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The nematode Caenorhabditis elegans migrates toward a preferred temperature on a thermal gradient. A candidate neural network for
thermotaxis in C. elegans has been identified, but the behavioral strategy implemented by this network is poorly understood. In this study,
we tested whether thermal migration is achieved by modulating the probability of turning behavior, as in C. elegans chemotaxis. This was
done by subjecting unrestrained wild-type, cryophilic, or thermophilic worms to rapid spatially uniform temperature steps (3°C), up or
down from the cultivation temperature. Each of the three types of worms we analyzed showed a different pair of responses to the two types
of steps. Comparison of wild-type and mutant response patterns suggested a model in which thermal migration involves a unique
response to the gradient depending on the orientation of the worm relative to its preferred temperature. Overall, however, turning
probability was modulated in a manner consistent with a role for turning behavior in thermal migration. Our results suggest that sensory
systems for thermotaxis and chemotaxis may converge on a common behavioral mechanism.
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Introduction
Caenorhabditis elegans orients to both chemical (chemotaxis) and
thermal (thermotaxis) gradients (Ward, 1973; Hedgecock and
Russell, 1975), making it a promising experimental system for
investigating the neuronal basis of spatial orientation. Previous
studies have established a plausible behavioral mechanism for
chemotaxis in C. elegans (Dusenbery, 1980; Pierce-Shimomura et
al., 1999). Locomotion consists of periods of relatively straight-
forward movement punctuated approximately twice per minute
by bouts of turning (Rutherford and Croll, 1979). Two main
kinds of turns are recognized in C. elegans: “reversals,” in which
the animal moves backward for several seconds and then goes
forward again in a new direction, and “omega turns,” in which
the animal’s head bends around to touch the tail during forward
locomotion, momentarily forming a shape like the Greek letter
(Croll, 1975b). Statistical analysis reveals that reversals and
omega turns occur in bursts that have been termed pirouettes
(Pierce-Shimomura et al., 1999). Pirouette probability is modu-
lated by the rate of change of chemical concentration (dC/dt):
when dC/dt is !0, pirouette probability is increased, whereas
when dC/dt is "0, pirouette probability is decreased. Thus, runs
down the gradient are truncated, and runs up the gradient are
extended, resulting in net movement toward the gradient peak.

The pirouette strategy in chemotaxis suggests a reasonable
hypothesis for the behavioral mechanism of the migration phase
of thermotaxis (Ryu and Samuel, 2002). Tracks of C. elegans in

the migration phase closely resemble tracks of worms in chemo-
taxis assays, with episodes of straight crawling interspersed with
sharp pirouette-like changes in direction in regions above and
below the preferred temperature (Tp) (Mori and Ohshima,
1995). Thus, pirouettes might also serve to direct an errant worm
back to Tp. If so, then when a worm moves away from Tp, turning
probability should increase, whereas when a worm moves toward
Tp, turning probability should decrease. To test the pirouette
hypothesis for thermotaxis, we devised an apparatus that enabled
us to subject freely moving worms to rapid temperature steps
with minimal mechanical disturbance. Overall, turning probabil-
ity was modulated in a manner consistent with a role for turns in
thermal migration, although not always as predicted by the pir-
ouette hypothesis in the strict sense. These results imply a new
behavioral model for C. elegans thermotaxis. In addition, they
suggest that in C. elegans, the sensory systems for chemotaxis and
thermotaxis converge on a common behavioral mechanism.

Materials and Methods
Animals. C. elegans [Bristol N2; ttx-1(p767), ttx-3(ks5), unc-86(e1416)]
were grown in mixed-stage cultures at 20°C on 1.7% agar-filled plates
containing nematode growth medium seeded with Escherichia coli strain
OP50 (Brenner, 1974). Experiments were performed on young adults
from each strain (selected by relative size and absence of eggs).

Apparatus. The device for delivering rapid temperature steps is shown
in Figure 1. A thin agarose film (#70 !m thick, 5.5 cm diameter) was
formed by pressing molten agarose [low EEO (electro endo osmosis)
electrophoresis grade; 5% aqueous; Fisher Scientific, Houston, TX] be-
tween two glass plates, separated by 70 !m shims. The agarose film was
glued with a cyanoacrylate adhesive (Vetbond; B. Braun Medical AG,
Emmenbrucke, Switzerland) beneath a hole in a Plexiglas plate, forming
a trampoline-like assembly. The temperature of the agarose was con-
trolled by placing it in contact with the surface of one of two insulated
static fluid-filled chambers containing buffer at the desired temperature.
The chambers were mounted on a smooth linear translator (data not
shown) that enabled us to exchange chambers with minimal vibration.
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Caenorhabditis elegans explores its environment by interrupting
its forward movement with occasional turns and reversals. Turns
and reversals occur at stable frequencies but irregular intervals,
producing probabilistic exploratory behaviors. Here we dissect the
roles of individual sensory neurons, interneurons, and motor
neurons in exploratory behaviors under different conditions. After
animals are removed from bacterial food, they initiate a local
search behavior consisting of reversals and deep omega-shaped
turns triggered by AWC olfactory neurons, ASK gustatory neurons,
and AIB interneurons. Over the following 30 min, the animals
disperse as reversals and omega turns are suppressed by ASI
gustatory neurons and AIY interneurons. Interneurons and motor
neurons downstream of AIB and AIY encode specific aspects of
reversal and turn frequency, amplitude, and directionality. SMD
motor neurons help encode the steep amplitude of omega turns,
RIV motor neurons specify the ventral bias of turns that follow a
reversal, and SMB motor neurons set the amplitude of sinusoidal
movement. Many of these sensory neurons, interneurons, and
motor neurons are also implicated in chemotaxis and thermotaxis.
Thus, this circuit may represent a common substrate for multiple
navigation behaviors.

chemosensation ! exploratory behavior ! neural circuit

As an animal travels through its environment, its nervous
system detects sensory cues, evaluates them based on

context and the experience of the animal, and converts this
information into adaptive movement. For simple behaviors,
sensory neurons sometimes communicate directly with motor
neurons, but, in more complex behavioral circuits, several layers
of interneurons integrate sensory information and relay it to
motor neurons. The path from sensory input to motor output has
been defined in only a few cases, including circuits for crustacean
feeding (1) and circuits for rapid escape in fish, f lies, and
nematodes (2–4). In the nematode Caenorhabditis elegans, the
escape circuit was defined by using a complete synaptic wiring
diagram of the 302 neurons in its nervous system (4, 5). Six
mechanosensory neurons that detect noxious stimuli synapse
onto four pairs of interneurons called forward and backward
command neurons. The command neurons synapse in turn onto
motor neurons responsible for forward and backward locomo-
tion, leading to rapid withdrawal from the stimulus. The defi-
nition of the escape circuit has enabled analysis of its develop-
ment, regulation, and modification by experience (6–11). The C.
elegans wiring diagram provides an opportunity to define many
complete neuronal paths from sensory stimulus to behavior.

In contrast with the escape circuit, the neuronal control of
locomotion during exploratory behavior is poorly characterized.
C. elegans navigates to favorable conditions by chemotaxis,
thermotaxis, and aerotaxis. In these sensory behaviors and in
exploratory behaviors in the absence of informative sensory
cues, the animal moves forward and occasionally changes its
direction of movement either by a transient reversal or by turning
its head during forward movement. The largest change in
direction is generated in a sharp omega turn during which the
animal’s body shape resembles the Greek letter ! (12, 13) (Fig.
1A). Sinusoidal movement itself can also change during naviga-

tion, switching between shallow and deep bends. The neuronal
pathways that convert sensory information into specific turning
behaviors are incompletely defined. The command neurons are
not required for the generation of sinusoidal forward movement
(4, 11); the neurons that modulate forward movement to cause
curving and omega turns are unknown.

In C. elegans, taxis behaviors have features of a biased random
walk (14–16) (J.M.G. and C.I.B., unpublished data), a strategy
first described in bacterial chemotaxis (17). During a biased
random walk, periods of relatively straight movement (‘‘runs’’)
are occasionally interrupted by periods of rapid direction change
(‘‘tumbles’’ in bacteria and ‘‘pirouettes’’ in C. elegans). A pirou-
ette is a period marked by reversals or sharp turns (14). In a
biased random walk, individual trajectories are not predictable.
However, when the environment is improving (e.g., when con-
centrations of attractant increase), pirouettes become less fre-
quent. When the environment is declining, pirouettes become
more frequent. This strategy biases the direction of travel toward
favorable conditions.

