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Outline of Lecture 6

Representations and evaluation:

» Review of generative model families

» Conditional models

» Representation learning
» Representations from deep networks
» Probing representations

» Evaluation of generative models
» Likelihood-based evaluation
» Sample-based evaluation
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» Review of generative model families
» Conditional models



Summary of models seen so far

We have seen three classes of deep generative models: VAEs, normalising
flows, GANs
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Summary of models seen so far

We have seen three classes of deep generative models: VAEs, normalising
flows, GANs

VAE NF  GAN

Likelihood estimation approximate exact no
Sample quality (fidelity)
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Summary of models seen so far

We have seen three classes of deep generative models: VAEs, normalising
flows, GANs

VAE NF  GAN
Likelihood estimation approximate exact no
Sample quality (fidelity) poor good best
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Summary of models seen so far

We have seen three classes of deep generative models: VAEs, normalising
flows, GANs

VAE NF  GAN
Likelihood estimation approximate exact no
Sample quality (fidelity) poor good best

Mode coverage (diversity)
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Summary of models seen so far

We have seen three classes of deep generative models: VAEs, normalising

flows, GANs
VAE
Likelihood estimation approximate exact
Sample quality (fidelity) poor
Mode coverage (diversity) good good  poor

Trainability at scale
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Summary of models seen so far

We have seen three classes of deep generative models: VAEs, normalising

flows, GANs
VAE NF  GAN
Likelihood estimation approximate exact no
Sample quality (fidelity) poor good best
Mode coverage (diversity) good good  poor
Trainability at scale best good poor

Ability to impose inductive biases
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Summary of models seen so far

We have seen three classes of deep generative models: VAEs, normalising

flows, GANs

Likelihood estimation

Sample quality (fidelity)

Mode coverage (diversity)
Trainability at scale

Ability to impose inductive biases

VAE NF  GAN
approximate exact no
poor good best
good good poor
best good poor
good poor good
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Conditional generative models

Unconditional modelling:

» We have a data distribution 74, over RY (from which we can sample,
but we do not know its density function)

» We have a class of model distributions {7y}

» We seek 0 such that 7y approximates mq,i, Well:

0* = arg min D(7T(9, 7Tdata)
7]

ATML / deep generative modelling / Lecture 6 / 24.02.2026 Representation learning and evaluation metrics 3/17



Conditional generative models

Unconditional modelling:

» \We have a data distribution 74.;, over RY (from which we can sample,
but we do not know its density function)

» We have a class of model distributions {7y}

» We seek 6 such that my approximates mq,i, Well

Conditional modelling:

» We have a joint distribution 7gata(x, y), where y is a conditioning variable

» We have a family of conditional model distributions (- | y)
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Conditional generative models

Unconditional modelling:

» \We have a data distribution 74.;, over RY (from which we can sample,
but we do not know its density function)

» We have a class of model distributions {7y}

» We seek 6 such that my approximates mq,i, Well

Conditional modelling:

» We have a joint distribution 7gata(x, y), where y is a conditioning variable

» We have a family of conditional model distributions (- | y)

» We seek 6 such that mg(- | y) approximates myata(- | y) well for all y:

0" = argemi”Eywata(y)D(ﬂe(- | ¥): Tdata(- | ¥))
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Conditional generative models

Unconditional modelling:

» \We have a data distribution 74.;, over RY (from which we can sample,
but we do not know its density function)

» We have a class of model distributions {7y}

» We seek 6 such that my approximates mq,i, Well

Conditional modelling:

» We have a joint distribution 7gata(x, y), where y is a conditioning variable

» We have a family of conditional model distributions (- | y)

» We seek 6 such that mg(- | y) approximates myata(- | y) well for all y:

0" = argemi”Eywata(y)D(ﬂe(- | ¥): Tdata(- | ¥))

Discriminative modelling is a special case of conditional modelling where the
conditioning variable is the input and the output is a label (or class).
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Conditioning generative models

