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ABSTRACT
We study a joint scheduling and coding problem for collect-
ing multi-snapshots spatial data in a resource constrained
sensor network. Motivated by a distributed coding scheme
for single snapshot data collection [7], we generalize the sce-
nario to include multi-snapshots and general coding schemes.
Associating a utility function with the recovered data, we
aim to maximize the expected utility gain through joint cod-
ing and scheduling.

We first assume non-mixed coding where coding is only al-
lowed for data of the same snapshot. We study the problem
of how to schedule (or prioritize) the codewords from mul-
tiple snapshots under an archiving model where data from
all snapshots are of interests with additive utilities. We for-
malize the scheduling problem into a Multi-Armed Bandit
(MAB) problem. We derive the optimal solution using Git-
tins Indices, and identify conditions under which a greedy
algorithm is optimal.

We then consider random mixed coding where data from
different snapshots are randomly coded together. We gener-
alize the growth codes in [7] to arbitrary linear-codes-based
random mixed coding and show that there exists an optimal
degree of coding. Various practical issues and the buffer size
impact on performance are then discussed.

Categories and Subject Descriptors
C.2.1 [Computer-Communication Networks]: Network
Architecture and Design—Wireless communication, Network
topology ; E.4 [Data]: Coding and Information Theory—
Data compaction and compression; G.3 [Probability and
Statistics]: Queuing Theory

General Terms
Algorithms, Performance, Reliability, Theory
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1. INTRODUCTION
In many distributed data streaming systems, we need to

deal with two basic issues: the random environment and
resource constraints. The random environment view is nor-
mally due to the lack of perfect information in a dynamic
environment, e.g. random changing source and sink topolo-
gies in Delay Tolerant Networks (DTN) [5], random nodes
failures in disaster monitoring networks [7], random fluctu-
ations of link qualities in wireless networks, etc. This envi-
ronment randomness motivates the employment of network
coding [2, 1, 7]. Essentially, network coding helps to alle-

viate the coupon collector effect1 [12]. On the other hand,
we often have limited processing resources (communication,
computation, storage, energy, time etc.), thus we are only
able to recover some fraction of all the temporally and spa-
tially labelled data. This raises the problem of resource
allocation or scheduling among the sensed data.

In this paper, we study the interplay between coding and
scheduling to improve data efficiency. We associate a utility

function with the recovered data2and analyze the coding &
scheduling schemes that maximize the total utility associ-
ated with the recovered data subject to a limited communi-
cation resource budget. In general, the data is generated at
multiple time stamps with different user specified utilities.

Our problem of maximizing data utilities through joint
coding and scheduling is motivated by many real time data
collecting & querying networks. One typical setting is that
a number of sensor nodes are randomly deployed in a region
to monitor disaster events such as earthquakes, fires, floods,
etc. When a disaster happens, nodes may fail at any time.
There are randomly deployed base-stations (sinks) in the
network to collect the data. The sinks’ number is much less
than that of the sensors and their locations are unknown
to the sensor nodes due to the random failures of both the
nodes and transmissions. In general, it is hard for the sensor
nodes to have location knowledge of the sinks and other

1
Coupon collector effect refers to the long tail phenomena in col-

lecting N distinct coupons by random sampling, it needs N log N

samplings on average.
2
We refer to the data decoded by the sink as recovered data and using

recovering interchangeably with decoding.



nodes in many sensor network applications. The random
and dynamic environment prevents the sensors obtaining
the real time locations and maintaining a path for routing.
Thus, sensors have to use random gossiping type of routing.
The goal is to recover as much data as possible before the
whole network goes down.

Another setting common in practice is in the context of
querying/stream-processing networks, where various types
of data streams are generated online and transmitted to
the backend base-stations for further processing or storage.
Data are associated with different spatial & temporal labels
and have different utilities to the application. For exam-
ple, some applications may request data of all time stamps
within a particular time window for archiving purposes, al-
though the utilities of data from different time stamps may
not be weighted uniformly. Also data generated in a partic-
ular region at a particular time may have high utilities due
to purposes such as event monitoring or target tracking.

In all above settings, the rate at which the network gener-
ates data may greatly exceed the communication capacity of
the network. We assume the data samples are independent
either by nature or pre-compressing. In wireless networks,
for example, the bandwidth is often limited due to the wire-
less medium contention. The funnel effect [15][11] of bottle-
neck links around the sinks due to the “many to one” type
of communication patterns causes the effective capacity to
be even lower. The energy power is also limited especially
for low cost cheap sensor networks. One other scenario in
e.g. disaster monitoring networks, is that the network is not
stable, nodes are prone to fail thus the communication re-
sources left keep shrinking as time goes on. Another typical
scenario is military communications in the combat field, par-
ties want to turn on their radios as less as possible to reduce
the chances of exposure to the adversaries. For all these ap-
plications, with the limited resource budget, there is a need
to prioritize the forwarding of data of multiple time stamps,
and decide what subset of data can be encoded together so
as to maximize the data utility gain.

Without loss of generality, we assume all actions (sens-
ing and transmitting) are taken in discrete time slots. A
snapshot refers to the collection of data samples that are
generated in the same time slot. To account for the various
needs of different applications, there could be two generic
data utility models: one is an archiving model where data
of all snapshots are of interests with additive utilities, in
other words, data of two snapshots about the same location
both have utilities independent of each other; the other one
is a staleness model where the most recent data is desired
for each sensor location and the utilities are non-additive
across different snapshots since obtaining an earlier snap-
shot data brings less utility if more recent snapshot data
from the same location has already been recovered.

