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Weigrt perolties (Locso & ridge)

e The regularized loss functions are:

Ly, (0) = L(6) + All6]]x Ly, (6) = L(6) + Allel3
o ) is the regularization parameter that determines how severely large values of the parameters
will be punished

e They result in estimates with different properties:
o £, loss encourages many coefficients to be exactly zero The regularization
o {5 loss shrinks the parameters to small non-zero values strength depends on A
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Evoleciny Lowgge Models : Tibrinsic. Vs, Extringic yoldation_

. Languag-e models are usually not an end application in itself

o They are used as components of larger systems (e.g. translation), and would thus be best
evaluated extrinsically

p(-|x) p(-1%,31) ) (1% 91,2)

m Does the model improve the performance on the final task?
m Hard to estimate reliably, since the final performance depends on many (non
language-modelling) details
o We thus resort to intrinsic evaluation, which is task-netral and thus more general, but can
result in models that overfit to artificial metrics
m  We evaluate the quality of the model based on some criteria we think are appropriate

e Two intrln%sic megslcs can easily be computed: held-out (log) likelihood and the derived perplexity

e Since language models are probabilistic, we can always compute the likelihood of a held-out set that
the model was not trained on:

l(w) = Z;’le log p (W |Wim—1, ..., w1)

e A more unified way to report it is perplexity:
l(w)

Perplex (W) = 2~ o1

e Lower perplexity < higher likelihood
e Perfect model: Perplex (w) = 1
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e Just ag language models, we can evaluate embeddings intrinsically and extrinsically

e Intrinsic metrics:
o Correlation between the cosine similarity of word embeddings and human
judgements of similarity
m  We use existing datasets which include pairs of words and their similarities as
determined by human judges and measure how correlated they are with the
cosine similarities of the given pair of words
o Testing for word analogies
m The model is provided with the first three parts of the analogy (i, : j, :: i,: ?),
and the final element is predicted by finding the word embedding most similar
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