How to make a generative model conditional on y:
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Conditioning generative models

How to make a generative model conditional o
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Conditioning generative models

How to make a generative model conditional on y:
» VAEs (encoder q4(z | x), decoder py(x | z,y)):
» Give y as an additional input to the encoder and decoder: qy(z | x,y), po(x | z,y)
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Conditioning generative models

How to make a generative model conditional on y:
» VAEs (encoder q4(z | x), decoder py(x | z,y)):

» Give y as an additional input to the encoder and decoder: qy(z | x,y), po(x | z,y)
> Alternatively, train as usual, then fit a conditional prior ps(z | y) to samples from

qs(z | x)
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Conditioning generative models

How to make a generative model conditional on y:
» VAEs (encoder q4(z | x), decoder py(x | z,y)):

» Give y as an additional input to the encoder and decoder: qy(z | x,y), po(x | z,y)
> Alternatively, train as usual, then fit a conditional prior ps(z | y) to samples from

q¢(z | x)
» Normalising flows (composition of invertible layers h, = f,(h,—-1)):
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Conditioning generative models

How to make a generative model conditional on y:
» VAEs (encoder q4(z | x), decoder py(x | z,y)):
» Give y as an additional input to the encoder and decoder: qy(z | x,y), po(x | z,y)
> Alternatively, train as usual, then fit a conditional prior ps(z | y) to samples from
qs(z | x)
» Normalising flows (composition of invertible layers h, = f,(h,—-1)):
> Give y as an additional input: h, = f(hy=1,¥)
> Alternatively (not common), train as usual, then fit a new conditional base
distribution py(z | y)

» GANs (generator Gy(z), discriminator Dy(real | x)):
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Conditioning generative models

How to make a generative model conditional on y:
» VAEs (encoder q4(z | x), decoder py(x | z,y)):
» Give y as an additional input to the encoder and decoder: qy(z | x,y), po(x | z,y)
> Alternatively, train as usual, then fit a conditional prior ps(z | y) to samples from
qs(z | x)
» Normalising flows (composition of invertible layers h, = f,(h,—-1)):
> Give y as an additional input: h, = f(hy=1,¥)
> Alternatively (not common), train as usual, then fit a new conditional base
distribution py(z | y)
» GANs (generator Gy(z), discriminator Dy(real | x)):
» Give y as an additional input to the generator and discriminator: Gy(z,y),
Dy(real | x,y)
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» Representation learning
» Representations from deep networks
» Probing representations



Encodings from generative models
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Encodings from generative models

Recall: latent variables ‘encode’ the cdata We can treat the inferred latents

as feaures extracted from the data
» VAEs: the latent variables are trained for optimal reconstruction
» Generalisation of PCA, which is the case of linear encoder and decoder with
Gaussian noise
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Encodings from generative models

Recall: latent variables ‘encode’ the cdata We can treat the inferred latents
as feaures extracted from the data
» VAEs: the latent variables are trained for optimal reconstruction
» Generalisation of PCA, which is the case of linear encoder and decoder with
Gaussian noise
» Normalising flows: invert the flow to get a latent representation
P> Same dimension as the data, so may not be useful
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Encodings from generative models

Recall: latent variables ‘encode’ the cdata We can treat the inferred latents
as feaures extracted from the data
» VAEs: the latent variables are trained for optimal reconstruction
» Generalisation of PCA, which is the case of linear encoder and decoder with
Gaussian noise
» Normalising flows: invert the flow to get a latent representation
P> Same dimension as the data, so may not be useful
» GANs: we cannot reconstruct z from Gy(z), and many (or no) z can map
to the same x

» Some work on ‘GAN inversion’ to reconstruct z from x (not common)
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Encodings from generative models

Recall: latent variables ‘encode’ the cdata We can treat the inferred latents
as feaures extracted from the data
» VAEs: the latent variables are trained for optimal reconstruction

