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Summary

Probability distribution of the objective based on the observed data
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* Machine Learning Methods Good Model Good Data
o Gaussian Kernel Density Estimation 7
G 11 Mixture Model Using existing function to estimate what you do
o Gaussian Mixture Models —

not know that can best fit your observation

* Deep Learning Methods
o Auto-Encoder (AE)

o Variational AE (LLM is actually a VAE) Using learnable function to estimate what you do

not know that can best fit your observation
o Generative Adversarial Network

o Diffusion Model -
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Problem?

Using existing function to estimate what you do not know that can best fit your observation
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What you have is some low-dimensional data
But what you want to model is some high-dimensional data, how it could be?
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Problem?

What we want: model any data distribution

I How to transform any data distribution to low dimensional data?

What we have: kernel density estimation to estimate low dimensional PDF

Kernel Density Estimation

Input

Someway to transform
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Summary

Probability distribution of the objective based on the observed data
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* Machine Learning Methods Good Model Good Data
o Gaussian Kernel Density Estimation 7
G 11 Mixture Model Using existing function to estimate what you do
o Gaussian Mixture Models —

not know that can best fit your observation

l PCA Dimensional Reduction

* Deep Learning Methods
o Auto-Encoder (AE)

o Variational AE (LLM is actually a VAE) Using learnable function to estimate what you do

not know that can best fit your observation
o Generative Adversarial Network

o Diffusion Model -



From PCA to Auto-Encoder %
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[ High-dimensional data often lives on non-linear manifolds that cannot be captured by linear models such as PCA ]

Linear dimensionality
Reduction

 Forward transform: WTx
* |nverse transform: w
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Can we add nonlinearity?
Pot Yes, then it becomes

956 X neural network!
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Auto-Encoder

AE

Input
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Class-supervised Auto-Encoder

AE

Input
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Problem with AE
Input

\Latent represemation/
|: Encoder I
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Need to estimate the latent distribution post-hoc!
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Solution — Sliced Wasserstein AE

&

Sliced Wasserstein Distance
between two distributions!
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Solution — VAE

E, [bgpe(ﬂ?(i) | Z)] — Drr(gs(z | ) || po(2))

p -

7
~
IEx~pX[||x — f”z] E(m(z) ; 9’ (’b) Dyr(gs(2|z) || p(2)) =%il a‘ +p_?—1—loga‘_f:|

(1) Reconstruction loss: given z — decoder — x and setup the reconstruction loss

(2) KL divergence: how to optimize the KL divergence between two gaussian distributions?

Sample z from: z|$ ~ N “Z|fﬂ Z|5‘-‘) Sample x | z from: x|z ~ N(.u':clza :rlz
Hz|x z|z: M|z a:|z
Encoder Network Decoder Network
po(z2)

(parameters cb) (parameters 0)




Problem

One-shot
Generation




Diffusion

Data

Generating samples by denmsmg

Can we construct the image step by step?




Diffusion
Data Destructlng data by addlng n01se — N01se |
data distribution x¢ ~ g(xp). X1,X2 ... X7 wWith transition kernel q(x; | x;—1)

q(x¢ | X¢-1) = N(x¢; V1 = Prx¢—1, Btl), Pt € (0,1) is a hyperparameter




Diffusion

Data Destructmg data by_addlng n01se —>_ N01se_

00O

data distribution x¢ ~ g(xp). X1,X2 ... X7 wWith transition kernel q(x; | x;—1)
[ q(x¢ | X¢-1) = N(x¢; V1 = Prx¢—1, Btl), Pt € (0,1) is a hyperparameter ]
Recursive plz: | ®o, @1, . 21) = p(a: | 2-1)
!
2, =1 fize1 + VBre: where & ~N(0,I) — Markov Chain Property
_— v v | 1 S Y = t
[ q(x: | x0) = N (Xz; Varxo, (1 — az)l). witha; = 1- frand a; =[], o:s,]
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Diffusion

