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Recent advances in brain recording technology and in algorithms for analyzing behavioral

data are enabling the study of neural activity underlying spontaneous behaviors. This

new paradigm called “naturalistic neuroscience” goes beyond the confines of traditional

neuroscience experiments that rely on cued, repeated trials, and a priori experimental

design. In this dissertation, we describe how we use machine-learning to study increasingly

naturalistic behaviors and associated neural data in two distinctly different settings.

In the first “data-rich” setting, we study large (≈250 GB/subject) opportunistically-

collected datasets of simultaneously recorded long-term (7–10 day) electrocorticography and

naturalistic behavior video data for 12 human subjects. Our approach uncovers and anno-

tates thousands of instances of human upper-limb movement events from the video record-

ings, using a pipeline comprising computer-vision, discrete latent-variable modeling, string

pattern-matching and event metadata extraction. We curate these events into a database

that can be used for many downstream applications in neuroscience and neuroengineer-

ing, two of which we prototype – (1) time-frequency analysis and (2) movement initiation

decoding. We have published our curated dataset (https://github.com/BruntonUWBio/

mining2021), making available a resource that captures naturalistic neural and behavioral

https://github.com/BruntonUWBio/mining2021
https://github.com/BruntonUWBio/mining2021


variability at a scale not previously available.

In the second “simulation-based” setting, we study plume-tracking, a complex control

problem requiring multimodal sensory integration and robustness to odor intermittency,

wind non-stationarity and spatiotemporal plume variability. Flying insects routinely track

plumes, often over long distances, in pursuit of odors originating from food or mates. Iso-

lated aspects of this remarkable behavior have been studied in detail in many experimental

studies. We take a complementary in silico approach, using artificial agents trained with

reinforcement learning, to develop an integrated understanding of the behaviors and neural

computations that support plume tracking. Specifically, we use deep reinforcement learning

to train recurrent neural-network (RNN) based agents to locate the source of simulated tur-

bulent plumes. Interestingly, the agents’ emergent behaviors resemble those of flying insects,

and the RNNs learn to represent task-relevant variables such as head-direction and time be-

tween odor encounters. Exploiting the simulator’s flexibility and the full observability of the

RNNs’ neural activity, we also generate insights into behavior modularity, memory capacity,

neural computations and network connectivity that support plume tracking in a variety of

easily simulated but hard-to-realize plume configurations. Our in silico approach provides

key intuitions for an integrated understanding of turbulent plume tracking and motivates

future targeted experimental and theoretical developments. Animations accompanying this

study can be found at https://github.com/BruntonUWBio/plumetracknets.

https://github.com/BruntonUWBio/plumetracknets
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Chapter 1

INTRODUCTION
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1.1 Naturalistic Neuroscience

Much of our understanding in neuroscience comes from carefully designed, controlled exper-

imental tasks, where timings of cues, stimuli, and behavioral responses are known precisely.

However, neuroscientists have always been interested in studying the behavior of neural

systems when their experimental subjects are engaged in spontaneous uncued behavior.

Recent technological advances in the recording and processing of brain and behavior data

have enabled investigation of such increasingly naturalistic behavior, giving rise to a new

paradigm called “naturalistic neuroscience” [1–6].

1.2 Key motivations for Naturalistic Neuroscience

A few limitations of traditional controlled studies, that motivate the research community’s

interest in naturalistic neuroscience, are as follows [1, 7, 8]:
Neuroscience experiments

Traditional paradigm

● Pre-designed experiment
● Precisely timed cues/stimuli 

○ And usually, also behavioral 
responses

● Controlled environmental 
conditions

○ Questions about 
generalizability

● Limited trial counts

Time

A "center-out" task

Figure 1.1: Rough illustration of the “center-out task”, a traditional motor neuro-

science/neuroengineering experimental paradigm: The visual display (grey squares) flashes

visual prompts at pre-specified times. The prompt with the red light indicates that the sub-

ject should move (or imagine moving) their hand to a ‘center/rest’ position. The prompt

with the blue light indicates that the subject should move (or imagine moving) their hand

‘out’ in the direction indicated by the light. Behavioral responses and associated neural ac-

tivity of the subject to these cues are recorded and analyzed, typically assuming statistical

independence between each ‘center-out’ trial.

Limited behavioral repertoire: Though pre-planned controlled experiments are the gold

standard and have added much to our understanding in behavioral neuroscience, they can

sometimes introduce rigid and artificial constraints on a subject’s behavior. Consider a

“center-out” task (Figure 1.1), which is a typical paradigm for collecting experimental data
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for Brain Computer Interfacing (BCI) applications. Since the subject behaves in response

to pre-specified cues, the paradigm largely fails to account for the rich behavioral variability

found in spontaneous movements performed during everyday activities. Furthermore, such

traditional experiments typically assume statistical independence between each stimulus-

followed-by-response trial. This is very different from the continuous sequences of sensory-

cognitive-motor activity loops found in spontaneous real-world behavior (that also often

contains long-range temporal dependencies) [9]. Models built on neural data collected from

such tasks assume inter-trial independence, and largely discard the complex neural variabil-

ity arising from long-range correlations as (unmodelled) process ‘noise’ [1].

Generalization: Researchers interested in extracting broad principles and building robust

models from data collected in controlled settings have always had to grapple with questions

of whether their experimental data will generalize to real-world situations. Specifically, the

repeated stimuli used in controlled experiments are unlikely to be found in everyday con-

ditions because one rarely “steps into the same river twice” in real life [8]. This can be

especially concerning in the world of BCI, where neural activity decoders need to be robust

to real-world signal and noise distributions to meet user-experience expectations. Previ-

ously explored solutions to the generalization problem include designing for robustness (e.g.

through adversarial training [10]) and using adaptive algorithms that track signal distribu-

tion changes (e.g. through adaptive decoding [11]).

Subject fatigue or boredom: Another complication arising from repeated stimuli used in

controlled experiments is that of subject fatigue or boredom. Though researchers design ex-

periments with an eye to keep subjects engaged throughout the course of their experiments,

this can become especially concerning when a large number of trials need to be collected.

1.3 Key challenges in Naturalistic Neuroscience (and some solutions)

While Naturalistic Neuroscience experiments address some limitations of traditional exper-

imental paradigms, they bring with them new challenges that demand new approaches to



4

data collection and analysis. We describe some key challenges below:

Brain recording technology: Traditionally, collecting data from subjects that are mobile

or spontaneously behaving has been a significant obstacle. However, technological advances

are making such endeavors increasingly within reach. Some recent advances in recording

from human brains while subjects are mobile include: mobile electroencephalography (EEG)

[12], mobile magnetoencephalography (MEG) [13] and mobile functional Near Infrared Spec-

troscopy (fNIRS) [14]. Among non-human animals, such brain recording technologies are

perhaps the most developed for smaller model organisms such as rodents [15], zebrafish

[16] and nematodes [17]. On the other hand, there relatively limited neural recording tech-

nologies for insects engaged in free-form flight [18]. New technologies for high-bandwidth

recording from untethered freely behaving non-human primates have recently been demon-

strated, with human BCI clinical-trials on the horizon at the time of writing [19].

In Chapter 3, we use intracranial brain recordings from patients undergoing pre-surgical

observation at a hospital’s epilepsy monitoring unit. These patients have been implanted

with one or more electrode arrays which are connected via a tether to a mobile brain-

recording interface. Though confined to their bed and its immediate surroundings, these

patients are free to perform their daily activities activities (such as talking, eating, meeting

people, watching TV, using a computer or phone, sleeping, etc.) during the observation

period.

Behavior and subject pose recording technology: Motion capture is a mature but some-

what expensive technology that has been widely applied to both human and non-human

subjects [20]. It has traditionally relied on placing markers on subject’s bodies, an inter-

vention that can interfere with the spontaneity with which subjects behave. Recently, there

has been a flurry of research activity around reducing the cost of motion capture using off-

the-shelf cameras, and using markerless pose estimation techniques that minimally interfere

with the subject’s behavior [21, 22].

Data analysis methods: Most traditional data analysis techniques rely on the availability
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of data structured in the form of temporally well-segmented trials, with an assumption of

independence between (or easily de-biased) trials. As discussed earlier, such regularities

rarely hold in messy real world data. An active emerging research area, called “compu-

tational ethology”, has recently developed around the challenges arising in the automated

analysis of such naturalistic animal behavior [5, 21, 23–26] (see also [27, 28] for a recent sur-

veys and [4] for a perspective). A typical non-human naturalistic neuroscience experiment

[6, 29, 30] first collects simultaneously recorded behavioral video and neural activity data

from one or more freely behaving subjects in an uncontrolled but sufficiently confined envi-

ronment. Next, the video recordings are processed through an extensive pipeline consisting

of steps such as: segmenting the subject(s) from the background, transforming subject pose

to common coordinates using affine transformations, estimating pose of body-parts across

frames, and higher-level operations such as classifying pose or segmenting pose into actions.

Combined with the simultaneously recorded neural data, such naturalistic behavior data

are being used to shed light on previously intractable questions in behavioral neuroscience,

often at unprecedented scale.

Human action-recognition methods from mainstream computer vision [31] are relevant

but not directly applicable to the needs of naturalistic human neuroscience. Traditionally,

action-recognition research has concerned itself with discriminating activities at a coarse

level, such as sitting vs. walking [32], and has often assumed the availability of a large

corpus of labeled training data. In contrast, to study the kinds of behaviors that interest

neuroscientists and neuroengineers, we seek to localize fine-grained movements to sub-second

temporal resolution, and ideally use the fewest behavioral labels possible [33].

In Chapter 3, we present our automated analysis pipeline for simultaneously recorded

human brain and behavior data. Since it is not known which behaviors or behavioral

characteristics will elicit neural responses worth studying further, we introduce a novel

intermediate queryable representation that is flexible enough to support the study of sev-

eral kinds of behaviors. Recent work by [34] develops such intermediate representations

for semi-automated exploration of scenes in general videos across several computer-vision

applications.
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In Chapter 5, we ‘dog-train’ the behavior of artificial agents (using some minimalistic

assumptions) to find that complex behavior resembling that of flying insects emerges after

the training process. We then use behavioral assays across multiple simulated environments,

each presenting a different challenge, to understand and characterize the behavior of the

agents.

1.4 Organization

The rest of this dissertation is organized as follows:

In Chapter 2, we provide brief summaries of the two studies that have been covered in

extensive detail in the rest of this dissertation.

In Chapter 3, we describe how we analyzed large-scale human brain and behavior

datasets obtained opportunistically from epilepsy patients undergoing clinical observation

prior to epilepsy resection surgery. The data processing pipeline developed in this chapter

produces a database of naturalistic upper-limb events, each with associated metadata, that

can be used for a variety of downstream applications.

In Chapter 4, we use the naturalistic upper-limb events extracted in Chapter 3 to pro-

totype two downstream applications – (1) a traditional time-frequency analysis of neural

activity associated with upper-limb movement-initiation and (2) an upper-limb movement-

initiation decoder.

In Chapter 5, we describe an artificial neural network ‘agent’ trained to perform a

challenging control task called plume tracking. We then explore what the agent’s behavior

and (artificial) neural activity can teach us about how flying insects might perform plume

tracking.

Finally, in Chapter 6 we conclude this dissertation with reflections on the aforementioned

studies and naturalistic neuroscience.

1.5 Declaration

The work presented in this dissertation is heavily sourced from papers, preprints, abstracts

and posters authored by me that have either already been published or will be published

soon. This includes:



7

• SH Singh, F van Breugel, RPN Rao, and BW Brunton, ”Emergent behavior and neural

dynamics in artificial agents tracking turbulent plumes”, Preprint, Sept 2021 [35].

• SH Singh, F van Breugel, RPN Rao, BW Brunton, ”Understanding biological plume

tracking behavior using deep reinforcement-learning”, CSHL Meeting: From Neuroscience

to Artificially Intelligent Systems (NAISys), November 2020.

• SH Singh, F van Breugel, RPN Rao, BW Brunton, ”Using artificial neural-network

agents to dissect biological plume tracking behavior”, IROS 2020 Workshop on Robotics-

inspired Biology, October 2020.

• SH Singh, F van Breugel, RPN Rao, BW Brunton, ”Understanding biological plume

tracking behavior using deep reinforcement learning”, ALIFE 2020: The 2020 Conference

on Artificial Life, July 2020 [36].

• Singh SH, Peterson SM, Rao RP, Brunton BW. ”Mining naturalistic human behaviors

in long-term video and neural recordings”, Journal of Neuroscience Methods, Jul 2021 [37].

• SH Singh, SM Peterson, RPN Rao, BW Brunton, ”Enabling naturalistic neuroscience

through behavior mining: Analysis of long-term human brain and video recordings”, 2019

Conference on Cognitive Computational Neuroscience, Berlin, Germany [38].

• SH Singh, SM Peterson, Dichter B, Scheid M, RPN Rao, BW Brunton, ”AJILE12:

Long-term naturalistic human intracranial neural recordings and pose”, Preprint, Aug 2021

[39].

• SH Singh, SM Peterson, RPN Rao, BW Brunton, ”Enabling naturalistic systems neu-

roscience: Interpretable representations for analysis of long-term human neural activity and

behavior,” Learning Meaningful Representations of Life Workshop at the 33rd Conference

on Neural Information Systems Processing (NeurIPS 2019, Vancouver, Canada)

• SH Singh, RPN Rao, BW Brunton, ”Enabling naturalistic neuroscience: Mining large-

scale human behavior recordings.”, BIOKDD 2019, 18th International Workshop on Data

Mining in Bioinformatics (at KDD 2019, Anchorage, AK)

• SH Singh, SM Peterson, NXR Wang, RPN Rao, BW Brunton, ”Analysis of large-scale

naturalistic human brain and behavior recordings”, Ninth International Workshop on the

Statistical Analysis of Neuronal Data (SAND9, Pittsburgh, PA)



8

Chapter 2

PROJECT SYNOPSES
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2.1 Behavior mining in long-term human neural and behavior recordings

Summary: Human neuroscience experiments have traditionally been conducted using pre-

designed and well-controlled experiments, in which timings of cues, stimuli, and behavioral

responses are known precisely. Recent technological advances have enabled us to study

longer and increasingly naturalistic brain recordings, giving rise to a new paradigm called

“naturalistic neuroscience” where neural computations associated with spontaneous behav-

iors are studied. Analyzing such unstructured, long-term, and multi-modal data remains a

substantial challenge, due in part to the lack of a priori experimental design and the diffi-

culty of isolating interpretable behavioral events. Here we develop a highly automated pro-

cessing pipeline for analyzing large (≈250 GB/subject) datasets of simultaneously recorded

human electrocorticography (ECoG) and naturalistic behavior video data. Our pipeline

discovers and annotates over 40,000 instances of naturalistic arm movements in long term

naturalistic behavior data across 12 subjects (≈18 million video frames over a week/subject)

using a combination of computer-vision algorithms, discrete latent-variable modeling, and

string pattern-matching. We extract neural correlates associated with these naturalistic

events from the simultaneously recorded ECoG data and show that they largely corrob-

orate prior findings from traditional controlled experiments. Our pipeline produces large

training datasets for brain-computer interfacing applications, and we show decoding results

from a movement initiation detection task; we expect these decoders to be more robust to

sources of variability found in real-world scenarios due to the use of naturalistic training

data.

