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ABSTRACT
The accelerated adoption of EVs in the last few years has
raised concerns that the power grid can get overloaded when
a large number of EVs are charged simultaneously. A promising direction is to implement large scale automated scheduling of EV charging at public facilities, by exploiting the
time elasticity of charging requests. In this work, we study
the problem of online EV charging for maximizing the total
value of served vehicles minus the energy cost incurred. In
contrast to most previous works that assume a fixed capacity constraint while ignoring the electricity cost, we adopt
a convex cost model for the system operator together with
a concave valuation model for the vehicle owners. We design an online algorithm for balancing the two and prove a
bound on its competitive performance for a general class of
valuation and cost functions.

Categories and Subject Descriptors
I.2.8 [Problem Solving, Control Methods, and Search]:
Scheduling; I.1.2 [Algorithms]: Analysis of algorithms

Keywords
Electric vehicle charging; deferrable load control; online algorithms

1.

INTRODUCTION

The past few years have witnessed increasing interest in
Electric Vehicles (EVs) including both plug-in hybrid electric vehicles (PHEVs) and fully electric vehicles, driven by
the advances in battery technology and the necessity of reducing carbon emissions and dependence on petroleum. It
is projected that the adoption of EVs is likely to accelerate
in the next decade. For instance, the U.S. government calls
for deploying 1 million PHEVs by 2015 [17], and a recent
Gartner report estimates that by 2020, 10% of all vehicle
sales will be EVs [13].
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The accelerated adoption of EVs, however, leads to the
concern that when a large number of EVs are charged simultaneously in a local area, which is likely to happen in
the near future, the local power grid can easily get overloaded. To address the problem, a promising direction is to
investigate large scale automated scheduling of EV charging [1, 8, 10]. The key observation is that vehicle owners
often exhibit some flexibility in their charging requests, including the time period of getting charged, and in the case
of PHEVs, the total amount as well. By exploiting the statistical multiplexing gain and the time elasticity of charging
requests, coordinated charging can greatly improve energy
efficiency while meeting the utility of vehicle owners. Such a
scheme can be implemented in public areas such as parking
garages and working places, as envisioned in [8].
In this work, we study the problem of online EV charging for maximizing the total value of served vehicles minus
the energy cost incurred. As in [10, 18, 19], each request is
characterized by a time window that models the time elasticity of the vehicle owner, a concave function that models
the non-increasing marginal valuation for incremental unit
of electricity, and a charging rate limit. Moreover, we model
the energy cost at any time as a convex function of the total
load at that time. The convex cost model has been widely
adopted for modeling energy cost, and reflects the fact that
each additional unit of power for meeting the increased load
is more expensive to obtain [14, 16].
We have designed an online algorithm to this problem
that requires no knowledge of future requests while achieving a comparable efficiency as the optimal offline solution.
Our analysis is built upon a recently developed primal-dual
framework for competitive analysis of online algorithms [6,
12], while allowing a more general class of utility and cost
functions. In addition to EV charging, our study applies
to welfare maximization of other types of resources where
the demand side has a concave utility and exhibits time
elasticity, while the supply side incurs a convex cost, e.g.,
scheduling of computing tasks in a data center and allocating bandwidth in a communication network.
There are several online algorithms designed for coordinated EV charging [7,8,10,19]. In [10], a greedy algorithm is
proposed for maximizing the total valuations of vehicle owners subject to a capacity constraint of the distribution network. To cope with the strategic behavior of selfish agents,
the algorithm is extended to an online mechanism by allowing some pre-allocated units to be “burned.” The approach
is further extended in [19] to allow multiple charging rates.
In another direction, the problem of EV charging with com-

mitment is considered in [7, 8], where each agent requests a
fixed amount of resource, and a request has to be either accepted or rejected at its arrival time. A penalty is incurred
if an accepted request is not fulfilled by the deadline.
However, most previous works on EV charging assume a
capacity constraint while ignoring the electricity cost. One
exception is [8], where a linear cost is considered together
with a linear valuation. For a large system with high peak
load, however, it is often more expensive to generate the supplementary power for meeting the peak load, and a convex
cost model better reflects the real cost of electricity [14, 16].
On the other hand, the problem of minimizing a convex energy cost for serving deferrable electric load has also been
considered, under the assumption that all the requests have
to be satisfied in full [14]. In practice, however, the charging
demand of an EV often exhibits some flexibility in terms of
the total amount needed, which is better captured by a concave valuation function. Moreover, the approach in [14] does
not provide any worst-case performance guarantee. Our
approach generalizes these two extreme cases by modelling
flexibilities in both the demand and the supply, a better reflection of the reality, while ensuring a performance bound
even in the worst-case. In the offline setting, welfare maximization for electric load management with general concave
valuations and convex costs has been considered in [16].
However, the problem has not been studied in the online
setting to the best of our knowledge. In a different context,
a recent work considered the problem of pricing a set of
items with general production cost to a sequence of buyers
to maximize social welfare or profit [3]. The approach does
not apply to expiring resources like electricity and does not
consider the time elasticity of demand.
Our main contribution can be summarized as follows.
• We develop an online algorithm that balances the total
value of served vehicles and the total energy cost for
charging.
• For continuous charging rate (and under some further
assumptions to be defined precisely in Section 4), we
establish a performance bound of our online algorithm
compared with the optimal offline algorithm, based on
a characterization of the concavity (resp. convexity)
of the valuation functions (resp. cost functions). We
further study the competitive performance of our algorithm for concrete examples of valuation and cost
functions.
• Simulation results show that our algorithm achieves
close to optimal performance even when the charging
rate is discrete, compared with the optimal offline solution with continuous charging rate.
The remainder of this paper is organized as follows. We
present the system model and the welfare optimization problem in Section 2. Our online algorithm is developed in Section 3, where we also present two heuristics as baselines.
The competitive performance of our algorithm is studied in
Section 4. We evaluate our algorithm in Section 5, and conclude the paper in Section 6.

2.

SYSTEM MODEL AND PROBLEM FORMULATION

In this section, we discuss our system model and major
assumptions made, and present the optimization problem to
be studied.

