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Supplementary Note 1: Impacts of transfer function on normalization heterogeneity

Feedforward model

We first consider a simple scenario where the rate of a neuron only depends on its feedforward input and
its input-output transfer function, i.e. 𝑟𝑘 = 𝑓 (𝐼𝑘), where 𝑘 = {1, 2, 1 + 2} indicates the stimulus condition
(Stimulus 1 alone, Stimulus 2 alone or Stimulus 1 and Stimulus 2 together). We assume that the inputs are
linear with respect to stimulus summation and analyze how the non-linearity of the transfer function, 𝑓 (𝐼),
can shape the normalization index of firing rates.

Specifically, we assume 𝐼1+2 = (𝐼1 + 𝐼2)/1.5 + 𝐼0, which is the case for the feedforward currents from our
network model (fig. S11Aa magenta), and a good approximation for the total current each neuron receives
(recurrent and feedforward) in our model (fig. S11Aa cyan). We assume that the transfer function is a rectified
power-law function, i.e.

𝑓 (𝐼) =
{
𝑎 · [𝐼 − 𝜃]𝑛, 𝐼 > 𝜃
0, 𝐼 ≤ 𝜃

. (S1)

The transfer function of the neurons in our network model can be approximated by a power-law of 𝑛 ≈ 2.45
at low rates (≤ 20 Hz) and a power-law of 𝑛 = 0.87 at high rates (> 20 Hz) (fig. S11Ab). We consider
the case when rates are positive at all three stimulus conditions, i.e. 𝑟1 > 0, 𝑟2 > 0 and 𝑟1+2 > 0. If the
rate to one stimulus is zero, e.g. 𝑟1 = 0, then 𝐼1 can be arbitrarily negative, resulting in a small 𝑟1+2 and
a large normalization index. This scenario is discussed in (55) as a potential mechanism to produce large
normalization in balanced networks.

The normalization index of this feedforward model can be calculated as

𝑁𝐼 =
𝑟1 + 𝑟2
𝑟1+2

=
𝑎(𝐼1 − 𝜃)𝑛 + 𝑎(𝐼2 − 𝜃)𝑛

𝑎(𝐼1+2 − 𝜃)𝑛
(S2)

=
(𝐼1 − 𝜃)𝑛 + (𝐼2 − 𝜃)𝑛

(𝐼1 + 𝐼2)/1.5 + 𝐼0 − 𝜃)𝑛
(S3)

=
𝑥𝑛 + 𝑦𝑛

((𝑥 + 𝑦)/1.5 + (𝐼0 + 𝜃/3))𝑛 , (S4)

with a change of variable 𝑥 = 𝐼1 − 𝜃 > 0 and 𝑦 = 𝐼2 − 𝜃 > 0. If 𝑛 ≥ 1 and 𝐼0 + 𝜃/3 ≥ 0, we have

𝑁𝐼 ≤ 𝑥𝑛 + 𝑦𝑛
(𝑥/1.5)𝑛 + (𝑦/1.5)𝑛 + (𝐼0 + 𝜃/3)𝑛 (S5)

≤ 𝑥𝑛 + 𝑦𝑛
(𝑥/1.5)𝑛 + (𝑦/1.5)𝑛 (S6)

≤ (1.5)𝑛. (S7)

If 𝐼0 + 𝜃/3 < 0, then the denominator of Eq. S4 can be close to zero with small 𝑥 and 𝑦, resulting in a large
normalization index.

