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Abstract

This project investigates a hybrid locomotion framework that augments a classical Raibert-
style footstep planner with a deep reinforcement learning (RL) policy for quadruped robots.
The core idea is to retain the stability and interpretability of a model-based planner, while al-
lowing a neural network to learn small residual corrections to nominal foothold locations from
experience. The policy observes local terrain heightmaps, robot base state, and foot configura-
tions, and outputs 12-dimensional residual adjustments to Raibert’s nominal foot placements.
These corrected footholds are then tracked by a quad-sdk inverse dynamics controller, whose
leg commands are applied to a MuJoCo simulation of the quadruped. Safety is enforced ana-
lytically through kinematic workspace limits, terrain and clearance checks, and stability guards
based on center-of-mass margin and support polygon geometry, rather than via a learned safety
mask.

At the current stage, the end-to-end pipeline comprising the PPO actor—critic policy, the
Raibert footstep prior, the quad-sdk-based inverse dynamics controller, and the MuJoCo back-
end has been implemented and validated on flat terrain, where the residual policy learns to re-
fine but not overwrite the model-based behavior. The long-term objective is to extend training
to rough and irregular terrains and to quantitatively evaluate whether the residual RL compo-
nent improves robustness and stability compared to Raibert-only and quad-sdk’s built-in foot-
step planning. This setting provides a principled testbed for comparing purely model-based
footstep planning with a model-based-plus-learning approach under a realistic control stack,
and for studying how learned residuals can compensate for modeling errors, complex terrain

interactions, and controller limitations.



1 Introduction

Legged robots require careful footstep planning to maintain balance, avoid obstacles, and generate
stable locomotion. Unlike wheeled robots, quadrupeds must continuously reason about contact
locations with the environment, making foothold selection a critical component of the locomotion
pipeline. Classical approaches to legged locomotion rely heavily on simplified models and heuris-
tics, which provide robustness and interpretability but often lack adaptability to new terrains.

One of the earliest and most influential contributions in this space is Raibert’s work on dy-
namically stable legged locomotion, which introduced inverted-pendulum-based heuristics for foot
placement [Raibert, |1983]]. In this framework, footholds are placed relative to the robot’s center-of-
mass (COM) velocity to regulate forward motion and maintain balance. Despite their simplicity,
Raibert-style heuristics remain widely used due to their efficiency, stability, and intuitive behavior
on flat and moderately uneven terrain.

Modern quadrupedal systems extend these ideas using full-body optimization and model pre-
dictive control (MPC). For example, IEEE T-RO work on coupled planning, terrain mapping, and
whole-body control demonstrates how integrating terrain perception directly into motion planning
can enable robust locomotion across non-coplanar terrains [Mastalli et al.,|2020]. In addition, fast
MPC-style foothold replanning combined with feedback control has been shown to improve robust-
ness of dynamic gaits under disturbances [Xin et al., 2021]]. Quad-SDK is a representative example
of a full-stack quadrupedal locomotion framework that integrates planning, state estimation, and
inverse dynamics control [Norby et al., 2022, Robomechanics Lab, 2025]]. Quad-SDK includes a
built-in local footstep planner that combines heuristic foot placement with terrain cost maps, and a
nonlinear MPC-based controller that computes whole-body motions. While effective, such model-
based planners often require manual tuning and assume simplified contact models, which can limit
performance when operating on unfamiliar terrain or under modeling inaccuracies.

Recent advances in deep reinforcement learning have demonstrated that policies can learn to
adapt foothold placement and gait behaviors from experience, particularly when terrain perception
is available. DeepGait is a strong example from IEEE RA-L showing terrain-aware quadrupedal
gait planning and control using deep reinforcement learning [Tsounis et al., |2020]. However,
purely learning-based approaches often require large amounts of data and may struggle with safety
and generalization. SafeSteps proposes a learning-based foothold planner that selects footholds on
a discretized grid while enforcing safety through a learned terrain feasibility mask [[Omar et al.,
2023]]. While effective, this approach replaces classical planners entirely and introduces additional
learned components that must generalize reliably.

