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Many aquatic animals, including larval zebrafish, exhibit intermittent locomotion, moving via discrete swimming
bouts followed by passive glides rather than continuous movement. However, fundamental questions remain
unresolved: What neural mechanisms drive this behavior, and what functional benefits does this behavior offer?
Specifically, is intermittent swimming more energy efficient than continuous swimming, and, if so, by what mech-
anism? Live-animal experiments pose technical challenges, because observing or manipulating internal physio-
logical states in freely swimming animals is difficult. Hence, we developed ZBot, a bioinspired robot that replicates
the morphological features of larval zebrafish. Embedding a network model inspired by neural circuits and kine-
matic recordings of larval zebrafish, ZBot reproduces diverse swimming gaits of larval zebrafish bout-and-glide
locomotion. By testing ZBot swimming in both turbulent and viscous flow regimes, we confirm that viscous flow
markedly reduces traveled distance but minimally affects turning angles. We further tested ZBot in these regimes
to analyze how key parameters (tail-beating frequency and amplitude) influence velocity and power use. Our re-
sults show that intermittent swimming lowers the energetic cost of transport across most achievable velocities in
both flow regimes. Although prior work linked this efficiency to fluid dynamics, like reduced glide drag, we iden-
tify an extra mechanism: better actuator efficiency. Mechanistically, this benefit arises because intermittent loco-
motion shifts the robot’s actuators to higher inherent efficiency. This work introduces a fishlike robot capable of
biomimetic intermittent swimming—with demonstrated energy advantages at relevant speeds—and provides

general insights into the factors shaping locomotor behavior and efficiency in aquatic animals.

INTRODUCTION
Bioinspired robots are valuable tools for investigating adaptive ani-
mal behaviors, including locomotion and sensory processing. They
allow researchers to embody neural mechanisms and systematically
study their effects under conditions analogous to natural systems
(1, 2). Zebrafish larvae, in particular, have emerged as a popular
model for studying adaptive behaviors, such as swimming and sen-
sory processing, because of experimental advantages like transpar-
ency, small brain size, ease of behavioral measurement, and tractable
genetic manipulation (3, 4). Mapping of their brainwide neural ac-
tivity has further uncovered key details about the neural circuits and
mechanisms governing locomotion (4-6). Although previous zebrafish-
inspired robots have been developed (7-10), to the best of our knowl-
edge, none integrate sensors or neural mechanisms—a critical gap
that limits systematic exploration of how these components drive
behavior. To fulfill this need, we created a larval zebrafish-inspired
robot, ZBot, that incorporates sensors including wattmeters and
cameras. We designed ZBot to serve as a platform for studying the
parameters controlling locomotion behaviors, to test hypothesized
neural mechanisms, and to evaluate how these mechanisms shape the
ZBot’s behavior through interactions with its body and environment.
Bout-and-glide swimming, also termed burst-and-coast or beat-
and-glide swimming, is a widespread intermittent locomotion strat-
egy observed across diverse aquatic organisms, including larval fish
(4, 11, 12), tuna (13), koi carp (14), red-nose tetra (15), and whales
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(16, 17). It is characterized by brief periods of body and tail undula-
tions followed by a passive gliding phase with a straight posture
(11, 18). Biological studies on zebrafish have identified partial neu-
ral mechanisms underlying this swimming mode, such as spinal
cord central pattern generators (CPGs) that produce rhythmic tail
movements and a supraspinal gating center that initiates CPG acti-
vation (4, 19). However, efforts to model the neural mechanisms driv-
ingbout-and-glide swimming remain limited (20), and investigations
of the effects of neural circuits on swimming behaviors with simula-
tions or robots are missing.

Aquatic animals that exhibit bout-and-glide swimming span a wide
range of body sizes, from small larval fish swimming in intermedi-
ate or viscous regimes with relatively low Reynolds (Re) numbers to
large koi carp, tuna, and whales swimming in turbulent flow regimes
with high Re numbers (21-25). However, the influence of different
hydrodynamic conditions on dynamic behavior during bout-and-
glide swimming remains unknown. A key technical challenge in
studying how size-related hydrodynamic conditions affect ZBot’s
swimming is that drastically altering the robot’s body size while pre-
serving other parameters like actuation and neural control is impossible.

Potential explanations have been proposed for why some fish use
intermittent instead of continuous swimming. One potential expla-
nation is that intermittent swimming improves perception because
of stabilized heading during gliding (26). Another is that intermit-
tent swimming improves the energy efficiency of swimming. The lead-
ing hypothesis is that bout-and-glide swimming enhances energy
transfer from kinematic tail movements to the dynamic displace-
ment of the body in liquid (14, 15, 27-30). This “fluid dynamics”
hypothesis has several variants (27, 30) but essentially proposes that
the straight tail posture during gliding phases reduces drag force and
hence saves energy. Here, we propose another, nonexclusive,
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hypothesis, which we call an “actuator efficiency” hypothesis: Bout-
and-glide swimming enhances energy transfer from electricity (or
chemical energy in fishes) to kinematic tail movement. In other
words, intermittent swimming allows fish to use their muscles in more
energy-efficient regimes than continuous swimming. Although the
notion that muscles (and electric motors) have nonlinear efficien-
cies in terms of payload and contraction velocities is well established
(31, 32), here, we explicitly formulated and tested this actuator effi-
ciency hypothesis for intermittent swimming, a context in which it
has not previously been examined.

This study, therefore, presents the development of ZBot, inspired
by zebrafish larvae. In terms of mechanisms, we present ideas to ad-
dress design challenges encountered in fishlike robots. We developed
a neural model for bout-and-glide swimming, informed by kine-
matic recordings of larval zebrafish locomotion (11). Beyond quali-
tatively replicating bout-and-glide swimming, this model generates
diverse bout-and-glide gaits that closely resemble those observed in
live larval zebrafish (11). This outcome establishes a foundation for
using the model in further investigations of larval zebrafish move-
ment behavior. For example, in a parallel study (26), we adapted and
integrated this bout-and-glide neural model into a complete senso-
rimotor neural circuit, enabling the use of simulations and robotic
experiments to study the building blocks of visuomotor behaviors.
To investigate why aquatic animals exhibit bout-and-glide swim-
ming over a wide range of body sizes, we leveraged the Re number,
which is proportional to body length (BL) and inversely proportion-
al to liquid viscosity. Instead of changing the robot’s size, we adjust-
ed the viscosity of the surrounding liquid. Thus, we evaluated ZBot’s
dynamic swimming behavior across three conditions: (i) water, (ii)
a moderately viscous liquid, and (iii) a highly viscous liquid. Testing
swimming in liquids of different viscosities, we show that increasing
the liquid viscosity rapidly decreases the traveled distance, whereas
it has much less effect on the turning angles. By conducting robotic
experiments, we established the connections between swimming
variables (tail-beating frequency, tail-beating amplitude, bout fre-
quency, and bout duration) and the resulting behaviors (swimming
velocity and turning angle) while swimming in liquids with various
viscosities. Last, we demonstrate that intermittent swimming leads
to a lower cost of transport (CoT) than continuous swimming, across
most of its achievable velocity range, in water and viscous liquids.
Our results suggest that the actuator efficiency hypothesis is valid
for all swimming regimes that we investigated (both viscous fluids
and water), whereas the fluid dynamics hypothesis was only con-
firmed for swimming in water (high-Re number swimming). The
energy efficiency advantage arises because intermittent locomotion
allows the robot’s actuators to operate within a regime of higher
inherent efficiency.

