
Neural Models for Sequences

Fully-connected networks, perhaps including convolutional
layers, can handle fixed-size images and sequences.

What about variable-length sequences?

Sequences arise in natural language processing, biology, and
any domain involving time.
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Neural Language Models

A corpus is the text used for training. The corpus could be,
for example, a novel, a set of news articles, all of Wikipedia,
or a subset of the text on the web.

A token is a sequence of characters that are grouped together,
such as the characters between blanks or punctuation. The
process of splitting a corpus into tokens is called tokenization.

The vocabulary, the set of words that will be considered,
typically including names, common phrases, slang,
punctuation, and markers for the beginning and end: ⟨start⟩
and ⟨stop⟩.
Sometimes there is processing to group words into tokens, or
to split words into tokens (such as the word “eating”
becoming the tokens “eat” and “ing”).

In a character-level model, the vocabulary could be the set of
Unicode characters that appear in the corpus.
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Word Embeddings

Consider a model takes a single word and makes a prediction about
what word appears near (e.g., following) it:
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The vector of values in the hidden layer for the input word i ,
namely [u[i , 0], u[i , 1], u[i , 2], . . . ], is its word embedding.
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Simple Word Embedding Example

The text “The history of AI is a history of fantasies, possibilities,
demonstrations, and promise. . . ” (ignore punctuation, with ⟨start⟩
as the start of a sentence) becomes the training data:

Input Target

⟨start⟩ the
the history
history of
of ai
ai is
is a
a history
history of
of fantasies
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Word2vec

It usually works better to make predictions based on multiple
surrounding words, rather than just one. The following methods
use the k words before and after as a context:

In the continuous bag of words (CBOW) model, each word in
the context contributes n/(2 ∗ k) in the one-hot encoding,
where n is the number of times the word appears in the
context.

In the Skip-gram model, the neural network model is used for
each (wi+j ,wi ), for j ∈ {−k, . . . ,−1, 1, . . . , k}, and the
prediction of wi is proportional to the product of each of the
predictions. Thus, this assumes that each context word gives
an independent prediction of word wi .
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Word2vec

The embeddings resulting from these models can be added or
subtracted point-wise, for example

Paris − France + Japan ≈ Tokyo

where value after “≈” is the mode of the prediction.

Mikolov et al [2013] trained them on a corpus of 1.6 billion
words, with up to 600 hidden units.

Some other relationships found:

scientist − Einstein +Messi ≈ midfielder
scientist − Einstein +Mozart ≈ violinist
scientist − Einstein + Picasso ≈ painter
sushi − Japan + Germany ≈ bratwurst
sushi − Japan + USA ≈ pizza
sushi − Japan + France ≈ tapas.

There was about 60% accuracy picking the mode compared to
what the authors considered to be the correct answer.
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Matched Recurrent Neural Network

A recurrent neural network with matched input–output:

ww ww
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by(t)

<latexit sha1_base64="Nq+aAlUR4jgMJLnTfeZ3E8D6agw=">AAAB8HicbVDLSgNBEOyNrxhfUY9eBoMQD4ZdEfUY8OIxgnlIEsPsZDYZMrO7zPQKYclXePGgiFc/x5t/4yTZgyYWNBRV3XR3+bEUBl3328mtrK6tb+Q3C1vbO7t7xf2DhokSzXidRTLSLZ8aLkXI6yhQ8lasOVW+5E1/dDP1m09cGxGF9ziOeVfRQSgCwSha6WH4mJbxzDud9Iolt+LOQJaJl5ESZKj1il+dfsQSxUNkkhrT9twYuynVKJjkk0InMTymbEQHvG1pSBU33XR28IScWKVPgkjbCpHM1N8TKVXGjJVvOxXFoVn0puJ/XjvB4LqbijBOkIdsvihIJMGITL8nfaE5Qzm2hDIt7K2EDammDG1GBRuCt/jyMmmcV7zLind3UaqWszjycATHUAYPrqAKt1CDOjBQ8Ayv8OZo58V5dz7mrTknmzmEP3A+fwC7hI+h</latexit>

h(t�1)
<latexit sha1_base64="Nq+aAlUR4jgMJLnTfeZ3E8D6agw=">AAAB8HicbVDLSgNBEOyNrxhfUY9eBoMQD4ZdEfUY8OIxgnlIEsPsZDYZMrO7zPQKYclXePGgiFc/x5t/4yTZgyYWNBRV3XR3+bEUBl3328mtrK6tb+Q3C1vbO7t7xf2DhokSzXidRTLSLZ8aLkXI6yhQ8lasOVW+5E1/dDP1m09cGxGF9ziOeVfRQSgCwSha6WH4mJbxzDud9Iolt+LOQJaJl5ESZKj1il+dfsQSxUNkkhrT9twYuynVKJjkk0InMTymbEQHvG1pSBU33XR28IScWKVPgkjbCpHM1N8TKVXGjJVvOxXFoVn0puJ/XjvB4LqbijBOkIdsvihIJMGITL8nfaE5Qzm2hDIt7K2EDammDG1GBRuCt/jyMmmcV7zLind3UaqWszjycATHUAYPrqAKt1CDOjBQ8Ayv8OZo58V5dz7mrTknmzmEP3A+fwC7hI+h</latexit>

h(t�1)
<latexit sha1_base64="8hxTJRLP56NF31keHRfqQlibIM4=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBahXkoioh4LXjxWsB/QxrLZbtqlm03YnQgl9Ed48aCIV3+PN/+N2zYHbX0w8Hhvhpl5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCoZeJUM95ksYx1J6CGS6F4EwVK3kk0p1EgeTsY38789hPXRsTqAScJ9yM6VCIUjKKV2qPHrIrn03654tbcOcgq8XJSgRyNfvmrN4hZGnGFTFJjup6boJ9RjYJJPi31UsMTysZ0yLuWKhpx42fzc6fkzCoDEsbalkIyV39PZDQyZhIFtjOiODLL3kz8z+umGN74mVBJilyxxaIwlQRjMvudDITmDOXEEsq0sLcSNqKaMrQJlWwI3vLLq6R1UfOuat79ZaVezeMowgmcQhU8uIY63EEDmsBgDM/wCm9O4rw4787HorXg5DPH8AfO5w/eeI8v</latexit>

h(t)
<latexit sha1_base64="8hxTJRLP56NF31keHRfqQlibIM4=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBahXkoioh4LXjxWsB/QxrLZbtqlm03YnQgl9Ed48aCIV3+PN/+N2zYHbX0w8Hhvhpl5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCoZeJUM95ksYx1J6CGS6F4EwVK3kk0p1EgeTsY38789hPXRsTqAScJ9yM6VCIUjKKV2qPHrIrn03654tbcOcgq8XJSgRyNfvmrN4hZGnGFTFJjup6boJ9RjYJJPi31UsMTysZ0yLuWKhpx42fzc6fkzCoDEsbalkIyV39PZDQyZhIFtjOiODLL3kz8z+umGN74mVBJilyxxaIwlQRjMvudDITmDOXEEsq0sLcSNqKaMrQJlWwI3vLLq6R1UfOuat79ZaVezeMowgmcQhU8uIY63EEDmsBgDM/wCm9O4rw4787HorXg5DPH8AfO5w/eeI8v</latexit>

h(t)

