Mathematical Formula Recognition

Ayush Kumar Shah (as1211@rit.edu)
Advisor : Richard Zanibbi

Research Potential Assessment

13th May 2021

ET:H{M.AFSI(;OLISANO [:'J-:j @] E@ |:{C7|:|

College of COMPUTING AND Document and Pattern Recognition Lab
INFORMATION SCIENCES




Mathematical Formula Recognition

Math formulas are a key element in
technical documents.
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2.3 Joint Inference Framework
We extend expression (1) to facilitate joint inference
on mention heads and coreference as follows:
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It is similar to the loss function for a latent left-
linkis
ponent, we have the quadratic loss for the mention
head detection model,

coreference model. As the second com-

T 1
k]‘,“,,‘,,,,ln-n = 5(w; @(m) —Q(m))7.

Using the third component, we further maximize the
margin between valid and invalid mention head can-
didates when they are selected as the best-left-link
mention heads for any valid mention head. It can be
represented as

Here, (] is the set of all mention head candid:

@ is the decision variable for mention head candi-
date m. [, = 1 if and only if the mention head m
is chosen. To consider coreference decisions and
mention head decisions together, we add the con-
straint [, - Vi, = which ensures that if a candi-
date mention head v is not chosen, then it will not
have coreference links with other mention heads.

2.4 Joint Learning Framework

To support joint learning of the parameters @y and
w3y described above, we define a joint training objec-
tive function CTw;y, w2 for mention head detection
and coreference, which uses a max-margin approach
to learn both weight vectors. Suppose we have a col-
lection of documents 2, and we generate ;g men-
tion head candidates for each document @ {d € D).
We use an indicator function B{u.m] to represent
whether mention heads w.m are in the same corefer-

T
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The last part is the regularization term
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2.5 Stochastic Subgradient Descent for (Jdint
Learning

For joint leaming, we choose stochastic subgradi-
ent descent (SGD) approach to facilitate performing
SGD on a per mention head basis. Next, we de-
scribe the weight update algorithm by defining the
subgradients,

The partial subgradient w.r.t. mention head m for
the head weight vector @ is given by

(VClocat m(W1) + VCiramem(wi)) + Aiwy, (2)
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ence cluster based on gold annotations [8(u.m) =1
iff they are in the same cluster). Similarly, is
an indicator funtion representing whether mention
head m is valid in the gold annotations.

For simplicity, we first define

?' = argmax(w; ¢ (u,m) — Elu.ml“

t: =arg  max u;¢|mn/‘l()\ml
1

u<m S um

We then minimize the following joint training ob-

jective function CTw . ws].
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C0wi,w2] is composed of four parts. The first part
is the loss function for coreference, where we have
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where
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The partial subgradient w.r.t. mention head m for
the coreference weight vector i3 is given by
ou'm) — o{u",m) ifQRimy=1.
o(u'sm) if Q(m) =0and Q/T=1.
0 if Q(m) = 0 and Q07T =11,

Here [ and I3 are regularization coefficients
which are tuned on the development set. To leamn
the mention head detection model, we consider two
different parts of the gradient in expression (2).
N Ciacar 1] is exactly the local gradient of men-
tion head m while we add VC/,umn (W1 ] to represent

*More details can be found in Chang et al. (2013). The

difference here is that we also consider the validity of mention

beads using F3(ie].€m)

(3)




Motivation: Information Retrieval

Let’s find documents
describing this formula.



Motivation: Inf. Retrieval - Question Answering

What is the value of
this integral?

f > 20 oy

ow is this
omputed?

What is the value of this integral?

0

J s

How big is the value of
this integral?




Inputs and Graphs Describing Appearance

(X er)z —

Offline / Online handwritten strokes

Label Graph (LG) Over Handwritten Strokes

* Right y. Right ). Sup

( . X .
' Right 1 obji Right obj2 Obj3
0 12 34 5 6

Symbol Layout Tree (SLT) over Symbols

N

i ( . X . + . y . )
‘ A‘ _I E '} — Obj0 Right ol obji Right obj2 Right obj3 Right Obj4 Sup
0 ) P 3 4

Typeset formula image Symbol Layout Tree over Connected Components (= Symbols)
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Inputs and SLT (Appearance) Encodings

(X Jrﬁz

Offline / Online handwritten strokes

I

(x+y)2

Typeset formula image

<mrow>
<mo xml:id="0:">(</mo>
<mrow>
<mi xml:id="1:2:">x</mi>
<mrow>
<mo xml:id="3:4:">+</mo>
<mrow>
<mi xml:id="5:">y</mi>
<msup>
<mo xml:id="6:">)</mo>
<mn xml:id="7:">2</mn>
</msup>
</mrow>
</mrow>
</mrow>
</mrow>
MathML Output

(x +y)M2}

LaTeX Output



The Problem

Segmentation

Where is it?

