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Abstract— Crowdsourced live streaming (CLS), such as
Twitch.tv and Inke.tv, has emerged as an important multimedia
application in recent years. Video delivery in such CLS service
involves two steps: 1) video uploading—video streaming (i.e.,
a live channel) generated from a broadcaster is uploaded to
the server, which we call the “first mile” network and 2) video
distribution—the video streaming is then delivered to viewers
in the channel. Today’s CLS services usually use conventional
content delivery network solutions to address the video distribution problem, while little attention has been paid to improve
the video uploading quality. Our measurement study shows that
the first mile network causes 17% viewer rebuffers, and some
viewers quit the channel once encountering rebuffer. In this
paper, we propose a content harvest network (CHN) architecture
to address the uploading problem in the CLS service. Specifically,
the CHN architecture employs edge devices in the network as
relays to receive the streaming uploaded by broadcasters and
then forward to the central servers. On one hand, we need to
reduce the latency since it is live streaming; on the other hand,
we must provide sustainable upload bandwidth. It is challenging
to achieve both at the same time, especially in such high dynamic
system as CLS. In order to provide global optimal and real-time
assignment, we propose a hybrid solution, i.e., centralized and
distributed assignment. Specifically, we formulate the centralized
relay assignment problem as an optimization problem to achieve
both low latency and sustainable bandwidth. To cope with the
frequent channel establishments, we use a multi-armed bandit
method to characterize the time-variant network condition.
Experiment results on a large-scale trace provided by Inke.tv
show that our solution can reduce the overall viewer cost by 40%
compared to state-of-the-art solutions. The viewers’ rebuffer can
also be reduced by 50%.
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I. I NTRODUCTION

T

HE current data traffic on the Internet is dominated by
video streaming, which will account for 82% by 2021.
Live streaming is one of the most important fuel for the
video burst, which is forecasted to grow 15-fold from 2016 to
2021, and account for 13% of Internet video traffic by 2021,
according to Cisco’s report [1]. The newly emerged crowdsourced live streaming (CLS) is gaining rapid increase. such
applications as Facebook Live, Inke.tv, and Twitch.tv have
attracted millions of daily active users. The key idea of CLS
is that numerous widely-distributed broadcasters provide live
streaming to viewers using mobile computing devices (e.g.,
smartphone and tablet). As a practical example, Inke.tv [2],
one of the largest CLS platform in China, allows anyone to
broadcast his content to massive viewers via mobile devices.
The monthly active user (MAU) of Inke.tv reached 24.6 million, and the registered member reached 164.6 million by
March 2017. End users in CLS not only consume contents but
also produce contents. One broadcaster can establish only one
channel concurrently, but he can establish different channels
in different time periods. The lifecycle of one viewer watching
one channel is defined as a session.
Different from Video on Demand (VoD) services (e.g.,
Hulu or Netflix) and professional live streaming services (e.g.,
ESPN), the CLS service faces an especially severe challenge for low latency and sustainable bandwidth as the most
broadcasters employ ordinary mobile devices and unstable
network for live streaming. Specifically, the challenges of
video delivery in CLS are provided as follows:
• The broadcaster’s bandwidth of first-mile upload network
is much smaller than the download link due to the
asymmetry of today’s Internet architecture.
• In order to provide real-time interaction between broadcasters and viewers in the CLS service, ultra-low network
transmission latency is required in the unstable network.
• The massive broadcasters establish and terminate broadcast channels arbitrarily, incurring high churn rate of
the streaming service. In our measurement, the channel
number in peak hours is 1.87× of in low hours.
Due to the above challenges, a novel architecture for video
uploading is expected to support the massive and unstable
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uploading sources in the CLS service. We conduct a measurement study on Inke.tv, which is one of the most popular CLS
provider in China supported by the conventional CDN [3],
and find the first-mile network accounts for 17% viewer
rebuffers. Moreover, the larger broadcaster uploading latency
causes more viewer rebuffers, and the viewers may quit a
channel when encountering rebuffer. We further observe that
the streaming service is vulnerable and sensitive when the
broadcaster’s uploading capacity varies frequently. Fortunately,
the measurement results show that employing relay network
can potentially improve the uploading network performance
and further cope with the above challenges in CLS [4].
Inspired by the measurement results and the trend that edge
computing [5] and smart router [6] are playing an important
role in content delivery, we design a relay-based content
harvest network to address the first mile network problem
for the CLS service. The key idea is that using the relay
technique, we can potentially find an alternative network path
with higher available bandwidth, lower latency, and lower loss
rate. Specifically, CHN utilizes dedicated edge nodes to form a
relay network, providing the broadcasters with optional routing
schemes with better network condition. In this way, live
streaming can be delivered directly to the server or relayed to
the relays first and then delivered to the server. The challenges
of this novel architecture are as follows:
• How to choose the right edge devices to achieve both
low latency and sustainable bandwidth in the first mile
network for a broadcast channel.
• How to dynamically adjust the relay assignment as the
network conditions vary over time and broadcast channels
establish and terminate frequently.
• How to allocate the resource of the relay network efficiently among the broadcast channels to minimize the
overall cost.
To address the above challenges in CHN, we propose a
hybrid (centralized and distributed) solution to assign the
relays. Specifically, we formulate the centralized relay assignment as an optimization problem, in which we achieve the
multi-objective optimization, i.e., low latency, low loss rate,
and sustainable bandwidth. Then we design an approximated
algorithm using rounding technique and further design a fast
implementation in polynomial time. As the network condition varies over time, we need a dynamic relay assignment
strategy to capture the real-time network condition. In this
way, we enable the real-time decision in broadcaster devices
using the MAB-based method [7], which models an agent with
historical information taking action repeatedly to maximize
the accumulated reward. In our scenario, it can exploit the
current optimal relay and explore the potential better relays
in the time-variant network condition. Experimental results
on a large scale dataset of Inke.tv show that with the aid of
CHN, the total viewer cost is reduced by 40% compared to
the conventional CDN-based method. The MAB-based method
can reduce the latency by 27% and improve the bandwidth by
140% compared to the static assignment. Viewers’ rebuffer can
be reduced by 50% in peak hours using the proposed method.
The remainder of this paper is organized as follows.
Section II introduce the insight of the real-world data
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TABLE I
F OUR D ATASETS U SED IN THE M EASUREMENT