The most general setup that allows arbitrary coding and
scheduling is a very complex open problem. In the presence
of multiple locations and multi-snapshots, there is a huge
number of possible spatial and temporal snapshot combina-
tions to choose from. The coding and scheduling operations
can be entangled together and it becomes difficult to de-
termine the optimal solution. A greedy policy that simply

delivers the current most “valuable”3piece of data to the
base-stations may not be optimal. As a first step, we fo-

3
The utility may not be associated with any particular piece of data

but rather a nonlinear function of a collection of data, also the random

cus on two generic coding schemes for simplicity of analysis.
Namely, we consider non-mixed coding, where coding is only
allowed for data of the same snapshot, and a random mixed
coding where data from different snapshots are randomly
coded together.

Under an arbitrary non-mixed coding scheme, there is a
need to schedule (or prioritize) the codewords from multiple
snapshots so as to maximize the total utility gain. We show
that under the archiving model, the scheduling problem can
be modelled as a Multi-Armed Bandit (MAB) problem [16]
and solved optimally using Gittins Indices [6], we also give
an algorithm to calculate the indices specific to our underly-
ing Markov process. We further show that greedy is optimal
when a monotonicity property of the product of decoding
probability and utility holds.

For random mixed codings, there is no scheduling issue
since different snapshots data is drawn randomly. For lin-
ear codes based random mixed coding, we characterize the
optimal coding degree (number of original data symbols to
code together) to maximize the decoding probability at all
the times. Based on this, we show that a greedy algorithm
that always chooses the optimal coding degree is optimal.
This is a generalization of [7]’s work where they character-
ize the optimal coding degree code called growth code (GC)
within a class of random linear network codes for the single
snapshot case.

In reality low cost sensors often have a constrained mem-
ory size to apply the joint coding & scheduling operations.
So we also analyze the buffer size’s impact on the sensors’
coding strategies. We claim that the non-mixed coding is
appropriate for sensors with relatively large buffer size while
the random mixed-coding is good for low cost sensors with
very limited buffer size and computation power. For growth
codes applied in the single snapshot case, we show that per-
formance is not sensitive to the buffer size in terms of the
number of packets exchanged to recover the whole snapshot.
The total expected number of packets to recover the whole
snapshot for growth code is Θ(N) while for the non-coding
approach it is Θ(N log N) with N as the total number of
data items in that snapshot. Our simulation shows that the
expected number of packets is less than 2N even for sensors
with very small buffers.

2. BACKGROUND AND RELATED WORK
The most relevant work to this paper is [7]. It consid-

ers a distributed sensor network environment for the pur-
pose of disaster monitoring. Sensors are prone to fail at
any time and have no knowledge of the sink location. [7]
studies the data collection of a single snapshot with a max
data persistence goal, aiming at maximizing the fraction of
data that eventually reaches the sink. Without coding, data
collection corresponds to a coupon collector process [12]
where it takes in total N log N number of packets in or-
der to recover N original data packets. Coding can help
to combat the heavy tail coupon collector effect. Existing
techniques include Reed-Solomon codes [8], Luby Transform
Codes [9], Digital Fountain [4], Turbo Codes [3] and other
LDPC codes [10]. However, all these traditional channel
codes require accumulating a large number of initial codes
before decoding, which is not desirable when resource is lim-

environment of such data retrieval system prevent precise control of
which data is actually recovered (e.g. with random network coding).



ited and nodes are subject to failure at anytime. The key
idea of Growth Codes [7] is to intelligently control the coding
degree (the number of symbols to code together) to maxi-
mize the decoding probability for each additional symbol
reaching the sinks. In the beginning, data is not coded, when
half of the original symbols are recovered, symbols are coded
together with a degree 2, and the degree keeps increasing as
the recovered fraction increases. The optimal coding degree
is derived under a simplified centralized encoder model and
then implemented in a distributed fashion.

There are two issues not considered in [7] that we want
to address. First, they consider only a single snapshot; sec-
ond, the spatial and temporal heterogeneity of the data is
not considered, there is no notion of utilities associated with
the data. In reality, events being monitored could happen
across different times and each of them has some applica-
tion defined utilities to the end users. Even for one snapshot,
different locations may be associated with different utilities
depending on the users’ interests. For such a data collec-
tion process with multi-snapshots and multiple utility levels,
there is a need to combine coding and scheduling so as to
maximize the systems utility.

One technique that we borrow is from the rich literature
of classical Multi-Armed Bandit(MAB) problems. Details
on the methologies relavant to this class of problems can be
referred to, e.g. [6, 17, 14, 13], etc. We will review necessary
results along the discussion when they become needed.

The rest of the paper is organized as follows. The model
under consideration is formalized in Sec. 3. The scheduling
problem under the archiving model is studied in much de-
tail in Sec. 4. The optimal random mixed coding is explored
in Sec. 5 where the objective is to maximize the immediate
return for next transmission. The buffer size impact on per-
formance is addressed in Sec. 6. Some practical implemen-
tation issues are discussed in Sec. 7. Concluding remarks
and future works are finally given in Sec. 8.

3. MODEL FORMALIZATION
Throughout the paper we assume time is descretized into

equal length slots, indexed t = 1, 2, .... There are N sen-
sor nodes independently and randomly distributed in a con-
nected region. Sensors are assumed to be synchronized, and
at time ti, each sensor n = 1, ..., N generates observation

Y
(n)

i (also referred to as data sample) of the field at its loca-
tion. We assume the data samples are independent and refer

to the collection of all observations ~Yi = {Y
(1)

i , ..., Y
(N)
i } at

time ti as the i-th snapshot of the field. We assume the in-
terarrival times between two snapshots ti − ti−1 (≥ 1) are
i.i.d. random variables.

