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Abstract

Safe navigation is essential for autonomous systems oper-
ating in hazardous environments, especially when multiple
agents must coordinate using only high-dimensional visual
observations. While recent approaches successfully combine
Goal-Conditioned RL (GCRL) for graph construction with
Conflict-Based Search (CBS) for planning, they typically
rely on deleting edges with high risk before running CBS
to enforce safety. This binary strategy is overly conserva-
tive, precluding feasible missions that require traversing high-
risk regions, even when the aggregate risk is acceptable. To
address this, we introduce a framework for Risk-Bounded
Multi-Agent Path Finding (A-MAPF), where agents share
a user-specified global risk budget (A). Rather than per-
manently discarding edges, our framework dynamically dis-
tributes per-agent risk budgets (J;) during search via an It-
erative Risk Allocation (IRA) layer that integrates with a
standard CBS planner. We investigate two distribution strate-
gies: a greedy surplus-deficit scheme for rapid feasibility re-
pair, and a market-inspired mechanism that treats risk as a
priced resource to guide improved allocation. The market-
based mechanism yields a tunable trade-off wherein agents
exploit available risk to secure shorter, more efficient paths,
but revert to longer, safer detours under tighter budgets. Ex-
periments in complex visual environments show that our dy-
namic allocation framework achieves higher success rates
than baselines and effectively leverages the available safety
budget to reduce travel time.

Project Website —
https://rb-visual-mapf-mers.csail.mit.edu

1 Introduction

Safe and efficient multi-agent navigation is critical in do-
mains like disaster relief (Wang and Zlatanova 2016), large-
scale inspection (Im and Lee 2023), and environmental mon-
itoring (Peralta et al. 2022), where failures are costly in
both resources and potential harm to people or the envi-
ronment. Existing Multi-Agent Path Finding (MAPF) (Stern
et al. 2019) methods range from exhaustive approaches like
Conflict-Based Search (CBS) (Sharon et al. 2015), which
provide high-quality solutions but scale poorly, to priori-
tized schemes like Priority-Based Search (PBS) (Ma et al.
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2018), which trade optimality for scalability. CBS’s mod-
ular design has enabled many enhancements (Barer et al.
2021; Boyarski et al. 2015; Cohen et al. 2021) extending
to lifelong planning (Ma et al. 2017), information-guided
planning (Olkin, Parimi, and Williams 2024) and more re-
cently diffusion-guided planning (Shaoul et al. 2024; Parimi
and Williams 2025). However, these methods typically as-
sume access to an explicit or implicit graph with valid tran-
sitions and known costs, an assumption that breaks down
when agents must operate directly from high-dimensional
visual observations where the graph structure is unknown.

Goal-conditioned reinforcement learning (GCRL)
(Mirowski et al. 2017; Schaul et al. 2015; Pong et al. 2020)
excels at learning a single navigation policy directly from
complex observations across many goals, making it well
suited for visually rich and unstructured environments.
However, GCRL alone often struggles on long-horizon
tasks (Levy, Platt, and Saenko 2019; Nachum et al. 2018),
especially when balancing risk against efficiency. While
Constrained RL (Altman 2021), Control Barrier Functions
(CBFs) and Safe MARL (Zhang et al. 2025; Zhao et al.
2020; Cheng et al. 2019) offer robust tools for enforcing
safety, they typically operate reactively by shaping low-level
actions to satisfy hard state constraints. In addition, recent
hybrid approaches (Eysenbach, Salakhutdinov, and Levine
2019; Feng, Parimi, and Williams 2025) integrate GCRL
with graph-based planning. These methods build an inter-
mediate waypoint graph from a replay buffer, learn distance
and risk critics, prune edges deemed unsafe, and then apply
CBS to coordinate multiple agents. This approach yields
safer waypoint-based plans that respect the learned safety
critics. However, such static edge pruning is fundamentally
binary, as edges exceeding a local threshold are permanently
discarded. This rigidity proves to be overly conservative in
missions where goals require entering hazardous regions,
or when accepting a small, controlled amount of risk could
dramatically reduce travel time or even make an otherwise
infeasible mission possible (Figs. 1-3). Figures 1-2 show
representative 2D examples (single- and multi-agent), while
Figure 3 shows the analogous effect in a visually complex
environment. This is a challenge that demands budgeted
risk acceptance rather than strict avoidance.