Math Recognition

\ 4

Classification

What is it?

Symbol + Relationship labels

X
objl

Parsing

How is it structured?

N
obj2

12

34
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LITERATURE REVIEW:
Math Notation Parsing



10



Syntactic

Methods
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Syntactic Methods <>< o k{;

e Anderson’s system (1967) //fap\
ParExp A Sym

e Grammar rules e

e Production rules, CFG, SCFG (1D, 2D s A BRI

° - - ' l Exp RightPar
Top-down and bottom-up parsing algorithms P

. e.g., CYK algorithm (Dynamic programming) for SCFG Sym O/psq

OpBin  Sym

S 1: expression

a’+b | |
term — 82 e —— -

C

§3: expression

[11 Example replacement rule (2D) by 2 9 @ 9 4@ 9 OB

2
(2] Parse tree of expression (x + y)

[1] R. H. Anderson, “Syntax-directed recognition of hand-printed two-dimensional mathematics,” in Symposium on Interactive Systems for Experimental Applied Mathematics: Proceedings of the

Association for Computing Machinery Inc. Symposium, New York, NY, USA, Aug. 1967, pp. 436—459. doi: 10.1145/2402536.2402585.

[2] F. Alvaro, J.-A. Sanchez, and J.-M. Benedi, “An integrated grammar-based approach for mathematical expression recognition,” Pattern Recognition, vol. 51, pp. 135-147, Mar. 2016, doi: 10.1016/ 12
j.patcog.2015.09.013.



Syntactic Methods <>< - kﬁ )

Xp

/,\

ParExp A Sym

« Computationally expensive P S
LeftPar ExpRightPar

e Cannot pinpoint errors T ey

- . . Exp RightPar
e Difficult to define a universal grammar (manual .
grammar construction) . O/I’Sy\

Limitations

OpBin  Sym

« Need to handle parse failures, e.g., incomplete L
formulas may be unsyntactic (“a +”)

2
(2] Parse tree of expression (x + y)

[1] R. H. Anderson, “Syntax-directed recognition of hand-printed two-dimensional mathematics,” in Symposium on Interactive Systems for Experimental Applied Mathematics: Proceedings of the

Association for Computing Machinery Inc. Symposium, New York, NY, USA, Aug. 1967, pp. 436—459. doi: 10.1145/2402536.2402585.

[2] F. Alvaro, J.-A. Sanchez, and J.-M. Benedi, “An integrated grammar-based approach for mathematical expression recognition,” Pattern Recognition, vol. 51, pp. 135-147, Mar. 2016, doi: 10.1016/ 13
j.patcog.2015.09.013.



Encoder-

Decoder
Models
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Encoder-Decoder Models

e Motivated by automatic image

e €[«]3 + 18 x[+]1 2]
i

A
-4 GRU -~
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D h
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N T

4. LaTeX sequence

3. Parser: GRU with attention

2. Watcher: FCN

1. Input expression

Parser with
hybrid attention

----------------- \J
memseEse————— s
1 Spatial attention maps | 0.942 Se.

e o |

captioning
« 2D Image/Strokes ->
e Feature extraction:
e CNN (offline features)
« RNN (online features)
e Encoder: CNN or RNN
e Decoder with attention: RNN

(4] WAP Architecture

(51 TAP Architecture

[3] K. Xu et al., “Show, attend and tell: neural image caption generation with visual attention,” in Proceedings of the 32nd International Conference on International Conference on Machine Learning -

Volume 37, Lille, France, Jul. 2015, pp. 2048-2057.

[4] ). Zhang et al., “Watch, attend and parse: An end-to-end neural network based approach to handwritten mathematical expression recognition,” Pattern Recognition, vol. 71, pp. 196—-206, Nov. 2017, doi:

10.1016/j.patcog.2017.06.017.

[5]J. Zhang, J. Du, and L. Dai, “Track, Attend, and Parse (TAP): An End-to-End Framework for Online Handwritten Mathematical Expression Recognition,” IEEE Transactions on Multimedia, vol. 21, no. 1, pp. 15

221-233, Jan. 2019, doi: 10.1109/TMM.2018.2844689.




Encoder-decoder models

Advantages
« Data driven i.e., expression grammar not required
o State-of-the-art results for benchmarks (e.g., CROHME)

Limitations
« Weak interpretability

e Error diagnosis and system tuning are challenging



Tree-Based

Methods
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Tree-Based Methods

e Graph-search problem (MST
extraction) [6]

« QD-GGA [7]
o Graph over input primitives (strokes or
connected components)
« Score / Probability distributions
o Line-Of-Sight (LOS) Graphs
« Alternative edge filtering possible

« Edmond’s arborescence algorithm [8]
used to extract MST (SLT)

Complete graph LOS graph
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[71QD-GGA Parsing

[6] Y. Eto and M. Suzuki, “Mathematical formula recognition using virtual link network,” in Proceedings of Sixth International Conference on Document Analysis and Recognition, Sep. 2001, pp. 762—-767.

doi: 10.1109/ICDAR.2001.953891.

