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Abstract

Cooperative multi-agent tasks often impose constraints on a shared objective or collective
safety. A team level violation cost function can measure this constraint outcome, but does not
distinguish which agents’ actions most strongly influence that violation. We present SafeDiSTL,
a constrained multi-agent reinforcement learning framework that allows for credit assignment
even with joint constraint measurements. We use Signal Temporal Logic (STL) robustness to
measure episode-level violation through running-maximum cost increments. Smooth full-episode
robustness and differentiable dynamics provide action sensitivities, which allocate each cost in-
crement across agents at the same decision time. These sensitivities account for delayed effects
when weighting agents’ shares of each cost increment. We study the framework in coopera-
tive payload transport, connected navigation, and networked traffic control tasks. SafeDiSTL
achieves 1.6-5.1x the safe-success rate in transport, improves navigation safe-success by 11.1%,
and delivers 50-68% more throughput in traffic when compared to constrained baselines. Re-
sults demonstrate a strong improvement of the learned policy in dealing with shared constraint
while retaining the performance of unconstrained policies.
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Figure 1: An illustration of the responsibility attribution mechanism. (a) A shared payload ap-
proaches an obstacle and incurs a constraint violation. (b) Uniform responsibility allocation pro-
duces conflicting corrections and agents stay deadlocked. (c) Agent-specific attribution enables
coordinated obstacle avoidance.
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1 Introduction

Recent developments in multi-agent autonomous systems and their applications in aerial swarms,
intelligent transportation networks, and automated warehouses have made multi-agent coordination
a central problem. In these environments, multiple agents must operate in shared spaces and achieve
collective objectives, including collaborative manipulation, routing, and formation control, while
satisfying system constraints such as connectivity and collision avoidance. Constraints in single-
agent RL are commonly formulated with Constrained Markov Decision Processes (CMDPs) [2].
Policies are then optimized by reformulating the problem as a primal-dual optimization between
reward and costs. Constrained Policy Optimization (CPO) [1] balances updates with more reward
or cost consideration using a Lagrangian multiplier. Multi-agent Reinforcement Learning (MARL)
is a popular paradigm for learning decentralized agent policies in multi-agent problems. Existing
work extends CMDP formulations to MARL [11], although generally assuming well-defined, decou-
pled cost functions for individual agents. However, a shared constraint definition is important in
multi-agent settings. For example, if multiple robots carry a shared rigid payload, a crash between
the payload and obstacles is hard to attribute to individual agents. Consider the example shown in
Figure 1: three warehouse robots collaboratively transport a large payload to a designated delivery
location. At a given point t3, one robot might be required to push in a direction such that the
payload avoids the obstacle (green agent pushing up), while the other two maintain progress toward
the goal (yellow and blue push right). When encountering a violation such as that in Figure 1.(a),
assigning equal responsibility to all agents leads to a deadlock (Figure 1.(b)) without addressing
the asymmetrical desired updates to individual agents. This shows that a shared constraint defini-
tion alone is not enough. It tells the team of agents how much they violated, but without explicit
learning signals to individual agents on how to update their policies. Without careful decomposi-
tion, the introduction of a uniform penalty for all agents will hinder task learning progress. If an
agent makes significant contribution towards the team’s task progress but not towards violating
constraint at a timestep, that individual transition should not incur a penalty in the policy learning
process.

Credit assignment is an active area of research in MARL. Counterfactual Multi-Agent Policy
Gradients (COMA) [9] established counterfactual reasoning for agents on task reward. Existing
work [11, 14, 17] considers both individual and shared constraints in MARL problems, but leaves
much to be desired in the effective decomposition of the constraint objective. This motivates the
need for a principled mechanism to decompose the shared constraint among agents while account-
ing for the changing individual responsibilities to enable effective collaboration. Signal Temporal
Logic (STL) [16] is a compact formal specification language that expresses logical and temporal
requirements over trajectories. The quantitative measure called robustness [7, 8] assigns the margin
of success to a trajectory instead of a binary signal. The biggest advantage of using STL is that
differentiating its robustness through the full trajectory captures how individual actions influence
subsequent constraint outcomes. We use these gradients to allocate cost increments across agents at
its original timestep, while cost advantages propagate learning signals to earlier decisions. For the
example in Figure 1, we express the shared responsibility as ”Always no collision between payload
and obstacle”. Differentiable dynamics help achieve this by propagating individual agents’ influ-
ence to joint state space trajectories, and allowing back propagation from the margin of violation
to decisions. As shown in Figure 1.(c), the green agent learns to subtly change its behavior by
pushing upward rather than to the right, resulting in a successful avoidance of the obstacle. In
summary, the contributions of this work are as follows:

1. We introduce an agent- and time-specific attribution mechanism that decomposes shared



team constraints using STL robustness gradients while preserving the total cost.

2. We develop SafeDiSTL, a constrained MARL framework that incorporates these attributed
costs into policy optimization for decentralized execution.

3. We evaluate SafeDiSTL on three tasks, comparing task performance and constraint satisfac-
tion with other baselines.

2 Related Work

Constrained MARL: Gu et al. [11] introduce MACPO and MAPPO-Lagrangian, using constrained
trust region updates and Lagrangian policy optimization, respectively. Like MACPO, IsCPO [17]
coordinates separate agent policies through sequential updates. IsCPO considers global costs and
updates agents in random order, passing optimization information to subsequent agents. Thus,
later agents account for the effects of earlier updates on the shared constraint. Both MACPO and
IsCPO coordinate policy updates, rather than an explicit allocation of a trajectory’s violation cost
according to each agent’s influence. Ling et al. [14] directly address constraint credit assignment
through fictitious MARL in a collective setting. Its formulation exploits anonymous interactions
represented by aggregate counts of agents in local states and actions, rather than individual identi-
ties. This structure supports scalable reward and constraint credit assignment, but is not assumed
in our setting, where shared constraints can depend on coupled geometric configurations and action-
dependent dynamics. SafeDiSTL instead obtains agent-specific cost allocations from the gradient
sensitivity of a shared trajectory specification.

Multi-agent Credit Assignment: Credit assignment methods for multi-agent systems extract
individual learning signals from shared team outcomes. COMA [9] uses a centralized critic and a
counterfactual baseline that marginalizes one agent’s action while holding the others fixed. QPD [21]
applies integrated gradients along trajectory paths to decompose global action values into individual
credits. STAS [5] first redistributes episodic return over time and then uses Shapley attribution
between agents. These methods establish counterfactual, gradient-based, and temporal attribution
for cooperative reward optimization. Our focus is the attribution of the shared constraint: we
differentiate STL robustness through dynamics rather than attribute a learned return prediction.

Responsibility Allocation: Wang et al. [20] use STL robustness to construct multi-agent rewards
incorporating task and safety specifications. Zheng et al. [24] uses STL robustness as a learning
signal for coordination of multiple agents. Lyu et al. [15] dynamically distribute collision avoidance
responsibility using a control barrier function (CBF)-inspired risk measure. Cosner et al. [6] learn
scene dependent allocations for responsibility aware control barrier functions. These approaches
demonstrate the value of asymmetric safety responsibility in decentralized control. SafeDiSTL
addresses the related problem of allocating learning signals for constraint violations during policy
optimization, using STL robustness gradients to construct agent specific update signals rather than
allocating online safety filter obligations.

