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Bollu T, Whitehead SC, Prasad N, Walker J, Shyamkumar N,
Subramaniam R, Kardon B, Cohen I, Goldberg JH. Automated
home cage training of mice in a hold-still center-out reach task. J
Neurophysiol 121: 500-512, 2019. First published December 12,
2018; doi:10.1152/jn.00667.2018.—An obstacle to understanding
neural mechanisms of movement is the complex, distributed nature of
the mammalian motor system. Here we present a novel behavioral
paradigm for high-throughput dissection of neural circuits underlying
mouse forelimb control. Custom touch-sensing joysticks were used to
quantify mouse forelimb trajectories with micron-millisecond spatio-
temporal resolution. Joysticks were integrated into computer-con-
trolled, rack-mountable home cages, enabling batches of mice to be
trained in parallel. Closed loop behavioral analysis enabled online
control of reward delivery for automated training. We used this
system to show that mice can learn, with no human handling, a
direction-specific hold-still center-out reach task in which a mouse
first held its right forepaw still before reaching out to learned spatial
targets. Stabilogram diffusion analysis of submillimeter-scale micro-
movements produced during the hold demonstrate that an active
control process, akin to upright balance, was implemented to maintain
forepaw stability. Trajectory decomposition methods, previously used
in primates, were used to segment hundreds of thousands of forelimb
trajectories into millions of constituent kinematic primitives. This
system enables rapid dissection of neural circuits for controlling
motion primitives from which forelimb sequences are built.

NEW & NOTEWORTHY A novel joystick design resolves mouse
forelimb kinematics with micron-millisecond precision. Home cage
training is used to train mice in a hold-still center-out reach task.
Analytical methods, previously used in primates, are used to decom-
pose mouse forelimb trajectories into kinematic primitives.

joystick; motor primitives; mouse forelimb; reach

INTRODUCTION

An infamous problem in motor control is “the curse of
dimensionality”: a hand in motion sweeps through a near-
infinite continuum of possible trajectories, making motor con-
trol seem intractably high dimensional (Bernstein 1967; Shad-
mehr and Wise 2005; Woodworth 1899). One solution is to
construct movement from a discrete set of elementary building
blocks, or motion primitives (Flash and Hochner 2005; Mussa-
Ivaldi et al. 1994). For example, when you draw the letter N
you carve a complex path through space, but N can be decom-
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posed into three distinct strokes, or kinematic primitives, each
with only a few parameters such as direction, speed, and
duration (Flash and Hogan 1985; Milner 1992; Viviani and
Terzuolo 1982) (Fig. 1, A-C). Motor primitives are abnormally
generated and sequenced in disorders such as stroke, dystonia,
and Parkinson’s (Desmurget et al. 2004; Inzelberg et al. 1995;
Majsak et al. 1998; Rohrer et al. 2004), yet precise circuits that
generate primitives, determine their kinematics, and sequence
them into a trajectory are poorly understood (Giszter 2015).

One challenge is that kinematic representations and move-
ment initiation signals are not regionally localized but are
instead distributed throughout cortical, cerebellar, and basal
ganglia circuits (Fortier et al. 1989; Fu et al. 1997; Schwartz
2007; Scott 2003; Shenoy et al. 2013; Turner and Anderson
1997; Wong et al. 2015), complicating the identification of
structure-function relationships and motivating causal experi-
ments to provide constraints on theories of motor control
(Omrani et al. 2017; Pruszynski et al. 2011; Wolff and Olvec-
zky 2018).

Genetic tools in mice enable temporally precise circuit
manipulations (Guo et al. 2014; Tye and Deisseroth 2012), but
mechanisms of primitive generation and control remain poorly
understood. We set out to resolve forelimb kinematics with
sufficient spatiotemporal precision to extract primitives as in
Fig. 1, which requires sensitivity to resolve the rapid, tiny
details of motion that occur at sharp turns (Gowda et al. 2015;
Rohrer and Hogan 2003; Viviani and Flash 1995). We de-
signed ultralow torque touch-sensing joysticks that resolve
mouse forelimb kinematics with micron-millisecond spatio-
temporal resolution and built an automated home cage system
to train mice in a hold-still center-out reach task. To complete
the task, mice learned first to actively maintain the joystick in
a small center position and then to produce an outward reach to
learned spatial targets. The resultant trajectories carved com-
plex paths in space. Algorithms previously used in primates
were effective in decomposing forelimb trajectories into kine-
matic primitives, enabling us to characterize spatiotemporal
patterns of mouse forelimb submovements.

MATERIALS AND METHODS

All experiments and procedures were performed according to NIH
guidelines and were approved by the Institutional Animal Care and
Use Committee of Cornell University.

