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Abstract—This letter presents a novel approach that combines
the advantages of both model-based and learning-based frame-
works to achieve robust locomotion. The residual modules are
integrated with each corresponding part of the model-based frame-
work, a footstep planner and dynamic model designed using heuris-
tics, to complement performance degradation caused by a model
mismatch. By utilizing a modular structure and selecting the appro-
priate learning-based method for each residual module, our frame-
work demonstrates improved control performance in environments
with high uncertainty, while also achieving higher learning effi-
ciency compared to baseline methods. Moreover, we observed that
our proposed methodology not only enhances control performance
but also provides additional benefits, such as making nominal
controllers more robust to parameter tuning. To investigate the
feasibility of our framework, we demonstrated residual modules
combined with model predictive control in a real quadrupedal
robot. Despite uncertainties beyond the simulation, the robot suc-
cessfully maintains balance and tracks the commanded velocity.

Index Terms—Legged robots, machine learning for robot
control, optimization and optimal control.

I. INTRODUCTION

L EGGED systems have fascinated researchers due to their
potential to navigate urban and harsh environments while

effectively performing assigned tasks. Model-based approaches
(MBA), particularly model predictive control (MPC), have been
widely studied for their capacity to handle system dynamics
and constraints. Despite the rise of learning-based approaches
(LBA), MBA remains central to generate safe and consistent
motion.

However, MBA faces challenges, most notably model mis-
matches resulting from necessary simplifications for real-time
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Fig. 1. Snapshots of experimental results. The quadrupedal robot with con-
ventional model-based controller adjusted by residual modules can overcome
uncertainties such as unknown payload and disturbances.

feasibility. Since legged systems exhibit complex hybrid dynam-
ics due to contact, the models used for control design are typi-
cally simplified, such as the single rigid body model or the linear
inverted pendulum model. While this reduces computational
cost, it can lead to the loss of critical information such as contact
dynamics, degrading performance in unmodeled scenarios.

To address these limitations, LBA can offer a promising
complement, excelling in modeling complex behaviors through
data. A synergistic integration of MBA and LBA can combine
the reliability of MBA with the adaptability of LBA, yielding
robust control even under significant uncertainties.

This letter presents a hybrid scheme that leverages LBA
to compensate for limitations in existing MBA. While MBA
offers refined and reliable motion, they are prone to degraded
performance due to minor model inaccuracies or suboptimal
heuristics, as well as significant uncertainties such as heavy
payload or external disturbances.

To tackle this issue, we introduce residual modules into
two key components, the footstep planner and the dynamics
model. Each residual module is designed using machine learning
techniques to provide auxiliary actions. As a result, the hybrid
controller offers improved robustness to uncertainty than a con-
ventional MBA, while also preserving consistency outside the
training domain compared to the end-to-end LBA. Fig. 1 shows
an example of robustness, where a robot handles a payload and
disturbance that the nominal MBA alone cannot cope with.

A key advantage of our method is its modular and sim-
plified module design using reinforcement learning (RL) and
supervised learning (SL) rather than fully relying on RL,
which enables efficient learning while maintaining the nominal
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controller in the training loop. Specifically, we propose two
residual modules: (i) a RL-based residual footstep module to
adaptively correct foothold patterns in response to disturbances,
and (ii) a SL-based residual dynamics (RD) module to account
for discrepancies in the system model.

We address challenges of foothold selection from complex
contact dynamics via RL, while compensating continuous-
domain dynamics discrepancies through SL, separating them
from RL training. This approach reduces the learning search
space and simplifies the RL process. To further reduce com-
putational overhead, we employ convex MPC with a simpli-
fied dynamics model for 3D motion. Additionally, we apply
low-pass filtering to the RD to isolate slowly varying uncer-
tainties, thereby enhancing robustness to noise. By focusing
on these slow variations, we assume the residual terms re-
main constant over the MPC prediction horizon, which further
simplifies the optimization problem. Compared to baselines,
our method stands out by its architectural simplicity, improved
training efficiency, and consistent performance across a wide
range of out-of-distribution (OOD) scenarios. We highlight our
contributions as follows.
� We propose a hybrid scheme that leverages learning-based

residual modules to compensate for performance degrada-
tion caused by model inaccuracies and suboptimal heuris-
tics in conventional MBA.

