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X ZT
Z1 Z2 Zt-1 Zt

q(zt |zt-1)  

q(zt |x )   



adapted from UDL (Prince), Figure 18.3

Diffusion Kernel



Z1 =
√

1− β1X +
√
β1 ε1

Z2 =
√
1− β2 Z1 +

√
β2 ε2

Z2 =
√

1− β2
(√

1− β1X +
√
β1 ε1

)
+
√
β2 ε2

=
√

(1− β2)(1− β1)X +
√
β1(1− β2) ε1 +

√
β2 ε2

≈
√
(1− β2)(1− β1)X +

√
1− (1− β1)(1− β2) ε

Introducing αt =
∏t
s=1(1− βs)

Zt =
√
αtX +

√
1− αt ε

Thus

q(Zt | X) = N(
√
αtX, (1− αt)I)



Diffusion Forward

X ZT

ENCODER

Z1 Z2

forward/diffusion process
data noise

Zt-1 Zt

q(zt |zt-1) = N(zt ; 1-ßtzt-1, ßtI) 

q(zt |x )  = N(zt ;  αt x, (1-αt) I) αt = ∏s=1(1-ßs)
t



Diffusion Forward

X ZT

ENCODER

Z1 Z2

forward/diffusion process
data noise

Zt-1 Zt

q(zt |zt-1) = N(zt ; 1-ßtzt-1, ßtI) 

q(zt |x )  = N(zt ;  αt x, (1-αt) I) αt = ∏s=1(1-ßs)
t



The Intractable Posteriors
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X ZT X’

DENOSING DIFFUSION PROBALISTIC MODELS (DDPMs)
ENCODER

Z1 Z2 Z1Z2

forward/diffusion process reverse/generative process
data noise sample

Zt

P(ZT )
PΘT(Zt-1  | Zt ) PΘ2(Z1  | Z2 ) PΘ1(X  | Z1 )q(Zt | Zt-1)

q(Zt-1 | Zt)

q(Zt−1 | Zt)

q(Zt−1 | Zt) =
q(Zt | Zt−1) q(Zt−1)

q(Zt)

q(Zt) ?
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The Intractable Posteriors
q(Zt)?

q(Zt) =

∫
x
dX

∫
z1

dZ1 · · ·
∫
zt−1

dZt−1 q(Z1 . . . Zt | X)P (X)

q(Zt) =
∫
x dX q(Zt | X)P (X)

but... P (X) is unknown

Approximated by the Decoder using Normal distributions
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The tractable Posteriors
q(Zt−1 | ZtX)

q(Zt−1 | ZtX) =
q(Zt | Zt−1X) q(Zt−1 | X)

q(Zt | X)

∝ q(Zt | Zt−1) q(Zt−1 | X)

= N(Zt;
√
1− βtZt−1, βtI)N(Zt−1;

√
1 = αt−1X, (1− αt−1)I)

q(Zt−1 | ZtX) = N(Zt−1;µ(Zt, X))



The Decoder NNs
DECODER

ZT X
reverse/generative process

noise sample

Zt Zt-1 Z2 Z1

PΘ(zt-1 |zt) = N(zt-1 ; μΘ(zt,t), σtI) 
P(zT) = N(zT ; 0, I) 

Normal approximation to q(zt-1 | zt), ok if βt  is small

Each µθt(Zt)
is a Neural Network with parameters θt

σt are predetermined



Decoder
DECODER

X ZT X’

DENOSING DIFFUSION PROBALISTIC MODELS (DDPMs)
ENCODER

Z1 Z2 Z1Z2

forward/diffusion process reverse/generative process
data noise sample

Zt

P(ZT )
PΘT(Zt-1  | Zt ) PΘ2(Z1  | Z2 ) PΘ1(X  | Z1 )q(Zt | Zt-1)

q(Zt-1 | Zt)

P (X,Z1, . . . ZT ; θ1 . . . θT ) = P (ZT )

T∏
t=2

Pθt(Zt−1 | Zt)Pθ1(X | Z1)

The Marginal probability of the data:

P (X; θ1 . . . θT ) =

∫
dZ1:TP (ZT )

T∏
t=2

Pθt(Zt−1 | Zt)Pθ1(X | Z1)