Multi-step
t=100

Distribution at t=100

Multi-step

Distribution at t=500

t=500

Multi-step

Distribution at t=999

t=999

35 4

mm Original
Multi-step t=100
One-shot t=100

mmm Original
Multi-step t=500
One-shot t=500

B Original
Multi-step t=999
One-shot t=999

Standard
Gaussian




Diffusion

Data Destructlng databy _{addmg n01se —> N01se

il

data distribution x¢ ~ g(xp). X1,X2 ... X7 wWith transition kernel q(x; | x;—1)

00O

pr € (0,1) is a hyperparameter
q(xs | x0) = N (xz; Varxo, (1 — @)l). with a; :=1— f; and a@; = szo As,

t > o,a; —> 0,
P(Xt 11X+ q(X¢|x¢) - N(0,1)




Diffusion
Data Destructmg data by addmg n01se — N01se
data distribution x¢ ~ g(xp). X1,X2 ... X7 wWith transition kernel q(x; | x;—1)
pr € (0,1) is a hyperparameter
q(xs | x0) = N (xz; Varxo, (1 — @)l). with a; :=1— f; and a@; = szo A,
Po (X¢-1(X¢)
Approximate t > o,a; —> 0,

(X1 X)) q(x¢|x0) = N(0,1)




Diffusion

p(z) = f pa(z|2)p(2)

) — 1) Po(E12)p(2)
) = [ aslele) 222D 0ol

o 1) 18 B 220

po(z|2)p(2)

Figure 1 - Graphical Model for VAE

log p(x) = E, g, (22 []Gg nelr|z
gs(2/x) q¢{z|m) fﬂ( ‘ )
Figure 2 - A Hierarchical VAE
= f f pa(x, 21, 22)dz1, dzy
zy o 23 Q¢(21|513) o (22‘21

-

p(z) )

) = [ [astemle)
po(z, 21, 22) ] po(x|z1)  po(21]22)

gs(21, 22|z) |

p{m) = Ezhzz"-%[ﬁl:z:a -"-'] [
plz, z1,22) = P($|21JP(31|22)P(22)

Pﬂ(I, Z1, 22] ]
gs(21, 22|2) | q(21, z2|z) = g(z1|z)q(22|21)

log p(z) = E., 2q,(z,,2.02) llﬂg
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Diffusion

Figure 2 - A Hierarchical VAE

Q¢(21|$) qo (2»“2\21

po(z, 21, zz]j|

108 P() > Es .o o [lag .
pEtn = TP ge(21, 222)

po(x|z1)  polz1]22

-

Po (Xo.1)
1 > FE 1
Og p(X) - xl:T~q¢(x1:T|x0)[ Og qu (xl:Tlxo)] @ @ @
Do -

_ po(xT) HZ:=1 Po(Xe—1lxt)
_IEX1:T~Q¢(x1:T|xO) [log M, qe (Xelxe—1)

[Exl TNCI¢(X1 T|x0) [logpg (xT) + Z —1 IOg Pe(xt—1|xt)]

q¢ (Xe|xe—1)



https://angusturner.github.io/generative_models/2021/06/29/diffusion-probabilistic-models-I.html
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Diffusion

xt‘It 1

T
Po (Xe—1]Xt) @ @ e @
> E I Z log e )
logp(x) 2 x1:T~¢I(x1:T|xO)[ ogp(xr) + e Q(xt|xt—1)] .\w

Po(Ts—1|7¢)

Link
Q(E!fllzh'zﬂ) N(Zt 1,;}.(:1:,;,.120) ﬁ.ﬁI}
B 7 Data —— Destructing data by addir gnose—szc
: : I ; 5
T
Pﬂ(-‘ﬂc—llfﬁ)
L := B, | ~log p(xr) + log q(ar o) — log py(zolzr) — Y _ log
~  a(zi1]ze, o)
Lr Ly k - . oy oo e
L Lia <4 Given x;, how to revert x,_; using decoder
- ] FHLT: L|1T'r]- J"h'rf:l!i '|1Hﬁ'{-rr|t}.{’t }
Pﬂ(-‘ﬂt—ll-’fe)
L:=E —10 T log g(z7|x —10 Tglzy) — log . "
q g p(zr) + log g(zr| ﬂ] g Po(zo| l] ; a(ze1|Te, o) KL(PHQ):%[IOE%-M-H(& o) 4 (i — o) (m—po)}
LT Lu ¥ 7
| Ly J

