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Last  time:  encoding  model

Linear,  Nonlinear

Poisson
spiking

We  talked  about  estimating  the  linear  filter  
(orientation  filter,  time  filter)

Next most basic coding model 

Linear filter & nonlinearity:  r(t) = g( ³ s(t-t) f(t) dt)     

s*f1 



Population responses

This  class:  Populations

Probability(Responses | Stimulus)



Decoding: the reverse problem…
Probability(Stimulus | Response)

This  class:  focus  on  Decoding



Do brains use many or few neurons to represent the 
world and guide actions?

Population  Coding





Example neuron in primary motor cortex 
(from Schwartz    &  Georgopoulos  1986)

Population  coding  example







Why  population  codes

• Decoding  properties  of  input  (motion  
direction,  color,  warm  day)  likely  involves
neural  population

• Linking  between  neural  responses  and  
perception/behavior



Types  of  questions  with  population  
codes

• How  well  can  we  (or  populations  of  neurons)  
decode  a  given  stimulus  (what  do  we  want  to  
decode?)

• What  encoding  (and  decoding)  schemes
are  optimal  in  allowing  us  to  best  estimate
properties  of  the  stimulus?



Population  codes

• Primary  visual  cortex  (eg,  orientation)
• Primary  motor  cortex  (eg,  arm  movement)
• Higher  areas…
• Hippocampus  (self  location)
• Cercal  interneurons  in  cricket
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Decoding  wind direction in the cricket cercal system

Population  coding  example  
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Decoding  wind direction in the cricket cercal system
(sensing direction of wind movement as warning
against predators)

Population  coding  example  

3

Cricket Cercal System Encodes Wind Direction
Using Four Sensory Neurons

Tuning Curves

Max firing rate ~ 40 Hz; baseline 5 Hz. Assume a Poisson spike rate
distribution. Bayesian method gives lowest total decoding error.

Error relative to 
population vector.

Neurons  sensitive
to  wind  angle  



Is single neuron sufficient to ”decode” wind 
direction?

Population  coding  example
First  look  at  one  neuron  

1823Cricket mechanosensory processing

requires a strong assumption about the nature of the code itself,
usually that the information about the stimulus is completely
contained in the firing rate.

The method has been extensively used to demonstrate the
directionality of the cercal system, beginning with the use of
directional oscillatory sound stimuli (Tokareva and Rozhkova, 1973;
Edwards and Palka, 1974; Palka et al., 1977; Palka and Olberg,
1977), and later being refined to stimuli consisting of single puffs
of air (Westin et al., 1977; Tobias and Murphey, 1979; Westin, 1979;
Aldworth et al., 2008; Miller and Jacobs, 1984; Jacobs and Miller,
1985; Jacobs et al., 1986; Miller et al., 1991; Theunissen and Miller,
1991; Bodnar et al., 1991; Baba et al., 1991; Baba et al., 1995; Kolton
and Camhi, 1995) (Z.A., A. G. Dimitrov, G. Cummins, T. Gedeon
and J.P.M., manuscript submitted). In one set of experiments, it was
shown that two bilateral pairs of interneurons (10-2a and 10-3a)
formed a functional unit capable of detecting air particle
displacement at moderate velocities from all 360° of space in the
horizontal plane (Miller et al., 1991; Theunissen and Miller, 1991).
Similarly, by statistically sampling the cercal afferent population,
Landolfa and colleagues were able to determine the directional
sensitivity of the entire afferent array (Landolfa and Jacobs, 1995).
These population-level tuning curves have in turn led to theoretical
work on how neural coding is implemented in populations of
neurons, both in interneurons (Salinas and Abbott, 1994; Butts and
Goldman, 2006) and afferents (Ergun et al., 2007).

These studies spanned the system from the receptor level to the
local and projecting interneurons of the terminal abdominal ganglia,
though most of the studies with air particle displacement stimuli
(rather than oscillatory sound stimuli) focused on interneurons 10-

2a and 10-3a. For the sake of completeness, average tuning curves
elicited by air particle displacement stimuli for 222 cells (127 of
whose morphology was confirmed by staining) from classes 8-1a,
9-1a, 9-1b, 10-1a, 7-2a, 8-2a, 9-2a, 9-3a, 10-2a and 10-3a are shown
in Fig.4. Interneuron 11-1a was never recorded from in over 500
recordings, but it has been reported to be sensitive to multiple
stimulus directions and especially stimuli with angular velocity [i.e.
vortices termed 11-1c (see Kämper, 1984) and NGI-5 (see Baba et
al., 1991)]. Fig. 4C shows the peak directions for all of the giant
interneurons with uni-modal tuning.

