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Autoregressive Modeling
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• Factor the joint distribution into conditionals:


• Learn the conditional distributions


• Linear autoregressive model:

p(x) =
TY

t=1

p(xt|x<t).
<latexit sha1_base64="Wy7TcPOwwcD10D4VPkziPBB6fbk="></latexit><latexit sha1_base64="Wy7TcPOwwcD10D4VPkziPBB6fbk="></latexit><latexit sha1_base64="Wy7TcPOwwcD10D4VPkziPBB6fbk="></latexit><latexit sha1_base64="Wy7TcPOwwcD10D4VPkziPBB6fbk="></latexit>

p̂(xt|x<t).
<latexit sha1_base64="BnSrLQjBKfs0XzY0cGPqIH81GKc="></latexit><latexit sha1_base64="BnSrLQjBKfs0XzY0cGPqIH81GKc="></latexit><latexit sha1_base64="BnSrLQjBKfs0XzY0cGPqIH81GKc="></latexit><latexit sha1_base64="BnSrLQjBKfs0XzY0cGPqIH81GKc="></latexit>

xt ⇠ N (f(x<t),�
2),

f(x<t) = ⇢(xt�1 � µ) + µ.
<latexit sha1_base64="ci6TJk2WY1VOSjpfij63botUZcM="></latexit><latexit sha1_base64="ci6TJk2WY1VOSjpfij63botUZcM="></latexit><latexit sha1_base64="ci6TJk2WY1VOSjpfij63botUZcM="></latexit><latexit sha1_base64="ci6TJk2WY1VOSjpfij63botUZcM="></latexit>



Binary Autoregressive Models

CSE 599I: Generative Models University of WashingtonLecture 4

• Sigmoid function 


• A log-linear autoregressive model.

sigmoid(u) = 1/(1 + e�u)
<latexit sha1_base64="QnviaIwSJI277jYXUpxcN0BbBLk="></latexit><latexit sha1_base64="QnviaIwSJI277jYXUpxcN0BbBLk="></latexit><latexit sha1_base64="QnviaIwSJI277jYXUpxcN0BbBLk="></latexit><latexit sha1_base64="QnviaIwSJI277jYXUpxcN0BbBLk="></latexit>



Masked Autoregressive Models
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• Let                           such that  


• Then             can be equivalently defined by 

m 2 {0, 1}T⇥T
<latexit sha1_base64="WKMTR9HguVlzpB4iYQEAZ5jgANA="></latexit><latexit sha1_base64="WKMTR9HguVlzpB4iYQEAZ5jgANA="></latexit><latexit sha1_base64="WKMTR9HguVlzpB4iYQEAZ5jgANA="></latexit><latexit sha1_base64="WKMTR9HguVlzpB4iYQEAZ5jgANA="></latexit>

f(x<t) ⌘ hP<t, x<ti = hP,mt � xi.
<latexit sha1_base64="Kaq2NTHE20UP6frnHq4FI7srMio="></latexit><latexit sha1_base64="Kaq2NTHE20UP6frnHq4FI7srMio="></latexit><latexit sha1_base64="Kaq2NTHE20UP6frnHq4FI7srMio="></latexit><latexit sha1_base64="Kaq2NTHE20UP6frnHq4FI7srMio="></latexit>

mt,s = 1s<t.
<latexit sha1_base64="F1sQvT0nng+v8xj5NcIXnGkfa0M="></latexit><latexit sha1_base64="F1sQvT0nng+v8xj5NcIXnGkfa0M="></latexit><latexit sha1_base64="F1sQvT0nng+v8xj5NcIXnGkfa0M="></latexit><latexit sha1_base64="F1sQvT0nng+v8xj5NcIXnGkfa0M="></latexit>

f(x<t)
<latexit sha1_base64="A6w8cy1W/ehCOSnsuHw8MpX4nZE="></latexit><latexit sha1_base64="A6w8cy1W/ehCOSnsuHw8MpX4nZE="></latexit><latexit sha1_base64="A6w8cy1W/ehCOSnsuHw8MpX4nZE="></latexit><latexit sha1_base64="A6w8cy1W/ehCOSnsuHw8MpX4nZE="></latexit>



Discrete Autoregressive Models
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• Softmax function                                  defined by


• What is the input encoding               of the discrete inputs             ? 

