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We studied the encoding of stimulus orientation in the visual cor-
tex of alert animals using information theorymethods. Based on a
labeled-line code, the encoding of orientationwasmostly synergis-
tic and only few pairs coded redundant. The synergy contributed
about 20% of the information and was strongest for sites with dis-
tinct tuning curves. A recently proposed decomposition of syn-
ergy revealed that redundancy introduced by common tuning

preferences is more than just compensated by noise correlations
which mostly contributed synergistically. Based on a pooled re-
sponse code, the contribution of noise correlations diminished re-
sulting in a severe information loss.Thus, to operate economically,
cortical neurons should either employ a labeled-line code or, if
using pooled responses, be highly selective in choosing a¡erents.
NeuroReport15:2761^2764�c 2004 Lippincott Williams &Wilkins.
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INTRODUCTION
Information theory methods have received increased interest
for the study of encoding of sensory stimuli by populations of
cortical neurons. Important questions are whether popula-
tions encode information synergistically or redundantly, how
synergy and redundancy relate to feature preferences of
those neurons and which decoding mechanisms are appro-
priate to extract this information at the next processing stages
[1,2]. Of specific interest are correlations between responses
and their impact on information encoding [2]. Correlations
between responses of two neurons can either be induced by
common tuning preferences, so-called signal correlations, or
they can be unrelated to the stimulus, so-called noise
correlations. Several measures to quantify the impact of such
correlations have been proposed [3–6]. However, the question
whether correlations contribute synergistically or introduce
redundancy is a matter of ongoing debate.
Here we use the visual cortex of alert cats as a model

system to study the encoding of stimulus orientation in
small populations of simultaneously recorded neuron’s.
Using a recently proposed framework for decomposing a
measure of synergy [6], we investigate the impact of signal
and noise correlations on the information encoding. Further,
we compare the information encoded by a population in
different coding schemes that either keep track of each
neuron’s activity (labeled-line code) or directly sum the
responses of different afferents (pooled code).

MATERIALS AND METHODS
Subjects and recording procedures: Recordings were ob-
tained from three adult cats. In each animal, four electrode-

bundles were implanted under surgical anesthesia (1–1.5%
isoflurane). Two bundles were placed over areas 17/18 and
two bundles over area 21a of the same hemisphere. Each
electrode-bundle consisted of three electrodes staggered at
different depths with respect to the cortical surface (roughly
300, 800 and 1200mm). We obtained reliable visually driven
responses from 33 electrodes, resulting in 168 pairs of
simultaneously recorded sites (45 pairs within areas 17/18,
33 pairs within area 21a and 90 pairs across areas). Signals
picked up by the electrodes were amplified using a
Synamps system (Neuroscan, El Paso, TX) and multi-unit
spiking activity was extracted offline using standard
procedures. For further details of the experimental pro-
cedures see [7]. All procedures were in accordance with the
Zürich cantonal guidelines for the use of experimental
animals and conformed to NIH guidelines.

Stimuli: Stimuli consisted of sine-wave gratings drifting in
12 equally spaced directions (between 0 and 3601). The
spatial and temporal frequencies (0.33 cycles/deg and 2Hz)
were chosen to drive the recorded areas well. Stimuli lasted
2 s and were shown in random order and full-field on a 19’’
Hitachi CRT monitor placed 0.57m in front of the animal.

Orientation tuning: The average response for each orien-
tation was computed by pooling the data from all trials of
the same orientation regardless of the drift direction. The
preferred orientation was defined by the maximal response.
The significance of the tuning was estimated by comparing
the preferred orientation to the orthogonal orientation using
a Wilcoxon rank test (po0.05 defined significant tuning). Of
33 sites, 26 were significantly tuned.
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Signal and noise correlations: Correlations between the
responses of two sites can be separated into signal and noise
correlations [2]. Signal correlations arise from common
response preferences and were here defined as the correla-
tion coefficient of the tuning curves (with �1 indicating
opposite preference and + 1 indicating identical preference).
Noise correlations, by definition, are not directly related to
the stimulus. To quantify them, the signal component is
subtracted from the firing rates before computing the
correlation:

Noise corr ¼
ri;s �mi;s
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Here ri,S denotes the firing rates of single trials of site i to
stimulus S and mi,S denotes the average firing rate of site i to
stimulus S.

