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Abstract

In peer-to-peer (P2P) systems where individual peers must cooperate to process each other’s requests,
a useful metric for evaluating the system is how many remote requests are serviced by each peer. In this
paper we apply this remote work metric to study the searching aspect of flooding-based P2P networks
such as Gnutella. We study how to maximize the remote work (query) in the entire network by control-
ling the rate of query injection at each node. In particular, we provide a simple procedure for finding
the optimal rate of query injection and prove its optimality. We also show that a simple prefer-high-TTL
protocol in which each peer processes only queries with the highest time-to-live (TTL) is optimal.

1 Introduction

Flooding-based peer-to-peer systems like Gnutella [7] have been deployed and used by millions of users
worldwide to share and exchange files. As of April 2003, Gnutella has over one million users (with at least
one hundred thousand concurrent users [8]) and ten tera-byte of shared data. Also according to [6], there
are overl(0 vendors actively developing Gnutella-style clients for their applications.

While there is significant research interest in structured networks such as distributed hash tables [11]
[12] [14] [16], Gnutella-style systems are used in practice for four reasons: 1) simple to implement, 2)
easy to deploy, 3) extremely robust in handling frequent peer arrivals and departures (commonly known as
churn), and 4) supports wild-card searches. The first three advantages stem from the fact that Gnutella-style
systems have simple protocols and do not maintain complicated routing tables and indices. This simplicity
allows many developers to build and customize their clients quickly, which in turn increases the usage and
deployment of the system. This simplicity also makes Gnutella-style system more robustness than DHTs
under churn because when a péejoins or leaves, the only maintenance is adding and removing links
associated withP. In contrast, DHTs would also need to “adjust” existing links to account for the absence
of a peer or the presence of a new peer. Moreover, every peer arrival or departure in a DHT requires updating
out-dated indices in other peers, which incurs significant overhead in the system.

Although a flooding-based search mechanism can be inefficient as a search query is forwarded to all
nodes within a certain number of hops (e@hops), Gnutella-style networks have, nevertheless, scaled to
millions of users by using a super-node architecture where high speed (CPU and bandwidth) nodes act as
proxies for regular (slower) nodes. Figure 1 shows a sample super-node network with 3 super-nodes and 16
regular nodes. Each super-node indexes the content of its attached regular nodes and performs the flooding-
based search on behalf of the regular nodes. In this architecture, a network with millions of users can be
reduced to one with tens of thousands of super-nodes, where a flooding mechanism is adequate.

*This is the extended version of the work of the same title that appeared in DISC 2003. This version is approgifiately
longer than the original. It includes an example of oscillation, all the proofs, and a simulation result which confirms ourmptimal
selection and illustrates the relation betweeand total remote work.
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Figure 1. A sample super-node network.

Even with this architecture, super-node networks are still susceptible to overloading when too many
search queries are generated by users. In the extreme case, if every super-node uses all of its “processing
capacity” to inject new search queries instead of answering and propagating existing queries, no “useful”
work is done because queries are not answered by anyone. We define “usetitiaie workas a super-
node processing a query that is not inject by itself or by its attached regular node. At the other extreme,
if super-nodes inject too few new queries, they will have available capacity to process remote queries, but
there will not be enough queries to keep the super-nodes busy. Thus, our goal is to pick a query-injection
rate between these two extremes that maximizes the remote work performed.

We choseemote workas our objective metric because it succinctly captures the goal of users. The more
remote super-nodes that process a given user query, the more potential answers the user will receive. From
among the answers, the user can then select those he wants, and the larger the selection, the better. For
instance, if the user searches for compositions by “Bach,” he can then select titles that sound appealing, or
files that have a good recording quality.

Note that this paper focuses only on the flood-based search aspect of a P2P network. We do not consider
other aspects such as the actual file exchanges after the search completes or the distribution and replication
of content. Other work study these other aspects. For instance, Bit-Torrent[2] focuses exclusively on file
downloading. Cohen in [3] studies content replication in P2P networks.

One approach to maximizing the remote work is to change the search protocol itself, e.g., using random
walkers [10] or iterative deepening [15]. Another approach is to dynamically adjust the topology and impose
active flow control as in Gia[1]. In this paper we attack the problem from a different angle: we control the
rate of query injection at individual super-nodes. We address the following questions:

e How do we model query injection, processing, and propagation in a Gnutella-style system?

e What is the optimal number of new queries that each super-node should inject each round as to maxi-
mize the remote work done in a network?

e What is the impact of using different protocols to select which queries to process and propagate? Is
there an optimal protocol?

e Should we enforce a fair policy where every super-node injects the same number of new queries into
the network? Or should highly-connected super-nodes in the “critical” part of the network inject more
queries (or less)?

e What is the penalty in terms of reduced remote work for using a fair policy?
e What are some heuristics for more complex systems that are outside of our simple model?

Daswani et al. in [4] conducted simulations to answer some of the above questions focusing on the im-
pact of malicious super-nodes who purposely generate large number of bogus queries to reduce the amount
of “useful” work done in a flooding-based peer-to-peer system. In the current paper, we do not consider
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malicious super-nodes doing denial-of-service (DoS) attacks using bogus queries. Instead, we assume all
super-nodes are cooperating to maximize useful work in the network. The results in this paper provide a
firm theoretical foundation for studying the effects of DoS attacks and establish a baseline of comparison.
These results can be easily incorporated into [4] to further extend their results.

Knowing the theoretical optimal rate of query injection and the maximum remote work possible can
improve the construction of the overlay network. For example, a super-node can use the optimal query-
injection rate to dynamically decide whether it should accept more clients or disconnect existing ones. We
can also use remote work as metric to evaluate different types of overlay topologies.

Although our work is specific to Gnutella-like flooding-based systems, we do address an issue that we
believe will be of growing importance in distributed systems, that of getting autonomous components to
provide services for each other. Whether the system is a publish-subscribe one, or a sensor net, or an ad-hoc
wireless network, nodes must balance their local needs (e.g., disseminate events or messages originating
locally) with the services they provide to others (e.g., packet forwarding, resource discovery). This balance
between local and remote needs is a distributed resource coordination problem. As far as we know, this
problem has not been studied in detail. Our paper is a first study of such coordination for autonomous
systems. Note that this paper uses remote work as a metric for determining the optimal balance between
local and remote needs. There are many other optimization metrics possible. For example, one can try to
minimize the variation among client satisfactions.

The remainder of the paper is organized as follows. We begin with a formal model, assumptions, and
problem definition in Sections 2 and 3. We then give a description of the search protocol that we consider
in this paper in Section 4. We continue in Sections 5 and 6 to prove some useful properties about the
search protocol. Using these properties, we give algorithms for finding “optimal” trade-off between local
and remote work in Sections 7 and 8. We conclude with discussions of open problems that relaxes some of
our assumptions in Section 9.

