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Main Goals of Class

Learn:

There is a unified framework for training/testing/comparing models . . . not just a 
series of arbitrary statistical tests. 

How and why to build models of behavioral & neural data

How to evaluate and compare such models

There is a unified framework for capturing most models … not just a series of 
arbitrary  “named methods”

Simple, flexible, robust tools for performing model evaluation & comparison

Motivate & construct a series of especially useful simple models in this framework

How to use several key general modeling packages in a systematic fashion

How to fairly compute data reliability and quantify experimental limitations
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Def’n: Data is a set of linked tensors.

Vectors

v = [0.4, 0.2,�1.144, . . . , 9.5]

v = [v0, v1, v2, . . . , vN�1]

N = “dimension” of the data = length of the list

= list of numbers

“components”
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Def’n: Data is a set of linked tensors.

Matrices

M =

2

6664

1.1 �0.3 �0.22 0.64 1.9
9.1 �0.91 0.31 0.441 10.3
...

...
...

. . .
...

3.2 �0.131 1.5 . . . 0.3

3

7775

= 2-dimensional array of numbers
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Def’n: Data is a set of linked tensors.

Matrices

M =

2

6664

x11 x12 x13 . . . x1n

x21 x22 x23 . . . x2n
...

...
...

. . .
...

xm1 xm2 xm3 . . . xmn

3

7775

(m,n) = “shape” of the data. 

= 2-dimensional array of numbers

What is Data?



Def’n: Data is a set of linked tensors. 

T [i1, i2, . . . , iD] = some number

D = dimension of the tensor (n1, . . . , nD) = shape

Vector Matrix Data Cube

1-Tensor 2-Tensor 3-Tensor

. . .

What is Data?
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Def’n: Data is a set of linked tensors.

Color Image = typically, a 3 Tensor

two bears.jpg

[IPYNB: “Loading Images as Python
Arrays”]

3-Tensor with shape
(194, 260, 3) 

rows cols color channels

What is Data?
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Def’n: Data is a set of linked tensors.

Let’s explain what this means in terms of some real examples.

What is Data?



The Self-Regulation Ontology Project

Ian Eisenberg Russ Poldrack

Example 1: Self-Regulation Ontology
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Q:  What aspects of 1) and 2) predict which aspects of 3)? 

The Self-Regulation Ontology Project:

Measure three things:

1) People’s performance on cognitive laboratory tasks thought to be 
related to self-regulatory behavior

2) People’s self-reported responses to surveys about their lives

3) Actual outcomes for a bunch of important health variables

Example 1: Self-Regulation Ontology











Figure 1. Schematic showing the outline of the task. (A) The subject is presented with three different stimuli. Each stimulus 
has a different feature along each one of the three feature dimensions (shape, color and texture). (B) The subject chooses 
one of the stimuli and receives binary reward feedback, either winning one (as in this case) or zero points. (C) After a 
short delay a new trial begins and the subject is presented with three new stimuli from which to choose.
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Figure 4: Illustration of six trials of the full selective attention model in action. 

Reinforcement Learning 
model

Example 1: Self-Regulation Ontology



Figure 10. Average learning curves for simulated agents performing 10,000 trials of the task 
with unsignaled changes. Black – full selective attention model with optimal (solid) and fit 
(dashed) parameters; Orange – Bayesian model with constant hazard rate with optimal 
(solid) and fit (dashed) parameters; Green – SA rand with fit parameter values; Gray – 
human data (shading: SEM).
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Figure 10. Average learning curves for simulated agents performing 10,000 trials of the task 
with unsignaled changes. Black – full selective attention model with optimal (solid) and fit 
(dashed) parameters; Orange – Bayesian model with constant hazard rate with optimal 
(solid) and fit (dashed) parameters; Green – SA rand with fit parameter values; Gray – 
human data (shading: SEM).

