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Abstract— Redesigning and remanufacturing robots are in-
feasible for resource-constrained environments like space or
undersea. This work thus studies how to evaluate and repurpose
existing, complementary, quadruped legs for new tasks. We
implement this approach on 15 robot designs generated from
combining six pre-selected leg designs. The performance maps
for force-based locomotion tasks like pulling, pushing, and
carrying objects are constructed via a learned policy that
works across all designs and adapts to the limits of each.
Performance predictions agree well with real-world validation
results. The robot can locomote at 0.5 body lengths per second
while exerting a force that is almost 60% of its weight.

I. INTRODUCTION

In resource-constrained environments the opportunity for

redesigning or remanufacturing robots can be limited. Cer-

tain kinds of exploration enabled by robots require pre-

manufacturing parts in advance and bringing them with you.

This can often be seen in the redundant systems employed

in space or undersea missions, where the cost of transporting

replacement parts is not feasible.

Motivated by these scenarios, we aim to study how to

evaluate combinations of existing, complementary, but not

completely redundant parts and select the one that best

suits the desired job. As shown in Fig. 1, our approach

has been applied to a quadruped robot whose legs can be

fabricated in various configurations based on a common

template, and their behaviors can be tuned across a wide

range of geometric and physical parameters. This work also

focuses on force-based locomotion tasks, requiring the robot

to perform positive work upon external objects in situations

unanticipated during the original design step. This type

of repurposing may become necessary and useful for our

targeted applications and is the focus of our paper.

This work is based on our recently submitted work that

formulates a pipeline for the design, fabrication, learning,

evaluation, and selection of laminate legs with embedded

compliance [1]. In that work, we looked at the role that

combining the design process with a learned locomotion

policy can have on selecting legs for achieving various

velocity-based locomotion metrics. Our current work uses

a limited set of leg designs suggested by it.

The contributions of this work are summarized as fol-

lows: 1) an extension of the design, fabrication, learning,

evaluation, and selection pipeline to include force-based

locomotion tasks and asymmetric robot designs, improv-

ing the generality of our approach; 2) a demonstration of

constructing performance maps for a limited set of leg
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Fig. 1. (a) 15 robot designs are generated from mixing and matching 6
pre-selected leg designs; reinforcement learning is used to evaluate their
performance for force-based locomotion tasks. (b) Three of the designs are
tested with the learned policy in the real world, performing tasks such as
(c) pulling a box, carrying a payload, and walking freely. More details of
the experiments are available in the supplementary video.

designs to repurpose them for different tasks and study

roles of asymmetry in quadruped’s force capabilities; 3) and

insights from real-world validations on the capabilities of

the simulation environments for centimeter-scaled compliant

robots under loads.

The rest of the paper is organized in the following way:

Section I-A provides some more background literature re-

lated to this work; Section II-A mainly recaps the leg and

robot designs; Section II-B explains the learning framework

for teaching our robot to perform force-based locomotion

tasks; Section II-C listed the experiments performed; Section

III discusses the evaluation results of the various robot

designs; and this paper concludes in Section IV.

A. Background

For legged systems, the spring-loaded inverted pendulum

(SLIP) model is a simple but effective model for describing

the fundamental dynamics of walking and running [2], [3]. It

is also widely used in robotics to study the design of robotic

legs [4], [5], [6], [7], [8]. Most of the existing works on leg

designs usually concern only pure locomotion tasks without





design and control space made a first-principles approach less

feasible. A single policy was trained for use across all robot

designs. We assume that this saved time by learning similar

fundamental behaviors, and reduced the chance of the policy

prematurely settling at local solutions optimal for one design.

The proposed policy has the following inputs and outputs,

which is an adaptation of our previous work:

π(at|v
cmd
t ,p,f , qt, q̇t, gt,wt,at−1,df ,dr) . (1)

As shown in Fig. 3, the main goal of the policy is to make

the robot follow a velocity command vcmd
t = [vcmd

x , wcmd
z ]

consisting of the longitudinal speed and turning speed while

an external force f = [fx, fz] is applied to the robot at

p = [px, pz]. The available action at ∈ R8 for the policy

represents the desired joint positions sent to the servos. Since

our robot lacks active abduction and adduction, we do not

command lateral speeds vcmd
y ; force commands therefore lie

in the sagittal plane. The velocity and force are defined in a

reference frame whose x axis is parallel to the floor, xz plane

aligns with the robot’s heading, and origin coincides with the

body’s center, since the robot’s body is not necessarily level

across all leg pairs.

