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Abstract— Adaptive locomotion is a fundamental capability for
quadruped robots, particularly in real-world scenarios when they
must transport novel or out-of-distribution (0.0.D.) payloads
across diverse terrains. Previous learning-based methods often
tightly couple a locomotion controller’s learned parameters with
the adaptation process, which requires extensive pre-training
or slow online updates when encountering O.0.D. payloads. To
enable adaptation of quadruped locomotion to O.0.D. payloads,
we propose the novel Rapid Introspective Neural Adaptation
(RINA) method that rapidly compensates for differences between
expected and actual joint torques caused by 0.0.D. payloads.
RINA introduces an adaptive residual dynamics representation
that decouples the learning model’s parameters from those used
for adaptation. A new neural operator network is introduced to
learn a set of basis functions as the learning model, which are
combined using linear coefficients to predict residual dynamics.
Then, these residual dynamics are used to adjust the locomotion
controller’s output, compensating for additional torques induced
by the O.0.D. payload. During execution, the mixing coefficients
can be rapidly and introspectively adapted on-the-go to generate
joint torque compensations for 0.0.D. payloads, while keeping
the learned basis functions unchanged. Experimental results have
demonstrated that our RINA approach well addresses on-the-go
0.0.D. payload adaptation on varied natural terrains without
collecting and retraining on additional data and outperforms
baseline methods.

More details of this work are provided on the project website:
https://hcrlab.gitlab.io/project/rina.

I. INTRODUCTION

Quadruped robots have seen a dramatic growth in capabil-
ities [1]-[8]. This rapid development has been motivated by
the performance potential of legged systems in unstructured
environments. Prominent applications include autonomous
inspection [9]-[12], disaster response [13], [14], and search
and rescue [15], [16]. In these scenarios, legged robots may
be tasked with navigating various terrains while transporting
payloads previously unseen during design or training, such
as in the disaster response scenario in Fig. 1. Due to the
additional torques induced on the quadruped’s torso, the
robot must rapidly adapt its locomotion controller in real
time to satisfy the needs of the out-of-distribution (0.0.D.)
payload configurations and terrain variations.

Due to the importance of payload adaptive legged locomo-
tion, various approaches have been investigated. Non-learning
approaches leverage control theory and knowledge of the
physical dynamics of the system [17]-[20]. However, these
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Fig. 1. A motivating scenario for payload adaptive quadruped locomotion. In
a disaster response scenario payload adaptive locomotion enables a quadruped
robot be to transport a variety unfamiliar payload configurations across varied
natural terrains unseen during training.

approaches typically respond slowly to payload changes and
require extensive engineering effort. Recently, approaches
that aim to learn adaptive legged locomotion controllers
have gained increasing interest [5], [6], [21]-[29]. However,
current state-of-the-art methods suffer from tightly coupling
the underlying learned controller with the adaptation process.
This requires the collection of new data on-the-go to update
the learning model’s parameters or extensive pretraining.

To address the problem of adapting quadruped locomotion
controllers to O.0.D. payload configurations, we propose a
novel Rapid Introspective Neural Adaptation (RINA) method.
RINA enables quadruped robots to rapidly compensate for
differences between actual and expected joint torques induced
by payloads unaccounted for by a parameterized locomotion
controller. We design an adaptive residual dynamics represen-
tation that decouples the trained neural network parameters
from the parameters employed for adaptation. A new neural
operator network learns a set of basis functions that are mixed
using linear coefficients to predict the residual dynamics. The
predicted residual dynamics are then used to compensate the
output of a locomotion controller for the torques induced
by a O.0.D. payload. During execution, coefficients can
be rapidly and introspectively adapted on-the-go in order
to generate joint torque compensation values for the novel
payloads while leaving the learned network parameters fixed.
Introspective adaptation refers to the ability for a robot
to monitor and assess its actual performance compared to
its expected performance and update it’s control output to
minimize observed differences [30], [31]. Our approach
enables quadruped robots to rapidly adapt to O.0.D. payload
configurations without extensive pretraining or needing to
fine tune the existing model with a new dataset on-the-go.



