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A1 AE

L1 7ol w7

Zpd o] 22| (Natural Language Processing) 2oF= AFE 7| AR} AGE+=

HPAQ] Aol olsaki BEat7] $18) B ATET Qlek. Kk Aol
okt o) B 2ol B A|Flof Qi ARt ok e A48 A 0 2 ofE|of 9 ALt
A4S B §5F 4 Gt WE7HA) Este] o|sfgith. Bho] 2110) 2 o] st
7] 1A a7 A o] o, 12 7] o] wle A 2o} 22 52 sHa AR
L7 g0 g BAlo|TH1L. A ATeldE Aol 22 5L S48 919
24 531 BA A5 Fo| A77 AWH T Gtk B11S BHY 55 BA|0] of
N2 B 4ot BANS QAo A A8 4 Qls A8 BARE 2 A do] Sl 1,
Fol7l ARE ol gate] BAIA L 78Hs 4 B P EEsHs BAlo|t}
ABA5 Bho] BAY 431 BAIE E7] PIAE AdolR /14T 55} BAIS
olsfst, Al Aol Wat YuE FEEF, FEUARE Vo A4
SA 52 ATS WSS 5O B AXA Dek ol el e B 45 24 45
Fo|2 54 Aol 2 582 Brbsky Bdo] %2 ZHT 4 UrHI2 13]
Ay 48 24 245 Bo] AT 19609 R E 25402 ATHo] & Ko}
2[14] 714 715 M= o) g FRES, 161, 5A 715 HEE17, 18, 19, 20152
ol g3) ZAlN A F2H A (feature) 902 Hof HFe ot Ao

A17F AP} 0]F 2017HEE Hajy-S o]&at A s} A ZE Qg =d|[21],
A A7 (Recurrent Neural Network), Seq2Seq(Sequence to Sequence) =& ZF
© Qlmn-fay B2, Ta 3 Fskets RHl[23] o] ATEgch Tajtt of
2 BdR2 s Al A6k ANt 2AE 27 & dash Wt A4S

P4 gtk 2AI7E Slot o] gt ZAIE siidst] floff EfAazn
(Transformer) 7] HF2] AFASH5 ¢lo] R E(Pre-trained Language model)-2 2H-8-5}o
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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
Bryan took a look at his books as well . If Bryan has number(
books in each of his numberl bookshelves , how many books

Multiply(number0, number1)

or Multiply(56, 3)

does he have in total ?
168

in total ?
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1.2.1 Study 1: A} 0] o| 5] oA £=2}9] o] 5]
<Math word Problem>
a mixture of ... 42% ... new mixture ?
a mixture of ... <quant> % ... new mixture ?
| [ | [ .
Natural Language Understanding model (ex. BERT)
1 1 1 1 1 11 I 1 1

a | |mix#| |#tu..

719 1.1: Deductive Reasoner R Ao A =245 E212 2|8het F A AHF S F

251 7

Zpdof ofsfi7uke] AbAStE o] RelS ARgsh= 4188 Aol 4=, BERT 7|
dO| o] RElS AFHE ARESt] A PH|d = FE5hL T2 A I
< tIg Bl gl or Yol =5t FA| 9] F-2 =& AP A2 deductive
reasonero]| A= 13 1.13} Zo] ol 2 37 A A2 A4
H %2 BEG T)2 AR Fo] of 2k, BAle] S ek £AHE “< quant >”

Zol BAtolq Yo uf THEY 4 ol BALR N8 5 A4 AP S 25



SeH 7). o] =Rt Al o 2 Hdof 2|8k 24

i
i
rr
o
Jo
rlr
T
Hu
i
o
oN,
i)
o
=
o

221} FH o) Qe A7 FAH A A shte] EF 0 01AE 4= gl BA|S o)
St7] QA olet. 12fut, =2k HiAl 2|2 TZ}% 7 fohd mdlo] ZA4 5 Fol
He =D W, Ao daBAE whefshA] 2ot Al A 24 goh A o
Foll A APdehy o] HellS AHESHlS o, AT Ve Al 22 o] ALEAREe]
AT 52 oEWATE F83 44 BAdolA ARdels o] S AR
Ae o Hoh 52 AEES Hol7] "izel2] Rdo] =2t tiadAE AT
T = 2|2 2] g2 =2t ES-S dolE ool Jlrt Study 1 o M= =AE

% &l A

Edolq @ W “< quant >79} Zo] TR BALR X §5}A] o
7

zdo] £AE T §= == W 42 HauAE et

1.2.2 Study 2: A} o] AA R A £=2}2] o]

Tokens Characters

3 8

20160237
[1264, 1899, 24693]

TEXT

18 1.2: GPT R A £212 ES 0 2 91451 HFA]

Ahelo} A4 7]Hel GPTA R lo] RElg AH&al= A AE end-to-end
M40 2 BA|S o) A4e) Yo} End-to-end AL BES ofg] Az BajelA] o1

shte] ndl2 BAE sfAsh= Halez A
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dl-g AbA sk 2 E(pretrained model)o] 2yl H-Et

o
ek
M

rr

sfol ¢

212 EWAIEOO Tz
OQutput
Probabilities

Add & Norm

Feed
Forward

e | \ Add & Norm Je~
£dd & Norm Mult-Head
Feed Attention
Forward ) Nx
|
Nx Add & Norm
(->| Add & Norm | Nasked
Multi-Head Multi-Head
Attention Attention
1t At
\——— J \_ — )
Positional Positional
Encodi D S5 i
ncoding Encoding
Input Output
Embedding Embedding
Inputs Outputs
(shifted right)

