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<E 1> 2RY 23 2ZH 9| GA| (SVAMP)

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 ?

15HA: x5 X2 x| 8
a mixture of ...|42p5 ... new mixture ?
a mixture of ... <guant> % ... new mixture ?

<S> |<qu# H#an#“ #t> |
] ['] ] '}

=

[ Pre-trained Language Model (ex. BERT) ]
T T 1 | i ! |

] - EEEEE -

4 + ¥

[ Deductive Reasoner ]

(a) Deductive Reasoner

43ty | Bryan took a look at his books as well . If
= o Bryan has number0 books in each of his
(B=3) | numbert bookshelves , how many books
does he have in total ?
ek 2Al | Multiply(number0, numberl)

or Multiply(56, 3)

168

1¢H|: 218 2112 x[&
a mixture of .. % ... new mixture ?
a mixture of ... <guant>% ..

( Tokenizer ] ( Tokenizer ]
| !

. new mixture ?

<S> |<qu# | ‘ #an# H #t> | <S>

e—
2CHA|: EXI7} A Kf2|of] =Xt E2 ¢

v
| '}

[ Pre-trained Language Model (ex. BERT) ]
i ] | |}

= = =

[ Deductive Reasoner ]

(b) Explicit Feature Extraction Reasoner

O & 1. (a) Deductive Reasoner (b) Explicit Feature Extraction(EFE) Reasoner 2 & &
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£2ofo|ct 7% 7|gt
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% Deductive Reasoner = SVAMP C|O|E AlofA %10
40| ZADf(State-of-the-Art)S = 0|10 QUCH

Deductive Reasoner =

Xpiof ofsf ZH F  Deductive Reasoner(DR)E=
SVAMP HO|H AlOfAM %1 £=FO| ZIf(State-of-the-
Art)E HO0|11 QUCt Deductive reasoner & (1) Reasoner

@} (2) Rationalizer 2 O|FO{ZICt Reasoner 2| 42
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a mixture of ... 30 and 50 ... new mixture ?

d

= [30 ] [and ][50 ]

[ Pre-trained Language Model (ex. BERT) ]
1 ]

= s - =
I_l_l

(a) Number Candidate per Problem

Operator Constant
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¥ 1
[ Pre-trained Language Model (ex. BERT) ]
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N BERT-BERT[13] 24.8
Roberta-Roberta[13] 30.3
GTS[14] 30.8
N Graph2Tree[15] 36.5
2 BERT-Tree[16] 32.4
N Roberta-GTS[11] 41.0
Roberta-Graph2Tree[11] 43.8
DEDUCTIVE REASONER
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W Explicit Feature Extract Reasoner
L - Roberta-base 48.4
- Roberta-large 51.7
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