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Models

Task Objective:
• Input: a paragraph D consisting of a sequence of sentences  
• Objective: To select a subset of k question-worthy sentences (k < m), such that: 

Output Analysis

Conclusion 
• We introduce the new task of question-worthy sentences selection. 
• We introduce a neural sentence-level sequence tagging approach for this 

task, with sum or CNN for encoding the sentences. 
• Our system outperforms the baselines (e.g. feature-rich linear systems) 

significantly.

Conditional log-likelihood 
of the predicted question 

y, given the input x.

Passage-level QG Experiments
Automatic Evaluation:

Full QG Evaluation:

Rule-based

Learning-
based

• Our hierarchical sequence-tagging model beats the strong linear system.
• Majority forms a very strong baseline. 
• Pre-trained word embeddings do not help significantly.

The full QG system with 
our sentence selection 
component achieves 
SOTA performance 

Open questions: 
- Connecting QG and QA!
- Better dataset for the task.

Hierarchical sequence tagging model

• Training: Minimize the negative log-likelihood with respect to θ: 
• Inference: Beam search and UNK replacement

Very important!!! Even copy 
mechanism cannot eliminate UNKs.

encoder’s output s and the paragraph encoder’s
output s0 is used as the initialization of decoder
hidden state. To be more specific, the architec-
ture of our paragraph-level model is like a “Y”-
shaped network which encodes both sentence-
and paragraph-level information via two RNN
branches and uses the concatenated representation
for decoding the questions.

4.2 Encoder

The attention-based sentence encoder is used in
both of our models, while the paragraph en-
coder is only used in the model that incorporates
paragraph-level information.

Attention-based sentence encoder:
We use a bidirectional LSTM to encode the sen-

tence,
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where
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bt is the hidden state at time step t for the

forward pass LSTM,
 �
bt for the backward pass.

To get attention-based encoding of x at decod-
ing time step t, namely, ct, we first get the context
dependent token representation by bt = [
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bt;
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bt],

then we take the weighted average over bt (t =

1, ..., |x|),
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To get the sentence encoder’s output for initial-
ization of decoder hidden state, we concatenate
last hidden state of the forward and backward pass,
namely, s = [

��!
b|x|;

 �
b1].

Paragraph encoder:
Given sentence x, we want to encode the para-

graph containing x. Since in practice the para-
graph is very long, we set a length threshold L, and
truncate the paragraph at the Lth token. We call the
truncated paragraph “paragraph” henceforth.

Denoting the paragraph as z, we use another
bidirectional LSTM to encode z,
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With the last hidden state of the forward and
backward pass, we use the concatenation [

�!
d|z|;
 �
d1]

as the paragraph encoder’s output s0.

4.3 Training and Inference

Giving a training corpus of sentence-question
pairs: S =
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x
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ing objective is to minimize the negative log-
likelihood of the training data with respect to all
the parameters, as denoted by ✓,
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Once the model is trained, we do inference us-
ing beam search. The beam search is parametrized
by the possible paths number k.

As there could be many rare words in the input
sentence that are not in the target side dictionary,
during decoding many UNK tokens will be out-
put. Thus, post-processing with the replacement
of UNK is necessary. Unlike Luong et al. (2015b),
we use a simpler replacing strategy for our task.
For the decoded UNK token at time step t, we re-
place it with the token in the input sentence with
the highest attention score, the index of which is

argmax

i
ai,t (6)

5 Experimental Setup

We experiment with our neural question genera-
tion model on the processed SQuAD dataset. In
this section, we firstly describe the corpus of the
task. We then give implementation details of our
neural generation model, the baselines to compare,
and their experimental settings. Lastly, we intro-
duce the evaluation methods by automatic metrics
and human raters.

