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Encoder NOT a neural network
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One Neural Network per time step




DENOSING DIFFUSION PROBALISTIC MODELS (DDPMs)

ENCODER ) DECODER
data — B noise - - sample
forward/diffusion process reverse/generative process

X—Z—>7—> —Z

az,1x) az,1z,) : aiz,1z.) alzlz.,) T outputs




DENOSING DIFFUSION PROBALISTIC MODELS (DDPMs)

ENCODER ) DECODER
data — B noise - = sample
forward/diffusion process reverse/generative process

az,1X)  a(z,1z) : azlz.,) q(ZTIZM)T outputs

Diffusion is Probabilistic




DENOSING DIFFUSION PROBALISTIC MODELS (DDPMs)

ENCODER ) DECODER
data — B noise - = sample
forward/diffusion process reverse/generative process

az,1X)  a(z,1z) : azlz.,) q(ZTIZM)T outputs

Diffusion is Probabilistic

qZ1... 27| X)




DENOSING DIFFUSION PROBALISTIC MODELS (DDPMs)

ENCODER . DECODER
data P noise - sample

forward/diffusion process reverse/generative process

X!
outputs

X—Z—>7—> —Z
qaz,1x) alz,12) az,lz.,) azlz.,)




DENOSING DIFFUSION PROBALISTIC MODELS (DDPMs)

ENCODER . DECODER
data B noise - sample

forward/diffusion process reverse/generative process

X!
outputs

X—=2—»7—> —2Z,
Az X 9Z1z) * a@lz) azlz,)

Diffusion is a Markov process




DENOSING DIFFUSION PROBALISTIC MODELS (DDPMs)

ENCODER . DECODER
data B noise - sample

forward/diffusion process reverse/generative process

X!
outputs

X—=2—»7—> —2Z,
Az X 9Z1z) * a@lz) azlz,)

Diffusion is a Markov process

Q(Zr... Zr | X)=q(Z1 | X)q(Z2 | Z1) ... q(Zr | Zr-1)




DENOSING DIFFUSION PROBALISTIC MODELS (DDPMs)

ENCODER . DECODER
data B noise - sample

forward/diffusion process reverse/generative process

X!
outputs

X—=2—»7—> —2Z,
Az X 9Z1z) * a@lz) azlz,)

Diffusion is a Markov process
q(Zl e ZT ‘ X) = q(Zl ‘ X)q(ZQ ‘ Zl) e q(ZT | ZT—l)

Q(Zi... Zp | X) = q(Z1 | X) 1y a(Zi | Zi-1)




DENOSING DIFFUSION PROBALISTIC MODELS (DDPMs)

ENCODER . DECODER
data B noise - sample

forward/diffusion process reverse/generative process

X!
outputs

X—=2—»7—> —2Z,
Az X 9Z1z) * a@lz) azlz,)

Diffusion is a Markov process
q(Zl e ZT ‘ X) = q(Zl ‘ X)q(ZQ ‘ Zl) e q(ZT | ZT—l)
921 Zr | X) = (21| X) T a(Zi | Zin)

q(Zt | Zt—l) ??




DENOSING DIFFUSION PROBALISTIC MODELS (DDPMs)
ENCODER DECODER

data B noise - sample

forward/diffusion process reverse/generative process

X—=2—»7—> —2Z,
Az X 9Z1z) * a@lz) azlz,)

X!
outputs

Diffusion is a Markov process
q(Zl e ZT ‘ X) = q(Zl ‘ X)q(ZQ ‘ Zl) e q(ZT | ZT—l)
921 Zr | X) = (21| X) T a(Zi | Zin)

q(Zt | Zt—l) ??

The Encoder “schedule”
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Zi=\V1-5X+Vpre
Zy=\1= B2 Z1+\/Bae2

Zy =+/1- (\/1—51X+\/E61>+ B2 €2
=1 =B)1-B)X +Bi(1—B2)er +Bre
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Zt:\/atX‘i‘\/l—Oété

Thus
Q(Zt | X) = N(\/a_tX7 (1 —at)])
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The Intractable Posteriors
Q<Zt>?

q(Zt):/de /Zl le'“/Ztletl ¢(Zy...Z | X) P(X)

0(Z;) = [,dX q(Z; | X) P(X)

but... P(X) is unknown

Approximated by the Decoder using Normal distributions



The tractable Posteriors
Q(thl | Zy X)

_ (%] Zi-1 X) q(Zi—1 | X)
Q(thl | Zt X) - Q(Zt | X)
o< q(Zt | Zi-1) ¢(Z—1 | X)

=N(Zi;\/1 = BiZi1, Bel) N(Zp—1; /1 = o1 X, (1 — o1

4(Zi—1 | Z¢ X) = N(Z—1; (2, X))



The Decoder NNs

_ DECODER
noise - - sample
reverse/generatlve process
Z— —2—+2-—+ —Z—~Z—X

P(z;) =N(z;; 0, 1)

Po(z.,12) = N(z,; Wy(2,t), O )
Normal approximation to q(z,, | z), ok if B, is small

Each p,(Z;)
is a Neural Network with parameters 6,

o; are predetermined
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- Z —Z7Z —» Z—=2Z—>=X
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T
P(X,Zy,... Zr:01...0r) = P(Zr) [ [ Po.(Zi-1 | Z4) Py, (X | Z1)
t=2

