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8•�⇠Y8⌧êŸÄtlî 1960DÄ0¿ç�<\l⇠¥(e¯\

¥Ñ|[1]t‰. AIX⌧⌅h–0|8•�⇠Y8⌧|Ä0⌅tAI|¨©X$î

‹ƒ� ò‡ à‰. ¯Ïò \¸ 8•� ⇠Y 8⌧ Ät ®xt 8⌧| ttX‡ î

`D µt 8⌧| xî Ét DÃ 8⌧– Ò•Xî +ê| ��à piXÏ ıD

ƒú\‰î 8⌧� ⌧0[2](– 0| ®xX 8•� ⇠Y 8⌧ tt ÏÄ� àÑ

ÖtL‰. ⇠Y 8⌧| ttX0 ⌅t⌧î 8⌧– Ò•X¿ Jî 8⌧– Ò•Xî

+êX ttî  â⇠¥| X¿\, ¯ |8–⌧î ⇠Y 8⌧ Ät ®xt 8⌧ Ä

t¸�–⌧+êXtt|’îP�¿ Study|⇠â\‰. Study 1@Ö‹�ê»

îú)›D⌧H\‰.0t BERTƒÙX¨⌅Yµ∏¥®xD¨©\lî⇠Y

8⌧| xî ¸�–⌧ +ê �Ù| ⌧\�x ¨©D X0 L8– ⇠Y 8⌧– Ò

•Xî+êX�å�ƒ|�EX0¥$‡‰.t)›@+ê†pD8⌧Ät–

\©` ⇠ àƒ] Xî )›<\ ê¥ tt ƒÙ ®x ⌘ SVAMP pt0K–⌧

\‡ 1•D Ùtî deductive reasoner ®x– �©t ¯ ∞¸ \� 2.8%X 1•

•¡DÙ�‰.⌅‰ÿX∞¸\ê¥tt®xt⇠Y8⌧|ÄL,8⌧–Ò

•Xî +ê †pD ¨©Xî Ét �å�ƒ �E– ƒ¿D ¸¥ ®xX �ı`D

ù�‹¨⇠à‰î�•1DUxX�‰. Study 2îGPTƒÙ¨⌅Yµ∏¥®xX

l⌅¥x gpt3.5-turbo–⌧ ÏÏ †p<\ l1⌧ +êX �å�ƒ| �E`

L,êø⇠⌧PDDΩXåttX¿ªX‡à‰î8⌧|‰ÿDµtÙÏ¸‡

t|ÙDXî⌅µD⌧H\‰.t‰ÿX∞¸\î0t gpt3.5-turbo|¨©

\⌅l⌅∏⌅µX\‡1•�D 3.1%(in CoT)@ 2.06%(in PoT)X�ı`¡πD

Ù�‰.⌅‰ÿX∞¸\ê¥›1®xt⇠Y8⌧|ÄL,+êXêø⇠⌧

PDî�t�‰t+ê†pX�å�ƒ�E–ƒ¿D¸¥�ı`tù�`⇠

à‰î�•1DUxX�‰.
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⌧ 1•⌧`

1.1 lX0Ω

ê¥ ò¨(Natural Language Processing) Ñ|î ÙË0� �Ù� ⌅Ï⇠î

)›x ê¥| ttX‡ \©X0 ⌅t \⌧à l⇠‡ à‰. x⌅@ ê¥|

»¸`L8•ê¥–Ö‹⇠¥àî�Ù–ÃD»|¨å�<\}ç⇠¥àpò

8•DÙ‡ î`⇠àî¥©L¿ÏhXÏtt\‰.®xtê¥|ttX

0⌅t⌧ƒ»,�¿t‰.¯⌥0L8–®x–åê¥î`•%DYµ‹®‰

îÉ@e¯\¥8⌧t‰[1].\¸l–⌧îê¥î`•%D!�X0⌅t

8•�⇠Y8⌧êŸÄtl�ƒâ⇠‡à‰.\1.1@8•�⇠Y8⌧X�

‹\8•�⇠Y8⌧î|¡–⌧⌘`⇠àî¡iD⇠¨\8êÙt¸¥»L,

¸¥ƒ �Ù| t©XÏ 8⌧–⌧ îlXî ⇠› ⇣î �ıD ƒúXî 8⌧t‰.

xı¿• ®xt 8•� ⇠Y 8⌧| Ä0 ⌅t⌧î ê¥\ 0 ⌧ ⇠Y 8⌧|

ttX‡,8⌧¡i–⌧Dî\�Ù|îú\§,îú\�Ù|0⇠<\��\

⇠›9@�ıD›1XîÒX¸�DpXå⌧‰.tÏ\8•�⇠Y8⌧êŸ

Ät|µtê¥î`•%D…�X‡®xX1•D!�`⇠à‰[12, 13].

8•� ⇠Y 8⌧ êŸ Ät lî 1960DÄ0 ¿ç�<\ l⇠¥ ( Ñ|

\[14] ‹Y 0⇠ (4 ‰m )ï`[15, 16], µƒ 0⇠ )ï`[17, 18, 19, 20]ÒD

t©t 8⌧–⌧ îú⌧ ê»(feature)D Ö%<\ #¥ tıD ƒúXî )›<\

l� ƒâ⇠»‰. tƒ 2017DÄ0 %Ï›D t©\ ‹ƒ� ‹ë⇠»îp[21],

¨¿ ‡Ω›(Recurrent Neural Network), Seq2Seq(Sequence to Sequence) ®x ⇡

@ xTT-TT ®x[22], ¯¨‡ �TYµ ®x[23] Òt l⇠»‰. ¯Ïò t

Ï\ ®x\î 8⌧–î Ò•X¿ J¿Ã 8⌧| Ä0 ⌅t Dî\ Â} ¿›D

®xt Yµ` ⇠ ∆‰î 8⌧� à‰. tÏ\ 8⌧| t∞X0 ⌅t ∏ú§Ï8

(Transformer)0⇠X ¨⌅Yµ ∏¥ ®x(Pre-trained Language model)D \©XÏ

1



\ 1.1:8•�⇠Y8⌧X�‹ (SVAMP)

⇠Y8⌧ Bryan took a look at his books as well . If Bryan has 56 books

in each of his 3 bookshelves , how many books does he have

in total ?

⇠Y8⌧ Bryan took a look at his books as well . If Bryan has number0

(\�ø) books in each of his number1 bookshelves , how many books

does he have in total ?

�ı⇠› Multiply(number0, number1)

(Answer equation) or Multiply(56, 3)

�ı 168

8⌧–⌧ ê» Ñ†)D îúX‡ t| t©XÏ 8•� ⇠Y 8⌧ êŸ Ät�

ƒâ⇠‡ à‰[6, 7, 24, 25]. ¨⌅Yµ ∏¥®xD t©t 8•� ⇠Y 8⌧ xî

lîlåê¥tt@ê¥›1ƒÙ\ò\‰.ê¥ttƒÙXlî

BERT ⇡@ ¨⌅Yµ®x– ⇠Y 8⌧| µ¸‹⌧ ê» Ñ†)D ª‡, t⌥å ª

@ê»Ñ†)D⇠››1®xXÖ%<\¨©t�ı⇠›Dƒú\‰.¯¨‡

ê¥›1ƒÙXlî8•�⇠Y8⌧|¨⌅Yµ›1®x–#¥‰LË

¥| �!Xî )›<\ �ıD ›1\‰. ChatGPTX Ò• t⌅–î ê¥ tt

®xX ⌘¸D µt ⇠Y 8⌧ Ät ®xX �ı`D ⌧ X$î l� ¿ç⇠»

¿Ã[24, 25], chatGPTXÒ•tƒÄ0ê¥›1®x–⌅l⌅∏‘¿»¥¡D

\©XÏê¥tt®xÙ‰í@�ı`Dª‡à‰[6, 7].⇣\,\¸⌅l⌅∏

‘¿»¥¡Dt©\‹ƒî⇠Y8⌧Ät®xX�th(robustness)¸î`•%

D!�X0⌅t⌧H⌧pt0Kx SVAMP[2]–⌧ê¥tt0⇠X\‡1•

®x[7]Ù‰ 40%í@�ı`[9, 10]DªD�ƒ\p1••¡DtL¥»‰.
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1.2 lX¥©

¯ |8–⌧î ⇠Y 8⌧ Ät ®xt 8⌧ Ät ¸�–⌧ +êX tt| ’î

P �¿ Study| ⇠â\‰. ´ à¯ lî ê¥ tt ®x–⌧ +êX �å�ƒ

| �EX0 ⌅t +ê †pD ¨©Xƒ] Xî lt‡, P à¯ lî ê¥

›1 ®x–⌧ +êX �å�ƒ tt| ⇠â` ⇠ àî¿| UxX‡, �å�ƒ|

ttX0⌅têø⇠|�E`⇠àƒ]Xîlt‰.

