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Function = Form =2 Function-encoding

Representation of Form

“The purpose [..] is to discuss a possible mechanism by which [..] genes [..] may determine the anatomical structure of the

resulting organism. The theory [..] suggests that [..] well-known physical laws are sufficient to account for many of the facts. ”
Turing, AM. (1952) Chemical basis of morphogenesis. Phil Trans Royal Soc London. Series B, Biol Sciences 237(641):37-72.
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ﬁ\ How does the form of matter determine function?
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Societal & Health Problems = Fundamental e

Scientific Challenges = Fundamental Al Advances

“It is the mark of an instructed mind to rest satisfied with the degree of precision which the nature of the subjects permits and
not seek an exactness where only an approximation of the truth is possible.” Aristotle 319 BC
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| 1 mputatio

' ' : . . . hal g,
Roman copy in marble of [ Build or Learn (ith approximative) Cus
Greek bronze bust of Aristotle . . .
by Lysippos, ¢. 330 BC Function-encoding Representation of Form
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Representation Learning in my Lab over the Years

No to very little data — explicit knowledge
2002-2016
Classic Al: stochastic search- optimization (geometry,

kinematics, inverse kinematics, motion planning)
-- molecular structural biology

Hybrid Models (data-driven Al, knowledge-guided
shallow ML, shallow ML + Al)

-- sequence/structural biology, social media user
modeling, industrial monitoring, urban planning

Some data —explicit and tacit knowledge %
a“w‘ -
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Lots of data — Al romance w/ tacit knowledge
2018-
Deep Learning, NLP, Deep generative models

-- sequence/structural biology, mental health,
traffic forecasting, Al for Science, Al For Policy
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Representation

Focus: Complex, Modular
Objects Operating in the
Presence of Geometric &
Kinodynamic Constraints

Discriminative: Generative:
Form = Function Form(s) = Forms
[Little = Lots of Data] [1/2 = Little = Lots]
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Generative Al before NNs, DL
Good old-fashioned
configuration sampling,
searching, planning

Focus: Complex, Modular
Objects Operating in the
Presence of Geometric &
Kinodynamic Constraints

Modeling equilibrium flexibility of
highly-mobile segments

Modeling equilibrium flexibility of entire
protein chain

Goal: Partial or full characterization of protein flexibility by combining fast molecular
kinematics (inspired from robotics/geometry of articulated objects) with physics-
based treatments (molecular mechanics).

DI alnallaEldlYl Think deeply about coupled and uncoupled degrees of freedom to control
dimensionality of the search space

Form = Funct

. Algorithmica; Proteins: Structure & Function; Protein Science; Biophysics J; ...
[Little = Lots of
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ROBOT = MACROMOLECULAR MOTION PLANNING

@
Z R 5
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FobotStedie -54 Lite

o

‘ articulated linkage

articulated robot: 0/1 obstacles protein: continuous energy surface

Tree-based Grow tree in state space Adaptive Search Guided by Projection- Roadmap to obtain ensemble of
'.\K lowest-cost A = B paths How not to get

e (local view of state space) based Discretization Layers to _
Constraint-Satisfying Regions lost in hundred-
‘ ~ dof space and
- o )
DS N ‘ Re compute
> g N
Roadman-based Build roadmap in state space ~ Sl & |
p (non_/oca/ V/E'W OfSZ'a tes, ace) I " 2 g . e , Markov State Models (MSMs) as discrete kinetics models
'\ p that additionally permit calculation of summary statistics
Q : Connect
summary

statistics with
wet-lab kinetic
measurements
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Feasible (Robotics-inspired)

Models of Dynamics via Adaptive Search

Calmodulin Cyanovirin-N

ROBOITICA
Adenylate Kinase

.

Robotica

IEEE/ACM Trans Comput Biol
BMC Struct Biol

Proteome Sci

J Artif Intel Res

> 16A motion

> 13A open-closed motions potgnt virucidal p.rotein Int J Robot Res
accommodating different binding partners against HIV-l and influenza Robotics Sci & Sys
regulating cascade of signals in living cell PLoS Comput Biol

J Comput Biol
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Representation

Focus: Complex, Modular
Objects Operating in the
Presence of Geometric &
Kinodynamic Constraints

Discriminative: Generative:
Form = Function Form(s) = Forms
[Little = Lots of Data] [1/2 - Little = Lots]
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Strengthening Al:

Discriminative, Little Data Setting

Key Question: How does our understanding of
the domain, of the problem, of the underlying
process inform representation learning?

Function-encoding representations of form

In Discriminative Setting: Guide Feature
Engineering with Prior Knowledge

[10/50]



Strengthening Al:

Discriminative, Little Data Setting

Key Question: How does our understanding of Prediction Task: Sequence = Function

the domain, of the problem, of the underlying Representation Q: What Constraints does Function Impose on Sequence?

process inform representation learning? Key insight: encode implicit constraints in
curezz:z:;;:iansgecogmzes peme DN’/‘AM(‘::)"mplemenlarystrand |Inear representatlon

Function-encoding representations of form o gt sz, 0 Non-local/distal constraints

« 0O Capture them as features (compositional,

T . . ositional, correlational, ...
In Discriminative Setting: Guide Feature poSTHOne )
.. O Explicit, interpretable answer to how

Engineering with Prior Knowledge CTATTGASHATANTCATCOMCTAGTATMTAGTACGC sequence encodes function
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Strengthening Al:

Discriminative, Little Data Setting

Key Question: How does our understanding of Prediction Task: Sequence = Function
the domain, of the problem, of the underlying Representation Q: What Constraints does Function Impose on Sequence?
process inform representation learning? Key insight: encode implicit constraints in

Core zz:z:;;ziansgecogmzes peme DN’/‘AM(‘::)"mplemenlary strand | I n e a r re p re S e ntatlo n

DNA

coting 0 Non-local/distal constraints

strand
ccccc

« 0O Capture them as features (compositional,

T . . ositional, correlational, ...
In Discriminative Setting: Guide Feature poSTHOne )
.. O Explicit, interpretable answer to how

Engineering with Prior Knowledge CTATTGASHATANTCATCOMCTAGTATMTAGTACGC sequence encodes function

Function-encoding representations of form

Example of a biological signature: Motif ‘TTGACA” at some position i AND ‘TATAAT’ at some position j

T T G A © A T A T A A T
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Strengthening Al:

