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* Pilot Swarm - The first and most obvious topological departure =~ Pilot Swarm
from traditional behavioral instrumentation is the use of a single

computer to independently coordinate tasks in parallel. Our primary

installation of Autopilot is a cluster of 10 behavior boxes that can =5

independently run tasks dispatched from a central terminal which
manages data and visualization. This topology highlights the ex-
pandability of an Autopilot system: adding new pilots is inexpensive,
and the single central terminal makes controlling experiments and
managing data simple.

¢ Shared Task - Tasks can be shared across pilots and their (potentially =~ Shared Task

000

multiple) children to handle tasks with computationally intensive

operations. For example, in an open-field navigation task, one

pilot can deliver position-dependent sounds while one of its children = &==0

records and analyzes video of the arena to track the animal’s position.
The terminal only needs to be configured to connect to the parent
pilot, but since networking is handled in an independent process the
raw video data can pass through the parent from the child such that
sound delivery remains responsive.

 Distributed Task - Many pilots with overlapping responsibilities =~ Distributed Task
can cooperate to perform distributed tasks. We anticipate this will be

useful when the experimental arenas can’t be fully contained (such
as natural environments), or when experiments require simultaneous

input and output from multiple subjects. Distributed tasks can take
advantage of the Pi’s wireless communication, enabling, for example,
experiments that require many networked cameras to observe an
area, or experiments that use the Pis themselves as an interface in a
multisubject augmented reality experiment.

* Multi-Agent Task - Neuroscientific research often consists of multi- Multi-Agent Task
ple mutually interdependent experiments, each with radically differ-
ent instrumentation. Autopilot provides a framework to unify these

experiments by allowing users to rewrite core functionality of the

program while maintaining integration between its components. For “~ \
example, a neuroethologist could build a new “Observer” agent that [ | |

H 11 it imal’ tural behavior in its h home cage multiple
continually monitors an animal’s natural behavior in its home cage monitoring tasks

to calibrate a parameter in a task run by a pilot. If they wanted to
manipulate the behavior, they could build a “Compute” agent that
processes Calcium imaging data taken while the animal performs
the task to generate and administer patterns of optogenetic stimu-
lation. We think that unifying diverse experimental data streams
and hardware into a single framework is the best way to perform
experiments that measure natural behavior and its hierarchical or-
ganization across multiple timescales in order to understand the
naturally behaving brain[10].
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3.5 Networking

Agents use two types of object to communicate with one another: core
station objects and peripheral node objects (Figure 3.10). Each agent
creates one station in a separate process that handles all communication
between agents. Stations are capable of forwarding data and maintaining
agent state so the agent process is not unnecessarily interrupted. Nodes
are created by individual modules run within an agent—eg. tasks, plots,
hardware—that allow them to send and receive messages within an
agent or between agents through the station object. Messages are TCP
packets3, so there is no distinction between sending messages within a
computer, a local network, or over the internet.

Both types of networking objects are tailored to their hosts by a set
of callback functions—listens—that define how to handle each type
of message. Messages have a uniform key-value structure, where the
key indicates the listen used to process the message and the value is
the message payload. This system makes adding new network-enabled
components trivial:

A new networked LED
class LED_RGB(Hardware):
def __init__ (self):
# call self.color for a
self.listens = {'COLOR':

'"COLOR"
self.color}

message

self.node = networking.Node(
id = 'BEST_LED',
listens = self.listens)

def color(msg):
self.set_color(msg.value)

we change the color to red!
key="'COLOR', value=[255,0,0])

# elsewhere in the code,
node.send(to="'BEST_LED',

Network connectivity is treelike (Figure 3.11)—each independent

networking object can have many children but at most one parent.

