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Multimodal Generation

Real text is not disembodied. It always appears in context... As soon as
we begin to consider the generation of text in context, we immediately
have to countenance issues of typography and orthography (for the
written form) and prosody (for the spoken form)... This is perhaps most
obvious in the case of systems that generate both text and graphics

and attempt to combine these in sensible ways.
Dale et al. [1998]
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Image to Text

o Natu ral OCR [Shi et al., 2016, Lee and Osindero, 2016, Mishra et al., 2012, Wang et al., 2012]

cocacola
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IM2LATEX-100K

0B ~ €F,
0F ~ Oe+eB,

\left \{ \begin {array} { r c | } \delta _ { \epsilon } B & \sim & \epsilon F \, , \\
\delta _ { \epsilon } F & \sim & \partial \epsilon + \epsilon B\, , \\ \end {array} \right .
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IM2LATEX-100K

[ fE)dva (B =cs [ [ F(H)H, AP, (H)dvi(L).
£3_, £3 Ly,

\int \limits _ {{\cal L} A{d}_{d-1}}f(H)d\nu_{d-1}(H)=c_{3}\int\limits _{{\calL}A{A}_{2}}
\int \limits _ {{\cal L} A{L}_{d-1}}f(H)[H,A]A{2}d\nu_{d-1}A{L}(H)d\nu_{2}A{A}(L).
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i AJNOLJ\f: A ALf, ALA

J =\left (\begin {array} { c c } \alpha A {t } &\tilde { f} _{2}\\f_ {1} &\tilde { A} \end {array} \right ) \left (\begin {array}
{11}0&0\0 &L \end {array} \right ) \left ( \begin {array} { ¢ c } \alpha & \tilde { f} _ {1} \\f _{2} & A\end {array} \right )

=\left (\begin {array} { I I} \tilde { f} _{2}Lf_{2}&\tide {f} _{2} LA\ \tilde {A}Lf_{2}&\tilde {A}L A\end {array}
\right )
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1 aQn,O

@ _ 0H,
™in aQn.j,,—l

\lambda _{n, 1} {(2)}=\frac { \partial \overline {H} _0}{\partialg _{n,0}}\,\\\lambda_{n,j_n}~r{(2)}=
\frac { \partial \overline{H} _0}{\partialg _{n,j_n-1}}-\mu_{n,j_n-1}\,\\j_n=2,3,\cdots, m_n-1\.

lmbda = Hngn—1 5 jn=2a3$"')mﬁ_1'
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IM2LATEX-100K

(Pur — Ku)d'(2g)|x >=0

(P_{1"}-K_{I1"})\phi'(z_{q})|\chi>=0
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IM2LATEX-100K

# img size median #char min #char max #char

103,556 1654x2339 98 38 997

Originally developed for OpenAl requests for research

LaTeX sources of arXiv papers on high energy physics from 2003
KDD CUP [Gehrke et al., 2003]

Extracted with regular expressions

Rendered in a vanilla LaTeX environment
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» Decoder
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Attention-based Image Captioning (Xu et al. 2015)

» Decoder

@ Encoder: CNN

—1 RN
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Attention-based Image Captioning (Xu et al. 2015)

» Decoder

@ Encoder: CNN

; @ Decoder: RNN with attention

—1 RN
“TRW
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Attention-based Image Captioning (Xu et al. 2015)

» Decoder

@ Encoder: CNN

; @ Decoder: RNN with attention

—1 RN
“TRW
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Attention-based Image Captioning (Xu et al. 2015)

................... ‘DCCOdCr
@ Encoder: CNN
@ Decoder: RNN with attention
@ Objective: maximize
log-likelihood
T_ RN
SR W
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Model Extensions

» Decoder

@ Row Encoder: RNN over each
row of feature map

@ Parameters shared across rows

@ Row embeddings to initialize
RNN

§ RN
RN
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Attention
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Coarse-to-Fine Attention
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Coarse-to-Fine Attention
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Coarse-to-Fine Attention

;rogoMat ysat Q {031 b A

C—

harvardnlp ¥

Y Deng, A Kanervisto, J Ling, A Rush Image-to-Markup Generation



Coarse-to-Fine Attention
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Coarse-to-Fine Attention
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Coarse-to-Fine Attention
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Coarse-to-Fine Attention

Decoder

Fine
Features

Row Encoder
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Coarse-to-Fine Attention

................... Decoder

Coarse ‘
Features /
i ﬁ f f f : Row Encoder

Row Encoder

. W VA e
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Coarse-to-Fine Attention

Decoder

hard\attention
z;

¥ l ‘ Row Encoder

Row Encoder
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Coarse-to-Fine Attention

Decoder p(zt) — Z p(zé)p(2t|Z£)
z

only consider Ct
fine cells withir

¥ l ‘ Row Encoder
Row Encoder

. W VA e

\\ * t“\\
SRS —\\\
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Coarse-to-Fine Attention

"""""""""" Decoder p(z:) = >_ p(z:)p(zt|z¢)
z
{ﬁ!\?;ﬁfqﬁﬁ( Ct & Coarse-to-Fine Variants
z ‘ z; e REINFORCE: hard attention

