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Abstract

Unmanned aerial vehicle swarms in pursuit—
evasion requires encirclement efficiency while
maintaining safety constraints, facing a critical
safety—efficiency trade-off. Existing safe multi-
agent reinforcement learning (MARL) methods of-
ten yield either unsafe task policies or conserva-
tive policies. This is challenging since forward fea-
sible safety under dense interactions requires online
safety preview. To address this issue, we propose
Safety-Constrained Online Preview Enforcement
(SCOPE), a MARL-based algorithm that balances
encirclement efficiency and safety by short-horizon
preview and safety enforcement. SCOPE learns
an online safety-preview dynamics model that rolls
out future trajectories to inform encirclement deci-
sions checking. By proposing preview-fused actor—
critic, SCOPE uses short-horizon previews for effi-
cient encirclement and less unsafe behavior. Hier-
archical safety enforcement performs safety look-
ahead and online action correction to maintain
forward feasible safety. Experiments show that
SCOPE better balances encirclement efficiency and
safety than safe MARL baselines, maintaining av-
erage encirclement time while reducing the aver-
age agent cost by 65.6%. Code could be found at
https://github.com/98177qdn/SCOPE.

1 Introduction

In safety-critical pursuit—evasion scenarios, safety constraints
often require that unmanned aerial vehicle (UAV) swarms
intercept a rogue UAV in a non-destructive manner. To
achieve non-destructive interception, a common solution is
cooperative encirclement, especially in cluttered low-altitude
airspace [Yu et al., 2024; Valianti et al., 2024; Ma et al.,
2020]. Compared with direct capture, encirclement requires
multiple UAVs to close in simultaneously and maintain a co-
herent formation under dense interactions among UAVs, the
evader, and moving obstacles [Dong et al., 2020]. To address
this problem, research on reinforcement learning for safety-
critical has attracted considerable attention.
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Figure 1: Multi-UAV encirclement in pursuit-evasion exposes the
safety-efficiency trade-off: unsafe task policies may achieve fast
closure but violate safety constraints, whereas conservative policies
stay safe but are too inefficient to complete the task.

Multi-agent reinforcement learning (MARL) has achieved
encouraging success in safety-critical autonomy, including
robotic control [Duan et al., 2024], autonomous driving [Lee
and Kwon, 2024], and airspace security [Du et al., 2021].
However, safety constraints are frequently incorporated only
as a negative reward, which may not explicitly prevent in-
stantaneous violations during execution [Qu et al., 2024;
Zhang et al., 2023b; Zhang er al., 2024]. In practice, soft
penalty allows the policy to trade safety for return, so it may
incur instantaneous violations for higher efficiency, which is
not permitted in safety-critical encirclement. As illustrated in
Figure 1, multi-UAV pursuit-evasion requires efficient en-
circlement under safety constraints. Since the UAV swarm
must satisfy strict multi-constraint safety, even instantaneous
violations can cause collisions or mission failure [Lv e al.,
2024]. In such settings, traditional MARL can lead to safety-
efficiency trade-off: an unsafe task policy that violates safety
constraints, or a conservative policy that prevents successful
encirclement [Valianti et al., 2024].

Recently, more research has focused on safe MARL to han-
dle safety constraints. Nevertheless, for multi-UAV pursuit—
evasion, it is still hard for existing safe MARL methods to
achieve safe and efficient encirclement [Chen et al., 2025;
Li et al., 2023]. 1In general, safe MARL approaches can
be divided into objective-level and execution-level meth-
ods. Objective-level methods, such as primal-dual formu-
lations, penalty-based schemes [Liu et al., 2020; Zhang et
al., 2022], and risk-sensitive objectives [Chow et al., 2015],
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build constraints into the return or the optimization objec-
tive [Achiam et al., 2017], but they often provide only soft
guarantees and may still allow brief safety violations dur-
ing execution. Execution-level methods adjust actions be-
fore execution to enforce safety online [Alshiekh er al., 2018;
Zhang et al., 2023a; Zhou et al., 2025], but they usually do
not account for whether safety remains feasible over pre-
dicted trajectories, and they are often designed mainly for
obstacle avoidance while ignoring inter-agent safety con-
straints [Zhao et al., 2025; Wabersich and Zeilinger, 2023].

