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SUMMARY

Sensory systems use context to infer meaning. Accordingly, context profoundly influences neural responses
to sensory stimuli. However, a cohesive understanding of the circuit mechanisms governing contextual ef-
fects across different stimulus conditions is still lacking. Here we present a unified circuit model of mouse
visual cortex that accounts for the main standard forms of contextual modulation. This data-driven and
biologically realistic circuit, including three primary inhibitory cell types, sheds light on how bottom-up,
top-down, and recurrent inputs are integrated across retinotopic space to generate contextual effects in layer
2/3. We establish causal relationships between neural responses, geometrical features of the inputs, and the
connectivity patterns. The model not only reveals how a single canonical cortical circuit differently modulates
sensory response depending on context but also generates multiple testable predictions, offering insights

that apply to broader neural circuitry.

INTRODUCTION

When an edge or other feature appears in a visual scene, its
meaning—is it an object boundary? An element of texture? A
shadow? —must be inferred from the larger scene in which it is
embedded. More generally, sensory systems must combine
local features with context to infer meaning. Accordingly, context
profoundly influences our perception, as is made strikingly clear
by visual illusions. For example, the perceived contrast or lumi-
nance of a patch of the visual scene can be radically altered by
whether the context makes the patch appear a small part of a
larger object or an independent object, or in light or in shadow
(Figures 1A-1C).

Context strongly impacts not only our perception but also
neuronal responses. Some of the best-studied examples involve
the effects of context on neurons in the primary visual cortex
(V1)."~® V1 neurons are primarily driven by stimuli only within a
small region of visual space, known as the neuron’s classical
receptive field (CRF). However, the visual stimulus in the

influence the cell’s response. This contextual influence is likely
to be critical to the parsing of objects and formation of a coherent
perceptual representation of the visual scene.”""

Here, we develop a simple theoretical framework to address
the question of how the properties of feedforward, feedback,
and lateral input currents contribute to contextual modulation
in V1. We focus on mouse as a model organism due to the wealth
of available information on cell-type-specific physiological and
anatomical properties. This allows us to arrive at a unified
mechanistic picture of how these different inputs are integrated
to produce diverse forms of contextual modulation.

Three exemplary paradigms have been widely used to study
contextual modulation in V1 (Figures 1D-1F).

(1) The response of a cell whose CRF is centered on a stim-
ulus decreases when a similar stimulus is presented in the
surround. This “surround suppression”®'?~'® may repre-
sent a discounting of visual input that can be well pre-
dicted from other parts of the visual scene, thus allowing

surrounding region (the neuron’s “surround™) can substantially an efficient neural representation.’”'®
"L Cell Reports 44, 115088, January 28, 2025 © 2024 The Authors. Published by Elsevier Inc. 1
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In contrast, addition of a stimulus surround that is very
distinct from the CRF stimulus can enhance a neuron’s
response.”?°* This “surround facilitation” can enhance
the perceptual salience of discontinuities in the visual
world, which likely separate different objects.>> " Given
an oriented grating as CRF stimulus, this facilitation can
be evoked by an orthogonally oriented stimulus in the sur-
round (cross-orientation surround facilitation).

Surrounding context that indicates occluded structure in
the center (Figure 1B) can evoke illusory perception of
that structure.”*® While illusory contour responses in V1
are rare’®" (but see Grosof et al.**), a robust example of
such context-induced neural responses in V1 is the “in-
verse response.” When a large drifting grating is pre-
sented, and a uniform patch of mean luminance (a “hole”
in the grating) of varying sizes is centered on the CRF, neu-
rons show responses and size tuning to the hole very much
like those to drifting gratings of various sizes."'%%*** We
will refer to the hole stimulus as an “inverse stimulus,”
and response suppression for large inverse stimuli as “in-
verse surround suppression” (although this is something
of a misnomer, in that the suppression is induced by ex-
panding the hole, leaving less visual contrast in the sur-
round). In contrast, we will refer to a drifting grating stimulus
as a “classical stimulus.” Inverse responses have substan-
tially longer latencies than classical responses’'%*® and
are substantially reduced if higher visual areas (HVAs) are
optogenetically suppressed,’ suggesting that feedback
connections play a key role in inverse responses.

Here, we develop a unified model of these three contextual ef-
fects in layers 2/3 (L2/3) of mouse V1. We consider the four
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Figure 1. Different forms of contextual
modulation

(A) The grating patches in the centers are identical
but are perceived as more or less salient due to the
distinct surround.

(B) Kanizsa triangle illusion: a nonexistent white
triangle in the center appears to occlude the
shapes around it.

(C) Checker shadow illusion: the areas labeled A
and B have identical brightness but A appears
darker than B due to brain’s inference that B is in
shadow.

(D) Responses decrease when the stimulus size is
increased beyond the CRF size; data (circles) from
pyramidal cells studied by Keller et al.”; line is a fit
to the data. Here and in what follows, data points
represent averages across neurons and firing
rates are in arbitrary units.

(E) Responses to a patch of drifting grating are
enhanced by addition of an orthogonally oriented
surrounding grating. Data replotted with permis-
sion from Keller et al.,” represented as mean +
SEM.

(F) Response to a hole or inverse stimulus in the
CREF; i.e., a patch with zero contrast on a full field
drifting grating. Note similarity of inverse size
tuning to classical size tuning. Data (from Keller
etal.) and fit as in (A).

stim size (°)

cortical cell types that have been prominently studied in
recent years: excitatory or pyramidal (Pyr) cells and parvalbu-
min-expressing (PV), somatostatin-expressing (SOM), and
vaso-active-intestinal-peptide-expressing (VIP) inhibitory inter-
neurons. We model the cellular response patterns across 2D
continuous space, which allows us to determine how the geom-
etry of spatial connections contributes to contextual modulation.
We incorporate experimental constraints on the spatial extents
of connections®>~*® and data from Keller et al.” on the response
profiles across space of each cell type and of inputs from L4 and
from an HVA, lateromedial (LM) area, to each stimulus type. We
focus on L2/3 both because of the availability of these data and
because inverse responses, which depend on feedback from
HVAs, are found in L2/3 but not in L4," suggesting that L2/3 is
a key site of integration of top-down with bottom-up input.

A number of theoretical works, at different levels of abstrac-
tion, have been developed to account for various aspects of
contextual modulation. Phenomenological models place it within
a broad range of nonlinear response properties described as
“divisive normalization.”'”*%*? Circuit models®®°%*'*® have
not previously addressed inverse tuning or the roles of top-
down feedback or, in many cases, multiple types of inhibitory
cells. In addition, our approach differs in being based on analysis
of experimental data on the 2D spatial structure of activity
and connectivity and developing an analytical framework that
gives insight into precisely how interactions across space
yield contextual modulation. Our analysis of experimental
data produces the surprising finding that, with increasing
stimulus size, activity patterns show weak or no increase in
spatial width.

To isolate basic principles, we focus on an abstract, “minimal”
nonlinear model of a single recurrently connected cell type
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Experimental response profiles for classical stimuli

Pyr+PV SOM
A2 Bg s
E : A E .A.'
20 - 0 -
£ £
e I
= E 3
@ ! /\ = ‘/\
NO— 0o -
5 0 50 @ 50 0 50
retinotopic space (°) retinotopic space (°)
E 40 L i 30 ’
L // R a < //
2 ’ ?, 20 L7 N 2
- / 73 (7] 7
S 20f% O 1o«
|g JQ
g S,
o ¢ o >
c 1 £
= =
= U—
A 20 80 b 20 80
stim size (°) stim size (°)

L4 HVA

C D

o 0.8 )

E E 0.8' /\

> © o 0 A

f= (=

o8 Eos

L Y

3o <, //_\\

750 0 50 = “50 0 50
retinotopic space (°) retinotopic space (°)

G 40 . H 4 ,

— 4 >

5 // N // A
— <

< Ve > 7

S 20047 e |vigtr?
K L

20 80
stim size (°)

20 80
stim size (°)

L4 firing rate
o
(=] (=]
HVA firing rate
o &
[ ]

Figure 2. The widths of spatial response patterns grow much more slowly than stimulus size
Pyr + Pv, SOM, L4, and HVA spatial responses, calculated from experimental data.
(A-D) Experimental rate field (top) and best Gaussian fit (bottom) for stimulus sizes s = {15°,65°}; x axis represents distance of CRF from stimulus center.

Colored horizontal bars represent size of the corresponding stimuli.

(E-H) Full triangles are the widths of the best Gaussian fits for each stimulus size; the full line is a linear fit and the dashed line (slope 1/2) represents the case in
which the rate field width grows at the same rate as the stimulus radius (i.e., 1/2 of the stimulus size).
(I-L) Response of cells at stimulus center vs. stimulus size (size-tuning curve). Full circles, data points; full line, fits; dots in different colors highlight responses for

the two stimuli in (A)-(D).

representing the joint activity of Pyr and PV cells in L2/3,
along with external input from SOM cells, that can be solved
analytically. We then show that a full model of the four cell
types reproduces all contextual modulation phenomena via
the same mechanisms uncovered in this minimal model
(Figures S30-S38). Our unifying approach, which focuses on
qualitatively explaining response properties and understanding
their underlying mechanisms, gives rise to multiple testable pre-
dictions (summarized in Table S1).

RESULTS

A spatial schematic description preserving anatomical
length scales

To take into account input from neurons with CRFs distributed
across visual space, we require knowledge of two factors: (1)
how the mean effective strength of synaptic connections de-
pends on the distance in visual space between the CRF centers
of the pre- and post-synaptic cells, and (2) how the responses of
cells to a stimulus depend on the distance between the cell’s
CREF center and the stimulus center. For dependence (1), we as-
sume that synaptic strengths decrease with distance between
two neurons as a Gaussian function, with length scales taken
from experimental measurements.*>~® We take this approach,
rather than trying to infer connections that lead to responses

that fit the data, to more tightly constrain our models. We show
that our results are robust when considering very large relative
errors in the experimental estimates in a biologically realistic
model (Figure S33). For dependence (2), we use the dataset of
Keller et al." and a smoothing method introduced in® to recon-
struct the “firing-rate field” (firing rate vs. CRF spatial position)
of Pyr, PV, SOM, and VIP cells in L2/3 of V1, as well as Pyr cells
in L4 of V1 and in the higher visual area LM (Figure 2). We will also
describe these firing-rate fields as Gaussian (or linear combina-
tions of Gaussian) functions centered on the stimulus center. The
transformation from fluorescence signals to firing rates is linear
and defined for each cell type using average electrophysiology
recordings at baseline and preferred size (maximal response).”
In the absence of electrophysiological recordings for LM, we
applied the same calibration values used for L2/3 Pyr cells. All
the firing rates are expressed in hertz (Hz) and have been base-
line subtracted. In the STAR Methods, we provide more detail on
the length scales and the smoothing technique employed.

The widths of spatial response patterns grow much
more slowly than the stimulus size

We estimated rate fields elicited by classical stimuli of varying
sizes from the recordings (Figure 2). We combine Pyr and PV cells
into a single joint population, because of the similarity of their re-
sponses and for better comparison with the model to be devel-
oped in the next section. The rate fields for Pyr + Pvand SOM cells

Cell Reports 44, 115088, January 28, 2025 3
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and for the inputs, L4 and area LM (HVAs), have similar widths as
functions of retinotopic space for small and large stimulus size
(Figures 2A-2D top). This is quantified by fitting a Gaussian func-
tion to each spatial profile (Figures 2A-2D bottom) and comparing
(Figures 2E-2H) the width (standard deviation; points and solid
lines) to the width expected if the rate field expanded in size
equally to the stimulus (dashed lines). The rate fields expand far
less than the expected rate and not at all in the case of L4. Finally,
the amplitude of the Gaussian fits vs. stimulus size gives the size-
tuning curve of the neurons that are centered on the stimulus
(Figures 21-2L). The assumption that rate field width grows to
match the stimulus radius is at the core of existing theoretical
models of classical surround suppression,>®%#1%2 in which
larger stimuli recruit more wide-ranging lateral activation, and
these activated lateral cells have a suppressive influence on the
center. The failure of this assumption is also reported (but not dis-
cussed) in Dipoppa et al.® and Michaiel et al.*” In Figures S1-S4
we show the rate fields for all cell types and all stimuli, as
computed by two different methods; in Figure S5 we show that
we find no intrinsic qualitative difference between LM cells projec-
ting to a given point in L2/3 from the same retinotopic location
and those projecting from peripheral locations (aligned vs. offset
cells), contrary to what was suggested by Keller et al." As a
result, we treat HVA cells as homogeneous across space. In
Figures S6-S9 we show the fit of the spatial profiles as well as
the size-tuning curves for all cell types.