Vo 15 Var(l— & 1)

_ _ ] i, (x4, o) = —xp + ~ T
FES & ‘i !‘i : The problem is every-time you need t 1- 0“1 . 1-a
0 - to calculate the target mean value B, = 1_ i B
—

ar =1-— ,Bt and d&y = Hz=0 o 2

1
Li = Et,zh:rl] [F ||ﬁ¢(1‘rn Tvﬂ} - #E(mt: t)”] +C <«

Ty
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https://angusturner.github.io/generative_models/2021/06/29/diffusion-probabilistic-models-I.html
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Diffusion
1 _ .
Lty = Ei 20 257 | (e, o) — polze, t)||| +C ) = Y ),
G—t — O — O}
- l—at_]_
}Bt = 1- & ﬁt

ar=1-Byand a; = TT:_; as

q(x¢ | xo) = N (x¢; Vasxo, (1 — a)l).

- M1=a
X, = /@xo + /(1 — Tpe Yo = = = =
V- 1B x \/at(l—“t 1)

e (g, x0) = 1-a, ot 1-a,
2 ) = \/at 1B [ Xe —+/1 — € \/“t(l — T—1) 1 For a given x;,
Helte %o Ja: 1-a (xt w/ add a noise

t

uo(x, t) = \/i ————=¢€9(x, 1))

Wed d to calcul
= Eaqct [[|€ — €a(@t(z0,€), )] mean bt only do formard diftusion
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Diffusion

-Et‘% 1

1
Li 1 =E; ;20 292 | 2y (24, 20) — po(s, t)”] +C @ @ @ @

o
: po(Ti—1|xs)

= Eazyet [||€ — €s(xe(20,€),t)]|]

ink
B, (ze, o) = I&t_':ft zg + \/Q_til__(_ft_l} T
Bo=—2tlp
Algorithm 1 Training 1o &

a; '=1—frand a; = Hi:o s

l: repeat
2: xg ~ q(xq)
3: t ~ Uniform({1,...,7})
4 N(0,T)
5: Take gradient descent step on
Vo ||€ — es(v/@rxo + V1 — ase, t)||”
6: until converged
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Diffusion

-Et‘% 1

1
Li 1 =E; ;20 292 | 2y (24, 20) — po(s, t)”] +C @ @ @ @
gy

po(Ti—1|xs)

= Ezyct [|l€ — es(@t(z0, €), ) Link

Algorithm 2 Sampling

s xy ~ N(0,I)
fort=1T,...,1do
z ~N(0,I)ift > 1,elsez =0

1 1—cx
Xp-1 = o (xf, - f.i—‘fg(xt ?:]) + 0,7
end for
: return x

AR T

4($t—1|ﬂ=n$0) = N(mz 1;&(%&0) 3;

\/a’t 1,3t Xe —y1—-ae \/at(l_at 1)x :i(x— B o
\/?t 1—a; ‘ Vay ‘ Jv1—a;
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Diffusion

Code Demo



https://www.kaggle.com/code/vikramsandu/ddpm-from-scratch-in-pytorch

LLM Generation

How can we model the LLLM generation under our framework?




LLM Generation %

E ~ ‘ time ‘ ~N there |------- >
! ! !
LLM LLM LLM
! ! !
’ Once upon » | Once upon a ——>»| Once upon a time
" ¥ s J

- - o o o xh

X{ = x5 = x5 = > X Padding to be the
same length

xf = xf > xf > o 1
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LLM Generation %

|S| |S|
P(X) = P(XS) = 1P(X1,X2, e X1 0) Different sequences are independent
S=

Hlsl H > P(X1]X1.1-1)

Given previously observed sequences, what is the
probability of observing the ground-truth next token?

Paris is The LM e slogts = probabilities
C‘.ty I so‘ptmax

npu‘t text rodel = Bloom Q'P | l 0.33?

T that [ ] 0.153

Po\risIf;r'the eity) where 0.0a4

tokenizer { with [:] 0.0€3

( 652142%131(12 50=¢
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