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Structured Prediction A

* Syntactic/dependency parsing
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root Bill sells  fresh oranges

3D layout prediction

* Protein structure prediction
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Structured Prediction

Observed input ze X
Latent structured output vy <€)V
n training samples from a distribution D

(az,y) ~ D

S ~ D"
S = ( “Bill sells fresh oranges” , ), ( “the cat is white”

Countable set of feasible decodings Y

r) # 0



Structured Prediction

Observed input ze X
Latent structured output vy <€)V
n training samples from a distribution D

(az,y) ~ D

S ~ D"
S = ( “Bill sells fresh oranges” , ), ( “the cat is white”

Countable set of feasible decodings Y(z) # 0

Linear decoder
fw(r) = arg max ¢(z, y)

ye)f(%‘)??’ 'X

o(x,y) € RF

feature vector

w e W C RF\ {0}

parameter vector



Structured Prediction

* Distortion function
d:YxY —[0,1]
 Tolearn parameter w

min (:c,yIE;:er d(y, fu(z))]

needs . .
° Statlstlcally inefficient access to [) discontinuous w.r.t. W

 Computationally inefficient



Structured Prediction

* Distortion function
d:YxY —[0,1]
* Tolearn parameter w

min B AW ful))]

 Statistically inefficient
 Computationally inefficient

* To robustly learn parameter w
* Robust objective under Gaussian perturbations
e Let Q(w) = N(wa, 1) foraa > 0

min [E E |dy, fu(x
min B w,NQ(w)[ (Y, fu (2))]



Structured Prediction

* Distortion function
d:YxY —[0,1]
* Tolearn parameter w

min (%yIjEND d(y, fu(z))]

 Statistically inefficient
 Computationally inefficient

* Torobustly learn parameter w
* Robust objective under Gaussian perturbations
e Let Q(w) = N(wa, 1) foraa > 0

We provide
/upper bounds
min| [ E ld(y, f /(x))]] for this Gibbs
weEW|(z,y)~D L}’NQ(’“J) Y distortion




Structured Prediction

* Margin  m(z,y,y,w) = ¢(x,y) - w—d(z,y) - w

« c(p,7,y) #timesthata part pe P appearsin (z,vy)
* use as features ¢, (x,y) =c(p, z,y)
* set of active parts P(x) ={p| (Jy) c(p,z,y) > 0}

* Hamming distance

H(ZIZ Y,y E Z | C\p, L, y)—C(p,a: y)|
pEP ()



Using Randomness

* Tolearn parameter w (maxall)

’ .
min — max_d(y,y) 1 H(x’y’y)A + )\||w||§
weWw n (z y)es[gey(x)[ —m(w, Y Y, w) >0

To learn parameter w (max random, Zhang’14)

1 1 (H(x,y, 1) 2
miy s 3 gt (D0 ) 5 o) Al

(x,y)ES

set T'(w,x) of random outputs, i.i.d. from proposal R(w, )



Using Randomness

* Tolearn parameter w (maxall)

1 A
min max_d(y, §) 1 (H("”’ Y. ) ) £ Afwl?
weWw n (z y)es[:gey(x)[ —m(w, Y Y, w) >0

e Tolearn parameter w (max random)

1 1 (H(,y,9) 2
a2 g 0! (Zoe sy 2 0) A
r,y . .

set T'(w,x) of random outputs, i.i.d. from proposal R(w, )

e @Gibbs distortion £ max random < max all

’a ~N

We show this This is obvious
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Using Randomness

* Tolearn parameter w (maxall)

’ A
min — max_d(y,y) 1 H(x’y’y)A + )\||w||§
weWw n (z y)eslﬁéy(x)l —m(x, Y, Y, w) >0

e Tolearn parameter w (maxrandorCounterintuitive

. . L
. Z maxd(y, ) 1 <H(a:,y,y)AfO.r c.)pt.'lr.nlzatlon.
weWw n —m(Z, ¥, Y minimizing a

set T'(w,zx) of random outputs, i.i.d. from lower bound

A

e @Gibbs distortion £ max random < max all

7 ~N

We show this This is obvious
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Using Randomness

e To learn parameter w (maxrandom)

. 1 Z ~ H(CB Yy Z)) 2

= d 1 Y Y, R

12%119\/ " ( )ESQGIZII’I%C,:B 2 (—m(a:,y,y,w) >0 " /\HwHZ
T,y

set T'(w,x) of random outputs, i.i.d. from proposal R(w, x)

Procedure for sampling vy’ ~ R(w, x)
Input: we W, xre X

Initialize uniformly at random ¢ € Y(x)
repeat

Make a local change to 9 - »

in order to increase ¢(x,9) - w
until no refinement is possible
Output: ¢’ < ¢

12



Using Randomness

* Synthetic results
e over 30 repetitions, 95% confidence level

Problem Method Training  Training Test Test Distance to  Angle with
runtime  distortion runtime distortion ground truth ground truth

