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Initial Proposal

Deadline: This Sunday! Each project has <=4 students
This is initial proposal: | will provide feedbacks



Goal of This Course

Use Machine Learning to Build Intelligent Agents




Abstract View of An Agent: Multimodal Al

1T: observations — action
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Goal of This Lecture

Use machine learning to build a p(vision, language)




Generative Models

* A generative modelisa
distribution p(x)

* Primary kinds: VAE,
GAN, EBM, Diffusion

Figures CR: Kevin P. Murphy
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Generative Model Evaluations

* The “standard” way to evaluate a model is to look at the KL divergence
against a true distribution

Dy (p | Q)—/p( )1 8 4(@)

* In language model, the log likelihood can be computed

* Unfortunately, for many image-space models, it is too expensive to
compute the likelihood



Likelihood != Generation Quality

* Say we have two models: g, (good) and g, (bad)
QQ(.’L') = 001(]0(213) + 0.99q1 (a:)

* log g, (x) =~ log qo(x) — 2
* However, log g,(x) is proportional to the dinemsion



Generative Model Evaluations

* Sample quality
« Sample diversity
* Generalization



Generative Model Evaluations

« Sample quality
* Sample diversity
* Generalization



Sample Quality and Diversity

* The basic tool: FID score
* m: samples from the model
* d: samples from the dataset

FID = ||ty — trll3 + tr (Za + Son — 2(BaZm) /2

* |dea: computing the distribution of model outputs and dataset samplesin
a latent space (e.g., neural network feature)



Sample Quality and Diversity: FID Mixes the Two

* Abad FID score could mean: model generation is low-quality or model
generation is not diverse

* Some evaluation tricks: use nearest neighbor matching to compute
“precision” and “recall”

Figures CR: Kevin P. Murphy



Today’s Agenda

Part 1: Principles for T2| Generative Models
 VAEs, GANs, EBMs, Diffusion Models

Part 2: Principles for Implementations of T2| Generative Models
 Classifier-free guidance, label conditions
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Principles of Text-To-Image Generation (Model)

GAN: Discriminato Generator
Adversarial x| B8 > D(x) Z > x'
training
VAE: Maximize Encoder Decoder
.« e = » > - /
variational lower x 1 gg(z]x) >z po(x|z) X
bound
A EBM: ‘ Energy
pproximate X - ®
Maximum E(x)
likelihood
Diffusion Model:
Gradually add
Gaussian noise and X [« 2l < 20 . - lzr
then reverse

Figures CR: Kevin P. Murphy



Principles of Text-To-Image Generation (Model)

e Generator: py(x | z), producing observations.

E,(z)

e Energy model: ﬂ'&(m) X e . evaluating observations.

e Inference model: g,4(z | x), recovering latent explanations.

Figures CR: Han et al. Divergence Triangle



Principles of Text-To-Image Generation (Model)

VAE: Maximize Encoder Decoder
.. - !/
variational lower X qu(zlx) Z | po(x|2) X
bound

* AVAE model has a generator and a inference model

Y

L5(0, ¢|z) = —Eq, (1) [log pe(@|2)] +58 Dxr (4¢(2l2) || po(2))
EE ER

* There are two views of this loss function

Figures CR: Han et al. Divergence Triangle



The ELBO View

_ p(z) = N(0,1) Reconstruction
Observed input distribution

Match posterior to prior

Decoder
po(x|z)

| &

Assign high probability to the observed x

A

|

|

Y

> > Z =
9y (z|x)
z ~ qy(z|x)

(evaluate pg(x | z) at the original x ,
not the sampled reconstruction x)

ELBO(z) = E. . ¢,(z|) [log po(x| 2)] — KL(g4(z|2) || p(2))

~
Reconstruction: explain the observed x Regularization: stay close to the prior

log pg(x) = ELBO(2) + KL(gy(2|2) || po(z] %))

Nonnegative posterior gap

Maximize ELBO(x) < log pg(x)




The Continuous Entropy View

* Goal: build a codec for images that “minimizes” the entropy
* But the codec here is a continuous variable: how to define entropy?
* Solution: define a measure

D | m) = [ pla)tog 2 .

m(z)

Information-theoretic view: how many additional bits?

