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\begin{Overview}



Goal: sentence generation
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Goal: sentence generation

p(y | x)
x = "死⻢马当活⻢马医" y = "beating a dead horse"

p(y | x)
x = "how are you?" y = "pretty good, you?"

p(y) y = "stocks fell by 2 percent"

The goal is to develop a general-purpose sentence generation technique that can be used for applications like language modeling, machine translation, dialogue, etc.



The status quo

Most existing methods are autoregressive models

- Namely, they generate a sentence from scratch, left to right, word by word


When you fit such models to high-entropy "wide" output distributions, you tend to run into two problems

- researchers have found that they often tend to generate highly generic utterances, such as "I don't know" or "I'm sorry"

- And furthermore, there is no notion of semantic control over what gets generated.
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• low diversity

• the generic utterance problem 

• ("I don't know", "I'm sorry")  [Li+ 2016, Serban+ 2016, Ott+ 2018]

• no semantic control [Hu+ 2017]

Most existing methods are autoregressive models

- Namely, they generate a sentence from scratch, left to right, word by word


When you fit such models to high-entropy "wide" output distributions, you tend to run into two problems

- researchers have found that they often tend to generate highly generic utterances, such as "I don't know" or "I'm sorry"

- And furthermore, there is no notion of semantic control over what gets generated.



Approach: prototype, then edit

To address these problems, we will be proposing a new way to generate sentences.


In this new proposal, we don't generate a sentence from scratch.


Instead, we first grab a sentence from the training set. Let's call that a prototype.

Then you use a sequence to sequence model to edit that sentence into a new sentence.


The prototype enables you to roughly control the semantics of your sentence.

While the seq2seq editor injects additional variation.


And by choosing diverse prototypes, we can avoid the problem of generic utterances.
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Overview of results
• More diverse generations

• Higher quality generations (Mechanical Turk)

• Better perplexity (BillionWord, Yelp reviews)

• Seq2seq edits are semantically interpretable
• preserve semantic similarity
• can be used to perform sentence-level analogies
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Then, we sample an edit vector, z_e, from some prior distribution over edits


And finally, we combine the prototype and edit vector to produce a new, edited sentence, y.


To keep track of notation, I'll put this legend on the bottom later slides.
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The generative story we just saw gives us the following overall likelihood of a sentence

- First, we marginalize out over all prototypes that could have produced this sentence.

- And for each prototype, we marginalize out over all edit vectors that could have produced the resulting edit.


In the ideal world, we would then simply maximize the likelihood of this model

- But note that the summation over all prototypes in the training set is very expensive

- And the integration over all possible edit vectors is completely intractable with no closed form solution


To deal with these two problems, we will be applying an important tool from variational inference, called the evidence lower bound

- We will use the ELBO, to derive a lower bound for each of these expressions

- We can then maximize the lower bound instead of the original objective


The new approximate objective will serve two purposes

- be more computationally tractable

- and it will actually bias the model towards more semantically meaningful edits
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To use the ELBO, let's first understand what it is.


If you have a log-likelihood function p(y)

And it involves a latent variable z

Then ELBO says you can lower bound the likelihood with this expression

I made the RHS grey because you don't need to look too hard at this right now


The only important thing to note about the RHS is that it introduces a new distribution q over the latent variable z

When you use the ELBO, you get to choose what q is. 

- You can choose q to deliberately inject helpful biases into the model

- And your choice of q also affects the tightness of the lower bound


- In particular, the lower bound is perfectly tight when q matches the true posterior distribution over z's


All of our innovation in the next few slides will come from how we design Q

And we will be using this key criterion right here to guide us in designing Q
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q(z)

you choose q(z)
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• add helpful biases to the model
• tightness of the lower bound

To use the ELBO, let's first understand what it is.


If you have a log-likelihood function p(y)

And it involves a latent variable z

Then ELBO says you can lower bound the likelihood with this expression

I made the RHS grey because you don't need to look too hard at this right now


The only important thing to note about the RHS is that it introduces a new distribution q over the latent variable z

When you use the ELBO, you get to choose what q is. 

- You can choose q to deliberately inject helpful biases into the model

- And your choice of q also affects the tightness of the lower bound


- In particular, the lower bound is perfectly tight when q matches the true posterior distribution over z's


All of our innovation in the next few slides will come from how we design Q

And we will be using this key criterion right here to guide us in designing Q




y = output sentence    zp = prototype sentence    ze = edit vector

Training objective
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expensive

intractable

maximize

ELBO

ELBO

So, let's start by applying the ELBO to our sum over prototypes.



y = output sentence    zp = prototype sentence    ze = edit vector

ELBO on prototypes
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Applying the ELBO to that expression gives us the lower bound in gray.

Again, no need to look too hard at this.


What matters to make this a good lower bound, is that we must choose q to match the true posterior.

In this expression, the prototype sentence is the latent variable.


Note that Q is a distribution over prototype sentences.

And the posterior is a distribution over prototypes, given the output y.


But what does the true posterior look like?



y = output sentence    zp = prototype sentence    ze = edit vector

ELBO on prototypes
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Applying the ELBO to that expression gives us the lower bound in gray.

Again, no need to look too hard at this.


What matters to make this a good lower bound, is that we must choose q to match the true posterior.

In this expression, the prototype sentence is the latent variable.


Note that Q is a distribution over prototype sentences.

And the posterior is a distribution over prototypes, given the output y.


But what does the true posterior look like?



y = output sentence    zp = prototype sentence    ze = edit vector

ELBO on prototypes

<latexit sha1_base64="nsbv14+JtNwffjFcm+9mw41SfBY="></latexit>

<latexit sha1_base64="gzgMEQA9l5WtsI8QrE7wKeiqaY8="></latexit>

<latexit sha1_base64="zbpg/YheurxgTGcEK/DB6pFXKb0=">AAACHnicbVDLSsNAFJ34rPUVdelmsAh1UxJBdFl047KCfUBTwmQ6aYdOknHmRoyhX+LGX3HjQhHBlf6NSZtFbT0wcDjnXO7c40nBNVjWj7G0vLK6tl7aKG9ube/smnv7LR3FirImjUSkOh7RTPCQNYGDYB2pGAk8wdre6Cr32/dMaR6Ft5BI1gvIIOQ+pwQyyTXP7hzBfKg+uqkcO4oPhnDiEClV9IDlrBXwPk6KQNk1K1bNmgAvErsgFVSg4ZpfTj+iccBCoIJo3bUtCb2UKOBUsHHZiTWThI7IgHUzGpKA6V46OW+MjzOlj/1IZS8EPFFnJ1ISaJ0EXpYMCAz1vJeL/3ndGPyLXspDGQML6XSRHwsMEc67wn2uGAWRZIRQxbO/YjokilDIGs1LsOdPXiSt05pt1ewbq1K/LOoooUN0hKrIRueojq5RAzURRU/oBb2hd+PZeDU+jM9pdMkoZg7QHxjfvylNow8=</latexit>

Applying the ELBO to that expression gives us the lower bound in gray.

Again, no need to look too hard at this.


What matters to make this a good lower bound, is that we must choose q to match the true posterior.

In this expression, the prototype sentence is the latent variable.


Note that Q is a distribution over prototype sentences.

And the posterior is a distribution over prototypes, given the output y.


But what does the true posterior look like?



y = output sentence    zp = prototype sentence    ze = edit vector

ELBO on prototypes
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Applying the ELBO to that expression gives us the lower bound in gray.

Again, no need to look too hard at this.


What matters to make this a good lower bound, is that we must choose q to match the true posterior.

In this expression, the prototype sentence is the latent variable.


Note that Q is a distribution over prototype sentences.

And the posterior is a distribution over prototypes, given the output y.


But what does the true posterior look like?



y = output sentence    zp = prototype sentence    ze = edit vector

q(z) over prototypes

In plain English, the posterior p(z | y) asks the following question:

- If I see a sentence y, what prototype zp did it come from?


The answer I propose is that zp should probably be something no too different from y.


In particular, zp should probably be in some neighborhood of y

where the neighborhood is all sentences with high token overlap

and token overlap is measured by a threshold on Jaccard distance


Note that q is just a fixed distribution in this case. It is not learned.

Also, q depends on y, which is perfectly okay.



y = output sentence    zp = prototype sentence    ze = edit vector

q(z) over prototypes
Question
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In plain English, the posterior p(z | y) asks the following question:

- If I see a sentence y, what prototype zp did it come from?


The answer I propose is that zp should probably be something no too different from y.


In particular, zp should probably be in some neighborhood of y

where the neighborhood is all sentences with high token overlap

and token overlap is measured by a threshold on Jaccard distance


Note that q is just a fixed distribution in this case. It is not learned.

Also, q depends on y, which is perfectly okay.



y = output sentence    zp = prototype sentence    ze = edit vector

q(z) over prototypes
Question
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zp

y

ze

In plain English, the posterior p(z | y) asks the following question:

- If I see a sentence y, what prototype zp did it come from?


The answer I propose is that zp should probably be something no too different from y.


In particular, zp should probably be in some neighborhood of y

where the neighborhood is all sentences with high token overlap

and token overlap is measured by a threshold on Jaccard distance


Note that q is just a fixed distribution in this case. It is not learned.

Also, q depends on y, which is perfectly okay.



y = output sentence    zp = prototype sentence    ze = edit vector

q(z) over prototypes
Question
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In plain English, the posterior p(z | y) asks the following question:

- If I see a sentence y, what prototype zp did it come from?


The answer I propose is that zp should probably be something no too different from y.


In particular, zp should probably be in some neighborhood of y

where the neighborhood is all sentences with high token overlap

and token overlap is measured by a threshold on Jaccard distance


Note that q is just a fixed distribution in this case. It is not learned.

Also, q depends on y, which is perfectly okay.



y = output sentence    zp = prototype sentence    ze = edit vector

q(z) over prototypes
Question
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In plain English, the posterior p(z | y) asks the following question:

- If I see a sentence y, what prototype zp did it come from?


The answer I propose is that zp should probably be something no too different from y.


In particular, zp should probably be in some neighborhood of y

where the neighborhood is all sentences with high token overlap

and token overlap is measured by a threshold on Jaccard distance


Note that q is just a fixed distribution in this case. It is not learned.

Also, q depends on y, which is perfectly okay.



y = output sentence    zp = prototype sentence    ze = edit vector

Answer
prototype zp was probably not 
too different from y.

q(z) over prototypes
Question
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In plain English, the posterior p(z | y) asks the following question:

- If I see a sentence y, what prototype zp did it come from?


The answer I propose is that zp should probably be something no too different from y.


In particular, zp should probably be in some neighborhood of y

where the neighborhood is all sentences with high token overlap

and token overlap is measured by a threshold on Jaccard distance


Note that q is just a fixed distribution in this case. It is not learned.

Also, q depends on y, which is perfectly okay.



y = output sentence    zp = prototype sentence    ze = edit vector

Answer
prototype zp was probably not 
too different from y.

q(z) over prototypes
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In plain English, the posterior p(z | y) asks the following question:

- If I see a sentence y, what prototype zp did it come from?


The answer I propose is that zp should probably be something no too different from y.


In particular, zp should probably be in some neighborhood of y

where the neighborhood is all sentences with high token overlap

and token overlap is measured by a threshold on Jaccard distance


Note that q is just a fixed distribution in this case. It is not learned.

Also, q depends on y, which is perfectly okay.



y = output sentence    zp = prototype sentence    ze = edit vector

Answer
prototype zp was probably not 
too different from y.

q(z) over prototypes
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In plain English, the posterior p(z | y) asks the following question:

- If I see a sentence y, what prototype zp did it come from?


The answer I propose is that zp should probably be something no too different from y.


In particular, zp should probably be in some neighborhood of y

where the neighborhood is all sentences with high token overlap

and token overlap is measured by a threshold on Jaccard distance


Note that q is just a fixed distribution in this case. It is not learned.

Also, q depends on y, which is perfectly okay.



y = output sentence    zp = prototype sentence    ze = edit vector

Answer
prototype zp was probably not 
too different from y.

q(z) over prototypes
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In plain English, the posterior p(z | y) asks the following question:

- If I see a sentence y, what prototype zp did it come from?


The answer I propose is that zp should probably be something no too different from y.


In particular, zp should probably be in some neighborhood of y

where the neighborhood is all sentences with high token overlap

and token overlap is measured by a threshold on Jaccard distance


Note that q is just a fixed distribution in this case. It is not learned.

Also, q depends on y, which is perfectly okay.



y = output sentence    zp = prototype sentence    ze = edit vector

Answer
prototype zp was probably not 
too different from y.

q(z) over prototypes
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In plain English, the posterior p(z | y) asks the following question:

- If I see a sentence y, what prototype zp did it come from?


The answer I propose is that zp should probably be something no too different from y.


In particular, zp should probably be in some neighborhood of y

where the neighborhood is all sentences with high token overlap

and token overlap is measured by a threshold on Jaccard distance


Note that q is just a fixed distribution in this case. It is not learned.

Also, q depends on y, which is perfectly okay.



y = output sentence    zp = prototype sentence    ze = edit vector

q(z) over prototypes
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ELBO =

When we plug this choice of q into the evidence lower bound, we get the following much simpler expression


This looks like a typical seq2seq objective, where we are mapping each prototype in the neighborhood of y, to the sentence y


It's now clear that this particular choice of q encourages the editor to make small edits, since the sentence pairs are not that difference


Furthermore, as we know, seq2seq training is computationally tractable using SGD


I also want to point out that there was nothing special about using Jaccard distance. You could have used any distance function, even a machine-learned paraphrase 
distance function, and you would still get this expression.



y = output sentence    zp = prototype sentence    ze = edit vector

q(z) over prototypes

<latexit sha1_base64="K9KvQbr/Si/7DaqwWlTBq6GT9HY="></latexit>

=<latexit sha1_base64="gzgMEQA9l5WtsI8QrE7wKeiqaY8="></latexit>

ELBO =

When we plug this choice of q into the evidence lower bound, we get the following much simpler expression


This looks like a typical seq2seq objective, where we are mapping each prototype in the neighborhood of y, to the sentence y


It's now clear that this particular choice of q encourages the editor to make small edits, since the sentence pairs are not that difference


Furthermore, as we know, seq2seq training is computationally tractable using SGD
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Furthermore, as we know, seq2seq training is computationally tractable using SGD
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distance function, and you would still get this expression.
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q(z) over prototypes

Looks like typical sequence-to-sequence objective
prototype zp   —>   output y
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This looks like a typical seq2seq objective, where we are mapping each prototype in the neighborhood of y, to the sentence y
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Furthermore, as we know, seq2seq training is computationally tractable using SGD
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distance function, and you would still get this expression.
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This looks like a typical seq2seq objective, where we are mapping each prototype in the neighborhood of y, to the sentence y


It's now clear that this particular choice of q encourages the editor to make small edits, since the sentence pairs are not that difference


Furthermore, as we know, seq2seq training is computationally tractable using SGD


I also want to point out that there was nothing special about using Jaccard distance. You could have used any distance function, even a machine-learned paraphrase 
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When we plug this choice of q into the evidence lower bound, we get the following much simpler expression


This looks like a typical seq2seq objective, where we are mapping each prototype in the neighborhood of y, to the sentence y


It's now clear that this particular choice of q encourages the editor to make small edits, since the sentence pairs are not that difference


Furthermore, as we know, seq2seq training is computationally tractable using SGD


I also want to point out that there was nothing special about using Jaccard distance. You could have used any distance function, even a machine-learned paraphrase 
distance function, and you would still get this expression.
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So that handles the first evidence lower bound.


Now, let's go to the second ELBO. This time, we want to handle the integral over edit vectors.



y = output sentence    zp = prototype sentence    ze = edit vector

ELBO on edit vectors
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Applying the ELBO, we get the following bound


There are two terms in this bound, which we can call the reconstruction cost and the KL penalty.
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Applying the ELBO, we get the following bound


There are two terms in this bound, which we can call the reconstruction cost and the KL penalty.
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Applying the ELBO, we get the following bound


There are two terms in this bound, which we can call the reconstruction cost and the KL penalty.
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Applying the ELBO, we get the following bound


There are two terms in this bound, which we can call the reconstruction cost and the KL penalty.
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Applying the ELBO, we get the following bound


This expression is rather large, and warrants some explaining.


What matters is that there are two terms, which we can call the reconstruction cost and the KL penalty.


As before, we need to choose a good definition of q. This time, it needs to match the posterior distribution over edit vectors.

Again, let's meditate on what this posterior looks like.
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Applying the ELBO, we get the following bound


This expression is rather large, and warrants some explaining.


What matters is that there are two terms, which we can call the reconstruction cost and the KL penalty.


As before, we need to choose a good definition of q. This time, it needs to match the posterior distribution over edit vectors.

Again, let's meditate on what this posterior looks like.



y = output sentence    zp = prototype sentence    ze = edit vector

q(z) over edits

In plain English, the posterior is saying:

if I see both prototype sentence zp and output y, what edit vector relates them?
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In plain English, the posterior is saying:

if I see both prototype sentence zp and output y, what edit vector relates them?
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In plain English, the posterior is saying:

if I see both prototype sentence zp and output y, what edit vector relates them?
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In plain English, the posterior is saying:

if I see both prototype sentence zp and output y, what edit vector relates them?



y = output sentence    zp = prototype sentence    ze = edit vector

q(z) over edits
Question
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In plain English, the posterior is saying:

if I see both prototype sentence zp and output y, what edit vector relates them?



y = output sentence    zp = prototype sentence    ze = edit vector

Answer
Compare the two sentences. 

