Interactive Graph Search for Multiple Targets on DAGs
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Table 1: A detailed comparison of interactive search studies,
including IGS, TS-IGS, BinG, KBM-IGS, and our k-EIS.
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IGS [31], TS-IGS [35] and BinG [4, 19] only tackled single-target in-
teractive search, which was inapplicable for multiple targets scenario.
On the other hand, KBM-IGS [36] can detect approximate answers of
multiple targets in trees, but is hard to search exact targets in DAGs.
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Figure 2: An example of a DAG G. In Figure 2(b), G has the
hidden targets 7 = {v ,v4}, and we have asked the questions

Q ={Q(v ) = Yes,Q(v4) = Yes,Q(v ) = No}.
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w Me 1 Figure 2(a) shows an example of a DAG G rooted by
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P 8 M1(kEISP 1B wmM) Given a DAGG = (V,E), hidden
targets T C V, potential targets P = V, and a positive integer k € Z*
where k = |T|, the objective of k-EIS problem is to interactively refine
potential answers from P to P* C P via asking a series of t questions
Q ={Q(x1),Q(x ),...,Q(x¢)}, such that it achieves the finalized
P* =T using the minimum number of t questions.

M NP Assume that the targets T = {v ,v4} and k =
in the DAG G shown in Figure 2(b), we have asked the questions
Q = {Q(v ) = Yes,Q(va) = Yes,Q(v ) = No} and the potential
targets P = {v ,v ,v4,0 ,v,0 }. With one question asked onv , the
potential targets P is finalized as P* = {v ,va}, where P* =T .

4 THE PROPOSED FRAMEWORK
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within a DAG G. Suppose that we have asked questions Q = {Q(v ) =
Yes, Q(v4) = Yes,Q(v ) = No}. Consequently, according to Rule 1,
verticesv ,v1,v and vy are classified into Yes-candidates, forming
the Yes-candidates Y = {v ,v1,v ,v4}. According to Rule 2, vertices
v ,andv are classified into No-candidates, hence the No-candidates
N ={v ,v }. The verticesv ,v ,v", andv remain in the Uncertain-
candidates, denoted U = {v ,v ,v',v }. The potential targets, P,
includes vertices {v ,v ,v4,v ,v',0 }. When we ask one more ques-
tiononv ,v has no path to any targetv orua, thus Q(v ) = No,
according to the Rule 2, {v ,v ,v",v } would be classified into N from
U. Currently, U is an empty set, the potential targets P = {v ,v4}
finalized P =T .
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Figure 3: An example of a DAG G with a hidden target v,. After
asking the question on the Uncertain-candidate v , Q(v ) =
No, the target v; can be found.
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{v1,0 ,04,0 ,0 } and Y = {v1}. As U # P, we ask one question
on the Uncertain-candidatev € U \ P. Since v cannot reach v1,
we find that Q(v ) = No. According to Rule 2, {v ,v4,0 ,v } are
No-candidates. Consequently, vi can be identified as the target. If
a search algorithm only focuses on potential targets, then v can-
not be asked for questions, reflecting that four additional questions
{Q(v ) = No,Q(v4) = No,Q(v ) = No,Q(v ) = No} are needed to

locate the target vy.
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Figure 4: The k-EIS algorithm finds a hidden target v on the DAG G rooted by r = v , showing questions and updates of
candidates. And it asks three questions Q = {Q(v ) = No, Q(v4) = Yes,Q(v ) = Yes} to find the exact target o .
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4 P — P Ndes(x).
else
Re—des(x)NU U— U\R N— NUR. > n
P — Pn{V\des(x)}.
y x S mmwm P 8 roxom P
ify wmr rg s P then
1 Re—anc(y) NU U— U\R Y «—YUR
> w 1 m w (wms 11)
11 R« V\U,epanc(o).
1T R—RNU U—U\NRN—NUR. > w4
1 ent(x) « |U| - |U|.
14 returncnt(x) P Y N U.
5 SINGLE TARGET SEARCH
® SS » pkEIS gr m rswng g S ¥
s ™ earrwm x wm g 1 r [ Tl=k=1
5.1 Candidate Updating Rules for Single Target
» s ®mr s ne re » » g SPmw s
» x r fim s rg SS P S W s
an s ws
Updating® “r s »g aus m» » r 0e€eUP
up mos » »s
e Q(v)=Yes wmP swm rs des(v) » rr  wg
» » W 8 S s ®m WS 0
Q(v) =Yes wmP «— P Ndes(v)
. r s Q(v)=No P sup o des(v)
rfinng P 9w g S WS S ®m ms 0
Q(v) = No nP —PN{V\des(v)}
Updating Y, N, U x up P » o x
» sY NU NS WS W re S r we