softmax(u) =
eu

Pd
k=1 e

uk

.
<latexit sha1_base64="DCt1fV0Fz8jGt1jRQlkJ6Wxq8SY="></latexit><latexit sha1_base64="DCt1fV0Fz8jGt1jRQlkJ6Wxq8SY="></latexit><latexit sha1_base64="DCt1fV0Fz8jGt1jRQlkJ6Wxq8SY="></latexit><latexit sha1_base64="1xv3PL9JvG+nVTFRwuNrI4dRJIw="></latexit><latexit sha1_base64="i3tkluvaNozi3XFkEudVkV6dZdE="></latexit><latexit sha1_base64="i3tkluvaNozi3XFkEudVkV6dZdE="></latexit><latexit sha1_base64="3DyKyGwJAzyXs85FH9Clt71Jh08="></latexit><latexit sha1_base64="DCt1fV0Fz8jGt1jRQlkJ6Wxq8SY="></latexit><latexit sha1_base64="DCt1fV0Fz8jGt1jRQlkJ6Wxq8SY="></latexit><latexit sha1_base64="DCt1fV0Fz8jGt1jRQlkJ6Wxq8SY="></latexit><latexit sha1_base64="DCt1fV0Fz8jGt1jRQlkJ6Wxq8SY="></latexit><latexit sha1_base64="DCt1fV0Fz8jGt1jRQlkJ6Wxq8SY="></latexit><latexit sha1_base64="DCt1fV0Fz8jGt1jRQlkJ6Wxq8SY="></latexit>

softmax : Rd ! Rd
<latexit sha1_base64="Aecb5kZ3bIm8/Jq3oiThCm6j4Uo="></latexit><latexit sha1_base64="Aecb5kZ3bIm8/Jq3oiThCm6j4Uo="></latexit><latexit sha1_base64="Aecb5kZ3bIm8/Jq3oiThCm6j4Uo="></latexit><latexit sha1_base64="Aecb5kZ3bIm8/Jq3oiThCm6j4Uo="></latexit>

wt 2 V
<latexit sha1_base64="RTKlqjXz2craUwnZfiB9uD6JC44="></latexit><latexit sha1_base64="RTKlqjXz2craUwnZfiB9uD6JC44="></latexit><latexit sha1_base64="RTKlqjXz2craUwnZfiB9uD6JC44="></latexit><latexit sha1_base64="RTKlqjXz2craUwnZfiB9uD6JC44="></latexit>

xt 2 Rd
<latexit sha1_base64="gsBII05AorFgXCFB+62Y0vhXx0I="></latexit><latexit sha1_base64="gsBII05AorFgXCFB+62Y0vhXx0I="></latexit><latexit sha1_base64="gsBII05AorFgXCFB+62Y0vhXx0I="></latexit><latexit sha1_base64="gsBII05AorFgXCFB+62Y0vhXx0I="></latexit>
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Input Encoding
• Discrete sequences             .              


• Tokens              for some finite vocabulary    , where 


• Need to encode tokens     as vectors    in a Euclidean space. 


• Two popular options:

w 2 VT
<latexit sha1_base64="mSF3xz8cosRYrfwUT5ovd3zc0vI="></latexit><latexit sha1_base64="mSF3xz8cosRYrfwUT5ovd3zc0vI="></latexit><latexit sha1_base64="mSF3xz8cosRYrfwUT5ovd3zc0vI="></latexit><latexit sha1_base64="Qb7TUf6Uk4F3xkE6m4xbXTakFNk="></latexit><latexit sha1_base64="YMoqzwplDH88IjcfEBQ/EvqTaR8="></latexit><latexit sha1_base64="YMoqzwplDH88IjcfEBQ/EvqTaR8="></latexit><latexit sha1_base64="MGg8IECgGkzET4SD68Qs7QIw2dc="></latexit><latexit sha1_base64="mSF3xz8cosRYrfwUT5ovd3zc0vI="></latexit><latexit sha1_base64="mSF3xz8cosRYrfwUT5ovd3zc0vI="></latexit><latexit sha1_base64="mSF3xz8cosRYrfwUT5ovd3zc0vI="></latexit><latexit sha1_base64="mSF3xz8cosRYrfwUT5ovd3zc0vI="></latexit><latexit sha1_base64="mSF3xz8cosRYrfwUT5ovd3zc0vI="></latexit><latexit sha1_base64="mSF3xz8cosRYrfwUT5ovd3zc0vI="></latexit>

wt 2 V
<latexit sha1_base64="bOjEstcXzeoeRvOKidhA5OAki3w="></latexit><latexit sha1_base64="bOjEstcXzeoeRvOKidhA5OAki3w="></latexit><latexit sha1_base64="bOjEstcXzeoeRvOKidhA5OAki3w="></latexit><latexit sha1_base64="bOjEstcXzeoeRvOKidhA5OAki3w="></latexit>

