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Bridging from CNNs + Images to RNNs + Text



Recap: Multi-Modal Pretraining

What exactly goes on inside this “text encoder”?



ResNet as Gradient “Superhighway”

"Deep Residual Learning for Image Recogni6on" He et al. 2015

https://arxiv.org/pdf/1512.03385.pdf


Question: How to Learn Distributions on 
Discrete Domains?
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Sequentially Structured Data

• Have been focusing on data with fixed-length inputs
• But how should we deal with video, text, audio, time series data?



Feedforward Nets work for Fixed-Size Data



How to Handle Raw Text as Input (or output)?



Traditional Approach for Text Classification

Bag-of-words representations
• Represent each document as vector of word counts 
• Dimension |V| = vocab size
• Loses all information about word order. 
• Reasonably effective for spam detection but cannot differentiate: 

i. “Scientist exterminated by raging virus!”
ii. “Virus exterminated by raging scientist!”

• Limited ability to tackle complex language tasks (e.g., translation)
• No clear output mechanism
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Complex Object à Sequence of Simple Ones

• Hard to represent sentence as fixed-length vector
• Easier to represent characters (or words) as fixed-length vectors
• Breaking up the inputs: ingest a word at each step
• Break up the outputs: predict next token at each step



Archetypal Sequence Learning Tasks

slide credit: Andrej Karpathy

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


Simple predic+on
tasks: fixed-length 
input & output

Image
cap+oning

Sentiment 
analysis

Video captioning,
Natural language 
translation

Text tagging tasks:
Part-of-speech detec+on,
Named en+ty recogni+on,
Seman+c Role Labeling
 
Language Modeling

Archetypal Sequence Learning Tasks

slide credit: Andrej Karpathy

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


Architecture Strategy: Recurrent Layers

Img credit: Chris Olah blog post (Understanding LSTMs)

https://colah.github.io/posts/2015-08-Understanding-LSTMs/


Two Views (Self-connecSon vs Unrolled)

Img credit: Chris Olah blog post (Understanding LSTMs)

https://colah.github.io/posts/2015-08-Understanding-LSTMs/


A Brief Tour of Classical RNNs



Hopfield Nets (Hopfield, 1982)

• Parametrization
• Each node pair i,j connected 

by edge with weight wij

• No self connections (wii = 0)

• Updates via Hebbian rule
• Fire together à wire together



Hopfield nets (cont’d)

• Updates:

• Two ways to “run” the net:
• Asynchronously — update one at a time
• Synchronously — simultaneously update all

• Learning:

• Idea: Minimize the “energy” 
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Jordan Nets (1986)



Jordan Nets (Michael I. Jordan, 1986)

• Pass output from previous step into hidden nodes at current step
• Used for planning
• Didn’t use backpropagation owing to biological implausibility



Elman Nets (1990)



Elman’s Experiments
(Finding Structure in Time, 1990)
• Trained net to perform temporal version of XOR

• Input: 0, 0, 0, 1, 0, 1, 0, 1, 1 
• Every third character is the XOR of the previous two
• Goal: predict next bit (first two are random)
• System correctly guessed each third character with 85% accuracy

• Trained net to predict next character in text
• Accurately predicted next char 
• 21 years before recent resurgence in auto-regressive text modeling



Sequence Model

• Dependent random variables

• Conditional probability expansion

• So why bother?

(𝑥!, … 𝑥") ∼ 𝑝(𝑥)

𝑝(𝑥) = 𝑝(𝑥!) ⋅ 𝑝(𝑥#|𝑥!) ⋅ 𝑝(𝑥$|𝑥!, 𝑥#) ⋅ …𝑝(𝑥"|𝑥!, … 𝑥"%!)

𝑝(𝑥) = 𝑝(𝑥") ⋅ 𝑝(𝑥"%!|𝑥") ⋅ 𝑝(𝑥"%#|𝑥"%!, 𝑥") ⋅ …𝑝(𝑥!|𝑥#, … 𝑥")



Sequence Model

• Causality (physics) prevents the reverse direcAon
• ‘wrong’ direcAon oFen much more complex to model
• Typically more useful to predict text in leF-to-right fashion

𝑝(𝑥) = 𝑝(𝑥!) ⋅ 𝑝(𝑥#|𝑥!) ⋅ 𝑝(𝑥$|𝑥!, 𝑥#) ⋅ …𝑝(𝑥"|𝑥!, … 𝑥"%!)

𝑝(𝑥) = 𝑝(𝑥") ⋅ 𝑝(𝑥"%!|𝑥") ⋅ 𝑝(𝑥"%#|𝑥"%!, 𝑥") ⋅ …𝑝(𝑥!|𝑥#, … 𝑥")



Sequence Model

• Autoregressive model

𝑝(𝑥) = 𝑝(𝑥!) ⋅ 𝑝(𝑥#|𝑥!) ⋅ 𝑝(𝑥$|𝑥!, 𝑥#) ⋅ …𝑝(𝑥"|𝑥!, … 𝑥"%!)

𝑝(𝑥&|𝑥!, … 𝑥&%!) = 𝑝(𝑥&|𝑓(𝑥!, … 𝑥&%!))

Some function of previously seen data



Why Not (Hidden) Markov Models?



Why Not (Hidden) Markov Models?

