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duce natural language based math problems || Model for Initial Setup

into equations is a topic of recent research

Success of techniques such as Deep NLP,
RNN flavors, Transformers etc. in this area
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to assist elementary school parents and I
teachers
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Table 3: Cumulative BLEU & Solution accuracy scores e
with baseline Transformer Model(With batch size of 64,
dropout of 0.1, and a custom learning rate schedule)
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S Analyzed BLEU scores and predicted equa-
Attention Heads 8, 16 tions to conclude that BLEU score alone is
not sufficient evaluation metrics
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" former results helped us to develop number
mapping technique
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Using number mapping for word embed-
O e ies ding, we obtained much improved results

Equation:

o xeeem Dataset with elementary problems in general
gave better results since they were cleaner

Combined dataset scores were lower, since
several examples had inconsistencies in
problems and equations especially in Dol-
phin18k dataset

Tuned transformer with number mapping
for word embedding, and eqn solver acc
metrics resulted in improved prediction

Y

Output:

MaWPS-Full 2965 100 25 G

MaWDPS-Elem 1811 100 \ Inputs Outputs J Dropout p.05; 9.1, 9.15; 0.2, 9.3, 0.5
Ext-Elem 2107 250 Sl Batch Size 32, 64, 128

8.0081 through 8.1, and CustomSchedule

k 5 - ). _ o
Learning Rate Irate = dm;m?ﬂ. & min| step_num ['11 step_num = warmup_steps 15 J

Number Mapping for Word Embedding

|

Table 1: Composition of Datasets after Processing
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Loss Function & Accuracy Metrics Equation:

/Pro blem: \

I've n0 apples & nl oranges.

REFERENCES

X=5+2

A J

Number Mapper

(part of dataset processing)

[1] Nicolas Chung Sizhu Cheng. Simple mathematical
word problems solving with deep learning. 2019.

e SparseCategoricalCrossentropy

|

e SparseCategoricalAccuracy, Eqn Solver

2] Yan Wang, Xiaojiang Liu, and Shuming Shi. Deep
neural solver for math word problems. In Proceed-
ings of the 2017 Conference on Empirical Methods in
Natural Language Processing, pages 845-854, 2017.

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob
Uszkoreit, Llion Jones, Aidan N Gomez, f.ukasz
Kaiser, and Illia Polosukhin. Attention is all you

need. In Advances in neural information processing sys-
tems, pages 5998-6008, 2017.

FUTURE RESEARCH

o Implement beam search for transformer
model to improve prediction quality

o Try larger AQUA-RAT dataset to extract
equations, and obtain results

o Use transtformer-XL and BERT with appro-
priate modifications

e Research on how to generalize to entirely
new problem sets