� The framework features a lightweight modular architecture
using RL for footstep adaptation and SL for continuous-
domain dynamics correction, combined with simplified
nominal dynamics and filtering–based RD decoupling to
enable efficient learning.

� Extensive experiments show that our method achieves ro-
bust and reliable task execution under heavy disturbances
and OOD conditions, reduced parameter tuning sensitivity,
and improved learning efficiency without compromising
performance compared to baselines.

II. RELATED WORK

A. Model- and Learning-Based Approaches

Conventionally, heuristic-based schemes have been intro-
duced for controlling legged robots, wherein the original sys-
tem is represented by simplified models, such as a linear in-
verted pendulum model (LIPM) or single rigid body model
(SRBM) [1], [2], [3]. This scheme has been verified to be simple
but practical through a range of demonstrations.

Among these, MPC has gained attention for its ability to
handle dynamic tasks and system constraints [3], [4], [5], [6].
However, its computational cost often necessitates simplifica-
tions, such as predefined gait sequences or simplified dynamics
such as SRBM, leading to performance degradation.

In contrast, data-driven approaches have demonstrated im-
pressive results in challenging tasks [7], [8], [9], [10], but also
face issues such as suboptimal convergence. While techniques
like system identification [11], [12] and online adaptation [13],
[14] improve flexibility, end-to-end RL methods still struggle
with issues such as sample inefficiency and a cumbersome
reward engineering process.

B. Residual Estimation

To address the performance degradation of MBA caused by
model discrepancy, numerous residual estimation approaches
have been proposed across various domains such as legged
locomotion, drones, and vehicles. These methods vary based on
how accurately the residuals represent the actual discrepancies
and whether the residual is updated online or designed offline
for use in a hierarchical manner.

Specifically, residual estimation techniques range from adap-
tive control [15] to data-based approaches, including online re-
gression using linear model [16], probabilistic regression based
on basis function learning [17] or Gaussian processes [18], and
offline-trained neural network models [19], [20], [21]. Each
method exhibits a trade-off between accuracy, real-time capabil-
ity, and ease of integration into optimization-based controllers,
depending on its complexity.

While compensating for dynamics gaps via residual estima-
tion is effective in handling various disturbances and external
loads, it may be insufficient on its own to achieve robust con-
trol in unstructured environments, particularly for unstable and
highly dynamic systems such as legged robots.

C. Hybrid Method

To overcome the limitations of MBA and LBA, recent studies
explore hybrid strategies to merge their strengths. Some works
use LBA to replace heuristically defined high-level references
(e.g. commands or gait sequences) for MBA for better adapt-
ability in uncertain environments [22], [23], [24], [25], [26].

Additional approaches apply residual action, such as torque
or joint reference, to directly fine-tune the nominal output [26],
[27], [28], [29]. While this can improve reactivity by enabling
residuals to override nominal degradation, it may pose in-
stability with uncertainties due to the absence of constrained
optimization-based feasibility checks in MBA.

Finally, several studies employ MBA to accelerate the initial
learning phase of RL, leveraging their ability to generate refined
motions [30], [31]. Similarly, MBA capable of long-term plan-
ning, such as trajectory optimization, has been used to address
challenges of RL in sparse reward learning [32], [33]. While
these approaches improve learning efficiency and convergence,
they also introduce computational overhead due to repeated
MBA computation during training.

III. RESIDUAL MODULES WITH NOMINAL CONTROLLER

A. System Overview

Our approach integrates learning-based residual modules into
a MBA, as depicted in Fig 2. Each module is designed to
modulate the output of its corresponding nominal module, for
improving task-specific performance.

