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Abstract—Vehicular integrated sensing, communication, and
computation (ISCC) systems demand low-latency joint opti-
mization of beamforming and resource allocation. Conventional
single-timescale approaches optimize beamforming and resource
allocation simultaneously, incurring prohibitive computational
complexity for real-time vehicular systems. The heterogeneous
channel dynamics in high-mobility environments offer a natural
two-timescale structure: beamforming needs to be frequently
updated to track fast-varying small-scale fading for maintain-
ing directional gain, while resource allocation decisions depend
on slowly evolving large-scale statistics. Inspired by this in-
trinsic structure, we propose a two-timescale framework for
minimizing the maximum completion latency, jointly optimiz-
ing beamforming, resource allocation, and computational task
offloading subject to sensing quality constraints. Specifically,
at the fast timescale, an alternating optimization updates the
communication/sensing beamformer and receive combiner. At the
slow timescale, logarithmic substitution and successive convex
approximation (SCA) handle non-convex fractional constraints
based on a grid-based statistical channel state information
dictionary. Simulations show that the proposed scheme closely
approaches the latency performance of the single-timescale
benchmark while significantly outperforming other baselines,
with reduced resource-allocation update overhead that enables
practical deployment on resource-constrained scenarios.

Index Terms—Integrated sensing, communication, and compu-
tation, two-timescale optimization, latency minimization, resource
allocation, beamforming.

I. INTRODUCTION

The integration of integrated sensing and communication
(ISAC) with multi-access edge computing (MEC) facilitates a
fundamental paradigm shift toward integrated sensing, com-
munication, and computation (ISCC) supporting for latency-
critical vehicular applications such as cooperative perception
and autonomous navigation [1]. By exploiting the intrinsic
coupling among sensing, communication, and computation
over a shared spectrum and hardware platform, ISCC enables
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6GEM+ under Grant 16KIS2411; and in part by the European Union’s
Horizon Europe research and innovation programme under the 6G-Path project
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more efficient system design than traditional decoupled ap-
proaches [2]. In vehicular ISCC systems, the overall perfor-
mance is governed by the joint design of beamforming and re-
source allocation, where these three functionalities inherently
compete for the same limited system budgets.

Latency-aware ISCC system design has been attracting
increasing attention. The authors of [3] proposed a two-
tier binary offloading framework for latency-aware resource
allocation in cell-free massive multiple-input and multiple-
output (MIMO) systems to balance distributed and centralized
computation. The work in [4] minimized the total sensing
task execution latency by jointly optimizing beamforming and
binary offloading variables subject to power and computa-
tional capacity constraints. In [1], beamforming and resource
allocation were jointly optimized to minimize the maximum
sensing task completion latency in an ISCC-aided vehicular
network, assuming a fixed offloading strategy for raw sensing
data. In [5], a multi-agent reinforcement learning approach was
proposed to minimize the long-term average service latency of
vehicular user equipments (VUEs) via joint binary offloading,
power, bandwidth, and computational resource optimization.
Also, a three-tier inference framework was proposed in [6] to
jointly optimize deep neural network partitioning, ISAC beam-
forming, and computational resource allocation for minimizing
sensing task inference latency across all ISAC devices.

However, the above works uniformly adopt a single-
timescale paradigm where beamforming and resource allo-
cation variables are jointly updated at every instantaneous
channel state information (CSI) acquisition interval. In high-
mobility vehicular environments, the wireless channel exhibits
heterogeneous dynamics: small-scale fading fluctuates at the
millisecond level [7], while large-scale components (e.g., path
loss and shadowing) vary much more slowly [8]. Forcing all
variables to be recomputed at each coherence interval imposes
unnecessary signaling and computational overhead, since re-
source allocation decisions remain near-optimal over tens to
hundreds of milliseconds [9]. Although two-timescale frame-
works have been explored in metasurface-aided systems [10]
and cooperative ISAC networks [11], these works neither
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Fig. 1: AP-assisted Vehicular ISCC system.

account for sensing link quality constraints nor address the
coupling between task offloading and computational resource
allocation under vehicular mobility in ISCC systems.

