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On Data-Driven Delay Estimation for Media Cloud
Liang Zhou

Abstract— It is well known that delay announcement is an
economical and efficient way to improve the user satisfaction
since the waiting time (delay) is an important performance
metric for media cloud. However, how to accurately estimate
the delay in an online-implementation manner is still an open
and challenging problem. In this work, we study the datadriven delay estimation in a practical cloud media with heavy
traffic, and propose an accurate estimation strategy only with
a small amount of data set. Importantly, we explicitly model
the subjective announcement-dependent user response via an
objective response function through the elaborate data analysis
and model. On the theoretical end, the user response in terms of
the estimated delay is characterized by the time window datacleaning, where an appropriate data set is set up through the
window function analysis. On the technical end, we analyze the
conditions for data-driven delay estimation, and prove that the
proposed method is able to obtain a near-optimal solution within
a finite time period. Extensive simulation results demonstrate the
efficiency of the proposed delay estimation method.
Index Terms— Media cloud, delay announcement, user satisfaction, user response.

I. I NTRODUCTION
ITH the tremendous developments of the multimedia
service in the mobile internet, multimedia traffics have
dominated the network contents. Media cloud, as a promising
and efficient multimedia processing and application platform,
has become the main solution of the large-scale multimedia
services in the big data era [1]–[5]. In particular, user-centric
multimedia service in the cloud has received significant attention in both academic and industry societies [6], [7]. In contrast
to the traditional multimedia communications only concern
about the quality of service (QoS), user-centric strategy pays
more attention to the subjective user satisfaction [8].
In terms of the user satisfaction for multimedia service
in the cloud, previous works have demonstrated that waiting
time is the core metric since usually the multimedia services
are delay-sensitive [9]–[12]. Thus, how to reduce the waiting
time has become one of the most important topics in the
framework of media cloud. Unfortunately, although a large
number of scheduling and resource allocation schemes have
been proposed, it is still very difficult to reduce the waiting
time significantly in particular for the dynamic multimedia
service environment. Thus, another kind of solution arises:
delay announcement, in which the system operator informs
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the user the exact waiting time (delay). Informally, delay is
denoted by the elapsed time from the service is requested to
the service is started.
For the ordinary data service in the cloud (for example,
short message service, etc.), delay is negligible due to the
enormous data processing capacity of the cloud, so there
is relatively little incentive to provide delay announcement.
However, for the large-scale multimedia services in the cloud
(e.g., video game, video communications, etc), the delay
becomes significant and non-ignorable [13]. In this case, delay
announcement is a very useful and inexpensive tool to improve
the user satisfaction. However, if the announced delay is not
accurate (e.g., the user cannot start his services given the
announced delay), user satisfaction will drop dramatically.
Therefore, how to provide an accurate delay announcement
is the core problem for delay announcement [14]–[18].
Generally speaking, delay announcement in the context of
media cloud can be briefly classified into two basic categories.
The first one is the QoS-aware (also called parameter-aware)
method, in which all the information of the system parameters
are collected to make the delay estimation [19], [20]. It is
similar to the traditional wireless video scheduling, in which
the delay estimation is calculated based on various delay
models. Obviously, this strategy is very simple for implementation, however, it is not applicable in a dynamic system
due to the time-varying parameters. Moreover, this method is
not suitable for the large scale media cloud since collecting
these parameters will yield additional communication and
computation overheads. Another line of the method is the
delay-history-based (or called data-driven) predictors. This
method is especially appealing because its implementation
only depends on the previous data not the system parameters
[12], [21], [22]. Moreover, this method has the advantage of
simplicity and transparency, in particular, they can be easily
interpreted and updated by the system operator. Nevertheless,
this method largely depends on the previous data, and the
data selection heavily impacts its performance. In particular,
due to the heterogeneities of service content, user request, and
delay response, it is extremely difficult to implement the data
selection from the big multimedia data [11].
From the perspective of user satisfaction, our work also
belongs to a line of literature that addresses the model of quality of experience (QoE), which also has two kinds: Bayesian
estimation [23], [24] and stochastic approximation [25]. Basically, Beyesian estimation applies the known distribution
information to estimate the forthcoming events. Typically,
it has the advantage of the low computational complexity,
however, it usually suffers from non-negligible estimation
errors due to the inaccuracy of the distribution, especially
for the subjective evaluation. The second method is based on
historic data. It is able to offer a robust performance but at the
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cost of the huge computational complexity. In some sense, our
work can be classified into this category, which uses previous
big data to establish the user satisfaction model. However,
our work also significantly differs from the existing works
along two respects. Firstly, we design an appropriate window
function to realize the data-cleaning. As such, we do not use
all the available previous data, but sample them to construct
a data set for delay estimation. Although this data set cannot
embody all the necessary information, a near-optimal decision
can be made with a relatively low computational complexity.
Secondly, we analyze the conditions to achieve an accurate
delay estimation in the framework of heavy traffic, and all the
results are stated in a precisely mathematical manner, which
can be viewed as a general design rule for media cloud.
In summary, the main contributions of this work are as
follows.
•

