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Abstract— Dynamic control for legged robots confronts a
fundamental trilemma, where concurrent demands for high
agility, substantial payload capacity and energy efficiency
impose deeply coupled and often conflicting constraints. We
introduce the Agile Hauler Curriculum (AHC), a learning-
based method that bypasses complex mathematical modeling to
address this problem. The core of AHC is an Elo-based dual-
axis dynamic sampling curriculum that continuously focuses
training on the agent’s performance frontier, systematically
pushing the robot’s agility-payload performance envelope while
an energy-aware gating mechanism ensures efficiency. In real-
world deployment on the Go2 robot, the AHC-trained policy
achieved a max speed of 2.42 m/s with a 12 kg payload,
representing a 46.7% increase in speed and a 20.5% average
reduction in energy consumption compared to standard grid
adaptive curriculum.

I. INTRODUCTION

The burgeoning demand for autonomous robotic systems

capable of performing dynamic interactions with the physical

world is driving innovation across various fields. A critical

requirement emerging from this trend is the ability for

mobile robots to move under high payload capacities while

maintaining significant agility and speed. Higher speeds di-

rectly enhance task execution efficiency, while lower velocity

tracking errors enable more precise control. This precision

is paramount for ensuring safety and stability, allowing the

robot to avoid collisions and overturning while strictly ad-

hering to its trajectory. Furthermore, it is crucial for counter-

acting payload-induced disturbances in high-precision tasks

and minimizing unnecessary energy consumption. These

advanced capabilities are poised to transform application

in autonomous logistics, heavy material handling, disaster

response, facilitate meticulous inspection, and defense in

security scenarios.

However, achieving agile locomotion under substantial

payloads remains a formidable challenge. Recent advance-

ments have shown impressive robotic agility in tasks such as

parkour [1–3], play football [4], backflip [5] or high-speed

running [6] etc. However, their controllers are predominantly

trained and validated under zero or low-load conditions,

hindering their generalization to high-payload scenarios. Just

as shown in Figure 1, higher payloads often lead to a

significant rise in velocity tracking error, a problem which

is exacerbated during high-speed maneuvers.
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Fig. 1: Velocity Tracking Performance across Payloads.

Prior work on enhancing the capacity of legged robots has

pursued both hardware and software innovations. Hardware-

centric efforts have focused on advancing actuation systems

[7–12], optimizing materials and structural designs [13–

17]. Algorithmically, researchers have sought to enhance

stability by refining foot-terrain interaction models and devel-

oping specialized gait generation techniques [18–21]. How-

ever, these approaches suffer from significant drawbacks.

Hardware-level optimizations are often platform-specific, re-

lying on custom designs that are difficult to generalize across

different robots. Meanwhile, the few existing algorithmic

solutions for payload conditions are predominantly model-

based, demanding substantial engineering effort for tuning

and exhibiting limited robustness to external disturbances and

agility under high load.

To overcome these limitations, we introduce the Agile

Hauler Curriculum (AHC), which is designed to systemati-

cally expand a quadruped’s agility-payload envelope without

complex mathematical modeling. Our approach is founded

on the principle that efficient learning requires dynamically

concentrating training effort on the agent’s evolving perfor-

mance boundary. By framing the curriculum as a dynamic

and adaptive challenge, AHC creates a holistic training

regimen that pushes the limits of speed and load capacity

while simultaneously promoting energy efficiency.

Our primary contributions are summarized as follows.

• We introduce a novel curriculum that integrates game-

theoretic principles into curriculum learning, framing

the training process as a multiplayer game between the

policy and a suite of velocity tasks. It leverages an Elo-

based rating system for continuous evaluation and a

sampling strategy inspired by Prioritized Fictitious Self-
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Play to intelligently concentrate training on the agent’s

performance frontier, systematically pushing the robot’s

agility limits.

• We complement this core mechanism with a staged

payload curriculum to systematically build load-bearing

capacity, and an energy-aware reward gating function

that promotes the discovery of highly efficient gaits

without sacrificing peak performance.

