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BRME EFEOBER E BERE PEU O HRT
HYH, EFETIIAHOEEERICB W TEER&E
ZRZLUTOVAAREED R IN TS, KX T
3, BRMUMBEBEBETVLICBVTHN S 2 RS
21DDORYF—IZRET L. BREIL, AR
DML ERUIICER T 2HRTH D, SBET
NMCBWTINEMIEST 5 Z 21, ZOXH=X L
PRS00 FRhb i eEZLNS. &
AEAEE LTE, TERIA S WS N T & - EKGE
YD ER Y OXIEDTE, RO A &
LTCEBETVICHEAT 5. BERIICIE, HEOR
MEEZNFITHAEZ TV, ZOFRMD SIEOET
B DA TIEFHHTER W L ERLT-.

1 IXL&HIC

KEMESFEE 7V (large language model; LLM) 1,
EVWKETHARSHELZEMR LERT 2REZRLT
Wb, UL, ZOH@E - AROBRICIE TS v Y
Ry 7 ZNBMER DD, ZOREBUEED LS
WHHT 200 EERFEE R oTWVWS [1]. 25
L=z % 2, LLM O S E0EEDS, ARM & X
TEDESRENPHEL, YOXSREANRLZD
HEARRHNCHE T 2 2 L 3D THEETH 3 [2].
Z5 LTHELNEAIRE, LLM B AR D &
SIWIELVBZ2DO0EEZSDDRME 125 [3].
F72, LLM & A D ZEDSHE, TARODSiEY
BhroBonsligid, SEETLVORRICED X
SWEPE DD ? | £\ o7z BabyLM [4] D X 5 7%
WroEENA & b &R T 5.

ANEOEFBIHEICBWTRBINRERD U DI
B4 (sound symbolism) 235 % [5]. ERB L IZ,
OB ZDORERKE KRNI T SHRTH
D, PIZET =N FXHR [6] TIE, AX- 7
W2 Tkikil, FLWEIZE Tbouba) &\ 5 i % G
OO BHADD D, kA 72 SFEHUR T 2 psSEaE

TR TW5E. BREWIAEYFEN - BERICESCE
IR ERER Y, SERRSULNEED, BN

SRKELRERNIDY, MHLIE, ZhozF
FERERVEHEECOmAICEVWTHAS 7 4 2
=T VY TETLE LTHIALTWS [7]. %
7z, SHOLBIEERB T - AT v BV KRG
(sound-symbolism bootstrapping hypothesis) Z$zZME L,
BREDH - SR OFEEFE 2 BB GETHZ
% FiRLU., ZAUFFELHEY, KEEICBWT
D% DFEFEWZE[9, 10, 111 IC X D ZREIhTHD,
BRI ANE OSBRI W TEEREE 2D
AJREMED R S 5.

AR TIE, BREDPEHEET BV TENS
MEIDEMRIAT 2720DRYFv—0 RIRET
5. BRI, BEKES R TED LS ITHWY
LTV ENICEDE, BERHINCEET s
LBV ORDEIZRIARTDTF—REy M &
MET 2. Z2LT, SHEETADPVTNOITHL
TEDEWVWLEZEID B T2 02T 5. ERHE
O BRI EHNIZ I 2 25, SEIEZDOHD—D
TH 35 (phonestheme) V12O WTHRFES .

KRYF2—2ICXD, GMRETANEREEZ Y
DEIICEHZZ2DEHLIICL, A DAER
PRMEAETZ 5. ZHUTED, BEEBOS> 5, U%E
MORRICNET 2 2R, FiEIHMKELRER~
NFE— ZNVLFICHRT 2 EHK & & 7L T
R 51 DDH T RE RS 5. £, Z OFHM
ty M, BREBETALDOANES L Z2FS % f5iE
D—ot LTHRET 3.
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2.1 &&%&t

BRMIST L IEE RIS 578 5 I = LRT
DF—&Ey FEWERT . SRENE, BED

1) JEREFARMOFOMKEN T, HEDE®RZEEZE2 D
D.



