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usr | Need a restaurant called meze bar restaurant.

sys | There ’s a place called meze bar restaurant.

I will book it for you and get a reference number ?

usr | I am looking for details on the meze bar restaurant restaurant.
sys | Would you like to try meze bar restaurant ?

usr | I am looking for details on the meze bar restaurant restaurant.
sys | Would you like to try meze bar restaurant ?

usr | I am looking for details on the meze bar restaurant restaurant.

sys | Would you like to try meze bar restaurant ?
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