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Abstract

Safe and efficient shape-aware navigation in heterogeneous crowds and robot fleets
remains challenging. Traditional approaches often assume homogeneous robots,
sparse workspaces, simplified geometry, offline computation, or handcrafted param-
eters to make the problem tractable, which limits their deployment in dense crowd
scenarios. Toward this end, we propose Shape-Aware Reinforcement Learned
Model Predictive Control (SRL-MPC), a method for safe, efficient, and adaptive
navigation in crowds with heterogeneous shapes without geometry simplification.
To encode shape-aware safety, we formulate high-order control barrier function
(HOCBF) constraints from geometric separation features (GSFs) based on support
function transformation. A reinforcement learning (RL) framework then learns
a neural policy that reads GSFs and outputs real-time MPC parameter updates,
enabling the MPC solver to adapt to neighboring crowd geometries. The key
advantage of SRL-MPC is that it preserves the safety structure and generalizability
of MPC while integrating the adaptability and intelligence of RL. Experiments in
randomized crowd scenarios with arbitrary shaped robot fleets demonstrate the
effectiveness, scalability, and robustness of SRL-MPC. The results show that SRL-
MPC substantially outperforms representative baselines in safety and adaptability.
Project website: https://hanruihua.github.io/srl_mpc_project/

1 Introduction

Safe navigation in crowds with heterogeneous shapes is a central capability for robots operating
in shared spaces with other robots and humans [9]. The problem becomes difficult when a large
number of robots must satisfy safety, efficiency, and kinematic constraints simultaneously. Exist-
ing approaches, including velocity obstacle (VO)-based methods [32, [11} 25]], optimization-based
methods [40, 24, 21} 22]], and reinforcement learning (RL)-based methods [4} [13} 33| [37], have
shown promising results, but they often rely on assumptions such as homogeneous robots, sparse
workspaces, or simplified circular shape representations 32,4} [14/[31]], as well as offline computation
or repeatedly tuned parameters for specific scenarios [40, 22| 20]. These assumptions make the
problem tractable, but they also limit deployment in dense and dynamic crowds, where robots may
get stuck or collide if the geometric information is not considered explicitly.

The core difficulty is to avoid collisions with dense, dynamic, and arbitrarily shaped objects in real
time. RL-based methods can learn strong neural policies for specific scenarios, but they are prone to
overfitting and may not generalize to arbitrary shapes or scale to large crowds [31]. Optimization-
based approaches have the ability to handle static shaped obstacles by explicitly formulating con-
straints by compact sets [40, [15] or building a prior grid map [28]]. Recent works highlight the
promise of combining learning with optimization to integrate these advantages, such as embedding
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differentiable model predictive control (MPC) into actor-critic learning [27], and using learned
dynamics inside sampling based MPC for agile adaptive control [36]. However, these methods mainly
focus on single robot agile control, and their safety properties typically depend on the accuracy of
learned costs or dynamics rather than explicit shape-aware safety terms.

To this end, this paper proposes SRL-MPC, a distributed shape-aware reinforcement learned Model
Predictive Control (MPC) framework for robot navigation in crowds with arbitrary shaped obstacles
or other robots. The key idea is to formulate a safe set based on geometric separation features (GSFs)
as high-order control barrier function (HOCBF) constraints in the primal optimization problem,
while using RL to adjust MPC parameters based on the neighboring agent GSFs. After problem
decomposition, the local MPC subproblem handles the HOCBF condition through a soft shape-aware
residual penalty. In this way, RL does not replace the model-based planner, instead, it adapts the
parameters of an explicit shape-aware HOCBF-MPC problem. This approach has several advantages.
First, unlike RL-based approaches that are sensitive to carefully designed reward functions and may
suffer from limited generalization [[14, [37]], the proposed method learns parameter adaptation for an
explicit shape-aware HOCBF-MPC problem rather than an unconstrained end-to-end policy. Second,
the HOCBF-MPC parameters are adapted from neighboring GSFs, avoiding repeated manual weight
tuning for different scenarios as required by many optimization-based approaches [22]]. Third, the
proposed method directly handles explicit convex geometric shape representations, and nonconvex
objects can be represented as unions of convex components. This representation is more accurate and
generalizable than approximated circular shape models. Finally, following the problem decomposition
technique in [16], the deployed local HOCBF-MPC subproblem is simple enough to solve in real
time for each robot, resulting in a practical solution for dense dynamic crowd navigation.

To highlight the effectiveness of SRL-MPC, we evaluate it in highly randomized scenarios consisting of
multiple differential-driven robots, where the positions, goals, and shapes are all randomly generated.
This is quite challenging for existing methods, while results show that SRL-MPC outperforms the
baselines in terms of task completion, safety, and robustness, especially as crowd density increases.

2 Related Work

Traditional Approaches. Traditional collision avoidance approaches often rely on geometric or
optimization-based formulations. Recent VO-based methods such as Adaptive Optimal Collision
Avoidance Driven by Opinion (AVOCADO) estimate an agent’s cooperation level online through nonlin-
ear opinion dynamics, improving collision avoidance in mixed crowds without communication [25].
MPC is a popular optimization framework that optimizes controls over a receding horizon with
various constraints [39} 16]. To improve shape-aware collision avoidance, prior methods introduce
disk primitives [41], polytopic velocity obstacles [19], sequential convex optimization [29], dual
optimization-based collision avoidance (OBCA) constraints for convex sets [40]], and accelerated
optimization by problem decomposition and edge computation [[15, 21]]. These methods improve
geometric fidelity, but their exact constraints can grow with the number of object surfaces. SRL-MPC
follows this optimization line by using GSFs derived from support function representation, a com-
pact fixed-dimensional representation to encode convex objects without scaling with the number of
surfaces.