For the UNK token at time step t, we 
replace it with the token in the input 
sentence with the highest attention 
score, the index of which is:

encoder’s output s and the paragraph encoder’s
output s0 is used as the initialization of decoder
hidden state. To be more specific, the architec-
ture of our paragraph-level model is like a “Y”-
shaped network which encodes both sentence-
and paragraph-level information via two RNN
branches and uses the concatenated representation
for decoding the questions.

4.2 Encoder

The attention-based sentence encoder is used in
both of our models, while the paragraph en-
coder is only used in the model that incorporates
paragraph-level information.
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To get the sentence encoder’s output for initial-
ization of decoder hidden state, we concatenate
last hidden state of the forward and backward pass,
namely, s = [
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Paragraph encoder:
Given sentence x, we want to encode the para-

graph containing x. Since in practice the para-
graph is very long, we set a length threshold L, and
truncate the paragraph at the Lth token. We call the
truncated paragraph “paragraph” henceforth.

Denoting the paragraph as z, we use another
bidirectional LSTM to encode z,
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With the last hidden state of the forward and
backward pass, we use the concatenation [

�!
d|z|;
 �
d1]

as the paragraph encoder’s output s0.

4.3 Training and Inference
Giving a training corpus of sentence-question
pairs: S =
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Once the model is trained, we do inference us-
ing beam search. The beam search is parametrized
by the possible paths number k.

As there could be many rare words in the input
sentence that are not in the target side dictionary,
during decoding many UNK tokens will be out-
put. Thus, post-processing with the replacement
of UNK is necessary. Unlike Luong et al. (2015b),
we use a simpler replacing strategy for our task.
For the decoded UNK token at time step t, we re-
place it with the token in the input sentence with
the highest attention score, the index of which is
argmaxi ai,t.

5 Experimental Setup

We experiment with our neural question genera-
tion model on the processed SQuAD dataset. In
this section, we firstly describe the corpus of the
task. We then give implementation details of our
neural generation model, the baselines to compare,
and their experimental settings. Lastly, we intro-
duce the evaluation methods by automatic metrics
and human raters.

5.1 Dataset
With the SQuAD dataset (Rajpurkar et al., 2016),
we extract sentences and pair them with the ques-

The first layer encodes the 
sentences of the paragraph, 
with two encoding 
alternatives: 
- CNN + max pooling
(Kim, 2014; dos Santos and 
Zadrozny, 2014) 
- Sum operation

Sentence-level question generation
• Encoding only sentence as input, do not consider paragraph/context-level, attending 

to source sentence hidden states.

2 Problem Formulation

In this section, we define the tasks of impor-
tant (i.e. question-worthy) sentence selection and
sentence-level question generation (QG). Our full
paragraph-level QG system includes both of these
components. For the sentence selection task, given
a paragraph D consisting of a sequence of sen-
tences {s1, ..., sm}, we aim to select a subset of
k question-worthy sentences (k < m). The goal
is defined as finding y = {y1, ..., ym}, such that,

y = argmax

y

logP1 (y|D)

= argmax

y

|y|X

t=1

logP1 (yt|D)

(1)

where log P (y|D) is the conditional log-
likelihood of the label sequence y; and yi = 1

means sentence i is question-worthy (contains at
least one answer), otherwise yi = 0.

For sentence-level QG, the goal is to find the
best word sequence z (a question of arbitrary
length) that maximizes the conditional likelihood
given the input sentence x and satisfies:

z = argmax

z

logP2 (z|x)

= argmax

z

|z|X

t=1

logP2 (zt|x, z<t)

(2)

where P2(z|x) is modeled with a global attention
mechanism (Section 3).

