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Recap

* Denoising Diffusion Probabilistic Models (DDPMs) are a popular formulation of
diffusion.

. Forward process: g(X, | X,_;) :== NV (X;+/1 = px._ 1, f1)

» Backward process: py(X,_; | X,) = N (X,_ s Bo(X,, 1), 2p(X, 1))

 Reformulation resulted in new loss function with improved sample quality
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Generalizing the design of diffusion models

* Other frameworks for diffusion models exist (e.g. Noise Conditioned Score
Networks) where the data distribution is perturbed with Gaussian noise

 How can we unite these frameworks? How can we easily change the design
of diffusion models??

» |dea: previous diffusion models added noise in discrete steps, but we can
Imagine this as a discretization of a continuous process.

o “Score-based Generative Modeling through Stochastic Differential Equations”
gives a continuous formulation of diffusion models [1].



What is a Stochastic Differential Equation?

* Differential Equation

dx f(x. 1
—_— X,
dr

o Stochastic Differential Equation (SDE)

_ | White Noise = “Derivative of
d — f(Xa t) T g (t) d Gaussian Random variable”

dx = f(x, r)dr + g¢(r)dW



Forward Process

. 1f X(0) ~ p, is the data distribution, then the SDE dx = f(x, r)ds + g(r)dW
will perturb this distribution with white noise.

» Typically, for a long period of time T the distribution of X(7') ~ p, will have

almost no information about the initial distribution (most often a normal
distribution).

 The SDE is thus describing the forward process of the diffusion model. It is
describing a continuous way of adding noise.

 The backward process will also be given by an SDE with initial condition given
by X(1') ~ pr-



Backward Process

 To sample, we solve a reverse-time SDE
dx = [f(x, 1) — g(t)* V,log p(x)]dz + g(1)dW
which is guaranteed to have the same distributions as the forward SDE.

 Want to learn the score V_log p(x) for 0 < ¢ < T. For fixed ¢ the objective
becomes

=0 Exix 186X, 1) = V) log po,(x(@) | x(O)]17

where p, (X(?) | xX(0)) is the density function of the solution given the initial value
is fixed at x(0).

« Most models choose the SDE so that p,, has an exact formula and can be
sampled.



Benefits of SDE formulation

 SDE formulation generalizes previous models

» Taking increasingly smaller steps in the DDPM and treating /; as discretization
of continuous function [((7) gives a forward process that converges to

|
. Variance Preserving SDE: dx = — Eﬁ(t)xdt + 1/ p(t)dW

o Simplified loss becomes slightly rescaled version of denoising score matching
objective

* Deterministic sampling method:

dx = [f(x, 1) — %g(t)2 V_log p(x)]dz



Improving sampling

 Problem: it usually takes 100s-1000s of model evaluations to solve reverse SDE/ODE

 SDE formulation allows a flexible framework, so we can adjust parameters to
Improve sampling.

« “Elucidating the Design Space of Diffusion-Based Generative Models” discusses
choices to improve sampling time [2].

—

dlo*(?)] p
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_ Variance exploding SDE: dx = \

. Choosing o(f) = t and parameterizing Vp (x) = (D(x, t) — x)/t* leads to ODE
dx x— D(x,1)

dr
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Left: VP SDE, Center: VE SDE, Right: Karras et al. [2]



Algorithm 2 Our stochastic sampler with o(¢) = t and s(t) = 1.

I: procedure STOCHASTICSAMPLER(Dg(x;0), ticqo,....N}, Vie{0,....N—1}s Snoise)

2: Sample Lo ™~ N(O’ t% I) {min(%—'{%—'l, 2—1) if tiE[Stmin,Stmax]
3: fori: € {0,...,N — 1} do > Y = |

4: sample €; ~ N (0, Sii. 1) 0 otherwise

5: t; < t; + vits > Select temporarily increased noise level ¢;
6: T; «— x; + \/ f;? — t? €; > Add new noise to move from %; to fz-
7: d; — (:'i:z — Dg(x; fz-))/fi > Evaluate dx /dt at t;
8: Tir1 < T; + (tir1 — f,,;)dz- > Take Euler step from t; to tiv1
0: if ti+1 75 O then

10: d! + (a:z-+1 — Do(xis1; tz+1)) [t > Apply 2" order correction
11: XT; 1(—£f3i—|-(tz' 1—t)(1d -I—ld,)

12: return x y

Stochastic sampler from [2]



AlphaFold 3

 The most recent iteration of AlphaFold 3 expands its modeling capabilities from just
protein structure to the joint structure of complexes including proteins, nucleic
acids, ligands, etc.

 Much of the architecture remains similar to AF2, but there are some notable change:

 The main trunk acts on representations of tokens (polymer residues or atoms
from small molecules) instead of just protein residues

 The evoformer is replaced with a pairformer. The use of MSA is simplified from
AF2, and the representation is not retained as the pair representation is updated

* The structure module is replaced with an all-atom diffusion model

 AF3 is essentially a conditional diffusion model, where most of the compute is done
on the conditioning information.



