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Abstract Shortest path search is a major topic in various domains that can be represented by
graphs such as traffic information, navigation and computer network. As we approach the age of big
data, these graph data and information are getting larger and larger in size compared to the past.
Therefore, there is the need to effectively search and analyze large graph data. In order to solve this
problem, there have been several researches on graph analysis directly in the database. In this study,
an In-RDBMS ALT algorithm(A* algorithm, Landmark, Triangle Inequality) that heuristically
searches the shortest paths directly in relational database is proposed. The efficiency of In-RDBMS
ALT algorithm is also discussed through comparison with existing In-RDBMS shortest path search
algorithm.
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2.3 FEM Framework

J. Gao et al.2 WA Hd A= g dugEQl
Dijkstra €118]Z&% In-RDBMS9|A SQLE T33&}7)
93l FEM Z# 4935 AltstsAthl2]. Dijkstra ¢l
229 oJAHpseudo) ZEE ol LuglE 13 2ot
[11,13]. dist(v)= SN v ==71x]9] AZlE Qu]siy,
distw(u,v)E =Eu == v Alo]e] AYE w3t}
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dist[src] <= 0
for all v in V except src
graph )
do dist[v] < ©0
do Visited < @
do Q <V
While Q is not empty
do u < node in Q with smallest distance
do Visited < Visited U{ u }
do remove u from Q
for each v in u’s neighbors
if distlv] > distlu] + distw(u, v)
then dist[v] < dist[u] + distw(u, v)
return dist
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Table 1 Table schema for In-RDBMS ALT algorithm

data src_id, dst_id, weight
landmark Imk_id, dst_id, weight
priority_q id, alt_dist, real_dist, visited
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Fig. 2 ALT Algorithm process



A dolelo) 2 A e AW A= g4 @

Algorithm 2. In-RDBMS ALT Algorithm

Load graph data into RDBMS
Load landmark data into RDBMS
Declare priority queue PQ

Insert the source node into PQ

While PQ is not empty
frontier «node in PQ with smallest distance
[ find frontier ]
do mark frontier as visited
if frontier == destination node :
Break
# shortest path is found
candidates « frontier’s neighborhood
nodes
[ expand ]
for ¢ in candidates :
if ¢ in PQ :
if new alt_dist[c] < existing

[ merge |

alt_dist[c] :
do update alt_dist[c]
else :
do insert ¢ into PQ
do remove frontier from PQ
Done

SELECT id, alt_dist

FROM priority_q

WHERE alt_dist = minimum alt distance in priority_q
AND visited = false

2 Ao 2942 vy ¥ HEg ¥
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alt_dist Bt} & A$ole 7I1€ alt_dist 3= 7R3

UPDATE priority_q

SET alt_dist = ( pq.real_dist + dt.weight + Imk.weight )
real_dist = ( pqreal_dist + dt.weight )

FROM priority_q as pq, data as dt, landmark as Imk

WHERE pq.id = ‘frontier’

AND frontier's neighbor node in dt

AND neighbor node.visited = false

AND new alt_dist of neighbor node is shorter than

existing alt_dist

Zolxl o] wE7} o]dd] wbd = o] flu, XS

12]F(ALT) AA 74 219
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(expand @ merge ©A)

INSERT INTO priority_q ( id, alt_dist, real_dist, visited )
( SELECT pq.d as id,
( pareal_dist + dt.weight + Imk. weight ) as
alt_dist,
( pareal_dist + dt.weight ) as real_dist,
false as visited
FROM priority_q as pq, data as dt, landmark as Imk
WHERE pq.id = ‘frontier’
AND frontier's neighbor node in dt
AND neighbor node.visited = false )
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