To address these limitations, we propose a two-timescale
approach for vehicular ISCC latency minimization. Specifi-
cally, the main contributions of this paper are: (i) We formu-
late a latency minimization problem for computational task
in vehicular ISCC systems. Inspired by the heterogeneous
channel dynamics in timescale, the optimization problem
is then decoupled into fast-timescale beamforming based
on instantaneous CSI and slow-timescale resource allocation
based on a statistical CSI dictionary constructed offline; (ii)
A hierarchical double-loop algorithm is then developed to
handle the non-convexity of the formulated problem. The fast-
timescale inner loop employs alternating optimization (AO)
framework for beamforming updates, while slow-timescale
outer loop applies successive convex approximation (SCA) ap-
proach convert non-convex fractional constraints into tractable
convex subproblems; and (iii) Simulation results demonstrate
our proposed two-timescale scheme closely approaches the
latency performance of the single-timescale benchmark with
significantly reduced resource-allocation update frequency and
an order-of-magnitude reduction in computational complexity,
while significantly outperforming all the other baselines.

The rest of this paper is organized as follows. Section II
presents the system model and the formulation of the latency
minimization problem. Section III develops the proposed two-
timescale algorithm. Simulation results and conclusions are
provided in Sections IV and V, respectively.

II. SYSTEM MODEL AND PROBLEM FORMULATION

As illustrated in Fig. 1, we consider a roadside access point
(AP)-assisted vehicular ISCC system, where K VUEs move
within the AP’s coverage sector defined by azimuth range
[−π/3, π/3] and maximum radius rap. Each VUE k ∈ K =
{1, · · · ,K} moves along the x-axis with a desired velocity
governed by the intelligent driver model (IDM) [12], which
adjusts the velocity based on relative velocity and spacing to
the preceding vehicle. Each VUE k executes a computational
task of Qk bits (e.g., multi-modal sensing data) while simul-

taneously performing a sensing task towards azimuth ψk, with
adaptive task offloading adopted to accelerate data processing.
The AP is equipped with a uniform linear array (ULA) of Na

antenna elements, and each VUE has two ULAs of N t
u and

N r
u antenna elements for signal transmission and reception,

respectively.

A. Signal Model

The transmitted communication-sensing signal xk at VUE
k is1

xk =
√
pckfks

c
k +

√
pskuks

s
k, (1)

where sck and ssk are the zero-mean unit-power data and sens-
ing symbols, assumed mutually uncorrelated; fk ∈ CNt

u×1 and
uk ∈ CNt

u×1 are the unit-norm communication and sensing
beamforming vectors, i.e., ∥fk∥ = ∥uk∥ = 1; pck and psk are
the allocated communication and sensing power, subject to a
maximum transmit power budget Pmax, i.e., pck + psk ≤ Pmax.

Under orthogonal frequency-division multiple access trans-
missions, the received signal at the AP from VUE k is2

yapk = wH
k Hkxk +wH

k nk

=
√
pckw

H
k Hkfks

c
k︸ ︷︷ ︸

Communication signal

+
√
pskw

H
k Hkuks

s
k︸ ︷︷ ︸

Interference from sensing signal

+wH
k nk︸ ︷︷ ︸

Noise

,

(2)

where Hk ∈ CNa×Nt
u is the VUE-AP MIMO channel, wk ∈

CNa×1 is the AP receive combiner, and nk ∼ CN (0, σ2
nINa

)
with σ2

n being the noise variance. The communication signal-
to-interference-plus-noise ratio (SINR) is then given by

γck =
pck|wH

k Hkfk|2

psk|wH
k Hkuk|2 + σ2

n∥wk∥2
, (3)

and the achievable rate is expressed as

Rk = αkB log2(1 + γck), (4)

where B is the total bandwidth and αk ∈ (0, 1] is the
bandwidth fraction allocated to VUE k with

∑
k αk = 1. The

sensing beampattern gain towards ψk is given by

g(ψk) = aH(ψk)(p
c
kfkf

H
k + pskuku

H
k )a(ψk), (5)

where a(ψk) is the ULA transmit steering vector.