RESULTS

ZBot, a robot inspired by zebrafish larvae

ZBot is a robot that closely mimics key morphological features
(shape, center of mass, and segmental structure) of zebrafish larvae.
The larva was preferred to the adult zebrafish because many insights
about behaviors and neural circuits are derived from larval zebrafish
due to advantages including optical transparency, rapid generation
cycle, easy manipulation, permeability to small molecules, and cost-
effectiveness (33). In the current study, we used ZBot to investigate
swimming behavior. In our parallel investigations, we also used it to
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study other larval zebrafish behaviors, such as visuomotor process-
ing (26) and the vestibular system, thereby reducing the additional
costs associated with redeveloping the robotic platform.

To test hypotheses in robotics, it is essential to develop a robot
that sufficiently mimics the sensorimotor properties of the animal.
For example, studying visuomotor processing requires equipping the
robot with cameras, whereas investigating the vestibular system ne-
cessitates the use of an inertial measurement unit. To accommodate
these diverse needs, the robot should provide high flexibility in sen-
sor installation. In addition, it is important for the robot’s morphol-
ogy to closely resemble that of the real zebrafish larvae. Factors such
as shape, center of mass, and weight distribution must be considered
to ensure a realistic representation. As a scientific tool, the robot should
also prioritize maintenance-friendliness, reliability, and easy access
to its components for smooth experimentation and data collection.

To achieve a practical and functional design, we scaled the ro-
bot’s body by a factor of 200 (see Supplementary Methods), resulting
in an approximate length of 80 cm compared with the typical 4-mm
length of a zebrafish larva (Fig. 1, A and B, Movie 1). This scaled size
was chosen because it enables two key advantages: It accommodates
powerful actuators, provides ample internal space for integrating
sensors and a relatively heavy lithium polymer (LiPo) battery, and
prioritizes easy maintenance to allow researchers to access and ad-
just the robot’s components as needed (fig. S1). ZBot’s morphology
closely mirrors that of a larval zebrafish, comprising a head segment
(housing all essential electronics) and six tail segments actuated by
servomotors (Fig. 1C and fig. S2). Inside the head segment, we im-
plemented a three-layer sandwich configuration to organize the re-
quired electronics (Fig. 1D), including the central controller, onboard
camera, battery, power hub, remote control receiver, and wattmeter
(fig. S3), and this layout was designed for easy access and mainte-
nance to enable researchers to install new modules in future studies.
Through a remote controller, operators can adjust ZBot’s direction,
speed, and swimming mode (Fig. 1, E and F), and an onboard first-
person-view (FPV) camera transmits real-time video that operators
can view using goggles to inspect the environment (Fig. 1, E to G,
and movie S1). Beyond supporting remote control and environmen-
tal monitoring, this FPV subsystem also offers researchers an op-
portunity to experience the embodied sensation of swimming like a
fish. We also developed a software program that runs on an embed-
ded controller, specifically designed to execute the neural model
introduced in subsequent sections, and this program uses multiple
threads to enable faster processing and adaptability to various re-
search tasks (fig. S4).

Neural model underlying bout-and-glide swimming

Integrating insights from previous behavioral and modeling studies
(4, 11, 34-36), we introduce a computational neural model that can
accomplish bout-and-glide swimming (Fig. 2A). This model com-
prises six types of components: CPGs, a leaky integrator, a behavior
determinator, a bout gate, ventral spinal projecting neurons (vSPNs),
and motor neurons. The CPGs generate rhythmic tail undulations,
which are crucial for swimming propulsion (4, 36). To regulate the
activation of CPG outputs, we introduce a leaky integrator and bout
gate mechanism. The leaky integrator accumulates descending in-
puts from visual areas and triggers the bout gate to activate the
CPGs when it reaches a preset threshold. In real larval zebrafish, the
descending input of swimming is observed in visually responsive
neurons of the nucleus of the medial longitudinal fasciculus (37).
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Fig. 1. Overview and design features of ZBot. (A) Side and top views of a 5-day-old zebrafish larva. Green dot indicates the position of the center of mass. (B) Top and
side views of the ZBot. (C) Isometric view of the ZBot. Highlighted in green are the six serially linked segments forming six degrees of freedom. (D) ZBot contains a three-
floor electronic module inside the head module, allowing easy substitution of different electrical components. (E) ZBot's remote control operates through an FPV system,
allowing users to send commands, such as bout direction, via a remote controller to the robot’s onboard receiver. For an immersive experience, users wear FPV goggles
that display a live video feed from the onboard camera. (F) A user remotely controlling ZBot through this system. (G) Additional images showcase ZBot swimming in Lake
Léman and the Bief River (Vaud, Switzerland), including a third-person perspective and the live feed captured by the onboard camera.
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The bout gate controls the amplitude of CPG outputs, exhibiting a
fast rise and slow decay pattern [Fig. 2B and fig. S5, in which fig. S5
is adapted from Marques et al. (11)]. In addition, vSPNs play a key
role in directional tail bending during turn bouts (35). By specifically
modulating the vSPN outputs (Fig. 2C), the model performs either
forward (inactive vSPNs) or turning bouts (unilateral active vSPNS,
with a fast rise and slow decay pattern; Fig. 2, D and E). To generate
the fast rise and slow decay pattern for both bout gate and vSPNs, we
used low-pass—filtered exponential functions (Fig. 2, B and C).
Motor neurons convert neural signals to physical tail movement,

: g transmitting commands (desired joint angles) to the servomotors.
Zebrafish larvae Yo hest Together, these components form a neural framework for studying
and replicating the bout-and-glide swimming behavior observed
in larval zebrafish. We present the details of the neural model in
the Supplementary Materials and an example of the recorded inter-
nal states in data file S1. In this study, we focus on the neural model

