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Abstract

From an educational perspective, it is important to provide students of different grades with
reading material of appropriate difficulty for better learning retention. To deal with this problem,
it is common practice to use a set of handcrafted features, for example, hard word rate or word
count, to distinguish articles into different readability levels. However, these traditional
readability features are often too shallow to represent deeper semantic or syntactic structures
of the articles. In view of this, we present a modeling approach that leverages a recurrent neural
network to hierarchically encode both the semantic or syntactic structures of a given article for
better readability classification. Furthermore, we also seek to make extra use of traditional

handcrafted feature as side information to further boost the performance.

BT ¢ TN SRR - FOREENE - BRUEALYERS - M A YERS

Keywords: Readability ~ Language Feature + Representation Learning ~ Convolutional

Neural Network ~ Recurrent Neural Network
N A
W EIFHJ

H[EE M (Readability) 2 15 REREMOR AE S el & T ER BRAVAZ [ 10, [20,[31,[4] © & S E BRI
e AR MR SOARIE > o AR A A R B PR B SOR 20, (3] © e AT PR A o Ud i
FYFEH F51.[6] > #5 Chall Ed Dale[7]1£ 1995 SEHY4RET - £ 1980 & By (EAHBERY I
A ELEAGE I 200 27 - 15 LAY TR M 7R 2 (i IR @ 1R S R ok S 4R
AERIE A - BIA0E 440 Flesch Reading Ease 2 A DAsase & BIEE R BIVIEHE ~ DA

s Y RS BB AR R 1B st R s P B CAR Y A 5E A R AR T
SORHTATEEVEEE AT © B S ORRY S B ~ sEAIARN - AR S ORE R R

SR R IR B o 28T > M A S UATER RV AR S R WA e DU SO B R
fRH R - Graesser ~ Singer 1 Trabasso[ 85 - H&7 nJFE M AT UEIA R BRI SR E

HERE - WRAESECRRRERE - BB AHIATZIFR - Collins-Thompson[9]75 45
S AT MR AP UEE BRSO REER - RSSO ERVE R, Pl

335



AREEEEENEC N-EEE Sk 2((V-gram Patterns) © 75 tRR E T P 1 A AL TR AT 5H
MEASERF B 2B RE - & 2N Ry AT R AT R D BEE 52 F
HOAL R T ESRER AR - 2R st MR R AR IBECOR - (15
SR S PR 2 BRI ) 1> SR T SORAY UG M B B 1 - IR L Bl aa
FE[10] - HEESH - nREMERIIFEIRFE A ET - UIFE AR Ry 7 i@l mi i A= B
B BN AR IR S S R RO RS e A JRARIERY AT © [F]H -
TN A 2 e RSB M R A AR L [FI P B SO A 3B M - B 1 7] DA AT s M A AL T SRE
IRE] I A O N RS SORRT TR 11],[12],[13] -

MAEATEE » R ERE (SRR ERE)E B ARGE 5 i BRI 54 e - kMR
ik E A BE R o {E SOAS o 25 HH B e S Y 5 T BRAE R R 2t - B4 - 1E B B A BT
gt I AFTARIFSE 5 (Sequence-to-Sequence, Seq2Seq) AR E L » FEABIEA[H]
PEs Bt o A R US4 % (Convolutional Neural Network, CNN)EH IR AE A B i s
(Recurrent Neural Network, RNN)Z& 2 5l 58 #] S0SCA COR) R ENE R fE S5 E R & FRoR[14]
Slf R A A — O B Ry R R E R AR AR AR S - TiAE[LS]H - R AR T
SRR PSS P I N A T 58 b5 (Reinforcement Learning) {15 H i AR
SEAT o

LS R AR EAR BRI i S8 > AE A S TP R PISG T E E A B A P e A ARt ay
FATHAC RS A Ry TRE M FEOIAAY © 5 > 138 DL TR A SR A RS (CNN) AR —
H]RERINEREY s S PR B8 - AR AR U A G S (RNN) (R IR 58 A [ T
&R ECE A Fr e 4 Z sE HEE R R E RN  RE AL FR & A RS A4S
BEMZSCRREERERESR » &I SO RS SR R TN - [FllRy > SR E
AL PRI ch AR MDA SRR A R 18 ZR R Ry B B DA RE B — AR T Tl 1
FRHIPA BRI RETRIA » A SCHE N AR ZEHRA T ¢ 28 Eim i MR th SRS fE =04
HETRAIZEAE © 55 =Gk 2 IR E RO R AR B S e KSR © AR S VUBI R4S ROk
A ZEHI T E] o

