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Unsupervised Learning Landscape

Data Distribution<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Explicit Density
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Implicit Density
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Tractable Density
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Appx Density
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Direct Estimation
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Sampling
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Markov Chain
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Markov Chain
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

GAN
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Variational
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

VAE
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Auto-<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Regressive
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Flows<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Others
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

• Note: this is not an exhaustive diagram
• We have not covered Markov Chain and Tractable Density

methods
◦ Tractable: NICE, Glow, MADE, PixelRNN, WaveNet, Masked

AutoRegressive Flow, Inverse Autoregressive Flow ...
◦ Make D constant, let G minimize the objective11-695: AI EngineeringConditional GenerationSpring 2019 3 / 50
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AutoEncoder Generation

• Assume the model is well-trained. For example in MNIST case:
• If we want to generate digit 1, feed image of 1 into Encoder and

use Decoder to generate itself ?!!
• Same thing as with other digits: Perfect results are perfect

mimicries of inputs.
• We can use feature vectors to control the generation but still

based on the same ”background”, e.g. same digit 1
11-695: AI EngineeringConditional GenerationSpring 2019 4 / 50



GAN Generation

Generated Data
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

N(0, I)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Raw Data
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

x ⇠ p(x)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Real
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Fake
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>G

<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

D
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

x̂ ⇠ p (z)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

• We have even less control on the generation
• Generator can generate any mode based on sampling
• Upside: it can generate completely new, cool images
• But still how can we learn the mapping of styles or domains?
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Example: VAE

Ground Truth
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Generate from GT
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Generate from Random
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

• The only way to control outputs is to feed ground truths (GT)
• Real case: want to generate new samples from N(0, I), we cannot

control output
• This case: VAE models 10 modes from input distribution, it

returns a random mode

• Why don’t we condition on the label (scalar) to generate exactly
the mode that we want?

11-695: AI EngineeringConditional GenerationSpring 2019 6 / 50
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Example: VAE

Ground Truth
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Generate from GT
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Generate from Random
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>
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• Real case: want to generate new samples from N(0, I), we cannot

control output
• This case: VAE models 10 modes from input distribution, it

returns a random mode
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We Want More for Outputs

• Recall from last slide: Can we generate images of digits from other
domain, e.g. from keyboard input?

• Can we adopt, say Van Gogh’s style into images w/o formal
drawing training?

11-695: AI EngineeringConditional GenerationSpring 2019 8 / 50
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We Want More for Outputs

• Can we change the style of input based on an random template?

11-695: AI EngineeringConditional GenerationSpring 2019 9 / 50



Different Input and Output Domains?

• Can we generate description based on images?
• Or vice versa?

11-695: AI EngineeringConditional GenerationSpring 2019 10 / 50
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We condition on an attribute/style

• So far: we generate from a latent representation x̂ = p(x|z)
• Now, we condition on an attribute a s.t. x̂ = p(x|z, a)
• The latent distribution is now changed from p(z) to p(z|c)
• Means that whatever input you have, you add one more input c,
• for both Encoder and Decoder (Generator).

11-695: AI EngineeringConditional GenerationSpring 2019 11 / 50
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Conditional VAE (CVAE)

Generated Data
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Raw Data
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

DECODE
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

ENCODE
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

x ⇠ p(x)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

d(x, x̂)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Reconstruction Error
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

q�(z|x, c)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

3
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Mode
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

DKL(q�(z|c)kp(z|c))
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

p (x|z, c)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

q�(z|c)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

p(z|c)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

x̂ ⇠ p (x|c)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

• Recall VAE objective: ELBO = log p(x)−DKL(q(z)‖p(z|x))
• Now CVAE objective: ELBO = log p(x|c)−DKL(q(z|c)‖p(z|x, c))

11-695: AI EngineeringConditional GenerationSpring 2019 13 / 50
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CVAE Results

VAE
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

CVAE
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Ground Truth
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Generate from GT
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Generate from Random
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Ground Truth
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Generate from GT
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Generate conditioned
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

on label 5
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

• How to edit VAE to make CVAE:
◦ Fuse c and input, e.g. as simple as concatenation
◦ Embed c into some dimensional space and fuse with input
◦ Inputs to Encoder and Decoder change only!