R(CL’) o KL(q¢(Z |z) || p(2)) Expected extra bits for coding z with the Gaussian prior
In 2 instead of the posterior.




Two Views of the Loss Function

 Both views are useful: one is from statistical ML, the other one is from
iInformation-theoretic optimization

* The second view yields VAE generalizations such as beta-VAE



Energy-Based Models

A EBM: ¢ Energy

pproximate X ®
Maximum E(x)

likelihood

* Let’s define the density function directly

0

Y

* Zis known as the partition function Zg = /exp(—&g(x)) dx

* Key insight: We can draw samples from p without computing Z



Langevin Dynamics (MCMC)

po (x) = eXp(—Zie (x))

* Intuition: let’s do gradient decent on this function to getter a better and
better sample

Vx logpg (X) = —ngg (X) — Vx log Z@ = —ngg (X)
=0
€2
xFt o xk 4 b Vx logpg(x"’) +ezF, k=0,1,--- K —1.

Z—nge (X)

k

e 7" are Gaussian noises. Why do we need £4?



The “Correct” Noise Schedule

k

e z¥ are Gaussian noises. Why do we need £2?

2
xFTL  xF —I—%Vxlogpg(xk)—l—ezk, k=0,1,--- , K — 1.

Z—nge (X)

« What’s the variance of Y, €z*?
o 2]
=

* We require that the total noise steps > total gradient steps to avoid local
optima



Optimization of Energy-Based Models

* First idea: contrastive learning

Real data
(positive phase)

X ~ pdata(x)

Zreal

R ﬂ —>
”

e

MCMC negative
samples (model samples)

x ~ pg(x) (approx.)

Energy network

Eg(x)

HE

Shared parameters 6

Eg (xreal)

Ey (wneg)

Gradient of the negative log likelihood
Vo(—log pg(z)) = E, .0 (x) [VoEo(2)]

) [VoEg(z)]

Lower energy at real samples
Raise energy at model samples

* You can do other contrastive losses too (hard-negative sampling, softmax)

* We are getting close to GANSs :)



Score-Based Models

* We need to know the gradient of € anyway
2

xFTl o xF 4 % Vx logpg(x’“) —|—ezk, k=0,1,---

=—Vx€o(x)
* Let’s just learn the V,.&(x) directly
* This is usually called the score function



Optimization of Energy-Based Models

* Second idea: Score Matching

* Key insight: If two energy functions have the same first-order derivative,

they are the same

TRAINING
(1) Real data (2) Add Gaussian noise (3) Energy network (4) Differentiate with respect to input
T ~ Diata () y=xz+o0€, e~N0,I)
O +=O »| Energy »[ so(y) = —VyEe(y)_]
= J EO (y) l Predicted score l
(blue)

t(x,y) = =52

[ Known conditional score
'

o2

|
|

(orange)

* We are getting close to diffusion :)

7~

.

Denoising score matching loss

1 € ||2
Lpsm(0) = §]Ex,e [ so(x + oe) + = H ]

7




Noise Choice in Score Matching

Estimated scores

Data density

Perturbed density

Figures CR: Yang Song
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Ep(x) || Vx log p(x) — so(x)|13] = / p(x)[|Vxlog p(x) — s(x)||3dx.

I

Py (= / PN (x; y, 02 1)dy.

T

Large noise



Good Properties of Energy-Based Models

* Energies are Additive

Smiling Energy
Function

—— E,(x)

Female Energy
Function

— E (x)

|

Minimize Energy

Figures CR: Yilun Du
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Good Properties of Energy-Based Models

* Energies are Additive

Smiling Energy
Function

@
l
3

b
a
R s

Female Energy
Function

———————————————————————————————

Minimize Energy
Figures CR: Yilun Du



Good Properties of Energy-Based Models

* Energies are Additive

energy A energy B energy A + B

Figures CR: Yilun Du



Caveats about Energy Composition

* Directly adding up the score = an MCMC estimate of the true score
* [tis NOT a closed-form solution to the joint score

