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S1. Overall Framework Diagram:

Fig. S1. The diagram of the framework architecture.

S2. Optimization of Obstacle Separation Hyperplane:

Fig. S2. Obstacle Separation Hyperplane.

The purpose of this step is to find an optimal separating hyperplane
that can separate the obstacle from the robot. Here, we construct
this optimization problem by using the collision vector. The collision
vector refers to the shortest vector in the set of vectors obtained by
pointing from the robot’s position to the points on the obstacle, and
the collision vector is the normal vector of its support hyperplane.
Denote the collision vector as y and the position of the robot as W̃l,
then the separating halfspace can be written as:

{W ∈ Rd|yT
(
W − W̃l

)
≤ yT y}, (1)

where d is the dimension of the halfspace. As shown in Fig. S2,
since the obstacles are represented as a set of points (ξ1, ξ2, . . . , ξq),
in order to obtain the largest possible feasible region, the solution
for the normal vector of the obstacle separating hyperplane can be
formulated as maximizing the square of the norm of the collision
vector:

max yT y

s.t. (ξi − W̃l)
T
y ≥ yT y, ∀i ∈ 1, . . . , q,

(2)

However, optimization problem (2) is non-convex. By defining z =
y

yT y
, then the optimization problem (2) is transformed into

min zT z

s.t. (ξi − W̃l)
T
z ≥ 1, ∀i ∈ 1, . . . , q,

(3)

which is convex and can be solved with linear complexity1. Finally,
for the pursuer l and the obstacle Ok, the separating hyperplane can
be expressed as aT

lkW ≤ blk, where alk = y = z
zT z

, and blk =

yT (y + W̃l).
S3. Probabilistic Collision Avoidance Proof: The C3AVC of

pursuer l can ultimately be expressed as:

Cl = {W ∈ E|aT
lgW ≤ blg − φσ

l − φf
l ,∀g ∈ G, g ̸= l}, (4)

where G ∆
= {1, · · · , S, · · · , S +K}, g ̸= l indicates all the robots

and obstacles except pursuer l.
Before proceeding with the probability collision avoidance proof

for C3AVC, it is necessary to introduce the following lemma:
Lemma 1 [1]: Given a multivariate random variable z ∼

N (z̃,Σz), we have:

pb(aT z ≤ b) =

1 + erf( b−aT z̃√
2aTΣza

)

2
. (5)

Theorem 1: During the pursuit of the evader, if W̃l ∈ Cl and
W̃p ∈ Cp, it can be guaranteed that the pursuers maintain probability
reciprocal avoidance.

Proof: For pursuer l, based on (4) and Lemma 1, we have:

pb(aT
lpWl ≤ blp − φf

l ) =

1 + erf

(
blp−φ

f
l
−aT

lpW̃l√
2aT

lp
ΣΘalp

)
2

≥
1 + erf

(
erf−1(2

√
1− σ − 1)

)
2

=
√
1− σ (6)

Similarly for pursuer p, we also have:

pb(aT
plWp ≤ bpl − φf

p) ≥
√
1− σ. (7)

Based on (6) and (7) we get:

pb (dis (Wl,Wp) ≥ 2Rf ) ≥pb(aT
lpWl ≤ blp − φf

l )

· pb(aT
plWp ≤ bpl − φf

p)

≥1− σ. (8)

Thus, (1a) of the main text is guaranteed. This completes the proof.

Theorem 2: During the pursuit of the evader, if W̃l ∈ Cl, it can be
guaranteed that the pursuers achieve probability obstacle avoidance.

Proof: We can get the following inequality for pursuer l similar
to (6):

pb(aT
lkWl ≤ blk − φf

l ) ≥
√
1− σ. (9)

Inequality (9) indicates that when W̃l ∈ Cl, the probability of
collision with the obstacle Ok is less than

√
1− σ. Since 0 ≤ σ ≤ 1,

the following inequality is satisfied:

pb(aT
lkWl ≤ blk − φf

l ) ≥
√
1− σ ≥ 1− σ. (10)

Thus, (1c) of the main text is guaranteed. This completes the proof.

