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Online Learning Enabled Task Offloading for Vehicular Edge Computing
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and Branka Vucetic , Life Fellow, IEEE

Abstract—Vehicular edge computing pushes the cloud
computing capability to the distributed network edge nodes,
enabling computation-intensive and latency-sensitive computing
services for smart vehicles through task offloading. However, the
inherent mobility introduces fast variation of network structure,
which are usually unknown a priori. In this letter, we formulate
the vehicular task offloading as a mortal multi-armed bandit
problem, and develop a new online algorithm to enable dis-
tributed decision making on the node selection. The key is to
exploit the contextual information of edge nodes and transform
the infinite exploration space to a finite one. Theoretically, we
prove that the proposed algorithm has a sublinear learning regret.
Simulation results verify its effectiveness.

Index Terms—Online learning, task offloading, vehicle edge
computing.

I. INTRODUCTION

THE BOOMING vehicle-to-everything technology is
accelerating the development of the Internet of Vehicles

and catalyzing emerging in-vehicle computation-intensive
applications, such as self-driving and augmented reality-
supported games [1]. Although a smart vehicle accessing the
remote cloud with abundant computation resources is a viable
option, the inherent high transmission latency is a practical
limitation. To address this issue, vehicular edge computing
(VEC) [2] was proposed as an attractive solution, where
neighbouring vehicles with excess computation resources can
serve as distributed edge nodes. Offloading a computation-
ally tedious task to these physically closer edge nodes can
largely reduce transmission latency, resulting in a substantial
improvement in user quality of experience.

A variety of vehicular task offloading algorithms have been
proposed in the literature, and most work focuses on cen-
tralized designs. That is, a central controller is deployed to
frequently collect vehicle state information such as mobility,
available resources, requested tasks, and identities [3]–[7], and
then schedule task offloading for each vehicle. Centralized
task offloading was formulated as a semi-Markov decision
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process in [3], aiming to minimize the weighted sum of
system delay and energy cost. In [4], the tradeoff between the
delay and power consumption is further investigated based on
matching theory.

Decentralized task offloading is an enabling technology
eliminating the need for a central controller. Under this
umbrella, each vehicle can independently make the deci-
sion on neighboring edge node selection, and then per-
form task offloading in a distributed manner [8], [9].
However, a vehicle is unlikely to have prior knowl-
edge of the state information of neighbouring edge nodes.
Furthermore, the time-varying network structure, where
neighboring edge nodes randomly appear and vanish due
to their inherent mobility, will bring a significant chal-
lenge in the development of distributed task offloading
algorithms.

The essence of the distributed task offloading problem is
to enable a vehicle to directly interact with the edge nodes
through task offloading, learn their state information, and map
decision history to the current offloading decision. This can
be formulated as a multi-armed bandit (MAB) problem when
the set of edge nodes remains unchanged. Specifically, each
neighboring edge node is treated as an independent arm, and
its associated bit cost is dominated by the computing capabil-
ity drawn from an unknown distribution. Therefore, “playing”
an arm at each round is equivalent to selecting an edge
node to perform task offloading. This requires trading off the
exploitation (select the current best node with past knowl-
edge) and exploration (try other nodes to gain more accurate
information). However, the MAB herein is mortal as the set of
candidate arms evolves with time due to their mobility, which
makes classical solutions such as the UCB1 algorithm [10] no
longer effective.

To address this mortal MAB problem, in this letter we
propose a novel online learning (OL) algorithm. The OL
algorithm leverages the contextual information that the com-
puting capabilities of all candidate arms (edge nodes) come
from a finite number of distributions. Given two arms with
the same distribution of computing capabilities, our algorithm
transfers the learning result of the first arm into the second
one. In this case, the original infinite exploration space can
be transformed to a finite one, regardless of arms appearing
or vanishing. Furthermore, in this scenario we improve the
calculation of conventional confidence interval in the UCB1
algorithm. Theoretically, we prove that the proposed OL algo-
rithm has a sublinear regret (the gap to an oracle benchmark).
Simulation results demonstrate that the proposed algorithm
outperforms the existing ones in terms of the cumulative bit
cost.
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Fig. 1. A typical VEC system with a TaV and several ENs, where Mt =
{1, 2, 3, 4, 5} and Mt+1 = {2, 3, 5, 6, 7}. In this example, the x tm of EN
1 and 6 (2 and 5, 3 and 7) follow the same distribution.