We demonstrate the dependence of the normalization index on the firing rates 𝑟1 and 𝑟2 for different types
of transfer functions (fig. S11, B to D). If the transfer function is superlinear, i.e. 𝑛 > 1, and 𝐼0 + 𝜃/3 > 0,
the normalization index is larger than 1.5 when only one of 𝑟1 and 𝑟2 is small, and is smaller than 1.5
otherwise (fig. S11, Ba and Bb). When 𝐼0 is more negative (𝐼0 + 𝜃/3 < 0), the model can achieve a much
larger normalization index in regions where 𝑟1 or 𝑟2 is small (fig. S11Bc). If the transfer function is a
rectified-linear function, the normalization index is close to 1.5 except for when both 𝑟1 and 𝑟2 are very small
and 𝐼0 is sufficiently negative (fig. S11, Ca to Cc). If the transfer function is sublinear, the normalization
index is large when 𝑟1 and 𝑟2 are similar and is small when one of 𝑟1 and 𝑟2 is small (fig. S11, Da to Dc),
opposite to the patterns with a superlinear transfer function.



The dependence of the normalization index on the firing rates 𝑟1 and 𝑟2 in our spiking network model is
similar to that in the feedforward model with a superlinear transfer function (fig. S11, Ac and Ad compared
to Bb and Bc). For neurons that receive more excitatory input when both stimuli are presented (larger 𝐼0),
their normalization indices are large if they selectively respond to one of the two stimuli (𝑟1 large or 𝑟2 large)
(fig. S11Ac). For neurons that receive more inhibitory input when both stimuli are presented (more negative
𝐼0), their normalization indices are generally larger, especially when their responses to one of the stimuli are
low (fig. S11Ad). We observe similar result for the inhibitory neurons (fig. S12, Aa and Ab).

This analysis explains why stimulus overlap affects the distribution of normalization indices. When the
two stimuli activate highly overlapped neuron populations, the firing rates of each neuron for the two stimulus
conditions, 𝑟1 and 𝑟2, are highly correlated (fig. S12, Ba and Bb). Therefore, the network lacks neurons that
respond selectively to stimulus 1 or stimulus 2, which are of strong normalization (fig. S11, Ac and Ad).

Recurrent model

Second, we investigate how transfer function shapes normalization heterogeneity in a recurrent network of
rate units. Since the transfer function in our spiking network model is an emergent property of the recurrent
network, it is not straightforward to manipulate the transfer function. Instead, we study this in a firing rate
model where the transfer function is explicitly given and the connectivity matrix is the same as that in the
spiking network model.

The recurrent model consists of rate units governed by the following dynamics:

𝜏𝛼
𝑑𝑟

𝑗
𝛼

𝑑𝑡
= −𝑟 𝑗𝛼 + 𝜙𝛼

©­«
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∑︁
𝑛

𝑟𝑘𝐹 +
∑︁
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𝐽
𝛼𝛽

𝑗𝑘√
𝑁

∑︁
𝑛

𝑟𝑘𝛽
ª®¬ , (S8)

where 𝜏𝛼 is the time constant of neurons in population 𝛼 and 𝜙𝛼 (𝑥) is the transfer function of population 𝛼,
𝛼 = e, i. e, i, F represents the V4/MT excitatory, V4/MT inhibitory, and V1 populations, respectively. The
recurrent and feedforward connectivity matrices (𝐽𝛼𝛽 and 𝐽𝛼𝐹 , respectively) are the same as those in the
spiking neuron network. With the transfer functions fitted to those from the spiking network (fig. S17A), the
rate model reproduces the mean firing rates of individual neurons in the spiking neuron model (fig. S17 B).