measurement. Section III introduce the architecture design.
Section IV present the centralized relay assignment method.
Section V present the distributed relay assignment method.
Experiment results are provided in Section VI. We introduce
the related work in Section VII and conclude in Section VIII.
II. DATA A NALYSIS AND I NSIGHTS
In this section, we investigate the dataset to know how
the first mile upload network affects the viewer experience,
the challenges in improving the CLS service, and the insights
to design the CHN.
A. Dataset Description
Inke.tv is a pioneering CLS provider in China, which allows
common users to broadcast live streaming to other mobile
users. In order to better understand the inherent challenges
and insights of CLS service, we conduct data analysis on
the real-trace dataset provided by Inke.tv from December 9,
2016 to February 27, 2017, containing 1.2M broadcasters
establishing 25M channels within 80 days, bringing about
1.5B views. Note that one channel means one broadcaster
establishing one streaming session. We believe that this dataset
is representative of the CLS service, as the time span is long
enough, the involved sessions are large in number. In addition,
as the dataset is provided directly by a CLS service provider,
many items like the location of broadcasters and viewers are
also included.
Table I shows the datasets we use to perform the measurement. Each broadcaster entry corresponds to one established
channel, which contains the broadcaster ID, the channel ID,
the timestamp when the channel is established and terminated,
and the broadcaster location (recorded by GPS, in longitude
and latitude). We also collect the upload streaming log, which
contains the channel ID, the packet ID, the timestamp when
the packet is sent, and the corresponding uploading latency.
Each viewer entry corresponds to one view session in a
broadcast channel, containing the viewer ID, the channel ID,
the timestamp when viewers entering and exiting, and the
viewer location (in longitude and latitude). We also collect the
network log of packet-level viewer entry, in which each entry
contains the channel ID, the packet ID, the timestamp, and
the viewer rebuffering (yes or no). Joint utilizing the upload
streaming log and the viewer network log, we can investigate
the impact of the uploading network on viewers.
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Fig. 1. Broadcasters’ viewer number v.s. viewers in descent order of viewer
number.

Fig. 4.

Channel establishment and termination number.

Fig. 2.

Fig. 5.

CDFs of channel duration and session duration.

Fig. 3.

Broadcaster number over time.

Broadcaster and Viewer number in a day.

B. Overview of the CLS Service
In order to obtain the popularity pattern, we investigate the
average viewer number of a broadcaster based on his historical
sessions. The intuition is straightforward: the popularity of a
broadcaster is stable, as each broadcaster has his own fans.
Fig. 1 shows that the distribution of the broadcaster’s average
viewer number is highly skewed. The observation inspires us
to estimate the popularity of a channel considering instant
viewer number and the broadcaster’s historical popularity.
We further prioritize the channel based on the estimated popularity as optimizing the more popular channels will benefit
more viewers.
The curve in Fig. 2 represent the broadcaster number in ten
days. The broadcaster numbers over time bear periodic pattern.
Then, we plot the broadcaster and viewer number in the
different time periods in one day on one CDN node in Fig. 3,
and notice that the peak hour of broadcasters and viewers
are both around 22:00. The broadcaster number can reach
7,000 in the peak hour. The broadcaster number in the whole
system is even more. A large number of broadcasters make
CLS a multi-source service, which is computation-consuming
and calls for high scalability. We further investigate the pattern of the broadcaster channel establishment and termination
in Fig. 4, where the unit time is set to 1 minute, and we
find that many channels are established and closed in unit
time. In particular, the maximum number of establishment

reaches 900 and appears around 22:00, which is the start time
of the peak period in the system. The maximum number of
termination reaches 1,200 and appears around 24:00, which is
the end time of the peak period.
Fig. 5 shows the duration distribution of channels and
sessions. Recall that the channel is defined as the lifecycle
of one broadcaster establishing live streaming, and the session
is defined as the lifecycle of one viewer watching a channel for
one time. The average duration of a channel is 32 minutes, and
the average duration of a session is 8 minutes. Both channels
and sessions establish in relatively short duration, causing
high temporal dynamic of the CLS service. This observation
indicates that the channels are highly dynamic, which inspires
us to employ real-time assignment to perform fast response.
C. Impact of First Mile Network on Viewer Experience
[8] showed that the viewer rebuffer may either be caused by
the first mile (broadcaster’s source) or the download network
(viewer’s side) congestion, we need to first identify the viewer
rebuffers caused by the first mile network congestion. Once
the first mile network is congested, the CDN server fails
to receive the uploading streaming, causing all the viewers
to encounter rebuffer, as no buffer is in viewers’ devices.
While the download network congestion of one viewer cannot
affect others. In this way, only part of the viewers will
encounter rebuffer. We define the viewer rebuffer percentage
as the number of rebuffered viewers divided by the number
of all viewers in the same channel in one time slot. Fig. 6
illustrates the distribution of the viewer rebuffer percentage,
where the x-axis is the rebuffer percentage, and the y-axis is
the percentage of the case that the rebuffer percentage is no
larger than x. We find the CDF is a piecewise function, where
the case that 100% viewers encounter rebuffer concurrently
accounts for 17% total rebuffers, which is caused by the
first mile network congestion. This indicates that the file-mile
network causes a significant portion of viewer rebuffers.
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Fig. 6.

Fig. 7.

Distribution of concurrent viewers rebuffer percentage in a channel.

Fraction of time when viewer rebuffers happen in the view period.
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Fig. 9. Correlation between uploading latency and number of viewer rebuffer.

frequency will watch the channel longer. This is due to the fact
that frequent rebuffer reduces the viewer QoE and result in
viewers quit the channel. Above observations prove that poor
first mile network conditions may cause viewers to encounter
rebuffer frequently, and this will further cause the viewers to
quit the channel.
Knowing that the first mile network will cause viewer
rebuffer, we want to further derive the correlation between the
upload latency and the viewer rebuffer. In Fig. 9, each sample
illustrates the number of viewer rebuffer versus uploading
latency. We observe a large uploading latency generally results
in more rebuffer number. Specifically, we find the Pearson
correlation coefficient equals 0.55, which implies a strong
correlation between uploading latency and rebuffer number.
We further derive the corresponding linear function
y = 0.6087x − 65.5734.

