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Abstract Locomotion in an organism is a consequence of the coupled interaction between brain,
body and environment. Motivated by qualitative observations and quantitative perturbations of
crawling in Drosophila melanogaster larvae, we construct a minimal integrative mathematical model
for its locomotion. Our model couples the excitation-inhibition circuits in the nervous system to
force production in the muscles and body movement in a frictional environment, thence linking
neural dynamics to body mechanics via sensory feedback in a heterogeneous environment. Our
results explain the basic observed phenomenology of crawling with and without proprioception,
and elucidate the stabilizing role that proprioception plays in producing a robust crawling
phenotype in the presence of biological perturbations. More generally, our approach allows us to
make testable predictions on the effect of changing body-environment interactions on crawling,
and serves as a step in the development of hierarchical models linking cellular processes to
behavior.

DOI: 10.7554/eLife.11031.001

Introduction

A complete theory of locomotory behavior requires an integrative approach linking the nervous sys-
tem in an organism to the body in which the nervous system lives and the environment that the
body interacts with (Pearson et al., 2006; Tytell et al., 2011; Chiel et al., 2009). However, most
studies focus on rhythmic gait and its maintenance in an organism driven by the presence of a cen-
tral pattern generator (CPG) that drives coordinated motor activity (Marder and Bucher, 2001,
ljspeert, 2008). While the existence of a CPG has been validated in a variety of organisms
(Marder and Bucher, 2001; Grillner, 2006) and exploited in artificial systems (ljspeert, 2008;
Boxerbaum et al., 2012), growing evidence suggests that sensory feedback plays an important role
in maintaining robust and stable locomotion. Indeed recent studies on C. elegans (Wen et al., 2012;
Boyle et al., 2012) focusing on local sensory feedback and proprioception show that these modali-
ties suffice to modulate the locomotory pattern and explain gait transitions associated with undula-
tory swimming and crawling, without the need for a central pattern generator. This has led to recent
attempts to include proprioceptive coupling and build an integrative theory of locomotion in exam-
ples such as anguilliform swimming in fish (Ekeberg, 1993; Ekeberg and Grillner, 1999), swimming
in leech (Cang and Friesen, 2002), walking in insects (Kukillaya et al., 2009; Proctor et al., 2010;
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Proctor and Holmes, 2010; Holmes et al., 2006) and humanoids (Verdaasdonk et al., 2009). How-
ever, the complexity of the brain-body-environment coupling in these organismal systems has been
a substantial impediment in the use of models to make testable predictions on the biological mecha-
nisms regulating locomotion.

Here, we consider the rectilinear crawling behavior of a model organism, the larva of the fruit fly,
D. melanogaster (Video 1), which has increasingly become the focus of molecular, cellular, genetic
and behavioral studies using a variety of experimental probes (Suster and Bate, 2002; Fox et al.,
2006; Hughes and Thomas, 2007; Crisp et al., 2008; Song et al., 2007; Lahiri et al., 2011,
Inada et al., 2011; Berni et al., 2012; Heckscher et al., 2012; Crisp et al., 2011; Fushiki et al.,
2013; Gjorgjieva et al., 2013; Vogelstein et al., 2014; Kohsaka et al., 2014; Itakura et al., 2015;
Pulver et al., 2015). The larva is a soft bodied cylindrical organism about 4 mm in length and
about 800 um in diameter in the third instar stage. It moves in a manner similar to other long soft-
bodied creatures such as earthworms and leeches by exploiting the peristaltic propagation of muscu-
lar relaxation and contraction waves along their bodies to induce forward locomotion, or crawling
(Trueman, 1975); despite biomechanical differences between these different organisms, the crawling
gait seems to be a convergent strategy across species. The dynamical process that triggers, coordi-
nates and maintains the propagation of such waves has attracted the attention of researchers for a
century (Garrey, 1915). Early experimental efforts tried to understand the macroscopic mechanics of
soft bodied animal locomotion (Trueman, 1975) by focusing on one of the underlying subsystems:
body mechanics, muscular force production and neural dynamics. More recently, there is a growing
realization that the coupling between the nervous system, the body and the substrate in the presence
of sensory feedback plays a major role in development and maintenance of crawling gaits, and per-
haps even in evolution (Chiel et al., 2009). For example, the locomotory behavior of Manduca sexta
larvae, an organism where proprioceptive sensing displays a wide range of behaviors (Simon and
Trimmer, 2009), is known to be dependent on substrate stiffness that modulates the role of external
stimuli and on body deformation rate (Lin and Trimmer, 2010). In the D. melanogaster larva, there is
strong evidence that proprioception plays as important a role as the CPG in generating coordinated
motion. Eliminating proprioception with genetic (Hughes and Thomas, 2007) and optogenetic
(Inada et al., 2011) methods leads to qualitative changes in the crawling gait: peristaltic waves have
a period that is =4 times longer or may even stop propagating (Song et al., 2007), and body seg-
ments contract =2 times more (Hughes and Thomas, 2007). Experiments that block sensory input in
the embryo show that crawling behavior still develops in the larva, but with longer peristaltic wave
periods (Suster and Bate, 2002; Fushiki et al., 2013), providing further evidence for the importance
of proprioception. Together, the classical and modern studies on locomotory physiology and the
modern studies on the molecular and cellular subsystems in the larva suggest that it is an excellent
biophysical testbed for an integrative theory that spans multiple scales.

In this paper, we present a mathematical model of crawling in D. melanogaster larvae that is
guided by the anatomy and the kinematics of the gait of the organism. Our theory explicitly accounts
for the mechanics of the passive deformable soft body, properties of the substrate on which the crawl-
ing occurs, active muscular forcing, neural dynamics and the interactions and feedbacks between
these sub-systems. This allows us to reproduce the robust crawling gait that is consistent with experi-
mental findings in first (Heckscher et al., 2012) and third (Hughes and Thomas, 2007) instar larvae.
Furthermore, our model qualitatively and quantitatively captures the effects of a) optogenetic pertur-
bations of neural activity (Inada et al., 2011; Kohsaka et al., 2014), and b) silencing proprioception
with genetic (Hughes and Thomas, 2007) and optogenetic (Inada et al., 2011) methods.

Our integrated model also allows us to make specific experimentally testable predictions. In par-
ticular, by changing the strength of coupling between adjacent segments in the CPG, both in the
absence and presence of proprioception, we show how proprioception increases the robustness of
crawling. This leads to the prediction that there should be much more variability in crawling metrics
among individuals with silenced or weakened proprioception. Furthermore, we predict that larvae
could use the strength of CPG coupling as a means of controlling the speed of gait. Finally, we show
that changing the frictional interactions of the organism with the substrate should yield observable
effects on the efficiency of locomotion.

More broadly, our study also aims to provide a set of plausible scenarios for the biophysical
mechanisms underlying crawling, by linking body mechanics, muscular forcing, neural dynamics, the
properties of the substrate and their coupling, with natural implications for engineering applications.

Pehlevan et al. eLife 2016;5:e11031. DOI: 10.7554/eLife.11031 2 of 23


http://dx.doi.org/10.7554/eLife.11031

LI FE Computational and systems biology | Neuroscience
Mathematical model

Overview

We start with a broad overview of our model
leaving aside the mathematical details and
experimental justifications behind them in the
rest of this section.

Video 1. GFP imaging of Drosophila larva forward

crawling body segment and gut movements. Courtesy In Figure 1, we show our model of a D. mela-
of Ellie Heckscher. See also reference nogaster larva. Anatomically, the larva has 3 tho-
(Heckscher et al., 2012). Original video is available at: ~ racic (T1-T3) and 8 abdominal (A1-A8) segments,
https://www.youtube.com/watch?v=1d7zMYWLjLI Figure 1A. In addition, there is a head/mouth
DOI: 10.7554/elLife.11031.002 and a tail, but due to the lack of sharp bound-

aries in their musculature, experiments have not
been able to distinguish the dynamics of the
head motion from that of T1 and the tail from that of A8 (Lahiri et al., 2011; Heckscher et al.,
2012). We therefore treat the head as a part of the T1 segment, and the tail as a part of the
A8 segment. Moreover, here we focus on the simplest locomotory behavior associated with rectilin-
ear motion along the anterior-posterior axis (Hughes and Thomas, 2007; Heckscher et al., 2012),
thus ignoring the individual dynamics of hemisegments which move together in rectilinear crawling,
and enumerate segments from O to 10 starting from the head.

