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Recent advances in legged robot control have expanded the potential for quadrupedal robots10

in real-world applications, such as rescue operations in disaster zones and mountainous re-11

gions. However, practical deployment is hindered by the limited travel range per battery12

charge—a challenge compounded by the robots’ inherent structural characteristics. Un-13

like wheeled robots, quadrupeds continuously expend energy at their joints to support body14

weight and incur kinetic energy losses during intermittent foot–ground contact. Moreover,15

optimizing energy consumption is complicated by trade-offs among various physical effects,16

necessitating a holistic approach that optimizes both hardware and software components.17

Prior research has predominantly addressed isolated aspects of energy loss. In this work, we18

present RAIBO2, an energy-efficient quadruped designed through a comprehensive analysis19

of its energy loss model. Efficiency is enhanced via a force-transparent, lightweight mechan-20

ical hardware, a low-loss motor driving circuit, and an energy-optimized locomotion policy.21

RAIBO2 completed a full marathon in 4 hours, 19 minutes, and 52 seconds on a single bat-22

tery charge, achieving a Total Cost of Transport (TCOT) of 0.25—the first quadrupedal robot23

to surpass the human benchmark of 0.37. Compared to existing quadrupeds, RAIBO2 of-24
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fers more than three times the travel range per battery charge. This breakthrough in energy25

efficiency paves the way for extended outdoor applications where prolonged battery life is26

critical.27
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Main text28

Quadruped robots have recently made significant strides in mobility, particularly in high-29

speed locomotion1–5 and terrain adaptation6–8, which enhance their potential for deployment in30

real-world outdoor environments, such as rescue operations in mountainous or disaster-stricken31

areas. However, these outdoor missions often require robots to operate for extended periods and32

cover long distances. Current legged robots remain limited in their ability to operate beyond a33

range of 20 km9. To fully unlock the potential of legged robots, it is crucial to further extend their34

operational range on a single battery charge.35

Improving locomotion efficiency in quadruped robots to extend their travel distance is more36

challenging than in wheeled robots. Quadruped robots must continuously expend energy at the37

joints to support their body weight and experience additional kinetic energy losses during intermit-38

tent foot-ground contact. These robots also face complex trade-offs between various loss compo-39

nents and the interconnected effects of multiple design parameters10–13. One significant challenge40

in optimizing energy loss in quadruped robots lies in the trade-off between actuator electrical loss41

and foot collision loss. Actuator electrical loss arises from the joint torques needed to support42

the robot’s body mass, whereas foot collision loss occurs as kinetic energy dissipates during foot-43

ground impact when repositioning the feet. Design strategies to reduce actuator electrical loss,44

such as increasing gear ratios14 or raising the body height15, increase the apparent inertia of the45

foot, thereby leading to greater foot collision losses, and vice versa. As such, the design process46

must carefully consider the interrelationships between these elements while striving to minimize47

total energy loss.48

Previous research on enhancing quadruped locomotion efficiency has yielded incremental49

improvements in specific aspects of legged robots, such as mechanical design optimization13,14,16,50

locomotion posture optimization15, and gait adaptation through reinforcement learning (RL)17,18.51
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However, no study has adopted a comprehensive approach that integrates hardware design and52

locomotion policy on a single platform. A more holistic optimization strategy could achieve supe-53

rior efficiency by incorporating multiple design parameters within a single platform. This approach54

requires a systematic analysis of losses and their relationships with design parameters in the me-55

chanical, electrical, and control domains, allowing a complete optimization of the entire system.56

In this paper, we propose an energy-efficient quadruped robot system, RAIBO2 (Fig. 1a).57

RAIBO2 improves efficiency by optimizing a wide range of design variables across mechanical58

hardware, electrical circuits, and locomotion behavior on a single platform. Through detailed59

loss modeling and analysis of relationships between losses and design variables, we identified60

key design factors that impact the efficiency of the quadruple robot in all domains (Fig. 1b). We61

incorporated established design strategies of force transparent actuators12, lightweight legs11, high62

motor constant motors14, and efficient locomotion posture15. Our additional efficiency gains came63

from optimized motor driving circuits and a locomotion policy trained with reinforcement learning64

(RL).65

We validated RAIBO2’s performance by participating in a full marathon (Fig. 1c), complet-66

ing the 42.195 km course in 4 hours, 19 minutes, and 52 seconds19,20, with an energy consumption67

of 1280 Wh (Supplementary Video 4). Based on the data, the robot was capable of traveling 6768

kilometers with a total battery capacity of 2016 Wh. RAIBO2 achieved a total cost of transport69

(TCOT)21 — the energy consumed in Joules per meter and per kilogram-force — of 0.25 (Fig. 1d),70

becoming the first quadruped robot to surpass human TCOT (0.37). Furthermore, the robot demon-71

strated approximately three times the travel distance (km) per battery charge (Wh) compared to that72

of recent state-of-the-art quadruped robots (Fig. 1e).73
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Fig.1 | Demonstration of RAIBO2’s exceptional marathon performance and energy efficiency

in real-world operation. a, RAIBO2 demonstrating outdoor locomotion capabilities alongside

human runners (Supplementary Video 1). b, Design optimization framework showing comprehen-

sive loss analysis leading to system-wide improvements across mechanical, electrical, and locomo-

tion policy domains, achieving a Total Cost of Transport (TCOT) of 0.25 and a range of 67 km. c,

Marathon course profile showing the successful completion of a full 42.195 km marathon without

battery replacement. The challenging route features significant elevation changes totaling 286 m

and a maximum slope of 18.4 degrees. d, Cost of Transport (COT) comparison across various lo-

comotion systems plotted against mass, demonstrating RAIBO2’s exceptional efficiency with COT

lower than humans9,12,14,16,21–38. e, Range versus battery capacity plot showing RAIBO2’s superior

performance among quadrupedal robots, achieving over three times the distance per battery capac-

ity compared to the regression trend of existing platforms9,12,14,16,30,32,33,35–38.
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System overview74

