
Rapid modulation of dynamics and computation in neural systems

Rich Pang

A dissertation

submitted in partial fulfillment of the

requirements for the degree of

Doctor of Philosophy

University of Washington

2019

Reading Committee:

Adrienne Fairhall, Chair

Eric Shea-Brown

Je↵ Ri↵ell

Program Authorized to O↵er Degree:

Neuroscience



c�Copyright 2019

Rich Pang



University of Washington

Abstract

Rich Pang

Chair of the Supervisory Committee:

Adrienne Fairhall

Department of Physiology and Biophysics

A central goal in theoretical neuroscience is to understand how neural systems perform computations

over the continuum of timescales that underlie behavior. In particular, what are the algorithms and

mechanisms enabling single-neuron membrane voltage fluctuations, which occur over milliseconds, to

produce the dynamics and information processing in behavior that unfold over hours to years?

Notably, while the core ionic processes of membrane voltage fluctuations have been largely elucidated

and while extensive theories and evidence exist to explain how slow modulation of neural network

structures might underlie learning, almost nothing is known about the liminal regime of seconds to

minutes that bridges these two timescales. In the work that follows I address three questions in three

di↵erent systems, each of which centers around neural computations occurring over the timescales of

seconds to minutes. I first investigate the navigational decisions made by flying insects during odor

tracking, where I show that fruit flies and mosquitoes exhibit a history dependence in their

odor-triggered turning responses that is qualitatively similar to an information-maximizing tracking

strategy, but not to others. Next, in collaboration with Ari Zolin, Raphael Cohn, and Vanessa Ruta,

I analyze the dynamics of dopaminergic neuromodulation of a short-term memory circuit in the fruit

fly mushroom body, where we suggest that the fly dopamine system encodes multiplexed

representations of a wide diversity of sensory, motor, and valence signals, some of which predict

behavior several seconds in the future. Third, I develop a spiking neural network model capable of

storing and replaying sequential activity patterns using a heterosynaptic and fast-acting biological

plasticity rule, and which reconstructs sequences through the existing recurrent network structure.

Collectively, these results elucidate the computational capacities of three distinct systems and shed

new light on short-term information processing in neural computations from three novel angles.



Finally, in collaboration with Sid Henriksen and Mark Wronkiewicz, I describe a simple

network-growth model reproducing several statistical features of mouse brain network connectivity at

the mesoscale; while this work does not explicitly address short-term computations, simplified

statistical network models will be crucial to eventually understanding how such computations occur

within large scale distributed brain networks.



To my family.
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Introduction

A central question in neuroscience is how the millisecond timescales of single action potentials unfold

into the lifelong timescales over which memories are consolidated and behaviors evolve and crystallize.

On one end of the spectrum, extensive work has refined our understanding of how rapid membrane

potential fluctuations shape computation at the level of single neurons. Since the first measurement of

the action potential [1] through its mathematical modeling [2] through modern analysis of the stimuli

that drive a neuron to spike [3, 4, 5, 6, 7, 8], we have developed a thorough understanding of how

the electronics of lipid bilayers and ion channels give rise to specific information-processing algorithms

operating over milliseconds to tens of milliseconds [9, 10]. On the other end of the spectrum, we have

begun to reach a broad consensus about how memories are stored over the long term, namely via

gradual modifications of synaptic connectivity patterns [11, 12, 13, 14, 15] and neuronal excitabilities

[16, 17, 18], which take place over hours to days to years to reshape how our brains integrate information

to drive behavior. One of the least understood but perhaps most interesting realms of temporal

information processing, however, is that of timescales slower than the rapid electrical signaling of single

neurons but faster than the long-term reconfiguration of brain connectivity. In this case, information

must linger within a brain circuit far beyond the timescale at which membrane potentials decay, and

must furthermore have some capacity to influence long-term network operations. Such rapid behavioral

timescales of seconds to minutes underlie manifold processes, such as olfactory search, decision-making,

navigation, conversation, and diverse motor sequences. More generally, neural computation at this

timescale enables a temporary bridge or bu↵er for rapid electrical signals to influence long-term network

reorganization. Elucidating the dynamics and function of neuronal processing over this timescale will

thus be crucial to a fuller understanding of brain function and how nervous systems interact with the

continuum of timescales that underlie the natural world.

What neural computations unfold over this liminal timescale of seconds to minutes to a↵ect be-

havior? What neural and network algorithms underlie these computations and what purpose do they

serve? How do such algorithms emerge from the collective interactions of cellular and synaptic mecha-

nisms? In the work that follows I’ll apply a variety of computational analyses and modeling techniques

to quantitatively explore four di↵erent neural systems. I’ll first analyze and model behavioral patterns

in the odor-tracking flights of fruit flies to show that they integrate information over multiple seconds

and use this to reshape odor responses. Next, I’ll analyze dynamic recordings of dopaminergic inputs

to the fruit fly mushroom body, an insect neuropil implicated in olfactory processing and memory.
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Third, I’ll model a generic network of spiking neurons to show how a novel, rapid empirical plasticity

rule might subserve the stable encoding of flexible dynamic patterns that could be used for cognitive

computations. Finally, I’ll present a collaborative modeling project elucidating structural patterns in

the mammalian brain network, the statistics of which will be necessary for future full-brain models

of network dynamics and memory processing. While each of these projects is self-contained, the first

three each shed new light on neural algorithms unfolding over seconds to minutes, and the fourth,

while not explicitly addressing this timescale, provides useful groundwork for the future modeling of

dynamics and computations supported by large-scale distributed brain networks.

I’ll briefly outline the four specific prongs of my investigation and how they connect to our over-

arching question of intermediate neuronal processing timescales, followed by a thorough account of

the motivation, methods, results, and conclusions for each project. Finally I’ll bring together the key

findings of all four arcs to elucidate potential principles linking them together and to suggest future

research directions that would further refine our understanding of these systems.

i. Insect odor tracking

We begin by considering the problem of odor-tracking, a compelling natural decision-making be-

havior involving extended response sequences to a complex stimulus, and which pervades the animal

kingdom [19]. Many animals follow odor plumes to locate food sources or mates, but natural plumes

are broken up by turbulent airflow patterns into discrete odor pu↵s and filaments [20]. As a conse-

quence, animals must use sparse, stochastic encounters with broken odor signals to localize the source

of the plume, a highly nontrivial problem. Whereas in the well characterized chemotaxis behavior,

organisms can simply orient their locomotion along chemical gradients to localize a source [21, 22],

when odors are disturbed by turbulence the instantaneous gradients in the broken up signal tend to

point toward the center of the pu↵s or filaments, rather than the source. What information about the

plume source can an animal extract from instantaneous encounters with pu↵s and filaments using only

biological sensors? Moreover, how should it integrate this information to drive its search trajectory

for reliable and e�cient source localization?

We address this problem by characterizing the flight patterns of fruit flies and mosquitoes as they

interact with a wind-borne odor plume. By analyzing reconstructed trajectories of these insects flying

freely in a wind tunnel containing a stationary appetitive odor plume, we ask which observables predict

their flight responses to odor encounters, and whether the variability in these responses is consistent
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with a battery of theoretical tracking algorithms. Since theory suggests that optimal tracking of

natural plumes requires active integration of information about the source over a full multi-second

flight trajectory [23], our core question is whether the recorded trajectories exhibit any evidence of

such information integration, or whether purely “reactive”, or memoryless, responses to odor su�ce

for successful source localization.

To this end, we first deconstruct the substantial variability in odor-triggered flight responses

across hundreds of plume crossings and correlate its key feature—the odor-triggered change in up-

wind orientation—both with features of the individual encounter and with features dependent on the

prior history of the trajectory. Our results first reveal the concentration experienced during an en-

counter as a positive predictor of upwind turning, suggesting odor packet/filament concentration as a

usable plume feature for source localization. Second, we find that the number of prior odor encoun-

ters in the trajectory weakens upwind turning, suggesting insects indeed integrate information and

modulate their behavior over the multi-second timescales of a single trajectory.

Second, we compare the sign of our observed history dependence with that predicted by multiple

normative tracking algorithms to understand how information accumulation is incorporated into the

neural computations underlying e↵ective tracking. We find that the observed history dependence is

qualitatively consistent with that predicted by the theoretical tracking strategy “infotaxis” [23], but

not with a simpler strategy asserting that insects should fly more upwind as they refine their estimate

of the plume centerline. This suggests that odor-tracking insects may at least be partially updating an

estimate over source location as they gather information about plume structure, and it sets the stage

for unraveling the neural mechanisms for storing information over the seconds-to-minutes trajectory

timescales and using it to shape behavior.

ii. Dopamine signals in the mushroom body

Where in the insect nervous system might recently accumulated information about plume structure

be temporarily stored, and how might this actively reshape behavioral responses to odor stimuli in

natural contexts? A compelling possibility only recently beginning to be elucidated is the dopaminergic

innervation of the insect mushroom body [24], a third-order sensory neuropil noted for its involvement

in associative learning [25] and sparse representation of odor identities [26]. Recent work, however, has

revealed that the dopaminergic inputs to the mushroom body can rapidly, selectively, and reversibly

gate information flow from the mushroom body’s input neurons (Kenyon cells) to the mushroom body
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output neurons [?], suggesting the dopamine system’s potential as a substrate for the short-term

information storage and signal-flow modulation needed for neural computations underlying e↵ective

odor tracking and other behaviors.

Through collaboration with Vanessa Ruta’s lab at Rockefeller University, and in particular with

experimentalists Ari Zolin and Raphael Cohn, we have sought to disentangle what information is

represented in the dopaminergic inputs to the mushroom body in order to gain insight into whether

and how di↵erent signals ultimately reshape sensorimotor transformations in a behaviorally relevant

manner. To this end, we used tethered fruit flies to analyze simultaneous recordings of dopaminergic

activity in the mushroom body and walking behaviors in a simplified virtual reality environment. Our

analysis reveals that beyond modulation by reward- and punishment-associated stimuli like sucrose or

electric shock, respectively [?], dopamine signals are substantially modulated by moment-to-moment

variations in behavior and external sensory stimulation. In particular, di↵erent dopamine cells inner-

vating spatially localized compartments in the mushroom body gamma lobe [24] multiplex di↵erential

representations of (1) walking state, (2) walking speed, (3) turning velocity, (4) wind direction, and

(5) odor onset. Moreover, our followup analyses reveal that sensorimotor representations in these

dopamine signals may themselves be modulated by the presence of external odors. For instance, in

the presence of odor, several dopaminergic signals appear to recruit a representation not only of the

fly’s recent heading relative to upwind, but additionally the upwind turns it is likely to make sev-

eral seconds in the future. These results shed new light on a specific neural substrate for short-term

information processing in the insect olfactory system, in the context of the naturalistic behavior of

odor tracking. Moreover, these findings set the stage for asking how extensively multiplexed signals

representing sensory stimuli, motor actions, and states encoding intrinsic valence, may be integrated

together to subserve a larger framework for information processing, such as reinforcement learning, and

how they may suggest common functions of dopamine systems preserved across a diversity of species,

from insects to mammals.

iii. Sequences in model neural networks

Having elucidated a novel feature of information-accumulation dynamics in a particular natural

behavior and having shed light on the neural processes that might underlie the relevant timescales,

we now turn to the question of more generic rapid modulation of information processing in neural

networks. Specifically, while it is well known that the distributed architecture of neural networks a↵ords
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a rich flexiblity of computations that can be learned through modifications of synaptic connections,

it is far more poorly understood how more limited but still substantial flexibility over seconds to

minutes might arise through purely biophysical mechanisms. For example, if instructed to raise our

left hand in response to one word and our right hand in response to another, we can perform the task

immediately and with little error. The plasticity mechanisms typically associated with reconfiguring

network function, however, for instance spike-timing-dependent plasticity (STDP), generally act over

slow timescales [27, 28] and so are unlikely to play a substantial role in rapid flexibility. What other

cellular and biophysical mechanisms might enable such flexibility? Moreover, how do they depend on

the existing network structures that have formed over the course of long-term learning, for example,

through mechanisms like STDP?

While substantial work has shown how single or sets of stimuli can be stored in a network through

realistic fast-acting biological mechanisms, such as reverberating activity or short-term synaptic po-

tentiation, an open question is how such mechanisms might store relationships among stimuli, like

sequences or associations, a core component of highly flexible representations. Motivated by the

empirical phenomenon of hippocampal “replay” [29, 30, 31, 32, 33], we addressed this question by

considering the storage and recall of novel sequences corresponding to trajectories through space. In

particular, it has been repeatedly observed in rodent hippocampal regions CA3 and CA1 that neu-

ronal spike sequences initially activated by and encoding a recent locomotor trajectory through the

environment, subsequently replay when the animal pauses to rest. These sequences replay in either the

forward or reverse order in which they were originally evoked, and at a highly compressed timescale

relative to the behavioral sequence.

Using these observations as an empirical entry point into rapid cognitive flexiblity, we modeled net-

works of position-tuned spiking neurons to ask how a specific recently discovered fast-acting cellular

mechanism might give rise to a simplified version of replay, yet which nonetheless encodes arbitrary

trajectories through an environment. Of note, biophysical mechanisms associated with sequences are

typically assumed to be homosynaptic, e.g. in STDP a synapse from cell A to cell B facilitates in-

creases only if A and B fire in rapid succession, thus reinforcing causal signal propagation at the synapse

[12, 27]. Here, however, we consider an alternative, heterosynaptic mechanism, long-term plasticity of

intrinsic excitability (LTP-IE) [34, 35], which e↵ectively serves to increase the excitability of a recently

active cell, regardless of which input caused the cell to spike. Our modeling work reveals that given a

simple recurrent network architecture, modulation of excitability alone, which might occur much more
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rapidly than recurrent synaptic modulation, is indeed su�cient to store and replay sequences corre-

sponding to recent trajectories through space, and that LTP-IE might further be used to rapidly and

flexibly store novel stimulus-response mappings in an otherwise untrained recurrent network. Besides

suggesting a specific mechanism underlying replay, this sheds novel light on the “neurocentric” theory

of learning [18], in which memories and computations are encoded predominantly as sets of neurons,

rather than the connections between them. This helps frame the more overarching theoretical question

of which recurrent network architectures best support the induction of flexible computations through

excitability changes alone. Untangling this idea within the neurocentric framework of computation

may reveal many novel insights into cognitive flexibility, both at rapid and extended timescales.

iv. Mesoscale brain connectivity

One of the core features of neural computation distinguishing it from conventional computing

paradigms is its highly distributed and parallelized nature. Indeed, multi-region and whole-brain

recording studies suggest that neural representations of information, both perceptual and over the

short-term memory timescales we have discussed so far, are highly distributed, recruiting diverse brain

areas to encode stimuli [36, 37]. To understand how real network architectures in the brain support

flexible dynamics and computations, it is therefore necessary to develop a su�cient understanding of

the core connectivity patterns underlying empirically observed brain networks, such that one can disen-

tangle the computations they allow within parsimonious models. Accordingly, recent high-throughput

technologies and industrial scientific endeavors have allowed for the rapid collection of comprehensive

connectivity datasets, enabling a thorough, data-driven analysis of the potential patterns that under-

lie them. One prominent example of such a dataset is the Allen Institute for Brain Science’s (AIBS)

mesoscale mouse connectome, a complete map of all directed interconnections among several hundred

identified brain areas, reconstructed through high-throughput tracing and imaging [38], providing a

holistic entry point to understanding connectivity patterns that wire together the entire brain.

To this end, in collaboration with theoreticians Mark Wronkiewicz and Sid Henriksen, we charac-

terized several core statistical features of AIBS’ mesoscale connectome and developed a parsimonious

network-growth model capable of reproducing these features in silico [39], in order to understand

whether mesoscale connectivity could be explained by simple underlying principles. In particular,

whereas most prior analyses of brain connectivity have relied on “undirected” models, in which con-

nection directionality is ignored, the tracing procedure used in the AIBS connectome allowed the
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experimenters to retain directional information such that the resulting connectome could be repre-

sented as a directed graph among 413 regions in the mouse brain. Using this information, we found

that when incoming vs outgoing connectivity patterns were separated prior to analyses, these two

types of connections exhibited distinct degree distributions, with in-degree following an approximately

Gaussian distribution and out-degree following an approximately exponential one. Crucially, we found

nearly the exact same distributions could emerge from a network-growth model based on two simple

rules. First, outgoing connections should obey a rich-get-richer rule, such that brain regions are more

likely to generate more outgoing connections in proportion to how many outgoing connections they

already have. Second, connections should preferentially target nearby brain regions but should oth-

erwise be random. Beyond yielding the empirically observed in- and out-degree distributions, these

rules also recapitulated the inverse relationship between clustering coe�cient and total degree that we

observed in the connectome.

These results suggest that rather than requiring complicated preprogrammed instructions, large-

scale statistics of mesoscale connectivity might arise from parsimonious principles. This may simplify

future modeling studies in which microscale connectivity structures are embedded in larger, mesoscale

connection structures, in order to disentangle multiscale e↵ects of network structure on cognitive

flexibility and the dynamic modulation of information flow and computation in biologically inspired

networks more generally.
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1. History dependence in insect flight decisions during odor tracking

This chapter has been previously published under the Creative Commons Attribution (CC BY)

license and is available via the following citation:

Pang, Rich, et al. “History dependence in insect flight decisions during odor tracking.” PLoS

Computational Biology 14.2 (2018): e1005969. (DOI: 10.1371/journal.pcbi.1005969).

1.1 Abstract

Natural decision-making often involves extended decision sequences in response to variable stimuli

with complex structure. As an example, many animals follow odor plumes to locate food sources or

mates, but turbulence breaks up the advected odor signal into intermittent filaments and pu↵s. This

scenario provides an opportunity to ask how animals use sparse, instantaneous, and stochastic signal

encounters to generate goal-oriented behavioral sequences. Here we examined the trajectories of flying

fruit flies (Drosophila melanogaster) and mosquitoes (Aedes aegypti) navigating in controlled plumes

of attractive odorants. While it is known that mean odor-triggered flight responses are dominated

by upwind turns, individual responses are highly variable. We asked whether deviations from mean

responses depended on specific features of odor encounters, and found that odor-triggered turns were

slightly but significantly modulated by two features of odor encounters. First, encounters with higher

concentrations triggered stronger upwind turns. Second, encounters occurring later in a sequence trig-

gered weaker upwind turns. To contextualize the latter history dependence theoretically, we examined

trajectories simulated from three normative tracking strategies. We found that neither a purely reac-

tive strategy nor a strategy in which the tracker learned the plume centerline over time captured the

observed history dependence. In contrast, “infotaxis”, in which flight decisions maximized expected

information gain about source location, exhibited a history dependence aligned in sign with the data,

though much larger in magnitude. These findings suggest that while true plume tracking is domi-

nated by a reactive odor response it might also involve a history-dependent modulation of responses

consistent with the accumulation of information about a source over multi-encounter timescales. This

suggests that short-term memory processes modulating decision sequences may play a role in natural

plume tracking.

1.2 Summary
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Many important behaviors require animals to make extended decision sequences in response to

complex stimuli. In this study we investigated the sequences of navigational decisions made by fruit flies

and mosquitoes while tracking odor plumes, which are generally subject to turbulence. By examining

video-taped 3D trajectories of these insects flying in a wind tunnel containing an attractive odor plume,

we asked what features of encounters with the plume influenced odor-triggered flight decisions. Most

notably, we found that although the average response was dominated by a reflexive upwind turn, its

strength was modulated by the history of prior plume encounters throughout the trajectory. While

no theoretical strategy we simulated captured all aspects of the data, the algebraic sign of the history

dependence was only recapitulated in a model where a simulated tracking agent maximizes information

about the position of the plume source. This suggests that real odor tracking may involve short-

term memory processes over multi-encounter timescales that are consistent with the accumulation of

information about source location.

1.3 Introduction

In contrast to two-alternative laboratory decision-making paradigms, an animal making decisions

in the natural world typically executes extended sequences of choices in response to stimuli with

complex spatiotemporal statistics. One such natural decision process is the tracking of odor plumes to

locate food sources and mates [1]. Natural odor plumes have complex distributions due to turbulence,

which breaks plumes into intermittent filaments of odor interrupted by large areas of clean air [2, 3].

Thus, an insect’s navigational decisions during plume tracking must be made in response to sparsely

distributed odor encounters that provide incomplete information about the source location [4]. At

present, it is not well understood which features of in-flight encounters with a turbulent plume contain

the most useful information about source position, nor how insects integrate these features for successful

localization. Investigating this problem in flying insects will help illuminate this decision process and

identify biologically relevant statistics of natural windborne signals. Ultimately, this may help in the

development of strategies to combat insect-borne illness as well as inspire the design of robots used

to track signals advected by fluids [5]. More generally, we hope our work will inform theories of the

neuroscience underlying the accumulation of sensory evidence and how this evidence is used in active

sensing and goal-directed decision making.

Because turbulent stimuli are di�cult to both measure and control, experiments investigating

search strategies during flight can only approximate naturalistic environments. This is frequently done
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using small plume-containing wind tunnels, in which the trajectories of flying insects are recorded with

video cameras. Such studies showed, for example, that plume-tracking behaviors are highly influenced

by the large-scale statistics of plume structure [1]. When tracking CO2, for instance, mosquitoes

exhibited increased upwind flight in a fluctuating, as compared to a homogeneous, plume [6]; further,

continuous ribbon plumes elicited less upwind flight in moths than rapidly fluctuating plumes [7].

These both suggest that at least the coarse spatiotemporal structure of a plume a↵ects tracking flight,

although the mechanisms underlying this behavior remain unknown. It has also been suggested that

the duration, concentration, and concentration gradient of odor packets may be informative plume

features [8, 9, 10, 11, 12, 13], but it is not known how these properties influence fine-scale navigational

decisions or how these fine-scale decisions combine to form a global search strategy.

Fine-scale aspects of plume-tracking strategies have been primarily investigated in laminar flow

(i.e., non-turbulent) wind tunnels with stationary plumes. Here, knowledge of the plume’s stationary

profile allows one to infer the approximate plume concentration experienced by an insect based on its

position at every moment in its flight trajectory. Subsequently, one can ask what behavioral responses

are triggered by encounters with the plume. The current model for how flying insects track a source

is that they follow a sequence of reflexes, in which they “surge” upwind upon entering the plume

and “cast” across the wind upon leaving it. Some evidence of the surge-cast reflex strategy has been

found in moths [14], in fruit flies tracking an ethanol plume [15], and in mosquitoes tracking CO2 [16].

A related but distinct “counterturning” (zigzagging) behavior, triggered by plume-crossing, has been

observed in moths tracking pheromone plumes [7, 14, 17, 18].

While the surge-cast strategy is consistent with some aspects of plume tracking and provides

an intuitive mechanism that can lead a simulated tracking agent to the source of a laminar plume

[15], its most important shortcoming is that while it explains average behavioral responses to plume

encounters, it does not explain the diversity of individual navigational decisions. Indeed, though the

mean behavioral response of a fruit fly crossing an ethanol plume is to turn briefly upwind, individual

responses vary over a range of nearly 100 degrees of turning angle (Fig 1D; the corresponding odor

concentration timecourses for example crossings are shown in Fig 1E). In a similar analysis of moth

flight trajectories, for example, investigating variability around the mean led to novel observations

about moment-to-moment behaviors, such as ground speed variations in turning vs straight flight

and decreases in ground speed upon approach to the pheromone source, which were not apparent

from the mean responses alone [19]. What is not known is whether the diversity in fruit fly odor-
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triggered responses arises purely from unobservable variations in small air currents or the insect’s

internal state, or whether some of it can be predicted from measurable stimulus features. In the context

of courtship, for instance, an analysis of behavioral diversity indeed showed that much variability in

fruit fly singing previously assumed to be random could in fact be explained by variations in the fly’s

recent sensory experience [20], which allowed the authors to better hypothesize about the underlying

neural mechanisms.

Here, we explore the sources of diversity in plume-tracking-related flight maneuvers by analyzing a

dataset of fruit fly (Drosophila melanogaster) and mosquito (Aedes aegypti) flight trajectories through

a wind tunnel containing a stationary odor plume, and by asking which detectable features of odor

encounters systematically modulate flight maneuvers. We find that fruit flies, and possibly mosquitoes

as well, turn more strongly upwind in response to higher experienced concentrations, and that later

encounters in a sequence of encounters along a trajectory trigger weaker upwind turns. To our knowl-

edge, the latter result provides the first evidence for information accumulation over multiple plume

encounters in in-flight plume-tracking in fruit flies and mosquitoes. This suggests that purely reactive

models of insect plume-tracking might be significantly augmented by a history dependence term in

which upwind flight slows as more encounters occur.

1.4 Results

We analyzed datasets of fruit fly and mosquito flight trajectories recorded with a camera-based

tracking system as they interacted with either an ethanol (fruit flies) or carbon dioxide (mosquitoes)

plume. The data were originally described in van Breugel and Dickinson [15] (fruit flies) and van

Breugel et al. [21] (mosquitoes). Briefly, a low velocity non-turbulent wind flowed along the long axis

of a wind tunnel in the center of which was a stationary laminar odor plume (Fig 1A and 1B). The

plume had an approximately Gaussian cross-sectional profile, with maximum concentration along the

centerline, and the floor of the wind tunnel contained a checkerboard pattern to provide the insects

with a visual cue by which to orient. Insects were allowed to explore the wind tunnel for several hours,

and whenever they took o↵, their trajectories were captured by the tracking system until they landed.

The 3D position sequence of the trajectory was reconstructed in real time from the videos. Because the

plume was stationary with a previously measured concentration profile, the dynamically varying odor

concentration experienced by the insect at each time point could be estimated from its position. To

understand how specific plume crossing features influenced decisions, we investigated the time-varying
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Fig 1: Example flight patterns and illustration of variability. A. Example fruit fly trajectory
in a wind tunnel containing a stationary ethanol plume. The plume outline is shown in red, with
the shell indicating 2 standard deviations from the plume’s centerline. The trajectory color shows the
instantaneous odor concentration experienced by the fly, and the green star marks where the fly took o↵.
B. Example plume-crossings from several trajectories. Blue arrows on a subset of crossings indicate
the direction of flight. C. Heading is defined as the angle between the upwind direction and the fly’s
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Continued from Fig 1: velocity vector. D. Heading time courses surrounding example crossings
(gray), as well as mean (black solid) and standard deviation (black dashed), relative to the crossing
time. E. Odor concentration time courses surrounding example crossings.

heading (where heading is defined as the angle between the fly’s velocity vector and upwind [Fig 1C]),

time-locked to the time of the peak concentration experienced during the plume crossing (Fig 1B, 1D

and 1E). We defined a plume crossing as the portion of a trajectory when the odor experienced by the

fly exceeded a minimum concentration threshold. Our criteria for choosing this threshold are discussed

in Methods, but the conclusions that follow are not strongly a↵ected by its precise value.

Because natural flight trajectories typically cross the odor plume repeatedly, each time yielding a

potentially unique sensory experience, we first asked whether the crossing-triggered flight maneuvers

depended on the peak concentration experienced during the crossing. We need, however, to control for

e↵ects of the animal’s initial heading and location in the tunnel. To do this, we calculated the partial

correlation between peak experienced odor concentration and the insect’s heading at di↵erent points in

the near future, conditional on x0, the insect’s position along the long axis of the wind tunnel, and h0,

its initial heading at the time of the crossing. This conditioning allowed us to subtract out any linear

dependence on these purely geometric factors. To further isolate the concentration-dependent e↵ects

from those deriving from initial location or heading angle, in all subsequent analysis we include only

crossings occurring in the middle portion of the wind tunnel (i.e., not in the upwind- or downwind-most

30 cm) and only crossings for which the insect crossed the plume such that h0 was between 60 and

120. This selection of the crosswind heading range was motivated by the canonical view that plume

crossings on average trigger upwind turns [15, 16], which would be more apparent if the insect were

not headed upwind already. As shown in Fig 2A and 2B for fruit flies we found a significant negative

partial correlation between the peak concentration experienced in the crossing and their flight heading

300 ms later, suggesting that higher concentrations elicit stronger upwind turns.

A correlation between peak concentration and subsequent heading could also arise, however, if

the response were purely binary but noisy—as has been implicitly assumed in previous odor-tracking

investigations [15] as well as in theoretical models for tracking turbulent signals [22]. To test whether,

in contrast, heading may depend continuously on odor-encounter concentration, we compared two

simple models predicting h300, (the heading 300 ms post-crossing, or 500 ms [h500] for mosquitoes),

from cpeak, the peak concentration experienced in the crossing preceding the heading measurement

(Fig 2C). In the binary model, h300 was assumed to take one mean value when cpeak was below
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Fig 2: Dependence of heading on peak concentration. A. Partial correlation of peak odor
concentration experienced by the animal and subsequent heading at various times past the odor peak for
fruit flies and mosquitoes. Shading indicates 2.5–97.5% confidence interval. B. Heading at 300 ms since
odor concentration peak as a function of peak odor concentration during crossing. Each point represents
a single plume-crossing. Though a significant correlation exists, the joint distribution is dominated by
variability. C. Threshold and threshold-linear models for identifying non-binary dependence of h300
(the heading 300 ms post-crossing) on concentration. For mosquitoes, h500 (the heading 500 ms post-
crossing) was used. P-values indicating the probability that the threshold-linear model would have fit
better by chance (F-test) are shown in the gray box for four di↵erent experiments (fruit flies following
an ethanol plume in 0.3, 0.4, or 0.6 m/s winds, and mosquitoes following a CO2 plume in 0.4 m/s
wind).
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a threshold cth and another when cpeak was above cth, with the linear e↵ects of h0 and x0 again

subtracted out to minimize geometric confounds. We compared this with a threshold-linear model,

in which h300 was assumed to be a linear function of cpeak when cpeak was greater than cth. The

threshold-linear model allowed us to retain the possibility that su�ciently weak concentrations are

not detectable, without having to assume that this would be accounted for by a linear prediction. We

fit both models by minimizing the squared prediction error of h300. We found that for fruit flies the

threshold-linear model fit significantly better than the binary model (F-test, with p-values shown in

Fig 2C), corroborating our hypothesis that behaviorally relevant concentrations are not processed in a

simple binary way during in-flight plume tracking. For mosquitoes, there was not enough data to see

a significant di↵erence between the fits (p = 0.175) (Fig 2C).

Beyond purely reflexive flight maneuvers, recent theoretical results suggest that more e�cient source

localization can result from integrating information from multiple plume encounters over an extended

period of time [22, 23]. Such information integration should lead to a dependence of crossing-triggered

flight maneuvers on trajectory history. To explore this, we asked whether it is possible to distinguish

flight maneuvers that are triggered by later compared with earlier plume crossings in an extended

sequence of crossings.

When we separated plume crossings into early (the first or second in a trajectory) vs. late (the

third or later in a trajectory) crossings, we found that while in both cases, the average flight is strongly

dominated by a brief upwind turn, late crossings tended to trigger weaker upwind turns than early

crossings (Fig 3A–3D). Fig 3E–3J show the equivalent crossing distributions for three di↵erent models,

one reactive (surge-cast [Fig 3E]) and two whose behavior depends on information about the plume

accumulated over time (centerline-inferring [Fig 3F] and infotaxis [Fig 3G–3J]), which are discussed in

more detail later in the text. There may be geometric confounds to identifying history dependence in

the data: later crossings may generally occur in the more upwind section of the wind tunnel since the

insect has made more upwind progress, which might result in more crosswind turns simply because

the insect has a smaller area to turn into. However, we found that the position along the long axis of

the wind tunnel at the time of crossing, x0, di↵ered by less than 3 centimeters between early and late

crossings (about 2% of the total wind tunnel length) (S2 Fig).

