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ABSTRACT
To meet the demandsof new Internet applications, re-
cent work arguesfor giving end-hostsmore control over
routing. To achieve this goal, we propose the use of a
recursive query language, which allows users to de�ne
their own routing protocols. Recursive queries can be
used to expressa large variety of route requestssuch as
the k shortest paths, shortest paths that avoid (or in-
clude) a given set of nodes and least-loadedpaths. We
show that these queries can be e�cien tly implemented
in the network, and in the simple casewhen all usersre-
quest shortest paths, the communication overheadof our
solution is similar to that incurred by a distance vector
protocol. In addition, when only a subsetof nodes issue
the samequery, the communication cost can be further
lowered using automatic query optimization techniques
{ suggestingthat declarative queriesand automatic opti-
mization are important in this domain. Finally, we out-
line the main challengesfaced by our proposal, focusing
on the expressivenessand e�ciency of our proposal.

1. INTRODUCTION
In the current Internet architecture, the routing func-

tionalit y is embedded in the infrastructure with end-
hostshaving little control over the path followed by their
packets. This limits the abilit y of the infrastructure to
evolve and meet the demands of new applications or
provide new services. Several solutions have been pro-
posed to address this problem. These solutions range
from separating routing from the forwarding infrastruc-
ture [8], enabling end-hoststo choosetheir paths at the
AS level [11], or even computing arbitrary routes [3].

We explore an approach in which end-hostsusedeclar-
ative queries to expressrouting protocols. Theseproto-
colsare then executedby the nodesin the routing infras-
tructure. In our examples,we useDatalog, a declarative
query languagetargeted at the kind of recursive queries
over graphs that are appropriate for routing [9].

Our useof a declarative query languageis an attempt
to achieve a sweet spot between expressivenessand se-
curit y. Datalog o�ers more 
exibilit y than most existing
solutions in its abilit y to naturally expressa large variety
of routing protocols,aswe demonstrate in Section5. On
the other hand, it is lessgeneral than running arbitrary
code in Activ e Networks [3], but as a result can be more
safely analyzedand executed(Section 2.2).

We also show that declarative queries need not ham-
per the e�ciency of traditional protocols. For example,
we show that in the simple casewhen all end-hosts is-
suethe sameDatalog query to �nd the shortest paths to
other nodes,the communication cost to executeall these
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queries is roughly equal to the communication cost of
a traditional distance-vector routing protocol. In addi-
tion, our simulation results demonstrate that when only
a subsetof nodes issuethe samequery, the communica-
tion cost can be further lowered using automatic query
optimization techniques.

Finally, weobservethat multiple alternativ ealgorithms
for route discovery havetradeo�s dependingon constraints
in the speci�cation of the routing query, on the pres-
enceor absenceof other queries in the network and on
the network topology. This variabilit y provides strong
motivation for the useof declarative languagesand run-
time query optimization in routing protocols. We discuss
the challengeof generatinge�cien t query plans from the
declarative queriesin such a large distributed system. To
support a large variety of concurrent customized rout-
ing protocols, we show how to exploit similarities across
queriesto shareroute computation. Wealsooutline chal-
lengesand somesuggestedsolutions for route stabilit y.

2. SYSTEM MODEL
Wemodel the routing infrastructure asa directed graph,

in which each link is associated with a set of parameters
(e:g: loss rate, available bandwidth, delay). The nodes
in the routing infrastructure can either be IP routers or
overlay nodes. Consider the example where an end-host
A wishesto establish the best path to another end-host
B basedon a particular metric such as latency or band-
width. A expressesits requirements as a declarative
query in Datalog, and sends this query to one of the
routing infrastructure nodesto which the host is directly
connected. The result of this query can be either the
entire path to B, in which caseA usessourcerouting to
sendits packets to B, or the establishment of forwarding
state at all routers from A to B, in which caseA simply
sendsa packet to the �rst hop, with destination B.

Routing queriescanbeprocessedeither in a centralized
or distributed fashion. Centralized approaches[4] would
require route providers to periodically gather network
information from the infrastructure. Each routing query
would then be sent to one or more of these providers,
which would processthe queriesusing their internal
databasesand return the result to the querier.

An alternativ e that we explore in this paper is to ex-
ecute the query in the infrastructure in a distributed
fashion. This alternativ e ensuresthat the routing in-
frastructure scalesorganically with the number of nodes,
and adheresto the spirit of decentralization in the In-
ternet itself. In this case,each infrastructure node runs
a general-purpose recursive query processingengine in-
stead of a traditional routing protocol. The query pro-
cessingengine generalizesthe operations performed by
typical routing protocols, as we illustrate below.