FMEBEEEOEEREEZ —OA A, TOHEEIKE
ﬁbf,%@fﬁ%ﬁiéﬂ%ﬁ%(7ﬂx)ﬁ%
BIEIELXTH L. —7, EBFREHINL, MIS
T BRI DEEHREORBROAZHD S D
WEZXMZ 12X THS. 25LT, EEEEORM
FD7u R ERAHEES T 5085 (control) &
Z 9 THRWILES (treatment) DR 7 % /MR D 7%
BTIERT 5. NREFEIIRFEL T 5.

2.2 {ERAE

RYFNIEATHIE [12] THRAEX T W % 25 -
BREMBICHNZ R MK 4 B> 5, 1ERGEFRIC
BOWTT—=ZRXR=2AHBBEED 7 4 VX —TH
DTz -awl ROz, 43 8 (BE5E:22, #5FE:21) % H
W53, HEOGEMENF D T—2 LTHbh
TWBIGE (scr/skr, [Vng:ang/eng/ing/ong/ung 75 ¥)
Zhold 7 =Xty NATHFIZRR S LS5I1CL
Jo. SUTEEIREE & B A Z LLM Z - W Thl & 12
AR LMAAGDOETER L. L LLM &
ChatGPT-4o-mini 2 TH 3. ¥— X+t v FIZ Github
TRELTWS Y .

2.2.1 ETHKEOER
ERZIRGE X, RMBEIFEMBICHNAZ DD L

)zugékfﬁrhéfbo)t% MFT, UNOFEIZHE -
THEWLT.
FiE1. LLM %AW, %%ﬁi%a@ﬂ (IRER

BHERL, ZIhOREBELIINDE
B) it - INET 5.

FlH 2. 2RYETCNELREERE Z VX LI
BERHEANBEAEL LS T 5.

FME 3. AT X o THEOLNGED S BEHIGE = HE
B3 2720, WHEF — X X—2TdH 5 wordfreq?
WBOWTHBEBEED? 0 TRVEZRNT S, &5
12, HEEr LTOHRIZHRT 2720, HBIHE
A7 10,000 B2 —E S HBL L R\ 3-gram & & O FE
HRMNT 2. ZOFIHICKD, TATHRTHE X
NTWVWABRBMED DB skr-,-awl, -osk, -usk 1XFRI X
niz-.

FlE 4. FE 3 £ TTHR - 7 MERGE % 0 HEGE
T 5. BENIEFEEICOWT, REEETD ’&@@%‘%Tﬂf
WCHE XX 2 2 CULEGEREZ AR T 5. B, &
XX ZRMEBEICE, TORBREXFOEEY S

2) https://openai.com/ja-JP/index/hello-gpt-40/

3) https://github.com/takamichi-lab/PhoMP
4) https://github.com/rspeer/wordfreq

7 (BUF, K

FRVBDDAEHWS. WEERHICOWTY, F
JIE§ 3 & [FRRICBERIGES K EEE e L TR BERREE
PRV L, ZOREER, WEBFEREDZEES LIk o 70t
FEIRHIFRT 5.

FME 5. 5% o 7= ST HEGE IS IE 3 2 LEFERED &
FYRLTRBEEERL, MNEELEEORT %
MRS 5. ThzBREIRITOZ 1000 fEEKRT 5.

7B, FE1 BICFEE2 2BWTEEEZ 2%
FFLUTHDE S 2 DX, BEKGEAEKRHICRIE DR
Tﬂ?ﬁk:@/\bfgﬁr—ﬁ/ﬁ3ﬁfﬂzéﬂ5\_}if, nn@ﬁ
REDRICBV TN IEGEILERE X b AR S
EWVWIHINAL T REHIRT 2720 TH 5.

