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Explosive mobile data traffic growth

– Close to 95% of traffic will
come from smartphones.

ExaBytes per month

• 8-fold increase in global mobile data traffic in 2017-2023.

Source: Ericsson.com (Nov. 2017)

• Network capacity needs to scale accordingly to prevent
congestion and degradation in user service quality.
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Need for novel network capacity expansion methods
• Several network expansion initiatives:
– Developing high frequency technology e.g., 60GHz (5G).
– Releasing more unregulated spectrum.
– Borrowing unused spectrum (cognitive radio networks).
– Increasing wireless link efficiency bits/hertz/meter.
– Offloading mobile data to complementary networks (WiFi).

• Wireless operators’ nightmare: costs not matched by
revenues:
– E.g., China Mobile reported 115.1% increase in mobile traffic, but
10.2% profit reduction (Proc. 1st IEEE 5G Summit’15).
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Information/content-centric solutions: why?
1. Asynchronous content reuse:
– 75% of mobile data traffic will be due to
recurring requests for popular video content.

2. High predictability of content demand:
– “What”, “when” and “where” the video
requests will appear (machine learning,…).

video
other
file
sharing
software
download
social
network web audio
browsing

• Storing/caching popular videos at the wireless edge:
– Increase network capacity, reduce networks costs (trade expensive
bandwidth for cheap storage) & improve user quality of experience.
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Main technical questions
1. Where and how much storage resource to deploy?
i. Core network (packet/serving gateways).
ii. RAN (macro/femto-cell BSs, fog servers).
iii. Mobile user equipment (smartphones).

2. What videos to cache? for how long?
✘ Video clips may become viral within
a short time & then disappear.

3. How to route videos to users
within the network?
• Interrelated decisions, albeit at different timescales.
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Two families of “what to cache” approaches
Caching

Online

Offline

Content is opportunistically
Stored by the nodes along the
path to the content source
e.g., LRU, LFU methods.

• Main usage in Information-Centric Networking (ICN).
– Explicitly named content chunks/packets.
– Extension of the P2P paradigm.
– Minimize traditional metric (e.g. retrieval latency).
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Two families of “what to cache” techniques (cont.)
Caching

Online

Offline
Content is proactively stored
based on the predicted
demand.

• Usage in CDNs, VoD, wireless networks (recent trend).
– Facilitated by recent advances on SDN/virtualization technologies.
– Optimize various performance metrics (content delivery delay,
bandwidth consumption, video streaming QoE, etc.).
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Recent trend: caching in wireless networks
• Commercial systems supporting BS/WiFi AP caching.

March 2014

Linksys smart WiFi routers
with external storage devices

• New challenges in heterogeneous wireless networks:
– Several candidate cache locations
(core, macro-, femto-cell, WiFi APs).
– Wireline/wireless backhaul links
with different capabilities.
– Other wireless aspects
(mobility, interference, unreliability).
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Going beyond state of the art
• We design novel caching schemes that are optimized to
account for the:
1. hierarchical structure of the network
2. application-level requirements (video streaming)
3. mobility behavior of the end-users
4. economic aspects (storage owned by third-party entities)
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Why hierarchies are important?
• Radio access network (RAN) and Mobile Packet Core tend to
have hierarchical structure.
servers
• Caches can be installed at various levels.
• User requests for content files
are routed upwards until they
reach a cache or server with
these videos.
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100GB

• Technical question7:
– Which files to place in each cache so as to maximize “cache hits”?
7 K.

Poularakis, L. Tassiulas, “On the Complexity of Optimal Content Placement in Hierarchical
Caching Networks”, IEEE Transactions on Communications, 2016.
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Formulating the hierarchical caching problem
• Combinatorial problem (NP-Hard).
• Integer variable 𝒙𝒏𝒇 ∈ {𝟎, 𝟏} for placing video file f at cache n.

