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NLP and Sequential Data

• NLP is full of sequential data


• Words in sentences


• Characters in words


• Sentences in discourse


• …



Long-distance 
Dependencies in Language

• Agreement in number, gender, etc.

• Selectional preference

He does not have very much confidence in himself.

She does not have very much confidence in herself.

The reign has lasted as long as the life of the queen.

The rain has lasted as long as the life of the clouds.



Can be Complicated!
• What is the referent of “it”?

The trophy would not fit in the brown suitcase because it was too big.

The trophy would not fit in the brown suitcase because it was too small.

(from Winograd Schema Challenge:

http://commonsensereasoning.org/winograd.html)

Trophy

Suitcase

http://commonsensereasoning.org/winograd.html


An Aside: 
Types of Prediction Problems



Types of Prediction:

Binary, Multi-class, Structured
• Two classes (binary classification)

I   hate   this  movie positive

negative

• Multiple classes (multi-class classification)

• Exponential/infinite labels (structured prediction)
I hate this movie PRP VBP DT NN

I hate this movie kono eiga ga kirai

I   hate   this  movie

very good

good


neutral

bad


very bad



Types of Prediction:

Unconditioned vs. Conditioned

• Unconditioned Prediction: Predict the probability 
of a single variable


• Conditioned Prediction: Predict the probability of 
an output variable given an input

P (X)

<latexit sha1_base64="CuRCjw0/QnnkwkeH76D353BNVhY=">AAAB63icbVBNSwMxEJ2tX7V+VT16CRahXsqutOix6MVjBfsB7VKyabYNTbJLkhXK0r/gxYMiXv1D3vw3Zts9aOuDgcd7M8zMC2LOtHHdb6ewsbm1vVPcLe3tHxwelY9POjpKFKFtEvFI9QKsKWeStg0znPZiRbEIOO0G07vM7z5RpVkkH80spr7AY8lCRrDJpFa1dzksV9yauwBaJ15OKpCjNSx/DUYRSQSVhnCsdd9zY+OnWBlGOJ2XBommMSZTPKZ9SyUWVPvp4tY5urDKCIWRsiUNWqi/J1IstJ6JwHYKbCZ61cvE/7x+YsIbP2UyTgyVZLkoTDgyEcoeRyOmKDF8ZgkmitlbEZlghYmx8ZRsCN7qy+ukc1Xz6rXGQ73SvM3jKMIZnEMVPLiGJtxDC9pAYALP8ApvjnBenHfnY9lacPKZU/gD5/MHHL2Now==</latexit>

P (Y |X)

<latexit sha1_base64="yxLxy9TB/p3i/GCOv4YSd+10xZI=">AAAB7XicbVBNSwMxEJ2tX7V+VT16CRahXsquVPRY9OKxgv2QdinZNNvGZpMlyQpl7X/w4kERr/4fb/4b03YP2vpg4PHeDDPzgpgzbVz328mtrK6tb+Q3C1vbO7t7xf2DppaJIrRBJJeqHWBNORO0YZjhtB0riqOA01Ywup76rUeqNJPizoxj6kd4IFjICDZWatbL90/t016x5FbcGdAy8TJSggz1XvGr25ckiagwhGOtO54bGz/FyjDC6aTQTTSNMRnhAe1YKnBEtZ/Orp2gE6v0USiVLWHQTP09keJI63EU2M4Im6Fe9Kbif14nMeGlnzIRJ4YKMl8UJhwZiaavoz5TlBg+tgQTxeytiAyxwsTYgAo2BG/x5WXSPKt41cr5bbVUu8riyMMRHEMZPLiAGtxAHRpA4AGe4RXeHOm8OO/Ox7w152Qzh/AHzucPrGmOjA==</latexit>



Types of Unconditioned Prediction

(e.g. unigram model)

(e.g. RNN LM)
P (X) =

|X|Y

i=1

P (xi|x1, . . . , xi�1)

<latexit sha1_base64="Xy4RuywFNl1QOaq4PHM4R6Q2N5A="></latexit>

Left-to-right Autoregressive Prediction

(e.g. n-gram LM, feed-forward LM)
P (X) =

|X|Y

i=1

P (xi|xi�n+1, . . . , xi�1)

<latexit sha1_base64="HdhBIu9BbvrRoaZo8TJEOMKwGRM="></latexit>

Left-to-right Markov Chain (order n-1)

P (X) =

|X|Y

i=1

P (xi)