Discriminative, Little Data Setting

Key Question: How does our understanding of Prediction Task: Sequence = Function
the domain, of the problem, of the underlying Representation Q: What Constraints does Function Impose on Sequence?
process inform representation learning? Key insight: encode implicit constraints in

Sigma protein recognizes promoter
Gore RNA polymerase

DN’/‘A'Complemenlarystrand |Inear representathn
0 Non-local/distal constraints
« 0O Capture them as features (compositional,

Function-encoding representations of form

D

T . . A positional, correlational, ...)
In Discriminative Setting: Guide Feature : o '
. i . . o O Explicit, interpretable answer to how
Engineering with Prior Knowledge CTATOACANTTAICATCOMCTAGTATATAGTACGH sequence encodes function
_ Example of a biological signature: Motif ‘TTGACA’ at some position i AND ‘TATAAT’ at some position |
o Contribution#1 B £ o o e
. . _ e T bl o T|T|aca|Aa|lc|a T|lAa|T|A]|A]|T
0O Richer representation for local and non-local constraints = Zronteminds Blan B
o Structured representation in predicate logic: et ronttion | o Postion B % ] j
Motif ERC-chars Motif
O Boolean combinations over basic building blocks | ==t o I B }@

AND TRC-char Character | [A.C,G. T]]
ERC-int Integer
Productions: AND, OR, NOT

MatchesAtPosition Jll MatchesAtPosition Problem: Exponential explosion of feature space!
o Contribution #2

s|eullw

0 Genetic Programming for feature space
exploration

0 Surrogate fitness function instead of wrapper
classification model

0 Complete treatment in classification context
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Example of a biological signature: Motif ‘TTGACA’ at some position i AND ‘TATAAT’ at some position j

o oLl lsfafc]a] [rfafr]afafr] | N
Prediction Task: Sequence = Function i j S Contribution #1 L -
Representation Q: What Constraints does Function Impose on Sequence? 3 Richer representation for local and non-local constraints S o ok g

o Structured representation in predicate logic: T hetasosteion | it Postion Dok g
Key insight: encode implicit constraints in 4 Boolean combinations over basic building blocks | e BCRT e |0 |
Sigma protein recognizes promoter D ERC-char Character [ {A,C,G, T} }g

ConRNATEA owcomiemenay s |IN€AT rEPrEsentation e

Productions: AND, OR, NOT
Problem: Exponential explosion of feature space!

MatchesAtPosition ll MatchesAtPosition

0 Non-local/distal constraints
* 0 Capture them as features (compositional,

T \ positional, correlational, ...)
s’ A, 0 Explicit, interpretable answer to how
é:rTTAATCATCGAACTAGTACGCi |

o Contribution #2

0 Genetic Programming for feature space
exploration

0 Surrogate fitness function instead of wrapper
classification model

=35ibax S0box mRNAzart sequence encodes fU nction 0O Complete treatment in classification context
Prediction Task: Structure = Function Key insight: protein structure == bag of T -
Representation Q: What Constraints does fragments/words oot One e empHE e
Function Impose on (Protein) Structure? O Analogies with text mining BMC Boinformatics
0 Topic-based representation via Latent Dirichlet ACM Genet and Evol Comput Conf

Fragment Libra .
9 Y Allocation IEEE Congress on Evol Comput
S/\ Fragment 1

0 Reduction: 400~ 10 dimensions!

Inspired foundational ML research
- Fragment i Prediction of superfamily membership GP-based exploration over (structured

Fraghag Representation Topic-Based Representation .
SCOP Superfamily Accuracy (%) | TPR | FPR | AUC || Accuracy (%) | TPR | FPR | AUC representations Of) kernels
P-Loop Binding 96.4 098 | 005 | 095 | 843 0.97 [ 029 |084
Fragment N [Tiunoglobin 100.0 1.00 | 0.00 | 1.000 || 99.9 0.99 |00 |10

NAD(P)-binding Rossman Fold | 98.7 0.99 | 0.02 | 0.99 90.9 0.94 | 0.13 | 0.91

Thioredoxin-like 038 098 | 0.01 |0.99 | 802 0.92 [ 032 |00 R
000O00O0 - 0000 alpha/beta Hydrolases 99.1 100 | 0.02 | 0.99 || 927 0.95 | 0.10 | 0.93 Feature and Kernel Evolution for

EF-hand 100.0 1.00 | 0.00 | 1.000 || 988 0.99 | 0.01 |0.99 ' R R
al k N Winged helix DNA-binding 98.7 0.98 | 0.01 | 0.99 84.4 0.79 | 0.11 | 0.84 I m p roved ClaSS|f| Cat l O nvi a SVM

Other contributions: detection of remote homologs; organization of protein structure preserving function co-localization, ... /
[14/50]




Cross-fertilization of sub-domains:
ML + Evolutionary Computation



[Scientific Interests and Current Research]

Scalable Learning on Big Data via A Meta-Learning Paradigm

o Parallel Spatial Boosting Machine Learner (PSBML)

0 Distribute training data and evolve toward instances that determine

deCISlon bou nda ry Lnatifrzn(fngls)ara“e‘ Problem Solving from Linear 5 (L5) Linear9 (L9) Compact9 (C9) Compact13 (C13)

Old New Distribution

o At each topological grid node, a local algorithm is run Distrbution
that has only local interactions with immediate neighbors

o Each node/classifier trains on own data but tests on own
data and training data of neighbors

0 Local set of training instances updated via stochastic
sampling over confidence-weighted instances

Boosting-like behavior: Hard
instances migrate over nodes

o The more difficult an instance is, the more likely it will be selected for sampling = local training sets

. = 1 . C8; — C8j
evolve c¢s; = TILIEIRTI Cni cso™ — i min w; =1—cs

CSmax — CSmin

norm
)

0 Theoretical results: PSBML converges to a data distribution whose modes are centered around the
margin (hardest points) — behavior modeled via Gaussian mixtures and mean shift

[16/50]



Scalable Learning on Big Data via A Meta-Learning Paradigm

o Parallel Spatial Boosting Machine Learner (PSBML) % % % %
0 Distribute training data and evolve toward instances that determine

.. . Linear 5 (L5) Linear9 (L9) Compact9 (C9) Compact 13 (C13)
d ecision bo un d a ry Inttl Con(fp(;gls)aralle\ Problem Solving from
nature

New Distribution

Training Time (secs) Errors(Miscalculations)

1500

The more di| |
evolve ¢s;

