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Introduction



Motivation

What is the name
of this formula?

Let’s find reactions
producing this molecule.

Amador et al., Searching the ACL Anthology with Math Formulas and Text. In Proceedings of the 46th International ACM SIGIR Conference on Research and Development in Information Retrieval (SIGIR ‘23)
Shah et al.,, "Multimodal Search in Chemical Documents and Reactions," In Proceedings of the 48th International ACM SIGIR Conference on Research and Development in Information Retrieval (SIGIR ‘25), to appear



Related Work

Parsing Math Formulas

Vector (e.g. PDF)
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Raster (e.g. PNG)

Parsing Chemical Diagrams

Vector (e.g. PDF)

Raster (e.g. PNG)

Handwritten
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LATEX String

Symbol Layout Tree (SLT)

“C1=CC=C(C=C1)[N+](=0)[0-]"

SMILES String

Molecular Graph



Related Work

1. Syntactic Models:

1. Math: generate parse tree, linearize it to LATEX string using context-free grammars (CFGs, SCFGs)
2. Chem: generate SMILES string using image processing and chemical/geometrical constraints (rules)
2. Encoder-Decoder Models: 2D image pixels or strokes encoder and 1D LATEX/SMILES string decoder (with attention)

3. Graph-based Models: gr: /E""\ ed image or graph input to output graph: SLT or molecular graph
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[1] Truong et al., “A survey on handwritten mathematical expression recognition: The rise of encoder-decoder and GNN models,” Pattern Recognition, vol. 153, p. 110531, Sep. 2024

[2] R. H. Anderson, “Syntax-directed recognition of hand-printed two-dimensional mathematics,” in Symposium on Interactive Systems for Experimental Applied Mathematics, Aug. 1967
[3] Alvaro et al., “An integrated grammar-based approach for mathematical expression recognition,” Pattern Recognition, Mar. 2016

[4] Zhang et al., “Track, Attend, and Parse (TAP): An End-to-End Framework for Online Handwritten Mathematical Expression Recognition,” IEEE Transactions on Multimedia, Jan. 2019
[5] Zhu et al., “ICAL: Implicit Character-Aided Learning for Enhanced Handwritten Mathematical Expression Recognition,” in Document Analysis and Recognition - ICDAR 2024 5
[6] Xie et al., “Stroke-Level Graph Labeling with Edge-Weighted Graph Attention Network for Handwritten Mathematical Expression Recognition,” in Document Analysis and Recognition - ICDAR 2024



Inputs/Outputs and Evaluation
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PDF image

Primitive level graph (PDF)
Vector source
Inputs | Outputs

Raster or handwritten source

PNG i ith CCs dwritten strok
'mage w Handwritten strokes Primitive level graph (CCs/strokes)



Our Inputs and Outputs

| S5/
2 4
PDF image

Vector source
Inputs

Raster or handwritten source

PNG image with CCs Handwritten strokes

Outputs

Symbol layout tree (PDF symbols)

Symbol layout tree (Raster symbols)



Graph-based Evaluation Metrics

_ o | Correct detections | . o | Correct det + classes |
Detection Precision = . - Detection + Class Precision = .
| Predicted detections | | Predicted classes |
C t detecti Correct det + classes
Detection Recall = | Correct detections| Detection + Class Recall = | |
| Target detections | | Target classes |
: S 3 . 4 4
1. Symbol Detection F1 = HM(P, R) = HM - 4. Symbol Detection + Class F1 = HM(P, R) = HM g
. . 4 4 3 3
2. Relation Detection F1 = HM(P, R)= HM( <, = 5. RelationDetection + Class F1 = HM(P, R) = HM(E, E)
| Formulas with correct detections | : | Correct formulas |
3. Structure rate = 6. Expression rate =
| Formulas | | Formulas |
Ground Truth Predicted
[1] Moucheére et al., “ICDAR 2013 CROHME: Third International Competition on Recognition of Online Handwritten Mathematical Expressions,” in ICDAR 2013 Primitive level graph (Wlth errors) 9

[2] Moucheére et al., “Advancing the state of the art for handwritten math recognition: the CROHME competitions, 2011-2014,” IJDAR 2016



Research Questions



Research Questions

RQ1 How can primitive features be constructed and updated efficiently to support iterative refinement of

segmentation and improve structural parsing?

RQ2 What types of input graph representations are most effective for parsing mathematical formulas and

chemical diagrams, and do these representations differ between the two domains?

RQ3 How can graph context and class distributions be leveraged to improve contextual representation and

task interaction in multi-task parsing?

RQ4 Can visual and structural noise at the primitive level, together with class balancing strategies, improve

the robustness of the visual parser?

11



RQ2: Input Graph Representation



RQ2: Input Graph Representation

1. Complete Graphs

2. Line-of-Sight (LOS) Graphs W

3. K-nearest neighbor (KNN) Graphs: : Z O
1. 2NN Graph \\C)
2. 6NN Graph

Formula image Ground truth Graph
(Symbol level)

Complete Graph LOS Graph 2NN Graph 6NN Graph

13



RQ2: Input Graph Representation

Maths: Infty-MCDB2 Train dataset (12551 formulas)

Expression covered = % of formulas with 100% edge recall

LOS graph is the best choice 14



RQ2: Input Graph Representation

Chemistry: Pubchem-5k Train dataset (4590 formulas)

Expression covered = % of formulas with 100% edge recall

6NN graph is the best choice s



RQ1: Visual primitives and O\
Iiterative refinement : o




RQ1: Visual features

(a) Input image (b) Skeletonized (c) LSD applied (d) CC Markers
5 primitives 5 primitives 30 primitives 30 primitives

¥

1 1 1 1
2 0 2 0 2 ( v b
(h) Output primitives (g) CCs merged (f) Long lines removed (e) Watershed applied
6 primitives 4 primitives 28 primitives 30 primitives

Line Segment Detection (LSD) based visual primitive extraction pipeline

17
[1] Jakubowicz et al., “LSD: a Line Segment Detector,” Image Processing On Line, vol. 2, pp. 35-55, Mar. 2012



RQ1: Visual features

Repeat until no

n
new merges

2

Input Formula

Query Context Query Context
images images images images

Iterative refinement of primitives 18



RQ3: Graph context and task
Interaction



RQ3: Graph context and task interaction

: NO,

Visual primitives 6NN Graph

Em EEE =S

Visual Primitive-based Graph Parser (VGPg,) 20



RQ3: Graph context and task interaction

EGATv2: Edge attention weights computation

21
[1] Xie et al., “Stroke-Level Graph Labeling with Edge-Weighted Graph Attention Network for Handwritten Mathematical Expression Recognition,” in Document Analysis and Recognition - ICDAR 2024
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22
[1] Xie et al., “Stroke-Level Graph Labeling with Edge-Weighted Graph Attention Network for Handwritten Mathematical Expression Recognition,” in Document Analysis and Recognition - ICDAR 2024
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RQ3: Graph context and task
Interaction

Results and error analysis



RQ3: Graph context and task interaction

Maths: Infty-MCDB2

Training: 12,551 formulas
Test: 6,830 formulas

100 EGATv2 Performance Comparison: Symbols and Relationships EGATv2 Performance Comparison: Expression-Level Rates
B Baseline 94 mmm Baseline
99 B EGATV2 (2-stage, 2-hop) B EGATV2 (2-stage, 2-hop)
92
99.00% 92.21%
98 2 90 90.56%
3 >
X s O 88
< 97 Sose © 87.99%
— 97.18% S
b 96.90% Y 86
<
96 96.45%
84
96.00%
95 82
95.20%
80
24 . . . . Expression Rate Expression Rate
Symbols Symbols Relationships Relationships (Structure) (Structure + Class)
(Detect.) (+Class) (Detect.) (+Class)
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RQ3: Graph context and task interaction

Chemistry: Pubchem-5k

Training: 4,590 molecules
Test: 5,719 molecules (USPTO)

EGATVv2 Performance Comparison: Symbols and Relationships

100.0 . EGATv2 Performance Comparison: Expression Level and SMILES Accuracy
’ 99.87% 99-90% 99.86% . 90 89.04%
= Baseline mmm Baseline 86.30%
99.8 mmm EGATV2 (2-stage, 2-hop) mmm EGATV2 (2-stage, 2-hop)
99.6 99.50% 50
)
—~ 994 < 70
S >
— 99.2 o
L o o >
99.02% 99.02% © 60
99.0 98.90% 98.90% <
52.35% 52.54% 52.02%
98.8 50
45 98%
98.6
40
. . . . Expression Rate Expressuon Rate Exact
Symbols Symbols Relationships Relationships Struct +Cl SMILES Match
(Detect.) (+Class) (Detect.) (+Class) (Structure) (+Class) atc

27



No EGATv2

EGATV2, 2-hop 2-stage

28



RQ4: Noise and Class Imbalance



RQ4: Noise and Class Imbalance

Structure Noise

—

Original Random point Random direction Split into two

!

New split primitives 30



RQ4: Noise and Class Imbalance

Visual Noise

0 10 20 30

0 10 20 30 0 10 20 30

(a) Original (b) Downscale (d) Salt and Pepper

0
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(e) Combination (f) Binarized (OTSU)
31



RQ4: Noise and Class Imbalance

Maths: Infty-MCDB2 Train dataset (12551 formulas)

Segmentation class distribution

Symbol class distribution ® Merge ® NoMerge
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RQ4: Noise and Class Imbalance

Chemistry: Pubchem-5k Train dataset (4590 formulas)

Segmentation class distribution
B Merge W NoMerge

Symbol class distribution
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RQ4: Noise and Class Imbalance

Weighted Loss Functions

Loss Type

Final Formulation (per query q)

Parameter Range

Cross-Entropy (CE)

C
LY (q) = =) yilogpi
1=1

Weighted Cross-Entropy (WCE)

C
LVOE(q) = = wiylogp;
i=1

C
Class-Balanced (CB) LEB(q) = — ZwiCB y; log p;, B € {0.9,0.99,0.999}
=1
where 'w,LCB = % normalized to mean 1

Focal Loss (FL)

C
FL, N _ a;(1 — p;)7y; log(p;)
L7%(g) =~ Z 1
i=1 B8] 2_jeB t;
with o; as normalized class weights w;

Y

v € {0.5,1,2,3}

34



RQ4: Noise and Class Imbalance

Maths: Infty-MCDB2

Training: 12,551 formulas
Test: 6,830 formulas

Loss Comparison: Symbols and Relationships (Maths)

100.0

mmm Cross-Entropy [ Focal (y=0.5)
[ CB Loss (B=0.9) m Focal (y=1)

99.5 I CB Loss (B=0.99) B Focal (y=2)
B CB Loss (B=0.999) B Focal (y=3)
|

Weighted CE
99.0 A

98.5 A1

98.0 A

F1 (%)

97.5 1

97.0

Symbols Symbols Relationships Relationships 35
(Detect.) (Detect.+Class) (Detect.) (Detect.+Class)



RQ4: Noise and Class Imbalance

Maths: Infty-MCDB2

Training: 12,551 formulas
Test: 6,830 formulas

Loss Comparison: Expression-level Accuracy (Math)

B Cross-Entropy o Focal (y=0.5)
94 [ CB Loss (B=0.9)  Focal (y=1)
mmm CB Loss (B=0.99) B Focal (y=2)
-y B CB Loss (B=0.999) B Focal (y=3)
93.00% 93-10% 93-20% B Weighted CE
92 4
X 90 A
>
® 89,209 59-40%
S
O 88 -
<
86 - 86.50%
84 A

Expression rate Expression rate 36
(Structure) (Structure + Class)



F1 (%)

RQ4: Noise and Class Imbalance

Chemistry: Pubchem-5k

Training: 4,590 molecules
Test: 5,719 molecules (USPTO)

Loss Comparison: Symbols and Relationships (Chemistry)

100.0

99.5 A

99.0

98.5 -

Symbols
(Detect.)