[7] Mahdavi, M.; Sun, L.; Zanibbi, R. Visual Parsing with Query-Driven Global Graph Attention (QD-GGA): Preliminary Results for Handwritten Math Formula Recognition. In 2020 IEEE/CVF Conference on
Computer Vision and Pattern Recognition Workshops (CVPRW); IEEE; pp 2429-2438. https://doi.org/10.1109/CVPRW50498.2020.00293. 18

[8] J. Edmonds, “Optimum branchings,” J. RES. NATL. BUR. STAN. SECT. B. MATH. MATH. PHYS., vol. 71B, no. 4, p. 233, Oct. 1967, doi: 10.6028/jres.071B.032.


https://doi.org/10.1109/CVPRW50498.2020.00293

Tree-Based Methods

Advantages

e High interpretability
« Simple/automatic error analysis

e Relatively simple parameter tuning

« Data driven i.e.; expression grammars not required

Limitations
e Lower recognition rates with current models than encoder-decoder
e Currently utilize language models based only on visual features
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PREPARATION FOR EXPERIMENTS
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[91Error analysis

[9] Shah, A. K.; Dey, A.; Zanibbi, R. A Math Formula Extraction and Evaluation Framework for PDF Documents. In 2021 International Conference on Document Analysis and Recognition (ICDAR), to appear;

2021.

[12] H. Mouchére, R. Zanibbi, U. Garain, and C. Viard-Gaudin, “Advancing the state of the art for handwritten math recognition: the CROHME competitions, 2011-2014,” IJDAR, vol. 19, no. 2, pp. 173-189,

Jun. 2016, doi: 10.1007/s10032-016-0263-5.
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POOLING EXPERIMENTS
on QD-GGA



Spatial Pyramid Pooling

Relevance Maps

Attention
Masks
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[71QD-GGA Architecture

[7] Mahdavi, M.; Sun, L.; Zanibbi, R. Visual Parsing with Query-Driven Global Graph Attention (QD-GGA): Preliminary Results for Handwritten Math Formula Recognition. In 2020 IEEE/CVF Conference on

Computer Vision and Pattern Recognition Workshops (CVPRW); IEEE; pp 2429-2438. https://doi.org/10.1109/CVPRW50498.2020.00293.

[10] He, K.; Zhang, X.; Ren, S.; Sun, J. Spatial Pyramid Pooling in Deep Convolutional Networks for Visual Recognition. In Computer Vision — ECCV 2014; Fleet, D., Pajdla, T., Schiele, B., Tuytelaars, T., Eds.;

Lecture Notes in Computer Science; Springer International Publishing: Cham, 2014; pp 346-361. https://doi.org/10.1007/978-3-319-10578-9_23.

A 4

Relation
classifier
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Spatial Pyramid Pooling

m=n=8
d=512
Level 1: 1 x 1 Level 2: 2 x 2 Level 3: 4 x4
mxnx512 mxnx512 mxnx512
1x512 4x512 16 x 512
BEEREEEEERENEEREEEERE Ficdlength output
21 x 512
[10] He, K.; Zhang, X.; Ren, S.; Sun, J. Spatial Pyramid Pooling in Deep Convolutional Networks for Visual Recognition. In Computer Vision — ECCV 2014; Fleet, D., Pajdla, T., Schiele, B., Tuytelaars, T., 23

Eds.; Lecture Notes in Computer Science; Springer International Publishing: Cham, 2014; pp 346—361. https://doi.org/10.1007/978-3-319-10578-9_23.



Spatial Pyramid Pooling

Why SPP?

e Captures more spatial information

« Handwritten formulas - variable scales and aspect ratios
« Robust to object deformation

« Reduces overfitting and increases scale invariance

[10] He, K.; Zhang, X.; Ren, S.; Sun, J. Spatial Pyramid Pooling in Deep Convolutional Networks for Visual Recognition. In Computer Vision — ECCV 2014; Fleet, D., Pajdla, T., Schiele, B., Tuytelaars, T.,
Eds.; Lecture Notes in Computer Science; Springer International Publishing: Cham, 2014; pp 346—361. https://doi.org/10.1007/978-3-319-10578-9_23.



SPP EXPERIMENT

EXPERIMENTAL CONFIGURATIONS FOR SPATIAL PYRAMID POOLING AND BASELINE CONDITIONS

Experiment
Sl —n“n Pooling | Output dimension
1 Avg.