To achieve safe and efficient encirclement, three challenges
need to be addressed. (1) Safety constraints are often vio-
lated when there’s no preview. With moving obstacles, ag-
gressive closing rapidly shrinks safety margins, making near-
future violations hard to predict and easy to miss until they
occur. (2) Safety constraints often induces conservative
policies that undermine encirclement efficiency. Conserva-
tive policies can fragment the formation and delay or prevent
encirclement, making it difficult to enforce strict safety con-
straints without sacrificing efficiency. (3) Ensuring forward
feasible under dense interaction is challenging. Safety con-
straints depend on other moving entities and evolve over time,
making forward feasible safety difficult to maintain and con-
straint satisfaction hard to guarantee in future states.

To address these challenges, we propose Safety-
Constrained Online Preview Enforcement (SCOPE) for
safe multi-UAV pursuit—evasion. SCOPE combines an online
Safety-Preview Dynamics Model (SPDM) to produce short-
horizon safety previews and predict future trajectory under
dense interactions. Then Preview-Fused Actor—Critic uses
these previews to learn efficient encirclement policies with-
out excessive conservatism. Hierarchical Safety Enforcement
applies safety look-ahead and strict margin tightening to
correct joint actions and maintain forward feasible safety.
In addition, the safety enforcement provides a safety loss
to networks update, encouraging safe and effective coordi-
nation during training. Together, these components address
the safety—efficiency trade-off by improving encirclement
performance while maintaining safety constraints.

The main contributions are summarized as follows:

* We design an online SPDM with preview-fused actor—
critic that uses short-horizon safety previews to better
mitigate the safety—efficiency trade-off in encirclement.

We propose hierarchical safety enforcement, which en-
forces safety constraints via online action correction and
safety loss during policy learning, while safety look-
ahead maintains forward feasible safety.

We build a challenging multi-UAV pursuit—evasion task
and validate SCOPE on it, showing advantages over
state-of-the-art baselines via comparative and ablation
studies. Results show that SCOPE completes tasks effi-
ciently while maintaining forward feasible safety.

2 Related Works

2.1 Model-Based Methods for Encirclement

Encirclement and pursuit—evasion have long been studied
from the perspective of model-based control and planning.

Cyclic-pursuit coordination is a typical choice for forming
enclosing patterns [Kim et al., 2010]. Under limited sens-
ing, range-only and coordinate-free guidance has been ex-
plored [Dong et al., 2020]. Model predictive control is often
used when safety constraints are needed in dynamic encir-
clement [Hafez et al., 2014]. These methods can work well
under their assumptions, but they are difficult to extend to
dense agent interactions and moving obstacles.

2.2 Safe MARL for Encirclement

Safe MARL introduces safety costs into MARL and opti-
mizes return under a violation budget [Hazra et al., 2025].
Dense constraints and non-stationary learning, however,
make safe coordination difficult. Existing methods are often
discussed at two levels: objective-level and execution-level.
For objective-level methods, costs are folded into the op-
timization objective through primal—dual, penalty-based, or
trust-region style updates [Liu ez al., 2020; Zhang et al., 2022;
Achiam er al., 2017]. MAP3O.is a representative penalty-
based method [Zhang et al., 2022]. Lyapunov-based meth-
ods enforce long-horizon safety via local constraints [Chow
et al., 2018], whereas PID-Lagrangian stabilizes multiplier
updates [Stooke et al., 2020]. Objective-level methods can
be sensitive to hyperparameters, and their constraint satisfac-
tion is usually soft or asymptotic [Xiao and Feroskhan, 2024;
Li and Azizan, 2024]. In dense interactions, this can result in
conservative policies or occasional instantaneous violations.

