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Abstract

We investigate the problem of active learning on a given teese nodes are assigned binary
labels in an adversarial way. Inspired by recent results bijl@y and Bilmes, we characterize
(up to constant factors) the optimal placement of querig® soinimize the mistakes made on the
non-queried nodes. Our query selection algorithm is ext¢igeificient, and the optimal number of
mistakes on the non-queried nodes is achieved by a simplefiicieént mincut classifier. Through
a simple modification of the query selection algorithm weoahow optimality (up to constant
factors) with respect to the trade-off between number ofiggeand number of mistakes on non-
gueried nodes. By using spanning trees, our algorithms e&fficiently applied to general graphs,
although the problem of finding optimal and efficient actiearhing algorithms for general graphs
remains open. Towards this end, we provide a lower bound emtimber of mistakes made
on arbitrary graphs by any active learning algorithm usingueber of queries which is up to a
constant fraction of the graph size.

1 Introduction

The abundance of networked data in various application dwfaveb, social networks, bioinformatics, etc.)

motivates the development of scalable and accurate grapbdiprediction algorithms. An important topic in

this area is the graph binary classification problem: Givgnawh with unknown binary labels on its nodes,
the learner receives the labels on a subset of the nodegdihang set) and must predict the labels on the
remaining vertices. This is typically done by relying on snotion of label regularity depending on the

graph topology, such as that nearby nodes are likely to belddbsimilarly. Standard approaches to this
problem predict with the assignment of labels minimizing ihduced cutsize (e.g., [4, 5]), or by binarizing

the assignment that minimizes certain real-valued extessof the cutsize function (e.g., [10, 2, 3] and
references therein).

In the active learning version of this problem the learnedl@wved to choose the subset of training nodes.
Similarly to standard feature-based learning, one expaatise methods to provide a significant boost of
predictive ability compared to a noninformed (e.g., ranfildnaw of the training set. The following simple
example provides some intuition of why this could happenmithe labels are chosen by an adversary, which
is the setting considered in this paper. Consider a “bintay system” of two star-shaped graphs whose
centers are connected by a bridge, where one star is a cofrsigtion bigger than the other. The adversary
draws two random binary labels and assigns the first labdl tmdes of the first star graph, and the second
label to all nodes of the second star graph. Assume thatdhertg set size is two. If we choose the centers
of the two stars and predict with a mincut stratégye are guaranteed to make zero mistakes on all unseen
vertices. On the other hand, if we query two nodes at randbem Wwith constant probability both of them
will belong to the bigger star, and all the unseen labels efgmaller star will be mistaken. This simple
example shows that the gap between the performance of passivactive learning on graphs can be made
arbitrarily big.

In general, one would like to devise a strategy for placingrain budget of queries on the vertices of a
given graph. This should be done so as to minimize the nunflrarstakes made on the non-queried nodes
by some reasonable classifier like mincut. This questiorbeas investigated from a theoretical viewpoint

1A mincut strategy considers all labelings consistent with the labels ofsep/éar, and chooses among them one
that minimizes the resulting cutsize over the whole graph.



by Guillory and Bilmes [6], and by Afshani et al. [1]. Our woikrelated to an elegant result from [6] which
bounds the number of mistakes made by the mincut classifitteoworst-case assignment of labels in terms
of ®/W(L). Here® is the cutsize induced by the unknown labeling, dnd.) is a function of the query (or
training) setl, which depends on the structural properties of the (unéaejraph. For instance, in the above
example of the binary system, the valueldfZ) when the query set includes just the two centersis This
implies that for the binary system graph, Guillory and Bighieound on the mincut strategy s mistakes

in the worst case (note that in the above exaniplg 1). SinceW (L) can be efficiently computed on any
given graph and query sét, the learner’s task might be reduced to finding a queryls#tat maximizes
U(L) given a certain query budget (size Bf. Unfortunately, no feasible general algorithm for sofythis
maximization problem is known, and so one must resort toisgtimethods —see [6].

In this work we investigate the active learning problem oapdps in the important special case of trees.
We exhibit a simple iterative algorithm which, combinediwé mincut classifier, is optimal (up to constant
factors) on any given labeled tree. This holds even if therilgm is not given information on the actual
cutsize®. Our method is extremely efficient, requirid®(n In Q) time for placing@ queries in am-node
tree, and space linearin As a byproduct of our analysis, we show tlatan be efficiently maximized over
trees to within constant factors. Hence the bourid;, /¥ (L) can be achieved efficiently.

Another interesting question is what kind of trade-off beémw queries and mistakes can be achieved if
the learner is not constrained by a given query budget. We it a simple modification of our selection
algorithm is able to trade-off queries and mistakes in aimogdtway up to constant factors.

Finally, we prove a general lower bound for predicting theela of any given graph (not necessarily a
tree) when the query set is up to a constant fraction of thebeurof vertices. Our lower bound establishes
that the number of mistakes must then be at least a consgatipfn of the cutsize weighted by the effective
resistances. This lower bound apparently yields a corttiadi to the results of Afshani et al. [1], who
constructs the query set adaptively. This apparent caotian is also obtained via a simple counterexample
that we detail in Section 5.

2 Preliminaries and basic notation

A labeled tree(T, y) is a treeT = (V, E) whose noded” = {1,...,n} are assigned binary labels =
(y1,-..,9n) € {—1,4+1}". We measure the label regularity @F, y) by thecutsized,(y) induced byy on
T,i.e,®r(y) = |{(i,j) € E : y; # y;}|. We consider the followingctivelearning protocol: given a tree
T with unknown labelingy, the learner obtains all labels irqaery set, C V, and is then required to predict
the labels of the remaining nod&s\ L. Active learning algorithms work in two-phasesselectionphase,
where a query set of given size is constructed, apakeictionphase, where the algorithm receives the labels
of the query set and predicts the labels of the remainingsiddete that the only labels ever observed by the
algorithm are those in the query set. In particular, no et revealed during the prediction phase.

We measure the ability of the algorithm by the number of migah mistakes made oW \ L, where
it is reasonable to expect this number to depend on both thewuk cutsized(y) and the numbefL| of
requested labels. A slightly different prediction meassmonsidered in Section 4.3.