For a vertexv € U with des(v) NP = P, we determine

that Q(v) = Yes, Y «— Y U{v} and U — U \ {v}.

P ® Supp s des@)NP =P rx0eUT sn s
v—ou r uePS» TCPouv—->t x r teT T us
Q(v) = Yes s m]
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4 For a vertexv € U with des(v) N P = 0, we determine
that Q(v) = No, N — N U {v} andU «— U \ {v}.

P des@)NP =0 roeUT snw» s
T CPo-»t te T T us

[m]
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41
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5.2 Single Target Search Algorithm
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k-EIS algorithm for single target. T k EIS g r
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M Figure 4 and Table 2 show a complete instance of
k-EIS algorithm for single target in G, where the target T = {v }.



Table 2: Values of cnty, cnty, and gain for vertices across ques-
tions using k-EIS to find the single target in Figure 4.

Pr gr ss vt U U V4 0 U U 0 0
» cnty 1
» cnty 4 4 1 1 1 1
» gain 4 14 1

Qv ) centy 1

Qv ) cnty 4 11 1

rQv ) gain 4

rQ(va) cnty

rQ(oa) cnty

rQ(od)  gain 4 4

Initially, as shown in Table 2, the vertex with the largest gain, v ,
is queried first. Since there is no path fromv toov ,Q(v ) = No is
obtained. This leads to updates in the potential targets P «— P N
{V'\ des(v )}. According to Rule 2, vertices {v ,v } are classified into
No-candidates. By Rule 3, vertex {v1} is classified into Yes-candidates.
The Uncertain-candidates U then includes {v ,v4,v ,v,0 }. The next
question addresses vertex vy from U, which has the largest gain after
Q(v ). Receiving Q(v4) = Yes leads to an update in P to P Ndes(va),
thus P = {va,v }. Applying Rule 4, vertices {v ,v' } are classified into
No-candidates. Now, U is reduced to {v ,o },v andv have same
gain, arbitrarily queryv orv , ultimately confirming v as the final
target.

Complexity analysis. T  SingleEvalSync » g s O(nm)
m om Om)mmrx gnwmrx s »%x r oUW
U gain(v) sO(m) m Pr rWWg ww S wWr X
RECEN I X kEIS gr mm g 1 aupp
H sO(tnm) m m O(m)ma war rxfin wmg swg
X8 S wgleus ms
6 MULTIPLE TARGETS SEARCH
®Ss » firs px s kEIS gr m fim k
rg s® Qs T wr r wpr fr ® ss 2 I
sugrp pr W™ s wm Mix EIS gx wT gnrx
s spr Gwm k s wmswgrpssu s
gr® s swg 18 kEIS gx m » pp s wg
g S ¥ £ WS W sugrp m oz
W wrpr ps  m s
6.1 Multiple Target Search Algorithm
pcws KkEIS gr m rww p» rg ss «
k-EIS algorithm for multiple targets. T kEIS g r m m

» s kEIS rma r wm g r m MultipleEvalSync =
8 » MultipleEvalSync wp s s sPY N
U » mprx s sPYN » U(w» 1) Q(x)=Yes
s w1 wp s s s s(ms 4) » fis
® S 1S «u r o ox U anc(x) NU s
r s x ssfi rwmUwnm Y(wm )Susaun
» oW e SP sup o S ™ s xS » X
s (= 4 Q(x)=No r wg ” wp  spr
frm (ms ) s m mS X rs »U «x
TR R des(x)NU w» ssi m N =» ng
L »n e (mn )T Ps s rfin 1
s m ms x(m ) %m gr m 0w U
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Algorithm 3 MultipleEvalSync

Input: Qx) PY NU
Output: cnt(x) ws »nPYNU
1 P—PY—YN—NU—U.