1.2.1 Study 1:ê¥tt®x–⌧+êXtt

¯º 1.1: Deductive Reasoner®x–⌧+ê|8ê\XX\§ê»Ñ†)Dî

úXî¸�

ê¥tt0⇠X¨⌅Yµ∏¥®xD¨©Xî âl–⌧î, BERTƒ

ÙX ∏¥ ®xD xTT\ ¨©XÏ ê» Ñ†)D îúX‡ îú⌧ ê» Ñ†)

DTT®x–Ö%<\#¥⇠Y8⌧XıDƒú\‰. âlx deductive

reasoner–⌧î¯º 1.1¸⇡txTT⇠Y8⌧|Ö%<\#0⌅⌅ò¨¸�–

⌧+ê†pD¯�\¨©XîÉtD»|,8⌧–Ò•Xî+ê| “< quant >”

⇡t †lòt’ àD L lÑ ⇠ àî 8êÙ\ XX\ § ê» Ñ†)D îú

3



\‰[7].tÏ\)›<\®x–XX⌧8⌧|#ît î†lòt’¸�–⌧

+ê@¸¿–àî8ê�i–8⌧XòX†p<\x› ⇠àî8⌧|�)

X0⌅t⌧t‰.¯Ïò,+ê�‡XX⌧8ê|#å⌧‰t®xt8⌧|µt

ıD ƒú` L, +êX �å�ƒ| �EX¿ ª\ D 8⌧| Äå ⌧‰.  â 

l–⌧ ¨⌅Yµ ∏¥ ®xD ¨©X�D L, ÑH¸ ò⌫H¸ ⇡@ <∞ê⌅X

�å�ƒ 9@ Xt�ƒ� ⌘î\ ⇠› ›1–⌧ ¨⌅Yµ ∏¥ ®xD ¨©X¿

JXDLÙ‰í@�ı`DÙ�0L8–[2]®xt+êX�å�ƒ|x¿`

⇠àƒ]XX⇠¿J@+ê†pD#¥⌅Dî1tà‰. Study 1–⌧î+ê|

†lòt’ ` L “< quant >”@ ⇡t lÑ�•\ 8êÙ\ XXX¿ J‡ Ö%

<\ #¥�‰t ®xt 8⌧| µt ıD ƒú` L ⇠X �å�ƒ| �EXÏ

�ı`t•¡ ⇠àî¿|Ux\‰.

1.2.2 Study 2:ê¥›1®x–⌧+êXtt

¯º 1.2: GPT®x–⌧+ê|†p<\x›Xî)›

ê¥ ›1 0⇠x GPTƒÙX ∏¥ ®xD ¨©Xî l–⌧î end-to-end

)›<\ 8⌧| t∞t T‰. End-to-end )›@ ®xD ÏÏ ⌧\ Ñ¨X¿ J‡

XòX®x\8⌧|t∞Xî)›<\ âl–⌧î¨⌅Yµ∏¥®xXú

%✓D¯�\�ı<\¨©XÏ8⌧XıDƒú\‰.â,XòX®x\8⌧|

t∞X0L8–8⌧ê¥|Ö%<\#‡�ı⇣î⇠›Dú%<\ªîÉt

4



‰. 0|⌧ +ê| 8ê\ XXt⌧ 8⌧| xî ê¥ tt ®x¸ Ï¨ ê¥

›1 ®x@ +ê ¯�\| #¥ 8⌧X ıD ƒú\‰. ¯Ïò +ê| ¯�\ #

î‰‡tƒê¥|®xXÖ%<\#DL†lòt’¸�@D⇠�t‰.ê

¥�†p<\º⌧8®xXÖ%<\‰¥�L,8⌧–Ò•Xî+êî¯º

1.2ò¸ ”20160237”t|îXòX+ê� ”201”, ”60”, ”237”t|î†p<\Ñ¨

⌧‰. +êX ✓D ttX0 ⌅t⌧î XòX +ê| tË‡ àî � êø⇠@ ¯

êø⇠–t˘Xî✓DL‡à¥|X¿Ã,ê¥›1®x–⌧î+ê�π�

‹Y ∆t ÏÏ ⌧X †p<\ Ñ¨⇠¥ ®xX Ö%<\ ‰¥�0 L8– êø⇠

⌧P– �\ ê¡t ⌧›` �•1t à‰. 0|⌧ Study 2–⌧î ÏÏ †p<\

l1⌧+ê�®xXÖ%<\‰¥�L,†p‰¨tXêø⇠⌧PDÙtX‡

àî¿|UxX‡t|⌧ `⇠àî¿–�\‰ÿD⇠â\‰.<�êø⇠X

⌧PD ttX‡ àî¿| UxX0 ⌅t ÏÏ †p<\ tË¥ƒ ⇠‰ ¨tX �

å�ƒ�ED`⇠àî¿UxX‡,⌅l⌅∏‘¿»¥¡Dµtêø⇠⌧PD

î�X�DL1••¡ttË¥»⇠àî¿Ux\‰.

⌅P‰ÿDµtªD⇠àî¯|8X0Ï⇣@‰L¸⇡‰

1. ê¥ tt 0⇠ ®x–⌧ +ê †pX ¨©@ ⇠Y 8⌧ Ät ®xX 8•

� ⇠Y 8⌧– Ò•Xî +ê †pX �å�ƒ �E– ƒ¿D ¸¥ ®xX

�ı`Dù�‹¨⇠à‰î�•1DUx\‰.

2. ê¥ ›1 0⇠ ®x–⌧ +êX êø⇠ ⌧PD î�XÏ +ê †pX �

å�ƒ �E– ƒ¿D ¸¥ ®xX �ı`D ù�‹¨ ⇠ à‰î �•1D

Ux\‰.
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⌧ 2•�(l

¯ lX ©\î xı¿• ®xX ⇠Y 8⌧| Ä L ⇠ ⌧PD ttX‡ à

î¿| UxXî Ét‰. \¸ ⇠Y 8⌧| Ä0 ⌅\ ‹ƒî P �¿ Ñ|x (1)

ê¥ tt ®xD ¨©\ ⇠Y 8⌧X Ät (2) ê¥ ›1 ®xD ¨©\ ⇠Y

8⌧ Ät\ ò\‰. ´ à¯ Ñ|x ê¥ tt ®xD ¨©\ ⇠Y 8⌧ Ätî

8⌧\Ä0 ê»D îúX‡ îú⌧ ê»D ¨©XÏ ⇠› ⇣î ıD ƒúXÏ 8

⌧| t∞\‰. P à¯ Ñ|x ê¥ ›1 ®xD ¨©\ ⇠Y 8⌧ Ätî ⇠Y

8⌧X –�D ®xX Ö%<\ #¥ 8⌧| Äå Xpò, 8⌧– ⌅l⌅∏| î

�XÏ ®x– Ö%<\ #¥ ⇠› ⇣î ıD ƒúXƒ] \‰. ∞¨î t P �¿

Ñ|–⌧ ®xX \© )ïD UxXt⌧ 8⌧| ¥§ )›<\ t∞X‡ àî¿

L⇠à‰.

2.1 ∏ú§Ï8lp|\©\¨⌅Yµ∏¥®x

2.1.1 ∏ú§|Ï›

∏ú§|Ï›(transfer learning)@t⌅–π�ë≈DYµX0⌅t⇠â⇠»

X®xD»\¥ë≈–‰‹¨©Xî0ïDX¯\‰[26].x⌅Yµêî»\¥

¸⌧(task)�t⌅XΩÿ¸�(tàDL,t⌅XΩÿ<\Ä0YµàX¿›D

’<\ »\¥ ¸⌧| Yµt ò⌅‰. X¿Ã 8‡Ï› L‡¨òX Ω∞ ��X

¸⌧|≈Ω�<\x›XÏ8⌧|t∞tT‰.∏ú§|Ï›@Xòt¡X0

t ¸⌧(source task)\Ä0 Yµ⌧ ¿›(knowledge)D ¨©XÏ »\¥ ©\ ¸⌧

(target task)| ⇠âXî Ll…<\ 0t– Yµ⌧ ®x– î��x YµD Xƒ

] XÏ t⌅– Yµ⌧ ¿›D ⌅t` ⇠ àƒ] \‰[26]. 0t ¸⌧î µ¡�<

\ ≈§∏º L§l(upstream task) ¯¨‡ »\¥ ©\ ¸⌧| ‰¥§∏º L§l

(downstream task)|‡Ät‡,‰¥§∏ºL§l|⌅t≈§∏ºL§lÃDY
6



µXÏ\©⇠î®xD¨⌅Yµ®x(pretrained model)t|‡Äx‰.

2.1.2 ∏ú§Ï8Xlp

¯º 2.1:∏ú§Ï8D§Mò [3]

∏ú§Ï8(transformer)îxTT-TT(encoder-decoder)lp\tË¥ƒ@

‰‹¥PX(multi-head attention)D¨©XîD§Mòt‰[3].¯º 2.1¸⇡t

∏�§Ï8î 8•D †¨ \⌅(hidden representation)<\ ¿XXî xTT ]

(encoder block)¸ t| ‰‹ ı–Xî TT ](decoder block)<\ l1⌧‰.

xTTî N⌧X xTT ]<\ l1⇠‡ xTT ]@ P ⌧X ⌧� �t¥\
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l1⌧‰. ´ à¯ �t¥î @ ‰‹ ¥PX �t¥t‡, P à¯ �t¥î ⌅Ë

\⌧)•‡Ω›(feed-forward network)t‰.⇣\P⌧X⌧��t¥îî(∞

(residual connection)\∞⌧‰.TTXΩ∞, N⌧XTT]<\l1⇠‡

TT]@xTT]¸⇡@P⌧X⌧��t¥–»§l@‰‹¥PX

(masked multi-head attention) �t¥� î�⌧ lp\ tË¥ƒ‰. tL ¨©⇠î

»§l@‰‹¥PX@¿�L¿ƒú⌧∞¸tƒX�ı@TTXÖ%<\

Ù¿ ªXå Xî 0ït‰. t 0ï@ 0t Seq2Seq ®x–⌧ ⌧(�<\ �ıt

›1⇠¥ —,T` ⇠ ∆»X ÉD ⌧ XÏ, ∏ú§Ï8 D§Mòî YµD —,

�<\⇠â`⇠àƒ]$ƒX0⌅tƒÖ⇠»‰.

¯º 2.2: (|Ω)§�|‹˜-⌅\U∏¥PX. ($xΩ)@‰‹¥PX [3]

∏ú§Ï8–⌧¨©Xî¥PX@ query@ key-valueÑ†)DÖ%<\�D

query@ keyX�1DlXÏ valueX�⌘iD⇠âXî0ï<\§�|‹˜-

⌅\U∏ ¥PX(Scaled dot product attention)| ¨©\‰. ¯º 2.2¸ ⇡t §�

|‹ ˜-⌅\U∏ ¥PX@ key@ query Ñ†)D ÒXÏ �⌘X| ƒ∞X‡, ¯
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�⌘XÃ| value–Òt✓Dƒ∞Xå⌧‰.

