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 Small brain, big world

The Challenge:   It’s a very big, complex, and often 
unpredictable world, and the brain has very limited resources

The Question:  What are the organizational principles that 
allow neural circuits to meet this enormous challenge?

The brain gathers information 
from the world, makes 
decisions for future actions, 
learns from experience, and 
tries to remember.



Specialization of Circuits in The Brain



From Purves et al. , Life: The Science of Biology

Neurons & Neural Communication

From Wikipedia article on Action Potentials



Specialization of function: brain areas

From Purves et al. , Life: The Science of Biology

memory 
formation

From Wikipedia article on HIPPOCAMPUS



Specialization of function: layers within brain areas

From Purves et al. , Life: The Science of Biology



Specialization of circuits: the retina

Cajal 1917



Specialization: cell types in the retina 3 cones

10 bipolars

30 
interneurons

15 ganglion 
cells

Masland 2001

2 horizontal 
cells



Specialization: Precise microcircuitry

slow bp

LE

fast bp

BT

slow bp → LE

fast bp → BT



Maps in the brain
At every scale of organization, the brain has a diverse 

repertoire of functional units whose coordinated activity
produces the desired overall function.

Sensory, Cognitive,
Algorithmic Repertoires

Coverage by
one architectural

element
(cell type/circuit motif)

e.g. Entorhinal Cortex
(the sense of place)

e.g Retina
(vision)

e.g. Whole Brain
(everything you do)

A view of the repertoire:  A memory of computations that 
have predictive value for behavior, learned over evolutionary 
time, encoded in the genome and the developmental program.

e.g Olfactory Cortex
(smell)



What organizational principles 
(“laws”) control the computational 
& information-processing 
repertoires of the brain?



Power and space are major constraints -- (Attwell & Laughlin;  Wen & Chklovskii)

The Costs of Computation

How does the brain achieve its efficiency?   
Idea:  Specialization in the circuit repertoire &
         Adaptation to structure in the world 

vs.

• Brain: 2% of body weight, but 20% of metabolic load.  
• Brain: Every mm3 contains 4 km of wire

• Brain consumes ~12W of power (refrigerator lightbulb)  
• Packing seems to minimize wire length



A theory of maps in the brain?

HYPOTHESIS:  Brains exploit structure in the world to 
efficiently allocate limited computational resources to 
maximize gain for the organism

Sensory Features /
Cognitive Functions /

Algorithms

Coverage by
one architectural

element• Entorhinal Cortex
(the sense of place)

• Retina
(visual features)

• Whole Brain
(everything you do)

• Olfactory Cortex
(complex smells)



Roadmap

• Example 1:  Vision (the sense of sight)

• Example 2: Spatial cognition (the sense of place)

• Example 3:  Olfaction (the sense of smell)

In each case we will see that evolution seems to have 
exploited sophisticated mathematical principles of 
information processing that have only recently been 
discovered.



Visual Repertoires
Charles Ratliff, Bart Borghuis, Peter Sterling, Vijay Balasubramanian



The retinal repertoire

Cajal 1917

• Retinal ganglion cells (the 
output cells of the retina) 
detect “features” of the world 
(bright spots / dark spots / 
color / local motion) and report 
them to the brain.

• How should the repertoire of 
ganglion cells (1,000,000 in 
humans) be divided into types 
responding to these different 
features.

• Let’s consider the example of 
bright and dark spot detectors 
(ON and OFF cells)

ON OFF



Statistical structure of natural scenes

• Low peak, long tail 
distributions = mean 
exceeds the median

• Phase averaged power 
spectrum scales as ~1/k2

Garrigan, Ratliff, 
Sterling, Brainard,  
Balasubramanian
(PLoS Comp Bio, 

2010)

Scale invariant
vs. ?



Natural images contain more dark spots

What should 
be the relative 
proportion of 
ON and OFF 
cells?

ON

OFF

Simple difference of 
Gaussians model:

Ic(x, y)� Is(x, y)

Is(x, y)



 Given N, find the OFF:ON ratio that 
maximizes total information.

How to design the best detector array
 Assume that resource constraints require that a particular ON/OFF 
channel contains N cells.     Let N = NOFF + NON. 

For N=1 the answer is clear: choose an OFF cell -- it is more likely to respond.



Characterizing the optimal mosaic: simplest model

Thus
∂I

∂Non

=⇒ I1
on = I1

off

Total information in the array: ∂I

∂Non

= 0

Simple SNR + redundancy approximation of each mosaic:

Receptive field SNR improves with area of receptive field:

=⇒
∂I

1

on

Non

→ 0 for large Af2
on = βon Arc = βon

A

Non

Information equality in 
the optimal mosaic.

I = �ONNONI1
ON + (N �NON )�OFF I1

OFF

ON-ON redundancy, depends only on Receptive Field overlap.
Assume fixed Receptive Field  overlap like real cells so that redundancy
is constant and equal for ON and OFF types.

I1
ON =

1
2

log(1 + f2
ON SNRcone)



Characterizing the optimal mosaic

Total information in the array:
∂I

∂Non

= 0

Simple model (equally used signaling levels; pOFF = 1 - pON):

I = �ON NON I1
ON + �OFF (N �NON ) I1

OFF �M

Number of signaling levels (SNR) 
improves with area of receptive field:

lON = �ON

�
A

NON

⇥1/2

Mutual information due to anti-correlation between ON and 
OFF cells - if an ON cell fails to fire, overlapping OFF cells do 
fire.  Thus the entropy of non-response of ON cells is 
redundant with OFF responses        drop it.   

ON-ON redundancy ON-OFF redundancy

Replace I1 by:

I1
ON = �(1� pON ) log(1� pON )�

lON�

i=1

pON

lON
log

pON

lON
info. of non-response

Ĩ1
ON = �

�lON

i=1
pON

lON
log pON

lON

Realistic 
model: optimal 
ratio  is ~1.7 
times as many 
OFF cells. 



The brain separates light from dark unequally

• Behavioral measurements show greater sensitivity to light decrements 
and dark spots in images (Zemon et al., ‘88; Chubb et al., 2004)

• More cortical cells respond to negative (dark) than to positive (bright) 
contrasts (Jin et al., 2008)

• Retinal OFF cells are ~1.3-2 times as numerous as ON.  Conserved 
across types and species: guinea pig (Ratliff et al, 2010), rabbit (de Vries & Baylor, 

1997), rat (Morigiwa 1989), monkey (Chichilnisky & Kalmar 2002), human (Dacey and 

Petersen 1992). 
PREDICTED BECAUSE: There are more 
dark regions in natural scenes and information is 
more densely packed in them.  



Can this approach be applied generally?

Q.  What is optimized?   
A.  Information is an approximation of the “objective” of the early 
visual system. 

Q. Shouldn’t the forms and function be determined by 
evolutionary history?
A.  Within the lineage, which is constrained by its history, better 
adapted forms and functions, are selected over time. 

Q. Nothing is ever optimal -- life is a work in progress. Why 
should anything be optimal?
A. It isn’t.  But the optimal solution guides us to the principles 
underlying circuit organization.

There may not be any order in nature, but those of us who look for it 
have a better chance of finding it if it is there.



Visual Features
(Lego blocks of vision)

Coverage by
one retinal
ganglion cell

On

Off

CHALLENGE: Explain the relative proportions of 
different elements of the visual repertoire in 
terms of the value they have for vision



Cognitive repertoires:
 The sense of place

Xuexin Wei, Jason Prentice,Vijay Balasubramanian



The sense of place 

What is place?   How do you know where you are?

Inside your head, “here” is an abstract pattern of 
neurons firing.   These patterns maintain a map of 
your location.



1 2 3 4 5 6 7 8

A simple representation of one dimensional space

8m linear track

1m 1m 1m 1m 1m 1m 1m 1m

To achieve 1m resolution on an 8m track can have 8 “place 
neurons”, each of which fire when you are in a particular 
1m wide location.     This requires 8 neurons. 



0 1

0 1 0 1

0 1 0 1 0 1 0 1

This is a “binary” representation of 
space (i.e. a base 2 number system) 
and requires only 6 neurons — it is 
more efficient.   

You can use other
bases, like decimal,

i.e. base 10.

A more efficient representation: binary numbers

Location:  010 Location:  101 



A simple representation of two dimensional space

In two dimensions you could imagine different neurons 
responding when the animal is in different locations

1 2 3 4

…

64

• Square: 8m on each side

• Resolution: 1m on each side

• Need: 64 neurons



A two dimensional analog of binary numbers

• Square: 8m on each side

• Resolution: 1m on each side

• Need: 12 neuronsx

x

x
You can use other
bases, like decimal,

i.e. base 10.



• Grid	cells	in	the	entorhinal	cortex	
respond	when	an	animal	is	physically	
in	loca3ons	lying	on	a	triangular	la6ce		

• The	grids	increase	in	size	along	the	
axis	of	the	entorhinal	cortex		

• Different	cells	have	randomly	varying	
offsets	(phases)	for	their	grids	

	Like	a	two-dimensional,	fuzzy,	neural		
number	system	

Grid Cells: a numbering system for location?

Hafting et al Nature 2005

D
epth along the entorhinal cortex



Which number system (binary, 
decimal, etc. ) should the brain 
pick to represent space?