Symbols
(Detect.+Class)

Relationships
(Detect.)

Cross-Entropy

CB Loss (B=0.9)
CB Loss (=0.99)
CB Loss (B=0.999)
Weighted CE

o Focal (y=0.5)
- Focal (y=1)
B Focal (y=2)
B Focal (y=3)

Relationships
(Detect.+Class)

37



RQ4: Noise and Class Imbalance

Chemistry: Pubchem-5k

Training: 4,590 molecules
Test: 5,719 molecules (USPTO)

Loss Comparison: Expression-level Accuracy (Chemistry)

B Cross-Entropy [ Focal (y=0.5)
90 - [ CB Loss (B=0.9) [ Focal (y=1)
I CB Loss (B=0.99) B Focal (y=2) 89.20 89,30 89.40 89.50 89.70
I CB Loss (=0.999) B Focal (y=3)
85 - mmm Weighted CE
80 A
Q)
S 75 A
>
|9
©
5
3 70 A
V]
<
65 -
60 -
55 -
52.65 SRR 52.76 52.78 52 95@53.00 52 100 0 52 15 52 05 S22'57 7
51.65
50 - | | 51.10
Expression rate Expression rate Exact

(Structure) (Structure + Class) SMILES Match 38



RQ4: Noise and Class Imbalance

Complemented Harmonic Mean for Loss Aggregation

1. Sum aggregation: Mean
HM
2. Complemented HM aggregation:
CHM
(Normalization)
(Complement)
(Scale)

39

[1] D. D. Baek, Z. Liu, R. Tyagi, and M. Tegmark, “Harmonic Loss Trains Interpretable Al Models,” Feb. 03, 2025, arXiv: arXiv:2502.01628.



Accuracy (%)
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RQ4: Noise and Class Imbalance

Maths: Infty-MCDB2

Training: 12,551 formulas
Test: 6,830 formulas

Aggregation Strategy Comparison:
Expression-Level Accuracy (Math)

B Sum
B CHM

92.70

CE loss Unweighted Weighted CE loss Unweighted Weighted
focal loss focal loss focal loss focal loss
Expression Expression
(Structure) (Structure + Class)

54.00

53.75 1

53.50 -

~ 53.25 1

Accuracy (%
wm
w
o
o

52.75 A

52.50

52.25 1

52.00 -

Chemistry: Pubchem-5k

Training: 4,590 molecules
Test: 5,719 molecules (USPTO)

Aggregation Strategy Comparison:
Expression-Level Accuracy (Chem)

CE loss

I Sum
s CHM

Unweighted Weighted CE loss Unweighted Weighted
focal loss focal loss focal loss focal loss
Expression Expression

(Structure) (Structure + Class)
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Summary: Maths

Best Configuration Model m Errors (Math)

Baseline -

Fewer symbol class confusions on isolated symbols and symbols with
+ Better Visual features RQ1 . i .. ¥ i

similar patterns (e.g., alpha/a, i/j, 1/1)
+ Edge attention (EGATv2) RQ3 Fewer confusions between similar symbols (e.g., minus vs equal)
+ Structural and visual noise RQ4 Reduction in errors on symbol segmentation and classification,
augmentation especially for noisy test images
o el Foree foss RQ4 Lower errors on high frequency classes (minus, equal, NoRelation);

fewer missed relationships

o Cumulative Impact of Model Enhancements on Expression and SMILES Recognition

~8— Math (Expression Rate)

92

91.75%
90

Recognition Accuracy (%)

88 -
87.99%
86 -
841 83.27%
82 T T T T T
Baseline + Visual + EGATv2 + Noise Aug. + Weighted
Features (RQ1) (RQ3) (RQ4) Focal Loss (RQ4)

41

Best Configuration Model for Each Experiment



Summary: Chemistry

Best Configuration Model m Errors (Chemistry)

Baseline -
. Fewer symbol confusions on multi-primitive symbols (e.g., H, N) and
Bt e oL symbols with similar patterns (e.g., W/M, i/j, 1/1)
Fewer misclassifications of Single lines; improved connection
+ Edge attention (EGATv2) RQ3 . & P
relations
+ Structural and visual noise RQ4 Reduction in errors on symbol segmentation and classification,
augmentation especially for noisy test images
+Weighted Focal loss RQ4 Lower errors on high frequency classes (e.g., Single line); fewer

missed connections (NoRelation)

Cumulative Impact of Model Enhancements on Expression and SMILES Recognition

~8— Math (Expression Rate)
~@~ Chemistry (Exact SMILES Match)

94

91.99%
92 1

91.75%

90

88 1

86.30% 87.99%

86

Recognition Accuracy (%)

85.02%

84+ 83.27%

82

Basc-lzline + Vi'sual + EG|ATv2 + Nois'e Aug. + Wei'ghted
Features (RQ1) (RQ3) (RQ4) Focal Loss (RQ4) 42

Best Configuration Model for Each Experiment



Benchmarks

EGATv2

CIC transformer

Vision transformer

SWIN transformer

Trainable Parameters Comparison

40 60
Trainable Parameters {Millions)

43



Results: Molecule Diagram Recognition

Molecular structure recognition benchmarks showing percentages of generated SMILES matching ground
truth

Synthetic: Indigo (5719) No. of
Systems

SMILES Match # Mol / 1% (K) parameters

MolVec 0.9.7 95.40
OSRA 2.1 95.00
Img2Mol 58.90 25.47 30 M
SwinOCSR 74.00 60.81 120 M
MolScribe 97.50 17.23 88 M
MolGrapher - 45 M

EGATv2 (Ours) 91.99 0.04 4.45 M

44



Benchmarks: Math Formula Recognition

: .y . Dataset No. of .
Handwritten Math Formula Recognition

CROHME 2019 Training 9993
CROHME 2019 Test 1199

Formula recognition results on CROHME test

E ions (Structure + Class .
Model Category ExpRate (Structure)| parameters

_ MyScript 79.15  86.82  89.82 90.66
Rule-based Samsung 79.82 87.82 89.15 89.32
MathType 60.13 74.4 78.57 79.15
USTC-iFLYTEK 80.73 88.99 90.74 91.49 ~30 M
ICAL 60.51 78 84.63 7.37 M
Encoder-decoder PAL-v2 62.55 74.98 78.4 79.15
QD-GGA 40.65 60.01 64.96 60.22 8 M
GETD 54.13 ~30 M
Graph Neural Network GGM-EGAT 60.72 71.14 76.73 83.74

(GNN) Ours (EGATv2) 49.54 66.17 73.92 73.79 4.45 M

45



Conclusion



Contributions

RQ1: Visual Primitive Features

« Contour-based visual features and iterative refinement to improve segmentation

RQ2: Input Graph Representations
« Compared complete, LOS, and KNN graphs across math and chemistry datasets
o LOS graphs best for math (long-range alignment)

6NN graphs best for chemistry (local structure preservation)

47



Contributions

RQ3: Graph Context and Task Interaction
« EGATV2, enables bidirectional node-edge multi-hop attention

« Graph attention on class distributions with visual features for better task interaction

RQ4: Visual Noise and Loss Functions
« Applied localized structural and visual noise robustness
« Applied weighted focal loss and CHM aggregation to handle class imbalance

« Achieved better generalization for noisy and imbalanced settings

48



Contributions

« Less data and fewer model parameters, improving data efficiency
 Interpretability through primitive-level error analysis of symbol/edge confusions
« Visual primitive extraction, EGATv2, CHM loss aggregation adaptable to other diagrams

(charts, tables) and multi-task learning problems with class imbalance

49



Future Work

Extend primitive extraction to math: Apply robust visual primitive extraction to handwritten and typeset math
Enhanced graph attention: Improve EGATv2 with context window aggregation

Advanced noise modeling: Simulate realistic document artifacts and structural distortions beyond simple splits
Refined loss functions: Applying CHM within each task loss to better handle class imbalance

Contrastive learning: Use pairwise objectives to improve feature separability between visually similar classes

Handwritten diagrams: Extend model to stroke-based chemical diagrams and establish benchmarks

50
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Benchmarks

Comparison of Model Parameters

Trainable Parameters Comparison

EGATV2 4.45M

CTC transformer 43.80M

Vision transformer 51.10M

SWIN transformer 88.00M

0 20 40 60 80
Trainable Parameters (Millions)

56



Summary

Baseline -
+ Better Visual features RQ1 Fewer symbol class confusions on isolated symbols Fewer symbol confusions on multi-primitive and symbols (e.g., H, N) and
symbols with similar patterns (e.g., W/M, i/j, 1/1)
+ Edge attention (EGATv2) RQ3 Fewer confusions between similar symbols (e.g., minus vs equal) Fewer misclassifications of Single lines; improved bond connections
+ Structural and visual noise RQ4 Improvements in symbol segmentation and classification, especially L . T .
. . . Reduction in errors on symbol segmentation and classification, especially for
augmentation for noisy test images ) .
noisy test images
+ Weighted Focal loss RQ4 Lower errors on high frequency classes (minus, equal, NoRelation)
by emphasizing difficult cases . . . . .
y emp & Lower overprediction of Single class; fewer missed connections (NoRelation)
Cumulative Impact of Model Enhancements on Expression Recognition (Maths: INFTY-MCDB?2) §Z3u_mulative Impact of Model Enhancements on Exact SMILES Match (Chemistry: USPTO Dataset)
9ol 91.75% 21:39%
A 92+ A
i o1} A
90 —
S & g0} s
> 85{'?.9%" ::3 89.04% 39'20,«%’;"’
& 87.99% 5 gl N - —
i 88| wn > g
i 2 8
2 i
= 86 8 &)
. >4 0 86.30%
84.55%
///7‘.:.' 86+ ,
841 T 85.02%
g 85r
2 Baséline T Vi'sual T EG‘ATVZ TS Noisle Aug. T Wei‘ghted 8 Baséline + Vilsual + EG‘ATVZ + Nois‘e Aug. + Weilghted
Features (RQ1) (RQ3) (RQ4) Focal Loss (RQ4) Features (RUL) (RQ3) (R4 Focal Loss: (R0

Best Configuration Model for Each Experiment Best Configuration Model for Each Experiment >7



Our Inputs and Outputs

/\/NOZ
\/

Primitive Level Graph (PDF) Primitive Level Graph (Raster)
(Visual Graph)

PDF image with PDF primitives
5 P (Visual Graph)

Vector source nodes: lines & characters

| nodes: lines & characters
Raster source Inputs Outputs edgqF' connections/lmaées
e 2

edges: connections/merges / \/.

