
5.1 Unsupervised Training of Global Log-Linear
Language Models

We have a set of training examples ỹi, where each ỹi is a sequence of English words.
We aim to train a language model pθ(y) (parameterized by θ) over the examples. The model
will be used to assign a probability to any English sentence. We can obtain such a model
by maximizing the likelihood of the training examples as follows,

θ∗ = arg max
θ

∏

i

pθ(ỹi) (5.1)

Now, the question is: what is the form of pθ(ỹi)?

5.1.1 Whole-sentence Maximum Entropy Language Model
We can specify pθ as a globally normalized log-linear model as follows,

pθ(y) =
ef(y)·θ

Z(∗) (5.2)

where f(y) is a feature vector depending on y, θ is the corresponding weight vector, and
Z(∗) def

=
∑

y′∈Σ∗ ef(y′)·θ is a normalization constant. This is called as a whole-sentence
maximum entropy language model (Rosenfeld, Chen, and Zhu, 2001).1

Training with the above log-linear model requires computing the normalization constant
Z(∗) (alternatively called the partition function), which is computationally challenging as
it requires to sum over all the possible sequence y ∈ Σ∗. In our case, this corresponds to
computing the sum over all possible English sentences with any length!

To address the computational difficulty issue, Rosenfeld et al. (2001) approximately
compute Z(∗) by using a set of sentences that are sampled from Σ∗.

5.1.2 Contrastive Estimation
Smith and Eisner (2005) propose contrastive estimation (CE), which uses a small neigh-

borhood (instead of the full space Σ∗) to approximate the computation of normalization
constant. Under CE, the likelihood of an observed sequence ỹ is,

pθ(ỹ) =
ef(ỹ)·θ

Z(ỹ)
(5.3)

=
ef(ỹ)·θ

∑
y′∈N (ỹ) ef(y′)·θ (5.4)

1One should not confuse this with a regular maximum entropy language model of (5.10), where the
normalization is done for each n-gram history (i.e., locally normalized).
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