0

On the theoretical end, through designing an appropriate
window function to realize the data-cleaning, a simple
but efficient objective expression for the subjective user
response with respect to delay announcement is established for the heavy traffic regime. In particular, an
updated data-driven delay estimation method is proposed
in the framework of fluid model, which enables the cloud
designer to use only a small amount of data set according
to the user demand and user satisfaction, and to analyze
its impact in terms of the user response. Importantly, this
updated estimation method is able to adapt dynamic cloud
to various user subjective responses.
On the technical end, we analyze the conditions for datadriven delay estimation, and investigate the impact of
the data set on the subjective performance. Also, we
prove that the proposed updated data-driven method is
more applicable than the existing data-driven methods
by taking into account both the performance and cost.
In particular, the process of service dynamics can be
well modeled via an appropriate window function, and
the steady state distribution of the waiting time can be
described by the user response as well. Interestingly,

the updated data set is able to obtain a near-optimal
solution within a finite time period, which demonstrates
that an approximate optimal delay estimation exists in the
framework of fluid model with a finite time window.
The rest of the paper is organized as follows. Section II
describes a practical media cloud which is analyzed in this
work. In Section III, we study a simple case in which no user
response in considered. Subsequently, a more sophisticated
case with various user responses is investigated in Section IV,
in particular, an updated data-driven delay announcement is
proposed. Section V conducts extensive simulations to validate
our theoretical analysis. Section VI concludes the paper with
pointing out the future research directions.
II. S YSTEM D ESCRIPTION
We deploy a tuple (λ, N, α, µ, ρ) to describe a practical
media cloud, where the user arrival rate is represented by λ,
N denotes the number of the server in the cloud, α shows the
abandonment rate of the user before starting the service, the
service times are i.i.d. exponential random variables with rate
µ, thus the multimedia traffic intensity ρ can be calculated by
ρ = λ/N µ.
When a user requests the multimedia services via the cloud
at time t, to improve the user satisfaction, the cloud controller
or service provider will inform him a delay announcement dt
immediately. The user maybe choose to balk at the beginning
of his request with probability B (dt ). If he does not balk
(waiting for the service) at the beginning, he maybe abandon
before being served (leaving the waiting queue) with probability α (dt ), when the waiting time exceeds the announced delay
(In this case, the user satisfaction will be dropped dramatically,
the details will be analyzed in the Section III and Section IV).
As a result, the core problem lies in how to obtain an accurate
value of dt as much as possible, since both B (dt ) and α (dt )
heavily depend on that.
To illustrate the importance of the accuracy of dt , we test
two popular delay estimation methods: 1) parameter-aware
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[19], and 2) data-driven estimation [12]. In terms of the datadriven estimation, the window of the data acquirement W is
set by the available whole data space. Firstly, we introduce
the concept of the user dissatisfaction (UD), which is given
by [10]:


n
∑
1
2
U D = exp 
(dj − ej )  ,
n j=1
where n denotes the number of the users, dj shows the actual
delay for user j, and ej denotes the estimated value. Given
the user satisfaction model, we find that even the conservative
estimation also yields the user dissatisfaction. That is because,
any inaccurate delay announcement inevitably results in user’s
mistrust, which will degrade the user satisfaction eventually.
This point has been examined in the works [5], [14].
Fig. 1 exhibits the simulation results of the user dissatisfaction on the announced delay, where 100 users are served by
N (1 ≤ N ≤ 50) servers to capture the heavy traffic. Without
loss of the generality, the time unit of the system is set by the
basic unit of the service time, and µ is set by 1 for simplicity.
In terms of the dynamics of the user response, we assume a
deterministic model [3]1 as follows:
B (dt ) = 1 − exp (−dt ) ,
and
α (dt ) = 1 − exp (−0.5dt ) ,
for all dt ≥ 0. We consider two cases: 1) static case: ρ = 2,
λ = 2, and 2) dynamic case: ρ ∈ [1.5, 2.5], λ ∈ [1.5, 2.5].
Given the simulation results of Fig. 1, we can clearly observe that: traditional parameter-aware delay estimation cannot
work well in particular in the dynamic environment case. Even
when the number of server is large (e.g., N = 50), the user
dissatisfaction is still very high. The performance of the datadriven method is much better than that of parameter-aware,
however, at the cost of obtaining the data acquirement W .
Fig. 2 shows the performance of the data-driven estimation
1 Here we only use this model as an illustration, other possible models can
be deployed in this example.