• Constraint 1: each cache n can store up to a number of files.
•

∑ ∀𝒇𝒊𝒍𝒆 𝒇 𝒙𝒏𝒇 ≤ 𝑪𝒏

• Constraint 2: each user can access only the caches on his path
servers
to servers (no ‘U-turn’ is allowed).
• Maximize cache hits:
∑∀𝒖𝒔𝒆𝒓 𝒖 ∑𝒇𝒊𝒍𝒆 𝒇 𝝀𝒖𝒇 𝟏{∑𝒄𝒂𝒄𝒉𝒆 𝒏 ∈ 𝒑𝒂𝒕𝒉(𝒖) 𝒙𝒏𝒇 4𝟏}
Indicator function
1{c}=1 if condition c is
true; otherwise 0.

Hit if at least one
cache on the path of
user u has cached file f

𝑪𝟑
𝑪𝟓

𝑪𝟐
𝑪𝟏

Anticipated
demand of
user 1 λ1f

𝑪𝟒
Anticipated
demand of
user 2 λ2f
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A tractable special case
• When caches are installed on a single hierarchy path, the
constraint matrix is totally unimodular. Therefore, solving the
linear relaxed problem (e.g., using SIMPLEX) yields the
optimal integral solution.
• Example:

𝑪𝟑
𝑪𝟐
𝑪𝟏
Caches only on
the red path

Totally Unimodular Constraint matrix
(the determinant of every square
submatrix is +1, -1 or 0).

Cache size Each file is
constraints cached in at
most one cache

servers
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An approximation algorithm for the 2-level case
• Observation: For a given file placement at the root cache, the
optimal policy places at each leaf the locally most popular files not
included in the root cache.
– We can express the objective (cache hits) as a
function of the cached content at the root only.
– No need to optimize all the caches at the same
time. Instead, optimize only the root!

root
leaves

𝑪𝟒

• 1.582-approximation algorithm (best in literature):
– Iteratively places the file to the root cache that increases the objective
the most until the root cache is full. At each iteration it adjusts the
cached content at the leaves accordingly.

• We can extend it to N-level hierarchies, for any N>2, with a
slight deterioration of the approximation ratio.
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Compare with 3 state-of-the-art caching schemes
• Max-Popularity: Each cache stores the most popular files
based on its local demand [no approximation ratio].
• Iterative-Greedy1,8: Starting with all the caches being empty,
iteratively places the file to the cache that improves most the
objective function. Ends when all caches become full. [2approximation ratio]
• Swapping8: Starting with a random cache placement,
iteratively swaps a file in a cache with a file out of it if this
improves the objective function. Ends when there is no such
swapping possible [2-approximation ratio]
1 Golrezaei,

et al. IEEE Infocom’12.

8 Borst

et al. IEEE Infocom’10
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Evaluating hierarchical caching
• Setup: a 3-level hierarchy, 13 caches, 500 files, Zipf (0.8) demand.
• Measure the server load (total file requests minus cache hits)
achieved by each algorithm.
• The figure shows the performance gains (%) of our algorithm over
state-of-the-art methods.
Impact of root cache size

ü Up to 56% server load gains.
ü Gains increase with the root
cache size.
ü Even higher gains for steeper
demand distributions.

56%
10%
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Going beyond state of the art
• We design novel caching schemes that are optimized to
account for the:
1. hierarchical structure of the network
2. application-level requirements (video streaming)
3. mobility behavior of the end-users
4. economic aspects (storage owned by third-party entities)
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Unique challenges of video delivery
• In contrast to other types of content, videos should be
available at various qualities to serve users with different
requirements.
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Video encoding technologies & caching
• Scalable Video Coding (SVC/H.264) creates multiple layers for
each video, which when combined produce different quality
levels.
Layer 1

+

Layer 2
Cannot be
decoded
by itself

=

– Layer 1 by itself produces quality 1, layer 1 combined with layer 2
produce quality 2, etc.

• Idea: cache layers, not entire video files.
– Users can download the required layers from different caches.
– Video playback is constrained by the layer with the largest delay.
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Modeling layered video caching
• An abstract distributed caching architecture:
– A set of caches receive requests for layered videos.
– Caches can exchange layers on demand (“coordinated mode”).
– A server delivers the layers not found in the caches.
Remote server 0

Delay between a
cache and the
server (sec/bits)
Predicted demand
for video v at
quality q
(requests/sec)
9 K.
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d12
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d20
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cache
N
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Poularakis, G. Iosifdis, A. Argyriou, I. Koutsopoulos, L. Tassiulas, “Caching and Operator
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Cooperation Policies for Layered Video Content Delivery”, in Proc. IEEE Infocom, 2016.

