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ABSTRACT
As the demand for online video content drives up bandwidth costs
for content providers (CPs), there have been efforts to integrate
cost-effective techniques to mitigate their bandwidth expenditure
(e.g. using set-top boxes to share content). However, the use of
such resources requires considerable effort to balance cost vs. user-
perceived quality of service. This paper serves as a first step to
quantify this trade-off. We collect and analyze data from a major
CP that serves millions of users per day using both traditional
CDN resources and alternative cheaper resources. Our analysis
reveals that introducing cheaper alternative resources does not
always yield anticipated cost savings and may lead to a reduction in
quality of experience for users. We provide insights into the reasons
behind these issues and propose strategies for better utilization of
alternative network resources. We work with a major CP to deploy
our proposals, and offer insights on how to better leverage different
kinds of bandwidth resources for improved cost-efficiency and
streaming delivery.

CCS CONCEPTS
• Networks→ Network measurement; Network performance
analysis; Network services.
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1 INTRODUCTION
As the demand for streaming services continues to grow, optimiz-
ing delivery strategies and managing financial costs have become
pivotal for content providers (CPs). To achieve this, they rely on
Content Delivery Networks (CDNs), comprising geographically
distributed edge nodes. These CDN edge nodes primarily originate
from two sources: self-built infrastructure [1, 28, 32] and third-party
cloud vendors [4, 7]. While these offer advantages (such as large
bandwidth capacity and high stability), they are often associated
with high bandwidth unit prices [4, 7]. As a result, bandwidth plan-
ning, which aims to generate cost-effective configurations for the
use of edge resources, has emerged as a common practice for cost
reduction [2, 21, 24, 33, 42, 43].

These high bandwidth costs have also been driving CPs to lever-
age "alternative" edge resources to further reduce bandwidth costs.
These resources, such as set-top boxes with residential bandwidth
leased by users, offer significantly lower unit prices, yet unpre-
dictable availability [35, 38]. To date, there is a lack of research
examining the practical deployment of these resources and their
impact on cost savings and user-perceived quality.

To address this gap, we have gathered data from a large-scale live
streaming CP that serves millions of users per day. The CP lever-
ages hundreds of geo-distributed edge nodes, sourced frommultiple
providers, for bandwidth allocation in streaming delivery. Exploit-
ing this data, we show that introducing lower-cost resources does
not always yield expected cost savings. This unexpected outcome
is primarily due to the discrepancy between the actual and planned
percentile bandwidth usage, which is often caused by long per-
sistent connections. Additionally, while the alternative resources
demonstrate comparable first frame latency, they may result in
higher buffering rates. We discovered that the primary cause of
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Table 1: The overview of bandwidth capacity.

MIN MAX AVG

traditional resources 14 Gbps 450 Gbps 155 Gbps
alternative resources 3 Gbps 17 Gbps 7.75 Gbps

(a) Distribution of anonymous unit price
of alternative resources.

(b) Distribution of anonymous unit price
of traditional resources.

Figure 1: Distribution of anonymous unit price of alternative
resources and traditional resources.

increased buffering rates is the significant mismatch between the
advertised and the actual available bandwidth capacity. To address
these challenges, we conduct improved deployment with strategies
that take into account both connection time and available band-
width capacity, showing notable reductions in both bandwidth costs
(8.8% to 16.7%) and buffering rates (26.89%).

In summary, our contributions are:
• We characterize the use of alternative edge node resources, by

gathering data from a large-scale live streaming CP, encompass-
ing 100 million viewing sessions watched by approximately 10
million unique viewers daily.

• We evaluate the impact of introducing cheaper alternative re-
sources on cost savings and user-perceived quality, identifying
the reasons behind the unexpected observations. These insights
offer a deeper understanding of the challenges in deploying
alternative resources in streaming services and strategies for
their optimal utilization.

• We propose strategies to enhance performance based on our ob-
servations, and the results of our re-deployment validate these
strategies, offering CPs valuable insights on leveraging network
assets for improved cost-efficiency and service delivery.