2.2.2 BRADERRK
X7 7L — | [Left] [Word] [Right] IZXfL,
Word] D8 E L7270 X %D X 5 7 [Left] &
[Right] Z LLM IZAEK S E 5. ZD, [Word] %
MEEIRFEICERTZ 2T, 7—Xty FEMERK
55,

—&Xt v M, 43 DRBFEITOVTH 1000 D
BREUN, IEERBIRELXDI = ART o
2. T—XEty FOflEE1ITRT.

23 RIFI—7ICEITSFIA
RF—REy N EFIBEETIOVEHIICHW 2 HiE%E

BRB.

XD LELR, I =< AR7F—&ty M2
kB3R F~v—2TH% BLIMP [13] L FAEEICRT
BEZNENETIVICATIL, BERBNSLIEERE

XS LIZEWEEZRLI»ZHET 5.
BEWA O LERER. ERA0ADILEZ KRS
2HERIBET L. FHD DI NOXHI%E
Z5.
The bright glenthor shines at night.
Left Word Right
DX T 2B EILLTD L 51272 5.
score = log P (Left, Word, Right) (1)
=log P (Left)
Constant
+ log P (Word|Left)
Likelihood of word
+ log P (Right|Left, Word) )

Likelihood of gloss given word

ZOE2EIIXIMEREED b — 27 VRIIOHB L=
FTXLWVWOISEENEENS. X, MEENRTDH


https://openai.com/ja-JP/index/hello-gpt-4o/
https://github.com/takamichi-lab/PhoMP
https://github.com/rspeer/wordfreq

R1 RHEr 7%ty Lol

Phonestheme  Gloss

Sample of Control / Treatment

gl- “having to do with light or with vision; or something visually ~ “The bright {glenthor / sprenthor} shines at night.”
salient”
sn- “related to the nose, or byeathing; or by metaphorical extension  “The sharp {snalbert/ tralbert} caused trouble while breathing.”

to snobbishness, inquisitiveness”
-ack “collision creating noise or action with abrupt end”

BIEIRGE Y 70 R OMME L I3EBERTH D, P
DIHERER D 5 3.

Z 2T, EEKREICHT 2 EHRAONELETH
ZEIEOARHET S, B, I=< TR
BT3B 1 THIZER 25720, FEERIZHE 2
HOAZRATHIERT7ZEOLEDEKIZZELL
VAQIAN

M EDREFEIIBNT, 7—&Xty hOFHTER
BRSO L TRWLEZ R LEIEEZR Y F v —
72a7e LTHS.

3 TF—%2tv O

3.1 AFEHM

ARF—=ZEy PPBEREIILFEERHEBI LD
R7 Y L TEZYDPHWT 2720, NTiklliz 5ZhE L
7=, FHEE R Prolific ZWMUTHE LR, £S5
BHFEY $2 1004 THS. sHliClELDORT %212
KL, ZhZPRIZEETN 2 EEIREI AR ICHEES
LTWA L 22 EIRX . SFHii#E 1% 43
DRWYFBWOZ 1 HFTOFML, B RENLBRT
1% 1000 HDH D SEITZ L ICT ¥ R LIGEH L.
IR, BREICEEE LTIKS.

I OFER, REEL VDO ESRDOGMHIE N 1
DI o7z. FRAEIZ 0.564 72 h FHIR—FH
FIZBITI2F ¥ YAL_LTH S 0.5 % EAlo>Tn
5. ZDOZrlE, BERMNIZSXOFERMEARMU LD
HECTIThbh =l 8 B/RLTWAS.,

CDRERZ ATV [12] KBWTAER KD
W, ZRRACHEIEERGEY 4 BIR—F 256
i3 2. 2RMED D v MEEOFEINL, FLITHF
HDEEBRTIX 0257 TH oD L, REBTIZ
0.091 THolz. AEBROGTMENERBEE L LT
X, RT—RDENDEZOLNDS. TATHIZETIX
WEERGEL 70 22 MEEE 2 DI LT, RFEE
TIEERGE Y, 7o X»EE 3 Bka 25
HDB VWS EENRGEE > TWS. £z, %
TR TR EEEEN T — X EERK L TWE—F

5) https://www.prolific.com/

“The loud {flimbtack | flimbtump} shattered the silence quickly.”