To treat potential confounds, not only geometric but also those possibly due to fatigue from ex-

tended flying (e.g. flies that have been flying longer may choose more crosswind paths to save energy),

we defined a new heading change variable h*(t) at each time point post-crossing, computed as the
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Fig 3: History dependence of crossing-triggered turns in data and models. A-D. Crossing-
triggered heading time courses for early (blue) or late (green) crossings for fruit flies tracking an ethanol
plume in three di↵erent wind speeds, or mosquitoes flying in a wind tunnel with a 0.4 m/s wind. Thick
lines indicate means, with shading indicating standard error of the mean. E. Same as A but for
trajectories generated using the surge-cast model. F. Same as A but for trajectories generated using
the centerline-inferring model. G-J. Same as A-D but for trajectories generated using the infotaxis
algorithm, with wind speeds and plume profiles matched to each of the four experiments.
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original �h(t) with the best-fit linear prediction from x0 and T, the total flight time since take-o↵,

subtracted out, thus removing any linear dependence on these variables of whether the crossing was

early vs. late. As shown in Fig 4, the early vs. late time courses of h*(t) were significantly di↵er-

ent from about 300 ms post-crossing onwards for all of the fruit fly experiments, with late heading

changes being more crosswind than early heading changes. We also calculated the partial correlation

between the heading change, time-averaged from 350 ms to 450 ms post-crossing, and the crossing

number, conditioned on x0 and T. Note: these plots appear symmetrical about h*(t) = 0 because the

mean �h(t) across all crossings is recomputed and subtracted out during the linear fitting at each

timepoint. Thus, h*(t) averages to 0 by construction. Since there are similar numbers of crossings in

each group, and since the early crossings have stronger upwind components (h*(t) ¡ 0), whereas the

late crossings have stronger crosswind components (h*(t) ¿ 0), the average within-group h*(t)’s end

up about equidistant from 0. The heading change and crossing number were significantly correlated

even after removing all correlations through x0 and T (S4 Fig). These two analyses provide further

evidence that the small history dependence in the fly’s trajectories was due neither to the geometry

of the wind tunnel nor to fatigue of the insects, but was instead related to their extended interactions

with the plume. Additionally, while increased wind speed across the fruit fly experiment tended to

yield stronger upwind turns overall, as shown in Fig 3A–3C and Fig 4A–4C it did not appear to have

any consistent e↵ect on the history dependence.

How does the history dependence in plume-crossing-triggered flight responses compare with that

predicted by theoretical algorithms? To address this we considered three plume-tracking strategies

capable of generating complete flight trajectories, in a simulated wind tunnel containing a plume

with the same geometry as that in the experiments. We first considered a purely reflexive “surge-

cast” algorithm, based on the model proposed by van Breugel and Dickinson [15]. Here, however, we

initially modeled the insect to have baseline flight dynamics given by a correlated random 3D walk with

a moderate bias towards casting (crosswind flight), with parameters fit to match the insects’ empirical

flight speed, angular velocity, and crosswind position distribution as best as possible (S6 Fig). In

addition to the random walk dynamics, whenever the insect crossed the plume, it was subjected to a

brief upwind “surge” force, modeled as an alpha function with a time constant of 0.07 s. An example

empirically observed trajectory is shown in Fig 5A, with a trajectory generated by the surge-cast

model shown in Fig 5B. Fig 3E shows that the surge-cast model recapitulates the dominant upwind

component of crossing-triggered turns but does not yield an observable distinction between early and
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Fig 4: History dependence of post-crossing turns after accounting for position and flight
time. Each panel shows the mean and standard error of the mean (shading) of h*(t) across di↵erent
time points post-crossing for early (blue) and late (green) crossings. The dashed line indicates the
probability that such a di↵erence in means would have arisen from chance, with the gray line marking
0.05. A. Fruit fly experiment in 0.3 m/s wind (783 early crossings, 766 late crossings). B. Fruit fly
experiment in 0.4 m/s wind (1158 early, 828 late). C. Fruit fly experiment in 0.6 m/s wind (394 early,
294 late). D. Mosquito experiment in 0.4 m/s wind (125 early, 143 late).
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late crossings. This shows that the reflexive maneuvers generated by this model are not su�cient to

yield the history dependence we observed in the data.

An alternative model suggests that as an insect should bias its flight more strongly upwind as it

gains information about the location of the plume centerline, that is, it should slowly switch from

an explorative crosswind to an exploitative upwind strategy as it learns where the plume is located

[23]. This model allows for the probability distribution over the source’s centerline to be updated in a

Bayesian way with only simple arithmetic computations. Instead of using Grunbaum’s model directly,

in order to study it we applied its general “centerline-inferring” principle to our baseline correlated

random 3D walking model: instead of reflexively surging upon crossing the plume (as in the surge-cast

model), whenever this modeled insect crossed the plume at a certain location, it updated the mean and

uncertainty of its estimate of the plume’s centerline position according to Bayes’ rule. An additional

biasing term then drove the insect upwind, with a magnitude that increased as the uncertainty of

the centerline estimate decreased. We refer to this as the “centerline-inferring model”, an example

trajectory of which is shown in Fig 5C. We additionally included a finite memory timescale, allowing

the estimate over the plume centerline to decay back to its baseline over the course of about 10 seconds.

The history dependence of trajectories generated by the centerline-inferring model was reversed

compared to the empirical data (Fig 3F). Specifically, late plume crossings yielded stronger upwind

turns than early plume crossings, suggesting that this model likely cannot account for the sign of the

history dependence observed in empirical trajectories. Note that neither the surge-cast nor centerline-

inferring models used wind speed as a parameter, since flight velocities were calculated relative to the

environment. While it would have been possible to include such a parameter in the models so that we

could reproduce, say, the stronger upwind turns in higher winds (Fig 3A–3C), our goal here was to

study history dependence, which was not systematically a↵ected by wind speed, and so we excluded

it to focus and simplify our model.

The final plume-tracking strategy we investigated, which is more theoretically principled but also

more cognitively demanding, was “infotaxis”, an algorithm proposing that a tracking agent should

move to maximally decrease the uncertainty over possible source locations in 3D space, with the

specific form and parameters of the distribution derived from the statistics of turbulence [22]. An

example trajectory is shown in Fig 5D. Though the “true” plume used in our infotaxis simulations was

cylindrical, as in the experiments, it is important to note that the tracking agent’s internal model is of

a turbulent one. That is, we simulated how an agent used to tracking natural, turbulent plumes, would
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Fig 5: Example empirical and simulated trajectories. Each of the simulated trajectories
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Continued from Fig 5: (B-D) began at the same location in the wind tunnel (green star) as the
empirical trajectory (A) and was run for the same length of time as the empirical trajectory.

respond when introduced to a laminar one, a paradigm we thought best reflected the situation in the

experiments. As with the centerline-inferring model, we compared infotaxis to our data by examining

the history dependence in early vs. late crossing-triggered heading time-series in a set of infotaxis

trajectories generated within a simulated plume-containing wind tunnel. The wind speed parameter,

which influences the agent’s internal plume model, we set equal to that from each experiment, assuming

that an ideal agent would be able to measure the wind speed. We chose the coe�cient of turbulent

di↵usivity, the principal parameter in infotaxis governing how far a tracking agent thinks the plume

would naturally spread from a point source, so as to roughly reflect the length scale of the wind tunnel

and the assumption that fluctuations in a non-laminar flow would be at about the same scale as the

mean wind speed itself.

The infotaxis trajectories resembled the empirical data in the sign of the history dependence ob-

served: late plume crossings in infotaxis trajectories tended to yield turns with a weaker or completely

absent upwind component than early plume crossings (Fig 3G–3J), as in the real data (Fig 3A–3D).

The magnitude of the odor-triggered turns, however, was quite di↵erent, suggesting that infotaxis does

not fully capture all aspects of the plume crossing distribution. Nevertheless, this suggests that the

true plume-tracking algorithm used by fruit flies shares certain features with infotaxis that cannot be

captured by other normative tracking models.

To quantify how much a simpler model, such as the surge-cast algorithm, would have to be modified

by an infotaxis-like model in order to recapitulate the magnitude of the history dependence observed

in the data, we also investigated a hybrid model of crossing-triggered heading responses. Here, a new

set of crossings was built using weighted sums of the surge-cast and infotaxis crossings. Specifically, for

each infotaxis crossing we selected a random surge-cast crossing with the same crossing number (i.e. we

matched a third crossing from an infotaxis trajectory with a third crossing from a surge-cast trajectory),

and then generated a new hybrid crossing composed of P % of the surge-cast crossing and (1-P)% of the

infotaxis crossing, i.e., �hhybrid(t) = P/100x�hsurge�cast(t) + (1� P )/100x�hinfotaxis(t). As with

the other models, we then grouped the hybrid crossings into early vs. late categories and compared

them quantitatively (Fig 6A). When we optimized the mixing percentage P to match the data, we

found that the early vs. late crossing-triggered heading response could be best reconstructed with P
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Fig 6: Analysis of hybrid surge-cast-infotaxis crossing model. A. Hybrid surge-cast-infotaxis
crossings, as described in text, separated into early vs. late crossings with a crossing model mixing 65%
surge-cast with 35% infotaxis. B. The late vs. early di↵erence in mean headings of the hybrid crossings
(time-averaged from 0.3 to 0.8 s post-crossing) as a function of percentage of surge-cast making up the
model (red), overlaid with that calculated from the 0.3 m/s wind speed fruit fly experiment (black). C.
The distribution of data-matched surge-cast % over multiple random pairings of surge-cast and infotaxis
crossings.

equal to approximately 70% (Fig 6B and 6C), suggesting that an infotaxis-like history dependence

gives about a 30% contribution to explaining the full crossing-triggered heading response.

To show that infotaxis reproduced the sign of the empirically observed history dependence but

not necessarily other qualities of the data, we compared the distribution of positions within the wind

tunnel generated by either the real trajectories or those simulated by infotaxis, as well as by the two

other models. Notably, the position distribution of the empirical trajectories exhibited a salient peak

at the upwind end of the wind tunnel (Fig 7A, reproduced roughly from [15]). This was true for the

surge-cast and centerline-inferring simulations as well (Fig 7B and 7C). Notably, while the infotaxis

simulation also yielded a salient peak in the upwind end of the wind tunnel, it exhibited an additional

peak at the very downwind end of the wind tunnel (Fig 7D). This is likely due to the fact that in

infotaxis it is usually preferable to initially travel to the downwind end of the wind tunnel in order

to increase the probability of first encountering an odor hit. However, we note that in the infotaxis

simulations corresponding to the 0.4 m/s and 0.6 m/s wind speeds, the strong peak in the upwind end

of the wind tunnel was much less pronounced (S8 Fig). This, combined with the lack of a quantitative

match between the crossing-triggered heading time courses in the data vs. in infotaxis, suggests that

although infotaxis is able to capture certain features of the empirical data there are other key features

that it fails to reproduce.

1.5 Discussion
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Fig 7: Trajectory heatmaps for data and models. Each distribution was calculated by binning
all timepoints generated from all trajectories, empirical or modeled, used in our analyses. In this figure
we have not excluded any timepoints based on position in the wind tunnel or heading. A. Empirical
trajectories from fruit flies in a wind tunnel with an ethanol plume and 0.3 m/s wind. B-D. Equivalent
trajectories generated by the surge-cast (B), centerline-inferring (C), or infotaxis (D) algorithms.

To explore how animals enact sequences of decisions in response to complex stimuli in a natural

context, we examined flying insects tracking odor plumes and asked whether deviations from the

mean odor-triggered responses could be predicted from specific features of the odor encounters. We

found that higher concentrations of odor led to stronger upwind turns, and that encounters occurring

later in a sequence triggered weaker upwind turns. While a reactive surge-cast strategy predicted

the mean odor-triggered upwind turn well, only trajectories generated by the infotaxis strategy [22]

showed consistency with sign of the observed history dependence, though the magnitude of the history

dependence in infotaxis was greatly exaggerated relative to that of the data. This suggests that

sequential decision processes in real plume tracking may be dominated by reactive responses but may

also be modulated by information about a source location accumulated over the course of a flight

trajectory.

1.5.1 Measuring and controlling turbulent signals

Although it is relatively straightforward to reconstruct natural flight trajectories using videos, precise

spatiotemporal patterns of a naturalistic odor signal are challenging to measure, since odor is usually

advected by turbulent flow [24]. Instead one often measures the coarse-grained statistics of a turbulent

signal, such as its time-averaged concentration, intermittency, or plume envelope, foregoing the ability

to infer the odor concentration at precise timepoints, but allowing one to explore how trajectory

features depend on these statistics [6, 7]. Alternatively one can present a stationary plume with a

pre-measured profile, which allows one to infer the concentration experienced by a flying insect on a
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moment-by-moment basis, but in which case the true signal is less naturalistic. In this analysis we have

examined flight trajectories generated in the latter context, since it allowed us to infer the moment-

by-moment sensory experience of each insect and to look for correlations with subsequent behaviors.

Further, from the perspective of the fly, which follows a highly variable path through the wind tunnel,

its encounters with the plume may be a su�cient approximation to the encounters it would have with

a turbulent plume [15]. Importantly, although the plume itself is stationary, the variation in each

trajectory yields variation in the sensory experience of each fly. This was key in allowing us to explore

how di↵erent features of plume encounters elicited di↵erent navigational decisions.

1.5.2 Informative features of plume encounters

Our first result that flies respond to di↵erences in the concentration experienced during an in-

flight odor encounter suggests that this feature may contain usable information about the fly’s current

position relative to the plume source. Indeed, it has been shown theoretically that the distribu-

tion of nonzero instantaneous concentrations depends on displacement from the plume source [13],

and our results propose that flies detect and act on this information. This suggests that theoretical

trajectory-generating plume-tracking strategies, such as infotaxis [22], should incorporate non-binary

odor detections in order to better recapitulate observed animal trajectories; whether such information

significantly improves tracking e�ciency, however, remains an open question. For example, it may

be the case that higher instantaneous concentrations indicate to the fly that it is closer to the plume

centerline, such that it would behoove it to make a stronger upwind turn, as we observe in the data.

Our result also corroborates the fact that flies have neural mechanisms capable of detecting graded

levels of odor concentration, which have been observed at the level of ORNs [25, 26], but which may

also be present in the antennal lobe, one synapse downstream from the detector neurons.

Our second result, that the history prior to an odor encounter influences a fly’s response to that

encounter, suggests that the number of encounters throughout a naturalistic trajectory also contains

information about the fly’s displacement from the source. For example, our observations are consistent

with the possibility that increased encounters might indicate that the fly has moved closer to the source,

such that it should diminish its upwind turns so as not to overshoot it. Indeed, such a strategy would

be consistent with moth plume tracking behavior, in which it was seen that moths tended to slow

their flight as they approached a pheromone source [19]. Alternatively, as the flies accumulate odor

encounters they might be more inclined to investigate the visual features of the surrounding wind
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tunnel, such as the floor pattern [15], which might slow their upwind progress.

More generally, the dependence of the flight trajectories on odor history is consistent with the flies’

acting on information obtained from multiple, temporally separated samples of the plume, an idea

fundamental to strategies based on extended accumulation of information [22, 23]. The neural mech-

anisms enabling history-dependent behaviors in plume tracking are unknown, but a simple possibility

is that they result from adaptation of the peripheral olfactory neurons (ORNs) in the insects’ antenna

and maxillary palp, which typically decrease their sensitivity after extended odor exposure [27, 28].

ORN adaptation is typically studied, however, with much longer pulses than the sparse, intermittent

pu↵s expected in a turbulent plume, so it is unclear how strongly this mechanism would influence

natural tracking. An alternative is that history dependence arises from state changes in the antennal

lobe (AL), the insect olfactory network immediately downstream of the initial receptors, analogous to

the mammalian olfactory bulb. Indeed, many local neurons within the Drosophila AL substantially

change their odor-evoked responses over the course of an approximately 10 second train of short pulses,

with some exhibiting decreased, and others increased responses to later pulses in the train [29]. Inter-

estingly, these AL response dynamics occur on about the same timescale as the history dependence we

have observed from in the behavioral analysis. Determining the precise neural mechanisms underlying

our results will be an exciting future task, and this suggests that exploring antennal lobe mechanisms

may be a promising avenue for investigation.

An important factor in experiments involving flight trajectories through wind tunnels is the visual

experience of the insect. Since wind tunnels are typically small due to technical constraints, i.e.,

between 1–2 m long and between 0.3–1 m wide, such that the insects can likely see the boundaries of

the environment, it is likely the case that flight decisions are driven by a combination of both visual

and olfactory stimuli. Indeed, the optomotor response of flying insects requires visual input in order

for the flies to determine the wind direction relative to the ground [1], so that experiments cannot be

performed in the absence of visual input. In our analyses we have attempted to control for visual e↵ects

in several ways. Since the main e↵ect we expect is for the fly’s distance to the upwind or downwind

walls to influence their propensity to turn upwind (for example, they may be less inclined to turn

upwind if there is little space for them to turn into), in our analyses of the empirical data we excluded

plume crossings occurring in the upwind-most and downwind-most 30 cm of the wind tunnel. As an

additional control, however, in each of our data analyses we subtracted out the best linear prediction

of the quantity of interest given the position x0 of the fly along the upwind-downwind axis of the wind
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tunnel. Specifically, in quantifying the concentration dependence of plume-crossing-triggered heading,

we first subtracted the best prediction of heading from x0 and then calculated the correlation of the

residual heading variation with plume-crossing concentration, with a similar analysis applied to the

dependence of plume-crossing-triggered heading on the number of prior crossings in the trajectory. In

the future, it will be useful to conduct plume-tracking experiments in larger wind tunnels, such that

the visual experience does not substantially vary across di↵erent locations in the wind tunnel, but

doing so at present remains a significant technical challenge.

1.5.3 Identifying evidence of theoretical search strategies in data

There has been much interest in elucidating theoretical principles of how insects track turbulent

plumes [2]. However, due to the highly dynamical nature of flight trajectories, identifying evidence

of specific search strategies in data is not straightforward. In particular, because the dynamical

odor experience of each insect is controlled not by the experimenter but rather by the insect’s own

movements, one cannot compare theoretical vs. empirically observed trajectories on a one-to-one

basis. More precisely, one cannot force a simulated trajectory to have a data-matched odor experience

without causing it to deviate potentially quite strongly from the algorithm that was supposed to have

generated it.

Given these limitations, it is preferable to instead ask how the distributions over specific trajectory

features vary between simulations and data. Since a key theoretical question asks about the extent

to which insects accumulate and use information about the plume’s source location over extended

time periods, we chose to ask how such information accumulation might a↵ect the history dependence

of navigational decisions observed in real trajectories vs. those simulated by theoretical algorithms.

Consequently, we examined the joint distributions of plume-crossing-triggered heading responses and a

variable indicating whether each plume crossing occurred early vs. late in the total sequence. Our find-

ings were that although plume-crossing-triggered flight maneuvers were dominated by a brief upwind

turn (Fig 1D), they indeed di↵ered early or late in the trajectory (Fig 3A–3D, Fig 4). This suggests

that although the real plume-tracking strategy used by the insects we explored likely involves a signif-

icant reactive component, it is also modulated by the insect’s history with the plume since it took to

the air. This rules out plume-tracking strategies that are 100% reactive, such as the pure surge-cast

strategy depicted in Fig 3E, and it suggests that including such history-dependent modulation may

increase the e�ciency of successful source localization.
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Since the purely reactive surge-cast model (Fig 3E) did not reproduce the early-late distinction we

observed in the empirical crossing distribution, we examined the history dependence predicted by two

information-accumulation-based theoretical strategies: the centerline-inferring model, based on the

model by Grunbaum and Willis [23], and infotaxis, in which movement of a tracking agent explicitly

maximizes expected information about the location of the source in 3D space [22]. We found that

the centerline-inferring model predicted a history dependence opposite to that seen in the data: later

crossings generated stronger upwind turns. This inconsistency suggests that accumulated information

about a plume’s centerline may not be directly converted into increased upwind advancement along

the inferred centerline.

The failure of the centerline-inferring model motivates the consideration of infotaxis, an algorithm

in which the tracking agent uses internal knowledge of turbulent plume statistics to interpret odor

encounters and guide its search. Though the true plume used both in the original experiments and in

our infotaxis simulations was cylindrical and contained within a laminar flow, we nonetheless allowed

the simulated agent to assume an internal model of a more natural, plume governed by turbulent

di↵usion. Essentially, we wanted to ask how a search agent used to turbulence would behave when the

plume was actually laminar and cylindrical; this, we felt, best approximated the experimental situation

in which flies evolved to track natural plumes were introduced to an artificial one. Additionally,

though it is possible the flies in the wind tunnel noticed and adapted to the real plume’s non-turbulent

structure, given the high variability of their trajectories and the intermittency of their odor encounters,

their dynamic flight and odor experience was likely reasonably similar to that one would expect in

more naturalistic plume tracking. Performing similar experiments in the presence of turbulent, yet

measurable plumes (measured, for example, using Schlieren imaging, a technique that could detect

concentration changes through the optical distortions they cause over a patterned background [30, 31]

will be an important step to confirming this hypothesis.

In infotaxis, though the magnitude substantially di↵ered, the sign of the observed history depen-

dence was consistent with infotaxis. One possible reason that infotaxis, and perhaps the empirical

trajectories, exhibit weaker upwind turns for later encounters is because the physical scale at which

information is gained is larger for earlier encounters and smaller for later encounters. That is, the

first encounters in a trajectory confine the possible source location to a relatively large region of space

upwind of where the encounters occurred, so that it advantages the tracking agent to fly upwind into

this space to increase its chances of encountering the source or additional odor pu↵s. Later encounters,
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however, provide primarily fine-scale information about the source, since the large-scale location may

already be known. Thus, it may behoove the tracking agent to pay more attention to the specific

details of where it thinks the source might be, as opposed to flying indiscriminately upwind.

In the experiments we analyzed, the fruit flies tracked ethanol, an attractive odorant that emanates

from fruit, and the mosquitoes tracked carbon dioxide, which is produced by mammalian hosts. While

we did not investigate plume tracking history dependence in the presence of other odors, if the behaviors

we observed were indeed evidence of e�cient source localization strategies we would expect to see the

same history dependence when flies tracked other odors arising from sources with positive valence.

Indeed, for other attractive odors, such as Vector 960 (an odorant used in some fruit fly traps), the

reflexive odor-triggered turns are quite similar to those triggered by ethanol [15]. Investigating more

detailed plume tracking features as a function of odor identity would be a fruitful topic of future

research. For aversive odors, on the other hand, we would not expect the same behavioral responses,

as the insects’ goal would presumably no longer be to localize and approach the odor source, and so

one would expect di↵erent navigation strategies.

1.5.4 On the role of infotaxis in biological source localization

Although infotaxis was proposed in the context of biological plume tracking, few studies have com-

pared theory to data. In fact, to our knowledge the only study that has directly compared infotaxis

to animal behavior was that of Calhoun, Chalasani, and Sharpee [32], in which the authors showed

that the foraging behavior of C. elegans in the absence of a food source exhibited transitions from

local to global search strategies similar to those predicted by infotaxis. In addition to the already

discussed challenge of comparing theoretical to empirical flight trajectories, infotaxis trajectories bear

the challenge of depending on the parameters the tracking agent uses in its turbulent plume model,

such as the source emission rate or turbulent di↵usivity coe�cient. While our qualitative results were

relatively invariant to small changes in these parameters, the observed infotaxis history dependence

changed sign when the source emission rate assumed by the insect decreased too sharply (S3 Fig). D,

the turbulent di↵usivity coe�cient assumed by an infotaxis agent in its internal plume model, also

strongly a↵ects the source position information gained from each odor detection: with a very small D,

odor detection implies the source is almost directly upwind, since little spreading should have occurred

and which should strongly bias movement in that direction; with a larger D, however, odors can be

detected from sources with more variable positions. When we re-ran our infotaxis simulations we saw
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this was indeed the case: smaller D led to the predicted stronger upwind turns (S3 Fig). The sign of

the history dependence, however, which was the key focus of our analysis, did not depend on D; for

both small and large D early plume-crossing-triggered turns had a stronger upwind component than

late turns (S3 Fig). This shows that while trajectories di↵er in some ways when the internal plume

model changes, certain coarse-resolution features remain the same.

Since an infotaxis agent uses these parameters to infer the source location given a sequence of odor

encounters, a key question is how such an agent would learn these parameters in the first place, which

can vary over several orders of magnitude in natural environments [33], and incorrectly estimated values

of which can a↵ect the e�ciency of its search trajectory [34]. One possibility is that by incorporating a

reactive component to their behaviors, as observed in the data we analyzed, a tracking strategy might

gain robustness to variations in the plume statistics that would otherwise confound a pure infotaxis

strategy. That is, a moderately strong reactive component might stabilize behavioral responses that

would otherwise be sensitive to the parameters of the plume. Indeed, when plume-tracking robots were

programmed with di↵erent search strategies, under conditions of high odor concentration, reactive

strategies outperformed infotaxis [35], perhaps because of mismatches in the true plume parameters

vs. those assumed by the robot. Future work could test this hypothesis explicitly by building a full

trajectory-generating model that was a hybrid of infotaxis and a reactive strategy, and calculating

source-finding e�ciency under varying plume statistics.

1.5.5 The role of vision in search and infotaxis

An important component of an insect’s search strategy is to explore visual features after encountering

attractive odors [15]. Their choice to explore a visual feature likely depends on many factors, which

may include the concentration and frequency and number of odor encounters. Thus, it is conceivable

that our observed di↵erence in behavior for early and late plume crossings is influenced by the insect’s

choice to explore visual features (such as the checkerboard pattern on the floor of the wind tunnel)

rather than solely being a function of plume interactions. These same visual features, however, could

also help to guide the animal’s surge and cast behavior by providing helpful landmarks.

Of the models we tested, only the infotaxis model captured the correct qualitative change in

behavior between early and late plume encounters. The infotaxis model, however, requires that the

animal has access to its exact position in world coordinates, something that is quite challenging for an

insect flying in the wind over large distances (separating distance, ground speed, and wind speed, from
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measurements of optic flow and air speed is not trivial [15]. Instead, it possible that insects could use

visual features as relative landmarks in an infotaxis-like strategy. We hope that our results will inspire

the development of new biologically plausible search theories similar to infotaxis, but that take into

account the limited information available to insects, which includes visual landmarks, but not exact

location information.

1.6 Materials and Methods

All analyses and simulations were written in the Python programming language. All code is available

at https://github.com/rkp8000/wind tunnel.

1.6.1 Dataset

We used datasets previously described by van Breugel and Dickinson [15] and van Breugel et al.

[21]. See the referenced works for more details. Briefly, groups of either fruit flies or mosquitoes were

released in a 1.5 m x 0.3 m x 0.3 m wind tunnel (with a 1.3 m x 0.3 m x 0.3 m section available

for flight) containing a gentle, laminar wind flowing along the long axis (30–60 cm/s wind speed).

When any insect took o↵, a camera-based tracking system began recording it, and the insect’s 3D

trajectory was later reconstructed from the video. In the experimental conditions we have focused on,

a laminar odor plume was also present in the wind tunnel (ethanol for fruit fly experiments and CO2

for mosquito experiments). The plume retained a stationary profile due to the laminar wind flow,

and was approximately cylindrical in shape, with the highest concentration along the center of the

cylinder. The odor concentration as a function of 3D position in the wind tunnel was measured prior

to releasing any insects. For the ethanol plume in the fruit fly experiments, there was no discernible

widening of the plume from the upwind to the downwind end of the wind tunnel, such that the plume’s

cross section did not change along the wind axis. For the CO2 plume some di↵usion occurred, with

the plume widening slightly with increasing x, i.e. towards the downwind end of the wind tunnel.

However, since our history dependence analysis accounted for x before comparing early vs. late plume

crossings, it is unlikely that the trend observed in mosquitoes tracking CO2 was due to perceived

changes in the plume cross section. With both plume types, however, the plume’s stationarity allowed

the approximate concentration experienced by the insect to be inferred from its position. The resulting

dataset that we used as our starting point thus contained registered time-series of experienced odor
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concentration (up to a multiplicative factor), 3D position and 3D velocity (Kalman filtered with a

constant velocity Kalman filter) at every time point in every trajectory of every insect.

1.6.2 Identifying plume crossings

We defined a plume crossing as the interval during which the odor concentration experienced by the

insect rose above a certain threshold. To determine an optimal threshold for each species we asked

which threshold best separated potential plume crossings (in which the insect entered the vicinity

of the plume but may or may not have crossed it) into below- and above-threshold crossing groups.

Specifically, for a range of candidate thresholds, we asked when the di↵erence between the post-crossing

headings in the above-threshold group (averaged over crossings and time) was maximally di↵erent from

that in the below-threshold group. We reasoned that if our chosen threshold were below its true value,

the above-threshold group would get diluted with non-crossings, making it more closely resemble

the below-threshold group; if our chosen threshold were above the true value, however, then the

below-threshold group would get diluted by true crossings, making it more closely resemble the above-

threshold group. An optimal threshold that ideally separates the below- and above-threshold groups

should exist somewhere in between. However, upon performing this analysis a large uncertainty arose

surrounding the calculated di↵erence between the two groups’ heading time series (S1 Fig), such that

the optimality of the chosen threshold could not be guaranteed. To keep our analysis straightforward,

we chose an ethanol threshold approximately corresponding to the “elbows” in S1A Fig (for fruit flies)

and S1D Fig (for mosquitoes), corresponding to 0.0009% ethanol and 430 ppm CO2, respectively, to

define plume crossings.

Importantly, however, none of our results depend on the precise threshold used to define a plume

crossing, since an additional threshold was either kept as a free parameter (Fig 2) or the chief com-

parison was made between groups defined by the same plume-crossing threshold but which di↵ered

along other dimensions, such as crossing history. To provide further evidence that the precise cross-

ing threshold value did not a↵ect our qualitative results, we re-ran the history dependence analysis

from Fig 4 using the 0.3 m/s wind speed fly-tracking-ethanol experiments, but extracting crossing

sets according to a range of thresholds that varied over almost two orders of magnitude (S5 Fig). We

found, however, that regardless of which threshold we chose, the results followed the same trend: late

crossings yielded turns with a weaker upwind component than earlier crossings, all else held constant.

Additionally, we re-ran our hybrid model analysis using a wide range of thresholds (S7 Fig) but also
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found that this parameter did not substantially a↵ect our results.

In all of our analyses we chose t = 0 to correspond to the peak odor concentration experienced

during the plume crossing (e.g., as in Fig 1D). We defined the end of each plume crossing as the time

when the insect either reentered the plume (the experienced concentration rose above threshold again)

or landed.

1.6.3 Data exclusion criteria

In order to limit the influence of geometrical confounds on the results of our analysis, unless otherwise

noted we excluded the following sets of plume crossings from all empirical and model-generated datasets

when performing our analysis. First, we excluded all crossings occurring in the upwind- or downwind-

most 30 cm of the wind tunnel. This was motivated by the possibility that flies already in the upwind

end of the wind tunnel may exhibit more crosswind-oriented flight simply because they have less of an

area to turn into upwind of them. Second, we excluded all crossings that did not occur at a crosswind

angle, i.e., in which the initial crossing heading was not between 60 degrees and 120 degrees from

upwind. We made this exclusion simply because we were seeking out upwind directed changes in

heading, which would not be visible if flies were already heading upwind. Relaxing these criteria did

not change the qualitative results of our analysis of the dataset, but they did introduce confounding

factors into our simulated trajectories. For example, when we included the upwind-most 30 cm of the

wind tunnel in the surge-cast model analysis (Fig 3E), late crossings indeed appeared more crosswind,

simply because many late crossings occurred in this upwind-most portion, where the simulated agents’

contacting of the upwind wall often prevented them from turning as upwind as in the earlier crossings

that occurred in the central portion of the wind tunnel.

1.6.4 Partial correlation analysis

To calculate the partial correlation between peak concentration experienced during a plume crossing

and the fly’s heading at time t following the crossing (Fig 2), we first fit a linear model predicting

the heading h(t) from the initial heading h0 = h(0) and the position x0 along the long axis of the

wind tunnel. We then subtracted this prediction from h(t) to yield a residual heading h0(t), and

we subsequently calculated the correlation between peak concentration cpeak and h0(t). Given this

framework, any correlations between cpeak and h0(t) cannot be through the confounding factors of

initial heading or position in the wind tunnel.
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1.6.5 Threshold and threshold-linear model fitting

We defined the threshold model as:

h(t)ahh0 + axx0 + h< + h>⇥(cpeak � cth)

where h(t) is the heading t seconds after the plume crossing; h0 is the heading at the time of the

plume crossing, scaled by parameter ah; x0 is the position at the time of the plume crossing along the

upwind/downwind axis, scaled by parameter ax; h< is the heading predicted when the peak crossing

concentration cpeak is below the threshold cth; h> is the additional heading change predicted when the

concentration was above cth, and ⇥ is the Heaviside step function, which is 0 below 0 and 1 above 0.

We defined the threshold-linear model as:

h(t)ahh0 + axx0 + h< + (h> + accpeak)⇥(cpeak � cth)

where ac is an additional parameter specifying the linear dependence of heading on concentration

when cpeak is greater than the threshold cth.

