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Abstract: [ Purpose/Significance | Scientific questions serve as the starting point of scientific inquiry, determining the
depth, breadth, and impact of research endeavors. However, amidst the exponential growth of global scientific publica-
tions, identifying high—value research gaps from the vast volume of literature has become an overwhelming cognitive burden
for researchers. Consequently, developing automated methodologies to generate research questions from large—scale litera-
ture is of critical importance. [ Method/Process] To address this need, this paper proposed the Automatic Generation

Method of Scientific Questions (AGMSQ) , a novel framework leveraging Large Language Models (LLMs). By tailoring the
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generation process to specific question types, AGMSQ guided LLMs to produce high—quality research questions that were
structurally rigorous and deeply grounded in the literature context. The method comprised three core modules: the Scien-
tific Question Classification Module, the Generation Template Design Module, and the LLM Generation Module. First, the
Classification Module categorized questions into five types: descriptive, explanatory, methodological, evaluative, and nor-
mative. This fine—grained taxonomy enabled the model to capture the distinct logical patterns and semantic requirements
inherent to different modes of scientific inquiry, thereby enhancing the precision of generation. Second, the Template
Design Module constructed element—generation templates based on the structural principles of each question type. It inte-
grated key element triplets extracted from “Future Work Sentences” (FWS) with domain extension search topics, which
were matched to the triplets via semantic distance. Finally, the LLM Generation Module utilized parameter—fine—tuned
models—including ChatGPT-4, ChatGPT-3.5, Claude 3 Sonnet, and Gemini Pro—to synthesize research questions
based on the combined input elements. Additionally, the study introduced two quantitative indicators—the Utilization Rate
of Prompts (URP) and the Occupancy Rate of New Words (ORN)—to evaluate and optimize the generation performance of
the LLMs. [Result/Conclusion] The experiments utilize an FWS dataset sourced from the natural language processing
domain, specifically targeting the generation of methodological questions. Expert evaluations indicate that the research
questions generated by AGMSQ demonstrate favorable performance in terms of clarity, originality, feasibility, and aca-
demic value. Notably, among the evaluated models, Claude 3 Sonnet exhibits the superior generation performance. Fur-
thermore, quantitative analysis based on URP and ORN metrics corroborates the expert findings, confirming that the opti-
mized prompts effectively reduce semantic redundancy and increase the efficient utilization of input information. These
findings validate the capability of LLMs to generate methodological questions within the natural language processing
domain, offering empirical evidence and valuable insights for future exploration across diverse disciplines and question
types. Overall, this study offers new insights and tools for automating research topic selection, representing a concrete
practice of the “Al for Science” paradigm.

Keywords: research question; automatic generation; large language models; Al for science; natural language
processing
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Fig. 1 Analysis Framework of Automatic Generation of Scientific Questions
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BB BV N T ARTE 64 896 1)1, Hid 9 009 %4
FWS, 558874 HIEFWS,
9 —
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Fig.4 Workflow for Automatic Scientific Question Generation in NLP Domain
3.2 RAFWS4 R 5 st I SZ AR ) S LA A8 10 47 238 SCIRAE R I 25, PR3

TR I S A T 3 R FWS Y 7 ik
Oy AR LT HLAR F 2T 1 7 . RN D L A ik A
BERT Tl 2k i) i

1) FEFHLAS A IR — 28 B0mE . 435k

BORANER 2 Fim o XA Zoad R ORFEM ISR R,
AT DL IR SRAE T T B AL 1Y 4 [l 26 1 2 1Y
BOR . ZEA 4B AR R UANR DL 7E
PO FWS ERIELF, HIRJE SVM AR,

FIANER DU | BEALARAMRE T | 2258 Il 553

F2 NRFIRBEIRFFWS LHRIA
Tab.2 Machine Learning Model Performance on FWS Identification

PllES M4
F
it PENE: Fl11{E it FENCIE: FI{H
BEHLARAR 0. 851 0. 847 0. 849 0. 857 0. 845 0. 851
Ml 0. 867 0. 862 0. 864 0. 870 0. 859 0. 865
SVM 0. 878 0. 875 0.876 0. 875 0. 884 0.879
e 0.919 0.918 0.918 0.951 0.951 0.951
TE: IHF R IZIE R iR KA, R R RN IZIE R A
2) FUNPCHEC Ty WA 500 A5 F (L 16 5%,