A key aspect of the proposed method is the sequential design
of residual modules utilizing both RL and SL, depending on the
characteristics of each component. In related work on drones, SL
has been used to model aerodynamic or actuator dynamics from
real-world data [19], [20], [21]. However, legged robots present
additional challenges due to the need for choosing footholds.
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Fig. 2. An illustration of the overall architecture. Each residual module finds auxiliary actions for compensating model mismatches in corresponding nominal
modules. The residual footstep module is learned using RL in simulation, while RD data is simultaneously collected and fed into the nominal controller during the
learning process. The RD module is then reconstructed into a neural network for real-world deployment.

To address this, we first introduce an RL-based residual mod-
ule to compensate the heuristic footstep planner, enabling adap-
tive foothold adjustment. In parallel, we compute discrepancies
in the nominal continuous dynamics analytically using simula-
tion data. These discrepancies are then reconstructed through
SL, using proprioceptive sensor data history, to ensure reliable
performance in real-world. This approach enhances sample ef-
ficiency by reducing the number of variables optimized during
the RL process without compromising performance compared
to other hybrid methods.

B. Nominal Hybrid Dynamics

This section explains a hybrid dynamics model of legged
system and corresponding residual modules. The discrete hybrid
dynamics can be expressed as follows [34].

ẋ = f(x,u), x /∈ S (1)

x+ = Δ(x−), x ∈ S (2)

where x is a state; u is a ground reaction force (GRF); S is a
switching set which includes every moment of contact; f(x,u)
is a continuous dynamics; and Δ(x) is a switching dynamics.
Throughout this paper, vector-valued variables are denoted in
boldface, while matrix-valued variables are represented using
calligraphic font. When contact states do not change, the system
follows the continuous dynamics as follows.

x = [p, φ, ṗ, ω] ∈ R12, (3)

ẋ = fn(x,u) =

⎡
⎢⎢⎢⎣

ṗ

M(φ0)ω
1
M

∑4
i=1 ui + g

I−1
W

∑4
i=1 (pf,i × ui)

⎤
⎥⎥⎥⎦ , (4)

where fn is a nominal continuous dynamics; p is a position
of center of mass (CoM); pf is a foothold; φ is Euler angle;
ω is angular velocity of CoM expressed in the body frame B;
M(φ0) is a mapping matrix to transform angular velocity into
Euler angle rate at operating point φ0; M is a lumped mass of
the robot; g is a gravity; IW is an inertia matrix in world frame
W with a following relationship IW = R(φ0)IBR(φ0)

T ; and
R(·) is a rotation matrix.

In this work, we choose a SRBM-based convex MPC as a
nominal controller in [3]. This framework is well-established in
many research and has some favorable features. For instance,
the convex optimization formulation is advantageous for mas-
sive learning procedure by ensuring fast computation time by
exploiting state-of-the-art solvers.

C. Residual Footstep Module

For simplification, we assume that footholds instantaneously
change whenever contact state changes. Therefore, we hierarchi-
cally define the footstep variables in a separate heuristic-based
planner as suggested in [2]. The foothold and gait pattern of the
i-th leg are defined as follows.

p+
f,i = p−

f,i + δpf,heuristic,i, x ∈ S (5)

Φk,i = Φk−1,i +
δt

Tstep,i
, (6)
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TABLE I
LIST OF DOMAIN RANDOMIZATION

where δpf,heuristic are reference foothold from the heuristic
planner; Φ ∈ [0, 1] is a gait phase parameter; δt is a control time
step; and Tstep is a footstep time indicating swing and stance
phases. For example, Φ for a leg initialized in stance starts at
zero and increments by δt/Tstance each control cycle. When Φ
reaches 1, it is reset to zero, and Tstep is set to Tswing , repeating
the same procedure.

Since the heuristic footstep planner comprises a fixed gait
pattern and simplified model, which cannot fully reflect actual
dynamics such as the inertial effect or non-flat terrain, the
residual footstep module compensates it as follows.

p+
f,i = p−

f,i + δpf,heuristic,i + δpf,res,i, x ∈ S (7)

Φk,i = Φk−1,i +
δt

Tstep,i
+ δΦres,k−1,i, (8)

where δpf,res, δΦres are residual footstep and phase.
The residual footstep module is learned using RL. The nomi-

nal controller employs a heuristic footstep planner that assumes
flat terrain and no-slip conditions, which cannot fully handle
more complex scenarios, such as rough or stepped terrain with
varying friction coefficients. To address these limitations, we
train the modules under three terrain types (flat, rough, stepped)
with varying friction conditions. Additionally, we randomize
system and environmental parameters at each reset, as detailed
in Table I, and initialize the robot at random body angles and
heights slightly above the ground to further enhance robustness.