V
<latexit sha1_base64="CYTh3Fvuu28naYlh7bQW7jfGTLU="></latexit><latexit sha1_base64="CYTh3Fvuu28naYlh7bQW7jfGTLU="></latexit><latexit sha1_base64="CYTh3Fvuu28naYlh7bQW7jfGTLU="></latexit><latexit sha1_base64="CYTh3Fvuu28naYlh7bQW7jfGTLU="></latexit>

|V| = d.
<latexit sha1_base64="+8QnuicfRTwZlOVc2PDZ/vzL5FI="></latexit><latexit sha1_base64="+8QnuicfRTwZlOVc2PDZ/vzL5FI="></latexit><latexit sha1_base64="+8QnuicfRTwZlOVc2PDZ/vzL5FI="></latexit><latexit sha1_base64="1xv3PL9JvG+nVTFRwuNrI4dRJIw="></latexit><latexit sha1_base64="04KNU2QuCrEV1/7ptZPQzBHFsgs="></latexit><latexit sha1_base64="04KNU2QuCrEV1/7ptZPQzBHFsgs="></latexit><latexit sha1_base64="jpTxzdiGcML4npwa4t7kVoyH9bg="></latexit><latexit sha1_base64="+8QnuicfRTwZlOVc2PDZ/vzL5FI="></latexit><latexit sha1_base64="+8QnuicfRTwZlOVc2PDZ/vzL5FI="></latexit><latexit sha1_base64="+8QnuicfRTwZlOVc2PDZ/vzL5FI="></latexit><latexit sha1_base64="+8QnuicfRTwZlOVc2PDZ/vzL5FI="></latexit><latexit sha1_base64="+8QnuicfRTwZlOVc2PDZ/vzL5FI="></latexit><latexit sha1_base64="+8QnuicfRTwZlOVc2PDZ/vzL5FI="></latexit>

1. One-hot encoding:              where 


2. Word Embeddings (word2vec, Glove, etc.): 

x
<latexit sha1_base64="fGUL9bCR6UYJf71meN6ShJ4sXG4="></latexit><latexit sha1_base64="fGUL9bCR6UYJf71meN6ShJ4sXG4="></latexit><latexit sha1_base64="fGUL9bCR6UYJf71meN6ShJ4sXG4="></latexit><latexit sha1_base64="fGUL9bCR6UYJf71meN6ShJ4sXG4="></latexit>w

<latexit sha1_base64="lLtu6h1Jw+1+dh+dvzQdKN+DS94="></latexit><latexit sha1_base64="lLtu6h1Jw+1+dh+dvzQdKN+DS94="></latexit><latexit sha1_base64="lLtu6h1Jw+1+dh+dvzQdKN+DS94="></latexit><latexit sha1_base64="lLtu6h1Jw+1+dh+dvzQdKN+DS94="></latexit>

x 2 Rd
<latexit sha1_base64="/BH7xZqny/k7Eb5g55046jd+TRM="></latexit><latexit sha1_base64="/BH7xZqny/k7Eb5g55046jd+TRM="></latexit><latexit sha1_base64="/BH7xZqny/k7Eb5g55046jd+TRM="></latexit><latexit sha1_base64="1xv3PL9JvG+nVTFRwuNrI4dRJIw="></latexit><latexit sha1_base64="IhQCgNJ3HVlx/SDc+B8uZeMIFxE="></latexit><latexit sha1_base64="IhQCgNJ3HVlx/SDc+B8uZeMIFxE="></latexit><latexit sha1_base64="gc+vvijyGqLgA6k9pFUpifdW/E0="></latexit><latexit sha1_base64="/BH7xZqny/k7Eb5g55046jd+TRM="></latexit><latexit sha1_base64="/BH7xZqny/k7Eb5g55046jd+TRM="></latexit><latexit sha1_base64="/BH7xZqny/k7Eb5g55046jd+TRM="></latexit><latexit sha1_base64="/BH7xZqny/k7Eb5g55046jd+TRM="></latexit><latexit sha1_base64="/BH7xZqny/k7Eb5g55046jd+TRM="></latexit><latexit sha1_base64="/BH7xZqny/k7Eb5g55046jd+TRM="></latexit>