500 10000

4400

Th e O ret i Ca | i OnlinehaiveBayes [SAMOA) Gradient Bocdting (H20) Distributed Random Forest (H20) i PSEML :
margin (har¢

OnlineNaiveBayes (SAMOA| Gradient Baosting (H20)  Distriblited Randar Farest (H20)
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Representation

Focus: Complex, Modular
Objects Operating in the
Presence of Geometric &
Kinodynamic Constraints

Discriminative: Generative:
Form = Function Form(s) = Forms
[Little = Lots of Data] [1/2 - Little 2 Lots]
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Knowledge- and Data-driven Al:

EA Sampling of Protein Energy Landscape

The enerqy landscape underscores the inherent nature of
biomolecules as dynamic systems interconverting
between structures with varying energies

H-Ras switching between its GTP-bound Schematic illustration of
(red) and GDP-bound (blue) structures H-Ras structures on energy landscape

[19/50]



Knowledge- and Data-driven Al:

EA Sampling of Protein Energy Landscape

The enerqy landscape underscores the inherent nature of
biomolecules as dynamic systems interconverting
between structures with varying energies

H-Ras switching between its GTP-bound Schematic illustration of
(red) and GDP-bound (blue) structures H-Ras structures on energy landscape

State-space Exploration

Prot in

% (et
vy
ﬁ y

Ca-bound

Thousands of dimensions/dofs — can leverage little data™ o W/@ «.yf&‘

(deposited structures) ; r% kc %&
-y g Bl

Theoretical basis? Conformational selection/population shift: 'z f\wgﬁy

Experimentally-determined structures of bound, unbound, 7 y/k s\{
WT and diseased variants are known pointsin the state space! ?‘ﬁ_ Rl - |

-> Leverage them to define and initialize variable space
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Knowledge- and Data-driven Al:

EA Sampling of Protein Energy Landscape

The enerqy landscape underscores the inherent nature of 0 € Struct

. . . . ructures
biomolecules as dynamic systems interconverting B A T
between structures with varying energies

Parent C. Offspring C’
' o ffspring C;
, - — S
Map Y 1
. Select
0 €{0,5"} Improve | Transform M-dim point C;’

P E{P CY}
) into aa structure S;’

H-Ras switching between its GTP-bound Schematic illustration of
(red) and GDP-bound (blue) structures H-Ras structures on energy landscape

_

J
Improve/Map S;”to a nearby
local optimum S,

State-space Exploration

Prot in

% (et
vy
ﬁ y

Ca-bound

’*‘»‘5@ '«-%
’“7?% n‘ﬂ ““5“‘1#

2%
f\w 8¢

Experimentally-determined structures of bound, unbound, 551

-V@‘ s
WT and diseased variants are known pointsin the state space! ?‘é_‘“ @v
-> Leverage them to define and initialize variable space

Thousands of dimensions/dofs — can leverage little data™
(deposited structures)

Theoretical basis? Conformational selection/population shift:

twpnmn‘\j
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Knowledge- and Data-driven Al:

EA Sampling of Protein Energy Landscape

The enerqy landscape underscores the inherent nature of
biomolecules as dynamic systems interconverting
between structures with varying energies

H-Ras switching between its GTP-bound
(red) and GDP-bound (blue) structures

Schematic illustration of
H-Ras structures on energy landscape

State -space Exploratlon

Ca-bound

; rj;y/& ’«.‘}‘A

Thousands of dimensions/dofs — can leverage little data™ 1
(deposited structures) ﬁ‘
Experimentally-determined structures of bound, unbound, 4 5

WT and diseased variants are known pointsin the state space! £ %_“ Ll
-> Leverage them to define and initialize variable space

"’y/%rﬁﬂ“ﬁfa!
Theoretical basis? Conformational selection/population shift: 5’ f\\qgﬁy

Q € Structures
P € Conformations

Map
Q €{Q, 8"}

Select

Vary
— S
- —
a Y 1
Improve | Transform M-dim point C/

_

J
Improve/Map S;”to a nearby
local optimum S,

into aa structure S

First-ever view of H-Ras WT energy landscape

© WT GTP bound, ON (1QRA)
WT canonical structure (1CTQ)

WT GTP GAP-bound, IWQ1

WT, AS9G SOS-bound, INVWX,U] -
the same mechanism (as for GAP-
bound), involving G12, Q61 in catalysis

Q61L, G12R, G12V-AS9T, PISE,
Mutations, no effectors
(721P, 421P, 521P, 221P)

Allosteric switch, shift ON

Q 612V + Raf kinase (30I[WU])

Q Q70€ + Ca compounds
(4DLWTS])

O WT soaked in Ca compounds
(acetate, chlorine ...)
(3LB[H,LN])

Q W (3K8Y)

G12V + PI3K kinase (1HES.B)
£30D, K31E + RASSFS (30DC)
WT + RalGDS (1LFD),

WT (6Q21.8) ...

WT, G12V + GDP
(1021, 2021)

¥32€, C1185
Fluorescent Ras
(21(0,6,7,c.w])

2

We can now see distinct mechanisms of
disease at the dynamics/landscape level!

Healthy Diseased Variants: Oncogenic Mutations versus Syndrome-causing Mutations

6700

Allosteric switch, shift OFF
Q G12V + Raf kinase (301V)

Q Q70 + Ca compounds (4DLIRV.X,Z])

H
WT (6Q21.4,
(3L8Y with cyclen)
AS9G - 1LFO
WT-6Q21.0

@WT GDP bound,
OFF (4Q21)
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Knowledge- and Data-driven Al:

EA Sampling of Protein Energy Landscape

The enerqy landscape underscores the inherent nature of
biomolecules as dynamic systems interconverting
between structures with varying energies

H-Ras switching between its GTP-bound

Schematic illustration of
(red) and GDP-bound (blue) structures

H-Ras structures on energy landscape

State -space Exploration

Q € Structures
P € Conformations

Map

Select
0 €10, 5} eree

P &P C}

ParentC; —————

(top 50 most downloaded in
2016 and featured on April
issue front cover. Also featured
in the PLoS Comp Biol blog.)

l

PLoS Comput Biol, Robotica

P N J Comput Biol, IEEE Trans
NanoBioScience, BMC
Improve | Transform M-dim point C/ Genomics, IEEE/ACM TCBB,
_ into aa structure 5'.' BMC Bioinformatics, Molecules,

Biomolecules, ACM Bioinf and
Comput Biol, ACM Genet and
Evol Comput Conf, IEEE Intl
Conf on Bioinformatics and

J
Improve/Map S;”to a nearby
local optimum S,

3%2%

Ca-bound

Thousands of dimensions/dofs — can leverage little data™
(deposited structures)

o

f rj;y/& ’«.‘}‘A

"’y/%rﬁﬂ“ﬁf%!
Theoretical basis? Conformational selection/population shift: 5’ f\\qgﬁy

Experimentally-determined structures of bound, unbound, 4
WT and diseased variants are known pointsin the state space! & = ¢ «,

o

e

-> Leverage them to define and initialize variable space

“-FA “ad

First-ever view of H-Ras WT energy landscape

© WT GTP bound, ON (1QRA)

G12V + PI3K kinase (1HES.B)
WT canonical structure (1CTQ)

E30D, K31E + RASSFS (30DC)
WT + RalGDS (1LFD),
WT (6Q21.8) ...