The reward function is designed to be similar to the cost
function from MPC so that the module can operate as intended by
nominal controller. Because the nominal controller can compute
the walking pattern and required control inputs, it reduces the
initial search space for learning, allowing the reward function to
be simply designed as follows.

rtotal = ralive + c1||x∗ − x||+ c2||τ ||, (9)

ralive =

{
−10, if robot fails

0, otherwise
(10)

where ralive is a penalty whenever the system fails; x∗ is a
user-defined desired state; τ is a joint torque; and ci is a weight
for each reward.

The training is performed using proximal policy optimiza-
tion (PPO) [35], resulting in 16-dimensional output including
residual foothold and phase of all legs. Details of the PPO setup
are provided in Table II. The observation oRF for the residual

TABLE II
PPO HYPERPARAMETER FOR RESIDUAL FOOTSTEP

footstep network πRF is constructed as follows.

[δpf,res,k, δΦres,k] = πRF (oRF,k), (11)

oRF,k = [ṗ∗
k, ω̇

∗
k,φk,ωk, {θ, θ̇}j,{k,...,k−h},

δpf,heuristic,Φk,i,η, τ k] ∈ R113,
(12)

where ṗ∗, ω̇∗ is a command velocity; θj,{k,...,k−h} is a history
of joint positions with a window size h; η is a Boolean vector
representing the planned contact sequence for each leg from the
nominal gait planner; and τ is a joint torque. Note that h = 2 is
used in this paper.

D. Residual Dynamics Module

The nominal model fn(x,u) in (4) contains rotational dynam-
ics which is locally time-invariant and linearized based on Euler
angle. The state is then predicted using numerical forward Euler
integration through the control horizon.

xk+1 = xk + δtfn(xk,uk), (13)

In fact, this model does not fully account for actual whole-body
dynamics or external disturbances, mainly due to the impact in
switching phase, which can lead to performance degradation.
This model discrepancy, fres, can be determined using the
history of states and control input as follows.

fres,k−1 = δt−1(xk − xk−1)− fn(xk−1,uk−1). (14)

To deploy this term in real-world applications, several challenges
must be addressed. First, since it is used directly as input to the
MPC, excessive fluctuations in its value can significantly com-
promise the performance of the controller. Furthermore, while
representing RD as a function of the MPC state and control input
could enable more accurate dynamics prediction and potentially
allow its use within the MPC optimization horizon [21], this
approach would substantially increase computational burden for
the RL process.

To mitigate these issues, we design a low-pass IIR filter:

f̂res,k = e
−2πFc

Fs f̂res,k−1 + (1− e
−2πFc

Fs )fres,k, (15)

where Fc, Fs are cutoff and sampling frequencies. We set Fc =
10 Hz, Fs = 1 kHz in this work. The filter is designed to capture
only the dominant low-frequency components of uncertainties,
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such as payloads or external disturbances, that can be considered
quasi-static within each MPC control loop. Additionally, it can
prevent the system from being too sensitive to noisy signal.

Nevertheless, the analytical RD in (15) still require accurate
information, including linear velocity, contact states and GRF.
Estimating this information in a real-world environment is chal-
lenging, and the resulting inaccurate measurement of RD can
lead to catastrophic failure of the system.

A possible solution is to train a neural network after collecting
data from simulations or experiments [19]. We first collect
simulation data to accurately label the RD while training the
residual footstep module. After training the footstep module,
we reconstruct data set of RD and corresponding observations
into an neural network model, πRD, to predict the residual term
using only directly measurable proprioceptive sensor data, such
as IMU and joint encoders. This model can then be trained using
SL.

f̂res,k = πRD(oRD,k, . . . ,oRD,k−h), (16)

oRD,k = [φk,ωk,θj,k, θ̇j,k, τ k, f̂res,k−1] ∈ R54. (17)

This network is designed with the same structure as the residual
footstep module. We randomly collected a total of 10 million
data to train this module. This regression improves robustness
in a real-world for inferring RD, compared to relying solely on
an analytical design.

