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Outline Sparse and Structured Transformations This paper: Structured Hopfield Networks Structured Rationalizers
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Let Q2 : A — R be a convex regularizer (/A = simplex).

Rationales from our Hopfield pooling layer: sparseMAP
generator with k-subsets and sequential k-subsets.

m (2-regularized prediction map:

90(6) = argmax 8Ty — Q(y). Set of N memory patterns X € RV*P query g € R” AgNews? Beer (MSE) | Beer (HRO) 1
yEA n Hopﬁeld_FenChel_Young energy: HardKuma [8] .90 (.87/.88) 019 (.016/.020) 37/ (.00/.90)
[] FencheI_Young IOSS induced by Q: 1 1 T ) SPECTRA [9] 92 (.92/.93) .017 (.016/.019) 61 (.56/.68)
L 9 Q Q* 9 0—|— E(q) — —B LQ(BXC], ]./N) + _H q — X ]-/NH -+ const. . SparseMAP k-subsets (OUI’S) 93 (92799 017 (0177019 A2 (29762
— _ SN LA Vi L S
Q( Y ) (y ) T ( ) Y- %/_/ SparseMAP seq. k-subsets (ours) .93 3959 .020 (018/.021 .63 (49/70)

Econcave(q) Econvex(q)

Exa m ples: 1-entmax 1.5-entmax 2-entmax 2-normmax 5-normmax

m Update rule (via CCCP): Text rationalization results. We report mean and
m Shannon negentropy: {)(y) = )_; pilogp; T3 min/max MSE for beer and F; scores for AgNews across
— softmax & cross-entropy loss qi+1 Ya t fve random seeds
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