Consider a system operator that manages multiple charging points. As in [10,19,20], we assume that there are enough
charging points so that no agent needs to wait to be charged.
A time-slotted system is considered. In any time-slot t, the
operator incurs a cost gt (zt ) for serving a total amount zt
(kWh) of charging request. Note that gt (·) may vary over
t in general. We assume that gt (·) is non-decreasing and
convex, gt (0) = 0, and gt (·) is known to the operator 1 . Let
N = {1, ..., N } denote a set of agents, each operating a single EV on behalf of its owner. Each agent i is described by
its type θi = (fi , ai , di , Xi , Yi ), where fi (·) specifies its valuation function, Xi denotes its maximum charging rate, i.e.,
the maximum amount of electricity that i can charge in any
time-slot, and Yi is the maximum amount of electricity that
i would like to obtain, beyond which, there is no extra value.
Agent i arrives at the beginning of time-slot ai , and departs
by the end of time-slot di , and obtains a valuation fi (yi ) if it
receives a total amount of electricity yi on departure. Such a
total energy requirement model with continuous service rate
has been used in [1, 9] for modeling energy demand of EVs
and other deferrable electric loads. As in [19], we assume
that fi (·) is non-decreasing and concave, and fi (0) = 0 for
any i. Note that Yi can be incorporated into the definition of
fi . We choose to separate them for the sake of clarity. We
assume that the agents always report their true types on
their arrivals. Extension of our online algorithm to a truthful online mechanism will be part of our future study. Let
D = maxi (di − ai + 1) denote the maximum time elasticity
of any requests.
Agents are sorted by their arrival times (ties are broken
arbitrarily). Let T denote the last departure time, i.e., T =
maxi∈N di . Let xit denote the amount of electricity that
agent i obtains at time t, and let x , {xit : 1 ≤ i ≤ N, 1 ≤
t ≤ T }. Our objective is to maximize the social welfare
of both the system operator and the customers, that is, the
total valuations of customers minus the total electricity cost:
max
x

N
X
i=1

fi (

T
X
t=1

xit ) −

s.t. 0 ≤ xit ≤ Xi ,
xit = 0,
T
X
t=1

xit ≤ Yi ,

T
X
t=1

gt (

N
X

xit )

i=1

∀i, t,
∀i, t 6∈ [ai , di ],
∀i.

We note that the offline problem is a convex optimization
problem, which can be solved to any accuracy in polynomial
time for a large class of f and g. Our objective, however,
is to study the problem in the more challenging online setting, where agents of different types arrive on the fly, and
at any time t, the system operator only has the information
of agents that are currently in the system and that have left
the system by t. Our objective is to design online algorithms
that are competitive with respect to the optimal offline algorithm. An online algorithm is q-competitive for some q ≥ 1
if it achieves at least 1/q of the optimal offline social welfare
in the worst case [4].
As we will discuss in Section 4, our analysis focuses on
the “continuous” setting when fi and gt are continuously
differentiable, and xit are continuous. However, our algo1
At any time t, it is sufficient for our algorithm to know gτ (·)
for τ ∈ {t, t + 1, ..., t + D − 1}, where D = maxi (di − ai + 1).

Table 1: Notation List
N
N
T
gt
ct,k
zt
fi
vi,k
ai , di
θi
D
xit
yi
Xi
Yi
δ
γ

Set of agents (charging requests)
Total number of requests
Last departure time
Cost function at time t
Marginal cost for serving the k-th unit at time t
Total amount of electricity consumed at time t
Valuation function of agent i
Marginal valuation of the k-th unit for agent i
Arrival time, departure time of agent i
Type of agent i, where θi = (fi , ai , di , Xi , Yi )
maxi∈N (di − ai + 1)
Amount of electricity given to agent i at time t
Total amount of electricity given to agent i
Maximum charging rate of agent i
Maximum amount of electricity required by agent i
Charging unit
Revocation coefficient

rithm applies to more general forms of fi and gt , and to the
“discrete” case when the values of xit need to be a multiple of some charging unit δ. In the discrete case, we define
vi,k = fi (kδ) − fi ((k − 1)δ) as the k-th marginal valuation
P⌊yi /δ⌋
to agent i. Then we have fi (yi ) = k=1
vi,k . The concavity of fi implies that vi,k ≥ vi,k+1 , ∀i, k. Hence, a discrete
valuation function can be equivalently defined as a vector
of marginal valuations. Similarly, we define ct,k as the kth marginal cost for the cost function gt . The convexity of
gt then implies that ct,k ≤ ct,k+1 , ∀t, k. Note that the continuous case can be viewed as an extreme of the discrete
case when δ → 0. To simplify the notation, we also use
marginal valuation (cost) to denote the derivative of a continuous valuation (cost) function. Simulation results show
that our algorithm achieves close to optimal performance
even when xit are discrete, compared with the continuous
offline optimal (note that in general, it is NP-hard to find
the optimal (offline) solution in the discrete case).
In our analysis and evaluation, we will consider the following commonly adopted valuation and cost functions as
examples (our analysis applies to more general f and g). For
cost functions, we will consider gt (zt ) = ct ztα for some ct > 0
and α ≥ 1, where ct varies over time, which has been widely
adopted for modeling energy cost [14]. We also consider two
extensions to this model that incorporate free renewable energy and base load, respectively (see Section 4.3). For valuation functions, we will consider fi1 (yi ) = vi log(1 + yi ) and
fi2 (yi ) = vi yiβ for vi > 0 and β ∈ [0, 1]. Note that when
the parameter vi is identical for all the agents, f1 and f2
are closely related to the well-known notions of proportional
fairness and α-fairness [15], respectively.

3.

ONLINE ALGORITHMS

In this section, we present our online algorithms for the
EV charging problem. We first consider the case when f
and g are continuously differentiable, and xit are continuous.
Extensions to more general f and g and to discrete xit will be
discussed at the end of the section. We start with two simple
online solutions adapted from existing algorithms proposed
in related settings [12, 19] (Section 3.1). A careful study of
these algorithms reveals their weakness in our context. They
also serve as baselines in our simulations (see Section 5). We
then propose a more sophisticated solution in 3.2.