2.1 Routing Inf ormation
To execute queries, each node maintains local infor-

mation similar to the way a router maintains a routing
table. This local information is directly accessibleby the
query processor.Initially , this local information consists
of the properties associated with the node itself, and of
the links to its neighbors. To keepwith the terminology
in databases,we will refer to local information as base
tuples. Speci�cally , the format of the base tuples is as
follows:

� node(no deID , ...) . A node tuple stores informa-
tion on a node in the network. The nodeID �eld is
typically the routing addressof the node. nodeID
can be a logical address(such as Distributed Hash
Table (DHT) [1] identi�er) or a physical address
(IP Address). Other �elds representing node met-
rics (e.g. load) may also be included.

� link(source , destination, ...) . The routing table
is represented as a set of link tuples, where a l ink
tuple represents an edgefrom source to destination.
Other �elds representing link metrics (e.g. delay,
lossrate, bandwidth) may also be included.

Each tuple is stored at the addressindicated by the
underlined address �eld. During query execution, the
query processorsgenerate intermediate data, called de-
rived tuples. Derived tuples are speci�ed by the query,
and either stored locally or sent to a neighbor of the
computing node for further processing.One example of
a derived tuple we will see in our examples is a path
tuple:

� path(source ,destination, pathV ector, cost) . A
path tuple represents that destination canbereached
from source along the path indicated by pathVector,
wherecost is the aggregateof all link costsalong the
path.

In addition to the baseand derived tuples, a query pro-
cessorgeneratesresult tuples that are part of the query
answer. These tuples are either sent to the querier or
stored in the network as forwarding state. Examples of
result tuples in subsequent examples include nextH op
and shortestP ath.

2.2 Comparisonwith ActiveNetworks
At one extreme, our proposal can be viewed as an in-

stantiation of Activ e Networks: users write programs,
and nodesin the network executetheseprograms. How-
ever, our proposal is more restrictiv e than traditional
Activ e Network proposals. Datalog is a side-e�ect-free
language, limited to polynomial time computations [7].
This restricts the potential for erroneous or malicious
state modi�cation and resourceconsumption. Like any
query language,Datalog is logic-basedand amenableto
a range of static checking. Finally, our proposal is con-
cerned only with processingon the control and not the
data plane.

Despite theserestrictions, we demonstrate in Section5
that Datalog is su�cien tly expressive for a large vari-
ety of routing protocols. At the sametime, while these
constraints make the challengesof achieving e�cien t ex-
ecution and security more tractable, there still remain
challengesto be tackled. We return to these issuesin
Section 4.

3. THE BASICS
We begin our discussionwith the textb ook exampleof

a recursive query: the graph transitiv e closure, which
can be used to compute network reachabilit y. Using
this example, we will intro duce the syntax of Datalog,
show the generation of a query plan from Datalog, and
step through the communication patterns of running the
query plan within a network. Last, we show that the exe-
cution of the query resemblesthe well-known path vector
or distance vector routing protocols.

3.1 DatalogProgram Syntax
Datalog is similar to Prolog, but hews closer to the

spirit of declarative queries,exposingno imperative con-
trol. Each Datalog program consistsof a setof declarative
rules and queries. Following the Prolog-like conventions
used in [9], namesfor tuples, predicates, function sym-
bols and constants begin with a lower-caseletter, while
variables namesbegin with an upper-caseletter. A Dat-
alog rule has the form < head> :- < body> , where the
body is a list of predicatesover constants and variables,
and the head de�nes a set of tuples derived by variable
assignments satisfying the body's predicates. A query
is just a speci�c rule of interest as output. A Datalog
program consistsof a set of rules and a query; typically
the rules referenceeach other in a cyclic fashion to ex-
press recursion. Presented with a program, a Datalog
systemwill �nd all possibleassignments of tuples to un-
bound variables in the query that satisfy the rules in the
program.