WT, G12V + GDP
(1021, 2021)

WT GTP GAP-bound, IWQ1

WT, AS9G SOS-bound, INVWX,U] -
the same mechanism (as for GAP-
bound), involving 612, Q61 incatalysis | |

¥32€, C1185
Fluorescent Ras
7 (2€110,6,7,cw))

Q61L, G12R, G12V-AS9T, PISE,
Mutations, no effectors
(721P, 421P, 521P, 221P)

Pc2

Allosteric switch, shift ON

Q 612V + Raf kinase (30I[WU])

Q Q70€ + Ca compounds
(4DLWTS])

O WT soaked in Ca compounds
(acetate, chlorine ...)
(3LB[H,LN])

Q W (3K8Y)

Biomedicine

We can now see distinct mechanisms of
disease at the dynamics/landscape level!

Healthy Diseased Variants: Oncogenic Mutations versus Syndrome-causing Mutations

&
g
Amber ££14SB (kcal/mol)

6700

Allosteric switch, shift OFF

N Q 612V +Raf kinase (301V)

QO Q70E + Ca compounds (4DL[RV,X,Z])
Q Q61LLKV +Raf (2RG[A,B,C,D])

Q No mutations (3R5[0,2,3,51)

WT (6Q21.4,

(3L8Y with cyclen)
AS9G - 1LFO
WT-6Q21.0

@WT GDP bound,
OFF (4Q21)
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http://journals.plos.org/ploscompbiol/issue?id=info%3Adoi%2F10.1371%2Fissue.pcbi.v12.i04
http://blogs.plos.org/

Predicting Phenotypical Impact of Mutations

Level-set based analysis allows identification of basins and saddles and

reconstruction of landscape from hundreds of thousands of multi-dimensional

(sampled) points corresponding to protein structures

G12C

*

Health Diseased Variants: Oncogenic Mutations versus Syndrome-causing Mutations

Qe6it

Qiao, Akhter, Fang, Maximova, Plaku, and Shehu. From Mutations to Mechanisms and Dysfunction
via Computation and Mining of Protein Energy Landscapes. BMC Genomics 19 (Suppl7):671, 2018.

; GTP-bound/On *,

K 1QRA, 1CTQ |
i R-state
3K8z

r \
1 GDP-bound/Off 1
1

' 4Q21
‘-H. ’r

Spatial and energetic distances of
basins/states of interest be extracted as
landscape descriptors/features

Variations of each landscape-extracted
descriptor (across variants) correlated to
variations of biochemical parameters of
various activities measured in wet laboratory

[24/50]



Representation

Focus: Complex, Modular
Objects Operating in the 0
Presence of Geometric &
Kinodynamic Constraints

Foundational Optimization Research

Brought structurization of search spaces (from
motion planning-inspired algorithms) to
evolutionary algorithms

Recast motion planning algorithms under umbrella
of evolutionary computation (unified treatment -2
better understanding = new ideas unlocked)

Foundational advances back to Al (distributed ML)

Discriminative:
Form = Function
[Little = Lots of Data]

Generative:

Form(s) =2 Forms
[1/2 -> Little = Lots]

[25/50]|




Representation

Focus: Complex, Modular

Objects Operating in the Generatlve

Presence of Geometric &

(Interpretable)

Kinodynamic Constraints Deep Lea rn|ng

Discriminative: Generative:

Form = Function Form(s) = Forms
[Little = Lots of Data] [1/2 -> Little = Lots]
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Paradigm Shift: Protein Conformation Sampling via

Deep | atent Variable Models

Goal: Learn Underlying Distribution of Experimentally-determined

g Protein Tertiary Structures
Ao Novel AI&ML Methodologies: Generative Models — Generative
ol an Adversarial Learning, Convolutional Variational Autoencoders,
Wasserstein GAN Graph Variational Autoencoders with Disentanglement, and more
Our State of the Art NN Framework
Matrix
Conv2D Conv2D Conv2D
Iealﬁ)-/JRe Iealle/JRe 000 Ieat(z/jRe — ggr]r\:gg Real or Fake? - -
Dropout Dropout Dropout Aim 2: Interpretability Enhancement
Taseef Rahman, Y Du, L Zhao, and A Gi::trrai)t(ed
Shehu- Generative Adversarial Learning
of Protein Tertiary Structures
Molecules 2021.
SPP'EVAE Treats contact maps as 2D
images

Leverages 2D convolution

SPP allows training over
structures of proteins of —)

variable lengths .:I g7

Interpolation Fardina Alam and A Shehu. Data Size
and Quality Matter: Generating

]

Aim 1: Graph generative learning for contact map generation

. . I Csivclutlong X Physically-realistic Distance Maps of
Convolutional  Spatial Pyramid ot F'“Ial Protein Tertiary Structures.
i etwor i i i
Network Pooling (SPP) Becpd Convalution Biomolecules 2022 (featured as title Taseef Rahman, Y Du, and A Shehu. Graph Representation
Encoder Layer Eeader Layer story for 60 days & Editor’s Choice). Xiaojie Guo, Y Du, S Tadepalli, L Zhao, and A Shehu. Generating Tertiary Protein Structures  Learning for Protein Conformation Sampling. IEEE Intl Conf on

via Interpretable Graph Variational Autoencoders. Bioinformatics Advances 2021 Comput Adv in Bio and Medical Sciences 2021.