Information theory: Based on the average firing rates
during the different trials, several information theory
measures were computed using the direct method [1]: the
mutual information between each site and the stimulus
orientation I(S; ri), mutual information between different
sites, I(ri; rj), and the information between pairs and the
stimulus I(S; ri, rj). Furthermore, we estimated the synergy
between sites in encoding the stimulus variable. The
synergy is defined as the difference between the mutual
information between sites given the stimulus and the
information that they share which is not explicitly related
to the stimulus [3,6]:

Synðri; rjÞ ¼ hIðri; rjjSis � Iðri; rjÞ

Here /SS denotes the average across-stimulus orientations.
Based on recent results of Schneidman, Bialek and Berry [6]
we computed a decomposition of the synergy. This
decomposition splits the synergy into two terms capturing
the contributions of stimulus-related (signal) and stimulus-
independent (noise) correlations to the information en-
coding:

Synðri; rjÞ ¼ DInoise � DIsignal

To estimate Dnoise the real experiment is compared to a
hypothetical experiment assuming that the two sites were
recorded independently. In this case, the joint response
probability would be the factorial of the individual
probabilities: pshuffle(ri,rj|s)¼p(ri|s)p(rj|s). Based on this
hypothetical distribution one can compute the information
encoded by the pair about the stimulus, Ishuffle(S; ri, rj), and
define the noise contribution as follows:

DInoise¼ IðS; ri; rjÞ � IshuffleðS; ri; rjÞ

Noise correlations can contribute either synergistically or
redundantly, depending on the sign of this term. The
contribution of stimulus-related correlations is defined as
the difference between the information that two sites encode
individually and the information contained in the indepen-
dent responses:

DIsignal¼ IðS; rjÞ þ IðS; rjÞ � IshuffleðS; ri; rjÞ

This term is non-negative ([6]), implying that signal
correlations always introduce redundancy. In the following,
the information I(S; ri, rj) will be denoted as IL(S; ri, rj),
indicating that it originates from a labeled-line code and to

better distinguish it from the information contained in the
pooled code introduced below.

The above definition assumes that we can keep track of
which site produced which response (labeled-lined) and
hence we can form the response pair (ri, rj). However, it
might well be that different afferents are directly pooled.
Such a ‘pooled’ code can be obtained by summing the
responses of different sites (ri + rj). To compare both coding
schemes, we computed the information contained in this
pooled response IP¼I(S; ri + rj).

To reduce systematic bias introduced by the limited
sampling we estimated the response probabilities by
partitioning the responses of individual units into four
equipopulated classes and applied the analytical bias
correction method [8]. Such a low number of bins severely
underestimates the true information but ensures robust
sampling of the response distributions. To control for
artifacts due to such low bin numbers, we tested several
bin sizes between 3 and 8 bins. While, numerically, results
changed, the qualitative results were the same; in particular,
the correlations between variables reported below are
significant for all bin sizes tested. The results reported
below were obtained by pooling pairs of recording sites for
which both sites showed significant tuning to orientation
(n¼103 pairs).

RESULTS
Typical examples of tuning curves and the information
decomposition are shown in Fig. 1a. The first pair has
distinct tuning curves (signal correlation¼�0.58). Together,
these sites convey 0.76 bit about the stimulus orientation in
the labeled-line code and their encoding is synergistic
(syn¼0.15 bit). Applying the decomposition of the synergy
shows that the synergy is mostly due to noise correlations
(Dnoise¼0.17 bit compared to Dsignal¼�0.02 bit). Pooling the
responses of these two sites yields less information about
the stimulus (0.2 bit). The second example exhibits the
opposite. The tuning curves are similar (signal
correlation¼0.94) and the information in the labeled-line
code is smaller than in the first example (0.50 bit). The
encoding is redundant (syn¼�0.13 bit) and this redundancy
is due to both signal (Dsignal¼�0.09 bit) and noise correla-
tions (Dnoise¼�0.04 bit). Based on a pooled code these two
sites convey 0.4 bit, which is only slightly lower than in the
labeled-line code. In the following we will first present
population results for the labeled-line code and later for the
pooled code.

The labeled-line code: Population analysis confirms that
the above examples are typical. First, the information a pair
of sites conveys about the orientation in the labeled-line
code is related to the tuning preferences of the two sites
(Fig. 1b): the information IL(S; r1, r2) shows a significant anti-
correlation with the similarity index of the tuning curves
(r¼�0.29, po0.005; Spearman rank correlation). This holds
separately within the different visual areas and also for
pairs across areas (po0.01 in all cases). Second, pairs with
distinct feature preferences encode information synergisti-
cally (Fig. 1c): the synergy is significantly anti-correlated
with the tuning similarity (r¼�0.52, po0.0001). Again, this
holds separately for pairs within the different areas (po0.05
in all cases). However, overall the synergy is small by itself
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(0.0770.06 bit, mean7s.d.) and small compared to the
information about the stimulus: The synergy accounts for
19715% of the information. It is worth noting that most

