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[Abstract]

In this paper, we propose an approach to analyze the dynamic LSTM network activation in an LSTM
English learner language model trained on a large corpus of English-speaking learners. The objective is to
examine the relationship between network activation and performance on the Subject-Verb Number
Agreement task. By employing a NA-task probing classifier and conducting ablation experiments,
activation patterns are evaluated at each time step. The results reveal a strong link between network
activation and the classifier's performance. The proposed model achieved 99.57% accuracy on the
evaluation dataset for the NA-task, demonstrating its acquisition of correct grammar rules and accurate
prediction ability. To analyze the influence of internal neurons on NA-task processing, specific LSTM
neurons are removed and the model's performance is examined. Removing neuron 776 resulted in a more
than 10% decrease in performance for plural subjects, while removing neuron 988 led to a 10% decrease

in performance for singular subjects compared to the model before removal.
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I. Introduction

o2k A9 £35] 7] o
AlZ4"HLong Short-Term Memory, LSTM)S o]&
gF o] He ket AFIojX2](NLP) AfiolA 454
A A QleH1-2].

LSTMZ NLP ZofojlA HIAE F4F2 A2fsh= O] Ab
8]0}, ]85 TPgolH LSTMo] ¢loje] £ =
¥e mAlL QAT wHlsbl s B 2Rl
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7171 8] A7 oj o] oESHA] Al o HLAIA]
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?79.5}04, ol 239 Fo A LR AD(Number
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II. Related works

1. Probing classifier
A 2771 Atol A9 A5 AP 22 siA
o2 Bl | Sl 7adl Y
—%% 9] 2t 2l o Qlofst
BHO 2V oF5p] 5 BB
A BRI A5 AT B9l Uy S22 o)
1L ofgfiste H oM ot 22 RlES 7RI 9
o} AR, 20| ofE 54 3
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AP overfitting)== 2= GAIZ 4 AT}, wepa] ZA4
771 Atdo] A2] w9 sidut FAo] QlojA {-&
gt = tolt}{9].

2 APolME SFEAE LSTM Qlojrds o] 85t S
w7719 oPEIRE o AIYgs 486k Hsl 4 o
H|d AlS(input embedding layer), LSTM AZS(LSTM
layer), &9 7I5(pooling layer), A 75 (probing
layer), st{training) @A 2 L5t} of GA F&

715 o] &3to] LSTM Qloj=elo] tfgh NA-task 22
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2. LSTM language model

LSTM A% Slojmale 24 Aol A2t 2elo]
o} LSTM QlojRee slzo] mezele A% &
2 gojE|S eARl oz xl2|sk= thAl LSTM W 2]
Ao ALgslo] RS ARSI, o]l Al A 9 Qo
TN ol Rg AEROR QAL Jlefaie1-3)

LSTM Qlojmeie: xjelof xj2jo] 0} g8t} ol
SAol} Teta} e AjelojollA] s A7]Hel o
&= ru¥or ZAT 4 Q7] giFoltt o] BHElR
ol 7o) @12 el o) 2418 Fltto o

GOl 2719 7538 ofEee o S

5 HAE dole] YA Stsol, 99 o 32
AS= z27dste] NLP AFdof tjsl] dojesis
(fine-tuning)& 4~ Q)ch.
Gluordava et al.7} A|QFst LSTM ¢Qlojmdle
NLP A[e} T3 Tglet 98 Ropolil ALgElof St
o] <lof REfR TS| 27) LSTM Al5or 4=,
2 ABS 9 dolo] Py Melg oz woksol
el Mg Seich 39 g 9 LSTM A1S
HE) ME} ok LSTM AS0] 9o 334
03 oS HF oY gEpt AxEms Ao
of kS Wolo] ot 2 Bmg A of =
@02 oj5e tig dol Aolel i} e
& slastob] 910l oFn AUE A183le g
% SOl 71 Z14, A 7142 ol
33t Clopst BIAE 2 AE|0l 1 E3F 3K o]
Bo] 27|15 g2l QAo 9] Ad52 FEAIZI7] Hsl
diojg 374 ¥aelES ARSsITh o] WHl2 Penn
Treebank % WikiText-103 Clo|8| NEE 23t BF
WAOLAS Algste] Blo] Ane Hlglon ol
AglolA] T AR glof meuct H50] 94aS
HSHAITH2].
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3. LSTM memory update and output rules
LSTM +21-2 RNNOjJA] etAgat
A2 Qlsf Afetoje} o] 71 B slshe 2ol of2iY

e 7127] 24 B

4>

Ale =AlE si2s] Hsll e A1,
Ao} oh52 ¢fall LSTM Aol Ak o, 4l
AT 7HEAlE oAl Aol tiet ollE 2 AAl &