<latexit sha1_base64="Ro/RCPM+ys22eWGOZkY5FpUXn1E=">AAACCHicbVDLSsNAFJ34rPUVdenCwSK0m5JIRTeFohuXEWwbaGOYTCbt0MmDmYlY0i7d+CtuXCji1k9w5984bbPQ1gMXDufcy733eAmjQhrGt7a0vLK6tl7YKG5ube/s6nv7LRGnHJMmjlnMbQ8JwmhEmpJKRuyEExR6jLS9wdXEb98TLmgc3cphQpwQ9SIaUIykklz9yCrbFViH3YTHvpvRujm+y0b2aAyt8oNLK65eMqrGFHCRmDkpgRyWq391/RinIYkkZkiIjmkk0skQlxQzMi52U0EShAeoRzqKRigkwsmmj4zhiVJ8GMRcVSThVP09kaFQiGHoqc4Qyb6Y9ybif14nlcGFk9EoSSWJ8GxRkDIoYzhJBfqUEyzZUBGEOVW3QtxHHGGpsiuqEMz5lxdJ67Rq1qpnN7VS4zKPowAOwTEoAxOcgwa4BhZoAgwewTN4BW/ak/aivWsfs9YlLZ85AH+gff4ASzOYRQ==</latexit>

Independent Prediction

P (X) 6=
|X|Y

i=1

P (xi|x 6=i)

<latexit sha1_base64="mYiyAcfPcVy6+KuKi8+eLzE0QT8=">AAACFXicbVBNS8NAEN3Ur1q/qh69LBahBSmJVPQiFL14rGDbQBvDZrttl242cXcjLWn+hBf/ihcPingVvPlv3KY9aOuDgcd7M8zM80JGpTLNbyOztLyyupZdz21sbm3v5Hf3GjKIBCZ1HLBA2B6ShFFO6ooqRuxQEOR7jDS9wdXEbz4QIWnAb9UoJI6Pepx2KUZKS27+uFa0S7DNyT1shyLouDG9sJK7eGyPk1px6NLx0I1TmyYlN18wy2YKuEisGSmAGWpu/qvdCXDkE64wQ1K2LDNUToyEopiRJNeOJAkRHqAeaWnKkU+kE6dfJfBIKx3YDYQurmCq/p6IkS/lyPd0p49UX857E/E/rxWp7rkTUx5GinA8XdSNGFQBnEQEO1QQrNhIE4QF1bdC3EcCYaWDzOkQrPmXF0njpGxVyqc3lUL1chZHFhyAQ1AEFjgDVXANaqAOMHgEz+AVvBlPxovxbnxMWzPGbGYf/IHx+QORmZ5+</latexit>

Bidirectional Prediction

(e.g. masked language model)



Types of Conditioned Prediction

(e.g. seq2seq model)

(e.g. sequence labeling, non-autoregressive MT)

Autoregressive Conditioned Prediction
Source X Target Y

P (Y |X) =

|Y |Y

i=1

P (yi|X, y1, . . . , yi�1)

<latexit sha1_base64="ph4AhjKMa/pkd3q5pZXppi6wwFc="></latexit>

Non-autoregressive Conditioned Prediction Source X Target Y

P (Y |X) =

|Y |Y

i=1

P (yi|X)

<latexit sha1_base64="YOqjtuQFX8da/LnhmZa07dVLuik=">AAACC3icbVDLSsNAFJ34rPUVdelmaBHqpiRS0U2h6MZlBPuijWEymbRDJw9mJkJIu3fjr7hxoYhbf8Cdf+O0zUJbD1w4nHMv997jxowKaRjf2srq2vrGZmGruL2zu7evHxy2RJRwTJo4YhHvuEgQRkPSlFQy0ok5QYHLSNsdXU/99gPhgkbhnUxjYgdoEFKfYiSV5Oglq9Idd05hHfZjHnlORuvm5D4bd8cTq5I6VHmOXjaqxgxwmZg5KYMclqN/9b0IJwEJJWZIiJ5pxNLOEJcUMzIp9hNBYoRHaEB6ioYoIMLOZr9M4IlSPOhHXFUo4Uz9PZGhQIg0cFVngORQLHpT8T+vl0j/0s5oGCeShHi+yE8YlBGcBgM9ygmWLFUEYU7VrRAPEUdYqviKKgRz8eVl0jqrmrXq+W2t3LjK4yiAY1ACFWCCC9AAN8ACTYDBI3gGr+BNe9JetHftY966ouUzR+APtM8fOHiZ7g==</latexit>



Recurrent Neural Networks



Recurrent Neural Networks

(Elman 1990)

Feed-forward NN

lookup

transform

predict

context

label

Recurrent NN

lookup

transform

predict

context

label

• Tools to “remember” information



Unrolling in Time
• What does processing a sequence look like?

I hate this movie

RNN RNN RNN RNN

predict

label

predict

label

predict

label

predict

label



Training RNNs
I hate this movie

RNN RNN RNN RNN

predict

prediction 1

predict predict predict

prediction 2 prediction 3 prediction 4

label 1 label 2 label 3 label 4

loss 1 loss 2 loss 3 loss 4

sum total loss



RNN Training
• The unrolled graph is a well-formed (DAG) 

computation graph—we can run backprop 
 
 
 

• Parameters are tied across time, derivatives are 
aggregated across all time steps 


• This is historically called “backpropagation through 
time” (BPTT)

sum

total loss



Parameter Tying
I hate this movie

RNN RNN RNN RNN

predict

prediction 1

predict predict predict

loss 1 loss 2 loss 3 loss 4

prediction 2 prediction 3 prediction 4

label 1 label 2 label 3 label 4

sum total loss

Parameters are shared! Derivatives are accumulated.