Each data sample has b bits. We refer to this b-bit data
unit as a symbol ( or a packet), the original b-bit data sample
as an original symbol, and a coded data of b-bits as a coded
symbol (or a codeword). Each node has a buffer of size B
that can store at most B data symbols.

There are l sinks that are randomly distributed in the
network with their locations unknown to the sensor nodes.
There are communication links among neighboring sensors
with constrained bandwidths. The sinks aim to maximize
the total utility (define concretely later) of the collected data
for further processing. The majority of the nodes cannot
transmit directly to the sink, and hence other nodes must
act as intermediate forwarding agents of data. We assume

the network is ‘zero-configuration’, the only topology in-
formation available to a node is its set of neighbors with
whom it can communicate directly. At each time slot, a
node can transmit b-bits to a randomly chosen neighbor. It
can transmit to a neighbor either one original data symbol,
or an encoded version of some subset of the symbols in its
buffer. The sinks are assumed to be either wired up us-
ing high speed networks or have very large capacity links
among them so that once the data reach any of the sinks it
is considered being collected by a central server. We assume
that each sink receives one packet per time slot on average.
Upon receiving the encoded packets, the sinks may be able
to decode a subset of the original symbols with certain prob-
ability depending on the amount of data that has already
been recovered.

Since the rate at which the network generates data may
greatly exceed the communication capacity of the network,
there is a need to prioritize the forwarding of the multi-
ple snapshots, and to decide what subset of data can be
encoded together so as to increase delivery efficiency. We
define a joint coding and scheduling scheme Ω as a uniform
operation scheme for all sensor nodes that tells a node what
to encode and which snapshot to send to its neighbors. In
general, Ω can use any possible coding scheme, e.g., a node
can select d1 ≥ 0 symbols from snapshot 1, d2 ≥ 0 symbols
from snapshot 2, . . ., dj ≥ 0 symbols from snapshot j and
coded them together.

Denote Xt = {Y
(n)

i |ti ≤ t, 1 ≤ n ≤ N, Y
(n)

i is decoded }
to be the set of symbols recovered by the sinks at time t,
and its sample path X[1,t] = {Xs|0 ≤ s ≤ t}. We assume
there is a utility function associated with the sample path of
the recovered data set U(X[1,t]). The goal is to find a joint
coding and scheduling scheme Ω to maximize the expected
total utility within a given time period T , i.e.

max
Ω

E
�
U(X[1,T ]) � .

In general U can be specified arbitrarily by the underlying
user/application. In this paper, we focus on a generic utility
model: archiving model. In the archiving model, we assume
users are interested in all data belong to a specific subset of
snapshots, where different snapshots may have different im-
portance (utilities) and data utilities of different snapshots
are additive (independent). Such a scenario is typical in
many archiving and querying applications, where all data
of different time stamps within a given time window are of
interests.

The most general setup that allows arbitrary coding and
scheduling is a very complex problem. As a first step, we
assume coding is only permitted for symbols from the same
snapshot and call it as non-mixed coding. Under any non-
mixed coding scheme, we study the problem of how to sched-
ule (prioritize) the transmission of codewords from multiple
snapshots so as to achieve the max system utility over a
fixed time window. The archiving problem is studied in the
next section. We also apply these general results to the GC
based non-mixed coding and discuss the specific solutions in
Sec. 6.3.

4. ARCHIVING PROBLEM
In this section we consider the archiving problem where

users are interested in all snapshots with additive data utili-
ties. We assume new snapshots & queries keep arriving and



the problem is how should we schedule the data gathering to
adapt to the dynamic utility map caused by the new snap-
shots & query updates. For example, an emergent query
may ask for the three most recent snapshots’ data in the
next ten minutes, possibly with different utility preferences.
We model this problem by the classic MAB problem and
obtain the optimal scheduling policy.

4.1 Additive Utility Goal
Under an arbitrary non-mixed coding scheme, the util-

ity gain at time t depends on the number of symbols one
can decode at time t and the number of already recovered
symbols before t, denoted respectively by zi(t) and ri(t) for
snapshot i. In general, ri(t) is a random variable dependent
on the coding & scheduling scheme Ω, and zi(t) is a ran-
dom variable dependent on ri(t) and Ω. We use ui(ri(t))
to represent the utility gain of decoding a snapshot i sym-
bol when ri of them has been recovered. We further model
the time influence on utilities using a time discounting fac-
tor 0 ≤ a ≤ 1 to model the decay of data utility along
with time. That is, all snapshot data’s utility drops out

exponentially after generated.4 Based on above, we can as-
sociate each snapshot i symbol decoded at time t a marginal

utility gain at−tiui(ri(t)) where ti is the time the snapshot
i symbol is first generated. In other words, a new decoded
symbol’s contribution on utility is simply a function of the
number of decoded symbols of that snapshot multiplying a
discount factor. Therefore, if Ω schedules to transmit only
codewords of snapshot i at time t, the expected utility gain

for this time slot is: Eat−tizi(t)ui(ri(t)).
As we mentioned earlier, the general scheme with arbi-

trary codings is hard to analyze, we focus on incremental
decoding that is also considered in [7] where a packet will
not be kept for later use if the sinks can not decode a new

symbol out of it immediately. 5It is easy to see that for incre-
mental decoding, the sinks either decode nothing or decode
one symbol from one received packet. Denote the probabil-
ity of decoding one symbol as pri(t), it is merely a function
of the number of recovered symbols. W.l.o.g., we assume
time is slotted fine grained enough s.t. in each slot t, any
scheme Ω simply choose to schedule one of the snapshots
1 ≤ Ωt ≤ k. Since each sink receive one packet per time
slot, Ez