DDPM Training
Training Objective (Unsupervised)

Pdata(X) ≈ P (X; θ1 . . . θT )

Equivalent to

θ∗1:T = argmaxθ1:T logP (X; θ1 . . . θT )



DDPM Training



The DDPM Loss
Evidence Lower Bound

logPθ1:T (X) = log

[∫
Pθ1:T (X,Z1:T ) dZ1:T

]
= log

[∫
q(Z1:T | X)

Pθ1:T (X,Z1:T )

q(Z1:T | X)
dZ1:T

]
≥
∫
q(Z1:T | X) log

[
Pθ1:T (X,Z1:T )

q(Z1:T | X)

]
dZ1:T

ELBO(θ1:T ) =

∫
q(Z1:T | X) log

[
Pθ1:T (X,Z1:T )

q(Z1:T | X)

]
dZ1:T





ELBO(θ1:T ) =

∫
q(Z1:T | X) log

[
Pθ1:T (X,Z1:T )

q(Z1:T | X)

]
dZ1:T

The distributions are known

q(Zt | Zt−1) = N(
√
1− βt Zt−1, βtI)

Pθt(Zt−1 | Zt) = N(µθt(Zt), σ
2
t I)

Use parameterization
µθt(Zt) =

1√
1−βt

Zt − βt√
1−αt

√
1−βt

εθt(Zt)

Then
Loss = −ELBO(θ1:T ) =

∑I
i=1

∑T
t=1 ||εθt [

√
1− αtXi +

√
αtεit]− εit||2



NN for error NN for mean 

Zt



Loss = −ELBO(θ1:T ) =
∑I

i=1

∑T
t=1 ||εθt [

√
1− αtXi+

√
αtεit]−εit||2



error calculated
by the decoder 

error applied 
by the encoder 



DDPM Training Algorithm

X Zt =  αt X +  1-αt єZt-1

Diffusion Training Algorithm
є ~ N(0,I)

єΘ(zt)

true noise

predicted noise

Xt =         zt  -             єΘ(zt)   

input

predicted input

1
αt αt

1-αt
є ≈ єΘ(zt) X ≈ Xt 

t
t

t

Input:    training data x
Output: parameters Θ

repeat

until converged

for each x in batch 

accumulate losses per batch
take gradient step 

t  ~ Uniform[1...T] 

 є ~ N[0,I] 

zt =  αt x +  1-αt є
loss = || є - єΘ(zt)||

2  



DDPM Sampling Algorithm

X ZtZt-1

Diffusion Sampling Algorithm

єΘ(zt)

Xt   

sample

t

ZT

Input:    modes єΘ  ( )     
Output: sample x

1:T

Zt+1 ~ N(0,I)
zT  ~ N(0,I) 
for t in [T..2] do 

zt-1 =         zt  -                      єΘ(zt)   
1
1-βt

t

1-αt
1-βt

βt

               zt  -             єΘ(zt) =   1
αt αt

1-αt t

єΘ(zt+1)

Xt+1   

t+1

  x  =         z1  -                      єΘ(z1)   
1
1-β1

1

1-α1
1-β1

β1

zt-1  + =  σt  є  
є ~ N(0,I)

Pθt(Zt−1 | Zt) = N(µθt(Zt), σ
2
t I)

µθt(Zt) =
1√
1−βt

Zt − βt√
1−αt

√
1−βt

εθt(Zt)



De novo design of protein structure

inputs outputs

DECODER

X ZT X’

RFDIFFUSION (DDPM)
ENCODER

Z1 Z2 Z1Z2

forward/diffusion process reverse/generative process
data noise sample

The input is a real 3D protein structure
The noise is applied to the reference frames of each aa
Ti = (ri, ti) rotation + translations [SU3]
The Encoder works on two variables
Z = (t1, . . . , tL)
r = (r1, . . . , rL)
The Decoder is a variant of RoseTTAFold (RF)
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De novo design of protein structure

inputs outputs

DECODER

X ZT X’

RFDIFFUSION (DDPM)
ENCODER

Z1 Z2 Z1Z2

forward/diffusion process reverse/generative process
data noise sample

r1 r2
rT r2 r1

X0 XT X0
X1 X2 X1X2

X ZT XZ1 Z2 Z1Z2



inputs outputs

DECODER

X ZT X’