RAIBO2, designed through comprehensive loss analysis, incorporates efficiency improve-75

ments across mechanical hardware, electrical circuits, and locomotion policy domains. Fig. 276

illustrates the key features implemented in each domain to enhance overall system efficiency in77

our proposed quadruped robot.78

In mechanical hardware design, RAIBO2 consists of four identical legs with three identical79

actuators per leg, creating a modular system, as shown in Fig. 2a. Our key focus on improving effi-80

ciency is a high force transparent actuator and low leg inertia, based on a proprioceptive actuation81

philosophy11,12,33. To achieve this, we utilized a four-bar linkage mechanism at the knee joint trans-82

mission and a single-stage planetary gear (7.15:1) at the actuator reducer. With a lightweight leg83

mechanism (1.1 kg), the robot’s design was optimized for minimal weight, with leg mechanisms84

accounting for 10.2 percent of the total robot weight (Extended Data Table. 1).85

In terms of electrical design, RAIBO2 uses Brushless DC (BLDC) motors, which are driven86

by a motor driver Printed Circuit Board (PCB) consisting of an MCU, gate driver, and a 3-phase87

2-level inverter with 6 MOSFETs (Fig. 2b). In motor driver circuit design, we aimed to minimize88

motor driver losses by reducing both conduction losses from circuit resistance and switching losses89

from MOSFET operation. To reduce resistive components in the motor driver circuit, we utilized90

2 oz PCB copper thickness for all layers and designed with low turn-on resistance MOSFETs and91

low resistance Hall-effect current sensors. Additionally, gate resistors were minimized to reduce92

switching losses while preventing an oscillatory response.93

The locomotion control policy is implemented in a hierarchical structure with the motor con-94

trol algorithm as shown in Fig. 2c, controlling the legs through the BLDC motors. The locomotion95

policy network consists of a cascaded Gated Recurrent Unit (GRU) network and a Multi-Layer Per-96

ceptron (MLP) network4, which utilizes proprioceptive sensor data as observations. The rewards97
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for RL-based network training focus on three categories: command tracking reward, locomotion98

style reward, and energy minimization reward. The energy minimization reward includes foot99

pre-contact velocity minimization for foot collision loss reduction and magnetic saturation-aware100

current minimization for motor copper loss reduction. Detailed network architecture and training101

methods are described in the methods section.102
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Fig.2 | System overview of RAIBO2. a, Energy efficiency mechanical hardware system featuring

a lightweight leg mechanism (1.1 kg without actuator) and force transparent actuator module. The

modular actuator design integrates a motor driver, brushless DC motor, and single-stage planetary

gear transmission into a compact unit. b, Low-loss motor driver board design and circuit configura-

tion. The PCB stackup utilizes 2 oz copper layers to minimize conduction losses, with a simplified

schematic showing the 3-phase 2-level inverter motor driver circuit incorporating Hall-effect cur-

rent sensing. c, System architecture showing the hardware integration and control hierarchy. The

control PC coordinates twelve motor drivers and actuators through real-time communication (2

kHz). The hierarchical control structure implements a contact-aided invariant EKF for state es-

timation39, GRU-based locomotion policy (100 Hz), and cascaded motor control algorithms (15

kHz), including PD control and torque control, culminating in gate driving of the 2-level 3-phase

inverter.
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Quadruped robot loss analysis103

To improve the efficiency of quadruped robots, we first developed a comprehensive under-104

standing of quadruped robot losses. In this section, we present a detailed breakdown of loss com-105

ponents in quadruped robot systems. Then, we analyze the relationships between these individual106

losses and key design factors across the mechanical, electrical, and locomotion domains to estab-107

lish design principles for efficient quadruped robot systems.108

We categorized the total losses in quadruped robots into three main components: system109

loss, mechanical loss, and actuator electric loss. The mechanical loss is further divided into slip110

loss, collision loss, and joint friction loss, while the actuator electric loss is subdivided into driver111

loss and motor loss. A more detailed breakdown of these losses is presented in the Sankey di-112

agram in Fig. 3a, which shows the loss distribution when RAIBO2 achieves its lowest cost of113

transport (COT) during locomotion at 3m/s. The methods used to measure each loss component114

are described in the Methods section.115

System loss accounts for 9.6 percent of total losses and represents the baseline power con-116

sumption required for robot system operation. It encompasses power consumption from multiple117

sources: PC operation loss for control algorithms, device operation loss such as IMU and commu-118

nication Hub, and Joule loss from the power distribution board.119

Mechanical loss, which accounts for 22.7 percent of total losses, can be categorized into120

friction-based and collision-based losses. Friction-based losses include joint friction loss and slip121

loss, with collision-based loss occurring through foot collision. This mechanical loss exhibits the122

steepest increase with velocity (Fig. 3b) and is the primary factor causing COT to rise after 3 m/s123

(Fig. 3c).124

Slip loss, accounting for 2.9 percent of total losses, occurs from the sliding motion between125

foot and ground during the stance phase. Slipping initiates when the horizontal ground force126
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exceeds the maximum static friction force (product of static friction coefficient and normal force).127

This necessitates controlling stance phase force direction within specific angles. Over-extended128

legs reduce manipulability, making slip suppression difficult and resulting in increased locomotion129

losses or decreased stability. Our RL-based policy training methodology achieves stable 3 m/s130

locomotion up to 86 percent of full leg extension but fails to maintain higher postures (Fig. 3g).131

