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Q&A

2

Q: What did the results of the survey look like?

A: Responses are still coming in, but one trend is 
clearly emerging: 75% of you already know HMMs



Q&A
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Q: What is the difference between imitation learning and 
reinforcement learning?

A: There are lots of differences but they all stem from one 
fundamental difference:

Imitation learning assumes that it has access to an oracle policy 
π*, reinforcement learning does not.

Interesting contrast: Q-Learning vs. DAgger.
– both have some notion of explore/exploit (very loose analogy)

– but Q-learning’s exploration is random, and its exploitation relies on 
the model’s policy

– whereas DAgger exploration uses the model’s policy, and its 
exploitation follows the oracle



Reminders

• Homework 1: DAgger for seq2seq 
– Out: Wed, Sep. 11 (+/- 2 days)
– Due: Wed, Sep. 25 at 11:59pm
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SEQ2SEQ: OVERVIEW
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Why seq2seq?

• ~10 years ago: state-of-the-art machine translation or speech recognition 
systems were complex pipelines
– MT

• unsupervised word-level alignment of sentence-parallel corpora (e.g. via GIZA++)
• build phrase tables based on (noisily) aligned data (use prefix trees and on demand loading to 

reduce memory demands)
• use factored representation of each token (word, POS tag, lemma, morphology)

• learn a separate language model (e.g. SRILM) for target

• combine language model with phrase-based decoder
• tuning via minimum error rate training (MERT)

– ASR
• MFCC and PLP feature extraction

• acoustic model based on Gaussian Mixture Models (GMMs)

• model phones via Hidden Markov Models (HMMs)
• learn a separate n-gram language model 

• learn a phonetic model (i.e. mapping words to phones)

• combine language model, acoustic model, and phonetic model in a weighted finite-state 
transducer (WFST) framework (e.g. OpenFST)

• decode from a confusion network (lattice)

• Today: just use a seq2seq model
– encoder: reads the input one token at a time to build up its vector representation
– decoder: starts with encoder vector as context, then decodes one token at a time –

feeding its own outputs back in to maintain a vector representation of what was produced 
so far
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Outline
• Recurrent Neural Networks

– Elman network
– Backpropagation through 

time (BPTT)
– Parameter tying
– bidirectional RNN
– Vanishing gradients
– LSTM cell
– Deep RNNs
– Training tricks: mini-batching 

with masking, sorting into 
buckets of similar-length 
sequences, truncated BPTT

• RNN Language Models
– Definition: language modeling
– n-gram language model
– RNNLM

• Sequence-to-sequence 
(seq2seq) models
– encoder-decoder 

architectures
– Example: biLSTM + RNNLM
– Learning to Search for 

seq2seq
• DAgger for seq2seq
• Scheduled Sampling (a special 

case of DAgger)
– Example: machine translation
– Example: speech recognition
– Example: image captioning
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RECURRENT NEURAL NETWORKS
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Long Short-Term Memory (LSTM)
Motivation:
• Standard RNNs have trouble learning long 

distance dependencies
• LSTMs combat this issue

29
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Long Short-Term Memory (LSTM)

Motivation:

• Vanishing gradient problem for Standard RNNs

• Figure shows sensitivity (darker = more sensitive) to the input at 
time t=1

30
Figure from (Graves, 2012)



Long Short-Term Memory (LSTM)
Motivation:
• LSTM units have a rich internal structure
• The various “gates” determine the propagation of information 

and can choose to “remember” or “forget” information

31
Figure from (Graves, 2012)

CHAPTER 4. LONG SHORT-TERM MEMORY 35

Figure 4.4: Preservation of gradient information by LSTM. As in Fig-
ure 4.1 the shading of the nodes indicates their sensitivity to the inputs at time
one; in this case the black nodes are maximally sensitive and the white nodes
are entirely insensitive. The state of the input, forget, and output gates are
displayed below, to the left and above the hidden layer respectively. For sim-
plicity, all gates are either entirely open (‘O’) or closed (‘—’). The memory cell
‘remembers’ the first input as long as the forget gate is open and the input gate
is closed. The sensitivity of the output layer can be switched on and o↵ by the
output gate without a↵ecting the cell.

4.2 Influence of Preprocessing

The above discussion raises an important point about the influence of prepro-
cessing. If we can find a way to transform a task containing long range con-
textual dependencies into one containing only short-range dependencies before
presenting it to a sequence learning algorithm, then architectures such as LSTM
become somewhat redundant. For example, a raw speech signal typically has a
sampling rate of over 40 kHz. Clearly, a great many timesteps would have to
be spanned by a sequence learning algorithm attempting to label or model an
utterance presented in this form. However when the signal is first transformed
into a 100 Hz series of mel-frequency cepstral coe�cients, it becomes feasible to
model the data using an algorithm whose contextual range is relatively short,
such as a hidden Markov model.

Nonetheless, if such a transform is di�cult or unknown, or if we simply
wish to get a good result without having to design task-specific preprocessing
methods, algorithms capable of handling long time dependencies are essential.

4.3 Gradient Calculation

Like the networks discussed in the last chapter, LSTM is a di↵erentiable function
approximator that is typically trained with gradient descent. Recently, non
gradient-based training methods of LSTM have also been considered (Wierstra
et al., 2005; Schmidhuber et al., 2007), but they are outside the scope of this
book.



