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Scientific Discovery Drivers 

1. Data (Sensors, Instruments, Data Bases, Internet, 
Storage…) 
 

2. Computing (Clusters, Cloud, GPUs…) 
 

3. Machine Learning (AI, Statistics, Data Mining, Algorithms…) 
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tggaagggctaattcactcccaacgaagacaagatatccttgatctgtggatctaccacacacaaggctacttccctgattagcagaactacacaccagggccagggatcagatatccactgacctttggatggtgctacaagctagtaccagttgagccagagaagttagaag
aagccaacaaaggagagaacaccagcttgttacaccctgtgagcctgcatggaatggatgacccggagagagaagtgttagagtggaggtttgacagccgcctagcatttcatcacatggcccgagagctgcatccggagtacttcaagaactgctgacatcgagcttgctac
aagggactttccgctggggactttccagggaggcgtggcctgggcgggactggggagtggcgagccctcagatcctgcatataagcagctgctttttgcctgtactgggtctctctggttagaccagatctgagcctgggagctctctggctaactagggaacccactgcttaagcct
caataaagcttgccttgagtgcttcaagtagtgtgtgcccgtctgttgtgtgactctggtaactagagatccctcagacccttttagtcagtgtggaaaatctctagcagtggcgcccgaacagggacctgaaagcgaaagggaaaccagaggagctctctcgacgcaggactcgg
cttgctgaagcgcgcacggcaagaggcgaggggcggcgactggtgagtacgccaaaaattttgactagcggaggctagaaggagagagatgggtgcgagagcgtcagtattaagcgggggagaattagatcgatgggaaaaaattcggttaaggccagggggaaaga
aaaaatataaattaaaacatatagtatgggcaagcagggagctagaacgattcgcagttaatcctggcctgttagaaacatcagaaggctgtagacaaatactgggacagctacaaccatcccttcagacaggatcagaagaacttagatcattatataatacagtagcaacc
ctctattgtgtgcatcaaaggatagagataaaagacaccaaggaagctttagacaagatagaggaagagcaaaacaaaagtaagaaaaaagcacagcaagcagcagctgacacaggacacagcaatcaggtcagccaaaattaccctatagtgcagaacatccagg
ggcaaatggtacatcaggccatatcacctagaactttaaatgcatgggtaaaagtagtagaagagaaggctttcagcccagaagtgatacccatgttttcagcattatcagaaggagccaccccacaagatttaaacaccatgctaaacacagtggggggacatcaagcagc
catgcaaatgttaaaagagaccatcaatgaggaagctgcagaatgggatagagtgcatccagtgcatgcagggcctattgcaccaggccagatgagagaaccaaggggaagtgacatagcaggaactactagtacccttcaggaacaaataggatggatgacaaataat
ccacctatcccagtaggagaaatttataaaagatggataatcctgggattaaataaaatagtaagaatgtatagccctaccagcattctggacataagacaaggaccaaaggaaccctttagagactatgtagaccggttctataaaactctaagagccgagcaagcttcacag
gaggtaaaaaattggatgacagaaaccttgttggtccaaaatgcgaacccagattgtaagactattttaaaagcattgggaccagcggctacactagaagaaatgatgacagcatgtcagggagtaggaggacccggccataaggcaagagttttggctgaagcaatgagc
caagtaacaaattcagctaccataatgatgcagagaggcaattttaggaaccaaagaaagattgttaagtgtttcaattgtggcaaagaagggcacacagccagaaattgcagggcccctaggaaaaagggctgttggaaatgtggaaaggaaggacaccaaatgaaag
attgtactgagagacaggctaattttttagggaagatctggccttcctacaagggaaggccagggaattttcttcagagcagaccagagccaacagccccaccagaagagagcttcaggtctggggtagagacaacaactccccctcagaagcaggagccgatagacaagg
