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(he Problem

Al is Powerful, But Privacy Is at Risk

Al (LLMs) makes life easier:

it solves problems, automates tasks, finishes jobs faster.

But: there’s a big problem — Data Privacy.

Real-world examples: companies like Samsung leaked confidential data
into ChatGPT.

Challenge: Al 1s double-edged — 1t can be good, but also dangerous 1f
misused.

As a computer scientist, I asked: how do we protect people’s data from

\@ misuse?
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/First Step: Protecting and Encrypting Data

Starting with Encryption

The first defense: Learning With Errors (LWE).

LWE 1s futuristic and already used in post-quantum cryptography.

It works by adding small noise — data looks scrambled to attackers.
Only the person with the key can “unscramble” it.

Result: Hackers face an almost impossible problem.

%nd don t worry, that's just the beginning!)
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@ hat is LWE?

Learning With Errors Explained Simply

Think of LWE as adding ““fake letters™ into your diary.

To outsiders: the diary looks messy and unreadable.

To the owner (with the key): you know which letters are real.
Key point: Easy to use if you have the secret, impossible if you

don’t.
/

Qﬁ‘ong enough to resist even quantum computers.

&)uble Protection: Homomorphic Encryption

Adding a Second Lock

Now we add homomorphic encryption — a second layer.
Analogy: the diary 1s locked, and then placed inside a locked
box.

You can work on the diary (write notes, change text) while 1t’s

still in the locked box.

But you can’t remove or expose it without the key.
%esult: Data 1s doubly hard to steal or misuse.

Gle Next Problem
But What About Al Training?

A]. )

LLM companies want data to keep models smart.
If everything is encrypted, they may say: “We can 't improve our !

This creates a conflict: Security vs. Model Improvement.
@)w do we allow Al to learn without exposing private data? /
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How The Trio Works
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(he Solution: Synthetic Data

Al Protecting Against Al
Idea: split the data flow into two paths:

Private Data — stays encrypted (LWE +
homomorphic).

Synthetic Data — generated from private data
(fake but realistic).

LLMs get the synthetic version for training.
Users keep their real private data fully encrypted.
\fult: Privacy protected + Al still improves.

Safe Al

Training
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616 Trio in Action
The Unbreakable Trio
Step 1: Learning With Errors — noise as armor.

box.

Together, they form an Unbreakable Trio.
Qotects users and still helps Al grow.

Step 2: Homomorphic Encryption — locked diary 1n a locked

Step 3: Synthetic Data — fake-but-useful data for Al training.

(Onclusion

A Future of Trustworthy Al

~

optional.
With the Unbreakable Trio, we:
Keep real data safe.

/

companies growth.

Privacy via Encryption

Utility via Synthetic Data

B Trust & Security Balance

Final thought:

\f use Al to protect against AIL.”

Al 1s here to stay, but privacy must not be

Let Al keep learning responsibly.
Give users control + give
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