We compare three alternative transfer functions, each with the same threshold and dynamic range as those
of the spiking network model, but with a different power-law exponent: n = 0.8 (sublinear), n = 1 (linear),
and n = 2 (supralinear) (fig. S17 Aa and Ab). We find that the model with a sublinear transfer function
exhibits greater heterogeneity in normalization index compared to models with a linear or a supralinear
transfer function, and the spiking network model (fig. S17 C). These findings demonstrate that the shape of
the transfer function plays a substantial role in shaping the distribution of normalization indices.
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Figure S1: Related to Fig. 1. The V4/MT network activity is stable and asynchronous in both spon-
taneous and evoked states. (Aa) Spike raster of V4/MT neurons when both V11 and V12 neurons have
homogeneous rates of 10 Hz. 500 neurons were randomly sampled from the V4/MT population. The magenta
spike trains are from a trial with the same V1 input spike trains and initial conditions as the black spike
trains, except that one spike from the V4/MT neurons was removed at the time point indicated by the cyan
line. (Ab) Spike raster of V4/MT neurons when two images are simultaneously presented. (B) The firing
rate distributions of V4/MT neurons when only stimulus 1 (red), only stimulus 2 (green) or both stimuli are
presented (black). (C) The distributions of spike count correlations of V4/MT neuron pairs from the three
stimulus conditions. Dashed lines indicate the average spike count correlations (0.012 when only stimulus 1
is presented, 0.012 when only stimulus 2 is presented, 0.007 when both stimuli are presented).
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Figure S2: Related to Fig. 1. The spike count correlations are higher between similarly tuned neurons
and depend on stimulus orientation. (A) When presented with one Gabor image, the spike count correla-
tions are higher between similarly tuned neurons. Among neuron pairs with similar preferred orientations,
the spike count correlations are higher between pairs with preferred orientations orthogonal to the stimulus
orientation than those with similar preferred orientations. (B) When two Gabor images with orthogonal
orientations are presented together, the spike count correlations are also higher between similarly tuned
neurons.
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Figure S3: Related to Fig. 3. There is more heterogeneity in both inhibitory activity and inhibitory
input. (A) The distribution of firing rates of inhibitory neurons is more skewed (heavy-tailed) than that of
excitatory neurons. (B) The distribution of normalization indices of inhibitory neurons is wider than that of
excitatory neurons. (Ca) Population distributions of mean recurrent excitatory, feedforward excitatory and
recurrent inhibitory currents for excitatory neurons. The distribution of the inhibitory current is broader than
that of feedforward excitation and recurrent excitation. (Cb) Same as Ca for the inhibitory neurons.
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Figure S4: Related to Fig. 2. The normalization index of a neuron is independent from its tuning
preference in both the model and data. (A) The normalization index and the tuning preference of model
V4/MT neurons are statistically independent. We use permutation test to assess the statistical significance of
the null hypothesis that the normalization index and tuning preference are independent. First, we calculate
the mutual information between the normalization index and tuning preference of V4/MT neurons. Then,
we shuffle the normalization index of neurons 2000 times and recalculate the mutual information for each
permutation. Lastly, we compute the p-value as the proportion of permutations with higher mutual information
than that of the original observation. There is no significant dependence between the normalization index
and the tuning preference of model V4/MT neurons (𝑝 = 0.31). (B) The normalization index and the tuning
preference of experimentally recorded neurons are statistically independent in V1 area (Ba, permutation test,
𝑝 > 0.05 for all 23 recording sessions), MT area (Bb, 𝑝 > 0.05 for 21 out of 28 recording sessions), and V4
area (Bc, 𝑝 > 0.05 for 14 out of 21 recording sessions). Data in panels B are from (12).
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Figure S5: Related to Figures 1 and 3. Neurons exhibit a range of normalization strength in networks
with strong recurrent coupling and disordered connections. (A) The schematic of the disordered network.
The excitatory and inhibitory connections within V4/MT layer are random and with the same connection
probability as those of the default model with spatial structure. The two V1 populations project randomly to
the excitatory and inhibitory neurons in the V4/MT layer with the same connection probabilities as those in
the default model. A fraction, 𝛼, of neurons in the V4/MT layer can receive input from both V1 populations,
which represents the overlap of the feedforward projections from V11 and V12. The spike trains of V1 neurons
are independent Poisson processes with fixed rates. In Stimulus 1 alone condition, V11 neurons have firing
rate of 10Hz and V12 neurons have rate 5Hz. In Stimulus 2 alone condition, V11 neurons have firing rate of
5Hz and V12 neurons have rate of 10Hz. When both stimuli are presented, both V11 and V12 neurons fire
at 10 Hz. (B) The distribution of normalization indexes is broader in networks with smaller overlap, 𝛼. The
distribution of normalization indexes from the default network (black; same as that in fig. 1C) is similar to
that of the random network model with 𝛼 = 0.6. The normalization index of neurons in the random network
model is calculated in the same way as in the default model, i.e. norm index = (FRstim1+FRstim2)/FRboth. (C)
Relationship between current and rate normalization indexes in a random network model with 𝛼 = 0.6. Only
the normalization index of recurrent inhibitory current has a strong correlation with that of the firing rate.
The range of the normalization index of feedforward excitatory current is very small in the random network
model, since there is no spatial or tuning dependent connections. ((Ca), Pearson correlation, 𝑟 = −0.04,
𝑝 < 0.01, 𝑁 = 7, 542, (Cb), 𝑟 = 0.03, 𝑝 < 0.01, (Cc), 𝑟 = −0.21, 𝑝 < 10−4.)
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Figure S6: Related to Fig. 2. Networks with weak recurrent coupling produce homogeneous normal-
ization strength and weak dependence of spike count correlations on normalization. The strengths of all
recurrent connections were scaled by a common factor 𝐽scale, 𝐽scale = 0.1, 0.25, 0.5, 0.75, 2. (A) The balance
index decreases with increasing recurrent connection strength. The balance index is defined as |𝜇 |