<latexit sha1_base64="cqVipIBAAYvu01yLLwmcwbyYwS4=">AAAB7nicbVBNS8NAEJ34WetX1aOXxSLUS0lE1GPBi8cK9gPaWDbbTbt0swm7E7GE/ggvHhTx6u/x5r9x2+agrQ8GHu/NMDMvSKQw6Lrfzsrq2vrGZmGruL2zu7dfOjhsmjjVjDdYLGPdDqjhUijeQIGStxPNaRRI3gpGN1O/9ci1EbG6x3HC/YgOlAgFo2il1tNDVsGzSa9UdqvuDGSZeDkpQ456r/TV7ccsjbhCJqkxHc9N0M+oRsEknxS7qeEJZSM64B1LFY248bPZuRNyapU+CWNtSyGZqb8nMhoZM44C2xlRHJpFbyr+53VSDK/9TKgkRa7YfFGYSoIxmf5O+kJzhnJsCWVa2FsJG1JNGdqEijYEb/HlZdI8r3qXVe/uolyr5HEU4BhOoAIeXEENbqEODWAwgmd4hTcncV6cd+dj3rri5DNH8AfO5w/3GI8/</latexit>

x(t)
<latexit sha1_base64="cqVipIBAAYvu01yLLwmcwbyYwS4=">AAAB7nicbVBNS8NAEJ34WetX1aOXxSLUS0lE1GPBi8cK9gPaWDbbTbt0swm7E7GE/ggvHhTx6u/x5r9x2+agrQ8GHu/NMDMvSKQw6Lrfzsrq2vrGZmGruL2zu7dfOjhsmjjVjDdYLGPdDqjhUijeQIGStxPNaRRI3gpGN1O/9ci1EbG6x3HC/YgOlAgFo2il1tNDVsGzSa9UdqvuDGSZeDkpQ456r/TV7ccsjbhCJqkxHc9N0M+oRsEknxS7qeEJZSM64B1LFY248bPZuRNyapU+CWNtSyGZqb8nMhoZM44C2xlRHJpFbyr+53VSDK/9TKgkRa7YfFGYSoIxmf5O+kJzhnJsCWVa2FsJG1JNGdqEijYEb/HlZdI8r3qXVe/uolyr5HEU4BhOoAIeXEENbqEODWAwgmd4hTcncV6cd+dj3rri5DNH8AfO5w/3GI8/</latexit>

x(t)

<latexit sha1_base64="ZTtJLYgdYQs9jvVOtlDNTppeC8Y=">AAAB8HicbVDLSgNBEOyNrxhfUY9eBoMQEcKuiHoMePEYwTwkiWF2MpsMmdldZnqFsOQrvHhQxKuf482/cZLsQRMLGoqqbrq7/FgKg6777eRWVtfWN/Kbha3tnd294v5Bw0SJZrzOIhnplk8NlyLkdRQoeSvWnCpf8qY/upn6zSeujYjCexzHvKvoIBSBYBSt9DB8TMt45p1OesWSW3FnIMvEy0gJMtR6xa9OP2KJ4iEySY1pe26M3ZRqFEzySaGTGB5TNqID3rY0pIqbbjo7eEJOrNInQaRthUhm6u+JlCpjxsq3nYri0Cx6U/E/r51gcN1NRRgnyEM2XxQkkmBEpt+TvtCcoRxbQpkW9lbChlRThjajgg3BW3x5mTTOK95lxbu7KFXLWRx5OIJjKIMHV1CFW6hBHRgoeIZXeHO08+K8Ox/z1pyTzRzCHzifP7h2j58=</latexit>

h(t+1)
<latexit sha1_base64="ZTtJLYgdYQs9jvVOtlDNTppeC8Y=">AAAB8HicbVDLSgNBEOyNrxhfUY9eBoMQEcKuiHoMePEYwTwkiWF2MpsMmdldZnqFsOQrvHhQxKuf482/cZLsQRMLGoqqbrq7/FgKg6777eRWVtfWN/Kbha3tnd294v5Bw0SJZrzOIhnplk8NlyLkdRQoeSvWnCpf8qY/upn6zSeujYjCexzHvKvoIBSBYBSt9DB8TMt45p1OesWSW3FnIMvEy0gJMtR6xa9OP2KJ4iEySY1pe26M3ZRqFEzySaGTGB5TNqID3rY0pIqbbjo7eEJOrNInQaRthUhm6u+JlCpjxsq3nYri0Cx6U/E/r51gcN1NRRgnyEM2XxQkkmBEpt+TvtCcoRxbQpkW9lbChlRThjajgg3BW3x5mTTOK95lxbu7KFXLWRx5OIJjKIMHV1CFW6hBHRgoeIZXeHO08+K8Ox/z1pyTzRzCHzifP7h2j58=</latexit>

h(t+1)

<latexit sha1_base64="dv6c6Ng+eviQY3qmJ6utNwE6f0w=">AAAB8HicbVDLSgNBEOz1GeMr6tHLYBAiQtgVUY8BLx4jmIckMcxOZpMhM7vLTK8YlnyFFw+KePVzvPk3TpI9aGJBQ1HVTXeXH0th0HW/naXlldW19dxGfnNre2e3sLdfN1GiGa+xSEa66VPDpQh5DQVK3ow1p8qXvOEPryd+45FrI6LwDkcx7yjaD0UgGEUr3T89pCU89U7G3ULRLbtTkEXiZaQIGardwle7F7FE8RCZpMa0PDfGTko1Cib5ON9ODI8pG9I+b1kaUsVNJ50ePCbHVumRINK2QiRT9fdESpUxI+XbTkVxYOa9ifif10owuOqkIowT5CGbLQoSSTAik+9JT2jOUI4soUwLeythA6opQ5tR3obgzb+8SOpnZe+i7N2eFyulLI4cHMIRlMCDS6jADVShBgwUPMMrvDnaeXHenY9Z65KTzRzAHzifP9E2j68=</latexit>

x(t+1)
<latexit sha1_base64="dv6c6Ng+eviQY3qmJ6utNwE6f0w=">AAAB8HicbVDLSgNBEOz1GeMr6tHLYBAiQtgVUY8BLx4jmIckMcxOZpMhM7vLTK8YlnyFFw+KePVzvPk3TpI9aGJBQ1HVTXeXH0th0HW/naXlldW19dxGfnNre2e3sLdfN1GiGa+xSEa66VPDpQh5DQVK3ow1p8qXvOEPryd+45FrI6LwDkcx7yjaD0UgGEUr3T89pCU89U7G3ULRLbtTkEXiZaQIGardwle7F7FE8RCZpMa0PDfGTko1Cib5ON9ODI8pG9I+b1kaUsVNJ50ePCbHVumRINK2QiRT9fdESpUxI+XbTkVxYOa9ifif10owuOqkIowT5CGbLQoSSTAik+9JT2jOUI4soUwLeythA6opQ5tR3obgzb+8SOpnZe+i7N2eFyulLI4cHMIRlMCDS6jADVShBgwUPMMrvDnaeXHenY9Z65KTzRzAHzifP9E2j68=</latexit>

x(t+1)

u u u

v v v

takes sequence x (0), x (1), x (2) . . . and outputs
y (0), y (1), y (2) . . . , where y (i) only depends on x (j) for j ≤ i .

