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How can we talk about mechanisms of vision?!
!
✖	  
Describe visual functions: !
form perception, !
color perception,!
face  recognition, !
visual attention!
disparity!
iconic memory!
!
!



vanEssen	  &	  Gallant	  1994	  

Phenomenological	  
	  
Vision	  



Figure 1a shows the responses of a single unit in the left posterior
hippocampus to a selection of 30 out of the 87 pictures presented to
the patient. None of the other pictures elicited a statistically signifi-
cant response. This unit fired to all pictures of the actress Jennifer
Aniston alone, but not (or only very weakly) to other famous and
non-famous faces, landmarks, animals or objects. Interestingly, the
unit did not respond to pictures of Jennifer Aniston together with the
actor Brad Pitt (but see Supplementary Fig. 2). Pictures of Jennifer
Aniston elicited an average of 4.85 spikes (s.d. ! 3.59) between 300
and 600ms after stimulus onset. Notably, this unit was nearly silent

during baseline (average of 0.02 spikes in a 700-ms pre-stimulus time
window) and during the presentation of most other pictures
(Fig. 1b). Figure 1b plots the median number of spikes (across trials)
in the 300–1,000-ms post-stimulus interval for all 87 pictures shown
to the patient. The histogram shows amarked differential response to
pictures of Jennifer Aniston (red bars).
Next, we quantified the degree of invariance using a receiver

operating characteristic (ROC) framework15. We considered as the
hit rate (y axis) the relative number of responses to pictures of a
specific individual, object, animal or landmark building, and as

Figure 1 | A single unit in the left posterior hippocampus activated
exclusively by different views of the actress Jennifer Aniston.
a, Responses to 30 of the 87 images are shown. There were no statistically
significant responses to the other 57 pictures. For each picture, the
corresponding raster plots (the order of trial number is from top to bottom)
and post-stimulus time histograms are given. Vertical dashed lines indicate
image onset and offset (1 s apart). Note that owing to insurmountable
copyright problems, all original images were replaced in this and all
subsequent figures by very similar ones (same subject, animal or building,
similar pose, similar colour, line drawing, and so on). b, The median

responses to all pictures. The image numbers correspond to those in a. The
two horizontal lines show the mean baseline activity (0.02 spikes) and the
mean plus 5 s.d. (0.82 spikes). Pictures of Jennifer Aniston are denoted by
red bars. c, The associated ROC curve (red trace) testing the hypothesis that
the cell responded in an invariant manner to all seven photographs of
Jennifer Aniston (hits) but not to other images (including photographs of
Jennifer Aniston and Brad Pitt together; false positives). The grey lines
correspond to the same ROC analysis for 99 surrogate sets of 7 randomly
chosen pictures (P , 0.01). The area under the red curve is 1.00.
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Invariant visual representation by single neurons in
the human brain
R. Quian Quiroga1,2†, L. Reddy1, G. Kreiman3, C. Koch1 & I. Fried2,4

It takes a fraction of a second to recognize a person or an object
even when seen under strikingly different conditions. How such a
robust, high-level representation is achieved by neurons in the
human brain is still unclear1–6. In monkeys, neurons in the upper
stages of the ventral visual pathway respond to complex images
such as faces and objects and show some degree of invariance to
metric properties such as the stimulus size, position and viewing
angle2,4,7–12. We have previously shown that neurons in the human
medial temporal lobe (MTL) fire selectively to images of faces,
animals, objects or scenes13,14. Here we report on a remarkable
subset of MTL neurons that are selectively activated by strikingly
different pictures of given individuals, landmarks or objects and
in some cases even by letter strings with their names. These results
suggest an invariant, sparse and explicit code, which might be
important in the transformation of complex visual percepts into
long-term and more abstract memories.
The subjects were eight patients with pharmacologically intract-