Control sent. is
selected more

10 Treatment sent. is
selected more

(0]

N

2

Frequency
(o)]

%.2 0.3 0.4 0.5 0.6 0.7 0.8
Proportion of semantic match choices

E1 RBELNVOIEELRD

T, AFEBTIELLM 2MER L TW3 728, —&od
T—=RDXMRD S £ 7 R ERHHTETVRWVWA]
HEVED D 5.

FEATHSE & RIFE TIEBER D B WREE DA 23
CORE—KTI20ZHND70, FEHEL LD
EFERDZAE 7 < > OIENHBFREEEH L. %
ITHRFL D FEERAE R & A EERAS R O AL AHRIRENE o
120.024 72D, ZIZEHBETH o7z, FEREE L
TR T 2 EEHEOES, FREOIRTAIERYE D
FEREMEDNRE L B o TWEZ I & 2 AlREMD
BV, ZORERP S, BEREEORE I ZEENIC
i3 2 2 DEEL XIS,

3.2 EETTILFHE

TRty FOEKYED S B ANFilloEE
KahfE (0.564) UEDDDEFFEETNVICH
W3,

RO 2 EHOSBET LENRE T 5.

YHERBAETN. oy F~v— 2 iz
W [14]) A, —PIC AFAIEEZR Pythia [15],
Qwen [16], Llama © % Fiu 7=,

=0 FATFORRIWBAEET N, REFH
ERRET AR B RIE 2SR [17] 728D, BTV
BRAICHREBEZBOENIED LS b= F 4 XX
NTVEE, FondERICEELEZ2E X
LNE. SREEBRP Y ONETER INHEIT,
AN D E RN R DIEWVIR 2 BODEHNS D

6) https://github.com/meta-1lama/llama-models
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EMRES 5.

ARBFFETIX, TS (18] 1€V, GPT-2[19] %
HWT, ¥77—F, XFR—X, BLUEFHREXR—
A WO BRREZ N0 F A XFETEEF LEZET L
B, HBMEEEIT - 2. 228 TR
[FAREIC BabyLM ¥ — Xt v + DR, HER—2Z
DFEIIX, Y - MEET— X+t v % G2P+ [20]
WEoTERLLEZDDEFEHALE. IXNTOET
JUZ 400,000 R T v THEEEITo Tz,

HIEDE S D7, ERBBIZOVWTD
L DTS SRR A R

i)

EET

3.2.1 ERKAOAEZ DR

Section 2.3 T/~ L 72 EIKA] D T LLEL D R 5 % 1%
AET 5728, Y7V — R¥EREITo72 GPT2 ITH L
T, EEKBEOAZETNVIAN LGSO R a7
&, XEWRE AN LEGED R a7 ONEAAHEEF
BEHEBLE. ZO/E 0.856 W5 EWENE S
h, XEROLEHETOR 2713, BEKEL 2
0 2 OB TR R EEREED b — 2 Y RIINC
B HEL RN D Z e RN
NLUTERAOLERKTRa 728 Lz 2
25, EEREDOAE AN LIZGAEDR a7 ¥ DJEN
MEARENZ 0113 E TR T L. ZofRIE, AF
TEIC X o TEEIRGEHIRDLE O E L2 RN R
ETETCWVWELILERLTVS.

LR, BEWAOLEKROFEEHWTHEREEZE
H35.

322 EPFAETIOER

HBEASEETABOZ a7 OENHEREE
K2ITRT. ZNHDOHENS, BERLZFHEET L
BV TEHIERNIM R —H L TV 2 Z e 230 h
5. ¥7%, FHIRXa7EHLTHETLVNDT —F T
JF yRHBEIC X ZRERENA NPT, Z
NoDERNS, KRNV F<v— 73S EEHANC
FETHEETHE L CEEINIEE LKL T
WABHAREMED D 5.