2 7o) Alolg 7|t ejolEHrt. o] ke of
2§ REED, 27399 o5l L3 "*Q}OH"‘ UH’?W
Aoyt sk oA LSTM w3d9f Wi
HolEo] 718 <|&dS EAfsh:= Ho*‘?jé
ARIR 02 Wil

LSTM 13l Ut 8 523 Aojehe Al 717 93
o] Ao E(gate)= JETt. UH AlO|E= A(cell) AJEH
of 271t A Hue] g AHstel, sk Bl WA
Alz,), ol F7Id2e] & FEN(C - ), 22]iL 7w
2] 24 A, )& 7NNk A ejg Meigo e o
o] E(C, sk&sic}, Qizk Ao EX Al AME]
oA 171‘* HEO e 2%ste] LSTM dj2efrt U
Qi Hug lskn PR Atglol cig o Juot

2 7olE= A AT BAE

0171 Sl AT A0 Heo] oS oo, A A
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el whE e
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2 olofq HEH I OJOE%‘% % %*Hé%’ﬁ °d<>1 A
= Sl gt o5s 24 4+ M I

24 (D (2)= A8 GHIolE A4S et of7]A]
7 APIE AR RN [y iy, 0 S IPEOIM 273
@ (tanh)o] O3] AL Gt YEIOIET AR AR
wAle] A RS UErTE B8 A= @A) ART HAY]
24 JEIE et of2ist Ao otet LSTM o w2
= 718 oS 2 HolE S RAYE & A

4. English-based Number-Agreement task
Z0]9} ZAIHY] 4UX](number-agreement task: ©]
5} NA-task) Ar1S ojo] 2AlofjA] & FAlo] AduAe
Tls17] ¢Jet A 5 sluolch. o] Aelrk THot B
of Fehg 717l A9} 0] e FAle] AR BRI
NA-task Chg} 2o 4agck 9iA|, & 7o) 24}
ol ANHLE. o] £ 2R FRHOR QARIAl, PAl
of Afe] 240} o FEP} chact T3 g, LSTM

Qo RS o] §3t YA LRI T 2 FA ofu 2
Aol 2812 23x] Melsh] Hck. o2 Sof, “The

boy greets”®} “The boy greet” & #7J0] A2 o,
“The boy greets™7} 29}2 F7fo]22 NA-task ZH-2
o] = o5t
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QR 02 NA-taskis 2HA0Z 52 U140 245
RIS, Zoje} SAL Alole] UA] ofs Ars] T
I @75 $7shs Afdol7] gzl Fof 2= ©
5171 of @Al 9= & Qlof, 1o] ©HIo) Fof A ols

22 ZX5H= Oof] ARREICH B ALojAl= NA-task
oAl LSTM wj=2jo] A JelE FA1517] 2ol Lizen et
al.o] 453t oj&] Alg ARE-ste LSTM ¢io] == 7]yt
2 £ Y4 £5719 NA-task 23S 2RI,

Table 1-& NA-tasko]|A] AR5t Linzen et al. GJo]g]
Alo] o} Rg Aelgt Folch. Hlojel AL 207e] %
o/=A0] TGAL 16709] FAL 10719 RAE 579 7q7_<l
AL 10709] A0 HAE 10709] YR| HAF oA HolS

|1

e

"é% HJ[o

ol
=

o|r

912 Al 4600 7} BYEE PHEE 7 B
wojeh BAlo] 25 W} UA| U BUA| £ NG
5o} AdZ(correct)i} BliH(wrong)S 2ttt olE =
o], T Fole} FAP} FAlo] Bz dASHe AFE
A SS(singular-singular) 9F correct, SUX|sH=
H| & XS SP(singular-plural)?t wrong 27102 &
AlEITH7, 12].
Table 1. Dataset for NA-task