[27/50]



Graph Learning and Generation

(with D|sentanglement)

%
s
¢
£
ﬁ‘
L
i

O Better, physically-realistic structures

O Learned latent factors allow structural control A f S N
H @D e e I oy
S~ é e @ -
55} =
<l 5
= /
A >f £ @%’“ o T~
(Dataset 9) Nova-2 (Dataset 8) N-terminal (Dataset 2) Human (Dataset 13) Aspartyl (Dataset 6)
KH3 K-homology RNA- fragment of NS1 Carboxypeptidase protease from HIV-1 Hyperthermophile protein

binding domain protein from influenza A A2 isolate BRU

One of few labs
advancing generative
deep learning for

2 modeling structural
Z~10000 p/asticity

Z=1 Z=10000
Fig. 5: Left: Generated contact graphs for a selected protein target; four semantic factors in the latent variables (i.e., Z3. Zg, Zg, and Zg) control changes
in the contact graphs; the value of latent variables changes from 1 to 10000; Right: corresponding reconstructed tertiary structures.
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Brick by Brick

#EditorsChoice

Read now "Data Size and Quality Matter:
Generating Physically-Realistic Distance Maps of
Protein Tertiary Structures" by Fardina Fathmiul Alam
and Amarda Shehu, et al.

The article bit.ly/3FWm3T]j
The list = bit.ly/3VzbpHC

1 — | |
H / . R
— . - —»
I N \ a U L
--_ || | ¥ Interpolation

Convolutional  Spatial Pyramid Convolutional Final

Network Pooling (SPP) Network Convolu )

Encoder Layer Decoder Laye Generated with DALL-E

3:49 AM - Dec 16, 2022
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Latent Factors == Concept Space?

0 Are there other scientific domains where:

0 Latent factors provide us with an advantage

0 Latent factors as concepts to explain
generation process and relate to our
theoretical and empirical understanding
of underlying physics

0 Latent factors as concepts to control
generation process and link the chemical
with the biological space

Generated with DALL-E
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Small Molecule Generation:

Linking Chemical and Biological Space

Drug
Discovery

Functional space Direct Inverse Inverse

e

Desired properties (redox

potential, solubility, toxicity) _' |

. Experiment or
1 simulation (Schrodinger
equation)

Optimization,

High- throughput virtual evolutionary strategies,

screenmg (e.g.,with 3

filtering stages) GAN, RL)

Chemical space

A A

(Drug-like, photovoltaics,
polymers, dyes)

generative models (VAE,
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Small Molecule Generation:

Typical Setup

ot T SE A o
RY  LOrighpd 90 000G 0,&;0 a0 {& -d{}%_\ é}ﬂ%

? ot %o &b < Output: Small molecules
generated by a deep model

305 R S worgr S0l

i

Input: Small molecules deposited in
publicly-available databases
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Small Molecule Generation:

Typical Approaches

Sampled

If random < e .
I Randomly take an action Ii Real-world
latent code:
utput data

data
> pe (IIZ) State If random > € w) Environment Latent random
s Take action
z=p+0@e€ t

I variables

Discriminator Fake?

Real?

Observe state s
(a) Variational Auto-encoders

Generated
data

(c) Generative Adversarial Nets

Compute rewards r
(b) Deep-Q Network

* Flow Inverse
ﬁgg V:\ he )_L{ hety }_' f(x) f_l(z)

(d) Generative RNN

B

(e) Flow-based generative models
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Our Objective:
Generate with (Property) Control

(a) Image generation without control

-5.19 3.56 -5.24

Drug-likeness

Increasing latent variable value

(c) Molecule generation without control

Pose

(b) Image generation with control

o o
N o H o 0 0
4 o] 5 0 . Oh H:N & . S| S a (b :
0 \ : ol P 3 o -9 HO 0
X & o 0 v - " o 0 7 2
CH, N NH.H i 0 o 0
-3.65 3.42 -0.69 0.58 -0.64 2.16

-2.64 -2.84 297
Drug-likeness

Increasing latent variable value

(d) Molecule generation with control
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Strengthening Encoder-Decoder Frameworks:

Instructibilit

0 Projecting model behavior onto a concept space
provides opportunities for adapting behavior based
on explicit feedback from chemists in the wet
laboratory

0 VAE-based frameworks provide an interesting
platform amenable to achieve model instructibility

0 Leveraging latent factors as axis of a concept space,
disentangled graph variational autoencoder (D-
GraphVAE) frameworks allow control of small
molecule generation in the
biological/phenotypical/concept space

Generated with DALL-E
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Our Approach:

Graph Variational Autoencoder-based Learning

O  Input: Molecular Graph G = (V,E, A, F)

O Output: Novel Molecular Graph G’ A - ?aphencode Graphdfc':’fer r kg ‘

O Nodes—AtomsV, Edges—Bonds E €V XV «i{“_’;‘;‘“’" > g é ’ J @‘-

0 Node Attribute — Node Features F € RV*K" | ';):t-ﬁ""ilf ”[ E g )
where k' = number of atom types {-l F o ©

O  Edge Attribute — Adjacency Matrix A

€ RVXNXK \where k = number of bond types

0

* The deep latent-variable framework parameterizes VAEs to learn a joint distribution over a molecular graph G and
desired properties Y, given a group of learned disentangled latent variables Z.

>

» The generative process is formulated as p(G|Y,Z). The objective is to learn to (i) encode a molecular graph into a
continuous latent space with p(Z,Y|G) and (ii) decode a molecule from the learned latent space with p(G|Z)Y).

L)
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From Small Molecule Generation to

Generation with Property Control

. . L Zhao. Small
fact, evidence that some disentangled factors " Molecule
(additionally) control for molecular properties =

Generation via
Disentangled
Representation
Learning.
Bioinformatics,

btac296, 2022.