𝜇𝐸+𝜇𝑋
, where

𝜇 is net mean current, 𝜇𝐸 and 𝜇𝑋 are the mean recurrent and external excitation, respectively (84). A smaller
balanced index means tighter balance. (B) Stronger recurrent connection strength leads to a broader distribu-
tion of normalization indices. (Ca-Ce) The dependence of spike count correlations on normalization strength
in networks with different coupling strengths. The spike count correlations weakly depend on normalization
indices when the recurrent coupling is weak (Ca-Cb). The dependence of spike count correlations on nor-
malization indices is consistent with data when the recurrent coupling is strong (Cc-Cd). The spike count
correlations become smaller and have weaker dependence on normalization indices when the network is in
a tightly balanced regime (Ce). In the network with weak recurrent coupling (𝐽scale < 1), independent white
noise currents with mean 0 and standard deviation 6.8 mV/ms were applied to every excitatory and inhibitory
V4/MT neuron such that the neurons’ f-I curve was the same as that in the default network. The strengths of
feedforward projections were scaled by a factor 𝐽scale,ffwd to keep the mean firing rate of V4/MT neurons the
same as that in the default network (for 𝐽scale = 0.1, 𝐽scale,ffwd = 0.34; for 𝐽scale = 0.25, 𝐽scale,ffwd = 0.45; for
𝐽scale = 0.5, 𝐽scale,ffwd = 0.63; for 𝐽scale = 0.75, 𝐽scale,ffwd = 0.83; for 𝐽scale = 2, 𝐽scale,ffwd = 2). The default
network was the same as that used in Fig. 1 and 2.