pairs display a (positive) synergy and only a minor fraction
(8 out of 103) codes redundantly.
Figure 1d shows the decomposition of the synergy into the

contributions of signal and noise correlations for all pairs of
sites. Overall, the contribution of the signal correlations is
small compared to the information (372.6% of the informa-
tion). Further, signal correlations are small compared to the
absolute value of the synergy and thus contribute only a
minor fraction to the latter (3579% of the synergy in terms of
absolute values). The contribution of noise correlations, in
contrast, is much larger relative to the information (2174% of
the information) and accounts for a large fraction of the
synergy (12079% of the synergy in terms of absolute values).
Values above 100% arise because the contribution of the noise
correlations is reduced by the (negative) contribution of the
signal correlations. Thus, the synergy is mostly dominated by
noise correlations and correlations due to common signal
preferences play a minor role.
Pairs of sites were either recorded on the same electrode-

bundle (o100mm lateral spread), on different bundles but
within the same visual area (o2–3mm apart) or across
visual areas. A one-way ANOVA reveals that this spatial
separation has a significant effect on information and
synergy (po0.05; Fig. 1e). Both are largest for pairs recorded
from different electrode bundles but within the same area. A
similar spatial dependence occurs for the tuning similarity.
Sites recorded from the same bundle have a higher tuning
similarity compared with the other two conditions
(F(2,100)¼5.5, po0.01). Thus, spatially close sites tend to
have similar tuning properties and, as a result, encode less
information compared to spatially separated pairs, which
encode more information due to increased synergy.

The pooled code: The coding scheme underlying the above
analysis assumes that we can keep track of which site
produced which response; known as labeled-line code.
However, an alternative coding scheme in which the
responses of different afferents are pooled irrespective of
origin could be more realistic. Such a pooled code can be
obtained by summing the responses of different sites before
computing the information [9–11]. On average, the inform-
ation in the pooled code is significantly lower than in the
labeled-line code (0.2070.12 bit vs 0.4570.22 bit, t-test,
po10�10, Fig. 1f). On average, the loss due to pooling
(loss¼IP�IL/IL) is more than half the information available
in the labeled-line code (58716%). Pooling reduces the
structure in the joint response space of two sites (r1, r2) by
reducing its dimension. Structure introduced by correla-
tions, for example, can be amplified or diminished. As noise
correlations make an important contribution to the synergy,
one might hypothesize that the loss due to pooling is
strongest for sites which show high synergy. Indeed, the loss
shows a significant anti-correlation with the synergy
(r¼�0.33, po0.001) and with the contribution of synergy
to the information (r¼�0.57, po0.00001). Thus, pooling the
responses of two recording sites causes a significant loss of
roughly half the information and this loss is larger for pairs
which act synergistically in the labeled-line code.

DISCUSSION
Analyzing a labeled-line code we found that the encoding of
stimulus orientation in the visual cortex of alert cats is
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Fig.1. (a) Tuning curves and information theoretic analysis for two pairs
of recording sites. The left panels show the orientation tuning curves
relative to base-line (blank screen).The right panels show the information
in the labeled-line code (IL), the synergy (S), the contributions of signal
(DIsignal) and noise (DInoise) correlations to the synergy and the informa-
tion in the pooled code (IP). (b) Information in the labeled-line code vs
the similarity index of the tuning curves. Each dot represents one pair of
recording sites and the color-code indicates the cortical area thepair was
recorded from. The insets indicate the Spearman-rank correlation.
(c) Synergy in the labeled-line code vs the similarity index of the tuning-
curves. (d) Decomposition of the synergy into the contribution of signal
and noise correlations for each pair of sites. Signal correlations are shown
downwards as they contribute only redundancy. (e) Information (top-
panel) and synergy (bottom-panel) grouped according to the lateral
distance between the recording sites. The insets indicate the result of a
one-way ANOVAwhile the signi¢cances between groups are based on a
t-test (*po0.05, **po0.01). (f ) Information in the labeled-line code (IL) vs
the information in the pooled code (IP).
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synergistic. Only a few pairs of sites showed redundancy in
their encoding. These results are in good agreement with
recordings in V1 of anesthetized [11] and awake [12]
animals. Based on a decomposition of synergy into the
contributions of signal and noise correlations we found that
most of the synergy is due to noise correlations and that
signal correlations, which can only contribute to redun-
dancy, play a minor role. On average, noise correlations
contributed roughly 20% of the information, which is
slightly higher than reported in previous studies recording
in V1 of anesthetized cats [13] and in other parts of the
nervous system [14–16].
If pairs of neurons in V1 showed systematic redundancy

