
❖ Conditional Random Fields (CRFs)

❖ Structural SVM (SSVM)

, ❑We propose an adversarial approach for active learning with structured prediction domains that is tractable for 

cuts and matching. 

❑ Rather than seeking a predictor that minimizes the (regularized) empirical risk ,                                            ,

adversarial prediction methods (Topsøe, 1979; Grünwald & Dawid, 2004) instead introduce an adversarial 

approximation of the training data labels, ෘ𝑃(�ු�|𝑥), and seek a predictor, 𝑃( ො𝑦|𝑥), that minimizes the expected loss 

against the worst-case distribution chosen by the adversary: 

❑ Our sample selection strategy: Leveraging Adversarial Structured Predictions to construct worst-case 

probabilistic distribution of unknown variables. 

❑ Our approach provides better performance and lower computational complexity.

❑ Uncertainty sampling (Lewis & Gale,1994) works by selecting the unlabeled training instance from the pool of unlabeled data 𝐷𝑢 with the label that the predictor, 𝑃, is currently most uncertain about:

❑ Using the conditional Shannon Entropy: 

❑Mutual Information (MI) is a dependency measure between two variables and defines the amount of information that is held in a random variable. The mutual information of two discrete random variables 𝑌𝑎 and 𝑌𝑏 is:

, where H(𝑌𝑎) and H(𝑌𝑏) are the marginal entropy, and H(𝑌𝑎; 𝑌𝑏) is the joint entropy of 𝑌𝑎 and 𝑌𝑏.

❑Active learning methods, like uncertainty sampling, combined with probabilistic prediction techniques have achieved 

success in various problems like image classification and text classification.

❑Uncertainty sampling solicits annotations of variables for which the predictor is most uncertain. 

❑ No efficient Probabilistic models for structured prediction methods.

❑ Uni-variate Active Learning Lacks in considering label relations.

❑Multi-variate Active Learning      considers the mutual information of two discrete random variables.
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Adversarial Robust Cut (ARC)
❑ Adversarial Robust Cuts (ARC), an approach that poses the learning task as a minimax game between predictor 

and “label approximator” based on minimum cost graph cuts.

❑ Unlike maximum margin methods, this game-theoretic perspective always provides meaningful bounds on 

the Hamming loss.

❑ Prediction is an adversarial game between a loss minimizer (predictor) and loss-maximizer (adversary)

constrained to match specified properties of training data.

❑ Provides strong guarantees (e.g., Fisher consistency) while avoiding the non-convexity of empirical 

risk minimization for loss functions.
1- Find and add the best labels assignments

(as a strategy) to increase the Loss.

2- Find the distribution of the strategies

. (Nash Equilibrium)       

1- Find and add the best labels assignments

(as a strategy) to decrease the Loss.

2- Find the distribution of the strategies. (Nash Equilibrium)       

Labeled data pool

Train a model

Unlabeled data pool

∅𝑖 , ∅𝑖,𝑗

Test the model Analyze unlabeled data pool

Solicit the sample with 

the highest 𝑉𝑗
Y=[? 1 ? ? ? ? ? ? ?]

Return the sample if there is any unannotated label
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Y=[? 1 ? ? ? ? ? ? ?]

Multi-label Experiments

a) Bibtex b) Bookmarks                      c) CAL500                          d) Corel5K

e) Enron                         f)  NUS-WIDE                     g) TMC2007                           h) Yeast

❑ Hamming loss:

a) ETH-BAHNHOF                       b) TUD-CAMPUS                    c) TUD-STADTMITTE                         d) ETH-SUN

❑ Adversarial Bipartite Matching (ABM) seeks a predictor that robustly minimizes Hamming loss against 

the worst-case permutation mixture probability that is consistent with the statistics of the training data.

❑Maximum weighted bipartite matching:

Learn the appropriate weights 𝜓𝑖(⋅)

𝜓1(𝜋1 = 1)

𝜓1(𝜋1 = 2)

❑ Applications:

❖ Word alignment (Taskar et. al., 2005; Pado & Lapta, 2006; MacCartney et. al., 2008)

❖ Correspondance between images (Belongie et. al., 2002; Dellaert et. al., 2003)

❖ Learning to rank documents (Dwork et. al., 2001; Le & Smola, 2007)

Intractable

▪ Probabilistic output using SVM Platts ➔ Unreliable

▪ Complication of Interpretation for multi-class

Active Learning for ARC 

Our Approach

❑ The total expected reduction in uncertainty over all variables,  𝑌1, . . . , 𝑌𝑛 , from observing a particular

variable     :             𝑌𝑗

▪ ARC provides reliable meaningful distribution over cuts.

▪ Lower computational complexity.

▪ Providing useful correlations between variables.

Adversarial Bipartite Matching (ABM) Tracking ExperimentsActive Learning for ABM

e) BAHNHOF-PEDCROSS2           f) CAMPUS-STAD                     g) SUN-PEDCROSS2                     h) BAHNHOF-SUN

▪ ABM provides reliable meaningful distribution

over permutations.

▪ Lower computational complexity.

▪ Providing useful correlations between variables.