Applications of RNNs



What Can RNNs Do?

• Represent a sentence


• Read whole sentence, make a prediction


• Represent a context within a sentence


• Read context up until that point



Encoding Sentences
I hate this movie

RNN RNN RNN RNN

predict

prediction

• Binary or multi-class prediction


• Sentence representation for retrieval, sentence 
comparison, etc.



Representing Contexts
I hate this movie

RNN RNN RNN RNN

predict

label

predict

label

predict

label

predict

label

• Sequence labeling


• Calculating representations for parsing, etc.



Bi-RNNs
• A simple extension, run the RNN in both directions

I hate this movie

RNN RNN RNN RNN

RNN RNN RNN RNN

concat concat concat concat

predict

label

predict

label

predict

label

predict

label



e.g. Language Modeling

RNN RNN RNN RNN

moviethishateI

predict

hate

predict

this

predict

movie

predict

</s>

RNN

<s>

predict

I

• Language modeling is like a tagging task, where 
each tag is the next word!


• Note: this is an autoregressive model



Vanishing Gradients



Vanishing Gradient
• Gradients decrease as they get pushed back

• Why? “Squashed” by non-linearities or small 
weights in matrices.



A Solution: 
Long Short-term Memory


(Hochreiter and Schmidhuber 1997)

• Basic idea: make additive connections between 
time steps


• Addition does not modify the gradient, no vanishing


• Gates to control the information flow



LSTM Structure



Understanding RNNs



What can LSTMs Learn? (1)

(Karpathy et al. 2015)

• Additive connections make single nodes surprisingly interpretable



What can LSTMs Learn? (2)

(Shi et al. 2016, Radford et al. 2017)

Count length of sentence Sentiment

Notably, difficult for GRUs!



RNNs as Turing Machines

(Siegelmann and Sontag 1992)

• Real-valued recurrent nets can calculate arbitrary functions

Weights Recognition Power
integer regular
rational recursive

real arbitrary



Efficiency Tricks



Handling Mini-batching

• Mini-batching makes things much faster!


• But mini-batching in RNNs is harder than in feed-
forward networks


• Each word depends on the previous word


• Sequences are of various length



Mini-batching Method
this     is   an          example  </s>
this     is   another  </s> </s>

Padding
Loss

Calculation

Mask

1 
1� 1 

1� 1 
1� 1 

1� 1 
0�

Take Sum

(Or use DyNet automatic mini-batching,

much easier but a bit slower)



Bucketing/Sorting

• If we use sentences of different lengths, too much 
padding and sorting can result in decreased 
performance


• To remedy this: sort sentences so similarly-
lengthed sentences are in the same batch



Optimized Implementations of LSTMs

(Appleyard 2015)

• In simple implementation, still need one GPU call 
for each time step


• For some RNN variants (e.g. LSTM) efficient full-
sequence computation supported by CuDNN

• Basic process: combine inputs into tensor, single 
GPU call combine inputs into tensor, single GPU 
call


• Downside: significant loss of flexibility



Handling Long Sequences



Handling Long Sequences

• Sometimes we would like to capture long-term 
dependencies over long sequences


• e.g. words in full documents


• However, this may not fit on (GPU) memory



Truncated BPTT
• Backprop over shorter segments, initialize w/ the 

state from the previous segment
I hate this movie

RNN RNN RNN RNN

It is so bad

RNN RNN RNN RNN

state only, no backprop

1st Pass

2nd Pass



RNN Variants



Gated Recurrent Units

(Cho et al. 2014)

• A simpler version that preserves the additive 
connections

Additive or Non-linear

• Note: GRUs cannot do things like simply count



Extensive Architecture Search for LSTMs

(Greffen et al. 2015, Zoph and Le 2017)

• Many different types of 
architectures tested for 
LSTMs (manually or 
automatically)


• Conclusion: basic LSTM 
quite good, other variants 
(e.g. coupled input/forget 
gates) reasonable



Multi-scale/Pyramidal RNN

(e.g. Chan et al. 2015)

• Have different RNNs of different scales



Soft Hierarchical Stucture
• e.g. "Ordered Neurons" Shen et al. 2019

I hate this movie

RNN RNN RNN RNN

• Makes it possible to discover hierarchies



Questions?

Types of Prediction

Recurrent Neural Nets


RNN Applications

Vanishing Gradients

Understanding RNNs

Efficiency Tricks


Handling Long Sequences

RNN Variants