2 Assumptions and a Model

We use a very simple model of Gnutella’s search mechanism to capture key performance characteristics that
are relevant to our goal of maximizing remote work. Given that regular nodes always access the network via
a super-node, we only need to capture the activities of the super-nodes. Specifically, we model the super-
node network as a grapgh = (V, E') where edges represent connections between super-nodes. For brevity,
when we say “node” in the remainder of this paper, we mean super-node unless stated otherwise explicitly.

We model the P2P system as operating in rounds, where search queries are injected and processed during
the round and forwarded to neighboring peers between rounds. For analysis purposes, we willassume rounds
are synchronous. In practice, this restriction is unnecessary. Note that queries “injected” by a super-node
are typically initiated by the regular nodes attached to it.

We assume each query has a time-to-live (TTL) field that is decremented by one each time when for-
warded to other peers. When the TTL becomes negative, the query is removed from the network. For our
purpose of maximizing remote work, we only model the propagation of search queries and ignore other
communication such as search replies, ping-pong messages, and actual file transfers.

We assign each super-node a processing capacityaqieries per round, for instance bandwidth con-
straints. A super-node may use its capacity in two ways: (1) accept and process a new search query from
an attached regular node, or (2) process a remote query forwarded to it by a neighboring super-node. We
refer to case 1 as a super-nddgcting new queriesand refer to case 2 ggocessing remote queriesor
clarification, processing a remote query involves two steps: one, match the query against the shared data
indexed by this super-node; and two, forward this query to neighboring nodes. Obviously in a single round,
the number of new queries injected plus the number of remote queries processed is @t rasé that
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injecting new queries is not “free” in our model. Because we only model super-nodes, virtually all new
“local” queries at a particular super-node will actually come from its attached regular nodes via the network,
just like remote queries from other super-nodes. As a result, the cost of processing a new “local” query is
the same as processing a remote query, hence not free.

To make the analysis tractable, in most of our analysis in this paper we assume all nhodes have the
same processing capacity. Although Sariou et. al. [13] observed large variations among Gnutella clients,
variations among super-nodes are much smaller. Moreover, recent clients use rate limiting to allocate only
a fixed amount of resource for the P2P application. Since most user use default settings, it is even more
likely to see nodes with identical capacity. Hence our assumption of all nodes having the same capacity is
not outrageous. We will briefly outline the difficulties in handling super-nodes with different capacities as
an open problem in Section 9.2 and offer some heuristics.

Even though in our model each node can only process up tmieries per round, we do not restrict
a node’s choice in deciding whiall queries it will process. In other words, if a node’s neighbors send it
more thanC remote queries, we allow this node to examine all the remote queries and choose which queries
to process according to some criteria. In practice, this selection of queries can be done efficiently (even if
bandwidth is the bottleneck) by simply propagating the criteria to the neighbors and asking the neighbors to
only send the relevant queries. For example, suppose a node only watitgtieeies with the highest TTL.

This node can iteratively ask all its neighbors to send queries with the highest possible TTL first. If there
are still capacities left, it can then ask for the next highest TTL, and so forth.

In our model, all un-processed remote queries due to the capacity constraint are dropped and no longer
forwarded in subsequent rounds. In other words, we do not allow a node to “temporarily” buffer excess
remote queries for processing at a later round. There are two reasons for making this assumption: (1) we are
interested in the long-term system behavior where nodes are constantly overloaded, and (2) long delays in
propagating a query is equivalent to no response or dropped queries because users are not patient in waiting
for query results. One may argue that search traffic are bursty in nature so that buffering makes sense.
However, because we are dealing with super-nodes that aggregates search traffic from tens to hundreds of
regular nodes, the traffic will be far less bursty. Furthermore, flooding generates an exponential growth in
the query traffic, making it highly unlikely that the system is only temporarily overloaded.

The long-term behavior of a peer-to-peer system certainly depends heavily on how each node decides
which queries to process and drop. For brevity, we use the peatocol to refer to a node’s decision
mechanism. As an example, a node is said to be using a random protocol if it picks which queries to process
uniformly at random.

One important parameter of a protocol is how a node divides its capacity between injecting new queries
and processing remote queries. We use a fragtibatweer) and1 to denote this parameter. For example,

p = % implies one third of a node’s capacity is allocated for injecting new queries while the other two
third is used for processing remote queries. We assume that a super-node injects its full guiotaenf

gueries each round, i.e., there is always an abundance of queries that regular nodes want to submit. This
assumption is reasonable because our goal is to study the maximum amount of remote work possible which
can only occur if nodes are generating sufficient number of new queries to keep the system busy. In practice,
a super-node can inject ndacal queries at a fixed rate by buffering and delaying new search queries from

its attached regular nodes.

Rather than trying to build an accurate model that can predict the actual performance of the peer-to-peer
system, we have made many simplifying assumptions to make our study of the fundamental system behavior
feasible. This simplified model retains all the important aspects of a flooding-based peer-to-peer protocol
and does not restrict design decisions.



3 Notation and Problem Definition

e p, denotes the fraction of processing capacity no@#locates for injecting new queries per round.
e p={py | v € V} denotes the set ¢f, used by all nodes in network.

e J(u,v) denotes the minimum hop distance between nad@sdv in networkG.

e D(v,7) denotes the set of nodesexcludingv, in G such thav (u,v) < .

e D(v,7) denotesD(v,7) U {v}.

e W[ (v, p) denotes the set of queries processed by nodesing protocolP with settingsp for the
nodes, during round. The setW/ (v, p) includes both new queries injected byand processed
remote queries. We drop the superscipivhen the context is clear.

e Rl (v,p) C WF(v,p) denotes the set of remote queries processed by matémet.

e RW/F(p) = X ,ev |RT (v, p)| denotes the number of remote queries processed by all nodes in net-
work G at timet.

With the notation above, maximizing the remote work of a netw@rkising protocolP can be stated
formally as:

Problem: Given a graphG = (V, E), maximum TTLr, processing capacity, and a protocoP, find the
optimal rate of injecting new querigs= {p, | v € V'} such that", RW/} (p) is maximized.

The maximization problem is stated above as the cumulative number of remote queries processed over
all nodes and all time. We chose to sum over all time to take into account of protocols with nondeterministic
or irregular behaviors. However, as we will see, the protocols studied here all have some form of “steady-
state” behavior.

4 Protocols

Before describing the protocols, we first need to discuss how to tag each query with an ID to avoid pro-
cessing duplicate queries and to remove queries when their TTL expires. For agguaryuse a triplet

(sre, ttl, mid) wheresrc is the node that injected the quety; is the current time-to-live of asq moves
around the network, anthid is an internal sequence number whére< mid < C. We enforce three
invariants about the IDs: (1) for any two queries injected by the same node in the same round;dseir

are different; (2)0 < t¢tl < 7 wherer is the maximum TTL; and (3) a query with IBrc, ttl, mid) at time

tis injected at time — 7 + ¢il.