with different W (time unit) when N = 30. It is clear when
that W is small (e.g., W = 1), the sampled data is so few
that it cannot provide an accurate model. However, when W
goes large (e.g., W = 5), the performance towards poor
accordingly. That is because, when W is large, the unclean
data becomes large as well which significantly impacts the
delay estimation. Worse more, the larger W , the higher cost
of the data acquirement and computational complexity. As a
result, it is necessary to design an appropriate W to achieve
the balance between the performance and cost.
Obviously, delay estimation is an extremely complex process, since it is related to two interactive dynamic optimization
problems: user response and queue update. To make this
problem tractable, we first consider a simple case with no
user response, and study the performance of the data-driven
estimation. Then, we extend this result to a general case in
which each user can has a distinct response, and study how to
describe the subjective responses via the objective functions.
III. S CENARIO I: N O U SER R ESPONSE
In this section, we consider a simple case in which there
is no user response to the delay announcement. We consider
a large-scale cloud which consists of N servers (N → ∞).
To describe a heavy traffic regime, the arrival rate of the user
request λ is proportional to N , that is λN = λN and ρ > 1
all the time.
A. Accuracy of Delay Estimation
Theorem 1 For a media cloud with heavy traffic, if the length
of the waiting service queue QN (with respect to N , N → ∞)
satisfies:
2 (ρ − 1)
QN (0)
→
,
N
α
then, the visual waiting time (in the fluid model) ZN satisfies:
ZN (t) − ZN (ηN (t)) → 0, ∀t,

(1)

where ηN (t) denotes the arrival time of the delay announcement before time t.
Theorem 1 is a very interesting result, which provides a
basic direction for delay estimation when the system state
tends to steady. To prove Theorem 1, we should understand
the role of ZN (t) at first.
Lemma 1 For a media cloud with heavy traffic, we have
(
)
1
2αt
ZN (N t) − log 1 +
→ 0, ∀t.
α
µ
Proof: We first introduce RN (ZN (ηN (t))) to denote the
number of the service requests in the period of [0, ZN (ηN (t))]
do not leave before t. As such, RN can be viewed as a Poisson
distribution with the following expression
2 log (λN )
(1 − exp (−αt)) , t ≥ 0.
α
Also, we define the fluid model as
E [RN (t)] =

RN (t) ≡

RN (t)
2λ
→
(1 − exp (−αt)) , ∀t.
N
α
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We expand the above expression,

That is,
ZN (N RN (t)) − η (N RN (t)) → 0, ∀t.

lim sup |α (ZN (t)) − α (t)| ≤

Moreover, the length of the waiting queue is denoted by Q
(QN with respect to N ), and the fluid model of Q is q, which
is defined as:
QN
q=
,
N
and
dq (t)
q ′ (t) =
= ρ − 1 − 2α (t) .
dt
By the [29, Theorem 4.2], we have the expression of q (t) as
follows:
(
)
2
2
q (t) = q (0) +
exp (−2αt) − .
α
α
So, based on the above interpretation, we characterize ZN (t)−
ZN (ηN (t)) as follows:
ZN (t) − ZN (ηN (t))

∝ ZN (RN (t)) − ZN (ηN (t))
∝ ZN (RN (t)) − N RN (ηN (t))

N →∞

+
(0,0)

α′ (0) ∂f
∂bN

.
(0,0)

It is straightforward that
∂f
∂aN
and

α′ (0) ∂f
∂bN

(0,0)

=
(0,0)

µλN
,
ρ

2µλN
=
− log
ρ

(

aN + µ
µ

)
.

Thus, we can get that
lim ZN (t) ≤

N →∞

( )
)
2µλN (
λf (1, 0, 0) + O µ2 − µ + 1, (4)
ρ

where the right side of (4) can be further derived that:
)
(
(
)
( )
2µλN
aN + µ
1 + log
+ O µ2 (λf (1, 0, 0) − µ) .
ρ
µ
By definition, we have:
|aN − bN | ≤ cN .

+ N (RN (t) − ZN (ηN (t))) .
As N → ∞, we get

Thus, we have
( (
)
aN + cN µ
α′ (0) ∂f
α log
+
µ
∂bN

ZN (RN (t)) − N RN (ηN (t)) → 0,
and thus, we can rewrite
N (RN (t) − ZN (ηN (t)))

a1 ∂f
∂aN

a1 ∂f
−
∂aN
(0,0)

)
≤ aN ,
(0,0)

(5)
∝ RN (t) N q (t) − ZN (ηN (t)) and
∝ ZN (N q (t)) − RN (ηN (t))
+ ZN (q (t)) − RN (N q (t)) .

This completes the proof.

Lemma 1 characterizes ZN (N t) as N → ∞ for any t,
which establishes the basis for investigating ZN (t). Now, we
are able to prove Theorem 1.

Proof of Theorem 1: We first define three types of stopping
time aN , bN , and cN , for a1 = 0.5RN (t) > 0, a2 =
0.5RN (t) > 0:

|α (ZN (t)) − α (t)| aN − f ′ (0, 0, 0) λ ≤ bN .

