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»Online education SyStemS ;%xue com KHAN | | | erogeneous materials including texts (ET ), images (EI) and concepts 5.1 Da.taS et_ _
»Such as KhanAcademy, Knewton, Zhixue. i SV o0 ° (EC), our goal is to integrate these heterogeneous materials to learn >Supp“ed by IFLYTEK, collected from Zhixue.
> Exercise: collected millions of exercises. ! a model F, which can be used to measure the similarity scores of >contalns 1,420,727 math exercises.
> Applications: similar exercise retrieval and | oo seerrmr e ] || | CX€TCIS€ pairs and find similar exercises for any exercise E by ranking Table 2: The statistics of the dataset.
recommendation, personalized cognitive o | the candidate ones ‘R with similarity scores, i.e.
diagnosis based on exercise similarities. T e F(E.R.0) — R, (D3 Statistics Values
"""""""""""""""""""""""""""""""""" where © is the parameters of ¥, R = (E1.E>.E3....) are the can- number of exercises 1,420,727
>F9nc amental task: Finding Similar Exeruses (FSE) for each exercise. didate exercises for E and RS = (ES,ES. ES. . ..) are the candidates number of exercises having images 1.064.964
»Similar Exercises: having the same purpose embedded in exercise contents. gczgkgi ;‘n des;e;;fing af:}ier with r_hefrfsin;farir;};l scores (5;{(? E7 );IS(E_.. E). | | number of labeled exercises 104,515
s L)) € SImitdr exercirses Jor are those candidates aving : . . .
»Chal er_]ges for FSE _ _ the largest similarity score. ; _ ﬂ]_“lmber_ﬂf sun%lar patrs 401,476
>Exercises contain multiple heterogenous data, e.g., texts, images and number of similar pairs having the same concepts | 174,672
concepts. It requires integrating multiple heterogeneous data to understand| | 3. Stu dy Overview Average similar pairs per labeled exercise 3.84
and represent exercise semantics and purposes in a multimodal way. | Average concepts per exercise 1.61 .
»For understanding each exercise, it is necessary to capture text-concept and The front, top and side views of a geometric abject are shown in figure Average images per exercise 3.04
text_lmage aSSC)ClathnS In the exerCISe. 4 (a)’ (b) and (C) Please calculate the volume of the ObjeCt- :________“______“______“_______“______“______“_______“______“______“_______“______“______“_______“______“______“__“““““““““““j
>t is critical to to measure the similar parts in each exercise. v ¢ comdgonety || || E 2 Racalimae T i
i N 5.2 Baselines -
Ey: The front, top and side E,: The stereogram of a object is shown in figure (a) and AB*-AB-2=0. The front, top and side views of (@) (b) (©) >VS|\/| Vector space model (VSM) is widely applied for the FSE task based on the
views of a geometric it are shown in flgure (b) (c) and (d). The volume of the object is () Exercises Heterogeneous materials: text, images and concepts texts of exercises.
fioure @), (b and (9, | . Smiar s o0 concepts < < > LSTM: learn the semantic similarity between sentences based on the texts.
Plgease caiculate the - |— ‘ 1 Cy:Solid geometry Yy
volume of the object. A K\ 1 gZE\Q/ELL:jTaeticequation S(E1,E15) > S(E1, E145) ranked candidates >ABCNN a network architecture based on texts for modeling sentence pairs.
B ” S(Ey, Ey) > S(Ez, Ezs) ' > m-CNN: integrating texts and images into a vectorial representation.
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T 1 1 o E5: A geometric object is shown in figure (a) and its volume is V. AOB =90< and OB = 2. What is the S(En,En,S) > S(En,En,ds) s MANN ' s s s > m-CNN-TIC: a variant of m-CNN.
o | issimilar | relationship of AB and V ? Concepts Sim(E) : similar exercises of £ | TFaiNing Testing | Ey (Ey1Eoz Boz-) 1| |1 Variants of MANN: MANN-T (only Text), MANN-TI (Text and Images), MANN- TIA
€1 :Solid geometry 5 C1:501d geometry DS(E): dissimilar exercises of E Model FSE for any exercise i (with TIA), MANN-TC (Text and Concepts), MANN-TCA (with TCA), MNN (Using Text
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5.3 Evaluation Metrics: Precision, Recall, and F1 attopn=1, 2,3, 4, 5.
4 MANN Framework ,_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_[_)'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_j
4.1 Multimodal Attention-based Neural Network (MANN) 4.2 Multimodal Exercise || 5.4 Performance Comparison |
! : i : B VSM B LSTM [l m-CNN [ m-CNN-TIC [ ABCNN[_IMANN-T [ MANN-TI [ |MANN-TIA [l MANN-TC [ MANN-TCA [l MNN [l MANN I
; »>Multimodal Exercise Representing Layer (MERL): outputs a unified semantic representatlon Representing Layer (MERL) oo 0.65 0.55 '
- of each exercise in a mulimodal way. | >Exercise Input: materials of each | o5 0% o5
>S!m!lar!ty Attention: measures similar parts petween two exercises. exercise E, Text (ET), Images (EI), || |i2,.. 5 048 . )
- »Similarity Score Layer: calculates the similarity scores of exercise pairs. Concepts(EC). i%m | o 03
e e i >Image CNN: gets the feature vector forii| || ‘ ““ |||| - S
Similarity Attention Similarity Score Layer '\ each image. HE I T T 2 3 4 s 1 2 3 4 5
' : Top n Top n Topn

