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Intro to ML in Protein Design

What 3D structure does a protein sequence adopt?

Protein Folding Problem
@O .

Sequence ——> Structure

—

@
@
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Inverse Folding Problem

Which protein sequence folds into the given 3D structure?
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What is the best sequence to:

Fold into this protein scaffold”?
- New functions
- New shapes (de novo design)

Increase protein stability?

Ther

alf-li

ife

mostability

Increase binding to X?

Protein-protein
Protein-ligand

- Supramolecular assemblies

Increase enzymatic activity?
- Activity
- Specificity

Biosensors

ooy,

Vaccines

B Natural proteins I i||!l |‘

M Designed proteins
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Drug delivery

Antivirals

|

/ Cancer therapies

Protein-based
therapies

Protein switches
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https://www.nature.com/articles/s41580-024-00718-y

What is the best sequence to:

- Fold into this protein scaffold?

- New
- New

functions
shapes (de novo design)

- Increase protein stability?

- Halt-
Ther

ife

mostability

- Increase binding to X?
- Protein-protein
- Protein-ligand
Supramolecular assemblies

Increase enzymatic activity?

- Activity
Specificity

Ligand binding

&2 Ho
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Membrane proteins

Protein binding

,fJM
J.

Multiple states

Filaments

Assemblies
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https://www.science.org/doi/10.1126/science.abd9909
https://www.jbc.org/article/S0021-9258(21)00336-7/fulltext

Traditional Rosetta vs. ML-guided Rosetta

-

Traditional Rosetta
. Physics-based energy functions

- Rotamer sampling, backbone relaxation
.- Evaluates sequences based on physical plausibility
K. Can be slow for large sequence spaces

~

Select residues using
ResidueSelectors

Define side-chain identity and

organization by TaskOperations

—

Mover

TN

/

. Uses sequence
. Captures evolu

ML-guided Rosetta

- Predicts residue probabi
and/or struc

ties at each position

'ure data

lonary and s

\. Guides or cons

rains design for faster, more accurate sampling /

ructural patterns

~

¥

ScoreFunction ScoreFunction

evaluates

whether new ~ New conformation
conformation

* is created during a move
is accepted

Structure Encoder Sequence Decoder (autoregressive)

Information flow
(O Node (amino acid) » Structure

W Backbone —» Structure and sequence
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https://www.nature.com/articles/s41592-020-0848-2
https://proceedings.neurips.cc/paper_files/paper/2019/file/f3a4ff4839c56a5f460c88cce3666a2b-Paper.pdf

How machines learn:

Example task: Classify images of dogs vs. cats

v

R IIDOgII Or llCatII

Output
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ow machines learn:

* Learning from examples: ML models
are trained on data (protein sequences,
structures) to recognize patterns

Dataset
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How machines learn:

Step 1: Dataset is divided into groups:

- Train (~75%): used to teach the model

- Validation (~15%): used to tune
parameters during learning and avoid
overfitting

- Test (~10%): used to evaluate

Train
performance on unseen data after
learning
Proper split ensures the model Test
generalizes, not just memorizes
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How machines learn: Loss (how the model knows its wrong)

Loss function: measures the difference between prediction and true
label

Example: pred|Ct|ng orobabilities for dog/cat
Prediction?: True label = dog, model predicts 25% dog — high loss

Prediction?: True label = dog, model predicts 75% dog — lower loss

. Training = minimizing loss over all training examples

True label DOG ] CAT.} DOG DOG DOG CAT

Prediction1 CAT CAT CAT DOG CAT @A_
Prediction2 CAT CAT DOG DOG DOG CAT
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How machines learn:

Training Data

Loss function: measures how far predictions
are from known examples; models adjust
weights to reduce error.