Execution-level methods, often referred to as shielding,
modify actions at runtime to prevent violations [Alshiekh er
al., 2018; Brorholt et al., 2024]. Control barrier function
based filters support online checking and correction [Cai et
al., 2021], and recovery-based methods invoke recovery be-
haviors near unsafe regions [Zhao et al., 2025]. Frequent in-
terventions may alter coordination strategies and degrade task
efficiency in dense interactions [Sun er al., 2023].

3 Preliminaries

We model the multi-UAV pursuit—evasion problem as a Con-
strained Markov Decision Process (CMDP), defined by the
tuple (S, 0, A, R,C,P,~), where S denotes the state space,
O denotes the observation space, A denotes the joint ac-
tion space, R : & x A — R is reward function, C

S x A — Ris the cost function used to quantify safety con-
straints, P : S x A x § — [0,1] is transition probability
function,y € (0, 1) is the discount factor for calculating the
return. At time step ¢, the environment is in state st e §

and each agent ¢ receives a observation ogt) drawn from an
observation kernel 2 : S — A(Q). The objective of CMDP
is to find a joint policy 7 : O — A(.A), that maximizes the
expected discounted return:

argmax J(mw) = E r
welle

> A R(sY, &“>>] .M
t=0

where Ile = {m € I1 : Jc(w) < d} is allowable policy set,
T denotes a joint trajectory, a'®) denotes joint actions. Je ()
is the cumulative constraints similar to reward and d is the
constraint threshold. Thus, the task reduces to learning a joint
policy 7 that maximizes 7 (7) while ensuring Je¢ () < d.
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Figure 2: Pipeline of SCOPE. The Safety-Preview Dynamics Model learns short-horizon dynamics from the replay buffer and generates
safety previews. The Preview-Fused Actor—Critic uses these previews for policy learning. Hierarchical Safety Enforcement then corrects raw
actions using a CBF-based look-ahead and strict tightening, and provides safety loss during training.

4 Methodology

Pipeline of SCOPE is shown in Figure 2. SCOPE combines
short-horizon safety preview with online constraint enforce-
ment for multi-UAV pursuit-evasion. Safety-Preview Dy-
namics Model (SPDM) predicts future trajectory for Preview-
Fused Actor—Critic. Hierarchical Safety Enforcement cor-
rects actions and injects safety loss to guide learning, en-
abling forward feasible safety in dense environments.

4.1 Safety-Preview Dynamics Model

The safety margin between agents and obstacles changes
rapidly as the formation closes in during pursuit—-evasion. To
address this, we construct a SPDM to predict short-horizon
future observations and provide previews for policy learning
under safety constraints.

For stability and low online overhead, we employ a
parameter-shared SPDM assign each agent a dynamic nor-
malizer to handle distribution shift from evolving policies and
heterogeneous observations. The surrogate dynamics model

‘H, parameterized by d)(t) takes as input a length-H history

of normalized observations Z(t) [2; (t=H+1) zgt) ] and
generates a K -step rollout for all N agents
7 =u(2016"). o)
. A(t St K
where ’TZ(-t) = [lEfH) ,lEH_ )] denotes the trajectory

within horizon K for agent ¢. For initial timesteps with in-
sufficient history, we pad missing observations with a mask
S0 as to preserve input length and temporal alignment.
Unlike conventional dynamics models trained offline, the
SPDM is updated alongside the RL process using experi-
ence sampled from the replay buffer D. At each update

step, we sample a mini-batch of B transitions and define a
mapping f : {1,...,B} — N that associates batch indices
with global timesteps. For the b-th sample in the mini-batch,
we denote its corresponding global timestep by ¢, = f(b).
The per-agent dynamic normalizers are updated incremen-
tally with each batch, in parallel with the SPDM parameter
updates. For the SPDM, each sampled trajectory 7’5“) =
[lgtb7H+1)’.“’ll(_tb) _7l§tb+K)]

malized input Z z(-t”)

is transformed into a nor-
and ground-truth targets yg“'). Feeding
the history Zv(;t”) into the dynamics model yields the trajec-
tory rollout 7’5%), which is kept accurate for predicting immi-
nent safety violations by online training. We train SPDM by
minimizing the discrepancy between rolled-out and ground-
truth trajectories, with the rollout loss defined as:

E“("W)) BNK Z Z Z

b=1 i=1 k=1

i (totk) tb+k)H2' 3)

The learned SPDM is then used online to generate the K-

. ~ (t . . .
step preview 7'5 ), which is fused with the current observa-
tion to form the inputs to the actor—critic described in Sec. 4.2.

4.2 Preview-Fused Actor-Critic

Early training can be particularly challenging due to high-
dimensional inputs and tightly coupled multi-agent learning
dynamics. General actor—critic often struggles here: the ac-
tor may overfit noisy or irrelevant channels, and the Critic
may fail to capture inter-agent dependencies while policies
co-adapt. We introduce two lightweight enhancements as il-
lustrated in Figure 3: a gating module in the actor for data-
dependent feature selection, and a multi-head attention mod-
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Figure 3: Design of the Preview-Fused Actor—Critic networks.

ule in the Critic to model interactions between agents and
downweight unreliable near-future previews.

Gating-Enhanced Actor
To improve robustness under high-dimensional inputs, we in-
troduce a gating module related to observation that performs

feature selection. For each agent i, the actor u;, parameter-

ized by 0( ) , takes the local observation o( )

control decision uf )

and produces a

before the hierarchical safety enforce-

ment. We first transform the local observation oz(-t)

(t

into a fea-

ture vector x; ), Then, the gating module generates a set of

(t)

weight from o, ’ and uses it to scale the features:

5:7@ = :vgt) ®o (W(t)ogt) + b(t)) , 4)

where :&Et) is scaled feature, W(t), b are trainable parame-
ters of the gating unit, o(-) is the sigmoid activation function
and © is the Hadamard product. The gate vector has the same
dimensionality as the feature. This design improves robust-
ness when SPDM rollouts are noisy or partially missing.

Multi-Head Attention Critic

We introduce a multi-head attention critic to robustly aggre-
gate multi-agent information. The critic Q;, parameterized
by ng“, is responsible for estimating the expected return of
agent 7 given the joint state—action pair [s(*), a®]. Finish-
ing partitioning, a shared state—action network encodes each
agent’s feature into an embedding. For attention head h:

exp (qth;)
N b)
Zj:l exp (qj,hKZ)

where g, ;, is a learnable query from ol(-t) and K, Vy, are

Qi = &)

)

the key and value derived from s(*). The weighted feature
embeddings are aggregated into global representation ¢;, =

Zi]\il o; 1, Vi, and fused with the original features.

4.3 Hierarchical Safety Enforcement

To further provide runtime safety protection and prevent in-
stantaneous violations under coupled constraints, especially

in high-risk regions. Therefore, we introduce hierarchical
safety enforcement, an online mechanism based on control
barrier functions. Given the actor’s decision @®, this mod-
ule computes minimally modified joint actions a® to satisfy
coupled safety constraints. Meanwhile it provides safety loss
through a CBF-based penalty integrated into the actor loss.

Basic CBF Enforcement

At each timestep t, the actor network outputs joint decision
@™, and the basic CBF performs a preliminary enforcement
step. We cast action correction as a joint quadratic program
that satisfies the safety constraints while minimally deviating
from the policy intent. Specifically, the basic CBF enforce-
ment finds the minimally modified action closest to a® sub-
ject to the CBF constraints. The objective of the basic CBF
is to minimize the magnitude of action corrections while en-
forcing the joint safety constraints £(-):

2
al = arg min Ha —a® H ,
acA (6)

s.t.é( t)a>+)\1§( )+/\2§( )20,

where a denotes the corrected actions, A1, A2 > 0 are damp-
ing factors that regulate the responsiveness of the barrier
function. The safety constraints are detailed in Appendix C.