The larva is modeled as a set of discrete, repetitive units, one unit for each body segment. The
main features of each unit are illustrated in Figure 1B, while Figure 1C shows the collective dynam-
ics of the multiple units. When stationary, each segment has length L, a parameter that sets the
length scale in the model. The larva is soft-bodied and the elastic properties of body segments are
approximated by a set of linear springs and dampers. A key parameter here is the stiffness of the
springs that sets the scale of forces in the model. Each unit has a neural controller made of excita-
tion-inhibition circuits in the Ventral Nerve Cord (VNC), which governs the reaction time of excitation
in the neural controller. The excitatory neurons act also as motor neurons, and drive a muscle within
the segment, which exerts a contractile force to the segment when activated. Crawling occurs on a
substrate when the force rises above a threshold controlled by friction. Larvae lift segments off the
ground when they contract (Heckscher et al., 2012) and hence control friction actively.

The contraction wave propagates through the body by a sequential activation of neural control-
lers in the VNC, leading to propagation through two channels (Figure 1D): 1) A proprioceptive chan-
nel that is mediated by ‘Stretch receptors’, which respond to changes in segmental length, get
activated when a segment contracts beyond a threshold and send two excitatory signals. One of
them feeds the excitatory neurons in the next anterior segment and propagates the neural activity.
The other signal feeds to the inhibitory neurons in the same segment, leading to the inhibition of
excitatory neurons that then causes contraction to be stopped. This model of proprioception is con-
sistent with the ‘mission accomplished’ model of proprioception, proposed in (Hughes and Thomas,
2007). 2) A neural channel that is mediated by excitatory neurons in adjacent segments that are cou-
pled from posterior to anterior direction.

Finally, our model also involves long range mechanical and neural/proprioceptive coupling
between head and tail to trigger a new cycle of crawling as soon as the head starts moving. At the
beginning of each crawling cycle, it has been observed that the head and the tail of a larva move
concurrently in a motion called the 'visceral piston phase’ of crawling (Heckscher et al., 2012,
Simon et al., 2010), because the gut moves with the head and the tail, in advance of the surround-
ing body tissues. We model this behavior by forcing the displacement of head and tail segments to
be the same. Once the peristaltic wave reaches the head, it propagates to the tail through assumed
long range neural and proprioceptive couplings of T2 and A8 segments, and a new wave is initiated.

Our study builds on and extends a recent minimal model for crawling locomotion (Paoletti and
Mahadevan, 2014) that shows how a local sensory feedback-based mechanism is capable of induc-
ing rhythmic locomotion in soft bodied organisms by accounting for a fully coupled excitatory-inhibi-
tory neural circuit, and the nonlinear frictional interaction with the substrate, while hewing close to
experiments on the D. melanogaster larva.

It is useful to also contrast with a recent study (Gjorgjieva et al., 2013), which focused on the
neural dynamics of the VNC and studied conditions under which activity propagates in the VNC. The
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Figure 1. Schematic of the model. (A) Drosophila larvae have segmented bodies. (B) An overview of the model for
one segment. Only input neural and proprioceptive signals are shown to the neural controller, its output is not
shown. Shades mark subsystems. Red lines show excitatory neural synapses, blue denotes inhibitory synapses. (C)
The larva body is modeled as a linear chain of masses, connected by damped linear springs. Head and tail
segments are coupled mechanically, denoted by the green line. Each segment feels friction due to contact with
the substrate. Body segments are actuated with muscular forces, f;, that are excited by input from the larva VNC.
VNC is modeled as a chain of excitatory, E;, and inhibitory, I;, neural populations. Self-coupling of populations are
not shown. VNC gets proprioceptive input that signals contraction of a particular segment, shown by lines with
arrows on both ends. (D) Segment-to-segment propagation of neural activity happens through neural (wg,) and
proprioceptive (wg,) couplings. Detailed description and model equations are given in the Model section.

DOI: 10.7554/eLife.11031.003
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model differs from our neural model most importantly by including anterior-to-posterior couplings
and intersegmental coupling from inhibitory to excitatory neurons, both of which were necessary to
achieve bidirectional wave propagation in the VNC. The same study also considered a bilateral VNC
model and examined its left-right synchronization properties. However, unlike the present study, this
model did not include any mechanical, muscular and environmental coupling.

Neural dynamics: excitation, inhibition and proprioceptive coupling

We model the neural dynamics of the ventral nerve chord (VNC) in terms of the classical Wilson-
Cowan equations (Wilson and Cowan, 1972) for the activity of excitatory and inhibitory populations
of neurons in a segment. This choice leads to a more realistic model than the single population
phase oscillators used in (Paoletti and Mahadevan, 2014) and is thus similar to recent approaches
that consider the purely neural aspects of the locomotory circuit (Gjorgjieva et al., 2013):

eE = —E 40, WeeE; + werl; +h,~E — éEL
vl = _1i+0'n[WlEEi+Wllli+h,( - é,], i=1,...,10. (1)

Here E;(r) and I;(r) are the activity levels of the excitatory and inhibitory neuron populations
respectively, wge, wer, wig, and wy; are the weights for the excitatory-excitatory, excitatory-inhibitory
and inhibitory-inhibitory couplings, 6z and 6, are activation thresholds for the different neural popu-
lations, o,[E]=0.5+0.5tanh(g,E) is a sigmoid characterizing the switching threshold with g, the
dimensionless gain, and h"' refer to external inputs to these segmental populations. The external
inputs take two forms: neural coupling that links to the neural populations in the neighboring poste-
rior segment, and proprioceptive coupling that accounts for mechano-sensory feedback from the
body to the VNC, shown in Figure 1B,C and D. A minimal mathematical description of this leads to
the following dynamics of inputs A (z),hl(z) :

E T
hi =wg,Eir1 +WEp0'p[Mi+1 —Uuj — M], i=1,...,9,
E N

Iy = wenEr + wepop[ur — ug — ),

B =wpopui—ui—y — i), i=1,...,10. 2

For inputs to excitatory neurons, i.e. the first two equations, the first term on the right hand side
corresponds to the input from the neural populations, which did not exist in (Paoletti and Mahade-
van, 2014), while the last term corresponds to the proprioceptive input from the body. Here wg,
governs the strength of neural coupling, wg, and wy, the strengths of the proprioceptive couplings,
u;(t) is the location of segment i, & being the segmental contraction threshold, and
o,[u] =0.5+0.5tanh(g,u/L), where g, is the gain. The last Equation in (2) characterizes propriocep-
tive input to inhibitory neurons thresholded by ii. We have assumed that the response time of the
stretch receptors is relatively fast compared to the dynamics of the VNC neural populations, and
model the input from the stretch receptors as sigmoids, o,, weighted by parameters wg, and wy,.
Thus, when wg, =0 and wj, =0 there is no proprioception; as we will see, varying these parameters
may be directly related to recent experimental manipulations (Hughes and Thomas, 2007,
Inada et al., 2011).

Observations show that larvae can crawl without proprioceptive feedback (Suster and Bate,
2002; Hughes and Thomas, 2007; Inada et al., 2011) or input from the brain (Berni et al., 2012).
Furthermore, the central nervous system, when isolated from the body, can still produce waves of
neural activity propagating from posterior to anterior (Pulver et al., 2015). Therefore, the VNC
should be able to propagate neural activity purely by segment-to-segment neural coupling; in our
model this is achieved by introducing excitatory neural couplings from posterior to adjacent anterior
segments, strengths of which are governed by the parameter wg, (Figure 1B,C and D).

For the proprioceptive coupling we assume the 'mission accomplished’ model (Hughes and
Thomas, 2007; Song et al., 2007) (Figure 1B,C and D). In (Hughes and Thomas, 2007) silencing
bipolar dendrite and class | multidendritic types of sensory neurons was shown to slow down fre-
quency of peristaltic waves significantly. The 'mission accomplished’ model (Hughes and Thomas,
2007) proposes that these neurons signal the VNC at the end of a successful contraction in a body
segment. When a segment contracts relative to an adjacent anterior segment beyond a threshold,
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an excitatory signal is sent to the next anterior VNC segment to initiate contraction. Simultaneously,
activity in the current segment is suppressed by exciting the inhibitory population, a mechanism that
was not accounted for in our earlier minimal model (Paoletti and Mahadevan, 2014).

We also assume neural and proprioceptive inputs from segment T2 to segment A8, as modeled
by the second Equation (1); these naturally lead to reinitiation of the crawling cycle. This again dif-
fers from (Paoletti and Mahadevan, 2014) and (Gjorgjieva et al., 2013) where reinitiation is
achieved by external inputs. Such long range coupling, also used in stick insect models (Daun-
Gruhn and Toth, 2011), is plausible as neurons that extend across multiple segments have been
observed in Drosophila larva VNC (Schmid et al., 1999). We note that this is not the only possible
mechanism to reinitiate crawling cycles, and an alternative is discussed in the Appendix 1.