Examples:

* Mean squared error (regression)
* Cross-entropy (classification)

* Perplexity (language models)

oSS

calculation

Test Data
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ow machines learn:

Training Data

A 4

v

Backpropagation

Test Data

. Loss
* Backpropagation: how the culat
model learns and improves its calculiation
performance.
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How machines learn:

* lterative learning:
gradually improves
accuracy over many
sequences/structures

Loss

Train/Test Loss

0.45 -

0.40 -

0.35 -

0.30 -

0.25 -

20

40

Epoch

— Train
Test
E:ID EtID
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Today’'s ML methods:

ProteinMPNN: structure-aware, predicts amino acids for a given structure
- Dauparas, J. et al. Robust deep learning based protein sequence design using ProteinMPNN.
2022.06.03.494563 Preprint at https://doi.org/10.1101/2022.06.03.494563 (2022).

ESM (Evolutionary Scale Modeling): sequence-only, captures evolutionary

conservation

.+ Rives, A. et al. Biological structure and function emerge from scaling unsupervised learning to
250 million protein sequences. Proceedings of the National Academy of Sciences 118,
e2016239118 (2021).

Rao, R. M. et al. MSA Transformer. in Proceedings of the 38th International Conference on

Machine Learning 8844-8856 (PMLR, 2021).

_in, Z. et al. Evolutionary-scale prediction of atomic-level protein structure with a language

model. Science 379, 1123-1130 (2023).

MIF-ST: sequence & monomeric structure, hybrid approach
.+ Yang, K. K., Zanichelli, N. & Yeh, H. Masked inverse folding with sequence transfer for protein
representation learning. Protein Engineering, Design and Selection 36, gzad015 (2022).
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ProteinMPNN (Message Passing Neural Network)

- Trained on protein structures from RCSB-PDB:
19, 700 single-chain protein structures
Further trained on clustered high-res multichain structures

Predict probabillities of each natural aa for each position
Use probabillities to design sequences

. Tested in silico:
- 690 monomers
. (32 homomers
- 938 heteromers

. Tested experimentally

\"/

_
Vanderbilt 2o 11 | .
University gfx‘égller

(Dauparas et al. 2022)
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ProteinMPNN (Message Passing Neural Network)

ProteinMPNN

/ Sequence Decoder\

Update

v

Probabilities

l
nodes * ]
. A : lterative
X .

Random M decoding

decoding :

order Sample

Y Y
Nodes <€ Sequence

> Edges

1

A Chain A Chain B f
/ Backbone Encoder \
‘ Update
edges
T ﬁ
|
| A
| SX_ Update 4\ |
I nodes ]
| 3X |
T . b <
nput: protein Nodes =
backbone '(;I (('j)cxtC O, > Edges
coordinates bdistances \ \
Zeros \\ /
B  Fixed left to right decoding C
12345«w__
GE=~} __ T~ -autoregressive decoding order
Chain A =~ -fixed amino acids (context)

- sequence context not used
- sequence context used

ProteinMPNN decoding

35124
G E

Chain A

v

Output: protein

sequence
Tied across chains
2 118112 1 3 2
P E P E P

Chain A Chain B Chain C
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ProteinMPNN Inputs:

A chain A Chain B

. RCSB-PDB database
- No evolutionary information

. Distances between N, Ca, C, O and virtual CB are
encoded using graph theory:

- Nodes (atoms)

"Input: protein ) . Edges (distances)

backbone _)(l;\l gatC O,
coordinates 5 distances

\_

Zeros

\"/
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ProteinMPNN: the Message Passing Neural Network

/ ProteinMPNN \
/ Backbone Encoder \ / Sequence Decoder\
‘ Update | ‘l’ -
edges Update = Probabilities
I : \ nodes A |
! A > ' lterative
, A x| decoding
| QX_ Update $ I Random - = -
' nodes 3 | decoding :
' X order I Sample
| v A ! \ L
Input: protein N Co. C. O Nodes ! Nodes <€ Sequence
backbone CfS . > Edges > Edges \‘,
coordinates S
\ \ J \ | j Output: protein
N sequence

Zeros \\

|

128 hidden dimensions
(Where predictions occur)
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ProteinMPNN Outputs:

o

Probabilities - ProteinMPNN outputs re-designed sequences,
not structures!