Given atrel’and a query st C V,anode € V'\ L is afork node generated byL if and only if there
exist three distinct nodes, i, i3 € L that are connected tothrough edge disjoint paths. LEORK(L) be
the set of all fork nodes generated by ThenZ* is the query set obtained by addingiall the generated
fork nodes, i.e.LT £ L UFORK(L). We say that. C V is O-forked iff L+ = L. Note thatZ* is O-forked.
Thatis,FORK(LT) = forall L C V.

Given a node subset C V, we useT \ S to denote the forest obtained by removing from the ffee
all nodes inS and all edges incident to them. Moreover, given a secondfifeere denote byl" \ 7" the
forestT \ V', whereV” is the set of nodes df’. Given a query set. C V, ahinge-treeis any connected
component of’ \ L™. We callconnection nodeof a hinge-tree a node df adjacent to any node of the
hinge tree. We distinguish between 1-hinge and 2-hings tréé-hinge-treehas one connection node only,
whereas 2-hinge-treehas two (note that a hinge tree cannot have more than two cbon@odes because
LT is zero-forked, see Figure 1).

3 The active learning algorithm

We now describe the two phases of our active learning alyaritFor the sake of exposition, we calkL
the selection phase amiRED the prediction phaseskL returns a O-forked query sétly, C V of desired
size. PREDtakes in input the query sétl;, and the set of labelg; for all i € LJ;,. ThenPREDreturns a
prediction for the labels of all remaining nodgs\ Ld,.

In order to see the wageL operates, we formally introduce the functidri. This is the reciprocal of the
W function introduced in [6] and mentioned in Section 1.



1-Hinge-tree

Figure 1: Atreel’ = (V, E') whose nodes are shaded (the queryl9air white (the sel” \ L ). The shaded
nodes are also the connection nodes of the depicted hingge(met all hinge trees are contoured). The fork
nodes generated by are denoted by double circles. The thick black edges corthectodes in..

Definition 1 Given atreel’ = (V, F) and a set of nodet C V,

!/
U*(L) £ max — .|V | - .
02V’ C\L |{(i,j) € E:ie V', jeV\V'}

In words, ¥* (L) measures the largest set of nodes nat ithat share the least number of edges with nodes
in L. From the adversary’s viewpoin¥*(L) can be described as the largest return in mistakes per unit of
cutsize invested. We now move on to the description of theralgnsSEL andPRED.

Theselection algoritm SeL greedily computes a query set that minimizesto within constant factors.
To this end,SEL exploits Lemma 10 (a) (see Section 4.2) stating that, forfexeg query set’, the subset

V' C V maximizing V'] is always included in a connected componenf'of L. Thus
[{(h)eBiev jeviviy

SEL places its queries in order to end up with a querylsgt such that the largest componentof, Lz, is
as small as possible.

SEL operates as follows. Let; C L be the set including the firstnodes chosen bgeL, T, it . be the
largest connected componentlof L, _,, ando (7, i) be the size (number of nodes) of the largest component
of the forestI” \ {i}, whereT" is any tree. At each step= 1,2,..., SeL simply picks the node, € T} ..
that minimizeso (7}, ,.,i) overi and setsl; = L;—1 U {i}. Durlng this iterative constructiorseL also
maintains a set containing all fork nodes generated in etaghts adding nodes to the setd; 1.2 After
the desired number of queries is reached (also countinguerees that would be caused by the stored fork
nodes),sEL has terminated the construction of the query bgt.. The final query sef.d;,, obtained by
adding all stored fork nodes s, is then returned.

The Prediction Algorithm PRED receives in input the labeled nodes of the O-forked query.ggtand
computes a mincut assignment. Since each compondnt dfd;, is either a 1-hinge-tree or a 2-hinge-tree,
PREDIs simple to describe and is also very efficient. The algorigiredicts all the nodes of hinge-trge
using the same labgl-. This label is chosen according to the following two cases:

1. If 7 is a 1-hinge-tree, thefr is set to the label of its unique connection node;

2. If T is a 2-hinge-tree and the labels of its two connection nodegqual, thery is set to the label
of its connection nodes, otherwige is set as the label of the closer connection node (ties atebro
arbitrarily).

In Section 6 we show th&eL requires overalO(|V]log Q) time andO(]V'|) memory space for selectirg
query nodes. Also, we will see that the total running timestekyPREDfor predicting all nodes iV \ L is
linearin|V|.

4 Analysis

For a given tred’, we denote byn 4 (L, y) the number of prediction mistakes that algoritdnmakes on the
labeled tre€ T, y) when given the query sét. Introduce the function

ma(L,K) = A ma(L,y)

2In Section 6 we will see that during each step.; — L, at most a single new fork node may be generated.
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Figure 2: TheseL algorithm at work. The upper pane shows the initial ffee: 7'}, (in the box tagged with
“1"), and the subsequent subtregd, , 73, T4, andT?>, .. The left pane also shows the nodes selected
by seL in chronological order. The four lower panes show the cotetecomponents df’ \ L; resulting
from this selection. Observe that at the end of rounslE3, detects the generation of fork nodte This node
gets stored, and is added g, at the end of the selection process.

denoting the number of prediction mistakes madedbwith query setl on all labeled trees with cutsize
bounded byK. We will also find it useful to deal with the “lower bound” futien LB (L, K). This is the
maximum expected number of mistakes that any predictioorigfign A can be forced to make on the labeled
tree(T,y) when the query set i& and the cutsize is not larger th&n

We show that the number of mistakes maderiRgD on any labeled tree when using the query 5&t,
satisfies

mpreo( Lz, K) < 10LB(L, K)

for all query setd. C V' of size up to§|L§EL|. Though neitheseL nor PREDdO know the actual cutsize of
the labeled tre€T’, y), the combined use of these procedures is competitive dgaigslgorithm that knows
the cutsize budgek” beforehand.

While this result implies the optimality (up to constant fas) of our algorithm, it does not relate the
mistake bound to the cutsize, which is a clearly interpietabeasure of the label regularity. In order to
address this issue, we show that our algorithm also sattbiesound

mPRED(Lg_EU y) <4 W*(L) Or(y)

for all query setd. C V of size up to§|L§“EL . The proof of these results needs a number of preliminary
lemmas.

