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Introduction 

Ç Big Picture Objectives 

1) How does the  brain ñcomputeò? 

2) Can we implement the same paradigm using conventional technology? 

Ç Temporal computation is key: actual time is modeled/simulated 

ÅDelays and latencies are an important part of communication and processing 

ÅIn contrast to every other computational paradigm I know of 

Ç In this talk focus on 2) above: Machine Learning 

ÅFirst step: feedforward computation 
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Biologically Plausible

Neural Network Model

actual time

(asynch, spikes)

Machine Learning 

Implementation

Simulation Model

abstract time + 

actual tme



Ç Rates 
ÅNumber of  spikes in some time interval 

ÅA value being conveyed on a line is interpreted 

independently of values on other lines 

ñSignal on a wireò 

ÅAmenable to abstract time implementations 

Inspiration for sigmoid perceptrons 

  (and  therefore much of machine learning) 

 

 

Ç Timing relationships across lines 
ÅSingle spikes; relative spike timing 

 (resolution = 1 decimal digit @ 1 msec)  

ÅA value being conveyed on a line depends on 

values on other lines 

ÅUse system-wide actual time implementations  

 

Abstractions of Neuron Spiking Behavior 

June 14, 2015 JE Smith 3 

rates

(imprecise timing relationships)

precise

timing relationships



Temporal vs. Spatial Processing 
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Spatial Processing: Which Has 

Highest Value? 



Temporal Processing: Which Has the 

Highest Value? 



Spike Volleys 

Ç Communication is via spike volleys 

ÅA volley is a vector 

ÅConveyed over bundles of lines 

Ç May be expressed as times or as values 

ÅEarliest spike (t=0) is assigned highest value 

Åv = Ŭ (Tmax ï t) 

ÅŬ = 1 in examples, (Tmax = Vmax = 8) 

Ç A volley is normalized if one of the spike 

times = 0  (one of the values = Vmax ) 

 

Key Principle:  

 The first spike is the most important 

 

ñTimeò is merely a conceptual device 

 The model communicates and processes 

vectors 
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< 3 ,  - , 2 , 8 > v 

< 5 ,  - , 6 , 0 > t 

time 1 2 3 4 5 6 7 0 8 

0 1 2 3 4 5 6 7 8  value 



MNIST Benchmark 

Ç What it is: 
ÅTens of thousands of 28 x 28 grayscale images of written numerals 0-9 

ÅPixelized w/ interpolation from B&W images 

Ç Accuracy 
ÅThe best machine learning implementations have an accuracy of about 

99.5% 

ÅTraining time -- tens of hours on GPU 

Introduction Layer Design 8 
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Ç Excitatory column (Exc.) is a set of parallel spiking neurons 

ÅAll receive the same normalized input spike volley 

Å10 neurons per Exc. column in examples to follow 

Ç Inhibitory column (Inh.) performs spike pruning 

ÅAccording to some pruning rule... t-k-WTA discussed later 

Columns 
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Schematic: Layer 1, Layer 2 (partial) 
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OnOff Coding 
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Ç Converting original image directly to spike times yields 

temporally-ordered volleys 

ÅThis is not good for separating images into classes 

ÅThe static image does not follow the ñfirst spike most 

importantò principle 

Ç Convert to unordered form 

ÅGenerate value volley for both image and negative 

ÅValues between 0 and 255 

ÅEliminate all values less than 128 

ÅYields volleys with density = .5 

Ç Similar in concept to retina on- and off-center cells 

 

Input Translation (OnOff Encoding) 
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covers covers



Excitation 
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Excitatory Neuron 
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wi

f(t - ti) , wi)
xi

ɗ tj 

(spike time)

f(t,wi)

2) weight defines 

a function

3) input value shifts 

the weight function 

4) shifted weight 

functions are 

added linearly

5) output value of t 

when (if) threshold 

is crossed

1) training 

determines 

weights



Ç Determine input weights 

Ç Supervised training: conditioned on digit labels 

Ç For each input, take arithmetic mean of training patterns 

ÅTraining is localized and feedforward 

ÅLinear (in everything) with a small constant 

Ç Example: 