(6)

Moreover, (5) and (6) can be rewritten as:
(
)
( )
aN + cN µ
1
log
+O µ2 .
lim sup |α (ZN (t)) − α (t)| ≤
bN
µ
N →∞
This proof is complete.
B. Steady State Analysis
The main result of the steady state of the cloud satisfies the
following theorem.
Theorem 2 For a media cloud with heavy traffic, if
(ZN (∞) − ZN (0)) /N is limited, then
log N · |ZN (t) − ZN (ηN (t))| → 0,

aN = inf {t : |ZN (t) − RN (t)| ≥ a1 } ,

for any t as N → ∞.

bN = inf {t : |ηN (t) − RN (t)| ≥ a2 } ,

To prove Theorem 2, we should prove three propositions.
In Proposition 1, we show that the service time gap with
respect to the arrival rate is ignorable. In Proposition 2, the
queue length update can be viewed as a static problem when
some conditions are satisfied. In Proposition 3, the asymptotic
relationship between the queue length and the waiting time is
established.

cN = min {aN , bN } .
Also, we define the stopping time function as follows:
(
)
1
aN + cN µ
f (aN , bN , cN ) =
log
,
bN
µ
or
(
)
x + xµ
1
f (x) = log
.
x
µ
Note that in the period [0, aN ], we have

( )
|α (ZN (t)) − α (t)| ≤ α′ (t) f (1, 0, 0) + O µ2 .

(2)

(3)

Proposition 1 For any time t with |ZN (t) − ZN (ηN (t))| →
0, we have ηN (t) → t, as N → ∞.
Proof: Since Proposition 1 can be derived from the
definition of ηN (t), we omit the detailed proof here.
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Proposition 2 If the condition of the Proposition 1 is satisfied,
we have
QN (t) − QN (ηN (t))
→ 0, as N → ∞.
(7)
log N
Proof: In fact, (7) is equivalent to
ZN (t) − ZN (ηN (t))
→ 0, as N → ∞.
log N
As such, we need to define the following terms first.
Z N (t) = ZN (t) − |ZN (t) − ZN (ηN (t))| ,
Z N (t) = ZN (t) + |ZN (t) − ZN (ηN (t))| .
It is not difficult to verify that:
Z N (t) ≤ Z N (t) + |α (ZN (t)) − α (t)| .
Then, we need to prove the following
Z N (t) − O (log N ) ≤ ZN (t) − ZN (ηN (t)) ≤ Z N (t) .
To do so, we can get the relationship between ZN (t) and
Z N (t). In particular,
( )
ZN (t) − ZN (ηN (t))
≤ Z N (t) + Z N (t) + O µ2 .
log N

(8)

Essentially, (8) is equivalent to (7).
Proposition 3 If the condition of the Proposition 1 is satisfied,
we have
(
)
aN + µ
log N ·ZN (ηN (t))−Z N (t) log
→ 0, as N → ∞.
µ
Proof: In fact, the core( problem
) lies in establishing
the convergence of Z N (t) log aNµ+µ . According to Proposition 2 and Lemma 1, we have
(
( ))
log N · Z N (t) ≤ Z N (t) + O µ2 (ZN (t) − ZN (ηN (t))) .
With this relationship, the upper bound of the convergence can
be described in a probability manner, that is,
(
(
)
)
aN + µ
P (ZN (t) > aN ) ≤ P Z N (t) log
> aN
µ
( 2)
≤ Z N (t) − Z N (t) + O µ
[
]
E Z N (t) − Z N (t)
≤
log N
log (N (ZN (t) − ZN (ηN (t))))
≤
→ 1,
log N

as N → ∞. Thus, the result of Proposition 3 can be obtained
directly.
With the results of Proposition 1, Proposition 2, and Proposition 3, we are able to prove Theorem 2 directly. Specifically,
by jointly considering the results of Theorem 1 and Theorem 2,
we have the following two main observations: 1) There exists
an accurate estimation strategy only with a small amount of
the data set without considering the user response. 2) The
conditions for data-driven delay estimation can be set by
designing an appropriate time or data window.
IV. S CENARIO II: W ITH U SER R ESPONSE
A. User Response
Basically, introducing the user response to the data-driven
delay estimation yields two main challenges: Firstly, user
response is a subjective metric, and it is intractable to provide
a uniform mathematic expression. Secondly, the interaction
between the user response and waiting time is also very
difficult to capture. Fortunately, motivated by the Theorems
1 and 2 in the previous section, we are able to design a
data-driven method through replacing the dynamic values at
different time by the average values of a given period. To
transform the subjective responses to the objective functions,
we first characterize the user response from the perspective of
the queue length.
Lemma 2 For t ∈ [f1 (ZN (t) − RN (t)) , f2 (ηN (t) − RN (t))],
there exists an appropriate size of the sampled data W to
accurately estimate the general user response, that is
∥f1 (ZN (t) − RN (t)) − f1 (ηN (t) − RN (t))∥ < O (W ) ,
and
∥f2 (ZN (t) − RN (t)) − f2 (ηN (t) − RN (t))∥ < O (W ) ,
where f1 , f2 represent the timing functions which satisfy the
following conditions:
))
(
(
aN + cN µ
f1 , f2 = f |α (ZN (t)) − α (t)| log
,
µ
and
f2 /f1 = O (log W ) .
Proof: Firstly, we consider an extreme case, where t
locates at the boundary of the interval, so
f1 (ZN (t) − RN (t)) ∝ lim sup |α (ZN (t)) − α (t)| .
N →∞

the
term
as N → ∞. Similarly, we also concern about the lower bound,
that is:
(
(
)
)
aN + µ
f1 (ZN (t) − RN (t))
P (ZN (t) > aN ) ≥ P ZN (ηN (t)) log
< aN
≤ f (|α (ZN (t)) − α (t)|) .
µ
f2 (ZN (t) − RN (t))
(
)
( )
aN + bN O µ2 N µ
1
Thus, we can derive that
log
≥
))
(
(
bN
µ
aN + cN µ
′
.
f1 ∼ f α (t) f (1, 0, 0) log
E [(ZN (t) − ZN (ηN (t)))]
µ
≥
log N
Recall the definition of f (please see (3)), we have
log (N (ZN (t) − ZN (ηN (t))))
≥
→ 0,
f2 ∼ f1 (|α (ZN (t)) − α (t)|) .
N
Furthermore,
after
investigating
|α (ZN (t)) − α (t)|, we have

of
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Lemma 3 For any f2 (ZN (t) − RN (t)), we have