Safety Look-Ahead
While the basic CBF enforcement guarantees instantaneous
safety, it does not ensure forward feasible safety. This may
lead to deadlock or infeasibility in highly dynamic pursuit—
evasion encirclement. To address this issue, we add a one-
step safety look-ahead feasibility check and invoke a strict
CBF enforcement when necessary.

Specifically, after obtaining a®, we use the SPDM to pro-

duce the one-step preview 3D from the observation his-
tory, which is then used to maintain forward-feasible safety:

é(é(tﬂ)’agﬂ)) +)\1£~ <g(t+1)) TpW: (g(t+1)) >0, (7)

Feasibility at 37D holds if there exists a conservative action

Sf+ ) satisfying the safety constraints.

Strict CBF Enforcement

When the conservative action an) does not exist, the basic
CBF enforcement may fail to maintain continuous feasibil-
ity. Therefore, we introduce a strict CBF enforcement that
tightens the safety margin with strictness parameter 6 > 0
to recover feasibility. The optimization objective remains the
same as Equation. (6), while we adopt a strict CBF constraint:

é(s(t),a) + )\15 (s(t)) + A& (s(t)) > 4. 8)

We integrate a smooth CBF-based penalty into the actor
loss, jointly optimizing safety and task performance. The loss

due to CBF constraint is derived as: L¢, (¢; tb)) = log(1 +
exp( —€(- b))). The combined loss is stated as follows:

L, (a(t)) _T&, [Q (s (tv) d(tb)wy(t ) — niLe, (£ tb))} 7
9)



PRELIMINARY PREPRINT VERSION - DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of JCAI-ECAI 2026.

Algorithm 1 Overall pipeline of SCOPE

Input: Initial parameters é(o), 121(0), ¢(0)’ Initial state s(©)
OQutput: Trained parameters é(T), {p(T), (;S(T)
1: for t = 1 to T or mission complete do
2:  # Hierarchical safety enforcement
3:  For each agent i, select ul(»t) = u,»(oz(-t) |9£t)) + N®
4:  Correct preliminary actions @(® = (ugt), e u%)) to
at) = (agt)7 e a%)) using Equation. (5)
5. Execute actions @ and receive reward r(t), new state

s(t*1) and raw observation I‘t1
6:  # SPDM rollout and update

o (t+1
7:  Roll out {TEH ) N | using Equation. (2) and get
fused observation 8@ +1 = (o{"™) ... o{[V)

8:  Sample a random minibatch of B trajectories from D
For each batch b, split {Tz(»tb)}ij\il into normalized in-
put {thb)}f\;l and ground truth {yff“}gV:l

10:  Update parameters qﬁ(t) using Equation. (3)
11:  # Policy update
12:  for agent i to N do

B = 0 (s, a0 0)
14: Update critic 1/:1@ by minimizing the loss:
Lo () =B, {(yﬁ“ - Qi<s<tb>,a<tb>|¢§”))2]
15: Update actor 05” minimizing Equation. (9)
16:  end for

17:  Update target network parameters for each agent i:
o (1= ol + 7wl w; € (0,9},
18: end for

where n; > 0 is the penalty factor, El(-tb) = &(st) alt)) 4
M&i(s)) 4 A8 (s()) denotes the CBF constraint of agent
i. The overall pipeline of SCOPE as Algorithm 1.

The output of the algorithm is multi-agent policies and
surrogate dynamic model. Here w; is the target network
parameters of agent .

S Experiment

In this section, we present the experimental evaluation of
SCOPE on multi-UAV  pursuit—evasion environments and
compare its performance with safe MARL baselines. For
benchmarking, we consider the following methods.