Reinforcement Learning Approaches. RL approaches learn navigation policies from interaction data
and have become an important category in socially aware and crowd-aware robot navigation (23|18}, [31].
Early socially aware deep reinforcement learning (DRL) methods learn collision-avoidance policies
from local observations and social rewards [5} [7, 134]. Typical methods such as socially aware
reinforcement learning (SARL) use attention mechanisms to encode human-robot interactions in
a crowd-level representation [4]. More recent methods use richer sequence, occupancy-map, or
transformer-based representations to reason about dynamic environments [33}37]. These methods
are flexible and adaptive in uncertain crowds, but safety and generalization remain difficult under
unseen densities, agent behaviors, and body shapes. Safe RL methods add model-based lookahead or
shielding to reduce violations [[1], but they do not directly provide explicit shape-aware safety terms.
Consequently, few RL-based methods explicitly address arbitrary shaped objects.

Hybrid Methods. Hybrid methods aim to combine the adaptability of learning techniques with the
structure of model-based collision avoidance [26]]. For example, reinforcement learning reciprocal
velocity obstacle (RL-RV0) uses reciprocal velocity obstacle shaped rewards to guide distributed



multi-robot policy learning [14]]. Another line couples learned decision making with MPC controller
execution in social navigation [3]]. Recent Deep Residual MPC (DR-MPC) blends MPC path tracking
with model-free DRL for real-world navigation and uses out-of-distribution detection with a heuristic
safety check to reduce unsafe exploration [[12]. More generally, learning-based MPC can learn
dynamics models, costs, constraints, or terminal value approximations, and can also use MPC as a
safety layer around RL policies [18 38} 136} 27]. Unlike these methods, SRL-MPC does not learn the
entire navigation policy or use optimization only as a shield for unsafe actions. Instead, RL adapts the
HOCBF-MPC parameters from local GSFs, while the executed control is computed by the explicit
shape-aware MPC optimization problem.

3 Problem Statement

Consider robot ¢ navigating in a local crowd of IV objects, including other robots, pedestrians, and
static or dynamic obstacles. At each control cycle, robot 7 plans a state sequence S; = {S;0,...,8; 7}
and a control sequence U; = {u;0,...,u;7—1} over an MPC horizon T', where k denotes the
prediction-step index. The state s; , contains the planar position p; = [k, yi7k]T and heading
0;.x> and u; 1, is the control input. The feasible set F; collects the kinematic model, input bounds,
input-increment bounds, and initial condition. The world-frame occupied set of robot i at step & is
denoted by Z;(s; 1), which is obtained from a body-frame convex set C; by state transformation.
Detailed kinematic and geometric definitions are given in Appendix [A.1]

Let V; be the neighbor set considered by robot 4, and let the bar notation denote nominal or predicted
neighbor quantities, e.g., §; and p; for neighbor j. The navigation objective is to follow a
reference path while maintaining a desired control profile. Let St*f and ¢/} denote the reference
state and control sequences. Following the path-tracking objective used in [16]], the cost function is

Ci(Si,Us) = wp|[p(Si) — P(SIIE + wol|6(Si) — O(SF)I[3 + wa |ty — U3, M

where p(S;) and 0(S;) denote the stacked positions and headings extracted from S;, respectively, and
wp, we, and w,, balance position tracking, heading tracking, and control effort. This cost encourages
the robot to progress toward the goal while maintaining the desired control profile.

Collision avoidance is imposed through the minimum distance between occupied sets. For each
neighbor j € N and step k, define

D= min X; — X 2
ik xiGZi(si,k),x_]-EZj(éjyk)” ? J||27 ( )

where x; and x; are world-frame points on the two occupied sets, and D;; 1 is the minimum Euclidean
distance between robot ¢ and neighbor j. The required safety margin is denoted by dgaf.. The resulting
local planning problem is

énlgll Ci(Si,U;) st. (Si,U;) € Fi, Dij e > dsage, j €NGy, k=1,...,T. 3)

where (S;,U;) are the decision variables, (S;,U;) € F; enforces kinematic feasibility, and D;; >
dsate enforces pairwise shape-aware separation along the horizon. This coupled problem is nonconvex
and hard to solve directly. The next section introduces SRL-MPC, which separates geometry updates
from local motion optimization and adapts the key MPC parameters online.

4 Method

The framework of the proposed method is illustrated in Figure[T} The method has two key components.
First, it starts from the support function form of the pairwise minimum-distance problem and expresses
the shape-aware safe set as degree-2 HOCBF constraints in the coupled primal problem. After problem
decomposition, the GSFs are updated by a geometric solver, and the HOCBF condition is represented
as a residual in the local MPC problem. Second, the reinforcement learning framework maps GSFs
to MPC parameter updates, adapting tracking weights, desired speed weights, and the HOCBF safety
distance to autonomously balance task completion efficiency and safety.
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Figure 1: Overview of SRL-MPC. Key component: 1. Shape aware HOCBF condition is formulated
based on GSFs and work as residual penalty in the optimization to improve safety; 2. the reinforcement
learned policy adapts MPC parameters based on neighboring GSFs to handle dense scenarios.

4.1 Shape-Aware HOCBF Constraint

Few methods consider shape-aware HOCBF constraints because the exact conic constraints grow
with the number of shape edges. Here we introduce the support function transformation [2] to
formulate shape-aware HOCBF constraints based on fixed-dimensional GSFs. For a pair (i, j) and
prediction step k, let §; , be the nominal state of neighbor j. Under the strong-duality conditions
used in [40} T3], the minimum-distance computation in (2), equivalently the body-frame program
in @ can be rewritten in dual form. To avoid the conic constraints, we further transform it into a
support function form by:

Dijr = max Dy n(p), Pijr(p) = p' (Pik — Pik) — oc, (R ) —oc, (R ), (4

where 11| represents the separating hyperplane between two convex occupied sets, £ is the minimum-
distance direction, and ||-||. denotes the dual norm. We define the geometric separation feature as
GSFj k e (Wij> Dijx), where pugjp € argmax|,, <1 Pijx(p) and Dy y is the corresponding
minimum distance. For a generic body-frame occupied set C C R? and a query direction £ € R?,
the support function oc(€) = sup{&€'z | z € C} gives the maximum projection of C along
&. Equation (@) therefore expresses the shape-aware minimum distance through the maximum
projection induced by the separating hyperplane 1. . Subtracting the required safety margin dgage
gives: hj (1) = D45 k(1) — dsafe- For a selected 1 , the collision avoidance condition at step k is
written as h;; , (1i5,5) > 0. Thus, the shape-aware safe set at prediction step & is