When evaders are within their C3AVCs, the proofs for (1b) and
(1d) of the main text can be established using the same line of
reasoning as for (1a) and (1b) of the main text.

S4. Computational Complexity of Constructing C3AVC: The
C3AVC is composed of separating hyperplanes between robots as
well as between robots and obstacles. For the separating hyperplanes
among robots, since variance of the state measurement uncertainty
of the Gaussian distribution is equal for each robot, it can be solved

1https://github.com/ZJU-FAST-Lab/SDQP
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in closed form with a complexity of O(S) [2] considering the other
S−1 robots in the environment. Moreover, for the separating planes
between the pursuer and all obstacles, benefiting from the low-
dimensional nature of the following optimization problem:

min zT z

s.t. (ξi − W̃l)
T
z ≥ 1, ∀i ∈ 1, . . . , q,

(11)

it can be solved with the complexity of O(K) considering K
obstacles in the environment. Therefore, computing C3AVC in total
requires O(S +K) time.

S5. Path Controller Optimization: As introduced in the
manuscript, our objective is to find a feedback path controller
u = κd = κD∨ + κwW̃l that can compute the control input
based on the deviation d = (D − W̃l1

T )∨ between the current mean
position of pursuer l and the vertex position of the C3AVC, where
κw = −κ(1nl ⊗ I2), (·)∨ is the vectorized version.

Fig. S3. Construction of CBF and CLF.

Considering the characteristic that the C3AVC is composed of
the intersection of a series of hyperplane, as illustrated in Fig. S3,
the CBF is chosen as multiple affine barrier functions hi(x) =
Axix+ bxi, where Axi and bxi are the union of rows and elements
of the hyperplane coefficient matrices constituting Cl except for the
hyperplane where the subtarget projection is located. In this letter, we
construct the CLF V (x) = sTx+ bs based on the hyperplane where
the subtargrt’s projection on the C3AVC is located. Considering the
actuator constraints of practical physical systems, we assume that
the control input u is bounded as Auu ≤ bu. Then the optimization
problem can be formulated as:

find κ
s.t. Lfhi(x) + Lghi(x)u+ cbhi(x) ≥ 0,

LfV (x) + LgV (x)u+ clV (x) ≤ 0,
Auu ≤ bu,

(12)

where Lf and Lg are Lie derivatives, cb and cl are positive scalars
since hi and V all have relative degree r = 1.

In practice, we aim to find a controller that satisfies the constraints
in (12) with some margin. By introducing slack variables Ωb and Ωl

[3], we have:

min
κ,Ωb,Ωl

λT
b Ωb + λlΩl

s.t. − (Lfhi(x) + Lghi(x)u+ cbhi(x)) ≤ Ωbi,
LfV (x) + LgV (x)u+ clV (x) ≤ Ωl,
Auu ≤ bu,

(13)

where λb and λl are user-defined constants defining the trade-off
between the CBF and CLF constraints, and Ωbi is the element of Ωb.

Then, when the mean position of the pursuer l is W̃l, by substi-
tuting hi(x) = Axix+ bxi and V (x) = sTx+ bs, the optimization
problem (13) can be formulated as :

min
κ,Ωb,Ωl

λT
b Ωb + λlΩl

s.t. − (Axiκw + cbAxi) W̃l ≤ Ωbi + cbbxi +AxiκD
∨,(

sTκw + cls
T
)
W̃l ≤ Ωl − clbs − sTκD∨,

AuκwW̃l ≤ bu −AuκD
∨,

Ωb,Ωl ≤ 0,
(14)

which is a linear programming, and we use Mosek2 for optimization
problem solving.

S6. Screenshots of Pursuit Process:

Fig. S4. Pursuit process. (a)-(e) Screenshots of the pursuit process in
Scenario 1; (f)-(j) Screenshots of the pursuit process in Scenario 2.
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