Lemma 2 For any treeT’ = (V, E) it holds thatmi‘r/m(T, v) < 3|V
ve

Proof: Leti € argmin, .y 0(T,v). For the sake of contradiction, assume there exists a coemp@i =
(Vi, E;) of T'\ {i} such that|V;| > |V]/2. Lets be the sum of the sizes all other components. Since



[Vi| + s = |V] — 1, we know thats < |V/|/2 — 1. Now letj be the node adjacent towhich belongs to

V; andT; = (V;, E;) be the largest component @f\ {j}. There are only two cases to consider: either
V; C V;orV; nV; = 0. Inthe first case|V;| < |Vi|. In the second casé}; C {i} U (T \ V;), which
implies|V;| < 1+ s < [V|/2 < |Vi|. In both cases; ¢ argmin, ¢ o(T,v), which provides the desired
contradiction. ]

Lemma 3 For all subsets.. C V' of the nodes of a tre€ = (V, E)) we havelL*| < 2|L|.

Proof: Pick an arbitrary node df’ and perform a depth-first visit of all nodesTh This visit induces an
ordering7;, 75, . . . of the connected componentsiin, L based on the order of the nodes visited first in each
component. Now leT{, 7, ... be such that eacf; is a component of; extended to include all nodes of
L adjacent to nodes i;. Then the ordering implies that, for> 2, 7, shares exactly one node (which must
be a leaf) with all previously visited trees. Since in anyettiee number of nodes of degree larger than two
must be strictly smaller than the number of leaves, we fe@ek(7;)| < |A;| where, with slight abuse of
notation, we denote byoRK(7;’) the set of all fork nodes in subtrég. Also, we letA; be the set of leaves
of 7. This implies that, fos = 1,2, ..., each fork node iIFORK(7;") can be injectively associated with one
of the|A;| — 1 leaves ofZ; that are not shared with any of the previously visited tr&&ace|FORK(L)| is
equal to the sum dFORK(7;)| over all indiceg, this implies thatFoRK(L)| < |L|. |

Lemma4 LetL; 1 C Lgg be the set of the firgt— 1 nodes chosen byeL. Given any tred” = (V, E), the
largest subtree of "\ L, contains no more thaA|V'| nodes.

Proof: Recall thati; denotes tha-th node selected byeL during the incremental construction of the query
set Lsg, and thatT? . is the largest component @f \ L;_;. The first¢ steps of the recursive splitting
procedure performed bgEL can be associated with a splitting tréé defined in the following way. The
internal nodes of” areT? ., for s > 1. The children ofl’? . are the connected componentsZtif .\ {is},
i.e., the subtrees d@f? . created by the selection &f. Hence, each leaf df” is bijectively associated with
atreeinT \ L;.

Let 77, be the tree obtained frof’ by deleting all leaves. Each nodeBf , is one of thet subtrees
split by SEL during the construction of;. As T?% . is split by, it is a leaf in7” ;. We now add a second
child to each internal nodeof 77 , having a single child. This second child ©fs obtained by merging all
the subtrees belonging to leavesidfthat are also children of. LetT” be the resulting tree.

We now compare the cardinality @f .. to that of the subtrees associated with the leaveEofLet A
be the set of all leaves @ andA.qq = T" \ T}, C A be the set of all leaves addedT},, to obtainT”.
First of all, note that7?,, | is not larger than the number of nodes in any leaf6f,. This is because the
selection rule oBEL ensures thaf. . cannot be larger than any subtree associated with a 1€3f jnsince

it contains no node selected before timen what follows, we write|s| to denote the size of the forest or
subtree associated with a nogef 7". We now prove the following claim:

Claim. Forall¢ € A, |T! .| <|¢], and for allé € Aaa, [T — 1 < |4

Proof of Claim.The first part just follows from the observation that &g A was split byseL before time
t. In order to prove the second part, pick a léaf A.qq. Let ¢’ be its unique sibling il and letp be
the parent of and/’, also in7”. Lemma 2 applied to the subtreemplies |¢'| < %|p|. Moreover, since
||+ |¢'| = [p| — 1, we obtain|¢| + 1 > L[p| > |¢'| > |TL..| the last inequality using the first part of the
claim. This implieg 7% ...| — 1 < |¢|, and the claim is proven.

Let now N (A) be the number of nodes in subtrees and forests associatetheiteaves of”’. With each
internal node off”” we can associate a node b, which does not belong to any leaf in Moreover, the
number T \ A| of internal nodes i is bigger than the numbét 44| of internal nodes of’_, to which a
child has been added. Since these subtrees and forestbdistitt, we obtainV(A) + |77\ A] < N(A) +
|Aada| < |V]. Hence, using the above claim we can WiteA) > (|A|—[Aaaa|) [T o]+ Aada | (| Thax — 1),
which implies|T},..| < (N(A) + [Aaaal)/|A] < [V|/|A]. Since each internal node @f’ has at least two
children, we have that\| > |7"|/2 > |T",|/2 = t/2. Hence, we can conclude that. , | <2|V|/t. W

nax

4.1 Lower bounds

We now state and prove a lower bound on the number of misthkéany prediction algorithm (even knowing
the cutsize budge’) makes on any given tree, when the querylsét O-forked. The bound depends on the
following quantity: Given a tred’(V, E), a node subsat C V' and an integef, thecomponent function

T (L, K) is the sum of the sizes of tH€ largest components @f\ L, or |V \ L| if T'\ L has less thaf
components.



Theorem 5 For all treesT = (V, E), for all O-forked subseté&* C V, and for all cutsize budgetX =
0,1,...,|V| -1, we have thats (L™, K) > 1 T(L*, K).

Proof: We describe an adversarial strategy causing any algorithmatke at least (L*, K)/2 mistakes
even when the cutsize budgktis known beforehand. Sinde" is O-forked, each component @f\ L™ is

a hinge-tree. Lef,., be the set of thé( largest hinge-trees of \ L™, and F(7") be the set of all edges

in £ incident to at least one node of a hinge-t#®eThe adversary creates at most @redgé in each edge
setFE(7;) for all 1-hinge-treed; € Fi.x, exactly onep-edge in each edge s&Y7;) for all 2-hinge-trees

7> € Fiax, and nog-edges in the edge séik(7) of any remaining hinge-treg& ¢ Fi,.x. This is done as
follows. By performing a depth-first visit of’, the adversary can always assign disagreeing labels to the
two connection nodes of each 2-hinge-tredif.,, and agreeing labels to the two connection nodes of each
2-hinge-tree not irf},.«. Then, for each hinge-treé€ € F,,.., the adversary assigns a unique random label
to all nodes of7, forcing|7 | /2 mistakes in expectation. The labels of the remaining hinges not inF;,.x

are chosen in agreement with their connection nodes. |

Remark 1 Note that Theorem 5 holds fail query sets, not only those that are 0-forked, since any adver
sarial strategy for a query set* can force at least the same mistakes on the subsét L*. Note also
that it is not difficult to modify the adversarial strategysdebed in the proof of Theorem 5 in order to deal
with algorithms that are allowed to adaptively choose thergunodes in depending on the labels of the
previously selected nodes. The adversary simply assigrsathe label to each node in the query set and then
forces, with the same method described in the pré’df(LJ“, %) mistakes in expectation on tH’; largest
hinge-trees. Thus there are at most twv@dges in each edge sB{7 ) for all hinge-treesT , yielding at most

K ¢-edges in total. The resulting (slightly weaker) boundggZ*, K) > %T(L*, %) Theorem 8 and
Corollary 9 can also be easily rewritten in order to extend thsults in this direction.

