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Introduction
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Expression Image LaTeX Code



Calculus Math Handwriting Recognition Dataset

https://www.kaggle.com/datasets/aidapearson/ocr-data

100,000 images in total
Split with 6:2:2

Bbox
Class
Segmentation Mask



Dataset Preprocess

YOLO-specific data

YOLO Format — .
preprocessing

Original Customize Format — COCO Format
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Stage 1: Handwriting Recognition

YOLOvV8

Need spatial relationship

between characters - Anchor Free

- Predict Diverse Shapes

https://docs.ultralytics.com/tasks/detect/



Stage 1 Result
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Stage 1 Result
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Table 1. YOLOvS8 Result on Test Dataset

mAP50 mAP50-95

Precision

Recall

0.98 0.95

0.99

0.98




Stage 1 Result
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Stage 2 : Composing bbox to LaTeX

Loss function
— Cross entropy loss: Leg = — YV, v; log(;)

The output is a sequence of tokens from a defined vocabulary.

It measures the difference between the predicted probability distribution
for each token in the vocabulary and the actual distribution



Stage 2: Composing bbox to LaTeX

The Transformer model:

Bounding Box

of Token LaTeX Code

- Transformer
Labels



N = The number of bbox

Step 1: Token Embedding E = 512

Dimension of Transformer
In order to make the model understand the spatial relationship of

each character in an image...

nn.embedding

num_dim: E
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Tokens
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Frequencies

Positions
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Encoder & Decoder

nn.TransformerEncoderLayer

Qutput
Probabilities

—

Encoding

| g
1| LAdd & Norm
Feed
Forward
e 1 ~ ((Add & Norm ﬁ
g [T Mult-Head
Feed Attention
Forward T 7 Nx
.
' Nix Add & Norm
r-’| Add & Norm | aeked
Multi-Head Multi-Head |
Attention Attention
L At
—] J —)
=i - Positional
Cy_( Encoding
Input Output
Embedding Embedding
Inputs Outputs
(shifted right)

Figure 1: The Transformer - model architecture.

nn.TransformerDecoderLayer



Evaluation— Precision, Recall, F1-score
True/False Positives and Negatives

True Positives (TP): These are the tokens that are correctly predicted by the
model.

False Positives (FP): These are the tokens that the model predicted incorrectly

False Negatives (FN): These are the tokens that the model should have
predicted but did not.



Simple example

Actual LaTeX: \lim_ {y\\to\\infty}(y - 3)
Model's Prediction:  \lim_{y\\to\\infty}(y - 2)

True Positives (TP): These are: \\lim_, {, y, \\to, \\infty, }, \\left(,y,-,\\right)
Total TP: 10

False Positives (FP): Since 2 is predicted instead of 3, it is a false positive.
Total FP: 1

False Negatives (FN): The 3 was missed because 2 was predicted instead.
Total FN: 1



Evaluation

Precision

Recall

F1-score

N. of Correctly Predicted

True Positives Positive Instances
True Positives + N. of Total Positive
False Positives Predictions you Made
" N. of Correctly Predicted
True Positives Positive Instances
True Positives + N. of Total Positive
False Negatives Instances in the Dataset

Precision * Recall

2 *
Precision + Recall

https://towardsdatascience.com

WHY them?

-accurate

-identified

-balanced



Thanks for Listening!

Q&A