Long Short-Term Memory (LSTM)
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2. NETWORK ARCHITECTURE

Given an input sequence x = (x1, . . . , xT

), a standard recur-
rent neural network (RNN) computes the hidden vector se-
quence h = (h1, . . . , hT

) and output vector sequence y =

(y1, . . . , yT ) by iterating the following equations from t = 1

to T :
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where the W terms denote weight matrices (e.g. W
xh

is the
input-hidden weight matrix), the b terms denote bias vectors
(e.g. b

h

is hidden bias vector) and H is the hidden layer func-
tion.

H is usually an elementwise application of a sigmoid
function. However we have found that the Long Short-Term
Memory (LSTM) architecture [11], which uses purpose-built
memory cells to store information, is better at finding and ex-
ploiting long range context. Fig. 1 illustrates a single LSTM
memory cell. For the version of LSTM used in this paper [12]
H is implemented by the following composite function:
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where � is the logistic sigmoid function, and i, f , o and c

are respectively the input gate, forget gate, output gate and
cell activation vectors, all of which are the same size as the
hidden vector h. The weight matrices from the cell to gate
vectors (e.g. W

si

) are diagonal, so element m in each gate
vector only receives input from element m of the cell vector.

One shortcoming of conventional RNNs is that they are
only able to make use of previous context. In speech recog-
nition, where whole utterances are transcribed at once, there
is no reason not to exploit future context as well. Bidirec-
tional RNNs (BRNNs) [13] do this by processing the data in
both directions with two separate hidden layers, which are
then fed forwards to the same output layer. As illustrated in
Fig. 2, a BRNN computes the forward hidden sequence

�!
h ,

the backward hidden sequence
 �
h and the output sequence y

by iterating the backward layer from t = T to 1, the forward
layer from t = 1 to T and then updating the output layer:
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Fig. 1. Long Short-term Memory Cell

Fig. 2. Bidirectional Recurrent Neural Network

Combing BRNNs with LSTM gives bidirectional LSTM [14],
which can access long-range context in both input directions.

A crucial element of the recent success of hybrid systems
is the use of deep architectures, which are able to build up pro-
gressively higher level representations of acoustic data. Deep
RNNs can be created by stacking multiple RNN hidden layers
on top of each other, with the output sequence of one layer
forming the input sequence for the next, as shown in Fig. 3.
Assuming the same hidden layer function is used for all N
layers in the stack, the hidden vector sequences hn are itera-
tively computed from n = 1 to N and t = 1 to T :
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Deep bidirectional RNNs can be implemented by replac-
ing each hidden sequence h

n with the forward and backward
sequences

�!
h

n and
 �
h

n, and ensuring that every hidden layer
receives input from both the forward and backward layers at
the level below. If LSTM is used for the hidden layers we get
deep bidirectional LSTM, as illustrated in Fig. 4.
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Memory (LSTM) architecture [11], which uses purpose-built
memory cells to store information, is better at finding and ex-
ploiting long range context. Fig. 1 illustrates a single LSTM
memory cell. For the version of LSTM used in this paper [12]
H is implemented by the following composite function:
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where � is the logistic sigmoid function, and i, f , o and c

are respectively the input gate, forget gate, output gate and
cell activation vectors, all of which are the same size as the
hidden vector h. The weight matrices from the cell to gate
vectors (e.g. W

si

) are diagonal, so element m in each gate
vector only receives input from element m of the cell vector.

One shortcoming of conventional RNNs is that they are
only able to make use of previous context. In speech recog-
nition, where whole utterances are transcribed at once, there
is no reason not to exploit future context as well. Bidirec-
tional RNNs (BRNNs) [13] do this by processing the data in
both directions with two separate hidden layers, which are
then fed forwards to the same output layer. As illustrated in
Fig. 2, a BRNN computes the forward hidden sequence
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h ,
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Fig. 2. Bidirectional Recurrent Neural Network

Combing BRNNs with LSTM gives bidirectional LSTM [14],
which can access long-range context in both input directions.

A crucial element of the recent success of hybrid systems
is the use of deep architectures, which are able to build up pro-
gressively higher level representations of acoustic data. Deep
RNNs can be created by stacking multiple RNN hidden layers
on top of each other, with the output sequence of one layer
forming the input sequence for the next, as shown in Fig. 3.
Assuming the same hidden layer function is used for all N
layers in the stack, the hidden vector sequences hn are itera-
tively computed from n = 1 to N and t = 1 to T :
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Deep bidirectional RNNs can be implemented by replac-
ing each hidden sequence h

n with the forward and backward
sequences
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h

n and
 �
h

n, and ensuring that every hidden layer
receives input from both the forward and backward layers at
the level below. If LSTM is used for the hidden layers we get
deep bidirectional LSTM, as illustrated in Fig. 4.
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are respectively the input gate, forget gate, output gate and
cell activation vectors, all of which are the same size as the
hidden vector h. The weight matrices from the cell to gate
vectors (e.g. W
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) are diagonal, so element m in each gate
vector only receives input from element m of the cell vector.