We sought to understand the mechanisms by which sensory
neurons modulate the frequency of reversals and turns in C.
elegans and the downstream neuronal circuits that generate
specific features of these behaviors. The presence of food affects
many aspects of C. elegans locomotion (18–21). Here we use a
systematic analysis of C. elegans neuroanatomy to dissect a circuit
that uses sensory cues to modulate turning rates in two kinds of
exploratory behavior: local search after animals are removed
from food and long-range dispersal after prolonged food depri-
vation. These exploratory behaviors in the absence of directional
cues share many features with a biased random walk. Our results
delineate a behavioral circuit for navigation in C. elegans from
sensory input to motor output.

Materials and Methods
Strains. C. elegans strains were maintained and grown according
to standard procedures (22). The following strains were used:
wild-type strain N2, PR811 osm-6 (p811) V, PR802 osm-3 (p802)
IV, CB1033 che-2 (e1033) X, CB1112 cat-2 (e1112) II, GR1321
tph-1 (mg280) II, OH8 ttx-3 (mg158) X, CX3299 lin-15 (n765ts)
X; kyIs50[odr-2b::gfp; lin-15(")], CX3300 lin-15 (n765ts) X;
kyIs51[odr-2b::gfp; lin-15(")], CX6896 mgIs18[ttx-3::gfp] IV, and
akIs3[nmr-1::gfp] (23).

Behavioral Assays. Young adult animals were first observed on
OP50 food in covered plates for 5 min and then transferred onto
a fresh, foodless nematode growth medium plate (22). Obser-
vation began 1 min after transfer (24). Reversals of three or more
head swings were scored as long reversals. Omega turns were
visually identified by the head nearly touching the tail or a
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In a spatial thermal gradient, Caenorhabditis elegans migrates
toward and then isothermally tracks near its cultivation temper-
ature. A current model for thermotactic behavior involves a
thermophilic drive (involving the neurons AFD and AIY) and
cryophilic drive (involving the neuron AIZ) that balance at the
cultivation temperature. Here, we analyze the movements of
individual worms responding to defined thermal gradients. We
found evidence for a mechanism for migration down thermal
gradients that is active at temperatures above the cultivation
temperature, and a mechanism for isothermal tracking that is
active near the cultivation temperature. However, we found no
evidence for a mechanism for migration up thermal gradients at
temperatures below the cultivation temperature that might have
supported the model of opposing drives. The mechanisms for
migration down gradients and isothermal tracking control the

worm’s movements in different manners. Migration down gra-
dients works by shortening (lengthening) the duration of for-
ward movement in response to positive (negative) temperature
changes. Isothermal tracking works by orienting persistent for-
ward movement to offset temperature changes. We believe
preference for the cultivation temperature is not at the balance
between two drives. Instead, the worm activates the mecha-
nism for isothermal tracking near the cultivation temperature
and inactivates the mechanism for migration down gradients
near or below the cultivation temperature. Inactivation of the
mechanism for migration down gradients near or below the
cultivation temperature requires the neurons AFD and AIY.

Key words: thermotaxis; nematode; sensorimotor integration;
thermosensation; behavioral models; navigation

In their classic study of thermotaxis in Caenorhabditis elegans,
Hedgecock and Russell (1975) demonstrated that worms navigat-
ing spatial thermal gradients aggregate near their cultivation
temperature (Tc). Within 3°C of this temperature, worms track
isotherms, deviating from a given isotherm by as little as !0.05°C.
Hedgecock and Russell (1975) also harvested mutants that failed
to aggregate at Tc and found that they could be classified as
thermophilic (aggregating in warmer regions of a plate), cryo-
philic (aggregating in colder regions of a plate), or atactic (not
aggregating at all). On the basis of this classification, Hedgecock
and Russell (1975) suggested that competing thermophilic and
cryophilic drives produce thermotactic behavior and that isother-
mal tracking occurs at their balance.

Mori and Ohshima (1995) identified neurons involved in ther-
motaxis by laser ablation. The resulting defects in behavior could
be organized in the same manner as the mutant behaviors shown
by Hedgecock and Russell (1975), namely thermophilic (obtained
by lesion of the AIZ neuron), cryophilic (obtained by lesion of the
AFD and/or AIY neuron), or atactic (obtained by lesion of the
RIA neuron or multiple neurons). Thus, Mori and Ohshima
(1995) proposed that the AFD and AIY neurons comprise the

thermophilic drive, AIZ comprises the cryophilic drive, and RIA
compares the two drives.

Although the labels thermophilic, cryophilic, and atactic de-
scribe aberrant aggregation patterns on spatial gradients, they do
not explain how putative thermophilic and cryophilic drives direct
the worm’s movements toward the cultivation temperature. Also,
it is unclear whether thermophilic and cryophilic drives are active
during isothermal tracking or whether isothermal tracking repre-
sents a distinct mechanism.

The present study aimed to determine the mechanisms under-
lying thermotaxis, the manner in which they direct the worm’s
movements, and the roles of participating neurons. We studied
the movements of worms as they performed thermotaxis by (1)
tracking worms crawling on the surface of agar plates with de-
fined spatial or temporal thermal gradients and (2) monitoring
the swimming motions of a worm suspended in a droplet sub-
jected to thermal stimuli. In addition to wild-type (N2) worms, we
studied thermotaxis mutants that have been shown to have de-
velopmental defects in AFD or AIY neurons, which have been
identified by Mori and Ohshima (1995) to be involved in
thermotaxis.

We found strong evidence for a mechanism for migration down
gradients toward the cultivation temperature that might corre-
spond to the cryophilic drive of the prevailing model, but no
compelling evidence for a mechanism for migration up gradients
that might correspond to the thermophilic drive. The mechanism
for migration down gradients modulates run duration but not run
orientation, shortening runs in response to positive changes in
temperature and lengthening runs in response to negative
changes in temperature. The mechanism for isothermal tracking
modulates run orientation to offset either positive or negative
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SUMMARY

While isolated motor actions can be correlated with
activities of neuronal networks, an unresolved prob-
lem is how the brain assembles these activities into
organized behaviors like action sequences. Using
brain-wide calcium imaging in Caenorhabditis ele-
gans, we show that a large proportion of neurons
across the brain share information by engaging in co-
ordinated, dynamical network activity. This brain
state evolves on a cycle, each segment of which re-
cruits the activities of different neuronal sub-popula-
tions and can be explicitly mapped, on a single trial
basis, to the animals’ major motor commands. This
organization defines the assembly of motor com-
mands into a string of run-and-turn action sequence
cycles, including decisions between alternative be-
haviors. These dynamics serve as a robust scaffold
for action selection in response to sensory input.
This study shows that the coordination of neuronal
activity patterns into global brain dynamics underlies
the high-level organization of behavior.

INTRODUCTION

Behavior is composed of individual motor actions and motifs,
such as limb movements or gaits, which do not achieve organ-
ismal goals unless they are orchestrated into longer-lasting
action sequences and behavioral strategies, like navigation,
grooming, or courtship (Anderson and Perona, 2014; Gray
et al., 2005; Seeds et al., 2014). Ethologists often make quantita-
tive descriptions of this higher-level organization using state
transition diagrams, consisting of distinct, repeatable high-level
motor states and switches between them (Anderson andPerona,
2014). The brain’s representation of behavior must account for
both detailed metrics of individual actions (e.g., strength and
extent of movement or speed of gait), as well as for their higher
level orchestration. Identifying how these aspects of behavior
correspond to measurable neural activity is a necessary step
toward understanding how the brain encodes and produces

behavior. Recent studies in invertebrate motor ganglia and
mammalian cortex show that selection, execution, and shaping
of motor programs correspond to neural activity patterns across
large neuronal populations. These studies show that, despite the
participation of hundreds of sampled neurons, their activity is
coordinated, and meaningful signals can thus be reduced to
far fewer dimensions. Moreover, neuronal populations encode
information dynamically (Briggman et al., 2005; Bruno et al.,
2015; Churchland et al., 2012; Cunningham and Yu, 2014; Har-
vey et al., 2012; Jin et al., 2014; Mante et al., 2013). For practical
reasons, recordings in these studies have been performed over
short intervals that encompass individual motions or brief behav-
ioral tasks. Hence, the neuronal mechanisms that govern the
continuous control of behavior and its time course, encompass-
ing long-lasting and repeated action sequences, remain enig-
matic. Furthermore, approaches have been typically limited by
the need to average across trials or to sub-sample from local
brain regions or motor ganglia. Recently, the first brain-wide sin-
gle-cell-resolution functional imaging studies, in zebrafish and fly
larvae and adult C. elegans, revealed motor-related population
dynamics correlated across distant brain regions. These data
suggest that behaviorally relevant neural representations might
occur at the level of global population dynamics and highlight
the benefit of brain-wide sampling (Ahrens et al., 2012, 2013;
Lemon et al., 2015; Panier et al., 2013; Prevedel et al., 2014;
Schrödel et al., 2013).
The nematode C. elegans is an attractive model system to