• We demonstrate successful zero-shot sim-to-real trans-

fer on a Go2 quadruped. The resulting policy achieves

a maximum speed of 2.42 m/s with a 12 kg payload,

representing a 46.7% improvement in speed and a

20.5% reduction in energy consumption over baseline.

II. RELATED WORK

A. Curriculum Learning in Robot Control

Curriculum Learning (CL) [22] incorporates a progressive

training structure that enables models to gradually transition

from simple tasks to challenging ones. This strategy has

proven highly effective in robotics, particularly for locomo-

tion control and sim-to-real transfer. These approaches range

from automatic [23], [24] to manual [25–29] terrain curricula

on geometric or physical parameters. Some works also add

extra disturbances [28] while others fade external guidance,

gradually removing initial assistive forces to build robustness

[30] on different terrain. Curricula have also been applied

to internal system parameters, utilizing Automatic Domain

Randomization (ADR) to progressively expand the distribu-

tion of randomized simulation parameters [31], adapting the

robot’s command space [32] or transitioning from soft to hard

physical constraints [3]. Among these, the work of Margolis

et al. [32] is the most closely related to ours. Our approach

distinguishes itself by not only introducing payload as a new

curriculum dimension but also by developing a more flexible

curriculum framework, which ensures that the difficulty level

of training is more dynamically and precisely tailored to the

agent’s evolving capabilities.

B. Locomotion Control With Payload

Controlling legged robots under varying payloads presents

a significant challenge, some progress has been made through

biologically-inspired Central Pattern Generators (CPGs) and

model-based methods like Model Predictive Control (MPC).

Traditional CPGs with fixed parameters exhibit limited

adaptation to varying dynamics and struggle with intricate

parameter tuning. Recent efforts have sought to solve this

by incorporating force feedback and online Bayesian opti-

mization to adjust CPG parameters [33] or leveraging rein-

forcement learning to directly modulate oscillator parameters

[34]. Similarly, traditional MPC performance degrades under

unknown payloads due to model mismatch, motivating a

research thrust towards adaptive MPC frameworks, some

centered on online system identification: Jin et al. [35] recur-

sively estimate payload mass and inertia to update the MPC

model, while Amanzadeh et al. [36] use gradient descent for

parameter estimation with guaranteed stability. Other works

integrate robust control techniques: Sombolestan et al. [37]

combine MPC with L1 adaptive control to compensate for

uncertainties, Minniti et al. [38] embed adaptive Control

Lyapunov Functions within the MPC formulation to ensure

tracking stability. While these methods achieve higher pay-

load capacity or robustness, most reported results exhibit

limited agility. In contrast, our fully learning-based approach

not only bypasses complex mathematical modeling but also

enables more agile locomotion under heavy payloads.

C. Elo Rating System

The Elo rating system [39] is one of the most widely used

approaches for evaluating the relative skill levels of players

in competitive environments. Several extensions have been

proposed to address Elo’s limitations. The Glicko [40] and

Glicko-2 systems [41] incorporate rating volatility, enabling

faster adaptation to changes in player strength. Whole-

History Rating (WHR) [42] treats ratings within a probabilis-

tic framework and account for time-varying performance. Al-

ternative ranking models, including Bradley–Terry [43] and

Plackett–Luce [44], [45], also share the assumption of model-

ing pairwise or sequential comparisons within a probabilistic

framework. Despite these advances, a common characteristic

of Elo and its variants is their fundamental design around

pairwise matches, which does not fit the setting of our work,

where the reinforcement learning training process is modeled

as a multi-player game. Therefore, we propose an adapted

Elo algorithm that preserves the traditional zero-sum update

while better reflecting task difficulty and policy performance.