aactgtatcctttaacttccctcaggtcactctttggcaacgacccctcgtcacaataaagataggggggcaactaaaggaagctctattagatacaggagcagatgatacagtattagaagaaatgagtttgccaggaagatggaaaccaaaaatgatagggggaattggag
gttttatcaaagtaagacagtatgatcagatactcatagaaatctgtggacataaagctataggtacagtattagtaggacctacacctgtcaacataattggaagaaatctgttgactcagattggttgcactttaaattttcccattagccctattgagactgtaccagtaaaattaaag
ccaggaatggatggcccaaaagttaaacaatggccattgacagaagaaaaaataaaagcattagtagaaatttgtacagagatggaaaaggaagggaaaatttcaaaaattgggcctgaaaatccatacaatactccagtatttgccataaagaaaaaagacagtactaa
atggagaaaattagtagatttcagagaacttaataagagaactcaagacttctgggaagttcaattaggaataccacatcccgcagggttaaaaaagaaaaaatcagtaacagtactggatgtgggtgatgcatatttttcagttcccttagatgaagacttcaggaagtatactgc
atttaccatacctagtataaacaatgagacaccagggattagatatcagtacaatgtgcttccacagggatggaaaggatcaccagcaatattccaaagtagcatgacaaaaatcttagagccttttagaaaacaaaatccagacatagttatctatcaatacatggatgatttgtat
gtaggatctgacttagaaatagggcagcatagaacaaaaatagaggagctgagacaacatctgttgaggtggggacttaccacaccagacaaaaaacatcagaaagaacctccattcctttggatgggttatgaactccatcctgataaatggacagtacagcctatagtgct
gccagaaaaagacagctggactgtcaatgacatacagaagttagtggggaaattgaattgggcaagtcagatttacccagggattaaagtaaggcaattatgtaaactccttagaggaaccaaagcactaacagaagtaataccactaacagaagaagcagagctagaac
tggcagaaaacagagagattctaaaagaaccagtacatggagtgtattatgacccatcaaaagacttaatagcagaaatacagaagcaggggcaaggccaatggacatatcaaatttatcaagagccatttaaaaatctgaaaacaggaaaatatgcaagaatgaggggt
gcccacactaatgatgtaaaacaattaacagaggcagtgcaaaaaataaccacagaaagcatagtaatatggggaaagactcctaaatttaaactgcccatacaaaaggaaacatgggaaacatggtggacagagtattggcaagccacctggattcctgagtgggagttt
gttaatacccctcccttagtgaaattatggtaccagttagagaaagaacccatagtaggagcagaaaccttctatgtagatggggcagctaacagggagactaaattaggaaaagcaggatatgttactaatagaggaagacaaaaagttgtcaccctaactgacacaacaa
atcagaagactgagttacaagcaatttatctagctttgcaggattcgggattagaagtaaacatagtaacagactcacaatatgcattaggaatcattcaagcacaaccagatcaaagtgaatcagagttagtcaatcaaataatagagcagttaataaaaaaggaaaaggtct
atctggcatgggtaccagcacacaaaggaattggaggaaatgaacaagtagataaattagtcagtgctggaatcaggaaagtactatttttagatggaatagataaggcccaagatgaacatgagaaatatcacagtaattggagagcaatggctagtgattttaacctgccac
ctgtagtagcaaaagaaatagtagccagctgtgataaatgtcagctaaaaggagaagccatgcatggacaagtagactgtagtccaggaatatggcaactagattgtacacatttagaaggaaaagttatcctggtagcagttcatgtagccagtggatatatagaagcagaa
gttattccagcagaaacagggcaggaaacagcatattttcttttaaaattagcaggaagatggccagtaaaaacaatacatactgacaatggcagcaatttcaccggtgctacggttagggccgcctgttggtgggcgggaatcaagcaggaatttggaattccctacaatcccc