address these problems, due to its stereotypic nervous system
of just 302 identifiable neurons grouped into 118 anatomical
symmetry classes (White et al., 1986). However, prior to the
availability of whole-brain imaging, past studies had not ex-
plored distributed or population dynamics in C. elegans.
Instead, identified interneurons and pre-motor neurons have
been described as dedicated encoders of specific sensory
inputs or motor outputs and are commonly placed in a context
of isolated sensory-to-motor pathways (see the following refer-
ences for examples: Chalasani et al., 2007; Donnelly et al.,
2013; Gray et al., 2005; Ha et al., 2010; Iino and Yoshida,
2009; Kimata et al., 2012). However, these pathways largely
overlap and are embedded in a horizontally organized and re-
currently connected neuronal wiring diagram (Varshney et al.,
2011; White et al., 1986). Moreover, recent functional imaging
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The nematode Caenorhabditis elegans migrates toward a preferred temperature on a thermal gradient. A candidate neural network for
thermotaxis in C. elegans has been identified, but the behavioral strategy implemented by this network is poorly understood. In this study,
we tested whether thermal migration is achieved by modulating the probability of turning behavior, as in C. elegans chemotaxis. This was
done by subjecting unrestrained wild-type, cryophilic, or thermophilic worms to rapid spatially uniform temperature steps (3°C), up or
down from the cultivation temperature. Each of the three types of worms we analyzed showed a different pair of responses to the two types
of steps. Comparison of wild-type and mutant response patterns suggested a model in which thermal migration involves a unique
response to the gradient depending on the orientation of the worm relative to its preferred temperature. Overall, however, turning
probability was modulated in a manner consistent with a role for turning behavior in thermal migration. Our results suggest that sensory
systems for thermotaxis and chemotaxis may converge on a common behavioral mechanism.

Key words: C. elegans; nematode; thermotaxis; spatial orientation; stochastic model; sensorimotor integration

Introduction
Caenorhabditis elegans orients to both chemical (chemotaxis) and
thermal (thermotaxis) gradients (Ward, 1973; Hedgecock and
Russell, 1975), making it a promising experimental system for
investigating the neuronal basis of spatial orientation. Previous
studies have established a plausible behavioral mechanism for
chemotaxis in C. elegans (Dusenbery, 1980; Pierce-Shimomura et
al., 1999). Locomotion consists of periods of relatively straight-
forward movement punctuated approximately twice per minute
by bouts of turning (Rutherford and Croll, 1979). Two main
kinds of turns are recognized in C. elegans: “reversals,” in which
the animal moves backward for several seconds and then goes
forward again in a new direction, and “omega turns,” in which
the animal’s head bends around to touch the tail during forward
locomotion, momentarily forming a shape like the Greek letter
(Croll, 1975b). Statistical analysis reveals that reversals and
omega turns occur in bursts that have been termed pirouettes
(Pierce-Shimomura et al., 1999). Pirouette probability is modu-
lated by the rate of change of chemical concentration (dC/dt):
when dC/dt is !0, pirouette probability is increased, whereas
when dC/dt is "0, pirouette probability is decreased. Thus, runs
down the gradient are truncated, and runs up the gradient are
extended, resulting in net movement toward the gradient peak.

The pirouette strategy in chemotaxis suggests a reasonable
hypothesis for the behavioral mechanism of the migration phase
of thermotaxis (Ryu and Samuel, 2002). Tracks of C. elegans in

the migration phase closely resemble tracks of worms in chemo-
taxis assays, with episodes of straight crawling interspersed with
sharp pirouette-like changes in direction in regions above and
below the preferred temperature (Tp) (Mori and Ohshima,
1995). Thus, pirouettes might also serve to direct an errant worm
back to Tp. If so, then when a worm moves away from Tp, turning
probability should increase, whereas when a worm moves toward
Tp, turning probability should decrease. To test the pirouette
hypothesis for thermotaxis, we devised an apparatus that enabled
us to subject freely moving worms to rapid temperature steps
with minimal mechanical disturbance. Overall, turning probabil-
ity was modulated in a manner consistent with a role for turns in
thermal migration, although not always as predicted by the pir-
ouette hypothesis in the strict sense. These results imply a new
behavioral model for C. elegans thermotaxis. In addition, they
suggest that in C. elegans, the sensory systems for chemotaxis and
thermotaxis converge on a common behavioral mechanism.

Materials and Methods
Animals. C. elegans [Bristol N2; ttx-1(p767), ttx-3(ks5), unc-86(e1416)]
were grown in mixed-stage cultures at 20°C on 1.7% agar-filled plates
containing nematode growth medium seeded with Escherichia coli strain
OP50 (Brenner, 1974). Experiments were performed on young adults
from each strain (selected by relative size and absence of eggs).

Apparatus. The device for delivering rapid temperature steps is shown
in Figure 1. A thin agarose film (#70 !m thick, 5.5 cm diameter) was
formed by pressing molten agarose [low EEO (electro endo osmosis)
electrophoresis grade; 5% aqueous; Fisher Scientific, Houston, TX] be-
tween two glass plates, separated by 70 !m shims. The agarose film was
glued with a cyanoacrylate adhesive (Vetbond; B. Braun Medical AG,
Emmenbrucke, Switzerland) beneath a hole in a Plexiglas plate, forming
a trampoline-like assembly. The temperature of the agarose was con-
trolled by placing it in contact with the surface of one of two insulated
static fluid-filled chambers containing buffer at the desired temperature.
The chambers were mounted on a smooth linear translator (data not
shown) that enabled us to exchange chambers with minimal vibration.
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Caenorhabditis elegans explores its environment by interrupting
its forward movement with occasional turns and reversals. Turns
and reversals occur at stable frequencies but irregular intervals,
producing probabilistic exploratory behaviors. Here we dissect the
roles of individual sensory neurons, interneurons, and motor
neurons in exploratory behaviors under different conditions. After
animals are removed from bacterial food, they initiate a local
search behavior consisting of reversals and deep omega-shaped
turns triggered by AWC olfactory neurons, ASK gustatory neurons,
and AIB interneurons. Over the following 30 min, the animals
disperse as reversals and omega turns are suppressed by ASI
gustatory neurons and AIY interneurons. Interneurons and motor
neurons downstream of AIB and AIY encode specific aspects of
reversal and turn frequency, amplitude, and directionality. SMD
motor neurons help encode the steep amplitude of omega turns,
RIV motor neurons specify the ventral bias of turns that follow a
reversal, and SMB motor neurons set the amplitude of sinusoidal
movement. Many of these sensory neurons, interneurons, and
motor neurons are also implicated in chemotaxis and thermotaxis.
Thus, this circuit may represent a common substrate for multiple
navigation behaviors.

chemosensation ! exploratory behavior ! neural circuit

As an animal travels through its environment, its nervous
system detects sensory cues, evaluates them based on

context and the experience of the animal, and converts this
information into adaptive movement. For simple behaviors,
sensory neurons sometimes communicate directly with motor
neurons, but, in more complex behavioral circuits, several layers
of interneurons integrate sensory information and relay it to
motor neurons. The path from sensory input to motor output has
been defined in only a few cases, including circuits for crustacean
feeding (1) and circuits for rapid escape in fish, f lies, and
nematodes (2–4). In the nematode Caenorhabditis elegans, the
escape circuit was defined by using a complete synaptic wiring
diagram of the 302 neurons in its nervous system (4, 5). Six
mechanosensory neurons that detect noxious stimuli synapse
onto four pairs of interneurons called forward and backward
command neurons. The command neurons synapse in turn onto
motor neurons responsible for forward and backward locomo-
tion, leading to rapid withdrawal from the stimulus. The defi-
nition of the escape circuit has enabled analysis of its develop-
ment, regulation, and modification by experience (6–11). The C.
elegans wiring diagram provides an opportunity to define many
complete neuronal paths from sensory stimulus to behavior.

In contrast with the escape circuit, the neuronal control of
locomotion during exploratory behavior is poorly characterized.
C. elegans navigates to favorable conditions by chemotaxis,
thermotaxis, and aerotaxis. In these sensory behaviors and in
exploratory behaviors in the absence of informative sensory
cues, the animal moves forward and occasionally changes its
direction of movement either by a transient reversal or by turning
its head during forward movement. The largest change in
direction is generated in a sharp omega turn during which the
animal’s body shape resembles the Greek letter ! (12, 13) (Fig.
1A). Sinusoidal movement itself can also change during naviga-

tion, switching between shallow and deep bends. The neuronal
pathways that convert sensory information into specific turning
behaviors are incompletely defined. The command neurons are
not required for the generation of sinusoidal forward movement
(4, 11); the neurons that modulate forward movement to cause
curving and omega turns are unknown.

