


Course Logistics

Make sure you are added to slack
Occasionally | will send emails through Canvas (i.e. make sure you are registered for the course)
Course website: Draft schedule is almost up. Please reach out if you have any questions.
Next week:
. Jack Shaw and Maxwell Soh will present the AlphaFold2 and AlphaFold 3 papers
. | will present AlphaFold DB results

- Feedback today: Jack McMahon, Ziyu Xiong



Week Date
1

10
1

12
13
14
15
16

Topic

1/2712026 Course overview

2/3/2026
2/10/2026

Protein structure prediction |
Protein structure prediction 2

2/17/2026 Protein design

2/24/2026
3/3/2026
3/10/2026

structure determination 1
Diffusion + Flow generative models
spring break

3/17/2026
3/24/2026
3/31/2026

4/7/2026

protein language modeling 1
biological language modelling 2
Physics

structure determination 2

Other molecules (small, RNA) +
4/14/2026 misc
4/21/2026 skip
4/28/2026 Makeup class - Al scientists
5/5/2026 final project presentations?

5/12/2026 final project presentations?

Guest Lecturer

Rish? Axel?
Mark Goldstein (FI)

Zeming Lin (Evolutionary
Scale / Biohub)

Elana Simon (Stanford)

Future House

Papers

AF1, Learning differentiable
simulators

AF2, AFDB, AF3

Two of: ingraham structure
transformers, proteinmpnn, hsu
et al, bindcraft

cryodrgn, nerf, cryodrgn-ai or
3Dflex

Chroma, La Proteina

ESM*, LMS (tentative)
InterPLM, Evo2

BGs, BioEmu
ModelAngelo, Cryoboliz

Flash assignment week: RNA /
TERMs / Foldseek / Diffdock /
ProtGPT2 / PLAID

Kosmos

Presenters

Yufan Xia
Jack Shaw, Maxwell Soh
Jack McMahon, Joseph Clark

Robert Heeter
Yagiz Devre, Ziyu Xiong

Conor Warren

Tony Chen

Bethany Yuan, Xingjian Hou
Khai Evadaev, Boya Zeng

All

TBD

Feedback Notes

Jack McMahon, Ziyu Xiong
Robert Heeter, Yagiz Devre

Tony Chen, Khai Evdaev EZ at winter gBio

Xingjian Hou, Boya Zeng EZ at BPS

Conor Warren, Bethany Yuan

Joseph Clark, Jack Shaw
Yufan Xia, Jack McMahon
Maxwell Soh, Jack Shaw
Xingjian Hou, Conor Warren

EZ at CSHA
TBD: Yagiz Devre, Boya Zeng



Article

T h IS I eCt ure Improved protein structure prediction using
AlphaFold1 potentialsfromdeep learning

https://doi.org/10.1038/s41586-019-1923-7 Andrew W. Senior'**, Richard Evans'?, John Jumper'*, James Kirkpatrick'*, Laurent Sifre'*,
Received: 2 April 2019 Tim Green', Chongli Qin', Augustin Zidek', Alexander W. R. Nelson', Alex Bridgland’,
47 Hugo Penedones’, Stig Petersen’, Karen Simonyan', Steve Crossan', Pushmeet Kohli',

Accepted: 10 December 2019 David T. Jones??, David Silver', Koray Kavukcuoglu' & Demis Hassabis'
Prior work & background Published online: 15 January 2020
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CASP13: Competition throughout 2018
CASP13: Results announced December 2018



Recap: “The Protein-Folding Problem, 50 Years on”
Dill & Maccallum, Science 2012

Three broad questions:

1. What is the physical code by which an amino acid
sequence dictates a protein’s native structure?
(Themodynamics)

2.  How can proteins fold so fast? (Kinetics)

3. Can we devise a computer algorithm to predict
protein structures from their sequences?

“Perhaps the most remarkable features of the molecule
are its complexity and its lack of symmetry. The
arrangement seems to be almost totally lacking in the
kind of regularities which one instinctively anticipates,
and it is more complicated than has been predicated by

any theory of protein structure.” Fig 1: In 1958, Kendrew and coworkers published the first structure of a

globular protein, myoglobin at 6A resolution




Protein folding is driven by physics

WY St

Energy landscape theory of protein folding

Native
Predicted

Chignolin (cIn025) 1 0A Trp-cage (2jof) 1.4 A BBA (1fme) 1.6 A Villin (2f4k) 1.3 A
WW domain (221) 1.2 A NTL9 (2hba) 0.5 A BBL (2wxc) 4.8 A Protein B (1prb) 3.3 A

2
z
.
&1
Assumes the native
protein structure is the

minimum free energy
structure

Homeodomain (2p6j) 3.6 A Protein G (1mio) 1.2 A a3D (2a3d) 3.1 A

M-repressor (1imb) 1.8 A Known as Anfinsen’s
hypothesis

Lindorft-Larsen et al, Science 2011 Figure from Dill & Maccallum, Science 2012



Protein structure prediction

Task: Predict the 3D coordinates of all atoms of a given input protein sequence

- How would you approach it?
- In 20127

. |f you had infinite compute?