Fig. 8. Session (larger than 1min) duration versus average rebuffer interval.

We further focus on how the viewers react to rebuffers.
Fig. 7 depicts the time when viewer rebuffer happens. The
x-axis is the time percentage of the viewing lifecycle, which
is normalized to [0, 1], and the y-axis is the CDF of rebuffers.
We filter the viewing sessions by the duration of viewing above
a certain threshold to skip the ultra-short sessions. Specifically,
we present the results where the thresholds are set as 0, 1,
2, 5 minutes, respectively. We have two key observations as
follows: The first observation is that viewers tend to encounter
rebuffer before they exit the channel, i.e., when x approximates
1. We may infer that some viewers exit the broadcast channel
because they cannot bear the rebuffers. In this way, it is
important to reduce the viewer rebuffer to improve their
experience. The second observation is that many viewers
encounter rebuffer when they enter the channel, i.e., when x
approximates 0. This is caused by long startup delay, i.e., the
viewer starts to request streaming from the server, while the
streaming has not reached the viewer’s device due to the delay
between the broadcaster and the user device.
Next, we focus on the relationship between the viewer
session duration and the average rebuffer interval in Fig. 8.
The x-axis is the average rebuffer interval, which is defined
session duration
as number
of rebuffer , and the y-axis is the session duration.
Average rebuffer interval can reflect the viewer’s watching
experience within a channel. We divide the average rebuffer
interval into several levels, and a larger level indicates a lower
rebuffer frequency. We notice that viewers with lower rebuffer

(1)

This observation motivates us to reduce the uploading latency
for potentially better viewer experience.
D. Potential Improvement of Relay Network
We investigate the one-hop relay network based on a traceroute dataset collected on the Youku’s peer video CDN [9]
in December 2015. We analyze the direct latency and the
relayed latency between 6365 node pairs. The average number
of relays for each node pair is 14.09, and 75% node pairs
can improve the network performance via the relay paths.
This validates that relay nodes can be utilized to improve the
network performance. The challenge is to find the relay which
can reduce the latency most significantly. Note that in the cases
when the relays cannot improve the network performance,
the direct path should be utilized instead of the relayed path.
Furthermore, we look into the dynamic in the relay network.
In Fig. 10, each sample is the network latency versus the
network bandwidth of one connection between the broadcaster
and the relay. The network latency and bandwidth are measured and collected by the tcpdump tool. The user establishes
the connection with 4 relays, and we notice that even for the
same user-relay pair, the network condition varies greatly. The
rationale behind this observation is as follows: (1) relays are
physically deployed at different locations and with different
ISPs, making average network metrics different. (2) Network
metrics between a broadcaster and a relay fluctuate with time.
This inspires us to dynamically select the optimal relays
for broadcasters based on the historical and instant network
metrics.
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Fig. 10. The bandwidth and latency of the Source-Destination pair using
different relays.

Fig. 12.

System overview of content harvest network.

B. Introduction to Content Harvest Network

Fig. 11.

CDN-based live streaming system.

III. A RCHITECTURE D ESIGN
A. Overview of CDN-Based CLS
We first introduce a typical CDN-based CLS architecture
in Fig. 11, which is adopted by many CLS providers like
Inke and Twitch. In level-1, the widely distributed broadcasters
upload video streaming to the upload server (upServer) of
the CDN (level-2). These upServers are geo-distributed so
that broadcasters can choose a cost-efficient server for video
distribution. Furthermore, the upServer will transcode the
video to multiple quality versions, which is computationintensive. Then the transcoded streaming will be delivered
to the download servers (level-3). The download servers are
distributed in different geographical locations (e.g., U.S. West
and China East), and will serve the viewer requests (level-4)
in its region.
Although the network congestion in each link from level1 to level-4 may affect the viewer QoS, the first mile network
between level-1 and level-2 is most critical in the whole path
of CLS [8] for the following reasons: first, a single broadcaster
uploading link may affect all the viewers in the channel,
thus improving the single first mile network can benefit tens
of thousands of viewers; second, in most cases the network
uploading condition is poor due to limited uploading ability.
Therefore, improving the performance of the first mile network
is an economical way to benefit all viewers in the channel by
only optimizing the single first mile network. To this end,
we aim to improve the first mile network using the relay
network.

We present the architecture of CHN in Fig. 12, where we
incorporate relays into the first mile network. Each upload
streaming can take either the “direct path” (blue arrow) or the
“relayed path” (green arrow). When taking a “relayed path”,
the streaming is first forwarded to a relay, and then forwarded
to an upServer. The relays are provided by some edge network
operator, who crowdsource the resource of edge devices [5],
[6]. When a “relayed path” outperforms the default path,
we can choose the “relayed path” to reduce latency and obtain
sustainable bandwidth [10].
The relay assignment problem is based on the network
performance. Specifically, the network condition between each
relay-upServer pair, broadcaster-relay pair and broadcasterupServer pair is measured and transferred to the centralized
assignment server. Keeping track of the network performance
between the relay and upServer is feasible, as both are controlled by the CLS provider. However, the network attributes
of broadcasters (e.g., IP address, AS) are highly dynamic
and large in number, making direct measurement infeasible.
Previous works [11], [12] employ data-driven approaches such
as cluster methods to predict the network performance. This
is a well-studied topic and is out of scope in this work. With
the network performance collection from direct measurement
and prediction, the network performance keeps up to date,
which can be used for relay assignment. Note that the overhead
of network measurement is negligible, as all the data is
collected in a passive way [13], i.e., when a streaming session
is established, the network performance is recorded by the
relay nodes and upServers, and reported to the centralized
assignment server. The update frequency can be set in seconds
for accurate monitoring.
Given the system architecture and the insights in the measurement, we present the design principles as follows:
•

Hybrid Solution: We implement centralized assignment
to optimize the multi-objective relay assignment problem of all the broadcasters periodically. In addition,
the distributed assignment is required to cope with the
relay assignment problem in real-time when one specific
broadcast channel establishes.
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Prioritized broadcast channel: Different channels serve
different number of viewers, and the popular channels
should be prioritized for relay selection to benefit more
viewers.
Cost-efficient path: The relay path should be selected
optimally to reduce the streaming delivery cost in the
path.