Figure out which words were 
inserted and deleted. 
Then sum their word vectors.

q(z) over edits
Question
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In plain English, the posterior is saying:

if I see both prototype sentence zp and output y, what edit vector relates them?



Here is an illustration of q(z_e).


So far, I have described a deterministic process to create an edit vector.

But what we want is an actual probability distribution over edit vectors.


So, as a final step, we will add noise to get our final z_e.

For reference, let's call the pre-noise version z hat.
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bias towards
interpretable edits

Here is an illustration of q(z_e).


So far, I have described a deterministic process to create an edit vector.

But what we want is an actual probability distribution over edit vectors.


So, as a final step, we will add noise to get our final z_e.

For reference, let's call the pre-noise version z hat.



How to add noise to     ?
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Standard choice (VAE): Gaussian

<latexit sha1_base64="ToMVuy4Im+SRo2c3WsODz03jAaE=">AAAB/XicbVBNS8NAEN34WetX/Lh5CRahXkriRY9FLx4r2A9oQtlsJ+3SzSbuToQ2FP+KFw+KePV/ePPfmLQ5aOuDgcd7M8zM82PBNdr2t7Gyura+sVnaKm/v7O7tmweHLR0likGTRSJSHZ9qEFxCEzkK6MQKaOgLaPujm9xvP4LSPJL3OI7BC+lA8oAzipnUM48fXAEBVie9FKau4oMhnpd7ZsWu2TNYy8QpSIUUaPTML7cfsSQEiUxQrbuOHaOXUoWcCZiW3URDTNmIDqCbUUlD0F46u35qnWVK3woilZVEa6b+nkhpqPU49LPOkOJQL3q5+J/XTTC48lIu4wRBsvmiIBEWRlYehdXnChiKcUYoUzy71WJDqijDLLA8BGfx5WXSuqg5ds25syv16yKOEjkhp6RKHHJJ6uSWNEiTMDIhz+SVvBlPxovxbnzMW1eMYuaI/IHx+QMU+5Ty</latexit>

A standard approach to adding noise (as you would see in the literature on variational autoencoders) is to add Gaussian noise

And then define the prior over z to also be Gaussian.


This is computationally tractable because the reconstruction cost can be estimated using the reparameterization trick, and the KL penalty has a closed form.
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computationally tractable

ELBO  =  reconstruction_cost   -   KL_penalty

A standard approach to adding noise (as you would see in the literature on variational autoencoders) is to add Gaussian noise

And then define the prior over z to also be Gaussian.


This is computationally tractable because the reconstruction cost can be estimated using the reparameterization trick, and the KL penalty has a closed form.



Standard choice (VAE): Gaussian
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(low-variance MC estimate of gradient)

ELBO  =  reconstruction_cost   -   KL_penalty

A standard approach to adding noise (as you would see in the literature on variational autoencoders) is to add Gaussian noise

And then define the prior over z to also be Gaussian.


This is computationally tractable because the reconstruction cost can be estimated using the reparameterization trick, and the KL penalty has a closed form.



Standard choice (VAE): Gaussian
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closed form

ELBO  =  reconstruction_cost   -   KL_penalty

A standard approach to adding noise (as you would see in the literature on variational autoencoders) is to add Gaussian noise

And then define the prior over z to also be Gaussian.


This is computationally tractable because the reconstruction cost can be estimated using the reparameterization trick, and the KL penalty has a closed form.



The problem with a Gaussian prior

But we chose not to use a Gaussian Q distribution, because Gaussians have a problem in high dimensions.


In the low dimensional picture, this Gaussian seems well-behaved.

Most of the mass is near the origin, implying that we prefer small edit vectors.


In contrast, a high dimensional Gaussian would look more like this, where most of the probability mass is concentrated on a thin shell.


In fact, it is known that if you sample a point from a Gaussian, its distance from the center follows a Chi distribution.


I've plotted the chi distribution for different dimensions.


Recall that our edit vector is the sum of word vectors.


This means we are imposing a very heavy prior that the edit should change no more than 12 and no less than 8 words.


Instead, we would like something that is much more uniform over lengths.



The problem with a Gaussian prior
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Most of the mass is near the origin, implying that we prefer small edit vectors.


In contrast, a high dimensional Gaussian would look more like this, where most of the probability mass is concentrated on a thin shell.


In fact, it is known that if you sample a point from a Gaussian, its distance from the center follows a Chi distribution.


I've plotted the chi distribution for different dimensions.
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But we chose not to use a Gaussian Q distribution, because Gaussians have a problem in high dimensions.


In the low dimensional picture, this Gaussian seems well-behaved.

Most of the mass is near the origin, implying that we prefer small edit vectors.


In contrast, a high dimensional Gaussian would look more like this, where most of the probability mass is concentrated on a thin shell.


In fact, it is known that if you sample a point from a Gaussian, its distance from the center follows a Chi distribution.


I've plotted the chi distribution for different dimensions.


Recall that our edit vector is the sum of word vectors.


This means we are imposing a very heavy prior that the edit should change no more than 12 and no less than 8 words.


Instead, we would like something that is much more uniform over lengths.



The problem with a Gaussian prior
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high-dim Gaussian

But we chose not to use a Gaussian Q distribution, because Gaussians have a problem in high dimensions.


In the low dimensional picture, this Gaussian seems well-behaved.

Most of the mass is near the origin, implying that we prefer small edit vectors.


In contrast, a high dimensional Gaussian would look more like this, where most of the probability mass is concentrated on a thin shell.


In fact, it is known that if you sample a point from a Gaussian, its distance from the center follows a Chi distribution.


I've plotted the chi distribution for different dimensions.


Recall that our edit vector is the sum of word vectors.


This means we are imposing a very heavy prior that the edit should change no more than 12 and no less than 8 words.


Instead, we would like something that is much more uniform over lengths.



y = output sentence    zp = prototype sentence    ze = edit vector

Better edit prior

To fix this problem… 


First, we'll propose a different edit prior, which explicitly encodes a uniform distribution over the magnitude of the edit vector.


Then, we need to define a q(z_e) that is compatible with this edit prior.

We will see how to do that next.



y = output sentence    zp = prototype sentence    ze = edit vector

Better edit prior
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Then, we need to define a q(z_e) that is compatible with this edit prior.

We will see how to do that next.



y = output sentence    zp = prototype sentence    ze = edit vector

Better edit prior

<latexit sha1_base64="jEci+lUSXN+RGgFCR/iGQpR/zwY=">AAACC3icbVC7TsNAEDzzDOFloKSxEiGFJrJpoIygoQwSeUhxZJ3P6+SU80N3a0Sw3NPwKzQUIETLD9DxN9iJC0gYaaXRzK52d9xYcIWm+a2trK6tb2xWtqrbO7t7+/rBYVdFiWTQYZGIZN+lCgQPoYMcBfRjCTRwBfTcyVXh9+5AKh6FtziNYRjQUch9zijmkqPXYie1Ee4xBY9jltkCfGw8OClktuSjMZ5WHb1uNs0ZjGVilaROSrQd/cv2IpYEECITVKmBZcY4TKlEzgRkVTtREFM2oSMY5DSkAahhOvslM05yxTP8SOYVojFTf0+kNFBqGrh5Z0BxrBa9QvzPGyToXwxTHsYJQsjmi/xEGBgZRTCGxyUwFNOcUCZ5fqvBxlRShnl8RQjW4svLpHvWtMymdWPWW5dlHBVyTGqkQSxyTlrkmrRJhzDySJ7JK3nTnrQX7V37mLeuaOXMEfkD7fMH9q6bkw==</latexit>

<latexit sha1_base64="hRZ7drrK7YGK5TI/Bx7hs6jLXBw=">AAACEHicbVC7TsMwFHXKq5RXgJHFokIwVQkLjBUsjEWiD6mNKse9aa06D9k3iCrqJ7DwKywMIMTKyMbf4LQZoOVKlo7POffa9/iJFBod59sqrayurW+UNytb2zu7e/b+QUvHqeLQ5LGMVcdnGqSIoIkCJXQSBSz0JbT98XWut+9BaRFHdzhJwAvZMBKB4AwN1bdPewgPmA2Emva0COe31DhqNDZ9VCcjUDCt9O2qU3NmRZeBW4AqKarRt796g5inIUTIJdO66zoJehlTKLg0A3uphoTxMRtC18CIhaC9bLbQlJ4YZkCDWJkTIZ2xvzsyFmo9CX3jDBmO9KKWk/9p3RSDSy8TUZIiRHz+UJBKijHN06EmB+AoJwYwroT5K+UjphhHk2Eegru48jJonddcp+beOtX6VRFHmRyRY3JGXHJB6uSGNEiTcPJInskrebOerBfr3fqYW0tW0XNI/pT1+QPhEp2w</latexit>

<latexit sha1_base64="XrtabsJEfxp1ui89+FjbmyD8s1A=">AAACFnicbVC7TsMwFHXKq5RXgJElokVigCrpAmMFC2OR6ENqospxb1qrzkP2DaKK+hUs/AoLAwixIjb+BrfNAC1HsnR8zrmy7/ETwRXa9rdRWFldW98obpa2tnd298z9g5aKU8mgyWIRy45PFQgeQRM5CugkEmjoC2j7o+up374HqXgc3eE4AS+kg4gHnFHUUs88r7gID5hpeeIqHs5vTR2ZuAIC7Npnju1KPhiiVyn1zLJdtWewlomTkzLJ0eiZX24/ZmkIETJBleo6doJeRiVyJmBSclMFCWUjOoCuphENQXnZbK2JdaKVvhXEUp8IrZn6eyKjoVLj0NfJkOJQLXpT8T+vm2Jw6WU8SlKEiM0fClJhYWxNO7L6XAJDMdaEMsn1Xy02pJIy1E1OS3AWV14mrVrVsavOba1cv8rrKJIjckxOiUMuSJ3ckAZpEkYeyTN5JW/Gk/FivBsf82jByGcOyR8Ynz8yRJ9R</latexit>

To fix this problem… 


First, we'll propose a different edit prior, which explicitly encodes a uniform distribution over the magnitude of the edit vector.


Then, we need to define a q(z_e) that is compatible with this edit prior.

We will see how to do that next.



y = output sentence    zp = prototype sentence    ze = edit vector

Better edit prior

<latexit sha1_base64="jEci+lUSXN+RGgFCR/iGQpR/zwY=">AAACC3icbVC7TsNAEDzzDOFloKSxEiGFJrJpoIygoQwSeUhxZJ3P6+SU80N3a0Sw3NPwKzQUIETLD9DxN9iJC0gYaaXRzK52d9xYcIWm+a2trK6tb2xWtqrbO7t7+/rBYVdFiWTQYZGIZN+lCgQPoYMcBfRjCTRwBfTcyVXh9+5AKh6FtziNYRjQUch9zijmkqPXYie1Ee4xBY9jltkCfGw8OClktuSjMZ5WHb1uNs0ZjGVilaROSrQd/cv2IpYEECITVKmBZcY4TKlEzgRkVTtREFM2oSMY5DSkAahhOvslM05yxTP8SOYVojFTf0+kNFBqGrh5Z0BxrBa9QvzPGyToXwxTHsYJQsjmi/xEGBgZRTCGxyUwFNOcUCZ5fqvBxlRShnl8RQjW4svLpHvWtMymdWPWW5dlHBVyTGqkQSxyTlrkmrRJhzDySJ7JK3nTnrQX7V37mLeuaOXMEfkD7fMH9q6bkw==</latexit>

<latexit sha1_base64="hRZ7drrK7YGK5TI/Bx7hs6jLXBw=">AAACEHicbVC7TsMwFHXKq5RXgJHFokIwVQkLjBUsjEWiD6mNKse9aa06D9k3iCrqJ7DwKywMIMTKyMbf4LQZoOVKlo7POffa9/iJFBod59sqrayurW+UNytb2zu7e/b+QUvHqeLQ5LGMVcdnGqSIoIkCJXQSBSz0JbT98XWut+9BaRFHdzhJwAvZMBKB4AwN1bdPewgPmA2Emva0COe31DhqNDZ9VCcjUDCt9O2qU3NmRZeBW4AqKarRt796g5inIUTIJdO66zoJehlTKLg0A3uphoTxMRtC18CIhaC9bLbQlJ4YZkCDWJkTIZ2xvzsyFmo9CX3jDBmO9KKWk/9p3RSDSy8TUZIiRHz+UJBKijHN06EmB+AoJwYwroT5K+UjphhHk2Eegru48jJonddcp+beOtX6VRFHmRyRY3JGXHJB6uSGNEiTcPJInskrebOerBfr3fqYW0tW0XNI/pT1+QPhEp2w</latexit>

<latexit sha1_base64="XrtabsJEfxp1ui89+FjbmyD8s1A=">AAACFnicbVC7TsMwFHXKq5RXgJElokVigCrpAmMFC2OR6ENqospxb1qrzkP2DaKK+hUs/AoLAwixIjb+BrfNAC1HsnR8zrmy7/ETwRXa9rdRWFldW98obpa2tnd298z9g5aKU8mgyWIRy45PFQgeQRM5CugkEmjoC2j7o+up374HqXgc3eE4AS+kg4gHnFHUUs88r7gID5hpeeIqHs5vTR2ZuAIC7Npnju1KPhiiVyn1zLJdtWewlomTkzLJ0eiZX24/ZmkIETJBleo6doJeRiVyJmBSclMFCWUjOoCuphENQXnZbK2JdaKVvhXEUp8IrZn6eyKjoVLj0NfJkOJQLXpT8T+vm2Jw6WU8SlKEiM0fClJhYWxNO7L6XAJDMdaEMsn1Xy02pJIy1E1OS3AWV14mrVrVsavOba1cv8rrKJIjckxOiUMuSJ3ckAZpEkYeyTN5JW/Gk/FivBsf82jByGcOyR8Ynz8yRJ9R</latexit>

<latexit sha1_base64="m2KpyTJyLhKqpYBN2sIVaKT2g0Y=">AAAB+XicbVBNS8NAEN34WetX1KOXxSJ4KokXPRa9eKxgP6ANYbOZtEs3m7C7qdSQf+LFgyJe/Sfe/Ddu2hy09cHA470ZZuYFKWdKO863tba+sbm1Xdup7+7tHxzaR8ddlWSSQocmPJH9gCjgTEBHM82hn0ogccChF0xuS783BalYIh70LAUvJiPBIkaJNpJv28NHFsKY6PzJz6Eo6r7dcJrOHHiVuBVpoApt3/4ahgnNYhCacqLUwHVS7eVEakY5FPVhpiAldEJGMDBUkBiUl88vL/C5UUIcJdKU0Hiu/p7ISazULA5MZ0z0WC17pfifN8h0dO3lTKSZBkEXi6KMY53gMgYcMglU85khhEpmbsV0TCSh2oRVhuAuv7xKupdN12m6906jdVPFUUOn6AxdIBddoRa6Q23UQRRN0TN6RW9Wbr1Y79bHonXNqmZO0B9Ynz/UuJPB</latexit>

<latexit sha1_base64="ToMVuy4Im+SRo2c3WsODz03jAaE=">AAAB/XicbVBNS8NAEN34WetX/Lh5CRahXkriRY9FLx4r2A9oQtlsJ+3SzSbuToQ2FP+KFw+KePV/ePPfmLQ5aOuDgcd7M8zM82PBNdr2t7Gyura+sVnaKm/v7O7tmweHLR0likGTRSJSHZ9qEFxCEzkK6MQKaOgLaPujm9xvP4LSPJL3OI7BC+lA8oAzipnUM48fXAEBVie9FKau4oMhnpd7ZsWu2TNYy8QpSIUUaPTML7cfsSQEiUxQrbuOHaOXUoWcCZiW3URDTNmIDqCbUUlD0F46u35qnWVK3woilZVEa6b+nkhpqPU49LPOkOJQL3q5+J/XTTC48lIu4wRBsvmiIBEWRlYehdXnChiKcUYoUzy71WJDqijDLLA8BGfx5WXSuqg5ds25syv16yKOEjkhp6RKHHJJ6uSWNEiTMDIhz+SVvBlPxovxbnzMW1eMYuaI/IHx+QMU+5Ty</latexit>

?

To fix this problem… 


First, we'll propose a different edit prior, which explicitly encodes a uniform distribution over the magnitude of the edit vector.


Then, we need to define a q(z_e) that is compatible with this edit prior.

We will see how to do that next.