» Generalisation of PCA, which is the case of linear encoder and decoder with

Gaussian noise

» Normalising flows: invert the flow to get a latent representation

P> Same dimension as the data, so may not be useful
» GANs: we cannot reconstruct z from Gy(z), and many (or no) z can map

to the same x

» Some work on ‘GAN inversion’ to reconstruct z from x (not common)
These representations are generally not

and emerge only as a side
effect of data modelling:

» No way to know which of many possible representations we get

» Compose with invertible transformations to get other representations that
are equally good
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Accidental representation learning without generation

Hidden units of deep networks taking
data as input can learn useful represen-
tations:
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Accidental representation learning without generation

Hidden units of deep networks taking
data as input can learn useful represen-
tations:

» First observed in CNNs for
classification: shallow layers encode
local features, deeper layers learn to
encode more global features
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Accidental representation learning without generation

Hidden units of deep networks taking
data as input can learn useful represen-
tations:

» First observed in CNNs for
classification: shallow layers encode
local features, deeper layers learn to
encode more global features

» In ‘large’ language models, the
hidden units correspond to a variety
of linguistic features
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Other representation learning methods

Not the topic of this class, but some methods for dimensionality reduction
that do not involve training a probabilistic model of the data
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Other representation learning methods

Not the topic of this class, but some methods for dimensionality reduction
that do not involve training a probabilistic model of the data

» Train a representation z = fy(x) with no reconstruction of x
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Other representation learning methods

Not the topic of this class, but some methods for dimensionality reduction
that do not involve training a probabilistic model of the data

» Train a representation z = fyp(x) with no reconstruction of x

» Denoising autoencoders: train a model to reconstruct version of x,
use its deep features
> Masked language models are a special case of this
> Related to diffusion modelling (in two weeks)

ATML / deep generative modelling / Lecture 6 / 24.02.2026 Representation learning and evaluation metrics 7/17



Other representation learning methods

Not the topic of this class, but some methods for dimensionality reduction
that do not involve training a probabilistic model of the data

» Train a representation z = fy(x) with no reconstruction of x

» Denoising autoencoders: train a model to reconstruct version of x,
use its deep features
» Contrastive learning (e.g., SImCLR, InfoNCE)
» Take a batch of data points —
{X1,..., X}
» Apply a random transformation, to
which the representation should be

invariant, to get {Xy,...,%,}
» Somehow enforce that fy(x;) is close to T D
fo(%;) but far from the fy(x;) for j # i [Chen et al., SimCLR, 2020]
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Other representation learning methods

Not the topic of this class, but some methods for dimensionality reduction

that do not involve training a probabilistic model of the data

» Train a representation z = fy(x) with no reconstruction of x

» Denoising autoencoders: train a model to reconstruct version of x,
use its deep features

» Contrastive learning (e.g., SImCLR, InfoNCE)

® Supervised *SimCLR (4x)
) | *SImCLR (2x)
P> Take a batch of data points p woHo L
{x Xn} £ 70F 4SimCLR ecue MG
Lyewes®n 8 ePIRL-c2% I
» Apply a random transformation, to % % qorove YoinL-angMoCo 0
- . PIRL .
which the representation should be E B oBigBIGAN
. . ~ ~ LA
invariant, to get {X1,...,%,} g
. E 55 . #Rotation
» Somehow enforce that fy(x;) is close to sirstise | | | L1
= . 25 30 100 200 400 626
7(9(Xi) but far from the fO(XJ) for j # i Number of Parameters (Millions)
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Shallow probing of representations

How do we know if a representation
is good?
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Shallow probing of representations
How do we know if a representation
is good?
» It should be predictive of

something we care about (e.g.,
a class label)
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How do we know if a representation

is good?

