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How do you find an organic LED emitter?

1. Gémez-Bombarelli, et al., Design of Efficient Molecular Organic Light-Emitting Diodes ... Nature Materials, 2016
2. Dabhl, et al., Multi-Task Neural Networks for QSAR Predictions, arXiv, 2014
3. Unterthiner et al., Deep Learning as an Opportunity in Virtual Screening, NIPS, 2014.



Molecular fingerprints: bag of substructures

1. Morgan, The Generation of a Unique Machine Description for Chemical Structure. Journal of Chemical Documentation, 1965.
2. Glem, et al., Circular Fingerprints: Flexible Molecular Descriptors with Applications from Physical Chemistry to ADME, IDrugs, 2006
3. Rogers and Hahn, Extended-Connectivity Fingerprints, Journal of Chemical Information and Modeling, 2010



Molecular fingerprints: bag of substructures

v ‘n"

\ \'1
' y’ VA"A\
1. Morgan, The Generation of a Unique Machine Description for Chemical Structure. Journal of Chemical Documentation, 1965.

2. Glem, et al., Circular Fingerprints: Flexible Molecular Descriptors with Applications from Physical Chemistry to ADME, IDrugs, 2006
3. Rogers and Hahn, Extended-Connectivity Fingerprints, Journal of Chemical Information and Modeling, 2010




Molecular fingerprints: bag of substructures

K 7 ;*‘"“’
Iﬂ“"«*‘ .&",\4{
‘v;“v“'; w" \/

LA
| “,«h‘w“‘ 4 3

" Vg

1. Morgan, The Generation of a Unique Machine Description for Chemical Structure. Journal of Chemical Documentation, 1965.
2. Glem, et al., Circular Fingerprints: Flexible Molecular Descriptors with Applications from Physical Chemistry to ADME, IDrugs, 2006
3. Rogers and Hahn, Extended-Connectivity Fingerprints, Journal of Chemical Information and Modeling, 2010



Morgan
em, e
gers

G
R

|
0,

Molecular fingerprints: bag of substructures

The Gen

/N
Vi
A

of a Unique Machine Description

al., Circ IngtFIbIMIID

dHh Extended-Con

ectivity Fingerprints, Jou

V

ir @.‘\V ’& /.r\‘
R “\‘y N/
iv Q\"\V ’&%M‘

‘ \ nk\" “

for Chemical Structure. Journa
ptors with Applications from Physical Chemistry to ADME, IDrugs, 2006

nal of Chemical Information an

A

"

(i

ln‘x

d Modeling, 2010

| of Chemical Documentation

, 1965.



Mol

G
R

|
0,

rgan
em, e
gers

The Gen

al., Circ IngtFIbIMIID

Molecular fingerprints: bag of substructures

| |
R NCNAT

Iﬂ’;l“'d\‘ »M«'

"1\\" N/
}i" L Mw’
‘ \“\v ‘l‘ﬂ V' x

iﬂ? LA Ma’
y;VA"A“ ‘A

of a Unique Machine Description for Chemical Structure. Journal of Chemical Documentation, 1965.

"

ptors with Applications from Physical Chemistry to ADME, IDrugs, 2006
d Hahn, Extended-Connectivity Fingerprints, Journal of Chemical Information and Modeling, 2010



Differentiable, parameterized fingerprints

Circular fingerprints

Neural graph fingerprints
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. Input: molecule, radius R, fingerprint length S 1:
. Initialize: fingerprint vector f < Og 2:
for each atom a in molecule do 3:
rq < g(a) > look up atom features  4:

for L=1to R do > for each layer 5:
for each atom a in molecule do 6:
ri...ry = neighbors(a) 7

V¢ [rg,r1,...,rN] > concatenate  8:

rq < hash(v) > hash function 9.

i < mod(rq, S) > convert to index 1(Q:

fi+1 > Write 1 at index 17:

: Return: binary vector f 12:

Input: molecule, radius R, H| ... H}, W1 ... Wg

. Initialize: fingerprint vector f < Og

for each atom a in molecule do
rq < g(a) > look up atom features
for L=1to R do > for each layer
for each atom a in molecule do
ri...ry = neighbors(a)

Ve + 3Ny > sum
rq < o(vHY) > smooth function
i < softmax(r,W7p,) > sparsify
f+—f+i > add to fingerprint