= B mE A

YN e BaW T L SINE S v N i =W L B == 5/ = S Nl =X - s W
71+ Bt RS G TR R AR (CNN )RR A s A S B (RNN) FTAH R A SR e

336



(Encoding)45## - HEHE[ 7> £/ HEAEN S EEN G — RSO E PE R IEEHE
BELE T Rl & & T PO (A i B A A AU aC A B Y R e . A5 1 (4 A PR BE i P e
HJN SR ERHY N-#EEEE S AT (N-gram Patterns) » [ 24 TS AL ARES I o] DU R EEHEY
oo HEAEE ] 2 RIANRE B A4S R (4 - 158 FlRFF4E & EREY T2 7T USRI B4R L
AR B — {5 52 P 51] (R 5 o 1 465 A 2 BP0 M1 1 B8 o8 FH G A = U i A A gt B A =X
JEAREE A S A A SO E R E (M BRI A el o S aFAliia - 18 B I A SCA
MR — AR AT 2 Y sE S g S 468 56 ik A\ (Word Embedding)#i572% » 4 Skip-Gram A1
CBOW - #EA Y [EE R LN RE R R R[16] - B F—aeEaPiEalEErnEg
e = g Gas U mEAEEs - F—fgaa A EEEA/NHRE NV R (Kernel
Function) AZEHUA [E] P& B HVEE A N EIVEE B M & 0K ©

ob 1) & 4808 = R e R B NG TR 2O A S Qe S DLRUS S ) Y 1 R
(Sentence Representation) » FE L 16 A [ 40 {50 FE 484 (Bi-directional LSTM) - [
RAHIEC RS A S 2 i fe T —m) S H A ) 7 R R REARAY H AR » Bt 500 W {E 5 1A
AN A& R R 1% - 25 AE (R IV HTEE4EES (Feed Forward Network) it £ 1% (1Y
TEOHI -

TESCAR YRS SRR AdEs ~ > &5 RS IA AN —RER (R —) » het—R%
B ORI A [F A FSETH AR - — R S RS R R E SRR ik iE 2 (g
B BRI —(HEEFEREA SCATE A& E N — R R R SCRREE R R & P
R R R BSOS T M EE R TR -

Fo— ~ R Z —MEFFEEE 15 (i
R
EalE SR a9~ B GUEGERREECES - A RSP - hEETOT
B~ REES - EIE - (REFFTH - TR W R
B~ IR - B
AR B ATEIEEA ~ ARSI A B - 1ERRRE R T

337



12 grades
|

Feed Forward Network {

Convolutional Sentence Encoder

ANOD

10128/\ pIOp\ pappaquw]

Sentence Representation
Encoded by Gray Part

[ — ~ PR g AR 2 SO R M RS T g ]
=~ Bhmoe sER

(—) ~ Bhattiel

AWTFEREE S 98 FREEE H K- N Z ARG EAT I ARAY 1-12 40 E R EEE R
FHERIN B AR & = (E-R B S 23t 4,648 [R[17] » SAABFE & HRER
FRIZSRIZ A Z R AT Rk - HE SRRV iR —Frr ALY B EERE A A
B 12 (EESR P

T BEATRHE S SR EVEE

FH 1 2 3 4 5 6 7 8 9 10 11 12
P! 24 67 61 71 69 70 37 34 28 84 41 47
SPaEE 0 0 72 67 67 62 172 175 157 211 355 295
A=y s’ 0 0 8 74 85 81 389 407 325 340 331 270

338



(&)~ HEGER

FMHEERBUMER = - fER A TR R 1 7 TERR - AE[1 7] e T —Fd
e T PRESOR (fastText) M1 CNN HYRE 2R © [17] 22 S{E IR AR A L
chrA] D[R] Rl e PR ERSOAR (fast Text) AT CNN 72 IR RUE - Hoalll6R nl e MR Ry i o
sLA] ARy S EER Ry rl R MR A 2l BN ESHE SRR R M » AR i (E
TUE - PRESOR (fast Text) [18] FH{EERE H] AR SRR T T AV IIRERT A & - A A
AE A RS AR S TR AC A RS R RS CA REA [FIRYFo R EA  Bor BB LE — A

 FETIRY AR MR REIISRAERE T o SRR A S OAR BT EE AR AR
PlR B A AER S JE TN » 2R - P ep s A R ER I ZUETRLS - Rk
B R HYRFEE 1] DA o] S MR R I SR B AR h 28 A R R B AT A&

softmax Q-0

Merge / \

Pooling [T1] ITT1 Pooling

Layer : \ \ Layer
Convolution

Layer
Embedding - R Embedding

Layer o o Layer

- | = | s
fastText Term Term CNN

B~ RS TR (A S e PR SOARHY AT AR AR

R A VB R BRIV RR IR AR A I E— AR AL T RIS E
[17]%7 0.5 {5 53%5 > {EAENIA— Ry o B HIET & T M HUTR AU 30 e e hf i i
1.91% - AHATAEMERIED 1 2.71% - FERAHEIR(17] > o] HH— R Eeg A iRt &

339



R HETHYRE T - AHAREMERAE S 8 T IEEE 25 iR — (AR A R I A 2
Fo S 4R > RIRTDI AT Ry 4 ~ 5~ 6 540
R HRGER

Readability model AR FHAR AR
Tseng et al.,(2018) 79.42% 91.59%
Hierarchical Encoding w/o general feature ~ 78.81% 89.64%
Hierarchical Encoding w/ general feature 80.72% 92.35%