3 Preliminaries

3.1 Signal Temporal Logic

Syntax: Signal Temporal Logic (STL) [16] allows us to create spatiotemporal requirements over
trajectories 7, which encodes the global constraint in our learning problem. For example, we
can express “Always avoid a collision between payload and obstacles” in a formal specification:



¢ = D[075]_\Mcol(ppayload,pobs), where peo1 is a predicate function that measures whether the two
objects described by positions p are in collision. The STL syntax is

¢:=T[p? [ ¢ | d1 A2 | p1 Uy, 1) o (1)

T is the truth value, p9 := ¢g(7(¢)) > 0 is an atomic predicate, its truth value being determined by
the value of the function g : R® — R. A and — denote the “conjunction” and “negation” Boolean
operators, respectively. U denotes the “until” temporal operator, which specifies that formula
¢1 holds until ¢9 holds in interval [t1,to]. Disjunction is defined as ¢1 V ¢o = —(—d1 A —¢2);
“Eventually” is defined as Qp, 1, ¢ 1= T Uy, 1, @5 “Always” is defined as Uy, 1,1 @ := = Oy 15) 76
And “Implication” is defined as ¢1 = ¢ := —¢1 V ¢2.

Quantitative Semantics: STL uses robustness p?(7) € R to measure how strongly a given
trajectory satisfies or violates a specification ¢. p > 0 implies satisfaction and p < 0 implies
violation. We used the standard definition to calculate robustness [7, 8]. We also utilize smooth
approximations [12, 13, 18] of max and min operators to enable auto-differentiation of the robustness
value of a trajectory to the states in the trajectory. The end-to-end gradient computation from
robustness to policy actions can then be enabled with differentiable dynamics.

4 Problem Formulation

4.1 Constrained Cooperative Markov Game
The cooperative multi-agent Markov Decision Process (MDP) is defined by the tuple:
M = <S7 A = HgilAﬁ P7 T, po, 7>7

where S is the state space, A is the joint action space, A; is the action of agent ¢ out of N, P
is the transition kernel, r is the shared task reward, pg is the initial state distribution, and ~ is
the discount factor. We extend this standard multi-agent MDP to a constrained Markov Game by
extending the tuple to:

Mo = <./\/l, c, d>,

where ¢ : § x A — R is a non-negative cost function representing the shared responsibility of all
agents, and d is a scalar cost budget for each episode. In this setting, we consider decentralized
agent policies, where the joint policy factorizes as follows:

mo(atlog) = 1LY g (aioiy),

and the system evolves as:
St41 P("Staat)a
where ¢ is the shared policy parameters, a; is the joint action produced at time ¢, o0;; is the

observation of agent ¢ at time ¢, and s; is the joint state at time ¢. The shared task reward
objective can be expressed as:

JRr(0) = Erry E;l (s, at)] ) (2)

where 7 ~ my denotes the trajectories realized under policy 7y, and H denotes the episode horizon.
In addition to the task reward, we also consider the shared cost objective:

Jo(0) = Err, [Ijz_%l ve(st, at)] : (3)
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Hence, the combined constrained team objective of the agents becomes:

maximizey Jr(6),  subject to Jo(0) <d (4)

4.2 Lagrangian SafeMARL

A standard Lagrangian formulation of the constrained objective in Equation (4) introduces a non-
negative multiplier that trades reward against excess cost [1]:

maxmin £(0,\) = Jr(0) — A(Jc(0) — d) (5)
6 >0
A canonical first-order projected primal-dual update performs ascent in the policy parameters and
descent in the multiplier. At iteration k, it takes the form

Or+1 =0k + 19V oL (O, \i),

Akt1 = [)\k + M (Jc(ek) — d)L_, (6)
where [-|; = max(0,-) and 79,7, > 0 are learning rates. The multiplier increases when the cost ex-
ceeds the budget. Equation (6) is an idealized gradient template: practical algorithms use sampled
estimates and may change the surrogate objective, optimizer, or update schedule. Gu et. al. [11]
proposes two constrained MARL algorithms MACPO and MAPPO-L: MACPO solves sequential
constrained trust-region subproblems rather than using the multiplier recursion in Equation 6;
MAPPO-L instead combines reward and cost advantages in a PPO-style surrogate with nonneg-
ative multiplier updates. Our proposed method SafeDiSTL follows the Lagrangian approach but
attributes the shared trajectory cost across agents and decision times for the actor update, while
retaining the unallocated shared cost for multiplier updates.

5 SafeDiSTL

A shared constraint cost measures the team’s violation but does not distinguish the contributions
of individual agents and decisions. SafeDiSTL uses full-episode STL sensitivities to allocate each
running-maximum cost increment across agents at the same decision time. Section 5.1 develops
this allocation while preserving both the per-step increment and the total episode cost. Section 5.2
incorporates the attributed costs into critic learning and constrained policy optimization, while
retaining the original episode cost for the multiplier update.

5.1 Decomposing the Shared Constraint

SafeDiSTL uses an STL specification on the joint state of all agents for both calculating the shared
constraint cost and credit assignment. Let 7 = (s, ap,...,ar,—1,s7,.) be a complete episode. Let
H denote the maximum episode length and 7T < H the number of transitions in episode 7, which
may terminate before reaching H. Let p?(7) denote the episode’s robustness with respect to the
shared constraint specification ¢. We define the episode violation cost and its expectation as

C?(7) = [p* (7)),
7
JE(0) = Err,y [CO(7)). "



In this paper, we consider the always-conjunction specifications type. This type of specification
follows this form:

K
= 0O 9
¢ 0,7, 1] ]‘/\1 a

P(r) — ; ; .
)= 0, B i),

(8)

where K counts shared predicates and g;(s) > 0 indicates satisfaction of predicate j. Each predicate
function g(j) here is essentially a distance function that describe a part of the shared constraint.
For example, it could be the Euclidean distance between a shared payload and an obstacle. Inspired
by State-wise Constrained Policy Optimization [23], we accumulate the episode cost through incre-
ments in the running maximum. Define the instantaneous post-transition violation of the shared
constraint and running maximum by

Cins(8t+1) = H?}?xgj(stﬂ) +7 (9)

Cmax,t = MaX{Cmax,i—1, Cins (St+1) },

with cmax,—1 = 0. The incremental maximum cost is

Acy = Cmax,t — Cmax,t—1 (10)
= [Cins(st—i-l) - Cmax,t—l]—i—-

Only a violation exceeding the maximum of the previous episode incurs an additional cost. These
increments telescope to the episode violation cost:

T-—1

> Ac = a1 = C%(7). (11)
t=0

Unlike the generic discounted cost in Equation (3), our shared constraint objective sums without
discounting. This preserves the peak violation irrespective of when it occurs, and the correctness
of Equation (11). The increments identify when the measured violation increases, but not which
decisions influence it. To construct agent- and time-specific learning signals, we differentiate tra-
jectory robustness through the dynamics. Let p? denote the differentiable smooth approximation
of the robustness and define the action sensitivity