Additional Detail - Dataset: Our dataset consists of human intracranial neural record-

ings (ECoG) and simultaneously recorded behavior video, obtained opportunistically from

12 epilepsy patients for the entire duration of each subject’s long-term (7–10 days) clinical

observation. Each subject had about 90 electrodes implanted, covering different cortical

regions in one brain hemisphere as determined by individual clinical need. Together, the

ECoG and video (≈18 million RGB frames/patient for ≈7 days) amount to 250 GB of data

per patient.
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(b) Pose segmentation(a) Pose estimation (d) Metadata 
extraction(c) Event detection

Figure 2.1: Pipeline for behavioral video data processing – Left to right: (a) Anonymized

frame showing pose keypoints (colored dots) tracked on human subject. (b) Autoregressive

hidden Markov model robustly segments pose trajectory into ‘rest’ (shaded sky blue) and

‘move’ (shaded pink) states. (c) Raster plot of pose states for several video-clips for pattern

matching at scale. Red box shows example of a detected rest-to-movement event. (d) Post

event-mining metadata extraction to get event attributes like movement duration, start and

end coordinates, mean pose estimation confidence, among others.

Behavioral video processing pipeline: We take a scalable behavior-mining approach

that robustly uncovers instances of naturalistic upper-limb movements in each patient’s

video data that are amenable to analysis. We first manually annotate several key-points

(Fig. 2.1a) on the body of the patient on 1000 randomly selected frames of the video data,

and use these to train a pose estimation algorithm [21] to extract pose trajectories for

the entire duration of video; we then segment (Fig. 2.1b) these trajectories in time using

unsupervised discrete-state latent-variable models [40].

Interestingly, having a discrete, sequential representation of upper-limb pose simplifies

the problem of detecting behavioral events to pattern-matching on strings. To detect move-

ment onset-continuation-offset sequences with high temporal precision, we apply regular-

expression based queries on single-limb latent-state trajectories (Fig. 2.1c). Additionally,

by combining the latent-state sequences from both left and right upper-limbs, we can detect

various possible orderings of limb movement (e.g. raising the left and right wrists simul-

taneously vs. one after the other at different time offsets). Our approach also extracts

behavioral metadata associated with the detected events, such as movement reach angle,

magnitude, duration, pose estimation confidence over event, and coarse-grained start and
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Figure 2.2: Left to right: (a) A sample of 50 typical right-wrist trajectories (translated to

start at origin) showing diversity of naturalistic reach movements for a single patient. (b)

Number of right-wrist movement initiation events discovered per day for each of 12 subjects,

totaling 475 to 3526 events per subject across their entire duration of clinical observation

(268 mean ± 123 s.d. per day). (c) Event-locked spectrograms, averaged by brain region

(cyan color in insets) across 12 subjects, showed movement-associated high-frequency power

increase and low-frequency power decrease. (d) Test set decoding accuracy for initiation

of movement of contralateral (side opposite electrode implant) and ipsilateral (same side)

wrists. As expected, decoding of contralateral movements is slightly more accurate than

ipsilateral in almost all cases.

end locations, among others (Fig. 2.1d).

After filtering using the associated metadata, we construct a large database of naturalis-

tic movement events that captures naturalistic upper-limb movement variability (Fig. 2.2a)

and is robust to variation in lighting, camera angle, and level of activity in the video. In

total, our dataset includes 12 subjects, with 475 to 3526 individual movement events per

subject (268 mean ± 123 s.d. per day, Fig. 2.2b).

Towards naturalistic neuroscience: To understand neural correlates of these behav-

ioral events, we analyze the simultaneously recorded ECoG brain activity. These natural-

istic neural correlates largely corroborate results from traditional, controlled experiments

[41]; the naturalistic and experimental results also concur on brain regions activated across

patients (Figs. 2.2c). Further, to demonstrate the suitability of such behavior-mined oppor-

tunistic data for brain-computer interface (BCI) decoding applications, we train classifiers

that perform significantly over chance (comparable with [42]) in discriminating upper limb

movement-onset events from rest (Figs. 2.2d). Such naturalistic training data could poten-
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tially improve the accuracy, robustness, and generalizability of BCI decoders when deployed

in real-world settings.

Conclusion: In summary, we present a highly automated, novel workflow for analyzing

simultaneously recorded naturalistic long-term human brain and behavioral video data. A

key contribution is an approach to generate a robust, temporally precise, and queryable

representation of human upper limb poses. We believe that our approach and results are of

broad interest to neuroscientists and neuroengineers. We have published our curated dataset

and believe that it will be a valuable resource for future studies of naturalistic movements:

https://github.com/BruntonUWBio/mining2021.

https://github.com/BruntonUWBio/mining2021
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2.2 Emergent Behavior and Neural Dynamics in Artificial Agents Tracking
Turbulent Plumes

Summary: Tracking a turbulent plume to locate its source is a complex control prob-

lem requiring multimodal sensory integration and robustness to odor intermittency, wind

non-stationarity and spatiotemporal variability in plume statistics. This task is routinely

performed by flying insects, often over long distances, in pursuit of food or mates. Iso-

lated aspects of this remarkable behavior have been studied in detail in many experimental

studies. Here, we take a complementary in silico approach, using artificial agents trained

with reinforcement learning, to develop an integrated understanding of the behaviors and

neural computations that support plume tracking. Specifically, we use deep reinforcement

learning to train recurrent neural-network (RNN) based agents to locate the source of sim-

ulated turbulent plumes. Interestingly, the agents’ emergent behaviors resemble those of

flying insects, and the RNNs learn to represent task-relevant variables such as head-direction

and time between odor encounters. Through two separate analyses, we find that reflexive

short-memory behaviors are sufficient tracking constant wind-direction plumes, but longer

memory timescales are essential for tracking plumes that switch direction. Furthermore, we

find that the RNNs’ neural activity is low-dimensional and organized into distinct macro-

scopic structures for a subset of the behavioral modules. Our in silico approach provides

key intuitions for an integrated understanding of turbulent plume tracking and motivates

future targeted experimental and theoretical developments.

Methods: We implement a particle-based 2D plume simulation model that replicates the

statistics of real-world turbulent plumes [43]. Our agents are actor-critic networks [44], each

comprising a Vanilla Recurrent Neural Network (RNN) followed by a pair of 2 consecutive

feedforward layers corresponding to the actor and critic heads of the network. Layers are

64 units wide with tanh nonlinearities. At each time step, an agent receives a real-valued 3-

tuple input comprising egocentric wind velocities (x, y) and odor concentration at its current

location. It produces continuous valued turn and forward-movement actions matched to the

capabilities of real flying insects [45, 46]. We train 14 agents with independently randomly

initialized networks using Policy Gradient (PPO) [47] and analyse one of the top-5 best



14

head direction

wind 
direction

course direction

ground 
fram

e

egocentric 

frame

egocentric 
wind direction

Arena length [m]

A
re

na
 w

id
th

 [m
]

(a)

(b)

(d)

(c) (e)

Figure 2.3: (a-b) An agent’s plume tracking trajectories, each starting at a filled black circle

and ending at dotted crosshairs (far left) indicating the plume source. Plume in dull grey

color. Wind-direction shown by arrow in dotted circle. Successful tracking episodes in (a) a

constant wind-direction plume, and (b) a plume that switches directions multiple times; (c)

agent course-direction (CD), measured counter-clockwise from ground x-axis, is the direction

the agent actually moves taking into account slip due to wind-advection; (d) Empirical

distribution of CD across multiple successful trajectories in plumes with switching wind-

direction suggests that agents track with respect to plume centerline rather than with respect

to the wind. (e) Neural activity from a variety of episodes covering successful/unsuccessful

homing outcomes and constant/non-stationary wind-direction plume configurations, colored

by time elapsed since agent last encountered plume (25 steps = 1.0s).

performing agents (as measured by fraction of successful trajectories) in this synopsis.

Results: Trained agents can track plumes across a variety of plume simulator configurations

(Figure 2.3a-b) using a set of 3 behavior modules (Fig. 2.4a-b). Emergent behavior mod-

ules are reminiscent of upwind surging, crosswind casting and U-turn behaviors previously

reported in the literature for flying insects [45, 48–50]. Our analyses suggest an intriguing

experimentally testable hypothesis – that agents track plumes in changing wind-directions

with respect to their local shape rather than the current wind-direction (Figure 2.3c). Si-

multaneously, we find that the RNN learns to represent task-relevant variables such as the

time elapsed since the last odor encounter (Figure 2.3e). Neural activity is low-dimensional

(Fig. 2.4f), and exhibits a signature structure for 2 of the 3 behavior modules (Fig. 2.4c-d),

organized in overlapping but distinct regimes (Fig. 2.4e) at a macroscopic level. Using stan-

dard notation, the RNN update rule, ht = F (ht−1,xt) = tanh(Whht−1 + Wxxt + b), can
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Figure 2.4: (a-b) Agent’s plume tracking trajectories, each starting at a filled black circle.

Plumes (dull grey) originate at dotted crosshairs (far left). Wind-direction (constant) shown

by arrow in dotted circle. Agent trajectory for (a) a successful tracking episode, and (b)

an unsuccessful episode that strays from the plume. Trajectories are colored by emergent

behavior modules, namely: track, where agent inside or skims the boundary of the plume;

lost where, after an extended duration of plume loss, it spirals (mostly) in place; and

recover, where, on brief periods of plume loss, it makes large (usually) cross-wind movements

to find the plume. (c-d) Neural activity corresponding to each row’s trajectory, project

onto their top-2 Principal Components. Quivers indicate neural activity gradient. (c) A

‘funnel’ like structure (in green) associated with track, and a limit-cycle (in red) associated

with the periodic lost behavior modules. (e) Neural activity from multiple trajectories

shows overall structure in the neural dynamics, and an amorphous intermediate region

associated with the recover behavior. (f) Like biological recordings, artificial neural activity

is low dimensional, with 90% variance explained by top-5 PCs. (g) Time-averaged stimulus

integration timescales τ associated with stable eigenmodes of recurrence Jacobian Jrec show

a bulk of relatively short (within 12 timesteps, 25 steps = 1.0s) timescales. (Top 5 τs are

56.5, 13.0, 7.7, 6.8 & 5.8 timesteps) Before training, τs associated with Wh’s eigenmodes

can be large, even exceeding the length of the training/evaluation episodes (300 steps). (g)

Eigenvalue spectra of the RNN recurrence matrix Wh before and after training show how

training results in the generation of unstable modes.

be linearized around an arbitrary expansion point (hexe) on the agent’s trajectory, to get

the approximate linear system [51, 52], ht ≈ F (he,xe)+ Jrec| (he,xe) ∆ht−1+ Jinp
∣∣
(he,xe)

∆xt.

Like in [52], we use τi = |(1/ ln |λi|)| to obtain the stimulus integration timescales τi asso-

ciated with stable eigenvalues λi of the RNN recurrence Jacobian Jrec| (he,xe) over multiple

tracking trajectories. The bulk of these timescales are within ≈ 0.5s, suggesting that the
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plume tracking task predominantly needs short-timescale memories (Fig. 2.4g). DRL train-

ing appears to produce unstable eigenmodes in the RNN connectivity matrix Wh (Fig.

2.4h).

Conclusion: Our normative RNN-based agent model enables an abstract yet interpretable

understanding of the behaviors and neural computations that support turbulent plume

tracking. Our findings motivate future targeted neuroethological experiments and theoreti-

cal developments. Animations accompanying this study can be found at https://github.

com/BruntonUWBio/plumetracknets.

https://github.com/BruntonUWBio/plumetracknets
https://github.com/BruntonUWBio/plumetracknets


17

Chapter 3

BEHAVIOR MINING IN LONG-TERM HUMAN BRAIN AND
BEHAVIOR RECORDINGS
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3.1 Introduction

Neuroscience has long been interested in understanding brain activity associated with spon-

taneous behaviors in freely behaving subjects. Even so, hypotheses regarding brain func-

tion have typically been tested using carefully designed, well-controlled experimental tasks,

where timing of cues, stimuli, and behavioral responses are known precisely. Fortunately,

recent technological advances have enabled us to study increasingly naturalistic and longer

brain recordings, giving rise to a new paradigm called “naturalistic neuroscience” [6, 7, 53–

55] where neural computations associated with such spontaneous behaviors are studied.

Understanding such unstructured, long-term, and multi-modal data poses a substantial an-

alytic challenge, due in part to the lack of a priori experimental design and the difficulty of

isolating interpretable behavioral events.

3.1.1 Related work

Our work is most closely related to recent work in human naturalistic neuroscience that

combine computer vision with opportunistic clinical brain recordings, including [55], [56],

and [57]. In particular, we build on the work of [42] using similar video data and estimate the

pose of human upper-body keypoints using neural-networks. [54] use optical flow and image

partitioning to detect coarse limb movements from video taken in a clinical setting similar to

ours and develop neural decoders for detecting these movements from brain data. Compared

to [42], who use a moving window heuristic on pose estimates to detect movements, we take

a more principled approach to modeling the pose data. This allows us to localize movement

events with finer temporal-resolution and characterize entire movement trajectories, which

in turn enables novel applications described later in the paper. We also use newer, more

efficient computer vision methods [28, 58] that allow us to process data at a scale that

exceeds all of the aforementioned studies taken together in the number of subjects and

duration of recordings analyzed. Finally, we focus on curating, characterizing, and making

our dataset available to the research community to foster further research and development

in this area.
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3.1.2 Our approach
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Figure 3.1: Pipeline for behavioral video data processing. (a) Video frame showing esti-

mated pose keypoints (colored dots) on human subject. (See Figure 3.8 for more examples.)

(b) Trajectories of estimated (x, y) pose coordinates and associated ‘confidence score’ for

the left wrist. Autoregressive hidden Markov model (Section 3.3.1) robustly segmented pose

trajectory into rest (shaded grey) and move (shaded light blue) states. (c) Raster plot of

pose states (move in dark blue, rest in white) for several video-clips for pattern matching at

scale. Red box depicts one movement initiation event matching a pattern of 15 contiguous

rest states (0.5s) followed by 15 contiguous move states (0.5s).

