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Argmax vs. Softmax
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SparseMAP Inference Solution

μ⋆ = argmax
μ∈M

μ⊤η − 1/2∥μ∥2

= = .6 + .4

= Ap⋆ with very sparse p⋆ ∈ △N



Algorithms for SparseMAP

μ⋆ = argmax
μ∈M

μ⊤η − 1/2∥μ∥2

Greedy Condiঞonal Gradient
(Frank-Wolfe) algorithms

▶ select a new corner ofM
▶ update the (sparse) coeLcients of p
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Structured Attention for Alignments
NLI premise: A gentleman overlooking a neighborhood situaঞon.

hypothesis: A police oLcer watches a situaঞon closely.
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Dynamically inferring
the computation graph
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Structured Latent Variable Models
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How to deCne pπ? ∑
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∂p(y | x)
∂π

idea 1 pπ(h | x) = 1 if h = h⋆ else 0 argmax
idea 2 pπ(h | x) ∝ exp

�
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�

so[max
idea 3 SparseMAP

e.g., a TreeLSTM deCned by hsum over
all possible trees

parsing model,
using some scoreπ(h; x)

Exponenঞally large sum!
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Le[-to-right: regular LSTM

⋆ The bears eat the pre�y ones

Flat: bag-of-words–like

⋆ The bears eat the pre�y ones

CoreNLP: o@-line parser

Sentence pair classiCcaঞon (P,H)

p(y | P,H) = ∑
hP∈H (P)

∑
hH∈H (H)

pφ(y | hP,hH) pπ(hP | P) pπ(hH | H)given word descripঞon, predict word embedding (Hill et al, 17)
instead of p(y | x), we model Epπg(x) =

∑
h∈H

g(x;h) pπ(h | x)
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Structured Output Prediction

SparseMAP LA(η, μ̄) = max
μ∈M
�
η⊤μ − 1/2∥μ∥2	

− η⊤μ̄ + 1/2∥μ̄∥2

cost-SparseMAP LρA(η, μ̄) = max
μ∈M
�
η⊤μ − 1/2∥μ∥2+ρ(μ, μ̄)	

− η⊤μ̄ + 1/2∥μ̄∥2

Instance of a structured Fenchel-Young loss, like CRF, SVM, etc. [Blondel, Marঞns, Niculae ’18]
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