In what follows, we first develop a minimal model for ordinary
surround suppression. We then apply this model to understand
inverse response. Finally, we extend the model to understand
cross-orientation surround facilitation.

A minimal model for contextual modulation

We develop a minimal model to address the question of how feed-
forward, feedback, and lateral input currents contribute to contex-
tual modulation in L2/3. In this model, L2/3 consists of only a single
recurrently connected cell type, representing the combination of
Pyrand PV cells. This is based on observations that PV responses
track those of Pyr cells in multiple contexts and over a wide
dynamic range of inputs,*®*%*° thereby dynamically balancing
(preventing an excess of) excitation and functioning as a stabilizer
for the network.***" In contrast, VIP and particularly SOM cell re-
sponses generally differ substantially from those of Pyr and PV
cells."#5434% We treat SOM cells as a static external input, re-
sponding across space as measured experimentally, and ignore
VIP cells, which act primarily on SOM cells.*>°%°° We also take
as external inputs the measured responses across space of L4
and LM area excitatory neurons. We treat LM as a static input,
rather than as part of the recurrent circuit, due to the limited infor-
mation available about non-L2/3 inputs to LM (see discussion).
We assume neurons have a supralinear input/output function;
for further information, see the STAR Methods.

Classical surround suppression in the minimal model

In our minimal model of classical size tuning (Figure 3), inputs to
L2/3 are given by the convolution of the rate fields of L4 and
HVAs (and SOM when specified), which were derived from the
data (Figure 2), with the corresponding Gaussian connectivity
(Figure 3B). The recurrent rate fields resulting from the approxi-
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mate analytical solution and the simulation of the minimal model
agree well (Figures 3C, 3D, S11, and S12) so in what follows we
rely on the analytical formulas to efficiently compute model
results. The model’s free parameters are the amplitudes and
widths of the feedforward, feedback, and recurrent connection
strengths. Since we consider the recurrent population to be a
joint population of Pyr and PV cells, the recurrent connection
strength W, can be either positive or negative, depending on
whether Pyr or PV dominates. We find that L2/3 responses are
unstable if Wy is too strongly positive, while making Wy too
strongly negative decreases surround modulation, consistent
with effects of optogenetic activation of PV cells.®® We set W,
to a moderate negative value. The feedforward and feedback
connection strengths were then set to reproduce the amplitude
of the response in L2/3. In Figures S11 and S12 we show the
Pyr + Pv experimental rate fields in two different datasets and
for all stimulus sizes; in Figures S13-S15, we provide a validation
of the minimal model (see also STAR Methods), along with an
analysis of how surround modulation varies with recurrent,
feedforward, and feedback strengths.

Feedforward, feedback, and Ilateral inhibitory input
shape classical surround suppression

Many experiments show that feedforward, horizontal, and
feedback connections all contribute to V1 classical surround
suppression (e.g., Angelucci et al.® and references therein): our
model allows us to analyze their interplay. We first analyze the
contributions of feedforward (L4) and feedback (HVAs) inputs.
In the next section, we consider addition of SOM input.

In STAR Methods we show that surround suppression in the
recurrent layer can be produced by either or both of (1) surround
suppression in the input population and (2) broadening of the
input rate field as stimulus size is increased (Figure S16). In
case (1), L2/3 surround suppression is driven by the input
(although it may be modulated in L2/3). In case (2), L2/3 surround
suppression arises from increased lateral activity driving greater
center response suppression. Since the scaling of the widths is
weak for LM and absent for L4 (Figure 2), we expect the second
mechanism to contribute only marginally to L2/3 surround
suppression.

To test this hypothesis, we consider the effects of (counterfac-
tually) eliminating surround suppression in L4 and HVAs
(Figures 3F-3G and 3I-3J) and of eliminating the growth of the
width of the HVA rate field with increasing stimulus size
(Figures 3H and 3K; note the width of the L4 rate field does not
increase with stimulus size). In each condition, we calculate a
surround modulation index, SMI = 1 — riarge/IPref, Where riarge
and rpres are the firing rate of the centered cells at the largest
stimulus size (s = 85°) and the preferred size, respectively (if
large = roref, then SMI = 0). Consistent with our hypothesis,
eliminating surround suppression in the inputs strongly reduces
surround suppression in L2/3, while eliminating growth of the
HVA rate field width does not alter surround suppression in
L2/3 (Figure 3E).

In Figure S17 we compare the recurrent rate field obtained
from a supralinear vs. a linear transfer function and show that
the former supports stronger surround suppression, presumably
because the nonlinearity increases the gap between responses
to stronger vs. weaker stimuli.
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Figure 3. Feedforward, feedback, and lateral SOM inputs shape classical surround suppression

(A) Sketches of experimental setup with classical size tuning stimuli; minimal model with one recurrent cell type in V1 L2/3 receiving feedforward (FF) input from
L4, feedback (FB) input from HVAs, and lateral input from its own type (LAT) and from SOM cells.

(B) Strength of the four types of connections vs. CRF distance between pre- and post-synaptic neurons.

(C) L2/3 size-tuning curve and (D) rate field. Here and in (L) and (M), color code of the full circles indicates stimulus size, full circles represent simulations, and full
lines represent analytical results.

(E-K) Counterfactual modifications of the inputs. (E) Bar plot representing the SMI (see main text) in the control condition and when we eliminate surround
suppression (SS) in L4, or HVAs, or growth of the width of the HVA rate field with stimulus size. (F-H) lllustration of the counterfactual modifications (dashed,
same color code as E) compared to the empirical values (full lines and symbols as in Figure 2). (I-K) Effects of the counterfactual modifications on L2/3 size-
tuning curve.

(L-N) Effects of adding SOM input. (L and M) Same as (C and D) but with SOM input. For large stimuli, the rate field convexity in the center changes. Compare with

Figure S5A. (N) Size-tuning curve of recurrent layer with (light red; same as L) and without (dashed green; same as C) SOM input.

Surround suppression is weak for low-contrast stimuli and
increases in strength, while optimal size shrinks, with increasing
stimulus contrast.”® In Figures S18-S20, we analyze the
contrast dependence of size tuning in the model. We find
that a supralinear one-population model with Gaussian input
whose width increases with stimulus size can generate the
observed contrast-dependent size tuning, in line with the re-
sults in the two-population E/I model in Rubin et al.*’ However,
the contrast dependence in the minimal model is parameter
dependent, and in particular does not occur with the connectiv-
ity length scales we are using, which are matched with
those observed experimentally in mouse L2/3. In Figures S21
and S22, we examine this contrast dependence further and
find that additional contributing factors to contrast-dependent
size tuning may be (1) scaling of rate field width in the feedback
input and (2) large VIP/small SOM response for low contrasts
(in agreement with Mossing et al.*®). In Figure S23, we show
that our results still hold when considering non-Gaussian as-
pects of the rate fields.

SOM celis enhance classical surround suppression and
generate more complex spatial profiles

The rate field of SOM neurons in L2/3 lacks surround suppres-
sion (Figure 2J).°" We compare the size-tuning curve of the
model recurrent population in the presence or absence of
SOM input, as in Adesnik et al.®" Since SOM cells prefer larger
stimulus sizes, they inhibit L2/3 the most for larger stimuli, thus
enhancing L2/3 classical surround suppression (Figures 3L and
3N). This effect is robust against changes in the free parameters
(i.e., the connection strengths). However, when the effective
strength of SOM projections onto the Pyr + Pv population is large
enough, the model Pyr + Pv rate field develops a ring shape for
large stimulus sizes (Figure 3M), which is well captured by our
analytic solution. This ring shape for large stimulus sizes has
been reported in Dipoppa et al.® (replotted in Figure S12). The
absence of this feature in our dataset (Figure 21) could conceiv-
ably be explained if those animals had a smaller effective
strength of SOM projections than in Dipoppa et al.® From a geo-
metric point of view, the SOM input field is a (relatively narrow)

Cell Reports 44, 115088, January 28, 2025 5
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Experimental response profiles for inverse stimuli
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Figure 4. Inverse response and size-tuning properties of V1 and HVAs

Same as Figure 2 but for inverse stimuli.
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(A-D) Experimental rate field (top) and best difference-of-Gaussians fit (bottom) for two stimulus sizes (represented at scale by the bottom bars).

(E-H) Up and down triangles (almost overlapping) are the widths of the positive and negative Gaussian functions in the best fits to the rate fields. Differences in
widths of the two Gaussians are small. Full line, linear fit; dashed line, fit if width of the positive Gaussian grew as the radius of the stimulus.

(I-L) Inverse size-tuning curves. Full (empty) circles are experimental responses of cells centered on (with an offset of 30° with respect to) the stimulus center, vs.

inverse stimulus size. Full lines are fits.

Gaussian-shaped bump (e.g., see SOM rate field in Figure 2), so
it most strongly inhibits central Pyr + Pv cells. For large stimuli, its
amplitude becomes larger than that of other inputs, generating a
concave Pyr + Pv rate field. The excitatory input from HVAs can
also contribute to this effect, since for large stimuli it also exhibits
a ring profile (Figures 2L and S9).

In conclusion, our model predicts that classical surround sup-
pression in L2/3 and its contrast dependence are largely ex-
plained by surround suppression of its inputs (consistent with An-
gelucci et al. and Vangeneugden et al.®?), marginally enhanced by
lateral (PV) inhibition progressively recruited as the stimulus
size increases,*""*? enhanced by SOM lateral input,®’ and partially
supported by the supralinear input/output function®>®* (see
Table S1).

Inverse response and size-tuning properties of L2/3 are
shaped by the feedback input
In the previous sections, we developed the minimal model, with
most parameters set from experimental data. Here we use the
same model, with no adjustment of parameters except the
increased amplitude of HVAs input for inverse vs. classical
stimuli (further detailed in Figure S10), to understand responses
to inverse stimuli of varying sizes (i.e., hole diameters).

In experiments, letting position 0° be the stimulus center, L2/3
cells with CRF center near zero (“aligned cells”) respond well to
inverse stimuli, but the aligned inputs from L4 and HVAs have
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very low firing rates (Figures 4 and S1-S4). This led Keller
et al." to conclude that the inverse tuning properties of 12/3
are not directly inherited from its retinotopically aligned inputs.
Aligned cells in L2/3 show size tuning to inverse stimuli very
similar to classical size tuning (Figure 41, full circles, compare
with Figure 2I). However, the spatial representation of inverse
stimuli is qualitatively different from the spatial representation
of classical ones: for moderate-sized (35°) to large stimuli, the
L2/3 rate field for inverse stimuli has a local minimum at 0°, so
that the peak response is at a characteristic distance from
the center (Figure 4A). This is not true for classical stimuli
(Figures S1-5S4), although, as we noted previously, it can occur
for large enough stimuli both in the model (Figure 3M) and in ex-
periments.® Similarly to the classical stimulus condition, the
widths of the inverse rate fields scale weakly with the stimulus
size (Figures 4E-4H and S9).

We parameterize the input rate fields with difference-of-
Gaussian functions (Figures 4A-4D, bottom) whose parameters
vary continuously with stimulus size (see STAR Methods and
Figures S6-S9). In doing so, we trade off some details of the
spatial profiles of the responses to gain interpretability. In partic-
ular, to leverage the minimal model, we adopt a compact analyt-
ical expression for the L4 rate field that limits the accuracy of the
fit for small stimuli (Figure 4C). In Figure S23 we show that the
results presented are qualitatively equivalent with far more
accurate fits.
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Figure 5. Inverse response and size-tuning properties of L2/3 are shaped by its feedback input
(A) Inverse size-tuning stimuli, (B) size-tuning curve, and C rate fields for L2/3 of the model. In (C) results for the simulations (dots) and the analytics (curves) are
represented separately for better readability. The model recovers inverse size tuning as well as the change in convexity of the rate field (compare Figures 4A

and 4l).