The Marginal probability of the data:

T
P(X;0,...00) = /lezTP(ZT)HPgt(Zt_l | Z:) Py, (X | Z1)
t=2
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Training Objective (Unsupervised)

Paata(X) =~ P(X;0:...07)

Equivalent to

07.r = argmax, log P(X;6,...0r)




The DDPM Loss
Evidence Lower Bound

log P‘91:T (X) = 10g |:/ P01;T (X7 Zl:T) le:T:|

q(Zv7 | X)
Forr (X, Z1r)
q(Z1.r | X)

~ log [ / «(Zur | X) dZLT]

o 5 [P,

Pov.r (X, Z1.7)

ELBO(6:.7) Z/CI(ZLT'X) 10g[ 9(Z1.r | X)

:| le:T



The DDPM Loss
Evidence Lower Bound

log Pgl:T (X) = log |:/ Pel;']" (X) Z].:T) le:T:|

Py, (X, Zy.7)
q(Zrr | X)
P91:T(X’ Z1.1)
Q(erT | X)

~ log [ / o(Zur | X) dZLT}

Z/Q(ZLT | X) log[ ] dZy.r

P91:T (X7 Zl:T)

ELBO(61.7) =/‘1(Z1:T|X) log{ 9(Zvr | X)

} le:T




P91:T (X7 Zl:T)

ELBO(6:.7) Z/‘J(Zl=T’X) log[ 9(Z1.r | X)

] dZy.r
The distributions are known

q(Zi | Zi—1) = N(\/1 = Bt Zi—1, Be])
Py (Zi—1 | Zt) = N(pg,(Z1), 011)

Use parameterization
Ho; (Zt) = \/1 Zt - \/17053/171& €6, (Z1)

Then
Loss = —ELBO(b1:7) = Y11 o1 lleo, [VI — cuXi + y/aweu] — il



Py, (X, Zl:T):|
ELBO(61.7) = Z17 | X) 1 i L ek At LA N T
( 1.T) /Q( 1.T| ) og[ q(thT | X) 1:.T

The distributions are known

@(Zy | Zy—1) = N(V1 = B Zy—1, Bd)
Pgt (Zt—l | Zt) = N(Mgt (Zt)vat I)

Use parameterization
1l gy B
V=7 %t = Jimarim 0 %)
NN for error
Then

Loss = —ELBO(f1.7) = Yi_, 58 llea, [VT — au Xi + yJazear] — €it|?

V4

t

1o, (Zt) =
NN for mean




Loss = —ELBO(v.r) = Y1y Yooy o, [VI — e Xi+/arei] —€u



Loss = —ELBO(b1.7) = S0, o0 |lea, [V — o Xi+y/onei] —€ir|?

error calculated error applied
by the decoder by the encoder




DDPM Training Algorithm

Diffusion Training Algorithm

e~ N(0,)
/N true noise
X oo ceez, Z,2\a X +1-0€
input

Z,) predicted noise

|

1

— Z -

Va, Ve,
predicted input

Input: training data x
Output: parameters ©
repeat
for each x in batch
t ~ Uniform[1...T]

€ ~N[0,]]
z,=\a,x +\1-0,€
Ioss=||€— Zt||2

accumulate losses per batch
take gradient step

until converged




DDPM Sampling Algorithm

Diffusion Sampling Algorithm

X -——vH z, Z
sample

1_ z- 1-a, Zt =
Ve, Va,

Y4

't+1

-<—2,~N(0,)

Input: modes
Output: sample x

z. ~N(0,l)
fortin [T..2] do

Py, (Zy—1 | Zi) = N(po,(Z1), 071)

Ho,(Ze) = ﬂl—ﬂt Zi — ¢1fafi/176t €0, (Zt)




De novo design of protein structure

RFDIFFUSION (DDPM)
ENCODER DECODER

data - noise - sample
forward/diffusion process reverse/generative process
9 i 2 4
\". S EN Ry g e e o ) . - Wi ' S
’
X z, z, zZ z, z, X

inputs outputs




De novo design of protein structure

RFDIFFUSION (DDPM)
ENCODER . DECODER
data - - P noise - - sample
forward/diffusion process reverse/generative process
Couc - W W
X z z z z ,
inputs ! 2 T 2 " outputs

The input is a real 3D protein structure



De novo design of protein structure

RFDIFFUSION (DDPM)
ENCODER DECODER

data — » noise - B sample
forward/diffusion process reverse/generative process
g 2 . v 2
A L BN ° o o ) © WM -
X z z z z ’
inputs ! 2 T 2 ' outputs

The input is a real 3D protein structure
The noise is applied to the reference frames of each aa
T; = (r;, t;) rotation + translations [SU3]



De novo design of protein structure

RFDIFFUSION (DDPM)

ENCODER ) DECODER
data — » noise B sample
forward/diffusion process reverse/generative process

. W
\ \\&. o 4 ° o o '1 e o o "..;“ :‘:"‘ ,“J \‘%\a&
z, z ’

- X "
inputs outputs

V4

The input is a real 3D protein structure

The noise is applied to the reference frames of each aa
T; = (r;, t;) rotation + translations [SU3]

The Encoder works on two variables

Z = (t1,...,t1)

r=(r,...,r5)



De novo design of protein structure

RFDIFFUSION (DDPM)
DECODER

reverse/generative process

outputs

»

ENCODER )
B noise

forward/diffusion process

data B sample

W& e

X
inputs

The input is a real 3D protein structure

The noise is applied to the reference frames of each aa
T; = (r;, t;) rotation + translations [SU3]

The Encoder works on two variables

Z = (t1,..
r=(ry,..

