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Then Gargya approached the sage and asked him: 
“Sir, when a man is sleeping, who is it that sleeps in him?  
Who sees the dreams he sees? 
When he wakes up, who in him is awake? 
When he enjoys, who is enjoying? 
In whom do all these faculties rest?” 
 
 

- Question 4, Prashna Upanishad1 

1The Upanishads, Introduced and translated by Eknath Easwaran 
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Chapter 1

Introduction

Living systems continuously extract and compute relevant information about their external envi-

ronment. This computation involves propagation, manipulation, and maintenance of this infor-

mation across large intricate networks. Decades of research in complex systems theory, includ-

ing network theory, dynamical systems theory and developments in computational modeling have

guided research in the systems sciences, which aims to understand these computations. Owing to

the mathematical backbone of this field, and inherent symmetry in nature, similar general rules

have been found to predict properties of social networks, neuronal networks, and protein-protein

interaction networks (Barabasi and Albert, 1999; Milo et al., 2002). These examples suggest that

similar computations may be organized on different substrates, across different lengthscales and

timescales, due to conserved relations between them. In this thesis, I uncover fundamental as-

pects of dynamics in commonly occurring motifs across two different systems: chemical reaction

networks, and neuronal networks using tools from complex systems theory.

The keystone of systems sciences or the constructionist idea has been very well summarised in

an essay by P.W. Anderson (Anderson, 1972):

The ability to reduce everything to simple fundamental laws does not imply

the ability to start from those laws and reconstruct the universe.
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He discusses the usefulness, but the inherent incompleteness of the reductionist idea of science,

which posits that understanding can be achieved by reducing a system to its parts, and studying

these parts in isolation. However, this approach suffers from the inability to explain observed

emergent properties of complex natural systems. This is because entirely new dynamical properties

emerge when these reduced units are put together with their interactions.

This thesis is structured by two key ideas. First, complex networks are composed of small

structural repeating elements called motifs, which are thought to have been learned over evolution

to transform information across networks. Formally defined as a set of (two or more) conserved

relations between (two or more) entities, motifs are patterns that occur above chance levels in

a network. Just like words for a language, or logic gates for a computer, motifs can form the

structural vocabulary for a complicated network, containing reusable or repeatable computational

units. Second, network structure constrains the dynamical system that sits in it. This suggests that

by knowing the structure of motifs, one can suggest properties and potential computations of its

dynamics (Shoval and Alon, 2010).

Below, I summarise findings from two different kinds of computations: gain control and mem-

ory from the perspective of two different kinds of network motifs: the feedforward inhibitory loop

motif and the positive feedback loop motif respectively.

Networks and network motifs

A network is a pattern of relations between entities. They are often written in the form of math-

ematical objects called graphs with vertices as nodes, and connecting lines called edges. These

relations (edges) can be directed, i.e. pointing from one node to another, or undirected. The num-

ber of edges that a node makes with other nodes in the network is called its degree. Networks and

network (graph) theory have been used extensively to understand complex interactions between

a large number of entities, such as the internet, gene regulatory networks, protein-protein inter-

2



action networks, neural networks, opinion networks, epidemic propagation (Barabasi and Albert,

1999). Organizing observations about the world in this form has revealed the underlying structure

in connections in several real-world networks. Three striking properties are found in real net-

works. First, many real networks are scale-free (Barabasi and Albert, 1999), i.e. the distribution of

degrees of the graph follows a power-law: P (k) ≈ k−γ , where k is the degree and γ is the expo-

nent, (2 < γ < 3 for many real-world networks). This implies that there are very few nodes with

a large number of connections and many nodes with a few connections. Second, many real-world

networks are also small-world, i.e. it is possible to visit any node in the graph from any other node

in very few steps. Specifically, for a graph with n nodes, ≤ log (n) nodes need to be traversed to

travel between two random nodes (Watts and Strogatz, 2011). Third, real networks have patterns of

interconnections that exist at a frequency higher than that expected by chance (Milo et al., 2002).

These are called network motifs.

Network motifs can be thought of as reusable sub-units that can perform a set of computa-

tions (Alon, 2007). Figure 1.1 shows all possible graphs of size 2 and 3 nodes. Some of these

graphs are also motifs: feedforward loops and cycles are found in larger proportions than chance

in real networks. Motifs have been shown to exist across different types of networks, and are

widely thought of as an organizing property of real networks (Alon, 2007; Sporns and Kötter,

2004). Motifs lie at a unique vantage point for both reductionist and systems-level analysis. From

a reductionist viewpoint, the mathematical transformations performed by small network motifs

can be studied in isolation through simulations. For example, two or three node auto-regulatory

and feed-forward loops have been simulated and experimentally analyzed in isolation to study

their computational properties (Becskei and Serrano, 2000; Becskei et al., 2001). From a systems

perspective, there are at least two directions where studying motifs can be useful. First, network

computations can be seen as emerging from the relations between various motifs. Second, mo-

tifs can be empirically studied and used to design manipulations in the context of computations

performed by the biological network (Braganza and Beck, 2018).
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Arguably, the most important property of motifs is that they are generalizable. Computational

properties of a motif from one network may give rise to predictions for potential computations in

another. These properties suggest that motifs are good candidates for investigation, as they can

encompass the computational theory, the algorithm as well as the hardware implementation: all

three levels of description suggested by David Marr (Marr and Poggio, 1976). As an example,

the feedforward inhibitory circuitry in the hippocampal CA3-CA1 network (see Fig. 1.6 below)

resembles the Incoherent Type 1 Feedforward Loop (I1-FFL) (Alon, 2007) found to be enriched

in yeast and bacterial gene regulatory networks (Mangan and Alon, 2003; Mangan et al., 2006).

Interestingly, I1-FFLs have been suggested (Goentoro et al., 2009) to be responsible for normaliza-

tion in gene regulatory networks, analogous to our finding of Subthreshold Divisive Normalization

in the CA3-CA1 network (Bhatia, Moza, and Bhalla, 2019), discussed in Chapter 3 of this thesis.

Several contemporary systems biology and systems neuroscience studies are based on circuit-logic

of this nature (Koyama et al., 2016). Several known circuit motifs and their computational func-

tions have been reviewed by (Braganza and Beck, 2018) for the brain, and by (Shoval and Alon,

2010) for transcriptional and signaling networks.
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1 2

3 4 5 6 7 8

9 10 11 12 13 14 15

Figure 1.1: All possible 2-node and 3-node directed graphs. Pattern 8 is the feed-forward loop
motif, and pattern 9 is a cycle.

In this body of work, I have attempted to study computations of two different network motifs

at this level of detail: Feedback loop motifs and Feedforward loop motifs (Fig. 1.2).

Feedback loops

Feedback loops (Fig. 1.2a) are recurrent, instability causing structures and are one of the sim-

plest motifs that give rise to interesting emergent nonlinear phenomena like bistability (positive

feedback loops) and oscillations (negative feedback loops). If both the interactions are negative

(Fig. 1.2a), that still leads to a net positive feedback loop and can give rise to robustly bistable

toggle-switches (Shoval and Alon, 2010). In Chapter 2, I have studied the robustness properties of

different kinds of perturbations to bistable graphs, with at least one net positive feedback loop, and

other connections between nodes that affect the robustness properties of the network.
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Feedforward loops

Feedforward loops (Fig. 1.2b) are one of the most common network patterns found in several

biological systems, such as E.coli and yeast gene regulatory networks, and the nervous system.

Since there are 3 directed edges in this network, and each interaction could be positive (excitatory)

or negative (inhibitory), there are 23 = 8 possible feed-forward loops. Out of these, in Chapter

3, I have looked at the hippocampal CA3-CA1 network, which is an Incoherent-Type-1 FFL with

positive interactions from a→ c and a→ b , and one negative (inhibitory) interaction from c→ b .

In the neuroscience literature, this motif is called disynaptic feedforward inhibitory network motif.

These motifs are computationally known to be pulse-generators and fold-change detectors in gene

regulatory networks (Shoval and Alon, 2010).

a b a bc

a. Feedback loop b. Feedforward loop

Figure 1.2: Important motifs for this thesis. a. Feedback loop motif. This is the backbone of
multistability and many other emergent phenomenon in complex systems. The arrows could be
either both positive or both negative interactions, giving rise to a net positive cycle, or a positive
feedback loop. b. Feed-Forward Loop (FFL) motif. The gray arrow depicts a negative interaction
from c → b, making this Incoherent Type 1 FFL.

Chemical reaction networks

The representation of chemical reactions in binary relations between reactants (as described in

Figure 1.1 and 1.2) is inherently lossy as it loses the bimolecular nature of most reactions, which

are often the cause of interesting non-linearities. As an example, it is non-trivial to depict the simple

reaction A ↔ B + C in a network of the form shown in Fig. 1.1. Since our focus is on networks

of this kind, we will use an alternative description of chemical reaction networks (Fig. 1.3), with

the set of elementary reactions described in (Ramakrishnan and Bhalla, 2008). Here the nodes
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(circles) are reacting entities, and each reaction confers a set of directed edges between them, as

per the SBGN (Systems Biology Graphical Notation) formulation (Le et al., 2009). Bidirectional

reactions are written as half arrows separated by a square. Enzymatic reactions have an additional

circle impinging on the square from the entity that acts as an enzyme and the directionality of the

reaction is marked with a full arrow. The reaction A ↔ B + C is shown in Fig. 1.3 with

signature |Eabc|, and the enzymatic reaction A
B−→ C with signature |Jabc|. Thus, the motifs

described in the previous section would be composed of a combination of reactions of this kind.
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2 node reactions

3 node reactions

|AabX|

a b

|BabX|

a 2 b

|CabX|

a b

|DabX|

a b

|Eabc|

a

c

b

|Fabc|

a 2

c

b

|Gabc|

a 2

c

b

|Habc|

a 2

c

b

2

|Iabc|

a 4

c

b

|Jabc|

a

c

b

|Kabc|

a

c

b

|Labc|

a
c

b

Figure 1.3: Individual chemical reactions (Ramakrishnan and Bhalla, 2008) as an SBGN net-
work (Le et al., 2009). Box above and below are reactions with two and three reactants respec-
tively, and each reaction has a signature displayed below. Big circles (nodes) depict reactants,
and squares surrounded by arrows connecting nodes indicate reactions. Bidirectional reactions
(e.g. signature |AabX| with reaction a ↔ b) are depicted by half arrows. Enzymatic (directional)
reactions are depicted by full arrows pointing towards the product, and the enzyme connects to
the reaction with a dotted line attached to a small circle (signature |Jabc| where b catalyzes a to
c: a b−→ c). 8



Criticisms

There have been criticisms of this approach at different scales. These can be categorized into

the following:

1. Over-representation of a set of patterns in comparison to a random network is not necessarily

surprising: It has been suggested that the enrichment of feedforward loops in gene regulatory

networks can be a byproduct of genome evolution (Cordero and Hogeweg, 2006), criticizing

the comparison of the statistics of real networks with artificially generated networks using

probabilistic growth (Erdos-Renyi type) or by preferential attachment of nodes to other nodes

of a high degree (Albert and Barabási, 2002) algorithms.

2. Over-representation may be true, but this doesn’t imply functional relevance to this struc-

ture (Ingram et al., 2006): To what extent does the structure of a network motif determine

its function? This question is under active debate. While the observation of the existence of

motifs stands, whether or not this is consequential in determining computational functions

has proponents on either side of the argument.

3. Over-representation may be true, but possible function space is very high dimensional: There

is very little consequence of network motif structure, and neither most motif structures have

unique functions, nor can it be predicted from the function what structure of motifs to expect

(Ingram et al., 2006; Payne and Wagner, 2015).

Even in the light of these criticisms, there is merit in looking at motifs in biological systems.

This comes from the view that both the function and the robustness of networks to perturba-

tions influence the sustenance of real networks over evolution. Thus, even with the presence of

a kind of degeneracy of function in different motif structures, each motif may have different ro-

bustness to different kinds of perturbations, which may determine their eventual existence in real

networks (Santolini and Barabási, 2018). This is discussed in more detail in Chapter 2. Thus, the

dynamical systems that sit in these subnetworks may be “optimized”, in the presence of robust
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motif structures.

Dynamical systems

A dynamical system is the set of rules according to which a physical system evolves in time.

The evolving predator-prey population in an ecosystem, the sodium channel conductance in a

neuron as it fires, the evolving concentration of CaMKII in a cell are all examples of dynamical

systems. These are often formalized as a set of first-order time-dependent differential equations of

the form:

Ẋ(t) = F (X(t), θ)

where X = (x1, x2, x3, ...xn) ∈ Rn are called state variables of the physical system, F =

(f1, f2, f3, ...fn) ∈ Rn is the vector field according to which the state variables evolve in time, and

θ ∈ Rn is the vector of parameters that shapes the vector field F . For a fixed F and θ, the path

taken by x ∈ X in time is called a trajectory. Taking the CaMKII example, the concentrations of

Ca2+ and CaMKII are state variables, the nature of the chemical reactions between them will

define the the vector field, or the differential equations for the change in their concentration, and

the rates of reactions are the parameters for this dynamical system.

Paths in the vector field for which fi ∈ F = 0 are called nullclines. The values of state

variables for which the entire vector field F = 0 are called fixed points. If the vector field is

pointing towards the fixed point, i.e., it is absorbing all nearby trajectories, the fixed point is called

stable or an attractor or a sink, and the fixed point is called unstable or source if it is repelling

surrounding trajectories, i.e. the vector field is pointing away from the fixed point. If the vector

field has both attractive and repulsive components in different directions, it is called a saddle node.
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Saddle FP

Stable FP2

Stable FP1

Figure 1.4: A dynamical system defined by the equations in the title. The phase plot here has
arrows depicting the vector field F , and the pink and orange lines represent the x and y null-clines
(ẋ = 0, ẏ = 0) respectively. The null-clines intersect thrice, giving this system 3 fixed points, two
of which are stable and one is saddle.

Bistable systems

Bistable systems are dynamical systems with exactly two attractors. Fig. 1.4 depicts a bistable

system with two stable fixed points and a saddle fixed point. Note that this requires three inter-

section points between the null-clines, and this process depends on the existence of net positive

feedback in the network. This bistable behavior can be lost by changing the coefficients in these

equations beyond certain special values called bifurcation points.

Bistable systems are ubiquitous and are known to be involved in decision-making processes

in cells. Here decision making implies that an analog signal is converted into a digital (ON/OFF)

signal: the state space can be divided into two regions for initial conditions or basins of attraction,

each leading to a different equilibrium point. This can be seen in Fig. 1.4, where following the vec-

tor field always uniquely leads to one stable fixed point or the other. In a biological context, let’s

say that the concentration of a protein inside the cell sits at the first fixed point (Stable FP1) and
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signals the OFF state at equilibrium. Now, at the arrival of an external stimulus, the concentration

crosses a threshold (Saddle FP), defined by the structure of the connectivity of the chemical reac-

tion network, and the rates of reactions. As the cell crosses over to the other basin of attraction, it

will be pulled to the other fixed point (Stable FP2), which signals the ON state. The Cdk1 mitotic

trigger (Trunnell et al., 2011), Sonic Hedgehog (Lai et al., 2004), MAP-K (Bhalla and Iyengar,

1999) are some examples of this kind of decision-making inside cells.

An early biological example of this analog to digital conversion is progesterone-induced mat-

uration in Xenopus oocytes (Ferrell and Machleder, 1998). Increase in progesterone increases the

proportion of mature oocytes. But for an individual oocyte, the graded progesterone concentration

is converted into a cell-fate binary decision by the bistable MAP Kinase pathway, complementing

other regulatory mechanisms.

In addition to decision making, the ability to switch states robustly can also be thought of as

a mechanism for memory formation and storage. Indeed, flip-flops and light switches are both

examples of devices that switch binary states to encode memory and then store memory in one

stable state. There are multiple proposals of bistable synaptic chemistry responsible for memory

formation, e.g. CamKII (Lisman, 1985; Zhabotinsky, 2000). Further, the size of dendritic spine

sizes shows bimodality, potentially suggesting underlying bistable chemistry (Dorkenwald et al.,

2019).

For many real systems, this deterministic picture of dynamics is deficient. This is because the

real world is noisy. Behind the apparent reliability of biological processes, resides a constant fight

against disorder posed by both the system and the environment. These are fluctuations from two

sources: Extrinsic: structure and environment of real systems change dynamically, and Intrinsic:

there is inherent stochasticity in real systems, which becomes apparent when the number of re-

acting entities (copy number) is low, and they can no longer be treated as continuous. These can

lead to interesting phenomena like loss of bistability due to bifurcations, and spontaneous state

12



switching in bistable systems, which can be undesirable for both decision making and memory

storage.

Stochastic dynamical systems

A stochastic dynamical system is a dynamical system that is subject to noise. Dynamical

systems can be modeled using Langevin equations, which are of the form:

Ẋ(t) = F (X(t), θ) + η(t)

where η (t) is the noise in the system which leads to fluctuations in the otherwise deterministi-

cally evolving states of the system. In this form, the statistical features of this noise can be approxi-

mated by linear noise approximation (Elf and Ehrenberg, 2003), and drawn at every time-step from

a pre-defined distribution. However for small systems, this approximation is not required, and the

time evolution of all occupied states by the system can be simulated using a master equation.

The master equation tracks the probabilities of occupancy of given states by the system over

time. Let P (x, t) be the probability that the system is in state x at time t. Then, the time evolution

of state space can be written as (Kampen, 2007):

∂P (x, t|x0, t0)
∂t

=
n∑
j=1

[aj(x− vj)P (x− vj, t|x0, t0)− aj(x)P (x, t|x0, t0)]

Here a (x) is the propensity of the system to move towards state x from other states. This sys-

tem can be simulated algorithmically with the Gillespie stochastic simulation algorithm (Gillespie,

1977).

Intrinsic noise is caused due to the thermal fluctuations or random spatiotemporal motion of

particles. While the Gillespie algorithm helps us simulate the statistics of reactions between a few
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particles effectively, it is assumed that space is uniformly filled with particles of a kind. As an

example, Fig. 1.5 shows 5 instances of a radioactive decay process or reaction A from Fig. 1.3,

simulated with the Gillespie algorithm using the MOOSE simulator (Dudani et al., 2015; Ray

et al., 2008). If spatial effects are important, space can be compartmentalized into smaller well-

mixed units, by using diffusion length-scales in combination with diffusion equation. Alternatively,

a more computationally intensive, single-diffusing-particle tracking can be employed for simula-

tions (Kerr et al., 2008; Andrews et al., 2010).

In many cases, this noise is ignored, if the system volume is large. If the change in concen-

tration of molecules per reaction is much smaller in comparison to the total number of particles

in the system, then the stochasticity caused in the smaller subsections of the full system can be

ignored. However, if we think of individual cells, or smaller compartments like dendritic spines,

when the number of particles is ~10s or ~100s of molecules of a given protein type, this noise

become substantial enough that it cannot be neglected and it becomes useful to treat the system as

an interacting set of discrete particles.
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Figure 1.5: 5 instantiations of a radioactive decay system (Fig. 1.3 reaction A.) at 10 fL with
concentrations of A plotted as a function of time.

Robustness and emergence of network motifs

(Prill et al., 2005) made an interesting observation by analyzing several biological networks:

the abundance of motifs is directly correlated with the robustness of motifs to perturbations. They

go on to suggest that robustness of network motifs to intrinsic noise and other perturbations, could

be an organizing property of real networks. A direct consequence of this observation then, is:

what determines the robustness of a network? Or conversely, are there any general principles of

robustness that govern the existence of a certain set of motifs? In parallel, there is evidence that

network motifs can emerge from interconnections that favor stability (Angulo et al., 2015). By

quantifying the rate at which trajectories from closely separated points in the phase plane converge,

something called contraction loss, (Angulo et al., 2015) showed that for real networks motifs seem

to reduce contraction loss. What are the kinds of connections that can favor stability in forming

these motifs?
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Both these question can be addressed by investigating the various sources of perturbations that

can be faced by the biological CRNs. These perturbations can be to the structure of the reac-

tion network (due to loss-of-function mutations), parameters of the reaction network (SNPs that

change protein binding affinities, the disorder in protein structures), stochasticity (small number

of molecules per compartment), or state-vectors (In what ratio are the relative concentrations of

signaling proteins sensible?). The synaptic proteome is shown to be a scale-free network (Chapter

2, (Hensch and Fagiolini, 2004)), which means that it is robust to random removal of nodes. How-

ever, this property may not give it much robustness to thermal noise. Are biological networks then

tuned to be robust to many such perturbations? We can derive inspiration from protein structures,

which have evolved to have conserved secondary structure motifs. Structural motifs, like the DNA

binding zinc-finger motif (α-helix and antiparallel β-strands) and Calcium-binding domains (the

loop-helix-loop motif) have evolved both functional and robustness properties.

Robustness Persistence to Pertains to Example
Structural Removal of reactions Loss of bistability Loss-of-function mutation
Parametric Variation of reaction

rates
Loss of bistability Change in protein binding

affinities
Stochastic Thermal noise or #

particles
Spontaneous
transitions

Small compartments

State-vector Signaling information Multiple relative
conc.

Non-sense signals

Table 1.1: Different persistence properties of a chemical reaction system and corresponding ro-
bustness.

As stated previously, bistable systems can arise from both double-negative feedback (toggle-

switches) and double-positive feedback. Toggle switches are more robust to noise, given the pres-

ence of negative regulation, as negative feedback dampens noise-based transitions.

In Chapter 2, we use the SWITCHES database (http://switches.ncbs.res.in) which

contains all possible chemical reaction networks at the level of up to 4 molecules with up to 6 reac-

tions (Ramakrishnan and Bhalla, 2008). Then we pick up the bistable chemical reaction diagrams
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from the SWITCHES database. By giving them random parameters and assessing stability, we

find the basins of attraction of these bistable systems. We then proceed to perturb these systems

with perturbations mentioned in Table 1.1 and show that there is a weak average correlation be-

tween the structures that lead to structural and parametric robustness of bistable systems. This

would predict that by looking at real networks that are constrained by these different kinds of per-

turbations, we may see different kinds of network structure. However, by a suitable grouping of

chemical reaction networks by their smallest bistable subnetworks (called root groups), we found a

neat organizational principle. The existence of certain root groups indicated both a higher propen-

sity of forming larger bistable networks and high resilience to changes in reaction-rate parameters.

Interestingly, we observed that a mirror-symmetric network topology consisting of competitive

autocatalytic loops showed both high structural and parametric robustness. We also analyze other

forms of robustness mentioned in the table and suggest what kinds of network topologies lead to

high robustness for these perturbations.

Akin to the dynamics of transcription factor and protein concentrations in transcriptional and

protein-protein interaction networks, communication in the nervous system is based on the dy-

namics of membrane potential of neurons in a network. The flow of charge across the neuronal

networks is mediated by synapses. A neural network can thus be constructed as neurons as nodes,

with synapses as edges between these nodes. However, unlike protein-protein interaction networks,

neural networks can be drawn much like Fig. 1.1 with neurons as nodes with directed, weighted

positive and negative edges as they have direct excitatory and inhibitory synapses respectively.

Excitation and Inhibition in the brain

The nervous system has two antagonistic communication channels that race together from stim-

uli to responses: excitation and inhibition. Excitation acts as the driving force provided by chem-

ical synapses, taking neurons towards depolarized potentials and spiking, inhibition works as the
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brakes by bringing the neurons towards hyperpolarized potentials (away from spiking). Thus, the

neural communication proceeds by the interplay between these two forces acting on neurons, one

trying to win over the other. There are several examples in which this second parallel channel of

inhibition can modulate excitation, and gate information flow across the nervous system. But what

is the scope of computational benefits, if any, if the second channel is seemingly a delayed, scaled,

inverted copy of the other?

Below I describe in the context of neural coding, the process and brief history of precise

excitation-inhibition balance, a phenomenon in which random combinations of excitatory inputs

received by a neuron are balanced by inhibition in their basal state.

The earliest description of the nervous system in terms of excitation and inhibition comes from

the Autonomic Nervous System. Inhibition was first recognized as a distinct process in the mam-

malian heart under the control of vagus nerve. Eduard Weber and Ernst Heinrich Weber (of Weber’s

law) showed that irritation of the vagus nerve leads to decrease in the heart rate (Weber and Weber,

1845). Inspired by Weber’s ideas, Charles-Édouard Brown-Séquard, another visionary, put forth in

1894, the inhibition hypothesis for the central nervous system, suggesting that, just like the vagus

controls the heart, there is inhibition in the brain, acting alongside excitation, controlling motor

movements (Aminoff, 2017; Engelhardt, 2014; Brown-Séquard, 1894). His intuition, based on his

experiments with spinal cord lesions were even more profound. His experiments with monkeys

showed that sensory loss produced by a lesion of the spinal cord on one side could be reversed, by

an additional lesion made several segments below on the same side. This, in addition to the res-

cue of some sensory deficits by spinal lesions by stretching of the sciatic nerve, suggested to him

that the observed effects must not be caused by the lesions alone, but due to a dynamic interplay

between excitation and inhibition. He argued against the then mainstream brain centers hypothe-

sis, which posited that there are different centers in the brain for specific higher-level functions. He

proposed that the brain functions are composed by the integration of dynamic excitatory and inhibi-
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tory activity, at multiple areas in the brain by activation of task-specific networks (Brown-Séquard,

1894; Aminoff, 2017; Engelhardt, 2014), which is both relevant and remarkably prophetic given

our current understanding of brain function.

Around the same time, Sir Charles Sherrington, who was also a proponent of the inhibition

hypothesis, was studying the antagonistic innervation of excitation and inhibition in the flexor-

extensor muscles in various reflexes, including knee-jerk reflex. Sherrington showed the functional

role of reciprocal inhibition in the alternating activity of these muscle pairs: when one is active,

the other is inhibited (Sherrington, 1906). The vagus nerve preparation was utilized again by Otto

Loewi (Loewi, 1921), who in combination with Sir Henry Dale took the fluid from one beating frog

heart after vagus nerve stimulation, and applied it onto another beating frog heart. The decrease

in the beating rate for the second heart established the existence of chemical neurotransmission,

settling the long-standing debate between chemical and electrical neuronal communication. Thus,

the first neurotransmitter was discovered: acetylcholine (ACh), as an inhibitory neurotransmitter.

It is now known that ACh plays an important role in excitatory neurotransmission as well when it

binds to nicotinic and some subtypes of muscarinic receptors. It took another three decades before

the first intracellular inhibitory postsynaptic potentials (IPSPs) were recorded from Renshaw cells

and Ia interneurons by Sir John Eccles, a former student of Sir Charles Sherrington, that mediated

inhibition in motoneurons in the biceps-quadriceps antagonistic pair in a feedback and feedforward

manner respectively (Brock et al., 1952).

Neural Coding

Soon after the discovery of the neurotransmitters, Adrian and Zotterman discovered that the

sensory nerves innervating muscles emitted spikes in proportion to the increased weight hung

from a muscle (Adrian and Zotterman, 1926). This established that the pattern of firing rates of

neurons encoded information about the stimulus. In this sense, encoding generally implies that
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it is possible to reliably reconstruct features of the stimulus using features extracted from neural

activity measurements.

The broad role of inhibition in neural code was clear from very early measurements of circuit

properties in the nervous system. However, Hubel and Wiesel shed light on the sophisticated nature

of an inhibition-dependent neural code. In a series of papers, Hubel and Wiesel showed responses

of neurons to selective orientations of bars of light by recording individual neurons, called complex

cells in the cat visual cortex (Hubel and Wiesel, 1962). The activity of a given complex cell enco-

ding different bar orientations could be drawn as a histogram, and this distribution of the neuron

to the space of stimuli was called the tuning curve for that neuron. The computation leading to this

observation was suggested to be lateral inhibition between complex cells (Blakemore and Tobin,

1972). Lateral inhibition is a circuit mechanism where neurons inhibit their neighbors in a gra-

ded manner. In this, the nearest neighbors are most strongly inhibited and the inhibition strength

declines with distance on some metric, for example, physical space. It is important to say here

that the field hasn’t yet reached consensus about the computational mechanism leading to these

observations.