z4

5
0.02

7
z_avg

) . - B Yuangi Du, X Guo, Y
0 Disentanglement does not degrade performance: in w  Wang, A Shehu, and

clogPclogS rPSA PSA Drug SA
CGVAE D-MolVAE-VIB

0 Let us then reserve some latent factors for given Yuangi Du, Y Wang, F Alam, Y Lu, X Guo, L Zhao, and A Shehu. Deep
. Latent-Variable Models for Controllable Molecule Generation. IEEE
m Olecu | arp rOpertleS ad nd S hOW Contr0| Intl Conf on Bioinformatics and Biomedicine, 2021
. . . (a) VAE(s) condition models (b) MDVAE Framework (¢) Monotonic Constraining
O Let us enforce a monotonic relationship “ latent variabies. propertes /| o 57
. 2 i aten vaﬁruj_es» loos @ :
between latent factors and given g 2 g Q‘@? D/V L T drugtkenes o |
. . VanillaVAE CondVAE 2 v . A, L 1 H
properties and obtain better control \»1/\/+
(:ik—@(:i) (:5)4—® (:i) @ /./°\o \\/Q " Ho NH,
Yuangi Du, X Guo, A Shehu, and L Zhao. Interpretable Molecular K@ ‘\@ \4@5 M o P-OS/ /./o\o I/C\/_’HOD/\/
Graph Generation via Monotonic Constraints. SIAM Data Mining, DVAE MDVAE Molweight: 140.0
2022,
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Mechanisms to Connect Latent Factors with

Properties

(a) Beta VAE (b) Cond VAE
> L P = = @\® =
Sampling ;Samplmg ®/

Encoder Decoder Encoder Decoder

=0
= EXE = =

Sampling

(d) PCVAE

Sampling

Encoder Decoder Encoder Decoder

Enforcement of independence is shown by dotted red arrows; invertible dependence between two variables is represented
by double arrows. Data is denoted by X and Z. W are subsets of latent variables. Y denotes targeted molecular properties.
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From Small Molecule Generation to

Generation with Property Control

O More effective models at providing us with
control over properties

U More effective models at generating valid, unique, and novel molecules

Method |cLogP cLogS Drug Weight PSA SA

QM9 ZINC MOSES [-2,2] [-2,2] [-5,5] [120,130] [20,60] [2,5]

Model Validity Novelty Uniqueness| Validity Novelty Uniqueness| Validity Novelty Uniqueness B-VAE (245 101 4333 264350 24972 7.03

B-VAE [100.00% 98.23% 99.28% [100.00% 100.00% 99.78% [100.00% 99.92%  99.88% CondVAE (220 099 2227 4203 183.43 487

CondVAE [100.00% 92.60% 90.00% [100.00% 99.98% 98.02% |100.00% 99.98% 93.30% CSVAE (0.67 096 924 3973 810.45 1.86

CSVAE [100.00% 97.01% 27.41% |100.00% 100.00% 42.72% [100.00% 100.00%  54.28% P%‘éﬁ*/‘zgsp %}g 33 ggi‘ gg‘s‘g Zggfgo }g‘;
PCVAE-nsp(100.00% 98.57% 86.94% (100.00% 100.00% 99.74% [100.00% 99.90% 99.80% - - . - - -

PCVAE (100.00% 97.43% 88.24% |100.00% 100.00% 99.48% (100.00% 99.96% 98.62% .
Caption: For each property, we generate 100 molecules

Beta-VAE with properties specified in the range with the highest

\/S) A%\ {)t V (I jﬁ density in the molecular property distribution (as in
03 E s o s training dataset). We report the discrepancy via MSE

-0.15

CondVAE . Caption: We set out to control between properties of molecules generated in this
/@ v&(// qﬁ\/( °Y“E/ D w the cLogS property of generated manner and expected properties predefined within the
e 0er o e 093 2 molecules to be [-2, -1.5, -1, - highest property density region.

0.5, 0, 0.5], respectively. The

S <%‘</ \>§j r “ ) models will show different levels

Y Du, X Guo, Y Wang, A Shehu, and L Zhao. Small Molecule

204 L 20 08 0 oo of controllability. PCVAE achieves “Hep LTk : :
PCVAE-nsp . Generation via Disentangled Representation Learning.
superior performance. The . .
@ ﬁg\ﬁy = —<> <> IVavard ) Bioinformatics, btac296, 2022.
model learns a monotonic

Y Du, X Guo, A Shehu, and L Zhao. Interpretable Molecular Graph
Generation via Monotonic Constraints. SIAM Data Mining, 2022.

-2.031 -2.107 -2.007 -2.148 -1.701 -2.007
PCVAE

relationship; an increasing value

= ; . N\ ) . of zrelates very closely here
§(\U 1> >\\)>/: 6& W //\\\ Zl\) . . Y } Y Y Du, Y Wang, F Alam, Y Lu, X Guo, L Zhao, and A Shehu. Deep
20/ . o _fm oo on with an increase in the value of Latent-Variable Models for Controllable Molecule Generation. /EEE
» clogS. Intl Conf on Bioinformatics and Biomedicine, 2021

-2 -1.5 -1 -0.5 0 0.5
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Brick by Brick

0 What about correlated properties?

Yuangi Du, [..], A Shehu, and L Zhao. Multi-objective Deep Data
Generation with Correlated Property Control. NeurlPS, 2022.

0  What about incomplete and noisy data? = our
KDD 2022 workshop paper

0  What about very fine-granular control with a
specific target in mind?

0  What about specific binding affinities?

0  Can you actually design these things in the lab
and learn from the wet laboratory? = our 2023
NSF [IBR Grant

Generated with DALL-E

[40/50]



Representation

How do you incorporate millions of sequences, hundreds of thousands of structures, thousands
of known interactions, millions of short reads, thousands of wet-lab characterization data, etc.

Multi-modal Foundation Models

How do you leverage knowledge for lighter models?
Grounded Foundation Models

How do you catch up to the transformer with alternative architectures?
Small State Space Models

DISCIIrirduve. aerierduve.

Form = Function

[Little = Lots of Data]

Decoder

Encoder

Qutput
Prababilities

Scaled Dot-Product

Attention

Softhax

Q K v

Mask (opt.)
|

R Multi-Head Attention

Form(s) = Forms
[1/2 = Little = Lots]

(shifted right)
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Progress NOT by Scale Alone!

Model Size in Tokens —
PaLM LLaMA

Anthropic Google @ DeepMind R Meta Ga |a)(y b ra i ns

Assistant Computing power used in training Al systems

@OpenAI ANTHROP\C
XLNet Selected systems, floating-point operations, log scale

<AnVIDIA
3.3B

GPT—ll 10%

GPT-3 175B (davinci) @O Pal M 2
GPT-NeoX-20B > 102

® Industry
® Academia

~ ® Research
consortium

BER Megatron BLOOM BlenderBot3

Google &)0penAl Snvibia BigScience facebook
378 4358 366 B 180 B

Maodel Size (in billions of parameters)

15
2018 2019 A 10

101

.
Objectives: ..