With aforementioned dynamics and footstep planning, the
MPC tries to solve the following optimization problem to obtain
control input.

minimize
X,U

N−1∑
i=0

l(xk+i,uk+i) (18)

subject to ẋk+i+1 = fn(xk+i,uk+i) + f̂res,k, (19)

X ∈ X, U ∈ U (20)

where X,U is a set of states and control inputs through the
horizon N ; l(x,u) is a cost function to minimize; and {X,U}
is a feasible domain of state and control input. Note that the
current residual term f̂res,k is provided by the RD module and
is independent of the state and control input. Consequently,
it is applied uniformly across the entire prediction horizon at
each control iteration. This filtering-based decoupling enables
fast computation of MPC during both learning and real-world
implementation.

The cost function is formulated as a least-square form.

l(X,U) = XT diag(wx)X+UT diag(wu)U, (21)

wx = [wp,wφ,wv,wω] , (22)

where diag(ζ) is a diagonal matrix consisting of diagonal vector
ζ; and w(·) is a weight for each variable.

The feedforward and feedback joint torques are computed via
leg kinematics as follows [3].

τ ff,i = J (q)Ti ui, (23)

τ fb,i = J (q)Ti [KP (p
∗
f,i − pf,i) +KD(ṗ∗

f,i − ṗf,i)], (24)

TABLE III
EXPERIMENTAL RESULT OF ROBUSTNESS TEST

τ i = τ ff,i + τ fb,i, (25)

where Ji is a foot Jacobian, p∗
f,i is a reference foot position

from footstep planner, and KP,D are Cartesian PD gains.

IV. RESULTS

In this section, we conduct comparative experiments to eval-
uate the advantages of the proposed framework in terms of com-
mand tracking and robustness against uncertainties, compared
to baseline controllers. These experiments assess the system’s
ability to reliably handle a range of disturbances and model
errors, such as kicks or heavy payloads.

Additionally, we examine whether the proposed method can
reduce the control parameter dependency of the nominal MBA
controller. We also conduct OOD tests to evaluate whether our
framework maintains consistent performance under conditions
that differ significantly from those encountered during simula-
tion, in comparison to existing end-to-end RL method. At last,
we evaluate how our residual module design affects learning
efficiency and convergence compared to baseline methods.

A. Experimental Setup

We validate our framework through simulations and real-
world experiments using Unitree Go1, a 12 kg quadrupedal
robot with 12 DoF. The simulation environment is built using
the physics simulator RAISIM [36]. MPC and residual modules
are updated at 100Hz, while the remaining low-level parts run at
1 kHz. Note that the MPC predicts the next 0.1 s with a time step
of 0.01 s over 10 horizons at each control iteration. We exploit a
linear Kalman filter and momentum-based contact detection for
the state estimation. The nominal stance and swing times are set
to be 0.3 s, corresponding to a trot gait.

B. Effect of Residual Modules

We first investigate the effects of each residual module. In this
scenario, the robot is commanded to maintain its posture while
external payload of 6 kg is exerted on its head with the following
baselines: nominal MPC (vanilla-MPC), MPC with only a RD
module (res-dyn), and MPC with both residual footstep and
dynamics module (res-all). Due to the payload being applied
far from the CoM, a significant model error is expected. If the
robot successfully adapts to the given payload, it is subjected to
external disturbances.

Table III and Fig. 3 illustrate the results. The time intervals
of each condition (normal, with payload, with disturbance) are
denoted in Fig. 3. As seen in Table III, vanilla-MPC fails to
maintain its posture under the given payload.
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Fig. 3. An experimental result of robustness test with res-all. Each graph
indicates the roll-angle (top-left), RD (top-right), and y-directional footstep
residual of rear-right (RR) leg in the body frame (bottom). The black dotted
line marks the moment when the payload is applied, while red lines indicate the
disturbances.