4.2 Upper bounds

We now bound the total number of mistakes theEDmakes on any labeled tree when the queries are decided
by SEL. We use Lemma 2 and 3, together with the two lemmas below, deepthatmprep( Lz, K) <
10LB(L, K) for all cutsize budgeté and for all node subsét C V such thafL| < £[Ld,|.

Lemma 6 For all labeled treeqT', y) and for all O-forked query sets™ C V, the number of mistakes made
by PREDsatisfiesnereo( L1, y) < T (LT, @1 (y)).

Proof: As in the proof of Theorem 5, we first observe that each compioniel” \ L is a hinge-tree. Let
E(T) be the set of all edges i incident to nodes of a hinge-trég, andF, be the set of hinge-trees such
that, for all7 € F, atleast one edge @ (7 ) is a¢-edge. Sincé’(7)NE(7T') =0 forall 7,7’ € T\ LT,
we have thatF,| < ®r(y). Moreover, since for ang ¢ F, there are na-edges inE(7), the nodes of
7 must be labeled as its connections nodes. This, togethbrthet prediction rule oPRED, implies that
PREDmMakes no mistakes over any of the hinge-tréeg F. Hence, the number of mistakes madeA®ED

is bounded by the sum of the sizes of all hinge-trées F},, which (by definition ofY) is bounded by
Y(LF, er(y))- u

The next lemma, whose proof is a bit involved, provides thevent properties of the component function
Y(-,-). Figure 3 helps visualizing the main ingredients of the firoo

Lemma 7 Given atreel’ = (V, E), for all node subset§ C V such thafL| < 1|Lge | and for all integers
k, we have: (@)Y (Lsei, k) < 5Y(L,k); (D) Y(Lser, 1) < T(L, 1).

Proof: We prove part (a) by constructing, V&L, three bijective mappings:, jio, i3 : Pser — Pr, where
Pse. is a suitable partition df” \ Leg,, Py is a subset 02V such that anys € Py, is all contained in a single
connected component @f \ L, and the union of the domains of the three mappings coverw/iiode set
T\ Lse.. The mappingsis, 12 andus are shown to satisfy, for all foreté” € Pge,

\Fl < |m(F)],  [F|<2lpe(F)|,  [F] <2|us(F)| .

Since eactt € Py, is all contained in a connected componenffof L, this we will enable us to conclude
that, for each tre@” € T'\ L, the forest of all tree% \ Lsg, mapped (via any of these mappings) to any node
subset of7” has at most five times the number of noded'a6fThis would prove the statement in (a).

A ¢-edge(i, j) is one wherey; # ;.

“In this proof,|u(A)| denotes the number of nodes in the set (of nogés)). Also, with a slight abuse of notation,
for all forestsF' € Pse., we denote byF’| the sum of the number of nodes in all treestofFinally, whenever” € Pse,
contains a single tree, we refer fbas it were a tree, rather than a (singleton) forest containing only one tree



Figure 3: The upper pane illustrates the different kindsazfes chosen bgeL. Numbers in the square tags
indicate the first six subtre€’ ., and their associated nodgs selected byseL. Nodei; is a[> 1;> 1]-
node, i, is an initial [0; > 1]-node, i3 is a (noninitial)[0; > 1]-node,i4 is an initial collision nodej; is a
(noninitial) collision node, and; is a[0; 0]-node. As in Figure 2, we denote Bythe fork node generated by
the inclusion ofi3 into Lee,. Note that nodés may be chosen arbitrarily among the four node®in, \ i4.
The two black nodes are the set of nodes we are competingshagain, the nodes in the query det Forest
T\ L is made up of one large subtree and two small subtrees. lmder Ipanes we illustrate some steps
of the proof of Lemma 7, with reference to the upper pane. #ime2: TreesT?, andT;, are shown. As
explained in the proofiT;,| < |T2.. \ T;,|. The circled black node is captured by The nodes of tree
T2 .\ T;, are shaded, and can be used for mappingiacgmponent through,. Timet = 3: TreesT? .
andT;, are shown. Again, one can easily verify tht, | < |73, \ T;,|. As before, the nodes at3__\ T},

are shaded, and can be used for mappingiaogmponent viais. The reader can see that, according to the
injectivity of ., these grey nodes are well separated from the on€gjn\ 7;,. Timet = 4: T2 and the
initial collision nodeiy are depicted. The latter is enclosed in a circled black nau=est captures itself.
Timet = 5,6: We depicted tree®?>. andT?¢, , together with nodes; andis. Nodeis is a collision node,
which is not initial since it was already captured by fg> 1]-nodei». Nodeig is a[0; 0] node, so that the
whole treeT’S  is completely included in a component (the largest, in thiseg of "\ L. TreeT?, . can be
used for mapping vias any-component. The resulting forest\ Lg includes several single-node trees and
one two-node tree. Ifs is the last node selected tiye,, then each component @f\ Lg can be exploited
by mappingu,, since in this specific case none of these components cemaifes ofL, i.e., there are no

¢-components left.

The construction of these mappings requires some auxiiefipitions. We calt-component each con-
nected component df\ Lsg, containing at least one node bf Leti; be thet-th node selected byeL during
the incremental construction of the query ggt,. We distinguish between four kinds of nodes chosen by
SeEL—see Figure 3 for an example.



Nodei, is:
1. Acaollision nodeif it belongs toLsg, N L;

2. a[0; 0]-nodeif, at timet¢, the treeT’;.

max

does not contain any node 6f

3. a0; > 1]-nodeif, at timet, the tre€T’

max

connected component @f .\ {i;};

containsk > 1 nodesjy, ..., jir € L all belonging to the same

4. a[> 1;> 1]-nodeif i; ¢ L and, at time, the treeT’., . containsk > 2 nodesjy, . .., jr € L, which do
not belong to the same connected componefitigf. \ {i;}.

