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Removal Point? What're you

talking about!

It’s Removal Point. That’s

where they put the boat.

I’m not talking about anything.

I’m talking

I’'m not talking I'm not talking

I know why you broke up with
me in college. Can you forgive

me?

I know, but I cannot forgive

you.

I don’t forgive you.

I don’t know what you are talk-

ing about.

I live in Haitian District where

there are lot of universities .

What kind of
universities do you like in
Haiti?

That’s great!

Congrats!

Do you have a good education?

Shes very striking, don’t you
think?

a fashion where she comes

Are these glasses

from?

No, I don’t think so. Its prob-
ably just fashion.

I don’t know. I don’t think so.
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