In fact, we can also have the following analysis,
f1 (ZN ((t) − RN (t)) − f (|α((ZN (t))))
− α (t)|) ≤
′

f α (t) f (1, 0, 0) log

aN +cN µ
µ

(9)

.

Essentially, (9) is important because it is related to both f1
and f . Similarly, we have:
f (|α (Z(N (t)) − α (t)|) − f2((ZN (t) −
))RN (t)) ≥
f α′ (t) f (1, 0, 0) log

aN +cN µ
µ

R (t) ≡ ∥E [f1 (ZN (t) − RN (t)) − f2 (ZN (t) − RN (t))]∥ .
We have that
(a)

≤

(b)

≤

(c)

O (E [∥f1 (ZN (t) − RN (t)) − f2 (0)∥])
O (E [f1 (ZN (t) − RN (t)) f2 (RN (t))])

≤

O (f1 (ZN (t) − RN (t)) f2 (RN (t)) f (0))

−

O (f ′ (0, 0, 0) λW ) ,

(10)

where (a) is from the definition of f1 (ZN (t) − RN (t)) and
f2 (0), (b) comes from the fact that f2 (RN (t)) can be easily
calculated, and (c) is from the fact that
f2 (ZN (t) − RN (t)) ∼ ⌈f1 (ZN (t) − RN (t))⌉ .

(11)

Proof: Since the proof process is similar to the one of
Lemma 2, we skip it here.

L (W ) = ∥f (ZN (t) − RN (t) − f (0)) − f (0)∥ · f (W ) .
(14)
Thus, the drift criteria can be described as

f1 (ZN (t) − RN (t)) ≥ f2 (ZN (t)) ,

f2 (RN (t) − f (0)) ≤ L (W ) ,
(15)

∥f1 (α′ (t) f (1, 0, 0)) − f2 (0)∥ ≤ L (W ) .
With (14) and (15), we are able to analyze the characteristics
of the user response function, that is:
Lemma 4 If each user responses announced delay in an
independent process, we have
(
)
P
lim |f1 (ZN (t) − RN (t)) − f2 (0)| → 0 = 1.
The core problem of Lemma 4 comes from understanding
the role of f1 (ZN (t) − RN (t)). We user the tool of Average
Approximation [30] to get the results as follows.
Lemma 5 If the media cloud is a steady system, we have
(
))
( (
)
aN + cN µ
P lim f1 (α′ (t)) − f log
→ 0 = 1.
t→∞
µ

where
[
]
E |f1 (ZN (t) − RN (t))| · 1{f1 (0)≥f2 (0)}
≤ E [|f1 (ZN (t) − RN (t) − f2 (0))|]
(a)

≤ E [∥f1 (ZN (t) − RN (t)) − f2 (RN (t))∥ f2 (0)]
≤ E [∥f1 (ZN (t) − RN (t)) f2 (RN (t))∥] ·
E [f
( (Z(N (t) − RN (t))]
(
)
))
Nµ
≤ f1 f (1, 0, 0) log aN +c
− f (0, 0, 0)
µ
O (f (ZN (t) − RN (t))) · O (W )
≤ O (f (ZN (t) − RN (t)) f (0, 0, 0)) ,

× f ((ZN (t) − RN (t) − f (0))) .

N,t→∞

Therefore, we can derive that:
E [∥f1 (ZN[ (t) − RN (t)) − f2 (RN (t))∥]
]
≤ E[ |f1 (ZN (t) − RN (t))| · 1{f1](0)≥f2 (0)}
+E |f2 (RN (t))| · 1{f1 (0)≥f2 (0)} ,

≤ E [∥f1 (RN (t)) − f2 (RN (t))∥]

Subsequently, we aim at establishing the expression of the
user response. As such, we define a unified Lyapunov function
via the fluid model to capture the user response in the sense
of statistics. In particular,

.