2 BACKGROUND
2.1 Edge Node Resources.
Video CPs strive to offer seamless video experiences to their users,
relying on CDNs with geographically distributed edge nodes [1, 32].
Traditionally, these nodes originate from self-built CDNs [1, 28, 32]
or cloud vendors [4, 7, 8], designed for substantial capacity and high
redundancy, leading to elevated bandwidth unit prices, termed as
traditional resources in this paper. Billing models for bandwidth us-
age typically follow two prevalent methods: (i) monthly percentile
billing charged on the 95th-percentile bandwidth usage [33, 42, 43],
and (ii) fixed billing based on a pre-set limit, regardless of actual us-
age [8, 31]. Recently, CPs have begun exploring cheaper resources
from third-party vendors to augment the pricier CDN-hosted re-
sources. These vendors aggregate idling resources [29, 31, 38], such
as user-leased set-top boxes, into virtual edge nodes, known as
alternative resources. These alternatives offer significantly lower
unit prices but come with reduced stability.

(a) Viewer distribution. (b) Session duration distribution.
Figure 2: Distribution of viewers and session duration.

2.2 The Examined Streaming CP
The examined streaming CP, serving millions daily, employs a di-
verse edge system for content delivery. This system encompasses
hundreds of edge nodes, including traditional resources from its self-
built CDN and alternative resources rented from various third-party
vendors. The ratio of traditional resources to alternative resources is
roughly 3:7. Table 1 presents the statistics of bandwidth capacity
among edge nodes. Over 90% of alternative resources exhibit a band-
width capacity below 10Gbps, while more than half of traditional
resources have a capacity exceeding 100Gbps. Furthermore, there
is a considerable price disparity between alternative resources and
traditional resources (see Figure 1), with an average ratio of 1:2.
Meanwhile, alternative resources are billed based on daily percentile
bandwidth usage [13] while traditional resources are billed based
on monthly usage.

Most CDNs employ a centralized streaming center and a set of
geo-distributed nodes to facilitate content distribution [23, 27]. The
streaming center manages media processing and request scheduling.
The CDN nodes are typically organized into a hierarchical struc-
ture, consisting of edge nodes that directly serve users and reflector
nodes that reside between connect edges and the streaming center.
This paper’s focus (i.e. alternative resources and traditional resources)
is on edge nodes. Note that the examined live streaming service
offers fixed-rate streaming for viewers, where live channels with dif-
ferent bitrates are treated as distinct streams. Consequently, when
a user switches resolution on the same channel, it is deemed as a
request for a different stream. As to the mapping of individual view-
ing requests to edge nodes, rule-based schedulers map requests to
the nearest or cheapest edge node, while planning-based schedulers
solve optimization problems to map requests [12]. The examined
CP’CDN uses a planning-based approach, optimizing bandwidth
costs by configuring the billable bandwidth of edge nodes as in [33].
The chances being assigned new requests to an edge node is pro-
portional to the gap between the billable bandwidth and the current
bandwidth usage. The scheduler will no longer assign new requests
to a node if its bandwidth usage exceeds its configured billable
bandwidth. The alternative resources were initially incorporated
into the examined CDN by simply taking them as traditional edge
nodes (referred to as INIT deployment).

3 MEASUREMENTS & ANALYSIS
In this section, we gather one-month production data from a large
streaming CP to characterize alternative resources and traditional
resources, attempting to answer the following questions: (i) Do
alternative resources reduce bandwidth cost? If so, to what extent?
(ii) Do they have any impact on user-perceived quality? If so, what
kind of impact do they have?
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Figure 3: An example of inflated percentile bandwidth uti-
lization.