B. Latency Model

Under a partial offloading policy, the computational task of
VUE k is split into two parallel segments: a fraction βk ∈ [0, 1]
of the Qk bits is offloaded to the AP for edge computing, while
the remaining (1−βk)Qk bits are processed locally. The local
computation latency at VUE k is expressed as

tlock =
(1− βk)CQk

fvk
, (6)

where C is the number of CPU cycles per bit, and fvk is
the local CPU frequency of VUE k, subject to the maximum

1The time index is omitted throughout the paper for the brevity.
2Sensing signal reflections at the AP are assumed negligible due to severe

two-way propagation loss at new radio (NR) frequency bands [13].



available computational capacity F v
k , i.e., 0 ≤ fvk ≤ F v

k . The
offloading latency comprises transmission and edge processing
delays, which can be expressed as

toffk =
βkQk
Rk

+
βkCQk
fapk

, (7)

where fapk is the CPU frequency allocated to VUE k at the
AP, subject to

∑
k f

ap
k ≤ F ap. Taking the parallel execution

of local computing and task offloading into account, the
overall completion latency for the k-th VUE is defined as the
bottleneck between the two processes, which is formulated as3

Tk = max{tlock , toffk }. (8)

C. Optimization Problem Formulation

In vehicular ISCC systems, the stringent latency require-
ments of delay-critical applications necessitate efficient uti-
lization of the limited communication and computational re-
sources. To guarantee fairness among all VUEs, the minmax
task execution latency is adopted as the optimization objec-
tive. Defining Bk = {αk, βk, pck, psk, f

ap
k , fuk , fk,uk,wk}, the

optimization problem is formulated as

min
Bk

max Tk (9a)

s.t. g(ψk) ≥ Γs,∀k, (9b)
0 ≤ fuk ≤ F v

k , ∀k, (9c)
K∑
k=1

fapk ≤ F
ap, fapk ≥ 0, ∀k, (9d)

K∑
k=1

αk = 1, 0 ≤ αk ≤ 1 ∀k, (9e)

0 ≤ βk ≤ 1, ∀k, (9f)
pck + psk ≤ Pmax,∀k, (9g)
∥fk∥ = 1, ∥uk∥ = 1, ∥wk∥ = 1, ∀k, (9h)

where (9b) ensures the minimum sensing beampattern gain
Γs required for reliable target detection; (9c)-(9d) impose
local and AP computational capacity limits; (9e)-(9f) constrain
bandwidth and offloading ratios; (9g) enforces the total trans-
mit power budget at each VUE; and (9h) restricts beamforming
vectors to unit-norm for power scaling.

By introducing an auxiliary variable t for handling the non-
smooth objective, the above optimization problem is equiva-
lently reformulated as

min
Bk,t

t (10a)

s.t. tlock ≤ t, ∀k, (10b)

toffk ≤ t, ∀k, (10c)
(9b)− (9h), (10d)

This reformulated problem remains non-convex due to: (i)
the bilinear coupling of βk and fapk in (7); (ii) the fractional

3The latency associated with CSI estimation and signaling exchange be-
tween the AP and VUEs is omitted here for the brevity.

SINR structure in (3) making the achievable data rate Rk
non-concave; and (iii) the non-convex unit-norm constraints
in (9h). A two-timescale optimization framework is proposed
in the next section to tackle these challenges.

III. PROPOSED TWO-TIMESCALE SOLUTION

Problem (10) involves variables operating at distinct
timescales. Specifically, the beamforming variables Bfastk =
{fk,uk,wk} need to adapt to instantaneous CSI at the fast
timescale ∆tfast (millisecond-level), while the resource alloca-
tion variables Bslowk = {αk, βk, fapk , fvk , p

c
k, p

s
k} are governed

by slowly varying large-scale statistics at the slow timescale
∆tslow. Exploiting this separation, problem (10) can be de-
coupled into two subproblems solved via a hierarchical AO
framework, as detailed below. To capture location-dependent
channel statistics, the AP’s coverage area is partitioned into a
two-dimentional (2D) grid: the azimuth range [−π/3, π/3] is
divided into Naz sectors and the radial coverage (0, rap] into
Nra range cells. For each subregion (naz, nra), the instanta-
neous uplink channel is modeled as a Rician fading model
[11]. The statistical channel for each subregion is obtained via
Monte Carlo (MC) simulations as H̃naz,nra

= E[Hnaz,nra
], and

stored in the dictionary Hsta with [Hsta]naz,nra
= H̃naz,nra

.