(D) SOM neurons reduce inverse surround suppression (compare Figure 3N for classical stimuli).
(E) Size-tuning curve in the control case (light red) and for silencing of HVAs (rate field of HVAs reduced by a factor 0.65) (compare Figure S12A for classical

stimuli).

(F) Size-tuning curves for varying contrast (both L4 and HVA rate fields are reduced by a factorc = log, 2Cy, Cy values shown in legend; compare Figure S21 for

classical stimuli).

The minimal model reproduces inverse size tuning and
the spatial profile of inverse response as a function of size
(Figures 5B and 5C): centered cells show high response to small
inverse stimuli, while, for large inverse stimuli, offset cells show a
large response and centered cells respond less. Adding SOM
cell input to the model, using experimentally measured SOM re-
sponses, slightly reduces the degree of inverse surround sup-
pression, the opposite of the effect seen in the classical case
(Figure 5D, and see Figure 3N for comparison). This is because
SOM cells respond more strongly to small than to large inverse
stimuli (Figures 4B and S9), whereas they respond more strongly
to large than to small classical stimuli (Figure 2).

Inverse response is substantially reduced by reduction of HVA
input (Figure 5E). For classical stimuli, the same modification
affects L2/3 response only marginally. This is consistent with
experimental results on optogenetic silencing of HVAs (see
Figure 5C in Keller et al.”). This differential effect of HVA suppres-
sion on inverse vs. classical response is consistent across vary-
ing levels of HVA suppression (Figure S24).

Finally, the model shows an increase of inverse responses with
contrast (Figure 5F, see also Figure S25) similar to that found
experimentally.’

Inverse response requires wide-enough feedback
projections and feedback activity profiles scaling with
stimulus size

We use our analytical framework to determine the conditions
needed for inverse responses to arise. We first investigate the
role of the width of the feedback projections /23 yva. We vary
its value around the experimental estimate (Figures 6A and 6B)
while the inverse stimulus size is fixed at 15° (Figure 6A). For

this stimulus size, the L2/3 rate field is peaked at its center. For
this to occur in the model, a,23 _Hya Must be sufficiently large,
but not too large (Figure 6C), as we now explain.

HVAs activity peaks in a ring of cells with CRFs corresponding
approximately to the hole edge, although the ring size grows
somewhat more slowly than the hole size (Figures 4 and S26).
We posit that each HVA cell on the ring projects a Gaussian-
shaped bump of projections back to V1 L2/3, centered on its
position on the ring. If these feedback projections are wide
enough, the bumps will all overlap in the middle, giving the
strongest input, and thus the strongest response, at the stimulus
center (shown schematically in Figure 6A, discussed in
Figures S27-S29).

To quantify the range of values of o 23 _ yva compatible with the
inverse response, we compute the second derivative of the
recurrent rate field at its center as a function of /23 _pHya for
the 15° stimulus (Figures 6C and 6D). A negative second deriva-
tive denotes a maximum in the center, as observed experimen-
tally. For this to occur, .23 Hva needs to fall within the range
(12°,35°) (Figure 6D). The experimental estimate in Marques
et al.>" is indicated by the shaded area in Figure 6D, which falls
within this range. The same results hold in a model of L2/3 with
four recurrent cell types (see Figures S30-S32 and S34-S38).

We can similarly understand why inverse response is size
tuned. As the stimulus size increases and the ring-shaped
HVA rate field becomes wider, the input to L2/3 cells centered
on the stimulus center decreases (the overlap of the bumps
in the middle decreases; see Figure 6E). At some point,
the input peak moves away from the center, and an ever-deep-
ening trough forms at the stimulus center (Figure 6l),
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Figure 6. Inverse response requires wide-enough feedback projections and feedback activity profiles that scale with stimulus size

(A) Rate fields in HVAs for a small stimulus (top 3D plots, ring profile). The feedback projections are represented by the empty cones (narrower projection width on the
right). Bottom 3D plots: L2/3 field of input current arising from the feedback projections from five example points; the L2/3 input current would be the sum of similar
projections from all points in the HVA rate field. Narrower feedback projections yield a trough in the center (right), while broader projections yield a peak (left).

(B) Counterfactual modifications of the width of projections from HVAs to L2/3. Amplitudes are normalized to 1.

(C) L2/3 rate fields for the different values of ;03 _ 1y and fixed stimulus width 15°.

(D) Second derivative of L2/3 rate field evaluated at the origin, vs. g;23_nva. Color code as in (C); shaded bar represents the experimental estimate in

Marques et al.*’

(E) Top: parametrization of HVA rate field used for (F)-(M). Bottom: for fixed o123 _ Hva - 200, @ wide-enough anva, results in a trough in the center.

(F-K) HVA rate field (F-H) and input current (I-K) for the control condition (F and |; parameters as in previous figures) and for two counterfactual modifications:
either A,and w (G and J, dark yellow symbol) or ava - (H and K; light blue symbol) are kept constant (fixed at their value for size s = 15°) with varying stimulus size.
(L and M) Size-tuning curve (L) and SM/ for the control condition (M) (red) and the modified conditions (colors as in G and H).

representing the decrease in response with increasing stimulus  as large as the preferred size response. In contrast, in case (2),
size (Figure 6F). the HVA input field does not develop a trough as the stimulus
While this explanation attributes the decrease in response with  size increases (Figure 6K) and, correspondingly, inverse sur-
increasing hole size to the increasing width of the ring of HYAs ac-  round suppression is drastically reduced (Figures 6L-6M). Note
tivity (which we also show analytically in Figures S27-S29), that, for a classical stimulus, surround suppression is only
another contributing factor could be the decrease in amplitude slightly decreased by an analogous modification (compare
and thickness of the ring. To test this, we fit the HVA rate field Figures 3E and 6M, light blue bar).
with an alternative parameterization, a circle of radius apyar (ring This difference between the classical and inverse cases in the
radius) convolved with a Gaussian of amplitude A, and width w  effect of a lack of widening of the input rate field suggests that,
(ring thickness; see Figure 6E). We then apply two counterfactual  despite the similarity of their size-tuning curves, their origin is
modifications to the HVA rate field: (1) eliminate the size depen-  substantially different: classical surround suppression in L2/3 is
dence of A, and w while preserving the scaling of oxya , With stim-  mostly driven by the aligned cells of its inputs, while inverse size
ulus size (dark yellow symbol, Figure 6G), (2) eliminate the scaling  tuning is mediated by offset cells in HVAs. As the stimulus be-
of aryva, while preserving A and w (light blue symbol, Figure 6H). If  comes larger, peak responses in HVYAs move to cells at larger off-
our explanation is right, (1) should only have a minor effect, while  sets from the center, providing less and less excitatory input to
(2) should significantly reduce inverse surround suppression the center as the stimulus radius grows beyond the span of the
(which we also show analytically in the STAR Methods). feedback projections.

Indeed, in case (1), the field of HVA input to L2/3 develops a In Figures S34-S38, we show that the explanations derived
trough for large stimuli (Figure 6J), and the inverse size-tuning  using the minimal model also apply to a more biologically real-
curve is very similar to that in the control case, with a minor istic model with four cell types.
decrease in SMI (Figures 6L-6M). The only notable change is The arguments presented here provide a purely geometrical
that the response to the smallest size hole, 5°, becomes almost  explanation of inverse response and inverse size tuning,

8 Cell Reports 44, 115088, January 28, 2025



Cell Reports

HVA rate field and input
extended

minimal Bao
model * O-
-80
X
_ 0 n
x - :

preferred orientation

(9]

>
HVA rate field
in the center

HVA input current

L2/3 rate field

y
o5

stimulus
type

E F

-

E
D

in the center

L2/3 firing rate

(=]

N

T
2 0 2

preferred orientation

¢? CellPress

OPEN ACCESS

surround facilitation

— cross noHVA
cross noSOM

w)

—onlycent
cross

G

-

to the center

I

N

0 s

2 2
preferred orientation

in the center
normalized

L2/3 firing rate

1 @

Jis o
2 0 2
preferred orientation

0//

-0.5

SFI

0 0.2

L2/3 firing rate
at pref ori

. W,
more inh =~ °
P

-50 0 50
retinotopic space(°)

Figure 7. Surround facilitation is generated by inverse response to the orthogonal surround

(A) Sketch of the extended minimal model, accounting for orientation preference as an additional dimension for the rate fields. Bottom: legend of the stimuli
analyzed: cross (center at orientation 0, surround at «/2; light red), classical/only center (dark blue), iso-oriented surround (light blue), and inverse (dark red).
(B) Density plot of HVA rate fields in one spatial dimension (vertical axis) and orientation preference (horizontal axis) for classical, inverse, and cross stimuli (color
code as in the legend).

(C) HVA rate fields of cells whose CRF is centered on the stimulus center and with all possible orientation preferences (horizontal axis). Note, light red line for cross
stimulus is shown dashed and thick, so overlapping lines (dark blue, central region; dark red, larger preferred orientations) can be seen; light blue and dark blue
(not visible) overlap for larger preferred orientations.

(D) Input current from HVAs to the centered cells in L2/3 as a function of their preferred orientation.

(E and F) The response of centered L2/3 cells preferring orientation ¢ = 0 is larger for the cross stimulus than for the classical stimulus alone (surround facilitation).
(E) Rate field of L2/3 neurons centered on the stimulus center as a function of their preferred orientation. (F) Rate field of L2/3 cells that prefer orientation § = Oasa
function of their retinotopic location.

(G) We study the cross condition (control) and two manipulations of it (no HVA, no SOM). For each condition, rate fields of L2/3 are normalized to the amplitude of

the response to a center-only stimulus. Surround facilitation (responses larger than 1) decreases when HVAs are silenced or SOM cells are hyperpolarized.
(H) Larger recurrent excitation (less negative or more positive W) contributes to larger SFI.

illustrating the importance of considering a spatial framework
with realistic anatomical and physiological length scales to un-
derstand contextual effects.

Surround facilitation can be explained by the inverse
response to the orthogonal surround
When a stimulus is presented together with an orthogonal
surround (“cross” stimulus), the response of L2/3—but not L4—
Pyr cells centered on the stimulus is facilitated.?*®°®> We propose
that this effect may be, at least in part, the counterpart of the in-
verse response. More specifically, the response of aligned Pyr
cells may increase due to the orthogonal surround evoking the
same inputs that drive the inverse response. To test this hypothe-
sis, we extend the minimal model to include orientation preference
(see Figures 7A and S39) and connectivity that decreases in
strength with increasing difference in preferred orientation ac-
cording to experimental estimates®®®%°” (see STAR Methods).
We assume that the rate fields of the input populations for the
cross stimulus can be approximated as the sum of the rate fields
for a direct stimulus of one orientation in the center plus an in-
verse stimulus of the orthogonal orientation (Figures 7B and
7C). In general, the response fields are not additive. Neverthe-
less, for cross stimuli, the classical and inverse stimuli are largely
encoded by complementary sets of cells, i.e., cells with orthog-

onal orientation preferences, which interact minimally*®; hence,
we make the assumption of additivity.

We consider a classical stimulus with orientation 0, an inverse
stimulus with orientation 7/2, and a cross stimulus that com-
bines the two. The extended minimal model shows that L2/3
cells are surround facilitated (Figures 7E and 7F). This effect
can be understood as follows: HVA cells at the stimulus center
with preferred orientation 0 have zero response to the inverse
stimulus (dark red line in Figure 7C). However, L2/3 cells with
the same position and preferred orientation receive small but
positive HVA input (Figure 7D), which comes from more offset
HVA cells via their broad feedback projections to L2/3. Thus
the inverse stimulus at orientation /2 provides a small HVA
input to the L2/3-centered cells that prefer orientation 0. This
input generates cross-oriented facilitation (light red curves in
Figures 7E and 7F).

