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Folding

/\

Protein amino acid sequence

MVLSPADKTNVKAAWGKVGAHAGEYGA
EALERMFLSFPTTKTYFPHFDLSHGSAQV
KGHGKKVADALTNAVAHVDDMPNALSAL
SDLHAHKLRVDPVNFKLLSHCLLVTLAAH
LPAEFTPAVHASLDKFLASVSTVLTSKYR

Inverse folding

Protein 3D structure

Structure determine function

Many sequence can fold on one similar structure (524
different sequence fold into 1MBN)

Diffusion model can generate diverse sample given
the same input

Hsu, Chloe, et al. "Learning inverse folding from
millions of predicted structures." . PMLR, 2022.



e Protein Graph Representation & Inverse Folding



Tertiary Structure

Sequence

DTCGSGYNVDQRRTNSGCKAGNGDRHFCGCDR |
TGVVECKGGKWTEVQDCGSSSCKGTSNGGATC
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Inverse Folding:

p(X# | XP%) = pg(X* | A,E) where  xaa g RNx20
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* Graph Denoising Diffusion for Inverse Protein Folding (GraDe-IF)



logp(x) = Eq(xllxo)[logpﬂ(xo | x1)] — DKL(CI(xT | x0) I p(xT))
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« q(x; | x5) requires a closed form
e q(x7) should independent with x

o q(x,_1 | x;, x0) should have closed form



Diffusion Process:

q(x; | x9%) = x**Q, Q. =0.Q;..Q, x% € R1*20

Transition Matrix
Q=ald+(1—-a)l;1;/d (Uniform Diffusion Kernel)
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Posterior Distribution

q(x; | X1, x%)q(xp—q | x4%)

q(xe—q1 | x¢, x%%) =

q(x; | x2%)
x:Qf © x*2Q,_,
- Cat xt_l | = T
xX42Q.x;

Parameterized Generative Process : po(Xi—1 | x;) < Z q(xe—g | X, x3)Pg (x| x¢)

xaa
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Algorithm 1 Training

1:

hEN Hhady WD

Input: A graph G = {X, E}

Sample t ~ U(1,T)

Compute g(X¢| X**) = X0,

Sample noisy X; ~ q(X;|X?2)

Forward pass: p(X?*) = fo(Xy, E, t, ss)

Compute cross-entropy loss: L = Lcg(p(X??), X)
Compute the gradient and optimize denoise network fy
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Algorithm 1 Training

AN Chode v 2

Input: A graph G = {X, E}

Sample t ~ U(1,T) B

Compute g(X¢| X**) = X**Q,

Sample noisy X; ~ q(X;|X?*)

Forward pass: p(X?*) = fp(Xy, E, t, ss)

Compute cross-entropy loss: L = Lcg(p(X**), X)
Compute the gradient and optimize denoise network fp

Algorithm 2 Sampling (DDPM)

1: Sample from uniformly prior X1 ~ p(X7)

2: fortin {7, 7 —1,...,1} do

3: Predict p( X **| X;) by neural network p(X?**| X;) = fo(Xy, E,t, ss)
4:  Compute pg(Xi—1|Xt) = Y 5aa ¢(Xi—1| Xy, X22)p(X 2| X)

5: Sample X;_; ~ pg(

6: end for

X, 1|X))

7: Sample X* ~ pg(X?*| X )




Algorithm 2 Sampling (DDPM)

1: Sample from uniformly prior X1 ~ p(Xr)
2: fortin{7,7T—1,...,1} do

3:
4.
S
6:

Predict p(X*| X;) by neural network p(X??*| X;) = fo(Xy, E, t, ss)
Compute pg(X¢—1|X¢) = D gaa ¢(Xi—1]| X, X?*)P(X**| Xy)
Sample Xt—l ~ pO(Xt—l |Xt)

end for

7: Sample X2 ~ py(X 2| X1)

Algorithm 3 Sampling (DDIM)

1
2

3:
4.
5:
6:

7

: Sample from uniformly prior X1 ~ p(Xr)

: fortin {T,T —k,...,1} do
Predict p(Xo| X+) by neural network p(Xo| X:) = fo(X+, E,t, ss)
Compute po(Xt—k| Xt) = D gaa ¢(Xi—k| X, X**)D(X** X)
Sample X;_x ~ po(Xi—r|Xt)

end for

: Sample X ~ py(X?2| X))
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* Experiment & Evaluation



Table 1: Recovery rate performance of CATH on zero-shot models.

