection in bridging the sim-to-real gap278

for legged locomotion.279
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7 Limitations280

While our framework demonstrates strong performance on quadrupeds, its application to humanoids281

is currently limited to Stage 1 identification. Extending active trajectory excitation to humanoid sys-282

tems is a promising direction, but presents challenges due to their high dimensionality and safety-283

critical dynamics. Additionally, our method operates offline; enabling online or adaptive identifica-284

tion could improve real-time performance in dynamic settings. The approach also assumes access285

to a multi-behavioral policy for generating diverse motions, which may not generalize to novel286

morphologies. Lastly, while CMA-ES enables parallelizable optimization, it can be computation-287

ally demanding in high-dimensional spaces, motivating future work on more sample-efficient or288

uncertainty-aware alternatives.289
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A Appendix507

A.1 Tasks Definition508

Figure 5: Open-Loop Locomotion Tasks: Forward Jump: Jump forward to a predefined distance
of 0.85m. Yaw Jump: Jump and do Yaw Rotation to a predefined yaw angle of 135 degrees.
Velocity Tracking: Track a sequence of Open loop 2D twist commands, Attitude Tracking: Track
a sequence of roll and pitch commands, Humanoid Velocity Tracking: Track a sequence of 2D
twist velocity commands for a humanoid.

A.1.1 Forward Jump509

The forward jump task requires the robot to jump forward to a predefined horizontal distance x.510

For our experiments, we set x = 0.85 m. Additionally, during the training process, the policy was511

incentivized to maximize the vertical jump height, reaching a target height of z = 0.35 m above the512

initial height of the robot. To quantitatively evaluate the performance of the forward jump task, we513

define the performance error metric as:514

Jfj = |xf − xi − 0.85|+ |yf − yi|+ |max z − zi − 0.35|,

where (xi, yi, zi) and (xf , yf ,max z) represent the robot’s initial and final positions and the max-515

imum height achieved during the jump, respectively. This metric captures the robot’s ability to516

achieve the desired forward displacement while maintaining lateral stability (yf − yi) and achieving517

the target vertical jump height (0.35 m).518

A.1.2 Yaw-Jump519

The yaw jump task requires the robot to perform an in-place jump while achieving a specified yaw520

rotation. For our experiments, the target yaw angle was set to 3π
4 radians. The performance error521

metric is defined as:522

Jyj = |ϕf |+ |θf |+ |ψf − ψi −
3π

4
|+ |xf − xi|+ |yf − yi|,

where ϕf , θf , and ψf represent the final roll, pitch, and yaw angles in the robot’s body frame,523

respectively, ψi is the initial yaw angle, and (xi, yi) and (xf , yf ) denote the robot’s initial and final524

horizontal positions. This metric accounts for the robot’s ability to maintain stability in roll and525

pitch, achieve the desired yaw rotation of 3π/4 radians, and minimize horizontal drift during the526

jump.527

A.1.3 Velocity Tracking528

In this task, the policy was trained to track velocity commands consisting of forward velocity (vx),529

lateral velocity (vy), and angular velocity (wz). To evaluate the policy, we designed a circular530

trajectory tracking task, where the forward velocity command is varied linearly: it increases from531

0.4m/s to 0.8m/s and then decreases back to 0.4m/s. The angular velocity command was adjusted532

accordingly to achieve a circular trajectory of radius 0.6 m. The performance metric for this task is533

defined as:534

Jvt =
√

(vx,ref − vx)2 + (vy,ref − vy)2 + 0.5 · |wz,ref − wz|, (7)

where vx,ref, vy,ref, and wz,ref are the reference forward, lateral, and angular velocities, and vx, vy ,535

and wz are the actual tracked velocities. We follow the same definitions for the Humanoid Velocity536

Tracking task.537
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A.1.4 Attitude Tracking538

In the attitude tracking task, the policy was trained to achieve commanded roll or pitch angles, all539

defined with respect to the body frame. During evaluation, the task involved tracking a periodic-540

ramp pitch reference signal with a fixed amplitude and frequency, followed by a periodic-ramp roll541

reference signal. The performance metric for this task is defined as:542

Jrp =

N∑
i=1

∥∥∥∥[ϕrefi − ϕi
ψref
i − ψi

]∥∥∥∥
2

, (8)

where ϕrefi and ψref
i are the sinusoidal reference signals for roll and pitch, respectively, and ϕi and543

ψi are the actual tracked roll and pitch angles over the evaluation period.544

A.2 Implementation Details of SPI545

The system identification objective is defined by the dynamics model in Eq. (1). The state vector xt546

represents the full floating-base and joint state of the robot, defined as547

xt = [pt,qt,vt,ωt,qjnt,t, q̇jnt,t]

where pt ∈ R3 is the base position, qt ∈ R4 is the base orientation represented as a unit quaternion,548

vt ∈ R3 is the linear velocity of the base, ωt ∈ R3 is the angular velocity, qjnt,t denotes joint549

positions, and q̇jnt,t denotes joint velocities.550

The system identification cost function Eq.(3) in SPI consists of three components: Base Prediction551

