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Goal: The framework * Cross-Category Bootstrapping
is to assign a semantic class label to every 1. Train the 1nitial classifiers using all seed *1s shown 1n Fig 1
noun phrase in a sentence words' instances for each semantic class. * classifiers help each other to grow stronger

2.Use bootstrapping to iteratively improve

*One Semantic Class Per Discourse
the performance.

* bring 1n all word 1nstances 1n one discourse
*1ncrease the context diversity of training set

* one seed word 1mplies one semantic tag, * Dynamic Semantic Features
but semantic tags are context-based.

[A 14yo doxy]ANIMAL owned by [a
reputable breeder[HUMAN 1s being treated One contradiction

for [IBD]DISEASE with [pred| DRUG.

*use class labels of new training instances

Applications One Challenge * g@t more generalized classifiers

* coreference resolution

*word sense disambiguation

* event extraction systems

* question answering technology

State-of-the-Art: % s e ;, Experimental Results

* exploit the corpus using bootstrapping
* sustain momentum, avoid semantic drift

* supervised learning, requires annotated data seeds
* almost no domain-specific annotated dataset v Cil[C /" Ctllct, / C:. | [Clan /
] [unlabeled} ! 2 ! ' Data set
€X1SIs. # ) @y ) (+) | ()
@’ @r @r * Message board posts from the Veterinary
Our Motivation: induce semantic taggers for Information Network (VIN)
specitic domains with no annotated corpora. S C, C, * Over half of the small animal veterinarians in
N the United States and Canada use VIN
Fig 1: Cross-Category Bootstrapping Fvaluation

* 22 points of Recall gain while only 4 points of
Precision loss and got relatively high F-value

Deal with the Contradiction

Weakly-supervised Learning

Method ~ |Animal  Disease Drug  [Test  Human Other  Avg
* Use semantically unambiguous seeds Seds  PB/100/55[15/99/26 [22/97/36 30194145 B1/99/89110/93/17 [37/98/53.7
. . . * Introduce an initial context-only training  Sypenised  [71/94/81 238536 24/95/38[33/89/48 80/99/8939/88/5¢ [46/92/61 5
SuPinSgd machm;;eammg phase before bootstrapping begins el G5 5977I67 33084147 428055 49/T7159 8219873380147 5506264,
nsification. POS taesine. mareine Lexical features for modifiers Afer 39 ers G607 0BTE9 BOIB1T5 7369771 B61BS508162 T
* |exical features for window contexts Table 1: Recall/Precision/F for different settings

Weakly-supervised learning

*needs minimal human supervision A 3yo tabby was diagnosed with [FELV] afte
* useful for resource-scarce domains a blood [test] showed that he tested positive.
Bootstrapping Feature vector for [FELV] DISEASE:
* train the 1nitial classifiers using seeds was—3 diagnosed—2 with—1 after] test2 2 o
* bring 1n 1ts most confident data points showed3
* retrain the classifiers
* the above iterative process goes on Feature vector for [test] TEST:

independent self-training
——%—— cross—category bootstrapping|

with—3 FELV-2 after—1 blood M showedl
that2 he3 - T
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Figure 2: Average F-scores after each iteration
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