Denoising Diffusion Probabilistic Models
ENCODER

Z1 Z2

forward/diffusion process reverse/generative process
data noise sample

Zt-1 Zt Zt Zt-1 Z2 Z1

q(zt |zt-1) = N(zt ; 1-ßtzt-1, ßtI) PΘ(zt-1 |zt) = N(zt-1 ; μΘ(zt,t), σtI) 

P(zT) = N(zT ; 0, I) 

q  (zt-1 |zt)  intractable! 

trainable network
not-trainable (fixed)



amino acid chain = sequence of reference frames 



SE(3) = Translation (t) + Rotation (R) 

x

y

z

e1

xlocal
e2

e3

xglobal

xglobal = ti + Ri xlocal      = Ti xlocal 

xlocal = R-1(xglobal - t ) = T-1 xglobal
   

Special Eucliean Group

T = (R,t) = 
r11 r12 r13 t1

r21 r22 r23 t2
r31 r32 r33 t3
0 0 0 1

R = 
r11 r12 r13

r21 r22 r23

r31 r32 r33

t = (t1 , t2 , t3) 

AA1AA2
AA3

Ri = concat(   ,   ,   ) e1 e2 e3

Special Orthogonal group
SO(3) = 

atom

AAi

i i i

ti



inputs outputs

DECODER

X ZT X’

Denoising Diffusion Probabilistic Models
ENCODER

Z1 Z2

forward/diffusion process reverse/generative process
data noise sample

Zt-1 Zt Zt Zt-1 Z2 Z1

q(zt |zt-1) = N(zt ; 1-ßtzt-1, ßtI) PΘ(zt-1 |zt) = N(zt-1 ; μΘ(zt,t), σtI) 

P(zT) = N(zT ; 0, I) 

q  (zt-1 |zt)  intractable! 

trainable network
not-trainable (fixed)

RFDiffusion

transi

q(zt |zt-1) = N(zt ; 1-ßtzt-1, ßtI) 
for translations (Z)

for reference frames (r) 

??

RFdiff(zt) = Xt      (prediction) 

^

^

zt-1  = interpol(zt , Xt)  
^

???? SE(3) diffusion

inputs outputs
X ZT X’Z1 Z2 Zt-1 Zt Zt Zt-1 Z2 Z1

X0 XT
X1 X2 Xt-1 Xt



RFdiff(zt) = Xt      (prediction) ^

RFdiff(zt, Xt +1) = Xt      with self-conditioning ^ ^

X̂t 

X̂t+1 

zt



input

embedding module evoformer module structure module outputs

genetic
search

target sequence

MSA[s,r]

target sequence

r

s

r

outer
sum+ embedding

embedding

m[s,r,cm]

z[r,r,cz]

R

R

single rep
    s[r,c]

backbone frames 
     R[r,3,3] t[r,3]

pair repr
 z[r,r,cz]

IPA

Recycling (3 times)

R

    pairwise
distances[r,r]

3D structure

confidence
 pLDDT[r]

biasouter
sum

triangular updates & attention

MSA row/col gated attention + bias
(48 blocks no shared weights)

backbone frames 
     R[r,3,3] t[r,3]

data input

single rep



RFdiff(zt) = Xt      (prediction) ^

RFdiff(zt, Xt +1) = Xt      with self-conditioning ^ ^

X̂t 

X̂t+1 

zt



RFdiff(zt) = Xt      (prediction) ^

RFdiff(zt, Xt +1) = Xt      with self-conditioning ^ ^

Zt Zt-1

Xt+1
^

Xt
^

Xt
^

Zt Xt
^





DDPM Sampling Algorithm

X ZtZt-1

Diffusion Sampling Algorithm

єΘ(zt)

Xt   

sample

t

ZT

Input:    modes єΘ  ( )     
Output: sample x

1:T

Zt+1 ~ N(0,I)
zT  ~ N(0,I) 
for t in [T..2] do 

zt-1 =         zt  -                      єΘ(zt)   
1
1-βt

t

1-αt
1-βt

βt

               zt  -             єΘ(zt) =   1
αt αt

1-αt t

єΘ(zt+1)