The main contribution of this work is the introduction of
our novel learning-based RINA method to address O.0.D.
payload adaptation. Two specific novelties include:

o We enable the ability to rapidly adapt legged locomotion
controllers to payloads unseen during design or training
through introspectively updating joint torque command
values, which allows quadruped robots to observe and
adapt their joint torque output to compensate controllers
for 0.0.D. payloads on-the-go.

« We introduce a novel neural operator network to learn
a decoupled representation of the joint torque residual
dynamics for adaptation, eliminating the need to update
the learned network parameters on-the-go.

II. RELATED WORK

Robot adaptation to payloads is a critical problem that may
involve various robot morphologys and payload characteris-
tics [19], [30], [32]-[37]. Approaches to this problem can be
broadly split into non-learning and learning methods.

A. Non-Learning Methods for Payload Adaptation

Non-learning approaches to payload adaptive quadruped
locomotion typically model the physical dynamics of the
robotic system and exploit the tools of control theory, e.g.,
based on online payload identification [17] and force-based
quadratic programming [18]. Techniques based on Control
Lyapunov Functions (CLFs) [19] guarantee system stability
while achieving control objectives by representing a system’s
energy and ensuring it decreases over time towards a desired
state. Recently, the method proposed in [20] integrates L1
adaptive control techniques [38], [39], consisting of a fast
adaptation law and a low-pass filter to decouple estimation
and control, into a force-based model predictive control
(MPC) method. However, these approaches typically suffer
from increasingly complex control architectures with high
computational costs and require extensive expertise during
development.

B. Learning Approaches for Payload Adaptation

The learning methods for adaptable quadruped locomotion
can be coarsely sorted into two categories. The first involves
Reinforcement Learning (RL) training with privileged state-
information [6], [21]-[24], [40]. The adaptive ability of these
approaches comes from large amounts of training data across
a wide range of conditions. However their performance is
limited to conditions encountered during training [41]. The
second category updates RL controllers with new data for
0.0.D. conditions in-situ (i.e. learning on-the-go) [25]-[29].
However, this process is too slow to adapt rapidly to sudden
changes, like payload-induced torques.

Another class of methods combines learning with classical
adaptive control. These methods generate compensation
values to adjust control inputs or outputs to handle distur-
bances. Neural-Fly [42] implements a learned set of basis
function and an adaptive control algorithm to compensate
UAV thrust in windy conditions. RL is applied to generate
offset values in an MPC method to create adaptive behaviors

for quadruped robots [35]. However, this method’s adaptive
payload capabilities are relatively limited to the configurations
it was exposed to during training. Moreover, these learning
approaches do not directly consider the governing differential
equations that mathematically model the quadruped robot’s
dynamical system.

C. Neural Operator Networks

Deep Operator Networks (DeepONets) are a neural network
framework designed to learn mathematical operators that
map between infinite-dimensional function spaces. This
allows them to efficiently approximate complex relationships
in dynamical systems governed by differential equations
(DEs) [43]-[45]. Once trained, DeepONets can generalize
well across different inputs and conditions, allowing them
to adapt to a variety of problem settings without the need
for retraining. DeepONets have been applied to modeling
multiple DEs representing various dynamical systems [46]—
[52]. However, the insights on neural operator networks have
yet to be investigated and applied to robot control problems.

III. APPROACH

Notation: Matrices are denoted as boldface uppercase
letters (e.g. M = {M; ;} € R™*™ is an n x m matrix whose
element in the ¢-th row and j-th column is M; ;), vectors
are denoted as boldface lowercase letters (e.g., v € R? is a
d-dimensional vector whose i-th element is v;), and scalars
are represented by non-boldface characters (e.g., s, ).

A. Problem Formulation of Payload Compensation

As a quadruped robot navigates in an environment while
carrying a payload, it collects proprioceptive observations
from its onboard sensors, including joint encoders capturing
the leg joint positions q, velocities ¢, and accelerations q, as
well as the 3D orientation ©, angular velocity 9, and linear
acceleration p of the torso from an IMU. Additionally, a state
estimator based on Kalman filters is used to provide global
torso position p and velocity p based on the kinematics and
P- Then, the proprioceptive data obtained at each time step
is concatenated into a vector s = [p, O, 0,q, q] as the input
to the controller.