Directed All 1000 52% +£1.1% 124404 61% £ 1.8% 0.56+0.004  74° +0.3°

spanning trees  Random 104+£3 38% +21% 24+£01 56%+19% 051+£0.005 49°+£0.6°
Random/All 124 +£03 56% + 1.9%

Directed All 1000 41% £12% 108402 45% + 1.5% 0.60 +0.020 61° +1.0°

acyclic graphs  Random 386 21 30% +£13% 85+02 39% +1.6% 040+0.008 37°+1.0°
Random/All 10.8 0.2 39% + 1.6%

Cardinality All 1000 42% +£1.4% 11.1 04 45% +£1.8% 058 £0.011  65°+0.6°

constrained sets Random 2729 21% +1.2% 60+02 30% +19% 044 +0.008 30° 4+ 0.8°
Random/All 109 +0.3 29% + 2.1%

 Real-world datasets

* See (Zhang’14, Zhang’15) for natural language processing
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Prior Generalization Result

- (McAllester’07) assumes bounded active parts
| Uz yyes Plx)| < 4

* Leto € (0,1), with probability at least 1 — §/2 over the choice
of n training samples, forall w e W and perturbations

Q(w) = N( wy/21log (2n¢/||w]3) ,1):

2 | B @)

(z,y)~D [w' ~Q(w)
! 1 (H(z,y,9)
i == maxd(yy)l( D7)
Gibbs ax_day, >0
distortion (x y)esyey —m(z,y,9,w) >
ll’sz | wl]3 log 2n€/|le2)+log (2n/6)

n—l

¥$&

Gaussian concentration inequalities PAC-Bayes theorem (KL divergence)
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Prior Generalization Result

- (McAllester’'07) assumes bounded active parts
| Uz yyes Plx)| < 4

* Leto € (0,1), with probability at least 1 — §/2 over the choice
of n training samples, forall w e W and perturbations

Q(w) = N( wy/21log (2n¢/||w]3) ,1):

But now randomness
kL L,N%(w)[d(y, fur (w))]] comes from S and
. > : T'(w,z) for all (z,y) € S
: < — m
Gibbs = Y ( ) >0
distortion n (z,y)€ CIJ Y5 y’ }
IIwH2 |w]|3 log 2n€/IIwH ) + log (2n/6)
(n—1)

Gaussian concentration mequalltles PAC-Bayes theorem (KL divergence)
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Assumption: Linearly Inducible Ordering

* How many R(w,z) ?
 For (max random) the exact value of ¢(z,y)-w is
unimportant, only their induced linear ordering

* These 2 examples lead to the same proposal R(w,z)

o(x,y) o w

16



Assumption: Linearly Inducible Ordering

Linear ordering induced by w e W and ¢(x, )

r(z) = |Y(z)] V(@) ={y1- Yr(a)}
linear ordering (x, Yr, ) - w < -+ < O(T, Yrr, () - W

induces a permutation m(x) = (71 ...7.4)) of {1...r(x)}

if m(z) =7'(z) then KL(R(w,z)|R(w',z)) =0

How many R(w,z) ?

* Note that w, ¢(z,y) € R

e Assume |V(z)| <r and w being s-sparse

* 1. training samples, then nr points in R*

* At most (nr)*® orderings (Bennett’56) for s fixed features
* At most (%) (nr)*® proposals R(w, z)
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Assumption: Maximal Distortion

There exist a value g <[0,1) such that for all
(z,y) €S and weWw:

P [dy,y)=1]>1-p

y' ~R(w,x)
Examples:
* binary distortion d(y,y’) = 1(y # y'), arbitrary Y(z):
B=1/2
* d(y,y’)=number of different edges/elements
* Y(x) directed spanning trees of v nodes: g =1=
* V(z) directed acyclic graphs of v nodes,  aobao
and b parents per node: B = 5t

* Y(z)sets of b elements from v: B=1/2



Our Generalization Result

e Let 0 €(0,1), with probability at least 1 — 6 over the choice
of n training samples and [n sets of random structured]
outputs, for all w €W , perturbations Q(w) and for sets

W|th‘|T (w, )] = | $ max ( by (1/5),32||w||2> lognH

E [ E [d(y,fwf(af))]]

(z,y)~D [w' ~Q(w)
H(z,y,9)
Gibbs Z ﬁ%&% < m(z,y, y,w )20)
distortion (*’E y)ES
Iy [T M/ku )+ log (2n/8) | [T | deterministi
2(n—1) + — |7 quantity

empirical

3
1 2\ , | 5log (£+1)log"(n+1) ]—) Rademacher
linear T max(log (1/8)’ 32Hw||2) \/ n , complexity

orderings
+3 (log £ + 2log (nr))|+ log (4/9) ]v—) uniform convergence
n ) 19




Concluding Remarks

Gibbs distortion < max random < max all
Using randomness is a principled and better way!

Future work:
Non-Gaussian perturbations
Latent models (Ping’14, Yu’09)

Maximum a-posteriori perturbation models (Gane’14,
Papandreou’l1)
Approximate inference

fu(z) = arg max ¢(z,y) - w
yeT (w,r)
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