Around the same time, Eccles postulated another inhibitory mechanism for oscillations in the

thalamocortical recurrent inhibitory circuit (Anderson and Eccles, 1962). In this mechanism, cal-

led inhibitory phasing, the thalamocortical neurons excite the reticular nucleus neurons, which in

turn inhibit back the thalamocortical neurons. This, in addition to the incoming depolarizing input

on the thalamocortical neurons from the medial lemniscus, leads to the rhythmic activity of the

thalamocortical neurons. This paved the way for several circuit based computations that have been

found since then in various systems by an interplay of excitation and inhibition. For example, os-

cillations have also been observed to be produced by reciprocal inhibition: when tonically excited

neurons inhibit each other: e.g. in locomotion in locusts (Lundberg, 1981), in aquatic vertebra-

tes (Parker and Grillner, 2000), and mammals (Butt et al., 2002).
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As the in-vivo recording technique got better, many intra-cellular recordings were made in

awake behaving animals. Two interesting properties were observed that are relevant:

1. Neurons fire spontaneously in a manner that the variance of spike times is similar to the

mean, and the inter-spike interval is close to exponentially distributed.

2. The rate of firing of neurons and their inter-spike intervals are correlated with behavioral

variables, in a way that these can be used to reconstruct aspects of the stimulus.

Several studies demonstrated that the variability in the spike-times in cortical discharge in cat

striate cortex and monkey visual cortex was Poisson-like. This implied that the variance in inter-

spike-intervals of neurons divided by their mean spike-times was about 1.5 (Dean, 1981; Tolhurst

et al., 1983). This soon was observed to be a general feature of cortical neuronal discharge. This

noise was initially modeled as an intrinsically random process, as a function of the membrane

potential fluctuations.

In 1964, Gerstain and Benoit Mandelbrot 1 suggested that an intrinsically time-varying random

process was not required to model Poisson like activity of cortical neurons.

An average balance between incoming excitatory and inhibitory synaptic inputs was suffi-

cient to explain the Poisson like behavior (Gerstain and Mandelbrot, 1964). In brief, they suggested

that as the incoming synaptic inputs bombard the postsynaptic neurons, the membrane potential

fluctuates close to an absorbing boundary (the spiking threshold of the neuron). The fluctuations

produced by slight differences between excitatory and inhibitory inputs were sufficient to drive the

neurons into irregular spiking.

1also known for his contribution to discrete dynamical systems, Mandelbrot sets, fractal geometry, and chaos theory
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Excitation Inhibition Balance

Excitation Inhibition (EI) balance is the property of the nervous system to maintain the ratio

between excitation and inhibition across a range of conditions or time. The earliest usage of the

term “excitation-inhibition balance” comes from ideas of a British psychologist Hans Eysenck (Ey-

senck, 1955, 1963), who was inspired by Ivan Pavlov’s work on excitation and inhibition in dogs.

By studying patients and over 700 soldiers at Maudsley psychiatric hospital in London, he dedu-

ced that personality traits could be categorized into 2 axes: the Extroversion-Introversion axis and

the Unstable-Stable axis. Putting this data and other data from twin studies, he proposed that the

Extroversion-Introversion axis was linked to the observations of differences in Excitation and In-

hibition in the Autonomic Nervous System. His key idea was that Extroverts have fast excitation

and slow inhibition, while introverts have slow excitation and fast inhibition, which he proposed

comes via the reticular formation, thought at the time to be responsible for personality and arousal.

Around the same time, this idea of excitation-inhibition balance was taken up by (Gerstain and

Mandelbrot, 1964) to explain the irregular firing of cortical neurons. The effect of Excitation Inhi-

bition balance at the level of the single neuron and its relation to the neural code was theoretically

considered by (Shadlen and Newsome, 1994; van Vreeswijk and Sompolinsky, 1996). (Shadlen

and Newsome, 1994) built upon the model presented by (Gerstain and Mandelbrot, 1964), along

with an important observation that there was at least an order of magnitude difference between the

number of excitatory inputs required to make a neuron spike, and the number of excitatory inputs

that are active on a neuron in short periods. Below is a quote from (Shadlen and Newsome, 1994):
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“Presumably, a balance between active dendritic conductances and cable pro-

perties yields a fairly stereotyped EPSP at the soma [62*]. Thus, the availa-

ble data suggest that the entire dendritic tree may be capable of influencing

somatic membrane potential in steps of approximately 0.5mV If so, just 10-

40 excitatory inputs can depolarize the membrane from resting potential to a

spike threshold of about -55 mV [47,49], yet hundreds of excitatory inputs

probably bombard the postsynaptic cell during very brief epochs.”

They compared between two properties of neurons that could explain cortical Poisson spike-

trains. First, neurons could function as coincidence detectors at fast timescales. That is, neurons

only reach the spiking threshold when hundreds of randomly distributed inputs are received in

short bursts. Alternatively, neurons could be embedded in a network of integrate-and-fire units with

inhibition. In the first case, the low coincidence between inputs led to the observed spike statistics,

and in the second case, inhibitory input balancing excitatory input led to a large number of inputs

getting filtered out, leading to this spike time distribution. However, for the coincidence detection

model to work, the neurons required an unrealistically short (< 1ms) membrane integration time.

Van Vreesjwik and Haim Sompolinsky showed that if the mean excitation and mean inhibition

received by a neuron were correlated (also called global EI balance) at timescales of the order of

membrane decay constant ( of the order of 10 ms) (also called loose EI balance), the spiking in

leaky integrate and fire (LIF) neurons was, in fact, chaotic, which could explain the Poisson spiking

activity (van Vreeswijk and Sompolinsky, 1996). However, there is an important corollary of this

model: spike times in case of coincidence detection neurons are precise and carry information about

the coincidence, and the spike times for loosely-globally balanced EI networks are imprecise and

don’t carry information. The information is in the average rate of firing of a population of such

neurons.
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While this was able to explain the Poisson-like spike trains, this system seemed like a poor

choice for a neural code. This is because if the firing-rate based neural code is to be decoded

downstream, the decoder would need an integration time proportional to the square root of the

firing rate of the upstream neurons. This is because the variance for a Poisson spiking neuron is

proportional to its average firing rate. Also, a firing rate based decoder must integrate over time

to ascertain the rate code with accuracy. In another perspective, a spike-rate code is a spike-time

code with a poor measurement resolution decoder. This assumes that the spikes could be randomly

distributed in a period defined by measurement time of the decoder neurons, say, their membrane

time constant. In this perspective, neurons are either too noisy to respond precisely to an incoming

stimulus; or neurons can respond precisely, but their precise spike-times don’t carry information.

The first major challenge this idea of loose EI balance was the measurement of intracellular

EI balance by Anthony Zador. He noted that intracellularly recorded excitatory and inhibitory cur-

rents were tightly proportional (Wehr and Zador, 2003). Moreover, these synaptic inputs were both

co-tuned to the set of stimuli that drove responses (receptive fields) in the rat auditory cortical

pyramidal neurons. However, surprisingly, they observed that inhibition followed excitation in a

stereotyped sequence, with a delay an order of magnitude smaller than the membrane time constant

(1 - 4 ms). This phenomenon is now called tight EI balance. Inhibition thus reduced temporal im-

precision in spiking, rather than increase it, as had been proposed in models above. It is also known

now that this tight correlation between EI balance emerges early in development in the rat auditory

cortex in a stimulus-dependent manner, and can be observed at around 3 weeks postnatal (Dorrn

et al., 2010).

In addition, the reasons for imprecise spike times as a coding strategy, were unsatisfactory, due

to other reasons discussed above. It was observed that neurons are capable of producing a neural

code that is precise in timing (Mainen and Sejnowski, 1995). Randomly injected excitatory and

inhibitory currents at the soma of neocortical neurons were able to reliably generate precise spike
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times. Further, it was observed that spike times carried information about the stimulus. In fact, for

OFF Ganglion cells (Fig. 4, (Gollisch and Meister, 2008) ), stimulus image recovery was more

accurate using relative latency of spikes, than spike counts from recordings of salamander retina.

Similar observations were made for hippocampus place cells (O’Keefe, Lisman): Spike latencies

from theta (phase code) considerably improve location decoding accuracy.

A precise EI balance (as opposed to loose and global) balance between excitation and inhibi-

tion mitigates these problems (Hennequin et al., 2017), while retaining the properties of Poisson

spiking under some circumstances. Precise balance is defined as the condition where the EI balance

is at fast (<10ms) timescales (tight EI balance) and random subsets of inputs from the presynaptic

network are balanced, i.e., give proportional excitation and inhibition at the postsynaptic neurons

(detailed EI balance). Recent ideas about neural coding in the brain have considered such a pre-

cise EI balance as a central organizing principle. Tim Vogels and Sophie Deneve independently

suggested efficient encoding principles which rely on a precise balance between excitation and

inhibition (Boerlin et al., 2013; Vogels and Abbott, 2009). (Boerlin et al., 2013) showed that for

a recurrently connected set of neurons precisely balanced for excitation and inhibition, Poisson

firing rate emerges as an epiphenomenon of an efficient neural code.

Tim Vogels also suggested an Excitatory dependent inhibitory plasticity rule that may exist in

the cortices, that keeps the I/E ratio maintained at a homeostatic set-point (Vogels et al., 2011). Re-

cent evidence from Rob Froemke (D’amour and Froemke, 2015) suggests that there is indeed such

a homeostatic mechanism in the auditory cortex. (D’amour and Froemke, 2015) measured the re-

ceptive fields of auditory cortical principle neurons while playing different frequencies of sounds.

They observed the same co-tuned tightly balanced excitatory and inhibitory synaptic currents mat-

ching the receptive fields of these neurons. Then, they artificially caused synaptic plasticity in these

neurons by injecting current into them, while playing a frequency of sound that was not preferred

by these neurons. They were able to shift the receptive fields towards the new frequency and obser-
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ved that the excitatory currents to these neurons also shifted from their tuning curve peak frequency

to this new tuning curve. Surprisingly, they found that inhibition to the neuron also readjusted to

the new excitatory tuning-curve in the order of ~10 mins, suggesting homeostatic maintenance of

the I/E ratios in neurons. They showed that this was due to an excitation-dependent heterosynaptic

plasticity rule.

The next step in understanding the structure of EI balance in the brain was to show the existence

of precise EI balance in the brain and establish the source of EI balance. It was unclear if the

excitatory-inhibitory balance is maintained in the structure of connectivity at a single presynaptic

layer, or only in-vivo, in the presence of real-world stimuli, or due to continuous dynamics of

various neuronal layers acting together. We decided to ask this question in the hippocampus, known

for its well defined layered architecture and central importance in learning and memory.

Hippocampus

The hippocampus is a deep-brain structure in the temporal lobe associated with spatiotemporal

encoding and episodic memory. Before 1950s, the hippocampus was associated with olfaction, but

the landmark study published by William Scoville and Brenda Milner (Scoville and Milner, 1957)

on patient H.M., established the role of hippocampus as the brain region responsible for episo-

dic memory. Patient H.M. had been operated for epileptic seizures originating from the temporal

lobe. To alleviate this, H.M.’s hippocampi were bilaterally removed. This lead to a severe and spe-

cific deficit in the formation of long term episodic memory. About a decade later, (O'Keefe and

Dostrovsky, 1971) showed that the picture for rodents was somewhat different: hippocampal CA1

neurons were encoding a spatial map. Using unit recordings in behaving rats, they showed that cer-

tain CA1 neurons called place cells selectively and robustly fired, i.e., showed receptive fields for

specific locations. They also discovered that this hippocampal place cell neural code is a mixture

of both rate and temporal information (Huxter et al., 2003): place cells encode place and velocity
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information independently in timing with reference to theta phase and their firing rate respectively.

Soon after this, Edvard and May-Britt Moser (Hafting et al., 2005), showed cells in the Entorhinal

cortex (EC) which synapsed on to the hippocampal CA1 directly and indirectly (via dentate gyrus

and CA3) were also encoding spatial information. They discovered that these cells were active

regularly in their environment to a specific spatial frequency, arranged in the form of a uniformly

spaced hexagonal lattice, and called them grid cells. Recently it has also been discovered that the

hippocampus encodes sequences of events by the representation of intervals of time by the sequen-

tial activity of cells in the CA1 called time cells (Modi et al., 2014; MacDonald et al., 2011). Given

that the nature of hippocampal neural code is reliable, at least in part temporal, and that it itself

encodes temporal intervals, hints towards a fine control of membrane potential dynamics. Such fine

control of membrane potential dynamics can be possible by the existence of precisely balanced

excitation and inhibition. Precise EI balance can dampen out large fluctuations in the Vm which

can lead to random spiking.

Further, it is still unclear how hippocampal CA1 cells become place cells. (Lee et al., 2012)

showed that arbitrary CA1 cells could be converted into place cells by a spatially uniform depola-

rizing current injection into a silent (non-place) CA1 cell. This was later shown to be possible for

arbitrary locations in the behavior arena (Bittner et al., 2015). This implies that most cells in the

hippocampus receive inputs for different locations in space, but only some are naturally chosen to

become place cells, while others end up remaining silent cells. Again, a possible mechanism for

this could be precisely balanced excitation and inhibition in the CA3-CA1 circuit. Precisely tuned

inhibition can maintain the activity levels within neurons, giving them potential (but subdued) re-

ceptive fields for all locations that an animal traverses. However, a select subset of neurons become

place cells, as the inhibition to excitation ratio reduces, a phenomenon known as inhibitory gating.

Fig. 1.6 shows the reduced hippocampal CA3-CA1 network. In this network, CA3 pyramidal

neurons send excitatory synapses to both CA1 pyramidal neurons and CA1 interneurons. CA1
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interneurons, in turn, inhibit the CA1 pyramidal neurons, completing the feedforward inhibitory

loop.

CA3 CA1I CA1

Hippocampal CA3-CA1 network

Figure 1.6: The feedforward inhibitory hippocampal CA3-CA1 network. The arrow-head edges
represent excitation and the flat-head edge represents inhibition.

Precise EI balance and Subthreshold Divisive Normalization

We wanted to ask if precise EI balance exists in the brain. To answer this question, we needed

to stimulate many subsets of presynaptic inputs, while recording synaptic currents from postsynap-

tic neurons. To do this, we used patterned optical stimulation to stimulate channelrhodopsin ex-

pressing hippocampal CA3 neurons in hundreds of different combinations. Channelrhodopsin is a

light-sensitive ion channel that conducts in the presence of blue light and was expressed selectively

in the hippocampal CA3 cells using a Cre-lox setup (Boyden et al., 2005). CA3 neurons impinge

on CA1 neurons via a direct excitatory pathway, and an indirect disynaptic inhibitory pathway

(Figure 1.6). Then, we recorded from CA1 neurons intracellularly using whole-cell patch-clamp

and recorded excitatory and inhibitory postsynaptic currents.

We found that randomly chosen groups of cells in CA3 gave precisely balanced excitation

and inhibition to CA1 (Chapter 3). We also showed that given the statistics of the hippocam-

pal CA3-CA1 network connectivity and release probability, the emergence of precise E/I balance

is non-trivial and needs to be maintained at the level of tens of synapses. The discovery of this

structured input in the brain implies that individual layers in the brain may be independently EI
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balanced. This has important implications on our understanding of neuronal communication and

opens up a lot of new questions concerning both the emergence and the role of this balanced state

in the brain.

Moreover, we found that the window of opportunity for integration in a neuron changes dy-

namically in this balanced regime, based on the input amplitude. An increase in input amplitude

causes a proportionally smaller delay between excitation and inhibition (Chapter 3).

In combination, the twin observations of precise EI balance and EI delay lead to a normal-

ization operation at the subthreshold regime, which leads to gain-control and a transformation of

information from amplitude to time, called Subthreshold Divisive Normalization (SDN), which

can be approximated by the following equation:

O =
γE

γ + E

whereO is the observed PSP from the neuron,E is the expected sum of individual EPSPs, and γ

is the measurable normalization parameter, which depends on I/E ratio, the rate of change of EI

delay with input amplitude, reversal potentials of synaptic channels and the synaptic timecourses.

In summary, we propose that there is a spectrum of balance for neural networks:

1. Resolution of synaptic currents: This ranges from global balance, where synaptic currents

are balanced only on average, to detailed balance where all subsets of inputs from a presy-

naptic network impinge on the postsynaptic neurons to give rise to balanced excitation and

inhibition.

2. Timescale: Loose balance (slow ~O(>10 ms) to tight balance at fast (~ O(<10ms) timescales)

3. Inhibition type: Feedback or feedforward

4. Number: Number of excitatory and inhibitory synaptic inputs impinging on the postsynaptic

neuron
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Detailed and tight balance together are called precise EI balance. The first three are discussed

in (Hennequin et al., 2017) but the fourth type remains unattended. There are important theoretical

consequences of having different numbers of synaptic inputs. This is because, for synapses with

low release probability, a large number of small weight synapses will have different trial-to-trial

variability, than a small number of large weight synapses, even though the average synaptic weight

over trials is identical.

Subthreshold computation

Our observations further the suggestion that neurons with spike-time codes can compute with

their spike time employing subthreshold computational schemes like SDN. We had two key find-

ings in this regard: first, a tightly maintained correlation in the amplitude of excitatory and in-

hibitory synaptic currents, and second, excitation dependent inhibitory delay. Together, these make

the window of opportunity for spiking dynamic. Neurons at large input amplitudes have a narrow

window of opportunity. Thus, they function more like coincidence detectors, bestowing the neu-

rons with precise spike-times. For smaller inputs, neurons have a wide window of opportunity,

allowing for a large dynamic range of the integrate-and-fire neurons. Further, Subthreshold Divi-

sive Normalization allows the neurons to maintain a economic spike-time code, by clamping the

subthreshold activity of the neuron in proportion to the excitatory input received.

Thus, neurons are likely neither just integrate-and-fire, nor coincidence detectors, but

stand dynamically between the two, due to the variable delay between excitation and in-

hibition we observed. Second, at least across the Feed-forward loop from CA3→ CA1, neurons

transmit information about their input in the timing of their postsynaptic potentials, due to

the existence of SDN (Bhatia, Moza, and Bhalla, 2019).
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Inhibitory gating

Lastly, we propose that stimulus-induced neuronal firing results as an opening of the I/E bal-

ance gate: the breaking of E/I balance. Neural networks sit balanced and take trajectories away

from this balanced state to communicate information across the nervous system and for plasticity.

This allows neurons to have a combinatorially large number of potential receptive fields. Only a

handful number of synapses can drive a neuron precisely and selectively, even though the neuron

is being bombarded with hundreds of excitatory inputs.

Thus, I have described above the evolution of thought about excitation-inhibition balance in

the context of neural coding: from the current that broadly clamps down excitation, to the current

that sculpts the activity of the nervous system at different timescales. How this symmetry in ex-

citation and inhibition constrain the network structure and learning rules is yet to be seen. In one

perspective, the homeostatically maintained E/I balance could set the learning rate for the neurons.

Neurons with high I/E ratios are less likely to fire and undergo plasticity. Synaptic weights need to

change with each surprise in the world: this is when the neurons exit the balanced regime and fire

a larger number of spikes, possibly due to disinhibition or short-term facilitation/depression, in-

ducing long-term plasticity. However, the homeostatic balance of I/E ratios is eventually regained,

as the inhibition follows up and plugs the excess excitation, maintaining the E/I balance.

In summary, I have outlined two investigations in this thesis. First, I discuss the topological and

parametric determinants of the robustness of bistable chemical reaction networks. In this study, I

looked at the exhaustive chemistry possible made of networks of up to 6 reactions between up to 4

molecules. I found that on average, the topology that determines different forms of robustness are

different, however, the presence of certain subnetworks can increase both structural and parametric

robustness. We also found that a symmetric network with competitive autocatalysis was conducive

to addition of more edges to form larger bistable networks, and had high robustness to parametric

fluctuations chemical reaction networks.
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Second, I discuss information propagation in a feedforward inhibitory loop neuronal network in

the hippocampal CA3-CA1. In this study, we discovered that the CA3-CA1 feedforward inhibitory

network in the hippocampus has precise excitatory-inhibitory balance. Further, we discovered a

novel subthreshold gain-control computation that exists in the hippocampus that results from this

motif. Since the subthreshold state of the neuron can be compared to chemical reaction networks

due to their smooth, continuous nature, perhaps inspiration can be drawn from chemical reaction

networks for architectures other than feedforward networks to make predictions about other sub-

threshold computations.

Note: Figures in this section were made using Python, and graphs were generated using net-

workx (Hagberg et al., 2008)
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Chapter 2

Robustness properties of chemical switches

Abstract

Biological systems gather information and carry out computations for self-organization. Large

biochemical reaction networks have been selected over billions of years of evolution to carry out

these computations. Bistable chemical reaction networks (CRNs) form a fundamental subgroup

of these biochemical networks with elementary computational functions such as decision making

and memory storage. Bistability can be achieved by several suitable biochemical network architec-

tures. However, each architecture may have different degrees of robustness against different forms

of perturbations, that may determine its persistence over evolution. We compared the robustness of

all possible bistable CRNs with≤ 6 reactions between≤ 3 reactants and 3 reactions between 4 re-

actants in maintaining bistability against perturbation to the reaction network structure (structural)

and reaction rates (parametric). We found that the higher the number of minimal bistable CRNs

(called root groups) in the network, the more it was robust to structural perturbations. Further, we

discovered that the most parametrically robust networks contained a mirror-symmetric network

structure. This symmetry was due to two autocatalytic feedback loops competing for a common

substrate. Bistability implies the existence of two steady-states, and the two steady-state concentra-

tion vectors of the same CRN may change considerably as the reaction rates are varied. Thus, even
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if a CRN has high parametric robustness, the information that the concentrations encode could be

lost with perturbations to reaction rates. Thus we calculated state-vector robustness, i.e., the num-

ber of unique binarized steady-state concentrations for a CRN across all sets of parameters that

gave bistability. We found that several CRNs with high parametric robustness also had low state-

vector robustness. However, the mirror-symmetric competitive-autocatalytic feedback loop CRNs

also scored high on state-vector robustness. Lastly, we looked at the robustness of bistable CRNs

in persisting at a stable fixed point in the presence of various levels of stochastic noise. Since the

set of perturbations to evolving biochemical networks may differ according to their microenviron-

ment, their combined robustness to a set of perturbations may dictate the enrichment of functional

motifs in biochemical reaction networks. Thus, we compared the structural and parametric robust-

ness of all CRNs. We found that there was a weak correlation between them. However, when

grouped according to their root groups, the members of root groups clustered together with sim-

ilar structural and parametric robustness. We also compared noise robustness with structural and

parametric robustness and found very little average correlation with other forms of robustness. In

summary, we show that structural and parametric have a weak correlation with each other and no

average correlation with noise robustness. However, grouping the CRNs by their root groups re-

vealed patterns in their organization: CRNs which are members of a higher number of root groups

have higher structural robustness, CRNs with competitive auto-catalytic feedback-loops have the

highest parametric robustness, and CRNs with similar root groups had similar structural and para-

metric robustness. Further, we reveal a robustness map that can be used to gain insight about

diverse questions, such as the structural properties of robust CRNs, comparing alternative CRNs

for the synthesis of pure enantiomers from racemic mixtures, for synthetic biology constructs, and

to search for computational motifs across different biochemical networks.
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Introduction

Biological systems are adept at making decisions and remembering choices in the face of un-

certainty. Both decision making and memory formation, two fundamental aspects of the dynamics

of biological systems can be made possible by utilizing simple biochemical reaction systems. De-

cisions can be made by converting analog signals, say rapidly changing Ca2+ concentrations, into

digital YES/NO signals by bistable systems. Bistable systems have two steady states, that can

be reached from different starting points. Consequently, these transitions to one of these steady

states can determine the decision, such as a given developmental fate of a cell (Bhalla, 2002; Wang

et al., 2009). Similarly, memory can be reliably stored in biochemical compartments at various

timescales by encoding it in stable reactant and product concentrations, which can be sustained

or changed in response to external stimuli. Synapses between neurons have been shown to be

structurally bi-modal (Dorkenwald et al., 2019), and synaptic chemistry responsible for long term

memory is proposed to have bistable chemistry (Lisman and Zhabotinsky, 2001). Both these func-

tions can be achieved by a chemical reaction system that is bistable.

Bistable systems have also been proposed as chemical mechanisms for the observed homochi-

rality in biological systems (DECKER, 1973). Chirality or handedness is the property of certain

molecules to be non-superimposable on their mirror reflections, called L and D forms. In most

non-biological reactions, molecules are created heterochiral, i.e., with equal fractions of both L

and D types. However, in biological systems, molecules such as DNA, RNA, and amino acids

are observed to be almost exclusively homochiral, i.e., either only L or only D enantiomers exist.

For example, sugars are typically observed in D-enantiomers and amino acids in L-enantiomers. A

contending hypothesis (Avetisov and Goldanskii, 1996) claims that homochirality arose chemically

before biological complexity. Experimental evidence supporting this hypothesis has accumulated

from meteorite samples containing homochiral molecules (Cooper and Rios, 2016) and labora-

tory synthesis of homochiral molecules (Shibata et al., 1996). Certain small bistable CRNs have
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been proposed that use autocatalysis to amplify slight asymmetries in the enantiomeric fraction of

the products to create homochiral products from achiral substrates (Frank, 1953; Viedma, 2005).

However, a systematic comparison of several small bistable CRNs in this regard has not been un-

dertaken. Further, it is important to understand such proposed mechanisms of homochirality in

the context of their robustness against environmental perturbations, as that may be an important

determinant of their evolutionary success.

A bistable chemical reaction network (CRN) can be constructed with just two reactions (Ra-

makrishnan and Bhalla, 2008). Fig 2.1c shows this minimal bistable chemistry. This forms a

feedback reaction motif: a small group of connected nodes present in higher than chance levels

in large reaction networks (Milo et al., 2002). Bistability requires the presence of core positive

feedback loops (Wilhelm, 2009), and other connections between reactants can alter the stability

and robustness of these systems (Pfeuty and Kaneko, 2009). Biochemical reaction networks such

as signalling pathways, are exposed to different kinds of perturbations and have evolved to sustain

their dynamical behavior (Barkai and Leibler, 1997). Chemical systems can thus be called robust,

defined as a property that allows a system to maintain its functions despite external and inter-

nal perturbations (Kitano, 2004). Perturbations to CRNs can be 1) Structural (or topological):

addition, deletions, or mutations in the chemical reactions between reactants in the CRN; 2) Para-

metric: changes in reaction rates and concentrations of reactants, or 3) By virtue of fluctuations,

i.e., intrinsic or extrinsic noise in the system. Robustness to these perturbations can shape the

complexity and evolvability of CRNs in biological systems.

Robustness in bistable systems can be attained by augmenting the core feedback network with

stabilizing connections. Thus, the diversity of architectures across different biological systems

may reflect the robustness of the underlying chemical network to the unique set of perturbations

in the evolutionary past of that system. For example, in compartments with small volumes such as

dendritic spines, thermal noise may constrain a reaction network to have higher noise-robustness,
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than in a rapidly replicating genome of a single-stranded RNA virus, that may be more prone to

parametric perturbations to combat copying errors. This raises two questions. First, are systems

robust to one kind of perturbation also robust to other kinds of perturbations? Second, can the

addition of a certain set of reactions coherently increase or decrease multiple forms of robustness?

Here, we exhaustively analyze all bistable reaction systems from the chemistry possible with

up to 4 reacting entities and 6 reactions (Ramakrishnan and Bhalla, 2008). Then, we explore

the robustness of these small bistable CRNs to changes in the reaction network structure (topol-

ogy), parameters, and intrinsic noise to probe for common network structure between different

forms of robustness (Chang et al., 2010; Cheng et al., 2008). We found that constraints posed on

CRNs for robustness to different kinds of perturbations selected topologies with different features.

Structurally robust topologies generally contained several different core minimal bistable networks

called root groups. Root groups are networks that cannot be structurally broken down into smaller

bistable networks. We found that the topologies with highest parametric robustness contained

a mirror-symmetric structure in the chemical reaction network. This symmetry corresponded to

two autocatalytic feedback loops competing for a shared substrate. We propose that the map that

we obtained can be used as a guide for designing small CRNs for synthetic biology constructs,

for comparing alternative models of enantioselective synthesis, and in general for understanding

structural determinants of different forms of robustness.
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resent reactions. Reaction signature (below) in CSPACE format. Each reaction is flanked by ’|’.
The capitalized first letter denotes 1/12 reaction types (A, B,... L). The next 2 or 3 letters are the
reactant labels for reactions with 2 (top box) and 3 molecules (bottom box). b) Reactions graph-
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Results

In the first section, we extracted known bistable CRNs from the SWITCHES database and an-

alyze their network structure (Ramakrishnan and Bhalla, 2008). Using this, we group the CRNs

by their smallest independently bistable subnetworks and also calculate their structural robustness.

In the second section, we allocate reaction rates to the CRNs and calculate their parametric robust-

ness. In the third, fourth and fifth sections we compare the structural and the parametric robustness

for all CRNs. In the sixth section, we calculate state-vector robustness for all CRNs and compare

it with parametric robustness. In the final section, we calculate the noise robustness and compare

it to the other forms of robustness.