[xu et al, 2015] tO select a single

A Row Encoder
gﬁ.ﬁ‘»ﬁ‘.ﬁoﬁ‘ ‘ coarse cell, the presented model
o SPARSEMAX: use sparse
activation function Sparsemax

Row Encoder

- [Martins and Astudillo, 2016] instead of
Softmax to select multiple
1 coarse cells
® t“\\
‘1\\—\\\
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Experiment Details

@ Tokenization & Normalization:
P_{11°}"1-K~2_{11}

4
P_{11 " {\prime } } " {13}-K_{11}"{2}

e Evaluation: exact image match accuracy (rendered prediction versus
original image)

@ Implementation: Torch [coliobert et at. 20117, based on OpenNMT [kiein et al., 2017]
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Baseline Results
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Baseline Results
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Main Results
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Main Results
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Qualitative Results

Z =Y 3] Wale, f,glb, c,d|h),

{Tou f}=Xif) (Y T)ou,

. [ cof@)2)  —e "7sin(0/2)
Un(0, ¢) = (sin(0/2)ei”"5 cos(@/ 2y /2) )

. ma's . ma't . madu 7 5 .
sin + sin —— +sin —— = ——a*stu + 0(a”),
2 2 16
d*r — 1 [V
Y(T,U)= | —TooT,U)| 6|0y ——| = —>+126] ,
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Handwritten Formulas

@ Synthetic handwritten formulas by using handwritten characters [irsch,
20101 as font, used for pretraining
@ Finetune and evaluate on CROHME 13 and 14 (8K training set)
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Handwritten Formulas

@ Synthetic handwritten formulas by using handwritten characters [kirsch

20101 as font, used for pretraining

@ Finetune and evaluate on CROHME 13 and 14 (8K training set)

Aol = 0) =294 6ePe® {n™ (0} - p3) + 7 (04 — 4) + 1 (P} - 1) }-

(A_{0}{3}(\alpha”{\prime }\rightarrow 0)=2g_{d}\\,\varepsilon~{(1)}_{\lambda}\varepsilon"{(2)}
_{\mu }\varepsilon”{(3)}_{\nu Neft\{ \eta A{\lambda \mu}left( p_{1}*{\nu }-p_{2}*{\nu J\right) +

\eta Mambda \nu Neft(p_{3}A0\mu }-p_{1}A{\mu Jright)+\eta A{\mu \nu Neft( p_{2}A{\ambda}
-p_{3)"{\lambda }\right) \right\} . \label{17}

6B ~ €F,
§F ~ Oe+e€B,

\,, Wendf{array}\right.

\left\{\begin{array}{rcl}\delta_{\epsilon} B & \sim & \epsilon F
\,, \\delta_{\epsilon} F & \sim & \partial\epsilon + \epsilon B

o BY(00\(a f hLf LA
./ S =eo [ [ SEDIE, APav o (H)id D) 7= ( i a)\o)\n a)=\As dra
g, £3 L,
J=\left( \begin{array}{cc}\alpha At} & \tilde{f}_{2} \\ f_{1} & \tilde{A}
\end({array}\right) \left( \begin{array}{Il}0 & 0 \\ 0 & L\end{array}\right)
it limits,_{{\cal LJN(d}_{d-1}f(H)d\nu_{d-1}(H) = c_{3} \int \iimits._{{\oal L}AA}_{2}} \left( \begin{array}{cchalpha & \tilde(f}_{1} \\ f_{2} & A\end{array}right) =
\int \limits_{{\cal L}{L}{d-1}HHHAI"2)d\nu_{d-1}MLH)dwnu_{21MANL)- \left( \begin{arrayII\tilde{f}_{2}Lf {2} & \tilde{f}_{2}LA \\ \tilde{AJLf {2} &
\tilde{A}LA\end{array}\right)

@ _ OH, @ _ 0Hp
o Ogno »lambden, Ot jn—1

—Hngn-1, Jn=23,---,mp—1.

\lambda_{n, 1}A{(2)}=\frac{\partial\overline{H}_O}\partial g_{n,0}}\ ,\ Wambda_{n,j_n}*{(2)}=\frac{
\partial\overline{H}_O}{\partial g_{n,j_n-1}}-\mu_{n,j_n-1\ \ \j_n=2,3,\cdots,m_n-1\ .