D
epth along the entorhinal cortex

The ratio of adjacent grid sizes
is the “base” of the number system 
(e.g. binary or base 2;  decimal or
base 10)
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Spatial characteristics of the grid system
�i

= Resolution

= Number of 
    grid cells

= Ratio of grid scales        ri =
�i

�i+1

R =
�1

�n
=

Y

i

ri

= Diameter of single grid
    field

= Scale of grid (assume largest 
scale matched to environment)

li

What ratio between scales minimizes the number of cells 
required achieve a given spatial resolution?

N /
P

i
�i
li

Cost of grid = f(N)

Assume: Uniform spatial phases, and 
constant coverage at each scale

formulae 
written 
for 1d 
grids



One dimensional grids
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Ambiguities arise if  the grid field width is 
too large compared to the next scale
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Optimizing the grid: a simple model

Minimize  number of cells 
(N) for fixed resolution (R) 

= Ratio of grid              
    scales

ri =
�i

�i+1

= ResolutionR =
�1

�n
=

Y

i

ri

= Number of 
    grid cells

N /
P

i
�i
li

�1 > �2 > · · · �m

Unambiguous 
decoding: �i+1 = �i

ri
� li =) �i

li
� ri

formulae 
written 
for 1d 
grids
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Predictions:   
(1) The ratios of adjacent periods will be equal

(2) The constant ratio is r = (e)1/d in d dimensions.

(3)  

Optimizing the grid

Minimize  number of cells (N) for fixed 
resolution (R)

= Ratio of grid              
    scales

ri =
�i

�i+1

= ResolutionR =
�1

�n
=

Y

i

ri

= Number of 
    grid cells

N /
X

i

ri

�i/li = r

(formulae 
written 
for 1d 
grids)



• Asymptotically,  the posterior distribution over position 
of each module may be approximated by a periodic series 
of Gaussian bumps.

• Combine information from modules (scales) by 
multiplying the posterior distributions.

Optimizing the grid: probabilistic decoding
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Firing maps are doubly-periodic, with period 
vectors        and          (         )�iu �iv |u| = 1
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Two dimensional grids



Theory matches experiment
C

0.
0

1.
0

2.
0

 

         HCN KO mice    Wild-type mice

sp
ac

in
g/

 fi
el

d 
ra

tio

B

2.
0

0.
0

1.
0

BayesianWTA Data
Barry et al.

Data
Stensola et al.

sc
al

in
g 

ra
tio

0
20

40
60

80
A

ng
le

s 
(d

eg
re

e)

φ1
φ2

φ3

φ1 φ2 φ3

A

(B) Ratio between grid field 
width and grid scale

(Red line = prediction of simple 

(C) Angles between grid 
fields (Red line = prediction)

Theory
Excellent match with our theory!    Evolution seems to have invented 
base-n number systems, and optimized them for neural hardware!  

Simple
Model

Probabilistic

An efficiency principle seems to explain the 
organization of complex circuits supporting a 
cognitive function. 



• Dynamical mechanism for self-
organization of grid module repertoire via 
an attractor mechanism (Louis Kang, VB)

• Dynamical mechanism for explaining 
deformations of grids with sudden changes 
of the environment (Alex Keinath, VB)

CHALLENGES

D
epth along the entorhinal cortex



Olfactory Repertoires
Disordered Sensing and

the Sense of Smell

Kamesh Krishnamurthy 
Ann Hermundstad

Thierry Mora
Aleksandra Walczak

Vijay Balasubramanian

of axon. This was not an inconsequential agreement, given his
ability to see more clearly than Golgi the presence of axons in
his preparations of younger animals observed with heavier
impregnation (see DeFelipe and Jones, 1988). Among new fin-
dings, he revealed that the granule cell dendrites were liber-

ally endowedwith small outcroppings which he called spines,
in analogy with the same structures he had seen on Purkinje
cells in the cerebellum.

In the absence of an axon arising from the granule cell,
Cajal, in a subsequent study by his student Blanes (1897),

Fig. 1 – Original drawing by Camillo Golgi of the nerve cells of the olfactory bulb as visualized by his Golgi method. The granule
cells are the multiple small cells with radial processes oriented upward in layer C. (Golgi, 1875 ). We thank P. Mazzarello for
this image.
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The intimidatingly diverse space of smells

• There are a very large number of 
volatile molecules, maybe 1,000,000

• Complex odors contain 100 or more 
molecules => (1,000,000)100 = bazillions 
of odor types, in each of which you can 
vary all the concentrations

• Odors change with seasons, and as 
new opportunities and threats come to 
light.

t� (SBQIT� MPPL� BU� DMVTUFST� PG� WBSZJOH�
TJ[FT�DFOUFSFE�BU�BDUJWF�MPDBUJPOT
t�$MVTUFST�BSF�VOJRVF�JG�UIF�TFU�PG�SFQSF-
TFOUFE�PEPST�BSF�OPO�PWFSMBQQJOH
t� 'JSTU� QMPU� TIPXT� UIBU� GPS� B� HJWFO�
OFJHICPSIPPE�TJ[F�B� TQFDJGJD�WBMVF�PG�
TQBSTJUZ�NBYJNJ[FT�OP��PG�VOJRVF�DMVT-
UFST
t� 4FDPOE� QMPU� TIPXT� UIF� OVNCFS� PG�
VOJRVF�DMVTUFST�WT��UPUBM�BDUJWJUZ�GPS�EJG-
GFSFOU�WBMVFT�PG�TQBSTJUZ
t�'PS�TNBMMFS�WBMVFT�PG�TQBSTJUZ�UIF�OP��
PG� VOJRVF� DMVTUFST� HSPXT� GBTUFS� XJUI�
UIF�UPUBM�BDUJWJUZ

Background: Olfactory Stimuli and Circuits

A Possible Role for Randomness?

Discussion

Results

References

The Functional Role of Randomness in Olfactory Processing.
Kamesh Krishnamurthy¹=, Ann Hermundstad¹=, Thierry Mora²*, Aleksandra Walczak²*, Venkatesh Murthy³,

Charles Stevensಶ, Vijay Balasubramanian¹ (=,* equal contribution)
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The challenge of identifying odors

• Odors are sensed when molecules bind to Olfactory 
Receptors in the nose

• Every receptor needs a separate gene.  Flies have ~100, 
humans have ~ 300, mice have ~1000.

• How can you possibly represent so many odors with ~1000 
sensors?

(x,y,z)

x

3d 1d

Imagine representing three 
dimensional positions using a single 
number.  Also want to preserve 
proximity relations.

The space of odors is perhaps 
1,000,000 dimensional and we have 
maybe 100-1000 numbers to 
describe it.   Can this be done?



Sensory processing with limited resources

t� (SBQIT� MPPL� BU� DMVTUFST� PG� WBSZJOH�
TJ[FT�DFOUFSFE�BU�BDUJWF�MPDBUJPOT
t�$MVTUFST�BSF�VOJRVF�JG�UIF�TFU�PG�SFQSF-
TFOUFE�PEPST�BSF�OPO�PWFSMBQQJOH
t� 'JSTU� QMPU� TIPXT� UIBU� GPS� B� HJWFO�
OFJHICPSIPPE�TJ[F�B� TQFDJGJD�WBMVF�PG�
TQBSTJUZ�NBYJNJ[FT�OP��PG�VOJRVF�DMVT-
UFST
t� 4FDPOE� QMPU� TIPXT� UIF� OVNCFS� PG�
VOJRVF�DMVTUFST�WT��UPUBM�BDUJWJUZ�GPS�EJG-
GFSFOU�WBMVFT�PG�TQBSTJUZ
t�'PS�TNBMMFS�WBMVFT�PG�TQBSTJUZ�UIF�OP��
PG� VOJRVF� DMVTUFST� HSPXT� GBTUFS� XJUI�
UIF�UPUBM�BDUJWJUZ

Background: Olfactory Stimuli and Circuits

A Possible Role for Randomness?

Discussion

Results

References

The Functional Role of Randomness in Olfactory Processing.
Kamesh Krishnamurthy¹=, Ann Hermundstad¹=, Thierry Mora²*, Aleksandra Walczak²*, Venkatesh Murthy³,

Charles Stevensಶ, Vijay Balasubramanian¹ (=,* equal contribution)

II-41

t�/BUVSBM�PEPST
�FWFO�DPNQMFY�POFT
�BSF�DPNQPTFE�
PG�B�TNBMM�GSBDUJPO�PG�UIF�QPTTJCMF�OVNCFS�PG�WPMB-
UJMF�NPMFDVMFT�BOE�IFODF�BSF��L�TQBSTF��JO�DIFNJDBM�
TQBDF�
t�0MGBDUPSZ�TFOTJOH�SFRVJSFT�JEFOUJöDBUJPO�BOE�TFH-
NFOUBUJPO� PG� WBSZJOH� BOE� OPWFM� DPNQMFY� PEPST�
BHBJOTU�B�IJHIMZ�WBSJBCMF��CBDLHSPVOE