—7%, &R LTEEEF VAR ORER L 13K
WHBZRL, R T7IBWTELRZETHEL
Hotz. ZHUL, FEBOFTRED T X A t DFiE
FE (BRI next token prediction) @D & TIdFHR
HoEhv, SEIMERERNERPI LT E—
NV R BREZATNDS ZE BRBT 5.

7) https://huggingface.co/datasets/vesteinn/babylm

K2 ¥HEASEETTNLOFEY a7 L HEH
¥ 03LUR%E FE, 07 E%E FBF TRLTWS.

2 g8 8

o m ¥y o~ —

Q - H :

2 g & QA < e

g g = g g £
5 s, 2 = =

= = -9 o 2 =

Human 0.605 1.000

Pythia-1B 0.550 | 0.145 1.000
Qwen2.5-3B  0.542 | 0.247  0.923 1.000
Llama3.2-3B 0.551 | 0.109 0.866 0.892 1.000
Llama3.1-8B  0.553 | —0.236 0.749 0.775 0.814 1.000

R3 B =040 VFHRa7 LHH

=

c B2

B = 5 51

g g : £ g

L = % E 2

= T 7 O =
Human 0.605 1.000

Subword  0.550 | —0.101  1.000
Character 0.563 0.104 0.686 1.000
Phoneme 0.538 | —0.206 0.607 0.345 1.000

323 F=9FMHDELBIETIOER

F—2FAFORLZET LMD R a7 DIENAH
BEMRENE, K3 ITRTLBD, AWVITPRRZSMH
MZRL7Z. XFR—ZAD =7 FA P T, 7
V=R b= FA4FEDDdEVWEHRa7ZRL
2. T, YT U—F =T F A4 XTI, EEK
RN FARXTEBICRBENFIC—FLED
DHEMNE LTHEXINBE LIRS VWD TH B
Zzo05.

4 SEORE

AFRTIE, BREZSET T AL L OREETE
LTWEREMEET 272007 — &ty hDIERST
ke, ZORYF2—27 2 LTOFHAAEEREL
72, ARWFETRAENR L L72DE, EREBOHTD
FEHIEEIC K 2 MIE AR NRMETH 558, AF
FERMOBEOFT RS L THBEHETH D,
LR EE T EEZ OIS, BRBIX, 77—
FEMRICREZINZ X512, BEROEZRY 7 4 [
OXIGEFRE LTHAZBHRTH S, 20D, &
FEEZNFE—XIVFEETVICHEH L THEE
21528 T, NHeHEWMAEET LV OERICEL
T, IO ERECHENIEOLNZHENEDLD 5.

AT, IST BIFEMIIFSE X $$3€ JPMIFR226V,
JSPS BT 2 23K24895 DT 8% =) THEHE L 7=.


https://huggingface.co/datasets/vesteinn/babylm

BE Xk

(1]

(2]

(3]

(4]

(5]

(6]

(7]

(8]

(9]

[10]

[11]

[12]

[13]

[14]

H. Luo, L. Specia, “From understanding to utilization: A
survey on explainability for large language models,” 2024.
[Online]. Available: https://arxiv.org/abs/2401.12874

Q. Niu et al.,, “Large language models and cognitive
science: A comprehensive review of similarities,
differences, and challenges,” 2025. [Online]. Available:
https://arxiv.org/abs/2409.02387

J. Grieve et al., “The sociolinguistic foundations
of language modeling,” 2024. [Online]. Available:
https://arxiv.org/abs/2407.09241

M. Y. Hu et al., “Findings of the second BabyLM chal-
lenge: Sample-efficient pretraining on developmentally
plausible corpora,” in The 2nd BabyLM Challenge
at the 28th Conference on Computational Natu-
ral Language Learning, M. Y. Hu et al., Eds. Miami,
FL, USA: Association for Computational Linguistics, Nov.
2024, pp. 1-21.

