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Abstract—The problem of designing policies for in-network In this paper, we analyze the scaling behavior of energy and
function computation with minimum energy consumption subject |atency for routing and computation of functions in random
to a latency constraint is considered. The scahng pehawoof networks, where the nodes are placed uniformly in growing
the energy consumption under the latency constraint is angkzed . ,d h b f nod infinity. | icul
for random networks, where the nodes are uniformly placed regions and the num e_ro no e_s goes to infinity. In partrf;ua
in growing regions and the number of nodes goes to infinity. We address the following questions: how can we exploit the
The special case of sum function computation and its delivgr structure of the function to reduce energy consumption and
to a designated root node is considered first. A policy which Jatency? What class of functions can be computed efficiently
ac:vveveks ordsr-otpttlmetltl] average Ie?ergy constjm_p?o_n in rartgg with favorable scaling of energy and latency requirements?
networks subject to the given latency constraint is propo : . .
The scaling behavior of the optimal energy consumption depels How do the network propertles_such as the signal propa}gatlon
on the path-loss exponent of wireless transmissions and the model affect the scaling behavior? What is the complexity fo
dimension of the Euclidean region where the nodes are placed finding the optimal policy with minimum energy consumption
The policy is then extended to computation of a general class ynder a given latency constraint for function computation?
of functions which decompose according to maximal cliquesfo  are there simple and efficient policies which achieve order

a proximity graph such as the k-nearest neighbor graph or the . . .
geometric random graph. The modified policy achieves order- optimal energy consumption? The answers to these questions

optimal energy consumption albeit for a limited range of laency ~Provide important insights towards engineering in-networ

constraints. computation in large networks.
Index Terms—Function computation, latency-energy tradeoff,
Euclidean random graphs, minimum broadcast problem. A. Summary of Contributions
|, INTRODUCTION The contributions of this paper are three-fold. First, we

A host of . work hina the bound _Eropose policies with efficient energy consumption which
OSt of EMerging NEWWorks are pushing the bounadar Smpute any function belonging to a certain structuredsclas

OT s<_:a|e and compl_exny. Data centers are bemg_ des'gnedst?oject to a feasible latency constraint. Second, we prove
distribute computation over thousands of machines. Senﬁ’I

networks are being deployed in larger sizes for a varie aer-opUmaIlty of the proposed policies in random netor

. o ) ird, we derive scaling laws for energy consumption in
of environmental monitoring tasks. These emerging networhif[erent regimes of latency constraints for differentunett

face numerous challenges and the threat of a "data delu odels. To the best of our knowledge, this is the first work

IS an Important one. The d_atq collected by t_hese newVorllé)s‘analyze energy-latency tradeoff for function compuotain
typically scale rgpldly as their size grows. Routing all th_w large networks. These results provide insight into the neatu
data generated in these large networks is thus not feasidle 3 functions which are favorable for in-network computatio

has poor scaling of resource requirements. . :
. . . . We analyze the scaling laws for energy and latency in
In this paper, we consider the scenario where only a functign . .
: . o random networks, whera nodes are placed uniformly in a
of the collected raw data is required at some specific node In

. gy
the network. Many network applications fall into this caieg region of vqlume (or area) n Rf, and we letn — oS Wg

. . L : o consider (single-shot) function computation and its delv
For instance, in astatistical inferenceapplication, where a

L 02 designated root node. We first consider the class of sum
decision has to be made based on the collected data, URctions, which can be computed via an aggregation tree. We
likelihood function suffices to make the optimal decision [1], ! P ggreg |

. o . ) Characterize the structural properties of the minimumniage
Such functions can have significantly lower dimensions th brop oy

) . . - .
the raw data and can thus considerably reduce the reso&rrgee and propose an algorithm to bwlc_i an (.anergy—efﬁuentml.

. . imum latency tree based on successive bisection of themregio
requirements for routing.

of node placement. However, minimum latency comes at the
The first and second authors are supported in part by NSFykS-0906634, expense of energy consumption and we relax the minimum
CNS-0721983 and CCF-0728928, and ARO grant W911NF-0678.00he third and the Iatency Constraint Our modified algorithm achieves order—

fourth authors are sponsored in part by a MURI funded throdB® Grant W911NF- | . K X
06-1-0076. The third author is supported in part by the séiags at UCI. optimal energy consumption for any given latency constrain



It is based on the intuition that long-range communicatidior a few long-range links but focus on obtaining favorable
links lower latency but increase energy consumption and teealing of overall energy consumption. Works considering
key is to strike a balance between having long-range and-shdatency-energy tradeoff in multihop networks are fewerr Fo
range communications to achieve the optimal tradeoff. instance, the works in [7]-[9] consider energy-latency®ait