Input sequence
MRKPRTPFTT.. b




CASP: Critical Assessment of protein Structure Prediction

- Biennial, community-wide blind competition initiated by John Moult and colleagues in 1994

- ~100 target sequences, ~150 research groups

+ Release ~1 protein per day, May-August. 3 weeks to return 5 TSI I—

predictions

Native

- What makes a target sequence “easy” vs “hard”?

A Historical CASP Performance
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Figures from Dill & Maccallum, 2012
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Template-based modeling (TBM)

- Template-based modeling (TBM)

 Availability of a homologous structure (i.e. the
template)

» Free modeling (FM)
- No similar sequence with a known structure

- Methods typically rely on fragment assembly
approaches and/or predict residue-residue
correlations from sequence alone

« What data or information do methods use?

- Assume that similar sequences lead to similar
structures.

- 2.4B protein sequences

« In 2012: 80,000 structures in the PDB (4000
structural families, 1200 folds)

vs. Free modeling (FM)

A homologous gene (or homolog) is a gene inherited
In two species from a common ancestor.
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FM + FM/TBM domain count

Alphafold1 at CASP13
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a, Number of FM (FM + FM/TBM) domains predicted for a given TM-score threshold for AlphaFold and the other 97 groups. b, For the six new folds identified by the CASP13 assessors, the TM score of AlphaFold was compared
with the other groups, together with the native structures. The structure of T1017s2-D1 is not available for publication. ¢, Precisions for long-range contact prediction in CASP13 for the most probable L, L/2 or L/5 contacts,

where L is the length of the domain. The distance distributions used by AlphaFold in CASP13, thresholded to contact predictions, are compared with the submissions by the two best-ranked contact prediction methods in
CASP13: 498 (RaptorX-Contact2e) and 032 (TripletRes32) on “all groups’ targets, with updated domain definitions for T0953s2.


https://www.nature.com/articles/s41586-019-1923-7#ref-CR26
https://www.nature.com/articles/s41586-019-1923-7#ref-CR32

How does Alphafold1 work?

Fig. 2: The folding process illustrated for CASP13 target T0986s2.
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What is a distogram?

q Contact precisions L long L/2 long L/5 long
Set N AF 498 032 AF 498 032 AF 498 032
FM 31 46.1 43.1 40.1 3885 549 516 699 67.3 61.9
FM/TBM 12 591 530 489 742 645 642 853 81.0 79.6
TBM 61 68.3 655 619 824 803 764 90.6 90.5 87.1

200 -

23ue3IsIg

—~300 -

(v

400 -

500 -

a, Precisions (as shown in Fig. 1¢) for long-range contact prediction in CASP13 for the most probable L, L/2 or L/5 contacts, where L is the length of the domain. The distance distributions used by AlphaFold (AF) in CASP13, thresholded to
contact predictions, are compared with submissions by the two best-ranked contact prediction methods in CASP13: 498 (RaptorX-Contact2e6) and 032 (TripletRes32), on ‘all groups’ targets, with updated domain definitions for T0953s2. b, ¢,
True distances (b) and modes of the predicted distogram (c) for CASP13 target T0990. CASP divides this chain into three domains as shown (D3 is inserted in D2) for which there are 39, 36 and 42 HHblits alignments, respectively (from the
CASP website).


https://www.nature.com/articles/s41586-019-1923-7#Fig1
https://www.nature.com/articles/s41586-019-1923-7#ref-CR26
https://www.nature.com/articles/s41586-019-1923-7#ref-CR32

Backbone torsions and Ramachandran plots

H< N+ \, 0 2
Typically 180 deg

- A Ramachandran plot, or [phi, psi] plot, is a way to visualize backbone

torsion statistics In protein structures

- Specifying the torsion angles gives a complete description of the
backbone structure and geometry (and constrains side-chain locations)
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The overall folding system

Potential construction Structure realization
Structure prediction

Torsion Sample Initialization
Distributions o,p
MSA Deep
Features ResNet

Distance Potential Gradient
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Waals Structure
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Structure prediction: residual 2D convolutional networks

A 220 layer residual 2D convolutional network,
21M parameters

Dilated convolutions for efficient long-range
Interaction

Predicts pairwise distance distribution instead of
contacts

Mean and max pooling of the 2D activations in

the second to last layer to get an 1-D output
head:

- 8-class secondary structure labels (computed
by DSSP)

« Relative accessible surface area

- Backbone torsions as discretized marginal
Ramachandran distributions for each residue

At test time:
 Tile crops to cover the whole histogram
- Average across 4 models

i64 bins deep

Dy - oo i e e

Tiled L x 7 1D sequence and profile features

More architecture and training details...