We present a scalable behavior-mining approach to analyze simultaneously recorded nat-

uralistic brain and behavior data, obtained opportunistically from human subjects under-

going long-term clinical monitoring prior to epilepsy surgery. Our video processing pipeline

(Figure 3.1) first estimates the locations of keypoints (e.g. wrists and elbows) on the upper-

body using a neural network trained on each subject [21]. We then segment the trajectory

of each keypoint in time using discrete latent-variable models, building a discrete repre-

sentation of pose dynamics. Interestingly, having a discrete, sequential representation of

upper-limb pose simplifies the problem of detecting behavioral events to pattern-matching

on strings. Using regular-expressions corresponding to patterns of interest, we discover

thousands of interpretable events per subject—an order of magnitude more observations

than in a typical controlled human experiment. To study the rich naturalistic variability as-

sociated with these events, we also extract metadata including movement angle, magnitude,

and duration.

Next, we explore the use of these behavioral events for neuroscience and neuroengineer-
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ing applications by analyzing the simultaneously recorded brain data. Event-averaged spec-

trograms associated with our naturalistic human upper-limb movement initiation events

corroborate and strengthen previous findings from controlled experiments [41] (see also

[59]). Preliminary investigations also suggest that our workflow could produce data useful

for training brain-computer interface (BCI) decoders; due to the use of larger sample sizes

of training data representative of naturalistic variability, such decoders may perform more

robustly in real-world deployments.

Our key contributions in this paper are as follows. First, we present a highly auto-

mated, novel workflow for analyzing simultaneously recorded naturalistic long-term human

brain and behavioral video data. Second, we develop a domain-relevant, robust, tempo-

rally precise, and queryable representation of human upper-limb pose. Third, to showcase

our workflow, we demonstrate example applications in neuroscience and neuroengineering,

suggesting that our approach and results are of broad interest. Finally, to support open

science and facilitate further research in this area, we release our curated dataset consisting

of annotated naturalistic events and associated neural recordings.

3.2 Dataset

3.2.1 Human subjects and data collection

Our dataset consists of human intracranial electrocorticography (ECoG) [60] neural record-

ings and simultaneously recorded behavioral video recordings, obtained opportunistically

from 12 patients with epilepsy for the duration of each patient’s long-term (7–9 days) con-

tinuous clinical observation. The patient population comprised 8 males and 4 females, with

an average age of 29.4 years (±7.9 years s.d.) at the time of recording. The University

of Washington Institutional Review Board for the protection of human subjects approved

our study and all patients provided their informed written consent. Patient behavior was

continuously recorded by a wall-mounted camera (Sony SNC-EP580 series, with day [RGB

color] and night [near-infrared B/W] modes) for real-time monitoring by an around-the-

clock clinical team, except during intermittent equipment servicing or private times when

the camera was switched off or turned away. Patients were observed performing their daily
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activities (including talking, eating, watching TV, using a computer or phone, sleeping,

receiving clinical care etc.) from the hospital bed while being tethered to a brain-recording

interface. Patients continued to receive their clinician-determined doses of anti-epileptic and

pain-relieving drugs throughout the recording period. Although there may be some cogni-

tive impairment from medication, using electrocorticographic data from epilepsy patients for

sensorimotor neuroscience and brain-computer interface tasks has become accepted practice

in the field [61–64].

Each patient had about 90 electrodes implanted under the skull and dura, directly on

their brain surface, including either an 8 × 8 grid or two 8 × 4 grids of electrodes. (See Table

3.1 for the exact number of electrodes per subject.) These electrodes were placed to monitor

a subset of cortical regions (right hemisphere for 5 and left hemisphere for 7 patients), pre-

dominantly in one brain hemisphere, as determined by individual clinical need for epilepsy

resection surgery and independent of the analysis presented in this manuscript. Grid elec-

trodes are constructed of 3-mm diameter platinum pads spaced 1-cm apart center-to-center

and embedded in silastic (Ad-Tech Medical Instrument Corporation Epilepsy Long Term

Monitoring subdural grid electrodes). The sampling rates for video and ECoG recordings

(Natus Medical Incorporated XLTEK EMU 128 FS Headbox) were 30 frames/second (at

640 pixels × 480 pixels resolution) and 1000 Hz respectively. Together, the ECoG and video

(approximately 18 million frames for a week) totaled about 250 GB of data per patient.

3.2.2 ECoG data preprocessing

We applied the following standard preprocessing steps to the ECoG data [41, 54, 62, 65]:

First, we removed DC drift by subtracting the median voltage (across entire recording) of

each electrode. Next, in a manner similar to [66], we set to 0 (volts) all electrode data for 2

seconds around high-amplitude artifacts, identified by times of abnormally high electrode-

averaged absolute voltage (>50 interquartile range [IQR], across entire recording.) This

was implemented using custom Python code. Then, we band-pass filtered (1 − 200 Hz,

FIR filter), notch filtered (60 Hz and harmonics up to 240 Hz, FIR notch filter) the data

to minimize line noise, and downsampled the data to 500 Hz, all using the Python MNE
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package (version 0.22) [67] functions filter.filter data() and filter.notch filter()

respectively. Finally, any drifts common to all electrodes were removed by re-referencing

the data at each time-step to the common median across electrodes. Electrodes that had

abnormally high standard deviation (> 5 IQR) or kurtosis (> 10 IQR) compared to the

across-electrodes median, were excluded from further analysis. All electrode positions were

localized and converted to Montreal Neurological Institute and Hospital (MNI) coordinates

using the Fieldtrip toolbox (version 20181206) [68, 69] in MATLAB. Additional details about

ECoG preprocessing and electrode localization are available in [59]. To aid interpretability,

we restricted our analysis in this paper to the 64 grid electrodes covering one hemisphere

per subject. However, data for all available electrodes are provided in the publicly released

dataset accompanying this paper. In most cases, we also did not analyze the neurally

and behaviorally atypical data from the first two days of a patient’s hospital stay, since

patients were usually heavily medicated during this time while recovering from electrode

implantation surgery.

3.2.3 Video data preprocessing

Before processing the video data, we manually inspected and annotated it at a coarse (every

3 minutes or so) level of granularity to create an omit-list of video segments that were ex-

cluded from further processing. The omit-list included long time-spans of sleep, times when

a clinical or research team was actively working with the subject, private times, and times

when applying computer-vision algorithms was impossible due to poor lighting conditions

or severe occlusion of the subject’s body. Almost all camera movement occurs around times

when the clinical team is actively working with the patient. Removing these times results

in a mostly steady recording configuration as seen in Figure 3.1(a). We also labeled and

excluded times when the clinical team had placed seizure restraints on the subjects’ hands,

since these limited mobility and gave rise to unnatural movements. Completing these man-

ual annotations took about 6–12 hours per subject, depending on their clinical treatment

regime, activity and sleep schedule, and length of hospital stay. When analysing ECoG

and video data together, the two data-streams were synchronized using metadata extracted
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using the equipment manufacturer’s software (Natus Medical Incorporated, NeuroWorks

Version 9.1.0.2658).

3.3 Methods

3.3.1 Precision extraction of behavioral events at scale

We developed and validated a pipeline to extract temporally precise, interpretable movement

events, by processing the video data through pose-estimation, pose time-series segmentation,

event detection and finally, event metadata extraction (Figure 3.1).

Markerless pose estimation

To extract a subject’s pose from raw video, we trained a state-of-the-art markerless pose

estimation tool [21] known for its speed and data efficiency [58]. For training data, we man-

ually annotated around 1000 frames per subject chosen randomly from the entire duration

of a subject’s video data, preferentially sampling active, daytime hours over times when the

subject was asleep. For each frame, we annotated up to 9 keypoints on the subject’s body

whenever visible [70]. These keypoints were the nose, both wrists, elbows, shoulders, and

ears (Figure 3.1a). Note that unlike some professional motion-tracking systems, there are

no physical markers placed on the bodies of the subjects during any time.

During prediction, the pose-estimation tool produced the (x, y) coordinates and a con-

fidence estimate between [0, 1] for each keypoint per frame (Figure 3.1b). To quantify the

performance of keypoint tracking, we estimated the pixel-wise RMS error to be 1.54 mean ±

0.13 s.d. pixels on the training data and 5.97 mean ± 1.96 s.d. pixels on the holdout data,

both averaged across 12 subjects; holdout data is 5% of the manual annotations, excluding

points below confidence threshold of 0.1. As an approximate scaling, 12 pixels in the video

span about 4 cm in physical units, which is about the width of a human wrist. We esti-

mated this scale by comparing standard human measurements [71] with median distance

between shoulder keypoints (in pixels) at movement onset for a few subjects. On average,

estimating pose for the entire duration of a subject’s video took 400 GPU-hours per subject

using AWS p2.16xlarge NVIDIA K80 GPUs. We denoised the estimated pose trajectories
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by median filtering (window length 11 frames) and smoothing (window length 11, 2nd order

Savitzky-Golay [72] filter).

Segmentation of pose trajectories

Next, we segmented the pose time-series into discrete, interpretable states while preserving

the temporal precision of the keypoint tracking. We applied a first-order autoregressive

hidden semi-Markov model (ARHSMM) [73] with two latent states to each keypoint’s time-

series (Figure 3.1b for left-wrist). This model converts each keypoint’s continuous pose

dynamics into discrete latent-state trajectories consisting of two distinct states, that we label

as rest and move states. Using a semi-Markov, rather than a Markov model, accounts for

the bias that limbs tend to be at rest most of the time and mitigates unnecessary switching

between latent states. As in [5], we fit the ARHSMM using the pyhsmm-autoregressive

Python package (version/commit e6cfde5) [40]. The resulting states are at video frame-

rate resolution and the segmentation is relatively robust to variation in lighting, camera

angle, and level of activity in the video.

Behavioral event mining

Discretizing the pose trajectories facilitates the description of scientifically interesting be-

haviors performed spontaneously by the subject, even though they vary greatly in duration.

Specifically, the task of finding different types of behavioral events thus reduces to string

pattern matching on the discretized dynamics. For the behaviors we explore in the rest of

this paper, we looked for movement initiation events by matching a pattern of 15 consec-

utive rest states (0.5s), followed by at least 15 consecutive move states (0.5s). Similarly,

no-movement events are state sequences of 90 rest states (3.0s) across both wrists and the

nose. To create our database of wrist movements, we use regular expressions to quickly find

thousands of non-overlapping instances of such patterns in the discretized pose dynamics

for each subject.

Parameters for smoothing, hyperparameters for the ARHSMM segmentation model, and

the choice of regular expressions for event detection, were picked empirically by assessing
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Figure 3.2: Schematic of metadata extraction: [Top] Cartoon showing left-wrist movement

at time of (A) movement initiation (B) maximum displacement from initiation (reach) and

(C) movement end. [Middle] Time course of left-wrist radial distance [px: pixels], and

discretized state (R: rest, M: move). Extracted movement metadata include duration, start

and end coordinates, among others (Sec. 3.3.1). [Bottom] Discretized state sequence for

both left and right-wrists, now showing movement initiation in the right-wrist while the

left-wrist is still in motion. The dashed line shows the window over which bimanual overlap

metadata is calculated, corresponding to the number of frames for which the opposing (left)

wrist is in motion over that duration.
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performance on pose time-series derived from a small representative set of subject videos.

We confirmed that the temporal accuracy of event boundaries matched our expectations by

manually inspecting a few dozen random events of each movement type for each subject.

(See Section 3.6 for additional details.)

Event metadata extraction

For each detected movement event, we extracted several metadata features from the con-

tinuous pose-dynamics associated with the movement. These include movement-associated

metadata (Figure 3.2) like the (x, y) coordinates of the keypoint at the start and end of the

event, duration of the entire movement (up to next rest state), and rest duration before and

after movement.

Observed naturalistic hand movements often consisted of a hand reaching out, touching,

or grabbing an object, then bringing the hand back to the body. Therefore, we defined the

reach of a wrist movement to be its maximum radial displacement during the course of the

event, as calculated from its location at the start of the event. We extracted the magnitude,

angle, and duration for each reach.

To measure the shape of a movement, we fit 1st, 2nd and 3rd-degree polynomials to a

keypoint’s displacement trajectory. Differences between the quality of the fit (as measured

by R2) to each polynomial type provide a rough measure of the “curviness” of the movement

trajectory. We also estimated a movement’s onset and offset speeds, by calculating the

keypoint’s displacement change within short time windows around the start and end of the

movement.

Since people often move both hands at the same time (i.e. “bimanually”), we aug-

mented each movement event with metadata about the opposing wrist’s movement, if any

(Figure 3.2). By juxtaposing the discrete state sequence of both wrists, we calculated when

the opposing hand starts to move (lead/lag time difference) and how long this movement

overlaps with that of the primary hand (overlap duration).

Finally, we generated metadata that we used to remove false positives that arise from

pose estimation failures and unusual pose states. To compensate for failures in 2D pose
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estimation, we calculated movement-weighted confidence scores for each event and removed

those below a manually determined threshold. To eliminate outlier body postures, we

calculated mean distance and mean angle between shoulder keypoints, then removed events

from the top and bottom 5 percentiles of these quantities.

3.4 Results
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Figure 3.3: [Left] Number of right-wrist movement initiation events discovered per day for

each of 12 subjects, totaling 475 to 3526 events per subject across their entire duration

of clinical observation (268 mean ± 123 s.d. per day). [Right] Raster plot of right-wrist

movement initiation event occurrences showing bursts of activity interspersed with periods

of rest or omit-listed (Section 3.3.1) periods. See Figure 3.4 for equivalent plots for left-wrist.

Our pipeline extracted 959 to 6745 individual wrist movement events per subject (487

mean ± 215 per day) across 12 subjects. (Figures 3.3 and 3.4 for right and left wrists,

respectively). We observed rich within-subject variability in the event metadata: Figures

3.6 and 3.7 visualize the distributions for several movement associated metadata for right

and left wrists, respectively. A random sample of trajectories for one patient (S10) is shown

in Figure 3.5.

3.5 Code and dataset release

Code and data to reproduce several key plots in this manuscript is publicly available at:

https://github.com/BruntonUWBio/mining2021. Our complete curated dataset consist-

https://github.com/BruntonUWBio/mining2021
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Figure 3.4: Number of left-wrist movement initiation events discovered per day for each of

12 subjects, totaling 484 to 3338 events per subject across their entire duration of clinical

observation (219 mean ± 104 s.d. per day). [Right] Raster plot of left-wrist movement

initiation occurrences. See Figure 3.3 for equivalent plots for the right-wrist.

Figure 3.5: A sample of 50 typical right-wrist trajectories (px: pixels; translated to start

at origin) showing diversity of naturalistic reach movements for a single subject (S10).