Xt+1   

t+1

  x  =         z1  -                      єΘ(z1)   
1
1-β1

1

1-α1
1-β1

β1

zt-1  + =  σt  є  
є ~ N(0,I)

Pθt(Zt−1 | Zt) = N(µθt(Zt), σ
2
t I)

µθt(Zt) =
1√
1−βt

Zt − βt√
1−αt

√
1−βt

εθt(Zt)



Z200

SampleReference(L)



X200
^

RFdiff(z200) = x2000  
^

Z200

xt = RFDiffusion(Zt)
^



X200
^

RFdiff(z200) = x2000  
^ z199 = interpol(z200, x200)

^

Z200 Z199

Zt-1 = ReverseStep(Zt,xt)
^



Z200

X200
^

RFdiff(z199 ,x200) = x199  
^ ^

Z199

xt = RFDiffusion(Zt,xt+1)
^ ^



X200
^

RFdiff(z199 ,x200) = x199  
^ ^ z198 = interpol(z199, x199)

X199
^

^

Z200 Z199
Z198

Zt-1 = ReverseStep(Zt,xt)
^



Z200
Z1Z150

X200
^

Z0

X150
^

Z0 = interpol(z1, x1)
^

X1
^
Zt-1 = ReverseStep(Zt,xt)

^



Z200
Z1Z150

X200
^

Z0

X150
^

X = interpol(z1, x1)
^

X1
^

X = RFDiffusion(Z0,X1)
^

X



DDPM Training Algorithm

X Zt =  αt X +  1-αt єZt-1

Diffusion Training Algorithm
є ~ N(0,I)

єΘ(zt)

true noise

predicted noise

Xt =         zt  -             єΘ(zt)   

input

predicted input

1
αt αt

1-αt
є ≈ єΘ(zt) X ≈ Xt 

t
t

t

Input:    training data x
Output: parameters Θ

repeat

until converged

for each x in batch 

accumulate losses per batch
take gradient step 

t  ~ Uniform[1...T] 

 є ~ N[0,I] 

zt =  αt x +  1-αt є
loss = || є - єΘ(zt)||

2  



X



XZ123

Zt = ForwardNoise(X,t)



XZ123

RFdiff(z123 ) = x123  
^

X123
^

xt = RFDiffusion(Zt)
^



XZ123

RFdiff(z123 ) = x123  
^

X123
^

loss = ||X- x123||
2

 
^



XZ123

Zt+1 = ForwardNoise(X,t+1)



XZ123

RFdiff(z123 ) = x123  
^

X123
^

xt+1 = RFDiffusion(Zt+1)
^



XZ123

X123
^

Z122

z122 = interpol(z123, x123)
^

Zt = ReverseStep(Zt-1,xt-1)
^



XZ123

X123
^

Z122

X122
^

RFdiff(z122 ,x123) = x122  
^ ^

xt = RFDiffusion(Zt,xt+1)
^ ^



XZ123

X123
^

Z122

X122
^

RFdiff(z122 ,x123) = x122  
^ ^

^ ^

loss = ||X- x122||
2

 
^



Benchmarking



Flow Matching
vs Diffussion

What does Flow Matching do differently?



generative process
noise sample

Diffusion



generative process
noise sample

Diffusion



generative process
noise sample

Diffusion



generative process
noise sample

Diffusion



DIFFUSION Training

data
t=1



DIFFUSION Training

data

t  ~ Uniform[1...0] 

t=1
noise

t=0
X1 

X0 Xt 

forward diffusion



DIFFUSION Training

data

t  ~ Uniform[1...0] 

t=1
noise

t=0
X1 

X0 Xt =  αt X1+  1-αt є

N(0,I)

forward diffusion



DIFFUSION Training

data

t  ~ Uniform[1...0] 

t=1
noise

t=0
X1 

X0 Xt =  αt X1+  1-αt є

N(0,I)

forward diffusion

var(Xt) = αt var(X1) + (1− αt) var(N(0, 1))