Training 
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< 8  3  -   5 >v 

< 8  -   5  3 >v 

< 8  1  7  4 >v 

----------------------------  

< 8  2  6  4 >v 

 

 



Excitatory Neuron Model 

Ç Weights define weight functions 

ÅPiecewise linear functions shown here 

ÅLarger weight => higher, later peak 
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Excitatory Neuron Model 

Ç Example: Evaluation pattern == Training pattern 
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Excitatory Neuron Model 

Ç Example: Evaluation pattern similar to training pattern 
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Excitatory Neuron Model 

Ç Example: Training and Evaluation patterns dissimilar 
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Inhibition 
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Ç Acts on a spike volley as a group 

ÅSeparates the wheat from the chaff 

ÅAllows only the most important spikes to pass 

Ç t-k-WTA:  generalized, temporal version of 

conventional k-Winner-Take-All 

ÅtWTA  ï specifies leading edge time window 

All later spikes are inhibited 

ÅkWTA ï specifies maximum number of spikes 

After tWTA has been applied 

If  #spikes > kWTA   then all spikes are inhibited 

Analogous to legendary XOR in ANNs 

Inhibition 
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Development System 
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Ç Written in Matlab 
ÅCurrently single threaded 

ÅKey loops JIT compile 

Ç High level scripts define 

feedforward system architectures 

Ç Key routines 
ÅEx: Excitatory unit 

Å IM: Inhibit/Merge unit 

ÅVA: Volley Analyzer 

Ç Several ancillary routines 
ÅGenerate interconnect nets 

ÅGenerate spike trains from images 

ÅPrint grayscale images 

Å et al. 

Ex

Ex

Ex

Ex

IM Ex

Ex

Ex

Ex

IM

VA VA

VA VA

Statistics and Plots

X
1

X
2

X
3

Z
1

X
4

. . .

. . .

. . .



Layer 1 RFs 

Ç Vary size  4x4 to 20x20 

Ç Examples from RF location with highest accuracy 
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Layer 1 Simulation Setup 
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Volley Analyzer 
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Ç Accuracy metric is lower bound on classification information contained in volley train 

ÅFirst perform t-WTA inhibition on output of Exc. column 

ÅBuild and analyze 1024 entry table addressed by output spike pattern 

ÅPredict most frequent digit for each table entry 
spike pattern 9 8 7 6 5 4 3 2 1 0 total maximum max digit

0000000000 0 0 0 0 0 0 0 0 0 0 0 0 -

0000000001 52 21 69 36 68 11 34 58 0 5125 5474 5125 0

0000000010 95 234 190 96 139 49 116 192 6296 0 7407 6296 1

0000000011 0 0 0 0 0 0 0 0 0 0 0 0 -

0000000100 114 69 94 120 18 41 71 4026 11 21 4585 4026 2

0000000101 14 2 1 2 0 4 2 35 0 20 80 35 2

0000000110 0 2 14 7 3 0 6 160 7 1 200 160 2

0000000111 0 0 0 0 0 0 0 0 0 0 0 0 -

0000001000 95 174 13 3 142 15 3977 36 2 6 4463 3977 3

0000001001 3 1 1 0 16 0 24 2 0 4 51 24 3

0000001010 0 0 0 0 1 0 56 6 2 0 65 56 3

0000001011 0 0 0 0 0 0 0 0 0 0 0 0 -

0000001100 6 14 0 1 3 0 82 65 5 1 177 82 3

0000001101 0 1 0 0 1 0 0 1 0 2 5 2 0

0000001110 0 0 2 0 0 0 3 12 0 0 17 12 2

0000001111 0 0 0 0 0 0 0 0 0 0 0 0 -

0000010000 107 14 25 15 21 3526 2 42 0 5 3757 3526 4

0000010001 1 0 1 0 0 5 0 0 0 1 8 5 4

0000010010 0 1 1 0 2 13 0 4 0 0 21 13 4

0000010011 0 0 0 0 0 0 0 0 0 0 0 0 -

0000010100 19 7 3 4 0 104 1 108 0 0 246 108 2



Layer 1: 4x4 Receptive Fields 
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Ç Start with 4x4 RFs as a basis; identified by <row,column> of upper left corner 