MultiHead(Q,K, V ) = Concat(head1, ..., headh)W
O

where headi = Attention(QWQ

i
,KWK

i , V W V

i )

@‰‹¥PX@⌅X›¸⇡t‰‹ƒ\ weight matrixxWQ

i
, WK

i
, W V

i
|�

Ö%– ÒXÏ query, key, value| ›1X‡ t| §�|‹ ˜-⌅\U∏ ¥PXD

⇠âXÏ¥PX✓Dl\‰.t¸�–⌧ headƒ\‰x weight matrix�Yµ⇠

0L8–‰‹ƒ\‰x�⇣–⌧¥PXDƒ∞X‡à‰‡t�`⇠à‰.tî

XòX �t¥–⌧ Ö%D ÏÏ )•<\ t�\‰î �⇣–⌧ CNNX Ë¸ËX

�t¥(convolution layer)–⌧ kernelDÏÏ5<\PîÉ¸ ¨X‰.t⌥ål

1⌧∏ú§Ï8®xD¨©XÏ‰ë\‹ƒÙL§l|⇠âàDL, RNNƒÙ

X ®xD ¨©X¿ J‡ ¥PX 0ïÃ �©XT|ƒ í@ 1•D ÙÑD Ux`

⇠à»‰.

2.1.3 ê¥tt®x

BERT BERT

E[CLS] E1  E[SEP]... EN E1’ ... EM’

C T1 T[SEP]... TN T1’ ... TM’

[CLS] Tok 1  [SEP]... Tok N Tok 1 ... TokM

Question Paragraph

Start/End Span

BERT

E[CLS] E1  E[SEP]... EN E1’ ... EM’

C T1 T[SEP]... TN T1’ ... TM’

[CLS] Tok 1  [SEP]... Tok N Tok 1 ... TokM

Masked Sentence A Masked Sentence B

Pre-training Fine-Tuning

NSP Mask LM Mask LM

Unlabeled Sentence A and B Pair 

SQuAD

Question Answer Pair

NERMNLI

¯º 2.3: BERTX¨⌅Yµ(pre-training)¸¯8p�(fine-tuning)X�( [4]
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ê¥tt®x@ê¥X\⌅(representation)DYµXî®x\�\�x

ê¥tt®x\î Bidirectional Encoder Representations for Transformer(BERT)

�à‰. BERTî∏ú§Ï8XxTT|Ñ¨\�‹\Masked Language Model(MLM)

D ¨©XÏ ë)• YµD �•Xå \ ®xt‰. MLM@ Ö% †pD 4ë⌅\

»§πX‡,t˘Â}–⌧»§π\Ë¥|�!Xîë≈<\‰LË¥|�!X

ÏË)•<\YµXî)›¸Ï¨ë)•<\Yµ`⇠àå\‰.⇣\‰L–

Ò•Xî 8•D �!Xî ë≈ƒ ⇠âXƒ] XÏ ¨⌅Yµ(pre-training)D ⇠â

\‰.¯º 2.3¸⇡t¨⌅Yµ⌧∏¥®x@¯8p�X¸�Dp–8•∏0

(paraphrasing),‰⌘•tî`(multi-genre natural language inference),⌧¥Öx›

(named entity recognition), »XQı(question answering) Ò ‰ë\ ‰¥§∏º L

§l–⌧ \©⇠p ¨⌅Yµ ∏¥®xD ¨©X¿ JD L Ù‰ í@ 1•D ¥‡

à‰[4].⇣\\¸–î BERT�\»(⇠»‰‡¸•XÏî��xYµD⇠â\

Robustly Optimized BERT Pretraining Approach(RoBERTa)[27], ¥PX �⌘X(at-

tention weight)| ⌧\ ≈Ωx ¥© °0@ ⌅X °0X pi<\ \⌅Xî Disen-

tangled Attention MechanismD�©\ Decoding-enhanced BERT with Disentangled

Attention(DeBERTa)[28]ÒtÒ•à‰.

2.1.4 ê¥›1®x

ê¥›1®x@ê¥†pD›1Xî®x\�\�xê¥›1®x

\î Generative pre-trained transformer(GPT)� à‰. GPTî ¯º 2.4X |Ω ¯º

¸ ⇡t ∏ú§Ï8X TT| Ñ¨\ § xTT@ TT� ∞⇠î @ ‰‹

¥PX �t¥| ⌧p\ �‹\ K⌧X Ë¥| Ù‡ ‰L Ë¥| �!Xî �‹\

YµttË¥ƒ‰.t⌥å¨⌅Yµ⌧®x@©\pt0KX8⌧–�t⌧�

ıD fiàƒ] Yµ⌧‰. ¯º 2.4X $xΩ@ ‰¥§∏º L§lX �‹\ ÑX

(classification), ⌅⌧(promise)– �\ �$(hypothesis)X 8(entailment) p”D ⇣

Ë, P 8•X  ¨1(Similarity) ⇣Ë, »XQı(question answering) Ò 12⌧X L

§l|⇠âXÏ 9⌧XL§l–⌧\‡1•DÙ�‰.⇣\\¸–î GPTX�|
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¯º 2.4: (|Ω) GPTX®xD§Mò. ($xΩ) GPTX‰¥§∏ºL§l [5]

¯0¨tà|§Ã GPT-2[29], GPT-3[30], GPT-4[31]Ò<\⌧⌅tò�‡à‰.

2.2 8•�⇠Y8⌧êŸÄt

8•� ⇠Y 8⌧ êŸ Ätî 1960D�Ä0[14] ‹ëXÏ ¿�L¿ l⇠‡

àî Ñ|t‰. ‹Y 0⇠ (4 ‰m L‡¨ò[15, 16]–⌧ µƒ 0⇠ )ï`[17,

18, 19, 20], ∏¨ 0⇠ )ï`[23, 24, 25, 32, 33, 34] ¯¨‡ \¸–î %Ï› 0

⇠ )ï`[24, 25, 9, 10]<\ t¥¿‡ à‰. 8•� ⇠Y 8⌧ êŸ Ät| X0

⌅t⌧î 8⌧ ê¥– Ö‹⇠¥ àî �Ù– D»| ¨å�<\ }ç⇠¥ àpò

8•D Ù‡  î` ⇠ àî ¥©L¿ ÏhXÏ 8⌧| ttt| \‰. 8ƒ ¿›

(global knowledge)D‡$XÏ8⌧|Ä0⌅t\¸xı¿•⇠Y8⌧Ät®

x@ ∏ú§Ï8 lp| \©\ ¨⌅Yµ ∏¥®xD ¨©XÏ l| ƒâX‡

à‰[6, 7, 24, 25, 9, 10].

2.2.1 ê¥tt®xD¨©\8•�⇠Y8⌧Ät

8ƒ ¿›D ‡$XÏ ⇠Y 8⌧| ttX0 ⌅t, lê‰@ BERT⇡@ ¨

⌅Yµ⌧ ê¥ tt ®xD ¨©XÏ ⇠Y 8⌧X ê» Ñ†)D îúX‡ îú
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⌧ ê»D t©XÏ ⇠Y 8⌧X ⇠›tò �ıD ƒút T‰[24, 25, 6, 7, 9, 10].

¯¨‡ \¸–î ê¥ tt ®x ⌘ ELASTIC ®x@ MathQA pt0 K–⌧

Deductive Reasonerî SVAMPpt0K–⌧\‡⇠�X∞¸(State-of-the-Art)|

Ùt‡à‰.

¯º 2.5: ELASTIC®xD§Mò [6]

ELASTIC®x ⌅¨MathQApt0K–⌧�•í@1•D¥‡àî ELAS-

TIC®xt‰[6]. ELASTIC®x@¯º 2.5¸⇡txTTÄÑ¸Ù�|ÏÄÑ<

\ò\‰.xTTÄÑ–⌧î¨⌅Yµê¥tt®x–8⌧|µ¸‹⌧ò(

ê» Ñ†)D îú\‰. Ù�|Ï ÄÑ@ 4⌧X ®»\ tË¥¿å ⇠îp (1) î

` �¨ê(reasoning manager) (2) ∞ê ›10(operator generator) (3) <∞ê

›10(operand generator) (4) T®¨ �¿§0(memory register)t‰. <� XòX

⇠Y 8⌧| Ä0 ⌅t⌧î ÏÏ ËƒX ›D ›1t| Xîp, î` �¨êî Ñ

†)–⌧ ª@ ê» Ñ†)D t©XÏ ⌅¨ Ëƒ ⇠›X ∞ê| ›1X0 ⌅\

�t‹Ñ†) gopDÃ‡‰.¯¨‡<∞ê›10|µ¸‹⌧<∞êÑ†)

oet1D ªå ⌧‰. XòX ∞ê– t˘Xî <∞êî ÏÏ ⌧t0 L8– ‰L

<∞êÑ†)@tà–ª@<∞êÑ†)D¨©XÏªå⌧‰.t¸�D

12



µt <∞ê� ®P ∞�⇠‡ òt »¿…<\ ª@ <∞ê Ñ†)D T®¨

�¿§0– �•X‡ ‰L Ëƒ ⇠›D ƒ∞\‰. T®¨ �¿§0î t⌅ ⇠›X

�ıD�•h<\ht⌅ËƒX∞¸|‰L⇠›X<∞ê\\©`⇠àƒ]

\‰.t¸�D⇠ıXt8⌧–t˘Xî�ı⇠›DªD⇠à‰.\∏, ELAS-

TIC ®x–⌧ 8⌧– t˘Xî +ê– �\ ê» Ñ†)D îú` L +ê †pD

⌅Ä ¨©X¿ J‡ ´ à¯ †pÃD ¨©XÏ +ê Ñ†)D îúXî ⌧\�x

)›D¨©X‡à‰.´à¯†pÃD¨©Xît îîú⌧ê»D¨©Xî

¸�–⌧(–Dfiî0⌅t⌧|‡t�`⇠à‰.