Movie 1. Summary of study. Understanding the neural mechanism and energy
efficiency of intermittent swimming via a larval zebrafish-inspired robot (ZBot).
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Fig. 2. Neural model underlying bout-and-glide swimming. (A) The leaky integrator receives and accumulates descending inputs. The bout gate opens and initializes
a bout when the leaky integrator reaches a preset threshold. The behavior determinator selects a behavior from forward, leftward turning, and rightward turning bouts.
In the robot, an operator remotely controls the behavioral selection. The vSPNs contribute to the tail bias. In the spinal cord, the CPGs generate the rhythmic signals. The
motor neurons integrate inputs from the CPGs and vSPNs. The difference in outputs between left and right motor neurons controls the servomotors in the robot. (B) To
generate the periodic tail beating, the bout gate opens the CPG. The amplitude of the CPG output is defined by the output of an exponential function through a low-pass
filter. (C) Deactivated vSPN neuronal output and active vSPN neuronal output. (D) To generate a forward bout, the vSPN neurons on both sides of the body remain deac-
tivated. The motor neurons integrate the outputs from the CPG and vSPN on each side of the body. The servomotor output was calculated by taking the difference be-
tween the left and right motor neurons. (E) The generation of a turning bout is similar to the generation of the forward bout, except that the vSPN on one side of the body
generates an active output.
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responsible for generating bout-and-glide swimming. In a parallel
study from our group (26), we adapted and integrated this neural model
into a whole neural network for the optomotor response, a visuomo-
tor behavior assay used to investigate vision and brain function. In
that study, our emphasis was on visually guided behaviors and the
brain’s visuomotor neural circuits.

Reproduction of larval zebrafish-like

bout-and-glide swimming

We demonstrate that the neural model, when embodied in the ZBot,
can produce bout-and-glide swimming behavior that closely resem-
bles that of the real animal (Fig. 3, fig. S5, and movies S2 and S3). We
first conducted the swimming experiments in stationary water, a
harbor on Lake Léman (Vaud, Switzerland) (Fig. 3A). Compared

RN “\

Forward bout

(e

with a small pool, the wide-open water allowed the ZBot to perform
several bouts in sequence and minimized the influence of wave in-
terference, which could arise from the reflection of waves off a pool’s
walls, potentially affecting the ZBot’s swimming behavior. Figure 3B
shows recorded frames of a forward bout, a leftward turning bout,
and a rightward turning bout from the top view of a hovering cam-
era drone. During the experiments, we set the tail-beating frequency
(fre) to 1 Hz, the ratio of tail-beating amplitude to 1.0, the bout fre-
quency (fg) to 0.1 Hz, and the bout duration (Tg) to ~5 s, using these
parameters as the default setting. We qualitatively confirmed that
these parameters could generate larval zebrafish-like swimming be-
havior (Fig. 3, C and D). The results of head direction and tail-
segment angle (Fig. 3C) exhibit similar properties compared with
kinematic recordings of larval zebrafish (Fig. 3D and fig. S5, C and
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Fig. 3. Robotic bout-and-glide swimming driven by the neural model. (A) In the experiments, the robot swam in the harbor of Lake Léman (Vaud, Switzerland) under
remote control, such as swimming direction. (B) Frames of forward, leftward turning, and rightward turning bouts from a drone view. (C) Recorded head direction 6, and
accumulative segmental angles 0eq of a forward bout and rightward turning bout. The recorded data are presented in data file S2. With the embodiment of the neural
mechanism, the robot demonstrated kinematic behavior of bout-and-glide swimming similar to that of zebrafish larvae in (D). (D) Recorded head direction 6, and accu-
mulative segmental angles 65¢4 of a forward bout and rightward turning bout in zebrafish larva swimming.
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D). During a forward bout, we observed five tail-beating cycles with
a fast rise and slow drop in tail-segment angle amplitude. The head
direction remained constant after the bout phase. During a turn
bout, ZBot’s tail was maximally biased in the turn direction in the
first tail-beating cycle, completing the directional change within the
first tail-beating cycle, similar to real larval zebrafish (11). The bars
representing the temporal scale differ between the robot and the ze-
brafish larva. Despite the similarity mentioned above, there is a no-
table difference in bout-and-glide distance: Z-Bot’s bout-and-glide
distance is approximately three times its BL, which is longer than
that of zebrafish larvae—their typical bout-and-glide distance rang-
es from about 0.5 to 1 BL (11). In addition, fig. S6 displays the internal
state of the neural model in a forward bout, leftward turning bout,
and rightward turning bout.

Decreased bout-and-glide distance while swimming in
viscous liquid

The ZBot is ~200 times larger than zebrafish larvae, resulting in sub-
stantial differences in their respective Re numbers during swimming.
In water (viscosity = 1 cP), the ZBot operates in a turbulent flow
regime, with Re values ranging from 6.4 x 10* (during the slowest
bout-and-glide swimming) to 1.60 X 10° (during the fastest bout-
and-glide swimming). In contrast, zebrafish larvae exhibit bout-and-
glide swimming in an intermediate flow regime, with reported Re
values of 60 to 1400 (22). To test the ZBot in lower Re number re-
gimes, leveraging the inverse relationship between Re number and
fluid viscosity, we prepared liquids with moderate (213.9 cP) and high
(457.0 cP) viscosities in a small swimming pool. The moderately vis-
cous liquid enables the ZBot to swim under hydrodynamic condi-
tions similar to those of zebrafish larvae. We also tested the ZBot’s
swimming performance in a highly viscous liquid, because we sought
to investigate the robot’s dynamic behavior in viscous flow regimes.
The increased viscosity led to decreased bout distance, glide dis-
tance, bout-and-glide distance, and gliding ratio when swimming in
the viscous liquid (Fig. 4, A and B, and movie S4). In the moderately
viscous liquid, the ZBot achieved average swimming velocities from
0.01 to 0.12 m/s (about 0.01 to 0.15 BL/s, shown in Fig. 5D), corre-
sponding to Re values of 37.4 to 448.8, which aligns with the Re
number range of zebrafish larvae. Under default swimming param-
eter settings, the ZBots bout-and-glide distance in this moderately
viscous liquid was ~0.74 m (or 0.92 BL)—slightly shorter than its
BL, matching the forward bout-and-glide distance observed in ze-
brafish larvae (11), which is about 0.5 to 1 BL. In the highly viscous
liquid, the ZBot’s bout-and-glide swimming yielded average veloci-
ties from near zero to 0.05 m/s (near 0 to 0.06 BL/s), resulting in Re
values of 1 to 87.5, which fall close to the viscous flow regime (38).
In this highly viscous liquid, the ZBot exhibited near-zero gliding
after each forward bout. Compared with the marked influence on
the traveled distance, the influence on the turning angle of different
viscosities was much smaller. For example, with the default param-
eter settings, the ZBot displayed an average turning angle of 62.6° in
water, whereas in highly viscous liquid, the ZBot showed an average
turning angle of about 45.5° (Fig. 4, C and D, and movie S4).