In C. elegans, taxis behaviors have features of a biased random
walk (14–16) (J.M.G. and C.I.B., unpublished data), a strategy
first described in bacterial chemotaxis (17). During a biased
random walk, periods of relatively straight movement (‘‘runs’’)
are occasionally interrupted by periods of rapid direction change
(‘‘tumbles’’ in bacteria and ‘‘pirouettes’’ in C. elegans). A pirou-
ette is a period marked by reversals or sharp turns (14). In a
biased random walk, individual trajectories are not predictable.
However, when the environment is improving (e.g., when con-
centrations of attractant increase), pirouettes become less fre-
quent. When the environment is declining, pirouettes become
more frequent. This strategy biases the direction of travel toward
favorable conditions.

We sought to understand the mechanisms by which sensory
neurons modulate the frequency of reversals and turns in C.
elegans and the downstream neuronal circuits that generate
specific features of these behaviors. The presence of food affects
many aspects of C. elegans locomotion (18–21). Here we use a
systematic analysis of C. elegans neuroanatomy to dissect a circuit
that uses sensory cues to modulate turning rates in two kinds of
exploratory behavior: local search after animals are removed
from food and long-range dispersal after prolonged food depri-
vation. These exploratory behaviors in the absence of directional
cues share many features with a biased random walk. Our results
delineate a behavioral circuit for navigation in C. elegans from
sensory input to motor output.

Materials and Methods
Strains. C. elegans strains were maintained and grown according
to standard procedures (22). The following strains were used:
wild-type strain N2, PR811 osm-6 (p811) V, PR802 osm-3 (p802)
IV, CB1033 che-2 (e1033) X, CB1112 cat-2 (e1112) II, GR1321
tph-1 (mg280) II, OH8 ttx-3 (mg158) X, CX3299 lin-15 (n765ts)
X; kyIs50[odr-2b::gfp; lin-15(")], CX3300 lin-15 (n765ts) X;
kyIs51[odr-2b::gfp; lin-15(")], CX6896 mgIs18[ttx-3::gfp] IV, and
akIs3[nmr-1::gfp] (23).

Behavioral Assays. Young adult animals were first observed on
OP50 food in covered plates for 5 min and then transferred onto
a fresh, foodless nematode growth medium plate (22). Obser-
vation began 1 min after transfer (24). Reversals of three or more
head swings were scored as long reversals. Omega turns were
visually identified by the head nearly touching the tail or a
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Thermotaxis in Caenorhabditis elegans Analyzed by Measuring
Responses to Defined Thermal Stimuli

William S. Ryu and Aravinthan D. T. Samuel

Department of Molecular and Cellular Biology, Harvard University, Cambridge, Massachusetts 02138, and
Rowland Institute for Science, Cambridge, Massachusetts 02142

In a spatial thermal gradient, Caenorhabditis elegans migrates
toward and then isothermally tracks near its cultivation temper-
ature. A current model for thermotactic behavior involves a
thermophilic drive (involving the neurons AFD and AIY) and
cryophilic drive (involving the neuron AIZ) that balance at the
cultivation temperature. Here, we analyze the movements of
individual worms responding to defined thermal gradients. We
found evidence for a mechanism for migration down thermal
gradients that is active at temperatures above the cultivation
temperature, and a mechanism for isothermal tracking that is
active near the cultivation temperature. However, we found no
evidence for a mechanism for migration up thermal gradients at
temperatures below the cultivation temperature that might have
supported the model of opposing drives. The mechanisms for
migration down gradients and isothermal tracking control the

worm’s movements in different manners. Migration down gra-
dients works by shortening (lengthening) the duration of for-
ward movement in response to positive (negative) temperature
changes. Isothermal tracking works by orienting persistent for-
ward movement to offset temperature changes. We believe
preference for the cultivation temperature is not at the balance
between two drives. Instead, the worm activates the mecha-
nism for isothermal tracking near the cultivation temperature
and inactivates the mechanism for migration down gradients
near or below the cultivation temperature. Inactivation of the
mechanism for migration down gradients near or below the
cultivation temperature requires the neurons AFD and AIY.

Key words: thermotaxis; nematode; sensorimotor integration;
thermosensation; behavioral models; navigation

In their classic study of thermotaxis in Caenorhabditis elegans,
Hedgecock and Russell (1975) demonstrated that worms navigat-
ing spatial thermal gradients aggregate near their cultivation
temperature (Tc). Within 3°C of this temperature, worms track
isotherms, deviating from a given isotherm by as little as !0.05°C.
Hedgecock and Russell (1975) also harvested mutants that failed
to aggregate at Tc and found that they could be classified as
thermophilic (aggregating in warmer regions of a plate), cryo-
philic (aggregating in colder regions of a plate), or atactic (not
aggregating at all). On the basis of this classification, Hedgecock
and Russell (1975) suggested that competing thermophilic and
cryophilic drives produce thermotactic behavior and that isother-
mal tracking occurs at their balance.

Mori and Ohshima (1995) identified neurons involved in ther-
motaxis by laser ablation. The resulting defects in behavior could
be organized in the same manner as the mutant behaviors shown
by Hedgecock and Russell (1975), namely thermophilic (obtained
by lesion of the AIZ neuron), cryophilic (obtained by lesion of the
AFD and/or AIY neuron), or atactic (obtained by lesion of the
RIA neuron or multiple neurons). Thus, Mori and Ohshima
(1995) proposed that the AFD and AIY neurons comprise the

thermophilic drive, AIZ comprises the cryophilic drive, and RIA
compares the two drives.

Although the labels thermophilic, cryophilic, and atactic de-
scribe aberrant aggregation patterns on spatial gradients, they do
not explain how putative thermophilic and cryophilic drives direct
the worm’s movements toward the cultivation temperature. Also,
it is unclear whether thermophilic and cryophilic drives are active
during isothermal tracking or whether isothermal tracking repre-
sents a distinct mechanism.

The present study aimed to determine the mechanisms under-
lying thermotaxis, the manner in which they direct the worm’s
movements, and the roles of participating neurons. We studied
the movements of worms as they performed thermotaxis by (1)
tracking worms crawling on the surface of agar plates with de-
fined spatial or temporal thermal gradients and (2) monitoring
the swimming motions of a worm suspended in a droplet sub-
jected to thermal stimuli. In addition to wild-type (N2) worms, we
studied thermotaxis mutants that have been shown to have de-
velopmental defects in AFD or AIY neurons, which have been
identified by Mori and Ohshima (1995) to be involved in
thermotaxis.

We found strong evidence for a mechanism for migration down
gradients toward the cultivation temperature that might corre-
spond to the cryophilic drive of the prevailing model, but no
compelling evidence for a mechanism for migration up gradients
that might correspond to the thermophilic drive. The mechanism
for migration down gradients modulates run duration but not run
orientation, shortening runs in response to positive changes in
temperature and lengthening runs in response to negative
changes in temperature. The mechanism for isothermal tracking
modulates run orientation to offset either positive or negative
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SUMMARY

While isolated motor actions can be correlated with
activities of neuronal networks, an unresolved prob-
lem is how the brain assembles these activities into
organized behaviors like action sequences. Using
brain-wide calcium imaging in Caenorhabditis ele-
gans, we show that a large proportion of neurons
across the brain share information by engaging in co-
ordinated, dynamical network activity. This brain
state evolves on a cycle, each segment of which re-
cruits the activities of different neuronal sub-popula-
tions and can be explicitly mapped, on a single trial
basis, to the animals’ major motor commands. This
organization defines the assembly of motor com-
mands into a string of run-and-turn action sequence
cycles, including decisions between alternative be-
haviors. These dynamics serve as a robust scaffold
for action selection in response to sensory input.
This study shows that the coordination of neuronal
activity patterns into global brain dynamics underlies
the high-level organization of behavior.