As detailed in (Miller et al., 1991), the four interneurons
composed of left and right 10-2a and left and right 10-3a form a
functional unit sensitive to low velocity air displacement from all
360° of directional space in the horizontal plane (Fig.4Biii). Based
on observed stimulus–response measurements, information theoretic
calculations demonstrated that the ensemble responses of these four
interneurons to uni-directional air puffs contain enough information
that an ‘upstream’ decoder could determine the direction of the
source with an accuracy of about 10°, even if that decoder were
limited to a simple ratio of spike counts as the operative neural
coding scheme (Miller et al., 1991; Theunissen and Miller, 1991).
It has been speculated that interneurons 9-2a and 9-3a may form a
second such functional unit sensitive to higher velocities of air
movement (Miller et al., 1991). Giant interneuron GI 7-2a and
probably GI 8-2a receive input from the clavate hairs and so are
sensitive to acceleration due to gravity (Sakaguchi and Murphey,
1983). But here and in other studies (Kämper, 1984; Kohstall-
Schnell and Gras, 1994) GI 7-2a was also found to respond to air
particle displacement at sufficiently large stimulus levels. Along
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Fig. 3. Directional tuning curve for interneuron 10-2a. (A) Single puffs of air from eight different directions relative to the cricket (top traces) elicit various
patterns of spiking activity (bottom traces) in an interneuron of class R10-2a. Scale bar: x 10 ms, y 875 mm s–1 (stimulus)/10 mV (intracellular membrane
potential). (B) To generate the tuning curve the same cell as in A was presented with 10 stimuli from each of 24 different directions in the horizontal plane
(15° separation between samples). The number of spikes elicited in the 60 ms window following stimulus onset was counted for each trial, and mean and
s.d. across trials is shown as a function of stimulus direction. The spontaneous firing rate of the cell was also determined, and the gray broken line shows
the expected number of spontaneous spikes in a 60 ms window. Note that stimuli from angles –15° to 105° inhibit the firing activity of this cell below the
spontaneous rate, which can also be seen as a slight hyperpolarization in the membrane potentials of A. (C) The mean values from B, plotted in polar
instead of Cartesian coordinates.



Is single neuron sufficient to ”decode” wind 
direction? How many neurons needed?

Population  coding  example
First  look  at  one  neuron  

1823Cricket mechanosensory processing

requires a strong assumption about the nature of the code itself,
usually that the information about the stimulus is completely
contained in the firing rate.

The method has been extensively used to demonstrate the
directionality of the cercal system, beginning with the use of
directional oscillatory sound stimuli (Tokareva and Rozhkova, 1973;
Edwards and Palka, 1974; Palka et al., 1977; Palka and Olberg,
1977), and later being refined to stimuli consisting of single puffs
of air (Westin et al., 1977; Tobias and Murphey, 1979; Westin, 1979;
Aldworth et al., 2008; Miller and Jacobs, 1984; Jacobs and Miller,
1985; Jacobs et al., 1986; Miller et al., 1991; Theunissen and Miller,
1991; Bodnar et al., 1991; Baba et al., 1991; Baba et al., 1995; Kolton
and Camhi, 1995) (Z.A., A. G. Dimitrov, G. Cummins, T. Gedeon
and J.P.M., manuscript submitted). In one set of experiments, it was
shown that two bilateral pairs of interneurons (10-2a and 10-3a)
formed a functional unit capable of detecting air particle
displacement at moderate velocities from all 360° of space in the
horizontal plane (Miller et al., 1991; Theunissen and Miller, 1991).
Similarly, by statistically sampling the cercal afferent population,
Landolfa and colleagues were able to determine the directional
sensitivity of the entire afferent array (Landolfa and Jacobs, 1995).
These population-level tuning curves have in turn led to theoretical
work on how neural coding is implemented in populations of
neurons, both in interneurons (Salinas and Abbott, 1994; Butts and
Goldman, 2006) and afferents (Ergun et al., 2007).