9 2.1: EFHAILH o} 7| H A [3]

ne

transformer)+= 91 7 5 -t] 7 & (encoder-decoder) - Z & o] F o] 7

|t
=
>
H
=

(encoder block)¥} 0|5 ThA] H-Y5}t= T H B (decoder block) &2 T/ Hr}.

olFT|E N9 QFE EE207 AT QFE BEEL T Jo] A H ooz
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TdEth A WA Flojol= HE = of’llAd FloJojo]al, & WA FHlo]ol= gt
ot &=1oF Al A" (feed-forward network) o]t TEGH = 7] 0] A B o] o= Zhapd

2
(residual connection)2 AZAHTH tF o] ¢, NS tjiYg E5078 LA

i E52 )13 B8 22 F 7] A B o]ofof mpAT HE] o E of’llA

(masked multi-head attention) d|o]o]7} 71 LZX 2 o]Fo]Ztt o|uf A}&E=

A3 HE B ol A2 A F 7] &2 2t o] S o] A2 tAr o] g oz
]

14 a7 sk 7ol of 71@—3— 7] Seq2Seq BAAA 2314 0 2 Aol
2 iiste], EAAER op|EA L BH5S
4757 $18) = F et

X 32
r
>,\1

Linear

Concat

]

L
Scaled Dot-Product h
Attention

l | |

L L L
MatMul Linear Linear Linear
Q K

\Y

MatMul

Mask (opt.)

9 2.2: (9% 27 E S-ZRYE offld. (LEX) HE s ofdllAl [3]

EHA LA A-E-oF= o Bl A2 query 2} key-value QIH|F-S 918 02 dho}
query®} key 0] A& 71610 value o] 7159h-& 85k 7 o2 AAAE &
T2 HE o]elA(Scaled dot product attention)S ARRSICH 18] 223} Zro] A

Q= hEREE ofdlHS keys} query UM PE Fatol 1EAE Atet, 1



7}5 2| 9HE valueo]] 55) g AlAHSHA H.

MultiHead(Q, K, V) = Concat(heady, ..., head, )W

where head; = Attention(QWiQ, KwWE vw))

HE] F| & ofdll -2 9]9] A3} ZHo] F| = H 2 weight matrix Q] WQ wEk wYez+
Q2] Foto] query, key, valueS AL o F AFUE THEREE oHAL
G2fsto] o'l A g2 F-Rtrth. o] ¥ ol A] head ' &2 THE weight matrix7} oF5 5
7] wjzoll sl= &2 ohE yhaof| A of 'l il Altbskal Qlekar s 4= Q. o]+=
shite] #lololof A d=lS o8 WFo = siAeitt= WA CNNo| HEFA
& o] o] (convolution layer)o]| 4] kernelZ o] 2| 50 2 Fi= A3} FAFSIT}. o] g A
4 EdATe el ALgotel ke AAY BADE 4993 o), RNN A 2
o] Reg AgsA] o1 oA J1 T AR ERE e A e HAE AT
% 951

2.13 o] ol e

NSP Mask LM Mask LM ﬁ MAD Start/End Span\
Py @

BERT

Masked Sentence A Masked Sentence B Question Paragraph
* a*
Unlabeled Sentence A and B Pair Question Answer Pair

Pre-training Fine-Tuning

719 2.3: BERT 9] A4Sk (pre-training) 7} 1] M| 24 (fine-tuning) 2] A} [4]



ZpA o] o]5f] mEl-& 2] 0] o] EH(representation)S Sh55H= HE 2 o T A <l
2} o] o] 5ff R &l 2 = Bidirectional Encoder Representations for Transformer(BERT)
7} elt}. BERT= Eiﬂjiiﬂi 9] 1A & 2|5t & el & Masked Language Model(MLM)
2 Abgstol U o142 FRsel o Belolth MIME 99 E28 gz

2
(paraphrasing), T} A2 F =2 (multi-genre natural language inference), 7|24 <14]
(named entity recognition), A 2]-3H(question answering) 5 T} th-& A E 2

AZ6A BEEH G Aol RDE A8 9 ol Brh B A%
SIcH4L. T3 2oz BERTZL @ EAF ek F4elo] 27149 58 et
Robustly Optimized BERT Pretraining Approach(RoBERTa)[27], o€l 7}52](at-
tention weight)S A2 E ¢l U-& wl e} 92] WE o] 2o 2 FHSH= Disen-
tangled Attention Mechanism-2 %]-& 35} Decoding-enhanced BERT with Disentangled

Attention(DeBERT2)[28] 5-©] 54Tt

214 AAol PN nd

Aol A4 mele o] Bag Agehs RAR GEA Aol 44 nel
2= Generative pre-trained transformer(GPT)7} Q1th. GPT= 113 2.49] 91& 19
v go] EfiARm o] fAHE Z2e F A H L} qiﬂﬂ dA4=E= EE =

ofel 4l o]0l 2 A AT el KA TolE uT thg ol dZali Pz
shgo] o] 2ol et o] @A A SH4E B B 1Ewu Sl sl
e PHEE stk 19 249 0ExL TherEy HAAY AR BE

(classification), ZA]|(promise)o] TSt 719 (hypothesis) 2] %(entailment) AAE o
o 5 2249 A (Similarity) T, 2 0]-2-t(question answering) 5 127 9] ]

225 Saste] 9] |2 Tel M AT 5L BT B FTel GPTS wfe}
10
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Text Task I .
Classification ‘ Start ‘ Text | Extract H—’{ Transformer H Linear |

Entailment ‘ Start ‘ Premise | Delim ‘ Hypothesis | Extract H—-{ Transformer H Linear ‘
®
Feed Forward [ st [ Texti | peim [ Textz | Exvact H——{ Transformer
12x — Similarity Linear
[ st [ Textz | peim | Texti | Exvact |+ Transformer
®
‘ Start ‘ Context | Delim ‘ Answer 1 | Extract H——{ Transformer H Linear

Transformer Linear

— Multiple Choice‘ Start ‘ Context | Delim ‘ Answer 2 |Extract|
‘ Start ‘ Context

| Delim ‘ Answer N |Extract| Transformer Linear

19 2.4: (9% GPTE| 24l o7& 4], (L 8%) GPTO| 22 E Y H| A4 [5]

0] Ato] 2 & 7|9 GPT-2[29], GPT-3[30], GPT-4[31] 522 A3 L7tal Qlct.