* Therefore, doing 1-step MCMC does not guarantee convergence

p1(x) True Result Reverse Diffusion HMC
s * @ - »y »
L » % — “ 0
T " - e -
- - - - A . . .
~ + - — - m R » -
- - - - PR - A




Good Properties of Energy-Based Models

* With energies, we can do adaptive computation

Sudoku Performance vs Optimization Steps

8 2 1 6 3|8 100 - ————- P P PO °
9 4 3 7
5 4
4 9 8 6 § 90 -
6 1 5 92 4 1 9 g 80 -
8 31 2 7 7 9 215 s
2 9 4 1 5 6 L 70
9 1 7 2 ™ 60 -
4 7 3 9 1 7 <
2 6 9 8 1 " 50 1 -#-- Test Dataset
Harder Dataset
. 40 . [ ] ,
Sudoku (Few Given Numbers) 5 10 15 20

Optimization Steps Per Landscape

* With more optimization steps, we can solve harder problems

Figures CR: Yilun Du



Good Properties of Energy-Based Models

* With energies, we can do adaptive computation

Sudoku Performance vs Optimization Steps

8 2 1 6 318 | 100 I £ S S C— Y
5 4
4 9 8 . _ . . .
6 1| 5 092 Learning Iterative Reasoning through Energy Diffusion
8 31 2
9 1 7 . .
p Yilun Du'!” Jiayuan Mao!" Joshua Tenenbaum !
2 6 9 - Test Dataset
| Harder Dataset
. 40 - , . .
Sudoku (Few Given Numbers) 5 10 15 20

Optimization Steps Per Landscape

* With more optimization steps, we can solve harder problems

Figures CR: Yilun Du



Diffusion Models

Diffusion Model:
Gradually add
Gaussian noise and
then reverse

- --- Zl*- ----- 22‘ ------ se e se e s -

* There are so many good resources online
* https://lilianweng.github.io/posts/2021-07-11-diffusion-models/

>
>

Noise

po(x¢—1]xt) = N (x¢—1; pg(xt, ), 071)

Figures CR: Arash Vahdat
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Diffusion Models

Use variational lower bound

\——"

\~—_—

----------------------------------

Figures CR: Lilian Weng



Diffusion Models

Algorithm 1 Training Algorithm 2 Sampling
1 repeat 1: xr ~ N(0,1)
2: xowq(xo) 2: fort=1T,...,1do
i' tN[J{;l(lémiI)n({l"“’T}) 3: ZNN(O,I) ift>1l,elsez=0
L €~ : N
5: Take gradient descent step on 4 X1 = ﬁ (xt — —L\/Iﬁ eﬂ(xt,t)) + 01z

Vo ||e—eg(\/&_tx0+\/1 —(jéte,t)H2 5: end for

6: until converged 6: return xo

Figures CR: Lilian Weng



Diffusion Model: Notes

* Diffusion models can be viewed as a sequence of EBMs
* Between different stages, we do only 1 step of Langevin dynamics

\ | {
\ > ]
94 d / ,
E§(x,y) E5(x,¥) Ef (%, y) EX(x,9)

* |t is easy to train because we are supervising on the score function!



Principles of Generative Models (for V-L)

* Key ideas of modeling: generator, inference model, and energy model

* Key ideas of optimizing:
* MLE, with ELBO (VAEs, diffusion models)
* negative contrastive learning (GAN, EBMs)
* score matching (EBMs, diffusion models)

* Key advantages of the EBM view: compositionality, iterated optimization

* Many ideas can mix and match



Today’s Agenda

Part 1: Principles for T2| Generative Models
 VAEs, GANs, EBMs, Diffusion Models

Part 2: Principles for Implementations of T2| Generative Models
 Classifier-free guidance, label conditions



BigGAN
* Standard GAN-Training with a Hinge loss
Lp =E,, [max(O,l — D(x, y))] - IEZ,y[maX(O,l + D(G(z, y),y))]
Ls = —E,y[D(G(z,y),y)]



BigGAN

* Using a larger batch size gives more precise gradient estimation
* GAN training requires a lot of tricks like this
* They also mentioned spectral normalization

Batch size Channels Parameters FID ¥ IS »