C. Hybrid Assignment
We further introduce the hybrid assignment solution in
details, which determine the relay assignment at different time
scales and broadcaster number scales. The hybrid solution
determines whether a broadcast streaming should be relayed,
and further which relay to use. The centralized assignment
takes the whole network information as input and calculates
the optimal relay assignment of all broadcasters as output.
Due to relatively large computation, the centralized assignment
operates in a periodic way. We should strike the tradeoff
between system optimality and computation as well as network
overhead. Detailed discussion on the period is provided in the
experiment section. We formulate the centralized assignment
problem as an optimization problem and provide an efficient
fast algorithm in Section IV.
When a broadcast channel is established, it should be
relayed to an optimal path at once. The centralized assignment is not appropriate in this scenario, as the centralized
assignment cannot guarantee fast response. Hence, we design
the distributed assignment, which makes a quick decision
for a better network condition in subsecond response time
when a broadcast channel is established. The relay decision is
performed on the broadcasters’ devices and relay nodes in a
distributed way. Specifically, the broadcaster’s device decides
which relay to use with the MAB method, which explores
the network conditions based on the historical data. Once a
broadcast channel is assigned to a relay, the relay nodes then
decide which upServer to upload based on the current traffic
information. The algorithm is provided in Section V.
D. An Illustrative Example
To introduce the architecture features and demonstrate the
key design principles (prioritized broadcast channel and costefficient path), we provide an illustrative example in Fig. 13,
where we consider a system with two broadcasters {B1 , B2 },
two relays {R1 , R2 }, and one upServer {U }. The bitrates of the
broadcasters are [800, 400] kbps. The available capacity of the
relay-upServer can be measured, which are [1000, 800] kbps.
The link cost of each node pair is denoted in Fig. 13, representing the QoS loss caused by packet loss and transmission
delay. Since both the loss rate and delay are additive, we can
derive the path cost table in Table II.
We show the optimal relay assignment policy in Fig. 13,
where the broadcaster popularities are [1000, 10] and [10, 10],
respectively. When the popularity of B1 is very large, it gets
the priority to select the most cost-efficient path [B1 , R1 , U ],
although B2 can obtain the larger cost decrease when selecting
R1 as the relay. When the popularity of B1 and B2 are the

Fig. 13. An illustrative example of relay assignment optimization. The blue
values are the link costs, the red values are the available bandwidths, the green
values are the required bandwidths, and the brown values are the channel
popularities.
TABLE II
R ELAY C OST M ATRIX . (N OTE T HAT φ M EANS N O R ELAY I S U SED , AND
THE B ROADCASTERS U PLOAD TO THE UP S ERVER D IRECTLY )

same, B2 is assigned to R1 , as the path cost is reduced most
remarkably.
IV. C ENTRALIZED A SSIGNMENT: F ORMULATION
AND O PTIMIZATION
In this section, we provide the formulation of the global
relay assignment problem. The problem is unique in the
following aspects: (1) Optimizing one broadcaster can benefit
all the viewers, and the key challenge is estimating the
viewer number. (2) Our method can avoid the overload of
the upServers as we consider the transcoding and networking capacities. We prove that the optimization problem is
NP-hard and design fast algorithms to achieve sub-optimal
performance. In order to achieve low latency, low loss rate,
and sustainable bandwidth at the same time, which guarantees
good network quality, we incorporate the latency and the loss
rate as a comprehensive network cost and set the sustainable
bandwidth as the constraint. As the centralized assignment is
computation-intensive, it works in a periodic way.
A. Basic Network Model
The broadcaster set can be denoted as B = {1, 2, . . . , B}.
The edge relays, i.e., devices with network transmission
capacity, are used to relay data from the broadcasters to the
upServer, and we denote the relay set as R = {1, 2, . . . , R}.
The destination of the broadcaster streams is the upServers
denoted as U = {1, 2, . . . , U }. We assume that the upServer
has the limit of computation, e.g., transcoding, and we denote
the limit as Com, which is measured in bps. As we allow onehop relay, the broadcaster will be assigned to one relay or no
relay, depending on the relay assignment. The relay assignment option of each broadcaster b is denoted as r (b) ∈ R∪{0},
where r (b) = 0 means that the broadcaster is assigned to
no relays, and delivers the stream to the upServer directly.
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Thus, we can denote the relay option set as R∗ = R ∪
{0} = {0, 1, 2, . . . , R}. Whether or not the broadcaster is
assigned to a relay, the destination of the broadcaster stream is
one specific upServer of the CDN. Specifically, the upServer
assignment of each broadcaster b is denoted as u(b) ∈ U.
The centralized assignment aims to determine the relay and
upServer assignment (r (b), u(b)); ∀b ∈ B to optimize the
global system performance.
B. Network Cost Model
The relay assignment problem relies on the network quality
of the broadcaster-to-relay link, the broadcaster-to-upServer
link, and the relay-to-upServer link. We denote the available
bandwidth between relay r and upServer u as c(r, u). Hence,
C R−U = {c(r, u)}; ∀r ∈ R, u ∈ U is a matrix representing the
available bandwidths of all possible relay-to-upServer pairs.
Note that we cannot derive the available bandwidth related to
the broadcaster, as the broadcaster is not under control and the
bandwidth is highly dynamic. However, we can estimate the
loss rate and delay between any node pair of the uploading
path, as mentioned in [11]. For a node pair (i, j ) in the
uploading path, the loss rate is denoted as l(i, j ), and the delay
is denoted as d(i, j ). Based on above definitions, we define
the video QoS of the node pair as a weighted sum of loss rate
and delay measured [14]–[16]. Formally, the link cost si, j can
be formulated as follows:
si j = αd(i, j )+(1−α)l(i, j ), 0 < α < 1, ∀i, j ∈ B ∪ R ∪ U,
(2)
where α is a parameter balancing the loss rate and the
delay. The uploading path cost is defined as S(b, r (b), u(b)),
reflecting the loss rate and transmission latency of the link:

s(b, u(b))
r (b) = 0
S(b, r (b), u(b)) =
s(b, r (b))+s(r (b), u(b)) r (b) ∈ R∗ /{0}
(3)
C. Broadcaster Model
The broadcasters are heterogeneous in bitrate, as each
broadcaster has unique device setting and video content.1
We denote the bitrate of broadcaster b as t (b). Our objective
is to minimize the comprehensive network cost of viewers by
improving the broadcaster’s network. The unique characteristic
of optimizing the broadcaster’s network is that each broadcast
channel bears different popularity, thus has different impacts
on viewers. Based on the analysis of the broadcaster patterns,
we notice that the viewer number varies among different
broadcasters, which inspires us to illustrate the popularity
of broadcasters. Specifically, we define the current viewer
number as Pc (b), which is a measure of the channel popularity.
However, the centralized assignment works in a periodic way,
thus requires future information. Hence, a more accurate
popularity method is required. In this paper, we develop a
technique to estimate the popularity of a channel by focusing
on the weighted viewer number of current viewer number and
1 [17] detected that the bitrates in a CLS platform are highly heterogeneous.

