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A Note on Architecture Design

While it is not theoretically clear what is the additional power gained by the deeper
architectures, it was observed empirically that deep RNNs work better than shallower ones
on some tasks. [...]

Many works report results using layered RNN architectures, but do not explicitly com-
pare to one-layer RNNs. In the experiments of my research group, using two or more
layers indeed often improves over using a single one.

[Goldberg, 2017]
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RNNs as Feature Extractors
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Common Applications of RNNs (in NLP)
I Acceptors, e.g. sentence-level sentiment classification:

P(c = k|w1:n) = ŷ [k]

ŷ = softmax(MLP([RNNf(x1:n); RNNb(xn:1)]))
x1:n = E[w1], . . . , E[wn]

I transducers, e.g. part-of-speech tagging:

P(ci = k|w1:n) = softmax(MLP([RNNf(x1:n)[i]; RNNb(xn:1)[i]]))[k]

xi = E[wi ]

I character-level RNNs robust to unknown words; may capture affixation
I encoder–decoder (sequence-to-sequence) models for generation (later in the course)
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Fun Outlook: Conditioned Generation with RNNs

[Karpathy, 2016]
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RNNs In a Nutshell

I State vectors si reflect the complete history up to time point i ;

I RNNs are sensitive to basic natural language structures: sequences;

I applicable to arbitrary length inputs (in principle);

I few parameters: matrices W s and W x shared across all time points;

I analogous to (potentially) deep nesting: repeated multiplications;

I near-crippling practical limitation: ‘exploding’ or ‘vanishing’ gradients;

I Solution [→] gated RNNs: LSTM [Hochreiter and Schmidhuber, 1997] and GRU [Cho et al., 2014].
Learn about the gated architectures in the next sub-lecture 6.4!
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