O[=p°(7)]

8ai7t

(12)

Zit = H .
2
Note that we use the 2-norm here, thus our action sensitivity only measures the magnitude of the
influence of an agent. The derivative propagates through the entire recorded episode, holding the
other sampled actions fixed. Thus, the sensitivities capture delayed effects rather than only imme-
diate effects. The smooth robustness approximation and attribution normalization are detailed in
Appendix F. We normalize these sensitivities across agents separately at each decision time:

Wit = Zi’t (13)

) N ?
E : Zjt
j=1




assuming nonzero sensitivity at time ¢, with uniform weights when all sensitivities vanish. Thus,
> ;wiy = 1 for every valid decision time. We allocate the corresponding cost increment using
detached attribution weights:

¢it = NAc; stopgrad(w; ). (14)

The sensitivity that determines the relative agent weights is from the full episode, while the costs
allocated remain local at each timestep. If Ac; = 0, no attributed cost is assigned at that time. The
factor N accounts for averaging across agents, preserving each increment and hence the episode

cost:
1 N
N Zgi,t = ACt,

N TT—l T —
AR

5.2 Constrained Policy Optimization

We optimize decentralized policies using a MAPPO-style [22] proximal policy optimization (PPO)
algorithm under centralized training. Following the Lagrangian formulation in Section 4.2, the
policy update balances the shared task reward with the constraint cost. SafeDiSTL replaces the
shared cost signal in this update with the agent-specific attributed costs defined in Section 5.1.

A centralized reward critic Vr(s:) estimates the expected discounted share task return. For con-
straint costs, we use an agent-specific critic V24 (0; ¢, cmax,t—1) and a centralized critic VE(St, Cmax,t—1)-
They estimate the expected remaining cumulative cost assigned to agent ¢ and its team mean, re-
spectively, using the allocation from Section 5.1. The corresponding cost signals are ¢;; and

1 N
Ct = N ;E@t = Ac¢;. (16)

Attribution changes the distribution of cost across agents but not its timing or team mean. The
centralized cost critic therefore learns from the original increments Ac;, while the agent-specific
critic learns from ¢;;. Both receive cpax¢—1 as training-only context for the constraint history.
Then generalized advantage estimation (GAE) connects each signal and critic to its advantage:

Apy = GAE(r, V), AY, = GAE(G,VE), AY, = GAE(c VY). (17)

gt =

Here, GAE takes the corresponding signal sequence and rollout-time critic predictions. The critic
regression targets are:

yrt = At + Vei, U = AL+ Vi uS = AT+ Ve, (18)

Here Vg4, VCt, and ch*t denote predictions during rollout. The centralized cost critic supplies a
joint-state reference for the local critics: a consistency penalty encourages their mean prediction to
agree with it. Therefore, it influences the actor indirectly through agent-specific predictions, rather
than through a separate Agt term in the actor objective. We combine the shared reward advantage
with each agent’s attributed cost advantage:

Aiy = Ay — MAG,
mo(ait | 0it) (19)

Q',t (9 = .
0 (6) o, (@it | 0it)
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Algorithm 1 SafeDiSTL

1: Initialize m, critics Vg, V{4, VE, and Ao.

2: for each training iteration k£ do

3: Collect complete episodes using 7, .

Compute C?(7), increments Ac;, and full-episode sensitivities z; ;.
Normalize z;; across agents at each ¢ to obtain wj ;.

Allocate ¢;y = NAc; stopgrad(wj ¢); set ¢ = Acy.

Compute Apr, Agt, Agt using Equation (17).

Fit Vg, Vé, VCg to YR, yZ-C’t, ygt, with cost consistency regularization.
Form Ai,t = ARJ — AkAgt

10: Update 6 to 041 using Equation (20).

11: Update A to Axp1 from the mean C?(7) and budget d.

12: end for

Here A\; > 0 is the shared constraint multiplier at training iteration k, and ¢; () is the action
likelihood ratio between the updated and rollout policies. The actor is updated using the PPO
clipped objective
['actor(‘g) - Ei,t [min{%’,t (G)Ai,m
clip(¢;i+(0),1 — e, 1+ e)Am}],

where € > 0 is the clipping threshold. The advantages and attribution weights are held fixed
during this update. When individual constraints are also present, their cost advantages and mul-
tipliers contribute separate penalty terms and are not included in the shared attribution. For the
dual update in Equation (6), we estimate Jg(@k) using the mean exact episode cost C?(7), not
the attributed cost of any single agent. The shared multiplier A\, increases when this mean ex-
ceeds d and decreases when it falls below d, subject to its nonnegative range. Thus, attribution
changes the agents’ policy-learning signals while the dual update uses the original shared con-
straint. Algorithm 1 summarizes the training procedure. Cost-advantage estimation, critic losses,
and implementation details are given in Appendix G.

(20)

6 Experiments

We evaluate SafeDiSTL on three cooperative multi-agent benchmarks with different shared con-
straints: package—obstacle clearance in transport, communication connectivity in navigation, and
core occupancy in traffic control. Across tasks, we examine whether attribution of a shared con-
straint supports task completion while maintaining constraint satisfaction. We compare against
reward-only MAPPO and the constrained baselines MACPO and MAPPO-L from Gu et. al. [11].
Baseline optimization details are provided in Appendix A.

6.1 Experimental Setup

All methods use six training seeds and common evaluation resets within each benchmark. We
compare task success, shared constraint satisfaction, and their joint occurrence, as well as task
returns. All methods are trained with the same compute budget in each scenario in terms of
simulation steps. Transport policies train with 15M sim steps, and evaluates on 500 common
resets per obstacle condition. Navigation policie train with 15M sim steps, and evaluates on 128
common resets. Traffic policies train with 20M sim steps and evaluates on 1,000 common resets. In
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Figure 2: Constraint—performance tradeoffs across benchmarks. Points and error bars show means
and sample standard deviations across six training seeds. Traffic reports overload-free episode
percentages versus completed trips. Others report safe-success rates where goal was reached without
constraint violation versus task return. z-axes metrics are normalized by MAPPO values. Note
that the sub-plots zooms into parts of the y-range for better visibility and comparison, and hence
have different y-axes ranges.
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Figure 3: Transport results across obstacle counts (mean + SD over six training seeds). Labels are
SafeDiSTL mean values.

all benchmarks, SafeDiSTL uses the running max increment cost defined in Secion 5.1. All other
benchmarks utilizes cost functions equivalent to the per step cost of the same STL specification. For
example, in transport, SafeDiSTL’s STL specification says ” Always no collision between the payload
and the obstacles”, the equivalent per step cost function is the overlapping margin in Euclidean
distance between the payload and obstacles’ geometric shapes. Each method then pre-processes
the cost functions according to the reference implementation. All experiments are conducted in
JAX [4] on GPUs. We primarily examine four key metrics.