These studies spanned the system from the receptor level to the
local and projecting interneurons of the terminal abdominal ganglia,
though most of the studies with air particle displacement stimuli
(rather than oscillatory sound stimuli) focused on interneurons 10-

2a and 10-3a. For the sake of completeness, average tuning curves
elicited by air particle displacement stimuli for 222 cells (127 of
whose morphology was confirmed by staining) from classes 8-1a,
9-1a, 9-1b, 10-1a, 7-2a, 8-2a, 9-2a, 9-3a, 10-2a and 10-3a are shown
in Fig.4. Interneuron 11-1a was never recorded from in over 500
recordings, but it has been reported to be sensitive to multiple
stimulus directions and especially stimuli with angular velocity [i.e.
vortices termed 11-1c (see Kämper, 1984) and NGI-5 (see Baba et
al., 1991)]. Fig. 4C shows the peak directions for all of the giant
interneurons with uni-modal tuning.

As detailed in (Miller et al., 1991), the four interneurons
composed of left and right 10-2a and left and right 10-3a form a
functional unit sensitive to low velocity air displacement from all
360° of directional space in the horizontal plane (Fig.4Biii). Based
on observed stimulus–response measurements, information theoretic
calculations demonstrated that the ensemble responses of these four
interneurons to uni-directional air puffs contain enough information
that an ‘upstream’ decoder could determine the direction of the
source with an accuracy of about 10°, even if that decoder were
limited to a simple ratio of spike counts as the operative neural
coding scheme (Miller et al., 1991; Theunissen and Miller, 1991).
It has been speculated that interneurons 9-2a and 9-3a may form a
second such functional unit sensitive to higher velocities of air
movement (Miller et al., 1991). Giant interneuron GI 7-2a and
probably GI 8-2a receive input from the clavate hairs and so are
sensitive to acceleration due to gravity (Sakaguchi and Murphey,
1983). But here and in other studies (Kämper, 1984; Kohstall-
Schnell and Gras, 1994) GI 7-2a was also found to respond to air
particle displacement at sufficiently large stimulus levels. Along
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Fig. 3. Directional tuning curve for interneuron 10-2a. (A) Single puffs of air from eight different directions relative to the cricket (top traces) elicit various
patterns of spiking activity (bottom traces) in an interneuron of class R10-2a. Scale bar: x 10 ms, y 875 mm s–1 (stimulus)/10 mV (intracellular membrane
potential). (B) To generate the tuning curve the same cell as in A was presented with 10 stimuli from each of 24 different directions in the horizontal plane
(15° separation between samples). The number of spikes elicited in the 60 ms window following stimulus onset was counted for each trial, and mean and
s.d. across trials is shown as a function of stimulus direction. The spontaneous firing rate of the cell was also determined, and the gray broken line shows
the expected number of spontaneous spikes in a 60 ms window. Note that stimuli from angles –15° to 105° inhibit the firing activity of this cell below the
spontaneous rate, which can also be seen as a slight hyperpolarization in the membrane potentials of A. (C) The mean values from B, plotted in polar
instead of Cartesian coordinates.



Wind orientation tuning curves include only four 
cardinal axes! (from Dayan  and  Abbott  book)

Population  coding  example
4  neurons!  



Each of the 4 neurons has a cosine tuning curve:

Population  coding  example
4  neurons!  

𝑟"=cos(𝜃 − 𝜃")
(wind  direction  minus  preferred;;  and  firing  rate  made  positive)



Population  coding  example
Geometric  depiction:  

Decoding  wind direction in the cricket cercal system
with 4 interneurons (from Dayan  and  Abbott  book);;
On  the  board…

Neurons  sensitive  to  angle  of  wind
around  vertical  axis;;  and  not  elevation
above  horizontal  plane



Population  coding  example  

𝑉 = (𝑉",𝑉() Wind  direction  (we  want  to  estimate)
Assume  unit  length  vector.