Foot collision loss represents 8.4 percent of total losses, occurring as kinetic energy dissipa-132

tion at impact (Fig. 3d). This loss is determined by both pre-contact velocity and apparent inertia133

of the foot. Pre-contact velocity can be controlled as part of locomotion behavior, but achieving134

zero foot velocity at impact remains challenging due to the need for precise foot contact timing135

prediction. The RL-based controller addresses this challenge by incorporating contact informa-136

tion into the critic network’s observations, effectively reducing mechanical loss through negative137

rewards (Fig. 3f and Supplementary Video 2).138

Joint friction loss, contributing 13.4 percent of total losses, occurs in the relative motion139

between gear teeth used for torque amplification and serves as a key indicator of actuator force140

transparency. Gear friction is modeled using the Coulomb friction model, where frictional force is141

proportional to the normal force at the gear contact points. Design factors influencing gear friction142

loss include the number of gear stages, pressure angle40. Implementing single-stage planetary gear143

transmissions and reducing normal force through lightweight leg design or elevated gait postures144

contribute to the reduction of joint friction losses.145

Another notable aspect of the locomotion is that the stance phase exhibits an energy flow146

pattern similar to human walking, in which muscles store and release energy through active ten-147

sion41, with distinct generating and motoring phases (t1 to t2 and t2 to t3, respectively, in Fig. 3d).148

The controlled electrical stiffness mimics mechanical spring behavior30,31,42,43: energy absorption149

during compression creates near-inelastic collisions for stable contact, and the stored energy is sub-150

sequently utilized for robot propulsion. The energy flow pattern emerges not only within individual151

10



leg gait cycles but also in the coordinated interaction between the front and rear legs. Analysis of152

the front right leg and rear left leg, which are synchronized in trot gait, reveals specialized roles153

in energy distribution: the front leg predominantly handles energy generation, and the rear leg154

focuses on propulsion (Fig. 3e).155
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for Front Right and Rear Left legs. f, Impact of foot collision loss reward on mechanical and
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The actuator electric loss, representing 67.7 percent of total losses, occurs as heat dissipation156

in the motor and motor driver circuitry. Motor losses comprise copper loss and iron loss; motor157

driver losses include system loss, conduction loss, and switching loss. As this actuator electric loss158

is primarily determined by motor current, it is influenced by all design elements affecting required159

motor current across locomotion behavior, mechanical hardware, and electrical hardware.160

From a locomotion behavior perspective, quadruped robots generate foot end-effector forces161

to support and propel their bodies. Higher body positions enable the same end-effector forces with162

reduced joint torques, resulting in lower actuator electric losses (Fig. 3g and Supplementary Video163

3). In mechanical hardware design, gears serve as torque amplifiers between motor torque and164

joint torque. Increased gear ratio reduces required motor torque for equivalent joint torque output,165

decreasing actuator electric loss. From the electrical hardware perspective, motor structure and166

motor driver component selection are key design parameters.167

Motor copper loss, accounting for 40.2 percent of total losses, occurs in stator resistance168

during magnetic field generation for torque production. Efficient torque generation demands high169

torque density per current and low phase resistance. These two characteristics define the motor170

constant (Nm/
√

W), a key parameter for motor selection in reducing copper loss for quadruped171

robot design14. However, increasing torque density through additional winding turns and reducing172

phase resistance through thicker conductors both require more copper content. The extra copper173

mass increases robot weight and torque requirements, making it essential to select motors with174

high motor constant within given weight constraints.175

Copper loss is also affected by motor magnetic saturation. Motors use iron stator slots to176

amplify torque through ferromagnetic dipole alignment. Rated torque marks the beginning of177

magnetic saturation, where magnetic dipoles become saturated and produce diminishing torque178

gains per current increment, reducing motor constant. Larger iron slots delay this saturation point179

but increase robot weight, necessitating careful motor selection. In our study, during lowest TCOT180
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locomotion at 3m/s, 84.1 percent of operation remains within rated torque limits (Fig. 3h).181

Motor iron loss, accounting for 0.3 percent of total losses, occurs in rotor and stator iron used182

for magnetic field alignment and amplification. This loss increases with magnetic field magnitude183

and frequency, with its coefficients determined by motor geometry and material properties44. In our184

study, the selected motor demonstrated minimal iron losses in its operating range. Additionally, our185

trained controller rarely required simultaneous high-speed and high-torque operation, contributing186

to low iron losses.187

Driver conduction loss, accounting for 5.8 percent of total losses, arises from ohmic losses188

in current-carrying conductors and components of the motor driver PCB. The current path com-189

ponents in the motor driver circuit include PCB copper, MOSFETs, and current sensors, where190

reducing their resistance contributes to decreasing the current-squared term of driver losses. The191

loss reduction effects from decreased resistance in each component are demonstrated in Extended192

Data Fig. 2c, d, and f.193

Driver switching loss represents 13.3 percent of total losses occurring during MOSFET state194

transitions for PWM control. This loss depends linearly on load current and is affected by battery195

voltage, MOSFET state transition time, and switching frequency45,46. As shown in Fig. 3i, the196

comparison between ISC 20V and ISC 80V waveforms demonstrates the impact of battery voltage197

on losses. The ISC 80V (proposed) waveform shows reduced switching losses through lower198

switching frequency and shorter transition times, which is evident when compared to the ISC 80V199

waveform. Detailed parameter settings are provided in the Methods section.200

14



Efficiency validation through full marathon completion201

RAIBO2 completed the full marathon of the 22nd Sangju Gotgam Marathon to demonstrate202

its operating range experimentally (Supplementary Video 4). The Sangju marathon course, with203

its 286 m total elevation and slopes approaching 18 degrees (Fig. 4i and j), is known as one of204

the most challenging marathon courses in Korea. The marathon course, shown in Fig. 4b, was a205

round-trip route with a turning point in the middle. As evident from Fig. 4a-d, most of the course206

consisted of asphalt roads, including slippery sections covered in fallen leaves.207

The detailed data collected during the marathon are presented in Fig. 4e-h. The robot com-208

pleted the whole 42.195 km distance in 4 hours, 19 minutes, and 52 seconds at an average speed209

of 2.64 m/s19,20. The power and battery data (Fig. 4g and h) show that the robot consumed 1280210