h(t) represents a memory or belief state: the information
remembered from the previous times.
A recurrent neural network represents
▶ belief state transition function: x (t), h(t−1) → h(t)

▶ command function: h(t) → ŷ (t)
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Basic Matched Recurrent Neural Network

belief state transition function: x (t), h(t−1) → h(t).
The ith component of vector h(t) is

h(t)[i ] = ϕ


b[i ] +

∑

j

w [i , j ] ∗ h(t−1)[j ] +
∑

k

u[i , k] ∗ x (t)[k]




for nonlinear activation function ϕ, bias weight vector b,
weight matrices w and u.
Weight vector and matrices do not depend on time, t.

command function: h(t) → ŷ (t).
If the mth component of ŷ (t) is Boolean:

ŷ (t)[m] = sigmoid(b′[m] +
∑

i

v [m, i ] ∗ h(t)[i ])
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Single output recurrent neural network

A recurrent neural network with single output after time T :

ww ww

<latexit sha1_base64="SdN784VPU3OCUKgharswgbR3NNE=">AAAB8HicbVDLSgNBEOz1GeMr6tHLYBDiwbAroh4DXjxGMA9JYpidzCZDZnaXmV4xLPkKLx4U8ernePNvnCR70MSChqKqm+4uP5bCoOt+O0vLK6tr67mN/ObW9s5uYW+/bqJEM15jkYx006eGSxHyGgqUvBlrTpUvecMfXk/8xiPXRkThHY5i3lG0H4pAMIpWun96SEt46p2Mu4WiW3anIIvEy0gRMlS7ha92L2KJ4iEySY1peW6MnZRqFEzycb6dGB5TNqR93rI0pIqbTjo9eEyOrdIjQaRthUim6u+JlCpjRsq3nYriwMx7E/E/r5VgcNVJRRgnyEM2WxQkkmBEJt+TntCcoRxZQpkW9lbCBlRThjajvA3Bm395kdTPyt5F2bs9L1ZKWRw5OIQjKIEHl1CBG6hCDRgoeIZXeHO08+K8Ox+z1iUnmzmAP3A+fwDURI+x</latexit>

x(t�1)
<latexit sha1_base64="SdN784VPU3OCUKgharswgbR3NNE=">AAAB8HicbVDLSgNBEOz1GeMr6tHLYBDiwbAroh4DXjxGMA9JYpidzCZDZnaXmV4xLPkKLx4U8ernePNvnCR70MSChqKqm+4uP5bCoOt+O0vLK6tr67mN/ObW9s5uYW+/bqJEM15jkYx006eGSxHyGgqUvBlrTpUvecMfXk/8xiPXRkThHY5i3lG0H4pAMIpWun96SEt46p2Mu4WiW3anIIvEy0gRMlS7ha92L2KJ4iEySY1peW6MnZRqFEzycb6dGB5TNqR93rI0pIqbTjo9eEyOrdIjQaRthUim6u+JlCpjRsq3nYriwMx7E/E/r5VgcNVJRRgnyEM2WxQkkmBEJt+TntCcoRxZQpkW9lbCBlRThjajvA3Bm395kdTPyt5F2bs9L1ZKWRw5OIQjKIEHl1CBG6hCDRgoeIZXeHO08+K8Ox+z1iUnmzmAP3A+fwDURI+x</latexit>

x(t�1)

<latexit sha1_base64="Nq+aAlUR4jgMJLnTfeZ3E8D6agw=">AAAB8HicbVDLSgNBEOyNrxhfUY9eBoMQD4ZdEfUY8OIxgnlIEsPsZDYZMrO7zPQKYclXePGgiFc/x5t/4yTZgyYWNBRV3XR3+bEUBl3328mtrK6tb+Q3C1vbO7t7xf2DhokSzXidRTLSLZ8aLkXI6yhQ8lasOVW+5E1/dDP1m09cGxGF9ziOeVfRQSgCwSha6WH4mJbxzDud9Iolt+LOQJaJl5ESZKj1il+dfsQSxUNkkhrT9twYuynVKJjkk0InMTymbEQHvG1pSBU33XR28IScWKVPgkjbCpHM1N8TKVXGjJVvOxXFoVn0puJ/XjvB4LqbijBOkIdsvihIJMGITL8nfaE5Qzm2hDIt7K2EDammDG1GBRuCt/jyMmmcV7zLind3UaqWszjycATHUAYPrqAKt1CDOjBQ8Ayv8OZo58V5dz7mrTknmzmEP3A+fwC7hI+h</latexit>

h(t�1)
<latexit sha1_base64="Nq+aAlUR4jgMJLnTfeZ3E8D6agw=">AAAB8HicbVDLSgNBEOyNrxhfUY9eBoMQD4ZdEfUY8OIxgnlIEsPsZDYZMrO7zPQKYclXePGgiFc/x5t/4yTZgyYWNBRV3XR3+bEUBl3328mtrK6tb+Q3C1vbO7t7xf2DhokSzXidRTLSLZ8aLkXI6yhQ8lasOVW+5E1/dDP1m09cGxGF9ziOeVfRQSgCwSha6WH4mJbxzDud9Iolt+LOQJaJl5ESZKj1il+dfsQSxUNkkhrT9twYuynVKJjkk0InMTymbEQHvG1pSBU33XR28IScWKVPgkjbCpHM1N8TKVXGjJVvOxXFoVn0puJ/XjvB4LqbijBOkIdsvihIJMGITL8nfaE5Qzm2hDIt7K2EDammDG1GBRuCt/jyMmmcV7zLind3UaqWszjycATHUAYPrqAKt1CDOjBQ8Ayv8OZo58V5dz7mrTknmzmEP3A+fwC7hI+h</latexit>

h(t�1)
<latexit sha1_base64="8hxTJRLP56NF31keHRfqQlibIM4=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBahXkoioh4LXjxWsB/QxrLZbtqlm03YnQgl9Ed48aCIV3+PN/+N2zYHbX0w8Hhvhpl5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCoZeJUM95ksYx1J6CGS6F4EwVK3kk0p1EgeTsY38789hPXRsTqAScJ9yM6VCIUjKKV2qPHrIrn03654tbcOcgq8XJSgRyNfvmrN4hZGnGFTFJjup6boJ9RjYJJPi31UsMTysZ0yLuWKhpx42fzc6fkzCoDEsbalkIyV39PZDQyZhIFtjOiODLL3kz8z+umGN74mVBJilyxxaIwlQRjMvudDITmDOXEEsq0sLcSNqKaMrQJlWwI3vLLq6R1UfOuat79ZaVezeMowgmcQhU8uIY63EEDmsBgDM/wCm9O4rw4787HorXg5DPH8AfO5w/eeI8v</latexit>