- 0.85 dropout keep probability.
« Nonlinearity: ELU.
« Learning rate: 0.06.

« 7 groups of 4 blocks with 256 channels, cycling through dilations 1, 2, 4, 8.
- 48 groups of 4 blocks with 128 channels, cycling through dilations 1, 2, 4, 8.
- Optimization: synchronized stochastic gradient descent
- Batch size: batch of 4 crops on each of 8 GPU workers.

- Auxiliary loss weights: secondary structure: 0.005; accessible surface area: 0.001. These

auxiliary losses were cut by a factor 10 after 100 00O steps.

 Learning rate decayed by 50% at 150,000, 200,000, 250,000 and 350,000 steps.
 Training time: about 5 days for 600,000 steps.
- Data augmentation: MSA subsampling, coordinate noise, distogram cropping

How did they design the system?
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Building a protein-specific potential

To construct a differentiable potential, the predicted distance distribution is interpolated with a cubic spline

A distance potential is created from the negative log likelihood of the distances, summed over all pairs of
residues

Vaistance(X) = — Y log P(d;; | S, MSA(S))

i,J, 1#]
The distance potential is adjusted based on a predicted reference distribution
Viistance(X) = — Z log P (dz’j | S, MSA(S)) — log P (dz’j | length, d,5)

6], 17]

The final potential consists of three separate terms

‘/’cotal(qba ’¢) — Vdist.ance(G(d)a "P)) + ‘/t.orsion(d)a "P) + V:Q,core2_smooth(G(¢a ¢))

A A

1D torsional Steric
distributions



Building a protein-specific potential

Key aspects

- Use a very large number of distributional predictions from a neural network
» Pii(distance) for all pairs
. Pi(¢, @) for each residue

» Individual predictions are detailed, calibrated, and smooth

» Averaging the agreement scores over large numbers of distributions predictions
(e.g. all distances) gives an accurate and smooth scoring function

- How is this related to the folding energy funnel?

Adapted from https://www.youtube.com/watch?v=uQ1luVbrlv-Q



Realizing a protein structure with gradient descent

- The potential is differentiable with respect to backbone
torsions angles

« Given an initial set of torsions, V_total is minimized by
optimization with L-BFGS

- Repeat with multiple initializations and add noisy restarts
(addition of 30 deg noise to the backbone torsions)

» Folding is performed on full chains, which avoids error-
prone domain segmentation

An animation of the gradient descent method
predicting a structure for CASP13 target T1008




Data: Input features, training and test sets

- PDB structures as of March 2018:
» Extract non-redundant domains by using the CATH 35% sequence similarity cluster representatives
« 31,247 domains, split into 29,427 train and 1,820 test
- Keeping all domains from the same homologous superfamilies (H-level) in the same partition
« CATH superfamilies of FM in CASP11 and CASP12 were excluded from training
« Sequences from Uniclust30 as of Oct 2017:
- HHblits to generate the MSA and other covariation features

« Additional features from PSI-BLAST



Predicted distance distributions compared with true distances

QTKCEKKKCVCENCERSTYL
SERKTMKFNERDSHVVCDKTC

a bo

a—d, CASP target T0955, L = 41, PDB 5WOF. a, Native structure showing distances under 8 A from the Cp of residue 29. b, ¢, Native inter-residue distances (b) and
the mode of the distance predictions (c), highlighting residue 29. d, The predicted probability distributions for distances of residue 29 to all other residues. The bin
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distogram for T0990 are shown in Extended Data Fig. 2b, c.
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https://www.nature.com/articles/s41586-019-1923-7#Fig6

Method ablations: TM scores vs accuracy of the distogram, components of the
potential
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a, TM score versus distogram 1DDT12 with Pearson’s correlation coefficients, for both CASP13 (n = 500: 5 decoys for all domains, excluding T0999) and test (n = 377) datasets. b, Average TM score over the test set (n = 377) versus the number
of histogram bins used when downsampling the distogram, compared with removing different components of the potential, or adding Rosetta relaxation.


https://www.nature.com/articles/s41586-019-1923-7#Fig4