3 Model

Important Sentence Selection Our general idea
for the hierarchical neural network architecture
is illustrated in Figure 1. First, we perform
the encoding using sum operation or convolu-
tion+maximum pooling operation (Kim, 2014; dos
Santos and Zadrozny, 2014) over the word vectors
comprising each sentence in the input paragraph.
For simplicity and consistency, we denote the sen-
tence encoding process as ENC. Given the tth sen-
tence x = {x1, ..., xn} in the paragraph, we have
its encoding:

st = ENC([x1, ..., xn]) (3)

Then we use a bidirectional LSTM (Hochreiter
and Schmidhuber, 1997) to encode the paragraph,
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Sentence	 Encoder

Figure 1: Hierarchical neural network architecture
for sentence-level sequence labeling. The input
is a paragraph consisting of sentences, whose en-
coded representation is fed into each hidden unit.

�!
ht =

����!
LSTM

⇣
st,
��!
ht�1

⌘

 �
ht =

 ����
LSTM

⇣
st,
 ��
ht+1

⌘

We use the concatenation of the two, namely,
[

�!
ht;
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ht], as the hidden state ht at time stamp t, and

feed it to the upper layers to get the probability
distribution of yt (2 {0, 1}),
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where MLP is multi-layer neural network and tanh
is the activation function.

Question Generation Similar to Du et al. (2017),
we implement the sentence-level question genera-
tor with an attention-based sequence-to-sequence
learning framework (Sutskever et al., 2014; Bah-
danau et al., 2015), to map a sentence in the read-
ing comprehension article to natural questions. It
consists of an LSTM encoder and decoder. The
encoder is a bi-directional LSTM network; it en-
codes the input sentence x into a sequence of hid-
den states q1,q2, ...,q|x|.

Fresno is the largest U.S. city not directly linked to an 

Interstate highway. When the Interstate Highway 

System was created in the 1950s, the decision was made 

to build what is now Interstate 5 on the west side of the 

Central Valley, and thus bypass many of the population 

centers in the region, instead of upgrading what is now 

State Route 99. Due to rapidly rising population and 

traffic in cities along SR 99, as well as the desirability of 

Federal funding, much discussion has been made to 

upgrade it to interstate standards and eventually 

incorporate it into the interstate system, most likely as 

Interstate 9. Major improvements to signage, lane width, 

median separation, vertical clearance, and other 

concerns are currently underway.

Q: Which is the largest city not 
connected to an interstate highway?
A: - Fresno

Q: Which State Route has been in 
discussion to upgrade to interstate 
standards?
A: SR 99

Q: What are the factors that are 
contributing to the desire to have SR 99 
improved to be of interstate standards?
A: rapidly rising population and traffic in cities along 
SR 99, as well as the desirability of Federal funding

Example: From Wikipedia article Fresno, California

Question: How to do automatic natural question generation (QG)
at document-level?

How?:  
A first step, important 
(question-worthy) 
sentences selection.

Model Precision Recall F-measure Acc. Paragraph-level Acc.

RANDOM 63.45 50.29 56.11 50.27 11.69
Majority Baseline 63.21 100.00 77.46 63.21 32.30
CNN (Kim, 2014) 68.35 90.13 77.74 67.38 24.73
LREG(w/ BOW) 68.52 86.55 76.49 66.37 31.36
LREG(w/ para.-level)
(Cheng and Lapata, 2016)

70.49 89.08 78.70 69.52 33.95

OursSUM (no pre-trained) 73.02 89.23 80.32 72.36 36.46
OursSUM (w/ pre-trained) 73.85 87.65 80.16 72.58 36.30
OursCNN (no pre-trained) 73.15 89.29 80.42* 72.52 35.93
OursCNN (w/ pre-trained) 74.35 86.11 79.80 72.44 36.87

Table 1: Automatic evaluation results for important sentence selection. The best performing system in
each column is highlighted in boldface. Paragraph-level accuracies are calculated as the proportion of
paragraphs in which all of the sentences are predicted correctly. We show two-tailed t-test results on
F-measure for our best performing method compared to the other baselines. (Statistical significance is
indicated with ⇤(p < 0.005).)