Humans are suboptimal … 

Example 1: Self-Regulation Ontology



“….From [these results], we conjecture that the problem of 
inferring relevance in general scenarios is too computationally 
demanding for the brain to solve optimally.  As a result the 
brain utilizes approximations…”











Demographics Variables
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Demographics Variables

… plus alcohol/drugs variables

Example 1: Self-Regulation Ontology



Health Targets

Example 1: Self-Regulation Ontology



Health outcomes
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ALL OF 
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THINGS ARE 
MODELS



https://github.com/IanEisenberg/Self_Regulation_Ontology
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https://github.com/IanEisenberg/Self_Regulation_Ontology
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https://github.com/IanEisenberg/Self_Regulation_Ontology/blob/master/Data/
Complete_02-16-2019/README.txt

https://github.com/IanEisenberg/Self_Regulation_Ontology/blob/master/Data/Complete_02-16-2019/README.txt
https://github.com/IanEisenberg/Self_Regulation_Ontology/blob/master/Data/Complete_02-16-2019/README.txt


[IPYNB:   Self-Regulation Ontology data]

Example 1: Self-Regulation Ontology



Understanding complex, noisy data streams is a critical part of cognition. 

“Mercedes behind Lamborghini, on a field in front of mountains.”

Example 2: The Ventral Visual Pathway
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Understanding complex, noisy data streams is a critical part of cognition. 

And you can do it fast. 

Example 2: The Ventral Visual Pathway



Figure 3
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Adapted from DiCarlo et al. 2012

Neuroanatomical, cytoarchitectonic, and latency evidence: 
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Ventral visual stream

Kaas (2003), Van Essen (2003), Valois and Morgan (1974) Gross (1973), Mishkin and Ungerleider (1983), Holmes and Gross (1984) Horel et al.,(1987); Freiwald 
and Tsao (2010), Pitcher, et al. (2009) Yaginuma (1982), Holmes (1984), Weiskrantz (1984), Schiller (1995)  Afraz (2006), Verhoef (2012)  Rust (2010), Freiwald 
(2010), Lehky (2007) Majaj (2015)
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Ventral visual stream

rhesus macaque (macaca mulatta)
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Ventral visual stream

rhesus macaque (macaca mulatta)

Example 2: The Ventral Visual Pathway



IT

V4

= Array

10mm

Multi-array electrophysiology in macaque V4 and IT. 

About 300 total sites

Ha Hong Jim DiCarlo
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Ventral Cortex Data: from multi-array electrophysiology in macaques
Majaj, Najib J., Ha Hong, Ethan A. Solomon, and James J. DiCarlo. "Simple learned weighted sums of inferior 

temporal neuronal firing rates accurately predict human core object recognition performance." Journal of 
Neuroscience 35, no. 39 (2015): 13402-13418. 

First paper comparing deep neural networks to visual cortex: Yamins Daniel LK, Ha Hong, Charles F. Cadieu, 
Ethan A. Solomon, Darren Seibert, and James J. DiCarlo. "Performance-optimized hierarchical models predict neural 
responses in higher visual cortex." Proceedings of the National Academy of Sciences 111, no. 23 (2014): 8619-8624. 

Hong, Ha, Daniel LK Yamins, Najib J. Majaj, and James J. DiCarlo. "Explicit information for category-orthogonal object 
properties increases along the ventral stream." Nature neuroscience 19, no. 4 (2016): 613.
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5760 images

64 objects 

8 categories

uncorrelated photo backgrounds

Animals Boats Cars Chairs Faces Fruits Planes Tables

Pose, position, scale, and background variation

640 images
Low variation

2560 images

Medium variation

High variation

2560 images
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IT unit 53

Animals Boats Cars Chairs Faces Fruits Planes Tables

Responses to 1600 test images of two example units

Images sorted first by category, then variation level. 
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M
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e

Example 2: The Ventral Visual Pathway



So what’s the tensors in the data here? 

HDF-5 data format

h5py python package

Example 2: The Ventral Visual Pathway



So what’s the tensors in the data here? 

https://cran.r-project.org/web/packages/h5/vignettes/h5-Intro.html

Example 2: The Ventral Visual Pathway

https://cran.r-project.org/web/packages/h5/vignettes/h5-Intro.html


So what’s the tensors in the data here? 

[IPYNB:   Ventral stream neural data]

Example 2: The Ventral Visual Pathway



So what’s the tensors in the data here? 