able epilepsy who had been implanted with depth electrodes to
localize the focus of seizure onset. For each patient, the placement of
the depth electrodes, in combination with micro-wires, was deter-
mined exclusively by clinical criteria13. We analysed responses of
neurons from the hippocampus, amygdala, entorhinal cortex and
parahippocampal gyrus to images shown on a laptop computer in 21
recording sessions. Stimuli were different pictures of individuals,
animals, objects and landmark buildings presented for 1 s in pseudo-
random order, six times each. An unpublished observation in our
previous recordings was the sometimes surprising degree of
invariance inherent in the neuron’s (that is, unit’s) firing behaviour.
For example, in one case, a unit responded only to three completely
different images of the ex-president Bill Clinton. Another unit (from
a different patient) responded only to images of The Beatles, another
one to cartoons from The Simpson’s television series and another one
to pictures of the basketball player Michael Jordan. This suggested
that neurons might encode an abstract representation of an individ-
ual. We here ask whether MTL neurons can represent high-level
information in an abstract manner characterized by invariance to the
metric characteristics of the images. By invariance we mean that a
given unit is activated mainly, albeit not necessarily uniquely, by
different pictures of a given individual, landmark or object.
To investigate further this abstract representation, we introduced

several modifications to optimize our recording and data processing
conditions (see Supplementary Information) and we designed a
paradigm to systematically search for and characterize such invariant
neurons. In a first recording session, usually done early in the
morning (screening session), a large number of images of famous
persons, landmark buildings, animals and objects were shown. This
set was complemented by images chosen after an interview with the

patient. The mean number of images in the screening session was
93.9 (range 71–114). The data were quickly analysed offline to
determine the stimuli that elicited responses in at least one unit
(see definition of response below). Subsequently, in later sessions
(testing sessions) between three and eight variants of all the stimuli
that had previously elicited a response were shown. If not enough
stimuli elicited significant responses in the screening session, we
chose those stimuli with the strongest responses. On average, 88.6
(range 70–110) different images showing distinct views of 14 indi-
viduals or objects (range 7–23) were used in the testing sessions.
Single views of random stimuli (for example, famous and non-
famous faces, houses, animals, etc) were also included. The total
number of stimuli was determined by the time available with the
patient (about 30min on average). Because in our clinical set-up the
recording conditions can sometimes change within a few hours, we
always tried to perform the testing sessions shortly after the screening
sessions in order to maximize the probability of recording from the
same units. Unless explicitly stated otherwise, all the data reported in
this study are from the testing sessions. To hold their attention,
patients had to perform a simple task during all sessions (indicating
with a key press whether a human face was present in the image).
Performance was close to 100%.
We recorded from a total of 993 units (343 single units and 650

multi-units), with an average of 47.3 units per session (16.3 single
units and 31.0 multi-units). Of these, 132 (14%; 64 single units and
68 multi-units) showed a statistically significant response to at least
one picture. A response was considered significant if it was larger
than the mean plus 5 standard deviations (s.d.) of the baseline and
had at least two spikes in the post-stimulus time interval considered
(300–1,000ms). All these responses were highly selective: for the
responsive units, an average of only 2.8% of the presented pictures
(range: 0.9–22.8%) showed significant activations according to this
criterion. This high selectivity was also present in the screening
sessions, where only 3.1% of the pictures shown elicited responses
(range: 0.9–18.0%). There was no significant difference between the
relative number of responsive pictures obtained in the screening and
testing sessions (t-test, P ! 0.40). Responses started around 300ms
after stimulus onset and had mainly three non-exclusive patterns of
activation (with about one-third of the cells having each type of
response): the response disappeared with stimulus offset, 1 s after
stimulus onset; it consisted of a rapid sequence of about 6 spikes
(s.d. ! 5) between 300 and 600ms after stimulus onset; or it was
prolonged and continued up to 1 s after stimulus offset. For this
study, we calculated the responses in a time window between 300 and
1,000ms after stimulus onset. In a few cases we also observed cells
that responded selectively only after the image was removed from
view (that is, after 1 s). These are not further analysed here.
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It takes 110-140 ms to perceive a visual scene: the job must be done  in < 150 ms !