Body mechanics: active muscular and passive tissue mechanics

At the anatomical level, we assume that each segment has mass m, length L and is linked to its
immediate neighbors by linear springs with stiffness k and damping coefficient ¢, as shown in
Figure 1C and similar to what is described in (Paoletti and Mahadevan, 2014). As we will see, this
minimal mechanical model suffices to explain a range of experimental observations.

One cycle of larval forward crawling has two phases (Heckscher et al., 2012): (i) the 'visceral pis-
ton’ phase (Simon et al., 2010), where the gut moves forward in advance of the surrounding tissues,
concurrently with the head and the tail, followed by (ii) the wave phase, where the peristaltic wave
propagates from posterior to anterior in the remaining segments. The mechanism underlying the
tail-head coordination during the visceral piston phase is unknown, however the observation that the
gut moves together with the head and the tail (Heckscher et al., 2012), is consistent with the sug-
gestion that the gut mechanically couples the head and the tail and leads to visceral piston-like
action as seen in other organisms such as the Manduca sexta larvae (Simon et al., 2010). We chose
to minimally implement this coupling by linking the head and the tail with a rod, i.e. an infinitely stiff
spring, thus enforcing a ‘periodic’ boundary condition that leads to concurrent head-tail movement.
Softening the spring will introduce a small temporal delay and allows for changes in the length of
the larva during peristalsis, but does not change the qualitative nature of our results. Our model
ignores the frictional interactions of the gut with the body segments, however in the absence of
experimental data to guide modeling such interactions, we choose to keep our model minimal.
Another mechanism for enforcing such periodic boundary condition could be synchronized neural
drive at the head and the tail segments, which requires more elaborate models that we explore in
the Appendix 1.

Further, since the maggot and its segments move relatively slowly, we assume that inertial effects
are negligible so that segmental forces are balanced by friction locally. Although experimental meas-
urements of these forces do not yet exist, a simple estimate shows that this hypothesis is justified.
The mass of a third instar larva is =10 g and the acceleration of the larvae is on the order of ~1073
m/s?, which leads to an inertial force of =10 gm/sz. In an experimental study (Wallace, 1969), fric-
tion forces to draw a glass fiber of the size of a small nematode on an agar surface was measured to
be =~5-102 gm/s?, justifying our approximation.

Collecting all these arguments together, the displacement of individual segments ;(z) are gov-
erned by the equations:

0= k(ttj—1 — 2u; +wi1) + c(itioy — 2+ tts1) +f; — fior — FL, i=1,...,9
0 = k(ug — urg + 1 — o) + ity — itrg + ity — itg) +fro —fi — Fry — F,
0 =up —up — 10L, (©)

where F{ is the frictional force on the body segments, and f; are the muscular forces. Here, the penu-
[timate equation characterizes the mechanics of the first segment, while the last equation describes
our enforced periodic boundary condition to model the concurrent head-tail motion in the visceral
piston phase, a boundary condition that was not used in our earlier model (Paoletti and Mahade-
van, 2014) that required an external periodic excitation signal to achieve sustained crawling.
Muscles in each segment provide contractile forces in the anterior-posterior axis necessary for
locomotion (Heckscher et al. (2012)). They are activated by excitatory input from the neurons of the
corresponding segment of the VNC. This is consistent with the observation that the propagation of
contraction waves can be temporarily stopped by locally inhibiting the motor neurons in one
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segment (Inada et al. (2011)). As detailed studies of the muscular dynamics are not available in the
larva, we model this behavior using a simple first-order dynamical law for the muscular force

Y fi = —fi + ooy [Ei— E],  i=1,...,10, (4)

where fi,.x is the maximum force exerted by muscles, o/[E] = 0.5+ 0.5 tanh(g/E), where g is the gain
and £ is a threshold for muscle activation.

Due to the assumed head-tail coupling, contraction of the tail segment leads to stretching of the
head segment driven by fio, consistent with the observation in (Heckscher et al., 2012), that tail
muscles contract in the visceral piston phase. In (Heckscher et al., 2012), it was speculated that tail
contraction provides both a moving of the tail forward and pushing of the gut forward. Our model
could be interpreted as adding to this speculation that the push gets transferred to the head by the
gut and causes its motion. It is possible that motion in head segment is not totally passive, but medi-
ated actively by contraction of muscles in the head. However, experimental evidence on this issue is
not decisive (Heckscher et al., 2012) and we do not consider this scenario here.

Environmental mechanics: substrate frictional coupling

Directed rectilinear locomotion is a consequence of body contraction coupled to the anisotropic and
inhomogeneous friction of the body relative to the substrate. Frictional inhomogeneity arises as seg-
ments are lifted off the ground when they contract (Heckscher et al., 2012), allowing them to slip
and providing the organism active control of friction. Indeed, activity of the muscles that coordinate
segment lifting are synchronized with the activity of muscles that provide contractile forces in the

segment (Heckscher et al., 2012). Consistent with this, we assume that the frictional resistance Flf
vanishes when f; is above a threshold, i.e.

F{:Fmaxsign(ui)crl:[fﬁiﬁL i= 1’“'7107
Fé = Fmaxsign(l;to)(TF[;r 7f10]’ (5)

where Fy,. is the maximum frictional force, o¢[f] = 0.5+ 0.5 tanh(gzf /kL), where g is the gain, and
is the threshold segmental muscular force associated with segment lifting and the resulting vanishing
of friction. This nonlinear frictional interaction is different from that in our earlier minimal model
(Paoletti and Mahadevan, 2014) where the strength of friction was dependent on the direction of
motion. Again, the last equation describes the head-tail coupling. We note that the frictional interac-
tion of the body with the substrate decouples segments far from each other both mechanically (due
to inhomogeneous deformation) and neurally (due to inhomogeneous proprioception). Manipulating
the body-substrate coupling by changing Fi,../kL allows us to make experimentally testable predic-
tions for gait changes.

Equations (1-5) characterize the coupled neuromechanics of the larva linking the brain, body and
environment by incorporating the neural dynamics that induces muscle contraction, the passive and
active mechanics of the body, and the frictional interaction with the substrate on which the maggot
moves, and the various interactions between these subsystems. Together with initial conditions, this
completes the formulation of the problem. Our differential equations have strong nonlinearities
associated with the sigmoids, which makes them numerically stiff. Introducing small inertial contribu-
tions for the segments allow us to use explicit numerical integration schemes encoded in MATLAB,
although our results are robust with respect to changes in this parameter (see Appendix 2). We note
that our numerical solution method differs from that used in (Paoletti and Mahadevan (2014)),
where a continuum limit (when the number of segments is large) was taken first to derive a partial
differential equation that was then solved numerically.

Parameters
Our model is characterized by a number of dimensionless parameters that are given by the dimen-
sionless damping cTg/k, the scaled maximum frictional force Fy../kL, the scaled maximum muscular

force fuax/kL, the scaled threshold muscular force that causes segment lifting f/kL, the activation

thresholds for neural populations 0z and 6;, the activation threshold for muscular forces E, the scaled
segment displacement it/L, neural network weights wgg, wer, wig, wir, Wea, wep, wip, the gains g,, g,
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gp. gr and the scaled muscular relaxation time scale and inhibitory time scale t;/tg, 1;/1¢. All our
results are reported in units of segment length L, neural excitation time constant 1z and body stiff-
ness k. To initiate crawling, we apply a rectangular pulse of height 0.61 for a duration of 10tz to the
appropriate segment’s excitatory neuron.

The dimensionless parameters in the problem were adjusted to approximate the quantitative
results reported in (Heckscher et al., 2012; Hughes and Thomas, 2007), and reproduce the effects
of optogenetic perturbations of neural activity in the VNC (Inada et al., 2011; Kohsaka et al., 2014)
(Table 1). First, the VNC model parameters were chosen so that the VNC by itself could produce
repeated propagation of activity. We made sure that the VNC was configured much below the maxi-
mum excitation it can carry, to make room for the additional proprioceptive input when the full
model is put together. Next, the scaled muscular force was chosen so that fi,../kL < 1 for stability,
and to allow for the large contractions observed in crawling without proprioception. Finally, the
scaled friction force was chosen so that Fy,,/kL >> 1 to avoid slippage. Together, this allowed us to
find a stable crawling solution that matches experimental results (Heckscher et al., 2012,
Hughes and Thomas, 2007, Inada et al., 2011; Kohsaka et al., 2014).

Results

We start with a quantitative description of our model results and their comparison to experiments
before turning to make testable predictions.