-l

Molecular Graph
nodes: atoms & atom groups

Symbol Level Graph

(Tokenized Visual Graph)

PNG image with visual primitives edges: bonds 58
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Graph-based Evaluation Metrics

Symbol detection (segmentation) Relationship detection (presence of edge)
True Positive (TP) = Correctly segmented symbols TP = Correctly detected edge between correctly segmented symbols
False Positive (FP) = Incorrectly merged symbols (oversegmentation) FP = Incorrectly detected non-existent edge in the ground truth
False Negative (FN) = Missed symbols (undersegmentation) FN = Missed ground truth edge
o | Correct | TP | Correct | TP 2 XPXR
Precision (P) = = Recall (R) = = Fl =
| Detected | TP+ FP | Target | TP+ FN P+ R

Ground Truth Predicted

Primitive level graph (with errors)

Mouchére et al., “ICDAR 2013 CROHME: Third International Competition on Recognition of Online Handwritten Mathematical Expressions,” in ICDAR 2013 59
Mouchére et al., “Advancing the state of the art for handwritten math recognition: the CROHME competitions, 2011-2014,” |JDAR 2016



Graph-based Evaluation Metrics

1. Symbol & Relationship Detection F1-scores

2. Symbol & Relationship Detection + classification F1-scores

3. Unlabeled structure recognition rate: Both symbols and relationships detected correctly

| Formulas with correctly detected symbols and relations |

Unlabeled structure rate =

| Formulas in the dataset |

4. Labeled structure recognition rate: Both symbols and relationships detected and classified correctly

| Formulas with correctly detected and classi fied symbols and relations |

Labeled structure rate = -
| Formulas in the dataset |

=

Ground Truth Predicted
Primitive level graph (with errors)

Mouchére et al., “ICDAR 2013 CROHME: Third International Competition on Recognition of Online Handwritten Mathematical Expressions,” in ICDAR 2013 60
Mouchére et al., “Advancing the state of the art for handwritten math recognition: the CROHME competitions, 2011-2014,” |JDAR 2016



RQ2: Input Graph Representation

# ground truth edges in the input graph
Edge Recall = -
# edges in the ground truth graph Ground
> @ truth Graph

o # ground truth edges in the input graph
Edge Precision =

# edges in the input truth graph

Precision X Recall

Edge F1 =2 X 2NN Graph

Precision + Recall

# expressions where all ground truth edges are presenr

Expression coverage = - -
# total expressions in the dataset
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RQ4: Noise and Class Imbalance

Chemistry: Pubchem-5k

Loss Comparison: Symbols and Relationships

100.0
mmm Cross-Entropy Loss Comparison: Expression-Level Accuracy
99.92% | 99.92% =
05 559, | 99.89% mmm  Focal Loss (y=0.5) mmm Cross-Entropy oo
99.8 90  mmm Focal Loss (y=0.5)
89.20%
85
99.6
80
9 S 75
X =
< 99.4 >
— o
L S 70
o]
(9]
<<
99.2 65
99.20% 99.20%
60
99.0 99.06% 99.06%
55
“
98.8 Expression rate Expression rate Exact
Symbols Symbols Relationships Relationships (Structure) (Structure + Class) SMILES Match

(Detect.) (+Class) (Detect.) (+Class)
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Typeset Math Formula Recognition

Formula recognition results on Im2latex-100k test sets

Image Match |Data per 1%
Model Category Edit % |BLEU-4 % |Image Match % |(-ws) % BLEU-4

Encoder-decoder

Graph-based

IM2TEX

WYGIWYS
ConvMath
EDPA

DNN-RL
MI2LS
HybridViT
MathNet
INFTY

GNN
Im2Latex-GNN
Ours (EGATV2)

88.6
90.8
91.39
96.5
92.3

94.7
53.82

55.23

87.73

90.3
88.33
92.31

94.1

90.3

89.9

94.5
66.65

90.2
90.19
46.05

Dataset No. of
expressions

Infty-MCDB2 Training
Im2latex-100k Test

77.46

78.6
83.41
82.07

84.2

82.3

63.4
15.6
81.8
81.82
19.7

79.88

84.8
86.5

26.66

17.49

12551
10354

956.150

928.937
949.655
908.710
891.424
928.937
933.070
887.651
1258.560
929.967
930.070
217.155
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Results: Molecule Diagram Recognition

Molecular structure recognition benchmarks showing percentages of generated SMILES matching ground

Synthetic: Indigo (5719) Scanned: CLEF-2012 (992) No. of

Systems
SMILES Match | # Mol / 1% (K) | SMILES Match | # Mol / 1% (k) | P2arameters

MolVec 0.9.7 95.40 83.80
OSRA 2.1 95.00 84.60
Img2Mol 58.90 25.47 48.84 30.71 30 M
SwinOCSR 74.00 60.81 30.00 150.00 120 M
MolScribe 97.50 17.23 88.90 18.90 88 M
MolGrapher - 90.50 3.31 45 M

EGATv2 (Ours) 91.99 0.04 39.61 0.09 445 M
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Motivation

Math language model $P(X|x)$

Deck language model( P(X|z)

s P(X|z)~ |

!

~

(1996) An Overview of Corpus-Based Statistics-Oriented ({CBSO}) Techniques for Natural Language Processing

BIBTEX | Su, Keh-Yih and Chiang, Tung-Hui and Chang, Jing-Shin ( P ( X I m)) Found 2 hits in 1 page w

_https://aclanthology.org/096-2004

J=

=1-P(c, | x) EXPORTA |

Minimizing the risk thus reduces to finding t z, inimum error
probability 1 - P (¢,|x) or maximum a posteriori probability P (¢, X). The minimum error rate
classifier is normally used when the penalty of all types of errors are equally weighted.

& In a part-of: h (POS) tageing task. the mini error rate classifier can be derived J

(1999) Unsupervised Models for Named Entity Classification
lBIBTEX Collins, Michael and Singer, Yoram P( X [ ZII) Found 2 hits in 2 pages v

Ej _https://aclanthology.org/W99-0613 -

Amador et al., Searching the ACL Anthology with Math Formulas and Text. In Proceedings of the 46th International ACM SIGIR Conference on Research and Development in Information Retrieval (SIGIR '23) 65



ChemScraper System

Q. Sort results by SMILES or "Draw / Upload" another format: @ Draw / Upload [ Tl Location In PDF J[ Y J
27 results
Molecule T| Extracted Structure Original Structure SMILES Flag

SEt SEt

 Unavailable /\/ C\C(¥)=C\C1=CC=CC=C1 ~
Ph
Me X M N Ph

® View Similar Structures ]

Results Summary Molecular Information Structural Information

Found 1time(s) in 1 document Formula: CO9H9 Extracted Structure Original Structure
Weight: 117.17 g/mol MeSEtPh SEt

Location in PDF

. Chemical Safety

page: 1
Unavailable M AN Ph

Other Occurrences

page(s): 1 External References Original Context Open in PDF viewer (3 i i
e e oeese O P chemscraper.frontend.staging.mmlil.

nhcsa.illinois.edu

‘ABLE 2. @OSSCOUPLINGS OFALKYLBORON REAGENTS WITHALKENYL ELECTROPHILES

ant Alkeny! Electrophile Conditions Product(s) and Yield(s) (%) Refs.
receding the tables for ligand and catalyst structures.

SEt PA(OAC) (5 mol %), SEL
i |, PPh (10 mol %), (66) 187
A Ph s _Ph
Description cr C$CO, (1.5 eq), THF, M -
Unavailable 40°,5h

Pd(OAc) (5 mol %),
SPhos (10 mol %),
C5CO0, (2 eq), L (71) 188
toluene/water (4:1), n-Bu” "SOPh

Br~ “SOPh

« < 1 2 3 > » 10 v
66


https://chemscraper.frontend.staging.mmli1.ncsa.illinois.edu/configuration
https://chemscraper.frontend.staging.mmli1.ncsa.illinois.edu/configuration

ChemScraper System



Results: Math Formula Recognition

Typeset formula dataset

InftyMCCDB-2 Training set 12,551
InftyMCCDB-2 Test set 6,830

Typeset Formula Recognition (Raster Images)

Benchmarking MST-based parsing models on InftyMCCDB-2 test set

MST Model

+Classification +Classification m +Classification

98.50 94.54 94.43 93.96 87.77 76.72
LPGA., 99.34 98.51 97.83 97.56 93.81 90.06
LPGAqy 99.35 98.95 97.97 97.74 93.37 90.89
LGAP (Ours) 98.32 95.66 94.85 94.35 89.27 83.27

LGATI (Ours) 99.48 98.60 97.11 96.61 91.67 88.11
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Summary

Typeset math formulas: InftyMCDB-2

Baseline
+ Better Visual features RQ1
+ Edge attention (EGATV2) RQ3

+ Structural and visual noise augmentation RQ4

+ Weighted Focal loss RQ4

5.6
5.9

6.3

6.5

83.27
84.55
87.99

88.60

91.75

Fewer symbol class confusions on isolated symbols
Fewer confusions between similar symbols (e.g.,
minus vs equal)

Minor improvements in symbol segmentation and
classification, especially for noisy test images

Lower errors on high frequency classes (minus,
equal, NoRelation) by emphasizing difficult cases
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Summary

Synthetic chemical diagrams: USPTO

Best Configuration Model Table |SMILES
Match

Baseline 85.02

+ Better Visual features RQ1 5.7 86.30 Fewer symbol confusions on multi-primitive and
symbols (e.g., H, N) and symbols with similar
patterns (e.g., W/M, i/j, 1/1)