III. METHODS

To enable agile locomotion under heavy payloads, we

propose a novel curriculum learning mechanism, the Agile

Hauler Curriculum (AHC). As depicted in Figure 2, AHC

features a dual-axis curriculum that jointly manages velocity

and payload targets through three key components: a). An

Elo-based dynamic velocity curriculum that continuously

adapts the task sampling distribution to keep the agent

focused on its performance frontier. b). A staged payload

curriculum that incrementally increases the robot’s load-

bearing capacity. c). An energy-aware reward gating that

incentivizes the learning of energy-efficient actions without

compromising agility.

A. Elo-Based Dynamic Velocity Curriculum

For a legged robot tasked with learning omnidirectional

locomotion, the longitudinal and yaw velocity commands

vcmd
x , ωcmd

z during episode k are sampled from a probability

distribution pk
vx,ωz(·, ·). A static and uniform distribution over

a wide range is usually inefficient due to the sparse rewards

resulting from frequent, infeasible velocity commands. To

solve this, prior work [6] proposed a grid adaptive curricu-

lum, which enabled the velocity curriculum to expand from

a limited initial range to high-speed domain automatically

and progressively. The evolution of the sampling probability
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Fig. 2: Agile Hauler Curriculum Framework. This figure il-

lustrates the core principle of AHC, visualizing the evolution

of the velocity and payload curricula as they advance from

left to right and subsequently from top to bottom.

distribution is governed by the following expression.

pk+1
vx,ωz(v

n
x ,ω

n
z )←

{
pk

vx,ωz(v
n
x ,ωn

z ) rvcmd
x

< γ or rωcmd
z

< γ,
1 otherwise.

(1)

Where γ is the success threshold, with constant value

between 0 and 1. rυcmd
x

and rωcmd
z

are the rewards the

agent received. (vn
x ,ωn

z ) are neighbors of (vcmd
x ,ωcmd

z ). We

retain two mechanisms from [6]: a). the velocity com-

mand space is discretized into a grid with a resolution of

[0.5 m/s,0.5 rad/s]; b). the sampling domain should expand

to neighboring regions once the robot succeeds in a command

area.

However, Equation 1 also reveals a key limitation of

this method: the velocity sampling distribution eventually

converges to be approximately uniform, forcing the agent

to redundantly train on already mastered low-speed tracking

tasks (as visualized in the second row of Figure 3). Although

this may mitigate catastrophic forgetting, we argue that this

redundancy creates a performance bottleneck that inhibits

breakthroughs into more agile behaviors. Therefore, our core

objective is to design a dynamic curriculum that preserves

proficiency on simpler command tacking while concentrating

training efforts on the most challenging tasks that offer the

greatest potential for improvement.

Therefore, we define each cell in velocity grid as a unique

task. Inspired by game theory, we frame the training process

as a multiplayer competition between the current policy

and the N active tasks (i.e., tasks with non-zero sampling

probabilities), forming an N + 1 players system. We then

employ the Elo rating system to quantify both the policy’s

proficiency and each task’s difficulty. Although tasks do

not compete with each other directly, their Elo ratings are

updated based on outcomes against the same policy, thus
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Fig. 3: Marginal distribution of sampled linear velocities dur-

ing training. Row 1: Elo-based Dynamic Velocity Curriculum

(AHC); Row 2: Grid Adaptive Curriculum (WTW).

reflecting their difficulty relative to the agent’s skill. The

policy’s rating, in turn, captures its aggregate performance

across all tasks, serving as a proxy for the robot’s overall lo-

comotion capability. Finally, each robot’s velocity commands

are sampled based on its updated Elo rating.

Elo updating begins by computing the smoothed win rate

of the current policy against task i.

si =
mi +δ
ni +2δ

, i = 1,2, ...,N (2)

Where ni denotes total sample count for task i in the current

batch and mi is success count, δ serves as a smoothing

parameter. These rates are used to define a difficulty metric

for the tasks (qi) and a proficiency metric for the policy (qp).

qi = 1− si, qp = qN+1 =
1

N

N

∑
i=1

qi (3)

Each player’s actual score is then computed via softmax

normalization.