In both models we fit ah, ax, h<, h>, and cth. In the threshold-linear model we additionally fit ac.

The threshold model is thus “nested” within the threshold-linear model. For both models we chose

as the best fit parameters those which minimized the squared di↵erence between the true and the

model-predicted headings. To determine whether the threshold-linear model fit the data significantly

better, we used an F-test. When calculating the p-value, however, we replaced the number of crossings

with the number of unique trajectories, since each trajectory yielded multiple crossings, thus providing

a more conservative estimate of significance by not treating all crossings as independent occurrences.

1.6.6 History dependence analysis

To prevent geometrical factors from confounding the results of our comparison of early vs. late plume

crossings, we first constructed a new variable h⇤(t) representing the change in heading at time t that

remained after linear predictions of �h(t) from x0 and tflight (the time spent flying since takeo↵) were

subtracted from �h(t). In particular, we fit the predictor coe�cients and calculated the predictions of

�h(t) using all non-excluded plume crossings, regardless of crossing number. Following the calculation

of h⇤(t) for each crossing at each time point, we grouped crossings into early and late classes as before
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and compared h⇤(t) between the two groups using a t-test. Finally, since there were occasionally

multiple non-excluded crossings from one trajectory in the same class, when calculating the p-values

shown in Fig 4 we used as the number of data points in each class the number of unique trajectories,

as opposed to the number of unique crossings.

In an additional related analysis, also aimed at uncovering a relationship between crossing num-

ber and post-crossing heading, instead of splitting crossings into early vs. late crossings we simply

calculated the partial correlation between crossing number and �h time-averaged from 350–450 ms

post-crossing. This partial correlation was calculated by first subtracting out the best linear predictions

of the time-averaged �h from x0 and tflight (S4 Fig).

1.6.7 Base model for surge-cast and centerline-inferring tracking algorithms

We based both our surge-cast and centerline-inferring algorithms on a correlated random walker,

described by:

⌧ v̇ = �v + ⌘ + bwC

where v is the tracking agent’s velocity, with the dot indicating its time derivative, ⌧ is the timescale

of turning, ⌘ is a Gaussian white noise variable sampled independently at each timestep with zero-

mean and diagonal covariance matrix with diagonal entries ⌘, wc is a unit vector in the crosswind

plane pointing toward the centerline of the wind tunnel, and b is a positive scalar multiplying wc.

Before augmenting the base model to include either surging or centerline-inferring features, we fit ⌧ ,

⌘, and b to approximately match the speed, angular velocity, and crosswind position distributions of a

simulated agent to those of the empirical data (S6 Fig). This yielded values of ⌧ = 0.42 s, ⌘ = 1.9 m/s

and b = 0.25 m/s. Trajectories generated by the base model alone thus followed a correlated random

walk structure with a 0.42 s timescale and with a moderate “casting” bias of oscillating around the

wind tunnel centerline.

In both the surge-cast and centerline inferring models, we modeled the wind tunnel to have the

same geometry and the plume to have the same concentration profile as in the empirical data. We

then analyzed the resulting plume crossings using the same exclusion criteria as we did with the real

data.

1.6.8 Surge-cast model
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To add a surging component to the base model just described we augmented it with an additional

upwind bias term such that

⌧ v̇ = �v + ⌘ + bwc + awu

where wu is a unit vector pointing upwind, and a(t) is the convolution of an alpha function with

timescale 0.07 s and maximum amplitude 0.8 m/s and a train of delta functions placed at the time

points corresponding to the peak odor experienced in each crossing. The timescale and amplitude of the

alpha function were chosen so that the simulated tracking agent’s plume-crossing triggered responses

exhibited approximately the same dynamics as observed in the empirical plume-crossing data.

1.6.9 Centerline-inferring agent simulation

To generate trajectories for the centerline-inferring algorithm we augmented the base model with a

di↵erent upwind bias term:

⌧ v̇ = v + ⌘ + bwc + kwu

.

Here k is a positive-valued scalar that increases as the uncertainty of the plume’s centerline location

decreases. In particular, we let k = k ⇤ /|K|, where k⇤ is the upwind bias and K is the covariance

matrix of a posterior belief probability over the 2D centerline location (y⇤, z⇤), whose determination is

given shortly. Furthermore, in the centerline-inferring agent, we let wc be a vector that points not to

the centerline of the wind tunnel, but rather to the maximum a posteriori estimate of the centerline

of the plume. As with the surge-cast model, we chose the scaling factor for the upwind bias such that

the plume-crossing triggered responses showed approximately the same dynamics as in the data.

The 2D belief distribution over the plume centerline location (y⇤, z⇤) was updated in a Bayesian

way each time the simulated insect crossed the plume at location (xn, yn, zn) (with n indexing the

plume crossing number):

P (y⇤, z⇤|yn, zn, yn�1, zn�1, ...) / P (yn, zn|y⇤, z⇤, yn�1, zn�1)P (y⇤, z⇤|yn� 1, zn�1, ...)

We assumed that the likelihood and prior (the two terms on the right-hand side of the equation,
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respectively) were both Gaussian with diagonal covariances. Thus, the posterior (the term on the

left-hand side of the equation), the likelihood, and the prior could each be parameterized by a mean

and covariance matrix. Note that in this model the posterior after one crossing acts as the prior at the

next crossing. We chose the likelihood covariance Ks and the covariance K0 of the prior over (y⇤, z⇤)

before any crossings had occurred to have diagonal entries (2m)2 and (5m)2, respectively. Finally, to

model short-term memory decay over several seconds, we allowed the mean of the posterior to decay

exponentially to (0, 0) over ⌧m = 10 seconds, with the posterior covariance K decaying to K0 over the

same timescale.

1.6.10 Infotaxis simulation

The infotaxis algorithm we used was developed by and detailed in [22]. In this algorithm a tracking

agent moves along a rectangular lattice in order to localize the source of an odor plume. To model

turbulence, the odor plume is not assumed to have a concentration gradient, but rather to yield

random “hits”, with hit probability maximized immediately downwind of the source. The tracking

agent maintains a belief distribution over the possible source locations that is updated at each time

step, depending on whether the agent receives a hit or a miss. This update is Bayesian and thus

depends on an explicit formula for the probability of receiving a hit a function of displacement from the

source, that is, the likelihood. The principle di↵erence between the Bayesian update in the centerline-

inferring model vs. in infotaxis is that in the centerline-inferring model the belief distribution is a

2D Gaussian over the centerline location, whereas in infotaxis the distribution is over the 3D source

position coordinate and has no parametric form. Since hit probability depends on the agent’s position,

and hits and misses update the source position distribution in di↵erent ways, the tracking agent moves

so as to maximize the expected decrease in uncertainty of the source position distribution, as measured

by its Shannon entropy.

The likelihood formula is derived in [22] from the time-averaged hit rate one would expect at

di↵erent displacements from a source in a turbulent medium. Importantly, this hit rate depends on

D, the e↵ective di↵usivity of the turbulent medium [24]. When D is small, the plume is confined to a

narrow band downwind of the source, and when D is large the plume becomes much more spread out,

and can even yield hits upwind of the source.

We ran our simulations on a 3D lattice that simulated positions accessible within the wind tunnel,

with lattice points 2 cm apart from one another. A discretized version of the non-turbulent cylindrical
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Fig S1: Determination of concentration thresholds for each experiment. The thick line shows
the di↵erence between the mean plume-crossing-triggered heading time-series for crossings above the
threshold and the mean plume-crossing-triggered heading time-series for crossings below the threshold,
time-averaged over the first one second following the plume crossing. Shading represents uncertainty,
calculated by propagating the standard errors of the means of each group through the di↵erence calcu-
lation. Each panel corresponds to a di↵erent experiment, labeled by the insect and the wind speed.

plume used in the experiments was simulated in the center of the lattice, and the tracking agent received

a hit at every time step it was inside the plume. Note, however, that even though the simulated plume

was cylindrical and non-turbulent, the actions of the tracking agent in our simulation were driven by

its assumption that it was interacting with a naturalistic, turbulent plume. For each experimental

flight trajectory we generated one corresponding infotaxis trajectory that started at the same (but

discretized) location in the wind tunnel as the experimental trajectory and which lasted for the same

number of timesteps as the number of lattice points that the experimental trajectory traversed.

1.7 Supporting information
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Fig S2: Positional di↵erences between early and late plume crossings. Each panel shows the
distribution of the upwind/downwind components of plume-crossing positions for either the early or
late groups shown in Fig 3, measured at the time of the plume crossing. As in Fig 3, we have excluded
all crossings occurring in the most upwind or most downwind 30 cm of the wind tunnel (leaving 70 cm
of valid flight space for our analysis) and of the remaining crossings we have included only those in
which the heading at the time of the crossing was between 60 and 120 degrees. Each panel corresponds
to one insect/wind-speed, with the di↵erence in the mean plume-crossing upwind/downwind position
(x) shown in meters in the title.
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Fig S3: Infotaxis history dependence for varied plume estimate parameters. Same layout
as in Fig 3E–3H, but with di↵erent infotaxis parameters. In A-B, the source emission rate R is
1000Hz, and the turbulent di↵usivity coe�cient D is varied, as indicated in the panel titles. In C-E,
the turbulent di↵usivity coe�cient D is 0.09 m2/s, with R varied, as indicated in the panel titles.
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Fig S4: Partial correlation between heading change and crossing number, conditioned
on x0 and tflight. Each panel corresponds to a di↵erent experiment. The x-axis shows x0 the x-
position at the time of the crossing, and the y-axis shows the change in heading, time-averaged from
350 to 450 ms post-crossing. Each point corresponds to one crossing, with the color of the points
denoting the crossing number (cn; crossing numbers of 1 or 2 correspond to early crossings and 3, 4,
5 to late crossings; we did not include the small number of crossings with crossing number ¿ 5). The
partial correlation coe�cients between crossing number and the �heading, conditioned on x0, and the
corresponding p-values, are shown in the panel titles. When calculating p-values, we used the number
of unique trajectories, rather than the number of crossings, since one trajectory frequently contained
multiple crossings.
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Fig S5: E↵ects of varying odor detection threshold on history dependence analysis. In
each panel the analysis from Fig 4 is performed on a set of plume crossings where crossings are defined
as trajectory portions in which the odor concentration rises at least once above a minimum detection
threshold (varying by panel and listed in panel titles). All panels show crossings calculated from tra-
jectories in which flies were tracking ethanol in a 0.3 m/s wind speed. As crossing-detection threshold
varies over more than an order of magnitude, the key history dependent features remain qualitatively
constant.
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Fig S6: Distributions of kinematic quantities in base model (before surge-cast or
centerline-inferring features were added) vs. empirical data. Each panel shows the dis-
tribution of speeds (A), angular velocities (B), or crosswind positions (C) (calculated across all time
point) of the empirical trajectories (black) vs. the trajectories generated by best-fit base model for the
surge-cast and centerline-inferring models. Y-axis units are arbitrary and denote relative proportions
of time points.

Fig S7: E↵ects of varying odor detection threshold on hybrid model analysis. Here we show
the optimal surge-cast percentage in the surge-cast-infotaxis hybrid crossing model analysis introduced
in Fig 6 as a function of the odor detection threshold used to generate and extract crossings from the
trajectories. The points and error bars show the mean and standard deviation of the threshold-dependent
distributions equivalent to Fig 6C.

57



Fig S8: Position distributions for data and infotaxis results for di↵erent wind speeds.
Equivalent to Fig 6A and 6D. A, B show position distributions for empirical data and infotaxis sim-
ulations in a wind tunnel with 0.4 m/s wind speeds, respectively. C, D show the same for a 0.6 m/s
wind speed.
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2. Multiplexed dopamine signals in the fruit fly mushroom body

The following work was undertaken in collaboration with experimental neuroscientists Ari Zolin,

Raphael Cohn, and Vanessa Ruta at Rockefeller University. Unless otherwise noted, all experiments

were designed and conducted by Zolin et al., and I largely led the formal analytical work detailed in

this chapter. My primary experimental contribution was designing the stimulation sequence for the

open loop sensory paradigm (Fig 6). All figures and writing are my own.

2.1 Abstract My preceding results suggested fruit flies can accumulate information over the course

of an odor-tracking flight and use it to reshape subsequent odor responses. What mechanisms might

support the rapid reconfiguration of neural computations required for this and other behaviors that

unfold over multiple seconds? One compelling component of the insect brain that might subserve this

is the mushroom body (MB), a third-order sensory and memory area whose internal information flow

is under rapid control by dopaminergic inputs (DANs) from upstream areas, as shown by Cohn et

al. [1]. Whereas dopaminergic circuitry is typically associated with external reward and punishment,

Cohn et al. (2015) noticed that DAN activity in the MB tracked not only rewarding (sugar) and

aversive stimuli (electric shock), but also value-neutral behaviors like walking initiation, suggesting

modulation of MB information flow may be ongoing and driven by more than valence signals alone.

The precise relationship between DAN activity and observable sensorimotor variables, however, remains

unknown. In collaboration with Ari Zolin, Raphael Cohn, and Vanessa Ruta at Rockefeller University,

I’ve addressed this problem by analyzing simultaneous time-series recordings of DAN activity, sensory

stimulation, and behavior in the fruit fly to characterize the DAN-sensorimotor relationship. Our

results indicate that (1) DAN activity contains multiplexed representations of several sensorimotor

variables, including wind direction, walking state, walking speed, turning velocity, and odor; and

(2) DAN representations of sensorimotor variables change under the presence of appetitive odors,

potentially recruiting anticipatory representations of behaviors the fly will undertake several seconds

in the future. This suggests that DAN-based control of information flow through the mushroom body

may depend on external sensory variables, internally generated motor commands, and reward—all key

variables in reinforcement learning; further, in addition to flexibly reconfiguring MB information flow,

the DAN representations may exhibit a state-dependent flexibility themselves. These results shed new

light on how dopaminergic signalling may shape neural processing and behavior over rapid timescales.
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2.2 Introduction

A hallmark of even the simplest nervous systems is their remarkable functional flexibility. Despite

having only about 100,000 neurons, for instance, the fruit fly is capable of a diverse repertoire of behav-

iors spanning multiple timescales, from rapid escape reflexes [2] to odor-tracking [3, 4] and courtship

[5, 6, 7, 8] to long-term associative learning [9, 10, 11], among many others. How could relatively simple

circuitry underlie such manifold behavioral functions? One possible mechanism conserved across many

animals is the reshaping of neuronal processing via neuromodulatory signalling molecules, such as ser-

atonin, norepinephrine, octopamine, and dopamine [12]. By temporarily altering cellular or synaptic

function, these neuromodulators can endow a biological neural network with more varied dynamics

and computational properties than its baseline circuitry might suggest. Interestingly, while neuromod-

ulatory activity and the circuit dynamics it shapes have traditionally been associated with changes

in global behavioral states like quiescence or arousal [13, 14, 15, 16], exciting new lines of work are

emerging suggesting that neuromodulatory signals might be multidimensional and exert much more

fine-grained control over neural processing than previously thought [1, 17, 18]. Unraveling the dynam-

ics and function of such fine-grained neuromodulatory control may be crucial to our understanding of

how neural circuitry supports the flexible computations needed to navigate an ever-changing world.

2.2.1 The role of dopamine in computation and behavior

Perhaps having received the most scrutiny for its computational properties is the neurotransmitter

dopamine, which is present in both vertebrate [19, 20, 17] and invertebrate nervous systems [21, 22, 23]

and appears to have at least a partially conserved role across species. Disrupted in several disorders,

such as addiction [24, 25, 26, 27] or schizophrenia [28, 29, 30], dopamine has been primarily investigated

for its role in signalling the rewards and punishments experienced by an animal. In particular, the

foundational finding by Schultz et al. [31] that firing rates of dopaminergic neurons in the mammalian

midbrain tracked not reward itself, but rather the di↵erence between expected and received reward—

the so-called reward prediction error—sparked a rich line of inquiry into dopamine’s functional role in

the nervous system. In particular, dopamine has been strongly implicated as a potential key player in

a biological implementation of reinforcement learning (RL) [32, 33], in which an agent uses trial-and-

error learning to develop a decision-making policy by assigning a scalar value to external states and

internal actions [34]. This framework has been used, for instance, to develop computational models
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of addiction in an e↵ort to gain a more principled understanding of the a✏iction [35]. Dopaminergic

responses to reward and punishment [36], and potentially reward prediction error [37] have also been

observed in the fruit fly, demonstrating the potential conservation of dopaminergic RL computations

across many species.

A parallel line of research into dopaminergic function suggests that beyond its role in RL, dopamine

may be more generally involved in the representation and control of an animal’s motor and sensory

experience. An impairment of the nigrostriatal dopamine system, for example, is one of the key

biomarkers of Parkinson’s Disease, whose su↵erers exhibit a substantially disrupted capacity for move-

ment initiation [38, 39, 40, 41]. In the sensory domain, it was shown that burst firing of dopamine

neurons in cat ventral tegmental area (VTA) could be evoked by unconditioned visual and auditory

stimulation [42], with similar firing patterns observed in dopamine neurons in rat VTA in response to

vibrissal stimulation [43]. The tuning of dopaminergic responses to sensory stimuli has also recently

been observed in zebra fish [17], suggesting this sensorimotor role of dopamine may be conserved across

species as well. Beyond this, recent work has begun to tease apart potential dopaminergic responses to

valence-neutral motor states in fruit flies [1]. Tying together the diverse roles of dopamine both within

and across species will be a central step in gaining a full understanding of how this neuromodulator

interacts with and shapes behaviorally relevant neural computations.

2.2.2 Dopaminergic control of mushroom body computations

One dopaminergic system that is being increasingly investigated for its rich role during behavior is

the dopaminergic innervation of the fruit fly mushroom body (MB), a third-order insect sensory area.

Lying immediately downstream of the antennal lobe (the insect homolog to the mammalian olfac-

tory bulb [44, 45]), the fruit fly MB consists of approximately 2000 excitatory Kenyon cells (KCs) that

synapse onto 34 output neurons (MBONs) according to a stereotyped, compartmentalized organization

[46]. Fruit fly KCs are divided into three functionally independent classes, ↵/�, ↵0/�0, and �, each of

which arborize along individual lobes which are themselves spatially and functionally subdivided into

multiple compartments [47, 48, 46]. The � lobe, for instance, is subdivided into five visually and genet-

ically distinguishable compartments G1-5, which may have di↵erent roles in mushroom body olfactory

processing [36]. KC-to-MBON synapses are themselves subject to stereotyped, compartmentalized in-

nervation by dopaminergic inputs (DANs) from upstream areas [49, 23, 36], suggesting they may be a

prime target of neuromodulatory control. Functionally, the mushroom body has been implicated in the
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representation of olfactory and gustatory stimuli by sparse KC activations [50, 51], and it appears to be

a neuropil critical for associative learning. For example, when their mushroom bodies were chemically

lesioned, flies were unable to learn associations between odor cues and an electric shock, despite being

able to do so in the absence of the lesion [10]. Finally, whereas some studies have suggested relative

homogeneity in the functions of dopamine neurons in a mammalian midbrain area VTA [52], DAN

activity in di↵erent MB compartments appears to convey di↵erential signals, with distinct DAN clus-

ters activating in response to either reward or punishment, rather than a single DAN signal encoding

a scalar level of valence [36]. Overall, the mushroom body’s involvement in odor representation and

learning, its multidimensional dopaminergic neuromodulation, and its relatively simple organization

makes it an ideal and potentially tractable system for comprehensively investigating dopamine’s role

in shaping neural computation and behavior.

One of the most recent and exciting studies on dopaminergic modulation of MB information pro-

cessing comes from [1], who found that DAN activation could yield large, rapid, reversible, and com-

partmentally localized e↵ects on KC-to-MBON synaptic transmission. In particular, they found that

an isolated unpaired one-second stimulation of the DANs innervating �-lobe compartment G4 caused

KC-to-MBON synapses in G4 to become and remain strongly potentiated; however, when DAN stim-

ulation was paired with simultaneous activation of a subset of KCs, this caused the synapses of the

activated KCs onto their downstream MBONs to become strongly depressed. Furthermore, both po-

tentiation and depression of KC-to-MBON synapses could be subsequently reversed simply by applying

either paired or unpaired stimulation to the preparation, respectively. As a result, when a second pulse

of an odor initially paired with G4 DAN activation was presented, it evoked a weaker G4 MBON re-

sponse due to the depressed synaptic transmission from KCs responsive to the odor. This observation

of rapid DAN-based synaptic modification thus suggests a mechanistic underpinning of the hypothe-

sized preferential involvement of the MB �-lobe in short-term memory [53]. In addition to observing

the expected compartmentally specific DAN responses to reward vs punishment, Cohn et al. also

observed that DAN responses appeared to track spontaneous behavioral state not explicitly associated

with reward or punishment. Indeed, when flies “flailed” within the tethered preparation, the G2 and

G3 DANs showed substantive increases in activity, the same DANs activated during electric shock;

when flies were still, the G4 and G5 DANs exhibited increased activation, the same DANs activated

by the presentation of a sucrose reward. This suggests that DAN activity in the mushroom body and

its e↵ect on olfactory computations and behavior may be modulated not only by external positive or
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negative stimuli but by internally generated motor activity as well, suggesting a multi-dimensional and

nuanced function of the insect dopamine system.

The above results beg two questions. First, what combination of stimulus, motor, and reward

events drive or are driven by di↵erent activity dynamics in the di↵erent DAN compartments in the MB?

Second, how do these shape information processing through the KC-to-MBON synapses to eventually

modify behavior in natural contexts? In collaboration with experimentalists Ari Zolin, Raphael Cohn,

and Vanessa Ruta, we have attempted to characterize the DAN responses to a variety of sensorimotor

observables and to postulate their involvement in the representation and transformation of behavior. To

do so we studied flies’ locomotor patterns as they walked on a trackball with simultaneous recordings

made of �-lobe DAN activations in either or both MBs under a variety of conditions. Our results

suggest DANs impinging on the MB � lobe may represent a wide range of multiplexed signals, and

that they may potentially be involved in predicting flies’ tracking behaviors over a timescale of several

seconds into the future. We discuss the computational implications of these findings in the Discussion.

2.3 Results

2.3.1 Absent external stimuli, DAN activity represents moment-to-moment behaviors

We first explored DAN activity while flies walked on a trackball without additional sensory stim-

ulation. DAN activity in the di↵erent gamma lobe compartments was measured via a synaptically

tagged calcium indicator, while the fly’s walking velocity was reconstructed from a simultaneous video

recording of the trackball (Fig 1A). Prior to analysis, the video of the DAN activity from one hemi-

sphere was segmented by hand into four regions of interest (ROIs), corresponding to the gamma lobe

regions �2�5 (G2-5) (Fig 1B). This yielded time-locked recordings at 10 Hz of multiple walking motion

variables and 4 DAN time-series (Fig 1C).

When we overlaid the fly’s total walking motion (the net rotational velocity of the trackball) with

each of the 4 DAN traces, we observed a strong correlation between the DAN fluctuations and the fly’s

walking state (walking or paused) throughout the trial (Fig 4D). In particular, inspection of example

traces revealed that while G2 and G5 exhibited much variability, G3 and G4 tended to exhibit a strong,

consistent relationship with walking state, often with an apparent lag of less than one second. Further,

additional experiments by Zolin, Cohn, and Ruta (not shown) suggest that the DAN fluctuations

accompanying walking state are on the same order of magnitude as DAN responses to sucrose reward.
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This demonstrates that the dopaminergic projections to the mushroom body gamma lobe appear to

encode the fly’s moment-to-moment behavioral state, absent any external stimulation or reward.

To quantify the relationship between DAN activity and behavioral state we fit a simple logistic-

regression classifier predicting the fly’s current state from the DAN activity alone. For all time points

that could clearly be assigned a walking or paused label, we trained the classifier to predict which

of these two states the fly was in from a symmetric 1-second window of either one single DAN or

all DANs together. For each trial we trained the classifier on 80% of the time points and tested it

on the 20% of held-out time points, where time points were grouped in extended “chunks” prior to

the training-test split. In doing so we found G3 to be the best predictor of walking state, with an

average of 98% accuracy (Fig 1E), and which dropped only to 97% when we included only “fitful”

trials (trials where the fly spent at least 20% of the time paused) (Fig 1F-G). Other DANs contained

some predictive power of walking state, but given the strong predictive power of G3, including them

as additional predictors along with G3 only marginally improved predictive accuracy (Fig 1G). This

shows that the moment-to-moment walking state fluctuations can be almost entirely predicted by the

moment-to-moment fluctuations in G3 alone.

We next asked whether the relationship between walking state and DANs other than G3 might be

explained simply by correlations of those other DANs with G3, as would arise if there were internal

network interactions among the DANs. To this end, we computed cross-correlation functions between

all pairs of DANs (Fig 2). Consistent with the observed G2-G3 and G4-G5 correlations observed

when flies are presented with stimuli of positive and negative valence (sugar reward, electric shock,

respectively) [1], we observed strong positive G2-G3 correlations and strong positive G4-G5 correlations

in the asensory context described in Fig 1, in which behavior and DAN activity were purely spontaneous

(Fig 2B,E,L,O). Further, consistent with the G2-G3 vs G4-G5 opponency observed in the presence of

positive- or negative-valence stimuli, we observed a strong negative correlation between G2 and G4.

Compared to other pairs of compartments, there was a relatively weak correlation between G3 and G4,

suggesting that the positive relationship of both of these with walking state (Fig 1D,G) is probably

driven by both DAN populations independently encoding walking, as opposed to, say, G3 following

walking, and G4 being simply driven by G3. We note, however, the potentially bimodal distribution of

G3-G4 correlations (Fig 2G, J), suggesting they may also be dependent on an unobserved internal state

that varies trial-by-trial. These results suggest that either behaviorally tied or purely internal network

dynamics among the four DAN populations in question drive spontaneous correlation structures that
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Fig 1

DAN/Motion Overlay
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Fig 1: Asensory experiments and initial observations. A. Flies walked on a patterned trackball
whose rotation was videotaped to reconstruct a fictive trajectory. Mushroom body activity in one hemi-
sphere was simultaneously imaged. B. Schematic of mushroom body architecture. Kenyon Cells (KCs)
synapse onto mushroom body output neurons (MBONs) in four distinct anatomically and functionally
segregated “gamma” compartments (G2-5). Dopaminergic inputs (DANs) to each compartment synapse
onto KC ! MBON synapses themselves, allowing selective modulation of synaptic transmission. In
experiments by Zolin et al., DAN synapses were tagged with a calcium indicator,
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Continued from Fig 1: such that activity could be reconstructed from observed fluorescence. C.
Example recordings of basic behavioral variables (Motion [net ball rotational speed], ForVel [forward
rotation], AngVel [angular/rotational velocity around vertical axis]) and DANs across the four gamma
compartments G2-5. All traces have been normalized to have same scale on plot. D. Example overlay
of each DAN activitation trace (colors) with total ball motion (black). All trials were 300 seconds
long. E. Accuracy of walking vs paused classification using any individual DAN vs all DANs over a
one-second window centered at the time point being classified. Error bars show standard deviations in
accuracy. F. Distribution across trials of fraction of time spent walking. Trials with less than 80% of
time spent walking were deemed “fitful” trials. G. Same as E but for fitful trials only.

reflect the correlation structure observed in the reward/punishment context [1], but that multi-DAN

representations of walking may be partially independent.

Motivated by G3’s strong predictions for walking state, we formally quantified the temporal rela-

tionship between each DAN compartment and multiple features of the fly’s walking behavior. For each

trial, we fit linear filters predicting either total motion, forward velocity, (signed) angular velocity, or

absolute (unsigned) angular velocity on the trackball, using as predictors an 8 second window of DAN

activity centered at the time point of the behavior prediction (Fig 3). (Example overlays of each DAN

with each of the behavioral variables we examined are shown in Fig 3S1.) Our results show that for

the most part, DANs exhibited a lagged encoding of behavioral variables, with most DANs responding

to a weighted time average of any given behavioral variable over approximately 1-3 seconds in the

past. Most filters were predominantly monophasic, indicative of a simple moving average, e.g. G4 and

G5 from forward velocity (Fig 3G-H) or G2 from absolute angular velocity (Fig 3M). Interestingly,

however, a couple of filters took on unexpected shapes. G2, for example, exhibited a salient biphasic

filter on forward velocity (Fig 3E), suggesting that it might be encoding a time derivative, i.e. forward

acceleration. The extension of the positive lobe of this filter beyond �t = 0 suggests G2 may show

some “anticipatory” coding of movement, rather than simply following the fly’s most recent motion;

that is, for G2 to encode the time-derivative of forward velocity at �t = 0, it would require some

knowledge of the fly’s forward velocity 500-1000 ms in the future, suggesting it may be involved not

just in reading out the most recent forward velocity but in shaping it as well. Note, however, that

due to the 500 ms lag in the calcium indicator signaling, it is di�cult to draw strong conclusions

about anticipatory coding at this timescale. G4 also exhibited an interesting filter shape on absolute

angular velocity, which, though weak, also appeared to have a secondary lobe extending into the future

and suggesting a possible anticipatory code of this quantity. G5’s filters appeared to simply reflect

those observed for G4, suggesting that its computational distinction from G5 might only be evident
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Fig 2: Cross covariance functions between distinct DANs. Each timepoint shows the cross
covariance between two DANs at a given time lag. All cross covariances were normalized by the product
of the standard deviations of the signals to yield a maximum value of 1. Light gray traces are individual
trials, and thick red lines show the average across trials.
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in alternate behavioral contexts. These results thus demonstrate that G2-4 encode di↵erent features

of behavior in distinct ways, some potentially anticipatory, and combined with the result of Fig 2 sug-

gest the DAN system is a complex of internal network interactions superimposed with behavior-driven

and/or behavior-driving activity patterns. Thus, beyond simply coding rewarding and punishing stim-

uli, the DAN system in the mushroom body additionally exhibits a rich and diverse representation of

moment-to-moment behaviors.

2.3.2 In sensory-motivated context DANs represent stimulus features

To examine DAN representations in a more naturalistic setting, we turned to data collected by Zolin

et al. in a “sensory-motivated” context. Here, flies walking on a track ball were additionally subject

to a steady air stream controlled by the fly’s own turning/angular velocity on the track ball (Fig 4A).

We defined the fly’s heading as the angle that the air stream was o↵set relative to the direction the fly

was facing (Fig 4B). The setup was calibrated in a “virtual reality” sense, so that when the fly turned

right, the air stream moved left, and vice versa (Fig 4B-C). Additionally, an appetitive odor (apple

cider vinegar [ACV]) could be injected into the air stream at computer-controlled times and in such a

way that the total air flow remained approximately constant during and outside of odor presentation.

Flies generally kept the air stream in front of them and showed salient behavioral and DAN re-

sponses to odor onset. Heading over time within and outside of the odor for an example trial is

shown in Fig 4D, where following odor onset relatively little variation in heading is observed beyond

an approximately 90 degree range centered in front of the fly, possibly indicating a tracking behavior

reflective of a search for the appetitive odor source. As in their representations of behavior, individual

DANs exhibited a diversity of odor responses. In particular, the odor-triggered G2 average showed

a suppressed response to odor onset (Fig 4E), G3 showed a moderate average increase to odor with

substantial variability (Fig 4F), and G4 and G5 showing strong positive responses to odor onset (Fig

4G-H). Additionally, G3 exhibited a salient o↵set response to the odor, suggesting G3 (Fig 4K) might

signal unsigned changes in odor presence. Neither G2, G4, nor G5 showed substantial responses to

odor o↵set (Fig I-L). Finally, while substantial variability remained, ACV onset on average tended

to trigger increases in forward walking velocity, which was additionally reflected in odor-triggered in-

creases in total motion (Fig 4M-N). Increases in forward velocity appeared to last through the duration

of the odor presence, with no discernable decreases following odor o↵set (Fig 4Q-R). Neither absolute

angular velocity nor absolute heading, however, showed any overt responses to odor onset or o↵set

71



Fig 3

A B C D

E F

J

G H

LK

M N O P

I

Fig 3: Linear filters predicting di↵erent DANs from di↵erent behavioral variables. Linear
filters were fit using standard least-squares regression. Negative time lags correspond to the behavioral
time point preceding the DAN time point being predicted. Filters were fit predicting DANs G2-5 us-
ing either total ball motion (Motion), forward walking velocity (ForVel), angular/rotational velocity
(AngVel), or absolute (unsigned) angular velocity (AbsAngVel). Gray lines indicate individual trials
and red lines show cross-trial averages.
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Fig 4
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Fig 4: “Closed loop” sensory setup and odor-triggered responses. A. The asensory setup
from Fig 1 was augmented by introducing an air stream that was controlled by the fly’s angular velocity
so as to imitate a virtual reality environment. Experiments were conducted in darkness so the fly could
not see the air tube. Additionally, mushroom body gamma lobes in both hemispheres were imaged in
the sensory setup. B. Heading was defined as the angle between the direction the fly was facing
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Continued from Fig 4: and the air tube. C. Example overlays of AngVel and Heading in the
closed loop setup. D. Example heading trace over a full trial, with a 60-second pulse of ACV shown
in red. E-H. Odor-onset-triggered DAN responses, averaged across hemispheres (e.g. G2A = (G2L
+ G2R)/2). Gray lines are individual trials and black lines cross-trial averages. I-L. As in E-H but
for odor-o↵set-triggered responses. M-T. As in E-L but for behavioral quantities, including absolute
(unsigned) heading (AbsHeading).