+ Edge attention (EGATv2) RQ3 5.10 89.04 Fewer misclassifications of Single lines; improved
bond connections

+ Structural and visual noise augmentation RQ4 6.4 89.20  Reduction in errors on symbol segmentation and
classification, especially for noisy test images

+ Weighted Focal loss RQ4 6.6 91.99 Lower overprediction of Single class; fewer missed
connections (NoRelation)
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Proposed Work

Multiple virtual global nodes for enriched global context in graph-based parsers

. %

Edge-specific attention for improved context and structural relationships

Iterative self-attention to enhance multi-task learning (MTL) performance

e %

Robust over-segmentation strategies and synthetic noise augmentation for parsing noisy images
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Research Questions

o Loss Aggregation: Sum vs. Complemented Harmonic Mean vs. Contraharmonic Mean

~2
( \ 7!
1 B ZtE{S,M,R} '
Heram = 1—3. Z — Hcontra = —~
\tE{S’M’R} 1 — th} ZIE{S,M,R} Zi
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Contributions

Parsing models and techniques

Parsing mathematical formulas and molecular diagrams using vector information
|£ Graph attention parsing model using line-of-sight (LOS) neighbor context for images

§ Recurrent segmentation-aware parser for raster molecule images
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Completed Work

Data generation and evaluation
#®  Annotated ground truth generation for visual parsing of raster images
[ 3
i, Enhanced visualization tool for analyzing graph-based parsing errors in context

;I; Utilized fine-grained graph-based evaluation metrics for chemical diagrams parsing
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Future Work

« Unified graph-based parsing framework for math and chemistry

« Insights into shared challenges and solutions between math and chemical parsing
« Understand the effect of input primitives on parsing

« Understand the utilization of graph structure for context and attention in parsing
« Extend the use of global nodes at multiple levels and sub-levels

« Extend MTL interaction using graph specific structure and attention models

Diao et al., “Relational Attention: Generalizing Transformers for Graph-Structured Tasks,” presented at the The Eleventh International Conference on Learning Representations, Sep. 2022

Xie et al., “Local and Global Graph Modeling with Edge-weighted Graph Attention Network for Handwritten Mathematical Expression Recognition,” Oct. 24, 2024, arXiv: arXiv:2410.18555

Ying et al., “Do Transformers Really Perform Badly for Graph Representation?,” presented at the Advances in Neural Information Processing Systems, Nov. 2021.

Xu et al., “PAD-Net: Multi-tasks Guided Prediction-and-Distillation Network for Simultaneous Depth Estimation and Scene Parsing,” in 2018 IEEE/CVF Conference on Computer Vision and Pattern Recognition, Jun. 2018. 75
Zhang et al., “Joint Task-Recursive Learning for Semantic Segmentation and Depth Estimation,” in Computer Vision — ECCV 2018.



Born-digital Parser for Molecules

Shah et al., “ChemScraper: leveraging PDF graphics instructions for molecular diagram parsing,” IJDAR, vol. 27, no. 3, pp. 395-414, Sep. 2024
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Born-digital Parser: PDF Molecule Image

NO,
(b) MST (c) Visual Graph
(a) PDF Image nodes: lines & characters nodes: lines & characters
edges: connections/merges edges: connections/merges
| | NO
i P
~. \o -----
| |
(e) Molecular Graph (d) Tokenized Visual Graph
nodes: atoms & superatoms nodes: bonds, atoms & superatoms

edges: bonds edges: connections .



Results: Molecule Diagram Recognition

Training data source: Pubchem 1 million (5,000 molecules)

Molecular structure recognition benchmarks showing percentages of generated SMILES matching ground

Exact SMILES Matches
Systems

Indigo (5719) | CLEF-2012 (992) UoB (5740)

MolVec 0.9.7 95.40 83.80 80.60
OSRA 2.1 95.00 84.60 78.50
MolScribe 97.50 88.90 87.90
MolGrapher - 90.50 94.90

ChemScraper (Born-Digital — PDF input) 98.16 89.32 94.41
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Results: Molecule Diagram Recognition

Training data source: Pubchem 1 million (5,000 molecules)

Molecular structure recognition benchmarks showing percentages of generated SMILES matching ground

Exact SMILES Matches

Systems | EGcSMUESMawches
Indigo (5719) | CLEF-2012 (992) | UoB (5740)

MolVec 0.9.7 95.40 83.80 80.60
OSRA 2.1 95.00 84.60 78.50
MolScribe 97.50 88.90 87.90
MolGrapher - 90.50 94.90
ChemScraper (Born-Digital — PDF input) 98.16 89.32 94.41
ChemScraper (Born-Digital — PDF input) 98.42 96.20 94.41

* Skipping rendering errors
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Annotated Data Generation for Visual Parser

: N N02 : : e N02

Converted Raster Image Visual primitives

Visual

S NO: NOs : . Training Data
ubchem Indigo n ‘ Map visual prim -> (Label Graph)
DEICH I — ToolKit [ - g visual graph
(SMILES)

Rendered PDF Image PDF primitives ,

Born-digital >
Parser

Used for training
visual parser

Visual Graph
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Visual Parser for Math Formulas

Line-of-sight Graph Attention Parser (LGAP) for Raster Math Formula Image

Shah et al., “A Math Formula Extraction and Evaluation Framework for PDF Documents,” in Document Analysis and Recognition — ICDAR 2021
Shah et al., “Line-of-Sight with Graph Attention Parser (LGAP) for Math Formulas,” in Document Analysis and Recognition - ICDAR 2023
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Visual Parser: Raster Math Formula Image

Complete Graph Primitive Level LOS Graph

Symbol classification Relation classification Symbol detection

: ah ah

i 1 | i

2 2 2

' B { | |

y vill [ | v ||
-z i .2 , ¥ -z i .2 .,y -z i .2, ¥

Adjacency matrix outputs from CNN

Input PNG Image

Assign Symbol Labels

(D‘ Edmond’s MST Extraction
Segmentation

*Note: off-diagonal entries corresponding
to pruned edges are empty

Symbol Layout Tree Symbol Level LOS Graph

82

Edmonds, Optimum branchings. J. RES. NATL. BUR. STAN. SECT. B. MATH. MATH. PHYS., vol. 71B, no. 4, p. 233, Oct. 1967.



Primitive Level LOS Graph

Probability outputs

Node (primitive)

1

iy Y

Query (q,) Context (c,)

Formula image

2

iy Y

l

Attention Block

a,llc,

v

z
i

2

Yy

N

N '

< .

Symbol classification Relation classification Symbol detection

N . - N

<.

A\ 4

SE-ResNext

v

Edge (primitive pair)

<

iy Y

Query (q,) Context (c,)

v

v

Attention Block

Global Feature Map

\ 4

Symbol
classes (207)

S

Linear T S

v

Relation
classes (9)

Line-of-sight Graph Attention Parser (LGAP)

v

Segmentation

classes (2)
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Visual Parser: Raster Molecule Diagram (LCGP)

: NO,

Visual primitives

Line-of-sight Chemical Graph Parser (LCGP) 84



LgEval Extension: Error Visualization

L) PingeTogen  Fiivkae ke Snoe

L Eme

Object Confusion Histograms et = 5
) (c
Object structures recognized incorrectly are shown at left, sorted by decreasing frequency. 95 incorrect targets, 1418 errors. _Z > q
| Object Targels Primitive Targels and Errors 8
3 55 errors 0 Targets
()1 5Slermors D22 emors O7emors Os emors D4 emors O3z erors [ f’—:z’ (C‘OS 922;5;" il §’)

0) @ © ) © ©

wint e e z2(8) =8N B con Pry + SiBrwnadr, + cosBry

O *@ @ @0 © e Qog(z QO%Y)

Specific instances where ‘z’ is misclassified as ‘2,
Errors organized by decreasing frequency seen after clicking on the 22 errors’ link

Mouchere et al., “ICDAR 2013 CROHME: Third International Competition on Recognition of Online Handwritten Mathematical Expressions,” in ICDAR 2013
Mouchere et al., “Advancing the state of the art for handwritten math recognition: the CROHME competitions, 2011-2014,” IJDAR 2016 85
Shah et al., “A Math Formula Extraction and Evaluation Framework for PDF Documents,” in Document Analysis and Recognition — ICDAR 2021



Benchmarks



Results: Molecule Diagram Recognition

Molecular structure recognition benchmarks showing percentages of generated SMILES matching ground

Exact SMILES Matches

Systems
Indigo (5719) | CLEF-2012 (992) UoB (5740)

MolVec 0.9.7 95.40 83.80 80.60
OSRA 2.1 95.00 84.60 78.50
MolScribe 97.50 88.90 87.90
MolGrapher - 90.50 94.90
ChemScraper (Born-Digital — PDF input) 98.16 89.32 94.41
ChemScraper (Born-Digital — PDF input) 98.42 96.20 94.41

* Skipping rendering errors

ChemScraper (Visual — PNG input) 85.02 - -
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Results: Math Formula Recognition

Handwritten Formula Recognition

Formula recognition results on CROHME test

Datasets

CROHME 2019 Training set 9993

CROHME 2019 Test set 1199
IM2TEX LR - -
CROHME 2016 Test set 1147 “ 46.55 44,55 )
CROHME 2014 Test set 986 48.47 44.81 -
Benchmark results on CROHME 2019 test set Graph-to-Graph 54.46 52.05 -
Symbols Relationships m ICAL 60.63 58.79 60.51
Systems ,
USTC-iFLYTEK
USTC-iFLYTEK [ - - - s | R ] ] 28,24
m 97.30 89.09 92.19 90.76 65.55 38.81 “ '
42.23 41.67 40.70
LGAP (Ours) ELEL. 93.59 94.39 93.51 70.23 40.70 LGAP (Ours)
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Results: Math Formula Recognition

Typeset formula dataset

InftyMCCDB-2 Training set 12,551
InftyMCCDB-2 Test set 6,830

Typeset Formula Recognition (Raster Images)

Benchmarking MST-based parsing models on InftyMCCDB-2 test set

MST Model

+Classification +Classification m +Classification

98.50 94.54 94.43 93.96 87.77 76.72
LPGA., 99.34 98.51 97.83 97.56 93.81 90.06
LPGAqy 99.35 98.95 97.97 97.74 93.37 90.89
LGAP (Ours) 98.32 95.66 94.85 94.35 89.27 83.27

LGATI (Ours) 99.48 98.60 97.11 96.61 91.67 88.11

89



Proposed Work



Proposed Work: Global Nodes

RQ1: Can the use of multiple virtual global nodes improve the global contextual information propagation in

graph-based parsers compared to a single global node?