broadcaster average viewer number. We use the exponential
moving average method to predict the viewer number as
follows:
P(b) = (1 − β)Pa (b) + β Pc (b), 0 < β < 1,

(4)

where P(b) is the popularity of the broadcaster b, Pa (b) is
the average concurrent viewer number of broadcaster b, β is
the smoothing factor. Larger values β reduces the smoothing
level, and when β = 1 the popularity is the current viewer
number. Thus, the overall viewers’ cost of channel b is P(b) ·
S(b, r (b), u(b)).
D. Problem Formulation
Our aim is to minimize the overall cost by assigning
the relay decisions in the first mile network. We introduce
x b (r, u) ∈ {0, 1}, ∀r ∈ R∗ , ∀u ∈ U to represent the joint relay
and upServer assignment, xb follow the constraint:
|
x b | = 1, ∀b ∈ B,

(5)

indicating that there is only one path from the broadcaster to
the upServer.
In order to guarantee sustainable network bandwidth,
we have the following link capacity constraints:

t (b) · x b (r, u) ≤ c(r, u), ∀r ∈ R, u ∈ U,
(6)
b∈B

The upServer is computation intense as the video transcoding and forwarding is performed in it. As [18] illustrated
that the more popular videos should be transcoded into more
replications, we define H (P(b)) as a concave increasing
function of the computing resource spent when transcoding
the streaming of broadcaster b with popularity P(b). Hence,
the upServer computing constraint can be denoted as:


t (b)H (P(b)) ·
x b (r, u) ≤ Com, ∀u ∈ U, (7)
b∈B

r∈R∗

Then S(b, r (b), u(b)) can be reformulated as S ∗ (b, xb ),
which is shown as follows:
 
S ∗ (b, xb ) =
S(b, r, u) · x b (r, u)
(8)
r∈R∗ u∈U

The global relay assignment problem can be formulated as:
  
min
P(b) · S(b, r, u) · x b (r, u)
b∈B r∈R∗ u∈U

subject to (5), (6), (7)
x b (r, u) ∈ {0, 1}, ∀b ∈ B, r ∈ R∗ , u ∈ U, (9)
We can achieve the optimal relay assignment via solving the
above problem, which is denoted as the optimal assignment
problem (OAP).
Theorem 1: The optimal assignment problem (OAP) is
NP-hard.
Proof: We prove the NP-hardness of OAP by reduction to
the knapsack problem. Suppose there are only one relay node
and one upload server in this broadcast system, i.e. R∗ =
{0, 1}, U = {1}. We assume the computation capacity of the
server is unlimited, i.e., Com = +∞, thus the constraints in
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TABLE III

1) Greedy Rounding Algorithm: Intuitively, we prioritize
the optimization of popular channels to benefit more viewers.
However, the direct greedy strategy may not provide satisfying
results as it ignores the network quality. A better algorithm
should be designed to consider both the channel popularity
and the network resource. Motivated by the rounding techniques [19], we design a greedy rounding algorithm (GRA).

N OTATIONS OF I MPORTANT VARIABLES

x b (r, u) ≥ 0, ∀b ∈ B, r ∈ R∗ , u ∈ U

(11)

First we relax the binary variant constraints as shown in equation (11). This relaxation changes the original problem into a
linear programming problem. This relaxed linear programming
can be effectively solved using classical methods like simplex
method [20]. In this way, we can derive the solution of
the linear programming denoted as x b∗ (r, u). This solution
cannot be applied directly, as we expect binary variants as the
solution. We further need to obtain a feasible binary variables
solution.
Here we extract the system cost brought up by each broadcaster as follows:
W (x b∗ (r, u)) = P(b) · S(b, r, u)x b∗ (r, u),

equation 7 always satisfies. Furthermore, we assume that all
broadcasters taking the relay path bear the same link quality
and we normalize it to 1, i.e., S(b, 1, 1) = 1, ∀b ∈ B and
S(b, 0, 1) = 0, ∀b ∈ B, ∀u ∈ U. Moreover, the constraint of
capacity on path {1, 1} is denoted as l(1, 1) = W . The problem
becomes “How to maximize the viewer number transmitted via
relay network under the constraint of the path capacity, given
that each broadcaster bears a bitrate and a viewer number.”
Specifically, the original problem is reduced to the following
problem:

P(b)x b
max
b∈B



t (b)x b ≤ W

b∈B

x b ∈ {0, 1}, ∀b ∈ B,

(10)

We notice that the above problem is a classical 0-1 knapsack
problem. As the 0-1 knapsack problem is known to be NPhard, we prove the NP-hardness of the OAP.
E. Algorithms
Since OAP is proved to be NP-hard, we cannot obtain
the optimal solution in polynomial time. In this section,
we provide Greedy Rounding Algorithm (GRA) for the OAP
with rounding technique, and prove that the method is theoretically bounded. GRA method runs relatively fast in small
and medium network scale, while in the large-scale network,
we need faster implementation. In order to accelerate the
calculation process, we further develop a fast implementation
(FGRA) of GRA, which has computing complexity in polynomial time and processes fast in the large-scale network.