Bullier 2001!

r(t) 



How can we talk about mechanisms of vision? !
!
Explain how it works by using concepts borrowed !
from other disciplines:!
!
Feedback, gain, feed-forward (control theory)!
Signal, noise, signal energy (signal theory)!
Computations, input, buffers (computer theory)!
Information, code, encoding, decoding !
(information theory)!
!
!
!



Hermann	  von	  Helmholtz	  

writes	  “	  VISION	  IS	  INDIRECT	  	  
AND	  AN	  UNDERDETERMINED	  PROCESS”	  



Vision	  is	  indirect,	  and	  an	  unconscious	  process	  



During	  	  the	  150	  ms	  the	  spiking	  is	  highly	  non-‐linear	  and	  dynamic	  

0	  

Non-‐linear	  non-‐steady	  state	  dynamics	  



SPACE-TIME DYNAMICS OF SPIKING AND MEMBRANE!
POTENTIAL CHANGES IN THE VISUAL AREAS !



 

The	  mesh	   Roland	  2010	  



Vision is the product of the excitation-inhibition and spiking   
dynamics of the visual system.  
 
This space-time dynamics produces veridical as well as  
non-veridical vision. 
 
The dynamics is driven by visual transients: 
 
dr(t)/dt >> 0 through cortical layers and areas 
 
Lateral spreading dV(t)/dt and lateral interactions 
 
Back-transmission and excitation of synapses in early areas 
 
Net inhibitory regime with high V(t) shaping the vision of the  
scene 
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Ferret visual cortex 
Transient :                       A MOVING OBJECT 



r(t) 

ΔV(t) 

Harvey et al. 2009 



When the!
membrane depolarizes, the dye changes !
conformation ~1µs and emit !
fluorescence at a higher wavelength!
 
 

Antic et al 1999!

We stain the cortex with a  Voltage sensitive dye 

In vivo, the dye signal V(t) is linearly 
related to the ΔVM (Petersen et al. 
2003; Ferezou et al. 2006) and to 95% 
shows the synaptic changes in the VM  
(Berger et al. 2007)!

Thus d(V(t))/dt ≈ k dQ/dt = kʼ1/Cm dVm/dt !
k a constant !
Q the intracellular charge  !

Eriksson et al. 2008; Roland 2010 



Eriksson	  et	  al.	  2008;	  Roland	  2010	  



Voltage	  dye	  measurement	  of	  populaKon	  membrane	  potenKals	  to	  moving	  bar	  n=5	  

Harvey	  et	  al.	  2009	  



ΔV(t):	  moving	  bar	  -‐	  staKonary	  bar	  (n=	  5)	  :	  directed	  increase	  of	  membrane	  potenKals	  	  

Harvey et al. 2009 



2	  x	  1O	  bar	  moving.	  Mapping	  the	  future	  trajectory	  over	  the	  cortex	  

Harvey	  et	  al	  2009	  



Harvey	  et	  al.	  2009	  

dV(t)/dt	  Mean	  of	  6	  animals	  Back-‐propagaKng	  net-‐excitaKon	  	  



r(t) 

ΔV(t) 

Harvey et al. 2009 



Harvey	  et	  al.	  2009	  

r(t)	  



V(t)	  Phase	  plot	  n	  =	  5	  	  

Harvey	  et	  al.	  2009	  



dV(t)/dt	  	  	  	  V(t)	  

Roland	  	  (unpublished)	  



!
5. Prediction !



Harvey	  &	  Roland	  2013	  
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Table 1. Onsets and peaks of multiunit activity and dye signal 
 
  MUA 17/18                  Medial                            Central                            Lateral 
Recording 

 
Site 1 

~969 !m 
2 

~623 !m 
3 

Center 
4 

~641 !m 
5 

~991 !m 
Down Onset/Peak 525/626 408/536.4 309/436 207/320 177/312 
 SEM 7.1/8.9 10.9/9.5 6.1/5.4 11.1/ 8.6/9.6 
 N 7 7 10 5 6 
       
UP Onset/Peak 180/278 253/396 383/508 467/582 506/633 
 SEM 11.9/9.8 14.6/9.9 6.0/4 9.2/8.3 8.42/8.2 
 N 7 7 10 5 6 
       
