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Abstract 4 

This work investigates the effectiveness of Dynamic Memory Networks for 5 
Question Answering (QA) tasks. One of the distinguishing features of the 6 
Dynamic memory networks is the attention mechanism and this work 7 
investigates how these models and their attention mechanisms perform in a 8 
weakly supervised setting with only answer labels, and under strong 9 
supervision (with information on the relevant context for question). The 10 
results indicate that strongly supervised training leads to better accuracies 11 
pointing to the effectiveness of the attention mechanism.  12 

 13 
1 Introduction 14 
Solving the task of Question Answering (QA) is widely considered as a necessary step towards 15 
developing a general purpose AI agent that can hold a natural language dialog with a human 16 
participant. Fundamentally, a QA system can be thought of as two different tasks: retrieval and 17 
inference. The QA system must use the input (“context”) presented to it in some convenient 18 
internal representation (“knowledge”) and it must search through this knowledge bank and 19 
retrieve the right pieces of information (retrieval) and reason over it (inference) to answer the 20 
question posed to the system. Both tasks, retrieval and inference together, are critical to the 21 
success of a QA system.  22 
One of the major reasons for studying QA is that it is extremely broad, and many NLP tasks can 23 
be reformulated in the QA setup. For example, a machine translation (MT) task, can be formulated 24 
as a QA problem by using the input sentence as context and question asking it to translate it to the 25 
desired language (eg. “What is the translation of this sentence in Hindi?”). This implies that 26 
devising better models for improving performance on QA tasks may be generally helpful for other 27 
NLP tasks too and serve as a general baseline model for all NLP tasks.  28 
In this project, the goal is to explore Dynamic Memory Networks framework for QA as presented 29 
in [1]. The next section gives an literature overview. Section 3 describes the problem statement 30 
and the dataset used. Section 4 describes the approach with technical details. Section 5 provides 31 
results from the experiments conducted, which is followed by the conclusion.  32 
 33 
2 Background 34 
[7] provides a good discussion and comparison of new and traditional methods for machine 35 
comprehension of text(MCT), which can be thought of as general QA systems for a given text 36 
inputs and a question. Early AI methods used heuristic rules and built ontologies, but these were 37 
non-scalable across different datasets. Over the last decade, significant progress has been made on 38 
hard NLP tasks such as QA using Deep Learning methods trained with large amounts of input 39 
data. 40 
 41 



Deep Learning approaches, such as RNNs and LSTMs, do not require hand-engineered features 42 
and have proven to be quite effective at handling large ordered sequences of inputs for tasks such 43 
as language modeling [11] and machine translation [12]. However, all of these approaches lack an 44 
effective mechanism to combine long-term memory with inference, which is critical for QA tasks. 45 
Where RNNs and LSTMs fall short, is that their memory encoded by hidden states is typically too 46 
small, and is not structured to only identify relevant pieces of information to simplify the inference 47 
task.  48 
  49 
Recently, there has been new research on Deep-learning models with attention mechanisms [1, 5, 50 
6, 8, 9] to solve such an issue. Memory Networks, recently introduced in [5], implement the 51 
attention mechanism with explicit inference and long-term memory components as part of the 52 
model. The memory component serves as a knowledge base to recall facts from the past. Similar 53 
approaches for combining deep networks with a memory component for other tasks have also 54 
been published recently [6]. The model implements the attention mechanism by learning a scoring 55 
function to rank relevant memories. At prediction time, the model finds the relevant memories 56 
according to the scoring function and conditions its output based on these. However, this approach 57 
processes sentences independently and not via a sequence model. It requires separate features to 58 
capture the sequence information. 59 
 60 
Dynamic Memory Networks, introduced in [1], are a more general class of Deep Learning model, 61 
with explicit attention mechanism, that can be used for a large variety of NLP tasks such as QA, 62 
POS and sentiment analysis. In this work, we explore the application of this model to the QA task 63 
in the subsequent sections.  64 
 65 
3 Problem Statement 66 
3.1 Dataset 67 
In [2], the authors introduced a dataset (“bAbI”) which consists of a set of toy QA tasks as a 68 
step towards AI-complete question answering. The dataset consists of 20 different tasks in 69 
English and each task is intended to check one skill that a reasoning system must have. The 70 
list of the skills tested in each task is displayed in the Appendix Table A.1. These tasks are 71 
generated through simulation and the dataset is available at [3].  72 
For each task, we have a list of questions available. For each question we have the following 73 
information- 74 