Wh of energy throughout the marathon, corresponding to an average TCOT of 0.248, which aligns211

with previously demonstrated efficiency metrics (Fig. 3c). This energy consumption represents 63212

percent of the total 2016 Wh battery capacity (Fig. 4e). The data indirectly validate the robot’s213

theoretical ability to traverse up to 67 km.214

Despite the 286 m total elevation gain, one factor enabling high efficiency is RAIBO2’s215

ability to regenerate mechanical energy during descents. Loss analysis during 3 m/s locomotion216

on level ground, a 7-degree incline, and a 7-degree decline (Fig. 4k) demonstrates an additional217

mechanical loss of 100.5 W on inclines while recovering 107.5 W on declines. The increased218

energy consumption during uphill is compensated by energy regeneration during the downhill219

locomotion, as evidenced by the generating phases in the power profiles (Fig. 4l).220

The comprehensive dataset from the full-course marathon trial provides valuable insights into221

RAIBO2’s robust and energy-efficient performance in real-world outdoor conditions, validating its222

capabilities for practical deployment.223
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Discussion224

Our work demonstrates that holistic design optimization through comprehensive energy anal-225

ysis can achieve energy efficiency far beyond what has been presented in the existing literature.226

Previous studies have focused on incremental improvements in isolated aspects of legged robots,227

mainly due to the partial understanding of the loss composition in quadruped robots. Based on our228

measurement-driven analysis of comprehensive loss structures, we improved efficiency across the229

mechanical, electrical, and control domains, identifying critical elements for enhancing locomo-230

tion efficiency in each design aspect.231

In mechanical design, we focused on two key aspects: force transparency and lightweight232

leg design. Force transparency affects both joint friction loss and energy conversion efficiency dur-233

ing the regenerating-motoring cycles of gait. Leg inertia impacts both joint friction loss and foot234

collision losses. In the electrical domain, motor selection and driver circuit design proved crucial.235

We selected motors with high motor constants and operations below magnetic saturation limits.236

Also, we designed the motor driver with low-resistance component selection for low conduction237

loss and increased MOSFET state transition slew rate to reduce switching loss. For locomotion238

behavior, we concentrated on reducing both foot collision and actuator electric loss. Through rein-239

forcement learning reward formulation, we achieved a lower pre-contact velocity and minimized240

current usage in magnetic saturation regions.241

Several challenges remain to be addressed. Our study employs blind controllers optimized242

for minimal losses in typical locomotion scenarios, but specialized environments like stairs or243

mountainous terrain present varying loss models and constrained robot postures, necessitating244

the development of environment-aware efficient locomotion strategies. Additionally, our study245

assumes human operation, yet autonomous navigation requires planners that can identify energy-246

optimal paths based on global map understanding. The loss models developed in this study provide247
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a valuable foundation for addressing these challenges.248

The insights and methodologies developed in this study extend beyond quadrupedal sys-249

tems, offering valuable principles for reducing losses in various motor-driven robotic applications.250

We anticipate that these findings will contribute to expanded operational ranges and broader de-251

ployment of mobile robots, particularly in emerging platforms such as bipedal and wheel-legged252

systems, where efficiency directly impacts practical utility.253
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Methods367

Mechanical hardware design368

Required joint torque and speed derivation We analyzed dynamic loading conditions dur-369

ing trotting to determine actuator torque requirements. In our modular design using identical ac-370

tuators for all joints, we based our torque specifications on the knee actuator as it experiences the371

highest torque demands due to its structural role in supporting body weight and body vertical veloc-372

ity deceleration. The knee actuator must sustain constant body weight support during continuous373

trotting locomotion, leading to our rated torque specification of374

τrated =
mgLcalf cos (θknee/2)

nleg,trot

= 44.34 Nm (1)

where m = 40 kg is the robot mass, g = 9.81 m/s² is gravitational acceleration, Lcalf = 0.32 m375

is the calf length, θknee = 90◦ and nleg,trot = 2 is the number of supporting legs during trot gait.376

Peak torque requirements were determined from the most demanding phase of trot gait locomo-377

tion. During the initial stage of the stance phase, the knee joint generates impulse torque through378

controlled stiffness to decelerate the body’s vertical velocity. We calculated this required impulse379

torque by considering the change in body momentum and the resulting impact force. With an380

assumed body deceleration (abody) of 2g, we derived the required peak torque as381

τpeak =
mabodyLcalf cos (θknee/2)

nleg,trot

= 88.68 Nm. (2)

Speed requirements were derived from the target locomotion velocity of 4 m/s. Following Raibert’s382

heuristic56 for foot placement, the foot position (xf ) combines a nominal term ( ẋTs

2
) for steady-state383

locomotion and a correction term (kẋ(ẋ− ẋd)) for disturbance rejection through384

xf =
ẋTs

2
+ kẋ(ẋ− ẋd) (3)
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where ẋ is the forward speed, Ts is the stance duration, ẋd is the desired forward speed, and kẋ385

is a feedback gain. Similarly, we expressed the maximum foot velocity relative to the body as386

the sum of nominal velocity and disturbance rejection velocity. Assuming equal stance and swing387

times and that the foot must travel twice the capture point length relative to the body during swing388

phase, we derived nominal velocity as vnominal = (vbodyTstance/2) · 2/Tswing = vbody. Setting the389

disturbance rejection velocity to vbody, we obtained the total required velocity as390

vfoot = vnominal + vrejection = vbody + vbody = 8 m/s (4)

From this foot velocity, we determined the required joint angular velocity for the pitch axis, which391

experiences the highest velocity demands. With Le =
√
2Lcalf in the nominal posture as shown in392

Extended Data Fig. 1a, we obtained393

ωreq =
vfoot
Le

= 17.7 rad/s. (5)

Based on these calculations, we established actuator specifications with a rated continuous394

torque of 25 Nm, peak torque of 90 Nm, and maximum angular velocity of 20 rad/s (191 rpm).395