4@ ot A AE Eols 19603 HF-E[14] Al2Fste] A g71H4] A5 AL
A= wokoltt. w2 7|8k e wjA] Aa2|F(15, 161914 SA ZIRF HHE(17,
18, 19, 20], E2] 7|4 ®H 223, 24, 25, 32, 33, 34] 18|11 FIo= BEd 7|
HFHER4, 25,9, 10122 o]ojA L vt 28Y ot 24 AbE E°lE St
oA = A ZA BAIE o] Sl FEE ofyet AFR|H 02 oL x|o] QIAL:
& 5 Qe W87 295t AIE ol sisliof /. AlAl A4
(global knowledge)= 11 &5to] ZAE &7] flsl 22 525 ot 4] E0] &

9o EdsnY] 728 BT APISE Aol AHgsle] d7E APty

olsfat7] S18h, A7AES BERTZL A

=
=2
dotaH #AFdo] olsf Rellg ARg-sho] ot 4|9 2hd Mg e FESkL F

=

i
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A o]-gste] ot wA| o] Aol A2 EE el ghrh24, 25, 6,7, 9, 10].
Jga Hos Ao} ols BEl % ELASTIC 222 MathQA Hlo]E] Alo] A
Deductive Reasoner= SVAMP H|o] €] Alo| A #] 11 4~3=2] Z 7}(State-of-the-Art) =
w0 gc.

Eop (DPt—1)D Operator Generator
Reasoning Manager
— N
N
2 L A h
gr * \ - Ij o 0P
o . Eoe
S S
¥ 2 ] ﬁ; \ t N softmax
A =1 )
& =8 = |z| or ~+| GRU
< = ) 01’: g% e .I —
LY | -
s L_| her t «% g
Q ~
& | < |:| oe Update #t
" 1 h
-1 Memory Register
iM 09
Eop (opt)E!p DEcans,num (0e;_q) \ softmax )
\ ) L g Operands Generator )
Y
Encoder Compiler

1% 2.5: ELASTIC 229 o}7] €l 4 [6]

ELASTIC 29 dA)] MathQA H|o]&] Aol A 7 =2 452 Wil 3li= ELAS-
TIC & o]tH6]. ELASTIC Rl 17 2,55 o] 15 ¢ FEat Hupde] 7

2 b}, l3E RS AFAsE 24lo] ol s Relo] BAIE SrpAA 12
A7 Ee FE. Antlel 2Re oo BER olol2A Hid (1) #
2 7+e]AH(reasoning manager) (2) $142} A4 7] (operator generator) (3) 1] G A=}
2378 7](operand generator) (4) H|&L2] | A] 2~ (memory register)©|t}. 4] 5}1te]
ot BAE B7] JAME o2 BA) A8 ATk sl 2E Telahe <
oA Qe A QTS ol gate] BA] T S1] QUEAE A4S Sl
= Qg g7 RHECE 123 W QA A4 YIS F A 1A Qv
oei= A7 "t shte] A4akate] siidot= m A4t of 2] Zfo] 7] wiEel thg
] AARRE AW P2 o] of] f2 o AL AHE 2 AFgSEe] @A Hrt. o] S
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ol AR B AT U mpxjao 2 A2 m] A4bz; oJHY S wE Y
A Z| 2 E o] AFSEAL th THA| A2 AR H e F R A= o] A0
AR Ao RA o)W A0 ATE ThE 40 W QAR BG4 YRS
gie. o] S WSt BAlo] Sgshs g 4412 92 4 olr. S, ELAS-
TIC el A Ao sid stz Akl diet A dWd2 F28 ol =4 B2
A ALSSHA 0 A A B2 AFEate] 57 MR FESE AR
HPAS ARG Gl A WA E2ES A8 et olf 25 H A4 L AHEsHE
el AL BE7] G AT 5 oLt
If a machine can make 2,088 gears in 8 hours,
q 42
how many gears it make in 9  hours?
a3
a1 q> UE]
t=1 q; Rationalizer q;
FFNp—«x €i2x X
(91,92, 1 © 92 FFN,—- e12+ e  Expression
i 5 s q4
t=2
a5, 44, @5 © 4] > FENgp=-x> €34,

38 2.6: (Y2) Deductive reasoner® F2F A, (LEZ) Quantity 2]

Rationalizing[7]

Deductive Reasoner 22 SVAMP H|o|E]Al-S = ALASHS 2l o] o]a] Al
g = A =2 =9 Hol= B Ee Deductive Reasoner©]th. Deductive reasoner
= 13 2.6 o] ZZ&51H (1) Reasoner?} (2) Rationalizer 2 ©]5-©] 21t} Reasoner
s T @Al g RE Aol e B Q9] (representation)
RA) S AA] AT, BAE B 1) B & 9 o]
RE e ool