Condition Sentences C/W

SS The boy near the cars greets | correct

SP The boy near the cars greet wrong

PS The boys near the car greets | wrong

PP The boys near the car greet correct

ITII. The Proposed NA-task Classifier

LSTM Qlojzdls yjdtog &t el Bay) gulg A
75t NA-task 2P Zojo} ZAto] BHA 2AX|2 of
5he Atdo] A2] medojct. o] B2 LSTM vlze] U

_Jl)il

¥ gElS AFgstel 24 Lo} tolS 710) 2uat o)y
2 AL, U2 ol Aluash U AlejE suoz
U 2 Qx| et A5 Sic

Fig. 12 NA-task 2®°] F4dwo|tt Table 19]
Linzen et al. gjo]g] AlS o]835}o] NA-task 2ol &k
o Wagt tlo]&] AlS AYsti(generate), APH S5E
LSTM ¢lojRel2 x| (load)sh oIt

.....................

generate

evaluate
transfer
learning

Fig. 1. Architecture of NA-task model for the LSTM LM

NA-task 282 7o|gk(transfer learning)s ol
AR S5 LSTM lojmelal thojabxl(vocab), 3749
otA(*.text, *.gold, *.info)2 NA-task Z2-& shgotil

< dud #E = mdsto] LSTM
AS(LSTM layer)o] =gttt LSTM AlS2 2 Al
A NA-task®] EAfo A S0 g2 zalsto], LSTM &
o] At 24 AEje AlolE JE.E £33t} LSTM 7
S Y =9 AIS(pooling layer)ofA= global max
poolings A-g5to] 24 #E{Q] Zo]Z 1uJA7|aL ARt
A 282 TNA 7 AMER AikE AdEisto

+W M 7V Zast AEE FET 2 A5
9] =AM AZ(probing layer)2 feedforward, fully

connected A&, log-softmax &2 A&02 AN,
9}’\49} Sk SlngId— 0|83 }01 NA-task ¥ =@ A
7<7§4 o}‘[‘,}_

OF(frozen), B AlSof|A AHo]E

7} 433Ech NA-task 239 5& xtext ot
*.gold g ARSI B7Iste, 29X w9 o5 &
7AE LSTM t|2a] ue xo] HAlA JEf wstet
wsdsto] s 4 ot

IV. Experiments
Fig. 19] HoJar&AT LSTM ¢loj2 = 7]¢¥F NA-task &
92 Pytorchz 1§15t 00, AMESH stEYoj+= Table
291 2.
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Table 2. Hardware configuration

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

1. Data Augmentation Using Bert model

Z7 BERT Y GPT dojr@e e ImAg &
&5lo] ChoRst NLP &lQlolA 27 452 wojo], ¢
o oly) SFAC E BHixoz 2oulE Bx

=k
=
=

N

=]

Tl.‘xo}gl L B = = = o]—
o SF A

WS AT 5 9k

£ AP BERT F4= GPT RREC} AjgoR
T2t AR gojstsA LSTM Qlojrels o] &sto]
NA-task 22 Lad5tuA} St NA-task BHO] A=
el o:]o.]s}ix} LSTM 010131314] /\']L“! ulx%o} /\h‘:}o]
7] Tzl V. Kumar et al.2] Hloje] 574 di2|E5=
A gsto] 7|80 GofstsAt AMA(L2)E F7H2 S7A
7 L2 LSTM Qo2 =o} /452 7HAIsATH13].

Table 3. Data Augmentation for L2 Corpus

Algorithm: Data augmentation for L2 text
1. Input:
Dataset Dyain, Pre-trained model BERT
2. Preprocess Dyain:
- Converts all text data to lowercase
- Removes unnecessary symbols
- Removes punctuation
- Tokenize sentences
- Transforms tokenized sentences to fit the input
format of the BERT model.
3. Fine-tune BERT using Dyrain:

<

Dsynthetic
for each sentence in preprocessed Dyrain:
mask the selected words
synthesize sentences using BERT
Dsynthetic i Dsynthetic U sentences

Table 39] BERT 222 0] &35t Ho]g] Z7} sh&of|A]
ARRSE L2 3y Im AL ShEofA] 2016-2018W Smtel
EBS-CS gojualA], 2001 &=l 117) Fshuet 127H
st gojuaba 121 2009 EEE 1970 5
wet 127 158t Foj Witk S =3It