.JYUVSFT�DBO�CF�EFDPEFE�GSPN�TNBMM�TVCTFUT
t�8F�VTF�NFBTVSFE�03/�SFTQPOTFT�GSPN<�>
t� $BMDVMBUF� NJYUVSF� SFTQPOTFT� GSPN� 03/� SFTQPOTFT� BT-
TVNJOH�MJOFBS�NPEFM
t�.PEFM�TFDPOE�TUBHF�SFTQPOTFT�XJUI�EJWJTJWF�OP<�>

t� %FDPSSFMBUJPO� BOE�FRVBMJ[BUJPO� JNQSPWFT�QFSGPSNBODF�
JO�TFDPOE�TUBHF�CZ�PSEFST�PG�NBHOJUVEF

$PNQVUBUJPOBM�NPEFM�DBO�HFOFSBUF�TQBSTF�BOE�EJTPS-
EFSFE�SFQSFTFOUBUJPOT�
t�5SBOTGPSNBUJPO�BU�UIF�TFDPOE�TUBHF�NPEFMFE�BT�B�EJWJTJWF�OPS-
NBMJ[BUJPO�<�>�
t�5IJSE�TUBHF�JT�NPEFMFE�CZ�B��NJYFE�QPQVMBUJPO�PG�FYDJUBUPSZ�BOE�
JOIJCJUPSZ�NPEFM�OFVSPOT�XJUI�MPOH�SBOHF�FYDJUBUPSZ�DPOOFDUJPOT�
BOE�MPDBM�JOIJCJUJPO<�
�>�
�t�1BSBNFUFST�DIPTFO�UP�QSPEVDF��TQBSTF�SFTQPOTFT

4QBUJBM��EJTPSEFS�PG�DPOOFDUJPOT�JNQSPWFT�PEPS�
TFQBSBUJPO�FWFO�GPS�TNBMM�TVCTFUT
t�/FVSPOT�JO�UIF�TFDPOE�TUBHF��QSFGFSFOUJBMMZ�QSPKFDU�UP�
MPDBM��SFHJPOT�	PG�SBEJVT�3
�JO�UIF�UIJSE�TUBHF�	PG�TJ[F�-

t�5PUBM�OVNCFS�PG�DPOOFDUJPOT�CFUXFFO�UIF�TFDPOE�BOE�
UIJSE�TUBHFT�LFQU�DPOTUBOU
�t��"U�BMM�WBMVFT�PG�3�-
�PEPST�BSF�CFUUFS�TFQBSBUFE�JO�UIF�
SBOEPN�NPEFM

t� 3BOEPN� MJOFBS� QSPKFDUJPOT� FóDJFOUMZ� QSPEVDF�
MPX�EJNFOTJPOBM�SFQSFTFOUBUJPOT�PG�L�TQBSTF�EBUB�
JO�B�IJHI�EJNFOTJPOBM�JOQVU�TQBDF
t�5IJT�TDIFNF�JT�VOJWFSTBM�BOE�XPSLT�GPS�CPUI�GB-
NJMJBS�BOE�OPWFM�JOQVUT��4FOTJOH�EPFT�OPU�EFQFOE�
PO�FYBDU�TUJNVMVT�TUBUJTUJDT�BOE�XPSLT�GPS�B�WBSJFUZ�
PG�PUIFS�MPX�EJNFOTJPOBM�TJHOBM�NPEFMT

t�0MGBDUPSZ�3FDFQUPS�/FVSPOT�	03/T
�IBWF�EJG-
GVTF� SFTQPOTFT�XIFSF�FBDI� SFDFQUPS� SFTQPOET�
UP�NBOZ�PEPST
�BOE�FBDI�PEPS�TUJNVMBUFT�NBOZ�
SFDFQUPST�
t� 03/T�PG� B�HJWFO� UZQF� DPOWFSHF� UP� UIF� TBNF�
TUSVDUVSF	HMPNFSVMVT
�JO�UIF�OFYU�TUBHF�PG�QSP-
DFTTJOH�	CVMC�BOUFOOBM�MPCF�GPS�WFSUFCSBUFT�JO-
WFSUFCSBUFT

t� 5IF� SFTQPOTFT� JO� UIF� TFDPOE� TUBHF� BSF�
HBJO�OPSNBMJ[FE� BOE� NPSF� EFDPSSFMBUFE� UIBO�
03/�SFTQPOTFT
t�5IF�QSPKFDUJPOT�GSPN�UIF�PMGBDUPSZ�CVMC�UP�UIF�
QJSJGPSN� DPSUFY� MBDL� BOZ� EJTDFSOJCMF� TQBUJBM�
PSEFS
�BOE�BSF�PCTFSWFE�UP�CF�TQBSTF

…

…

.PMFDVMFT

0
E
P
S
T

���
�)ZQPUIFTJT��5IF�EJòVTF�TFOTJOH�CZ��UIF�03/T�BOE�
TVCTFRVFOU�FYQBOTJWF�SBOEPN�QSPKFDUJPOT�UP�UIF�QJSJGPSN���DPSUFY�
FYJTU�UP�FYQMPJU�UIF�JOIFSFOUMZ�MPX�EJNFOTJPOBM�TUSVDUVSF�PG�PMGBDUPSZ�
TUJNVMJ�UP�QSPEVDF�DPNQBDU
�øFYJCMF�SFQSFTFOUBUJPOT�PG�PEPST�

%FDPEJOH�.JYUVSFT�GSPN�/FVSBM
3FTQPOTFT

.PEFM�0MGBDUPSZ�1BUIXBZ 3PMF�PG�4QBUJBM�3BOEPNOFTT

4QBSTJUZ�BOE�0EPS�3FQSFTFOUBUJPO�JO�4NBMM�4VCTFUT

/BUVSBM�PEPST�BSF�TQBSTF�JO�
DIFNPUPQJD�TQBDF

3BOEPN�QSPKFDUJPOT�QSPWJEF�B�DPN-
QBDU�SFQSFTFOUBUJPO�PG�TQBSTF�TJHOBMT

t�)PX�NBOZ�PEPST�
BSF�XFMM�SFQSFTFOUFE�
JO�B�TNBMM�QBUDI�
	_��
�PG�UIF�DPSUFY 
t� 3BOEPN� DPOOFD-
UJWJUZ� HJWFT� HPPE�
DPWFSBHF� PG� PEPST�
PWFS� BMM� QBUDIFT�
XIJMF� LFFQJOH� UIF�
BWFSBHF� OVNCFS� PG�
PEPST�QFS�QBUDI�MPX

t�0MGBDUPSZ�TZTUFN�NJHIU�VUJMJ[F�UIF�DPNQVUBUJPOBM�QPXFS�PG�SBOEPNOFTT�CPUI�JO�TFOTJOH�BOE�JO�
TVCTFRVFOU�USBOTGPSNBUJPOT�UP�QSPWJEF�B�SPCVTU�BOE�GMFYJCMF�SFQSFTFOUBUJPO
t�%JGGVTFOFTT�JO�TFOTJOH�QSPWJEFT�B�DPNQBDU�SFQSFTFOUBUJPO�PG�TQBSTF�IJHI�EJNFOTJPOBM�TJHOBMT
t�%JTPSEFS�JO�UIF�TVCTFRVFOU�QSPKFDUJPOT�QSPWJEFT�B�GMFYJCMF�SFQSFTFOUBUJPO�XIFSF�TNBMM�TVCTFUT�PG�
OFVSPOT�DBO�FGGJDJFOUMZ�TUPSF�JOGPSNBUJPO�BCPVU�DPNQMFY�PEPST
t�8F�IBWF�CVJMU�B�NPEFM�PG�UIF�PMGBDUPSZ�QBUIXBZ�UIBU�BMMPXT�VT�UP�JOWFTUJHBUF�UIF�SPMF�PG�WBSJPVT�DJS-
DVJU�FMFNFOUT�JO�TIBQJOH�UIJT�SFQSFTFOUBUJPO

0EPS�DPWFSBHF�CZ�TNBMM
�OPO�PWFSMBQQJOH��DMVTUFST 3FQSFTFOUBUJPO�PG�PEPST�JO�DMVTUFST�DFOUFSFE�BU�BDUJWF�TJUFT

�t�%JGGVTFOFTT�PG�PMGBDUPSZ�TFOTJOH�MFBET�UP�B�DPNQBDU�SFQSFTFOUBUJPO�PG�TQBSTF�IJHI�EJNFO-
TJPOBM�TJHOBMT

�t3BOEPNOFTT�JO�UIF�TVCTFRVFOU�QSPKFDUJPOT�QSPWJEFT�B�SFQSFTFOUBUJPO�XIFSF��
	B
�TNBMM�TVCTFUT�PG�OFVSPOT�TUPSF�JOGPSNBUJPO�BCPVU�DPNQMFY�PEPST

	C
�OPJTF�BOE�GJOJUF�CBOEXJEUI�MJNJU�UIF�DBQBDJUZ�GPS�BOZ�TNBMM�TVCTFU

	D
�EJGGFSFOU�TVCTFUT�PG�DPSUJDBM�OFVSPOT�XJMM�IBWF�MPX�PWFSMBQ�JO�UIF�PEPST�UIFZ�SFQSFTFOUT
�
CVU�DPMMFDUJWFMZ�QSPWJEF�B�MBSHF�DBQBDJUZ�

4FDPOE�4UBHF'JSTU�4UBHF

/P��PG�.JYUVSF�$PNQPOFOUT

4V
CT

FU
�4
J[
F

%
FD

PE
JO
H�
&S

SP
S

3 4 5

6

1

2

TFDPOE�TUBHF

UIJSE�TUBHF

QBSBNFUFST�JO�UIJSE�TUBHF�
�BSF�DIPTFO�UP�HJWF�TQBSTF


EJTUSJCVUFE�SFTQPOTFT�	UPQ�MFGU


MBUFSBM�BOE�GFFEGPSXBSE
JOIJCJUJPO�	MPDBM
�EFOTF


SFDVSSFOU�FYDJUBUJPO
	MPOH�SBOHF
�TQBSTF


BòFSFOU�FYDJUBUJPO

öSTU�TUBHF ��� ��� ��� ��� ��� ��� ��� ��� ��� ��� ��� ���

���

���

MBUFSBM�JOIJCJUJPO
	HMPCBM


BòFSFOU�FYDJUBUPSZ

UIJSE�TUBHF TFDPOE�TUBHF

��

��

��

��

0 �� �� 60 80 ���
4VCTFU�4J[F

$P
TJO

F�
%
JTU

BO
DF

R/L�����

R/L�����SBOEPN

R/L�����

$POOFDUJWJUZ�CFUXFFO�4FDPOE�BOE�5IJSE�4UBHFT

JODSFBTJOH�
OFJHICPSIPPE�TJ[F

���

0

��

��

60

80

���

���

���

���

0 �� �� 60 80 ���
OFJHICPSIPPE�TJ[F

TQ
BS
TJU

Z

TQBSTJUZ�UIBU�NBYJNJ[FT�Nunique

OP
��P

G�V
OJ
RV

F�
OF

JH
IC

PS
IP

PE
T�	

�N
un

iq
ue

 

TQBSTJUZ

���������������

80

60

��

��

0

/VNCFS�PG�3FTQPOTFT

/
P�
�P
G�6

OJ
RV

F�
3F

TQ
PO

TF
T

0 �� ��0 ��0 ��0 ���

JODSFBTJOH�TQBSTJUZ

/
P�
�P
G�P

EP
ST

4QBSTJUZ�PG�TUBHF���TUBHF��DPOO�

$PWFSBHF�CZ�MPDBMJ[FE�SFBE�PVUT

0QFSBUJOH�QPJOU�UIBU�HJWFT�
HPPE�DPWFSBHF�PG�PEPST�
XIJMF�LFFQJOH�UIF�OVNCFS�
PG�PEPST�QFS�SFBE�PVU�MPX�

���0MTFO�FU�BM���%JWJTJWF�OPSNBMJ[BUJPO�JO�PMGBDUPSZ�QPQVMBUJPO�DPEFT��
/FVSPO������	����
������
���)BMMFN
�&MJTTB�"�
�BOE�+PIO�3��$BSMTPO���$PEJOH�PG�PEPST�CZ�B�SFDFQUPS�
SFQFSUPJSF���$FMM�������	����
���������
���'SBOLT
�,FWJO�.�
�FU�BM���3FDVSSFOU�DJSDVJUSZ�EZOBNJDBMMZ�TIBQFT�UIF�
BDUJWBUJPO�PG�QJSJGPSN�DPSUFY���/FVSPO������	����
��������
���1PP
�$JOEZ
�BOE�+FòSZ�4��*TBBDTPO���"�NBKPS�SPMF�GPS�JOUSBDPSUJDBM�DJS-
DVJUT�JO�UIF�TUSFOHUI�BOE�UVOJOH�PG�PEPS�FWPLFE�FYDJUBUJPO�JO�PMGBDUPSZ�
DPSUFY���/FVSPO������	����
��������

����6OJWFSTJUZ�PG�1FOOTZMWBOJB
�����²DPMF�/PSNBMF�4VQÏSJFVSF
����)BSWBSE��6OJWFSTJUZ
�ಶ�4BML�*OTUJUVUF

Natural odours are sparse in 
“chemotopic” space

• Strategy: adaptation 
to the environment

• Exploit stable 
structure in the world 
to produce compact and 
easily manipulated 
information 
architectures
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Can recover x from y as long as 
x is known to be sparse

Sparse vectors (odors) that 
are nearby in the high-
dimensional odor space will 
be nearby after the 
projection into neural space

Decoding
Find a vector x such that 
y= A x (where y is the
measured output), and x 
minimizes the L1 norm.

t� (SBQIT� MPPL� BU� DMVTUFST� PG� WBSZJOH�
TJ[FT�DFOUFSFE�BU�BDUJWF�MPDBUJPOT
t�$MVTUFST�BSF�VOJRVF�JG�UIF�TFU�PG�SFQSF-
TFOUFE�PEPST�BSF�OPO�PWFSMBQQJOH
t� 'JSTU� QMPU� TIPXT� UIBU� GPS� B� HJWFO�
OFJHICPSIPPE�TJ[F�B� TQFDJGJD�WBMVF�PG�
TQBSTJUZ�NBYJNJ[FT�OP��PG�VOJRVF�DMVT-
UFST
t� 4FDPOE� QMPU� TIPXT� UIF� OVNCFS� PG�
VOJRVF�DMVTUFST�WT��UPUBM�BDUJWJUZ�GPS�EJG-
GFSFOU�WBMVFT�PG�TQBSTJUZ
t�'PS�TNBMMFS�WBMVFT�PG�TQBSTJUZ�UIF�OP��
PG� VOJRVF� DMVTUFST� HSPXT� GBTUFS� XJUI�
UIF�UPUBM�BDUJWJUZ

Background: Olfactory Stimuli and Circuits

A Possible Role for Randomness?

Discussion

Results

References

The Functional Role of Randomness in Olfactory Processing.
Kamesh Krishnamurthy¹=, Ann Hermundstad¹=, Thierry Mora²*, Aleksandra Walczak²*, Venkatesh Murthy³,

Charles Stevensಶ, Vijay Balasubramanian¹ (=,* equal contribution)

II-41

t�/BUVSBM�PEPST
�FWFO�DPNQMFY�POFT
�BSF�DPNQPTFE�
PG�B�TNBMM�GSBDUJPO�PG�UIF�QPTTJCMF�OVNCFS�PG�WPMB-
UJMF�NPMFDVMFT�BOE�IFODF�BSF��L�TQBSTF��JO�DIFNJDBM�
TQBDF�
t�0MGBDUPSZ�TFOTJOH�SFRVJSFT�JEFOUJöDBUJPO�BOE�TFH-
NFOUBUJPO� PG� WBSZJOH� BOE� OPWFM� DPNQMFY� PEPST�
BHBJOTU�B�IJHIMZ�WBSJBCMF��CBDLHSPVOE

.JYUVSFT�DBO�CF�EFDPEFE�GSPN�TNBMM�TVCTFUT
t�8F�VTF�NFBTVSFE�03/�SFTQPOTFT�GSPN<�>
t� $BMDVMBUF� NJYUVSF� SFTQPOTFT� GSPN� 03/� SFTQPOTFT� BT-
TVNJOH�MJOFBS�NPEFM
t�.PEFM�TFDPOE�TUBHF�SFTQPOTFT�XJUI�EJWJTJWF�OP<�>

t� %FDPSSFMBUJPO� BOE�FRVBMJ[BUJPO� JNQSPWFT�QFSGPSNBODF�
JO�TFDPOE�TUBHF�CZ�PSEFST�PG�NBHOJUVEF

$PNQVUBUJPOBM�NPEFM�DBO�HFOFSBUF�TQBSTF�BOE�EJTPS-
EFSFE�SFQSFTFOUBUJPOT�
t�5SBOTGPSNBUJPO�BU�UIF�TFDPOE�TUBHF�NPEFMFE�BT�B�EJWJTJWF�OPS-
NBMJ[BUJPO�<�>�
t�5IJSE�TUBHF�JT�NPEFMFE�CZ�B��NJYFE�QPQVMBUJPO�PG�FYDJUBUPSZ�BOE�
JOIJCJUPSZ�NPEFM�OFVSPOT�XJUI�MPOH�SBOHF�FYDJUBUPSZ�DPOOFDUJPOT�
BOE�MPDBM�JOIJCJUJPO<�
�>�
�t�1BSBNFUFST�DIPTFO�UP�QSPEVDF��TQBSTF�SFTQPOTFT

4QBUJBM��EJTPSEFS�PG�DPOOFDUJPOT�JNQSPWFT�PEPS�
TFQBSBUJPO�FWFO�GPS�TNBMM�TVCTFUT
t�/FVSPOT�JO�UIF�TFDPOE�TUBHF��QSFGFSFOUJBMMZ�QSPKFDU�UP�
MPDBM��SFHJPOT�	PG�SBEJVT�3
�JO�UIF�UIJSE�TUBHF�	PG�TJ[F�-

t�5PUBM�OVNCFS�PG�DPOOFDUJPOT�CFUXFFO�UIF�TFDPOE�BOE�
UIJSE�TUBHFT�LFQU�DPOTUBOU
�t��"U�BMM�WBMVFT�PG�3�-
�PEPST�BSF�CFUUFS�TFQBSBUFE�JO�UIF�
SBOEPN�NPEFM

t� 3BOEPN� MJOFBS� QSPKFDUJPOT� FóDJFOUMZ� QSPEVDF�
MPX�EJNFOTJPOBM�SFQSFTFOUBUJPOT�PG�L�TQBSTF�EBUB�
JO�B�IJHI�EJNFOTJPOBM�JOQVU�TQBDF
t�5IJT�TDIFNF�JT�VOJWFSTBM�BOE�XPSLT�GPS�CPUI�GB-
NJMJBS�BOE�OPWFM�JOQVUT��4FOTJOH�EPFT�OPU�EFQFOE�
PO�FYBDU�TUJNVMVT�TUBUJTUJDT�BOE�XPSLT�GPS�B�WBSJFUZ�
PG�PUIFS�MPX�EJNFOTJPOBM�TJHOBM�NPEFMT