Avg (Baseline) 1x1

512-d (512 x 1)

1x1 1 Max. 512-d (512 x 1)
SPP_Avg 50 1x1 2x2 3x3 6x6 50 Avg. 25600-d (512 x 50)
SPP_Max_50 1x1 2x2 3x3 6x6 50 Max. 25600-d (512 x 50)
SPP_Avg 30 1x1 2x2 3x3 4x4 30 Avg. 15360-d (512 x 30)
SPP_Max_30 1x1 2x2 3x3 4x4 30 Max. 15360-d (512 x 30)

Depth =512

25



SPP EXPERIMENT: Results

CROHME 2019 Training set 9993

CROHME 2019 Test set 1199
CROHME 2016 Test set 1147
CROHME 2014 Test set 986

BENCHMARK EXPERIMENT RESULTS ON CROHME 2019 TEST SET

Symbols Relationships m
Systems
) ) ) ) e
USTC-iFLYTEK . ) )

- 91.49 80.73

m 97.30 89.09 92.19 90.76 65.55 38.81
Exp: Avg 96.94 88.63 91.48 89.96 64.71 35.12

BENCHMARK RESULTS ON CROHME
2014 and 2016 TEST SETS

Systems

37.63 -

IM2TEX ek -
46.55 44.55
61.6 57.02
54.05 50.56
32.04 32.84
54.46 52.05

Graph-to-Graph
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Conclusion and Future Work

« Research direction towards improving tree-based methods

« Spatial pyramid pooling experiment designed to capture more spatial
context

e Future works:
« Adding global self-attention and context in the model inexpensively
« Embedding the output adjacency matrix as features
« Modifying QD-GGA for parsing chemical diagrams



Thank You

This material is based on upon work supported by the Alfred P. Sloan Foundation under Grant
No. G-2017-9827 and the National Science Foundation (USA) under Grant No. I1S-1717997.

Thanks to R. Joshi, P. Mali, P. Kukkadapu, A. Keller, M. Mahdavi, L. Sun and J. Diehl. Jian
Wu for their contribution to the MathSeer extraction pipeline and QD-GGA.

2 Alfred P. Sloan C.a:j dE@rI

FOUNDATION

Document and Pattern Recognition Lab
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Challenges

« Math notations have large symbol vocabulary than ordinary texts.
e Grouping math symbols is not trivial.
« Symbols have different roles in different contexts.

NITx . nmx )

flz) = — exp<_% (m;u )2) f(x) =ay+ g (ancosT + b,sin 7

10
312 and 312| |sin, cos, log, In /xy Z 5322
=1

4.2 auﬂ x?=2x -1 %
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Research Agenda

e Problems with current approaches
o Syntactic approaches are computationally expensive.
o Encoder-decoder approaches have weak interpretability and error diagnosis.

o Tree-based methods do not have SOTA recognition rates and current methods
lack spatial context.

« Why tree-based?

o Easy interpretability and error analysis.
« Natural way of representation.



Research Agenda: Open questions

1. What are the alternative strategies for pooling so that the model
can capture enough spatial context in the inputs?

2. What strategies can be used for embedding adjacency matrix output
probabilities as features during feature extraction?

3. How can we add global self-attention and context to the tree-based
methods inexpensively?



Syntactic Methods

- Replacement rules updated [ PO P
Year |Systems Results for Rec. Rate

to well defined CFG, SCFG

1967 Syntax-directed Anderson et al.

(Common In NLP) -> 2006 1D-CFG Toyota et al. INFTY CDB-1

prOdUCtiOn rUIes demed on 2009 Linear Baker et al. v

the vraiables and list of 2011 2D-SCFG Alvaro et al. INFTY CDB-1

terminals 2015 Syntax Ayeb et al.

2016 Le and Nakagawa CROHME 2013/14  32.34,32.86

* TOyOta et aI -> (CFG) 2017 Le and Nakagawa CROHME 2014 37.53

specialized for mathematical Symbol- IM2LATEX-100K,

formUIa Ca”ed formU|a 2017 dominance Zhang et al. v PDFME-10K

g 2019 SON Le et al. CROHME 2014 37.63

description grammar
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Encoder-decoder models

. Recently common for O N T

Seq uence predlctlon 2015 Nguyen et al. CROHME 2013/14
. . 2016 Nguyen et al. CROHME
e Motivated from image 33.53,38.74,
. . 2017 IM2TEX Dengetal. CROHME 2013/14, IM2LATEX-100K 77.46
captioning
2017 Le and Nakagawa CROHME 2014 35.19
e [mage - > LaTeX 2017 GRU  Zhangetal. CROHME 2014 52.43
CN N —Im age featu res 2017 WAP Zhang et al. CROHME 2014/16 46.55, 44.55
2018 Zhang et al. CROHME 2014/16 52.8,50.1
RNN — decoder (LaTeX) 8
2019 Le et al. CROHME 2014/16 48.78, 45.60
2019 Hong et al. CROHME 2016 53.35
2019 TAP Zhang et al. CROHME 2014/16* 61.16*, 57.02*
2019 MAN Wang et al. CROHME 2014/16 54.05, 50.56