We define the expected locomotion behavior as the torso’s
expected linear and angular velocities b®* = [pe*, @] T
(e.g., provided by a planner or through user input). Then a
parameterized locomotion controller ®(-) uses s and b® to
generate expected torque commands a®® for the controlled
leg joints by @ : (s, b*) — a®*. During execution, we can
calculate the actual joint torques a“’ by plugging sensor
measurements into the known robot dynamics. However,
when the robot carries a payload, a®“t will deviate from
the expected command, i.e., a®? — a®® # 0. In order to
model such joint torque differences, we represent a“! as a
combination of the expected torques and the torques induced
by the unmodeled payload: a®* = a®® +p(s, c). The function
p : (s,c) — aP maps the robot state s and hidden state
¢, representing the payload configuration, to the payload
induced joint torques aP. Without knowing p(s,c) or c,
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Fig. 2. Overview of RINA for on-the-go O.0.D. payload adaptation. Using a
new decoupled representation based on neural operator basis functions, RINA
rapidly compensates for the joint torque residual dynamics induced by 0.0.D.
payload configurations through efficiently updating mixing coefficients for
the basis functions.

we can estimate p(-) through p(s,c) ~ a®! — a®®, which
models p(s, ¢) as the residual dynamics between the actual
and expected joint torques. Treating p(s, ¢) as joint torque
offsets to compensate for the impact of the payload on the
robot dynamics, we can generate the payload adaptive torque
commands by ®(s, b®®) — p(s, c) = a®?P,

However, during execution the robot does not have direct
access to a®?! because the a®* produced by ®(s, b®®) have
not been applied to the robot’s current state s. As such, the
robot must predict the residual dynamics p(s,c) based on
s. To address this critical challenge, we learn an adaptable
residual dynamics representation, € : (s¢, af”;) — p(s, ¢),
which uses the current state s; and the previous torque
command a{”; to estimate the residual dynamics p(s;, c).

Letting x; = [s¢,a";], and denoting the ground truth
residual dynamics as y; = p(st, ¢), the problem of learning
Q(x;) to provide torque offsets can be formulated as:

argmin Sy — Q)P M

(xi,y:)€ED

where D = {Dy,...,D¢} denotes a dataset collected from
C' payload conditions, and D, = [(x0,¥0),- - -, (Xn., YN.)]
includes N, data samples collected in the c-th condition.
Eq. (1) aims to learn an adaptable representation €2(-) through
minimizing the residual dynamics prediction error of Q(-)
over D. Once Q(-) is trained, it is used to generate payload
adaptive joint torques: ®(sy,b¥) — Q(x;) = a?®. This
problem formulation enables legged robots to rapidly adapt
to familiar payloads by compensating for differences between
a®® and a®“? resulting from payloads.

The learning problem in Eq. (1) is formulated as a function
regression, which uses samples from some input distribution
to train €2(-) to predict a continuous variable for some output
distribution. However, this formulation has three limitations.
First, the evolution of complex dynamical systems (e.g.,
quadruped robots) are typically mathematically modeled by
mathematical operators composed of ordinary differential
equations (ODEs), which cannot be adequately addressed by
function regression [43], [46]. Second, training €)(-) requires

a substantial amount of data that covers a wide range of
payload conditions [6], [22], [23]. Otherwise, the model may
overfit to the training data, limiting its ability to generalize to
0.0.D. system states and payload conditions [46], [48], [51],
[52]. Third, to directly adapt (-) on-the-go, the robot must
collect data to update €2(+)’s parameters during execution [26],
[27], [29]. Collecting new data on-the-go is usually infeasible
or dangerous in the field, and the online update of 2(-) may
not converge on time for rapid adaptation.

B. RINA for Learning O.0.D. Payload Adaptation

We propose a novel RINA method for rapid O.0.D. payload
adaptation while addressing the aforementioned limitations.
An overview of RINA is illustrated in Fig. 2. To enable on-
the-go adaptation without needing to collect new data for
online training, we propose an adaptive decoupled operator
representation that is computed as a linear combination of
a learned set of basis functions and mixing coefficients. A
set of basis functions z are defined as a linearly independent
subset of a function space that can be linearly combined to
represent every function within the space [53], [54] (i.e. z
spans the function space). Different from the direct prediction
in Eq. (1), we define ¥ : x — z to learn basis functions z
spanning all payload configurations.