'7tL)
'7TL)

The Decoder is a variant of RoseT TAFold (RF)



De novo design of protein structure

RFDIFFUSION (DDPM)

ENCODER , DECODER
data —— > noise - »sample
forward/diffusion process reverse/generative process

4 N S

X Z zZ, ra z, Z X’
inputs r, r, r r, r, outputs
‘ Xu X1 Xz XT Xz X1 Xo

‘ X z, gz, z, z, z X



Denoising Diffusion Probabilistic Models

ENCODER , DECODER
data — B noise - = sample
forward/diffusion process reverse/generative process

ini))(u?s'214>224> azt?zta —>Z,|.—> —7Z—7— —Z7Z—~7—X
P(z;) =N(z;; 0, 1)
q (z._|z) intractable!

d(z,|z,..) = N(z,;V1-B z . .
th t ! P@(Zt_1 |Zt) - N(zt-1 ) “O(zt’t)’ otl)

not-trainable (fixed)

B)

t-17

trainable network




amino acid chain = sequence of reference frames
b _> D

Image: Dcrjsr, vectorised Adam Redzikowski (CC BY 3.8, Wikipedia)

q4—I7q




Special Eucliean Group
SE(3) = Translation (t) + Rotation (R)

fn M2 s\ 80(3) =
t=(t,1,1) R=(r Special Orthogonal group
r31 r32 r33
r” r12 r13 t1
r,r,r.t
T - Rt - 21 '22 ‘23 b
( ’ ) Mo T2 Mo ty
e 000 1
a2 AAT
X

R, = concat(e,,e,e,)

=t +R x =T x

global local i Tlocal

= R-1 =T1
X xlm al R (xglobal i) Tl xglobal



Denoising Diffusion Probabilistic Models

ENCODER , DECODER
data — B noise - = sample
forward/diffusion process reverse/generative process
X-oZwZy = —Z;~Z—~ 2~ 7 wZw —Z w7 X

inputs outputs

P(z,) =N(z,; 0, 1)

q (z_|z) intractable!

a(z,|z,,) = N(z,;1-Bz, ., Bl)
- . P (z.]|z)=N(z_; z,t), ol
not-trainable (fixed) e( t'1| t) ( 17 ”e( v )’ t)
trainable network
RFDiffusion
X—Z—~2—+ —~2Z-—~7— —2Z— —Z7—~7— —7—~7Z—X
inputs - o T o 2 " outputs

XO" X14> XZ" - XQT. Xt" - XT
for traqslations (2) N
qa(z,lz.,) = N(z;; 1-Bz,_, BJ) RFdiff(z) = X

for reference frames (r)
???7? SE(3) diffusion

. (prediction)

. A
z_, =interpol(z , X)




RoseTTAFold

Input
sequence

Homologous
templates

Initial/recycled
coordinates

MADHTI?DTREE

RF

&
o
Predicted
structure

RFdiffusion

Masked input
2222222222272
sequence

)?t+1 >
o X, E-.'g‘g" RF
&
(self- P"‘J

conditioning) Ead %

X,z % )IE

Diffused o
coordinates

A
RFdiff(z) = X, (prediction)

Y&ﬁ%&

>

A
RFdiff(z, ) =X, with self-conditioning




data input

embedding module

evoformer module
(48 biocks o shared
MSA rowicol gated attention +

structure module

bias

outputs

target sequence. AALEL] confidence
1 4w usA Msa PLDDTI
—. ) [ [
mis.r.cm]
sraes backbone frames|
RIr3.3]r3]
. e Rir33) 3]
S @ opresentation _ reprosentaion = pair repr
e 72 R g i T R B
aArnez] triangular updates & attention
i
distancesfrr]
)=
Recycling (3 times) -
— x 36
Multiple Fae @
Sequence e s
Alignment e \
x 4
Homologous Refinement
Templates —_— —

e
(2D Features)

Template
Coordinates

ANV e

/

?ﬁ%@%

-3




RoseTTAFold

Input
sequence

Homologous
templates

Initial/recycled
coordinates

MADHTI?DTREE

RF

&
o
Predicted
structure

RFdiffusion

Masked input
2222222222272
sequence

)?t+1 >
o X, E-.'g‘g" RF
&
(self- P"‘J

conditioning) Ead %

X,z % )IE

Diffused o
coordinates

A
RFdiff(z) = X, (prediction)

Y&ﬁ%&

>

A
RFdiff(z, ) =X, with self-conditioning




Single RFdiffusion step

|T

A v
Z X interp(Z, ﬁ: )+e Z,
A RF | A
X ---F-> R L L LT Tk > xt
t+1 S
Self-conditioning

RFdiff(z) = X, (prediction)