h(t)
<latexit sha1_base64="8hxTJRLP56NF31keHRfqQlibIM4=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBahXkoioh4LXjxWsB/QxrLZbtqlm03YnQgl9Ed48aCIV3+PN/+N2zYHbX0w8Hhvhpl5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCoZeJUM95ksYx1J6CGS6F4EwVK3kk0p1EgeTsY38789hPXRsTqAScJ9yM6VCIUjKKV2qPHrIrn03654tbcOcgq8XJSgRyNfvmrN4hZGnGFTFJjup6boJ9RjYJJPi31UsMTysZ0yLuWKhpx42fzc6fkzCoDEsbalkIyV39PZDQyZhIFtjOiODLL3kz8z+umGN74mVBJilyxxaIwlQRjMvudDITmDOXEEsq0sLcSNqKaMrQJlWwI3vLLq6R1UfOuat79ZaVezeMowgmcQhU8uIY63EEDmsBgDM/wCm9O4rw4787HorXg5DPH8AfO5w/eeI8v</latexit>

h(t)

<latexit sha1_base64="cqVipIBAAYvu01yLLwmcwbyYwS4=">AAAB7nicbVBNS8NAEJ34WetX1aOXxSLUS0lE1GPBi8cK9gPaWDbbTbt0swm7E7GE/ggvHhTx6u/x5r9x2+agrQ8GHu/NMDMvSKQw6Lrfzsrq2vrGZmGruL2zu7dfOjhsmjjVjDdYLGPdDqjhUijeQIGStxPNaRRI3gpGN1O/9ci1EbG6x3HC/YgOlAgFo2il1tNDVsGzSa9UdqvuDGSZeDkpQ456r/TV7ccsjbhCJqkxHc9N0M+oRsEknxS7qeEJZSM64B1LFY248bPZuRNyapU+CWNtSyGZqb8nMhoZM44C2xlRHJpFbyr+53VSDK/9TKgkRa7YfFGYSoIxmf5O+kJzhnJsCWVa2FsJG1JNGdqEijYEb/HlZdI8r3qXVe/uolyr5HEU4BhOoAIeXEENbqEODWAwgmd4hTcncV6cd+dj3rri5DNH8AfO5w/3GI8/</latexit>

x(t)
<latexit sha1_base64="cqVipIBAAYvu01yLLwmcwbyYwS4=">AAAB7nicbVBNS8NAEJ34WetX1aOXxSLUS0lE1GPBi8cK9gPaWDbbTbt0swm7E7GE/ggvHhTx6u/x5r9x2+agrQ8GHu/NMDMvSKQw6Lrfzsrq2vrGZmGruL2zu7dfOjhsmjjVjDdYLGPdDqjhUijeQIGStxPNaRRI3gpGN1O/9ci1EbG6x3HC/YgOlAgFo2il1tNDVsGzSa9UdqvuDGSZeDkpQ456r/TV7ccsjbhCJqkxHc9N0M+oRsEknxS7qeEJZSM64B1LFY248bPZuRNyapU+CWNtSyGZqb8nMhoZM44C2xlRHJpFbyr+53VSDK/9TKgkRa7YfFGYSoIxmf5O+kJzhnJsCWVa2FsJG1JNGdqEijYEb/HlZdI8r3qXVe/uolyr5HEU4BhOoAIeXEENbqEODWAwgmd4hTcncV6cd+dj3rri5DNH8AfO5w/3GI8/</latexit>

x(t)
<latexit sha1_base64="0uYe5I1unZcHXUVXbiNYt84gVdQ=">AAAB73icbVBNT8JAEJ3iF+IX6tHLRmKCF9Iaoh5JvHjEhAIJVLJdtrBhu627WyNp+BNePGiMV/+ON/+NW+hBwZdM8vLeTGbm+TFnStv2t1VYW9/Y3Cpul3Z29/YPyodHbRUlklCXRDySXR8rypmgrmaa024sKQ59Tjv+5CbzO49UKhaJlp7G1AvxSLCAEayN1H26T6ut81lpUK7YNXsOtEqcnFQgR3NQ/uoPI5KEVGjCsVI9x461l2KpGeF0VuonisaYTPCI9gwVOKTKS+f3ztCZUYYoiKQpodFc/T2R4lCpaeibzhDrsVr2MvE/r5fo4NpLmYgTTQVZLAoSjnSEsufRkElKNJ8agolk5lZExlhiok1EWQjO8surpH1Rcy5r9bt6pVHN4yjCCZxCFRy4ggbcQhNcIMDhGV7hzXqwXqx362PRWrDymWP4A+vzB/3ZjzY=</latexit>

x(T )
<latexit sha1_base64="0uYe5I1unZcHXUVXbiNYt84gVdQ=">AAAB73icbVBNT8JAEJ3iF+IX6tHLRmKCF9Iaoh5JvHjEhAIJVLJdtrBhu627WyNp+BNePGiMV/+ON/+NW+hBwZdM8vLeTGbm+TFnStv2t1VYW9/Y3Cpul3Z29/YPyodHbRUlklCXRDySXR8rypmgrmaa024sKQ59Tjv+5CbzO49UKhaJlp7G1AvxSLCAEayN1H26T6ut81lpUK7YNXsOtEqcnFQgR3NQ/uoPI5KEVGjCsVI9x461l2KpGeF0VuonisaYTPCI9gwVOKTKS+f3ztCZUYYoiKQpodFc/T2R4lCpaeibzhDrsVr2MvE/r5fo4NpLmYgTTQVZLAoSjnSEsufRkElKNJ8agolk5lZExlhiok1EWQjO8surpH1Rcy5r9bt6pVHN4yjCCZxCFRy4ggbcQhNcIMDhGV7hzXqwXqx362PRWrDymWP4A+vzB/3ZjzY=</latexit>

x(T )