1. Task return: episodic sum of task reward that the policies achieve in evaluation.
2. Goal success rate: the percentage of episodes that leads to successful goal reaching.

3. Constraint satisfaction rate: the percentage of evaluation episodes that did not incur any
constraint violations.

4. Safe success rate: the percentage of episodes that has the joint occurrence of goal success and
constraint satisfaction.

Environment details and policy architectures are provided in Appendices H and I, respectively.
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Figure 4: Example rollout comparison with baselines in the 1-obstacle transport scenario with
common initial conditions.

6.2 The Constraint-performance Tradeoff

We first show the key result of the experiments. In Figure 2, we show that SafeDiSTL balances
the tradeoff between constraint satisfaction and retaining performance. In each subplot, the y-axes
shows constraint satisfaction metrics in percentages, and the x-axes shows performance metrics in
normalized returns to those obtained by MAPPO. Our algorithm modifies MAPPO by introducing
the dual on constraint and asymmetric cost attribution to individual agents, thus we want to show
that SafeDiSTL retains the performance of MAPPO, but does so considering satisfying the shared
constraints. In all five scenarios shown in Figure 2, SafeDiSTL balances this trade off by being
in the top right quadrant of the plots, while other methods sacrifice MAPPO’s task performance
to increase constraint satisfaction. Appendix E examines attribution, cost formulation, and dual-
optimizer variants.

6.3 Cooperative Transport

We use a transport task with dynamics and control similar to the one in [3], where three force input
agents push a shared package around circular obstacles towards a goal. The shared constraint here
is package—obstacle clearance, and safe success requires both the payload reaching the goal and no
contact between the payload and the obstacle throughout the entire episode. In this benchmark, we
consider three different settings with 1-3 obstacles between the starting position and the payload

10



goal. Figure 3 shows the comparison between the four methods. SafeDiSTL has the highest mean
safe success rate in all three settings: 35.6 + 9.6%, 16.2 + 11.0%, and 3.5 + 2.3% with one, two,
and three obstacles, respectively. MAPPO-L trails closest behind with 7.0 +3.7%, 4.5 £ 0.9%, and
2.2+ 1.0%. With three obstacles, safe success remains low for all methods in this harder condition,
yet SafeDiSTL still achieves highest safe success rate there. Although MAPPO has higher mean
goal success in all three conditions, SafeDiSTL more often achieves the goal while satisfying the
shared clearance requirement. MACPO on the other hand completely fails in all three settings.
Full numerical results appear in Table 1. Figure 4 shows an example rollout comparison between
the methods. The same trend shows up here as well: MAPPO reaches the goal, the two constrained
baselines has degraded goal reaching capability, while SafeDiSTL manages to go around the obstacle
and reaches the goal.

6.4 Connected Navigation

In this benchmark, we control four point-mass agents navigating through two staggered obstacle
passages to a shared destination. The shared constraint is buffered full episode communication
connectivity: at every timestep, the longest edge of the agents’ Euclidean minimum-spanning tree
must not exceed 3.325 m. Goal success requires all agents to remain in the destination region during
the final 20 control steps. Figure 6 reports the comparison between all four methods. SafeDiSTL
has the highest mean goal success rate (71.8846.13%) and safe-success rate (43.88 +4.40%) among
the four main methods. MAPPO-L attains slightly higher full episode constraint satisfaction rate
than SafeDiSTL (56.64 + 10.61% versus 54.69 + 8.33%). MACPO reaches only 4.43 + 1.96% safe
successes. MAPPO has the highest mean return but almost always violates the constraint. These
results show that in the connected navigation benchmark, considering the constraint effectively also
helps with task success rate since grouping together through the narrow passage reduces accidental
collision with the obstacle that might slow down goal reaching. Full numerical results appear in
Table 2. Figure 5 also shows the same conclusion in matched rollout trajectories. SafeDiSTL agents
grouped closely together and navigated smoothly towards the goal without any disconnects in the
graph. The agents in all other methods disconnected at least once throughout the episode.

6.5 Networked Traffic Control

We consider a seven region Networked Macroscopic Fundamental Diagram (NMFD) traffic task [10,
19]. Six peripheral regions exchange destination labeled traffic through a shared central core. Each
region meters its outgoing traffic, while core exits are uncontrolled and randomized at every time
step. The shared constraint is on the core region’s occupancy. The flow rate of the core region is
dictated by the cubic polynomial shown in Figure 7. The flow rate first increases as the number of
vehicles in the region increases. After the peak, it drops down to the congestion limit, where the flow
rate drops below 1 vehicle per second. Thus the shared constraint is set as Ncore < Ngafe =~ 8786.415.
Vehicle admissions to the core therefore trade off completed trips against core region congestion,
while restrictive metering can increase the wait time in the system.

The traffic in the system is randomly spawned as source-destination pairing of two peripheral
zones into the queue. All vehicles must travel through the core on their way to their destinations.
The agents control their own regions’ flow rate for vehicles with all other peripheral regions as
destination. Then the system revolves following the controlled core region in-flow rate, and the
uncontrolled, randomized out-flow rate. The agents observe the randomize exit rate, and should
react to changes for decisions on their control. For this task, since there isn’t a clear measure for
success, we use these key metrics instead:
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Figure 5: Example rollout comparison with baselines in the connected navigation benchmark with
common initial conditions.

1. Completed trips: this is the equivalent to task return, where the policy uses as training
reward.

2. Overload-free episode rate: the percentage of full episodes without overloading the core region.

3. Core vehicle-hours: the time that vehicles spends on average at the core region, this measures
the system delay.

4. Time above core limit: the time that core regions has occupancy higher than the limit.

Figure 8 compares all four methods. The training reward for all methods here are completed trips.
The goal of this benchmark is to test the trade off between throughput and core congestion. Since
core region exit rates are randomized, a smart team of agents should learn to coordinate when to let
each destination’s vehicles go without overloading the core. SafeDiSTL retains 71.4% of MAPPO
throughput while reducing the core vehicle-hours to 8.8% of MAPPO and the time above core limits
to 0.3% of MAPPO. Although MACPO and MAPPO-L also learn to reduce constraint violation
to the same level, they only retain 47.6% and 42.5% of the MAPPO throughput, respectively. Full
numerical results appear in Table 3.

7 Limitations and Conclusions

We propose SafeDiSTL, a constrained MARL framework that allows for credit assignment under
shared team constraints. Using STL robustness gradients, we derive a cost attribution scheme that
decomposes the shared team constraints while preserving the total cost. These attributed costs
are then incorporated in policy optimization for centralized training and decentralized execution.
Across three diverse case studies on cooperative payload transport, connected navigation, and traffic
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Figure 6: Navigation results (mean + SD over six training seeds). Labels are SafeDiSTL mean
values.
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Figure 7: Seven region traffic network with a shared core occupancy constraint. Controls for each
agent is a 6-D vector that controls the flow rate for all 6 destinations (0 always for self).

network control, SafeDiSTL shows a strong improvement in handling shared constraints over the
other state-of-the art MARL baselines.

