
Deep Neural Solver for Math 
Word Problems
Yan Wang, Xiaojiang Liu, Shuming Shi

Tencent AI

Presentation by Dharun



Introduction

• Math word problems written in natural language are inherently
difficult to solve with one of the challenges being figuring out the
knowns and unknowns.

• A seq2seq model facilitated to figure out the significant numbers and
equation template from natural text is proposed.

• An intermediate representation of text with knowns and unknowns is
fed as input to the encoder while the decoder predicts an equation to
solve them.



Problem Statement

• A math word problem 𝑃𝑃 is a word sequence 𝑊𝑊𝑃𝑃 and contains a set of 
variables 𝑉𝑉𝑃𝑃 = {𝑣𝑣1, 𝑣𝑣2, … , 𝑣𝑣𝑚𝑚, 𝑥𝑥1, 𝑥𝑥2, … , 𝑥𝑥𝑘𝑘} where 𝑣𝑣1, 𝑣𝑣2, … , 𝑣𝑣𝑚𝑚 are 
known numbers belonging to problem 𝑃𝑃 and 𝑥𝑥1, 𝑥𝑥2, … , 𝑥𝑥𝑚𝑚 are 
variables whose values are unknown.

• A problem 𝑃𝑃 can be solved using 𝑉𝑉𝑃𝑃 and other mathematical 
operators.

• Each equation is mapped to a possible equation template from 𝐸𝐸𝑃𝑃
through number mapping 𝑀𝑀𝑃𝑃.



Definitions

• Definition 1 Number Mapping : 
• Problem P with multiple known numbers m is mapped to a list of 

number tokens 𝑛𝑛1, … ,𝑛𝑛𝑚𝑚 by their order of appearance in input text.

• Definition 2 Equation Mapping : The known numbers are then
mapped to an equation based on the available equations from the
template



Example

• Problem: Dan has 5 pens and 3 pencils; Jessica has 4 more pens and 2 
less pencils than him. How many pens and pencils do Jessica have in 
total? 

• Number mapping: 𝑀𝑀: {𝑛𝑛𝑛 = 5,𝑛𝑛𝑛 = 3,𝑛𝑛𝑛 = 4,𝑛𝑛𝑛 = 𝑛}
• Equation can be expressed as a template of 𝑥𝑥 = 𝑛𝑛𝑛 + 𝑛𝑛𝑛 + 𝑛𝑛𝑛 − 𝑛𝑛𝑛
• Intermediate form: Dan has 𝑛𝑛𝑛 pens and 𝑛𝑛𝑛 pencils; Jessica has 𝑛𝑛𝑛

more pens and 𝑛𝑛𝑛 less pencils than him. How many pens and pencils 
do Jessica have in total? 



Model architecture



Decoding Equations

Encoder reads modified input sequence with mapped knowns. The 
equations are decoded using a LSTM decoder character by character
The activation function on the decoder side is redesigned to prevent illogical 
generations like “x = n1 ++ * n2”



Rules to prevent illogical equation generation

• Rule 1: If 𝑟𝑟𝑡𝑡−1in {+,−,∗, }, then 𝑟𝑟𝑡𝑡 will not in +,−, ∗, , =}
• Rule 2: If 𝑟𝑟𝑡𝑡−1 is a number, then 𝑟𝑟𝑡𝑡 will not be a number and not in {(, =}
• Rule 3: If 𝑟𝑟𝑡𝑡−1 is “=“ , then 𝑟𝑟𝑡𝑡 will not in {+, -, *, /, =, )}
• Rule 4: If 𝑟𝑟𝑡𝑡−1 is “(“, then 𝑟𝑟𝑡𝑡 will not be in {(, ), +, -, *, / , =}
• Rule 5: If 𝑟𝑟𝑡𝑡−1 is “)”, then 𝑟𝑟𝑡𝑡 will not be a number and not in {(, )} 
• A binary vector 𝜌𝜌𝑡𝑡 containing values for all characters in the vocabulary can 

be generated depending on 𝑟𝑟𝑡𝑡−1 and the above rules.

• 𝑃𝑃 𝑟𝑟𝑡𝑡′ ℎ𝑡𝑡 = 𝜌𝜌 𝑡𝑡 ⊙𝑒𝑒ℎ𝑡𝑡
𝑇𝑇𝑊𝑊𝑆𝑆

∑𝜌𝜌 𝑡𝑡 ⊙𝑒𝑒ℎ𝑡𝑡
𝑇𝑇𝑊𝑊𝑆𝑆



Significant Number Identification

• Not all numbers that appear in
the text need to be a part of
the equation. Numbers
included in the equation are
significant, others are
considered insignificant.