Note that when the query travels around the network, its ID changes &$ltisedecremented. To
determine whether two query IDg andgy at timest; andt,, respectively, refer to the same query, we
check whether these two IDs have the samenode, the sameuid, and were injected into the network at
the same time. For example, assuming all queries initially have a7TWwhen injected, then a query with
ID ¢1 = (u,5,2) at time ste is the same query as a query with ¢p= (u, 3,2) at time stepl0 because
both queries are injected by nodet time8 + 5 — 7 = 10 + 3 — 7 = 13 — 7 with sequence numbé&r

Using these IDs, we describe the operations of the deterministic prefer-high-TTL pratBdal Figure
2. Essentially, after each node injects its new queries for the round, it then processes remote queries in
decreasing TTL order until the processing capacity has been exhausted. If two queries have the same TTL,
the tie is broken deterministically, e.g., lexicographically by source node ID and then the sequence number.



Deterministic Prefer-High-TTL Protoc6i”

During every round, each nodec V' performs the following tasks in the order shown below:

1. Injectp, - C new queries with the triplet identifiefs, 7,1}, {v, 7,2}, ..., {v, 7, p,C}. Denote this set of local
queriesL,. (For clarity in the presentation, we assum&’ is an integer. We can take the floor if it is not an
integer.)

2. Sort all incoming queries from adjacent super-nodes in decreasing order of TTL, break ties in a deterministic
manner that is independent of the current time, and remove queries that are duplicates or have already been
processed at some previous time step. Denote this sorted list of new incoming dueries

. Take the first1 — p,)C queries inl,. Denote this set of remote querigs.
Service queries ifh,, and R, against local index.

. Decrement the TTL of queries i, andR,, by 1.

. Forward all queries i, andR,, that havel'T' L > 0 to all neighbors.

o U AW

Figure 2: An informal description of the deterministic prefer-high-TTL protocol.

t
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Figure 3: An example where prefer-low-TTL does not have a steady state.

Similarly, the randomized prefer-high-TTL protocHl* performs the same stepsHS except ties are
broken randomly. Though® and#P are very similar, they exhibit different steady-state behavior as we
will see in the next section. This distinction has significant impact on how efficiently we can simulate the
protocols for experimental studies. A third protocol that we will use for illustrative purposes is the prefer-
low-TTL protocol L. Instead of sorting all the incoming queries in the Eein decreasing order of TTL
during step (of Figure 2), protocok sorts the queries in increasing order of TTL.

5 Steady State

Regardless of the transient behavior at the beginning of time, a protocol that processes the most remote
gueries in the steady state will process the most remote work in the long run. Therefore, if two protocols
have steady states, then we can simply compare their per-round performance in the steady state. It turns out
that not all protocols have some form of steady state. To illustrate, consider an example topology consisting
of seven nodes shown in Figure 3. If we use the prefer-low-TTL protdaeith maximum TTL7 = 2 and

Pv = i for all nodesw (i.e., each node inject% new queries per round), then we observe an oscillation.
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Table 1: Execution trace of protoc6lon the example in Figure 3. Noteandz oscillate.

Table 1 traces out which queries each node processes during the first four rounds when executing protocol
L.

In Table 1 we use the notatiam; to indicate a node has processed queries that were injected by node
at times with internal sequence numbdrshroughaC'. For instance, at tim@, all nodes are only processing
gueries injected by themselves. At tiheeach node is processing its own newly injected queries and remote
gueries injected by its neighbors at tifhe

In general when tracing out which queries are processed by natlémes:, we simply look at the set
of queries() that are processed kys neighbors at timé — 1. We first eliminate queries i) whose TTL
have expired or have already been processed before. We then sort in increasing TTL order the remaining
gueries inQ) where ties are broken by the source node ID. (Specifically, we break ties in the following order:
w,v, 8, ,u,t, and theny.) For example, consider the entry in Table 1 that corresponds towmaddime
2. To fill in the square, we form the sél from queries processed by nodes:, ands at timel, which is
{3v1, Tuo, Two, 121, 30, 151, +to }- We first filter outlw, because we have handled it in the previous time
step. We then sort the remaining queries according to TTL tq §e§, 2yo, 1to, 1v1, 1z, 15,}. Because
nodew only has3 capacity left after its own queries; simply selects fuo, 1o, 1t} to fill its capacity.

The key point to notice in this trace is that nadelecided to drop queries from its immediate neighbors
at time ste2 due to the low TTL preference. As a result, when we progress to time3steglew is only
able to forward the queries generated by itself because the TTL on the remaining queries have expired. This
lack of forwarded queries cause$ neighbors to process fewer queries than the previous time step.

If we continue the trace to time step it is identical to time steg@, with time indices advanced by
2. Hence tracing the executing further will yield an oscillation between stegosd 3. The cause of the
oscillation is due to node acting as a choke point for forwarding queries on the even-numbered time steps.
For this simple example, we could have foreseen this p@rastillation. Unfortunately, in general, protocol
L’s period of oscillation is a function of, the tie breaking policy, and the network topology thus not
easy to determine a priori.

Oscillations aside, there are two flavors of steady state that are of particular interest because they distin-
guish between protocof” and# ™. The first kind is astrongsteady state where we can determine exactly
which queries will be processed by every node. Formally,

Definition 1. (Strong steady state) A protocBlhas astrong steady staiégiven anyp, there existg, such
that for every node and allt > ty, R} (v, ) = R]. (v, p).

In other wordsstrong steady statguarantees that after tinig, each node will process remote queries
with the same triplet ID as the previous time step. For example, if ngmecessed a query with 10, 5, 2)
at timet, thenv will process a query of the same ID from then on. Thus having a strong steady state makes
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simulation studies easier. Note that the same triple ID at two different times does not mean the same query
because the two queries are created at different times.
An alternative is to relax the constraint of processing queries with the same triplet IDs.

Definition 2. (Weak steady state) A protocBl has aweak steady statié given anyp, there existg, such
that for every node and allt > to, |R] (v, p)| = |R], (v,p)|.

A weak steady state only requires the number of remote queries processed to be the same rather than the
query IDs to be the same. Since our objective is to maximize the total number of remote queries processed,
having a weak steady state is sufficient for our analysis. Clearly, strong steady state implies weak steady
state.

With these two notions of steady state, we now show protéddhas a strong steady state. In particular,
we showH? has a monotonicity property.

Proposition 3. (Monotonicity) In protocolH?, givenp, for any nodev and a query IDg = (src, ttl, mid),
1. ifqg € Wiy, (v, p), theng € Wy(v, p) forall t > 7 — ttl,.
2. ifqg € Wy(v, p) for somet > 7 — ttl,, theng € W, _sy, (v, p).