First, while SafeDiSTL has shown an exceptional safety performance tradeoff in benchmarks,
it relies on the gradients of the robustness signal through the system dynamics. The dynamics
gradients might be hard to come by in contact-rich scenarios. Even with non-differentiable dy-
namics, we can still estimate via finite differences by using more calls to the simulation. Future
extensions should aim to mitigate this issue by devising gradient-free signals for STL robustness
decomposition. Second, our sensitivity metric used to allocate costs is the magnitude of influence.
Future work could also consider how to incorporate the direction of influence. Third, we did not
show benchmarks on higher fidelity robotic scenarios, and potential transfer of learned policies to
real robots. Future works will include validation of the proposed method on real-world robotic
platforms.
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Il MAPPO [ MACPO [ MAPPO-L [ Ours

Completed Overload-free Core Time above
trips episodes (%) vehicle-hours core limit
97.45
1.0 0.714 100 1.0 1.0
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(MAPPO = 1) (MAPPO = 1) (MAPPO = 1)

Figure 8: Traffic results (mean £ SD over six training seeds). Labels are SafeDiSTL mean values.
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A Baseline Optimization Details

This appendix gives the optimization details summarized in Section 4.2. Equation 6 is a first-
order Lagrangian template, not the update rule of every constrained policy optimizer. CPO [1]
distinguishes this stateful multiplier update from its constrained trust-region subproblem, whose
multipliers are solved anew at each iteration. SafeMARL extends constrained policy optimization
to cooperative Markov games through MACPO and MAPPO-Lagrangian [11].

A.1 MACPO

Multi-Agent Constrained Policy Optimisation (MACPO) updates decentralized actors sequentially,
accounting for the policies of agents already updated in the current iteration [11]. Each actor
maximizes a reward surrogate subject to cost constraints and a Kullback—Leibler (KL) trust region.
Thus, coordination enters the sequential surrogate rather than a simultaneous update of all actors
using a fixed cost penalty.

In the shared-cost notation of Equation 4, the local CPO-style approximation for agent i has
the form [1]

T
max g; AY;
A@Z‘ g’L (3

subject to ¢; + biTAGZ- <0, (21)
LAQ HAO; < 6.

Here g; and b; are gradients of the sequential reward and shared-cost surrogates, ¢; is the current
surrogate cost minus d, H; is the local Hessian of the mean KL divergence, and §; > 0 is the
trust-region radius. These quantities are evaluated at the current actor parameters, with preceding
actors’ updates accounted for in the surrogates. Linearizing reward and cost while quadratically
approximating KL yields a constrained natural-gradient step. For invertible H; and a positive
trust-region multiplier 7);, its direction satisfies

AG; =0 Hi g — viba), (22)
07 = 69" + o NG,
where v; > 0 enforces the local cost constraint and «; € (0, 1] is selected by backtracking. Unlike
the stateful Ay in Equation 6, these subproblem multipliers are solved anew for each actor update.
MACPO uses a cost-reducing recovery step when the constrained update is infeasible [11]. Mul-
tiple budgets add linearized cost constraints to Equation 21. The theoretical sequential procedure
provides reward-improvement and cost-feasibility bounds under its assumptions; sampling error,
local approximations, and finite line searches mean that practical neural-policy updates do not
guarantee constraint satisfaction on every trajectory.

A.2 MAPPO-Style Lagrangian Surrogates

A first-order Lagrangian implementation replaces the exact policy gradient in Equation 6 with
a sample-based surrogate using reward and cost advantages. Let Ar; and Ac; be reward and
shared-cost advantage estimates obtained from centralized critics. For the decentralized actor of
agent i, define

Ai:t = AR,t - )\kAC,t;

is(0;) = M
TO; 1 (az,t | Oz,t)
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Table 1: Supplementary Transport results compared to baselines. Entries are mean + sample SD
across six seeds and 500 common resets per seed. Rates are percentages. Safe success denotes joint
occurrence of goal reaching and shared-constraint satisfaction.

Obstacles  Algorithm Return  Goal success Co.n stra%nt Safe success
satisfaction
1 MAPPO 133.68 + 7.96 75.7+£13.7 10.4 £ 3.8 8.8+4.4
1 MACPO 49.25 £+ 2.23 0.0£0.0 9.14+3.9 0.0£0.0
1 MAPPO-L 105.49 £+ 5.40 33.94+4.8 33.4+25 7.0+3.7
1 Ours 125.83 +10.24 42.2+9.7 82.0+5.9 35.6+9.6
2 MAPPO 111.98 +4.19 38.6 + 8.6 4.5+1.9 25+1.3
2 MACPO 49.65 +0.91 0.0+0.0 8.0+34 0.0+0.0
2 MAPPO-L 102.56 £ 4.15 26.6 £ 3.6 22.84+4.0 4.5+0.9
2 Ours 104.52 + 8.15 23.84+ 125 5544136 16.24+11.0
3 MAPPO 106.49 + 3.50 179 +8.3 2.6 +2.2 1.0+£0.8
3 MACPO 48.69 £ 1.27 0.0£0.0 75+5.9 0.0+0.0
3 MAPPO-L 98.79 +4.35 17.1+ 4.3 21.2+5.1 22410
3 Ours 104.06 £ 6.74 13.1+6.6 17.4+12.4 3.5+23

A MAPPO-style clipped surrogate for a fixed multiplier is

Eclip(g) = Ei,t [min{Qi,t(ei)Ag\,ta

: (24)
Clip(qi,t(ei)? 1- €, 1+ E)Aiﬂf}]?

where € > 0 is the clipping threshold and the empirical expectation is over valid on-policy samples.
Centralized critics may access s;, while execution uses only o0;;. Homogeneous agents can share
actor parameters without changing the factorized action sampling. Multiple constraints introduce
one nonnegative multiplier per budget and a sum of cost-advantage terms.

The surrogate above illustrates the reward—cost combination rather than specifying every detail
of MAPPO-L. The Algorithm-3 MAPPO-L baseline used in our experiments updates independent
actors sequentially and resets its nonnegative multipliers at each actor’s optimization phase; its cost
objectives and budgets are specified with each benchmark. Reward-only MAPPO omits the cost
term. SafeDiSTL uses attributed cost advantages instead of the broadcast shared-cost advantage,
as described in Section 5.

Clipping and a finite number of stochastic primal-dual updates do not enforce exact feasibility
at each iteration. In particular, this first-order implementation does not inherit CPQO’s trust-region
bounds or the guarantees of SafeMARL’s theoretical sequential update. Moreover, broadcasting
Ac, supplies no explicit differentiation of constraint responsibility across agents. Section 5 re-
places this broadcast signal with trajectory-dependent attribution while retaining the exact shared
constraint for dual accounting.

B Supplementary Transport Results

Table 1 provides the numerical results plotted in Figure 3.
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Table 2: Supplementary Navigation results compared to baselines. Entries are mean + sample SD
across six seeds and 128 common resets per seed. Goal success, constraint satisfaction, and safe
success are percentages; safe success requires both goal achievement and whole-episode connectivity.
Safe return assigns zero to unsafe episodes; final 20 step distance is in meters.

