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Simple correlations of neurons to stimulus properties

Accuracy = 88.75%

Chance = 50%

Accuracy = 82.6%

Chance = 50%

Face-vs-car
Minimum-distance classifier

Face-vs-car
Single-best feature
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Pixel space: R~1000000                                  IT feature space: R4000(?)

Dim 1

Dim 2

Dim 3

CHAIRS
Chairs

FacesFruits

Neural Data as Feature Representations

Idea of minimum distance classifiers: 

For any new example, pick class whose mean 
is closest in feature space. 

probably a chair

probably a face

What if we used correlation distance rather than euclidean?
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[IPYNB:   Maximum Correlation Classifiers]
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8-way min. Euclidean distance 8-way max-correlation



Minimum Distance Classifiers

Correlation Classifier seems a little better than the euclidean distance classifier

Norming the data helps a little as well.



Minimum Distance Classifiers

Accuracy = 48.8%

Chance = 12.5%

mean d-prime = 1.5

Accuracy = 56.3%

Chance = 12.5%

mean d-prime = 1.75

8-way min. Euclidean distance 8-way max-correlation normed



Minimum Distance Classifiers

Correlation matrix Confusion matrix

No feature-specific weighting Uses correlation-based weighting



Minimum Distance Classifiers

Correlation matrix Confusion matrix vs correlation matrix



Minimum Distance Classifiers

[IPYNB:   Comparison of V4 and IT]



Minimum Distance Classifiers

IT neurons are doing most of the work in our classifiers. 



Cross Validation

“Cross-validation, sometimes called rotation 
estimation, is a model validation technique for 

assessing how the results of a statistical analysis will 
generalize to an independent data set.”

https://en.wikipedia.org/wiki/Cross-validation_(statistics)



Cross Validation

“Cross-validation, sometimes called rotation 
estimation, is a model validation technique for 

assessing how the results of a statistical analysis will 
generalize to an independent data set.”

https://en.wikipedia.org/wiki/Cross-validation_(statistics)

Procedure:
    1) estimate model params on training data
  2) evaluate performance on testing data



Cross Validation

“Cross-validation, sometimes called rotation 
estimation, is a model validation technique for 

assessing how the results of a statistical analysis will 
generalize to an independent data set.”

https://en.wikipedia.org/wiki/Cross-validation_(statistics)

Procedure:
    1) estimate model params on training data
  2) evaluate performance on testing data

Q: Why are we doing this? 



Cross Validation

“Cross-validation, sometimes called rotation 
estimation, is a model validation technique for 

assessing how the results of a statistical analysis will 
generalize to an independent data set.”

https://en.wikipedia.org/wiki/Cross-validation_(statistics)

Procedure:
    1) estimate model params on training data
  2) evaluate performance on testing data

Q: Why are we doing this? 
A: To prevent overfitting (fooling ourselves) 



Cross Validation

“Cross-validation, sometimes called rotation 
estimation, is a model validation technique for 

assessing how the results of a statistical analysis will 
generalize to an independent data set.”

https://en.wikipedia.org/wiki/Cross-validation_(statistics)

Procedure:
    1) estimate model params on training data
  2) evaluate performance on testing data

Q: Why are we doing this? 

Q: How do you get the train/test splits? 

A: To prevent overfitting (fooling ourselves) 



Cross Validation

Q: How do you get the train/test splits? 

1. Leave-p-out:  train on all-but-p, test on p for all subsets of 
p stimuli; average results



Cross Validation

Q: How do you get the train/test splits? 

1. Leave-p-out:  train on all-but-p, test on p for all subsets of 
p stimuli; average results

2. k-fold: partition data into k equal-sized subsets; train on all 
but one subset; test on held-out slice; average results 



Cross Validation

Q: How do you get the train/test splits? 

1. Leave-p-out:  train on all-but-p, test on p for all subsets of 
p stimuli; average results

2. k-fold: partition data into k equal-sized subsets; train on all 
but on subset; test on held-out slice; average results 

3. random subsampling:  randomly choose training subset and 
non-overlapping testing subset; average results over many 
random choices



Cross Validation

Q: How do you get the train/test splits? 

1. Leave-p-out:  train on all-but-p, test on p for all subsets of 
p stimuli; average results

2. k-fold: partition data into k equal-sized subsets; train on all 
but on subset; test on held-out slice; average results 

3. random subsampling:  randomly choose training subset and 
non-overlapping testing subset; average results over many 
random choices

key thing in all cases: training/test CANNOT overlap!



[IPYNB:   Getting Splits for Cross-Validation]

Cross Validation



Procedure:

  splits = get_splits(split arguments) 

   For each split:

    estimate model params on training data

  evaluate performance on testing data

average results over splits

Cross Validation
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Procedure:

  splits = get_splits(split arguments) 

   For each split:

    model = ModelType(args)
    model.fit(train_data, train_labels)
    
    prediction = model.predict(test_data)
  result = compare(prediction, test_labels)
 
average results over splits

Cross Validation

(using the Scikit-Learn setup.)

creates a new model instance for each split



[IPYNB:   The Train-Test Procedure]

Cross Validation



Cross Validation

OVERFITTING