(Fig 4O-P, S-T).

Overall, these results show that in addition to representing moment-to-moment behaviors the DANs

may carry instantaneous sensory information as well; indeed, if one reasonably imagines ACV as being

predictive of a future food source, this is consistent with the canonical understanding of the mammalian

dopamine system [54] in which dopaminergic activity increases not only in response to reward, but

in response to reward predictors. More generally, our results suggest G2-4 likely play di↵erent roles

in the representation and processing of olfactory signals at the level of dopaminergic inputs to the

mushroom body. Furthermore, the opposite G2 and G4 responses to odor appear to reflect the negative

correlations between G2 and G4, suggesting that DAN representations of sensory information may be

shaped by the same inter-DAN dynamics that drive spontaneous activity in the asensory environment.

2.3.3 Interhemispheric DAN di↵erences encode air stream angular movements

We next characterized the relationship between the DAN activations and various sensorimotor ob-

servables in the sensory-motivated context. As before, we fit filters linearly predicting DAN activity

from an 8-second window of a given sensorimotor observable centered at the time of the DAN activity

being predicted (Fig 5). As in the asensory context we observed salient filters on motion, forward

velocity, and absolute angular velocity that predicted G2-4 in distinct ways, with the G5 filters largely

resembling the G4 filters (Fig 5A-H). Of note, in the sensory-motivated context, G4 showed a substan-

tially stronger filter on forward velocity than G3 (Fig 5F-G), as compared to the asensory context,

in which G3 and G4 filters on forward velocity were of approximately the same magnitude (Fig 3F-

G). Flies in the sensory-motivated context spent much less time not walking, consequently undergoing

many fewer walking state transitions than in the asensory case. Our results in Fig 5 are thus consistent

with the hypothesis that G3 largely represents walking state whereas G4 may more richly represent

the specific value of forward walking velocity, giving rise to a filter that remains salient even when the

fly walks continuously.

DAN-predicting filters on absolute angular velocity in the sensory-motivated context also had
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shapes resembling those in the asensory context (Fig 5I-J). However, in the sensory-motivated context

G2 and G4 filters on absolute angular velocity were on a similar order of magnitude as the G3 filter,

whereas in the asensory context, the G3 filter was much larger than the G2 and G4 filters. This may

be due once again to the more continuous walking in the sensory-motivated context; it could also

potentially arise as a consequence of sensory feedback that allows the fly to more precisely compute its

angular velocity relative to the external environment. When we fit DAN-predicting filters on absolute

(unsigned) heading (Fig 5M-P), a quantity with no direct meaning in the asensory context, we observed

strongly salient biphasic filter shapes predicting G2 and G4, extending for 2-4 seconds into the past,

with a small 1s filter predicting G3. This suggests that in a sensory-motivated context, the fly’s

orientation relative to a continuous air stream is more strongly encoded in G2 and G4 than in G3,

and that G2 and G4 are predicted by distinct biphasic features of the recent sequence of headings

experienced by the fly. The filtering properties of the various DANs on behavior did not exhibit any

strong di↵erences when fit using only time points within vs outside of the odor epoch (not shown).

Finally, we took advantage of the fact that in the sensory-motivated context Zolin et al. were able

to record from both hemispheres simultaneously, to ask whether signed sensorimotor variables might be

encoded in the interhemispheric di↵erences between DAN signals. Indeed, when our predicted variable

was the di↵erence, G4D, between the left and right G4 activations, we observed salient, stereotyped

filters on both signed angular velocity (Fig 5Q) and signed heading (Fig 5R). These filters were largely

monophasic and extended for 1-2 s into the past, relative to the time point of the predicted G4D signal.

This suggests that, “riding on top” of the sensorimotor-driven fluctuations in the DAN signals averaged

across hemispheres, fluctuations in the left vs right DAN signals relative to the hemisphere-averaged

signals may encode sensorimotor information useful for wind-guided navigation (anemotaxis). No DAN

compartments besides G4 exhibited salient representations in their interhemispheric di↵erences of the

sensorimotor variables we considered in this analysis.

We next asked whether the heading- and angular-velocity-dependent fluctuations in G4D (the

interhemispheric di↵erence in G4 DAN activities) were representing sensory or motor information, or

a combination of the two. Since the original “closed loop” sensory-motivated experiment paired the fly’s

angular velocity with its heading (the angle of the air stream), in these experiments it was impossible to

distinguish which of the two G4D might be representing. In coordination with Zolin et al., we therefore

designed a novel experimental paradigm in which closed loop stimulation (necessary to motivate the

fly to walk consistently) was interleaved with 60-second periods of “open loop” stimulation (Fig 6A),
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Fig 5
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Fig 5: Linear filters predicting DAN activity from behavior in closed loop sensory setup.

A-P. As in Fig 3A-P but in the closed loop sensory condition. Q-R. Best fit linear filters predicting the
di↵erence between G4 levels in the two hemispheres (G4D = G4L-G4R), using either (signed) AngVel
or (signed) heading as a predictor.
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in which the air stream angle was driven by an Ornstein-Uhlenbeck process (a parsimonious version of

temporally filtered white noise) [55] instead of the fly’s own motion. Our hope was that by dissociating

the sensory and motor observables during the experiment we could assess their independent and joint

relationships with G4D.

To identify whether G4D represented sensory or motor information or both, we fit linear filters

predicting G4D during the open-loop epochs of the experiments. In particular, we attempted to

predict G4D using filters fit only to the fly’s angular velocity or only to the air stream’s angular.

In doing so we found that while the angular velocity and air stream angular velocity filters both

had salient integrator shapes over 500ms - 2s in scale (Fig 6B-C, Red), the filtered version of the

fly’s angular velocity explained between 10-20% of the G4D variance, the filtered version of the air

stream’s angular velocity was able to explain 30-60% of the G4D variance (Fig 6D). This suggests

G4D is better predicted by the candidate sensory feature (air stream angular velocity) than by the

motor feature (the fly’s angular velocity).

To account for the possibility that the fly’s angular velocity varied over a di↵erent timescale than

the air stream angular velocity, potentially distorting the results of linear filter fitting and consequent

variance explained, we additionally fit a model predicting G4D from both filtered signals. Indeed, when

we allowed our model to use either the fly’s or the air stream’s angular velocity as predictors, or both

together, we found that nonzero coe�cients were only assigned to the air stream’s angular velocity

(Fig 6B-C, Black). Furthermore, when both filtered variables were allowed to be predictors, the G4D

variance explained only increased by a few percent relative to that explained from the air stream’s

angular velocity (Fig 6D). These results together suggest that G4D, the interhemispheric di↵erence

between the G4 DAN activities, may be driven largely by the fly’s sensory experience rather than

its angular motor outputs. To further confirm this finding, we note that in example traces, the G4D

signal predicted purely from the air stream angular velocity often closely follows the true G4D signal,

even when the fly is not walking at all, lending further evidence to G4D’s encoding of predominantly

sensory information.

Finally, we note that in the sensory-motivated context, inter-compartmental DAN correlations (Fig

6S1) appear largely identical to those computed in the asensory context (Fig 2). This suggests that

although the DANs recruit novel representations of sensorimotor variables in the sensory-motivated

context, their internal network dynamics may be similar between contexts; however, there may still

be context-dependent di↵erences in higher-order correlation structures. Beyond intercompartmental
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correlations, interhemispheric correlations between equivalent DANs across hemispheres appear largely

symmetric, with G2 almost perfectly correlated between hemispheres, and with G3 and G4 exhibiting

strong but still somewhat variable correlations, in line with our observation that G4D fluctuations

may encode additional information useful to the fly. In sum, in combination with the results we have

discussed until this point, it appears that the DAN activations encode not only valence-tied stimuli,

but also both moment-to-moment behavioral variables and moment-to-moment sensory variables, and

that these representations are often multiplexed within the same DAN compartment. In other words,

modulation of olfactory information flow and transformations through the mushroom body may be con-

trolled by a variety of sensorimotor and valence variables multiplexed into a relatively low-dimensional

modulatory signals.

2.3.4 DANs recruit extended sensorimotor representations in the presence of odor

Given mammalian dopamine’s canonical association with rewarding stimuli [54], we asked how

reward-associated stimuli for the fruit fly might alter DAN function relative to other sensorimotor

variables. To this end, Zolin et al. modified the odor stimulation paradigm such that multiple 10-

second odor pulses were presented during trials, interleaved with 30-second periods of clean air (Fig

7A). Additionally, to increase behavioral variation they decreased the air flow rate, as the higher air

flow of Fig 4-6 tended to entrain flies into keeping the air stream directly in front of them. Interestingly,

this changed the baseline relationships between odor, DANs, and behavioral variables. In particular,

in this lower air flow condition, odor pulses did not trigger an average increase in forward velocity (Fig

7B-C), indicating that behavioral responses became less stereotyped. Also, as in previous experiments,

odor onset did not trigger any salient average change in absolute heading (Fig 7D-E). Furthermore,

whereas the odor-triggered DAN responses were not as sharp as in the higher flow conditions, they

had roughly the same shapes, with G2 showing a negative and G4 a positive response to odor onset,

and G3 exhibiting a weak o↵set response. Notably, in the lower air flow condition, the once prominent

absolute heading filters predicting G2-G4 became far less salient, with only a barely discernible posi-

tive and negative lobe just prior to the time point of the prediction in G2 and G4, respectively, with

no apparent structure in the G3 or G5 filters (Fig 7J-M). The filters predicting G2-G5 from forward

velocity, however, were largely unchanged in the lower vs higher air flow conditions. This suggests the

lower air flow condition with pulsed odors leads to less stereotyped odor responses but DAN-behavioral

relationships similar to in the higher flow condition.
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Fig 6
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Fig 6: Distinguishing sensory vs motor representations in G4D. A. Example of a 60-second
epoch of open-loop movement of the air stream angle. The y-axis is in units of degrees per second, and
G4D is in arbitrary units and has been scaled for visualization. B, C. Linear filters predicting G4D
from either the fly’s angular velocity or the air stream angular velocity, respectively (red), or using both
signals independently (black). The x-axis is relative to the G4D time point being predicted. D. G4D
variance explained using only the fly’s angular velocity, only the air stream’s angular velocity, or both.
E. True G4D (dark green) and G4D predicted from the air stream angular velocity (light green), with
the fly’s scaled angular velocity shown below, with three non-walking periods indicated in magenta.
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Fig 7
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Fig 7: Multi-odor pulse closed loop sensory paradigm. A. Demonstration of fly’s motion and
the 4 DAN values (averaged across hemispheres), with two 10-second odor pulses shown in red. Missing
values are due to the recording system occasionally dropping signals. B-I. Odor-triggered averages for
4 behavioral variables (B-E) and the 4 DAN variables. Gray lines are for individual pulses, with dark
black indicating the average over pulses. J-Q. Linear filters predicting each of the 4 DAN values from
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Continued from Fig 7: an 8-second window surrounding the time point of the DAN prediction, using
either absolute (unsigned) heading or forward velocity as predictors. Gray lines are individual trials,
and red are averages.

Taking advantage of the behavioral variability in the lower air flow condition, we subsequently asked

whether the way in which DANs represent external variables might be modulated by the presence of an

odor. To address this question, we focused in particular on the relationship between di↵erent DANs and

the representation of absolute heading, a core variable needed for the fly to generate behaviors according

to its orientation relative to the wind. Of note, when we fit linear filters predicting di↵erent DANs from

heading using epochs either inside or outside odor pulses, there was no noticeable di↵erence in filter

shapes (not shown). As an alternative approach, we isolated then aggregated all odor pulses across

flies and trials and computed correlations between DAN levels and absolute heading at di↵erent o↵sets

relative to the odor pulse onset (Fig 8A-D, E-F). This analysis revealed that there were indeed changes

in the correlations between specific DAN activity levels and absolute heading in response to the onset

of the appetitive odor. For example, the G2-absolute-heading and G3-absolute-heading correlations

increased following odor onset and decreased again after odor o↵set (Fig 8A,B). In particular, this

correlation increased across multiple seconds, indicating that during the odor pulse, G2 and G3 both

increased their correlations not only with present absolute heading, but also with heading multiple

seconds in the past and future. Thus, it would appear that the G2 or G3 DAN responses immediately

after an odor contain a predictive power of future heading that we had not observed in prior analyses.

G4 exhibited an opposite but similarly strong response, with prominent negative correlations with

a wide temporal range of headings following odor onset (Fig 8C). Overall, this suggests that at a

correlational level odor modulates DAN representations of at least one crucial navigational variable.

As an aside, we note that due to the frequent extended odor-triggered G2 and G4 DAN responses,

these DANs exhibited an increase in their own autocorrelation timescale following odor onset (Fig

8S1); thus, one should question whether the increased DAN-behavior correlation timescale is simply

reflective of the increased autocorrelation timescale in the DANs. While we have not fully explored

this possibility, consideration of the following null hypothesis suggests this is probably not the case.

Specifically, if we assume relatively short autocorrelation time in heading, as suggested by Fig 8S1D,

then there should be zero correlation between absolute heading at one time |ht| and absolute heading a

few seconds later |ht+�t|. Given this, if an arbitrary variable X were to increase its correlation strength

with |ht|, it would still remain uncorrelated with |ht+�t| unless the correlation existed through a dif-
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ferent pathway. Therefore, if we consider the null hypothesis that the increased DAN autocorrelation

timescale is due to a random increase in DAN activity (or even a |ht|-dependent increase) that endures

throughout the odor pulse, this will indeed increase the DAN autocorrelation time; however, for the

above reason its correlations with |ht+�t| should remain zero unless either (1) the heading autocorrela-

tion time similarly increases during odor, or (2) the DAN-|ht+�t| correlations arise through a di↵erent

pathway. Since (1) does not appear to be the case, i.e. the absolute-heading autocorrelation timescale

does not appear to increase substantially in the presence of odor (Fig 8S1D), it would seem that only

(2) remains a likely option. Thus, we believe it is likely that odor recruits increased DAN correlations

with absolute heading that in fact reflect a change in the relationship between the two variables.

To ensure our findings were indeed a product of the odor pulse and not a byproduct of our specific

analysis, we repeated the analysis on “false odor pulses” o↵set by a certain number of seconds relative

to the actual odor pulses. As shown in Fig 8I-L,M-P, we did not see the same prominent change in

DAN-heading correlations when we triggered our analysis on false odor pulses. Moreover, since the false

odor pulse shown in Fig 8I-L were o↵set 10 seconds prior to the real odor pulses, the initial results using

real odor pulses are visible in the lower right-hand corner of the correlation matrices, corresponding to

the expected 10 s o↵set. Thus, our results were due to the presence of the odor and not the structure of

our analyses. Notably, some of these correlations correspond to anticipatory representations of the fly’s

future behavior; for example, the correlation between G4 2-seconds-post-odor-onset and heading 10-

seconds-post-odor-onset suggests that in the presence of odor G4 may be predictive of the navigational

decisions the fly may make several seconds in the future. Overall, these combined results suggest that

the DAN representations of absolute heading indeed strengthen in the presence of an appetitive odor,

with these correlations stretching over an extended, multi-second timescale that is not seen outside of

odor.

Finally, we asked whether the DANs’ anticipatory representations of future absolute heading could

arise from the relationships we have already observed in previous analyses. For example, could it be

the case that odor-triggered G4 simply reflects the odor-triggered change in forward walking velocity,

which in turn is predictive of the fly’s change in heading a short time later? To address this question we

defined several quantities chosen to assess the statistical structure of each DAN value, forward velocity,

and absolute heading at a coarse temporal resolution. To this end we defined early and late epochs as

1-4 seconds and 7-10 seconds, respectively, following the onset of the 10-second odor pulse (Fig 9A-F),

and used these epochs to compute 3-second time averages over di↵erent variables. For each DAN we
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Fig 8: Odor-triggered DAN-heading correlation matrices.. A. Correlation values (green =
positive, pink = negative) between normalized G2 fluorescence and the fly’s heading, o↵set at di↵erent
times relative to the (t=0) odor pulse. For example, the point at t = 2 s on the x-axis and t = 10 s on
the y-axis shows the correlation (across all pulses) between G2 at 2 seconds post odor onset and absolute
heading 10 seconds post odor onset. B-D. Same as A but for G3-5. E-H. Corresponding P-values for
correlation matrices in A-D, with blue indicating P < 0.05. I-P. Same as A-H except for false/control
odor pulses o↵set 10 seconds prior to true odor pulses.
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defined a reduced model as a linear model predicting the early DAN level, e.g. �G41,4 (time-averaged

from 1-4 s post odor onset) from early heading �h1,4 and early forward velocity �v1,4. To account for

the possibility that the odor-triggered DAN response was a↵ected by the fly’s initial orientation when

the odor came on, we also included the initial heading h�10,0, time-averaged for 10 seconds prior to odor

onset, in our reduced model. In other words, the reduced model predicts the early odor-triggered DAN

response following odor onset using the early odor-triggered heading and forward velocity responses.

Our reasoning was then the following: if the early DAN response contained more information about

late heading h7,10 than that contained in early heading h1,4 and early forward velocity v1,4, i.e. if it

contained a true, independent anticipatory representation of heading, then augmenting the reduced

model by adding in h7,10 as an additional predictor should significantly increase the model’s predictive

capacity of the early DAN value.

Indeed, we found that augmenting our reduced model by adding late heading�h7,10 as an additional

predictor significantly increased the model’s prediction of early G2, G3, and G4 (�G21,4, �G31,4, and

�G41,4, respectively) (Fig 9G-J, Red). Precisely, including late heading led to a 10% increase in ex-

plained variance for �G21,4 and �G31,4, and a 5% increase for �G41,4 (P < 0.01 for �G21,4, �G31,4,

and �G41,4; F-test). Importantly, these increases were only observed during odor pulses, as when we

ran the same analyses on false (control/sham) odor pulses o↵set either 10, 20, or 30 seconds prior to the

true odor pulse, adding late heading as a predictor yielded no substantial improvement in explaining

DAN variance (Fig 9G-J, Blue, Dark Blue, Black). (We note, however, that as expected, building

up the reduced model by adding the reduced predictors h�10,0,�h1,4,�G41,4 one-by-one frequently

improved the model’s prediction of the various DANs, often regardless of whether or not the odor pulse

was present.) This result suggests that at least at a coarse resolution, the early odor-triggered G2-4

responses may themselves be predictive not only of the odor’s presence and the fly’s instantaneous

sensorimotor experience, as was suggested by our prior analyses, but additionally of how the fly will

orient relative to the wind several seconds in the future. Thus, the presence of an appetitive odor for

the fly may induce the recruitment of DAN activity patterns that anticipate subsequent behaviors,

suggesting that the DANs may additionally be involved in context-dependent computations spanning

multi-second timescales. An open question is how such representations would shape plasticity and

information flow through the mushroom body to potentially give rise to or modulate these behaviors.

2.4 Discussion
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Fig 9: Explaining odor-triggered DAN variance with future heading changes. A-F. Depic-
tions of variables used in building the predictive model. Gray shading shows the odor pulse; in A-D
blue shading indicates the “early” epoch (1-4 s post odor onset) used to compute the DAN value; in E
green shading shows the early epoch used to compute the forward velocity value; and in F green shading
shows the early and late epochs used to compute the heading value. G. Fraction of early G2 variance
explained as a function of which predictors were included in the model, for true odor
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Continued from Fig 9: pulses (red) and false/control odor pulses at several o↵sets relative to the
true odor pulse (blue, dark blue, black). Single stars indicate P < 0.05 and double stars indicate
P < 0.01 (F-test; nested model analysis). H-J. Same as G but predicting early G3-5 instead of G2.

Although the computational role of dopamine may be better characterized than that of any other

neurotransmitter [31, 46, 1, 20, 17, 18], the molecule’s nuanced role in shaping neural function and be-

havior outside explicit reward contexts remains largely uncharted territory. By characterizing a battery

of responses of dopamine neurons (DANs) innervating the fruit fly mushroom body and examining how

these responses change under di↵erent conditions, we have attempted to shed light on how dopamine

may be involved in the reconfiguration of information flow through a highly organized and potentially

tractable neural system. While much work remains to fully contextualize prior dopamine studies and

our own observations within a common framework, we hope our results provide a useful stepping stone

for illuminating the multiplexed roles of dopaminergic computation during natural behaviors and for

directing future experiments to further treat this question. Below we describe possible implications of

our results and expound on how they may relate to specific learning frameworks.

2.4.1 Moment-to-moment sensorimotor representations in DAN inputs to the mushroom

body

The �-lobe of the fruit fly mushroom body has been shown to be involved in short-term memory [53]

and to induce rapid, reversible, and compartmentalized changes in the e�cacy of synaptic transmission

from Kenyon cells (KCs) to mushroom body output neurons (MBONs) [1]. Our core novel results were

the characterization of what information about a fly’s behavioral experience was represented by DAN

projections to �-lobe compartments G2-G5. In doing so we hoped to shed light on what features of

a fly’s behavioral experience might drive KC-to-MBON plasticity, and how this might shape future

behavior. We found that in addition to representing rewarding and punishing experiences [36], the

DANs tracked a diverse array of sensorimotor variables on a moment-to-moment timescale, including

walking state/speed, forward and rotational components of the fly’s self-driven locomotion, odor onsets

and o↵sets, and both signed and unsigned heading/heading changes relative to angle of an upwind air

stream. While some responses, such as the G4D response to heading, were relatively small compared

to the reward-driven DAN fluctuations [1], others, such as the G3 and G4 response to walking state,

were on a similar order of magnitude. This suggests that dopaminergic control of MB olfactory

information processing may be driven not only by events with positive or negative valence but by
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internally generated behavior as well, and perhaps by valence-neutral sensory stimuli.

While future experiments are needed to identify the precise magnitudes and timecourse of KC and

DAN activations to induce KC-to-MBON synaptic plasticity, our results allow us to speculate as to

how di↵erent behavioral experiences for the fly might modulate odor representations and responses

over short timescales. First, in G4, when an odor is paired with reward the KCs representing the

odor should weaken their MBON projections such that future encounters with that odor yield weaker

MBON responses, as observed by [1]. Such a finding is in line with the canonical neural phenomenon

of adaptation observed across a diversity of organisms and neural systems, in which neural responses

to repeated stimuli gradually and/or rapidly decrease [56, 57, 58, 59]. Generally, adaptation is thought

to subserve a favored representation of novel over familiar stimuli, for example to conserve metabolic

resources by allocating spikes primarily to changes in the environment. The results of Cohn et al.

[2015] suggest that in MBONs this may occur at the presynaptic level under the control of dopamine.

Indeed, the DAN-triggered potentiation of non-activated KC-to-MBON synapses predicts that ab-

sent additional feedback processes, odors that were not paired with DAN activity should evoke much

stronger MBON responses in G4.

Our current results add further nuance to this idea, suggesting that odor responses in G4 MBONs

might adapt not only when paired with reward, but also with other behavioral events, such as odor onset

itself or locomotion, which activate the MB-projecting DANs in a similar way as explicit reward. That

an appetitive odor like apple cider vinegar (ACV) should evoke dopaminergic responses is perhaps

not surprising given the well established observation that mammalian dopaminergic neurons learn

to represent reward predictors following an associative conditioning paradigm [31, 54], and here it

suggests that MBON responses to ACV should decrease regardless of whether ACV was paired with

reward. DAN-based adaptation of odor response to locomotion, on the other hand, could point to

a potentially novel role of dopamine in modulating neural information processing. In particular, if

locomotion-induced DAN activity had similar e↵ects on rapid KC-to-MBON plasticity as reward,

this would imply that G4 MBON responses to odors presented during locomotion would adapt more

strongly than responses to odors presented while the fly was still, potentially reflecting a novel form

of behavior-dependent response adaptation. A remaining open question is whether smaller and noisier

fluctuations in DANs that track other variables like heading would have an appreciable e↵ect on

KC-to-MBON transmission, and if not, what role they might play in behavior. More generally, our

results beg the questions of to what extent the continuous DAN dynamics transform into continuous
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modulation of KC-MBON synaptic strengths, how such a continuously modulated circuit might be

stabilized, what e↵ects these have on external and internal state representations in the MBONs, and

how these shape behavior. Designing experiments to disentangle these questions will be an exciting

future line of inquiry.

2.4.2 Multiplexed dopamine signals for memory and learning

Could dopamine, canonically associated with reinforcement learning (RL) in mammalian systems

[31, 33], play a similar computational role in the fruit fly mushroom body? We first note that as the

goal of RL is to learn a decision-making policy based on estimates of rewards that di↵erent stimulus-

response pairings are expected to produce, a biological implementation of RL should require convergent

representations of relevant sensory information, relevant motor information, and information about the

current reward or its di↵erence from the expected reward [33, 60]. The striatum, for instance, one

of the chief hypothesized locations of RL in mammalian nervous systems [60], receives sensory and

motor signals from cortex [61] and dopaminergic inputs from VTA and the substantia nigra pars

compacta [62, 61]. In a way the mushroom body exhibits a similar convergence of inputs necessary for

RL. KCs represent odor identity [50] and the DANs appear to provide information about additional

sensorimotor, as well as rewarding or punishing events [1]. The key di↵erence, however, is that whereas

in striatum all sensorimotor information is thought to originate from cortex, with dopaminergic inputs

signalling a more global reward prediction error signal [60], our results indicate that in the mushroom

body mush sensorimotor information is absorbed into the DAN signals themselves. This suggests that

if the MB is implementing a similar RL-like computation as has been hypothesized in mammalian

dopamine systems, it may be doing it in a di↵erent way. Given the relatively small nervous system

underlying fly behavior, it is perhaps not surprising that a small number of cells would carry multiple

di↵erent decodable signals, as has been observed for instance, in the fruit fly courtship circuit [8], but

it remains an open question whether the multiplexing we observe is su�cient for RL and if so, whether

it provides any computational advantage. As we refine our experimental understanding of the MB,

such a question could be addressed through computational modeling studies.

One feature of our findings and others’ that might shed light on the DAN-based control of MB

information processing is the limited but still multidimensional DAN activity patterns. Indeed, whereas

dopamine has canonically been thought to provide a global scalar signal representing an animal’s overall

estimate of the di↵erence between the received and expected reward [31, 33, 60, 52], in the DAN data

88



collected by Zolin and Cohn one observes di↵erential encodings of various sensorimotor variables across

di↵erent DANs. This in itself suggests the �-lobe DANs likely serve an additional purpose beyond

conveying reward information, but a few recent studies attempting to disentangle dopamine function in

mammals may shed additional light on the possible utility of multi-dimensional DAN signalling. First,

it has been found that there may actually exist substantial heterogeneity in mammalian dopamine

neurons, with some neurons found to respond, for instance, to only reward or only punishment and

others to both reward and punishment [63], the latter which might be analogous to our observation

that in the higher air flow closed loop condition, G3 appeared to respond to both the onset and

o↵set of an extended ACV pulse (Fig 4F,J). Additionally, midbrain dopamine neurons may convey

di↵erent information and subserve di↵erent behavioral function depending on their downstream targets

[64], lending further evidence of generic heterogeneity in dopaminergic systems. From a computational

perspective one function of multidimensional responses may be to reflect the di↵erent dimensions of the

reward stimulus itself. Indeed, reward is rarely accurately represented by a single number but instead

often has multiple dimensions, such as its overall value, risk and uncertainty, and type of reward [65].

While [65] found that midbrain dopamine neurons in primates appeared to integrate these di↵erent

objective reward dimensions into a single scalar-valued subjective representation of reward prediction

error, the possibility remains that it might prove useful in other contexts to retain the separation of

di↵erent reward dimensions at the level of dopaminergic activity. Takahashi, et al. [66], for example,

recently found midbrain dopamine neurons that signaled not only a prediction error of a scalar reward

level, but also signaled prediction errors relative to sensory features of the predicted reward that had no

correlation with reward value. Drawing parallels between dopaminergic computations in the mushroom

body and the mammalian midbrain and striatum within a common computational framework through

future experimental and modeling studies will likely be key to gaining insight into what purpose

multidimensional dopaminergic and reward representations could serve with regard to behaviorally

relevant computations.

An outstanding question about our particular results is what role the MB � lobe plays in short vs.

long-term memory. Indeed, the � lobe has traditionally been implicated in short-term memory, relative

to the ↵/� and ↵0/�0 lobes, which are generally thought to be required long-term and medium-term

memory, respectively [53, 67, 68, 69]. The rapid plasticity results of Cohn et al. [1] that motivated this

investigation additionally corroborate the � lobe’s role in fast, short-term storage of information in the

mushroom body that alters MBON odor representations. Although the goal of RL is to shape decision-
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policies over the long-term, it also requires short-term memory in order to solve the temporal credit

assignment problem, in which the animal must construct associations between its own sensorimotor

activity and rewards that arrive after a delay [?]. To do so, the animal must keep a temporary record

of its recent actions so that it can discern which ones were involved in eliciting the delayed reward. One

of the core RL mechanisms for storing such a record is the eligibility trace, in which di↵erent states or

actions are “tagged” so as to indicate their eligibility for reinforcement, should a reward arrive a short

time later [70, 71, 54, 32, 72]. The immediate responses of DAN activity to sensorimotor state and

the rapid plasticity the DANs are capable of inducing in the � lobe indeed poise them as a potential

mechanism for storing such an eligibility trace. For example, by our reasoning in the previous section

the arrival of an odor during active locomotion could tag a set of KC-to-MBON synapses encoding

that odor, such that if a reward were encountered shortly after, the � lobe would contain information

about the odor identity or identities that had recently been encountered, which could theoretically

be used to update the fly’s decision-making policy. The cellular and network mechanisms that could

transform such information into future decisions remain to be elucidated, but the � lobe’s role in

long-term memory could be addressed experimentally by varying the experiments performed by Zolin

et al. for this analysis. In particular, one would allow flies to learn to pair neutral odors with reward

or punishment over the course of multiple trials and examine how the KC and DAN representations of

the initially neutral stimulus changed over learning. Conversely, recordings such as the ones described

in this chapter might be similarly performed in the ↵/� and ↵0/�0 lobes to identify whether these MB

neuropils exhibited any capacity for short-term memory.

Given the extensive role of odor-tracking in the life of an insect, one might also consider whether the

�-lobe DAN computations elucidated here might be used to shape this crucial behavior. Indeed, it was

recently shown that flies exhibit some evidence of short-term memory and information accumulation

over the course of single odor-tracking flights [4], and it is possible that the � lobe might partially

subserve such short-term memories. Unknown is whether and how the short-term memory of the

� lobe might be integrated into potential spatial computations that could optimize odor-tracking

[73, 74, 4]. Interestingly, one modeling study seeking to understand the rich spatial behaviors of ants

found that mushroom body circuitry could be co-opted to encode navigational routes using sparse

codes for rapid learning of many di↵erent visual images [75]. Furthermore, recent investigations into

biologically inspired machine learning algorithms have shown that the canonical properties of MB

computations might be usable for more general purpose tasks such as image classification and one-shot
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learning [76]. Understanding how the di↵erent MB lobes and their DAN-based neuromodulation might

be used for spatial and general purpose computations remains an exciting line of future inquiry.