• For Markov models, inference is quadratic in number of states
• RNNs representational expressivity grows exponentially in 

latent dimension, computation scales linearly



Classic n-gram Language Models

• Make (incorrect) Markov assumpXon

• EsXmate probabiliXes by counXng exact occurrences of n-grams

• Smoothing: give some mass to unseen n-grams so loss doesn’t à ∞ 

. . 

Kneser-Ney wiki page

https://en.wikipedia.org/wiki/Kneser%E2%80%93Ney_smoothing


RNN-based Language Modeling



Recurrent Neural Networks



Recurrent Neural Network (Unfolded)



RNN-based LMs at Train Time

At Each sequence step t:
• Input is current token xt

• Target is subsequent token xt+1

• Sample sequences up to 
some maximum length 
• Backprop across compute graph

slide credit: Andrej Karpathy

http://cs231n.stanford.edu/slides/2023/lecture_8.pdf


Backpropagation Through Time

slide credit: Andrej Karpathy

http://cs231n.stanford.edu/slides/2023/lecture_8.pdf


Truncated BackpropagaSon Through Time

slide credit: Andrej Karpathy

http://cs231n.stanford.edu/slides/2023/lecture_8.pdf


RNN-based LMs at Prediction Time

• Feed in some input prefix x1:t
• At each step t, predict next token
• Sample from soft-max distribution
• Feed that token back to model

as the subsequent input

slide credit: Andrej Karpathy

http://cs231n.stanford.edu/slides/2023/lecture_8.pdf


Vanishing / Exploding Gradients 

• Recurrent neural networks are very deep
along the sequence axis
• Depending on properties of recurrent weights,

can lead to gradients exploding or vanishing
• Manny key innovations and training tricks in 

RNNs motivated by this problem



Gradient Clipping 

• One strategy to miXgate the exploding gradient problem:
• Set an upper limit on the norm of the gradient 
• Whenever gradient exceeds this norm, scale it down
• Apply SGD update on the rescaled gradient 



Vanishing Gradients



RNN Training Details

• Initial value for hidden state h0 typically set to 0
• Traditional RNNs used tanh activation, random init
• Some modern RNNs initialize weights as Identity matrix & use ReLU

Le, Jaitly, Hinton (2015)

https://arxiv.org/abs/1504.00941


Long Short-Term Memory Cell

• Each hidden node replaced by a memory cell
• Designed to deal with learn long range time dependencies
• Internal state s gets residual self-connection (fixed weight of 1) 

(similar idea to residual connections in ResNets)
• Input gate i determines when to let activation into the cell
• Output Gate o determines when to let activation out of the cell

Hochreiter & Schmidhuber 1997

https://www.bioinf.jku.at/publications/older/2604.pdf


LSTM Memory Cell

Hochreiter & Schmidhuber 1997

https://www.bioinf.jku.at/publications/older/2604.pdf


Memory Cell with a Forget Gate

Gers et al., Neural Computation 2000 

https://ieeexplore.ieee.org/abstract/document/6789445


LSTM Forward Pass



Memory Cell Update
𝑪! = 𝑭! ⊙𝑪!"# + 𝑰! ⊙𝑪

˜
!



Generating Memory Cell Output
𝑯! = 𝑶! ⊙ tanh(𝑪!)



Wiring together the LSTM cells



Deep LSTMs (stack layers vertically)



Gated Recurrent Unit (GRUs)

• Simplified version of LSTM cell
• Only two gates (not 3)
• Less parameters than LSTM
• Similar performance
• Keeps core ideas



Training & GeneraSng Shakespeare
PANDARUS:
Alas, I think he shall be come approached and the day
When little srain would be attain'd into being never fed,
And who is but a chain and subjects of his death,
I should not sleep.

Second Senator:
They are away this miseries, produced upon my soul,
Breaking and strongly should be buried, when I perish
The earth and thoughts of many states.

DUKE VINCENTIO:
Well, your wit is in the care of side and that.

Second Lord:
They would be ruled after this chamber, and
my fair nues begun out of the fact, to be conveyed,
Whose noble souls I'll have the heart of the wars.

Clown:
Come, sir, I will make did behold your worship.

VIOLA:
I'll drink it.

Training Data:
All of Shakespeare

Size: 4.4MB 

Unreasonable Effec6veness of RNNs (Karpathy 2015)

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


Further RNN Architecture Exploration
• Stacked LSTM (2013)
• Grid LSTM (2015)
• Recurrent Highway Nets 

(Zilly et al 2016)
• NAS-based memory cell

(Zoph et al. 2016)
• Pointer Sentinal LSTMs

(Merity et al. 2016)

https://arxiv.org/abs/1308.0850
https://arxiv.org/abs/1507.01526
https://arxiv.org/abs/1607.03474
https://arxiv.org/abs/1607.03474
https://arxiv.org/abs/1611.01578
https://arxiv.org/abs/1611.01578
https://arxiv.org/abs/1609.07843
https://arxiv.org/abs/1609.07843


BRNN
(Schuster & Paliwal, 1997)



Applying Dropout to RNNs

• Recurrent Dropout (Gal & Gharamani 2015):
• Apply same dropout mask at each \me step.

• Another variant Semeniuta et al. (2016):
• Apply dropout to LSTM “update vector” g, not to hidden state.

• Zoneout (Krueger et al. 2017):
• Rather than zero–out units, replace with previous step’s ac\va\ons.
• Gradient s\ll glows through zone-out units.

https://proceedings.mlr.press/v48/gal16.html
https://arxiv.org/abs/1603.05118
https://arxiv.org/abs/1606.01305