A. Beamforming Update in Fast-Timescale

With Bslowk fixed at each fast timescale interval, the fast-
timescale subproblem optimizes Bfastk = {fk,uk,wk} and
auxiliary variable t:

min
Bfast

k ,t
t (11a)

s.t. (9b), (9g)− (9h), (10b)− (10c). (11b)

This optimization problem remains non-convex due to the
coupling among beamforming vectors, and can be solved via
an AO framework as detailed below.

1) Update of Transmit Beamforming fk: The offloading
latency constraint (10c) is first converted into an equivalent
SINR requirement γck ≥ 2

βkQk
αkB∆tk −1, where ∆tk = t− βkCQk

fap
k

.
With fixed {pck, psk,wk,uk, t}, fk is updated by solving

max
fk

|wH
k Hkfk|2 (12a)

s.t. ∥fk∥ = 1, pck|aH(ψk)fk|2 ≥ Γ̃s
k,∀k, (12b)

where Γ̃s
k ≜ Γs − psk|aH(ψk)uk|2. By defining Fk ≜ fkf

H
k

and applying semidefinite relaxation (SDR) [14], the above
problem (12) is relaxed to

max
Fk

Tr(Hc
kFk) (13a)

s.t. Tr(Fk) = 1, Fk ⪰ 0, Tr(AkFk) ≥ Γ̃s
k/p

c
k,∀k, (13b)

where Hc
k = HH

k wkw
H
k Hk and Ak = a(ψk)a

H(ψk). The
relaxed problem is convex and can be solved efficiently. Since
(13a) admits a rank-one optimal solution [14], f⋆k is recovered
via eigenvalue decomposition (EVD) as f⋆k =

√
λF⋆

k
vF⋆

k
,

where λF⋆
k

and vF⋆
k

denote the dominant eigenvalue and its
corresponding eigenvector of F⋆k, respectively.



2) Update of Sensing Beamforming uk: Given fixed
{f⋆k ,wk, p

c
k, p

s
k, t}, uk is optimized to minimize interference

leakage while satisfying the sensing constraint. By defining
Uk ≜ uku

H
k and applying the same SDR procedure, the

relaxed subproblem is

min
Uk

Tr(Hc
kUk) (14a)

s.t. Tr(Uk) = 1, Uk ⪰ 0, Tr(AkUk) ≥ Γ̄s
k/p

s
k,∀k, (14b)

where Γ̄s
k ≜ Γs−pck|aH(ψk)f

⋆
k |2. The sensing beamformer u⋆k

is recovered from U⋆
k via EVD following the same procedure.

3) Update of Receive Combiner wk: With fixed f⋆k and
u⋆k, the optimal MMSE receive combiner is [15]: w∗

k =
R−1

k Hkf
⋆
k

∥R−1
k Hkf⋆k ∥ , where Rk ≜ pskHku

⋆
ku

∗H
k HH

k + σ2
nINa

.

B. Slow-Timescale Resource Allocation Update
Given the VUE k located at position (r̃k, ψ̃k), the subregion

index (ñaz, ñra) is determined byñaz = min
{⌊

ψ̃k+
π
3

2π
3Naz

⌋
+ 1, Naz

}
, ∀ñaz ∈ {1, · · · , Naz},

ñra = min
{⌊

r̃k
rap/Nra

⌋
+ 1, Nra

}
, ∀ñra = {1, · · · , Nra}.

The statistical CSI is then retrieved as H̄k = [Hsta]ñaz,ñra
.

The reference sensing beamformer ūk = a(ψk)/∥a(ψk)∥ is
adopted to guarantee the sensing beampattern requirement
without instantaneous CSI. Invoking the fast-timescale steps
with H̄k and ūk yields f̄k, w̄k, and the statistical channel gains
are expressed as{

ak = |w̄H
k H̄k f̄k|2, bk = |w̄H

k H̄kūk|2,
āk = |aH(ψk)f̄k|2, b̄k = |aH(ψk)ūk|2.