Layered video caching problem formulation
• Optimization variables xnvl 𝝐 𝟎, 𝟏
cache size constraint:

}

o~e xd~e ≤ Cd

∀~€•‚ƒ ~,∀e„…‚† e

size of layer l
of video v

storing of lth
layer of video
v at cache n
size of cache n

• Goal: minimize average delivery delay:
∑∀ZNZ[P I, D\]PT D, E^NM\SO E 𝜆IDE

Non-linear objective

delayd,e = g

𝑑Ih ,
𝑑II∗ ,
0,

𝐦𝐚𝐱

MNOPQ M:C ST E

𝑑𝑒𝑙𝑎𝑦I,M

delay for downloading layer l to a
local user of cache n

𝑖𝑓 𝑛𝑜𝑛𝑒 𝑜𝑓 𝑡ℎ𝑒 𝑐𝑎𝑐ℎ𝑒𝑠 ℎ𝑎𝑠 𝑠𝑡𝑜𝑟𝑒𝑑 𝑙
𝑖𝑓 𝑐𝑎𝑐ℎ𝑒 𝑛∗ 𝑖𝑠 𝑡ℎ𝑒 𝑐𝑙𝑜𝑠𝑒𝑠𝑡 𝑡𝑜 𝑛 𝑡ℎ𝑎𝑡 𝑠𝑡𝑜𝑟𝑒𝑑 𝑙
𝑖𝑓 𝑐𝑎𝑐ℎ𝑒 𝑛 ℎ𝑎𝑠 𝑠𝑡𝑜𝑟𝑒𝑑 𝑙
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“Easy” special case for one cache
• Optimal solution structure for a special case with N=1 cache:
– The layer 𝑙 of a video should not be cached unless all previous
layers 𝑙 ˆ ≤ 𝑙 of this video are cached.

• Polynomial-time reducible to the multiple-choice knapsack
(MCK) problem.
• Example with 2 videos and 3 layers per video.
Item 1

Layer 1

Item 4

Layer 1

Item 2

Layers 1 +2

Item 5

Layers 1 +2

Item 3

Layers 1+2+3

Video 1

Item 6

Layers 1+2+3

Knapsack size =
cache size

Video 2

• At most one blue item, at most one red item in the knapsack.

– Pseudopolynomial-time optimal and FPTA algorithms.
23

Layer-aware cooperative caching (LCC) algorithm
for many caches
• Use the MCK solution to solve the general case.
• LCC algorithm (input parameter F𝜖 0,1 ) :
1. partition each cache into two parts:
• a part F for globally (across all cache-nodes) popular video layers,
• A part (1-F) for locally popular video layers.

F
1-F
Cache 1

Cache 2

Cache 3
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Layer-aware cooperative caching (LCC) algorithm
for many caches
• Use the MCK solution to solve the general case.
• LCC algorithm (input parameter F𝜖 0,1 ) :
2. Fill in the first cache parts by solving a MCK problem with knapsack
size equal to the total cache size allocated for globally popular videos.

F
1-F
Cache 1

Cache 2

Cache 3
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Layer-aware cooperative caching (LCC) algorithm
for many caches
• Use the MCK solution to solve the general case.
• LCC algorithm (input parameter F𝜖 0,1 ) :
3. for each cache-node n:
fill in its remaining cache space by solving a MCK problem with
knapsack size equal to the remaining cache size, considering the
layers already placed at the previous step.

F
1-F
Cache 1

Cache 2

Cache 3

2-approximation ratio for the symmetric delays case.
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Lower delay over state-of-the-art
• Compare our algorithm (LCC) with:
– Independent Caching (IC): each cache serves its local requests only. Caching is
performed based on MCK solution.
– Iterative-Greedy: iteratively, caches the video layer that reduces the objective
function (average delay) the most until all the caches become full.