Si =
exp(qi/τ)

∑N+1
j=1 exp(q j/τ)

, i = 1,2, ...,N +1 (4)

This scoring formulation preserves the relative magnitudes of

the win rates qi, while the temperature coefficient τ controls

the smoothness of the resulting scores.

For each player i, we can compute its expected score Ei
with Elo score Ri before update.

Ei =
∑ j �=i

1

1+10
(R j−Ri)/400

(N +1)N/2
, i = 1,2, ...,N +1 (5)

Because there are (N + 1)N/2 pairs of players in total, the

scaling factor ensures the scores for all N + 1 players sum

to one, which is analogous to the property of the Ei.

Finally, we aggregate the matchup data from the entire

batch to perform a single, holistic update of the Elo ratings.{
Ri ← Ri +ΔRi

ΔRi = K ·N(Si −Ei)
i = 1, . . . ,N +1 (6)

It is straightforward to verify that when N + 1 = 2 (i.e.,

a single task against the policy), the above calculation

converges to the conventional pairwise Elo update.

The task sampling strategy is inspired by the principles of

Prioritized Fictitious Self-Play (PFSP) [46], which suggests
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that optimal training opponents are those challenging yet

beatable. To this end, we compute expected win rate of task

i against policy and get e = {e1,e2, ...,eN}.

ei =
1

1+10(Rp−Ri)/400
(7)

We then define a sampling distribution on a finite set e with

weights for each task i governed by the probability density

function of the Beta distribution B(α,β ).

P(X = i) =
f (ei;α,β )

∑N
j=1 f (e j;α,β )

(8)

f (x;α,β ) =
xα−1(1− x)β−1

B(α,β )
, x ∈ [0,1] (9)

We set α = 1.8 and β = 5.0 to create a skewed sampling dis-

tribution to encourage the agent to select moderately difficult

tasks. Figure 3 illustrates the resulting difference in sampling

distributions between our method and the baseline. AHC

dynamically adapts the sampling distribution to consistently

focus on the agent’s performance frontier, thereby avoiding

redundant training on mastered tasks. AHC’s curriculum

expands faster and broader than baseline on velocity space,

which respectively indicates a greater exploration efficiency

and a higher performance ceiling.

B. Staged Payload Curriculum

The payload curriculum, analogous to the velocity cur-

riculum, is designed to follow a structure of progressively

increasing difficulty. We employ a simple heuristic to divide

the training process into distinct stages. Within each stage,

the payload is sampled from a fixed distribution via domain

randomization, allowing the agent to focus on mastering the

velocity curriculum while becoming robust to the current set

of payloads. The specific parameters for each stage are listed

in Table I. To prevent catastrophic forgetting, the distribution

of each new stage is designed to encompass the range of

the preceding one. At the same time, heavier payloads are

given a predominant role in the curriculum to continually

push the agent’s capabilities. Once the velocity curriculum

saturates, the payload curriculum advances. The saturation

of the velocity curriculum is defined by two criteria: the

mean win rate across all tasks surpassing a threshold c, and

the growth in maximum velocity sampled Δvmax over a time

window ΔT falling below a threshold ε .

1

N

N

∑
i=1

mi

ni
> c,

Δvmax

ΔT
< ε (10)

The introduction of a new payload stage may signifi-

cantly alter the robot’s contact dynamics and actuator sat-

uration limits, potentially invalidating the current velocity

curriculum. However, our Elo-based mechanism adapts au-

tonomously without manual reset. Figure 3 provides a clear

example of this self-correction: the increase of payload at

about 15,000 iterations causes a temporary performance

drop, and thus AHC refocuses on the low-velocity region

in response until the agent readapts. After about 20,000

TABLE I: Payload Curriculum Setting

Stage 1 Stage 2 Stage 3

Payload [0, 4] [0, 4] [4, 8] [0, 4] [4, 8] [8, 12]
Percentage 1 1/3 2/3 1/6 2/6 3/6

iterations, the focus naturally shifts back to the high-speed

frontier.