Return: real-valued vector f

oW

Gilmer et al. Neural Message Passing for Quantum Chemistry, ICML 2017

Duvenaud*, Maclaurin* et al., Convolutional Networks on Graphs for Learning Molecular Fingerprints, NIPS, 2015
Li, Tarlow, Brockschmidt, and Zemel, Gated Graph Sequence Neural Networks, ICLR 2016
Kearnes et al., Molecular Graph Convolutions: Moving Beyond Fingerprints, Journal of Computer-Aided Molecular Design, 2016

Schiitt et al., Quantum-Chemical Insights from Deep Tensor Neural Networks, Nature Communications, 2017



Predictive performance

Target | Solubility  Drug efficacy Photovoltaic efficiency

Units | log Mol/L  ECs9 in nM percentage points

Predict mean | 4.29 1.47 6.40
Circular FPs 4 neural net | 1.40 1.24 2.04
Neural FPs + neural net | 0.53 1.17 1.44




Interpretability

Fragments predictive of solubility in water

° on 4°
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Fragments predictive of insolubility in water
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Summary: neural molecular fingerprints

¢ Differentiable generalization of molecular fingerprints
e Learn a representation by training end-to-end

e Now the standard approach for supervised learning on
molecules

D. Duvenaud*, D. Maclaurin*, et al. Convolutional Networks on Graphs for Learning Molecular
Fingerprints. NIPS 2015

R. Gémez-Bombearelli, et al. Design of Efficient Molecular Organic Light-Emitting Diodes by a
High-Throughput Virtual Screening and Experimental Approach. Nature Materials 2016






import numpy as np

def predict(weights, inputs):
for W, b in weights:
z = np.dot(inputs, W) + b
inputs = np.tanh(z)
return z

def loglik(weights, inputs, targets):
preds = predict(weights, inputs)
return np.sum((preds - targets)**2)



import autograd.numpy as np
from autograd import grad

def predict(weights, inputs):
for W, b in weights:
z = np.dot(inputs, W) + b
inputs = np.tanh(z)
return z

def loglik(weights, inputs, targets):
preds = predict(weights, inputs)
return np.sum((preds - targets)**2)

grad function = grad(loglik)



import autograd.numpy as np
from autograd import grad

def predict(weights, inputs):
for W, b in weights:
z = np.dot(inputs, W) + b
inputs = np.tanh(z)
return z

def loglik(weights, inputs, targets):
preds = predict(weights, inputs)
return np.sum((preds - targets)**2)

grad function = grad(loglik)
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Reverse-mode differentiation: cheap gradients

rT—> h > f2 > f3 > fa
Yy—> f5 > Jo

1. Griewank and Walther, Evaluating Derivatives: Principles and Techniques of Algorithmic Differentiation, Second Edition, SIAM, 2008
2. Pearlmutter and Siskind, Reverse-Mode AD in a Functional Framework: Lambda the Ultimate Backpropagator, TOPLAS 2008
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Reverse-mode differentiation:

rT—> fi

YYy

cheap J"v products
or vIJ products (vjp)
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1. Griewank and Walther, Evaluating Derivatives: Principles and Techniques of Algorithmic Differentiation, Second Edition, SIAM, 2008

2. Pearlmutter and Siskind, Reverse-Mode AD in a Functional Framework: Lambda the Ultimate Backpropagator, TOPLAS 2008



Higher order autodiff

from autograd.numpy import tanh
from autograd import grad

grad(tanh)

grad(grad(tanh))
grad(grad(grad(tanh)))
grad(grad(grad(grad(tanh))))




Higher order autodiff: efficient differential operators

Hessian-vector

product Hov,

Hy; == 0,0, f

Generalized
Gauss-Newton
matrix vector
product

G.v, (?:::gf?IJng

Nth order
derivative
contraction

(0i0j0k . .. [)ujvjwy . ..

def hvp(f, x):
return vip(grad(f), x)

def ggnvp(f, g, x, V)
f vip = vip(f, x)
f jvp = jvp(f, x)
g_hvp = hvp(g, f(x))
return f vjp(g hvp(f jvp(v)))

def contract(f, x, vs):
if vs:
v, vs = vs[0], vs[1:]
return jvp(lambda z:
contract(f,
else:
return grad(f) (x)