…

u u u

v

<latexit sha1_base64="fgpUGQS0e4oqHuSiqk3sVdHNffs=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBahp5JIUY8FLx4r2A9oQtlsNu3SzSbsbpQQ+je8eFDEq3/Gm//GTZuDtj4YeLw3w8w8P+FMadv+tiobm1vbO9Xd2t7+weFR/fikr+JUEtojMY/l0MeKciZoTzPN6TCRFEc+pwN/dlv4g0cqFYvFg84S6kV4IljICNZGct0nFtAp1nk2r43rDbtlL4DWiVOSBpTojutfbhCTNKJCE46VGjl2or0cS80Ip/OamyqaYDLDEzoyVOCIKi9f3DxHF0YJUBhLU0Kjhfp7IseRUlnkm84I66la9QrxP2+U6vDGy5lIUk0FWS4KU450jIoAUMAkJZpnhmAimbkVkSmWmGgTUxGCs/ryOulftpyrVvu+3eg0yziqcAbn0AQHrqEDd9CFHhBI4Ble4c1KrRfr3fpYtlascuYU/sD6/AEL3ZGe</latexit>

by

…

<latexit sha1_base64="n7uxgkcK3WszMhcd2kkCMQrDylI=">AAAB73icbVBNSwMxEJ31s9avqkcvwSLUS9mVoh4LXjxW6Be0a8mm2TY0m6xJVihL/4QXD4p49e9489+YbfegrQ8GHu/NMDMviDnTxnW/nbX1jc2t7cJOcXdv/+CwdHTc1jJRhLaI5FJ1A6wpZ4K2DDOcdmNFcRRw2gkmt5nfeaJKMymaZhpTP8IjwUJGsLFSd/yQVpoXs+KgVHar7hxolXg5KUOOxqD01R9KkkRUGMKx1j3PjY2fYmUY4XRW7CeaxphM8Ij2LBU4otpP5/fO0LlVhiiUypYwaK7+nkhxpPU0CmxnhM1YL3uZ+J/XS0x446dMxImhgiwWhQlHRqLseTRkihLDp5Zgopi9FZExVpgYG1EWgrf88ippX1a9q2rtvlauV/I4CnAKZ1ABD66hDnfQgBYQ4PAMr/DmPDovzrvzsWhdc/KZE/gD5/MH5SmPJg==</latexit>

h(T )
<latexit sha1_base64="n7uxgkcK3WszMhcd2kkCMQrDylI=">AAAB73icbVBNSwMxEJ31s9avqkcvwSLUS9mVoh4LXjxW6Be0a8mm2TY0m6xJVihL/4QXD4p49e9489+YbfegrQ8GHu/NMDMviDnTxnW/nbX1jc2t7cJOcXdv/+CwdHTc1jJRhLaI5FJ1A6wpZ4K2DDOcdmNFcRRw2gkmt5nfeaJKMymaZhpTP8IjwUJGsLFSd/yQVpoXs+KgVHar7hxolXg5KUOOxqD01R9KkkRUGMKx1j3PjY2fYmUY4XRW7CeaxphM8Ij2LBU4otpP5/fO0LlVhiiUypYwaK7+nkhxpPU0CmxnhM1YL3uZ+J/XS0x446dMxImhgiwWhQlHRqLseTRkihLDp5Zgopi9FZExVpgYG1EWgrf88ippX1a9q2rtvlauV/I4CnAKZ1ABD66hDnfQgBYQ4PAMr/DmPDovzrvzsWhdc/KZE/gD5/MH5SmPJg==</latexit>

h(T )

takes sequence x (0), x (1), x (2) . . . and outputs ŷ .

A recurrent neural network represents
▶ belief state transition function: x (t), h(t−1) → h(t)

▶ command function: h(T ) → ŷ

© 2023 D. L. Poole and A. K. Mackworth Artificial Intelligence 3e, Lecture 8.4 9 / 15



Encoder–decoder recurrent neural network

An encoder–decoder recurrent neural network does
sequence-to-sequence mapping:

…

v

…

c

<latexit sha1_base64="0CrtsjFZaB5ro63pBwqFozIVhbM=">AAAB73icbVBNSwMxEJ31s9avqkcvwSLUS9mVoh4LXjxWsB/QriWbZtvQbLImWbEs/RNePCji1b/jzX9jtt2Dtj4YeLw3w8y8IOZMG9f9dlZW19Y3Ngtbxe2d3b390sFhS8tEEdokkkvVCbCmnAnaNMxw2okVxVHAaTsYX2d++5EqzaS4M5OY+hEeChYygo2VOk/3acU7mxb7pbJbdWdAy8TLSRlyNPqlr95AkiSiwhCOte56bmz8FCvDCKfTYi/RNMZkjIe0a6nAEdV+Ort3ik6tMkChVLaEQTP190SKI60nUWA7I2xGetHLxP+8bmLCKz9lIk4MFWS+KEw4MhJlz6MBU5QYPrEEE8XsrYiMsMLE2IiyELzFl5dJ67zqXVRrt7VyvZLHUYBjOIEKeHAJdbiBBjSBAIdneIU358F5cd6dj3nripPPHMEfOJ8/yGSPEw==</latexit>

x(1)
<latexit sha1_base64="0CrtsjFZaB5ro63pBwqFozIVhbM=">AAAB73icbVBNSwMxEJ31s9avqkcvwSLUS9mVoh4LXjxWsB/QriWbZtvQbLImWbEs/RNePCji1b/jzX9jtt2Dtj4YeLw3w8y8IOZMG9f9dlZW19Y3Ngtbxe2d3b390sFhS8tEEdokkkvVCbCmnAnaNMxw2okVxVHAaTsYX2d++5EqzaS4M5OY+hEeChYygo2VOk/3acU7mxb7pbJbdWdAy8TLSRlyNPqlr95AkiSiwhCOte56bmz8FCvDCKfTYi/RNMZkjIe0a6nAEdV+Ort3ik6tMkChVLaEQTP190SKI60nUWA7I2xGetHLxP+8bmLCKz9lIk4MFWS+KEw4MhJlz6MBU5QYPrEEE8XsrYiMsMLE2IiyELzFl5dJ67zqXVRrt7VyvZLHUYBjOIEKeHAJdbiBBjSBAIdneIU358F5cd6dj3nripPPHMEfOJ8/yGSPEw==</latexit>

x(1)

<latexit sha1_base64="CE3pXBDh9lYIJktsrHVsQUTVZ9s=">AAAB73icbVDLSgNBEOxNfMT4inr0MhgC8RJ2RdRjwIvHCOYByRpmJ5NkyOzsOjMrLEvw4hd4EVFEj/6AH+LNv3E2yUETCxqKqm66u7yQM6Vt+9vKZJeWV1Zza/n1jc2t7cLObkMFkSS0TgIeyJaHFeVM0LpmmtNWKCn2PU6b3ug89Zu3VCoWiCsdh9T18UCwPiNYG6kVXydl+3Cc7xaKdsWeAC0SZ0aK1Wzp7vPp/r3WLXx1egGJfCo04ViptmOH2k2w1IxwOs53IkVDTEZ4QNuGCuxT5SaTe8eoZJQe6gfSlNBoov6eSLCvVOx7ptPHeqjmvVT8z2tHun/mJkyEkaaCTBf1I450gNLnUY9JSjSPDcFEMnMrIkMsMdEmojQEZ/7lRdI4qjgnleNLk0YZpsjBPhxAGRw4hSpcQA3qQIDDAzzDi3VjPVqv1tu0NWPNZvbgD6yPH0gJkmo=</latexit>