This structure makes an implicit assumption about the anisotropy of
information flow: 'higher’ nodes don’t need to send messages to the
"lowest’ nodes, and the lowest’ nodes send all their messages to one or a
few 'higher’ nodes. It enforces simplified delegation of responsibilities
in both directions: a terminal shouldn’t need to know about every
hardware object connected to all of its connected pilots, it just sends
messages to the pilots, who handle it from there. A far-downstream
node shouldn’t need to know exactly how to send its data back to the
terminal, so it pushes it upstream until it reaches a node that does.
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Figure 3.10: Autopilot segregates data
streams efficiently—eg. raw velocity
(red) can be plotted and saved by the
terminal while only the task-relevant
events (blue) are sent to the pilot. The
pilot then sends trial-summarized data
to the terminal (green).

3 Autopilot uses ZeroMQ[15] and
tornado to send and process messages

Figure 3.11: Treelike network
structure—downstream messages are
addressed by successive nodes, but
upstream messages can always be
pushed until the target is found.
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3.6 GUI & Plots

The terminal’s GUI controls day-to-day system operation*. It is in-
tended to be a nontechnical frontend that can be used by those without
programming experience.

For each pilot, the terminal creates a control panel that manages
subjects, task operation, and plots incoming data. Subjects can be
managed through the GUI, including creation, protocol assignment,
and metadata editing. Protocols can also be created from within the
GUI. The PARAMS dictionary from a task is used to programmatically
generate a series of fields that the user can fill to describe their particular
version of the task. The standardized description of tasks not only
allows them to be reused between researchers, but also take advantage
of the rest of the infrastructure of Autopilot.

The GUI also has a set of basic maintenance and informational
routines in its menus, like calibrating water ports or viewing a history of
subject weights. The simple callback design and network infrastructure
makes adding new GUI functionality straightforward.

Plotting

Realtime data visualization is critical for monitoring training progress
and ensuring that the task is working correctly, but each task has dif-
ferent requirements for visualization. A task that has a subject con-
tinuously running on a ball requires a continuous readout of running
velocity, whereas a trial-based task only needs to show correct/incorrect
responses as they happen. Autopilot solves this problem by assigning
the data returned by the task to graphical primitives like points, lines, or
shaded areas as specified in a task’s PLOT dictionary (taking inspiration
from Wilkinson’s grammar of graphics[39]).

4 Autopilot uses PySide, a wrapper
around Ot, to build its GUL

—  Trial Plot
{"data": {
"target" "point",
"response" "segment",
"correct" "rollmean"
b
"roll_window" : 50}

Continuous Plot

{"data": {
"target" "point",
"response" "segment",
"velocity" "shaded"
+

"continuous": true}

Figure 3.12: PLOT parameters for Figure
3.13. In both, “target” and “response”
data are mapped to “point” and
“segment” graphical primitives, but
timestamps rather than trial numbers
are used for the x-axis in the
“continuous” plot (Figure 3.13, bottom).
Additional parameters can be specified,
eg. the trial plot (Figure 3.13, top)
computes rolling accuracy over the past
50 trials

Figure 3.13: Screenshot from a terminal
GUI running two different tasks with
different plots concurrently. pilot_1
runs 2 subjects: (tones and tones_2).
See Figure 3.12 for plot description

i N
File Tools Tests AUTOPILO'D\J
=
tones N Trials 91/98 A . * *
ot B L L L
Runtime 00:06:13
Protocol tones ‘
: : Session 1 ol . . . . .
L+ - 50 60 70 80 90
gonogo N Trials 57/55 ¢ ¢
pilot_2 Step 0
Runtime 00:11:45
Protocol GoNoGo ‘ ‘
Session 20
+ - 1.56798e+09 1.56798e+09 1.56798e+0"


https://wiki.qt.io/PySide
https://www.qt.io/
http://docs.auto-pi-lot.com/guide.training.html#creating-a-subject
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4
Tests

WE HAVE BEEN TESTING AND REFINING AUTOPILOT since we built our
swarm of 10 training boxes 10 months ago. In that time 115 mice® have
performed over 1.9 million trials on auditory two-alternative forced
choice tasks. Our terminal has sent and received more than 42 million
messages. While Autopilot is (by definition) immature at release, it is
by no means untested.

4.1 Latency

Neurons compute at millisecond timescales, so any task that links
neural computation to behavior needs to have near-millisecond latency.
We measured Autopilot’s end-to-end, hardware input to hardware
output latency by measuring the delay between a poke in a nosepoke
sensor and the onset of a 10kHz pure tone (Table 4.1).