. Goal success Constraint Safe success Final 20 Step
Algorithm Return (%) satisfaction (%) (%) Safe return distance
MAPPO 130.43 +£3.38 51.17+3.31 0.91+1.04 0.78+0.99 1.49+1.72 2.14 +0.16
MACPO 90.324+9.70 11.85+5.79 31.25+4.39 4.434+1.96 29.24+3.29 2.59 +0.23
MAPPO-L 114.14 +£8.71 52.99 4+ 12.67 56.64 +10.61 32.81 £8.62 69.80 & 10.19 1.84 £0.27
Ours 125.11 8.80 71.88 £6.13 54.69 & 8.33 43.88 +4.40 75.31 4+ 10.50 1.83 £0.30

Table 3: Supplementary Traffic results relative to MAPPO (column-wise MAPPO mean = 1).
Mean + SD across six training seeds; 1,000 common reset scenarios per policy. Higher completed
trips and lower values in all other columns are preferable.

. Network Core Episode-max Time above
Method Completed trips vehicle-hours vehicle-hours core cost core limit
MAPPO 1.000 £0.012 1.000 £ 0.001 1.000 £ 0.041 1.000 £ 0.081 1.000 £+ 0.010
MACPO 0.476 £0.007 1.053 £0.001 0.091 &£ 0.002 0.000 = 0.000 0.000 % 0.000
MAPPO-L 0.425+£0.016 1.058 £0.002 0.104 £ 0.007 0.00074 + 0.00180 0.009 %+ 0.023
Ours 0.714 £ 0.066 1.029 £ 0.007 0.088 £ 0.018 0.000061 4+ 0.000053 0.003 + 0.004

C Supplementary Navigation Results

Table 2 provides the numerical results plotted in Figure 6, together with safe return and final-20
distance.
D Supplementary Traffic Results

Table 3 retains the full traffic metrics, complementing Figure 8.

E Ablation Studies

We ablate responsibility attribution, the cost formulation, and the dual optimizer. The four variants
use uniform attribution with either max-incremental cost or step cost, with fixed-step or Adam
multiplier updates. Max-incremental cost is the same incremental maximum cost Ac; defined for
SafeDiSTL in Equation 10; step cost uses positive per-transition violation. Labels without “+
Adam” use fixed-step multiplier updates. Ours retains sensitivity-based attribution with max-
incremental cost. The Ours rows are repeated from the main tables, with the same evaluation
protocols and seed-level aggregation. Results of ablations are presented in Tables 4, 5 and 6.

F Robustness Differentiation

We write the differentiable dynamics as s;+1 = F(s¢, at), with sampled disturbances held fixed. The
norm in Equation (12) is over the action coordinates of agent i. Differentiating negative robustness
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Table 4: Two-dimensional transport ablations for one through three obstacles. Rates are percent-
ages; entries are mean + sample SD across six training seeds, with 500 common resets per seed.
All three Ours rows are copied unchanged from Table 1.

. hared
Obstacles  Algorithm Return  Goal success S are Safe success
constraint sat.

1 Uniform attribution 58.91 + 8.30 0.5+0.8 744463 02404
Max-incremental cost

Uniform attribution
1 Max-incremental cost + Adam 70.00 &+ 26.21 8.4+8.7 75.3+£6.5 5.6 £7.7

Uniform attribution

1 46.81 +10.14 0.0£0.0 57.7+9.1 0.0£0.0
Step cost
Uniform attribution
1 Step cost + Adam 44.26 £+ 5.41 0.0£0.0 58.6 = 11.7 0.0£0.0
1 Ours 125.83 +10.24 42.24+9.7 82.0+5.9 35.6 9.6

9 Uniform attribution 59.40 + 6.96 0.7+ 1.4 61.8 + 8.9 0.240.3
Max-incremental cost

Uniform attribution
2 Max-incremental cost + Adam 80.63 £ 23.60 6.5+5.8 73.3+10.1 41+4.0

Uniform attribution

2 38.41 £+ 3.55 0.0£0.0 60.1 + 18.6 0.0£0.0
Step cost
Uniform attribution
2 Step cost + Adam 44.65 £ 7.49 0.0£0.0 52.14+13.1 0.0£0.0
2 Ours 104.52 + 8.15 23.8 +£12.5 55.44+13.6 16.24+11.0

3 Uniform attribution 52.54 + 10.11 0.0 4 0.0 62.2 4 4.1 0.0+ 0.0
Max-incremental cost

Uniform attribution
3 Max-incremental cost + Adam 81.79 + 12.46 1.7£1.1 70.8 £6.4 0.6+0.7

Uniform attribution

3 42.93 +3.33 0.0 +0.0 50.1 +£15.6 0.0£0.0
Step cost
Uniform attribution
3 Step cost + Adam 44.66 +6.93 0.0+ 0.0 54.6 + 15.6 0.0£0.0
3 Ours 104.06 £+ 6.74 13.1+£6.6 17.4+£12.4 3.5+£23

rather than its rectified violation avoids an additional zero-gradient region when the smoothed
trajectory is safe; the allocated cost is nevertheless zero whenever the exact C?(7) is zero.

Attribution normalization in implementation. Let Z; contain the active agents at valid
decision time ¢, and let Z; = > ;.7 2. The sum in Equation (13) excludes inactive entries. With
numerical threshold £, > 0, the masked normalization is

zz‘,t/Zt, 1 €Ly, Zy > Eg,
Wi ¢ = 1/|It|, 1€ It, Zt < Egs (25)
0, id T,

The uniform fallback handles finite, uninformative sensitivities and preserves ), w;; = 1 at each
valid time with at least one active agent. Invalid padding receives zero weight; allocation assumes
a nonempty active set at every cost-bearing transition. The factor N in Equation (14) corresponds
to the fixed team-size mean, including zero contributions from inactive agents. Nonfinite active
derivatives are flagged rather than assigned uniform credit. Complete episodes are required before
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Table 5: Navigation ablations. Metrics and evaluation resets match Table 2; Ours is copied un-
changed. Entries are mean 4+ sample SD across six training seeds. Goal, constraint-satisfaction,
and safe-goal rates are percentages; final-20 distance is in meters.

Algorithm Return Goal (%) Safe (%) Safe goal (%)  Safe return Final-20 distance
Uniform attribution 12677+ 9.41 5430 +15.19 2.60+255  2.604+2.55 421 +4.19 2.13 +0.34
Max-incremental cost

Uniform attribution 128.58 £5.08 50.52+13.01 0.39+0.65 0.39+0.65 0.65+1.10 2.17 +0.29
Max-incremental cost + Adam

Isjtré‘;(’sgsltatt“bumn 39.60 +22.40  12.63+9.34 90.36 £4.57 11.98+9.11 36.42 + 20.95 5.29 + 1.66
Uniform attribution 129.38 + 15.43 61.33 +20.97 11.98+8.81 10.1649.40 19.28 & 14.75 1.94 4 0.43
Step cost + Adam

Ours 125.11+£8.80 71.88+6.13 54.69+8.33 43.88+4.40 75.31 + 10.50 1.83+0.30

Table 6: Traffic ablations. Values use the same fixed, column-wise MAPPO mean as Table 3; Ours
is copied unchanged. Mean + sample SD across six training seeds and 1,000 common resets per
policy. Higher completed trips and lower values in all other columns are preferable.

