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Abstract Conversational question generation (CQG) is different from the question generation task of generating single-round
questions based on paragraphs and answers. CQG additionally considers the conversational information composed of historical
question and answer pairs,and the generated questions inherit the historical content of the conversation and maintain high consis-
tency. In response to this feature,the article proposes word-level and sentence-level attention mechanism modules to enhance the
ability to extract conversation history information, ensuring that the current round of questions integrates the characteristics of
each word and sentence in the conversation history, thereby generating a coherent, high-quality question. The accuracy of the
question word is more important, The generated question needs to match the answer type corresponding to the original question in
the data set. An additional loss function is constructed in the question word prediction module as a limitation of the question word
type. The conversational comprehension network (CCNet) model is obtained by synthesizing each module. Experiments show that
this model is higher than the baseline model in most evaluation indicators. On the CoQA dataset,Bleul and Bleu2 reach 39. 70 and
23.76,respectively,and the quality of the generated questions is higher. The model is proved to be effective in ablation experi-
ments and cross-dataset experiments,indicating that the CCNet model has strong general capabilities.
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My Left Foot (1989) Imagine _ , unable to make any
movements except to move your left foot. The main character
in My Left Foot,based on the real story of cerebral palsy
sufferer Christy Brown,can barely move his mouth to speak,
but by controlling his left foot, he's able to express himself as
an artist and poet. For his moving performance of Brown,
Daniel Lewis won his first Academy Award for best actor.
Shine (1996) Do you have a talent you're afraid to share with
the world? David Helfgott seemed meant from childhood to be
"one of the truly great pianists," but the pressures of
performing (and pleasing his father) resulted in a complete
breakdown. Ten years in a mental hospital didn't weaken
Helfgott's musical gift: When he was rediscovered, he was
playing concertos in a bar. Shine received seven Oscar
nominations , and Geoffrey Rush won best actor for his
performance of Helfgott:--

Ql: Who is My Left Foot Q4: How did he

based on? communicate?
Al: Christy Brown A4: by controlling his left
R1: Christy Brown foot
Q2: What illness did he R4: by controlling his left
have? foot
A2: cerebral palsy Q5: Which pianist had a break
R2: cerebral palsy down?
Q3: Could he talk? AS: David Helfgott
A3: barely R5: David Helfgott
R3: can_barely move his Q6: Did he recover quickly?
mouth to speak A6: No
R6: Ten years in a mental
hospital

K3 CoQA %ii sk il
Fig. 3 Examples of CoQA datasets
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Table 1 Comparative experiments on CoQA dataset
Model Bl B2 B3 B4 MET R-L
PGNet 28. 84 13.74 8. 16 — — 39.18
NQG 35.56 21.14 14. 84 45.58

MSNet 36.35 21.82 1
CorefNet 36.67 22.26 1
FlowNet 36. 60 22.23 15.77 11.96 16.70 46.52

CFNet 37.49 22.86 16. 24 12.26 16.98 46. 86

CCNet 39.70 23.76 16. 41 12.04 17.16 46.79

.44 11.65 16. 50 46.01
78 11.93 16. 66 46.4
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Table 2 Analysis on the number of paragraphs

num Bl B2 B3 B4 MET R-L
10 39.43 23.58 16.3 11.91 16. 90 46.73
5 39.70 23.76 16. 41 12. 04 17.16 46.79
1 39.15 23.19 15. 88 11.52 16. 93 46. 48

M5 2 B Asth, Y BvE r el 5 i R BRI
U T A AR AR IR B 1 . AT A BT AR B L R A B YR
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YR [ia) R N7 12 B8 v AE Be i 1 W — A e, SR BioE 2 1Y 1%
BT A 2R T BN 2R P e 0 BT 4l 5 B,
6.2 HRREL