Parallel to these developments, risk allocation in opti-
mal control methods like Iterative Risk Allocation (IRA)
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Figure 1: Single-agent trajectory comparison on 2D navigation task. Cumulative risk and step count are shown below each
plot. Standard baselines are either rigidly conservative (Constrained Search) or overly aggressive (Lagrangian, Biobjective). In
contrast, our planner (using the WALRIS strategy) enables a tunable trade-off. As the risk budget A increases, the agent accepts
tighter clearances to the hazard to reduce path length, smoothly transitioning from safe detours to efficient direct routes.

(Ono and Williams 2008) and its extensions, such as MIRA
(Ono 2012; Ono and Williams 2010), treat a global chance
constraint as a shared resource. By redistributing risk from
“easy” constraints to “hard” ones, they mitigate the conser-
vatism of uniform risk allocations. However, these methods
rely on convex trajectory optimization in continuous-state
spaces and do not address the discrete, combinatorial struc-
ture of multi-agent conflict resolution, nor do they handle
planning over unstructured and learned graphs.

To address these limitations, we introduce the Risk-
Bounded Multi-Agent Path Finding (A-MAPF) framework,
where all agents share a user-specified global risk budget
A. Instead of statically pruning unsafe edges, we augment
the standard CBS constraint tree with an IRA layer that
maintains per-agent budgets § and redistributes them upon
node infeasibility. Within this framework, we investigate
two complementary risk distribution strategies grounded
in economic principles. The first, EQUIRIS, is a greedy
surplus-deficit scheme that shifts risk in an equity-like fash-
ion from agents with slack to those in need, serving as a
fast feasibility repair heuristic. The second, WALRIS, is a
Walrasian tatonnement-inspired mechanism that treats risk
as a priced resource and lets agents independently trade off
path length against risk at a shared price signal. By vary-
ing the global budget A, WALRIS yields a smooth, user-
controllable trade-off. When the global budget is generous,
agents exploit higher local risk allowances to find shorter
paths, while tighter budgets induce longer but safer detours
aligning behavior with user-defined safety preferences.

In summary, our contributions are threefold. First, we for-
malize the A-MAPF problem on learned waypoint graphs
subject to a global risk bound A. Second, we augment the
CBS constraint tree with a discrete Iterative Risk Allocation
(IRA) layer that dynamically redistributes per-agent budgets
via two complementary strategies, EQUIRIS or WALRIS.
Finally, we demonstrate superior safety-efficiency trade-offs
over baselines in both 2D and complex visual environments,
as well as a ROS2/Gazebo integration controlling multiple
Crazyflie drones in simulation and hardware.
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2 Preliminaries

We consider multi-agent navigation in visually rich environ-
ments, where each agent must reach a goal while ensuring
that the fotal accumulated risk across all agents does not ex-
ceed a global risk bound A.

2.1 Goal-Conditioned Reinforcement Learning

In GCRL, an agent interacts with an environment modeled
as a Markov Decision Process (MDP) (S, A, P, R,~) aug-
mented with a goal s, € S. Here S denotes the high-
dimensional state space, A is the action space, P(sty1 |
st,a¢) is the transition dynamics, R(s,a,s,) is a goal-
dependent reward providing feedback on progress towards
sg, and v € [0,1) is the discount factor. The agent learns
a policy pg(a | s,sy) that maximizes the expected cumu-
lative reward conditioned on both the current state s and
goal s,. While GCRL is effective for learning short-horizon
skills, often leveraging reward shaping (Chiang et al. 2019)
or demonstrations (Lynch et al. 2019; Nair et al. 2018), we
use it here to abstract low-level visual control into a naviga-
ble graph via learned distance and risk critics.