Method Completed trips Network .Core Eplsode—ryax Time a.bo.ve
vehicle-hours  vehicle-hours core cost core limit

Uniform attribution 0.786 +0.018 1.021 £ 0.002 0.079 + 0.017 0.00031 % 0.00058 0.005 = 0.009

Max-incremental cost

Uniform attribution 1.002 4+ 0.010  1.000 «+ 0.001 1.011 + 0.076 1.002 4 0.111 1.000 + 0.010

Max-incremental cost + Adam
Uniform attribution
Step cost
Uniform attribution

0.881 +0.033 1.011 +0.003 0.837 4 0.050 0.788 +0.082 0.985 +0.012
Step cost + Adam

Ours 0.714£0.066 1.029 £0.007 0.088 £ 0.018 0.000061 £ 0.000053 0.003 £ 0.004

0.388 £0.235 1.063 £0.025 0.065 £ 0.038 0.00000049 + 0.00000076 0.000041 4 0.000063

full-episode sensitivities and attribution targets can be finalized, even though the cost allocation is
time-local. Sensitivity norms discard derivative direction, and attribution depends on the model,
action parameterization, and smoothing scale. Conservation of scalar cost does not make the
attributed policy gradient an unbiased estimator of the original shared-cost gradient.

The exact minimum can concentrate its derivative on a single predicate and time. For the
always-conjunction in Equation (8), we use the log-sum-exp approximation

-1 K

F(r) = —; log 3 > exp(—Bgs(se+1)). (26)

=0 j=1

where 8 > 0 controls smoothing. Other supported Boolean and temporal compositions use their
corresponding smooth minimum or maximum. The surrogate supplies derivatives only: its value
and sign do not replace the exact cost or the exact satisfaction test.

G SafeDiSTL Optimization and Implementation Details

G.1 Cost advantages and critic losses

The hybrid cost critic consists of a centralized predictor Vg(st,cma&t,l) and a shared local-
observation predictor VA(0;t, Cmax,t—1), evaluated separately for each agent. The local heads
predict expected remaining cumulative attributed costs from ¢;; and the global head predicts
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their team mean from ¢, defined in Equation (16), with the numerical scale below. Their learned
outputs are not an exact decomposition by architecture.

The regression targets in Equation (18) use unnormalized GAE estimates and rollout-time value
predictions, and are held fixed during critic fitting. Cost prediction and GAE use the same fixed
numerical scale k¢ > 0 on both ¢;; and ¢;. Let b; be one if the episode continues after transition ¢,
and zero at either termination or the finite-horizon endpoint. With cost discount one, the agent-
specific temporal-difference residual and generalized advantage estimate are

o _ . )
51',,5 = koCit + b VE(0i 141, Cmaxt) — VE(0it, Cmaxt—1)s

T-—1—t (27)
c Ve
Az‘,t: Z 77051',75%’

(=0

where n¢ € [0, 1] is the cost trace-decay parameter. The global cost estimate uses the same recursion
with ¢ and VCg. Cost targets do not bootstrap beyond the completed episode. The GAE-based
cost targets yft and ng:t are defined in Equation (18), using fixed rollout-time value predictions.
The cost critic is trained with clipped squared-error value losses and a consistency penalty:

Lo=Ee[(VEyS) + %D (Ve s

o (28)
R VeV
7
Here £, clips changes relative to the rollout-time value prediction, and ¢ > 0 controls consistency.
This regularizer encourages agreement of the predicted mean with the global prediction; Equation 15
holds for the allocated costs independently of critic accuracy, not necessarily for the learned values
or generalized advantage targets.

G.2 Actor normalization and individual constraints

If agent ¢ also has local constraints indexed by j, let AICOCZ jt and /\10]C denote their separately

estimated, scaled cost advantages and multipliers. We form

P = N A = MAT = DN A ] (29)

J

where A denotes normalization of the combined advantage over valid actor samples. The imple-
mentation substitutes this normalized advantage into Equation (20) and adds an entropy bonus
during optimization. Individual obstacle and workspace costs do not enter the shared robustness
gradient or its normalization. They retain their own critics, budgets, and dual updates. Thus,
attributing a payload violation cannot erase an individual robot’s constraint.

For a local clearance ¢; ;; and required buffer A;, the local signal is

A%y =05 — i)+ (30)

Each local dual uses the mean raw deficit of its own agent and channel over active transitions, not an
average across teammates. These are stepwise budgets, distinct from the shared episode-maximum
budget. The local critic uses its configured discounted cost return and bootstraps clean horizon
truncations, whereas the completed-episode shared STL return does not. In the three-dimensional
suites, both local buffers are 0.05 m, local cost discount and trace decay are 0.99 and 0.95, and
local multipliers use projected budget-relative updates with stepsize 10™3 and cap two.
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G.3 Shared multiplier update

The shared multiplier is updated from the mean exact, unallocated cost of completed episodes. In
the budget-relative, fixed-step configuration, the update is

By,

~ 1

Ck = Fk Z C¢(Tb)>
b=l (31)

Cr—d
Ak<|»]. - Chp ()‘k + L3N b 707 /\max> )

with positive d and By, completed episodes in the dual-update window. Neither k¢ nor the attri-
bution weights change this physical-unit constraint statistic. The finite multiplier cap is a practical
optimization choice, not an exact solution of the unrestricted saddle-point problem.

H Supplementary Experimental Details

H.1 Collaborative Transport

The transport environment contains three force-controlled agents, an unactuated nonrotating
square package, and circular obstacles in a planar workspace. The package has side length 0.15
m and mass 50; each agent has mass one and radius 0.03 m, and each obstacle has radius 0.10
m. Each agent selects a normalized two-dimensional action in [—1,1]2, scaled by 0.6 to produce
the applied force. The differentiable VMAS-style simulator uses float64 smooth contact, and four
0.025 s physics substeps per control step. Episodes last 500 control steps.

Resets sample one of eight layouts, apply a random quarter-turn and reflection, jitter each
obstacle by at most 0.015 m per coordinate, and randomize the agents’ phase around the package.
The layouts obstruct the direct route while providing detours.

The shared constraint margin is the package-box signed distance to each obstacle, minus the
obstacle radius and the required 0.02 m clearance. Goal achievement uses the task’s box-distance
threshold of approximately 0.1567 m rather than a point-payload center-distance test. The shared
reward combines distance-progress shaping scaled by 100 with the campaign’s approach and joint-
push coordination terms, held fixed across algorithms. Package contact is logged separately; it
neither adds a reward penalty nor terminates the episode.