These initial design targets were subsequently validated through detailed analysis and testing dur-396

ing the development process.397

Motor selection Aiming for a force-transparent proprioceptive actuator design12, we tar-398

geted a single-stage reduction ratio below 10:1, necessitating a motor with approximately 2.5 Nm399

rated torque, 9 Nm peak torque and 1910 rpm maximum speed. Among motors meeting our rated400

torque, peak torque, and maximum speed requirements, we prioritized those with high motor con-401

stant kM (Nm/
√

W), which can be defined as402

kM =
kT√
R
, (6)
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where kT represents the torque constant (Nm/A) and R is the phase resistance (Ω). The selected TQ403

group ILM115x25 motor, with a motor constant of 0.87 Nm/
√

W, offers rated torque of 3.9 Nm,404

peak torque of 12.7 Nm, and rated speed of 1400 rpm at 48 V (Extended Data Table. 1b). Given405

surplus torque capacity but limited speed, this necessitated selection of a transmission mechanism406

with gear ratio below 10:1.407

Planetary gear mechanism design The gear ratio was selected based on joint requirements408

and motor specifications. The ILM115x25 motor has τm = 3.9 Nm rated torque, τm,max = 12.7 Nm409

peak torque, and ωm = 1400 rpm rated speed, with joint requirements of τj = 25 Nm rated torque410

and τj,max = 90 Nm peak torque. The minimum gear ratios determined from these specifications411

are η = τj/τm = 6.41 : 1 for rated torque and ηmax = τj,max/τm,max = 7.09 : 1 for peak torque. The412

maximum gear ratio to satisfy the speed constraint is (ωm/ωj = 7.34). Based on these calculations,413

a gear ratio (η = 7 : 1) was selected to satisfy both torque and speed requirements.414

The planetary gear design process balanced multiple constraints, primarily focusing on main-415

taining compact size while achieving the required reduction ratio. The ring gear’s outer diameter416

was constrained to match the motor diameter (115 mm) to minimize actuator size and leg inertia.417

The gear module was set to 0.7 to accommodate increased peak torque requirements. The sun418

gear tooth count was kept above 17 to prevent undercutting and maintain adequate hollow shaft419

diameter. The tooth configuration must satisfy420

Nring −Nsun = 2Nplanet, (7)

421

Nring +Nsun

np

∈ Z, (8)

where Nring, Nsun, and Nplanet represent the tooth counts of the ring, sun, and planetary gears422

respectively, and np is the number of planetary gears in the system. These constraints, combined423

with considerations for the Lewis factor and manufacturing feasibility, led to the final configuration424
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of 160-67-26 teeth (ring-planet-sun) with three planetary gears, yielding a 7.15:1 reduction ratio.425

The gear thickness can be determined using the simplified AGMA formula426

σ =
Wt

bmtY
Kv, (9)

where Wt is the tangential load, b is the face width, mt is the module, Y is the Lewis form factor,427

and Kv is the dynamic factor. This calculation resulted in a 10 mm thickness specification.428

Light inertia leg design The inertia of the moving components of the leg is divided into the429

inertia of the rotor and that of other parts. Among these, the rotor’s inertia significantly affects430

energy consumption, as it is proportional to the square of the gear ratio. Therefore, reducing the431

rotor’s inertia is crucial. As shown in the actuator detail view of the Extended Data Fig. 1a, a432

hollow shaft structure was implemented in the sun gear, while a lightweight aluminum structure433

was used for the rotor hub to minimize inertia.434

In addition, the design focused on reducing inertia in other components. A cross-roller bear-435

ing was utilized to ensure structural stability even when the link is supported at a single end rather436

than both ends, as depicted in the leg mechanism top view of the Extended Data Fig. 1a. Fur-437

thermore, needle roller bearings were used instead of ball bearings to reduce both the weight of438

the bearings and the size of the components that hold them. Individual component weights were439

further optimized through static analysis based on required torque (Extended Data Fig. 1a, side440

view).441

Low loss motor driver circuit design442

The motor driver circuit manages power transfer from battery to motor, comprising joint443

communication and power control sections (Extended Data Fig. 1b). Most losses occur during444

power control, making component selection and circuit layout in the power control section crucial.445
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Motor driver losses can be divided into two main categories: conduction loss and switching loss.446

Conduction loss is the Ohmic loss that occurs when current flows to generate magnetic fields for447

desired motor torque. Switching loss occurs during MOSFET state transitions required for real-448

time motor current control through rapid changes in motor phase voltage. Through experimental449

setups shown in Extended Data Fig. 2a and b, we measured motor driver losses under various450

conditions and reduced both conduction and switching losses.451

Conduction loss reduction Motor driver conduction loss, following quadratic current de-452

pendency, occurs in the main current paths comprising current sensors, MOSFETs and PCB cop-453

per traces. These components enable motor current control through a closed loop: current sensors454

measure phase currents, the driver adjusts MOSFET state to control phase voltages, and current455

flows through PCB copper traces.456

Current measurement in motor drivers commonly uses two approaches (locations shown in457

Extended Data Fig. 1b) shunt resistors with operational amplifier and hall-effect sensors. Shunt458

resistors offer direct loss reduction through decreased resistance values (Extended Data Fig. 2c).459

However, low resistance requires high amplification ratios, which amplify ground noise and de-460

grade control quality. In contrast, hall-effect sensors provide advantages through electrical iso-461

lation between current path and sensor power supply. This isolation allows direct installation on462

phase lines with low ground noise sensitivity. Moreover, being non-resistive measurement devices,463

they can achieve stable high amplification ratios with conduction loss. The selected hall-effect464

sensor (ACS725LLCTR-50AB-T), with a conduction resistance of 1.5 mΩ, demonstrated losses465

comparable to a 1 mΩ shunt resistor configuration (Extended Data Fig. 2c).466

The next method to reduce conduction loss is increasing PCB copper thickness. We com-467

pared driver conduction losses between commonly used 1 oz and 2 oz copper thicknesses (1 oz468

equals 0.035 mm copper thickness) while maintaining a total PCB thickness of 1.6 mm. The re-469
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sults, presented in Extended Data Fig. 2f, show an equivalent resistance reduction of approximately470