» It should be predictive of
something we care about (e.g.,
a class label)

» Probing: train a simple model
(often a linear/logistic
regression) to predict some
property of the data from the
representation

» The better the probe does, the
better the representation is for
that property
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Shallow probing of representations

How do we know if a representation

is good?

» |t should be predictive of
something we care about (e.g.,
a class label)

» Probing: train a simple model
(often a linear/logistic
regression) to predict some
property of the data from the
representation

» The better the probe does, the

better the representation is for
that property
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Shallow probing of representations

Can also identify the hidden units in a neural net that predict a given
property..and try to maximise their activation
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Shallow probing of representations

Can also identify the hidden units in a neural net that predict a given
property..and try to maximise their activation

[Brendel and Bethge, BagNet, 2019] — hacking the convolutional inductive bias
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Shallow probing of representations

How do we know if a representation is good?

» It should be predictive of something we care about (e.g., a class label)

» Probing: train a simple model (often a linear/logistic regression) to
predict some property of the data from the representation

» The better the probe does, the better the representation is for that property

Can also identify the hidden units in a neural net that predict a given property

» Very large models may contain ‘circuits’ responsible for approximate
execution of simple symbolic routines (copying, memory, ... )

» Controversial: you can find a circuit for anything if you look hard enough. ..
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Interventions and controllability

Representations can be useful if they can be modified to control the output:
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Interventions and controllability

Representations can be useful if they can be modified to control the output:
» It may be desirable to intervene on a hidden unit / latent representation
to change the output in a desired way:
> Style/content transfer for images; conditional samples from unconditional models
» Changing the sentiment of a text while keeping the content

E: (a) Real: top 9 (b) DGN-AM [3 (c) Real: random 9 (d) PPGN (this)

cardoon

[Nguyen et al., ‘Plug & Play Generative Networks', 2017]
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Interventions and controllability

(a) Coloured dSprites

(b) 3D Chairs

Single-latent traversals

Single latent traversals

[Burgess et al., Understanding disentangling in 3-VAE, 2018]
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Interventions and controllability

Representations can be useful if they can be modified to control the output:

» It may be desirable to intervene on a hidden unit / latent representation
to change the output in a desired way:
> Style/content transfer for images; conditional samples from unconditional models
P> Changing the sentiment of a text while keeping the content

» Disentanglement: different dimensions of the representation correspond
to different properties of the data, can be independently controlled
» In principle, should allow compositionality of representations ~» systematic

generalisation

> Active area of research (but somewhat lacking in clear definitions and metrics)
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» Evaluation of generative models
» Likelihood-based evaluation
» Sample-based evaluation



Log-likelihood as a metric

» Recall: Minimising KL(7gata||m9) = maximising sample log-likelihood
EXNﬂ'data [lOg p@(X)]

ATML / deep generative modelling / Lecture 6 / 24.02.2026 Representation learning and evaluation metrics 10/17



Log-likelihood as a metric

» Recall: Minimising KL(7gata||m9) = maximising sample log-likelihood

EXNﬂ'data [lOg p@(X)]
» Use the negative log-likelihood (NLL) of a held-out test set (an
independent sample from 74,ta) as an evaluation metric:

NLL = —Ex.r,..[log po(X)]
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Log-likelihood as a metric

» Recall: Minimising KL(7gata||m9) = maximising sample log-likelihood

EXNﬂ'data [lOg p@(X)]
» Use the negative log-likelihood (NLL) of a held-out test set (an
independent sample from 74,ta) as an evaluation metric:

NLL = —Ex.r,..[log po(X)]

1 n
~ _; E |Og pQ(Xi)7 Xj ™~ Tdata
i=1

ATML / deep generative modelling / Lecture 6 / 24.02.2026 Representation learning and evaluation metrics

10/17



Log-likelihood as a metric

» Recall: Minimising KL(7gata||m9) = maximising sample log-likelihood
EXNT('data [lOg p@(X)]

» Use the negative log-likelihood (NLL) of a held-out test set (an
independent sample from 74,ta) as an evaluation metric:

NLL = —Ex.r,..[log po(X)]

Q

1 n
~h Z log po(x;), Xj ~ Tdata
i=1

» Often reported in ‘bits per dimension’: BPD = % for data in RY

» Best BPDs for MNIST are ~ 1 (note log, 256 = 8 for a uniform distribution over
8-bit pixel values),

P Best bits per character for character-level language modelling: ~ 1 bit per character
(note log, 27 ~ 4.8 bpc for a uniform distribution)
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Problems with likelihood-based evaluation

What is wrong with using NLL as an evaluation metric?
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Problems with likelihood-based evaluation

What is wrong with using NLL as an evaluation metric?

» Cannot evaluate it when we do not have the denisty (such as for GANs)
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Problems with likelihood-based evaluation

What is wrong with using NLL as an evaluation metric?
» Cannot evaluate it when we do not have the denisty (such as for GANs)

» Not always correlated with sample quality as judged by humans (for
images, NLL is often dominated by low-level details/textures)
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Problems with likelihood-based evaluation

What is wrong with using NLL as an evaluation metric?

» Cannot evaluate it when we do not have the denisty (such as for GANs)

» Not always correlated with sample quality as judged by humans (for
images, NLL is often dominated by low-level details/textures)

» In some domains, considered to be ‘saturated’ (no longer meaningfully
distinguishes between models)
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Sample-based evaluation

Compare samples from the model to samples from the data distribution
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Sample-based evaluation

Compare samples from the model to samples from the data distribution

» Draw a large sample {x1, ..., x,} from the data distribution 7q.t. (a
held-out test set)
» Draw a large sample {Xi, ..., X} from the model distribution 7y
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Sample-based evaluation

Compare samples from the model to samples from the data distribution

» Draw a large sample {x1, ..., x,} from the data distribution 7q.t. (a
held-out test set)

» Draw a large sample {Xi, ..., X} from the model distribution 7y

> Compute a divergence between the empirical distributions £ 37 | 6, and
1
m 22j=10%
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Sample-based evaluation

Compare samples from the model to samples from the data distribution

» Draw a large sample {x1, ..., x,} from the data distribution 7q.t. (a
held-out test set)

» Draw a large sample {Xi, ..., X} from the model distribution 7y

> Compute a divergence between the empirical distributions £ 37 | 6, and
% j=19%

Often, first map to a representation space, that is, compare {f(x1),...,f(xn)}

to {f(%X1),...,f(Xn)} for some pretrained representation f
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Sample-based evaluation

Compare samples from the model to samples from the data distribution

» Draw a large sample {x1, ..., x,} from the data distribution 7q.t. (a
held-out test set)

» Draw a large sample {Xi, ..., X} from the model distribution 7y

> Compute a divergence between the empirical distributions £ 37 | 6, and
% j=19%

Often, first map to a representation space, that is, compare {f(x1),...,f(xn)}

to {f(%X1),...,f(Xn)} for some pretrained representation f

» What divergence should be used?

ATML / deep generative modelling / Lecture 6 / 24.02.2026 Representation learning and evaluation metrics 12 /17



Optimal transport

The field of optimal transport studies distances between probability
distributions defined by moving samples from one distribution to another at
minimal cost. . .
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Optimal transport

The field of optimal transport studies distances between probability

distributions defined by moving samples from one distribution to another at
minimal cost. . .

» For two samples of size nin R, we can pair the two samples in n! says
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Optimal transport

The field of optimal transport studies distances between probability

distributions defined by moving samples from one distribution to another at
minimal cost. . .

» For two samples of size nin R, we can pair the two samples in n! says

» Find the one that minimises the average squared distance between paired
points; this is the (squared) 2-Wasserstein distance
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Optimal transport

The field of optimal transport studies distances between probability

distributions defined by moving samples from one distribution to another at

minimal cost. . .