Impact of rate
between caches
(1-10 Mbps)
25% delay gains

• Setup: 3 caches, 1TB size each, 10,000 videos, 5 layers each, layer sizes
based on http://trace.eas.asu.edu, ~10TBs total layer size, 1Mbps server
27
rate, Zipf(0.8) video requests, uniform across qualities.

Side benefit: improved streaming performance
• LCC is designed to optimize average delay, not performance metrics
related to video streaming.
• Simulate DASH streaming protocol (dynamically adapt playback
quality based on network load) and measure streaming performance.
ü 4x fewer video
playback stalls
ü Higher playback
quality
Playback time distribution across video
stalls and qualities (Q1 to Q5)

• Setup: as before, but non-constant rate: requests arrive dynamically, and
the delivery rate of a layer is the capacity of the link over the pending
requests (10Mbps server link and 100Mbps cache links).
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Going beyond state of the art
• We design novel caching schemes that are optimized to
account for the:
1. hierarchical structure of the network
2. application-level requirements (video streaming)
3. mobility behavior of the end-users
4. economic aspects (storage owned by third-party entities)
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Why mobility is important?
• Ultra-dense deployment of femto-cells is considered to be an
integral part of 5G wireless networks.
– Densification will result in frequent hand-offs between femto-cells as
the users move (even by walking – without vehicles).
– Hand-offs may occur before
data download is finished.

• Mobility can drastically
affect the efficiency of
the caching policies11.
11 K.

Femto-cells
(frequency f2 )

Poularakis, L. Tassiulas, “Code, Cache and Deliver on the Move: A Novel Caching Paradigm in
Hyper-Dense Small-cell Networks”, IEEE Trans. on Mobile Computing, 2017.
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Make mobility a friend not an enemy
• Traditional caching methods are based on predictions of the
content demand.
– The more popular a file is, the more copies of it are cached in the network.

• Mobility-aware caching is a new idea which exploits both the
demand and mobility behavior of the users:
– Popular file packets are spread across different femto-cell caches that are likely
to be encountered one after the other by the users.

Traditional

Mobility-aware
ü Mobile users may
encounter many
femto-cells and
can download
more files than
static users.
ü 3 times more files
in the example.

(Cache the most popular files– red & blue) (Cache file packets across user trajectory)
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Modeling mobility-aware caching problem
• Markov mobility model: users move to different locations from
slot to slot in a predictive manner.
pl
qll’
probability
that a user is
at location l

probability that a
user moves from
location l to l’

• Time deadline of d slots for a user to download the requested
file by the encountered femto-cell caches; otherwise redirected
to the macro-cell.
-we say that a user takes a walk w (sequence of d locations) with
probability rw

•

Bandwidth constraint Bn : max amount of data downloaded in a
32
slot by femto-cell n.

Variables used in the optimization

Optimization
variables

• We use Network Coding to formulate the caching problem in a
more tractable manner.
xnf 𝛜 [0,1] (continuous instead of integer values)
portion of encoded data of file f cached
at femto-cell n

– A file can be decoded if the amount of encoded data used is more or
equal to the size of the original (un-coded) file (Maximum Distance
Separable code).

Auxiliary
variables

• A mobile user requesting file f will download by the
encountered femto-cell n:
𝟏
𝐲𝐧𝐟
= min xd‘ , Bd file portion during the 1st contact
𝐤
—C S
𝐲𝐧𝐟
= min xd‘ − ∑–S˜C
𝑦I• , Bd portion during the kth contact,

k =2,3,..,d.
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Maximum Distance Separable (MDS) Code
• Given two positive integers k and n > k:
an (n,k) MDS code separates a file into k packets.
Subsequently, these are encoded into n packets (of the same
size) such that any k out of these n suffice to recover the
original file.
• Example (4,2):
– Any 2 out of the 4 column blocks suffice to recover the original file
data (A1, A2, B1, B2).
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Problem formulation
• Objective: minimize probability of macro-cell service:

}

𝑟™ } 𝜆™• 1{ ∑

∀™NM– ™
predicted
mobility

∀•\MP •
predicted
demand

œ
∀žŸš ¡ž œ Ÿ ¢£¡¤¤ž¥¤¤ š Oš›

•C }

condition for service by
macro-cell
(the total amount of data
downloaded by femto-cell
caches is not enough)

• NP-Hard even to approximate within any constant factor
(reduction from independent set problem).
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A distributed caching algorithm
• We propose to minimize an upper bound of the objective function.
– This could be an easier problem.
– This way, we indirectly minimize the initial objective function.