2020 Phong et al. Marmot
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Encoder-decoder models

EIT { ; }+18 x: 1.2 4. LaTeX sequence

« Recently common for sequence prediction. T

/N
-3 £~
\%GRI{/

« Motivated from image captioning [3]. 9N
_ ' :m 3. Parser: GRU with attention

« 2D Image input - > 1D LaTeX output. O

« CNN — offline features, encoder.
RNN — decoder.

 Attention —focus on relevant regions. ‘g—] % Watcher: FON

« Coverage based attention.

T
t.x + | > & AL 1. Input expression

(31 WAP Architecture

[3] K. Xu et al., “Show, attend and tell: neural image caption generation with visual attention,” in Proceedings of the 32nd International Conference on International Conference on Machine Learning -

Volume 37, Lille, France, Jul. 2015, pp. 2048-2057.
[4] ). Zhang et al., “Watch, attend and parse: An end-to-end neural network based approach to handwritten mathematical expression recognition,” Pattern Recognition, vol. 71, pp. 196—206, Nov. 2017, doi: 35

10.1016/j.patcog.2017.06.017.



Encoder-decoder models

Coverage-based attention

Without coverage vector With coverage vector

Without coverage:

e — overparsed
A - unparsed
i —too much attention on previous i

i e e i\theta ien{i\theta}

i ee i\theta i e”{i\theta }

i e e i\theta i e {i\theta }

Fig. 4. Examples of attention with and without the coverage vector. The recognized
LaTeX sequences of the right side of the equation are printed below each image (the
white areas in the images indicate the attended regions, and the underlined text in
the LaTeX sequences indicates the corresponding words).

[4] J. Zhang et al., “Watch, attend and parse: An end-to-end neural network based approach to handwritten mathematical expression recognition,” Pattern Recognition, vol. 71, pp. 196— 36
206, Nov. 2017, doi: 10.1016/j.patcog.2017.06.017.



Encoder-decoder models

e Recently common for sequence prediction.

« Motivated from image captioning [3].
iInput - > 1D LaTeX output.

e RNN — features, encoder, decoder.

 Attention —focus on relevant regions.
o Guided Hybrid Attention

» coverage-based spatial attention,
« temporal attention

[51 TAP Architecture

[3] K. Xu et al., “Show, attend and tell: neural image caption generation with visual attention,” in Proceedings of the 32nd International Conference on International Conference on Machine Learning -

Volume 37, Lille, France, Jul. 2015, pp. 2048-2057.
[5]J. Zhang, J. Du, and L. Dai, “Track, Attend, and Parse (TAP): An End-to-End Framework for Online Handwritten Mathematical Expression Recognition,” IEEE Transactions on Multimedia, vol. 21, no. 1, pp. 37

221-233, Jan. 2019, doi: 10.1109/TMM.2018.2844689.



Encoder-decoder models

e Recently common for sequence prediction.

« Motivated from image captioning.

» Strokes / Image input - > LaTeX output.
» Online + Offline features.

« CNN + RNN — encoder.

« RNN — decoder.

 Attention - focus on relevant regions.

[5] J. Wang, J. Du, J. Zhang, and Z. Wang, “Multi-modal Attention Network for Handwritten Mathematical Expression Recognition,” in 2019 International Conference on Document Analysis

and Recognition (ICDAR), Sep. 2019, pp. 1181-1186. doi: 10.1109/ICDAR.2019.00191.
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Tree-based Methods

e Graph-search problem (MST MML

extraction) 2001

« Score / Probability 2003
distributions 2016

« Graph over input primitives ~ **
2017
2019
2019
2020

2020

2021

INFTY

INFTY (Updated)

LPGA

Text2Math
Graph2Tree

QD-GGA

Graph-to-Graph

Eto et al.
Suzuki et al.
Suzuki et al.
Hu et al.

Zhang et al.

Mahdavi et al.

Zou and Lu

Li et al.

Mahdavi et al.

Wu et al.