$5 300 25 FWS 1200 454 FWS) B 54 A8 = 4
g5, HNH ZRIEN R, 7 E REAS W& R HL
HFWS B (HSR, Highly Specific to FWS Rules)
REDS AU AE FWS YR (HNR,  Highly Specific
to Non-FWS Rules) . 7E FWS FI9E FWS i 3 U £
FRELAATE AP (CR, Common Rules), A7, HSR
FHMA 20 45, HNRALIUA 12 45, SRISHINA
— 10 —

FUMPCEC AR BRI 3 R, il 5] A HSR
FTCRZSHUIN, FPpk HNRFL, I X EIEH T RAE,
3] TR RN AR

3) BERT WYL 2ET7%k: WEINZGIRENS
B, WEESRSEREE NS IO, BEI%
SERMF AT, ZIET, BERGHE N REE, &
P HLE RN 32, 2E S F N le-6, KA K
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Tab.3 Performance of Rule-Based Matching Methods

‘ HIEE IS
FI G AT =K
Ko PENEIE:S F1{H HE PE e FI{H
A 0.918 0.519 0. 663 0.922 0.532 0. 675
A+C-F 0.512 0.729 0. 602 0.526 0.734 0.613
A+C-F CFRER) 0.853 0.726 0.784 0. 857 0.745 0.797

T MR ZRIZIR bR RS, RN R %R bR AR

JER 256 ), ALK BRSO, AR AR it
£ FRRSHE M 0. 883, ARIKNO0.774, FI{EHN
0. 825,

ZEA B 3R FWS B 5, fEARZIT TR
FERIEOLR . FWSHYBIMERE R, SVMALRL L b
K DL BERTBAUAR L B, Hirp, SVM

LY AE D 4 19 3R B AR 4 ORG A 2 0. 933, 3 [l %
0.768, F1{H0.842). 7E&ad FRAEEA, FhE DIt
W7 R R AR e e AR RS RSB 3 0. 951,
M12%20. 951, FU{EH0.951), [RIEF, RLNUUCHEL it hg
AG R TFONRCR CRE I EE 0. 857, H [H1#20. 745,
FI{H0.797).

x4 AESEHTBERTHEE AR
Tab.4 Performance of BERT Model

i magm  FOEA HETS RS
KB i GRS F1{H i g PR F
8 le—6 256 0.914 0. 849 0. 880 0.777 0. 671 0.720
32 le—6 128 0.949 0.932 0.940 0. 869 0.723 0.789
32 le-6 256 0.947 0.932 0.939 0. 883 0.774 0. 825
64 le—6 128 0.943 0. 937 0. 940 0. 861 0. 692 0.767

TE: MR AR IZI PRI RS, RN R %R bR R AR

3.3 ARZFEESMAAM
3.3.1 FWSHRYZIER = oA fE i

X B s i FWS AT EAT R BT R, 4R
ZHR) TG IE eGP e A 1 E bR A
Tk, U R R = ondl [ 3hinl |+
LB TR TE [+ LR B ] R BRAH By A
J& . A RAKE 55 Al B FW'S Hh ) 8 93 44 17l
Jai, SRA5 AR & ONLTK (Natural Language
Toolkit) FEYHE S HITAZR s @AEAR; @5 TAEE
WA LB 2] study. research, work. LAFREHR
L A A2 T A TR AR Dy OGB4 TR A IE . R EA RAKE
RL P HEA T 10 000 AR T-45 T 2 i 44 Tal i i,
RS PR . XICE RIS N R E e i, 4
“nlp tasks” “future works” ZFE—L A MER . AT LA
K IHLES B (machine translation) . ¢ R (rela-
tion extraction) . {58 ME (information extraction) . B
AR (joint model) 557 ] 42 H HIf NLP 408 7E Ak T
(R S SE U 8

x5 HIAXFESHXBRRQIE
Tab.5 Most Frequent Key Noun Phrases

KA TR HEER €
nlp tasks 60
machine translation 53
training data 41
language pairs 38
relation extraction 28
future works 23
wider range 18
information extraction 16
joint model 16