1. Context – Information needed to answer the question. 75 
2. Answer- The correct answer to the question. The answers to the questions in the 76 

dataset are single word answers (eg. Yes/No, smaller/bigger, etc.) 77 
3. Supporting context- The relevant context that is required to the answer the particular 78 

question 79 
Given that the dataset contains information about the supporting context, it can be used to 80 
train the model in selecting the correct context information in addition to using the answer 81 
labels. 82 
3.2 Data Split 83 
Since, the authors of the dataset only provide train and test datasets, we split the given 84 
training data into train (80%) and validation splits (20%) randomly for each task. The 85 
generalization performance of the model is estimated from the union of validation set for all 86 
the tasks. The hyper-parameters of the model are selected based on the model performance 87 
on the validation set. 88 
3.3 Evaluation Metrics 89 
The model will be evaluated on answers for all the questions in the test sets for all the 20 90 
tasks. A single model is used in order to avoid task-specific feature engineering. Since, we 91 
have the correct answers, which are single word tokens, we calculate the accuracy of the 92 
model as the number of correct answers divided by the total number of questions. An answer 93 
is considered correct, if the output answer token exactly matches the answer from the 94 
dataset.  95 
The authors of the bAbI, stipulate a 95% threshold accuracy to “pass” the task. So, 96 
additionally, the number of tasks passed (out of 20) is also an important metric. 97 



 98 
4 Technical  Approach & Implementation Detai ls  99 
4 . 1  M o d e l  D e t a i l s  100 
T h e  D y n a m i c  m e m o r y  n e t w o r k  m o d e l  a s  d e s c r i b e d  i n  [ 1 ]  i s  u s e d .  T h e  101 
n e t w o r k  a r c h i t e c t u r e ,  s h o w n  i n  F i g  1 ,  c o n s i s t s  o f  4  m o d u l e s -  102 

1 .  I n p u t  M o d u l e :  T h i s  m o d u l e  t a k e s  i n  t h e  i n p u t  c o n t e x t  a n d  c o n v e r t s  103 
t h e m  i n t o  a  l i s t  o f  h i d d e n  s t a t e  e n c o d i n g s ,    𝑠!,   𝑠!,…   𝑠!",  o n e  f o r  e a c h  104 
s e n t e n c e .  G i v e n  w o r d s  𝑤!! ,   𝑤!!  … ,  𝑤!!   c o r r e s p o n d i n g  t o  s e n t e n c e  i .  W e  105 
o b t a i n  t h e  v e c t o r  r e p r e s e n t a t i o n  o f  t h e  s e n t e n c e  a s  t h e  l a s t  h i d d e n  106 
s t a t e    𝑠! =   ℎ!! .  I t  i s  c o m p u t e d  u s i n g  a  R N N  w i t h  G R U  c e l l s  a s ,   107 

ℎ!! = 𝐺𝑅𝑈(𝐿 𝑤!! , ℎ!!!! ) 
W h e r e ,  L  i s  t h e  w o r d - e m b e d d i n g  m a t r i x .  108 

A l l  t h e  G R U  c e l l s  i n  t h e  i n p u t  m o d u l e  s h a r e  t h e  s a m e  w e i g h t s .  T h e  109 
d i m e n s i o n   of  ℎ!! ,   𝑛!!""#$,  i s  a  h y p e r  p a r a m e t e r  o f  t h e  m o d e l  110 

 111 
2 .  Q u e s t i o n  M o d u l e :  T h i s  m o d u l e  t a k e s  t h e  i n p u t  q u e s t i o n  a n d  112 

t r a n s f o r m s  i t  i n t o  a  v e c t o r  r e p r e s e n t a t i o n  q  u s i n g  R N N  w i t h  G R U s .  113 
A l l  t h e  G R U  u n i t s  i n  t h e  q u e s t i o n  m o d u l e  s h a r e  t h e  s a m e  w e i g h t s .  114 

  𝑞! = 𝐺𝑅𝑈(𝐿 𝑤!
! ,   𝑞!!!) 

𝑞 =   𝑞! 
W h e r e ,  𝑤!

! i s  t h e  w o r d  a t  p o s i t i o n  t  i n  t h e  q u e s t i o n  115 
           T  i s  t h e  t o t a l  n u m b e r  o f  w o r d s  i n  t h e  q u e s t i o n  116 

  T h e  d i m e n s i o n  o f  v e c t o r  q  i s  t a k e n  t o  b e    𝑛!!""#$ 117 
 118 