WWW.jn.org

Downloaded from www.physiology.org/journal/jn at Cornell Univ (128.084.241.032) on October 23, 2019.


http://doi.org/10.1152/jn.00667.2018
mailto:jessehgoldberg@gmail.com

KINEMATIC PRIMITIVES OF THE MOUSE FORELIMB 501
(0} ®
B © o0 ® ©® C
= 0.4 speed peal;
2cm ‘E N
§ 02 duration
o
aQ 5 NN /\ i
_ ’é /eng‘t‘l‘l__ -
o = o
E £ 100 w\"\r-’\/\"’\’\/u\\ ’,CGJ
© direction
g2 o0 05 1 15
o Time (s)

Fig. 1. Primate hand trajectories can be decomposed into kinematic primitives. A: schematic of a hand trajectory during a sequential reach task (left) with primate
kinematic data from a previous study (Gowda et al. 2015). Black dots denote boundaries separating discrete segments. B: speed (fop) and radius of curvature
(bottom) are plotted as a function of time in the trajectory from A. Segment boundaries (gray dashed lines) are detectable as temporally coincident minima. Circled
numbers above the plot denote segment number in the movement sequence. C: the speed (fop) and path (bottom) of the last 2 segments from the trajectory in
A and B (segment numbers 4 and 5). Individual segments are described by kinematic parameters such as peak speed, duration, direction and path length.

Experimental Animals

A total of seven adult male VGAT-ChR2-EYFP line 8 mice
[B6.Cg-Tg(Slc32a1-COP4*H134R/EYFP) 8Gfng/J; Jackson Labora-
tories stock no. 014548] were used. The mice were between 18 and 40
wk old for the duration of the experiment. Under isoflurane induced-
anesthesia, we implanted the mice with 400-um 0.43-NA fiber optic
cannulas bilaterally over caudal forelimb area (0.5 mm A/P, = 1.5
mm M/L) and rostral forelimb area (2.2 mm A/P, £ 1.0 mm M/L). All
animals were individually housed under a 12-h light-dark cycle for the
duration of the study and had continuous access to the task. The
animal’s daily water intake was monitored using an automated sys-
tem. If the water intake was less than 1 ml, the system automatically
dispensed water to make up the difference.

Principle of Operation and Signal Processing Pipeline

The joystick. The core of our joystick system was a two-axis Hall
Sensor (Sentron, 2SA-10G). Moving the joystick changed the angle of
the incident magnetic field generated by the magnets on the Hall
sensor. The change in incident magnetic field provided x and y voltage
(05 V) as a linear readout of displacement. The top of the joystick
was a conductive ball connected to an active capacitance touch sensor
(AT42QT1011) that provided instantaneous read on the joystick being
contacted. To calibrate the joystick, i.e., to determine the voltage-
versus-distance relationship, we set up the joystick in a custom,
precision machined setup that allowed the manipulandum to move
along a narrow channel along an outward directed radial axis. Then,
using an electronic screw gauge, the joystick was displaced from the
center position along the radial axis in increments of 500 um. At each
displacement we recorded the voltage from the joystick’s Hall sensor.
We then repeated these measurements along a radial axis in a
direction nonorthogonal to the first. To quantify spatial resolution we
first measured the x, y voltages from the device when it was at rest,
and then used this calibration to convert the signal from volts into
units of distance (mm). We then calculated the standard deviation of
the distance distribution over 2,000 samples (2 s) for each device. For
temporal resolution, the Hall sensor is rated to resolve magnetic fields
changing at 100 kHz, allowing us to track the change in position with
high temporal precision. To quantify stiffness of the joystick, we
rotated the joystick by 90°, such that the joystick manipulandum was
horizontal to the ground, and applied varying weights to the end of the
joystick while measuring the displaced distance. We repeated these
measurements by rotating the joystick around the axis of the manipu-
landum in ~30° increments. For construction and design details, see
“Instructions for Construction” available at https://github.com/
GoldbergLab/RodentJoystick.

Fixed post. A fixed post was placed in the home-cage and it also
had a conductive ball connected to an active capacitance touch sensor
(AT42QT1011).

Nose poke. The nose poke sensor was a modified infrared (IR)
diode-phototransistor pair (LTH-301-32) from Lite-on devices. The
IR light-emitting diode (LED) and the phototransistor were separated
and placed across the nose poke port. When the mouse put its snout
through the port, it broke the IR beam and drove the signal high.

Water delivery. The mice received water through a lick spout
(H24-01-TB-01, Coulbourn Instruments) connected to a precision
solenoid valve (Lee, LHDA2433215H). The valve received water
from a reservoir whose level was constantly maintained by closed
loop water recirculation, providing stable microliter precision in water
delivery over week timescales. In this experiment mice were rewarded
with 7 ul of water for a successful trial.

Signal conditioning circuitry. We built signal conditioning cir-
cuitry at each home cage to calibrate the sensors and provide noise
immunity. Specifically, we /) used unity gain buffer amplifiers
(LM358, Texas Instruments) to protect the joystick signals from noise
as they were routed to the computational system; and 2) calibrated the
nose poke sensor by biasing the phototransistor at the edge of the
linear zone to reduce detection hysteresis, and used a comparator
(TL331, Texas Instruments) to convert it to a TTL digital output.

Breakout board and voltage protection system. The digital and
analog sensor signals from all the behavioral boxes reached the
computational unit (CU) through the breakout board. On the breakout
board, for each line we used a thermistor (PRF18BB471QB5RB) to
protect the CU from high current surges and Schottky diodes
(TBATS54S, Toshiba Electronics) to protect the CU from high volt-
ages. After the voltage/current protection circuitry, analog and digital
lines from each behavior box were separated and routed to the right
connector.

Computational System.