3.1 Two Simple Algorithms
The first algorithm we consider is adapted from an online
algorithm for a multi-speed EV charging problem proposed
in [19], where instead of the electricity cost, a capacity constraint is considered. The objective is to maximize the total
valuations of all the agents subject to a constraint on the
total amount that can be served at any time. For any agent
i, let yit denote the total amount of electricity that agent i
received by time t. An agent i is active at time t if t ∈ [ai , di ]
and yit < Yi . The online algorithm greedily serves the active
requests in each time-slot as follows. At any time t, active
agents are served in a non-decreasing order of fi′ (yit ) subject to the capacity constraint and the charging rate limit
of each agent. Let zt denote the current load at time t. To
adapt this algorithm to our problem, we observe that when
electricity cost is introduced, it is beneficial to serve agent i
at time t only if fi′ (yit ) > gt′ (zt ). We therefore modify the
algorithm as follows.
Per-Time Allocation (PT): At each time t, active agents
are served in a non-decreasing order of their marginal valuations, subject to their charging rate constraint. The process
repeats until maxi fi′ (yi ) ≤ gt′ (zt ).
Note that PT does not exploit time elasticity explicitly. As
an illustrative example, consider a system of three agents,
and assume gt (zt ) = 0.5zt2 for all t. Agent 1 and 2 arrive at
time 1, where θ1 = (1.5y1 , 1, 2, 1, 1) and θ2 = (1.5y2 , 1, 1, 1, 1)
(see Figure 1 (a)). Since the two agents have the same
marginal valuation, they can be served in any order. Assuming they are served with equal chance, each of them receives
0.75 units in the first time-slot, so that the marginal valuation of each agent equals to the marginal cost in the first
time-slot, both equal to 1.5. Agent 2 then departs at the end
of time-slot 1 and agent 3 arrives at the beginning at timeslot 2 where θ3 = (2y3 , 2, 3, 2, 3). Note that at time 2, agent
3 receives 2 units while agent 1 (still in the system) is not
served as it has lower marginal valuation than agent 3. Finally, at time 3, agent 3 receives 1 more unit since Y3 = 3 and
then departs. The total welfare achieved can be computed
as 1.5 × (0.75 + 0.75) + 2 × 3 − 0.5 × (1.52 + 22 + 12 ) = 4.625.
The second algorithm that we consider is originally proposed for serving computing tasks using a single machine
with speed scaling [21]. In this context, each job requires
certain amount of CPU cycles, and the power consumption
at any time is a function of the processor speed. The objective is to minimize the total energy consumption for serving
all the requests (partial fulfillment is not beneficial) subject
to their deadline constraints. We consider the greedy online
algorithm recently proposed in [12]. In contrast to PT, a
plan is made for each request at its arrival time to exploit
the time elasticity of requests. The algorithm can be interpreted in our context as follows. A schedule is found for each
request at its arrival time, which remains fixed for its entire
lifetime in the system. To serve agent i, the time slots in
[ai , bi ] of minimum load (given the current allocations made)
are first considered, subject to the charging rate constraint.
The process repeats until i’s request is satisfied. The algorithm then moves on to the next agent. A simple approach
to adapt this algorithm to our setting is to stop allocation
for agent i when fi′ (yi ) ≤ minτ ∈[ai ,bi ] gτ′ (zτ ).

On-Arrival Allocation (OA): At each time t, for each
agent i that arrives at t, the load of all the time slots τ ∈
[ai , di ] with minimum gτ′ (zτ ) are increased for serving i, sub-
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Figure 1: An example of EV charging with three agents.
ject to the charging rate constraint, until fi′ (yi ) ≤

gτ′ (zτ ).

min

τ ∈[ai ,bi ]:xiτ <Xi

Consider the three agent example again. In the beginning
of time-slot 1, a plan is made for agent 1 first. Agent 1
receives 0.5 unit in time-slot 1 and 0.5 unit in time-slot 2
(see Figure 1(b)). Agent 2 then receives 1 unit in timeslot 1. When agent 3 arrives at time 2, time-slot 3 is first
considered for serving agent 3 as it has the minimum load.
Once the load of time 3 increases to 0.5, the load of timeslot 2 increases together with that of time-slot 3 until agent
3 receives its maximum required amount of 3 units, with
1.25 unit served in time 2 and 1.75 unit served in time 3.
The total welfare achieved in this case is 1.5 × (1 + 1) + 2 ×
3 − 0.5 × (1.52 + 1.752 + 1.752 ) = 4.8125.

Discussion: The main problem with the PT algorithm is
that the time elasticity of requests is largely ignored. In
particular, the algorithm tends to serve requests as fast as
possible subject to the charging rate constraint, which can
lead to a high cost. Consider a simple example with m
agents of the same type θi = (yi , 1, m, 1, 1), and gt (zt ) =
0.25zt2 for all t. Then PT will serve all the agents in the first
m/2 time-slots, with two agents served together in each of
these time-slots, leading to a welfare of m − m/2 = 0.5m.
On the other hand, in the optimal solution, each agent is
served 1 unit in a different time-slot, leading to a welfare
of m − 0.25m = 0.75m. This result can be made worse
when the marginal cost is smaller. In general, we expect
that PT performs worse when the average time elasticity
is high and traffic load varies over time (so that the time
elasticity can potentially be exploited), which is confirmed in

our simulations. The example reveals that instead of making
decisions for each time-slot separately, a plan for the future
is needed to reduce the cost.
On the other hand, the OA algorithm tends to reduce
electricity cost by making a plan for each agent as early as
possible. However, since a schedule for each request is fixed
at its arrival time and cannot be modified for its entire lifetime, it can prevent future requests with higher marginal
valuations from being served. This can happen especially
when the system load is relatively high. For instance, consider the three agent example in Figure 1(b) again. The key
observation is that the welfare can be improved if part of
the allocation to agent 1 can be revoked to serve agent 3.
Note that the decision for agent 3 is made at the beginning
of time 2, where the allocation for agent 1 at time 2 can still
be modified. In making the scheduling decision for agent
3, when the load of both time-slots 2 and 3 increase to 1.5,
the marginal cost in both time slots equals to the marginal
valuation of agent 1. Starting from that point, instead of
further increasing the load, it is more efficient to displace
the allocation made for agent 1 at time 2 and reassign the
units to agent 3 (see Figure 1(c)). The total welfare is then
improved to 1.5 × (1 + 0.5) + 2 × 3 − 0.5 × (1.52 × 3) = 4.875.

3.2 An Online Algorithm with Revocation
Based on the above discussion, we then design an online
algorithm that combines two key ideas: (1) for any request,
a tentative schedule that looks into the future is needed for
exploiting the time elasticity of requests; (2) tentative allocations made for existing requests should be revocable for
serving new requests with higher valuations. Our algorithm