Approach: 1 global node shared across multiple formulas vs multiple nodes per formula

Ying et al., “Do Transformers Really Perform Badly for Graph Representation?,” presented at the Advances in Neural Information Processing Systems, Nov. 2021.
Diao et al., “Relational Attention: Generalizing Transformers for Graph-Structured Tasks,” presented at the The Eleventh International Conference on Learning Representations, Sep. 2022
Xie et al., “Local and Global Graph Modeling with Edge-weighted Graph Attention Network for Handwritten Mathematical Expression Recognition,” Oct. 24, 2024, arXiv: arXiv:2410.18555
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Proposed Work: Global Nodes

RQ1: Can the use of multiple virtual global nodes improve the global contextual information propagation in

graph-based parsers compared to a single global node?

Approach: 1 global node shared across multiple formulas vs multiple global nodes per formula

« Auxiliary tasks: e.g., binary classification: digit vs. non-digit

Ying et al., “Do Transformers Really Perform Badly for Graph Representation?,” presented at the Advances in Neural Information Processing Systems, Nov. 2021.
Diao et al., “Relational Attention: Generalizing Transformers for Graph-Structured Tasks,” presented at the The Eleventh International Conference on Learning Representations, Sep. 2022 92
Xie et al., “Local and Global Graph Modeling with Edge-weighted Graph Attention Network for Handwritten Mathematical Expression Recognition,” Oct. 24, 2024, arXiv: arXiv:2410.18555



Proposed Work: Global Nodes

RQ1: Can the use of multiple virtual global nodes improve the global contextual information propagation in

graph-based parsers compared to a single global node?
Approach: 1 global node shared across multiple formulas vs multiple global nodes per formula

« Auxiliary tasks: e.g., binary classification: digit vs. non-digit

Xs, X\ and X, are cross entropy losses given the correct target response vectors (1-hot) and softmax
distributions for (S)ymbol classification, primitive (M)erge, and primitive (C)onnected outputs, respectively

Xp: Binary cross entropy loss for digit classification

Qn: set of node queries (primitives)
Qe: set of edge queries (primitive pairs)

Ying et al., “Do Transformers Really Perform Badly for Graph Representation?,” presented at the Advances in Neural Information Processing Systems, Nov. 2021.

Diao et al., “Relational Attention: Generalizing Transformers for Graph-Structured Tasks,” presented at the The Eleventh International Conference on Learning Representations, Sep. 2022 93
Xie et al., “Local and Global Graph Modeling with Edge-weighted Graph Attention Network for Handwritten Mathematical Expression Recognition,” Oct. 24, 2024, arXiv: arXiv:2410.18555



Proposed Work: Edge Attention

RQ2: Does the incorporation of edge-specific attention mechanism, relational transformer attention, improve
the performance of graph-based parsers compared to not incorporating edge features?

Attention mechanisms: None vs. GAT vs. GAT with edge attention

Approach: Use of edge features to guide attention —
h, Context

« Add node embeddings during edge attention ENEEEEEEEE

o Add edge embeddings during node attention

iy [Y

Formula image

h, _Context k| _h, Context

\/

Graph Attention with k=2 LOS Nearest Neighbors

E Context

Primitive LOS Graph

Diao et al., “Relational Attention: Generalizing Transformers for Graph-Structured Tasks,” presented at the The Eleventh International Conference on Learning Representations, Sep. 2022 9
Velickovi¢ et al., “Graph Attention Networks,” in International Conference on Learning Representations, Feb. 2018. 4



Proposed Work: Edge Attention

RQ2: Does the incorporation of edge-specific attention mechanism, relational transformer attention, improve

the performance of graph-based parsers compared to not incorporating edge features, using GAT as baseline?

Approach: Use of edge features to guide attention

h, Context

e Biasin attention: edge encodings, edge + spatial distances

« Aggregate edge encodings along the shortest path,

average path.

—

h, _Context El" E Context

- Ny —, \—/
’1 E ZJ’ h, Context

iy [Y

Formula image Primitive LOS Graph

Graph Attention with k=2 LOS Nearest Neighbors

Diao et al., “Relational Attention: Generalizing Transformers for Graph-Structured Tasks,” presented at the The Eleventh International Conference on Learning Representations, Sep. 2022

Velickovi¢ et al., “Graph Attention Networks,” in International Conference on Learning Representations, Feb. 2018.

Ying et al., “Do Transformers Really Perform Badly for Graph Representation?,” presented at the Advances in Neural Information Processing Systems, Nov. 2021. 95
Xu et al., “GTMGC: Using Graph Transformer to Predict Molecule’s Ground-State Conformation,” presented at the The Twelfth International Conference on Learning Representations, Oct. 2023.



Proposed Work: Over-segmentation and Noise

RQ3: What level of over-segmentation of primitives is helpful in improving the recognition rates for noisy raster

images, and can synthetic document noise improve the robustness of the parser for such images?

Approach:
Analyze the effect of over-segmentation and addition of noise on recognition of real-life raster images
e Control amount of over-segmentation

o Add “noise” symbol class

Gioi et al., “LSD: a Line Segment Detector,” Image Processing On Line, vol. 2, pp. 35-55, Mar. 2012. 96



Proposed Work: Multi-Task Learning

RQ4: Can incorporating self-attention with iterative classification refinements improve multi-task learning

(MTL) performance compared to the baseline models (LGAP, LCGP)

Approach: Utilize initial outputs from segmentation, symbol classification, and relationship detection tasks as

inputs to subsequent network iterations

1. Self-attention and cross-attention between tasks

2. Node-edge interaction through attention

Symbol classification Relation classification Symbol detection

a1, EENNNNNNENEC

d.llc. HENNNNNNNEN
EENRNNERRNER - y
) z i 2 y
Symbol Relation Segmentation
scores scores scores

Ying et al., “Do Transformers Really Perform Badly for Graph Representation?,” presented at the Advances in Neural Information Processing Systems, Nov. 2021.
L. Morin et al., “MolGrapher: Graph-based Visual Recognition of Chemical Structures,” presented at the Proceedings of the IEEE/CVF International Conference on Computer Vision, 2023.
Xu et al., “PAD-Net: Multi-tasks Guided Prediction-and-Distillation Network for Simultaneous Depth Estimation and Scene Parsing,” in 2018 IEEE/CVF Conference on Computer Vision and Pattern Recognition, Jun. 2018. 97

Zhang et al., “Joint Task-Recursive Learning for Semantic Segmentation and Depth Estimation,” in Computer Vision — ECCV 2018.



Related Work

Vector (e.g. PDF) Raster (e.g. PNG) Handwritten

2 2— ' “Nfrac{2Hz_i, y}”
_ .y
] . LATEX String
iy Y zir(f
Symbol Layout Tree (SLT)

Syntactic Models: generate parse tree, and linearize it to LATEX string using context-free grammars (CFGs, SCFGs)

Encoder-Decoder Models: 2D Exp ar and 1D LATEX string decoder (with attention)
/\

Graph-based Models: graph d g s ey h input to output graph (symbol layout tree)

1 ( \
e Fusion Module w

{
Eeen

] MatMul

Attention \]
Refine Module
1> Scaled
L ‘Dfl;l?roducl

query key  value

=

< oNok)

Self Attention

6 Image F;osition
Encoding J

Word Position 1

( DenseNet Encoder 3 4
- & — Encoding

T T Visual
P feature

D o 1 B_{m+1}

Self Attention

Image Inputs

R. H. Anderson, “Syntax-directed recognition of hand-prin ‘or Experimental Applied Mathematics, Aug. 1967

Alvaro et al., “An integrated grammar-based approach for mathematical expression recognition,” Pattern Recognition, Mar. 2016

Zhang et al., “Track, Attend, and Parse (TAP): An End-to-End Framework for Online Handwritten Mathematical Expression Recognition,” IEEE Transactions on Multimedia, Jan. 2019

Zhu et al., “ICAL: Implicit Character-Aided Learning for Enhanced Handwritten Mathematical Expression Recognition,” in Document Analysis and Recognition - ICDAR 2024

Xie et al., “Stroke-Level Graph Labeling with Edge-Weighted Graph Attention Network for Handwritten Mathematical Expression Recognition,” in Document Analysis and Recognition - ICDAR 2024 98
Nakagawa et al., “A survey on handwritten mathematical expression recognition: The rise of encoder-decoder and GNN models,” Pattern Recognition, vol. 153, p. 110531, Sep. 2024



Molecule Diagram Parsing

Vector (e.g. PDF) Raster (e.g. PNG)  Handwritten

“C1=CC=C(C=C1)[N+](=0)[0-]”

‘ SMILES String

Syntactic Models: generate SMILES string using image processing and chemical/geometrical constraints Molecular Graph

Encoder-Decoder Models: 2D image pixels or strokes encoder and 1D SMILES string (or others) decoder

Graph-based Models: graph decoder to convert encoded image or graph input to output graph

Our Approach

Ray et al., Finding chemical records by digital computers. Science, 1957

McDaniel et al., “Kekule: OCR-optical chemical (structure) recognition,” J. Chem. Inf. Comput. Sci., Jul. 1992

Filippov et al., “Optical Structure Recognition Software To Recover Chemical Information: OSRA, An Open Source Solution,” J. Chem. Inf. Model., Mar. 2009

Rajan et al., “Advancements in hand-drawn chemical structure recognition through an enhanced DECIMER architecture,” Journal of Cheminformatics, Jul. 2024

Qian et al., “MolScribe: Robust Molecular Structure Recognition with Image-to-Graph Generation,” J. Chem. Inf. Model., Apr. 2023 99
Yoo et al.. “Image-to-graph transformers for chemical structure recognition.” in ICASSP 2022 - 2022 |EEE international conference on acoustics. speech and sienal processing (ICASSP). Mav 2022
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Born-digital Parser: Math Formula (PDF)

Complete Graph Primitive Level LOS Graph

Symbol classification Relation classification Symbol detection

z z
i i
2 . 2
y y ‘ ||
. y

22222222 .2,y

Input PDF Formula

Symbol
Scraper

Assign Symbol Labels

Segmentation

®‘ Edmond’s MST Extraction

Symbol Layout Tree Symbol Level LOS Graph 101



Visual Parser: Raster Math Formula Image

Complete Graph Primitive Level LOS Graph

Symbol classification Relation classification Symbol detection

: an an

i 1 | i

2 2 2

' i | |

y vl . ||
-z i .2 , ¥ -z i .2 .,y -z i .2, ¥

Adjacency matrix outputs from CNN

o\“w Assign Symbol Labels

= Z
UNDER RSUB
A,
Y
\X@

Symbol Layout Tree Symbol Level LOS Graph 102

Segmentation

®‘ Edmond’s MST Extraction



Visual Primitives Extraction for Raster Images (PNG)

Build polygons from Connected Components (CCs)
Extract skeletons from medial axis of parallel lines
Segment CCs: flood fill assigning each pixel to its closest
skeleton

WN =

Input Raster Image

| PN

-

Simplified Polygons Skeletal Lines Visual Primitives

https://pypi.org/project/shapely/
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https://pypi.org/project/shapely/

Our Inputs and Outputs

0

Vector source PDF image

)

LATEX String

Inputs| Outputs
Raster or handwritten source MathML String

PNG image with CCs Handwritten strokes

Symbol layout tree (symbols) (04



Our Inputs and Outputs

/\/ NO»

\/ SMILES String

PDF image with PDF primitives

Vector source CDXML File

Raster source

I &

, I [

Molecular Graph
nodes: atoms & atom groups
PNG image with visual primitives 105




Annotated Data Generation for Visual Parser

NO, / NO,
- -
.