We introduce mixing coefficients M for individual payload
conditions to linearly combine the set of basis functions ¥(-).
Combining the payload invariant W(x) with the payload
specific M results in the y representation ¥(x)M = y.
In this representation, M projects the function space ¥(-),
summarizing the robot’s current payload agnostic dynamics,
to the function space of residual joint torques caused by a
payload p(s, ¢). Accordingly, M can be interpreted mathe-
matically as an operator. For complex dynamical systems
like quadruped robots, the governing equations of motion
take the form of ODEs, defining a mathematical operator
describing the evolution of the system through time [39],
[43]-[46]. Through leveraging the operator M in the residual
dynamics model, RINA aligns it’s mathematical representation
with that of the dynamics governing the system. Moreover,
learning an operator representation via basis functions enables
generalization to novel payload conditions through learning
a set of functions that span the output space. This allows
for the estimation of y for novel payloads by mixing ¥(-).
Therefore, RINA separates learning a representation of the
function space W¥(-) from adapting it to produce specific
functions through updating the operator M. This separation
enables ¥ (x)M to adapt to novel payload configurations by
updating M, without needing to retrain W(-) with new data.

To predict y using ¥(x)M, M must be updated for any
encountered payload configuration. RINA updates M through
assessing the performance of W(x)M at predicting the ground
truth y that results from a particular payload. Then, the update
of M is mathematically computed by:

>

(Xk,yx)EBA

M* = argmin ||Yk - ‘P(ch)MH2 2)

where B is a dataset of size K used to adapt M to individual



Algorithm 1: RINA Training

Algorithm 2: RINA On-the-Go Execution

Input: D
Output: Trained models ¥(-), ¢(+)
1 Initialize ¥(-), {(-)
2 while not converged do
3 Sample B4 and BY from D
4 M" < argming 30, o yepa [lye — U(x)M||?
s | if [M*]| > v then M"  y3%ep
6 Update ¥(-) with:
5 rnen I¥: = )M 2 = AL (C(W(x:)))
7 if rand() < ¢ then
8 | Update ¢(-) with 35 = cpr £(C(¥(x:)))
9 return U(-),¢(+)

payload conditions. Eq. (2) introspectively updates M through
observing and minimizing the y prediction error of ¥(x)M
on B4,

However, ¥(-) may overfit to the payload specific dis-
tributions in x for each condition in D. As a result, U(-)
becomes unique to each specific condition, while M remains
fixed, limiting the model’s ability to adapt to O.0.D. payload
configurations without retraining. To prevent overfitting, we
use a discriminator network ¢(¥(x)) trained with the cross-
entropy loss £(-) to predict the true payload condition from
U(x). The loss L£(¢(¥(x))) acts as regularization for ¥(-),
ensuring that it does encode payload specific information,
forcing it to be represented in M.

Putting all these components together results in our final
loss function for RINA:

max min Do llyi = TEOM|P = ALC(E () 3)

(xi,yi)€D

where A > 0 controls the degree of discriminator regulariza-
tion. Eq. (3) learns a set of basis functions that adaptively
represent the residual dynamics through having ¥(-) and {(-)
compete in a zero-sum game during training: In the outer
maximization, ¢(-) attempts to maximize the performance of
predicting the payload configuration from ¥(x). In the inner
minimization, ¥(-) seeks to learn a set of the basis functions
that minimizes the error of predicting y while fooling the
discriminator into making incorrect predictions.

We present our training procedure in Algorithm 1. Given
a dataset collected from distinct payload conditions, each
epoch randomly samples disjoint training B and adaptation
B4 batches from a single payload condition D, € D on
Line 3. B4 is then used on a frozen ¥(-) to update M*
based on Eq. (4) on Line 4. To avoid ambiguity in M*, it
is normalized via M* = % <y if |M*|| >y for v > 0
on Line 5. After approximating M* the parameters of U(-)
are updated using Eq. (3) with B” on Line 6. To improve
training stability and generalization to O.0.D. conditions, the
Lipschitz property of the W(-) is regulated through layer-wise
spectral normalization [42], [55], [56]. This is performed by
calculating the L2 norm on the parameters of each layer in
U(-) and normalizing if the norm exceeds a threshold x > 0.
Finally, ¢(-) is updated on Line 8.