T A TR AR A T B 2R A T T R S A TR R L FR AT
— 25 LIS AE R v 14 g sl 2 1 U R ALt R B R S [] ) T AR
Pe B, FATBTH I Ml 50 ke I A B A A AT AT
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Table 3 Ablation experiment
Model Bl B2 B3 B4 MET R-L
BaseNet 38.23 22.82 15. 60 11.33 16. 81 46.13
QTNet 39.17 23.22 15. 88 11.42 16.75 46. 34
WSNet 39.22 23.25 15.91 11.54 16. 89 46.4
CCNet 39.70 23.76 16. 41 12.04 17.16 46.79

AT T QTNet Al WSNet B AHEAL, % BT 1A T
FHLL AT BaseNet #5A A 712 B Y42 T,
6.2.1 &iEEE A A B 5 A

WSNet # AR Sy T 8 28 2345 T 8 MU A He i 53 R H
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T HE 2 A T ORI 4 R B AT
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O H JefF i they F1 look A5 %A~ Ji s ) 2 Xof v 4> BRI 114 32
TR AR5 T L% A1 28 %0 19 0 G U 8 0 AH 507 B P A~ B
) % O 94 A T AR A5 2 4 44 090 T B0 RO L 25 2R R T
4, ATRLE B TR A T R 29 R ) AL 4 B
R R RCE B W S AR, “he” “wear” 5
“they” 45 5 4 #LHR 43 A0 OC (19 B 1 55 ) AL BB AR . X
BTN 2B B RE A8 TR AR 22 18 B SR T R Y 2 O HL AR ) R

“How did they look?”,

Passage: ...He wore a flannel shirt of washed-out shepherd's
tartan, and a suit of reddish tweeds, of the colour known to
tailors as "heather mixture"; his neckcloth was black, and tied
loosely in a sailor's knot; a rusty ulster partly concealed these
advantages; and his feet were shod with rough walking boots.

Conversation History:
<q¢> what fabric 2
0.0003 0.0030 0.1787 0.1080
<a>  tweed
0.0008 0.0180
<q> what shoes did he wear i
0.0000 00006 0.1145 0.1045 - 02284 | 00171
<a> walking  boots
0.0000 0.0022 0.0024
<q> were they new ?
0.0016 0.0537 104903 0.1010 0.0202
<a> no
Question(Human): how did they look?

Question(CCNet Our Model): how did they look?
Question(CFNet Baseline Model): what were they doing?

B4 AR W Ak
Fig. 4 Visualization of attention weight
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Table 4 Result analysis of interrogative words
Model Precision Recall F1 Accuracy
CFNet 40. 61 39.07 38.03 56. 40
CCNet 42.55 39.73 38.79 58. 84
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Passage: ..."Finding Aubrey" includes 11 songs written

and performed by Sacco at his home studio, as well as the

last three songs Aubrey herself recorded at home before

the 23-year-old disappeared in April 2010 while hiking
alone in Nepal.....

Conversation History:
<q>what's his daughter's name?
<a>Aubrey Sacco.

<q>what happened to her?
<a>disappeared.

<gq>where?

<a>Nepal

Question(Human): what type of trip was this?
Question(CCNet Our Model): what happened in 2010?
Answer : hiking.

&5 Sefl 1
Fig.5 Case 1
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Passage: ...One day a handsome young man called
Narcissus came into the woods. He had been
hunting deer and lost his way. However, the
moment Echo saw him, she fell in love with him....
Conversation History:

<q>what could she say?

<a>she could only repeat the last words of those
around her.

<g>where did she hide?

<a>deep in the woods.

<q>who came into the woods?

<a>Narcissus.

Question(Human): what had he been doing?
Question(CCNet Our Model): what was he
doing?

Answer : hunting deer.

Bl 6 Sefl2
Fig. 6 Case 2
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Table 5 Comparative experiments on QuAC dataset

Model Bl B2 B3 B4 MET R-L
BaseNet 32.60 19.52 14.32 11.81 13.83 33.97
QTNet 32.76 19. 66 14.51 11. 99 14. 04 34.06
WSNet 33.20 20.01 14.71 12.18 14.25 34.50
CCNet 33.43 20. 40 15.07 12.51 14.30 34.81
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