Fig. 4. An detailed results of robustness test using res-all. In the gait sequence
plot, black lines indicate the stance phases of each corresponding leg, while the
gray shaded area denotes the 1-second recovery period immediately following
external disturbances applied to the robot. The footstep position graph shows
the position of each footstep in a top-down view within the robot’s body frame,
where the gray rectangle in the graph represents the robot’s trunk.

In contrast, res-dyn allows the robot to compensate for the
model discrepancy once the payload is applied. However, over
time, the robot exhibits a sagittal swaying motion. Because the
gait pattern remains fixed, it cannot adapt to the resulting motion,
leading to failure when additional disturbances are exerted.

On the other hand, res-all successfully controls locomotion
under both the heavy payload and external disturbances. As
seen in Fig. 3, the RD module captures model discrepancies
whenever disturbances are exerted, while the residual footstep
module modifies footholds to counteract the induced swaying
motion.

Fig. 4 describes the detailed results from res-all. Without
external disturbances, the footholds and phase from the residual
footstep module remain close to the heuristic. However, when a
disturbance generates angular momentum in the roll direction,

Fig. 5. Results of control parameter robustness test. Each graph indicates suc-
cess rate (height) and RMS error (color) of velocity tracking from corresponding
parameter setup with (1) vanilla-MPC, (2) proposed, and (3) proposed without
randomization in simulation. Each weight label indicates that all corresponding
weights (e.g., wp,φ = [wpx,y,z ,wφx,y,z

]) share the same value.

the module reduces stance time and adjusts footholds to stabilize
the motion.

The proposed method is also evaluated under relatively high-
speed locomotion, where the robot accelerated up to 1m/s in
the x-direction. In this experiment, a reduction in gait phase is
observed during forward acceleration, as shown in the supple-
mentary video.

C. Robustness to Control Parameters

It is widely known that the performance of MPC is highly
sensitive to control parameters, such as weight in the cost
function [4]. Despite their critical role, these parameters are
difficult to optimize directly and are often selected empirically
to simplify the problem [24]. Similar to reward engineering in
RL, this leads to a cumbersome tuning process. In this experi-
ment, we investigate whether the residual modules can reduce
this sensitivity, thereby improving robustness across a range of
parameter configurations.

To evaluate this, the robot is tasked with velocity tracking
on flat terrain under varying cost function weights. Specif-
ically, during training, the weights in (21) are randomized
within wp,φ ∈ [10, 30] and wv,ω ∈ [0.1, 0.3]. For testing, we
set wp,φ = [10, 20, 30], wv,ω = [0.1, 0.2, 0.3]. For all cases,
wu is fixed to 10−5. Other system parameters are randomized as
in Table I. At each setting, we run 10 simulations for 10 seconds
each, and evaluate success rate and RMS velocity tracking error
averaged over the entire 10 s time window.

As shown in Fig. 5, vanilla-MPC exhibits significant perfor-
mance sensitivity to weights, while our method demonstrates
consistent performance across all configurations. These results
suggest that the residual modules effectively reduce dependency
on manual tuning, allowing for successful task execution under
a broader set of parameter settings.

In addition, we conducted an experiment without weight
randomization during training. In this case, weights are fixed
to wp,φ = 10, wv,ω = 0.3. Fig. 5 indicates that performance
remained relatively consistent even without randomization.

D. Consistent Performance Via MPC

Conventional end-to-end RL methods often struggle to handle
situation that deviate from their training distribution [12], [13].
In contrast, many model-based controllers are capable of pro-
ducing consistent motions across a wide range of states. We aim
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Fig. 6. An experimental result of out of distribution test.

Fig. 7. Comparative results of learning efficiency.

to combine the consistency of MBA with the robustness of RL-
based methods, and validate whether our proposed framework
offers improved consistency compared to existing approaches.

For comparison, we design an end-to-end RL controller
(baseline-RL) as a baseline [7]. This framework concurrently
learns a state estimator to predict indirect states, such as trans-
lational velocity and contact probability, alongside the control
policy. The policy is trained using PPO under same conditions
and network structure in Table II.