INTRODUCTION

Behavior is composed of individual motor actions and motifs,
such as limb movements or gaits, which do not achieve organ-
ismal goals unless they are orchestrated into longer-lasting
action sequences and behavioral strategies, like navigation,
grooming, or courtship (Anderson and Perona, 2014; Gray
et al., 2005; Seeds et al., 2014). Ethologists often make quantita-
tive descriptions of this higher-level organization using state
transition diagrams, consisting of distinct, repeatable high-level
motor states and switches between them (Anderson andPerona,
2014). The brain’s representation of behavior must account for
both detailed metrics of individual actions (e.g., strength and
extent of movement or speed of gait), as well as for their higher
level orchestration. Identifying how these aspects of behavior
correspond to measurable neural activity is a necessary step
toward understanding how the brain encodes and produces

behavior. Recent studies in invertebrate motor ganglia and
mammalian cortex show that selection, execution, and shaping
of motor programs correspond to neural activity patterns across
large neuronal populations. These studies show that, despite the
participation of hundreds of sampled neurons, their activity is
coordinated, and meaningful signals can thus be reduced to
far fewer dimensions. Moreover, neuronal populations encode
information dynamically (Briggman et al., 2005; Bruno et al.,
2015; Churchland et al., 2012; Cunningham and Yu, 2014; Har-
vey et al., 2012; Jin et al., 2014; Mante et al., 2013). For practical
reasons, recordings in these studies have been performed over
short intervals that encompass individual motions or brief behav-
ioral tasks. Hence, the neuronal mechanisms that govern the
continuous control of behavior and its time course, encompass-
ing long-lasting and repeated action sequences, remain enig-
matic. Furthermore, approaches have been typically limited by
the need to average across trials or to sub-sample from local
brain regions or motor ganglia. Recently, the first brain-wide sin-
gle-cell-resolution functional imaging studies, in zebrafish and fly
larvae and adult C. elegans, revealed motor-related population
dynamics correlated across distant brain regions. These data
suggest that behaviorally relevant neural representations might
occur at the level of global population dynamics and highlight
the benefit of brain-wide sampling (Ahrens et al., 2012, 2013;
Lemon et al., 2015; Panier et al., 2013; Prevedel et al., 2014;
Schrödel et al., 2013).
The nematode C. elegans is an attractive model system to

address these problems, due to its stereotypic nervous system
of just 302 identifiable neurons grouped into 118 anatomical
symmetry classes (White et al., 1986). However, prior to the
availability of whole-brain imaging, past studies had not ex-
plored distributed or population dynamics in C. elegans.
Instead, identified interneurons and pre-motor neurons have
been described as dedicated encoders of specific sensory
inputs or motor outputs and are commonly placed in a context
of isolated sensory-to-motor pathways (see the following refer-
ences for examples: Chalasani et al., 2007; Donnelly et al.,
2013; Gray et al., 2005; Ha et al., 2010; Iino and Yoshida,
2009; Kimata et al., 2012). However, these pathways largely
overlap and are embedded in a horizontally organized and re-
currently connected neuronal wiring diagram (Varshney et al.,
2011; White et al., 1986). Moreover, recent functional imaging
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✤ Finite behavioral states 

✤ Behavioral states depending on concentration of food, oxygen, temperature, etc.

✤ Mixed discrete and continuous behavior

Hybrid Systems capture the mixed continuous and discrete behaviour. 



Linear Hybrid Automaton (LHA)
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Definition. A linear hybrid automaton (LHA) H is a tuple (Q, E, ℝn, Flow, Inv, Grd)
✤ Q is a finite set of modes,
✤ E ∈ Q x Q is a transition relation,
✤ Flow: Q ⟶ ℝn is the flow function,
✤ Inv: Q ⟶ cpoly(n) is the invariant function, and
✤ Grd: E ⟶cpoly(n) is the guard function, where cpoly(n) is the set of compact 

and convex polyhedral sets over ℝn.
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✤ The LHA features piecewise-linear executions
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Definition. f : [0,T] ⟶ ℝn is an m-piecewise-linear (m-PWL) function if

✤ f ≡ p1, p2,…, pm sequence of m affine pieces of the form pi(t) = ait + bi, 
where:

✤ ai is the slope(pi) and b is the initial value
✤ f (t) = pi(t) for t ∈ dom(pi)
✤ f is continuous

pieces(f) = p1, p2, p3, p4
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Definition. Let f  be an n-dimensional PWL function. Then, the canonical automaton 
of f is defined as Hf = (Q, E, ℝn, Flow, Inv, Grd) with

✤ Q = {qa : a ∈ ℝn, ∃ p ∈ pieces(f) with slope(p) = a},
✤ E = { (qa, qa’) ∈ Q x Q : ∃ p, p’ ∈ pieces(f) adjacent, slope(p) = a, slope(p’) = a’}
✤ Flow(qa) = a,
✤ Inv(qa) = convex_hull ({img(p) : p ∈ pieces(f), slope(p) = a}), and
✤ Grd(qa,qa’) = convex_hull ({end_point(p) : ∃ p, p’ ∈ pieces(f) adjacent, slope(p) = 

a, slope(p’) = a’})
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Definition. Let f  be an n-dimensional PWL function. Then, the canonical automaton 
of f is defined as Hf = (Q, E, ℝn, Flow, Inv, Grd) with

✤ Q = {qa : a ∈ ℝn, ∃ p ∈ pieces(f) with slope(p) = a},
✤ E = { (qa, qa’) ∈ Q x Q : ∃ p, p’ ∈ pieces(f) adjacent, slope(p) = a, slope(p’) = a’}
✤ Flow(qa) = a,
✤ Inv(qa) = convex_hull ({img(p) : p ∈ pieces(f), slope(p) = a}), and
✤ Grd(qa,qa’) = convex_hull ({end_point(p) : ∃ p, p’ ∈ pieces(f) adjacent, slope(p) = 

a, slope(p’) = a’})

t
<latexit sha1_base64="m4mIR+cOpVxZwwkyOkwGwnMjoLo="></latexit>

f

p1

p2

p3

0

2

1

1 2 3

x
<latexit sha1_base64="zvUvg10s0lCYEuAsBzzdFL8uykM="></latexit>

q1 q0

ẋ = 1
<latexit sha1_base64="2heH0DGcFKTa3drpuuAzJH5d6yk="></latexit> ẋ = 0

<latexit sha1_base64="kqOh26zFX7tQimrcfV+8/cMfL/M="></latexit>

x 2 [1, 3]
<latexit sha1_base64="rKAkj0l4Teq7S21WdCOHxCXxdN8="></latexit>

x = 2
<latexit sha1_base64="8LrpbAZ6x5mZPy8b/SXPaQpL38w="></latexit>

x = 1
<latexit sha1_base64="om8U8dDjd8ZJdrYEHtQfTa45lo0="></latexit>

x = 1
<latexit sha1_base64="om8U8dDjd8ZJdrYEHtQfTa45lo0="></latexit>

slope(p1) = 1, slope(p2) = 0, slope(p1) = 1

PWL function f Canonical automaton Hf

Given a PWL function f, 
f is an execution of Hf



Synthesis Problem
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Given a finite set of PWL functions F and a value ε ∈ ℝ≥0, 
construct an LHA H that ε-captures every function f ∈ F.

ε is a trade-off between the size and the precision of the model.

Definition. Given a PWL function f and a value ε ∈ ℝ≥0, we say that an 
LHA H ε-captures f if there exists an execution σ in H with d(f, σ) ≤ ε.

t
<latexit sha1_base64="m4mIR+cOpVxZwwkyOkwGwnMjoLo="></latexit>

x
<latexit sha1_base64="aaAkAb6EeMLzW3h6i+PsJUSn1Uw="></latexit>

ε

σ
f

T0

d(f, σ) = maxt ∈ [0,T] ∥f (t) - σ(t) ∥
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We solve the synthesis problem for two different specifications, 
in addition to H ε-capturing every function f in F :

Synchronous specification

Asynchronous specification
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Synchronous specification
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16

✤ H ε-captures every function f in F

✤ H switches synchronously with the functions in F

Specification

t0
<latexit sha1_base64="HvBgoARryf4p+rKC6Yr2ilpmw3U="></latexit>

t1
<latexit sha1_base64="GxjxRikNIa2JsINec1M+hN0DBJ4="></latexit>

t2
<latexit sha1_base64="PJTHrHd1kN7LPhfOmG5kUw5TYdg="></latexit>

t3
<latexit sha1_base64="5DX9wgxpiSe6sGTg3212Yt1HE6w="></latexit>

t4
<latexit sha1_base64="swEX21aW+UD/XXZauAed5k6UJNc="></latexit>

t
<latexit sha1_base64="m4mIR+cOpVxZwwkyOkwGwnMjoLo="></latexit>

x
<latexit sha1_base64="aaAkAb6EeMLzW3h6i+PsJUSn1Uw="></latexit>

ε
fX0

<latexit sha1_base64="G8Q4YBsrsEaXvjYPaL8D+1Tvnjk="></latexit>

X1
<latexit sha1_base64="HQBwGpk5ETlV292tWPgYBMCl94M="></latexit>

X2
<latexit sha1_base64="ogd5o7IeYfCjt3sLKKXWAJ5ZriE="></latexit>

X3
<latexit sha1_base64="IrDRa+MGsK5+tcpUN2Dst8rhs4A="></latexit>

X4
<latexit sha1_base64="a2xwQVzqVPr2RAH6gZWj9afKahc="></latexit>
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✤ H ε-captures every function f in F