Experimental validation of the model

The model produces sustained crawling with metrics matching experiments
Crawling is initiated with a short excitatory pulse to the excitatory neural population in the most pos-
terior segment. We do not model the source of this initiation command; it could be, for instance, a
descending signal from the brain initiating forward movement or sensory feedback from the tail initi-
ating an escape. This yields a sustained crawling gait shown in Figure 2, where a kymograph of
body segments of the larva (Figure 2A) as well as the corresponding muscular (Figure 2B) and neu-
ral activity (Figure 2C) are shown (also see Video 2). We see that head and tail segments move
together in the visceral piston phase (Heckscher et al., 2012; Simon et al., 2010), followed by a
peristaltic wave with neural activity leading in phase, followed by muscular and contraction activity
(Figure 2), propagating from posterior to anterior segments. Crawling can be stopped by shutting
down the activity of excitatory neurons in the most posterior segment by an inhibitory input (see
also section 3.1.2).

Our simulations show that the larva produces approximately 0.04 waves per unit time associated
with the relaxation of the excitatory neurons Tz, where waves start when the tail moves off the
ground, leading to a larval speed =0.04L/tz. Hughes and Thomas (Hughes and Thomas, 2007)
found that third instar larvae of typical length 10L=4 mm (estimated from Figure 1 of (Hughes and
Thomas, 2007)) produce =1.5 waves/s. Using this latter number, we can estimate the time scale:
Tz =25 ms, a reasonable time constant for activity of neural populations. Combining the time scale
estimate and the length of the third instar larvae, our model predicts a speed of =0.5 mm/s, compa-
rable with the observed speed of =1 mm/s (estimated from Figure 1 of Hughes and Thomas,
[2007)). In another experiment, for first instar larvae with typical length 10L=600 um (estimated

Table 1. Dimensionless parameters of our model and their default values used in numerical
simulations.

Tz /k 3.5 funax /KL 5/6 /T 0.4
Frnase /KL 25/3 f/kL 5/12 T/t 3
WEE 71 WEI 7-2 WIE 70-6
wi 0 WEn 0.6 Wep 1.95
Wi 1.95 E 0.4 O 0.6
/L -17/18 2 40000 pr 1000

DOI: 10.7554/eLife.11031.004
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Figure 2. Sustained crawling. Time is in units of tz. Model is simulated for 5001, only first 100t is shown. All simulations were based on Equations (1-
5), with parameter values as specified in the Table 1. Shade shows the duration of an example peristaltic wave. (A) Kymograph of body segments.
Distance is measured in units of L. (B) Muscular forces in segments. Same color code is used as in the A). (C) Neural activity in segments. Solid line
denotes excitatory neuron population activity, and dashed lines denote inhibitory population. Same color code is used as in the A)

DOI: 10.7554/eLife.11031.005

from Figure 1 of Heckscher et al. [2012]), Heckscher et. al. Heckscher et al. (2012) give a range of
0.5 — 1.5 waves produced per second, which suggests the neural time scale range 1,=25 — 75 ms,
again a reasonable time constant range. Combining the time scale estimate and the length of the
first instar larvae, our model predicts a speed range of =30 — 90 um/s, in agreement with the range
reported in (Heckscher et al., 2012): =40 — 125 pum/s. Our simulations show that typically (median
across time steps), three segments are off the ground, defined by the number of segments in which
f; is above f and thus friction vanishes, consistent with observations (Heckscher et al., 2012). Fur-
thermore, we find that peak segmental contraction, averaged over segments and waves, is =30%,
consistent with observations (Hughes and Thomas, 2007).

The model reproduces the effects of optogenetic VNC perturbations

Our model shows that normal segment-to-segment propagation of activity arises through two differ-
ent but coordinated channels, the posterior-to-anterior neural coupling between excitatory popula-
tions in adjacent segments, and via proprioceptive coupling (Figure 1C and D). Experimental
perturbations of these channels are known to change the crawling modalities.

For example, recent advances in optogenetics have allowed for targeted manipulations of specific
neuron types in the VNC (Inada et al., 2011; Kohsaka et al., 2014; Itakura et al., 2015). When seg-
ment-to-segment propagation was perturbed
with optogenetic inhibition of motor neurons in a
VNC segment (Inada et al., 2011), crawling
stopped when the wave reached that segment. I.[II[I
Conversely, when the inhibition is removed after : N e
up to 10 s, the larva resumed crawling from the
same segment. To see whether this observation
is reproduced in our model, we performed an -
acute shutdown of the excitatory population in a _ s —
segment, modeling the effect of optogenetic
inhibition on motor neurons. Figure 3A-C and
Video 3 show the results of this simulation.
Crawling is stopped at segment A6 (us) by setting

Tiane = 0 7

Muscutar force

Neural activity

Segmaonts

i Video 2. Crawling simulations of full model larva. To
Es =0 when t € [65,95]. We note that crawling jjiystrate the changes in friction, body segments are
continues in this time frame until it reaches seg- 4.aun off the ground when f; exceeds J in

ment A6, consistent with that observed experi- Equation (5).
mentally (Figure 7 of (lnada et al, 2011)). DOI: 10.7554/elife.11031.006
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Additionally, even after crawling stops, contraction of the body segment A7 keeps producing propri-
oceptive input to Es and Iy. This can be seen by the sustained activity of Iy during stopping, while
the activity of Eqy dies out. When the optogenetic inhibition is removed, allowing Es to evolve accord-
ing to its normal dynamics (Equation (1)), proprioceptive input drives Eg to firing and the larva
resumes crawling from Aé.

In our model (Figure 3), during a stop, the memory of crawling phase is kept in the contraction of
the body and the proprioceptive channel which drives the proprioceptive activity. In Inada et. al.’s
experiments (Inada et al., 2011), it is possible to resume crawling even after the neighboring poste-
rior segment to the one being inhibited completes a contraction and relaxes back to its equilibrium
length (Figure 7 of (Inada et al., 2011)). Hence, Inada et. al. propose that the memory is held in the
VNC. At first this might seem to contradict our result that the memory is kept in the body and the
proprioceptive channel, but, although our model does not include such mechanism, it is possible for
the proprioceptive neurons to exhibit self-sustained activity and be the location of memory. We also
want to point that in (Inada et al., 2011) the memory can last as long as 10 s. Whether in the VNC
or in the proprioceptive neurons, the mechanism that creates such long time intervals from neural
time scales of a few tens of milliseconds is an open problem.

More recent experimental studies (Kohsaka et al., 2014, Itakura et al., 2015) identified pre-
motor inhibitory neuron populations that play a role in locomotion. Specifically, during forward
crawling, period-positive median segmental interneurons (PMSls) were found to be activated slightly
later than the motor neurons in the same segment (Kohsaka et al., 2014) and their optogenetic acti-
vation leads to inhibition of motor neuron activity locally, arresting peristaltic crawling. These obser-
vations match nicely with the dynamics of the inhibitory neurons in our model, which are activated
slightly later than the excitatory neurons in the same segment (Figure 2C). Further, increasing their
activity above what is normally seen during normal crawling led to the local arrest of crawling. In
Figure 3D-F and Video 4, we show the results of a simulation where crawling is stopped at segment
A6 (ug) by setting Iy = 1, the maximum inhibitory population activity in our model, over the time
period 7 € [65,95]. Increased inhibitory neuron activity prevents the excitatory neurons from becom-
ing active and stops the peristaltic wave. This causes the behavior of the model to be similar to the
previous case where Eg was shut down, except that here I is active in the time frame of perturba-
tion. When I is left to evolve according to to its normal dynamics (Equation (1)), proprioceptive
input drives Eg to fire and larva resumes crawling from Aé6.

In the optogenetic inhibition experiments of Kohsaka et al. (2014), when the activation of PMSIs
is removed, the peristaltic wave did not continue from the inhibited segment, but a new wave from
the posterior end started. This is in contrast to our model, where crawling continues from the inhib-
ited segment. Other observations on PMSIs (Kohsaka et al., 2014) that remain to be incorporated
into future models are: when inhibited using genetic and optogenetic methods, speed of peristalsis
greatly decreased, duration of motor neuron bursting and muscle contraction increased however
degree of segmental contraction did not change.