2.2 Learned Distance and Risk Graph

Following Feng, Parimi, and Williams, we employ a dual
critic architecture training two value functions, Qg(s, a, sg)
and Qf(s,a, s4), to estimate the distance and risk between
state-goal pairs. For a pair of states (s;, s;) and action a;; =
to(s;, ;) derived from the policy, we define the metrics

d
dyu(si;85) = Qp(si, aij, 55),
culsi, s5) < Qj(si, aij, 55)-
where d,, approximates shortest-path distance and c,, esti-

mates the cumulative risk of traversing from s; to s;. From
the agent’s replay buffer, we sample a set of states B and
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Figure 2: Multi-agent trajectory comparison on the 2D navigation task. Cumulative risk and average step count are annotated
below each plot. While baselines are statically locked into specific trade-offs (e.g., Constrained Search is safe but inefficient;
Lagrangian is efficient but violates safety), our framework enables a dynamic spectrum of behavior. At strict budgets (A = 0%),
agents coordinate to take wide, safe detours; as the budget relaxes (e.g., A = 50%), they collectively “spend” the risk resource

to cut through the center, significantly reducing travel time.

build a directed graph G = (V, £, Wy, W,) with

V=5,
&= {esi‘)Sj | 8,85 € 8}7

Wd(e&i—wj) - {du(5i7 Sj)’ lf du(si’ 8.7) < dmaxa

00, otherwise,
Wc(esi—mj) = Cu(siv Sj)'

Unlike Feng, Parimi, and Williams, we do not prune edges
based on predicted risk. All edges with finite distances are
retained, including those that may pass through hazardous
regions. The risk critic Qf instead provides additional risk
information to the planner, which is used to reason about
trade-offs under the global risk bound A.

2.3 Global Risk-Bounded MAPF

Let A = {a1,...,an} be a set of N agents, each with a
start-goal pair (s;,g;) € V x V. Our objective is to find a
joint plan IT = {7y, ..., mn} of collision-free paths, where
each 7; connects s; to g;, such that the total accumulated risk
does not exceed a user-specified global budget A. We define
the length of a single path m; as £(m;) = > . Wale),
where Wy(e) is the learned distance cost associated with
edge e. We then define the risk of a single path 7; as p(;)
> e, Wele), where We(e) is the learned risk associated
with edge e. The A-MAPF problem seeks to minimize the
sum of path lengths, J(II) = vazl £(;) subject to the
global risk constraint Zf\;l p(m;) < A.

This formulation treats risk as a shared resource, en-
abling the system to handle heterogeneous environments
where tasks naturally vary in difficulty. For instance, in a
search-and-rescue scenario, one agent may need to enter a
hazardous zone while others remain in safe areas. Enforc-
ing uniform per-agent risk limits would likely render such
missions infeasible. Instead, by pooling the budget, our ap-
proach allows some agents to draw a larger share of risk
when necessary for mission success. Furthermore, A serves
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as a single control knob that can adjust the degree of the im-
balance. If a resulting plan is deemed too aggressive for a
single agent, the user can tighten A, shrinking the available
resource pool and forcing the planner to redistribute risk,
yielding more conservative and balanced solutions.

3 Approach

We address the A-MAPF problem by augmenting a standard
CBS planner with an Iferative Risk Allocation (IRA) layer.
While standard CBS focuses solely on resolving spatio-
temporal conflicts, our planner simultaneously manages the
distribution of the global risk budget A. To do so, we explic-
itly maintain a vector of local risk budgets § = [d1,...,dn]
within the high-level search nodes allowing the planner to
dynamically redistribute risk among agents when local con-
straints become too tight. Inspired by iterative risk alloca-
tion methods (Ono and Williams 2008; Ono 2012), we adapt
this concept here as a discrete, reallocation step. Whenever
a node becomes infeasible under its current budgets, we ad-
just 0 and continue the search in that branch. Upon finding
a valid joint plan, agents execute the generated waypoints
using the underlying goal-conditioned policy.

3.1 High-Level Search

The high-level search explores a Constraint Tree (CT), as in
standard CBS, but augments each node with a risk-allocation
state. A node is defined as a tuple P = (C,I1, 4, ¢, J ) con-
taining the spatio-temporal constraints C, the current set of
single-agent paths IT = {my, ..., mx}, and the sum-of-costs
objective J = J(II) = >, (m;). Additionally, we store
the local risk budget vector, 8 = [0y, ..., dn], and a boolean
validity vector ¢ € {0,1}". Here, ¢; = 1 indicates that a
valid path for agent a; is stored in II satisfying both C and §;
has been found, while ¢; = 0 implies otherwise.