Different colors represent different individual trajectories. Note the large variability in the

movements, compared to what is normally captured by controlled experiments. (See Figure

3.8 for instructions to access video-snippets of such movements.)
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Figure 3.6: Histograms of right-wrist movement initiation event metadata per subject for

their entire duration of clinical observation: (a) Reach magnitudes show a dominance of

small movements (92 pixels/30.6 cm mean ± 22 pixels/7.3 cm s.d. of subject-wise medians),

(b) Reach durations tended to be quite short (1.2s mean± 0.1s s.d. of subject-wise medians),

(c) When both hands moved together (“bimanually”), they tended to start at about the

same time, with the left hand start very slightly earlier (leading by 0.2s mean ± 0.1s s.d.

of subject-wise medians; negative values in plot imply opposing wrist leading primary), (d)

Duration of time left hand was moving during a ±0.5s window around time of right hand

movement initiation (0.3s mean ± 0.06s s.d. of subject-wise medians). (e) Polar histograms

show that many subjects primarily made upward-downward reaches. However, reaches in

almost every other direction were also observed. (95◦ mean ± 19◦ s.d. of subject-wise

histogram mode bin, with angles measured counterclockwise) (For subject-level metadata

statistics, see Table 3.2) See Figure 3.7 for equivalent plots for left-wrist.
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Figure 3.7: Histograms of left-wrist movement initiation event metadata per subject for

their entire duration of clinical observation. We see similar trends for the left-wrist as were

noted for the right-wrist in Figure 3.6. Distributional statistics for shown metadata are:

Reach magnitude (94 pixels mean ± 26 pixels s.d.), Reach duration (37 frames mean ± 5

frames s.d.), Bimanual lead-lag (opposing hand leading by 9 frames mean ± 3 frames s.d.),

Bimanual overlap (10 frames mean ± 2 frames s.d., overlap out of a possible maximum of

15 frames), Reach angle (101◦ mean ± 80◦ s.d. of subject-wise histogram mode bin, with

angles measured counterclockwise) For subject-level metadata statistics, see Table 3.3.
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ing of events and their metadata and associated neural data (≈ 40 GB) can also be down-

loaded following the instructions provided at the aforementioned URL. Video examples of

(left, right, & bimanual) wrist movements for one subject (S01) can also be found there.

Figure 3.8: Video frame from supplementary animations: Additional video exam-

ples of extracted movements have been included in the code/data repository accompanying

this manuscript: https://github.com/BruntonUWBio/mining2021. We extract 4 exam-

ples each of left-wrist, right-wrist and both-wrist (‘bimanual’) movement initiation.

3.6 Additional details on pose smoothing, pose segmentation and event mining

Here we provide additional details on how we selected parameters for pose smoothing,

hyperparameters for the autoregressive hidden semi-Markov model (ARHSMM) pose seg-

mentation model, and how we chose regular expressions for event detection.

Representative video set selection: We first picked 4 subjects that included both male and

female subjects, subjects of two ethnic/racial groups, and subjects with electrode implants

in either hemisphere. A sample of 15-20 video clips (each of ≈ 3 minutes each) per patient

was hand selected to select times with different levels of patient activity and background

activity, camera orientation, and lighting conditions.

Pose trajectory smoothing: We then processed the estimated pose for 9 keypoints (nose,

both wrists, elbows, shoulders, and ears; see Figure 3.1a) for each subject’s videos. The

pose estimation algorithm, DeepLabCut [21], operates on a a frame-by-frame basis, which

allows it to be fast (and therefore cost-effective) but comes at the cost of slightly noisy

estimates and occasional jumps (short time-scale large amplitude noise) between frames.

We used median filtering and (2nd order) Savitzky-Golay smoothing [72], in that order, to

deal with jumps and noisy estimates respectively. A window length of 11 frames for both

https://github.com/BruntonUWBio/mining2021
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filtering and smoothing was observed (manual visual inspection) to reject all noticeable

jumps and smooth any remaining pose estimation noise, while not introducing any noticeable

lags that could occur when aggregating data over large window-lengths. We picked a 2nd

order smoother because it was the lowest-order (simplest) smoother that provided visually

satisfactory noise removal. These parameters were found to work across pose trajectories

for all 9 estimated keypoints.

Pose trajectory segmentation exploration: We first tried localizing event boundaries

(movement initiation, change in movement direction, end of movement etc.) by manual

inspection but found that this was a tedious and inexact process. So instead of first creating

a ground-truth set and trying to fit a model to that, we chose to explore unsupervised

trajectory segmentation techniques. We chose the ARHSMM due to prior demonstrations of

its success in fine-grained behavior segmentation in other neuroscience experiments [5, 6, 40,

74] and the availability of a popular open source implementation pyhsmm-autoregressive

(version/commit e6cfde5) in Python [40].

The ARHSMM requires the following hyperparameters to be specified: Number of dis-

crete latent states (which could be roughly interpreted as the maximum number of behav-

ioral states one expects in the data being segmented), observation data conditional prob-

ability distribution (which is a standard Gaussian distribution for continuous time-series

data), hidden state duration Poisson distribution prior (which specifies how long the model

will tend to stay in a state before switching), and autoregressive lag steps (which controls

the complexity of dynamics learned by the model). There were additional parameters in

the package that controlled other aspects of the model-fitting process, but these were left

unchanged to package defaults [40].

As mentioned in the Discussion (Section 6.1.1), we first tried to apply the ARHSMM

to simultaneously segment pose time-series from multiple keypoints on the subjects’ bod-

ies, while varying the aforementioned hyperparameters across reasonable ranges (number

of latent states [2, 3, . . . , 10 states], autoregressive lag steps [1, 2, . . . , 5 video frames], latent

state mean duration Poisson distribution prior per state [15, 30, 60, 90 video frames]). The

observation distribution prior was a zero-mean unit-variance multivariate Gaussian distri-

bution. Pose trajectories were mean-centered and standardized across all representative set
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videos and keypoints for each subject before model fitting. In the resulting segmentation,

we measured the following quantities: number of events produced across different states,

the average length of each event for each state, and the average and maximum displace-

ment of a subject’s wrists for each state. We also looked at bi-grams and tri-grams (i.e.

sequences of two and three consecutive states) in case state-transitions (and not the states

themselves) produced a more interesting segmentation of the data. Unfortunately, these

quantitative metrics did not provide us any significant guidance in deciding upon segmen-

tation hyperparameters. However, manually inspecting video clips associated with each

state (or bi/tri-gram) revealed a variety of movements that had been segmented with high

temporal precision. Of these, only a few of these were human-interpretable (e.g. single

handed reaches, double handed reaches, head movements, complex combinations of multi-

ple keypoint movements etc.). Event-averaged spectrograms or power-spectral densities for

the different behavioral states generated using the associated ECoG data, were not easily

distinguishable either by manual inspection or by the use of a (Random Forest) classifier.

Pose trajectory segmentation for manuscript: Given the high variability and large scale

of the data that we were working with, we chose to prioritize human-interpretability of the

segmentation and the ability to compare with prior literature, and decided to use the simpli-

fied two-state segmentation approach described in the main text. We separately segmented

the pose time-series for each of the wrists and nose keypoints, using an ARHSMM with

two latent states and an autoregressive lag of one. Before segmentation, each keypoint’s

time-series was converted to radial distances (i.e. r =
√
x2 + y2, with top-left corner of

video frame as origin) to further simplify the segmentation task and enable it to scale well

to long (7 − 9 day) pose time-series. With hyperparameters set to two latent states and

an autoregressive lag of one, it is easy to recognize the state with fewer occurrences as

the move state. Changing either the number of latent states and autoregressive lag makes

interpretation of states more complex and was therefore avoided. The observation distri-

bution prior was set to a zero-mean unit-variance Gaussian distribution, and the duration

distribution prior was set to a Poisson distribution with a mean duration of 60 frames (2

seconds). However, in practice, we found that the segmentation was indifferent to changes

in the prior distributions over the parameters. This is likely due to the fact that the dataset
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being fit is enormous and overwhelms the influence of the prior.

Event extraction using regular expressions: We found movement initiation and no-

movement events by performing regular-expression based pattern matching on the discrete

state sequences obtained from the ARHSMM-based segmentation. To find movement initi-

ation events in each wrist, we use the following Python regular expression to find instances

of 15 consecutive rest states (0.5s), followed by at least 15 consecutive move states (0.5s):

re.compile(’’.join([str(x) for x in [0]*15 + [1]*15])) (0 represents rest, and 1

represents move). no-movement events are defined to be state sequences of 90 rest states

(3.0s) across both wrists and the nose. To find these, we first convert discrete state trajec-

tories from both wrists and nose into a single state trajectory by marking a time-step as

rest only when all three keypoints are simultaneously at rest, and marking it as move other-

wise. We then use the following Python regular expression to find instances of no-movement

events: re.compile(’’.join([str(x) for x in [0]*90])).

Lastly, we repeated the aforementioned two-latent-state segmentation process using a

similar representative set of video clips for all 12 subjects with the same hyperparameters

as used for the first 4 subjects. A manual inspection of a few dozen random events of each

movement type confirmed that the temporal accuracy of event boundaries matched our

expectations. Finally, this process was scaled out to the entire duration of the pose data

for all 12 subjects, followed by event metadata extraction as described in Section 3.3.1.
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3.7 Supplementary Tables

Subject Implant Hemisphere # Surface Electrodes # Depth Electrodes

01 L 86 8
02 R 70 16
03 L 80 0
04 R 84 0
05 R 106 0
06 L 80 0
07 R 64 0
08 R 92 0
09 L 98 28
10 L 86 40
11 L 106 0
12 L 92 24

Table 3.1: Electrode information for subjects: Grid and strip electrodes placed on
the cortical surface are referred to as Surface electrodes, while Depth electrodes reach deep
cortical and subcortical areas. We have only analysed up to 64 Grid electrodes for each
patient. However, brain data and metadata for each electrode is included in the dataset
accompanying this manuscript.
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Subject Magnitude Duration Bimanual lead-lag Bimanual overlap Angle mode
[px] [frames] [frames] [frames] [degrees CCW]

S01 88.09 34.78 -8.45 7.74 90.0
S02 83.19 32.06 -10.14 11.02 90.0
S03 90.43 34.20 -9.19 10.51 90.0
S04 102.59 34.99 -5.22 6.86 130.0
S05 103.27 32.24 -9.23 9.84 70.0
S06 80.42 40.74 -5.40 10.48 90.0
S07 76.53 37.47 0.07 5.92 110.0
S08 151.37 39.96 -5.77 8.56 130.0
S09 65.83 38.95 -6.35 5.32 90.0
S10 104.53 40.76 -5.12 9.29 90.0
S11 73.25 36.20 -7.88 9.38 90.0
S12 88.09 40.04 -6.75 7.24 70.0

Table 3.2: Quantitative metrics for right-wrist movements: Additional data ac-
companying distributions visualized in Figure 3.6. All quantities shown are medians of
respective distributions. Video frame-rate is 30 frames/second. Angle mode (in degrees,
measured counter-clockwise with 0◦ to the right) is the center of the histogram bin with the
highest number of events (histogram bin-size is 20◦.)

Subject Magnitude Duration Bimanual lead-lag Bimanual overlap Angle mode
[px] [frames] [frames] [frames] [degrees CCW]

S01 94.66 33.08 -9.63 7.61 50
S02 90.63 33.16 -11.12 11.74 350
S03 97.20 34.50 -9.98 10.00 70
S04 89.22 30.04 -13.81 13.24 90
S05 92.39 30.17 -12.89 12.19 70
S06 81.42 43.18 -6.79 11.34 90
S07 60.67 35.22 -11.57 13.52 110
S08 167.36 38.33 -9.93 11.31 110
S09 81.96 43.13 -6.20 5.92 70
S10 107.64 42.22 -6.68 10.50 70
S11 85.37 36.17 -6.43 7.76 70
S12 84.73 39.92 -7.14 7.72 70

Table 3.3: Quantitative metrics for left-wrist movements: Additional data accompa-
nying distributions visualized in Figure 3.7. All quantities shown are medians of respective
distributions. Video frame-rate is 30 frames/second. Angle mode (in degrees, measured
counter-clockwise with 0◦ to the right) is the center of the histogram bin with the highest
number of events (histogram bin-size is 20◦.)
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Chapter 4

APPLICATIONS OF NATURALISTIC UPPER-LIMB MOVEMENT
EVENTS
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In this chapter, we demonstrate the efficacy the event generation pipeline developed in

Chapter 3 as a data source for two prototype applications, (1) neural correlates of movement

initiation and (2) decoding naturalistic movement initiation. These prototypes have been

extensively developed upon in two companion papers [59] and [75].

4.1 Neural correlates of movement initiation

A core scientific question in systems neuroscience is how behaviors are encoded by the

coordinated activation of brain regions. To examine the neural correlates of naturalistic

movement initiation, we performed a time-frequency (TF) analysis of the neural recordings

[76] by averaging event-locked spectrograms for each subject, using hundreds of movement

initiation events chosen to match movement statistics (reach magnitude, onset velocity, and

shape) of a previous controlled experimental study [41]. Using the aforementioned metadata

to guide our search, we selected up to 200 events per day over 5 days for each of 12 subjects,

and then further inspected the video for each event to remove any false positives (17.8%

mean ± 9.9% s.d. events). (See Table 4.1 for full list of events selected per subject.)

We observed (see Figure 4.1) movement-associated power increases in a high-frequency

band (76–100 Hz) and decreases in a low-frequency band (8–32 Hz) across four cortical areas

(Precentral, Inferior Parietal, Postcentral and Supramarginal), with strongest responses in

the Precentral area [41, 62].

4.2 Decoding naturalistic movement initiation

A grand challenge in neuroengineering is the development of BCIs that can be used to

predict spontaneous activity and intentions outside the lab, in everyday settings [78–82].

Here we performed a preliminary study leveraging our pipeline as a source of training data

for a BCI decoder that detects wrist movement initiation events. Specifically, we trained

separate classifiers, tailored to each subject, to discriminate between movement initiation

events and no-movement epochs for each wrist using only features derived from the ECoG

neural recordings.

Our decoder uses the Random Forest (RF) algorithm [73, 83], which is typically consid-

ered one of the best off-the-shelf classification algorithms for small/medium sized datasets
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Figure 4.1: Neural correlates of movement initiation: Event-locked spectrograms, averaged

by brain region (cyan color in insets) across 12 subjects, showed movement-associated high-

frequency power increase and low-frequency power decrease. These patterns corroborate and

strengthen previous findings from controlled experiments [41]. See our companion preprint

[77] for a deeper exploration of the behavioral and neural variability of these movements.
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[84]. We used ECoG data 0.5s before to 0.5s after each event to compute TF spectrograms

at each of the 64 grid electrodes and used the flattened vector of TF bins as features for the

classifier (TF bins were 200ms × 5Hz resolution, truncated at 150 Hz; approximately 9000

features total).