aaagtcaaggagtagtagaatctatgaataaagaattaaagaaaattataggacaggtaagagatcaggctgaacatcttaagacagcagtacaaatggcagtattcatccacaattttaaaagaaaaggggggattggggggtacagtgcaggggaaagaatagtagac
ataatagcaacagacatacaaactaaagaattacaaaaacaaattacaaaaattcaaaattttcgggtttattacagggacagcagaaatccactttggaaaggaccagcaaagctcctctggaaaggtgaaggggcagtagtaatacaagataatagtgacataaaagta
gtgccaagaagaaaagcaaagatcattagggattatggaaaacagatggcaggtgatgattgtgtggcaagtagacaggatgaggattagaacatggaaaagtttagtaaaacaccatatgtatgtttcagggaaagctaggggatggttttatagacatcactatgaaagcc
ctcatccaagaataagttcagaagtacacatcccactaggggatgctagattggtaataacaacatattggggtctgcatacaggagaaagagactggcatttgggtcagggagtctccatagaatggaggaaaaagagatatagcacacaagtagaccctgaactagcag
accaactaattcatctgtattactttgactgtttttcagactctgctataagaaaggccttattaggacacatagttagccctaggtgtgaatatcaagcaggacataacaaggtaggatctctacaatacttggcactagcagcattaataacaccaaaaaagataaagccacctttgc
ctagtgttacgaaactgacagaggatagatggaacaagccccagaagaccaagggccacagagggagccacacaatgaatggacactagagcttttagaggagcttaagaatgaagctgttagacattttcctaggatttggctccatggcttagggcaacatatctatgaaa
cttatggggatacttgggcaggagtggaagccataataagaattctgcaacaactgctgtttatccattttcagaattgggtgtcgacatagcagaataggcgttactcgacagaggagagcaagaaatggagccagtagatcctagactagagccctggaagcatccaggaag
tcagcctaaaactgcttgtaccaattgctattgtaaaaagtgttgctttcattgccaagtttgtttcataacaaaagccttaggcatctcctatggcaggaagaagcggagacagcgacgaagagctcatcagaacagtcagactcatcaagcttctctatcaaagcagtaagtagta
catgtaacgcaacctataccaatagtagcaatagtagcattagtagtagcaataataatagcaatagttgtgtggtccatagtaatcatagaatataggaaaatattaagacaaagaaaaatagacaggttaattgatagactaatagaaagagcagaagacagtggcaatga
gagtgaaggagaaatatcagcacttgtggagatgggggtggagatggggcaccatgctccttgggatgttgatgatctgtagtgctacagaaaaattgtgggtcacagtctattatggggtacctgtgtggaaggaagcaaccaccactctattttgtgcatcagatgctaaagcat
atgatacagaggtacataatgtttgggccacacatgcctgtgtacccacagaccccaacccacaagaagtagtattggtaaatgtgacagaaaattttaacatgtggaaaaatgacatggtagaacagatgcatgaggatataatcagtttatgggatcaaagcctaaagccat
gtgtaaaattaaccccactctgtgttagtttaaagtgcactgatttgaagaatgatactaataccaatagtagtagcgggagaatgataatggagaaaggagagataaaaaactgctctttcaatatcagcacaagcataagaggtaaggtgcagaaagaatatgcatttttttata
aacttgatataataccaatagataatgatactaccagctataagttgacaagttgtaacacctcagtcattacacaggcctgtccaaaggtatcctttgagccaattcccatacattattgtgccccggctggttttgcgattctaaaatgtaataataagacgttcaatggaacaggacc
atgtacaaatgtcagcacagtacaatgtacacatggaattaggccagtagtatcaactcaactgctgttaaatggcagtctagcagaagaagaggtagtaattagatctgtcaatttcacggacaatgctaaaaccataatagtacagctgaacacatctgtagaaattaattgtac
aagacccaacaacaatacaagaaaaagaatccgtatccagagaggaccagggagagcatttgttacaataggaaaaataggaaatatgagacaagcacattgtaacattagtagagcaaaatggaataacactttaaaacagatagctagcaaattaagagaacaattt