The high-level search (Algorithm 1) maintains a priority
queue F of CT nodes. Nodes are prioritized primarily by the
sum-of-costs 7 (1), breaking ties with the number of unre-
solved collisions and, finally, the number of recent risk real-



Algorithm 1: A-MAPF: High-Level Search

1: Create root node Py with initial (unconstrained) paths
119, and risk allocations &°.

2: F.Insert(Py)

3: while F not empty and time not exceeded do

4: P < F.ExtractMin () > Pop node from the

frontier set with lowest priority key

5: I« PIl, § <P, ¢« P.¢

6: if Ji s.t. ¢; = 0 then

7.

8

Agait <0
: for each a; with ¢; = 0 do
9: (ﬂ'i,gi,pi) — RBA*(ai,P,(Si)

10: if FATL then
11: Aggit = Agait U {a; }
12: else
13: Update IT with m; and set ¢; < 1
14: end if
15: end for
16: if Al # 0 then
17: &' < REALLOCATERISK (P, Agi)
18: if 8 # FAIL then
19: P’ < copy of P, P'.§ < &'
20: Update P/.qu — 0Va; € A
21: F.Insert(P’)
22: end if
23: continue
24: end if
25: end if
26: KC <= DETECTCOLLISIONS(II)
27: if € =0 and Zf\il p(m;) < A then
28: return II > Solution found
29: end if
30: ¢ < SELECTCOLLISION(K)
31: Generate disjoint split constraints for collision ¢
32: for each new constraint on agent aj, do
33: P’ + copy of P with added constraint
34: (735 035 ) < RBA*(ag, P’, 0k)
35: if FAIL then
36: &' < REALLOCATERISK(P’, {ai})
37: if 8’ # FAIL then
38: PS8, P+ 0
39: F.Insert(P’)
40: end if
41: else
42: Update P’.II with 7,
43: P'.T + SUMOECOSTS(P'.II), P .oy < 1
44: F.Insert(P')
45: end if
46: end for

47: end while
48: return No solution found.

locations. This favors nodes that are both low-cost and stable
in their risk distributions. The main loop begins by comput-
ing initial single-agent paths on the learned waypoint graph
(ignoring risk) and an initial risk allocation 8° (Section 3.3).

Each iteration proceeds in two phases. In Phase 1 (lines 6-
25), we attempt to compute valid paths for any agents
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marked as invalid (¢; = 0) using the risk-constrained RBA*
planner (Section 3.2). If any agent fails to find a path within
its budget ¢;, the set of failing agents is collected, and a risk
allocation step is attempted. If successful, a new child node
with the updated budgets is added to F while an unsuccess-
ful reallocation causes the current node to be pruned.

In Phase 2 (lines 26-46), once all agents have valid paths,
the search reduces to standard CBS. We detect collisions in
IT, return a solution if none remain and ), p(m;) < A'is
satisfied. Otherwise, we branch on a selected collision us-
ing disjoint split (Li et al. 2019). For each child, we attempt
to replan the newly constrained agent with its current bud-
get. Crucially, if this replanning fails due to the new con-
straint, we immediately trigger the risk allocation layer to
determine whether budget adjustment can restore feasibil-
ity. In this way, the CT search and the risk-allocation layer
interact tightly where CBS handles discrete conflicts, while
the allocation layer reshapes & to keep promising branches
feasible under the global risk bound.

3.2 Low-Level Search

The low-level single-agent planner is a risk-bounded variant
of A*, denoted RBA*. Given an agent a;, a set of constraints
from node P, and a budget J;, it searches the learned way-
point graph for a path 7; that minimizes length ¢(r;) while
satisfying p(m;) < 6;. To ensure soundness, RBA* operates
on an augmented state space (u, r), where u € V is the cur-
rent node and 7 is the accumulated risk. During search, we
prune any state where > d;. Crucially, we employ dom-
inance pruning (Stewart and White 1991) where a path to
node u with length ¢ and risk p is discarded if and only if
there exists a previously discovered path to u with length
¢ < ¢ andrisk p’ < p. Formally, the planner returns

£ (7'(' 7,)

7 (d;) €  argmin

mi €llpip(m;) <;

where IIp is the set of paths satisfying the spatio-temporal
constraints in P.