One shortcoming of conventional RNNs is that they are
only able to make use of previous context. In speech recog-
nition, where whole utterances are transcribed at once, there
is no reason not to exploit future context as well. Bidirec-
tional RNNs (BRNNs) [13] do this by processing the data in
both directions with two separate hidden layers, which are
then fed forwards to the same output layer. As illustrated in
Fig. 2, a BRNN computes the forward hidden sequence
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Combing BRNNs with LSTM gives bidirectional LSTM [14],
which can access long-range context in both input directions.

A crucial element of the recent success of hybrid systems
is the use of deep architectures, which are able to build up pro-
gressively higher level representations of acoustic data. Deep
RNNs can be created by stacking multiple RNN hidden layers
on top of each other, with the output sequence of one layer
forming the input sequence for the next, as shown in Fig. 3.
Assuming the same hidden layer function is used for all N
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n, and ensuring that every hidden layer
receives input from both the forward and backward layers at
the level below. If LSTM is used for the hidden layers we get
deep bidirectional LSTM, as illustrated in Fig. 4.
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where � is the logistic sigmoid function, and i, f , o and c

are respectively the input gate, forget gate, output gate and
cell activation vectors, all of which are the same size as the
hidden vector h. The weight matrices from the cell to gate
vectors (e.g. W

si

) are diagonal, so element m in each gate
vector only receives input from element m of the cell vector.

One shortcoming of conventional RNNs is that they are
only able to make use of previous context. In speech recog-
nition, where whole utterances are transcribed at once, there
is no reason not to exploit future context as well. Bidirec-
tional RNNs (BRNNs) [13] do this by processing the data in
both directions with two separate hidden layers, which are
then fed forwards to the same output layer. As illustrated in
Fig. 2, a BRNN computes the forward hidden sequence

�!
h ,

the backward hidden sequence
 �
h and the output sequence y

by iterating the backward layer from t = T to 1, the forward
layer from t = 1 to T and then updating the output layer:

�!
h

t

= H
⇣
W

x

�!
h

x

t

+W

�!
h

�!
h

�!
h

t�1 + b

�!
h

⌘
(8)

 �
h

t

= H
⇣
W

x

 �
h

x

t

+W

 �
h

 �
h

 �
h

t+1 + b

 �
h

⌘
(9)

y

t

= W

�!
h y

�!
h

t

+W

 �
h y

 �
h

t

+ b

y

(10)

Fig. 1. Long Short-term Memory Cell

Fig. 2. Bidirectional Recurrent Neural Network

Combing BRNNs with LSTM gives bidirectional LSTM [14],
which can access long-range context in both input directions.

A crucial element of the recent success of hybrid systems
is the use of deep architectures, which are able to build up pro-
gressively higher level representations of acoustic data. Deep
RNNs can be created by stacking multiple RNN hidden layers
on top of each other, with the output sequence of one layer
forming the input sequence for the next, as shown in Fig. 3.
Assuming the same hidden layer function is used for all N
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tively computed from n = 1 to N and t = 1 to T :
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n and
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n, and ensuring that every hidden layer
receives input from both the forward and backward layers at
the level below. If LSTM is used for the hidden layers we get
deep bidirectional LSTM, as illustrated in Fig. 4.
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where � is the logistic sigmoid function, and i, f , o and c

are respectively the input gate, forget gate, output gate and
cell activation vectors, all of which are the same size as the
hidden vector h. The weight matrices from the cell to gate
vectors (e.g. W
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) are diagonal, so element m in each gate
vector only receives input from element m of the cell vector.

One shortcoming of conventional RNNs is that they are
only able to make use of previous context. In speech recog-
nition, where whole utterances are transcribed at once, there
is no reason not to exploit future context as well. Bidirec-
tional RNNs (BRNNs) [13] do this by processing the data in
both directions with two separate hidden layers, which are
then fed forwards to the same output layer. As illustrated in
Fig. 2, a BRNN computes the forward hidden sequence
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Combing BRNNs with LSTM gives bidirectional LSTM [14],
which can access long-range context in both input directions.

A crucial element of the recent success of hybrid systems
is the use of deep architectures, which are able to build up pro-
gressively higher level representations of acoustic data. Deep
RNNs can be created by stacking multiple RNN hidden layers
on top of each other, with the output sequence of one layer
forming the input sequence for the next, as shown in Fig. 3.
Assuming the same hidden layer function is used for all N
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are respectively the input gate, forget gate, output gate and
cell activation vectors, all of which are the same size as the
hidden vector h. The weight matrices from the cell to gate
vectors (e.g. W
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) are diagonal, so element m in each gate
vector only receives input from element m of the cell vector.

One shortcoming of conventional RNNs is that they are
only able to make use of previous context. In speech recog-
nition, where whole utterances are transcribed at once, there
is no reason not to exploit future context as well. Bidirec-
tional RNNs (BRNNs) [13] do this by processing the data in
both directions with two separate hidden layers, which are
then fed forwards to the same output layer. As illustrated in
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Combing BRNNs with LSTM gives bidirectional LSTM [14],
which can access long-range context in both input directions.