Hardware. The core of the computational system was a single-
board real-time input/output (sbRIO) system (sbRIO-9636, National
Instruments). The sbRIO had both a field-programmable gate array
(FPGA) and a real-time (RT) processor on the same board. It had 16
analog inputs, 4 analog outputs, and 28 digital input/output ports. The
FPGA is programmed through LabVIEW. See “Instructions for Con-
struction” at https://github.com/GoldbergLab/RodentJoystick for con-
struction and design details.

Overview of the software infrastructure. There were four major
components of the software architecture: /) Every millisecond the
FPGA code processed both the digital inputs (nose poke sensors,
touch sensors) and analog inputs (joystick x,y) to determine whether
the trial was “live” and whether the “hold” and reach-out contingency
was met. The FPGA code also directly interacts with the digital
outputs. It controlled the solenoid valve for the water reward, and it
could also be used, in future optogenetic experiments, to control the
masking light used during photoinhibition and pattern the optogenetic
output. The FPGA took ~37 us to process the contingency require-
ments. At the end of each millisecond, the FPGA wrote all the input
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sensor data and the generated outputs to a first in-first out (FIFO)
register on the FPGA. Using an onboard FIFO prevented sampling
errors and discontinuities. 2) Every second, the code on the RT
processor read from the FIFO register using a direct memory access
method and packaged it into a single array element. The sbRIO had
limited onboard memory and could not hold the vast behavioral data
being generated; it required a secondary storage solution. Importantly,
the data transfer needed to be fast, in real time, and have temporal
continuity. We used Network Stream Objects to set up communica-
tions between the sbRIO, and the server-grade acquisition computer.
We developed a simple data protocol containing the data, the time-
stamp, and a frame ID. The data from the RT processor was packaged
using this protocol and sent over the network to the acquisition
computer. In addition to packaging and transferring the data, the code
on the RT processor also had the programmatic access to all the
parameters of the task, i.e., hold time, reach angle, water dispense
time, optogenetic power, and optogenetic stimulation time and had the
ability to deliver rewards to mouse boxes with a tunable Poisson
distribution. 3) The code on the acquisition computer (“PC code) was
set up to interface with the appropriate sbRIO and continuously moni-
tored the network stream for any new data packets. If a data packet was
detected, the PC code unpacked the data, split it into separate channels,
identified the sequence of the data, created filenames for each data file,
and then wrote the behavioral data onto the Redundant Array of Inde-
pendent Disks server with generated filenames. Each filename was coded
to provide information on the mouse it came from and the settings of the
behavioral paradigm. 4) During training, the behavioral data was auto-
matically analyzed at the end of the day (~11 PM) to determine the new
training parameters. The code combined and extracted all valid trials
from the day, the number of rewards, distributions of hold times and
reach directions. If the animal hadn’t had enough successful trials to meet
its daily water requirements, the system communicated with the RT code
to automatically dispense water to make up the difference and the
contingency of the task remained unchanged. If the animal met its daily
requirement of water intake, the contingency was updated to reward only
15% of the trials based on the current distributions of the hold time and
reach direction.

Behavioral shaping. We used a sequence of reward contingencies
to train mice to perform “hold-still” + direction-specific center-out
reaches. /) On day [ water-restricted mice (~6 h) were placed into
joystick-endowed home cages. Water was automatically dispensed
with a Poisson distribution (mean 150 s). If the mice simultaneously
did a nose poke (np) and contacted both joystick and the fixed post for
more than 50 ms they were rewarded with water. 2) On day 2-day 3
after mice started interacting with the joystick, we changed the reward
contingency such that the mice only get rewarded if they contact the

A $

Fig. 2. A joystick for mice. A—E: characterization of
the joystick. A and B: the joystick was a manipulan-
dum capped with a capacitive touch sensor and
mounted on a modified Gimbal assembly equipped
with a 2-axis Hall sensor. C—E: Hall sensor voltage
measured as a function of distance across 2 nonor-
thogonal radial axes. D: spatial resolution character-

ization: measured probability distribution of a single D
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displacement as a function of force. ]

-1.5 0 150

Distance (um) Joysticks

(n=5)

KINEMATIC PRIMITIVES OF THE MOUSE FORELIMB

joystick after both the nose poke and fixed post. 3) After the mice
learned to contact the joystick last in sequence, we changed the reward
contingency such that mice had to move the joystick out to at least 4
mm from the center to get rewarded. 4) Once the mice started reaching
out to 4 mm, we gradually shaped the “hold time” of the trajectories.
Hold time was defined at the amount of time the trajectory spent within
2-mm radius of the center. We shaped the trajectories by setting the
required hold time for reward each day as greater than the 75th percentile
of hold time distribution of the previous day. This was repeated till the
75th percentile of the hold time was greater than 100 ms, at which point,
the required hold time was set to 100 ms. 5) We then characterized the
reach-angle distributions of the mice. The reach angle was defined as the
angle at which the trajectories crossed the 4-mm reward threshold. 6) To
shape an animal’s reach in a given direction we chose a “reward zone”
defined as a 60° arc at the outer threshold (e.g., Figure 7B, center, right).
To drive learned changes in reach direction, we rotated this arc daily,
such that the new position of the arc would reward 15% of the animal’s
trials. In this way, an animal was always “chasing a moving target.” For
clockwise (CW) rotation, the arc’s counterclockwise (CCW) edge was
placed at the 15th percentile on the CW side of the reach distribution. For
CCW rotation, the arc’s CW edge was placed at the 15th percentile on the
CW side of the reach angle distribution. The rotations were done till the
mean of distribution was different by at least 60° from the initial mean
reach direction.