By specifying the external force vector and its application

point about different locations on the robot, it is possible

to simulate a variety of loading conditions similar to real-

world scenarios. A force applied to the front of the robot

toward the body indicates that the robot is pushing a load. A

vertical downward force applied to the robot body represents

carrying payloads. These combinations also naturally encode

moments applied to the robot, which can significantly impact

load-carrying ability. This formulation ignores inertia related

to external loads since we focus on the robot’s performance

during steady-state locomotion.

The policy has access to a range of sensory feedback that

is available on the actual prototype, including joint angles

qt ∈ R8, joint velocities q̇t ∈ R8, body orientation gt ∈
R3 expressed as the gravity direction in the robot’s body

frame, and body angular velocities wt ∈ R3. The policy also

observes its last action at−1. Additionally, since the policy

must accommodate different front and rear leg designs, the

design vector df and dr are provided in the observations,

containing the values of the tunable leg properties mentioned

in Section II-A.2. We also expose applied force values to the

policy. The real-world experiments are thus designed such

that the forces applied to the robot are known and remain

relatively constant throughout the test. One final point of

note: since we are more interested in the robot’s capability

of doing positive work such as pulling or pushing loads, the

direction of the longitudinal speed vcmd
x remains opposite to

the direction of the horizontal force fx during all evaluations.

The policy is a fully connected neural network with three

hidden layers of size [512, 256, 128] and ELU activations

operating at 100 Hz. The actions and observations are scaled

and offset to approximately within the range of [−1, 1] before

being fed into the policy.

2) Curriculum Design: A curriculum for the training pro-

cess is deployed for two main reasons: it can be challenging
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Fig. 3. Definitions of the velocity command, external force application
point, and external force vector for the policy. The bounding boxes for the
application point and force vector are also shown.

for a robot to learn how to move under large external

forces initially, so a gradual increase in the external force

is desirable; and the bounds of the external force that the

robot can handle are also unknown, requiring a way to

automatically identify them during training.

For a single robot design, we construct a discretized force

application space Φ̂ ∈ R4 containing force applications

ϕ̂ = [p̂, f̂ ] = [p̂x, p̂z, f̂x, f̂z] with a step size s
Φ̂

=
[0.1m, 0.05m, 1N, 1N ]. To prevent the curriculum from

exerting forces that may damage the actual physical robot

and limit the force application space Φ̂ to a reasonable

size so that the training does not take too long, the lower

and upper bounds for ϕ̂ are ±[0.1m, 0.05m, 3.5N, 3.5N ].
These essentially limit Φ̂ to a 3× 3× 8× 8 grid, which has

a high enough resolution to reveal trends while remaining

tractable. This curriculum strategy is a modification to the

one used in our previous work that only employs two

dimensions – in that case the longitudinal and turning speed.

At the beginning of the training, the four points near the

origin ϕ̂ = [0, 0,±0.5,±0.5] are in the space Φ̂. As the train-

ing progresses, the space is expanded by adding neighbors

of a force application that the robot can handle, meaning

that ema(r̄v) > rthv where ema(r̄v) is the exponential

moving average (EMA), with a 0.1 smoothing factor, of the

average velocity reward of an episode. The velocity reward is

defined as rv = 2exp(−25∥v−vcmd∥2) and the threshold is

rthv = 1.21. The neighbors of a force application ϕ̂ is defined

as ϕ̂n = ϕ̂+s
Φ̂
·Irow where Irow is one of the rows of the

identity matrices I4 and −I4, which is an extension to the

2 dimensional 4-connectivity. For each episode, the actual

force applied to the robot is ϕ which is uniformly chosen

within (ϕ̂ − 0.5sϕ̂, ϕ̂ + 0.5sϕ̂), where ϕ̂ is also uniformly

sampled from the latest Φ̂. Since different robot designs can

have different learning difficulties and limits, the training

keeps a curriculum for each leg design and updates them

individually based on their respective policy performance.

In addition, although the achievable velocities of the robot

may also depend on applied forces, we do not include them in

the curriculum to keep training time manageable. The bounds

for vcmd are set to ±[0.3m/s, 0.3 rad/s], a relatively small

range for our robot. For each force application, the velocity

command is uniformly sampled from this range with the

constraint that it is opposite to the horizontal force fx.



3) Learning Environment: For each episode during train-

ing, the robot is equipped with a design that is uniformly

sampled from the 15 designs; it tries to track the velocity

commanded under an external force. The external force is

converted manually to a wrench applied to the CoM of the

robot body. A random disturbance wrench with magnitudes

up to ±10% of the applied one is also added. Domain

randomization including servo dynamics parameters, floor

properties, sensor noise, and system latency is also applied;

details can be found in our previous work.