Cost, which promotes global pose alignment by penalizing errors in the simulated floating-base552

state relative to motion-capture trajectories; Joint Prediction Cost, which enforces local dynamic553

consistency by minimizing discrepancies in joint position, velocity, and torque using proprioceptive554

data; and Parameter Regularization, which constrains deviations from nominal URDF values for555

physical and motor parameters, including mass, center of mass, inertia, and actuator gains.556

The actuator model in Eq.(2) employs a hyperbolic-tangent form to approximate torque saturation. It557

preserves undisturbed torque output under small commands while smoothly saturating at the limits,558

ensuring both physical realism and optimization stability.559

The full set of cost terms and their corresponding coefficients is detailed in Table 3. Coefficients are560

first normalized to yield unit cost on a reference dataset using default parameters, followed by global561

scaling: velocity-related terms are weighted by 0.5, torque-related terms by 0.2, and regularization562

terms by 0.1.563

The parameter sampling ranges for CMA-ES initialization are detailed in Table 4, where each pa-564

rameter is drawn from a uniform distribution centered at its nominal value specified in the URDF.565

Sampling-based optimization is performed using Optuna [63] with the default CMA-ES optimizer566

with Gaussian sampler, running for 5 iterations.567

A.3 Implementation Details of SPI-Active568

The active exploration in Stage-2 of SPI-Active requires us to optimize the input command se-569

quences of a multi-behavioral policy(Section.4). To this end, we follow the training pipeline of [62]570

and pre-train an RL policy whose input commands ct is a 14 dimensional vector, given by:571

ct = [vx, vy, wz, h, f, b1, b2, b3, b4, hf , ϕ, ψ, sw, sl]
T (9)

where vx, vy, wz are the 2D velocity twist commands, and the policy is trained to track these com-572

mands, h, f, hf refers the body height, stepping frequency and the foot swing height respectively.573

b1, b2, b3, b4 are the gait behavioral commands, that modify the quadrupedal gait and out of which574

b4 determines the duration of the gait which is kept fixed even during the training phase. ϕ, ψ are575

the body roll and pitch commands, and sw, sl are the commanded stance width and length.576
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Table 3: SPI Cost Function Terms and Coefficients
Name Expression Coefficient
Base prediction cost
Position prediction error ∥p− pr∥2 4.0
Velocity prediction error ∥v − vr∥2 2.0
Quaternion prediction error 1.0− ⟨q, qr⟩2 2.0
Angular velocity prediction error ∥ω − ωr∥2 0.5
Joint prediction cost
Joint position prediction error ∥qjnt − qjnt,r∥2 3.0
Joint velocity prediction error ∥q̇jnt − q̇jnt,r∥2 0.1
Joint torque prediction error ∥τ − τr∥2 0.01
Parameter regularization
Mass ∥m−m0∥2 0.01
Center of mass ∥r− r0∥2 10.0
Inertia ∥I− I0∥2 1.0
Tanh motor gain ∥κtanh − κtanh,0∥2 0.01
Linear motor gain ∥κs − κs,0∥2 0.1

Table 4: Sampling Ranges of Parameters for Different Robots
Name Min Max
Go2 (base link)
Mass m 3.0 15.0
Inertia diagonal elements diag(I) (0.005, 0.005, 0.005) (1.0, 1.0, 1.0)
Center of mass r (−0.1,−0.1,−0.1) (0.1, 0.1, 0.1)
Tanh motor gain κtanh (10.0, 10.0, 10.0) (40.0, 40.0, 40.0)
Linear motor gain κs 0.5 1.5
G1 (pelvis link)
Mass m 1.0 10.0
Inertia diagonal elements diag(I) (0.005, 0.005, 0.005) (1.0, 1.0, 1.0)
Center of mass r (−0.2,−0.2,−0.2) (0.2, 0.2, 0.2)

In order to solve the optimization problem in Equation.5, we need to approximate the value of577

tr(F(θ⋆, π)−1) for a given trajectory. Hence, we consider our dynamics equation with a gaussian578

noise as given by:579

xt+1 = f(xt,ut; θ) + wt (10)

where wt ∼ N (0, σ2I), then the FIM reduces to:580

F(θ⋆, π) = σ−2 · Ep(·|θ⋆,π)

[
T∑

t=1

∂f(xt, ut; θ
⋆)

∂θ
·
(
∂f(xt, ut; θ

⋆)

∂θ

)⊤
]

(11)

Now, given that θ⋆ is not available to us, we instead use a surrogate with θ̂1 and given that our sim-581

ulators need not be differentiable, we use finite difference approximation to calculate the gradient.582