HIH pos_tag WMARIERY T, FrlE AT
T3, I a T LAghiE R ke, o kA
Tl + 44 A R T R TE R 4G, DCIC 44 TR R
gy, WZIE L BhiA |+ [ o4 T JE T |+ {5
SRR =0l . dE— MR AR5 2R

1 —
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Balim, M50 828 M RINAKR TN TFMER = FHEGAFEMIE LI, EAECERZ, “language
Jo4 . model” 7E 2021 4EIL R Z e Mz, (HIEAE 2022 41
3.3.2 PRI R SIS K I L 2023 4 H UK B, 7E 2023 45 B A

T NLP 473, 2021—2023 4F ACL 2318 AU
B BAE A R ERL, Az RS BR 32 5] 5
TN SIHTRIL, BOREBR A A
S SCHER A ERT, “f-score” “training data”

L, 2 R R T AR R R A 2 B e, Xl
T4 A B 5 AR 5 2022 4F Fi1 2023 4F g 2 5 7 R
G HT S L

data pugmenfation ¥] language model ~_ 3Tt [results i language model

S‘?:mevaar.l re:c“?tss kg B I Pt SCOfe;_: al ~art models *

g 'SCore g training ‘data @ g Lo :

pre tralnlngd g_ exper'lrne_m% show URAN D et Tormamce 2 f S(:()r'e~

> B o s s .. [training data
(a) 20214F (b) 20224 (c) 20234

5 2021—2023 M ACLEFREH
Fig.5 Active Topics in ACL Abstracts From 2021 to 2023

T [ S 47 1) i 1 1R 400 3886 BR: =2 A 2 ) Y
FEBIRHET, £ 65126 T 34 M4 A i X
ARPZARL T P SR R 2 TS HER T 20 1
FUBGE IR F U ASLARREE, 52.2. 27
RIM—E, mr2~3 0 FEEEE. 55 )
[ G4 1 0 1 | 1) 5 K AN A R R AL, LT
RAMEFRAEHT M B o HEASE 4~6 1 R F- XA LB

x6

- F0.5~0.55, JEAHCHFMES, HAHE9~14
(14 =5 R 4 AR BLE A T 0. 4~0. 45, S0k £
Bt o REARBEE— TR, R EE S 4
55510 44 B R ATUBUR G . A, RS
PR B AR v L AR 5 500 431 5 AR A h e iR
A Y SR G R

B XBEIESRZACERN+HERXER

Tab. 6 Key Phrases and Top Ten Active Topics Based on Cosine Similarity

information retrieval

state space robust model

information retrieval
information retrieval explainability
retrieval model
retrieval task
human computer information retrieval approach
text retrieval
retrieval results
retrieval performance
propose retrieval

multi stage information retrieval pipeline

representation space

state space robust model prompt
robust models
feature space models robust
problem space robust system
search space robust framework
online space robust representations
answer space robust encoder
emotion space robust ie
test state accurate robust

benchmark state robust instances

TEVCECSTUAR DGR R 5, —JEA R T 1 828
AL Shinl [+ [ S8 2 ta) vl |+ BEns 8 )+ [ Side 3=
UL+ [ Al R 2 i AR A . SR Word2Vee
JrkFoRA A, KBRARLIE T 80% M EE R A
1 —

G, AT 112448 BT Y ZE R A5
3.4 RiBFHA A RARAF FA
3.4.1 KIS AR LS

VEIUHT 100 Z% A B R 4 A 1E AR R S B0
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Fig. 6 Top 20 Average Cosine Similarities
IEURE, KT ChatGPT—4 4= AR RARR AR L, Xof T
4> Z# Temperature . Top_k. Presence_penalty Fl
Frequency_penalty NFERIH A, THE A SRR
[ -4 URP M- ORN 2558, W 7 /iR . 1

il 2B RPN AR A AL L A o P A s ) SCA B
ZHEAL . 5 IR B IR AY A A 2 —E R BB A
MM, BA2RERNEER, K temperature Y A
HEBE N 0. 6,