Occlusion Onset/Peak 183/283 226*/364* 286*/413* 203/334 187/321 
 SEM 11.8/9.1 9.7/6.2 6.42/4.4 10.7/11.5 10.4/11.5 
 N 7 7 10 5 6 
 
∆V(t) 17/18                         
Recording 

 
Site 1 

980 !m 
2 

540 !m 
3 

Center 
4 

540 !m 
5 

980 !m 
Down Onset/Peak 270/628 192/556 147/483 124/439 84/349 
 SEM 43/20 36/19 28/16 26/25 11.6/34 
 N 14 14 14 14 14 
       
UP Onset/Peak 116/332 156/414 164/489 152/528 244/614 
 SEM 24/34 34/24 31/21 31/22 50/23 
 N 14 14 14 14 14 
       

	  

Harvey	  &	  Roland	  2013	  



At	  the	  reKnotopic	  
spot	  for	  center	  
of	  field	  of	  view	  
	  

Harvey	  and	  Roland	  2013	  



SegmentaOon	  and	  shaping	  of	  the	  scene	  



Harvey	  &	  Roland	  2013	  

Back-‐propagaOon	  and	  segmentaOon	  



The back-propagating synaptic net excitation!

Scale	  ΔV(t)	  -‐ΔV	  max	  Roland	  et	  al.	  2006	  



Lee	  T.S	  et	  al.	  2005	  a_er	  Lamme	  V.	  



Non	  veridical	  vision	  (Illusions)	  



d(V(t)rel,AM-‐V(t)rel;sum)/dt	  or	  the	  difference	  in	  dynamics	  between	  AM	  signal	  
and	  the	  sum	  of	  signals	  to	  staKonary	  single	  squares	  at	  idenKcal	  posiKons	  and	  Kmes	  Ahmed	  et	  al.	  2008	  



Ahmed	  et	  al.	  2008	  

V(t)	  Phase	  plot	  of	  App.	  MoKon	  



Ahmed	  et	  al.	  2008	  



Vision is what the visual system(ʼs space-time dynamics) creates 
for the brain!



I	  claimed	  that	  vision	  is	  a	  product	  of	  the	  biophysical	  space-‐Kme	  	  dynamics	  of	  the	  
neurons	  in	  the	  visual	  system.	  
IniKal	  vision	  is	  unconscious	  <	  120	  ms	  (Helmholtz)	  
	  
The	  spaKo-‐temporal	  r(t)	  and	  dVt)/dt	  dynamics	  in	  anestheKzed	  carnivores	  at	  the	  
mesoscopic	  scale	  is	  related	  to	  human	  perceptual	  experiences,	  but	  is	  	  also	  present	  in	  awake	  
primates	  (Ayzenshat	  et	  al.	  2011)	  
	  
Visual	  transients	  ⇒	  dr(t)/dt	  ⇑	  propagaKng	  through	  layers	  and	  areas	  
⇒ spreading	  dV(t)/dt	  ⇑	  net-‐excite	  millions	  of	  neurons,	  shaped	  to	  interact	  with	  other	  local	  
excitaKons	  and	  synapKc	  excitaKon	  
from	  higher	  areas.	  	  
Lateral	  interacKons	  excitatory	  at	  a	  distance,	  but	  net-‐inhibitory	  if	  mappings	  are	  close	  
	  
Back-‐transmission	  from	  higher	  areas	  adds	  net-‐excitaKon,	  but	  the	  	  
interacKon	  with	  local	  populaKon	  biophysics	  can	   ⇒	  net-‐inhibiKon,	  	  
with	  sKll	  high	  V(t),	  permieng	  r(t)	  :	  meta-‐stable	  state	  (the	  brain’s	  version	  of	  the	  visual	  
scene).	  
SpaKo-‐temporal	  dynamics	  of	  net-‐excitaKon	  followed	  by	  net-‐inhibiKon	  
Shapes	  the	  vision	  of	  the	  scene	  	  
	  
	  
	  
	  
	  
	  	  