Further, we add a termination penalty to prevent highly aggressive inputs commands that can lead583

to fall of the robot.584

Further, If we want to collect a trajectory of length ∼ 40s =⇒ T = 2000, to make this optimiza-585

tion problem more tractable, we constrain the input space by optimizing only a selected subset of586

commands: [vx, vy, ωz, b1, b2, ϕ, ψ] while keeping others fixed. These were chosen for their ability587

to sufficiently excite the physical parameters of interest during system identification. It is important588

to note that this subset is not fixed and can be adapted based on the specific parameters being tar-589

geted in different scenarios. Rather than optimizing these commands at every individual timestep,590

we adopt a more compact representation by reparameterizing the command trajectories using a 10-591

degree Bézier curve. This reduces the number of optimization variables, as we only sample and592

optimize the corresponding control points of the Bézier curve, excluding b1 and b2. The entire com-593

mand sequence is divided into segments of fixed time horizons, each of length H = 4 seconds. For594
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each horizon, the Bézier-defined command profile is resampled to generate the control sequence.For595

the gait-modulating commands b1 and b2, we select from four discrete combinations: (0.5, 0.5),596

(0.5, 0.0), (0.0, 0.5), and (0.0, 0.0), which correspond to pace, trot, bound, and pronk gaits respec-597

tively. These gait parameters are held fixed within each horizon to preserve consistent behavioral598

structure during execution.599

A.4 Mass-Inertia Matrix Parameterization600

The robot’s inertial parameters θin includes: mass m ∈ R, center of mass r ∈ R3, and rotational601

inertia I ∈ S3 (the set of 3 × 3 symmetric matrices). These parameters are physcially feasible if602

and only if the pseudo-inertia J(θin) is positive definite [64]: J(θin) =

[
Σ h
hT m

]
≻ 0, where603

h = m · r, Σ = 1
2 tr(I)I3×3 − I, and I3×3 is the identity matrix. To ensure that these physical604

constraints are satisfied, we project the mass-inertia matrix J into a log-Cholesky form [65] that is605

feasible with respect to the positive-definite constraints.606

A.5 Implementation details for Training Downstream Tasks607

The training pipeline for all the downstream tasks uses the code framework inspired from [66]. We608

first mention the commanalities and then report the task specific rewards, observations and details.609

For each task, we formulate it as a goal-conditioned Reinforcement learning (RL) task, where610

the policy π is trained to achieve a task and motivated to reduce the performance metrics in Ap-611

pendix.A.1.Each policy is conditioned by observations ot and it outputs action at ∈ R12 for the612

quadruped and at ∈ R15 for the humanoid, where the policy provides actions only to the lower body613

and the upper body joints are fixed. These actions correspond to the target joint positions and is614

passed to a PD controller that actuates the robot’s degrees of freedom. The policy uses PPO [59] to615

maximize cumulative discounted reward. Further, we follow an asymmetric actor-critic training [40]616

to train the actor with only easily available observations from proprioception and other time based617

observations, while the critic has access to privileged information like base linear velocity which is618

usually difficult to estimate with on-board sensors.619

A.5.1 Observations620

All the policies use the robot’s proprioception spt and some task specific observations. The Forward621

Jump and Yaw Jump use a time phase variable Φ [67] to motivate the position of feet contacts to622

produce jump. The summary of observations are reported in Table5623

Table 5: Observation Space for RL Policy
Component Description

Common Observations (used in all tasks)

ωbase
t Base angular velocity

gt Gravity vector projected in base frame
qt Joint positions
q̇t Joint velocities
at Last applied actions

Task-Specific Observations

Forward & Yaw Jump Φ (phase), at−1 (last-last action)
Velocity Tracking vxcmd, vycmd, ωz

cmd
Attitude Tracking ϕcmd(roll), ψcmd(pitch)
Humanoid Velocity Tracking Φ (phase), qrefupper (upperbody dof reference)
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A.5.2 Rewards624

We summarize the weights of all reward terms used in tasks during policy training and evaluation.625

Quadruped task rewards are detailed in Table 6, covering different locomotion and agility objectives626

including block jumping, yaw jumping, tracking, and agile movement. Humanoid task rewards are627

shown in Table 7, with emphasis on gait stabilization, symmetry, and whole-body coordination.628

Table 6: Reward terms for quadruped tasks

Term Block Jump Yaw Jump Roll/Pitch Track Agile Loco

Task Reward

Body position 2.0 2.0 – –
Body orientation – 2.0 3.0 –
Body linear velocity – – – 2.0
Body angular velocity – – – 1.0
Feet height 3.0 3.0 – –