We then consider the more general class of functions tHat data collection but without the possibility of in-netwo
decompose as a sum of functions over the maximal cliquesmputation, which can be significantly more expensive. The
of a proximity graph, such as thie-nearest neighbor graphwork in [10] considers latency-energy tradeoff but durihg t
or the random geometric graph. These functions are relevaeployment phase of the network.
in the context of statistical inference of correlated measu  With respect to analysis of energy scaling laws in randomly
ments which are drawn from Markov random field See placed networks, the work in [11] derives scaling laws for
[1] for details. We extend the proposed sum-function polioyultihop routing without in-network computation. In [12he
to this case and prove that it achieves order-optimal enengynimum energy policy for graph-based function computatio
consumption (up to logarithmic factors) albeit under atedi is first analyzed in the context of statistical inference afre-
range of latency constraints. In this range of feasibleniate lated measurements and is shown to be NP-hard. An efficient
constraints, the energy consumption is of the same orderpeasicy is derived based on the Steiner-tree approximation.
sum function computation. Hence, functions based on Igcallin [1], scaling laws for energy consumption are derived for
defined proximity graphs can be computed efficiently withomputation of graph-based functions in random networks.
optimal scaling of energy and latency requirements. When the function decomposes according to the cliques of

We analyze the scaling behavior of energy consumpti@nproximity graph, such as the-nearest neighbor graph or
under different regimes of latency constraints and foredéht the random geometric graph, it is shown that the function
signal propagation models. We assume that the energy coan be computed with©(n) energy consumption in random
sumed scales aB” where R is the inter-node distance andnetworks, where is the number of nodes. A simple two-stage
v is the path-loss exponent and consider nodes placed irtamputation policy achieves this scaling and is shown tehav
region inR¢. We prove that in the regime < v < d, order- asymptotically a constant approximation ratio, compamd t
optimal energy consumption and minimum latency can bothe minimum energy policy. In this paper, we extend the work
be achieved simultaneously. On the other hand, in the regiheeincorporate latency constraints and design policiesclvhi
v > d, there is a tradeoff between energy consumption aminimize energy consumption under the constraints.
the resulting latency of computation, and our policy acbgev

. Il. SYSTEM MODEL
order-optimal tradeoff.

A. Communication and Propagation Model

B. Prior and Related Work In a wireless sensor network, there are communication

There is extensive literature on in-network processingn&o and energy constraints. We assume that any node cannot
of the earliest arguments for in-network processing fol-scdransmit and receive at the same time (half duplex nodes).
ability are presented in [2], [3]. The work of Giridhar andVe assume that a node cannot receive from more than one
Kumar [4] provides a theoretical framework for in-networkransmitter at the same time and similarly, a node cannot
computation of certain functions such as sum function and dfansmit simultaneously to more than one receiver. We agsum
alyze scaling of capacity as the network size grows. Howevétat no other interference constraints are present. Thvialid
the work in [4] is concerned with the rate of information flowf nearby nodes transmit in orthogonal channels or when
when the function is computed an infinite number of time#hey have idealized directional antenna which can focus the
while we consider latency of single-shot function comgotat transmissions within a narrow region around the receiver.,(e
Single-shot computation is relevant in applications imireg [13], [14]). We also assume that nodes are capable of adgisti
one-time decision making based on a set of measuremetheir transmission power depending on the location of the
Moreover, we consider a richer class of functions whicteceiver leading to better energy efficiency.
decompose according to some proximity graph. These areé/Ve assume unit propagation delays along all the communi-
relevant in statistical inference applications with ctated cation links and negligible processing delays due to irwnek
measurements. computation at nodes. For a transmission along edgg)

For the special case of sum-function computation, the mifffom nodei to node ), the energy consumptidris equal
imum latency is the same as that for the minimum broadcést R} ;, where R, ; is the Euclidean distance and typically
problem, where the root has information that needs to be€ [2,6] for wireless transmissions. In this paper, we allow
disseminated to all the nodes. Most of the previous wofRr any v > 1.
on minimum broadcast problem, e.g., [5], [6], have focusedlFor any two functionsf(n), g(n), f(n) = O(g(n)) f there exists a

on _Obtaining good approximations for minimum latency iRonstante such thatf(n) < cg(n) for all n > ng for a fixedng € N.
arbitrary networks, but do not address the issue of scalifignilarly, f(n) = Q(g(n)) if there exists a constant’ such thatf(n) >
behavior of latency-energy tradeoff in random networksseh gg(?))f;’r a('j']?( 2) "0(;0(r ? f)”)‘ed no €N, andf(n) = O(g(n)) if f(n) =

. . n)) an n)=0(gn)).
works also assume that only short-range communication ma Since nodes only communicate a finite number of bits, we useggn

be feasible for communication. On the other hand, we allowstead of power as the cost measure.



B. Stochastic model of sensor locations

Let Q, c R? denote thed-dimensional hypercube
[0, /] of volumen, and typicallyd = 2 or 3 for sensors
placed in an Euclidean region. We assume thaénsor nodes
(including the root) are placed uniformly i§,, with sensori
located atV; € R%. We denote the set of locations of the
sensors by,,:={V1,...,V,,}. For our scaling law analysis,
we let the number of sensors— oc. Denote the root node

by r, where the computed function needs to be delivered, aRid- 1. Example of a function dependency graphand the function
its location byV decomposes in terms of the maximal cliques of the graph, pegented
-

by dotted lines.