1. Pearlmutter, Fast Exact Multiplication by the Hessian, Neural Computation, 1994

2. Martens, Deep learning via Hessian-free optimization, ICML 2010

3. Martens and Grosse, Optimizing Neural Networks with Kronecker-factored Approximate Curvature, ICML 2015

z, vs), x)(v)



User-defined primitives

def logistic(x):
return 1 / (1 + np.exp(-x))
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User-defined primitives

def logistic(x):
return 1 / (1 + np.exp(-x))
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@primitive
def logistic(x):
return 1 / (1 + np.exp(-x))

defvjp(logistic,
lambda ans, x: lambda g:
g * ans * (1 - ans))
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User-defined primitives: fixed point iteration

r=f(a,z) = x=2%)



User-defined primitives: fixed point iteration

= fla,z) = x=21"(a) def fixed point(f, a, x0=0):
x, x_prev = f(a, x0), x0
while np.abs(x - x_prev) > tol:
x, x_prev = f(a, x), x
return x

Y
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User-defined primitives: fixed point iteration
@primitive
def fixed_point(f, a, x0=0):

r=f(a,z) = x=2%)

Ty —» > f > *
Ty <— J2T < Jgj ..... — J;F<_ZE_*
J1T<J J{ J{

Y Y Y
a 4___IEI.ﬁ_____IHI.k__ ....___IHI.*__ 0

def

def

x, x_prev = f(a, x0), x0

while np.abs(x - x prev) > tol:
X, x_prev = f(a, x), x

return x

fixed point vjp(ans, f, a, x0):
vip_a = vip(f)(a, ans)
return (lambda g:
vjp_a(fixed_point(
partial(rev_iter, f),
(a, ans, g))))

rev_iter(f, a, x):

a, x_star, x star _bar = a
vip_x = vijp(f, 1)(a, x star)
return vijp_x(x) + x_star_bar



User-defined primitives: fixed point iteration

@primitive
z=fla,x) = x=21%(a) def fixed point(f, a, x0=0):
Jox —[I—J * —IJ x, x_prev = f(a, x0), x0
w(@) =1 r2(a,7)] sl ) while np.abs(x - x prev) > tol:
>0 x, x_prev = f(a, x), x
= [Z [‘]fQ (avx*)]n] Jf.l(aax) return Xx
n=0
a def fixed point vjp(ans, f, a, x0):
! ! ' vip_a = vip(f)(a, ans)
N return (lambda g:
Lo —= > f —> T vjp_ a(fixed_point(
partial(rev_iter, f),
Ty <+ JI |« JF e — JT e (a, ans, g))))
T J T j T def rev iter(f, a, x):
Ji Ji Ji a, x _star, x_star_bar = a

vip_x = vip(f, 1)(a, x_star)

a 4_4_4_ o _4_ 0 return vjp x(x) + x_star bar

1. Johnson et al., Composing Graphical Models with Neural Networks for Structured Representations and Fast Inference, NIPS 2016
2. Amos and Kolter, Optnet: Differentiable Optimization as a Layer in Neural Networks, ICML 2017



User-defined types



User-defined types

I v) = tim L) = /() (7 (), v) = (w,J (x,v))
a0 @ where
where T v
VoW J V; -
J: VXV oW we
acR

x,veV



User-defined types

I v) = tim L) = /() (7 (), v) = (w,J (x,v))
a0 @ where
where T v
VoW J V; -
J: VXV oW we
acR
x,veV

V', W are Hilbert spaces over R supporting:

scalar multiplication av
vector addition Vi + Vo

inner product (v1,v2)



User-defined types: reproducing kernel Hilbert space

H, Hilbert space of functions f: X — R

scalar multiplication (o f) (z) = af(x)
vector addition  (f1 + fo2) (z) = f1(z) + fa(x)
reproducing kernel k: X x X — R

(k(z,-), f) = f(z)

[ee]
map construction f = Zaik(a@i, )
i=1



User-defined types: reproducing kernel Hilbert space

H, Hilbert space of functions f: X — R Derivatives of function evaluation
scalar multiplication (o f) (z) = af(x) eval(f,z) = f(z)
vector addition  (f1 + fo) (x) = fi(x) + fa(x) Jeval(f,,9) = geH
reproducing kernel k: X x X — R Jg/al(f’% a) = acR