If a machine can make 2,088 gears in 8 hours,

how many gears it make in 9 hours?
q1 q2

q3

q1 q2 q3

t = 1

[q1, q2, q1 � q2] FFNop=“÷”

FFNop=“⇥”

e1,2,÷ 3

e1,2,⇥ 7

q01 q02 q03 q4

t = 2

[q03, q4, q
0
3 � q4] FFNop=“⇥” e3,4,⇥

qi Rationalizer q0
i

e Expression

¯º 2.6: (|Ω) Deductive reasonerX Ÿë ¸�. ($xΩ) QuantityX

Rationalizing[7]

Deductive Reasoner®x SVAMPpt0KDxî¨⌅Yµê¥ttƒÙ®

x⌘�•í@1•DÙtî®x@ Deductive Reasonert‰. Deductive reasoner

î¯º 2.6¸⇡tŸëXp (1) Reasoner@ (2) Rationalizer\tË¥ƒ‰. Reasoner

X©�@�•\<∞ê–�\®‡⌧⌧�–�\\⌅Ñ†)(representation)

DªîÉ<\,8⌧–Ò•Xî8¿J¿Ã,8⌧|ÄL\© ⇠àî+ê–

�t ®‡ �•\ ⌧⌧�D lX‡ 8⌧| Ä L ¨©⇠î ®‡ ∞ê– �XÏ

Ñ†) °0| l\‰. tƒ Ñ†) °0– �t §T¥| ƒ∞XÏ �• í@ §
13



T¥X⌧⌧�Dtà stepX⇠›<\∞�\‰. Rationalizerîtà stepX⇠›t

∞�⇠»DL0tX⇠…\⌅D≈pt∏Xî0•D⇠âXp,<∞ê\�•

\®‡Ñ†)D Rationalizer|µ¸‹⌧≈pt∏|⇠â\‰. Deductive reasoner

î⌅P¸�D⇠ıXÏ�ı⇠›DD1\‰.⇣\⇠›X›1DHú⇠àƒ]

Reasoning Ëƒ–⌧ Ñ†) °0– �\ §T¥| ƒ∞` L, � °0– �\ ÖÃ

§T¥ƒƒ∞†]XÏÖÃ§T¥� ›⇠»DL⇠›X›1DHò‰[7].\

∏, Deductive Reasonerî8⌧–Ò•Xî+ê\Ä0Ñ†)Dîú`L+ê|

< quant >\ º § Ñ†)D îúXî )›D ¨©X‡ à‰. tÏ\ )›<\

®x–XX⌧8⌧|#ît î†lòt’¸�–⌧+ê@¸¿–àî8ê�

i–8⌧XòX†p<\x› ⇠àî8⌧|�)X0⌅t⌧t‰.

2.2.2 ê¥›1®xD¨©\8•�⇠Y8⌧Ät

¨⌅YµX ⌧⌅¸ instructGPTX ƒÖ<\ lê� ¨⌅Yµ∏¥ ®x– ¡

⌘�xÖ9D¥¨å⇠t⌧[8]ê¥›1®x‰@∞ (arithmetic)[35],¡›t

t(commonsense) [36, 37]¯¨‡¡’�î`(symbolic reasoning)[38]ÒXÑ|–

⌧î`•%DÙtå⇠»‰.⇣\\¸–îChain of thoughtò Program of thought

@⇡t⌅l⌅∏0ïDµt8•�⇠Y8⌧|xî‹ƒ–⌧í@�ı`DÙ

t‡à‰.

InstructGPT InstructGPTî¨å‰XXƒ–TòÄiXî∏¥®xD»(X

î )ï<\ Reinforcement Learning from Human Feedback(RLHF)t|î )›D

¨©\‰. ¯º 2.7î instructGPT| Yµ‹§î Ëƒ| ò¿∏‰. ´ à¯ Ëƒ\

|®Ï�ë1\⌅l⌅∏|µ\ supervised learning<\ GPT®xD¯8p�\

‰. P à¯ Ëƒ\ GPT®x\Ä0 ÏÏ ⌧X ®x ú%D �D |®Ï� ⌧⌅|

‰0ƒ] X‡, ⌧⌅| ‰0î )›D Ù¡®xt YµXƒ] \‰. tƒ 8 à¯

Ëƒ–⌧îYµ⌧Ù¡®xD¨©XÏ PPO)›<\ GPT®xD¯8p�\‰.

t⌥å ›1⌧ ®xt InstructGPT\ ¨©êX Xƒ@ |X\ ı¿D \‰î ⇣t
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¯º 2.7: InstructGPTX8�¿Ëƒ (1)¿ƒYµ¯8p�(supervised fine-tuning),

(2)Ù¡®x(reward model)»(,¯¨‡ (3)¸⌘�E\�T(proximal policy op-

timization)|¨©\�TYµ(reinforcement learning)[8]

GPT-3®xÙ‰⌧ ⇠»‰[8].⇣\tÏ\)›<\Yµ⌧ instructGPTî GPT-3

Ù‰ 1000ë@®x�|¯0\ GPT-3Ù‰ 8⇠îı¿D›1\‰.t|µt

Ë⌧à ®x ¨tà| ò¨î )ït DÃ RLHF| ¨©\ Yµ<\ x⌅t ¡⌘

®x–Ö9D¥¨‡–Xîı¿DªD⇠àå⌧Ét‰.

Chain of thought Chain of thoughtî ê¥ ›1 ®xt î`X ¸�–⌧ ⌘⌅

Ëƒ| ›1h<\h î` ¸�D ê§˝å ò¿òå Xî 0ïD X¯\‰. ¯

º 2.8@ chain of thought| ¨©\ ⌅l⌅⇧)›D ò¿¥îp, chain of thought

î ıÃD ƒúXå Xî 0tX )›¸ Ï¨ �‹| hÿ ÙÏ⇠⌧ »8D Xî

few-shot learning0ïD¨©XÏ⌘⌅¸�ƒ›1Xƒ]\‰.⇣\⌘⌅Ëƒx

“ê¥�¸p(natural language rationales)”|›1h<\h¥–⌧î`Ω\�

òª⇠»î¿Ux`⇠à¥®xDÑE`⇠àî0åƒªD⇠à‰.¯¨‡
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A: The cafeteria had 23 apples originally. They used 
20 to make lunch. So they had 23 - 20 = 3. They 
bought 6 more apples, so they have 3 + 6 = 9. The 
answer is 9.

Chain-of-Thought Prompting

Q: Roger has 5 tennis balls. He buys 2 more cans of 
tennis balls. Each can has 3 tennis balls. How many 
tennis balls does he have now? 

A: The answer is 11. 

Q: The cafeteria had 23 apples. If they used 20 to 
make lunch and bought 6 more, how many apples 
do they have?

A: The answer is 27.

Standard Prompting

Q: Roger has 5 tennis balls. He buys 2 more cans of 
tennis balls. Each can has 3 tennis balls. How many 
tennis balls does he have now? 

A: Roger started with 5 balls. 2 cans of 3 tennis balls 
each is 6 tennis balls. 5 + 6 = 11. The answer is 11. 

Q: The cafeteria had 23 apples. If they used 20 to 
make lunch and bought 6 more, how many apples 
do they have?

Model Input

Model Output Model Output

Model Input

¯º 2.8: (|Ω)0tX⌅l⌅∏)›. ($xΩ) Chain of thought|�©\⌅l⌅

⇧)›[9]

chain of thought)›@∞ ,¡›tt,¡’�î`ÒX¸⌧|⇠â`L¥ú

1•D Ùt‡ à‰. t ∞¸\, ⌅l⌅∏| µ\ ⌘¸t ∏¥ ®xX î` •%D

•¡‹¨⇠à‰îÉDUxà‰[9].

Program of thought Program of thoughtîî`X¸�D⌅\¯ò�∏¥�‹\

\⌅Xî)ïD⌧HXî0ïDX¯\‰.¯º 2.9@ Chain of thought@ program

of thought| DPXî ¯º<\ program of thoughtî �ıD �\ ›1Xî Ét

DÃ �tl T‹\ ›1XÏ ‰⌧ ∞@ �tl x0⌅¨0� ⇠âXƒ] \‰.

t)›XuÏ@ƒ∞¸î`DÑ¨XîÉ<\,⌅\¯®@î`X¸�D$Ö

X‡,‰⌧ƒ∞@⌅\¯®x0⌅¨0�ò¨\‰.t⌥åh<\hê¥›1

®x@ı°\8⌧|ttX‡î`¸�D$ƒXîp—⌘`⇠à‰.t)ïD

µt PoTî⇠Y8⌧|Ïh\‰ë\pt0K–⌧0tX1•Dlå•¡‹0

‰[10].
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¯º 2.9: Chain of Thoughts@ Program of ThoughtsXDP[10]

Language 
model

Q: If there are 3 cars in the parking 
lot and 2 more cars arrive, how many 
cars are in the parking lot?
A: There are 3 cars in the parking lot 
already. 2 more arrive. Now there are 
3 + 2 = 5 cars. The answer is 5.
…
Q: Janet’s ducks lay 16 eggs per day. 
She eats three for breakfast every 
morning and bakes muffins for her 
friends every day with four. She sells 
the remainder for $2 per egg. How 
much does she make every day?
A:

She has 16 - 3 - 4 = 9 eggs 
left. So she makes $2 * 9 = 
$18 per day. 

Sample a diverse set of 
reasoning paths

She eats 3 for breakfast, so 
she has 16 - 3 = 13 left. Then 
she bakes muffins, so she 
has 13 - 4 = 9 eggs left. So 
she has 9 eggs * $2 = $18. 

This means she she sells the 
remainder for $2 * (16 - 4 - 3) 
= $26 per day. 

The answer is $18.