𝐶", 𝐶(, 𝐶+, 𝐶, Preferred  wind  direction  each  neuron  
(unit  length)

𝑟",	  𝑟(,	  𝑟+,	  𝑟,	  
Firing  rate  each  neuron  to  given
wind  direction  stimulus

𝑟"=cos(𝜃 − 𝜃")=𝐶"𝑉



Population  coding  example  

𝑉 = (𝑉",𝑉() Wind  direction  (want  to  estimate)
Assume  unit  length  vector.

𝐶", 𝐶(, 𝐶+, 𝐶, Preferred  wind  direction  each  neuron

𝐶". 𝐶( = 0

𝐶+ = −𝐶"

𝐶, = −𝐶(



Population  coding  example  

𝑉 = (𝑉",𝑉() Wind  direction  (want  to  estimate)
Assume  unit  length  vector.

𝐶", 𝐶(, 𝐶+, 𝐶, Preferred  wind  direction  each  neuron

𝑉 = 𝑟"𝐶"+𝑟(𝐶(



Population  coding  example  

𝑉 = (𝑉",𝑉()
Wind  direction  (want  to  estimate)
Assume  unit  length  vector.

𝐶", 𝐶(, 𝐶+, 𝐶, Preferred  wind  direction  each  neuron

𝑉 = 𝑟"𝐶"+𝑟(𝐶(

In  principle,  two  neurons  could  be  
enough  for  all  directions.  Why  not?



Population  coding  example  

𝑉 = (𝑉",𝑉()
Wind  direction  (want  to  estimate)
Assume  unit  length  vector.

𝐶", 𝐶(, 𝐶+, 𝐶, Preferred  wind  direction  each  neuron

𝑉 = 𝑟"𝐶"+𝑟(𝐶(

In  principle,  two  neurons  could  be  
enough  for  all  directions.  Why  not?
Firing  rates  not  negative,
Can’t  use  𝐶" if  wind  direction
were  the  other  way



Population  coding  example  

𝑉 = (𝑉",𝑉()
Wind  direction  (want  to  estimate)
Assume  unit  length  vector.

𝐶", 𝐶(, 𝐶+, 𝐶, Preferred  wind  direction  each  neuron

𝑉 = 𝑟"𝐶"+𝑟(𝐶( −𝑟+ 𝐶+ − 𝑟,𝐶,

4  neurons  =  just  right!



Population  coding  example  

𝑉 = (𝑉",𝑉()
Wind  direction  (want  to  estimate)
Assume  unit  length  vector.

𝐶", 𝐶(, 𝐶+, 𝐶, Preferred  wind  direction  each  neuron

𝑉 = 𝑟"𝐶"+𝑟(𝐶( −𝑟+ 𝐶+ − 𝑟,𝐶,

4  neurons  =  just  right!

This  is  known  as  population
vector  decoding



Population  coding  example  

𝑉 = (𝑉",𝑉()
Wind  direction  (want  to  estimate)
Assume  unit  length  vector.

𝐶", 𝐶(, 𝐶+, 𝐶, Preferred  wind  direction  each  neuron

𝑉 =0𝑟12𝐶1

,

13"

This  is  known  as  population
vector  decoding  (first  used  by
Georgopoulos for  motor  system)



Population  coding  example  

𝑉 = (𝑉",𝑉()
Wind  direction  (want  to  estimate)
Assume  unit  length  vector.

𝐶", 𝐶(, 𝐶+, 𝐶, Preferred  wind  direction  each  neuron

𝑉 = 𝑟"𝐶"+𝑟(𝐶( −𝑟+ 𝐶+ − 𝑟,𝐶,

This  is  known  as  population
vector  decoding  
Simple  estimation!



Population  coding  example  

𝑉 = (𝑉",𝑉()
Wind  direction  (want  to  estimate)
Assume  unit  length  vector.

