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Abstract 12 

In this work, we implemented bi-directional LSTM-RNN network to solve 13 
the reading comprehension problem. The problem is, given a question and a 14 
context (contains the answer to the question), find the answer in the context. 15 
Following the method in paper [11], we use bi-attention to make the link 16 
from question to context and from context to question, to make good use of 17 
the information of relationship between the two parts. By using inner 18 
product, we find the probabilities of the context word to be the first or last 19 
word of answer. Also, we used some improvement to the paper reducing the 20 
training time and improving the accuracy. After adjusting parameters, the 21 
best model has performance of F1=48% and EM=33% leaderboard. 22 

 23 

1 Introduction 24 

We implemented a neural network architecture for Reading Comprehension using the 25 
recently published Stanford Question Answering Dataset (SQuAD) [1]. 26 

SQuAD is comprised of around 100K question-answer pairs, along with a context paragraph. 27 
The context paragraphs were extracted from a set of articles from Wikipedia. Humans 28 
generated questions using that paragraph as a context, and selected a span from the same 29 
paragraph as the target answer. The following is an example of a triplet ⟨question, context, 30 
answer⟩. 31 

Question: Why was Tesla returned to Gospic? 

Context paragraph: On 24 March 1879, Tesla was returned to Gospic under 
police guard for not having a residence permit. On 17 April 1879, Milutin 
Tesla died at the age of 60 after contracting an unspecified illness (although 
some sources say that he died of a stroke). During that year, Tesla taught a large 
class of students in his old school, Higher Real Gymnasium, in Gospic. 

Answer: not having a residence permit 

In the SQuAD task, answering a question is defined as predicting an answer span within a 32 



given context paragraph. In our project, we need to give the indexes of the start word and the 33 
end word. We explored different models to solve this problem. 34 

 35 
2 Approach 36 

 37 
2 .1  P rob lem  S e tu p  38 

In the SQuAD task, the goal is to predict an answer span tuple {as, ae} given a question of 39 
length n, q = {q1, q2, ..., qn}, and a supporting context paragraph p = {p1, p2, ..., pm} of length 40 
m. So, the input is (q, p) and we want to get the output {as,ae} indicating the start position 41 
and end position of the answer in paragraph p, respectively. Note that in this task as ≤ ae, 42 
and 0 ≤ as, ae ≤ m. In the training set, for each question the answer interval is unique. In 43 
the dev set, for each question there are 3 possible answers.  44 

 45 
2 .2  A rch i t ec tu re  46 

We refer a paper[11] and do some revision to set up our very fuirst model. The method in 47 
paper consists of six layers and each layer is illustrated as follows(we modified some of them 48 
to improve the performance, so some of them will be different from the ones showed in paper, 49 
but we keep the definition of symbols to be the same with that in the original paper): 50 

1. Word Embedding Layer. Word embedding layer maps each word to a high-dimensional 51 
vector space. We use pre-trained word vectors, GloVe, to obtain the fixed word embedding of 52 
each word. 53 

2. Embedding Layer. We use a Long Short-Term Memory Network (LSTM) on top of the 54 
word embeddings provided by the previous layers to model the temporal interactions 55 
between words of query and context. As we mentioned “Bi-directional LSTM”, we use one 56 
LSTM to deal with text from start to the end, and the other LSTM reversely deals with the 57 
text. Then we concatenate the output of two LSTMs as the final encoding of query and 58 
context. Hence we obtain H∈R2d×T from the context word vectors X, and U∈R2d×J from 59 
query word vectors Q. Note that each column vector of H and U is 2d-dimensional because 60 
of the concatenation of the outputs of the forward and backward LSTMs, each with 61 
d-dimensional output. The forward and backward LSTMs help us get more information about 62 
the inside relationship among words inside the context and the question. 63 

3. Attention Flow Layer. Attention flow layer to find the “resonance” between contexts and 64 
query, namely find the most relevant query words for each context words and the most 65 
relevant context words for each context words. In our work, the attention vector will change 66 
in every step, base on the attention vector at last step and the current word. So the attention 67 
vector at each time step and the embeddings from previous layers flow during the reading 68 
process of the whole text. And this temporal-related property of LSTM successfully prevents 69 
information losing.   70 

