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Argmax vs. Softmax
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sparsemax(0) = argmaxp ' @ - 1/2|Ip||2
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_ 2
= argmin|p - ]2
[1YYAN
Computation: Backward pass:
p* = [e - T1]+ Jsparsemax d'ag( ) - ESST
8i > 6 = pi = p; whereS—{jzpj>O},
O(d) via partial sort si=[ieS]

(Held et al., 1974; Brucker, 1984; Condat, 2016) (Martins and Astudillo, 2016)
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Computation: Backward pass:
p* = g(s) - 555"
IR (Gould et al., 2016; Amos and Kolter, 2017) [E pj* >0},
O(d) via | S]

(Held et al., 1974; Brucker, 1984; Condat, 2016) (Martins and Astudillo, 2016)
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Smoothed Max Operators
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fusedmax(@) = argmaxp' O - 1/2||p||§ - Z lpj — pj-1l
pEA 2<j<d

=argmin|lp- O[3+ > Ipj-pj-1l
peA 2<j<d

proxtysed(0) = argmin [[p - O112+ > |pj - pj-1]
peRrd 2<j<d

Proposition: fusedmax(0) = sparsemax(proxfused(e))

(Niculae and Blondel, 2017)
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Structured Prediction
is essentially a (very high-dimensional) argmax
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e.g. dependency parsing — max. spanning tree
matching — the Hungarian algorithm
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e.g. sequence labelling — forward-backward
(Rabiner, 1989)

As attention: (Kim et al., 2017)
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e.g. dependency parsing — the Matrix-Tree theorem
(Koo et al., 2007; D. A. Smith and N. A. Smith, 2007; McDonald and Satta, 2007)

As attention: (Liu and Lapata, 2018)
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e.g. matchings — #P-complete!
(Taskar, 2004; Valiant, 1979)
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(Niculae, Martins, Blondel, and Cardie, 2018)
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Algorithms for SparseMAP
p* =argmaxp ' N - YV2lp|?

linear constraints MEM R quadratic objective

(alas, exponentially many!) \_/‘

] Completely modular: just add MAP FEes

(Frank and Wolfe, 1956

® select a new corner of M oM -
) an IS Sparse
¢ update the (sparse) coefficients of p T
® Update rules: vanilla, away-step, pairwise computing (ﬁ) dy

H *
® Quadratic objective: Active Set takes O(dim(u) nnz(p*))
(Nocedal and Wright, 1999, Ch. 16.4 & 16.5)
(Wolfe, 1976; Vinyes and Obozinski, 2017)
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Structured Attention for Alignments

NN premise: A gentleman overlooking a neighborhood situation.
hypothesis: A police officer watches a situation closely.

input ' ] output
A——A
(P, H) gentleman police entails
* overlooking >< officer * contradicts
neutral
situation closely

(Proposed model: global matching)



In code:

# Xp: (n_prem x k)
# Xh: (n_hypo x k)

Z = Xp a Xh.t0O

Up = softmax(Z, dim=1)

Uh = softmax(Z, dim=0)
Xp = cat([Xp, Up a Xh])
Xh = cat([xh, Uh.t() a Xp])

# oo



In code:

# Xp: (n_prem x k) # Xp: (n_prem x k)

# Xh: (n_hypo x k) # Xh: (n_hypo x k)

Z = Xp a Xh.t0) Z = Xp a Xh.t()

Up = softmax(Z, dim=1) U = sparsemap_matching(Z)
Uh = softmax(Z, dim=0)

Xp = cat([Xp, Up @ Xh]) Xp = cat([Xp, U a Xh])
Xh = cat([Xh, Uh.t(D) @ Xp]) Xh = cat([Xh, U.t(D) a Xp])

#o... oo o0
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Dynamically inferring
the computation graph



So far: a structured hidden layer
Enlan]

Network must handle “soft” combinations of structures.
Fine for attention, but can be limiting.
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Latent Dependency TreeLSTM

(Niculae, Martins, and Cardie, 2018)

input output
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Latent Dependency TreeLSTM

(Niculae, Martins, and Cardie, 2018)

p(ylx)= > p(y | h,x)p(h | x)

heH

input output

The bears eat the pretty ones

heH




Structured Latent Variable Models

p(y | x) = Zp (ylh,x)p (h]x)
heH



Structured Latent Variable Models

p(y |X)= D pg(y | h x) pa(h | x)
heH



Structured Latent Variable Models

e.g., a TreeLSTM defined by h

p(y |X)= D pe(y | h x) pn(h | x)
heH



Structured Latent Variable Models

e.g., a TreeLSTM defined by h

p(y |X)= > pg(y | h.x) pu(h | x)
heH

parsing model,
using some scoreq(h; x)



Structured Latent Variable Models

sum over e.g., a TreeLSTM defined by h

all possible trees /_\

p(y |X)= D pe(y | h x) pn(h|x)
heH

parsing model,
using some scoreq(h; x)

Exponentially large sum!