CROHME 2014 26.88
CROHME 2014 21.59
INFTYCDB-2

CROHME 2014/16/19 32.04,32.84, 40.65

CROHME 2014/16 54.46, 52.05
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Overview of QD-GGA

Complete graph

LOS graph

CONRERRD LORENESER

WA

== BT

== FTLTS

woneay

- Graph-based MTL framework —

e End-to-end training g "

 Input: LOS graph over input 5":;;5::
primitives

e Output: Symbol Layout Tree I P

L v | -

Symbol Layout Tree Symbol-level LOS graph

[7]1 Mahdavi, M.; Sun, L.; Zanibbi, R. Visual Parsing with Query-Driven Global Graph Attention (QD-GGA): Preliminary Results for Handwritten Math Formula Recognition. In 2020 IEEE/
CVF Conference on Computer Vision and Pattern Recognition Workshops (CVPRW); IEEE; pp 2429-2438. https://doi.org/10.1109/CVPRW50498.2020.00293. a1



Overview of QD-GGA

LOS graph on primitives LOS graph on symbols Symbol layout Tree

 LOS graph on strokes converted
to LOS graph on symbols

Edmond’s

S
A A8 )
| 9 ; CAI:"\:;’&J& Vol e g | 9 v= ge T g “LN : = M, | <
(= (z) 0, ‘ Nz)

« Max Spanning Tree extraction )

from LOS graph ; -

‘ Node average wobabilitiesz 2

« Edmond’s algorithm V

[7]1 Mahdavi, M.; Sun, L.; Zanibbi, R. Visual Parsing with Query-Driven Global Graph Attention (QD-GGA): Preliminary Results for Handwritten Math Formula Recognition. In 2020 IEEE/
CVF Conference on Computer Vision and Pattern Recognition Workshops (CVPRW); IEEE; pp 2429-2438. https://doi.org/10.1109/CVPRW50498.2020.00293. 42



Tree-based Methods

« MTL end-to-end framework. "« A a

Node

P

Attention

o Input: LOS graph over input primitives. =
o Output: Symbol Layout Tree. |

« Edmond’s algorithm [8]. 4 H il W L R

detector

Global Feature Map

e Architecture ‘ e S e NI =l Wl —
« 2 Attention modules 71QD-GGA Architecture
o Joint loss
« 3 adjacency matrices output

[6] Y. Eto and M. Suzuki, “Mathematical formula recognition using virtual link network,” in Proceedings of Sixth International Conference on Document Analysis and Recognition, Sep. 2001, pp. 762—-767.

doi: 10.1109/ICDAR.2001.953891.

[7] Mahdavi, M.; Sun, L.; Zanibbi, R. Visual Parsing with Query-Driven Global Graph Attention (QD-GGA): Preliminary Results for Handwritten Math Formula Recognition. In 2020 IEEE/CVF Conference on
Computer Vision and Pattern Recognition Workshops (CVPRW); IEEE; pp 2429-2438. https://doi.org/10.1109/CVPRW50498.2020.00293.

[8] J. Edmonds, “Optimum branchings,” J. RES. NATL. BUR. STAN. SECT. B. MATH. MATH. PHYS., vol. 71B, no. 4, p. 233, Oct. 1967, doi: 10.6028/jres.071B.032.
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Overview of QD-GGA

Node masks Edge masks

Step 1 Step 1

Step2 | [ Step 2

Relevance maps

E Updated Relevance maps (symbol level)

Stroke )
masks \ .
Attention | _ :

|

| Module
Stroke-pair /
masks
N f Featiire Merge stroke level att. masks into
Input Image L = symbol level masks according to
s I Extractor Segmentation outputs
Sym Det: S, S, S, .., M
Stroke ﬂ u s : -
features 3
: =" : Context ~| Classifiers <—— Sym Class: 3,7, 7, ..,4
" ; Average pool
?trct) e-pair . Rel Class: No, Inside,
eatures i Inside, ..., Right

[7]1 Mahdavi, M.; Sun, L.; Zanibbi, R. Visual Parsing with Query-Driven Global Graph Attention (QD-GGA): Preliminary Results for Handwritten Math Formula Recognition. In 2020 IEEE/
CVF Conference on Computer Vision and Pattern Recognition Workshops (CVPRW); IEEE; pp 2429-2438. https://doi.org/10.1109/CVPRW50498.2020.00293. a4
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Symbol

Input

PDF

Document

pdf —» PNG

Extraction

Expression
Detection

Document Image
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Expression coordinates

Symbols outside

Symbols expressions discarded

(labels, coordinates)

Expressions with
Symbols (TSV)

Expression Output 7
coordinates ‘
Symbol Layout

- — Trees

Symbols and relationships

One can also think of ((7', k) as the zeta function of a nonsingunlar curve ' ovel|
[, whose field of functions is k. For example, let C/

lan equation

(33) F( X1, X2,X3) =0

F, be a plane curve given by

where f is nonsingular and homogeneous of some degree and has coefficients in F,
For each n > 1 let N, be the number of projective solutions to (33) in F,n. The
zeta function of the field of functions & of € is the same as the zeta function of the
curve C' over Py which is defined as

iy — N.T"

(34) (T, C[F,) = exp ("Zl T)
This geometric point of view is very powerful. For example, the Riemann-Rock
[Theorem on the curve € plays the role of the Poisson summation formula [SCH
land shows that