A crucial element of the recent success of hybrid systems
is the use of deep architectures, which are able to build up pro-
gressively higher level representations of acoustic data. Deep
RNNs can be created by stacking multiple RNN hidden layers
on top of each other, with the output sequence of one layer
forming the input sequence for the next, as shown in Fig. 3.
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where � is the logistic sigmoid function, and i, f , o and c

are respectively the input gate, forget gate, output gate and
cell activation vectors, all of which are the same size as the
hidden vector h. The weight matrices from the cell to gate
vectors (e.g. W

si

) are diagonal, so element m in each gate
vector only receives input from element m of the cell vector.

One shortcoming of conventional RNNs is that they are
only able to make use of previous context. In speech recog-
nition, where whole utterances are transcribed at once, there
is no reason not to exploit future context as well. Bidirec-
tional RNNs (BRNNs) [13] do this by processing the data in
both directions with two separate hidden layers, which are
then fed forwards to the same output layer. As illustrated in
Fig. 2, a BRNN computes the forward hidden sequence

�!
h ,

the backward hidden sequence
 �
h and the output sequence y

by iterating the backward layer from t = T to 1, the forward
layer from t = 1 to T and then updating the output layer:
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Fig. 1. Long Short-term Memory Cell

Fig. 2. Bidirectional Recurrent Neural Network

Combing BRNNs with LSTM gives bidirectional LSTM [14],
which can access long-range context in both input directions.

A crucial element of the recent success of hybrid systems
is the use of deep architectures, which are able to build up pro-
gressively higher level representations of acoustic data. Deep
RNNs can be created by stacking multiple RNN hidden layers
on top of each other, with the output sequence of one layer
forming the input sequence for the next, as shown in Fig. 3.
Assuming the same hidden layer function is used for all N
layers in the stack, the hidden vector sequences hn are itera-
tively computed from n = 1 to N and t = 1 to T :
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where we define h

0
= x. The network outputs y

t

are
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Deep bidirectional RNNs can be implemented by replac-
ing each hidden sequence h

n with the forward and backward
sequences

�!
h

n and
 �
h

n, and ensuring that every hidden layer
receives input from both the forward and backward layers at
the level below. If LSTM is used for the hidden layers we get
deep bidirectional LSTM, as illustrated in Fig. 4.
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Fig. 3. Deep Recurrent Neural Network

Fig. 4. Deep Bidirectional Long Short-Term Memory Net-
work (DBLSTM)

3. NETWORK TRAINING

Network training follows the standard approach used in hy-
brid systems [4]. Frame-level state targets are provided on the
training set by a forced alignment given by a GMM-HMM
system. The network is then trained to minimise the cross-
entropy error of the targets using a softmax output layer with
as many units as the total number of possible HMM states. At
decoding time, the state probabilities yielded by the network
are combined with a dictionary and language model to deter-
mine the most probable transcription. For a length T acoustic
sequence x the network produces a length T output sequence
y, where each y

t

defines a probability distribution over the
K possible states: that is, yk

t

(the k

th element of y
t

) is the
network’s estimate for the probability of observing state k at
time t given x. Given a length T state target sequence z the

network is trained to minimise the negative log-probability of
the target sequence given the input sequence:

� log Pr(z|x) = �
TX

t=1

log y

zt
t

(13)

Which leads to the following error derivatives at the output
layer

� @ log Pr(z|x)
@ŷ

k

t

= y

k

t

� �

k,zt (14)

where ŷ

t

is the vector of output activations before they have
been normalised with the softmax function. These derivatives
are then fed back through the network using backpropagation
through time to determine the weight gradient.

When training deep networks in hybrid systems with
stochastic gradient descent it has been found advantageous to
select minibatches of frames randomly from the whole train-
ing set, rather than using whole utterances as batches. This
is impossible with RNN-HMM hybrids because the weight
gradients are a function of the entire utterance.

Another difference is that hybrid deep networks are
trained with an acoustic context window of frames to ei-
ther side of the one being classified. This is not necessary for
DBLSTM, since it is as able to store past and future context
internally, and the data was therefore presented a single frame
at a time.

For some of the experiments Gaussian noise was added
to the network weights during training [15]. The noise
was added once per training sequence, rather than at every
timestep. Weight noise tends to ‘simplify’ neural networks,
in the sense of reducing the amount of information required
to transmit the parameters [16, 17], which improves generali-
sation.

4. TIMIT EXPERIMENTS

The first set of experiments were carried out on the TIMIT [18]
speech corpus. Their purpose was to see how hybrid training
for deep bidirectional LSTM compared with the end-to-end
training methods described in [1]. To this end, we ensured
that the data preparation, network architecture and training
parameters were consistent with those in the previous work.
To allow us to test for significance, we also carried out re-
peated runs of the previous experiments (which were only
run once in the original paper). In addition, we ran hybrid ex-
periments using a deep bidirectional RNN with tanh hidden
units instead of LSTM.