Example structure from AF3 [3]
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Algorithm 18 Sample Diffusion

def SampleDiffusion( {f"}, {si:np S, {strunk {z;r;’"k}, Noise Schedule [cg, ¢q, ..., er],
Yo = 0.8, Ymin = 1.0, noise scale A = 1.003, step scalen = 1.5 ):

l: )_('INCO'N((_)’,I;;) )_(’IERg

2: forall c. € [cq,...,cp| do
33 {X;} « CentreRandomAugmentation({x;})

4: Y =70 lf Cr > “Ymin elSC O
5: f = Cr_1 'y —+ 1)

6 §Z—A\/t2—c N(0,13) £ € R3
7: )-(.?onsy I+§l

8. {Rdenoised) _ DyiffusionModule({X]*™}, £, {£ "}, {sI"™"*}, {stunk}, {z3"})

9 & = (X — )‘c’;’e“m“")/t
10 dt=c. —t

1: X X 4. dt- 4
12: end for

13: return {X;}




Algorithm 20 Diffusion Module

def DiffusionModule({X]™}, 7, {f*}, {s"P""}, {strunk}, {z"},
Odata = 16, Catom = 128, Catompair — 16, coken = 768) :

# Conditioning

: . L 1=T) : T I n * inputs trunk trunk

I: {s;},{z;;}=DiffusionConditioning(t, {f }, {s;" }, {s;/"™},{z{;"™ }, Tdata)
# Scale positions to dimensionless vectors with approximately unit variance.

_ noisy _ —noisy £ 2 noisy 3
21, =X /\/t + 050 r, *eR

# Sequence-local Atom Attention and aggregation to coarse-grained tokens

3: {a;}, {qfkip }, {cfkip 1 {pfﬁp } = AtomAttentionEncoder({f "}, {r;loisy b, s} {75}, Catoms Catompairs Ctoken )
a; € ]RCtoken

# Full self-attention on token level.

4: a;+= LinearNoBias(LayerNorm(s;))

5: {a;} < DiffusionTransformer({a;}, {si}.{zi;}. Bij = 0, Nolock = 24, Npead = 16)
6: a; « LayerNorm(a;)

# Broadcast token activations to atoms and run Sequence-local Atom Attention

7: {r;lpd “°1 = AtomAttentionDecoder({a;}, {qfkip }, {c?kip L {prp))

Im

# Rescale updates to positions and combine with input positions

. gout __ -2 2 F2\  ghoisy n 2 ;o .update
8: X = data/(adam +1 ) " X + Odata - t/ \/Gdata + 1 I

9: return {X{"'}
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Task Dataset Metric Notes Method N Mean 95% CI

Ligands PoseBusters V1 % RMSD < 2A - RoseTTAFold All-Atom 427 420 37.2-468
AF3 (2019 cutoff) 428 76.4 721-803

Holo protein struct. given EquiBind 428 2.6 1.3-46
TankBind 428 150 1.7-18.7
DiffDock 428 379 33.2-426
Pocket residues specified Vina on AF-M 2.3 428 131 10.0-16.7
DeepDock 428 178 143-217
Uni-Mol 428 229 19.0-27.2
UMol 428 450 403-499
Gold 428 512 46.3-56.0
Vina 428 523 475-572
Uni-Mol Docking V2 428 776 733-814
AF3 (2019 cutoff) pocket specified 428 90.2 87.0-928
PoseBusters V2 % RMSD < 2A - AF3 (2019 cutoff) 308 80.5 756-848

Holo protein struct. given EquiBind 308 1.9 07-42
TankBind 308 159 12.0-20.5
DiffDock 308 380 325-437
Pocket residues specified Vina on AF-M 2.3 308 153 1.4-198
DeepDock 308 195 152-244
Uni-Mol 308 218 17.3-268
Gold 308 58.1 524-63.7
Vina 308 597 54.0-653
AF3 (2019 cutoff) pocket specified 308 93.2 B898-0957
Nucleic Acids Protein-RNA iLDDT RoseTTAFold2NA 25 19.0 15.6-23.2
AF3 25 394 285-519
Protein-dsDNA iLDDT RoseTTAFold2NA 38 283 20.7-375
AF3 38 648 564-717
CASP 15 RNA RNA LDDT RoseTTAFold2NA 8 355 283-438
AF3 8 473 417 -552
Alchemy_RNA2 (has human input) 8 545 453-624
RNApolis (has human input) 8 505 452-558
Chen (has human input) 8 498 40.7-585
Kiharalab 8 409 351-543
UltraFold 8 378 325-450
Covalent Mod.  Bonded ligands % RMSD < 2A AF3 66 785 68.3-86.2
Glycosylation % RMSD < 2A high-quality, single-residue  AF3 28 721  53.1-85.7
all-quality, single-residue AF3 167 46.0 40.0-521
all-quality, multi-residue AF3 131 424 354-493
Modified residues % RMSD < 2A AF3 154 599 524-67.0
Modified protein residues % RMSD <2 A AF3 40 51.0 36.0-656
Modified DNA residues % RMSD < 2A AF3 91 686 59.0-769
Modified RNA residues % RMSD < 2A AF3 23 409 234-599
Proteins All Protein-Protein % dockq > 0.23 AF-M 2.3 1064 67.5 64.7-70.1
AF3 1064 76.6 740-789
Protein-Antibody % dockq > 0.23 AF-M 2.3 65 296 196-404
AF3 65 629 514-735
Monomers LDDT AF-M 2.3 338 855 84.7-86.1
AF3 338 869 86.2-876
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