Thus, our model suggests that HVAs support L2/3 cross-orien-
tation surround facilitation (Figure 7G, light red curve). If HVAs are
blocked (cyan curve), responses to both center-only and cross
stimuli decrease; cross is still facilitated relative to center only,
but less so than with HVAs intact (the cyan curve in Figure 7G
lies below the light red curve). The same is true also when SOM
input is silenced (green curve), implying that both HVAs and
SOM cells support cross-orientation surround facilitation.

Cell Reports 44, 115088, January 28, 2025 9
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To better quantify surround facilitation, we define the surround
facilitation index SFI = (r« — rc)/(rx +rc), where ry (ro) is the
firing rate of the L2/3-centered cells in the cross (classical) stim-
ulus condition. We analyze the dependence of SF/ on the relative
weight of excitation and inhibition in the joint Pyr + Pv population,
controlled by the amplitude of the recurrent connections W,
(Figure 7H). Larger Wy (i.e., more recurrent excitation) yields
larger SFI.

For excitation dominated systems (W, > 0), SOM input sup-
presses surround facilitation (green curve above the light red
one). On the other hand, for inhibition-dominated systems
(Wo < 0), as in Figure 7G, SOM input increases SFI (green curve
below the light red). More generally, in Figures S40 and S41, we
show that SOM input increases (decreases) SF/ if the ratio of
SOM input in the inverse vs. center conditions is less (greater)
than the ratio of total input in the two conditions.

To summarize, assuming that inputs evoked by center-only
and orthogonal surround-only or inverse stimuli add linearly,
both HVAs and lateral SOM inputs contribute to cross-orienta-
tion surround facilitation, while lateral PV input tends to reduce
it. Note that the suppression of SOM was the primary mechanism
of enhancement of response to the cross-oriented stimulus pro-
posed in Keller et al.” (in that case due to activation of VIP by the
cross stimulus, which inhibited SOM); here, we are proposing
that both HVAs and the suppression of SOM contribute to the
facilitation.

The assumption of additivity can be experimentally tested by
recording the spatial pattern of responses to cross stimuli. In
particular, we expect that L2/3 Pyr and PV cells centered on the
cross stimulus and with preferred orientation orthogonal to the
center stimulus show significant response (Figure 7C). Similar re-
cordings, with a smaller difference in orientation between center
and surround, should instead deviate from additivity, perhaps re-
flecting the neural correlates of the “tilt illusion.”®®

DISCUSSION

We propose a unifying (toy) model of mouse V1 accounting for
three types of contextual modulation and connecting two seem-
ingly unrelated phenomena: inverse response and cross-orienta-
tion surround facilitation. To gain robust mechanistic insight, we
include in the model as few elements as possible to easily disen-
tangle the effects of each. Instead of quantitatively fine-tuning
the model to a particular dataset, we aim to describe results at
a qualitative level, at which they are more robust and consistent
across different datasets. While the minimal model neglects the
full recurrent microcircuitry of L2/3, it yields mechanistic insights
into cortical computation, which we show also apply to a fully
recurrent four-cell-type circuit (Figures S34-S38).

Despite the very limited number of parameters (as few as
three), our minimal approach is highly informative. In addition
to the three main types of contextual modulation, it reproduces
stabilization of the circuit by PV cells, the modulations of the
classical and inverse response when silencing HVAs, and the ef-
fects of changing stimulus contrast and hyperpolarizing SOM
cells. At the same time, it generates insights that translate into
several experimentally testable predictions, as summarized in
Table S1.
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Previous models of classical surround suppression have
assumed it is mediated by lateral inhibition progressively re-
cruited as the stimulus size increases.®® 414259 Oyr analysis
suggests that, in mouse L2/3 of V1, this mechanism only margin-
ally contributes to surround suppression, because (1) the feed-
forward input to L2/3 is also strongly surround suppressed,
and (2) the rate field size increases much more slowly than the
stimulus size.

Firstly, given the well-documented existence of surround sup-
pression in earlier stages of the visual pathway, such as the
retina’®’" and the lateral geniculate nucleus,”® we believe that
size tuning may be transmitted along the visual pathway and
modulated at the different stages, including the primary visual
cortex. This observation also applies to other model organisms,
such as cats and monkeys,”®"* and underscores the importance
of considering perception from a more integrated perspective,
rather than focusing solely on individual layers or isolated
circuits.”>7®

Secondly, some of the simplifying assumptions of our frame-
work are based on the large amount of available anatomical
and functional information on mouse visual cortex; therefore, it
is not straightforward to extend these results to other model or-
ganisms. The finding that the growth of the width of input profiles
alone does not support surround suppression is parameter
dependent and does not hold for length scales that are more
representative of cat anatomy (Figures S18-S20).

However, it’s important to note that the observation of a slow
rate field size increase in our dataset is purely empirical and, as
such, it does not depend on the model. Moreover, this obser-
vation is independent on the preprocessing procedure used
to define the rate fields (Figures S2-S4) and it is consistent
with the recordings in Dipoppa et al.® (their Supplementary Fig-
ure 11D) and in Michaiel et al.*’ (their Figure 2A), although
those authors did not highlight the effect. Pinpointing this coun-
terintuitive feature of neural responses in mouse V1 is one of
our major findings. We should, however, caution that all of
the recordings in this and those two papers were done with
Ca** imaging, and it is conceivable that there is widening of
the spiking signal but with intensity below threshold for Ca**
recording.

Our finding suggests the interesting psychophysical correlate
that the perceived area of stimuli should grow more slowly than
the actual area. This is in agreement with the results of Yousif
and Keil,””""® who had participants compare total area of mul-
tiple patches of color, distributed in random locations within a
region, and with different diameter distributions. For samples
with equal total area, participants consistently perceived less
cumulative area in samples with fewer larger patches than in
samples with more smaller patches. This correlate could be
further tested with another experiment: alternately present a
small circular stimulus centered at position x, and a larger cir-
cular stimulus whose edge intersects x. We predict that the
larger stimulus should be perceived as not extending to the
center of the smaller one. We conducted a pilot experiment
that appears to support this prediction. These results seem to
suggest that recordings of the rate fields as a function of stim-
ulus size for other model organisms may reveal a trend similar
to what we observe in mouse.
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Limitations of the study

We modeled HVA input based on recordings from area LM."
However, in these recordings, LM responses are much weaker
in the inverse condition than in the classical condition. Since in-
verse responses have similar strength to classical responses, we
assumed that input from other HVAs must equalize overall HVA
responses in the two conditions, and we scaled observed LM in-
verse responses accordingly. This assumption needs to be
tested experimentally.

We treat HVAs as a static input, even though they are part of a
coupled system, receiving input from V1 and projecting back to
V1. To develop a dynamical model for the coupled population of
L4, L2/3, and HVA, we would need to specify the external inputs
to this entire system. However, in the dataset considered, L2/3
responses to small-size classical and inverse stimuli are very
similar, while LM responds very differently to the two stimuli.
This suggests that LM likely receives a significant part of its input
from other sources’®®" for which we have no recordings. More
broadly, being able to determine whether a specific dynamical
regime in a circuit arises from the circuit’s intrinsic properties
(such as its internal connectivity) or is driven by the characteris-
tics of external inputs is at the center of ongoing debate (see e.g.,
Morales et al.®? and Morrell et al.?%).

Context shapes the readout not only at a neural level but also
at a perceptual level. Animals are active interpreters of the visual
scene, as opposed to passive decoders.” %54 The study of
the mechanisms underlying contextual modulation of responses,
including information that higher processing stages project back
onto the canvas of visual cortex, opens a window to understand
how our brains create our perceptual experiences.

We believe that the simplicity, analytical tractability, and
spatial nature of the model presented here, together with the
fact that it can be easily extended to account for other feature
spaces, will enable further mechanistic insight into visual cortical
circuitry and responses in future studies.
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Software and algorithms
GitHub code serenadisanto14/ContextualEffectsVC-v1.0.0 Zenodo https://doi.org/10.5281/zenodo.13957280

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

The responses of thousands of neurons in the primary visual cortex of adult mice of either sex are recorded through 2-photon calcium
imaging during visual stimulation. Stimulation time was 2s interleaved by 4s of gray screen. The response amplitude to a stimulus was
computed as the average response over the duration of the stimulus presentation. Stimuli were presented at 100% contrast. To es-
timate the center of the receptive field, the responses to patches of gratings (10°) presented along a grid (15° spacing) were fitted with
atwo-dimensional Gaussian. The size of the CRF was approximated by the size of the patch of gratings evoking the largest response.
The number of recorded cells is 1489 Pyr, 25 PV, 105 SOM, 90 VIP, 38 L4, and 167 LM). The maximum distance between the CRF
recorded and the stimulus center is 40°. Further experimental details are available in.’

METHOD DETAILS

Nonlinear transfer function

We assume neurons have a supralinear input/output function (taken to be rectified quadratic), describing the steady-state firing rate
induced by a given net input to the neuron.?? Such an expansive input/output function is expected when firing activity is driven by
input fluctuations rather than by the mean input,®** and has been shown to yield network behavior that reproduces a variety of
nonlinear visual cortical behaviors.*">? The use of these power-law input/output functions, combined with our assumptions that con-
nectivity and firing-rate fields are described by Gaussian functions, allows us, building on previous theoretical work,”® to develop an
approximate analytic solution to the one-population model, which yields deeper insight into the mechanisms driving model behavior.

Feedback input

A crucial aspect of the model is to include inputs from HVAs. A difficulty in doing so is that cells in L2/3 are targeted by all of the
HVAs,*>"® but we have recordings of the V1 boutons from only one HVA, area LM." Extended Data Fig. 9 in' shows that optogenetic
silencing of different HVAs generates quantitatively different reductions of classical versus inverse responses. We assume that the
HVAs considered altogether have a rate field profile proportional to that recorded in LM, but with proportionality constants that can
differ between the classical and inverse stimulus conditions. In Figure S10 we show how we infer these constants based on the am-
plitudes of inverse vs. classical response in L2/3.

The minimal model
We consider a system with one recurrent population defined on a two-dimensional retinotopic space of coordinates {x}, whose rate
field is r(x) and which receives a visually-driven input described by a 2D isotropic Gaussian function /(x) = IoG(x,v) (where G(x,v)=

ﬁe*%. Let the recurrent connections be W(x — y) = WoG(x — y,v,). We consider the SSN dynamical equations for the system,
rdr(x)/dt = — r(x)+ [u(x)]i where u(x), the total input current, i.e., the sum of the visually driven and recurrent input. We will here-
after focus on the steady state of the system, where r(x) = [u(x)ﬁ, or:

2

r(x) = [I(X)+ / dyW(x — y)r(y) (Equation 1)
In Equation 1 we omit the rectification sign, based on the assumption that u(x) is always greater than or equal to 0. We will show that

the results we then derive obey this assumption.
Analogously we can write the SSN equations for the total input current at steady state as:

u(x) = I(x) + / dy W(x — y)u?(y) (Equation 2)
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To find u(x) we make the ansatz that u(x) has the following form:
ux) = a(x,v,)G(x,vy,) (Equation 3)

where a(x, v, ) is required to vary slowly as a function of x. We will henceforth write it simply as «(x), leaving the dependence on v,
implicit. Note that v, is a free parameter that is constrained only by the fact that when we solve our equation the resulting a(x) must be
slowly varying. Then the recurrent term is:

W, % .
Rec(x) = [ dyW(x ~ylu(y) = Wo [ dyel(y)G(x ~y.v)G2(y.w.) = oo [ dya?(y)Gix ~y.v)G(v. %) (Equation 4
u
The largest contribution to the integral is given by the maximum of its argument (Laplace approximation), but since a?(y) varies
slowly ([Ve(y)| < |a(y)]), the maximum of the full argument can be approximated with the maximum of G(x — y,v,)G(y,%), which
occurs aty = y=52%:

2vr+vy,”t

Wo

e
et (9)G(x. Vo)

Rec)="2W) [ ayeix — y.u)a(y. ) -

2 (Equation 5)

where we defined v, = v, +%. Since «(y) varies slowly with its argument, we take the further approximation that «(y) is well approx-
imated by «(x). From Equation 2 we get:

a(X)G(X, V) = lbG(X, V) + Wo ?(X)G(X, Vi), (Equation 6)
4rv,
We now solve the equation above for «(x) and get:
2w, 5 _ oWoG(v)G (Vi) ,
a(x)_ing(vm) (G(vu) + \/G (V) T — (Equation 7)

where for better readability we are omitting the spatial dependence of the function G( +). In Figure S13 we show that |Va(x)| < |a(X)].
We now choose v, to satisfy:

1 _ Tyt
2v, ' = v 4y,

(Equation 8)
This simplifies the expression under the square root, making it independent on x:

G(v)G(vw) v2

G2(vy) = e (Equation 9)
and thus we can write:
_ 27TVU loWoVu .
a(x)_WOG(v,u)G(V“)<1 +4/1 = W ) (Equation 10)
Finally, using Equation 9 again:
27wy loWov, _ w(v+Vy) 2loWy .
u(x)= Wove (‘I +4/1 v )G(v) =W 1+4/1 ) G(v) (Equation 11)

Note that only one of the two solutions is actually acceptable, depending on whether the recurrent population described is excit-
atory or inhibitory. The only acceptable solution is the one with — for negative W, (because the one with + gives u(x) < 0). For positive
W, instead, the solution requires that 2/oWy < (v + vy, ). Violation of this condition means that recurrent excitatory input is very large
(Wo >m(v +vp) /2lp), and in this case we find numerically that the system diverges (see Figure S14).