The standard 462 speaker set with all SA records removed
was used for training, and a separate development set of 50
speakers was used for early stopping. Results are reported
for the 24-speaker core test set. The audio data was prepro-
cessed using a Fourier-transform-based filterbank with 40 co-
efficients (plus energy) distributed on a mel-scale, together
with their first and second temporal derivatives. Each input

Figure from (Graves et al., 2013)

• Figure: input/output 
layers not shown

• Same general 
topology as a Deep 
Bidirectional RNN, 
but with LSTM units 
in the hidden layers

• No additional 
representational 
power over DBRNN, 
but easier to learn in 
practice
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Fig. 3. Deep Recurrent Neural Network

Fig. 4. Deep Bidirectional Long Short-Term Memory Net-
work (DBLSTM)

3. NETWORK TRAINING

Network training follows the standard approach used in hy-
brid systems [4]. Frame-level state targets are provided on the
training set by a forced alignment given by a GMM-HMM
system. The network is then trained to minimise the cross-
entropy error of the targets using a softmax output layer with
as many units as the total number of possible HMM states. At
decoding time, the state probabilities yielded by the network
are combined with a dictionary and language model to deter-
mine the most probable transcription. For a length T acoustic
sequence x the network produces a length T output sequence
y, where each y

t

defines a probability distribution over the
K possible states: that is, yk

t

(the k

th element of y
t

) is the
network’s estimate for the probability of observing state k at
time t given x. Given a length T state target sequence z the

network is trained to minimise the negative log-probability of
the target sequence given the input sequence:

� log Pr(z|x) = �
TX

t=1

log y

zt
t

(13)

Which leads to the following error derivatives at the output
layer

� @ log Pr(z|x)
@ŷ
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t

� �

k,zt (14)

where ŷ

t

is the vector of output activations before they have
been normalised with the softmax function. These derivatives
are then fed back through the network using backpropagation
through time to determine the weight gradient.

When training deep networks in hybrid systems with
stochastic gradient descent it has been found advantageous to
select minibatches of frames randomly from the whole train-
ing set, rather than using whole utterances as batches. This
is impossible with RNN-HMM hybrids because the weight
gradients are a function of the entire utterance.

Another difference is that hybrid deep networks are
trained with an acoustic context window of frames to ei-
ther side of the one being classified. This is not necessary for
DBLSTM, since it is as able to store past and future context
internally, and the data was therefore presented a single frame
at a time.

For some of the experiments Gaussian noise was added
to the network weights during training [15]. The noise
was added once per training sequence, rather than at every
timestep. Weight noise tends to ‘simplify’ neural networks,
in the sense of reducing the amount of information required
to transmit the parameters [16, 17], which improves generali-
sation.

4. TIMIT EXPERIMENTS

The first set of experiments were carried out on the TIMIT [18]
speech corpus. Their purpose was to see how hybrid training
for deep bidirectional LSTM compared with the end-to-end
training methods described in [1]. To this end, we ensured
that the data preparation, network architecture and training
parameters were consistent with those in the previous work.
To allow us to test for significance, we also carried out re-
peated runs of the previous experiments (which were only
run once in the original paper). In addition, we ran hybrid ex-
periments using a deep bidirectional RNN with tanh hidden
units instead of LSTM.

The standard 462 speaker set with all SA records removed
was used for training, and a separate development set of 50
speakers was used for early stopping. Results are reported
for the 24-speaker core test set. The audio data was prepro-
cessed using a Fourier-transform-based filterbank with 40 co-
efficients (plus energy) distributed on a mel-scale, together
with their first and second temporal derivatives. Each input

Figure from (Graves et al., 2013)

How important is this 
particular architecture?

Jozefowicz et al. (2015) 
evaluated 10,000 
different LSTM-like 
architectures and 
found several variants 
that worked just as 
well on several tasks.



Mini-Batch SGD

• Gradient Descent: 
Compute true gradient exactly from all N 
examples

• Stochastic Gradient Descent (SGD):
Approximate true gradient by the gradient 
of one randomly chosen example

• Mini-Batch SGD: 
Approximate true gradient by the average 
gradient of K randomly chosen examples
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Mini-Batch SGD
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Three variants of first-order optimization:



RNN Training Tricks
• Deep Learning models tend to consist largely of 

matrix multiplications
• Training tricks: 
– mini-batching with masking

– sorting into buckets of similar-length sequences, so 
that mini-batches have same length sentences

– truncated BPTT, when sequences are too long, divide 
sequences into chunks and use the final vector of the 
previous chunk as the initial vector for the next chunk 
(but don’t backprop from next chunk to previous chunk)
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Metric DyC++ DyPy Chainer DyC++ Seq Theano TF
RNNLM (MB=1) words/sec 190 190 114 494 189 298
RNNLM (MB=4) words/sec 830 825 295 1510 567 473
RNNLM (MB=16) words/sec 1820 1880 794 2400 1100 606
RNNLM (MB=64) words/sec 2440 2470 1340 2820 1260 636
BiLSTM Tag words/sec 427 428 22.7 - 102 143
BiLSTM Tag +sparse words/sec 8410 7990 - - - -
BiLSTM Tag+Char words/sec 419 413 22.0 - 94.3 -
BiLSTM Tag+Char +sparse words/sec 6530 6320 - - - -
TreeLSTM sents/sec 91.6 88.1 7.21 - - -
TreeLSTM +sparse sents/sec 186 173 - - - -

Table 2: Processing speed for each toolkit on CPU. Speeds are measured in words/sec for
RNNLM and Tagger and sentences/sec for TreeLSTM. Lines with +sparse indicate sparse up-
dates for the LookupParameters, which is the default behavior in DyNet, but not comparable
to the implementations in other toolkits, which are performing dense updates.