Informally, monotonicity states that once a queryds in Wy, (v, p) for any nodev and timet,, the ID g

can never disappear frofi, (v, p) for all 2 > t;. It also guarantees the first appearance of at time

T — ttl,. The monotonicity is the result of breaking ties among queries of the same TTL in a deterministic
fashion. Before proving this claim, we first note that in handling the set of quBriedecause the TTL

of a query is decremented during a round, there are two possible TTLs for eachqyqaeiy, (v, ). For
consistency, we use the TTL before the decrement as the TTL of qu&vg now give the formal proof.

Proof. We prove our claim by induction on the number of hops a query has traveled, whick-ist/).

Base Casea queryq with 7 — ttl, = 0. This case occurs wheltl, = 7, i.e.,q is a local query that
was just created. Since protockl injects the same number of local queries with the same messagde IDs
throughp, - C for each node at each time step, our claim holds trivially.

Inductive Step:Assume our claim holds for all querigsthat have traveled less tharnhops, i.e., with
T — ttl, < n, we want to show that our claim also holds for queries with ttl, = n. For part(1), assume
q = (src,7 —n,mid) € Wy(v, p) for some node. Now we need to show € W, (v, p) for all ¢ > 7,.

Consider the set of querig€g with TTL = 7 — 5 that is processed by nodeat time¢ and the set of
gueriesP with TTL = 7 — n + 1 that is processed by all neighbors of nadat timet — 1. Notice that
Q C P’ whereP' = {(src,ttl,mid) | (sre,ttl + 1, mid) € P}. By our induction hypothesis and using
part(2) of the claim, the seP is the same fot > 1 — 1. Thus node receives the same sBt for all ¢ > 7.
By construction, protocoH? deterministically selects the same sub@dtom P’ for all t > 7. Therefore,
if ¢ € Q attimen, thenq € Q for all t > n, as required. Paf®) of the claim is similar. O

The monotonicity property can be used directly to show #8has a steady state.
Theorem 4. Protocol H? reaches a strong steady stateritime steps.

Proof. For any nodey, let Li(v, p) = {q | ¢ € Wi(v, p) and src, = v} denote the set of locally injected
queries. ThemR:(v,p) = Wi(v,p) — Li(v,p). SinceL;(v,p) is constant for alk, to prove our claim
of achieving strong steady state insteps, it is sufficient to show that for every nodeand allt > 7,
Wi(v, p) = Wr(v, p); specifically, Wy (v, p) C Wr(v, p) andW.(v, p) C Wi(v, p).

For anyg € Wy(v, p), using par{(2) of Proposition 3q € W, (v, p). Becauseétl, > 0, 7 —ttl, < 7.
Applying part(1) of Proposition 3, we gef € W, (v, p), which impliesW;(v, p) C W, (v, p). Similarly,
WT(va ﬁ) - Wt(va P_) O



Unlike protocol#?, the randomized versio™ only has a weak steady state. CleaHy* does not
have a strong steady state because the random selections do not guarantee a node will consistently choose
remote queries with the same IDs. The fact thét has a weak steady state is a directly corollary of a
theorem in the next section that states both protogttsandH” are “optimal” in the number of remote
queries processed. Singt” and #* processes the same number of remote queriestéhdeaches a
strong steady state intime steps, thef{® must reach a weak steady stateritime steps.

6 Optimality of Protocol #*

We now show that for any settings pfthe two prefer-high-TTL protocol${? and#*, processes as much
remote work as any other protocols using the sansettings, and hence are optimal. Since protd¢&l

is a special case of protocé!™, we only show the optimality of protocd”®. We prove this claim by

first establishing an upper bound on the amount of remote work any protocol can process, and then showing
protocol# ®achieves this upper bound.

For the upper bound, notice that regardless of which protocol we use, the number of remote queries a
nodev can process R, (v, p)|, is limited by two factors: (1) node's processing capacity, and (2) how many
queries are injected by nodes withirhops ofv. At maximum capacity, a node can processl — p,)C
queries per round. We call such a naddurated

When a node is not saturated, it can receive UpAQ = C' - 3,,c p(»,r) Pu queries from nodes within
7 hops. For protocols without steady state, the actual number of queries processed hymageary
between rounds, (e.g., process no queries during one round, but a large amount the next round); however,
the average number of queries processed per round, over time, is bounéigd by

We get our upper bound by combining the two limiting factors and taking the minimum number of
remote queries processed in case 1 and case 2 (along with a special cage<swtien

Proposition 5. For any protocolP, any nodev, and any setting,

> |Ri(v,p)| < C-> min (1 — P > pw)
t t wED(v,min(7,t))
We now show in two steps that protochl®achieves this upper bound. In the first step, we claim that
if a nodewv’s “neighbors” cannot inject enough queries to continuously saturateen nodey will process
every guery injected by these “neighbors.” Stated formally,

Lemma 6. Consider protoco® and any nodey. Suppose for some hop couni , 2 weD(v,h) P <
1 — p,. Then for all nodesv € D(v,h) and all 7 such thatl < i < p,C, the query with triplet ID
(w, 7 — §(w,v),1) € Ry(v,p) for all timet > §(w,v).

Proof. Note by assuming_,,c p(,,n) Pw < 1 — py, N0 queries are dropped due to lack of capacity, i.e., there
are no random choices in deciding which queries to drop. Therefore, this lemma becomes a special case of
the monotonicity property in Proposition 3. The same induction proof holds here. O

In the second step, we claim that if nods “neighbors” are continuously injecting more queries than
can process, then nodeprocesses exactiyl — p,)C queries each round. Formally,

Lemma 7. In protocol H, for any nodev and hop count, if > weD(wh) Pw > 1 — py, then nodev is
saturated after timé, i.e.,|R;(v, p)| = (1 — p,)C forall ¢ > h.



This claim is not immediately obvious because the random selections in pr@tGomlay result in many
duplicate queries arriving at a nodeand reduce the number of remote queries processed. Fortunately, the
prefer-high-TTL mechanism ensures “enough” non-duplicate queries arrivéoasaturate its processing
capacity. We now give the formal proof.

Proof. Defineo, to be the smallest hop count whe¥e, cp(y,s,) Pw > 1 — py. In other words, nodes
that are less thaa, hops away fronv cannot inject enough queries to saturatéMe show our claim by
induction ono,,.

Base Casews, = 1. This case corresponds to the situation where méxienmediate neighbors, denoted
by N(v), are injecting more queries thancan handle, i.e}",c () Pw > 1 — py. Since nodes iV (v)
forward newly injected queries toeach round, node receives at leagtl — p,,)C new queries each round.
Thus nodey must be processing at maximum capacity (v, p)| = (1 — p,)C.