0 1 2 3
norm index

0

0.5

1

1.5

2
pr

ob
ab

ilit
y 

de
ns

ity
A  V1 data

1 1.5 2
norm index 1

1

1.5

2

no
rm

 in
de

x 
2

B

0

0.0
5

0.1

0.1
5

-1 0 1
tuning similarity

0.05

0.1

0.15

0.2

co
rre

la
tio

n

C
similar index
different index

Figure S7: Related to Figures 1 and 2. Heterogeneity of normalization index and normalization-related
modulation of spike count correlations are also observed in experimental data recorded from V1 area.
(A) The recorded V1 neurons exhibit a similar range of normalization indexes as V4 and MT neurons (fig.
1D). (B) Spike count correlations between recorded V1 neurons depend on their normalization indexes.
Same format as fig. 2, Aa,Ba and Ca). (C) Across all levels of tuning similarity, the spike count correlations
between recorded V1 neurons with similar normalization indexes are consistently larger than those of neurons
with distinct normalization indexes. Error bars represent the SEM. Same format as fig. 2, Ad,Bd, and Cd).
Data from (12).
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Figure S8: Related to Figures 1 and 2. Heterogeneity in normalization index and normalization-related
modulation of spike count correlations in the model in response to two superimposed Gabor images.
(A) Distribution of normalization indexes (Eq. 15 where FRboth was the firing rate when two superimposed
Gabor images were presented. (B) Spike count correlations as a function of the normalization indexes of
the two neurons in the pair. (C) Neurons with similar normalization indexes have higher noise correlations
than those with different normalization indexes. Error bars represent the SEM. This relationship is consistent
across neuron pairs with various tuning similarities. Model results with superimposed Gabor images are
qualitatively the same as those with two separate Gabor images (Fig. 1C, 2Aa, and 2Ad).
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Figure S9: Related to Fig. 2 and Fig. 3. Comparison of a network in the asynchronous regime with
a globally correlated external input (A) and a network in the synchronous regime with wave activity
(B). (A) The dynamics and activity statistics of a network with an added smoothly varying global signal,
𝜎𝑠𝑠(𝑡). Here, 𝑠(𝑡) is a shared source of smooth, unbiased Gaussian noise with auto-covariance function,
cov(𝑠(𝑡), 𝑠(𝑡 + 𝜏)) = exp(−𝜏2/2𝜏2

𝑠 ), where the correlation timescale is 𝜏𝑠 = 100ms, and the magnitude of
fluctuation is 𝜎𝑠 = 0.5 mV/ms. All the other parameters were the same as the default network. (Aa) The
distribution of normalization indices in the network with added global signal (dashed line) and the default
network (solid line). (Ab) Pairwise spike-count correlations are higher in the network with global noise than
those in the default network. (Ac) Three consecutive spike raster snapshots, where a dot indicates that the
excitatory neuron at the spatial position fired within 1 ms of the time stamp. (Ad) The magnitude of pairwise
spike-count correlations in this network is similar to that in the data. Spike count correlations between neurons
of similar normalization indices decrease with their average normalization indices, consistent with the data.
(Ae-g) The normalization index of recurrent inhibitory current is strongly correlated with the firing rate
normalization index, but that of recurrent excitatory current or feedforward excitatory current is not. Pearson
correlation, Ae, 𝑟 = 0.27, 𝑝 < 10−4; Af, 𝑟 = 0.22, 𝑝 < 10−4; Ag, 𝑟 = −0.55, 𝑝 < 10−4; 𝑁 = 14, 364. (B)
Similar to (A), but for a network in the synchronous regime. The feedforward connection strength from V1
layer to inhibitory neurons in the V4/MT layer were 𝐽iF = 100mV, compared to 𝐽iF = 140mV in the default
network model. All the other parameters were the same as the default network. (Bc) The network produces
propagating wave dynamics. (Bd) Spike count correlations between neurons of similar normalization indices
increase with their average normalization indices, inconsistent with the data. Be-f, Pearson correlation: Be,
𝑟 = 0.27, 𝑝 < 10−4; Bf, 𝑟 = 0.24, 𝑝 < 10−4; Bg, 𝑟 = −0.57, 𝑝 < 10−4; 𝑁 = 16, 333.
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Figure S10: Related to Fig. 3. The normalization index of neurons is strongly correlated with the
magnitude of the mean recurrent inhibitory current.
(A) There is a strong correlation between the firing rate normalization indexes and the average inhibitory cur-
rent a neuron receives when two images are presented (Ac), and only weak correlations with the feedforward
(Aa) and recurrent (Ab) excitatory currents. (B) The correlation between normalization and the number of
excitatory or inhibitory input connections is weak.
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Figure S11: Related to Fig. 3. The dependence of normalization index on neurons’ firing rates when only
stimulus 1 (𝑟1) or stimulus 2 (𝑟2) is presented in the default network model (A) and a feedforward model
(B-D). (Aa) The sum of feedforward current (magenta) or the total current (recurrent and feedforward, cyan)
each neuron receives when only stimulus 1 (𝐼1) or stimulus 2 (𝐼2) is presented in our default network model
compared to the current when both images are presented (𝐼1+2). Dashed line is where 𝐼1+2 = (𝐼1 + 𝐼2)/1.5.
(Ab) The transfer function of the excitatory neurons can be fitted with a rectified power-law function,