The decoder is another LSTM that uses global
attention over the encoder hidden states. The en-
tire encoder-decoder structure learns the probabil-
ity of generating a question given a sentence, as
indicated by equation 2. To be more specific,

P2 (zt|x, z<t) = softmax (Wstanh (Wt[ht; ct]))

where Ws, Wt are parameter matrices; ht is the
hidden state of the decoder LSTM; and ct is the
context vector created dynamically by the encoder
LSTM — the weighted sum of the hidden states
computed for the source sentence:

ct =
X

i=1,..,|x|

ai,tqi

The attention weights ai,t are calculated via a
bilinear scoring function and softmax normaliza-
tion:

ai,t =
exp(h

T
t Wbqi)P

j exp(h
T
t Wbqj)

Apart from the bilinear score, alternative options
for computing the attention can also be used
(e.g. dot product). Readers can refer to Luong
et al. (2015) for more details.

During inference, beam search is used to predict
the question. The decoded UNK token at time step
t, is replaced with the token in the input sentence
with the highest attention score, the index of which
is argmaxi ai,t.

Henceforth, we will refer to our sentence-level
Neural Question Generation system as NQG.

Note that generating answer-specific questions
would be easy for this architecture — we can ap-
pend answer location features to the vectors of to-
kens in the sentence. To better mimic the real life
case (where questions are generated with no prior
knowledge of the desired answers), we do not use
such location features in our experiments.

4 Experimental Setup and Results
4.1 Dataset and Implementation Details

We use the SQuAD dataset (Rajpurkar et al.,
2016) for training and evaluation for both impor-
tant sentence selection and sentence-level NQG.
The dataset contains 536 curated Wikipedia arti-
cles with over 100k questions posed about the ar-
ticles. The authors employ Amazon Mechanical
Turk crowd-workers to generate questions based
on the article paragraphs and to annotate the corre-
sponding answer spans in the text. Later, to make
the evaluation of the dataset more robust, other
crowd-workers are employed to provide additional
answers to the questions.

We split the public portion of the dataset into
training (⇠80%), validation (⇠10%) and test
(⇠10%) sets at the paragraph level. For the sen-
tence selection task, we treat sentences that con-
tain at least one answer span (question-worthy
sentences) as positive examples (y = 1); all re-
maining sentences are considered negative (y =

0). Not surprisingly, the training set is unbalanced:
52332 (⇠60%) sentences contain answers, while
29693 sentences do not. Because of the variabil-

Paragraph 1
:
in
::::
1939

:
,
::::::::
coinciding

::::
with

:::
the

:::
start

::
of
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world

:::
war

:
ii
:
,
::::
rene
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the
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::
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:::
the

:::
first

:
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coinciding

::::
with

:::
the

:::
start

::
of

:::::
world

:::
war

:
ii
:
,
::::
rene

:::::
dubos

::::::
reported

:::
the

:::::::
discovery

::
of

:::
the

:::
first

::::::
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::::::
derived

:::::::
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:
,
::::::::
tyrothricin

:
,
::
a

::::::::
compound

::::::
naturally

::::::
derived

:::::::
antibiotic

:
,
::::::::
tyrothricin

:
,
::
a

::::::::
compound

:
of

:::
20

::
%

::::::::
gramicidin

::::
and

::
80

:::
%

::::::::
tyrocidine

:
,
::::
from

::
b.
::::::

brevis
:
.

:
it
:::
was

:::
one

::
of

:::
the

:::
first

::::::::::
commercially

:::::::::::
manufactured

::::::::
antibiotics

::::::::
universally

:
it
:::
was

:::
one

::
of

:::
the

:::
first

::::::::::
commercially

:::::::::::
manufactured

::::::::
antibiotics

::::::::
universally

:::
and

:::
was

:::
very

:::::::
effective

::
in

::::::
treating

::::::
wounds

:::
and

::::
ulcers

:::::
during

:::::
world

:::
war

::
ii

:
. gramicidin , however , could not be used systemically because of toxicity . tyrocidine also

proved too toxic for systemic usage . research results obtained during that period were not shared between the axis and
the allied powers during the war .
Our questions:
Q1: what was the name of the compound that was discovered in 1939 ?
Q2: what was one of the first commercially manufactured antibiotics ?