How to add noise to     ?
<latexit sha1_base64="m2KpyTJyLhKqpYBN2sIVaKT2g0Y=">AAAB+XicbVBNS8NAEN34WetX1KOXxSJ4KokXPRa9eKxgP6ANYbOZtEs3m7C7qdSQf+LFgyJe/Sfe/Ddu2hy09cHA470ZZuYFKWdKO863tba+sbm1Xdup7+7tHxzaR8ddlWSSQocmPJH9gCjgTEBHM82hn0ogccChF0xuS783BalYIh70LAUvJiPBIkaJNpJv28NHFsKY6PzJz6Eo6r7dcJrOHHiVuBVpoApt3/4ahgnNYhCacqLUwHVS7eVEakY5FPVhpiAldEJGMDBUkBiUl88vL/C5UUIcJdKU0Hiu/p7ISazULA5MZ0z0WC17pfifN8h0dO3lTKSZBkEXi6KMY53gMgYcMglU85khhEpmbsV0TCSh2oRVhuAuv7xKupdN12m6906jdVPFUUOn6AxdIBddoRa6Q23UQRRN0TN6RW9Wbr1Y79bHonXNqmZO0B9Ynz/UuJPB</latexit>

<latexit sha1_base64="m2KpyTJyLhKqpYBN2sIVaKT2g0Y=">AAAB+XicbVBNS8NAEN34WetX1KOXxSJ4KokXPRa9eKxgP6ANYbOZtEs3m7C7qdSQf+LFgyJe/Sfe/Ddu2hy09cHA470ZZuYFKWdKO863tba+sbm1Xdup7+7tHxzaR8ddlWSSQocmPJH9gCjgTEBHM82hn0ogccChF0xuS783BalYIh70LAUvJiPBIkaJNpJv28NHFsKY6PzJz6Eo6r7dcJrOHHiVuBVpoApt3/4ahgnNYhCacqLUwHVS7eVEakY5FPVhpiAldEJGMDBUkBiUl88vL/C5UUIcJdKU0Hiu/p7ISazULA5MZ0z0WC17pfifN8h0dO3lTKSZBkEXi6KMY53gMgYcMglU85khhEpmbsV0TCSh2oRVhuAuv7xKupdN12m6906jdVPFUUOn6AxdIBddoRa6Q23UQRRN0TN6RW9Wbr1Y79bHonXNqmZO0B9Ynz/UuJPB</latexit>

Starting with z_e hat, we first randomly rotate it, using a von Mises Fisher distribution.



How to add noise to     ?
<latexit sha1_base64="m2KpyTJyLhKqpYBN2sIVaKT2g0Y=">AAAB+XicbVBNS8NAEN34WetX1KOXxSJ4KokXPRa9eKxgP6ANYbOZtEs3m7C7qdSQf+LFgyJe/Sfe/Ddu2hy09cHA470ZZuYFKWdKO863tba+sbm1Xdup7+7tHxzaR8ddlWSSQocmPJH9gCjgTEBHM82hn0ogccChF0xuS783BalYIh70LAUvJiPBIkaJNpJv28NHFsKY6PzJz6Eo6r7dcJrOHHiVuBVpoApt3/4ahgnNYhCacqLUwHVS7eVEakY5FPVhpiAldEJGMDBUkBiUl88vL/C5UUIcJdKU0Hiu/p7ISazULA5MZ0z0WC17pfifN8h0dO3lTKSZBkEXi6KMY53gMgYcMglU85khhEpmbsV0TCSh2oRVhuAuv7xKupdN12m6906jdVPFUUOn6AxdIBddoRa6Q23UQRRN0TN6RW9Wbr1Y79bHonXNqmZO0B9Ynz/UuJPB</latexit>

random rotation

von Mises-Fisher 
distribution

<latexit sha1_base64="m2KpyTJyLhKqpYBN2sIVaKT2g0Y=">AAAB+XicbVBNS8NAEN34WetX1KOXxSJ4KokXPRa9eKxgP6ANYbOZtEs3m7C7qdSQf+LFgyJe/Sfe/Ddu2hy09cHA470ZZuYFKWdKO863tba+sbm1Xdup7+7tHxzaR8ddlWSSQocmPJH9gCjgTEBHM82hn0ogccChF0xuS783BalYIh70LAUvJiPBIkaJNpJv28NHFsKY6PzJz6Eo6r7dcJrOHHiVuBVpoApt3/4ahgnNYhCacqLUwHVS7eVEakY5FPVhpiAldEJGMDBUkBiUl88vL/C5UUIcJdKU0Hiu/p7ISazULA5MZ0z0WC17pfifN8h0dO3lTKSZBkEXi6KMY53gMgYcMglU85khhEpmbsV0TCSh2oRVhuAuv7xKupdN12m6906jdVPFUUOn6AxdIBddoRa6Q23UQRRN0TN6RW9Wbr1Y79bHonXNqmZO0B9Ynz/UuJPB</latexit>

Starting with z_e hat, we first randomly rotate it, using a von Mises Fisher distribution.



How to add noise to     ?
<latexit sha1_base64="m2KpyTJyLhKqpYBN2sIVaKT2g0Y=">AAAB+XicbVBNS8NAEN34WetX1KOXxSJ4KokXPRa9eKxgP6ANYbOZtEs3m7C7qdSQf+LFgyJe/Sfe/Ddu2hy09cHA470ZZuYFKWdKO863tba+sbm1Xdup7+7tHxzaR8ddlWSSQocmPJH9gCjgTEBHM82hn0ogccChF0xuS783BalYIh70LAUvJiPBIkaJNpJv28NHFsKY6PzJz6Eo6r7dcJrOHHiVuBVpoApt3/4ahgnNYhCacqLUwHVS7eVEakY5FPVhpiAldEJGMDBUkBiUl88vL/C5UUIcJdKU0Hiu/p7ISazULA5MZ0z0WC17pfifN8h0dO3lTKSZBkEXi6KMY53gMgYcMglU85khhEpmbsV0TCSh2oRVhuAuv7xKupdN12m6906jdVPFUUOn6AxdIBddoRa6Q23UQRRN0TN6RW9Wbr1Y79bHonXNqmZO0B9Ynz/UuJPB</latexit>

random rotation

von Mises-Fisher 
distribution

<latexit sha1_base64="m2KpyTJyLhKqpYBN2sIVaKT2g0Y=">AAAB+XicbVBNS8NAEN34WetX1KOXxSJ4KokXPRa9eKxgP6ANYbOZtEs3m7C7qdSQf+LFgyJe/Sfe/Ddu2hy09cHA470ZZuYFKWdKO863tba+sbm1Xdup7+7tHxzaR8ddlWSSQocmPJH9gCjgTEBHM82hn0ogccChF0xuS783BalYIh70LAUvJiPBIkaJNpJv28NHFsKY6PzJz6Eo6r7dcJrOHHiVuBVpoApt3/4ahgnNYhCacqLUwHVS7eVEakY5FPVhpiAldEJGMDBUkBiUl88vL/C5UUIcJdKU0Hiu/p7ISazULA5MZ0z0WC17pfifN8h0dO3lTKSZBkEXi6KMY53gMgYcMglU85khhEpmbsV0TCSh2oRVhuAuv7xKupdN12m6906jdVPFUUOn6AxdIBddoRa6Q23UQRRN0TN6RW9Wbr1Y79bHonXNqmZO0B9Ynz/UuJPB</latexit>

Starting with z_e hat, we first randomly rotate it, using a von Mises Fisher distribution.



How to add noise to     ?
<latexit sha1_base64="m2KpyTJyLhKqpYBN2sIVaKT2g0Y=">AAAB+XicbVBNS8NAEN34WetX1KOXxSJ4KokXPRa9eKxgP6ANYbOZtEs3m7C7qdSQf+LFgyJe/Sfe/Ddu2hy09cHA470ZZuYFKWdKO863tba+sbm1Xdup7+7tHxzaR8ddlWSSQocmPJH9gCjgTEBHM82hn0ogccChF0xuS783BalYIh70LAUvJiPBIkaJNpJv28NHFsKY6PzJz6Eo6r7dcJrOHHiVuBVpoApt3/4ahgnNYhCacqLUwHVS7eVEakY5FPVhpiAldEJGMDBUkBiUl88vL/C5UUIcJdKU0Hiu/p7ISazULA5MZ0z0WC17pfifN8h0dO3lTKSZBkEXi6KMY53gMgYcMglU85khhEpmbsV0TCSh2oRVhuAuv7xKupdN12m6906jdVPFUUOn6AxdIBddoRa6Q23UQRRN0TN6RW9Wbr1Y79bHonXNqmZO0B9Ynz/UuJPB</latexit>

We then randomly perturb its magnitude



How to add noise to     ?
<latexit sha1_base64="m2KpyTJyLhKqpYBN2sIVaKT2g0Y=">AAAB+XicbVBNS8NAEN34WetX1KOXxSJ4KokXPRa9eKxgP6ANYbOZtEs3m7C7qdSQf+LFgyJe/Sfe/Ddu2hy09cHA470ZZuYFKWdKO863tba+sbm1Xdup7+7tHxzaR8ddlWSSQocmPJH9gCjgTEBHM82hn0ogccChF0xuS783BalYIh70LAUvJiPBIkaJNpJv28NHFsKY6PzJz6Eo6r7dcJrOHHiVuBVpoApt3/4ahgnNYhCacqLUwHVS7eVEakY5FPVhpiAldEJGMDBUkBiUl88vL/C5UUIcJdKU0Hiu/p7ISazULA5MZ0z0WC17pfifN8h0dO3lTKSZBkEXi6KMY53gMgYcMglU85khhEpmbsV0TCSh2oRVhuAuv7xKupdN12m6906jdVPFUUOn6AxdIBddoRa6Q23UQRRN0TN6RW9Wbr1Y79bHonXNqmZO0B9Ynz/UuJPB</latexit>

<latexit sha1_base64="TwPbvao8ErWCTw437tsStKpEjqQ=">AAACB3icdZDLSsNAFIYnXmu9VV0KMlgFF1KSgrdd0Y3LCqYVmlAm01MdnEzCzIlYQndufBU3LhRx6yu4822cXgQVPTDw8/3ncM78USqFQdf9cCYmp6ZnZgtzxfmFxaXl0spqwySZ5uDzRCb6ImIGpFDgo0AJF6kGFkcSmtH1ycBv3oA2IlHn2EshjNmlEl3BGVrULm1sBQi3mPsWJjrut9xdGkBqhExUuFVsl8pexR0WdSt7rne071kxJl9WmYyr3i69B52EZzEo5JIZ0/LcFMOcaRRcQr8YZAZSxq/ZJbSsVCwGE+bDf/TptiUdau+wTyEd0u8TOYuN6cWR7YwZXpnf3gD+5bUy7B6GuVBphqD4aFE3kxQTOgiFdoQGjrJnBeNa2Fspv2KacbTR/Qjhf9GoVjy34p1Vy7XjcRwFsk42yQ7xyAGpkVNSJz7h5I48kCfy7Nw7j86L8zpqnXDGM2vkRzlvnwyvmME=</latexit>

random magnitude

We then randomly perturb its magnitude



How to add noise to     ?
<latexit sha1_base64="m2KpyTJyLhKqpYBN2sIVaKT2g0Y=">AAAB+XicbVBNS8NAEN34WetX1KOXxSJ4KokXPRa9eKxgP6ANYbOZtEs3m7C7qdSQf+LFgyJe/Sfe/Ddu2hy09cHA470ZZuYFKWdKO863tba+sbm1Xdup7+7tHxzaR8ddlWSSQocmPJH9gCjgTEBHM82hn0ogccChF0xuS783BalYIh70LAUvJiPBIkaJNpJv28NHFsKY6PzJz6Eo6r7dcJrOHHiVuBVpoApt3/4ahgnNYhCacqLUwHVS7eVEakY5FPVhpiAldEJGMDBUkBiUl88vL/C5UUIcJdKU0Hiu/p7ISazULA5MZ0z0WC17pfifN8h0dO3lTKSZBkEXi6KMY53gMgYcMglU85khhEpmbsV0TCSh2oRVhuAuv7xKupdN12m6906jdVPFUUOn6AxdIBddoRa6Q23UQRRN0TN6RW9Wbr1Y79bHonXNqmZO0B9Ynz/UuJPB</latexit>

<latexit sha1_base64="TwPbvao8ErWCTw437tsStKpEjqQ=">AAACB3icdZDLSsNAFIYnXmu9VV0KMlgFF1KSgrdd0Y3LCqYVmlAm01MdnEzCzIlYQndufBU3LhRx6yu4822cXgQVPTDw8/3ncM78USqFQdf9cCYmp6ZnZgtzxfmFxaXl0spqwySZ5uDzRCb6ImIGpFDgo0AJF6kGFkcSmtH1ycBv3oA2IlHn2EshjNmlEl3BGVrULm1sBQi3mPsWJjrut9xdGkBqhExUuFVsl8pexR0WdSt7rne071kxJl9WmYyr3i69B52EZzEo5JIZ0/LcFMOcaRRcQr8YZAZSxq/ZJbSsVCwGE+bDf/TptiUdau+wTyEd0u8TOYuN6cWR7YwZXpnf3gD+5bUy7B6GuVBphqD4aFE3kxQTOgiFdoQGjrJnBeNa2Fspv2KacbTR/Qjhf9GoVjy34p1Vy7XjcRwFsk42yQ7xyAGpkVNSJz7h5I48kCfy7Nw7j86L8zpqnXDGM2vkRzlvnwyvmME=</latexit>

random magnitude

We then randomly perturb its magnitude



How to add noise to     ?
<latexit sha1_base64="m2KpyTJyLhKqpYBN2sIVaKT2g0Y=">AAAB+XicbVBNS8NAEN34WetX1KOXxSJ4KokXPRa9eKxgP6ANYbOZtEs3m7C7qdSQf+LFgyJe/Sfe/Ddu2hy09cHA470ZZuYFKWdKO863tba+sbm1Xdup7+7tHxzaR8ddlWSSQocmPJH9gCjgTEBHM82hn0ogccChF0xuS783BalYIh70LAUvJiPBIkaJNpJv28NHFsKY6PzJz6Eo6r7dcJrOHHiVuBVpoApt3/4ahgnNYhCacqLUwHVS7eVEakY5FPVhpiAldEJGMDBUkBiUl88vL/C5UUIcJdKU0Hiu/p7ISazULA5MZ0z0WC17pfifN8h0dO3lTKSZBkEXi6KMY53gMgYcMglU85khhEpmbsV0TCSh2oRVhuAuv7xKupdN12m6906jdVPFUUOn6AxdIBddoRa6Q23UQRRN0TN6RW9Wbr1Y79bHonXNqmZO0B9Ynz/UuJPB</latexit>

<latexit sha1_base64="xJj4vfVvRLTGLRd++vbhYrQLti8=">AAAB7HicbVBNT8JAEJ3iF+IX6tHLRmLiibRe5Ej04hETCyTQkO0yhQ3bbbO7NcGG3+DFg8Z49Qd589+4QA8KvmSSl/dmMjMvTAXXxnW/ndLG5tb2Tnm3srd/cHhUPT5p6yRTDH2WiER1Q6pRcIm+4UZgN1VI41BgJ5zczv3OIyrNE/lgpikGMR1JHnFGjZX8p0GOs0G15tbdBcg68QpSgwKtQfWrP0xYFqM0TFCte56bmiCnynAmcFbpZxpTyiZ0hD1LJY1RB/ni2Bm5sMqQRImyJQ1ZqL8nchprPY1D2xlTM9ar3lz8z+tlJmoEOZdpZlCy5aIoE8QkZP45GXKFzIipJZQpbm8lbEwVZcbmU7EheKsvr5P2Vd1z6969W2veFHGU4QzO4RI8uIYm3EELfGDA4Rle4c2Rzovz7nwsW0tOMXMKf+B8/gAhKY7e</latexit>



q(z) over edits

To sum that up, we now have a q distribution which looks like this (left)

the magnitude is just a uniform perturbation of zhat's magnitude

and the direction is just a VMF perturbation of zhat's direction


And we will choose our edit prior to look like this, so that it actually concentrates mass near the origin

in particular, we'll draw a random magnitude uniform 0, 10 (guaranteeing spread out magnitudes)

and we'll draw a direction uniformly over the sphere


This new Q function still has all the nice properties that the standard Gaussian would give you


You can still apply the reparameterization trick

and the KL penalty is now a constant



q(z) over edits

<latexit sha1_base64="m2KpyTJyLhKqpYBN2sIVaKT2g0Y=">AAAB+XicbVBNS8NAEN34WetX1KOXxSJ4KokXPRa9eKxgP6ANYbOZtEs3m7C7qdSQf+LFgyJe/Sfe/Ddu2hy09cHA470ZZuYFKWdKO863tba+sbm1Xdup7+7tHxzaR8ddlWSSQocmPJH9gCjgTEBHM82hn0ogccChF0xuS783BalYIh70LAUvJiPBIkaJNpJv28NHFsKY6PzJz6Eo6r7dcJrOHHiVuBVpoApt3/4ahgnNYhCacqLUwHVS7eVEakY5FPVhpiAldEJGMDBUkBiUl88vL/C5UUIcJdKU0Hiu/p7ISazULA5MZ0z0WC17pfifN8h0dO3lTKSZBkEXi6KMY53gMgYcMglU85khhEpmbsV0TCSh2oRVhuAuv7xKupdN12m6906jdVPFUUOn6AxdIBddoRa6Q23UQRRN0TN6RW9Wbr1Y79bHonXNqmZO0B9Ynz/UuJPB</latexit>