Two attentions, namely query-to-context attention and context-to-query attention, are 71 
computed from question encoding H and the query encoding U. The outputs of the layer are 72 
the query-aware vector representations of the context words, G, along with the contextual 73 
embeddings from the previous layer. We compute attentions in two directions: from context 74 
to query as well as from query to context. We create a matrix S to describe the similarities 75 
between the contextual embeddings of question(U) and the embeddings in context(H), S∈RT76 
×J , where Stj indicates the similarity between t-th context word and j-th query word and it Is 77 
computed via 78 

Stj =α(H:t,U:j)∈R 79 

where α is a function that computes the similarity between its two input vectors with 80 
trainable weights, H:t is t-th column vector of H, and U:j is j-th column vector of U. There 81 
multiple ways of choosing αand w did experiment to find out the best function. We will 82 
come back to this in later part of this report. Now we use S to obtain the attentions and the 83 
attended vectors in both directions. 84 



In our work we use different kinds of inner product to describe the similarity of words in 85 
question and in context. For example, one way we used to calculate α(h, u) is α(h, u)= 86 
h⊤Wbiu, and the matrix Wbi can be optimized by training. More detailed information can be 87 
seen in “Experiments” part. 88 

3(1). Context-to-query Attention. Context-to-query (C2Q) attention signifies which query 89 
words are most relevant to each context word. In other words, it likes that we first read the 90 
context then find the match part in the question. at∈RJ represents the attention weights on 91 
the query words by t-th context word, Satj=1 for all t. The attention weight is computed by at 92 
=softmax(St:)∈RJ, and each attended query vector is U ̃:t =Sj atj U:j . Hence U ̃ is a 2d×T 93 
matrix containing the attended query vectors for the entire context. 94 

3(2). Query-to-context Attention. Query-to-context (Q2C) attention signifies which context 95 
words have the closest similarity to one of the query words and are hence critical for 96 
answering the query.  97 

We get the attention weights on the context words by b = softmax(maxcol(S))∈RT , where the 98 
maximum function (maxcol) is performed across the column. Then the attended context vector 99 
is h ̃ = St btH:t∈R2d. This vector indicates the weighted sum of the most important words in 100 
the context with respect to the query. h ̃ is tiled T times across the column, thus giving H ̃∈101 
R2d×T. 102 

After the two steps we get two sets of attentions U ̃ and H ̃. Finally, the contextual 103 
embeddings and the attention vectors are combined to yield G, where each column vector can 104 
be considered as the query-aware representation of each context word. We define G by 105 

G:t = β(H:t, U ̃:t, H ̃:t)∈RdG 106 

where G:t is the t-th column vector (corresponding to t-th context word), β is a trainable 107 
vector function that fuses its (three) input vectors, and dG is the output dimension of the β 108 
function. β can be different, such as in the paper: β(h, u ̃, h ̃) = [h;u ̃;h◦u ̃;h◦h ̃]∈R8d×T (i.e.,dG 109 
=8d). In our model, we use a modified version of β(h, u ̃, h ̃) = max(0, Wmlp[h;u ̃;h◦u ̃;h◦h ̃] + 110 
bmlp)∈R8d×T, which is a linear transformation of the original β, and it’s like a ReLU. After 111 
this process, we combined the information in question and in context. 112 

5. Modeling Layer. We use again, LSTM, to encode query-aware representation for final 113 
output. The output of the modeling layer represents the interaction among the context words 114 
conditioned on the query. We use two layers of bi-directional LSTM, with the output size of 115 
d for each direction. So we get a matrix M∈R2d×T , which is passed onto the output layer to 116 
predict the answer. Each column vector of M contains contextual information about the word 117 
with respect to the entire context paragraph and the query, which comes from the information 118 
in G. 119 

6. Output Layer. As we need to get the start word and the end word in the answer, we try to 120 
transform the question to be that finding the probability of every word to be the start word.  121 
We obtain the probability distribution of the start index over the entire paragraph by 122 

p1 = softmax(wT
(p1)[G;M]) 123 

where w(p1)∈R10d is a trainable weight vector. For the end index of the answer phrase, we 124 
pass M to another bidirectional LSTM layer and obtain M2∈R2d×T . Then we use M2 to 125 
obtain the probability distribution of the end index in a similar manner: 126 

p2 = softmax(wT
(p2)[G;M2]) 127 

7. Training. We define the training loss (to be minimized) as the sum of the negative log 128 
probabilities of the true start and end indices by the predicted distributions, averaged over all 129 
examples: 130 