We now turn to building the three mappings.

w1 simply maps each tre€’ € T\ Lsg that isnota (-component to the node set @f itself. This
immediately implie§ F'| < |u;(F)| for all forestsF' (which are actually single trees) in the domain.qf
Mappingsu» andug deal with thel-components of '\ L. Let Z be the set of all suct-components, and
denote byVy.o, Vo,1, andVi; the set of all[0; 0]-nodes,[0; > 1]-nodes, and> 1; > 1]-nodes, respectively.
Observe thafV;.1| < |L|. Combined with the assumptighse, | > 2|L|, this implies thatVy.o| + |Vo.1] plus
the total number of collision nodes must be larger th&n as a consequenc8/y.o| + |Vo.1| > |Z]. Each
nodei; € V., chosen byseL splits the treel’t . into one componerif;, containing at least one node bf
and one or more components all contained in a singleffeef 7"\ L. Now mappingu, can be constructed
incrementally in the following way. For eadh; > 1]-node selected bgEL at timet, u» sequentially maps
any¢-component generated to the set of nodeglin, \ 7;,, the latter being just a subset of a component of
T\ L. A future time stepg’ > ¢ might feature the selection of a néd¢ > 1]-node withinT;,, but mapping
12 would cover a different subset of such componeni’df L. Now, applying Lemma 2 to tre€’ . , we

max’

cansee thatl’l .\ T;,| > |T¢..|/2. Since the selection rule ofEL guarantees that the number of nodes in

T} . is larger than the number of nodes of angomponent, we havie”| < 2|u2(F)|, for any¢-component
I considered in the construction pf.

Mapping s maps all the remaining-components that are not mapped through Let ~ be an equiv-
alence relation ovev)., defined as follows: ~ j iff i is connected tg by a path containing onlyo; 0]-
nodes and nodes W \ (Lsg, U L). Letiy,,it,,..., 1, be the sequence of nodes of any given equivalence
class[C].~, sorted according tsEL's chronological selection. Lemma 4 applied to t(Eg,, shows that
|Tte | < 2Tt |/k. Moreover, the selection rule ofEL guarantees that the number of nodesIpf,,
cannot be smaller than the number of nodes of @epmponent. Hence, for each equivalence c[a8s
containingk nodes of typ€0; 0], we map throughus a setF; of k arbitrarily choser-components t@},. .
Since the size of eacfrcomponent is< |77, |, we can write|F¢| < k|Tik .| < 2|T%,. |, which implies
|Fe| < 2|ps(F¢)| for all Fr in the domain ofus. Finally, observe that the number ¢gfcomponents that are
not mapped through, cannot be larger tha;.o|, thus the union of mappings, and s do actually map
all (-components. This, in turn, implies that the union of the dors of the three mappings covers the whole
setT' \ Lsg,, thereby concluding the proof of part (a).

The proof of (b) is built on the definition of collision nodg8; 0]-nodes[0; > 1]-nodes and> 1; > 1]-
nodes given in part (a). Let; C Lsg be the set of the first nodes chosed bgeL. Here, we make a
further distinction within the collision anfd; > 1]-nodes. We say that during the selection of niade ;.1,
the nodes inL N 7. . arecapturedby 4;. This notion of capture extends to collision nodes by sayfirag
a collision nodei; € L N Lgg, just captures itself We say that, is aninitial [0; > 1]-node (resp.initial
collision node) ifi; is a[0; > 1]-node (resp., collision node) such that the whole set of agué captured by
i¢ contains no nodes captured so far. See Figure 3 for refer@heesimple observation leading to the proof
of part (b) is the following. Ifi; is a[0; 0]-node, ther?}. . cannot be larger than the componenfof L that
containsl}, ..., which in turn cannot be larger thai(Z, 1). This would already imply('(L;_1,1) < T(L,1).
Let nowi, be an initial0; > 1]-node andl;, be the unique component @f,, . \ {;} containing one or more
nodes of L. Applying Lemma 2 to tred/’! . we can see thaff},| cannot be larger thati’’,. \ T;,|,

max

which in turn cannot be larger thah(L,1). If at timet’ > ¢ the procedureskL selectsiy € T;, then
Tt .| < |T;,| < T(L,1). Hence, the maximum integgrsuch thatY'(L,,1) > T(L,1) is bounded by
the number of> 1; > 1]-nodes plus the number of initi); > 1]-nodes plus the number of initial collision
nodes. We now bound this sum as follows. The numbépof; > 1]-nodes is clearly bounded By| — 1.
Also, any initial[0; > 1]-node or initial collision node selected IHEL captures at least a new nodelin
thereby implying that the total number of initigl; > 1]-node or initial collision node must be |L|. After

g = 2|L| — 1 rounds, we are sure that the size of the largest tréB%gf is not larger than the size of the
largest component & \ L, i.e., Y (L, 1) . |

We now put the above lemmas together to prove our main resttarning the number of mistakes made
by PREDON the query set chosen IS§L.



Theorem 8 For all treesT' and all cutsize budget&’, the number of mistakes made yED on the query
setLd;, satisfies
Mmerep( Lz, K) < min 10LB (L, K) .
LCV:|LI<EILE]

Proof: Pick anyL C V such thatL| < 1|Ld|. Then

. (Lem. 6) " (A) (Lem. 7 (a)) i (Thm. 5) 4 (B)
Mmereo(Lag, K) < YT(Lde, K) < Y(Lee, K) < BH5Y(L7,K) < 10LB(L",K) < 10LB(L,K).

Inequality (A) holds becauskse, C Ldz,, and thusl™\ Ld;, has connected components of smaller size than
Lsg,. In order to apply Lemma 7 (a), we need the conditibri| < |LSEL|. This condition is seen to hold
after combining Lemma 3 with our assumptions:™| < 2|L| < 4|LSEL| < %|LSEL\. Finally, inequality (B)

holds because any adversarial strategy using querky sah also be used with the larger query 6&t2 L.
|

Note also that Theorem 5 and Lemma 6 imply the following stetet about the optimality gFREDover
O-forked query sets.