3 .  E p i s o d i c  M e m o r y  M o d u l e :  T h i s  m o d u l e  t a k e s  i n  t h e  i n p u t s    𝑠!,   𝑠!,…   𝑠!" 119 
a n d  t r a n s f o r m s  i t  i n t o  t h e  f i n a l  m e m o r y  s t a t e  v e c t o r  𝑚!". T h e  m o d u l e  120 
i t e r a t e s  o v e r  t h e  c o n t e x t  l i s t  m u l t i p l e  t i m e s  t o  “ s e l e c t ”  p a r t i c u l a r  121 
s e n t e n c e s  i n  t h e  i n p u t  c o n t e x t  b y  c o m p u t i n g  s c a l a r  g a t e  v a l u e s  f o r  122 
e a c h    𝑠!.   123 

ℎ!!   =   𝑔!!   𝐺𝑅𝑈 𝑐! , ℎ!!!! + 1 − 𝑔!!   ℎ!!!!  
𝑒! = ℎ!"!   124 
  𝑚! =  GRU (  𝑒!,    𝑚!!!) 125 

W h e r e ,  i  i s  t h e  i t e r a t i o n  n u m b e r  o v e r  t h e  c o n t e x t  i n  t h e  m o d u l e .  W e  126 
s e t  a  m a x  n u m b e r  o f  i t e r a t i o n s  𝑇𝑚 f o r  w h i c h  t h e  e p i s o d i c  m o d u l e  127 
r u n s .  T h e  i n i t i a l  s t a t e  𝑚! i s  s e t  a s  q .  H e n c e ,  m  h a s  t h e  128 
d i m e n s i o n ,     𝑛!!""#$,  s a m e  a s  q .  129 

4 .  A n s w e r i n g  M o d u l e :  T h i s  m o d u l e  s i m p l y  t a k e s  i n  t h e  f i n a l  m e m o r y  130 
a n d  q u e s t i o n  a s  i n p u t  a n d  u s e s  a  p r o j e c t i o n  l a y e r  t o  c o m p u t e  t h e  131 
f i n a l  a n s w e r  p r o b a b i l i t i e s  y  132 

 133 
𝑦 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑊!𝑚!") 

w h e r e ,   134 
 𝑊! h a s  t h e  s h a p e  l a b e l  s i z e  X    𝑛!!""#$ 135 



 136 
Figure 1: Dyanmic Memory Network Architechure as presented in [1] 137 

4 . 2  W o r d  V e c t o r s  138 
T h e  c u r r e n t  i m p l e m e n t a t i o n  o f  t h e  m o d e l  u s e s  p r e - t r a i n e d  G l o v e  w o r d -139 
v e c t o r s  [ 4 ]  f o r  t h e  i n i t i a l i z a t i o n  o f  t h e  w o r d - e m b e d d i n g  m a t r i x .  T h e  w o r d  140 
v e c t o r s  a r e  a l s o  u p d a t e d  d u r i n g  t h e  t r a i n i n g  o f  t h e  D y n a m i c  m e m o r y  141 
n e t w o r k .  T h e  d i m e n s i o n a l i t y  o f  t h e  w o r d  v e c t o r s  a r e  t a k e n  t o  b e  a  h y p e r -142 
p a r a m e t e r  o f  t h e  m o d e l  143 
 144 
4 . 3  B a t c h - t r a i n i n g  145 

T o  i m p l e m e n t  b a t c h  t r a i n i n g  o n  t e n s o r  f l o w ,  w e  r e q u i r e  f i x e d  s i z e  i n p u t s  t o  146 
u s e  t h e  s a m e  c o m p u t a t i o n a l  g r a p h  f o r  t h e  m o d e l .  W e  a c h i e v e  t h i s  b y  147 
b u i l d i n g  t h e  g r a p h  u s i n g  a  p r e - d e f i n e d  m a x i m u m  n u m b e r  o f  i n p u t  s e n t e n c e s  148 
t o  t h e  I n p u t  m o d u l e  a n d  m a x i m u m  n u m b e r  o f  w o r d s  p e r  s e n t e n c e .  G i v e n  a n  149 
i n p u t  o f  a n y  s i z e ,  w e  p r e p e n d  w i t h  0 ` s  t o  p r e p a r e  i t  t o  b e  f e d  i n t o  t h e  150 
m o d e l .  S i n c e ,  t h e  m a x i m u m  n u m b e r  o f  s e n t e n c e s  f o r  a  p a r t i c u l a r  s e t  i n  t h e  151 
d a t a s e t  i s  l a r g e  ( > 2 5 0 ) ,  b u i l d i n g  s u c h  a  l a r g e  f i x e d  s i z e  m o d e l  i s  q u i t e  152 
m e m o r y  a n d  c o m p u t a t i o n a l l y  i n t e n s i v e .   153 

4.4 Loss Function 154 

Weakly-supervised: Since, all datasets do not contain the information on the specific 155 
sentences in context that are required to answer the question, the weakly supervised loss 156 
function only uses the final answer labels to compute the total loss. We use a cross-entropy 157 
loss function 158 

𝐽!" =    𝐶𝐸  (𝑦! , 𝑦!)
!