A
RFdiff(z, )?M) =X, with self-conditioning



100

t

125

t

150

t=175 t

200

t

(ndu) 'x

(uonorpaud) °x




DDPM Sampling Algorithm

Diffusion Sampling Algorithm

X -——vH z, Z
sample

1_ z- 1-a, Zt =
Ve, Va,

Y4

't+1

-<—2,~N(0,)

Input: modes
Output: sample x

z. ~N(0,l)
fortin [T..2] do

Py, (Zy—1 | Zi) = N(po,(Z1), 071)

Ho,(Ze) = ﬂl—ﬂt Zi — ¢1fafi/176t €0, (Zt)




SampleReference (L)

X, (input)

X, (prediction)




X, (input)

X, (prediction)

%, = REDiffusion(2z,)

RFdiff(z

A
200) = X300




z .= ReverseStep(Zt,)A;t)

A

X200

. _ A
RFdiff(z,),) = X,,,

z = interpol(z

A
200’ XZOO)




X, (input)

X, (prediction)

A X X ~
X200 x, = RFDiffusion (2, x

RFdiff(z,,, ,X,,,) = X

199

1)




X, (input)

X, (prediction)

= ReverseStep (Z,,%,)

RFdiff(z

199’

o) =Ry 20

= interpol(z

A
199’ 199)




X, (input)

X, (prediction)

150

P
Z,, = ReverseStep(Z ,x,)

interpol(z,, §(1)




X, (input)

X, (prediction)

Z Z.5 z z

.
X = RFDiffusion (Z,,X,)

X = interpol(z,, ;(1)




DDPM Training Algorithm

Diffusion Training Algorithm

e~ N(0,)
/N true noise
X oo ceez, Z,2\a X +1-0€
input

Z,) predicted noise

|

1

— Z -

Va, Ve,
predicted input

Input: training data x
Output: parameters ©
repeat
for each x in batch
t ~ Uniform[1...T]

€ ~N[0,]]
z,=\a,x +\1-0,€
Ioss=||€— Zt||2

accumulate losses per batch
take gradient step

until converged




(nduy) 'x

(uonorpaud) °x




X, (input)

X, (prediction)

Z, = ForwardNoise (X, t)




X, (input)

X, (prediction)

%, = RFDiffusion (Z,)

RFdiff(z,,,) = X, ,,




X, (input)

)?o (prediction)

RFdiff(z

123)

A
X

123

loss = ||X-

. 2
Xl




ForwardNoise (X, t+1)

41

(indu) ’x (uonorpeud) °x




X, (input)

X, (prediction)

~
x.,, = RFDiffusion(Z,))

RFdiff(z,,,) = X, ,,




X, (input)

X, (prediction)

A
Z, = ReverseStep(Z_, ,x )

A
z ,, = interpol(z,,,, X,,,)




X, (input)

X, (prediction)

RFdiff(z,,, X, ;)

RFDiffusion (Z_,x

122




X, (input)

X, (prediction)

RFdiff(z

A

)=X

A
loss = ||X- x

ol




Benchmarking



Flow Matching
vs Diffussion
What does Flow Matching do differently?



Diffusion

noise - = sample
generative process




Diffusion

noise - = sample
generative process




Diffusion

noise - = sample
generative process




Diffusion

noise . - Ssample
generative process




X

data
=1

DIFFUSION Training



DIFFUSION Training

/\t;- Uniform([1...0]
forward diffusion




DIFFUSION Training

/\t;- Uniform([1...0]
forward diffusion

N

\5 WE Noo

/
data X, X, =\a X +/1-0,€




DIFFUSION Training

/\t\—- Uniform[1...0]
forward diffusion

/ -
data X, X, = atx1+\/ 1-0,€ noise X,
t=1 t=0

var(X;) = ayvar(X1) + (1 — ay) var(N(0, 1))



DIFFUSION Training

/\t\—- Uniform[1...0]
forward diffusion

\\“

\3\% N(O,)

/ o
data X, X, =\Va, X1+\/1'°‘t€ noise X,
t=1 t=0

var(X;) = agvar(Xy) + (1 — oy) var(N(0,1))

If var(X;) = 1 then var(X;) = var(X;) =1



DIFFUSION Training

t ~ Uniform[1...0]
forward diffusion
data X, X, N((}J)
t=1
X, =Va X +V1-a,€



DIFFUSION Training

t ~ Uniform[1...0] Neural
Network
forward diffusion Xt
data X, X, N(O,1)

- /
=1 X, =\'a, X #/1-a. €



DIFFUSION Training

t ~ Uniform[1...0]
forward diffusion
data X, X, NI
t=1 /
X, =Va X +V1-a,€

Loss =|| € -

Neural
Network

X,

2
Xl



DIFFUSION Sampling

backward diffusion




DIFFUSION Sampling

backward diffusion

X

t=0.1  Neural Xo
Network

€o(X)



DIFFUSION Sampling

backward diffusion

‘i\{.x:' :} —~—
..Q‘b <
X.._
substracts 1+1=0.2 Neural
noise/ work
X = 1— _-
t+1 A
1 -Bt \ 1 -Gt -Bt



DIFFUSION Sampling

backward diffusion

Xt+1=0.2 xt=o 1 Neural X

wt\zork
B

t
X, = X=—"——€.(X)

substracts
noise/(
1




Diffusion Summary
TRAINING

For all real images

1. get real image X3
2. sample time ¢ € [0, 1]