Besides RBA*, the risk allocation layer uses two simpler
unconstrained A*-based queries on the same learned way-
point graph at a CT node P.

Minimum feasible risk MINFEASIBLERISK(a;, P).
This query finds the safest path regardless of length. We run
A¥* using learned risk weights W, and a risk-based heuristic
to find ™ € argmin, cr, p(m;), yielding the lower bound
BRI p(mi)

Risk of shortest path LENMINRISK(a;, P). This query
finds the shortest path regardless of risk. We run A*
using the learned distance weights W, to find 7l €

argmin, cpp £(m;), yielding 0" < p(mi™").

3.3 Risk Budget Management

The core innovation of our approach is its explicit manage-
ment of per-agent risk budgets under the global constraint
A. This has two components: (i) determining an initial allo-
cation at the root, and (ii) iterative reallocation strategy when
agents fail to find feasible paths.
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Figure 3: Single-agent trajectory comparison on the visual navigation task. Cumulative risk and step count are shown below
each plot. While baselines produce static solutions that can be excessively risky (Lagrangian) or rigid, our planner enables a
dynamic trade-off controlled by A. At strict budgets (A = 0%), the agent takes a significant detour to ensure maximal safety,
smoothly transitioning to direct, efficient routes as the allowed risk budget increases.

Initial Budget Allocation At the root of the CT, we com-
pute an initial allocation 6° based on metrics derived from
the agents’ unconstrained paths on the learned waypoint
graph. We use three schemes defined by a utility term w;:

¢ Uniform: Divide the budget equally, §; = A/N.
« Utility-based: §; = A- Ewlw -, e.g., w; = p; to give more
budget to agents with riskier unconstrained paths.
1/w;
>, (1w €.g., w;
to favor shorter, potentially riskier paths.

¢ Inverse utility-based: 6, = A - =/;

Following initialization, the search invokes the IRA layer to
adjust § whenever a node becomes infeasible. To do so, we
introduce two economically inspired strategies: EQUIRIS, a
surplus-deficit scheme that transfers risk from agents with
slack to those in need of risk in an equity-like fashion, and
WALRIS, a Walrasian tatonnement-inspired (Tuinstra 2012)
mechanism that treats risk as a traded resource balancing
global demand against the budget A.

EQUlItable RIsk-bounded Search (EQUIRIS)
EQUIRIS is a greedy surplus-deficit scheme designed
to “rescue” infeasible nodes by transferring risk budget
from agents with slack to those in deficit. As outlined
in Algorithm 2, EQUIRIS proceeds in three steps. First
(lines 3-6), it quantifies the total deficit dq by summing
the difference between the minimum required risk §i®
(computed via MINFEASIBLERISK) and the current budget
0; for all failing agents. Second (lines 8-11), it calculates
the total available surplus 0,y from the passing agents. If
Oreq > davail, €ven the most generous redistribution cannot
satisfy all failing agents, so the node is declared infeasible
and pruned. Finally (lines 15-27), we construct the new
allocation &’ by assigning each failing agent its minimum
requirement 5" and greedily deducting the balance from
the passing agents’ surpluses until the deficit is covered.
EQUIRIS is computationally efficient, relying solely on
minimum-risk queries to rebalance risk distribution. How-
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Algorithm 2: EQUIRIS Strategy

1: function REALLOCATERISK(P, Agil)
2: Oreq < 0

3: for each failing agent a; € Ag; do
4: Smin . MINFEASIBLERISK (a;, P)
5: Oreq ¢ Oreq + (omin —P.§,)
6: end for
7. Oavail < 0
8: for each passing agent a; ¢ Agi do
9: 6" < MINFEASIBLERISK (aj, P)
10: 5avai1 — 5avail + (,P(sj - 5}mn)
11: end for
12: if 6req > avail then
13: return FATL > Not enough surplus budget
14: end if
15 8« P.é
16: for each failing agent a; € Ag,; do
17: 8} +— gmin > Assign minimum required
18: end for
19: Orem < Oreq > Deduct from surplus agents
20: for each passing agent a; ¢ Ag; do
21: A(sj — 'P(Sj — 5§nin
22: €5 < min(Aéj, 5rem)
23: O — o — €;
24 5Zem <_]5rem — €5
25: if 0;em < O then break
26: end if
27: end for
28: return &’

29: end function

ever, it does not explicitly reason about the length-risk trade-
off. By focusing only on feasibility repair, it may miss real-
locations that could yield superior sum-of-costs objectives.