DIFFUSION Training

data

t  ~ Uniform[1...0] 

t=1
noise

t=0
X1 

X0 Xt =  αt X1+  1-αt є

N(0,I)

forward diffusion

var(Xt) = αt var(X1) + (1− αt) var(N(0, 1))

If var(X1) = 1 then var(Xt) = var(X1) = 1



DIFFUSION Training

data

t  ~ Uniform[1...0] 

t=1

forward diffusion

Xt =  αt X1+  1-αt є

backward diffusion

N(0,I)XtX1



DIFFUSION Training

data

t  ~ Uniform[1...0] 

t=1

forward diffusion

Xt =  αt X1+  1-αt є

backward diffusion єΘ(Xt)

N(0,I)XtX1

 Neural 
Network



DIFFUSION Training

data

t  ~ Uniform[1...0] 

t=1

forward diffusion

Xt =  αt X1+  1-αt є

backward diffusion єΘ(Xt)

N(0,I)XtX1

 Neural 
Network

Loss = || є - єΘ(Xt) ||2 



DIFFUSION Sampling

backward diffusion

X0



DIFFUSION Sampling

backward diffusion

X0Xt=0.1  Neural 
Network

єΘ(Xt)
t



DIFFUSION Sampling

backward diffusion

Xt+1=0.2 X0

Xt+1 =         Xt  -                      єΘ(Xt)   
1
1-βt

t

1-αt
1-βt

βt

Xt=0.1  Neural 
Network

 substracts
     noise



DIFFUSION Sampling

t=1

backward diffusion

Xt+1=0.2X1 X0

Xt+1 =         Xt  -                      єΘ(Xt)   
1
1-βt

t

1-αt
1-βt

βt

Xt=0.1  Neural 
Network

 substracts
     noise



Diffusion Summary
TRAINING
For all real images

1. get real image X1

2. sample time t ∈ [0, 1]

3. Forward diffusion
Create noise Xt =

√
αtX1 +

√
1− αt εt

4. Backward diffusion Predict noise with NN εtθ(Xt)

5. Loss MSE = ||εtθ(Xt)− εt||2

SAMPLING

1. sample noise X0 ∼ N(0, I)

2. In T steps: k = 1, ..., T

2.1 Backward diffusion Predict noise with NN εtθ(Xk) for t = k/T

2.2 Xpred
k+1 = 1√

1−βt
Xpred
k − βt√

1−αt

√
1−βt

εtθ(X
pred
k )

X1 = Xpred
k=T



Flow Matching
Path from X1 to X0 is deterministic

data
t=1

noise
t=0

X1 X0 

forward process t  ~ Uniform[1...0] 

Xt 



Flow Matching
Path from X1 to X0 is deterministic

data
t=1

noise
t=0

X1 X0 

Xt =  αt X1+  1-αt єt

N(0,I)

forward process

DIFFUSION 

t  ~ Uniform[1...0] 

Xt 

stochastic



Flow Matching
Path from X1 to X0 is deterministic

data
t=1

noise
t=0

X1 X0 

Xt =  αt X1+  1-αt єt

N(0,I)

forward process

FLOW MATCHING
Xt = t  X1  + (1-t)  X0

DIFFUSION 

deterministic

t  ~ Uniform[1...0] 

Xt 

stochastic



data
t=1

FLOW MATCHING Training



FLOW MATCHING Training

data
t=1

X1 t=0

Sample

X0 ~ N(0,1)



FLOW MATCHING Training

data

t  ~ Uniform[1...0] 

t=1
X1 Xt t=0

Sample

X0 ~ N(0,1)



FLOW MATCHING Training

data

t  ~ Uniform[1...0] 

t=1
X1 Xt t=0

Xt = t  X1  + (1-t)  X0

Sample

X0 ~ N(0,1)



FM = much simpler diffusion process

data
t=1

noise
t=0

X1 X0 

Xt =  αt X1+  1-αt єt

N(0,I)

forward process

FLOW MATCHING
Xt = t  X1  + (1-t)  X0

DIFFUSION 

deterministic on t>0

t  ~ Uniform[1...0] 

Xt 

stochastic on t

stochastic only on X0

N(0,I)



From your Physics 101

I A constant velocity v trajectory

x = x0 + v t

is equivalent to

dx

dt
= v

I Generalizes to

dx

dt
= v(t)