C. Energy-Aware Gating for Efficient Agility

Whether the policy succeeds in a ’matchup’ against task

i is determined by its performance quantified as the mean

reward obtained over an episode (rt in Figure 2). This

determination is gated by two performance metrics designed

to promote efficient agility: tracking accuracy and energy

efficiency. The former is derived from the linear and angular

velocity tracking errors and is defined as follows:

rvcmd
x

= exp(−|vx −vcmd
x |

σx
)

rωcmd
z

= exp(−|ωz −ωcmd
z |

σz
)

(11)

Where σx and σz are scaling parameters.

In previous work [47], minimizing energy consumption

is achieved by adding an energy penalty term −τTq̇ with a

fixed weight, a simple but effective technique that ensures the

stability of training. However, this formulation is ill-suited

as a success gate: as the loads or speed command raises, a

corresponding increase in energy consumption is physically

unavoidable. Consequently, a fixed threshold cannot reliably

evaluate the energy efficiency. Furthermore, a static penalty

weight may excessively punish high-power actions, forcing

the agent into a suboptimal trade-off that sacrifices peak

performance for energy conservation [26].

To address this limitation, we adopt a CoT-like reward

(Equation 12) that effectively normalizes energy consump-

tion by the robot’s current velocity and payload, rather than

applying a blanket penalty on high energy expenditure:

ren = exp(− ∑12
i=1 max(τi · q̇i,0)

(m+mp)(λx|vx|+λz|ωz|)g ) (12)

where τi and q̇i are the torque and velocity of the i-th joint;

m and mp are the masses of the robot body and the payload

respectively; g is gravitational constant; λx and λz are scale

factors. Collectively, a policy gets success on a sampled task

i only when it satisfies the specified thresholds for all three

reward functions defined in Equations 11-12.

D. Control Policy and Training

Although AHC is agnostic to the specific control frame-

work, we integrate it into the training framework from [32]

to learn a gait-based policy for experiments. A quadruped

learn to walk and run with trotting gait for its significant

advantage in high-speed locomotion.

Observation and Action Space The main objective of the

controller is to track velocity commands under blind settings,

using only proprioception information without exteroceptive
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sensors. The observation of every single time consists of

joint angles qt ∈ R
12, joint velocity q̇t ∈ R

12, orientation

of the gravity vector gt , last actions at−1 ∈ R
12, velocity

command ct = [vx,vy,ωz] ∈ R
3, and behavior command

bt ∈ R
7 which includes body height, step frequency, pitch,

roll, swing height, stance length, stance width. So ot =
[gt ,ct ,bt ,qt , q̇t ,at−1]. The input of the policy consists of the

observation history oH−t:H and an estimate of privileged

information ẑp ∈ R
5 derived from oH−t:H . zp encompasses

key physical parameters, including the ground’s coefficient

of friction and restitution, payload mass, and the current

locomotion velocity. The policy outputs target joint angles

at = qdes
t ∈ R

12, which then the actuator network maps to

the final motor torques τt ∈ R
12.

Policy Training An overview of our training pipeline

is depicted in Figure 4. Four networks are implemented

as MLPs with two or three hidden layers. The actor and

critic networks are optimized using the PPO algorithm [48].

Following the methodology in [49], the Adaptation Module

is trained concurrently with the policy within a single-stage

learning framework.

IV. EXPERIMENTS

We designed a series of experiments in simulation and the

real world to validate our key design of curriculum, aiming

to answer the following questions:

• Capability: Does our curriculum method enable the

agent to surpass the performance bottlenecks of the

grid adaptive curriculum, achieving superior locomotion

speeds and payload capacities?

• Energy Efficiency: Is the energy-aware gating effective

for learning energy-efficient actions?

• Sim-to-Real Transfer: Can the performance advantage

demonstrated in simulation successfully transfer to the

physical world?