3.1 Dataset Collection
The production data consists of two datasets, gathered separately
from the node-level and the viewing session-level.
Edge Node Dataset: This dataset encompasses detailed records
from hundreds of edge nodes operated by the examined CP. Tra-
ditional resources span 34 cities, while alternative resources cover
24 cities. For each node, we document its type (traditional or al-
ternative resources), the bandwidth capacity as stated by resource
providers, the billing method along with unit price, and real-time
bandwidth usage recorded every 5 minutes over the month.
Streaming Session Dataset: We also gather statistics at the view-
ing session-level. On average, our dataset captures over 100million
viewing sessions per day, watched by approximately 10 million
unique viewers. To provide a clearer profile of streams and view-
ing sessions, we present a snapshot of the distribution of viewers
and session duration in Figure 2. Figure 2(a) shows the Cumulative
Distribution Function (CDF) of the number of viewers per stream
at a given moment, while Figure 2(b) presents the CDF of viewing
session durations for streams with at least one viewer. Notably,
more than 80% of streams have fewer than 10 viewers, and over 20%
of views last less than one second. We concentrate on three key
metrics: (i) First frame latency, which gauges the time between the
client initiating a content request and the arrival of the first frame;
(ii) Buffering rate, indicating the frequency of streaming interrup-
tions. Specifically, we compute the buffering rate for a viewing
session as #𝑏𝑢𝑓 𝑓 𝑒𝑟𝑖𝑛𝑔

𝑠𝑒𝑠𝑠𝑖𝑜𝑛 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛
. (iii) Serving edge node, identifying the

specific node that facilitated the streaming session.

3.2 Analysis of Cost Savings
In this section, we investigate the degree to which the integration of
alternative resources actually lowers bandwidth costs and whether
these savings align with our projections.
Methodology.We first assess the cost savings achieved through the
INIT deployment described in Section 2.2 when compared to a de-
ployment solely relying on traditional nodes. This analysis aims to
determine whether the introduction of alternative resources indeed
leads to cost reductions. Then, to investigate whether these sav-
ings align with our projections , we solve an optimization problem
(detailed in Appendix A), using the demand data from the entire
month and the attributes of alternative resources and traditional
resources as input, to calculate the theoretical minimum achievable
bandwidth cost, denoted as Oracle. By comparing with Oracle, we
can understand the gap between the cost of INIT and the mini-
mum cost, as well as the space for further cost savings. Given that
cross-regional traffic transmission can introduce additional latency,

Figure 4: Distribution of the gap between optimal and actual
95th bandwidth utilization.

we limit traffic allocation within a single network region1. The
comparison results across various network regions are presented
in Table 2 where negative values indicate that INIT incurs lower
costs and positive values indicate higher costs.

Table 2: The cost difference of INIT compared to the Oracle
and the traditional-nodes-only deployment (tra-only) in var-
ious network regions.

Regions R1 R2 R3 R4 R5 R6 R7
tra-only -11.4% -12.1% -13.6% -15.4% -16.8% -18.2% -19.4%
Oracle +36.1% +46.3% +45.3% +28.9% +28.1% +37.9% +32.9%

Comparison with Traditional-Nodes-Only Deployment. The
cost savings achieved by INIT, when compared to a deployment
solely relying on traditional nodes, vary from 11.4% to 19.4% across
different network regions. These savings are primarily due to: (i)
Lower unit costs: The presence of alternative resources decreases
the overall bandwidth needed from traditional resources, and their
lower unit price further reduces the total bandwidth cost. (ii) De-
creased billable bandwidth: Node utilization during 5% of the time
intervals does not affect the 95th percentile cost calculation, effec-
tively making these intervals "free" in terms of cost. As the number
of nodes increases, the collective "free" intervals also increase, al-
lowing content providers to keep the 95th percentile bandwidth
low and reduce the total billable bandwidth.
ComparisonwithOracle. Wenext compare the initial deployment
against the theoretical optimum. The Oracle saves 28.1% to 46.3%
more bandwidth cost across different network regions, indicating
that there is still significant room for improvement before reaching
our expectations.