if Q(x) = Yes then

o x x pe

x

Re—anc(x)NU U—U\R Y «—IYUR > w 1
4 P —PN{V\ {anc(x) \ x}}
else
Re—des(x)NU U—U\R N—NUR > ”
P — PN{V\des(x)}.
ent(x) — |U| - |U|.
returncnt(x) P Y N U.
naw x ros » r wU x
Y rNnmn saus w» SSSS M WppN Wg w scnty
renty r aws wm(wm )T §r WM Wmr wrws S
wp cnt(x)  wg up » SR p wm
g s(m )
Complexity analysis. T kEIS gr wmm g 1 aqupp
8 sO(tnm) ma O(m)ym m r finm wmu »
g S S wglfaus ms ®oOp WZ P s x
x x O(n ) ma wm x row s
R wp r ®O(tnm) O(tn ) T ws kEIS =
O(tn) m wmO(n)m m rx

6.2 An Improved Algorithm for Multiple Target
Search using Divide-and-Conquer
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Algorithm 5 Mix EIS
Input: G=(V,E) » » grk
Output: T rg s 7T [T =k
1 c=1Y—{r} NcOU—{VI\{r} P—{V}\{r}

while nuwa x s wm sugrpsc#kdo
w  gain(v) v € U ws wg MultipleEvalSync » g .
4 S UF — rgm g gain(v) m s an s »Q(ov*).
» {P,YNNUY » wng g .
» sugrms{Gi...Gc} ®» wup c » »g Find
Figure 5: An example of Find-kSingle-DAGs algorithm on a kSingle DAGs (G #) » g 4
DAG G. The G has the hidden targets 7 = {t1,t ,¢ }, after ask- for G; do
ing some questions, G can be separated into three subgraphs S x 2’“5 ¢ Li€Gi o» wgkESw g 1
«xpp -
{G1,G .G } such that each subgraph has a target. T U,
Algorithm 4 Find kSingle DAGs 1 return 7.
Input: G=(V,E) p w» g sP
Output: s sugrp s{Gi, ... Ge}
1™ oz s sugrps r Gi = (Vi,E;). 6.3 Complexity Analysis
ooz Vi svg r vEP ®SSs » 4 wp » ss Mix EIS
for r vePdo oz Mix EIS g r ma = ® Ss x s wg
4 for r  u€N'(v)do + - . +
ifuecP » uv v swm Vi sothen teZ qus wms “rs MixEIS s sti €Z" au s ws »
N . , . ksugrpsT w wr  rws st € Z* ® aus ws
g Vi m V; ®» mwmgu ®m ursp
for sngrp Gi=(ViE) do fim ‘ k xg s w n i sugrp rot=
»  Ei={(ou)|oucV (ou)€E} b+t wrwmg  firs f s ws ans mnu zsk ElS'
return (G, . ., Ge} wa g S W Find kSingle DAGs g r wa T  Find
kSingle DAGs g r % w ®» ®m g 4raqursO(m) m
®rg AW » w g S W P R WS R Re
o nP w wam roou s wwm g rsN (o) meg TS N Tos wglhiaus ws
» owwm g ru s wgs P m swm x » s r » swgrp W wmsoro S smg  rg
SwW sSMgrp SO W rg sugrms ®» wwgo » uT s pr wm wsasvg kEIS rs r swg rg x
W rgwgs puss ww w Aw - i » mwg Mix EIS w » sO(tinm) r mak EIS rww » rg s O(tim)
W o® M swgrps wsarwg - » ® r wa Find kSingle DAGs g r w ®» O(t nm) r» mkEIS x
rg s r W rg g€ r(wms )7rx sugrp Gi Bw s wg ¢ s r T x rx Mix EIS » g X aur s
ss §sEi mow 0w s g5 - s O(tinm + tim + t nm) C O(tnm) m O(m) ma ma x
» swm sugrp ViT ss pprsr s - S mglequs WS xt=ti+t wpx nuwa x
rgm grp » nf sugrp (ms ) au s WS S Mix EIS s wusw R ss  m U T
- s s w» sugrp s{Giy...,Gc} swogr p tqu s ®s s k EIS It s W msx » ¥ gur
» wms xg s(wm ) S
Mix-EIS algorithm noer neauswm g 1 4
® prps MixEIS gr m T Mix EIS g r m 7 COMPARATIVE ANALYSIS IN THEORY
ss w8 » g WS s s wr ®  SS » P T wrwa S mg ™ ¥
r®mses sxmV ®m mwm grcrprsms nuwa x grm® s x @r WS W™ T WSS S Gs » “ gur
su grp ssu s s g (m 1) r s wg now wg %S or s m s GS[ 1] TS GS[ ] =
n aues nGs nogrp s rg ssc=1 s m nG[4 1] nOR o WP XS W
kEIS x ma x gr w w sgain roUw ppr wa W GS[ ] r = » »G w»
I S R s ws s oF s rg S gain S ®m X sra wr
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S »s G nG[4 1] GS/TS GS[ 1 ] wurs