(P — Ku)¢/(zg)|x >=0

(P_{I1} - K_{II}) \phi ‘z_{a}lh\chi > = 0
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Handwritten Formulas

@ Synthetic handwritten formulas by using handwritten characters [irsch,

20101 as font, used for pretraining

@ Finetune and evaluate on CROHME 13 and 14 (8K training set)

P+ (b

_V/I‘) +QPV (Fé -

B~ ef,
be
£} WF ~ BteB,

Al —0) =

Lﬁd E.(D (e (5) Eqi\u C

(A_{0}7{3}(\alpha”{\prime }\rightarrow 0)=2g_{d}\\,\varepsilon”{(1)}_{\lambda}\varepsilon*{(2)}
_{\mu }\varepsilon”{(3)}_{\nu Neft\{ \eta A{\lambda \mu}left( p_{1}*{\nu }-p_{2}*{\nu J\right) +
\eta A{\lambda \nu Neft(p_{3}*{\mu }-p_{1}*{\mu J\right)+\eta A{\mu \nu Neft( p_{2}*{\lambda}

\left\{\begin{array}{rcl\delta_{\epsilon} B & \sim & \epsilon F
\,, \\\delta_{\epsilon} F & \sim & \partial\epsilon + \epsilon B

\,» Wend{array}\right.

-p_{3}*{\lambda }\right) \right\} . \label{17}

3{(Hm.1(m =6 [ BOWH, AP, (AL

d Agl
£ L%y

\int \limits_{{\cal L}A{d)._{d-1}}f(H)d\nu_{d-1}(H) = c_{3} \int \limits_{{\cal L}A{A}_{2}}

\int \limits_{{\cal L}ML}_{d-1}f(H)[H,A]*{2}d\nu_{d-1}M{LIH)d\nu_{2}MA}(L).

-G RCDG - D

J=\left( \begin{array}{cc}\alpha At} & \tilde{f}_{2} \\ f_{1} & \tilde{A}
\end({array}\right) \left( \begin{array}{Il}0 & 0 \\ 0 & L\end{array}\right)
\left( \begin{array}{cc]\alpha & \tilde{f} {1} \\f_{2} & A\end{array}\right) =
\left( \begin{array){lij\tilde(f)_{2}Lf {2} & \tilde{f}_{2}LA \\ \tilde{A}Lf {2} &

\tilde{A}LA\end{array}\right)

@ 260 o bda(z) _ 9Ho
el 29,0 ST g -1

= Prin-1s da =13,

\partial\gverline(H),O)(\panial q_{n,i_n-1}}-\mu_{n,i_n-17\ )\

on - |

\lambda_{n,1}A{(2)}=\frac{\partiahoverline{H}_O}{\partial q_{n,0}\ \ Wambda_{n,j_n}*{(2)}=\frac{
\j_n=2,3,\cdots,m_n-1\.

(Py - /(ur)(b'(zq)\x >=C

(P_{I1} - K_{II}) \phi ‘z_{a}lh\chi > = 0
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Handwritten Formulas

@ Synthetic handwritten formulas by using handwritten characters [irsch,
20101 as font, used for pretraining
@ Finetune and evaluate on CROHME 13 and 14 (8K training set)
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Handwritten Formulas

@ Synthetic handwritten formulas by using handwritten characters [irsch,
20101 as font, used for pretraining
@ Finetune and evaluate on CROHME 13 and 14 (8K training set)

CROHME 13

Exact Match Accuracy (%)

100

80

60

40

0

33.53
23.40

939 13.97

oV RE

Model harvardnlp®

Y Deng, A Kanervisto, J Ling, A Rush

Image-to-Markup Generation



Handwritten Formulas

@ Synthetic handwritten formulas by using handwritten characters [irsch,
20101 as font, used for pretraining
@ Finetune and evaluate on CROHME 13 and 14 (8K training set)
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Handwritten Formulas

@ Synthetic handwritten formulas by using handwritten characters [kirsch,
20101 as font, used for pretraining
o Finetune and evaluate on CROHME 13 and 14 (8K training set)

CROHME 13 (*uses private in-domain handwritten training data)
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Handwritten Formulas

@ Synthetic handwritten formulas by using handwritten characters [irsch,
20101 as font, used for pretraining
@ Finetune and evaluate on CROHME 13 and 14 (8K training set)
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Handwritten Formulas

@ Synthetic handwritten formulas by using handwritten characters [irsch,
20101 as font, used for pretraining
@ Finetune and evaluate on CROHME 13 and 14 (8K training set)
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Handwritten Formulas

@ Synthetic handwritten formulas by using handwritten characters [irsch,
20101 as font, used for pretraining
@ Finetune and evaluate on CROHME 13 and 14 (8K training set)

CROHME 14
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Handwritten Formulas

@ Synthetic handwritten formulas by using handwritten characters [irsch,
20101 as font, used for pretraining
@ Finetune and evaluate on CROHME 13 and 14 (8K training set)

CROHME 14 (WAP: Zhang et al. [2017])
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Handwritten Formulas

@ Synthetic handwritten formulas by using handwritten characters [kirsch,
20101 as font, used for pretraining
o Finetune and evaluate on CROHME 13 and 14 (8K training set)

CROHME 14 (*uses private in-domain handwritten training data)
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Conclusions & Future Work

@ The constructed dataset IM2LATEX-100K is rich structured and
challenging

@ A case study of multi-modal document recognition/generation

@ Coarse-to-fine attention can be applied to other tasks
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@ More visualizations:
http://1lstm.seas.harvard.edu/latex/

@ Source code (part of OpenNMT):
http://opennmt.net/0OpenNMT/applications/
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