Gold questions:
Q1: (1) what was the first antibiotic developed from nature ? (2) when was tyrothricin created ? (3) what also happened
in 1939 besides tyrothricin ?
Q2: what was tyrothricin used for during the war ?

Paragraph 2
::::
After

::
the

::::::
english

::::
civil

:::
war

::
the

:::::
royal

:::::
citadel

:::
was

::::
built

::
in

::::
1666

::
on

:::
the

:::
east

:::
end

::
of

:::::::
plymouth

:::
hoe

:
,

:::
after

:::
the

::::::
english

:::
civil

:::
war

:::
the

::::
royal

:::::
citadel

::::
was

:::
built

::
in

::::
1666

::
on

:::
the

:::
east

:::
end

::
of
::::::::
plymouth

:::
hoe

:
,

::
to

:::::
defend

::
the

::::
port

:::
from

:::::
naval

:::::
attacks

:
,
:::::::
suppress

::::::::
plymothian

:::::::::::
parliamentary

::::::
leanings

:::
and

::
to
::::
train

:::
the

:::::
armed

::::
forces

:
.

Guided tours are available in the summer months .
<SOS> Further west is smeaton ’s tower , which was built in 1759 as a lighthouse on rocks 14 miles -lrb- 23 km -rrb- off shore,:::::

further
::::
west

:
is
:::::::
smeaton

:
’s
:::::
tower

:
,
:::::
which

:::
was

::::
built

:
in
::::
1759

::
as
::
a
::::::::
lighthouse

::
on

::::
rocks

::
14

:::::
miles

:::
-lrb-

:::
23

::
km

::::
-rrb-

:::
off

:::::
shore,

::
but

::::::::::
dismantled

:::::
and

::::
the

::::
top

::::
two

::::::
thirds

:::::::
rebuilt

::::
on

::::
the

::::
hoe

::::
in

:::::
1877

::
. It is open to the

public and has views over the plymouth sound and the city from the lantern room .
<SOS> Plymouth has 20 war memorials of which nine are on the hoe including ::::::::

Plymouth
:::
has

::
20

:::
war

::::::::
memorials

::
of

:::::
which

::::
nine

::
are

:::
on

::
the

:::
hoe

:::::::
including

:
:

:::::::
plymouth

:::::
naval

:::::::::
memorial

::
,
:::

to

:::::::
remember

:::::
those

::::
killed

:::
in

::::
world

::::
wars

::
i
:::
and

:
ii
::

,
:::
and

:::
the

::::::
armada

::::::::
memorial, to commemorate the defeat of the spanish

armada .
Our questions:
Q1: when was the royal basilica fort built ?
Q2: when was the smeaton ’s tower built ?
Q3: how many war memorials did plymouth have ?

Gold questions:
Q1: in what year was the royal citadel constructed ?
Q2: (1) when was smeaton ’s tower first constructed ? (2) in kilometers , how far off the coast was smeaton ’s tower
originally built ?
Q3: what memorial commemorates the naval victory over the spanish armada ?

Paragraph 3 the city receives 49.9 inches -lrb- 1,270 mm -rrb- of precipitation annually ,::
the

:::
city

:::::::
receives

:::
49.9

:::::
inches

::::
-lrb-

::::
1,270

::::
mm

:::
-rrb-

::
of
::::::::::
precipitation

:::::::
annually ,

::::
which

:::
is

:::::
fairly

::::::
spread

::::::::
throughout

:::
the

::::
year

:
.
:

<SOS> average winter snowfall between 1981 and 2010 has been 25.8 inches -lrb- 66 cm -rrb-::::::
average

