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Abstract Conversations are often held in laboratories and companies. To grasp the content of a discussion, a
summary is important for people who could not attend the conversation. If the summary is illustrated as an argu-
ment structure, it will be helpful to follow the points of the conversation immediately. In this paper, we construct
a model that predicts connection between utterances in multi-party conversation. First, we explain the features we
design for the task. Next, we report the result of an experiment in which we compared a machine learning method
using the feature with one without them. The result showed that time information and distance between utterances
were effective.
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i DR TH 2720, BRHEEITHNTNWE I LD 5.
F7z, /- FHEIOHEMDOHEIEIZEHT 5 & Presicion MR
WOWIAE T LT WE Z &b rs. EHBAGERICE W THER
WEFRTHNIE, / — FEOKREIEERI < 720 il & < 7%
5Z2%, FHLTwhE/ — NEOREERIEL Y /7 —
R OEEEENE < B HE»HZ. ZOZens, /—KREOD
PREE & RGO — D ORHBUZHBEA D D, £ D 2 D DR
EHIZRERPEETIFLTWS.

6. b Y IC

AWFZETI, BEATEE 3 — /3 2 % W U GRS AT 12 7
1} 7= FEEOBRO A MOWE 21T - 7. HHEAMGE I —/2
IZ1& AMI corpus & AWz, RIZ, FEEEMOBEROE % #EE
TE572ODETIVOMERT, EEEERL, ETNVTOHE
FERE EMAEFALEZET IV COMEEREIT> 7. TOH
B, FUEEZFMALZETALHALLL>7ZET V&b BifEE
HENELRDZ DR TE, EEoFMEL2ERALEZ. X
517, BREOENMEEFAET 2720 8HzEE DT DK<
FERZTV, KSR E /) — NEOEMOZEENEETH B Z
L EMERTE 2.

SHBOBEL LT, ETILVEZURTEZZENEZIOND.
ARIFZED bi-LSTM € TNV TlE, / — FRXZ MLEEFEL TV
BREFTHEdD, BIEF2 o0/ — NOBREMSIIZEZT
LE->TW3. £ZT, /— FHEOBEKERT T MVBIRIZ
WRTHZeREREITONG., £/, TRARZERT S/
SIZHIFPHEFAHV SN, HKFEEOBGBTIEERIINLT

R DOFBHP EIEZ T 272D HmFAEZ AN ZEAREZS

N5, £IT, WMEASMER L ZRIEOERIZE SERIND M
ATWVK.
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