II. SYSTEM MODEL

A. VEC System Model

Consider a typical VEC system shown in Fig. 1. The vehi-
cles involved in vehicle-to-vehicle task offloading include a
task vehicle (TaV) indexed by 0, and a set of edge notes (ENs),
indexed by M = {1, 2, . . .}. The TaV generates tasks, while
ENs provide edge computational resources. The operational
timeline is discretized based on task unit. Given task t with a
moderate size,1 the TaV can either execute it locally or offload
it to an EN in Mt ⊆ M within the TaV access region. Due to
inherent mobility, Mt varies with tasks (see Fig. 1). The TaV
interacts with accessible ENs continuously and updates Mt on
a real-time basis. For convenience, we denote N t = Mt∪{0}
to cover the TaV and corresponding ENs simultaneously.

Local execution and performing task offloading incur trans-
mission/computation latency and energy consumption. For
local execution, the system latency and energy consumption
of task t can be given by D t

0 = ct/ut0 and E t
0 = P0c

t/ut0,
respectively, where ct is the required central processing unit
(CPU) cycles for task t, ut0 = u0 is the CPU frequency of the
TaV, and P0 = ρu20 is the computing power of the TaV with
the effective switched capacitance ρ = 10−11 depending on
the chip architecture [12].

On the other hand, for task offloading to EN m ∈ Mt , the
system latency of task t originates from task transmission and
EN execution, which is given by

D t
m =

ct

utm
+

st

r tm
, (1)

where st is the data size of task t, and utm is the CPU
frequency of EN m allocated to the TaV, which is usually
unknown a priori. The achievable uplink transmission rate is
given by

r tm = W log2

(
1 +

Psα
t
m‖htm‖2
N0

)
, (2)

where W is the TaV transmit bandwidth, Ps is the TaV
transmission power, αt

m = 128.1 + 37.6 log10(dt
m)(dB) is

the large-scale fading gain following the 3GPP path loss
model [13], and d tm is the transmission distance available to
the TaV using LIDAR and radar [14]. htm is the small-scale
fading gain which follows Rayleigh distribution with unit vari-
ance, and N0 is the noise power. Given the orthogonal channel
allocation [15], the co-channel interference can be avoided.

1A task with a larger workload can be further partitioned into multiple
subtasks [8], [11].

Furthermore, the cross-channel interference can be ignored
according to the experimental results in [16]. In this letter,
we assume that the TaV and ENs are moving in the same
direction. Due to the small relative speed, the Doppler shift
is not significant and αt

m and htm remain the same during the
uplink transmission for each task. We also assume that the
data size of task results is small so that the download latency
is omitted [17]. The system energy consumption of completing
task t is

E t
m =

Pmct

utm
+

Pss
t

r tm
, (3)

where Pm = ρ(utm )2 is the EN computing power.
To take into account both the system latency and energy

consumption, we define the cost function as the weighted sum
over the energy consumption and the delay, which is given by

f (t ,m) = η1D
t
m + η2E

t
m , m ∈ N t , (4)

where η1 and η2 denote the scalar weights of system latency
and energy consumption, respectively. Similar cost functions
are also widely adopted in the existing literature [7], [18], [19].

B. Problem Formulation

Without loss of generality, we assume that st and ct vary
with tasks, but the computation intensity λ = ct/st remains
constant. This usually corresponds to the case that tasks are
generated by the same type of application [20]. In this letter,
we further define the bit cost of task t as

f0(t ,m) =
f (t ,m)

st
= η1D

0,t
m + η2E

0,t
m , (5)

where D0,t
m = D t

m/st and E0,t
m = E t

m/st denote the
bit latency and bit energy consumption, respectively. From
another aspect, the system cost comes from the computation
and communication parts, thus (5) can be also written as

f0(t ,m) = x tm + y tm , (6)

where

x tm =
λη1
utm

+λη2ρ
(
utm

)2
, y tm =

⎧⎨
⎩

0, m = 0,
η1+η2Ps

r tm
, m �= 0.

(7)

Note that x tm and y tm correspond to the bit cost of computation
and communication, respectively.