Bistable CRNs have a higher proportion of a small set of reaction types

Structural Robustness for a reaction system can be defined as the resistance to change in the

dynamical property of bistability with changes in the structure of the reaction system, i.e., inser-

tion, removal or mutation of reactions. Below, we look at network structure of 3561 bistable CRNs

extracted from the SWITCHES database, and their structural robustness. These CRNs were con-

structed by using reactions shown in Fig 2.1a,b. The smallest bistable CRN in the SWITCHES

database is shown in Fig 2.1c. In Fig 2.1d we show the phase portrait of this CRN, demonstrating

several initial conditions leading to one of two stable fixed points (orange) and the saddle fixed

point between the two stable fixed points (green).

We extracted and counted all possible subnetworks of all 3561 bistable CRNs (Subnetwork

counting, Methods). We then calculated the structural robustness as the fraction of these subnet-

works that were bistable (Structural robustness, Methods).

First, we wanted to look at the distribution of individual reaction types in bistable systems. We

counted the individual reaction types in each CRN and divided it by the total number of bistable
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topologies. We observed that a subset of reactions was over-represented in bistable systems. For

example, almost all bistable topologies had a ’D’ type reaction. This was not surprising, given that

it is a positive autocatalysis reaction, regularly found in bistable systems. We found that the set con-

sisting of A, C, D, F and J reactions had a much higher frequency than other reactions (Fig 2.2a).

Similarly, the pair D, J was the most common motif within the SWITCHES database (Fig 2.2b).

These are also the constituent reactions of the smallest bistable in Fig 2.1c. The distribution of the

structural robustness of all topologies is shown in Fig 2.2c. The orientation of the reactions with

respect to each other is important to determine the dynamical behavior. A few examples of bistable

and non-bistable topologies are displayed to show different bistable and non-bistable reaction sets

(Supp. Fig 2.11). The structurally most robust topology is shown in Fig 2.2d which could be

broken into 59 unique CRNs, out of which 26 were bistable. Structurally robust topologies were

not preferentially enriched for any specific reaction type. We compared the structural robustness

for all CRNs as a function of the frequency of each reaction within the CRN and found no clear

correlations between the two (Supp. Fig 2.7).

Structurally robust systems contain many independently bistable subnetworks

(Ramakrishnan and Bhalla, 2008) had shown that bistable dynamics run in CRN “families”,

i.e., many bistable CRNs formed a highly interconnected set in a graph containing all configura-

tions as nodes and addition and subtraction of reactions as edges. Thus, structurally robust topolo-

gies must have many edges in this graph, down to the smallest member of their family. There were

only 80/3561 (~2.2%) CRNs which could not be further broken down into smaller bistable CRNs (.

For 56/80 of these minimal bistable CRNs, we did not find larger CRNs that contained them. This

means that either these CRNs were at the limit of the maximum network size we constructed, or

that they did not retain bistability upon addition (or deletion) of reactions to them. Consequently,

the rest of the 3481 topologies originated from just 24 root topologies (Table 2.1, Supp. Fig 2.8).
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We called the grouping of all CRNs by these minimal bistable subnetworks “root groups”,

and sorted them by the decreasing size of their family, i.e., number of CRNs the root CRNs were

subsets of (Methods, Fig 2.2e,f). These form the core feedback network, on top of which other

reactions that retain bistability can be added. Group I, the most common root CRN is also the

smallest bistable topology (Fig 2.1c) and was a subset of about 47% of bistable CRNs. Note that

a single CRN can be a member of more than one root group. Similarly, many root CRNs could

compose a larger CRN.

First, we asked, are there some CRN families which have high structural robustness? We found

that members of root groups V and VI had the highest median structural robustness (Supp. Fig 2.9).

This implies that these root group CRNs are more conducive to growth by attachment of new

reactions. Second, since CRNs could be members of many such families, we asked, do structurally

robust topologies connect many families? On average, we found that the larger the number of

root CRNs composing a larger CRN, the higher was its structural robustness. The structurally

most robust CRN (Fig 2.2d) was the only topology that contained 8 out of the 24 root CRNs. In

summary, only 24 root groups (containing unique minimal bistable CRNs) were present in 3481

out of 3561 CRNs, members of root groups V and VI showed high structural robustness, and a

higher number of root groups implied higher structural robustness for a CRN.
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Figure 2.2: a. Distribution of individual reaction types in bistable systems. A subset of reactions
enriches the space of bistables. b. Distribution of pairs of reactions in bistable systems (upper
triangle only). White squares denote missing pairs. Lighter colors represent higher frequency. The
pair “DJ” is over-represented in the space of bistables, which is also the smallest bistable topology
(Fig 2.1c). c. Distribution of structural robustness across different reaction topologies. Different
colors represent different dimensions of the chemical topology: In the description, the first number
indicates the number of chemical species and the second number of reactions, e.g. 3x6 indicates
three different chemical species and 6 reactions between them. d. Most structurally robust topology
in the database. e. Root CRNs for 8 out of 24 root groups. f. A bar chart showing the fraction of
total bistable CRNs that contain root CRNs as subsets. 8 out of 24 total root CRNs (as in e.) are
shown here, the remaining 16 root CRNs were a subset of <5% of the total CRNs. g. Increase
in the number of root CRNs as subnetworks (x-axis) on average meant an increase in structural
robustness (y-axis). Our highest structural robustness topology was also the only topology that
was a member of 8 root groups.
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Small bistable CRNs have generally high parametric robustness

Parametric robustness is defined as the extent of resilience in retaining bistability with changes

in the chemical reaction rates of the system (Bhalla and Iyengar, 2001). We assigned 2000

randomly-sampled biologically relevant sets of rates across 6 orders of magnitude to each of the

3561 CRNs, using Latin-hypercube method for high-dimensional uniform sampling (Deutsch and

Deutsch, 2012; Moza, 2019). Each CRN with an associated set of reaction rates was called a

model. Bistability was then assessed for each model by starting from several initial conditions

and finding steady states using the steady-state finder in MOOSE. In this method the dynamical

system is simulated in time, constrained by stoichiometry. Then local linear stability is checked by

calculating the eigenvalues of the Jacobian around the state. When the real part of the eigenvalues

is found to be negative, it is marked as a stable fixed point. With two stable equilibrium points, a

chemical kinetic model was called bistable (Methods, 2.4). We found that 531313 out of the total

7.122 million models (7.46%) were bistable, which is a rather large fraction considering the very

high dimensional parameter space (4-12 dimensions) from which we sampled. To obtain such a

high average parametric robustness, bistability would have to persist over roughly 4.5 log-10 units

of the 6 log units we sampled for each parameter.

Note that this definition of parametric robustness only requires flexibility of the reaction rates

while retaining bistability. It doesn’t take into account the bistable thresholds, i.e., the saddle fixed

points that the system must cross in order to switch states, which can be another measure of the

robustness of a bistable system. We checked how much the saddle points move in state-space by

taking the pairwise distances between all saddle fixed points for all models belonging to a CRN

and calculating the root mean square distance. We found that the larger the parametric robustness

of the CRN, the more dispersed saddle points were in the state space (Fig 2.10). This correlation

can arise because the higher parametric robustness models span a larger volume of reaction-rate

parameter space, and hence the fixed points would also move correspondingly in the state-space.
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CRNs in root group VI have high parametric robustness

We compared parametric robustness across the 8 largest root groups from Fig 2.1 and saw

that root group VI had the highest median parametric robustness (0.77), followed by group III

(0.74) and group IV (0.71) (Fig 2.3a). While there were 2 other root groups with higher median

parametric robustness, they had much fewer members, and have been ignored in this study. Note

that the root CRNs of group III and IV share some similarity in structure to the root CRN of

group VI and differ from it in only one reaction (Fig 2.3b). Further, a large fraction (44.5%) of the

distribution for members of root group VI was in the very high parametrically robustness (>0.8)

range. This was followed by root groups III (32.9%), I (25.2%) and IV (22.2%). Indeed, even the

CRN with highest of all parametric robustness (1.0) (Fig 2.3b, left) was the root CRN of group

VI (Fig 2.2f). This CRN had a mirror-symmetric network topology and was found to be bistable

for all parameters tested. In summary, membership of certain root groups, particularly group VI,

pulled CRNs to high parametric robustness.

Weak correlation between structural and parametric robustness

Biological networks may have evolved network structures with different robustness attributes,

in response to the sets of selection pressures depending on the stresses available to them. We

wanted to ask if topologies that are robust to structural perturbations also show robustness to para-

metric perturbations. In Fig 2.3c, we show the distribution of parametric robustness for all CRNs

combined. Some of these showed parametric robustness of 0 which indicated that the parameter

space in which the CRNs are bistable were small, and could not be found by our random search

method. In Figure 2.3d, we compare the structural and parametric robustness of all bistable CRNs.

We found that for all CRNs combined, the structural and parametric robustness had a weak average

correlation with each other (Slope of best fit = 0.43, R2 = 0.12).
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Figure 2.3: a. Distributions of structural (blue) and parametric robustness (orange) for CRNs
grouped by their root topology from Fig 2.2e. Black lines inside the violin-plots mark the quartiles.
. Gray vertical lines indicate the median of the distribution. b. (Top) Root CRNs of the three root
groups (VI, III and IV) with highest median parametric robustness in a. Each subpanel shows
the chemical reactions, root CRN diagram, group number, reaction signature and the parametric
robustness for the CRN below. (Bottom) Heatmaps representing showing the spread of bistable
sets of parameters found for the randomly assigned reaction-rates across 4 orders of magnitude for
the corresponding root CRN above. Darker colors indicate that a higher number of bistables were
found in the region. c. Distribution of parametric robustness colored according to the number of
reactions in the network. d. The relationship between structural and parametric robustness for all
CRNs with histograms in gray. All the root CRNs lay at 0 structural robustness. There is a weak
average correlation between the two (Slope of best fit = 0.43, R2 = 0.12).
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CRNs with similar root groups have similar parametric robustness

We then looked at the relationship between structural and parametric robustness by group-

ing the data with respect to the root groups which showed high parametric robustness (Fig 2.3b,

2.4a,b). We made three key observations here. First, we observed that the CRNs which were mem-

bers of the same two (or more) root groups had similar parametric robustness to each other, as well

as to the multiple roots groups they belonged to (Fig 2.4a,b). In Fig 2.4a,b we can see the three root

groups (VI, III and IV) and their pairwise combinations (bottom). Second, almost all of the very

high structural and high parametric robustness combination CRNs were members of root group VI

(Fig 2.4 a,b). This is most clearly seen in Fig 2.4b, where all three groups are overlaid. Third,

by virtue of membership of two (or more) root groups the structural robustness of the CRN also

increased (Fig 2.4b). The combination colors that represent a membership of multiple groups show

up at high structural robustness. Thus, CRNs which were members of group VI root, in addition

to other root groups were more likely to be both structurally and parametrically robust CRNs.

Highly parametrically robust systems have a mirror-symmetric architecture

On investigating the high parametric robustness CRNs further, we found that very high para-

metrically robust topologies had not only group VI but also other similar looking architectures. We

found that out of the top 1% (35/3561) parametrically robust bistable topologies, 91.4% (32/35)

had either |DabX|DacX|Fabc| or |DabX|DacX|Jbca|Jcba| (or both) as their subnetwork. Note

the mirror symmetry in these CRNs. For the top 10% (356/3561) parametrically robust bistable

CRNs, they were present in about 47% (167/356) CRNs. However, if we considered their fre-

quency in all CRNs, they showed up only 16.3% (580/3561) of the times. Thus, having a pair of

mutually-competitive autocatalytic feedback-loops was the best strategy for very high robustness

to parameter fluctuations, showing bistability for almost all parameters tested. These CRNs show

a “symmetric winner-takes-all” strategy, i.e., if we observe Fig 2.4d (left), molecules b and c com-
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pete with each other by auto-catalyzing their own formation. If there is a slight excess of one over

the other, the CRN is driven to a state with all molecules of one type and none of the other. The

top 3 highest parametrically robust topologies after the group VI root CRN are shown in Fig 2.4d,

where the mirror-symmetric core of the network across the molecule a can be observed.

The root CRN of the second-highest parametric robustness (root group III) was |CabX|DacX|Fabc|,

which also shows a winner-take-all strategy. However, in this case, reactant a autocatalyzes its own

degradation to b, while competing with c which is autocatalyzing its formation. Root group III was

present in 54% of the top 1% parametrically robust CRNs, and 38% CRNs for the top 10%. For

all CRNs combined, it was present in 24% of the networks.

Does the existence of symmetry universally imply high parametric robustness? We found that

this was not the case. By permuting node labels, we looked at all possible models which had

a global symmetry, i.e., when permuting node labels preserved the relationships between the nodes

(Methods). There were a total of 36 such topologies. Unsurprisingly, we did not find the converse

relation: CRNs with global symmetry were not necessarily associated with high parametrically

robustness (2 sample KS-test, pvalue=0.034).

Then we asked, do the higher parametrically robust topologies preferentially contain some of

these symmetric topologies as a subnetwork? To answer this, we had to look at local symmetries

within the network topology. We created all possible subgraphs of networks and listed the set

of all subgraphs that had globally symmetric topologies. For topologies which contained such

subgraphs, we asked: how many reactions are there added on top of these core symmetric motifs?

Using this approach, we were able to group all topologies by the number of excess reactions, called

the “order” of the topology. We found that the distributions of topologies that contained locally

symmetric motifs were preferentially higher in parametric robustness than a random sample from

the distribution (Fig. 2.4b, 2-sample KS-test, p-value = 5e-07, 4e-10, 1e-50, 8e-56 for orders

1-4).
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In summary, symmetric mutually-competitive autocatalytic reaction networks were the best

strategy attained by multiple CRNs with different structures for optimizing parametric robustness

of CRNs.
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Figure 2.4: a. (Top) Relationship between the structural robustness and parametric robustness for
CRNs from three CRN root groups (VI, III and IV) colored in ‘r’, ‘g’ and ‘b’. (Bottom) A pair-
wise overlay of the three plots above, with CRNs that belonged to both groups colored with the
combination of the corresponding colors, i.e., yellow indicates ‘r’ and ‘g’, magenta indicates ‘r’
and ‘b’, cyan indicates ‘b’ and ‘g’. Colored triangles indicate the root CRN for the group. b. All
three groups in a. plotted together. When a CRN belonged to all three root groups ( (’r’, ‘g’, ‘b’) =
(1,1,1) ), we colored the dots black instead of white for visualization. c. Parametric Robustness of
topologies on the basis of local symmetries. ‘Order’ implies the number of additional reactions on
top of the symmetric motif. ‘Full’ is the corresponding bin of the complete distribution of Paramet-
ric robustness for all CRNs. d. The second to fourth highest parametrically robust topologies from
left to right, with reaction signature and parametric robustness below. Note the mirror symmetry
across the molecule a. The right-most CRN will have an order 1.

58



Several CRNs with high parametric robustness have low state-vector robustness

CRNs are employed in signalling cascades for communicating information to perform various

computations. In this sense, bistable systems carry binary codes within their steady-state concen-

trations. To robustly ascertain the state at a decision point, multiple entities from the chemistry may

be measured simultaneously by the downstream reaction system. This can reduce absolute intrinsic

noise and differences across compartment volumes. However, bistable signaling systems face the

following challenge: the parameter space of reaction rates where the topology is bistable may be

large, but the relative concentrations of individual reacting moieties between the two steady-states

may change drastically as reaction-rates change. For example, consider the steady-state concentra-

tions for each of 3 reacting moieties at the two stable fixed points of a bistable system (Fig 2.5a).

If the concentration for a given moiety is larger for one of the fixed points, it is marked High (1)

and the other state is correspondingly marked Low (0). Thus, the configuration of the two stable

states in this example is 010 and its complement 001, where the molecule ’a’ does not show a

change between the two stable states (Fig 2.5a). However, a perturbation in reaction-rate param-

eters while retaining bistability, could add two more relative configurations, such as 011 and 101

(Fig 2.5b). We calculated the state-vector robustness as the sparsity of the number of such config-

urations (Methods). We show example configurations found on altering two rate parameters using

root CRNs of root groups VI, III and IV (Fig 2.5c). The distribution for relative concentration

robustness of all topologies is shown in Fig 2.5d. We noticed that there were several CRNs with

only one bistable configuration. Then we compared the parametric and state-vector robustness for

all CRNs (Fig 2.5e). We observed a slight negative correlation between state-vector and paramet-

ric robustness. This implied that there were several high parametrically robust topologies which

had many alternate relative steady-state configurations. Curiously, the parametrically highest CRN

(Fig 2.3b left) also had state-vector robustness = 1, which implies that there was a unique binary

steady-state configuration for all parameters tested. In summary, we noticed that there may be
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several high parameter robust CRNs with low state-vector robustness. This may pose a limitation

on their roles as signalling molecules, as although parametric fluctuations retain bistability, the

information-content in their concentrations may be lost.
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Figure 2.5: a. Deterministic simulation of the group VI root CRN in Fig. 2.3b (left), and the schema
used for calculating State-vector Robustness. High concentrations (for a given reactant) were la-
belled as 1 and low as zero, and a binary vector was generated. At 5000 s, the molecules of b and
c (and complexes) were swapped, so that the system switched to the second stable state, and at
10000s it was switched back, displaying its 2 different stable states. b. A schematic showing 3 dif-
ferent binary steady-state vectors at bistable fixed points as a function of variation of two different
rates. Each point in the graph is a unique configuration of reactants a, b and c, shown in the legend
(reactant colors in legend the same as in a). x in the binarized state-vector indicates that it did not
change across the two stable states for this pair of bistable states. c. The different configurations of
binary steady-state vectors for root group CRNs VI, III and IV (left to right) for variation of two
different reaction-rate parameters. Both x and y-axes are log10-scale. Both group III and IV show
two different configurations, while group VI shows only one configuration. d. Distribution of state-
vector robustness (I) across all topologies. Several topologies showed state-vector robustness of
1., ie., they retained the relative order in the concentration of molecules at their steady states when
swept through parameter space. e. The relation between parametric and state-vector robustness for
all CRNs has a slight inverse relationship.
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Noise Robustness

CRNs are often compartmentalized in biological systems, such as dendritic spines in small

volumes, with a relatively small (order of 10) number of molecules of a given type (copy num-

ber). Small copy numbers can lead to fluctuations also called intrinsic noise at steady-state con-

centrations. For bistable systems, this can lead to spontaneous state transitions between the two

stable fixed points, which implies a loss of memory, imprecise decisions, and general loss-of-

function (Bhalla, 2004c,a,b). We calculated the ability of CRNs to be resistant to intrinsic noise by

measuring the time they spend in a stable state before they spontaneously transition, also called res-

idence time. In Fig. 2.6b-e we show the stochastic time-series evolution of a model in Fig 2.6a, over

4 different volumes sampled logarithmically. The concentration of molecule b (in orange) can be

observed to stochastically relax to the two different fixed points. We ran the stochastic simulation

for each parameter set that was found to be bistable for each CRN for a period of 86400s for 10

trials each. An example simulation can be seen in Fig. 2.6f where we start the model in Fig 2.6a at

the same initial condition at volume 0.5 fL for 10 trials. The different residence times in the initial

state can be seen before the system relaxes to the other stable state. From these simulations, we

calculated a CRN’s Noise Robustness (N ) at a given volume, as the geometric mean of the average

residence times in either direction, averaged over all the different parameter combinations for that

CRN.

In Fig. 2.6g, we show the Noise robustness (N ) distribution for all CRNs (n=519) that had

positive Residence times at a volume of 0.5fL. The residence time distribution and hence the noise

robustness increases with volume, as the probability that the intrinsic noise causes state transitions

reduces. This also limited our ability to measure residence time distributions at larger volumes.

The change in N across volumes for a subset of topologies for which Ncould be calculated over

several volumes can be seen in Fig. 2.6h.
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No average correlation of noise robustness with structural and parametric robustness

Lastly, we compared the noise robustness with structural and parametric robustness for the

CRNs where we had all three measurements (Fig 2.6i). We found that structural and parametric

robustness had no average correlation with noise robustness. In summary, we found no average

correlation between the measured robustness to structural and parametric pertrubations and robust-

ness to intrinsic noise for CRNs.
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Figure 2.6: a. Representative CRN used to display stochastic simulations. b-e. Stochastic simula-
tion of model in Fig 2.6a at 4 different volumes (0.01fL, 0.1fL, 1fL and 10fL from left to right)
starting from the same initial concentrations and reaction rate parameters. Notice the decrease
in noise and reduction in the transition probability between fixed points. f. 10 different trials of
stochastic simulation of the model in Fig 2.6a at volume 0.5 fL. The residence time in each state
varies across trials. g. Distribution of first passage times (residence time) across all CRNs where
we could measure residence time at 0.5 fL. h. A subset of topologies from which we could cal-
culate residence time on at least 4 different volumes. i. The relationship between Structural and
Parametric robustness to Noise robustness. No average correlations were observed.

Discussion

We have compared different robustness properties of all bistable CRNs in the SWITCHES

database with ≤ 6 reactions between ≤ 3 molecules and 3 reactions between 4 molecules. We
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found that ~98% bistable CRNs had bistable subsets from one of 24 minimal bistable CRNs (or

root CRNs). Further, we found that simple mirror-symmetric CRNs had very high parametric

robustness. On average, we found that different forms of robustness had very little average corre-

lation between them with the exception of parametric & state-vector robustness; and structural &

parametric robustness) . However, we found that grouping them by their smallest bistable members

(or root CRNs) revealed a simple organization, where CRNs with similar root groups clustered to-

gether. It also revealed that the presence of a mirror-symmetric competing-autocatalytic network

(group VI) to a CRN correlated with both a high structural and high parametric robustness. Further,

the presence of multiple root CRNs meant higher structural robustness. It is important to note that

this doesn’t mean a higher propensity of the existence of bistable systems if they are composed

using these 24 root groups. However, if a CRN composed using many root groups turns out to

be bistable, it is likely to be robust to structural perturbations. Importantly, we observed a lack

of average pairwise correlation between noise and structural and noise and parametric robustness.

This implies, for example, that a CRN optimized for being robust to parametric variations might

not be able to retain steady-state concentrations in the face of intrinsic noise if compartmentalized

in a small volume. However, by grouping the CRNs based on their root groups, we observed that

certain root groups had a higher propensity for structural and parametric robustness.

Some bistable families are conducive to evolvability

(Ramakrishnan and Bhalla, 2008) suggested a relatedness of bistable CRNs to each other, and

that evolution could stumble upon bistable network structures with relative ease, the smallest with

just 2 chemical reactions between 3 reactants. This relatedness is relevant for both the emergence of

complexity and evolvability in complex CRNs. The addition of certain reactions to a CRN can lead

to additional control mechanisms for the CRN or an increase in the complexity of the reaction

system by adding newer dynamics while retaining the old ones. For instance, the system could

become tri- or n-stable to have multiple steady-state concentrations. This may be relevant, for

63



example, in the case of dendritic spines with membrane receptor concentrations of ligand-gated

ion channels. Structurally robust networks can enable such evolvability as they can retain the

dynamics of the smaller network in pockets of parameter space while acquiring newer dynamics.

On average, we observed that there was a weak correlation between structural and parametric

robustness. Thus, the constraints faced by a growing CRN may also partly alleviate some rigidity in

parameter space. However, classifying the CRNs by their minimal members (root CRNs) reveals

the fact that the members of root group VI show both high structural and exceptional parametric

robustness. To our knowledge, this is the first study to systematically shows that competitive-

autocatalytic feedback-loops are the best strategy for structural and parametric robustness in small

CRNs. This naturally leads us to an alternative interesting interpretation in the context of network

growth. Regardless of the mechanism of network growth over evolution, if the pre-existing network

is retained, it will contain one or more minimal subnetworks with appropriate dynamics for its

function. Now, the propensity of the addition of new edges or new nodes to the network would

depend on how conducive the previous network is to such addition, without disastrous effects on

its existing function. Thus, the existence of group VI CRNs functions as facilitators of network

expansion for bistable networks.

A general strategy for parametric robustness

An interesting feature of root group VI CRN is its mirror-symmetric mechanism. These struc-

turally symmetric competitive feedback-loops allow the CRN to expand slight asymmetries in rates

of reactions or concentrations on the two symmetric sides of the network into all-or-none steady-

states. Here, one of the two competing autocatalysts converts all the substrate and the other enzyme

to itself. Certain mirror-symmetric structures have been reported earlier in different systems and

have been termed reciprocal regulation. Here, a molecule can catalyze its formation, as well as

inhibit its inhibitor to lead to double-positive feedback and hence ultrasensitivity. For example
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CDK1–Cdc25–Wee1 system for mitotic cell-cycle transitions (Ferrell, 2008). Our mechanism is

greedy, implying a high sensitivity to concentration and rate asymmetry in the competing feed-

back loops. This implies that starting from the saddle, the bistable system quickly reaches the

steady-state magnifying any asymmetry in reaction rates or concentrations.

This strategy of competing autocatalytic loops is also relevant for enantioselective synthesis

in biological systems. Bistable systems have been proposed for a long time as chemical means

of abiogenic selection of L-type or D-type enantiomers observed in biological systems. Para-

metrically robust enantioselective mechanisms can sustain and allow for the creation of a variety

of different biomolecules by being resilient to substrate and enzyme alterations without losing

the bistable mechanism. Curiously, the group VI root CRN (Fig 2.4b) was proposed by (Frank,

1953) for the synthesis of pure enantiomeric (only L or only D-forms) from an achiral substrate and

later experimentally validated by the Soai reaction (Shibata et al., 1996). This mechanism can be

understood by considering a as the achiral precursor of the pure enantiomeric forms (b and c) of the

product, which catalyze their own formation (Fig. 2.4b). In this CRN, b and c react together to give

back 2 molecules of a. Note that this reaction network suggested for the generation of homochiral-

ity shows up as the top parametrically robust reaction system. This is an important consideration

for this mechanism, as this CRN is robust to the addition of new reactions, and members of the

group VI are bistable for a large volume of parameter space. Thus, once the enantiomers have been

synthesised asymmetrically, it is conducive to the addition of reaction to increase the enantiomeric

asymmetry without losing its bistable dynamics. (Viedma, 2005) proposed an alternative model

with cross-catalysis to generate back a, which surprisingly, shows up as our second highest para-

metrically robust topology shown in Fig. 2.4c (first from the left). It is worth noting that this CRN

is a mirror-duplication of our smallest possible bistable CRN across the axis through a (Fig 2.1c).

In the case of signaling pathways, another important consideration needs to be made. As reac-

tion networks change by either addition of new reactions or reacting molecules, or by changes in
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reaction rates of the system, the steady-state concentrations of molecules can change drastically.

This can make the robustness of otherwise parametrically robust CRNs not very useful if the con-

centrations of signaling molecules are meaningful and important for downstream networks. Due

to the greedy nature of the mutually-competitive autocatalytic-feedback loops strategy, the group

VI root CRN and similar CRNs maintained their relative binarized steady-state vectors.

Future directions

The next step would be to construct network growth models with increasing complexity while

retaining older dynamics. It would be interesting to see similar root groups for other dynamical

behaviours, such as oscillators, or chaotic systems, and also minimal chemical systems with multi-

ple dynamical behavior under different parameter regimes. Our work has taken an exhaustive map

of CRNs generated in (Ramakrishnan and Bhalla, 2008) and constructed a map of different kinds

of perturbations available to a bistable system. This map has proved to be valuable for compar-

ing alternate small CRN models for their robustness by revealing a neat grouping using minimal

CRNs called root groups. We also propose that this map can be used as a tool for composing robust

complex networks using root groups, and for designing simple switches with tunable properties in

synthetic biology.

Methods

Bistable CRN selection

Bistable CRNs were extracted from Searchable Web Interface for Topological CHEmical Switches

(SWITCHES, http://switches.ncbs.res.in), an online resource curated using the re-

sults of its parent publication (Ramakrishnan and Bhalla, 2008). SWITCHES contains ~7e5 chem-

ical kinetic models of 2-5 reactants with 35967 bistable models in cspace and SBML formats along

with their steady states. 3561 bistable CRNs were extracted from these bistable models. This is an
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exhaustive list of all bistable CRNs possible with up to 3 reactants and 6 reactions or 4 reactants

and 3 reactions.

Graph Generation

SBGN graphs (Novère et al., 2009) were generated for all CRNs using elementary chemi-

cal reactions depicted in Figure 2.1a. We used Python with the free graph visualization library

Graphviz (Ellson et al., 2001) and implemented a Cspace CRN graphing library to generate SBGN

graphs.