Ωt
(t) = lpr

Ωt
(t), or simply Ez

Ω
(t) = lpr

Ω
(t). Note

that this is a conditional expectation conditioned on r
Ω
(t)

which is also a random variable dependent on Ω. For later

convenience, we further absorb the a−ti term into ui as a
parameter. Based on above, for an arbitrary non-mixed cod-
ing scheme, we are interested in the best scheduling policy
that maximizes the long-run average utility, i.e.

max
Ω

1

T
E

T�
t=1

atlpr
Ω

(t)uΩ � r
Ω
(t) � (1)

4
Note that when a = 1 there is no decaying.

5
Even though in general it is possible to apply complex techniques

to use cached packet to do joint decoding, for the simplicity of the
analysis and the assumption of limited computation capability for
the sensors, we assume those packets that are not decodable right
away will be discarded. Also the benefit of keeping those packets is
expected to be negligible compared to the effect of the degree opti-
mization.

where u
Ω
(r

Ω
) is the undiscounted utility of decoding a snap-

shot Ωt symbol and Ωt is the index of the snapshot scheduled
for time t by Ω.

4.2 Multi-armed Bandit Solution
A multi-armed bandit (MAB) problem is a scheduling

problem for the operations among a number of machines.
Each machine has an initial state and we denote the ith
machine’s initial state as xi(1). At any time t, we can
choose one of the machines i to execute and obtain a re-
ward R(xi(t)), which is a function of the machine’s state.
As we mentioned earlier in general there is also a discount
factor 0 ≤ a ≤ 1 s.t. the actual reward we collect for op-
erating machine i at time t is atR(xi(t)). If a machine is
chosen to be executed on, then its state evolves following
some stationary Markov process. If not, the state remains
unchanged xi(t + 1) = xi(t). The goal is to schedule the
operations s.t. the expected reward collected within a time
window T is maximized. The optimal policy is to, at each
time step, execute the machine with the maximum Gittins
index[6]. The Gittins Index is defined as:

vi(xi) = max
1<τ≤T

E � τ−1�
t=1

atRi(xi(t))|xi(1) = xi �
E � τ−1�

t=1

at|xi(1) = xi � (2)

where xi is the machine i’s current state. In the case of
T = ∞, we just need to recalculate every step the index
of the machine that has been just operated because other
machines’ indices remain unchanged.

Our archiving and querying problem can be modelled as a
MAB in the following way. Each snapshot corresponds to a
machine, to execute on a machine corresponds to exchange
packets coded with symbols from that snapshot for one time
step. Thus if at time t we have S(t) snapshots not finished
retrieving, then we have S(t) machines to choose to oper-
ate. Let the arrival time of snapshot i be ti, as mentioned

earlier in (1) we absorb the a−ti term into the utility before
discounting term ui(ri), then every snapshot virtually starts
discounting from the same time, bring a actual utility gain
as atui(ri). When there are query updates that changes the
utilities, we can always adjust ui(ri) appropriately to reflect
them.

We then represent the state of each snapshot with the
total number of symbols already recovered at current time
ri(t) or simply ri. In general we could apply different codes
upon different snapshots. In that case the only difference
between their state transition process is the transition prob-
abilities, we still calculate the Gittins index with the same
procedure. W.l.o.g., we assume the same type of coding is
applied separately to all snapshots, i.e. they all share the
same Markov state transition process described in the dia-
gram of Fig. 1.

As we can see, the ith snapshot’s state can be indexed
with the number of recovered symbols 0 ≤ ri ≤ N , and the
transitions are only between states with adjacent indices.
With decoding probability pri

state ri transits to ri + 1,
with probability 1 − pri

the state remains in ri. Unlike the
normal MAB problem, our reward is associated with the
transitions instead the states. For each decoding transition
of snapshot i, the sinks collected the symbol’s marginal util-
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Figure 1: The Markov states transition process

ity gain of ui(ri) as the reward. We denote the Gittins index
of a snapshot in state r as vr.

4.2.1 Calculating the Gittins Index
(2) provides a general rule for calculating the index, how-

ever, the special state structure and Markovian process of
our problem actually make it possible to further simplify the
index calculation as shown in the following theorem.

Theorem 1. For any non-mixed coding, snapshot i’s Git-
tins index as a function of its state (the number of recovered
symbols r) can be obtained by the following computation pro-
cedure,

i1 = argmax
0≤r≤N

prui(r), vi1 = pi1ui(i1),

αi1 =
api1ui(i1)

1 − a(1 − pi1)
, βi1 =

a

1 − a(1 − pi1)
.

Let Sm = {i1, i2, . . . , im} , Sm(1) = {r|r +1 ∈ Sm, r /∈ Sm}.
Calculate the following from m = 2 to N .

If maxr/∈Sm−1
prui(r) > maxr∈Sm−1(1) pr

(ui(r)+αr+1)

1+prβr+1
, then

im = argmax
r/∈Sm−1

prui(r), vim
= pim

ui(im),

αim
=

apim
ui(im)

1 − a(1 − pim
)
, βim

=
a

1 − a(1 − pim
)
.

