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Deep Learning

 Representation Learning to Discover/Detect Features

 Hierarchical Feature Selection / Feature Extraction

 Features = Explanatory factors, attributes of data samples

 Good representation (feature set) captures the a posteriori
distribution of underlying explanatory factors (e.g., Classes) 
of an observed environment.
 P(Class | Data)  P(Class | Features)

 Each data sample is a biased representation of its class
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Deep Learning: Neural-Inspired AI
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Fully-Connected Feed-Forward 
Artificial Neural Network
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Convolutional Neural Network (CNN)
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HOW A DEEP NEURAL NETWORK SEES

Hierarchy of Features



CNN Operation

 Capture (Training) or Detect 
(Testing) spatial structure (features)

 Convolution is used to find features 
in signals (template matching)
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∞
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Let f be the signal and g be a 
feature template/filter/kernel



CNN Training

 Convolution filters are the weights 
in a CNN that can be trained.

 Filter values (weights) are 
initialized with random values 
and update via back-propagation.
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CNN Training

 Convolution filters are the weights 
in a CNN that can be trained.

 Filter values (weights) are 
initialized with random values 
and update via back-propagation.
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Finding Features in an Image
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Finding Features in an Image



Finding Features via Convolution



Convolution Produces Feature Maps

Stride

Output of Convolution will be a 

7 x 9 “Pixel” Feature Map



Unsupervised Learning



Reinforcement Learning



Supervised Learning



Transfer Learning



Neural Nets – What’s Changed?
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Feed-Forward Neural Network

Recurrent Neural Network

Long Short-Term Memory Cell
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Music Datasets
•Piano-midi.de
•Nottingham
•MuseData
•JSB 
•FMA

Natural Images
•MNIST
•NIST
•Perturbed NIST
•CIFAR10 / CIFAR100
•Caltech 101
•Caltech 256 
•Caltech Silhouettes
•STL-10
•The Street View House Numbers (SVHN) 
•NORB:
•Imagenet
•Pascal VOC
•Labelme
•COIL 20
•COIL100

Artificial Datasets
•Arcade Universe 
•BabyAISchool: 
◦BabyAIShapesDatasets
◦BabyAIImageAndQuestion

•DeepVsShallowComparisonICML2007)
◦MnistVariations
◦RectanglesData
◦ConvexNonConvex
◦BackgroundCorrelation

Faces
•Labelled Faces in the Wild
•Toronto Face
•Olivetti
•Multi-Pie
•Face-in-Action
•JACFEE
•FERET
•IndianFaceDatabase: 
•The Yale Face Database

Text
•20 newsgroups
•Reuters (RCV*) 
•Penn Treebank
•Broadcast News
•Wikipedia Dataset
•Multidomain sentiment analysis

Speech
•TIMIT Speech Corpus
•Aurora

Recommendation Systems
•MovieLens
•Jester
•Netflix Prize
•Book-Crossing dataset

Misc
•“Musk”
•CMU Motion Capture Database
•Brodatz
•Million Song
•Merck Molecular Activity Challenge
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 Architecture – NOT  REALLY

 Learning algorithms – NOT  REALLY since BACKPROP

 Better Optimizers, Adaptive learning rates, Minibatches

 Regularization techniques – YES

 Dropout, Data augmentation, Ensemble methods

 Activation function – YES

 Rectified Linear Unit (ReLU)

 Labelled data – YES

 Compute power – YES

 GPUs

 Software – YES

Neural Nets – What’s Changed?



Sandia Work – Neurogenesis Deep Learning
PROBLEM:  Existing Autoencoder (AE) can’t represent novel data

SOLUTION:  Add new node(s) to each level of an AE as needed to represent novel data



Sandia Work – Seismic Event Discrimination
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Sandia Work – Coordinated ARTMAP
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Sandia Work - Fine-grained Image 
Recognition using contour data



Sandia Work

 Secure DL

 Does compressing a 
network help with 
universal adversarial 
manipulation?

S.-M. Moosavi-Dezfooli, A. Fawzi, O. Fawzi, and P. Frossard, 
“Universal adversarial perturbations,” in IEEE CVPR, 2017.



Sandia Work
 Object Tracking with CNN

 Real Sandia Peak data augmented with simulated data

Track Frame

Track
Confidence

CNN
Track
Confidence

 Denoising



Sandia Work – Cyber Security



Sandia Work – Paraphrase Detection

R. Socher, E. Huang, J. Pennington, A. Ng, and C. Manning. Dynamic Pooling and Unfolding 
Recursive Autoencoders for Paraphrase Detection, NIPS 2011.



Opportunities at Sandia
 Sandia Research Foundations

 Bioscience
 Computing and Information Science
 Engineering Science
 Geoscience
 Materials Science
 Nanodevices and Microsystems
 Radiation Effects and High Energy Density Science

 National Security Issues
 Trust
 Explainability

 Problems of National Interest
 Cybersecurity
 Energy



Dentate Gyrus with 
Green New Neurons

Formalize hippocampus / 
neurogenesis sparse 

coding algorithm

Identify critical aspects of computation 
• expansive scale
• sparse activation
• neurogenesis

Simulate at high level 
of neural fidelity

Adaptive Neural Hardware, Architectures, and Algorithms



DMASpikes Complexity of Messages
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Future of DL

 Intertwined Multimodal-
Temporal Networks

 Semi-Supervised RL

 Low-shot learning

 Attention, Focus, 
Anticipation

 What to ignore in 
streaming data

 Spiking algorithms

 Learnable hardware

http://cbs.fas.harvard.edu/science/connectome-project/brainbow

http://cbs.fas.harvard.edu/science/connectome-project/brainbow


Turing Test Sequence*

 Can we tell the difference between a human and a robot?

 T1 – Through conversations behind a curtain.

 T2 – Through T1 and physical appearance.

 T3 – Through T1, T2, and physical activity.

 T4 – Through T1, T2, T3, and skin samples.

 T5 – Through T1, T2, T3, T4, and brain scans.

 T6 – Through T1, T2, T3, T4, T5, and surgery.

 …

* Selmer Bringsjord, “What Robots Can and Can’t Be”



AI = Tool in the hands of moral agents