xk = 1k=w.
<latexit sha1_base64="hQg8DmpVhqzm5dc+BMHzKOCDfRs="></latexit><latexit sha1_base64="hQg8DmpVhqzm5dc+BMHzKOCDfRs="></latexit><latexit sha1_base64="hQg8DmpVhqzm5dc+BMHzKOCDfRs="></latexit><latexit sha1_base64="hQg8DmpVhqzm5dc+BMHzKOCDfRs="></latexit>

xk 2 Rk (k < d).
<latexit sha1_base64="iwq/Zjv35gP2qLIBAD6YQ+JzHpI="></latexit><latexit sha1_base64="iwq/Zjv35gP2qLIBAD6YQ+JzHpI="></latexit><latexit sha1_base64="iwq/Zjv35gP2qLIBAD6YQ+JzHpI="></latexit><latexit sha1_base64="iwq/Zjv35gP2qLIBAD6YQ+JzHpI="></latexit><latexit sha1_base64="iwq/Zjv35gP2qLIBAD6YQ+JzHpI="></latexit>



Training a FVSBN
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• Maximize the likelihood! Cross-entropy minimization:

1

n

nX

i=1

� log p(wi) =
1

n

nX

i=1

TX

t=1

� log p(wi
t|wi

<t).
<latexit sha1_base64="zLTpqDA3cvg7uHCQT+wtbUoQO+I="></latexit><latexit sha1_base64="zLTpqDA3cvg7uHCQT+wtbUoQO+I="></latexit><latexit sha1_base64="zLTpqDA3cvg7uHCQT+wtbUoQO+I="></latexit><latexit sha1_base64="zLTpqDA3cvg7uHCQT+wtbUoQO+I="></latexit>



Neural Parameterization (NADE)
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• Fully-Visible Softmax Belief Network:


• Neural Autoregressive Distribution Estimation (NADE):

ft(x<t) =
X

s<t

Psxs, P 2 RT⇥d⇥d.

ht = sigmoid

 
ct +

X

s<t

Vsxs

!
, V 2 RT⇥k⇥d, c 2 RT⇥k,

ft(x<t) = bt +
X

st

Wshs, W 2 RT⇥d⇥k,b 2 RT⇥d.

<latexit sha1_base64="1pKOO7/mhHTv06F0olmFffT+LRY="></latexit><latexit sha1_base64="1pKOO7/mhHTv06F0olmFffT+LRY="></latexit><latexit sha1_base64="1pKOO7/mhHTv06F0olmFffT+LRY="></latexit><latexit sha1_base64="1pKOO7/mhHTv06F0olmFffT+LRY="></latexit>



Training a NADE
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• Optimize with SGD (choose a random      ):

• Maximize the likelihood:

• Consider adding momentum (e.g. NAG) and adaptivity (Adam).

1

n

nX

i=1

� log p✓(w
i) =

1

n

nX

i=1

TX

t=1

� log p✓(w
i
t|wi

<t).
<latexit sha1_base64="BgijWI7DlgZkisEczomgR59KBAQ="></latexit><latexit sha1_base64="BgijWI7DlgZkisEczomgR59KBAQ="></latexit><latexit sha1_base64="BgijWI7DlgZkisEczomgR59KBAQ="></latexit><latexit sha1_base64="BgijWI7DlgZkisEczomgR59KBAQ="></latexit>

j, t
<latexit sha1_base64="2fd18lfmMt5vSOjiqn8HY5qc8V8="></latexit><latexit sha1_base64="2fd18lfmMt5vSOjiqn8HY5qc8V8="></latexit><latexit sha1_base64="2fd18lfmMt5vSOjiqn8HY5qc8V8="></latexit><latexit sha1_base64="2fd18lfmMt5vSOjiqn8HY5qc8V8="></latexit>

✓(i) = ✓(i�1) + ⌘r✓ log p✓(w
j
t |w

j
<t).

<latexit sha1_base64="fuz46+zCP+cfV8WHDy9yhU4EA+0="></latexit><latexit sha1_base64="fuz46+zCP+cfV8WHDy9yhU4EA+0="></latexit><latexit sha1_base64="fuz46+zCP+cfV8WHDy9yhU4EA+0="></latexit><latexit sha1_base64="fuz46+zCP+cfV8WHDy9yhU4EA+0="></latexit>



Back-Propagation Through Time
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• NADE models see a limited window of context/history (order   ).