To understand the gap from Oracle, we illustrate the inflation
of 95th percentile bandwidth utilization in Figure 3. The blue line
shows real-time bandwidth, while the red and yellow dashed lines
indicate the actual and optimal 95th percentile bandwidth, respec-
tively. The shaded area highlights the gap between the actual and
optimal values, arising from misalignment between the node’s ac-
tual usage and theoretical configuration. We calculate the gap and
present the cumulative distribution function (CDF) plot in Figure 4.
Among various alternative resources, the gap ranges from -0.4 to 1.0,
with only 1.3% of nodes having a negative gap and approximately
50% having a gap higher than 0.25, significantly increasing costs
compared to Oracle.

This observation can be attributed to two main factors: (i) Long
Persistent Connections: Live streaming connections, once established,

1In our study, users within the same AS (Autonomous System) and metropolitan area
are grouped into one user group, which corresponds to a specific network region. This
grouping is based on their IP prefix.
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(a) Tail first frame latency.

(b) Number of viewing sessions.

Figure 5: First frame latency comparison.

tend to remain open to ensure low-latency streaming. These con-
nections continuously consume bandwidth until released. The INIT
scheduler, unaware of connection duration, causes bandwidth uti-
lization to deviate from its optimal configuration due to these long-
lasting connections. While traditional resources, billed monthly, can
adjust utilization over subsequent days to mitigate percentile value
impacts, alternative resources, billed daily, must bear unexpectedly
high daily percentile values since bandwidth utilization on different
days does not affect each other. A connection time-aware request
scheduler that prevents alternative resources from suffering long
consistent connections could reduce the gap issues, unlocking fur-
ther potential for cost savings. (ii) Inaccuracy of Traffic Prediction:
Offline planning relies on historical data to forecast demand for
each time interval in the coming month. However, such predictions
often lack precision, leading to gaps from expected node bandwidth.
Research on better prediction of high dynamic traffic will be left
for future work.

3.3 Analysis of Quality of Experience (QoE)
We next examine the QoE attained by alternative resources in terms
of first frame latency and buffering rate.
First frame latency. In streaming services, the first frame latency
is a crucial performance indicator. Figures 5(a) and 5(b) present
a comparative analysis of the 90th percentile tail latency and the
normalized serving sessions for both traditional resources and alter-
native resources throughout a one-month period. The normalization
of serving sessions is based on the maximum daily sessions for each
node type during that month.

We see that both node types exhibit comparable fluctuations
in serving requests over time. Notably, the Spearman’s rank cor-
relation coefficient between first frame latency and the volume
of serving sessions is calculated as -0.02 (p-value=0.91) for alter-
native resources and -0.07 (p-value=0.71) for traditional resources,
indicating that there is no discernible connection between the first
frame latency and the volume of serving sessions. The average 90th
percentile latency for alternative resources and traditional resources
during the monitored month amounts to 1,816ms and 1,827ms,
respectively. Remarkably, even with a comparatively smaller band-
width capacity, alternative resources exhibit latency equivalent to

that of traditional resources. This observation can primarily be as-
cribed to the closer physical proximity of alternative resources to the
end-users and implies that, despite limited bandwidth, deploying
alternative resources can yield competitive first frame latency.
Buffering rate. To further investigate the performance of alterna-
tive resources, we compare the buffering rate between alternative
resources and traditional resources. This is because the buffering rate
is one of the factors that has the greatest impact on user engage-
ment [14]. The buffering rate is calculated as the total number of
buffering events divided by the total length of the viewing sessions
served by the corresponding edge resources (or specific edge node).
Therefore, the buffering rate is normalized by the total viewing
duration, minimizing the impact of the distribution of individual
viewing session duration. Figure 6(a) presents the average buffering
rate of alternative resources and traditional resources over a month
and we can see disparities in both the variance and mean values
of buffering rates between alternative resources and traditional re-
sources. Notably, while alternative resources exhibit a slightly higher
buffering rate (0.1097) compared to traditional resources (0.1006), the
difference in average buffering rates is statistically insignificant, as
indicated by a t-test (t-statistic=1.42, p-value=0.15). However, a con-
cerning aspect is the notably higher standard deviation observed
in alternative resources (0.0149), indicating intermittent spikes or
surges in buffering, potentially compromising the streaming qual-
ity of experience. Conversely, traditional resources demonstrate a
far more stable performance with a significantly lower standard
deviation (0.0040).