Diverse kinematic outputs by manipulating the parameters
in the neural model

In addition to typical forward and turning bouts, zebrafish larvae
can perform a variety of swimming maneuvers (11). Similarly, the
neural model, through parameter manipulation, can produce diverse
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tail-beating patterns (Fig. 6, fig. S7, and movie S5). Figure 6 and
fig. S7 demonstrate the desired joint-angle outputs from the robotic
controller under various parameter settings. These include the ratio
of tail-beating amplitude, tail-beating frequency, bout frequency, bout
duration, and tail-beating bias (by modulating E,spno, which repre-
sents the initial value of the vSPN). Details of the neural model and
its parameters are provided in Supplementary Methods. Some of the
generated patterns resemble kinematic recordings of zebrafish larvae.
For example, varying the ratio of tail-beating amplitudes among
values of 0.33, 0.67, and 1 produces kinematic outputs that resemble
forward swimming gaits observed in zebrafish larvae: approach
swim, slow 1 swim, and slow 2 swim, respectively, as described by
Marques et al. (11). Similarly, tail-beating bias varies with E,spno:
Ratios of 0.8, 1, and 1.2 yield outputs resembling high-angle turn,
routine turn, and spot avoidance turn of zebrafish larvae, respec-
tively (11, 39). Bout frequency can also be modulated by descending
input (Fig. 6D).

Linking the bout-and-glide swimming parameters

to velocity

Parameters such as tail-beating frequency and amplitude can influ-
ence swimming velocity. However, only a few studies have focused
on bout-and-glide swimming (27). We evaluated the relationship
among average swimming velocities, power consumption, and vari-
ous swimming parameters while swimming in both water and
viscous liquids. Figure 5A and fig. S8 show the scenario of the ex-
periments in water and in viscous liquid, respectively. We describe
the details of the experimental setting in Materials and Methods.

Specifically, we systematically examined the effects of different
parameters, including tail-beating frequency, ratio of tail-beating
amplitude, bout frequency, and bout duration, on swimming veloci-
ties (Fig. 5B). During tests evaluating the effects of a single param-
eter, we held the other parameters constant. We also conducted
experiments to measure the average velocity of ZBot while swim-
ming in viscous liquids (see Supplementary Methods for the mea-
surements). Figure 5C shows an example of recorded velocity using
the default swimming parameter setting while swimming in water.
The recorded (instantaneous) velocity demonstrates a rapid rise and
gradual decline within each bout cycle. During the bout phase, the
velocity exhibits periodicity, likely because of self-motion induced
by tail beating along the anterior-posterior axis. Figure 5D presents
the velocity as a function of tail-beating frequency, tail-beating am-
plitude ratio, bout frequency, and bout duration, respectively. We set
the ranges for each parameter within the limits of the servomotor
power output. The velocity increases with the increment of each pa-
rameter. Among these parameters, increasing bout frequency shows
a trend toward higher average swimming velocity compared with
the other parameters. In all experiments, the increment was less
substantial for higher viscosities. This may be attributed to increased
drag forces with higher swimming velocities. In addition, exces-
sively high amplitudes result in excessive bending, leading to inter-
nal body collisions and a loss of propulsive forces. We did not test
the effects of bout frequency under viscous liquid conditions be-
cause the swimming pool was too small. The data can be found in
data file S4.

Figure S9 displays the average turning angle as a function of the
initial value of the exponential function of vSPN (Eyspno) during
bout-and-glide swimming. In the experimental setup, a camera
drone hovered midair to capture videos of the robot performing
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Fig. 4. Increased viscosity drastically reduces bout distance, glide distance, and gliding ratio but minimally affects turning angle. (A) Frames of the ZBot perform-
ing bout-and-glide swimming in water (W, 1 cP), moderately viscous liquid (MV, 213.9 cP), and highly viscous liquid (HV, 457.0 cP), enabling swimming in the turbulent
flow regime, intermediate flow regime, and viscous flow regime, respectively. Dashed lines mark the starting position of each bout or glide. (B) Increased viscosity drasti-
cally reduces bout distance, glide distance, and gliding ratio. Each data point has a sample size of three. (C) Frames of the ZBot executing turning bouts in water and
highly viscous liquid. (D) The effect of viscosity on turning angle is substantially smaller than its effect on the distance in (B). We collected 13 and 6 samples for the turning

bouts in water and highly viscous liquid, respectively. Movie S4 shows the corresponding videos.
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Fig. 5. Robotic experiments relate average swimming velocity and power consumption to key swimming parameters in bout-and-glide swimming. (A) Experi-
mental setup for water-based trials: A camera drone hovers overhead to record ZBot swimming; under remote control, the robot traverses from left to right across the
camera view and returns left, with its trajectory marked by a red line and bout start positions indicated by green dots. (B) Definition of swimming parameters: tail-beating
frequency, tail-beating amplitude ratio, bout frequency, and bout duration. (C) Example of recorded velocity during six forward bouts (default parameters and water). A
zoomed view reveals periodic velocity oscillations during the bout phase, characterized by a rapid rise and gradual decline in velocity, mirroring the trend of tail-beating
amplitude (see Fig. 3C). (D) Average swimming velocity analyzed as a function of the four swimming parameters: Velocity increases with higher values of each parameter,
although the rate of increase diminishes; average velocity also rapidly decreases with rising liquid viscosity. (E) Example of recorded power consumption during six bouts
(water). A zoomed view shows periodic power oscillations during the bout phase, following a trend similar to tail-beating amplitude. (F) Average power consumption
analyzed as a function of the four swimming parameters: Power consumption increases with higher values of each parameter, and rising viscosity leads to a slight increase
in power consumption. Vertical bars in (D) and (F) represent SD; raw recorded data are provided in data files S4 and S5. Each data point has a sample size of 6 to 17.
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Fig. 6. Diverse kinematic output from the robotic controller by manipulating neural model parameters. (A) Swimming parameters include the ratio of tail-beating
amplitude (kr) and initial value of vSPN (E,spno). The former determines the tail-beating amplitude, and the latter determines the bias of the tail in turning bouts. (B) Kine-
matic output driven by different ratios of ky: Ratios of 0.33, 0.67, and 1 produce kinematic outputs resembling approach swim, slow 1 swim, and slow 2 swim of zebrafish
larvae, respectively (17). (C) Kinematic output driven by different ratios of E,spno (influencing the tail bias): Ratios of 0.8, 1, and 1.2 yield outputs intuitively similar to high-
angle turn, routine turn, and spot avoidance turn of zebrafish larvae, respectively (77). (D) Bout frequency can be modulated by the descending input (see Fig. 2A). Ex-
ample videos driven by the aforementioned kinematic outputs can be seen in movie S5. The detailed kinematic data are presented in data file S3.

leftward turning bouts under remote operation. The trajectories of
the robot are marked by a red line, with green points indicating the
start of each bout. A total of ~20 bouts were performed per trial. Tail
bias was modulated by varying E,spno on the ipsilateral side of the
turning direction.