Quantification and Statistical Analyses

Trajectory level analysis. Trajectories were acquired at 1 kHz and
low-pass filtered at 50 Hz with an 8-pole Butterworth filter in
software. The 50-Hz cutoff was determined by analyzing the spectral
power of the joystick trajectories (Fig. 2E) and identifying the fre-
quency where the power in the joystick movements was still distin-
guishable from the background sensor noise. Hold time was defined as
the amount of time the trajectory was within the inner radius (2 mm)
starting from joystick contact. The reach direction was defined as the
angle at which the outer radius was transected by the trajectory.
Instantaneous velocity was calculated as a one-sample difference of
the position vector. Note that, in subsequent sections, we refer to
“instantaneous velocity” as “velocity.” To make sure that we were
specifically analyzing trajectories that were attributable to right fore-
limb movement with the animal in a consistent posture, only the
trajectories that were contacted after the nose poke and fixed-post
contact were considered valid trials eligible for reward. If the mouse
exited the nose-poke port or lost contact with the fixed post or the
joystick, the trial was immediately failed. The mouse also failed the
trial if it exited the inner radius earlier than its hold-still requirement
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or if it reached in the wrong direction. There were no cues for failed
or successful rewards (except the water delivery apparatus). However,
a blue LED masking light roughly at eye level to the mouse was
turned on at joystick contact. The mouse had to recontact the joystick
to start a new trial after both successful and failed trials.

Minimum jerk decomposition and trajectory segmentation. To
decompose complex trajectories into primitives, we employed two
methods: the first was to fit trajectory kinematics to a linear combi-
nation of minimum jerk basis functions (called submovements)
(Gowda et al. 2015; Rohrer and Hogan 2003; Viviani and Flash 1995),
and the second was to break up trajectory kinematics into segments,
where segment boundaries were defined by temporally coincident
minima of velocity and radius of curvature (Milner 1992; Viviani and
Terzuolo 1982). To implement the former, we followed the method
from Gowda et al. (2015), using the MATLAB package described
therein. In short, the code performed a least-squares fit of the six-
dimensional description of joystick kinematics (position, velocity, and
acceleration for both the x and y coordinates) to a series of minimum-
jerk basis, whose velocity profile took the functional form

v(t;t9, D, A) = (A/D) X [307* — 607 + 307%]

where T gives the normalized time, defined as 7 = (¢t — 1,)/D, t, is the
initiation time of the submovement, D is the duration of the submove-
ment, and A is the amplitude. Importantly, the function is defined to
be zero outside the bounds [t,, t, + D]. The fit procedure did not
require strong assumptions about the number of submovements before
running the fit, but rather iteratively added submovements to improve
the overall fit until a cost function threshold was reached.

The second decomposition algorithm, which used coincident ve-
locity and radius of curvature minima and is the primary decomposi-
tion method discussed in the main text, did not rely on any optimi-
zation or assumptions regarding the parameterization of primitives. To
determine these segment boundaries, we identified the velocity and
radius of curvature minima for each trajectory and assigned a segment
boundary whenever these minima were temporally separated by no
more than 1 ms. This method acted as a sharp turn detector and
identified temporal boundaries within a trajectory that must have
arisen from a new force applied to/via the forelimb.

Segment and submovement analysis. We performed analyses on
primitives—obtained using the methods described in the previous
section—to gain a finer-scale description of joystick trajectories.
Because we are primarily interested in task-related movements, we
excluded from our analyses the first primitive produced during each
trial. This ensured that our data set did not include motion related to
grasping the joystick, but instead only included controlled motion.
Furthermore, we excluded from our analyses any primitive with
duration <10 ms. This cutoff was applied to all trajectory segments
(whose boundaries are determined by coincident minima in velocity
and radius of curvature). Choice of 10 ms for this cutoff was informed
by the filtering frequency. The 50-Hz low-pass filter permits detection
of 20-ms period sinusoids, each of which will contain two extrema,
with 10-ms duration associated with each extremum. From the prim-
itives we obtained through decomposition/segmentation, we extracted
various kinematic parameters to describe said primitive. In the case of
minimum jerk basis functions, each submovement was uniquely
defined by four parameters: the start time, duration, amplitude (path
length), and direction of the submovement. Each of these was calcu-
lated directly from the code in Gowda et al. (2015). Peak speed for
submovements was obtained by taking the ratio of amplitude to
duration, multiplied by the constant 1.875 (reflecting the characteristic
bell-shape of the submovement basis function).

Similarly, in the case of segments defined by coincident minima of
velocity and radius of curvature, we extracted various kinematic
parameters, including the duration, path length, peak speed, and
direction. Here we defined segment direction as the angle between the
initial position of the segment and the position of the segment at its
maximum speed.
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Finally, for many analyses we separately analyzed the primitives
involved in the hold-still and reach portions of the task. The hold
primitives for each trial were defined as the primitives that occur
before the first inner threshold crossing of the trajectory—this corre-
sponded directly to the definition of the hold period in the task
structure. The “reach” primitive for each trajectory was defined as the
first primitive to cross the outer threshold, regardless of whether the
hold period was completed successfully. Thus each trajectory con-
tained at most one reach segment, but potentially multiple overlapping
reach submovements.