Modifications to the previous reward terms are also nec-

essary for successful learning: the hip joint is no longer

required to move around the center point, but the difference

between the average left and right hip joint angles over a

second needs to be penalized to generate more symmetric

gaits; the body pitch does not need to be level to account for

the difference between front and rear legs; and vertical body

speeds are also penalized to stay away from a suboptimal

bouncing gait.

C. Experiments

1) Training and Evaluation: We trained the policy using

Proximal Policy Optimization for 300k updates over about

110 hours, after which the growth rate of the curriculum

space slowed. Details of the software implementation, hy-

perparameters, and hardware can also be found in [1].

To evaluate the performance of the learned policy and

the capability of each robot design, the policy was tasked

to control the robot in the same randomized simulation

environments subjected to every force application ϕ̂ added

to the space Φ̂ during the training. Each trial lasted for

2 seconds, and the average velocity reward rv and COT

starting from one second was recorded to get the steady-state

performance. COT = p̄

mg|v̄x|
where p̄ and v̄x are the average

positive mechanical power and average actual longitudinal

speed. For a single ϕ̂, 200 trials were performed and the

results were averaged. The COT was only considered if the

commanded longitudinal speed was greater than 0.1 m/s to

avoid getting large values that masked actual trends.

2) Real-world Validations: To validate the performance of

the policy and reveal trends discovered from the evaluation

results, we tested three robot prototypes. Details of the design

selection are discussed in the following section. For each

design, the policy was tasked to walk for 5 seconds at a con-

stant velocity vcmd
t = [±0.2m/s, 0 rad/s] under different

loading conditions made up from a horizontal force fx ∈
[0N, 1N, 2N, 3N ] and a vertical force fz ∈ [0N,−2N ]
applied to the robot’s body center p = [0m, 0m]. As shown

in Fig. 4, to apply horizontal forces, a box of various weights

was attached to the back of the robot with a string; the

robot therefore pulled the weight of the box in all tests. The

string was roughly level to the floor; it was aligned to go

through the robot body’s center. The weights placed in the

box were tuned to ensure that the kinetic friction roughly

matched the desired values. Vertical forces were added

by strapping weights to the robot’s main body. Off-center

Fig. 4. Experimental setup for the real-world validations. The robot pulls a
box of weights through a string. The speed is measured with the measuring
tape and on-board sensory data are collected from the USB cable.

loading conditions were not tested since implementing them

was less feasible and repeatable given available resources.

For each condition, the average speed was obtained by

measuring the distance between a start and end point with

a measuring tape and dividing it by the elapsed time. The

mechanical power was estimated from the on-board joint

velocity and current data. The COT was calculated similarly

to the simulation. 3 trials were conducted for every condition.

III. RESULTS AND DISCUSSIONS

A. Policy Evaluation

While the evaluation was performed in simulated envi-

ronments with various randomized parameters, the results

should still exhibit general trends across different designs

and be useful for guiding the design selection for different

tasks. The evaluation results are visualized in Fig. 6 and 7.

Zoom-in views of the velocity reward results for the robot

design δ0 are shown in Fig. 5. As in Fig. 5 (a), the 3×3 grid

represents the different force application points around the

robot. For example, the top left cell as in Fig. 5 (b) depicts the

average performance of the robot subjecting to forces applied

to the region above the rear legs in the sagittal plane, which

means p̂ = [−0.01, 0.05] and px ∈ (−0.015,−0.05) and

pz ∈ (0.025, 0.075). Within a cell, a single pixel represents

the average performance for a specific force range. For

example, a pixel below and to the left of the origin indicated

by a black dot means f̂ = [−0.5,−0.5] and fx ∈ (−1, 0)
and fz ∈ (−1, 0). Since the longitudinal speed command is

always opposing the horizontal force direction. Within each

cell, the left half separated by the dashed line implies that

the robot is moving forward or to the right in Fig. 1 (a) and

the right half is for moving backward. Although grouped

together due to their shared leg pairs, they actually represent

two very different scenarios and use cases.

1) Individual Designs: When looking at individual de-

signs, the cells in the middle column have a shape similar to

an isosceles triangle, which should be related to the friction

cone concept: a larger normal force results in larger frictional

forces, meaning that the robot can exert a larger pulling

or pushing force on its load. The ratio of the maximum

horizontal force to the vertical one is related to the friction

coefficient. This ratio approximately falls within the range

from 3/7=0.43 to 4/7=0.57, which is expected considering
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