Simulations

All simulations were performed in the python with MOOSE (Ray et al., 2008). The steady-state

finding routine uses a deterministic simulation of the coupled chemical reaction differential equa-

tions using the rk4 integration method. The stochastic simulation was also performed in MOOSE,

which uses the Gillespie algorithm (Gillespie, 1977) to exactly simulate the chemical master equa-

tion to get the stationary distributions of state-space over time. Steady State Solving and Stochastic

simulations were done on 1000 cores in an array job on a cluster computing framework using Sun

Grid Engine (SGE), bash and Python.

Generating random models

Bistable CRNs selected from the SWITCHES database were populated with rates uniformly

from across 6 orders of magnitude. Since the number of dimensions across which the random

rates had to be sampled was typically large (between 4 and 12), an efficient sampling scheme

was utilized to sample the rates efficiently. We implemented a uniform sampling method called

Latin Hypercube Sampling with multi-dimensional uniformity (Moza, 2019; Deutsch and Deutsch,

2012). In this method, the parameter space is divided into strata by oversampling (5 times) using

a uniform sampling method. Then these grids are sorted, and the pairwise distances are calculated
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between all pairs of strata. This is followed by calculating the average distance of each stratum

with its neighbouring stratum. Finally, the stratum with the minimum average distance from other

strata is eliminated. This process is repeated until the required number of samples is reached. Real

numbers between consecutive strata are then sampled uniformly using conventional Monte Carlo

methods. This helps in maintaining reasonable uniformity of sampling in high dimensional space

that is not achievable using simple Monte Carlo methods. This implementation is publicly available

at https://github.com/sahilm89/lhsmdu. More details about the algorithm can be

found in (Deutsch and Deutsch, 2012). In this way, we sampled 2000 sets of random rates, with

two rates for each reaction in the CRN. For reversible reactions, this was forward (k1) and backward

(k−1) rates. For enzymatic reactions, although we sampledKm and kcat from the Michaelis Menten

formalism, they were internally converted in MOOSE into mass-action formalism, with 4k−1 =

k2 = 4kcat and Km = k−1+k2
k1

.

Finding steady states

We used the steady-state solver in MOOSE to find steady-states for these models, which uses

time-course analysis in conjunction with linearization around the fixed point to find and assess the

dynamical behavior of steady-states. We systematically swept across the initial condition space

by random, stoichiometrically-constrained jumps and found steady states. Then the algorithm

analyzed the stability of the fixed points found based on the signs of the eigenvalues of the Jacobian

matrix. While this process does not guarantee that all possible fixed points will be found, it is faster

than other algorithms (Ramakrishnan and Bhalla, 2008). We started from 1000 different initial

conditions to get a list of steady states for each model. This process was repeated for all 2000

random rates for the topology.
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Classifying bistables

We clustered the steady states obtained from above into one or points to classify a model as

bistable if there were exactly two clusters found. We used to the following element-wise distance

measure for this classification:

Di =
|ai − a′i|
ai + a′i + θ

(2.1)

ai is the concentration of the entity at the ith index in the steady-state vector being tested for

similarity against a′i, the corresponding concentration in the running-average solution vector(s), θ

is the offset = 1e-3, and where Di is the element-wise distance of the ithentity. The offset θ avoids

divisions by zero. If all the elements of the solution vector fall under 5% tolerance, the vectors

are considered identical. If this process yields two sets of solutions at the end, the model is called

bistable.

Subnetwork counting

To count the subnetworks, we first took the reaction signatures for the CRN and created all pos-

sible combinations of the reactions, keeping the relative connections between reactants constant.

For example, the CRN from Fig 2.2b, |DabX|DacX|Fabc| would have the following combi-

natorial subnetworks: {|DabX|, |DacX|, |Fabc|, |DabX|DacX|, |DabX|Fabc|, |DacX|Fabc|}.

Also, for some reversible reactions, certain node labels can be permuted without loss of relative

relations between reactants. For example, reactants a and b can be permuted in signature |AabX| to

give|AbaX| without changing the meaning of the reaction. This is also true for permutations of

molecules b and c in reactions |Eabc|, |Fabc| and |Kabc|. We performed these permutations at the

second step to generate the set of all subnetworks. Lastly, the node labels were globally permuted,

i.e., all possible permutations of the reactant label set {a, b, c, d} were done to generate the final
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subnetwork set for each CRN. Then, for each topology, we compared these subnetworks against

bistable CRNs and counted the exact matches.

Structural Robustness

We quantified Structural Robustness (S) as the number of subnetworks of the CRN that were

bistable normalized to the total number of subnetworks.

S =
b

t
(2.2)

where b is the total number of subnetworks that are bistable, and t is the total number of

subnetworks in the topology. We utilized the string-based string-based (Cspace) format of the

CRN for counting subnetworks, as explained above.

Symmetry analysis

The node label permutations mentioned above were also used for symmetry analysis. We mea-

sured the subnetworks for a given CRN that were independent, but identical to each other. If these

subnetworks were sufficient to construct the entire CRN, the CRN was called globally symmetric.

36 such CRNs were found. If other reactions besides the identical independent subnetworks were

required to constitute the CRN, the network was called locally symmetric, and the number of reac-

tions that needed to be added were called the order of the CRN. Yet other CRNs had no symmetry

at all.

Parametric Robustness

Parametric Robustness, P was quantified as the fraction of the n-dimensional volume of the

bistable parameter space. It was calculated as the fraction of the total number of random parameter
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models for a given topology that were bistable normalized by raising to the power of 1/number of

parameters.

P =
D

√
b

T
(2.3)

where b = Number of bistable parameter sets, T = Total number parameter sets, and D =

Number of parameters in CRN.

State-vector Robustness

We listed all distinct steady-state vectors from the stable solutions found for each CRN. We then

calculated the element-wise difference between the two stable states α1 and α2. If the concentration

difference between the two followed equation (4), the concentrations were considered identical. If

not, we applied the Heaviside function, H elementwise (�) to the difference to get an ordered

binary vector~b (equation 5).

|α1 − α2| ≤ tolabs + tolrel ×max(α1, α2) (2.4)

with tol{abs}= 1e-9 and tol{rel}=1e-6.

~b = H � ( ~α1 − ~α2) (2.5)

where the Heaviside function is defined as:
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H(x) =


0 n < 0

1 n ≥ 0

Then we listed the set of all binary vectors B = {bi} with cardinality L = |B|. State-vector

Robustness (I) was quantified as the number of distinct binary vectors that exist in the space of all

possible steady states for the CRNs.

I = 1− log2L

d
(2.6)

where I = State-vector robustness, and L = Total number of distinct binary vectors in the steady

states of a CRN, d = dimention of~b.

Noise Robustness

Noise robustness for a bistable model at a given volume is quantified as the geometric mean of

the average time spent in the basins of the two stable fixed points before the system switches to the

other fixed point due to statistical fluctuations. The time spent before the transition in each state

is called the Residence Time (RT) (Curtin et al., 2004), or Kramers’ time (Kramers, 1940). For a

CRN, the Noise robustness was averaged over all parametrized models.

N =
B∑ √

RT forward ×RT backward
numB

(2.7)

where, B = Across all bistable models

numB = Number of bistable models

RT = Residence Time
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Forward and Backward Kramers’ times RT forward and RT backward for a given volume were

calculated by starting off a stochastic simulation using Gillespie’s exact stochastic simulation algo-

rithm (Gillespie, 1977) and measuring before a state transition. We started off all simulations from

a saddle point to measure the relaxation times to the stable states for other calculations, which

can then be used to normalize the residence times. We measured transitions using a cutoff on the

continuously calculated element-wise distance between the measured stochastic state vector, and

two deterministic fixed points using Equation 1 with θ = 1e-1. This was then repeated for various

volumes from 1e-21 m3 to 1.024 e-18 m3 in 10 logarithmic steps of base 2, with a simulation time

of 1 day (86400 seconds), or until a spontaneous transition happened. The whole run was repeated

50 times.

Removing stuck states

In some CRNs with irreversible reactions, all gradients and all but one concentration can be-

come zero, called a “stuck” state. Once the system achieves this state, it is not possible to escape

from it with intrinsic fluctuations, because all transition probabilities are zero which leads to a

no-noise state. Thus, before running stochastic simulations, the continuous fixed point vectors (in

concentrations units) were converted into discrete molecule counts at 100 fL. If there were mod-

els whose steady states had less than 2 non-zero elements in their state vector, they were labelled

“stuck” and were omitted from stochastic simulation and further analysis.
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Table 2.1: Root groups

Label Root
I |DabX |Jbca |
II |AabX |DacX |Fabc |
III |CabX |DacX |Fabc |
IV |DabX |DbcX |Fabc |
V |AabX |DabX |Fabc |
VI |DabX |DacX |Fabc |
VII |AabX |Fabc |Jbca |
VIII |AabX |CacX |Fabc |
IX |AabX |DacX |DcbX |Jbca |
X |AabX |DabX |DacX |DcbX |
XI |AabX |DacX |Fbac |Jbca |
XII |AabX |CabX |DacX |DcbX |
XIII |AabX |CacX |DabX |Jcba |
XIV |AabX |CacX |Jbca |Jcba |
XV |AabX |BacX |Jbca |
XVI |CabX |DacX |DcbX |Fbac |Jbca |
XVII |CabX |CbaX |DacX |DcbX |Jbca |
XVIII |CabX |DacX |DcbX |Jabc |Jbca |
XIX |CabX |DacX |DcbX |Fcab |Jbca |
XX |AabX |CcaX |DbaX |DcbX |Jabc |
XXI |AabX |BcaX |DabX |Hcba |
XXII |AabX |CabX |CacX |DcbX |Jbca |
XXIII |AabX |AacX |CbaX |DacX |Jbca |
XXIV |BabX |BacX |DbcX |Hacb |
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Supplementary Figures

Figure 2.7: The relationship between the Structural Robustness for a topology, with the fraction of
occurrence of a given reaction type within the topology. None of the reactions shows a strong cor-
relation with structural robustness, suggesting that different structures may be required for different
topologies to increase Structural Robustness.

Figure 2.8: Taken from Ramakrishnan and Bhalla (2008, doi: https://doi.org/10.1371/
journal.pcbi.1000122). This figure shows the relatedness (edges) between the different
CRNs (nodes) and their propensity to be bistable (node colors). Different layers denote different
dimensionalities (labelled on the left) of the CRNs. Nodes without any edges coming from bottom
(smaller dimensionality) are the 80 root CRNs. This includes both 56 orphan nodes (stacked on
the left), and the 24 root group CRNs.
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Figure 2.9: Distribution of structural robustness of CRNs organized by root groups. Group V and
VI have the highest median structural robustness followed by Group VII. Group V and VI had
about 30% members common to both the root groups.
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Figure 2.10: A comparison of parametric robustness of CRNs with the root mean square distance
between all the saddle points (bistable thresholds) belonging to each CRNs.
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Non bistable topologies

Bistable topologies
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Figure 2.11: A few examples of bistable and non-bistable CRNs along with their reaction signa-
tures.
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Chapter 3

Precise excitation-inhibition balance controls

gain and timing in the hippocampus

In this chapter I discuss the observation of precise excitation-inhibition balance and subthresh-

old divisive normalization in the feed-forward inhibitory circuit of hippocampal CA3-CA1. The

manuscript was published in eLife, which is an open access journal. It has been directly attached

as a chapter for this thesis. This work was jointly conceptualized by the authors. Aanchal Bhatia

and I are the co-first authors. Aanchal did the experiments and I did the theoretical modeling and

the data analysis for this paper.
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Precise excitation-inhibition balance
controls gain and timing in the
hippocampus
Aanchal Bhatia, Sahil Moza, Upinder Singh Bhalla*
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Bangalore, India

Abstract Excitation-inhibition (EI) balance controls excitability, dynamic range, and input gating

in many brain circuits. Subsets of synaptic input can be selected or ’gated’ by precise modulation of

finely tuned EI balance, but assessing the granularity of EI balance requires combinatorial analysis

of excitatory and inhibitory inputs. Using patterned optogenetic stimulation of mouse hippocampal

CA3 neurons, we show that hundreds of unique CA3 input combinations recruit excitation and

inhibition with a nearly identical ratio, demonstrating precise EI balance at the hippocampus.

Crucially, the delay between excitation and inhibition decreases as excitatory input increases from a

few synapses to tens of synapses. This creates a dynamic millisecond-range window for

postsynaptic excitation, controlling membrane depolarization amplitude and timing via

subthreshold divisive normalization. We suggest that this combination of precise EI balance and

dynamic EI delays forms a general mechanism for millisecond-range input gating and subthreshold

gain control in feedforward networks.

DOI: https://doi.org/10.7554/eLife.43415.001

Introduction
Individual neurons in the brain can receive tens of thousands of excitatory (E) and inhibitory (I) synap-

tic inputs. Under normal conditions, the ratio of excitatory to inhibitory input remains invariant, a

robust property of the nervous system, termed EI balance (Anderson et al., 2000; Atallah and Scan-

ziani, 2009; Okun and Lampl, 2008; Okun and Lampl, 2009; Wehr and Zador, 2003). Disruption

of balance is linked with several pathologies, including epilepsy, autism spectrum disorders and

schizophrenia (Yizhar et al., 2011).

Theoretically, neurons in ‘detailed balanced’ EI networks receive balanced responses from all sub-

sets of presynaptic inputs (Vogels and Abbott, 2009), and neurons in ‘tightly balanced’ EI networks

receive inputs balanced at fast (<10 ms) timescales (Denève and Machens, 2016). Together, these

properties constitute a ‘precisely balanced’ network (Hennequin et al., 2017). This precise balance

on all synaptic subsets can be exploited by the brain for ‘input gating’. In this process, neurons can

be driven by selective shifts in EI ratios at specific inputs, while other inputs remain balanced in the

background. This constitutes a flexible and instantaneous information channel local to the shifted

synapses (Kremkow et al., 2010; Vogels and Abbott, 2009).

Our current understanding of EI balance is based on measurements made at single neurons in

response to various stimuli. Strong EI correlations have been seen in response to series of tones in

auditory cortex (Wehr and Zador, 2003; Zhang et al., 2003; Zhou et al., 2014), whisker stimulation

in somatosensory cortex (Wilent and Contreras, 2005), during cortical up states in vitro (Shu et al.,

2003) and in vivo (Haider et al., 2006), during gamma oscillations in vitro and in vivo (Atallah and

Scanziani, 2009), and during spontaneous activity (Okun and Lampl, 2008). At the synaptic scale,

the ratio of excitatory and inhibitory synapses on various dendrites of a neuron has been shown to
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be conserved (Iascone et al., 2018). However, the precision and presynaptic origin of balance is not

well understood. It remains to be established if EI balance arises transiently from complex temporal

dynamics of several presynaptic layers, if it requires summation of inputs from multiple presynaptic

populations, or if it exists even at subsets of a single presynaptic population. This granularity of EI

balance, of both presynaptic identity and number of inputs, can determine the precision with which

synaptic inputs can be selected or ‘independently gated’ to affect postsynaptic activity.

In this study, we address two key open questions in the field. First, can EI balance arise even in a

single layer feedforward network, and if so, at what granularity of network subsets do postsynaptic

cells experience balanced excitation and inhibition? Second, how do excitation and inhibition inte-

grate to encode and communicate information at the postsynaptic neuron? We addressed these

questions in vitro, to isolate the hippocampal network from background activity, and to deliver pre-

cisely controlled combinatorial stimuli. We stimulated channelrhodopsin-2 (ChR2) expressing CA3

neurons in several combinations using optical patterns, and measured responses in CA1.

We report that hundreds of randomly chosen subsets of CA3 neurons provide excitatory and

feedforward inhibitory inputs to CA1 cells with a close to identical ratio, demonstrating for the first

time, precise balance (Hennequin et al., 2017) in the brain. On examining the integration of excita-

tion and feedforward inhibition, we found that inhibition arrives with a dynamically varying onset

delay that decreases with increasing input amplitude. This leads to a characteristic initial linear por-

tion in the neuronal input-output curve where the inhibition arrives too late to affect peak depolari-

zation, and a progressively diminishing output as the EI delay decreases with increasing input. This

novel gain control operation, termed Subthreshold Divisive Normalization (SDN) encodes input infor-

mation in both amplitude and timing of the CA1 response.

Results
In our study, we first utilize and characterize an optical stimulation protocol for CA3 pyramidal neu-

rons, and measure intracellular responses at CA1 pyramidal neurons (Figure 1). We then demon-

strate precise EI balance for various combinations of CA3 inputs at CA1 using voltage clamp to

separate the E and I components (Figure 2). Next, we measure the depolarization at CA1 due to

summation of E and I using different input combinations (Figure 3), and show sublinearity of summa-

tion. Expansion of the range of inputs revealed divisive normalization and suggested that another

factor such as inhibitory kinetics should be included to account for the sublinearity (Figure 4). In Fig-

ure 5, we confirm that blocking inhibition leads to much reduced sublinearity of summation, and

that inhibition scales linearly with stimulus amplitude. We then establish that inhibitory delay is cru-

cial for explaining the sublinearity in SDN (Figure 6). In Figure 7, we show that post-synaptic poten-

tial peak amplitude and timing both carry information about the summed stimulus amplitude, and

show that this information carries over to spike timing. In Figure 8, we summarize the analysis and

suggest how SDN could contribute to input gating in the hippocampus.

Optical stimuli at CA3 elicit subthreshold responses at CA1
To provide a wide range of non-overlapping stimuli, we projected patterned optical stimuli onto

channelrhodopsin-2 (ChR2) expressing CA3 neurons in acute hippocampal slices. We used CA3-cre

mice to achieve CA3-specific localization of ChR2 upon injection of a Lox-ChR2 virus (Figure 1a,

Materials and methods). We used a Digital Micromirror Device (DMD) projector

(Materials and methods, Figure 1—figure supplement 1) to generate spatiotemporal optical pat-

terns in the form of a grid of several 16 um x 16 um squares, each square approximating the size of

a CA3 soma (Ishizuka et al., 1995) (Figure 1d). This grid was centered at the CA3 cell body layer,

and extended to the dendritic layer (Figure 1a). Each optical pattern consisted of 1 to 9 such ran-

domly chosen grid squares, presented to CA3 cells as stimulus, at an inter-stimulus interval of 3 s

(Figure 1a,d, Materials and methods). In a typical experiment, several randomly chosen stimulus pat-

terns with different number of input squares were delivered to CA3, in three successive repeats. We

first characterized how CA3 responded to the grid stimulation (Figure 1b,e,f,g). CA3 neurons fired

reliably with a < 2 ms jitter, calculated as the standard deviation of the time of first spike (Figure 1f)

(n = 8 CA3 cells, inputs = 52, median = 0.44 ms, N = 1 to 9 squares). No desensitization occurred

during the timeframe of an experiment, and the probability of spiking remained constant between
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Figure 1. Stimulating CA3-CA1 network with hundreds of optical patterns. (a) Top, schematic of the CA3-CA1 circuit with direct excitation and

feedforward inhibition. Bottom, image of a hippocampus slice expressing ChR2-tdTomato (red) in CA3 in a Cre-dependent manner. Optical stimulation

grid (not drawn to scale) was centered at the CA3 cell body layer and CA1 neurons were patched. (b) Spike response map of CA3 neuron responses

with one grid square active at a time. A CA3 neuron was patched and optically stimulated, in random spatio-temporal order, on the grid locations

marked with grey border. This cell spiked (marked with number inside representing spike counts over four trials) in 5 out of 24 such one square stimuli

delivered. (c) Heatmap of CA1 responses while CA3 neurons were stimulated with one square optical stimuli. Colormap represents peak Vm change

averaged over three repeats. (d) Schematic of optical stimulus patterns. Examples of combinations of N-square stimuli where N could be 1, 2, 3, 5, 7 or

9 (in rows). (e) Spikes in response to four repeats for the circled square, in b. Spike times are marked with a black tick, showing variability in evoked

peak times. Blue trace at the bottom represents photodiode measurement of the stimulus duration. Scale bar for time, same as h. (f) Distribution of

jitter in spike timing (SD) for all stimuli for all CA3 cells (n = 8 cells). (g) CA3 spiking probability (fraction of times a neuron spiked across 24 stimuli,

repeated thrice) is consistent over a single recording session. Randomization of the stimulus pattern prevented ChR2 desensitization. Circles, colored as

in d depict spiking probability on each repeat of a stimulus set with connecting lines tracking three repeats of the set (n = 7 cells). (h) PSPs in response

to three repeats of the circled square in c. Peak times are marked with an asterisk. Blue traces at the bottom represent corresponding photodiode

traces for the stimulus duration. (i) Distribution of peak PSP amplitude variability (variance/mean) for all 1-square responses (n = 28 cells, stimuli = 695).

(j) Histogram of peak amplitudes of all PSPs elicited by all 1-square stimuli, over all CA1 cells. Grey dotted line marks the mode (n = 38 cells,

trials = 8845).

DOI: https://doi.org/10.7554/eLife.43415.002

The following figure supplement is available for figure 1:

Figure supplement 1. Experiment design.

Figure 1 continued on next page
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the three repeats (Figure 1g) (n = 7 CA3 cells, N = 1 to 9 squares). Thus, we could stimulate CA3

with hundreds of distinct optical stimuli in each experiment.

We then recorded postsynaptic potentials (PSPs) evoked at patched CA1 neurons while optically

stimulating CA3 cells (Figure 1c,h,i,j). A wide range of stimulus positions in CA3 excited CA1 neu-

rons (Figure 1c). Stimulation of CA3 elicited excitation and feedforward inhibition at CA1

(Figure 1a, Figure 2). Most stimuli elicited subthreshold responses (N = 1 to 9 squares). Action

potentials occurred in only 0.98% of trials (183 out of 18,668 trials, n = 38 cells, N = 1 to 9 squares).

This helped rule out any significant feedback inhibition from CA1 interneurons for all our experi-

ments. Restriction of ChR2 to CA3 pyramidal cells, coupled with the fact that ~99% of all recorded

CA1 responses were subthreshold, ensured that the recorded inhibition was largely feedforward

(disynaptic) (Figure 1a). Responses to the same 1-square stimulus were consistent, 84.74%

responses showed less than 0.5 variance by mean (695 stimuli, three repeats each, n = 28 cells,

N = 1 square) (Figure 1i). Notably, the distribution of all one square responses had a mode at 0.25

mV, which is close to previous reports of a 0.2 mV somatic response of single synapses in CA1 neu-

rons (Magee and Cook, 2000) (8845 trials, n = 38 cells, N = 1 square) (Figure 1j).

Arbitrarily chosen CA3 inputs show precise EI balance at CA1
To examine the relationship between excitation and inhibition, we voltage clamped CA1 neurons,

first at the inhibitory (�70 mV) and then at the excitatory (0 mV) reversal potential to record Excit-

atory and Inhibitory Post Synaptic Currents (EPSCs and IPSCs) respectively. We first presented five

different patterns of 5 squares each, at both of these potentials, and recorded EPSCs and IPSCs. We

found strong proportionality between excitation and inhibition for every stimulus pattern

(Figures 1d and 2a). This suggested that inputs from even random groups of CA3 neurons may be

balanced at CA1. Repeats with the same stimulus pattern gave consistent responses, but different

patterns evoked different responses (Figure 2a, Figure 2—figure supplement 1b). This indicated

that the optically driven stimuli were able to reliably activate different subsets of synaptic inputs on

the target neuron. Next, we asked, in what range of input strengths does random input yield bal-

ance? We presented five different patterns for each of 1, 2, 3, 5, 7 or 9 square combinations at both

recording potentials. Surprisingly, all stimuli to a cell elicited excitatory and inhibitory responses in

the same ratio, irrespective of response amplitude (Figure 2b,c) (n = 13 CA1 cells, area under curve,

mean R2 = 0.89 + /- 0.06 SD, Figure 2—figure supplement 2). Notably, the mode of single-square

responses was ~0.25 mV, close to single synapse PSP estimates (Magee and Cook, 2000)

(Figure 1j). However, accounting for the low (~0.2) release probabilities (Pr) at the CA3-CA1 synapse

(Murthy et al., 1997), we should be able to see a single synapse response if approximately 1/Pr syn-

apses were activated. Hence, we estimate that the granularity of the balance as resolved by our

method is of the order of 5–10 synapses (Figure 2—figure supplement 1d,e). The slope of the

regression line through all stimulus-averaged responses for a CA1 cell was used to calculate the Inhi-

bition/Excitation (I/E) ratio for the cell. IPSC/EPSC ratio was typically between 2 and 5

(Figure 2d). The variability of I/E ratios over all stimuli for a cell was lower than the variability of all

stimuli across cells (for 12 out of 13 cells, Figure 2—figure supplement 1c). The high R2 values for

all cells showed tight proportionality for all stimuli (Figure 2e). The residual distribution remained

symmetric for increasing numbers of spots, again showing that they were not affected by the num-

ber of stimulus squares presented (Figure 2—figure supplement 1a). While feedforward inhibition

is expected to increase with excitation, convergence of I/E ratios for randomly chosen inputs to a

cell to a single number was unexpected, since shared interneurons consist of only about 10% of the

total neuronal population (Woodson et al., 1989; Bezaire and Soltesz, 2013).

Detailed balance requires co-tuning of EI weights
We next tested the hypothesis that the observed correlation between excitatory and inhibitory

inputs was due to an averaged sum over many untuned (globally balanced) synapses, as opposed to

a much finer granularity of tuning between excitatory and inhibitory synaptic weights (detailed

Figure 1 continued

DOI: https://doi.org/10.7554/eLife.43415.003
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balance). To address this, we modelled excitatory and inhibitory synaptic weights to a neuron with

different amounts of weight tuning, parameterized by rho (�), which takes values between 0 (no tun-

ing or global balance) and 1 (detailed balance) (Materials and methods, Figure 2—figure supple-

ment 1h). For values between 0 and 1, � determined the degree of correlation between the basal

excitatory and inhibitory synaptic weights. To test if weight tuning was necessary to observe balance,
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Figure 2. Excitation and inhibition are tightly balanced for all stimuli to a CA1 cell. (a) Monosynaptic excitatory postsynaptic currents (EPSCs, at �70

mV) and disynaptic inhibitory postsynaptic currents (IPSCs, at 0 mV) in response to five different stimulus combinations of 5 squares each. All

combinations show proportional excitatory and inhibitory currents over six repeats. Top, schematic of 5-square stimuli. (b) EPSCs and IPSCs are elicited

with the same I/E ratio in response to six repeats of a combination, and across six different stimuli from 1 square to nine squares, for the same cell as in

a. Top, schematic of the stimuli. (c) Area under the curve for EPSC and IPSC responses, obtained by averaging over six repeats, plotted against each

other for all stimuli to the cell in a, b. Error bars are s.d. (d) Summary of I/E ratios for all cells (n = 13 cells). (e) Summary for all cells of R2 values of linear

regression fits through all points. Note that 11 out of 13 cells had R2 greater than 0.9, implying strong proportionality. (f) Same as e, but with linear

regression fits for 1 and 2 square responses, showing that even small number of synapses are balanced for excitation and inhibition (n = 9 cells). (g)

Phase plot from the model showing how tuning of synapses (�) affects observation of EI balance (R2) for various values of variance/mean of the basal

weight distribution. Changing the scale of the basal synaptic weight distributions against tuning parameter � affects goodness of EI balance fits. Arrow

indicates where our observed synaptic weight distribution lay. (h) Example of EI correlations (from data) for 1 and 2 square inputs for an example cell.

Bottom, schematic of the stimuli. Excitation and inhibition are colored olive and purple, respectively. Error bars are s.d. (i) Examples of EI correlation

(from model) for small number of synapses, from the row marked with arrow in g. The left and right curves show low and high correlations in mean

amplitude when EI synapses are untuned (� = 0) and tuned respectively (� = 1) (A.U. = Arbitrary Units). Colors, same as h. Error bars are s.d.

DOI: https://doi.org/10.7554/eLife.43415.004

The following figure supplements are available for figure 2:

Figure supplement 1. Detailed balance in CA3-CA1 feedforward network.

DOI: https://doi.org/10.7554/eLife.43415.006

Figure supplement 2. Raw data from all cells showing precise balance between excitation and inhibition.

DOI: https://doi.org/10.7554/eLife.43415.005
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we modeled the summation of synaptic inputs with the premise that excitatory and inhibitory affer-

ents will be activated strictly proportionally (number balance). We then tested how mean and vari-

ance correlations between EI amplitudes changed with different degrees of weight tuning.