V. Kumar et al.9] '31]0]51 4 el L2 3k

(o]
5. 7]
Ur%“é% %Oﬂl *Hi% 73S Attt oiAF) 71
42 A A2f(preprocess)sto] U=
A2 TolS MEisto] npAFlsta, oY @olE A%
T= BERT doj@dlo)] st 7t 53 AlA &

52 &5 oF + & AR RS AdEisty
0tA7) A2E TS tiAlst A2 +(synthetic)S
57 an

TolAE Gol RalpEo] ThE L2 LSTM dlojw

ag E_Eg%om ol 543 12 2AE 37 H2 2

2 o] 27 #{A9] L2 LSTM Aoj2Z(LSTM-small

o STM-large)2 &= O ARR35IYC) AloA] A}
825t 2 In AL Table 49 2}

2 A3ofA= L2 LSTM-small goj2=9] NA-task

oS Hojadielog st L2 LSTM-large 102 0]
NA-task 221} 458 v]wstgict

Table 4. L2 Corpus for L2 LSTM language model

L2 LSTM LM L2 Corpus
L2 LSTM-large 102.5M tokens
L2 LSTM-small 52.5M tokens
2. Metrics

£ AollA= L2 LST Lo AR5l A
‘2A PPLZ AMESIGIA, NA—taSk EG‘Oﬂ dist ‘4= ¥
7tobetl &= (accuracy) 574 A|ES ARESITE
NA-task 252 djo]Ae}]l RHlz2A] [2-small 2
W} L2-large 29l E3dsto] LS mr} v|wsheich
L2-large TElo oJojakiAL FWHA 19 Tho]g 1&isH
LSTM-large ¢loj@ 7]49kS &= NA-task 2@ I7]
510, L2-small 222 500048 Hoj2 L3dsh LSTM-
small ¢loj2® 7912 & NA-task 2@2 oju|sict,
PPL A #+= oj2Ho) sk o 7oA AREE, &
dlo] oAl /9] o ©olE oflSshet duhy A=
g YEfH= Sxloltt. 20| o &5t = AJHA0A
7F gol7t yehg &59] A4F Albst A&
REHe RIS NA-task 2E10] 00| Tioje] mjzrg
2{5to] HIAE FH(+. text)0ﬂ/\1 Z019F FAF 11| U
= gt ek v)g-S Uepdth 12X og SAlst
Aqt Z2ojel FARY ﬁﬂ—S’—T & FEVF O F 1Y =
A2 BHEo] Axfsty, 29 £ #EZ vlwilt

(surprisal(Vo ) < surprisal(Vy, ). FEsHA] A=

3

w 1
3 54 Fefo) 2go] TRY SAF PR} &2 B9
2ok F4E 1, 237 gow 002 Astict. ol
250 PAS B HAE B 22 Uk v1g2 57

sl REkEo] 2l ohg (3t 2k

N [surprisal (V) < surprisal (V)]

Accuracy =
No. of sentences

(3)
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3. The neuron ablation mechanism of probing
LSTM representations for a NA-task

H AILofAl= NA-task Ao st LSTM oj =
o] e LSTM R3S 25| fa) £4 fdg At
L 7|HS MQ5lo] LS BAstolct

W AP} 71Ee dojmsle] 4 LS AR F,
| ‘d52 vluske ol &8t o &, 22 Ui

7] o] dof A2]oflA ofH AEZ sh=A] ofshE
o}

Fig. 19] LSTM A%9] %=10o] NA-task
ot Jae ulxwl Hl5t AL, %

C

L

o

i

* 30 Jlm ”“

52 Bl

o), 57 Rl BE 9 t%:f—ﬂ e ApiE 2, 0
)

29| 452 24 (39 % =7
S5 ol gz wiep] 9, 55 pae A
2 o) 9 5ol off e 0| 5T 4 s

|
w2 Y 232 FAsHL, w0l AlAE o, A
8 =

52 BRIl Ao RE HE

=2
7FeAIE 022 RSt

4. Hyperparameters

A|QFst NA-task ZHojA] &8st APASHS L2 LSTM
olojndl 130 AFRSIE =@ slo|muletn]gl= Table
5¢e} 2.