We explore factors contributing to fluctuating buffering rates in
alternative resources. A clear trend emerges: a correlation between
bandwidth utilization and buffering rates. Figure 6(b) visualizes
this relationship over a week for one node, showing that buffering
rates tend to increase during peak traffic hours. To further support
this finding, Figure 6(c) plots buffering rates against bandwidth
utilization of one node. When bandwidth utilization exceeds a
threshold (0.6 in this case), the buffering rate jumps significantly,
with increased fluctuations. At higher bandwidth utilization, the
average buffering rate is 0.2213 (standard deviation 0.1566), much
higher than the 0.0499 rate (standard deviation 0.0522) at lower
utilization. The Pearson correlation coefficient is 0.32 at higher
bandwidth utilization and 0.28 at lower, indicating a weak positive
correlation between buffering rate and bandwidth utilization in
their respective intervals.

To generalize our findings, we next group alternative resources
based on their advertised bandwidth capacities and randomly se-
lected nodes from each group. We then plot the variation of average
buffering rates across different bandwidth utilization bins in Fig-
ure 7, where the bin size is 0.05 and the group ID increases with
bandwidth capacity. Each line in the graph exhibits an elbow point,
indicating the practical bandwidth utilization limit of each edge
node. This finding underscores a key disparity between the ad-
vertised and actual available bandwidth capacities of alternative
resources. Besides, we don’t see a significant fluctuation in buffering
rates across various traditional resources, nor have we observed such
a disparity between the advertised and actual available bandwidth
capacities of traditional resources (as shown in Figure 9). It urges
content providers to identify these limits for alternative resources,
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(a) Buffering rate comparison. (b) Example for bandwidth utilization and buffering rate
varying over time.

(c) Example for buffering rate varying over bandwidth
utilization.

Figure 6: The buffering rate of alternative resources.

Figure 7: The relationship between bandwidth utilization
and buffering rate.

perhaps using the elbow method, and take proactive steps to main-
tain bandwidth usage below the available bandwidth capacities to
ensure optimal streaming performance.

3.4 Summary & Takehomes.
Our findings reveal that the introduction of cheaper alternative
resources does not always yield anticipated cost savings and can lead
to increased buffering rates. Furthermore, we offer the following
two insights to improve cost savings and enhance the performance:
(i) Prolonged persistent connections can lead to significant gaps
from the optimal node bandwidth configuration. Implementing a
connection time-aware request scheduling strategy can mitigate
these gaps, unlocking greater potential for cost savings. (ii) There
is often a discrepancy between the advertised bandwidth capacity
and the actual available bandwidth. Identifying the true bandwidth
capacity of alternatives and scheduling requests to stay within each
node’s practical bandwidth limits can significantly reduce buffering
rates and enhance stability.

4 IMPROVED STRATEGIES
With the above analysis in-mind, we propose some practical im-
provements for alternative resources. We focus our efforts on simple
and heuristic approaches that can easily scale-up in production
environments.

4.1 Key strategies
Connection time-aware request scheduling. Our previous find-
ings underscore the influence of connection duration on bandwidth
cost savings as the connection continuously consumes the band-
width until actively terminated by the client. In the context of live
streaming, CPs predominantly use the HTTP-FLV (Flash Video over
HTTP) [19] and HLS (HTTP Live Streaming) [30] protocols to facil-
itate video streaming. Since HLS relies on short HTTP connections,
it is more resilient to short-lived and intermittent connections, mak-
ing it a suitable candidate for alternative resources. On the other
hand, HTTP-FLV, with its persistent connections, requires a more

stable environment to maintain a smooth streaming experience.
Therefore, we propose to prioritize redirecting FLV requests to
traditional resources, while the remaining HLS requests can be pri-
oritized for alternative resources instead. This approach aims to
prevent the serious deviation of the real-time bandwidth utilization
of alternative resources from its optimal configuration, minimizing
bandwidth costs as much as possible.

