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Function
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Addition Energy
Function

Low Energy

5y — — E(y|x)

Correct Answer (I): RMX RN—> ]R
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Reasoning through Energy Minimization

Summation Algorithm Zo 4 P
s 21 VEg (1%, %)
Sum(z, y) |

Input: input x € R®
input y € R*
Output: output z € R¥
Initialization: z < [0]*
for index £ = 1to K do |
ZE < Tk + Yk | -
end for - _

Sum(x, y) = argmin Fy(z|z,y)

z
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Similar trends in connected components
and edge copy.



Graphical Reasoning

Predicted Shortest Path (Distance 3.338) True Shortest Path (Distance 0.685)
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Graphical Reasoning

Predicted Shortest Path (Distance 2.439) True Shortest Path (Distance 0.685)
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Graphical Reasoning

Predicted Shortest Path (Distance 1.330) True Shortest Path (Distance 0.685)
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Predicted Shortest Path (Distance 0.790) True Shortest Path (Distance 0.685)
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Predicted Shortest Path (Distance 0.685) True Shortest Path (Distance 0.685)




Matrix
Reasoning




Matrix Reasoning
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Recursively Nesting Applied Factors

Error vs Composed Operations
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First nine entries in 400 matrix
outputs!



Reasoning as Energy Graph Matrix Recursive
Minimization Reasoning Reasoning Reasoning

‘ rEg (zlx,y ek *_‘ p
o// . /./
7/
(] ‘/
LT
k ‘ / 3 - :-ﬁ:_.-;-:‘_:_':‘:———




Learning lterative Reasoning through Energy Minimization

Yilun Du', Shuang Li', Joshua B. Tenenbaum?™?, Igor Mordatch3

'MIT CSAIL, °MIT BCS, 3Google Brain

H 00 e
I I I I I %“003 Google Brain