WALrasian Rlsk-bounded Search (WALRIS) While
EQUIRIS efficiently repairs feasibility, its fixed ordering of



Algorithm 3: WALRIS Strategy
1: function REALLOCATERISK(P, A1)

2: 6+ P.o > current allocation is starting point
3: for each agent a; € A do
4: Smin ¢ MINFEASIBLERISK(a;, P)
5: dmax « L ENMINRISK(a;, P)
6: end for
7. if ), 6™ > A then return FAIL
8: end if
9: if )", 6max < A then return {5}
10: end if
11 (Prmin, Pmax) < INITPRICEBOUNDS (50, §max)
12: T* + 00, 8"+ None, k+ 0
13: while Pmax — Pmin >€ and k < Kmax do
14: p < (pmin +pmax)/2
15: for each agent a; € A do
16: Define a discrete neighborhood set N
around d; clipped to [§/in, jmax]
17: 57 4= 00
18: for each § € N; do R
19: <7Ti7£i,pi) — RBA*(G,‘,P,(S)
20: if FAIL then continue
21: end if
22: Si—Lli+p-p;
23: if s; < s then
24: 57 4= 55500V 5 Y =
25: end if
26: end for
27: if s7 = oo then return FAIL
28: end if
29: 0; < 7%, Update II with 7}<%
30: end for
31: J(IT) + SUMOFCOSTS(IT)
32: if >, p(m;) < A then
33: if 7(II) < J* then
34: T*  J(I0); 8™ - §
35: end if
36: Pmax < D > risk underused; decrease upper
price bound
37: else
38: Pmin < p > risk overused; increase lower
price bound
39: end if
40: k+—k+1
41: end while
42: if 6°*' = None then return FATL
43: end if
44: return 6°*

45: end function

surplus donors limits its ability to improve the global ob-
jective. It may overlook allocations where drawing surplus
from a different subset of agents would yield a lower to-
tal path length. WALRIS addresses this by introducing a
market-based allocator inspired by Walrasian tatonnement
(Tuinstra 2012; Ono and Williams 2010). This method treats
risk as a scarce, priced resource. Instead of prescribing rigid
transfers, WALRIS broadcasts a scalar price of risk p >
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0, allowing each agent to independently improve its local
trade-off between path length and risk.

As detailed in Algorithm 3, WALRIS first computes the
feasible risk range [0, §72%] for each agent. If ), 6 >
A, no feasible allocation exists and the node is pruned. Con-
versely, if Zi orax < A, the budget is sufficient for all
agents to take their length-optimal paths. In the non-trivial
case where budget enforces a trade-off, we initialize a price
interval [pmin, Pmax) and search for a “clearing” price. We
defer the initialization of this interval to the Supplement
Sec. B.2. Inside the optimization loop (lines 14-30), given
a candidate price p, each agent a; explores a discrete neigh-
borhood W; around its current budget. For each candidate
6 € N;, the agent computes the path using RBA* and se-
lects the path that minimizes the price augmented objective

5i(3,p) = U(xF () +p - p(r} (9)).

After collecting responses, WALRIS aggregates the total
risk ) . p(m;) and the sum-of-costs 7 (IT). If ) °. p(m;) < A,
the allocation is feasible. We record it if it improves the best
known 7 (II) and then decrease pmax to lower the cost of
risk, encouraging agents to find shorter, riskier paths. Con-
versely, if >, p(m;) > A, we increase pmin to make risk
more expensive, forcing agents towards safer, longer paths.
This bisection process continues until convergence or a bud-
get of iterations is exhausted. By enabling agents to “buy”
risk based on their marginal utility, WALRIS achieves a
more globally coordinated and efficient distribution of the
safety budget than greedy methods. Since the allocation lay-
ers are heuristic in nature, Supplement Sec. B.1 discusses
their optimality and completeness properties.