The answer is $26.

The answer is $18.

The answer is $18.

Marginalize out reasoning paths 
to aggregate final answers

Language 
model

This means she uses 3 + 4 = 7 eggs every day.  
She sells the remainder for $2 per egg, so in 
total she sells 7 * $2 = $14 per day. 
The answer is $14.

The answer is $14.

Greedy decode

¯º 2.10: chain of thoughtX�ıî`¸�¸ self-consistency|¨©\T))

›[11]

Self-Consistency Self-consistencyî ê¥ ›1 ®xX T) ⌅µ ⌘ Xòt

‰. ¯º 2.10@ chain thoughtX î` ¸�¸ T) ⌅µ<\ self-consistency|

 ›àD L ⌧›Xî î`X ¸�D ò¿∏‰. self-consistency )›@ 8 �¿ ¸
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�<\ tË¥ƒ‰ (1) chain of thought ⌅l⌅⇧D ¨©XÏ ıD ƒú\‰. (2)

CoTX greedy T) ¸�D ‰ë\ î` Ω\| ÿ�¡Xƒ] ¿Ω\‰ (2) �•

Œt Ò•\ î` Ω\| »ƒT(marginalize) XÏ �• |�1 àî ıD  ›\

‰. t )ï@ ı°\ î` 8⌧–⌧ ÏÏ �¿ ‰x ¨‡)›t ¯ 8⌧X  |\

ı<\t¥»⇠à‰î¡�D0⇠–P‡àî)ï<\î��xpt0⇠—

X Dîò î��t» »( ∆t \ ŸëX0 L8– D⇣≈�x(unsupervised)

)›t|‡ ` ⇠ à‰. ⇣\ chain of thought– self consistency| �©àD L ⌅

l⌅⇧X1•tlå•¡⇠îÉ<\ÙD self-consistency�®xXî`1•D

•¡‹§îp⌘î\Ì`D`⇠àLDÙ�‰[11].
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⌧ 3•l)ï

¯|8@¯º 3.1@⇡tP⌧X study\l1⌧‰.´à¯ studyîê¥t

t ®x– ⇠Y 8⌧– Ò•Xî +ê| ¯�\ †lòt’ XÏ Ö%<\ #»D

L⇠Y8⌧Ät–ƒ¿t⇠î¿UxXî‰ÿt‡,Pà¯ studyîê¥›

1®x–⌧+ê†pt¸¥»Lêø⇠X⌧PDD⌅àttXî¿UxX‡,

êø⇠X⌧PDî�t¸»DL⇠Y8⌧Ät–ƒ¿t⇠î¿UxXî‰ÿ

t‰.

¯º 3.1:P�¿ StudyX overview

3.1 ‰ÿXΩ

‰ÿt ƒâ⇠î XΩ@ \ 3.1@ ⇡‰. ê¥tt ®x‰ÿ– ¨©⇠î ®x

@¡⌘l⌅XÏ¨©X�<p,ê¥›1®x‰ÿ–¨©⇠î®x@ GPT3.5

0⇠ l⌅¥x gpt3.5-turbo API| ¨©X�‰. t APIî OpenAI–⌧ ⌧ı⇠

p chatGPT⌧D§–⌧ ŸëX‡ àî ®x¸ Ÿ|\ 1•D �ƒ‰. �©@ 1000

†p˘ 0.002ÏÏt‰.
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Processor AMD Ryzen Threadripper 3980X CPU

Memory 192GB DRAM

Gpus GeForce RTX 3090 * 4

Framework PyTorch 2.0.1 & Pytorch lightning 2.0.1 &Sympy

OpenAI API gpt3.5-turbo

Python python 3.9

OS Ubuntu 20.04.5 LTS

\ 3.1:‰ÿXΩ

3.1.1 ‰ÿpt0K✏l⌅8Ä¨m

Mawps ASDiv-A SVAMP

problems 2,373 1,218 1,000

\ 3.2:pt0Kƒ8m⇠

\ 3.2î ⇠Y 8⌧ pt0 KX 8m ⇠| ò¿∏‰. ¯ |8–⌧î 8•� ⇠

Y 8⌧ êŸ Ät ®xX 1•D …�X0 ⌅t Simple Variations on Arithmetic

Math word Problems(SVAMP) pt0 KD ¨©\‰. SVAMPî ®xX �thD

L§∏X0⌅\pt0K<\MAWPS[39]@ ASDiv-a[40]pt0K–⌧á⌧X

8⌧| QD 9�¿ )›X ¿� 0ï<\ ¿�XÏ 1,000⌧X ÿ�D Ã‰¥ ì@

pt0Kt‰. tL ¨©\ ¿� 0ï@ 8•X ⌧⌧ ∏0, àDî\ +ê| 8

⌧–î�X0,»8X�¡∏0Ò8⌧Xútƒî ¿⇠î¡‹–⌧»\¥

8⌧| Äå XÏ ®xX î` •%D !�\‰. 0|⌧ t pt0K– �\ 1•

D Ux` Lî MAWPS@ ASDiv-a pt0 KX ®LD Yµ —i<\ ¨©X‡,

SVAMP|L§∏—i<\¨©\‰[2].
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NLU0⇠®xD‰ÿXî Study 1–⌧ê¥tt®x@MAWPS@ ASDiV-

a\ YµX‡ SVAMP\ ÄùX¿Ã, NLG0⇠ ®xD ‰ÿXî Study 2–⌧ ê

¥ ›1 ®x@ î� Yµ ∆t ⌅l⌅∏ ‘¿»¥¡D ¨©XÏ SVAMP– �t

Äù\‰. …� 0�X Ω∞,  âl@ ⇡t Study 1¸ Study 2 ®P–⌧ �ıD

�UXå›1Xî¿Ux\‰.

î�\, Study 2| ⌅t CoT@ PoT 0ïD ¿�t⌧ ¨©à‰. ¯ ‰ÿ–⌧ ¨

©⌧ ⌅l⌅∏î CoT–⌧ �8( 8⌧X �‹@ PoT–⌧ �8( 7⌧X �‹| \

©à‰[9, 10].⇣\ âl@⇡t¯¨T)D¨©Xî‰ÿ–⌧î�ı–

‰ë1DÄÏXîôƒx temparature| 0<\$�à<p, self-consistency)›D

¨©Xî‰ÿ–⌧î temparature| 0.7\$�à‰.

3.2 Study 1:ê¥tt®x–⌧+êXtt

3.2.1 Ö‹�ê»îú)›X⌧H¸\©)ï

¯º 3.2î8⌧–t˘Xî+ê–�\ê»DÖ‹�<\îúXî¸�t‰.

8⌧–Ò•Xî+êXê»Ñ†)DîúX0⌅t8•�⇠Y8⌧î¨⌅Yµ

∏¥ ®xX †lòt�| µt ��X †p<\ Ñ`⇠‡, Ñ`⌧ †pD ¨⌅Y

µ ∏¥ ®xD µ¸‹⌧ � †pX Ñ†) °0| ªå ⌧‰. tL †lòt��

›1Xî †p‰@ D¥0 Ë⌅� DÃ t∏ ò¥ xT)(BPE) ⇡t ∏¥®

xD Yµ‹¨ L ⇡t Ò•àX t∏‰X 6L ⌘ í@ Hƒ\ Ò•\ †pt

⇠0 L8– +ê@ 8ê� π–⌧ XòX †pt  ⇠ à‰î 8⌧� à‰[25].

 âl–⌧î t 8⌧| t∞X0 ⌅t +ê@ 8ê� πXî 8⌧–⌧ +ê@

8ê| lÑX0 ⌅t 1à Ëƒ@ ⇡t †pT� ⇠»D L †pt  |\ �‹\

ò¿òî π⇠\ 8êÙ\ +ê| �¥XÏ †pT\‰. Ö‹� ê» îú)›@

2à Ëƒ@ ⇡t XX⌧ †pê¨–, 8⌧– Ò•Xî +ê| †lòt�– 0\

µ¸‹⌧ �¥\‰. ¯⌥å ª@ 8• ⌅¥– �\ †p‰D ¨⌅Yµ®x– µ¸

‹§t+êX�å�ƒ|tt`�•1tàîÑ†)°0|ªD⇠à‰.tL
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¯º 3.2:ê¥tt®xXÖ‹�ê»îú)›

Ã}+ê�ÏÏ⌧X†p<\†lòt’⇠t+ê†pX´à¯†pXÑ†

)¸»¿…†pXÑ†)Dt¥ôt‡(concatenate)t| ��t¥⇡@,¨

(projection)�t¥–µ¸‹⌧Ñ†)Dªî‰.

⇠Y 8⌧ Ät ®x–⌧ ê¥tt ®xD µt îú` ⇠ àî ê»@ <

∞ê@ ∞ê– t˘Xî ê» Ñ†)t‰. <∞ê– t˘Xî ê» Ñ†)@

8⌧–Ò•Xî+ê@8⌧–îÒ•X¿J¿Ã,8⌧|Ä0⌅tDî\¡⇠

(ex. 3.14(–¸(), 24(‹⌅), 60(Ñ. �))– �\ ê» Ñ†)t‡, ∞ê– t˘X

î ê» Ñ†)@ 8⌧| Ä0 ⌅t Dî\ ∞(addition(gH), subtraction(ÑH),

multiplication(ÒH), division(ò⌫H)Ò)tà‰.