We also measured the latency of a Bpod state machine configured
according to the provided instructions and running an example task
from their repository. Sound playback was triggered with a 1ms TTL
pulse to the state machine’s BNC input port. We note that for the Bpod
test we used a more recent soundcard from the same manufacturer and
Ubuntu 16.04 (running the lowlatency kernel) since the recommended
Asus Xonar DX is no longer available for purchase and Ubuntu 14.04 is
no longer supported.

Autopilot’s jack audio backend was configured with a 192kHz sam-
pling rate and a total buffer size of 128 samples, and Bpod’s Psych-
toolbox server was configured with a 192kHz sampling rate with a 32
sample buffer for theoretical minimum latencies of .67 and 0.17ms,
respectively.

For both systems we directly measured the input logic and output
sound voltage with an oscilloscope and estimated latency with its
measurement cursors.

Measured Latency [l

Autopilot i 1.75(+0.3) Renorted Latency B

Bpod [N 75
pycontrol NN 15 .5 4. 4
Bpod |

0 10 20 30
latency (ms)

* All procedures were performed in
accordance with National Institutes
of Health guidelines, as approved by
the University of Oregon Institutional
Animal Care and Use Committee.

Table 4.1: Latency Test Materials

Autopilot Raspberry Pi 4
Soundcard Hifiberry Amp2
IR Break Sensor  TT Electronics
OPBgo1L55
Speaker HiVi RT1.3WE
Bpod State Machine R2
Computer See Table 4.2
Soundcard ASUS Xonar
Essence STX II
Stimulator Grass S88
Oscilloscope Tektronix TDS
2004B

Figure 4.1: For the two systems we
measured (blue), mean latency is
presented =+ standard deviation of all
individual measurements (black dots,
n=200 for each). Reported latencies (red)
of Bpod and pyControl were found
online.


https://www.raspberrypi.org/products/raspberry-pi-4-model-b/
https://www.hifiberry.com/shop/boards/hifiberry-amp2/
https://www.digikey.com/product-detail/en/tt-electronics-optek-technology/OPB901L55/365-1767-ND/1637490
https://www.digikey.com/product-detail/en/tt-electronics-optek-technology/OPB901L55/365-1767-ND/1637490
https://www.parts-express.com/hivi-rt13we-isodynamic-tweeter--297-421
https://sanworks.io/shop/viewproduct?productID=1024
https://www.asus.com/Sound-Cards/Essence_STX_II_71/
https://www.asus.com/Sound-Cards/Essence_STX_II_71/
https://download.tek.com/manual/071181702web.pdf
https://download.tek.com/manual/071181702web.pdf
https://sites.google.com/site/bpoddocumentation/installing-bpod/ubuntu14
https://github.com/sanworks/Bpod_Gen2/blob/master/Examples/Protocols/PsychToolboxSound/PsychToolboxSound.m
https://help.ubuntu.com/community/UbuntuStudio/RealTimeKernel
https://www.asus.com/us/Sound-Cards/Xonar_DX/
https://ubuntu.com/blog/ubuntu-14-04-trusty-tahr
http://jackaudio.org/
https://github.com/sanworks/Bpod_Gen2/blob/825eaf6ea2cb11da956ee21c42876c4363e9c14e/Functions/Plugins/PsychToolboxAudio/PsychToolboxAudio.m#L25
https://github.com/sanworks/Bpod_Gen2/blob/825eaf6ea2cb11da956ee21c42876c4363e9c14e/Functions/Plugins/PsychToolboxAudio/PsychToolboxAudio.m#L122
https://github.com/sanworks/Bpod_Gen2/blob/825eaf6ea2cb11da956ee21c42876c4363e9c14e/Functions/Plugins/PsychToolboxAudio/PsychToolboxAudio.m#L122
https://sites.google.com/site/bpoddocumentation/bpod-user-guide/function-reference/psychtoolboxsoundserver
https://pycontrol.readthedocs.io/en/latest/user-guide/hardware/#audio_player
http://dx.doi.org/10.1101/807693
http://creativecommons.org/licenses/by-nc/4.0/
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Autopilot’s 1.75ms £ 0.3 latency—Iless than 3x the theoretical minimum—

improves upon the measured latency of Bpod and reported latency of
pyControl by an order of magnitude (Figure 4.1, 18.4ms &+ 1.4, 15ms
respectively). This suggests that Autopilot eliminates most perceptible
end-to-end latency, which is necessary for tasks that require realtime
feedback.