t�0MGBDUPSZ�3FDFQUPS�/FVSPOT�	03/T
�IBWF�EJG-
GVTF� SFTQPOTFT�XIFSF�FBDI� SFDFQUPS� SFTQPOET�
UP�NBOZ�PEPST
�BOE�FBDI�PEPS�TUJNVMBUFT�NBOZ�
SFDFQUPST�
t� 03/T�PG� B�HJWFO� UZQF� DPOWFSHF� UP� UIF� TBNF�
TUSVDUVSF	HMPNFSVMVT
�JO�UIF�OFYU�TUBHF�PG�QSP-
DFTTJOH�	CVMC�BOUFOOBM�MPCF�GPS�WFSUFCSBUFT�JO-
WFSUFCSBUFT

t� 5IF� SFTQPOTFT� JO� UIF� TFDPOE� TUBHF� BSF�
HBJO�OPSNBMJ[FE� BOE� NPSF� EFDPSSFMBUFE� UIBO�
03/�SFTQPOTFT
t�5IF�QSPKFDUJPOT�GSPN�UIF�PMGBDUPSZ�CVMC�UP�UIF�
QJSJGPSN� DPSUFY� MBDL� BOZ� EJTDFSOJCMF� TQBUJBM�
PSEFS
�BOE�BSF�PCTFSWFE�UP�CF�TQBSTF

…
…

.PMFDVMFT

0
E
P
S
T

���
�)ZQPUIFTJT��5IF�EJòVTF�TFOTJOH�CZ��UIF�03/T�BOE�
TVCTFRVFOU�FYQBOTJWF�SBOEPN�QSPKFDUJPOT�UP�UIF�QJSJGPSN���DPSUFY�
FYJTU�UP�FYQMPJU�UIF�JOIFSFOUMZ�MPX�EJNFOTJPOBM�TUSVDUVSF�PG�PMGBDUPSZ�
TUJNVMJ�UP�QSPEVDF�DPNQBDU
�øFYJCMF�SFQSFTFOUBUJPOT�PG�PEPST�

%FDPEJOH�.JYUVSFT�GSPN�/FVSBM
3FTQPOTFT

.PEFM�0MGBDUPSZ�1BUIXBZ 3PMF�PG�4QBUJBM�3BOEPNOFTT

4QBSTJUZ�BOE�0EPS�3FQSFTFOUBUJPO�JO�4NBMM�4VCTFUT

/BUVSBM�PEPST�BSF�TQBSTF�JO�
DIFNPUPQJD�TQBDF

3BOEPN�QSPKFDUJPOT�QSPWJEF�B�DPN-
QBDU�SFQSFTFOUBUJPO�PG�TQBSTF�TJHOBMT

t�)PX�NBOZ�PEPST�
BSF�XFMM�SFQSFTFOUFE�
JO�B�TNBMM�QBUDI�
	_��
�PG�UIF�DPSUFY 
t� 3BOEPN� DPOOFD-
UJWJUZ� HJWFT� HPPE�
DPWFSBHF� PG� PEPST�
PWFS� BMM� QBUDIFT�
XIJMF� LFFQJOH� UIF�
BWFSBHF� OVNCFS� PG�
PEPST�QFS�QBUDI�MPX

t�0MGBDUPSZ�TZTUFN�NJHIU�VUJMJ[F�UIF�DPNQVUBUJPOBM�QPXFS�PG�SBOEPNOFTT�CPUI�JO�TFOTJOH�BOE�JO�
TVCTFRVFOU�USBOTGPSNBUJPOT�UP�QSPWJEF�B�SPCVTU�BOE�GMFYJCMF�SFQSFTFOUBUJPO
t�%JGGVTFOFTT�JO�TFOTJOH�QSPWJEFT�B�DPNQBDU�SFQSFTFOUBUJPO�PG�TQBSTF�IJHI�EJNFOTJPOBM�TJHOBMT
t�%JTPSEFS�JO�UIF�TVCTFRVFOU�QSPKFDUJPOT�QSPWJEFT�B�GMFYJCMF�SFQSFTFOUBUJPO�XIFSF�TNBMM�TVCTFUT�PG�
OFVSPOT�DBO�FGGJDJFOUMZ�TUPSF�JOGPSNBUJPO�BCPVU�DPNQMFY�PEPST
t�8F�IBWF�CVJMU�B�NPEFM�PG�UIF�PMGBDUPSZ�QBUIXBZ�UIBU�BMMPXT�VT�UP�JOWFTUJHBUF�UIF�SPMF�PG�WBSJPVT�DJS-
DVJU�FMFNFOUT�JO�TIBQJOH�UIJT�SFQSFTFOUBUJPO

0EPS�DPWFSBHF�CZ�TNBMM
�OPO�PWFSMBQQJOH��DMVTUFST 3FQSFTFOUBUJPO�PG�PEPST�JO�DMVTUFST�DFOUFSFE�BU�BDUJWF�TJUFT

�t�%JGGVTFOFTT�PG�PMGBDUPSZ�TFOTJOH�MFBET�UP�B�DPNQBDU�SFQSFTFOUBUJPO�PG�TQBSTF�IJHI�EJNFO-
TJPOBM�TJHOBMT

�t3BOEPNOFTT�JO�UIF�TVCTFRVFOU�QSPKFDUJPOT�QSPWJEFT�B�SFQSFTFOUBUJPO�XIFSF��
	B
�TNBMM�TVCTFUT�PG�OFVSPOT�TUPSF�JOGPSNBUJPO�BCPVU�DPNQMFY�PEPST

	C
�OPJTF�BOE�GJOJUF�CBOEXJEUI�MJNJU�UIF�DBQBDJUZ�GPS�BOZ�TNBMM�TVCTFU

	D
�EJGGFSFOU�TVCTFUT�PG�DPSUJDBM�OFVSPOT�XJMM�IBWF�MPX�PWFSMBQ�JO�UIF�PEPST�UIFZ�SFQSFTFOUT
�
CVU�DPMMFDUJWFMZ�QSPWJEF�B�MBSHF�DBQBDJUZ�

4FDPOE�4UBHF'JSTU�4UBHF

/P��PG�.JYUVSF�$PNQPOFOUT

4V
CT

FU
�4
J[
F

%
FD

PE
JO
H�
&S

SP
S

3 4 5

6

1

2

TFDPOE�TUBHF

UIJSE�TUBHF

QBSBNFUFST�JO�UIJSE�TUBHF�
�BSF�DIPTFO�UP�HJWF�TQBSTF


EJTUSJCVUFE�SFTQPOTFT�	UPQ�MFGU


MBUFSBM�BOE�GFFEGPSXBSE
JOIJCJUJPO�	MPDBM
�EFOTF


SFDVSSFOU�FYDJUBUJPO
	MPOH�SBOHF
�TQBSTF


BòFSFOU�FYDJUBUJPO

öSTU�TUBHF ��� ��� ��� ��� ��� ��� ��� ��� ��� ��� ��� ���

���

���

MBUFSBM�JOIJCJUJPO
	HMPCBM


BòFSFOU�FYDJUBUPSZ

UIJSE�TUBHF TFDPOE�TUBHF

��

��

��

��

0 �� �� 60 80 ���
4VCTFU�4J[F

$P
TJO

F�
%
JTU

BO
DF

R/L�����

R/L�����SBOEPN

R/L�����

$POOFDUJWJUZ�CFUXFFO�4FDPOE�BOE�5IJSE�4UBHFT

JODSFBTJOH�
OFJHICPSIPPE�TJ[F

���

0

��

��

60

80

���

���

���

���

0 �� �� 60 80 ���
OFJHICPSIPPE�TJ[F

TQ
BS
TJU

Z

TQBSTJUZ�UIBU�NBYJNJ[FT�Nunique

OP
��P

G�V
OJ
RV

F�
OF

JH
IC

PS
IP

PE
T�	

�N
un

iq
ue

 


TQBSTJUZ
���������������

80

60

��

��

0

/VNCFS�PG�3FTQPOTFT

/
P�
�P
G�6

OJ
RV

F�
3F

TQ
PO

TF
T

0 �� ��0 ��0 ��0 ���

JODSFBTJOH�TQBSTJUZ

/
P�
�P
G�P

EP
ST

4QBSTJUZ�PG�TUBHF���TUBHF��DPOO�

$PWFSBHF�CZ�MPDBMJ[FE�SFBE�PVUT

0QFSBUJOH�QPJOU�UIBU�HJWFT�
HPPE�DPWFSBHF�PG�PEPST�
XIJMF�LFFQJOH�UIF�OVNCFS�
PG�PEPST�QFS�SFBE�PVU�MPX�

���0MTFO�FU�BM���%JWJTJWF�OPSNBMJ[BUJPO�JO�PMGBDUPSZ�QPQVMBUJPO�DPEFT��
/FVSPO������	����
������
���)BMMFN
�&MJTTB�"�
�BOE�+PIO�3��$BSMTPO���$PEJOH�PG�PEPST�CZ�B�SFDFQUPS�
SFQFSUPJSF���$FMM�������	����
���������
���'SBOLT
�,FWJO�.�
�FU�BM���3FDVSSFOU�DJSDVJUSZ�EZOBNJDBMMZ�TIBQFT�UIF�
BDUJWBUJPO�PG�QJSJGPSN�DPSUFY���/FVSPO������	����
��������
���1PP
�$JOEZ
�BOE�+FòSZ�4��*TBBDTPO���"�NBKPS�SPMF�GPS�JOUSBDPSUJDBM�DJS-
DVJUT�JO�UIF�TUSFOHUI�BOE�UVOJOH�PG�PEPS�FWPLFE�FYDJUBUJPO�JO�PMGBDUPSZ�
DPSUFY���/FVSPO������	����
��������

����6OJWFSTJUZ�PG�1FOOTZMWBOJB
�����²DPMF�/PSNBMF�4VQÏSJFVSF
����)BSWBSE��6OJWFSTJUZ
�ಶ�4BML�*OTUJUVUF

Natural odours are sparse 
in “chemotopic” space



Olfaction & Disordered Sensing?
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Background: Olfactory Stimuli and Circuits

A Possible Role for Randomness?

