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•  Syntac'c/dependency,parsing,

•  3D,layout,predic'on,

•  Protein,structure,predic'on,
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•  Observed,input,
•  Latent,structured,output,
•  ,,,,,training,samples,from,a,distribu'on,

,

•  Countable,set,of,feasible,decodings,
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= ( “Bill sells fresh oranges” ,                ), ( “the cat is white” ,                ), … 



•  Observed,input,
•  Latent,structured,output,
•  ,,,,,training,samples,from,a,distribu'on,

,

•  Countable,set,of,feasible,decodings,
•  Linear'decoder'
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= ( “Bill sells fresh oranges” ,                ), ( “the cat is white” ,                ), … 



•  Distor'on,func'on,

•  To'learn'parameter'

•  Sta's'cally,inefficient,
•  Computa'onally,inefficient,
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discontinuous w.r.t. 
needs 
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•  Distor'on,func'on,

•  To,learn,parameter,

•  Sta's'cally,inefficient,
•  Computa'onally,inefficient,

•  To'robustly'learn'parameter,
•  Robust,objec've,under,Gaussian'perturba5ons'
•  Let,,,,,,,,,,,,,=,N(,,,,,,,,,I),,for,
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•  Sta's'cally,inefficient,
•  Computa'onally,inefficient,

•  To,robustly,learn,parameter,
•  Robust,objec've,under,Gaussian'perturba5ons'
•  Let,,,,,,,,,,,,,=,N(,,,,,,,,,I),,for,

Structured(Predic+on(

7,

We provide 
upper bounds 
for this Gibbs 
distortion 



•  Margin,
,
•  ,,,,,,,,,,,,,,,#,'mes,that,a,part,,,,,,,,,,,,appears,in,
,

•  use,as,features,

•  set,of,ac5ve,parts,

•  Hamming'distance,,
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•  To'learn'parameter''''''(max(random,(Zhang’14)'

,
set,,,,,,,,,,,,,,,,,,,of,random'outputs,,i.i.d.,from,proposal,

Using(Randomness(
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•  To,learn,parameter,,,,,,,(max(all)'



•  To,learn,parameter,,,,,,,(max(random)'

,
set,,,,,,,,,,,,,,,,,,,of,random'outputs,,i.i.d.,from,proposal,
,

•  Gibbs'distor5on'≤'max'random'≤'max'all'

Using(Randomness(
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•  To,learn,parameter,,,,,,,(max(all)'

We show this This is obvious 
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•  To,learn,parameter,,,,,,,(max(all)'

We show this This is obvious 

Counterintui've,,
for,op'miza'on:,
minimizing,a,
lower,bound,



Procedure,for,sampling,
Input:,,,,,,,,,,,,,,,,,(
Ini'alize,uniformly,at,random,
repeat,
,,,,,Make,a,local,change,to,
,,,,,,,,in,order,to,increase,
un'l,no,refinement,is,possible,
Output:,,

•  To'learn'parameter''''''(max(random)'

,
set,,,,,,,,,,,,,,,,,,,of,random'outputs,,i.i.d.,from,proposal,

Using(Randomness(
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•  Synthe5c'results'
•  over,30,repe''ons,,95%,confidence,level,

•  Real?world'datasets'
•  See,(Zhang’14,(Zhang’15),for,natural,language,processing,

Using(Randomness(
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•  (McAllester’07),assumes,bounded,ac5ve,parts,

•  Let,,,,,,,,,,,,,,,,with,probability,at,least,,,,,,,,,,,,over,the,choice,
of,,,,,,,,,,,training,samples,,for,all,,,,,,,,,,,,,,,,,and,perturba'ons,
…..,,,,=,N(,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,I):,

Prior(Generaliza+on(Result(
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Gibbs 
distortion 

Gaussian concentration inequalities PAC-Bayes theorem (KL divergence) 
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Gibbs 
distortion 

Gaussian concentration inequalities PAC-Bayes theorem (KL divergence) 

But,now,randomness,
comes,from,,,,,,,,,and,
……….,,for,all,



•  How'many''''''''''''''?(
•  For, (max(random), the,exact,value,of, , , , , , , , , , , , is,

unimportant,,only,their,induced'linear'ordering'
•  These,2,examples,lead,to,the,same,proposal,

Assump+on:(Linearly(Inducible(Ordering(
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•  Linear,ordering,induced,by,,,,,,,,,,,,,,and,

,

•  How'many''''''''''''''?(
•  Note,that,
•  Assume,,,,,,,,,,,,,,,,,,,,,,,,,and,,,,,,,,,being,,,,,,`sparse,
•  ,,,,training,samples,,then,,,,,,,,points,in,
•  At,most,,,,,,,,,,,,l,,orderings,(BenneN’56),for,,,,,,fixed,features,
•  At,most,,,,,,,,,,,,,,,,,,,,proposals,

Assump+on:(Linearly(Inducible(Ordering(
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induces,a,permuta'on,

linear,ordering,

of,

if, then,



•  There,exist,a,value,,,,,,,,,,,,,,,,,,such,that,for,all,
,,,,,,,,,,,,,,,,,,,,,,,and,,,,,,,,,,,,,,:,

•  Examples:'
•  binary,distor'on,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,arbitrary,,,,,,,,,,,:,
,
•  ,,,,,,,,,,,,,,=,number,of,different,edges/elements,

•  ,,,,,,,,,,directed,spanning,trees,of,,,,,,nodes:,
•  ,,,,,,,,,,directed,acyclic,graphs,of,,,,,,nodes,,
,,,and,,,,,,parents,per,node:,
,

•  ,,,,,,,,,,sets,of,,,,,,elements,from,,,,:,

Assump+on:(Maximal(Distor+on(
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•  Let,,,,,,,,,,,,,,,,,with,probability,at,least,,,,,,,,,,,,over,the,choice,
of,,,,,,,,,,,training,samples,and,,,,,,,sets,of,random,structured,
outputs,,for,all,,,, , , , , , , , , ,,,perturba'ons,,,,,, , , , , , ,and,for,sets,
with,,

Our(Generaliza+on(Result(
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Gibbs 
distortion 

deterministic 
quantity 

empirical 
Rademacher 
complexity 

uniform convergence 

linear 
orderings 



Concluding(Remarks(
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•  Gibbs'distor5on'≤'max'random'≤'max'all'
•  Using,randomness,is,a,principled,and,becer,way!,

•  Future,work:,
•  Non`Gaussian,perturba'ons,
•  Latent,models,(Ping’14,(Yu’09)(
•  Maximum, a`posteriori, perturba'on, models, (Gane’14,(
Papandreou’11)(

•  Approximate,inference,



Thanks!(
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