While we did not deeply investigate the reason why Bpod exceeded
its theoretical minimum latency by more than 100x, potential sources
of latency include a costly serial reading method, or the MATLAB
graphics engine being continuously called in the main loop of the
program, which are intrinsic to its single-threaded design.

Since Autopilot’s event handling infrastructure is shared across tasks
and hardware classes, latency for all events should be roughly similar
to that of audio playback. One future direction is to improve upon
Autopilot’s already-low latency by compiling its sound server and event
handling methods using Cython.

4.2 Bandwidth

To support data-intensive tasks like those that require online processing
of video or electrophysiological data, the networking modules at the
core of Autopilot need high bandwidth and low latency.

We tested network capacity using Autopilot’s Bandwidth_Test wid-
get. This test requests that a set of selected pilots send messages at a
range of selected frequencies and payload sizes back to the terminal.
The messages pass through four networking objects en route: the sta-
tions and network nodes running the test for both the terminal and
pilots (See Figure 3.10). Delay is measured as the duration between the
creation of the message at the sender and the processing of the message
at the receiver. The Pis and terminal were synchronized on common
NTP servers to align timestamps.

First we tested the limits of our terminal’s ability to receive messages
from the 10 pilots that it controls. Our terminal is a modest desktop
(complete with a vintage 2012 CPU, see Table 4.2) with ethernet con-
nections to 10 Raspberry Pi 3b’s through a network switch. We first
tested the rate at which the Pi 3b’s and our terminal could send and
process typical (255 Byte) messages without a data payload (Figure 4.2,
top). A single Pi was capable of sending at a maximum rate of 707 Hz
without exceeding its nominal mean delay of 4.9 (£ 0.47) ms. Adding
additional Pis did not cause increased delay until the total sending rate
surpassed roughly 2000 Hz. These are the rate limits of sending and
receiving messages, respectively.

As we increased the size of each individual message by including
payloads of generated data (Figure 4.2, bottom), the rate of messag-

Table 4.2: Terminal Specs

CPU AMD FX-4300

CPU Speed 3.8GHz
Memory 8GB
Ethernet 1Gbit/s
Switch NETGEAR GSS116E

# Pilots 1 2 4 6 8 10

Messaging Rates
500=

100+

10+
=

Mean Delay (ms)

1= 506 1000 1500 2000 2500
Message Rate (Hz)

nominal delay:4.9ms

Maximum Throughput
@ 120-

90-

60-

30-

Throughput (MB,

0-] . .
0 100 200
Message Size (KB)

300

Figure 4.2: Network latency (top) and
throughput (bottom) tests. Each point
in the latency test represents the mean
rate and delay of 5,000 255 Byte
messages. Throughput (bottom) was
calculated as the product of message
rate and message size, and is displayed
for a test that requested different
numbers of pilots (colors) to send
messages of different size to the
terminal.


https://github.com/sanworks/Bpod_Gen2/blob/825eaf6ea2cb11da956ee21c42876c4363e9c14e/Functions/Internal%20Functions/ArCOM/ArCOMObject_Bpod.m#L304
https://github.com/sanworks/Bpod/blob/4b756d8251f0a06ee9a442e9cac465872c1b4174/Functions/RunStateMatrix.m#L189
https://github.com/sanworks/Bpod/blob/4b756d8251f0a06ee9a442e9cac465872c1b4174/Functions/RunStateMatrix.m#L189
https://github.com/sanworks/Bpod/blob/4b756d8251f0a06ee9a442e9cac465872c1b4174/Functions/RunStateMatrix.m#L189
http://docs.auto-pi-lot.com/autopilot.core.gui.html#autopilot.core.gui.Bandwidth_Test
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ing decreased, but the total throughput (message rate (Hz) * size WPisB MPi3B+
(Bytes)) saturated linearly as a multiple of the number of sending Pis.  throughput
The Raspberry Pi 3b has a shared USB/Ethernet Bus, and thus appears (max) E