BIXHESS B0, EEARE URPIITHOL T, &
WEE A SHABRNRY, 2SRRGB
ey MR S I B HER -, 51K E 34% WA,
T B S 2R B AR AN SRS
BIRPAS T R 2RI, HRRRETIAL
% Z W F s in), JCIE ARG ik B $2 75 1) A= i
Bl (R R K

RT FRASHAESHERBR

Tab.7 Generation Performance of Different Parameter Combinations

ey ik Temperature Top_p Presence_penalty  Frequency_penalty URP ORN
1 0.6 1 0 0 0.633 0.30
2 0.6 1 0.5 0.5 0. 688 0. 342
3 0.8 1 1 1 0.517 0.43
4 1 1 2 2 0.41 0. 547

T MR IZIRbR R, R RIZFRIZIR PRI

3.4.2 W ABERAAAKTHELS

FIH S50 59 ChatGPT-4 % 1 124 4N A%
RAAB AR, Al 4 PR R 27 1) 8 S
¥JURP }0. 695, ORN }O. 372, 41 ik fife
B ZHA, 4 ChatGPT-4 4378 i 50 Bk n) i,

BLZEH 10/REERYIRNE, X T G Mg “fF
B AR A HHT Y B RA B EHE”, HEfT A
TR, A4S E I 204 400 1 A IR AL A FIAR I AR AL
ARk, 2 85128 T H A Y 3401 1

%8 ChatGPT—-4 & X %} 58] &
Tab. 8 Scientific Questions Generated by ChatGPT-4

Frs WMALERAE Rl )
[Verb]: include inferring the
[Keywordj : structure representations
i Inferring Structure Representations in Dialogue Systems
1 [ Additional information]: amr external smt knowledge i
[ Field keyword1 ]; structure level with AMR and External SMT Knowledge
[ Field keywordZ] : dialogue structure
[Verb]: integrate further nlp—based features
[Keyword]: coreference resolution
) [ Additional information ]: question answering well citation Enhancing NLP Features for Coreference Resolution in

classification graphical navigation

[ Field keyword1 1: event coreference resolution

[ Field keywordZ] : entity resolution

Question Answering and Citation Classification
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[Verb]: include topics by
[Keyword] . latent dirichlet allocation
Employing Latent Dirichlet Allocation to Explore Latent
3 [ Additional information]: additional view

[ Field keywordl] . latent relations
[ Field keywordZ] . latent variables

Relations and Variables in Text Data

3.4.3 R A BRI RS PG 45

VAL LT E R BB A SOR, A
WFEIEE ChatGPT-4, ChatGPT-3. 5, Claude3 Sonnet
Fl Gemini Pro 4 PMUERM:KIE FRIAUE By 2074
X5, it — 2D BRI AE O N BT 2 . A
S5 58— 5 % N Temperature: 0.6, Top_p: 1,
Presence_penalty: 0.5, Frequency_penalty: 0.5, il
AR SR O340 URP FIORN 48R, 45510
ROrn. AR, BORLE URPFTORN 44 il
i, R B PR TEA AR A B4 ChatGPT-
3.5 #1 Claude3 Sonnet, fHIX WML 5] A
2K, ChatGPT-4F1Gemini Pro fEHE7R 17 F FH % L 1&
AREE, (H5IATHEZRHR, AR,

SRy G 56 A B T AR A AR 5 N L AR
FEANFEGIA T BT & A 11 ChatGPT-5 il DeepSeek
R1ATRFE AR, I35 URP HIORN 45475
2R BR, ChatGPT-52E ) URP 4 0. 672, ORN
}0.222; DeepSeek R1ZEJ5HY URP 4 0. 923, ORN
$}0.091, HEAT UL, ChatGPT-5 5 HoAt 4 4 o
TIFIAHIT, DeepSeek R1 A T 58 Z A4 nin,
SIATHEARNHA . AT, ANFEBEE B S
RIS, (A3 REIL TR RN E b
BLEEFRE | o A BBl AE I, RSO
HE AR B A R A R A M,
A RAEAHC T — 45 DRI RY SRR B RRAS

®9 KEFHEB P LR URPF1ORN
Tab.9 URP and ORN Generated by LLMs

EfEgan ChatGPT-4 ChatGPT-3.5  Claude3 Sonnet Gemini Pro ChatGPT-5 DeepSeek R1

URP 0. 694 0.875 0. 848 0. 707 0.672 0.923

ORN 0.372 0. 327 0.16 0. 477 0.222 0. 091
TE: IHIFRZARR RO, FRIRFRZR AR E .