<latexit sha1_base64="ToMVuy4Im+SRo2c3WsODz03jAaE=">AAAB/XicbVBNS8NAEN34WetX/Lh5CRahXkriRY9FLx4r2A9oQtlsJ+3SzSbuToQ2FP+KFw+KePV/ePPfmLQ5aOuDgcd7M8zM82PBNdr2t7Gyura+sVnaKm/v7O7tmweHLR0likGTRSJSHZ9qEFxCEzkK6MQKaOgLaPujm9xvP4LSPJL3OI7BC+lA8oAzipnUM48fXAEBVie9FKau4oMhnpd7ZsWu2TNYy8QpSIUUaPTML7cfsSQEiUxQrbuOHaOXUoWcCZiW3URDTNmIDqCbUUlD0F46u35qnWVK3woilZVEa6b+nkhpqPU49LPOkOJQL3q5+J/XTTC48lIu4wRBsvmiIBEWRlYehdXnChiKcUYoUzy71WJDqijDLLA8BGfx5WXSuqg5ds25syv16yKOEjkhp6RKHHJJ6uSWNEiTMDIhz+SVvBlPxovxbnzMW1eMYuaI/IHx+QMU+5Ty</latexit>

To sum that up, we now have a q distribution which looks like this (left)

the magnitude is just a uniform perturbation of zhat's magnitude

and the direction is just a VMF perturbation of zhat's direction


And we will choose our edit prior to look like this, so that it actually concentrates mass near the origin

in particular, we'll draw a random magnitude uniform 0, 10 (guaranteeing spread out magnitudes)

and we'll draw a direction uniformly over the sphere


This new Q function still has all the nice properties that the standard Gaussian would give you


You can still apply the reparameterization trick

and the KL penalty is now a constant



q(z) over edits

<latexit sha1_base64="m2KpyTJyLhKqpYBN2sIVaKT2g0Y=">AAAB+XicbVBNS8NAEN34WetX1KOXxSJ4KokXPRa9eKxgP6ANYbOZtEs3m7C7qdSQf+LFgyJe/Sfe/Ddu2hy09cHA470ZZuYFKWdKO863tba+sbm1Xdup7+7tHxzaR8ddlWSSQocmPJH9gCjgTEBHM82hn0ogccChF0xuS783BalYIh70LAUvJiPBIkaJNpJv28NHFsKY6PzJz6Eo6r7dcJrOHHiVuBVpoApt3/4ahgnNYhCacqLUwHVS7eVEakY5FPVhpiAldEJGMDBUkBiUl88vL/C5UUIcJdKU0Hiu/p7ISazULA5MZ0z0WC17pfifN8h0dO3lTKSZBkEXi6KMY53gMgYcMglU85khhEpmbsV0TCSh2oRVhuAuv7xKupdN12m6906jdVPFUUOn6AxdIBddoRa6Q23UQRRN0TN6RW9Wbr1Y79bHonXNqmZO0B9Ynz/UuJPB</latexit>

<latexit sha1_base64="ToMVuy4Im+SRo2c3WsODz03jAaE=">AAAB/XicbVBNS8NAEN34WetX/Lh5CRahXkriRY9FLx4r2A9oQtlsJ+3SzSbuToQ2FP+KFw+KePV/ePPfmLQ5aOuDgcd7M8zM82PBNdr2t7Gyura+sVnaKm/v7O7tmweHLR0likGTRSJSHZ9qEFxCEzkK6MQKaOgLaPujm9xvP4LSPJL3OI7BC+lA8oAzipnUM48fXAEBVie9FKau4oMhnpd7ZsWu2TNYy8QpSIUUaPTML7cfsSQEiUxQrbuOHaOXUoWcCZiW3URDTNmIDqCbUUlD0F46u35qnWVK3woilZVEa6b+nkhpqPU49LPOkOJQL3q5+J/XTTC48lIu4wRBsvmiIBEWRlYehdXnChiKcUYoUzy71WJDqijDLLA8BGfx5WXSuqg5ds25syv16yKOEjkhp6RKHHJJ6uSWNEiTMDIhz+SVvBlPxovxbnzMW1eMYuaI/IHx+QMU+5Ty</latexit>

<latexit sha1_base64="rlSdwkSO/kAtEdmSotQFBTmtIQY=">AAACKnicbVDJSgNBFOxxjXGLevQyGAQFCTNe9BgVxIsQwUQhE8KbzpukSc9C95toGOZ7vPgrXjwo4tUPsbOAa0FDddV7dFf5iRSaHOfNmpmdm19YLCwVl1dW19ZLG5sNHaeKY53HMla3PmiUIsI6CZJ4myiE0Jd44/fPRv7NAJUWcXRNwwRbIXQjEQgOZKR26cQjvKesI1TuaRFOboPL89yTGNCedyc62APKvsbyA68PSQKeEt0e7RfbpbJTccaw/xJ3Sspsilq79Ox1Yp6GGBGXoHXTdRJqZaBIcIl50Us1JsD70MWmoRGEqFvZOGpu7xqlYwexMicie6x+38gg1HoY+mYyBOrp395I/M9rphQctzIRJSlhxCcPBam0KbZHvdkmOnKSQ0OAK2H+avMeKOBk2h2V4P6O/Jc0DiuuU3GvnHL1dFpHgW2zHbbHXHbEquyC1VidcfbAntgLe7UerWfrzXqfjM5Y050t9gPWxyfxcqlT</latexit>

To sum that up, we now have a q distribution which looks like this (left)

the magnitude is just a uniform perturbation of zhat's magnitude

and the direction is just a VMF perturbation of zhat's direction


And we will choose our edit prior to look like this, so that it actually concentrates mass near the origin

in particular, we'll draw a random magnitude uniform 0, 10 (guaranteeing spread out magnitudes)

and we'll draw a direction uniformly over the sphere


This new Q function still has all the nice properties that the standard Gaussian would give you


You can still apply the reparameterization trick

and the KL penalty is now a constant



q(z) over edits

<latexit sha1_base64="m2KpyTJyLhKqpYBN2sIVaKT2g0Y=">AAAB+XicbVBNS8NAEN34WetX1KOXxSJ4KokXPRa9eKxgP6ANYbOZtEs3m7C7qdSQf+LFgyJe/Sfe/Ddu2hy09cHA470ZZuYFKWdKO863tba+sbm1Xdup7+7tHxzaR8ddlWSSQocmPJH9gCjgTEBHM82hn0ogccChF0xuS783BalYIh70LAUvJiPBIkaJNpJv28NHFsKY6PzJz6Eo6r7dcJrOHHiVuBVpoApt3/4ahgnNYhCacqLUwHVS7eVEakY5FPVhpiAldEJGMDBUkBiUl88vL/C5UUIcJdKU0Hiu/p7ISazULA5MZ0z0WC17pfifN8h0dO3lTKSZBkEXi6KMY53gMgYcMglU85khhEpmbsV0TCSh2oRVhuAuv7xKupdN12m6906jdVPFUUOn6AxdIBddoRa6Q23UQRRN0TN6RW9Wbr1Y79bHonXNqmZO0B9Ynz/UuJPB</latexit>

<latexit sha1_base64="ToMVuy4Im+SRo2c3WsODz03jAaE=">AAAB/XicbVBNS8NAEN34WetX/Lh5CRahXkriRY9FLx4r2A9oQtlsJ+3SzSbuToQ2FP+KFw+KePV/ePPfmLQ5aOuDgcd7M8zM82PBNdr2t7Gyura+sVnaKm/v7O7tmweHLR0likGTRSJSHZ9qEFxCEzkK6MQKaOgLaPujm9xvP4LSPJL3OI7BC+lA8oAzipnUM48fXAEBVie9FKau4oMhnpd7ZsWu2TNYy8QpSIUUaPTML7cfsSQEiUxQrbuOHaOXUoWcCZiW3URDTNmIDqCbUUlD0F46u35qnWVK3woilZVEa6b+nkhpqPU49LPOkOJQL3q5+J/XTTC48lIu4wRBsvmiIBEWRlYehdXnChiKcUYoUzy71WJDqijDLLA8BGfx5WXSuqg5ds25syv16yKOEjkhp6RKHHJJ6uSWNEiTMDIhz+SVvBlPxovxbnzMW1eMYuaI/IHx+QMU+5Ty</latexit>

<latexit sha1_base64="rlSdwkSO/kAtEdmSotQFBTmtIQY=">AAACKnicbVDJSgNBFOxxjXGLevQyGAQFCTNe9BgVxIsQwUQhE8KbzpukSc9C95toGOZ7vPgrXjwo4tUPsbOAa0FDddV7dFf5iRSaHOfNmpmdm19YLCwVl1dW19ZLG5sNHaeKY53HMla3PmiUIsI6CZJ4myiE0Jd44/fPRv7NAJUWcXRNwwRbIXQjEQgOZKR26cQjvKesI1TuaRFOboPL89yTGNCedyc62APKvsbyA68PSQKeEt0e7RfbpbJTccaw/xJ3Sspsilq79Ox1Yp6GGBGXoHXTdRJqZaBIcIl50Us1JsD70MWmoRGEqFvZOGpu7xqlYwexMicie6x+38gg1HoY+mYyBOrp395I/M9rphQctzIRJSlhxCcPBam0KbZHvdkmOnKSQ0OAK2H+avMeKOBk2h2V4P6O/Jc0DiuuU3GvnHL1dFpHgW2zHbbHXHbEquyC1VidcfbAntgLe7UerWfrzXqfjM5Y050t9gPWxyfxcqlT</latexit>

<latexit sha1_base64="aP23zcbfOSXLD+iXzZ1VCk0T3cA="></latexit>

To sum that up, we now have a q distribution which looks like this (left)

the magnitude is just a uniform perturbation of zhat's magnitude

and the direction is just a VMF perturbation of zhat's direction


And we will choose our edit prior to look like this, so that it actually concentrates mass near the origin

in particular, we'll draw a random magnitude uniform 0, 10 (guaranteeing spread out magnitudes)

and we'll draw a direction uniformly over the sphere


This new Q function still has all the nice properties that the standard Gaussian would give you


You can still apply the reparameterization trick

and the KL penalty is now a constant



q(z) over edits

<latexit sha1_base64="m2KpyTJyLhKqpYBN2sIVaKT2g0Y=">AAAB+XicbVBNS8NAEN34WetX1KOXxSJ4KokXPRa9eKxgP6ANYbOZtEs3m7C7qdSQf+LFgyJe/Sfe/Ddu2hy09cHA470ZZuYFKWdKO863tba+sbm1Xdup7+7tHxzaR8ddlWSSQocmPJH9gCjgTEBHM82hn0ogccChF0xuS783BalYIh70LAUvJiPBIkaJNpJv28NHFsKY6PzJz6Eo6r7dcJrOHHiVuBVpoApt3/4ahgnNYhCacqLUwHVS7eVEakY5FPVhpiAldEJGMDBUkBiUl88vL/C5UUIcJdKU0Hiu/p7ISazULA5MZ0z0WC17pfifN8h0dO3lTKSZBkEXi6KMY53gMgYcMglU85khhEpmbsV0TCSh2oRVhuAuv7xKupdN12m6906jdVPFUUOn6AxdIBddoRa6Q23UQRRN0TN6RW9Wbr1Y79bHonXNqmZO0B9Ynz/UuJPB</latexit>

<latexit sha1_base64="ToMVuy4Im+SRo2c3WsODz03jAaE=">AAAB/XicbVBNS8NAEN34WetX/Lh5CRahXkriRY9FLx4r2A9oQtlsJ+3SzSbuToQ2FP+KFw+KePV/ePPfmLQ5aOuDgcd7M8zM82PBNdr2t7Gyura+sVnaKm/v7O7tmweHLR0likGTRSJSHZ9qEFxCEzkK6MQKaOgLaPujm9xvP4LSPJL3OI7BC+lA8oAzipnUM48fXAEBVie9FKau4oMhnpd7ZsWu2TNYy8QpSIUUaPTML7cfsSQEiUxQrbuOHaOXUoWcCZiW3URDTNmIDqCbUUlD0F46u35qnWVK3woilZVEa6b+nkhpqPU49LPOkOJQL3q5+J/XTTC48lIu4wRBsvmiIBEWRlYehdXnChiKcUYoUzy71WJDqijDLLA8BGfx5WXSuqg5ds25syv16yKOEjkhp6RKHHJJ6uSWNEiTMDIhz+SVvBlPxovxbnzMW1eMYuaI/IHx+QMU+5Ty</latexit>

<latexit sha1_base64="jEci+lUSXN+RGgFCR/iGQpR/zwY=">AAACC3icbVC7TsNAEDzzDOFloKSxEiGFJrJpoIygoQwSeUhxZJ3P6+SU80N3a0Sw3NPwKzQUIETLD9DxN9iJC0gYaaXRzK52d9xYcIWm+a2trK6tb2xWtqrbO7t7+/rBYVdFiWTQYZGIZN+lCgQPoYMcBfRjCTRwBfTcyVXh9+5AKh6FtziNYRjQUch9zijmkqPXYie1Ee4xBY9jltkCfGw8OClktuSjMZ5WHb1uNs0ZjGVilaROSrQd/cv2IpYEECITVKmBZcY4TKlEzgRkVTtREFM2oSMY5DSkAahhOvslM05yxTP8SOYVojFTf0+kNFBqGrh5Z0BxrBa9QvzPGyToXwxTHsYJQsjmi/xEGBgZRTCGxyUwFNOcUCZ5fqvBxlRShnl8RQjW4svLpHvWtMymdWPWW5dlHBVyTGqkQSxyTlrkmrRJhzDySJ7JK3nTnrQX7V37mLeuaOXMEfkD7fMH9q6bkw==</latexit>

<latexit sha1_base64="rlSdwkSO/kAtEdmSotQFBTmtIQY=">AAACKnicbVDJSgNBFOxxjXGLevQyGAQFCTNe9BgVxIsQwUQhE8KbzpukSc9C95toGOZ7vPgrXjwo4tUPsbOAa0FDddV7dFf5iRSaHOfNmpmdm19YLCwVl1dW19ZLG5sNHaeKY53HMla3PmiUIsI6CZJ4myiE0Jd44/fPRv7NAJUWcXRNwwRbIXQjEQgOZKR26cQjvKesI1TuaRFOboPL89yTGNCedyc62APKvsbyA68PSQKeEt0e7RfbpbJTccaw/xJ3Sspsilq79Ox1Yp6GGBGXoHXTdRJqZaBIcIl50Us1JsD70MWmoRGEqFvZOGpu7xqlYwexMicie6x+38gg1HoY+mYyBOrp395I/M9rphQctzIRJSlhxCcPBam0KbZHvdkmOnKSQ0OAK2H+avMeKOBk2h2V4P6O/Jc0DiuuU3GvnHL1dFpHgW2zHbbHXHbEquyC1VidcfbAntgLe7UerWfrzXqfjM5Y050t9gPWxyfxcqlT</latexit>

<latexit sha1_base64="aP23zcbfOSXLD+iXzZ1VCk0T3cA="></latexit>

To sum that up, we now have a q distribution which looks like this (left)

the magnitude is just a uniform perturbation of zhat's magnitude

and the direction is just a VMF perturbation of zhat's direction


And we will choose our edit prior to look like this, so that it actually concentrates mass near the origin

in particular, we'll draw a random magnitude uniform 0, 10 (guaranteeing spread out magnitudes)

and we'll draw a direction uniformly over the sphere


This new Q function still has all the nice properties that the standard Gaussian would give you


You can still apply the reparameterization trick

and the KL penalty is now a constant



q(z) over edits

<latexit sha1_base64="m2KpyTJyLhKqpYBN2sIVaKT2g0Y=">AAAB+XicbVBNS8NAEN34WetX1KOXxSJ4KokXPRa9eKxgP6ANYbOZtEs3m7C7qdSQf+LFgyJe/Sfe/Ddu2hy09cHA470ZZuYFKWdKO863tba+sbm1Xdup7+7tHxzaR8ddlWSSQocmPJH9gCjgTEBHM82hn0ogccChF0xuS783BalYIh70LAUvJiPBIkaJNpJv28NHFsKY6PzJz6Eo6r7dcJrOHHiVuBVpoApt3/4ahgnNYhCacqLUwHVS7eVEakY5FPVhpiAldEJGMDBUkBiUl88vL/C5UUIcJdKU0Hiu/p7ISazULA5MZ0z0WC17pfifN8h0dO3lTKSZBkEXi6KMY53gMgYcMglU85khhEpmbsV0TCSh2oRVhuAuv7xKupdN12m6906jdVPFUUOn6AxdIBddoRa6Q23UQRRN0TN6RW9Wbr1Y79bHonXNqmZO0B9Ynz/UuJPB</latexit>

<latexit sha1_base64="ToMVuy4Im+SRo2c3WsODz03jAaE=">AAAB/XicbVBNS8NAEN34WetX/Lh5CRahXkriRY9FLx4r2A9oQtlsJ+3SzSbuToQ2FP+KFw+KePV/ePPfmLQ5aOuDgcd7M8zM82PBNdr2t7Gyura+sVnaKm/v7O7tmweHLR0likGTRSJSHZ9qEFxCEzkK6MQKaOgLaPujm9xvP4LSPJL3OI7BC+lA8oAzipnUM48fXAEBVie9FKau4oMhnpd7ZsWu2TNYy8QpSIUUaPTML7cfsSQEiUxQrbuOHaOXUoWcCZiW3URDTNmIDqCbUUlD0F46u35qnWVK3woilZVEa6b+nkhpqPU49LPOkOJQL3q5+J/XTTC48lIu4wRBsvmiIBEWRlYehdXnChiKcUYoUzy71WJDqijDLLA8BGfx5WXSuqg5ds25syv16yKOEjkhp6RKHHJJ6uSWNEiTMDIhz+SVvBlPxovxbnzMW1eMYuaI/IHx+QMU+5Ty</latexit>