4 Experiments

Our experiments evaluate our framework against several
baselines along three key questions:

Q1 (Adaptability): Does the planner effectively leverage
varying risk budgets A to trade-off safety and efficiency?

Q2 (Goal Success): Can it maintain high success rates for
distant goals while enforcing a global risk bound?

Q3 (Scalability): Do these advantages persist as the num-
ber of agents increases?

Environments. We use a simple 2D navigation task and
visually rich indoor scenes. For 2D navigation, we use the
Central Obstacle map from Feng, Parimi, and Williams, with
state s = (z,y) € R? and actions a = (dz,dy) € [-1,1]2.
The per-state risk cost

2—2h(s)/r 0<h(s)<r
C(s) = - - 1
(s) {0, otherwise M
depends on the distance h(s) to the nearest obstacle bound-
ary, with radius of influence » (» = 10 in 2D, r = 1

in visual tasks), yielding higher risk near obstacles and
zero risk in free space. The GCRL agent is trained with
sparse rewards, receiving —1 per step. For visual naviga-
tion, we adopt four ReplicaCAD scenes (Straub et al. 2019)
in Habitat-Sim (Szot et al. 2021; Savva et al. 2019; Puig
et al. 2023). Agents receive first-person RGB observations,
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Figure 4: Quantitative performance on the 2D point environment (10 agents, Hard difficulty) as a function of the risk budget
A. Left: Success rate. Center: Average steps (conditioned on success). Right: Total cumulative risk. EQUIRIS and WALRIS
(Ours) maintain high success rates at strict budgets (A = 0%) where Lagrangian and Biobjective baselines fail. As A increases
(moving right), our planner reduces travel time (Center), smoothly transitioning from safe detours to efficient trajectories.

represented as 32 X 32 images from the four cardinal direc-
tions concatenated into a panoramic view. The action space
matches the 2D setting, and we reuse the same critic archi-
tectures from Feng, Parimi, and Williams.

Defining risk bounds. Since our framework operates un-
der a user-specified global risk budget A, we first calibrate a
meaningful range per instance to ensure consistent bench-
marking. For each instance, we run standard CBS on the
learned waypoint graph twice, once to minimize total path
length yielding an upper risk bound, A (the risk incurred by
the shortest-path solution), and once to minimize total risk,
yielding a lower risk bound, A. This defines an instance-
specific interval [A, A]. We then evaluate all methods at five
risk levels (0%, 25%, 50%, 75%, and 100%) within this in-
terval, modeling user preferences ranging from strong risk
aversion to aggressive efficiency. This calibration is strictly
for experimental rigor. In practice, a user could specify a
single budget A, and our framework can be applied directly
without these auxiliary CBS runs.

Evaluation protocol. For each environment (5 total),
agent count (N € {5,10}) and difficulty level, we gen-
erate 50 problem instances by sampling start-goal pairs at
different distances, yielding 1500 distinct problems. We de-
fine difficulty using the learned waypoint-graph diameter D:
easy, medium, and hard instances have start-goal shortest-
path distances concentrated around D /8, D /4, and D /2, re-
spectively. Each trial has a time limit of 60 x N seconds. We
report three metrics: (i) Success Rate (fraction of collision-
free and risk-compliant runs), (ii) Average Steps (condi-
tioned on success), (iii) Cumulative Risk (>, p(7;)). All
experiments use fixed random seeds for problem generation
and policy evaluation. Unless stated otherwise, results in the
main text use a uniform initial risk allocation at the root.
An ablation in the Supplement Sec. A.1 compares this to al-
ternative initializations. For WALRIS, each agent a; uses a
small symmetric neighborhood NV; = {d; — 7, d;, 6; + n} N
[fmin §max] We set the neighborhood step size n = 0.05-A,
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the price bisection tolerance to ¢ = 10, and cap the num-
ber of WALRIS iterations at K, = 20. Finally, to validate
practical applicability, we integrated the planner into a ROS2
stack (Macenski et al. 2022) to command multiple Crazyflie
drones in Gazebo and hardware. See Supplement Sec. D for
additional details and the project website for videos.