:::::
winter

::::::
snowfall

:::::::
between

::::
1981

:::
and

::::
2010

:::
has

:::
been

::::
25.8

:::::
inches

::::
-lrb-

::
66

:::
cm

:::
-rrb-

:
,

::
but

:::::
this

::::::
varies

:::::::::::
considerably

:::::
from

:::::
year

:::
to
:::::

year
:::

. hurricanes and tropical storms are rare in
the new york area , but are not unheard of and always have the potential to strike the area .
hurricane sandy brought a destructive storm surge to new york city on the evening of october 29 , 2012 ,:::::::
hurricane

::::
sandy

::::::
brought

::
a
::::::::
destructive

:::::
storm

::::
surge

::
to

:::
new

::::
york

:::
city

::
on

:::
the

::::::
evening

::
of

::::::
october

::
29

:
,
::::
2012

:
,

::::::
flooding

:::::::
numerous

:::::
streets

:
,
::::::
tunnels

:
,
:::
and

::::::
subway

::::
lines

::
in

::::
lower

::::::::
manhattan

:::
and

::::
other

:::::
areas

::
of

::
the

::::
city

:::
and

:::::
cutting

:::
off

:::::::
electricity

::
in

::::
many

::::
parts

::
of

:::
the

:::
city

:::
and

::
its

::::::
suburbs

:
.
:

the storm and its profound impacts have prompted the discussion of constructing
seawalls and other coastal barriers around the shorelines of the city and the metropolitan area to minimize the risk of
destructive consequences from another such event in the future .
Our questions:
Q1: how much precipitation does the city receive annually ?
Q2: what is the average winter snowfall between 1981 and 2010 ?
Q3: what caused the storm surge to new york city ?

Gold questions:
Q1: (1) in millimeters , how much precipitation does new york receive a year ? (2) how many inches of precipitation does
nyc get in a year ?
Q2: (1) in centimeters , what is the average winter snowfall ? (2) the mean snowfall between 1981 and 2010 in nyc has
been how many inches ?
Q3: (1) when did hurricane sandy strike new york ? (2) which natural disaster occurred on october 29 , 2012 in nyc ?

• Red highlight shows the selected sentence, which is used as input for 
question generation. 

• Wave-lined sentences shows the ground truth question-worthy sentences. 
• Appropriate questions might still be generated for wrongly selected 

sentences, generated question sometime ask different aspects with 
ground truth question. 

• Quality of some generated questions to be improved.

they then use to generate an interrogative sentence.
A lot of research has focused on first manually
constructing question templates, and then apply-
ing them to generate questions (Mostow and Chen,
2009; Lindberg et al., 2013; Mazidi and Nielsen,
2014). Labutov et al. (2015) use crowdsourcing to
collect a set of templates and then rank the rel-
evant templates for the text of another domain.
Generally, the rule-based approaches make use of
the syntactic roles of words, but not their semantic
roles.

Heilman and Smith (2010) introduce an
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a sequence of tokens [x1, ..., xM ]. The QG task is
defined as finding y, such that:

y = argmax

y

P (y|x) (1)

where P (y|x) is the conditional log-likelihood of
the predicted question sequence y, given the input
x. In section 4.1, we will elaborate on the global
attention mechanism for modeling P (y|x).

4 Model
Our model is partially inspired by the way in
which a human would solve the task. To ask
a natural question, people usually pay attention
to certain parts of the input sentence, as well
as associating context information from the para-
graph. We model the conditional probability us-
ing RNN encoder-decoder architecture (Bahdanau
et al., 2015; Cho et al., 2014), and adopt the global
attention mechanism (Luong et al., 2015a) to make
the model focus on certain elements of the input
when generating each word during decoding.

Here, we investigate two variations of our mod-
els: one that only encodes the sentence and an-
other that encodes both sentence and paragraph-
level information.

4.1 Decoder
Similar to Sutskever et al. (2014) and Chopra et al.
(2016), we factorize the the conditional in equa-
tion 1 into a product of word-level predictions:

P (y|x) =
|y|Y

t=1

P (yt|x, y<t)

where probability of each yt is predicted based on
all the words that are generated previously (i.e.,
y<t), and input sentence x.