is built upon the framework of OA, where for any agent i,
a tentative schedule is determined at its arrival time ai . In
making the decision, however, allocations within the interval
[ai , di ] made for previous agents can be reassigned to agent
i if the marginal valuation of the latter is higher than the
marginal valuation of the former by a factor γ ≥ 1. The parameter γ is called revocation coefficient and is selected
by the algorithm according to the shapes of the valuation
and cost functions. Approaches for determining a desired γ
will be studied in Section 4.
We now discuss our On-Arrival Allocation with Revocation (OAR) algorithm in detail. The algorithm maintains
the total amount of electricity consumed in each time-slot
t, denoted as zt , which is initialized to 0. At any time t,
for each agent i that arrives at t, a tentative schedule is
made for i as follows. For each time-slot τ ∈ [ai , bi ], let xiτ
denote the
Pamount of electricity given to i in time τ , and
let yi =
τ xiτ denote the total amount that i receives.
These variables are initialized to 0. The tentative schedule
for agent i is made in multiple iterations (lines 3-41). In
each iteration, certain amount of electricity is allocated to
i until yi equals to Yi , the maximum amount that agent i
requires, or when there is no benefit of serving more for i.
In each iteration, let H denote the set of time-slots in
[ai , di ] where agent i can receive more electricity subject to
its charging rate limit (line 4). Let dc denote the minimum
marginal cost in these time-slots, and let H ′ denote the set of
time-slots in H that achieves this minimum (line 9). These
are the most cost-effective time-slots for serving i. Moreover, let J denote the set of agents from which the current
allocation can potentially be revoked for serving i (lines 1011). These agents have to satisfy the following necessary
conditions:
• They arrived before i;
• They have received some amount in H ′ ;
• Their marginal valuation (with respect to their current
allocations) is less than fi′ (yi )/γ, where γ ≥ 1 is the
revocation coefficient, and no larger than dc.
If J is nonempty, let dv denote the minimum marginal valuation for agents in J, and let J ′ denote the set of agents in
J that achieves the minimum. Otherwise, let dv = dc and
J ′ = ∅ (lines 12-18).
If neither dc nor dv is less than fi′ (yi ), there is no benefit of
serving more for agent i. The algorithm moves on to the next
agent (lines 19-21). Otherwise, we set H ′ = ∅ if dv < dc,
since in this case, it is more cost-effective to revoke existing
allocation instead of allocating more. The algorithm then
invokes a procedure Increment to identify a small increment
δτ for each τ ∈ H ′ , and a small amount δj to be displaced for
each j ∈ J ′ (line 25). The procedure Increment identifies the
maximum possible amount of increment (revocation) while
meeting the following criteria:
• The new value of yi after increment (revocation) is
bounded by Yi ;
• The new marginal cost (valuation) of these time-slots
(agents) after increment (revocation) should still equal
to each other, and no larger than the derivatives of
untouched time-slots in H and agents in J, and that
of fi′ (yi );
• If δj > 0 is applied to an agent j ∈ J ′ , then δj should
be small enough so that fj′ (yj ) ≤ fi′ (yi )/γ after revocation.

On-Arrival Allocation with Revocation (OAR)
zt ← 0, ∀t
γ ← γ ∗ as determined by Equation (12)
In each time-slot t
1: for each agent i that arrives at t do
2:
xiτ ← 0, yi ← 0, ∀i, τ
3:
while yi ≤ Yi do
4:
H ← {τ : ai ≤ τ ≤ di , xiτ < Xi }
5:
if H == ∅ then
6:
break
7:
end if
8:
dc ← minτ ∈H gτ′ (zτ )
9:
H ′ ← {τ ∈ H : gτ′ (zτ ) == dc}
10:
J ← {j < i : xjτ > 0 for some τ ∈ H ′ ,
11:
fj′ (yj ) < fi′ (yi )/γ, fj′ (yj ) ≤ dc }
12:
if J == ∅ then
13:
dv ← dc
14:
J′ ← ∅
15:
else
16:
dv ← minj∈J fj′ (yj )
17:
J ′ ← {j ∈ J : fj′ (yj ) == dv}
18:
end if
19:
if fi′ (yi ) ≤ min(dc, dv) then
20:
break
21:
end if
22:
if dv < dc then
23:
H′ ← ∅
24:
end if
25:
({δj }, {δτ }) ← Increment(H, J, H ′ J ′ , yi )
26:
for τ ∈ H ′ do
27:
zτ ← zτ + δτ , xiτ ← xiτ + δτ , yi ← yi + δτ
28:
end for
29:
for j ∈ J ′ do
30:
δ0 ← δj
31:
for τ ∈ H ′ and xjτ > 0 do
32:
δ1 ← min(δ0 , xjτ , Xi − xiτ )
33:
xjτ ← xjτ − δ1 , yj ← yj − δ1
34:
xiτ ← xiτ + δ1 , yi ← yi + δ1
35:
δ0 ← δ0 − δ1
36:
if δ0 ≤ 0 then
37:
break
38:
end if
39:
end for
40:
end for
41:
end while
42: end for

The load in each time-slot τ ∈ H ′ then increases by δτ , and
the allocation of i is updated accordingly (lines 26-28). Similarly, for each agent j ∈ J ′ , total amount of δj is displaced
from the time-slots in H ′ where j has non-zero allocation,
which is reassigned to i subject to the charging rate constraint of i (lines 29-40).
Remark 1: When the functions f and g have constant
or linear derivatives, the procedure Increment can be easily
implemented to identify the maximum possible increment
(revocation) subject to the required conditions. For general
f and g, however, it can be difficult to satisfy the criteria
above exactly while still making some progress in each step,
and some approximation might be needed. We will adopt
the following simple solution in our simulations. In each
iteration, only consider one time-slot τ in H ′ or one agent j
in J ′ , and increase the load of τ or revoke the allocation of
j by a small fixed amount δ > 0, where δ can be adjusted
to trade off the accuracy and the time complexity. We call
this procedure Simple-Increment.

One advantage of introducing a step size δ is that the
algorithm can then be easily extended to non-differentiable
f and g, and to the discrete case where xit requires to be
a multiple of a charging unit (a given system parameter).
In the later case, we can simply set δ to be the charging
unit, and replace all the derivatives by marginal valuations
or marginal costs. An extra unit of agent i is served at time
τ only if the marginal valuation of the next unit of i is higher
than the marginal cost for serving one more unit at time τ .
Similarly, a unit of agent j is displaced by a unit of agent i
only if the marginal valuation of the next unit of i is higher
than the marginal valuation of the last unit of j.
Remark 2: With Simple-Increment applied, the time complexity of the OAR algorithm can be determined as follows.
Let N denote the number of agents, Y = maxi Yi the maximum battery size of an EV, and D = maxi (di − ai + 1)
the maximum time elasticity of any agent. Each agent then
requires O(Y /δ) iterations to schedule, and the time complexity of one iteration is dominated by computing the set
J (lines 10-11), which requires O(N D) time. Therefore, the
algorithm has a time complexity of O( Yδ N 2 D).

4.