1.8 mΩ. We selected 2 oz copper for the final design after confirming sufficient dielectric layer471

thickness for safe operation at maximum voltage of 100V. Detailed experimental conditions can be472

found in Extended Data Table. 4a.473

Lastly, our approach to reduce conduction loss focuses on low-resistance MOSFET selection.474

MOSFET conduction loss is determined by turn-on resistance (RDS,on), which typically increases475

as package size decreases. We compared two Infineon MOSFETs with identical footprint and476

voltage ratings: BSC070N10NS5SC (BSC RDS,on=7 mΩ, Qg=30 nC) and ISC022N10NM6 (ISC477

RDS,on=2 mΩ, Qg=73 nC). The driver with BSC MOSFET showed an equivalent resistance ap-478

proximately 33 mΩ higher than the driver with ISC MOSFET in terms of total conduction loss479

(Extended Data Fig. 2d).480

Switching loss reduction Motor drivers primarily control current using six MOSFETs, mak-481

ing switching losses a significant component of total losses. Therefore, MOSFET selection based482

solely on resistance characteristics without considering switching losses can lead to increased to-483

tal losses. MOSFET switching loss can be modeled as Psw = VinIoutfsw
Qgs+Qgd

Ig
where Vin is the484

drain-to-source voltage, Iout is the drain current, fsw is the switching frequency, Qgs and Qgd rep-485

resent gate charges, and Ig is the gate current45,46. At 80V operation, the driver with ISC MOSFET486

with larger gate charge exhibits higher total losses across all current ranges compared to the driver487

with BSC MOSFET despite its lower resistance (Extended Data Fig. 2e).488

Our first approach to reduce switching losses focused on increasing gate current (Ig) by489

reducing gate resistance, which serves as a damping element for oscillatory gate signals. This490

resistance value, typically a tuning parameter determined by circuit resonance, can be minimized491

through circuit layout optimization that reduces parasitic inductance. The gate driver (Infineon492

6EDL04N02PR) evaluation board datasheet specifies 180 Ω51, but our improved circuit design al-493
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lowed reduction to 10 Ω. The resulting power reduction is demonstrated in Extended Data Fig. 2g.494

Our second approach involved reducing switching frequency, which determines how often495

MOSFET states change and affects control performance. Under the 2 kHz master-slave communi-496

cation, we lowered the switching frequency from 20 kHz to 15 kHz. Lower switching frequencies497

improve efficiency, as shown in Extended Data Fig. 2h, but we maintained 15 kHz to balance power498

efficiency with control performance requirements.499

Locomotion policy training500

Our locomotion policy training framework is illustrated in Extended Data Fig. 3a. We trained501

the locomotion policy using proximal policy optimization (PPO)57, a model-free reinforcement502

learning algorithm widely used in legged locomotion tasks. Our environment is formulated as a503

partially observable Markov decision process (POMDP) since certain state information (e.g., con-504

tact forces and terrain) is unavailable. Consequently, the policy must infer missing states, increas-505

ing the complexity of learning. To address partial observability, previous studies have proposed506

stacking past observations or using architectures that capture historical information8. Similarly,507

we integrate recurrent neural network (RNN)-based architectures into the policy network to effec-508

tively capture and leverage temporal dependencies. We also employ an asymmetric actor-critic509

framework55, allowing the critic—used only in simulation—to leverage privileged information.510

This setup ensures that the policy remains robust to partial observability while benefiting from the511

critic’s guidance.512

The locomotion of a legged robot involves numerous contact interactions, necessitating a513

simulator equipped with a fast and high-fidelity contact solver to enable effective transfer of policy514

from simulation to reality. To address this requirement, we used the Raisim simulator50. Detailed515

PPO hyperparameters and coefficients are listed in Extended Data Table. 2d.516
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Network architecture The network architecture for training the locomotion policy consists517

of an actor network that maps observations to actions and a critic network that estimates value518

functions. The actor network integrates a gated recurrent unit (GRU) with a multilayer percep-519

tron (MLP). The GRU processes sensory observations as input, generating a hidden state that520

encapsulates enriched information. This hidden state, along with sensory observations and veloc-521

ity commands, serves as input to the MLP, which maps these features to the actions. The critic522

network is implemented as an MLP that receives sensory observations, velocity commands, and523

privileged information as inputs and outputs the expected return. A detailed description of the524

network architecture is listed in Extended Data Table. 2a.525

Observations and actions The actor network processes an observation consisting of the526

body roll-pitch vector, angular velocity, joint positions and velocities, and previous actions. These527

inputs are fed into the GRU layer, while the velocity command bypasses the GRU and is directly528

input to the MLP to prevent command history accumulation. The velocity command includes the529

desired linear velocities in the x- and y-directions and the angular velocity in the z-direction.530

The critic network must include all observations related to the reward function to accurately531

predict the expected return and should incorporate as much information as possible to achieve full532

observability. Therefore, the observations of the critic network encompass all inputs used by the533

actor network, along with privileged information that is accessible only in simulation. This privi-534

leged information includes body linear velocity, foot contact state durations (swing time and stance535

time), body height, current and previous ground reaction forces, foot velocity prior to contact, con-536

tact states, foot contact normal angles, terrain type, and the local terrain height map. A detailed537

description of each input’s dimensions is listed in Extended Data Table. 2b.538

The action output is a 12-dimensional residual joint position offset, which is added to the539

nominal joint positions to generate the final joint position reference.540
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Rewards Legged robots, characterized by their high degrees of freedom and underactuated541

dynamics, require carefully designed reward functions to achieve natural motion. The primary542

objectives of our locomotion policy’s reward function are accurate velocity command tracking,543

natural movement, and energy-efficient control. A complete list of reward terms is provided in the544