We observed tight correlations between EI inputs without weight tuning, but only if the basal syn-

aptic weight distribution was narrow. Further, for a narrow weight distribution, the change from

global to detailed balance had little effect on mean EI amplitude correlations. In contrast, weight

tuning was required to see EI balance for wider synaptic weight distributions, especially for stimuli

which activated small numbers of synapses (Figure 2g). We next calculated the width of the smallest

responses (1-square GABAzine EPSP) as a proxy for the basal weight distribution (Figure 3—figure

supplement 1a). The observed responses were broadly distributed. With this basal weight distribu-

tion, the model exhibited EI balance only when the excitatory and inhibitory synaptic weights were

co-tuned, that is, maintained at the same ratio (marked with arrow in Figure 2g,

Materials and methods, Figure 2—figure supplement 1h).

With the reasoning developed above, we checked for EI balance in the smallest inputs in our

datasets - 1 and 2 square data from voltage clamped cells (having five or more input patterns per

cell) (Figure 2—figure supplement 1d), and only one square from current clamped cells (24 inputs

per cell) (Figure 2—figure supplement 1e,f). We found that the responses corresponding to a few

synapses per input were balanced (Figures 1j and 2f,h, Figure 2—figure supplement 1d,e,f), sug-

gesting tuning of excitatory and inhibitory weights.

In addition, the model also predicted a tuning dependent change in the correlations of variability

of excitation and inhibition amplitudes for repeats of the same stimulus. For a wide synaptic weight

distribution, increase in tuning increased EI variability correlations (Figure 2—figure supplement 1i,

k). As with EI mean correlations (Figure 2h,i), weight tuning had little effect in the case of narrow

synaptic weight distributions. Again, our calculated synaptic weight distribution was in the range

where strong variability correlations would be seen only if synaptic weights were tuned. We found

strong correlations between excitatory and inhibitory standard deviation between six repeats of the

same stimulus in our voltage-clamp dataset, suggesting that there is detailed balance in the network

(Figure 2—figure supplement 1g,j).

Thus, we present three observations using small (one and two square) stimulus strengths: a wide

basal weight distribution, correlated mean EI amplitude and correlated EI amplitude variability.

Together, these are inconsistent with the hypothesis that EI balance can emerge with no other

requirement than a proportional increase in number of EI afferents in a globally balanced network.

This supports the existence of weight tuning and hence detailed balance in the CA3-CA1 network.

Overall, we found stimulus-invariant proportionality of excitation and inhibition for any randomly

selected input, over a large range of stimulus strengths from a single presynaptic network. In addi-

tion to detailed balance, we show below that there is tight balance, that is the timing of the bal-

anced feedforward inhibition was within a few milliseconds of the excitation (Figure 6g,h). Thus, we

concluded that the CA3-CA1 circuit exhibits precise (both detailed and tight) balance

(Hennequin et al., 2017).

Combinatorial CA3 inputs sum sublinearly at CA1
We next asked how CA3 inputs, that lead to balanced excitatory and feedforward inhibitory conduc-

tances, transform into membrane potential change at CA1 neurons. Based on anatomical studies,

CA3 projections are likely to arrive in a distributed manner over a wide region of the dendritic tree

of CA1 pyramidal neuron (Ishizuka et al., 1990) (Figure 3a). While pairwise summation at CA1 has

been shown to be largely linear in absence of inhibition (Cash and Yuste, 1999), the degree of het-

erogeneity of summation in response to spatially distributed excitatory and inhibitory synaptic inputs

is not well understood (except, see Lovett-Barron et al., 2012) . To avoid biases that may arise

from a single response measure during input integration (Poirazi et al., 2003), we examined PSPs

using four different measures (Figure 3c). These were peak amplitude, area under curve (AUC), aver-

age membrane potential and area under curve till peak (Figure 3c).

We looked at input integration by presenting stimulus sets of 5 input squares to a given cell, with

each stimulus set ranging from 24 to 225 combinations of inputs. We initially tested the center of

our range of 1–9 squares (5-square inputs) before expanding the dataset to the full range (Figure 4).

We also recorded the responses to all squares of the grid individually (one square input). The one

square PSP peak response amplitude with inhibition intact (control) was not distinguishable from
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that with inhibition blocked (GABAzine) (Materials and methods, Figure 3—figure supplement 1a).

As analyzed below (Figure 6), we find that the apparent lack of effect of GABAzine for very small

inputs is because inhibition arrives with a delay that does not affect the peak response of the neuron

(Video 1). Since individual neurons may be targeted by more than one grid square (Figure 1b), indi-

vidual spots are not completely independent and may interact, especially given the spread in the

CA3 pyramidal neuronal arbour. Our analyses show that this interaction does not have a strong or

unidirectional effect on the responses of the combinations of squares (Figure 4—figure supplement

1, Figure 5b,d). The ‘observed’ response for a given square combination was plotted against the

‘expected’ response, obtained by linearly summing 1-square responses constituting that combina-

tion (Figure 3b,d). Perfectly linear summation would imply that a multi-square combination of inputs

would elicit the same response as the sum of the responses to the individual squares (dotted line,

Figure 3d). Figure 3e shows responses of a single cell stimulated with 126 distinct 5-square combi-

nations. The ‘observed’ response was sublinear as compared to the ‘expected’ summed response,

50ms

V
m

1

k
a

e
p

m
V

Area under

curve

Mean Vm

A
re

a
 t

o
 p

e
a
kba c

d e

f g

+ + + + =

Linear

Sublinear

Supralinear

Su
pr

al
in
ea

r

Su
bl
in
ea

r

( )
Expected (Linear) sum

O
b

s
e

rv
e

d

0 5 10
0.0

2.5

5.0

7.5

10.0

12.5

0.0 0.2 0.4

0.0

0.2

0.4

0 2 4

0

2

4

0.00 0.05 0.10 0.15
0.0

0.1

Expected sum

O
b

s
e
rv

e
d

0.0 0.5 1.0

Slopes

0

2

4

6

#
 c

e
lls

0 1 2

Observed/Expected

0

100

200

300

#
 P

S
P

s

Figure 3. Excitatory and feed-forward inhibitory inputs from CA3 integrate sublinearly at CA1. (a) Schematic of a neuron receiving synaptic input

distributed over its dendritic tree. (b) Schematic of input integration. Top, five 1-square stimuli presented individually, and a single 5-square stimulus

comprising of the same squares. Bottom, PSPs elicited as a response to these stimuli. 5-square PSP can be larger (supralinear, orange), equal to (linear,

black), or smaller (sublinear, grey) than the sum of the single square PSPs. (c) A PSP trace marked with the four measures used for further calculations.

PSP peak, PSP area, area to peak and mean voltage are indicated. (d) Schematic of the input integration plot. Each circle represents response to one

stimulus combination. ‘Observed’ (true response of 5 square stimulation) on Y-axis and ‘Expected’ (linear sum of 1 square responses) is on X-axis. (e)

Most responses for a given cell show sublinear summation for a 5-square stimulus. The four panels show sublinear responses for four different measures

(mentioned in c) for the same cell. The grey dotted line is the regression line and the slope of the line is the scaling factor for the responses for that

cell. For peak (mV), area (mV.ms), average (mV), and area to peak (mV.ms); slope = 0.27, 0.23, 0.23, 0.18; R2 0.57, 0.46, 0.46, 0.26, respectively. The

responses to AUC and average are similar because of the similarity in the nature of the measure. (f) Distribution of Observed/Expected ratio of peaks of

all responses for all 5-square stimuli (mean = 0.57, s.d. = 0.31), from all recorded cells pooled. 93.35% responses to 5-square stimuli were sublinear

(2513 PSPs, n = 33 cells). (g) Distribution of slopes for peak amplitude of 5-square stimuli (mean = 0.38, s.d. = 0.22). Regression lines for all cells show

that all cells display sublinear (<1 slope) summation (n = 33 cells).

DOI: https://doi.org/10.7554/eLife.43415.007

The following figure supplement is available for figure 3:

Figure supplement 1. Summation at CA3-CA1 network is sublinear.

DOI: https://doi.org/10.7554/eLife.43415.008
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for most stimuli (Figure 3e). For all the four measures in Figure 3c, CA3 inputs summed sublinearly

at CA1 (Figure 3e,g, Figure 3—figure supplement 1c). At this point, we hypothesised that the

observed sublinearity might mostly be due to inhibition divisively scaling excitation, since excitatory

and inhibitory conductances were proportional for all stimuli (Figure 2). We later tested this hypoth-

esis by blocking inhibition (Figure 5). For all responses measured over all cells, 93.35% responses

were individually sublinear, with distribution having mean 0.57 ± 0.31 (SD) (Figure 3f, Figure 3—fig-

ure supplement 1d). The slope of the regression line, which indicated the extent of sublinearity, var-

ied between cells, with mean 0.38 ± 0.22 (SD) (n = 33 cells) (Figure 3g).

Thus, we found that the CA3-CA1 network exhibits sublinear summation over a large number of

inputs.

CA3-CA1 network performs Subthreshold Divisive Normalization
We then tested how summation sublinearity scaled with a larger range of inputs. We noted that non-

linear functions can be observed better with a large range of inputs (Poirazi et al., 2003), and there-

fore increased the stimulus range (Figure 4—figure supplement 2). GABAergic inhibition has been

shown to be responsible for sublinear summation when Schaffer collateral and perforant path inputs

are delivered simultaneously to CA1 (Enoki et al., 2001). We hypothesized that the sublinearity

within the CA3-CA1 network might also occur due to the effect of inhibition. In general, inhibition

may interact with excitation to perform arithmetic operations like subtraction, division, and normali-

zation (Carandini and Heeger, 2011). In order to predict the operation performed by EI integration

at the CA3-CA1 network, we created a composite phenomenological model to fit and test for the

above three possibilities: subtractive inhibition, divisive inhibition, and divisive normalization (Equa-

tion (1)). We later address the mechanism using a biophysical model (Figure 6). Equation (1)

describes how inhibition controls the ‘observed’ response (�) as a function of ‘expected’ response

("), for the above three operations. Alpha (a) can be thought to be a subtractive inhibition parame-

ter, beta (b) as a divisive inhibition parameter, and gamma (g) a normalization parameter

(Figure 4a).

�¼ "�
b"

gþ "
"�a (1)

Using the framework of Equation (1), we asked what computation was performed at the CA3-

CA1 network. We recorded from CA1 cells while stimulating CA3 with many combinations of 2, 3, 5,

7 or 9 squares (Figure 4b). We selected cells with at least 50 input combinations, and pooled

responses from all stimuli to a cell. Then, we fit Equation (1) to the PSP amplitudes (Figure 4b).

From visual inspection, the subtractive inhibition model, �¼ "�a (fixing b, g = 0) was a bad fit, since

intercepts (a) were close to 0 (Figure 4a).

By fixing g and a to 0 in Equation (1) we obtained the Divisive Inhibition (DI) model. In this form,

b can be thought of as I/E ratio. Increasing b decreases the observed response (�) (Figure 4a).

�¼ "� b" (2)

Similarly, b was fixed to 1 and a to 0 to get the Divisive Normalization (DN) model. This form of

the equation was inspired by the analogous canonical divisive normalization equation for firing rates

(Carandini and Heeger, 2011). Here, decrease in g implies increase in normalization (Figure 4a).

�¼ "�
"

gþ "
"¼

g"

gþ "
(3)

We used least-squares polynomial regression to fit DI and DN models to our data. The goodness

of fit for all cells was tested by comparing BIC (Bayesian Information Criterion) (Figure 4c) and

reduced chi-squares of the models (Figure 4—figure supplement 2o, Materials and methods). DN

(a = 0, b = 1) was better than DI (a = 0, g = 0) model in explaining the data (BIC: Two-tailed paired

t-test, p<0.00005, reduced chi-square: Two-tailed paired t-test, p<0.00005, n = 32 cells).

Subthreshold Divisive Normalization (SDN) can be clearly seen in Figure 4b, where observed

responses to stimuli with 5 mV and 15 mV expected responses are very similar. This shows that SDN

allows CA1 cells to integrate a large range of inputs before reaching spike threshold. Thus, testing

with a larger range of inputs showed that the initial finding of constant I/E ratios from Figure 2
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needed to be elaborated based on the observed response saturation with increasing input strength.

Potential mechanisms for this could be nonlinear summation of excitation and inhibition at the soma

(tested in Figure 5) and inhibitory delays (examined in Figure 6). In summary, we observed SDN as

an outcome of integration of precisely balanced inputs in the CA3-CA1 network.

CA3 feedforward inhibition is necessary for SDN
We first verified our hypothesis that SDN results from feedforward inhibition in the CA3-CA1 net-

work, and not from intrinsic properties of the CA1 neuron. We thus blocked inhibition and repeated

the above experiment. We expected that SDN would be lost and linearity would be reinstated upon

blocking inhibition.
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Figure 4. Over a wide input range, integration of CA3 excitatory and feed-forward inhibitory input leads to SDN at CA1. (a) Three phenomenological

models of how inhibition interacts with excitation and modulates membrane potential: (left to right) Subtractive Inhibition (SI), Divisive Inhibition (DI)

and Divisive Normalization (DN). Note how parameters a, b and g from Equation (1) affect response output. (b) Divisive normalization seen in a cell

stimulated with 2, 3, 5, 7 and 9 square combinations. DN and DI model fits are shown in purple and green, respectively. (c) Difference in Bayesian

Information Criterion (BIC) values for the two models - DI and DN. Most differences between BIC for DI and DN were less than 0, which implied that

DN model fit better, accounting for the number of variables used. Insets show raw BIC values. Raw BIC values were consistently lower for DN model,

indicating better fit (Two-tailed paired t-test, p<0.00005, n = 32 cells). (d) Distribution of the parameter g of the DN fit for all cells (median = 7.9, n = 32

cells). Compare with a, b to observe the extent of normalization. (e) Distribution of the parameter beta of the DI fit for all cells (mean = 0.5, n = 32 cells).

Values are less than 1, indicating sublinear behaviour.

DOI: https://doi.org/10.7554/eLife.43415.009

The following figure supplements are available for figure 4:

Figure supplement 1. Interaction of squares does not affect summation unidirectionally.

DOI: https://doi.org/10.7554/eLife.43415.011

Figure supplement 2. Input range expansion for observing nonlinear summation and divisive normalization.

DOI: https://doi.org/10.7554/eLife.43415.010
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We recorded responses of CA1 cells to our array of optical stimuli (Figures 1d and 5a), then

applied GABAzine to the bath and repeated the stimulus array (Figure 5b). We found that when

inhibition was blocked, summation approached linearity (Figure 5b,c). We compared the scaling

parameter g of the divisive normalization model fit, for the above two conditions (Equation (3)). The

values of g were larger with inhibition blocked, indicative of approach to linearity (Wilcoxon rank-

sum test, p<0.05, n = 8 cells) (Figure 5c). While inhibition accounted in large part for the observed

sublinear summation, the cells with inhibition blocked showed some residual sublinearity at high

stimulus levels, which has been previously attributed to IA conductance in CA1 neurons (Cash and

Yuste, 1999). Based on the conductance equation (Equation (5)), leak conductance also contributes

in part to the residual sublinearity (Supplementary Equations (6-8)). Thus, we confirmed that block-

ing inhibition reduced sublinearity, attenuating SDN.

Precise balance is also seen at resting membrane potential
Then, we hypothesised that the membrane potential change evoked by inhibitory synaptic currents

could be increasing non-linearly with increasing CA3 input, even though the I/E ratio of conductan-

ces would be consistent across the range of input strengths. To address this, we compared

responses to identical patterns before and after GABAzine application. For a given cell, for each pat-

tern, we subtracted the initial control response with inhibition intact from the corresponding

response with inhibition blocked. This gave us the inhibitory component or ‘derived inhibition’ for

each stimulus pattern (Figure 5d, inset). We found that all stimuli to a cell evoked proportional exci-

tation and inhibition even when recorded at resting potential (Figure 5d,e). Thus, we rejected our

hypothesis of non-linear increase in inhibitory post-synaptic potential (IPSP) with excitatory post-syn-

aptic potential at resting membrane potential (EPSP). Over the population, the median slope of the

proportionality line was around 0.7, indicating that the EI balance was slightly tilted towards higher

excitation than inhibition (Figure 5f). IPSP/EPSP ratios (Figure 5f) were smaller than IPSC/EPSC

ratios (Figure 2d) due to proximity of inhibition to its reversal (~�70 mV), than excitation to its rever-

sal (~0 mV), at resting membrane potential (~�65 mV). Overall, we saw precise balance in evoked

excitatory and inhibitory synaptic potentials for >100 combinations per neuron.

Advancing inhibitory onset with increasing input explains SDN
We made a single compartment conductance model (Figure 6—figure supplement 1a, Equa-

tion (5)) to analyze the mechanism of SDN. We first show a Hodgkin-Huxley (HH) type single com-

partment model (Materials and methods), where we have used data from our voltage clamp

recordings (Figure 2), as input to the model. Simulation with both excitation and inhibition produced

curves resembling SDN, while only excitation gave a more linear response (Figure 6a, Figure 6—fig-

ure supplement 2), hence reproducing the observations depicted in Figure 5. Again, fit parameter

g was significantly higher for the cases without inhibition (Figure 6—figure supplement 2, Wilcoxon

rank sum test, p<1e-4, n = 13). In order to dissect the mechanism, we wanted to have finer control

over synaptic input parameters like kinetics and EI delay.

With this in mind, we fit a function of difference of exponentials (Materials and methods) to our

voltage clamp data to extract the peak amplitudes and kinetics of excitation and inhibition currents

(Materials and methods). We used these and other parameters from literature (Supplementary files

1 and 2), and constrained the model to have EI balance, that is have maximum excitatory (gexc) and

inhibitory conductance (ginh) proportional to each other, with a given I/E ratio. To test for SDN, we

simulated our model in the range of experimentally determined I/E ratios, ranging from 1 to 6.

We observed that EI balance with static EI delay led to a slightly sublinear response which can be

approximated with a divisive inhibition model (Figure 6). In contrast, subthreshold divisive normali-

zation (SDN) implies progressively smaller changes in peak PSP amplitude with increase in excitatory

input. We surmised that without changing EI balance, SDN should result if the inhibitory onset delays

were an inverse function of the excitation (Figure 6e, Equation (4)). Hence, we simulated the model

with dynamic delay, that is with values of inhibitory delay (dinh) varying as a decreasing function of

the excitation.

dinh ¼ dminþ me�kgexc (4)

Here, dmin is the minimum synaptic delay between excitation and inhibition, k sets the steepness
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of the delay change with excitation, and m determines the maximum synaptic delay. In Figure 6c,

we show that SDN emerged when we incorporated delays changing as a function of the total excit-

atory input to the model neuron.
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Figure 5. Blocking balanced inhibition at resting membrane potential attenuates SDN. (a) Top, schematic of

experiment condition. Bottom, a cell showing divisive normalization in control condition. (b) Top, schematic of

experiment condition with feedforward inhibition blocked (2 uM GABAzine). Bottom, responses of the same cell

with inhibition blocked. The responses are much closer to the linear summation line (dashed). The blue lines in a,

b are the fits of the DN model. The value of g of the fit increases when inhibition is blocked. (c) Parameter g was

larger with GABAzine in bath (Wilcoxon rank sum test, p<0.05, n = 8 cells), implying reduction in normalization

with inhibition blocked. (d) Excitation versus derived inhibition for all points for the cell shown in a (area under the

curve) (Slope = 0.97, r-square = 0.93, x-intercept = 3.75e-5 mV.ms). Proportionality was seen for all responses at

resting membrane potential. Top, ‘Derived inhibition’ was calculated by subtracting control PSP from the

excitatory (GABAzine) PSP for each stimulus combination. (e,f) R2 (median = 0.8) and slope values (median = 0.7)

for all cells (n = 8 cells), showing tight IPSP/EPSP proportionality, and slightly more excitation than inhibition at

resting membrane potentials.

DOI: https://doi.org/10.7554/eLife.43415.012
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We then tested this model prediction. From the EPSC and IPSC curves, we extracted excitatory

and inhibitory onsets (Materials and methods), and subtracted the average inhibitory onsets from

average excitatory onsets to get inhibitory delay (dinh) for each stimulus combination. We saw that

dinh indeed varied inversely with total excitation (gexc) (Figure 6f,g). Notably, the relationship of delay

with conductance, with data from all cells pooled, seems to be a single inverse function, and might

be a network property (Figure 6g, Figure 6—figure supplement 1d). The input-dependent change

in inhibitory delay could be attributed to delayed spiking of interneurons with small excitatory

inputs, and quicker firing with larger excitatory inputs. We further illustrate that this delay function

emerges naturally by simply applying a threshold to the rising curve of an EPSP at an interneuron

(Figure 6—figure supplement 1f). Thus, inhibition clamps down the rising EPSP at progressively

earlier times, resulting in saturation of PSP amplitude when excitation is increased (Figure 6c,d, Fig-

ure 8). In Figure 8a and b, we show using a schematic, how SDN emerges when inhibitory onset

changes as an inverse function of input strength.

We observed that we were also able to capture the initial linear regime observed in Figure 4b by

using the inverse relationship of delay with excitation in this conductance model. This can be under-

stood as follows: at small excitatory input amplitudes, the EI delay is so large that inhibition arrives

too late to affect the peak EPSP. At higher stimulus amplitudes the output response is now sub-

jected to earlier, and hence increasingly effective inhibition, thus flattening the output curve (Appen-

dix 1, Video 1, Figure 3—figure supplement 1a, Figure 6c).

We then tested if SDN required both EI balance and dynamic EI delay. We obtained values for

balanced ginh for each I/E ratio, and then shuffled the order of the balanced inhibitory vector with

the excitation. This implied that the average I/E

ratio was maintained over all stimuli, but not for

individual stimuli. This shuffled set of inhibitory

conductance with respect to excitation was used

to calculate Vmax (Figure 6—figure supplement

1b). Similarly, we obtained inhibitory delay (dinh)

corresponding to each value of excitation from

the dynamic delay curve in Equation (4)

(Figure 6e). We then shuffled the order of delays,

keeping excitation in the same order (Figure 6—

figure supplement 1c). In both cases, SDN was

strongly attenuated, implying that both EI bal-

ance and inverse scaling of inhibitory delay were

necessary for SDN (Figure 6—figure supplement

1b,c, Supplementary Equation (6) to (8)). Fur-

ther, we transformed the membrane current

equation (Equation (5)) into the form which

resembles divisive normalization equation

(Appendix 1), and saw that in this form, g

depends on the intrinsic properties of the neu-

ron, and is modulated by delays and EI ratios.

Thus, our analysis of a conductance model

suggests that SDN could be a general property

of balanced feedforward networks, due to two

characteristic features: EI balance and inhibitory

kinetics. Each of these variables may be subject

to plasticity and modulation to attain different

amounts of normalization (Figure 8c,d, Fig-

ure 8—figure supplement 1).

Stimulus information is encoded
both in amplitude and time
We next asked if the temporally advancing inhibi-

tion (Figure 6e–h) affected PSP peak time with

increase in stimulus strength. We calculated the

Video 1. Subthreshold divisive normalization emerges

when onset delay of balanced inhibition dynamically

decreases with excitation. (a) Schematic of the model

of a single compartment neuron, which receives

excitatory stimulus (in blue) at 20 ms, followed by an

inhibitory stimulus (in orange) with variable onset

delays. (b) Excitatory conductance (gluGbar) changes

as shown in top most slider. Inhibitory conductance (I/E

ratio*gluGbar) arrives after a dynamic or static delay.

The orange and the blue dotted lines track the

inhibition onset and the excitation peak, respectively.

Their interaction point, marked by the orange dot,

traces the relationship of excitatory conductance with

dynamic or static delay. (c) EI summation plot

(Figures 3d and 4b) of PSP peak against excitation.

Model shows SDN with dynamic EI delays,

characterized by the initial linear zone followed by a

sublinear zone for higher excitation values. SDN was

lost when the EI delay was static. (d) Membrane voltage

change as a result of only excitatory (dotted line), and

integration of excitatory and inhibitory conductances

(solid line) from panel b. Note how the peak time

changes as a function of delays.

DOI: https://doi.org/10.7554/eLife.43415.020
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slope of the PSP peak times against the expected axis in the presence (Control) and absence of inhi-

bition (GABAzine) for a given cell. If inhibition cut into excitation and resulted in advancing of peak

times with increasing stimulus strength, the slope of peak times would be negative, as shown in

Figure 7a. Conversely, when inhibition is blocked, slope of peak times is not expected to change

much. We saw that for all cells, slope of the peak time with inhibition intact was lower than the slope

in the case with inhibition blocked (Figure 7b) (Wilcoxon Rank sum test (p=0.006), n = 8 cells).

What does SDN mean for information transmission in balanced networks? While SDN allowed the

cell to integrate a large range of inputs before reaching spiking threshold, it also resulted in dimin-

ishing changes in PSP peaks at larger inputs (Figure 4b). This implied that information about the

input was partially ‘lost’ from the PSP amplitude. However, PSP times to peak became shorter

(Figure 7a,b), hence potentially encoding some information about the input in this time variable
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Figure 6. Conductance model predicts Excitatory-Inhibitory delay as an important parameter for divisive normalization. (a) Subthreshold responses

from HH model, simulated with traces recorded from one voltage clamped cell (Figure 2). Non-linearly saturating curve, similar to SDN, obtained by

simulating with both excitation and inhibition synaptic conductances (black), while the response profile is much more linear with only excitation (red).

Each black point is the median response of an excitation trace paired with six different repeats of inhibition for that combination. (b) PSP peak

amplitude with both excitatory and balanced inhibitory inputs is plotted against the EPSP peak amplitude with only excitatory input. Model showed

sublinear behaviour approximating divisive inhibition for I/E proportionality ranging from 1 to 6 when the inhibitory delay was static. Different colours

show I/E ratios. (c) Same as in b, except the inhibitory delay was varied inversely with excitatory conductance (as shown in e). Initial linear zone and

diminishing changes in PSP amplitude, indicative of SDN were observed, and the normalization gain was sensitive to the I/E ratio. dmin= 2 ms, k = 0.5

nS�1, and m = 8.15 ms. Note, the increased overlap in the initial zone (grey box) and the saturation of the PSP peaks in c, as compared to b. (d) Effect

of changing EI delay, keeping I/E ratio constant (I/E ratio = 5). Divisive inhibition (green) seen while changing EI delay values from 2 to 10 ms. Divisive

normalization (purple) emerges if delays are changed as shown in e. dmin= 2 ms, k = 0.5 nS�1, and m = 8.15 ms. (e) Inverse relationship of EI delays with

excitation. Inhibitory delay was varied with excitatory conductance in Equation (4) with dmin = 2 ms, k = 2 nS�1, and m = 13 ms. (f) Data from an

example cell showing the relationship of EI delays with excitation. The relationship is similar to the prediction in e. Points are binned averages. Error

bars are s.d. (g) Data from all cells showing delay as a function of excitation. Different colors indicate different cells (n = 13 cells). Grey lines are linear

regression lines through individual cells. (h) Traces (from a voltage clamped neuron) showing the decreasing EI delay with increasing amplitude of PSCs.

Each trace is an average of 6 repeats.

DOI: https://doi.org/10.7554/eLife.43415.013

The following figure supplements are available for figure 6:

Figure supplement 1. Sensitivity of SDN to EI balance and EI delay, and synaptic time courses used for model.

DOI: https://doi.org/10.7554/eLife.43415.014

Figure supplement 2. HH model simulations with voltage clamped data show SDN.

DOI: https://doi.org/10.7554/eLife.43415.015
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(Figure 7f, Figure 8b). In contrast, while the peak amplitudes seen with GABAzine predicted the

input more reliably, peak times of EPSPs did not change much with input (Figure 7b,f). Thus, PSP

peak time may carry additional information about stimulus strength, when EI balance is maintained.

We quantified this using an information theoretical framework (Shannon, 1948). We took linear

sum of 1-square PSP peak amplitudes (Expected sum), as a proxy for input strength. We then calcu-

lated the mutual information between Expected sum and PSP peak amplitudes of the corresponding

N-squares, and between Expected sum and PSP peak timing (Materials and methods). Using this,

we asked, how is the information about the input divided between PSP peak amplitude and timing?

The total mutual information of both peak amplitude and peak timing with expected sum was

slightly lesser in the presence of inhibition, but this difference was statistically not

significant (Figure 7e) (Wilcoxon Rank sum test (<0.05), p=0.11, n = 7 cells). We found that peak tim-

ing had more information in presence of inhibition (control), and peak amplitude had more informa-

tion in absence of inhibition (GABAzine) (Wilcoxon Rank sum test (<0.05), n = 7 cells) (Figure 7f).