P(T,C
a-na- q! )
[where P ¢ T] is of degree 2g, g being the genus of the curve C. Tt also gives
the functional equation P(T) = ¢#T2*P(1/¢T). The Riemann-Hypothesis for thesd
zeta functions, which was put forth and tested in many examples by Artin, asserts
that all the zeroes lie on |T| = 4. This was proven by Weil. By now there
are several different proofs: Weil [WE3], [WE4], elementary proofs by Stepanoy
[ST] and Bombieri [BOJ, and pm(-f\ by Deligne [DE] which have the advantage of
applying much more generally. One reason for being able to proceed in the functior

(35)

One can also think of ((7', k) as the zeta function of a nonsingular curve C over]
[, whose field of functions is k. For example, let C'/F, be a plane curve given by
lan equation

(33) F( X, X2, X3) =0

where f is nonsingular and homogeneous of some degree and has coefficients in F,,.
For each n > 1 let N, be the mumber of projective solutions to (33) in Fy». The)
zeta function of the field of functions & of C is the same as the zeta function of thel
surve C' over Py which is defined as

(34) (T, CfFy) = exp <Z

n=1

[This geometric point of view is very powerful. For example, the Riemann-Roch]
[Theorem on the curve €' plays the role of the Poisson summation formula [SCH]
land shows that
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jwhere P Z|T] is of degree 2g, g being the genus of the curve C'. Tt also gives
the functional equation P(T) = ¢*T**P(1/¢T). The Riemann-Hypothesis for these|
zeta functions, which was put forth and tested in many
that all the zeroes lie on |T| = 1/ This was proven by Weil. By now there]
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[9] Shah, A. K.; Dey, A.; Zanibbi, R. A Math Formula Extraction and Evaluation Framework for PDF Documents. In 2021 International Conference on Document Analysis and Recognition (ICDAR), to appear; 46

2021.



[9] Shah, A. K.; Dey, A.; Zanibbi, R. A Math Formula Extraction and Evaluation Framework for PDF Documents. In 2021 International Conference on Document Analysis and Recognition (ICDAR), to appear;

2021.
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ences 10 be addressed. First, OntoNotes removes
singleton mentions, even if they are valid mentions
This causes additional difficulty in learning a good
meation detector in a pipelined framework. How-
ever, our joint framework can adapt t it by rejecting
eton mentions, More details will be dis
cussed in Sec. 2. Second, ACE uses shortest deno-
tative phrases 1o identify mentions while OntoNotes
tends 10 use long text spans, This makes iden

those sing

e
mention boundaries unnecessarily hard. Our system
focuses on mention heads in the coreference stage to
ensure robustness. As OntoNotes does not contain
head annotations, we preprocess the data to extract
mention heads which conform with the ACE style.
Results on ACE-2004 and CoNLL-2012 datasets
show that our systein reduces the performance gap
for coreference by around 25% (measured as the ra.

tio of performance improvement over performance
p) and improves the overall mention detection by
over [0 EJ points. With such significant improve-
ments, we achieve the best end-to-cnd coreference
resolution results reported so far

‘The main contributions of our work can be sum-
marized as follows:

1. We develop a new, end-to-end, coreference ap

proach that is based on a joint leaming and in
ference model for mention heads and corefer
ence decisions.

We develop an improved mention head candi-
date generation module and a mention bound-

19

ary detection module

We achieve the best coreference results on pre-
dicted mentions and reduce the performance
gap compared o using gold mentions

The rest of the paper is organized as follows, We
explain the joint head-coreference learning and in-

ference framework in Sec. 2. Our mention head

candidate generation module and mention boundary
detection module are described in Sec. 3. We report
our experimental results in Sec. 4, review related

work in Sec. 5 and conclude in Sec. 6.
2 A Joint Head-Coreference Framework

This section describes our joint coreference resolu
tion and mention head detection framework. Our
work is inspired by the latent lefi-linking model in
Chang et al, (2013) and the ILP formulation from
Chang ct al. (2011). The joint learning and infer-
ence model takes as input mention head candidates

(Sec. 3) and jointly (1) determines if they are indeed
mention heads and (2) learns a similarity metric be-
tween mentions. This is done by simultancously
lcarning a binary mention head detection classifier
and a mention-pair coreference classifier. The men-
tion head def
differentiate valid mention heads from invalid ones.

ction model here is mainly trained to

By leaming and making decisions jointly, it also
serves as a singleton mention head classifier, build
ing on insights from Recasens et al. (2013). This
joint framework aims 1o improve performance on

both mention head detection and on coreference

We first describe the formualtion of the men-
tion head detection and the ILP-based mention-pair
coreference separately, and then propose the joint
head-coreference framework

2.1 Mention Head Detection

The mention head detection model is a binary classi-
fier g = wy @(m]. in which B7n1] is u feature vector
for mention head candidate m and gy is the corre-
sponding weight vector. We identify a candidate m
as a mention head if g > 1, The features utilized in
the vector (] consist of: 1) Gazetieer features 2)
Part-Of-Speech features 3) Wordnet features 4) Fea-
tures from the previous and next tokens 5) Len;
mention head. 6) Normalized Pointwise Mutua
formation (NPMI) on the tokens across a mention
head boundary (7] Feature conjunctions. Alkgether
there are hundreds of thousands of sparse features.