(12)

which can be regarded as the “weight” of the broadcaster.
This weight reflects how much cost the variable induces.
Intuitively, the variables inducing larger cost should be set
at a smaller value. Hence, we round the broadcasters in
weight descending order. Furthermore, in order to satisfy the
constraint of equation (5), we can only round x b (r, u) with the
highest weight. Specifically, we show the rounding policy as
follows:

0 if (r, u) = arg(r,u) max W (x b∗ (r, u))
(13)
x b (r, u) =
1 if (r, u) = arg(r,u) max W (x b∗ (r, u))
After performing the rounding process, the link capacity and
computation constraints may still be violated. Thus we should
consider the feasibility in the rounding process, and round
the broadcaster which is feasible and has the largest weight.
We show the greedy rounding algorithm in Algorithm 1.
We can prove that GRA is O(|R| · |U|)-optimality in cost
upper bound.
2) Fast Implementation for Greedy Rounding Algorithm (FGRA): We notice that in GRA, we need to solve a
linear programming in the relaxation part. The most widely
accepted method is the simplex method, which may induce
exponential complexity [20] when the network scale gets large.
As a result, we develop FGRA, which uses a heuristic to
approximate GRA method. We look into x b∗ (r, u) in the relaxed
linear programming problem, and find that the path with lower
cost corresponds to a larger x b∗ (r, u). Heuristically, we want to
find an approximation for x b∗ (r, u). We define γ as the lowest
achieved cost without relay:
γ = min(S(b, R + 1, u)), ∀u ∈ U
u

(14)

Then we use heuristic to define x b∗ (r, u):
x b∗ (r, u) = eγ −S(b,r,u), ∀b ∈ B, r ∈ R∗ , u ∈ U.
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Algorithm 1 Greedy Rounding Algorithm
1: procedure G REEDY- ROUNDING ( P, l, S, t, Com)
2:
I. Relaxation
3:
Solve the relaxed LP and get fraction results x b∗ (r, u)
4:
II. Rounding

5:
for b ∈ B ranked by r,u P(b)S(b, r, u)x b∗ (r, u) do
6:
Rank the (r, u), r ∈ R∗ , u ∈ U by W (x b∗ (r, u))
7:
(rb , u b ) ← the first (r, u) that satisfies the const.
8:
x b (rb , u b ) ← 1
9:
for (r, u) = (rb , u b ), r ∈ R∗ , u ∈ U do
10:
x b (r, u) ← 0
11:
end for
12:
end for
13: end procedure
After obtaining x b∗ (r, u), the rounding process in FGRA
method is the same as the GRA method. We have the following
theorem for the complexity of the heuristic greedy rounding
algorithm (FGRA).
Theorem 2: The computing complexity of the FGRA algorithm is O(|B| · |U| · |R| log(|U| · |R|)).
Proof: We consider the complexity of rounding process
- the second part in the algorithm. The time limit appears
at the step of ranking the (r, u) pairs for each b ∈ B. The
complexity of this rounding part for one broadcaster is O(|U|·
|R| log(|U| · |R|)). Thus the complexity of all the broadcasters
is O(|B| · |U| · |R| log(|U| · |R|)).
V. D ISTRIBUTED A SSIGNMENT: MAB-BASED M ETHOD
As the broadcast channels establish as well as terminate
frequently, and the network condition varies with time, a realtime assignment is necessary for quick decision making to
deal with the broadcast channel dynamic. Due to the timeconsuming computation of global optimization, the centralized assignment cannot guarantee fast response of a newly
established channel. In this way, we design a distributed
assignment method for broadcasters when a broadcast channel
is established. The assignment is made by the broadcast device
and relays in a distributed two-phase manner. In phase I,
the broadcaster uses MAB-based method for relay assignment
based on the historical network performance. In phase II,
the relay forwards the streaming to the optimal upServer based
on instant relay load. The reason that we use MAB method is
that it can characterize the network performance in the timevariant condition.
A. Phase I: Broadcaster Local Assignment
1) Multi-Armed Bandit Problem: The MAB problem [7]
models an agent with historical information taking action
repeatedly in order to maximize the accumulated reward.
It works in an exploration and exploitation way, i.e., taking the
currently best action as well as acquiring new information. The
classic MAB problem considers a bandit with F arms, whose
expected rewards are i.i.d. over time. At each time slot, one
arm is pulled and the bandit yields a reward. The problem
is to decide which arm to pull at each time slot in order to

maximize the accumulated expected reward over time. An arm
is more reliable if it is pulled more times, while pulling an
arm with higher expected rewards introduces higher reward.
Ideally, we want to pull the arms with reliable information and
high expected rewards. Hence, there is a tradeoff between the
exploration of new arms (i.e., pulling an more times to derive
accurate estimation of the mean rewards) and the exploitation
of known arms (i.e., obtaining higher rewards).
We can see a natural mapping between the MAB problem
and the relay selection problem for broadcasters. Like MAB,
each time when a broadcast channel is established and uses a
relay (i.e., pull a bandit), we can observe the induced network
cost (i.e., reward). Our goal is to minimize the overall network
cost (i.e., reward maximization). Threr are many algorithms for
the MAB problem. Reference [21] shows that no policy can
achieve an asymptotic regret smaller than O(log(t)). In this
way, we select a policy proposed in [22], i.e., the upper
confidence bounds (UCB), which is proven to achieve a regret
on the order of O(log(t)).
2) MAB for Relay Selection: For a particular broadcaster
b, our goal is to select a relay with the lowest cost. As the
network condition is highly dynamic, the goal for relay
selection is to reach a balance between exploring new relays
and exploiting the currently optimal relay. The UCB method
considers both how close the choice is to optimality and the
skewness historical selection. In this way, the algorithm will
explore the relay nodes which are seldom used and exploit the
current optimal relay selection scheme.
Formally, we define the MAB problem for each broadcaster
as follows. Recall that R ∗ is the set of relay options and s(b, r )
is the expected network cost when using r as the relay option.
We denote A ∈ R∗ as the selected relay, Q(A) as the estimated
action value when performing A and R as the actual value
after acting A. In our scenario, R can be measured as the
network cost s(b, r ). Furthermore, we denote N(A) as the
number that a relay node has been chosen before. The relay
selection scheme is based on both the estimated value Q(r )
log t
, where t is the number of
and the exploring factor N(r)
historical relay selections. We treat the weighted combination
of the two factors as the objective function:

log t
, c < 0.
(16)
A = arg min Q(r ) + c
r
N(r )
Different from the classical MAB problem aiming to maximize
the overall reward, we aim to minimize the network cost
s(b, r ) in our context. Q(A) is updated by adding N(1A) (R −
Q(A)) after choosing A as the action. Algorithm 2 shows our
approach. Note that when we apply the MAB-UCB method
to select the optimal bandwidth, we maximize the expected
bandwidth as in the classical problem.
B. Phase II: Relay Local Assignment
In Phase I, a newly launched broadcast channel will be
relayed directly to the upServer or the relay. Once a channel
is forwarded to a relay, a further decision should be made
as to which upServer to assign. This decision is made by
the relay node that the streaming is assigned to based on the
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Algorithm 2 Multi-Armed Bandit With Upper-ConfidenceBound
1: procedure MAB-UCB(b, R ∗ , A)
2:
I. Initialization
3:
t←1
4:
for r = 1 to R ∗ do
5:
Q(r ) ← 0
6:
N(r ) ← 0
7:
end for
8:
II. Recursion

log t
9:
A ← arg minr Q(r ) + c N(r)
10:
R ← bandi t (A)
11:
t ←t +1
12:
N(A) ← N(A) + 1
13:
Q(A) ← Q(A) + N(1A) (R − Q(A))
14: end procedure

link capacity between the relay node and the upServers and
work load on the upServers. The relay can obtain the optimal
solution of upServer selection by computing the potential cost
when selecting different upServers. The relay can filter all
available links whose capacity is larger than the streaming
bitrate and choose the link with the best network performance.
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Fig. 14.

Normalized Cost of different algorithms.

Fig. 15.

Normalized Cost versus relay number.

Fig. 16.

Cost, delay, and loss rate with α.

VI. E XPERIMENT R ESULT
A. Experiment Setup
In order to validate the optimality and the processing
efficiency of the proposed algorithms, we set up an evaluation
environment based on the real-trace. We select 1000 broadcasters from the Inke.tv data trace, i.e., B = 1000, whose
bitrates range from 1Mbps to 3Mbps, and set U = 4 as the
upServer number. We also set the computing limitation of each
upServer is 2,000 Mbps, the default relay number as 100,
i.e., R = 100, and the default α as 0.4. We collected the dataset
of smart routers in Beijing City, and treat the routers as the
relay servers. The dataset contains the router ID, the location,
and the network performance. After deriving the performance
of the algorithms in the simulation environment, we run the
real-world experiment on the whole Inke.tv dataset, aiming to
evaluate the potential performance improvement on the real
system.
We implement six methods of centralized assignment for
comparison, i.e., RANDOM, VDN-C, TOP-N, GRA, FGRA,
OPT. RANDOM is assigning channels to upServers randomly
without the aid of relay network. VDN-C [23] is a centralized
assignment method to allocate resource optimally in the live
streaming system without relay network, and serves as the
baseline. TOP-N uses the relay network and assigns the broadcasters sequentially by the popularity of channels. TOP-N also
serves as the baseline, which is an intuitive assignment method
for the relay assignment. OPT is the theoretically optimal
solution of the relay assignment problem. We implement three
distributed methods, i.e., Static, Greedy, UCB. The “Static”
method chooses the same relay all the time. The “Greedy”
method selects the currently optimal relay based on historical
data.

B. Simulation Results
In order to simplify the analysis, we normalize the cost
of viewers to the range from 0 to 1 by dividing the network
cost of the RANDOM algorithm. We now present the viewers’
normalized costs under five methods in Fig. 14. We notice
that with the implement of the relay network, the viewer cost
can be reduced by 25% ∼ 43%, as the VDN-C method has
the highest cost, delay, and loss rate. Recall that the cost
is the QoE loss of all viewers. The OPT method has the
lowest cost and is regarded as the optimal baseline. TOP-N
method induces the highest cost in relay-based methods. The
costs of GRA and FGRA are very close, and the cost of
FGRA is slightly higher that GRA. This suggests that the
heuristics do not cause much accuracy loss. Compared with
OPT, GRA incurs only 3% more cost, and FGRA incurs 8%
more cost. Meanwhile, TOP-N incurs 25% more cost than the
OPT method.
We show the viewer cost versus relay number in Fig. 15,
where we randomly remove some relays and calculate the
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TABLE IV
T OTAL C OST V ERSUS P ERIOD OF C ENTRALIZED A SSIGNMENT

Fig. 18. Experimental results on a typical day of the Inke dataset. (a) Total
cost in a day. (b) Rebuffer number in a day.

Fig. 17. Iteration processes of the MAB algorithm for link capacity and
latency selection. (a) Iteration process in distributed assignment to maximize
link capacity. (b) Iteration process in distributed assignment to minimize
latency.

Also, MAB requires smaller iteration numbers to outperform
the baselines: MAB outperforms baselines in 20 iterations for
high bandwidth and in 75 iterations for low latency.

C. Real-Trace Experiment
total cost of viewers. As the relay is not used in the VDN-C
algorithm, the network cost of VDN-C remains the same.
Other relay-based algorithms can achieve lower cost when
more relay nodes are employed because broadcasters have a
larger probability to find a cost-efficient relay path with more
relays. Both the GRA and FGRA algorithms can reach 95%
of the performance of the OPT method.
Furthermore, we discuss the cost, delay, and loss rate versus
α in Fig. 16, and the employed algorithm is FGRA. In reality,
the value of α can be arbitrarily set to balance the weights
of the multiple objectives: low latency and low loss rate. For
example, when a low delay is expected, we can set a larger
value for α to improve the weight of delay. We notice that
with the increase of α, the transmission delay decreases and
the loss rate increases.
We show the total cost as a function of the refresh period
of the centralized assignment. Table. IV show the total cost
with the deployment of only the centralized assignment under
different refresh period. For the fair comparison, the total cost
is calculated in a day based on the same set of broadcasts and
views. We observe that the finer granularity results in higher
cost reduction. Note that in reality, the period should be set
considering the trade-off between the cost reduction and the
computation overhead.
Next, we investigate the performance of the MAB algorithm
in the distributed relay selection. We show the performance
under different iteration times of different distributed assignment algorithms in Fig. 17(a) and Fig. 17(b), respectively.
We have two key observations: First, we find that the MABbased method outperforms baselines significantly, i.e., MAB
method can improve the average link capacity by 140%
compared to the greedy algorithm, and the average link
capacity can reach 1270 kbps. MAB can also lower the
transmission latency by 27% compared to baselines. Second,
the convergence of the MAB algorithm is relatively fast.
The MAB algorithm converges in around 100 iterations both
in finding the maximal bandwidth and the lowest latency.