Linking the bout-and-glide swimming parameters to

power consumption

We recorded the power consumption of the ZBot while systemati-
cally varying parameters, including tail-beating frequency, ratio of
tail-beating amplitude, bout frequency, and bout duration, for swim-
ming in both water and viscous liquid. Figure 5E displays an exam-
ple of the recorded power consumption during a forward bout of the

Liu et al., Sci. Robot. 11, eadw7868 (2026) 28 January 2026

ZBot using the default parameter setting in water. Upon closer ex-
amination, the power consumption amplitude rises quickly after the
initiation of a bout and then gradually decreases. This trend is simi-
lar to the tail-beating amplitude shown in Fig. 3C and instantaneous
velocity shown in Fig. 5C. Power consumption exhibits periodic
behavior during a bout because of varying power requirements during
the tail-beating cycle. During the gliding phase, a constant stand-
by power consumption of ~3 W was observed, used to power the
microcontrollers of the servomotors. Figure 5F shows power con-
sumption to be a function of tail-beating frequency, tail-beating am-
plitude ratio, bout frequency, and bout duration, respectively. These
figures reveal that power consumption increases with higher values
of these parameters. The data can be found in data file S5.
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Linking the continuous tail-beating swimming parameters
to average velocity and power consumption

To compare intermittent and continuous swimming, we modified
the neural model by keeping the bout gate constantly open, enabling
continuous swimming behavior in the ZBot (see movie S6 and Sup-
plementary Methods). Figure S10A illustrates the experimental sce-
nario, with a camera drone filming the ZBot from above. During the
experiments, we systematically varied the tail-beating frequency and
amplitude while the robot engaged in continuous swimming (fig. S10B).
Under remote operation, the ZBot followed a trajectory from left
to right in the camera view and then back to the left, as depicted
by the red line. To assess velocity, we recorded the ZBot’s position
every 5 s, marked by green dots in fig. SI0A. Figure S10C presents
the measured instantaneous velocity of the ZBot, displaying fluc-
tuations due to differences in the phase of tail beating. In fig. S10D,
we show the average swimming velocity as a function of the tail-
beating amplitude ratio at different tail-beating frequencies. The
results demonstrate an increase in average velocity with higher
tail-beating amplitude and frequency. However, the rate of incre-
ment decreases as these parameters continue to increase. This
trend is similar to what we observed in bout-and-glide swimming
in Fig. 5D. In addition, fig. S10E displays the measured instanta-
neous power consumption, again showing fluctuations related to
the phase differences in tail beating. Last, fig. S10F presents the
average power consumption as a function of the ratio of tail-
beating amplitude and tail-beating frequency. The increment of
either the tail-beating amplitude or the frequency increases the
average power consumption. The detailed data can be found in
data files S6 and S7.

Bout-and-glide swimming delivers better energy efficiency
at its achievable velocity range

Using the datasets on-average velocity and power consumption pre-
sented in Fig. 5 and fig. S10, we calculated the CoT and plotted CoT
against swimming velocity for both bout-and-glide swimming and
continuous swimming (Fig. 7A; see Supplementary Methods for
calculation details). To generate fitted curves for each swimming
mode, we first identified minimum CoT points using a convex hull
algorithm and then fit a quadratic polynomial via least squares re-
gression to capture the velocity-CoT relationship (see Materials and
Methods for details). Fitted curves for both swimming modes re-
veal U-shaped CoT curves, each consisting of two phases: a decre-
ment phase (CoT decreases as velocity increases) and an increment
phase (CoT increases as velocity continues to rise). For bout-and-
glide swimming, the velocity corresponding to minimum CoT
occurs at ~0.18 BL/s; in contrast, the velocity corresponding to
minimum CoT for continuous tail beating occurs at ~0.3 BL/s. At
all reachable velocities for bout-and-glide swimming (<0.32 BL/s),
the ZBot exhibited lower CoT during bout-and-glide locomotion
compared with continuous tail beating, even when achieving simi-
lar swimming velocities. However, the limited duty cycle of tail
beats in bout-and-glide mode prevents the robot from reaching
high velocities (>0.32 BL/s) with this locomotion strategy. While
swimming in viscous liquids, the ZBot exhibited a monotonically
decreasing CoT, a distinct departure from the U-shaped CoT
curves observed in water. Even with this altered CoT profile, the
ZBot still achieved lower CoT when using bout-and-glide swim-
ming compared with continuous tail beating, as shown in Fig. 7
(B and Q).
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Bout-and-glide swimming improves actuator

operating efficiency

In fishlike swimming, two critical phases of energy transfer govern
efficiency: For our robot, these include the conversion of electrical
power to the kinematic motion of tail segments and the conversion
of this kinematic motion to dynamic body displacement. The first
phase is primarily dictated by actuator efficiency. For contextual
clarity, we plotted energetic efficiency as a function of the ratio rela-
tive to maximum payload for two systems: the Dynamixel XM430-
W210-R servomotor [used in our experiments, with data from
the manufacturer’s database (31) shown in Fig. 7D(i)] and mouse
soleus and extensor digitorum longus (EDL) muscles [as reported
by Smith et al. (32); Fig. 7E]. For the servomotor data, the hori-
zontal axis represents the ratio relative to maximum torque [esti-
mated at 2 Nm (dynamic torque) from the datasheet (31)]. The
torque has a near-linear relationship to the power input. The
efficiency of the servomotors shows a similar trend compared
with the biological muscles, because both actuators exhibit high
energetic efficiency in the mid-range of the payload regime. In
contrast, efficiency decreases at both low and high payload ranges
for both actuators.