A. Materials

Software & Hardware. We trained our policy in the Isaac

Gym Simulator and deployed the controller on a Unitree

Go2 EDU quadrupedal robot. This platform has a mass of

approximately 15 kg and is equipped with 12 joint motors

capable of a maximum output torque of 45 N·m. Unitree

manufacturer officially reports a maximum payload capacity

of approximately 8 kg and an extreme payload capacity of

about 12 kg.

Baseline. We benchmark our approach against the method

proposed in [6], hereafter referred to as WTW. We selected

WTW as the baseline because its grid adaptive curriculum

currently stands as a state-of-the-art method for training high-

speed locomotion policies in quadrupedal robots.

B. Metrics

Power Power consumption (W) is measured by summing

the product of joint velocity and torque at each of the 12

motors, following the methodology in [32].

P =
12

∑
i=1

max(τi · q̇i,0) (13)

Cost of Transport (CoT) The energy consumed by the

robot per unit weight and distance, which is dimensionless.

CoT =

∫ T
0 P(t)dt
m ·g ·d (14)

Velocity Tracking Error The Root Mean Square Error

(RMSE) between the commanded and the actual robot ve-

locities, measured after the system has reached a steady state.

RMSE =

√
1

T

T

∑
t=1

(vcmd
x,t −vx,t)2 (15)
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Fig. 5: Agility Metrics under Varying Payloads and Veloc-

ity Commands. Top: maximum forward velocity; Bottom:

tracking error.

V. RESULTS

A. Agility

We evaluated the maximum achievable speed of the

AHC-trained policy versus the baseline method across a

range of payload conditions in simulation. To account for

stochasticity, the reported simulation results are averaged

over 100 independent trials. The results in Figure 5 Top

demonstrate that the AHC policy achieves a higher maximum

velocity than WTW across all payload conditions. Further-

more, despite both methods being trained with the same

payload randomization range, the AHC policy generalizes

to a maximum payload of 21 kg, surpassing WTW’s 17 kg

limit.

We also compare the AHC and WTW policies across a

comprehensive range of commanded velocities and payloads.

Figure 5 Bottom shows that both policies exhibit low tracking

error in low-speed scenarios. However, as conditions become

more challenging, WTW’s error increases sharply, whereas

AHC maintains relatively robust tracking across the full

spectrum of tasks. This result confirms AHC’s ability to

push performance boundaries in demanding regimes while

avoiding catastrophic forgetting of fundamental skills and

ensuring stability where the baseline fails.

B. Energy Efficiency (Simulated)

To evaluate the effectiveness of our energy-aware reward

gating, we compared the Cost of Transport (CoT) and

power consumption of our full AHC method against the

baseline and an ablation variant of AHC without the gating

mechanism (AHC w/o). The results in Figure 6 clearly

demonstrate the benefits of our approach. The top row shows
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Fig. 6: The ablation study about energy reward gating, where

the w/o denotes the variant excluding Equation 12 as reward

gating.

that the AHC policy achieves a significantly lower CoT

across all tested payloads at both 1 m/s and 2 m/s, indicating

superior energy efficiency. This finding is corroborated by the

power consumption data in the bottom row, where the AHC

policy consistently consumes less absolute power, achieving

an average energy saving of 20.5% and a peak saving of

41.16% relative to the AHC (w/o). Crucially, the energy

performance of the AHC (w/o) is nearly identical to that

of the WTW baseline. This ablation study confirms that the

observed improvement in energy efficiency is a direct result

of the proposed reward gating mechanism, rather than a side

effect of the dynamic curriculum itself, validating its role in

discovering energy-efficient actions.

C. Speed up Training

Finally, we analyze the exploration efficiency in training of

AHC compared to baseline. Figure 7 illustrates two key as-

pects of the training dynamics: the policy performance (left)

and the command area (right). The right panel shows that

the AHC policy expands its command area at a significantly

faster rate and converges to a larger area than the baseline.