Analogously, if the external input can be described by a sum of Gaussians:

m

Ix) = > hG(x,vi) (Equation 12)
k=1
making the same ansatz as above, we obtain
7T(V1+Vr,_,) 2/1 Wo i IkG(V1k) .
ux) = —— (1 - /1 — ——— — 42, ——|G(vy), Equation 13
() Wo < \/ T(V1+Vyy) ! Og(w — Vi)V (1) (Eq )
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where we defined

(Equation 14)

Note that, despite the approximations, the analytic solution provides a really good description of the rate field (see e.g. Figures 3C,
3E, 5A, and 5C).

Validation of the minimal model

To solve the self-consistency equations for the spatial SSN (Equation 2) we took the ansatz (Equation 3), with the constraint that «(x)
is a slowly varying function of its argument. Here we show that the solution that we find for «(x) is actually consistent with the assump-
tion that it varies slowly with x. Analytically, if we consider only one external input /(x) = loG(x, v) and we restrict to one spatial dimen-
sion for illustration purposes, we find:

x( 3+ v+1 )
1 da(x,0) h v, X .
a(x,0) o v = 0(‘) (Equation 15)

which is very small for the values that are relevant in this context, i.e., [x| <50, v ~ 202, as shown in Figure S13.

The minimal model with orientation tuning

The minimal model can be extended to account for orientation tuning. Given the salt-and-pepper structure of preferred orientation in
mouse V1,%* we assume that orientation-preference is independent of the CRF location®: in every retinotopic location all possible
preferred orientations are represented. Thus we consider spatial locations and orientation as orthogonal degrees of freedom. Here
we reduce the retinotopic space to 1D, for simplicity and without entailing any conceptual change (whereas the results presented in
the main text for surround facilitation are obtained for 2 spatial dimensions plus one orientation dimension, for consistency with
the other results discussed). The rate field of the recurrent layer is then r(x, #). Let us assume that it receives a Gaussian input

km)2
I(x,6 —y) = loG(x,v)Gp(f# —,2) at orientation y € (0, m), with Gp(6,1) = 2= ., e~“#" being a periodic Gaussian®® and
G(x,v) = ﬁe*; Let the recurrent connections be W(x,y,0,¢) = WoG(x — y,v;)Gp(6 — ¢,4-), and let the response function
be rectified quadratic. We set /2, = 7/6 based on estimates in.°® The SSN equations for the system can be written analogously
to Eqi:

2

rix,0) = {/(x, )+ [ aydswix.y.0.9)r0.9) (Equation 16)

and the exact same steps as above can be carried out. Obviously we will take an orientation-tuned ansatz:
u(x) = a(x,0)G(x,v,)Gp(0 — ¥, A) (Equation 17)
where «(x, ) is a slowly varying function of both its arguments. All the calculations then are completely analogous to the purely spatial
case. (The convolution of two periodic Gaussians is a periodic Gaussian whose variance is the sum of their variances. Also, note that

in the case of periodic Gaussians, the equivalent of Equation 8 holds only approximately, but it is a very good approximation, when A
is sufficiently small compared to 7.) We define A, = A +% and consider 21, '=2"" + 2" then we find:

T WAy Vyhy ,
u(x)—W0 Ve 1=+ \j1 — 2lgWo pTREYN G(x,v)Gp(0 — ¥, 2) (Equation 18)

The full model

The operating regime of cortical computations emerges from the interplay of Pyramidal cells with multiple interneuron types. In
mouse V1, approximately 80% of these interneurons are PV, SOM, or VIP cells.®®°° In this Section we show that our results hold
in a network model that includes all four of these cell types. We call this the ‘full model’.

Since the synaptic coupling weights are not easily measured in the lab e.g., see varying results in, we inferthem as in,
together with threshold offsets specific to each cell type, by constraining the model to reproduce the recurrent rate fields recorded in
the classical stimulus condition. In order to avoid a proliferation of parameters: i) we set to zero the connections that have been shown
experimentally to be very small®>°8°9:9619 35 in® and ii) we fix the connection widths based on anatomical measurements>*3¢:9
(see Figure S30).

35,58,96 2,6,43,49
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We develop a semianalytical non-negative-least-squares approach to fit the free parameters of the model. Since all the inputs that
SOM cells receive in the classical stimulus condition are surround suppressed, yet SOM cells are not, it is particularly hard to recover
SOM size tuning properties. Possible solutions to this problem are to consider divisive inhibition from SOM to VIP® or additional inputs
that grow with stimulus size.*® Here for simplicity we adopt the latter solution. A possible explanation is that SOM cells receive input
from the surround that is stronger and/or has different orientation preference than the input from the center.>”¢1:1921%% |n Figure S31
we show the size of the extra input relative to the net other input.

We fit the model to reproduce the classical response profiles. We find a collection of parameter sets that fit the data well (see
STAR Methods on model comparison). In Figure S30 we plot one of the inferred parameter sets, and the resulting match of
experimental and model classical size tuning curves. With the inferred parameters, and given the external inputs from HVAs
and L4 and the increase in strength of HVAs input for inverse vs. classical stimuli, the model quantitatively reproduces the in-
verse response and size tuning of all cell types in L2/3 (Figure S30D). This confirms that the inputs (in particular the input from
HVAs) play a fundamental role in shaping the inverse patterns of activity, as suggested in' and clarified by the minimal model. In
Figure S33, we show that the results presented here are robust against reasonable changes in the connection width, accounting
for errors in the experimental estimates considered. In Figure S34-S38 we also show that the full model is stabilized by PV cells
and that it recovers the modulations induced by changing the stimulus contrast, by silencing HVAs, and by suppressing SOM
cells.

The full model can be leveraged to test the robustness of the mechanisms uncovered through the minimal model. In particular
Figure S38 confirms that inverse response and size tuning in the full model require: i) broad enough feedback connections, ii) growth
of the width of the HVAs rate field. Therefore the principles discussed and analyzed in the main text for the minimal model extend to
this more biologically realistic framework.

Inferring parameters of the full model

In the full model the recurrent layer is composed of Pyramidal neurons (Pyr or E) as well as the 3 main interneuron classes, Parval-
bumin (PV or P), Somatostatin (SOM or S) and Vaso-intestinal peptide (VIP or V), which together account for about 80 — 90% of the
neurons in mouse V1.°%%° In addition, as in the minimal model, we consider external feedforward input from L4 (L) and external feed-
back input from HVAs (H). In order to keep the number of parameters as small as possible, we consider rectified quadratic transfer
functions for all celltypes and we fix the projection span of each connection based on anatomical observations (see STAR Methods
on Anatomical length scales). Since the firing rates are not 0, we assume that the total input current to each population is positive.
Then we can write the following equation for the rate field of population A (A € {E,P,S,V }; note that L4 and HVAs are taken as external
inputs with rate fields taken from experimental measurement):

Vra(x) = Z / Was(X — y)ra(y)dy +Ta (Equation 19)
B

where B = {E,P,S,V,L,H} and x denotes 2 dimensional cortical or —equivalently for the model- retinotopic position. Theterm T4 is a
bias that we consider constant (across space and stimulus size), which can be understood as a cell-type-specific firing threshold.
As in the minimal model, we consider Gaussian assumptions and ansatz:

Wyg _x-y?
WAB(X - y) =—"@ 28
27V (Equation 20)

2
rA(X) = FAeiszA-i—b/h

where b is the baseline, i.e., the firing rate in absence of inputs, uniform across space. Here we aim to solve for the W s given the ra (x)
(see Figures S2-54) and given the values of v4g. In order to regress the connection weights, we set up a non negative least squares
(NNLS) approach similarly to.”° Let us consider first the NNLS procedure when we constrain only on one stimulus size. Then the loss
function reads”:

. 2
Sy = /wdx{\/rA(x) - Z/WAB(X — y)rs(y)dy — TA}

2
°° [ e — Vg 2
= / ax rae 2p +bA — E WAB (rB—e 2pB+ +b5) — TA
— o B VaB+

where we defined vag, = vag+Vg. It is easy to verify numerically that

x2 X2
\ra€ 2a+bs = qa€e “A++/ba, (Equation 22)

(Equation 21)
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is a very good approximation, where we defined g4 = vra+ba — vba. The NNLS equations consist in minimizing the loss function
(which codifies the error between the data and the model) with respect to the parameters. Thus when we minimize with respect to
W g we obtain:

© o o 2
— 2/ ax|qae ¥a — ZWAC (T’cviefm +bc> +v/ba — TA} (_ AL
—® I Vac+ VAB+

R
s +bg | =0

rgvg2v,
r'sVB2Vaga rBVBZWA

- W _ _T oy, — WacF (Equation 23)
VAB++2VA "BVBXC: ACbC+rBVB<\/ ba A) +bpqa2va bszcj AclcVe

VAB+ +VAC+

_/m dx—(ZWACbC - <\/E - TA)> -0

where we defined vag, = vag +Vvig/2 Note that the second derivatives are always negative, thus the problem is always convex. Also
note that these are 6 equations for each of the Was withB = {E,P,S,V L H},i.e., one equation for each of the connection weights that
enter into the self-consistent equation for the firing rate of population A. Since the space is continuous and infinite, to ensure conver-
gence of the loss function, we have to impose:

Vba = Ta = ZWACbC (Equation 24)
(]

Conceptually this means that if we knew the W g, then the knowledge of the baseline firings (and the transfer functions) would
determine the firing thresholds. Moreover when we take the first derivative of the loss function with respect to T4 and we take
into account Equation 24 we obtain:

qa2va — ZWACFCVC =0 (Equation 25)
C

Note that we make repeated use of the useful integrals:

xy? ¥ _ 2
/ef 2v: e 2v2dy Me 2(vq+vp)
Vi+Vo .
(Equation 26)

/e’%e’%dx = 21V,
Vi+Vo
Finally, using both Equations 24 and 25 in Equation 23, we obtain
Z(WACFCVC) ! - ! =0 (Equation 27)
c Vags+2Va  Vaci+Vags

We can solve this linear equation to find W ¢ and then find T, from Equation 24. If we solve the linear system in Equation 27 without
any further caution, we find an error function that is strictly 0, but values of the parameters that are not compatible with the excitatory
or inhibitory nature of the different populations. Therefore we devise an algorithm to solve this system of linear equations which con-
strains the positivity of each element W,5. We start from a random initial set of W g that satisfies our positivity constraints and solve
one equation at a time. We update the initial parameter set if two conditions are verified: i) the solution still satisfies the positivity con-
straints and ii) the loss function is actually smaller than its value before this update. This simple algorithm allows us to find a family of
solutions, compatible with the results from the simulation of Equation 19 where the Wz and the T, are fixed and the 74 and b, are the
steady states reached by the system.