s rgrp O(n) O(n) O(n)

» & O( & n) O( & n) O( & n)

»r wrox O( gn) O(gh(l+ gn)+ gn) O( gn)
wn ww G s n O( 8 n)
»r gy g O(n) O( & n)

(a) star graph (b) path graph (c) perfect binary tree (d) tournament DAG

Figure 6: Expected number of needed questions to find single
target on the different reasonable shapes of DAG, where n
represents the number of vertices, h represents the longest
path from root to leaf. The dashed box indicates the reduction
in potential targets following the first and second questions.
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X » Vi={r} L % wnsk r srprsn k
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MM 1 Inany DFS-tree extracted from the DAG in Figure 7(a),
there exists a vertex with ¥~ children.
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Figure 7: An example of dense DAG and its DFS-tree used in
IGS. In the DAG, each u; in £ connects to the w; in £ that
i-thbit of jis 1,ie, N*(u;) = {w; | jm ' > [1<j<

k _1}. For example, w is connected tou and u .
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MM~ Forthe DAG in Figure 7(a), any DFS-tree-based method

requires O( %) questions.
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MM~ Forthe DAG in Figure 7(a), our method requires O(k)

questions to find the target.
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Table 3: Summary of datasets.

s ros(IVI) s s(IE]) &r wmow»
Pr ss 1 1 Tr
AR 4 Tx
s 4 4 44 Tr
_ S 1 1 1 G
s 1 4 141 G
8 441 ’ 4 G

T M 4 For the DAG shown in Figure 7(a), in the single
target scenarios, all the DFS-tree-based methods, e.g., IGS and TS-IGS
ask O(n) questions and our method asks O( g n) questions.

P ® me s owm npr T rmwm 4 O
®SwRRA X wr e s m rfim wgwaw » rg s
n Gs w s ns Gs mn gar () wrm s
» » Pr® s gain wwm mom  ®m r W W s
wpr rms %S x s m swfinm mng swg rg
T rw’ 4 wrm ssO( g n)aus wms & 7S
x s m s O eus wmsrfl wmng sgnfi w
ff ® ss wur wa » x
8 EXPERIMENTS
®Ss » now N ®Xw RS ”
®rormw wrpr p s W s g1 ms r wp
MR W T PR RS ¥ XX % W ST Xrumm ng
X n aupp » G »r sS x
Gzw» T
Datasets. 1 wr g r WSwSwgSs ¥ x s s
s x rx » S ] gr MWMS W x
S ® sre wr ¥ rs s
e ProdClass' pr w ssfi ms m or rom
m wr o w S s s T s s grzs
P w S rs s purP S S XSS X WS M W
s
e Amazon [11] ® WS rx »rw &r s
rwm wmzwnT s s r SspPp SIrm x
sp fi pr ow er s n oW Z WS ns pr
” s
e Yago[l 4] w» =ms AR X SITm ®» s
e ACM_CCS Pr S WS 1 wpe wg  ssfi
nSs wm s » XX noo8 supp x
S mm »y RS MOORm W 4
TxX SS x » s
o Wiki Edits[1 ] mwurs »r » ror W
» T sw X MSWUSKS W @S
X oug nS P wWg W™ ¥ N » »
beC)
e ImageNet [ ] rr g s s 0w
X [] ur s ms W@ g1 s
er wm 1w s rmWmg ss fi LI
Sxoox » rowm m sp fi s o
¥ s gsm er ™ srm wrs s s s «x