The model reproduces effects of silencing proprioception

In another set of experiments, it was shown that silencing proprioceptive feedback to VNC using
genetic (Hughes and Thomas, 2007; Suster and Bate, 2002) and optogenetic (Inada et al., 2011)
methods leads to an increase in peak segmental contraction from =30% to =65% (Hughes and
Thomas, 2007), and a reduction in rate to approximately one fourth (Inada et al., 2011) and to one
tenth (Hughes and Thomas, 2007), and reduced speed (Hughes and Thomas, 2007). To under-
stand this, we implemented a purely neural coupling in our model by setting proprioceptive cou-
plings wg, = 0 and wy, = 0. With purely neural coupling, the model still produces sustained crawling
but with a qualitative change in the crawling pattern (Figure 4 and Video 5). Only a single segment
is off-the-ground at a time, while peak segmental contraction, averaged over all segments, increases
to =65% of segmental length (=70% for only A3-A4 segmental distance, Figure 4E) the larva pro-
duces a reduced rate of =0.01 waves per 1z and moves with speed =~0.01L/1¢ (Figure 4A and D), in
agreement with experiments. Furthermore, we see that inhibitory neural dynamics show a significant
modulation, due to the removal of excitatory proprioceptive input to these populations, and peak
activity of inhibitory population is reduced and delayed, as shown in Figure 4C. However, the phases
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the stationary larva, demonstrating that our model allows for the peristaltic wave to start at any segment.
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of muscular and neural activity within a wave do not change, but the contraction phase is slightly ear-

lier (Figure 4F).
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Video 3. Crawling simulations of full model larva. Cycle
is started at A4 and temporarily stopped at Aé by
inhibiting the excitatory population.
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Video 4. Crawling simulations of full model larva. Cycle
is started at A4 and temporarily stopped at Aé by
exciting the inhibitory population.
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Predictions

Role of proprioceptive coupling

We tried the converse of silencing proprioception, and implemented a purely proprioceptive cou-
pling with no neural coupling by setting the posterior-to-anterior neural coupling wg, = 0. In this
case, we find that our model produces sustained crawling almost identical to what is shown in Fig-
ure 2 (see also below) where both channels are intact. This shows that a spatially coordinated CPG
is not necessary for crawling, as was also suggested and shown in the simpler model put forward in
(Paoletti and Mahadevan, 2014). While this might not be biologically realistic in an adult, our model
shows that this plausible arrangement might be relevant in engineering coordinated locomotion,
and even of some interest in an evolutionary or developmental setting.

The relative insensitivity of our model to variations in the parameters that describe neural cou-
pling and the qualitative changes that result from silencing proprioception led us to investigate the
stabilizing effect of proprioception in more detail. To this end, we varied posterior-to-anterior neural
coupling, wg,, and investigated its effect when proprioception was silenced or intact. In Figure 5, we
quantify various metrics characterizing the dynamics of the segments. As a function of wg,
Figure 5A shows the frequency of peristaltic waves which increases with wg,: stronger neural cou-
pling leads to faster propagation of peristaltic wave. While higher frequency of peristaltic waves
leads to faster locomotion as shown in Figure 5B, the relationship between speed and wave fre-
quency is not linear as the size of step taken per peristaltic wave also increases with wg,, see
Figure 5C. Figure 5D shows that peak contraction falls as wg, increases and Figure 5E shows that
the number of simultaneously off-ground segments increases as wg, increases: faster peristaltic
waves leave less time for segments to contract.

This manipulation suggests that proprioception increases robustness of locomotory behavior in
two distinct ways. First, there is a wider range of neural coupling over which sustained crawling can
be achieved. When proprioception is silenced, there is a minimum value of wg, below which crawling
is not possible, due to neural coupling being too weak to excite the neural population in the next
segment (Figure 5). Proprioception provides the extra excitation that allows for sustained crawling
till the neural coupling weight wg, = 0. Second, in all metrics that we used to characterize crawling,
the observed changes as a function of wg, was smaller when proprioception was intact (Figure 5).
Thus, proprioception has a stabilizing effect on crawling. Gjorgjieva et al. (2013) came to a similar
conclusion with their purely neural model.

In Figure 5 all metrics of crawling with and without proprioception show a cross-over around
wen =0.65, which also sets the threshold below which sustained crawling in the full model shows no
dependence on wg,. To understand these further, we investigate the propagation delays through
both the neural and proprioceptive channels. In Figure 5F, we plot three quantities: 1) the time it
takes for excitatory neurons in neighboring segments to cross £ (threshold to activate muscular
forces) in the presence of proprioception (blue line), which quantifies segment-to-segment signal
propagation delay, 2) the time for supra-threshold activation of excitatory neurons without proprio-
ception (dashed red line), which quantifies the propagation delay through the neural channel, and 3)
the time it takes for the excitatory population in a segment to cross £ and the turning on of proprio-
ceptive signal in that population (black line), which quantifies the propagation delay through the pro-
prioceptive channel. We see that segment-to-segment signal propagation in the full model follows
the faster channel, while in the proprioception silenced model it always follows the neural channel.
Proprioceptive propagation delay becomes comparable to neural propagation delay around
wg, =0.65, the threshold when the metrics of crawling with and without proprioception cross-over.
Below this threshold, proprioception is faster, explaining why the full model is insensitive to wpg,.
Above this threshold, neural propagation is faster, but proprioception still has a stabilizing effect in
this regime because of its inhibitory effect on the neural activity in the moving segment, neutralizing
strong excitation. Furthermore, the proprioceptive channel gets slower beyond the cross-over point:
it takes longer for a segment to contract to the proprioceptive threshold point. This is consistent
with decreased peak contraction and increased number of simultaneously moving segments.

Our results with varied proprioceptive coupling lead us to make the following predictions:

1. Crawling without any direct segment-to-segment coupling in the VNC is possible by segment-
to-segment transmission of activity through the proprioceptive channel (Figure 5).
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displacements.
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2.

Variation in parameters can be associated
with variations across individuals in a popu-
lation. Then, there should be much more
variability in crawling metrics among indi-
viduals with silenced or weakened proprio-
ception, a testable prediction using existing
genetic tools (Hughes and Thomas, 2007,
Inada et al., 2011).

. Our model predicts that in the presence of

proprioception, increase in neural coupling
leads to higher speeds, as was also
observed in (Gjorgjieva et al., 2013) in a
purely neural model. In an analogous sce-
nario in stick insects, experiments suggest
that slow, steady-walking is mainly coordi-
nated by local proprioceptive signals but
faster motion is driven by increased neural
coupling between legs (Biischges, 2012).
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Then, our model suggests that the larva might modulate the strength of neural coupling to
control speed. This suggestion brings accompanying predictions which can be read directly
from Figure 5, e.g. faster speed comes with decreased peak contraction and a higher number
of simultaneously off-ground segments.

Role of body-substrate frictional coupling

To quantify the effect of the environment on the locomotion, we varied the maximum scaled fric-
tional force, F../kL between body and the substrate. Our results are shown in Figure 6 and
Video 6. Our main observation is that metrics of crawling are robust until friction falls below a
threshold (F,u./kL~0.4), when muscular forces become stronger than friction, leading to slippage.
At this point the number of moving segments start differing from number of off-ground segments
(Figure 6F). An example kymograph from the slipping regime (Fp.x/kL = 0.005), and corresponding
muscular and neural activities are shown in Figure 6A and Video 6. Below the threshold, number of
peristaltic waves per unit time drops (Figure 6B), as is confirmed by increased segment-to-segment
propagation delay in the VNC (Figure 6G). Thus we see an effect on neural propagation due to a
change in the mechanical interaction with the substrate, clearly showing how we cannot ignore the
triad of nervous system-body-substrate in continuous conversation with each other. The speed of
the larva (Figure 6C) also follows an interesting trend; with decreasing friction, speed first increases
due to larger step sizes (Figure 6D), even though the frequency of peristaltic waves decreases
(Figure 6B), but eventually saturates. Peak contraction of segments increase (Figure 6E) with
decreased friction. These effects on behavior are clear testable predictions of our model.
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Discussion

Our theoretical model for the forward crawling of a D. melanogaster larva incorporates the coupled
mechanics of the soft body, the neural dynamics of VNC and frictional interactions with the sub-
strate, complementing earlier isolated studies of these sub-systems. It produces a robust, sustained
crawling gait with metrics consistent with experimental findings (Heckscher et al., 2012;
Hughes and Thomas, 2007), and furthermore, can reproduce qualitative and quantitative changes
in crawling gait due to perturbations in proprioceptive (Hughes and Thomas, 2007; Inada et al.,
2011) and neural (Inada et al., 2011; Kohsaka et al., 2014) channels of segment-to-segment wave
propagation.

A surprising finding of our model is its ability to produce sustained crawling with purely proprio-
ceptive coupling between segments, a scenario which was first suggested by us for a very general
model of crawling (Paoletti and Mahadevan, 2014). While both in our model and in experiments
(Hughes and Thomas, 2007, Heckscher et al., 2012), the larvae can crawl without any
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proprioception, albeit much slower, the demon-
stration of purely proprioceptive crawling chal-
Il_l_l_l| lenges the central role of CPG in crawling
Y Dgmcemeny locomotion. It will be interesting to see if this
finding can be experimentally tested by disrupt-

ing intersegmental coupling in the VNC.
— Our study suggests that proprioception
e increases the robustness of crawling by effec-
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Video 6. Crawling simulations of larva with low

friction. Fiyax /KL = 0.005. o ) . .
DOI: 10.7554/eLife.11031.014 individuals with silenced or weakened proprio-

ception, a scenario amenable to testing using
existing genetic tools (Hughes and Thomas,
2007; Inada et al., 2011).