y(0)
<latexit sha1_base64="CE3pXBDh9lYIJktsrHVsQUTVZ9s=">AAAB73icbVDLSgNBEOxNfMT4inr0MhgC8RJ2RdRjwIvHCOYByRpmJ5NkyOzsOjMrLEvw4hd4EVFEj/6AH+LNv3E2yUETCxqKqm66u7yQM6Vt+9vKZJeWV1Zza/n1jc2t7cLObkMFkSS0TgIeyJaHFeVM0LpmmtNWKCn2PU6b3ug89Zu3VCoWiCsdh9T18UCwPiNYG6kVXydl+3Cc7xaKdsWeAC0SZ0aK1Wzp7vPp/r3WLXx1egGJfCo04ViptmOH2k2w1IxwOs53IkVDTEZ4QNuGCuxT5SaTe8eoZJQe6gfSlNBoov6eSLCvVOx7ptPHeqjmvVT8z2tHun/mJkyEkaaCTBf1I450gNLnUY9JSjSPDcFEMnMrIkMsMdEmojQEZ/7lRdI4qjgnleNLk0YZpsjBPhxAGRw4hSpcQA3qQIDDAzzDi3VjPVqv1tu0NWPNZvbgD6yPH0gJkmo=</latexit>

y(0)
<latexit sha1_base64="I1qnih6ZWb7pO1RVrftIvFWaPtw=">AAAB73icbVDLSgNBEOxNfMT4inr0MhgC8RJ2RdRjwIvHCOYByRpmJ5NkyOzsOjMrLEvw4hd4EVFEj/6AH+LNv3E2yUETCxqKqm66u7yQM6Vt+9vKZJeWV1Zza/n1jc2t7cLObkMFkSS0TgIeyJaHFeVM0LpmmtNWKCn2PU6b3ug89Zu3VCoWiCsdh9T18UCwPiNYG6kVXydl53Cc7xaKdsWeAC0SZ0aK1Wzp7vPp/r3WLXx1egGJfCo04ViptmOH2k2w1IxwOs53IkVDTEZ4QNuGCuxT5SaTe8eoZJQe6gfSlNBoov6eSLCvVOx7ptPHeqjmvVT8z2tHun/mJkyEkaaCTBf1I450gNLnUY9JSjSPDcFEMnMrIkMsMdEmojQEZ/7lRdI4qjgnleNLk0YZpsjBPhxAGRw4hSpcQA3qQIDDAzzDi3VjPVqv1tu0NWPNZvbgD6yPH0mQkms=</latexit>

y(1)
<latexit sha1_base64="I1qnih6ZWb7pO1RVrftIvFWaPtw=">AAAB73icbVDLSgNBEOxNfMT4inr0MhgC8RJ2RdRjwIvHCOYByRpmJ5NkyOzsOjMrLEvw4hd4EVFEj/6AH+LNv3E2yUETCxqKqm66u7yQM6Vt+9vKZJeWV1Zza/n1jc2t7cLObkMFkSS0TgIeyJaHFeVM0LpmmtNWKCn2PU6b3ug89Zu3VCoWiCsdh9T18UCwPiNYG6kVXydl53Cc7xaKdsWeAC0SZ0aK1Wzp7vPp/r3WLXx1egGJfCo04ViptmOH2k2w1IxwOs53IkVDTEZ4QNuGCuxT5SaTe8eoZJQe6gfSlNBoov6eSLCvVOx7ptPHeqjmvVT8z2tHun/mJkyEkaaCTBf1I450gNLnUY9JSjSPDcFEMnMrIkMsMdEmojQEZ/7lRdI4qjgnleNLk0YZpsjBPhxAGRw4hSpcQA3qQIDDAzzDi3VjPVqv1tu0NWPNZvbgD6yPH0mQkms=</latexit>

y(1)
<latexit sha1_base64="mFVuDeKO2bz4WXLL3qM/yZWMM74=">AAAB+3icbVBNS8NAEN342davWI9eFovQU0lE1INIwYvHivYD2lA22027dLMJuxOxhv4VLx4U8eqv8OZB8N+4aXvQ1gcDj/dmmJnnx4JrcJxva2l5ZXVtPZcvbGxube/Yu8WGjhJFWZ1GIlItn2gmuGR14CBYK1aMhL5gTX94mfnNO6Y0j+QtjGLmhaQvecApASN17WJHsADONURxR/H+AC4KXbvkVJwJ8CJxZ6RUzT18fdzU8rWu/dnpRTQJmQQqiNZt14nBS4kCTgUbFzqJZjGhQ9JnbUMlCZn20sntY3xolB4OImVKAp6ovydSEmo9Cn3TGRIY6HkvE//z2gkEZ17KZZwAk3S6KEgEhghnQeAeV4yCGBlCqOLmVkwHRBEKJq4sBHf+5UXSOKq4J5Xja5NGGU2RQ/voAJWRi05RFV2hGqojiu7RI3pGL9bYerJerbdp65I1m9lDf2C9/wC+SJck</latexit>hstopi<latexit sha1_base64="mFVuDeKO2bz4WXLL3qM/yZWMM74=">AAAB+3icbVBNS8NAEN342davWI9eFovQU0lE1INIwYvHivYD2lA22027dLMJuxOxhv4VLx4U8eqv8OZB8N+4aXvQ1gcDj/dmmJnnx4JrcJxva2l5ZXVtPZcvbGxube/Yu8WGjhJFWZ1GIlItn2gmuGR14CBYK1aMhL5gTX94mfnNO6Y0j+QtjGLmhaQvecApASN17WJHsADONURxR/H+AC4KXbvkVJwJ8CJxZ6RUzT18fdzU8rWu/dnpRTQJmQQqiNZt14nBS4kCTgUbFzqJZjGhQ9JnbUMlCZn20sntY3xolB4OImVKAp6ovydSEmo9Cn3TGRIY6HkvE//z2gkEZ17KZZwAk3S6KEgEhghnQeAeV4yCGBlCqOLmVkwHRBEKJq4sBHf+5UXSOKq4J5Xja5NGGU2RQ/voAJWRi05RFV2hGqojiu7RI3pGL9bYerJerbdp65I1m9lDf2C9/wC+SJck</latexit>hstopi