ÅUse only odd  <row,column> pairs;  total  13x13 = 169 overlapping 4x4 RF 

Ç Optimize parameters 

ÅSame neuron parameters for all RFs 

Optimized for RF near center  of image 

ÅTrain with 1st 10K MNIST images   

ÅTest with 2nd 10K MNIST images 

Ç Heat map shows accuracies of all 169 

4x4 RFs analyzed 

Ç Compose larger RFs from the basis RFs 

1 3 5 7 9 11 13 15 17 19 21 23 25

1 0.12 0.12 0.12 0.12 0.13 0.14 0.16 0.17 0.17 0.15 0.13 0.12 0.12

3 0.12 0.12 0.13 0.14 0.16 0.20 0.26 0.27 0.28 0.20 0.15 0.13 0.12

5 0.12 0.13 0.15 0.19 0.23 0.29 0.34 0.35 0.33 0.25 0.20 0.16 0.14

7 0.12 0.14 0.17 0.25 0.32 0.36 0.39 0.38 0.38 0.31 0.24 0.19 0.15

9 0.12 0.15 0.18 0.27 0.32 0.33 0.36 0.35 0.34 0.30 0.27 0.20 0.14

11 0.12 0.14 0.21 0.29 0.35 0.36 0.36 0.39 0.35 0.33 0.27 0.19 0.13

13 0.12 0.15 0.20 0.29 0.38 0.43 0.41 0.46 0.37 0.36 0.25 0.18 0.13

15 0.12 0.16 0.23 0.33 0.38 0.42 0.41 0.42 0.35 0.32 0.24 0.18 0.14

17 0.12 0.17 0.23 0.32 0.35 0.35 0.35 0.35 0.34 0.28 0.25 0.18 0.13

19 0.13 0.17 0.23 0.29 0.35 0.33 0.32 0.31 0.30 0.27 0.21 0.16 0.13

21 0.12 0.15 0.19 0.26 0.34 0.35 0.32 0.29 0.28 0.22 0.17 0.14 0.12

23 0.12 0.13 0.16 0.21 0.26 0.31 0.29 0.25 0.22 0.17 0.14 0.13 0.12

25 0.12 0.12 0.13 0.16 0.19 0.21 0.20 0.18 0.16 0.14 0.13 0.12 0.12



4x4 RF 

Most accurate 4x4 RF:    <13,15> 

10 Neurons, 320 synapses per column 
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Network:  <32,32,10> 

Images:  MNIST full 

 

Trise = 9.2;                    

Tfall = 40.0;                   

Wmax = 8 

Tmax = 24.0 

pivot = 4 

 

threshold = 34  

dilate = .82     

slope = .69 

tWTA = .04 msec 

 

  

Accuracy = .46 
 

 

 



Layer 1 t-1-WTA 
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Ç Apply t-1-WTA  (only predict for images yielding a single spike w/in time tWTA) 

Ç Some inputs will provide no spikes => no prediction 

ÅMeasure accuracy for predictions made  (left) 

ÅCompare with t-N-WTA which always makes a prediction  (right) 