ggaaataataaaacaataatctttaagcaatcctcaggaggggacccagaaattgtaacgcacagttttaattgtggaggggaatttttctactgtaattcaacacaactgtttaatagtacttggtttaatagtacttggagtactgaagggtcaaataacactgaaggaagtgacac
aatcaccctcccatgcagaataaaacaaattataaacatgtggcagaaagtaggaaaagcaatgtatgcccctcccatcagtggacaaattagatgttcatcaaatattacagggctgctattaacaagagatggtggtaatagcaacaatgagtccgagatcttcagacctgg
aggaggagatatgagggacaattggagaagtgaattatataaatataaagtagtaaaaattgaaccattaggagtagcacccaccaaggcaaagagaagagtggtgcagagagaaaaaagagcagtgggaataggagctttgttccttgggttcttgggagcagcagga
agcactatgggcgcagcctcaatgacgctgacggtacaggccagacaattattgtctggtatagtgcagcagcagaacaatttgctgagggctattgaggcgcaacagcatctgttgcaactcacagtctggggcatcaagcagctccaggcaagaatcctggctgtggaaag
atacctaaaggatcaacagctcctggggatttggggttgctctggaaaactcatttgcaccactgctgtgccttggaatgctagttggagtaataaatctctggaacagatttggaatcacacgacctggatggagtgggacagagaaattaacaattacacaagcttaatacactc
cttaattgaagaatcgcaaaaccagcaagaaaagaatgaacaagaattattggaattagataaatgggcaagtttgtggaattggtttaacataacaaattggctgtggtatataaaattattcataatgatagtaggaggcttggtaggtttaagaatagtttttgctgtactttctatag
tgaatagagttaggcagggatattcaccattatcgtttcagacccacctcccaaccccgaggggacccgacaggcccgaaggaatagaagaagaaggtggagagagagacagagacagatccattcgattagtgaacggatccttggcacttatctgggacgatctgcgga
gcctgtgcctcttcagctaccaccgcttgagagacttactcttgattgtaacgaggattgtggaacttctgggacgcagggggtgggaagccctcaaatattggtggaatctcctacagtattggagtcaggaactaaagaatagtgctgttagcttgctcaatgccacagccatagc
agtagctgaggggacagatagggttatagaagtagtacaaggagcttgtagagctattcgccacatacctagaagaataagacagggcttggaaaggattttgctataagatgggtggcaagtggtcaaaaagtagtgtgattggatggcctactgtaagggaaagaatgaga
cgagctgagccagcagcagatagggtgggagcagcatctcgagacctggaaaaacatggagcaatcacaagtagcaatacagcagctaccaatgctgcttgtgcctggctagaagcacaagaggaggaggaggtgggttttccagtcacacctcaggtacctttaagacc
aatgacttacaaggcagctgtagatcttagccactttttaaaagaaaaggggggactggaagggctaattcactcccaaagaagacaagatatccttgatctgtggatctaccacacacaaggctacttccctgattagcagaactacacaccagggccaggggtcagatatcc
actgacctttggatggtgctacaagctagtaccagttgagccagataagatagaagaggccaataaaggagagaacaccagcttgttacaccctgtgagcctgcatgggatggatgacccggagagagaagtgttagagtggaggtttgacagccgcctagcatttcatcacg
tggcccgagagctgcatccggagtacttcaagaactgctgacatcgagcttgctacaagggactttccgctggggactttccagggaggcgtggcctgggcgggactggggagtggcgagccctcagatcctgcatataagcagctgctttttgcctgtactgggtctctctggtta
gaccagatctgagcctgggagctctctggctaactagggaacccactgcttaagcctcaataaagcttgccttgagtgcttcaagtagtgtgtgcccgtctgttgtgtgactctggtaactagagatccctcagacccttttagtcagtgtggaaaatctctagca 