A limitation of this approach is that the additional inputs that we are explicitly ignoring (e.g., other layers of V1, synaptic plasticity,
other input pathways, etc ...) will be compensated for by our estimates of the recurrent couplings, thus conditioning the meaning of
the effective synaptic coupling strengths.

Next, we generalize the procedure when constraining on all stimulus sizes in the classical stimulus condition. The loss function in
this case reads:

2

Sy = /ds/dx{ ra(x,s) — /WAB x — y)rg(y,s)dy — T, (Equation 28)
7{EPSVLH}
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x2
where s is stimulus size and ra(x,s) = ra(s)e #4® +bu. We can follow all the same steps as above, until the very last one, where we
cannot simplify due to the [ ds. We obtain:

\/5; —Ta — ZWAcbc =0
c
(Equation 29)
2/dsM (s)Fa(s) — ZWAc/ds Ve (S)Vc(s) _BTCE) Fo(s)Fs(s) =0

2VA(S)+Vag: (s) Vag+(S)+Vacs (s)

As before, we solve this numerically for Wc with sign constraints.

Note that constraining on inverse size tuning curves would not introduce any conceptual complication (just more terms of
the same type to calculate) but here we decide to not infer the model parameters to fit direct and inverse response, but
instead we fit only the direct response and then benchmark against the ability to generate inverse size-dependent
responses.

SOM cells aligned with the stimulus center respond strongly to large classical stimuli, suggesting that they receive a large
excitatory current for such stimuli. Nevertheless, both L2/3 Pyramidal neurons and HVAs neurons are very surround sup-
pressed, thus providing a much smaller excitatory current for large stimuli than for small stimuli. This suggests that SOM
cells receive extra excitatory input, that increases with stimulus size. Since, to the best of our knowledge, empirical obser-
vations on the origin of such external current are still missing, in order to recover the size tuning curve and spatial profiles
of SOM neurons we make a minimal assumption that they receive an extra excitatory current whose amplitude grows lin-
early with stimulus size. We then infer the effective strength of this interaction by adding one external field X in the NNLS
equations:

2

Sy = /ds/dx[ a(X,8) — Z /WAB(x — y)rs(y,s)dy — T, (Equation 30)
= {EPSV.LHX}
with
_x?
= /se x
W P (Equation 31)
Wax(x —y) = dass—2 e Fax

27TVAX

The choice of vgx and vy is arbitrary and is made here following arguments of simplicity and analogy with other excitatory input
currents (vsxy = 82, vy = 20%). We note that a different choice of these values would only weakly affect the geometry of the SOM
rate field.

Model selection for the full model
We find 100 parameters sets through the NNLS procedure described above and we quantify the distance between the data and the
simulated full system with:
85
absoluteerror= Y~ " (r5(0,5) — 75(0,9))*
B={EPSV}s=5

85( rs(0,s)  Ts(0,s) ))2

maxsrz(0,8)  maxsrs(0,s

(Equation 32)

normalized error =
B={EPSVLH}s=5

Here, rg(0,s) is the firing rate of cell type B at position 0 to a stimulus of size s. As expected the two measures are correlated
(Figure S32). Moreover, a fraction of the models found through the NNLS procedure diverge, which is not surprising given that the
recurrent equations are not solved exactly. In what follows, as well as in the main text we present simulations with the parameter
set that minimizes both the metrics above.

QUANTIFICATION AND STATISTICAL ANALYSIS

Data preprocessing

The distance between the center of the stimulus and the center of the CRF of cells is estimated in' through CRF mapping experi-
ments, where a stimulus is presented at many positions spanning the area of the visual field accessible for recording and the
response of thousands of neurons are recorded through 2-photon calcium imaging.' Since the distance between contiguous pre-
sentations of the stimulus is 5°, we take this value to be the error on the measure of the CRF location. For each cell we then take
a Gaussian in its spatial location with g, = 5° and with amplitude equal to the recorded (trial averaged) response of that cell, i.e.,
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o n?
r,-e’( T with Vg, = ag,,. We then sum the Gaussian functions for all recorded cells and divide by the sum of unitary Gaussians, to
account for the non-uniform distribution of data-points. The rate field of population A is thus given by:

(x — x,-)2
Y qr(s)e  2ver
(x — x)?
ZNA e 2Verr

i=1

ra(x,s) =

(Equation 33)

where N, is the number of recorded cells of type A and s indicates the stimulus size. In Figure S1 we show an example of the smooth-
ening that this procedure (first presented in®) generates. We call this method the Gaussian kernel method. Rate fields are plotted in
1 spatial dimension, but they are in fact 2-dimensional and isotropic in retinotopic space. The retinotopic space is considered contin-
uous, representing the limit of very large number of neurons. We test the robustness of this method by comparing it with a different,
more rough procedure: we divide the retinotopic space in bins, then we take the median of the response of all the cells that fall within
each bin (according to their CRF measure). This alternative procedure allows to consider the error on the estimate of the response
(standard error of the mean calculated on the set of cells falling in each bin), but not the error on the estimate of the CRF position. Also
we remark that there exists a non negligible dependence of the spatial profiles calculated in this latter way (and consequently their fits)
with the number of bins chosen, that can be imputed to the error on the estimate of the CRF position. Note that the baselines of the
inverse rate fields are chosen in accordance with those of the classical rate fields, based on continuity between the responses to the
largest direct stimulus and the smallest inverse stimulus, for the cells that are furthest away from the stimulus center. Note that
the responses to the largest classical stimuli are far from being uniform in space (as they would be if the stimulus was effectively
covering the whole visual field of the animal). Overall the corresponding profiles obtained through the two preprocessing procedures
are satisfactorily similar for both direct and inverse stimulus condition (see Figures S2-S4).

Aligned and offset LM neurons are not intrinsically different

We ask whether offset LM neurons and aligned (or centered) ones are intrinsically different classes of neurons (as suggested in') or
they are the same class of neurons. If they were intrinsically different classes of neurons, their properties (e.g., connectivity profiles)
could be different and/or the response to a retinotopically matched stimulus could be different. On the contrary, if they were the same
population, their response properties to (precisely) retinotopically matched stimuli would be the same, and a difference in response
would be imputable to a difference in retinotopic position relative to the stimulus.

In support of the existence of 2 different populations in LM one could argue that the response to the largest stimulus is different
(Figures 5G and 5l in"). Considering that the largest stimulus is virtually a full field grating, then a difference in the response indicates
that they have a different response to the same stimulus.

In other words, if the stimulus was homogeneous in space (e.g., grating covering the full visual field of the animal), the mismatch of
responses of aligned and offset neurons would imply that they have intrinsically different response properties, thus they are 2 different
populations, potentially with 2 different connectivity profiles.

Nevertheless, the largest stimulus size is a disk of diameter 85° and the offset boutons with the furthest away receptive field consid-
ered are at a distance of 42° from the center of the stimulus. This means that at least some of the offset boutons’ CRF is close to the
border of the largest stimulus. Therefore the premise that the largest stimulus size is a full field grating is not a satisfactory
approximation.

In order to address the question more quantitatively, we apply a clustering algorithm (Uniform Manifold Approximation and Pro-
jection, UMAP) to the responses. An embedding in 2D is found by searching for a low dimensional projection of the data that has
the closest possible equivalent fuzzy topological structure (all the details on the procedure can be found in https://umap-learn.
readthedocs.io/en/latest/fag.html). Once the clustering is done we plot the scatterplot of all data points in its 2D embedding
(see Figure S5). If there were n different population (with n different response patterns), the plot should show n well-separated
sets of points. After the clustering algorithm is applied to the data, only for interpretation purposes, we color each point according
to its label.

When we apply the clustering algorithm to the response data of all boutons, the number of clusters foundisn = 1, i.e., thereis only
one cloud of points. When we color the points according to their label (aligned, offset or unknown), we notice that the x axis is corre-
lated with the identity of the boutons (aligned boutons —in blue—-tend to be on the right). This is consistent with a situation in which the
responses change with continuity, the aligned boutons being in one end of the spectrum. This is consistent with the hypothesis that
the neurons differ only in their retinotopic location relative to the stimulus, but not in their intrinsic properties. We then add another
color to show the boutons that are excluded in Figure 51 in," i.e., the boutons that do not have significant response to the inverse
stimulus. We observe that the neurons excluded from Figure 51 in' are the offsets and unknowns that are closest or overlapping
with the aligned ones (colored pink in Figures S11 and S12). This suggests that the selection rule in Figure 5l is effectively creating
two artificial” clusters, by removing the offset boutons whose response is inbetween the two ends of the spectrum. In fact, if we
repeat the clustering analysis with the same selection criteria as Figure 5I, two (non completely separated) clusters arguably appear,
corresponding to aligned (blue) and offset+unknown (green+yellow) boutons (Figures S11 and 12).
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Functional form of the rate fields
In order to be able to understand the system analytically we take the approximation:

x2
79 (x,s) = rd (x,s) = pS(s)e Ta® (Equation 34)

where A = E,P,S,V,L,M indicate respectively populations of Pyramidal, PV, SOM, VIP, Layer 4, LM cells and the superscript ©
stands for classical. The prefactor p (s) represents the size tuning curve, whereas the dependence on retinotopic space is purely
Gaussian. Operatively, we fit the experimental rate fields for each stimulus condition with a Gaussian function. We report the good-
ness of fits in Figures S6-S9.

For inverse rate fields the response profiles are more complex, therefore we schematize them through a difference of Gaussian
functions:

2 2

X
v

bA® _ qfq(s)e 27;“(5]7 (Equation 35)

X

(x,8) = (x,s) = p,(s)e

7y
with piy (s) > gis (s) > 0.
Note that in the inverse stimulus condition we define scaling as the growth of the width of the outer Gaussian of the fit when stimulus
size is increased. We do not distinguish between outer and inner scaling because they appear to be very similar. The difference be-
tween outer and inner scaling is mostly very small (less than 1°) and:

V/' _ V/'
LA <0.05%. (Equation 36)
Voa

Moreover its distribution is very narrow
In order to have a full functional description of the rate fields as a function of the classical stimulus size we need to define the size
tuning curve p§(s) for the populations that we are going to use as inputs for the minimal model, i.e., A = S,L,M. This will allow to

give an analytical account of surround suppression of the inputs by analyzing the interval where %, ;:‘S(S)<0 and preferred size (or

CRF size) as s* : P4 _

= 0 (see Figure S16). We use the parametrization:

S S
PASENA erfS—A -6 erfS—A
61 62 (Equation 37)

Va(s) = kg + ks

where the first equation encodes the size tuning curve and ,6’5‘/6’1“ modulates the amount of surround suppression, 82‘1 modulates the
steepness of the increase of size tuning for small sizes and Sg‘z modulates the steepness of the decrease of size tuning for large sizes.
Moreover k2, > 0 indicates the growth of the rate field width with stimulus size.

The size tuning curves described by the functional form in 37, together with the data and the fitted samples of the rate fields are
shown in Figure S9.

For the inverse stimuli we need to specify the functions pi, (s) and gi, (s). We devise such functional forms and show a comparison
with the experimental rate fields.