256 64 81.5M 18.65 52.52
512 64 81.5M 15.30 58.77
1,024 64 81.5M 14.88 63.03
2,048 64 81.5M 12.39 76.85




Important Trick: Truncation

* During sampling, only generate from latents close to the mean

Threshold 2 Threshold 1 Threshold 0.5 Threshold 0.04



DDPM Practice: Prediction Targets

* Noise prediction:

A A ~ X¢ — b€
€ = €g(x¢, t) Le = E[||€ — €] Xo = ——
t
* Target prediction:
Xo = xo,9(x¢, t) Ly, = E[]lXo — x01/°]
* Velocity Prediction:
e Ly = E[||? - v]*] %o =2+ -0

b =ve(zt) €=z —tD



DDPM Practice: Prediction Targets

(a) x-pred
Ty = netg(zt,t)

(b) e-pred
€p = netg(zt,t)

(c) v-pred
Vg = netg(zt,t)

(1) x-loss: E

g — &L

Lo

xg = (ze—(1—t)eg)/t

xop = (1—t)vg+2:

(2) e-loss: E

€p — €

€9 = (zt—txg)/(1 —1)

€0

€g = 2+—1tvg

(3) v-loss: E

Vo — U

vy = (g —2t)/(1 — 1)

vo = (z1—€p)/t

Vo



DDPM Practice: Prediction Targets

ground-truth x-pred e-pred v-pred

15 15 15 15
10 10 104 10
0s os 0s{ 0s
00 00 0of 00
D 2 0s -os 031 03
- 1.0 -10 -104 10
15 13 131 15
20 20 20 20
20 -is <10 05 oo 05 1o 15 20 25 20 -1s -lo -5 00 05 10 15 2o 25 20 15 <10 05 00 o5 10 15 20 25 “20 15 -lo 05 00 05 10 15 20

(a) x-pred (b) e-pred (c) v-pred 10 10 1

xg = netg(z,t) € = netg(z,t) vg := netg(z:,t) i o A »

(1) z-loss: E||zs — z|° s wo = (zi—(1—t)e)/t | mo = (1—t)vatz AP e o .
(2) e-loss: Elles — €| |€o = (ze—txo)/(1 1) €9 €9 = z—tug D=8 o 10 101 -0
(3) v-loss: Ellve — v|? | ve = (®o—2:)/(1 — 1) =

Vg = (zt—ee)/t Ve
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DDPM Practice: Prediction Targets

(a) x-pred
Ty = netg(zt,t)

(b) e-pred
€p = netg(zt,t)

(c) v-pred
Vg = netg(zt,t)

(1) x-loss: E

g — &L

Lo

xg = (ze—(1—t)eg)/t

xop = (1—t)vg+2:

(2) e-loss: E

€p — €

€9 = (zt—txg)/(1 —1)

€0

€g = 2+—1tvg

(3) v-loss: E

* Conclusion: Use x-prediction, v-loss

Vo — U

Back to Basics: Let Denoising Generative Models Denoise

vy = (g —2t)/(1 — 1)

Tianhong Li

vo = (z1—€p)/t

Kaiming He

MIT

Vo

* Intuition: CNNs are good for modeling the “real” image space



Latent Diffusion

* The diffusion acts on spatial latent features instead of RGB pixels

* At generation time, sample a latent and decode once; Text enters the
denoiser through cross-attention

' ' Latent Space 6onditionina
a —I Diffusion Process )I Eema““q
Ma
P Denoising U-Net €y 2T Text
(T — 1) Repres
entations
Z 271 ZT
\F_'|xel Spacg r
To
Pd 2 T
switch  skip connection concat - J

denoising step crossattention



Compression Ratio

500 FID vs. training progress Inception Score vs. training progress
~— LDM-1 40
- LDM-2 v
150 —— LDM-4 S 30
—— LDM-8 v
0 - S «
= 100 LDM-16 2 -0 -
— DM-32 8 _——
v ==
- = %
0.0 0.5 1.0 | 2.0 0.0 0.5 1.0 1.5 2.0
train step le6 train step leb

* Very small down sampling leaves expensive image modeling to diffusion

* In practice, all of these LDMs are very “local;” Changing a single code
dimension introduces small local changes in the image