to have a relatively limited 11.8MB/s throughput. rate
Fortunately, the Raspberry Pi 4 has an independent gigabit ethernet (max) A

bus. On a Raspberry Pi 4, Autopilot has a 41MB/s maximum throughput delay 8- Elne
. . . (mean) 4.9ms
and a 1,919Hz maximum messaging rate (Figure 4.3). We observed
a slightly higher messaging delay with the Raspberry Pi 4 (6.9ms j?tg;’%
S
vs. 4.9ms Raspberry Pi 3B+). We note that the NTP synchronization ; —
. Figure 4.3: The Raspberry Pi 4's gigabit
method we used to measure delays has a margin of error on the order  ¢thernet bus markedly improves
of milliseconds. network performance.

Autopilot’s networking modules are capable of supporting the in-
frastructure of next-generation behavioral neuroscience experiments.
Our humble terminal was capable of receiving the full 114.6MB/s of
10 Pis without sign of saturation, and a Raspberry Pi 4 is capable of
sending data at 41MB/s. This bandwidth makes Autopilot capable of
streaming raw Calcium imaging® and electrophysiological data from  *2-Photon: 5.9MB/s

(12 bits * 512x512 resolution * 15Hz)

modern high-density probes3. The delay between sending and process-
3 Neuropixels: 14.4MB/s[17]

ing messages over 4 hops in a network (4.9ms) is less than the latency (10 bits * 30kHz * 384 channels)

with which comparable systems (Figure 4.1) process triggers when
connected directly via serial.

Finally, while Autopilot typically operates in a “TCP-like” protocol—
resending messages until they have been confirmed as received—these
tests were run with an optional “UDP-like” protocol which does not
check for confirmation. Across the approximately 2.5 million mes-

sages sent during these tests only 537 were dropped (and only during
Lick Solenoid
deli f 99.98% in “UDP de. By design, deli i >ensor vaLve W
a delivery rate of 99.98% in ” mode. By design, delivery rate is I,
(«f + & + -

guaranteed to be 100% in “TCP” mode. —a-
]

tests which saturated rate or bandwidth capacity), giving Autopilot

4.3 Distributed Go/No-go Task 5 000
We designed a visual go/no-go task as a proof of concept for distribut- \ | % @
ing task elements across multiple Pis, and also for the presentation of A | ’ —>

visual stimuli (Figure 4.4). The code for this task is described in greater Monitor

detail in the user guide.

In this task, a head-fixed subject would* be running on a wheel
in front of a display with a lick-detecting water port able to deliver
reward. Above the port is an LED. Whenever the LED is green, if the
subject drops below a threshold velocity for a fixation period, a grating

Velocity |e m

stimulus at a random orientation is presented on the monitor. After a Trigger —

random delay, there is a chance that the grating changes orientation _ o
. . . . Figure 4.4: Hardware distribution for
by a random amount. If the subject licks the port in trials when the e distributed go/no-go task

orientation is changed, or refrains from licking when it is not, the +No mice were trained on this task


https://www.raspberrypi.org/magpi/raspberry-pi-4-specs-benchmarks/
https://www.raspberrypi.org/magpi/raspberry-pi-4-specs-benchmarks/
http://docs.auto-pi-lot.com/guide.task.html#distributed-go-no-go-using-child-agents
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subject is rewarded.
One “parent” pilot controlled the operation of the task, including the
coordination of its child>. The parent was connected to the LED and 5 Both Raspberry Pi 4s
solenoid valve for reward delivery, as well as a monitor® to display the ¢ Acer S230HL - (1926x1080px, 66Hz)

gratings”. The child continuously streamed velocity data (measured 7 Visual stimuli were presented with
Psychopy (v3.1.5) using the glfw (v1.8.3)
. . . . backend while Autopilot was run in a
terminal for storage (see also Figure 3.10, which depicts the network  gedicated X11 display server.

with a USB optical mouse against the surface of the wheel) back to the

topology for this task). The child waited for a message from the parent
to initiate measuring velocity, and when a rolling average of recent
velocities fell below a given threshold the child sent a TTL trigger back
to the parent to start displaying the grating. This split-pilot topology
allows us to poll the subject velocity continuously (at 125Hz in this
example) without competing for resources with psychopy’s rendering
engine.