Extended Data Table. 3a. While many terms are derived from prior studies, this section focuses on545

three terms that significantly impact locomotion efficiency. For the ablation study, we conducted546

experiments with 4 m/s locomotion on a treadmill, as shown in Extended Data Fig. 4a and b. The547

loss analysis of this hardware experiment is presented in Extended Data Table. 3b.548

Extended Data Fig. 4c-e illustrate the foot velocity profiles and pre-contact foot velocity549

histograms. These figures compare the proposed reward function with variants that exclude GRF550

smoothness and foot collision loss reward terms. Both terms contribute to minimizing mechanical551

losses by reducing the velocity at which the foot makes contact with the ground. This reduction di-552

rectly mitigates foot collision losses, as demonstrated by the decrease in pre-contact foot velocities553

shown in the histograms.554

Extended Data Fig. 4f-g present the torque profile of a single knee joint and torque his-555

tograms for all actuators, comparing the proposed method with a variant that omits magnetic satu-556

ration effects. By incorporating magnetic saturation, the current demand at torque levels exceeding557

the rated torque becomes proportional to the square of the torque. As a result, the proposed method558

limits torque utilization at higher levels, as indicated by the reduced histogram counts at elevated559

torque levels. This adjustment reduces actuator electric losses, enhancing overall energy efficiency.560

Training Details At the beginning of each environment reset, we randomize the robot’s561

body orientation, joint angles, generalized velocities, and velocity command. The initial linear562

and angular velocities of the robot’s body are treated as external disturbances, allowing the agent563

to learn how to adapt and counteract the external wrench. The velocity command is uniformly564
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sampled within predefined ranges:565

vx, vy, ωz ∼ U(−1, 4), U(−1, 1), U(−1, 1). (10)

As training progresses through curriculum learning47, the initial state distribution, velocity com-566

mands, and terrain difficulty incrementally increase in both complexity and range. The training567

environment incorporates three terrain types, classified based on the maximum contact normal an-568

gle between the foot and the ground, as shown in Extended Data Fig. 3b. The first terrain type569

includes Hills and Slope, characterized by maximum contact normal angles below 90 degrees, en-570

abling the robot to learn locomotion on uneven surfaces. The second terrain type includes Steps571

and Stairs, characterized by a maximum contact normal angle of 90 degrees. In this scenario, the572

robot develops a foot-trapping reflex by lifting its foot higher when encountering an obstacle. The573

third terrain type includes Stairs with nosing and Pipes, where the maximum contact normal angle574

exceeds 90 degrees or involves shank contact. In this terrain, the robot learns to navigate steps by575

pulling its foot backward before swinging it forward. Detailed terrain parameters are provided in576

Extended Data Table. 2c.577

To minimize the sim-to-real gap, we incorporated an action-regularizing loss53. Unlike prior578

approaches54, we reduce reliance on extensive domain randomization, instead focusing on model-579

ing sensor noise and joint friction.580

Loss measurement581

Total power measurement Total power consumption (Ptotal) is directly measured as battery582

voltage (Vbat) times battery output current (Ibat). We used this power measurement for TCOT583

calculations in two different contexts. For the marathon record, TCOT (0.248) was obtained by584

dividing the total energy consumption (1280 Wh) by the product of mass (45 kg, RAIBO with585

2016 Wh), gravitational acceleration, and total distance (42.195 km). For detailed locomotion loss586
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analysis, we measured power during treadmill experiments where RAIBO2 maintained controlled587

constant speeds (Extended Data Fig. 4a and b). The average total power and TCOT were calculated588

from real-time logging data as:589

Ptotal =

∫ T

0
Vbat(t)Ibat(t)dt

T
(11)

590

TCOT =
Ptotal

mgvtredmill

(12)

Battery voltage is measured using a voltage divider (383 kΩ/9.76 kΩ) and current via a hall effect591

sensor (Infineon ACS781LLRTR-100B-T), sampled at 15 kHz and transmitted at 2 kHz through592

EtherCAT49. This direct power measurement enabled validation of our detailed loss models by593

comparing Ptotal with the sum of individual loss components (Pactuator,elect, Pmech).594

The motor copper loss (Pm,copper) calculation was based on the manufacturer’s datasheet595

values, expressed as596

Pm,copper = I2qReff (13)

where Reff is derived from the TQ Motor ILM115x25 datasheet parameters (Extended Data Table.597

1b). Using the specified torque constant (kT = 0.281 Nm/A) and motor constant (kM = 0.87598

Nm/
√

W), the effective resistance was determined as Reff = k2
T/k

2
M = 0.104 Ω.599

For driver loss characterization, we connected the motor stator without rotor to the driver600

and controlled the DC load current magnitudes to measure integrated power losses under various601

current levels. This setup eliminates motor iron losses by ensuring no time-varying magnetic602

fields: the absence of rotor prevents back-EMF generation, and steady-state DC current maintains603

constant magnetic fields. The total power consumption (Psupply) under these conditions consists of604

driver losses (Pdriver) and motor copper losses (Pm,copper). By subtracting the known motor copper605
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losses from the total power measurement, we characterized the driver loss coefficients as:606

Psupply − Pm,copper = Pdriver(I) = a0 + a1I + a2I
2 (14)

where the fitted coefficients correspond to system loss (a0 = Pd,system), switching loss (a1I =607