• Numbers with their context
are classified separately using
LSTM networks.



Results
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Introduction

• Devise a seq2seq dataset to test the mathematical reasoning ability of 
neural networks. Tests consists of both interpolation and 
extrapolation (algebraic generalization)

• Experimental evaluation to investigate the algebraic abilities of state-
of-the-art neural architectures.

• Analyze failure modes and why certain mathematical questions are 
answered well



Dataset



Analysis of Mathematical Reasoning

• Easiest questions were finding place value in a number, rounding 
decimals and integers.

• Let k(c) = -611*c + 2188857. Is k(-103)!=2251790 False
• Sort -139/4, 40.8, -555, 607 in increasing order.
• Hardest questions were number-theoretic questions such as 

detecting primality or factorization. For e.g., 235232673 as 3, 11, 13, 
19, 23, 1487. (Correct answer is 3, 13, 19, and 317453)



Problem sets

• Algebra:
• 1d – 𝑛𝑥𝑥 − 3 = 5𝑥𝑥 + 7for 𝑥𝑥
• Linear 2d
• Polynomial roots. E.g., Factorize 𝑛𝑥𝑥2 + 𝑛𝑥𝑥 + 3
• Sequence: 2, 6, 12, 20, ?
• Sequence nth term

• Arithmetic:
• Add or sub
• Mul or div
• Nearest integer root



Problem sets

• Calculus:
• Differentiate: First and higher order derivatives of higher order polynomials.
𝑓𝑓 𝑥𝑥 = 𝑛 ∗ 𝑥𝑥 + 3,𝑔𝑔 𝑥𝑥 = 𝑥𝑥2 − 𝑛7,𝑤𝑤ℎ𝑤𝑤𝑤𝑤 𝑖𝑖𝑖𝑖 𝑤𝑤ℎ𝑡𝑡 𝑑𝑑𝑡𝑡𝑟𝑟𝑖𝑖𝑣𝑣𝑤𝑤𝑤𝑤𝑖𝑖𝑣𝑣𝑡𝑡 𝑜𝑜𝑓𝑓 𝑓𝑓(𝑔𝑔 𝑥𝑥 )

• Comparison:
• Closest – closest to a given number in a list
• Kth biggest – kth biggest or smallest in a list
• Pair – pairwise comparison
• Sort – sorting in ascending or descending order



Results
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Overview

• Transformer extracts abstract representations for tokens using a self-
attention mechanism.

• However, relation extraction – e.g., for pronoun dereferencing or 
syntax tree parsing – is still an open-ended problem.

• Authors propose a modification to the Transformer attention, called 
Tensor Product Multiheaded Attention (TPMHA) – to enable explicit 
relation extraction.

• Application to math word-problem solving



Examples
• Input character sequence:

Let r(g) be the second derivative of 2*g**3/3 - 21*g**2/2 + 10*g. Let z be r(7). Factor -z*s + 6 - 9*s**2 + 0*s 
+ 6*s**2.

Target character sequence:
-(s + 3)*(3*s - 2)

• Input character sequence:
What is the first derivative of 13*a**2 - 627434*a + 11914106?

Target character sequence:
26*a – 627434

• Input character sequence:
Calculate 66.6*12.14

Target character sequence:
808.524



TP-Transformer

• Key novelty: introduction of a role-vector (or relation vector) 𝒓𝒓𝑡𝑡,𝑙𝑙
ℎ to 

identify how tokens are related
• Each attention head encodes a different type of relation (e.g., second 

argument to operator, last digit of number in numerator, etc.)
• Otherwise, same as base Transformer
• Mechanism is differentiable end-to-end



TP-Multiheaded Attention (TPMHA)



Performance

• TP-Transformers B and C are models in which the dimensionality of the hidden 
state is reduced.



Role-clusters

• Colors indicate 𝑘𝑘-means cluster of role-vector 𝒓𝒓𝑡𝑡,𝑙𝑙
ℎ assigned by a single head in the final 

layer (post-hoc analysis).
• Blue and gold squares indicate numerator and denominator roles (manually identified)
• Cluster 9 corresponds to “ones-digit-of-a-numerator-factor;” cluster 6 to “ones-digit-of-

a-denominator-factor.”



Attention maps

Attention map of “/” for a single head from final layer:
• Attention encodes “second-argument-to” relationship between querying digits 

and “/” operator.
• In the third example, the intervening numeral “-297” is skipped, illustrating the 

robustness of the model.
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