We investigate the total cost of the Inke.tv platform in a
typical day with different methods in Fig. 18(a). For fairness
comparison, we set the refresh period as 30 minutes for all
methods. As the VDN-C method do not utilize the relay
network, the VDN-C method induces the highest cost of all
time and serves as the benchmark. Deploying only the Centralized assignment method (we choose FGRA for practical
consideration) induces lower cost than VDN-C. The hybrid
assignment method utilizing centralized method (FGRA) and
distributed method (UCB) achieves the best performance.
Comparing with the pure FGRA, the gap of cost enlarges
during peak demand and reaches 20% cost reduction. This is
because in peak demands, the dynamic of broadcast channels
increase, thus more new-launched broadcast channels will
be assigned by distributed assignment. The hybrid method
outperforms the VDN-C method by 40% in cost reduction. We
further investigate the viewer rebuffer behavior based on the
measurement result provided in Section II, from which we can
infer the rebuffer number in a broadcast channel by broadcaster
uploading latency. Specifically, we can compute the uploading
latency for each channel, and estimate the viewer rebuffer
number based on equation (1). Then we sum up the estimated
rebuffer number of all broadcast channels to derive the total
rebuffer number in the system. Note that the rebuffer number
estimation for each channel may not be accurate, while according to the law of large numbers, the rebuffer number estimation
of the whole system is convincing. We provide the rebuffer
number on the same day with different methods in Fig. 18(b).
We find the viewer rebuffer number will decrease dramatically
when the relay-based methods are utilized. We find that a
great portion of rebuffers occur in the peak hours, and the
FGRA method can decrease the rebuffer number by 40%.
In addition, we find the Hybrid method (FGRA+distributed
assignment) can further decrease the rebuffer number by 10%,
as the distributed assignment can select a better path when the
channel is established, thus benefiting the earliest viewers to
the channel.
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TABLE VI
P ROCESSING T IME V ERSUS B ROADCASTER N UMBER

D. Processing Time Analysis
Above results indicate the relay network is notable for
reducing the total cost and viewer rebuffer time. As a realworld online implementation, another important metric is the
time consumption in scheduling. On one hand, the network
condition shifts quickly, thus scheduling should be refreshed
in a few minutes. On the other hand, the number of broadcasters and relays may be very large in reality, challenging
the processing speed. We realize the centralized assignment
algorithm in C++ for fast implementation. Then we present
the processing time of different methods with the number of
relay and broadcaster in Table. V and Table. VI, respectively.
We find that the processing time of FGRA is 100x∼1000x
faster than GRA. It takes about 39 seconds to finish the
assignment process when the broadcaster number reaches
100, 000. The running time measurement result was conducted
on a desktop with Intel Core i7-6700 CPU @ 2.6 GHz x 4.
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the live streaming system. Mukerjee et al. [23] designed a
hybrid controller to improve the performance of the CDN,
and further used a centralized algorithm for live video optimization. Wu et al. [26] proposed a collaborative transcoding strategy for live streaming. Chen et al. [27] presented a
generic framework that facilitates a cost-effective cloud service
for crowdsourced live streaming. Wang et al. [28] proposed
CALMS, which adaptively leases and adjusts cloud server
resources. He et al. [17] introduced a framework that utilized
cloud computing services to enhance the viewer satisfaction
and allocate the geo-distributed computing resources. Reference [29] forecasted highlight in video game streaming
to assist in bitrate adaptation. Reference [30] aimed to use
scalable video coding in mobile devices for live streaming
uploading. Although the authors try to solve the uploading
problem, they focused on the end device, and did not try to
improve the network quality from the device to the server.
Gao et al. [31], [32] investigated the video transcoding in the
cloud.
Most above mentioned works on live streaming focus on
the optimization of the cloud network [17], the intra-CDN
link [23], and the uploading device end [30]. None of the
works focus on the optimization of the first-mile upload
network. While, measurement study in [8] showed that the
dynamic uploading capacity of broadcasters is a critical challenge, which noticeably affects the smoothness for viewers.
Reference [33] conducted data measurement on YouTube Live
and Twitch, and found numerous unique uploaders can guarantee 24/7 service. Reference [34] implemented a broadcaster
uploading system based on the HTTP protocal, from which we
observe that the uploading path is essential for better video
quality and lower latency. This inspires us to design novel
architecture to improve the first-mile network.
B. Relay Network for Better Quality

A. Live Streaming System Optimization

Relay network has been applied in many scenarios, such
as virtual private networks (VPNs) and multicast [35], [36].
Savage et al. [10] found that in 30-80% of the cases, there is
an alternate path with significantly superior quality. During
last few years, relay network has been used in novel network applications like Internet Telephony and live streaming.
Jiang et al. [11] presented overlay network to improve the
quality of internet telephony call. They used data analysis and
machine learning methods to probe the network condition and
schedule the relay decision. Zhang et al. [37] designed a datadriven overlay network to improve live streaming quality. They
use the relay network in the P2P and server-client scenarios.
However with the advent of CLS, employing the relay network
to optimize the first-mile upload network in CLS system is
more important. Reference [38] designed an optimal relay
selection algorithm for the wireless relay network.

With the growing popularity among users, CLS has also
attracted attention from the academia. Reference [24] and [25]
conducted measurement study on live streaming systems like
Meerkat and Periscope, and found that nowadays the typical live streaming service employs CDN to deliver contents. Many previous works focus on the optimization of

In this paper, we perform measurement on a large-scale CLS
dataset, and the results show that the first mile network causes
the viewer QoE degradation. Motivated by this, we design a
relay-assistant network for content harvesting in the first mile

VII. R ELATED W ORK

VIII. C ONCLUSION
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network for crowdsourced live streaming. We use a hybrid
solution, i.e., joint centralized and distributed assignment,
to perform the relay assignment. We model the centralized
relay assignment as an optimization problem and developed
an optimal algorithm and a fast approximation algorithm.
We utilize the MAB-based method to perform the distributed
assignment locally. The performance of the proposed solution
is evaluated through extensive experiments.
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