¯º 3.3î<∞ê–t˘XîƒÙpÑ†)D�0TXî¸�t‰.∞¨î

¯º 3.2@ ⇡@ Ëƒ\ Ö‹� ê» îú )›D µt 8⌧– Ò•Xî +ê– �

\ Ñ†) °0| ªD ⇠ à»‰. \∏, ⇠›D 8∞0 ⌅t⌧î 8⌧– Ò•X¿
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¯º 3.3:Ö‹�ê»îúD¨©\<∞êƒÙp�0T

J¿Ã,Dî\¡⇠‰XÑ†)Dª¥|`Dî�à‰.¯⌥0L8–t˘pt

0KDÄ0⌅tDî\¡⇠‰⇣\Ö‹�ê»îú¸�DµtƒÙpÑ†)

–î�\‰.tLÃ}+ê�ÏÏ⌧X†p<\†lòt’⇠t+ê†pX´

à¯ †pX Ñ†)¸ »¿… †pX Ñ†)D t¥ ôt‡ t|  � �t¥⇡@

,¨�t¥–µ¸‹⌧Ñ†)Dª»‰.

¯º 3.4î ∞ê– t˘Xî ê» Ñ†)D îúXÏ ƒÙp Ñ†)D �0

TXî¸�t‰.∞êXê»Ñ†)DîúX0⌅t�∞ê|0\†lò

t’X‡,ò ƒ�†pD¨⌅Yµ∏¥®x–µ¸‹⌧Ñ†)°0|ªî‰.

∞êƒ +ê@ »,�¿\ ÏÏ ⌧X †p<\ ò » ⇠ à<¿\ t⌅¸ »,

�¿\ ´ à¯ †pX Ñ†)¸ »¿… †pX Ñ†)D t¥ ôt‡ t| ,¨
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¯º 3.4:Ö‹�ê»îúD¨©\∞êƒÙp�0T

�t¥– µ¸‹⌧ Ñ†)D ªî‰. t⌥å ª@ ∞êX ê» Ñ†)@ 8⌧»

‰ �î Ñ†)t D»¿\ t operator cache– �•XÏ ®x¸ hÿ Yµ‹⌧

∞ê�⌧ �⇠Y8⌧–⌧ŸëXîÌ`DYµ`⇠àå\‰.

3.2.2 Elastic transformerlp

¯ D§Mòî Ö‹� ê»îú )›D \©X0 ⌅t ⌧H⌧ lpt‰. ¯º

3.5@ Elastic transformer| ⌅µXå ò¿∏ ¯º<\ ELASTIC ®x lp–⌧

GRU| ∏ú§Ï8 lp\ ¿�XÏ l1X�‰. t lpX Ÿë ¸�@ ‰L¸

⇡‰.

<�®x–⇠Y8⌧|Ö%<\#<t (1)Ö‹�ê»îú)›Dt©X

Ï ∞ê@ <∞ê– �\ Ñ†) °0| �0T\‰. (2) ê¥ tt ®xD

µt ¨⌅Yµ ê¥ ®x@ ®x– Ö%⌧ ⇠Y 8⌧\Ä0 8Â °0| îú

X‡ îú⌧ 8Â °0| ∞ê  ›5(operator selection layer)– #¥ ∞ê|

 ›\‰. (3) ∞ê�  ›⇠t  ›⌧ ∞ê@ 8⌧X 8Â °0| <∞ê
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¯º 3.5:Ö‹�ê»îú)›D\©X0⌅\ Elastic transformerD§Mò

 ›5(operand selection layer)– #¥ <∞ê|  ›\‰. t ¸�D ⇠ıXÏ

⌅¥⇠›Dªî‰.¯¨‡›1⌧�ı⇠›@<∞ê\\© ⇠àƒ]<

∞êê‹–�•⌧‰.¯‰ÿ–⌧îtÏ\lp\8⌧–t˘Xî�ı⇠›D

îúXÏıDƒú\‰.⇣\⌅‰ÿ–⌧îÖ‹�ê»îúD`L@X¿JD

L|DPX0⌅tÖ‹�ê»îúDX¿J@Ω∞î∞ê,<∞êƒÙp

Ñ†)DYµ�•\ÑXX°0\�0T\§ƒâ\‰.

3.2.3 Deductive reasoner®x–⌧XÖ‹�ê»îú)›�©

Deductive reasonerîNLUƒÙ®x⌘ SVAMPpt0K–⌧\‡1•Dª‡

àî®x\¯º 2.6¸⇡t8⌧–Ò•Xî+ê–�\Ñ†)DîúX‡,îú

⌧ Ñ†)D t©t ⇠›D ƒú\‰. ⇣\ Deductive reasoner ®x@ 8⌧\Ä0

+êÑ†)Dîú`L8⌧–Ò•Xî+ê|< quant >\XXXÏÑ†)D
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îúX0 L8–, ¯ ‰ÿ–⌧î deductive reasoner ®x– Ö‹� ê» îú )›

D ƒÖXÏ +ê †pD ¯�\ ¨©XÏ 8⌧| Ä»D L 1••¡t �•\¿

Ux\‰.

3.3 Study 2:ê¥›1®x–⌧+êXtt

\¸ê¥›1®xXl0�0X ⇠�<\‰¿t⌧l‰Ë⌅–⌧ê

¥›1®xD‰âX0¥$ÃL‰.0|⌧ Study 2X®‡‰ÿ@ê¥›1

®x GPT0⇠®xXl⌅¥x gpt3.5-turbo API|¨©XÏƒâ⇠»‰. 2⌧

X‰ÿ<\l1⌧ Study 1¸Ï¨ Study 2î 3⌧X‰ÿ<\tË¥ƒ‰.‰ÿ 1@

êø⇠ ⌧PD ttXî¿ UxXî ‰ÿt‡, ‰ÿ 2@ 3@ ⌅l⌅∏ ‘¿»¥¡

Dµtêø⇠⌧PDî�X�DL,8⌧–Ò•Xî+ê|tt`⇠àî¿–

�\�•1DUxXî‰ÿt‰.

3.3.1 ÏÏ†p<\tË¥ƒ+êX�,‰ÿ

¯º 3.6:ÏÏ†p<\tË¥ƒ+êX�,‰ÿËƒ

ÏÏ†p<\tË¥ƒ⇠–⌧êø⇠(place value)X⌧PDx›`⇠àî¿
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⇣ËX0 ⌅\ ‰ÿt‰. +ê‰X l0| ttX‡ àî¿ LDÙ0 ⌅t⌧ ¸¥

ƒ+ê‰Dù�Xî⌧⌧�\òÙXî)ïD\©\‰.Ã},+ê‰Xl0|

�Uà x¿\‰t, t˘ task–⌧ �UXå òÙt �•` Ét‰. ‰ÿ@ +ê|

l1Xî tokenX ⇠– 0| � 2Ëƒ\ ⇠â⌧‰. ´ à¯ Ëƒî, GPT� XòX

token<\ ò⌅¥¿î +ê‰D l0� ù�Xî ⌧⌧�\ 0ÙXƒ] \‰. òÙ

Xî +êX ⇠î 3⌧Ä0 6⌧L¿ ¿TXt⌧ ‰ÿ\‰. Ã} GPT� ´ à¯ Ë

ƒ–⌧ ¸¥ƒ +ê| �Uà òÙà‰t, t˘ +ê‰@ t¥¿î ËƒX source

multiplett ⌧‰. P à¯ Ëƒ–⌧î source multiplet‰X permutation<\ »\¥

+ê 6⌧X+ê|Ã‡ƒ,‰‹t˘+ê‰Dù�Xî⌧⌧�\òÙ\‰.

Step 1: XòX †p<\ tË¥ƒ ⇠(source multiplet) �,X0 ´ à¯ Ëƒ

–⌧ ∞¨î GPT� XòX †p<\ ò⌅¥¿î +êX l0| tt` ⇠ àî¿

Ux\‰.‰ÿD⌅t 100Ä0 520¨tX+ê| 3-5⌧|úd<\›1(¯º 3.6

–⌧ s1-s3)XÏ GPT� �U\ ⌧⌧\ òÙ` ⇠ àî¿ ‰ÿ\‰. ¯º 1.2@ ⇡

t OpenAI–⌧ ⌧ıXî tokenizer| t©t⌧ ¨©⇠î Ö%t ¥ªå token<\

òXî¿ }å Ux` ⇠ àîp, 1Ä0 1000L¿X +ê‰D Uxt ¯ ∞¸ 1Ä

0 520L¿X +ê‰@ ⌅Ä 1⌧X token<\ l1⇠î ÉD Uxà‰. ⇣\ 100

Ä0X+ê| ›\t îPà¯Ëƒ–⌧Ã‰¥¿î permutation multipletX

8t| Ù•XÏ ÏÏ †p<\ l1⌧ +ê| Ã‰0 ⌅t⌧t‰. t⌥å XòX

6L<\ò¨⇠î+ê‰@êø⇠–�\⌧PDL¿ªXT|ƒl0|Yµ`

⇠ à‰. �| ‰¥, ¿⇠ A, B, C� àD L, � ¿⇠‰X l0| DP\ pt0�

à‰t,t˘¿⇠‰t‰⌧¥§✓D�‡à¿JT|ƒl0DP|`⇠à‰.

0|⌧,¯Ëƒ|µt GPTX+ê✓XttÏÄ|⇣ËXîÉtDÃ,†pË

⌅–⌧X+êl0DP��•\¿|Ux\‰.tËƒ–⌧l0DP��•\

+ê†p‰@Pà¯Ëƒ–⌧\©⌧‰.
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Step 2: ÏÏ ⌧X †p<\ tË¥ƒ ⇠(permutation multiplet) �,X0 †p

‰t òÙ⇠î ⌧⌧– 0| �å ⇠î êø⇠| GPT� �Uà ttX‡ àî¿

UxXî Ëƒt‰. GPTî t⌅Ëƒ–⌧ ª@ l0DP� �•\ +ê †pD \

©XÏ permutation multiplet| 6(p1-p6)⌧ ›1\‰(tL, permutationX ⇠� 6⌧

Ù‰ŒDΩ∞,ŸÒDP|⌅t 6⌧|úd<\ ›\‰.).tƒ GPTî›1⌧ 6

⌧X+ê|ù�Xî⌧⌧�\Xîë≈D⇠â\‰.48tX+êX�å�ƒ

| �EX0 ⌅t⌧î XòX +ê| l1Xî ç⌧ †p s3, s2, s1| êø⇠�

Òtƒ s3⇥1000
2
+ s2⇥1000

1
+ s1⇥1000

0@⇡@)›<\ttt|+êX✓

Dttt|\‰.´à¯Ëƒ–⌧�†p s1,s2,s3X�å�ƒ�Et�•hD

Uxà<¿\. P à¯ Ëƒ–⌧î �å�ƒ� �E⌧ †p‰t ç<\ òÙ 

L, t˘ †p‰ ¨tX êø⇠| �E` ⇠ à¥| ÏÏ †p<\ l1⌧ +êX

�å�ƒ|⇣Ë`⇠àDÉt‰.