(15)

The statistical SINR and achievable rate under full band-
width allocation for the k-th VUE are then given by

γ̄k(p
c
k, p

s
k) =

pckak
pskbk + σ2

n

, (16)

R̄k(p
c
k, p

s
k) = B log2(1 + γ̄k(p

c
k, p

s
k)). (17)

By incorporating the bandwidth allocation factor αk,
the effective achievable data rate is expressed as R̃k =
αkR̄k(p

c
k, p

s
k). The slow-timescale resource allocation sub-

problem is then expressed as

min
Bslow

k ,t
t (18a)

s.t.
βkQk

αkR̄k(pck, p
s
k)

+
βkCQk
fapk

≤ t,∀k, (18b)

pckāk + psk b̄k ≥ Γs, (9c)− (9g), (10b),∀k. (18c)

This optimization problem is non-convex due to the frac-
tional coupling of βk/αk, βk/f

ap
k , and the multiplicative

coupling between R̄k(p
c
k, p

s
k) and βk. To handle this, loga-

rithmic substitutions are introduced as α̃k = lnαk, β̃k =
lnβk, f̃

ap
k = ln fapk , ∀k, which convert the fractional con-

straints into convex exponential forms.4 The offloading latency

4The log substitutions are applied to positive variables. Zero-valued
boundary points are approximated by a sufficiently small positive constant
numerically.

constraint (10c) is further decomposed via auxiliary variables
tk,1, tk,2 as

tk,1 + tk,2 ≤ t,∀k, (19)

Qk exp(β̃k − α̃k)
R̄k(pck, p

s
k)

≤ tk,1,∀k, (20)

CQk exp(β̃k − f̃apk ) ≤ tk,2,∀k. (21)

Constraint (21) is convex, since the exponential function
is convex and its argument β̃k − f̃apk is affine. However,
(20) remains non-convex due to the coupling of pck, p

s
k in

R̄k(p
c
k, p

s
k). Taking the logarithm on both sides of (20) yields

lnQk + β̃k − α̃k − ln R̄k(p
c
k, p

s
k) ≤ ln tk,1. (22)

To handle the non-convex term in (22), ln R̄k(p
c
k, p

s
k) is

locally approximated by its first-order Taylor expansion around
(p

c(l)
k , p

s(l)
k ) as (23) (shown at the tope of the next page),

where R̄(l)
k = R̄k(p

c(l)
k , p

s(l)
k ) is achieved by substituting pc(l)k

and ps(l)k into (17), and corresponding partial derivatives with
respect to pck and psk around the point (pc(l)k , p

s(l)
k ) at the l-th

iteration are expressed in (24) at the top of the next page.
Using the local approximation in (23), the transmission

latency constraint in (22) is approximated as

Qk exp
(
β̃k − α̃k −Ψ

(l)
k (pck, p

s
k)
)
≤ tk,1. (25)

Based on the logarithmic transformations and the SCA-
based linearization derived above, problem (18) is approxi-
mated as the following tractable problem

min
B̃slow

k ,tk,1,
tk,2, t

t (26a)

s.t.
∑
k∈K

exp(f̃apk ) ≤ F ap,∀k,
∑
k∈K

eα̃k = 1, (26b)

(9c), (9g), (10b), (19), (21), (25), (26c)

where B̃slowk = {α̃k, β̃k, f̃apk , fvk , p
c
k, p

s
k}. This resulting con-

vex subproblem can be solved iteratively, with solutions
mapped back to real domain, e.g., α∗

k = exp(α̃∗
k).

C. Overall Framework and Computational Complexity

The overall framework is summarized in Algorithm 1
that operates in two stages. Offline stage: the statistical
CSI dictionary Hsta is pre-built via MC simulations over
Naz ×Nra subregions. Online stage: slow-timescale resource
allocation is triggered every ∆tslow to update Bslowk based
on VUE positions, while fast-timescale beamforming update
runs every ∆tfast to refine Bfastk using instantaneous CSI.
The per-slot complexity of fast-timescale beamforming up-
date is Compfast = O

(
LK

(
(N t

u)
3.5 log(1/ξ) +N3

a

))
, and

that of slow-timescale resource allocation is Compslow =
O
(
L̄K3 log(1/ξ̄)