Input: ¥(-),a*", s, b
Output: a™"% a®*
1 Initialize ¢ < 0, Z <+ 0, Y < 0, M+ 0

2 while running do

3 if t > O then

4 YeYﬂ(a?ﬁtl *agfl)

5 Z+—7ZNz

6 if £ mod K = 0 then

7 M« (Z2"2)7'2"Y

8 if |M"|| > then M" « ¥
9 M «+ fM* + (1 — )M

10 Z+—0, Y« 0

11 ag® + ®(s¢, bf®)

12 z < U(s,ai%y)

13 if M # () then

14 alint « a%® — z,M

15 return aj"®

16 else

17 | return af®

18 t—t+1, 2,1+ 2z, a7%; + ag”

C. RINA for Rapid On-the-Go Adaptation

To ensure M can be rapidly updated to adapt
to 0.0.D. payload configurations, we define Z =
[W(x¢-1), .-, U(x—(x+1))] " as a set of the predicted basis
functions for K time steps, and Y = [y;—1, - .. 7yt_(K+1)]T
as the set of K corresponding ground truth residual dynamics.
Then, Eq. (2) can be efficiently solved through the closed
form equation:

M* = (ZTz)flzTY (4)

RINA then calculates payload adaptive joint torques using
the decoupled operator formulation by:

®(sy, bS") — U(x,)M* = aj"® 5)

The first term generates the expected torques a®* using the
locomotion controller ®(-). The second term produces the pre-
dicted y used as joint torque offset values to compensate for
unknown or O.0.D. payloads. Unlike the function regression
formulation in Eq. (1), the decoupled operator formulation
in Eq. (5) enables the robot to monitor the performance
of U(-)M at generating payload compensation values, and
updates M using Eq. (4) to improve its ability to adapt.
Our on-the-go adaptation procedure is presented in Algo-
rithm 2. At each time step, the robot state s;, computed actual
joint torques from the previous time step a¢“, and expected
torso locomotion behaviors b§® are provided to the algorithm
by the robots state estimator and locomotion planner. On Lines
3-5, the matrices of predicted basis functions Z and residual
dynamics Y are updated. On Lines 6-8, using a short history
of K time steps to consider the impact of momentum, M*
is introspectively adapted based on Eq. (4) and normalized
to avoid ambiguity across payload conditions. To minimize
jerkiness and oscillations in the adaptive response, we use a
regularized update technique to encourage smooth M updates,
as seen on Line 9, where 3 serves as a regularization weight



used to control the magnitude of the M update. On Line 10,
Z and Y are reset. The expected joint torques ag® and basis
functions z; are generated on Lines 11 and 12 respectively.
After the first M update, a7 is calculated and sent to joint
motors on Lines 13-15. Otherwise, on Line 17, a¢® is sent
to the motors. Lastly, we increment time and store ag” and
U (x;) for use in the next time step on Line 18.

RINA achieves the capability of rapid on-the-go adaptation
for two reasons. First, RINA models the operator M that
maps the basis functions summarizing the robot’s payload
agnostic dynamics ¥(x) to payload induced residual joint
torques p(s, ¢). Through mixing ¥(x) with M, RINA learns
a decoupled p(s, c) operator representation W(x)M. This
decoupled representation allows RINA to adapt to O.0.D.
payload configurations by only updating M while leaving
the trained parameters of U(-) fixed. This bypasses the
requirements for on-the-go data collection and online training.
Second, RINA can rapidly update M through the closed
form solution based on matrix manipulation in Eq. (4), which
further improves efficiency for adaptation to O.0.D. payload
configurations during execution.