Induction Step:Assuming the claim holds for all nodesvhereo, = h, we show the claim also holds
for all nodesy wheres, = h+1. Supposer, = h+1 for some node. Consider the immediate neighboring
nodesN (v). There are two cases fa¥ (v): (1) for allw € N(v), X ,cpwp) Pu < 1 — puw, i.€.,00 > h;
and (2) there existe € N (v) suchthal’,c p(y py Pu > 1 = pu-

In case 1, note that every node thatis- 1 hops away fromv is & hops away from some node ¥(v).
Becauser,, > h for all w € N(v), we can apply Lemma 6 to see that all queries injected by nodes that
are exactlyh + 1 hops away fromv will be processed by some nodeM(v) after timeh and forwarded to
nodev. Consequently, for all timé > h + 1, all queries fromh + 1 hops away will reachy via nodes in
N (v). These queries are not duplicates of old queries because they traveled along the shortest path. Hence
if > wen(e=h+1)Pw > 1 — py, then nodev receives at leastl — p,)C new queries each round, i.e.,
|Ri(v,p)| = (1 —py)Coorallt > h+1.

In case 2, letv € N(v) be the node wher®,c p(,,.n) Pu > 1 — pw. Intuitively, some of the queries
processed by node are injected by nodes that aket+ 1 hops away fromy. Call this set of queries).
We show thai@)| is sufficiently large when combined with queries injected by nodes withiops ofw,
denoted byP, to saturate. Note thats,, = h because it,, < h, theno, is at mosth.

Applying our induction hypothesis for node we knoww is saturated for all timé > h. Now consider
the set of nodeX = {u|u # v,0(u,v) < h} andY = {u|u # w,dé(u,w) < h}. LetZ = X NY and
U =Y — X. Notice that nodes iV are exactlyh + 1 hops away from and that() is the set of queries
injected by nodes /.

Because at most' - ), ., p, queries did not originate from some nodelih we get|Q| > C -

(1 — pw — Xuez pPu). Using the fact thatZU{w}) C (XU{v}), we knowd",c 7 pu < > uex PutPo—Puw-

Therefore|Q| > € (1 pu — Suez pu) = C (1= py — Syex pu)-
Also becauser, = h + 1, Lemma 6 says node will receive all queries from nodes withil hops

of v. Hence we get that processedP| = C - ), cx pu Queries from nodes withid hops. Com-
bining P and @, the amount of remote work done per rouf¥, (v, p)| is at least|P| + |Q| > C -
(CuexPu+1l—py—>ue Xp,) = (1- py)C, which proves our claim. O

Combining Lemmas 6 and 7 with = 7, we get that if node’s neighbors withinr hops do not inject
enough queries to saturats processing capacity, then nod@rocesses every query injected by them. On
the other hand, if there is more than enough queries, thenmnpdesses at maximum capadity— p,,)C'.
Consequently,

Theorem 8. In protocol #®, for any nodev and any setting,

|Ri(v,p)| = C - min (1 - P, > ,Ou)
(7:t))

u€D(v,min
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Find_Optimal Single p:

1. order the vertex séf = {v;, v, ...,v,} such thal D (v;, 7)| < |D(viy1,7)|.

2. construct the sequence of non-increasing real nunildgrgs, . . . d, } whered; = If)(vl- =t

3. find the smallest such thaty"¥_, [D(v;, 7)| > n.

4. returnd;.

Figure 4: Procedure for finding the optinyalvhen all nodes have the same

By applying Theorem 8, we obtain that, | R:(v, p)| is equal to the upper bound established in Propo-
sition 5. There are two immediate consequences of this observation:

Corollary 9. Protocol#® has a weak steady-state aftetime steps.
Corollary 10. No protocols can achieve more remote work than protG¢BL

Corollary 10 gives us our claim that protochf® is optimal.

Another important consequence of Theorem 8 is that in computing remote work, we do not have to
worry about which queries were duplicates or which path a query traveled on. Therefore, we can treat
all queries as indistinguishable from each other and rewrite our optimization problem into a simple linear
program (LP). Specifically, let, denote the number of remote queries processed by nauéhe steady
state ofH{®. Then maximizing remote work is equivalent to the objective function

max : Z T 1)

The constraints of this linear program are the two terms in the minimum clause of Theorem 8, i.e., nodes
may not exceed their processing capacity (Eg. 2) and may not process more remote work than is injected by
their neighbors (Eq. 3). More formally,

ry, < C(l—py) VVEV (2)
r, < C- Z pw YVEV 3)
weD(v,T)

Because the optimal, solutions from the linear program will be tight (i.e., equality) for either con-
straints 2 or 3, it is identical to taking the minimum of the two constraints. Therefore, the sunvgfdie
precisely the number of remote queries processed in the network per round.

Unfortunately, solving the LP gives us little insight into the problem’s structure. The next section builds
such insights for a special case of the problem where each node has thg settireg, i.e.,p, = p for all
V.

7 ldentical p for All Nodes

The instance of every node having the samis of particular interest because it captures fairness in the
super-node network. In other words, every super-node injects the same number of new queries into the
network. This instance also arises when the software clients have a hard-coded and pre-determined capacity
allocation. Clearly, finding the optimal setting that maximizes the total remote work is dependent on

11
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(a) T=1 (b) T=1 (c) T=2 (d) =1

Figure 5: Four example topologies.

the network topology. In addition to presenting a procedure for selecting the optimal also show that
imposing this “fair” criterion of identicap for all nodes does not significantly reduce the maximum amount
of remote work.

Figure 4 shows our procedure for selectindgro illustrate, consider examplés), (b), and(c) in Figure
5. We first write out D (v;, 7)| for all nodesw; in a non-decreasing sequence, and then add the numbers in
sequence from the beginning until the sum exceeds the number of nodes. When we stopped adding at node
i, the optimalp is the corresponding; = Iﬁ(vli,r)l' In example(a), we get the sequence tﬁ)(vi, T)| as
{3,3,3}. Becauss} is the number nodes in this network, we stop immediately-atl and get the optimal
p= % as expected. Moving to the more complicated examples, we see exdmgénerates the sequence

{2,2,2,2,2,2,7}. After adding the first fouks, we ges8 > 7, thus the optimap = ds = m =1.In

example(c), we get the sequend8, 4,4, 5,5} which yields the optimap = i when3 + 4 > 5.

Before we formally prove the correctness of fiad_Optimal Singlep procedure, we first outline the
general idea behind the proof. Note that given anwe can divide the nodes into two categories: the set
of saturated nodeS and the set of unsaturated nodés Now consider using’ = p + ¢ for somee > 0.

For all nodess € S, v's remote work is reduced by i.e., we lose a total oR~ = ¢|.S|. However, for all
nodesw € U, w’s remote work has increased byD (w, 7)|, or we gainR* = €3, i |D(w,7)|. Thus
intuitively, when R~ = R™, we have found a candidate for the optingal Fortunately, there is only one
such candidate, which o#ind_Optimal Single p procedure finds.