𝑓 (𝐼) =
{
𝑎 · [𝐼 − 𝜃]𝑛, 𝐼 > 𝜃
0, 𝐼 ≤ 𝜃

, with exponent 𝑛 ≈ 2.45 at low firing rates (≤ 20 Hz) and 𝑛 = 0.87 at high

rates (> 20 Hz). Inset: zoom-in of the neurons around threshold. (Ac) Neurons with larger 𝐼0 exhibit larger
normalization indices if they selectively respond to one of the two stimuli. 𝐼0 = 𝐼1+2 − (𝐼1 + 𝐼2)/1.5. (Ad)
Neurons with more negative 𝐼0 generally exhibit larger normalization indices, especially when their responses
to one of the stimuli are low. (B-D) The dependence of normalization index on 𝑟1 and 𝑟2 in a feedforward
model, where 𝑟𝑘 = 𝑓 (𝐼𝑘), 𝑘 = {1, 2, 1+ 2} and 𝐼1+2 = (𝐼1 + 𝐼2)/1.5+ 𝐼0. The transfer function 𝑓 is a rectified
power law function with 𝑛 = 2.5 (Ba-Bc), 𝑛 = 1 (Ca-Cc), or 𝑛 = 0.8 (Da-Dc). Color bars are centered at
1.5. The dependence of normalization index on 𝑟1 and 𝑟2 with a supralinear transfer function is consistent
with those in the default network model. More details are in Supplementary Note 1.
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Figure S12: Related to Fig. 3. The dependence of normalization index on neurons’ firing rates when
only stimulus 1 (𝑟1) or stimulus 2 (𝑟2) is presented for the inhibitory neurons in the default network
model (A) or the excitatory neurons in a random network with disordered connections (B). Same
format as Figure S11Ac, Ad. The random network in B is the same as that in Figure S5 with overlap=1.
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Figure S13: Related to Fig. 3. The normalization strength varies with stimulus input. (Aa) Normalization
indices computed using the orientation pair (180◦, 90◦) show weak correlation with those computed using
orientation pair (45◦, 135◦). Pearson correlation, 𝑟 = 0.15, 𝑝 < 10−4, 𝑁 = 8, 663. (Ab) The orientations
of the two images are rotated while keeping the two orientations orthogonal. The correlation between the
normalization indices using the rotated orientations and those using the original pair (180◦, 90◦) decreases
with the rotation degree. (B) Same as Aa with superimposed Gabor images. The normalization indices using
orientation pair (180◦, 90◦) are highly correlated with those using orientation pair (45◦, 135◦), consistent
with experimental findings from (12). Pearson correlation, 𝑟 = 0.61, 𝑝 < 10−4, 𝑁 = 7, 510.
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Figure S14: Related to Fig. 2. Heterogeneous synaptic weights broaden the distribution of normalization
indices. The strength of each recurrent coupling is scaled by a factor 𝐽scale that follows a Gamma distribution.
(A) Distributions of 𝐽scale with the same mean as 0.1 and different variances. (B) Top panel: as the variance
of synaptic weights increases, the population variance of total input current increases and can be comparable
to that from the default network (black circle). Bottom panel: the balance index decreases with Var(𝐽scale)
and remains large. (C) The distribution of normalization indices broadens in networks with larger variance of
weights. The distribution shifts toward lower normalization indices, which is different from that of the default
network. (Da) The spike count correlations weakly depend on normalization indices when the variance of
synaptic weights is low. (Db-Dc) The dependence of spike count correlations on normalization indices is
consistent with data when the variance of synaptic weights is high. Other parameters are the same as those
in the network with weak coupling (Figure S6, 𝐽scale = 0.1 case).
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Figure S15: Related to Fig. 2. Variability in synaptic in-degrees broadens the distribution of normal-
ization indices, but does not reproduce the dependence of spike count correlation on normalization
strength. The recurrent synaptic weights are scaled by a factor of 0.1, meaning that the networks have
weak coupling (same as in Figure S6, cyan). (A) The in-degrees of inhibitory-to-excitatory connections, 𝐾𝑒𝑖,
follows gamma distributions of different variances (800, 4000, 16000) and the same mean as in the default
network. (B) Top panel: as Var(𝐾𝑒𝑖) increases, the population variance of total input current increases and
can be comparable to that from the default network (black circle). Bottom panel: the balance index decreases
with Var(𝐾𝑒𝑖) and remains large. (C) Larger variance of in-degrees broadens the distribution of normaliza-
tion indices, which biases toward smaller index values. (Da-Dc) The spike count correlations weakly depend
on normalization indices when the recurrent coupling is weak, despite large increases in in-degree variance.
Other parameters are the same as those in the network with weak coupling (Figure S6, 𝐽scale = 0.1 case).
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Figure S16: The normalization index of a neuron strongly depends on the neuron’s preferred orienta-
tion in the stabilized supralinear network (SSN) model. The SSN model is a large-scale, probabilistically
connected, 2D model of a visual area. E/I units are arranged on a grid of 75 × 75. Preferred orientations are
assigned according to a superposed orientation map. Parameters of the model are the same as those used in
Figure 6 of (14). Additionally, we apply globally correlated additive noise to each unit, 𝜉𝑖 , where 𝜉𝑖 satisfies
𝜏𝑛𝑑𝜉𝑖 = −𝜉𝑖𝑑𝑡 +𝜎𝑛 (