This indicates a more rapid and comprehensive exploration

of the task space. Crucially, this accelerated exploration does

not come at the expense of learning quality. As shown

in the left panel, the AHC policy maintains a consistently

higher average reward throughout the training process. Taken

together, these results demonstrate that by intelligently fo-

cusing on tasks at the agent’s performance boundary, our

method enhances exploration efficiency, leading to a policy

that not only learns faster but also achieves a superior final

performance.

D. Sim-to-real Deployment and Analysis

We successfully deployed the zero-shot policies (AHC and

WTW) on a Unitree Go2 EDU quadrupedal robot without

fine-tuning and conducted real-world agility evaluation ex-

periments on synthetic racetracks. Physical experiments in-
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Fig. 7: Performance and Explore Efficiency during Training.

Command Area is defined as area of the sampling region in

the vcmd
x − ωcmd

z grid during training. Intuitively, a larger

command area indicates controller has achieved a wider

range of velocities.
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Fig. 8: Results of Real-world Experiments. Left: the compar-

ison of policies’ available maximum forward velocity; Right:
velocity tracking error under relatively lower commands.

clude the achievable maximum forward velocity, the velocity

tracking performance, and the maximum payload capacity.

As shown in the left part of Figure 8, the maximum

forward velocity results indicate that our policy exhibited

enhanced locomotion capability compared to baseline under

all payload conditions, increasing by approximately 25.7%

on average. In particular, AHC obtained a 46.7% improve-

ment in maximum velocity in the 12 kg payload scenario.

We noticed that these results did not demonstrate the same

continuous downward trend as the simulation results. Aside

from the impact of the sim-to-real gap, we believe the main

reason lies in the non-uniform task sampling distribution in

training caused by AHC’s mechanism, which enables the

robot to perform better under greater payloads.

In velocity tracking experiments, shown in the right part

of Figure 8, AHC and WTW demonstrated similar locomo-

tion performance under low-speed or low-payload scenarios;

when velocity and payload increased, AHC exhibited more

accurate and stable velocity tracking capabilities than WTW.

Given the target speed of 3 m/s and the payload of 12 kg,

AHC achieved an average speed of 2.20 m/s (73.3% of

the target) and 1.53 m/s (51.3%) for WTW. These physical

experimental results are consistent with the performance in

the simulator (Figure 5).

We also tested the maximum payload capacity of the

policies, with the results shown in Table II. The reasons

why the policies failed were different. AHC maintained its

TABLE II: Max Payload Capacity

Average
Speeds

Payloads (kg)
13 14 15 16 17 18 19 20

AHC 0.88 0.88 0.90 0.87 0.90 0.84 0.88 ×
WTW 0.86 0.87 0.83 0.77 0.79 × × ×
Average speeds (m/s) are measured under the command of 1 m/s.
× denotes the failure of completing the experiments.

agility and stability until the payload increased to 20 kg,

when the robot stopped for protection due to the joint motors

exceeded their torque limits. However, WTW gradually lost

its ability to steer and experienced a severe lateral deviation

after the payload reached 16 kg. This difference indicates that

the AHC-trained policy could successfully achieve the limit

of locomotor performance while exhibiting higher payload

capacity than baseline.

VI. CONCLUSIONS

This work introduces AHC, a framework whose core lies

in leveraging the Elo rating system to transform curriculum

learning into an adaptive competition, thereby providing a

robust mechanism for quantifying task difficulty relative to

the agent’s real-time proficiency. Our findings demonstrate

that this dynamic focusing principle is vital for heavy-

duty agile locomotion. Furthermore, especially in high-

dimensional task spaces with deeply coupled constraints,

this performance-aware method exhibits significant potential

for the structured and adaptive exploration of the robot’s

physical limits. However, as the current framework relies

on discretized task grids, its scalability to continuous, high-

dimensional task representations requires further validation.

Future research will explore the generalizability of the AHC

paradigm across diverse robotic platforms and more intricate

environments, advancing toward truly autonomous, high-

performance robotic mobility in the physical world.
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