Otherwise

im = argmax
r∈Sm−1(1)

pr
(ui(r) + αr+1)

1 + prβr+1
,

vim
= ui(im)pim

(ui(im) + αim+1)

1 + pim
βim+1

,

αim
=

apim
(ui(im) + αim+1)

1 − a(1 − pim
)

, βim
=

a(1 + pim
βim+1)

1 − a(1 − pim
)

.

Proof. The proof follows the same spirit of Lemma 4.1, 4.2
and Theorem 4.1 in [14]. Let

αr = E

τ∗−1�
t=1

atR(x(t)), βr = E

τ∗−1�
t=1

at.

where τ∗ is the optimal stopping time that achieves the in-
dex value of state r, it is a random variable conditioned on
the initial state.

Our Markov process is different from the normal MAB
problem where the reward is a deterministic function of the

state. In our problem, the reward is a deterministic function
of the transitions; when we transit from state r to r + 1, or
to say when we decode a new symbol, we gain utility ui(ri)
associated with the symbol. By the one step memoryless
property of a Markov process and the special structure of
our state process, we derive

αr = (1 − pr)aαr + pr(aui(r) + aαr+1),

βr = (1 − pr)a(1 + βr) + pr(a + aβr+1).

Then apply Theorem 4.1 in [14] and we prove the theo-
rem.

Queries are modelled by updates of the utility vector u1, . . . ,
uS(t). For example, in a military sensor application, at time
t a General may want get as much data of snapshot j to j+h
as possible in the next ten minutes, and also specifies the
relative preference level of uj to uj+h as cj : cj+1 : . . . : cj+h.
This emergent query is carried out by setting all ui = 0 for
i /∈ {j, j+1, . . . , j+h} and uj = cj , uj+1 = cj+1, . . . , uj+h =
cj+h. In addition to this, when calculating the Gittins in-
dex, instead of finding an optimal stopping time of infinite
horizon, we need to find an optimal stopping time within
ten minutes.

In some applications we may have some knowledge of the
snapshot arrival process. We may know the arrival rate
through past experience or some online learning/estimation
techniques. And because of this, if the scheduling algorithm
is searching the maximum index that could have its stopping
time that achieves that index anywhere in the future, it may
not be an optimal algorithm conditioned on the knowledge
of the arrival process. For example, if we know some high
utility snapshot is going to arrive within 5 minutes, then at
current time we should not choose a snapshot with a max
index achieved at time 1 hour later over a snapshot with the
second largest index achieved within 5 minutes. However,
if the product of the decoding probability and the utility is
monotonically non-increasing, the following Lemma tell us
a greedy algorithm is optimal.

Lemma 1. If pri
ui(ri) is monotonically non-increasing as

ri increases for all snapshot i, then vi = pri
ui(ri) for all i

and no matter what the new snapshots arriving process is,
the optimal scheduling policy will be a greedy one that always
chooses the current maximum index of pri

ui(ri).

Proof. If there are no arrivals, by [16] the optimal policy
will be the greedy policy. If there are arrivals, the only pos-
sible impact of the arrivals to the current machines’ indices
is to influence their time ranges to choose a stopping time
to maximize the index. When the decoding probability is
monotonically decreasing, the stopping time that achieves
the index is the minimum possible, one step. Thus, no mat-
ter what the arrival process is, a greedy policy will always
produce an optimal performance incrementally.

The monotonicity property of the decoding probability is
often true in reality, because in general the more symbols
recovered, the more difficult it is to decode new symbols. For
example in the growth codes case, even though the decoding
probability may not be monotonically decreasing all the way
to the end for the ideal case of growth codes with large buffer
sensors, it is true for the recovered fractions between 0% to
97% under growth codes. Since the resources are limited,



very often actually we are not able to recover more than 97%
fraction of any snapshots due to new arrivals and limited-
time queries. For many applications, the marginal utility
gain ui(ri) is also non-increasing for most of r.

Thus, greedy is in fact optimal for many real applications.
We can also claim that greedy achieves the optimal max data
persistence goal for lots of applications.

5. RANDOM MIXED CODING
A random mixed coding (RMC) randomly mixes up data

symbols from all snapshots. RMC is primarily motivated by
the scenario of small buffer sensors for which the delay of
non-mixed coding can be non-negligible. While RMC does
not control the fraction of coding symbols from any snap-
shot, in other words, it cannot choose to select d1 symbols
from snapshot 1, d2 symbols from snapshot 2 and di sym-
bols from snapshot i, it can only choose the total number of
distinct symbols to select and the fraction of each snapshot
in the selected symbols will be decided by their distribu-
tions. This random drawing of symbols from all snapshots
without differentiating them is the simplest algorithm for
the low cost sensors.

In this section, we analyze one type of RMC based on
growth codes type of random linear codes with incremen-
tal decoding, we call it RMC-GC. We model this using the
following procedure similar to [7]. That is, when encod-
ing, a sensor node choose a degree d and then randomly
draw d symbols from a central pool of original symbols from
all available snapshots and XOR them together. The cen-
tral pool model is a good abstraction of the collective effect
of the distributed behavior of the sensors drawing symbols
randomly from their own buffers, assuming the sinks are
uniformly randomly distributed in the field and the origi-
nal symbols are spatially uniformly mixed up after a short
initial period.

Based on this model and strategy, we derive the optimal
coding degree at each time step. Before which, we give some
further notations.