Structured Latent Variable Models

sum over e.g., a TreeLSTM defined by h

all possible trees /_\

p(y | x) = Z pe(y | h, X) pr(h | x)
heH parsing model,
using some scoreq(h; x)

How to define p;?

idea 1
idea 2
idea 3



Structured Latent Variable Models

sum over e.g., a TreeLSTM defined by h

all possible trees /_\

p(y |X)= D pe(y | h x) pn(h|x)
heH

parsing model,
using some scoreq(h; x)

2

heH

How to define p;?

idea 1
idea 2
idea 3



Structured Latent Variable Models

sum over e.g., a TreeLSTM defined by h

all possible trees /_\

p(y |X)= D pe(y | h x) pn(h|x)
heH

parsing model,
using some scoreq(h; x)

CIVARY
2.

heH oTt

How to define p;?

idea 1
idea 2
idea 3



Structured Latent Variable Models

sum over e.g., a TreeLSTM defined by h

all possible trees /_\

p(y |X)= D pe(y | h x) pn(h|x)
heH

parsing model,
using some scoreq(h; x)

CIVARY
2.

heH oTt

How to define p;?

ideal pg(h|x)=1ifh=h"elseO argmax
idea 2
idea 3



Structured Latent Variable Models

sum over e.g., a TreeLSTM defined by h

all possible trees /_\

p(y |X)= D pe(y | h x) pn(h|x)
heH

parsing model,
using some scoreq(h; x)

CIVARY
2.

heH oTt

How to define p;?

ideal pg(h|x)=1ifh=h"elseO argmax
idea 2
idea 3



Structured Latent Variable Models

sum over e.g., a TreeLSTM defined by h

all possible trees /_\

p(y |X)= D pe(y | h x) pn(h|x)
heH

parsing model,
using some scoreq(h; x)

How to define p;?

ideal pg(h|x)=1ifh=h"elseO argmax © d
idea 2
idea 3



Structured Latent Variable Models

sum over e.g., a TreeLSTM defined by h

all possible trees /_\

p(y |X)= D pe(y | h x) pn(h|x)
heH

parsing model,
using some scoreq(h; x)

How to define p;?

ideal pg(h|x)=1ifh=h"elseO argmax © d
idea2 pg(h|x) o exp(scorem(h;x))  softmax
idea 3



Structured Latent Variable Models

sum over e.g., a TreeLSTM defined by h

all possible trees /_\

p(y |X)= D pe(y | h x) pn(h|x)
heH

parsing model,
using some scoreq(h; x)

CIVARY
2.

How to define p;?

ideal pg(h|x)=1ifh=h"elseO argmax
idea2 pg(h|x) o exp(scorem(h;x))  softmax
idea 3

03



Structured Latent Variable Models

sum over e.g., a TreeLSTM defined by h

all possible trees /_\

p(y |X)= D pe(y | h x) pn(h|x)
heH

parsing model,
using some scoreq(h; x)

How to define p;?

ideal pg(h|x)=1ifh=h"elseO argmax © d
idea2 pg(h|x) < exp(scorem(h;x))  softmax ()
idea 3



Structured Latent Variable Models

sum over e.g., a TreeLSTM defined by h
all possible trees /\
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Sentiment classification (SST) Natural Language Inference (SNLI)
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Sentence pair classification (P, H)

py|PH)= D> > pe(y|he, hu) pr(he | P) pr(hi | H)
hpeH (P) hyeH (H)
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Reverse dictionary lookup

given word description, predict word embedding (Hill et al., 2016)
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Conclusions

Differentiable & sparse
structured inference

Generic, extensible algorithms
Interpretable structured attention

Dynamically-inferred
computation graphs

¥ vladavene.ro ) github.com/vene/sparsemap
# https://vene.ro ¥ avnfrombucharest

lovely and poignant
p=21.4%

* lovely and poignant
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Example: Source Sentence with Three Words
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e.g., fertility constraints for NMT
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Structured Output Prediction

SparseMAP La(n, ) = m%{ n'u- 1/2||l.l||2}
HE
-nTp+ 2@

Instance of a structured Fenchel-Young loss, like CRF, SVM, etc. (Blondel, Martins, and Niculae, 2019)
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Instance of a structured Fenchel-Young loss, like CRF, SVM, etc. (Blondel, Martins, and Niculae, 2019)
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Dependency Parsing
with bi-LSTM features

[Kiperwasser & Goldberg, 2016]

CRF Structured SVM SparseMAP margin
SparseMAP

H English ®Chinese B Vietnamese




CRF Structured SVM SparseMAP margin
SparseMAP

Unlabeled Accuracy (UAS) H English ®Chinese ™ Vietnamese

Universal Dependencies dataset
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As models train, inference gets sparser!
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Sparse Structured Output Prediction

Inference captures linguistic ambiguity!

T\ [ ——

* They did a vehicle wrap for my Toyota Venza that looks amazing .
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Sparse Structured Output Prediction

Inference captures linguistic ambiguity!
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* the broccoli looks browned around the edges .
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