)
. The average per-slot complexity of the

proposed two-timescale framework is thus O
(
Compfast +

∆tfast
∆tslow

Compslow

)
. Since ∆tslow ≫ ∆tfast in practice,

thereby reducing the average computational complexity com-
pared with the single-timescale baseline of O(Compfast +



ln R̄k(p
c
k, p

s
k) ≤ ln R̄

(l)
k +

1

R̄
(l)
k

∂R̄k
∂pck

∣∣∣∣
p
c(l)
k

(pck − p
c(l)
k ) +

1

R̄
(l)
k

∂R̄k
∂psk

∣∣∣∣
p
s(l)
k

(psk − p
s(l)
k ) ≈ Ψ

(l)
k (pck, p

s
k). (23)

∂R̄k
∂pck

∣∣∣∣
p
c(l)
k

=
Bak/ ln 2

(1 + γ̄
(l)
k (pck, p

s
k))(p

s(l)
k bk + σ2

n)
,
∂R̄k
∂psk

∣∣∣∣
p
s(l)
k

=
−Bpc(l)k akbk/ ln 2

(1 + γ̄
(l)
k (pck, p

s
k))(p

s(l)
k bk + σ2

n)
2
. (24)

Algorithm 1: Proposed Two-Timescale Optimization
Framework

Input: VUE positions, Qk, C, F ap, F v
k , Hsta, ψk, ∀k,

update periods ∆tfast, ∆tslow.
Output: Bfast∗k , Bslow∗

k , and t∗.
1 Initialize feasible Bslowk , Bfastk ;
2 for each time slot n = 1, 2, . . . do
3 if n mod ∆tfast == 0 then
4 Estimate instantaneous CSI Hk, ∀k;
5 while |t(ℓ) − t(ℓ−1)| ≥ ϵ and ℓ ≤ L do
6 ℓ← ℓ+ 1;
7 for k = 1 to K do
8 Solve (12), recover f (ℓ)k via EVD;
9 Solve (14), recover u(ℓ)

k via EVD;
10 Update w

(ℓ)
k via MMSE;

11 t(ℓ) ← max
k

{
max

{
tlock , t

off(ℓ)
k

}}
;

12 Update Bfastk ← Bfast∗k , t∗ ← t(ℓ);

13 if n mod ∆tslow == 0 then
14 for k = 1 to K do
15 Retrieve H̄k from Hsta, construct ūk;
16 Obtain f̄k, w̄k via fast-timescale steps with

H̄k, ūk;
17 Compute ak, bk, āk, b̄k via (15);

18 while |t(l) − t(l−1)| ≥ ϵ and l ≤ L̄ do
19 l← l + 1;
20 Compute Ψ

(l)
k via Taylor expansion of

ln R̄k (23);
21 Solve (P3.1), recover α(l)

k , β
(l)
k , f

ap(l)
k ;

22 Update Bslowk ← Bslow∗
k ;

23 return Bfast∗k , Bslow∗
k , t∗.

Compslow) per fast-timescale interval. The corresponding
relative reduction in average computational complexity is(
1− ∆tfast

∆tslow

)
Compslow

Compfast+Compslow
.

IV. NUMERICAL SIMULATIONS

The default key simulation parameters are listed in Table I.
The statistical CSI dictionary Hsta is constructed via 200
offline MC runs per subregion, and system latency is aver-
aged over 100 independent realizations. Each VUE mobility
follows the IDM with a desired velocity [12]. Five bench-
marks are considered in this work: (i) Single-Timescale: Both

TABLE I: Simulation Parameters

Parameter Value
Carrier frequency fc 28 GHz
Antenna elements Na, Nt

u, N
r
u 32, 16, 16

AP’s coverage radius rap 300 m
Number of lanes M 4
Bandwidth B 20 MHz
Max transmit power Pmax and noise power σ2

n 20 dBm, −85 dBm
Number of VUEs K 4
Computational task size Qk, ∀k 106 bits
VUE computational capacity Cu

k , ∀k 1 GHz
AP computational capacity Cap 10 GHz
CPU cycles per bit C 1,000 cycles/bit
Sensing SINR threshold γs