Then, we define

R (t)

E [f1 (ZN (t) − RN (t))]

· O (W ) +

Proof: In terms of f1 (α′ (t)), we analyze the structure
first. Since each user’s response is a binary decision, thus, we
can assume that there exists a finite V1 , such that
(
)
′
P sup ∥f (ZN (t)) f1 (α (t))∥ ≤ V1 = 1.
(16)
t≥0

(12)
and
[
]
E |f[2 (RN (t))| · 1{f1 (0)≥f2 (0)}
]
≤ E |f2 (R
[ N (t)) − f2 (ZN (t) − RN (t))| · 1f2 (0)≥f1 (0) +]
[ E f1 ((ZN (t) − RN (t)) · f (0, 0, 0)) · 1f2](0)≥f1 (0)
≤ [E |f1 (α′ (t) f (1, 0, 0) − RN (t))| · 1f2 (0)≥f
] 1 (0) +
E f1 ((|α (ZN (t)) − α (t)|)) · 1f2 (0)≥f1 (0)
≤ O (f1 (ZN (t) − RN (t)) f2 (ZN (t))) .
(13)
In fact, (12)(a) results from the fact that f2 (RN (t)) ≤
f2 (ZN (t) − RN (t)). With (11), (12), and (13), we can end
this proof.
From Lemma 2, we can further get the following lemma.

Then, we define
f (t) = f (ZN (t)) − f (RN (t) − f (0)) .
So, we can get that
f (ZN (t))= (f1 (ZN (t) − RN (t)) ⊗ f2 (RN (t))) +
f (α′ (t) f (1, 0, 0)),
(17)
also, we have
∥f1 (ZN (t) − RN (t)) ⊗ f2 (RN (t))∥ ≤ L (W ) .
Considering the role of W ,
]
[
E f (ZN (t)) |L (W ) ≥ f1 (ZN (t) − RN (t)) .

(18)

Similar to (18), we also have
]
[
E f (ZN (t)) ≤ f1 (ZN (t) − RN (t) + W ) .

(19)
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Therefore, the proof of Lemma 5 is complete.

That is also

With the result of Lemma 5, we are able to further derive the
user response from as perspective of distribution. In particular,
we have the following main observation:

Qf (t) ∝ lim sup |α (ZN (t)) − α (t)| .
N →∞

Similarly, the relationship between the Qf (t) and α (ZN (t))
can be characterized by

Lemma 6 If only the user response is independent, we have
Qf (t) ≤ α (ZN (t)) + f (∞, ∞, ∞) exp (−α (0)) ,
(
)
P lim f (ZN (t) − RN (t)) =f1 (ZN (t)) ⊗ f2 (RN (t)) =1. and
t→∞
a1 ∂f
(20)
Qf (t) ≥ α (ZN (t)) −
− α (t) .
∂aN (0,0)
Proof: Clearly, lim f (ZN (t) − RN (t)) satisfies
t→∞
By the Large Number Law [29], when N → ∞ and t → ∞,
f (ZN (t) − RN (t)) =f1 (ZN (t)) f (RN (t)) + f2 (RN (t)) . Qf (t) has the expression:
In particular, f1 (ZN (t)) f (RN (t)) + f2 (RN (t)) can be
described as

Qf (t) = α (ZN (t))+f (∞, ∞, ∞) exp (−α (0))−

a1 ∂f
∂aN

.
(0,0)

f1 (ZN (t) − RN (t)) ⊗ f2 (RN (t)) ,
and f1 (ZN (t) − RN (t)) can also be described as:
∥(f (|α (ZN (t)) − α (t)|) ⊗ f1 (0))∥ ≤ f2 (RN (t)) L (W ) .
(21)
Thus, the proof is complete.
Now, we are able to prove Lemma 4.
Proof of Lemma 4: From Lemma 5 and Lemma 6, we can
have
(
)
P lim |f1 (ZN (t) − RN (t)) − f2 (RN (t))| → 0 = 1.
t→∞

This result is equivalent to the one in Lemma 4. Thus, the
proof is complete.
B. Estimation Modification
From the above analysis, we find that when the system has
not get the steady state, the window of the data significantly
impacts the performance of delay estimation. In this section,
we explore the dynamics of the data set to develop the
modification of the data-driven delay estimation. We briefly
divide all the process into three main steps.
1) Step 1: Waiting time expression: Let Qf (t) be the queue
length of the waiting service in the fluid model at time t.
According to the definition of the fluid model, we have:
(
)
log N
log N
Qf (t) = QN (0) +
−
exp (−αt) , f or t ≥ 0.
α
µ
So, we have
Qf (0) ≤ α (0) f (1, 0, 0) exp (−αt) ,
and
Qf (∞) ≤ α (0) f (∞, ∞, ∞) exp (−α (0)) .

Proposition 4 Qf (t) has the following characteristic:
(
)
2µλN
aN + µ
Qf (t) ≤
− ZN (t) log
.
ρ
µ
Proof: Based on ZN (t), we have
(
(
))
′
(0)∂f
aN +cN µ
log
α α ∂b
µ
N
(0,0)
α (ZN (t)) ∝
α (ZN (t))
)
(
( )
)
2µλN (
∝ exp −
λf (1, 0, 0) + O µ2 − µ ,
ρ

ZN (t) α (ZN (t))

Qf (t) ≤ QN (t) f (∞, ∞, ∞) exp (−αt) .