<latexit sha1_base64="jEci+lUSXN+RGgFCR/iGQpR/zwY=">AAACC3icbVC7TsNAEDzzDOFloKSxEiGFJrJpoIygoQwSeUhxZJ3P6+SU80N3a0Sw3NPwKzQUIETLD9DxN9iJC0gYaaXRzK52d9xYcIWm+a2trK6tb2xWtqrbO7t7+/rBYVdFiWTQYZGIZN+lCgQPoYMcBfRjCTRwBfTcyVXh9+5AKh6FtziNYRjQUch9zijmkqPXYie1Ee4xBY9jltkCfGw8OClktuSjMZ5WHb1uNs0ZjGVilaROSrQd/cv2IpYEECITVKmBZcY4TKlEzgRkVTtREFM2oSMY5DSkAahhOvslM05yxTP8SOYVojFTf0+kNFBqGrh5Z0BxrBa9QvzPGyToXwxTHsYJQsjmi/xEGBgZRTCGxyUwFNOcUCZ5fqvBxlRShnl8RQjW4svLpHvWtMymdWPWW5dlHBVyTGqkQSxyTlrkmrRJhzDySJ7JK3nTnrQX7V37mLeuaOXMEfkD7fMH9q6bkw==</latexit>

<latexit sha1_base64="hRZ7drrK7YGK5TI/Bx7hs6jLXBw=">AAACEHicbVC7TsMwFHXKq5RXgJHFokIwVQkLjBUsjEWiD6mNKse9aa06D9k3iCrqJ7DwKywMIMTKyMbf4LQZoOVKlo7POffa9/iJFBod59sqrayurW+UNytb2zu7e/b+QUvHqeLQ5LGMVcdnGqSIoIkCJXQSBSz0JbT98XWut+9BaRFHdzhJwAvZMBKB4AwN1bdPewgPmA2Emva0COe31DhqNDZ9VCcjUDCt9O2qU3NmRZeBW4AqKarRt796g5inIUTIJdO66zoJehlTKLg0A3uphoTxMRtC18CIhaC9bLbQlJ4YZkCDWJkTIZ2xvzsyFmo9CX3jDBmO9KKWk/9p3RSDSy8TUZIiRHz+UJBKijHN06EmB+AoJwYwroT5K+UjphhHk2Eegru48jJonddcp+beOtX6VRFHmRyRY3JGXHJB6uSGNEiTcPJInskrebOerBfr3fqYW0tW0XNI/pT1+QPhEp2w</latexit>

<latexit sha1_base64="rlSdwkSO/kAtEdmSotQFBTmtIQY=">AAACKnicbVDJSgNBFOxxjXGLevQyGAQFCTNe9BgVxIsQwUQhE8KbzpukSc9C95toGOZ7vPgrXjwo4tUPsbOAa0FDddV7dFf5iRSaHOfNmpmdm19YLCwVl1dW19ZLG5sNHaeKY53HMla3PmiUIsI6CZJ4myiE0Jd44/fPRv7NAJUWcXRNwwRbIXQjEQgOZKR26cQjvKesI1TuaRFOboPL89yTGNCedyc62APKvsbyA68PSQKeEt0e7RfbpbJTccaw/xJ3Sspsilq79Ox1Yp6GGBGXoHXTdRJqZaBIcIl50Us1JsD70MWmoRGEqFvZOGpu7xqlYwexMicie6x+38gg1HoY+mYyBOrp395I/M9rphQctzIRJSlhxCcPBam0KbZHvdkmOnKSQ0OAK2H+avMeKOBk2h2V4P6O/Jc0DiuuU3GvnHL1dFpHgW2zHbbHXHbEquyC1VidcfbAntgLe7UerWfrzXqfjM5Y050t9gPWxyfxcqlT</latexit>

<latexit sha1_base64="aP23zcbfOSXLD+iXzZ1VCk0T3cA="></latexit>

To sum that up, we now have a q distribution which looks like this (left)

the magnitude is just a uniform perturbation of zhat's magnitude

and the direction is just a VMF perturbation of zhat's direction


And we will choose our edit prior to look like this, so that it actually concentrates mass near the origin

in particular, we'll draw a random magnitude uniform 0, 10 (guaranteeing spread out magnitudes)

and we'll draw a direction uniformly over the sphere


This new Q function still has all the nice properties that the standard Gaussian would give you


You can still apply the reparameterization trick

and the KL penalty is now a constant



q(z) over edits

<latexit sha1_base64="m2KpyTJyLhKqpYBN2sIVaKT2g0Y=">AAAB+XicbVBNS8NAEN34WetX1KOXxSJ4KokXPRa9eKxgP6ANYbOZtEs3m7C7qdSQf+LFgyJe/Sfe/Ddu2hy09cHA470ZZuYFKWdKO863tba+sbm1Xdup7+7tHxzaR8ddlWSSQocmPJH9gCjgTEBHM82hn0ogccChF0xuS783BalYIh70LAUvJiPBIkaJNpJv28NHFsKY6PzJz6Eo6r7dcJrOHHiVuBVpoApt3/4ahgnNYhCacqLUwHVS7eVEakY5FPVhpiAldEJGMDBUkBiUl88vL/C5UUIcJdKU0Hiu/p7ISazULA5MZ0z0WC17pfifN8h0dO3lTKSZBkEXi6KMY53gMgYcMglU85khhEpmbsV0TCSh2oRVhuAuv7xKupdN12m6906jdVPFUUOn6AxdIBddoRa6Q23UQRRN0TN6RW9Wbr1Y79bHonXNqmZO0B9Ynz/UuJPB</latexit>

<latexit sha1_base64="ToMVuy4Im+SRo2c3WsODz03jAaE=">AAAB/XicbVBNS8NAEN34WetX/Lh5CRahXkriRY9FLx4r2A9oQtlsJ+3SzSbuToQ2FP+KFw+KePV/ePPfmLQ5aOuDgcd7M8zM82PBNdr2t7Gyura+sVnaKm/v7O7tmweHLR0likGTRSJSHZ9qEFxCEzkK6MQKaOgLaPujm9xvP4LSPJL3OI7BC+lA8oAzipnUM48fXAEBVie9FKau4oMhnpd7ZsWu2TNYy8QpSIUUaPTML7cfsSQEiUxQrbuOHaOXUoWcCZiW3URDTNmIDqCbUUlD0F46u35qnWVK3woilZVEa6b+nkhpqPU49LPOkOJQL3q5+J/XTTC48lIu4wRBsvmiIBEWRlYehdXnChiKcUYoUzy71WJDqijDLLA8BGfx5WXSuqg5ds25syv16yKOEjkhp6RKHHJJ6uSWNEiTMDIhz+SVvBlPxovxbnzMW1eMYuaI/IHx+QMU+5Ty</latexit>

<latexit sha1_base64="jEci+lUSXN+RGgFCR/iGQpR/zwY=">AAACC3icbVC7TsNAEDzzDOFloKSxEiGFJrJpoIygoQwSeUhxZJ3P6+SU80N3a0Sw3NPwKzQUIETLD9DxN9iJC0gYaaXRzK52d9xYcIWm+a2trK6tb2xWtqrbO7t7+/rBYVdFiWTQYZGIZN+lCgQPoYMcBfRjCTRwBfTcyVXh9+5AKh6FtziNYRjQUch9zijmkqPXYie1Ee4xBY9jltkCfGw8OClktuSjMZ5WHb1uNs0ZjGVilaROSrQd/cv2IpYEECITVKmBZcY4TKlEzgRkVTtREFM2oSMY5DSkAahhOvslM05yxTP8SOYVojFTf0+kNFBqGrh5Z0BxrBa9QvzPGyToXwxTHsYJQsjmi/xEGBgZRTCGxyUwFNOcUCZ5fqvBxlRShnl8RQjW4svLpHvWtMymdWPWW5dlHBVyTGqkQSxyTlrkmrRJhzDySJ7JK3nTnrQX7V37mLeuaOXMEfkD7fMH9q6bkw==</latexit>

<latexit sha1_base64="hRZ7drrK7YGK5TI/Bx7hs6jLXBw=">AAACEHicbVC7TsMwFHXKq5RXgJHFokIwVQkLjBUsjEWiD6mNKse9aa06D9k3iCrqJ7DwKywMIMTKyMbf4LQZoOVKlo7POffa9/iJFBod59sqrayurW+UNytb2zu7e/b+QUvHqeLQ5LGMVcdnGqSIoIkCJXQSBSz0JbT98XWut+9BaRFHdzhJwAvZMBKB4AwN1bdPewgPmA2Emva0COe31DhqNDZ9VCcjUDCt9O2qU3NmRZeBW4AqKarRt796g5inIUTIJdO66zoJehlTKLg0A3uphoTxMRtC18CIhaC9bLbQlJ4YZkCDWJkTIZ2xvzsyFmo9CX3jDBmO9KKWk/9p3RSDSy8TUZIiRHz+UJBKijHN06EmB+AoJwYwroT5K+UjphhHk2Eegru48jJonddcp+beOtX6VRFHmRyRY3JGXHJB6uSGNEiTcPJInskrebOerBfr3fqYW0tW0XNI/pT1+QPhEp2w</latexit>

<latexit sha1_base64="XrtabsJEfxp1ui89+FjbmyD8s1A=">AAACFnicbVC7TsMwFHXKq5RXgJElokVigCrpAmMFC2OR6ENqospxb1qrzkP2DaKK+hUs/AoLAwixIjb+BrfNAC1HsnR8zrmy7/ETwRXa9rdRWFldW98obpa2tnd298z9g5aKU8mgyWIRy45PFQgeQRM5CugkEmjoC2j7o+up374HqXgc3eE4AS+kg4gHnFHUUs88r7gID5hpeeIqHs5vTR2ZuAIC7Npnju1KPhiiVyn1zLJdtWewlomTkzLJ0eiZX24/ZmkIETJBleo6doJeRiVyJmBSclMFCWUjOoCuphENQXnZbK2JdaKVvhXEUp8IrZn6eyKjoVLj0NfJkOJQLXpT8T+vm2Jw6WU8SlKEiM0fClJhYWxNO7L6XAJDMdaEMsn1Xy02pJIy1E1OS3AWV14mrVrVsavOba1cv8rrKJIjckxOiUMuSJ3ckAZpEkYeyTN5JW/Gk/FivBsf82jByGcOyR8Ynz8yRJ9R</latexit>

<latexit sha1_base64="rlSdwkSO/kAtEdmSotQFBTmtIQY=">AAACKnicbVDJSgNBFOxxjXGLevQyGAQFCTNe9BgVxIsQwUQhE8KbzpukSc9C95toGOZ7vPgrXjwo4tUPsbOAa0FDddV7dFf5iRSaHOfNmpmdm19YLCwVl1dW19ZLG5sNHaeKY53HMla3PmiUIsI6CZJ4myiE0Jd44/fPRv7NAJUWcXRNwwRbIXQjEQgOZKR26cQjvKesI1TuaRFOboPL89yTGNCedyc62APKvsbyA68PSQKeEt0e7RfbpbJTccaw/xJ3Sspsilq79Ox1Yp6GGBGXoHXTdRJqZaBIcIl50Us1JsD70MWmoRGEqFvZOGpu7xqlYwexMicie6x+38gg1HoY+mYyBOrp395I/M9rphQctzIRJSlhxCcPBam0KbZHvdkmOnKSQ0OAK2H+avMeKOBk2h2V4P6O/Jc0DiuuU3GvnHL1dFpHgW2zHbbHXHbEquyC1VidcfbAntgLe7UerWfrzXqfjM5Y050t9gPWxyfxcqlT</latexit>

<latexit sha1_base64="aP23zcbfOSXLD+iXzZ1VCk0T3cA="></latexit>

To sum that up, we now have a q distribution which looks like this (left)

the magnitude is just a uniform perturbation of zhat's magnitude

and the direction is just a VMF perturbation of zhat's direction


And we will choose our edit prior to look like this, so that it actually concentrates mass near the origin

in particular, we'll draw a random magnitude uniform 0, 10 (guaranteeing spread out magnitudes)

and we'll draw a direction uniformly over the sphere


This new Q function still has all the nice properties that the standard Gaussian would give you


You can still apply the reparameterization trick

and the KL penalty is now a constant



q(z) over edits

<latexit sha1_base64="m2KpyTJyLhKqpYBN2sIVaKT2g0Y=">AAAB+XicbVBNS8NAEN34WetX1KOXxSJ4KokXPRa9eKxgP6ANYbOZtEs3m7C7qdSQf+LFgyJe/Sfe/Ddu2hy09cHA470ZZuYFKWdKO863tba+sbm1Xdup7+7tHxzaR8ddlWSSQocmPJH9gCjgTEBHM82hn0ogccChF0xuS783BalYIh70LAUvJiPBIkaJNpJv28NHFsKY6PzJz6Eo6r7dcJrOHHiVuBVpoApt3/4ahgnNYhCacqLUwHVS7eVEakY5FPVhpiAldEJGMDBUkBiUl88vL/C5UUIcJdKU0Hiu/p7ISazULA5MZ0z0WC17pfifN8h0dO3lTKSZBkEXi6KMY53gMgYcMglU85khhEpmbsV0TCSh2oRVhuAuv7xKupdN12m6906jdVPFUUOn6AxdIBddoRa6Q23UQRRN0TN6RW9Wbr1Y79bHonXNqmZO0B9Ynz/UuJPB</latexit>

<latexit sha1_base64="ToMVuy4Im+SRo2c3WsODz03jAaE=">AAAB/XicbVBNS8NAEN34WetX/Lh5CRahXkriRY9FLx4r2A9oQtlsJ+3SzSbuToQ2FP+KFw+KePV/ePPfmLQ5aOuDgcd7M8zM82PBNdr2t7Gyura+sVnaKm/v7O7tmweHLR0likGTRSJSHZ9qEFxCEzkK6MQKaOgLaPujm9xvP4LSPJL3OI7BC+lA8oAzipnUM48fXAEBVie9FKau4oMhnpd7ZsWu2TNYy8QpSIUUaPTML7cfsSQEiUxQrbuOHaOXUoWcCZiW3URDTNmIDqCbUUlD0F46u35qnWVK3woilZVEa6b+nkhpqPU49LPOkOJQL3q5+J/XTTC48lIu4wRBsvmiIBEWRlYehdXnChiKcUYoUzy71WJDqijDLLA8BGfx5WXSuqg5ds25syv16yKOEjkhp6RKHHJJ6uSWNEiTMDIhz+SVvBlPxovxbnzMW1eMYuaI/IHx+QMU+5Ty</latexit>

ELBO  =  reconstruction_cost      -     KL_penalty

<latexit sha1_base64="jEci+lUSXN+RGgFCR/iGQpR/zwY=">AAACC3icbVC7TsNAEDzzDOFloKSxEiGFJrJpoIygoQwSeUhxZJ3P6+SU80N3a0Sw3NPwKzQUIETLD9DxN9iJC0gYaaXRzK52d9xYcIWm+a2trK6tb2xWtqrbO7t7+/rBYVdFiWTQYZGIZN+lCgQPoYMcBfRjCTRwBfTcyVXh9+5AKh6FtziNYRjQUch9zijmkqPXYie1Ee4xBY9jltkCfGw8OClktuSjMZ5WHb1uNs0ZjGVilaROSrQd/cv2IpYEECITVKmBZcY4TKlEzgRkVTtREFM2oSMY5DSkAahhOvslM05yxTP8SOYVojFTf0+kNFBqGrh5Z0BxrBa9QvzPGyToXwxTHsYJQsjmi/xEGBgZRTCGxyUwFNOcUCZ5fqvBxlRShnl8RQjW4svLpHvWtMymdWPWW5dlHBVyTGqkQSxyTlrkmrRJhzDySJ7JK3nTnrQX7V37mLeuaOXMEfkD7fMH9q6bkw==</latexit>

<latexit sha1_base64="hRZ7drrK7YGK5TI/Bx7hs6jLXBw=">AAACEHicbVC7TsMwFHXKq5RXgJHFokIwVQkLjBUsjEWiD6mNKse9aa06D9k3iCrqJ7DwKywMIMTKyMbf4LQZoOVKlo7POffa9/iJFBod59sqrayurW+UNytb2zu7e/b+QUvHqeLQ5LGMVcdnGqSIoIkCJXQSBSz0JbT98XWut+9BaRFHdzhJwAvZMBKB4AwN1bdPewgPmA2Emva0COe31DhqNDZ9VCcjUDCt9O2qU3NmRZeBW4AqKarRt796g5inIUTIJdO66zoJehlTKLg0A3uphoTxMRtC18CIhaC9bLbQlJ4YZkCDWJkTIZ2xvzsyFmo9CX3jDBmO9KKWk/9p3RSDSy8TUZIiRHz+UJBKijHN06EmB+AoJwYwroT5K+UjphhHk2Eegru48jJonddcp+beOtX6VRFHmRyRY3JGXHJB6uSGNEiTcPJInskrebOerBfr3fqYW0tW0XNI/pT1+QPhEp2w</latexit>