As discussed in the Introduction, so far, the energy efficiency of
intermittent swimming has been attributed mainly to a fluid dy-
namics hypothesis, namely, the proposition that the straight-tail
posture during gliding phases reduces drag force (14, 15, 28-30).
Here, we proposed and tested an alternative actuator efficiency hy-
pothesis, namely, that intermittent swimming allows fish and robots
to use their actuators in more energy-efficient regimes than con-
tinuous swimming. To verify whether bout-and-glide swimming
reduces CoT by improving actuator efficiency, we analyzed the
electrical power input of servomotors and selected representative
data points for each swimming mode, corresponding to low, moder-
ate, and high average swimming velocities. We also estimated servo-
motor energy efficiency during swimming by combining recorded
electrical power consumption with the manufacturer-provided
payload-efficiency relationship. Increasing ZBot’s average swim-
ming velocity was associated with higher servomotor payload—an
example of this is servomotor 5 (the fifth motor from the head)
shown in (ii) and (iii) of Fig. 7D. We selected this motor because it
exhibits a wide range of power inputs (from low to high), making it
representative of actuator behavior across different conditions. Fig-
ure 7F displays the recorded power input and estimated energy ef-
ficiency of servomotor 5 over a 5-s swimming interval for both
bout-and-glide and continuous tail-beating swimming. The ser-
vomotor’s power input shows an oscillatory pattern, with a mini-
mum value near zero, and this oscillation in power input generates
a corresponding oscillatory pattern in energy efficiency. For both
swimming modes, increasing swimming velocity (typically driven
by a larger tail-beating amplitude and higher tail-beating frequen-
cy) was associated with higher energy efficiency. Figure 7G com-
pares the average energy efficiency of the selected data points for
both swimming modes, confirming that higher velocity improved
the overall energy efficiency of servomotor 5 in our experiments.
Last, we compared the overall energy efficiency of all servomotors
between bout-and-glide and continuous tail-beating swimming at
matched average velocities (shown in Fig. 7H). This analysis re-
veals that, at similar average velocities, servomotors exhibit higher
energy efficiency during bout-and-glide swimming than during con-
tinuous tail beating.
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Fig. 7. Bout-and-glide swimming enhances energetic efficiency in the ZBot. (A) Robotic CoT across different swimming velocities for bout-and-glide (B&G) swimming
and continuous tail beating in water; fitted curves for both modes exhibit a U shape (only filled data points were used to generate lines), with bout-and-glide swimming
yielding lower CoT than continuous tail beating across most of its achievable velocity range (B1, B2, and B3 = selected bout-and-glide data points at low/moderate/high
velocities; C1, C2, C3, and C4 = selected continuous tail-beating data points at low-to-high velocities). (B and C) Robotic CoT across different swimming velocities for bout-
and-glide swimming and continuous tail beating in moderate and high viscous liquid swimming. The fitted curves demonstrate a monotonic decrease with higher aver-
age velocity. (D) (i) Energetic efficiency of the ZBot's servomotor; (ii and iii) payload distribution of tail servomotor 5 corresponding to the selected data points in (A);
ratio = 1 indicates a payload of 2.0 Nm. (E) Energetic efficiency of biological soleus and EDL muscles where both servomotors and biological muscles exhibit higher effi-
ciency in the midrange of their payload regimes (raw data in data file S8). (F) Recorded electrical input power and estimated efficiency of servomotor 5 during swimming,
showing an oscillatory pattern with power and efficiency minima near zero. (G) Estimated efficiency of servomotor 5, which increased with rising swimming velocity.
(H) Estimated average efficiency of all tail servomotors, which increased with rising swimming velocity. At matched average velocities, bout-and-glide swimming enhanced
the average efficiency of the ZBot's servomotors relative to continuous tail beating. Recorded data are provided in data files S8 to S10.
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Energy efficiency during swimming in intermediate flow
regime and viscous flow regime

Zebrafish larvae operate in intermediate-Re number regimes. To
investigate how hydrodynamic conditions affect energy efficiency
across swimming modes, we compared the energy consumption of
intermittent versus continuous swimming in the moderately viscous
(213.9 cP) and highly viscous (457.0 cP) liquids. Figure 7 (B and C)
shows the velocity-CoT relationships for these conditions, with fit-
ted curves characterizing the patterns. Unlike in water, in viscous
liquids across the tested velocities, the CoT fitted curves for both
swimming modes decrease monotonically with increasing average
velocity. This divergence likely arises from differences in drag force
scaling: In intermediate and viscous flow regimes, drag is propor-
tional to velocity (rather than velocity squared, as in turbulent water
flow), slowing the rate of drag increase.

Servomotor internal states—including power input and estimated
efficiency trends—remained consistent with those observed in wa-
ter. Increasing velocity elevated motor payload, as shown by torque
outputs from servomotor 5 [(ii) and (iii) of figs. SI1B and S12B].
Input power and estimated efficiency of servomotor 5 during swim-
ming in moderately and highly viscous liquids are displayed in
figs. S11C and S12C, respectively. Figures S11D and S12D show that
servomotor efficiency rises with swimming velocity, with figs. S11E
and S12E further demonstrating that higher velocities enhance over-
all efficiency across all servomotors. Critically, across both viscous
liquids, ZBot achieved higher energy efficiency during bout-and-
glide swimming than during continuous tail-beating swimming at
matched velocities (figs. S11F and S12F). Given that gliding distance
shortens rapidly with increasing viscosity (and decreasing Re number),
as shown in Fig. 4, the improved energy efficiency during swimming
in viscous liquid can mainly be attributed to bout-and-glide swimming
enhancing actuator efficiency, such as our actuator efficiency hypoth-
esis, as demonstrated in figs. S11F and S12F. The fluid dynamics hy-
pothesis contributes to efficiency gains in water but can hardly explain
efficiency gains in highly viscous fluids, because gliding distance is
near zero and thus cannot contribute meaningful drag reduction.

DISCUSSION

In this work, we developed a larval zebrafish-inspired robot, ZBot,
to systematically test neural control models and their effects on lo-
comotion. Despite size differences between ZBot and larval zebrafish,
the robot successfully replicated larval zebrafish-like bout-and-glide
swimming, relying on the bout-and-glide neural model proposed in
this study. The viscosity of liquid markedly shortened the traveled
distance of bout-and-glide swimming while minimally influencing
the turning angle. We evaluated how various parameters—including
tail-beating frequency, tail-beating amplitude, bout frequency, and
bout duration—affected both swimming velocity and power con-
sumption. In addition, we investigated and compared the CoT dur-
ing bout-and-glide swimming versus continuous swimming. The
findings show that bout-and-glide swimming outperformed con-
tinuous tail-beating swimming in terms of energetic efficiency across
its achievable velocities (below 0.32 BL/s for our robot), because in-
termittent locomotion constrains the robot’s actuators to operate
within a regime of higher inherent efficiency. However, because of
the limited duty cycle of tail beating in bout-and-glide swimming,
the robot could not achieve high swimming velocities (above 0.32 BL/s
for our robot) using this locomotion mode.