* Lagrangian method: MADDPG [Lowe et al., 2017] with
a Lagrangian multiplier and MACPO [Gu et al., 2022].

* Penalty-based method: MAP3O [Zhang et al., 2022].

¢ Shield-based method MADDPG with a control. barrier
functions [Cai et al., 2021]

* Recovery RL method: MSMAR [Zhao et al., 2025].

All the above algorithms use either on-policy or off-policy
replay buffers, following their respective original implemen-
tations. Additionally, we include a comparison with the

MADDPG algorithm [Lowe er al., 2017] as a baseline. Base-
line implementations partially rely on the OmniSafe reposi-
tory [Ji et al., 2024] for standard safe MARL components.
We evaluate all methods in our multi-UAV pursuit—evasion
environments, where multiple interceptor UAV's must collab-
oratively encircle a rogue intruder while satisfying safety con-
straints with respect to other agents, obstacles, and workspace
boundaries. The environments include both static and moving
obstacles that test the agents’ ability to maximize cumulative
rewards while adhering to the safety constraints formalized
in Equation. (1). We additionally evaluate SCOPE in Mu-
JoCo [Todorov et al., 2012] to verify its effectiveness under
physical dynamics, with details reported in Appendix B.

5.1 Multi-UAV Pursuit-Evasion Setup

Our multi-UAV pursuit—evasion environment simulates a
team of N = 4 interceptor UAVs attempting to safely en-
circle a rogue UAV in a cluttered airspace. The environment
is modeled as a continuous workspace with boundaries and
several obstacles, where each interceptor is equipped with a
short-range jamming device.The objective is to encircle the
fleeing rogue UAV for on-board jamming while maintaining
minimum separations among UAVs and from obstacles. For
these experiments; we use a fixed safety radius 7g,¢. and jam-
ming range 7jam, task duration T' = 400, and evaluate each
trained policy on Ng = 200 test episodes. Detailed environ-
ment descriptions are provided in the supplementary material.

5.2 Evaluation Metrics

We evaluate all methods from both task performance and
safety perspectives. Task performance is measured by:

1) Success rate SR: the fraction of episodes in which the
interceptors successfully encircle the rogue UAV within
the horizon T;

2) Average time AT: the average number of steps to suc-
cess, where unsuccessful episodes are assigned 7.

Safety performance is measured by:

3) Average agent cost AC: the average number of safety-
constraint violations per agent during an episode:

Ng
1 C.
AC = N—E eE=1 N (10)

where Ng is the number of evaluation episodes, N is the
number of interceptors, and C. denotes the total safety cost
accumulated in episode e. Specifically, C. consists of the
magnitude of constraint violations against obstacles and other
agents, and an additional cost for shield activation when a
shielding or safety enforcement intervenes.

5.3 Performance Comparison

We evaluate SCOPE against the safe MARL baselines listed
above under identical interaction budgets and environment
configurations. All methods share the same reward design,
termination conditions, observation space and action spaces.
We report the mean performance over multiple random seeds,
and evaluate each trained policy on test episodes using the
metrics in Sec. 5.2.
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Figure 4: Comparison with baselines in multi-UAV pursuit—evasion under (a) static obstacles and (b) moving obstacles. Curves show training
reward/cost, while scatter plots report evaluation Steps and accumulated safety cost; black markers denote means with error bars, and T = 400

indicates time-out failures. Our method is marked as SCOPE (blue).