C. Function Computation Model

Each sensor nodéecollects a measuremeit € ), where ~ We consider the case when the gragh is either ak-

Y is a finite set, and lety,, = {Y3,...,Y,} be the set of nearest neighbor grapf-NNG) or the p-random geometric

measurements of nodes. We assume that the goal of da@raph (-RGG) with threshold radiug, wherek, p are some

aggregation is to ensure that a certain deterministic fantt fixed constants, independent of the number of nodeBhese

¥ :(Y,,V,) — R is computable at the roat at the end of graphs are relevant choices since many functions are based

the aggregation process. The set of valid aggregationipslicon proximity of the nodes. For instance, in the context of

m is thus given by statistical inference, this corresponds to node measuresme
being locally dependent according toMarkov random field

(Vs W):={m: U(Y,, V,) computable at}. (1) with the given grapt§(V,,). See [1] for details.

Using the propagation model discussed in Section II-A, the. Energy-Latency Tradeoff
total energy consumption of the aggregation process under genote the minimum latency for function computation over

policy m € §(Vn; ¥) is the set of valid policies by *, i.e.,
ET(Vn):= Y R, @) L*(V,; Gy) = 173161131L“(Vn;9q,). (5)
eeGT

. ] ) __ The policy achieving minimum latency.* can have large
whereG?7 is the set of links used for inter-node communicatiognergy consumption and similarly, policies with low energy

by the policy. The latencyof function computation is consumption can result in large latency. Hence, it is dbkira
L™(V,; U):=inf[t : ¥(Y,, V,,) computable at; at time?], to have policies that can tradeoff bet_ween energy con§mrmpt|
3) and the latency of function computation. We consider finéing

policy with minimum energy consumption subject to a latency

where the aggregation process starts at0. Let L*(V,,; ¥ X
. P (Vs ¥) constraint,

be the minimum latency over the set of valid policies.
If no further assumptions are made on the funct®n £*(Vv,;§, Gy) ;= minE™(V,;Sy), s.t. L™ < L*+46, (6)
then all the measuremen®,, need to be delivered to the TES
root without any in-network computation. This is expensiveheres (which can be a function of) is the additional latency
both in terms of latency and energy consumption. Typicallguffered in order to reduce energy consumption. In general,
the function® decomposes into sub-functions involving onlyinding (6) is NP-hard for nodes placed at arbitrary location
subset of measurements. In this case, in-network compantat{since the special case of this problem of finding minimum
can be carried out to enable efficient tradeoff between gnegnergy policy with no latency constraints is NP-hard [16]).
consumption and latency of computation. We assume that e instead propose a policy which has energy consumption
function ¥ has the form, of the same order as the optimal policy for randomly placed
nodesV,, asn — oo, and for any given latency constraint.
V(Va, Yn) = te((Yiieo), 4)

o IIl. Sum FUNCTION COMPUTATION

_ . . A sub-class of functions in (15) is the set of sum functions
where € is the set ofmaximal clique% on some grapt§y.

See Fig.1 for an example. Note that this graph is related
to the function¥ and not with communication links. We refer
to Gy as thefunction dependency graph

V(Vo, Yo) = Y wi(Y), (7)
i=1

which have the maximum extent of decomposition over the
3In general, the function can depend on the locations whesertaasure- S€t Of nodes. Computing sum functions is required in vari-

ments are collected. ous network applications, e.g., to find the average value, in
4We consider one-shot function computation.
5A clique is a complete subgraph and is maximal if it is not aored in 8In fact, our results hold for a general class of graphs satigfa certain

a bigger clique. stabilization property. See [15] for details and examples.



Algorithm 2 Min. lat. treeT*(V,,) with order opt. energy

Input: Locations of nodesV,, = {V4,...,V,}, root node
r, Q. C R region where the nodes are placédi; T)
denotes children of node S(k;T') denotes levek edges
in T. For a rectangular regia@ and a node with V; € @,
let B1(Q;4) and B2(Q;i) be the two halves with/; €
B1(Q;v). For any setd, let A < {r} denoted + AU

(a) The latency for an aggrega- (b) The min. latency treel™
tion tree can be obtained iter- with edge level labels. See {T}
atively by considering subtrees.  Alg.1. Output: T*(V,,).
See Proposition 1. 1: Initialize A < {r}. R, + Q..
Fig. 2. Latency of aggregation along a tree. 2. fork=1,..., ﬂog2 n] do
32 B+ A

Algorithm 1 Min. latency tree€l™*(n). 4. for eachi e B do
Input: nodesN = {1,...,n}, root noder. C(i;T) denotes 5 if Vi, N Ba(Ri;i) # 0 then

children of nodei. S(k;T) denotes levek edges inT. 6 For some nodg s.t.V; € Ba(R;4), C(i;T*) < j,

For any set4, let A < {r} denoted + AU {r}. S(k;T*) & (i,5), A < {j}, R; « Ba(R;;i) and
Output: T*(n). R; < B1(R;;1).