Lighter models by situating them in and exploiting o Theseus :
knowledge and structure in biological data 1950 60 70 80 90 2000 10 23
Beyond the transformer architecture (foundation Year

mOdel research) [2023 NSF ”l Medium Grant] Sources: Sevilla et al., 2023; Our World in Data

The Economist




Progress NOT by Scale!

Variant Prediction Classic Supervised DL Unsupervised DL
Remote Homology There are three broad variant effects: ;g 7 ©
. . ) . ) A . -9 D= . - o v e e (¥}
Finding: Employed a rigorous setting, by lowering sequence (E\{olutlonary) f/'tness effect, pathogenicity Qog_ © T e S
identity, we report that current state-of-the-art, large protein (dlsea"se causation), and (molecular) < 07 T 1 I
language models are still underperforming in the twilight zone| | function change. - 8 06— -
of very low sequence identity Existing computational methods may have T = P o)
largely failed to recognize the difference 0.5 -3 i W | Sl I T T et Tl A Tl I
0.8 between these three types of effect. Q4_L & L L L & 1o é oo
C B a Q0 (o
£ c I 0S223 8 F 288 cZskarak 82
0.7 i 8 EY 2 > I EOES VWS F SSpWw oww Xy
@) o ST @ HIpk z o W o004 W g 7 o OOuUummSmomc o
o 5, £82 s 8é ee28E Z > O 53 o > > g o wu w2 8ScgD2
x 0.6 §0ol%f £&5382958855484 5 0 8 S n S c < £ g & 2
— esmlb EEQEfge 8 b 8228858863 T c < S Seo2¢g® #
2 — esm2 pEECERSSSGIBELEEEEloe st £ sga® &
054 ——mMm™— SIFT - .nasnm na..nasnzs......ﬁnm 026 008 026 % E :E
—— protTransT5 PolyPhenz -SR] o= X1 bR D 81 o= B A S B B I o2 o o o= o
0.4 random REVEL - %. ; =m%%EEEW 014 009 047 o
CADD - 090 057 |0. 021 057] 021 0.19 008 020
T T T T T Gg::esg:;n DEEE o % om oo o aar i oz o oo o -0c0-0 oo |-o- Pathogenic.Population LikelyPathogenic.Population |
100 80 60 40 20 WMIiﬁ&E; .E.mﬁﬁﬁm.@ﬁmwmm
mve -[ 090 [ik4) 02 010 046 013 002 0.5 . . . .
vesor EOEDE- @ _Eem wpmooss W Major Findings: Of the unsupervised DL methods,
VESPAI -| 090 027 020 0.9 021 8
S SEq.Une., o o 5 s 5 o 15 ESM (650M) and ProtTrans (11B) were able to
o< —— esmlb AlphaMissense Am W . ’ 5 ] Q 9.0 . o™ .
5 o eem2 o OO - DOETE 0s § differentiate cI|r?|caIIy 5|gn|f|cantyar|ants .from the
= 0021 —— protTransT5 iy || || .. 2 general population better than simply using
:§ — random Protirans BEWEEMEEI = 3 conservation. These models were also as good as or
Prottrans ALBERT -] 000 07 k2001 001 001 [0s2| 2 038 0.07 037 o .
£ 0014 Protrans T DR R DR | e - = 02 better than many of the supervised methods.
) ProteinBERT - MMD’“@ Joce N [ B | i i
(2]
£ posceT -TED m ol | Lo Howeve(;, as pelther ofI the u?superwsed rr;let:ods .
g | ,
20001 . . . : rsrn EEEEE - SEEE , captured variant population frequency well, the rarity
100 80 60 40 20 —— of pathogenic variants is an unlikely cause of these
Threshold (%) -9 . q o
_ _ R 070 075 08 085 0% 09 models’ pathogenicity classification abilities.
Eablz ';/IOItdYV'r;_’ 2 She::': lCofmp;rathf AHnaIy5||s of ‘I;)rar:js.f(;.rmer;CM Correlation of variant predictor scorfac;BT"or the population frequency data Bromberg, Kabir, Ramakrishnan, and Shehu. Variant prediction
Bz;ezozr;)aer:g A?AnAgIl-J\j\lggozz Beesstc;;p:TAoWeardomo el seliadiin set is reported as the Pearson correlation coefficient (blue), and the fraction of consensus in Fhe Age of Ma(;hine Learning. Machine Learning and Protein
- - binary predictions (FCBPs) (red). Higher scores (darker colors) indicate a better correlation.  Science, Cold Spring Harbor Laboratory Press, 2024.
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Strengthening Biological Foundation Models via

Grounding

0 The data at our disposal are in
large part imperfect proxies of the
underlying physics that governs
the detailed behavior of molecular
machineries in the living cell

O Biological priors:
0 additional data modalities

0 physics-based knowledge
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Prior Knowledge in Data or First Principles (Physics