Cij = {(Siks85k) | Hijx > 0}, Hijr = hij(pije)- )

A first-order discrete control barrier function (CBF) only imposes a one-step condition on the barrier
value, which is weak for dense dynamic interactions with high speed profile. We therefore use a
degree-2 discrete HOCBF [33]). For a1, gy € (0, 1], the degree-2 HOCBF left-hand side is denoted
as

Nijke = Hijry2 — (2 — a1 —a2)Hyj g1 + (1 — a1)(1 — a2) Hyj g (6)
In the primal problem, the HOCBF condition is imposed as the hard safety constraint 7;; ;, > 0. With
a1 = ag = vy and 7y € (0, 1], this constraint becomes

Hijprz —2(1 = V) Hijpsr + (1 —7)Hyjpe >0,  jeNP k=1,...,H. (7

where J\/fbf C M is the selected nearest-neighbor subset used for HOCBF terms, and H, < T — 2
is the HOCBF horizon.

Problem Decomposition: The minimum-distance line direction i and the MPC trajectory p are
coupled in the HOCBEF constraint, leading to a bi-convex optimization problem. Following the block
decomposition idea used in [[15} [16], SRL-MPC separates the coupled problem into a GSF update
subproblem @7 and a local HOCBF-MPC subproblem )-. The first block fixes nominal trajectories
and computes nominal GSFs, while the second block fixes p and computes the action sequence.
After this decomposition, the HOCBF condition is handled through a soft residual penalty in Q2. By
iteratively solving @1 and @2, the geometric features and local trajectory are updated consistently,
providing stronger optimization guidance than a static distance-margin penalty.
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Figure 2: Neural network architecture. The GSFs are encoded by CNNs and then concatenated with
the self-observation to form a fused feature, which is shared by the actor and critic.

Q1: GSF computation subproblem. Given nominal trajectories S; and Sj, (21 computes the
nominal GSFs between two transformed convex occupied sets. Instead of solving the optimization
program, which is computationally expensive, we use a geometry-based shortest-line computation
implemented by the Geometry Engine Open Source (GEOS) library [10], which is efficient for
geometries:

GSFyj i £ (ﬂij,k,cfij,k) = ShortestLine (Z (Sik), Z;(8;, k)) )

where ShortestLine(-) denotes the geometric shortest-line algorithm that returns the unit direction
from the neighbor set to the ego set and the corresponding minimum distance. Specifically, for a
circular set, fi;; » can be obtained in closed form from the normalized center difference and the radius.
Neighbors considered in the local MPC problem are ranked by the minimum distance over a short
distance horizon, and only the closest K neighbors are retained in NV;, where K is a user-specified
neighbor budget.

Q2: local HOCBF-MPC subproblem. Given the GSFs produced by @)1, the local HOCBF-MPC
subproblem ()5 is formulated as

0w CUSU)HEE T Y oes(rsnl
Rt JENcbtk 1 (9)

s.t. (S,,L{l) e F;.

where pops > 0 is the penalty weight for HOCBF violation and is selected as a large value (e.g., 100).
neg(z) = max(0, —z) is the negative-part operator, and 7};, j, is the fixed-geometry counterpart of (&)
after substituting the GSFs produced by (J;. The penalty is zero when the decomposed high-order
condition is satisfied and positive only when the predicted trajectory violates it. The soft penalty form
avoids infeasibility that can occur when high-order conditions are imposed as hard local constraints
in dense crowds, while keeping the local feasible set F; unchanged. With the geometric terms fixed
by ()1 and the kinematics represented by affine linearization, ()5 is a convex local HOCBF-MPC
subproblem.

At each control cycle, the solver alternates these two subproblems for a small number of iterations.
Nominal trajectories are first propagated from the current states. Then, for each robot, ()1 updates
the GSFs for the selected neighbors, Q2 solves the local HOCBF-MPC problem, and the resulting
trajectory becomes the nominal trajectory for the next iteration. The first control in the optimized
sequence is applied to the controlled object.

4.2 Reinforcement Learned MPC

The solution of ()2 depends strongly on the parameters in the MPC cost and safety terms, including w,,,
We, Wy, and dgafe. These weights and safety parameters determine how aggressively or conservatively
a robot tracks the reference path (i.e., wp), how strongly it penalizes control effort (i.e., w,,), and how
much safety margin it requests from nearby agents (i.e., dgsate). These parameters usually require
repeated manual tuning for each scenario. For example, in open space, larger w,, and w), can guide
the robot to track the reference path toward the goal quickly, while in dense scenarios, smaller
wy, Or dsage May be needed to avoid collisions or getting stuck. This work proposes an RL-based
parameter adaptation method to automatically tune these parameters, as illustrated in Figure[2] while
preserving the safety and generalizability of the model-based optimization structure. The learned
policy observes local GSFs and current parameter values, outputs bounded parameter increments,
and leaves control synthesis to MPC. Because the GSF tensor stacks the closest neighbors over



the horizon, the policy can adapt the MPC behavior to local crowd density and shape geometry.
Additionally, the adaptability provided by RL allows the two decomposed subproblems to be solved
with a single iteration, dramatically reducing computational cost.

Action space: The adaptive parameters are wy, W, and dsafe, While wy is fixed to a small value,
e.g., 0.01, to encourage robots to turn during collision avoidance. To make the parameters change
smoothly over time, the policy outputs parameter increments rather than absolute parameter values.