Liu et al., Sci. Robot. 11, eadw7868 (2026) 28 January 2026

Aquatic animals, including zebrafish larvae, exhibit various
swimming gaits, such as forward bouts with different velocities and
distances as well as turning bouts (11, 37). A fundamental question
arises regarding the mechanisms underlying the generation of these
diverse gaits. Our abstract neural model in Fig. 2 demonstrates the
capability to generate both forward bouts and turning bouts (Fig. 3),
and by modifying the parameters, the model allows the robot to ex-
hibit bouts with different swimming velocities (Fig. 5). Our model
provides a potential explanation of gait generation from an engineer-
ing perspective. Our study also demonstrates that the neural model
for bout-and-glide swimming can be compared with the CPG model
that can generate continuous tail-beating swimming. The main dif-
ference is that the model for bout-and-glide swimming requires an
additional bout gate to regulate the time-varying amplitude of CPG
output. In the zebrafish larvae, the generation of different gaits may
involve distinct neuron types and circuits, recruiting different motor
neurons in the spinal cord (4). For instance, routine turning with
smaller turning angles involves vSPNs (35), whereas escapes with
larger turning angles require Mauthner neurons (40, 41). Also, it is
known that different CPG subcircuits are activated for different
speeds in adult zebrafish (42).

Beyond qualitatively generating bout-and-glide swimming, our
model demonstrates the ability to produce diverse kinematic out-
puts through parameter manipulation (Fig. 6 and fig. S7). Some of
these outputs resemble kinematic recordings of specific gaits ob-
served in the bout-and-glide swimming of zebrafish larvae (1I). In
addition, the model can generate bouts with a wide range of fre-
quencies by modulating the descending input (Fig. 6D and fig. S7E).
This capability not only provides insights into the underlying neural
mechanisms from an engineering perspective but also makes the
robot a valuable tool for investigating various intelligent behaviors
of zebrafish larvae. Zebrafish larvae exhibit different swimming be-
haviors, such as forward or turning bouts, and adjust their bout fre-
quency in response to external sensory inputs, such as visual stimuli
(3). A notable example is the optomotor response, where zebrafish
larvae tend to turn and follow ground-based visual stimulation
(5, 35). Leveraging the properties of our neural model, we conduct-
ed a parallel study to investigate the optomotor behavior of zebrafish
larvae (26).

We further investigated energetic efficiency using the developed
ZBot. Many studies argue that bout-and-glide swimming is more
energy efficient than continuous swimming (14, 15, 27-30). Parallel
to our work, two recent studies on fishlike robots also demonstrated
the energy efficiency benefits of bout-and-glide swimming (27, 43)
(in water, without tests in viscous liquids). Our results in Fig. 7A
show that the robot achieved better overall energy efficiency with
bout-and-glide swimming compared with continuous tail-beating
swimming—consistent with findings from robotic experiments and
observations in fishes mentioned above. These trends also resemble
the CoT patterns seen in animal locomotion, such as fast fish swim-
ming (44, 45) and horse walking or trotting (46, 47).

When considering the energy efficiency of fishlike swimming,
two crucial energy transfer processes occur during locomotion: The
first is the transfer of chemical energy (in fish) or electrical power
(in robotic fish) into kinematic tail beatings; the second is the trans-
fer of kinematic tail beatings into body displacements in water. All
previous studies have focused only on the second process, positing
that the straight tail posture during the gliding phase helps reduce
fluid drag (15, 27, 29, 43), which we call the fluid dynamics

120f 15

920z ‘Gz ARe|Nl uo (noyzbuens)) ABojouyde | pue 8duB 1S Jo A1sieaiun Buoy BuoH ay] e Hi0:eousios mmmy/sdiy woly papeojumoq



SCIENCE ROBOTICS | RESEARCH ARTICLE

hypothesis. In contrast with prior work, we proposed and tested an
alternative actuator efficiency hypothesis, namely, that inter-
mittent swimming allows fish and robots to use their actuators in
more energy-efficient regimes than continuous swimming. We found
that bout-and-glide gaits constrained the robot’s actuators to op-
erate within a regime of inherently higher efficiency. This held true
for swimming in both water and viscous liquids, as shown in Fig. 7
and figs. S11 and S12. When ZBot swam in viscous liquids, the CoT
trend decreased monotonically with increasing velocity for the velocity
range that we explored (figs. S11 and S12)—a departure from the U-
shaped CoT trend observed in water. This result aligns with monotoni-
cally decreasing patterns seen in slow fish swimming (44). The
difference likely arises from how drag scales with velocity: In water, ZBot
swam faster, and drag was proportional to velocity squared, leading to
sharp CoT increases at high speeds; in viscous liquids, ZBot swam slow-
er, and drag was approximately proportional to linear velocity.

Although animal experiments, robotic studies, and simulations
have all demonstrated that bout-and-glide swimming contributes to
energy transfer from kinematic tail movement to dynamic body
displacement in turbulent flow regimes (Re number > 1000)
(14, 15, 28-30), this energy efficiency is typically attributed to the
straight tail posture reducing drag during gliding. This mechanism,
however, may not hold in viscous flow regimes. Our results in Fig. 4
show that increasing viscosity rapidly shortens the gliding distance;
in highly viscous liquids, the gliding distance nearly disappears en-
tirely. This phenomenon has also been observed in zebrafish swim-
ming, where the proportion of distance covered during gliding is
only about 10% (11). Thus, in viscous flow regimes, such as when
our robot swims in viscous liquids or when small organisms like
zebrafish larvae swim, the primary contribution of bout-and-glide
swimming to energy efficiency lies in optimizing actuators (or bio-
logical muscles, in the case of zebrafish) to operate within a higher-
efficiency regime. In summary, the fluid dynamics hypothesis is
valid in high-Re number swimming, whereas our actuator efficien-
cy hypothesis is valid for both high- and low-Re number swimming.

Instead of the hill-like relationship, which is analogous to the
efficiency-payload (torque) relationship of actuators shown in
Fig. 7D(i), the velocity efficiency of the actuators exhibited a mono-
tonic increase across most of the range tested in our study, as
depicted in Fig. 7, G and H. It is likely that this efficiency curve would
have declined for higher payloads, but we did not investigate higher
swimming velocities to avoid large tracking errors (servomotors not
being able to precisely follow the commands from the neural model)
and risk damaging the motors.