ANALYSIS OF ONLINE ALGORITHMS

We next study the performance of our online algorithm
presented in the previous section, by adopting a primaldual framework [6, 12]. As a classic tool for the design and
analysis of approximation algorithms in the offline setting,
primal-dual approach has recently been successfully applied
to online optimization with linear objectives [5, 6]. More recently, this approach has been extended to online non-linear
optimization as well. In particular, it has been used in [12]
to prove competitive results for the online energy minimization algorithm in the special case when the cost function is a
power function, as we mentioned in Section 3.1. Our analysis
extends this approach by considering both a general convex
cost and a general concave valuation function. To strike a
balance between the two, our approach is to properly determine the value of the revocation coefficient γ according
to the shapes of the valuation and cost functions. In our
proof, we need the following assumption (in addition to the
assumptions made in Section 2).
Assumption 4.1. f and g are continuously differentiable
and strictly increasing; xit are continuous (and can be arbitrarily small); and the Increment procedure (discussed in
Section 3.2) can by implemented exactly.
As we mentioned in Section 3.2, our algorithm applies to
the more general setting where a discrete charging unit δ
can be introduced. We expect that, when the unit δ can
be made small enough2 , similar competitive results as the
ones established below can be obtained for more general f
and g, e.g., a piecewise linear concave or convex function,
with little loss, at the expense of a higher complexity of the
algorithm. Extending our results to the setting where δ is a
given system parameter is part of our future work. On the
2

This can be made more precisely as follows. Consider a
system with a single request i and a single time-slot t, where
ai ≤ t ≤ di . Let Cit denote the optimal amount of request
i scheduled at time t that maximizes the welfare (ignoring
other requests and other time slots). Let C = mini,t Cit .
Effectively, C can be viewed as a notion of the capacity of
the system. Then we require that δ ≪ C.

other hand, we observe in our simulations (see Section 5)
that our algorithm achieves close to optimal performance
even under the discrete setting.

4.1 Preliminaries
To illustrate the primal-dual approach, we first rewrite the
primal problem as follows:
X
X X
max F (x, y) =
gt (
fi (yi ) −
xit )
x,y

i

s.t. yi ≤

X

t

xit ,

t

xit ≤ Xi ,

xit = 0,
xit ≥ 0,
0 ≤ yi ≤ Y i ,

i

∀i,

(1)

∀i, t,

(2)

∀i, t 6∈ [ai , di ],
∀i, t,
∀i.

(3)
(4)
(5)

where x , {xit } and y , {yi }.
We introduce a dual variable λi for the first constraint for
each i, and a dual variable µit for the second constraint for
each i and t. Let λ , {λi } and µ , {µit }. Let X denote
the set of x that satisfies constraints (3) and (4), and let
Y denote the set of y that satisfies the last constraint. We
consider the following dual function
X
X X
G(λ, µ) = max
fi (yi ) −
gt (
xit )
x∈X ,y∈Y

i

+
=

max

x∈X ,y∈Y

X

X
i

+

i

λi (

X
t

t

(fi (yi ) − λi yi ) +

XhX
t

i

i

xit − yi ) +
X

X
i,t

µit (Xi − xit )

µit Xi

i,t

(λi − µit )xit − gt (

X
i

xit )

i
(6)

By the weak duality theorem [2], the dual function yields
an upper bound on the optimal solution of the initial problem for any λi ≥ 0 and µit ≥ 0, ∀i, t. The main idea
of the online primal-dual approach is to set dual variables
b µ
(λ,
b) based on the values of the primal variables (x, y) determined by a (deterministic) online algorithm such that
b µ
G(λ,
b) ≤ qF (x, y) for some q ≥ 1, which then implies that
the online algorithm is q-competitive.

4.2 Analysis

We now study the performance of OAR. Our analysis is
centered at the choice of revocation coefficient γ based on a
characterization on the level of concavity (resp. convexity)
of f (resp. g). By the concavity of f and the assumption
that f (0) = 0, f (y) ≥ 0, ∀y ≥ 0, we have f ′ (y)y ≤ f (y) for
any y ≥ 0 (a formal proof can be found in [2]). Based on
′
this observation, we use φf (y) = ff(y)y
to characterize the
(y)
concavity of f at point y (see Figure 2 for an example), and
define φf = maxy≥0 φf (y). For instance, when f (y) = vy β
for some v > 0, β ≤ 1, we have φf = β. Similarly, we
′
(z)z
consider φg (z) = gg(z)
as a characterization of the convexity
of g at point z, and define φg = minz≥0 φg (z). Moreover,
for a given set of agents N and a time horizon T , we define
Φf = maxi∈N φfi , Φg = mint∈T φgt .
Consider an agent i scheduled by OAR. Let {e
xit } denote
P
the initial allocation made for i at its arrival, yei = t x
eit

gt

gt (

P

i

xit )

f ′(y)y

f (y)

′
φf (y) = ff(y)y
(y)

′(z)z
φg (z) = gg(z)

g(z)

y

gt′ (

z
g ′(z)z

x1t

x2t

x3t

P

x4t

Figure 3:
(a) φf

(b) φg

An example that shows
P
gt ( i xit ) in (8).

j≤3

P

xjt )x3t

i

P
gt′ ( j≤i xjt )xit

≥

Figure 2: Characterization of concavity (convexity) by φf (φg ).
the total amount of electricity given to i initially, and zei,t
the load in time-slot t right after the initial decision for i is
made. Let {xit }, y i , and z t denote the corresponding values
in the final allocation. We then set the dual variables as

′
zi,τ ) if yei = Yi ,
τ :e
xiτ >0 gτ (e
bi = max
λ
fi′ (e
yi )
if yei < Yi .

′
bi − gt (e
λ
zi,t ) if x
eit > 0,
µ
bit =
0
if x
eit = 0.

bi is set to the maximum marginal
That is, if yei = Yi , λ
cost for time slots where i has been initially allocated some
bi is set to the derivative of fi at yei .
amount. Otherwise, λ
Moreover, µ
bit satisfies the following complementary slackness condition.
Lemma 4.1. µ
bit = 0 when x
eit < Xi .

Proof. For any agent i and time-slot t, if x
eit = 0, then
µ
bit = 0 by the definition. Assume x
eit > 0. We need to
bi = gt′ (e
show that λ
zi,t ). First note that when agent i is initially scheduled in OAR, time-slots with minimum marginal
cost are always considered first. Therefore, we must have
gt′ (e
zi,t ) = maxτ :exiτ >0 gτ′ (e
zi,τ ) by the assumption that x
eit <
′
b
Xi . If yei = Yi , we then have λi = maxτ :exiτ >0 gτ (e
zi,τ ) =
gt′ (e
zi,t ). Next consider the case ye < Yi . We must have
fi′ (e
yi ) ≥ gt′ (e
zi,t ) since x
eit > 0. Moreover, since x
eit < Xi ,
zi,t ); otherwise i can be served
we must have fi′ (e
yi ) = gt′ (e
a larger amount at time-slot t by the assumption that the
bi =
derivatives are continuous. Therefore, we again have λ
gt′ (e
zi,t ).
b µ
Our objective is to establish an upper bound of G(λ,
b)
in terms of the objective
valueP
obtained by the online alP
gorithm, namely,
Our analysis is
i fi (y i ) −
t gt (z t ).
built upon the framework in
[12].
We
first
consider the
i
P hP b
P
last term in (6), maxx∈X t
(
λ
−
µ
b
)x
−
gt ( i xit ) .
i
it
it
i
P b
Let {b
xit } denote
P the values of {xit } that maximize i (λi −
µ
bit )xit − gt ( i xit ) subject to the constraints (3) and (4).
bi − µ
bit . It is then clear that, withLet j = argmaxi:ai ≤t≤bi λ
out loss of optimality, we can set x
bit = 0 for i 6= j, and the
bj − µ
problem can be simplified to maxxjt ≥0 (λ
bjt )xjt −gt (xjt ).
′
b
Since λi − µ
bit = gt (e
zi,t ) for any agent i with x
eit > 0, and
the load of a time-slot never decreases, we can take j as any
agent that is served in time-slot t in its final allocation, and
the objective is maximized
at x
bjt = z t . Therefore, the last
P
term in (6) becomes t (gt′ (z t )z t − gt (z t )).
P
We then consider the first term in (6), maxy∈Y i (fi (yi )−
bi yi ). For each i, let ybi denote the value of yi ≤ Yi that
λ