2.4.3 On the relationship between spontaneous and evoked neural activity

Lastly, our characterization of DAN activity in the mushroom body introduces new evidence regard-

ing our understanding of the relationship between internally generated, “spontaneous” neural activity,

and that evoked by external sensory stimulation. Indeed, our observations of the positive G2-G3 and

G4-G5 correlations and the negative G2-G4 correlations in the DANs during the asensory condition

(Fig 2) strongly reflect the correlational structure of DAN activity seen when flies are presented sugar

rewards or electric shock [1]. Further, when we examined fluctuations of G2 and G4 DANs riding on

top of their modulations due to the fly’s walking patterns (not shown), we found that these fluctuations

were negatively correlated as well, lending further evidence that spontaneous dynamics in the DANs

reflect those driven by behaviorally salient stimuli. Further, the G4 and G5 DANs appear to either

directly or indirectly inhibit the G2 DANs [1], suggesting one should likely see such G2-G4 opponency

during internally generated network activity. These results are in line with several other results sug-

gesting that over development or learning, intrinsic brain activity in the absence of an explicit stimulus

comes to reflect patterns of activity evoked by sensorimotor activity [77, 78, 79], and that furthermore

such intrinsic or spontaneous activity might play an active role in shaping how future sensory are

represented by the brain [80, 81, 82]. Indeed, at first blush at least, such observations may reflect the

process by which our nervous systems acquire information about the world through short- or long-term

memory and use this information to reshape how we process future sensory stimulation, for instance to

improve our processing e�ciency. That such a relationship between evoked and spontaneous activity

is present in dopaminergic networks in addition to cortical and hippocampal networks lends evidence

to the possibility that this may be a universal feature of biological neural networks that places both

neuromodulatory circuitry and the networks they modulate on common footing.

2.5 Additional Materials and Methods

Unless otherwise noted, all experiments were designed and conducted by Zolin et al., and I largely

led the formal analytical work. My primary experimental contribution was designing the stimulation

sequence for the open loop sensory paradigm (Fig 6).
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2.5.1 Data Collection

To measure behavior flies were tethered below a two-photon microscope but otherwise unconstrained.

A small patterned trackball was placed beneath the flies and movement data extracted at 60 Hz

using the FicTrac recording system [83] and custom MATLAB scripts by Zolin et al. DAN synaptic

activations in the � lobe were measured using the calcium indicator GCaMP6s attached to the C-

terminus of the synaptic protein synaptotagmin, which was selectively expressed in DAN synapses

using a combination of the tyrosine hydroxylase and dopa-decarboxylase promotors [1]. Activations

of the G2-G5 DANs were imaged in a single imaging plane at 10 frames per second, and univariate

activations in each of the 4 compartments (or 8 when both hemispheres were recorded in the sensory

setup) were extracted by spatial averaging over hand-drawn regions of interest corresponding to each of

the 4 visually identifiable compartments. Final synaptic activations were then computed by dividing

the GCaMP6s fluorescence in each ROI by a red labeling protein whose fluorescence did not alter

in response to DAN activations, to control for possible total variations in luminance. All behavioral

variables were binned into 100 ms windows and aligned with the DAN recordings prior to analysis.

For the sensory setup the air tube position was driven either in response to the fly’s own motion on

the trackball (closed loop) or via a predetermined filtered white noise sequence (open loop). All trials

used in these analyses were 300 seconds long.

2.5.2 Data normalization

Prior to analysis all DAN activations were either z-scored across time (Fig 1-6) or computed relative

to the time-averaged DAN activity surrounding a single odor pulse (Figs 7-9).

2.5.3 Filter fitting

All linear filters were fit using standard linear regression in which the least squared error between

the true and predicted output was minimized to identify best-fit filters.

2.5.4 Open loop sensory paradigm

For the open loop sensory paradigm 5 trials were used across 3 flies. Closed loop movement of the air

stream occurred for epochs 0-60s, 120-180s, and 240-300s, with open loop movement used for epochs
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60-120s and 180-240s. Open loop air stream positions were driven using an O-U process with a standard

deviation of 45 degrees and a timescale extracted by fitting a two-sided decaying exponential function

to the average autocorrelation function of the flies’ angular velocity in the closed loop paradigm.

2.5.5 Nested model analysis The nested model analysis of Fig 9 used linear models, with the

significance levels for the increase in variance explained as stepwise predictors were added computed

using an F-test.

2.6 Supplementary Figures

93



Fig 3S1

A

B

C

Fig 3S1: Example DAN overlays with three behavioral variables. A. Forward walking velocity.
B. The fly’s angular/rotational velocity. C. The fly’s absolute (unsigned) angular/rotational velocity.
All variables are in arbitrary units are were rescaled for visual alignment.
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Fig 6S1

Interhemispheric cross covariances

Intercompartmental cross covariances
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Fig 6S1: Inter-DAN cross covariance functions in the closed loop sensory condition. A-
P. As in Fig 2 but for the closed loop trials, where each DAN signal used (G2A - G5A) was now the
average of the corresponding DAN values across hemispheres. Q-T. Cross covariance functions between
corresponding DANs in di↵erent hemispheres.

95



Fig 8S1

A B C D

Fig 8S1: Autocorrelation functions of G2-4 and absolute heading. As in Fig 8A-D except
showing correlation functions of three DAN values and one behavioral variable with themselves.
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3. Fast and flexible sequence induction in spiking neural networks via rapid excitability

changes

The following work is additionally available as a bioRxiv preprint via the following citation:

Pang, Rich, and Adrienne L. Fairhall. ”Fast and Flexible Sequence Induction In Spiking Neural

Networks Via Rapid Excitability Changes.” bioRxiv (2018): 494310. (DOI: 10.1101/494310)

3.1 Abstract

Cognitive flexibility, the adaptation of mental processing to changes in task demands, is thought to

depend on biological neural networks’ ability to rapidly modulate the dynamics governing how they

process information. While extensive work has elucidated how network dynamics can be reshaped

by slowly occurring structural changes, e.g. the gradual modification of recurrent synaptic patterns,

much less is known about how dynamics might be reconfigured over faster timescales of seconds. One

compelling example of rapid and selective modulation of network dynamics potentially involved in

cognitive flexibility is observed in rodent hippocampus, where short bouts of exploratory behavior

cause new activity sequences to preferentially “replay” during subsequent awake rest periods without

continued sensory input. Fast mechanisms for selectively biasing sequential activity through networks,

however, remain unknown. Using a spiking neural network model, we asked whether a simplified

version of sequence replay could arise from three biophysically plausible components: recurrent, spa-

tially organized connectivity; homogeneous, stochastic “gating” inputs; and rapid, activity-dependent

scaling of gating input strengths, based on a phenomenon known as long-term potentiation of intrin-

sic excitability (LTP-IE). Indeed, these enabled both forward and reverse replay of flexible sequences

reflecting recent behavior, despite unchanged recurrent weights. Specifically, activation-triggered LTP-

IE “tags” neurons in the recurrent network by increasing their spiking probability when gating input

is applied, and the sequential ordering of spikes is reconstructed by the existing recurrent connectiv-

ity. In a proof-of-concept demonstration, we also show how LTP-IE-based sequences can implement

temporary stimulus-response mappings in a straightforward manner. These results elucidate a simple

yet previously unexplored combination of biological mechanisms that converge in hippocampus and

su�ce for fast and flexible reconfiguration of sequential network dynamics, suggesting their potential

role in cognitive flexibility over rapid timescales.

3.2 Introduction
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We can rapidly and flexibly adapt how we process incoming information from the environment, a

mental faculty known as cognitive flexibility. For example, after being instructed to raise our left hand

when one word is heard and our right hand when another is heard, we perform the task with little error.

How brain networks quickly induce novel stimulus-response mappings such as this into their underlying

neural dynamics, however, remains mysterious. In particular, while extensive prior work has elucidated

how stimulus-response mappings might be implemented biologically, the mechanisms for inducing these

mappings typically require slow, gradual modifications to network structure e.g. by incrementally

training connection weights to minimize errors between correct and predicted responses ([1, 2, 3,

4, 5]) or by allowing local plasticity to reshape network dynamics in response to internal activity

[6, 7, 8, 9, 10, 11, 12]. Biologically observed spike-timing-dependent plasticity (STDP) mechanisms,

however, typically increase post-synaptic potentials (PSPs) by at most a few percent [13, 14, 15, 16, 17].

Furthermore, due to the precise timing requirements of canonical plasticity mechanisms (e.g. in STDP

spike pairs must occur in the correct order within tens of milliseconds) and low firing rates of cortex

and hippocampus (typically less than a few tens of Hz [18, 19, 20]), STDP-triggering spike patterns

may occur relatively rarely, especially given the asynchronous nature of cortical firing patterns in

awake animals [21]. As a result, computational models for shaping dynamics that modify network

structures via synaptic plasticity typically rely on at least dozens of learning trials over extended

time periods [6, 22, 10], challenging their suitability for rapid reconfiguration of network dynamics.

Computationally, modifying connections to change network function might also interfere with long-

term memories or computations already stored in the network’s existing connectivity patterns, leading,

for instance, to catastrophic forgetting [23]. Consequently, it is unclear (1) how biologically observed

plasticity mechanisms could reshape network function over the timescales of seconds required for rapid

cognitive flexibility, and (2) how such restructuring of synaptic connectivity could occur over the short

term without degrading existing long-term memories.

One feature of neural dynamics potentially reflecting processes of cognitive flexibility is stereo-

typed sequential firing patterns [24, 25, 26, 27, 28, 29, 30]. Functionally, firing sequences are thought

to be involved in various cognitive processes, from short-term memory [28, 29] to decision-making

[30]. More generally, one can imagine sequential activity as reflecting information propagating from

one subnetwork to another, e.g. stimulus S evoking a cascade of activity that eventually triggers

motor output M. A compelling empirical example of memory-related firing sequences that arise in a

neural network almost immediately after a sensorimotor event, apparently without requiring repeated
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experience or long-term learning, occurs in so-called awake hippocampal replay. Here, sequences of

spikes in hippocampal regions CA1 and CA3 originally evoked by a rodent traversing its environment

along a specific trajectory subsequently replay when the rodent pauses to rest [31, 28, 32, 33]. Such

replay events occur at compressed timescales relative to the original trajectory and often in reverse

order. Replay has also been observed in primate cortical area V4, where firing sequences evoked by

a short movie were immediately reactivated by a cue indicating the movie was about to start again,

but without showing the movie [34]. The functional role of replay has been implicated in memory,

planning, and learning [35, 33, 34, 36, 37], but little is known about the mechanisms enabling the un-

derlying sequential activity to become induced in the network dynamics in the first place. Elucidating

biological mechanisms for rapidly inducing sequential firing patterns in network dynamics may not

only illuminate the processes enabling replay but may also shed light on principles for fast and flexible

reconfiguration of computations and information flow in neural networks more generally.

An intriguing fast-acting cellular mechanism whose role in shaping network dynamics has not been

investigated is the rapid, outsize, and activity-dependent modulation of cortical inputs onto pyramidal

cells (PCs) in hippocampal region CA3 [38, 39, 40]. Specifically, following a 1-2 s train of 20 action po-

tentials in a given CA3 PC, excitatory postsynaptic potentials (EPSPs) from medial entorhinal cortex

(MEC) more than doubled in magnitude within eight seconds (the first time point in the experiment).

Thought to arise through inactivation of K+-channels colocalized with MEC projections onto CA3

PC dendrites and deemed “long-term potentiation of intrinsic excitability” (LTP-IE), potentiation

occurred regardless of whether the CA3 PC spikes were evoked via current injection or by upstream

physiological inputs, indicating its heterosynaptic nature, since only MEC EPSPs, and not others,

exhibited potentiation [38, 39]. Notably, the 10-20 Hz spike rate required for potentiation matches

the range of in vivo spike rates in hippocampal “place cells” when rodents pass through specific lo-

cations [41, 42], suggesting LTP-IE may occur in natural contexts. Furthermore, EPSP potentiation

persisted throughout the multi-minute course of the experiment [39], suggesting that in addition to

fast onset, the modulation could extend significantly into the future. Although inducing sequential

activation patterns in neural networks is typically associated with homosynaptic plasticity (e.g. in

STDP a postsynaptic following a presynaptic spike strengthens the activated synapse, thereby incre-

mentally increasing the probability of subsequent presynaptic spikes triggering postsynaptic spikes),

the rapidity, strength, and duration of this heterosynaptic potentiation mechanism suggest it might

significantly modulate network dynamics in natural conditions, warranting further investigation within
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the context of neural sequences. Moreover, while this mechanism has so far been observed in hippocam-

pus only, an intriguing possibility is that functionally similar mechanisms exist in cortex also, enabling

rapid e↵ective changes in excitability of recently active cells, with potentially similar computational

consequences (see Discussion).

To explore this idea we first develop a computational model for the e↵ect of LTP-IE on EPSPs from

upstream inputs as a function of their spiking responses to physiological inputs. Next, we demonstrate

how LTP-IE combined with recurrent PC connectivity in a spiking network can yield spike sequences

reflecting recent sensorimotor sequences that replay in both forward and reverse and which are gated

by an upstream gating signal. We subsequently identify parameter regimes allowing and prohibiting

LTP-IE-based sequence propagation and examine the e↵ect of specific parameters on replay speed,

spontaneous activity, and information transmission. Finally, we show how LTP-IE-based sequences

can be used to induce temporary stimulus-response mappings in an otherwise untrained recurrent

network. We discuss implications for cognitive flexibility and rapid, non-stereotyped memory storage

that does not require modification of recurrent network weights.

3.3 Results

To investigate its consequences on neuronal spiking dynamics we implemented LTP-IE in a network

of leaky integrate-and-fire (LIF) neurons [43]. Overall neurons received three types of inputs: sen-

sorimotor inputs S, carrying tuned “external” information; recurrent input R from other cells in the

network (developed further, Fig 2); and “gating” inputs G, which are assumed to be random, with a

homogeneous rate across the network, but independent to each cell. We first provide an overview and

intuition of the model that follows.

First, we demonstrate our implementation of LTP-IE in spiking neurons: LTP-IE in a given neuron

is activated by that neuron’s firing within a physiologically plausible range ( 20 Hz) for 1-2 seconds.

LTP-IE specifically augments EPSPs from gating (G) inputs (analogous to MEC inputs); consequently,

recently activated cells, “tagged” by LTP-IE, will show stronger positive voltage deflections in response

to G inputs. Thus, when continuous G inputs are present, recently active, LTP-IE-tagged cells will,

on average, sit closer to spiking threshold. Unless otherwise specified, in all simulations of reactivation

dynamics that follow we assume the presence of G inputs, as LTP-IE cannot a↵ect membrane voltages

without them.

Second, in analogy to hippocampal “place cells” [41, 42] we consider the case where di↵erent

107



neurons maximally activate when a simulated animal is in di↵erent positions in the environment.

Consequently, when the simulated animal navigates along a trajectory, LTP-IE tags the cells with

place fields along the trajectory, thus storing the trajectory memory as a set of positions, without

order or timing information. When G inputs are turned on post-navigation (representing an awake

resting state), these recently active LTP-IE-tagged cells sit closer to spiking threshold than cells that

were not activated by the trajectory.

Finally, inspired by excitatory recurrence in CA3 [44] we assume recurrent excitatory connections

in the network, which allows activity to propagate through the network over time. We assume that cell

pairs with more similar tuning (nearby “place fields”) have stronger connections [44, 45, 46]. Thus,

activity from cell A is more likely to propagate to cell B if (1) cell B has been LTP-IE-tagged after

being activated by the trajectory, and (2) cell B has a nearby place field to cell A. Consequently,

given the right model parameters, activity that begins at one point in the network (e.g. in cells tuned

to the animal’s resting position) should propagate primarily among LTP-IE-tagged cells, in an order

potentially reflecting the original trajectory. We discuss additional model components we excluded for

the sake parsimony, such as inhibition, structured G inputs, additional tuning parameters, and LTP-IE

extinction, in the Discussion.

Note that our model accords two meanings of “excitability” to the LTP-IE acronym. As coined by

[38, 39], LTP-IE’s “excitability” originally refers to the augmented EPSPs of G inputs (MEC inputs, in

[38, 39]) arriving to distal dendrites. Here, however, “excitability” also refers to the increased voltage

of LTP-IE-tagged cells, which makes them more likely to spike in response to inputs.

3.3.1 LTP-IE increases membrane voltages and spike rates under random gating inputs

We first model LTP-IE mathematically and demonstrate its e↵ect on neuronal membrane voltages

and spiking. To model LTP-IE, when a naive cell spikes at a su�ciently high rate ( 10 Hz) over 1

second, we increase the strength of that cell’s G inputs by a factor , in accordance with its spike rate,

such that future G inputs yield augmented EPSPs (Fig 1A, B). Consequently, cells that have recently

emitted several spikes in quick succession end up with high LTP-IE levels, which causes them to sit at

higher average voltages given a steady random stream of G inputs (Fig 1C-E); additionally, cells with

higher LTP-IE exhibit increased variability in their membrane voltages (Fig 1D, E).

Due to their increased membrane voltage, cells with high LTP-IE also exhibit higher spiking proba-

bility, both spontaneously (Fig 1S1) and in response to depolarizing current inputs (Fig 1F,G), although
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Fig 1: Mechanism and consequences of LTP-IE. A. Demonstration using leaky integrate-and-fire
(LIF) neuron model of fast activity-driven LTP-IE, which doubles membrane voltage responses to gate
inputs as described in [38, 39]. A spike in an upstream gate neuron (G) first elicits a small EPSP
in the pyramidal cell (PC); a 1-second spike train (dots) at approximately 20 Hz is evoked by strong
stimulation of sensory inputs S; when G spikes again, the EPSP has doubled in size. “RCR” refers
to recurrent inputs from other PCs (not used in this figure). B. Shifted logistic function for LTP-
IE strength (e↵ective weight scaling factor) � vs. PC firing rate over 1 second. C. Example voltage
responses (Vm) of PCs with di↵erent receiving statistically identical stochastic gating input spikes. D.
Distribution of PC membrane voltage for � values shown in C. E. Mean (thick) and standard deviation
(shading) of Vm as a function of for three gate firing rates. Black: rG = 75 Hz; dark red: rG = 125 Hz;
red: rG = 175 Hz. F. Example di↵erential sensitivities of PC spike responses to injected current input
(blue) for two di↵erent �. Dashed lines show leak and spike threshold potential; dots indicate spikes
(which only occur for the � = 2 case [cyan]). G. Di↵erence between current-evoked spike probability
and spontaneous spike probability as a function of for four initial gate input weights (unitless). Color
code, in order of increasing lightness: wPG,G = .004, .008, .012, .016.
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substantial variability remains, and even with high LTP-IE, current-evoked spiking is not assured (Fig

1F,G). Nonetheless, for moderate values of the synaptic strength of initial G inputs, LTP-IE substan-

tially increases the probability of transforming a depolarizing input into an output spike from near zero

to approximately 0.5 (Fig 1G). (For overly weak initial G inputs, LTP-IE does not substantially facili-

tate spiking; for overly strong initial G inputs, spontaneous spike rates are already high and increased

spiking leads to more frequent voltage resetting [Fig 1G, 1S1].) Thus, given moderate initial G input

strengths, when a cell undergoes LTP-IE, its chance of spiking in response to future inputs (i.e. its

excitability) substantially increases, although variability remains. Since LTP-IE-triggering spike rates

are only around 10 Hz, this suggests LTP-IE may play an active role in modulating firing properties

of recently active cells in physiological conditions.

3.3.2 Spike sequences propagate along LTP-IE-defined paths through a network

We next asked how LTP-IE would shape activity in a recurrent spiking network of 1000 excitatory

neurons. Individual neurons were inspired by hippocampal place cells [47, 41], with firing rates tuned

to specific positions (“place fields”) within an environment (Fig 2A-C). We furthermore assumed

preferential connections between neurons with nearby place fields (Fig 2D and Methods). Since our

primary goal was to evaluate whether LTP-IE alone was su�cient to induce activity sequences we did

not include inhibitory neurons, but potential roles for inhibition are described in the Discussion.

To investigate network activity depending on recent sensorimotor sequences, we considered the

scenario in which a rodent has just completed a short trajectory through its environment, in analogy

with experimental setups used to measure neuronal replay in hippocampus [31, 28, 33]. Since our goal

was to understand sequential reactivation during the awake, quiescent period following the trajectory,

we only used the trajectory geometry to predict the LTP-IE levels one would expect following its

termination. To do so, we computed each neuron’s maximum expected spike rate during the trajectory

as a function of the distance from its place field to the nearest point on the trajectory (Fig 2C). We

then passed the result through the soft-thresholding LTP-IE activation function (Fig 1B) to compute

the final expected LTP-IE level (Fig 2C). This allowed us to model the expected LTP-IE profile over

the network of neurons as a function of the recent trajectory (Fig 2E). As per our design, the LTP-IE

profile stores which locations were covered by the original trajectory but bears no explicit information

about its speed or direction.

Can replay-like sequences that recapitulate the original trajectory structure emerge from the LTP-
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Fig 2: Demonstration of history-dependent sequence replay via LTP-IE. A. Network ar-
chitecture used in simulations. B. Squared exponential position tuning for an example neuron (20 Hz
max. firing rate, 0.15 m length scale). C. Resultant LTP-IE as a function of distance between a cell’s
maximum tuning and the closest point on the trajectory through the environment (red), computed as a
sigmoidal function (Fig 1B) of position-dependent firing rate (black). D. Recurrent weights as squared
exponential function of distance between peak tuning positions of two cells. E. LTP-IE profile induced
by example trajectory (inset). Cells are positioned according to peak tuning. F. Cells activated during
a 100 ms replay epoch, colored by the ordering of the first spikes emitted during replay. Black cells did
not activate during replay. G. As in F, but for a di↵erent trajectory (inset). H. Raster plot depicting
spike times for select cells across several replay epochs. Current-pulse triggers to cells in upper-left or
lower-right portion of trajectory are shown by triangles and inverted triangles, respectively. I-K. Zoom
in on two triggered replay events (I, J) and one spontaneous event (K). L. Trajectories decoded from
replay spikes when LTP-IE was induced by trajectories in F or G.
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IE profile stored in the network? Indeed, when we triggered replay with a depolarizing current pulse

into cells at the lower-right corner of the trajectory, an approximately 100 ms sequence of activity

cascaded along the path through the network aligned with the LTP-IE profile (Fig 2F). Due to the

refractory period of 8 ms (see Methods), activity propagated in one direction without reversing.

When an alternative trajectory was used to induce the LTP-IE profile, triggered replay recapitulated

that trajectory instead (Fig 2G), indicating the replay of a specific trajectory was not an a priori

consequence of the recurrent connectivity; indeed, this is to be expected from the spatial uniformity

of the recurrence. Additionally, the replay sequence was able to turn corners, suggesting robustness

to multidimensional trajectory geometries. Moreover, replay could occur in either direction along

the LTP-IE profile depending on which end of the trajectory received the initial trigger (Fig 2H-

L), in line with empirical observations in which replay often occurs in the reverse direction as the

original trajectory [31, 28, 33]. Replay events also arose spontaneously, in either direction (Fig 2H, K),

and sometimes—due to the lack of inhibition—arose from the middle of the trajectory, propagating

outwards in both directions (not shown). Thus, despite sizable variability in membrane voltages arising

from the random gating inputs G, LTP-IE was able to induce activity sequences into the network that

recapitulated recent sensorimotor experiences.

3.3.3 Dependence of LTP-IE-based sequence propagation on network parameters

What conditions must hold for LTP-IE to induce successful sequences through the network? To

address this we explored how the network activity evoked by a trigger at the lower-right corner of the

Z-shaped LTP-IE profile from Fig 2E changed as we varied di↵erent pairs of network parameters. For

each parameter combination we classified triggered activity into one of four classes: in fadeout (Fig

3A), activity fails to propagate along the full LTP-IE profile; in blowup (Fig 3B), activity propagates

through whole network instead of being constrained to the LTP-IE profile; in disordered replay (Fig

3C), activity remains constrained to the LTP-IE profile but does not propagate strictly from one end

to the other, as may occur if a spontaneous event arises at the same time as a triggered one. If neither

fadeout, blowup, nor disordered replay occurred, we classified the response as successful replay. In

general, successful replay was sensitive to certain parameter variations but robust to others (Fig 3D-

F). For instance, whereas a fine balance was required between the recurrent connection strength and

the recurrent connectivity length scale (Fig 3D), replay was more robust to variations in the gating

input rate rG and the maximum LTP-IE strength max (Fig 3E). (We note, however, that sensitivity to
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recurrent connection strength and length scale could be improved by increasing the density of cells in

the network [Fig 3S1].) In general, excessive decreases in any of these four parameters led to fadeout

whereas excessive increases led to blowup, with disordered replay occurring when either max or rG

was too large while other parameters retained moderate values (Fig 3E-F).

Within parameter regimes enabling successful replay, precise parameter values modulated specific

activity dynamics. For instance, spontaneous spiking (typically dominated by spontaneous replay

events) increased with the recurrent connection strength, maximum LTP-IE strength, and gating

input rate (Fig 3G-I). Furthermore, the “replay speed” (the speed of movement along the trajectory

decoded during the replay event) showed the greatest positive relationship with the recurrence length

scale, but also exhibited some dependence on other parameters (Fig 3J-K). This result corroborates

the hypothesis that the speed of replay events emerges from internal network structure, as opposed

to the temporal structure of the animal’s original trajectory [28]. Note that empirical replay speeds

have been measured near 8 m/s [28] whereas ours were in the range of 20-50 m/s; this range is largely

determined by the density of our network, however. When we doubled the density of neurons (2000

neurons with place fields spanning the same environment), allowing us to decrease the recurrence length

scale, replay became more reliable, and replay speed decreased substantially across all parameter sets

(compare Fig 3D with Fig 3S1A and Fig 3J-K with Fig 3S1B-C).

A key component of brain dynamics underlying cognitive flexibility may be the ability to selectively

route information from one neural subnetwork to another [48, 49, 50]. One substrate for such selective

information propagation may be flexible sequential activity patterns that coordinate activity between

disparate areas within the network [51, 52, 4], which our results suggest LTP-IE may facilitate. For

instance, if activating one end of the LTP-IE profile reliably causes activation at the other, this could

be used to quickly carve out a temporary communication channel within the network. To this end, we

measured the mutual information (MI) between the presence/absence of a triggering pulse at the lower

right end of the trajectory, and subsequent elevated spiking activity at the opposing end in the upper

left (where perfect transmission is 1 bit). When we computed MI along the LTP-IE profile as a function

of gating input rate rG and maximum LTP-IE level �max, which both influence the spontaneous spiking

that is most likely to interrupt MI, we found that MI was maximized for a high rG and moderate max,

although MI remained below 1 bit for all parameter values, indicating that transmission was never

100% reliable (Fig 3L). This suggests that for LTP-IE-induced sequences, information transmission

through these sequences may be maximized for moderate values of �max, so stronger di↵erentiation
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Fig 3: Parameter dependence of LTP-IE-based sequential replay. A. Demonstration of “fade-
out”, in which sequential activity initiated at lower right fails to propagate along full trajectory defined
by LTP-IE profile. Same format as Fig 2F-G, with colors indicating spiking order (with only first
spikes used for neurons spiking multiple times) during replay epoch. B. Demonstration of “blowup”,
in which all neurons activate during replay epoch. C. Demonstration of “disordered” replay, in which
LTP-IE-tagged neurons activate during replay epoch but not in either a fully forward or fully reverse
order. In this example, activity was triggered by a current injection in the middle of the trajectory,
which caused propagation in both directions. D. Profile of replay dynamics regimes as a function of re-
current connectivity length scale �PC,PC and scale factor wPC,PC (see methods). Colors corresponding
to Fig 3F colorbar indicate number of successful replay events out of ten trials, for parameter regimes
that yielded successful replay. If fewer than 2/10 successful replay events occurred, colors indicate
most common dynamics (fadeout: blue; blowup: cyan; disordered: green). E. Same as D but showing
dynamics as function of gate input rate rG and max LTP-IE value �max. F. Same as E, F but showing
dynamics as function of wPC,PC and rG. G. Spontaneous spike rate of neurons with at least 50% of
max LTP-IE value, calculated over 10-second time period absent external stimulation, as function of
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Continued from Fig 3: �PC,PC and wPC,PC . Spontaneous spike rates were calculated for all non-
fadeout/non-blowup parameter regimes, i.e. where ordered or disordered replay occurred. H. Same as
G but as function of rG and �max. I. Same as G, H except as function of wPC,PC and rG. J. “Virtual”
replay speed of triggered sequential activity propagation for all parameter regimes in G. K. Same as J
but for parameter regimes in H. L. Mutual information between trigger presence and spike detection at
upper left between 50-250 ms following trigger, calculated for all non-fadeout and non-blowup parameter
regimes. Perfect information transmission is 1 bit.

between LTP-IE-tagged and non-LTP-IE-tagged cells does not necessarily imply improved information

transmission. We note further that we could increase MI to 1 by increasing the density of neurons in

the network and shortening their recurrence length scale (Fig 3S1C), with information transmission

likely improving due to decreased variability in the average signal propagation (since more neurons are

involved). Thus, experience-dependent LTP-IE at biologically realistic levels can rapidly and flexibly

modulate sequence-based information propagation through a network of spiking neurons.

3.3.4 LTP-IE-based sequences can encode temporary stimulus-response mappings

A popular hypothesis in cognitive neuroscience is the multiplexing and interaction of mnemonic

and spatial representations, contributing, for example, to the formation of “memory maps”. Indeed,

hippocampus’ experimentally observed roles in both memory and spatial navigation lends compelling

evidence to this notion [53]. The potential neural mechanisms underlying this phenomena, however,

remain poorly understood. To demonstrate how LTP-IE could shape temporary memory storage and

computation more generally, beyond simply replaying recent sensorimotor sequences, we considered

the simple task of requiring a network to represent one of two possible stimulus-response mappings,

and then asked how LTP-IE could induce these mappings in the network (Fig 4A). We assume such an

induction could be generated by appropriately transformed sensorimotor inputs from upstream areas,

but we did not model this explicitly, as our goal was to demonstrate the final results.

LTP-IE was able to induce multiple stimulus-response mappings in the network, each in multiple

ways. As an example we let two regions in the network represent two stimuli S1 and S2, and two

regions represent motor outputs M1 and M2, with the average activity in each region read out by a

corresponding downstream readout unit (Fig 4B). We then introduced non-intersecting LTP-IE paths

into the network connecting each stimulus region to its associated motor output region, and recorded

the ability of a trigger in each stimulus region to subsequently activate the correct motor output (Fig

4C-N). (We discuss intersections in the Discussion.) We first verified our idea with a simple mapping
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Fig 4: Using LTP-IE-based sequential activity propagation to maintain and decode pair-

wise associations. A. Example of two di↵erent mappings between a pair of stimuli (S1, S2) and a
pair of responses (M1, M2). In Mapping 1 (solid), activating S1 should activate M1, and activating
S2 should activate M2. In Mapping 2 (dashed) activating S1 should activate M2, and activating S2
should activate M1. B. Depiction of simulation structure. Either S1 or S2 is activated with a recall
cue (injected current input into colored cells). Readout units average all units from either S1, S2, M1,
or M2, indicated by colors. C. Example LTP-IE-based encoding of Mapping 1 with neurons laid out in
2-D coordinate space. D. Time-dependent readout responses (normalized to maximum readout response
over the 3 s), with colors corresponding to readout units depicted in B. S1 and S2 were each alternately
activated 3 times by appropriate recall cue (direct current injection into the relevant neurons; inverted
colored triangles), and all readout responses were plotted. In this example, activating S1 (magenta)
causes M1 (red) to activate, and activating S2 (cyan) causes M2 (blue) to activate, due to spike prop-
agation along paths defined by LTP-IE profile in C. E. Order of first spikes of all neurons that spiked
during shaded time period in D. F. Example LTP-IE-based encoding of Mapping 2 with neurons laid
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Continued from Fig 4: out in same 2-D coordinate space as in C. G. Readout responses for same
recall cue pattern as D. H. First spike order of all neurons that spiked during time-period shaded in G.
I-K. Same as F-H but for an LTP-IE profile encoding Mapping 2 that is distinct from that in F. L-N.
Same as F-H, I-K but for a third alternative LTP-IE profile encoding Mapping 2.

in which each stimulus was connected via a one-dimensional LTP-IE profile to its appropriate motor

output (Fig 4C-E). Indeed, triggering each stimulus region with a depolarizing current input led to

subsequent activation of its corresponding motor output after a short delay (Fig 4D-E), although there

were occasionally low levels of spontaneous activity. We next explored a mapping requiring at least

one LTP-IE path to take a roundabout course through the network (Fig 4F-H). As before, triggering

each stimulus region led to activation of its corresponding motor output, with the longer LTP-IE path

reflected in a longer stimulus-response delay (Fig 4G-H). Responses, however, appeared less reliable

than when shorter LTP-IE paths were used, likely due to the increased opportunities for propagation

to fail due to variability in the baseline G inputs. Notably, the same stimulus-response mapping could

be implemented via LTP-IE in several di↵erent ways (Fig 4F, I, L), with the di↵erent LTP-IE paths re-

flected in the di↵erent stimulus-response delays. This contrasts with alternative models of temporarily

binding together distinct components of a neural network, which typically suppose a single stereotyped

structure of the mapping/binding representation [54, 55, 56]. Thus, LTP-IE combined with recurrent

connectivity might serve as a biophysically plausible, yet highly flexible substrate for inducing tem-

porary stimulus-response mappings in a recurrent spiking network, a potential key property enabling

rapid and flexible induction of temporary information-processing patterns in brain networks underlying

cognitive flexibility.