H.2 Connected Navigation

Four homogeneous planar agents navigate from a compact start formation to a shared circular
destination through two staggered obstacle passages. The canonical corridor is 18 m long and 10 m
wide; ten static circular obstacles form two five-obstacle barriers. Agent and obstacle radii are 0.75
m and 0.8 m, respectively. Resets randomize barrier locations, opening centers, and opening widths
(3.4-3.8 m), perturb the start formation and destination, and apply a global rotation, reflection,
and translation. Agents use bounded two-dimensional acceleration commands, maximum speed 1.5
m/s, smooth contact forces, five physics substeps per 0.1 s control step, and a 250-step horizon.
The shared reward combines reduction in mean agent-to-goal distance, scaled by 5/R, with the
fraction of agents inside the destination. Goal success requires all four agents to remain within the
2.6 m goal radius throughout the final 20 control steps.

The formal constraint is whole-episode buffered graph connectivity. Let b, be the longest edge
in the Euclidean minimum-spanning tree of the agent positions at checked instant . For transition
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t, let U; contain its source and five physics-substep endpoints. With communication radius R = 3.5
m and buffer fraction & = 0.05,

by= max  ||Tiy — Tkl
(i,k)EMST(zy,)
= i L8 —bu 32
=7 (R '

The buffered check requires m; > 0 for every transition, equivalently a checked bottleneck no larger
than R(1—¢) = 3.325 m. The 0.175 m buffer exceeds the maximum relative displacement of 0.06 m
between substep checks, satisfying the bounded-speed certificate condition. A safe episode passes
every buffered check; a safe goal additionally satisfies the goal criterion. Smooth contacts do not
count as connectivity violations, and separate obstacle and boundary cost channels are disabled.
Disconnection does not terminate an episode.

H.3 Networked Traffic Control

The traffic task is a seven-region NMFD network with six peripheral regions and a shared core.
Direct peripheral-to-peripheral transfers are disabled. Each region uses the cubic production func-
tion

G(n) = 4.133 x 107103 — 8.282 x 107 "n? 4 0.0042n, (33)

where n is occupancy in vehicles and G is in vehicles/s. Episodes contain 240 control intervals of
30 s, each integrated with ten RK4 substeps. Demand is five times the reference setting: 0.625
vehicles/s per nonlocal peripheral origin—destination pair, with £20% reset randomization. Three
destinations receive low exit baselines of 0.1 and three receive high baselines of 0.9, randomly
permuted at reset; temporal noise and incidents vary core exits within [0, 1].

Agent i controls a six-dimensional admission vector u; € [0,1]%. Coordinate u;y meters traffic in
its region bound for destination d into the core; the self-destination coordinate is masked, leaving
five effective controls. If x;4 is the commodity occupancy and n; the region total, its core-entry
rate is w;q(z;q/ni)G(n;), with zero flow for an empty region. The shared reward is completed
trips per interval divided by 100. The core constraint is ng < ngufe, where ng,p =~ 8786.415 is the
descending-branch solution of G(n) = 1.

I Observations and Policy Network Architectures

This section describes the actor inputs and policy networks used in the reported benchmarks.

1.1 Cooperative Transport

For agent i, the observation concatenates its absolute planar position and velocity (four coordi-
nates), package position minus goal position (two), package position relative to the agent (two),
absolute package velocity (two), and a binary package-on-goal indicator (one). It then includes the
relative position of each of the K obstacles (2K coordinates) and the relative position and velocity
of each of the other two agents (eight coordinates), ordered by agent index. Thus the observation
dimension is 19+ 2K, giving 21, 23, and 25 inputs for the one-, two-, and three-obstacle conditions.
The nonrotating package contributes no orientation features, and no assigned push-slot features
are appended. Actor inputs are standardized using running means and variances estimated dur-
ing training and clipped to [—10,10]; evaluation uses the saved normalization statistics without
updating them.
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The actor is a feed-forward multilayer perceptron with two 64-unit hidden layers, tanh acti-
vations, and a linear two-dimensional Gaussian-mean head. A learned, observation-independent
logstddev vector specifies the diagonal covariance. Training samples a latent Gaussian action and
applies tanh to obtain the normalized force command in [—1,1]?; deterministic evaluation applies
tanh to the mean. The simulator multiplies this command by 0.6. MAPPO, SafeDiSTL, and the
uniform-attribution variants share one actor across the three agents; MAPPO-L and MACPO use
separate actor parameters for each agent with the same layer sizes and action parameterization.

1.2 Connected Navigation

Fach agent receives a 72-dimensional observation. The first 34 coordinates comprise its own planar
position and velocity (four), normalized episode time (one), four relative target positions (eight),
and three teammate slots (21). The four target entries refer to the shared destination. FEach
teammate slot contains relative position and velocity from the stored communication packet, a
direct-neighbor indicator, a connected-component reachability indicator, and packet age; slots fol-
low the agents’ fixed identifiers within the episode. The remaining 38 coordinates describe the ten
obstacles using relative position and radius (30), the four corridor-boundary clearances (four), and
the flattened two-dimensional world-rotation matrix (four). Positions, relative distances, obstacle
radii, and boundary clearances are divided by 10; velocities are divided by the maximum speed of
1.5; time and packet ages are divided by the 250-step horizon. These features are then standardized
using running observation statistics and clipped to [—10,10], with the saved statistics held fixed
during evaluation.

The actor maps these 72 inputs through two 64-unit tanh hidden layers to a linear two-
dimensional Gaussian-mean head. It uses a learned, observation-independent diagonal log-
standard-deviation vector and tanh-bounded actions in [—1,1]2. Deterministic evaluation uses the
transformed mean. The simulator additionally clips the command’s Euclidean norm to one before
applying the acceleration scale. MAPPO, SafeDiSTL, and the uniform-attribution variants share
actor parameters across the four agents, whereas MAPPO-L and MACPO use one independently
parameterized actor per agent with the same network dimensions. The policies are feed-forward;
communication packet contents and ages are explicit observation features, not a recurrent policy
state.

1.3 Networked Traffic Control

Fach peripheral agent receives 31 observation coordinates: its six destination-specific queues, six
local origin—destination demand rates, six destination-specific queues in the shared core, six current
effective core-exit factors, normalized episode time, and a six-dimensional one-hot agent identity.
Queue occupancies are divided by 1,800; demand rates and exit factors are used directly, and
time is divided by the 240-step horizon. The core queues and exit factors are broadcast to all six
agents. The observation excludes the latent variables driving future exit disturbances. The identity
is already part of the environment observation, so the learner does not append another identity
vector. There is no additional running observation normalization, and actor inputs use float32
arithmetic.

The actor has two 64-unit tanh hidden layers and a linear six-dimensional Gaussian-mean head,
with a learned, observation-independent log-standard-deviation vector. A sigmoid transforms each
latent Gaussian sample into an admission command in [0,1]. The self-destination coordinate is
masked to zero, leaving five effective controls per agent; deterministic evaluation applies the same
sigmoid and mask to the mean. MAPPO, SafeDiSTL, and the uniform-attribution variants share
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one actor across the six agents. MAPPO-L and MACPO instead maintain six independent actors
with the same input features, hidden-layer sizes, and action transform.
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