Given that the brain’s response can drift over the course of days [85, 86], a reduced subset

of events from 3 consecutive days (typically days 3 through 5 of clinical monitoring) were

used. From these, we used events from the first two days as the training set and events from

the last day as the test set. (See Table 4.2 for exact list of days chosen for each subject.)

To eliminate the confound of movement initiation in the opposing wrist, we then excluded

events with significant movement (≥ 0.2 seconds) in the opposing wrist within the ±0.5s

window used for ECoG data. Positive (movement initiation) and negative (no-movement)

examples were balanced by down-sampling negative examples. This balancing eliminated

bias in the training set and sets up a theoretical baseline performance of 50% accuracy for

test set performance. Training and test supports were 633 mean ± 417 s.d. and 331 mean ±

203 s.d. examples, respectively. (See Table 4.2 for exact per-subject values.) We tuned the

RF using a 20-trial randomized search over two hyperparameters: number of trees (range:

[50, 250]) and maximum tree-depth (range: [3, 15]). For each set of hyperparameters, 5-fold

cross-validation holdout accuracy was used to measure performance. Final performance

reported is from training using best hyperparameters and corresponds to classifier accuracy

on events from the withheld test day. Since false positives (FPs) in the event data establish

a ceiling on classifier accuracy, we estimated their prevalence by manually inspecting 100

randomly sampled events per event-type from each subject (5% mean ± 10% s.d. for no-

movement, 22% mean ± 16% s.d. for contralateral, and 14% mean ± 10% s.d. for ipsilateral

events, aggregated over all subjects).

To interpret the importance of spectral features in the decoder, we visualized Random

Forest feature importance scores [83, 84]. We aggregated these scores in two ways to gain

insight into their spatial and frequency components. Spectral features are indexed by elec-

trode, time, and frequency. We define Feature Importance aggregated by Electrode FIE(e)
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for electrode e ∈ E as:

FIE(e) =
∑

f∈F ,t∈T
FI(t, f, e),

where E ,F and T are the sets of electrodes, frequency-bins, and time-bins over which the

spectral features are calculated, respectively. For the purpose of visualization, we normalized

these values to get Normalized Feature Importance aggregated by Electrode NFIE(e):

NFIE(e) =
FIE(e)

maxe∈E FIE(e)
.

To understand the contributions of various frequency-bins to decoding, we define analogous

formulas for feature importances aggregated by frequency-bin:

FIF (f) =
∑

e∈E,t∈T
FI(t, f, e)

NFIF (f) =
FIF (f)

maxf∈F FIF (f)
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Figure 4.2: Contralateral and ipsilateral wrist movement initiation decoder feature im-

portance scores aggregated by electrode (NFIE), showing spatial contributions of different

brain regions. Scores are normalized by dividing by highest electrode score for each de-

coder. Electrode coverage over motor cortex is associated with higher decoder accuracy;

for instance, subjects having good motor cortex coverage (S07, S06, S03 and S11) have the

highest decoding performance (Figure 4.3). See Figure 4.5 for plot with all 12 subjects.

Individual subject classifier performance varied widely between subjects, ranging from

around chance levels (50%) to 80% on test accuracy (Figure 4.3). Classifier performance
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Figure 4.3: Test set decoding accuracy for initiation of movement of contralateral (side

opposite electrode implant) and ipsilateral (same side) wrists: As expected, decoding of

contralateral movements is slightly more accurate than ipsilateral in almost all cases.

tended to be associated with the extent of motor cortex coverage (Figure 4.2 and 4.5). Test

set decoding accuracy (Figure 4.3) was observed to be higher for the contralateral wrist in

almost all subjects. Figures 4.2 and Figure 4.4 show the spatial and spectral (frequency)

contributions of the classifier’s features respectively. We found (Figure 4.2; also see Figure

4.5) that electrodes over sensorimotor cortex, when available, dominated feature importance

(e.g. Subjects S07, S06, S03 and S11 in Figure 4.3) in most but not all patients. As seen

in Figure 4.4, we found that a low-frequency band (< 35Hz) and a high-frequency band

(around 100 Hz) dominates feature importance in most but not all patients. We extensively

develop upon the limited prototype described here in our companion paper focused on

decoding [75].
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Figure 4.4: Decoder feature importance scores aggregated by frequency and normalized by

dividing by score of highest frequency bin per subject (NFIF ). Heatmaps show that the

most relevant spectral features tend to come from a low-frequency band (< 35Hz) and a

high-frequency band (around 100 Hz), similar to prior findings [41]. When motor cortex

electrode coverage is lacking (e.g. contralateral S02 and S05) or if ipsilateral wrist movement

is being decoded, spectral feature contributions tend to be more broadly distributed across

the frequency spectrum, and associated with lower decoding accuracy.
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Figure 4.5: Contralateral and ipsilateral wrist movement initiation decoder normalized fea-

ture importance scores aggregated by electrode (NFIE), showing spatial contributions of

different brain regions for all 12 subjects. We see the same trend of motor cortex electrode

coverage being associated with higher decoding accuracy, as was noted in Figure 4.2. Sub-

jects having good motor cortex coverage (S07, S06, S03 and S11) have the highest decoding

performance (Figure 4.3). Additionally, we see that electrodes with high normalized feature

importance tend to be more spatially localized in the case where good motor cortex coverage

is available.
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4.3 Supplementary Tables

Subject Eligible events Events selected False positives

S01 741 659 82
S02 305 209 96
S03 642 584 58
S04 417 268 149
S05 267 203 64
S06 956 869 87
S07 800 675 125
S08 965 850 115
S09 211 151 60
S10 806 620 186
S11 982 896 86
S12 996 947 49

Table 4.1: Manual event selection for neural correlates of movement initiation:
Table shows the exact number of events Eligible, Selected and number of events Discarded
as False Positives for each participant. Eligible events refer to events that passed certain
critera for movement statistics including magnitude, onset velocity, and complexity (using
shape metadata). See our companion preprint [59] for more details.
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Subject Wrist Side Training Training Test %FP R, L, [NM] Accuracy
[Test] Days Support Support

S01
R C

3, 4, [5]
526 216

27, 15, [5]
0.64

L I 474 450 0.59

S02
R C

3, 4, [5]
218 90

19, 39, [16]
0.59

L I 296 176 0.46

S03
R C

2, 3, [4]
1072 332

11, 12, [13]
0.81

L I 944 388 0.70

S04
R C

7, 8, [9]
294 128

12, 64, [6]
0.57

L I 1332 708 0.75

S05
R C

2, 3, [4]
114 96

38, 23, [4]
0.57

L I 216 164 0.47

S06
R C

3, 4, [5]
1036 540

18, 21, [3]
0.86

L I 550 534 0.80

S07
R C

3, 4, [5]
138 166

4, 1, [2]
0.89

L I 596 704 0.82

S08
R C

3, 4, [5]
908 190

6, 19, [3]
0.66

L I 1712 254 0.58

S09
R C

3, 4, [5]
272 238

10, 2, [4]
0.62

L I 188 330 0.48

S10
R C

3, 4, [5]
432 140

26, 20, [3]
0.66

L I 446 134 0.57

S11
R C

3, 4, [5]
784 240

20, 14, [2]
0.81

L I 834 660 0.68

S12
R C

3, 4, [5]
1104 584

11, 10, [1]
0.59

L I 704 488 0.56

Table 4.2: Additional metadata for naturalistic movement initiation decoders:
Table shows Decoded Wrist (R: Right, L: Left), Electrode Implant Side with respect to
decoded wrist (C: Contralateral, I: Ipsilateral), Hospital stay day from which Training
and Test set is generated, Percent of False Positive (FPs) detected in a random 100-event
subset of these events (R/L: Right/Left wrist movement initiation, NM: No movement), and
Training and Test set Supports (# events), and Decoder Test Set Accuracy (Theoretical
baseline: 0.50) for each Subject. Note that both S03 and S05 had video recording issues for
parts of day 5, so we started a day earlier. Subject S04 has a high percentage of FPs on their
left hand because they tended to keep it under a blanket. Subject S09 has relatively fewer
events due to omit-listing of long stretches of time when they kept both their hands under
a blanket or times when they were asleep. We selected 3 consecutive days (best-effort) such
that both the training and test sets for each hand had at least ≈ 100 events.
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Chapter 5

EMERGENT BEHAVIOR AND NEURAL DYNAMICS IN
ARTIFICIAL AGENTS TRACKING TURBULENT PLUMES
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5.1 Introduction

Locating the source of an odor in a windy environment is a challenging control problem

due to the intermittency of the odor signal and the variability of the wind direction and

plume shape over space and time. Moreover, an agent attempting to track an intermittent

plume needs memory, where current and past egocentric odor, visual and wind sensory

signals must be integrated to determine the next action. For flying insects, localizing the

source of odor plumes arising from potential food sources or mates is critical for survival

and reproduction. Therefore, many aspects of their plume tracking abilities have been

experimentally studied in great detail [48, 49, 87, 88]. However, most such studies are

limited to one or two levels of analysis such as behavior [46], computation [89, 90] or neural

implementation [91]. Moreover, despite the wide adoption of wind tunnel experiments

[45], generating controlled dynamic turbulent plumes and tracking flight trajectories at

high resolution remain expensive and laborious. Whereas behavioral experiments in wind

tunnels are tractable, collecting significant neural data during free flight in small insects

remains technologically infeasible, and larger insects require larger wind tunnels (see also

platforms that use virtual reality [92]). Here we describe a complementary in silico approach

using artificial recurrent neural network (RNN) agents trained to track simulated turbulent

plumes, with the goal of developing an integrated understanding of the behavioral strategies

and the associated neural computations that support plume tracking.

In recent years, artificial neural networks (ANNs) have been broadly applied to model

and understand different aspects of neural function and behavior, including the visual [93],

motor [94] and navigation systems [95–98]. Whereas many of these ANNs have been trained

using supervised approaches that rely on labeled trianing data, an alternative emerging algo-

rithmic toolkit, known as deep reinforcement learning (DRL), has made it computationally

tractable to train ANNs in the ‘agent’ setting (Figure 5.1d). In particular, an ANN agent

receives sensory observations and task-aligned rewards based on its actions at each step and

tries to learn a strategy to maximize its total expected reward [99, 100]. Such learning and

optimization based models can be normative in the sense that it can prescribe how a neural

system should behave, rather than describing how it has been observed to behave. More-
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over, the process of designing an optimization objective provides insight into systems at an

abstract level that descriptive approaches typically cannot [101]. As neuroscience move to-

wards studying increasingly naturalistic behaviors [7, 8, 53], such approaches are becoming

increasingly attractive as a way to gain insight, rapidly explore experimental hypotheses,

and generate ideas for theoretical development while capturing real-world complexity across

multiple levels of analysis [102–106].

Flying insects search for sources of odor using several strategies, depending on the spatial

scale being considered and odor source visibility [48] (see Figure 5.1a): Close to the odor

source, insects can fly along a straight-line path to the source guided by vision. At longer

ranges (from several meters up to about 100 meters [107]) or when the odor source is not yet

visible, they can only use their mechanosensation to estimate wind velocity and olfaction to

guide their search. At this larger scale, behavioral studies have reported a few stereotyped

behavioral sequences important for plume tracking: upwind surges when the insect can

sense the odor, and crosswind casts and U-turns to locate the plume body when the insect

loses the odor scent [49]. In this paper, we focus on this the larger-scale odor and wind

guided regime, where agents have access to only mechanosensory and olfactory cues.

In this paper, we train and analyze RNN agents to track odors in a flexible plume sim-

ulation. We analyse our trained agents at multiple levels of analysis including behavior,

neural activity and connectivity and explore connections between the emergent features

and their biological counterparts: First, we analyze the emergent modular behavior to

find that the behavior modules resemble upwind surging, crosswind casting and U-turn be-

haviors previously reported in flying insects (Section 5.4.1). Second, inspecting tracking

episodes in non-stationary wind-direction plumes, we find that agents tend to track plumes

with respect to their local shape rather than with respect to the current wind-direction –

a finding that motivates future experimental work (Section 5.4.2). Third, to understand

the memory requirements of the plume tracking task, we compare our RNN-based agents

with alternative feedforward architecture agents with constrained sensory memory (Section

5.4.3). We find that plumes that do not change in direction can be tracked using only a few

timesteps of memory, but longer timescales are essential for more complex non-stationary

plumes. Fourth, like in real neurobiological recordings, we find that the neural activity
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associated with the agent behavior is low-dimensional (Section 5.4.4). Also, we find that

the RNN learns to represent variables that are known to be important to flying insect nav-

igation, such as head-direction and time between odor encounters. Fifth, we provide an

abstract description of neural dynamics that support plume tracking. We find that the

neural dynamics associated with the emergent behavior modules are structured into two

distinct regimes with quasi-periodic structure (Section 5.4.5), and transitions between these

regimes are asymmetric in duration (Section 5.4.6). Sixth, we report some empirical find-

ings about training-related connectivity and stimulus integration timescale changes in the

RNNs (Section 5.4.7). These abstract descriptions and empirical findings motivate future

theoretical studies into RNNs and artificial agents that could benefit both the biological

and artificial neural networks communities. Finally, to facilitate future work in this area,

we will (on manuscript publication) make our trained agents, accompanying behavioral and

neural datasets, and code publicly available.

5.2 Related work

Much work in recent years has used DRL to train ANNs that solve tasks closely inspired

by tasks from neuroscience. For instance, agents have been trained to study learning and

dynamics in the motor-cortex [108, 109], time encoding in the hippocampus [110], reward-

based learning and meta-learning in the pre-frontal cortex [111–113], and task-associated

representations across multiple brain areas [114]. (also see recent perspectives discussing

the relevance of this emerging algorithmic toolkit to neuroscience [115, 116] and ethology

[117].)

In particular, our work is most closely related to the following three recent research

efforts. [103] recently developed a virtual-reality model of a rodent embodied in a true-to-

scale skeleton body and endowed with a deep ANN ‘brain.’ They trained this model using

DRL to solve four tasks and then analyzed the virtual rodent’s emergent behavior and

neural activity to find similarities at an abstract level between their agent and findings from

biological rodent studies. [118] studied the trail tracking strategies of terrestrial animals

with one (e.g. one antenna) or two (e.g. two nostrils) odor sensors. They found that

RL agents trained on simulated trails recapitulate the stereotypical zig-zagging tracking
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behavior seen in such animals. Using a static trail model and an explicit (non neural)

probabilistic model for sensory integration, they theoretically and empirically studied the

effect of varying several agent and task parameters on the stereotypical zig-zagging behavior

that emerged in their trained agents. [119] used a biologically detailed spiking neural circuit

model of a fly mushroom body to study sensory processing, learning, and motor control in

flying insects when foraging within turbulent odor plumes.