3.3.2 +ê\⌅X�¥\⌅�¥‰ÿ

¯ ‰ÿ@ +ê\⌅D �¥\⌅<\ ¿ΩX�D L ⇠Y 8⌧ Ät– ƒ¿D

⌅ ⇠ àî¿ UxXî ‰ÿt‰. t ‰ÿ@ ¯º 3.7¸ ⇡t ⌅l⌅∏@ dataset–

t¨XîD|DD+ê|�¥\⌅<\�¥àDLX1•D!�\‰.t˘‰

ÿDµt∞¨î CoT@ PoT| baseline<\X‡ PoT Eng� SVAMP datasetDÄ

LX�ı`X(t|DP\‰.⇣\Ÿ|\»8–�\ÏÏà‹ƒƒ�•Œ

tò(ı¿D�ı<\D›Xî self-consistency0ïD�©àDLX�ı`ƒ

!�\‰.

+ê| �¥\ \⌅Xî É@ GPT– êø⇠ �Ù| ®¸�<\ ⌧ıXî )

ï<\ ¨© ⇠ à‰. ç⌧ +ê †pX òÙ–⌧ êø⇠X ⌧PD �Et|

Xî D|DD +ê@ Ï¨ �¥ \⌅X Ω∞ êø⇠� Ö‹�<\ � Ë¥– Ï

h⌧‰. �| ‰¥ ¯º 3.7X PoT �‹–⌧ +ê 36X Ω∞, +ê 3¸ +ê 6<\

tË¥8à¿Ã,‰⌧X¯Xî✓@êø⇠⌧Pt⇠�⇠¥ 30¸ 6<\t�t|

\‰.¯–⇠t PoT EngX⌅l⌅∏–⌧, English expressions\\⌅⌧ thirty sixX
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¯º 3.7: CoT Num, CoT Eng, PoT Num, PoT Eng⌅l⌅∏X�‹

Ω∞,�Ë¥–êø⇠⌧PtÏh⇠¥àî�‹|H‰. SVAMP dataset–Ò•

Xî D|DD +ê‰@ �ÄÑ 3ê¨ tXX ë@ +êt0 L8– XòX token

<\òX¥ò¨⌧‰.0|⌧, GPT�XòX†p<\tË¥ƒ+ê‰D�Uà

ttX‡ à‰t, English expressions| ¨©àD L 0t PoT– �Dt⌧  ¨\

1•DÙtpò,+êX¿X¸�–⌧ù�⌧†p<\xt‰åX}\1•D

Ù|Ét‰.X¿Ã,êø⇠⌧P–®8htà‰t, place value�Ö‹�(explicit)

<\⇠�⌧ PoT Eng–⌧1••¡D0�`⇠à‰.
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¯º 3.8: PoT Num, PoT DNS⌅l⌅∏X�‹

3.3.3 Ìƒ⇠⌧Pî�‰ÿ

¯‰ÿ@Ìƒ⇠⌧PDå∏\î�t¸»DL⇠YÄt–ƒ¿D⌅⇠à

î¿UxXî‰ÿt‰.t‰ÿ@¯º 3.8¸⇡t⌅l⌅∏@ dataset–t¨Xî

D|DD+ê|Ìƒ⇠¥ƒ\Ä¥îå∏|�<\hêø⇠⌧P–�\tt

ƒ|íÏ¸¥1•D!�X‡êà‰.t˘‰ÿ⇣\ CoT@ PoT| baseline<\

X‡ PoT DNS� SVAMP datasetDÄLX�ı`(t|DP\‰.⇣\‰ÿ 2@

»,�¿\ self-consistency|�©X�DLX�ı`ƒ!�\‰.
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⌧ 4•‰ÿ∞¸✏Ñ�

4.1 Study 1:ê¥tt®x–⌧X+êXtt

4.1.1 Ö‹�ê»îú)›�©‰ÿ

Model Val Acc.

S2
S

GroupAttn [41] 21.5
BERT-BERT [42] 24.8
Roberta-Roberta [42] 30.3

S2
T

/G
2T

GTS [43] 30.8
Graph2Tree [44] 36.5
BERT-Tree [45] 32.4
Roberta-GTS [2] 41.0
Roberta-Graph2Tree [2] 43.8

O
U

R
S

ROBERTA-LARGE-ELASTICTRANSFORMER 21.5
+ Explict Feature Extract 43.9

ROBERTA-BASE-DEDUCTREASONER 47.3
+ Explict Feature Extract 48.4

ROBERTA-LARGE-DEDUCTREASONER 48.9
+ Explict Feature Extract 51.7

\ 4.1:ê¥ttƒÙ®x–⌧X SVAMPpt0KX�ı`

\ 4.1@ê¥ttƒÙ®x–⌧X SVAMPpt0KX�ı`Dò¿∏‰.

tL ¨©\ †t§|x ®x@ sequence-to-sequence(S2S), sequence-to-tree(S2T)

and graph-to-tree(G2T)0⇠ ®x‰t‰. ∞¨� ‰ÿ\ ®x@ elasitc transformer

@ deductive reasoner\ Ö‹� ê»îú )›–  4– 0x �ı`D DP\‰.

¯ ‰ÿX ∞¸\ elastic transformer ®x–⌧î Ö‹� ê»îúD ⇠âàD L,

⇠âX¿JXDLÙ‰ 22.4%í@�ı`DªD⇠àîÉDUxà‰.⇣\⌅

¨ \‡1•D Ùtî ®xx RoBERTa-large| ¨©\ deductive reasoner ®x–
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Ö‹� ê» îú )›D ƒÖàD L 2.8%X 1••¡D ª¥ 0t ê¥ tt

®xX \‡1•D 1‡` ⇠ à»‰. tî ê¥ tt ƒÙX ®xD ¨©` L

+ê†pD¨©XîÉt+êX�å�ƒ�E`⇠àî�•1D¸‡,tÏ\

�•1@®xX�ı`¡π–ƒ¿D⌅⇠à»LDX¯\‰.0|⌧ âl

⌘+ê†pD¨©X¿Ã,+ê| < quant >\XXXî¸�DpX¿JD+

ê@ 8ê� Xò\ i–ƒ ¡‹\ †lòt’ ⇠ àî  âl[25, 24]ò 8⌧–

Ò•Xî +ê †pD ®P ¨©X¿ J‡ XòX †pÃD ¨©Xî  âl[6]

–⌧ƒÖ‹�ê»îúDƒÖ`⇠àƒ]®xD⇠�\‰t1•t,|��

•1tà‰‡�¡\‰.

4.2 Study 2:ê¥tt®x–⌧X+êXtt

4.2.1 ÏÏ†p<\tË¥ƒ+êX�,‰ÿ

¯º 4.1: (|Ω) ‰ÿ 1X »X �‹. ($xΩ) 3-6⌧X †p<\ tË¥ƒ +ê–

�\ “�ıü⇠”@ “�ı`”

¯º 4.1@ ‰ÿ 1X ∞¸| ÙÏ�‰. ¯º 4.1(|Ω)@ +ê| �,Xƒ] X
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î»X‰X‰⌧�‹t‰.¡ËÄÑ@Ëƒ 1–�\»X�‹\ GPTî¸¥ƒ

3⌧X +ê| �UXå �,\‰. ´ à¯ Ëƒ–⌧ XòX †p<\ tË¥ƒ ⇠

(source multiplet)� x ⌧⌧\ �,⇠t, t| ’<\ Ï/ ⌧X +ê(permu-

tation multiplet)� ›1⌧‰. XË ÄÑ@ Ëƒ 2– �\ »X �‹\, GPTî ÏÏ

⌧X†p<\�⇠]+êX�å�ƒ|�UXå�EX¿ªXîÉDÙÏ�‰.

¯º 4.1($xΩ)@ ‰ÿ 1X ∞¸| ÙÏ�‰. ¯ò⌅X xï@ ‰ÿ–⌧ ¨©

⇠î +ê| l1Xî †pX ⌧⇠| ò¿∏‰. |Ω– \‹⌧ …� ¯ò⌅@ yï

@ �ı ü⇠| ò¿∏‰. ⇣\ $xΩ– \‹⌧  ¯ò⌅@ yï@ �, �Uƒ|

ò¿∏‰. P à¯ Ëƒî ´ à¯ Ëƒ–⌧ tå �,⌧ +ê †pD ¨©XÏ

Ã‰¥ƒ Ï/ ⌧X +ê(permutation multiplet)| �,Xî ¸�t‰. ¯º 4.1($

xΩ)–⌧,\†p<\tË¥ƒ⇠|�,XîΩ∞�,‹⌧|Xî⇠|ò$ƒ

�ı`t 100.00%–⌧ 96.80%\DP� ¿⇠¿Ã,ÏÏ†p<\tË¥ƒ⇠|

�,Xî Ω∞ �ı`t 80.10%–⌧ 60.54%\ lå X}Xî Ω•D ¸ ⇠ à‰.

⌅∞¸|µt,ê¥›1®x@��X†p–�\�å�ƒîDP��E`

⇠à¿Ã,+ê�ÏÏ†p<\l1 Lêø⇠–�\⌧Pt(⌅àYµ⇠¿

JXLDUx`⇠à‰.