1: Initialize setA = {r} andT* = {r}.
2. for k=1,...,[logyn] do

3. B+ A. Rdotr » 1 .
4: for eachi e B do zﬂa /T\'
5: if N\ A# 0 then /LL. /_454
6: For somej € N\ A, C(4;T™) & (jis now a s
child of 7), S(k; T*) < (i, ) (level k edges) and ° /\,}/'
A& rt P e

distributed statistical inference with statistically emendent Fig- 3. The min. latency tre@™ (V) over 15 nodes with edge level labels
placed in square region. See Alg.3.
measurements [1], and so on.

A. Preliminaries

We first discuss the policy to achieve minimum latency SO Lt > i+ L, foralli =1,..., k. Conversely, there is a
L*(V,; ) in (5) for sum function computation without con-simple policy with latency in (8) which aggregates along the
sidering the energy consumption. In this case, the minimugtibtreesl; with latency Lz, and then node sends its data to
latency does not depend on the position of the nddgsbut the rootr at time slotLy — i. o
only on the order of scheduling of the various nodes, i.e.,Using (8) we can thus effectively compute the latency
L*(V,; V) = L*(n). Moreover, the minimum latenc§*(n) of any given rooted tred’. We now provide the result on
can be achieved via data aggregation along a spanning tifee minimum latencyL*(n) and the construction of the tree
T*(n), directed towards roat. T*(n) achieving it. This has been previously analyzed in the

For data aggregation along any directed spanning Ttee context of minimum broadcast problem [5], where the root has
each node waits to receive data from its children (via inc@mi information that needs to be disseminated to all the nodes.
links), computes the sum of the values (along with its own Lemma 1 (Minimum Latency Treelhe minimum latency
measurement) and then forwards the resulting value alofeg sum function computation oven nodes isL*(n) =
the outgoing link. See Fig.2b for an example. Lef be [log, n]. Equivalently, the maximum number of vertices in
the resulting latency along treéE. We now make a simple a tree with latency at most is 2%.
observation. See also Fig.2a. Proof: See Appendix A. 0

Proposition 1 (Latency along a treefror a spanning tree  There is a unique minimum latency tfe@™(n) up to a

T with root, the latencyLr is given by permutation on the nodes. The minimum latency tree can

Ly = max {i+ Ly}, (8) be constructed recursively as explained in Algorithm 1. The
i=1,....k algorithm runs forL*(n) steps and in each step, a child is

whereT; is the subtree rooted at nodeand1, ...,k are the added to each node already in the tree. An example of the

childrenC(r; T) of the root noder ordered such that,, > minimum latency tree is shown in Fig.2b.

Lr,...> Lr,.

Proof:  Indeed, after timGLTw information froml, ... i has "Note that the balanced binary tree ennodes has latencg[log, (n +

still not been sent to the root, and this will take at leastetimi)] — 2, which is about twiceL* (n).



B. Policies for Energy Latency Tradeoff Algorithm 3 Min. lat. treeT*(V,,) with order opt. energy

We now propose a policy for sum-function computatio\Put: Locations of nodesV,, = {Vi,...,V,}, root node
with order-optimal energy consumption subject to a given 7 @n C R?: region where the nodes are placéd:; T)
latency constraint in (6). Note that the minimum latencyetre ~ denotes children of node S(k; T') denotes levek edges
T*(n) does not depend on the node locations and any permu- in 7. For a rectangular regio and a node with V; € @,
tation of the nodes on the tree (with the root fixed) results in 1€t B1(Q;7) and B2(Q;i) be the two halves wittV; €
the same latency. On the other hand, the energy consumption B1(Q; v). For any setd, let A < {r} denoted « AU
depends on the node locations. We propose an energy-effficien {7}
minimum-latency tred™(V,,) in Algorithm 3, depending on Output: 7™(V,,).
the node locations. This will be later proven to achieve prde 1: Initialize A < {r}. R, + Q..

optimal energy consumption for uniformly placed nodes. We2: for & =1,..., [logyn] do
first note some definitions used in the sequel. 3 B+ A
Definitions:For a rooted tre@ and a node, letC(i; T') denote 4 for eachi € B do
the children ofi. Theleveli(e; T') of a link ¢ in an aggregation  5: if Vi, N Ba(R;;4) # 0 then
treeT is given byL,—t., wheret, is the time at which datais 6: For some nodg s.t.V; € Ba(R;;1), C(i;T) &5,
transmitted along link (time 0 is the start of the aggregation S(k;T*) < (i,§), A< {j}, R; < By(R;;4) and
process). Note that the level depends on both the tree steuct R; + Bi(R;;1).
and the transmission schedule on the tree. Let
Sk;T):={e:l(e;T)=k,eeT}. C)]

into multi-hop routes to lower the energy consumption and
be the set of levelk edges in treeT. See Fig.2b. Let take advantage of the additional allowed latency.
SP;(i,j; V,,) denote the least-energy pétbetween: and In Algorithm 4, the regions are bisected and new nodes are
j with at most! > 0 intermediate nodes when the nodehosen as children, as in Algorithm 3. But instead of disectl
locations aréV,,. For a rectangular regiof c R? containing linking the nodes in the two hops, the least-energy route is
a subset of nodes and a reference nodech thatV; € , chosen with at mosty, intermediate routes, wherey, is a
let B1(Q; 1), B2(Q; 1) be the two halves when bisected alondixed weight. The nodes that are already added in this manner
the coordinate with the largest extent such tBat@;:) and are not considered for addition as children in the subsequen
B2(Q; i) have equal number of nodes with € B1(Q; ). iterations. In general, the resulting set of communicaliioks