More specifically,

P (yt|x, y<t) = softmax (Wstanh (Wt[ht; ct]))

(2)
with ht being the recurrent neural networks state
variable at time step t, and ct being the attention-
based encoding of x at decoding time step t (Sec-
tion 4.2). Ws and Wt are parameters to be
learned.

ht = LSTM1 (yt�1,ht�1) (3)

here, LSTM is the Long Short-Term Memory
(LSTM) network (Hochreiter and Schmidhuber,
1997). It generates the new state ht, given the
representation of previously generated word yt�1

(obtained from a word look-up table), and the pre-
vious state ht�1.

The initialization of the decoder’s hidden state
differentiates our basic model and the model that
incorporates paragraph-level information.

For the basic model, it is initialized by the sen-
tence’s representation s obtained from the sen-
tence encoder (Section 4.2). For our paragraph-
level model, the concatenation of the sentence
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2 Problem Formulation

In this section, we define the tasks of impor-
tant (i.e. question-worthy) sentence selection and
sentence-level question generation (QG). Our full
paragraph-level QG system includes both of these
components. For the sentence selection task, given
a paragraph D consisting of a sequence of sen-
tences {s1, ..., sm}, we aim to select a subset of
k question-worthy sentences (k < m). The goal
is defined as finding y = {y1, ..., ym}, such that,

y = argmax

y

logP1 (y|D)

= argmax

y

|y|X

t=1

logP1 (yt|D)

(1)

where log P (y|D) is the conditional log-
likelihood of the label sequence y; and yi = 1

means sentence i is question-worthy (contains at
least one answer), otherwise yi = 0.

For sentence-level QG, the goal is to find the
best word sequence z (a question of arbitrary
length) that maximizes the conditional likelihood
given the input sentence x and satisfies:

z = argmax

z

logP2 (z|x)

= argmax

z

|z|X

t=1

logP2 (zt|x, z<t)

(2)

where P2(z|x) is modeled with a global attention
mechanism (Section 3).

3 Model

Important Sentence Selection Our general idea
for the hierarchical neural network architecture
is illustrated in Figure 1. First, we perform
the encoding using sum operation or convolu-
tion+maximum pooling operation (Kim, 2014; dos
Santos and Zadrozny, 2014) over the word vectors
comprising each sentence in the input paragraph.
For simplicity and consistency, we denote the sen-
tence encoding process as ENC. Given the tth sen-
tence x = {x1, ..., xn} in the paragraph, we have
its encoding:

st = ENC([x1, ..., xn]) (3)

Then we use a bidirectional LSTM (Hochreiter
and Schmidhuber, 1997) to encode the paragraph,

Figure 1: Hierarchical neural network architecture
for sentence-level sequence labeling. The input
is a paragraph consisting of sentences, whose en-
coded representation is fed into each hidden unit.
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where MLP is multi-layer neural network and tanh
is the activation function.

Question Generation Similar to Du et al. (2017),
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learning framework (Sutskever et al., 2014; Bah-
danau et al., 2015), to map a sentence in the read-
ing comprehension article to natural questions. It
consists of an LSTM encoder and decoder. The
encoder is a bi-directional LSTM network; it en-
codes the input sentence x into a sequence of hid-
den states q1,q2, ...,q|x|.
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where MLP is multi-layer neural network 
and tanh is the activation function.

Then we use a 
bidirectional 
LSTM to encode 
the paragraph.