3. Forward diffusion

Create noise X; = /oy X1 + V1 — a; €

4. Predict noise with NN €} (X;)
5. Loss MSE = ||} (X;) — €!]|?
SAMPLING

1. sample noise Xy ~ N(0,1)
2. InT steps: k=1,....,T

2.1 Predict noise with NN €}, (X},) for t = k/T
red red A red
2.2 XP = A Xp - 7&@ eh(XPredy

_ ypred
X1 =Xpop



Flow Matching

Path from X; to X is deterministic

m t ~ Uniform[1...0]

_—_—m. e ————

B¢
2
\\\/\

data X, X
=1




Flow Matching

Path from X; to X is deterministic

m t ~ Uniform[1...0]

\\'Y 4 de‘ : "}‘
\ \\\\\;7)\7,, —> —»
data X, X, noise X,
t=1 N(O,!) t=0

DIFFUSION
X, =V, X,+\1-0,€, stochastic




Flow Matching

Path from X; to X is deterministic

m t ~ Uniform[1...0]

AG > 3
% J‘_:
data X, X, noise X,
t=1 N(O,!) t=0
DIFFUSION

X, =Va, X, +\1-a,€, stochastic

FLOW MATCHING deterministic
X =t-X, +(14)- X,




FLOW MATCHING Training

\ L

data
=1



FLOW MATCHING Training

2.
X,~ N(0,1)
t=0



FLOW MATCHING Training

/\t‘~ Uniform[1...0]

Ii;,
X,~ N(0,1)
t t=0



FLOW MATCHING Training

/\t;- Uniform[1...0]
& X~ N(0,1)
data X, X, ? t=0 ’
t=1 \ / -
X, =t-X, + (1-)- X,




FM = much simpler diffusion process

W t ~ Uniform[1...0]

\ BEEEEEE S —
xi& e,
data X, X, noise X,
=1 N(O,1) t=0
DIFFUSION

X = (:(tX1+\/1-<:(t E)t stochastic on t

FLOW MATCHING deterministic on t>0
X, =t-X, + (1-1)- X, stochastic only on X

\N(O,I)




From your Physics 101

» A constant velocity v trajectory

r=x9+ vt
is equivalent to
dzx
b
dt
» Generalizes to

dzx

— =v(t

o = ()

For example: v(t) = v/t
» Further generalizes to a flow v(z,t)

fl—f =v(x,t)

For example: v(x,t) = 2/t



Ordinary Differential Equation (OED)

d
— = v(,1)

Has the solution
1
T1 = X0 —i—/ v(x, t)dt
0

Which can be solved numerically (Euler Method)
k=1,.,Tand t =k/T

1
Thp = Tp—1 + Tv(a:, E—1)



FLOW MATCHING Training

/\t\~ Uniform[1...0]

X ~N 0,1
data X, X, ? t-(() )
t=1 \ / B

X =t-X +(1-t)-X,

t

dt

’
¢

- V(Xt) - X1 - XO constant flow for all t's



FLOW MATCHING Training
t ~ Uniform[1...0]
/\ backward NN

X~ N(0,1
data X o~ N©0.1)

t=1 1 \ Xt / t=0
X, = t-X, + (1-4)-X,

dX,
gr= V) = X, X,




FLOW MATCHING Training
t ~ Uniform[1...0]
/\\ backward NN |
&;{ﬁ: « ™ V?}(Xt) b By

R
X ~N(0,1
data X 0 (0,1)

1 \ x( / t=0
t=1
X =t-X +(1-t)-X,

t
= VX) = X, - X,
Loss = || V(X) - V_(X,) [I?




FLOW MATCHING Sampling

v
X,~ N(0,1)



FLOW MATCHING Sampling

‘1

X,
Neural
Network

Vo (X)



FLOW MATCHING Sampling

T=10 X, =X, + 0.1V (X))



FLOW MATCHING Sampling

X

t=0.1

Neural
_ Network
T=10 ve(xt)



FLOW MATCHING Sampling

\1;1 X =,
Xt+1=0.2 =0.
/ o™
Network
T=10 X = X 404V (X) v (X))



FLOW MATCHING Sampling

X,=X,, +0.1 v@(xo_g)
T=10



Flow Matching Summary
TRAINING

For all real images

1. get real image X3
2. sample image Xy ~ N(0,1)
3. sample time ¢ € [0, 1]
4. Forward interpolate
X :tXl—l—(l—l)XO

Vi=X1—Xo
5. Predict flow with NN V,(X)
6. Loss MSE = ||Vp(X;) — Vil|?
SAMPLING

1. sample noise Xo ~ N(0,1)
2. InTsteps: k=1,...,T
2.1 Predict flows with NN Vy(X;) for t = k/T
2.2 Using Euler method:
XPet = X Ve(XY) 1<k<T
X1 = Xo + [, Va(Xe)dt = XP7%



Diffusion Summary

TRAINING
For all real images

1. get real image X

2. sample time ¢ € [0,1]

3. Forward diffusion

Create noise X; = /oy X1 + 1 — ag ¢
4. Backward diffusion Predict noise with NN eé(Xt)
5. Loss MSE = [|¢}(X;) — €!||?