<latexit sha1_base64="XrtabsJEfxp1ui89+FjbmyD8s1A=">AAACFnicbVC7TsMwFHXKq5RXgJElokVigCrpAmMFC2OR6ENqospxb1qrzkP2DaKK+hUs/AoLAwixIjb+BrfNAC1HsnR8zrmy7/ETwRXa9rdRWFldW98obpa2tnd298z9g5aKU8mgyWIRy45PFQgeQRM5CugkEmjoC2j7o+up374HqXgc3eE4AS+kg4gHnFHUUs88r7gID5hpeeIqHs5vTR2ZuAIC7Npnju1KPhiiVyn1zLJdtWewlomTkzLJ0eiZX24/ZmkIETJBleo6doJeRiVyJmBSclMFCWUjOoCuphENQXnZbK2JdaKVvhXEUp8IrZn6eyKjoVLj0NfJkOJQLXpT8T+vm2Jw6WU8SlKEiM0fClJhYWxNO7L6XAJDMdaEMsn1Xy02pJIy1E1OS3AWV14mrVrVsavOba1cv8rrKJIjckxOiUMuSJ3ckAZpEkYeyTN5JW/Gk/FivBsf82jByGcOyR8Ynz8yRJ9R</latexit>

<latexit sha1_base64="rlSdwkSO/kAtEdmSotQFBTmtIQY=">AAACKnicbVDJSgNBFOxxjXGLevQyGAQFCTNe9BgVxIsQwUQhE8KbzpukSc9C95toGOZ7vPgrXjwo4tUPsbOAa0FDddV7dFf5iRSaHOfNmpmdm19YLCwVl1dW19ZLG5sNHaeKY53HMla3PmiUIsI6CZJ4myiE0Jd44/fPRv7NAJUWcXRNwwRbIXQjEQgOZKR26cQjvKesI1TuaRFOboPL89yTGNCedyc62APKvsbyA68PSQKeEt0e7RfbpbJTccaw/xJ3Sspsilq79Ox1Yp6GGBGXoHXTdRJqZaBIcIl50Us1JsD70MWmoRGEqFvZOGpu7xqlYwexMicie6x+38gg1HoY+mYyBOrp395I/M9rphQctzIRJSlhxCcPBam0KbZHvdkmOnKSQ0OAK2H+avMeKOBk2h2V4P6O/Jc0DiuuU3GvnHL1dFpHgW2zHbbHXHbEquyC1VidcfbAntgLe7UerWfrzXqfjM5Y050t9gPWxyfxcqlT</latexit>

<latexit sha1_base64="aP23zcbfOSXLD+iXzZ1VCk0T3cA="></latexit>

To sum that up, we now have a q distribution which looks like this (left)

the magnitude is just a uniform perturbation of zhat's magnitude

and the direction is just a VMF perturbation of zhat's direction


And we will choose our edit prior to look like this, so that it actually concentrates mass near the origin

in particular, we'll draw a random magnitude uniform 0, 10 (guaranteeing spread out magnitudes)

and we'll draw a direction uniformly over the sphere


This new Q function still has all the nice properties that the standard Gaussian would give you


You can still apply the reparameterization trick

and the KL penalty is now a constant



q(z) over edits

<latexit sha1_base64="m2KpyTJyLhKqpYBN2sIVaKT2g0Y=">AAAB+XicbVBNS8NAEN34WetX1KOXxSJ4KokXPRa9eKxgP6ANYbOZtEs3m7C7qdSQf+LFgyJe/Sfe/Ddu2hy09cHA470ZZuYFKWdKO863tba+sbm1Xdup7+7tHxzaR8ddlWSSQocmPJH9gCjgTEBHM82hn0ogccChF0xuS783BalYIh70LAUvJiPBIkaJNpJv28NHFsKY6PzJz6Eo6r7dcJrOHHiVuBVpoApt3/4ahgnNYhCacqLUwHVS7eVEakY5FPVhpiAldEJGMDBUkBiUl88vL/C5UUIcJdKU0Hiu/p7ISazULA5MZ0z0WC17pfifN8h0dO3lTKSZBkEXi6KMY53gMgYcMglU85khhEpmbsV0TCSh2oRVhuAuv7xKupdN12m6906jdVPFUUOn6AxdIBddoRa6Q23UQRRN0TN6RW9Wbr1Y79bHonXNqmZO0B9Ynz/UuJPB</latexit>

<latexit sha1_base64="ToMVuy4Im+SRo2c3WsODz03jAaE=">AAAB/XicbVBNS8NAEN34WetX/Lh5CRahXkriRY9FLx4r2A9oQtlsJ+3SzSbuToQ2FP+KFw+KePV/ePPfmLQ5aOuDgcd7M8zM82PBNdr2t7Gyura+sVnaKm/v7O7tmweHLR0likGTRSJSHZ9qEFxCEzkK6MQKaOgLaPujm9xvP4LSPJL3OI7BC+lA8oAzipnUM48fXAEBVie9FKau4oMhnpd7ZsWu2TNYy8QpSIUUaPTML7cfsSQEiUxQrbuOHaOXUoWcCZiW3URDTNmIDqCbUUlD0F46u35qnWVK3woilZVEa6b+nkhpqPU49LPOkOJQL3q5+J/XTTC48lIu4wRBsvmiIBEWRlYehdXnChiKcUYoUzy71WJDqijDLLA8BGfx5WXSuqg5ds25syv16yKOEjkhp6RKHHJJ6uSWNEiTMDIhz+SVvBlPxovxbnzMW1eMYuaI/IHx+QMU+5Ty</latexit>

reparameterization trick (VAEs)
ELBO  =  reconstruction_cost      -     KL_penalty

<latexit sha1_base64="jEci+lUSXN+RGgFCR/iGQpR/zwY=">AAACC3icbVC7TsNAEDzzDOFloKSxEiGFJrJpoIygoQwSeUhxZJ3P6+SU80N3a0Sw3NPwKzQUIETLD9DxN9iJC0gYaaXRzK52d9xYcIWm+a2trK6tb2xWtqrbO7t7+/rBYVdFiWTQYZGIZN+lCgQPoYMcBfRjCTRwBfTcyVXh9+5AKh6FtziNYRjQUch9zijmkqPXYie1Ee4xBY9jltkCfGw8OClktuSjMZ5WHb1uNs0ZjGVilaROSrQd/cv2IpYEECITVKmBZcY4TKlEzgRkVTtREFM2oSMY5DSkAahhOvslM05yxTP8SOYVojFTf0+kNFBqGrh5Z0BxrBa9QvzPGyToXwxTHsYJQsjmi/xEGBgZRTCGxyUwFNOcUCZ5fqvBxlRShnl8RQjW4svLpHvWtMymdWPWW5dlHBVyTGqkQSxyTlrkmrRJhzDySJ7JK3nTnrQX7V37mLeuaOXMEfkD7fMH9q6bkw==</latexit>

<latexit sha1_base64="hRZ7drrK7YGK5TI/Bx7hs6jLXBw=">AAACEHicbVC7TsMwFHXKq5RXgJHFokIwVQkLjBUsjEWiD6mNKse9aa06D9k3iCrqJ7DwKywMIMTKyMbf4LQZoOVKlo7POffa9/iJFBod59sqrayurW+UNytb2zu7e/b+QUvHqeLQ5LGMVcdnGqSIoIkCJXQSBSz0JbT98XWut+9BaRFHdzhJwAvZMBKB4AwN1bdPewgPmA2Emva0COe31DhqNDZ9VCcjUDCt9O2qU3NmRZeBW4AqKarRt796g5inIUTIJdO66zoJehlTKLg0A3uphoTxMRtC18CIhaC9bLbQlJ4YZkCDWJkTIZ2xvzsyFmo9CX3jDBmO9KKWk/9p3RSDSy8TUZIiRHz+UJBKijHN06EmB+AoJwYwroT5K+UjphhHk2Eegru48jJonddcp+beOtX6VRFHmRyRY3JGXHJB6uSGNEiTcPJInskrebOerBfr3fqYW0tW0XNI/pT1+QPhEp2w</latexit>

<latexit sha1_base64="XrtabsJEfxp1ui89+FjbmyD8s1A=">AAACFnicbVC7TsMwFHXKq5RXgJElokVigCrpAmMFC2OR6ENqospxb1qrzkP2DaKK+hUs/AoLAwixIjb+BrfNAC1HsnR8zrmy7/ETwRXa9rdRWFldW98obpa2tnd298z9g5aKU8mgyWIRy45PFQgeQRM5CugkEmjoC2j7o+up374HqXgc3eE4AS+kg4gHnFHUUs88r7gID5hpeeIqHs5vTR2ZuAIC7Npnju1KPhiiVyn1zLJdtWewlomTkzLJ0eiZX24/ZmkIETJBleo6doJeRiVyJmBSclMFCWUjOoCuphENQXnZbK2JdaKVvhXEUp8IrZn6eyKjoVLj0NfJkOJQLXpT8T+vm2Jw6WU8SlKEiM0fClJhYWxNO7L6XAJDMdaEMsn1Xy02pJIy1E1OS3AWV14mrVrVsavOba1cv8rrKJIjckxOiUMuSJ3ckAZpEkYeyTN5JW/Gk/FivBsf82jByGcOyR8Ynz8yRJ9R</latexit>

<latexit sha1_base64="rlSdwkSO/kAtEdmSotQFBTmtIQY=">AAACKnicbVDJSgNBFOxxjXGLevQyGAQFCTNe9BgVxIsQwUQhE8KbzpukSc9C95toGOZ7vPgrXjwo4tUPsbOAa0FDddV7dFf5iRSaHOfNmpmdm19YLCwVl1dW19ZLG5sNHaeKY53HMla3PmiUIsI6CZJ4myiE0Jd44/fPRv7NAJUWcXRNwwRbIXQjEQgOZKR26cQjvKesI1TuaRFOboPL89yTGNCedyc62APKvsbyA68PSQKeEt0e7RfbpbJTccaw/xJ3Sspsilq79Ox1Yp6GGBGXoHXTdRJqZaBIcIl50Us1JsD70MWmoRGEqFvZOGpu7xqlYwexMicie6x+38gg1HoY+mYyBOrp395I/M9rphQctzIRJSlhxCcPBam0KbZHvdkmOnKSQ0OAK2H+avMeKOBk2h2V4P6O/Jc0DiuuU3GvnHL1dFpHgW2zHbbHXHbEquyC1VidcfbAntgLe7UerWfrzXqfjM5Y050t9gPWxyfxcqlT</latexit>

<latexit sha1_base64="aP23zcbfOSXLD+iXzZ1VCk0T3cA="></latexit>

To sum that up, we now have a q distribution which looks like this (left)

the magnitude is just a uniform perturbation of zhat's magnitude

and the direction is just a VMF perturbation of zhat's direction


And we will choose our edit prior to look like this, so that it actually concentrates mass near the origin

in particular, we'll draw a random magnitude uniform 0, 10 (guaranteeing spread out magnitudes)

and we'll draw a direction uniformly over the sphere


This new Q function still has all the nice properties that the standard Gaussian would give you


You can still apply the reparameterization trick

and the KL penalty is now a constant



q(z) over edits

<latexit sha1_base64="m2KpyTJyLhKqpYBN2sIVaKT2g0Y=">AAAB+XicbVBNS8NAEN34WetX1KOXxSJ4KokXPRa9eKxgP6ANYbOZtEs3m7C7qdSQf+LFgyJe/Sfe/Ddu2hy09cHA470ZZuYFKWdKO863tba+sbm1Xdup7+7tHxzaR8ddlWSSQocmPJH9gCjgTEBHM82hn0ogccChF0xuS783BalYIh70LAUvJiPBIkaJNpJv28NHFsKY6PzJz6Eo6r7dcJrOHHiVuBVpoApt3/4ahgnNYhCacqLUwHVS7eVEakY5FPVhpiAldEJGMDBUkBiUl88vL/C5UUIcJdKU0Hiu/p7ISazULA5MZ0z0WC17pfifN8h0dO3lTKSZBkEXi6KMY53gMgYcMglU85khhEpmbsV0TCSh2oRVhuAuv7xKupdN12m6906jdVPFUUOn6AxdIBddoRa6Q23UQRRN0TN6RW9Wbr1Y79bHonXNqmZO0B9Ynz/UuJPB</latexit>
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To sum that up, we now have a q distribution which looks like this (left)

the magnitude is just a uniform perturbation of zhat's magnitude

and the direction is just a VMF perturbation of zhat's direction


And we will choose our edit prior to look like this, so that it actually concentrates mass near the origin

in particular, we'll draw a random magnitude uniform 0, 10 (guaranteeing spread out magnitudes)

and we'll draw a direction uniformly over the sphere


This new Q function still has all the nice properties that the standard Gaussian would give you


You can still apply the reparameterization trick

and the KL penalty is now a constant



q(z) over edits
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reparameterization trick (VAEs) just a constant

computationally tractable

ELBO  =  reconstruction_cost      -     KL_penalty
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To sum that up, we now have a q distribution which looks like this (left)

the magnitude is just a uniform perturbation of zhat's magnitude

and the direction is just a VMF perturbation of zhat's direction


And we will choose our edit prior to look like this, so that it actually concentrates mass near the origin

in particular, we'll draw a random magnitude uniform 0, 10 (guaranteeing spread out magnitudes)

and we'll draw a direction uniformly over the sphere


This new Q function still has all the nice properties that the standard Gaussian would give you


You can still apply the reparameterization trick

and the KL penalty is now a constant
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y = output sentence    zp = prototype sentence    ze = edit vector

Summary of training
• Build a training set of lexically similar sentence pairs (zp, y)

• For each pair of sentences (zp, y)

1. identify words that differ between zp and y

2. embed those words into a vector

3. add noise to get edit vector ze

4. train seq2seq mapping (zp, ze) —> y
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That was a lot of lower bounds, but I want to emphasize that the final training procedure is fairly straightforward.



y = output sentence    zp = prototype sentence    ze = edit vector

Summary of training
• Build a training set of lexically similar sentence pairs (zp, y)

• For each pair of sentences (zp, y)

1. identify words that differ between zp and y

2. embed those words into a vector

3. add noise to get edit vector ze

4. train seq2seq mapping (zp, ze) —> y

5. update q(ze)
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That was a lot of lower bounds, but I want to emphasize that the final training procedure is fairly straightforward.



\end{Approach}



\begin{Results}

Now we can see how this stuff actually works.



Before diving into the results, I want to show you some raw generations from the model.


Note that these are just for randomly sampled edit vectors.


Later on, we will consider edit vectors that we directly control, which allow for more precise editing behavior.
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Before diving into the results, I want to show you some raw generations from the model.


Note that these are just for randomly sampled edit vectors.


Later on, we will consider edit vectors that we directly control, which allow for more precise editing behavior.



Prototype  zp Output  y(random edit vector)

Before diving into the results, I want to show you some raw generations from the model.


Note that these are just for randomly sampled edit vectors.


Later on, we will consider edit vectors that we directly control, which allow for more precise editing behavior.



Overview of results
• More diverse generations

• Higher quality generations

• Better perplexity (BillionWord, Yelp reviews)

• Edits are semantically meaningful
• preserve semantic similarity 
• can be used to perform sentence-level analogies

Here is the summary of the results I showed you earlier


We're going to start with semantics, because that is most interesting.




Overview of results
• More diverse generations

• Higher quality generations

• Better perplexity (BillionWord, Yelp reviews)

• Edits are semantically meaningful
• preserve semantic similarity 
• can be used to perform sentence-level analogies

Here is the summary of the results I showed you earlier


We're going to start with semantics, because that is most interesting.




y = output sentence    zp = prototype sentence    ze = edit vector

Edits are semantically meaningful
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As described earlier, one sub-component of our model is an editor, which transforms one sentence into another.


A cool feature is that we can actually plug in any edit vector we want, and control the direction of the edits.


Up next, I'll be seeing just how much control we have.



y = output sentence    zp = prototype sentence    ze = edit vector

Edits are semantically meaningful
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As described earlier, one sub-component of our model is an editor, which transforms one sentence into another.


A cool feature is that we can actually plug in any edit vector we want, and control the direction of the edits.


Up next, I'll be seeing just how much control we have.
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plug in your own edit vector!semantic control

As described earlier, one sub-component of our model is an editor, which transforms one sentence into another.


A cool feature is that we can actually plug in any edit vector we want, and control the direction of the edits.


Up next, I'll be seeing just how much control we have.



y = output sentence    zp = prototype sentence    ze = edit vector

Edits are semantically meaningful

<latexit sha1_base64="PRCBYdGacTrjq2i/9IVZUiAJKhM=">AAACH3icbVBNS8NAEN34bf2qevSyWAQFKYkH9Vj04lHBVqEpYbOZtIu7SdidiDHkn3jxr3jxoIh4679xW3vw68EMj/dm2J0XZlIYdN2hMzU9Mzs3v7BYW1peWV2rr290TJprDm2eylRfh8yAFAm0UaCE60wDU6GEq/DmdORf3YI2Ik0uscigp1g/EbHgDK0U1A8L3whFs6D0Ee6whEhgqqvKlxDjbuErEdH7oMyqfduh8rXoD3CvFtQbbtMdg/4l3oQ0yATnQf3Dj1KeK0iQS2ZM13Mz7JVMo+ASqpqfG8gYv2F96FqaMAWmV47vq+iOVSIap9pWgnSsft8omTKmUKGdVAwH5rc3Ev/zujnGx71SJFmOkPCvh+JcUkzpKCwaCQ0cZWEJ41rYv1I+YJpxtJGOQvB+n/yXdA6antv0LtxG62QSxwLZIttkl3jkiLTIGTknbcLJA3kiL+TVeXSenTfn/Wt0ypnsbJIfcIaf8u+kFg==</latexit>

semantic smoothness:

plug in your own edit vector!semantic control

As described earlier, one sub-component of our model is an editor, which transforms one sentence into another.