√
𝑐𝑑𝑊0 +

√
1 − 𝑐𝑑𝑊𝑖), with 𝑑𝑊0 and 𝑑𝑊𝑖 being Wiener process, 𝜏𝑛 = 40 ms, 𝜎𝑛 = 3.5,

and correlation 𝑐 = 0.2. (A) The normalization index of model neurons is broadly distributed in the SSN
model. (B) The normalization index and the tuning preference of model SSN neurons are statistically depen-
dent (permutation test, 𝑝 = 0.001). (Ca) Spike count correlations between a pair of neurons as a function
of the normalization indexes of the pair. (Cb) The dependence of spike count correlation on normalization
indexes is absent after matching for the distribution of tuning preferences of neurons across normalization
indexes (Cb).
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Figure S17: Influence of the input-output transfer function on the distribution of normalization indices
in recurrent networks. (Aa) The fitted firing rate–current transfer function of the excitatory neurons from
the default spiking network model (black, same as the red curve in Figure S11Ab), and three examples
of rectified power-law transfer functions with different exponents: sublinear (𝑛 = 0.8), linear (𝑛 = 1), and
supralinear (𝑛 = 2). All curves share the same threshold and dynamic range. (Ab) Same as Aa for the
inhibitory neurons. (B) The rate model with fitted transfer functions (black curves in Aa and Ab) and
the same connectivity matrix as in the spiking network model accurately reproduces the firing rates from
the default spiking model for both excitatory (red) and inhibitory (blue) neurons. (C) The distributions of
normalization indices in rate models with different transfer functions and the same connectivity matrix as that
in the spiking network model. The model with a sublinear transfer function exhibits the largest heterogeneity
in normalization indices. Equations for the rate model (Eq. S8) and the transfer function (Eq. S1) are in
Supplementary Note 1.
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