Our �rst example, the Network-Reachability program,
takes as input link tuples, and computes the set of all
paths (represented by path tuples). In all our examples,
S, D, C and P abbreviate the source, destination, cost
and pathVector �elds respectively for both the link and
path tuples. As before, the address�elds indicating the
location of the tuples are underlined. We begin our dis-
cussionby looking only at the part of the query written
in bold text, ignoring the rest of the text for a moment.
NR1: path(S ,D ,P,C) :- link(S ,D ,C),
. P = concatPath(link(S ,D,C), nil).
NR2: path(S ,D ,P,C) :- link(S ,Z ,C1 ),
. path(Z ,D ,P2 ,C2 ), C = C1 + C2 ,
. P = concatPath(link(S ,Z,C 1 ),P 2 ).
Query: path(S ,D ,P,C).

The above program works as follows. Rule NR1 pro-
ducesnew one-hoppaths from existing link tuples, stor-
ing them at the sourcenode. Rule NR2 recursively pro-
ducespath tuples of increasing length by matching the
destination �elds of existing links to the source �elds
of previously computed paths; the new path tuples are
stored the sourcenode.

The query doesnot imposea restriction on either source
or destination as both S and D are unbound variables.
Hence, the program computes the ful l transitive closure
containing path tuples betweenall possiblepairs of reach-
able nodes. If the program is only interestedin the paths
for node b, then the query would be path(b,D,P,C), with
the source�eld bound to constant b.

We now focus on the remaining portions of rules NR1
and NR2. The expressionP = concatPath(L, P1) is a
predicate that is satis�ed if P is the path vector pro-
duced by prepending link L to the existing path vector



P1. With theseadditions, rules NR1 and NR2 also com-
pute the total path costs, and the path vectors them-
selves.

3.2 Query Plan Generation

Dup(path)


path(
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link.D=path.S


path.S


link(
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link.D
 Dup(path)
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Figure 1: Query Execution Plan for the Network-
Reachability Pr ogram.

Figure 1 shows a query \plan" for the Datalog pro-
gram. A query plan is a data
o w diagram consisting of
relational operators and arrows indicating the 
o w of tu-
ples. The transformation to this query plan is as follows.
Rule NR1 is a simple renaming of existing link tuples to
path tuples, and this is shown by the rightward arrow
from link(S,D,C) to path(S,D,P,C) .

Rule NR2 requires a relational join operator to match
the destination �elds of link tuples (l ink :D ) with the
source�elds of existing path tuples (path:S). The �elds
used for matching are a result of variable uni�cation of
the common Z variables in rule NR2. The join operator,
represented by the ./ symbol, matcheslink and path tu-
ples from the inputs on the appropriate attributes. The
projection operator, represented by the � symbol, takes
asinput the output of the join and a list of �elds, extracts
and renamesonly the listed �elds to form its output tu-
ples. The Dup operator removes duplicate tuples from
its input stream. Note that unlike many textb ook query
plans, the data
o w here forms a cycle, which captures
the recursive useof the path rule de�nition in the query.

The clouds in the �gure are required only when the
query plan is executed in a distributed fashion. They
represent the forwarding of tuples from one node to an-
other, and are labeled with the destination node. The
�rst cloud (l ink :D ) ships link tuples to the nodes indi-
cated by their destination address�elds, in order to join
with matching path tuples stored by their sourceaddress
�elds. The secondcloud (path:S) ships new path tuples
computed from the join back to their source nodes for
further processing.

3.3 Query Plan Execution
When the query plan is executed,the 
o w of tuples in

the network enablesnodes to exchange the routing in-
formation necessaryto compute the queried routes. Fig-
ure 2 shows the resulting communication pattern for ex-
ecuting the query plan in Figure 1 on all nodes in the
network. Our example is basedon a directed graph, al-
though this discussionappliesto both directed and undi-
rected graphs.

We will describe the communication in stages,where
each stage or iteration represents a \round of commu-
nication", in which all nodes exchange tuples from the
previous iteration. Each iteration represents the traver-
sal of a \cloud" in Figure 1. The �rst iteration derives
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Figure 2: No des in the network ar e running the query
plan in Figur e 1. p(S ,D,P,C) abbreviates path(S ,D,P,C) and
l(S ,D,C) abbreviates link(S ,D,C). Link costs in our example
ar e set to 1, and hence path cost is equal to the numb er of
hops. l'(S,D ,C) refers to link tuples that ar e shipp ed and
cached at the destination nodes. Only new path tuples gener-
ated at each iter ation ar e shown.

single-hoppath tuples from the �rst rule of the program.
It does this by traversing the l ink :D cloud, which ships
link tuples to the addressin their destination �eld, where
they are cached for the duration of the query. Because
the query has no recursion on the l ink table, all sub-
sequent iterations involves the other cloud (path:S). In
the 2nd iteration, the shipped link tuples are joined with
existing one-hoppath tuples to producetwo-hoppath tu-
ples. Thesetuples are then sent back to the sourcenodes
(the path:S cloud) and three-hop path tuples are com-
puted. The query is completed after k iterations, where
k is the diameter of the network.

