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Issuel What do you think about same sex marriage?
Positionl Same sex marriage should be legal.
Argumentl | There is absolutely no legal, logical, or governing reason that same sex couples cannot be wed.
Issue2 What do you think about same sex marriage getting made seem inferior to heterosexual marriage?
Position2 It’s unfair.
Argument2 It is h-ypo?ritical to deny the full rights and opportunities of citizenship which includes the access
to an institution as basic as matrimony.
Argument3 | It is no different.
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Gated Attention Network (FRZRFE) 0.989 | 0.984 0.998
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