SAMPLING

1. sample noise X ~ N(0, 1)
2. InTsteps: k=1,...,T

2.1 Backward diffusion Predict noise with NN €} (X}) for t = k/T
pred _ 1 pred Be t (ypred
22 X = ik X — = e (XET)
X1 =Xy

Flow Matching Summary
TRAINING
For all real images
1. get real image X3
2. sample image X ~ N(0,1)
3. sample time ¢ € [0,1]
4. Forward interpolate
Xi=tXi+(1-1)Xo
Vi=X1-Xo
5. Backward Predict flow with NN Vj(X;)
6. Loss MSE = [|Vp(X:) — ViI[?
SAMPLING
1. sample noise Xo ~ N(0,1)
2. InT steps: k=1,...,.T
2.1 Backward Predict flows with NN Vp(X,) for t = k/T
2.2 Using Euler method
xpred — x;’”" +EVa(XIY) 1<k<T
X1 = Xo + Jy Vo(Xo)dt = XPret




RIBOGEN: RNA SEQUENCE AND STRUCTURE CoO-
GENERATION WITH EQUIVARIANT MULTIFLOW

Dana Rubin Allan dos Santos Costa
MIT CSAIL Center for Bits and Atoms
MIT Media Lab, Molecular Machines MIT Media Lab, Molecular Machines
danaru@mit.edu allanc@mit.edu
Manvitha Ponnapati Joseph Jacobson
Center for Bits and Atoms Center for Bits and Atoms
MIT Media Lab, Molecular Machines MIT Media Lab, Molecular Machines
RNA chain Peptide chain
.

5 A geometry

Phosphate 9,

®
© \ 1.5 A (alpha helix)

3.3 A (beta sheet)

7 torsion angles 2 torsion angles
nt weight ~ 330 D aa weight~110D




|

ul
my

X[L,3] S[L] VI[L,24,3]
global coords  {A,C,G,T} local coords
(x,y,z) of C3’ all nt atoms

k=7




X, RiboGen seq B
\Y} > 7 Eqi?vs;ii:tclrild:t:%rk oo o =S
s, [ T
R, = (X, V,,S)) E—I R, = (X1, V1,S))
o RiboGenLike (St ,Vi , t)

. input embeddin R ChaE tion
° V|L,3] \P X g _proj v xyz[L,3]
xyz flow
3D coords of nt C3' /(Xt[l"dx]_> NN (X, t)
I T s [L,4]

logits for {A,C,G,T}

h[L,d]
d=dx+dt
v_seq,[L.,4]
seq flow logits’

t[1,dt]

L=5 T time_embedding

[t]



® RiboGenLike (V; ,S, , t)

V [L 3] input_embedding out_projection

® v_xyz[L,3]

h[L,d] xyz flow'

3D coords of nt C3' /(X‘[L’dx]_> LLAE A d=tdx+dt

[ S L 4] logit_seq[L.4]
logits for {A,C,G,T} t seq logits
t[1,dt]
L =5 Ttimeiembedding
t
TRAINING

For all real images

1. get real image X3
2. sample image Xy ~ N(0,1)
3. sample time ¢ € [0, 1]
4. Forward interpolate
Xi=tX;1+(1-1)Xo
Vi=X1—Xo
ackward Predict flow with NN V5(X)
6. Loss MSE — [|[Va(X:) — V&l|?

el



® RiboGenLike (V; ,S, , t)

v [L 3] input_embedding out_projection
tbh=s

® v_xyz[L,3]
h[L,d] xyz flow'
3D coords of nt C3' /(X‘[L’dx]_> LLAE A d=tdx+dt
I S [L,4] logit_seq,[L,4]
logits for {A,C,G,T} t seq logits
t[1,dt]
L=5 Ttimeiembedding
t
TRAINING
For all real images
1. get real image X3 X, = cat( V,[L,3], S,[L,4])

2. sample image Xy ~ N(0,1)
3. sample time ¢ € [0, 1]
4. Forward interpolate
Xi=tX1+(1-1)Xp
Vi=X1—Xo

Predict flow with NN V,(X,)
6. Loss MSE = ||Vp(Xy) — V4| |?

o1



® RiboGenLike (V; ,S, , t)

v [L 3] input_embedding out_projection
tbh=s

® v_xyz[L,3]
h[L,d] xyz flow'
3D coords of nt C3' /IX‘[L’dX]_> NN (X, t) d:tdx+dt
I S [L,4] logit_seq,[L,4]
logits for {A,C,G,T} ? seq logits
= t[1,dt]
L=5 Ttimeiembedding
t
TRAINING
For all real images
1. get real image X3 X, = cat( V,[L,3], S,[L,4])
2. sample image Xy ~ N(0,1) Vo[L,3]~N(0,1)  S,[L] ~Uniform
3. sample time ¢ € [0,1] categorical
4. Forward interpolate
Xi=tX1+(1-1)Xp
Vi=X1—Xo
5. Predict flow with NN V5 (X;)