𝐶", 𝐶(, 𝐶+, 𝐶, Preferred  wind  direction  each  neuron

𝑉 = 𝑟"𝐶"+𝑟(𝐶( −𝑟+ 𝐶+ − 𝑟,𝐶,

This  is  known  as  population
vector  decoding  
Cartesian  coordinate  system



Decoding  wind direction in the cricket cercal system
with 4 interneurons (from Dayan  and  Abbott  book)

Population  coding  example  

Dips  at
preferred
directions



Decoding hand movement direction from primary motor 
cortex population (Georgopoulos  et  al.  1982)

Population  coding  example



Example neuron in primary motor cortex 
(from Schwartz    &  Georgopoulos  1986)

Population  coding  example



Decoding hand movement direction from primary motor 
cortex population (from Georgopoulos et  al.,  1988)

Population  coding  example

Population vector decoding



Decoding hand movement direction from primary 
motor cortex population of 17 neurons.
Shoham et al., 2005

Population  coding  example



Population  coding

Let’s  look  more  generally  at  population
decoding…



Population  coding

Let’s  look  more  generally  at  population
decoding…

We  have  tuning  curves,  example:
Gaussian-like  

Cosine-like



Population  coding  
Example  tuning  curve  for  one  neuron:

Direction  (deg)
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(this  is  an  idealized  depiction  of  a  tuning  curve)



Population  coding  
Example  tuning  curve  for  one  neuron:

Direction  (deg)

Sp
ik
es
  p
er
  

se
co
nd

preferred  stimulus  of  neuron

(this  is  an  idealized  depiction  of  a  tuning  curve)



From Pouget, Dayan, Zemel, 2000

Population  coding  
Tuning  curve  for  population  of  neurons…

(again,  idealized  tuning  curves)



From Pouget, Dayan, Zemel, 2000

Population  coding

stimulus

What  is  the  population  response  to  the  stimulus?

W

On  the  board…



From Pouget, Dayan, Zemel, 2000

Population  coding

The  activity  is  “noisy”…    Why?

Stimulus  S



Variability  of  neuronal  spikes  similar  to  a  stochastic/random  process,  
specifically  a  Poisson  process

Process  is  defined  by  a  single  parameter—firing  rate.  The  probability  of  a  
spike  in  any  time  interval  is  a  random  event  (and  independent  of  
previous  spikes)

Poisson spike trains



From Pouget, Dayan, Zemel, 2000

Population  coding

Noisy  neural  activity

Stimulus  S



From Pouget, Dayan, Zemel, 2000

Population  coding

Decoding:  estimate  signal  (here  direction  of  motion)  given
population  activity  

𝑆5
Decode
Readout
Estimate



From Pouget, Dayan, Zemel, 2000

Population  coding

Decode
Readout
Estimate

How  should  we  decode??

𝑆5



From Pouget, Dayan, Zemel, 2000

Population  coding

Decoding  population  activity:  Center-of-mass
(population  vector)

stimulus



From Pouget, Dayan, Zemel, 2000

Population  coding

Other  decoding  schemes?

stimulus



From Pouget, Dayan, Zemel, 2000

Population  coding

Decoding  population  activity:  Maximum  (winner-take-all)

stimulus



From Pouget, Dayan, Zemel, 2000

Population  coding

Decoding  population  activity:  Different  decoders  
can  give  different  answers…  

stimulus



Population  coding

Stimulus  we  want  to  estimate

Firing  rate  activity  of  each  neuron𝑟",	  𝑟(,	  . . , 𝑟7

𝑆",  𝑆(, . . 𝑆7 Preferred  stimulus  each  neuron

Population  vector:  each  neuron  “votes”  for  its  preferred
stimulus  

𝑆5 =0𝑟1𝑆1

7

13"

Has  been  useful  for:
Cercal  system
Motor  cortex

𝑆



Population  coding

Population  vector:  each  neuron  “votes”  for  its  preferred
stimulus  

𝑆5 =0𝑟1𝑆1

7

13"

Has  been  useful  for:
Cercal  system
Motor  cortex

𝑟",	  𝑟(,	  . . , 𝑟7

𝑆",  𝑆(, . .	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  𝑆7



Based on Pouget, Dayan, Zemel, 2000

Population  coding

stimulus

𝑟",	  𝑟(,	  . . , 𝑟7

𝑆",  𝑆(, . .	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  𝑆7
Winner  take  all:  neuron  with  highest  response  “wins”

𝑆5 = 𝑆8
j=argmax 𝑟1	  



Population  coding

Population  and  Winner  take  all  properties:

• Simple!
• Does  not  take  noise  into  account!
• Not  necessarily  optimal

Other  methods?