For SOM population we use the parametrization:

p5(s) = aferfsis - agerfsis

_ S & (Equation 38)
qi(s) = pSerf —— — pSerf

S 1 S; 2 Siz

The evidence presented in' suggest that HVAs highly influence the inverse size-dependent response profiles, and on the contrary,
the input from L4 is very weak in the inverse stimulus condition, due to classical surround suppression, thus while we focus on re-
producing accurately the spatial nuances of LM, we allow less accuracy for L4, in order to keep the model simple and the number of
fitted parameters as small as possible (for a more nuanced parametrization of the inputs see Figure S23). Thus for L4 cells we use:

. . S S
pi(s) =g (s) = o} erfer - a5 erfer (Equation 39)
al a2
that constrains the center to have zero response, consistently with the very low response of aligned cells in L4 shown in." Finally for
LM we use:

Pi(s) = o +oj's

. . s s (Equation 40)
qu(s) = pi(s) — oY (eﬁS—M - erfS—M>
pl P2
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Note that the size tuning curve of the aligned cells can then be described as p,(s) — gi(s). The size tuning curve of the offset cells

x2 %2

is here defined as: p/, (s)eiz_”nA“) — gl (s)e #® withx = (30°,30°). Aligned and offset size tuning curves pre and post parametriza-
tion are shown in Figure S9. All the parameters «, 8, S, k, p are obtained by fitting the recorded rate fields.
Finally the growth of the inner and outer scaling is given by:

V’;')A(s) = ki +kis
Vga(s) = kA + ks

(Equation 41)

The recorded rate field of LM shows a much lower amplitude in the inverse stimulus condition versus the classical one (as evaluated for
example computing the integral over space of the rate field). If the input from HVAs consisted solely of LM contribution, we would not be
able to recover an inverse response in L2/3 with firing rates as high as or even higher than the classical case, reported in." But we know
that V1 receives input from all HVAs. Moreover Extended Data Figure 9 in' shows that optogenetic silencing of an individual HVA gen-
erates a quantitatively different reduction of classical versus inverse responses for each HVA considered. Thus, to quantitatively recover
the relative amplitude of the rate field in L2/3, we take the minimal assumption that HVAs considered all together have the same rate field
profiles of LM, but with an amplitude that is inferred according to the amplitude of the inverse response of L2/3 cells. In formulas:

r(x,s) = nril(x,s) (Equation 42)

and from here on we willconsiderA = {E,P.S,V .L,H}, where H is a population representing the conjunction of all HVAs (see Figure S10).

From LM to HVAs

The firing rates recorded from LM boutons by Keller et al.,” were on average (across space) several times higher in the classical stimulus
condition compared to the inverse one. At the same time the firing rates recorded in L4 Pyr cells were also very low for the inverse stimuli,
while the firing rates for L2/3 Pyr+PV population were as large as the ones recorded during classical stimuli presentations. Finally VIP firing
rates are comparable for the classical vs. inverse stimuliand SOM is somewhat smaller for inverse stimuli, yet its response decreases with
inverse size (the opposite of what would be needed to generate inverse surround suppression). If the net incoming current to an L2/3 unit
ofthe Pyr+PV population is taken to be the sum of the lateral, feedforward (from L4) and feedback (from LM) currents, this would be much
more excitatory inthe classical case compared to the inverse, resulting ina much larger L2/3 firing rate for classical stimuli, in contrast with
the experimental observation. Nevertheless L2/3 cells receive feedback input not only from LM, but from all HVAs."""® Moreover Keller
et al." show that optogenetically silencing an individual HVA, suppresses classical and inverse .2/3 response by different amounts
(Extended Data Figure 9 ibidem). In particular areas M, AL, LM, LI and P all seem to contribute more to inverse than to classical response.
This suggests that the total feedback input to L2/3 (proceeding from all HVAs) might be of the same average magnitude for the classical
and inverse stimuli. This allows us to recover the observed relative amplitude of L2/3 responses. More precisely, we describe the total
(HVAs) feedback current with a rate field that has the same spatial profile as the one recorded from LM, but we introduce a parameter n
that rescales the input from LM in the inverse condition. We fit 5 to recover the amplitude of the inverse responses (see S4).

The joint population of Pyr and PV

In Figures S11 and S12 we show the rate field of the joint population of Pyramidal and PV recorded cells for comparison with the
results of the minimal model in Figures 2 and 4. The joint population is built by taking the average rate field of both populations
and then weighting each of the two by the appropriate density of cells as reported in.”

This joint population is effectively either excitatory or inhibitory, depending on whether Pyramidal or PV cells dominate. Since the
cortex has been found to be inhibition stabilized,?>"°%5*19% we choose it to be effectively inhibitory, thereby preventing the system
to diverge when external excitatory inputs are injected. The recurrent synaptic weight that we use is then negative, although the re-
sults presented in this work still hold with a small positive weight (see Figure S14).

The comparison between the recordings shown here and the results of the minimal model (Figures 2 and 4) should be taken as an
estimate of the implications of the simplifying assumptions that the minimal model is adopting. Additional inputs, cell-specific input-
output functions, non-Gaussian profiles, systematic errors in the estimate of the firing rates from calcium imaging, synaptic plasticity,
etc. are some of the factors plausibly responsible for the mismatch: the goal of the model is to obtain a versatile description of sur-
round suppression, rather than reproducing in detail the experimental size tuning curve (see discussion). In particular we notice that in
the data, around the region of positive (larger than baseline) activity there exists a region where cells respond below baseline. This
reminds us of the spatial profile of response to optogenetic perturbations (see e.g.,'%). Moreover similar profiles with resonant spatial
frequencies have been found for an input roughly equal across the activated region (‘pillbox-shaped’ input) in an SSN model.*’

Anatomical length scales )

We define a two-dimensional Gaussian function Gag(X1,X2,vag) = 27r1A5 exp| — %] to describe the connection strength to a
cell of type A at location x4 = (x1,y1) from a cell of type B at location X = (x2,¥2)%°%*"%%, We then estimate the length
scales of the connectivity vag = 055 based on recent experimental work. We assume isotropy in the azimuth and elevation directions

(x and y).
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In arecent paper, Rossi et al.>® could trace the excitatory (L4 and L2/3) and inhibitory (L2/3) presynaptic inputs to an L2/3 pyramidal

neuron as a function of the horizontal distance. The average resulting curve shows an excellent agreement with a Gaussian function
and the measured widths are ogr =8° and og =5°, where [ indicates a generic inhibitory cell. Here and in what follows the magnifi-
cation factor is taken to be 0.05°/um®°.

Distance dependent connections from Pyr to SOM cells in a slice of mouse L2/3 visual cortex were investigated in.®
Adesnik et al. recorded the spiking activity of an L2/3 SOM in response to blue light spots of increasing diameters to acti-
vate progressively wider areas of L2/3. By cutting the slice to transect L2/3 horizontal axons, they show that SOM cells
firing is significantly reduced when inputs from distances greater than 8° were cut off. Although this does not exclude
the possibility that in the control condition (uncut), nearby (d <8°) Pyr cells are more activated by offset Pyr cells, thus
providing more excitation to SOM, the effect is still compelling and we draw from their measure a conservative estimate
of opg=8°.

Marques et al.”’ measure retinotopic specificity in inputs from the lateromedial (LM) visual area in mouse V1 and quantify the ret-
inotopic span of feedback projections from LM to V1. They report that LM inputs target, on average, retinotopically matched locations
in V1, but many of them relay distal visual information. They estimate that about half of the visual coverage relayed by LM varicosities
was more than 24° away from their retinotopic position in V1. Assuming Gaussian connectivity, this yields a ogy =15°. We assume
that this value holds for HVAs in general, i.e., oey = ogu.

In another recent paper, Billeh et al.*° also report the distance-dependent connection probability profiles for different classes
of connections. The cortico-cortical connection probabilities for different cell-class pairs were estimated based on a survey of
the existing literature, considering valid sources of information (in order): mouse visual cortex, mouse non-visual cortex, rat visual
cortex, rat auditory cortex and rat somatosensory cortex. The measures were assumed to be integrated values of (distance-
dependent) connections up to a certain average distance (75um) between pre- and post-synaptic cells somas and assuming
Gaussian probability distribution. This allowed the authors of°° to estimate the widths of the Gaussian connectivity profiles,
yielding:

o =6°,0p = 5°,0sg =0aye=5°, agp=5°,0es =4°. Moreover all inhibitory to inhibitory widths were estimated to be the same as PV
to PV, which was measured gpp =6°.

These values are also largely consistent with more recent measures of simultaneous whole-cell patch-clamp in mouse V1.°° The
authors fit a Gaussian to the connection probability as a function of lateral intersomatic distance and report: e = 6°,0i = 5°,
og = 5°,0y = 6°, where | is unspecified inhibition.

Figure S30 reports the values of the cortico-cortical widths of the connection probabilities/effective strengths for different
cell-class pairs that we draw from this review of the literature: ogg = o5 = 7°, 0sg = 8°, opr = oy = opy = 5°, ogp = 5°,
oes = 4°, oy = 6° where / indicates all inhibitory cell types | = {P,S,V}. Finally, the projection width in orientation space is taken
from a fit of the measures in®® and its value is A = Z (same for all cell types).

|.37

Input currents
For the classical stimulus condition, the input to retinotopic position x of the recurrent layer is given by a convolution with the inter-
layer connectivity profile Wag(x — y) = WagG(X — y,Vag), Where vag = o3g:

o

I(X7 S) = WABG(X -V, VAB)I‘B(y7 S)dy = WABCOPE(S)ZTCVE(S)G(X,VAB +Vg(s)) (Equation 43)

J—

Thus we can read:

I§(s) = WagCofs(s)2mV5(s)

(Equation 44)
V = Vag +Vg(S).

Finally, putting together the functional forms that we derived in the paragraph above, with Equation 44, we can readout the full
dependence of the total input current field of the recurrent population on the stimulus size.

For the inverse stimulus condition, the input to the recurrent layer can be computed through a convolution with the inter-layer con-
nectivity

I(x,s) = / WasG(x — ¥, Vag)ra(y,s)dy Equation 45
— quation

= WasCo [pg(s)zwv;‘,B(s)G(vAB +75(s) ) - qg(s)zwvgB(s)G@AB +7g(s) ) ]
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thus more compactly l’(x,s) _ "61 ()G (Ve1) +/'52(S)G(V32)

Ih1(S) = WagCoPls ()27, (s)
Ino(s) = — WagCoqis(s)2nV,5(S) (Equation 46)
VB1 = Vag + VpB (S)

Veo = Vag + quB (S)

Analytical insights on classical size tuning curves with non-normalized input currents

Equation 44 shows that when the inputs are given by the convolution of the firing rates of the input layers with the inter-layer con-
nectivity, the amplitude of the input is proportional to the width of the generating rate field /I°(x,s) = I§(s)G(x, v(s)) *2mv,
(s)r(s)G(x,v(s))and v,(s) and v(s) are related. This is a difference with respect to reference models of classical surround suppression
in the literature (e.g.,*"*?), where the input currents are not derived from rate fields.

To establish a comparison with existing models, and to simplify the analytical calculations, here we first study classical surround
suppression in the case in which /(x,s) = ls(s)G(x,v(s)) and d’f’( ) = 0 and then show that the simpler case studied analytically pro-
vides insights that hold in the more involved case of our main study, where the input currents are derived from rate fields.

Note that when performing calculations for the minimal model, the dependence on stimulus size is not explicitly written. Instead, it
is encapsulated within the parameter /5. Consequently, this distinction does not alter the functional form of the solution; formally it
only involves a redefinition of the parameter /. Nonetheless, from a quantitative perspective, when we consider [§(s) «2mv,(s)
and given that v,(s) grows —however weakly— with stimulus size, the input current to the center cells becomes larger for large stimuli
because of the contributions of the offset cells of the input layers.