Note that we acknowledge that other factors, such as historical
viewing patterns and video content characteristics, can also in-
form connection duration. While gathering such data is more time-
consuming, it holds promise for further optimization. However,
even without these additional data, our protocol-based approach
represents a substantial step forward.
Identify available bandwidth utilization for alternative
resources. Given that there is often a discrepancy between the ad-
vertised bandwidth capacity and the practical available bandwidth,
coupled with the increasing buffering rates when the bandwidth
surpasses the available limit, we need to identify the practically
available bandwidth for alternative resources. To ascertain the prac-
tically bandwidth capacity of each alternative node, we employ the
elbow method. Specifically, we construct a curve, as exemplified
in Figure 7, and visually pinpoint the elbow point where the curve
starts to rise steeply. This elbow point is interpreted as the node’s
available bandwidth utilization. Subsequently, we enforce band-
width utilization limits for alternative resources, ensuring they do
not exceed their respective capacities.

Additionally, we recognize that streaming traffic patterns exhibit
distinct diurnal and weekly patterns, with peak evening hours wit-
nessing significantly higher volumes. To address the bandwidth
pressure on alternative resources during peak periods, we recom-
mend implementing dynamic bandwidth utilization thresholds for
peak and non-peak hours. Specifically, during peak hours, we will
lower the available bandwidth utilization thresholds to prevent
alternative resources from approaching saturation too quickly un-
der the high volume of concurrent requests. This strategy aims to
maintain a consistent and reliable streaming experience for users
while optimizing cost-efficiency.
4.2 Results
To test the efficacy of the innovations mentioned, we perform a re-
deployment that incorporates the improved strategies, utilizing the
same set of resources in the initial deployment. Over a one-month
period, we gather data including edge node dataset and streaming
session dataset as described in Section 3.1. The key differences
between the improved deployment and INIT are as follows: (i) In
the planning phase, a similar optimization model is used, but with
additional constraints to ensure that the output bandwidth limit for
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(a) Percentile BW utilization distribution.

INIT

Impr.

(b) Buffering rate reduction. (c) The number of offline events of alternative resources.

Figure 8: The results of improved deployment.
Table 3: The cost savings in various network regions of im-
proved deployment (Impr.) compared with INIT.

Regions R1 R2 R3 R4 R5 R6 R7
Impr. 13.2% 12.1% 10.6% 8.8% 9.5% 16.7% 12.4%

alternative resources does not exceed their available bandwidth. (ii)
In the request mapping phase, the scheduler outputs edge nodes
for FLV and HLS requests separately. It’s worth noting that there
was no significant difference in the volume of serving requests
between the two months, as confirmed by t-test for alternative
resources (t-statistic=0.33, p-value=0.75) and traditional resources
(t-statistic=0.89, p-value=0.38). We briefly detail our findings below.

The savings are detailed in Table 3. We attain substantial cost
savings ranging from 8.8% to 16.7% across various network regions
when compared to the initial deployment.

We then illustrate the distribution of the gap between the per-
centile bandwidth utilization and planned limit in the improved
deployment, as shown in Figure 8(a). Approximately 62.5% of alter-
native resources exhibit an absolute value of percentile bandwidth
deviation within 0.25. This finding underscores that our improved
deployment aligns more closely with Oracle, thereby improving
cost savings.

Figure 8(b) plots the daily buffering rates for both alternative
resources and traditional resources. Compared to the initial deploy-
ment, a notable decline (26.89%) in the buffering rate of alternative
resources is evident. This reduction highlights the effectiveness of
our approach in managing buffering rates through the identifica-
tion of available bandwidth capacity. Additionally, we utilize the
3-sigma principle, classifying sessions with buffering rates exceed-
ing 𝑏 + 3 ∗ 𝜎𝑏 as abnormal. We find that sessions experiencing
abnormally elevated buffering rates have decreased by 17.1%.