Next, we elaborate on additional contextual information of
the CPU frequency utm . Assume that utm is a draw from an
unknown distribution [8]. If the ENs have the same type of
CPU, their utm follow the same distribution and so do their
x tm ∼ Gi , i ∈ {1, . . . ,S}, and S is the total number of
distributions. For convenience, we introduce a set of binary
indicator variables zm,i ∈ {0, 1}, where zm,i = 1 if x tm fol-
lows Gi , and zm,i = 0 otherwise. Denote the expectation of
x tm by x̄m = E[x tm ] and the mean value of Gi by μi , we
have μi = x̄m when zm,i = 1. An example is shown in
Fig. 1, where we use the same color to mark the ENs whose
x tm follow the same distribution. The final goal of the TaV
is to minimize the expected bit cost up to a finite T tasks.
This requires the TaV to perform decision making and choose
m ∈ N t in each round. Clearly, the past decisions will affect
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the current one, and the task offloading problem is to minimize
the cumulative bit cost of all tasks

P: min
m∈N t

E

[
T∑
t=1

f0(t ,m)

]
. (8)

C. The Oracle Benchmark and the Regret

Before presenting our online learning algorithm, we first
give an oracle benchmark to P , provided that the TaV has the
prior knowledge of x̄m for m ∈ N t . In this case, the optimal
solution can be given by

m∗ = arg min
m∈N t

{
x̄m + y tm

}
, (9)

where the TaV always chooses m ∈ N t with the minimal
expected bit cost (y tm can always be calculated). However,
in practice, the TaV has no knowledge of x̄m , and the TaV
has to learn x̄m through task offloading and observing the
resultant latency D t

m . Therefore, it is necessary to develop an
online learning algorithm to strike a tradeoff in EN selection,
targeting an EN whose x tm is not well learned (exploration),
or an EN which is believed to cause the minimal bit cost
(exploitation). Typically, this belongs to a MAB problem [10],
where each EN and the TaV can be regarded as a candidate
arm (hereafter we use the concept of the arm to represent
EN and TaV). Furthermore, due to the mobility, one arm may
have a finite lifetime (e.g., EN 1 in Fig. 1), and a new arm
may appear (e.g., EN 7). Generally, this can be regarded as a
mortal MAB problem [21], where the set of candidate arms
is evolving with time. Due to its challenges, the conventional
solutions to the classical MAB are usually ineffective. Given
the oracle benchmark, the regret of a learning algorithm with
respect to this benchmark is defined as

R(T ) = E

[
T∑
t=1

f0(t ,m)

]
− E

[
T∑
t=1

f0(t ,m
∗)
]
. (10)

III. THE ONLINE LEARNING ALGORITHM

In this section, we propose a novel OL algorithm to address
the mortal MAB problem, and then analyze its performance
in terms of regret.

A. Algorithm Structure

In essence, our OL algorithm leverages the contextual
information Gi of x tm (zm,i = 1) for each arm. Given two
arms whose x tm follow the same distribution, our algorithm
transfers the learning result of the first arm into the second
one. In this case, the original infinite exploration space can be
transformed to a finite one, regardless of arms appearing or
vanishing.

The OL algorithm in its entirety is presented in Algorithm 1,
which consists of the initialization stage and two compo-
nents in each round: exploration-exploitation tradeoff (EET)
and counter update. In the initialization (Lines 1-7), we intro-
duce the counters Li and Ki for the arms that follow Gi (i.e.,
zm,i = 1). Li is the number of times that Gi has been selected
up to now, while Ki is the number of times that distribution
Gi has appeared. We also set μ̂i = 0, which is the aver-
age value of x tm (zm,i = 1) observed until now. For the arm

related to the TaV (z0,i = 1), we set Li = 1, Ki = 1, and
μ̂i = λη1/u0 + λη2ρu0.

Depending on Li , the EET component (Lines 9-17) is
divided into two cases. For the first case (Lines 9-11), there
exists arm m ∈ Mt that satisfies zm,i = 1 and Li = 0, and the
EET component is reduced to pure exploration. Considering
there might be multiple arms satisfying the above requirement,
the arm with the minimal bit communication cost y tm will be
chosen, i.e.,

m ′ = arg min
m∈Mt ,zm,i=1

y tm . (11)

After selecting arm m ′, we can measure the latency D t
m ′ . On

this basis, x tm ′ can be calculated as

x tm ′ =
η1
(
D t
m ′r tm ′ − stm ′

)
stm ′r tm ′

+
η2ρλ

(
ctm ′r tm ′

)2
(
D t
m ′r tm ′ − stm ′

)2 , (12)

and set μ̂i = x tm ′ . For the second case (Lines 12-17 ), we have
Li > 0 for all i ∈ {1, . . . ,S}. We design a utility function
for arm m as

U t
m =

S∑
i=1

[
zm,i (μ̂i − Ci )

]
+ y tm , (13)

where Ci =
√

2β lnKi/Li is the confidence interval with a
normalization parameter β = (λ/u0)

2 and the arm with the
minimal U t

m is chosen, i.e.,

m ′ = arg min
m∈N t

U t
m . (14)

Then, μ̂i is updated based on the latency D t
m ′ .