Our work differs from the recent papers studying artificial agents solving neural inspired

tasks in a few key ways. We model a different organism and task compared to [103, 118].

Unlike [103], but similar to [118] and [119], we abstract away biomechanical details of the

modeled organism’s body and joints. We use neural networks, like [103] and [119] (and un-

like [118]), but do not impose biological connectivity constraints like [119] or impose network

modularity like [103]. Like [103], but unlike [119], we train artificial (rate-coding) recurrent

neural networks (RNNs) end-to-end, to learn task-adapted behaviors, neural representa-

tions, neural dynamics and network weights from reward alone. We use simpler ‘Vanilla’

RNNs compared to the gated RNNs used in [103], to enable comparisons with previous

dynamical-systems and connectivity analyses in the computational neuroscience literature

[51, 52, 120–122]. We adopt an analysis approach from a growing literature that models

neuroscientific and cognitive tasks using RNNs and then analyses the resulting (artificial)

neural activity. Neural activities are analyzed at the whole-network level rather than at the

individual neuron level, which provides us with an abstract understanding of task-relevant

neural computations that is robust to small changes in network architecture and training

hyperparameters [51, 121–123]. Finally, our plume tracking task is computationally harder

than [118, 119] due to the use of a configurable, dynamic and stochastic environment, and

is closer in complexity to the multi-task setting of [103]. Yet, since we do not model vision

or joint-level motor control as in [103], our neural networks are simpler and can be trained

on a computational budget accessible to an academic lab.
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5.3 Methods

5.3.1 Plume simulation

We implement a particle-based two-dimensional plume simulation model (see Figure 5.1f)

that replicates the statistics of real-world turbulent plumes [43], and has been used in a wide

range of domains including olfactory navigation [49], robotics [124] and sensor networks

[125]. The simulator (see Figure 5.1b) comprises a spatially homogeneous wind vector-field

(0.5 m/s with configurable direction) and an odor source located at the origin that emits

a random Poisson distributed number of odor puffs at each simulation iteration. Puffs are

initialized with a fixed initial radius and undergo a fixed-rate radial diffusion step at each

simulation iteration. Each emitted puff undergoes advection in the wind velocity field and

Gaussian random crosswind translation at each simulation iteration. Effectively, each puff

performs a biased random walk downwind over time, while diffusing out spatially. Our sim-

ulated plumes are two-dimensional for simplicity of analysis, and we neglect the effects of

any agent movements in the direction perpendicular to the ground plane. The dimensions

of the simulated arena are [−2m,+10m] and [−5m,+5m] in the x and y coordinates respec-

tively, totaling a 120m2 arena. Plumes are simulated at 100 iterations/second. The plume’s

centerline is obtained by simulating puffs that have no random crosswind translation at

each iteration (Figure 5.1f).

We simulate the following four wind configurations. First, where the wind-direction

is held constant (0◦) throughout the simulation (‘constant’). Second, where the wind-

direction makes one 45◦ counter-clockwise switch during a tracking episode (‘switch-once’).

Third, where the wind-direction switches at multiple random times during a tracking episode

(‘switch-many’). Each wind-direction turn is a random draw from a Gaussian distribution

with mean 0 and 45◦ s.d., truncated at ±60◦, and occurs approximately every 3 seconds.

Fourth, where the wind-direction is held constant, but puff birth-rate is reduced (0.4x)

compared to the constant configuration (‘sparse’). See 5.6 for further details on plume

simulation.
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5.3.2 Agent architecture

Our agents are actor-critic networks (see Figure 5.1e), each comprising a recurrent neural

network (RNN) followed by a parallel pair of two consecutive feedforward layers correspond-

ing to the actor and critic heads of the network [44]. The Actor head implements a control

policy that maps the RNN’s learned state representation to control actions, while the Critic

head implements a value function that maps the state representation to a reward-derived

scalar value which is used only during agent training and not thereafter. In the DRL lit-

erature, two-layer deep heads are typically regarded to be sufficiently expressive for any

control problem. At each time step, an agent receives a 3-dimensional real-valued input

vector comprising egocentric wind velocities (x, y) and odor concentration at its current

location. In response, agents produce continuous valued turn (maximum ±6.25π radians/s)

and forward-movement (maximum 2.5 m/s) actions that are matched to the capabilities

of real flying insects [45, 46]. Additionally, to understand the role of memory on tracking

performance (section 5.4.3), we use an alternative feedforward-only network (MLP) archi-

tecture with fixed-length memory, simulated by appending historical sensory observations

onto instantaneous network inputs [126]. Though such MLPs are far from being biologi-

cally plausible architectures, they serve as useful tools for abstract comparison since their

memory capacities can be controlled precisely. All layers in our networks are 64 units wide

with tanh nonlinearities. In contrast to the orthogonal initialization typically employed

in the mainstream machine learning literature [127], we initialize our RNNs with normally

distributed weights to facilitate comparisons with the computational neuroscience literature

[128–130].

5.3.3 Agent training and evaluation

We train our agents using the Proximal Policy Gradient (PPO) algorithm [47], which is

known to robustly solve continuous observation-space continuous action-space control prob-

lems without needing significant hyperparameter tuning. To guide agent training, we use

a simple reward function that greatly rewards homing in on odor source, mildly rewards

actions that reduce the radial distance between agent and odor source, and penalizes longer
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duration trajectories and straying too far from the plume. We train 14 independently ran-

domly initialized networks for each architecture type, i.e. RNNs and MLPs with 2, 4, 6, 8,

10 & 12 timesteps of observation history. Then, we evaluate each trained agent over a behav-

ioral assay comprising a set of 15 fixed initial locations, 2 fixed initial simulation timestamps

and 8 fixed initial agent directions totaling 240 episodes, for each of the constant, switch-

once and switch-many plume configurations. For each architecture type, we select the top-5

seeds with the best performance as measured by total number of successful episodes across

the aforementioned plume configurations. Agent training/evaluation episodes are run at 25

frames per second on a sub-sampled plume, and limited to 300 frames/timesteps (12 sec-

onds of flight) per episode for faster DRL training. See 5.6 for additional details on agent

training and evaluation, and 5.7 for a full list of associated [hyper]parameters.

5.4 Analysis of trained agents

We now analyze our trained agents at different levels, starting from behavior, to neural

representation and dynamics, and finally, connectivity. Unless otherwise specified, this

section describes results from agent 3 (of 5 trained RNNs). These analyses use a randomly

selected 120 episode evaluation subset of the 240 evaluation episodes for each of the constant,

switch-once and switch-many plume configurations. The selected episodes are balanced to

include an equal number (60 episodes each) of successful and unsuccessful plume tracking

episode outcomes. Whenever there are fewer than 60 episodes of either outcome type

(successful or unsuccessful) for any plume configuration, then the selection is trimmed to

use an equal number of episodes of the smaller outcome type.

5.4.1 Trained agents can track plumes across varying wind conditions and the emergent

behavior exhibits modularity

Our trained RNN agents are able to complete the plume tracking task across varying levels

of wind-direction non-stationarity and plume puff birth-rates (see Figure 5.2 for example

trajectories). Through visual inspection of trajectories, we find that agents appear to pri-

marily be implementing one of three behavior modules, determined approximately by the

time elapsed since the agent last sensed odor (Figure 5.3). We name these three regimes
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tracking, lost and recovering. In the tracking module, the agent rapidly moves closer to

the plume source, using either straight-line trajectories when it is well within the plume, or

a quasi-periodic ‘plume skimming’ behavior where it stays close to the edge of the plume

while moving in and out of it. The interval between the agent’s encounters with the plume

in this regime is within 0.5 seconds. Lost corresponds to a periodic behavior that appears

variably across trained agents as either a spiraling in place or a slithering/oscillating mo-

tion, with possibly also a slow drift in an arbitrary direction. It is seen when the agent has

not encountered the plume for a relatively long time (typically over 1 second). Recovering

corresponds to a periodic or irregular behavior intermediate to tracking and lost where the

agent makes large (usually cross-wind) motions after having lost track of the plume for a

relatively shorter time (between about 0.5 second and 1.0 second) before the lost behav-

ior kicks in. See supplemental section 5.8 for exact thresholds used to segment an agent’s

trajectories into behavior modules.

Manual inspection of several trajectories reveals that successful constant-wind plume

tracking trajectories predominantly consist of the agent acting in the tracking and recovering

modules (see associated animations: https://github.com/BruntonUWBio/plumetracknets/

blob/main/constant.md). Inspecting successful trajectories across agents on the ‘switch-

once’ (see associated animations: https://github.com/BruntonUWBio/plumetracknets/

blob/main/switch-once.md) and ‘switch-many’ (see associated animations: https://github.

com/BruntonUWBio/plumetracknets/blob/main/switch-many.md) plumes reveals that RNN

agents employ more complex strategies in the face of changing wind-directions: If an agent

is in the tracking module and well within the plume at the time of wind-direction change, it

continues along its path without changing it’s actions till it reaches the edge of the plume.

If skimming the edge of the plume, it now has to compensate for the movement of the

plume. We notice that agents appear to make more pronounced oscillations in and out

of the plume, and this results in the slower progress in their movement towards the odor

source. Furthermore, we notice that the shape of the oscillations appears to depend more

on the local shape of the plume than the current direction of the wind (explored further in

Section 5.4.2). Finally, if the agent cannot keep up with the movement of the plume, it typ-

ically orchestrates a sequence of large oscillations and spiral-like movements, corresponding

https://github.com/BruntonUWBio/plumetracknets/blob/main/constant.md
https://github.com/BruntonUWBio/plumetracknets/blob/main/constant.md
https://github.com/BruntonUWBio/plumetracknets/blob/main/switch-once.md
https://github.com/BruntonUWBio/plumetracknets/blob/main/switch-once.md
https://github.com/BruntonUWBio/plumetracknets/blob/main/switch-many.md
https://github.com/BruntonUWBio/plumetracknets/blob/main/switch-many.md
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to the recovering and lost modules, to try to find the plume boundary. On returning to the

plume, it once again resumes tracking module behaviors.

5.4.2 In switching wind-direction plumes, agents track the plume with respect to the plume

centerline rather than the current wind-direction

A visual inspection of agent trajectories in non-stationary wind-direction plumes suggests

that agents take into account the local shape of the plume, rather than just the current wind

conditions (see Figure 5.2c-d and supplementary animations mentioned in Section 5.4.1).

To quantify this, we look at the empirical distributions of the agent’s course-direction as

measured with respect to the current wind-direction, and with respect to the centerline (see

Figure 5.1f) of the nearby plume. The agent’s course-direction (see Figure 5.1c) is defined

as the direction of its instantaneous movement with respect to the ground. Subtracting the

current wind-direction angle from the course-direction provides the course-direction with

respect to the wind. To find the course-direction with respect to the centerline, we first find

the median centerline angle using centerline puffs (Section 5.3.1) within a ±2 c.m. band

of the x-coordinate of the agent location, and subtract this from the course-direction with

respect to the ground. To generate the empirical distributions, we aggregate timesteps (N >

2500) from up to 60 successful trajectories for each of the three plume configurations from

our randomized evaluation subset, and consider only timesteps belonging to the tracking

behavior module. Additionally, for the ‘switch-once’ configuration, we trim trajectories to

consider only the timesteps after the wind-direction switch has occurred.

Figure 5.4 shows the empirical distributions for Agent 3. For ‘switch-once’ plumes, we

see that the (highest) mode of the centerline-referenced course-direction distribution tends

to be much more centered than the mode for the wind-referenced distribution. This implies

that, predominantly, the agent’s flight is aligned (anti-parallel) with the plume centerline,

but at an ≈ 45◦ angle with respect to the current wind-direction. We see the same trend

again in the ‘switch-many’ regime, where the wind-referenced distribution seems to indicate

that the agent spends a significant proportion of time at an angle diverging from the upwind-

direction. However, the centerline-referenced course-direction distribution reveals that the
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agent’s trajectory is actually aligned with (anti-parallel to) the plume centerline. These

trends are seen to hold across all 5 RNN agents (see 5.9 for equivalent data other agents.)

5.4.3 Recurrence supports expanded behavioral repertoire, but simple plume tracking is

possible with just a few timesteps of memory

To understand the role of memory capacity in plume tracking, we compare the performance

of our trained RNNs to trained feedforward networks (MLPs) with varying amounts of

sensory memory. As seen in Figure 5.5, RNNs outperform MLPs across plume tracking

tasks of different levels of difficulty, with more pronounced differences on tougher tasks. For

MLPs, longer duration sensory memories can lead to much better performance on tougher

tracking tasks where the plumes switch more often or are sparser.

5.4.4 Neural activity is low dimensional and represents biologically relevant variables

We now turn our attention to the neural activity that is simultaneously logged while the

agents are performing plume tracking. Following a trend moving towards analyzing network

populations rather than individual units [123, 131] and due to the abstract nature of our

model, we choose to interpret the entire hidden state rather than try to characterize indi-

vidual units. Principal Components Analysis (PCA) of neural activities aggregated across

multiple plume conditions (constant, switch-once & switch-many) reveals a low dimensional

structure with 90% of data variance explained by the first-5 Principal Components (see

Figure 5.6g).

Next, we look at the variables that the RNNs have learned to represent in its hidden

state to get insights into the type of computations it is performing. We find visual evidence

(see Figure 5.6a–d) that our RNNs have learned to represent at least three biologically rel-

evant quantities beyond the instantaneous sensory observations that are provided to it by

the simulator: (1) agent head-direction, i.e. the orientation of the agent with respect to

the ground, (2) time since odor (the plume) was last encountered, which seems to be in-

volved in determining transitions between behavior modules, (3) an exponentially-weighted

moving-average recent odor encounters, which we conjecture is a quantity that would be
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helpful in the face of an intermittent odor signal arising from a turbulent plume, and (4) an

exponentially-weighted moving-average of a discretized odor encounter signal (discretized

to be 1 at the first timestep of a stream of perceptible odor inputs and 0 elsewhere.) We

determine the window-sizes for (3) and (4) by linearly regressing neural activity onto them

for sliding-windows of varying lengths, and choosing the window-size that produces the best

fit as measured by the coefficient of determination R2 (see Figure 5.6e).

To quantify how important these represented variables are to actual task performance,

we train a Random Forest (RF) [132] classifier to predict actions taken by the agent over

successful trajectories. We uniformly partition the Turn and Move action variable domains

into 3 and 2 discrete classes respectively, roughly corresponding to ‘left’, ‘center’ and ‘right’

turns, and ‘fast’ and ‘slow’ forward movements. These are concatenated to form a 6-class

independent variable. The classifier receives instantaneous sensory observations (egocen-

tric wind speed x and y coordinates wX , wY and odor concentration) and the four afore-

mentioned represented features (1–4) as inputs. Training and test sets are a randomized

non-overlapping 80%-20% split of evaluation episodes, balanced across plume configuration

and episode outcomes. We do a 20-trial 3-fold cross-validated randomized search over the

number-of-estimators (range: [10,50]) hyperparameter, and then train a classifier using the

best hyperparameter on the whole training set.