suwawa rz wT

1

ws// s sg w/s/ z/ pflm/ 1/
ws// wm rg/ s

Table 4: The average number of questions for finding a single
target in k-EIS problem.
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Figure 8: The size of potential targets with the fixed number of questions in the single or three targets scenarios.
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Figure 9: The average number of questions for different algorithms with different k in the k-EIS problem.
g mns GSTS GBS »G = Gas SN W W r e » W X8 S Xg TRWN X QU S WS ff
RUR X QWS WS W o sz » W mSS S e s »Mix EIS g r wma m kEIS
X8 S » xS s s X SH S X prsm » grx wm MixEIS gr wma » MixEIS GS gr m
T 4 wusr migur ()() mr sru wr s s S® rrm W s ssp fi nORZR N _ S
1EIS wwmsx s ff WSS Wyp x »G w» MixEIS g r m ssgnfi » b JEE )
as s segnfi w x x RU¥ T &¥ S . .
. ¢ € . i EXP-3: Case study of finding multiple targets on ACM_CCS.
ns( 4  wm r sp ) wpr rmang GS » TS GS
- »ow s swu w _ S » sp fiw
fr G s s1EIS mss wm s SPX xwmw .
TWAS & x Wk WSS S x s r
rgr we g QXS WS W SZ » w g r oW w . »
’ s s qus wns T «r g S rwassu s W
T _ s s X XZS s ws Gsra wur "
. MK X smmgmmSs wm ngns W
1EIS» ® X W S g &« S WS — su s W
Srwg m s r ng (k=) x s GG r m
P W W x x W S—® S MWK S W
R s rm ®m xa wmss wms w T «x R
i NS o TS S RN N sz P w e S
» NSS Wg 1 s=» gs T x S ]
EXP-2: Quality evaluation of the k-EIS problem. = k EIS Gs su z wm%gar 1 Traug MixEIS gr mwas wm
pr W prws kEIS gr m fim k rg s nau s ws »n fi x S M SHErPSsS W WMwg
» G w» Mix EIS g r wa  wapr i »SS W e S » sGi G » G Gi s «x
S » Y fin s » Mix EIS g r ma s r s m £s.G s wm ror 1 r s m
fim swg rg W shgrp W 1EIS » «rp gs ™ G s wmar wp G 1 oxr s w14
S T xr waprsw us GS » « s s w g sx m  Sg®m W™ W™ SS gr W W
LI Mix EIS g r m GS r  xx s Mix EIS s wss fim wg s ng 8 W ® S WP S gr P S
GS gr m w s sSp f GS » fim G T saun qus ws W X XX Sp WM Wg WS XS
P X8 S W g s X8 S Ss nw M SSwgrmp » » “gur 1 »
“gur  MIixEIS grx wma m MixEIS GS gr mwmapr xw sss aus ws fim g Srwg W s r wmg w
waw r wmkEIS U] GS Twr  rwa r Mix G w mrs GSm s wmaws ws fim smx
EIS g r m ss ®s ®mMixEIS GS gr mnw e nG T fim e s mG kEIS gr m ss
S s S8 »owTgur ()() R T oqu s aus ms MixEIS GS gr m ss4 qus ms » ar
wSs e r ms swm r ff WSS® T Swe Mix EIS g r m = SS a&us ws Pr rws S W
ps// woxg/ /11 1

1101


https://dl.acm.org/doi/10.14778/1952376.1952377

n =531
ém:ms

Human-assisted graph search: it's okay to ask questions ]

Theory of | /G5 ™= T1 Design and
computation|{ ~°>m =104 | anaiysisof —
Information algorithm
retrieval I\ Information l(h X

system

\ Data
management
systems

Database
management
System

analysis

(13\/

Online
algorithms

Q Q cnty cnty  |U|
» / / / 1
Sorting and q NO
searching q Yes 4
. qa No 1 4
q No 4 1
q Yes 1
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Sorting and searching”}. After asking ten questions in G, G separates into three disjoint subgraphs G1,G , G .

In the G , Mix-EIS algorithm only costs six questions to find the exact target “Sorting and searching”.
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