3.4 Path Vector or DistanceVector Protocol
The computation of the above query resembles the

computation of the routing table in a path vector or dis-
tance vector protocol. The computation starts with the
sourcecomputing its initial reachable set (which consists
of all neighbors of the source) and shipping it to all its
neighbors. In turn, each neighbor updates the reachable
set with its own neighborhood set, and then forwards the
resulting reachable set to its own neighbors. The dis-
tance vector computation can be expressedwith minor
modi�cations to our previous program (modi�cations in
bold ):
D V1: path(S ,D,D ,C) :- link(S ,D,C).
D V2: path(S ,D,Z ,C) :- link(S ,Z,C 2 ),
. path(Z ,D,W ,C1 ), C = C1 + C2 .
D V3: shortestLength(S ,D, min< C > ) :- path(S ,D,Z,C)
D V4: nextHop(S ,D,Z,C) :- path(S ,D,Z,C),
. shortestLength(S ,D,C)
Query: nextHop(S ,D,Z,C).

Aggregateconstructs are represented asfunctions with
arguments within angle brackets (<> ). DV1 and DV2
are modi�ed from the original rules NR1 and NR2 to
ensurethat the path tuple maintains only the next hop
on the path, rather than the entire path vector itself.
DV3 and DV4 are added to set up the routing state
nextHop(S,D,Z,C) stored at node S, where Z is the next



hop on the shortest path to node D. The above query can
still be further optimized (Section 6). The main di�er-
encebetween this query and the actual distance vector
computation is that rather than sendingindividual path
tuples betweenneighbors, the traditional distancevector
method batches together a vector of costs for all neigh-
bors.

4. CHALLENGES
Based on the Network-Reachability example, we have

identi�ed several challengesthat we needto addressbe-
fore our proposal becomesfeasible:
Expressiv eness: How expressiveand 
exible is the Dat-
aloglanguagein expressingvariousrouting policies? What
are the limitations of this language?
E�ciency: Can Datalog queriesbe executede�cien tly
in a distributed system? It appears that the answer to
this questionhingeson two sub-questions.Can plan gen-
eration techniques be adapted or developed to enable
Datalog queries to perform well in a large network sys-
tem? And, given that there will be many queriesissued
concurrently , how can we reusethe work done by previ-
ous or concurrent queriesto reduceredundant work?
Stabilit y and Robustness: Given that the network is
dynamic and the resulting routes can be usedfor a long
time, how can we e�cien tly maintain the robustnessand
accuracyof routes?
Securit y: Is Datalog an acceptably safelanguageto ex-
posein the network infrastructure? Compared to Activ e
Networks, our proposal trades expressivity for better se-
curit y opportunities. Finding the right balancebetween
expressivenessand security is an open problem.

In the rest of the paper, we addressthe �rst two chal-
lenges, focusing on the expressivenessand e�ciency of
our proposal. We also outline solutions and open issues
related to stabilit y and robustness.

5. EXPRESSIVENESS
In its purest form, Datalog has the abilit y to express

most polynomial-time computations [7]. Most implemen-
tations of Datalog enhanceit with a limited set of func-
tion calls, including boolean predicates,arithmetic com-
putations and simple string manipulation (e.g. the
concatPath function). To illustrate the 
exibilit y of Dat-
alog, we provide several examplesof useful routing pro-
tocols. To demonstrate the easeof use, we present the
examplesincrementally , starting from the baserulesNR1
and NR2 from Network-Reachability examplein Section3,
and adding simple modi�cations to create new routing
protocols.

5.1 Best­Path Routing
By adding two rules BPR1 and BPR2, the following

Best-Path program computesthe best path for the path
metric C:
#include(NR1,NR2)
BPR1: bestPathCost(S ,D,A GG< C> ) :- path(S ,D,P,C).
BPR2: bestPath(S ,D,P,C) :- bestPathCost(S ,D,C),
. path(S ,D,P,C).
Query: bestPath(S ,D,P,C).

