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Overview

Learning to walk over a graph towards a target node given
input query and a source node.

Model

 Markov decision process ¢

Iterative policy improvement

Experimental Results
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Training Algorithm

Algorithm 1 M-Walk Training Algorithm haoh o h
1: Imput: Graph G; Initial node ng; Query g; Target node n; Maximum Path Length 7,,<; MCTS Sit 10At st "k Hyperpa ra mEter d nd ErrOr Ana IySIS on WN 18RR
Search Number E, o MCTS Rollout=128, HITS@1 (%) 100 98.99.5 Accuracy (%) when the target is in the candidate set
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5: Lookup from dictionary to obtain W (s, a) and N(sy, a) * The Monte Carlo Tree Search in M-Walk. The path is a 3| | e e
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7: Update g1 = feq (Qta hatsha,t, nt—|—1)
8: if a; 1s STOP then
9: Compute estimated reward value Vy(s;) = Q(s¢, a; = STOP)
10: Add generated path p into a path list _
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1 g eng lifak AthleteHomeStadium:
1 4 end for Example 1: athlete ernie banks 2ticeromestadum, o
15:; end fOl‘ TeamPlaysInLeague ~ TeamHomeStadium

athlete ernie banks ~ocePwsibeaste, o g el eague mib » SportsTeam chicago cubs » StadiumOrEventVenue wrigley field, (True)

16: for each path p in the path list do
17:  Setreward r = 1 if the end of the path n; = nt otherwise r = 0
18:  Repeatedly update the model parameters with Q-learning:

. AthleteHomeStadi
Example 2: coach jim zorn Soometadul, o

mWonTrophy — 1 TeamHomeStadium

coach jim zorn CoachWonTrophy, > AwardTrophyTournament super bowl — > SportsTeam redskins » StadiumOrEventVenue fedex field, (True)

AthleteHomeStadium

0«0+ a-VeQo(se, ar) X (T(St, at) + WH%L%}X Qo(st+1,a") — Qo(st, at))

Example 3: athlete oliver perez >

TeamPlaysInleague 1 TeamHomeStadium

athlete oliver perez 2tevinbesie, gy rte] eague mib » SportsTeam chicago cubs » StadiumOrEventVenue wrigley field, (False)

19: end for