Corollary 9 For all treesT, for all cutsize budget, and for all O-forked query sets™ C V, the number
of mistakes made BREDsatisfiesnprep(LT, K) < 2LB (LT, K).

In the rest of this section we derive a more intepretable Bammerep(L™, ) based on the functiod*
introduced in [6]. To this end, we prove thiag:, minimizes¥* up to constant factors, and thus is an optimal
guery set according to the analysis of [6].

For any subset’ C V, letT'(V’,V \ V') be the number of edges between node¥ baind nodes of
V'\ V’. Using this notation, we can write

. v
V)iéV’CV\L LV, v\v)"’
Lemma 10 For any treeT" = (V, E) and anyL C V the following holds.

(@) A maximizero (V[le‘\v,) exists which is included in the node set of a single compauféht\ L;
(b) U*(L) <Y(L,1).

Proof Let V.. be any maximizer ofW For the sake of contradiction, assume that the nodes of
belong tok > 2 componentd;, 75, ..., 7, € T\ L. LetV/ C V. be the subset of nodes included

max max

in the node set of;, fori = 1,... k. Then|V’| =2 i<k Vi1 andF(V’ VAV =3 TV VAV
Now leti* = argmaxigk\Vi'|/F( VA V). Since(Y,a:) /(30 bi) < max;a;/b; for all a;,b; > 0,
we immediately obtainl (V) > \II(V’ ), contradicting our assumption. This proves (a). Part (lanis

max

immediate consequence of (a). |

Lemma 11 For any treeT’ = (V, E') and any0-forked subseL.™ C V we haveY (L, 1) < 20*(L™1).

Proof: Let 7,,., be the largest component®f\ L+ andV,,. be its node set. Sincg" is a 0-forked query
set, T,ax Must be either a 1-hinge-tree or a 2-hinge-tree. Since theeanlyes that connect a hinge-tree to
external nodes are the edges leading to connection noddmdm@atl’ (Vinax, V' \ Vinax) < 2. We can now

write
V'l [Vinax| o Winax| _ YL, 1)

02 L TV VAV = T(Vaaes V \ Vi) — 2 2
thereby concluding the proof. |

UH(LT) =

Lemma 12 For any treeT’ = (V, E') and any subsek C V we havel*(L*) < U*(L).

Proof: Let V. be any set maximizing*(L"). SinceV,, .. € V' \ L™, V... cannot contain any node of
L C L*. Hence
" V'l Vit +
\II L _ > max — \Ij* L
B = 0 BB TV VAV % TV V \ Vi)
which concludes the proof. |

We now put together the previous lemmas to show that the cgegilys;, minimizes¥* up to constant
factors.



Theorem 13 For any treeT = (V, E) we have U*(Lgg ) < min 20*(L).
LCV:|LI< Lea
Proof: Let L be a query set such thdt| < |Lsg,|/4. Then we have the following chain of inequalities:

(Lemma 10 (b)) (Lemma 7 (b)) (Lemma 11) (Lemma 12)
U*(Leg,) < Y(Lee, 1) < Y(LT1) < 20%Lt) < 20%(L).

In order to apply Lemma 7 (b), we need the conditjari| < %|LSEL|. This condition holds because, by
31 Lsedl- |
> 5 |4sEL

Finally, as promised, the following corollary contains aterpretable mistake bound feRED run with
a query set returned IBEL.

Corollary 14 For any labeled tredT, y), the number of mistakes made byeD when run with query set
Ld., satisfies

Mmereo( Lz, y) < 4 min U (L) @r(y) -
LCV:|LI<g|LE,

Proof: Observe thaPRED aSS|gns labels to nodes ¥\ L, so as to minimize the resulting cutsize given
the labels in the query sétl.,. We can then invoke [6, Lemma 1], which bounds the number stakes
made by the mincut strategy in terms of the functigrisand the cutsize. This yields

4 [6, Lemma 1] .4 (A) . (Theorem 13)
mereo(Lge, ) < 2V (L) Pr(y) < 2V (Lee) D7(y) < 4V (L) Pr(y) .

Inequality (A) holds becausésg, C L, and thusT \ L, has connected components of smaller size
than Lgg, . In order to apply Theorem 13, we need the cond[rb|n< 7 |Lsed|, which follows from a simple

combination of Lemma 3 and our assumptiofis: < g L& < 3| Lse. |

Remark 2 A mincut algorithm exists which efficiently predicts everemthe query seL is not O-forked
(thereby gaining a factor of 2 in the cardinality of the cortipg query setd. — see Theorem 8 and Corol-
lary 14). This algorithm is a "batch” variant of the TreeOptgorithm analyzed in [7]. The algorithm can
be implemented in such a way that the total time for predicinl — | L| labels isO(|V]).

4.3 Automatic calibration of the number of queries

A key aspect to the query selection task is deciding whenop asking queries. Since the more queries are
asked the less mistakes are made afterwards, a reasonable deal with this trade-off is to minimize the
number of queries issued during the selection phase plusutinder of mistakes made during the prediction
phase. For a given pait = (S, P) of prediction and selection algorithms, we denotédy m| 4 the sum of
queries made by and prediction mistakes made By Similarly tom 4 introduced in Section 4g + m]

has to scale with the cutsiZer(y) of the labeled tre€T’, y) under consideration.

As a simple example of computirig + m] 4, consider a line grapfi’ = (V, E). Since each query set
onT is O-forked, Theorem 5 and Corollary 9 ensure that an optgtnategy for selecting the queriesinis
choosing a sequence of nodes such that the distance betwegaiaof neighbor nodes ih is equal. The
total number of mistakes that can be forcedioh L is, up to a constant factof|V'|/|L|) @7 (y). Hence, the
optimal value oflg + m| 4 is about
V]
L]

Minimizing the above expression ovgr| clearly requires knowledge df(y), which is typically unavail-
able. In this section we investigate a method for choosiegithmber of queries when the labeling is known
to be sugﬁciently regular, that is when a bouRdis known on the cutsizé(y) induced by the adversarial
labeling:

We now show that when a bourfd on the cutsize is known, a simple modificationsEL(we call it
SELx) exists which optimizes thig 4 m] 4 criterion. This means that the combinations&fLx andPREDcan
trade-off optimally (up to constant factors) queries agaimistakes.

|L| + =P (y) . (1)

®In [1] a labelingy of a graph(G is said to ben-balanced if, after the elimination of afl-edges, each connected
component ot is not smaller tham|V'| for some known constant € (0, 1). In the case of labeled trees, thebalancing
condition is stronger than our regularity assumption. This is becausevdmafanced labelingy implies 7 (y) <
1/a — 1. In fact, getting back to the line graph example, we immediately see thaisiti-balanced, then the optimal

number of querie§L| is order of/|V|(1/a — 1), which is alsanf 4 [g + m] 4.