Stabilogram diffusion analysis of the hold-still. The stabilogram
diffusion function (SDF) gives the mean squared displacement over a
specified time window. The SDF was calculated on hold-still part of
the trajectories by only analyzing the trajectory up to the onset of the

segment that exited the inner radius. The mean squared displacement
N A2
i=187;

<Ar*> for a time interval Az is given by (Ar?),, = , where

N is the total number of points for the time interval across all the
trajectories for that condition and Ar? is the squared displacement for
each of those of points. The slope and the offset of the log-log plot of
the SDF is estimated by linear fit to the first 10 ms of the SDF. The
inflection point is defined as the intersection of the line estimated by
the linear fit of the first 10 ms with the tangent drawn at the peak of
the SDF in the first 100 ms.

Statistical analyses. Statistical analyses were performed using stan-
dard tests in MATLAB, including two-sample 7-tests and Wilcoxon
signed-rank tests, with Bonferroni corrections for multiple compari-
sons. To avoid the effects of repeated measures on a single mouse,
statistical tests were performed on data aggregated at the mouse level
(i.e., the data on which we ran the test consisted of the medians for
each mouse across multiple sessions).

RESULTS

A Novel Sensor Quantifies Mouse Forelimb Kinematics with
Micron-Millisecond Spatiotemporal Precision

Joysticks can be used in rodents to resolve forelimb kinematics
during reach tasks (Francis and Chapin 2004; Kimura et al. 2012;
Mathis et al. 2017; Miri et al. 2017; Morandell and Huber 2017;
Panigrahi et al. 2015; Slutzky et al. 2010; Wagner et al. 2017). We
implemented a novel joystick design to increase spatial precision,
reduce displacement force and ensure an isotropic force profile.
We designed a capacitive touch-sensing joystick that used con-
tactless magnetic field sensing to detect motion, endowing it with
micron-scale resolution (Fig. 2, A—D, average spatial resolution:
320 = 35 nm, n = 5 joysticks). We also replaced the standard two
axis spring recentering mechanism with a single pair of magnets,
resulting in a stable, uniform force-displacement relationship
[Fig. 2F, stiffness: 8.11 mN/mm (or 0.82 gf/mm), = 0.99; see
MATERIALS AND METHODS]. These modifications enabled us to re-
solve tiny details of mouse forelimb motion with minimal load.

To stabilize body posture, the joystick was integrated into a
narrow “reward port” consisting of five parts: 7) the joystick,
which detects right paw contact and x—y movements; 2) a
touch-sensing fixed post positioned for the left paw; 3) two
side-walls that constrain the animal’s body position and orien-
tation; 4) an IR-sensing nose poke; and 5) a solenoid-controlled
water dispensation spout within tongue’s reach of the nose
poke sensor. The requirement that animals engage the joystick,
fixed post, and nose poke contacts constrained the animal’s
posture and ensured joystick manipulation with the right fore-
paw (Fig. 3A, Supplemental Movie S1; Supplemental Material
for this article is available online at the Journal website.). By
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Fig. 3. Automated home cage training of mice in a hold-still center-out reach task. A: still frame of mouse engaged in the task. B: photograph of home cage
training room in mouse facility. C: schematic of signal processing pipeline for each home cage. RIO, real-time input/output processor. D: timeline of behavioral
shaping. E: example trajectory and sensor data from a single trial. F: trials per hour exhibited by an example animal for 80 days. G: trials per hour as a function

of time in day (mean = SE, n = 7 animals).

design, each animal was required to manipulate the joystick
with its right forelimb. The fixed post and joystick positions
could be switched in future studies to further examine potential
handedness in mice (Signore et al. 1991).

Automated Home Cage Training of Mice in a Hold-Still
Center-Out Reach Task

Automated training facilitates high-throughput experimenta-
tion on rodents in sophisticated learning tasks (Erlich et al.
2015; Murphy et al. 2016; Poddar et al. 2013; Woodard et al.
2017). We incorporated the joystick-reward port into rack-
mountable, fully automated mouse home cages (Fig. 3, B-F).
Mice enjoyed continuous, ad libitum access to the joystick for
their daily water, resulting in thousands of trajectories per
animal per day (2,904 = 531 trials per day, mean = SE, n =7
animals). We built a three-stage signal processing system
pipeline to automate training and data acquisition: /) an FPGA
implemented millisecond timescale RT analysis of all sensors,

including joystick position, for closed-loop control of reward
dispensation; 2) an RT processor implemented second-time-
scale analysis for selective acquisition of trajectory and sensor
data associated with eligible trials; and 3) a host PC imple-
mented day-timescale analysis of recent joystick manipulation
patterns for automated contingency updates underlying training
(Fig. 3C; see MATERIALS AND METHODS and “Instructions for
Construction” available at https://github.com/Goldberglab/
RodentJoystick).

A sequence of fully automated reward contingency updates
shaped right forelimb trajectories in a direction-specific center-
out reach task (Fig. 3D; see Behavioral shaping under
MATERIALS AND METHODS). First, mice were trained to contact the
joystick after the nose poke and fixed-post to ensure that
joystick movement was attributable to right paw (Fig. 4, A and
B). The timing of joystick contact became sterecotyped with
experience (Fig. 4, C and D; joystick contact onset: 184 * 14.5
ms after nose poke; entropy of joystick contact time relative to
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nose poke onset: 7.37 * 0.03 (day 1) versus 7.014 = 0.084
(criterion day), mean * SE, P < 0.01, paired #-test). Next mice
were trained to hold the joystick within an inner radius of 2 mm
for 100 ms before reaching past an outer radius of 4 mm (Fig.
3E). This “hold period,” defined as the latency from joystick
contact to the moment of inner-radius transection, was imple-
mented to study neural basis of maintaining stability.

