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Structured Prediction 101
➢ Learn a function mapping inputs to complex outputs:

f : X  Y
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Sequence Labeling
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Parsing
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Input Space Decoding Output Space

Mary did not slap the green witch .

Mary no daba una botefada a la bruja verda .

Coreference ResolutionMachine Translation
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Reducing Structured Prediction
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Key Assumption: Optimal Policy for training data

Weak!

Given: input, true output and state;
Return: best successor state
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Theoretical Analysis

Theorem: For conservative , after 2T3 ln T
iterations, the loss of the learned policy is 
bounded as follows:

L h ≤ L h0  2T ln T lavg  1ln T 
cmax

T

Loss of the
optimal policy

Average
multiclass

classification
loss

Worst case
per-step

loss
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Dependency Parsing

Nivre-style shift-reduce algorithm
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Dependency Parsing

➢ Start in state (S,i,A) = ({}, 1, {}) and end when i=N
➢ One of four actions:

  LeftA: (t:S, i, A) to (S, i, (i,t):A)
so long as no (?,t) in A

  RightA: (t:s, i, A) to (i:t:S, i+1, (t,i):A)
so long as no (?,i) in A

  Reduce: (t:S, i, A) to (S, i, A) so long as (?,t) in A
  Shift: (S, i, A) to (i:S, i+1, A)



Search-based Structured PredictionSlide 7

Hal Daumé III (me@hal3.name)

Unsupervised prediction

Key idea (not new!): a tree is good if it enables us
to do a good job re-predicting the input

eg., we should be able to predict “with” given
it's parent “hit” and dependent “bat”
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Algorithm
➢ Initialize with random trees
➢ Repeat:

➢ Train a classifier A to predict sentences given 
trees, optimized for some loss function L

➢ Train a classifier B to predict trees given 
sentences, optimized for L(A)

➢ Predict trees using B

➢ In other words, a tree has low loss if it aids in the 
reprediction of the input
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Mini attempt at an analysis
➢ Under two key assumptions, L(A) will decrease with 

each iteration

➢ Assumption 1: 

➢ Assumption 2: 
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Minor Aside
➢ In sequence labeling problems, this algorithm yields exactly 

the forward backward algorithm when:
➢ The loss is Hamming loss
➢ Naïve Bayes classifiers are used
➢ Features are just tag/tag and tag/word pairs
➢ Searn losses are computed using dynamic programming
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Back to Parsing
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Discussion
➢ Proposed algorithm that naturally extends Searn to the 

unsupervised setting

➢ Key (non-novel) idea: predict the input

➢ Comes with (somewhat trivial) guarantees
➢ Algorithmically resembles Viterbi EM, but will converge
➢ Assumptions are, occasionally, verifiable

➢ Can train unsupervised sequence labelers with SVMs or DTs 
whatever classifier you want with whatever feature spaces 
you want

➢ Can do the same for any structured prediction problem

➢ Want: better understanding of why it works