• Use Hoeffding’s inequality to find this upper bound:
–

Consider an ergodic Markov chain and a t-step random walk with total
weight Y. Then, for any 𝛅 ϵ 0, 1 , it holds:
Pr 𝐘 ≤ 𝟏 − 𝛅 𝛍𝐭 ≤ c φ

- ® ¯S
exp{−
}
¬
°F±

where φ is the initial distribution, π is the stationary distribution, μ is
the expected weight of the walk, T is the mixing time, c is a constant.
– For t=d and δ = 1 −

C
³•

, we get: Pr 𝐘 ≤ 𝟏 ≤ c φ
Initial objective function

exp{−

¬

¯]´

µ
—F
¶·

°F±

Upper bound

}

36

A distributed caching algorithm (cont.)
•

Minimize upper bound ó maximize the expected weight (μ) of a walk:

max 𝜇 =

–
–
Pr[ 𝑦I•
] 𝑦I•

}
∀¼½NMMZPMM I,•\MP •,ZTISNZS –

stationary probability that a user encounters
femto-cell n for the kth time requesting file f

•

Separable function across femto-cells.

•

Sub-problem for a femto-cell n ó fractional knapsack problem:
1st slot

C
𝑦IC

2nd slot

F
𝑦IC

dth slot

]
𝑦IC

..

File 1

..
𝑦
..
..
..
𝑦
C
𝑦IF

C
𝑦I¾

F
IF

F
𝑦I¾

]
IF

]
𝑦I¾

File 2

..

Greedily
placing item
fractions is
optimal

Knapsack size =
cache size of n

File F

Item values = stationary probabilities: higher fractions are cached for files that
are popular, and spread in femto-cells that are more likely to be encountered.
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Trace-driven evaluation

Mobility patterns
•
•
•
•

Wireless Topology Discovery project
•
(University of California San Diego)
275 PDA users, 15 WiFi APs/femto-cells
•
11-week period (year: 2002)
Mobility patterns are recorded every 20 sec

Request patterns
Amherst campus, University of
Massachusetts (year: 2008)
All user requests are recorded
(10,000 files)

Publicly available datasets
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Trace-driven evaluation (cont.)
• Compare with existing (mobility-agnostic) schemes

}
Cache size (% of file library size)

Probability of macro-cell service

Probability of macro-cell service

– Max-Popularity: cache the most popular files everywhere.
– Femtocaching: users are assumed to be static following the initial
distribution in the trace. Iteratively, places the file to the cache that
improves the most the objective, until caches are full.
– Setup: 3 time slots (1 minute) deadline, 8mbps femto-cell rate, 10% of
entire file library cache sizes, 40 MB file sizes.

Number of femto-cells

Up to 65% more macro-cell traffic is offloaded by our scheme.
The gains increase with cache sizes and femto-cell density.
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Going beyond state of the art
• We design novel caching schemes that are optimized to
account for the:
1. hierarchical structure of the network
2. application-level requirements (video streaming)
3. mobility behavior of the end-users
4. economic aspects (storage owned by third-party entities)
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Harvesting resources from residential users
• High availability of wireless bandwidth and storage in
residences today:
– Many residential users deploy their
own WiFi APs to serve their own needs.
– They may also own several storage
devices (external hard disks, USB flash, etc).

• Idea: an operator can harvest/lease these
resources to serve mobile users12.
– Benefit: CAPEX cost for infrastructure is reduced.
12 K.

Poularakis, G. Iosifidis, I. Pefkianakis, L. Tassiulas, Martin May, “Mobile Data Offloading
through Caching in Residential 802.11 Wireless Networks”, IEEE Transactions on Network and
Service Management, 2016.
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Why can this be a good idea?
• WiFi bandwidth is often unused for many residences:
– we analyzed a dataset of 167 real residential users, subscribers of
Portugal telecom, for a 4-months period. The dataset contains the
number of (transmitted or received) bits every 30-seconds for each
wireless device inside each residence.
– we found the probability that WiFi
is used by the residential user to be
up to 0.25 (peak in the evening)
=> only 1 out of 4 APs are used!