Mice Learn To Hold Still Before Reaching Out

Due to the joystick’s low stiffness, the hold-in-center re-
quirement approximates an inverted pendulum or stick balanc-
ing problem, in which a control policy is required to produce
corrective micromovements to counter deviations from the
center position (Anderson 1989; Bhounsule et al. 2015; Ca-
brera and Milton 2002; Funato et al. 2017). Consistent with
this, whereas early in training trajectories exhibited rapid
displacements from the center position, later in training all
mice produced a clearly resolved sequence of “micromove-
ments” that maintained the joystick within the inner radius for
longer periods of time (Fig. 5) [mean hold time: 54 = 7 ms
(first 100 trials) vs. 97 = 15 ms (at criterion), P < 0.01,n =7
animals].

To test whether micromovements produced during the hold
reflected an active control policy for maintaining position, we
computed SDFs, which plot mean square displacement for all
pairs of points in a trajectory as a function of time interval At
(Collins and De Luca 1993; Peterka 2000) (MATERIALS AND
METHODS; Fig. SH). The analysis effectively distinguishes be-
tween different types of motion. For example, the SDF of a
classic random walk exhibits a slope of 1. The SDF of a
periodic tremor exhibits multiple peaks (Fig. 5G). Persistent
motion biased toward increased time-dependent displacement
exhibits a slope greater than 1. Finally, antipersistent motion
biased toward restoring position exhibits a slope less than 1
(Fig. 5G). In balance tasks such as human standing, SDFs
exhibit a characteristic shape: at low intervals, persistent mo-
tion is observed. An inflection point is observed at the transi-
tion to antipersistent motion thought to mark the onset of
control process that corrects for displacements and returns to
center position (Peterka 2002).

SDFs of trajectories acquired during the hold period strongly
resembled SDFs observed during human standing. At short
latencies, the time-dependent displacement adhered to a power
law (mean slope of log-log: 1.957 = 0.0028, n = 7 animals),
reflecting persistent motion consistent with the absence of a
corrective process. A second mode appeared after a brief delay
(mean delay to inflection point: 27.59 = 1.56 ms, n = 7
animals), reflecting the onset of a distinct process that reversed
time-dependent displacement (Fig. 5G). These findings suggest
that an active policy, potentially similar to one used during the

Fig. 4. Mice learn to contact the joystick after the nose poke. A: probability
distribution of time of joystick contact relative to nose poke onset in an
example mouse at early (trials 1-1,000, red), intermediate (trials 10,000—
11,000, black) and late stages of training (trials 45,000—46,000, blue). B:
evolution of stereotypy in joystick contact time. Distribution of joystick
contact times relative to nose poke onset as a function of trial number. C: time
of joystick contact relative nose poke across animals (n = 7 animals,
mean = SE). D: entropy of time of the joystick contact relative to nose poke
on day 1 in the home cage and the last day of hold training (range: 5-10 days
later across mice).
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Fig. 5. Mice learn hold-in-center requirement by producing decamicron-scale micromovements. A: example trajectory produced at day 5 since home cage
introduction. Blue dashed circle indicates inner “hold” region; green circle indicates reward zone; black circle indicates joystick boundaries. Black dots denote
10-ms intervals in the trajectory. Note distinct displacement scale bar for the expanded view of movement inside the hold region (bottom). B: data plotted as in
A for a trajectory produced by the same mouse 20 days later. Expanded view at bottom plots details of micromovements produced to maintain hold requirement.
C: cumulative probability (Prob) of the hold time of trajectories before (blue) and after (red) training for the example mouse. D: Heat map showing the probability
density plot of hold times as a function of trial number for the mouse show in A—C. E: 75th percentile hold time before training and at criterion for all mice (left)
and number of days to criterion (right) (data are mean = SE across 7 animals). F: schematic describing calculation of the stabilogram diffusion function (SDF)
of a short trajectory segment G: example SDF from a single animal (/eft, blue line) and across all animals (right; n = 7, line and shading represent mean * SE
of SDF). Example SDFs of a purely Brownian motion (/eft, dashed gray) and a pure sinusoid (left, solid gray) are shown for comparison.

distinct inverted pendulum problem of maintaining of upright
balance, was implemented to achieve the hold-still component of
the task. Thus the hold-still part of the task provides an opportu-
nity to study feedback control processes underlying balance.

Mice Learn To Reach in Different Rewarded Directions

Once the contact, hold-still, and reach sequence was learned,
all outward reach directions were rewarded, enabling each

animal’s natural reach direction and variability to be quantified
(Fig. 6). Mice learned to execute the contact, hold-still, and
reach sequence approximately 1 wk after being placed into a
home cage (Fig. 5, C-E, 8.3 = 0.75 days, mean = SE n = 7
animals; see MATERIALS AND METHODS). Reach directions, de-
fined as the angle at which the outer radius was transected,
were next rotated clockwise (CW) or counterclockwise (CCW)
by contingency updates that rewarded the 15th (for CW) or
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85th (for CCW) percentile tails of their current reach direction
distribution (Fig. 7, A—C, MATERIALS AND METHODS). All mice
learned to change their reach directions commensurate with
rewarded contingency changes and changed their reach direc-
tion at a rate of 6.8 = 2.3 (CW) and 4.6 = 1.46 (CCW)°/day
(mean * SE) (Fig. 7C-D).