Given a selection algorithri and a prediction algorithn®?, define[q + m] s py by
[+ mlis.p) = min(Q +mp(Lsq), X))

whereL g ) is the query set output by given query budge®, andm p (L g(q), K) is the maximum number
of mistakes made b¥ with query setl. 5y on any labelingy with ®7(y) < K —see definition in Section 4.
Define also[g 4 m]opr = infg p[q + m](s py, WhereoPT = (S*, P*) is an optimal pair of selection and
prediction algorithms. ISEL knows the size of the query sét selected bys*, so thatseL can choose a
query budget) = 8|L*|, then a direct application of Theorem 8 guarantees| &t | + mprep(Lde,, K) <

10 [¢ + m]opr- We now show thasELx, the announced modification ofEL, can efficiently search for a
query set siz&) such thatQ + mPRED(L;—EL(Q)? K) = O([g + m]opr) when only K, rather thanL*|, is

known. In fact, Theorem 5 and Corollary 9 ensure thakep(Lde, K) = O(Y (L, K)). WhenK is
given as side informatiorsELx can operate as follows. For eath< |V|, the algorithm builds the query
setL;” and computed'(L;", K). Then it finds the smallest valug minimizing ¢ + Y(L;", K) over all

t < |V], and selectd.se. = Li~. We stress that the above is only possible because the thlgocian
estimate within constant factors its own future mistakertub(Theorem 5 and Corollary 9), and because the
combination ofsEL andPREDis competitive against all query sets whose size is a confstation of | L, |
—see Theorem 8. Putting together, we have shown the follovesgit.

Theorem 15 For all trees (7', y), for all cutsize budget®’, and for all labelingsy such thatd,(y) < K,
the combination ofELx and PREDachieves Lee .| + mereo( Lieiss K) = O([q + m]opr) WhenK is given
to SELx as input.

Just to give a few simple examples of h@&Lx works, consider a star graph. It is not difficult to see that
in this case* = 1 independentf K, i.e., SELx always selects the center of the star, which is intuitively
the optimal choice. Iff" is the “binary system” mentioned in the introduction, thén= 2 andseLx always
selects the centers of the two stars, again independéiit @t the other extreme, it is a line graph, then
SELx picks the query nodes in such a way that the distance betwaeconsecutive nodes éfin 7" is (up to

a constant factor) equal t¢/|V'|/ K. Hence|L| = ©(/|V|K), which is the minimum of (1) ovelL| when
Pr(y) < K.

5 On the prediction of general graphs

In this section we provide a general lower bound for predictn arbitrary labeled grapiié&/, y). We then
contrast this lower bound to some results contained in Afiséigal. [1].

Let % (y) be the sum of the effective resistances (see, e.g., [9]) @p4#dges ofG = (V, E). The
theorem below shows that any prediction algorithm using usry setZ such thafL| < 1|V| makes at
least order ofb 2 (y) mistakes. This lower bound holds even if the algorithm isva#id to use a randomized
adaptive strategy for choosing the query Bgthat is, a randomized strategy where the next node of theyque
set is chosen after receiving the labels of all previoushyseim nodes.

Theorem 16 Given a labeled grapliG, y), for all K < |V|/2, there exists a randomized labeling strategy
such that for all prediction algorithms choosing a query set of siz&| < 1|V| via a possibly randomized
adaptive strategy, the expected number of mistakes madeobythe remaining nodels \ L is at leastk /4,
while ®E(y) < K.

The above lower bound (whose proof is omitted) appears ttr&adict an argument by Afshani et al. [1,
Section 5]. This argument establishes that for any 0 there exists a randomized algorithm using at most
K1In(3/e) + KIn(|V]/K) + O(K) queries on any given graghi = (V, E) with cutsize K, and making

at mostz|V| mistakes on the remaining vertices. This contradictiorailg obtained through the following

simple counterexample: assur@es a line graph where all node labels aré but for K = o(|V[/In|V])

randomly chosen nodes, which are also given random labetsalFe = 0(%), the above argument implies
that order ofK" In |[V| = o(|V]) queries are sufficient to make at meBt'| = o( K') mistakes on the remaining

nodes, among whicf2( K') have random labels —which is clearly impossible.

6 Efficient Implementation

In this section we describe an efficient implementatiorsef and PRED. We will show that the total time
needed for selectin@ queries iSO(|V|log Q), the total time for predictingl’| — @ nodes isO(|V|), and
that the overall memory space is agé|V|).



In order to locate the largest subtreeldfL; 1, the algorithm maintains a priority deque [B]containing
at most(Q) items. This data-structure enables to find and eliminatétdine with the smallest (resp., largest)
key in timeO(1) (resp., timeO(log ?)). In addition, the insertion of a new element takes tifhigog Q).

Each item inD has two records: a reference to a nodé'iand the priority key associated with that node.
Just before the selection of theth query node,, theQ references point to nodes contained in (hiargest
subtrees ifl” \ L;_;, while the corresponding keys are the sizes of such subtkesce at time the item
top of D having the largest key points to a nodefif, . .

First, during an initialization stefseL creates, for each eddé j) € E, a directed edgé, j] fromi to
j and the twin directed eddg, <] from j to <. During the construction of.sg, the algorithm also stores and
maintains the current size(D) of D, i.e., the total number of items containedZin We first describe the
way SEL finds nodei; in T} .. Then we will see howsEL can efficiently augment the query sktg, to
obtainLg;,.