Baselines. We compare against three baselines that all
use the same learned waypoint graph. Constrained Risk
Search, follows Feng, Parimi, and Williams and prunes
edges whose predicted risk exceeds a threshold to form a
safe graph and then runs CBS to minimize path length. La-
grangian Search instead runs CBS on the full graph with
a single edge weight given by a linear scalarization of dis-
tance and risk using the learned Lagrange multiplier. Finally,
Bi-Objective Search (MO-CBS) performs a multi-objective
CBS search (Ren, Rathinam, and Choset 2021) on the full
graph to approximate the (distance, risk) Pareto front, se-
lecting the shortest path solution that satisfies A.

Q1: Adaptability to user-specified risk: Qualitative
analysis (Figures 1, 2, and 3) confirms that our framework
effectively uses the global budget A as a tunable control
knob. At the tightest setting (A = A), the planner gener-
ates conservative routes that maintain large clearance from
high-risk regions, at the expense of longer paths. As A is re-
laxed (e.g., 25% of the interval), the planner produces more
direct trajectories that pass closer to high-risk regions. This
contrasts sharply with Lagrangian and Biobjective Search,
which tend to lock into a single behavioral mode regardless
of the specific constraint.

These qualitative patterns are backed by aggregate statis-
tics (Figures 4 and 5). Our approach (red and purple) ex-
hibits a clear monotonic trend. At low budgets, average steps
are high and total cumulative risk is low. As A increases,
the trend inverts in a controlled manner. Notably, WAL-
RIS capitalizes on the available budget more effectively than
EQUIRIS, consistently finding shorter paths at medium-to-
high A. This confirms that the market-based mechanism
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Figure 5: Quantitative results on the visual navigation task (Scene: SC2 Staging 08, Hard difficulty) for 5 agents (top) and
10 agents (bottom). Left: Success rate. Center: Average steps. Right: Total cumulative risk. Our strategies (EQUIRIS and
WALRIS) demonstrate superior robustness, maintaining near-perfect success rates even at tight risk budgets (A =~ 0%) where
baselines like Lagrangian and Biobjective Search struggle or fail completely. Additionally, the step plots (Center) confirm that
our planner effectively exploits relaxed budgets to reduce travel time, scaling reliably to higher agent counts.

succeeds in “spending” the risk resource to purchase effi-
ciency where the greedy scheme falls short.

Q2: Goal success with safety: Our framework achieves
high success rates while enforcing the global risk bound.
Across all risk levels, both strategies outperform the
strongest baselines. The main degradation occurs at the
tightest budget (A = A), where the feasible solution space
is extremely narrow. Here, EQUIRIS’s success rate drops to
74% on the 2D environment and 76% on the visual domain,
while WALRIS remains more robust. This behavior is ex-
pected as EQUIRIS relies on a single surplus-deficit redis-
tribution, whereas WALRIS can often recover from difficult
constraints via iterative price adjustments that explore the
allocation space more thoroughly. Importantly, once A is re-
laxed slightly above this extreme setting, both EQUIRIS and
WALRIS quickly recover to near-perfect success rates.

Q3: Scalability to more agents: We assess scalability by
increasing the team size from 5 to 10 agents (Figure 5),
consistent with prior work (Ren, Rathinam, and Choset
2021). Despite the increased density of inter-agent conflicts,
the characteristic safety-efficiency trade-off persists. As A
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increases, average steps monotonically decrease for both
group sizes, indicating that the benefits of risk allocation do
not collapse under congestion. WALRIS demonstrates su-
perior scalability, maintaining high success rates across A
even with 10 agents. While larger teams provide a larger
pool of surplus risk for EQUIRIS to harvest, its greedy up-
dates struggle to coordinate tight interactions as effectively
as WALRIS’s price-mediated negotiation. Overall, these re-
sults suggest that the proposed IRA layer scales gracefully
across team sizes.

5 Conclusion

We introduced A-MAPF problem to overcome the conser-
vatism of graph pruning in safe visual navigation. By treat-
ing risk as a shared resource, our approach dynamically al-
locates local budgets via Iterative Risk Allocation (IRA).
This allows agents to selectively accept risk to shorten
paths, while ensuring the global mission remains safe. Ex-
tensive experiments on 2D and visual environments, vali-
dated by hardware-in-the-loop multi-drone demonstration,
confirm that our strategies yield superior performance and a
tunable, scalable trade-off between safety and efficiency.
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