In this project, we pursue a hybrid approach that combines the strengths of classical planning

and learning. Rather than learning foothold placement from scratch, we retain a Raibert-style foot-



step planner as a nominal prior and train a reinforcement learning policy to predict small residual
corrections to those footholds. The residual policy is trained using Proximal Policy Optimization
(PPO) [Schulman et al., |2017] and outputs continuous adjustments to nominal foot targets. Safety
is enforced analytically using kinematic workspace constraints and COM support polygon checks
rather than learned safety masks.

The goal of this work is to investigate whether such a residual learning formulation can im-
prove robustness and adaptability while preserving the stability and interpretability of model-based
planners. The current focus is on flat-terrain locomotion and trajectory tracking, with the long-
term objective of extending the system to rough terrain and deploying it on hardware through the
Quad-SDK control stack. The simulation backend uses MuJoCo, a widely used physics engine for

model-based control and robotics research [Todorov et al., [2012].

2 Related Work

Legged locomotion has been studied extensively through both classical control methods and learning-
based approaches. In the context of quadrupedal robots, foothold selection plays a critical role in
ensuring stability, robustness, and adaptability to terrain variations. Existing work can broadly
be categorized into classical heuristic-based footstep planning, full-stack model-based locomotion

frameworks, and learning-based or hybrid approaches.

2.1 Classical Footstep Planning and Heuristic Methods

Early work by Raibert established that dynamically stable legged locomotion can be achieved
using simple foot placement heuristics derived from inverted pendulum models [Raibert, |1983]]. In
this formulation, the foot is placed relative to the robot’s center-of-mass (COM) velocity such that
forward speed and balance are regulated implicitly. A common expression of the Raibert heuristic
places the foot according to

Titep

Tvcom + k(vcom - Vd) (1)

X" = Xnip +
where Xy, 18 the hip position, v, 1s the current COM velocity, v is the desired velocity, T, is
the step duration, and k is a velocity correction gain. This heuristic is attractive due to its simplicity,
computational efficiency, and strong stability properties on flat or mildly uneven terrain.

However, Raibert-style planners rely on simplified assumptions about terrain and contact in-
teractions. As a result, they often require manual tuning or additional heuristics to operate reliably
on complex or highly irregular terrain. These limitations motivate extensions that integrate terrain

awareness or higher-level planning layers.



2.2 Model-Based Quadruped Locomotion Frameworks

Modern quadruped systems often employ full-stack locomotion frameworks that integrate plan-
ning, state estimation, and whole-body control. Quad-SDK is a representative example that pro-
vides a unified software stack for agile quadrupedal locomotion, combining heuristic footstep plan-
ning with nonlinear model predictive control and inverse dynamics [Norby et al., 2022]. Such
frameworks are designed to operate across simulation and hardware with minimal changes and
offer strong robustness through carefully engineered control pipelines.

Related work in this space emphasizes tight coupling between terrain perception, motion plan-
ning, and whole-body control. For example, Mastalli et al. demonstrate that jointly reasoning about
terrain geometry, contact constraints, and dynamics enables quadrupeds to traverse non-coplanar
terrain more robustly [Mastalli et al., 2020]. While these approaches provide strong guarantees
and physical consistency, they typically depend on manually designed cost functions and require

retuning when terrain distributions change.

2.3 Learning-Based and Hybrid Approaches

Reinforcement learning has emerged as a powerful tool for legged locomotion, enabling policies
to adapt to terrain variations through experience. DeepGait shows that RL can be used to learn
quadrupedal gait behaviors that generalize across terrain types, while still leveraging structured
control components [Tsounis et al., 2020]. However, purely learning-based methods often suffer
from sample inefficiency and pose safety challenges during training.