Accuracy: In order to confirm that the code in each library is doing the same thing, we
compared accuracies and ensure that they are in the same general range with only small
di↵erences, and thus do not include these statistics in our main comparison. However,
in some cases we will show accuracies for each task: per-word negative log likelihood
for the RNNLM, tagging accuracy for the BiLSTM tagger, and fine-grained sentiment
classification accuracy at the root for the Tree LSTM.

7.3 Evaluation Results

7.3.1 Cross-toolkit Comparison

First, we perform a comparison of computation speed over the four tasks across the DyNet
Python interface, the DyNet C++ interface, Chainer, Theano, and TensorFlow. Additionally,
as discussed in §5.1, DyNet also has experimental support for e�cient sequence-level process-
ing such as that implemented in Theano and TensorFlow, so we present numbers for this on
the RNNLM task as well (labeled DyC++ Seq) to examine the e↵ect of sharing computations
at the sequence level. We also vary the mini-batch size of the RNNLM to demonstrate the
e↵ect of mini-batching. The results are shown in Table 2 and Table 3.

Comparison on CPU: First focusing on the CPU results, we can see that DyNet handily
outperforms the other toolkits in e�ciency. This is true for the more standard and straight-
forward RNNLMs (where speeds are 1.66x to 3.20x faster than the fastest counterpart), par-
ticularly for the more complicated tasks such as the BiLSTM tagger (gains of 2.99x to 4.44x)
and TreeLSTM (a gain of 12.7x). This is a result of the DyNet design described in §4, which
focuses on minimizing overhead in graph construction and focuses on optimizing for speed on
both CPU and GPU.

In addition, comparing the various DyNet interfaces, we see that there is a negligible
di↵erence between the C++ and Python interfaces, due to the fact that Python simply places
a thin wrapper of the core C++ code. On the other hand, utilizing the sequence-based
computation interface provides significant improvements, particularly at smaller RNNLM
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Table from Neubig et al. (2017)



RNN Summary

• RNNs
– Applicable to tasks such as sequence labeling, 

speech recognition, machine translation, etc.
– Able to learn context features for time series 

data
– Vanishing gradients are still a problem – but 

LSTM units can help

• Other Resources
– Christopher Olah’s blog post on LSTMs 

http://colah.github.io/posts/2015-08-
Understanding-LSTMs/
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RNN LANGUAGE MODELS
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Two Key Ingredients

Neural Embeddings             Recurrent Language Models

1. Hinton, G., Salakhutdinov, R. "Reducing the Dimensionality of Data with Neural Networks." Science (2006)
2. Mikolov, T., et al. "Recurrent neural network based language model." Interspeech (2010)

Slide from Vinyals & Jaitly (ICML Tutorial, 2017)

https://www.cs.toronto.edu/~hinton/science.pdf


Language Models

Slide Credit: Piotr Mirowski

Slide from Vinyals & Jaitly (ICML Tutorial, 2017)



n-grams

Slide Credit: Piotr Mirowski

Slide from Vinyals & Jaitly (ICML Tutorial, 2017)



n-grams

Slide Credit: Piotr Mirowski

Slide from Vinyals & Jaitly (ICML Tutorial, 2017)



The Chain Rule

Slide Credit: Piotr Mirowski

Slide from Vinyals & Jaitly (ICML Tutorial, 2017)



A Key Insight: vectorizing context
Bengio, Y. et al., “A Neural Probabilistic Language Model”, JMLR (2001, 2003)
Mnih, A., Hinton, G., “Three new graphical models for statistical language modeling”, ICML 2007

Slide Credit: Piotr Mirowski

Slide from Vinyals & Jaitly (ICML Tutorial, 2017)



Slide Credit: Piotr Mirowski

Slide from Vinyals & Jaitly (ICML Tutorial, 2017)



Slide Credit: Piotr Mirowski

Slide from Vinyals & Jaitly (ICML Tutorial, 2017)



Slide Credit: Piotr Mirowski

Slide from Vinyals & Jaitly (ICML Tutorial, 2017)



Slide Credit: Piotr Mirowski

Slide from Vinyals & Jaitly (ICML Tutorial, 2017)



Slide Credit: Piotr Mirowski

Slide from Vinyals & Jaitly (ICML Tutorial, 2017)



What do we Optimize?

Slide from Vinyals & Jaitly (ICML Tutorial, 2017)



Slide from Vinyals & Jaitly (ICML Tutorial, 2017)



Slide from Vinyals & Jaitly (ICML Tutorial, 2017)



Sampling from an RNN-LM

Shakespeare’s As You Like It
VIOLA: Why, Salisbury must find his flesh and 
thought That which I am not aps, not a man and 
in fire, To show the reining of the raven and the 
wars To grace my hand reproach within, and 
not a fair are hand, That Caesar and my goodly 
father's world; When I was heaven of presence 
and our fleets, We spare with hours, but cut thy 
council I am great, Murdered and by thy 
master's ready there My power to give thee but 
so much as hell: Some service in the noble 
bondman here, Would show him to her wine. 