1.  The Stimuli (the images)

shape = (5760, 256 , 256)
rows cols (no color channels since gray-scale images)stimulus number

2.  The Stimulus Metadata (the images)

shape = (5760, # of attributes)

3. The “Raw” Neural Data 

shape = (5760, 296, 10, ~50)
neurons timebins

(20 ms)
repetitions
of same image

stimulus 
number

(not quite, since separated by var level)

+ various derived data tensors (time, trial averaging)

Example 2: The Ventral Visual Pathway
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Names of dimensions informally create links between tensors.
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. . .

.
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.

.

.

.

images image meta neural data

neural meta
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Relational databases are the “ultimate” linked object:

…. but often easier to work with “static” data representations like HDF5.

Example 2: The Ventral Visual Pathway



There’s also direct behavioral data, in humans and monkeys.

Example 2: The Ventral Visual Pathway
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Comparison of Object Recognition Behavior in Human and Monkey 
R. Rajalingham, K Schmidt, J.J. DiCarlo, Vision Sciences Society (2014) 
R. Rajalingham, K Schmidt, J.J. DiCarlo, J. Neuroscience (2015)

Human Rhesus monkey

“camel” 
confused with 
“dog”

“tank” confused with “truck”

Upshot:  human and non-human primate basic level core object perception 
(sp. identification) are indistinguishable

Does not depend on reporting effector (touch vs. eye movement)
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Data Slice 2 =  F(data_slice_1) 

Data Slice 2 =  Fparams(data_slice_1) 

Data Slice 2 =  Fparams(data_slice_1) + Noise 

What is a Model?



data_slice_1
=

neural data
data_slice_2

=
behavioral

data

Data Slice 2 =  Fparams(data_slice_1) 

“animal” 
“boat” 
“car” 

. 

. 

.

IT neural representation Behavioral patterns

1.
decoding
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Data Slice 2 =  Fparams(data_slice_1) 
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encoding
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[IPYNB:   the Wordbank dataset]
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What causes them to 
vary? 



Example 3: The WordBank Dataset

Is the functional 
form the same 
across languages? 

Assuming they’re all 
sigmoids with different 
parameters, what is 
the distribution of 
parameters?  

How should they be 
interpreted? 

What causes them to 
vary? 

ALL OF 
THESE 

THINGS ARE 
MODEL 

QUESTIONS
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Main Goals of Class

Learn how to 

1) Build (high-dimensional) models of/for neural & behavioral data

2) Train such models

3) Evaluate and compare such models

output =  F[params](input) 
formulate F mathematically

on on a computer

data_slice_2 =  F[params](data_slice_1) determine params 
from pair of linked

data tensors

new_data_slice_2 =  F[params](new_data_slice_1) 
??



Main Goals of Class

Supervised training:

data_slice_2 =  F[params](data_slice_1) 
determine params 
from pair of linked

data tensors

parameter-finding procedure involves some examples of data_slice_2, 
evaluation has to be done on held-out data



Main Goals of Class

Unsupervised training:

exploratory idea =  F[params](data_slice_1) determine params 
from single tensor

parameter-finding procedure doesn’t involve pre-determined output



Task performance data Health outcomesSurvey responses

Demographics
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Task performance data Health outcomesSurvey responses

Demographics

Discovery of natural factors & survey design



The Four Ingredients of Any Model

The data:
Observations used to determine 

the model & to evaluate it

ingredient 0

The Unified Four-Ingredient Cross-Validated Model-Comparison Framework
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The Four Ingredients of Any Model

The model type: 
parameterized 
function class

ingredient 1

The loss function:
what do you want 
the model to do?

ingredient 2
The optimization procedure:

how are you going to estimate the 
parameters from your data?

ingredient 3

The data:
Observations used to determine 

the model & to evaluate it

ingredient 0

The Unified Four-Ingredient Cross-Validated Model-Comparison Framework



The model type: 
parameterized 
function class

The loss function:
what do you want 
the model to do?

The optimization procedure:
how are you going to estimate the 

parameters from your data?

example: linear classifiers

linear + threshold

svm: hinge loss
logistic: maximum likelihood

Gradient descent

ingredient 1

ingredient 2

ingredient 3



The model type: 
parameterized 
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For the Four Ingredients of Any Model
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key experimental design principle: 
your data should support differentiating between models
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