Hybrid methods that combine learning with model-based control aim to address these limi-
tations. RLOC integrates reinforcement learning with optimal control to achieve terrain-aware
locomotion, using learning to adapt higher-level decisions while preserving model-based stability
[Gangapurwala et al., 2022]. These approaches highlight the effectiveness of combining structured
priors with learning-based adaptation.

SafeSteps proposes a learning-based foothold planner that directly selects footholds on a dis-
cretized grid and enforces safety via a learned terrain feasibility mask [Omar et al., 2023]]. While
effective, this approach replaces classical footstep heuristics entirely and introduces additional

learned safety components.

2.4 Positioning of This Work

In contrast to direct foothold selection, this work adopts a residual learning formulation. A Raibert-
style planner provides nominal footholds that encode stable baseline behavior, while a reinforce-
ment learning policy predicts small residual corrections to these footholds. Safety is enforced ana-

lytically through kinematic workspace constraints and COM support polygon margins rather than
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Figure 1: Overall system architecture of the proposed hybrid locomotion framework. Robot state
and terrain information are processed by a Raibert-style footstep planner augmented with a PPO-
based residual policy. The resulting final foot targets are passed through a ROS2 bridge to Quad-
SDK, which computes inverse-dynamics-based leg commands. These commands are executed in a
MuJoCo simulation, and the resulting robot state is fed back to the planner, forming a closed loop

learned safety masks. This design preserves interpretability and stability while allowing learning
to compensate for modeling errors, controller limitations, and terrain interactions.

By integrating residual learning into an existing Quad-SDK-based control stack, this work aims
to bridge the gap between classical footstep planning and learning-based adaptation in a practical

and extensible manner.

3 Methodology

This section describes the proposed hybrid locomotion framework, focusing on how a learned
residual footstep policy is integrated into an existing Quad-SDK-style control stack. Figure [I]
summarizes the closed-loop pipeline: the planner consumes robot state (and optionally terrain),
produces final foot targets, Quad-SDK computes leg commands via inverse dynamics and swing

tracking, and the simulator returns the next state back to the planner.

3.1 System Overview and Closed-Loop Data Flow (Figure l

The pipeline in Figure[I| consists of three conceptual blocks:
(1) Raibert + PPO Residual Footstep Planner At each planning tick, the planner receives the
robot base state (position/orientation and velocity), foot configuration (foot positions relative to

the base/COM), and a motion intent (desired direction or velocity along a global plan). When ter-



rain sensing is enabled, the planner also receives local terrain information (e.g., heightmap patches
around candidate footholds). The planner first computes nominal footholds using a Raibert-style
heuristic, then adds a learned residual correction predicted by a PPO policy [Raibert, 1983| Schul-
man et al., 2017]. The output is a set of final foothold targets for all four legs in Cartesian space.

(2) Quad-SDK Bridge (ROS2) The foot targets are injected into the control stack through
a ROS2 bridge that provides the interfaces expected by Quad-SDK (e.g., RobotState and
RobotP1lan) and calls into the inverse dynamics and swing leg tracking modules [Norby et al.,
2022, |Robomechanics Lab, 2025]]. Conceptually, this block translates “where should the feet go”
into “what joint commands/torques should be applied.”

(3) Low-Level Execution (Inverse Dynamics + Swing PD) and Simulation Quad-SDK pro-
duces a LegCommandArray (joint targets and/or torques). These commands are applied to a
MuJoCo simulation backend, which advances physics and contact, and the resulting state is fed
back to the planner as the next observation [[Todorov et al., 2012]. This completes the closed loop
shown in Figure

This separation is deliberate: the learned component influences foothold selection while the
existing whole-body controller handles dynamic stabilization and tracking. The learning problem
is therefore constrained to a high-level decision (residual foot placement), making the system more

interpretable and easier to debug than end-to-end torque policies.