For example: v(t) =
√
t

I Further generalizes to a flow v(x, t)

dx

dt
= v(x, t)

For example: v(x, t) = x
√
t



Ordinary Differential Equation (OED)

dx

dt
= v(x, t)

Has the solution

x1 = x0 +

∫ 1

0
v(x, t)dt

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

xk = xk−1 +
1

T
v(x, k − 1)



FLOW MATCHING Training

data

t  ~ Uniform[1...0] 

t=1
X1 Xt t=0

Xt = t  X1  + (1-t)  X0

X0 ~ N(0,1)

= V(Xt) =  X1 - X0

dXt

dt constant flow for all t’s



FLOW MATCHING Training

data

t  ~ Uniform[1...0] 

t=1
X1 Xt t=0

Xt = t  X1  + (1-t)  X0

X0 ~ N(0,1)

= V(Xt) =  X1 - X0

dXt

dt

backward NN

VΘ(Xt)



FLOW MATCHING Training

data

t  ~ Uniform[1...0] 

t=1
X1 Xt t=0

Xt = t  X1  + (1-t)  X0

X0 ~ N(0,1)

= V(Xt) =  X1 - X0

dXt

dt

backward NN

Loss = || V(Xt) - VΘ(Xt) ||2 

VΘ(Xt)



FLOW MATCHING Sampling

X0 ~ N(0,1)



FLOW MATCHING Sampling

 Neural 
Network

VΘ(X0)

X0



FLOW MATCHING Sampling

X0.1 = X0  + 0.1 VΘ(X0)   

Xt=0.1

T=10

X0



FLOW MATCHING Sampling

Xt=0.1

 Neural 
Network

VΘ(Xt)T=10

X0



FLOW MATCHING Sampling

Xt+1=0.2

Xt+1 = Xt  + 0.1 VΘ(Xt)   

Xt=0.1

 Neural 
Network

VΘ(Xt)T=10

X0



FLOW MATCHING Sampling

t=1
X1 Xt=0.1 X0

X1 = X0.9  + 0.1 VΘ(X0.9)   
T=10

Xt=0.2
t=0



Flow Matching Summary
TRAINING
For all real images

1. get real image X1

2. sample image X0 ∼ N(0, 1)

3. sample time t ∈ [0, 1]

4. Forward interpolate
Xt = tX1 + (1− 1)X0

Vt = X1 −X0

5. Backward Predict flow with NN Vθ(Xt)

6. Loss MSE = ||Vθ(Xt)− Vt||2

SAMPLING
1. sample noise X0 ∼ N(0, I)

2. In T steps: k = 1, ..., T

2.1 Backward Predict flows with NN Vθ(Xt) for t = k/T
2.2 Using Euler method:

Xpred
k = Xpred

k−1 + 1
T Vθ(X

pred
k−1 ) 1 ≤ k ≤ T

X1 = X0 +
∫ 1

0
Vθ(Xt)dt = Xpred

k=T





C3’

C4’

C1’

C2’



X[L,3] S[L]  V[L,24,3]
global coords
 (x,y,z) of C3’

 {A,C,G,T} local coords
all nt atoms

C3’

C3’

C3’

C3’

C3’

C3’

C3’

C3’

C3’

C3’

U

U

C

A

G



St[L,4]

Vt[L,3]

 logits for {A,C,G,T}

 3D coords of nt C3’

t

time_embedding
t[1,dt]

input_embedding

Vt
St

Xt

Xt[L,dx] NN(X,t)

v_xyzt[L,3]
ht[L,d] 

v_seqt[L,4]

RiboGenLike(S ,V ,t)t t

 xyz flow’

 seq flow logits’

d=dx+dt

L = 5 

out_projection



St[L,4]

Vt[L,3]

 logits for {A,C,G,T}

 3D coords of nt C3’

t

time_embedding
t[1,dt]

input_embedding

Xt[L,dx] NN(X,t)

v_xyzt[L,3]
ht[L,d] 

logit_seqt[L,4]

RiboGenLike(V ,S ,t)t t

 xyz flow’

 seq  logits’

d=dx+dt

L = 5 

out_projection



St[L,4]

