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[Abstract]

In this study we leveraged a probing method to evaluate how a pre-trained L2 LSTM language model
represents sentences with relative and coordinate clauses. The probing experiment employed adapted models
based on the pre-trained L2 language models to trace the syntactic properties of sentence embedding vector
representations. The dataset for probing was automatically generated using several templates related to different
sentence structures. To classify the syntactic properties of sentences for each probing task, we measured the
adaptation effects of the language models using syntactic priming. We performed linear mixed-effects model
analyses to analyze the relation between adaptation effects in a complex statistical manner and reveal how
the L2 language models represent syntactic features for English sentences. When the L2 language models
were compared with the baseline L1 Gulordava language models, the analogous results were found for each
probing task. In addition, it was confirmed that the L2 language models contain syntactic features of relative

and coordinate clauses hierarchically in the sentence embedding representations.
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I. Introduction
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Fig. 1. The hierarchically syntactic structure in the
LSTM language model’s representation space
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2.2 Syntactic predictions in LSTM neural LMs
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Table 1. Language models(LMs) for probing tasks
Parameter Gulordava model L2 model
RNN LSTM LSTM
pre- Hidden layers 2 2
trained . . 100, 200, 400,
L Ms Hidden units 800, 1600 100, 200, 400
Tokens size 2M, 10M, 20M 7M, 9.8M, 13M
Pre-trained LMs 75 9
Adaptive LMs 375 45

III. Methods

H Ao A= Prasad et al.9] A+ =47} L2 LSTM A
of RHo] A UHE mAo| LA AR =AE AT
she BAb Zejoy-r o B2y TS asfich

24 BjAFo tigh AR e Fig. 2—31 £t
APOIA AHE3F SHEgloj Table 20] Aejdic,

Table 2. Hardware configuration

Name Version
GPU RTX A5000
CPU i9-10980XE
RAM 32G
HDD 2TB
SSD 1B

Aot 9lo] wHlo] 1L Linux Ubuntu SGAAe}
Visual Studio Code 7f2t&L $H730jA] Python¢ioiQ}
Pytorch 2fo]E2{2]S o]-&5fo] 83T

- . . P(w;) —_
| SoftMax | word
A surprisal

[ I
| P{w,) | | Plwg)

S
:l LSTM H LSI\M | . 0 __ 1stm
. e |
T BTN e B . oy
| emb_0 | | emb_1 | . e

Fig. 2. L2 LSTM language model architecture
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LM X

Language Model :
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Textbooks

Adaptation Set :

X

Evaluation Phase:

\ Predict
Adaptive | | post-adaptation
LMy surprisal
. ) Predict Linear
Pre-trained redic = .
M Pre-adaptation effects
surprisal
; i model
Adaptive 5 ?
LMy Predict Post-a aptat\on
) surprisal

Fig. 3. A probing procedure using syntactic priming

3.1 Experimental data for adaptive LSTM LMs
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FAE Prasad et al.o] AFESIE Al Hlo]E & AF& 5o
WA 555 SUY 2578

gsto] TA== A3/d3id6l.
7% HEHL 55F-50]-UAE active subject RC:
SRC), EA0]-IA A (unreduced object RC; ORC), &
AN

El

oF-27A0]-27&(Reduced object RC; ORRC), &%F-4
=3&]-1A A (reduced passive RC; PRRC), ZFo]-59A

(subject coordination; SCONT), ZX0]-52]&(object
coordination; OCONT)Z2 =it}

BlZa) DALE O =2} 2237), WAL 1647), BAF 2474,
FEA IR S22 AH GAL AL BAL FEAE &
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7% Bl=3]2 ARRSto 5719 Ad 2-2(experiment
list)S At 72t 222 A28 M E(adaptation set)Qt
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20k ZF A8 NE+ 207 A 245 EYPo,
BlAE NE+= 507] HlAE 255 2RI
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Table 3. Examples of sentences with 7 templates

Structure Sentence
ORC The conspiracy that the employee welcomed
divided the beautiful country.
ORRC The conspiracy the employee welcomed
divided the beautiful country.
PRC The conspir.a.cy that was wglcomed by the
employee divided the beautiful country.
PRRC The conspiracy welcomed by the employee
divided the beautiful country.
SRC Thg employee that welcqmgd the conspiracy
quickly searched the buildings.
OCONT Thg conspiracy wglcomed the employee and
divided the beautiful country.
SCONT The employee welcomed the conspiracy and
quickly searched the buildings.

3.2 L2 Pre-trained LSTM LMs (L2PLMs)
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Table 19] L2PLMs 2@ ZE oz QIAAEI £
A% Atololl LHF 715 (embedding layer), 271 &4 7|
Z(hidden layer), @& A7 AZ(fully connected
layer)2 /\}Ré} A3 AZ&(linear layer)oz2 JLA=IC)

o o _
T v w= (wy, -+ w,)

U Asw 29 ASY guat ARY T
(vocabulary size)2 AAJsty, A¥d A A& A=
oA Agde oof viES Vdi*% L5 word2vec®]
UMY B0 QYsiol 2 Holg 256U o]

JHd ¥E(word embedding vector)2 EHE
Ase Vo) U AU AFS AFgstT 271
gy LSTM 2502 e,

Fig. 2°] L2PLMs EG‘Oﬂ ALRH sty FWAE 2016
HEE 2018971A] &®= EBS-CSAT English Prep
Books®t 2001 2] 2009\H0]| gh=ojlA o Zst
59 D5 ol WaAolA] 24 Jol BHEE A
83ct.
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3.3 L2 Adaptive LSTM LMs (L2ALMs)

& 2olM= Table 3014 AAJRE 7879 SAF F271
L2 o] =m0 27 dHld £30f Fig. 1t Zo] ASA
oz HIHEAE AT Hs $AF Z2to|-7 ] =
29 AR 2705t 2R g2 Fig. 33t 2ot