Structure Data in Attention Mechanism for Lighter Models (Hierarchical) Function Relationships in Joint Representation Learning
+ Henine + Giyaine + Proine
i D vogne L omwe+ vesne Table 1: Top: Architectural details of ProToFormer [170] A powerful, versatile framework that can additionally incorpor@tesssssmsss sauas
Leam/ng el Seq'uence and Structure . ::mime . m:m . :ypmpmn and FT-PRoBERTa [5]. Bottom: Performance comparison P f ’ hi fh' / . [ relati hi 4 (4 Al’“\mm::“.u | — -
Improves Protein Prediction Tasks e e along accuracy (ACC), precision (PRE), recall (REC), F1- ierarchical functional relationships IFGRTGT... AT ’l
Glutamic acid Phenylalanine Score (F1), and AUC-ROC score (AR). Consecutive rows ©) GO torms roprosentaton archociure -,
@ Ami - per model show performance on validation and test set, re- ] sy ) I
P 1o ° “ spectively. The highest values on a metric on each set are [ }{w /’s-vm-ﬂv!-th/-a
s ? ighlighted in boldface font. Gene Onteiogy(60) - ” ﬁ o
Kabir, Shehu . ) & o HyperraARAMS  PrROTOFORMER  FT-PROBERTA Term Hler:rvchv @)
Sequence-Structure Embeddings via Protein £ o] @ " <’ . MAX-LENGTH 512 512 "
Language Models Improve on Prediction g‘ ° EMBED-DIM 128, 256 768
Task. ICKG 2022. 5 £ ATTNCHEADS 8 2 @<>_. soquocs
o - ) #-ENC-LAYERS 5 5
#-WEIGHTS 13M 44M EBO =
200 = — MobEL Acc Pre Rec  FI1 AR T
comorentone © 0.542 0600 0542 0523 0.089 Ew"’m;m] [ﬁ‘,?.;’.”..nl] [ Tansoamer ]
150 FT-PRoBERTA  0.472 0.614 0.472 0.432 0.966
100 0.526 0.600 0.526 0.526 0.987 P —C— Metrics | GO | DeepGoPlus | DeepChoi-ESM-1 | GOProFormer
PrROTOFORMER 0486 0578 0.486 0461 0.984 [comizan ] [comme | | — Val Test Val Test Val Test
g s (128-SEQ) : : : ’ : egares l ‘ it e BP | 0460 0491 | 0499 0529 0526 0557
H PrOTOF 0.720 0.762 0.720 0.713 0.992 ¥ b Fmax | CC 0.739  0.709 | 0.738 0.712 0.739  0.729 | Kabir and A Shehu. GOProformer: A Multi-Modal
g o 'ROTOFORMER 0664 0741 0.664 0.664 0.985 MF 0457 0436 | 0.524 0.541 0.580 0.623 | Transformer Method for Gene Ontology Protein Function
E (128-SEQ+CM) . : " " = BP 10499 9.721 | 10.074 9.080 0.600 8.810 | Prediction. Biomolecules 12(11):1709, 2022
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150 ProToFormer 0742 0783 0742 0.734 0.992 el AUPRC| CC | 0.691 0649 | 0.782 0751 0724 0.693
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=200 =100 0 100 200
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Advancing Transcription Factor Binding Site Prediction Using DNA Breathing A Kabir, M Bhattarai, K Rasmussen, A Shehu, A Usheva, A Bishop, and B that EPBD breathing dynamics guide DNABERT2 proper binding regions as showing ’
j i tion RigRXiv 2024 Alexandrov. Dynamically Active Zone of DNA Breathing. Bioinformatics for ww information. by the red color.
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Strengthening Biological Foundation Models via

Grounding

The data at our disposal are in
large part imperfect proxies of the
underlying physics that governs
the detailed behavior of molecular
machineries in the living cell

Biological priors:
additional data modalities

physics-based knowledge

& Aligning

a

When contextualized to biological
research, models need to be aligned
with the underlying physics that
governs all life

However, our understanding of the
underlying physics itself is
distorted/narrowed through semi-
empirical models

Our approach: key metrics that capture
physical realism at various levels of
sophistication and benchmark datasets
that truly expose model alignment in
molecular biology
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Abstract

Motivation

Protein language models based on the transformer architecture are increasingly
improving performance on protein prediction tasks, including secondary
structure, subcellular localization, and more. Despite being trained only on
protein sequences, protein language models appear to implicitly learn protein
structure. This paper investigates whether sequence representations learned by
protein language models encode structural information and to what extent.

Results

We address this by evaluating protein language models on remote homology
prediction, where identifying remote homologs from sequence information
alone requires structural knowledge, especially in the “twilight zone” of very
low sequence identity. Through rigorous testing at progressively lower
sequence identities, we profile the performance of protein language models

ranging from millions to billions of parameters in a zero-shot setting. Our

Bioinformatics Advance

When contextualized to biological
research, models need to be aligned
with the underlying physics that
governs all life

However, our understanding of the
underlying physics itself is
distorted/narrowed through semi-
empirical models

Our approach: key metrics that capture
physical realism at various levels of
sophistication and benchmark datasets
that truly expose model alignment in
molecular biology
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The Quest for Small Al:

Bevond the Transformer?

State Space Models (SSMs) are emerging a.s 1o A comprehensive comparison pitches Birdie
alternatives to Transformers but struggle with tasks against transformer-based models at various
needing long-range interactions, such as text copying configurations (base versus instruction fine

0.8 .
and multi-query associative recall tuning, 400M versus 1.4Bparameters, and

o7 various pre-training objectives) overl4max-

. .. . . . [ likelihoodtasks from the Eleuther Al LMHarness
Our contribution: a minimalist SSM architecture with ;
novel pre-training objectives and a dynamic mixture of Model Objective  Avg Task Accuracy
pre-training objectives via reinforcement learning Instruction Tuned, 1.4B
Birdie (RL-MoD)  RL-MoD 45.5%

= Attention (CLM)  CLM 43.0%

. . Birdie (PT5) PT5 42.5%
Catching up to the Transformer with State Birdie (CLM) CLM 40.9%
Space MOdeIS: Birdie o * Pr:training Pro;:jess * . Base Models, 1.4B

. ) ! . Birdie (PT5) PTS 41.0%
Linear time-varying (LTV) systems improve language _ Birdie (CLM) CLM 40.9%
modeling capabilities compared to linear time-invariant Phone Number Retrieval Performance Birdie (RL-MoD)  RL-MoD 40.6%
(LTI) counterparts. A comprehensive analysis of LTV vs. e Atlention (CLM) ~ CLM 40.1%
LTI systems for NLP, controlling for various training ; Instruction Tuned, 400M

. . . . . 2 80.0% Birdie (UL2) UL2 40.3%
objectives and fine-tuning remains unexplored. § Attention (UL2) s e
. . N N o j=CsBirdie 1.48 (RL-MoD) Hawk (PTS) PTs 39.3%
Complexity over input Birdie g o mbirdie 1.48 (CLM) Attention (CLM) ~ CLM 39.2%
2 I - - r = -@-Transformer 1.48 (CLM)

O(L*) | transformerse 7 =Xt O 7—(\)\]A x¢) € RY % — -I-T;az.;:m:;aooM o Hawk (CLM) CLM 38.4%

f, = o(W'x,) e RY o Ab0% Base Models, 400M
. e = Birdie (CLM) CLM 40.3%
RNN S50 O(L) | Bindie he =fi Ohe1 + 2 5 v Birdic (RL-MoD) ~ RL-MoD 40.1%
Mamba ye = WOUulh, & ~(Weidex,) Attention (CLM)  CLM 39.7%
LTI LTV Birdie (UL2) UL2 39.5%
e: Bidirectionality over input L S AN ﬁgd‘:_(m;f[’}u) 511152 3333
. i H H H ention .20
o: Unidirectionality over input 2048 i?u%go . tmk%ﬂ%)gz 16384 Hawk (PT5) PTS 38.8%
Hawk (CLM) CLM 38.4%
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