Pi-SAGE: Permutation-invariant surface-aware
graph encoder for binding affinity prediction
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Problem definition

Accurately predicting changes in binding affinity (AAG) is critical for protein design. Sequence- an o2
based pLMs learn about structure implicitly while structure aware pLMs learn about surface I | | | I T

implicitly. We hypothesize that explicitly encoding protein surface features can improve o s el
prediction of AAG. Figures below from MaSIF paper [6].
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Results: Pre-training

Pre-training loss curves of SAGE and Pi-SAGE
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_ Effect of model and vocab sizes on pre-training

We propose Pi-SAGE, a Permutation-invariant Surface-Aware Graph Encoder that learns local
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& - Protein surface tokenization . ‘i" E \ Model Per structure Overall

’ ;‘:_ A PIE | Pearson 1 Spear. T | Pearson 1 Spear. 1 RMSE | MAE | AUROC 71

| N Nodes, - - /: | Gearbind | 0.365+/-0.082 0.299 +/- 0.053 | 0.525 +/- 0.106 0.372 +/-0.035 1.921 +/-0.277 1.403 +/-0.208  0.650 +/- 0.006

I » shoertdegs,ets'ath = E] | , » & e | + ESM150M 0.378 +/- 0.050  0.326 +/- 0.047 | 0.563 +/- 0.088  0.400 +/-0.014  1.866 +/-0.259  1.359 +/- 0.209  0.655 +/- 0.028

ool n) sl . | + ESM650M 0.381 +/-0.063  0.316 +/- 0.052 | 0.539 +/- 0.096  0.377 +/-0.047  1.852+/-0.226 1349 +/-0.170  0.652 +/- 0.032

| Virtual node i quantized : + ESM3B 0.418 +/- 0.088  0.338 +/- 0.067 | 0.567 +/- 0.057 0.425+/-0.039  1.834 +/-0.144 1.331 +/-0.114  0.671 +/- 0.026

s — encoding & 1 graph . | + ProtT5 0.376 +/-0.112  0.325 +/- 0.080 | 0.551 +/- 0.088 0.400 +/- 0.056  1.873 +/-0.179  1.375 +/- 0.135  0.665 +/- 0.019
| ikl (encoded eI +ProstT5 (seq) | 0.372+/-0.094  0.316 +/- 0.087 | 0.540 +/-0.085 0.390 +/-0.070  1.90 +/-0.173  1.401 +/- 0.146  0.660 +/- 0.046
| St g Encoder graph) sbeipodng K m | + ProstT5 (struct) | 0.400 +/- 0.076  0.347 +/- 0.049 | 0.545 +/- 0.092  0.408 +/-0.032 1.953 +/-0.190  1.436 +/- 0.137  0.662 +/- 0.020
Olirizaian I + SaProt 0.332+/-0.092  0.268 +/- 0.071 | 0.527 +/- 0.065 0.362 +/-0.014 1948 +/-0.234  1.439 +/- 0.183  0.659 +/- 0.009
| > Surface + SAGE 0.386 +/- 0.082  0.314 +/- 0.068 | 0.546 +/- 0.114  0.383 +/-0.039  1.864 +/-0.246  1.350 +/- 0.176  0.660 +/- 0.013
\ high  medium  low hoens ¢ + Pi-SAGE 0.423 +/- 0.091  0.345 +/- 0.077 | 0.600 +/- 0.084  0.428 +/- 0.038  1.817 +/- 0.241  1.306 +/- 0.200  0.691 +/- 0.026
o o . Effect of model and vocab size for Pi-SAGE on SKEMPI dataset
Permutation Invariance: We represent each surface residue as a graph ¢ = (V,E) where V =
{n;};=1.n correspond to N randomly sampled patches. The edges are defined with a threshold , Fold 1 , Fold 2 Fold 3
of 34. We add a virtual node connected to all other nodes use it for tokenized representation 8 ose - ol o s 2
of the graph. We used the graph transformer from [1] that uses the vanilla for-product £ —vesom L i":‘ﬁ’ inl s %
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We adopted the Finite Scale Quantization [2] to create surface codebook. We added a SAGE Per struct Overall
. . . Pi- er structure ver
Permuter module [3] to infer the node order in the residue graph. The permuter module
. . ) ) ) | Pearson 1 Spear. 1 | Pearson 1 Spear. 1 RMSE | MAE | AUCROC 1
learns to align the input and output graph through soft alignment. For each node i of input ,
- Finetune | 0.386 +/- 0.071  0.321 4+/- 0.052 | 0.549 +/- 0.101  0.400 +/- 0.048  1.883 +/-0.191  1.355 +/- 0.134  0.67 +/- 0.025

graph the permuter predicts a score s_i corresponding to its probability of having a low node
index in the decoder graph. Ther permutation matrix is constructed as [5]

) {1, if j =argsort(s); —d(sort(s)HT IsT
ij =

+ Finetune | 0.423 +/- 0.091
+VQ | 0.359 +/- 0.078

0.345 +/- 0.077 | 0.600 +/- 0.084  0.428 +/- 0.038
0.281 +/- 0.053 | 0.512 +/-0.105  0.353 +/- 0.013

1.817 +/- 0.241
1.998 +/- 0.277

1.306 +/- 0.200 0.691 +/- 0.026
1.477 +/- 0.232  0.634 +/- 0.007

0, else , P~ P = softmax - )
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We used a simple linear layer to project the quantized graph encoding from FSQ to the
embedding dimension and defined sinusoidal positional embedding [3] for the nodes.

1 oN ml Mnode A~ A~
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where Mmyoqe is used to reconstruct initial node features, mypgeand Meqge is used to
reconstruct the undirected adjacency matrix A,
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