# incl ude is a macro used to include earlier rules. We
have left the aggregation function (AGG) unspeci�ed.
By changing AGG and the way that the path cost C

is computed, the Best-Path program can generate best
paths based on any metric, such as average link cost,
least total aggregatenode load, averagelink bandwidth,
etc. For example, if the query is usedfor computing the
shortest paths, min is the appropriate replacement for
AGG in rule BPR1. The resulting bestPath tuples are
stored at the source nodes, and are used by end-hosts
to perform sourcerouting. The two added rules BPR1
and BPR2 do not result in extra messagesbeing sent
beyond those generatedby rules NR1 and NR2. This is
becausepath tuples computedby rules NR1 and NR2 are
stored at the sourcenodes, and bestPathCost and best-
Path tuples are generatedlocally at thosenodes. Instead
of computing the best path between any two nodes, we
can also compute any path or the Best-k paths between
any two nodes.

5.2 Policy­BasedRouting
Each individual node can customizeits own local rules

that represent policy decisions within its own routing
domain. For example,certain nodesmay refuseto carry
tra�c for someother nodes. We can expressthis kind of
policy constraint by adding an additional rule:
#include(NR1, NR2)
PBR1: permitP ath(S ,D,P,C) :- path(S ,D,P,C),
. excludeNo de(S ,W), : inP ath(P ,W).
Query: permitP ath(S ,D,P,C).

In this program, excludeNode(S,W) is a tuple that rep-
resents the fact that node S doesnot carry any tra�c for
node W. The program includesa function inP ath(P; W )
that returns true if node W is along the path vector P. If
BPR1 and BPR2 are included as rules, we can generate
Best-Path that meets the above policy.

5.3 Dynamic SourceRouting
All of our previousexamplesusewhat is called right re-

cursion, sincethe recursive useof path in the rule (NR2,
DV2) appears to the right of the matching l ink . The
query semantics do not change if we 
ip the order of
path and l ink in the body of theserules, but the execu-
tion strategy doeschange. In fact, using left recursion as
follows, we achieve the Dynamic SourceRouting (DSR)
protocol [6]:
#include(NR1)
DSR1: path(S ,D,P,C) :- path(S ,Z,P 1 ,C 1 ), link(Z ,D,C 2 ),
. P = concatPath(P 1 , link(Z ,D,C 2 )),
. C = C1 + C2 .
Query: path(N ,M,P ,C).

5.4 Disjoint PathsRouting
One limitation of Datalog is the inabilit y to express

the Best-k-Disjoint paths between two speci�ed nodes.
This problem is known to be NP-complete. A heuris-
tic approach greedily generatesone disjoint path at a
time, keepingtrack of previously discoverednodesN from
source S as avoidNodes(S,N) tuples. To illustrate, the
following program computes k (hopefully good) node-
disjoint paths from node a to node b:
#include(BPR1, BPR2)
DPR3: path(S ,D,P,C) :- link(S ,D,C),
. P=concatP ath((link(S ,D,C), nil),
. : avoidNo des(S ,D).
DPR4: path(S ,D,P,C) :- link(S ,Z,C 1 ), path(Z ,D,P 2 , C2 ),



. P=concatP ath(link(S ,Z,C 1 ), P2 ),

. C=C 1+C 2 , : avoidNo des(S ,Z).
DPR5: avoidNo des(S ,N) :- no de(N), b estP ath(S ,D,P ,C),
. inP ath(P ,N), N 6= S, N 6= D.
Query: bestPath(a ,b,P,C)

Each invocation of the program producesa bestPath
tuple. The nodesalong the pathVector �eld for the newly
produced bestPath tuple are added as avoidNodes de-
rived tuples, and the program is executedup to k times
to get k disjoint paths.

6. EFFICIENCY
In this section, we addressthe challengeof generating

e�cien t query plans from the declarative queries. We
utilize three well-known query optimization techniques
usedin centralized deductive databasesystems,and dis-
cusshow useful they will be in generatinge�cien t query
plans in our distributed environment. They are aggre-
gate selections, magic sets rewriting and left-right recur-
sion rewriting. In addition, we addresspreviously unex-
plored challengesintro duced by our environment, which
requires work-sharing among a diverseset of queries in
order for the routing infrastructure to scale.