Furthermore, during the INIT, we observed several offline events
involving alternative resources as edge resources are forcibly taken
offline when their buffering rates exceed a predefined threshold.
Figure 8(c) presents the comparison of daily offline events between
the initial and improved deployments, showing a substantial drop
in forced offline occurrences from over 10 incidents per day to no
more than 3. This significant improvement can further underscore
the efficacy of our strategy in managing the buffering rate, which
is attributed to the identification of available bandwidth capacity.

4.3 Discussion
While this paper highlights the cost savings and QoE benefits of
alternative resources, several challenges may limit their broader
adoption. Traditional resources, sourced from the CP’s own CDN,
offer better management and stability. In contrast, alternative re-
sources often face frequent updates and replacements, leading to

less consistent performance and reduced resilience against unex-
pected traffic surges. Future research should explore solutions to
these issues to improve practical deployment.
5 RELATEDWORK
Bandwidth cost optimization. With the surge in bandwidth
demand, optimizing bandwidth cost has become crucial for CPs.
Research has extensively used MILP frameworks to model cost-
saving strategies, focusing on various billing methods[10, 16,
20, 22, 25, 36, 37, 40]. While linear billing methods have been
well-explored[2, 24, 26, 42], recent studies have addressed cost-
saving opportunities under the monthly 95th-percentile billing in
WANs [21, 34] and cloud networks [33, 43]. Additionally, cheaper
edge node resources, such as P2P systems used for content de-
livery [9, 18, 39, 41], offer potential for cost reduction. However,
optimization for these alternative resources remain unexplored.
Measuring video delivery systems. There is extensive literature
on measuring video delivery systems. Some works analyze the im-
pact of the video quality on user engagement [14, 15] while some
studies examine how various factors affect performance and user ex-
perience [11, 17, 32]. There are also efforts in performance enhance-
ment through multi-dimensional routing strategies [3, 5, 6, 32].
Prior research lacks a focus on billing and performance of alterna-
tive edge resources versus traditional CDN nodes in production.
Our work identifies opportunities and provides insights into how
to achieve a balance between performance and cost savings by
selectively leveraging alternative edge node resources.

6 CONCLUSION
This paper has presented a characterization of the use of alterna-
tive resources in a video streaming context. We have identified the
potential for improved cost-effectiveness and discussed the issue of
increased buffering rates. Our findings reveal that the gap between
the percentile bandwidth of alternative resources from the planned
one caused by serving long persistent connections leads to the
limited cost savings. We identify that the significant gap between
claimed bandwidth capacity and practically available bandwidth
capacity is the main reason for the inflated buffering rates of alter-
native resources. Accordingly, we propose a connection time-aware
and available bandwidth capacity-aware strategy to improve the
deployment of alternative resources.
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Figure 9: Generalization for the rela- tionship between band-
width utilization and buffering rate of traditional resources.

A FORMULATION FOR BANDWIDTH
PLANNING MODEL

A.1 Bandwidth cost formulation
We initiate by modeling the monthly bandwidth cost of each type
of node. Formally, the bandwidth cost of node 𝑘 is:

𝑐𝑘 = 𝑝𝑘 · 𝑢𝑘
, where where 𝑢𝑘 represents the billing bandwidth during this
billing cycle and 𝑝𝑘 represents the unit price of the node.