lterative
decoding

- This means that you must predict a designed

Sample structure with an alternative method (AlphaFold,
Sequ$nce Rosetta, Chal, Boltz)
} 4 )
Output: protein
sequence
\_ J
Voo i (Dauparas et al. 2022)




ProteinMPNN Outputs:

Probabilities h ProteinMPNN in Rosetta takes the probabilities as

outputs, and uses it for designing the structure
directly.

lterative
decoding

Sample

Sequence
| ~ * N
Output: protein

sequence
g J

\"/
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ProteinMPNN Performance:
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ProteinMPNN Performance:
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MIF-ST (Masked Inverse Folding with Sequence Transfer):

- Trained on both protein structures and sequences:
19,700 single-chain protein structures from RCSB-PDB
. 42M sequences from UniRef50
.+ Sequences are partially masked
Model must predict masked residues

- Training for downstream task
- Trained on single mutants and predicts multiple mutants
Predict experimental measurements

- Tested in silico on small and large datasets:
Deep mutational scans

-+ Enzymatic activity
. Stability

Binding

Vanderbilt o 7—}_‘[ .
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https://academic.oup.com/peds/article-abstract/doi/10.1093/protein/gzad015/7330543?redirectedFrom=fulltext

Masking Protein Sequences in ML:

/

(WO@®OEO®)
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Prediction: MEKVSD

(Yang et al. 2023)
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https://academic.oup.com/peds/article-abstract/doi/10.1093/protein/gzad015/7330543?redirectedFrom=fulltext

MIF-ST:

a (structure-conditioned) MLM pretraining

structures

(Structures, sequences, masking)

HOOOO®

T

downstream tasks
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https://academic.oup.com/peds/article-abstract/doi/10.1093/protein/gzad015/7330543?redirectedFrom=fulltext

MIF-ST Performance;

Regime Model Parameters Perplexity Recovery
sequence only CARP-640M 640M 7.06 40.5%
sequence & structure MIF-4 3.4M 4.95 49.9%
MIF-8 6.8M 5.00 46.7%
GVPMIF 3.5M 4.68 51.2%
+sequence transfer MIF-ST 3.4M 4.08 55.6%
-UniRef50 pretraining MIF-ST 3.4M 5.70 45.4%

—

How well the mode

Perplexity

Model's uncertainty in prediction

(lower Is batter)

/

Sequence Recovery

(hig

recovers native sequences

ner Is better)

\"/
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https://academic.oup.com/peds/article-abstract/doi/10.1093/protein/gzad015/7330543?redirectedFrom=fulltext

Predictions on DMS datasets
MIF-ST Is outperforming in many cases

MIF-ST Performance
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https://academic.oup.com/peds/article-abstract/doi/10.1093/protein/gzad015/7330543?redirectedFrom=fulltext

ESM (Evolutionary Scale Modeling):

. . A -
- Trained on protein sequences: i
: | 00000000 g Recyding
. 250M sequences from UniParc y @\ / —
. Also uses masking techniques . | o
ESM-2 O Tome [[I"] wodue |
- Evaluated on sequences from UniRef: % 4 oy ... I
- Low-diversity dataset with UniRef100 (oooooooo) e
- High-diversity sparse dataset with UniRef50 representative WEERIG )
Single Sequonco
- High-diversity dense dataset with UniRef50 clusters

. Tested in silico to predict:
- Physio-chemical residue properties
- Biological variation
. Protein homology
.- Secondary and tertiary structure (Lin et al., 2023)
. Effects of mutations

- Experimental validation: De novo design (Verhuil et al., 2022)

/ o - 2
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https://www.pnas.org/doi/10.1073/pnas.2016239118
https://www.science.org/doi/10.1126/science.ade2574

ESM Performance:

C
G A
S
.
oN
BH

Cluster amino acids by properties

Biological property
® Negatively charged
B Positively charged

@® Hydrophobic
=s= Aromatic

@® Polar

Unique

Size
® Small (<120 Da)
® Medium (120-150 Da)