We propose an energy-efficient minimum-latency treis not a tree, since the least-energy paths constructed in
T7+(V,) in Algorithm 3, and, prove in Section llI-C thatdifferent iterations may share the same set of nodes. But the
T*(V,,) achieves order-optimal energy consumption for unsum function computation can be carried out on similar lines
formly placed nodes subject to the minimum latency coms on an aggregation tree. We now relate the weighis
straint. In Algorithm 3, every added node in the tree pickswith the latency of the resulting policy”®® in Algorithm 4.
new child, as in Algorithm 1, but now the children are chosen Proposition 2 (Latency under Algorithm 4)the aggrega-
based on the node locations. Specifically, in the first ii@nat tion policy 7°°¢ in Algorithm 4 for a given set of weights
the region of node placement is bisected (with equal numberachieves a latency of
of nodes in each half), and the root chooses a child in the othe Mogy n]—1
half. Thg region as&gngd to the root is now the .half—r¢g|on LﬁAGG(n) < L*(n) + Z
(where it is located), while the added child node is assigned
the other half-region. The subsequent iterations proceed i
similar manner and each node bisects its assigned region i
two halves and picks a child in the other half, and updates t

Wi .

k=0

P{oof: There are at mosflog, n| iterations and the total
(ealay is

assigned regions. [logy n]—1 [logy n]—1

The algorithm 3 considered energy-efficient policy under th Z (14 wk) =L"(n) + Z W -
minimum latency constraint. We now present the poic§® k=0 k=0
for any given latency constraint in Algorithm 4. The diffaoe U

between the two cases is that in the latter case, a lowernergThus, the weightgwy,) can be chosen to satisfy any given
consumption is achieved by exploiting the relaxed lateray-c latency constraint and we have a polict® for sum function
straint. Intuitively, long-range (direct) communicatientails Ccomputation given any feasible latency constraint. Théyais

. . . . 1 GG i H
more energy consumption than multi-hop routing, especialff energy consumption under® for a given set of weights
when the path-loss exponentis large. On the other hand,iS Not straightforward to analyze and forms the main result o
latency is increased due to multihop routing. The key is 9IS paper. This is discussed in the next section.
carefully convert some of the long-range links T(V,) c. Order-Optimality Guarantees

8Note that the least-energy path depends on the path-lossienp and for To achieve optlmgl energY'latenCy.tradeOﬁ according to
larger v, multi-hop routing is more energy efficient than direct samssions. (6), we choose weightsv, in Algorithm 4, for k& =



Algorithm 4 Latency-energy tradeoff policy**¢(V,,; w).

Input: Locations of nodesV,, = {V4,...,V,}, root node .
r, and set of weightsv, for k& = 0,..., [logyn] — 1. v>d
For a rectangular regio@ and nodev € @, let B, (Q;v) v<d
and B> (Q;v) be the two halves withy € B1(Q;v). Let n
SP,(i, j; V,,) bel-hop least-energy patty,, C R?: region
where the nodes are placed. For any defet A < {r}
denoteA < AU {r}.

Output: G™°°: communication links used by policy*©.

Fig. 4. Scaling of minimum total energg™* in different regimes of path
lossv and dimensioni. See Theorem 1.

1: Initialize A1, Ay « {r}. R, < Q. (ii) The result of Theorem 1 holds even if the latency constraint
2. for k=0,...,[loggn] —1 do is relaxed to an average constraint, i.e.,

3: B+ A

4: for eachi € B do E[L™(Vy)] < L*(n) + 6.

5 if (Y” OBQ(RND\AQ # 0 then U From Theorem 1, the energy consumption has different
6 Pick j S-t' Vj € Ba(Ri; i) \ A2, Av = {j}, behaviors in the regimes < d andv > d, as represented

G™ &SPy, (i,j; Va), Az € SPu, (i,5; Va),  in Fig.4, and we discuss this below.

Rj « Bz(Ri;1) and R; < Bi(R;;4). Casev < d: In this regime, the path-loss factor is low, and
hence, long-range transmission does not suffer a high fyenal
over multihop routing. This is also favorable for latency

0,...,[logyn] —1, as performance and hence, in this regime minimum latency of
{ (Coar/v=1/d)| it > d, [log,n] can be achieved wittB(n) energy consumption.