5.1 Notations
More generally, in this section we allow different snapshots

to have different number of total symbols. The ith snapshot
contains Ni symbols. The total symbols of all snapshots

at time t is N(t) =
� S(t)

i=1 Ni. For each snapshot i, denote
the fraction of symbols currently recovered by the sinks as
δi(t). Denote the probability of randomly drawing a symbol

of snapshot i from the pool as fi(t). Then fi(t) = Ni

N(t)
. In

case that N1 = N2 = . . . = NS(t), we have fi(t) = 1
S(t)

.

For each snapshot i, there is a utility associated with each

symbol as ui(ri, t).
6

5.2 Optimal Degree
Under RMC, the only thing a node can control is the cod-

ing degree. The question is whether there exists an optimal
degree to achieve the max utility goal and the max data
persistence goal. We answer the question in the following
theorem.

Theorem 2. The optimal coding degree that achieves
both the max utility and max data persistence goals for
6
Note that here we use u to represent the final utility gain after

possible time decaying.

RMC is

d∗(t) = b
1

1 −
� S(t)

i=1 fi(t)δi(t)
c. (3)

When N1 = N2 = . . . = NS(t), we have

d∗(t) = b
1

1 − δ̄(t)
c (4)

where δ̄(t) = 1
S(t)

� S(t)
i=1 δi(t). The corresponding maximum

decoding probability is

p(t) = d∗ � �
fi(t)δi(t) � d∗−1 � 1 −

�
fi(t)δi(t) � . (5)

Proof. Since the total number of symbols is normally
much larger than the coding degree d, the random drawing of
symbols can be approximated as a drawing with replacement

procedure7.
For each symbol in a packet, the probability that it is

already recovered by the sinks is

f(t) =

S(t)�
i=1

fi(t)δi(t), (6)

the probability that the symbol is new to the sinks is 1−f(t).
Since the symbols are independently randomly drawn, for
each received packet encoded in degree d, the probability of
decoding it is

Pr(d) = Pr(one new symbol, d − 1 recovered symbol)

= � d

d − 1 � f(t)d−1 � 1 − f(t) �
= d � �

fi(t)δi(t) � d−1 � 1 −
�

fi(t)δi(t) � (7)

The expected utility gain for one packet equals the de-
coding probability multiplies the expected utility gain con-
ditioned on decoding. The expected utility gain conditioned
on decoding is the same for any degree encoding (indepen-
dent of d) as below:

ũ = E(u|decoding) =
� fi(t)(1 − δi(t))

1 −
�

fi(t)δi(t)
ui(ri, t) (8)

This also means that no matter what Pr(d) is, the ~δ :=
(δ1(t), δ2(t), . . . , δS(t)(t)) follows the same sample path ex-
pectedly. Thus, to achieve the max utility and max data
persistence goal, we simply need to choose d∗(t) to maxi-
mize the decoding probability.

Let c(d) = Pr(d)/Pr(d − 1), we have c(d) = f(t)
(d−1)/d

.

Since d−1
d

is monotonically increasing, c(d) is monotonically

decreasing. Thus the maximum Pr(d) is achieved at

d∗(t) = b
1

1 − f(t)
c. (9)

Apply it to (7) we get the decoding probability of the
optimal RMC (5). When N1 = N2 = . . . = NS(t), we

have fi(t) = 1
S(t)

for all i = 1, 2, . . . , S(t), then f(t) =

1
S(t)

� S(t)
i=1 δi(t) = δ̄(t), apply it to (9) we have (4).

7The precise argument of using the selecting without re-
placement will result in the same conclusion.



Theorem 2 includes [7]’s optimal degree as a special case,
when we have one snapshot as in [7], simply replace all δi

with a common δ and Theorem 2 tells us the optimal degree

of coding is d∗ = b 1
1−δ

c, this is consistent with [7]’ result

but we derive it in a simpler way and with a more general
setup.

6. BUFFER SIZE AND GROWTH CODES
PERFORMANCE

The random mixed coding is a good strategy for very
cheap sensors with very constrained memory and compu-
tation budget. For sensors with relatively larger buffers and
more computation power, they are able to afford the higher
cost to control the scheduling between multi-snapshots data
and thus also to enjoy the more query-adaptive freedom pro-
vided by such control. Namely, these sensors are able to
manage a non-mixed way of coding the symbols such that
symbols from different snapshots are kept separate and cod-
ing only happens within symbols of the same snapshot. This
will not induce much overhead when the buffer size is rela-
tively large because with large buffers it is not hard to gather
a number of symbols of the same snapshot in a short time
and encode them together with a desired degree.

Since GC is a simple and efficient random linear code that
recently attracts a lot of interest especially due to its good
data persistence performance, in this section we will analyze
its performance under different buffer sizes and also discuss
the specific solutions of the archiving problem for GC based
non-mixed coding.

6.1 Large Buffer Case
Before solving the optimal scheduling for GC, we need

a better understanding of the individual snapshot coding.
In this subsection, we first present an approximate formula
of the decoding probability for the coding of a single snap-
shot. Then with the help of this formula, we derive a lower
bound for the minimum decoding probability and thus an
upper bound for the maximum number of packets needed
for decoding the whole snapshot using growth codes.