<latexit sha1_base64="LAiRZXWhAAyBj8KsbADHErpuV84=">AAAB83icbVDLSgNBEOz1GeMr6lGQwSDEg2FXRL0Z8OIxAfOAZA2zk9lkyOzsMjMrCUuO/oIXD4p41XO+w5vf4E84eRw0saChqOqmu8uLOFPatr+shcWl5ZXV1Fp6fWNzazuzs1tRYSwJLZOQh7LmYUU5E7Ssmea0FkmKA4/Tqte9HvnVeyoVC8Wt7kfUDXBbMJ8RrI3U6N0lOdHsnTjHg3Qzk7Xz9hhonjhTkr36GJa+Hw6GxWbms9EKSRxQoQnHStUdO9JugqVmhNNBuhErGmHSxW1aN1TggCo3Gd88QEdGaSE/lKaERmP190SCA6X6gWc6A6w7atYbif959Vj7l27CRBRrKshkkR9zpEM0CgC1mKRE874hmEhmbkWkgyUm2sQ0CsGZfXmeVE7zznn+rGRnCzmYIAX7cAg5cOACCnADRSgDgQge4RlerNh6sl6tt0nrgjWd2YM/sN5/AEzxlOU=</latexit>

x(nx�1)
<latexit sha1_base64="LAiRZXWhAAyBj8KsbADHErpuV84=">AAAB83icbVDLSgNBEOz1GeMr6lGQwSDEg2FXRL0Z8OIxAfOAZA2zk9lkyOzsMjMrCUuO/oIXD4p41XO+w5vf4E84eRw0saChqOqmu8uLOFPatr+shcWl5ZXV1Fp6fWNzazuzs1tRYSwJLZOQh7LmYUU5E7Ssmea0FkmKA4/Tqte9HvnVeyoVC8Wt7kfUDXBbMJ8RrI3U6N0lOdHsnTjHg3Qzk7Xz9hhonjhTkr36GJa+Hw6GxWbms9EKSRxQoQnHStUdO9JugqVmhNNBuhErGmHSxW1aN1TggCo3Gd88QEdGaSE/lKaERmP190SCA6X6gWc6A6w7atYbif959Vj7l27CRBRrKshkkR9zpEM0CgC1mKRE874hmEhmbkWkgyUm2sQ0CsGZfXmeVE7zznn+rGRnCzmYIAX7cAg5cOACCnADRSgDgQge4RlerNh6sl6tt0nrgjWd2YM/sN5/AEzxlOU=</latexit>

x(nx�1)
<latexit sha1_base64="VgEKlUgnxZor2dILKEMVGkVkQkM=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoMQL2FXgnoMePEYwTwgWcPsZJIMmZ1dZnrFsOQjvHhQxKvf482/cZLsQRMLGoqqbrq7glgKg6777eTW1jc2t/LbhZ3dvf2D4uFR00SJZrzBIhnpdkANl0LxBgqUvB1rTsNA8lYwvpn5rUeujYjUPU5i7od0qMRAMIpWaj09pGX3fNorltyKOwdZJV5GSpCh3it+dfsRS0KukElqTMdzY/RTqlEwyaeFbmJ4TNmYDnnHUkVDbvx0fu6UnFmlTwaRtqWQzNXfEykNjZmEge0MKY7MsjcT//M6CQ6u/VSoOEGu2GLRIJEEIzL7nfSF5gzlxBLKtLC3EjaimjK0CRVsCN7yy6ukeVHxLivVu2qpVs7iyMMJnEIZPLiCGtxCHRrAYAzP8ApvTuy8OO/Ox6I152Qzx/AHzucPkHaO/g==</latexit>

x(0)
<latexit sha1_base64="VgEKlUgnxZor2dILKEMVGkVkQkM=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoMQL2FXgnoMePEYwTwgWcPsZJIMmZ1dZnrFsOQjvHhQxKvf482/cZLsQRMLGoqqbrq7glgKg6777eTW1jc2t/LbhZ3dvf2D4uFR00SJZrzBIhnpdkANl0LxBgqUvB1rTsNA8lYwvpn5rUeujYjUPU5i7od0qMRAMIpWaj09pGX3fNorltyKOwdZJV5GSpCh3it+dfsRS0KukElqTMdzY/RTqlEwyaeFbmJ4TNmYDnnHUkVDbvx0fu6UnFmlTwaRtqWQzNXfEykNjZmEge0MKY7MsjcT//M6CQ6u/VSoOEGu2GLRIJEEIzL7nfSF5gzlxBLKtLC3EjaimjK0CRVsCN7yy6ukeVHxLivVu2qpVs7iyMMJnEIZPLiCGtxCHRrAYAzP8ApvTuy8OO/Ox6I152Qzx/AHzucPkHaO/g==</latexit>

x(0)
<latexit sha1_base64="WkqzpZ3gCBXkndmjmA8mwq1shAg=">AAAB+3icbVDLSgNBEOyNrxhfazx6GQxCTmFXgnoQCXjxGMHEQHYJs5PZZMjsg5leMYT8ihcPinj1R7z5N06SPWhiQUNR1T3TXUEqhUbH+bYKa+sbm1vF7dLO7t7+gX1YbuskU4y3WCIT1Qmo5lLEvIUCJe+kitMokPwhGN3M/IdHrrRI4nscp9yP6CAWoWAUjdSzy57kIV5ppAo9JQZDvO7ZFafmzEFWiZuTCuRo9uwvr5+wLOIxMkm17rpOiv7EvCiY5NOSl2meUjaiA941NKYR1/5kvvuUnBqlT8JEmYqRzNXfExMaaT2OAtMZURzqZW8m/ud1Mwwv/YmI0wx5zBYfhZkkmJBZEKQvFGcox4ZQpoTZlbAhVZShiatkQnCXT14l7bOae16r39UrjWoeRxGO4QSq4MIFNOAWmtACBk/wDK/wZk2tF+vd+li0Fqx85gj+wPr8AS/dlHc=</latexit>hstarti<latexit sha1_base64="WkqzpZ3gCBXkndmjmA8mwq1shAg=">AAAB+3icbVDLSgNBEOyNrxhfazx6GQxCTmFXgnoQCXjxGMHEQHYJs5PZZMjsg5leMYT8ihcPinj1R7z5N06SPWhiQUNR1T3TXUEqhUbH+bYKa+sbm1vF7dLO7t7+gX1YbuskU4y3WCIT1Qmo5lLEvIUCJe+kitMokPwhGN3M/IdHrrRI4nscp9yP6CAWoWAUjdSzy57kIV5ppAo9JQZDvO7ZFafmzEFWiZuTCuRo9uwvr5+wLOIxMkm17rpOiv7EvCiY5NOSl2meUjaiA941NKYR1/5kvvuUnBqlT8JEmYqRzNXfExMaaT2OAtMZURzqZW8m/ud1Mwwv/YmI0wx5zBYfhZkkmJBZEKQvFGcox4ZQpoTZlbAhVZShiatkQnCXT14l7bOae16r39UrjWoeRxGO4QSq4MIFNOAWmtACBk/wDK/wZk2tF+vd+li0Fqx85gj+wPr8AS/dlHc=</latexit>hstarti