Vt[L,3]

 logits for {A,C,G,T}

 3D coords of nt C3’

t

time_embedding
t[1,dt]

input_embedding

Xt[L,dx] NN(X,t)

v_xyzt[L,3]
ht[L,d] 

logit_seqt[L,4]

RiboGenLike(V ,S ,t)t t

 xyz flow’

 seq  logits’

d=dx+dt

X1 = cat( V1[L,3], S1[L,4]) 

L = 5 

out_projection



St[L,4]

Vt[L,3]

 logits for {A,C,G,T}

 3D coords of nt C3’

t

time_embedding
t[1,dt]

input_embedding

Xt[L,dx] NN(X,t)

v_xyzt[L,3]
ht[L,d] 

logit_seqt[L,4]

RiboGenLike(V ,S ,t)t t

 xyz flow’

 seq  logits’

d=dx+dt

X1 = cat( V1[L,3], S1[L,4]) 

L = 5 

S0[L] ~Uniform
           categorical

V0[L,3]~N(0,1)        

out_projection



St[L,4]

Vt[L,3]

 logits for {A,C,G,T}

 3D coords of nt C3’

t

time_embedding
t[1,dt]

input_embedding

Xt[L,dx] NN(X,t)

v_xyzt[L,3]
ht[L,d] 

logit_seqt[L,4]

RiboGenLike(V ,S ,t)t t

 xyz flow’

 seq  logits’

d=dx+dt

X1 = cat( V1[L,3], S1[L,4]) 

t

L = 5 

S0[L] ~Uniform
           categorical

V0[L,3]~N(0,1)        

out_projection



St[L,4]

Vt[L,3]

 logits for {A,C,G,T}

 3D coords of nt C3’

t

time_embedding
t[1,dt]

input_embedding

Xt[L,dx] NN(X,t)

v_xyzt[L,3]
ht[L,d] 

logit_seqt[L,4]

RiboGenLike(V ,S ,t)t t

 xyz flow’

 seq  logits’

d=dx+dt

X1 = cat( V1[L,3], S1[L,4]) 

t

L = 5 

S0[L] ~Uniform
           categorical

V0[L,3]~N(0,1)        

Vt[L,3] = tV1[L,3] + (1-t)V0[L,3]

out_projection



St[L,4]

Vt[L,3]

 logits for {A,C,G,T}

 3D coords of nt C3’

t

time_embedding
t[1,dt]

input_embedding

Xt[L,dx] NN(X,t)

v_xyzt[L,3]
ht[L,d] 

logit_seqt[L,4]

RiboGenLike(V ,S ,t)t t

 xyz flow’

 seq  logits’

d=dx+dt

X1 = cat( V1[L,3], S1[L,4]) 

t

L = 5 

S0[L] ~Uniform
           categorical

V0[L,3]~N(0,1)        

Vt[L,3] = tV1[L,3] + (1-t)V0[L,3]
St[L] = bern(t)S1[L] + (1-bern(t))S0[L]

out_projection



St[L,4]

Vt[L,3]

 logits for {A,C,G,T}

 3D coords of nt C3’

t

time_embedding
t[1,dt]

input_embedding

Xt[L,dx] NN(X,t)

v_xyzt[L,3]
ht[L,d] 

logit_seqt[L,4]

RiboGenLike(V ,S ,t)t t

 xyz flow’

 seq  logits’

d=dx+dt

RiboGenLike(V ,S ,t)t t

X1 = cat( V1[L,3], S1[L,4]) 

= 

t

L = 5 

S0[L] ~Uniform
           categorical

V0[L,3]~N(0,1)        

Vt[L,3] = tV1[L,3] + (1-t)V0[L,3]
St[L] = bern(t)S1[L] + (1-bern(t))S0[L]

out_projection



St[L,4]

Vt[L,3]

 logits for {A,C,G,T}

 3D coords of nt C3’

t

time_embedding
t[1,dt]

input_embedding

Xt[L,dx] NN(X,t)

v_xyzt[L,3]
ht[L,d] 

logit_seqt[L,4]

RiboGenLike(V ,S ,t)t t

 xyz flow’

 seq  logits’

d=dx+dt

RiboGenLike(V ,S ,t)t t

X1 = cat( V1[L,3], S1[L,4]) 