KING LEAR: O, if you were a feeble sight, the 
courtesy of your law, Your sight and several 
breath, will wear the gods With his heads, and 
my hands are wonder'd at the deeds, So drop 
upon your lordship's head, and your opinion 
Shall be against your honour.

RNN-LM Sample
CHARLES: Marry, do I, sir; and I came to 
acquaint you with a matter. I am given, sir, 
secretly to understand that your younger 
brother Orlando hath a disposition to come in 
disguised against me to try a fall.  To-morrow, 
sir, I wrestle for my credit; and he that escapes 
me without some broken limb shall acquit him 
well. Your brother is but young and tender; and, 
for your love, I would be loath to foil him, as I 
must, for my own honour, if he come in: 
therefore, out of my love to you, I came hither 
to acquaint you withal, that either you might 
stay him from his intendment or brook such 
disgrace well as he shall run into, in that it is a 
thing of his own search and altogether against 
my will.

TOUCHSTONE: For my part, I had rather bear 
with you than bear you; yet I should bear no 
cross if I did bear you, for I think you have no 
money in your purse.

57
Example from http://karpathy.github.io/2015/05/21/rnn-effectiveness/

http://karpathy.github.io/2015/05/21/rnn-effectiveness/


Sampling from an RNN-LM

RNN-LM Sample
VIOLA: Why, Salisbury must find his flesh and 
thought That which I am not aps, not a man and 
in fire, To show the reining of the raven and the 
wars To grace my hand reproach within, and 
not a fair are hand, That Caesar and my goodly 
father's world; When I was heaven of presence 
and our fleets, We spare with hours, but cut thy 
council I am great, Murdered and by thy 
master's ready there My power to give thee but 
so much as hell: Some service in the noble 
bondman here, Would show him to her wine. 

KING LEAR: O, if you were a feeble sight, the 
courtesy of your law, Your sight and several 
breath, will wear the gods With his heads, and 
my hands are wonder'd at the deeds, So drop 
upon your lordship's head, and your opinion 
Shall be against your honour.

Shakespeare’s As You Like It
CHARLES: Marry, do I, sir; and I came to 
acquaint you with a matter. I am given, sir, 
secretly to understand that your younger 
brother Orlando hath a disposition to come in 
disguised against me to try a fall.  To-morrow, 
sir, I wrestle for my credit; and he that escapes 
me without some broken limb shall acquit him 
well. Your brother is but young and tender; and, 
for your love, I would be loath to foil him, as I 
must, for my own honour, if he come in: 
therefore, out of my love to you, I came hither 
to acquaint you withal, that either you might 
stay him from his intendment or brook such 
disgrace well as he shall run into, in that it is a 
thing of his own search and altogether against 
my will.

TOUCHSTONE: For my part, I had rather bear 
with you than bear you; yet I should bear no 
cross if I did bear you, for I think you have no 
money in your purse.
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Example from http://karpathy.github.io/2015/05/21/rnn-effectiveness/

http://karpathy.github.io/2015/05/21/rnn-effectiveness/


Sampling from an RNN-LM

??
VIOLA: Why, Salisbury must find his flesh and 
thought That which I am not aps, not a man and 
in fire, To show the reining of the raven and the 
wars To grace my hand reproach within, and 
not a fair are hand, That Caesar and my goodly 
father's world; When I was heaven of presence 
and our fleets, We spare with hours, but cut thy 
council I am great, Murdered and by thy 
master's ready there My power to give thee but 
so much as hell: Some service in the noble 
bondman here, Would show him to her wine. 

KING LEAR: O, if you were a feeble sight, the 
courtesy of your law, Your sight and several 
breath, will wear the gods With his heads, and 
my hands are wonder'd at the deeds, So drop 
upon your lordship's head, and your opinion 
Shall be against your honour.

?? 
CHARLES: Marry, do I, sir; and I came to 
acquaint you with a matter. I am given, sir, 
secretly to understand that your younger 
brother Orlando hath a disposition to come in 
disguised against me to try a fall.  To-morrow, 
sir, I wrestle for my credit; and he that escapes 
me without some broken limb shall acquit him 
well. Your brother is but young and tender; and, 
for your love, I would be loath to foil him, as I 
must, for my own honour, if he come in: 
therefore, out of my love to you, I came hither 
to acquaint you withal, that either you might 
stay him from his intendment or brook such 
disgrace well as he shall run into, in that it is a 
thing of his own search and altogether against 
my will.

TOUCHSTONE: For my part, I had rather bear 
with you than bear you; yet I should bear no 
cross if I did bear you, for I think you have no 
money in your purse.
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Example from http://karpathy.github.io/2015/05/21/rnn-effectiveness/

Which is the real 
Shakespeare?!

http://karpathy.github.io/2015/05/21/rnn-effectiveness/


Language Modeling
An aside:
• State-of-the-art 

language models 
currently tend to 
rely on 
transformer 
networks (e.g. 
GPT-2)

• RNN-LMs 
comprised most 
of the early neural 
LMs that led to 
current SOTA 
architectures
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GPT-2

Figure from https://paperswithcode.com/sota/language-modelling-on-penn-treebank-word

https://paperswithcode.com/sota/language-modelling-on-penn-treebank-word


RNN Language Models

Whiteboard:
– RNNLM for scoring of a path in a search space
– What’s missing? Dependence on the input.
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SEQUENCE-TO-SEQUENCE 
MODELS
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Sequence-to-Sequence Models

64

Motivating Question: 
How can we model input/output 

pairs when the length of the 
input might be different from the 

length of the output?



