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Discrete Diffusion Models in the news

£, Inception Labs
We achieve over 1000 tokens/second on NVIDIA H100s. Blazing fast
generations without specialized chips!

Generative Al Gets Shaken Up By Newly
Announced Text-Producing Diffusion LLLMs
: " FORTUNE

HOME  WIWS  FORTUNESOD TECH FNANCE LEADCRSHP  UFESTUE  MULTIMEDI

= sewch

Gemini Diffusion was the
sleeper hit of Google I/0
and some say its blazing
speed could reshape the Al
model wars

@ <
Slide: Subham Sahoo
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Diffusion LLMs generate text in arbitrary order

MDLM Sampling step: 00/30

Austin et al., “Structured Denoising Diffusion Models in Discrete
State-Spaces”, NeurlPS 2022
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Discrete diffusion models and discrete flow matching

- Models for discrete sequence data: Language, protein sequences, etc.
- Note: There is no diffusion/SDE and also no flow/ODE in discrete space.
- Rather: Learning principles of flow matching and denoising can be
generalized to discrete data!
- Mathematical model: Continuous-time Markov chains (CTMCs)
- Today:
- CTMC Models
- Discrete Flow Matching:
- Discrete Probability Paths
- Discrete Marginalization Trick
- Discrete FM objective
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Continuous Time Markov Chains
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Figures: Andrew Campbell
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Example - Continuous-time Markov chain

State space S = {a,’ b} Rate matrix Q= ¢

By showing evolution equation (taking derivatives), one obtains:

<p(Xt+h =alX,=a) p(Xesn=alX; = b)) 1 (1 fe 21— e-“h)

p(Xern =bXe =a) p(Xen =bXs=b)) 2 \1—e 2\ 1420

Pih)

Convergence for h to infinity:

—

M= D=
N[= N[
\
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Examples of neighbors Qf (z|a‘;) = O

X andy are N X X X X X |

neighbors

Y and z are

neighbors y . . ‘ . . .
Z and x are not

neighbors N X | . 00
1 2 3 4 5 6
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Figures: Yaron Lipman
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Algorithm 7 Sampling from a Factorized CTMC Model (Euler / 7-leaping)
Require: Rate network QY (factorized), initial distribution pini;, number of steps n

1: Set t + 0

2: Set step size h < %

3: Draw a sample X ~ pinit, where Xy = (Xél), .. .,Xéd)) %

4: fori=1,...,ndo

5. Compute factorized jump rates {g;(v)}j=1..4, vev  QJ(- | X)

6

¢

8

Sampling
from

factorized
CTMC Define the per-position Euler transition probabilities (- | X = z) by

models hq;(v), v#w,
Piavl®) = 41 _p /

for j =1,...,d (in parallel) do
x Xt(") {current token at position j}

(v'), v=u=.
veV\{a}
o: Sample X)), ~ CATEGORICAL({f+(v | ©)}uev)
10:  end for
11:  Sett«t+h
12: end for

13: return X
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Diffusion LLMs generate text in arbitrary order

MDLM Sampling step: 00/30

Austin et al., “Structured Denoising Diffusion Models in Discrete
State-Spaces”, NeurlPS 2022
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Generative Modeling with CTMCs

Data distribution: E.g. distribution

poainls) (s € 8) HEF

Initial distribution: E.g. uniform

Pinit (Z ) ( z € S ) distribution 1

pinit(z) = E

Goal: Convert “Noise” to Data with a CTMC

CTMC

X0 ~ Pinit X1 ~ Ddata

11/33



Continuous Flow Matching

Conditional Conditional Conditional
Probability Path Vector Field Flow Matching Loss
Marginal | Marginal Marginal
Probability Path Vector Field Flow Matching Loss
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The Discrete Flow Matching Matrix

Conditional | Conditional
Probability Path Rate Matrix .
Discrete
Marginal B Marginal B Flow Matching Loss
Probability Path Rate Matrix
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Example - Factorized Mixture Path

Scheduler: () < g; < 1 such that
Ko = 0, K1 = 1

Keand 1-Ke

Idea: Noise each token independently with probability K¢
d

(@] 2) =] [@-ro)

J=1

(4)
DPinit
Downweight noise Upweight data

Sampling procedure:

(3

(25) + K 62, ()|

G
~ pirjli)t

j=1,....d

m; ~ Bernoulli(x),

&

zj =mjz + (1 -m;)&;,

T = (21, ,Ta)

Check for yourself
that this is a cond.
prob. path!
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Kolmogorov Forward Equation

Discrete analogue to the continuity equation.