3.4 Discussion

Structured sequential spiking activity is a key feature of recurrent neural network dynamics, po-

tentially reflecting information flow and computations within the network. One compelling example

of spike sequences observed is the so-called “replay” of neural sequences representing recent sensori-

motor sequences through the environment. This has been observed in vivo in both hippocampus and

cortex during awake quiescent periods in both rodents and primates [31, 28, 57, 32, 33, 34] and is

thought to be involved in navigational planning [58, 59] and memory consolidation [33, 36, 60, 61].

Such replay serves as a compelling entry point for uncovering the biophysical mechanisms that support

rapid modulation of information processing. Accordingly, here we take the perspective that sequential
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spike patterns reflect information transmission between distinct subnetworks. While substantial work

has shown how modifications to the structure of recurrent network connections can induce sequences

into a network’s dynamical repertoire [2, 10, 3, 4], little was known about alternative mechanisms

acting on faster timescales. Here we have demonstrated the su�ciency of an empirically observed,

strong, and fast-acting heterosynaptic plasticity mechanism known as long-term potentiation of in-

trinsic excitability (LTP-IE) [38, 39], applied to a spatially organized recurrent spiking network, to

coerce a network into generating selective sequences. These are capable of recapitulating recent sen-

sorimotor sequences, implicating their potential role in memory storage, as well as encoding simple

stimulus-response mappings, suggesting their suitability for organizing flexible computations.

Additionally, as observed in vivo and as predicted by our model, the sequences that replay during

awake quiescence are significantly compressed relative to the initial behavioral timescales, suggesting

replayed spikes may occur within the appropriate time windows for long-term, spike-timing-dependent

plasticity mechanisms (STDP) [13, 14, 62]. For example, it was shown in CA1 place cells that replaying

place-tuned firing sequences in vitro that were previously recorded in vivo could induce long-term

connectivity changes between cells with overlapping place fields [63]. Our model reveals a mechanism

by which spatial sequences could be transiently stored in the first place, in order to be later embedded

into long-term memories.

Finally, although our work was inspired primarily by hippocampus and the notion of LTP-IE-based

short-term sequences, the core concept of excitability-based network dynamics might naturally extend

to cortical areas, and to more diverse timescales [64, 65]. For example, it was recently found that small

neuronal ensembles could be “imprinted” into a mouse cortical network and subsequently reactivated

in vivo via repeated optogenetic stimulation [66]. While this result was taken as evidence of Hebbian

(associative) synaptic plasticity, our work suggests the same result might also arise simply via increasing

the excitability of the neurons in the ensemble. Distinguishing these two mechanisms in cortical circuits

and understanding how they interact presents an exciting avenue for further investigation.

3.4.1 Comparison to existing sequence-generation models

While we do not aim to provide a complete account of hippocampal replay, but rather to demonstrate

how specific biophysical mechanisms can rapidly generate selective network sequences, we believe it is

still worthwhile to compare our model to existing models for rapidly storing and recalling sequences

in neural systems, both in terms of biological plausibility and computational robustness. One family
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of models for encoding and decoding sequences in hippocampus supposes that sequential information

is stored in the timing of spikes relative to theta (5-10 Hz) and gamma ( 40 Hz) oscillatory cycles in

the hippocampus [67, 44]. Briefly, gamma cycles are “nested” within theta cycles, and a sequence of

stimuli is stored by stimulus-specific neurons spiking at unique gamma cycles within the encompassing

theta cycle. While these models provide a persuasive computational account of how oscillations might

be used to store temporary information, it is not clear how the sensory input would be appropriately

transformed so as to be “entered” into the oscillation cycle at the correct time, how stable these

mechanisms are in the face of noise, nor how multiple sequences might be stored simultaneously in the

network; in particular, sequence information could be lost if the oscillation were disrupted, and one

would require an independent nested oscillation for a second sequence. In our LTP-IE-based model,

however, memories are directly entered into the network by physiological spiking patterns (Fig 1), are

stored in e↵ective synaptic weight changes likely driven by ion channel inactivation (as opposed to

persistent spiking activity) and might therefore be more robust to noise, and multiple sequences can

theoretically be stored in the same network (Fig 4).

The second main family of replay models either explicitly [68, 69, 70] or implicitly [71] assume that

the sequences produced by the network are initially induced in the network via modification of re-

current network weights, for example through homosynaptic mechanisms like spike-timing-dependent

plasticity (STDP) [13, 14, 7]. While such models can indeed selectively bias network sequences when

implemented computationally, given the hypothesized weak magnitude of STDP, it is unclear whether

such a mechanism could account for the awake trajectory replay observed in rodents, which can some-

times occur even when the animal has experienced the original trajectory only once [31], nor whether

it could be used to immediately induce novel computations that the animal cannot a↵ord to learn

over extensive repetitions. In our model we rely on a strong, fast-acting mechanism, LTP-IE, which

although heterosynaptic in nature (unlike STDP, LTP-IE follows spiking regardless of which input

elicited the spikes [38, 39]) su�ces in biasing a network toward producing highly specific sequences:

LTP-IE “tags” cells in the recurrent network with a higher probability of spiking in response to input

(Fig 1), and sequential ordering is reconstructed by the existing but unmodified recurrent connectiv-

ity. While recent research has begun to investigate how small, biophysically plausible recurrent weight

changes might successfully encode new memories [72, 73], to our knowledge this has not been applied

in the context of sequences. Overall, it is likely that memory and computational flexibility over short

timescales relies on a host of plasticity and dynamics mechanisms, but we propose that LTP-IE may
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play a significant role.

3.4.2 Model limitations

As a proof-of-concept account demonstrating the su�ciency of a small number of mechanisms to

quickly bias selective sequence production in a network, we did not explicitly model several features

in order to keep our model parsimonious. First, we did not include inhibition, as we discovered that

LTP-IE-based sequences could arise through excitatory connectivity alone. Among a number of pos-

sible roles, inhibition in hippocampal and cortical networks supports network oscillations [74, 36] and

balances excitatory activity to stabilize dynamics [75, 71]. Indeed, empirical hippocampal sequence

replay co-occurs with brief oscillatory events called sharp-wave ripples [Carr 2011, Nat. Neurosci.],

suggesting that hippocampal inhibitory circuitry may contribute to oscillatory replay patterns, per-

haps serving as a clock-like signal for controlling signal propagation. An additional role for inhibition

in sequence replay may be to induce competition among reactivating representations, for example so

that multiple sequences would not replay simultaneously, or so activity traveling along a branching

LTP-IE-path would follow only one branch at a time. Inhibitory balance might also serve to decrease

the parameter sensitivity of our model to small variations in wPC,PC or PC,PC (Fig 3D) by provid-

ing a counterbalance to over-excitation, but precisely how the structure and dynamics of inhibitory

interactions with our network would modulate LTP-IE-based sequences is beyond the scope of this

work.

A further issue with LTP-IE-based sequences surrounds trajectories that intersect themselves. At

an intersection point, our current model would typically lead to sequential reactivation that spread

in multiple directions, thus failing to recapitulate the original trajectory. This, however, could be

resolved by the embedding of trajectories in a higher-dimensional space beyond just the x � y plane.

Indeed, neuronal firing is typically modulated by multiple stimulus features; for example, hippocam-

pal neurons are also tuned to head-direction (✓) [76] and running velocity [77]. Thus, if excitatory

connectivity between neurons with similar x- and y-tuning were only present if neurons had similar

✓-tuning also, the trajectory representation would expand into a third ✓ dimension, such that it might

no longer intersect with itself and replay would reflect the actual trajectory travelled. Consequently,

extending our assumption of preferential connectivity among similarly tuned neurons to additional

input dimensions could increase the capacity of our network to store non-interfering sequences.

Additionally, while we have assumed the upstream “gating” inputs in our model are stochastic
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with homogeneous firing rates, cortical activity likely contains higher order structure beyond mean

firing rates, such as the grid-like representations of space observed in neural firing patterns in entorhi-

nal cortex [78, 79], the hippocampal input that inspired our gating inputs. Our model demonstrates

that replay can occur absent additional mnemonic information in such, but one would imagine such

additional information would only increase the capacity and robustness for memory storage and com-

putational flexibility, since this would act as an additional memory bu↵er.

Finally, our model begs the question of how information would be erased from the network or

prevented from entering it in the first place. Indeed, with no forgetting or selective LTP-IE activation,

one would expect all neurons in our model to undergo LTP-IE after the animal had fully explored the

environment, thus preventing sequential reactivation along specific trajectories through the network.

While this problem would be partially solved by considering additional input dimensions as described

above (i.e. so that even if the x � y space were fully explored, only a fraction of the x � y � ✓ space

would have been explored), one might also imagine additional neuromodulatory inputs serving to

control the strength of LTP-IE during exploration. For example, the neurotransmitter acetylcholine is

known to interact with the voltage-gated potassium channel Kv1.2 [80], the ion channel hypothesized

to underlie LTP-IE [39], and hippocampus receives state-dependent cholinergic inputs from medial

septum [81, 82]. Thus, su�cient machinery for erasing or selectively modulating the overall e↵ects of

LTP-IE, say, as a function of arousal or motivation state, may converge in the brain region that has

served as the inspiration for our model.

3.4.3 Experimental predictions

Despite its parsimony, our model of LTP-IE-based network sequences makes specific predictions

that could be tested in hippocampal replay experiments. First, pharmacological blocking of LTP-IE

during exploration should prevent the encoding of new trajectory information into CA3, consequently

preventing subsequent replay. This could be achieved by in vivo application of nimodipine or PP2,

which block intracellular calcium increase, protein tyrosine kinase activation, and Kv1.2 channel en-

docytosis, all potential mechanisms of LTP-IE, and which have been shown to block LTP-IE in vitro

[39]. Second, inactivating medial entorhinal layer II (MEC II), which projects to CA3 and which we

associate with gating inputs in our analogy with hippocampal circuitry, should inhibit CA3 sequential

replay events. Indeed, inactivation of MEC III inputs has been shown to inhibit forms of replay in

CA1 [79]; we propose that a parallel e↵ect would be seen in MEC II inputs to CA3. Finally, the core
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prediction of our sequence induction model is that the neurons do not have to be initially activated in

the order (or the reverse order) in which they will later reactivate. As the only information explicitly

added to the network at the time of encoding is the set of neurons activated, speed or ordering in-

formation must be reconstructed from existing connectivity. While identifying the position tunings of

individual neurons in vivo and subsequently artificially activating them out of order currently presents

a substantial technical challenge, one could potentially achieve a similar e↵ect using a virtual reality

environment with place-specific sensory cues, and in which specific places along a virtual trajectory

were presented out of order. Our model predicts that as long as the animal had su�cient knowledge

of which sensory cues corresponded to which virtual environment locations, replay would occur in an

order corresponding to a path through the environment, rather than the order in which the virtual

places were presented to the animal.

3.4.4 Computational significance

Besides revealing a potential core mechanism for sequence induction, our model lends two key insights

into the structure and control of replay in biological neural networks. First, it suggests a link between

isotropy in pre-existing spatial representations in the network (i.e. the spatially organized connectivity)

and the experimental observation that replay sometimes occurs in the forward, and sometimes in the

reverse order relative to the neurons’ initial activation during the trajectory [31, 28, 33]. In particular,

since no directionality information is stored by LTP-IE (which only tags which neurons were recently

active), replay should occur with equal chance in forward or reverse. (Note however, that as observed

in [28], replay events may have an increased probability of originating at cells tuned to the animal’s

current location, as a result of place-tuned inputs to the network during awake quiescence.) One would

therefore not expect to observe reverse replay for neural sequences that do not have a natural spatial

embedding, e.g. spoken sentences in humans. Second, the upstream gating signal in our model might

serve as a substrate for the short-term state-dependence of replay, e.g. with arousal or motivation

controlling when the gating signal is present or absent. This could ensure that replay occurs only at

appropriate times (e.g. quiescent rest) without interfering with other computations being performed

by the network, such as pattern separation in external sensory inputs [83, 84].

Further, while our network was embedded in 2-D space, our results frame the more general question

of how a network embedded on a higher dimensional manifold, or with no natural embedding, sup-

ports excitability- based sequence induction and information flow. For example, one could imagine the
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rapid induction of spike sequences corresponding to movement along 3-dimensional trajectories if the

recurrent architecture reflected a 3-dimensional space, as might occur within the three-dimensional hip-

pocampal place-cell network of free-flying bats [85]. More generally it remains an open and intriguing

question as to which network structures are most suited to rapid excitability-based flexibility among

sequences and behaviorally relevant computations. One example of a network model with no obvious

spatial embedding, and which could potentially be recast in the framework of excitability-based infor-

mation flow, is the “binding pool” model of associative memory proposed by Swan Wyble [56]. Here,

associations are encoded in a set of steady, persistently active “binding” units that allow preferential

signal transmission among specific sets of units representing object features, to which the binding units

are randomly connected. While the role of such persistent spiking in coding mnemonic information is

presently undergoing substantial reevaluation [86], one could theoretically replace it with excitability

increases, with an equivalent consequence for information transmission. Whether this could be done

via biological mechanisms remains an open question, but our present work suggests its plausibility.

Finally, one can draw an equivalence between the modulation of cellular properties to shape se-

quences and information flow and selective variation in upstream modulatory inputs to a cell. For

example, a neuron receiving strong inhibition might be less likely to participate in a computation than

one receiving excitation, since the latter would be more likely to spike in response to inputs, similar

to if one had increased its excitability through intrinsic cellular mechanisms. Indeed, it was recently

shown that external modulatory inputs to a recurrent network could control the speed at which a

computation performed by the network unfolded through time, closely recapitulating experimental

results [87]. We propose that the control of information flow and computation in recurrent networks

via e↵ective excitability alone, without structural connectivity changes, might be a rich framework

for investigating rapid cognitive flexibility and short-term information storage. This may lead to sig-

nificant insights into how we adapt our mental processes and behaviors in the face of ever-changing

environments and task demands.

3.5 Methods

3.5.1 Membrane and synaptic dynamics

We modeled single neurons as leaky integrate-and-fire neurons with conductance-based synapses

according to the equation
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⌧m
dvi

dt
= �(vi � Eleak)� giE(t)(v

i � EE) + Iiext(t)

where vi is the membrane voltage of neuron i, ⌧m = 50 ms is the membrane time constant,

Eleak = �68 mV is the leak/resting potential, gE is the time-varying conductance of excitatory synaptic

inputs, EE = 0 mV is the excitatory synaptic reversal potential and Iext is externally injected currents

(expressed as voltage deflections). If v exceeded a threshold vth = �36 mV at any time step, a spike

was emitted and v was reset to Eleak for a refractory period ⌧r = 8 ms. This outsize refractory period

ensured that the sequential events in our simulations propagated only in one direction and is consistent

with refractory periods measured in hippocampal region CA3 [88].

Synaptic dynamics were conductance-based and were modeled as exponentially filtered trains of

weighted delta functions representing input spikes arriving from di↵erent upstream neurons. Specifi-

cally, for an individual neuron i

giE(t) =
X

j

X

k

wijh(t) ⇤ �(t� tjk)

where j indexes neurons and k indexes spikes, such that wij is the synaptic weight from neuron j

onto neuron i and tkj is the k-th spike of the j-th neuron; and h(t) was a one-sided exponential with

time constant ⌧E = 2 ms. In our simulations we assumed all synapses were excitatory and did not

explicitly model e↵ects of inhibition. Weights were unitless since they acted only to scale conductance

changes.

3.5.2 Neuron tuning and network structure

In network simulations, we assigned each neuron a position (xi, yi) corresponding to the peak of its

tuning curve, the (x, y) position eliciting maximal firing. Positions were assigned so as to approximately

tile a grid spanning -1 to 1 m in both dimensions (Fig 2, 3) or -2 to 2 m (Fig 4), using 1000 or 4000

neurons, respectively. We used the following position-dependent firing-rate equation to calculate the

maximal firing rate we expected to be evoked by the trajectory through the simulated environment

(the firing rate evoked by the closest point on the trajectory to the neuron’s place field center):

ri(x, y) = rmax exp
⇥
�((x� xi)2 + (y � yi)2)/(2�2

PL)
⇤
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where rmax = 20 Hz is the maximum firing rate (i.e. when the trajectory passes directly through

the neuron’s peak tuning position) and �PL = 0.15 m is the length constant determining how close

a neuron’s peak tuning must be to the trajectory to significantly activate. All neurons had the same

rmax and �PL.

We explicitly modeled two sources of synaptic input to the neurons in our recurrent network:

recurrent inputs and gating inputs. Recurrent synaptic weights were assigned such that neurons with

similar position tuning had stronger connectivity, with the connectivity between two neurons i and j

with peak tunings separated by dij given by

wij = wPC,PC exp
⇥
�d2ij/(2(�

PC,PC)2)
⇤

This was motivated by past modeling studies [45, 89] and by analyses of correlated hippocampal

activity in the absence of sensory input [46]. Note that in our network architecture, all recurrent

connections between position-tuned cells are reciprocal, due to the symmetry of the distance function

dij . All wij below a minimum value wPC,PC
min = 0.001 were set to 0.

Synaptic weights wG
i on gating inputs G were initially uniform across all position-tuned neurons,

and each neuron received an independent instantiation of an upstream G spike train, generated from

a Poisson-distributed point process with constant rate rG. While e↵ective wG
i varied as a function of

each neuron’s trajectory-dependent LTP-IE, rG was identical across all neurons regardless of tuning

or LTP-IE status.

3.5.3 Long-term potentiation of intrinsic excitability (LTP-IE) of gating inputs

Although LTP-IE is thought to result from changes in dendritic conductances [39], we modeled it

as an e↵ective synaptic weight change (since conductance changes can be absorbed into connection

weights according to the equations underlying conductance-based synaptic dynamics), such that initial

weights wG
i were scaled by a factor i as a function of neuron i’s position along the initial trajectory. For

computational e�ciency we did not model network activity during the initial trajectory, but instead

directly calculated the �i expected to result from the maximum firing rate rimax = max(ri(x, y)|(x, y) 2

trajectory). From rimax we computed �i according to the following equation (Fig 1B):

�i = 1 +
�max � 1

1 + exp [���(rimax � r�)]
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with r� = 10 Hz and �� = 1. Thus, neurons with position-tuning peaks close to the original

trajectory had a i near max whereas neurons far away from the trajectory had �i near unity.

3.5.4 Sequence replay

We fully simulated the replay epoch, during which all neurons in the recurrent network received

independent stochastic gating input G at constant rate rG. Replay was triggered by applying a short

depolarizing current pulse to a set of neurons with peak position-tuning within 0.4 m (Fig 2-3) or 0.3

m (Fig 4) of a central trigger location (e.g. (x = 1m, y = �0.75m) in Fig 2F) for 3 ms, of amplitude

8 mV (Fig 2-3) or 7 mV (Fig 4); exact trigger parameters were unimportant, as long as they elicited

significant spiking activity in the neurons at the start of the sequence. In Fig 2L, replayed positions

were decoded during by taking the median peak-tuning of neurons that spiked within 10 ms windows

spanning the replay event.

3.5.5 Simulations

3.5.5.1 Single-neuron LTP-IE simulation (Fig 1)

LTP-IE-level-dependent voltage distributions (Fig 1D, E) were computed using 15-second simula-

tions. In measuring Fig 1F-G, current pulses were 10 ms in duration, and spiking probability was

measured within this window. Current-evoked spike probabilities (Fig 1G) were computed using 125-

second simulations, with pulses presented every 250 ms.

3.5.5.2 Replay in networks of neurons (Fig 2-3)

In replay simulations, we used 1000 neurons, with place fields distributed on an approximate lattice

over a 2 m x 2 m environment. Replay was triggered by a short, depolarizing current pulse into all

cells with place field centers within a 0.4 m radius of either (-1 m, 0.75 m) or (1 m, -0.75 m), although

our results were not sensitive to these precise numbers, so long as su�ciently many LTP-IE-tagged

cells at one end of the trajectory were activated by the trigger.

3.5.5.3 Replay dynamics parameter sweep (Fig 3)
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For each parameter set we ran ten 800 ms simulations starting with di↵erent random number gen-

erator seeds (which controlled the instantiation of gating inputs, which is the only stochasticity in our

simulation). Each simulation contained one replay trigger at 500 ms, and we counted how many of

the ten triggers resulted in either fadeout, blowup, disordered replay, or successful replay. If successful

replay occurred 2 or more times out of the 10 simulations, we colored the point in parameter space by

how many successful replay events occurred; otherwise we colored it by the most common unsuccessful

event type (fadeout: blue; blowup: cyan; disordered: green).

We first varied the magnitude factor wPC,PC and the length scale �PC,PC of the recurrent excitatory

weight profile (Fig 2D), while holding �max = 2 and rG = 125 Hz. We next varied �max and rG while

holding wPC,PC = 0.03 and �PC,PC = 0.083 m, (Fig 3E). Finally, we varied wPC,PC and rG while

fixing �PC,PC = 0.083 m and �max = 2 (Fig 3F).

Spontaneous activity was determined by computing spike rates over 10 seconds without no addi-

tional current inputs. Replay speed was calculated as the slope of a line fit to the neuronal positions

along the trajectory profile and the times at which they activated during replay. Note that for high

levels of spontaneous activity but without blowup, two replay events sometimes occurred in this win-

dow, distorting the speed measure. Since these distorted measurements consistently yielded computed

replay speeds between 0 and 20 m/s, whereas non-distorted replay speeds were grouped in an approx-

imately Gaussian-shaped cluster well over 20 m/s, we excluded all measured replay speeds ¡ 20 m/s

from our analysis and plots.

To measure mutual information between a replay trigger at one end of the trajectory and elevated

spiking activity at the opposing end, we defined the trigger as an injected current into cells with place

fields within 0.4 m of (1 m, -0.75 m) and measured elevated spiking activity of neurons within 0.4 m of

(-1 m, 0.75 m) between 50 and 250 ms following the trigger. The binary trigger variable corresponded

to the presence or absence of the trigger, and the binary opposing-end-spiking variable was positive if

fewer than 90% of the opposing-end neurons spiked and otherwise negative.

3.5.5.4 LTP-IE-based stimulus-response mappings (Fig 4)

For this simulation, in order to construct su�ciently non-interfering LTP-IE-defined paths, we con-

structed a model network of 4000 neurons with neural place fields ranging from -2 to +2 m in both

the x- and y- dimensions and let two clusters of radius of 0.25 m, centered at (-1, 1) and (-1, -1),

represent two stimuli S1 and S2, respectively, and two additional clusters, centered at (1, 1) and (1,
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Symbol Definition Value

⌧m Membrane time constant 50 ms
Eleak Leak potential -68 mV
vth Spike threshold -36 mV
⌧r Refractory period 8 ms
EE Excitatory synaptic reversal po-

tential
0 mV

⌧E Excitatory synaptic time con-
stant

2 ms

rmax Max position-driven firing rate 20 Hz
�PL Position-tuning length constant 0.15 m
rG Gating input firing rate 125 Hz (Fig 2-3), 105 Hz (Fig 4)
N Number of neurons in recurrent

network
1000 (Fig 2-3), 4000 (Fig 4)

wG Initial gating input weight 0.008216
wPC,PC Max recurrent weight 0.03 (Fig 2-3), 0.034 (Fig 4)

wPC,PC
min Min nonzero recurrent weight 0.001

�PC,PC Recurrent connectivity length
scale

0.083 m (Fig 2-3), 0.0835 m (Fig
4)

�max Max LTP-IE level 2
r� Threshold firing rate for LTP-IE 10 Hz
�� Scale factor for LTP-IE onset 1
�T Simulation time step 0.5 ms

-1), encode motor outputs M1 and M2, respectively. Readout units summed activity in any of the four

clusters at every timestep. Sequence reactivation was triggered by depolarizing current injections into

cells contained in the S1 or S2 clusters.

3.5.5.5 Other simulation parameters

Unless otherwise noted we used the following values for all simulation parameters:

All code for this work was written in Python 3 and is available at https://github.com/rkp8000/seq speak.

3.6 Supplementary figures
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Fig 1S1: E↵ects of current pulses on spiking under LTP-IE. A. Probability of current-evoked
spiking for di↵erent wPC,G and �. B. Spontaneous spiking probability for di↵erent di↵erent wPC,G

and �. C. Example voltage traces for neurons with two di↵erent � given large wPC,G. Same format as
Fig 1F.
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4. A simple generative model of the mouse mesoscale connectome

This chapter has been previously published under the Creative Commons Attribution (CC BY)

license and is available via the following citation:

Henriksen, Sid, Rich Pang, and Mark Wronkiewicz. “A simple generative model of the mouse

mesoscale connectome.” eLife 5 (2016): e12366. (DOI: 10.7554/eLife.12366)

This project was conceived, executed, and the final report written collaboratively with MarkWronkiewicz

and Sid Henriksen. I developed our model’s core “source-growth” rule, and all other project compo-

nents were divided equally among us.

4.1 Abstract

Recent technological advances now allow for the collection of vast data sets detailing the intricate

neural connectivity patterns of various organisms. Oh et al. (2014) recently published the most com-

plete description of the mouse mesoscale connectome acquired to date. Here we give an in-depth

characterization of this connectome and propose a generative network model which utilizes two ele-

mental organizational principles: proximal attachment – outgoing connections are more likely to attach

to nearby nodes than to distant ones, and source growth – nodes with many outgoing connections are

likely to form new outgoing connections. We show that this model captures essential principles govern-

ing network organization at the mesoscale level in the mouse brain and is consistent with biologically

plausible developmental processes.

4.2 Introduction

The network of physical connections among neurons in the brain provides the medium for neural

communication. Investigations of these anatomical networks are typically categorized as macro-, meso-

, or microscale, depending on the spatial resolution of the techniques used. The mesoscale, which

describes the connectivity among local populations (hundreds to thousands) of neurons, is an attractive

intermediate between the two more extreme scales: it has higher granularity than macroscale data,

which details connectivity between large anatomically defined brain areas, but it has a broader lens than

the microscale, which is concerned with synaptic level connections, often in relatively small volumes
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of tissue (see [1] for review). These properties make the mesoscale tractable enough for whole-brain

(i.e., connectomic) studies with current technological and analytical tools.

The Allen Institute for Brain Science recently constructed a mesoscale connectome for the mouse

(the Allen Mouse Brain Connectivity Atlas), which was the first complete connectivity dataset of a

mammalian brain at the mesoscale [2]. Using injections of an anterograde fluorescent viral tracer and

serial two-photon microscopy, Oh et al. [2] comprehensively mapped both intra- and interhemispheric

axonal tracts and estimated the directed connectivity structure among 213 non-overlapping anatomical

regions. The authors also conducted a preliminary graph theoretic analysis and showed that basic

network properties of the mouse connectome could not be explained by any one standard network

model [2]. Rubinov et al. [3] extended this analysis by identifying small-worldness, a hierarchical

modular structure, and non-optimal wiring in the connectome [3]. As the mouse is one of the most

pervasive model organisms in biomedical science, a deeper characterization of its connectome is likely

to provide pertinent groundwork for future studies of brain development and function as well as yield

insights into the broader organizational principles of the mammalian brain.

Graph theory provides a mathematical framework for investigating the organization of networks

and has been increasingly applied in neuroscience over the last 15 years. Graphs are mathematical

objects that consist of nodes and connections between the nodes, called edges [4, 5]. Edges can be

either directed or undirected, as well as binary or weighted. In the Allen mouse connectome, nodes and

edges correspond to brain regions and axonal tracts, respectively. Conventionally, real world networks

(such as the World Wide Web or social networks) are compared to binary undirected graphs such

as small-world [6] and scale-free graphs [7]. These models have been critical for understanding the

conditions under which various network properties, such as small-worldness (high clustering among

nodes combined with short average path lengths between node pairs) and scale-freeness (defined by

power-law degree distributions), emerge in the brain and other systems.

Modeling brain networks with these standard graphs, however, requires some limiting simplifica-

tions. First, because they are not embedded in physical space, these networks ignore the biological

costs of constructing physical fiber tracts, as well as spatial constraints imposed by the surrounding

tissue Second, small-world and scale-free models ignore directionality, intrinsically discarding infor-

mation about di↵erences in incoming and outgoing connection patterns. Both of these properties are

crucial considerations when modeling the brain [8, 9, 10, 11]. Third, these models were either not

developed with neural data [7] or used data from simple model organisms, such as C. elegans, at a
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particular spatial scale [6], which constrains their relevance to understanding connectomes of other

organisms. For these reasons, the field has recently turned to exploring non-standard network models

to elucidate generative principles of real brain networks.

Recent work in developing plausible generative network models for the brain has primarily addressed

spatial embedding [9, 10, 11, 12, 13]. While the exact approaches di↵er in their implementation and

scale of the networks being modeled, a common theme is that a node is more likely to connect to

nearby nodes than distal ones. This organizational principle has been able capture a range of properties

observed in cortex, including the distribution of connection lengths [9, 10, 11], the inverse relationship

between degree and clustering coe�cient [6,9,14,15], and the relative frequency of three-node motifs

[11]. Additional generative rules have been explored by Klimm et al. [12], and while the resulting

models have captured many properties of cortical networks, the authors note that these rules likely

do not reflect the underlying generative principles of cortical networks. Similarly, Betzel et al., [14],

recently reported that individual human macroscale connectomes are well-fitted by generative network

models which use both spatial proximity and homophilic attraction (i.e. nodes with similar graph

theoretic properties are more likely to form connections). However, the homophilic rules employed by

Betzel et al. also do not lend themselves to straightforward biophysical interpretations. Indeed, the

di�culty of developing biophysically interpretable rules is a recurring challenge in generative network

models [6, 9, 12, 14, 15].

Here, we provide an in-depth analysis of the mouse connectome’s properties and use the findings to

develop a generative network model of the mesoscale connectome. We characterized the directed and

undirected degree distributions, clustering coe�cient distribution, reciprocity, global e�ciency, physi-

cal edge length distribution, nodal e�ciency, and the characteristic path length of the connectome (see

Table 2 for definitions or [4, 5] for review). Informed by these data, we developed a spatially embed-

ded directed network model. This model uses two simple generative principles: proximal attachment

– outgoing connections are more likely to attach to nearby nodes than distal ones, and source growth

– nodes with many outgoing connections are more likely to develop new outgoing connections. We

show that this simple model, parameterized only by a length constant and the number of nodes and

edges, can capture directed, undirected, and spatial properties of the mouse connectome. This work

supports the existing literature on the importance of spatial embedding and provides strong evidence

that source growth is a major phenomenological rule that shapes connectivity patterns in the mouse

brain. Lastly, we propose biological mechanisms that might account for these two generative principles.
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4.3 Results

We analyzed the Allen Mouse Connectivity Atlas [2], which is the most comprehensive mesoscale

connectome collected to date. We used the linear model from Oh et al. [2] to build an adjacency

matrix containing connections between 213 symmetric pairs of nodes (426 total) and 8820 directed

edges (7804 undirected).

4.3.1 Comparison of the connectome to undirected graph models

We first compared the undirected structure of the mouse connectome with that of three well-

characterized standard graphs commonly used in the literature: a degree-controlled random network

[16], a small world network [6], and a scale-free network [7]. The mouse connectome is characterized

by a degree distribution with many low-degree nodes and a long tail of high-degree nodes (Figure 1a;

[2]). The degree distribution was not well replicated by any standard graph (Figure 1a and b), nor was

the clustering coe�cient distribution – a finding also shown in Oh et al. [2]. Although the scale-free

network’s degree distribution most closely resembles that of the connectome, by construction, it cannot

capture the distribution of low degree nodes (as all nodes are instantiated with a minimum number of

edges).