P. Perniss et al., “Iconicity as a general property of
language: Evidence from spoken and signed languages,”
Frontiers in Psychology, vol. Volume 1 - 2010, 2010.
[Online]. Available: https://www.frontiersin.org/journals/
psychology/articles/10.3389/fpsyg.2010.00227

W. Kohler, “Gestalt psychology,” in An Introduction
to New Concepts in Modern Psychology (Liveright
Publishing Corporation, New York), 1929.

K. Akita, M. Imai, The iconicity ring model for sound
symbolism, 11 2022, pp. 27-46.

M. Imai, S. Kita, “The sound symbolism bootstrapping
hypothesis for language acquisition and language evo-
lution,” in Philosophical Transactions of the Royal
Society B, vol. 369: 20130298, 2014. [Online]. Avail-
able: https://cogpsy.stc.keio.ac.jp/imailab/journalpapers/
Imai_and_Kita_The_sound_symbolism_Phil_Trans.pdf

M. Imai et al., “Sound symbolism facilitates early
verb learning,” Cogpnition, vol. 109, no. 1, pp. 54-65,
2008. [Online]. Available: https://www.sciencedirect.
com/science/article/pii/S0010027708001807

“Sound symbolism facilitates word learning
in 14-month-olds,” PLOS ONE, vol. 10, no. 2,
pp- 1-17, 02 2015. [Online]. Available:  https:
//doi.org/10.1371/journal.pone.0116494

M. Asano et al., “Sound symbolism scaffolds language de-
velopment in preverbal infants,” Cortex, vol. 63, pp. 196—
205, 2015. [Online]. Available: https://www.sciencedirect.
com/science/article/pii/S0010945214002883

S. S. HUTCHINS, “The psychological reality, variability,
and compositionality of english phonesthemes,” in At-
lanta: Emory University dissertation., 1998.

A. Warstadt et al, “Blimp: The benchmark of
linguistic minimal pairs for english,” Transactions
of the Association for Computational Linguistics,
vol. 8, pp. 377-392, 2020. [Online]. Available:
https://doi.org/10.1162/tacl_a_00321

K. T. Chitty-Venkata et al., “Llm-inference-bench:
Inference benchmarking of large language models on
ai accelerators,” 2024. [Online]. Available: https:

[15]

[16]

(17]

(18]

[19]

(20]

/larxiv.org/abs/2411.00136

S. Biderman et al., “Pythia: A suite for analyzing large
language models across training and scaling,” in Interna-
tional Conference on Machine Learning. PMLR,
2023, pp. 2397-2430.

J. Bai et al., “Qwen technical report,” arXiv preprint
arXiv:2309.16609, 2023.

B. K. Bergen, “The psychological reality of phonaes-
themes,” Linguistic Society of America, vol. 80, no. 2,
pp- 290-311, 2004.
Z. Goriely et al,
training language models on continuous streams of
phonemes,” in The 2nd BabyLM Challenge at
the 28th Conference on Computational Natural
Language Learning, M. Y. Hu et al, Eds.
Miami, FL, USA: Association for Computational
Linguistics, Nov. 2024, pp. 37-53. [Online]. Available:
https://aclanthology.org/2024.conll-babylm.4/

A. Radford et al., “Language models are unsupervised
multitask learners,” 2019.

Z. Goriely, P. Buttery, “Ipa-childes g2p+: Feature-rich
resources for cross-lingual phonology and phonemic
language modeling,” 2025. [Online]. Available: https:
/larxiv.org/abs/2504.03036