Pd,switch), and conduction loss (a2I
2 = Pd,conduction), respectively.608

Motor iron losses result from magnetic field variations and consist of hysteresis and eddy609

current losses. Our model reflects only stator iron losses due to the relatively small magnitude of610

rotor iron losses in Permanent Magnet Synchronous Machines (PMSM)58 and practical measure-611

ment limitations. To characterize the iron losses of the stator, we used only the stator assembly612

connected to the motor driver, applying virtual angle rotation to generate sinusoidal currents with613

varying frequencies and magnitudes. For sinusoidally varying magnetic flux density B(I) with614

angular frequency ωs, the iron loss density is expressed as:615

Psupply − Pm,copper − Pdriver = Pm,iron(I, ωs) = Phys + Peddy = khB
βωs + keB

2ω2
s (15)

where Phys and Peddy are hysteresis and eddy-current losses respectively, kh and ke are correspond-616

ing constants, and β is the Steinmetz constant44,48.617

Mechanical loss measurement Mechanical losses (Pmech) were calculated using real-time618

joint torque, speed, and position data recorded during treadmill experiments, combined with pre-619

characterized individual loss models. The mechanical loss consists of three components: joint620

friction loss (Pjoint), slip loss (Pslip), and foot collision loss (Pcollision). For constant velocity loco-621

motion with zero body acceleration, we assumed that motors provide energy only to compensate622

for mechanical losses, as there is no net change in robot kinetic energy. The total mechanical loss623

can be calculated from motor output power, which is the product of torque and velocity. How-624

ever, the torque calculation using kTiq includes power that is lost to iron losses during magnetic625
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field conversion. Therefore, total mechanical loss was calculated by subtracting the previously626

determined iron losses from the motor output power as627

Pmech =
12∑

i=1

(Pmotor,output(i)− Pm,iron(i)) =
12∑

i=1

(kTiq(i)ωm(i)− Pm,iron(i)) (16)

where kT is the torque constant, iq(i) is the q-axis current, and ωm(i) is the motor angular velocity628

of joint i.629

The loss of joint friction results from the sliding contact between the gear teeth during power630

transmission. While friction is typically modeled as a function of load torque and speed, compris-631

ing both Coulomb and viscous friction components40, we adopted only the Coulomb friction model632

due to experimental setup limitations. We characterize the friction torque as proportional to the ap-633

plied torque through a friction coefficient, which was experimentally determined by measuring634

the torque difference between the input and output using an actuator-link assembly with end-point635

force measurement. The joint friction power loss was calculated as the product of friction torque636

and joint velocity:637

Pjoint =
12∑

i=1

τfriction(i) · ω(i) (17)

where τfriction(i) is the Coulomb model friction torque and ω(i) represents joint velocity.638

The loss of foot collision occurs during the transitions of the foot from the swing to the stance639

phase. Assuming perfectly inelastic collisions with zero post-impact kinetic energy, the collision640

loss is calculated as641

Pcollision =
1

Tgait

n∑

j=1

1

2
vTj (JM

−1JT )−1vj (18)

where Tgait represents the gait period, with vj denoting the foot linear velocity vector before impact.642

J and M are the Jacobian matrix and robot mass matrix respectively, while n indicates the number643

of foot impacts per cycle.644
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Slip loss, occurring from foot slippage during stance phase, presents calculation challenges645

due to the difficulty in precisely measuring instantaneous normal forces and friction coefficients.646

Therefore, we quantified it as the residual mechanical loss after subtracting other known compo-647

nents. Slip loss term used in this paper includes both actual slippage losses and other unmodeled648

mechanical losses in the system, represented as649

Pslip = Pmech − Pcollision − Pjoint (19)

650
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Extended Data Fig. 1 | Design implementations for leg mechanism and motor driver circuit.

a, Lightweight leg mechanism design featuring knee joint and actuator design. b, Motor driver

system showing integrated communication processor layout and power control module with MOS-

FET arrangement and current sensor implementations.
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Extended Data Fig. 2 | Systematic approach to motor driver loss reduction through sequen-

tial design improvements. a,b, Experimental setup for loss measurements: complete test bench

configuration (a) and integrated motor driver-stator system (b). c-h, Comprehensive loss charac-

terization across design parameters: current sensing method comparison (c), MOSFET conduction

loss analysis at low voltage operation (20V) (d), MOSFET switching loss analysis at high voltage

operation (80V) (e), PCB copper thickness effects (f), gate resistance modification (g), and switch-

ing frequency impact (h).
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Extended Data Fig. 3 | Reinforcement learning framework and terrain classification for loco-

motion policy development. a, Detailed system architecture showing agent networks (privileged

information, proprioceptive observation, actor-critic networks) and environment elements (simu-

lator, rewards, curriculum). b, Training environments classified into three terrain types based on

maximum foot contact angle: slopes and hills (Type 1), standard stairs and steps (Type 2), and

stairs with nosing and pipes (Type 3).

43



c d

g

e

f

a b

Extended Data Fig. 4 | Experimental validation of locomotion policy for efficiency improve-

ment. a,b, RAIBO2 running at controlled speed on treadmill for efficiency measurements (Supple-

mentary Video 2 and 3). c,d, Comparison of foot velocity profiles between proposed and baseline

controllers, with detailed view of contact moment (d). e, Pre-contact velocity distribution his-

togram across different control strategies. f, Knee joint torque profiles demonstrating the effect of

magnetic saturation reward. g, Torque distribution histogram comparing policies with and without

magnetic saturation reward consideration.
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Extended Data Table. 1 | RAIBO2 robot and motor specifications. a, RAIBO2 weight distri-

bution and dimensions. b, TQ group ILM115x25 Motor specification.
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Extended Data Table. 2 | Network parameters and training hyperparameters. a, Network

architectures. b, Dimension of proprioceptive observation and privileged information. c, Terrain

parameters. d, Hyperparameters for policy training.
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Extended Data Table. 3 | Reward functions and ablation study. a, Reward functions. b, Loss

distribution by reward ablation at 4 m/s locomotion.
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Extended Data Table. 4 | Driver ablation study experimental conditions and MOSFET spec-

ifications. a, Driver ablation study experimental conditions. b, MOSFET specifications.
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