L θ = 	−
1
𝑁

log 𝑃/01
2 + log 𝑃/04

5
6

7

 131 

And we used Adam optimizer with exponential decay learning rate. Details on how to pick 132 



index form the vector will be elaborated in later part. 133 
2 .3  E va lu a t ion  134 

The original SQuAD paper introduces two metrics to evaluate the performance of a model: 135 
Exact-Match (EM) and F1 score. We use the same metrics to evaluate our model. Exact 136 
match is a metric that measures the percentage of predictions that match one of the ground 137 
truth answers exactly. 138 

F1 score is a metric that loosely measures the average overlap between the prediction and 139 
ground truth answer. We treat the prediction and ground truth as bags of tokens, and compute 140 
their F1. We take the maximum F1 over all the ground truth answers for a given question, 141 
and then average over all the questions. 142 

 143 
4 Experiments  144 

In this section, we presented several strategies to improve model accuracy and training 145 
speed, which includes aspects of data loading, texts padding, different choices of fusing 146 
information and dropout to LSTM and hyper-parameter tuning (for instance, learning rate, 147 
hidden size, batch size and dropout). 148 
 149 
4 .1  M od e l - f ree  im p rovem en t  150 
Here, we implemented some simple, model-free and effective modifications on pipelines like, 151 
data loading, sentence padding, output prediction, etc. These modifications, although 152 
seemingly trivial, have surprisingly huge impacts on model training and performance. More 153 
details will be given below.  154 
 155 
In previous homework, we just simply padded every text into the global max length. The 156 
method doesn’t negatively affect the model’s performance, since the max length is quite 157 
small. But in the question answering task, the context lengths are distinct for each other. The 158 
max context length is 766, but most context have length around 300, it not reasonable to 159 
padded it to the double length! In our model, the padding max length is passes by feed 160 
dictionary and is the max length in one batch. It turned out that tons of time is saved on 161 
LSTM RNN since we it doesn’t need to go to blank states and computation cost drops also 162 
because the tensor size decreases dramatically by 50%. Another twin method is that when 163 
loading data, we can simply load example with similar lengths together, so that the max 164 
length in the batch is economical on overall datasets. It tuned that the running time drops per 165 
epoch drops from 4 hours to 30 minutes, making the training speed almost 8 times faster. 166 
 167 
Another method is to change the way of predicting index. Naively, we can just pick the 168 
argmax index form the start-predicting vector and end-predicting vector. One problem is the 169 
start index predicted can be bigger than end index predicted. Of course, we empirically swap 170 
the index but after all this is not a scientific method. Here, we just pick the pair 171 
argmax(Si*Ej) ,  this can be achieved by dynamic programming in linear time and naturally 172 
avoids the problem mentioned above. The table below shows that this method improves the 173 
performance dramatically by simply changing the way to index form predicted vector. 174 

 175 

Index Picking Method (on 
the very same prediction at 

one development set) 

F1 EM 

Naïve Argmax 22.7% 15.8% 

Dynamic Programming 32.9% 23.5% 
 176 
The starter code will simply samples word not included in vocabulary to <unk> token. If we 177 
just simply use the reverse dictionary mapping word ids back to word, lots of answers 178 
predicted will include <unk>, and this has negative impacts on F1 ad EM. Here we passed 179 



the original context into the model and slice the answer block directly from contexts. This 180 
model-free strategy boost the F1 and EM as indicated in table below. 181 

Dealing with <unk> F1 EM 

Predicting with <unk> 32.2% 19.6% 

Slicing directly from context 45.8% 25.0% 
 182 
 183 
4 .2  H yp er-p a ra m eter  tu n in g  184 

In our experiment, we first modified the batch to improve the efficiency. We sort the contexts 185 
in terms of length so that in one batch the context length will be similar. After that process, 186 
the LSTM can save the time of dealing with many unnecessary spaces after the end of 187 
context. Compared to randomly selecting contexts into the batch, this method saved much 188 
time and space. It only takes 40 minutes to run an epoch on the training dataset, however, 189 
without this modification the time for running one epoch will be 4 hours. And at first this 190 
change increased F1 by about 10 percent. 191 

Aside from the model mentioned above, there are many parameters that can be adjusted. For 192 
example, learning rate, hidden size and dropout can be adjusted to get better performances. 193 

First, we use different hidden size to train the model. We use 32,64,128 hidden sizes, and in 194 
an epoch, keep the other conditions to be the same and observe the loss versus step during 195 
the training process. We get the figure below. 196 