The baseline is then compared with our method. For both
cases, the robot is trained in the domain as shown in Table I. Note
that the payload is only given on robot’s trunk in simulation. In
the experiment, a 3 kg payload is attached to both front and rear
legs on the right side, creating an OOD situation from simulation.
The robot is commanded to follow the given velocity command
while maintaining its posture.

The experimental results are shown in Fig. 6. Without any
payload, both baseline-RL and res-all successfully track the
given velocity command. However, the velocity tracking per-
formance of baseline-RL drops significantly with external pay-
loads. In contrast, the proposed method maintains performance
without notable degradation. These results indicate that inte-
grating MBAs with residual modules enhances robustness and
enables reliable motion, even in the presence of uncertainties
out of training domain.

E. Comparative Analysis With Baselines

Our proposed methodology integrates different types of
residual modules into the nominal controller. To analyze each

TABLE IV
RESULT OF COMPARATIVE ANALYSIS

module’s contribution to performance, we conduct an ablation
study with baseline methods.

In simulations, a robot is commanded to traverse terrain
with varying roughness, procedurally generated using Perlin
noise. The roughness level henv is defined as the maximum
height difference of the terrain. In each simulation, the robot
is commanded to follow the given command v∗x = 1.0 m/s,
ω∗
z = 1.0 rad/s. Each training is conducted with the setup in

Table I, except for Mpayload = [0.9, 1.8]M , henv = [0, 0.2]m.
The test environment consists of henv = 0.2m and Mpayload =
[1.75, 2, 2.25]M , respectively. We set success rate and RMS of
velocity tracking error as criteria, and conduct 100 simulations
for each combination of environment condition and controller.

For the ablation study, we evaluate a total of 8 controller
configurations, each representing a different combination of the
residual modules. For instance, fpos-phase only compensates
footstep position and phase. The baselines include methods from
Chen et al. [29], which use RL to find auxiliary actions in the joint
space (jpos) and dynamics space (dynRL); Yang et al. [23], who
proposed a hierarchical framework with a learned gait transition
module (phase); and the online adaptation strategy from [16],
which regresses model discrepancies within a sliding window
(resdyn-window).

As summarized in Table IV, our method consistently achieves
a high success rate and stable tracking performance across dif-
ferent environmental conditions, while most baseline methods
exhibit greater fluctuations in performance depending on the
level of uncertainty.

The analysis revealed specific weaknesses in baselines. For
example, the success rate of fpos-phase drops sharply under large
uncertainties, highlighting the necessity of dynamics compensa-
tion. While fpos-phase-dynRL shows performance comparable
to our method, our framework exhibits improved learning effi-
ciency, which will be discussed later. Conversely, baseline-RL
adopt an overly conservative strategy, refusing to follow com-
mands under high uncertainty to avoid falling. Furthermore, the
poor performance of phase and resdyn-window highlights that
compensating for inaccuracies in both footsteps and dynamics
is crucial for robustness.

Lastly, we examine the impact of each residual module on
learning efficiency during training. As depicted in Fig. 7, our
proposed method not only achieves the highest tracking reward
but also demonstrates the stable and fastest convergence. This
suggests that the proper combination of residual modules with
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nominal MBA leads to more refined locomotion, enabling more
sample-efficient learning.

V. CONCLUSION

In summary, we propose a novel hybrid framework that
combines the strengths of both MBAs and LBAs. The resid-
ual modules are designed to compensate for the limitations of
heuristics in each part of the conventional MBA. The benefits of
the proposed framework are validated through both simulations
and hardware experiments.

We observe that our framework can produce more adaptive
locomotion while still providing consistent performance, even
beyond the training domain. Additionally, our approach can alle-
viate the hyperparameter sensitivity of nominal MBA. Further-
more, our method demonstrates improved learning efficiency
compared to the baselines.

However, to fully validate the general applicability of our
method, broader evaluations are necessary under various condi-
tions. We expect that with further module design and training in
more diverse domains, the proposed framework can be extended
to handle a wider range of uncertainties, for example, uncertain
terrain properties such as softness, compliance, and slipperiness.
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