✤ H switches synchronously with the functions in F

Specification

t0
<latexit sha1_base64="HvBgoARryf4p+rKC6Yr2ilpmw3U="></latexit>

t1
<latexit sha1_base64="GxjxRikNIa2JsINec1M+hN0DBJ4="></latexit>

t2
<latexit sha1_base64="PJTHrHd1kN7LPhfOmG5kUw5TYdg="></latexit>

t3
<latexit sha1_base64="5DX9wgxpiSe6sGTg3212Yt1HE6w="></latexit>

t4
<latexit sha1_base64="swEX21aW+UD/XXZauAed5k6UJNc="></latexit>

t
<latexit sha1_base64="m4mIR+cOpVxZwwkyOkwGwnMjoLo="></latexit>

x
<latexit sha1_base64="aaAkAb6EeMLzW3h6i+PsJUSn1Uw="></latexit>

ε
fX0

<latexit sha1_base64="G8Q4YBsrsEaXvjYPaL8D+1Tvnjk="></latexit>

X1
<latexit sha1_base64="HQBwGpk5ETlV292tWPgYBMCl94M="></latexit>

X2
<latexit sha1_base64="ogd5o7IeYfCjt3sLKKXWAJ5ZriE="></latexit>

X3
<latexit sha1_base64="IrDRa+MGsK5+tcpUN2Dst8rhs4A="></latexit>

X4
<latexit sha1_base64="a2xwQVzqVPr2RAH6gZWj9afKahc="></latexit>
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✤ H ε-captures every function f in F

✤ H switches synchronously with the functions in F

Specification

t0
<latexit sha1_base64="HvBgoARryf4p+rKC6Yr2ilpmw3U="></latexit>

t1
<latexit sha1_base64="GxjxRikNIa2JsINec1M+hN0DBJ4="></latexit>

t2
<latexit sha1_base64="PJTHrHd1kN7LPhfOmG5kUw5TYdg="></latexit>

t3
<latexit sha1_base64="5DX9wgxpiSe6sGTg3212Yt1HE6w="></latexit>

t4
<latexit sha1_base64="swEX21aW+UD/XXZauAed5k6UJNc="></latexit>

t
<latexit sha1_base64="m4mIR+cOpVxZwwkyOkwGwnMjoLo="></latexit>

x
<latexit sha1_base64="aaAkAb6EeMLzW3h6i+PsJUSn1Uw="></latexit>

ε
fX0

<latexit sha1_base64="G8Q4YBsrsEaXvjYPaL8D+1Tvnjk="></latexit>

X1
<latexit sha1_base64="HQBwGpk5ETlV292tWPgYBMCl94M="></latexit>

X2
<latexit sha1_base64="ogd5o7IeYfCjt3sLKKXWAJ5ZriE="></latexit>

X3
<latexit sha1_base64="IrDRa+MGsK5+tcpUN2Dst8rhs4A="></latexit>

X4
<latexit sha1_base64="a2xwQVzqVPr2RAH6gZWj9afKahc="></latexit>
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✤ For every function f in F, construct a PWL function g satisfying the 
specification with " different slopes:

✤ g ≡ q1,…,qm

✤ Switching times of g are the same as switching times of f : t0,…,tm

✤ Switching points of g are y0,…,ym and they are ε-close to switching 
points of f, x0 = f(t0),…,xm = f(tm) ⟶ Expressed as yj ∈ Xj

✤ b1 = slope(q1), …, bm = slope(qm) with " different values (c1,…,c")

SMT-based synthesis approach

t0
<latexit sha1_base64="HvBgoARryf4p+rKC6Yr2ilpmw3U="></latexit>

t1
<latexit sha1_base64="GxjxRikNIa2JsINec1M+hN0DBJ4="></latexit>

t2
<latexit sha1_base64="PJTHrHd1kN7LPhfOmG5kUw5TYdg="></latexit>

t3
<latexit sha1_base64="5DX9wgxpiSe6sGTg3212Yt1HE6w="></latexit>

t4
<latexit sha1_base64="swEX21aW+UD/XXZauAed5k6UJNc="></latexit>

t
<latexit sha1_base64="m4mIR+cOpVxZwwkyOkwGwnMjoLo="></latexit>

x
<latexit sha1_base64="aaAkAb6EeMLzW3h6i+PsJUSn1Uw="></latexit>

ε
fX0

<latexit sha1_base64="G8Q4YBsrsEaXvjYPaL8D+1Tvnjk="></latexit>

X1
<latexit sha1_base64="HQBwGpk5ETlV292tWPgYBMCl94M="></latexit>

X2
<latexit sha1_base64="ogd5o7IeYfCjt3sLKKXWAJ5ZriE="></latexit>

X3
<latexit sha1_base64="IrDRa+MGsK5+tcpUN2Dst8rhs4A="></latexit>

X4
<latexit sha1_base64="a2xwQVzqVPr2RAH6gZWj9afKahc="></latexit>

�f,"(`) ⌘
m̂

j=1

yj = yj�1 + bj(tj � tj�1) ^
m̂

j=0

yj 2 Xj ^
m̂

j=1

_̀

k=1

bj = ck
<latexit sha1_base64="U1oT2OBLAYv4rbykAEjNl9LgHsU="></latexit>
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✤ For every function f in F, construct a PWL function g satisfying the 
specification with " different slopes:

✤ g ≡ q1,…,qm

✤ Switching times of g are the same as switching times of f : t0,…,tm

✤ Switching points of g are y0,…,ym and they are ε-close to switching 
points of f, x0 = f(t0),…,xm = f(tm) ⟶ Expressed as yj ∈ Xj

✤ b1 = slope(q1), …, bm = slope(qm) with " different values (c1,…,c")

SMT-based synthesis approach

t0
<latexit sha1_base64="HvBgoARryf4p+rKC6Yr2ilpmw3U="></latexit>

t1
<latexit sha1_base64="GxjxRikNIa2JsINec1M+hN0DBJ4="></latexit>

t2
<latexit sha1_base64="PJTHrHd1kN7LPhfOmG5kUw5TYdg="></latexit>

t3
<latexit sha1_base64="5DX9wgxpiSe6sGTg3212Yt1HE6w="></latexit>

t4
<latexit sha1_base64="swEX21aW+UD/XXZauAed5k6UJNc="></latexit>

t
<latexit sha1_base64="m4mIR+cOpVxZwwkyOkwGwnMjoLo="></latexit>

x
<latexit sha1_base64="aaAkAb6EeMLzW3h6i+PsJUSn1Uw="></latexit>

ε
fX0

<latexit sha1_base64="G8Q4YBsrsEaXvjYPaL8D+1Tvnjk="></latexit>

X1
<latexit sha1_base64="HQBwGpk5ETlV292tWPgYBMCl94M="></latexit>

X2
<latexit sha1_base64="ogd5o7IeYfCjt3sLKKXWAJ5ZriE="></latexit>

X3
<latexit sha1_base64="IrDRa+MGsK5+tcpUN2Dst8rhs4A="></latexit>

X4
<latexit sha1_base64="a2xwQVzqVPr2RAH6gZWj9afKahc="></latexit>

�f,"(`) ⌘
m̂

j=1

yj = yj�1 + bj(tj � tj�1) ^
m̂

j=0

yj 2 Xj ^
m̂

j=1

_̀

k=1

bj = ck
<latexit sha1_base64="U1oT2OBLAYv4rbykAEjNl9LgHsU="></latexit>

g
g satisfies φf,ε(3)
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SMT-based synthesis approach

✤ Global linear arithmetic formula for F

✤ Minimization of the number of different slopes

G = {gf : f ∈ F}

✤ Canonical automaton of G

SMT solver

HG

   φF,ε(") ≡ ⋀f∈F φf,ε(")

   min"≤M φF,ε(") is satisfiable

M = # different slopes in F
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SMT-based synthesis approach

✤ Global linear arithmetic formula for F

✤ Minimization of the number of different slopes

G = {gf : f ∈ F}

✤ Canonical automaton of G

SMT solver

Given a finite set of PWL functions F and a value ε ≥ 0, the LHA HG solves

the synthesis problem with minimal number of modes.