6. Loss MSE = ||Vp(Xy) — V4| |?



® RiboGenLike (V; ,S, , t)

v [L 3] input_embedding out_projection
tbh=s

® v_xyz[L,3]
h[L,d] xyz flow'
3D coords of nt C3' /IX‘[L’dX]_> NN (X, t) d:tdx+dt
I S [L,4] logit_seq,[L,4]
logits for {A,C,G,T} ? seq logits
= t[1,dt]
L=5 Ttimeiembedding
t
TRAINING
For all real images
1. get real image X3 X, = cat( V,[L,3], S,[L,4])
2. sample image Xy ~ N(0,1) Vo[L,3]~N(0,1)  S,[L] ~Uniform
3. sample time ¢ € [0,1] t categorical
4. Forward interpolate
Xi=tX1+(1-1)Xp
Vi=X1—Xo
5. Predict flow with NN V5 (X;)

6. Loss MSE = ||Vp(Xy) — V4| |?



® RiboGenLike (V; ,S, , t)

v [L 3] input_embedding out_projection
tbh=s

® v_xyz[L,3]
.. .. hlLd] xyz flow
3D coords of nt C3' /IX‘[L’dx]_> NN (%, €) d:tdx+dt
I S [L,4] logit_seq[L,4]
logits for {A,C,G,T} ? seq logits
= t[1,dt]
L=5 Ttimeien\bedding
t
TRAINING
For all real images
1. get real image X3 X, = cat( V,[L,3], S,[L,4])
2. sample image X ~ N(0,1) V,IL31~N(0,1)  S,[L] ~Uniform
3. sample time ¢ € [0,1] t categorical
4. Forward interpolate
X =tXq7+ (1 . 1) Xo Vt[L,3] = tV1[L!3] +(1 -t)vn[L!3]
Vi=X1—Xo
5. Predict flow with NN V5 (X;)

6. Loss MSE = ||Vp(Xy) — V4| |?



® RiboGenLike (V; ,S, , t)

V [L 3] input_embedding out_projection
tbh=s

® v_xyz[L,3]
h [L,d] xyz flow'
3D coords of nt C3' /Xt[L,dX]—> d:dx+dt
I S [L,4] logit_seq,[L,4]
logits for {A,C,G,T} ? seq logits
- t[1,dt]
L=5 Ttimeiembeddlng
t
TRAINING
For all real images
1. get real image X3 X, = cat( V,[L,3], S,[L,4])
2. sample image Xy ~ N(0,1) Vo[L,3]~N(0,1)  S,[L] ~Uniform
3. sample time ¢ € [0,1] t categorical
4. Forward interpolate
X =tXq7+ (1 . 1) Xo Vt[L,3] = tV1[L!3] +(1 -t)vn[L!3]
Vi = 5% = Xa S,[L] = bern(t)S,[L] + (1-bern(t))S [L]
5. Predict flow with NN V5 (X;)

6. Loss MSE = ||Va(X:) — V&l|?



® RiboGenLike (V; ,S, , t)

v [L 3] input_embedding out_projection
tbh=s

° v_xyz[L,3]
‘ h [L,d] xyz flow'
3D coords of nt C3' /Xt[L,dX]—> = d:dx+dt
I S [L,4] logit_seq,[L,4]
logits for {A,C,G,T} ? seq logits
t[1,dt]
L=5 Ttimeien\beddlng
t
TRAINING
For all real images
1. get real image X3 X, = cat( V,[L,3], S,[L,4]) )
2. sample image X ~ N(0,1) Vo[L,3]~N(0,1)  S,[L] ~Uniform
3. sample time ¢ € [0, 1] t categorical
4. Forward interpolate
X, =tX1+(1-1)Xp V[L,3] =tV [L,3] + (1-)V,[L,3]
Vi = 5% = Xa S,[L] = bern(t)S,[L] + (1-bern(t))S [L]
5. Predict flow with NN Vp(X;) = RiboGenLike (V, ,S, ,t)

6. Loss MSE = ||Va(X:) — V&l|?



® RiboGenLike (V; ,S, , t)

V [L 3] input_embedding out_projection
tbh=s

v_xyz[L,3]

xyz flow'

3D coords of nt C3' /
(I S [L,4]

logits for {A,C,G,T}

h[L,d]

d=dx+dt

XL, dx]—

logit_seq,[L,4]

1'd seq logits
t[1,dt
L=5 [ TtJ.]meembeddlng
t
TRAINING
For all real images
1. get real image X3 X, = cat( V,[L,3], S,[L.4])
2. sample image X ~ N(0,1) V,IL31~N(0,1)  S,[L] ~Uniform
3. sample time ¢ € [0,1] t categorical
4. Forward interpolate
X =tXq7+ (1 . 1) Xo VQ[L13] = tV1[L,3] +(1 -t)vn[L!3]
Vi = 5% = Xa S,[L] = bern(t)S,[L] + (1-bern(t))S [L]
5. Predict flow with NN Vp(X;) = RiboGenLike (V, ,S, ,t)

6. Loss MSE = ||Vp(Xy) — V4| |? 2 Losses’

MSE(v_xyz[L,3], V,[L,3]-V,[L,3])



® RiboGenLike (V; ,S, , t)

input_embedding

VIL,3]
o

3D coords of nt C3' X‘[L’dx]