Metric Model BLEU 1 BLEU 2 BLEU 3 BLEU 4 METEOR

Conservative LREG(C&L) + NQG 38.30 23.15 15.64 10.97 15.09
Ours + NQG 40.08 24.26 16.39 11.50 15.67

Liberal LREG(C&L) + NQG 51.55 40.17 34.35 30.59 24.17
Ours + NQG 52.89 41.16 35.15 31.25 24.76

Table 2: Results for the full QG systems using BLEU 1–4, METEOR. The first stage of the two pipeline
systems are the feature-rich linear model (LREG) and our best performing selection model respectively.

ity of human choice in generating questions, it is
the case that many sentences labeled as negative
examples might actually contain concepts worth
asking a question about. For the related impor-
tant sentence detection task in text summarization,
Yang et al. (2017) therefore propose a two-stage
approach (Lee and Liu, 2003; Elkan and Noto,
2008) to augment the set of known summary-
worthy sentences. In contrast, we adopt a con-
servative approach rather than predict too many
sentences as being question-worthy: we pair up
source sentences with their corresponding ques-
tions, and use just these sentence-question pairs to
training the encoder-decoder model.

We use the glove.840B.300d pre-trained
embeddings (Pennington et al., 2014) for ini-
tialization of the embedding layer for our sen-
tence selection model and the full NQG model.
glove.6B.100d embeddings are used for cal-
culating sentence similarity feature of the baseline
linear model (LREG). Tokens outside the vocabu-
lary list are replaced by the UNK symbol. Hyper-
parameters for all models are tuned on the valida-
tion set and results are reported on the test set.

4.2 Sentence Selection Results

We compare to a number of baselines. The Ran-
dom baseline assigns a random label to each
sentence. The Majority baseline assumes that
all sentences are question-worthy. The convolu-
tional neural networks (CNN) sentence classifi-
cation model (Kim, 2014) has similar structure
to our CNN sentence encoder, but the classifica-
tion is done only at the sentence-level rather than
jointly at paragraph-level. LREGw/ BOW is the
logistic regression model with bag-of-words fea-
tures. LREGw/ para.-level is the feature-rich LREG
model designed by Cheng and Lapata (2016); the
features include: sentence length, position of sen-
tence, number of named entities in the sentence,
number of sentences in the paragraph, sentence-to-
sentence cohesion, and sentence-to-paragraph rel-
evance. Sentence-to-sentence cohesion is obtained

conservative eval. liberal eval.
aaaaaaaaaaSystem Output

Gold Data
w/ Q w/o Q w/ Q w/o Q

w/ Q matching zero matching full
w/o Q zero - zero -

Table 3: For a source sentence in SQuAD, given
the prediction from the sentence selection system
and the corresponding NQG output, we provide
conservative and liberal evaluations.

by calculating the embedding space similarity be-
tween it and every other sentence in the paragraph
(similar for sentence-to-paragraph relevance). In
document summarization, graph-based extractive
summarization models (e.g. TGRAPH Parveen
et al. (2015) and URANK Wan (2010)) focus on
global optimization and extract sentences con-
tributing to topical coherent summaries. Because
this does not really fit our task — a summary-
worthy sentence might not necessarily contain
enough information for generating a good ques-
tion — we do not include these as comparisons.

Results are displayed in Table 1. Our models
with sum or CNN as the sentence encoder signif-
icantly outperform the feature-rich LREG as well
as the other baselines in terms of F-measure.

4.3 Evaluation of the full QG system
To evaluate the full systems for paragraph-level
QG, we introduce in Table 3 the “conservative”
and “liberal” evaluation strategies. Given an input
source sentence, there will be in total four possi-
bilities: if both the gold standard data and predic-
tion include the sentence, then we use its n-gram
matching score (by BLEU (Papineni et al., 2002)
and METEOR (Denkowski and Lavie, 2014)); if
neither the gold data nor prediction include the
sentence, then the sentence is discarded from the
evaluation; if the gold data includes the sentence
while the prediction does not, we assign a score of
0 for it; and if gold data does not include the sen-
tence while prediction does, the generated ques-
tion gets a 0 for conservative, while it gets full

For detailed explanation for the 
evaluation metric, plz refer to our paper.