Theorem - SMT-based synthesis

HG

   φF,ε(") ≡ ⋀f∈F φf,ε(")

   min"≤M φF,ε(") is satisfiable

M = # different slopes in F
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✤ SMT-based synthesis approach provides an optimal global solution

✤ Works well with short and low-dimensional input PWL functions

✤ Does not scale to realistic problem sizes

Alternate approach
Membership-based synthesis approach
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Asynchronous specification
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✤ H ε-captures every function f in F

✤ H switches in the time interval determined by the previous and 
posterior time instants in the functions f in F

Specification

t0
<latexit sha1_base64="HvBgoARryf4p+rKC6Yr2ilpmw3U="></latexit>

t1
<latexit sha1_base64="GxjxRikNIa2JsINec1M+hN0DBJ4="></latexit>

t2
<latexit sha1_base64="PJTHrHd1kN7LPhfOmG5kUw5TYdg="></latexit>

t3
<latexit sha1_base64="5DX9wgxpiSe6sGTg3212Yt1HE6w="></latexit>

t4
<latexit sha1_base64="swEX21aW+UD/XXZauAed5k6UJNc="></latexit>

t
<latexit sha1_base64="m4mIR+cOpVxZwwkyOkwGwnMjoLo="></latexit>

x
<latexit sha1_base64="aaAkAb6EeMLzW3h6i+PsJUSn1Uw="></latexit>

ε
fX0

<latexit sha1_base64="G8Q4YBsrsEaXvjYPaL8D+1Tvnjk="></latexit>

X1
<latexit sha1_base64="HQBwGpk5ETlV292tWPgYBMCl94M="></latexit>

X2
<latexit sha1_base64="ogd5o7IeYfCjt3sLKKXWAJ5ZriE="></latexit>

X3
<latexit sha1_base64="IrDRa+MGsK5+tcpUN2Dst8rhs4A="></latexit>

X4
<latexit sha1_base64="a2xwQVzqVPr2RAH6gZWj9afKahc="></latexit>
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✤ H ε-captures every function f in F

✤ H switches in the time interval determined by the previous and 
posterior time instants in the functions f in F

Specification

t0
<latexit sha1_base64="HvBgoARryf4p+rKC6Yr2ilpmw3U="></latexit>

t1
<latexit sha1_base64="GxjxRikNIa2JsINec1M+hN0DBJ4="></latexit>

t2
<latexit sha1_base64="PJTHrHd1kN7LPhfOmG5kUw5TYdg="></latexit>

t3
<latexit sha1_base64="5DX9wgxpiSe6sGTg3212Yt1HE6w="></latexit>

t4
<latexit sha1_base64="swEX21aW+UD/XXZauAed5k6UJNc="></latexit>

t
<latexit sha1_base64="m4mIR+cOpVxZwwkyOkwGwnMjoLo="></latexit>

x
<latexit sha1_base64="aaAkAb6EeMLzW3h6i+PsJUSn1Uw="></latexit>

ε
fX0

<latexit sha1_base64="G8Q4YBsrsEaXvjYPaL8D+1Tvnjk="></latexit>

X1
<latexit sha1_base64="HQBwGpk5ETlV292tWPgYBMCl94M="></latexit>

X2
<latexit sha1_base64="ogd5o7IeYfCjt3sLKKXWAJ5ZriE="></latexit>

X3
<latexit sha1_base64="IrDRa+MGsK5+tcpUN2Dst8rhs4A="></latexit>

X4
<latexit sha1_base64="a2xwQVzqVPr2RAH6gZWj9afKahc="></latexit>
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✤ H ε-captures every function f in F

✤ H switches in the time interval determined by the previous and 
posterior time instants in the functions f in F

Specification

t0
<latexit sha1_base64="HvBgoARryf4p+rKC6Yr2ilpmw3U="></latexit>

t1
<latexit sha1_base64="GxjxRikNIa2JsINec1M+hN0DBJ4="></latexit>

t2
<latexit sha1_base64="PJTHrHd1kN7LPhfOmG5kUw5TYdg="></latexit>

t3
<latexit sha1_base64="5DX9wgxpiSe6sGTg3212Yt1HE6w="></latexit>

t4
<latexit sha1_base64="swEX21aW+UD/XXZauAed5k6UJNc="></latexit>

t
<latexit sha1_base64="m4mIR+cOpVxZwwkyOkwGwnMjoLo="></latexit>

x
<latexit sha1_base64="aaAkAb6EeMLzW3h6i+PsJUSn1Uw="></latexit>

ε
fX0

<latexit sha1_base64="G8Q4YBsrsEaXvjYPaL8D+1Tvnjk="></latexit>

X1
<latexit sha1_base64="HQBwGpk5ETlV292tWPgYBMCl94M="></latexit>

X2
<latexit sha1_base64="ogd5o7IeYfCjt3sLKKXWAJ5ZriE="></latexit>

X3
<latexit sha1_base64="IrDRa+MGsK5+tcpUN2Dst8rhs4A="></latexit>

X4
<latexit sha1_base64="a2xwQVzqVPr2RAH6gZWj9afKahc="></latexit>
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✤ H ε-captures every function f in F

✤ H switches in the time interval determined by the previous and 
posterior time instants in the functions f in F

Specification

t0
<latexit sha1_base64="HvBgoARryf4p+rKC6Yr2ilpmw3U="></latexit>

t1
<latexit sha1_base64="GxjxRikNIa2JsINec1M+hN0DBJ4="></latexit>

t2
<latexit sha1_base64="PJTHrHd1kN7LPhfOmG5kUw5TYdg="></latexit>

t3
<latexit sha1_base64="5DX9wgxpiSe6sGTg3212Yt1HE6w="></latexit>

t4
<latexit sha1_base64="swEX21aW+UD/XXZauAed5k6UJNc="></latexit>

t
<latexit sha1_base64="m4mIR+cOpVxZwwkyOkwGwnMjoLo="></latexit>

x
<latexit sha1_base64="aaAkAb6EeMLzW3h6i+PsJUSn1Uw="></latexit>

ε
fX0

<latexit sha1_base64="G8Q4YBsrsEaXvjYPaL8D+1Tvnjk="></latexit>

X1
<latexit sha1_base64="HQBwGpk5ETlV292tWPgYBMCl94M="></latexit>

X2
<latexit sha1_base64="ogd5o7IeYfCjt3sLKKXWAJ5ZriE="></latexit>

X3
<latexit sha1_base64="IrDRa+MGsK5+tcpUN2Dst8rhs4A="></latexit>

X4
<latexit sha1_base64="a2xwQVzqVPr2RAH6gZWj9afKahc="></latexit>
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i := 2

HF  = HN

Hi  = Hi-1

F = {f1, f2, …, fN}

Adapt LHA

Relax LHA

No

Yes

No

Membership

Membership

i := i + 1

f1

fi

Yes

Initial LHA

H1

Hi  = Hi-1
R

Hi  = Hi-1
A

Hi-1
R
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✤ Systematically iterates over new data

✤ A positive initial membership result requires no modification of the LHA

✤ Returns a counterexample when the membership in the relaxed LHA fails

✤ The counterexample is used to not only increment the guards and invariants of 
the LHA but to add discrete modes

Membership-based synthesis approach

33

i := 2

HF  = HN

Hi  = Hi-1

F = {f1, f2, …, fN}

Adapt LHA

Relax LHA

No

Yes

No

Membership

Membership

i := i + 1

f1

fi

Yes

Initial LHA

H1

Hi  = Hi-1
R

Hi  = Hi-1
A

Hi-1
R
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Membership
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Membership problem

Given an LHA H and a PWL function f, decide if there exists an 
execution σ in H consistent with f and such that d(f, σ)  ≤ ε

Definition. An execution σ of H is consistent with an m-PWL function f  ≡ p1,…,pm if σ 
has m affine pieces and its switching times t1,…,tm-1 are such that ti ∈ domain(pi ⋃ pi+1)
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Membership problem

Given an LHA H and a PWL function f, decide if there exists an 
execution σ in H consistent with f and such that d(f, σ)  ≤ ε

Definition. An execution σ of H is consistent with an m-PWL function f  ≡ p1,…,pm if σ 
has m affine pieces and its switching times t1,…,tm-1 are such that ti ∈ domain(pi ⋃ pi+1)

✤ Construct the ε-tube of f

✤ Search for all mode paths & of length m in H

✤ Search for executions determined by & satisfying the problem constraints

Membership procedure
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Membership problem

Given an LHA H and a PWL function f, decide if there exists an 
execution σ in H consistent with f and such that d(f, σ)  ≤ ε

Definition. An execution σ of H is consistent with an m-PWL function f  ≡ p1,…,pm if σ 
has m affine pieces and its switching times t1,…,tm-1 are such that ti ∈ domain(pi ⋃ pi+1)

✤ Construct the ε-tube of f

✤ Search for all mode paths & of length m in H

✤ Search for executions determined by & satisfying the problem constraints

Membership procedure

Analysis core: 
reachability computation
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Reachability computation

✤ Linear hybrid automaton H and PWL function f
✤ & ≡ q1, q2, q3, q4  mode path in H

