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WSD Key Concepts

e Word: toasted + POS: V
e Lemma: ToAST/V
@ Sense: V:TOAST#2

o Synset: V:{TOAST#?2, PLEDGE#3, DRINK#3, SALUTE#1,
WASSAIL#2}



<s snum=14>

<wf cmd=ignore pos=DT>This</wf>

<wf cmd=done pos=NN lemma=stain wnsn=2 lexsn=1:27:00::>
stain</wf>

<wf cmd=done pos=RB lemma=often wnsn=1 lexsn=4:02:00::>
often</wf>

<wf cmd=done pos=VB lemma=disrupt wnsn=2 lexsn=2:30:01::>
disrupts</wf>

<wf cmd=ignore pos=DT>the</wf>

<wf cmd=done pos=JJ lemma=normal wnsn=1 lexsn=3:00:01::>
normal</wf>

<wf cmd=done pos=NN lemma=cell wnsn=2 lexsn=1:03:00::>
cell</wf>

<wf cmd=done pos=NN lemma=activity wnsn=2 lexsn=1:26:00::
>activity</wf>

<wf cmd=done pos=RB lemma=or_else wnsn=1 lexsn=4:02:01::>
or_else</wf>

<wf cmd=done pos=VB lemma=color wnsn=1 lexsn=2:30:00::>
colors</wf>

<wf cmd=done pos=RB lemma=only wnsn=2 lexsn=4:02:01::>
only</wf>

<wf cmd=ignore pos=DT>the</wf>



@ The online version appears to be offline
@ You can use wordnet in Python, via NLTK

@ Check out the demo at https://github.com/jacobeisenstein/
gt-nlp-class/tree/master/demos/wordnet.ipynb
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@ The online version appears to be offline
@ You can use wordnet in Python, via NLTK

@ Check out the demo at https://github.com/jacobeisenstein/
gt-nlp-class/tree/master/demos/wordnet.ipynb

Vox :
Americans foresee unending economic doom:
vox.com,/2014,/8/28,/6078...
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Back to classification

Recap of perceptron
Learning as optimization; loss functions

Hinge loss and large-margin classification

Logistic regression and online optimization
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Loss functions
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Ways to think about classification

@ Decision rule: linear, ...
e Learning objective: joint likelihood, 0/1 loss, hinge loss, conditional
likelihood, ...
o Optimization
e Online: perceptron, stochastic gradient, adagrad, passive-aggressive, ...
o Batch: conjugate gradient, Newton, L-BFGS (Quasi-Newton), ...