We measured trigger (TTL pulse from the child) to visual stimulus
onset latency using the measurement cursors of our oscilloscope as
before. To detect the onset of the visual stimulus, we used a high-speed
optical power meter® attached to the top-left corner of our display ®Thorlabs PM1ooD
monitor. The stimulus was a drifting Gabor grating drawn to fill half
the horizontal and vertical width of the screen (960 x 540px), with a
spatial frequency of 4cyc/960px and temporal (drift) frequency of 1Hz.

We observed a bimodal distribution of latencies (Quartiles: 28, 30,
36ms, n=50, Figure 4.5), presumably because onsets of visual stimuli

are quantized to the refresh rate (60Hz, 16.67ms) of the monitor. This
range of latencies corresponds to the second and third frame after
the trigger is sent (2/3 of observations fall in the 2nd frame, 1/3 of ”J ‘ $ss.. .k”
observations in the 3rd frame). We observed a median framerate of 0 25 30 35 4o 45
36.2 FPS (IQR: 0.7) across 50 trials (8863 frames, Figure 4.6). Trigger-Stimulus Latency (ms)

We further tested the Pi’s framerate by using Psychopy’s timeByFrames Figure 4.5: Stacked dots are a histogram
of individual observations (n=50)

. . oo . underneath the probability density
running—to see if the framerate limits were imposed by the hardware  (plack line), red lines indicate quartiles.

test—a script that draws stimuli without any Autopilot components

of the Raspberry Pi or overhead from Autopilot (Table 4.3). We tested a

series of Gabor filters and random dot stimuli (dots travel in random

directions with equal velocity, default parameters) at different screen

resolutions and stimulus complexities. The Raspberry Pi was capable

of moderately high framerates (>60 FPS) for smaller, lower resolution 20 5 2 26
stimuli, but struggled (<30 FPS) for full HD, fullscreen stimuli. Frames/s

Autopilot is appropriate for realtime rendering of simple stimuli, Figure 4.6: Probability density of
framerates for 960 x 540px grating
rendered at 1080p. Red lines indicate
discernible overhead (Mean framerate for a 960 x 540px grating at quartiles

1080p in Autopilot: 36.2 fps, vs. timeByFrames: 35.0 fps). In the
future we will investigate prerendering and caching complex stimuli

and the proof-of-concept API we built around Psychopy doesn’t impose

in order to increase performance. A straightforward option for higher-
performance video would be to deploy an Autopilot agent running


https://www.productchart.com/monitors/16901
https://www.psychopy.org/
https://www.glfw.org/
https://www.thorlabs.com/newgrouppage9.cfm?objectgroup_id=3341
https://github.com/psychopy/psychopy/blob/3.1/psychopy/demos/coder/timing/timeByFrames.py
https://www.psychopy.org/api/visual/dotstim.html#psychopy.visual.DotStim
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on a desktop computer with a high-performance GPU, or to use a

single-board computer with a GPU like the NVIDIA Jetson ($99).