Further, we asked, how better can we predict the input, with the knowledge of peak timing, when
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Figure 7. Advancing inhibitory onset changes PSP peak time and spike time with increase in stimulus strength. (a,b) The PSP peak arrived earlier

following larger input in the control case (black), but not with GABAzine in bath (red). Traces for an example cell, binned (20 bins for Expected sum axis)

and averaged, for control (black) and with GABAzine in bath (red). (c) Slope of the peak time was more negative in presence of inhibition (control) than

when inhibition was blocked (GABAzine) (n = 8 cells). (d) Three example traces from the cell in g showing the relationship of spikes in presence (black)

and absence of inhibition (red). Spikes were produced by HH model, using synaptic conductances from voltage clamp data. The separation between

spike times of the two conditions increased with decrease in input conductance (top to bottom). (e) Total mutual information of peak amplitude and

peak timing with expected sum was not significantly different between Control and GABAzine case (Wilcoxon Rank sum test (<0.05), p=0.11, n = 7 CA1

cells). (f) Normalized mutual information between Expected Vm and peak time, Expected Vm and peak amplitude, and conditional mutual information

between Expected Vm and peak time, given the knowledge of peak amplitude. Normalized information was calculated by dividing mutual information

by total information for each cell (as shown in d). Peak times carried more information in the presence of inhibition, and peak amplitudes carried more

information in the absence of inhibition. There was higher gain in information about the input with timing if the inhibition was kept intact (Wilcoxon

Rank sum test (p<0.05), n = 7 (Pk time, Pk amp) and (p=0.05) n = 6 (Gain with time) CA1 cells). (g) Relationship of spike time with excitatory

conductance, in the presence (black) and absence of inhibition (red), for HH model simulations. All black points are medians of spikes of each excitation

trace paired with six different repeats of inhibition for that combination.

DOI: https://doi.org/10.7554/eLife.43415.016

The following figure supplement is available for figure 7:

Figure supplement 1. Spike time changes with increasing input are steeper in presence of inhibition.

DOI: https://doi.org/10.7554/eLife.43415.017
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the peak amplitude is already known? We found that in the presence of inhibition, peak amplitude

carried only a part of the total information about the input, and further knowledge of peak time sub-

stantially increased the total information. In contrast, in the absence of inhibition, peak amplitude

carried most of the information about input, and there was very little gain in information with the

knowledge of peak times (Figure 7f) (Wilcoxon Rank sum test (=0.05), n = 6 cells).

We then asked if the PSP peak time changes are also reflected in spike times. Since most of our

stimuli elicited subthreshold responses, studying spiking required an artificial depolarization stimu-

lus. From simulations we found that several parameters of the model (including resting membrane

potential, membrane capacitance, synaptic conductances, EI ratio and delay, and spike threshold)

could affect the mapping of subthreshold responses to spike timing, suggesting that this is a rich

substrate for modulation. Keeping this caveat in mind, we tested the temporal profile of spikes with

our model. We let the model cell spike in response to EI (similar to the Control condition) and only E

(Gabazine condition). We observed that SDN translated to the spiking domain by encoding stronger

stimulus amplitudes as shorter spike latencies, similar to the subthreshold responses. The presence

of inhibition decreased the steepness of spike time with conductance (Figure 7d,g, Figure 7—fig-

ure supplement 1). The separation between the two conditions was sensitive to the exact value of

threshold. At threshold close to resting potential, the separation was low, because the cell spiked

before the effect of inhibition set in. For a given threshold, a subset of the cells showed enough sep-

aration between conditions (Figure 7d,g, Figure 7—figure supplement 1) and this value could be

tuned to obtain maximum separation for each cell.

Overall, these results suggest that with inhibition intact, input information is shared between

amplitude and time, and knowledge of peak time and amplitude together contains more information

about input than either of them alone.

Modulation of gating with SDN
We next asked how the two basic parameters - I/E ratio and EI delay - modulated the degree of nor-

malization and kinetics of the SDN curve (Figure 8c,d). Using our conductance model, we measured

the normalization parameter g (a = 0, b = 1, Equation (1)) for a range of values of I/E ratio and

delays, and found that normalization increased systematically with increase in I/E ratio as well as with

increase in the steepness of the EI delay relationship (Figure 8c). This implies that the degree of nor-

malization of not only an entire neuron, but subsets of inputs to a neuron, could be dynamically

altered by changing these parameters. In terms of gating, for a neuron with all inputs tightly bal-

anced, any subset of inputs with reduction in I/E ratio will be gated ‘on’, corresponding to a condi-

tion of higher g. Neurons can thus differentially gate and respond to specific inputs, while still

retaining the capacity to respond to other input combinations.

Discussion
This study describes two fundamental properties of the CA3-CA1 feedforward circuit: balanced exci-

tation and inhibition from arbitrary presynaptic CA3 subsets, and an inverse relationship of excit-

atory-inhibitory delays with CA3 input amplitude. We used optogenetic photostimulation of CA3

with hundreds of unique stimulus combinations and observed precise EI balance at individual CA1

neurons for every input combination. Stronger stimuli from CA3 led to proportional increase in excit-

atory and inhibitory amplitudes at CA1, and a decrease in the delay with which inhibition arrived.

Consequently, larger CA3 inputs had shorter inhibitory delays, which led to progressively smaller

changes in CA1 membrane potential. We term this gain control mechanism Subthreshold Divisive

Normalization (SDN). This reduction in inhibitory delay with stronger inputs contributes to a division

of input strength coding between PSP amplitude and PSP timing.

Precise balance in the hippocampus
Our findings demonstrate that precise EI balance is maintained by arbitrary combinations of neurons

in the presynaptic network, despite the reduced nature of the slice preparation, with no intrinsic net-

work dynamics. This reveals exceptional structure in the connectivity of the network. Theoretical

analyses suggest that networks can achieve detailed balance with inhibitory Spike Timing Dependent

Plasticity (iSTDP) rules (Hennequin et al., 2017; Luz and Shamir, 2012; Vogels et al., 2011). Such

an iSTDP rule has been observed in the auditory cortex (D’amour and Froemke, 2015). Given that
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Figure 8. Emergence of SDN from balanced excitation and inhibition, coupled with dynamic EI delays. (a) Schematic showing precisely balanced EPSPs

(blue) and corresponding IPSPs (red) summing to produce PSPs (purple). The EPSPs and IPSPs increase in equal input steps. (b) Zooming into the

portion in the rectangle in a. Excitation onset is constant, but inhibition onset changes as an inverse function of input or conductance (gexc), as shown in

Figure 6. With increasing input, inhibition arrives earlier and cuts into excitation earlier for each input step. This results in smaller differences in

excitatory peaks with each input step, resulting in SDN. The timing of PSP peaks (purple) becomes progressively advanced, whereas the timing of EPSP

peaks (blue) does not, consistent with our results in Figure 7. (c,d) Normalization as a function of the two building blocks – EI balance (I/E ratio) and EI

delays (interneuron recruitment kinetics, k, as predicted by the model. Larger values of both imply greater normalization and increased gating. Colors

of the SDN curves depict the value of gamma (g), as shown in the phase plot in d. White squares are values of g larger than 40, where almost no

normalization occurs.

DOI: https://doi.org/10.7554/eLife.43415.018

The following figure supplement is available for figure 8:

Figure supplement 1. PSP traces showing the effect of I/E ratio and inhibitory recruitment kinetics (k) on SDN.

DOI: https://doi.org/10.7554/eLife.43415.019
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balance needs to be actively maintained (Xue et al., 2014), we suspect that similar plasticity rules

(Hennequin et al., 2017) may also exist in the hippocampus.

Precisely balanced networks, with all input subsets balanced, are well suited for input gating

(Barron et al., 2017; Hennequin et al., 2017). The finding that most silent CA1 cells can be con-

verted to place cells for arbitrary locations predicts the existence of an input gating mechanism

(Lee et al., 2012), but the nature of this mechanism remains unknown. One prediction of precise bal-

ance is that inputs for multiple potential place fields may be balanced, and hence place field activity

is gated ‘off’. Evoked depolarizations (Lee et al., 2012) or dendritic plateau potentials

(Bittner et al., 2015; Bittner et al., 2017), which potentiate the subset of active synapses, that is,

change the I/E ratio (Grienberger et al., 2017), can flip the gate ‘on’, thereby converting a silent

cell to a place cell for that specific place field. This reasoning corroborates the observation of

homogenous inhibition suppressing out-of-field heterogeneously tuned excitation

(Grienberger et al., 2017), while providing a finer, synaptic scale view of the gating mechanism.

EI delays and temporal coding
In several EI networks in the brain, inhibition is known to suppress excitation after a short time delay,

leaving a ‘window of opportunity’ for spiking to occur (Higley and Contreras, 2006; Pouille and

Scanziani, 2001; Wehr and Zador, 2003). We have shown that balanced inhibitory input arrives

with a delay modulated by the excitatory input in a feedforward circuit. This inverse relationship of

EI delay with excitation has not been explicitly shown, although Heiss et al. (2008) report a

decrease in EI delays with increase in whisker stimulation speed in layer 4 cells. We show that modu-

lation of EI delay by excitation helps encode the input information in both amplitude and timing of

the PSP (Figure 7). Thus, large inputs could be represented with fewer spikes, while conserving input

strength information in spike timing. In CA1, a classic example of such dual coding is theta phase

precession (Jensen and Lisman, 2000). In addition, spike times during sharp wave ripples, gamma

oscillations and time cell representations are also precise up to ~10 ms, which is the range of the

dynamic ‘window of opportunity’ we observe. This dynamic window also implies that the neuron can

transition from temporal integration mode at small input amplitudes to coincidence detection at

large input amplitudes (Gabernet et al., 2005; Higley and Contreras, 2006; Wehr and Zador,

2003). Consistent with this range of spike-coding transformations, our simulations suggest that the

precise mapping of subthreshold summation to spike timing can be effectively modulated by several

cellular parameters as well as by details of input activity (Figure 7d,g).

Subthreshold Divisive Normalization (SDN): a novel gain control
mechanism
We have introduced Subthreshold Divisive normalization (SDN) as a novel gain control mechanism

arising from EI balance and dynamic EI delays. Our study was uniquely able to observe SDN because

of the large range of inputs possible (Poirazi et al., 2003) using patterned optical stimulation. While

we observed no unidirectional correlation of the distance between input spots and their responses

for most inputs (Figure 4—figure supplement 1), a limitation of this stimulation design is that some

of the inputs may not be fully independent due physical proximity of stimulus spots. SDN expands

the dynamic range of inputs that a neuron can accommodate before reaching spike threshold (Fig-

ure 8—figure supplement 1b). This is particularly useful for temporally coding, sparsely spiking neu-

rons like CA1 (Ahmed and Mehta, 2009). So far, analogous gain control by divisive normalization

has only been observed for firing rates of neurons (Carandini and Heeger, 2011). This implies that

the timescales of gain change in DN are averaged over periods of tens of milliseconds, over which

rates change. As opposed to this, in SDN, gain of every input is normalized at synaptic (millisecond)

timescales. Our results add a layer of subthreshold gain control in single neurons, to the known

suprathreshold gain control at the population level in CA1 (Pouille et al., 2009). This two-step gain

control implies that the dynamic range of the population may be wider than previously estimated.

While most experimental observations of firing rate gain change have been explained by the phe-

nomenological divisive normalization equation, the mechanistic basis for normalization has been

unclear. SDN provides a biophysical explanation for phenomenological divisive normalization by con-

necting EI ratios and delays with gain control.
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I/E ratio can be changed by neuromodulation (Froemke, 2015; Froemke et al., 2007), by short

term plasticity mechanisms (Bartley and Dobrunz, 2015; Klyachko and Stevens, 2006;

Tsodyks and Markram, 1997) and by disinhibition (Basu et al., 2016). Although we show that EI

delays are input amplitude dependent, they may also be modulated by external signals, or behaviou-

ral states such as attention (Kim et al., 2016) (Figure 8c,d). Such interneuron recruitment based

changes have been shown to exist in thalamocortical neurons (Gabernet et al., 2005). Dynamic reg-

ulation of EI delay has been theoretically explored in balanced networks (Bruno, 2011;

Kremkow et al., 2010) for temporal gating of transient inputs independently by amplitude and

time. Thus, temporal gating by EI delays (Kremkow et al., 2010), combined with the amplitude gat-

ing by detailed balance (Vogels and Abbott, 2009) could be a powerful mechanism for gating sig-

nals (Kremkow et al., 2010) in the hippocampal feedforward microcircuit.

Several studies point toward the existence of precise EI balance in the cortex (Atallah and Scan-

ziani, 2009; Okun and Lampl, 2008; Wehr and Zador, 2003; Wilent and Contreras, 2005;

Zhang et al., 2003; Zhou et al., 2014), and here we have shown it in the hippocampus. We propose

that input strength dependent inhibitory delay change may be a general property of feedforward

network motifs. Together, these suggest that precisely balanced feedforward networks are elegantly

suited for controlling gain, timing and gating at individual neurons in neural circuits.

Materials and methods

Key resources table

Reagent type
(species) or
resource Designation Source or reference Identifiers

Additional
information

Genetic
reagent
(M. musculus)

C57BL/6-Tg
(Grik4-cre)
G32-4Stl/J

Jackson
Laboratory

Stock #:
006474

Dr. Susumu
Tonegawa’s
laboratory, MIT

Strain, strain
background
(Adeno-
associated virus)

AAV5.CAGGS.Flex.
ChR2-tdTomato.
WPRE.SV40

Penn Vector
Core

Software,
algorithm

MOOSE simulator Ray and Bhalla, 2008 RRID:SCR_
008031

Dr. Upinder
Bhalla’s laboratory,
NCBS

Animals
All experimental procedures were approved by the National Centre for Biological Sciences Institu-

tional Animal Ethics Committee (Protocol number USB–19–1/2011), in accordance with the guide-

lines of the Government of India (animal facility CPCSEA registration number 109/1999/CPCSEA)

and equivalent guidelines of the Society for Neuroscience. CA3-cre (C57BL/6-Tg (Grik4-cre) G32-

4Stl/J mice, Stock number 006474) were obtained from Jackson Laboratories. The animals were

housed in a temperature controlled environment with a 14 hr light: 10 hr dark cycle, with ad libitum

food and water.

Virus injections
21–30 days old male transgenic mice were injected with Lox-ChR2 (AAV5.CAGGS.Flex.ChR2-tdTo-

mato.WPRE.SV40) virus obtained from University of Pennsylvania Vector Core. Injection coordinates

used were �2.0 mm RC, ±1.9 mm ML, �1.5 mm DV. ~300–400 nl solution was injected into the CA3

region of left or right hemisphere with brief pressure pulses using Picospritzer-III (Parker-Hannifin,

Cleveland, OH). Animals were allowed to recover for at least 4 weeks following surgery.

Slice preparation
8–12 week (4–8 weeks post virus injection) old mice were anesthetized with halothane and decapi-

tated post cervical dislocation. Hippocampus was dissected out and 350 um thick transverse slices

were prepared. Slices (350 microns) were cut in ice-cold high sucrose ASCF containing (in mM): 87

NaCl, 2.5 KCl, 1.25 NaH2PO4, 25 NaHCO3, 75 sucrose, 10 glucose, 0.5 CaCl2, 7 MgCl2. Slices were
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stored in a holding chamber, in artificial cerebro-spinal fluid (aCSF) containing (in mM) - 124 NaCl,

2.7 KCl, 2 CaCl2, 1.3 MgCl2, 0.4 NaH2PO4, 26 NaHCO3, and 10 glucose, saturated with 95% O2/5%

CO2. After at least an hour of incubation, the slices were transferred to a recording chamber and

perfused with aCSF at room temperature.

Electrophysiology
Whole cell recording pipettes of 2-5MO were pulled from thick-walled borosilicate glass on a P-97

Flaming/Brown micropipette puller (Sutter Instrument, Novato, CA). Pipettes were filled with internal

solution containing (in mM): 130 K-gluconate, 5 NaCl, 10 HEPES, 1 EGTA, 2 MgCl2, 2 Mg-ATP, 0.5

Na-GTP and 10 Phosphocreatinine, pH adjusted to 7.3, osmolarity ~285 mOsm. The membrane

potential of CA1 cells was maintained near �65 mV, with current injection, if necessary. GABA-A cur-

rents were blocked with GABAzine (SR-95531, Sigma) at 2 uM concentration for some experiments.

Cells were excluded from analysis if the input resistance changed by more than 25% (measured for

15/39 cells) or if membrane voltage changed more than 2.5 mV (measured for 39/39 cells, maximum

current injected to hold the cell at the same voltage was ±15 pA) of the initial value. For voltage

clamp recordings, the K-gluconate was replaced by equal concentration Cs-gluconate. Cells were

voltage clamped at 0 mV (close to calculated excitation reversal) and �70 mV (calculated inhibition

reversal) for IPSC and EPSC recordings respectively. At 0 mV a small component of APV sensitive

inward current was observed, and was not blocked during recordings. Cells were excluded if series

resistance went above 25MO or if it changed more than 30% of the initial value, with mean series

resistance being 15.7MO ± 4.5 MO s.d. (n = 13). For CA3 current clamp recordings, the cells were

excluded if the Vm changed by 5 mV of the initial value. For whole-cell recordings, neurons were

visualized using infrared microscopy and differential interference contrast (DIC) optics on an upright

Olympus BX61WI microscope (Olympus, Japan) fitted with a 40X (Olympus LUMPLFLN, 40XW),

0.8NA water immersion objective. Recordings were acquired on a HEKA EPC10 double plus ampli-

fier (HEKA Electronik, Germany) and filtered 2.9 kHz and digitized at 20 kHz.

Optical stimulation setup
Optical stimulation was done using DMD (Digital Micromirror Device) based Optoma W316 projec-

tor (60 Hz refresh rate) with its color wheel removed. Image from the projector was miniaturized

using a Nikon 50 mm f/1.4D lens and formed at the focal plane of the tube lens, confocal to the sam-

ple plane. The white light from the projector was filtered using a blue filter (Edmund Optics, 52532),

reflected off of a dichroic mirror (Q495LP, Chroma), integrated into the light path of the Olympus

microscope, and focused on sample through a 40X objective. This arrangement covered a circular

field of around 200 micron diameter on sample. 2.5 pixels measured one micron at sample through

the 40X objective. Light intensity, measured using a power meter, was about 15 mW/mm2 at sample

surface. Background light from black screen usually elicited no or very little synaptic response at

recorded CA1 cells. A shutter (NS15B, Uniblitz) was present in the optical path to prevent the slice

from being stimulated by background light during the inter-trial interval. The shutter was used to

deliver stimulus of 10–15 ms per trial. A photodiode was placed in the optical path after the shutter

to record timestamps of the delivered stimuli.

Patterned optical stimulation
Processing 2 was used for generating optical patterns. All stimuli were 16 micron squares sub-

sampled from a grid. 16 micron was chosen since it is close to the size of a CA3 soma. The light

intensity and square size were standardized to elicit typically one spike per cell per stimulus. The

number of spikes varied to some extent based on the expression of ChR2, which varied from cell to

cell. The switching of spots from one trial to next, at 3 s inter trial interval, prevented desensitization

of ChR2 over successive trials (Figure 1g).

For a patched CA1 cell, the number of connected CA3 neurons stimulated per spot was esti-

mated to be in the range of 0 to a maximum of 50 for responses ranging from 0 to 2 mV. These cal-

culations assume a contribution of 0.2 mV per synapse (Magee and Cook, 2000) and release

probability of ~0.2 (Murthy et al., 1997). This number includes responses from passing axons, which

could also get stimulated in our preparation.
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We did not observe any significant cross stimulation of CA1 cells. CA1 cells were patched and

the objective was shifted to the CA3 region of the slice, where the optical patterns were then pro-

jected. CA1 cells showed no response to optical stimulation because (i) Use of CA3-cre line

restricted ChR2 to CA3 cells, (ii) physical shifting of the objective away from CA1 also made sure

that any leaky expression, if present, did not elicit responses. Using a cre-based targeted optoge-

netic stimulation combined with patterned optical stimulation, we designed an experiment which

was both more specific and more effective at exploring a large stimulus space. Unlike electrical stim-

ulation, optical stimulation specifically excited CA3 pyramidal neurons, and hence the recorded inhi-

bition was largely feedforward. We believe this specificity was crucial to the finding that I/E ratios for

all stimuli to a cell are conserved. Electrical stimulation does not distinguish between neuronal sub-

classes, and in particular fails to separate out the inhibitory interneurons. Since a key part of our find-

ings emerged from being able to establish a temporal sequence of activation of interneurons, it was

crucial to exclude monosynaptic stimulation of interneurons in the experimental design. Second, pat-

terned optical stimulation allowed us to explore a grid of 225 stimulus points in CA3, thereby obtain-

ing a wide array of stimulus combination with large dynamic range, without compromising on the

specificity of stimulation (Figure 1, Figure 1—figure supplement 1).

We used four different stimulus grids (Figure 1—figure supplement 1). All squares from a grid

were presented individually (in random order) and in a stimulus set - randomly chosen combinations

of 2, 3, 5, 7, or 9, with 2, 3 or 6 repeats of each combination. The order of presentation of a given N

square combination was randomized from cell to cell.

Data analysis and code availability
All analyses were done using custom written software in Python 2.7.12 (numpy, scipy, matplotlib and

other free libraries) and MatlabR2012b. All error bars are standard deviations. All analysis codes are

available as a free library at (https://github.com/sahilm89/linearity; copy archived at https://github.

com/elifesciences-publications/linearity).

Pre-processing
PSPs and PSCs were filtered using a low-pass Bessel filter at 2 kHz, and baseline normalized using

100 ms before the optical stimulation time as the baseline period. Period of interest was marked as

100 ms from the beginning of optical stimulation, as it was the typical timescales of PSPs. Timing of

optical stimulation was determined using timestamp from a photodiode responding to the light

from the projector. Trials were flagged if the PSP in the interest period were indistinguishable from

baseline period due to high noise, using a two sample KS test (p-value<0.05). Similarly, action poten-

tials in the interest period were flagged and not analyzed, unless specifically mentioned.

Feature extraction
A total of four measures were used for analyzing PSPs and PSCs (Figure 3c). These were mean, area

under the curve, average and area to peak. This was done to be able to catch differences in integra-

tion at different timescales, as suggested by Poirazi et al. (2003). Trials from CA1 were mapped

back to the grid locations of CA3 stimulation for comparison of Expected and Observed responses.

Grid coordinate-wise features were calculated by averaging all trials for a given grid coordinate.

Subthreshold divisive normalization model
Different models of synaptic integration: Subtractive Inhibition, Divisive Inhibition, and Divisive Nor-

malization models were obtained by constraining parameters in Equation (1). The models were then

fit to the current clamp dataset using lmfit. Reduced chi-squares (Figure 4—figure supplement 2o)

and Bayesian Information Criterion (Figure 4c) were used to evaluate the goodness of fits of these

models to experimental data.

Single-compartment model
A single-compartment conductance-based model was created in Python using sympy and numpy.

The model consisted of leak, excitatory and inhibitory synaptic conductances (Equation (5), Fig-

ure 6—figure supplement 1a) to model the subthreshold responses by the CA1 neurons.
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Cm

dVm

dt
¼ gleak Vm� Eleakð Þþ gexc Vm� Eexcð Þþ ginh Vm� Einhð Þ (5)

The parameters used for the model were taken directly from data, or literature

(Supplementary file 2). The synaptic conductances gexc tð Þ, and ginh tð Þ were modeled as difference of

exponentials (Equations (6) and (7)):
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For the divisive normalization case, the inhibitory delays (dinh) were modeled to be an inverse

function of gexc tð Þ (Equation (4)). In other cases, they were assumed to be constant and values were

taken from Supplementary file 2.

HH-based single-compartment model
A single-compartment Hodgkin Huxley model with parameters mentioned in Supplementary file 3

was simulated in MOOSE (Ray and Bhalla, 2008) to analyze how measured synaptic conductances

sum to cause CA1 somatic depolarization. To enable spiking, we included sodium and potassium

delayed rectifier (KDR) channels in these neurons. Then, we drove this neuron with synaptic input as

measured from voltage clamp data.

Measurement of synaptic conductances
We calculated excitatory and inhibitory conductances using Equation (5), while holding the neuron

at inhibitory and excitatory reversal potentials respectively (Zhou et al., 2014, Atallah and Scan-

ziani, 2009). To measure excitatory conductance (gexc), we clamped the membrane to the inhibitory

reversal potential (Einh). In the absence of a stimulus, the holding current gave us the value of leak

current (Ileak). Excitatory synaptic current (Iexc) was measured as the change in membrane current

evoked by the input stimulus (Im � Ileak), from the baseline of holding current. We calculated the gexc

by dividing this stimulus evoked excitatory current by the excitatory driving force (Vm � Eexc). The

same procedure was repeated at excitatory reversal to measure inhibitory conductance (ginh) for

each stimulus.

With this method, measurement of gexc and ginh at corresponding clamped membrane voltages

was independent of the absolute value of Ileak. However, we needed to obtain an estimate of leak

conductance gleakð Þ for the purposes of the model (Equation (5)). We could not use the absolute

value of Ileak as measured in our voltage clamped neurons because of blockage of potassium chan-

nels with Cs internals. Hence, for use in our conductance model, gleak measurements were not taken

from our voltage clamp data, and instead the value was taken from literature.

Fitting data
Voltage clamp data was fit to a difference of exponential functions (Equation (8), Figure 6—figure

supplement 1e) by a non-linear least squares minimization algorithm using lmfit, a freely available

curve fitting library for Python. Using this, we obtained amplitudes (�g), time course (trise, tdecay) and

onset delay from stimulus (donsetÞ for both excitatory and inhibitory currents. We then calculated

inhibitory onset delay (dinh) by subtracting onset delay of excitatory from inhibitory traces.
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Onset detection
Onsets were also detected using three methods. Since we propose onset delays to be a function of

the excitation peak, we avoided onset finding methods such as time to 10% of peak, which rely on

peaks of the PSCs. We used threshold based (time at which the PSC crossed a threshold), slope

based (time at which the slope of the PSC onset was the steepest) and a running window based

method. In the running window method, we ran a short window of 0.5 ms, and found the time point

at which distributions of two consecutive windows became dissimilar, using a two sample KS test.

Ideally, with no input, the noise distribution across two consecutive windows should remain identical.

All three methods gave qualitatively similar results.

Modeling detailed balanced synapses
Synaptic inputs were modeled as sums of probabilistically activated basal synapses with synaptic

strengths taken from a lognormal distribution with shape and scale parameters as given by our one

square current clamp data (shape = �0.39, scale = 0.80). The width of the weight distribution was

altered by changing the scale parameter. Probabilistic synaptic activation was modeled as a binomial

process, with synaptic ‘release probability’ for excitatory and inhibitory inputs set at 0.2 and 0.8,

respectively.

Inhibitory inputs were generated with various degrees of correlation to the excitation, by shuffling

the excitatory weights in differently sized bins, from one to the length of the excitatory weight vec-

tor, controlled by a parameter �. In this manner, as � changed from 1 to 0, excitatory and inhibitory

weight vectors changed from paired (detailed balance) to completely unpaired but with identical

mean and variance of the weight distributions (global balance).

These synapses could be engaged by delivering stimuli, with the number of synapses per stimulus

sampled from a Poisson distribution with mean of 5 synapses per stimulus. The total number of

excitatory and inhibitory synaptic inputs engaged by a stimulus were always identical. Each stimulus

was repeated six times. The resultant means and standard deviations for excitatory and inhibitory

inputs were plotted against each other to compare different degrees of correlation. The whole pro-

cess was repeated 100 times, and correlations and r-squared values were averaged to generate the

heatmaps.

Mutual information calculation
Mutual information was calculated by non-parametric entropy estimation and histogram methods.

NPEET (https://github.com/gregversteeg/NPEET) was used for non-parametric estimation of Mutual

Information. The relationship between variables was shuffled 500 times to find the significance of

the Mutual Information estimate. If the true value of MI was not larger than 90% of the distribution

obtained by shuffling, mutual information was assumed to be 0. If the total information about the lin-

ear sum of one square responses using both peak amplitude and time could not be established with

90% confidence as described above, the cell was excluded from further analysis. We also used the

histogram method to find the mutual information (data not shown), and saw a similar trend. Cells

with fewer than 80 trials and less than 2 mV inter-quartile range in the linear sum from one square

PSP were excluded from the analysis. The calculated linear sum from one square PSP peak amplitude

responses, measured N-square peak amplitudes and time were binned with an equal number of

bins. The number of bins were calculated using Sturges’ Rule, which selects the number of bins as

1 + 3.3 log n, where n is the total number of observations for a given neuron. Bin frequencies were

divided by the total number of responses to get the probability of occurrence p(x) of each bin.