Model Perplexity | Recovery Rate % 1 CATH version
Short Single-chain  All Short  Single-chain All 4.2 4.3
STRUCTGNN [17] 8.29 8.74 6.40 29.44 28.26 3591 v
GRAPHTRANS [17] 8.39 8.83 6.63 28.14 28.46 3582 Vv
GCA [41] 7.09 7.49 6.05 32.62 31.10 37.64 v
GVP [19] 7.23 7.84 5.36 30.60 28.95 3947 Vv
GVP-large [16] 7.68 6.12 6.17 32.6 394 39.2
ALPHADESIGN [8] 7.32 7.63 6.30 34.16 32.66 41.31 v
ESM-IF1 [16] 8.18 6.33 6.44 31.3 38.5 38.3
ProteinMPNN [5] 6.21 6.68 4.61 36.35 34.43 4596 Vv
PIFoLD [9] 6.04 6.31 4.55 39.84 38.53 51.66 V
GRADE-IF 5.49 6.21 4.35 45.27 42.77 5221 V
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Figure 3: Recovery rate on core and surface residues and different secondary structure



Recovery Rate: 0.612 Recovery Rate: 0.547 Recovery Rate: 0.540
RMSD: 0.915 RMSD: 1.021 RMSD: 0.999
avg. pLDDT: 0.841 avg. pLDDT: 0.835 avg. pLDDT: 0.830

Figure 6: Folding prediction of generated protein sequence by GRADE-IF with respect to the native
protein (PDB ID: 3FKEF, colored in nude).



PDB ID: 1ud9A00

pLDDT: 0.835

Recovery Rate: 0.593
RMSD: 0.819
avg. pLDDT: 0.841

Recovery Rate: 0.535
RMSD: 0.955
avg. pLDDT: 0.824

Recovery Rate: 0.494
RMSD: 0.864
avg. pLDDT: 0.785

Table 2. Average RMSD and pLDDT across
42 protein structures (folded by AlphaFold2)
with model-generated sequences.

Model avg. pLDDT avg RMSD
PiFold 0.847 + 0.160 1.530 + 0.928
ProteinMPNN  0.881 + 0.084  1.499 + 0.816
GraDe-IF 0.892 + 0.106  1.284 + 0.747

Table 4. TM score comparison. Each protein
backbone generates 30 sequences.

Protein GraDe-IF ProteinMPNN PiFold

PDB ID: 2remB00
pLDDT: 0.879

Recovery Rate: 0.538
RMSD: 0.914

Recovery Rate: 0.505
RMSD: 0.827

Recovery Rate: 0.500
RMSD: 0.953

1udS.A 0.97 £ 0.01 0.95 + 0.04 0.94 + 0.04
2rem.B 0.96 + 0.01 0.94 £+ 0.01 0.93 + 0.01
3drn.B 0.96 + 0.01 0.95+0.01 0.95 +£0.01
3fkf,A  0.76 + 0.03 0.67 £ 0.01 0.64 + 0.02

avg. pLDDT: 0.791 avg. pLDDT: 0.780 avg. pLDDT: 0.780

PDB ID: 3drnB00
pLDDT: 0.8465

Recovery Rate: 0.624
RMSD: 0.730
avg. pLDDT: 0.750

Recovery Rate: 0.490
RMSD: 0.810
avg. pLDDT: 0.735

Recovery Rate: 0.470
RMSD: 0.829
avg. pLDDT: 0.746

Table 5. TM score comparison on 42 protein
backbones, with each backbone generating
1 sample. A sequence is considered foldable
if its TM score > 0.5.

Method Success TM score
PiFold 37 0.83 +0.21
ProteinMPNN 39 0.82 + 0.16
GraDe-IF 39 0.87 +0.17
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