Thus, for robot i at time step ¢, the policy output is AN, = [Aw];  Aw} ; Adl, ;] " The
parameter vector is updated as
MNAL =X AN € A, A =10.01,1.0] x [0.1,10.0] x [0.2, 1.0]. (10)

The increment is bounded by AN! € [—0.5,0.5]x[—0.5,0.5]x[—0.1, 0.1], where the third component
is measured in meters. The absolute parameter values are clipped to the admissible set A, where
w, € [0.01,1.0], w,, € [0.1,10.0], and dsate € [0.2,1.0]. A larger range is assigned to w,, to allow
the policy to adjust the control effort strongly in dense scenarios.

Observation space: The robot observation o! has two parts: the self-observation oﬁ,self and the
neighbor observation of

z,neighbor:
t [t t t t T t Tt —t 7t 17
0 self = [Ui Wy i Wy dsafe,i] » 044 k,neighbor — [/j‘ij,k,z gk y dij,k] . (11
¢ : —t gt : : : t
Here 0; k.neighbor SLOTES GSFs, i.e., (Mim, dij,k) for neighbor j at horizon step k. Thus, O} neighbor €
R3* KT gtacks these geometric features for the K closest neighbors over the MPC horizon. The

neighbors are selected by the minimum predicted distance over a short distance horizon, and the
tensor is zero-padded when fewer than K neighbors are active. The self-observation includes the
current MPC parameters w}, ;, w}, ;, d,y, ;» and the forward speed v. Compared with general RL-
based approaches [4} [14] 37], this observation space is compact and does not require explicit pose or
goal-direction features. This compactness is possible because goal tracking and collision avoidance
are handled by HOCBF-MPC; RL only learns how to adapt the MPC parameters to changing obstacle

distributions, avoiding the generalizability and scalability issues that end-to-end policies often face.

Neural network design. The neural network architecture is shown in Figure 2| The neighbor
observation oﬁ’neighbor is treated as a three-channel image over the neighbor-horizon grid. The
encoder applies two padded 3 x 3 convolutional layers, using a rectified linear unit (ReLU) after the
first convolution and an exponential linear unit (ELU) after the second. This gives each output cell
access to the full neighbor-horizon grid before pooling. An adaptive max-pooling layer keeps the
strongest local interaction response, and a linear projection followed by layer normalization produces

a fixed-size geometric feature.

The encoded geometric feature is concatenated with the 4-dimensional self-observation to form a
shared feature. This shared encoder is used by both the actor and the critic. The actor outputs a
6-dimensional vector that is split into a 3-dimensional location vector and a 3-dimensional log-scale
vector for the parameter increment A)X!. The resulting squashed Gaussian distribution samples
bounded parameter increments. The critic uses the same shared encoder and a parallel linear head
with LeakyReLLU and layer normalization to output the scalar value estimate for proximal policy
optimization (PPO) advantage computation. Layer normalization is used because the observation
contains raw physical units, including velocity, MPC weights, and safety distance.

Reward design: The reward function is designed to align policy learning with task completion and
safety. It uses a one-shot arrival bonus, a collision penalty, a small per-step time penalty, and a safety
log-barrier penalty:

7t = rar1{i arrives} — req1{i collides} — raellyfo s — Tsteps
log (déafe,i/ max(dineaﬁ ed)) (] 2)
IOg( max/dmin) ’

safe safe

ééafe,i = 1{d§,near < déafe,i}dip[o,l]

Here 1{-} is a binary indicator, d¢ is the current minimum distance from robot ¢ to its nearest

i,near
neighbor, df,;, ; is the policy-adapted safety distance, and ¢, is a small numerical floor. The safety

term is active only when the current minimum distance is smaller than the selected safety distance.
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Figure 4: Evaluation rollout with 25 randomly generated polygonal robots and qualitative held-out
challenging scenarios, including cross geometry, nonconvex union, circular polygon, and through
traffic. Full rollouts are shown in Appendix [A.4]

The arrival bonus is assigned once when the robot reaches its goal and then parks at the goal, while
the collision penalty is assigned when a collision is detected. The collision penalty is larger than the
arrival bonus, encouraging the policy to choose MPC parameters that reach the goal without relying
on unsafe behaviors. The numerical reward constants are listed in Table 5] of Appendix [A.5]

Training: The policy is trained with PPO [30] using decentralized execution and shared parameters.
All robots share the same network parameters, and each robot reads the observation in (TI)) to generate
its own MPC parameter increment. The training scenario is generated by IR-SIM [[17] and shown in
Figure[3} each episode samples 15 robots in a 10 m x 10 m workspace with random start-goal pairs
and convex polygon robot footprints. Each robot stops at its goal after arrival and then acts as a static
obstacle for the other robots. A robot is reset when it collides or times out. Compared with other
RL-based approaches trained with circular robots, sparse dynamic obstacles, or a fixed workspace, the
training scenario is challenging because it combines randomized geometry, dense crowds, and both
static and dynamic obstacles. The training process takes about 4 hours to achieve stable performance.

5 Experiments ‘ >

Evaluation: We evaluate SRL-MPC in the same IR-SIM ran- s
domized scenario family used for training, but with held-out ‘
random seeds, so no evaluation episode is reused during policy .
training. To test scalability and density robustness within this ples. Each episode randomly sam-
randomized shape-aware setting, the robot count is swept over PIeS start positions, goal positions,
N € {10,15,20,25} to represent different crowd densities, and convex polygon footprints; ar-
while using the same model trained only in 15-robot scenarios. rived robots park as static obstacles.
Figure A shows a rollout with 25 randomly generated polygonal

robots and qualitative held-out challenging scenarios. The qualitative scenarios include cross geome-
try, nonconvex-union obstacles represented by convex components, circular polygon layouts, and
through-traffic interactions, covering different geometric and crowd-flow patterns beyond the main
random-polygon density sweep. Guided by SRL-MPC, each robot adapts its parameters to different
neighbor geometries and reaches its goal successfully. Even in congested situations caused by parked
robots, the ego robot adjusts its parameters to detour around the obstacles. All quantitative results use
100 episodes per robot count, a maximum episode length of 500 control steps, and the same random
seeds across compared methods. An episode is counted as successful only when all robots reach their
goals without collision or timeout. Navigation time and path length are averaged over arrived robots,
while speed is averaged over active robot frames. All &£ values denote standard deviations over the
corresponding evaluated samples. Experiments are conducted on a MacBook Pro with an Apple M4
Pro CPU. The detailed controller, training, and evaluation parameters are summarized in Tables [Z_I]-E]

of Appendix[A.5]

Comparison with Baselines: We compare SRL-MPC with five representative baselines: ORCA, a
classic reciprocal velocity obstacle method [32]; AVOCADQO, an adaptive optimal collision avoidance

Figure 3: Training scenario exam-
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Figure 5: Episode outcomes for baseline methods in the random convex polygon scenario.