@ Large (>150 Da)
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https://www.pnas.org/doi/10.1073/pnas.2016239118

ESM Performance:

With pre-training No pre-training
8-class Acc: 70.6% 8-Class Acc: 36.6%

dint4a_ (Phosphoglycerate mutase-like fold)

With pre-training No pre-training
8-class Acc: 82.4% 8-class Acc: 32.4%

d3wr7a_ (Acyl-CoA N-acyltransferases fold)

— Predict secondary structures

Helices
Strands
Loops

\"/
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https://www.pnas.org/doi/10.1073/pnas.2016239118

ESM Performance:
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https://www.biorxiv.org/content/10.1101/2022.12.21.521521v1.full

ML in Rosetta Examples

Why integrate ML design methods in Rosetta?

Modeling with
experimental data

Antibodies

Membrane proteins

Ligand docking

Biomineral surface

Tasks

Systems

Symmetric assemblies

docking
or 1B
N
\)L\N/\n/' S
R, O

Non-canonical
chemistries

RNA and DNA

Peptides

Carbohydrates

v
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(Koehler-Lehman et al. 2020)
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Why integrate ML design methods in Rosetta?

+ Feature calculation is fast in C++

+ No knowledge of Python needed for RosettaScripts

+ Makes It easy to combine ML with Rosetta elements

+ No need to reinvent the wheel for sampling, scoring, etc.

+ Provides an established testing framework

Vanderbilt o 7—}_'[ .
University — $°O ler
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ML in Rosetta Design, design tools:

Seguence
and/or structure

Inference

-

Models
ProteinMPNN
MIF-ST
ESM

~

amino acids

Output

20

W L oDl D P E~E _ T mO0O®

]

Position specr

probability

-0.8

0.6
0.4

0.2

1C

probability matrix (

(Referred to in the t

PSPM)

utorial

as “Probabilities”)

\"/
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ML in Rosetta Design, design tools:

! Sampling Mutations in Rosetta
FavorSeguenceProfile
RestrictAAsFromProbabilities
L SampleSequenceFromProbabilities

P

Constrain the sampling
with info from probabilities

Restrict sampling

‘0 aa at least as

ikely as the cur
probab

rent one from
lities

Sample aa from probabilities

\"/
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ML in Rosetta Design, design tools:

<TASKOPERATIONS>
<ReadResfile name="rrf" filename="./resfile.resfile" />

</ TASKOPERATIONS>

<STIMPLE_METRICS>
<PerResidueEsmProbabilitiesMetric name="esm" residue_selector="res"

model="esm2_t33_650M_URS5060D" />
</SIMPLE_METRICS>

<MOVERS>
<SampleSequenceFromProbabilities name="sample" metric="esm" pos_temp="0.1"

aa_temp="0.1" prob_cutoff="0.1" delta_prob_cutoff="0.0" max_mutations="10"
task_operations="rrf" use_cached_data="true" />

</MOVERS>

- Sample 10 positions: (max_mutations="10")

- Sample aa with p>0.1: (prob_cutoff="0.1")

- At least as likely as the current aa: (delta_prob_cutoff="0.0")

Vanderbilt <79, 7—}_'[ .
University — 51& ler
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ML in Rosetta Design, analysis tools:

) {
prn <y
> -

<SIMNPLE METRICS>

<ProteinMPNNProbabilitiesMetric name="prediction" />
<CurrentProbabilityMetric name="current" metric="prediction" />
</SIMPLE_METRICS>

The probabilities for the sequence are saved
In the b-factor column of the PDB and can be
easily visualized with Pymol/Chimera

\"/
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ML in Rosetta Design, analysis tools:

Analysis In Rosetta
CurrentProbabilityMetric
AverageProbablilitiesMetric
ProbabilityConservationMetric
BestMutationsFromProbabilitiesMetric

\

-

-

\

/

Returns the probabilities for the
sequence In the pose

Average probabillities.(i.e. from
ProteinMPNN and ESM)

Calculate conservation for each

nosition from probabilities.