Note that the aggregation tree with the minimum energy
0.W. (10) consumption is the minimum spanning tree (MST) and the
where § is the additional latency allowed in (6); is the expected energy consumption for MST under uniform node
path-loss factor for energy consumption in (2) ahds the placementis als®(n). Hence, our policyr**® achieves both
dimension of Euclidean space where the nodes are placeer-optimal energy and minimum latency simultaneously i

WE =

The normalizing constant is chosen as the regimev < d.
Caser > d: In this regime, multihop routing is much more
_ ) 1= 2t/v=1/d, if v>d, favorable over direct transmissions with respect to energy
[ogyn] 1, v =d, (11) consumption while direct transmissions are favorable dor |

(logy n]-1 latency. Hence, both low energy and low latency cannot
so that) ;" " wy < 4. Hence, from Lemma 2, the pe achieved simultaneously in this regime. Our poli¢§°
weights in (10) result in a policy**® with latencyL*(n) + 6.  achieves order-optimal energy consumption subject to engiv
We now provide the scaling behavior of optimal energptency constraint in this regime. Note that typically, for
consumption as well the order-optimality result fef. sensor networks placed in two-dimensional aféa= 2) with

Theorem 1 (Energy-Latency Tradeoffjor a given addi- wireless transmissiong’ € [2, 6]), this regime is of interest.
tional latency constraind = (n) > 0 and fixed path-loss comparison withMST: If the minimum spanning tree (MST)
factor v > 1 and dimension/ > 1, as the number of nodesijs ysed for aggregation, it results in minimum energy consum
n — oo, the minimum energy consumption for sum functiofion which is ©(n) under random node placement. However,

computation satisfies the expected latency of aggregation along the MST is at least
O(n) v <d, the depth of the MST and hence, the latency and energy satisfy
E(£*(V3;6))=40 (max{n,n(logn)(1 + 25)'""}) v=d,  E[L™ (V,)]=Qn"%), EE™ (V.)]=0n). (12)
O (max{n,n"/4(1 + 5)'"}) v>d,

In contrast, under our policy”°®, we can obtain, when < d,
where the expectation is over the locatiows of n nodes . .

chosen uniformly at random if, n'/4? and is achieved by ~ E[L™ (Vn)] = [logyn], E[E™ (Va)] =O(n). (13)
the policy7*°¢ in Algorithm 4 for weights given by (10).
Remarks:

(i) The policyx**® in Algorithm 4 thus achieves order-optimal E[L™*°(V,)] = ©(n 5, E[£™(V,)] = ©(n), (14)
energy consumption under any feasible latency constraint Vds

whenv # d. For the case = d, we show thaE[£%(V,,; )] = by settingd = n v—7 in Theorem 1 Thus, our policy"°®

Q(n) while the energy consumption undet*® is the upper is especially advantageous over using the MST when the path
bound in Theorem 1, given b@(nlogn), i.e., the energy loss v is small. Moreover, the policy™*® can be designed
consumption is at most only logarithmically worse than thieased on the latency requirements while the MST cannot be
lower bound. easily modified to satisfy them.

For the case when > d, our policy achieves




IV. GENERAL FUNCTION COMPUTATION Algorithm 5 Policy 7¢¢(V,,; w, €) for general functions.

We now extend the latency-energy tradeoff policy to undef2put: Locations of nodesV,, = {V1,...,V,}, root noder,
take general function computation. Recall that we congiger ~ C: set of maximal cliques of function dependency graph
class of functions of the form 9(Vn). For eachc € €, P(c) is the processor (node

computing clique function..). For any set4, let A < {r
FVLY) = S wled 09 gener gy "
ccC(Vn) Output: 7< policy with data forwarding linksF**° and
whereC(V,,) is the set oimaximal cliquesn a graptg(V,,), aggregation linkG™°.

known as the function dependency graph and the functigns 1: for each clique ¢ € € do

are clique functions. We consider the case when the §risph - For nodei € ¢ with smallest labelP(c) <+ i.

either ak-nearest neighbor graptt-NNG) or thep-random 3. For all nodesj € ¢, j £ i, F™ ~ & (G, i).

geometric graph/-RGG) with threshold radiug, wherek, p 4. | et, be the color for edge € F="° under proper edge
are some fixed constants, independent of the number of nodes ¢gjoring with colorsl = 1,2,... A + 1.

n. 5: for t =0to A do

Note that the function¥ in (15) now depends on the 4. Send measurements using linksAti ™ of color ¢+ 1.

location of the noded, which is not the case with the sum ;. Eing sum of clique functions using°® from Algorithm 4.

function. Hence, the latency-energy analysis has to tale th

into account. We propose modifications to the latency-gnerg

tradeoff policy 7%°¢ to enable general function computation

and then prove its order-optimality for latency-energyléaff. The result on minimum energy follows from the scaling

behavior of energy for least-energy path routing to the root

N ) under uniform node placement [17]. The latency of function
The extent of decomposition of functior depends on computation is at least since the root can receive at most

the sparsity (number of edges) of the function dependencyne measurement value at each time step and there is no ag-

graph§. We first make a simple observation that the energytegation of the measurements. Hence, we can expect efficien

consumption and latency increase with more edge$.in  scajing of energy and latency only in case of computation of

Proposition 3 (Energy consumption and sparsitySpf functions with sparse dependency graghs
The minimum energy in (6) required to compute functions of

the form in (15) under a fixed additional latency constrairpé
0 > 0 with dependency graph and G’ satisfies

A. Preliminaries

Moreover, the energy consumption also depends on the edge
ngths of the function dependency graphintuitively, when
the graphS has local edges, the clique functiots can be
E*(Vu;6,9) > E(Vy;6,9), whenGgDg'. (16) computed locally resulting in low energy consumption. This
Proof: Let C (resp.@ be the set of maximal cliques in holds for the proximity graphs S.UCh as theNNG and.the

, . ) ; ,  p-RGG ensure under consideration. We propose policies for
G (resp.9’). Since§ C G, each new cliquec € €\ C . .