concatenate {>Concept Embedding: converts one-hot;:

vectors of concepts into low-dimensional’ il | ' »MANN achieves the best performance, and the variants of MANN also
k have better performance than other baselines.

pEa) ones with dense values.
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i | : i PR i e similarit i >Attent|on based LSTM: learns a unified || | ' >MANN-T performs better than ABCNN, indicating the effectiveness of
: | N L rilarty 411 semantic representation (&), h®)) for an|| | >f/II,TII\IIiInEI¥I Attention to measure S'rfé"ahrApAal\ztﬁ of an exercise pall. =
| | dzz==szsszsssz=d | o N eats an performs better t an
' shared weights Unified semantic |, —— nput exercise E, and capture the text il MANN-TC, demonstrating the effectiveness of TIA and TCA. -
: | representation | L i1 concept and text-image associations with:i| || 9
i " Attention|Matrix A & | i ||| Text-Concept Attention (TCA) and Text- | : . »MANN performs best and MNN ranks the second, suggesting that it |s
: : S | : | Image Attention (TIA), respectively. il |i more effective for the FSE task by integrating texts, images and=
| I 51 i i . .
| — : ! ',::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::; ] concepts, and further demonstratlng the effectiveness of TIA and TCA. |
: hc(ff) : : : >LSTM InDUt Sequence X = (Il IE ..... IN}EE .IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII.’IIIIII,I
i i 1 X = wy Sur 0, Wi is the t-th ‘word | 9.9 Influence of Sampling Ways
| . o 3 ..representatlon in the text ET, ti;and Uy are |{| || °° = Random oo °0 L
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= I I [ ——— _ representation | | Text-Concept Attention (TCA) : || P i
/e L [eomotsins | €1 v (=10 . - n . 0 P (TCA) i >I\/IANN trained in the sampling way of Concept performs much better
z e pootings | /= e senatc | g o e byl ¢, Wi, hi-1) = Vactanh(Wacluj @ we @ bl || than that in Random. f
| gl // | — : . i”‘”' el wehe) >MANN can focus on the subtle differences between its similar pairs and
i Text (ET) | P o TS o wheoy) 1| |1 dissimilar ones in Concept, because for each given exercise, its similar
i E. =) Atiention-based LSTM ") Il | ||| exercises are close to the dissimilar ones in Concept, while they are |
| i .\ W » Text-Image Attention (TIA): HEE P y |
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\[1234 . = embedding IZ>E”C2 P F;edpﬁsentations i 5 6 Case StUdy
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4 3 Similarity Attention (E) . (Es) >S|mE|Iar|ty attention representations >qu1ant|c agt)entlon representations i ZOX ((()jr ;Iue, r?ﬁ bo_x)_lln "
>Similarity attention matrix A: Aj,j = cos(h;~ ", h;"") s(Ea) ang stEv) hai’ and ' o . artan tho arex re Slm;ﬁr
' measuring similar parts of the input pair (E,. Eb) SEEQ) = 3 A SJ(_Eb) _ ZkNEf A, - ZAI v, HE) Py = Z;ANEa,jhj ) || EZmS(; meang press e
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4.5 MANN Learning »>Sampling dissimilar exercises ||} capture the  similarity
i >Pairwise loss function »>Sampling Randomly (Random): At each iteration, we randomly select a number of i| || Information between
i L(©) = Z max(0, jt—(S(E, Es) = S(E. Eqs))) + o] O]’ dissimilar exercises from all the dissimilar ones of E. exercises by  Similarity R | 3 ]
E.Es. Eas »Sampling by Concepts (Concept): At each iteration, we randomly select a number | |{ Attention. By e e g ARCILC S AR =2
“ IS amargin, Es Is a labeled similar exercise of dissimilar exercises from those having at least one common concept with E. g, [The trangle DEF is an iscribed mangle offs circle with  adis of 3

of E, Easis a dissimilar exercise of E. s If EF = 3. [the number of degrees of ZDJis _
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