Ranges from O (no conservation)
to 1 (fully conserved)

Return the most likely mutation(s)
for a given position

\"/

-
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ML in Rosetta Design, design and analysis tools:

ProteinMPNNProbabilitiesMetric X —+

ocs.rosettacommons.org/doc

ProteinMPNNProbabilitiesMetric O/ |fiome, | eaers

Getting Started Back to SimpleMetrics page.

Build Documentation

ProteinMPNNProbabilitiesMetric

Rosetta Basics

Application Autogenerated Tag Syntax Documentation:

Documentation

Scripting Interfaces A metric for estimating the probability of an amino acid at a given position, as S e e ?O S ett a C O I I I I I I O n S

predicted by ProteinMPNN.

References and author information for the ProteinMPNNProbabilitiesMetric simple d O C u m e r ta t i O n fO r m O re i n fO O n

o Movers metric:

¢ RosettaScripts

° Residue ProteinMPNNProbabilitiesMetric SimpleMetric's author(s): Moritz Ertelt, University of e a C h l ' l et rl C
Selectors .

Leipzig [moritz.ertelt@gmail.com]

o PackerPalettes

<ProteinMPNNProbabilitiesMetric name="(&string;)" custom type="(&string;)"
. write pssm="(&string;)" residue selector="(&string;)"
o Task Operations _p ( gi) £ ( gi)
coord selector="(&string;)" sequence mask_selector="(&string;)" >
<TiedPositions residue selectors="(&string;)" />

o Filters
</ProteinMPNNProbabilitiesMetric>

o FeaturesReport
o custom_type: Allows multiple configured SimpleMetrics of a single type to be

ers
called in a single RunSimpleMetrics and SimpleMetricFeatures. The
o Composite custom_type name will be added to the data tag in the scorefile or features
Protocols

database.

o Databases with o write_pssm: Output filename for the psi-blast like position-specific-scoring-

RosettaScripts matrix to be used with the FavorSequenceProfile Mover

o residue_selector: A residue selector specifying which residue or residues to

o Formatting redict on. If none selected. all are passed.

Vanderbilt ’_}_[
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For more on ML (particularly neural networks and deep learning):

g'w:} But what is a neural network? | Deep learning chapter 1 0
Copy link

a1 = o(Wa; + by) Machine learning

\\\\‘v. o Neural network
N7 AN
(—

\‘ 7 \!
KX YRGS SN XKL 2%
"\‘)\\\’Qgé s ’é("lﬁ ‘\\‘A'vlﬁ
XXX ,0)‘9,/ 4

A /,“

A O
g}ofr‘%\"\-. S7AVaN VS/ h h ﬂ aAXTOT Q7
Vc"’/ \“’s S’ y t e 1ay Sl -
/s

>
SO

A 'I‘A é’é‘;ﬁé
ST,

20 NS N
e AN

"l;ll"/'vz%\“-‘lr"‘“‘\\‘-
AN/ £

a2

MORE VIDEOS

B ‘D 1:27 / 18:40 - Series preview B & Youlube =r

3blue1brown has a series on Youtube and their site:
https://www.3blue1brown.com/topics/neural-networks
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The tutorial: ~/rosetta workshop/tutorials/ml in rosetta

Monomer

Dimer =4

Input preparation:
Download the PDBs
. Clean the PDBs

Repack the structure

Calculate probabilities:
ProteinMPNN, MIF-ST, ESM
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- best mutations

ties to guide design
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The tutorial: ~/rosetta workshop/tutorials/ml in rosetta

Input preparation:
Download the PDBs
Clean the PDBs

Repack the structure

Calculate probabilities:
ProteinMPNN, MIF-ST, ESM
Get current probability
Get best mutations

Monomer

Design

Jse probabilities to guide design
Use probabilities to guide scoring
Dimer =4 « Design interfaces

NOTE

For longer steps (e.g. MIF-ST
prediction), copy the provided
output files from /output_files and
proceed with the next step
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