Scenarios || Metrics || MAP30 MACPO MSMAR MADDPG-Lagrange MADDPG-CBF MADDPG || SCOPE
. SR(%) 1T || 47.10 +3.76 1.20 045  20.90 3.58 18.30 5.02 27.20 +3.91 2.50 x1.00 || 83.10 £1.52
Ols)t?tlcl AT (steps) | ||312.26 +7.01 396.88 £1.13  355.36 +7.61 366.4048.68 354.62 £496  393.66 +3.47 || 218.77 £5.67
stacles || AC | 77.01 £495 258983 +4312 75.59 +11.94 45.02 +2.05 80.19 132 187.26 +4.02 || 12.667 £0.95
Movi SR(%) 1T || 60.20 +456  17.50 x1.41  28.70 +3.83 26.30 +1.75 5.90 +2.86 8.20+2.20 || 61.40 £5.61
OVINE || AT (steps) | || 274.00 737 371.71 180 353.54 2431 357.63 +3.71 388.67 4563  383.49 +447 || 279.38 £13.50
Obstacles | A | 67.93 £320 185.205 4749 46.66 £1.94 183.41 427 7755302 95.96 298 || 16.07 20.55

Table 1: Performance comparison between SCOPE and competing algorithms on the multi-UAV pursuit—evasion environment, evaluated in
terms of Success rate (SR), Average time (AT), and Average agent cost (AC). The average values and standard deviations over 200 tests are

reported. Bold denotes the best, and underline denotes the second best.

Figure 4 shows that SCOPE achieves higher episodic re-
turns while maintaining low safety costs more consistently
throughout training in both static- and moving-obstacle set-
tings. Vanilla MADDPG exhibits large safety-cost spikes and
unstable learning, and many runs time out at 7' = 400, indi-
cating failures to complete encirclement under unconstrained
exploration in cluttered scenes. MAP30 reduces safety costs
relative to MADDPG, but converges to lower returns with
longer episode lengths (Steps), while MACPO shows low SR
and high AC, suggesting conservative policies that hinder ef-
ficient pursuit—evasion. MSMAR similarly suppresses safety
costs, yet also converges to lower returns and longer Steps,
indicating conservative recovery behaviors that slow down
encirclement. MADDPG-Lagrange shows degraded perfor-
mance in the moving-obstacle setting with increased costs
and more failed episodes, highlighting the difficulty of bal-
ancing coupled constraints under non-stationary dynamics.
MADDPG-CBF improves returns compared with penalty-
based baselines, but still incurs substantially higher safety
costs than SCOPE, consistent with frequent online interven-
tions in dense interactions.

Table 1 further confirms that SCOPE achieves the strongest
overall performance in both scenarios. With moving obsta-
cles, SCOPE reaches the highest success rate of 61.40% and
the lowest safety cost of 16.07, while keeping the comple-
tion time competitive at 279.38 steps. With static obsta-
cles, SCOPE attains 83.10% success, the fastest completion
time of 218.77 steps, and the lowest safety cost of 12.67.
Other methods typically sacrifice either success and speed
for safety, or safety for task completion, whereas SCOPE re-
mains strong on both.

5.4 Ablation Studies

To examine the contribution of each component in SCOPE,
we perform ablation studies by removing one module at a
time while keeping the training protocol and hyperparame-
ters fixed. Figure 5 plots the learning curves of episodic re-
turns and safety costs. We conduct ablations in the moving-
obstacle setting, as it is the most challenging scenario with
non-stationary interactions and thus better differentiates the
effects of each module.

Overall, SCOPE achieves the best safety-performance
trade-off, converging to the highest return while main-
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Method || SR(%) 1 AT(steps) | AC |

SCOPE 61.12 +6.43 279.07 +15.67 21.523 +0.814
SCOPE~— ¢4 60.62 +453 286.60£899 26.048 +0.545
SCOPE~#5F 1.88+063 395.19+1.61 276.909 +4.158
SCOPE~°FPPM |1 5412 +335 290.88 +13.11  19.908 + 1.029
SCOPE~ A% 3.12+328 393.58+732 139.526 +8.608

Table 2: Ablation results of SCOPE on the multi-UAV pursuit—
evasion task, evaluated by SR, AT, and AC.
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Figure 5: Training curves for SCOPE and its ablated variants.
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Figure 6: SPDM loss and reward with different SPDM backbones.