(k(z,-), f) = f(z)

[ee]
map construction f = Zaik(a@i, )
i=1



User-defined types: reproducing kernel Hilbert space

H, Hilbert space of functions f: X — R Derivatives of function evaluation
scalar multiplication (o f) (z) = af(x) eval(f,z) = f(z)
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User-defined types: reproducing kernel Hilbert space

H, Hilbert space of functions f: X — R Derivatives of function evaluation
scalar multiplication  (af) (z) = af(x) eval(f,z) f(x)
vector addition  (f1 + fo2) (z) = f1(z) + fa(x) Jeval(f52,9) = 9(33) ge H
reproducing kernel k: X x X — R JL(fixz,a) =ak(z,) a€R

(k(z,-), f) = f(z)

[ee]

map construction f = Zaik(a@i, )
i=1



User-defined types: reproducing kernel Hilbert space

defvijp(RKHSFun. call , ®
lambda ans, f, x: lambda g: Y
RKHSFun(f.kernel, {x : g}))

def logprob(f, data): ¢
loglik = -sum((f(x) - y)**2
for x, y in data)
logprior = -norm _sq(f)

return loglik + logprior

f = RKHSFun(sq_exp kernel)
for i in range(30): [
f=f+ 0.0l * grad(logprob) (f, data)
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User-defined types: reproducing kernel Hilbert space

defvijp(RKHSFun. call , ®
lambda ans, f, x: lambda g: Y
RKHSFun(f.kernel, {x : g}))

def logprob(f, data): ¢
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logprior = -norm _sq(f)

return loglik + logprior
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User-defined types: reproducing kernel Hilbert space

defvijp(RKHSFun. call , ®
lambda ans, f, x: lambda g: e
RKHSFun(f.kernel, {x : g}))

def logprob(f, data): 9
loglik = -sum((f(x) - y)**2
for x, y in data)
logprior = -norm _sq(f)

return loglik + logprior

f = RKHSFun(sq_exp kernel)
for i in range(30): [
f=f+ 0.0l * grad(logprob) (f, data)



Implementation of black-box stochastic variational inference

2 Ryan Adams

i @ryan_p_adams

Replying to @DavidDuvenaud

@DavidDuvenaud

def elbo(p, Ip, D, N):

v=exp(p[D:])

s=randn(N,D)*sqgrt(v)+pl[:D]

return mvn.entropy(0, diag(v))+mean(lp(s))
gf = grad(elbo)

9:43 AM - 7 Nov 2015

1. Kucukelbir et al., Automatic Differentiation Variational Inference, JMLR 2017
2. Kingma and Welling, Auto-Encoding Variational Bayes, ICLR, 2014
3. Blundell et al., Weight Uncertainty in Neural Networks, arXiv 2015
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PY30BbIE MEPEBO3KN MACCAXWPCKME NEPEBO3KN KOPMOPATUBHbIM KJIMEHTAM PEKJIAMA B TAK

0 KOMMAHMH JIEFKOBOE TAKCHU
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Summary: Autograd

e Traces Python programs to evaluate derivatives
e Simple core, easy to extend

o Inspired several other libraries

https://github.com/HIPS/autograd


https://github.com/HIPS/autograd
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Forward update rule

X1 < Xt + QVy
Vir1 < Bvi — VL (x441)

Reverse update rule

vi < (vip1 + VL (xt41)) /B
Xt «— Xi41 — QVy



Forward update rule

X1 < Xt + QVy
Vir1 < Bvi — VL (x441)

Reverse update rule
Vi< (Vis1 + VL (x441)) /8

Xt & Xi41 — QVy

Optimization destroys information!