 



Scientific Discovery Drivers 

1. Data (Sensors, Instruments, Data Bases, Internet, 
Storage…) 

 -Exponential Growth 
 -Uneveness across Fields 

 
2. Computing (Clusters, Cloud, GPUs…) 
 



Scientific Discovery Drivers 

1. Data (Sensors, Instruments, Data Bases, Internet, 
Storage…) 
 

2. Computing (Clusters, Cloud, GPUs…) 
 

3. Machine Learning (AI, Statistics, Data Mining, Deep 
Learning…) 



Machine Learning (Beginnings) 



Machine Learning: Today 

1B data point in 1M space 

Many Engineering applications  (computer vision, speech recognition, NLP, 
robotics, e-commerce, etc.) 



Simple Neuron Model 





BACK-PROPAGATION /DEEP LEARNING (~1980S) 

  ERROR      E(w) 

i 
W 

ij 

j 

OUTPUT LAYER 

INPUT LAYER 

Δ  w ij 
= η BiOj 

                    



Computer Vision - Image Classification 
 

     
● Imagenet 
● Over 1 million images, 1000 

classes, different sizes, avg 
482x415, color 

● 16.42% Deep CNN dropout in 2012 
● 6.66% 22 layer CNN (GoogLeNet) 

in 2014 
● 4.9%  (Google, Microsoft) super-

human performance in 2015 

Sources:  Krizhevsky et al ImageNet Classification with Deep Convolutional Neural Networks, Lee et al Deeply supervised nets 2014, Szegedy et 
al, Going Deeper with convolutions, ILSVRC2014, Sanchez & Perronnin CVPR 2011, http://www.clarifai.com/ 

 Benenson, http://rodrigob.github.io/are_we_there_yet/build/classification_datasets_results.html 
  
  

Current error rate is below the 5% level 
achieved by humans. 



 

Similar trends across engineering disciplines from speech 
recognition, to NLP, to games, and to robotics. 

“super-human” performance in 2015 



A Completely Different Style of Computation 

• Storage and processing are intertwined and inseparable 
• No memory addresses 
• Storage is opaque: each weight contains a trace of each training 

example. 



DL Theory 

• 1-Layer Networks 
– Perceptron theorem 
– Linear regression; Logistic regression;  
– Statistical theory and design (top layer) 
 

• 1.5-Layer Networks 
– Bottom layer = random    (Johnson-Lindenstrauss) 
– Bottom layer = similarities (dot products or kernels) SVM 
 

 



DL Theory 
 

• 2-Layers Networks 
– Universal approximation 
– Autoencoders (compressive, expansive) 
– Linear autoencoders (PCA and landscape) 
– Non-linear autoencoders (Boolean  

autoencoder, clustering, NP-completeness) 
 

 



DL Theory 
• L-Layer Networks 

– Linear 
– Boolean unrestricted 
– Local learning and its limitations (generalization of Hebb) 
– Learning Channel/Optimality of Backpropagation 
– Design (Weight sharing, Compression and Dark Knowledge, etc) 
– Dropout, Initialization, Learning rates, hyperparameter optimization 

• Recurrent Networks 
– Hopfield Model and Boltzmann machines 
– Design (DAGs, LSTMs, etc) 

 
 

 



DL Theory 

• Importance of Group Theory 
– Learning permutations 
– Permutations of the units 
– Symmetries of learning rules 
– Invariant recognition 

 
 

 



N0 

N1 

Nh-1 

Nl 
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Local Deep Learning 
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The Learning Channel 

• For optimal learning, in a physical neural system there 
must exist a communication channel that conveys 
information about the targets and the upper weights to the 
deep weights. 



Early Beginnings 

 

Carl Friedrich Gauss (1777 – 
1855) 

Y=ax+b 

Learning Channel 
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The Learning Channel/Local Deep Learning 
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Three Fundamental Issues  

• The nature of the learning channel (Where?). 
• The semantics of the learning channel (What?). 
• The rate of the learning channel (How?). 



D 

1 

Non-feasible Non-feasible 

Non-feasible Feasible 

BP 

Number of bits about the gradient 
per weight 

Number of  
computations  
per weight 

The Optimality of Backpropagation 

All other known algorithms 

A Theory of Local Learning, the Learning Channel, and the Optimality of Backpropagation. Neural 
Networks, to appear. 