Table 1: Baseline comparison in the random convex polygon scenario.

Robots Method | SuccessT Collision] Timeout] | Time (s)] Speed (m/s)T Path (m)J
ORCA [32] 86.0 8.0 6.0 5.09 £ 2.58 0.878 £0.137 4.14 £ 2.25
AVOCADO [25] 95.0 0.0 5.0 5.61 +£2.63 0.785 £+ 0.137 4.58 £+ 2.28
10 V0-polytope [19]| 65.0 35.0 0.0 7.46 &+ 3.91 0.536 + 0.067 4.14 4+ 2.25
SARL [4] 89.0 8.0 3.0 8.90 +£5.24 0.664 +£0.164 5.78 £+ 3.11
RL-RVO [14] 79.0 14.0 7.0 6.99 +£4.36 0.780 £ 0.136 5.42 £+ 2.96
SRL-MPC (ours) 100.0 0.0 0.0 6.11 £+ 3.65 0.981 £+ 0.091 6.02 + 3.55
ORCA 64.0 20.0 16.0 5.22 +£2.81 0.850 £0.151 3.94 £ 2.24
AVOCADO 72.0 0.0 28.0 6.29 +4.41 0.727 £ 0.191 4.64 4 2.42
15 V0-polytope 52.0 47.0 1.0 7.16 & 3.90 0.531 + 0.065 3.94 + 2.24
SARL 65.0 32.0 3.0 8.38 £5.64 0.663 £ 0.166 5.44 + 3.15
RL-RVO 43.0 41.0 16.0 7.34 +4.86 0.734 + 0.144 5.43 4+ 3.31
SRL-MPC (ours) 98.0 1.0 1.0 6.58 £4.00 0.970 £+ 0.093 6.39 + 3.80
ORCA 29.0 41.0 30.0 5.35 +£3.35 0.816 £0.173 3.51 £ 2.20
AVOCADO 37.0 0.0 63.0 6.69 + 3.98 0.684 £+ 0.209 4.76 £+ 2.41
20 V0-polytope 21.0 78.0 1.0 6.52 +£3.99 0.511 £ 0.077 3.51 £ 2.20
SARL 38.0 62.0 0.0 8.01 £5.05 0.653 £0.162 5.11 + 2.88
RL-RVO 12.0 71.0 17.0 7.53 £ 5.79 0.685 £+ 0.155 5.32 £ 3.59
SRL-MPC (ours) 93.0 6.0 1.0 7.26 + 4.44 0.960 4+ 0.080 6.93 +4.12
ORCA 7.0 58.0 35.0 5.38 £3.49 0.780 £ 0.191 2.84 £ 2.00
AVOCADO 11.0 0.0 89.0 7.64 + 5.51 0.638 4+ 0.228 4.91 4+ 2.52
’s V0-polytope 8.0 91.0 1.0 |5.38 £ 3.68 0.496 + 0.086 2.84 + 2.00
SARL 21.0 79.0 0.0 7.38 +4.70 0.639 + 0.168 4.75 + 2.81
RL-RVO 1.0 90.0 9.0 6.71 = 5.95 0.657 & 0.162 4.74 4+ 4.03
SRL-MPC (ours) 92.0 6.0 2.0 7.94 + 5.00 0.943 + 0.093 7.41 4+ 4.41

method with opinion dynamics [25]]; VO-polytope, a polygon-precise velocity obstacle method [19];
SARL, a socially aware reinforcement learning policy that uses attention to encode crowd inter-
actions [4]; and RL-RVO, a pretrained reinforcement learning policy based on reciprocal velocity
obstacle features [14]. These baselines cover reactive, geometry-aware, learning-based, and adaptive
collision avoidance methods commonly used in crowd navigation. Figure [6] shows the real-world ex-
periment setup. Table[T]shows that SRL-MPC achieves the highest success rate across all robot counts.
The gap becomes larger in dense scenes: with 25 robots, SRL-MPC reaches 92.0% success, while
ORCA, AVOCADO, VO-polytope, SARL, and RL-RVO achieve 7.0%, 11.0%, 8.0%, 21.0%, and 1.0%,
respectively. The improvement over the strongest external baseline is 55.0 percentage points at 20
robots and 71.0 percentage points at 25 robots. ORCA often has the shortest navigation time and path
length among arrived robots, but these averages exclude many failed robots in dense scenes. AVOCADO
avoids collisions but produces many timeout episodes in dense settings. Although VO-polytope
models polygonal geometry more explicitly than circular VO methods, it remains a reactive pairwise
velocity-obstacle method. In dense multi-robot scenes, the polygonal velocity cones become tight
and overlapping, and the method lacks receding-horizon optimization or adaptive parameter tuning to
resolve multi-way conflicts; therefore, its failure mode becomes collision-heavy as density increases.
Together, Table[T]and Figure [5|show that SRL-MPC improves the task-completion and safety tradeoff,
rather than only changing the speed profile of successful trajectories.