• Results is sharper (we implicitly make use of labels)
• And we can now control the mode of generation

11-695: AI EngineeringConditional GenerationSpring 2019 14 / 50
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Conditional GAN (CGAN)

Generated Data
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

N(0, I)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Raw Data
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

x ⇠ p(x)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Real
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Fake<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>G
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

D
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

3
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Mode
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

x̂ ⇠ p (z|c)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>c

<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

+ c
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

+ c
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

• Recall GAN objective:
minψ maxθ[Ex∼p(x)log Dθ(x) + (1− Ez∼p(z)log Dθ(Gψ(z))]

• Now CGAN objective:
minψ maxθ[Ex∼p(x)log Dθ(x|c) + (1− Ez∼p(z)log Dθ(Gψ(z, c))]

11-695: AI EngineeringConditional GenerationSpring 2019 15 / 50
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CGAN Results

• How to edit VAE to make CGAN: similar to CVAE
• And also, we can now control the mode of generation

11-695: AI EngineeringConditional GenerationSpring 2019 16 / 50
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InfoGAN

Generated Data
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

N(0, I)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Raw Data
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

x ⇠ p(x)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Real
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Fake<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

G
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

D<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>
3

<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Mode
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit> x̂ ⇠ p (z|c)

<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>c
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

+ c
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

+ c
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

q(c|x)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

• D also models distribution q(c|x), a variational appx for p(c|x)
• InfoGAN objective: minψ maxθ[LCGAN − λI(c,G(x, c))] where
LCGAN = Ex∼p(x)log Dθ(x|c) + (1− Ez∼p(z)log Dθ(Gψ(z, c))

• Variational Mutual Information:

I(c,G(z, c)) = H(c)−H(c|G(z, c)) (1)

= Ex∼G(z,c)[Ec′∼P (c|x)[logP (c′|x)]] +H(c) (2)

≥ Ex∼G(z,c)[Ec′∼P (c|x)[logQ(c′|x)]] +H(c) (3)

11-695: AI EngineeringConditional GenerationSpring 2019 17 / 50
Model: Xi Chen et al. 2016



InfoGAN Results

• Latent Representation can be disentangled
• c1 ∼ Cat(K = 10, p = 0.1), and c2, c3 ∼ U [−1, 1]
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Image credit: Xi Chen et al. 2016



InfoGAN Results
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Image credit: Xi Chen et al. 2016
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Neural Style Transfer using CNN

• Style Image an Input Image have features extracted at each CNN
layer of VGG
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Image credit: Leon A. Gatys et al. 2016 (Image Style Transfer Using Convolutional Neural Networks)



Neural Style Transfer using CNN

• White noise x is modeled into 2 components: content and style
• Each will have the respective loss
• Both losses are optimized together
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Image credit: Leon A. Gatys et al. 2016 (Image Style Transfer Using Convolutional Neural Networks)



Neural Style Transfer using CNN

• Training converges when x matches content and style

11-695: AI EngineeringConditional GenerationSpring 2019 23 / 50
Image credit: Leon A. Gatys et al. 2016 (Image Style Transfer Using Convolutional Neural Networks)



Cycle Consistency Loss

• Cycle loss is based on 2 phases: forward and back transfers
• Provides symmetric alignment intuition
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Image credit: Jun-Yan Zhu et al. 2017 (Unpaired Image-to-Image Translation using Cycle-Consistent Adversarial Networks)



CycleGAN

x
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F (G(x))
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• 1 Generator,
• 2 Discriminators (1 per each style).
• Augmented by cycle loss
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Image credit: Jun-Yan Zhu et al. 2017 (Unpaired Image-to-Image Translation using Cycle-Consistent Adversarial Networks)



CycleGAN

• Is known as unpaired image-to-image translation
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Image credit: Jun-Yan Zhu et al. 2017 (Unpaired Image-to-Image Translation using Cycle-Consistent Adversarial Networks)



U-Net

• Similar to Conv-Deconv
• Or (Auto)Encoder-Decoder
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Image credit: Olaf Ronneberger et al. 2015 (U-Net: Convolutional Networks for Biomedical Image Segmentation)



Pix2Pix

• Use CGAN to transfer styles
• Supervised by labels
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Image credit: Phillip Isola et al. 2016 (Image-to-Image Translation with Conditional Adversarial Networks)
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Professor-Forcing

• Can not use GAN directly for text domain for discreteness
• RNN is a go-to solution when dealing with this domain
• Still want to apply adversarial training:

◦ G: RNN as usual
◦ D: classify hidden states output between free-run and

teacher-forcing modes
11-695: AI EngineeringConditional GenerationSpring 2019 30 / 50

Image credit: Anirudh Goyal, Alex Lamb et al. 2016 (Professor Forcing: A New Algorithm for Training Recurrent Networks)



Cross-Alignment Text Style Transfer

E G+ Z + D2

Adversarial  
loss

• Encoder + Generator = enc-RNN + dec-RNN = Seq2Seq
◦ Encode: (text, style) = (xi, yi)
◦ Embedded Representation: (zci, zsi), drop style zsi,
◦ combined with new style for decoding: (zci, yj), j = i or j 6= i