HAVIEAE AT ERAEIES (feed-forward network) HP EEREA [F R AV #1( 6,7.8,9 R 222 -
FEZE 3 of > IR LUE ] - FERTERGEES T AR B % - T ] DARS (e = et - (2
KA HHRFRIAE 2RI - TS e BER SRS -

R~ AIEHNERA R BZ &SR

JEE AT ES THADAERER

6 79.12% 91.65%

7 79.82% 91.24%

8 80.72% 92.35%

9 80.04% 91.86%
VY~ &fam

A4S & GAE A AR B R (A A M B & 2 i » a4 (Bl mE S e H 5 2
JE Y P RE MAREAY - EERAE IR - R AU SR — AR o 48 m] DAZE A
SHAVEARIRE - (B AR =8 8 — R A RE SO EAS B EERAV EE T T - AR - FRAPIAs
SRS S R AR AL AR AR H S Ry B ) RN R - 12 SRR Al 5 15 &) - eI A A
M- 0 HBESTAERE M A RE RT R ME 7E A AR Bl > M7 R 5 FH S A D7 7R AR &S & 30K
R TR (EAYRARIRES B 2 ARG S P B M B SR -

340



2

RS2 WA S TR e R e 518 (MOST 105-2221-E-003-018-MY3 1 MOST

107-2221-E-003-013-MY2 ~ MOST 108-2221-E-003-005-MY3 #1 MOST 108-2634-F-008

-004 -) T T o BEILEGH -

SRR

[1] E. Dale and J. S. Chall, “The concept of readability,” Elementary English, vol. 26, pp. 19—
26, 1949.

[2] G.R.Klare, “Measurement of Readability,” 1963.

[3] G. R. Klare, “The measurement of readability: useful information for communicators,”

ACM Journal of Computer Documentation (JCD), vol. 24, pp. 107-121, 2000.

[4] G. H. McLaughlin, “SMOG grading: A new readability formula,” Journal of reading, vol.
12, pp. 639-646, 1969.

[5] B. A. Lively and S. L. Pressey, “A method for measuring the vocabulary burden of

textbooks,” Educational administration and supervision, vol. 9, pp. 389-398, 1923.

[6] M. Vogel and C. Washburne, “An objective method of determining grade placement of
children's reading material,” The Elementary School Journal, pp. 373-381, 1928.

[7] J. S. Chall and E. Dale, Readability Revisited: The new Dale-Chall Readability Formula,
Brookline Books, 1995.

[8] A. C. Graesser, M. Singer, and T. Trabasso, “Constructing inferences during narrative text

comprehension,” Psychological Review, vol. 101, pp. 371, 1994.

[9] K. Collins-Thompson, “Computational assessment of text readability: A survey of current
and future research,” International Journal of Applied Linguistics, vol. 165, pp. 97135,
2014.

[10]B. Bruce, A. Rubin, and K. Starr, “Why readability formulas fail,” IEEE Transactions on

Professional Communication, pp. 50-52, 1981.

[11]S. E. Petersen and M. Ostendorf, “A machine learning approach to reading level

assessment,” Computer Speech & Language, vol. 23, pp. 89-106, 2009.

341



[12]L. Feng, M. Jansche, M. Huenerfauth, and N. Elhadad, “A comparison of features for
automatic readability assessment,” in Proceedings of the 23rd International Conference on

Computational Linguistics: Posters, 2010, pp. 276-284.

[13]Y.T. Sung, J. L. Chen, J. H. Cha, H. C. Tseng, T. H. Chang, and K. E. Chang, “Constructing
and validating readability models: the method of integrating multilevel linguistic features

with machine learning,” Behavior research methods, vol. 47, pp. 340 - 354, 2014.

[14] Ilya Sutskever, Oriol Vinyals, Quoc V. Le, “Sequence to Sequence Learning with Neural
Networks”, in Proc. NIPS, Montreal, CA , 2014

[15] Yen-Chun Chen, Mohit Bansal, “Fast Abstractive Summarization with Reinforce-Selected
Sentence Rewriting”, in Proceedings of the 56th Annual Meeting of the Association for

Computational Linguistics(ACL’2018), Pages 675-686

[16]T. Mikolov, K. Chen, G. Corrado, and J. Dean, “Efficient estimation of word

representations in vector space,” arXiv preprint arXiv:1301.3781, 2013.

[17] Hou-Chiang Tseng, Berlin Chen, Yao-Ting Sun, “Exploring Combination of FastText and
Convolutional Neural Networks for Building Readability Models”, in Proceedings of the
the 2018 Conference on Computational Linguistics and Speech Processing, Pages 116-125

[18] A.Joulin, E.Grave, P.Bojanowski, and T.Mikolov, “Bag of tricks for efficient text
classification,”arXiv preprint arXiv:1607.01759. 2016

342