= 

t

L = 5 

 2 Losses’

MSE(v_xyzt[L,3], V1[L,3]-V0[L,3])  

S0[L] ~Uniform
           categorical

V0[L,3]~N(0,1)        

Vt[L,3] = tV1[L,3] + (1-t)V0[L,3]
St[L] = bern(t)S1[L] + (1-bern(t))S0[L]

out_projection



St[L,4]

Vt[L,3]

 logits for {A,C,G,T}

 3D coords of nt C3’

t

time_embedding
t[1,dt]

input_embedding

Xt[L,dx] NN(X,t)

v_xyzt[L,3]
ht[L,d] 

logit_seqt[L,4]

RiboGenLike(V ,S ,t)t t

 xyz flow’

 seq  logits’

d=dx+dt

RiboGenLike(V ,S ,t)t t

X1 = cat( V1[L,3], S1[L,4]) 

= 

t

L = 5 

 2 Losses’

MSE(v_xyzt[L,3], V1[L,3]-V0[L,3])  

CrossEntropy(logit_seqt[L,4], S1[L,4])  

S0[L] ~Uniform
           categorical

V0[L,3]~N(0,1)        

Vt[L,3] = tV1[L,3] + (1-t)V0[L,3]
St[L] = bern(t)S1[L] + (1-bern(t))S0[L]

out_projection



St[L,4]

Vt[L,3]

 logits for {A,C,G,T}

 3D coords of nt C3’

t

time_embedding
t[1,dt]

input_embedding

Xt[L,dx] NN(X,t)

v_xyzt[L,3]
ht[L,d] 

logit_seqt[L,4]

RiboGenLike(V ,S ,t)t t

 xyz flow’

 seq  logits’

d=dx+dt

L = 5 

out_projection



St[L,4]

Vt[L,3]

 logits for {A,C,G,T}

 3D coords of nt C3’

t

time_embedding
t[1,dt]

input_embedding

Xt[L,dx] NN(X,t)

v_xyzt[L,3]
ht[L,d] 

logit_seqt[L,4]

RiboGenLike(V ,S ,t)t t

 xyz flow’

 seq  logits’

d=dx+dt

L = 5 

out_projection

S0[L] ~Uniform
           categorical

V0[L,3]~N(0,1)        



St[L,4]

Vt[L,3]

 logits for {A,C,G,T}

 3D coords of nt C3’

t

time_embedding
t[1,dt]

input_embedding

Xt[L,dx] NN(X,t)

v_xyzt[L,3]
ht[L,d] 

logit_seqt[L,4]

RiboGenLike(V ,S ,t)t t

 xyz flow’

 seq  logits’

d=dx+dt

L = 5 

out_projection

S0[L] ~Uniform
           categorical

V0[L,3]~N(0,1)        

t = k/T



St[L,4]

Vt[L,3]

 logits for {A,C,G,T}

 3D coords of nt C3’

t

time_embedding
t[1,dt]

input_embedding

Xt[L,dx] NN(X,t)

v_xyzt[L,3]
ht[L,d] 

logit_seqt[L,4]

RiboGenLike(V ,S ,t)t t

 xyz flow’

 seq  logits’

d=dx+dt

L = 5 

out_projection

RiboGenLike(V ,S ,t)t t= 

S0[L] ~Uniform
           categorical

V0[L,3]~N(0,1)        

t = k/T



St[L,4]

Vt[L,3]

 logits for {A,C,G,T}

 3D coords of nt C3’

t

time_embedding
t[1,dt]

input_embedding

Xt[L,dx] NN(X,t)

v_xyzt[L,3]
ht[L,d] 

logit_seqt[L,4]

RiboGenLike(V ,S ,t)t t

 xyz flow’

 seq  logits’

d=dx+dt

L = 5 

out_projection

RiboGenLike(V ,S ,t)t t= 

S0[L] ~Uniform
           categorical

V0[L,3]~N(0,1)        

t = k/T

Vt+1[L,3] = Vt[L,3] + 1/T v_xyzt[L,3]

St+1[L,4] = St[L,4] + 1/T logit_seqt[L,4]