N %

o

1o
ne

0o & e
ol
o g ofr
P
N o
o
=
>
)
3 ol
filo
-
_O|L
k
T Mo
2,
|t
f
=)
>,
ofo
i,
r[r

)
&
a
i
4
2
L
£
To
jules
)
ol
1=
a
=
fu)
el
>
el
2
)
ol
ok
2

Ea

Mo
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A& 7|EY +F FHE JUlo|Esh= 7] 5= 35, o A4t = 7Hs
ol R E QlH| -8 RationalizerS S3HA A QY| o] ES 4~ St Deductive reasoner
L 9] 5 B wEstol AR A8 BV B 240 AHE HE 5 UES
Reasoning THA|o| 4] IH|T W E of tfgt A5 o] E ALFS wf, ZF HE o] tigt T=
AT\ AXES St Fr A0 7 A E QS o 419 A4S HETHT]. ¢
H, Deductive Reasoners= Al 574 6h= AR HE P& 5T ol A=
< quant > B 5] JH|Y-& FESH= AS ARESHLL Qi) o]t Ao ®

222 Aol 44 B A4 BHY 55 BA| ol
A8} 2] WA instructGPTS] T4l 0.2 A7A7} ALdslo] mee] 4
Q) F g )7 S A 8] o] A4 B A (arithmetic)[35), AH4] o]

3f|(commonsense) [36, 37] 18] A A =

rf

(symbolic reasoning)[38]5 2] Fo}o]

4

M F2 582 HolA E it} T3 Lol = Chain of thoughtL} Program of thought
ef go] ZZDE 7IHS Tl 4P ot vAIE FE AN 22 dEES H

InstructGPT InstructGPT= AFEE9] Ok of ¢ 2 Folol= olo] RS S s}
= H'H O & Reinforcement Learning from Human Feedback(RLHF)¢] 2= HFA]-S-
ARG 19 274 instuctGPTE: SH A7 TS Uehiich. 3 A o2
ghl 27} 2445 TE T E S 55k supervised learning © &2 GPTRE-2 0] A 74t
th. & A7) GA 2 GPTRHE R olg] 7fo] nd &S ol ghil g7} £95
7| EE 5ta, 98 w71E A HAARdo] shEsHEE it o] % A WA

oA B4d 2do| InstructGPTE AFg210] 9|9} AR FH-g Fhrhs Ho
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Step1 Step 2 Step 3

Collect demonstration data, Collect comparison data, Optimize a policy against

and train a supervised policy. and train a reward model. the reward model using
reinforcement learning.

A promptis A prompt and
sampled from our ° several model 2
Explain the moon Explain the moon
prompt dataset. landing to a 6 year old outputs are landing to a 6 year old
sampled. o o
v Explain gravity. Explain war.
Alabeler

demonstrates the @ . N
desired output e
behavi &

ehavior. Some people went ﬁ(—/

to the =
© fhe moon A labeler ranks

the outputs from

' best to worst.

This data is used SFT -
to fine-tune GPT-3 /)?9\\ 0-6-0-0
with supervised \}sa{/
learning. v
eamning A This data is used .
i | %}
EIEE to train our SA,
reward model. W
0-0-0-0

Z1% 2.7: InstructGPT 2] A| 7}2] @A (1) A & SH<5 1] M| Z A (supervised fine-tuning),
(2) BAF 2 dl(reward model) £, 12|11 (3) =& A& %A SKproximal policy op-

timization) & AF-&3t 733} H5 (reinforcement learning)[8]

GPT-3 @ Wt} /|4 =] QrH8]. 5t o] 2] gk HFA] © 2 8155 instructGPTE GPT-3
e} 1000 242 2 vetn] B 2 GPT3R oh A5 G2 A4t o] 2 54
&3] 29 o] 25 el Wilo] obd RLHFS A}

=3
H
£ e
zdlo] e el ¢ots gHe d& 5 U | Ao

s

L]
>

o= Qlzto] &3

=

Chain of thought Chain of thought'= z}¢lo] A mdlo] 20| A oA =7t
GAE AR BN & S AALHA YA st 7S ofnltit. 1
2] 2.8 chain of thoughtZ /\]-%5 =2 gdtAlS e =1, chain of thought
L Re BES She Jlo] WA e AN Wl Bl AES st
few-shot learning 7|12 AF8510] F7F A% Aol ES Tt wak 57 BAQ)
“2}e] o] & L7 (natural language rationales)” & YA SO 23| ojT]o| A T2 A2

R SAe 5 9ol REG 7 4 9 7] B 9 % ek 1w
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Standard Prompting Chain-of-Thought Prompting

Model Input Model Input
Q: Roger has 5 tennis balls. He buys 2 more cans of Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now? tennis balls does he have now?
A: The answer is 11. 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 Q: The cafeteria had 23 apples. If they used 20 to
do they have? make lunch and bought 6 more, how many apples
do they have?

-

N

Model Output

Model Output

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

answeris 9. ¢/ j

A: The answer is 27. x

NN

I=!