Two Kinds of Problems and Architectures 

1. Input: vectors of fixed size (e.g. computer vision). Typical 
architectures: feedforward neural networks. 

2. Input: structured objects (e.g. graphs, molecules, 
sequences) of variable size. Typical architectures: 
recursive neural networks. 

Two kinds of approaches for designing suitable networks: the 
inner approach and the outer approach. 



The Inner and the Outer Approach for the Design 
of Recursive Neural Networks 

1. The Inner Approach requires that the data and the 
approach be represented by a directed acyclic graph 
(DAG). The inner approach uses RNNs to “crawl” 
the edges inside the DAG. 

2. The Outer Approach does not require a DAG. It uses 
RNNs in a direction that is orthogonal to (or outside) 
the data graph to “fold” the graph. 



The Inner Approach for Sequences 

DAG-HMM 



Recursive Neural Networks: DAG-RNN 

The Inner Approach for Sequences 



The Outer Approach for Sequences 



Deep Learning in the Natural Sciences 

• Physics 
 -HEP: Identification of Exotic Particles (<1Ǻ)  
 -Cosmology: Identification of Quasars (1026m) 
 
• Chemistry 
 -Prediction of Molecular Properties and Chemical  Reactions (~1-102Ǻ) 
 
• Biology 
 -Prediction of Protein Structures and Structural Features (102-104Ǻ) 
• Many more 
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An important, complex, multi-faceted, somewhat ill defined problem. 

Many subproblems: 
• Prediction of secondary 

structure, relative solvent 
accessibility, etc. 

• Prediction of tertiary structure 
(backbone) 

• Prediction of tertiary structure 
(side chains). 

• Prediction of quaternary 
structure. 

Protein Structure Prediction 



Deep Learning in Biology 



Deep Learning in Biology: Mining Omic Data 



Deep Learning in Biology: Mining Omic Data 

? 







Progress in Accuracy (Secondary Structure) 

60% 

70% 

80% 

90% 

100% 

1975 1980 1990 2000 2010 

60% [Chou and 
Fasman, 1978] 

64% [Qian and Sejnowski 
1988] 

74%: Rost and 
Sander, 1994] 

78% [Baldi and 
Pollastri, 1999] 

95% [Magnan and Baldi, 
2014] 



Deep Learning in Biology: Mining Omic Data 

 C. Magnan and P. Baldi. Sspro/ACCpro 5.0: Almost 
Perfect Prediction of Protein Secondary Structure 

and Relative Solvent Accessibility. Problem Solved? 
Bioinformatics, (advance access June 18), (2014). 



Deep Learning in Biology: Mining Omic Data 

 C. Magnan and P. Baldi. Sspro/ACCpro 5.0: Almost 
Perfect Prediction of Protein Secondary Structure 

and Relative Solvent Accessibility. Problem Solved? 
Bioinformatics, (advance access June 18), (2014). 

? 



(In 3D, 8 hidden cubes, etc……) 

The Outer Approach for Contact Map Prediction 





2D RNNs 

 P. Baldi and G. Pollastri. The Principled Design of Large-Scale Recursive Neural Network 
Architectures—DAG-RNNs and the Protein Structure Prediction Problem. Journal of Machine 
Learning Research, 4, 575-602, (2003). 



The Outer Approach for Contact Map Prediction 

P. Di Lena, K. Nagata, and P. Baldi. Deep Architectures for Protein Contact Map Prediction.  
Bioinformatics, 28, 2449-2457, (2012). 



  Deep Learning 

P. Di Lena, K. Nagata, and P. Baldi.  
Deep Architectures for Protein  
Contact Map Prediction.  
Bioinformatics, 28, 2449-2457. 



Application: Breast Arterial Calcification 
Detection 

 Fig. 1 (left) A sample mammogram ROI containing BACs, (right) 
detection results by the deep neural network, in which detections are 

indicated by the green color and human marked BACs are indicated by 
red color. 

Fig. 2. FROC curves 
obtained by the deep 
neural network. 

Fig. 3. Calcium mass 
calculated from the human 
marked BACs (Reference 
Ca mass) and from 
detections (Calculated Ca 
mass). 