Mutual Information was then calculated for all pairs of combinations between linear sum, peak

amplitude and time using Equation (9) and (10).

MI X;Yð Þ ¼ H Xð Þþ H Yð Þ� H X;Yð Þ (9)

where Shannon’s entropy H Xð Þ for a variable X, is given as:
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H Xð Þ ¼
x �X

X

�pðxÞlog2pðxÞ (10)

Further, conditional mutual Information was calculated to measure gain in information about input

(linear sum) by knowledge of peak timing when peak amplitude is already known. It was calculated

using Equation 11.

I X ;YjZð Þ ¼ H X;Zð Þþ H Y ;Zð Þ� H X;Y ;Zð Þ� H Zð Þ (11)

Normalized mutual information was calculated by dividing mutual information between pairs of

variables by the total information between all three variables (Equation 12).

I X;Y;Zð Þ ¼ H Zð Þþ H X;Yð Þ� H X;Y ;Zð Þ (12)

Cross-pulse adaptation
We individually presented five unique photostimulation spots in all possible pairwise combinations,

with an inter-stimulus interval of 50 ms (Dittman et al., 2000), to test for the interaction using a

Cross Pulse Adaptation protocol. We then compared the averages of ten repeats of the response

for a given spot when it arrived second in the stimulus-pair, to when it came first. Hence, if there is

facilitation caused due to the presence of the first spot, then we should observe that the response

to the spot when it comes second is larger than when it comes first in the stimulus pair. To quantify

this change, we calculated the ratio between the average response of the spot, when it arrives at

the second place, to the response when it arrives at the first place. This gave us the Cross Pulse

Ratio (Figure 4—figure supplement 1b). A necessary internal control was that the self-self spot

pairs should get facilitated. However, we observed lack of facilitation for self-self pairs, for all the

cells we tested (Figure 4—figure supplement 1, n = 6 cells). To ensure that this effect was not due

to a limitation of the preparation, we tested paired pulse facilitation with electrical stimulation on

the same neuron which depressed with optical stimulation. We show that the neuron shows PPF with

electrical, but not with optical stimulation (Figure 4—figure supplement 1a). Unlike electrical stimu-

lation, which strongly and briefly stimulates many axonal fibres, optical stimulation targets neurons

with varying degrees of strengths, and incomplete recovery of ChR2 from desensitization at such

short timescales may be the reason for the second pulse not being as effective as the first one. This

interfered with our ability to measure paired pulse facilitation and introduced uncertainty in inter-

preting cross-pulse effects. This precluded further investigation using this approach.

Distributedness and physical distance between square patterns
We calculated the effect of the interaction due to physical proximity of photostimulation squares on

the responses. We defined a quantity distributedness, as the sum of the distance between all simul-

taneously stimulated spots from the combined centre of mass of these spots (Figure 4—figure sup-

plement 1d). We compared this to degree of sublinearity, that is the ratio between the Observed

response (O) and the Expected sum (E) of individual squares. Thus, if the interaction between neigh-

bouring squares caused sublinearity, we would see a positive correlation between the distributed-

ness and O/E ratio (for the stimuli within an N-square set). Conversely, a negative correlation would

imply supralinearity.

We also checked for any interaction that may be taking place between two different optical stim-

ulation patterns. To quantify this, we measured distances on the grid map between all spots in all

pairs of patterns, and compared it against the Vm change they caused at CA1 (Figure 4—figure

supplement 1e).
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Kim H, Ährlund-Richter S, Wang X, Deisseroth K, Carlén M. 2016. Prefrontal parvalbumin neurons in control of
attention. Cell 164:208–218. DOI: https://doi.org/10.1016/j.cell.2015.11.038, PMID: 26771492

Klyachko VA, Stevens CF. 2006. Excitatory and feed-forward inhibitory hippocampal synapses work
synergistically as an adaptive filter of natural spike trains. PLOS Biology 4:e207. DOI: https://doi.org/10.1371/
journal.pbio.0040207, PMID: 16774451

Kremkow J, Aertsen A, Kumar A. 2010. Gating of signal propagation in spiking neural networks by balanced and
correlated excitation and inhibition. Journal of Neuroscience 30:15760–15768. DOI: https://doi.org/10.1523/
JNEUROSCI.3874-10.2010, PMID: 21106815

Lee D, Lin BJ, Lee AK. 2012. Hippocampal place fields emerge upon single-cell manipulation of excitability
during behavior. Science 337:849–853. DOI: https://doi.org/10.1126/science.1221489, PMID: 22904011

Lovett-Barron M, Turi GF, Kaifosh P, Lee PH, Bolze F, Sun XH, Nicoud JF, Zemelman BV, Sternson SM, Losonczy
A. 2012. Regulation of neuronal input transformations by tunable dendritic inhibition. Nature Neuroscience 15:
423–430. DOI: https://doi.org/10.1038/nn.3024, PMID: 22246433

Luz Y, Shamir M. 2012. Balancing feed-forward excitation and inhibition via hebbian inhibitory synaptic plasticity.
PLOS Computational Biology 8:e1002334. DOI: https://doi.org/10.1371/journal.pcbi.1002334, PMID: 22291583

Magee JC, Cook EP. 2000. Somatic EPSP amplitude is independent of synapse location in hippocampal
pyramidal neurons. Nature Neuroscience 3:895–903. DOI: https://doi.org/10.1038/78800, PMID: 10966620

Murthy VN, Sejnowski TJ, Stevens CF. 1997. Heterogeneous release properties of visualized individual
hippocampal synapses. Neuron 18:599–612. DOI: https://doi.org/10.1016/S0896-6273(00)80301-3, PMID:
9136769

Bhatia et al. eLife 2019;8:e43415. DOI: https://doi.org/10.7554/eLife.43415 26 of 29

Research article Neuroscience

110



Okun M, Lampl I. 2008. Instantaneous correlation of excitation and inhibition during ongoing and sensory-
evoked activities. Nature Neuroscience 11:535–537. DOI: https://doi.org/10.1038/nn.2105, PMID: 18376400

Okun M, Lampl I. 2009. Balance of excitation and inhibition. Scholarpedia 4:7467. DOI: https://doi.org/10.4249/
scholarpedia.7467

Poirazi P, Brannon T, Mel BW. 2003. Arithmetic of subthreshold synaptic summation in a model CA1 pyramidal
cell. Neuron 37:977–987. DOI: https://doi.org/10.1016/S0896-6273(03)00148-X, PMID: 12670426

Pouille F, Marin-Burgin A, Adesnik H, Atallah BV, Scanziani M. 2009. Input normalization by global feedforward
inhibition expands cortical dynamic range. Nature Neuroscience 12:1577–1585. DOI: https://doi.org/10.1038/
nn.2441, PMID: 19881502

Pouille F, Scanziani M. 2001. Enforcement of temporal fidelity in pyramidal cells by somatic feed-forward
inhibition. Science 293:1159–1163. DOI: https://doi.org/10.1126/science.1060342, PMID: 11498596

Ray S, Bhalla US. 2008. PyMOOSE: interoperable scripting in Python for MOOSE. Frontiers in Neuroinformatics
2. DOI: https://doi.org/10.3389/neuro.11.006.2008, PMID: 19129924

Shannon CE. 1948. A mathematical theory of communication. Bell System Technical Journal 27:379–423.
DOI: https://doi.org/10.1002/j.1538-7305.1948.tb01338.x

Shu Y, Hasenstaub A, Badoual M, Bal T, McCormick DA. 2003. Barrages of synaptic activity control the gain and
sensitivity of cortical neurons. The Journal of Neuroscience 23:10388–10401. DOI: https://doi.org/10.1523/
JNEUROSCI.23-32-10388.2003, PMID: 14614098

Tsodyks MV, Markram H. 1997. The neural code between neocortical pyramidal neurons depends on
neurotransmitter release probability. PNAS 94:719–723. DOI: https://doi.org/10.1073/pnas.94.2.719, PMID:
9012851

Vogels TP, Sprekeler H, Zenke F, Clopath C, Gerstner W. 2011. Inhibitory plasticity balances excitation and
inhibition in sensory pathways and memory networks. Science 334:1569–1573. DOI: https://doi.org/10.1126/
science.1211095, PMID: 22075724

Vogels TP, Abbott LF. 2009. Gating multiple signals through detailed balance of excitation and inhibition in
spiking networks. Nature Neuroscience 12:483–491. DOI: https://doi.org/10.1038/nn.2276, PMID: 19305402

Wehr M, Zador AM. 2003. Balanced inhibition underlies tuning and sharpens spike timing in auditory cortex.
Nature 426:442–446. DOI: https://doi.org/10.1038/nature02116, PMID: 14647382

Wilent WB, Contreras D. 2005. Dynamics of excitation and inhibition underlying stimulus selectivity in rat
somatosensory cortex. Nature Neuroscience 8:1364–1370. DOI: https://doi.org/10.1038/nn1545, PMID: 1615
8064

Woodson W, Nitecka L, Ben-Ari Y. 1989. Organization of the GABAergic system in the rat hippocampal
formation: a quantitative immunocytochemical study. The Journal of Comparative Neurology 280:254–271.
DOI: https://doi.org/10.1002/cne.902800207, PMID: 2925894

Xue M, Atallah BV, Scanziani M. 2014. Equalizing excitation-inhibition ratios across visual cortical neurons. Nature
511:596–600. DOI: https://doi.org/10.1038/nature13321, PMID: 25043046

Yizhar O, Fenno LE, Prigge M, Schneider F, Davidson TJ, O’Shea DJ, Sohal VS, Goshen I, Finkelstein J, Paz JT,
Stehfest K, Fudim R, Ramakrishnan C, Huguenard JR, Hegemann P, Deisseroth K. 2011. Neocortical excitation/
inhibition balance in information processing and social dysfunction. Nature 477:171–178. DOI: https://doi.org/
10.1038/nature10360, PMID: 21796121

Zhang LI, Tan AY, Schreiner CE, Merzenich MM. 2003. Topography and synaptic shaping of direction selectivity
in primary auditory cortex. Nature 424:201–205. DOI: https://doi.org/10.1038/nature01796, PMID: 12853959

Zhou M, Liang F, Xiong XR, Li L, Li H, Xiao Z, Tao HW, Zhang LI. 2014. Scaling down of balanced excitation and
inhibition by active behavioral states in auditory cortex. Nature Neuroscience 17:841–850. DOI: https://doi.org/
10.1038/nn.3701, PMID: 24747575

Bhatia et al. eLife 2019;8:e43415. DOI: https://doi.org/10.7554/eLife.43415 27 of 29

Research article Neuroscience

111



Appendix 1

DOI: https://doi.org/10.7554/eLife.43415.025

Here we compare the analytic form of the PSP peak with and without inhibition. This set of

equations furthers our understanding of how the subthreshold divisive normalization takes

effect, with changes in EI ratios and inhibitory delays. Here, ! represents the EI ratio at the

time of postsynaptic depolarization peak, and h represents the ratio of the excitatory

conductances at peak depolarization time in the presence and absence of delayed inhibition.

Finding roots for Equation 5,

Cm

dVm

dt
¼ gleak : Eleak� Vmð Þþ gexc tð Þ : Eexc � Vmð Þ þ ginh tð Þ : Einh � Vmð Þ ¼ 0

gleakEleak þ gexc t�ð ÞEexc þ ginh t�ð Þ Einh � Vm gleak þ gexc t�ð Þ þ ginh t�ð Þð Þ ¼ 0 (A1)

Here t* is the time of PSP peak.

Vm t�ð Þ ¼
gleakEleak þ gexc t�ð ÞEexc þ ginh t�ð Þ Einh

gleakþ gexc t�ð Þ þ ginh t�ð Þ
(A2)

Subtracting Eleak from both sides,

�¼ Vm t�ð Þ� Eleak ¼
gleakEleakþ gexc t�ð ÞEexc þ ginh t�ð Þ Einh

gleak þ gexc t�ð Þ þ ginh t�ð Þ
� Eleak (A3)

�¼
gexc t�ð Þ Eexc �Eleakð Þþ ginh t�ð Þ Einh � Eleakð Þ

gleak þ gexc t�ð Þ þ ginh t�ð Þ
(A4)

Similarly, with ginh
�

¼ 0 (no inhibition case), let t** be the time of peak.

"¼
gexc t��ð Þ Eexc �Eleakð Þ

gleak þ gexc t��ð Þ
(A5)

Let h ¼ gexc t�ð Þ
gexc t��ð Þ, ! ¼ ginh t�ð Þ

gexc t�ð Þ, DEexc ¼ Eexc � Eleakð Þ, and DEinh ¼ Einh � Eleakð Þ

Dividing 4 by 5, and replacing using terms above:
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�

"
¼

gexc t�ð ÞDEexc

gexc t��ð ÞDEexc
þ ginh t�ð ÞDEinh

gexc t��ð ÞDEexc

gleakþ gexc t�ð Þ þ ginh t�ð Þ
gleakþ gexc t��ð Þ

�

"
¼

hþ !hDEinh

DEexc

gleak
gleakþ gexc t��ð Þþ 1þ !ð Þ gexc t�ð Þ

gleakþ gexc t��ð Þ :
gexc t��ð ÞDEexc

gexc t��ð ÞDEexc

�

"
¼

h 1þ !DEinh

DEexc

� �

gleak
gleakþ gexc t��ð Þþ

1þ !ð Þ
DEexc

h"

Multiplying the numerator and denominator by DEexc

h 1þ !ð Þ

�

"
¼

DEexc 1þ !
DEinh
DEexc

ð Þ
1þ !ð Þ

gleak :DEexc

gleakþ gexc t��ð Þð Þ 1þ !ð Þhþ "

�

"
¼

DEexc

1þ !ð Þ þ
!

1þ !

� �

DEinh

DEexc

1þ
gexc t��ð Þ
gleak

� �

1þ !ð Þh

þ "

�¼
l"

gþ "
(A6)

l¼
DEexc

1þ !ð Þ
1þ !

DEinh

DEexc

� �

(A7)

g¼
DEexc

1þ!ð Þ 1þFð Þh
; where F

gexcðt
��Þ

gleak
(A8)

When the delay between excitation and inhibition is large, h approaches 1, and ! approaches

0, leading to � approaching ". This corresponds to the region where the input-output

relationship is almost linear at low values of ", and becomes increasingly sublinear as

" increases. As the values of h and ! increase, the value of g decreases, leading to increasing

normalization.
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Figure 1. Stimulating CA3-CA1 network with hundreds of optical patterns. (a) Top, schematic of the CA3-CA1 circuit with direct excitation and

feedforward inhibition. Bottom, image of a hippocampus slice expressing ChR2-tdTomato (red) in CA3 in a Cre-dependent manner. Optical stimulation

grid (not drawn to scale) was centered at the CA3 cell body layer and CA1 neurons were patched. (b) Spike response map of CA3 neuron responses

with one grid square active at a time. A CA3 neuron was patched and optically stimulated, in random spatio-temporal order, on the grid locations

marked with grey border. This cell spiked (marked with number inside representing spike counts over four trials) in 5 out of 24 such one square stimuli

delivered. (c) Heatmap of CA1 responses while CA3 neurons were stimulated with one square optical stimuli. Colormap represents peak Vm change

averaged over three repeats. (d) Schematic of optical stimulus patterns. Examples of combinations of N-square stimuli where N could be 1, 2, 3, 5, 7 or

9 (in rows). (e) Spikes in response to four repeats for the circled square, in b. Spike times are marked with a black tick, showing variability in evoked

peak times. Blue trace at the bottom represents photodiode measurement of the stimulus duration. Scale bar for time, same as h. (f) Distribution of

jitter in spike timing (SD) for all stimuli for all CA3 cells (n = 8 cells). (g) CA3 spiking probability (fraction of times a neuron spiked across 24 stimuli,

repeated thrice) is consistent over a single recording session. Randomization of the stimulus pattern prevented ChR2 desensitization. Circles, colored as

in d depict spiking probability on each repeat of a stimulus set with connecting lines tracking three repeats of the set (n = 7 cells). (h) PSPs in response

to three repeats of the circled square in c. Peak times are marked with an asterisk. Blue traces at the bottom represent corresponding photodiode

traces for the stimulus duration. (i) Distribution of peak PSP amplitude variability (variance/mean) for all 1-square responses (n = 28 cells, stimuli = 695).

(j) Histogram of peak amplitudes of all PSPs elicited by all 1-square stimuli, over all CA1 cells. Grey dotted line marks the mode (n = 38 cells,

trials = 8845).
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Figure 1—figure supplement 1. Experiment design. (a) Schematic of the light path of patterned optical stimulation. Projector’s output was minified

using a lens and introduced into the light path of the microscope by reflecting off of a dichroic. We could thus focus arbitrary minified patterns at the

sample plane, and switch them at short intervals. (b) Heat map of CA3 neuron responses with one grid square active at a time, from the neuron in

Figure 1b. Color in grid squares represents peak Vm change from baseline, averaged over trials when the neuron did not spike. Locations where the

cell spiked all four times are marked with a cross. (c–f) Four different kinds of grids used for photostimulation. The grid was made sparser to avoid

stimulation of the same region with light from nearby photostimulation squares. The four different grids were (from left to right): 24 square circular

sparse grid (Figure 1) (13 cells), 37 point sparse circular grid (6 cells), 13 � 13 dense grid (9 cells), 15 � 15 dense grid (10 cells). For one cell we used a

fifth kind of grid: 112 point dense circular grid (not shown in figure).
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Figure 2. Excitation and inhibition are tightly balanced for all stimuli to a CA1 cell. (a) Monosynaptic excitatory postsynaptic currents (EPSCs, at �70

mV) and disynaptic inhibitory postsynaptic currents (IPSCs, at 0 mV) in response to five different stimulus combinations of 5 squares each. All

combinations show proportional excitatory and inhibitory currents over six repeats. Top, schematic of 5-square stimuli. (b) EPSCs and IPSCs are elicited

with the same I/E ratio in response to six repeats of a combination, and across six different stimuli from 1 square to nine squares, for the same cell as in

a. Top, schematic of the stimuli. (c) Area under the curve for EPSC and IPSC responses, obtained by averaging over six repeats, plotted against each

other for all stimuli to the cell in a, b. Error bars are s.d. (d) Summary of I/E ratios for all cells (n = 13 cells). (e) Summary for all cells of R2 values of linear

regression fits through all points. Note that 11 out of 13 cells had R2 greater than 0.9, implying strong proportionality. (f) Same as e, but with linear

regression fits for 1 and 2 square responses, showing that even small number of synapses are balanced for excitation and inhibition (n = 9 cells). (g)

Phase plot from the model showing how tuning of synapses (�) affects observation of EI balance (R2) for various values of variance/mean of the basal

weight distribution. Changing the scale of the basal synaptic weight distributions against tuning parameter � affects goodness of EI balance fits. Arrow

indicates where our observed synaptic weight distribution lay. (h) Example of EI correlations (from data) for 1 and 2 square inputs for an example cell.

Bottom, schematic of the stimuli. Excitation and inhibition are colored olive and purple, respectively. Error bars are s.d. (i) Examples of EI correlation

(from model) for small number of synapses, from the row marked with arrow in g. The left and right curves show low and high correlations in mean

amplitude when EI synapses are untuned (� = 0) and tuned respectively (� = 1) (A.U. = Arbitrary Units). Colors, same as h. Error bars are s.d.
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Figure 2—figure supplement 1. Detailed balance in CA3-CA1 feedforward network. (a) Plot of residuals for all inputs (colored by N-square as shown in

Figure 1d) of all cells, normalized by their standard deviation. The residuals were calculated by subtracting the actual values of inhibition from the

Figure 2—figure supplement 1 continued on next page
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Figure 2—figure supplement 1 continued

values predicted by the regression line across the Excitation-Inhibition plot. These were then standardised by dividing individual residual values by the

standard deviation across all stimuli of the same number of squares. We found that standardized residuals for different input squares were distributed

symmetrically across 0, showing that the I/E ratios did not change substantially across the cell. Variability within stimulus repeats compared with that

across all stimuli grouped by the number of squares, for excitation (left) and inhibition (right). For both, within stimulus variability is lower. (b) Variability

over repeats of a stimulus (within) divided by variability across all stimuli of the same number of squares delivered to a cell (across), for excitation (left)

and inhibition (right). Dotted line represents equal within and across variability. For both excitation and inhibition, within-stimulus variability is lower

(n = 13 cells). (c) Standard deviation of I/E ratios across stimuli for a given cell was lower than that across all cells (dotted line) for 12 out of 13 cells. (d)

Two example cells where EI balance can be observed for 1 and 2 square data from voltage clamped cells (Summary plot in Figure 2f). (e) Two example

cells where EI balance can be observed for one square data from current clamped cells, as shown in Figure 5d. (f) Summary of R2 for one square data

from all current clamped cells (n = 9). (g) Histogram of correlation between standard deviations (s.d.) for excitation and inhibition for all stimuli over

individual cells. Mean correlation = 0.61 (n = 13 cells). (h) A schematic for the detailed balance model. EI correlations increase with increase in �, as well

as with decrease in variance of the distribution of basal excitatory synaptic weights. (i) Phase plot, similar to Figure 2g, but with correlations of standard

deviations for excitation and inhibition. Arrow marks the row with our estimated synaptic weight distribution width. (j) Example cell with 0.72 correlation

between s.d. of excitation and inhibition repeats over individual stimuli. Excitation and inhibition are colored olive and purple respectively. (k) Examples

for s.d. correlation from the row marked with arrow, for untuned (left, � = 0, corr = 0.22) and tuned (right, � = 1, corr = 0.87) synapses (A.U. = Arbitrary

Units). Colors, same as i. Error bars are s.d.
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Figure 2—figure supplement 2. Raw data from all cells showing precise balance between excitation and inhibition. Individual plots for area under the

curve for excitation and inhibition recorded from all cells (except the display cell in Figure 2c). These were measured by clamping the cells at inhibitory

(�70 mV) and excitatory (0 mV) reversal potentials respectively. Cells exhibit close proportionality between excitation and inhibition. The I/E ratio (slope)

and the R2 (goodness of fit) for each cell are mentioned in their individual plots. Error bars are s.d.
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Figure 3. Excitatory and feed-forward inhibitory inputs from CA3 integrate sublinearly at CA1. (a) Schematic of a neuron receiving synaptic input

distributed over its dendritic tree. (b) Schematic of input integration. Top, five 1-square stimuli presented individually, and a single 5-square stimulus

comprising of the same squares. Bottom, PSPs elicited as a response to these stimuli. 5-square PSP can be larger (supralinear, orange), equal to (linear,

black), or smaller (sublinear, grey) than the sum of the single square PSPs. (c) A PSP trace marked with the four measures used for further calculations.

PSP peak, PSP area, area to peak and mean voltage are indicated. (d) Schematic of the input integration plot. Each circle represents response to one

stimulus combination. ‘Observed’ (true response of 5 square stimulation) on Y-axis and ‘Expected’ (linear sum of 1 square responses) is on X-axis. (e)

Most responses for a given cell show sublinear summation for a 5-square stimulus. The four panels show sublinear responses for four different measures

(mentioned in c) for the same cell. The grey dotted line is the regression line and the slope of the line is the scaling factor for the responses for that

cell. For peak (mV), area (mV.ms), average (mV), and area to peak (mV.ms); slope = 0.27, 0.23, 0.23, 0.18; R2 0.57, 0.46, 0.46, 0.26, respectively. The

responses to AUC and average are similar because of the similarity in the nature of the measure. (f) Distribution of Observed/Expected ratio of peaks of

all responses for all 5-square stimuli (mean = 0.57, s.d. = 0.31), from all recorded cells pooled. 93.35% responses to 5-square stimuli were sublinear

(2513 PSPs, n = 33 cells). (g) Distribution of slopes for peak amplitude of 5-square stimuli (mean = 0.38, s.d. = 0.22). Regression lines for all cells show

that all cells display sublinear (<1 slope) summation (n = 33 cells).
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Figure 3—figure supplement 1. Summation at CA3-CA1 network is sublinear. (a) Responses to 1-square photostimulation at CA3 were similar in both

Control and GABAzine conditions, except close to the tail of the distribution (n = 11, Control: 1092 trials, GABAzine: 1173 trials). This demonstrates that

there is very little inhibitory effect on peak Vm with one square photostimulation. (b) Responses to 9-squares photostimulation lead to much larger

responses in the presence of GABAzine than in its absence (n = 3, Control: 142 trials, GABAzine: 144 trials). Compare this with a. (c) Slope values for

three other measures (area under curve, mean voltage and area to peak) of the observed PSP on five square stimulation in all cells. Sublinearity is seen

in all four measures (n = 33 cells). The slope for first measure, peak Vm, is displayed in Figure 3g. Area under curve and Mean voltage panels look alike

due to the similarity in the nature of the measure. (d) Summation plots analogous to those in Figure 3f for the remaining 2, 3, 7 and 9 stimuli.

Observed/Expected (O/E) ratio for most stimuli was less than 1, showing sublinear summation (grey).
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Figure 4. Over a wide input range, integration of CA3 excitatory and feed-forward inhibitory input leads to SDN at CA1. (a) Three phenomenological

models of how inhibition interacts with excitation and modulates membrane potential: (left to right) Subtractive Inhibition (SI), Divisive Inhibition (DI)

and Divisive Normalization (DN). Note how parameters a, b and g from Equation (1) affect response output. (b) Divisive normalization seen in a cell

stimulated with 2, 3, 5, 7 and 9 square combinations. DN and DI model fits are shown in purple and green, respectively. (c) Difference in Bayesian

Information Criterion (BIC) values for the two models - DI and DN. Most differences between BIC for DI and DN were less than 0, which implied that

DN model fit better, accounting for the number of variables used. Insets show raw BIC values. Raw BIC values were consistently lower for DN model,

indicating better fit (Two-tailed paired t-test, p<0.00005, n = 32 cells). (d) Distribution of the parameter g of the DN fit for all cells (median = 7.9, n = 32

cells). Compare with a, b to observe the extent of normalization. (e) Distribution of the parameter beta of the DI fit for all cells (mean = 0.5, n = 32 cells).