13 2.8: (A&) 7|&£9] —Ex E 72l (QEZ) Chain of thoughtE 283t &
A

chain of thought 418 4}, A1 4] o]8l, 444 2 S| a2
58 Kol 9t} o] AT, TELES B Yio] Qlof melo]
|

A % glrhe

Program of thought Program of thought=FZ29] W42 T2 77 o] FE =
F Aot S AQtst= 71H-& oJu|dtrt. 218 2.9-2 Chain of thought®} program
of thoughtE H|W35H= 18] © 2 program of thought= AH-2 Z2 YAI5H= A o]
obd mpoll T =g AAste] AA| A4S mholfd JIE L7} Yot 5 St
o] WAl o] AL AitT} 22 Hejsle oz majaoe 2o g A
otar, A Ate Z2 7] Qe Zelel 7k ek o fA gomm Aol 4

& AAskE gl A o At ol

2
&5l PoT= <5t 2AIE Zobet vhafet dlolgAlel|A] 7]£9) 455 T F/A]

—

2 B39 £A41E olslsta

W flo ok of

16



Question: In Fibonacci sequence, it follows the rule that each number is equal to the sum of the preceding two numbers.
/Assuming the first two numbers are 0 and 1, what is the 50th number in Fibonacci sequence?

length_of_fibonacci_sequence = 50
The first number is 0, the second number is 1, therefore, the | (fibonacci_sequence = np.zeros(length_of )
third number is 0+1=1. The fourth number is 1+1=2. The fifth | fibonacci_sequence[0] =

number is 1+2=3. The sixth number is 2+3=5. The seventh | (fibonacci_sequence[1] = 1
number is 3+5=8. The eighth number is 5+8=13. | [For i in range(3, length_of_fibonacci_sequence):
..... (Skip 1000 tokens) || fibonacci_sequenceli] = fibonacci_sequenceli-1] +
The 50th number is 32,432,268,459. || fibonacci_sequenceli-2]
CoT | |ans = fibonacci_sequence[-1] PoT
< & python {7 ,
32,432,268,459 x 12,586,269,025

Question: Ketty saves 20000 dollars to the bank. After three years, the sum with compound interest rate is 1000 dollars more
than the sum with simple interest rate. What is the interest rate of the bank?

/Assuming the interest rate is x. The sum after two years with | |interest_rate = Symbol(x’)

simple interest rate is 20000 + x * 20000 * 3 = 20000 + e | etest= 0000
60000x. The sum after two years with compoud interest rate | sum in_two ears_with_compound_interest = 20000 * (1 +
is 20000 * (1 + x) A 3 = 200000 + 60000 * x + 60000x"2 + | inter;st_rate;iii =WI-COMmP - B
A i i A | —
gggggi Ag'j?g:&ﬂfr:e;g:fﬂsﬁv‘g?ts:ea:a:ggg%e2 * | |# Since compound interest is 1000 more than simple interest.
quadratic f;rmula. X = (b +- sqrt(b A2’ -4ac))/ 2a X= | |ans = solve(sum_after_in_yeras_with_compound_interest -
(-20000 +- 6160) / 120000, x = -0.051333. coT | ;‘;’;;Z?i;—é‘;’°—years-'"—°°mp°“”d-'”tereSt s A
Y X @oyhon § %4
-0.051333 M x = 024814

713 2.9: Chain of Thoughts®} Program of Thoughts©] H]| 1/[10]
Greedy decode
This means she uses 3 + 4 = 7 eggs every day.

Chain-of-thought Language She sells the remainder for $2 per egg, so in -
prompting model total she sells 7 * $2 = $14 per day. The answer is $14.

The answer is $14.

Self-consistency Sample a diverse set of Marginalize out rgasoning paths
reasoning paths P to aggregate final answers
c— = = = = = = —T |
ﬂ.): If there are 3 cars in the parking \ She has 16 - 3 - 4 = 9 eggs

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=5cars. The answer is 5.

left. So she makes $2* 9= | The answer is $18.
$18 per day. |

i
This means she she sells the
remainder for $2 * (16 - 4 - 3) The answer is $26.
Q: Janet’s ducks lay 16 eggs per day. Language = $26 per day.
She eats three for breakfast every del
morning and bakes muffins for her mogdel
friends every day with four. She sells

the remainder for $2 per egg. How she bakes muffins, so she The answer is $18.
much does she make every day? has 13 - 4 = 9 eggs left. So !

V\: / she has 9 eggs * $2 = $18.

l
She eats 3 for breakfast, so |
she has 16 - 3 = 13 left. Then |

719 2.10: chain of thought?] A 32 74 1} self-consistency S AF-&SF t] Z1 W
Al[11]

Self-Consistency  Self-consistency—= Ao A mdlo] )7y Ak = 5hi}o]
t}. 719 2.10-2 chain thought®] 2 A1} tjF Y HZFO 2 self-consistency =

AL o A St F20] 312 vrePATE self-consistency HFA1-& A 742 1}
17
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= o]Fojt} (1) chain of thought T2 I E-S A}-&5}o] He &

o

o @ 7

s

= WA

5

K

Hu

|

1_,NO

CoT9] greedy T} 7 7}

sted 7}

A5t =2 A2 & upzlsH(marginalize)

Hlo

BR

2B

ApTpAjo] 1 8

=
pu—

wANA o2 7HA] o

1l

ol

)

ol 8]7+5=2 ¢l (unsupervised)

171w

<]

o) Waut F7bHoly 2 flo] vl 52

i

O 2 Ko} self-consistency7} & Q] 2 A9
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A3 A+ EH

B =8e 07319 2o] T Y stdyE T 3 A sudy dofo
t 5218 202 Eatel ste] gloz gl
].