Learning rate

Optimized training schedules
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Optimizing architecture

Omniglot dataset
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1. Lake, Salakhutdinov and Tenenbaum, Human-Level Concept Learning Through Probabilistic Program Induction, Science 2015



Optimizing architecture

Input Middle Output  Train Test
weights weights weights  error error
Separate 0.61 1.34
networks
Tied . 0.90 1.25
weights
SLlfj:ir;egd . . S 00 113

(Matrices enforce weight-sharing between tasks)



Summary: Hyperparameter optimization and reversible learning

o Exactly reverse learning by storing bits lost

o Optimize thousands of hyperparameters with
gradients

e We can optimize

Per-parameter regularization

Weight initialization

Data preprocessing

Continuous architecture

D. Maclaurin*, D. Duvenaud* and R. P. Adams, Gradient-based Hyperparameter Optimization
through Reversible Learning. ICML 2015



Early stopping and ensembling as variational inference

E[Qﬂ = —logp(D, ét)
T

Sla) = Slao) + > Equ(0) [log| 70)||
t=1

D. Duvenaud*, D. Maclaurin* and R. P. Adams, Early Stopping as Nonparametric
Variational Inference. AISTATS 2016



Firefly Monte Carlo

Zn 0

0 100 200 300
Iterations

D. Maclaurin and R. P. Adams, Firefly Monte Carlo: Exact MCMC with Subsets of Data. UAI 2014
(best paper award)
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Neural molecular fingerprints
Duvenaud*, Maclaurin*, Aguilera-Iparraguirre, Gdmez-Bombarelli,

Hirzel, Aspuru-Guzik & Adams, NIPS 2015

Autograd: effortless gradients in Python
Maclaurin, Duvenaud & Johnson, github.com/HIPS/autograd

Hyperparameter optimization with reversible learning
Maclaurin*, Duvenaud* & Adams, ICML 2015


github.com/HIPS/autograd

Early stopping and ensembling as variational inference

Llq] .= —Eq [~ logp(0,D)] +E,[—1logq(d)] < logp(D)
Energy Elq] Entropy S[q]

E[Qﬂ = - IOgP(D, ét)

T
Slar) = Slaol + Y Eqo) [l0g|70)|]
t=1
Gradient descent, 0111 =0y —aVyL(6;)
has Jacobian  J(8;) = I — aVyVE L(6;)

T
Slael = Slaol + Y log |1 = aVo V] p(01, D)
t=1



Model-based RL with structured variational autoencoders

ag_—1 ag at+1

1. Kingma and Welling, Auto-Encoding Variational Bayes, ICLR, 2014
2. Johnson et al., Composing Graphical Models with Neural Networks for Structured Representations and Fast Inference, NIPS 2016
3. Watter et al., Embed to Control: A Locally Linear Latent Dynamics Model for Control from Raw Images, NIPS 2015



Model-based RL with structured variational autoencoders

a1 ag At4+1

rendering

1. Kingma and Welling, Auto-Encoding Variational Bayes, ICLR, 2014
2. Johnson et al., Composing Graphical Models with Neural Networks for Structured Representations and Fast Inference, NIPS 2016
3. Watter et al., Embed to Control: A Locally Linear Latent Dynamics Model for Control from Raw Images, NIPS 2015



Model-based RL with structured variational autoencoders

a1 ag At4+1

o—
¢dynamics

— |
o— rendering ¢recognition
¢rendering

1. Kingma and Welling, Auto-Encoding Variational Bayes, ICLR, 2014
2. Johnson et al., Composing Graphical Models with Neural Networks for Structured Representations and Fast Inference, NIPS 2016
3. Watter et al., Embed to Control: A Locally Linear Latent Dynamics Model for Control from Raw Images, NIPS 2015



Marginal
likelihood

Using the marginal likelihood estimator for model selection

Choosing when to stop training

Predictive
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Choosing size of hidden layers

3000

B8-0.10

o

<

o —— Training likelihood

va

=-0.20 —— Test likelihood
10 30 100 300 1000

°  —2f )

[o]

o

=

g

= —— Marginal likelihood estimate
10 30 100 300 1000

Number of hidden units

3000



Neural fingerprints with large random weights are like circular fingerprints

2.0

I —— Circular fingerprints
1.8\ —F— Random conv with large parameters |
Random conv with small parameters
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Limitations: unstable learning dynamics

Training loss

Gradient

Learning rate



Eigenscapes

All Weights
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Bouncing ball: filtering and predicting
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Bouncing ball: filtering and predicting
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Actual rollout

Latent states Predictive uncertainty Predictive mean

Bouncing ball: filtering and predicting
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Bouncing ball: filtering and predicting
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Actual rollout

Latent states Predictive uncertainty Predictive mean

Bouncing ball: filtering and predicting
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Bouncing ball: filtering and predicting
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