Penalties & Regularization

Action rate –1e-3 –1e-3 –1e-3 –1e-2
Slippage –3.0 –3.0 –1e-1 –
In-air contact –3.0 –3.0 – –
Foot spacing –2.5 –2.5 –0.5 –
Non-foot contact – –0.3 – –1e-1
Torque penalty – – –2e-4 –2e-4
Acceleration penalty – – –2.5e-7 –2.5e-7
Velocity penalty – – –1e-4 –1e-4
Symmetry bonus 2.0 2.0 – –
Base-height reference – – 1.0 2.0
Joint-limit violation – – –10.0 –10.0

Table 7: Reward terms for humanoid velocity tracking

Term Weight Term Weight

Task Reward

Linear-velocity tracking 1.0 Angular-velocity tracking 1.0
Waist-joint tracking 0.5

Penalties & Regularization

Action-rate –0.1 Vertical-vel –2.0
Lateral-ang-vel –0.05 Orientation –1.5
Torque –1e-5 Acceleration –2.5e-7
Velocity –1e-3 Contact-no-vel –0.2
Feet-orientation –2.0 Close-feet –10.0
Joint-limit violation –5.0 Base-height reference –10.0
Contact –0.20 Feet-heading alignment –0.25
Hip-position –1.0 Stance-tap –5.0
Stance-root –5.0 Stance-symmetry –0.5
Survival (“alive”) 0.15 Contact bonus 0.18

A.5.3 Domain Randomization629

We use two Domain Randomization ranges. The nominal range, that is used by the vanilla baseline,630

SPI and SPI-Active. However it should be noted that the motor parameter ranges κHip, κThigh, κCalf631
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corresponding to the Hip, Thigh and Calf are not used for the vanilla baseline. Second, we have the632

Heavy Range, where the ranges are almost double compared to the nominal range and is used by the633

Heavy DR baseline. The exact ranges are summarized in Table 8634

Table 8: Domain Randomization Ranges
Term Nominal Range Heavy Range

Dynamics Randomization
Friction U(0.5, 1.0) U(0.5, 1.0)

Base CoM offset(m) U(−0.1, 0.1) U(−0.2, 0.2)
Base mass(× default)Kgs U(0.8, 1.2) U(0.6, 1.4)
Base Inertia offset(Kgm2) U(−0.05, 0.05) U(−0.05, 0.3)

κHip U(22, 24) -
κThigh U(24, 26) -
κCalf U(22, 24) -
Term Value

Common Ranges
P Gain U(0.9, 1.1)
D Gain U(0.9, 1.1)

Torque RFI 0.1× torque limit N ·m

A.6 Parameter Identification Result Analysis635

We evaluate the identified physical and actuator parameters of the Go2 robot with a 4.7kg payload636

mounted at the lower rear side of the base. The Table 9 compares the identified values against the637

default parameters without payload.638

The identified model captures key physical changes introduced by the 4.7, kg rear-mounted payload.639

The estimated mass increases by approximately 2.44, kg, partially compensating for the added load.640

The center of mass shifts rearward and downward, consistent with the payload’s mounting location,641

and is essential for accurate contact force modeling and stability. Among the inertial parameters, we642

observe a reasonable increase in Izz , likely resulting from the added mass distribution around the643

yaw axis. However, the increases in Ixx and Iyy are unexpectedly large and not fully supported by644

the payload geometry. This suggests possible overfitting or parameter coupling due to insufficient645

excitation in the pitch and roll directions—an inherent challenge for quadruped systems. Nonethe-646

less, the identified parameters yield improved trajectory prediction and real-world policy transfer647

performance, indicating that the model captures useful aspects of the true dynamics.648

The actuator tanh gains reveal strong saturation effects at high-torque range. With gains around649

25 for the thigh and calf joints, torque output saturates more gradually, resulting in a 20 − 26%650

reduction near the maximum torque limits. Modeling this nonlinearity is critical for improving651

sim-to-real fidelity in high-torque tasks such as dynamic locomotion and jumping with payloads.652

Table 9: Comparison of Default and Identified Parameters of Go2
Setting Mass CoMx CoMy CoMz Ixx Iyy Izz κHip κThigh κCalf

Default 6.921 0.021 0.000 -0.005 0.025 0.098 0.107 — — —
Payload 9.363 0.004 -0.005 -0.020 0.391 0.515 0.396 22.553 24.969 23.523

A.7 Attitude Tracking Results653

Figure 6 shows pitch tracking performance in an attitude control task, emphasizing the sim-to-real654

consistency of SPI-Active policies. The SPI-Active policy (left) exhibits a trajectory that closely655

matches the simulated response, whereas the vanilla policy (right) shows larger deviations from656

simulation. This demonstrates that SPI-Active achieves a smaller sim-to-real gap.657
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Figure 6: Open-loop attitude tracking results. Comparison between SPI-Active and vanilla policies
in both simulation and real-world execution. SPI-Active yields a closer match to simulation, sug-
gesting improved sim-to-real consistency.
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