] S
w) 45 24| Folo] mgo] HiA| SHelshs Aol w1, F A study
A

0%, ﬂJlO S

o] A

3 oA 527} Eo] Foi uf A5i4e] & ehd 8] olsshn] gelata,
A31%0] & F71 F9L 1) 55h BA| Bolol Ego] HiA] SHelsh 4
ot}
Math word problem
Natural Language Understanding Model Prompt

Math Word Problem Solver Model Natural Language Generation Model

Equation or Answer Equation or Answer
Study 1: Xfe10] ofal EH0IA 2%te] ofsH Study 2: KH10{ 444 BROIA 2x}e] Ol

19 3.1: 5 7}#] Study 2] overview

Ado] A E= 42 & 3.19 Frh. Adojolof AU AL E= BE
FEste] Abgston, Zkdo] A R AR o AHSEE RE2 GPT3.5
@A|Q] gpt 3. 5-turbo APIE A}&5}¢lt}. ©] API= OpenAlo] 4] A|-35]
H chatGPTA H] 20| A F2F5ta Qe Rl SUe 452 7t 7142 1000
EZg0.002g 2 o]tk
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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
(ON) Ubuntu 20.04.5 LTS

31 4%

ol
riet

&7

3L AF oA R 7 AR A

‘Mawps ASDiv-A SVAMP

problems ‘ 2,373 1,218 1,000

]_

r{u
o&
>

B 3.2= 55 24 dlolg Aol 3 & Uik & =wollA=
st B4 2= Zo] Bdlo] A%-S Hrlstr] 95} Simple Variations on Arithmetic

Math word Problems(SVAMP) H|o|g] Al-S A}&-Stth SVAMPE gl o] 7FASHS:

Hl2E5}7] 915 B0 €40 2 MAWPS[39]2} ASDiv-a40] dlo| 6] A4 & 7o)
BAE Bob 97h1] whAle] W 7| MO MEste] 100049] AES W] 2
gloleAlolc). olw) AL T A 71 BAY] £A v, LAt £AE B
Aol F74517], AEO] T vER] 5 BA|O] Vol B A sl Algel A A2
A2 B oto] A F2 58S 249 gebA of dolH el te A
2 Q1% T MAWPSS} ASDiv-a dlo]8] 419 B8-S 3} Hgo2 AHgataL,
SVAMPE H| A E $9t0 & ARERITH2].
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NLU7Z|8F 288 A3 5= Study 104 ZH¢do] o] 5] = &l-e MAWPS @} ASDiV-
a® S}%513 SVAMPR HZ6HA 0 NLG7|H Re-& A75HE Study 2004 2+
of A BEle Z7} 5hy glo] ZTEIE oz Y o]3-2 AH-8-5te] SVAMPO] t 3]
A5t B 71% 9] A9, AP AT} Zo] Study 13} Study 2 T4 HHS
gtk
712, Study 25 9]al] CoT&} PoT 7112 FHAY S| A] ATt & AP oA A

HakslA| st 2

rO

4H ZEIZEE CoTolA 7FA2 8719] oA 2t PoTollA 7FH 2 T7H9] A& &
83EHO, 101, T4 A7 0} 2ol T2)t) RS AHETHE Agel A Aol
ThFA-& Holste H &4l temparature S 0.0 &2 A A 3 © 1, self-consistency HH A1
AH-g5h= AP o A= temparature S 0.72 A A .

3.2 Study 1: A o] o] R oA £=2}19] o]F

321 PAH AL F& T AUH 283

BHoHE SREE S0y Bk ol WOl 1ol QZH@RE) o] ol
g 3 o HER SAT B2l

ehe B2k ol Aol ‘5%*6}% %X}% Eiurolﬂoﬂ o=
=

S3pA A ST 18 Qe B ARl ot 2SS AAsER o] Bt
A71E Sbe] TS olsha 7hs o] Sl UMY HElE 9 4 9tk ol
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a mixture of ... 6 ... new mixture ?
@ XAHE 2R |8

a mixture of ... <quant> % ... new mixture ?

|
( Tokenizer ) ( Tokenizer )
R 2

<S> </S>

a | |mix#| |#tu..|

<qu#| |#an# | | #t>

v @ xIEE xi2jo) 2Kt E2 A9

=] [ () [

P 1 1 1 | L1
Natural Language Understanding model (ex. BERT)

{ 1 1 1 ! I 1 1

7% 3.2 Aolols) B WA A4 55 P

TreF 22p7F o9 o] EZ o R EIuo| A HH At EFO] A WA EZ 0| ofH
Bt mpR] et B2 0] )JHH 2 o]of 0] i(concatenate) O] 5 A1 #|o]oj 2> FA}

(projection) 2|o]ofof] FIHAIA JHIF S F=Tt

ot A 0] BoA Adofols| Rds Fof F=28 5 e AE 2 Hd
ArAtel A4rate] sigshe A AMF ot m Atate] sidshe A AP
Al v w22kt Z2AllE S FAIT, £AIE &7 A Bt

(ex. 3.14(FF&), 24(A7h), 60(Z. Z))oll thet A Ju|do]ar, dALkz}e] 5f
LA gege BAS E7] 915 Bag A5Haddition(5AD), subtraction(BAl).
multiplication(:541), division(L}=A)) 5)o] At

19335 WAl AP FHE AMDS 275k T olT) S el
O 3291 g2 AR PAA A T2 A2 Tl Aol 5785t Akl b

Il
.
e HEE 28 4 ololth T, 4 A7) S BAC) S

ofl
ol
=i

A2t &k



<Math word Problem>
a mixture of ... 30% water ... new mixture ?

Constant
( ) , Number
3.14 Candidate per Problem
60
> Trainable
Constant
¢ e Candidate
12
L
-

<Operand Cache>

r'E
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i
riu
lo
oS,
)
ofl
i)
=
R
=}
bt

riu
lo
oS
)
ofl
tlo
-0,
2
me
o,
k=l
o

A} flo]olo] S2pAIA PP Aol
1 341 AaAe] siEshs A QMg FEske] T8
shsh THgolth. Aael A AHPS F25H7] 19 2 At

o4 staL, LA 2 B2 AL

rH

ol
ftlo
P
N

r
N
a2 &
fr
il
Hu
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e
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=
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)
0]
°
o
£
00
c
Operator S

&
k7
S

add %
c

sub -]

— -HH’HP‘H’H add Trainable

;:: ) ; Operator
£ — Candidate

div - .
:| —Irm-
[ .