<latexit sha1_base64="8ZBp5qD6egtd17PfjNN8g8fz4qc=">AAAB7nicbVBNS8NAEJ34WetX1aOXxSLUS0mkqMeCF48V7Ae0sWy2k3bpZhN2N0IJ/RFePCji1d/jzX/jts1BWx8MPN6bYWZekAiujet+O2vrG5tb24Wd4u7e/sFh6ei4peNUMWyyWMSqE1CNgktsGm4EdhKFNAoEtoPx7cxvP6HSPJYPZpKgH9Gh5CFn1FipPXnMKu7FtF8qu1V3DrJKvJyUIUejX/rqDWKWRigNE1Trrucmxs+oMpwJnBZ7qcaEsjEdYtdSSSPUfjY/d0rOrTIgYaxsSUPm6u+JjEZaT6LAdkbUjPSyNxP/87qpCW/8jMskNSjZYlGYCmJiMvudDLhCZsTEEsoUt7cSNqKKMmMTKtoQvOWXV0nrsupdVWv3tXK9ksdRgFM4gwp4cA11uIMGNIHBGJ7hFd6cxHlx3p2PReuak8+cwB84nz+SAI7/</latexit>

y(0)
<latexit sha1_base64="8ZBp5qD6egtd17PfjNN8g8fz4qc=">AAAB7nicbVBNS8NAEJ34WetX1aOXxSLUS0mkqMeCF48V7Ae0sWy2k3bpZhN2N0IJ/RFePCji1d/jzX/jts1BWx8MPN6bYWZekAiujet+O2vrG5tb24Wd4u7e/sFh6ei4peNUMWyyWMSqE1CNgktsGm4EdhKFNAoEtoPx7cxvP6HSPJYPZpKgH9Gh5CFn1FipPXnMKu7FtF8qu1V3DrJKvJyUIUejX/rqDWKWRigNE1Trrucmxs+oMpwJnBZ7qcaEsjEdYtdSSSPUfjY/d0rOrTIgYaxsSUPm6u+JjEZaT6LAdkbUjPSyNxP/87qpCW/8jMskNSjZYlGYCmJiMvudDLhCZsTEEsoUt7cSNqKKMmMTKtoQvOWXV0nrsupdVWv3tXK9ksdRgFM4gwp4cA11uIMGNIHBGJ7hFd6cxHlx3p2PReuak8+cwB84nz+SAI7/</latexit>

y(0)
<latexit sha1_base64="f57dhY3lk1P/PSxGzU3zzyx2m88=">AAAB8nicbVBNSwMxEM3Wr1q/qh69BItQD5ZdKeqx4MVjBfsB7VqyabYNzSZLMissS3+GFw+KePXXePPfmLZ70NYHA4/3ZpiZF8SCG3Ddb6ewtr6xuVXcLu3s7u0flA+P2kYlmrIWVULpbkAME1yyFnAQrBtrRqJAsE4wuZ35nSemDVfyAdKY+REZSR5ySsBKvfQxq8pBeuGdTwfliltz58CrxMtJBeVoDspf/aGiScQkUEGM6XluDH5GNHAq2LTUTwyLCZ2QEetZKknEjJ/NT57iM6sMcai0LQl4rv6eyEhkTBoFtjMiMDbL3kz8z+slEN74GZdxAkzSxaIwERgUnv2Ph1wzCiK1hFDN7a2YjokmFGxKJRuCt/zyKmlf1ryrWv2+XmlU8ziK6ASdoiry0DVqoDvURC1EkULP6BW9OeC8OO/Ox6K14OQzx+gPnM8fZo2Qmw==</latexit>

y(ny�1)
<latexit sha1_base64="f57dhY3lk1P/PSxGzU3zzyx2m88=">AAAB8nicbVBNSwMxEM3Wr1q/qh69BItQD5ZdKeqx4MVjBfsB7VqyabYNzSZLMissS3+GFw+KePXXePPfmLZ70NYHA4/3ZpiZF8SCG3Ddb6ewtr6xuVXcLu3s7u0flA+P2kYlmrIWVULpbkAME1yyFnAQrBtrRqJAsE4wuZ35nSemDVfyAdKY+REZSR5ySsBKvfQxq8pBeuGdTwfliltz58CrxMtJBeVoDspf/aGiScQkUEGM6XluDH5GNHAq2LTUTwyLCZ2QEetZKknEjJ/NT57iM6sMcai0LQl4rv6eyEhkTBoFtjMiMDbL3kz8z+slEN74GZdxAkzSxaIwERgUnv2Ph1wzCiK1hFDN7a2YjokmFGxKJRuCt/zyKmlf1ryrWv2+XmlU8ziK6ASdoiry0DVqoDvURC1EkULP6BW9OeC8OO/Ox6K14OQzx+gPnM8fZo2Qmw==</latexit>

y(ny�1)

c is a vector representing the context for the decoder.
The decoder is a generative language model that takes the
context and emits an output sequence.
The decoder is like the matched RNN, but with c as an input
for each hidden value and each output value.
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Long short-term memory (LSTM)

In a basic RNN, the gradients either exponentially vanish and
explode.

A long short-term memory (LSTM) network is a special kind
of recurrent neural network designed so that the memory is
maintained unless replaced by new information.

Instead of learning a function from h(t−1) to h(t), it learns the
change in h, written ∆h(t), so that h(t) = h(t−1) +∆h(t).

The value of h(t) is h(0) +
∑

i≤t ∆h(i).

The error in h(t) is passed to all predecessors, and is not
vanishing exponentially as it does in a traditional RNN.
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Attention

Instead of using state to encode past, allow look back over a
window of previous tokens (2048 in GPT-3).

Idea: For each token (the query), select another token (the
key) and use its (value) embedding.
To select, use a probabilty distibution of keys for each value,
and the expectations of the embeddings.
similarity between query i and key j , for embedding index l :

r [i , j ] =
∑

l

q[i , l ] ∗ k[j , l ].

Probability over the key j for query i is softmax: P(j | i)

p[i , j ] =
exp(r [i , j ])∑
j ′ exp(r [i , j

′])

Expected embedding for query i :

c[i , l ] =
∑

j

p[i , j ] ∗ v [j , l ]
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Example

Consider the text “the bank is on the river bank”

Include the positions: “the 0, bank 1, is 2, on 3, the 4,
river 5, bank 6”

q, k, and v are of form:

the 0
bank 1
is 2
on 3
the 4
river 5
bank 6

where columns are the embedding positions
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Example

Intermediate matrix p is of form:

the 0 bank 1 is 2 on 3 the 4 river 5 bank 6
the 0 0.4 0.6 0 0 0 0 0
bank 1 0.2 0.4 0.1 0.3 0 0 0
is 2 0 0.4 0.2 0.4 0 0 0
on 3 0 0 0 0.4 0 0 0.6
the 4 0 0 0 0 0.4 0 0.6
river 5 0 0 0 0 0 0.5 0.5
bank 6 0 0 0 0 0.2 0.4 0.4

for each query (row) there is a probability distribution of words
(numbers sum to 1)
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Transformers

Multiple attention mechanisms, called heads, in parallel.

Each head is preceded by separate dense linear functions .

The output of the multi-head attention is the concatenation
of the output of these attention layers.

There can be multiple layers of attention, each with a
shortcut connection: each attention gets the inputs and the
outputs of lower attention mechanisms.

Lowest level: array of the word embeddings + a positional
encoding.
E.g., embedding for bank 6 = embedding for bank +
embedding for position 6.
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