In the context of body-nervous system coupling, proprioception is necessary for adaptive behav-
ior, but are both neural and proprioceptive intersegmental coupling needed, since crawling is possi-
ble with only one of them? Neural coupling may be used to control speed. Indeed, our model
predicts that increase in neural coupling leads to higher speeds, even in the presence of propriocep-
tion. This suggestion is supported by experiments in stick insects, which show that slow, steady-walk-
ing is mainly coordinated by local proprioceptive signals but faster motion is driven by increased
neural coupling between legs (Btischges, 2012).

Our model makes testable predictions on how crawling should change if body-substrate coupling
is modified. In particular, decreasing friction below slippage threshold should lead to a higher speed
with larger step sizes but a smaller number of waves per unit time, another testable prediction.

Our minimal model makes a number of assumptions and simplifications. Improvements, some of
which are already pointed out, will be necessary to describe forward crawling as more experiments
become available. For example, in a very recent experiment (ltakura et al., 2015), a new class of
pre-motor inhibitory neurons, Glutamatergic Ventro-Lateral Interneurons (GVLIs), were identified
(glutamate inhibits larva motor neurons (Rohrbough and Broadie, 2002)), which ceased locomotion
in the same segment when optogenetically activated. During unperturbed peristaltic wave propaga-
tion, GVLIs' activation lagged motor neurons by several segments, suggesting that GVLIs provide a
contraction termination signal when the wave reaches anterior segments. In contrast, inhibitory neu-
rons of our model get activated slightly later than the excitatory neurons in the same segment, and
receive proprioceptive input only from the same segment. Therefore, our current model does not
take into account the role of GLVIs in locomotion. Some other points of improvement could be mov-
ing beyond linear mechanics, taking into account different muscles, introducing dynamics for stretch
receptors, incorporating observations on PMSI’s (Kohsaka et al., 2014), including further specialized
neuron types and accompanying connectivity profiles in a segment of the VNC, introducing possible
long range intersegmental neural and proprioceptive connections, and using more sophisticated
parameter fitting procedures.

Our integrated approach suggests generalizations that can move us beyond prograde rectilinear
locomotion. Backward crawling, for instance, could be achieved by a separate neural circuit running
from anterior-to-posterior, perhaps similar to that in C. elegans (Haspel et al., 2010), or by introduc-
ing anterior to posterior neural coupling between individual segments as in the model of
Gjorgjieva et al. (2013). Additional extensions of the body mechanics to account for bending by dif-
ferential movement of hemisegments, and a bilateral VNC, similar to that in (Gjorgjieva et al.,
2013), allowing for propagation of neural excitation in opposite directions in different hemisegments
will allow us to account for turning, and thus the larger behavioral repertoire of Drosophila larvae
(Vogelstein et al., 2014).

Finally, our model naturally suggests novel biomimetic designs for robotics crawlers. In fact, the
interest in soft robots has significantly grown in the last few years thanks to these systems' capability
of moving in uncertain environments, a daunting task for traditional rigid robots. For
example Boyle et al., (2013) presented a proprioceptive-driven articulated crawler based on C.
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elegans morphology and showed that it is able to navigate arenas with unknown obstacles without
requiring complex sensory capability. On the other hand, Trimmer and colleagues are developing a
soft platform to build artificial crawlers, see for example (Umedachi et al., 2013) and (Kim et al.,
2013) for a review of current attempts. Our model can then be exploited to merge soft robotics and
proprioception to create novel biomimetic crawlers with an electromechanical circuit implementing
force production and proprioception in a soft gel.

Acknowledgements

We thank E Heckscher for providing us a movie of crawling in D. melanogaster larvae, J Gjorgjieva,
H Lacin, S Pulver, A Samuel, B Afonso and A Zarin for discussions, the anonymous reviewers for con-
structive comments and suggestions, and the Swartz Foundation (CP), and the MacArthur Founda-
tion (LM) for partial financial support.

Additional information

Funding

Funder Grant reference number  Author

The Swartz Foundation Swartz Fellowship Cengiz Pehlevan
John D. and Catherine T. L Mahadevan

MacArthur Foundation

The funders had no role in study design, data collection and interpretation, or the decision to
submit the work for publication.

Author contributions

CP, Conception and design, Acquisition of data, Analysis and interpretation of data, Drafting or
revising the article; PP, LM, Conception and design, Analysis and interpretation of data, Drafting or
revising the article

Author ORCIDs

Cengiz Pehlevan, (&) http://orcid.org/0000-0001-9767-6063
Paolo Paoletti, ) http://orcid.org/0000-0001-6131-0377

L Mahadevan, [ http://orcid.org/0000-0002-5114-0519

References

Berni J, Pulver SR, Griffith LC, Bate M. 2012. Autonomous circuitry for substrate exploration in freely moving
Drosophila larvae. Current Biology 22:1861-1870. doi: 10.1016/j.cub.2012.07.048

Boxerbaum AS, Shaw KM, Chiel HJ, Quinn RD. 2012. Continuous wave peristaltic motion in a robot. The
International Journal of Robotics Research 31:302-318. doi: 10.1177/0278364911432486

Boyle JH, Berri S, Cohen N. 2012. Gait Modulation in C. elegans: An Integrated Neuromechanical Model.
Frontiers in Computational Neuroscience 6:10. doi: 10.3389/fncom.2012.00010

Boyle JH, Johnson S, Dehghani-Sanij AA. 2013. Adaptive Undulatory Locomotion of a C. elegans Inspired Robot.
IEEE/ASME Transactions on Mechatronics 18:439-448. doi: 10.1109/TMECH.2012.2210728

Biischges A. 2012. Lessons for circuit function from large insects: towards understanding the neural basis of
motor flexibility. Current Opinion in Neurobiology 22:602-608. doi: 10.1016/j.conb.2012.02.003

Cang J, Friesen WO. 2002. Model for intersegmental coordination of leech swimming: central and sensory
mechanisms. Journal of Neurophysiology 87:2760-2769.

Chiel HJ, Ting LH, Ekeberg O, Hartmann MJ. 2009. The brain in its body: motor control and sensing in a
biomechanical context. The Journal of Neuroscience 29:12807-12814. doi: 10.1523/JNEUROSCI.3338-09.2009

Crisp S, Evers JF, Fiala A, Bate M. 2008. The development of motor coordination in Drosophila embryos.
Development 135:3707-3717. doi: 10.1242/dev.026773

Crisp SJ, Evers JF, Bate M. 2011. Endogenous patterns of activity are required for the maturation of a motor
network. Journal of Neuroscience 31:10445-10450. doi: 10.1523/JNEUROSCI.0346-11.2011

Daun-Gruhn S, Téth TI. 2011. An inter-segmental network model and its use in elucidating gait-switches in the
stick insect. Journal of Computational Neuroscience 31:43-60. doi: 10.1007/s10827-010-0300-1

Ekeberg O, Grillner S. 1999. Simulations of neuromuscular control in lamprey swimming. Philosophical
Transactions of the Royal Society B: Biological Sciences 354:895-902. doi: 10.1098/rsth.1999.0441

Pehlevan et al. eLife 2016;5:e11031. DOI: 10.7554/eLife.11031 17 of 23


http://orcid.org/0000-0001-9767-6063
http://orcid.org/0000-0001-6131-0377
http://orcid.org/0000-0002-5114-0519
http://dx.doi.org/10.1016/j.cub.2012.07.048
http://dx.doi.org/10.1177/0278364911432486
http://dx.doi.org/10.3389/fncom.2012.00010
http://dx.doi.org/10.1109/TMECH.2012.2210728
http://dx.doi.org/10.1016/j.conb.2012.02.003
http://dx.doi.org/10.1523/JNEUROSCI.3338-09.2009
http://dx.doi.org/10.1242/dev.026773
http://dx.doi.org/10.1523/JNEUROSCI.0346-11.2011
http://dx.doi.org/10.1007/s10827-010-0300-1
http://dx.doi.org/10.1098/rstb.1999.0441
http://dx.doi.org/10.7554/eLife.11031

LI FE Research article Computational and systems biology | Neuroscience

Ekeberg O. 1993. A combined neuronal and mechanical model of fish swimming. Biological Cybernetic 69:363-
374 . doi: 10.1007/bf01185408

Fox LE, Soll DR, Wu CF. 2006. Coordination and modulation of locomotion pattern generators in Drosophila
larvae: effects of altered biogenic amine levels by the tyramine beta hydroxlyase mutation. Journal of
Neuroscience 26:1486-1498. doi: 10.1523/JNEUROSCI.4749-05.2006

Fushiki A, Kohsaka H, Nose A. 2013. Role of sensory experience in functional development of Drosophila motor
circuits. PloS One 8:€62199. doi: 10.1371/journal.pone.0062199

Garrey W, Moore AR. 1915. Peristalsis and coordination in the earthworm. American Journal of Physiology 39:
139-148.