in their encoding of stimulus features, this would severely
limit the information encoded in larger populations [17]. In
this case, higher processing stages in the visual system
should listen to only a small number of afferents, as
increasing the number of afferents incorporated in the
decoding would only add dimensionality but not inform-
ation. This, however, seems at odds with the large number
of afferents typical cortical neurons have (see [18] for a
recent review). In this view, our result that the encoding of
stimulus orientation in the alert animal is mostly synergistic
indicates that large number of afferents can actually be
exploited to decode information about the stimulus.
Furthermore, decomposing the synergy showed that the
redundancy introduced by signal correlations is more than
just compensated by noise correlations. Thus our results
show that noise correlations in the alert animal are not
nuisance but are feature by which the information capacity
is increased.
A comparison of the labeled-line and pooling codes

shows that discarding the identity of each afferent severely
reduces the information encoded. On average, the pooled
code yielded less then half the information present in the
labeled-line code. This is a substantially larger loss than
found for nearby cells in V1 coding stimulus identity [11]
and for cells in the somatosensory cortex coding stimulus
frequency [10] or position [9]. Such a large loss of
information indicates that V1 neurons should not simply
pool the responses of different afferents but, to operate
economically, should keep track of the origin of each
afferent. Many models for the function of V1 neurons,
however, do not feature such labeled-lines. This indicates
that current models for the computations performed by
cortical neurons are incomplete in this respect. Another
potential way to minimize the loss associated with response
pooling is to selectively receive input from afferents with
similar properties. Anatomical studies addressing this issue
in the visual cortex based on the orientation of each afferent,
show that connections from V1 to V2 show at least a bias

towards connections between sites with similar orientation
preferences [19]. In this way the anatomical connectivity of
the visual cortex could be designed to minimize the
information loss by separating afferents providing different
information in a pooled code.
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7. Kayser C and KÖnig P. Stimulus locking and feature selectivity prevail in

complementary frequency ranges of V1 local field potentials. Eur J
Neurosci 2004; 19:485–489.

8. Panzeri S and Treves A. Analytical estimates of limited sampling biases

in different information measures. Netw Comp Neural Syst 1996; 7:

87–107.

9. Panzeri S, Petroni F, Petersen RS and Diamond ME. Decoding neuronal

population activity in rat somatosensory cortex: role of columnar

organization. Cerebr Cortex 2003; 13:45–52.

10. Arabzadeh E, Panzeri S and Diamond ME. Whisker vibration information

carried by rat barrel cortex neurons. J Neurosci 2004; 24:6011–6020.
11. Reich DS, Mechler F and Victor JD. Independent and redundant

information in nearby cortical neurons. Science 2001; 294:2566–2568.
12. Gawne TJ, Kjaer TW, Hertz JA and Richmond BJ. Adjacent visual cortical

complex cells share about 20% of their stimulus-related information.

Cerebr Cortex 1996; 6:482–489.

13. Golledge HD, Panzeri S, Zheng F, Pola G, Scannell JW et al. Correlations,
feature-binding and population coding in primary visual cortex.

Neuroreport 2003; 14:1045-1050.
14. Petersen RS, Panzeri S and Diamond ME. Population coding of stimulus

location in rat somatosensory cortex. Neuron 2001; 32:503–514.

15. Nirenberg S, Carcieri SM, Jacobs AL and Latham PE. Retinal ganglion

cells act largely as independent encoders. Nature 2001; 411:698–701.

16. Rolls ET, Franco L, Aggelopoulos NC and Reece S. An information

theoretic approach to the contributions of the firing rates and the

correlations between the firing of neurons. J Neurophysiol 2003; 89:

2810–2822.

17. Zohary E, Shadlen MN and Newsome WT. Correlated neuronal

discharge rate and its implications for psychophysical performance.

Nature 1994; 370:140–143.
18. Martin KAC and Douglas RJ. Neuronal circuits of the neocortex. Annu

Rev Neurosci 2004; 27:419–451.
19. Angelucci A, Schiessl I, Nowak L and McLoughlin N. Functional

specificity of feedforward and feedback connections between primate

V1 & V2. Soc Neurosci Ann Meet 9119: 2003.

Acknowledgements:This work was supported by the Swiss National Science Foundation (grant nr: 31-65415.01) and the
Neuroscience Center Zˇrich.

276 4 Vol 15 No 18 22 December 2004

NEUROREPORT C.KAYSER ANDP.K�NIG

Copyright © Lippincott Williams & Wilkins. Unauthorized reproduction of this article is prohibited.