Starting from the node of T?%, . referred to by D, seL performs a depth-first visit ¢f? , ., followed by
the elimination of the item with the largest key ih. For the sake of simplicity, consid&F .. as rooted at
noder. Given any edgéi, j), we letT; andT; be the two subtrees obtained fraff,, after removing edge
(1,7), whereT; contains node, andT; contains nodg. During each backtracking step of the depth-first visit
from a node; to a nodej, SEL stores the number of nodgs;| contained iril;. This number gets associated
with [4, ¢]. Observe that this task can be accomplished very efficiesitige|T;| is equal tol plus the number
of nodes of the union of.;) over all childrenc(i) of i. These numbers can be recursively calculated by
summing the size values thakL associates with all direct edggsc(i)] in the previous backtracking steps.
Just after storing the valu&;|, the algorithm also stored};| = |T,.| — |7;| and associates this value with
the twin directed edgg, j]. The size off}} . is then stored irD as the key record of the pointer to node

It is now important to observe that the quantity7 ., i) used bysEL (see Section 3) is simply the
largest key associated with the directed edges over allj such thati, j) is an edge of %, .. Hence, a new
depth-first visit is enough to find in tim@(|7}. ... |) thet-th nodei; = argmin;eq: o(T},,,, ) selected by
SEL. Let N(i;) be the set of all nodes adjacent to nagden 77% . .. For all nodes’ € N (i;), SEL compares
|T;/| to the smallest keyottom stored inD. We have three cases:

1. If |Ty/| < bottom ando (D) > @ —t then the algorithm does nothing, siriEe (or subtrees thereof) will
never be largest in the subsequent steps of the construdtibg, i.e., there will not exist any node
with ¢/ > ¢ such that;, € T;.

2. If |T;| < bottom ando (D) < Q —t, or if |T;/| > bottom ando (D) < ) thensEL inserts a pointer to
i’ together with the associated kgl/|. Note that, sinceD is not full (i.e.,0(D) < @), the algorithm
need not eliminate any item iP.

3. If |T;/| > bottom ando (D) = @ thenskeL eliminates fromD the item having the smallest key, and
inserts a pointer td, together with the associated ki |.

Finally, SeL eliminates nodé,; and all edges (both undirected and directed) incident tdNibte that this
elimination implies that we can easily perform a depth-fiisit within 7%, for eachs < @, sinceT? . is
always completely disconnected from the rest of the Tfee

In order to turnLsg, into L4z, the algorithm proceeds incrementally, using a techniqueoived from [7].
Just after the selection of the first nodea depth-first visit starting fromy is performed. During each back-
tracking step of this visit, the algorithm associates wihleedgéi, j), the closer node th between the two
nodes: andj. In other wordsSEL assigns a direction to each undirected efigg¢) so as to be able to effi-
ciently find the path connecting each given néde:;. When thet-th nodei, is selectedskL follows these
edge directions frony towardsi;. Let us denote by (i, j) the path connecting nodeo nodej. During the
traversal ofr (i1, i ), the algorithm assigns a special mark to each visited nod# tlve algorithm reaches the
first nodej € 7 (i1, ;) which has already been marked. gt, L) be the maximum number of edge disjoint
paths connectingto nodes in the query sét Observe that all nodesfor which# (i, L;) > (i, L;—1) must
necessarily belong te(i;, 7). We haven(i;, L;) = 1, andn(i, L;) = 2, for all internal nodes in the path
m(it,j). Hence,j is the unique node that we may need to add as a new fork nogdediFORK(L;_1)).
In fact, j is the unique node such that the number of edge-disjointspaihnecting it to query nodes may
increase, and be actually larger tHan

Therefore ifj € L;" , we need not add any fork node during the incremental cortgtruof LZ;,. On the
other hand, ifj ¢ L, , thenn(i, L;_1) = 2, which impliesn(i, L;) = 3. This is the case whesEL views j
as new fork node to be added to the querylsgt under consideration.

In order to bound the total time required B¥L for selecting@ nodes, we rely on Lemma 4, showing
that |77 .| < 2|V|/t. The two depth-first visits performed for each nagdéake O(|T} .. |) steps. Hence
the overall running time spent on the depth-first visitOi$ -, 2[V'[/t) = O(|V|log Q). The total time

ax"

ax

8If ¢ = 1 the priority dequeD is empty.
’In the initial stept = 1 (i.e., whenT?, ... = T) noder can be chosen arbitrarily .



spent for incrementally finding the fork nodes oz, is linear in the number of nodes marked by the algo-
rithm, which is equal tdV'|. Finally, handling the priority dequ® takes|V'| times the worst-case time for
eliminating an item with the smallest (or largest) key oriadda new item. This is agai®(|V|log Q).

We now turn to the implementation of the prediction phaseED operates in two phases. In the first
phase, the algorithm performs a depth-first visit of eaclyditree7, starting from each connection node
(thereby visiting the nodes of all 1-hinge-tree once, ardrtbdes of all 2-hinge-tree twice). During these
visits, we add to the nodes a tag containing (i) the label aferig- from which the depth-first visit started,
and (ii) the distance betweér and the currently visited node. In the second phase, we mperdosecond
depth-first visit, this time on the whole trée During this visit, we predict each nodec V' \ L with the
label coupled with smaller distance stored in the tads.cfhe total time of these visits is linear jif| since
each node of” gets visited at mosi times.

7 Conclusions and ongoing work

The results proven in this paper characterize, up to confdators, the optimal algorithms for adversarial
active learning on trees in two main settings. In the firdtsgthe goal is to minimize the number of mistakes
on the non-queried vertices under a certain query budgethelisecond setting the goal is to minimize the
sum of queries and mistakes under no restriction on the nuaoflogieries.

An important open question is the extension of our resultsé@eneral case of active learning on graphs.
While a direct characterization of optimality on generalpirais likely to require new analytical tools, an
alternative line of attack is reducing the graph learningppgm to the tree learning problem via the use of
spanning trees. Certain types of spanning trees, such demagpanning trees, are known to summarize
well the graph structure relevant to passive learning —see, [€]. In the case of active learning, however,
we want good query sets on the graph to correspond to good ga&s on the spanning tree, and random
spanning trees may fail to do so in simple cases. For exammhsjder a set afz cliques connected through
bridges, so that each clique is connected to, @fher cliques. The breadth-first spanning tree of this graph
is a set of connected stars. This tree clearly reveals a qatrfthe star centers) which is good for regular
labelings (cfr., the binary system example of Section 1) tli@nother hand, for certain choicesmafandk a
random spanning tree has a good probability of hiding thstehed nature of the original graph, thus leading
to the selection of bad query sets.

In order to gain intuition about this phenomenon, we areanily running experiments on various real-
world graphs using different types of spanning trees, whereneasure the number of mistakes made by our
algorithm (for various choices of the budget size) againstimon baselines.

We also believe that an extension to general graphs of ooritiigh does actually exist. However, the
complexity of the methods employed in [6] suggests thatriggles based on minimizing* on general
graphs are computationally very expensive.
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