Discussion

Results
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The typical odor contains 
maybe ~50 of the millions 
of possible molecules 

If each receptor binds with “random” affinities to volatile molecules 
then you  only need ~O(100) sensors to represent all odors.    

Does the olfactory system use this approach?

Key Property:  Diffuse randomized sensing



The disordered structure of  olfactory circuits 

Maybe the brain disorders odor information as 
mathematicians would recommend

olfactory receptors:
bind diffusely to odorants

chemotopic space:
high-dimensional

disordered projections:
distribute information for flexible learning

glomerular transformation:
densifies and decorrelates

appetitive
aversive

natural odors:
sparse 

odorant
molecules 

mixture composition
vector

Stage 1
Olfactory Receptor

Neurons (ORNs)

Stage 2
Antennal Lobe (insects)

Olfactory Bulb (mammals)

Stage 3
Mushroom Body (insects)

Piriform Cortex (mammals)

Input Space



Stage 1: Receptors and random sensing

olfactory receptors:
bind diffusely to odorants

chemotopic space:
high-dimensional

disordered projections:
distribute information for flexible learning

glomerular transformation:
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appetitive
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odorant
molecules 

mixture composition
vector

Stage 1
Olfactory Receptor

Neurons (ORNs)

Stage 2
Antennal Lobe (insects)

Olfactory Bulb (mammals)

Stage 3
Mushroom Body (insects)

Piriform Cortex (mammals)

Input Space



1

6

14

10

1 105 15 20 24

0 1

m
ix

tu
re

 c
om

pl
ex

ity
 (K

)

subset size (n)

decoding error

O
RN

s
Stage 1: Decoding from receptor responses 

odorants

Drosophila
Hallem & Carlson
24 receptors
110 odorants

= response of receptor i to odor j

Linear sensing model:

Decoding error = fraction of 
decoded odors that differ from 
original by more than 1% in norm

• 67% of odors with 5 or fewer 
components drawn from 110 
odorants can be accurately 
decoded from responses of 24 
receptors.    

• There are ~100 million such 
mixtures

Mixture complexity = number 
of odor components in a mixture

min max



Decoding odor mixtures from receptor responses 

• scrambled = random 
permutation of 
Drosophila sensing 
matrix

• labeled-line = 
threshold to keep 
the k largest 
responses (k = 5)

• Gaussian = ideal 
random sensing 
model

Receptors approach 
ideal performance0
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Stage 2:  Decorrelation in the olfactory bulb

olfactory receptors:
bind diffusely to odorants

chemotopic space:
high-dimensional

disordered projections:
distribute information for flexible learning

glomerular transformation:
densifies and decorrelates

appetitive
aversive

natural odors:
sparse 
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molecules 

mixture composition
vector
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Stage 3:  Random expansion to cortex 

olfactory receptors:
bind diffusely to odorants

chemotopic space:
high-dimensional

disordered projections:
distribute information for flexible learning

glomerular transformation:
densifies and decorrelates

appetitive
aversive

natural odors:
sparse 

odorant
molecules 

mixture composition
vector

Stage 1
Olfactory Receptor

Neurons (ORNs)

Stage 2
Antennal Lobe (insects)

Olfactory Bulb (mammals)

Stage 3
Mushroom Body (insects)

Piriform Cortex (mammals)

Input Space



• Adaptation to the environment and to the task

• Constraints of neural computation

• Efficiency and parsimony 

The maps inside your head
Towards a theory of functional maps and computational 
repertoires in the brain — today, examples from vision, 
olfaction & spatial cognition

An attempt to explain the immense diversity and complexity 
of computational architecture in the brain



 More generally, the same ideas turn out to be relevant 
for understanding “functional repertoires” in e.g. the 
immune system, biochemical circuits in cells.

For the future

Landscape of pathogens

Coverage by
one antibody



The End



Stage 3: Densification and disorder increase robustness 
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Stage 2: Decorrelation

The nonlinear transformation decorrelates the receptor responses.

glomeruliORNs
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correlation



Animals can learn arbitrary associations from cortex

• Random ensembles 
of cortical neurons 
can be entrained to 
elicit appetitive and 
aversive behaviours 

• A random ensemble 
can go from appetitive 
to aversive to 
appetitive

• Location of the 
ensemble in the 
piriform does not 
seem to matter 

• Similar results in fly 

Choi et al.
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min max
connection strength

locally
structured
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random

stage 2

Alternative models of connectivity

• Random: a reasonable 
interpretation of data 

• Secretly Structured: a 
possible alternative
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firing rate

Stage 2: Decorrelation and diffusion of responses

Odor receptor responses are nonlinearly transformed by circuitry in the 
glomeruli of the second stage.  Empirical model (divisive normalization)

Responses are spread out more evenly and broadly



Transformed responses are easier to decode 

Scrambling leaves results unchanged — only the 
overall distribution of responses matters
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elicit distinct behaviors. Thus, an experimentally generated
network comprised of a small ensemble of piriform neurons, acti-
vated in the absence of sensory input, is sufficient to elicit one of
multiple, learned behavioral outputs.
Each odorant activates 3%–15% of the neurons distributed

across the piriform cortex without spatial preference (Stettler
and Axel, 2009). Photostimulation of as few as 300 spatially
localized neurons in piriform, about 0.5% the number of neu-
rons activated by odor, is capable of eliciting both appetitive
and aversive behaviors. Moreover, we demonstrate that photo-
stimulation of neuronal ensembles at several positions across
the piriform is capable of eliciting aversive behavior, indicating
that valence is not spatially segregated in the piriform. Taken
together, these observations imply that the piriform cortex
does not use spatial order to map olfactory input (Ghosh et al.,
2011; Miyamichi et al., 2011; Sosulski et al., 2011; Stettler and
Axel, 2009) or behavioral output.
How does the same ensemble of piriform neurons elicit behav-

ioral outputs of different valence? In one model, each neuron
within an ensemble connects with multiple, different behavioral
outputs and learning reinforces only one of these outputs to
assure an appropriate response. Alternatively, different subsets

of neurons within the ensemble may be connected with distinct
behavioral outputs and learning will enhance the output of only
one subset of neurons. If the piriform is comprised of subsets
of neurons dedicated to distinct behavioral outputs, our data
indicate that these neurons do not reside within gross, spatially
defined domains. We have not determined the brain regions
responsible for these behavioral outputs. Piriform projects to
multiple downstream areas, including amygdala, tubercle and
prefrontal cortex that have been implicated in motivated
behavior. Piriform also sends recurrent projections to the olfac-
tory bulb that arborize in the granule cell layer (Shepherd,
2004). It remains possible that this feedback also participates
in eliciting the observed behaviors.
This experimental scenario may provide insight into the neural

processing that transforms olfactory sensory input into behav-
ioral output. In the piriform, projections from individual glomeruli
are distributed throughout the cortex without apparent topo-
graphic order (Ghosh et al., 2011; Miyamichi et al., 2011; Sosul-
ski et al., 2011). Individual odors activate a distributed subpopu-
lation of neurons across the cortex without spatial preference
(Illig and Haberly, 2003; Poo and Isaacson, 2009; Rennaker
et al., 2007; Stettler and Axel, 2009; Sugai et al., 2005; Zhan

Figure 6. The Same Ensemble of ChR2-Expressing Neurons Can Be Entrained to Elicit Appetitive and Aversive Behaviors
(A) A schematic of the sequential training of ChR2-expressing animals to produce appetitive and aversive behaviors.

(B) A subset ofmice shown in Figure 4B, whichwere trained in an appetitive water reward behavior, was subsequently trained in the aversive foot shock paradigm.

The percentage of trials in which animals exhibited flight behavior in response to photostimulation alone during the testing phase is plotted for ChR2-expressing

(Emx1: n = 1, dual virus with > 300 ChR2+ neurons: n = 4) and control animals (n = 6).

(C) The average lick number over the last three training blocks of sequentially trained animals (from Figure 4B and Figure 6B) before and after aversive conditioning

with the same ensemble. ChR2 before aversive: number of licks following CS+ and CS- for ChR2-expressing mice during initial appetitive conditioning (CS+ =

58.68 ± 9.76 licks and CS- = 14.43 ± 9.99 licks, n = 5). ChR2 After Aversive: number of licks following CS+ and CS- for these mice after sequential appetitive-

aversive conditioning (CS+ = 12.81 ± 15.96 licks and CS- = 11.39 ± 8.21 licks, n = 5). Control After Aversive: number of licks following CS+ and CS- for control

animals after sequential appetitive-aversive conditioning (CS+ = 35.58 ± 13.05 licks and CS- = 34.29 ± 4.94 licks, n = 5).