Rendered PDF Image Visual primitives Visual graph generated
(from SMILES) by born-digital parser
Single
Obj 0
# [ OBJECTS ] 0
# Objects (O): 10
# Format: O, objld, class, 1.0, [primitiveld list]
8’ 82@?’ :!ng:e, 1-% ‘1) Single Single
, Obj1, Single, 1.0, > :
0, Obj10, N, 1.0, 10, 11, 12 / 0314 Ol;jS
# [ RELATIONSHIPS ] Single
# Relationships (R): 11 Obj 1
# Format: R, parentld, childld, class, 1.0 (weight) 1
R, Obj0, Obj4, CONNECTED, 1.0 \
R, Obj0, Obj1, CONNECTED, 1.0 Single N 0 2
R, Obj1, Obj3, CONNECTED, 1.0 Singles Single Otg 9 ) 5)?1122 031311 021412
Single Obj 3 Obj 8 —
e}
# [PRIMITIVE FEATURES] Obj 2 1 3 8
#contours, 0, 58, 139, 56, 141, 55, 141, ... 2 \
#contours, 0, 78, 98, 77, 99, 76, 99, ... = . .
#contours, 1, 80, 395, 80, 397, 81, 398, ... Sc;rt\’gl;a Corresponding graph with labels
J
Single / 7

Label graph file 0126
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LgEval Extension: Error Visualization

[]  Primitive Targets  Primitive level Errors

E O Errors

)1 22errors Filename Image LG

@) = UN19_1039_em_559.pdf

UN19_1039_em_559.lg

UN19_1044_em_631.pdf

- 2 :
UN19_1044_em_631.Ig "Z COS 92 +g,n9 { - 2 y (;2;3
Right Right (z)

Objl

Obj2 Right
01 2 g
- : \ ( Right Jeod Right Mhets P
objd |—Right o opis [ Right 0 opj fmiRigH)
6 789 1011

Zoomed in: Specific instances where ‘Z’ is misclassified as ‘2, seen after clicking on the 22 errors’ link
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ChemScraper System

Q. Sort results by SMILES or "Draw / Upload" another format: @ Draw / Upload [ Tl Location In PDF J[ Y J
27 results
Molecule T| Extracted Structure Original Structure SMILES Flag

SEt SEt

 Unavailable /\/ C\C(¥)=C\C1=CC=CC=C1 ~
Ph
Me X M N Ph

® View Similar Structures ]

Results Summary Molecular Information Structural Information

Found 1time(s) in 1 document Formula: CO9H9 Extracted Structure Original Structure
Weight: 117.17 g/mol MeSEtPh SEt

Location in PDF

. Chemical Safety

page: 1
Unavailable M AN Ph

Other Occurrences

page(s): 1 External References Original Context Open in PDF viewer (3 i i
e e oeese O P chemscraper.frontend.staging.mmlil.

nhcsa.illinois.edu

‘ABLE 2. @OSSCOUPLINGS OFALKYLBORON REAGENTS WITHALKENYL ELECTROPHILES

ant Alkeny! Electrophile Conditions Product(s) and Yield(s) (%) Refs.
receding the tables for ligand and catalyst structures.

SEt PA(OAC) (5 mol %), SEL
i |, PPh (10 mol %), (66) 187
A Ph s _Ph
Description cr C$CO, (1.5 eq), THF, M -
Unavailable 40°,5h

Pd(OAc) (5 mol %),
SPhos (10 mol %),
C5CO0, (2 eq), L (71) 188
toluene/water (4:1), n-Bu” "SOPh

Br~ “SOPh

« < 1 2 3 > » 10 v
108


https://chemscraper.frontend.staging.mmli1.ncsa.illinois.edu/configuration
https://chemscraper.frontend.staging.mmli1.ncsa.illinois.edu/configuration

Results: Math Formula Recognition

Typeset formula dataset

InftyMCCDB-2 Training set 12,251
InftyMCCDB-2 Test set 6,830

Typeset Formula Recognition (Raster Images)

Effect of adding LOS neighborhood masks to LGAP (InftyMCCDB-2 test set)

LOS context Feature

vector vector size Detection Detection + Detection Detection + Structure +
Classification Classification Classification

1408 97.96 94.48 94.36 93.89 88.70 78.90

2816 98.32 95.66 94.85 94.35 89.27 83.27

512 98.39 95.21 94.63 94.28 89.21 81.77

1024 98.39 95.49 94.85 94.46 89.36 81.89
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Results: Math Formula Recognition

Handwritten Formula Recognition Benchmark results on CROHME
2014 and 2016 test sets

, Systems

CROHME 2019 Training set 9993 “ 37 63
E 201 11 § )
CROHME 2019 Test set 99 IM2TEX 38.74
CROHME 2016 Test set 1147 “ 46.55 44.55 ;
CROHME 2014 Test set 986 _ 48.47 44.81 -
Benchmark results on CROHME 2019 test set | apcen R 32.84 -
54.46 52.05 .
Symbols Relationships m Graph-to-Graph
91.49 80.73 COIRECRT _ o !
USTC-iFLYTEK . : e T ] - 80.73
m 97.30 89.09 92.19 90.76 65.55 38.81 m ) ) T
_ 99.10 93.59 94.39 93.51 70.23 40.70
LGAP (Ours
( ) LGAP (Ours) 42.23 41.67 40.70
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Results: Molecule Diagram Recognition

truth

Born-digital parser label graph metrics for different rendering parameters (5719 molecules).
Shown are F1 measures for symbol labels, correct labels, and complete graphs

Implicit Hydrogens |Relative |Correct Node |Correct Edge |Molecules |Molecules
Render Label Mode
Visible Thickness |(Labels) F1 (Labels) F1 Struct. Struct.+Class

Default  terminal-hetero true 99.96 99.84 98.49 97.62
Hardest  all true 1.5 99.65 99.01 81.89 81.12
Default: terminal-hetero, implicit hydrogens, thickness=1 Hardest: all, implicit hydrogens, thickness=1.5

Rendering a molecule with different parameters (Indigo toolkit) 111



Graph Attention Network (GAT)

e Consistent separation of shape and ’4
context visual features for all tasks
i Y

e Modified GAT[3] with KNN for learning

correlation between individual primitives Formula image

e GAT for interaction among three
classification distributions

h, Context

e 5% improvement in recognition rate
ARNREREEER

0 0 2 o 0
20 o 35 2
0
a0
50
60 2 - %
o3 - o 08 s0 0l 50
2 25 20 2
5
1?
50 a0
60 | il 50
0 50 s0
o o 0 50 08 50
zz . 2 2 20
251
o 2
79 » Y
60 50
0l 60
0 50 0 50

Input Formula

Primitive LOS Graph

50

“ Primitive  Primitive F Context E’) F Context
2 shape context lll...llll 1\—/ 1
rimitive 0rimi iv:;:;,l I
P;L";I::;e F::ont;xt h3 ConteXt
Shape and Context Features Graph Attention with k=2 LOS Nearest Neighbors

112
[3] P. Velickovi¢, G. Cucurull, A. Casanova, A. Romero, P. Lio, and Y. Bengio, “Graph Attention Networks,” in International Conference on Learning Representations, Feb. 2018.



Recognition Results Visualization (HTML

MathSeer Pipeline Results Visualization

Pdf name: K15-1002

Page: 4
, / HORIZONTAL HORIZONTAL HORIZONTAL
- K15-
[ Previous page || Home || Next page | K05, POAF007 v E V’UE M
Page image
23 Juint Infereace Fnumesork 10 3s sindlar o e loss Lunthon or a Laent sl

Liking vurefersace wudel®  As he swone vorw-
the quahiatic loss ‘o the mentiun

Ve exrend expreasion { 1) ko fagili
on mentien heads and eorereren:

K15-1002_P04F008.pdf

K15-
1002_P04F008

Yur<{0,1}

is chosen. To con
mezien tead des

n head A is not ckasen. then ic will n Stochustic Subgradient Descent for Juint
ks witk ether menton heud-. Tearming

leaming, we cho
ecent (FGTT) approach to Saciliczts periorming

K15-1002_P04F009.pdf

Lenl w.rl. wenlivo head i Lur

[ k_uu Loty erlors Suppuse we e g cul- A —
levtion of <l s T3, ol e geneile g7

K15-
1002_P04F009

ym e {O’ 1 } i : { HORIZONTAL

HORIZONTAL

The pa
the coreteren

K15-1002_P04F010.pdf

< the followin,

Here B and B arc regulerization cocthicients COMMA
. which are tuned on the developmel L T lesam K15- ! PUNC Obj1
fee the mention head deteetion model. we consider e 1002_P04F010 v, me M v / 9
i iert in expressin (20, 0‘2’10 ORIZONTAL
i e Lloval masdienl vl wen- m € M 3
is the los T e represen] obi2 HORIZONTAL obs HORIZONTAL obia |__msup | obis
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Training data source: Pubchem 1 million
« Born-digital: 5,000 molecules

e Visual: 3,416 molecules (validated from 5000) NOZ

Metrics:

o Exact SMILES match: String based metrics
clcce(cc1)[N+](=0)[O-]

Summary of Results:
« Born-digital parser: accurate recognition for PDF inputs

« Visual parser: competitive performance with far less training data and smaller model
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Proposed Work

Thesis statement:

Recognition accuracy of mathematical formulas and chemical diagrams can be increased by
1. Enhancing local and global context representation using edge-specific attention models

and adding multiple virtual global nodes, and

2. Improving interactions among multiple tasks by employing self attention mechanismes,

adapted for graph transformers

115



Completed Work

Parsing models and techniques

Parsing mathematical formulas and molecular diagrams using vector information
|£ Graph attention parsing model using line-of-sight (LOS) neighbor context for images

§ Recurrent segmentation-aware parser for raster molecule images

116



Completed Work

Data generation and evaluation
#®  Annotated ground truth generation for visual parsing of raster images
[ 3
i, Enhanced visualization tool for analyzing graph-based parsing errors in context

;I; Utilized fine-grained graph-based evaluation metrics for chemical diagrams parsing

117



Conclusion

Completed Work
1. Parsing from PDF: no OCR, vectorization or GPU, geometrical and chemical constraints

Interpretability: visual correspondence of output symbols with the input primitives

2
3. Ground truth generation tool, generalizable to other visual parsing tasks
4. lterative segmentation aware parsing for raster images

5

Enhanced visualization and utilized fine-grained graph-based evaluation

118



Conclusion

Proposed Work

1. Edge-specific attention for improved context and structural relationships

2. Multiple virtual global nodes for enriched global context in graph-based parsers

3. lterative self-attention to enhance multi-task learning (MTL) performance

4. Robust over-segmentation strategies and synthetic noise augmentation for parsing

noisy raster images

119



Overview

Task: Parsing molecules from documents

Output: All molecule CDXMLs/SMILES

CDXML file

<fragment BoundingBox="1639.75 397.78 2243.99 984.1800000000001" Z="1"
id="1001">
<n Z="2"id="1002" p="1768.19 519.79"/>
<n Z="3"id="1003" p="1806.21 497.78"/>
<n NeedsClean="yes" NodeType="Nickname" Z="4" id="1004" p="1739.75
502.1">
<fragment id="1005">
<n ExternalConnectionNum="1" NodeType="ExternalConnectionPoint"
Z="5"id="1006" p="1739.75 502.1"/>
<n Z="6" id="1007" p="1739.75 502.1"/>
<n Z="7"id="1008" p="1739.75 502.1"/>
<b B="1006" E="1007" Z="8" id="1009"/>
<b B="1007" E="1008" Z="9" id="1010"/>
</fragment>

SMILES
[J Embedded raw Image & k) |
[ Drawn vector Instructions

Export Options
(Per Molecule/Page/Document)

120



Born-digital Parser

Input: Born-Digital PDF Molecule Image
1. Extract Symbols from PDF
2. Build Minimum Spanning Tree (MST)
3. MST - Visual Graph
i. Detect negative charges (vs. other lines)
ii. Restructure MST: add and delete edges
iii. Tokenization: characters and parallel lines
4. Visual Graph - Molecular Graph
i. Convert line intersections into Carbons
ii. Replace bond nodes by edges
iii. Annotate names with subgraphs
Iv. Generate CDXML

Output: Editable molecular diagram (CDXML)

NO, PrANGIVE, |-
Y
Suies

(a) PDF Image

(b) MST (c) Visual Graph
nodes: lines & characters nodes: lines & characters
edges: connections/merges edges: connections/merges

n - _»NO, I NO,
o aNe]

I
(d) Tokenized Visual Graph (e) Molecular Graph

nodes: bonds, atoms & superatoms nodes: atoms & superatoms
edges: connections edges: bonds

Parsing Nitrobenzene from a PDF image

121



Born-digital Parser

Effectiveness of born-digital parser
e Does not require OCR, vectorization or GPU ©/N02 7 aS

] . ) . N
e Uses both chemical and visual information \_/

o Uses simple geometrical and chemical constraints (b) MST (c) Visual Graph
H . (a) PDF Image nodes: lines & characters nodes: lines & characters

« Visual correspondence of output symbols with edges: connectionsimerges  edges: connections/merges

the input PDF L eNo: I NO:2
o Output CDXML directly editable in ChemDraw \.’ /‘/n l\/l "
« Easily converted to other formats (SMILES, MOL, e "

(d) Tokenized Visual Graph (e) Molecular Graph
I n C h I ) nodes: bonds, atoms & superatoms nodes: atoms & superatoms

edges: connections edges: bonds

Parsing Nitrobenzene from a PDF image
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Annotated Data Generation

Algorithm NO- = NO
1. Convert PDF molecule to raster image (PNG) ‘

2. Extract visual line primitives ‘

3. Align visual primitives with PDF primitives using N

maximum overlap

Create annotated ground truth data using visual

graphs generated by born-digital parser

Validate output SMILES with ground triith

Obj 0
#[OBJECTS ] 0
# Objects (O): 10
# Format: O, objld, class, 1.0, [primitiveld list] |
0, Obj0, Single, 1.0, 0 Single Single
O, Obj1, Single, 1.0, 1 Objg4 Obj95

Extraction of visual primitives

?.,ObﬂD,N,LO.‘ID,H.‘IZ 4 5

# [ RELATIONSHIPS ] Single
# Relationships (R): 11 Obj 1
# Format: R, parentld, childld, class, 1.0 (weight) 1

R, Obj0, Obj4, CONNECTED, 1.0 = N 5 5

R, Obj0, Obj1, CONNECTED, 1.0 ingle

R, Obj1, Obj3, CONNECTED, 1.0 : A Obj9 Obj 10— Obj 11 Obj 12
Single Single 9 10, 11, 12 13 14

Single Obj 3 Obj 8

# [PRIMITIVE FEATURES] obj2 —"| 3 8
#contours, 0, 58, 139, 56, 141, 55, 141, .. 2
#contours, 0, 78, 98, 77, 99, 76, 99, ...

Ul .
#contours, 1, 80, 395, 80, 397, 81, 398, .. Single
Obj 7

Single / 7

) Label graph file i
Visual graph generated Corresponding graph with labels

by born-digital parser

Annotated ground truth data 123



Annotated Data Generation

Advantages NO- NO

1. Efficiency: Reduces time and effort for generating ‘
large datasets ‘

2. Consistency: uniform and accurate annotations N

3. Scalability: Easily scalable for extensive datasets

4. Generalizability: Easily generalizable to other
visual parsing tasks

Extraction of visual primitives

Single

Obj 0
#[OBJECTS ] 0
# Objects (O): 10
# Format: O, objld, class, 1.0, [primitiveld list] |
0, Objo, Single, 1.0, 0 Single Single
0. Obj1, Single, 1.0, 1 Objg 4 oby5

O, Obj10, N, 1.0, 10, 11, 12 4

5
# [ RELATIONSHIPS ] Single
# Relationships (R): 11 Obj 1
# Format: R, parentld, childld, class, 1.0 (weight) 1
R, Obj0, Obj4, CONNECTED, 1.0

R, Obj0, Obj1, CONNECTED, 1.0 Single N o] 2
R, Obj1, Obj3, CONNECTED, 1.0 Obj 9 Obj 10— Obj 11 Obj 12
9 10, 11, 12 13 14

Single Single
Single Obj 3 Obj 8

# [PRIMITIVE FEATURES] obj2 —"| 3 8
#contours, 0, 58, 139, 56, 141, 55, 141, .. 2
#contours, 0, 78, 98, 77, 99, 76, 99, ...

Ul .
#contours, 1, 80, 395, 80, 397, 81, 398, .. Single
Obj 7

Single / 7

) Label graph file i
Visual graph generated Corresponding graph with labels

by born-digital parser

Annotated ground truth data 124



Results

. . (5719) (992) (5740)
« Born-digital: 5,000 molecules

« Visual: 3416 molecules (validated from 5000)  MoVec®97 2240 e
OSRA 2.1 95.00 84.60 78.50
Img2Mol 58.90 48.84 78.18
Summary of Results: DECIVER
« The born-digital parser has accurate |
o ) SwinOCSR 74.00 30.00 44.90
recognition for PDF inputs
. - MolScribe 97.50 88.90 87.90
o The visual parser has competitive
performance with far less training data HIRREEES ' e e
ChemScraper (Born-Digital — PDF input) 98.16 89.32 94.41
ChemScraper (Born-Digital — PDF input) 98.42 96.20 94.41

* Skipping rendering errors

ChemScraper (Visual — PNG input) 85.02

125



Overview

Embedded raw

@ image

——— Visual LGAP
primitives Multi-Task

—

CDXML file

T - NO,

S e e nta t i 0 n A a re <fragment BoundingBox="1639.75 397.78 2243.99 984.1800000000001" Z="1"
I I I VV id="1001">
g <n Z="2" id="1002" p="1768.19 519.79"/>
<n Z="3" id="1003" p="1806.21 497.78"/>
C N N <n NeedsClean="yes" NodeType="Nickname" Z="4" id="1004" p="1739.75
502.1">

<fragment id="1005">

<n ExternalConnectionNum="1" NodeType="ExternalConnactionPoint"
Z="5" id="1008" p="1730.75 502.1"/>

<n Z="6" id="1007" p="1739.75 502.1"/>

| . <n Z="7" id="1008" p="1739 75 502 1"/>
C h emica I <b B="1006" E="1007" 2="8" ki="1009"/>

<b B="1007" E="1008" Z="9" id="1010"/>

Vector insltructions Graph > Graph bk
PDF L |
o Born-Digital Parser
SymbolScraper ™ filulia=3 w , y
. Minimum Spanning Tree SMILES 7=
PDF Graphics : €
[] Embedded raw image @ ) & + Graph Rewrite Rules

Export Options
(Per Molecule/Page/Document)

Extraction

[ Drawn vector instructions

[1] Shah, A. K., & Zanibbi, R. (2023). Line-of-Sight with Graph Attention Parser (LGAP) for Math Formulas., Document Analysis and Recognition—ICDAR 2023 (pp. 401-419). 126



Overview

1. YOLOvVS8 Detector: detect molecule regions
2. Symbol Scraper: extract character and graphics from PDF encodings
3. Graph Construction and Transformations:
0 Born-digital parser: extracts visual graph from PDF symbols using minimum spanning tree and graph rules

e Visual parser (LGAP): multi-task CNN extracts visual graph from image primitives

4. Chemical graph generation

LGAP
Multi-Task Segmentation <iragment BoundingBox="{639.75 39778 2243 99 984 1800000000001" 2=

<n Z="2" i¢="1002" p="1768.19 519.79">
Aware CNN <n Z="3" id="1003" p="1806.21 497.78"/>

<n NeedsClean="yes" NodeType="Nickname" Z="4" id="1004" p="1739.75
502.1">
<fragment id="1005">