Lo , , latency-energy tradeoff which are efficient for such logall
replaces a smaller set of cliquesc ¢, ¢’ € €. The latency .
: . o ._defined dependency graphs.

and energy consumption for any valid policy in computing
the clique functiony.((Y;)ic.) is at least that of computing

c/Cczc:/EG/ Y (Yo ), since this is a further decomposition OfB. Policy for Latency-Energy Tradeoff

.. Hence, the result. O

Hence, the ability to obtain efficient scaling of latency and We now extend the policy** in Algorithm 4 for general
energy consumption for function computation depends on tf#nction computation as a two-stage polie§°. In the first
sparsity of the function dependency grajtThe extreme case Stage known as the data forwarding stage, the clique fumetio
of a trivial graph(§ = 0) is the sum function, analyzed in the?’. are computed locally within each maximal cliques C
previous section, while the other extreme is the compleaphyr Of the graph§ as follows: aclique processois chosen as a
(G = K,,), where there is no decomposition of the function. 1lique member with the smallest label (under arbitrary kabe
the latter case, no in-network computation is possible dnd B9 of nodes) and other clique members communicate their
the measurement¥,, need to be routed to the root via leastmeasurements to the processor via direct transmissiores. Th
energy paths. We have the following scaling in this scenarifansmissions are scheduled as follows: the set of formgrdi

Proposition 4 (Scaling Under No Computationjhe min- links F"" " are assigned colors= 1,2,..., A + 1 under a
imum latency and minimum energy (with no latency corProper edge coloring. At times=0,1,..., A, transmissions
straint) for computation of a function with dependency drapalong links of colort + 1 are scheduled simultaneously. In the
K,, satisfies second stage, the aggregation policy® in Algorithm 4 is

ey B 141/d exr B used for computing the sum of the clique function values at

E[E" (Vs 00, Kn)] = O(n ) BIL™ (Vi K] = Q). the processors (and nodes other than processors do not have

9n fact, our results hold for a general class of graphs satigfa certain the.” an vaIue; for a}ggregat-lon but participate in the ﬁm'
stabilization property. See [15] for details and examples. This is summarized in Algorithm 5.



We obtain the following result for energy-latency tradédff optimal tradeoff policies in arbitrary networks is intrabte,
for general function computation. LéX(5) denote the maxi- we proposed simple and easily implementable policies which
mum degree of the function dependency grgph (15), which have order-optimal performance and are relevant in large ne
is either thek-NNG or the p-RGG, wherek and p are fixed works. We analyzed the scaling behavior of energy consump-
constants. tion under a latency constraint for computation and showed

Theorem 2 (Energy-Latency Tradeoffjor a given addi- that it depends crucially on the path-loss exponent of $igna
tional latency constraint > A(S) + 1 in (6), the energy propagation, the dimension of the Euclidean region where
consumption for function computation of the form (15) witlthe nodes are placed and the extent to which the function
dependency grapB under the two-stage policy®© satisfies is decomposable. For functions which decompose according

CLQ » to cliques of a proximity graph such as thenearest-neighbor
E(€™ (Va;4,5)) = OE(E"(Va; 0 — (A +1),0))), graph or the random geometric graph, efficient tradeoff @an b

where the expectation is over the locatiows of n nodes achieved and the energy and latency having optimal scaling
chosen uniformly at random if9, n'/4]? and the right-hand behaviors.
side is the minimum energy consumption for sum function This work opens up an array of important and challeng-
computation under latency constraint®f- (A + 1) which is ing questions which warrant further investigation. Whikeg

given by Theorem 1. considered exact computation of a deterministic function,
Proof:  See [20]. O we expect that relaxing these assumptions will lead to a
Remarks: significant improvement of energy and latency scaling. We

(i) The policy=°-? achieves order-optimal energy consumptioassumed single-shot data aggregation. Extensions to the se
for casesy < d,6 > A+ 1 andv > d,§ > A. This ting of continuous monitoring and collection, where block
is because the minimum energy consumptoi{V,;d,5) coding is possible is of interest. We considered a singlé roo
is lower bounded by the minimum energy for sum functionode as the destination for the computed function, while in
computation from Proposition 3. Theorem 1 provides theality different nodes may require different functionskie
scaling for minimum energy for sum function computatiorcomputed. An extreme case of this scenario is bedief
Comparing it with the energy undef‘? policy in Theorem 2, propagation (BP) algorithm which requires computation of
we note that they are bot®(n) whenv < d. For the case maximum a posterior{MAP) estimate at each node based
v > d, they are still of the same order if the maximum degreen all the measurements, which are drawn from a Markov
A(S) is small compared to additional latency constraint ~ random field. Considering scenarios between these extremes
(i) The maximum degrees @&G-NNG andp-RGG satisfy and designing efficient schemes for energy-latency trddgof
extremely relevant to many network applications.
), (A7)

wherec, is a constant (depending only ef). See [18, Cor.
3.2.3] and [19, Thm. 6.10]. Hence, for these graphge A. Proof of Lemma 1

policy is order-optimal (up to logarithmic factors) for apgth- ~ we prove by induction orl that the maximum number of
loss factorv # d and under any additional latency constrainfertices in a tree of latency at mobtis exactly2Z. This is