A cool feature is that we can actually plug in any edit vector we want, and control the direction of the edits.


Up next, I'll be seeing just how much control we have.



y = output sentence    zp = prototype sentence    ze = edit vector

Edits are semantically meaningful

<latexit sha1_base64="PRCBYdGacTrjq2i/9IVZUiAJKhM=">AAACH3icbVBNS8NAEN34bf2qevSyWAQFKYkH9Vj04lHBVqEpYbOZtIu7SdidiDHkn3jxr3jxoIh4679xW3vw68EMj/dm2J0XZlIYdN2hMzU9Mzs3v7BYW1peWV2rr290TJprDm2eylRfh8yAFAm0UaCE60wDU6GEq/DmdORf3YI2Ik0uscigp1g/EbHgDK0U1A8L3whFs6D0Ee6whEhgqqvKlxDjbuErEdH7oMyqfduh8rXoD3CvFtQbbtMdg/4l3oQ0yATnQf3Dj1KeK0iQS2ZM13Mz7JVMo+ASqpqfG8gYv2F96FqaMAWmV47vq+iOVSIap9pWgnSsft8omTKmUKGdVAwH5rc3Ev/zujnGx71SJFmOkPCvh+JcUkzpKCwaCQ0cZWEJ41rYv1I+YJpxtJGOQvB+n/yXdA6antv0LtxG62QSxwLZIttkl3jkiLTIGTknbcLJA3kiL+TVeXSenTfn/Wt0ypnsbJIfcIaf8u+kFg==</latexit>

semantic smoothness:
small magnitude edit vector should cause small changes

plug in your own edit vector!semantic control

As described earlier, one sub-component of our model is an editor, which transforms one sentence into another.


A cool feature is that we can actually plug in any edit vector we want, and control the direction of the edits.


Up next, I'll be seeing just how much control we have.



y = output sentence    zp = prototype sentence    ze = edit vector

Edits are semantically meaningful

<latexit sha1_base64="PRCBYdGacTrjq2i/9IVZUiAJKhM=">AAACH3icbVBNS8NAEN34bf2qevSyWAQFKYkH9Vj04lHBVqEpYbOZtIu7SdidiDHkn3jxr3jxoIh4679xW3vw68EMj/dm2J0XZlIYdN2hMzU9Mzs3v7BYW1peWV2rr290TJprDm2eylRfh8yAFAm0UaCE60wDU6GEq/DmdORf3YI2Ik0uscigp1g/EbHgDK0U1A8L3whFs6D0Ee6whEhgqqvKlxDjbuErEdH7oMyqfduh8rXoD3CvFtQbbtMdg/4l3oQ0yATnQf3Dj1KeK0iQS2ZM13Mz7JVMo+ASqpqfG8gYv2F96FqaMAWmV47vq+iOVSIap9pWgnSsft8omTKmUKGdVAwH5rc3Ev/zujnGx71SJFmOkPCvh+JcUkzpKCwaCQ0cZWEJ41rYv1I+YJpxtJGOQvB+n/yXdA6antv0LtxG62QSxwLZIttkl3jkiLTIGTknbcLJA3kiL+TVeXSenTfn/Wt0ypnsbJIfcIaf8u+kFg==</latexit>

semantic smoothness:
small magnitude edit vector should cause small changes

consistent edit behavior:

plug in your own edit vector!semantic control

As described earlier, one sub-component of our model is an editor, which transforms one sentence into another.


A cool feature is that we can actually plug in any edit vector we want, and control the direction of the edits.


Up next, I'll be seeing just how much control we have.



y = output sentence    zp = prototype sentence    ze = edit vector

Edits are semantically meaningful

<latexit sha1_base64="PRCBYdGacTrjq2i/9IVZUiAJKhM=">AAACH3icbVBNS8NAEN34bf2qevSyWAQFKYkH9Vj04lHBVqEpYbOZtIu7SdidiDHkn3jxr3jxoIh4679xW3vw68EMj/dm2J0XZlIYdN2hMzU9Mzs3v7BYW1peWV2rr290TJprDm2eylRfh8yAFAm0UaCE60wDU6GEq/DmdORf3YI2Ik0uscigp1g/EbHgDK0U1A8L3whFs6D0Ee6whEhgqqvKlxDjbuErEdH7oMyqfduh8rXoD3CvFtQbbtMdg/4l3oQ0yATnQf3Dj1KeK0iQS2ZM13Mz7JVMo+ASqpqfG8gYv2F96FqaMAWmV47vq+iOVSIap9pWgnSsft8omTKmUKGdVAwH5rc3Ev/zujnGx71SJFmOkPCvh+JcUkzpKCwaCQ0cZWEJ41rYv1I+YJpxtJGOQvB+n/yXdA6antv0LtxG62QSxwLZIttkl3jkiLTIGTknbcLJA3kiL+TVeXSenTfn/Wt0ypnsbJIfcIaf8u+kFg==</latexit>

semantic smoothness:
small magnitude edit vector should cause small changes

consistent edit behavior:
apply the same edit vector to different sentences

plug in your own edit vector!semantic control

As described earlier, one sub-component of our model is an editor, which transforms one sentence into another.


A cool feature is that we can actually plug in any edit vector we want, and control the direction of the edits.


Up next, I'll be seeing just how much control we have.



y = output sentence    zp = prototype sentence    ze = edit vector

Edits are semantically meaningful

<latexit sha1_base64="PRCBYdGacTrjq2i/9IVZUiAJKhM=">AAACH3icbVBNS8NAEN34bf2qevSyWAQFKYkH9Vj04lHBVqEpYbOZtIu7SdidiDHkn3jxr3jxoIh4679xW3vw68EMj/dm2J0XZlIYdN2hMzU9Mzs3v7BYW1peWV2rr290TJprDm2eylRfh8yAFAm0UaCE60wDU6GEq/DmdORf3YI2Ik0uscigp1g/EbHgDK0U1A8L3whFs6D0Ee6whEhgqqvKlxDjbuErEdH7oMyqfduh8rXoD3CvFtQbbtMdg/4l3oQ0yATnQf3Dj1KeK0iQS2ZM13Mz7JVMo+ASqpqfG8gYv2F96FqaMAWmV47vq+iOVSIap9pWgnSsft8omTKmUKGdVAwH5rc3Ev/zujnGx71SJFmOkPCvh+JcUkzpKCwaCQ0cZWEJ41rYv1I+YJpxtJGOQvB+n/yXdA6antv0LtxG62QSxwLZIttkl3jkiLTIGTknbcLJA3kiL+TVeXSenTfn/Wt0ypnsbJIfcIaf8u+kFg==</latexit>

semantic smoothness:
small magnitude edit vector should cause small changes

consistent edit behavior:
apply the same edit vector to different sentences
should cause semantically analogous edits

plug in your own edit vector!semantic control

As described earlier, one sub-component of our model is an editor, which transforms one sentence into another.


A cool feature is that we can actually plug in any edit vector we want, and control the direction of the edits.


Up next, I'll be seeing just how much control we have.



Semantic smoothness

What we will do is use the editor to take a random walk in sentence space.


We'll start with some prototype sentence zp


Then apply some random edit vector ze, to get a new sentence

And then rinse and repeat


Here is an example of what we get when we do this



Semantic smoothness

random walk in
sentence space

What we will do is use the editor to take a random walk in sentence space.


We'll start with some prototype sentence zp


Then apply some random edit vector ze, to get a new sentence

And then rinse and repeat


Here is an example of what we get when we do this



Semantic smoothness

<latexit sha1_base64="Wfv46239nbzKXyFC7diZ4mIbvpo=">AAAB6nicbVBNT8JAEJ3iF+IX6tHLRmLiibRe9Ej04hGjBRJoyHbZwobtttmdmmDDT/DiQWO8+ou8+W9coAcFXzLJy3szmZkXplIYdN1vp7S2vrG5Vd6u7Ozu7R9UD49aJsk04z5LZKI7ITVcCsV9FCh5J9WcxqHk7XB8M/Pbj1wbkagHnKQ8iOlQiUgwila6f+qn/WrNrbtzkFXiFaQGBZr96ldvkLAs5gqZpMZ0PTfFIKcaBZN8WullhqeUjemQdy1VNOYmyOenTsmZVQYkSrQthWSu/p7IaWzMJA5tZ0xxZJa9mfif180wugpyodIMuWKLRVEmCSZk9jcZCM0ZyokllGlhbyVsRDVlaNOp2BC85ZdXSeui7rl1786tNa6LOMpwAqdwDh5cQgNuoQk+MBjCM7zCmyOdF+fd+Vi0lpxi5hj+wPn8AWz4jd0=</latexit>

random walk in
sentence space

What we will do is use the editor to take a random walk in sentence space.


We'll start with some prototype sentence zp


Then apply some random edit vector ze, to get a new sentence

And then rinse and repeat


Here is an example of what we get when we do this



Semantic smoothness

<latexit sha1_base64="Wfv46239nbzKXyFC7diZ4mIbvpo=">AAAB6nicbVBNT8JAEJ3iF+IX6tHLRmLiibRe9Ej04hGjBRJoyHbZwobtttmdmmDDT/DiQWO8+ou8+W9coAcFXzLJy3szmZkXplIYdN1vp7S2vrG5Vd6u7Ozu7R9UD49aJsk04z5LZKI7ITVcCsV9FCh5J9WcxqHk7XB8M/Pbj1wbkagHnKQ8iOlQiUgwila6f+qn/WrNrbtzkFXiFaQGBZr96ldvkLAs5gqZpMZ0PTfFIKcaBZN8WullhqeUjemQdy1VNOYmyOenTsmZVQYkSrQthWSu/p7IaWzMJA5tZ0xxZJa9mfif180wugpyodIMuWKLRVEmCSZk9jcZCM0ZyokllGlhbyVsRDVlaNOp2BC85ZdXSeui7rl1786tNa6LOMpwAqdwDh5cQgNuoQk+MBjCM7zCmyOdF+fd+Vi0lpxi5hj+wPn8AWz4jd0=</latexit>

<latexit sha1_base64="TohT1njZjOhxCJ2F4px1k8iUCx8=">AAACA3icbVBNS8NAEN34WetX1ZteFovgqSRe9Fj04rGC/YC2hM1m0i7dbMLuRKwh4MW/4sWDIl79E978NyZtD9r6YODx3gwz87xYCoO2/W0tLa+srq2XNsqbW9s7u5W9/ZaJEs2hySMZ6Y7HDEihoIkCJXRiDSz0JLS90VXht+9AGxGpWxzH0A/ZQIlAcIa55FYOH9wUsp4RIY3dtIdwjyn4ArOs7Faqds2egC4SZ0aqZIaGW/nq+RFPQlDIJTOm69gx9lOmUXAJWbmXGIgZH7EBdHOqWAimn05+yOhJrvg0iHReCulE/T2RstCYcejlnSHDoZn3CvE/r5tgcNFPhYoTBMWni4JEUoxoEQj1hQaOcpwTxrXIb6V8yDTjmMdWhODMv7xIWmc1x645N3a1fjmLo0SOyDE5JQ45J3VyTRqkSTh5JM/klbxZT9aL9W59TFuXrNnMAfkD6/MHxvqYNg==</latexit>

random walk in
sentence space

What we will do is use the editor to take a random walk in sentence space.


We'll start with some prototype sentence zp


Then apply some random edit vector ze, to get a new sentence

And then rinse and repeat


Here is an example of what we get when we do this



Semantic smoothness

<latexit sha1_base64="Wfv46239nbzKXyFC7diZ4mIbvpo=">AAAB6nicbVBNT8JAEJ3iF+IX6tHLRmLiibRe9Ej04hGjBRJoyHbZwobtttmdmmDDT/DiQWO8+ou8+W9coAcFXzLJy3szmZkXplIYdN1vp7S2vrG5Vd6u7Ozu7R9UD49aJsk04z5LZKI7ITVcCsV9FCh5J9WcxqHk7XB8M/Pbj1wbkagHnKQ8iOlQiUgwila6f+qn/WrNrbtzkFXiFaQGBZr96ldvkLAs5gqZpMZ0PTfFIKcaBZN8WullhqeUjemQdy1VNOYmyOenTsmZVQYkSrQthWSu/p7IaWzMJA5tZ0xxZJa9mfif180wugpyodIMuWKLRVEmCSZk9jcZCM0ZyokllGlhbyVsRDVlaNOp2BC85ZdXSeui7rl1786tNa6LOMpwAqdwDh5cQgNuoQk+MBjCM7zCmyOdF+fd+Vi0lpxi5hj+wPn8AWz4jd0=</latexit>

<latexit sha1_base64="TohT1njZjOhxCJ2F4px1k8iUCx8=">AAACA3icbVBNS8NAEN34WetX1ZteFovgqSRe9Fj04rGC/YC2hM1m0i7dbMLuRKwh4MW/4sWDIl79E978NyZtD9r6YODx3gwz87xYCoO2/W0tLa+srq2XNsqbW9s7u5W9/ZaJEs2hySMZ6Y7HDEihoIkCJXRiDSz0JLS90VXht+9AGxGpWxzH0A/ZQIlAcIa55FYOH9wUsp4RIY3dtIdwjyn4ArOs7Faqds2egC4SZ0aqZIaGW/nq+RFPQlDIJTOm69gx9lOmUXAJWbmXGIgZH7EBdHOqWAimn05+yOhJrvg0iHReCulE/T2RstCYcejlnSHDoZn3CvE/r5tgcNFPhYoTBMWni4JEUoxoEQj1hQaOcpwTxrXIb6V8yDTjmMdWhODMv7xIWmc1x645N3a1fjmLo0SOyDE5JQ45J3VyTRqkSTh5JM/klbxZT9aL9W59TFuXrNnMAfkD6/MHxvqYNg==</latexit>

random walk in
sentence space

What we will do is use the editor to take a random walk in sentence space.


We'll start with some prototype sentence zp


Then apply some random edit vector ze, to get a new sentence

And then rinse and repeat


Here is an example of what we get when we do this



Semantic smoothness

<latexit sha1_base64="Wfv46239nbzKXyFC7diZ4mIbvpo=">AAAB6nicbVBNT8JAEJ3iF+IX6tHLRmLiibRe9Ej04hGjBRJoyHbZwobtttmdmmDDT/DiQWO8+ou8+W9coAcFXzLJy3szmZkXplIYdN1vp7S2vrG5Vd6u7Ozu7R9UD49aJsk04z5LZKI7ITVcCsV9FCh5J9WcxqHk7XB8M/Pbj1wbkagHnKQ8iOlQiUgwila6f+qn/WrNrbtzkFXiFaQGBZr96ldvkLAs5gqZpMZ0PTfFIKcaBZN8WullhqeUjemQdy1VNOYmyOenTsmZVQYkSrQthWSu/p7IaWzMJA5tZ0xxZJa9mfif180wugpyodIMuWKLRVEmCSZk9jcZCM0ZyokllGlhbyVsRDVlaNOp2BC85ZdXSeui7rl1786tNa6LOMpwAqdwDh5cQgNuoQk+MBjCM7zCmyOdF+fd+Vi0lpxi5hj+wPn8AWz4jd0=</latexit>

<latexit sha1_base64="TohT1njZjOhxCJ2F4px1k8iUCx8=">AAACA3icbVBNS8NAEN34WetX1ZteFovgqSRe9Fj04rGC/YC2hM1m0i7dbMLuRKwh4MW/4sWDIl79E978NyZtD9r6YODx3gwz87xYCoO2/W0tLa+srq2XNsqbW9s7u5W9/ZaJEs2hySMZ6Y7HDEihoIkCJXRiDSz0JLS90VXht+9AGxGpWxzH0A/ZQIlAcIa55FYOH9wUsp4RIY3dtIdwjyn4ArOs7Faqds2egC4SZ0aqZIaGW/nq+RFPQlDIJTOm69gx9lOmUXAJWbmXGIgZH7EBdHOqWAimn05+yOhJrvg0iHReCulE/T2RstCYcejlnSHDoZn3CvE/r5tgcNFPhYoTBMWni4JEUoxoEQj1hQaOcpwTxrXIb6V8yDTjmMdWhODMv7xIWmc1x645N3a1fjmLo0SOyDE5JQ45J3VyTRqkSTh5JM/klbxZT9aL9W59TFuXrNnMAfkD6/MHxvqYNg==</latexit>

random walk in
sentence space

What we will do is use the editor to take a random walk in sentence space.