6.1 Pruning UnnecessaryPaths
A naive execution of queries with aggregatessuch as

Shortest-Path and Least-Loaded-Path requires the enu-
meration of all possiblepaths. This can be avoided with
aggregate selections [10]. To illustrate, in Figure 2, there
are two di�eren t paths from node b to node f, but only
the shorter of the two is required when computing short-
estpaths. By maintaining a \min-so-far" aggregatevalue
for the current shortest path cost from node b, we can
avoid sending path tuples to neighbors if we know they
cannot result in the shortest path. Such pruning based
on running aggregatesonly works for monotonic func-
tions like min or max. Aggregate selections result in
signi�cant savings for densenetworks, where there can
be many paths betweenany two nodes.

6.2 Limited Sourcesand Destinations
The Network-Reachability examplein Section3 requires

all nodesto participate in the query plan. This is overkill
when only a subset of nodes want to know their reach-
able set. A program rewrite technique called magic sets
rewriting [2] can be used to limit query computation to
only a portion of the graph, basedon the nodes issuing
the query. For example, if nodes b and e are the only
nodesissuing the path query, the rewritten exampleis as
follows:
MRR1: magicSources(D ) :- magicSources(S ), link(S ,D,C).
MRR2: path(S ,D,P,C) :- magicSources(S ) , link(S ,D,C),
. P = concatPath(link(S ,D,C), nil).
MRR3: path(S ,D,P,C) :- magicSources(S ) , link(S ,Z,C 1 ),
. path(Z ,Y,P 2 ,C2 ), C = C1 + C2 ,
. P = concatPath(link(S ,Z,C 1 ),P 2 ).
MRR4: magicSources(b ).
MRR5: magicSources(e ).
Query: path(N ,M,P ,C).

As before,modi�cations indicated in bold are madeto
rules NR1 and NR2. After the rewrite, only nodesreach-
able from b and e needto participate in this query. The
program can be further optimized by combining common

sub-rules in MRR1, MRR2 and MRR3. Magic sets can
alsobe usedto limit computations by destinations, or by
both sourceand destination nodesconcurrently .

6.3 Left­Right RecursionRewrite
In Figure 2, supposenode b is the only sourcenode.

Even with the useof magic sets, the paths for nodesg, f
and d are computedbeforesourcenode b can compute its
paths. We can avoid this extra computation by rewriting
the program using left recursion:
#include(MRR2, MRR4, MRR5)
MLR1: path(S ,D,P,C) :- magicSources(S), path(S ,Z,P 1 ,C 1 ),
. link(Z ,D,C 2 ), C = C1 + C2 .
. P = concatPath(P 1 , link(Z ,D,C 2 )).
Query: path(N ,M,P ,C).

As pointed out in Section 5, executing the program in
a left-linear fashion bears closeresemblance to dynamic
source routing. This approach reducescommunication
overhead by computing only the required paths for the
source nodes b and e. Each node computes new path
tuples by recursively following the links along all reach-
able paths, and does not depend on paths generatedby
neighboring nodes. Hence,the main drawback of this ap-
proach is that sourcenodesdo not sharethe paths com-
puted among themselves even when the paths overlap.
This leads to redundant work as the number of source
nodes increases.

6.4 Multi­Query Sharing
A key requirement for scalability is the abilit y to share

route computation among a potentially large number of
queries. If all nodes are running the same query, us-
ing right-recursion ensuresthat each node directly uti-
lizes path information sent by neighboring nodes,hence
achieving 100%sharing.

On the other hand, if a small subset of nodes are is-
suing the samequery, using left-recursion achieveslower
messageoverhead as we will seein Section 8. To facil-
itate sharing among nodes issuing the samequery, pre-
viously computed tuples are reused whenever possible.
For example,revisiting the examplenetwork in Figure 2,
if node d's computed path tuples are materialized (com-
puted and stored) and stored in the network, they can
be reusedby both nodes b and e, and henceavoid mul-
tiple traversalsof the path d ! f ! g. Further sharing
is achieved if the resulting path tuples are sent back via
the reverse path back to the source node to be reused
by other queries. For example, when node a computes
its shortest path to node g, the nodes on the reverse
path (nodes b, d, f and g) can cache information on the
shortest path (and sub-paths) to node g, to be reusedby
subsequent queries.

7. STABILITY AND ROBUSTNESS
In practice, we expect the computed routes to be used

for a long time. Theseroutes may be invalidated as the
underlying network changes.Somebasicmechanismsare
available to handle this issue e�ectiv ely; we sketch an
approach here.