3.2 Nominal Footstep Prior: Raibert-Style Placement

The nominal foothold for leg 7 is computed using a Raibert-style heuristic, which can be interpreted
as a velocity-regulation rule derived from inverted pendulum intuition [Raibert, 1983]. A common
form is:

nom T;tep

Xyi = Xnip,i + Tvcom + kstep (Vcom - Vd) (2)

where xy,p; s the hip position in world coordinates, Vo is the planar COM velocity, v, is the

desired velocity along the plan, 7Ty, is the step duration, and K., is a gain. Intuitively:

e The T‘*2‘°" Veom term predicts where the COM will be mid-step and places the foot to “catch” it

* The kgep(Veom — Va) term corrects velocity error by shifting the foothold forward/backward

This prior is strong on flat terrain and provides a stable default gait structure. The learning

component is designed to refine this plan rather than replace it.



3.3 Residual Footstep Policy
3.3.1 Action Space
The policy outputs a continuous residual for each leg in Cartesian space:

a = [Azpr, Aypr, Azpr, Azpr, Ayrr, Azrr, ATRL, AYrL, AzrL, ATRR, Ayrr, Azgr] € R'?

3)
The final foot target is:

x?‘?ial =xp A%, Ax; = [Az;, Ay;, Azi]T @

In the current system, Ax;, Ay; are the primary learned corrections on flat terrain; Az; is
included for a consistent interface and future rough-terrain support (e.g., step-up/step-down), but

in early integration it may be applied conservatively to avoid destabilizing vertical oscillations.

3.3.2 Observation Space

The observation is structured to give the policy enough context to refine footholds while keeping

the state compact:

* Base motion: planar COM velocity (v, v,) and yaw orientation. Yaw is encoded as (sin ¢, cos ¢))

to avoid discontinuity.
 Task intent: a goal-direction unit vector or desired velocity direction along the global plan.

* Foot configuration: current foot positions relative to the COM/base (planar components),

allowing the policy to reason about stance width and gait phase.

* Terrain (optional): local heightmap patches (flattened) around candidate footholds when

training for rough terrain.

This design mirrors the hybrid nature of the system: the model-based prior already encodes
much of the structure, so the policy can focus on “what correction is needed given the current state

and terrain”

3.4 Safety and Feasibility Guards

Unlike approaches that rely on a learned safety mask for footholds [Omar et al., 2023], this project
enforces safety analytically at the planner/environment boundary. The goal is to guarantee basic

feasibility even during exploration. The main guards are:



Kinematic workspace limits Each leg has a reachable workspace in the body frame. After
applying residuals, footholds are clamped to these bounds to prevent unreachable swing targets.

Leg-side constraints and clearance Footholds are constrained to remain on their respective
side of the sagittal plane (left legs remain left, right legs remain right) and satisfy minimum inter-
foot clearance to reduce self-collisions and entanglement.

Support polygon and COM margin The stance feet define a support polygon. We compute
a stability margin as the distance between the projected COM and the polygon boundary (posi-
tive inside). When this margin becomes small, we reduce aggressiveness by scaling commanded
motion (and/or residual magnitude), effectively acting as a stability “guardrail.” This is consistent
with prior work that couples planning with whole-body control and stability constraints [Mastalli
et al., [2020].

These checks are intentionally simple but effective: they keep learning within a safe operating
region and make failures easier to interpret (e.g., a fall is due to insufficient margin or poor foothold

quality rather than an opaque policy decision).

3.5 Reward Function Design

The reward is shaped to (i) move along the commanded trajectory, (ii) maintain stability, and (iii)

keep residual corrections small and smooth. At a high level:
2
Tt = wprog Tprog + Wirack Ttrack + Wstab T'stab — Wres HatHQ — Weoll ]I{emin,t < ecoll} + Walive (5)

where:

Progress / trajectory following (r,05) Encourages forward movement along the goal direc-
tion. A practical implementation is the dot product of base displacement with the desired direction
over the timestep.