We now prove the correctness of thend_Optimal Singlep procedure. First, note that when using
protocol# ™ with each node having the samgTheorem 8 simplifies to

|Ri(v,p)] = C-min(l—p,p|D(v,7)|) (4)
RWy(p) = €Y min(l—p,plD(v,7)]) (5)
veV

Because protocoH® has a weak steady state by Corollary 9, maximizing the total remote work is
equivalent to maximizing the number of remote queries processed in a single round of the steady state. To
distinguish the notation between this case where all nodes have theodaome the general case, we use
R(v, p) instead ofR; (v, p) and RW (p) instead ofRWW;(p) to signify the special case of identicals. We
dropped the time subscript because we are only interested in the steady state.

The proof proceeds in three steps: (1) we establish a range of values for the gptigale shows can
only be one of: values within this range whereis the number of nodes, and (3) we then find the optimal
p that maximizeRW (p).

For the first step, we ordered the vertides, vy, . . ., v, } such tha{ D (v, 7)| < |D(vit1,7)|. We then
compute a corresponding sequerde, ds, . . ., d, } whered; = m Notice that the sequence @fis
non-increasing. We can make the following observation on chooéing a particular value of

Lemma 11. If p > d; for somei, then for allj > 4, nodev; is saturated.

12



For example, if we knowp > d4, then we can guarantee nodgshroughwv,, are saturated. Intuitively,
node;j has more neighbors than nodé j > i. Therefore, if there is enough work to saturate nodeode
j is also saturated.

Proof. We want to show that if > i, thenp|D(v;,7)| > 1 — p. Sincep > d;, p|D(vj, )| > di| D(vj,7)|
andl — p < 1 — d;. Therefore, it is sufficient to show thatf> 4, thend;|D(v;, 7)| > 1 — d;:

j>t
= |D(vj,7)| > |D(vs, 7)|
D)l 5 g 1
= P = o)

= di|D(?)j,7')| Zl—di
|

Using the above observation, we complete our first step by bounding the optimealveend; andd,,
inclusive.

Lemma 12. The optimalp is betweenl; andd,,, i.e.,dy > p > d,,.

Proof. For anyp > d;, Lemma 11 guarantees that all nodes are saturated. TherBidt&) = nC(1 —p).
Now consider using’ = d;. Lemma 11 still guarantees all nodes are saturated. Filigp’ = dy) =
nC(1 —d;). Sincep > d;, 1 — p <1 —d;. Therefore, RW (d1) > RW (p).

Forp < d,, the converse of Lemma 11 implies no nodes are saturated, Réi¢p) = C->, v p|D(v, 7).
In comparison to choosing’ = d,, whereRW (p/ = d,,) = C - 3, cy dn - |D(v, 7)|, we seeRW (p) <
RW (d,,) because < d,,.

Hence, the optimab is betweeni; andd,,. O

For the second step of our proof, we refine our search of optirbglclaiming the optimap is in fact
d; for some;j. To prove this claim, we show that for any choicepddtrictly betweend; andd;, for some
1, we can “slide”p to one of the two endpoints without reducing the total remote work. More formally,

Lemma 13. If d; > p > d; 1, then eitherRW (d;) > RW (p) or RW (d;+1) > RW (p).

Proof. Notice that we can rewrit&®®WW (p) as two terms: one term that includes saturated nodes and one
term that includes the rest. Using the result from Lemma 11 while knovljng p > d; 1, we see that
nodesv;,; throughwv,, are always saturated and nodgsthroughwv;_; are always not saturated. Because
d; > p, |[RW (v;, p)| is at mostl — p, thus it is safe to treat nodg as a node that is always not saturated.
Dividing the nodes into these two categories, we can reviRi#é(p) as the sum of work from non-saturated
nodes and work from saturated nodes.

RW(p) =C (ZpID(va)I + > ( —p)) :

J<i i<j<n

Now consider the amount of remote work we gain by ugingther than using;, i.e., RW (p) — RW (d;).
Since nodes have the same capa€ltywe take out a factof’ when computing the gain. We see
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RW (p) — RW (d;)

C
= (ZP|D(”J"T)|+ > (1—/))) - (ZdilD(UjaT)H > (l_di))
i<i i<j<n i<i i<j<n
= D (p=d)ID(w;, 7|+ > (di=p)
J<i 1<j<n
= (di—p) (n—i— Z|D(”ja7)|> (6)
i<i

From Eq. (6), using is better thani; when

RW (p) > RW (d;)
& RW(p)— RW(d;) >0

— n—i>Z|D(vj,T)| (7)
J<i

Similarly, we get that using is better than using;, 1 when

RW (p) > RW (di+1)
= TL—’i<Z|D(Uj,T)| (8)
J<i
In order for bothRW (p) > RW (d;) and RW (p) > RW (d;+1) to hold, Eq (7) and (8) must be true

simultaneously, which clearly cannot be the case. Therefore, it is possible to “glid@/ards one of the
endpoints. O

Combining Lemmas 12 and 13, we complete the final step in Theorem 14.

Theore[n 14. In protocol #® with identical p, the optimals = d;,, wherek is the smallest integer such that
i<k [D(iy )| > n.

Proof. We use the insight from the proof of Lemma 13. Suppose we set our ipitiakl;. Eqg. (7) tells
us that usingp = ds is better ifn — 1 > |D(vy,7)|. Similarly, usingp = ds is better yet ifn — 2 >
|D(v1, T)| + |D(ve, 7)|. We can repeat this step of moving to betfgmuntil Eq. (7) no longer holds. At that
point, we have reached the optimal because Eq. (8) tells us thatdisfog; > £ will not improve total
remote work.

The formal proof is by contradiction. Suppoggis the optimalp wherei # k. If i < k, then by Eq.
(7), usingp = d; 1 results in more remote work, which contradidisbeing optimal. If; > k, then by Eq.
(8), usingp = d;_; yields more work, another contradiction. O

There is a special case for Theorem 14 wheép, |D(vi, 7)| = n. In this situation, there are multiple
optimal p for a single round in the steady state. Specifically,

Corollary 15. If 37, |D(v;, 7)| = n for somek, then for allp whered,, > p > dy.1, RW (p) is optimal.

14



1800
1700
1600
1500
1400
1300
1200
1100
1000
900
800 M| L ol L L

0.001 0.01 0.1

Rho value

Optimal rho

Total remote work

Figure 6: Total remote work as a function @for Gnutella craw!.

Example(d) in Figure 5 illustrates this occurrence of multiple optimalThe sequence dfi D (v;, 7)|}4
in this case i§2,2, 3,3}. Notice that|D(vy,7)| + |D(v2,7)| = 2 + 2 = 4 which is the number of nodes.
By Corollary 15, we can conclude for examlé), anyp Whereé <p< % yields the optimal amount of
remote work in a single round of the steady state.