Juan Wang 



Application in Drug Discovery 
Healthy Vasculature Disrupted Vasculature 

Kevin Bache 



Deep Learning for Drug Discovery 
Healthy Vasculature Disrupted Vasculature 



Deep Learning in the Natural Sciences 

• Physics 
 -HEP: Identification of Exotic Particles (<1Ǻ)  
 - Cosmology: Identification of Quasars (1026m) 
 
• Chemistry 
 -Prediction of Molecular Properties and Chemical  Reactions (~1-
102Ǻ) 
 
• Biology 
 -Prediction of Protein Structures and Structural Features (102-104Ǻ) 



Small Molecules 



Chemical Space 

Stars Small Mol.  

Existing 1022 107 

Virtual 0 1060 (?) 

Mode Real Virtual 

Access Difficult “Easy” 



Prediction of Molecular 
Properties (Physical, Chemical, 
Biological) 

O

OH
NH2

OH

Melting Temperature? Soluble? Toxic? etc 



Prediction of Molecular 
Properties (Physical, Chemical, 
Biological) 

O

OH
NH2

OH

Melting Temperature? Soluble? Toxic? etc 



Data Representations 

NC(CO)C(=O)O 0010001001010001 



Data Representations 

NC(CO)C(=O)O 0010001001010001 

Problem: molecular 
graphs are undirected 



A. Lusci, G. Pollastri, and P. Baldi. Deep Architectures and Deep Learning in Chemoinformatics: the Prediction of Aqueous 

Solubility for Drug-Like Molecules. Journal of Chemical Information and  Modeling, 53, 7,  1563–1575,  (2013).  

Inner 
Approach 



Duvenaud et al. NIPS 2015 

Outer 
Approach 



Deep Learning in Chemistry: 
Predicting Chemical Reactions 

RCH=CH2 + HBr → RCH(Br)–CH3 

• Many important applications 
(synthesis, retrosynthesis, etc) 
• Three different approaches: 

1. QM 
2. Rule-based systems 
3. Machine learning    

  



Writing a System of Rules: Reaction Explorer 

• ReactionExplorer System has about 
1800 rules 

• Covers undergraduate organic 
chemistry curriculum  

• Interactive educational system 
• Licensed by Wiley and distributed 

world-wide 
    
  

J. Chen and P. Baldi. No Electron Left-
Behind: a Rule-Based Expert System 
to Predict Chemical Reactions and 
Reaction Mechanisms. Journal of 
Chemical Information and Modeling, 
49, 9, 2034-2043, (2009). 



Problems 
• Very tedious 
• Non-scalable 
• Undergraduate chemistry 
 
    
  



Deep Learning Chemical Reactions 

RCH=CH2 + HBr → RCH(Br)–CH3 



Siamese Architecture 

source                  sink           source                 sink 



M. Kayala and P. Baldi. ReactionPredictor: Prediction of Complex Chemical 
Reactions at the Mechanistic Level Using Machine Learning. Journal of 
Chemical Information and Modeling, 52, 10, 2526–2540, (2012). 

M. Kayala, C. Azencott, J. Chen, and P. Baldi. Learning to Predict Chemical 
Reactions. Journal of Chemical Information and Modeling, 51, 9, 2209–2222, 
(2011).  



Deep Learning in Physics 

Problems at all scales from the  
subatomic (<10-10 ) to the  
cosmological (1027).  
Some problems (e.g. dark matter)  
can be approached from both scales. 