+    𝐽!"# 

where, 𝑦! = one-hot vector corresponding to the answer 159 

𝑦! = the predicted probabilities by the model 160 

𝐽!"#= Regularization component of loss 161 

Strongly Supervised: When we have the information about the supporting facts required by 162 
model (eg. bAbI dataset), we can use the information to train the model by incorporating it 163 
in the loss function. 164 

𝐽! = 𝛼 𝐶𝐸   𝑦! , 𝑦! + 𝛽  [ (𝐶𝐸(𝑔!! ,!!   𝑔!!) +   𝐶𝐸(  1 − 𝑔!! , 1 − 𝑔!!))] + 𝐽!"# 165 

Where, 𝑔!! = 1  𝑖𝑓  𝑡!!  fact  is  required  to  answer  question  i, 0 otherwise 166 

           𝑔!! = Value of gate in last time step in episodic memory module for 𝑡!! fact for ith      167 
question 168 



 169 
5 Results  170 
5.1 Accuracy 171 
T h e  m o d e l  w a s  t r a i n e d  u s i n g  b o t h  t h e  w e a k l y  a n d  s t r o n g l y  s u p e r v i s e d  l o s s  172 
f u n c t i o n s .  T h e  s t r o n g l y  s u p e r v i s e d  m o d e l  w a s  t r a i n e d  u s i n g  2 - s t e p  t r a i n i n g -  173 
F i r s t ,  𝛼 = 0 and 𝛽   = 1, was used to train the episodic module to identify the right gates. 174 
After convergence, for these weights, we set 𝛼 = 1 and 𝛽   = 1 to include the loss due to 175 
answers. This method helps train the episodic module to learn the right gates first and then 176 
trains the weights in the answer module to output the correct answer. The number of 177 
iterations in the episodic memory was set to 5 due to memory constraints on the machine. 178 
The word vector dimension, hidden dimensions of the input module, question module, 179 
episodic memory module and answer module were set to 50. Dropout probability was set to 180 
0.1 (keep probability=0.9). The results for both the weakly supervised and strongly 181 
supervised models on all the 20 different tasks are presented in Figure [] below. Also, shown 182 
are the results from [1] and [5] as the state of the art benchmark for the tasks. 183 
 184 
 185 

Figure 1: Results for Weakly and Strongly Supervised Models 186 

 187 
 188 
As we can see from the results, the strongly supervised model performs better in terms of 189 
accuracy than the weakly supervised model on all of the 20 tasks. The strongly supervised 190 
model is able to pass on 8 out of the 20 tasks compared with 16 out of 20 for the SOTA 191 
models. The final trained model under the strongly supervised setting, results in a high 192 
accuracy of correct gate selection for all the 20 tasks on the test set which indicates that the 193 
attention mechanism for the model architecture is effective. 194 

6.  Conclusions & Future Work 195 

D y n a m i c  M e m o r y  N e t w o r k s  a r e  a n  e f f e c t i v e  f r a m e w o r k  f o r  h a n d l i n g  Q A  196 
t a s k s .  T h e i r  e x t e n s i b i l i t y  t o  o t h e r  N L P  t a s k s  b y  m o d i f y i n g  t h e  q u e s t i o n  a n d  197 
a n s w e r  m o d u l e s  a l s o  m a k e s  t h e m  a  g o o d  c a n d i d a t e  f o r  a  g e n e r a l  b e n c h m a r k  198 
m o d e l .  T h e  r e s u l t s  f r o m  t h e  s t r o n g l y  s u p e r v i s e d  a n d  w e a k l y  s u p e r v i s e d  199 
m o d e l s ,  s h o w  t h e  e f f e c t i v e n e s s  o f  t h e  a t t e n t i o n  m e c h a n i s m  w h i c h  i s  t h e  k e y  200 
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Table A.1: Task Descriptions of the bAbI dataset [2] 247 

Task Id Task Id 

T1 Single Supporting Fact 

T2 Two Supporting Facts 

T3 Three Supporting Facts 

T4 Two arguments relations 

T5 Three arguments relations 

T6 Yes/no questions 

T7 Counting 

T8 Sets 

T9 Simple Negation 

T10 Indefinite Knowledge 

T11 Basic Coreference 

T12 Conjunction 

T13 Compound Coreference 

T14 Time reasoning 

T15 Basic deduction 

T16 Basic induction 

T17 Positional reasoning 

T18 Size reasoning 

T19 Path finding 

T20 Agent`s motivation 
 248 