Now that we know how to find the optimal for this special case of idenjdalr each node, a natural
guestion is how much remote work did we sacrifice in restricting to the special case instead of using arbitrary
p? To bound this amount of lost remote work, we use the following the theorem.

Theorem 16. For any connected network = (V, E) where|V| = n > 7+ 1, compute the optimal using
the Find_Optimal Single p procedure. Then in steady stafei;(p) > —5nC.

Proof. Because the graph is connected, for any nede V', the number of nodes within hops is at least
T+ 1,i.e,|D(v,7)| > 7 + 1. Therefored; < 1. From Lemma 12, we seBW (p) > RW (d;) =

1 T

The immediate consequence of Theorem 16 is that even with the restriction of idpisticeddes in the
network are processing af; of the maximum capacity. Hence, the fraction of loss due to the restriction is
at mostﬁrl. A secondary consequence is that regardless of what kind of netWars use, we can always
process remote work g of the capacity. When looking at the proof in more detail, one notice that the
bound on the amount of work lost is dependent on the valdg,dhe smallest neighborhood size for a node
in the topology. In practice where > 5, d; is at mos%. Thus, the total remote work lost is at mast.

To put Theorems 14 and 16 into perspective, we ran a simulation on a 1787-node Gnutella crawl from
Saroiu [13] with different choices g value and TTL of7. We then tallied the total amount of remote
work in the network, normalized by the capacity of the nodes (i.e., each node can contribute attonost
the total remote work). The results are shown in Figure 6. The x-axis shows the chegide loig scale.

The y-axis shows the amount of remote work. As Theorem 14 claimed, there is a single optimal point,
p= 7—15 = 0.0133 for this topology. Also notice that there is a “reasonably large” stretghvaflues where

the total amount of work is close to the optimal. This stretch corresponds to choosing glaahee than

the optimal. As Thereom 16 claims, the amount of remote work lost is not significant for any “reasonable”
guesses of, such ap = = = 0.02.

8 Different p for Each Node

If we have all nodes inject the same number of queries into the network, some nodes will not operate at their
maximum capacities. Thus it is possible to achieve more remote work by allowing nodes to inject different
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amounts of work, i.e., use a differeptfor each node. To illustrate the difference in the amount of remote
work, we reuse the examples in Figure 5.(d), by setting thep for the center of the star tband0 for the
other nodes, we can saturate every node and get a total remote wiitk &f contrast, the identical-case
only yields total remote work of C.. Similarly, we getiC' and2C for examplegc) and(d) respectively by
setting thep of the nodes with the highest degreed tand0 for the other nodes. Using identical we get

TC and2C respectively for exampleig) and(d).

In this general case where nodes can have diffepevilues, there are many possible optimal solu-
tions. In particular, there is one subset of the optimal solutions that correspondsmntiraum fractional
dominating-sefMFDS) of distancer for the network topology grapty = (V, E).

As a quick reminder, the MFDS problem is defined as follows. Given a gkagh(V, F) and a distance
T, for each node € V, assign a weighty, where0 < w, < 1. The weight assignment for all nodes@h
satisfies the dominating set condition if for every nagdéhe sum of the weights from nodes withirhops
of v is at leastl. The goal is to come up with a set of weigHKts, } that satisfies the dominating condition
while minimizing the sum of the weights.

The MFDS problem is well understood. Reducing our problem to the MFDS exposes some underlying
structure in finding the optimab,’s and allows us to leverage many existing techniques for solving it.
Fortunately, there is a simple mapping from an optimal solution of MFDS to our problem. Specifically,

Theorem 17. For any optimal solution{w, } to the minimum fractional dominating set@fwith distance
7, the solutionp wherep, = w, maximizes the total remote work in the netw6rk

Before we prove the above claim, we observe that when all nodes are saturated, maximizing remote
work is equivalent to minimizing new-query injection (i.e., MFDS). Therefore we simply need to show that
there exists an optimgl where all nodes are saturated. Intuitively, for any optighalnere some node is
not saturated, we can “boost, until v is saturated without changing the amount of remote work. We now
give the details.

First, the minimum fractional dominating-set (MFDS) problem for gr&phwith distancer can be
rephrased as a linear program. lugtbe the weight assigned to nodeThen the LP is

min : Zwv 9)

> wy>1 VoeV (10)
wElj(v,T)

From the LP above, notice that when usmg= w, where{w, } is a solution of MFDS, every nodeis
saturated becau$€ ¢ p(, ) Pw = (Zwef)(v,T) wv) —w, > 1—w, = 1— p,. Relying on this observation,
we show{w, } is an optimal solution for our problem in two steps: (1) given an optimal solytiwhere all
nodes are not saturated, we can transfgrimto another optimal solutiop’ such that the amount of remote
work is still the same but all nodes are now saturated; and (2) when nodes are all saturated, minimizing total
weight in MFDS is equivalent to maximizing remote work.

To prove the first step, we observe that if we increaséor a single nodes, then the remote work for
nodesw # v can only increase. Formally,

Lemma 18. Givenpg = {p1, p2,...,pn}, Createp’ = {p},ph,...,pl} wherep, = p; + € for some; and
€ >0, andp; = p; for all j # i. Then|R(vj, p')| > [R(vj, p)| for all v; # v;.
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Proof. From Theorem 8, we geRR(v;,p')| = C - (min(l = P XovpeD(v; 1) p;)) where themin distin-
guishes between whether nodgeis saturated or not. Thus for each nagde# v;, we need to check that our
claim holds for both cases.

Case 1:v; is saturated undes. Since thep values only increased;; is still saturated. Moreover,
pj = pj;. ThereforgR(vj,p)| = C'- (1 — pj) = C - (1 — p}) = |R(vj, p)].

Case 2:v; is not saturated under. Then|R(v;,p)| < C - (1 — p;) = C - (1 — p}) and|R(vj, p)| =
C-Yopen(vyr) Pk < C-Xoen(v; r) Pi- SiNCER(vj, p)| is less than botl'- (1—pf) andC- 32, < p(y; .7) Pi

we get|R(U]" ﬁ)| <C- (mln(l - pg'a Z’UkED(Uj,T) p;c)) = |R(U]" :5,)| O

Note that the claim does not hold for nodebecause ii; is already saturated undgythen increasing
pi Will reduce the remote work at node underp’. Intuitively, using Lemma 18, we can “boost” the
values of non-saturated nodes, one by one, in the optimal solution while maintaining the same number of
total remote queries processed. Specifically,

Lemma 19. For every optimalp = {p1, p2, ..., pn} Where some nodes are not saturated, there exists a
corresponding optimap’ = {p}, ph, ..., p,} such thatRW (p) = RW (p') and all nodes are saturated
usingp’.

