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1: function SENSEEM(D, (2)
2 00 « initialize
3: for (w;,c;) € D
4 if period > k
5 RETROFIT (6*), 12)
/* E-Step */
84 + update using equation 5

/* M-Step */

© 00 N O

T update using equation 6
10: g+l ye+n) update using 7

11: return 6@
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1. Similarity Scoring
2DODHEEIINL, H5NUHAFTHESNIEELUEE, BEF
ETHERRNI NLO YA VELNUEZLERT 5.

2. Synonym Selection
SZ5nfBEBICNLT, YA MROREEHRMNEVGEZRDITTL
59X, BEFETIE2EBOELUEZRTKRD S,

maxSim (w;, wy) = max cos (vij, v ) (9)
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Similarity Scoring & Synonym Selection D#ER

Word Similarity (p) Synonym Selection (%)
WS-353 RG-65 MC-30 MEN-3k ESL-50 RD-300 TOEFL-80
SINGLE 0.623 0.629 0.657 0.314 47.73 45.07 60.87
GC MULTI 0.535 0.510 0.309 0.359 27.27 47.89 52.17
RETRO 0.543 0.661 0.714 0.528 63.64 66.20 71.01
SINGLE 0.639 0.546 0.627 0.646 52.08 55.66 66.67
EM 0.194 0.278 0.167 0.228 27.08 33.96 40.00
G WSD 0.481 0.298 0.396 0.175 16.67 49.06 42.67
IMS 0.549 0.579 0.606 0.591 41.67 53.77 66.67
RETRO 0.552 0.673 0.705 0.560 56.25 65.09 73.33
EM+RETRO 0.321 0.734 0.758 0.428 62.22 66.67 68.63




Similarity Scoring in Context

3. Similarity Scoring in Context
XHR_EDEKRNEE S 11z Similarity Scoring, HIZIE T£3F, @
BEROD “bank” & “money” & DEIEMHIVNS B> TWS,

avgSimC (w;, ¢;, wyr, ¢;7)

= ZP(SzﬂCi,wi)P(Si'j/|Ci', wyr) €os (Vsj, Virj) (10)
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Vectors SCWS (p)
SG-WSD 0.343
SG-IMS 0.528
SG-RETRO 0.417
GC-RETRO 0.420
SG-EM 0.613
SG-EM+RETRO 0.587
GC-MULTI 0.657




Similarity Scoring in Context

3DEH®D#Y XY Tld GC (Global Context), 3 RbBEHETEICNY
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HAEDLEPTWVWEWSEEMGZDICHL, BEIFEELZEDYRAITE
NEWEEZHLTWS EWSEENG 5.

Method CPU Time

RETRO ~20 secs
EM+RETRO ~4 hours
IMS ~3 days
WSD ~1 year
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Word or Sense Top 3 Most Similar
hanging hung dangled hangs
hanging (suspending) | shoring support suspension
hanging (decoration) tapestry braid smock
climber climbers skier Loretan
climber (sportsman) lifter swinger sharpshooter

climber (vine) woodbine brier kiwi
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BERCEDRYMNLRBZAWSZ &1L D, Similarity Scoring in
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