The structural discrepancy between the mouse connectome and standard networks was further

exposed by examining the relationship between degree and clustering coe�cient (Figure 1c-f). In the

connectome, nodes with lower degree tend to be more clustered. This relationship was well-fitted

with a power law: Ci ki, where Ci and ki denote clustering coe�cient and degree, respectively, and

with the best-fit = -0.44. Previous studies have shown that such a relationship (with varying <

0) is common to many real-world networks [17], including the human connectome [12]. While the

small-world network exhibits a clustering coe�cient distribution similar to that of the connectome

[2], as well as an inverse relationship between clustering coe�cient and degree, these similarities are

superficial: inspecting Figure 1e reveals that the small-world network’s degree distribution is much

more homogeneous. While the scale-free network partly captures the connectome’s degree distribution,

its nodes have a much lower clustering coe�cient, and there is a weaker relation between these two

metrics (Figure 1f). The degree-controlled random model shows that shu✏ing the connectome’s edges

yields a graph resembling the scale-free network (Figure 1d). Thus, these graphs fail to capture key

aspects of the connectome’s undirected structure.
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Fig 1: Standard graph models vary in their ability to recreate the mouse connectome’s
degree distribution and relationship between degree and clustering coe�cient. a-b) Prob-
ability density of degree distributions for the mouse connectome, and an average over 100 repeats of
scale-free, small-world, and (degree-controlled) random networks plotted with a) linear and b) log-linear
scales. c-f) Clustering coe�cient as a function of degree for each node in c) the mouse connectome,
d) a degree-controlled random network, e) a small-world network, and f) a scale-free network. Each
plot shows data from 426 nodes and the best fitting power law function (dashed line). a) is similar to
Figure 3c from Oh et al. [2].
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Previous modeling e↵orts have shown that several properties of brain networks can be captured

by simple models which assume that spatially nearby nodes are more likely to connect than distal

ones [9, 10, 11, 13]. Therefore, we explored an undirected spatially embedded network model. We

first assigned to each node a spatial position randomly sampled from a 7mm x 7mm x 7mm cube,

which gave an inter-nodal distance distribution similar to the connectome (Figure 5-figure supplement

1). Edges were then added between pairs of nodes i and j by choosing node i at random and node j

with probability Pijexp(-dij/L). That is, the probability of choosing a target node j decayed with the

Euclidean distance dij between nodes i and j according to length constant L (see Methods). We call

this rule proximal attachment (PA).

Relative to the connectome, the purely geometric model exhibited relatively narrow Gaussian-like

degree distributions across several values of L (Figure 2a). Thus, the PA rule fails to generate low-

and high-degree nodes. This geometric model does, however, exhibit an inverse relationship between

degree and clustering (Figure 2b) as in the connectome. However, Figure 2b demonstrates that there

is no value of L for which this model adequately captures the joint degree-clustering distribution seen

in the connectome; the PA model misses both low-degree nodes with high clustering and high-degree

nodes with low clustering. This suggests that the purely geometric rules explored in previous studies

[9, 10, 11, 13] are not su�cient to recreate the mouse connectome’s properties. Therefore, we explored

the hypothesis that topological rules, which are based on properties of individual nodes, play an

important role in forming the connectivity patterns of the mouse connectome.

4.3.2 The directed perspective and novel random graphs

Conventionally, topological rules in generative network models have been applied to undirected

networks. However, the mouse connectome contains directed edges, allowing us to probe whether the

directionality of connections in the mouse connectome plays a role in shaping connectivity patterns.

In a directed graph, edges point from source nodes to target nodes, so one can consider each node’s

in-degree and out-degree (i.e., the total number of incoming and outgoing connections for a node,

respectively). We found a surprisingly asymmetric relationship between these distributions in the

connectome – while the in-degree of the network was approximately normally distributed, the out-

degree distribution exhibited a peak near zero and a long tail (Figure 3a), much like an exponential

distribution. There was no significant correlation between in- and out-degree (= 0.127, P = 0.065,

Spearman rank correlation). Figure 3b shows the proportion of incoming edges as a function of total
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Fig 2: Example networks generated using the (purely geometric) proximal attachment
(PA) rule where connection probability between two nodes decreased with distance. a)
The degree distribution for networks grown with three values of L (in mm), each averaged across 100
repeats. The mouse connectome is shown for comparison. b) Clustering coe�cient as a function of
degree for representative networks grown with the same values of L used in a).

degree for all nodes in the mouse connectome. As the total degree of a node increases, the proportion

of incoming edges decreases.

To model the directed mouse connectome, we extended the purely geometric PA model by consid-

ering two mathematically symmetrical, yet phenomenologically distinct frameworks: target attraction

and source growth (TAPA and SGPA). When adding an edge in the TAPA model, a target node is

chosen with a probability proportional to its in-degree, while the source node is chosen with a prob-

ability that decreases with its distance from the target node (Figure 4, top). In the SGPA model,

a source node is chosen with a probability proportional to its out-degree, while the target node is

chosen with a probability that decreases with its distance from the source node (Figure 4, bottom).

The TAPA and SGPA models can be considered directed spatial variants of the preferential attach-

ment algorithm introduced by Barabasi Albert (1999) and lead to “rich-get-richer” patterns of either

incoming or outgoing connection formation. In both cases, all nodes were initialized upon network

instantiation (unlike in the preferential attachment algorithm where nodes are added iteratively), and

directed edges were added iteratively until the number of edges matched the mouse connectome. Since

these models also incorporated the geometric PA property, both models were parameterized by a single

free parameter L exactly as in the PA model.

4.3.3 Comparison of the connectome to the direct graph models
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Fig 3: Directed analysis of the mouse connectome reveals di↵erent distributions for in-
and out-degree. a) Out-degree as a function of in-degree for all nodes in the mouse connectome.
Margins show in- and out-degree distributions with the blue lines and axis labels corresponding to a
logarithmic scale. In-degree is approximately normally distributed while the out-degree approximately
follows an exponential distribution. b) Proportion in-degree as a function of total degree (i.e. in-degree
divided by the sum of incoming and outgoing edges). Low degree nodes tend to have mostly incoming
edges, while high degree nodes are characterized by mostly outgoing edges.

The SGPA model exhibits an in-degree distribution that is approximately normal and an out-

degree distribution that is approximately exponential (Figure 5a, cyan). This is matches the mouse

connectome (Figure 3a) but is exactly opposite for the TAPA model (Figure 5a, red) Figure 5b shows

proportion in-degree as a function of total degree (in-degree + out-degree) for both network models.

In the SGPA model (and the mouse connectome; Figure 3b) high-degree nodes tend to have a large

proportion of outgoing connections. Again, this is opposite of the TAPA model, where high-degree

nodes tend to have a large proportion of incoming connections. These results suggest that the directed

graph theoretic properties of the mouse connectome are best captured by a source growth model of

network generation.

Previous work has shown that both the reciprocity coe�cient and average clustering coe�cient of

the brain are well above chance [2, 5, 18, 19]. We found that the mouse connectome has a reciprocity

coe�cient of 0.13, which is high compared to that expected from chance (0.03). Reciprocal edges in

the connectome are on average shorter than nonreciprocal edges (Figure 5c; t(8818) = 13.25, P <<

10̂-10, independent samples t-test; Cohen’s d = 0.47). As shown in Figure 5e, the reciprocity coe�cient

of our model networks decreases with increasing length constant, approximately matching that of the

mouse connectome (0.13) when L = 0.725 mm for both the SGPA and TAPA models. However,
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Fig 4: Target attraction and source growth network generation algorithms. The numbers
inside each node indicate the probability of growth or attachment. For illustration, the most probable
node (dashed) is selected in both diagrams (T and S, corresponding to target and source, respectively).
Top row: target attraction proximal attachment (TAPA) model. A target node is selected with a
probability proportional to its in-degree (left), while the source node is chosen with a probability that
decreases exponentially with the node’s Euclidean distance from the target (right). Two nodes have zero
probability of forming an edge since the target is already receiving projections from these nodes. The
dashed red line shows the most probable edge. Bottom row: source growth proximal attachment (SGPA)
model. A source node is selected with a probability proportional to its out-degree (left), while the target
node is chosen with a probability that decreases exponentially with the node’s Euclidean distance from
the source (right). The dashed cyan line shows the most probable edge. In both algorithms, we assume
that each node begins with a self-connection (corresponding to an outgoing and incoming edge) to avoid
zero-valued probabilities, though self-connections are not shown here or included when calculating any
metrics.
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Fig 5: Directed analysis of single representative TAPA and SGPA network models and
reciprocity comparison with the connectome. a) Out-degree as a function of in-degree for both
algorithms with L = 0.725 mm, which was chosen to match the connectome’s reciprocity – see e).
Margins show in- and out-degree distributions. b) Proportion in-degree as a function of total degree for
both algorithms. The SGPA model qualitatively captures the connectome’s directed degree distributions
and proportion in-degree (cf. Figure 2). c) Edge length distribution for the connectome, shown for both
reciprocal (blue) and non-reciprocal edges (black). d) Same as c) but for the SGPA model. e) Reciprocity
coe�cient as a function of the length parameter for both TAPA (red) and SGPA (cyan), with shading
indicating standard deviation over 100 repeats. Both models intersect the connectome at L = 0.725
mm. For reference, the reciprocity coe�cient for the connectome (magenta) and a corresponding
degree-controlled random graph (gold) are also shown. SGPA and TAPA models overlap.
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fitting the length constant to reciprocity (e.g., in the SGPA model) underestimates the physical edge

lengths of the connectome (compare Figure 5c to 5d). Using a larger length constant improved the

fit to the reciprocal and nonreciprocal edge length distributions (not shown), but reduced the model’s

reciprocity.

Incorporating source growth into the PA model increases the width of the degree distribution,

allowing the model to also capture the joint clustering-degree distribution seen in the connectome

(Figure 6a). A network grown solely with the PA rule and a random degree-controlled network both

showed a joint clustering-degree distribution that di↵ered from the connectome’s, again suggesting that

both topological and geometric rules are important when modeling the connectome. The inset in Figure

6a quantifies this by showing that the SGPA model’s fitted power law relationship between clustering

coe�cient and degree is the most similar to the connectome. Additionally, this increased clustering

is spatially localized: In the connectome, there is a negative correlation between a node’s clustering

coe�cient and its mean edge length. That is, nodes with short average edge lengths tend to be highly

clustered (=-0.238, P< 10-6, Spearman rank correlation). A similar, but stronger relationship occurs

in the SGPA model (median = -0.482, P < 10-10, Spearman rank correlation).

4.3.4 Higher-order connectivity statistics

Our previous analyses of degree, in-degree, out-degree, and clustering coe�cient distributions de-

scribe the connectivity patterns of a node in the context of its immediate neighbors. To examine the

role played by each node in the context of the entire network, we calculated distributions of nodal

e�ciency. A node’s nodal e�ciency is defined as the mean inverse directed shortest path length be-

tween itself and all other nodes in the network and quantifies the ease with which that node can

theoretically transmit information to all other nodes (see Methods). As shown in Figure 6b, there

was a close match between the nodal e�ciency distributions for the connectome and the SGPA model

(with L = 0.725 mm): both exhibited an approximately normal distribution, save for a small selection

of nodes with zero-valued nodal e�ciency (corresponding to nodes with no outgoing connections).

A degree-controlled random graph also showed approximately normally distributed nodal e�ciency

distributions, but the mean of the distribution was slightly higher than either the SGPA model or

the mouse connectome. In contrast, the purely geometric PA model showed a sharply peaked nodal

e�ciency distribution, similar to what one would expect for a directed Erdos-Renyi graph (Figure

5-figure supplement 1, Figure 6-figure supplement 1). This analysis suggests that the SGPA model
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Fig 6: Clustering and nodal e�ciency for the connectome and other directed models. a)
Clustering-degree joint distribution for connectome and one representative instantiation of each model
graph. Inset: best-fit power-law exponent (see Methods) for the connectome ( = -0.44, R2=0.58) and
random (mean std. = -0.17 0.02, median R2=0.16), SGPA (mean std. = -0.48 0.04, median
R2=0.59), and geometric PA (mean std. = -0.80 0.06, median R2=0.42) models. b) Distributions of
nodal e�ciencies (see Methods) with mean standard deviation (line and shaded regions, respectively)
for model networks. Mean standard deviation of mean nodal e�ciency (averaged over nodes) is 0.409
0.001 for the random model, 0.393 0.004 for the SGPA model, and 0.426 .001 for the pure geometric
model. The connectome’s average nodal e�ciency is 0.375. The PA model’s histogram peaks at 279 at
a nodal e�ciency of 0.44. b) and the inset in a) both used 100 sample instantiations of each model.

captures the statistical connectivity patterns of individual nodes in relation to the whole network.

Prior work has shown that a network’s resilience to the removal of nodes can provide insight

into its structural composition [20, 21]. These studies typically explore the structure of undirected

networks, so for our analyses we converted the directed SGPA model to an undirected one by ignoring

directionality of edges (see Methods). We then simulated a lesioning (or percolation) process to

compare the undirected SGPA model and other standard undirected models to the mouse connectome.

When nodes (and the edges connected to them) were removed in order of decreasing degree (i.e.,

targeted attack), the SGPA model’s global e�ciency (akin to nodal e�ciency; see Methods) and largest

(giant) component size both decreased in a manner more similar to the mouse connectome than any

standard graph (Figure 7). However, Figure 7a shows that the mouse connectome disintegrates the

fastest, and Figure 7b shows that the global e�ciency falls more rapidly in the connectome than any

model. Thus, the connectome appears more vulnerable to targeted attack than the model networks

explored here.

The density of edges can influence some metrics (like global e�ciency). To test if our lesioning

results were a product of connection density (which is itself determined by degree distribution), rather

than connectivity patterns specific to each model, we also investigated the connection density through-

out the lesioning process (Figure 7-figure supplement 1a). We found that, throughout the lesioning
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Fig 7: Response of undirected networks to targeted lesions where nodes are removed in
order of highest degree. Mean values (lines) standard deviations (shaded regions) are plotted for
each model after 100 repeats. a) Size of the largest (giant) connected component in response to targeted
attack. The randomly shu✏ed connectome (Random) is obscured by the scale-free graph. b) Global
e�ciency for the mouse connectome and network models in response to targeted attack.

Model Clustering coe�-
cient

Characteristic Path
Length

Global E�ciency

Connectome 0.361 2.226 0.492
Random 0.140 ± 0.0013 2.002± 0.0020 0.528± 0.0003
Small-world 0.359 ± 0.0058 2.129± 0.0058 0.507± 0.0010
Scale-free 0.159 ± 0.0037 1.998± 0.0026 0.527± 0.0004
SGPA 0.343 ± 0.0094 2.166± 0.0159 0.501± 0.0027

Table 1: Average undirected metrics for the connectome, standard, and model networks. For the
random, small-world, scale-free, and SGPA models, the standard deviation for 100 repeats is also
shown. See Table 2 for metric definitions. Note that properties for the original (single-hemisphere)
connectome are presented in Oh, et al. 2014.

process, the connectome’s connection density was similar to that of all models except the small world

network (and necessarily matched the degree-controlled random graph). We also found that while

global e�ciency and connection density were correlated, their specific relationship depended on the

model (Figure 7-figure supplement 1b). Interestingly, the way these two variables were related in the

connectome most resembled how they were related in the SGPA model, relative to all the others. This

shows that the results in Figure 7 are not simply due to di↵erences in degree distribution and the de-

pendence of global e�ciency on connection density. Therefore, we propose that these lesioning results

expose di↵erences in higher-order connectivity structure between the connectome and the examined

models.
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4.4 Discussion

The Allen Mouse Brain Connectivity Atlas [2] provides a unique view into the mesoscale structure

of the mammalian brain. Through anatomical tracing experiments using genetically identical mice

registered to a common reference frame, this dataset permitted a graph theoretic analysis of whole-

brain connectivity. We first showed that the connectome’s lower degree nodes are more clustered –

a relationship absent in the standard random graphs used in the literature. We then demonstrated

that in-degree is approximately normally distributed and out-degree is approximately exponentially

distributed in the connectome; because in- and out-degree were uncorrelated, this meant that nodes

with more total connections tended to have a higher percentage of outgoing connections. Additionally,

we found that reciprocal edges were shorter than nonreciprocal edges on average and that the pro-

portion of reciprocal edges was substantially higher in the connectome than that expected by chance.

Finally, we developed a directed generative network model based on two simple rules: source growth

and proximal attachment. This directed model captures many (but not all) spatial and graph theoretic

properties of the mouse connectome and provides important biological insights into the organizational

principles governing neural connectivity at the mesoscale, which we discuss later.

4.4.1 The importance of directed analysis

The fact that in- and out-degree were di↵erentially distributed in the connectome highlights an

important limitation of undirected graphs: they do not discriminate between in- and out-degree distri-

butions and may therefore fail to reveal key connectivity properties arising from such directed structure.

Interestingly, the in- and out-degree relationships observed at other scales and in other organisms dif-

fer from our findings here. For instance, the C. elegans connectome (for the full nervous system) [22]

has nearly identical in- and out-degree (exponential) distributions [23]. While numerous studies have

found common properties across scales (e.g., small-worldness), more pronounced di↵erences in network

structure, such as di↵erent in- and out-degree distributions, suggest that a single set of generative rules

cannot capture the brain’s network structure across di↵erent scales and/or organisms.

4.4.2 Indications of functional segregation and integration in the connectome

Functional segregation and integration comprise two components of a framework commonly used

to interpret brain network architecture [5, 24]. Functional segregation asserts that the brain carries
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out specialized computations in anatomically localized and highly interconnected regions. As high

clustering coe�cient is thought to indicate potential for participation in this sort of computational

unit [5], our finding that nodes with a small number of neighbors tend to be highly clustered suggests

that these nodes are candidates for specialized processing. However, functional data would be required

to validate this conjecture since high clustering coe�cient does not necessarily imply grouping of nodes

into specialized clusters. Functional integration predicts that some high-degree “hub” brain regions

consolidate the results of these specialized computations for higher function (e.g., as in behavior and

perception) [25] Surprisingly, connections associated with such hub nodes were primarily outgoing in

the directed connectome (Figure 3b). Assuming again that anatomical connectivity is indicative of

functional relationships, our results suggest that hubs play a stronger role in distribution, rather than

integration, of information. However, these ideas are not necessarily contradictory – it is possible that

many brain regions are involved in both integration and distribution to varying extents. In fact, the

proportion in-degree distribution roughly resembles a uniform distribution (Figure 3-figure supplement

1) suggesting a continuum of these properties rather than discrete categories.

Above-chance reciprocity, as we found in the mouse connectome, is also hypothesized to be impor-

tant for functional integration and segregation [24]. Previous work has suggested that bidirectional

connections between brain regions constrain the dynamics in such a way that a balance arises be-

tween the two [26, 27]. Considering the propensity for feedback within the brain, however, perhaps

the relatively high reciprocity is not surprising. Like the asymmetric degree distributions, the connec-

tome’s high reciprocity also highlights the importance of using directed graph models (as opposed to

undirected ones) when analyzing brain networks.

4.4.3 Organizational principles of the mouse connectome

The generative rules explored here follow from a series of recent publications attempting to develop

generative network models of animal connectomes [9, 10, 11, 12, 14, 28]. Several papers have docu-

mented the importance of proximal attachment in generative network models of animal connectomes

[9, 10, 11, 12, 13]. For example, Kaiser, Hilgetag, van Ooyen [10] noted that if axonal outgrowth

occurs in a straight line and the axon attaches to the first node it physically encounters, then the

probability of connecting to a target neuron depends exponentially on the target’s distance from the

source neuron [10]. Previous research has also shown that some chemical gradients responsible for

axon guidance decay exponentially with distance [?, 29] and have been modeled as such [30]. Simi-
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larly, Rubinov et al. [3], recently reported that distance-dependent inter-areal connection strengths

in the mouse connectome were best captured by a power law. We explored a purely geometric model

based on proximal attachment and found that while this model induces clustering between low-degree

nodes, it fails to account for the broad degree distribution of the connectome. This motivated the ex-

ploration of two mathematically symmetric generative models that included an additional topological

rule: target attraction proximal attachment (TAPA) and source growth proximal attachment (SGPA).

Only when incorporating the source-growth rule could we capture the in- and out-degree distribu-

tions of the mouse connectome. Note that these distributions arise independently of the PA rule, but

other characteristics require it, as discussed previously (see Figure 5-figure supplement 2 for the in-

and out-degree distributions of a graph with source-growth but not proximal attachment). To explore

whether source selection based specifically on out-degree was a necessary property, we also examined

a network grown with source selection probability proportional to the total degree raised to a power.

While this model also exhibited many of the connectome’s properties, it makes predictions that are

not observed in the connectome (e.g. it predicts that the number of incoming and outgoing connec-

tions should be correlated; Figure 5-figure supplement 5); the model itself also requires an additional

parameter. This indicates that a source growth rule specifically depending on out-degree is a better

candidate mechanism for generating the properties of mouse connectome.

Our results indicate that much of the organizational structure of the mouse connectome is captured

by the geometric and topological generative rules employed by the SGPA model. The ability of these

simple rules to closely capture the mouse connectome’s network structure raises the possibility that

brain organization at the mesoscopic scale does not require precise specification of connectivity (e.g.,

through genetic or transcriptional factors), but might instead be largely based on a set of relatively

simple instructions. Many generative schemes proposed previously, such as the homophilic rules by

Betzel et al. ([14]; nodes with similar graph theoretic properties are more likely to connect), or the

minimal wiring length networks by Klimm et al. [12], are also based on simple connectivity rules, but

these rules are not readily interpretable in terms of biophysical processes. We previously discussed

possible biological underpinnings of the geometric PA rule, but the topological SG rule also lends itself

to speculation on a set of possible biological mechanisms.

4.4.4 A biophysical interpretation of source growth
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The source growth rule might be realized during brain development by the actions of a family of

proteins known as neurotrophins, which play a major role in promoting the survival of innervating

neurons [31, 32] and the growth and branching of their axons [33]. Found throughout both the central

and peripheral nervous systems, these proteins are typically secreted by a target (postsynaptic) neuron

at functional synapses, endocytosed by a source (presynaptic) neuron, and retrogradely transported

to the source neuron’s soma, where they trigger the above-mentioned processes [31, 34]. Because neu-

rotrophins are available in limited quantities, they are hypothesized to cause competitive interactions

among growing neuronal populations [35]. Indeed, such an interaction resembles the way in which a

single source node is probabilistically selected for each edge addition in the SGPA model (as opposed

to allowing all nodes to generate outgoing connections simultaneously). Most importantly, since pop-

ulations that maintain many functional outgoing connections will tend to receive more neurotrophins,

they should on average be more fit for survival and new connection generation, and their existing con-

nections should be more likely to branch. This would in turn increase their probability of establishing

new connections to novel targets. Such a biological mechanism would lead to the “rich-get-richer”

phenomenon for outgoing connections that was fundamental in modeling the network properties of the

mouse connectome.

4.4.5 A non-power law explanation of the connectome’s undirected degree distribution

A final insight provided by the SGPA model concerns the undirected degree distribution in the

mouse connectome. Degree distributions in the brain have often been characterized by power laws,

where p(k) k for some � < 0 [4, 21]. The SGPA model provides an alternative because the in- and

out-degree distributions are driven by di↵erent rules. In-degree is approximately Gaussian because

of the central limit theorem (connections are random in the sense that they only depend on distance

and not degree or other topological properties), and out-degree is approximately exponential, owing to

the source growth process. If in- and out-degree are independent, as they are in our model and seem

to be in the connectome, the distribution of their sum (i.e., of total degree) will be the convolution

of the two individual distributions. Thus, we would expect the distribution over undirected degree

(which is approximately the sum of in- and out-degree, the approximation arising since we do not

count reciprocal edges twice) to approach the convolution of a Gaussian and an exponential, i.e., an

exponentially modified Gaussian (Figure 6-figure supplement 2). Additionally, the SGPA model is

able to capture the low-degree portion of the distribution (Figure 1b) unlike the scale-free graph. This
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serves as a more biologically motivated alternative to the power-law degree distribution often used to

describe the brain’s network properties.

4.4.6 Limitations of the SGPA model

While the SGPA model captured a number of the connectome’s characteristics, there are also lim-

itations worth highlighting. Our choice to instantiate all the nodes at the start of the network’s

generation is somewhat biologically implausible. This is di↵erent from the Barabasi-Albert algorithm

used to generate scale-free graphs where, aside from an initial group of nodes, all the nodes are added

sequentially over time. However, a version of our SPGA model in which nodes are added one-by-one

(see Methods) yielded a qualitatively similar network (see Figure 5-figure supplement 3 and Figure 6-

figure supplement 3). The only notable di↵erences were that the youngest nodes had an extremely low

degree and a clustering coe�cient of either zero or one, and that there was a positive correlation be-

tween in- and out-degree. This deviation from the properties observed in the mouse connectome could

potentially be corrected by “pruning” the final network or by modifying the probability of generating

new connections as the final nodes are added.

In our simulations, we chose to randomly draw node positions from a 7 mm cube to spatially embed

our model. The dimensions of this cube were chosen to match the inter-nodal distance distribution

of the connectome (Figure 5-figure supplement 4). All the simulations we explored, however, yielded

comparable results when run with node coordinates determined by the centroids of brain regions in the

connectome. One interesting feature of the SGPA model is that it predicts that edge lengths should

be significantly shorter than those observed in the connectome. This is a consequence of fitting the

length constant to the connectome’s reciprocity. A more satisfactory fit to the edge length distribution

can be obtained by using a larger length constant, but this substantially reduces the reciprocity and

degrades the inverse relationship observed between clustering and degree (Figure 6a). Equivalently, we

can scale the dimensions of the model, which allows us to match the reciprocity and the edge length

distribution but not the inter-nodal distance distribution. Thus, our model is unable to account for

both the edge length distribution and the reciprocity of the connectome while also maintaining the

appropriate dimensionality.

Within the lesioning analysis, we found that the connectome is more susceptible to targeted attack

than our generative SGPA model network (or any other model). This suggests that the mouse connec-

tome is less resilient than the synthetic networks explored here. More broadly, addressing whether the
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SGPA model can reproduce the macroscale hierarchical modularity recently reported by Rubinov et

al. [3] is also a target for future research. Previous work on targeted attacks on the macaque and cat

macroscale connectome has shown di↵erent patterns of results [21], but it is di�cult to assess whether

this is due to di↵erences in the organism (mouse vs. monkey or cat), scale (meso vs. macro), or both.

Lastly, we treated the entire connectome as a network grown with homogeneous growth rules.

The success of our approach lends some merit to this assumption, but it is nevertheless likely that

cortico-subcortical connections follow di↵erent generative rules than cortico-cortical ones, for example.

A similar point was raised by Kaiser Varier [19] and Oh et al. [2] – both noted that cortico-cortical

projections have higher reciprocity than cortico-subcortical ones in macaque macroscale and mouse

mesoscale connectomes, respectively. Uncovering the di↵erences in generative rules employed by sub-

networks in the brain, as well as those at di↵erent scales or time points, is a target for future research.

Dynamically changing the physical scale of the model (e.g., to simulate physical growth) is another

promising avenue for future work which some have begun to explore [36], and may account for our

inability to capture the edge length distribution in the connectome. Here, our network was embedded

within a physical space that maintained a constant size. We did find that a node’s age a↵ected its

final properties (Figure 5-figure supplement 3, Figure 6-figure supplement 3), but the growth of neural

tissue typically occurs in an expanding physical space which may stretch or alter the oldest connections

as development proceeds. Continued use of real data to both inspire and evaluate network models will

be crucial for elucidating the principles that govern the network organization of connectomes.

4.5 Conclusion

We have characterized the network properties of the mouse mesoscale connectome, a system that

highlights the importance of using spatial, directed graphs when modeling brain networks. A model

that uses two simple organizational principles – source growth and proximal attachment – can capture

a large number of directed, undirected and spatial network properties of the mouse connectome. Im-

portantly, these rules have biologically plausible connections to developmental mechanisms and wiring

properties in real brains. This model not only serves as a simple mathematical tool that can be used

to model and understand mesoscopic brain organization, but also provides a parsimonious framework

for informing future investigations of brain network formation.

4.6 Materials and Methods
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All code used in this analysis is available at https://github.com/neofunkatron/neofunkatron.

4.6.1 Empirical connectivity graph

To generate a connectivity graph from empirical data, we used the mouse connectome developed

by the Allen Brain Institute. To compile this dataset, anterograde tracers were injected in a single

hemisphere and the authors traced projections into both hemispheres. Thus, the connectome probed

connections originating in the right hemisphere and terminating in either the right or left hemisphere.

The original work computed projection strengths and associated p-values (the probability that the

observed projection would arise by chance) between 213 pairs of ipsi- and contralateral anatomically

defined brain regions [2]. To generate a binary adjacency matrix, we set all connection strengths with

p < 0.01 to one and all other elements to zero. This yielded a graph with a reasonable connection

density for analysis. We then assumed that all connectivity projections were bilaterally symmetric in

order to construct a 426 x 426 binary adjacency matrix, which completely defines a (single component)

graph. The results remained qualitatively the same for alternative connection thresholds (p < 0.05

and p < 0.001).

4.6.2 Random graphs

The following sections describe the random graphs we included in our analysis. For each random

graph, the number of nodes was set to 426, and the number of edges to 7804 (for undirected models)

or 8820 (for directed models).

4.6.3 Standard random graphs

Standard random graphs were generated in Python using the NetworkX module (https://networkx.github.io)

[37]. The small-world graph [6] is parameterized by the number of nodes n, the number of initial con-

nections for each node kSW, and the probability of rewiring, p. Here we used kSW= 18 to match the

mean degree of the connectome, and p = 0.23 to approximately match the mean clustering coe�cient

of the connectome. The scale-free graph [7] is parameterized by the number of nodes n and the number

of connections kSF formed by each node as it is added to the network. We used kSF= 18 to match the

number of edges in the connectome. We generated the undirected degree-controlled random network

by shu✏ing the mouse connectome’s edges while holding the degree distribution constant (similar to
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Maslov Sneppen, 2002 [16]); this generates a control graph with random connectivity but identical

degree distribution. The directed degree-controlled random was generated in a similar way, except

both the in- and out-degree distributions were held nearly fixed (“nearly” because the algorithm often

converts a small number of edges to self- or double-connections, which are ignored in our analysis;

however, these only represent about 5% of all connections). These standard graphs are similar to

those used in Oh et al. [2]. The directed Erdos-Renyi graph was generated using NetworkX, with an

edge probability of 0.0487, which on average yielded the number of directed edges present in the mouse

connectome.

4.6.4 Custom random graphs

The following sections describe the algorithms used to generate the custom random graphs examined

in this study.

4.6.5 Purely geometric models

For the purely geometric proximal attachment (PA) graph, 426 nodes were randomly assigned cen-

troids within a 7mm x 7mm x 7mm cube, with no edges connecting the nodes. We then generated each

undirected edge by first selecting a source node i at random and subsequently selecting a target node

j with probability Pij / exp(�dij/L), where dij denotes the distance between node i and node j. If an

undirected edge already existed between the source and target, the probability of selecting that target

was set to zero. Edges were added until the number of (undirected) edges matched that of the con-

nectome (K=7804). The directed PA algorithm was identical, except that directionality of edges was

retained. For the graphs incorporating topological rules (i.e. SGPA and TAPA), the growth algorithm

was initialized by instantiating n nodes with no edges connecting them, except for one self-connection

per node to prevent zero-valued connection probabilities for nodes with no outgoing or incoming edges

(for SGPA and TAPA, respectively). However, these self-connections were ignored when calculating

all metrics for the final graph. In all of the graphs we generated (except for node-by-node SGPA) we

matched n and K to the number of nodes and directed edges, respectively, in the empirical connectome

(n = 426, K= 8820).

