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A Problem of Representations

Representation Learning is central for Al, neuroscience and semantics.

Figure 1: Hierarchy of features visualized for a CNN trained on ImageNet (Wan et al. 2013).
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https://www.tensorflow.org/tutorials/text/word_embeddings
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Figure 3: Some examples of statistical and machine learning approaches to learn text representations.
From left to right: one-hot encoding of vocabulary terms, sentence-level lexical, syntactic and
morpho-syntactic features and term frequency-inverse document frequency (tf-idf) formula.



Recent Times: Unsupervised Representations
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Figure 4: A visual representation of the Skip-gram method
are Word2Vec (Mikolov et al. 2013), GloVe (Pennington used to train Word2Vec embeddings. Input is a one-hot of
each pair of target-context word in the sliding window. W

et al. 2014) and FastText (Bojanowsky et al. 2017). and W’ are target and context representations.

Well-known examples of pretrained static embeddings




Context 1s Key for Meaning

Contextual Embedding: Embeddings as

functions of the entire input sentence.

Idea; Use a task to induce contextual K —(s)

representations inside a neural network ® Embedding

exploiting sentence information. é @5 é éD

Figure 5: A bidirectional LSTM (Hochreiter and

Schmidthuber, 1997) representing the base
. )
Introduced by CoVe (McCann et al. 2017) for the model used for ELMo contextual word

machine translation task, popularized by ELMo embeddings. ELMo is a task-specific
(Peters et al. 2018) for language modeling. combination of the internal representations in
the biLSTM and uses regular and backward LM.




The Language Modeling Task

< Language Modeling (LM): Predict future token given history.
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Figure 6: From left to right, the joint probability of a sentence defined as single word probabilities given previous
context and the loss function used for LMs. Minimizing the log likelihood corresponds to maximizing the
probability of correctly guessing words.

% Why LM? Unsupervised, requires knowledge and improve

generalization. Alternatives: Masked Language Modeling and MT.



LMs are Unsupervised Multitask Learners

Output: Probabilities over tokens

< Problem: ELMo still require task-specific
h W,
models to leverage contextual embeddings. [ Transposes s wl |
% Solutions: -
( Pointwise feed forward )
>  Task-specific fine-tuning in ULMFiT (Howard & Ruder £

C Add & Lalyer norm )4—
4

( Masked multi-headed self-attention )
\

2018) inspired by ImageNet pre-training for CV tasks.

> Generative pre-training of a transformer LM (Radford
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Attention Is All You Need

RNNSs are problematic since hidden states must be computed sequentially.
Attention mechanisms were used in conjunction with RNN to capture

long-range relations, inspired by MT.

Transformers (Vaswani et al. 2017) use only attention and fully connected

layers to create highly scalable networks capturing distant patterns.

' ) QKT MultiHead(Q, K, V') = Concat(head,, ..., hea,(lh)lf‘[«-"o
Attention(Q, K, V') = softmax( 1% . .
Vi, where head; = Attention(QW 2, KWX, vwvY)

Figure 8: Scaled dot-product self-attention introduced by Vaswani et al. Queries Q and keys K have dimension d},
This type of attention is efficient thanks to matrix multiplications and can be augmented with multiple
heads capture information from different representation subspaces.



More Data and Parameters Are All You Need (?)
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What Does it Mean to Understand Language?
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Modeling 1s not Understanding
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Perplexity: Exponentiation of the entropy of a discrete probability
distribution. How “unsure” the model is in predicting next event.

Used as a quality measure for language models, the lower the better.
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Figure 10: Perplexity of a sentence s assuming each word has the same frequency -1/N.

Lower perplexity doesn't imply better understanding. Performance on

NLU tasks can be improved by statistical cues (Niven & Kao 2019)

Need to evaluate understanding and generalization in other ways.



Current Directions: NLU & NLI Benchmarks
*IGLUE

Figure 11: Some of the most popular benchmarks used to evaluate LM generalization capabilities. GLUE and
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SuperGLUE (Wang et al.) focus on language understanding tasks, decaNLP (McCann et al. 2018) is a set of 10 general

NLP tasks and SWAG/HellaSWAG (Zellers et al.) focus on inference with adversarial filtering and grounded dialogue.
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Figure 12: SuperGLUE leaderboard as of November 18, 2019. Despite having been created to be tricky for transformer
LMs, current models are approaching human performances, suggesting a new direction will soon be needed.




Interpreting and Probing Language Models

% Explainability is a common trend in
black-box deep learning approaches.

% For NLP models, its declinations are:

> Probing language models for linguistic
information (Hewitt et al. 2019, Jawahar et al.
2019, Lin et al. 2019, Tenney et al. 2019).

> Study attention activations and the evolution of
representations (Voita et al. 2019, Viqg et al. 2019,
Michel et al. 2019, Clark et al. 19)
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Figure 13: An analysis of attention heads
specialized behavior for different linguistic
information. Specialized heads do the heavy
lifting, the rest can be pruned (Voita et al. 2019).



Perspectives: NLP Rediscovers the Human Brain

(d) ELmO (1)

% Availability of cerebral data from different

sources (EEG, eye-tracking, fMRI).

> Using neuroscientific techniques (e.g. RSA by
Kriegeskorte et al. 2008) to compare brain and LM
activations (Abnar et al. 2019, Abdou et al. 2019,

Gauthier and Levy 2019)
> Use human signals to improve model behavior

(Hollenstein et al. 2019, Barrett et al. 2018)

% Target: More parsimonious models that Figure 14: RSA between activations in different
model layers and in a human subject brain.

. _1a - : LSTM seems to have a more similar behavior
achleve human hke’ lnterpretable behavior. with respect to transformers. (Abnar et al. 2019)
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