1 3 5 7 9 11 13 15 17 19 21 23 25

1 0.12 0.12 0.12 0.12 0.13 0.14 0.16 0.17 0.17 0.15 0.13 0.12 0.12

3 0.12 0.12 0.13 0.14 0.16 0.20 0.26 0.27 0.28 0.20 0.15 0.13 0.12

5 0.12 0.13 0.15 0.19 0.23 0.29 0.34 0.35 0.33 0.25 0.20 0.16 0.14

7 0.12 0.14 0.17 0.25 0.32 0.36 0.39 0.38 0.38 0.31 0.24 0.19 0.15

9 0.12 0.15 0.18 0.27 0.32 0.33 0.36 0.35 0.34 0.30 0.27 0.20 0.14

11 0.12 0.14 0.21 0.29 0.35 0.36 0.36 0.39 0.35 0.33 0.27 0.19 0.13

13 0.12 0.15 0.20 0.29 0.38 0.43 0.41 0.46 0.37 0.36 0.25 0.18 0.13

15 0.12 0.16 0.23 0.33 0.38 0.42 0.41 0.42 0.35 0.32 0.24 0.18 0.14

17 0.12 0.17 0.23 0.32 0.35 0.35 0.35 0.35 0.34 0.28 0.25 0.18 0.13

19 0.13 0.17 0.23 0.29 0.35 0.33 0.32 0.31 0.30 0.27 0.21 0.16 0.13

21 0.12 0.15 0.19 0.26 0.34 0.35 0.32 0.29 0.28 0.22 0.17 0.14 0.12

23 0.12 0.13 0.16 0.21 0.26 0.31 0.29 0.25 0.22 0.17 0.14 0.13 0.12

25 0.12 0.12 0.13 0.16 0.19 0.21 0.20 0.18 0.16 0.14 0.13 0.12 0.12

1 3 5 7 9 11 13 15 17 19 21 23 25

1 NaNNaNNaN0.81 0.54 0.65 0.64 0.67 0.75 0.80 0.79 0.94 NaN

3 1.00 0.60 0.55 0.49 0.39 0.37 0.52 0.64 0.65 0.51 0.37 0.39 0.58

5 1.00 0.42 0.34 0.36 0.39 0.36 0.34 0.44 0.42 0.34 0.34 0.39 0.62

7 0.81 0.53 0.39 0.37 0.36 0.42 0.46 0.45 0.44 0.32 0.39 0.40 0.56

9 0.84 0.48 0.34 0.31 0.31 0.52 0.50 0.45 0.37 0.45 0.44 0.53 0.57

11 0.85 0.44 0.38 0.36 0.42 0.57 0.53 0.49 0.45 0.48 0.47 0.53 0.59

13 0.73 0.46 0.32 0.35 0.47 0.50 0.51 0.56 0.52 0.50 0.47 0.55 0.56

15 1.00 0.46 0.46 0.49 0.53 0.57 0.53 0.56 0.45 0.49 0.42 0.45 0.66

17 0.92 0.55 0.50 0.50 0.50 0.47 0.49 0.51 0.43 0.31 0.42 0.46 0.64

19 0.61 0.45 0.48 0.46 0.48 0.46 0.40 0.35 0.42 0.31 0.39 0.49 0.74

21 0.56 0.42 0.32 0.35 0.44 0.46 0.41 0.39 0.23 0.31 0.38 0.53 0.84

23 0.50 0.40 0.33 0.33 0.40 0.46 0.40 0.36 0.36 0.41 0.39 0.45 0.67

25 0.50 0.67 0.55 0.54 0.54 0.60 0.54 0.45 0.41 0.44 0.56 0.40 0.50



Coverage 
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Ç Compute coverage ï fraction of inputs for which output is non-null 

Ç The coverages may be low... but the accuracies are very high 

ÅAnd all the low coverages add up 

Ç Conclude: There is valuable information on the periphery ï but it must be extracted 

ÅThis is what inhibition does 
1 3 5 7 9 11 13 15 17 19 21 23 25

1 0.0000 0.0000 0.0000 0.0026 0.0138 0.0178 0.0344 0.0554 0.0544 0.0358 0.0147 0.0018 0.0000