We denote 𝛿𝑘𝑡 as the bandwidth utilized by node 𝑘 during time
interval 𝑡 and 𝑇 as the total number of time intervals. For monthly
percentile billing, the billing bandwidth of node 𝑘 is:

𝑢𝑘 = 95𝑡ℎ-𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑖𝑙𝑒 (𝛿𝑘1, . . . , 𝛿𝑘𝑇 ) (1)

Furthermore, we add the following constraints to represent Eq. (1),
enforcing that only 5% of the time slots 𝛿𝑘𝑡 exceed 𝑢𝑘 . Specifically,
we have:

𝑢𝑘 ≥ 𝛿𝑘𝑡 −𝑀 · 𝜆𝑘𝑡 , ∀𝑡∑︁
𝑡

𝜆𝑘𝑡 =

[
𝑇

20

]
. Here,𝑀 is a sufficiently large integer, and 𝜆𝑘𝑡 is a binary variable
that indicates whether the bandwidth usage in a given time slot
exceeds the 95th percentile threshold.

For daily percentile billing, we assume there are 𝑁 days in a
month, with 𝑇𝑑𝑎𝑦 intervals per day. We have:

𝑢𝑘 = avg(𝑧1, 𝑧2, . . . , 𝑧𝑁 )

Where 𝑧𝑖 represents the 95th-percentile bandwidth for the 𝑖th day,
which is calculated as:

𝑧𝑖 = 95𝑡ℎ-percentile(𝛿𝑘𝑖1 , . . . , 𝛿𝑘𝑖𝑇𝑑𝑎𝑦 ) (2)

Here, 𝑖 𝑗 = (𝑖 − 1) ∗𝑇𝑑𝑎𝑦 + 𝑗 − 1 serves as the index for the intervals
within each day. To further illustrate the calculation of 𝑧𝑖 in Eq. (2),
we can introduce the following constraints:

𝑧𝑖 ≥ 𝛿𝑘𝑖 𝑗 −𝑀 · 𝜆𝑘𝑖 𝑗 , ∀𝑖 ∈ {1, . . . , 𝑁 }, 𝑗 ∈ {1, . . . ,𝑇𝑑𝑎𝑦}∑︁
𝑖1≤𝑡≤𝑖𝑇𝑑𝑎𝑦

𝜆𝑘𝑡 =

⌊
𝑇𝑑𝑎𝑦

20

⌋
, ∀𝑖 ∈ {1, . . . , 𝑁 }

For fixed billing, the billing bandwidth equals to the predefined
fixed capacity 𝐶𝑘 .

A.2 Bandwidth cost optimization
The problem of bandwidth cost optimization considering both daily
and monthly bandwidth-charged nodes (alternative resources and
traditional resources) can be formulated as a mixed integer linear
programming (MILP) problem:

min
∑︁
𝑘

𝑝𝑘 · 𝑢𝑘

𝑠 .𝑡 .
∑︁
𝑘

𝛿𝑘𝑡 ≥
∑︁

𝑑𝑡 , ∀𝑡 (3)

𝛿𝑘𝑡 ≤ 𝐶𝑘 , ∀𝑡, 𝑘 (4)

Inputs. On the supply side, each node 𝑘 possesses a bandwidth
capacity 𝐶𝑘 and a unit price 𝑝𝑘 . On the demand side, 𝑑𝑡 represents
the demand in the region at time interval 𝑡 .
Outputs. The outputs include: (i) The billing bandwidth of each
node, which is denoted as 𝑢𝑘 . (ii) The arrangement of free intervals
for each node, denoted as 𝜆𝑘𝑡 (see Section A.1 for details).
Constraints. Constraint (3) constrains the total outbound band-
width of all nodes, ensuring it exceeds the demand at any given
time slot; Constraint (4) restricts the outbound bandwidth of each
node to not surpass its capacity throughout the entire duration. Ad-
ditionally, the constraints in Section A.1 should also be introduced.

B COMPARISON RESULT
Similar to Figure 7, we categorize traditional resources based on
their advertised bandwidth capacities and randomly select nodes
from each group. We then plot the variation in average buffering
rates across different bandwidth utilization bins in Figure 9, with a
bin size of 0.05 and group IDs increasing with bandwidth capacity,
ranging from small to large. There is no significant elbow point
in each line, and buffering rates show minimal fluctuation across
various traditional resources, indicating that the actual available
bandwidth capacities align closely with the advertised values.
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