Classifier accuracy for Agent 3 (shown in Figure 5.6) is 83%, which higher than a baseline

accuracy of 69% using a classifier receiving just instantaneous sensory observations, and well

over the 40% accuracy produced by a dummy majority-class classifier. Represented variables

have permutation importance scores [132, 133] within the range covered by the importance

scores associated with instantaneous sensory inputs. Note that the estimates provided by

this analysis are (unavoidably) approximate due to the discretization of the action data and

correlations between features. See 5.10 for results for all 5 agents.

5.4.5 Neural dynamics are characterized by limit cycle like regimes and a transition region

We now look at how an agent’s neural activity evolves over the course of a plume tracking

episode. Unlike previous papers that were able to characterize the nonlinear dynamics of
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their task-performing RNNs by inspecting their fixed-point (FP) manifolds [51, 121, 122],

we did not find any such FP structures in our RNNs to do so. Instead, we take an empirical

approach and visualize the neural activity to inspect if there is any structure in the dynamics

that could be used to characterize it. Indeed, we find that the neural dynamics of our RNNs

appear to organize themselves into overlapping but distinctly structured regimes associated

with the tracking and lost behavioral modules (see Figure 5.7). Interestingly, the periodic

oscillations (e.g. spirals) seen in the lost behavioral state appear to be represented as quasi-

limit-cycles in the neural activity (Figure 5.7d). Similarly, the neural dynamics associated

with the tracking behavior are represented as quasi-periodic ‘funnel’ like structure (Figure

5.7c). We also see an amorphous transition region associated with the recovering behavioral

state. Except for one agent, we see the same approximate structure (limit-cycles and funnel)

emerge in the neural dynamics for each of the 5 RNN agents. See 5.11, and animation

of individual episode dynamics: https://github.com/BruntonUWBio/plumetracknets/.

Also see supplementary Table 5.7 for the exact period associated with each RNN’s lost

limit-cycle.

5.4.6 Macroscopic transitions between neural activity regimes are asymmetric in duration

After having found distinct (tracking and lost) neural activity regimes in the previous sec-

tion, we now explore differences in transition durations between regimes during the course

of plume tracking. Specifically, we look at differences in the durations between (1) when an

agent enters the plume and when it ‘enters’ the tracking neural activity regime, and (2) when

an agent leaves the plume and when it ‘enters’ the lost neural activity regime. To define

entry into a neural activity regime, we first define neural activity ‘centroids’ associated with

the tracking and lost neural activity regimes by averaging the last 1-second of neural activ-

ity from evaluation episodes ending in successful homing (HOME), and those unsuccessfully

ending in the agent going too far from the plume i.e. Out-Of-Bounds (OOB), respectively

(see Figure 5.8). We then define clusters associated with the HOME and OOB centroids as

being comprised of all neural activity with a distance D/2 units from the respective centroid,

where D is the distance between centroids. Finally, for any unsuccessful tracking episode,

https://github.com/BruntonUWBio/plumetracknets/
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we calculate a ‘time to lost ’ (TTL) as the duration between the agent leaving the plume and

entering the OOB cluster. Similarly, for successfully homing episodes, we calculate a ‘time

to track ’ (TTT) as the time taken to enter the HOME cluster after entering the plume. To

exclude small excursions outside the plume when the agent is skimming the boundary of

the plume, we only consider sub-trajectories where the agent has spent at least the last 12

timesteps (≈ 0.5 seconds) outside the plume (effectively entering the recovering behavioral

state). Since the agent could have spent even longer outside the plume before entry, i.e.

entered the lost behavior state, we split TTT into ‘time to track not lost ’ (TTT-NL), and

‘time to track after lost ’ (TTT-L).

Comparing evaluation episodes across constant, switch-once and switch-many plumes,

we find that TTL durations are significantly longer than TTT-NL and TTT-L durations

(Figure 5.8). This trend holds across 4 out of 5 agents. See 5.12 for data on all 5 RNN

agents.

5.4.7 Empirical observations on RNN connectivity

In this section, we report some empirical observations related to the weight matrices and

recurrence Jacobians of our RNNs. The update rule for a (Vanilla) RNN is given by

ht = F (ht−1,xt) = tanh(Whht−1 + Wxxt + b),

where F is a nonlinear function of the network hidden state ht−1, network input xt vectors,

and a bias term b respectively. For our RNNs with tanh nonlinearities, Wh is the hidden-to-

hidden layer recurrence matrix (connectivity), and Wx is the input-to-hidden layer matrix

respectively [51]. This equation can be linearized around an arbitrary expansion point

(he,xe) to get a linear dynamical system approximation given by :

ht ≈ F (he,xe) + Jrec|(he,xe) ∆ht−1 + Jinp
∣∣
(he,xe)

∆xt,

where ∆ht−1 = ht−1−he is the linear system state, ∆xt = xt − xe is the linear system input,

Jrec is the recurrence Jacobian

(
J rec
ij

∣∣∣
(he,xe)

= ∂F (h,x)i
∂hj

)
, and Jinp is the input Jacobian



61

(
J inp
ij

∣∣∣
(he,xe)

= ∂F (h,x)i
∂xj

)
[52]. Note that Jrec|(0,0) = Wh and Jinp

∣∣
(0,0)

= Wx.

Prior literature has looked at the eigenvalues and eigenvectors of the recurrence Jacobian

(and recurrence matrix) to investigate how connectivity affects the dynamics of the network

[52, 120]. Specifically [52] obtains the stimulus integration timescale τi associated with a

stable eigenvalue λi (i.e. |λi| ≤ 1), by looking at the discrete-time iteration hi(t) = λtihi(0)

that governs the integration of stimulus in the direction of eigenvector vi associated with λi.

They then compare this with the equivalent continuous time equation hi(t) = hi(0)e−t/τi ,

to get τi = |(1/ ln |λi|)|.

As seen in Figure 5.9, we find that the agent training process reorganizes the eigenspec-

trum of the RNN recurrence matrix to produce multiple eigenvalues outside of the complex

unit circle. These unstable eigenvalues (along with any external stimuli) drive the network’s

hidden dynamics in the initial steps of a plume-tracking episode. (See animation showing the

dynamics of the eigenspectra over the course of an example tracking trajectory: https://

github.com/BruntonUWBio/plumetracknets/blob/main/VRNN3-eigen.md) Next, we cal-

culate the eigenvalues and stimulus integration timescales of the zero-input recurrence Jaco-

bian Jrec|(h,0) along every step of the trajectory for one randomly chosen successful and one

unsuccessful episode across each of three plume configurations (constant, switch-once and

switch-many). Comparing the time-averaged stimulus integration timescales from these re-

currence Jacobians with those from the untrained RNN recurrence matrix reveals that train-

ing adjusts these timescales to lie well within the maximum episode length (300 timesteps).

Furthermore, we see that the bulk of these timescales are within about 12 timesteps (≈ 0.5s),

suggesting that the plume tracking task predominantly needs short timescale memories. See

5.13 for data on all RNNs,

5.5 Discussion

In summary, we use a normative approach using deep reinforcement learning trained artifi-

cial neural network (ANN) agents to better understand the behaviors and neural computa-

tions that can support plume tracking in simulated turbulent odor plumes. Despite being

trained using only a simple task-aligned reward function, we find that several naturalistic

https://github.com/BruntonUWBio/plumetracknets/blob/main/VRNN3-eigen.md
https://github.com/BruntonUWBio/plumetracknets/blob/main/VRNN3-eigen.md
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biological features emerge in the agents at the level of behavioral modules, neural represen-

tations, and neural dynamics. We discuss these and some empirical observations on RNN

connectivity below.

We find that the complex behavior exhibited by ANN agents can be decomposed into

sequences of simpler modules (Section 5.4.1). Using simple threshold-based rules on the

duration since the agent last encountered the plume, we temporally segment the agent’s

trajectories into three behavior modules: tracking, lost and recovering. Tracking keeps the

agent within the plume or close to the edge of the plume while rapidly moving closer to

the plume source (Figure 5.3). The agent is recovering if it loses odor input for a relatively

short time (between 0.5s and ≈ 1.0s), and makes large cross-wind movements in order to

locate the plume. If it does not find the plume in that time, i.e. it is lost, it moves into a

periodic spiraling or slithering-like oscillating motion. These modules show features similar

to upwind surging, crosswind casting and U-turn behaviors previously reported in previous

ethological studies on moths, fruit-flies and other flying insects [45, 48–50]. Furthermore,

a mechanism for controlling changes in flight behavior, based on an internal clock that is

activated when the insect does not sense odor, has also been previously proposed for moths

[134–136].

Analysing the behavior of agents when they are navigating plumes with changing wind-

direction reveals that the local structure of the plume is more relevant to the agent’s flight

strategy than the current wind-direction (Section 5.4.2). Specifically, we look at the em-

pirical distributions of agents’ course-direction in the tracking module to find that agents

spend a significant proportion of their time at an angle to the upwind-direction (Figure 5.4).

However, when the same empirical course-direction distribution is referenced to plume cen-

terline, we find it centered around the anti-parallel direction to the plume centerline. Plume

tracking flying insects have largely been studied in wind-tunnel experiments with constant

wind-direction laminar plumes (though note a recent large scale release-and-recapture ex-

periment that attempts to do so at a multi-kilometer spatial scale at low wind speeds [137]).

This result provides us with intuition and a testable hypothesis to guide future experimental

wind-tunnel studies with non-stationary wind-direction plumes.

Next, we investigate the role of memory capacity towards task completion by training
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feedforward networks (MLPs) with varying amounts of historical sensory inputs, and com-

pare these with recurrent (RNN) agents (Section 5.4.3). We find that longer durations of

sensory memory are associated with better performance on tougher tracking tasks, such as

those having plumes that switch one or more times. Our data suggests that RNNs generally

outperform MLPs across plume tracking tasks of different levels of difficulty, with more

pronounced differences on tougher tasks. Prior work analyzing 3D flight trajectories of

flies and mosquitoes has reported that short-term memory processes modulate the decision

sequences executed by these flying insects during natural plume tracking [90].

As is typical in neurobiological recordings [138, 139] and also in spiking neural network

models [140], we find that population activity for our RNNs is also low dimensional, with

5-8 principal components capturing the overwhelming majority (≥ 90%) of total variance

(Section 5.4.4). We also identify biologically relevant variables that the RNNs appear to

represent (Figure 5.6), namely, (1) agent head-direction, (2) time since odor was last en-

countered, (3) an exponentially moving-average of a discretized recently sensed odors, and

(4) an exponentially moving-average of recently sensed odors. Some of these variables (1–

4) have been reported for their relevance to odor navigation and related tasks in previous

biological literature. The Ellipsoid Body in the Central Complex of flying insects is a well-

studied structure implicated in its role in navigation, and has been found to implement a

stable head-direction compass by integrating multi-modal neural signals [141–144]. A more

recent study in Drosophila revealed a ring attractor circuit that tracks the insect’s head-

direction, specifically in a wind-guided compass navigation task [145]. [87] makes a case for

the importance of neurally encoding time between odor encounters for olfactory search, and

provides mechanisms for how bursting olfactory receptor neurons (bORNs) in many animals

can encode the time intervals between successive odor encounters. On similar lines, [146]

finds that flies navigating in an experimental turbulent environment use an exponentially-

weighted moving-average of odor encounters to assign probabilities to their turn and stop

behaviors, with saccadic upwind turns becoming more likely at higher encounter rates [147].

Our choice of (d) is motivated by theoretical results in [52] that suggest that exponentially-

weighted averages are a good model for stimulus integration in RNNs. Future experiments

could confirm if this variable is indeed important to flying-insect navigation decisions, and
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furthermore reveal if there are specific subcircuits that encode for this quantity directly.

Interestingly, we find that the window-size of the exponentially-weighted moving-average of

odor stimulus (e.g. window-size 8 for agent 3) is significantly shorter than that for odor

encounters (e.g. window-size 46 for agent 3), which seems plausible for the quick decision

making that would be required for turn decisions during flight. The higher permutation

importance of the former compared to the latter corroborates this intuition. It is important

to note that there could be other variables, that we have not considered but have higher

explanatory value, that are highly correlated with the ones that we have studied. To the

best of our knowledge, there are no theoretical tools available yet that would allow us to

reverse engineer the true mathematical program being implemented by an RNN.

Inspecting the dynamical features associated with each behavior module’s neural activity

reveals quasi-periodic trajectories associated with the tracking behavior module, and quasi-

limit-cycles associated with the lost behavior module (Section 5.4.5). Additionally, we

find that the time taken to transition into the neural activity cluster associated with the

lost behavior after leaving the plume, takes longer than the time taken to transition into

the neural activity cluster associated with the tracking behavior after entering the plume.

This asymmetry in macro-scale transitions in the neural state resembles an asymmetry in

behavior transitions reported in [45], where the authors observe that Drosophila take about

twice as long to cast crosswind (after plume loss) than surge upwind (on encountering

attractive odors).

We also make report some patterns associated with recurrent connectivity that we con-

sistently observe across our trained RNNs (Figure 5.9). Comparing eigenmodes of the RNN

connectivity matrix before and after training reveals that training leads to the emergence

of unstable eigenmodes. Additionally, looking at the stimulus integration timescales asso-

ciated with stable eigenmodes of recurrence Jacobians of trained agents suggests that only

a few long timescales (maximum of 56–117 steps across all 5 agents) are involved, whereas

the bulk of timescales are within ≈ 12 steps.
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Online supplement

Animations accompanying this manuscript can be found at: https://github.com/BruntonUWBio/

plumetracknets Code will be released at this location on manuscript publication.

https://github.com/BruntonUWBio/plumetracknets
https://github.com/BruntonUWBio/plumetracknets
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Figure 5.1: Training artificial agents to track turbulent plumes with deep rein-

forcement learning. (a) A schematic of a flying insect performing a plume tracking task,

showing upwind surges, crosswind casts, and U-turns behaviors (inspired by a figure in [48]).

In this work, we model the spatial scale (dashed rectangle) where the insect can use only

olfactory and mechanosensory (to sense wind velocity) cues for plume tracking. (b) The

plume simulator models stochastic emission of odor packets from a source carried by wind.

