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EMPATHIZE — Stage 1

Empathize — Understanding the Problem
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DEFINE — Stage 2

Define — Clearly Articulating the Problem

I J @ Problen}__ Summary |

N ~ Students struggle to improve in math because
]

they lack personalized feedback and find
&  practice problems unengaging.
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What? | - - Lack of personalized feedback
“% Why'? I - Unengaging Practice
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@ IDEATE — Stage 3

Ideate — Solutions with Autoencoders & VAEs
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Ideate — Solutions with Autoencoders &,

& VAEs
¥ Use Autoencoders

+u Encoder compresses data

6 Decoder reconstructs data

| :. VAE adds probability




£ PROTOTYPE — Stage 4

Prototype — Training with Autoencoders & VAEs

Input " Encoder Y Decoder Training

Tramning
reduces
reconstruction
error

to creates- * Teconstructs reduces
encoder latent space 4 output reconsttruction

Prototype — Training with
Autoencoders & VAEs

Use
Llatencoders

i Encoder
© recneructs data

Decoder
roonncts data




TEST — Stage 5

Test — Evaluation with Autoencoders & VAEs

Reconstruction Loss  Latent Space Analysis




MIND MAP

Autoencoder Basics Cr B Concepls. )
e Dimensionality Reduction o Probabilistic Latent Space @,g
e Noise Reduction e Variational Inference _ : \(:]
; | : A : ® -
e Feature Learning \_ e KL Divergence (Regularization)
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L; Autoencoders

Autoencoder Basics VAE Conceptﬁ
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e Dimensionality Reduction e Probabilistic Latent Space
e Noise Reduction # \ | e Variational Inference
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e Feature Learning ! I —
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CURIOSITY / DISCUSSION

v

S How latent space

e . |
Why VAESs generate | REips capning - 4 Where are VAEs

smoother outputs? used?




APPLICATIONS
3

L=

Data Compbpression (Generation



ADVANTAGES & LIMITATION
.

{2 Efficient Data Representation

€) Training Challenges
€2 Noise Reduction €9 Overfitting Risk

@& Feature Extraction €9 Limited Interpretability
€2 Data Generation €9 Computational Cost




CONCLUSION

~© Autoencoders efficiently learn data representations

V) VAEs add a probabilistic layer, enablin
v p »/ g
new applications

- Many real-world uses from denoising
to creative generation

€5 Ongoing research seeks to improve,
like multimodal & ethical Al

Keep exploring and applying these techniques |
to discover new possibilities! ?
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