 197 
Figure 1: Loss-step with different hidden size (green:128 blue:64 red:32) 198 

 199 

From Fig.1 we can see when the hidden size is too large, at last the model will be much 200 
complicated and the learning rate will decrease. But for the small hidden size, the learning 201 
rate is also slow because there isn’t enough space to learn the features. We can get a 202 
conclusion that when hidden size is about 64 the learning result is better. However, in the 203 
paper the hidden size is 100, I think in this range the model will perform well. 204 

 205 

Also, learning rate will have an influence on the model. We use learning rate 0.01,0.02 and 206 
0.04 and keep the other conditions to be the same, during one training epoch we get the 207 
figure below: 208 



 209 
Figure 2: Loss-step with different learning rate (black:0.01 blue:0.02 purple:0.04) 210 

 211 

From Fig.2 we can see the small learning rate will make the loss decrease slowly especially 212 
in the longer timescale. But with the very high learning rate, at first it can have a good effect 213 
but in the longer timescale there is some fluctuation around the optimal point. A medium 214 
learning rate will also be helpful to the model. 215 

Also, the dropout will affect the model performance. Due to the complication of our model, 216 
we need to add some dropout in our network. At first, we used different values of dropout 217 
and the results can be seen below: 218 

Dropout F1 EM 

0.6 26.2% 9.6% 

0.7 33.6% 13.4% 

0.8 39.4% 15.1% 

After this trial, we choose 0.8 as the dropout rate in our model. 219 

 220 
4 .3  F in a l  P er form an ce  221 
We went through four major versions of model. The first one is naïve model without any 222 
attention for model pipeline building. The second version is the baseline model v2 suggested 223 
on Piazza. The third one is BIDAF model evolving from baseline model. The fourth one is 224 
the model finally submitted with all model-free modifications and tricks mentioned above. 225 
The progress on best F1 and EM is shown in the table below. 226 
 227 

Model F1 EM 

Naïve Model without 
attention 

10.5% 1.9% 

Baseline model v2 suggested 
on Piazza 

22.5% 7.3.7% 

Pure BIDAF 33% 12.9% 

BIDAF with our 
improvements 

48% 33% 

 228 



5 Error Analysis   229 
Although our model performs well in the whole dataset, there are some errors in the 230 
prediction. From observation, we can divide the major errors into 4 categories:  231 
 232 
1.predict several more words: (the upper one is prediction and the lower one is real answer) 233 
winner Taylor Swift 234 
Taylor Swift 235 
 236 
2. predict several less words: 237 
Establishing the President 's Committee 238 
Establishing the President 's Committee on Equality of Treatment and Opportunity 239 
 240 
3.find the wrong place (the kind of word is right but the answer is wrong): 241 
2002 242 
2008 243 
 244 
4.prediction is long text contains the target answer: 245 
$ 737,000. Estimated revenue more than doubled from $ 404 million in season three to $ 870 246 
million in season six. While that declined from season eight onwards, it still earned 247 
significantly more than its nearest competitor, with advertising revenue topping $ 800 248 
million annually the next few seasons. However, the sharp drop in ratings in season eleven 249 
also resulted in a sharp drop in advertising rate for season twelve, and the show lost its 250 
leading position as the costliest show for advertisers. By 2014, ad revenue from had fallen to 251 
$ 427 million 252 
800 million 253 
 254 
Now almost all the errors are one of the 4 categories. As we noticed most of the answers are 255 
nouns or numbers, and most of answers are very short, we can add some penalize to the very 256 
long prediction. Also, in the future we can make improvement on finding the full set of one 257 
phrase, and decrease the answers which contains more than 1 kinds of words (like 1, because 258 
most of this kind of predictions are wrong). We are still trying to realize the mechanisms 259 
behind the prediction behavior.    260 
 261 
6  Conclusion 262 

We established a LSTM-based bidirectional recurrent neural networks with bi-attention 263 
mechanism for context understanding on SQuAD data set. We find that slight modification 264 
on data loading and texts padding gives rise to huge decrease on training time, from 4 hours 265 
to 30 mins per epoch. Also, we experimented on different hyper-parameters, such as learning 266 
rate, batch size and hidden size, etc to polish the model. We find that small learning rate with 267 
exponential decay (0.02), with big batch size (64) and small hidden size (64) works best for 268 
us. And the training finishes usually after 4 or 5 epochs the best F1 and EM score we get now 269 
is 48% and 33% after 10 epochs on around 80000 examples 270 
 271 
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