\ ) S
w® <Operator Cache>
z
~——

glojofo]] FIAA PHFS Lett o] FA I A4S A A HIE2 At
o} B = JH|g o] ofL] B & o] operator cacheo] Z|&5to] REly} $H| SH5A|A

QAT e ot BACNA B Q8L 54T 4 UA St

3.2.2 Elastic transformer -3

3.5& Elastic transformerS 7}
GRUS Zame) Tz WSlel THSRT,. o] F20) 54 AL Then
7}

5

T W] S AR} A Z(operator selection layer)o]] do] A4t
et 3) At desH AdeElE AitRtel A0 w9 HEHE u] A4t
24



Math word Problem

Natural Language Understanding model

@ GAH R & @ AMxt oIS
Operator .
Cache Operator Selection Layer

(3 1| iM%t 05

Jl

Operand .
Bl Operand Selection Layer

% 3.5: YA A A F= "HhAlS 51a5}7] Q5T Elastic transformer ©}7] €] 2]

A8} (operand selection layen)o] ‘o] W A4S Mgtk o] 4 W ato]
AA AL Gtk 192 ANE A 2L AN 889 5 Y v
A A Ao APk £ AGIAE old @ TER BAC] hFote Ad 42
FEot0] B BEUTH EF 9 APOIAE BAH AIFES T ot oA 2
S B|2sh] S5 BAA AEEES 5 L A9 AN WA FRZ
QS 81 7Fs e 9 olo] 2 278kt 5] AWk

Deductive reasoner=NLUA| g 4 5 SVAMP fo]gAlof| A X1 A5S d
= w19 269 2ol BAO] S SA Bl P S FEeta, 55
g2 0] &3] 412 =&t TS Deductive reasoner RE-S A 2 K E

3

el
2 F2T o A 54t= AE < quant >=2 2| goto] 4|



33 Study 2: Ao} 4 RHA £79] o]

2 Aelo] A4 2RO 277} 7|k G5 H 02 ANUA AT BlelA 2}
o] YA B2 Pasts] o9 ck. kA Study 20] BE AF-E Aol A4
29 GPT/|4t 2 do] 7872 gpt 3. 5-turbo APIE AL§5}]

o] g o2 T4 Sudy 17} 2] Study 2= 37 9] AP 0.2 o] Fol Ak A 12
FrEq

A8l g& ofsist=A] lste Aol A9 29132 TFELE AA|YolF
= &l Asl AEe FoFet e W, Aol S st AE ol & A=Al

1
1
i | | Permutatlon( 1 2 p3 p4 p5 p6}
I Randomly Generated Numbers I I Multiplet P pP3 p4 pPd> p
I Divided Into One Token I : 51251212 2
| Source 1
| Multiplet {s1 s2 s3} I : ; g ; g g g
1 w
| g § ;j Order in terms size : If correct : 2 5122 5 2 Re-Order
, 4IHIE | 3/1//8//3//1/8
I I : 5(|2//5/ /5|25
1 2 12 /2 52 5
1 8 8,3 /1 .3 1
1 515/ /52 5 2
gy S
O 3.6: 08 EZ o= ool =2po] HE A B
oA 202 o] £0]71 504 2315 place value)] A& Q14 5+ 917

26



wdsty] ot Aotk 225 9] 2715 olsstal A=A doti 7] flshA o]
U 222 71k AU 2 ydsts Uile 83t thef, 22459 2715
Ve, B askel 4 oA Aolt. ABL 248
+ token®] o wel F 20HA| R Sk A AR DA, GPT7F ohto]
token© 2 Lro] A= 5458 2717} Z7HsHe 24t idsEs g Ur%ﬂ
She 22be] 2t 3E 77k AekstaA et Tt

Al o121 271 A SRR A 2SS ol B soure
multipleto] Eth T HA| ©hA o A= source multipletS2] permutation © 2 A 2-&
A 6711 9] 2AFE BhE &, A s At e = 5715t AW E YE

o

ne ﬂl
o,
N
N
or
o

Step 1: 5} }2] EE 02 o]F0]Z 4x(source multiplet) Es5}7] A W

o4 $EIE GPT7L Shte] E2o 2 ol At s2te] 2718 olafg 4 9
ghelgtet. Ael= 915l 10075 520 Afo] o] 52215 3-57118 HH o= AY(TLH 3.6
oAl s1-s3)sto] GPT7} &t oA Uded 4= A=A AEg
©] OpenAlI°| A A|&-5}= tokenizerE ©]-&3A A H= A2

A=A A S0 o =T, 1RE 1000712 9] 2tE52 &
Bl 5207b2] 9] 2252 AR 1719 token2 2 FAHE ZlS 2RI £ 100
FE 9] 25 A o] f-= F ¥A @A of| A THE 0] Z]+= permutation multiplet©]
dolE At ofd] EZo g FAH A4S TE7] flsiAold. o2 A shte
Tl AP e A2 AT "t S ¢4 ZetH e A7) E osd

] C

g}
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Step 2: o] 7|9] EE 0 2 0]F0]F 4>(permutation multiplet) AH3s}7] EZ

So] UdElE &40 tel 27 Bl A84E GPTAL Aets] olafel 9]

Zelste @Alolth. GPTE ol dTAo A &2 A7H| W7t 7Hs?t 22 ES2 &

£ permutation multipletE- 6(p1-p6)7}] Ao, permutation®] =7} 67]]

Hoh @2 35, &6 HLE Sls 6715 e o = A=Rlint). o] % GPT= A4 H 6
]_

£ 27t LA Sk 2 S AT 71 Polo] St thi B
A

£ ooty oA = she] AHE FAske ASH ES 83, 52, s1E AE 57
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Chain-of-Thought Prompting(CoT_Num)

CoT with English Expression(CoT_Eng)

( 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 originally 3 cars. 2 more cars arrive. 3 + 2 =
5. The answer is 5.