Velocity tracking (ryack) Encourages matching the desired speed along the plan, e.g.,

Ttrack = _chom - VdHZ (6)

possibly normalized by a reference speed.

Stability term (r,,) Rewards maintaining COM inside the support polygon with a comfort-
able margin, and penalizes near-degenerate support polygons (narrow stance, short edges). This
term is crucial for turning trajectories (circle/figure-8), where lateral acceleration can reduce mar-
gin.

Residual penalty (||a;||3) Explicitly discourages large corrections so the learned policy re-

mains a residual refinement rather than a replacement for the prior. This improves interpretability



and reduces the chance of unstable “overcorrections”.

Termination and collision proxy The current Gym environment terminates an episode under
three main failure modes. First, if the center-of-mass (COM) margin drops far outside the support
polygon (margin < —0.50), the state is treated as unrecoverably unstable and the rollout ends.
Second, if the minimum support edge becomes critically small (e, < 0.03 m), we terminate to
avoid degenerate foothold configurations that typically correspond to leg interference. Third, if
the support area collapses below a small fraction of the nominal stance area, we also terminate to
prevent learning from physically implausible contact geometry. Separately from termination, we
include a dense collision penalty proxy: whenever e,,;;, < 0.05 m we apply a fixed negative reward,
which acts as a soft guard before the hard 0.03 m termination threshold.

3.6 PPO Training Setup

The residual policy is trained using Proximal Policy Optimization (PPO), an on-policy actor—critic
method designed for stable updates [[Schulman et al., 2017]]. PPO optimizes the clipped surrogate
objective:

LELP(g) = K, [mm (0:(0) Ay, clip(p,(6),1 — €,1 + E)At)} %

where p;(0) = % is the probability ratio, A, is an advantage estimate (e.g., via Generalized
Advantage Estimation), and € is the clipping threshold.

Why PPO here The environment is continuous-control with shaped rewards and safety con-
straints. PPO’s clipped updates reduce destructive policy jumps, which is important when explo-
ration can destabilize the robot. This is especially relevant because the low-level controller is not
learned; sudden large changes in footholds can produce tracking failures.

Training protocol Training episodes follow commanded trajectories (square, circle, figure-8)
with a trotting gait schedule. Rollouts are collected in simulation and used for multiple epochs of
minibatch updates. Standard stabilizers (entropy bonus, value loss coefficient, gradient clipping)
are used. The policy learns in the presence of analytic guards, which narrows the explored state

distribution and improves training stability.

3.7 Quad-SDK Integration Details

The system integrates learned planning with Quad-SDK by injecting footholds rather than modi-
fying the controller. The ROS2 bridge:

* collects the robot state and plan

» forwards the final foothold targets (Figure[I)) as part of the planning interface



* calls Quad-SDK control routines (inverse dynamics + swing tracking) to produce low-level
leg commands [Norby et al., 2022, Robomechanics Lab), [2025]]

This preserves the existing execution semantics of Quad-SDK and keeps the learned compo-
nent modular. In future work, once the MuJoCo coupling is fully consistent with the controller
assumptions, the same learned foothold interface can be used for rough terrain training and even-
tually for hardware deployment, similar in spirit to hybrid learning-control locomotion pipelines
[Gangapurwala et al., 2022, Tsounis et al., 2020].

4 Results and Evaluation

This section reports the current empirical status of the system shown in Figure Il At this stage,
results are primarily flat-terrain and qualitative and executed in simulation, focusing on validating
that (i) the residual policy learns stable walking behavior while keeping residuals small, and (ii)
the planner-bridge—controller loop can be exercised end-to-end with the same interfaces that will

be needed for rough terrain and hardware deployment.

4.1 Experimental Setup

Training environment Training was performed in a lightweight Gym-style environment with an
analytic backend for fast iteration. The control timestep was At = 0.05s and episodes were capped
at 3500 steps (175s). A fixed trotting gait schedule was used, with a swing interval of 4 timesteps
(0.2s) and step length constraints in the range [0.15, 0.30] m, with a minimum forward step of 0.1 m
to avoid stagnation. The nominal desired velocity used for most runs was 0.25 m/s in the forward
direction.