Proof. Givenp = {p1, p2, ..., pn}, SUpPOSe node; € V is not saturated, i.eR(v;, p) < 1 — p;. Construct
P =A1p1,- - Pi-1,P% Pit1,- - -, pn} Wherep; = 1 — R(v;, p).
By constructiony, > p; and does not reduce the remote work at neddy Lemma 18, using, does
not reduce the remote work for all nodes # v;. Therefore,RW (5') > RW (p). Because is optimal,
RW (p') < RW(p). Hence,RW (p') = RW (p).
Using p’ results in at least one more saturated node haBy repeating the above step of boosting
one node’s, we can construct an optimal where all nodes are saturated. (Note that multiple boosting steps
cannot be applied simultaneously. One must apply each boost in sequence and identify a new node to boost
each time.) O

Lemma 19 completes our first step for showing that there exists an opiimhbere all the nodes are
saturated. We now show our second step, the proof of Theorem 17, where minimizing total weight in MFDS
is the same as maximizing remote work.

Proof. From Lemma 19, we can assume every nodg saturated, which by Theorem 8 occurs precisely
when the sum of the work injected by nodesﬁr(w, 7) is at leastC'. Scaling down by a factor af’ yields
the constraint for MFDS in Eq. 10.

Since every node in the network is saturated, the total work in the entire network (i.e., the sum of
local and remote work) is equal to the number of node&'jra constant. Thus maximizing remote work
is equivalent to minimizing local work. Since local work3s; p;, we get the same objective function as
MFDS in Eq. 9. Therefore, any optimal solution of the MFDS maximizes the total remote wofk inJ

Although using differentp’s leads to more remote work, note that we are setting 0 for a large
number of nodes, which means these nodes cannot inject any queries. In practice, a node that cannot inject
any queries is not useful. Therefore a combination of using a small fiXedy., using,, from the previous
section) to guarantee some fairness while allocating the remaining capacity through the dominating set is
more practical.
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Distributed pC Estimation
For every2r rounds (say at timé), each node € V does the following:

. | Wy(v, py)| < C (i-e., not enough remote work),

broadcast ainc(l — M) message with TTlr.

1

2

3. If [We(v, py)| > C (i.e., too much remote work),

4. for every nodev such thaB(w, ttl, mid) € Wi(v, py)
5

send aiec(Mg:”“)' — 1) message to node.

Upon receiving arinc(p) or dec(p) message, each node adjustitsby 1 with probability p.

Figure 7: An informal description of a distributed’ estimation heuristic.

9 Open Problems

We now outline two open problems that are practical variations of the maximizing remote work problem we
studied in this paper.

9.1 Distributed Algorithm

In Sections 7 and 8, we described centralized solutions for finding the optifoaleach node that maxi-

mizes the total remote work in the network. Our solutions require knowing the entire network topology in
advance. However in a P2P environment, with nodes constantly joining and leaving, it is impractical for
any node to gather the entire network topology information. Even if we could efficiently gather such infor-
mation, the rapidly changing topology will quickly render a solution based on the current topology obsolete
and sub-optimal. Nevertheless, the results about the centralized solutions are important because they form
the basis of comparison for distributed solutions.

For the instance of using a differeptfor each node, distributed solutions are possible by adapting
fractional dominating set algorithms [5], [9]. However, these algorithms have long running times for our
problem, cannot handle different capacities at each node, and must be re-run each time as the network
topology changes. Here, we propose a simple heuristic for estimating how many new queries each node
should inject (i.e., the value ¢f,C for each node;) in a distributed fashion. Figure 7 outlines the steps
in our distributed approach. Every node only makes local decisions. When a node does not have enough
gueries to saturate its processing capacity, it tells all of its neighbors to inject one more local query per
round. If a node has too much remote work, it tells all the nodes that have sent remote work to it to inject
one less local query per round. We have performed some initial simulations to compare our heuristic against
the optimal solution. The heuristic performs very well when the capdcjtin number of queries, is large
compared to the number of nodes withitmops.

The randomization foinc(p) anddec(p) is necessary to avoid oscillation and to stabilize the system.

It is unclear whether randomization is sufficient. Moreover, the resulting stable setting may not be optimal.
Hence, a better solution is needed. However, note that the proposed heuristic is estimating the number of
new queriepC rather than the fraction of capacityas in the fraction dominating set approach. Thus this
heuristic does not assume all the nodes have the same cafacity

18



9.2 Nodes with Different Capacities

In reality, super-nodes may have different processing capacities. The results from the previous sections no
longer hold because we cannot determine, independent of the network topology, when a node is saturated.
Recall that if nodes have the same capacity, then Lemma 7 guarantees thatieisisd@urated when'’s
neighbors are injecting more queries thésmcapacity. However, when nodes have different capacities, there

is a simple counterexample.

Consider nodes, z, andv connected in a line in that order. Now assign capa2ftyto nodes: andv
and capacityC to z. Since all the work from: must travel through: to reachv, the amount of remote work
atv is limited by the capacity at. Even if nodeu is injecting2C' queries, at most’ of them will reachv
each round, which invalidates Lemma 7 for the case of different capacities. In this particular example, the
extra capacities at nodesandv are irrelevant.

Even for the simple case where only one nadeas more capacity than the rest, the solution is non-
obvious and topology dependent. For example; i§ in an area of the network where nodes are under-
saturated, then it should use its extra capacity to inject more queries. On the other haisdnifan area
where nodes are already saturated, then the extra capacity should only be used to increase the amount of
remote work at node.

Our current approach is an incremental heuristic that combines multiple optimal solutions. The basic
idea is as follows: Suppose nodes have one of two possible capdcitisd C, whereCy < Cy. Then
our heuristic is to find the optimal setting for the entire network assuming all the nodes have capagity
We then create a subgraph of the original network that includes only nodes with capaciipte that the
subgraph may be disconnected. We then compute another optisetting on the subgraph assuming all
the nodes have the capacify — C;. For nodes with capacitg', their corresponding’ value is0. To get
the final solution, we let each node injegtC; + p) (Co — C4) queries.

10 Concluding Remarks

This paper uses a simple model to study remote work in a flooding-based peer-to-peer network. In particular,
we showed

1. For any setting, protocol#™ processes the most remote work.

2. Under protocquR with all nodes using the same if we order the nodegvy,...,v;} where
|D(vi, 7) < [D(vita,7)], then the optimap = L ; Where is the smallest integer such that
VT

E?:l |1A)(vi’7—)| > n.

3. When nodes use differept any optimal solution to the minimum fractional dominating-set of the
network graph is an optimalp solution.

We believe that our results can serve as a benchmark for more complex systems. For example, the
proposed heuristic load management scheme of Section 9.1 can be compared against a syst@m where
is selected using our optimal and centralized solutions. In addition, our solutions can form the basis for
heuristics, as illustrated in Section 9.2.
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