6 > A(§) + 1. The above discussion also implies that thelear for L = 0 as such a tree must consist of just the root.
minimum energy for sum function computation and generfjow assumel, > 0 and supposé’ is a tree with latencyL.
function computation are of the same order #eNNG andp-  Consider the edges that transmit information at the lasé tim
RGG dependency graphs. Hence, these functions are amenglig ... Clearly these must transmit to the rootBut the root

to efficient latency-energy tradeoff. can only receive information from one child at a time. Thus
(iii) The policy7“* can achieve a latency ¢fog, n|+A(S9)+ there is precisely one edde,i) along which information is

1. Finding the policy with minimum latency.* in (5) for transmitted at timeL. Removing the edgé-, i) splits the tree
general function computation is NP-hard. However, we hawe into two trees7, and 7} rooted atr andi respectively.
L* > [log, n], since the minimum latency cannot be smalleror all the data to be received atin time L, all the data
than that required for sum function computation. We ensuggust be received at either or i by time L — 1. Thus both
that an additional latency constraint &fis satisfied in (6) by 7. and7; are trees of latency at mogt — 1. By induction
relaxing the constraint ag < [log, n] + . Sincen? can 7, and 7, have at moseL—! vertices. ThusI' has at most
only achieve latencies greater thalog, n| + A(G) +1, we 9L-1 4 oL-1 — 9L yertices. Conversely, given two copies of
can only ensure that constraints> A(S) + 1 are met. a rooted tree or2“~! vertices with latencyl, — 1, one can
construct a tree with latencl on 2% vertices by joining the

V. CONCLUSION X ) - .
In thi idered lat tradeoff frootsn i of these two trees with an edde i), and declaring
n this paper, we considered energy-latency tradeoll 1@f,q f the two roots, say, to be the root of the resulting tree.

function computation in random networks. While designinghe transmission protocol to achieve latenyis simply to

10The latency constraink™ < L* + § is required a.s. over the realization follow the pr.otocols on each tree for th_e filst-1 steps, and
of points V. then transmit all data atfrom i to » at time stepL.

1
A(k-NNG) = (ca+1)k, A(p-RGG) = 9(%
APPENDIX



As any rooted subtree of a tréehas latency at modt, it
is clear that the minimum latency of any tree orvertices is [y
L = [log, n], and this can be achieved by taking any rooted
subtree of the tree o2 vertices constructed above. [ 2]

B. Proof of Lower Bound in Theorem 1

Note that forv < d, since the MST has energ®(n),
the result follows. For the case > d, consider an arbitrary
spanning tree with root. Consider the pattP, from r to u
in the tree. LetR(P,) be the length ofP,, i.e., the sum of
the lengths of the edges &f,. Then with high probability [5]

SR(P) =Y fu—rl| > en' . (18)

for some constant > 0. Indeed, with high probability, at least 7]
one half of the nodes lie at distance at Ieéstl/d from r.
Let n. be the number of pathB, that go througte, son. is
the number of vertices belowin the tree. Then

> R(P,) =) Rene.

Indeed, > R(P,) counts the length ot exactly n. times.

(6]

(8]

El

Now &7 = > R, so by Holder’s inequality [10]
1/v (v—1)/v,
(Sor) (/) E S Renezentt V4
(19)
Thus it is enough to find an upper bound @nZ/(”’l). If [12]

e is at distance from r then the latency of the tree from
onwards is at mosL* + ¢ — 7. But this means it has at most13
2L +0-1 < (2n)29~7 vertices. Hencew, < n2'1t9~%. Also, for
eachi we have

Z Ne <1 [14]
e:dist(e,r)=1
as each vertex can be counted in at mostionwith d(e,r) = [15]

1. Thus

>

dist(e,r)=1

ng/(l/fl) nen(li/(ufl) < n(n21+67i)1/(1/71116]

>

dist(e,r)=1

for i > ¢, and [17]

/1) < 141/ 1)

>

dist(e,r)=1

(18]

for i+ < 0 as we always havei. < n. The first sum is [19]
decreasing geometrically i) so

[20]
> 0/ = (5 +0(1)n /Y = O(1 4 §)n¥/ Y,

. [21]

Thus by (19), [22]

V(14 6) D/ p > /e,
Hence
Er = Q" (1+0)")

as required. O
The proof of the upper bound for energy consumption under
Algorithm 4 is given in [20].
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