Cross-Attention for Vision-Language Alignment

Q:HWQ) K:TWK; V:TWV

* This is similar to the MaskCLIP alignment trick between language latents
and image latents



Classifier Guidance

thlogpt(xt | c) = thlogpt(xt) + thlogpt(c | x¢)
* Goal: use a classifier to guide the model to generate a particular class
* |ssue: need a classifier that works for every noise level

52



Classifier Guidance: Dropout Training
thlogpt(xt | c) = thlogpt(xt) + thlogpt(c | x¢)
* Sample an image—condition pair

* Replace the condition with a null condition with probability p
* Train the same denoiser with the same noise-prediction loss

53



Classifier Guidance: Inference

€ = €u S(Ec — Eu)

* Scale 0 gives the unconditional prediction; scale 1 gives ordinary
conditional sampling

* Larger scales emphasize the difference induced by the condition

54



Classifier Guidance: The Density
S¢ = Syt + S(Sc,t — Su,t)
$¢ = Vlog[p, (x¢ | ) pe(x)' ]

P (e 1 ) pe ()™ < pe(xe) pe(c | x,)°

* We are basically trading-off diversity and quality
e Similar to the truncation trick!

55



Higher Guidance Can Worsen FID while Raising IS

Guidance w Equivalent s FID v IS »
0.0 1.0 7.27 82.45
0.3 1.3 2.43 158.47
1.0 2.0 7.86 297.98
4.0 5.0 21.53 421.03

56



Higher Guidance Can Worsen FID while Raising IS

Left: ordinary conditional sampling. Right: classifier-free guidance with w = 3.

57



Principles of Implementations of V-L Generative Models

* Key idea 1: condition your generator
* Key idea 2: trade-off diversity and quality (BigGAN, CFG)



Reference Books

Probabilistic Machine Learning: Advanced Topics

by Kevin Patrick Murphy.
MIT Press, 2023.

Probabilistic
Machine Learning

Advanced Top

Kevin P. Murphy




Questions for Discussion

* What are the tradeoffs between generators, inference models, and energy
models?

* What would be a good evaluation metric for generative models in your
domain?

* What are compositional structures in your research domain?
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  𝜀


   ∇ x 𝜀 ( x )


   L D =  𝔼  x , y  [  max  (  0 , 1 − D  (  x , y ) ) ] +  𝔼  z , y  [  max  (  0 , 1 + D  (  G  (  z , y ) , y ) ) ]


   L G = −  𝔼  z , y  [  D  (  G  (  z , y ) , y ) ]


   𝜖 ^ =  𝜖 𝜃  (   x t , t )


   L 𝜖 = 𝔼  [  ‖  𝜖 ^ − 𝜖  ‖ 2 ]


     x ^ 0 =    x t −  b t  𝜖 ^   a t


     x ^ 0 =  x  0 , 𝜃  (   x t , t )


   L   x 0 = 𝔼  [  ‖    x ^ 0 −  x 0  ‖ 2 ]


  v =  x 0 − 𝜖


   v ^ =  v 𝜃  (   z t , t )


   L v = 𝔼  [  ‖  v ^ − v  ‖ 2 ]


     x ^ 0 =  z t +  (  1 − t )  v ^


   𝜖 ^ =  z t − t  v ^


  Q = H  W Q ,     K = T  W K ,     V = T  W V


  Attention  (  Q , K , V ) = softmax  (    Q  K ⊤   d ) V


   ∇   x t log  p t  (   x t ∣ c ) =  ∇   x t log  p t  (   x t ) +  ∇   x t log  p t  (  c ∣  x t )


   ∇   x t log  p t  (   x t ∣ c ) =  ∇   x t log  p t  (   x t ) +  ∇   x t log  p t  (  c ∣  x t )


   𝜖 ^ =  𝜖 u + s  (   𝜖 c −  𝜖 u )


     s ^ t =  s  u , t + s  (   s  c , t −  s  u , t )


     s ^ t = ∇ log  [   p t    (   x t ∣ c ) s  p t    (   x t )  1 − s ]


   p t    (   x t ∣ c ) s  p t    (   x t )  1 − s ∝  p t  (   x t )    p t    (  c ∣  x t ) s