4.2.2 +ê\⌅X�¥\⌅�¥‰ÿ✏Ìƒ⇠⌧Pî�‰ÿ

Temperature CoT Num CoT Eng PoT Num PoT Eng PoT DNS

Accuracy 0.0 76.80 79.90 80.04 82.00 82.10

Accuracy(SC) 0.7 81.20 82.50 82.60 83.70 82.20

\ 4.2: +ê\⌅X �¥\⌅ �¥ ‰ÿ ✏ Ìƒ⇠ ⌧P î�‰ÿ–⌧ SVAMP

datasetX�ı`

\ 4.2@ SVAMPpt0K–⌧+ê\⌅D�¥\⌅<\¿XàDL(PoT Eng)

@ Ìƒ⇠ ⌧PD î�àD L(PoT DNS)X ‰ÿX ∞¸t‰. t \– ⌧‹⌧ self-
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consistencyX temparatureî 0.7\ $�X‡, 5å ‹ƒ ⌘ �• Œt Ò•\ ıD

ı<\ ∞�à‰. ®‡ Ω∞–⌧ êø⇠ ⌧PD î�àD L(CoT Eng, PoT Eng,

PoT DNS), +ê \⌅D ¨©Xî É(CoT Num, PoT Num)Ù‰ í@ 1•D Ù

�‰.

�¥ \⌅D ¨©àD L ®x 1•t ù�\ É– �t⌧î P �¿ $Öt

�•X‰. ´ à¯, �¥ \⌅@ Ö‹�<\ êø⇠X ⌧PD ÏhX‡ à0 L8

–,T‹�<\êø⇠X⌧PDÏhXî+ê\⌅Ù‰®xtttX0l∏⇠

àD ⇠ à‰. P à¯, Ë⌧à GPT� +êÙ‰ ê¥| T ò ò¨` ⇠ àƒ]

»(⇠¥à¥⌧|⇠à‰.

î�\, PoT Eng–⌧ ò¿òî 1• •¡(1.96%, PoT Num)t, CoT Eng–⌧

ò¿òî 1• •¡(3.10%, CoT Num)– Dt T p ÉD Ux` ⇠ à‰. CoTî

⇠Y8⌧–ıDX0⌅t⌧8⌧–�\tt–ÃD»|,�ıD¡⌘ƒút|

\‰.¯Ïò PoTXΩ∞, CoT@Ÿ|Xå8⌧|ttX‡Ät¸�DÃ‰¥|

XîÉL¿îŸ|X¿Ã,8⌧–\©⇠î+ê‰D¿⇠–#‡,+ê‰X✓–

�\tt|îlXîƒ∞@ python interpreter–·4‰.0|⌧∞ �x∞D

¡⌘t|Xî CoT�êø⇠–�\�ÙX�•DTl‰îÉD¸⇠à‰.

Ìƒ⇠ ⌧PD î� àD L ⇣\ 1•t •¡⇠»‰. ¯Ïò self-consistency

|⇠âàDLî1•t•¡⇠¿JXîp,t|µtÌƒ⇠X⌧PDî�XÏ

�†pXêø⇠⌧PDttXƒ]XîÉ–¥$¿tàD⇠à‰‡ƒt�`

⇠à‰.⌅¨êø⇠|ttX¿ªXît î†lòt’Ëƒ–⌧pXå⇠î

lp�x \ƒ\ XòX +ê� ÏÏ †p<\ º⌧¿î Éxp, 10ƒ⇠X ⌧PD

î�\É@¯8⌧|t∞\ÉtD»0L8t‰.0|⌧êø⇠X⌧PD¸0

⌅t†lòt’tƒ›0î†pƒ\êø⇠X⌧PDî�Xî‰ÿtDîX‰.

34



⌧ 5•∞`✏\ƒ⇣

⌅ ‰ÿX ∞¸\ +êX �å �ƒ tt– ƒ¿D ⌅ ⇠ àî �Ù| î�t

¸»DL,xı¿•®xX⇠Y8⌧Ät–⌧1••¡X�•1DUx`⇠à

»‰. Study 1Dµt elastic transformer®x¸ deductive reasoner®x–⌧ÑXX

8êÙ �‡ +ê †pD #¥¸»D L 1• •¡D Ux` ⇠ à»‰. tî +ê

†pD ¨©XÏ +êX �å�ƒ| �E` ⇠ àƒ] t¸î Ét xı¿• ®x

t ⇠Y 8⌧| t∞` L ƒ¿D ⌅ ⇠ à‰î ÉD Uxt ¸»‰. Study 2X ´

à¯‰ÿDµt⌧î+ê�Œ@†p<\º⌧»⇠]�å�ƒ�E–⌧1•t

�X⇠îÉDUx`⇠à»‰.t∞¸|µt GPT®xXΩ∞+ê|tt`L

êø⇠|ttXîÉ–¥$¿D™D⇠à‰îÉUx`⇠à»‰.⇣\Pà¯

‰ÿ–⌧î8•�⇠Y8⌧ÄtX1•Dµt,êø⇠|Ö‹�<\x›`⇠

àƒ] àD L �ı`t •¡⇠î ÉD Ux` ⇠ à»‰. ¯¨‡ 8 à¯ ‰ÿD

µt êø⇠X �X| î�t ¸î Ét 1• •¡– p �•D |X¿ ª\‰î

ÉDUx`⇠à»‰.

¯lX\ƒ⇣ Study 1XΩ∞, NLUƒÙX®x–⌧î+êê¥|8⌧Ät

–¨©X¿J‡à»0L8–+êXÑ†)D8⌧Ät¸�–î�XîÉ–

—⌘X‡, tƒ êø⇠ ⌧PD ttX‡ àî¿– �\ Ux@ ⇠âX¿ JX‰.

Study 2X´à¯‰ÿXΩ∞, GPT�êø⇠⌧PDttX¿ª`⇠à‰îÉ

D ÙÏ¸0 ⌅t 8 ê¨\ tË¥ƒ +êX †pÃD ‰ÿ– t©\‰. X¿Ã

⇠Y8⌧–⌧î\ê¨òPê¨⇠�ê¸Ò•X0L8–,‰x8tX†p–

�t⌧ƒ  ¨\ ⌅¡t ⌧›Xî¿ LDÙ0 ⌅t T ë@ êø⇠– �\ ‰ÿD

ƒât¸ ⇠ à‰. P à¯ ‰ÿX Ω∞, SVAMP pt0KX +ê‰@ ¡��<\

ë<p,�ÄÑ\ê¨⇣îPê¨t‰.Ã}+ê�T‰¿t‰ÿ∞¸�¨⌅⇠

¿JD⇠à0L8–,t⌅¡DD⌅àÄùX0⌅t⌧î8ê¨t¡XTp

35



+ê‰– �\ ‰ÿt DîX‰. 8 à¯ ‰ÿX Ω∞ self-consistency| ⇠âàD

Lî0t PoT Num–Dt1••¡t⇠¿Jî‰î\ƒ⇣tt¨à‰.

¯lXXX tÏ\\ƒ–ƒàlX‡, Study 1XΩ∞+ê†pD¨©X�

D L ®xX Ät 1•t 0tÙ‰ ¡π` ⇠ àLD ÙÏ¸»‡, Study 2–⌧î

+ê� GPTX†p<\\⌅ Lêø⇠–�\⌧Pt©Ñà\⌅⇠¿JD�

•1t àLD ÙÏ¸»‰. 0|⌧, GPT ®xX +ê� ÏÏ †p<\ Ñ¨⇠¥

àL–ƒàlX‡êø⇠|ttXƒ]»( ⇠à‰t,®x@⇠Y8⌧|x

î ë≈tò +êX êø⇠ tt| îlXî 8⌧| t∞Xî p T í@ 1•D

Ù| ⇠ àD Ét‰. t| ⌅t +ê| tt` ⇠ àƒ] ∏¥®xD ¯8 p�

(find-tuning)XîÉƒ�•\)•1t ⇠à‰.
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ABSTRACT

A Study on the Understanding of the

Number Concept of the AI Model for

Math Word Problem Solving

Jisu An

Graduate School of Convergence Science and Technology

Seoul National University

The field of math word problem solving, an intriguing area of study since the

1960s, has been consistently researched. As AI advances, attempts to use AI for solv-

ing sentence-type mathematical problems have been increasing. However, recent con-

cerns that the math word problem solving models do not actually understand and solve

the problem through reasoning, but derive answers by appropriately combining the

numbers appearing in the problem, have brought ambiguity to the understanding of

these models. To comprehend mathematical problems, understanding the numbers that

appear in the problem is prerequisite, and thus this paper conducts two studies to aid

in the understanding of numbers during the problem-solving process.

Study 1 proposes an explicit feature extraction method to address the issue arising

from the limited use of number tokens in the problem-solving process of pre-trained

BERT-series language models. This method aids in understanding the magnitude of

the numbers that appear in the problem. Furthermore, the application of this explicit
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feature extraction method has shown a 2.8% performance improvement in the natu-

ral language understanding model among those in the SVAMP dataset, surpassing the

performance of the previous best-performing model. These results confirm the poten-

tial of using the number tokens that appear in the problem to help comprehend the

magnitude, which can subsequently increase the accuracy of the model.

Study 2 demonstrates the problem that the implementation of the pre-trained GPT-

series language model, gpt3.5-turbo, fails to fully comprehend the concept of

digit position when discerning the magnitude of numbers comprised of multiple to-

kens. It proposes a strategy to supplement this issue. The result of this experiment

showed a 2.06% increase in accuracy compared to the best performance of the previ-

ous prompt strategy using gpt3.5-turbo. These results confirm the potential that

if the concept of digit position is incorporated when natural language generation mod-

els solve math word problems, it can aid in understanding the magnitude of number

tokens, which can then increase the accuracy rate.

Keywords: Number Understanding, BERT, GPT, ChatGPT, Prompt Engineering,

Chain of thought

Student Number: 2021-27764
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