Stimulus Resolution  Size / # Dots ‘ Mean FPS o FPS
Gabor Filter 1280 x 720 300 X 300pX 106.4 5.5
Gabor Filter 1920 x 1080 300 X 300pX 75.2 3.5
Gabor Filter 1280 x 720 640 X 360pX 53.5 2.2
Gabor Filter 1920 x 1080 960 X 540pX 35.0 1.0
Gabor Filter 1280 x 720 720 X 720pX 41.5 2.2
Gabor Filter 1920 x 1080 1080 x 1080pX 20.1 0.7

Random Dots 1280 x 720 100 dots 98.0 3.8
Random Dots 1920 x 1080 100 dots 67.6 3.0
Random Dots 1280 x 720 1000 dots 20.9 0.25
Random Dots 1920 x 1080 1000 dots 19.5 0.36
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Table 4.3: Tests performed over 1000
frames with PsychoPy’s timeByFrames
test.


https://www.nvidia.com/en-us/autonomous-machines/embedded-systems/jetson-nano/
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5
Limitations and Future Directions

WHILE WE BELIEVE THAT Autopilot’s order of magnitude increase of performance and decrease in
expense, and its qualitative improvements in task design flexibility due to its distributed architecture are
already useful contributions to behavioral neuroscience, we do not view Autopilot as “finished.” We view
Autopilot—Tlike all open-source software—as an evolving project. We are invested in its development, and
will be continually working to fix bugs, make its use more elegant, and add new features in collaboration
with its users.

We expect that as the codebase matures and other researchers use Autopilot in new, unexpected
ways that some fundamental elements of its structure may evolve. We have built version logging into
the structure of the system so that changes will not compromise the replicability of experiments (see
Versioning and Containerization below). While there will inevitably be changes between versions, these
will be both transparently documented and announced in release notes in order to alert users and describe
how to adapt as needed. Accordingly, potential users should not let the limitations and future directions
described below cause them to worry about early adoption or to wait for a stable version—the cost to
start using Autopilot is low, and in our experience implementing experiments is already easier and more
straightforward than comparable behavior systems.

We see several limitations in the launch version of Autopilot that we will improve on in future versions:

¢ Python 3 - We began developing Autopilot while there was still a case to be made for using Python
2. Now, given Python 2’s impending end of life in 2020, we will transition Autopilot to Python 3 by
the end of 2019. We have already started transitioning with the Subject data class and don’t see the
transition as a great obstacle.

¢ Synchronization - Currently, there is no synchronization engine built into Autopilot. To ensure time-
sensitive operations distributed over multiple Raspberry Pis are synchronized (ie. generate near-identical
timestamps), we will add the ability for agents to generate and follow a clock signal with pigpio. This
synchronization engine will also allow alignment of Autopilot data with external software, such as the
proprietary software often used for imaging data acquisition.

¢ Integration with Other Software - We will make Autopilot capable of natively recording electrophysi-
ological data by integrating with Open Ephys[33]. We also are interested in tightly integrating other
recent tools like DeepLabCut[23] and MoSeq[40] to make Autopilot a unified platform for complex and
naturalistic behavioral experiments.

¢ Transformations - To enable the use of computer vision and other analytical tools within tasks we
have begun building a data transformation module. This module will provide a framework to perform
high-level data transformations—eg. images from a camera to positions of tracked objects—that convert
raw data from hardware objects to processed data useful for designing complex tasks.

¢ Agents - The Agent infrastructure is still immature—the terminal, pilot, and child agents are written as
independent classes, rather than with a shared inheritance structure. We will be designing a common
Agent class schema so that they are easier to design and deploy. We also plan to expand the available
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agents, specifically by introducing Observer and Compute agents. Observers will be designed for passive
observation without supervision from a terminal, eg. for monitoring animals continuously in their home
cages. Compute agents will run on high-performance computers in order to facilitate computationally
intensive operations like GPU-dependent image analysis, online spike-sorting, etc. A mature agent
framework will provide a much more streamlined path to the complex multi-agent experiments alluded
to in Section 3.4.

¢ Data - We plan on transitioning our data model to implementing the Neurodata Without Borders[29]
standard. Since the Neurodata Without Borders standard is implemented in HDF5 and structurally
similar to our data model, this transition should be straightforward. We also plan on adding support
for a NoSQL mongoDB database backend to improve reliability, scalability, and performance of data
storage and retrieval. Since our data model is standardized, we will ensure all data storage backends
are mutually compatible so data stored in a database can be exported to HDF5 files and vice versa.
Currently Autopilot only automatically logs changes in task parameters and code version, but in the
future we will expand our logging facility to include detailed data on systemwide preferences and
connected hardware.