Gjorgjieva J, Berni J, Evers JF, Eglen SJ. 2013. Neural circuits for peristaltic wave propagation in crawling
Drosophila larvae: analysis and modeling. Frontiers in Computational Neuroscience 7:24. doi: 10.3389/fncom.
2013.00024

Grillner S. 2006. Biological pattern generation: the cellular and computational logic of networks in motion.
Neuron 52:751-766. doi: 10.1016/j.neuron.2006.11.008

Haspel G, O'Donovan MJ, Hart AC. 2010. Motoneurons dedicated to either forward or backward locomotion in
the nematode Caenorhabditis elegans. Journal of Neuroscience 30:11151-11156. doi: 10.1523/JNEUROSCI.
2244-10.2010

Heckscher ES, Lockery SR, Doe CQ. 2012. Characterization of Drosophila larval crawling at the level of organism,
segment, and somatic body wall musculature. Journal of Neuroscience 32:12460-12471. doi: 10.1523/
JNEUROSCI.0222-12.2012

Holmes P, Full RJ, Koditschek D, Guckenheimer J. 2006. The Dynamics of Legged Locomotion: Models,
Analyses, and Challenges. SIAM Review 48:207-304. doi: 10.1137/S0036144504445133

Hughes CL, Thomas JB. 2007. A sensory feedback circuit coordinates muscle activity in Drosophila. Molecular
and Cellular Neurosciences 35:383-396. doi: 10.1016/].mcn.2007.04.001

lispeert AJ. 2008. Central pattern generators for locomotion control in animals and robots: a review. Neural
Networks 21:642-653. doi: 10.1016/j.neunet.2008.03.014

Inada K, Kohsaka H, Takasu E, Matsunaga T, Nose A. 2011. Optical dissection of neural circuits responsible for
Drosophila larval locomotion with halorhodopsin. PLoS ONE 6:29019. doi: 10.1371/journal.pone.0029019

Itakura Y, Kohsaka H, Ohyama T, Zlatic M, Pulver SR, Nose A. 2015. Identification of Inhibitory Premotor
Interneurons Activated at a Late Phase in a Motor Cycle during Drosophila Larval Locomotion. PLoS ONE 10:
e0136660. doi: 10.1371/journal.pone.0136660

Kim S, Laschi C, Trimmer B. 2013. Soft robotics: a bioinspired evolution in robotics. Trends in Biotechnology 31:
287-294. doi: 10.1016/j.tibtech.2013.03.002

Kohsaka H, Takasu E, Morimoto T, Nose A. 2014. A group of segmental premotor interneurons regulates the
speed of axial locomotion in Drosophila larvae. Current Biology 24:2632-2642. doi: 10.1016/j.cub.2014.09.026

Kukillaya R, Proctor J, Holmes P. 2009. Neuromechanical models for insect locomotion: Stability,
maneuverability, and proprioceptive feedback. Chaos 19:026107. doi: 10.1063/1.3141306

Lahiri S, Shen K, Klein M, Tang A, Kane E, Gershow M, Garrity P, Samuel AD. 2011. Two alternating motor
programs drive navigation in Drosophila larva. PloS One 6:€23180. doi: 10.1371/journal.pone.0023180

Lin HT, Trimmer BA. 2010. The substrate as a skeleton: ground reaction forces from a soft-bodied legged animal.
The Journal of Experimental Biology 213:1133-1142. doi: 10.1242/jeb.037796

Marder E, Bucher D. 2001. Central pattern generators and the control of rhythmic movements. Current Biology
11:R986-R996. doi: 10.1016/50960-9822(01)00581-4

Paoletti P, Mahadevan L. 2014. A proprioceptive neuromechanical theory of crawling. Proceedings of the Royal
Society B: Biological Sciences 281:20141092. doi: 10.1098/rspb.2014.1092

Pearson K, Ekeberg O, Bischges A. 2006. Assessing sensory function in locomotor systems using neuro-
mechanical simulations. Trends in Neurosciences 29:625-631. doi: 10.1016/}.tins.2006.08.007

Proctor J, Holmes P. 2010. Reflexes and preflexes: on the role of sensory feedback on rhythmic patterns in insect
locomotion. Biological Cybernetics 102:513-531. doi: 10.1007/s00422-010-0383-9

Proctor J, Kukillaya RP, Holmes P. 2010. A phase-reduced neuro-mechanical model for insect locomotion: feed-
forward stability and proprioceptive feedback. Philosophical Transactions. Series A, Mathematical, Physical, and
Engineering Sciences 368:5087-5104. doi: 10.1098/rsta.2010.0134

Pulver SR, Bayley TG, Taylor AL, Berni J, Bate M, Hedwig B. 2015. Imaging fictive locomotor patterns in larval
Drosophila. Journal of Neurophysiology 114:2564-2577. doi: 10.1152/jn.00731.2015

Rohrbough J, Broadie K. 2002. Electrophysiological analysis of synaptic transmission in central neurons of
Drosophila larvae. Journal of Neurophysiology 88:847-860.

Schmid A, Chiba A, Doe CQ. 1999. Clonal analysis of Drosophila embryonic neuroblasts: neural cell types, axon
projections and muscle targets. Development 126:4653-4689.

Simon MA, Trimmer BA. 2009. Movement encoding by a stretch receptor in the soft-bodied caterpillar, Manduca
sexta. The Journal of Experimental Biology 212:1021-1031. doi: 10.1242/jeb.023507

Simon MA, Woods WA, Serebrenik YV, Simon SM, van Griethuijsen LI, Socha JJ, Lee WK, Trimmer BA. 2010.
Visceral-locomotory pistoning in crawling caterpillars. Current Biology 20:1458-1463. doi: 10.1016/].cub.2010.
06.059

Song W, Onishi M, Jan LY, Jan YN. 2007. Peripheral multidendritic sensory neurons are necessary for rhythmic
locomotion behavior in Drosophila larvae. PNAS 104:5199-5204. doi: 10.1073/pnas.0700895104

Suster ML, Bate M. 2002. Embryonic assembly of a central pattern generator without sensory input. Nature 416:
174-178. doi: 10.1038/416174a

Pehlevan et al. eLife 2016;5:e11031. DOI: 10.7554/eLife.11031 18 of 23


http://dx.doi.org/10.1007/bf01185408
http://dx.doi.org/10.1523/JNEUROSCI.4749-05.2006
http://dx.doi.org/10.1371/journal.pone.0062199
http://dx.doi.org/10.3389/fncom.2013.00024
http://dx.doi.org/10.3389/fncom.2013.00024
http://dx.doi.org/10.1016/j.neuron.2006.11.008
http://dx.doi.org/10.1523/JNEUROSCI.2244-10.2010
http://dx.doi.org/10.1523/JNEUROSCI.2244-10.2010
http://dx.doi.org/10.1523/JNEUROSCI.0222-12.2012
http://dx.doi.org/10.1523/JNEUROSCI.0222-12.2012
http://dx.doi.org/10.1137/S0036144504445133
http://dx.doi.org/10.1016/j.mcn.2007.04.001
http://dx.doi.org/10.1016/j.neunet.2008.03.014
http://dx.doi.org/10.1371/journal.pone.0029019
http://dx.doi.org/10.1371/journal.pone.0136660
http://dx.doi.org/10.1016/j.tibtech.2013.03.002
http://dx.doi.org/10.1016/j.cub.2014.09.026
http://dx.doi.org/10.1063/1.3141306
http://dx.doi.org/10.1371/journal.pone.0023180
http://dx.doi.org/10.1242/jeb.037796
http://dx.doi.org/10.1016/S0960-9822(01)00581-4
http://dx.doi.org/10.1098/rspb.2014.1092
http://dx.doi.org/10.1016/j.tins.2006.08.007
http://dx.doi.org/10.1007/s00422-010-0383-9
http://dx.doi.org/10.1098/rsta.2010.0134
http://dx.doi.org/10.1152/jn.00731.2015
http://dx.doi.org/10.1242/jeb.023507
http://dx.doi.org/10.1016/j.cub.2010.06.059
http://dx.doi.org/10.1016/j.cub.2010.06.059
http://dx.doi.org/10.1073/pnas.0700895104
http://dx.doi.org/10.1038/416174a
http://dx.doi.org/10.7554/eLife.11031

e LI FE Research article

Computational and systems biology | Neuroscience

Trueman ER. 1975. The Locomotion of Soft Bodied Animals. London: Edward Arnold.