taining consistently low cost. Removing the SPDM
(SCOPE—*PPM) lows convergence and reduces the final
return, indicating that short-horizon previews provide antic-
ipatory information for coordinated pursuit—evasion. Remov-
ing the hierarchical safety enforcement (SCOPE=/5F) in-
curs persistently higher costs and leads to a markedly lower
return plateau, suggesting that execution-time safety correc-
tion is critical and that frequent constraint violations can
hinder policy learning. Removing the preview-fused actor—
critic network enhancements (SCOPE™%4) results in only a
minor drop in return with comparable costs, implying that
the gating/attention modules mainly improve coordination
and credit assignment. Finally, removing both preview and
safety enforcement (SCOPE~“!) yields the worst perfor-
mance, characterized by pronounced early cost spikes and a
low-return regime throughout training.

5.5 Component Study on SPDM

We study the impact of the predictive backbone used in
SPDM. To ensure a fair comparison, we keep the envi-
ronment, RL algorithm, reward design, and hierarchical
safety enforcement unchanged, and replace the SPDM with
six models: DLinear, PatchTST, iTransformer, TimesNet,
LSTM, and TimeMixer.

As shown in Figure 6 (right), TimesNet and iTransformer
yield the highest and most stable returns, while DLinear
achieves competitive performance with fast early improve-
ment, suggesting that different backbones trade off early
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Figure 7: Sensitivity of SCOPE to the strictness parameter 6.

learning speed and asymptotic performance. PatchTST and
TimeMixer converge to lower returns, and LSTM performs
worst, indicating that the predictor choice can affect cooper-
ative pursuit—evasion and training robustness. Notably, Fig-
ure 6 (left) shows that lower prediction loss does not nec-
essarily imply better control performance: although LSTM
attains a low SPDM loss, it leads to poor returns, suggesting
that minimizing the regression loss does not necessarily lead
to optimal control performance.

5.6 Parameter Sensitivity Analysis

We analyze SCOPE’s sensitivity to the strictness parameter §
by varying ¢ while keeping all other hyperparameters fixed.
Since ¢ directly sets the tightening level of the enforced CBF
constraint, it affects the size of the feasible action set and thus
influences both task execution speed and constraint satisfac-
tion. We evaluate each setting using the metrics in Sec. 5.2.

As shown in Figure 7, SCOPE is stable for 6 < 0.09 with
similar convergence returns, while larger margins degrade
learning. § = 0.15 leads to a clear return drop and § = 0.21
collapses to a low-return regime, suggesting that overly strict
tightening restricts the feasible action set and hinders coor-
dinated pursuit. Meanwhile, increasing § monotonically in-
creases the time-related metric R;, indicating slower encir-
clement, whereas the safety cost R, is minimized at a mod-
erate margin and rises again for larger ¢, reflecting a clear
safety and efficiency trade-off. We therefore use 6 = 0.06 in
the remaining experiments.

6 Conclusion

In this paper, we proposed Safety-Constrained Online Pre-
view Enforcement (SCOPE), a MARL-based algorithm for
multi-UAV encirclement in pursuit—evasion. SCOPE inte-
grates a Safety-Preview Dynamics Model (SPDM) for short-
horizon anticipation with hierarchical safety enforcement and
look-ahead feasibility checking to maintain forward feasible
safety. Extensive experiments in challenging scenarios, to-
gether with additional evaluations in MuJoCo, demonstrate
that SCOPE consistently improves task performance while
substantially reducing safety cost compared to state-of-the-
art safe MARL baselines.

Future work will focus on scaling SCOPE to larger swarms
and more diverse team sizes, where coordination and safety
constraints become increasingly complex. We also plan to
incorporate richer physical constraints and more realistic on-
board limitations, and to study adaptive safety margins that
adjust online to the environment dynamics and risk level.
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