Although we demonstrate that bout-and-glide swimming can
enhance energetic efficiency, many aquatic creatures, both as small
as the larval zebrafish such as Danionella (24, 25) and as large as
adult zebrafish and salamanders (4, 36), rely mainly on continuous
tail beating for propulsion. Our results suggest that these different
swimming preferences might be explained by differences in muscle
properties and in their efficiency curves with respect to payload. For
instance, adult zebrafish have three distinct muscle fiber types: red,
white, and intermediate pink, unlike larval zebrafish, which have
mainly the white fiber type (4, 48). The red fibers are aerobic and
rich in myoglobin, whereas the white fibers are anaerobic, large-
diameter fibers. These specialized properties allow adult zebrafish to
perform low-force, sustained movements or powerful, short-duration
bursts. In the case of adult zebrafish, selectively recruiting specific
muscle fibers may therefore be sufficient to optimize energetic
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efficiency across the necessary range of swimming velocities and be
a good alternative mechanism to switching between intermittent
and continuous swimming.

Our robot enables qualitative reflection of energetic efficiency in
fish swimming but is limited in its ability to replicate this efficiency
quantitatively, primarily because of fundamental differences in me-
chanical design and biological mimicry between the robot and real
fishes. These differences directly affect how energy is stored, trans-
ferred, and conserved during locomotion, which is core to swim-
ming efficiency. In real fish, energetic efficiency is strongly enhanced
by integrated passive mechanical systems: Structures like skin, mus-
cles, and tendons work in tandem to provide dynamic elasticity and
damping (46). During tail undulation, for example, fish muscles and
tendons absorb energy as the tail flexes and then release this stored
energy as the tail reextends to a straight position, effectively recy-
cling energy across each undulation cycle. Even as the amplitude of
tail beats (bouts) decays, the fish’s tail leverages passive elasticity-
damping properties to return to a neutral straight posture without
additional energy input, minimizing waste. Although the robot’ tail
can store limited energy via an elastic thermoplastic polyurethane
tube, which deforms to retain small amounts of mechanical energy
during tail movement, this capacity pales in comparison with the
integrated energy storage systems of a biological fish body. Future
work should use soft actuators, such as dielectric elastomer actua-
tors and pneumatic artificial muscles (49-51), to investigate how to
better replicate the viscoelastic properties of real fish.

MATERIALS AND METHODS

Robotic swimming experiments in a lake

We conducted swimming experiments in Port du Bief, a harbor on
Lake Léman, chosen for its wide water area that minimized wave
disturbances from the robot’s movement. We checked weather fore-
casts beforehand to ensure wind speeds below 5 km/hour, maintaining
calm water conditions and stable hovering for the recording drone.
We used a DJI Mini-2 drone equipped with a gimbal-stabilized, low-
distortion camera (83° view angle) to capture video at 30 frames per
second and 4K resolution; we set a 1/1000- to 1/2000-s shutter time
and ISO 100 to reduce motion blur. We marked the ZBot with a
Swiss cross on the head (for position tracking) and six black dots on
the tail joints (for kinematic analysis), adjusting the drone’s height
on the basis of tracking needs: 14 m for wide-view recording of con-
tinuous bouts and 6 m for clear visualization while recording the
tail-segmental angles (capturing one or two bouts per recording).
We corrected for drone drift (about 0.5 m) using the dock tip as a
reference and adjusted the robot’s measured velocity to account for
left-right water flow by averaging bidirectional velocities [fig. S8 (A
and B)]. We measured power consumption of all motors with a cali-
brated SEN0291 wattmeter (DFRobot, INA219 chip, 50-Hz sam-
pling) connected in series with the servomotors, deducting 3.0 W
(constant electronic power for six motors) to isolate movement-
related power use. For each parameter setting, we collected 6 to 17
samples for bout-and-glide swimming and 10 to 29 samples (each
sample was 5 s) for continuous swimming.

Robotic swimming experiments in lab swimming pool

We performed two sets of lab experiments: swimming experiments
to estimate motor efficiency in an indoor pool (6 m by 2 m with
0.3-m water depth) and viscous liquid trials in a smaller family/
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infant-sized pool (2.2 m by 1.5 m with 0.2-m water depth). For viscous
liquid trials, we tested both bout-and-glide and continuous tail-
beating swimming by releasing the robot from one side of the pool
and letting it swim freely. In both moderately (213.9 cP) and highly
(457.0 cP) viscous liquid, the ZBot could complete a single bout fol-
lowed by a glide phase that ended in a full stop regardless of pa-
rameter settings, so we conducted three trials per setting (consistent
performance) to calculate average velocity. For continuous swim-
ming in both viscous liquids, the robot maintained locomotion for
more than 6 s, enabling reliable measurement of sustained perfor-
mance. We used the same power measurement method as in the
lake experiments and fixed the DJI Mini-2 drone to the ceiling (pro-
pellers disabled) for stable tracking. For motor efficiency estimation,
we recorded the input current of each motor by reading its internal
states that feed back from each servomotor. We conducted one trial
per parameter setting, because these measurements capture inter-
nal states with high consistency. We excluded motor 1 from effi-
ciency calculations because of abnormal currents observed under very
low-payload conditions (e.g., tail-beating frequency of 0.2 Hz).

Statistical analysis

All figures in this study were generated using Microsoft Excel, ex-
cept for Fig. 7 (A to C) and figs. S11A and S12A. For these latter
figures, where the velocity-CoT relationship is visualized, the trend
line was estimated via a two-step process. First, a convex hull algo-
rithm was applied to the dataset to construct the smallest convex
polygon enclosing all data points, with points on the polygon’s low-
er boundary selected as fitting candidates. This is a critical step be-
cause we used an enumeration method to test tail-beating amplitude
and frequency combinations, some of which yielded poor energetic
performance, such as abnormally high energy consumption and
CoT, that required exclusion to avoid biasing the trend line. Second,
a quadratic polynomial was fitted to these lower boundary points
using least-squares regression, chosen for its ability to capture the
characteristic U-shaped relationship between CoT and velocity (a
well-documented pattern in locomotion energetics). The resulting
line was plotted to provide a smooth, continuous representation of
the velocity-CoT trend, facilitating clearer visualization and inter-
pretation. This two-step method ensures that the trend line is ro-
bust, minimizes the influence of outlier points from suboptimal
amplitude-frequency combinations, and accurately reflects the da-
taset’s underlying pattern.

Error bars in all figures represent SDs of the measured data, and
95% confidence intervals were calculated on the basis of the SD to
further characterize the statistical reliability of the mean values. For
each data point displayed with error bars, sample sizes differed by ex-
perimental condition: 6 to 17 for bout-and-glide swimming trials con-
ducted in a lake, 3 for bout-and-glide swimming trials conducted in a
laboratory swimming pool, and 10 to 29 for continuous tail-beating
swimming trials conducted in a lake. The SD values were computed
directly using Excel’s built-in “STDEV.S” function or the pandas open-
source Python library via the pandas.DataFrame.std.() function.
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