• Mini-batch SGD over time steps (one call to the model):


• Also mini-batch over k data points (k calls to the model):

p
<latexit sha1_base64="ry78SCCPsFmvYOrSs1pkCE1Cm78="></latexit><latexit sha1_base64="ry78SCCPsFmvYOrSs1pkCE1Cm78="></latexit><latexit sha1_base64="ry78SCCPsFmvYOrSs1pkCE1Cm78="></latexit><latexit sha1_base64="ry78SCCPsFmvYOrSs1pkCE1Cm78="></latexit>

✓(i) = ✓(i�1) + ⌘r✓ log p✓(w
j
t , . . . , w

j
t+p)

= ✓(i�1) + ⌘r✓

pX

s=1

log p✓(w
j
t+s|w

j
t , . . . , w

j
t+s�1).

<latexit sha1_base64="03YjqCENRe2NkI9TL9nxpJOWdwg="></latexit><latexit sha1_base64="03YjqCENRe2NkI9TL9nxpJOWdwg="></latexit><latexit sha1_base64="03YjqCENRe2NkI9TL9nxpJOWdwg="></latexit><latexit sha1_base64="1xv3PL9JvG+nVTFRwuNrI4dRJIw="></latexit><latexit sha1_base64="3gFDf2qfpZ7GPjrC8VivRPYlFcM="></latexit><latexit sha1_base64="3gFDf2qfpZ7GPjrC8VivRPYlFcM="></latexit><latexit sha1_base64="P0Gm6e7ALzlDTCCIqtbMLl97fkw="></latexit><latexit sha1_base64="03YjqCENRe2NkI9TL9nxpJOWdwg="></latexit><latexit sha1_base64="03YjqCENRe2NkI9TL9nxpJOWdwg="></latexit><latexit sha1_base64="03YjqCENRe2NkI9TL9nxpJOWdwg="></latexit><latexit sha1_base64="03YjqCENRe2NkI9TL9nxpJOWdwg="></latexit><latexit sha1_base64="03YjqCENRe2NkI9TL9nxpJOWdwg="></latexit><latexit sha1_base64="03YjqCENRe2NkI9TL9nxpJOWdwg="></latexit>

✓(i) = ✓(i�1) + ⌘r✓

kX

j=1

pX

s=1

log p✓(w
j
t+s|w

j
t , . . . , w

j
t+s�1).

<latexit sha1_base64="PTVIgm4O6K8d82DLgUb9HTCteoA="></latexit><latexit sha1_base64="PTVIgm4O6K8d82DLgUb9HTCteoA="></latexit><latexit sha1_base64="PTVIgm4O6K8d82DLgUb9HTCteoA="></latexit><latexit sha1_base64="PTVIgm4O6K8d82DLgUb9HTCteoA="></latexit>



5-Minute Break
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BPTT in NLP: The Dirty Details
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• Suppose we have an NLP corpus of documents (e.g. Wikitext-2).


• Concatenate all the documents: one long sequence of length   .


• Chunk the sequence up into segments of length   . 


• Treat the corpus as                data points, each of length   . 

p
<latexit sha1_base64="ry78SCCPsFmvYOrSs1pkCE1Cm78="></latexit><latexit sha1_base64="ry78SCCPsFmvYOrSs1pkCE1Cm78="></latexit><latexit sha1_base64="ry78SCCPsFmvYOrSs1pkCE1Cm78="></latexit><latexit sha1_base64="ry78SCCPsFmvYOrSs1pkCE1Cm78="></latexit>

T<latexit sha1_base64="O/WFygPgmy8OPym1UA4zZ316KqE="></latexit><latexit sha1_base64="O/WFygPgmy8OPym1UA4zZ316KqE="></latexit><latexit sha1_base64="O/WFygPgmy8OPym1UA4zZ316KqE="></latexit><latexit sha1_base64="O/WFygPgmy8OPym1UA4zZ316KqE="></latexit>

n = T/p
<latexit sha1_base64="cQfXmI8e0cGxudZCxfcLVdGxhmo="></latexit><latexit sha1_base64="cQfXmI8e0cGxudZCxfcLVdGxhmo="></latexit><latexit sha1_base64="cQfXmI8e0cGxudZCxfcLVdGxhmo="></latexit><latexit sha1_base64="cQfXmI8e0cGxudZCxfcLVdGxhmo="></latexit>

p
<latexit sha1_base64="ry78SCCPsFmvYOrSs1pkCE1Cm78="></latexit><latexit sha1_base64="ry78SCCPsFmvYOrSs1pkCE1Cm78="></latexit><latexit sha1_base64="ry78SCCPsFmvYOrSs1pkCE1Cm78="></latexit><latexit sha1_base64="ry78SCCPsFmvYOrSs1pkCE1Cm78="></latexit>



Weight-Sharing
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• Neural Autoregressive Distribution Estimator (order   ):

• Set Vs = (Ws)
T .