4.6.6 Target-attraction-proximal-attachment (TAPA) random graph
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At each step in the growth process an edge is added by (1) selecting the target node j from all

nodes without maximum in-degree according to the in-degree of j: P (target = j) / kinj , and (2)

selecting the source node i with a probability that decreases with distance from the target: P (source =

i|target = j) / exp(�dij/L). If a connection already existed from node i to j, this probability was

set to zero to avoid a duplicate edge. dij is the Euclidean distance between nodes i and j, and L

is a parameter governing the strength of distance-dependence. For the nonspatial TA graph (Figure

5-figure supplement 2), the algorithm was as the TAPA algorithm, except the source was chosen with

a uniform probability for all nodes (i.e. no distance-dependence).

4.6.7 Source-growth-proximal-attachment (SGPA) random graph

At each step in the growth process an edge is added by (1) selecting the source node iaccording

to its out-degree as P(source=i) kiout from all nodes that do not have maximal out-degree, and (2)

selecting the target node j with a probability that decreases with distance from the source: P (target =

j|source = i) / exp(�dij/L). If a connection already existed from node i to j, this probability was

set to zero to avoid a duplicate edge. For the nonspatial SG graph (Figure 5-figure supplement 2),

the algorithm was as the SGPA algorithm, except the target was chosen with a uniform probability

for all nodes (i.e. no distance-dependence). Both the target attraction and source growth rules can be

conceptualized as directed spatial variants of the preferential attachment rule introduced by Barabasi

and Albert [7].

4.6.8 Total-degree SGPA random graphs

This graph was identical to the SGPA graph mentioned above, except that probability of selecting

the source node i was proportional to its total degree (in-degree + out-degree) raised to a power :

P (source = i) / (kouti + kini ). Target selection was as in the SGPA model.

4.6.9 Node-by-node SGPA random graph

In this algorithm, nodes are added one at a time with positions sampled uniformly from within a

7mm x 7mm x 7mm cube until the graph contains 426 nodes. Upon each node addition (starting with

the second node addition), each existing edge “branches” with a probability p = 0.016 (which was

chosen so as to yield approximately the same number of edges as in the connectome). When an edge
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“branches” a new edge is formed that has the same source node and whose target node is chosen with

probability P (target = j|source = i) / exp(�dij/L) (i.e., in the same way as in the standard SGPA

model). If an edge already exists between the source node and the selected target node, no new edge

is added. When all the edges and nodes have been added, any nodes that are not connected to the

largest (giant) graph component (typically only three or four, representing < 1% of the network) are

removed from the graph.

4.6.10 Undirected metrics and lesioning of directed graphs

We calculated undirected metrics (e.g., clustering coe�cients and undirected degree) and carried

out a lesioning study for directed graphs by first casting the directed graph to an undirected one.

This yielded a graph which contained an undirected edge between every pair of nodes that had been

connected by at least one directed edge in the directed graph.
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Fig 3S1: Distribution of proportion in-degree in the mouse connectome.

Fig 5S1: Directed degree distributions and proportion in-degree for a directed Erdos-Renyi graph. a)
In- and out-degree are independent and both are approximately normally distributed. b) Proportion
in-degree is independent of total degree.
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Fig 5S2: Directed degree distributions and proportion in-degree for a purely topological source-growth
or target-attraction directed graph (SG only, TA only, respectively), with no proximal attachment
(equivalent to L = in SGPA or TAPA). The qualitative properties of the in- and out-degree dis-
tributions are the same as in SGPA and TAPA with L = 0.725.

Fig 5S3: Directed degree distributions and proportion in-degree for an SGPA model where the network
is grown one node at a time. Hotter colors indicate more recently added nodes. a) Out- and in-degree
relationships for one representative model instantiation with L = 0.725 mm. b) Proportion in-degree
as a function of total degree.
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Fig 5S4: Inter-nodal distance distribution for the mouse brain (magenta bars) and a 7mm3 cube (black
line). The use of a 7mm x 7mm x 7mm cube was justified on the basis that its inter-nodal distance
distribution closely mimicked that of the connectome. The results did not change considerably when
coordinates from the mouse brain were used instead of the 7mm3 cube.
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Fig 5S5: Directed degree distributions and proportion in-degree for a graph in which source selection
was proportional to total degree (in-degree + out-degree) in a) and b), and in which source selection
was proportional to total degree raised to the power = 1.67 in c) and d). In both a) and c), there are
significant correlations between the in- and out-degrees (=0.45, P < 10-10 and =0.60, P<10-10 for a
and b, respectively; Spearman rank correlation). In all graphs, L = 0.725 mm.
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Fig 6S1: Clustering and nodal e�ciency for Erdos-Renyi (ER) and TAPA models. a) Clustering-
degree joint distribution for connectome and one representative instantiation of each model graph. The
inset shows best-fit power-law exponents, as in Figure 6 (ER: mean std. = -0.01 0.04, median R2
= 0.00; TAPA: mean std. = -0.47 0.035, median R2 = 0.60). b) Distributions of nodal e�ciencies
(see Methods). Solid lines are means and shaded regions are standard deviations. b) and the inset in
a) both used 100 sample instantiations of each model. Mean standard deviation (taken over 100 graph
instantiations) of mean nodal e�ciency (averaged over nodes) is 0.467 0.002 for ER, 0.395 0.003 for
TAPA.

Fig 6S2: Undirected degree distribution for the SGPA model and the mouse connectome in a) linear
and b) logarithmic scales. For the SGPA model, the line and shaded region represent the mean and
standard deviation across 100 graph instantiations.
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Fig 6S3: Clustering vs. degree a) and nodal e�ciency b) for the node-by-node SGPA network (L =
0.725) used in Figure 5-figure supplement 3. Hotter colors indicate more recently added nodes.

Fig 7S1: Network connectivity patterns (and not just connection density) a↵ect global e�ciency. a)
Connection density as a function of nodes removed (for comparison with Figure 7). Except for the
small-world network, the connection density was changed similarly throughout the lesioning process.
Mean values (lines) standard deviations (shaded regions) are plotted for each model after 100 repeats.
b) Global e�ciency and connection density at each point during the lesioning process for representative
networks grown in the same manner as Figure 7. Note that global e�ciency varies across graphs even
at similar connection densities.
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Metric Interpretation Formal definition
Degree Number of edges connected to

a node.
ki =

P
j2N aij , where N is

the set of all nodes and aij is
1 an edge from node i to j
exists and 0 otherwise.

In-degree Number of incoming edges to
a node.

kinl =
P

j2N aji

Out-degree Number of outgoing edges
from a node.

koutl =
P

j2N aij

Clustering coe�cient [6] Level of connectivity among
nearest neighbors of node i.

2ti
ki(ki � 1)

, where ti is the

number of triangles including
node i

Characteristic path length [6] Mean shortest undirected
path length over all pairs of
nodes.

1

n(n� 1)

P
i,j2N,i 6=j dij ,

where n is the number of
nodes and dij is the shortest
undirected path from i to j

Global e�ciency [40] Mean inverse shortest path
undirected path length over
all pairs of nodes.

1

n(n� 1)

P
i,j2N,i 6=j 1/dij .

Nodal e�ciency (generalized
from [41])

Mean inverse shortest path
directed path length over all
pairs of nodes.

1

n(n� 1)

P
i,j2N,i 6=j 1/dij ,

where dij is the shortest
directed path from i to j.

Reciprocity coe�cient Proportion of edges from
node i to node j that have
a reciprocal connection from
node j to node i 6= j

1

Ne

P
i,j2N,j 6=i aijaji, where

Ne is the total number of
undirected edges.

Table 2: Graph theoretical metrics used for analysis.
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5. Conclusions and future directions

In the preceding work we have shed new light on neural systems from four di↵erent angles. The first

three addressed the problem of short-term modulation of dynamics and information processing, and

the fourth investigated structural models of mesoscale brain networks. We began within the context of

a natural behavior—odor-tracking—utilized by a plethora of organisms to locate food and mates; we

statistically analyzed the odor-tracking flight patterns of fruit flies and mosquitoes and compared the

identified history dependence in their flight patterns with theoretical models. Next, we investigated a

candidate mechanism potentially enabling rapid modulation of neural processing that might underlie

history-dependent tracking behaviors; to this end we dissected components of the neuromodulatory

dopamine system in the fruit fly mushroom body through experimental collaboration with Vanessa

Ruta’s lab, and have discovered that within a handful of dopamine signals there may exist a multi-

plexed representation of diverse features of the fly’s current sensorimotor and valence experience. To

generalize our investigation beyond a specific computation we next considered biophysical mechanisms

that might subserve the rapid embedding of complex memories into neural circuits responsible for ar-

bitrary changes in computation and behavior; we showed that a specific outsize plasticity mechanism

operating at a cellular, rather a synaptic level, could indeed enable flexible induction of sequences and

mappings in a simple recurrent network on a rapid timescale. Finally, to address the highly distributed

nature of neural systems we analyzed the structural connectivity patterns of the mouse brain connec-

tome at the mesoscale, in order to refine our understanding of the structural principles that must be

taken into account when modeling computations that occur within full-scale brain networks; we found

that multiple core mesoscale connectivity statistics could be recreated via two simple network growth

rules, suggesting that multi-scale network models could potentially be implemented atop parsimonious

architectures, greatly reducing complexity and potentially facilitating mathematical analysis. Below

we briefly summarize our key findings from each branch of this overarching investigation, and point to

next questions that could form the seed for future research arcs.

5.1 Insect odor tracking

Here we considered the problem of how a search agent should integrate the sparse, stochastic encoun-

ters with an odor plume broken up by realistic turbulence to reliably generate an e�cient trajectory

toward the plume source. We addressed this by analyzing odor-modulated flight trajectories and
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comparing our results to theoretical models. We found that beyond known odor-encounter-triggered

upwind turns, encounter-by-encounter variability within trajectories also depended on both the con-

centration experienced during each encounter, as well as the history of encounters that preceded it.

Higher concentrations triggered stronger upwind turns, and later encounters triggered weaker upwind

turns than earlier encounters. To shed light on what normative strategy might be reflected in this his-

tory dependence, we asked whether several previously identified theoretical algorithms produced the

same history dependence, finding that only “infotaxis” [1] captured the sign of the history dependence,

although it di↵ered substantially in magnitude. Thus, although none of the algorithms we explored

precisely explained the variation observed in real flight trajectories, these trajectories were more con-

sistent with the model predicting search based on accumulation of information about a specific source

position than with other models.

These results motivate and contextualize several follow-up investigations, both experimental and

theoretical. First, whereas our analyses were based on flight trajectories within a stationary plume,

under the assumption that the stochasticity of insect flight would yield variation in odor encounters

approximately reflecting those within a turbulent plume, new technologies may soon enable simultane-

ous recording of flight trajectories and odor encounters in a truly turbulent plume. Schlieren imaging,

for instance, an optical technique for inferring variations in chemical concentrations in fluids based on

changes in refractive indices [2, 3], may prove a useful tool. Indeed, with such recordings made simul-

taneously with recordings of an insect flight trajectories, one could identify the precise concentration

experienced by the insect at each point in its trajectory, thereby providing the accurate estimate of

the moment-to-moment olfactory stimulus needed to dissect possible tracking strategies within a more

natural scenario. An additional use of Schlieren imaging could be to infer local wind direction, which

though generally steady on average in turbulent plumes, exhibits large variation across space due to

the higher-order airflow statistics like vortices introduced by turbulence, and which may a↵ect flight

and odor processing. An alternative approach, which we have begun to investigate in collaboration

with Thierry Emonet’s lab at Yale University (not shown) is to generate chemical plumes that are

both attractive to insects and which can be imaged directly, for example a smoke plume containing

an attractive odorant. Indeed, new datasets from the Emonet lab contain smoke plumes that drive

upwind tracking imaged simultaneously with the walking trajectories of fruit flies in a 2D environment,

serving as a natural first step to the more complex case of three-dimensional flight.

A final problem with the above-mentioned experimental setups that has yet to be fully addressed
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but which will be crucial in accurately characterizing odor tracking is disentangling odor-driven from

visual responses, the latter which are known to heavily influence flight control [4, 5, 6] and which likely

play a role in odor tracking [7, 8, 9]. Unfortunately, since vision is required for flying insects to orient

relative to the wind, one cannot remove the visual environment from an experiment. One workaround

is to perform experiments in much larger wind tunnels with uniform visual statistics (e.g. so the

upwind and downwind ends of the wind tunnel appear identical); this will likely require more advanced

optical technologies to track small insects like flies and mosquitoes in a large area, but may eventually

be feasible. An alternative solution would be to model visual responses directly, e.g. informed by

studies on the neural circuitry and computations of fruit fly vision [10, 11, 12, 13, 14, 15, 16, 17],

and subsequently use this to project out predictions of flight patterns from vision in order to isolate

odor-driven flight dynamics.

Finally, while the theoretical plume-tracking theory “infotaxis” [1] has spawned numerous variations

and become incorporated into studies of plume-tracking robotics [18, 19, 20, 21], its specification poses

key problems to seeking evidence of the theory in empirical behavioral data. Indeed, to the best of

our knowledge ours was the first study to quantitatively seek evidence of infotaxis in plume-tracking

data, with a single additional study comparing the predictions of infotaxis to the movement patterns

of C. elegans [22]. The first core issue is that existing implementations depend heavily on a number of

parameters presumably not known a priori by the biological tracking agents. For example, “infotaxis”

and its variations presuppose, either explicitly or implicitly, an internal model of the plume statistics,

which depends on the source emission rate and crucially on the turbulent di↵usivity coe�cient [1, 23]

(this latter governs how much the plume is expected to spread out through time and space) [24].

Besides posing the key scientific question of how an insect could learn these parameters over time,

or respond to their natural variation (which can sometimes span orders of magnitude), this poses a

key practical challenge. How should one parameterize an infotaxis model when generating specific

predictions about empirical trajectory structure? Alternatively, are there predictions generated by

the core infotaxis algorithm independent of the parameters used to tune it? Refining such predictions

will be crucial to seeking out further evidence of this theory, and in making precise exactly where it

converges and diverges with empirical observation.

The second core issue is that “infotaxis” and its variations are active sensing algorithms, which spec-

ify full time-varying interactions of a search agent with an intermittent odor source, with behavior and

sensation reciprocally influencing one another. Thus, it is not straightforward to directly compare indi-
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vidual empirically measured trajectories to those generated by infotaxis, since the latter will generally

contain a completely di↵erent odor sequence such that moment-to-moment comparisons of trajectory

features have little meaning. Instead, it will be crucial in future investigations of odor-tracking theory

to identify robust predictions of infotaxis that distinguish it on a multi-trial level from other track-

ing algorithms, and which don’t depend on responses to specific sequences of odor encounters and

behaviors. While this observation was what motivated our analysis of the odor-encounter-triggered

history dependence, it will be a useful future investigation to specify additional observables that can

be identified or falsified by experimental observation.

5.2 Dopaminergic modulation of mushroom body computations

We next considered a candidate neural substrate potentially involved in odor tracking and other

natural behaviors dependent on short-term memory: dopaminergic innervation of the insect mush-

room body, which controls information propagation from the mushroom body’s inputs to its output

neurons [25]. To this end, we analyzed recordings of dopamine neuron (DAN) activations made simul-

taneously with video recordings of a fly’s walking behavior in a minimal virtual reality environment.

In addition to the expected encoding of positive and negative valences, which has received much study

in both mammalian and invertebrate nervous systems, we found that these dopamine neurons ad-

ditionally tracked moment-to-moment variations in both motor variables, such as walking state and

forward walking velocity; and sensory variables, such as wind direction and odor. This suggests that

the neuromodulatory signals controlling information flow through the mushroom body, despite being

confined to only tens of cells, may themselves be governed by a multiplexed representation of diverse

sensorimotor and valence variables, potentially reflecting a highly integrative computation that shapes

behavior. Beyond this, our work has revealed a potential context dependence of how the DANs repre-

sent behavior, with appetitive odors appearing to cause the DANs to recruit representations not only

of current locomotor patterns, but of tracking movements several seconds in the future. This result

thus exposes an additional reflection of the how network interactions in the fly olfactory circuit might

extend representations and computation beyond the fast timescales of fluctuating neuronal membrane

voltages to span the seconds long timescales underlying odor tracking and other behaviors requiring

short-term memory.

Our results in the DAN inputs to the mushroom body pose several questions regarding their role

within larger, behaviorally relevant computations. First, given what’s known about how the DANs gate
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synaptic transmission between mushroom body Kenyon cells (KCs) and output neurons (MBONs),

how would the naturalistic, sensorimotor-dependent sequences of DAN activations we’ve elucidated

in these results in turn shape KC-to-MBON synaptic transmission? Importantly, given that DANs

can either strongly potentiate or depress KC-to-MBON synapses, dependent on coincident KC and

DAN activation [26], what would be required for the average gating dynamics to remain stable over

time? Furthermore, how would natural behaviors modulate the representations of odor identity known

to be encoded in KCs [27, 28, 29] as they leave the mushroom body through the MBONs? While

further refinement of the DAN-modulated KC-to-MBON synaptic dynamics would be required for a

full analysis, in particular a detailed profiling of how the time course and magnitude of DAN and KC

signals shape e↵ective synapse strength, our existing results provide a first step for addressing this

through modeling. For instance, one could model (1) KC population responses to odors based on

literature [27, 28, 29], (2) synaptically connect the KC population to a modeled MBON population,

and those synapses themselves to the DAN population, (3) develop a simple model of KC and DAN

activations’ core e↵ects on synaptic modulation, and (4) drive the KCs and DANs with the sensory

and sensorimotor signals, respectively, corresponding a recorded fly’s walking trajectory through its

virtual reality environment. Such a modeling analysis would lend insight into how the representations

of appetitive odors that drive behavior might change over the course of a realistic search trajectory.

A further next step in this line of inquiry is to consider the role DAN modulation of mushroom

body signaling might play within the well studied computational framework of reinforcement learn-

ing (RL). In this framework, a formalization of trial-and-error learning, an agent learns an optimal

decision policy by gradually inferring causal connections between behavioral sequences and external

rewards [30]. Furthermore, extensive study in mammalian systems has identified dopamine as a poten-

tial core actor in biological RL implementations [31, 32]. As a key component of RL is the interaction

of short-term behavioral sequences and long-term learning, one might naturally ask whether and how

the behaviorally modulated DAN signals could subserve the long-term associative learning processes

traditionally associated with mushroom body function [33, 25]. This could be addressed through an

alternate network model incorporating long-term mechanisms, such as spike-timing-dependent plas-

ticity [34, 35], and examining whether dynamic DAN signals enable accelerated learning. Such an

approach might also reveal any computational advantage gained by multiplexing sensorimotor and

valence representations in the same neuromodulatory controls, and the RL framework could set the

stage for more formal comparison of invertebrate vs mammalian dopaminergic computations.
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Finally, it is worth acknowledging the mushroom body’s recent popularity as inspiration for novel

machine learning algorithms for more general tasks [36, 37]. For instance, one recent study has sug-

gested that mushroom-body-inspired network architecture, and in particular dopamine-like modula-

tion, might hasten learning for classification tasks like hand-written digit recognition [36]. Continuing

to unravel the nuances of mushroom body computations should therefore be fruitful not only in our

understanding of neural processes underlying key behaviors, but potentially for engineered network

computations also.

5.3 Rapid excitability-based sequence induction

Our work investigating rapid sequence induction provides a first treatment of the potential for ample

flexibility of short-term information maintenance in neural circuits. Here we identified a fast, heterosy-

naptic plasticity mechanism capable of inducing novel sequences in model networks that replay both

in response to external triggers and spontaneously. More precisely, the heterosynaptic plasticity mech-

anism, long-term potentiation of intrinsic excitability (LTP-IE) [38, 39], acted to “tag” recently active

neurons by increasing their spiking probability when homogeneous “gating” inputs were applied to the

network, such that these neurons were more likely to be recruited into population activity patterns.

Since the recurrent connectivity was spatially organized, these population activity patterns typically

corresponded to continuous movement through the space represented by the network, in particular fol-

lowing the LTP-IE profile induced by the preceding sensorimotor sequence. As a consequence, following

LTP-IE and the introduction of homogeneous gating inputs, the network was highly biased towards re-

playing temporally compressed versions of recent sensorimotor-driven neural sequences, both in forward

and reverse, recapitulating core features of empirically observed hippocampal replay [40, 41, 42, 43].

Beyond this, LTP-IE could be used to more generally establish temporary communication channels

between di↵erent areas in the network, for instance enabling fast, flexible storage of sensory-to-motor

mappings that had never been previously experienced by the network. This work demonstrated the ca-

pacity of physiological excitability changes to underlie a flexible and stable short-term memory bu↵er,

indicating they might play a significant role in biological neural network models and in rapid cognitive

flexibility in general.

While this work was not intended as a complete account of hippocampal replay, it nonetheless re-

veals a potential core mechanism behind the phenomenon and sets the stage for more thorough models.

One canonical feature of hippocampal activity we did not model, for instance, is the observation that

177



replay events tend to co-occur with so-called sharp-wave ripples (SWRs), salient 100-200 ms oscillatory

events in the surrounding local field potential, with oscillations around 150-200 Hz [41, 42, 43]. Further-

more, SWRs are hypothesized to play a role in coordinating information transfer from hippocampus

to other cortical regions in the brain, which can exhibit replay events simultaneous with hippocampus

during sleep [44], and disrupting SWRs has been shown to inhibit memory consolidation [45]. While

we did not model SWRs, (recall that we did not include inhibition, a likely source of oscillations in

general networks [46, 47, 48]), incorporating SWRs into a future LTP-IE-based model might serve to

impose stricter regulation of the timing of replay, for instance with the SWR times controlling exactly

when replay events arise, and with the oscillations acting as a potential clock-like signal to control

replay speed. A further phenomenon that must be addressed in future replay models is the conversion

of short-term into long-term memories, in particular through long-term mechanisms like spike-timing-

dependent plasticity (STDP), which was indeed originally identified in cultured hippocampal neurons

[34]. Since replay events tend to compress spike sequences into intervals aligned with the established

10s-of-ms STDP window, and since disruption of replay impairs memory consolidation, it appears

likely that STDP may play a role in consolidating memories stored and replayed in the short-term

memory bu↵er. Understanding this short-term and long-term interaction in both hippocampus as well

as the cortical networks it may help coordinate will be a paramount future research direction, and we

believe LTP-IE could play a prominent role in the short-term storage mechanism.

From a computational perspective, this work speaks more generally to the recently popular “neu-

rocentric” theory of learning, in which information is predominantly stored in cellular, rather than

synaptic changes. Mathematically, in a network of N neurons this di↵erence corresponds to storing

memories in N values (the number of neurons) vs O(N2) values (the number of synapses). Of note, the

former additionally encapsulates certain forms of synaptic memories that are dependent on neuronal

(as opposed to synaptic) activity alone, e.g. calcium buildup in all of a neuron’s synapses following

spiking [49]; such synaptic memories are therefore also N - rather than O(N2)-dimensional.

While at first blush one might assume substantial computational advantage in storing memories in

O(N2) values, there are several reasons to consider using only N . First, theoretically a system of N

variables that can each take on M states can specify M
N di↵erent memories, which may still be quite

su�cient for biological purposes; indeed, recent work has shown that such exponential memories could

indeed exist stably side-by-side within a network’s dynamic landscape [50, 51]. Second, many identified

mechanisms with rapid onset but enduring e↵ects, like LTP-IE [38, 39] and the just-mentioned calcium
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buildup [49], as well as e↵ects caused by, say, changes in mean or fluctuations of baseline noise inputs,

occur at the N -dimensional neuron level. In contrast, plasticity mechanisms occurring at the O(N2)-

dimensional synapse level, the most notable example being STDP [34], likely occur far too gradually

to significantly modify network dynamics over the short term. Third, theoretical work in the field of

reservoir computing [52, 53, 54] has shown that given a su�ciently connected network of N neurons,

universal time-series transformations can be specified via only N parameters, in this case the output

weights of the reservoir network; suggesting N dimensions may be su�cient for specifying highly

flexible computations. Finally, if the brain stores long-term memories in the O(N2)-dimensional space

of synaptic strengths, it might make sense to store short-term memories in a di↵erent substrate, such

that their interference with and/or integration into long-term memories would not be by default, but

rather potentially controllable, e.g. via reactivation that occurs as a function of external reward [55].

Given this line of reasoning, we therefore believe it may be fruitful to consider how flexible short-term

memories might be stored without requiring synapse-by-synapse storage mechanisms.

The above consideration frames several questions addressing the rapid emergence and retention of

temporary information structures in a neural network. Overarchingly, given a (N -dimensional) neuron-

level memory bu↵er, how does the existing synaptic connectivity structure shape what memories can

be stored and recalled? In other words, how could the existing representations in the network, presum-

ably learned through long-term experience and gradual plasticity mechanisms like STDP, be recruited

to stabilize short-term representations? Are there specific network structures that maximize the set

of stable, recallable, short-term memories that can be stored by modifying neuron-level variables?

What connectivity statistics would such networks obey? These are problems all approachable through

mathematical modeling, yet which could nonetheless reveal substantial insight into a brain-like compu-

tational paradigm. Furthermore, by revealing computationally useful connectivity structures and the

neuronal dynamics they support, such models could yield direct predictions that could be tested via

experiment. Indeed, such an approach could provide a concrete neural underpinning and mathemati-

cal entry point into comprehending and contextualizing the phenomenology of human short-term and

working memory faculties collected over the last century [56, 57]. While memory in neuronal systems

likely depends on a diverse host of biophysical mechanisms, we believe a such neurocentric research

arc may be very promising for shedding new light on this fascinating system.

5.4 Mesoscale connectivity in mammalian brain networks
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Finally, we investigated mesoscale structural patterns in mammalian brain networks, which will be

needed to model memory processes and neuronal dynamics more generally within architectures inspired

by full brain networks. Remarkably, in examining the mesoscale mouse connectome collected by the

Allen Institute for Brain Science [58], we found that multiple core connectivity statistics could be repro-

duced with a parsimonious model. This model relied on two simple rules for network growth: “source

growth”, a rich-get-richer rule where brain regions with many existing outgoing connections were more

likely to grow more outgoing connections; and “proximal attachment”, in which outgoing connections

were more likely to land on nearby regions than on distant ones, but were otherwise random. In

particular, these rules recapitulated the exponential out-degree and Gaussian in-degree distributions

observed in the mesoscale connectome, as well as the inverse relationship between clustering coe�-

cient and total degree. This revealed that models simulating brain networks can substantially benefit

from treating incoming and outgoing connectivity patterns independently from the start, rather than

beginning with “undirected” models and later adding perturbations to account for directed patterns.

While we took advantage of what was to our knowledge the first complete mammalian connectome

[58], work is underway to characterize many other connectomes at di↵erent scales, from the drosophila

larval and adult connectomes [59] to marmoset [60] and human [61, 62] connectomes. Indeed, novel

techniques such as MAPseq [63], which enable tracing of many axonal tracts simultaneously in a

single brain, may rapidly accelerate experimental connectomics to produce extremely rich datasets.

A natural question will be to ask whether such connectomes beyond the mouse brain can similarly

be explained by simple growth rules, and if so, how these rules compare to mesoscale mouse brain’s.

Such an investigation could provide a useful characterization of connectivity structures across scales

and organisms and will be crucial to identifying (1) whether there exist any universal principles of

brain connectivity and (2) what core dimensions best account for the structural variability observed

both within and across systems. This work also makes predictions and sets the stage for future

developmental studies, potentially providing a mathematically tractable anchorpoint for interpreting

experimental observations of how connections within real brain networks develop and refine throughout

development. A further step to refining our understanding of connectivity, presently underway at the

Allen Institute for Brain Science [64], is to additionally characterize cell-type specific connectivity, in

particular connectivity patterns that depend on whether each cell type is excitatory or inhibitory. Such

an analysis will be crucial to running dynamical models atop whole brain connectivity, since in such

models the sign of interaction between brain regions is of paramount importance in shaping dynamics
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and computation.

This work suggests that in developing future models of full brain networks, the above two rules might

largely su�ce to specify connectivity. This could greatly simplify modeling e↵orts and make results

more interpretable and generalizable, potentially easing the challenge of separating core structural

properties from otherwise diverse higher-order connectivity patterns. Indeed, in combination with

recent work revealing that both large-scale structural and dynamical features of microscale brain

networks might be predominantly specified by local connection motifs [65], this suggests the space of

network structures we must explore to accurately model brain connectivity might be smaller than it

initially appears.

A compelling next step combining our own work with that of others will be to model the activity

dynamics such network models with parsimonious, biologically inspired connectivity rules might sup-

port. Indeed, while the connections within a network highly constrain and enable the dynamics it can

generate [66], even with simple connectivity patterns it can be extremely challenging to predict which

dynamics will unfold. In particular, if we are to one day understand memory and neuronal dynamics

as they are distributed across the whole brain at multiple scales, a key step will be developing models

that combine mesoscale with microscale connectivity. For instance, one might use mesoscale con-

nectivity as a “sca↵old” for microscale connectivity, e.g. implementing a coarse-resolution interareal

architecture according to our identified source-growth and proximal-attachment rules, then modeling

each area itself as a network of locally connected neurons, with long-range connections to other areas

determined by the mesoscale architecture. We can then formally address several questions treating

multiscale structure and dynamics. For instance, if individual areas are implemented as balanced

excitatory-inhibitory networks [67], does the mesoscale architecture disrupt or stabilize this balance,

and what parameters control this? Moreover, how does mesoscale architecture shape information flow

through the full brain network? This latter question returns us to our overarching theme of flexible

short-term memory representations and dynamics. In particular, could the same excitability-based

specification of neuronal sequences and information-routing play out at the mesoscale in addition to

the microscale, as we explored in the previous section on sequence induction in model networks? If so,

similar mechanisms in both micro- and mesoscale dynamics might suggest a novel, scale-free principal

of brain computation. That all of these questions may be addressable within parsimonious network

architectures suggests that gaining a comprehensive yet principled understanding of the interaction

between structure and dynamics in the brain may in fact be tractable.
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5.5 Final remarks

These four research projects have exposed several di↵erent components likely involved in short-term

memory maintenance and rapid reshaping of computation and behavior, a computational faculty that

appears to be involved in a plethora of neural systems. Our full understanding of memory and com-

putational flexibility at this timescale will therefore be a crucial component to a comprehensive and

principled understanding of how our nervous systems function in the natural world. One aspect of this

work we have not much addressed is the comparison between invertebrate and mammalian nervous

systems. Whereas mammalian cortical and hippocampal network structures arise from the interaction

within large collections of ostensibly quite similar and interchangeable cell identities, invertebrate ner-

vous systems are strongly characterized by their reliance on identified neurons, which are stereotyped

across individuals on a cell-by-cell basis, and which often appear to exhibit highly nuanced and multi-

plexed functionality. The compartmentalized dopaminergic innervation of the mushroom body gamma

lobe, for instance, which we have examined in detail, is preserved across individuals. Thoroughly

characterizing the di↵erences between identified-neuron computations and those arising from more ho-

mogeneous cortical/hippocampal networks will likely prove indispensable to how we think about the

immense space of nervous systems that exist across the animal kingdom, and moreover the information

processing strategies these nervous systems support. A key question within such a space of nervous

systems is whether any computational principles are universally preserved. For instance, in spite of the

marked di↵erence between invertebrate and mammalian nervous systems, the insect antennal lobe and

mammalian olfactory bulb share a striking resemblance in both structure and function within olfactory

processing, suggesting some universal principles may indeed span quite distinct systems. Moreover,

refining this understanding may yield insights into developing artificial neural systems that capitalize

on biomimetic principles to perform flexible, e�cient computations. Overall, the work presented in

this dissertation refines our understanding of short-term memory and rapid reconfiguration of neural

computations from multiple perspectives, and we hope it sets the stage for several exciting future lines

of inquiry.
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de Albornoz, and Edson Roberto De Pieri. An infotaxis based odor navigation approach. In

ISSNIP Biosignals and Biorobotics Conference 2011, pages 1–6. IEEE, 2011.

[20] Victor Hernandez Bennetts, Achim Josef Lilienthal, Patrick Neumann, and Marco Trincavelli.

Mobile robots for localizing gas emission sources on landfill sites: is bio-inspiration the way to go?

Frontiers in neuroengineering, 4:20, 2012.

[21] Nicole Voges, Antoine Cha�ol, Philippe Lucas, and Dominique Martinez. Reactive searching and

infotaxis in odor source localization. PLoS computational biology, 10(10):e1003861, 2014.

[22] Adam J Calhoun, Sreekanth H Chalasani, and Tatyana O Sharpee. Maximally informative foraging

by caenorhabditis elegans. Elife, 3:e04220, 2014.
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