IV. EXPERIMENTS

A. Experimental Settings

We experimentally validate RINA through physical robot
experiments using the Unitree Gol quadruped robot [57].
®(-) is implemented using the Whole Body Impulse Control
(WBIC) method [4] due to it’s high update frequency (0.5
kHz) and robust whole body formulation. ¥(-) is implemented
as an MLP with three hidden layers predicting a set of 16
basis functions and M is updated using a history of K =5
time steps at a rate of 100 Hz.

RINA is trained using a small dataset gathered from
12 minutes of real-world robot operation, featuring three
payloads: 0, 5, and 10 pounds (Ibs), in addition to 3.31
Ibs of mounting hardware. Payloads were kept within the
Gol platform’s recommended capacity and positioned near
the robot’s center of mass (COM). Data collection occurred
indoors on flat concrete terrain, with a human operator
guiding the robot through motions such as rotations, forward,
backward, and lateral movements. Training and execution
were conducted on an 8-core 19 machine with 64 GB of RAM.
Further details are provided in the supplementary material
on the project website.

We compare RINA’s adaptation to O.0.D. payload configu-
rations with two baseline methods: (1) a non-adaptive method
that doesn’t adjust ®(-) (WBIC) [4], and (2) a feedforward
MLP neural network with the same architecture as RINA
but predicting joint torque residuals directly as in Eq. (1)
(MLP). Both adaptive methods use the WBIC controller for
®(-). We evaluate performance using the Root Mean Squared
Error (RMSE) between the expected b’ and actual b@c?
locomotion behaviors, quantifying each method’s ability to
handle disturbances from O.0.D. payloads. We also report
RINA and MLP’s percentage improvement over WBIC.

TABLE I
QUANTITATIVE RESULTS OF RINA AND COMPARISONS WITH BASELINES
ON INDOOR CONCRETE TERRAINS.

Payload Linear-Velo. Error (m/s) [| Angular-Velo. Error (rad/s)
WBIC [ MLP [ RINA WBIC [ MLP [ RINA
0C 0.091 | 0.108 0.081 0.398 | 0.418 0.397
5C 0.108 | 0.133 0.104 0.416 | 0.512 0.407
10 C 0.124 | 0.135 0.110 0.464 | 0.495 0.457
SF 0.125 | 0.132 0.091 0.466 | 0.472 0.410
75 F 0.131 | 0.126 0.102 0.463 | 0.467 0.429
5L 0.117 | 0.130 0.097 0.427 | 0.473 0.413
75 L 0.117 | 0.133 0.105 0.424 | 0.470 0.408
5 FL 0.118 | 0.138 0.108 0.477 | 0.487 0.431
7.5 FL 0.133 | 0.125 0.104 0.480 | 0.450 0.397
Avg. 0.119 | 0.130 0.101 0.446 | 0.473 0.416
% Im. - -9.24% | 15.13% - -6.05% 6.73%

B. Results on Adaptation to O.0.D. Payload Configurations

To assess adaptability to O.0.D. payload configurations,
we tested off-center payloads of 5 lbs and 7.5 lbs, positioned
3 inches in front of the COM (F), 1.5 inches to the left of the
COM (L), and 3.5 inches in front and 1 inch to the left of the
COM (FL). Off-center payloads of 10 lbs were excluded as
all methods failed under this condition. Performance was also
evaluated with centered payloads (C) from the training data.
Tests were conducted on flat concrete by a human operator,
averaging 31,646 time steps (63 seconds) per condition.

The indoor experiment results are quantitatively shown in
Table I, with a summary of the overall results in Fig. 3. On
average, RINA performs 18.72% better for the linear velocity
tracking and 9.39% better for the angular velocity tracking
compared to both baseline methods. In contrast, MLP reduces
performance compared to the non-adaptive WBIC baseline,
with decreases of 9.24% and 6.05% for linear and angular
velocity tracking respectively. This is because the MLP lacks
RINA’s introspective adaptation ability, which adjusts output
based on residual dynamics compensation performance.

