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) Rulebase Example
IF "yes" is equal to uniform_layer_flow

THETA is greater than 45.0
THETA is less than or equal to 90.0
C4 is greater than (Lm/(0.8*(Hs-H0)))
C6 is greater than (Lb/(0.8*(Hs-HO0)))
C9 s less than or equal to (Lt/(0.8A(Hs-HO)))

Then flow_type_ok is confirmed
"V2" is asssigned to flow_type
"No" is assigned to wake_attachment
Find coanda_attachment_value

B) Rule Tree Example
4+— Deductive Logic/Backward Chaining

— > Inductive Logic/Forward Chaining

Conclusion A1
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How Dog Training Works
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Education is not
the learning of
facts, but the
training of the
mind to think.
~Albert Einstein
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Deep Convolutional Network (DCN Deconvolutional Network (DN Deep Convolutional Inverse Graphics Network (DCIGN
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Computer Go Al — An Implementation Idea?

d = maxD

Process the simulation until the game ends,

then report win / lose results

431,320 times

Takeaways

Use the networks trained for a certain task (with different loss objectives) for several other tasks

Rollout policy SL policy network AL policy network Value network
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The times when we could completely count &
on others, they are over to a certain extent. ”‘]
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A little girl sitting on a bed with A group of people sitting on a boat
a teddy bear. in the water.
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