Flow(q1) Flow(q2) Flow(q3) Flow(q4)

t0
<latexit sha1_base64="HvBgoARryf4p+rKC6Yr2ilpmw3U="></latexit>

t1
<latexit sha1_base64="GxjxRikNIa2JsINec1M+hN0DBJ4="></latexit>

t2
<latexit sha1_base64="PJTHrHd1kN7LPhfOmG5kUw5TYdg="></latexit>

t3
<latexit sha1_base64="5DX9wgxpiSe6sGTg3212Yt1HE6w="></latexit>

t4
<latexit sha1_base64="swEX21aW+UD/XXZauAed5k6UJNc="></latexit>

t
<latexit sha1_base64="m4mIR+cOpVxZwwkyOkwGwnMjoLo="></latexit>

x
<latexit sha1_base64="aaAkAb6EeMLzW3h6i+PsJUSn1Uw="></latexit>

ε
fX0

<latexit sha1_base64="G8Q4YBsrsEaXvjYPaL8D+1Tvnjk="></latexit>

X1
<latexit sha1_base64="HQBwGpk5ETlV292tWPgYBMCl94M="></latexit>

X2
<latexit sha1_base64="ogd5o7IeYfCjt3sLKKXWAJ5ZriE="></latexit>

X3
<latexit sha1_base64="IrDRa+MGsK5+tcpUN2Dst8rhs4A="></latexit>

X4
<latexit sha1_base64="a2xwQVzqVPr2RAH6gZWj9afKahc="></latexit>

P =
<latexit sha1_base64="gfyqvlcn9PoCMpLdz10FI3igYds="></latexit>



31

Reachability computation

Basic computation: reachable switching set 

✤ Consider two ε-tube pieces F1 and F2

✤ Consider two modes, q1 and q2, their flows, Flow(q1) and Flow(q2), and 
the guard from q1 to q2, G.

✤ Consider an initial polyhedral set P
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Aaux = POST (P, G1, Flow(q1))

A = PRE (X1, Aaux, Flow(q2))
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Reachability computation

Aaux = POST (P, G1, Flow(q1))

A = PRE (X1, Aaux, Flow(q2))
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t
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G

A ⋃ B

F1 F2

Reachable switching set

P =

✤ Compute iteratively the reachable switching set P until the last ε-tube piece:

Last P ≠ ∅ ⇒ membership True

Last P = ∅ ⇒ membership False
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Reachability computation
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G

A ⋃ B

F1 F2

Reachable switching set

P =

✤ Compute iteratively the reachable switching set P until the last ε-tube piece:

Last P ≠ ∅ ⇒ membership True

Last P = ∅ ⇒ membership False

If membership of f in H is False, then relax the LHA model.
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Relaxation problem
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Flow(q1) Flow(q2)

G

P =

Given an LHA H and a m-PWL function f,  does there exist an 
execution σ in H consistent with f and such that d(f, σ)  ≤ ε by 

expanding the guards and invariants of H?
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Relaxation problem
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F1 F2

Flow(q1) Flow(q2)
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P =

Given an LHA H and a m-PWL function f,  does there exist an 
execution σ in H consistent with f and such that d(f, σ)  ≤ ε by 

expanding the guards and invariants of H?

If relaxation of H fails, then modify the discrete structure of the LHA model.
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Adaptation problem

Given an LHA H, a PWL function f and a path & in H, construct 
a path &’ by preserving locations in & such that there exists an 

execution σ in H for &’ with d(f, σ)  ≤ ε

✤ Recall f ≡ p1,…, pm and & ≡ q1,…, qm

✤ Construct &’ = & 

✤ Compute iteratively the reachable switching sets Pi until emptiness

✤ If Pi = ∅, then:

1. Replace qi by q’i in &’
2. Replace qi-1 by q’i-1 in &’ 

3. From qi-2 to q1

4. Until Pi ≠ ∅

Adaptation procedure
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Adaptation problem

Given an LHA H, a PWL function f and a path & in H, construct 
a path &’ by preserving locations in & such that there exists an 

execution σ in H for &’ with d(f, σ)  ≤ ε

✤ Recall f ≡ p1,…, pm and & ≡ q1,…, qm

✤ Construct &’ = & 

✤ Compute iteratively the reachable switching sets Pi until emptiness

✤ If Pi = ∅, then:

1. Replace qi by q’i in &’
2. Replace qi-1 by q’i-1 in &’ 

3. From qi-2 to q1

4. Until Pi ≠ ∅

Adaptation procedure

Replacement consists of 2 different strategies:

1. Existing q’i with Flow(q’i) ≅ slope(pi)

2. New q’i with Flow(q’i) = slope(pi)



38

Adaptation problem

Given an LHA H, a PWL function f and a path & in H, construct 
a path &’ by preserving locations in & such that there exists an 

execution σ in H for &’ with d(f, σ)  ≤ ε

✤ Recall f ≡ p1,…, pm and & ≡ q1,…, qm

✤ Construct &’ = & 

✤ Compute iteratively the reachable switching sets Pi until emptiness

✤ If Pi = ∅, then:

1. Replace qi by q’i in &’
2. Replace qi-1 by q’i-1 in &’ 

3. From qi-2 to q1

4. Until Pi ≠ ∅

Adaptation procedure

Replacement consists of 2 different strategies:

1. Existing q’i with Flow(q’i) ≅ slope(pi)

2. New q’i with Flow(q’i) = slope(pi)

Modify the LHA H to include the location path $’.



39

Experiments
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16 M. Garćıa Soto et al.

Table 1. Synthesis results for three automaton models. The original model is shown in
blue. The synthesis result after 10 iterations is shown in bright red, and after another 90
iterations in dark red. On the bottom left we show three sample executions starting from
the same point (top: original model, bottom: synthesized model after 100 iterations).
We used " = 0.2 in all cases. Numbers are rounded to two places.
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ẋ = �1

x 2 [0.43, 9.87]
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the same point (top: original model, bottom: synthesized model after 100 iterations).
We used " = 0.2 in all cases. Numbers are rounded to two places.
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ẋ = �1

x 2 [0, 10]
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ẋ = 0

x 2 [5.17, 7.13]

x 2 [5.55, 9.02]

x 2 [6.31, 7.13]

x 2 [1.58, 5.06]

x 2 [5.17, 5.58]
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ẋ = 2

x 2 [�0.10, 9.87]
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ẋ = 0.00

x 2 [�76.04,�73.92]
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Fig. 5. Results for the cell model. Top: synthesized model using our algorithm. Bottom:
three input traces (left) and random simulations of the synthesized model (right).

Case study: online synthesis. We evaluate the precision of our algorithm by
collecting data from the executions of existing linear hybrid automata. For each
given automaton, we randomly sample ten executions and pass them to our al-
gorithm, which then constructs a new model. After that, we run our algorithm
with another 90 executions, but we reuse the intermediate model, thus demon-
strating the online feature of the algorithm. We show the di↵erent models for
three hand-crafted examples in Table 1, together with three sample executions.
We tried both sampling from random states and from a fixed state. The exam-
ples show the latter case, which makes sampling the complete state space and
thus learning a precise model harder.

The first example is a simple loop, for which a precise result is expected,
and indeed the algorithm performs very well. Observe that the invariants of
both modes are slightly bigger than in the original model, which is due to the
"-bloating (we used " = 0.2 in the experiments). The second example contains a
sink with two incoming edges, which requires at least two simulations to observe.
Consequently, the algorithm had to make use of the adaptation step at least once
to add one of the transitions. In the third example, some parts of the state space
are explored less frequently by the sampled executions. Hence the first model
obtained after ten iterations does not represent all behavior of the original model
yet. After the additional 90 iterations, the remaining parts of the state space have
been visited, which is reflected in the precise bounds of the resulting model.

Case study: cell model. For our case study we synthesize a hybrid automaton
from voltage traces of excitable cells. Excitable cells are an important class of
cells comprising neurons, cardiac cells, and other muscle cells. The main property
of excitable cells is that they exhibit electrical activity which in the case of
neurons enables signal transmission and in the case of muscle cells allows them
to contract. The excitation signal usually follows distinct dynamics called action
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ẋ = �0.76

x 2 [�6.05, 36.02]
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✤ Development of two automatic approaches for synthesizing linear hybrid 
automata from experimental data

✤ Nondeterministic guards and invariants

✤ Arbitrary number and topology of locations

✤ The synthesized automaton reproduce the data up to a tolerance 

✤ Both algorithms well-suited for online and synthesis-in-the-loop applications

✤ SMT-based approach minimizes the size of the model but it is feasible for limited 
data sets

✤ Membership-based approach trades-off between size and precision of the model
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