We'll start with some prototype sentence zp


Then apply some random edit vector ze, to get a new sentence

And then rinse and repeat


Here is an example of what we get when we do this



Semantic smoothness

<latexit sha1_base64="Wfv46239nbzKXyFC7diZ4mIbvpo=">AAAB6nicbVBNT8JAEJ3iF+IX6tHLRmLiibRe9Ej04hGjBRJoyHbZwobtttmdmmDDT/DiQWO8+ou8+W9coAcFXzLJy3szmZkXplIYdN1vp7S2vrG5Vd6u7Ozu7R9UD49aJsk04z5LZKI7ITVcCsV9FCh5J9WcxqHk7XB8M/Pbj1wbkagHnKQ8iOlQiUgwila6f+qn/WrNrbtzkFXiFaQGBZr96ldvkLAs5gqZpMZ0PTfFIKcaBZN8WullhqeUjemQdy1VNOYmyOenTsmZVQYkSrQthWSu/p7IaWzMJA5tZ0xxZJa9mfif180wugpyodIMuWKLRVEmCSZk9jcZCM0ZyokllGlhbyVsRDVlaNOp2BC85ZdXSeui7rl1786tNa6LOMpwAqdwDh5cQgNuoQk+MBjCM7zCmyOdF+fd+Vi0lpxi5hj+wPn8AWz4jd0=</latexit>

<latexit sha1_base64="TohT1njZjOhxCJ2F4px1k8iUCx8=">AAACA3icbVBNS8NAEN34WetX1ZteFovgqSRe9Fj04rGC/YC2hM1m0i7dbMLuRKwh4MW/4sWDIl79E978NyZtD9r6YODx3gwz87xYCoO2/W0tLa+srq2XNsqbW9s7u5W9/ZaJEs2hySMZ6Y7HDEihoIkCJXRiDSz0JLS90VXht+9AGxGpWxzH0A/ZQIlAcIa55FYOH9wUsp4RIY3dtIdwjyn4ArOs7Faqds2egC4SZ0aqZIaGW/nq+RFPQlDIJTOm69gx9lOmUXAJWbmXGIgZH7EBdHOqWAimn05+yOhJrvg0iHReCulE/T2RstCYcejlnSHDoZn3CvE/r5tgcNFPhYoTBMWni4JEUoxoEQj1hQaOcpwTxrXIb6V8yDTjmMdWhODMv7xIWmc1x645N3a1fjmLo0SOyDE5JQ45J3VyTRqkSTh5JM/klbxZT9aL9W59TFuXrNnMAfkD6/MHxvqYNg==</latexit>

random walk in
sentence space

What we will do is use the editor to take a random walk in sentence space.


We'll start with some prototype sentence zp


Then apply some random edit vector ze, to get a new sentence

And then rinse and repeat


Here is an example of what we get when we do this



Semantic smoothness

<latexit sha1_base64="Wfv46239nbzKXyFC7diZ4mIbvpo=">AAAB6nicbVBNT8JAEJ3iF+IX6tHLRmLiibRe9Ej04hGjBRJoyHbZwobtttmdmmDDT/DiQWO8+ou8+W9coAcFXzLJy3szmZkXplIYdN1vp7S2vrG5Vd6u7Ozu7R9UD49aJsk04z5LZKI7ITVcCsV9FCh5J9WcxqHk7XB8M/Pbj1wbkagHnKQ8iOlQiUgwila6f+qn/WrNrbtzkFXiFaQGBZr96ldvkLAs5gqZpMZ0PTfFIKcaBZN8WullhqeUjemQdy1VNOYmyOenTsmZVQYkSrQthWSu/p7IaWzMJA5tZ0xxZJa9mfif180wugpyodIMuWKLRVEmCSZk9jcZCM0ZyokllGlhbyVsRDVlaNOp2BC85ZdXSeui7rl1786tNa6LOMpwAqdwDh5cQgNuoQk+MBjCM7zCmyOdF+fd+Vi0lpxi5hj+wPn8AWz4jd0=</latexit>

<latexit sha1_base64="TohT1njZjOhxCJ2F4px1k8iUCx8=">AAACA3icbVBNS8NAEN34WetX1ZteFovgqSRe9Fj04rGC/YC2hM1m0i7dbMLuRKwh4MW/4sWDIl79E978NyZtD9r6YODx3gwz87xYCoO2/W0tLa+srq2XNsqbW9s7u5W9/ZaJEs2hySMZ6Y7HDEihoIkCJXRiDSz0JLS90VXht+9AGxGpWxzH0A/ZQIlAcIa55FYOH9wUsp4RIY3dtIdwjyn4ArOs7Faqds2egC4SZ0aqZIaGW/nq+RFPQlDIJTOm69gx9lOmUXAJWbmXGIgZH7EBdHOqWAimn05+yOhJrvg0iHReCulE/T2RstCYcejlnSHDoZn3CvE/r5tgcNFPhYoTBMWni4JEUoxoEQj1hQaOcpwTxrXIb6V8yDTjmMdWhODMv7xIWmc1x645N3a1fjmLo0SOyDE5JQ45J3VyTRqkSTh5JM/klbxZT9aL9W59TFuXrNnMAfkD6/MHxvqYNg==</latexit>

random walk in
sentence space

What we will do is use the editor to take a random walk in sentence space.


We'll start with some prototype sentence zp


Then apply some random edit vector ze, to get a new sentence

And then rinse and repeat


Here is an example of what we get when we do this



Semantic smoothness

<latexit sha1_base64="Wfv46239nbzKXyFC7diZ4mIbvpo=">AAAB6nicbVBNT8JAEJ3iF+IX6tHLRmLiibRe9Ej04hGjBRJoyHbZwobtttmdmmDDT/DiQWO8+ou8+W9coAcFXzLJy3szmZkXplIYdN1vp7S2vrG5Vd6u7Ozu7R9UD49aJsk04z5LZKI7ITVcCsV9FCh5J9WcxqHk7XB8M/Pbj1wbkagHnKQ8iOlQiUgwila6f+qn/WrNrbtzkFXiFaQGBZr96ldvkLAs5gqZpMZ0PTfFIKcaBZN8WullhqeUjemQdy1VNOYmyOenTsmZVQYkSrQthWSu/p7IaWzMJA5tZ0xxZJa9mfif180wugpyodIMuWKLRVEmCSZk9jcZCM0ZyokllGlhbyVsRDVlaNOp2BC85ZdXSeui7rl1786tNa6LOMpwAqdwDh5cQgNuoQk+MBjCM7zCmyOdF+fd+Vi0lpxi5hj+wPn8AWz4jd0=</latexit>
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random walk in
sentence space

What we will do is use the editor to take a random walk in sentence space.


We'll start with some prototype sentence zp


Then apply some random edit vector ze, to get a new sentence

And then rinse and repeat


Here is an example of what we get when we do this
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random walk in
sentence space

• ice cream was one of the best i've ever tried .

What we will do is use the editor to take a random walk in sentence space.


We'll start with some prototype sentence zp


Then apply some random edit vector ze, to get a new sentence

And then rinse and repeat


Here is an example of what we get when we do this
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random walk in
sentence space

• ice cream was one of the best i've ever tried .
• some of the best ice cream we've ever had .

What we will do is use the editor to take a random walk in sentence space.


We'll start with some prototype sentence zp


Then apply some random edit vector ze, to get a new sentence

And then rinse and repeat


Here is an example of what we get when we do this



Semantic smoothness
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random walk in
sentence space

• ice cream was one of the best i've ever tried .
• some of the best ice cream we've ever had .
• just had the best ice - cream i've ever had !

What we will do is use the editor to take a random walk in sentence space.


We'll start with some prototype sentence zp


Then apply some random edit vector ze, to get a new sentence

And then rinse and repeat


Here is an example of what we get when we do this



Semantic smoothness
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random walk in
sentence space

• ice cream was one of the best i've ever tried .
• some of the best ice cream we've ever had .
• just had the best ice - cream i've ever had !
• some of the best pizza i've ever tasted !

What we will do is use the editor to take a random walk in sentence space.


We'll start with some prototype sentence zp


Then apply some random edit vector ze, to get a new sentence

And then rinse and repeat


Here is an example of what we get when we do this



Semantic smoothness
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random walk in
sentence space

• ice cream was one of the best i've ever tried .
• some of the best ice cream we've ever had .
• just had the best ice - cream i've ever had !
• some of the best pizza i've ever tasted !
• that was some of the best pizza i've had in the area .

What we will do is use the editor to take a random walk in sentence space.


We'll start with some prototype sentence zp


Then apply some random edit vector ze, to get a new sentence

And then rinse and repeat


Here is an example of what we get when we do this



Turkers: how jumpy is each step?

We then asked Turkers to rate how jumpy each step of the walk was


We got the following interesting result.


Over 30% of our steps resulted in actual paraphrases, while 40% were roughly equivalent.


Sometimes the editor did not do anything at all, which is the bad "identical" category on the right
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We then asked Turkers to rate how jumpy each step of the walk was


We got the following interesting result.


Over 30% of our steps resulted in actual paraphrases, while 40% were roughly equivalent.


Sometimes the editor did not do anything at all, which is the bad "identical" category on the right
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We then asked Turkers to rate how jumpy each step of the walk was


We got the following interesting result.


Over 30% of our steps resulted in actual paraphrases, while 40% were roughly equivalent.


Sometimes the editor did not do anything at all, which is the bad "identical" category on the right



Turkers: how smooth is the random walk?
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We also compared our approach to the sentence VAE, another common approach for embedding sentences into vector space


In this comparison, we really tried hard to tune the SVAE to make small steps


But essentially, if we made the step size large, we would always end up with "unrelated" or "same topic" at best, and if we made the step size too small, we would always 
end up with "identical"



Consistent edit behavior

So we know that the magnitude of the edit vector is quite meaningful. But what about the direction of the edit vector?


To explore this, we thought about sentence analogies.



Consistent edit behavior

This was a good restaurant .

So we know that the magnitude of the edit vector is quite meaningful. But what about the direction of the edit vector?


To explore this, we thought about sentence analogies.



Consistent edit behavior

This was a good restaurant .

This was the best restaurant !

So we know that the magnitude of the edit vector is quite meaningful. But what about the direction of the edit vector?


To explore this, we thought about sentence analogies.



Consistent edit behavior

This was a good restaurant .

This was the best restaurant !

Their cake was great.

So we know that the magnitude of the edit vector is quite meaningful. But what about the direction of the edit vector?


To explore this, we thought about sentence analogies.



Consistent edit behavior

This was a good restaurant .

This was the best restaurant !

Their cake was great.

Their cake was the greatest !

So we know that the magnitude of the edit vector is quite meaningful. But what about the direction of the edit vector?


To explore this, we thought about sentence analogies.



Sentence analogy dataset

Unfortunately, when we started doing this experiment, there was no readily available sentence analogy dataset.


So, we induced a sentence dataset from lexical analogies. Here's how that works.


We start with pairs of words that are analogous.

We then looked in the Yelp review corpus for pairs of sentences that were different by only those word pairs (allowing for reordering and stopwords)

We found at least 10 sentence pairs for each category of analogy



Sentence analogy dataset
Lexical analogies [Mikolov+ 2013]

Unfortunately, when we started doing this experiment, there was no readily available sentence analogy dataset.


So, we induced a sentence dataset from lexical analogies. Here's how that works.


We start with pairs of words that are analogous.

We then looked in the Yelp review corpus for pairs of sentences that were different by only those word pairs (allowing for reordering and stopwords)

We found at least 10 sentence pairs for each category of analogy



Sentence analogy dataset
Lexical analogies [Mikolov+ 2013]

is was
past tense

Unfortunately, when we started doing this experiment, there was no readily available sentence analogy dataset.


So, we induced a sentence dataset from lexical analogies. Here's how that works.


We start with pairs of words that are analogous.

We then looked in the Yelp review corpus for pairs of sentences that were different by only those word pairs (allowing for reordering and stopwords)

We found at least 10 sentence pairs for each category of analogy



Sentence analogy dataset
Lexical analogies [Mikolov+ 2013]

is was
past tense

comes came
past tense

Unfortunately, when we started doing this experiment, there was no readily available sentence analogy dataset.


So, we induced a sentence dataset from lexical analogies. Here's how that works.


We start with pairs of words that are analogous.

We then looked in the Yelp review corpus for pairs of sentences that were different by only those word pairs (allowing for reordering and stopwords)

We found at least 10 sentence pairs for each category of analogy



Sentence analogy dataset
Lexical analogies [Mikolov+ 2013]

is was
past tense

comes came
past tense

This is the place to go. This was the place to go.

Unfortunately, when we started doing this experiment, there was no readily available sentence analogy dataset.


So, we induced a sentence dataset from lexical analogies. Here's how that works.


We start with pairs of words that are analogous.

We then looked in the Yelp review corpus for pairs of sentences that were different by only those word pairs (allowing for reordering and stopwords)

We found at least 10 sentence pairs for each category of analogy



Sentence analogy dataset
Lexical analogies [Mikolov+ 2013]

is was
past tense

comes came
past tense

This is the place to go. This was the place to go.

He comes home tired and happy. He came home happy and tired.

Unfortunately, when we started doing this experiment, there was no readily available sentence analogy dataset.


So, we induced a sentence dataset from lexical analogies. Here's how that works.


We start with pairs of words that are analogous.

We then looked in the Yelp review corpus for pairs of sentences that were different by only those word pairs (allowing for reordering and stopwords)

We found at least 10 sentence pairs for each category of analogy



Sentence analogy dataset
Lexical analogies [Mikolov+ 2013]

is was
past tense

comes came
past tense

This is the place to go. This was the place to go.

He comes home tired and happy. He came home happy and tired.

(allow reordering and stopwords)

Unfortunately, when we started doing this experiment, there was no readily available sentence analogy dataset.


So, we induced a sentence dataset from lexical analogies. Here's how that works.


We start with pairs of words that are analogous.

We then looked in the Yelp review corpus for pairs of sentences that were different by only those word pairs (allowing for reordering and stopwords)

We found at least 10 sentence pairs for each category of analogy



Sentence analogy dataset

This is the place to go. This was the place to go.

He comes home tired and happy. He came home happy and tired.

Then we completely throw away the word pairs.


Given a seed pair, we use our model to compute the edit vector between the two sentences.


We then go to a new sentence, call it the prototype, and apply the SAME edit vector.


Ideally, it should produce the same sentence as the true y



Sentence analogy dataset

This is the place to go. This was the place to go.

He comes home tired and happy. He came home happy and tired.
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Then we completely throw away the word pairs.


Given a seed pair, we use our model to compute the edit vector between the two sentences.


We then go to a new sentence, call it the prototype, and apply the SAME edit vector.


Ideally, it should produce the same sentence as the true y



Sentence analogy dataset

This is the place to go. This was the place to go.

He comes home tired and happy. He came home happy and tired.
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Then we completely throw away the word pairs.


Given a seed pair, we use our model to compute the edit vector between the two sentences.
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Then we completely throw away the word pairs.


Given a seed pair, we use our model to compute the edit vector between the two sentences.


We then go to a new sentence, call it the prototype, and apply the SAME edit vector.


Ideally, it should produce the same sentence as the true y



Sentence analogy results

Note: we need to generate an entire sentence that exactly matches the gold sentence.


Since that is quite hard, we consider it a win if the right sentence shows up in the top-10 beam elements of our model.
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Note: we need to generate an entire sentence that exactly matches the gold sentence.


Since that is quite hard, we consider it a win if the right sentence shows up in the top-10 beam elements of our model.
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Interestingly, you can compare our sentence-level analogy performance


to word-level analogy performance by GloVe vectors


Note: these really aren't strictly comparable. GloVe only needs to predict a word. We need to predict an entire sentence.



Results
• More diverse generations

• Higher quality generations

• Better perplexity (BillionWord, Yelp reviews)

• Edits are semantically meaningful
• preserve semantic similarity 
• can be used to perform sentence-level analogies

That concludes the investigation of semantics.


But for those of you who don't care about semantics, we also have more standard perplexity results
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Perplexity

We evaluated perplexity on the Yelp review corpus and the Billion Word Benchmark.


We compared the NeuralEditor against a standard neural language model.

The NeuralEditor has extra parameters in the encoder, but the same flexibility in the decoder.


Furthermore, we backoff to a standard NLM, because sometimes we encounter a sentence that simply doesn't look like anything in the training corpus.


In both cases, we get a nice drop in perplexity.

Yelp is less surprising, because people tend to say the same kinds of things over and over again.

But our results on the Billion Word Benchmark suggest that even news text can benefit.


We also have more results in the paper showing that even if you ensemble a standard NLM with Kneser-Ney, or some sort of pure memorization model, you don't get the 
same benefits.
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same benefits.
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We evaluated perplexity on the Yelp review corpus and the Billion Word Benchmark.


We compared the NeuralEditor against a standard neural language model.

The NeuralEditor has extra parameters in the encoder, but the same flexibility in the decoder.


Furthermore, we backoff to a standard NLM, because sometimes we encounter a sentence that simply doesn't look like anything in the training corpus.


In both cases, we get a nice drop in perplexity.

Yelp is less surprising, because people tend to say the same kinds of things over and over again.

But our results on the Billion Word Benchmark suggest that even news text can benefit.


We also have more results in the paper showing that even if you ensemble a standard NLM with Kneser-Ney, or some sort of pure memorization model, you don't get the 
same benefits.
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Up next, we'll look at diversity and quality of generations.
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Naive way to increase diversity

A very naive way to increase the diversity of a language model is as follows


Since each time step produces a softmax distribution over words, we can raise the temperature of that softmax, to increase the diversity of the samples


The problem, as we will see, is that raising the temperature starts to allow ungrammatical sequences
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A very naive way to increase the diversity of a language model is as follows


Since each time step produces a softmax distribution over words, we can raise the temperature of that softmax, to increase the diversity of the samples


The problem, as we will see, is that raising the temperature starts to allow ungrammatical sequences



Increasing diversity of NeuralEditor

In contrast, we have other options available when using the neural editor
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Results
• More diverse generations 

• Higher quality generations

• Better perplexity (BillionWord, Yelp reviews)

• Edits are semantically meaningful
• preserve semantic similarity 
• can be used to perform sentence-level analogies



\end{Results}