TESEIN A SR RPN S, AT dE— 2D
T 7L A ARB 2 U  ZO R (R A BN
Wor. LRIk AmMERY:, K AHER3 0, #
20, WA 260, T AN SR A HE BRI AG
ZERC IR AR A RE T, H ChatGPT-5 1Y
TEPRRBUAERTIA 4 MEHBLEE Z N, 1T DeepSeek R1
L URP(EZE N, (H ORN{E &AL, (7] &5 8P AH XT
AR P, L5V ok R TR 4
BRI A B IP) R o i LA b B IR RS T R
FRRREIED (5 FH L D 4 AR A g 1 T S8 e B ATL A E 30
BT A& KT 58 o % T ChatGPT-3. 5 Fll
Gemini Pro 2B BUMBUHH R Z2 8 Wk, HAREST 55
A ALTE [] A B B XA T Sy e —, AR
e, PR PSR IR /D ) RS 7S,
— 14 —

RPIHAL104>) o

PR RGER A B AR AR T3 (0~5 58 )
A3 5] e [ R A g T (Clarity) . JRAIE (Originality ) |
AI171E (Feasibility) . #1{H 5 % X (Significance) ',
BRITE AN FER 8 A RE 11503, gk 10
PR o P 7 SR AR PUZEF- 25 2 il i 7 Ok 1AL, L
th, AMERRIS S R I ), f N R R R TRy
FARRY RS, A TP Z 25 4. ik
REAS T T 48 (R LA AR TE 42 2 AR5

BAKW S, 2 SEEOAN IR FEAL, K
PR E R A G AR A, BB IS B T
W EE AR AT, HLIRBUR 2 2 BA RS E R, Ak
G TEA SRR ST A= 5200 o AEAE R REU) 5L )
P EZAAEAE . Hi, Claude3 Sonnet 4= A% A4 [n] 5
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R10 AREREINEE LHFEHES
Tab.10 Mean Scores of Models Evaluated on Four

Dimensions
I /1 (VA I 5
25 551 Y Ik B / 1
Y T eI AT =Y Wy

ChatGPT-4 3.08  2.75 3.17 3.22 3.06

Claude3 Sonnet 3. 36 3.04 3.04 3.30 3.18
Gemini Pro 3.14 2.64 3.23 3.14 3.04

ChatGPT-3.5 2.89 2.43 2,97 274 2.76

TE: MHERZAE bR ME, T RIS R IR

TEAMBAL PRI, A& Fom W ERIME Vi
BE. IE SR SCTESy, IR Ar T A 3 AR,
EA AT B A RAFRRI . HOE ChatGPT-4 il
Gemini Pro#%! , ChatGPT—4 7 A [&] 7] i I 45 43
SRR, 35 iem A ERIARLF, (HEARZ
PULERS AR AR A IS, Gemini Pro 43258/, £
BEFAE . ChatGPT-3. 5 76454k B (1 E 434 2 fe
Ay, AR AR RO R 2%

ChatGPT-4 Claude3 Sonnet Gemini Pro ChatGPT-3.5
b 4 THHEE B BE A
3.5 3.5 3.5 3.5
3 3 3 3
2.5 25 2.5 2.5
/X 2 ReItE i/ 2 ReItE M 2 REME /L 2 el
AT AT T T

B7 4 EBRERREEFHBINEILE
Fig.7 Radar Chart Depicting Average Scores of Four Models
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Bl (R S S AE SR, JF ARl AN [F] 2 28 (4 B2 1)
BRI T AR R A GBS, &
FU A BT TR AR B (25 REAE, T

FEA AT A BURRH TR UE B S8R . 5B
—, SRHT ChatGPT, Claude3 Sonnet, Gemini Pro%
KIGFHEAY, BE 7 IZHESE AR i NLP 45Uy v
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Tab. 11 Examples of Scientific Questions Generated by LLMs