Cell 146, 1004–1015, September 16, 2011 ª2011 Elsevier Inc. 1011

Animals can reversibly learn arbitrary odor associations

We have determined the number of ChR2-expressing cells
required to elicit conditioned aversive behavior. It was possible
to titrate the frequency of ChR2-expressing cells in mice in which
the ChR2 expression was dependent upon dual infection with
virus encoding Cre-dependent ChR2 and a second Cre-
expressing virus. Animals with fewer than 200 piriform neurons
expressing ChR2 failed to exhibit a behavioral response to the
photostimulation after training (4.71 ± 7.39%, n = 6) (Figure 3A).
Mice with about 300 ChR2-expressing cells exhibited flight
behavior in 30% of the trials (28.56 ± 20.19%, n = 4). Mice with
more than 500 ChR2-expressing cells exhibited this behavior
in 95%of the trials (93.1 ± 13.79%, n = 4). This behavioral scaling
with cell number was also observed when we scored the
distance run in response to photostimulation (Figure 3B).
Each odor activates about 100,000 neurons distributed across

the piriform cortex without spatial preference (Stettler and Axel,
2009). ChR2-expressing neurons, however, localize to restricted
domains that occupy less than 10% of the piriform (0.35 to
1.0 mm in diameter). We have demonstrated that each of 18
independent ensembles at different locations across about
30% of piriform is capable of eliciting aversive behavior (Fig-

ure 3C and Table S1 available online). The observation that aver-
sive behavior can be entrained at multiple loci distributed across
the piriform indicates that valence of behavioral output is not
spatially segregated in the piriform cortex.
We have compared the efficiency with which odor and photo-

stimulation served as a conditioned stimulus to elicit flight
behavior. Pairing of odor exposure with foot shock resulted in
a consistent aversive response to odor alone after 10 CS-US
pairings (10.25 ± 0.96 pairings, n = 4). Approximately twice as
many pairings were required to elicit flight behavior in mice ex-
pressing ChR2 in a subpopulation of piriform neurons (18 ±
4.02 pairings, n = 11) (Figure 3D). Thus, the activation of an
ensemble of 500 piriform neurons approaches the efficacy of
odor activation of 100,000 neurons (Stettler and Axel, 2009), in
eliciting conditioned aversion.

An Ensemble of Neurons Trained to Elicit Appetitive
Behavior
We next asked whether the photostimulation of an ensemble of
piriform neurons expressing ChR2 could elicit appetitive behav-
ioral responses if paired with a rewarding US. We modified

Figure 2. Ensembles of ChR2-Expressing
Piriform Neurons Entrained to Elicit Aver-
sive Behavior
(A) Schematic of the apparatus used for the

aversive conditioning paradigm. During training,

photostimulation of ChR2-expressing neurons

in piriform, the conditioned stimulus (CS), was

paired with foot shock, the unconditioned stim-

ulus (US), applied only on the side of the arena

where the animal was located at the time of pho-

tostimulation. The animals escaped foot shock by

running to the opposite side.

(B) The percentage of trials in which animals ex-

hibited flight behavior in response to the CS alone

during the testing phase. hSynapsin1 = ChR2

expression driven from the human Synapsin1

promoter (n = 7); Emx1 = ChR2 expression driven

by the Emx1 promoter (n = 4); dual virus = ChR2

expression generated by coinfection of Cre and

Cre-dependent ChR2 viruses (animals with > 300

ChR2+neurons, n =10); (!) virus=no viral injection

(n = 3); EGFP = virus encoding EGFP but not ChR2

was injected into piriform (n = 6); (!) photo-

stimulation = ChR2 expression driven by the

hSynapsin1 promoter without photostimulation

during training (n = 3); Unpaired CS/US = ChR2

expression was driven from the human Synapsin1

promoter but foot shock application was not

contingent upon photostimulation (i.e., equal

numbers of CSs and USs were presented in ran-

dom order with delays always exceeding 1 min,

n = 4); Reversed CS/US = ChR2 expression was

generated by the dual virus strategy but foot shock

application preceded photostimulation (n = 3).

(C) The percentage of time naiveChR2-expressing

animals spent in each chamber during a 5 min (n = 2) or 10 min (n = 8) testing period. One of the side chambers in a three-chambered arena was chosen as the (+)

photostimulated compartment. Photostimulation was applied only when the animals entered the (+) photostimulated chamber. Training was not involved. ChR2

was densely expressed using the dual virus strategy.

(D) The percentage of trials in which ChR2-expressing animals (n = 3) exhibited flight behavior in response to a complete multi-component CS or its components

after training in the aversive conditioning paradigm. The complete CS was an odorant mix (ethyl acetate + citronellol) codelivered with photostimulation. Odorant

component was either ethyl acetate or citronellol. ChR2 was densely expressed using the dual virus strategy.

Cell 146, 1004–1015, September 16, 2011 ª2011 Elsevier Inc. 1007
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Fig. 1. Our Proposal: The olfactory system uses two kinds of disorder to enable flexible associations between odors

and behaviors. (i) Natural odors contain a tiny fraction of the monomolecular odorants. (ii) Olfactory receptor neurons respond di↵usely to a broad range of odorants,
densely embedding high dimensional but sparse odor information in the low dimensional space of neural responses. (iii) Neural responses are normalized and decorrelated in
the antennal lobe/olfactory bulb. (iv) Di↵use projections from the second to third stages of processing, followed by nonlinearities, create a sparse and disordered representation
of odors, that facilitates flexible learning of odor categories from small, arbitrary subsets of neurons.

tration vector of natural odors is extremely sparse (Fig. 1).
Suppose there are N types of volatile molecules, and any
given natural odors contains no more than K ⌧ N . Then,
recent results in mathematics show that complete informa-
tion about natural odors could be stored in the responses of
O(K logN/K) linear sensors of molecular concentration with
statistically random binding a�nities to molecules [2, 6, 15].
This fact suggests a new perspective on the olfactory system.
Rather than having strong responses for a specific set of impor-
tant molecules, a general purpose receptor repertoire should be
selected to have a�nities that are as random as permitted by
the biophysics and evolutionary lineage of the receptor. Like-
wise, the quality of olfaction as a general purpose sense will
be determined by the degree of disorder in response patterns.

Is there evidence for this view? Indeed, most Olfactory Re-
ceptor Neuron (ORN) types respond to many odorants, and
most odorants evoke responses from diverse ORN types (in-
sect: [8, 17]; mammal: [33]). To assess the quality of the em-
bedding of natural odors in ORN responses, we analyzed firing
rates of 24 ORN types in Drosophila responding to a panel of
110 monomolecular odorants [17]. We used this data to model
responses to complex but sparse mixtures of odorants of the
sort that occur in natural odors. In general, ORN responses
to mixtures are nonlinear, but a linear model provides a rea-
sonable approximation at low concentrations [24]. Hence, we
extracted a firing rate matrix R from the data in [17], and
assumed that in response to an odor composition vector ~x,
the ORN firing rates ~y are given by ~y = R ~x. To construct
mixture compositions ~x, we selected small subsets of odorants
and set their concentrations relative to [17] to uniformly cho-
sen random values between 0 and 2. We then attempted to
decode composition vectors ~x from responses ~y using the opti-
mal algorithm of [5,6,15]. We deemed the result a failure if the
reconstructed vector di↵ers from the original by more than 1%
in norm, and defined the decoding error as the failure proba-
bility over an odorant mixture ensemble (see Methods). This
is an extremely stringent criterion of quality that we are using
to quantify the e↵ectiveness of olfactory receptors; olfactory
behavior probably does not require this level of accuracy.
Fig. 2A shows the decoding error for di↵erent mixture sizes

(number of non-zero components) and di↵erent numbers of

ORN types, averaged over mixtures and subsets of the 24
ORNs in the Drosophila dataset of [17]. As expected, increas-
ing the number of receptors or decreasing mixture complexity
improves performance. We compared decoding from the ORNs
to two idealized alternatives: (1) a Gaussian random response
matrix with entries adjusted to the same range as the ORNs,
and (2) a “labeled line” where each receptor responds (with
the same strength) to only five randomly selected odorants.
The Gaussian model would be optimal for a large odor space
and many receptors [5], while labeled lines are often considered
to be plausible interpretations of olfactory receptor function.
TheDrosophila ORNs significantly outperform the labeled line
and approach the performance of the Gaussian random model
(Fig. 2B). Quantitatively, 67% of mixtures with 5 or fewer
components drawn from 110 odorants can be reconstructed
with less than 1% error from the responses of the 24 insect
receptors. There are a staggering 100 million such mixtures.
Again, this is not to say that the fly brain attempts to recon-
struct all these odors with such an accuracy, but it does say
that the receptors contain the necessary information.

The excellent decoding performance might depend on de-
tails of how specific receptors respond to specific odors, or
perhaps only the broad distribution of responses is important.
To test, we constructed models where the Drosophila response
matrix was randomly shu✏ed over receptors, over odors, and
over both receptors and odors (Fig. 2B, shu✏ed models).
Shu✏ing receptors degrades decoding performance compared
to the ORNs (Fig. 2D), suggesting that the response distribu-
tion over odors for individuals receptors matters for quality of
the olfactory representation. Shu✏ing odors improves perfor-
mance somewhat, suggesting that correlations across receptors
in responses to a given odor degrade the olfactory representa-
tion (Fig. 2D). Simultaneously shu✏ing both odors and recep-
tors leads to a sensing matrix that performs nearly identically
to the data, reflecting opposite e↵ects of structure across odors
vs. across receptors in the sensing matrix (Fig. 2D).

