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Language modeling is future prediction

• Language modeling is the task of predicting the next word given the past.

• Given a sentence of k words t1, . . . , tk , the objective of language modeling is to
maximize

p(t1, . . . , tk) =
k∏

i=1

p(ti |t1, . . . , tk). (1)

• Language modeling is a form of future prediction.
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• ELMo (embeddings from language models) use the same future prediction
objective.

• In fact, ELMo actually includes past prediction as well.

(Devlin et al., 2019)
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• GPT uses the same future prediction objective but with Transformers.

(Devlin et al., 2019)
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• The loss function for training BERT is masked prediction.

Masked prediction is another form of language modeling

Masked [MASK] is another [MASK] of [MASK] modeling

(Devlin et al., 2019)
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• A pre-trained model can serve as an initialization of another model on a new task,
i.e., for fine-tuning.

• However, if we want to understand what a model learns, we’d better not change
the parameters.
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Probing as an approach to analyzing representations

• The hidden vectors are often better representations than the input at solving tasks.

• Don’t forget that input themselves are also representations.

• What aspects of the input are the hidden vectors “representing”?
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• For example, can we decode part-of-speech (POS) from a given text
representation?

• To answer this question, we train a linear classifier to predict POS tags.

• A non-trivial accuracy tells us to what extent we can decode POS tags from a
given representation.

• The act is called probing, and the classifier is called a probing classifier.
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• Before we analyze what are represented, we need domain knowledge, i.e.,
properties of the input.

• Properties of a text sentence include syntax (how a sentence is structured),
semantics (what a sentence means), and many other things.

• Properties of a speech utterance include linguistics (what’s said), paralinguistics
(how it’s said), and extralinguistics (everything else).

• We cannot evaluate something without a hypothesis to begin with.
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(Jawahar et al., 2019)
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(Pasad et al., 2021)
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• Should we use a linear probing classifier or a deeper one?

• A high accuracy with a linear probing classifier shows that the information is
readily accessible.

• A high accuracy with a deep probing classifier shows that the information is
present.

• A low probing accuracy is not an evidence that the information is absent.

• We don’t know if there is exists a model with higher capacity that can achieve a
high accuracy.

• Are there universal representations?

18 / 31



• Should we use a linear probing classifier or a deeper one?

• A high accuracy with a linear probing classifier shows that the information is
readily accessible.

• A high accuracy with a deep probing classifier shows that the information is
present.

• A low probing accuracy is not an evidence that the information is absent.

• We don’t know if there is exists a model with higher capacity that can achieve a
high accuracy.

• Are there universal representations?

18 / 31



• Should we use a linear probing classifier or a deeper one?

• A high accuracy with a linear probing classifier shows that the information is
readily accessible.

• A high accuracy with a deep probing classifier shows that the information is
present.

• A low probing accuracy is not an evidence that the information is absent.

• We don’t know if there is exists a model with higher capacity that can achieve a
high accuracy.

• Are there universal representations?

18 / 31



• Should we use a linear probing classifier or a deeper one?

• A high accuracy with a linear probing classifier shows that the information is
readily accessible.

• A high accuracy with a deep probing classifier shows that the information is
present.

• A low probing accuracy is not an evidence that the information is absent.

• We don’t know if there is exists a model with higher capacity that can achieve a
high accuracy.

• Are there universal representations?

18 / 31



• Should we use a linear probing classifier or a deeper one?

• A high accuracy with a linear probing classifier shows that the information is
readily accessible.

• A high accuracy with a deep probing classifier shows that the information is
present.

• A low probing accuracy is not an evidence that the information is absent.

• We don’t know if there is exists a model with higher capacity that can achieve a
high accuracy.

• Are there universal representations?

18 / 31



• Should we use a linear probing classifier or a deeper one?

• A high accuracy with a linear probing classifier shows that the information is
readily accessible.

• A high accuracy with a deep probing classifier shows that the information is
present.

• A low probing accuracy is not an evidence that the information is absent.

• We don’t know if there is exists a model with higher capacity that can achieve a
high accuracy.

• Are there universal representations?

18 / 31



19 / 31



20 / 31



21 / 31



• Universal representations exist, but they might not be useful if the information we
care about is not readily accessible.

• Can hidden representations be richer than the input?
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X Y Z

I (X ,Y ) ≥ I (X ,Z )
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• The data processing inequality says that the more we process, the more we lose.

• The hidden representation cannot be richer than the input.
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Masked prediction as denoising autoencoders

• The loss function for training BERT is masked prediction.

Masked prediction is another form of language modeling

Masked [MASK] is another [MASK] of [MASK] modeling

(Devlin et al., 2019)
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(He et al., 2022)
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• In general, an autoencoder consists of an encoder f and a decoder g .

• The goal of an autoencoder is to minimize

∥x − g(f (x))∥2 (2)

for a data point x .

• This is likely to degenerate when f and g collaborate.
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• What happends when f (x) = W1x and g(z) = W2z?

• The reconstruction loss becomes

∥x −W2W1x∥2 (3)

for a data point x .

• When d2 < d1 where W1 ∈ Rd2×d1 , then the encoder is forced to compress.

• The training might not degenerate, depending on whether the compression is lossy
or not.
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• A denoising autoencoder instead minimizes

Eϵ∥x − g(f (x + ϵ))∥2 (4)

for a data point x .

• Masked prediction is a form of denoising autoencoding.
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