Q: Each pack of dvds costs 76 dollars. If there is a
discount of 25 dollars on each pack. How much do you
have to pay to buy each pack?

A

\_ y,

( Q: If there are Three cars in the parking lot and Two )
more cars arrive, how many cars are in the parking lot?

A: There are originally 3 cars. 2 more cars arrive. 3 + 2 =
5. The answer is 5.

Q: Each pack of dvds costs Seventy Six dollars. If there
is a discount of Twenty Five dollars on each pack. How
much do you have to pay to buy each pack?

A:

. J

Program-of-Thought Prompting(PoT_Num)

PoT with English Expression(PoT_Eng)

(# Passage: Joseph and Getty went to buy ice creams, \
they together bought 36 ice creams. On the way back,
Joseph ate 12 of the ice creams, and he has 2 ice creams
left now.

# Question: How much ice cream did Getty purchase?

num_ice_creams_bought_by_joseph =2 + 12
total_ice_creams = 36

ans = total_ice_creams -
num_ice_creams_bought_by_joseph

# Passage: Each pack of dvds costs 76 dollars. If there is
a discount of 25 dollars on each pack

# Question: How much do you have to pay to buy each
pack?

- J

(# Passage: Joseph and Getty went to buy ice creams,
they together bought Thirty Six ice creams. On the way
back, Joseph ate Twelve of the ice creams, and he has
Two ice creams left now.

# Question: How much ice cream did Getty purchase?

num_ice_creams_bought_by_joseph =2 + 12
total_ice_creams = 36

ans = total_ice_creams -
num_ice_creams_bought_by_joseph

# Passage: Each pack of dvds costs Seventy Six
dollars. If there is a discount of Twenty Five dollars on
each pack

# Question: How much do you have to pay to buy each

\pack"
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Program-of-Thought Prompting(PoT_Num)

PoT with Decimal Number System(PoT_DNS)

ﬁ Passage: Joseph and Getty went to buy ice creams,
they together bought 36 ice creams. On the way back,

[# Passage: Joseph and Getty went to buy ice creams,

~

they together bought 36 ice creams. On the way back,
Joseph ate 12 of the ice creams, and he has 2 ice
creams left now.

Joseph ate 12 of the ice creams, and he has 2 ice creams
left now.

# Question: How much ice cream did Getty purchase? # Question: How much ice cream did Getty purchase?

# Python:
num_ice_creams_bought_by_joseph =2 + 12
total_ice_creams = 36

ans = total_ice_creams -
num_ice_creams_bought_by_joseph

# Hint :

36=3*10M +6*10%0
12=1*10M +2* 100
2=2*10"0

# Python:
num_ice_creams_bought_by_joseph =2 + 12
total_ice_creams = 36

ans = total_ice_creams -
&num_ice_creams_bought_by_joseph

- J
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41 Study 1: Z¢lo] o]3) RE6|A 9] £72] o]a]

411 BAA A 2294 AL A7

Model Val Acc.

GroupAttn [41] 21.5

§ BERT-BERT [42] 24.8
Roberta-Roberta [42] 30.3

GTS [43] 30.8

E Graph2Tree [44] 36.5
C  BERT-Tree [45] 324
S Roberta-GTS [2] 41.0
Roberta-Graph2Tree [2] 43.8
ROBERTA-LARGE-ELASTICTRANSFORMER 21.5

+ Explict Feature Extract 43.9

2 ROBERTA-BASE-DEDUCTREASONER 473
8 + Explict Feature Extract 48.4
ROBERTA-LARGE-DEDUCTREASONER 48.9

+ Explict Feature Extract 51.7

F 4.1: Adof o]l A|E Rellof A o] SVAMP tofEj Al o] &

412 2 o] o]df| Al Ko A2 SVAMP t|o] Al o] A H-E-& el
ojufjf AHESF Hjo]AgtQl R El-2 sequence-to-sequence(S2S), sequence-to-tree(S2T)

and graph-to-tree(G2T)7|4F RElEo|ct 22]7} AHst Rl elasitc transformer

5} deductive reasoner WA AA5E Ao 5o T HPES HlwFh
12 A1910] AT elastic transformer RO AL HAH AAFEL SAYL

TS| e HHE T 224% 2 AHES T T A= A UG =X A
=
=

A F1A5L Hol= ¢l RoBERTa-large
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Correctly Ordered Trials

= Source Multiplet = Permutation Multiplet
Step@: Ordering Source Multiplet

List the following numbers in increasing order Ordering Accuracy .

285 = Source Multiplet = Permutation Multiplet

235 1000 100.00%
512

ESEREIEE 750
Step@ : Ordering Permutation Multiplet
List the following numbers in increasing order
285235512

285512235

235285512

235512285

512285235

512235285

75.00%

500 50.00%

Correct Count
Accuracy

250 25.00%

0.00%

3 4 5 6

235285512, 512285235, 512235285,
285512235, 235512285, 285235512

# of Source Multiplet Elements
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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 Al advances, attempts to use Al 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 gpt 3 .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
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