A CTMC with rate matrix Q_t follows the probability path

Xe~pe (0<t<1)

if and only if the Kolmogorov Forward Equation (KFE) holds:

Cpu(a) = Y Qulaly)p )

yeSs

| change of probability | | Net inflow |
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Conditional Rate Matrix for Factorized Mixture Path

The conditional rate matrix for factorized mixture path is factorized (i.e. rates only
non-negative for one token updates) and given by

Qi (wlz) = (QF (i dle))u
Qi (v dles) = T (82, (01) = 8z, (v)
t

. | If current token correct, zero rate

0 ifz;=g2

g if v, = 2. .1 . If incorrect, jump to correct
_ hy 1 if v; = 25,%; # 25 tékenp
1-k ;
t 10 e QO 25 Faio fing £4 55
-1 ifuy; = T, T # 2 Outgoing ratg from current token, if
incorrect
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Value

Rt
,ﬁ;i& 1— K¢

Ke=tand ke=1-t Ke/(1 - k) for k; = t (cutoff at 20)

1o 200
17.5
08
15.0
06 — 125
—_— K=t E3
— ke=1-t ! 100
04 c
¥ 715
0.2 5.0
25
00
0.0 0.2 04 0.6 08 10 0.0
t 0.0 0.2 0.4 0.6 0.8 1.0
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Conditional Rate Matrix for Factorized Mixture Path

Q7 (yl) = (QF (v, j125))vs5
. K
Qi (w1, d1o5) = T (6, (0) = b, (00)
t
0 if ]
lf V; = Zj,(IIj 7é Z]'

if v; # z;,&; # 25
Rates explode at

=1 —1 if v =xj,35 # 2

— k:t 1

_1—1% 0

If current token correct, zero rate

If incorrect, jump to correct
token

Outgoing rate from current token, if
incorrect
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Conditional Prob. Path, Vector Field, and Score

Notation Key property Factorized mixture

Conditional (CUlZ) Interpolates Pinit

d
Probability Pt I1 [(1 — Ke) Pl (25) + 1 6, (%’)]

and a data point z et

Path
Conditional QZ( |$) CTMC follows Qi (ylz) = (Q:tz(’uiyjlzj))w,j
Rate Matrix &'t (Y conditional path  Q; (v, jlz;) = lf—’m(a,l (1) = &, ()

19/33



Marginal Prob. Path, Vector Field, and Score
Notation Key property

Formula
Marginal Interpolates Pinit
Probabilty Pt andp Pini E Pt(z]2)Pdata(2)
Path Pdata

z€S

Voror p (z]2)pa
Marginal (), (y| ) CTMC follows ZQt( )Pt |2)Pdata(2)

Fleld marginal path Dt (x)
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Marginal Rate Matrix for Factorized Mixture Path

Knoyvn
Conditional Qilyle) = Qi dle)lous ot
Rate Matrix Q: (vi, jla;) = —t(éz‘(vi) — 0z, (v3))
= Ke a4 J
| Qe(yl2) = (Qe(vi, 417))ur g
Marginal _ .
Rate Matrix Qt(Uz‘ajlw) — —t(p”t(zj = ’Uz|CB) — 5xj (’Uz))

1—I€t

Conditional probability!