α (Qf (t))

Then, we bridge Qf with ZN as
α′ (0) ∂f
∂bN

2) Step 2: Transforming the waiting time into the queue
length: To resolve the function expression for the waiting time
and queue length, we assume that the user’s request is random
and its delay tolerance is related to his historical records.
Actually, this assumption is reasonable because the tolerance
difference between the users is difficult to model, however,
the difference in each user in tractable. Although there is a
significant difference at different time for the same user, this
difference is ignorable when the service period is long enough
[13]. We take advantage of this point, and have the following
result.

and

Moreover, we derive that

Qf (t) ∝ ZN (t)

Remark 1 Obviously, the waiting time of the waiting queue
can be precisely characterized even if the variant user responses: 1) Each user has some tolerance for the delay inaccuracy,
although there is no uniform expression. 2) The decision is
binary (leaving or keeping), which can be utilized to simplify
the expression. 3) The abandoning user significantly impacts
the waiting time of the others, which can be averaged by a time
(data) window to get some meaningful physical implications.

−
(0,0)

a1 ∂f
∂aN

.
(0,0)

∝
∝

α′ (0)∂f
∂bN

(0,0)

α (ZN (t))
α (ZN (t)) |α (ZN (t)) − α (t)|
α′ (0)∂f
∂bN

−

a1 ∂f
∂aN

(0,0)

.

(0,0)
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Subsequently, we mainly focus on α (Qf (t)). According to
To describe a practical heavy traffic scenario, we assume
the definition of Qf (t), we have
that a media cloud with N servers and the number of the
(
)
(
( )
) users U is 2N . Each user can randomly request the multimedia
aN + µ
Qf λf (1, 0, 0) + O µ2 − µ . service in the cloud, which in turn selects an appropriate server
Qf (−α (0)) ≤ log
µ
to deal with the request. Since there are lots of scheduling
Thus, the expectation can be described by:
algorithms studying the resource allocation (calculation re[ (
( 2)
)
]
source) or scheduling (media streaming) issue, in this work, we
E Qf f (1, 0, 0) +
≤)
( O µ (− µ − Qf (f (1,(0, 0))
)
)
only focus on the delay announcement and how it impacts on
N
exp − 2µλ
λf (1, 0, 0) + O µ2 − µ .
ρ
the system performance (e.g., waiting time, user satisfaction,
(
( 2)
)
etc.). It should be noted that although the service level of user
2µλN
We know that − ρ
λf (1, 0, 0) + O µ − µ is not more
may different in practical (e.g., VIP user, normal user, etc.),
than α (ZN (t)) [30], so
we still treat them equally. That is because the this difference
(
)
)
( 2)
2µλN (
does not influence the performance of the delay announcement
exp −
λf (1, 0, 0) + O µ − µ ≤ O (α (ZN (t))) .
essentially. For example, we can introduce the level parameter
ρ
to balance the difference, and this strategy has been widely
Accordingly, we have
utilized in the media cloud [18], [26], [27].
[ (
( 2)
)
]
E Qf f (1, 0, 0) + O µ − µ − Qf (f (1, 0, 0))
To provide a meaningful and comprehensive comparison,
≤ O (α (ZN (t))) .
the proposed updated data-driven delay announcement method
(called Updated Data Method for short) is compared to other
The result follows immediately.
two popular data-driven methods:
3) Step 3: Updated waiting time: Let ϖ be the updated
• Immediate Delay Announcement (IDA) [3]. In this case,
waiting time after the user response. Motivated by the case
once the user joins in the queue system, the delay
without user response, the updated process can be expressed
announcement will be made immediately based on all
as:
(
)
the pervious data set. Given the known the average
(
( 2 ))
a1 ∂f
service time (can be estimated by the data set as well),
ϖ (t) = ϖ (0) + λf (1, 0, 0) + O µ
exp −
t ,
∂aN (0,0)
the announced delay can be estimated directly. This
announcement only occurs once when each user requests
for t ≥ 0. However, ϖ (0) is not an exact value due to the
the service. Intuitively, this method has the advantage of
dynamic user response. To resolve this problem, we average
simple implementation, but at the cost of data acquireall the possibilities of the user response (please refer to the
ment.
analysis in Lemma 2). That is [28]:
(
)
• Scalable Delay Announcement (SDA) [12]. SDA uses
2µλN
ϖ (t) ∝ ϖ (0) exp −
t .
scalable technology to announce the possible delay in
ρ
an updated manner. The main difference between our
Also, we can simplify that:
method is that SDA announces the changed delay at
( )
(
)
any changing time, but our method wait for some time
W
2µλN W
ϖ (t) ≈ ϖ
exp −
t .
(22)
(according to the data set W ). The update process is
µ
ρ
similar to our method, in which the previous data is
Now, we can bridge the relationship between Qf and ϖ (t)
utilized to estimate the possible delay. In fact, the update
according to [31], that is:
process depends on the computational capacity of the
(
)
2µλN
user. For general smart devices, this computational time
Qf (f (1, 0, 0)) ∝ ϖ (f (1, 0, 0)) exp −
t .
can be ignorable [11].
ρ
Remark 2 In fact, (22) plays an important role in general.
Firstly, waiting time of the service queue can be updated with
only some simple steps. Secondly, this update is vital important
for the queue length which is the main factor to determine the
average waiting time. Also, this update significantly impacts
the user decision: leaving or keeping.
V. N UMERICAL R ESULTS
In this section, numerical simulation results are provided to
demonstrate the efficiency of the proposed data-driven delay
estimation method in a general media cloud. It should be noted
that in this work we only consider the heavy traffic case, where
the server is busy with dealing with the large-scale multimedia
services [12].