bi yi . Then we must have fi′ (b
bi or
maximizes fi (yi ) − λ
yi ) = λ
b
ybi = Yi . By the definition of λi , we observe that ybi = yei .
P
bi yei ). We then
Hence, the first term becomes i (fi (e
yi ) − λ
have
X
X
bi yei ) +
b µ
µ
bit Xi
(fi (e
yi ) − λ
G(λ,
b) =
i

+

=

X

X
i

+

i,t

(gt′ (z t )z t

t

fi (e
yi ) −

X
t

− gt (z t ))

X
X
bi yei −
µ
bit Xi )
(λ
t

i

(gt′ (z t )z t − gt (z t )).

(7)

Consider the second term in (7), we have
X
X X
X
X
bi x
bi yei −
µ
bit Xi )
λ
eit −
(
µ
bit Xi ) =
(λ
t

i

=

i

=

t

XX
i

t

(c) X

≥

bi − µ
(λ
bit )e
xit
gt′ (e
zi,t )e
xit

t

(b) X X

≥

t

t

i

(a) X X

gt′ (

i

X

xjt )xit

j≤i

gt (z t ).

(8)

t

where (a) follows from Lemma 4.1, (b) follows from the fact
that xit never increases after initial allocation in OAR and
the convexity of gt (recall that agents are sorted by their
arrival times), and (c) follows from the convexity of gt (see
Figure 3 for an explanation).
From (7) and (8), we now have
X ′
X
X
b µ
gt (z t )z t − 2
fi (e
yi ) +
G(λ,
b) ≤
gt (z t ).
(9)
t

i

t

Recall that our objective is to derive an upper bound of
P
P
b µ
G(λ,
b) in terms of i fi (yi ) − t gt (z t ). To this end, we
first make the following
P key observation,Pwhich establishes
an upper bound for i fi (e
yi ) in terms of i fi (yi ) as shown
in the lemma.
P
γ P
fi (y i ).
Lemma 4.2.
fi (e
yi ) ≤ γ−1
i

i

P
P
Proof. We will show i (γ−1)(fi (e
yi )−fi (y i )) ≤ i fi (y i ),
which implies the lemma. To simplify the description, we
prove the statement for the discrete version of OAR. To this
end, we view the charging opportunity in each time-slot as
multiple units of size δ. To abuse the notation a little bit,

we redefine fi in terms of units, and let yei and yi denote the
number of units allocated to agent i in the beginning and
in the end, respectively. The k-th unit that agent i obtains
has a marginal valuation vi,k = fi (k) − fi (k − 1). Assume
y i < yei . User i went through a sequence of revocations after its initial allocation, where units of higher indices (and
hence lower marginal valuations) are displaced first. All the
units with index y i and less are not reallocated. We note
that by allowing units of different sizes, the following proof
applies to the continuous case as well.
For agent i, each unit with index y i + 1 or higher went
through a sequence of reallocations, represented by (i1 , k1 ),
(i2 , k2 ), ..., (in , kn ), where in each pair, the first element denotes the agent that holds the unit, and the second element
denotes the index of the unit for that agent. Each agent
obtains the unit from the previous owner, and i1 is the first
agent that is allocated the unit and in the last. Let S denote
the set of units over all the time-slots that has even been reallocated. For each unit s ∈ S, let (is1 , k1s ), (is2 , k2s ), ..., (isns , kns s )
denoteP
the corresponding sequence of reallocations. Define
ns −1
s
s
Vs =
m=1 vim ,km , the sum of marginal valuations over
all the agentsP
in the sequence except
Pthe last one. We then
observe that i (fi (e
yi ) − fi (y i )) = s∈S Vs , since any reallocation is with
P
P respect to a unit in S. On the other hand,
s
s
i fi (y i ) ≥
s∈S vins ,kns , where the righthand side is the
sum of marginal valuations of all the units in S with respect
to the final agent that has the unit. The inequality follows
from the fact that some units, once allocated to an agent,
are never reallocated.
By the above observation, to prove the lemma, it is then
sufficient to show that (γ − 1)Vs ≤ visns ,kns s for any s. Consider one such unit with sequence (i1 , k1 ), (i2 , k2 ), ..., (in , kn ),
where s is omitted to simplify the notation. According to
OAR, (im−1 , km−1 ) is displaced by (im , km ) only if vim ,km ≥
γvim−1 ,km−1 . We prove by induction on n ≥ 2. For n = 2,
(γ − 1)V = (γ − 1)vi1 ,k1 ≤ vi2 ,k2 . Assume the statement
holds for n ≤ r. For n = r + 1, we have
(γ − 1)V =(γ − 1)
=(γ − 1)

r
X

vim ,km

r−1
X

vim ,km + (γ − 1)vir ,kr

m=1

≤vir+1 ,kr+1 .
We then establish connections between the total valuation
obtained and the total cost incurred by our algorithm in
the following lemma and its corollary, which paves the way
toward our main result.
P
P ′
Lemma 4.3. γ fi′ (yi )y i ≥
gt (z t )z t .
t

Proof. Consider any time instance in serving requests
using algorithm OAR. Let xit denote the current allocation
made for agent i in time-slot t, yi the total allocation currently made for agent i, and zt the current load in timeslot t. We claim that γfi′ (yi ) ≥ gt′ (zt ) for any t such that
xit > 0. Otherwise, there must be a piece of demand from
another agent j with derivative at least γfi′ (yi ) that is served
by increasing the load at t, which, however, should have
been served by displacing the allocation of i. It follows that

i

i

≥
=

t

XX
i

X

gt′ (z t )xit

t

gt′ (z t )

t

=

X

X

xit

i

gt′ (z t )z t .