Ablation Study: To validate the functionality of the proposed components, we also run an ab-
lation study with dist_mpc, manual_mpc, rule_mpc, and SRL-MPC. dist_mpc uses neither RL
nor HOCBF,; it replaces the HOCBF term with a static distance-margin penalty over the horizon,
Jaist = (Pobs/2) D jen, 25:1 [neg(H;j yx)]%, where H;; k| is the fixed-geometry distance barrier
obtained from the GSFs at step k. manual_mpc uses HOCBF without RL by solving the same
HOCBF-MPC problem with fixed handcrafted MPC parameters. rule_mpc also uses HOCBF
without RL, but replaces learned adaptation with a hand coded stuck rule. It uses the default param-
eters (W, Wy, dsate) = (0.01,10.0,0.30) and switches to (1.0,0.1,0.20) when the robot satisfies
|v;] < 0.10m/s for 10 consecutive control steps. SRL-MPC uses both HOCBF and RL based contin-
uous parameter adaptation. Table 2] shows the superior performance of SRL-MPC over the ablation



Table 2: Ablation study in the random convex polygon scenario.

Robots Method | SuccessT Collision] Timeout] | Time (s) Speed (m/s)T Path (m)J
10 dist_mpc (w/o HOCBF+RL) 717.0 21.0 2.0 4.99 4+ 2.49 0.997 + 0.107 5.00 + 2.51
10 manual_mpc (w/o RL) 96.0 1.0 3.0 6.69 £ 5.32 0.983 £ 0.091 6.60 & 5.24
10 rule_mpc (rule, w/o RL) 94.0 0.0 6.0 6.87 £ 5.55 0.980 + 0.094 6.76 *+ 5.43
10 SRL-MPC (ours, with HOCBF+RL) | 100.0 0.0 0.0 6.11 £ 3.65 0.981 £ 0.091 6.02 £ 3.55
15 dist_mpc (w/o HOCBF+RL) 51.0 46.0 3.0 4.81 +2.73 0.997 & 0.106 4.81 + 2.74
15 manual_mpc (w/o RL) 93.0 2.0 5.0 6.85 + 4.74 0.969 + 0.101 6.64 + 4.53
15 rule_mpc (rule, w/o RL) 92.0 1.0 7.0 7.21 £5.27 0.965 £ 0.098 6.92 4 4.90
15 SRL-MPC (ours, with HOCBF+RL) |  98.0 1.0 1.0 6.58 +4.00 0.970 4+ 0.093 6.39 4+ 3.80
20 dist_mpc (w/o HOCBF+RL) 15.0 84.0 1.0 3.91 £ 2.67 1.003 £+ 0.097 3.90 * 2.60
20 manual_mpc (w/o RL) 75.0 5.0 20.0 7.43 £5.12 0.959 £0.102 7.13 = 4.85
20 rule_mpc (rule, w/o RL) 85.0 1.0 14.0 7.93 £5.30 0.950 4+ 0.090 7.43 +4.77
20 SRL-MPC (ours, with HOCBF+RL) 93.0 6.0 1.0 7.26 £4.44 0.960 £ 0.080 6.93 +4.12
25 dist_mpc (w/o HOCBF+RL) 7.0 92.0 1.0 3.57 £2.70 1.002 £0.106 3.55 & 2.68
25 manual_mpc (w/o RL) 68.0 13.0 19.0 7.72 £5.05 0.945 +0.110 7.27 4+ 4.62
25 rule_mpc (rule, w/o RL) 75.0 2.0 23.0 8.67 £5.97 0.931 £0.103 7.94 + 5.22
25 SRL-MPC (ours, with HOCBF+RL) 92.0 6.0 2.0 7.94 £5.00 0.943 £ 0.093 7.41 £ 4.41
Table 3: Robustness analysis under perception noise and delay perturbations for N = 15.
Perception noise Action delay Parameter delay
o (m) Succ. Coll. T.out K (step) Succ. Coll. T.out K (step) Succ. Coll. T.out
0.00 98.0 1.0 1.0 0 98.0 1.0 1.0 0 98.0 1.0 1.0
0.02 100.0 0.0 0.0 1 99.0 1.0 0.0 1 98.0 2.0 0.0
0.05 83.0 17.0 0.0 2 82.0 17.0 1.0 2 100.0 0.0 0.0
0.10 40.0 60.0 0.0 3 2.0 98.0 0.0 3 99.0 1.0 0.0
0.20 1.0 99.0 0.0 5 0.0 100.0 0.0 5 100.0 0.0 0.0

baselines. manual _mpc is competitive at low and moderate densities, but drops to 75.0% and 68.0%
success at 20 and 25 robots, whereas SRL-MPC reaches 93.0% and 92.0%. rule_mpc improves over
manual_mpc at high density by using a binary stuck rule: at 20 and 25 robots, success rates increase
from 75.0% to 85.0% and from 68.0% to 75.0%, respectively. However, rule_mpc still depends on
hand tuned thresholds and only switches between two parameter settings. Its wider default safety
distance also makes it timeout leaning, with 23.0% timeout at 25 robots. In contrast, SRL-MPC
improves over rule_mpc by 6.0, 6.0, 8.0, and 17.0 percentage points for 10, 15, 20, and 25 robots,
respectively, by adapting parameters continuously from local GSFs. At 25 robots, rule_mpc remains
collision conservative but timeout heavy, whereas SRL-MPC reaches 92.0% success by reducing
timeout to 2.0% while keeping collision to 6.0%. dist_mpc is fast among the robots that arrive,
but its collision rate increases to 84.0% at 20 robots and 92.0% at 25 robots, confirming that the
static distance margin penalty is insufficient as the primary safety mechanism in dense polygonal
crowds. Unlike the static distance margin penalty, the HOCBEF residual couples barrier values across
consecutive predicted steps, so it penalizes not only instantaneous distance violations but also unsafe
trends along the horizon. This provides more informative optimization guidance in dense interactions.
The comparison isolates the benefits of the HOCBF residual, rule based adaptation, and learned
continuous parameter adaptation in sequence.