A Zefo]g-7Iet ey ARH= L2PLMs 2519 A
o] @I, HIAE T, J2ju {7t dAlz S/dEH Fig.
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ow %@ NEAIE AgSl] A S5 S 27t AR
o). g o152 L2PMs o] Ag AES] Kg RAS

sy g2

£A(cross-entropy loss)&

FstHA B8 2L o5 of @Al JE=ZD]
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A2 QololEdict. GolEd /HEAIE AMgste] The
A PR o5

UL U-3F 52 23eb] Slsh 189 AL
2 RYER 7YY AY 259 XS HES oz |
AEE 4351HA] L2PLMs RH9] 715X &8 £AstL
2E MG S YelolEd AL & 457 L2 LSTM
5g olo] BLIALMSIS AL Fig. 4 o] Tl
Oiet =A)zolct,

7 Templates for Structures

l

Generator for Adaptation
set and Test set

-«

—
Adaptation set
for training

9 Pre-trained LSTM
language models

(L2PLMs)

Adaptive modelling

—

e —
45 Adaptive LSTM
language models(L2ALMs)
- M

Fig. 4. Flowchart for Adaptive Language Model
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3.5 The adaptation effect (AE(Y | X))
L2ALMs 2®0] xdo] AR & 53 JHE G
QJ=x]o| Tjgt EA} majo]m]-7|dF 2] EjAIL Fig.

34 7t SAA 249 AL g adaptation effect:
E)2 AWtelo] A2 ThE Ak TES 7T 9AP 57
46@ o

B2t BARIA AZ ME(X)7E £017 F5 ElAE A
E(v)ol st MS aatE EAe 1) [2ALMs 20| A
S 3IWAE(Y | X))= Prasad et al.7} AJQIgt 2A1S

m[o
r&v

AHE-SATH6]:
AE(Y|X) = Adapt(Y|X) — Surp;,,(Y) (4)
AL ()M Surppy (V)9 Adapt(Y | X)Ato]of 0]
0|3t oFo] AbAZE ERIEHp < 2.2¢ —16)2 Fig. 501A]
HojEr

Adapt(Y|X)

Fig. 5. The relation between Surpmj(Y) and
Adapt (Y | X)

U N O HAE AE Yol 27} Fojdl 7
LM, 299 A2 ul7t AE(Y | X) > AE(Z | X

—{o

~—

S xR, S ME Xt 7 8} veh gARS o

Otk 7 ol 24 (3)-(4)2 olgsiel TS A

=5Y 4 W] ROk Surpy, (V) < Surpy,y (7). 1
o

2|l ko] AtAlo oo Adapt(Y 1X) < Adapt(Z |X)

IV. Results

A} Zefojg)-7)ut 22y ElA3 AE Fig. 39 5
97l L2PLMs 23} 457) [2ALMs 2 Apgaict. of
Ne A} mafolgrl T2y A 2 HAE
243 7¥7F L2PLMs 2@yt L2ALMs 2o 25t
Ao gt AE(Test|Adaptation)g B7}134ct

L2ALMs 220] A2 3utol Table 39] WAA LA
sgHoz A g &8

o = R F{Jﬂ
Had P2 ol8sto] HojEE EAshs Wo|tt. o
2pA EAM oz 9oju)st Fuprt UERUH, o] mdo
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L2LMs SdojA de Ay ZAnpse M3 Ay
Prasad et alo] Ad Zis1t Y3 Fds 5 a8=

soIgicH6].

4.1 Similarity between sentences by AE
R WA EAF Zefo]-7|uk L2 EfATE Table 3
9] Ex} Lxof ts] AL v} AE(TestIAdaptatzon)
S 7AREle] L2ALMs 20| o] £730] FAF 1% &
7< EJ-_]_}_ o]‘—x]E ::.47}0}7] 94@' Malo]l:}.
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X2)& Table 30]A Kﬂ*li A 5% %05}7‘1“} o]

m[o i

5510] &g @wto] gojo] ofs) x1+
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y2urt X290t 9

ORCH

ORRC A

PRC A

Test structure
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SRC 1 ———
OCONT 1 e —
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00 05 10 15 20
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Fig. 6. The AE averaged across all 9 models
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Table 4. Mixed-effects model with AF

Structure Estimate Std Pr(>|t])
ORC 0.376 0.008 0.000%xx*
ORRC 0.092 0.008 0.000%xx*
PRC 0.545 0.008 0.000%xx*
PRRC 0.323 0.008 0.000%xx*
SRC 0.289 0.008 0.000%xx*

OCONT 0.296 0.08 0.000%xx*
SCONT 0.352 0.009 0.000%x**
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Fig. 7. Similarities between sentences with different types
of coordination(upper panel) and RCs(lower panel)
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Table 5. Mixed-effects model with AF

Adaptation testRC Estimate Std Pr(>|t|)
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Table 6. Mixed-effects model with AF

Adaptation testRC Estimate Std Pr(>|t])
RC Intercept 0.992 0.056  0.00***
TestRC 0.035 0.002  0.00**x
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Table 7. TestRC as fixed-effect

Reduced_ Both_ No_
match match match
Passive_match 0 0 0
Reduced_match 1 0
Both_match 0 1 0
No_match 0 0 1
L2ALMs 20| X8 Futol| JaF

201024 WA 259 447} 501
o ol a1} 988 Table 84 TR 4 9.

Table 8. Mixed-effects model with AF

testRC/Contrast Estimate Std Pr(>|t])

Reduced_match -0.270 0.010 <2e-16**x*
Both_match 0.482 0.010 <2e-16%*x*
No_match -0.344 0.010 <2e-16%*x*
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