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Fruit fly network for word embeddings
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“a word 1s characterized by the company it keeps” (Firth, 1957)

Apple stock rises on optimism for the new IPhone.
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How well does this work?
Word similarity task

N (OV) H Ul
o o o o

overlap of binary embeddings

tiger-figer
‘ Method Hash Length (k) Hash Length (k)
4 [ 8 [ 16 [ 32 | 64 [ 128 4 [ 8 [ 16 | 32 | 64 | 128
MEN (69.5/68.1) WS353 (64.0/47.7)
Ours 340 [ 499 | 559 [ 567 | 553 | 513 || 432 [ 521 | 55.3 | 57.4 | 60.3 | 51.7
otalbasietial e LSH 169 | 23.7 | 356 | 42.6 | 53.6 | 634 || 82 | 207 | 30.0 | 347 | 439 | 50.3
gnan-woman RandEXp m ﬂ 4@ 57.6 67.3 71.6 20 9 32 9 w M m 61_7
Pu—— ITQ 0.1 | 7.7 | 105 | 165 | 304 | 505 || -6.6 | -6.1 | 24 | -44 | 6.1 | 24.8
& "}?f:'ad buter BRSO Uamen: SH 94 | 170 | 229 | 376 | 529 | 654 | 154 | 14.1 | 195 | 323 | 43.1 | 584
2 gk PCAH 125 | 21.8 | 276 | 39.6 | 534 | 68.1 || 6.4 | 63 | 206 | 339 | 49.8 | 62.6
%%%W%m NLB : - |- - 461633 - | - | - - 1301 | 449
game- 33@|§ﬁd S S Soyade SIMLEX (31.5/29.8) RW (46.8/31.4)
HangRgREILS e Ours 134 | 165 | 22.8 [ 22.1 [ 21.1 | 17.0 || 11.0 | 22.6 | 25.8 | 369 | 38.6 | 35.2
SRR 'andscagmm@ s cian-wizard LSH 6.8 | 11.9 | 17.0 | 21.2 | 26.8 | 309 || 10.8 | 163 | 21.8 | 27.8 | 36.3 | 45.0
d'VednesdBY-neWS gt RandExp || 104 | 17.2 | 22.8 | 28.5 | 32.4 | 352 || 19.9 | 21.3 | 30.9 | 40.5 | 47.6 | 53.3
5{" e 98Ty ITQ 70 | 16 | 43 | 55 | 118|182 | 137 | 53 | 66 | 69 | 125|265
PNV vratcnce nuée%” iz SH 93 | 156 | 159 | 17.0 | 23.1 | 31.2 || 22.6 | 21.5 | 243 | 28.8 | 36.1 | 45.8
o hf&gﬁﬁ«vﬁ, & - PCAH 44 1103 | 11.0 | 173 | 24.1 | 31.6 || 124 | 167 | 21.5 | 303 | 36.9 | 44.4
:tock jagumnonth- m net-astronom NLB - - - - 205 3 l 4 - - - - 25 1 343
gty @b e FRRRe RG (74.2/67.6) Mturk (57.5/61.9)
o gty SO i — Ours 240 [ 404 | 51.3 [ 623 | 63.2 | 558 || 44.0 [ 49.0 | 522 | 60.1 | 57.7 | 55.2
¢ FigisdehBie LA mn"'msfﬂg?jﬁ!;gﬁmgm LSH || 212 | 354 | 446 | 55.1 | 63.1 | 70.1 || 16.0 | 23.1 | 332 | 356 | 42.7 | 555
¢ ¢ gummer natire RandExp || 36.6 | 49.0 | 49.5 | 66.1 | 69.6 | 70.9 || 29.3 | 35.8 | 41.4 | 50.4 | 59.0 | 61.6
eup-entity . @uemonth ITQ 175 | -89 | 263 | 41.7 | 505 | 662 || 99 | 7.8 | 10.1 | 17.7 | 32.8 | 47.3
SH 45 | 58 | 203 | 429 | 61.3 | 72.6 || 189 | 17.6 | 27.5 | 35.45 | 48.1 | 57.9
PCAH 1.9 | 96 | 198 | 409 | 533 | 68.2 || 155 | 151 | 27.1 | 41.7 | 465 | 56.2

2 4 6 8 10
human-annotated similarity



How well does this work?
Word In context

word in context 10 nearest neighbor words in the hash code space
design of apple latest iphone design, web, features, graphics, radeon, android, apps, ios, apple, nvidia
filling sweet apple pie recipe chocolate, sweet, crispy, noodles, syrup, coconut, cheese, sauce, butter, cinnamon

money in bank checking account [money, credit, loans, account, cash, funds, savings, paying, banks, pension

boat on the bank of the river river, lake, near, island, creek, canyon, valley, mountains, area, shore
Method mean std l\gegg%d rg;: a2n OS tzdz
BERT 56.8 | 0.54 ' '

word2vec (w = 5) 51.3 | 0.004

word2vec (w =0) | 36.7 | 0.005 Word2vec (w = 0) | 50.0 | 0.003
GloVe (w = 3) 409 | 13

Ve (o — o) el o GloVe (w = 7) 549 | 026

: : GloVe (w = 0) 50.1 | 025

Word2Sense (w = 3) | 414 0.01
Word2Sense (w = 0) | 54.2 | 0.008
Ours (w = 0) 49.1 0.36

Table 3: SCWS dataset: mean and std for
Spearman rank correlation. The best window
value is also shown.

Word2Sense (w = 7) | 56.5 | 0.004
Word2Sense (w = 0) | 50.0 | 0.003
Ours (w = 21) 57.7 0.27

Table 4: WiC dataset: mean and std for accu-
racy. The best window value is also shown.




FLYVEC

Select a query phrase from the
dropdown to search for most
related concepts

This sentence corresponds to
providing our fly-inspired model a
smell or analogous sensory input
The displayed wordclouds
represent the receptive fields of
the top activated Kenyon Cells
(KCs)

Click and hover over the grid to
explore every concept learned
by our model

Each circle on the grid represents
aKC with its corresponding
receptive field (optimal stimulus
that leads to the KC's activation)
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