3 0.0002 0.00 0.00 0.03 0.05 0.06 0.05 0.07 0.07 0.08 0.07 0.03 0.0052

5 0.0002 0.02 0.06 0.09 0.11 0.10 0.13 0.17 0.15 0.11 0.11 0.08 0.0224

7 0.0042 0.04 0.13 0.18 0.49 0.29 0.39 0.38 0.41 0.14 0.13 0.09 0.0352

9 0.0069 0.05 0.12 0.16 0.14 0.09 0.18 0.25 0.39 0.16 0.16 0.11 0.0276

11 0.0048 0.05 0.10 0.14 0.15 0.18 0.25 0.31 0.22 0.20 0.17 0.10 0.0174

13 0.0011 0.05 0.08 0.12 0.18 0.37 0.32 0.43 0.23 0.16 0.16 0.09 0.0213

15 0.0004 0.06 0.11 0.18 0.20 0.25 0.36 0.37 0.34 0.12 0.12 0.08 0.0206

17 0.0013 0.06 0.12 0.22 0.23 0.21 0.14 0.21 0.28 0.09 0.12 0.08 0.0180

19 0.0044 0.04 0.07 0.15 0.22 0.19 0.14 0.30 0.23 0.11 0.10 0.06 0.0159

21 0.0039 0.03 0.08 0.13 0.24 0.17 0.14 0.11 0.13 0.12 0.09 0.04 0.0058

23 0.0012 0.03 0.08 0.11 0.10 0.10 0.12 0.14 0.11 0.08 0.05 0.01 0.0003

25 0.0002 0.0009 0.0154 0.0435 0.0631 0.0620 0.0623 0.0826 0.0736 0.0395 0.0111 0.0005 0.0002

1 3 5 7 9 11 13 15 17 19 21 23 25

1 NaNNaNNaN0.81 0.54 0.65 0.64 0.67 0.75 0.80 0.79 0.94 NaN

3 1.00 0.60 0.55 0.49 0.39 0.37 0.52 0.64 0.65 0.51 0.37 0.39 0.58

5 1.00 0.42 0.34 0.36 0.39 0.36 0.34 0.44 0.42 0.34 0.34 0.39 0.62

7 0.81 0.53 0.39 0.37 0.36 0.42 0.46 0.45 0.44 0.32 0.39 0.40 0.56

9 0.84 0.48 0.34 0.31 0.31 0.52 0.50 0.45 0.37 0.45 0.44 0.53 0.57

11 0.85 0.44 0.38 0.36 0.42 0.57 0.53 0.49 0.45 0.48 0.47 0.53 0.59

13 0.73 0.46 0.32 0.35 0.47 0.50 0.51 0.56 0.52 0.50 0.47 0.55 0.56

15 1.00 0.46 0.46 0.49 0.53 0.57 0.53 0.56 0.45 0.49 0.42 0.45 0.66

17 0.92 0.55 0.50 0.50 0.50 0.47 0.49 0.51 0.43 0.31 0.42 0.46 0.64

19 0.61 0.45 0.48 0.46 0.48 0.46 0.40 0.35 0.42 0.31 0.39 0.49 0.74

21 0.56 0.42 0.32 0.35 0.44 0.46 0.41 0.39 0.23 0.31 0.38 0.53 0.84

23 0.50 0.40 0.33 0.33 0.40 0.46 0.40 0.36 0.36 0.41 0.39 0.45 0.67

25 0.50 0.67 0.55 0.54 0.54 0.60 0.54 0.45 0.41 0.44 0.56 0.40 0.50



Layer 1 t-1-WTA 
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Ç Consider RF at  <1,23> 

Å94% accuracy with .0018 coverage (18 cases total, out of 10K)  

ÅLook at all 18 cases: 



Larger RFs 

Assemble larger RFs from 4x4s 
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8x8 
Accuracy = .65 

12x12 
Accuracy = .77 
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RF Dimensions

Ç Network size 

Å Single layer, 10 neurons total 

Ç Apples to Oranges comparison 

ÅSingle layer of 10 sigmoid 

perceptrons yields accuracy of 

.88 on MNIST benchmark 

(from MNIST web site) 

Ç Performance flattens out because 

no significant info comes from 

periphery 

Å Applying inhibition will extract 

the significant information! 



Efficiency 
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Ç Training time is linear in everything w/ a 

small constant 

ÅRegardless of network depth 

Ç Evaluation also linear ï w/ larger constants 

ÅRequires multiple evaluations to find 

threshold crossing 

ÅAt center 4.5 evaluations on average 

ÅAt periphery 1.5 evaluations on average 

ÅConventional ANN would perform 1 

evaluation  

 (evaluations use similar nos. of arithmetic 

operations) 

Ç Mitigating features 

ÅSparse after first layer 

ÅNo early exits in excitation code due to 

subsequent  inhibition 

ÅNetworks may have significantly different 

dimensions, anyway 

2 

8 

4 

2 4 6 32 0 

6 

20 q  =  19 

p
 o
 t e

 n
 t i 
a

 l 

12 



Next Steps 

Ç Complete Layer 1 Study 

(mostly finished) 