2.2 ILP-based Mention-Pair Coreference

Let B8 be the set of all mentions. We train a corefer-
ence model by learning a pairwise mention scoring
function. Specifically. given 1 mention-pair [u.v]
@y M u is the antecedent of . we lcam a left
linking scoring function [ = w3 @(1.v], where
or and gy is the
weight vector. The inference algorithm is inspired
by the best-left-link approach (Chang et al., 2011),
where they gotve-the-fottowimg f-P problem:
farg max Z FuYurk

Bliev) is @ pairwise feature v

0.1 VavEM)
Here, iz, =1 iff mentions gy are directly linked.
Thus, we can construct a forest and the mentions
in the same connected component (i.c., in the same
tree) are co-referred. For this mention-pair corefer
ence model Blu.v], we use the same set of features

B | pgrusnia inage
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Spatial Pyramid Matching (SPM)
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[3] Lazebnik, S.; Schmid, C.; Ponce, J. Beyond Bags of Features: Spatial Pyramid Matching for Recognizing Natural Scene Categories. In 2006 IEEE Computer Society Conference on
Computer Vision and Pattern Recognition (CVPR’06); 2006; Vol. 2, pp 2169-2178. https://doi.org/10.1109/CVPR.2006.68.



Spatial Pyramid Pooling

m=n=8
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[10] He, K.; Zhang, X.; Ren, S.; Sun, J. Spatial Pyramid Pooling in Deep Convolutional Networks for Visual Recognition. In Computer Vision — ECCV 2014; Fleet, D., Pajdla, T., Schiele, B., Tuytelaars, T., 50

Eds.; Lecture Notes in Computer Science; Springer International Publishing: Cham, 2014; pp 346—361. https://doi.org/10.1007/978-3-319-10578-9_23.



Dataset and Evaluation

e Dataset
« CROHME 2019 (9993 expressions) dataset for training.
« CROHME 2014, 2016, 2019 test sets for evaluation.

o Expanding the CROHME datasets by decomposing each HME in the dataset to
sub-HMEs. [11]

e Evaluation metrics using LgEval tool [12]

« Formula recognition rates (unlabeled and labeled graph),
« Detection and classification F-scores for symbols and relationships.

[11] A. D. Le, B. Indurkhya, and M. Nakagawa, “Pattern generation strategies for improving recognition of Handwritten Mathematical Expressions,” Pattern Recognition Letters, vol. 128, pp. 255—
262, Dec. 2019, doi: 10.1016/j.patrec.2019.09.002.

[12] H. Mouchere, R. Zanibbi, U. Garain, and C. Viard-Gaudin, “Advancing the state of the art for handwritten math recognition: the CROHME competitions, 2011-2014,” I/DAR, vol. 19, no. 2, pp.
173-189, Jun. 2016, doi: 10.1007/s10032-016-0263-5.



https://doi.org/10.1007/s10032-016-0263-5

SPP EXPERIMENT: Preliminary Results

RESULTS ON CROHME 2019 TEST SET (1199 EXPRESSIONS)

Experiment - Symbols Relationships m
Configuration

Avg (Baseline) 99 96.94 88.63 91.48 89.96 64.71 35.12

SPP_Avg 50
SPP_Max_50
SPP_Avg 30

SPP_Max_30

[12] H. Mouchere, R. Zanibbi, U. Garain, and C. Viard-Gaudin, “Advancing the state of the art for handwritten math recognition: the CROHME competitions, 2011-2014,” [/DAR, vol. 19, no. 2, pp. 52
173-189, Jun. 2016, doi: 10.1007/s10032-016-0263-5.



https://doi.org/10.1007/s10032-016-0263-5

Global attention

e Sequential attention on query features
« How much of other neighbors should contribute for each target query?



Global attention

e Graph sequential learning module instead of 1-by-3 CNNs
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Embedding adjacency matrix as features
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[71QD-GGA Architecture

[7] Mahdavi, M.; Sun, L.; Zanibbi, R. Visual Parsing with Query-Driven Global Graph Attention (QD-GGA): Preliminary Results for Handwritten Math Formula Recognition. In 2020 IEEE/CVF Conference on
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