Dissecting classical surround suppression

Here we will show that classical surround suppression in partially inherited from surround suppression of the input layer(s) and
partially due to the width of the input rate field growing with stimulus size. Surround suppression corresponds to a size tuning curve
that decreases with increasing stimulus size, i.e., '((f):r (s) <0. The dependence on the stimulus size enters in the rate field of the
recurrent layer through the amplitude of the input /p(s) and its width, described here by the input variance v(s). In the simplified

case considered here (‘”" 5 = 0) we can consider one of these contributions at a time and we will show that:

if v'(s) =0, thenr'(s)<0«=/;(s)<0

Equation 47
if '(s) = 0and {Wy<0,/p>0}, thenr'(s)<0=V'(s)>0 (Eq )

Since the transfer function is non-negative and monotonic, the size tuning properties of the firing rate are the same as the size tun-
ing properties of the associated total current field:

2lo(s)Wo ) ! (Equation 48)

u(x = 0,s) = W, (1 —y\1 - w(V(S)+Vw(s)) | 2mv(s)
Ifv/(s) = 0, we find

u(x = (Equation 49)

_ lo(s)
oy, [1 - 2Wolo(S)
We

where one easily reads that u’(s) <0< /'(s) <0 which means that the recurrent layer is surround suppressed when the input layer is
surround suppressed.
Conversely, if I;(s) = 0 (i.e., Io(s) = lo) we have:

u'(x=0,s) =t(s) +ta(s) +t3(s);

2loWo
(s) ( S )v (s)

t(s)= — Iy V/ ))V(S) (Equation 50)

21, W,
(V(S)+Vn(8))4 /1 — Vv,

ta(s) = v(s)Wl0 ( T+/1 - 2’°W°)v;u(s)
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Moreover taking into account that 2v; ' = v=' +v_,' (Equation 8) we find:

v,V (s)

v, (S) = ————
®) v2+4v,v(s)

ru

>0 (Equation 51)

therefore it is easy to see that for v/(s) >0 and W <0,/ > 0:

t (S) < O, to (S) < O, t3 (S) >0 (Equation 52)

Finally we can show that |t3| <|t1]. In fact we just have to show that v}, <v,V'. Using Equation 51 we easily get to the inequality:

2vv, < 4w, + V4 /V2+4vy, + vf (Equation 53)

which is always true, given that the r.h.s has 3 positive terms, the first of which is already larger than the I.h.s. (as shown graphically in
Figure S33). Moreover it is easy to see that lim u(s) = 0.

a(s)—

Thus we have shown that in this system, even if the input is not surround suppressed at all, the recurrent layer can develop surround
suppression. Previous models for classical surround suppression described stimuli of increasing size with an input current of
increasing width. Here we showed in our setup that our solution is consistent with this result. Nonetheless, our data analyses for feed-
forward and feedback inputs shows that the input currents width vary only marginally, while their amplitude vary much more signi-
ficatively, thus we argue that surround suppression in L2/3 is mostly inherited from its input layers.

Classical surround suppression with non-surround suppressed input rate fields

Here we study numerically the case of one non-surround suppressed excitatory population in the feedforward layer (‘;’38 * 0). We
want to briefly study the parameter regime for which surround suppression can be imputed to the mechanism of recruiting'more
lateral inhibition alone. We find that a faster increase in the input width with stimulus size supports classical surround suppression.
However, this only holds when the width of the connections from the input layer is small (as in,*" modeling cat V1), whereas when it is
of the same order of the recurrent projections (as in mouse V1°°) this mechanism is not sufficient to generate significant surround
suppression (see Figure S39).

Preferred size depends on the preferred size of the inputs

From Equation 49 we deduce that when v/(s) = 0, the preferred size of the recurrent layer is the same as the preferred size of the
input layer. Therefore, deviations from this behavior might be imputed to variations in the width of the input field or to convergence of
inputs with different preferred size. Moreover from the solution of the minimal model with two inputs, Equation 13, we can calculate
that when the recurrent layer is receiving two inputs with v} (s) = v,(s) = 0, its preferred size s* will be in-between the preferred sizes
of the two inputs. Indeed one has:

Voli (%) = — valy(s¥) (Equation 54)

where we can read that sign[/;(s*)] = — sign[/5(s*)], which means that one of the two inputs is increasing while the other one is
decreasing (shown in Figures S40 and S41).

Preferred size decreases with contrast
If instead we keep the dependence on stimulus size of one of the two input widths, for instance v, (s)+0, we find the condition:

Vol (s) — vala(S)h(S7) = — vava(s (s, (Equation 55)

where one can read that the correction introduced by the dependence v;(s) reduces the preferred size of the recurrent layer. We
hypothesize that this could contribute to contrast dependent classical surround suppression.

In Figure S20 we show that when the width of the input projections is small with respect to the width of the recurrent connections
and the width of the input field grows as fast as the stimulus radius (as in*"), then the preferred size decreases with contrasts. This s in
agreement with.*' However the model that we are considering here has less ingredients than the one in*' since i) we have only one
recurrent population and ii) in*' the input for stimulus size s was a Gaussian function of space with standard deviation Ginput (S),

whereas in our case because of the convolution with the input layer connectivity it has standard deviation / a%F+a,-,,put(s)2.

Contrast dependent classical size tuning curves

Here we ask how the minimal model with anatomically-realistic length scales and experimental input rate fields from L4 and HVAs,
can recover contrast-dependent surround suppression. The dataset at hand does not contain data on stimuli with different contrast.
One simple way of simulating contrast-varying stimuliis to scale the inputs by a factor that is small for small contrasts. This situation is
exposed in Figure S21. This model easily reproduces the contrast dependence of the amplitude of response and SMI increases with
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increasing contrast for a nonlinear model, but not for a linear one (as expected,*'**?). However, with this minimal assumption for
contrast-dependence of the inputs, restricting the parameter space to biologically plausible values of the length scales, we cannot
reproduce the observation that the preferred size of Pyr cells in L2/3 grows when the contrast decreases.®*® Based on the arguments
exposed above we could argue that contrast-dependence of the preferred size of L2/3 cells could be due to: i) an increase of the
preferred size of L4 rate field for low contrasts (observed in data43), i) an increase of the preferred size of HVAs rate field for low con-
trasts (yet not explored experimentally), iii) a decrease in the scaling of (L4 or) HVAs rate field width with stimulus size (yet not explored
experimentally), iv) the fact that for low contrasts VIP are more active, thus SOM are less active (shown in experiments and
models in*®). We apply one at a time these modifiers to the inputs as a function of contrast and we show that in all cases we reproduce
contrast dependent size tuning (see Figure S22). This suggests that all these factors may contribute to contrast dependent size
tuning.

The origin of inverse response and inverse size tuning

First of all, let us note that the agreement between analytic results and simulations for the inverse stimulus condition is less accurate
than in the classical case because of the imprecision introduced by the parametrization of the inputs (see Figures 4B, 4C, and 4E)and
also because the ansatz itself, i.e., a Gaussian modulated by a slowly varying function. Nevertheless, in all the analyzed simulations,
the agreement is fairly good, therefore for efficiency reason, we study the analytical solution. To tackle the origin of inverse response
we change the value of the projection span from HVAs to L2/3 g, 23 _ yva and we keep the rate field of HVAs fixed, for a fixed stimulus
size. In the main text we explained that when this projection span is too small then inverse response is not allowed, meaning that the
response of offset cells is larger than the response of aligned cells. This can be easily understood by looking at the input current from
HVAs, which is a convolution between the connectivity and the rate field of HVAs. If the width of the connectivity is large enough, then
the convolution transforms the ring profile of the rate field of HVAs into a function with a peak in the center thus generating inverse
response.

To tackle the origin of inverse size tuning in an analytical way we counterfactually change the profile width of HVAs, so that the width
of the input ring (rate field of HVAs) does not grow with stimulus size. In particular here we use the parameterization of HVAs rate
field with a difference of Gaussian and fix the growth of the width of both Gaussians to 0. In this case inverse surround suppression
disappears. This is consistent with the results shown in Figures 6F-6M, but in this case the modification leads to a complete fail of
inverse surround suppression. This confirms that the origin of inverse surround suppression is the fact that for large stimuli the ring
becomes too large to generate a convex function in the center after the convolution with the connectivity. Instead if we fix the width of
the ring profile, the convexity of the input current does not change.

Analytical results on inverse surround suppression

Here we show that it is not possible to obtain inverse surround suppression if HVAs ring size does not increase with stimulus size.
More precisely we show that the feedback current incoming to the cells aligned with the center of the stimulus grows indefinitely
with stimulus size if HVAs ring size is fixed (vp,(s) = 0,vgy(s) = 0). With the parametrization chosen (see Equations 40 and 42),
and given Equation 43 we have:

Vi Vi
hu(x = 0,5) = (& +effs) —{<a¢+a;s>—pﬁ*(e”si~—erf3%)} QH
ral p2

VLH'H/EH Vqu‘H/EH
) 2 2 .

_ v H 7 2 v .
dls(x = 0,s) _ Fix=0.8) = TPH | _ 207 [ o(h) _ o) _TaH (Equation 56)
— a9 u ) 277 2 7

ds Vor+Ver VT VortVen

fvi
Vo — 1

Vi
lim/f,(x = 0,8) = off [ 22— — _
s§— VpH'H/EH Von — 1+VEH

) = agVEH >0
p

Thus, under the parameterization chosen, the feedback current coming into the center in L2/3 (i.e., the location that codes for the
stimulus center) keeps growing for very large sizes, i.e., there is no inverse surround suppression.

HVAs cells close to the edge of the inverse stimulus respond maximally

Comparing the scaling of the width of the outer Gaussian with stimulus size is useful at an analytical level. However, for the inverse
stimulus, another spatial scale can be more relevant physiologically: the retinotopic location (relative to the center) where the rate
field is maximal. If this quantity scaled with the stimulus radius, we could conclude that HVAs are mostly active close to the edge of
the inverse stimulus. Figure S26 shows that the scaling of this quantity is larger than the scaling of ov4a. Moreover if we consider all
the sizes the data indicates that this quantity scales more weakly than the stimulus radius, but if we consider only intermediate
sizes the data are consistent with the hypothesis that the HVAs cells that respond maximally are the ones whose CRF is close
to the edge of the ‘hole’. It is tempting to speculate that this supports the involvement of HVAs in contour detection.® When the
HVAs rate field is parameterized as a circle around the origin (see in Figure 6E), the y axis of Figure S26 represents the radius
of that circle, oyvar-
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Lateral input from SOM cells increases surround facilitation and the connection with SOM inverse response

In Figure S40 we show the rate fields of SOM cells for a classical stimulus, an inverse stimulus at an orthogonal orientation and a cross
stimulus, under the assumption that two rate fields of simultaneously presented stimuli at orthogonal orientations are additive (given
that the populations of cells code for the two stimuli are different, see main text). We keep the stimulus size fixedtos = 15°. The
Figure shows that SOM input current is larger in absolute value in the cross than in the classical condition. This could suggest that
SOM cells suppress Pyr and PV more in the cross condition than in the classical one, therefore reducing surround facilitation. How-
ever this is not true, as shown in Figure 7. On the contrary our model predicts that SOM cells enhance surround facilitation (see
Figure S20).

This is due to the definition of surround facilitation index SFI = % (based on previous choices in the literature -see e.g., CMI in?),
as opposed to ﬁ—c Here ry (resp. r¢) is the firing rate of L2/3 cells centered in the stimulus and tuned to its orientation in the cross (resp
classical) stimulus condition. .

To better understand the role of SOM in surround facilitation we dissect the contributions to SFI = % where u. and uy are the

corresponding currents [ux]f = Iy SFI has the same qualitative behavior as SFI as shown in Figure S41 (compare with Figure 7H).
We now define some quantities for the cross (a = x) or classical (a = ¢) stimulus condition:

(1) uy >0 is the total current incoming to Pyr+PV;

(2) usa <0 is the input from SOM (to Pyr+PV);

(3) ui = ux — uc>0is the total current incoming to Pyr+PV by the effect of the surround in the cross stimulus condition;
4) Usi = Usx — Usc <0 is the input current from SOM in the effect of the surround in the cross stimulus condition;

(5) §El+ the value of the currents surround facilitation index when SOM cells are active;

(6) SFI_ the value of the currents surround facilitation index when SOM cells are silenced.

Then we have:

SFl, > SFl _
Uy — Uc _Ux — Usx — UctUse

= >
UxtUc Uy — UsxtlUc — Usc

o Ui N Ui — Usi )
Uty Uy — Usetle — Use (Equation 57)

= Uj(Usy + Use) <Usi(Uy + Uc)
<:>U,‘(Us,' + 2USC) < Us,'(U,' + 2UC)
Uilsc <Usilc

Finally, since usc <0 and us; <0, we have

uj > |usi

— , Equation 58
TRET™ (Eq )

which means that the inverse response of Pyr+PV population, normalized to its classical response, is larger than the inverse response
of SOM population normalized to its classical response. In summary the surround facilitation index decreases when SOM cells are
silenced because SOM cells respond less than Pyr+PV cells to the inverse stimulus (when responses are normalized to classical re-
sponses). In fact Pyr+PV cells respond more to inverse than to classical stimuli of their respective preferred size, whereas SOM cells
respond more to classical than to inverse stimuli (see Figures 3N and 5D in the main text).
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