<latexit sha1_base64="rqXIIDAGhrWnDKLBeXRaeJNH1/4="></latexit><latexit sha1_base64="rqXIIDAGhrWnDKLBeXRaeJNH1/4="></latexit><latexit sha1_base64="rqXIIDAGhrWnDKLBeXRaeJNH1/4="></latexit><latexit sha1_base64="rqXIIDAGhrWnDKLBeXRaeJNH1/4="></latexit>

p
<latexit sha1_base64="ry78SCCPsFmvYOrSs1pkCE1Cm78="></latexit><latexit sha1_base64="ry78SCCPsFmvYOrSs1pkCE1Cm78="></latexit><latexit sha1_base64="ry78SCCPsFmvYOrSs1pkCE1Cm78="></latexit><latexit sha1_base64="ry78SCCPsFmvYOrSs1pkCE1Cm78="></latexit>

ht = sigmoid

 
ct +

X

s<t

Vsxs

!
, V 2 Rp⇥k⇥d, c 2 Rp⇥k,

ft(x<t) = bt +
X

st

Wshs, W 2 Rp⇥d⇥k,b 2 Rp⇥d.

<latexit sha1_base64="fY32ECQUGTOno6axJGUVerXr4vU="></latexit><latexit sha1_base64="fY32ECQUGTOno6axJGUVerXr4vU="></latexit><latexit sha1_base64="fY32ECQUGTOno6axJGUVerXr4vU="></latexit><latexit sha1_base64="fY32ECQUGTOno6axJGUVerXr4vU="></latexit>



Deep NADE
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• Multiple hidden layers (compare to a deep fully-connected network)

h0,t = ReLU

 
c0,t +

X

s<t

(Ws)
Txs

!
, W 2 Rp⇥d⇥k, c0 2 Rp⇥k,

h`,t = ReLU

0

@c`,t +
X

st

V`,sh`�1,s

1

A , V 2 R(L�1)⇥p⇥k⇥k, c 2 R(L�1)⇥p⇥k,

f✓,t(x<t) = bt +
X

st

WshL,s, b 2 Rp⇥d.
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A Recurrent NADE
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• Parameter counts in NADE scale with the autoregressive order   .


• We can share weights using a recursively defined model (RNN):

p
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• No dependency on   ! Can set                     for further sharing.  p
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Wx = WT
o
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h0 = Winit, Winit 2 Rk,

ht = sigmoid(c+Whht�1 +Wxxt), Wh 2 Rk⇥k,Wx 2 Rk⇥d, c 2 Rk,

ft(x<t) = b+Woht�1, Wo 2 Rd⇥k,b 2 Rd.
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Hyper-Parameter Selection
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• In general: make the model very wide and very deep. Use large   .


• Don’t regularize with model size! Regularize by (in order of effectiveness):


• Use validation data, train multiple models (pay the Amazon tax).


• If your model is constrained by GPU memory, you are on the right track.

1. Getting more training data.

2. Dataset augmentation (e.g. input/embedding dropout)

3. Early stopping/L2 regularization/dropout

p
<latexit sha1_base64="ry78SCCPsFmvYOrSs1pkCE1Cm78="></latexit><latexit sha1_base64="ry78SCCPsFmvYOrSs1pkCE1Cm78="></latexit><latexit sha1_base64="ry78SCCPsFmvYOrSs1pkCE1Cm78="></latexit><latexit sha1_base64="ry78SCCPsFmvYOrSs1pkCE1Cm78="></latexit>



Exposure Bias
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• Factor the joint distribution into conditionals:


• Learn the conditional distributions


• Iteratively sample                        to construct


• The data we condition on to predict has the wrong distribution!

p(x) =
TY

t=1

p(xt|x<t).
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p̂(xt|x<t).
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x̂t ⇠ p̂(·|x̂<t)
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Logistics
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• Homework 1 is out on the website.


• If you downloaded it early, get a fresh copy: I made some corrections.


• You could start looking at the code for Problem 8 (except transformers.py)