• Residential users will not be very reluctant to lease their
WiFi bandwidth.
42

Techno-economic optimization framework
• The operator decides the incentives to residential user n:
𝐩𝐂𝐧 ≥ 0 and 𝐩𝐁𝐧 ≥ 0
per unit price for
leasing cache space

per unit price for
leasing WiFi bandwidth

• Residential users maximize their own utilities (U) and payments.
𝑪𝒏Ã
(𝒑𝑪𝒏 )

= 𝑎𝑟𝑔𝑚𝑎𝑥Ç∈ h,C 𝑈IÉ 1 − 𝑏 + 𝑝IÉ 𝑏 (leased cache portion)

𝑩𝒏Ã
(𝒑𝑩
𝒏)

= 𝑎𝑟𝑔𝑚𝑎𝑥Ç∈ h,C 𝑈IÎ 1 − 𝑏 + 𝑝IÎ 𝑏 (leased bandwidth portion)

• The operator decides the caching and routing policies as well:
𝒌
– 𝐱 𝐧𝐟 ∈ {0,1} and 𝐲𝐧𝐟
∈ [0,1]

caching file f at
residence n

portion of demand of
mobile user k for file f
routed to residence n
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Joint incentive, caching and routing problem
• Determine pC,pB,x,y to minimize the leasing cost + cost for
serving mobile users:
Ã
∑
( 𝐩𝐂 𝑪Ã
(𝒑𝑪 ) + 𝐩𝐁 𝚩
(𝐩𝐁) ) + Q(λ,y)
∀𝒓𝒆𝒔𝒊𝒅𝒆𝒏𝒄𝒆 𝒏

𝐧 𝒏

𝒏

𝐧

𝐧

• Q(λ,y) can be any convex function of the traffic that reaches the
cellular BS.
• Tradeoff: the more files are cached to residential users, the
more demand can be offloaded to them, and hence the lower
the servicing cost Q(.) becomes; however the leasing cost
increases.
• NP-Hard problem. A primal-dual method is used to approximate
the optimal solution.
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Dataset-driven evaluation (cont.)
• Compare Primal-dual with a state of the art caching algorithm
using a dataset of 167 real residential users:
•

“Femtocaching” algorithm: leases the complete cache space. Then
iteratively fills in caches greedily (each time stores the file that reduces
operator cost the most). Each request is routed to the nearest cache having
stored the requested file (and the necessary bandwidth is leased).
Impact on operator

19% less cost than Femtocaching

Impact on residential users

Compensation up to 9euros /month per residence
45

Caching in other contexts
• Capacity scaling: if the network supports content access with Zipf
popularities then the use of caching at each node may improve its
scaling behavior from the inverse square law (Gupta-Kumar) up to
1/N^(2/5).
13 S. Gitzenis,

G. S. Paschos, L. Tassiulas, “Asymptotic Laws for Joint Content Replication and

Delivery in Wireless Networks”, IEEE Trans. on Information Theory, vol. 59, no. 5, 2013.

• Capacity of the broadcast erasure channel with feedback: it is
achievable if the receivers are able to store all received broadcast
traffic broadcast and a dynamic back-pressure style network encoder
is employed in the transmitter based on feedback of cached traffic.
14 M. Gatzianas,

L. Georgiadis, L. Tassiulas “Multiuser Broadcast Erasure Channel with
Feedback Capacity and Algorithms”, IEEE Trans. on Information Theory, 2013.
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Closing remarks
• Caching popular content has a great potential for reducing
costs and improving performance in wireless networks.
• To better reap the benefits of caching, we proposed
algorithms that:
– exploit the hierarchical network structure,
– apply advanced video encoding technologies,
– leverage user mobility predictability,
– harvest residential user resources.

• Future work:
– extend our algorithms for time-varying and/or (partially) unknown
content popularity distributions.
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