◦ Result: x̂j (we have transferred from style i to j).
• Professor-Forcing between 2 styles:

◦ D1: distinguish x̂1|zc1, y1 and x̂1|zc2, y1

◦ D2: distinguish x̂2|zc2, y2 and x̂2|zc1, y2
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Image credit: Tianxiao Shen et al. 2016 (Style Transfer from Non-Parallel Text by Cross-Alignment)



Cross-Alignment Text Style Transfer
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Image credit: Tianxiao Shen et al. 2016 (Style Transfer from Non-Parallel Text by Cross-Alignment)



Adversarially Regularized Autoencoder

• EncoderRNN: encφ(z|x) = PQ (real), DecoderRNN: pψ(x̂|z)
• Generator from noise s ∼ N(0, I): gθ(z̃|s) = Pz (fake)
• Discriminator: real vs. fake using Wasserstein distance W between

Encoder distribution PQ and prior distribution Pz

• Objective: minφ,ψ [Lrec(φ, ψ)) + λW (PQ,Pz)]
11-695: AI EngineeringConditional GenerationSpring 2019 33 / 50

Image credit: Jake (Junbo) Zhao et al. 2018 (Adversarially Regularized Autoencoders)



ARAE Results
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Image credit: Jake (Junbo) Zhao et al. 2018 (Adversarially Regularized Autoencoders)



ARAE Results
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Image credit: Jake (Junbo) Zhao et al. 2018 (Adversarially Regularized Autoencoders)
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Cross-Domain Transfer

• So far: Style/Attribute transfer within the same domain: Image or
Text

• Cross-Domain Transfer/Translation:
◦ Image-to-Text: Image Captioning
◦ Text-to-Image: Image Synthesis
◦ Text-to-Audio: TTS (Text to Speech)
◦ Audio-to-Text: ASR (Automatic Speech Recognition)
◦ Any pair of modalities
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Image Captioning: Show-Attend-Tell

• Still Encoder-Decoder model
◦ Encode images by CNN
◦ Decode to text by RNN
◦ Attention to align spatial to sequential space

• Translate Image to Text, or generate Text conditioned on Image
11-695: AI EngineeringConditional GenerationSpring 2019 38 / 50

Image credit: Kevin Xu et al. 2016 (Show, Attend and Tell: Neural Image Caption Generation with Visual Attention)



Image Captioning: Show-Attend-Tell
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Image credit: Kevin Xu et al. 2016 (Show, Attend and Tell: Neural Image Caption Generation with Visual Attention)



Convolutional Image Captioning
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Image credit: Jyoti Aneja et al. 2017 (Convolutional Image Captioning)



Convolutional Image Captioning
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Image credit: Jyoti Aneja et al. 2017 (Convolutional Image Captioning)



Image Synthesis: StackGAN

• Two-phase generation (relate to Progressive GAN?)
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Image credit: Han Zhang et al. 2017 (StackGAN: Text to Photo-realistic Image Synthesis with Stacked Generative Adversarial Networks)



Image Synthesis: StackGAN
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Image credit: Han Zhang et al. 2017 (StackGAN: Text to Photo-realistic Image Synthesis with Stacked Generative Adversarial Networks)



StackGAN++
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Image credit: Han Zhang et al. 2018 (StackGAN++: Realistic Image Synthesis with Stacked Generative Adversarial Networks)



StackGAN++
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Image credit: Han Zhang et al. 2018 (StackGAN++: Realistic Image Synthesis with Stacked Generative Adversarial Networks)



Visual Question Answering (VQA)

• Reference architecture for VQA
• Extracting features from both and merge/align them using

point-wise multiplication
11-695: AI EngineeringConditional GenerationSpring 2019 46 / 50

Image credit: Aishwarya Agrawal et al. 2016 (VQA: Visual Question Answering)



Visual Question Answering (VQA)
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Image credit: Aishwarya Agrawal et al. 2016 (VQA: Visual Question Answering)



Up-Down Attention for VQA

• Still based on the reference model
• With up-down attention
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Image credit: Peter Anderson et al. 2017 (Bottom-Up and Top-Down Attention for Image Captioning and Visual Question Answering)



Up-Down Attention for VQA

• Faster RCNN to extract region vectors
• With up-down attention: using 2 LSTMs to align image-text
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Image credit: Peter Anderson et al. 2017 (Bottom-Up and Top-Down Attention for Image Captioning and Visual Question Answering)



Up-Down Attention for VQA
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Image credit: Peter Anderson et al. 2017 (Bottom-Up and Top-Down Attention for Image Captioning and Visual Question Answering)
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