LSTM-smallit LSTM-large Aoj2& 352 Table 5
o #2719 2715 2& Bl230] Y5 A&stich

Table 5. A summary of model hyperparameter

Aol 2 7]4F NA-task RRE R SH43t A 2atS o]
@ 71580

Table 62 733t galso] L Ans ANajslor),
LSTM ojme 7]k NA-task 2] AL =y} x|&
PPLI} Ajghr = 85 lojelle] 27]o] whe} 12-small
mdo 717k 110.20, 89.3%, L2-large @2 51.01,
99.57% Aap7t Uit

Table 6. A summary of performance of the LSTM
languages models and NA-task models

. [ LSTM-small LSTM-large
metric

PPL 110.20 51.01

. LGk L2-small L2-large
metric
Accuracy(%) 89.3 99.57

L2 LSTM Hyperparameter
type of recurrent net LSTM
number of hidden units per layer 650
size of word embedding 650
vocabulary size 69,577
number of layers 2
pretrained learning rate 1¢73
model batch size 128
sequence length 35
dropout 0.2
epoch 40
input dim 768
optimizer Adam
V. Results

H Xof|A= Linzen et al.ofA] Aokt NA-task ¢Jo]
EAlS 0] 85to] JojarLAr LSTM-small, LSTM-large

Table 69] ZAit= L2-large Z&0] L2-small 2&H
Tt NA-task AIQS AtjA oz HelshA o5 4 92
2 wojEth ol LSTM-small ¢lojudo] Aol
LSTM-large 9lojn®o] HA=Hr}t AtjAlo 2 U] o+

off L2-small 22 Ec} L2-large Z&o| 282 2H

o)

A2 S5t Sl 5T 4 9k 5L A At

F

=2

ES
Table 7 NA-task 21| LSTM o} o] U 1
15171 HOH 4 7 AA 7EE A8
ZAntojct. of7]A] Ablated

neuron unit =2 xﬂﬂé_} EX L3 Fyll 322 &|A
o w3l §ls C g5 Folet EA} 7ro] FEj2A, SS

2 Tt JE|, SPE B-E4 ), PSE BT
& PE, PP B4-54 PEIS BAISIY, 12]1 10%
njgke] AL 7hal '-'2 ®A|SHL

Table 59] LSTM ¢loju®ll Lx&= 24 A50] xHdo]
6500|112 LSTM A5-S 27 AFE3tE g A ¥ A59] +
P52 BAIY dis 9BEE 1014 65071A] /-2 7]

A, = R ASO Sohe wRlee BAIY e 6517 H
13007H4] =i A)7dstitt. Table 79 28I +
WA ABol &ste 776 R eue AARE o
L2-large RHEO] =0 Zoj7f 40 A A A »
2o et 10% ol At Eeh + A AlS
£51= 988 73 WS AASHS o L2-large@@O| /4
Se Foprh adl 39 A A wde] Ut 10%
bagh Ao} Uik L2-small Be £4 53 A
Ak A 22 /g5l Atol= 10% njToR it

N o

2 0
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Table 7. The accuracy(%) of performance of the LSTM
languages model on this NA-tasks with 4 contrasts.

Ablated neuron unit (verb)
model C 776 988 Full
(plural) (singular)
SS - - 99.3
L2- SP - 54.1 99.7
large PS 48.0 - 99.2
PP 78.3 - 99.9
SS - - 88
L2- SP - - 89
small PS - - 87.4
PP - - 89.6

Table 79] A2 2 E APIsS LSTM ¢ojzde] &
A w99 7761} 9882 27t AAg &, AlA Ao =
dl s Ao} vlwsl & T, L2-large 0] L2-small
DEen 2 o] 4 wHo] NA-task AFA]2]of|A]
03 98 stn 9leg AT 4 gk

Fig. 2= L2-large 225 083t F0{e} FA} Ao]
o] ARATL Qe = A2fshks ¢ LSTM U1 +
9] A} Ao Eof| tigh SANS EAIH ZAukE I1 &4
Tolch. 9 mid Jejnl LSTM AlE9] %3 776 &l
ot Jefjzo| 1, ofef affd Jefm= e 9880f st 1
Zmoct. mpetl AL Table 79| C=o] PPHH, B
A A2 SSPHE, mhtAl A2 PSYE, A A
< SPYHIE BAIRI
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