Quantification of Primitive Kinematics with Trajectory
Decomposition

The joystick’s high spatiotemporal precision allowed us to
analyze kinematic patterns of movement beyond the relatively
coarse trajectory-level metrics described above. Trajectories
exhibited complex, multipeaked speed profiles, suggesting that
they were composed of a sequence of discrete segments (Figs.
1, A—C and 8, A-C). We tested the utility of two distinct
decomposition algorithms commonly used in primate studies.
One algorithm assumes that trajectories are derived from min-
imum-jerk basis functions with only three parameters: peak
speed, duration, and the time in the sequence at which it is
generated (see MATERIALS AND METHODS) (Gowda et al. 2015;
Rohrer and Hogan 2003; Viviani and Flash 1995). Using this
method we were able to decompose mouse trajectories into
superpositions of bell shaped velocity curves (Fig. 8, A-C),

similar to what was previously observed in mice (Mathis et al.
2017; Panigrahi et al. 2015). Following convention in primates
we termed this class of kinematic primitives “submovements.”
We also used a second decomposition algorithm that imposes
segment boundaries at movement discontinuities revealed by
temporally coincident minima in the radius of curvature and
speed (Figs. 1 and 8, A and B) (Viviani and Terzuolo 1982).
This method essentially functions as a ‘“sharp turn detector”
and identifies segments bounded by moments in a trajectory
when a new force was imposed on the forelimb and, in a task
that lacks external perturbations, also defines moments when
an efferent neural command signal must have been generated
by the central nervous system (Milner 1992). We term this
class of kinematic primitives “segments.” Thus we define two
types of kinematic primitives: /) submovements, computed as
minimum jerk basis functions; and 2) segments, computed as
parts of a the trajectory bound by coincident minima in radius
of curvature and speed.

Trajectories were tortuous and complex. Decomposition
enabled each trajectory to be analyzed as a sequence of discrete
primitives, each of which differed in only a few kinematic
parameters such as duration, complexity, peak speed, path
length, and direction (Fig. 1C). We used trajectory decompo-
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sition to test how movements differed during hold-still and
reach components of the task. During hold-still periods, dura-
tions, peak speeds, and path lengths of primitives produced
were significantly smaller than during reaches (P < 0.05,
Wilcoxon signed-rank test with Bonferroni correction; Fig. 8,
Table 1). Yet, interestingly, the difference in segment durations
between hold and reach was subtle compared with differences
in segment speed and path length (effect size defined as
(<reach>-<hold>)/<hold> for duration: 0.85 = 0.09; peak
speed: 1.52 = 0.24; path length: 3.22 = (.66, Fig. 8, G-I). In fact,
segment path length was more strongly predicted by its peak
speed (R* = 0.90 + 0.02) than by its duration (0.64 = 0.09, grand
mean * SE across n = 7 animals, Fig. 9). Thus mouse forelimb
trajectories roughly adhere to the isochrony principle, previously

observed in primate reach and human handwriting tasks, in which
a segment’s path length is more strongly predicted by its peak
speed than by its duration (Viviani and Flash 1995; Viviani and
McCollum 1983).

Results on primitive duration, speed, path length, and direc-
tion were independently replicated when we instead decom-
posed trajectories into submovements using a minimum jerk
model (Fig. 10, Table 1).

DISCUSSION

We developed a touch-sensing, low-torque joystick that
resolves mouse forelimb kinematics with micron-millisecond
spatiotemporal precision. We built joysticks into a computer-
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ized home cage system that automatically trains mice to pro-
duce complex, directed center-out forelimb trajectories. We
also used trajectory decomposition to test hypotheses about
how kinematic parameters of primitives are controlled during
hold-still and reach components of the task. This automated
system presents a platform for testing how genetically tractable
neural circuits in mice maintain positional stability and direct
the limb to spatial targets.

Previous studies have examined joystick, lever or trackball
manipulation in response to cues (Kimura et al. 2012; Miri et
al. 2017; Morandell and Huber 2017; Sanders and Kepecs
2012; Wagner et al. 2017), to overcome external force fields
(Mathis et al. 2017), or to directly measure force (Becker et al.
2016; Fowler et al. 1994; Francis and Chapin 2004; Hays et al.
2013; Pasquini et al. 2018; Vigaru et al. 2013). Importantly,
some of these systems can also be used to aid learning and
rehabilitation due to their ability to partially or completely
assist in task performance (Pasquini et al. 2018; Spalletti et al.
2014). We developed a task in which freely moving animals,
without cues, visual guidance, or externally-induced sensory

Table 1.