Population  coding

Consider  the  
distribution:

𝑝𝑟𝑜𝑏(𝑟|𝑆)

Stimulus  we  want  to  estimate
Firing  rate  activity  of  each  neuron

𝑆

𝑟",	  𝑟(,	  . . , 𝑟7

𝑟",	  𝑟(,	  . . , 𝑟7

𝑆",  𝑆(, . .	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  𝑆7



Population  coding

Maximum  likelihood:
Find  S  that  maximizes  

𝑝𝑟𝑜𝑏(𝑟|𝑆)

Stimulus  we  want  to  estimate
Firing  rate  activity  of  each  neuron

𝑆

𝑟",	  𝑟(,	  . . , 𝑟7

𝑟",	  𝑟(,	  . . , 𝑟7

𝑆",  𝑆(, . .	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  𝑆7



Population  coding

Maximum  likelihood:
Find  S  that  maximizes  

𝑝𝑟𝑜𝑏 𝑟 𝑆

We  need  to  know  or  
assume  this  distribution

Stimulus  we  want  to  estimate
Firing  rate  activity  of  each  neuron

𝑆

𝑟",	  𝑟(,	  . . , 𝑟7

𝑟",	  𝑟(,	  . . , 𝑟7

𝑆",  𝑆(, . .	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  𝑆7



Population  coding

Maximum  likelihood:
Find  S  that  maximizes  

𝑝𝑟𝑜𝑏(𝑟|𝑆)

Stimulus  we  want  to  estimate
Firing  rate  activity  of  each  neuron

𝑆
𝑟",	  𝑟(,	  . . , 𝑟7

We  can  solve  if  we  know  noise  distribution  
(eg,  Poisson)  and  assume  neurons  independent  
(probabilities  multiply);;  Set  derivative  to  0…  
Turns  out  similar  to  Population  vector  (see  
Dayan  and  Abbott  book)



Population  coding  example  

Dayan  and  Abbott  book
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Population  coding  (distributed)

How  do  we  judge  quality  of  a  decoder??



Population  coding  (distributed)

How  do  we  judge  quality  of  a  decoder?

If  we  estimate  signal  (e.g.,  direction  of  motion)  many  
times  given  population  response,  desirable  properties:

• unbiased  estimate  of  stimulus  (on  average  gets  the  
right,  e.g.,  direction)

• low  variance  

• (theoretical  work  on  bounds)



Correlated variability

• Revisiting  noise  in  population  codes!









Correlated variability

• Revisiting  noise  in  population  codes!

• Noise  and  correlations  affect  how  we  read
out  neural  populations  (eg,  independence
assumption)

• Active  area  of  research



Does  pooling  neuron  outputs  average  noise  and
improve  performance?  



Thought  experiment:

• Noisy  machine  that  generates  a  number
• We  want  to  estimate  the  number
• Unfortunately,  it  is  corrupted  by  noise
• Generate  number  10000  times  and  take  
average

• Lazy/biased  machine:  first  sample  
independent  of  second;;  other  9998  same  as  
second

• Assume  independence  and  take  average,  
when  actually  all  9998  numbers  are  not  
independent

• Good  estimate?

from  Averbeck et  al.  2006



Thought  experiment:

• Noisy  machine  that  generates  a  number
• We  want  to  estimate  the  number
• Unfortunately,  it  is  corrupted  by  noise
• Generate  number  10000  times  and  take  
average

• Lazy/biased  machine:  first  sample  
independent  of  second;;  other  9998  same  as  
second

• Assume  independence  and  take  average,  
when  actually  all  9998  numbers  are  not  
independent

• Good  estimate?

from  Averbeck et  al.  2006

Optimal  strategy:
Weight  first  sample  by  half
and  all  the  rest  by  half



“Neurons  face  the  same  situation:  they  compute  
some  function  of  the  variables  encoded  in  their  
inputs,  and  to  perform  this  computation  
optimally  they  must  know  the  correlations  in  the  
~10,000  inputs  that  they  receive.  If  they  ignore  
the  correlations,  they  may  — or  may  not  — pay  
a  price  in  the  form  of  suboptimal  computations.”

from  Averbeck et  al.  2006

Optimal  strategy:
Weight  first  sample  by  half
and  all  the  rest  by  half



Other computations: discrimination
(population)

DiCarlo,  Zocollan,  Rust,  2012
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