A. Optimal Data Set
Before we examine the performance of the proposed updated data method, we first test the optimal data set W , which
plays a core role in our method. Usually, the optimal W is set
to achieve the optimal balance between the estimation accuracy and computational complexity. To provide a comparable
result, we assume that both metrics have the same importance.
In Fig. 3, we plot the optimal value and the estimated value at
different cases. Note that since the multimedia service traffics
are variant in a practical cloud, in this test, we use the size of
the data set instead of time unit to describe the value of W .
From the given results, we find that no matter the parameters
ρ, µ, λ, the estimated data set W is close to the optimal value,
the reasons are as follows. 1) The computational complexity
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of our method is O(1), which is acceptable for general
computational devices. Thus, the impact of the computational
complexity is trivial. 2) Our method does not need any
feedback strategy, which is very helpful for the real-time
process. In particular, we only consider part of the previous
data and update the data set W accordingly. 3) The average
operation is useful for the dynamic environment which can
reduce the variation of the estimation error. Thus, in some
sense, the updated value of W can provide a relatively accurate
estimation from the perspective of statistics.
B. Average Waiting Time
Average waiting time is an important performance metric
for the multimedia service in the media cloud. Fig. 4 shows
different delay announcement methods with respect to the
average waiting time. Note that the average waiting time in
this work is defined by the elapsed time from the waiting for
the service to the service is started. This definition is slightly
different from traditional one which is ended at the service
is completed. That is because the multimedia service in the
cloud is heterogeneous, the variation of the service time of
the multimedia service maybe very large (e.g., football game
video, and short message service, etc). This definition can turn
our attention to the waiting time. From the given results of
Fig. 4, we can observe that: 1) Updated data method is able
to achieve the least average waiting time, IDA is the worst one,
and SDA is better than IDA but much worse than the updated
data method. That is because the updated data method can
take advantage the average value of the previous data via an
appropriate window function, while the others do not consider
the impact of the data size on the data acquirement. Thus, the
average waiting time of the proposed method can be reduced
substantially.
C. User Satisfaction
As we know, user satisfaction has been treated as the
main performance metric for media cloud. In this part, we

first employ the QoE model introduced in [8] in which the
user satisfaction is embodied by mean opinion score (MOS).
To provide a meaningful comparison, we also use the same
simulations settings in Fig. 4, and the average MOS is shown
in Fig. 5. As expected, it is observed that the MOS of the
updated data method is much higher than those of IDA and
SDA, and the gaps are also higher than Fig. 4. The reason
is that the updated data method fully takes advantage of the
difference of the user satisfaction with respect to different
leaving behaviors. For example, when the user chooses to
balk, the satisfaction is not low in general. But, when the user
chooses to abandon due to the inaccurate delay announcement,
its satisfaction will be reduced substantially. Because IDA and
SDA do not pay much attention to the inaccuracy of the delay
announcement, their MOS scores are much lower than the
updated data method (although their waiting time are not bad).

D. Performance Robustness
Although this paper only considers the heavy traffic case,
and all the results are derived based on this assumption.
However, in a practical scenario, it can not grantee that
all the traffics all belong to the heavy traffic. So, a nature
question arises: does the proposed updated data method can be
applied to non-heavy traffic case? In this part we examine the
robustness of the proposed method. In particular, we employ
U = 0.1N to describe the non-heavy traffic case, and their
results are exhibited in Fig. 6. We can clearly find that the
proposed updated data method also works well in this case.
Although our method cannot achieve the same performance
as the case of heavy traffic, it can achieve much higher
performance in terms of MOS compared to other two methods.
That’s because the average operation of an appropriate time
period has two advantages: 1) reduce the uncertainty of the
service request possibility, and 2) improve the accuracy of
data value via the data averaging.
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VI. C ONCLUSIONS
This work mainly focuses on studying the data-driven delay
estimation for heterogeneous multimedia services in the cloud.
On one hand, the advantages and characteristics of the datadriven method have been thoroughly analyzed. On the other
hand, an updated data-driven method has been proposed to
achieve the balance between the computational complexity
and estimation accuracy. In particular, through transforming
the subjective user response into the objective response expressions, this work designs a general and adaptive data set
acquirement in the framework of fluid model.
For future work, there are several important and interesting
research directions. Firstly, a large-scale media cloud needs
the strategy of the automatic-generated data set. Although our
method is so simple for online implementation, its complexity
cannot be ignored when the number of the server tends to
very huge (e.g., N ≥ 105 ). Secondly, a real-time delay
announcement method should be investigated without the
conception of the time (or data) window, which inevitably
yields additional computational complexity and costs more
network resource. Thirdly, real media cloud testbed should
be established to examine the effectiveness of the proposed
method, and apply it to a practical media cloud.
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