Deep Learning in HEP 







Deep Learning in HEP 
• Higgs Boson Detection (Nature Communications, 2014) 

• Supersymmetry          (Nature Communications, 2014) 

• Higgs Decay          (NIPS 2015, Phys. Rev. Let. 2015) 

• Dark Knowledge           (JMLR C&P 2015) 

• Jet substructure, jet tagging, jet flavor, 
parameterized systems   (Physical Review D, 2016)  

 
 

• Common Features and Results: 
 -dozens of features: raw + human-derived 
 -millions of examples 
 -classification problems 
 -deep learning outperforms current methods, with or      
   without human-derived features  
       
 
 



Higgs Boson Detection 

Simulation tools:  
• MadGraph (collisions)  
• PYTHIA (showering and hadronization) 
• DELPHES (detector response) 

Higgs boson decay signal Background process 

11 M 
examples 



Supervised learning problem: 
● Two classes 
● 11 million training examples (roughly 

balanced) 
● 28 features 

o 21 low-level features (momenta of particles) 
o 7 high-level features derived by physicists 

Higgs Boson Detection 

Signal (black) vs background (red) 
Data available at archive.ics.uci.edu/ml/datasets/HIGGS 

ML in Physics web portal: 
http://mlphysics.ics.uci.edu/ 



Higgs Boson Detection 

Tuning deep neural network architectures. 

Best: 
● 5 hidden layers 
● 300 neurons per layer 
● Tanh hidden units, sigmoid output 
● No pre-training 
● Stochastic gradient descent 
● Mini batches of 100 
● Exponentially-decreasing learning rate 
● Momentum increasing from .5 to .99 over 

200 epochs 
● Weight decay = 0.00001 



Higgs Boson Detection 

Deep network improves AUC by 8% 
Nature Communications, July 2014 

BDT= Boosted Decision Trees in 
TMVA package 



Dark Knowledge 

1. Train deep 
architecture using binary 
targets (multi-class 
classification) 

2. For each training example 
retrieve the soft targets from 
the output of the trained deep 
architecture.  

3. Use the soft targets (which 
contain the dark knowledge),  
to train a shallow architecture.  



Dark Knowledge 

P. Sadowski, J. Collado, D. Whiteson, and P. Baldi. Deep Learning, Dark Knowledge, and Dark 
Matter. Journal of Machine Learning Research, Workshop and Conference  Proceedings, 
Proceedings of NIPS Workshop on High-Energy Physics, Volume 42, 81-97,  (2015). 



Jet Substructure and Jet Tagging 



Jet Substructure 
• Use medium-level variables 

– Primary vertex (5 variables) 
– Primary tracks (8 variables) 
– Secondary vertices (5 variables) 
– Secondary tracks  (8 variables) 

 
 

 
 
 
 
 

• Use RNNS (LSTMS), CNNs,  
 



• P. Baldi, K. Bauer, C. Eng, P. Sadowski, and D. Whiteson. Jet Substructure Classification in High-
Energy Physics with Deep Neural Networks. Physical Review D, 93, 094034 (2016) - Published 27 May 
2016, (2016). 

• D.  Guest, J. Collado, P. Baldi, D. Whiteson. Jet Flavor Classification in High-Energy Physics with Deep 
Neural Networks. Physical Review D, under review, (2016).] 
 

• Neutrino experiments 
• Antimatter experiments 



Neural Networks Criticisms 
• Black-magic (design and hyperparameter tuning, etc) 
• Black-box 
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Neural Networks Criticisms 
• Black-magic (design and hyperparameter tuning, etc) 
• Black-box 

– Reasonable and very human concern 
– Black box can be opened (can be interesting but expensive) 
– A certain degree of opacity is to be expected (non-linear 

surfaces in high dimensional spaces, loading of training 
examples into the weights) 

– Problem of performance guarantees 
– Greatest irony of all: the brain is a black box 

 
 

 



    Physics: 
 
 
 
 

     Chemistry: 
 
 
 

     Biology:  
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Yu Liu 
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Forest  Agostinelli 
Juan Wang 
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Paolo Sassone-Corsi 
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Sabee Molloi 

THANK YOU 

Lars Hertel 



THANK YOU 

The detailed, all-sky picture of the infant universe .  The image 
reveals 13.77 billion year old temperature fluctuations (shown as 
color differences) that correspond to the seeds that grew to 
become the galaxies. Credit: NASA / WMAP Science Team 
WMAP # 121238 Image Caption 9 year WMAP image of 
background cosmic radiation (2012) 
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