* Versioning and Containerization - While Autopilot version and local changes are logged in collected
data by default, there is no way to specify that a task should be run using a particular version
automatically (ie. the user has to manually check out the specific git commit before running Autopilot).
We intend on supporting task parameterizations that specify particular versions of Autopilot. We also
will expand Autopilot’s version logging system to include the versions of all the other packages in the
environment. In our view, the best way to support reproducible software environments is to use a
container system like Docker, so we will be building infrastructure to generate containers from task
parameterizations.

¢ Tasks - We look forward to collaborating with other researchers to expand the available library of
tasks. While the two-alternative forced choice and go/no-go tasks we have implemented are common,
we designed Autopilot to be capable of performing any behavioral experiment. For example: we
have already started a collaboration to build a freely-moving, jumping-based behavior that relies on
16 hardware components and data streams, and have future plans to build hardware and stimulus
management extensions for human psychophysical tasks performed in an fMRI.

* Mesh Networking - The tree structure of Autopilot’s networking was built to enforce simplicity of its
messaging protocol, but it limits the ability for data to be shared efficiently between a large number of
pilots because communication has to be routed through a hub terminal. We will implement a true mesh
network architecture by implementing a distributed hash table, allowing agents to directly communicate
with one another without explicit configuration. We also will implement a peer-to-peer data protocol
akin to Bittorrent to allow efficient distribution of data across a swarm of agents.

¢ Web Interface - We would like to make a web-compatible Ul that allows tasks to be administered and
monitored from any computer. A web interface would make continuous experiments much easier to
manage—we specifically intend this improvement (along with the Observer agent) to facilitate active
sensory enrichment[38, 12] and developmental experiments.

¢ Platform Independence - We have not rigorously tested Autopilot on operating systems other than
Raspbian and Ubuntu Linux, though we know the terminal agent and its GUI works on macOS.

* Unit Tests - At release, Autopilot has no unit tests. To make the codebase easier to maintain, we aim to
reach 100% coverage by the first stable release of the program (v1.0).
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The executable part of Autopilot. A set of startup routines (eg. opening a GUI or
starting an audio server), runtime behavior (eg. opening as a window or running
as a background system process), and event handling methods (ie. listens) that
constitute the role of the particular Autopilot instance in the swarm.

An agent that performs some auxiliary, supporting role in a task—primarily used
for offloading some hardware responsibilities from a pilot.

Moving between successive tasks in a protocol when some criterion is met.

A method belonging to the station or node of a particular agent that defines how
to process a particular type of message (ie. a message with a particular key).

A networking object that some module (eg. hardware, tasks, GUI routines) or
method (eg. a listen) uses to communicate with other nodes. Messages to other
agents in the swarm are relayed through their Station

An agent that runs on a Raspberry Pi, the primary experimental agent of Autopilot.
Typically runs as a system service, receives tasks from a terminal and runs them.
Can organize a group of children if requested by the task.

A (.json) file that contains a list of task parameters and the graduation criteria to
move between them. The tasks in a protocol are also known as its levels.

Stages are methods that implement the logic of a task. They can be used analogously
to states in a finite-state machine (eg. wait for trial initiation, play stimulus, etc.) or
asynchronously (whenever x input is received, rotate stimulus by y degrees).

Each agent has a single station, a networking object that is run in its own process
and is responsible for communication between agents. The station also routes
messages from children or other nodes.

Informally, a group of connected agents.

A formalized description of an experiment: the parameters it takes, the data that
it collects, the hardware it needs, and a collection of stages that describe what
happens during the experiment.

A user-facing agent that provides a GUI for operating and maintaining a swarm.

A particular combination of agents, their designated responsibilities, and the net-
working connections between them invoked by a task (eg. task requires one pilot to
record video, one to process the video, and one to administer reward) or by usage
(eg. 10 pilots are connected to a single terminal and are typically used to run 10
independent tasks, though they could run shared tasks together).

If a task is structured such that its stages form a repeating series, a trial is a single
completion of that series.
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