Trajectories To evaluate tracking and turning behavior beyond straight-line walking, three

canonical reference paths were used:

* Square: side length 5 m (1 lap)
* Circle: radius 4 m (1 lap), sampled at 48 points

* Figure-8: radius 3 m with separation 6 m (1 lap), sampled at 96 points

These paths generate a mix of straight segments and sustained curvature, which is useful for testing
whether residual footholds remain stable when lateral demands increase.

PPO training details The residual policy was trained using PPO [Schulman et al., [2017] for
up to 1.25m environment steps with rollout length 2048, minibatch size 256, and 8 epochs per
update. The discount and GAE settings were v = 0.985 and A = 0.95, with clipping € = 0.2 and
entropy coefficient 0.01. Training was executed on a Laptop GPU (RTX 4060).

9



Execution stack and visualization For the full pipeline shown in Figure I Quad-SDK in-
terfaces and message types were used to keep the planner/controller boundary realistic [Norby
et al., 2022, Robomechanics Labj, 2025]. MuJoCo [Todorov et al., [2012] was used as the physics

simulation backend for visualization and integration testing of the ROS?2 bridge topics.

4.2 Evaluation Metrics

Even though the current results are mainly qualitative, the system logs quantities that directly
reflect tracking and stability. The key metrics are:

Trajectory progress Progress is measured as displacement along the local goal direction:

T'prog (t) X AXeom (t)—rg(t)a ()

where g(t) is the unit vector pointing toward the next target along the trajectory.

Velocity tracking error Tracking quality is captured by the instantaneous error:

eu(t) = [|[Veom(t) — va(t)lly, )

Stability margin (COM vs. support polygon) A geometric stability proxy is the signed dis-
tance from the projected COM to the support polygon boundary. Positive margin indicates that the
COM projection lies inside the support polygon. The system logs this margin and uses it as both a
reward component and a guard signal.

Support geometry quality To avoid degenerate stances, minimum support edge length and a
support-area ratio threshold are tracked. These correlate with robustness to disturbances, especially
during turning.

Residual magnitude Because the policy is intended to be a residual, the L2 norm of the action

is tracked:
la(®) |2, (10)

where a(t) € R!? is the per-leg residual output. A desirable outcome is stable locomotion with
small ||a(t)]|s.

4.3 Qualitative Results on Flat Terrain

Stable walking with small residuals On flat terrain with a fixed trotting gait, the policy learned
to walk stably while keeping residual corrections small. This matches the intended behavior of the
hybrid design: the Raibert prior provides the dominant structure and the policy learns refinement

corrections rather than rewriting the gait.

10
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Figure 2: Qualitative flat-terrain results for the residual footstep policy. The policy produces stable
walking behavior while applying small residual corrections on top of the Raibert prior

Trajectory tracking demonstrations The demonstrations include square and circle trajectory
executions using the learned policy. These results confirm that the residual planner can operate in
a closed loop and produce consistent foothold targets for nontrivial motion intents.

End-to-end pipeline validation A key milestone at this stage is that the planner—bridge—
controller—simulation loop can be exercised end-to-end (Figure [T)) on flat terrain. In particular,
the interface of “final foot targets (z, y, z) per leg” is compatible with the Quad-SDK side of the

stack, which is necessary for later rough-terrain and hardware deployment work.

4.4 Baseline Context (Quad-SDK Default Planner)

For context, demonstrations of the existing Quad-SDK planning/control stack in action (including
physical robot footage for a circular trajectory). This provides a practical baseline for future eval-
uation: the goal is not to outperform the controller, but to improve footstep robustness and reduce

failure cases on uneven terrain by adding a residual learning layer upstream of the controller.