Robustness Analysis: We further evaluate SRL-MPC under perception noise, action delay, and
parameter delay in the NV = 15 random polygon setting, using the same scenario, evaluation seed, and
max-step setting as the main evaluation. The success rate remains 100.0% with Gaussian neighbor-
position noise of ¢ = 0.02m and 83.0% at o = 0.05m, and reaches 99.0% with one-step action
delay (0.1s). The method is also insensitive to delayed RL parameter updates: with a five-step
parameter delay (0.5 s), success remains 100.0%. Larger perception noise or action delay causes
a clear collision increase, indicating that accurate short-horizon state estimation and low-latency
actuation remain important. The detailed sweep is reported in Table [3] We also deploy SRL-MPC on
real-world robot platforms to validate practical effectiveness and real-time execution, as shown in

Figure[6]

6 Conclusion

This paper presents SRL-MPC, a shape-aware reinforcement learned
MPC framework for collision avoidance in crowded dynamic envi-
ronments with multiple robots and obstacles. It represents geometric
constraints through GSFs based on support function transformation,
formulates degree-2 HOCBF constraints in the coupled primal prob-

Figure 6: Real-world platform
deployment.



lem, and decomposes online planning into a GSFs update and a local

HOCBF-MPC subproblem where the decomposed HOCBF residual

is softly penalized. Reinforcement learning adapts MPC parameters

from neighboring shape-aware geometric features, while the exe-

cuted control remains the solution of an explicit MPC optimization

problem. Experiments in random polygon scenarios with density sweeps show that SRL-MPC achieves
the highest success rate among representative baselines, especially in dense scenes where the baselines
degrade sharply. Ablations show that the decomposed soft HOCBF penalty is more reliable than a
static distance-margin penalty and that learned parameter adaptation improves robustness over fixed
handcrafted settings. Future work includes uncertainty-aware neighbor prediction, richer nonconvex
body decompositions, and real-world deployment with onboard sensing and computation.
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A Technical Appendices

A.1 Kinematic and Geometric Model

This appendix provides the detailed definitions of the feasible set F; and the occupied set Z;(s; 1)
used in Section[3] The state and control satisfy
Sik+1 = fi(sip,Wig), k=0,....,7 -1, (13)
where f; : X; x V; — R is the discrete-time robot dynamics, A is the state space, and V; is the
admissible input set. In planar navigation, n = 3 and s; j, = (%4 k, Yi k) Gi,k]—r. The implementation
uses a differential-drive model with u; , = [vl ks w,;yk]T and sampling time At:
Tikt1 = Tik + AL v; pcoslip,  Yik+1 = Yok + AL v sinb; g, ;1 = 05 + Atw; .

(14)
The nonlinear kinematics are linearized around the nominal trajectory as in [[15]. The input and input
increment satisfy w; min < Wik < Wi max and At min < At < AUy max fork=0,...,7 -1,

where Au; , = u; , — u; ,—1 and u; _; is the previously applied control. Thus, F; is the set of all
(Si,U;) satisfying (I3)), the input constraints, and the initial condition s; o = s§"".

Following the geometric convention in [40 [16]], the convex body-frame occupied set of object ¢ and
its world-frame transformation at prediction step k are

(Ci = {Z€R2 | Gj,Z j;ci l’lz }, Zi(si,k) :{Ri,kz—kpi,k | ZGCZ' } (15)
Here, z is a body-frame point, G, and h; define the conic inequalities, ; is a proper cone, and =g,
denotes the partial order induced by ;. The matrix R; ;, = R(6; 1) € SO(2) is the planar rotation
matrix, where

cosf sm@] . (16)

R(0) = {sin@ cos
For a nominal neighbor state s; ;,, the corresponding position and rotation are denoted by p; ;, and

R, ;.. The support function used in (@) is defined as
oc(€) =suwp{€ 2 |2€C), oc,(€) =rl€ls or,, (@)= max ()& A7)

where Cg, is a body-centered circle with radius r, and Cy,,1y, is a polygon with body-frame vertices
{v*}"v . Substituting (I3) into () gives the equivalent body-frame distance program

D;ijk = min ‘Ri,kzi +pik — (Rjr2z; + Djik) H2

Zi,2;

st. Gz 2, hi, Gjz; 2k, hj.

(18)

A.2 Limitations

The main limitation is the computational cost of solving the local HOCBF-MPC subproblem. As
shown in Table[/] SRL-MPC is heavier than lightweight reactive baselines because each control step
solves a convex MPC problem after the geometric feature update. Nevertheless, the measured mean
per-robot controller time remains at the 10 ms level in the tested dense scenarios: 5.79, 6.73, 9.37,
and 10.34 ms for 10, 15, 20, and 25 robots, respectively, supporting real-time per-robot control in
the platform experiment shown in Figure[6] The evaluation focuses on randomized convex polygon
scenarios with held-out seeds; broader tests with full perception pipelines, heterogeneous dynamics,
nonconvex decomposed objects, and stronger centralized shape-aware baselines such as OBCA
remain future work. The method also requires sufficient onboard computation and assumes reliable
state estimates, short-horizon nominal neighbor predictions, and convex or convex-decomposed
footprints.

A.3 Broad Impact

This work aims to improve the safety and reliability of autonomous robot navigation in shared spaces,
including warehouses, service-robot environments, and heterogeneous robot fleets. By keeping the
executed control inside an explicit MPC optimization problem and using RL to adapt interpretable
parameters, the framework may reduce the risk of opaque end-to-end policy behavior in dense
navigation tasks. Potential negative impacts mainly come from premature deployment: inaccurate
state estimation, model mismatch, computation delays, or unmodeled pedestrian behavior could still
lead to unsafe motion.
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Figure 7: Additional challenging scenario rollouts. Rows show cross geometry, nonconvex union,
circular polygon, and through traffic scenarios sampled from held-out seeds.