A 2 i) B K B At
FR#l: Analyzing Human Needs Through Affective Events, Narrative Stories, and Conversations
MIATZE . [Verb]: analyzing the; [Keyword] : human needs; [ Additional information | : affective events
narrative stories conversations; [ Field keywordl]: annotator needs; [Field keyword2]: nmt system needs
ChatGPT-4 BIFHHEE . NSO TR SRR S X T AR 38 B R Gk i . XTI 3 ik 431 17 e

S AR S N AR HR R A S EARTR FIIE 2 N o XX TR RALES A . A R G
HABFET A2 B AR AR A B, 7T LA 2 28 Go s MG 3L FH P B SE B 7 >R A IR S .
SRS WEWEE 3. 92; JRAITES. 08; FIATIE3. 675 MME/E L 3.92

Claude3 Sonnet

bR ;. Incorporating Open Vocabulary and Copy Mechanism for Explicit Unseen Words Generation with
Pointer—Copy Network and Novel Attention Mechanism

A% 2. [Verb]: incorporating open vocabulary and; [Keyword]: copy mechanism; [Additional infor-
mation ] : explicit unseen words generation; [Field keywordl]: pointer copy network; [Field keyword2] :
novel attention mechanism

BB . AR A il — R A ARTE S A UL 55 A — RMERE . b REAe ) 25 6 TF iRl AN A2 A BIL
il S B =52 1 10 2% FB R R T AL A T AR DRI AR . BAOR UL, %07 i e — 1 gh 3
TANCER, AE AR A [R] s T ok [ RN AR BRI tokeno X T IG5, AEALKEFI FI 45 £ 25 MR
Fe 5 S AR token o RIS, 5850 B4 B8 0 AL DS 1k — A0 38 56 R DL IRl A= B RE ) o s S 30 R R L
T, TR RS A A AR WA R B AL, DTS e A BT o o A, TR AN A AL -t Ay Bl
THRTHRARL A AL RE J7, Al i AR R e 8 5 He i

TSy TEME 4. 17, JREIMES. 175 AIATHE3. 835 MME/RE X375

FRMl: Integrating a Richer Contextual Representation of Tone and Intonation Consistent for Improved Consis-
tent Style and Way Consistent
EYANTEZ . [Verb]: integrate a richer contextual representation of tone and ; [Keyword] . intonation consis-

tent; [ Additional information | : phonetic theory within unsupervised ; [ Field keywordl} : consistent style;

Gemini Pro [ Field keyword2]: way consistent
BUBTHEE . THRIAFNAJETE A ARR 5 AL B PG SCHE A (00 ASHIFSE & TEA S8 20 A 1 R AR 75 O s 4R
BRI, DA R — SO R 7 SR R BRE Ty o 3K — R 7 R S K 11 T B R RS BT A 4
B KR, RS PR RE R ST R LIS
PR TEMTE 3. 42; JEEIME2. 925 FIATMES. 255 MME/EE 3. 42
PR : Dig Deeper on the Benefits of Sparse Attention: Sparse Attention Matrix Estimation Module for Sparse
Latent Representations
A% 2. [Verb]: dig deeper on the benefits of; [Keyword]: sparse attention; [Additional information ] :
terms better interpretability context aware nmt models ; [ Field keyword1 1. sparse attention matrix estimation

ChaiGPT-3. 5 module; [Field keyword2]: sparse latent representations
BB XAWISEIRARDS TR B E BRI R UL E, IFHATT & T TR i e 2 iR B T
JIFEREAR AR o A AT SRR T R DA E AR S A PR g R OR S, B AR T P i
FerE . BORAPERE . X IUMFTEN THB 1R I AENLAS B . AR HT RN SCAS 43 655 4 b |1 SR 15 5 Ak 21
B35 b A BRAE AN BAT R
VIS TETEE 3. 255 JEINES. 085 WITTIE3. 425 MM E/E 3. 67

St ZEVEAR A E I SR okt AT LGN A K 15 LA RS B B A AT AT (1], SAR AT SR AL,

Wi F7 SEBBENE TR W R R A T T IR

2021, 5 (5): 10-20.

[2] Popper K. The Logic of Scientific Discovery [M]. London: Rout-

ledge, 1959.
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