[7] assumes there is a central pool to draw the symbols
and the sensor node is able to select any number of distinct
symbols from the pool with zero overhead. Based on this,
they show that the optimal degree is b 1

1−δ
c where δ is the

fraction of recovered symbols. Then by Theorem 2 the prob-
ability of decoding with the best coding degree is a function
of the recovered fraction δ

pδ = b
1

1 − δ
cδb

1
1−δ

c−1(1 − δ) (10)

Fig.2 shows the curve of pδ as a function of δ (the same
shape with simple scaling if use the number of recovered
symbols as the X axis). When δ increases to close to 1,
this formula is not accurate, it should be updated with the
selecting without replacement procedure [7].

pr = � r
d−1 � (N − r)

� N
r � (11)

where r is the number of symbols already recovered, N is
the total number of symbols, d is the best coding degree

d = b N
N−r

c.
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Figure 2: Decoding probability vs. recovered sym-
bols (approximate: drawing with replacement)
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Figure 3: Decoding probability (drawing without re-
placement) vs. recovered symbols

Fig.3 shows this curve of the decoding probability as a
function of the symbols recovered (the same shape with sim-
ple scaling if use the recovered symbol fraction).

Comparing these two curves, we can see that (10) is a
very good approximation of (11) for almost all values of δ.
For 0 ≤ δ ≤ 0.97, (10) is almost the same as (11), only
for the last about 2% of δ values when we almost recover
the whole snapshot, (11) starts to increases drastically to 1
while (10) keeps decreasing. We analyze (10) first because
it simplifies analysis and is a very good approximation for
most part of the data retrieving process, especially for the
situations when the bandwidth is constrained s.t. we never
recover more than 97% data for any snapshot.

In addition to this, we also observe that there is a mini-
mum decoding probability about 0.4 for both curves. More
specifically , we show that the minimum decoding probabil-

ity for both curves is indeed lower bounded by 1
e

in Lemma

2. In fact, 1
e

is the exact minimum value for (10) and a

lower bound for (11). For large N , it is approximately the
minimum value of (11) as well. So for (11) the decoding
probability decreases from 1 to approximately 1/e before
a point about δ = 0.97, and after the point, the decod-
ing probability increases drastically to 1 within a very short
window. Since the decoding probability decides the speed
of data recovering, qualitatively speaking, if we assume the



same number of packets exchanged in every time slot then
the data recovering speed keeps decreasing for the majority
part of the data recovered fractions, and in the big scale it
decreases slower and slower (roughly convex).

Lemma 2. The expected total number of packets that has
to be exchanged for growth codes to decode a complete snap-
shot is upper bounded by eN � 2.72N for large buffer size
networks.

Proof. Between (10) and (11), we first show that pr ≥ pδ

(δ = r/N). This is because a packet can be decoded iff
there is one new symbol and d − 1 recovered symbols in
the randomly selected d coding symbols, a selecting without
replacement process of (11) certainly have a higher or at
least equal chance than (10)’s selecting with replacement.

Next we show a lower bound for (10) and automatically
a lower bound for (11) as well. Observe that pδ in (10) is a
continuous function and derivable almost anywhere except
a finite set of points. These points divide [0, 1] into a set
of sections. Within each section, pδ = cδc(1 − δ) where

c = b 1
1−δ

c is a constant. Since c ≤ 1
1−δ

, dpδ

dδ
= cδc−2[(c −

1) − cδ] ≤ 0. Thus, we know pδ in (10) is monotonically
non-increasing and

min pδ = lim
δ→1

pδ = lim
δ→1

δ
δ

1−δ =
1

e
.

Then, we know that minimum decoding probability for
both (10) and (11) satisfies p ≥ 1/e. Consequently, eN is
an upper bound of the expected total packets exchanged for
decoding N symbols of a snapshot.

We define the Data Efficiency of a coding scheme as the
expected total number of packets for decoding the whole
snapshot. [7] proposes growth codes but provides no quan-
titative characterization of its data efficiency. We show here
that its data efficiency is actually Θ(N), in other words,
Θ(log N) order better than the non-coding coupon collec-
tor process which on average needs Θ(N log N) packets to
decode a snapshot. In reality, our simulation shows that a
snapshot is recovered with about 1.5N packets using growth
codes.

This behavior of data gaining dynamics models accurately
the case of infinite buffer size when we can merge packets in
the buffer to any desired coding degree instantaneously at
any time. We call this type of growth codes Instantaneous
Growth Coding (IGC). For it to be 100% accurate, we need
a buffer size in the order of at least Θ(log N). However,
generally non-mixed coding performs quite well for networks
with relatively large buffer sensors and sparse sinks. This is
because the Θ(log N) size buffer requirement is to guarantee
a INC at all the times. In reality the coding degree only start
to jump in the last 3% of δ so a relatively large buffer works
fine for most of the time or even all the times (if we never
reach that 3% region due to bandwidth constraint).

Lemma 3. The minimum buffer size to support IGC is
Θ(log N).

Proof. By the coupon collector process we know in order
to cover N distinct symbols with independent random draw-
ings, we need at least N log N random drawn symbols with
high probability. Using growth codes, at the time that the
(N − 1)th symbol is recovered, the maximum degree of any

packets in any node’s buffer is N/2, from here on the degree
needs to increase to N instantaneously. To be able to do
this, each node’s buffer should already cover all N symbols,

thus the buffer size has to be at least N log N
N/2

= 2 log N .

6.2 Small Buffer Case
For sensors with a very small buffer, they can not increase

the coding degree instantaneously when needed, especially
when that snapshot’s data is almost all recovered and the op-
timal degree needs huge jumps in a short time. In this case,
the sensors have to increase the degree as they exchange
packets with neighbors and add in new symbols from the
exchanging.