Only unknown!
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Discrete Flow Matching loss

Posterior probability network 0 ( . | )
D1¢\%512
Learn via classification:
d
0
Lprm (9) = ]EZNPdata,tNUnif[o,u,INPt('|Z) Z - ].ng1|t(2j|$)
Jj=1

Cross-entropy loss for every
dimension!
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Algorithm 8 Training factorized CTMC Model (Discrete Diffusion)

Require: Dataset of sequences z ~ pqata With z = (21,...,24) € V%

initial (noise) token marginals p;{li)t on V; schedule &, € [0,1];

posterior network fy returning per-position logits over V; optimizer OPT
1: for each training iteration do
2:  Sample a data point z ~ pgaa
3 Sample time ¢ ~ Unif[0, 1] and compute & < £
4 Sample a noisy state  ~ pq(- | z) (factorized mixture path):

for j =1,...,d (in parallel) do

5

6: Sample mask m, ~ Bernoulli()
T Sample noise token &; ~ pf,’“)t

8 Set xj « my zj + (1 —my) &

9: end for

10: 24 (@1,...,24)

11:  Predict terminal-token posteriors via logits from the network:

450) « folmt); = pl(v]); = Softmax(¢;)(v)
12:  Discrete Flow Matching loss (token-wise NLL of 2):

[~ togrfu(zs | )]
1

Lorm(6) «

d
=

13 Update parameters: 6 « OPT.STEP(VoLprm(6))
14: end for
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Mask Diffusion Language Models

Introduce new token into vocabulary: [MASK]

This token indicates that we masked the reference token

O[MASK]

Initial distribution:
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Slide: Subham Sahoo

Sampling from a Masked Language Model

Start with fully masked (initial
distribution)
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Slide: Subham Sahoo

t=0.3
————————————————————————————————— squad, ——-—=-- —--------
—————————— to remember ---- ------- --------- when --- ------
_______ tO ——=—=——=== mmmm mm mme e mme e e e m e ==
twenty adobe ------- —=—-= —= ——= ———— —— - ————— of —----- water
——————— along - --- -- polished ------- which ---- ----- ---
————————————— prehistoric —---- —-—-= —==== ——== —-— —————— ———- many

_____________________ in ————= = .
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Slide: Subham Sahoo

t=0.6

Many years later, as he faced ---

—————— squad, ———-———= ————————-—
Buendia was to remember that distant --------- when his ------
took --- to discover ---- At that ---- —-—--—---- was a village of
twenty adobe houses, built -- the bank of - river of clear water
that ran along - --- of polished stones, which were ----- and
————————— like prehistoric eggs. --- ----- --- so recent ---- many
things lacked names, and in ----- -

———————— them it was
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Slide: Subham Sahoo

t=0.8

Many years later, as he faced the firing squad, Colonel Aureliano
Buendia was to remember that distant --------- when his father
took him to discover ice. At that time Macondo was a village of
twenty adobe houses, built on the bank of - river of clear water
that ran along a bed of polished stones, which were white and
enormous, like prehistoric eggs. The world --- so recent that many

things lacked names, and in order -- indicate them it was
————————— to point.
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Slide: Subham Sahoo

t=1.0

Many years later, as he faced the firing squad, Colonel Aureliano

Buendia was to remember that distant afternoon when his father
took him to discover ice. At that time Macondo was a village of
twenty adobe houses, built on the bank of a river of clear water
that ran along a bed of polished stones, which were white and

enormous, like prehistoric eggs. The world was so recent that many

things lacked names, and in order to indicate them it was
necessary to point.
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Diffusion LLMs generate text in arbitrary order

MDLM Sampling step: 00/30

Austin et al., “Structured Denoising Diffusion Models in Discrete
State-Spaces”, NeurlPS 2022
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Discussion: Discrete Diffusion Models vs Autoregressive
Models

Advantages

Generate Multiple Tokens in Parallel — More Speed?!
Generate Tokens in any order — Text editing?!

New probability paths — Can we design ones that make semantic sense?

Disadvantages

- No KV caching — Less Speed?!
Need to learn how to generate Tokens in any order — Harder to learn?!
Autoregressive order (left-to-right) makes semantic sense — Is it worth it?
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Continuous Flow Matching

Conditional Conditional Conditional
Probability Path Vector Field Flow Matching Loss
Marginal | Marginal Marginal
Probability Path Vector Field Flow Matching Loss

32/33



The Discrete Flow Matching Matrix

Conditional | Conditional
Probability Path Rate Matrix .
Discrete
Marginal B Marginal B Flow Matching Loss
Probability Path Rate Matrix
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