Kinematics of segments and submovements

P-Value
(Wilcoxon signed
Parameter Hold Reach rank test)
Segments
Duration, ms 34.8214 = 1.8754 64.5893 + 5.8180 0.0234
Peak speed, mm/s 37.2505 * 5.5466 93.7205 * 5.4379 0.0234
Path length, mm 0.9366 + 0.1752  3.9537 £ 0.3218 0.0234
Submovements

Duration, ms 30.6609 * 0.9434 47.2012 * 2.0409 0.0234
Peak speed, mm/s 25.0533 £ 3.5159 61.0414 * 3.8092 0.0234
Path length, mm 0.4209 = 0.0641 1.5523 = 0.0834 0.0234

Hold and reach values are means * SE.

Hold

Reach

prediction errors, produce complex trajectories that are di-
rected to spatial targets. Several extensions of our system are
possible. For example, our system can easily be adapted to
include cues or dynamic external force fields, and group
housing with radio frequency identification-tagged animals can
allow for a four- to fivefold increase in training capacity for the
same amount of hardware (Silasi et al. 2018). The system could
also be rendered more compatible with electrophysiology by
adding electronics to mitigate potential cross-talk between the
capacitive touch sensor and neurophysiological signals (Totten
et al. 2018).

A novel feature of our task was the requirement to hold still.
Static maintenance of limb posture during appetitive tasks may
require specific patterns of activity to actively suppress move-
ment and/or actively maintain current limb position (Ebbesen
and Brecht 2017; Kaufman et al. 2014; Shadmehr 2017). Given
the joystick’s compliance, holding still while applying down-
ward force (i.e., during gripping) created an inverted pendu-
lum, or stick-balancing, problem, in which corrective micro-
movements are required to maintain position (Anderson 1989;
Bhounsule et al. 2015; Cabrera and Milton 2002). To succeed
in this task, any drift from center position must be counter-
acted, which requires proprioception of limb displacement and
movement in the opposite direction of ongoing motion. All
mice gradually learned to hold their right forelimb still in a
small 2-mm “hold zone,” and all mice implemented this hold
by producing clearly resolved micromovements with speeds,
path lengths, and durations significantly less than during
reaches. Stabilogram diffusion analysis suggested that these
micromovements were not randomly produced but were con-
sistent with an active control policy to maintain center position
that, interestingly, strongly resembled one used for mainte-
nance of upright posture in humans (Peterka 2002). It would be
interesting to test how cortical, striatal, and cerebellar activity
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manipulations affect performance in this balancelike task for
the forelimb. The ability to hold still before outward reaching
may also enable, in future studies, joystick contact-triggered
optical manipulation to control activity in target circuits before
the generation of the outward-directed reach.

After executing the hold, all mice reached out in different
directions to spatial targets. We found that mice learned to
reach in whatever direction was associated with water reward.
Importantly, the rate at which mice learned to reach in different
directions was relatively slow (~4,000 of trials per 10°). In
other studies in head-fixed mice, animals learn to reach in
different directions relatively quickly, even on a trial-by-trial
basis depending on the position of a pellet, water droplet, or
joystick target zone (Galinafies et al. 2018; Kimura et al. 2012;
Miri et al. 2017; Morandell and Huber 2017; Sanders and
Kepecs 2012). In uncued, freely moving tasks where behavior
is incrementally shaped, learning can be much slower. The
number of trials required to change reach direction was on the
same order of magnitude as the number of trials for rats to
increase intertap intervals (Kawai et al. 2015) or for songbirds
to change the pitch or note intervals of their songs (Ali et al.
2013; Andalman and Fee 2009; Tumer and Brainard 2007).

To parse the large, complex data sets generated by our
experiments, we employed two analysis methods for extracting
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movement “building blocks” from forelimb trajectories: )
segmentation based on coincident minima of velocity and
radius of curvature, and 2) submovement decomposition based
on fitting trajectories to minimum jerk basis functions. Both
methods represent distinct, testable hypotheses regarding how
complex movements are generated by the nervous system. In
the case of minimum jerk submovements, forelimb trajectories
are decomposed into a series of parameterized basis functions,
all of which have the same velocity profile by definition; the
form for this minimum jerk basis function is the result previous
studies showing this form of movement across different ani-
mals and experimental conditions (Gowda et al. 2015). By
contrast, segments defined by coincident minima in velocity
and radius of curvature are not parameterized and thus make
fewer assumptions about the shape of movement primitives
(Milner 1992; Viviani and Terzuolo 1982). As a result, seg-
ment shapes are more variable. Future experiments that allow
simultaneous monitoring of neural activity during our joystick
task may enable identification of possible neural correlates of
these two frameworks for motion primitives. Moreover, such
experiments could allow us to test for signatures of nonprimi-
tive-based frameworks, particularly those that take an approach
based on optimal feedback control to explain motor planning
and execution (Todorov and Jordan 2002).
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Our system offers several advantages for the study of mouse
forelimb control. First, automated home cage training will
enable high-throughput experimentation. Second, the system
operates closed loop and is easily compatible with optogenetic
experiments that enable the activity of specific cell types and/or
projections to be manipulated at precise task events, such as
joystick contact or forepaw position. Third, the joystick’s
relatively low compliance makes holding-still a difficult, yet
achievable task that opens up opportunities for studying neural
mechanisms of postural stability. Finally, the joystick provides
an increased spatial precision that resolves submillimeter de-
tails of movements, even at sharp turns. This resolution enables
trajectory decomposition methods, previously used in pri-
mates, to segment complex trajectories into kinematic primi-
tives.
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