t

We further have the following corollary.
P
P
Φ
gt (z t ).
Corollary 4.1.
fi (yi ) ≥ γΦgf
t

i

Proof. By the definition of Φf and Φg , we have
X
X ′
fi (y i ) ≥
fi (y i )yi /Φf
i

i

≥
≥

X

gt′ (z t )z t /(γΦf )

(Lemma 4.3)

t

Φg X
gt (z t ).
γΦf t

From (9), Lemmas 4.2 and 4.3, and Corollary 4.1, we have
X
X ′
X
b µ
G(λ,
b) ≤
fi (e
yi ) +
gt (z t )z t − 2
gt (z t )
i

t

t

X ′
X
γ X
gt (z t )z t − 2
gt (z t )
fi (yi ) +
≤
γ−1 i
t
t

(a)

(b)

≤

X ′
X
γ X
fi (yi )y i − 2
gt (z t )
fi (yi ) + γ
γ−1 i
i
t

≤(

X
X
γ
gt (z t )
+ γΦf )
fi (yi ) − 2
γ −1
t
i

(d) (

1
γ−1

(c)

≤

+ Φf )Φg − 2Φf h X
1
Φ
γ g

m=1

≤vir ,kr + (γ − 1)vir ,kr
=γvir ,kr

i

γfi′ (yi ) ≥ gt′ (z t ) for any t where xit > 0. Therefore,
XX ′
X ′
γfi (yi )xit
fi (yi )yi =
γ

− Φf

i

fi (y i ) −

X
t

(10)
i
gt (z t ) .
(11)

where (a) follows from Lemma 4.2, (b) follows from Lemma 4.3,
(c) follows from the definition of Φf , and (d) follows from
Corollary 4.1 and simple algebra. Given Φf and Φg , the coefficient in (11) can be minimized by choosing the revocation
coefficient to be
r
Φ2
Φg − 2 + Φfg − (1 + Φ1f )Φg + 2
γ∗ =
.
(12)
Φg − 1
Therefore, we obtain the following main result:
Theorem 4.1. OAR is
γ∗ =

Φg −2+

s

( γ ∗1−1 +Φf )Φg −2Φf

Φ2
g
−(1+ Φ1 )Φg +2
Φf
f

Φg −1

1 Φ −Φ
f
γ∗ g

-competitive, where

.

Remark 3: The fact that the total valuation obtained is at
Φ
least a factor ρ , γΦgf of the total cost incurred in algorithm
OAR, as proved in Corollary 4.1, is critical for deriving the
competitive factor in (11) from the weaker form of (10). It
can be seen that for a fixed γ, a larger ρ implies a smaller

1.7

30

1.6

25

competitive factor

competitive factor. In particular, for a given problem instance, the factor ρ can be improved by replacing Φf and
Φg with maxi φfi (yi ) and mint φgt (z t ), respectively. A further improvement is discussed in Example 4 below.

γ*

1.5
1.4

4.3 Examples

1.3

We now apply Theorem 4.1 to some concrete examples of
valuation and cost functions. In the examples, all the agents
are assumed to have the same type of valuation functions
and the system operator has the same type of cost functions
in all the time-slots. But the parameters of the functions
vary over agents and time, respectively.

Example 2: fi (yi ) = vi yiβ for some vi > 0 and β ∈ [0, 1],
and gt (zt ) = ct ztα for some ct > 0 and α ≥ 1. In this case,
we have Φf = β and Φg = α. In particular, when α =
2, β = 1/2, we have γ ∗ = 2, and OAR is 4-competitive. In
general, the competitive factor increases as α/β approaches
to 1 (see Figure 4(b)). However, we note that in the extreme
case when α = β = 1, that is, when both the valuation and
the cost functions are linear, the algorithm OA proposed in
Section 3.1 is optimal and revocation is not needed.
In both examples, we observe that the value of γ ∗ increases as α/β increases in most cases, and is minimized
when α/β → 1. This can be explained from Corollary 4.1
and Lemma 4.2. When Φg /Φf is small, a small γ is needed
to maintain the multiplicative factor in Corollary 4.1. On
the other hand, when Φg /Φf is large, a large γ is desirable
γ
as it minimizes γ−1
, the multiplicative factor connecting
the valuations of the initial and final allocation proved in
Lemma 4.2.
Example 3 (free renewable energy): gt (zt ) = ct [(zt −
zt0 )+ ]α for ct > 0, α > 1, zt0 > 0, where (x)+ , max(x, 0).
We use zt0 to model the amount of free renewable energy
available at time t. Note that gt (zt ) is continuously differentiable for α > 1, and gt′ (zt ) = ct α[(zt − zt0 )+ ]α−1 . Hence,
gt′ (zt )zt ≥ αgt (zt ), and φgt ≥ α. Therefore, a non-zero renewable energy supply actually helps with the competitive
performance (assuming it is predictable).
Example 4 (non-zero base load): gt (zt ) = ct [(zt +zt0 )2 −
(zt0 )2 ] for some ct > 0, zt0 > 0, where zt0 models the base load
in the system that is out of the control of the operator. We
g ′ (z )z
2(zt +zt0 )
have φgt = 1 since φgt (zt ) = gt t (zt t )t = zt +2z
→ 1 as
0
t
zt → 0. On the other hand, φgt (zt ) is increasing on zt and
approaches 2 as zt → ∞. Therefore, a single worst-case φgt
is not very expressive. Below we outline an approach for
improving Corollary 4.1, which can also be applied to other
cost functions with increasing φgt (zt ).
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(a) Logarithmic valuation
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competitive factor
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Example 1: fi (yi ) = vi log(1 + yi ) for some vi > 0, and
gt (zt ) = ct ztα for some ct > 0 and α ≥ 1. In this case, we
′ (1+y )]y
i
i
have Φf = 1 since φfi (yi ) = [log
→ 1 as yi → 0, and
log(1+yi )
√
α−2+ (α−1)2 +1
α ′
α
∗
.
Φg = α since (z ) z = αz . Therefore, γ =
α−1
In particular, consider the case when the cost function
has
a
√
linear derivative, that is, α = 2, we have γ ∗ = 2, and OAR
2
is (√2−1)2 (< 12)-competitive. In general, the competitive
factor obtained at γ ∗ increases as α approaches to 1 (see
Figure 4(a)). On the other hand, we observe that φfi (yi ) is
decreasing on yi and approaches to 0 as yi → ∞. Hence,
for a given problem instance, when yi is relatively large for
most requests, a smaller competitive factor can be expected.
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(b) Power function valuation

Figure 4: Competitive performance for two types of valuation
functions. In both (a) and (b), α is the power of the cost function,
and in (b), β is the power of the valuation function.
g ′ (z )