Each base tuple should be maintained as soft-state
with an associated timeout. A smaller timeout ensures
fresher routes at the expenseof more messagingover-
head. The basetuples are periodically renewed with new



values, or deleted when expired. Derived tuples com-
puted using base tuples should be timestamped based
on the oldest basetuple usedin the computation, sothat
they expire when any of their components expire.

To ensurethat new tuples trigger only incremental re-
computations, we need not discard the state of a query
after a route is established. Instead, the intermediate
state of each query can be retained in the network un-
til the query is no longer required. This intermediate
state includes any shipped tuples used in join computa-
tion, and any intermediate derived tuples. This state is
deleted at the end of the query, or whenever the base
tuples expire, whichever is earlier. With a bit of sub-
tlet y in the query processingalgorithms, the insertion of
a new base tuple should only trigger a minimal incre-
mental computation to update the current state of query
execution.

8. PRELIMIN ARY EVALUATION
We present a preliminary evaluation via simulation.

The simulation computesnew tuples basedon the query
workload, and identi�es those tuples that need to be
shipped at each iteration during query execution. The
input network is a connected undirected graph of size
1000, with 3000 random links. The input query is the
shortest path query with aggregateselectionsand magic
setsrewrite. Our experiments vary the number of nodes
issuing the queries, and count the number of messages
(tuples) incurred during the execution of the queries.
In all our experiments, the baselineusesright recursion
to execute the query and is labeled as Right-Full in all
graphs. Right-Full computes all-pairs shortest paths re-
gardlessof the number of nodes issuing the query, and
resembles the computation of the routing table in a path
vector or distance vector protocol.

 0

 500

 1000

 1500

 2000

 2500

 3000

 0  100 200 300 400 500 600 700 800 900 1000

M
es

sa
ge

 O
ve

rh
ea

d 
P

er
 N

od
e

Number of Source Nodes

Right-Full
Left-AllResults
Left-NoResults

Figure 3: Message Over-
heads Per No de

 0
 200
 400
 600
 800

 1000
 1200
 1400
 1600
 1800
 2000

 0  100 200 300 400 500 600 700 800 900 1000

M
es

sa
ge

 O
ve

rh
ea

d 
P

er
 N

od
e

Number of Source/Destination Pairs

Right-Full
Left-NoShare

Left-Share (1% Dst)
Left-Share (15% Dst)
Left-Share (50% Dst)

Figure 4: Message Over-
heads Per No de with Sharing

In Figure 3, the Right-Full baselineincurs a per-node
messageoverheadof 1800messages.Left-AllResultsand
Left-NoResults show the per-node messageoverhead of
using left recursionin query execution,whereeach source
query node computes its own shortest-paths indepen-
dently of other nodes. Left-AllResults includes the cost
of returning all computed shortest-path results, while
Left-NoResults does not include the cost of returning
any results; The pair is used to provide an upper and
lower bound respectively when the number of destina-
tions speci�ed in the query variesfrom 0 to 1000. Our ex-
perimental result shows that when there are few sources
and destination nodes involved in the queries, the mes-
sageoverhead can be much lower compared than com-
puting all-pairs shortest paths. However, as the number

of sourcenodesincreases,the messageoverheadincreases
linearly, even exceedingRight-Full at 600and 900source
nodesrespectively due to the lack of sharing.

In Figure 4, we examine the e�ects of work-sharing
to reduceredundant computation when using left recur-
sion. Here, we limit each query to a source and desti-
nation pair. Left-NoShare and Left-Share show the mes-
sageoverhead of left recursion without and with shar-
ing. Sharing occurs when query results are cached on
the reverse path as described in Section 6.4 for use by
subsequent queries. When the percentage of destination
nodes involved in the queriesis low (1% Dst), the cache
hit rate is high. As the percentage of destination nodes
increases(50% Dst), the cache hit rate is lowered, and
hencelesssharing is achieved.

9. CONCLUSION
In this paper, we arguethat recursive queriesare 
exi-

ble enoughto expressa large variety of routing protocols
easily. We also argue that they allow for e�cien t execu-
tion, are amenableto automatic optimization, and they
o�er an attractiv e mixture of expressivenessand safety.
Many research questionsare open, including a study of
various query executionstrategies,automatic query opti-
mization, automatic sharing acrossqueries,techniquesto
tolerate 
ux in the topology, and of static analysis tech-
niques to ensurethat queriescan be executedsafely. To
ground our investigation, we have added recursive query
features to the PIER [5] DHT-based query engine, and
are using it to build a customizable routing infrastruc-
ture.
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