“From babble to words: Pre-


https://arxiv.org/abs/2401.12874
https://arxiv.org/abs/2409.02387
https://arxiv.org/abs/2407.09241
https://www.frontiersin.org/journals/psychology/articles/10.3389/fpsyg.2010.00227
https://www.frontiersin.org/journals/psychology/articles/10.3389/fpsyg.2010.00227
https://cogpsy.sfc.keio.ac.jp/imailab/journalpapers/Imai_and_Kita_The_sound_symbolism_Phil_Trans.pdf
https://cogpsy.sfc.keio.ac.jp/imailab/journalpapers/Imai_and_Kita_The_sound_symbolism_Phil_Trans.pdf
https://www.sciencedirect.com/science/article/pii/S0010027708001807
https://www.sciencedirect.com/science/article/pii/S0010027708001807
https://doi.org/10.1371/journal.pone.0116494
https://doi.org/10.1371/journal.pone.0116494
https://www.sciencedirect.com/science/article/pii/S0010945214002883
https://www.sciencedirect.com/science/article/pii/S0010945214002883
https://doi.org/10.1162/tacl_a_00321
https://arxiv.org/abs/2411.00136
https://arxiv.org/abs/2411.00136
https://aclanthology.org/2024.conll-babylm.4/
https://arxiv.org/abs/2504.03036
https://arxiv.org/abs/2504.03036

A FFHLRERER
AXICHEZINBEWERBEBT rORVFY— I FERPR 4127,

KA BRYEZL D, FHBEALLM * B3 s —27F 4 XD GPT2 B AR F~v— 7 FER
¥F v AL (05 XD BMENICEERME (p <005 2OMNZTRLTWS. (Human: n = 100, Z O fih:
n = 1000)

Open source LLMs GPT-2
Phonestheme Human | Pythia-1B  Qwen2.5-3B  Llama3.2-1B  Llama3.2-3B  Llama3.1-8B | Subword Character Phoneme

cl- 0.653 0.491 0.501 0.542 0.579 0.525 0.526 0.505 0.424
cr- 0.594 0.480 0.473 0.485 0.511 0.502 0.515 0.498 0.455
dr 0.574 0.567 0.589 0.546 0.561 0.549 0.590 0.572 0.520
fl- 0.624 0.553 0.554 0.584 0.612 0.573 0.566 0.535 0.575
or- 0.584 0.570 0.508 0.547 0.555 0.538 0.546 0.570 0.535
sc-/sk- 0.574 0.488 0.493 0.470 0.490 0.519 0.500 0.503 0.491
scr- 0.574 0.493 0.528 0.551 0.524 0.569 0.499 0.537 0.490
sn- 0.574 0.484 0.592 0.576 0.610 0.645 0.536 0.535 0.532
spl- 0.574 0.478 0.555 0.616 0.599 0.619 0.574 0.532 0.649
str- 0.574 0.490 0.459 0.487 0.471 0.541 0.606 0.572 0.609
tr- 0.584 0.496 0.464 0.485 0.514 0.490 0.547 0.522 0.611
-ack 0.624 0.678 0.613 0.694 0.627 0.670 0.718 0.773 0.582
-am 0.624 0.454 0.438 0.457 0.446 0.371 0.346 0.517 0.498
-ap 0.624 0.374 0.478 0.454 0.410 0.404 0.349 0.443 0.601
-ash 0.703 0.600 0.596 0.601 0.590 0.585 0.683 0.721 0.665
-ick 0.624 0.711 0.663 0.640 0.652 0.718 0.581 0.699 0.220
-ip 0.634 0.328 0.320 0.347 0.390 0.365 0.352 0.510 0.490
-[Ving 0.653 0.554 0.540 0.586 0.566 0.524 0.453 0.465 0.320
-oil 0.594 0.818 0.813 0.817 0.804 0.852 0.697 0.816 0.707
-olt 0.624 0.671 0.586 0.501 0.519 0.537 0.737 0.789 0.664
-owl 0.574 0.748 0.694 0.622 0.610 0.530 0.671 0.378 0.602
-ust 0.564 0.389 0.471 0.452 0.489 0.537 0.521 0.409 0.592
all 0.605 0.550 0.542 0.548 0.551 0.553 0.550 0.563 0.538
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