First, we define γt = maxi:xit >0 ft′ (yt ) . Then by a simii
i
lar argument
as in P
the proof of Lemma 4.3, we have γt ≤ γ,
P ′
and i fi (y i )yi ≥ t γ1t gt′ (z t )z t . Now apply a similar proof
P φgt (z t )
P
1
gt (z t ).
of Corollary 4.1, we get
t
i fi (y i ) ≥ Φf
γt

For any time-slot with xit > 0, we must have fi′ (yi ) ≥

2(zt +zt0 )
; hence, zt ≥ (γt −
2zt0
2((γt −1)z0 +z0 )
t
1)z0 . It follows that φgt (z t ) ≥ (γt −1)z0 +2z0 = γ2γ
; hence,
t +1
P
2
2
φgt (z t )/γt ≥ γt2+1 ≥ γ+1
. Therefore,
)
≥
f
(y
i
i i
(γ+1)Φf

gt′ (0). Therefore, γt ≤

gt′ (z t )
gt′ (0)

=

P

4.1 is applied with Φg =
t gt (z t ).PIn contrast, if Corollary
P
2
1
1, we get i fi (y i ) ≥ γΦ1
t gt (z t ). Since (γ+1) > γ whenf
ever γ > 1, a smaller competitive factor can be obtained
using this approach.

5. EVALUATION
In this section, we evaluate the performance of our online algorithm using simulations. We compare our OAR algorithm with PT and OA. The Simple-Increment approach
discussed in Section 3.2 is used to implement all the three
algorithms, where a discrete increment δ (i.e., the charging
unit) is applied in each iteration. For our algorithm, the
revocation coefficient γ is determined by Theorem 4.1. We
study the performance of these algorithms under different
values of δ, and compare them with the optimal offline solution (with continuous charging rate), obtained using the
CVX toolbox [11]. Our results show that the OAR algorithm
performs clearly better than PT and OA and achieves close
to the offline optimal welfare under various settings. The
simulation results also illustrate scenarios when PT or OA
does not perform well.

5.1 Setup
In our simulations, we assume that the number of new
arrivals of charging requests in each time-slot follows a Poisson distribution with mean λarr , independent of other timeslots. The active duration of each request follows an ex-
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Figure 5: Simulation results for logarithmic valuation function and quadratic cost.
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Figure 6: Simulation results for power valuation function and quadratic cost.
ponential distribution of mean λdur , independent of other
requests. All the time-slots have the same cost function
gt (zt ) = zt2 . All the requests have the same type of valuation
functions. Two types are considered: fi1 (yi ) = vi log(1 + yi )
√
and fi2 (yi ) = vi yi . The coefficients vi are generated from
a uniform distribution in [1,10]. All the requests have the
same charging rate limit Xi = 1 and the same maximum
charging amount Yi . The charging unit δ is chosen from
{0.001, 0.01, 0.1, 0.5, 1}. Each figure below illustrates the average results over 50 independent scenarios generated under
a given set of parameters, where 50 requests are generated
in each scenario.

5.2 Results
The simulation results for logarithmic valuation function
together with the quadratic cost are given in Figure 5. We
first set δ = 0.01 and plot the results in Figures 5(a)-5(c).
Since δ is small enough compared with Xi and Yi , the results
closely reflect what can be expected in the continuous charging rate regime. In Figure 5(a), we fix Yi = 5 and λarr = 3,
and plot the welfare achieved by different algorithms versus
the active duration mean (λdur ). We make the following observations: (1) Our algorithm achieves close to optimal welfare; (2) All the algorithms achieve better welfare for a larger
λdur , which reflects the benefit of introducing demand-side
time elasticity; (3) The gap between PT and our algorithm
(and the offline optimal) increases for larger λdur , which is
due to the fact that PT does not take the time elasticity of
requests into account explicitly when making charging decisions; and (4) Compared with PT, OA can better utilize large
λ, but it has the lowest welfare among the four algorithms.
The situation changes when we fix Yi = 1 instead as shown
in Figure 5(b). In this case, OA performs better than PT
except when λdur is very small. The intuition is that a small
Yi implies that the traffic load is relatively low (compared to
the cost). Hence, there is an opportunity to flatten the load
to reduce the cost when time elasticity allows, which, however, is not well utilized by PT. From Figures 5(a) and 5(b),

we also observe that our algorithm achieves close to optimal
performance even when the average time elasticity is low,
while the performance of PT and OA vary under different
scenarios.
Figure 5(c) shows the impact of mean arrival rate (λarr )
on the performance of the algorithms. Since we fix the number of requests to be 50, a larger λarr leads to a lower welfare
due to the higher density of the load. Moreover, since the
number of new requests in each time-slot follows a Poisson
distribution, a larger λarr also leads to a larger variance in
the arrival process. We observe that our algorithm always
achieves close to optimal performance. On the other hand,
the gap between PT and the optimal increases for a larger
λarr . This is also the case for OA, and can be more easily
seen when the valuation functions are power functions (see
Figure 6(c)). For PT, the problem is due to the fact that
time elasticity has been largely ignored, which, however, is
beneficial especially when the variance in workload is high.
On the other hand, OA suffers from the weakness that requests of high valuations can be blocked especially when the
system load is high.
We then study the impact of different charging unit δ.
The results are given in Figure 5(d), where we fix λarr =
3, λdur = 5, and vary δ in {0.001, 0.01, 0.1, 0.5, 1}. The offline optimal is still computed by assuming a continuous
charging rate since finding an optimal solution for a discrete charging rate is computationally difficult. We observe
that there is little performance loss for the three online algorithms when δ is changed from 0.001 to 0.1. Therefore,
a good competitive performance can be achieved at a relatively low complexity (recall that OAR has a time complexity of O( Yδ N 2 D) as discussed in Section 3.2). On the other
hand, the performance of the online algorithms clearly drop
when δ is lose to 1, the charging rate limit, due to the inherent integrality gap. However, we observe that our algorithm
still performs better than the other two even in this regime.
The simulation results for power valuation function and
quadratic cost are given in Figure 6, where we observe sim-

ilar trends as in the logarithmic valuation case discussed
above.

6.

CONCLUSION

To improve the energy efficiency in supporting large scale
EV charging, an effective approach is to study coordinated
charging schemes that can exploit the flexibilities at both
the demand side and the supply side. In this work, we propose an online algorithm for scheduling deferrable charging
requests to balance the total value of vehicle owners and
the total cost for providing charging service. Assuming that
the charging rate is continuous, we characterize the competitive performance of our algorithm in terms of the concavity of the valuation function and the convexity of the
cost function. Numerical results demonstrate that our algorithm achieves close to optimal performance even for discrete
charging rates.
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