C h em i ca | <n ExtemalConnectionNum="1" NodeType="ExtemalConnectionPoint"
. Z="5" id="1006" p="1739.75 602.1"/>
ﬁ Visual Graph ) Graoh <0 Z="6" k="1007" p="1739.75 502.1%>
rap <n Z="7" id="1008" p="1739.75 502.1"/>
<b B="1006" E="1007" Z="8" id="1009"/>
<b B="1007" E="1008" 2="9" id="1010">

Symbol Scraper
PDF Graphics

; Born-Digital Parser el
2 HE el Minimum Spanning Tree +
Graph Rewrite Rules | | |
v v v

SMILES @ @
[ Embedded raw image o =]

[ Drawn vector instructions .
Export Options
(Per Molecule/Page/Document)

[1] Shah, A. K., & Zanibbi, R. (2023). Line-of-Sight with Graph Attention Parser (LGAP) for Math Formulas., Document Analysis and Recognition—ICDAR 2023 (pp. 401-419). 2y



Visual Parser

NO, Nodes (primitives) Edges (primitive pairs)
1. Input: Raster image with extracted line primitives i ] ]
2. Pruned LOS Graph: LOS graph over visual primitives i) Q<A s ==
pruned to 6 nearest neighbors Molecule image Pruned LOS Graph  — [g)
3. SE-ResNext Backbone: Processes query and context e ( "mmguwts) | Comem:‘ l_ouerv(o)cwtext(m
images mnm’,:to"?r%%?ﬁt: oot 012 ol
4. Classification: MLPs for o T, -
1. Symbols (71 classes), oy . s
2. Segmentation (MERGE and NOT_MERGE), @Qm @ e teed =P
3. Relationships (CONNECTED and NOT_CONNECTED) II “ IHII
5. Symbol-label Graph: Merge primitives Rlatons """’I Segmentatons Symbos
6. Output: Final visual graph with labeled nodes (visual

symbols) and edges (connections)
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Visual Parser

Novel Techniques in Visual Parser
1. Pruned LOS Graph: Efficiently captures spatial relationships, reducing complexity

and improving accuracy.
2. Discrete Attention: Updates query and context images based on predicted

segmentation
3. Training on annotated data generated by born-digital parser

129
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LOS Context Masks

LOS Context Masks

e Goal: using additional context from line-of-sight
graph neighbors in visual features

e Concatenate LOS attention masks to node
attention masks to form the node feature vector

e 2.49% improvement in formula recognition rate

Punctuation Representation

e Goal: Representing punctuation relationships
more consistently in ground truth

¢ 1.23% improvement in formula recognition rate

LOS neighbors of the
A query node Formula Image given query node LOS Graph
2 ] (Primitive level)
(5 iy Y
Downsample + ‘ Downsample +
Normalize Normalize

%) 1 »%)

Pooling PoolingT

Global Feature Map

HRNNERENEER CxHXW HERRERREREER
Node attention LOS attention
mask mask

Node feature vector

Binary attention masks (nodes) for additional context
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Annotated Data Generation for Visual Parser

NO, NO,
» »

Converted Raster Image Vlsual primitives
; Visual
Pubchem Allgnment Training Data
Dataset PDF (Label Graph)
(SMILES) Rendered PDF Image PDF primitives

l ‘ Used for training

visual parser
Born-digital
»
Parser

Indigo
ToolKit

Visual Graph

132



Born-Digital Parser

133



Conclusion

Born-digital parser

1. Simple: no OCR, vectorization or GPU, simple geometrical and chemical constraints

2. Interpretability: visual correspondence of output symbols with the input PDF

3. Accessible: output CDXML directly editable in ChemDraw, easily converted to other
formats (SMILES, MOL, InChl)
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Conclusion

Annotated data generation
1. Efficiency: reduces time and effort for generating large datasets
2. Consistency: uniform and accurate annotations

3. Generalizability: generalizable to other visual parsing tasks
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Conclusion

Visual Parser

1. Pruned LOS Graph: efficiently captures spatial relationships, reducing complexity and

improving accuracy.
2. Visual primitives: computational geometry-based, deterministic

3. Discrete Attention: updates query and context images based on predicted segmentation

4. Training: on annotated data generated by born-digital parser
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Motivation

« Enhancement of Chemical Informatics

« Advancement in Drug Discovery and Chemical Synthesis
« Development of Graphics-Aware Search Engines

e Support for Academic Research

= | 0
%‘A
: OH

Which catalysts can improve
the yield of of this chemical?

Let’s find reactions
producing this molecule.

& [}
Introduction Test Collections Formula Search Formula+Text Search 137




Overview

Task: Detecting and parsing molecules from documents

e Input: A scientific paper (PDF)
« Embedded raw images

« Drawn vector instructions
Ju

PDF

Output: All molecule CDXMLs/SMILES

Symbol Scraper
PDF Graphics
Extraction

LGAP
Multi-Task Segmentation
Aware CNN

Visual Graph )

Born-Digital Parser
Minimum Spanning Tree +
Graph Rewrite Rules

Chemical
Graph

<fragment BoundingBox="1639.75 387.78 2243.99 984.1800000000001" Z="1*
id="1001">
<n Z="2" id="1002" p="1768.19 519.79"/>
<n Z="3" id="1003" p="1806.21 497.78"/>
<n NeedsClean="yes" NodeType="Nickname" Z="4" id="1004" p="1739.75
502.1">
<fragment id="1005">
<n ExternalConnectionNum="1" NodeType="ExtemalConnectionPoint"
Z="5" id="1006" p="1739.75 502.1"/>
<n Z="6" id="1007" p="1739.75 502.1"/>
<n Z="7" id="1008" p="1739.75 502.1"/>
<b B="1006" E="1007" Z="8" id="1009"/>
<b B="1007" E="1008" Z="9" id="1010"/>
</fragment>

[J Embedded raw image & ksl
[ Drawn vector instructions

\ 4 v l

SMILES @ @

Export Options
(Per Molecule/Page/Document)
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Born-digital Parser

1. YOLOv8 Detector: detect molecule Prorae PROTabl
regions p[;j——;[';j—u YOLOv8 > E - ?ELl
2. Symbol Scraper: extract character Ll
d h f PDF d 9 .| Extract Characters =?{>‘ | \
and graphics from encodings = & Graphics PEV g
3. Graph Construction and . o) o
. . o, . molconvert - <+—— Build Chemical Graph
Transformations: PDF primitives -> sve ) :

MST -> Visual graph
4. Chemical graph generation
5. CDXML generation
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1. YOLOv8 Detector: detect molecule regions
2. Symbol Scraper: extract character and graphics from PDF encodings

3. Graph Construction and Transformations:

. Born-digital parser: extracts visual graph from PDF symbols

. Visual parser: multi-task CNN (LGAP) extracts visual graph from Image primitives

4. Chemical graph generation

CDXML

PDF Corpus }"

Localization, PDF Glyph
Extraction and Parser
Selector

Molecule Region
Detector

Symbol Scraper
PDF Graphics
Extraction

LGAP
Multi- Task Segmentation
Aware CNN

Born-Digital Parser
Minimum Spanning Tree
+ Graph Rewrite Rules

Chemical
Graph

id:

<fragment BoundingBox="1639.75 397.78 2243.99 984.1800000000001" Z="1"
="1001">

<n Z="2"id="1002" p="1768.19 519.79"/>
<n Z="3" id="1003" p="1806.21 497.78"/>

<n NeedsClean="yas" NodeType="Nickname" Z="4" id="1004" p="1739.75

502.4">
<fragment id="1005">

Z="5" id:
<n Z:

<n ExternalConnectionNum="1" NodeType="ExternalConnectionPoint"
" 06" p="1739.75 502.1%/>

d="1007" p="1739.75 502.1"/>
Id="1008" p="1739.75 502.1"/>
006" E="1007" Z="8" id="1009"/>
="1007" E="1008" Z="9" id="1010"/>

[ — PDF Embedded Image & .7,?: SMILES
[C] — PDF Drawn Instructions

Export Options
(Per Molecule/Page/Document)

[1] Shah, A. K., Amador, B. M., Dey, A., Creekmore, M., Ocampo, B., Denmark, S., & Zanibbi, R. (2024). ChemScraper: Leveraging PDF Graphics Instructions for Molecular Diagram Parsing
(arXiv:2311.12161). arXiv. https://doi.org/10.48550/arXiv.2311.12161, accepted at ICDAR 2024

[2] Shah, A. K., & Zanibbi, R. (2023). Line-of-Sight with Graph Attention Parser (LGAP) for Math Formulas. In G. A. Fink, R. Jain, K. Kise, & R. Zanibbi (Eds.), Document Analysis and
Recognition—ICDAR 2023 (pp. 401-419). Springer Nature Switzerland. https://doi.org/10.1007/978-3-031-41734-4_25

140


https://doi.org/10.48550/arXiv.2311.12161

NO,

. . c) Visual Graph
(a) Raster Image (b) Visual primitives no(de)s: lines & charagters
nodes: lines edges: connections/merges
Il N02 ||/ \ ) N02
| , I |

" “\ .
(d) Tokenized Visual Graph (e) Molecular Graph
nodes: bonds, atoms & superatoms nodes: atoms & superatoms

edges: connections edges: bonds

(LY
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Evaluation Metrics

Graph-based Metrics (LgEval)

1. Detection F-scores (symbol & relationship)

2. Detection + classification F-scores (symbol & relationship)
3. Unlabeled structure recognition rate Ground Truth Predicted
4. Labeled structure recognition rate

NO,

String-based Metrics
o Exact SMILES match (chemistry)

c1ccc(cc1)[N+](=0)[O-]
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Conclusion and Future Work

Introduced a simple, fast born-digital parser for parsing molecules from vector graphics
Automated the ground truth data generation process
Created a competitive visual parser for parsing molecules from raster images trained on

data generated by born-digital parser
Output CDXML directly editable in ChemDraw and easily converted to other formats

Future Work

Exploring GNNs, graph rewriting systems, encoder-decoders for born-digital parsing
Applying graph-based evaluation methods to other graphics including math and tables
Applying the parser to index molecules and other graphics in PDF collections for graphics-
aware search applications
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Results: Molecule Diagram Recognition

Training data source: Pubchem 1 million
« Born-digital: 5,000 molecules

e Visual: 3,416 molecules (validated from 5000)

Additional Metrics:
o Exact SMILES match: String based metrics
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Motivation

What is the name
of this formula?

Let’s find documents
describing this formula.

Amador et al., Searching the ACL Anthology with Math Formulas and Text. In Proceedings of the 46th International ACM SIGIR Conference on Research and Development in Information Retrieval (SIGIR '23) 145



Motivation

Which catalysts can
improve the yield of of
this chemical (aspirin)?

Let’s find reactions
producing this molecule.
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