th 5 dB
Azimuth and range grids (Naz, Nra) (12, 15)
Per slot length, ∆tfast,∆tslow 1 ms, 5 ms, 100 ms
Desired velocity vk, ∀k 60 km/h
Maximum number of AO iterations L, L̄ 20, 20
Convergence tolerance of the AO framework ϵ 10−4

beamforming and resource allocation updated at every fast
timescale using instantaneous CSI; (ii) Static: Beamforming
and resource allocation fixed at initial values (lowest-overhead
baseline), without any dynamic updating; (iii) Full Local: All
tasks processed locally (βk = 0, ∀k); (iv) Half Offloading:
Fixed βk = 0.5, ∀k, with slow-timescale resource allocation
and fast-timescale beamforming updates; and (v) Full Offload-
ing: All tasks offloaded (βk = 1, ∀k), with the same update
structure as Half Offloading.

The mean latency are evaluated in Fig. 2 varying with
timescale ratio ∆tslow/∆tfast, desired VUE velocity, and grid
size Naz ×Nra of the statistical CSI dictionary, respectively.
Fig. 2a shows the mean latency versus timescale ratio within
[10, 200]. The proposed scheme closely approaches the Single-
Timescale benchmark (approximately 300 ms) at ratios up
to 50, with a gap of less than 10 ms, confirming that the
location-based statistical CSI dictionary provides sufficient
channel information at moderate update intervals. As the ratio
increases to 200, the proposed scheme experiences a slight
latency increase to approximately 330 ms, remaining within a
gap of 8.9% compared with the single-timescale benchmark
and outperforming the Static benchmark by more than 43.6%.
The Full Local and Static schemes remain insensitive to the
timescale ratio due to their fixed strategies, while Full Offload-
ing exhibits a gradual latency increase as resource allocation
becomes less frequent. In addition, under a communication
resource-constrained condition such as B = 10 MHz, the
system mean latency (on a logarithmic scale) is evaluated
in Fig. 2b varying desired vehicle velocities from 20 to 150
km/h. The proposed scheme and Single-Timescale baseline
remain nearly flat across all velocities, demonstrating its strong



(a) (b) (c)

Fig. 2: Mean latency varying with: (a) timescale ratio ∆tslow/∆tfast; (b) VUE’s desired velocity; (c) grid size Naz ×Nra.

robustness to mobility. In contrast, the Static scheme suffers
from exponential latency increase without dynamic update of
beamforming and resource allocation. Specifically, it exceeds
4×104 ms at 150 km/h as its fixed beamforming and resource
allocation fail to track the rapidly varying channel conditions
under high mobility. Full Offloading baseline shows a gradual
increase, while Full Local and Half Offloading ones remain
relatively stable but at significantly higher latency levels com-
pared to our proposed scheme. These results validate that the
proposed two-timescale framework effectively decouples the
sensitivity to vehicular mobility through adaptive beamforming
at the fast timescale, while maintaining low overhead via slow-
timescale resource allocation. Moreover, Fig. 2c shows that
the proposed scheme exhibits a monotonic latency decrease
from approximately 366.9 ms to approximately 333.6 ms as
the grid size increases from 4 × 5 to 12 × 15, after which
latency maintains stable and closely approaches the Single-
Timescale benchmark (around 318.8 ms). This validates that
a moderate grid resolution of 12×15 provides sufficiently ac-
curate statistical CSI for effective resource allocation without
incurring excessive offline overhead. Even at the coarsest grid
of 4 × 5, the proposed scheme still remarkably outperforms
the other fixed offloading and static strategies, demonstrating
the robustness of the proposed framework across different grid
resolutions.

V. CONCLUSION

This paper proposed a two-timescale framework for joint
beamforming and resource allocation in vehicular ISCC sys-
tems to minimize peak task execution latency. The fast-
timescale loop updates beamforming via AO-based SDR using
instantaneous CSI, while the slow-timescale loop jointly opti-
mizes bandwidth, power, offloading ratio, and computational
resources via log-domain SCA over a pre-established statis-
tical CSI dictionary. Simulation results demonstrate that the
proposed scheme closely approaches (within a gap of 8.9%)
the single-timescale benchmark while achieving an order-
of-magnitude reduction in per-slot computational overhead,
validating its potential deployment for high-mobility vehicular
ISCC systems.
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