0 100 200 300 400 500 600
0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Number of received symbols
pr

ob
ab

ili
ty

 o
f d

ec
od

in
g

Growth codes with degree changing dynamics modelled

Figure 4: Simulation result of Decoding probability
vs received symbols for small buffer sensors

In this case, there is a discrepancy between the ideal cod-
ing degree and the actual possible coding degree thus the
decoding probability will be lower than the one with the
ideal degree. Fig.4 shows the simulation result of this sce-
nario, decoding probability vs. number of received symbols,
we can see that for sensors of small buffers the decoding
probability is mostly a monotonically decreasing function.

In addition, Fig.4 has N = 300 and a data efficiency less
than 600. In fact, our simulation consistently shows that
the average number of packets exchanged to decode a whole
snapshot with small buffers is less than 2N . Thus, combined
with the large buffer analysis of Lemma 2, we know buffer
sizes do not change the order of GC’s data efficiency. The
simulation result shows that the large buffer case has a data
efficiency of about 1.5N , thus small buffer causes a increase
about 1.4. From the analysis and simulation result we con-
clude that GC’s data efficiency performance is not sensitive
to buffer sizes.

More than that, the delay for decoding the whole snapshot
actually mainly comes from the recovering of the last 3% of
the snapshot. For the first 97% of the retrieval, small buffers
have very little impact since the optimal degree increases
very slowly anyway.

6.3 Archiving Problem with Growth Codes
Given growth code’s advantage on data efficiency and low

computation cost, it is worth analyzing the archiving prob-
lem on a growth code based non-mixed coding. To do so,
we just need to apply Theorem 1’s general result plugging in
the decoding probability for growth codes we derived in this



section. Further, if we assume there is a utility value associ-
ated with each original symbol independent of the symbols
already recovered or ui(r) = ui, then we replace every ui(·)
in Theorem 1 with ui. For large buffer sensors, replace the
pr in Theorem 1’s with (11). Since (11) is not monotoni-
cally non-increasing, the optimal scheduling is not a greedy
approach. If ui = uj for all i, j, we can say that the optimal
policy will favor either the least recovered snapshot or the
most recovered snapshot within all the unfinished snapshots.
For small buffers or the case of very limited bandwidths,
pr is approximately monotonically decreasing in the work-
ing range, then by Lemma 1, a greedy scheduling algorithm
that always favor the snapshot with the maximum pri

ui is
optimal. When ui = uj for all i, j, the greedy algorithm will
always choose the maximum pri

at each step, or equivalently
the minimum ri, the least recovered snapshot to exchange
packets.

[7] already shows that for random linear codes with in-
cremental decoding, GC is optimal for max utility and data
persistence of the single snapshot case, in other words, GC
provides a uniform largest decoding probability at all times
within such codings. Since scheduling is orthogonal to cod-
ing for non-mixed coding, we can see that GC is also the
optimal one within such codings to provide the best perfor-
mance. Because for the archiving problem, GC gives higher
index value for all snapshots, thus the final scheduling policy
will result in a higher value as well.

7. IMPLEMENTATION ISSUES
To implement the optimal scheduling algorithm in a real

distributed random network, a key issue is how the sensors
obtain the optimal schedule. The sinks need to inform the
sensors either the utility information or the final scheduling
decisions. While one may argue that if there is a channel be-
tween the sinks and the sensors, then the sensor might learn
the sinks’ locations through it and use routing instead of ran-
dom coding. In fact, we do aim at those applications that
the sinks either use separate channels or the same channels
among the sensor nodes to deliver query/scheduling infor-
mation to the sensor nodes. However, since we assume the
channels are not stable because both the sensor nodes and
the sinks are prone to fail in a fairly dynamic environment,
it will be too costly to maintain some path information for
location based routing. In addition, since there are multi-
ple sinks and we assume the sinks are uniformly distributed
among the sensor nodes and fail independently, on average,
random gossiping type of routing is not too bad compared
with shortest path routing.

We expect that the sinks do not need to transmit a lot of
information to the sensor nodes. According to the optimal
scheduling they compute, they just need to transmit the in-
dex of the snapshot that is scheduled to all the sensor nodes
whenever the schedule changes. This broadcast task can be
achieved through ad hoc transmissions from the sinks. The
control level is adjustable between coarse scheduling (big
chunks of data) and fine (packet level), even we schedule
in the packet level, the snapshot index does not change for
every packet transmitted (the coding degree can be decided
based on an estimation of the retrieved fraction without fre-
quent communication with the sinks), thus in general the
control traffic is relatively small compared to the large vol-
ume of data transmissions.

8. CONCLUSION AND FUTURE WORKS
We introduced a utility-based framework with joint schedul-

ing and coding decisions for collecting multi-snapshots spa-
tial data in a resource constrained sensor network. We in-
vestigated the problem of how to schedule (or prioritize)
the codewords from multiple snapshots under the archiving
model. For the archiving model, we mapped the scheduling
problem into a Multi-Armed Bandit (MAB) problem, and
derived the optimal solution using Gittins Indices. We also
derived an efficient algorithm to calculate the indices based
on the underlying Markov process.

We then studied the optimal coding scheme when random
mixed coding (for data in different snapshots) is allowed.
We generalized the growth codes in [7] to arbitrary linear-
codes-based random mixed coding and showed that there
exists an optimal degree of coding. Various practical issues
and in particular the buffer size impact on performance were
also discussed, where we showed through both analysis and
simulation that the expected number of packets to retrieve
all data is less than twice the total number of data items.

One possible future work is to look at the implementa-
tion issues in practice and simulate the optimal scheduling’s
performance based on the model proposed in Sec. 7. Partic-
ularly, check out the control overhead influence on the total
data utility retrieved.
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