A.4 Additional Challenging Scenarios

Figure [7shows additional held-out scenarios, including cross geometry, nonconvex union, circular
polygon, and through traffic layouts. The snapshots are sampled from one episode per scenario
from the beginning to the final step, illustrating that SRL-MPC can guide polygonal robots through
different geometry layouts while adapting the MPC parameters during the rollout. Section [A.4.T]
further discusses a reactive-pair example.

A.4.1 Reactive Parameter Adaptation

Figure[§] visualizes a close interaction between two robots and the corresponding learned parameter
changes. As the neighboring geometry changes during the interaction, the policy reacts by updating
Wp, Wy, and ds,ze online. This example validates that the learned adaptation is not a fixed parameter
schedule, but responds to the current GSFs induced by nearby robot shapes and distances.

A.5 Implementation and Experiment Parameters

This subsection summarizes the main implementation settings used for the reported experiments.
Table E| lists the controller and scenario parameters, Table |§] lists the reinforcement learning and
neural-network parameters, and Table [] lists the evaluation and baseline settings. The notation

follows the main text: 7" is the MPC horizon, K is the number of neighbor GSFs in oﬁ neighbor> H.is
the HOCBF horizon, and X! = [w}, ;, w}, ;,df,;. ;]T is the adaptive parameter vector.

A.6 Compute-Cost Profile

Using the controller, learning, and evaluation settings summarized in Tables ] 5] and [6} we profile
the per-robot per-step controller time in the random_polygon scenario using three episodes per cell,
a maximum of 50 steps per episode, and seed 100. Each sample is the wall-clock duration of one
method decision call divided by the number of robots. Table[7|reports mean and standard deviation
over timed steps for the robot counts used in the main evaluation.
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Figure 8: Reactive pair example in the random polygon scenario. The upper row shows the interaction
between R6 and R16 at representative time steps, and the lower row shows the corresponding changes
in inter-pair distance, wp,, Wy, and dsae, indicating that the learned policy adapts the MPC parameters
to the current neighbor geometry.

Table 4: Controller and scenario parameters used by SRL-MPC.

Group Symbol or item Value
Prediction model T, At 5,0.1s
HOCBF-MPC K, \Nfbf|, H ., distance hori- 5, 3, 3,1, 0.9, 100
Zon, 7Y, Pobs
Adaptive parameters \E Initial: (1.0,1.0,0.2m); A = [0.01,1.0] x [0.1,10.0] x
[0.2,1.0]; wg = 0.01 fixed
Solver and geometry Q1. Q2 Shapely, Splitting Conic Solver (SCS), one outer iteration; distance

Training world

Nirain, workspace, C;

cost disabled for SRL-MPC
15 robots; 10 m X 10 m; convex polygon radius [0.1, 0.4] m; ir-
regularity [0.1, 1.0]; goal threshold 0.3 m

Table 5: Reinforcement learning and neural-network parameters.

Group Symbol or item Value

Observation of, Of,neighbor 7T9=4+4+3x5x%x5

Action ANE [=0.5,0.5], [-0.5,0.5], [—0.1, 0.1] m; absolute values clipped
to A

Network CNN, actor, critic Convolution 3 — 16 — 32; actor 36 — 64 — 6; critic 36 —

PPO schedule

PPO and generalized advan-
tage estimation (GAE) param-
eters

Training reward

Safety reward

Frames, batch, mini-batch,

epochs
YPPO, AGAE

Tarrs T'col> Tsafe> Tstep
min jmax
dsafe’ safe’ €d

64 — 1; log-scale clamp [—5, 0]
107, 1000, 500, 3

0.99, 0.95; clip 0.2; entropy 0.01; learning rate 3 X 10_4; max
grad norm 1.0

40, 80, 1, 0.05
0.2m,1.0m, 0.01 m
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Table 6: Evaluation and baseline settings.

Group Symbol or item Value

Evaluation sweep N, Nep, Emax N € {10, 15,20, 25}; nep = 100; Emax = 500 steps (50 s)

Randomization Train/test seeds Training seed 0; evaluation seed 100; disjoint scenario sequences
Scenario random_polygon Random start-goal pairs; random convex polygon footprints; collision
mode stop
Ablation methods dist_mpc, manual_mpc, Fixed w, = 0.01, wy = 0.01, w, = 10.0; rule_mpc uses
rule_mpc dsate = 0.30 by default and switches to (wp, Wy, dsate) =
(1.0, 0.1, 0.20) after 10 stuck steps
VO baselines ORCA, AVOCADO, Neighbor distance 15 m; time horizon 0.5 s; safety buffer 0.1 m;
V0-polytope V0-polytope neighbor distance 3 m
RL baselines RL-RVO, SARL Pretrained policies; desired speed 1.0 m/s; At = 0.1s
Table 7: Per-robot per-step controller compute time in milliseconds.
Method N =10 N =15 N =20 N =25
manual_mpc 5.482 +1.585 6.586 +£1.715 8.488 +£1.418 9.955 + 1.803
dist_mpc 5.202 £1.449 7.313+1.125 8.693+1.688 11.260 *+ 1.358
ORCA 0.021 £0.003 0.022 £0.001 0.024 £0.002 0.026 £ 0.002
AVOCADO 0.022 +£0.002 0.026 & 0.002 0.028 +0.002 0.028 + 0.001
SARL 15.612 +0.904 16.353 & 1.810 17.346 & 1.670 18.561 4+ 1.737
RL-RVO 0.357 £0.048 0.366 & 0.037 0.370 &= 0.033 0.377 & 0.041
SRL-MPC (ours) 5.786 4+ 2.023 6.729 +1.669 9.365 + 1.679 10.340 + 1.801

16



	Introduction
	Related Work
	Problem Statement
	Method
	Shape-Aware HOCBF Constraint
	Reinforcement Learned MPC

	Experiments
	Conclusion
	Technical Appendices
	Kinematic and Geometric Model
	Limitations
	Broad Impact
	Additional Challenging Scenarios
	Reactive Parameter Adaptation

	Implementation and Experiment Parameters
	Compute-Cost Profile