4.5 Summary of Current Results

Overall, the flat-terrain experiments validate the core hypothesis at a basic level: a residual RL pol-

icy can be trained stably to refine Raibert footholds, and the resulting foot targets can be integrated

11



into a Quad-SDK-style control pipeline (Figure (1)) without modifying the low-level controller. The
next step is to extend the environment to rough terrain (heightfields, steps, slopes) and to report
quantitative metrics such as success rate, stability margin statistics, and failure counts under dis-

turbances.

5 Discussion

This project demonstrates that a residual learning formulation can be integrated cleanly into a clas-
sical quadruped locomotion pipeline. On flat terrain, the Raibert prior provides a stable stepping
structure while the PPO policy learns small corrections that improve tracking behavior without
producing large, unstable foothold shifts. From a software perspective, a major practical outcome
is that the learned planner can be inserted upstream of an existing Quad-SDK-style controller (Fig-
ure [I)) by publishing external foot targets, rather than rewriting the low-level control stack.

At the same time, the current system has clear limitations. The most important open issue
is the MuJoCo execution layer. While MuJoCo is used for physics simulation and visualization,
the inverse-dynamics control pipeline was originally validated in Gazebo and/or hardware-oriented
backends, and the current MuJoCo coupling still requires significant work to match the controller’s
assumptions. In particular, differences in contact modeling, timing, joint conventions, and actu-
ator interpretation can lead to tracking inconsistencies. As a result, the present results should be
interpreted primarily as validation of the learning and planning logic on flat terrain, not as a fully
verified control-and-dynamics benchmark.

Another limitation is that reward shaping and weight tuning were performed in a largely manual
and exploratory manner. While this is common during early-stage RL development, it makes it
harder to claim optimality or generality. The policy was also trained mainly in steady walking
conditions, so initialization transients are handled through gating and warmup logic in the ROS
policy node rather than being fully learned.

Finally, evaluation is still mostly qualitative. Although the system logs velocity error, residual
magnitude, stability margin, and support polygon metrics, these have not yet been reported as a
complete quantitative benchmark with success rates across many randomized trials, nor compared
formally against strong baselines such as the default Quad-SDK footstep planner on the same

terrain distribution.

6 Conclusion and Future Work

This work presented a hybrid quadruped locomotion framework that augments a Raibert-style

footstep planner with a PPO-trained residual policy. The policy outputs small per-leg Cartesian

12



residuals that refine nominal footholds, while safety is enforced analytically through workspace
limits and stability guards. The architecture preserves interpretability and leverages an existing
Quad-SDK-style inverse dynamics controller, allowing the learned component to remain modular
and easy to integrate.

On flat terrain, the current implementation validates the end-to-end planning loop: the residual
policy learns stable behavior that refines but does not overwrite the model-based prior, and the
ROS integration demonstrates that learned footholds can be injected into the existing control stack
shown in Figure |II However, full MuJoCo-based execution of the inverse dynamics pipeline is
still pending and remains the main engineering task required before reporting stronger quantitative
results.

If more time were available, the next steps would be:

* Fix and validate the MuJoCo-Quad-SDK coupling: ensure consistent joint conventions,
actuator interfaces, timestep synchronization, and contact behavior so that inverse dynamics

and swing tracking behave as intended

* Rough terrain training enable heightmap observations, train on slopes/heightfields, and re-

port quantitative metrics including success rate, stability margin statistics, and failure modes

» Stronger baseline comparisons: compare against Raibert-only footholds and the default

Quad-SDK planner under identical conditions and disturbances

* Hardware deployment: once simulation alignment is stable, deploy the residual planner us-
ing the same interface on a physical quadruped to test robustness under real-world modeling

€rrors

Overall, this project establishes a practical foundation for studying how residual learning can
improve foothold planning while preserving the stability guarantees and engineering reliability of

a model-based quadruped control stack.
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Appendix

A Additional Figures or Code

Supplementary Material: Video demonstrations are available here

Supplementary Material: Github repo is available here.
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