» For two samples of size nin R, we can pair the two samples in n! says

» Find the one that minimises the average squared distance between paired
points; this is the (squared) 2-Wasserstein distance

» Can also be defined for densities or different numbers of samples
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Optimal transport

The field of optimal transport studies distances between probability
distributions defined by moving samples from one distribution to another at
minimal cost. . .

» For two samples of size nin RY, we can pair the two samples in n! says

» Find the one that minimises the average squared distance between paired
points; this is the (squared) 2-Wasserstein distance

» Can also be defined for densities or different numbers of samples

» Many generalisations and rich mathematical theory, connections
throughout ML
P Replace the squared distance with some other cost function
» Add entropy regularisation (~~ Sinkhorn distance)
» Connections with diffusion modelling, GANs, optimisation
(see [Peyré, ‘Optimal and Diffusion Transports in Machine Learning'] for interesting
examples)
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Fréchet Inception Distance

The Wasserstein distance between two Gaussian distributions has a
closed-form solution:

1/2
WEN (a1, 1), N (12, 52)) = 1 —pia [P+ Tr (21 + 5o -2 (5 5 )
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Fréchet Inception Distance

The Wasserstein distance between two Gaussian distributions has a
closed-form solution:

1/2
WEN (a1, 1), N (p12, 52)) = s —pa [P+ Tr (a + 55— 2 (5 %) )
To compute the Fréchet Inception Distance (FID):

» Embed samples from the data and model into a representation space
(using Inception model) to obtain f(x;) and f(%;)
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Fréchet Inception Distance

The Wasserstein distance between two Gaussian distributions has a
closed-form solution:

1/2
WEN (a1, 1), N (p12, 52)) = s —pa [P+ Tr (a + 55— 2 (5 %) )

To compute the Fréchet Inception Distance (FID):

» Embed samples from the data and model into a representation space
(using Inception model) to obtain f(x;) and f(%;)
» Fit a Gaussian to each set of embedded samples
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Fréchet Inception Distance

The Wasserstein distance between two Gaussian distributions has a
closed-form solution:

1/2
WEN (a1, 1), N (p12, 52)) = s —pa [P+ Tr (a + 55— 2 (5 %) )

To compute the Fréchet Inception Distance (FID):

» Embed samples from the data and model into a representation space
(using Inception model) to obtain f(x;) and f(%;)

» Fit a Gaussian to each set of embedded samples

» FID is the Wasserstein distance between these two Gaussians
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Fréchet Inception Distance

CIFAR-10 ImageNet (64 x 64)
Model NFE| FID]
bl T ot BigGAN-deep [3] 1 4.06
BigGAN [3] 1 1473
TransGAN [87] 1 926 DDPM [20] 250 110
VITGAN [42] 1 6.66 DDIM [76] 50 137
DDGAN [94] . 29 ADM [7] 250 291
Diffusion StyleGAN2 [90] 1 319
StyleGAN2 + ADA [30] 1 242 EDM [33] 223
StyleGAN3-R + ADA [32, 25] 1 1083 CT [79] 2 111
DDPM [20] 1000 321 CD [79] 3 432
DDIM. [76] 0 467 iCT-deep [77] 2 277
VE [78, 33] 35 311 _
VP [78, 33] 35 248 DMD [96] 1 262
Ours—Config E 1 196 Ours—Conlfig E 1209

from [Huang et al., ‘The GAN is Dead; Long Live the GAN!", 2025]
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Other sample-based metrics

Other options exist, some domain-specific:
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Other sample-based metrics

Other options exist, some domain-specific:

» Inception score (involves fitting a classifier to the data, comparing class
distributions of real and generated samples)
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Other sample-based metrics

Other options exist, some domain-specific:

» Inception score (involves fitting a classifier to the data, comparing class
distributions of real and generated samples)

» Maximum mean discrepancy (MMD)
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Other sample-based metrics

Other options exist, some domain-specific:

» Inception score (involves fitting a classifier to the data, comparing class
distributions of real and generated samples)

» Maximum mean discrepancy (MMD)

» Various metrics intended to better capture quality, diversity, and novelty,
e.g., feature likelihood divergence (FLD)
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Other sample-based metrics

Other options exist, some domain-specific:

» Inception score (involves fitting a classifier to the data, comparing class
distributions of real and generated samples)

» Maximum mean discrepancy (MMD)

» Various metrics intended to better capture quality, diversity, and novelty,
e.g., feature likelihood divergence (FLD)

» For images: LPIPS (not a distributional distance, but a distance between
individual samples, correlated with human judgement)
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Problems with sample-based evaluation

What is wrong with sample-based evaluation?
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Problems with sample-based evaluation

What is wrong with sample-based evaluation?

» Not always correlated with human judgement of sample quality, ignores
information not contained in the representations (for FID, in their
second-moment statistics)

+ Consistency Y Diffusion § Flow & GAN ¢+ Transformer 4 VAE

o
k. Cl

T T T T T T T T T T T T T T T T T T
— ; age
5 0.4 | CIFAR10 e o | ImageNet || LSUN Bedroom || FFHQ |
=1
- LX) ¥
£ 03F 1F ¥ t 1t #
ﬁ‘ Y oY Y L]
I-I:- 02+ 4 L * ¢ L + e 4k P @ i
g ++' + e |4 PO | " ¢
Ej 0.1 |y Lower FID — Lower FII} — Lower FID — Y Lower FID —
| RS T O o S Y I | Ll T B [ R |- 1 | | 1 1 1 1 | 1 1 | 1 L | 1 1
SELREeEESely) DY SEL OSSN 2 frz S NESGE FSSS
ST e ey $ S ST 85585558585
SOCHOOCONOT FTSOTSIN0ES SO L 00 S0 oINS o 3
59 TRl SSFTY SSS FRS IS S Ffy SFSSFS
I XLEEFRE S LTS I FEF5ESE §F L7
LEF &g s & $ FYIES F& 9
s ;
[Stein et al., ‘Exposing flaws of generative model evaluation metrics. ..", 2023]
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Problems with sample-based evaluation

What is wrong with sample-based evaluation?

» Not always correlated with human judgement of sample quality, ignores
information not contained in the representations (for FID, in their
second-moment statistics)

» Not suitable for conditional settings where only one sample of x is available
for each y (e.g., text-to-image generation)
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Problems with sample-based evaluation

What is wrong with sample-based evaluation?

» Not always correlated with human judgement of sample quality, ignores
information not contained in the representations (for FID, in their
second-moment statistics)

» Not suitable for conditional settings where only one sample of x is available
for each y (e.g., text-to-image generation)

» Often noisy (requires a large number of samples to get a reliable estimate)

%+__—_‘—'—-——

100 " [Jiralerspong et al., ‘Feature Likelihood
2000 4000 6000 5000 10000

Size Divergence. ..", 2023]
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Conclusion and looking ahead

v

Representation learning is a side effect of generative model training
Evaluation of generative models requires selecting a metric that is
appropriate for the model and the domain and reflection on the features
whose distribution is being compared

Likelihood-based metrics not always appropriate, especially for very
high-dimensional data where deep features are more important than
low-level details

Sample-based metrics can be more correlated with human judgement, but
are often noisy and rely on a good choice of representation
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Conclusion and looking ahead

v

Representation learning is a side effect of generative model training

» Evaluation of generative models requires selecting a metric that is
appropriate for the model and the domain and reflection on the features
whose distribution is being compared

» Likelihood-based metrics not always appropriate, especially for very
high-dimensional data where deep features are more important than
low-level details

» Sample-based metrics can be more correlated with human judgement, but
are often noisy and rely on a good choice of representation

» Next time: a different view on evaluating ‘generative Al'
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