Finally, in the counter update (Lines 18-23), the counters
Ki and Li are updated accordingly. As the only computation
before each arm selection is (11) or (14), the algorithm can
be implemented in real time.

B. Analysis of the Regret

In this section, we analyze the regret upper bound of the OL
algorithm. Without loss of generality, we assume that μi < μj
for 1 ≤ i < j ≤ S. We also define

Δ+
i ,j = μj + ν+j − (

μi + ν−i
)
, (15)

Δ−
i ,j = μj + ν−j − (

μi + ν+i
)
, (16)

where

ν−i = min
m∈M,zm,i=1

y tm , ν+i = max
m∈M,zm,i=1

y tm . (17)

If there are arm m1 with zm1,i = 1, and m2 with zm2,j = 1,
the arm m1 should be chosen due to μi < μj . The regret
naturally arises if the arm m2 is chosen instead, and we denote
the number of times it happens by Ni ,j . Here, we can prove
that the following lemma.

Lemma 1: For a total number of T tasks, Ni ,j is bounded as

E
[
Ni ,j

] ≤ (
1− z0,j

)
⎡
⎢⎣ 4β lnT(

Δ−
i ,j

)2 +O(1)

⎤
⎥⎦. (18)

Proof: See Appendix A.
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Fig. 2. The cumulative bit cost versus task number T.

Algorithm 1 The OL Algorithm
1: for i = 1, . . . ,S do � Initialization
2: if z0,i = 0 then
3: Set Li = 0, Ki = 0, and μ̂i = 0.
4: else
5: Set Li = 1, Ki = 1, and μ̂i = λη1/u0 + λη2ρu0.
6: end if
7: end for
8: for t = 1, . . . ,T do
9: if ∃m ∈Mt , s.t. zm,i = 1 and Li = 0 then � EET

10: Choose arm m ′ given in (11) and get latency Dt
m ′ .

11: Set μ̂i = x tm ′ which is given in (12).
12: else
13: Choose arm m ′ given in (14) and get latency Dt

m ′ .
14: for i = 1, . . . ,S do

15: Update μ̂i ←
μ̂iLi + x tm ′zm ′,i

Li + zm ′,i
.

16: end for
17: end if
18: Update Li ← Li + 1. � Counter update
19: for i = 1, . . . ,S do
20: if ∃m ∈Mt , s.t. zm,i = 1 then
21: Update Ki ← Ki + 1.
22: end if
23: end for
24: end for

Lemma 1 indicates that Ni ,j increases logarithmically
with T. On this basis, we can arrive at the following theorem.

Theorem 1: For a total number of T tasks, R(T) can be
bounded as

R(T ) ≤ E

⎡
⎣ S∑
j=2

j−1∑
i=1

(
Ni ,j−Ni−1,j

)
Δ+

i ,j

⎤
⎦

≤ [4β lnT+O(1)]

S∑
j=2,z0,j=0

j−1∑
i=1

Δ+
i ,j−Δ+

i+1,j(
Δ−

i ,j

)2 . (19)

Proof: See Appendix B.
Theorem 1 indicates that the regret R(T) can be well con-

strained with a larger Δ−
i ,j , and it is sublinear in the task

horizon T, i.e., R(T ) = O(T γ) with γ < 1 [20]. This regret
bound guarantees that the OL algorithm has asymptotically
optimal performance, since limT→∞R(T )/T = 0 holds.
This means that the OL algorithm converges to the oracle
benchmark.

Fig. 3. The cumulative bit latency and energy consumption versus η1 with
T = 2000.

IV. SIMULATION RESULTS

In this section, we present numerical results to demonstrate
the superiority of the OL algorithm. In the simulation, the
distance d tm is draw from a uniform distribution U(0, 0.2) in
kilometers, and the number of ENs in the region M t ≥ 5.
We set ct ∈ [1, 5] × 108 CPU cycles, st ∈ [1, 5] × 104 bits,
λ = 104 cycles/bit, N0 = −174 dBm/Hz, Ps = 24 dBm,
W = 0.8 MHz, S = 11, u0 = 1.5 × 107 Hz, and E[ut

m] ∈
{0.5, 1, 1.5, 2, 2.5, 3, 4, 5, 6, 7} × 108 Hz (m �= 0).