Ç Perform Layer 2 Study 

ÅStart with 4x4 at layer 1, feeding layer 2 

ÅExperiment with inhibition 

ÅExperiment with configurations and 

arrangements of layer 1 classifier outputs 

ÅExplore accuracy v. coverage tradeoff 

Ç Generalize to Layer N 

ÅOnly at Layer 3 do things really become 

general 

Ç Study unsupervised learning 

ÅThis project started with unsupervised 

learning 

ÅKnowledge gained via supervised learning 

study will be applied 
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Example 

Ç Layer 1:  9 4x4s  with irregular placement, t-1-WTA inhibition 

Ç Layer 2:  Combine layer 1  outputs 

Ç Adjust VA inhibition parameters with goal of  high accuracy, ignoring coverage 

Ç Result 

.50 images are predicted 

.95 accuracy for predicted images 

10 columns (100 excitatory neurons)  total 
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Summary & Conclusions 

   This is a new way of doing machine learning 

 

ÅBiologically plausible from the bottom up 

ÅCommunication and processing use ñtimeò as key element 

Simulation of actual time is part of the model 

ÅTraining is several orders of magnitude faster than deep networks 

Enables design space optimization to be part of training process 

Will enable entirely new machine learning applications (just donôt ask me what they are) 

ÅEvaluation speed of same order as in conventional deep networks 

Although the network structure and sparsity of vectors probably has a larger overall effect 

ÅNeuron parameters are well-behaved, easy to tune 

ÅShort precision fixed point appears to be sufficient 

ÅBenchmark-driven design study 

Layer 1 study complete and accuracy+coverage  look very promising 

Study of inhibition and Layer 2 underway with defined action plan 
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Bonus Slides 



Simulating Actual Time 
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CC
<2,-,0,-,-,4,-,6>t
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<9,-,-,12>t

find

min.

subtr.
<9,-,-,12,-,10,-,11>t CC

<-,-,9,11,>t
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<-,-,18,20,>t

<-,10,-,11>t 9

<0,-,-,3,-,1,-,2>t

9

normalization

Ç Cognitive Column (CC) generally has smaller output volley than input volley 

ÅA form of compression is at work 

Ç CC output spike times reflect latency of performing CC 

Ç CC output volleys are merged to form larger volleys for next layer CC 

Ç Normalization prior to next layer CC 

Ç After CC, add normalization amount back in 

ÅGlobal actual time is maintained 



Excitatory Neuron Model 

Ç Trained weights establish weight 

functions 

ÅDepend on simple rise and fall times 

 

ÅUse relationship between time and 

weight 

 

 

Ç If evaluation volley º training volley 

ÅThen weight functions align 

 (all peak at Tr + Tmax  - g  ) 

ÅAnd first spike is most important 

(contributes the most) 
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Tr Tr+Tf

Tr+ɔ(wi-1)

1

Tr+Tf+ɔ(wi-1)
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f(t,w)

f(t,1)

f(t,wi)

f(t,Wmax)

Wmax

w

Tr+ɔ(Wmax-1) Tr+Tf+ɔ(Wmax-1) 

ɔ = Tmax/Wmax

Tmax - ɔ

1

2

3

f(t,w)

f(t-(Tmax - ɔ,1))

f(t-(Tmax - ɔwi),wi))

f(t,Wmax)Wmax

w

Tmax- ɔ*wi Tr + Tf +Tmax- ɔTr+Tmax - ɔ
0

ɔ = Tmax/Wmax

g = Tmax/Wmax 

Tr   ,  Tf 

Ç Construct weight functions 

ÅPiecewise linear functions shown here 



Ç 1-N-WTA  

Inhibition Examples 
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Ç 1-1-WTA  

Inhibition Examples 
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Merging  (Flyover) 

Ç Bundle merging involves determination of  new (merged) local time frame 

ÅA merged bundle requires its own local time frame 

ÅWhen simulating/emulating, global actual time is maintained beneath the surface 
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Merging: More Examples  (Flyover) 

Ç Values depend on local temporal context 
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