Values are less than 1, indicating sublinear behaviour.
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Figure 4—figure supplement 1. Interaction of squares does not affect summation unidirectionally. (a) Example cell showing PPF with electrical, but not

with optical stimulation. Individual traces are in grey and black is the average trace. (b) Cross Pulse Ratio (Materials and methods) of 25 pairs of stimuli
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Figure 4—figure supplement 1 continued

(from five photostimulation squares) presented to an example cell, different from that in a. Ratio less than one for self-self pairs, on the diagonal,

implies lack of facilitation. (c) We restricted our analysis to non-bordering squares and fit the subthreshold divisive normalization model and checked for

the value of the normalization parameter (g). The degree of sublinearity and the input-output curve remained unchanged, as indicated by the similarity

in the values of DN parameter g, ruling out the hypothesis that interactions between neighboring squares account for the observed sublinearity in the

SDN curve. (d) Median correlation (0.09) between distributedness of the photostimulation squares and the O/E ratio shows that distances between grid

squares do not have a unidirectional relationship with the extent of sublinearity. (e) Median correlation (0.02) between how close the patterns were on

the grid to the measured voltage response of CA1 again shows no unidirectional effect of physical proximity of patterns.
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Figure 4—figure supplement 2. Input range expansion for observing nonlinear summation and divisive normalization. (a) A large range of stimulus

strengths is required to detect nonlinearity in summation and to characterize divisive normalization. Comparing a nonlinear function of x, f(x) = x2 (blue)

with a linear function f(x)=0.2 x (orange). It is difficult to distinguish between the two possibilities (from x = 0. to x = 0.2). However, across a larger range

of x, differences can be seen. (b–l) In order to sample uniformly and over a wider input range of a cell (x axis, labelled Expected sum), we did ‘range

expansion’ for some cells (n = 6 cells) as follows. A 37-point grid (Figure 1—figure supplement 1c) was used for these experiments. For a given cell,

we first measured the 1-square responses to all 37 grid squares. Then, the 1-square responses were binned into 24 bins, and one member was picked

from each bin randomly. In case there were fewer than than one member per bin, other bins were resampled without replacement until the total

number was 24. Using this, we generated the distributions of expected sum of N-squares (N = 2, 3, 5, 7, 9). The distributions of the next N-square was

truncated such that its minimum began at the maximum of the last N-square distribution (distributions in black, first column of all rows). For example, if

the set of squares were 2, 3, 5, 7, 9, we picked the squares such that the distribution of 5 squares started from the end of 3 squares. We then sampled

uniformly from this reduced distribution (distributions in grey, second column of all rows). This allowed us to uniformly sample from the entire

theoretically possible range, and hence ensure that we observed summation over a wide range of inputs (as explained in a). (m, n) Responses from one

cell without (m) and one with (n) range expansion are shown. Note that responses from different N-squares (shown in different colors, marked as in

Figure 1d), are overlapping in the Expected-axis for m, while the process of range expansion enforces exploration of a large input range in a non-

overlapping manner in n. (o) Reduced chi-square fits confirm DN model fits better than DI. In addition to BIC (Figure 4c), we used the reduced chi-

square fit test to compare the two models of inhibitory computations (divisive inhibition (DI) and divisive normalization (DN)). Divisive normalization

model (Equation 3) almost always fit better than divisive inhibition model (Equation 2) for reduced chi-square, as it did for BIC (Figure 4b and c). This

figure shows the reduced chi-square ratio plotted for DI and DN models (DI/DN). Values close to one imply good fits, while lesser and greater than one

imply over and under-fitting the data respectively. Again, DN is on average closer to one (inset), and the reduced chi-square ratio is almost always

larger than one, implying that DN model fit is better than a DI model fit (n = 32 cells).
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Figure 5. Blocking balanced inhibition at resting membrane potential attenuates SDN. (a) Top, schematic of

experiment condition. Bottom, a cell showing divisive normalization in control condition. (b) Top, schematic of

experiment condition with feedforward inhibition blocked (2 uM GABAzine). Bottom, responses of the same cell

with inhibition blocked. The responses are much closer to the linear summation line (dashed). The blue lines in a,

b are the fits of the DN model. The value of g of the fit increases when inhibition is blocked. (c) Parameter g was

larger with GABAzine in bath (Wilcoxon rank sum test, p<0.05, n = 8 cells), implying reduction in normalization

with inhibition blocked. (d) Excitation versus derived inhibition for all points for the cell shown in a (area under the

curve) (Slope = 0.97, r-square = 0.93, x-intercept = 3.75e-5 mV.ms). Proportionality was seen for all responses at

resting membrane potential. Top, ‘Derived inhibition’ was calculated by subtracting control PSP from the

excitatory (GABAzine) PSP for each stimulus combination. (e,f) R2 (median = 0.8) and slope values (median = 0.7)

for all cells (n = 8 cells), showing tight IPSP/EPSP proportionality, and slightly more excitation than inhibition at

resting membrane potentials.
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Figure 6. Conductance model predicts Excitatory-Inhibitory delay as an important parameter for divisive normalization. (a) Subthreshold responses

from HH model, simulated with traces recorded from one voltage clamped cell (Figure 2). Non-linearly saturating curve, similar to SDN, obtained by

simulating with both excitation and inhibition synaptic conductances (black), while the response profile is much more linear with only excitation (red).

Each black point is the median response of an excitation trace paired with six different repeats of inhibition for that combination. (b) PSP peak

amplitude with both excitatory and balanced inhibitory inputs is plotted against the EPSP peak amplitude with only excitatory input. Model showed

sublinear behaviour approximating divisive inhibition for I/E proportionality ranging from 1 to 6 when the inhibitory delay was static. Different colours

show I/E ratios. (c) Same as in b, except the inhibitory delay was varied inversely with excitatory conductance (as shown in e). Initial linear zone and

diminishing changes in PSP amplitude, indicative of SDN were observed, and the normalization gain was sensitive to the I/E ratio. dmin= 2 ms, k = 0.5

nS�1, and m = 8.15 ms. Note, the increased overlap in the initial zone (grey box) and the saturation of the PSP peaks in c, as compared to b. (d) Effect

of changing EI delay, keeping I/E ratio constant (I/E ratio = 5). Divisive inhibition (green) seen while changing EI delay values from 2 to 10 ms. Divisive

normalization (purple) emerges if delays are changed as shown in e. dmin= 2 ms, k = 0.5 nS�1, and m = 8.15 ms. (e) Inverse relationship of EI delays with

excitation. Inhibitory delay was varied with excitatory conductance in Equation (4) with dmin = 2 ms, k = 2 nS�1, and m = 13 ms. (f) Data from an

example cell showing the relationship of EI delays with excitation. The relationship is similar to the prediction in e. Points are binned averages. Error

bars are s.d. (g) Data from all cells showing delay as a function of excitation. Different colors indicate different cells (n = 13 cells). Grey lines are linear

regression lines through individual cells. (h) Traces (from a voltage clamped neuron) showing the decreasing EI delay with increasing amplitude of PSCs.

Each trace is an average of 6 repeats.
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Figure 6—figure supplement 1. Sensitivity of SDN to EI balance and EI delay, and synaptic time courses used for model. (a) Equivalent circuit for the

conductance model showing capacitive, excitatory, inhibitory, and leak components. (b,c) Subthreshold divisive normalization was sensitive to I/E ratio

(b), and EI delay (c). SDN was lost when the relationship between I/E ratios for a given cell was permuted b. SDN was also lost when the relationship of

delay to excitation (Figure 6e) was permuted (c). (d) Histogram of slopes of linear regression lines through EI delays (dinh) vs excitatory conductance

(gexc) for cells in Figure 6g. (e) Rise times (trise) and decay times (tdecay) were extracted from optically evoked postsynaptic currents (EPSCs and IPSCs,

Figure 2, Figure 2—figure supplement 1) by fitting a difference of exponentials (Figure 6, Equation (8)) (n = 13 cells). (f) Schematic showing that our

observed delay function (right) can be obtained by thresholding of EPSPs (left) in the simple conductance model.
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Figure 6—figure supplement 2. HH model simulations with voltage clamped data show SDN. (a) Fits of parameter g (Equation (3)) to peak Vm vs

excitatory conductance for simulations of the HH model with synaptic conductances taken from voltage clamped cells. Black dots are medians for peak
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Figure 6—figure supplement 2 continued

depolarization caused by excitatory conductance paired with inhibitory conductance for 6 repeats of the same stimulus. X-axis conductance values were

scaled with a factor of 100 for fitting. (b) Difference in fit parameter g for the case with and without inhibition, black dots are means. The two

distributions were significantly different (Wilcoxon rank sum test, p<1e-4, n = 13). The fit was susceptible to outliers in some cases.
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Figure 7. Advancing inhibitory onset changes PSP peak time and spike time with increase in stimulus strength. (a,b) The PSP peak arrived earlier

following larger input in the control case (black), but not with GABAzine in bath (red). Traces for an example cell, binned (20 bins for Expected sum axis)

and averaged, for control (black) and with GABAzine in bath (red). (c) Slope of the peak time was more negative in presence of inhibition (control) than

when inhibition was blocked (GABAzine) (n = 8 cells). (d) Three example traces from the cell in g showing the relationship of spikes in presence (black)

and absence of inhibition (red). Spikes were produced by HH model, using synaptic conductances from voltage clamp data. The separation between

spike times of the two conditions increased with decrease in input conductance (top to bottom). (e) Total mutual information of peak amplitude and

peak timing with expected sum was not significantly different between Control and GABAzine case (Wilcoxon Rank sum test (<0.05), p=0.11, n = 7 CA1

cells). (f) Normalized mutual information between Expected Vm and peak time, Expected Vm and peak amplitude, and conditional mutual information

between Expected Vm and peak time, given the knowledge of peak amplitude. Normalized information was calculated by dividing mutual information

by total information for each cell (as shown in d). Peak times carried more information in the presence of inhibition, and peak amplitudes carried more

information in the absence of inhibition. There was higher gain in information about the input with timing if the inhibition was kept intact (Wilcoxon

Rank sum test (p<0.05), n = 7 (Pk time, Pk amp) and (p=0.05) n = 6 (Gain with time) CA1 cells). (g) Relationship of spike time with excitatory

conductance, in the presence (black) and absence of inhibition (red), for HH model simulations. All black points are medians of spikes of each excitation

trace paired with six different repeats of inhibition for that combination.
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Figure 7—figure supplement 1. Spike time changes with increasing input are steeper in presence of inhibition. (a) Plots from HH model, simulated

using data from voltage clamp cells, show the relationship of spike time with conductance, with (black) and without inhibition (red). Each plot is

Figure 7—figure supplement 1 continued on next page
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Figure 7—figure supplement 1 continued

produced using data from an individual cell. Each black point is the median of spike times evoked by excitation paired with six different repeats of

inhibition for that stimulus combination. Red points are spike times produced for the same values of excitation, but without any inhibition. Separation of

the curves was strongly dependent on the exact value of threshold. Using the natural threshold which emerged from the HH model (�56.3 mV),

separation could be seen for about half the cells. (b,c) Value of fit parameters k,c when the relationship between spike times and excitatory were fit by

c + k/x curve. There was significant difference (Wilcoxon rank sum test, p<0.05, n = 13) between the steepness of the curves for the cases with and

without inhibition, where the absence of inhibition makes this curve steeper. There was no significant difference between the intercepts for these fits

(Wilcoxon rank sum test, p>0.05, n = 13).
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Figure 8. Emergence of SDN from balanced excitation and inhibition, coupled with dynamic EI delays. (a) Schematic showing precisely balanced EPSPs

(blue) and corresponding IPSPs (red) summing to produce PSPs (purple). The EPSPs and IPSPs increase in equal input steps. (b) Zooming into the

portion in the rectangle in a. Excitation onset is constant, but inhibition onset changes as an inverse function of input or conductance (gexc), as shown in

Figure 6. With increasing input, inhibition arrives earlier and cuts into excitation earlier for each input step. This results in smaller differences in

excitatory peaks with each input step, resulting in SDN. The timing of PSP peaks (purple) becomes progressively advanced, whereas the timing of EPSP

peaks (blue) does not, consistent with our results in Figure 7. (c,d) Normalization as a function of the two building blocks – EI balance (I/E ratio) and EI

delays (interneuron recruitment kinetics, k, as predicted by the model. Larger values of both imply greater normalization and increased gating. Colors

of the SDN curves depict the value of gamma (g), as shown in the phase plot in d. White squares are values of g larger than 40, where almost no

normalization occurs.
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Name (Units) Median  25% 75% 

Excitatory 𝜏rise  (ms)  0.007 0.005 0.011 

Excitatory 𝜏decay   

(ms) 

0.016 0.011 0.020 

Inhibitory 𝜏rise  (ms) 0.013 0.005 0.020 

Inhibitory 𝜏decay  (ms) 0.027 0.020 0.038 

 

 

Supplementary file 1
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S2a. Values taken from literature 

Variable Meaning Source Value 

𝑔leak  Leak conductance Fernandos and White, J. Neuro. (2010) 10 nS 

𝐸exc  Excitatory reversal Calculated (Methods) 0 mV 

𝐸inh  Inhibitory reversal Calculated (Methods) -70 mV 

𝐸leak  Leak reversal Fernandos and White, J. Neuro. (2010) -65 mV 

𝐶m  Membrane capacitance neuroelectro.org 100 pF 

    

S2b. Values extracted by fitting data 

Variable Meaning Range (units) 

𝑡 Time 0-100 ms 

𝑔exc  Excitatory max conductance 0 - 5 nS 

𝜏exc
rise

 
Excitatory Rise 7 ms 

𝜏exc
decay

 Excitatory Fall 16 ms 

   𝛿exc
onset   Excitatory onset time 0 ms 

𝑃 I/E ratio 0 - 5 

𝑔inh  Inhibitory max conductance 𝑃 x 𝑔exc   

𝜏inh
rise

 
Inhibitory Rise 13 ms 

𝜏inh
decay

 
Inhibitory Fall 27 ms 

𝛿inh
onset

 
Inhibitory onset time 2-15 ms 

 

Supplementary file 2
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Variable Meaning Value 

𝑙 Soma length 

(cylindrical 

compartment) 

10 μ  

𝑑 Soma diameter 10 μ  

𝜏m  Membrane time 

constant 

0.01 s 

𝐸exc  Excitatory reversal 0 mV 

𝐸inh  Inhibitory reversal -70 mV 

𝐸leak  Leak reversal -65 mV 

𝐸Ns  Sodium channel 

reversal potential 

55 mV 

𝐸KDR  Delayed rectifier 

potassium channel 

reversal potential 

-75 mV 

𝑔Ns  Sodium channel 

maximum conductance 

20 mS/cm
2
 

𝑔KDR  Delayed rectifier 

potassium channel 

maximum conductance 

25 mS/cm
2
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Chapter 4

Conclusion

In the preceding chapters, we showed two fundamental computational functions performed by

specific network motifs. Stereotypical circuit motifs that perform specific computations are found

across several biological networks (Milo, 2002), such as gene regulation, protein-protein interac-

tion and neuronal networks. First, we investigated feedback motifs in the context of the robustness

of bistable chemical reaction systems, known to be important for memory storage and decision

making operations. Bistable chemical reaction systems have been observed across several biolog-

ical systems: from decision making in mitosis to proposed chemical reaction systems responsible

for memory storage at the synapses. Second, we looked at the feedforward inhibitory neuronal

network in the hippocampus in the context of precise excitatory-inhibitory balance and input gain

control. This circuit has been observed to be important for spatial, temporal and episodic memory

formation.

Network structures that are robust to various perturbations have been suggested as organiza-

tional units for larger biological networks (Prill et al., 2005; Angulo et al., 2015), (Chapter 1,2). We

wanted to investigate the properties of network structures responsible for robustness to different

kinds of perturbations, and if there are correlations between robustness to different perturbations

across different chemical reaction networks (CRNs). We investigated the robustness of all bistable

chemical reaction networks below the size of 3 reactants and 6 reactions, or 4 reactants and 3 re-
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actions to perturbations to the network structure, reaction rates and intrinsic noise. We found no

average relation between robustness to different perturbations. However, when we grouped the

CRNs according to their smallest bistable subnetwork(s), or root groups, we found that the pres-

ence of a certain subset of these minimum bistable networks indicated a higher propensity of both

network growth and tolerance to parametric fluctuations. Specifically, we found that we could add

many reactions to group VI root CRN (Figure 4.1a, right) and it still retained bistability, and if a

given CRN contained root group VI, it was more likely to have high parameter robustness. Further,

combinations of different root groups suggested a principled way in which reaction systems could

organize their robustness to different kinds of perturbations.

Feedforward inhibition is a commonly found circuit motif in the brain. In the second study,

we investigated the hippocampal CA3-CA1 feedforward inhibitory circuit. This circuit is known

to be important for spatial navigation and episodic memory formation. Neuronal circuits have cer-

tain characteristic attributes, for example, Excitation-Inhibition (EI) balance, which is thought to

keep the total activity of the circuit in control. However, different theoretical proposals and exper-

imental observations differed in their agreement on the precision of EI balance in the brain. There

were different schools of thought that believed that excitation and inhibition were balanced only

on average (global EI balance) and over slow (>10 ms) timescales (loose EI balance), or all presy-

naptic inputs (detailed EI balance) and over fast (<10ms) timescales (tight EI balance) (Chapter

1). The combination of detailed and tight, called precise EI balance implies that random groups of

presynaptic inputs are proportional for excitation and inhibition at fast timescales. The theoretical

ramifications of this are discussed in (Barron et al., 2017). For our second goal, using a combina-

tion of theory, optogenetics and patch-clamp experiments, we designed a study to test the existence

of precise EI balance in the brain. At this resolution of precise EI balance, arbitrary combinations

of excitatory and inhibitory presynaptic network inputs are received at the postsynaptic neuron

with close to identical ratios and at fast (<10 ms) timescales. We stimulated the hippocampal input

network (CA3) with randomized, combinatorially chosen patterns of light and recorded from its
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output (CA1) using patch-clamp. We found that the ratio between excitatory and inhibitory synap-

tic input in the hippocampal CA1 neurons was within a tightly bounded ratio, and there indeed

was precise EI balance. Moreover, we discovered that the delay between excitation and inhibition

was not constant, as previously thought. It reduced as we increased the number of excitatory inputs

from CA3. This led us to discover a novel sub-threshold computation, where the response of the

output (CA1) neurons increases linearly for small input, but as input is increased, the degree of

change in the output keeps shrinking (Chapter 3, (Bhatia, Moza, and Bhalla, 2019)). This gen-

eral phenomenon, called divisive normalization, has been widely observed at the suprathreshold

level and has been shown to lead to gain control in the visual and olfactory systems (Carandini

and Heeger, 1995, 2011; Olsen et al., 2010). We proposed (Bhatia, Moza, and Bhalla, 2019) that

this mechanism may play an important role in the formation of place cells in the hippocampus. In

this chapter, we conclude this thesis by presenting future directions and several questions that our

studies have opened.
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Figure 4.1: Feedforward and feedback loop motifs. a. (Left) Feedback loop motif showing recur-
rent activation (or inhibition). (Right) Group VI root CRN showing mirror-symmetric positive
feedback loops with chemical reactions corresponding to the CRN. b. (Left) Feedforward loop
motif showing a positive connection from a to c and a to b, and ambivalent (positive or negative)
connection from c to b. (Right) Schematic of hippocampal CA3-CA1 circuit showing a feedfor-
ward inhibitory network with excitatory input from CA3 to I and CA3 to CA1 and inhibitory input
from I to CA1.

Families of feedback loop networks inherit robustness attributes from their

root networks

Biological systems consist of colossal networks of interacting molecules, computing and trans-

forming information over time. Theoretical models that study these complex systems select a level

of description and all interactions that are above or below a certain degree of resolution to the cho-

sen scale (Goldenfeld, 1999) are either coarse-grained or ignored. For example, while modelling

neuronal networks, the details of the chemistry of dendritic spines are ignored, and conversely,

while modelling the chemistry of dendritic spines, neuronal activity in multiple neurons in the net-
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work is ignored. This is only possible because of the natural separation of length, time and energy

scales in these systems.

However, the coarse-grained network structures that represent specific computations at a given

level of description may be relevant to multiple levels of description: for the example above,

both in the network of chemicals in the synapse and the structure of connectivity of neurons.

These recurrent graphical structures called motifs have been found in several networks in a variety

of biological systems across several scales (Chapter 1). Why are some network structures more

frequent than others? One suggestion has been that evolution favours robust network motifs. Thus,

while the same computational function can be performed by several architectures, some network

structures are more resilient to addition or subtraction of connections, or changes in parameters

which govern the dynamics on these networks.

We asked the question: are structural perturbations and parametric perturbations to a network

correlated? On average, we saw that there was a weak correlation between them. We then grouped

the CRNs by the presence of the smallest networks that showed bistability (root groups) in these

subnetworks. From this new perspective, we found CRNs which had certain root groups showed

a higher trend for both structural and parametric robustness. Specifically, the beautiful mirror-

symmetric motif of group VI (Fig. 4.1a), which consists of two competitive autocatalytic feedback

loops was highly resistant to parameter fluctuations, and it could retain its ability to be bistable

with the addition of reactions to form larger networks.

We found surprising and interesting links between our findings and the origin of life literature

that suggests the abiogenic origin of enantiomeric purity found in biological systems. We found

that two highly cited autocatalytic mechanisms (Frank, 1953; Viedma, 2005) proposed for causing

this asymmetry had the highest parametric robustness in all CRNs that we tested. One of these was

again the group VI root CRN, which is robustly bistable to both parametric fluctuations, and to the

addition of new reactions in the network. The other was structurally similar to group VI, in that it
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also had competitive autocatalytic feedback loops with a shared substrate. Our study reveals two

attributes of this autocatalytic network structure which are interesting from the perspective of a

hypothetical early biological network. First, mirror-symmetric competitive autocatalytic loops are

the best strategy for parametric robustness in small reaction networks. Second, the addition of new

links to this CRN tends to retain bistable dynamics. As mutations alter the structure of the biolog-

ical CRNs or allow exploration of their parameter space, the two attributes mentioned above allow

the network to grow in complexity while retaining bistable dynamics. Similar architectures have

also been used experimentally to synthesize pure chiral products from achiral substrates (Shibata

et al., 1996). Parametrically robust bistable reaction systems proposed by us could similarly be

considered to synthesise such homochiral products. Similarly, such networks could also be used

for making biochemical sensors using synthetic biology constructs. Robust bistability is desirable

in networks in these cases to avoid fine-tuning of chemical reaction rates, promoter region affinity,

etc.

Future directions

An immediate question that emerges from this is: are these networks truly over-represented in

biological systems? To investigate this, first, the bimolecular reactions in the (dat) have to be con-

verted to interaction graphs, because most biochemical reaction databases are in this form. Then

using an appropriate motif search algorithm, these subnetworks can be queried against the bio-

chemical reaction databases. However, there is the caveat that reducing these bimolecular reaction

systems to interaction graphs is lossy and generally has many possible solutions.

What structural properties do these 24 groups have in common? Are there general properties

that are common to all of these bistable mechanisms? We did not explore the structure of these

root groups further, to look for further similarities between their structure. This line of inquiry may

suggest general rules to design minimal structures for systems of other sizes.
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Our metric for Noise robustness relies on explicit stochastic simulation of chemical reaction

systems, and we were not able to simulate many systems to measure their residence times accu-

rately across several sets of reaction rates. This was due to two reasons: first, a lot of bistable

systems had stuck-states, i.e., stable states from which no escape is possible with noise. This hap-

pened because irreversible reactions are allowed in our framework, which can lead to steady-states

with zero concentrations of reactants without any flux that can produce the reactant. In order to

avoid such stuck-states, each reaction will need to be (at least weakly) reversible. Second, for some

CRNs, the network had high robustness to noise, which led to large simulation times. It would be

useful to implement tau-leaping (Gillespie, 2001) to accelerate these simulations to measure both

residence and relaxation times accurately.

Feedforward inh circuit with precise EI balance leads to gain control

Neural syntax or the language neurons use to communicate with each other remains one of the

biggest unsolved problems in neuroscience. It is possible that unlike the genetic code, no universal

code exists for the brain. However, several remarkably general attributes of the neural code have

been discovered, for example, synaptic plasticity, stochastic synaptic release, network oscillations,

and excitation-inhibition (EI) balance. Given the observed ubiquity of these principles, at least

across mammalian brains, a general theory of neuronal computation is likely to include these vari-

ables with appropriate plasticity rules that provide structured ways for learning parameter values

for these variables. Our study has been able to directly compare contending theoretical ideas re-

garding the precision of excitatory-inhibitory balance in the brain. This led to our discovery that

EI balance is combinatorially precise in the hippocampal CA3-CA1 network, and perhaps gener-

ally in feedforward networks (Fig 4.1b). This implies that for a given output neuron, the basal

ratio between excitatory and inhibitory presynaptic inputs is maintained within a tight bound for

all combinations of inputs it receives.
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Recent advances in optogenetics and imaging techniques have hugely facilitated perturbation

and measurement of neurons selectively and in large numbers. Thus, it has become increasingly

possible to design experiments to attack fundamental problems in a theoretically guided manner.

Consequently, the gap between theoretical and experimental neuroscience has gradually started

narrowing down. For example, in the field of EI balance, it took many years for (Wehr and Zador,

2003) to experimentally test and provide evidence against theoretical ideas of an average, slow

time-scale excitation-inhibition balance (Gerstein and Mandelbrot, 1964; v. Vreeswijk and Som-

polinsky, 1996; Shadlen and Newsome, 1994). However recent predictions from Tim Vogels’ and

others (Vogels et al., 2011) were immediately tested by Rob Froemke (D’amour and Froemke,

2015), suggesting an excitation-dependent inhibitory plasticity rule for the existence of a detailed

balance between excitation and inhibition. Our study was similarly designed using a theoretical

grounding at three levels. First, at the level of the design of the central question. Our experimental

design directly distinguished between the theoretically proposed precise, detailed, tight, global,

and loose balance categories. Second, at the level of computational analysis. We used a mixture

of relevant analysis methods on our data, having several parallel measurables to optimize the ex-

traction of information. We also kept our analysis in a tight feedback loop with the experiments.

As a result, we were able to tweak the experimental design in an informed way for optimizing

data collection, and also direct the experiments after key observations had been made. Lastly, we

designed theoretical models which used experimentally acquired data to mechanistically explain

the observation of subthreshold divisive normalization.

On a related note, a large focus of experimental neuroscience in the context of neural code

has been on suprathreshold computation. Perhaps this is because firing rates are easily measured.

However, there are several theoretical problems with this notion as mentioned in Chapter 1, most

importantly that of accurate measurement of the high variance Poisson firing rate within the neu-

ronal integration time. Our study has been able to provide a concrete observation of a subthreshold

computation, and its connections with precise EI balance in the brain. For the hippocampal CA1,
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where spiking is known to be sparse, Subthreshold Divisive Normalization (SDN) could play an

important role as a subthreshold gain control mechanism determining CA1 spike times in response

to bursty input from CA3. Another role we’ve proposed for SDN in-vivo is inhibitory gating. Us-

ing inhibitory gating, the normally gated off inputs for a subgroup of neurons can be gated on by

“gate-modulating mechanisms” to allow for stimuli to selectively activate this subgroup. Example

of such mechanisms could be disinhibition by interneurons that inhibit other interneurons such as

VIP interneurons, or by short-term synaptic facilitation or depression. One signature of such in-

hibitory gating mechanisms would be that the postsynaptic neuron subgroups would receive a lot

more "gated off " excitatory inputs than are necessary to drive them. These inputs can then be se-

lectively gated on, when necessary. This makes SDN a potential mechanism for the conversion of

silent cells to place cells in the hippocampus. Silent cells in the hippocampus have been converted

to place cells for arbitrary locations by artificial current injections (Lee et al., 2012; Bittner et al.,

2015). One way to interpret this is that information about many locations continuously reaches

hippocampal CA1 cells, however, some cells are selectively activated for specific locations (gated

on), which become place cells. We have suggested (Bhatia, Moza, and Bhalla, 2019) that the

SDN along with inhibitory gating mechanisms could act on hippocampal place/time cells in-vivo,

selecting specific cells to be activated.

Future directions

Several interesting questions have emerged from our work. We were only able to establish

the existence of precise EI balance at the hippocampal CA1 neurons by somatic measurement.

However, inhibitory inputs are distributed all over the neuron’s dendrites. It is tempting to won-

der if there are sub-neuronal compartments such as dendrites, or even doubly-innervated dendritic

spines (Chen et al., 2012), where precise EI balance exists. Next, several different categories of

interneurons are known to exist both in the hippocampus and in the cortex. These interneuron pop-

ulations are developmentally segregated and are known to have different morphologies, molecular
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markers and intrinsic and network properties. For example, a set of interneurons called basket

cells are parvalbumin-positive (PV), and are known to have low thresholds, high firing rates, and

innervate CA1 pyramidal neurons close to the soma and axon initiation segment. This leads to

many important questions: Are there different timescales of EI balance, based on the interneuron

type? Do they lead to similar I/E ratios distributions, or are the somatically measured I/E ratios at

the pyramidal neurons a sum of many interneuron-type dependent I/E ratios? Are the interneurons

also EI balanced themselves? These also point to the broader question, what is the functional role

of the diversity of I/E ratios for neural coding?

There are also several important yet unanswered questions about the emergence of precise EI

balance at the hippocampus. First, mechanistically, how does this balance emerge and how is it

maintained at the hippocampus? Given that there is synaptic plasticity in hippocampal neurons,

and the circuit has 10-20% interneurons, it is non-trivial to construct a network which can passively

maintain a balanced state. Thus, are the neurons continuously getting rebalanced by an excitation-

dependent inhibitory plasticity rule, similar to the cortex (D’amour and Froemke, 2015)?

Our study was designed to deconstruct the synaptic inputs at CA1 to isolate and finely control

the CA3 excitation and feedforward inhibition. However, in-vivo, CA1 neurons receive contin-

uous, mixed, dynamically changing inputs. How do these currents change as a behaving animal

navigates a maze, or does a trace-conditioning task? In the same vein, oscillations are known to

be maintained and their phases tuned by interneuron populations. In the hippocampal CA3, EI

balance is maintained during gamma oscillations (Atallah and Scanziani, 2009). What happens

to EI balance during different kinds of oscillations during wakefulness and under different stages

of sleep? Given their simultaneous and hierarchical organization of network oscillations across

mammalian brains (Buzsáki et al., 2013), are there different delay relationships and EI ratios for

different sets of interneurons to maintain these rhythms? Further, what kinds of plasticity rules can

maintain I/E ratios in recurrent networks that generate oscillatory inputs?
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Answers to these fundamental questions would lay the grounds for a more complete picture of

the role of EI balance in the neural syntax and the organization of neuronal activity in the brain.
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