Tytell ED, Holmes P, Cohen AH. 2011. Spikes alone do not behavior make: why neuroscience needs
biomechanics. Current Opinion in Neurobiology 21:816-822. doi: 10.1016/j.conb.2011.05.017

Umedachi T, Vikas V, Trimmer B. 2013. Highly deformable 3-d printed soft robot generating inching and crawling
locomotions with variable friction legs, in Intelligent Robots and Systems (IROS). 2013 IEEE/RSJ International
Conference on Intelligent Robots and Systems. 4590-4595. doi: 10.1109/IROS.2013.6697016

Verdaasdonk BW, Koopman HF, van der Helm FC. 2009. Energy efficient walking with central pattern
generators: from passive dynamic walking to biologically inspired control. Biological Cybernetics 101:49-61.
doi: 10.1007/s00422-009-0316-7

Vogelstein JT, Park Y, Ohyama T, Kerr RA, Truman JW, Priebe CE, Zlatic M. 2014. Discovery of brainwide neural-
behavioral maps via multiscale unsupervised structure learning. Science 344:386-392. doi: 10.1126/science.
1250298

Wallace H. 1969. Wave formation by infective larvae of the plant parasitic nematode Meloidogyne Javanica.
Biological Cybernetics 15:65-75. doi: 10.1163/187529269x00100

Wen Q, Po MD, Hulme E, Chen S, Liu X, Kwok SW, Gershow M, Leifer A, Butler V, Fang-Yen C, Kawano T,
Schafer WR, Whitesides G, Wyart M, Chklovskii DB, Zhen M, Samuel AD. 2012. Proprioceptive coupling within
motor neurons drives c.elegans forward locomotion. Neuron 764:750-761. doi: 10.1016/j.neuron.2012.08.039

Wilson HR, Cowan JD. 1972. Excitatory and inhibitory interactions in localized populations of model neurons.
Biophysical Journal 12:1-24. doi: 10.1016/S0006-3495(72)86068-5

Pehlevan et al. eLife 2016;5:e11031. DOI: 10.7554/eLife.11031 19 of 23


http://dx.doi.org/10.1016/j.conb.2011.05.017
http://dx.doi.org/10.1109/IROS.2013.6697016
http://dx.doi.org/10.1007/s00422-009-0316-7
http://dx.doi.org/10.1126/science.1250298
http://dx.doi.org/10.1126/science.1250298
http://dx.doi.org/10.1163/187529269x00100
http://dx.doi.org/10.1016/j.neuron.2012.08.039
http://dx.doi.org/10.1016/S0006-3495(72)86068-5
http://dx.doi.org/10.7554/eLife.11031

e LI FE Research article Computational and systems biology | Neuroscience

Appendix 1

Crawling simulations in a model with only head-tail neural
coupling

Our model has two kinds of long range couplings. First is a mechanical coupling between head
and tail, mediated by an infinitely stiff spring, which models the visceral piston-like action of

the gut. Such coupling is important for reproducing the experimental observation that head

and tail move together and provides a simple, passive mechanism for extending the head
segment. Second is the input to Ej, of tail segment from the stretch receptors and and the
excitatory neurons in segment T2. Such input is responsible for reinitiating a crawling wave

and sustain crawling gait without a CPG-like, periodic external drive. This kind of coupling
needs to be mediated by neural fibers running across the VNC. Experimentally, interneurons
that extend their axons across multiple VNC segments have been observed in Drosophila

larvae (Schmid et al., 1999).

Is it possible to build a model without any long range coupling? The head-tail synchrony at the
visceral piston phase of crawling requires a means of transmission of timing information.
Therefore, some form of a long range coupling is necessary. In this section, we discuss a
model of crawling with only neural coupling (Appendix 1—figure 1A). Mathematical details of
the model are given below, but first we briefly discuss its main properties.
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Appendix 1—figure 1. Crawling in a model with only head-tail neural coupling. (A) Schematic
of modified model. (B) Perfectly synchronous driving of Ej and Ej. A full kymograph, muscular
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activity and neural activity. Below the kymograph, the changes in total length of the larva is
shown. Color code is the same as Figure 1. (C) Delayed forcing of tail by 0.27 radians. Same
figures as B).

DOI: 10.7554/eLife.11031.015

Unfortunately, removal of the head-tail connecting spring from the original model does not
ensue a model that produces a crawling gait, as the force that pushes head forward is
mediated by the spring. To build a working model, first, an extensile muscular force, f;, should
be included at the head segment for it to stretch, which would be implemented by a complex
combination of circumferential and longitudinal muscular forces. Second, a neural circuit that
controls this new muscle need to be introduced with a neural connection that synchronizes
head-tail movements. Such circuit needs to stop the muscular activity when extension is
beyond a threshold and therefore needs to be complemented by a receptor that gets
activated with stretch, as opposed to receptors that gets activated with contraction in other
segments.

Here, we present one such model where head-tail synchronization and crawling cycle
reinitialization is achieved by CPG-like pulse inputs to tail and head segments. These pulses
could be generated by two separate, synchronized, local oscillators in the VNC, or a common
input that feeds both segments. Both cases still require neural fibers that traverse the VNC: in
the former case to initialize oscillators simultaneously, and in the latter case to carry the input
itself. Such model produces sustained crawling, as illustrated in Appendix 1—figure 1B. Not
being constrained by a stiff gut, the total length of the larva oscillates around its stationary
value, with a periodicity around 150tz and changes reaching about 10% of larval length at
peaks. The extensile forcing and stretch activated proprioception in the head segment breaks
the symmetry between segment and thus causes uneven contraction, muscular forcing and
neural activity across segments. An interesting observation is the extended activation of I
compared to other inhibitory neurons. I; activates in the begining of the crawling cycle with a
proprioceptive input due to head stretching. Such input is alive until the crawling cycle
propagates from the tail to T2 and the stretch is dampened.

While this new model looks plausible, it is interesting to note that such model is sensitive to
perturbations in synchrony between oscillators. For example, when a delay is introduced to
the tail oscillators, which could happen due to delays in propagation of the external start
signal, the total length of the crawling larva reduced from its stationary length, as illustrated in
Appendix 1—figure 1C.

Details of the model

The dynamical equations are identical to the original model, except that there is an extra
excitatory-inhibitory neural population pair at the head segment, labeled by E, and I;:

TeE; = —E; + 0 [WeeE; +wiil; + hf — éEL
T[],' = *1,'+O'n[WIEE[+W[11i+hII» = é[], l:O7 ooy 10.

Here h™' are again inputs to these population outside the segment and are given by:

hE =Py (1),

B =wgnEi1 + wepOpluis —ui— i), i=1,....9,
hiy = P1o(t),

h{) = W0, ug — uy — i),

h{ :wlpa'p[u,- —Ujq —I:t}, = 17710
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Here, there are a few differences from the original model. First, we show the tonic inputs, Py(z)
and Py (1), that excite E, and E;, explicitly. There is no proprioceptive or neuron-to-neuron
input to E1y from segment T2. Finally, the proprioceptive input to I, comes from a contraction
detector, rather than a strecth detector.

Displacement of the individual segments u;(¢) are again governed by Newtonian mechanics:

k(uy —ug+ L)+ c(in — o) ﬁ+ﬁ]—F67
k(o — 2ur +uz) + c(itg — 2iy +it2) —fo +fi —fo — F)
(

(

ke(im1 — 2u; 4 i) + (it — 20 + i1 +f; — firr — FL, 1=25200,9

0
0
0
0=k(ug —usg — L) + c(ttg — tt10) +fi0 — {0-

In the absence of ‘periodic’ boundary conditions, the extensile force, f;, is responsible for
extension of the head.

Muscular dynamics are identical to the original model except that there is an extra muscle, f;:
Yfi = —fi + fuax0y[E — E],  i=0,...,10.

We again assume that the friction F/ drops to zero in a segment when f; is above a threshold,
i.e.

Fl = Fuasign(iy)os[f —f], i=0,...,10.

Parameters of the model are identical to the original model, except wg, = w;, = 2. The inputs,
Py (1) and Py(1), are rectangular pulses with height 0.7 and witdth 10, with period 33.7. In the
model where the tail input is delayed, P1y(¢) lags Po(7) by 3.37 time units.
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Appendix 2

Robustness of simulations to inertial contribution of
segments

In our simulations, we introduced a small inertial contribution for the segments that allowed to
use explicit numerical integration schemes. Here we show that our results are robust with
respect to changes in this parameter.

In Appendix 2—figure 1, we re-plot Figure 6C, the speed vs. friction force curve, for various
values of the dimensionless segmental mass, m. The curves differ below F./kL=m. Above,
they agree. Therefore, it is safe to use an m value much smaller than friction. Similar behavior
is observed for all other metrics we looked at. In the main paper, we used the m = 10~° curve
which was well below the lowest F., /kL=3 x 10~* we plotted.
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Appendix 2—figure 1. Speed vs. friction force for different values of inertia.
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