We compare the cumulative bit cost of the OL algorithm
with the oracle and several other algorithms in Fig. 2 with
different values of η1 and η2. The random algorithm randomly
chooses arm m ∈ N t (TaV or EN). The ε-Greedy algorithm
chooses arm m ∈ N t with the minimal estimated bit cost
based on current knowledge, but attempts to select other arms
with a probability 0.1. The explore-then-commit (ETC) algo-
rithm explores each arm for a certain number of times (we set
1 in our simulation), and then stick to the one with the min-
imal bit cost [20]. The UCB1 algorithm chooses arms based
on their expected cost and upper confidence indexes [10]. It is
clearly shown in Fig. 2 that the OL algorithm outperforms all
the algorithms except the oracle one in all three scenarios. In
particular, the OL algorithm performs very close to the oracle
one, and the gap between them increases when η1 increases.

Fig. 3 shows the impact of weighting parameters η1 and η2
on the cumulative bit latency and energy consumption (see (5))
of the OL algorithm and the oracle one with T = 2000. In
particular, we set η1 + η2 = 1. We find that with the increase
of the latency weighting parameter η1, both algorithms care
more about latency performance, and their cumulative bit
latency decreases. We also find that the cumulative bit latency
of the OL algorithm decreases with η1 smoothly, while that
of the oracle algorithm keeps stable when 0 ≤ η1 ≤ 0.3,
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0.4 ≤ η1 ≤ 0.5, and 0.55 ≤ η1 ≤ 0.8. This shows that when
η1 is located within these ranges, the bit cost is dominated by
x tm (y tm has a minor impact) and the oracle algorithm always
chooses the arms (best ones) whose x tm follow the same distri-
bution. Instead, the OL algorithm without a perfect knowledge
of x̄m may try other arms, but it keeps close to the oracle one.
A Similar conclusion can be drawn for η2 and cumulative bit
energy consumption.

V. CONCLUSION

In this letter, we studied the distributed task offloading in a
vehicular edge computing system. We formulated the offload-
ing as a mortal multi-armed bandit problem, which is quite
challenging due to the mortal feature where the set of can-
didate arms is evolving with time. To address this problem,
we proposed a novel OL algorithm by incorporating contex-
tual information into the candidate arm. We proved that the
proposed algorithm has a sublinear learning regret. Simulation
results shown its advantages over existing algorithms.

APPENDIX A
PROOF OF LEMMA 1

Proof: For 1 ≤ i < j ≤ S where z0,j = 0, let Qi ,j =
4β lnT/(Δ−

i ,j )
2, then Ni ,j can be bounded as

E[Ni,j ] ≤ Qi,j+
T∑

t=Qi,j

1
{∀ik=1

(
μ̂t
j−C t

j ≤ μ̂t
k−C t

k

)}
. (20)

where μ̂ti and C t
i denote the value of μ̂i and Ci on round t,

respectively. Define an event E as μ̂ti ∈ [μi − C t
i , μi + C t

k ]
for k ∈ {1, . . . , i , j}. Since Lt

j > Qi ,j and K t
j < T , when E

happens, we have

μ̂tj − C t
j ≥ μj − 2C t

j > μk ≥ μ̂tk − C t
k . (21)

Therefore, μ̂tj − C t
j > μ̂tk − C t

k when E happens. With the
help of Hoeffding’s inequality, we can rewrite (20) as

E
[
Ni ,j

]

≤ Qi ,j+

T∑
t=Qi,j

(
1
{
∀ik=1

(
μ̂tj−C t

j ≤ μ̂tk−C t
k

)}
,¬E

)

≤ Qi ,j+

T∑
t=Qi,j

¬E ≤ Qi ,j+

∞∑
t=1

i+1

t4
= Qi ,j+O(1). (22)

For 1 ≤ i < j ≤ S where z0,j = 1, we have μ̂tj ≥ μ̂ti − C t
i .

Thus, E[Ni ,j ] = 0. Therefore, we finish the proof.

APPENDIX B
PROOF OF THEOREM 1

Proof: Based on Lemma 1, we have

R(T ) ≤ E

⎡
⎣ S∑
j=2

j−1∑
i=1

(
Ni ,j−Ni−1,j

)
Δ+

i ,j

⎤
⎦

=

S∑
j=2

j−1∑
i=1

E
[
Ni ,j

](
Δ+

i ,j−Δ+
i+1,j

)

= [4β lnT+O(1)]

S∑
j=2,z0,j=0

j−1∑
i=1

Δ+
i ,j−Δ+

i+1,j(
Δ−

i ,j

)2 , (23)

where N0,j = 0.
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