I s [L.4] /

logits for {A,C,G,T}

Los t[1,dt]

h[L,d]

d=dx+dt

out_projection

v_xyz[L,3]

xyz flow'

logit_seq,[L,4]

seq logits

Ttlmeiembeddlnq

t
TRAINING

For all real images

1. get real image X3

2. sample image Xy ~ N(0,1)

3. sample time ¢ € [0, 1]

4. Forward interpolate
Xi=tX1+(1-1)Xp
Vi=X1—Xo

el

6. Loss MSE = ||Va(X:) — V&l|?

Predict flow with NN Vj(X;) =

X, = cat( V,[L,3], S,[L.,4])
V,L,3]1~N(0,1) S [L] ~Uniform
t categorical

V/IL,3] = tV,[L,3] + (1-)V,[L,3]

S,[L] = bern(t)S,[L] + (1-bern(t))S [L]
RiboGenLike (Vy ,S, ,t)
2 Losses’
MSE(v_xyz[L,3], V,[L,3]-V,[L,3])
CrossEntropy(logit_seq,[L,4], S,[L,4])



RiboGenLike (V; ,S, , t)

out_projection
v_xyz[L,3]

xyz flow’

v![L’3] input_embedding

h[L.d]

X [L,dx]—= 1w (o)

3D coords of nt C3' / d=dx+dt
I S [L4] logit_seq,[L,4]
logits for {A,C,G,T} f seq logits’
t[1,dt]
L=5 Ttimefembedding
t
SAMPLING

1. sample noise X ~ N(0,1)
2. InT steps: k=1,...,T
2.1 Backward Predict flows with NN Vy(X;) for t = k/T
2.2 Using Euler method:
XE = XS4 A Vo(XES) 1<kST

X1 = Xo+ Jy Vo(Xe)dt = XPTo8



® RiboGenLike (V; ,S, , t)

v [L 3] input_embedding out_projection
tbh=s

v_xyz[L,3]

h [L,d] xyz flow’
3D coords of nt C3' /1)(‘[L’dx]_> NN (X, £) d=tdx+dt
IR s [L,4] logit_seq,[L,4]
logits for {A,C,G,T} 1 seq logits’
t[1,dt]
L=5 Ttimeiembedding
t
SAMPLING V,[L,3]~N(0,1) S,[L] ~Uniform.
1. sample noise X ~ N(0,1) categorical
2. InT steps: k=1,...,T
21 Predict flows with NN Vy(X;) for t = k/T

2.2 Using Euler method:
Xpret = XP 4+ p Vo(XETY) 1<k<T
Xy = Xo+ Ji Vo(Xe)dt = X775



® RiboGenLike (V; ,S, , t)

v [L 3] input_embedding out_projection
tbh=s

v_xyz[L,3]

h [L,d] xyz flow’
3D coords of nt C3' /1)(‘[L’dx]_> LR RS d:dx+dt
IO S L 4] logit_seq,[L.4]
logits for {A,C,G,T} f seq logits’
t[1,dt]
L=5 Ttimeiembedding
t
SAMPLING VO[L,3]~N(0,1) SO[L] ~Uniforn3
1. sample noise X ~ N(0,1) _ categorical
2. InT steps: k=1,...,T t = k/T
21 Predict flows with NN Vy(X;) for t = k/T

2.2 Using Euler method:
Xpret = XP 4+ p Vo(XETY) 1<k<T
Xy = Xo+ Ji Vo(Xe)dt = X775



® RiboGenLike (V; ,S, , t)

v [L 3] input_embedding out_projection
tbh=s

v_xyz[L,3]

h [L,d] xyz flow’
3D coords of nt C3' /1)(‘[L’dx]_> LR RS d=tdx+dt
IR s [L,4] logit_seq,[L,4]
logits for {A,C,G,T} 1 seq logits’
t[1,dt]
L=5 Ttimeiembedding
t
SAMPLING V,[L,3]~N(0,1) S,[L] ~Uniform.
1. sample noise Xy ~ N(0,I) _ categorical
2. InT steps: k=1,...,T t = k/T
21 Predict flows with NN V3(X;) fort =k/T = RiboGenLike (Vt , St ,t)

2.2 Using Euler method:
Xpret = XP 4+ p Vo(XETY) 1<k<T
Xy = Xo+ Ji Vo(Xe)dt = X775



® RiboGenLike (V; ,S, , t)

v [L 3] input_embedding out_projection
tbh=s

v_xyz[L,3]

v o hjLd] xyz flow
3D coords of nt C3 /X‘[L,dx]—> NN (X, t) d:dx+dt
IR s [L,4] logit_seq,[L,4]
logits for {A,C,G,T} f seq logits
t[1,dt]
L=5 Ttimeien\bedding
t
SAMPLING V,[L,3]~N(0,1) S,[L] ~Uniform
1. sample noise X ~ N(0,1) _ categorical
2. InT steps: k=1,...,T t = k/T
21 Predict flows with NN Vp(X;) fort =k/T = RiboGenLike (Vt , St ,t)
2.2 Using Euler method:
xpred = xpred 4 Lyp(XPrel) 1<k<T V,,,[L,3]=V][L,3] + 1/T v_xyz|[L,3]

X1 = Xo + [y Vo(Xe)dt = XPTed = i
! 0 0 ! k=T st+1[L’4] = SQ[L’4] +1/T I°glt—seqt[l"4]