C. Results for O.0.D. Payload Adaptation On Varied Terrains

We evaluated RINA’s performance on unseen terrains by
comparing it to the baselines on three outdoor terrains: grass,
dirt, and gravel. The same two off-center payloads from
the indoor experiments were used, but with fewer mounting
positions: centered, front, and left. The robot moved straight

D —— WBIC ¢ —— WBIC
----- MLP --e-- MLP
- RINA - RINA
0.2 04 06
p Dy Y 0

(a) RMSE on Linear Velocity (b) RMSE on Angular Velocity

Fig. 3. Radar plots depict the average RMSE of the robot’s torso locomotion
behaviors from indoor experiments, including (a) linear velocity error (X, y,
z in the global frame) and (b) angular velocity error (roll, pitch, yaw).
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TABLE II
QUANTITATIVE RESULTS AVERAGED ACROSS THREE OUTDOOR TERRAINS:
DIRT, GRAVEL, AND GRASS. { INDICATES A METHOD EXPERIENCED A
FAILURE DURING DATA COLLECTION AND i INDICATES FAILURES
PREVENTED DATA COLLECTION ON THE GRAVEL TERRAIN.

Linear-Velo. Error (m/s) || Angular-Velo. Error (rad/s)

Payload | "wRTCT MLP | RINA [ WBIC | MLP | RINA
5C 0.106 | 0.095 | 0.070 0272 | 0.283 0.220
7.5C || 0.122 | 0.106 | 0.079 0.403 | 0.363 0.251
5F 0.1097 [ 0.106T [ 0.074 [] 0.347T [ 0.2767 0.222
75F || 0.107F [ 0.099T | 0.076 || 0.333% | 0.3261 0.251
5L 0.106 | 0.099 | 0.076 0.334 | 0326 0.251
75L |l 0.112% | 0.118 | 0.096 || 0.316% | 0.381 0.305
Avg. [[0.1147 ] 0.105T [ 0.079 || 0.349% | 0.327T 0.251
% Tm. - 7.89% | 30.70% - 630% | 28.08%

across the terrains without backward and lateral movements,
or rotations. A human operator collected evaluation data,
averaging 8,777 time steps (17.5 seconds) per experiment.

Qualitative results for each method transporting O.0.D.
payloads across outdoor terrains are shown in Fig. 4. The
dirt terrain was most similar to the flat concrete used for
training, and all approaches performed similarly with RINA
slightly outperforming the baselines (Fig. 5). On the grass
terrain, the robot’s feet would get caught in grass clumps,
causing the robot to lurch to the side leading to large roll
velocity errors. RINA quickly compensated for these errors
through introspective adaptation, while the baseline methods
responded more slowly. The largest errors occurred on gravel,
where both WBIC and MLP faced multiple failures and larger
angular velocity errors. RINA successfully transported the
payloads across the gravel terrain without failures.

The expected vs. actual torso tracking performance for the

(b) Gravel Terrain

(c) Grass Terrain
Fig. 4. Qualitative results on O.0.D. payload adaptation on unseen outdoor terrains.
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Quantitative results based on radar plots to present the average RMSE of the torso locomotion behaviors across outdoor terrain variations.

outdoor experiments is shown in Table II, with average results
per terrain in Fig. 5. RINA outperformed both baselines, with
an average improvement of 27.73% for linear velocity tracking
and 25.66% for angular velocity tracking. The improved
tracking performance of the adaptive methods in outdoor
experiments compared to indoor tests is mainly due to the
absence of lateral movements or rotations. These movements
where found to cause significant roll, pitch, and lateral velocity
tracking errors in the indoor experiments.

V. CONCLUSION

In this paper, we have proposed RINA as a novel learning-
based residual dynamics compensation method for adapting
quadruped locomotion controllers to O.0.D. payload con-
figurations. RINA introduces an adaptive residual dynamics
representation that separates the learning model’s parameters
from those used for adaptation. A neural operator network
learning model is introduced to learn a set of basis functions,
which are then mixed using linear coefficients to predict the
residual dynamics. During execution, the mixing coefficients
are introspectively adapted on-the-go in order to rapidly pro-
duce joint torque compensations for O.0.D. payloads, while
keeping the learned basis functions fixed. Our experiments
demonstrate that RINA enables rapid, on-the-go adaptation
to 0.0.D. payloads across multiple terrains and outperforms
baseline methods. Future work will focus on incorporating the
information of both joint positions and velocities in order to
enhance RINA’s ability to adapt to payloads on 3D terrains.
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