Sequence-to-Sequence Models

Whiteboard:
– encoder-decoder architectures
– Example: biLSTM + RNNLM
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Learning to Search for seq2seq

Whiteboard:
– DAgger for seq2seq
– Scheduled Sampling (a special case of DAgger)
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L2S in deep-learning-speak

Teacher Forcing
Teacher Forcing is the supervised 
approach to imitation when used to train 
RNNs

Algorithm:
1. feed the ground truth 

from the previous time step in as 
the input to the next time step

2. at each timestep minimize cross 
entropy (or some loss) of the 
ground truth for that time step

Scheduled Sampling
Scheduled Sampling is online DAgger
with a variety of schedules for mixing the 
oracle policy and model policy when used 
to train RNNs

Algorithm:
1. feed the model’s prediction (or with 

some probability the ground truth) 
from the previous time step in as the 
input to the next time step

2. at each timestep minimize cross 
entropy (or some loss) of the 
ground truth for that time step

3. gradually decrease the probability 
of feeding in the ground truth with 
each iteration of training
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L2S in deep-learning-speak

Scheduled Sampling
Scheduled Sampling is online DAgger
with a variety of schedules for mixing the 
oracle policy and model policy when used 
to train RNNs

Algorithm:
1. feed the model’s prediction (or with 

some probability the ground truth) 
from the previous time step in as the 
input to the next time step

2. at each timestep minimize cross 
entropy (or some loss) of the 
ground truth for that time step

3. gradually decrease the probability 
of feeding in the ground truth with 
each iteration of training

68
Figure from Bengio et al. (2015) “Scheduled Sampling…”

Figure 1: Illustration of the Scheduled Sampling approach,
where one flips a coin at every time step to decide to use the
true previous token or one sampled from the model itself.
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Figure 2: Examples of decay
schedules.

We thus propose to use a schedule to decrease ✏i as a function of i itself, in a similar manner used
to decrease the learning rate in most modern stochastic gradient descent approaches. Examples of
such schedules can be seen in Figure 2 as follows:

• Linear decay: ✏i = max(✏, k � ci) where 0  ✏ < 1 is the minimum amount of truth to be
given to the model and k and c provide the offset and slope of the decay, which depend on
the expected speed of convergence.

• Exponential decay: ✏i = k

i where k < 1 is a constant that depends on the expected speed
of convergence.

• Inverse sigmoid decay: ✏i = k/(k+exp(i/k)) where k � 1 depends on the expected speed
of convergence.

We call our approach Scheduled Sampling. Note that when we sample the previous token ŷt�1 from
the model itself while training, we could back-propagate the gradient of the losses at times t ! T

through that decision. This was not done in the experiments described in this paper and is left for
future work.

3 Related Work

The discrepancy between the training and inference distributions has already been noticed in the
literature, in particular for control and reinforcement learning tasks.

SEARN [9] was proposed to tackle problems where supervised training examples might be different
from actual test examples when each example is made of a sequence of decisions, like acting in a
complex environment where a few mistakes of the model early in the sequential decision process
might compound and yield a very poor global performance. Their proposed approach involves a
meta-algorithm where at each meta-iteration one trains a new model according to the current policy
(essentially the expected decisions for each situation), applies it on a test set and modifies the next
iteration policy in order to account for the previous decisions and errors. The new policy is thus a
combination of the previous one and the actual behavior of the model.

In comparison to SEARN and related ideas [10, 11], our proposed approach is completely online: a
single model is trained and the policy slowly evolves during training, instead of a batch approach,
which makes it much faster to train3 Furthermore, SEARN has been proposed in the context of
reinforcement learning, while we consider the supervised learning setting trained using stochastic
gradient descent on the overall objective.

Other approaches have considered the problem from a ranking perspective, in particular for parsing
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Figure 1: Illustration of the Scheduled Sampling approach,
where one flips a coin at every time step to decide to use the
true previous token or one sampled from the model itself.

Figure 2: Examples of decay
schedules.
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literature, in particular for control and reinforcement learning tasks.
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combination of the previous one and the actual behavior of the model.

In comparison to SEARN and related ideas [10, 11], our proposed approach is completely online: a
single model is trained and the policy slowly evolves during training, instead of a batch approach,
which makes it much faster to train3 Furthermore, SEARN has been proposed in the context of
reinforcement learning, while we consider the supervised learning setting trained using stochastic
gradient descent on the overall objective.

Other approaches have considered the problem from a ranking perspective, in particular for parsing
tasks [12] where the target output is a tree. In this case, the authors proposed to use a beam search
both during training and inference, so that both phases are aligned. The training beam is used to find

3In fact, in the experiments we report in this paper, our proposed approach was not meaningfully slower
(nor faster) to train than the baseline.
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