Decoding performance might depend only on the largest re-
ceptor responses, or smaller responses might also be impor-
tant. To test, we adapted an approach used in theoretical
immunology [25,32] to treat receptors as sensors of molecular
shape. In this approach, odorants are points in a continuous
abstract “shape” space in which receptors have a receptive
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tration vector of natural odors is extremely sparse (Fig. 1).
Suppose there are N types of volatile molecules, and any
given natural odors contains no more than K ⌧ N . Then,
recent results in mathematics show that complete informa-
tion about natural odors could be stored in the responses of
O(K logN/K) linear sensors of molecular concentration with
statistically random binding a�nities to molecules [2, 6, 15].
This fact suggests a new perspective on the olfactory system.
Rather than having strong responses for a specific set of impor-
tant molecules, a general purpose receptor repertoire should be
selected to have a�nities that are as random as permitted by
the biophysics and evolutionary lineage of the receptor. Like-
wise, the quality of olfaction as a general purpose sense will
be determined by the degree of disorder in response patterns.

Is there evidence for this view? Indeed, most Olfactory Re-
ceptor Neuron (ORN) types respond to many odorants, and
most odorants evoke responses from diverse ORN types (in-
sect: [8, 17]; mammal: [33]). To assess the quality of the em-
bedding of natural odors in ORN responses, we analyzed firing
rates of 24 ORN types in Drosophila responding to a panel of
110 monomolecular odorants [17]. We used this data to model
responses to complex but sparse mixtures of odorants of the
sort that occur in natural odors. In general, ORN responses
to mixtures are nonlinear, but a linear model provides a rea-
sonable approximation at low concentrations [24]. Hence, we
extracted a firing rate matrix R from the data in [17], and
assumed that in response to an odor composition vector ~x,
the ORN firing rates ~y are given by ~y = R ~x. To construct
mixture compositions ~x, we selected small subsets of odorants
and set their concentrations relative to [17] to uniformly cho-
sen random values between 0 and 2. We then attempted to
decode composition vectors ~x from responses ~y using the opti-
mal algorithm of [5,6,15]. We deemed the result a failure if the
reconstructed vector di↵ers from the original by more than 1%
in norm, and defined the decoding error as the failure proba-
bility over an odorant mixture ensemble (see Methods). This
is an extremely stringent criterion of quality that we are using
to quantify the e↵ectiveness of olfactory receptors; olfactory
behavior probably does not require this level of accuracy.
Fig. 2A shows the decoding error for di↵erent mixture sizes

(number of non-zero components) and di↵erent numbers of

ORN types, averaged over mixtures and subsets of the 24
ORNs in the Drosophila dataset of [17]. As expected, increas-
ing the number of receptors or decreasing mixture complexity
improves performance. We compared decoding from the ORNs
to two idealized alternatives: (1) a Gaussian random response
matrix with entries adjusted to the same range as the ORNs,
and (2) a “labeled line” where each receptor responds (with
the same strength) to only five randomly selected odorants.
The Gaussian model would be optimal for a large odor space
and many receptors [5], while labeled lines are often considered
to be plausible interpretations of olfactory receptor function.
TheDrosophila ORNs significantly outperform the labeled line
and approach the performance of the Gaussian random model
(Fig. 2B). Quantitatively, 67% of mixtures with 5 or fewer
components drawn from 110 odorants can be reconstructed
with less than 1% error from the responses of the 24 insect
receptors. There are a staggering 100 million such mixtures.
Again, this is not to say that the fly brain attempts to recon-
struct all these odors with such an accuracy, but it does say
that the receptors contain the necessary information.

The excellent decoding performance might depend on de-
tails of how specific receptors respond to specific odors, or
perhaps only the broad distribution of responses is important.
To test, we constructed models where the Drosophila response
matrix was randomly shu✏ed over receptors, over odors, and
over both receptors and odors (Fig. 2B, shu✏ed models).
Shu✏ing receptors degrades decoding performance compared
to the ORNs (Fig. 2D), suggesting that the response distribu-
tion over odors for individuals receptors matters for quality of
the olfactory representation. Shu✏ing odors improves perfor-
mance somewhat, suggesting that correlations across receptors
in responses to a given odor degrade the olfactory representa-
tion (Fig. 2D). Simultaneously shu✏ing both odors and recep-
tors leads to a sensing matrix that performs nearly identically
to the data, reflecting opposite e↵ects of structure across odors
vs. across receptors in the sensing matrix (Fig. 2D).

Decoding performance might depend only on the largest re-
ceptor responses, or smaller responses might also be impor-
tant. To test, we adapted an approach used in theoretical
immunology [25,32] to treat receptors as sensors of molecular
shape. In this approach, odorants are points in a continuous
abstract “shape” space in which receptors have a receptive
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tration vector of natural odors is extremely sparse (Fig. 1).
Suppose there are N types of volatile molecules, and any
given natural odors contains no more than K ⌧ N . Then,
recent results in mathematics show that complete informa-
tion about natural odors could be stored in the responses of
O(K logN/K) linear sensors of molecular concentration with
statistically random binding a�nities to molecules [2, 6, 15].
This fact suggests a new perspective on the olfactory system.
Rather than having strong responses for a specific set of impor-
tant molecules, a general purpose receptor repertoire should be
selected to have a�nities that are as random as permitted by
the biophysics and evolutionary lineage of the receptor. Like-
wise, the quality of olfaction as a general purpose sense will
be determined by the degree of disorder in response patterns.

Is there evidence for this view? Indeed, most Olfactory Re-
ceptor Neuron (ORN) types respond to many odorants, and
most odorants evoke responses from diverse ORN types (in-
sect: [8, 17]; mammal: [33]). To assess the quality of the em-
bedding of natural odors in ORN responses, we analyzed firing
rates of 24 ORN types in Drosophila responding to a panel of
110 monomolecular odorants [17]. We used this data to model
responses to complex but sparse mixtures of odorants of the
sort that occur in natural odors. In general, ORN responses
to mixtures are nonlinear, but a linear model provides a rea-
sonable approximation at low concentrations [24]. Hence, we
extracted a firing rate matrix R from the data in [17], and
assumed that in response to an odor composition vector ~x,
the ORN firing rates ~y are given by ~y = R ~x. To construct
mixture compositions ~x, we selected small subsets of odorants
and set their concentrations relative to [17] to uniformly cho-
sen random values between 0 and 2. We then attempted to
decode composition vectors ~x from responses ~y using the opti-
mal algorithm of [5,6,15]. We deemed the result a failure if the
reconstructed vector di↵ers from the original by more than 1%
in norm, and defined the decoding error as the failure proba-
bility over an odorant mixture ensemble (see Methods). This
is an extremely stringent criterion of quality that we are using
to quantify the e↵ectiveness of olfactory receptors; olfactory
behavior probably does not require this level of accuracy.
Fig. 2A shows the decoding error for di↵erent mixture sizes

(number of non-zero components) and di↵erent numbers of

ORN types, averaged over mixtures and subsets of the 24
ORNs in the Drosophila dataset of [17]. As expected, increas-
ing the number of receptors or decreasing mixture complexity
improves performance. We compared decoding from the ORNs
to two idealized alternatives: (1) a Gaussian random response
matrix with entries adjusted to the same range as the ORNs,
and (2) a “labeled line” where each receptor responds (with
the same strength) to only five randomly selected odorants.
The Gaussian model would be optimal for a large odor space
and many receptors [5], while labeled lines are often considered
to be plausible interpretations of olfactory receptor function.
TheDrosophila ORNs significantly outperform the labeled line
and approach the performance of the Gaussian random model
(Fig. 2B). Quantitatively, 67% of mixtures with 5 or fewer
components drawn from 110 odorants can be reconstructed
with less than 1% error from the responses of the 24 insect
receptors. There are a staggering 100 million such mixtures.
Again, this is not to say that the fly brain attempts to recon-
struct all these odors with such an accuracy, but it does say
that the receptors contain the necessary information.

The excellent decoding performance might depend on de-
tails of how specific receptors respond to specific odors, or
perhaps only the broad distribution of responses is important.
To test, we constructed models where the Drosophila response
matrix was randomly shu✏ed over receptors, over odors, and
over both receptors and odors (Fig. 2B, shu✏ed models).
Shu✏ing receptors degrades decoding performance compared
to the ORNs (Fig. 2D), suggesting that the response distribu-
tion over odors for individuals receptors matters for quality of
the olfactory representation. Shu✏ing odors improves perfor-
mance somewhat, suggesting that correlations across receptors
in responses to a given odor degrade the olfactory representa-
tion (Fig. 2D). Simultaneously shu✏ing both odors and recep-
tors leads to a sensing matrix that performs nearly identically
to the data, reflecting opposite e↵ects of structure across odors
vs. across receptors in the sensing matrix (Fig. 2D).

Decoding performance might depend only on the largest re-
ceptor responses, or smaller responses might also be impor-
tant. To test, we adapted an approach used in theoretical
immunology [25,32] to treat receptors as sensors of molecular
shape. In this approach, odorants are points in a continuous
abstract “shape” space in which receptors have a receptive
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