Odor packets are subject to advection by wind, random cross-wind perturbation, and radial

diffusion. (c) An example of a plume simulation where the wind direction changed several

times. (d) A schematic showing how the artificial agent interacts with the environment

at each time step. The environment model determines the sensory observations available

to the agent x (egocentric wind direction vector and local odor concentration) and the re-

wards used in training. The agent navigates within the environment with actions a (turn

direction and magnitude of movement). (e) Agents are modeled as neural networks and

trained by deep reinforcement learning (DRL). A recurrent neural network (RNN) gener-

ates an internal state representation from sensory observations, followed by parallel Actor

and Critic heads that implement the agent’s control policy and predict the state values,

respectively. The Actor and Critic heads are 2-layer, feedforward multi-layer perceptron

(MLP) networks. (f) A schematic showing a flying agent’s head-direction, course-direction,

and the wind direction, all measured with respect to the ground and counter-clockwise from

the x-axis. Course direction is the direction that the agent actually moves in, accounting

for the effect of the wind on the agent’s intended direction of movement (head-direction).

Egocentric wind direction is the direction of the wind as sensed by the agent and is measured

counter-clockwise with respect to the agent’s current head-direction.
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Figure 5.2: Successful plume tracking trajectories under various plume simula-

tor configurations: Odor plumes (dark grey), with RNN (RNN) agent trajectories col-

ored by whether the agent was able to sense the presence (green) or absence (dark blue)

of odor. Trajectories start at filled black circle and end near dotted cross-hairs in the

(lower) left of each sub-figure. Plotted plume snapshot is from end of tracking episode,

and plotted trajectory covers entire duration of the tracking episode. All examples use

a 0.5 m/s wind. The arrow within dotted circle above the cross-hair shows direction of

wind at time of snapshot. The different configurations are: (a) ‘Constant’ left-to-right

wind-direction plume. (b) ‘Sparse’ plume with constant same left-to-right wind-direction

but reduced (0.4x) birthrate. (c) ‘switch-many’ plume with switches occurring every ≈ 3s

(d) ‘switch-once’ plume, which makes one 45◦ counter-clockwise switch during the tracking

episode. Episodes are manually chosen across 3 trained agents. Supplementary anima-

tions provide additional examples of both successful and unsuccessful tracking episodes:

https://github.com/BruntonUWBio/plumetracknets.

https://github.com/BruntonUWBio/plumetracknets
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Figure 5.3: Plume tracking trajectories can be decomposed into behavior mod-

ules: (a & b) Trajectories for successful (a) and unsuccessful (b) plume tracking episodes

showing three distinct behavior modules: tracking (green), lost (red) and recovering (blue)

(c) Histograms show data aggregated from an equal number of successful and unsuccessful

constant wind-direction plume tracking episodes (N timesteps, E episodes). Plots reveal dif-

ferences between three behavior modules across key behavioral measures: Head-direction:

Histograms of head-direction (i.e. the orientation of the agent with respect to the ground)

are concentrated around ±180◦, a signature of zig-zagging but mostly upwind trajectories;

the histogram concentration around the upwind-direction reduces from tracking to recover

to lost, accounting for the more complex trajectories encountered in the latter behavior

modules. (angle measured counterclockwise with 0◦ indicating directly downwind.) ∆x and

∆y: Histograms of per-timestep drift in the x-direction (∆x) and y-direction (∆y) show

how tracking is characterized by primarily upwind movement in both tracking and recover

modules, but lesser so in the lost module. Y-direction drifts are significant in the recover

and lost modules, but minimal in the tracking module. Turn action: Left/right turning

movements are balanced in the tracking module as the agent closely tracks the edge of the

plume, but is biased towards clockwise movements in the other regimes, especially the lost

module. Move action: The agent seems to modulate its forward movement speed in the lost

module only. Stray Distance: The agent strays from the plume minimally in the tracking

module, but significantly otherwise. See supplemental section 5.8 for equivalent plots for

other agents.
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(b)(a) (c)

(b)(a) (c)

Figure 5.4: Course-direction empirical distributions suggest that agents track

plume with respect to plume centerline rather than current wind-direction:

Solid lines show kernel density estimates of course-direction (CD), and vertical dotted lines

indicate distribution peaks (modes). Figure subtitles indicate how many timesteps (N)

and how many successful episodes (E) were used for each plot. All angles are measured

counter-clockwise; ±180◦ implies anti-parallel movement with respect to the plume center-

line, exactly upwind movement with respect to the wind-direction, or right-to-left movement

with respect to the ground. (a) For the constant wind-direction plume, the three CD dis-

tributions are completely aligned. (b) In the ‘switch-once’ regime, a significant proportion

of time is spent at a ≈ 45◦ angle to the wind, but is actually aligned (anti-parallel) with

the plume centerline. (c) We see the same trend again in the ‘switch-many’ regime, where

a significant proportion of time is spent at an angle to the upwind-direction, but is actually

aligned with the plume centerline. See 5.9 for equivalent plots for all 5 RNN agents.
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Figure 5.5: Larger memory capacity improves plume tracking, especially in non-

stationary wind-direction plumes: Number of successful homing episodes for different

agent architectures, across different plume configurations for the same set of initial condi-

tions: agent starting location and orientation, and plume state (Section 5.3.3). ‘MLP X’

refers to feedforward networks with X timesteps of sensory history. RNNs generally outper-

form feedforward networks, with differences appearing to become more pronounced for more

complex switching wind-direction (switch-once, switch-many) plume tasks. In feedforward

networks, performance on plumes with switching wind-direction (switch-once, switch-many)

can improve significantly with increasing memory. Regression lines (solid black) are fit on

only MLP data, but are extended slightly (dotted line) for comparison with RNN (p-values

are for a two-sided Wald Test with null hypothesis that the slope is zero.)
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Figure 5.6: Neural activity is low-dimensional and represents biologically rele-

vant variables. (a–d) Neural activity trajectories plotted over a diversity of plume condi-

tions and tracking outcomes, (a) colored by agent head-direction ΘHEAD, (b) steps since

last odor encounter Tlast, (c) exponentially-weighted moving-average of odor concentration

(odorEWMA, window-size = 8 steps), and (d) exponentially-weighted moving-average of

recent odor encounters (odorENC , window-size = 46 steps). (e) Quality of fit (R2) of a

linear model regressing neural activity onto odorEWMA and odorENC for sliding-windows

of varying lengths. The sliding-window size for subfigures (c) and (d) are determined by

identifying the peaks of these curves. (e) Permutation importance scores of features of a

classifier trained to predict agent actions using the aforementioned plotted features (Tlast,

ΘHEAD, odorEWMA, and odorENC), and instantaneous sensory observations (wind wX , wY
and odor). (f) Plot of cumulative variance explained by top principal components of neu-

ral activity aggregated across multiple plume configurations (‘constant’, ’switch-once’ &

‘switch-many’) suggests a low-dimensional structure. (g) 90% of the variance of the 64-

dimensional neural activity can be explained by the first-5 principal components. See ??

for equivalent plots for all 5 RNN agents.
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Figure 5.7: Neural dynamics appear to organize themselves into overlapping yet

distinct regimes: (a) Episode that ends in successful homing-in on the odor source, and

(b) Unsuccessful episode that strays from the plume and ends up exceeding the simulator’s

bounds. (c & d) Neural activity plots corresponding to each row’s trajectory projected

on a 2D subspace generated from the top-2 principal components of that episode’s neural

activity. Quiver arrows correspond to direction of neural activity gradient, and are colored

by the agent’s current behavior module. (c) A ‘funnel’ like structure (in green) emerges

in the state-space corresponding to the tracking neural activity regime. (d) The agent’s

periodic ‘lost’ behavior shows up as a limit-cycle in the state-space (red). (e) Neural activity

plotted over multiple trajectories comprising a diversity of plume conditions and tracking

outcomes, colored by behavior module (section 5.4.1). See supplemental section 5.11 for

plots for all 5 RNN agents.
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Figure 5.8: Transitions between neural activity regimes are asymmetric in dura-

tion: (a) Neural activity from multiple tracking episodes plotted on same top-3 principal

component subspace as in Figure 5.7. Points are colored by which neural regime centroid

they are closest to (see Section 5.12 for centroid definitions; orange color for points nearer

to Out-Of-Bounds/OOB centroid and blue for those closer to HOME centroid; black cir-

cles denote centroid locations). (b–d) Example trajectories where the agent (b) enters the

plume from the recovering behavior module, (c) enters the plume from the lost behavior

module, and (d) enters the lost behavior module after a brief encounter with the plume.

(e–g) Time courses of neural activity distances to the HOME and OOB centroid (in blue

and orange respectively), associated with the respective trajectories in the center column.

Dotted vertical lines show time of entering or leaving plume, while dashed vertical lines

show time when the agent has entered the target neural activity regime, i.e. neural activity

is less than D/2 units away from target centroid, where D is the distance between centroids.

(h) Box plots compare transition times to target regimes over a large set of trajectories

across varying plume conditions (constant, switch-once, switch-many). Transitions into the

lost neural activity regime (TTL) tend to take longer than transitions into the tracking

neural activity regime (TTT-NL or TTT-L) (two-sided Mann-Whitney-Wilcoxon test with

Bonferroni correction, ****: p ≤ 1.00e-04, ns: not significant). See 5.12 for plots of all 5

RNNs.
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Figure 5.9: Eigenvalues and stimulus integration timescales: (a) Eigenvalue spectra

of the RNN recurrence matrix Wh before and after training show how training results in

the generation of unstable modes. (b) Time-averaged (over 6 episodes) stimulus integration

timescales associated with stable eigenmodes of recurrence Jacobian Jrec show a bulk of

relatively short timescales (within 12 timesteps). Top 5 integration timescales for agent

shown are 56.5, 13.0, 7.7, 6.8 & 5.8 timesteps. Before training, timescales associated with

Wh’s eigenmodes can be large, even exceeding the length of the training/evaluation episodes

(300 steps). See 5.13 for equivalent plots and data for all RNN agents.
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5.6 Supplementary details on agent training and evaluation

[We repeat some details from the main text for the sake of readability.]
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Figure 5.10: Snapshot of training plume: 50 points (red) are potential starting locations.

Agent is initialized with a uniformly randomly chosen head-direction.

5.6.1 Plume pre-computation:

Puffs are generated at the source located at (0, 0), at the rate of rt ∼ Poisson(R) puffs/step,

where R = 1.0. Each puff’s location pt = (xt, yt) is henceforth governed by the stochastic

differential equation, pt = pt−1+wtδ+ξ, where wt is the wind-velocity at time t, ξ ∼ N (0, σ)

is cross wind i.i.d. random Gaussian noise added per the turbulent plume model of [43].

Each puff trajectory is integrated using a simple forward Euler integrator at 100 frames/sec.

Furthermore, each puff starts with a radius r0 = 0.01 m and undergoes a diffusion process

that increases it’s radius at the rate of 0.01 m/s.

We compute 120-second long (clock time) plumes ahead of training/evaluation time for

the ‘constant’, ‘switch-once’ and ‘switch-many’ configurations. A 40s window (60s - 100s) of

the ‘switch-many’ and ‘constant’ plumes are used for training agents (Figure 5.10). ‘Sparse’
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plumes are simulated by downsampling the number of puffs simulated in a ‘constant’ plume

simulation.

Wind velocity wt is held constant at (0.5, 0.0) m/s for all t for the ‘constant’ plume

configuration. For the ‘switch-once’ plume configuration, wind velocity wt starts at (0.5, 0.0)

m/s till t = 60.00 s, when it makes a single 45◦ counter-clockwise turn and stays there for

the rest of the simulation. For the ‘switch-many’ plume configuration, wind velocity wt

changes once every 3.0 + τ seconds, where τ ∼ Uniform(−0.3,+0.3) is a random shift

added i.i.d. at each change. Wind-direction turns are sampled i.i.d. from a N (0◦, 30◦)

Gaussian distribution truncated at ±60◦.

5.6.2 Training

Partially Observable Markov Decision Process (POMDP): To train agents using

DRL, we define a Partially Observable Markov Decision Process (POMDP) [100] as follows

(also see Figure 5.1):

• Action space: Agents provide a two dimensional output at at each timestep corre-

sponding to how much they want to turn and how much they want to move forward.

at = [aθ, am],where aθ ∈ [−θmax,+θmax], am ∈ [0,∆max]

The maximum turn capacity of an agent (θmax) is 6.25π radians/s (1125 ◦/s), and the

maximum forward movement capacity (∆max) of an agent is 2.5 m/s.

• Observation space: Agents receive a 3-dimensional egocentric sensory observation vec-

tor ot at timestep t, comprising odor-concentration and (x, y) coordinates of relative

wind-velocity at the agent’s current location and orientation in the plume. Note that

the agent’s current location and orientation in the plume are tracked and updated by

the training environment code.

ot = [oc, ox, oy],where oc ∈ [cmin, 1], ox, oy ∈ [−(∆max + |vwind|), (∆max + |vwind|)]
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Here cmin is the minimum odor concentration, and has been manually set to be 0.0001

arbitrarily units.

• Reward function:: Rewards are given to encourage task completion, i.e. home in on

the plume source. The agent receives: +100 when it reaches within a small fixed

radius rhomed = 0.2m of the source, −ε per timestep to simulate a ‘metabolic cost’ to

flying and therefore encourage faster homing. We also provide the agent two shaping

rewards, without which the training process is infeasibly slow: First, a reward pro-

portional to the decrease in radial distance to the source per timestep (rt−1 − rt) as

a form of shaping reward. Here, rt =
√
x2t + y2t is the euclidean distance of the agent

to the source at timestep t. Second, a fixed negative reward of −10 if the agent strays

more than rstray = 2m away from the plume (i.e. the center of the nearest puff is

greater than rstray).

• Transition function: The agent’s location and orientation within the plume is ran-

domly initialized at the beginning of each training episode (see Figure 5.10 for exam-

ple locations). The environment then deterministically updates the agent’s location

and orientation at each timestep taking into account its actions and the wind velocity.

Episodes end if the agent reaches within a radial distance rhomed of odor source, or

if the agent strays more than rstray from the plume, or if the episode exceeds 300

timesteps (12 seconds of clock time.)

• Augmented observation space for MLPs: To understand the role of memory on track-

ing performance, in section 5.4.3, we use feedforward-only networks (MLPs) with fixed-

length memory. Memory is simulated by appending historical sensory observations

into the MLPs’ inputs (known as ‘frame stacking’ in the DRL literature [126].) There-

fore ot for an MLP with L timesteps history is now [o
(0)
c , o

(0)
x , o

(0)
y , . . . o

(L)
c , o

(L)
x , o

(L)
y ].

We implement the POMDP environment using the OpenAI Gym [148] and stable-

baselines [149] libraries.
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Training curricula: We adapt an open source implementation [150] of the Proximal

Policy Gradient algorithm with Generalized Advantage Estimation (PPO-GAE) [47, 151]

to train our agents.

To train our agents to perform across dynamically varying plumes, we randomize the

agent’s location, agent’s orientation, plume state and plume sparsity at the start of each

training episode. Agents are initialized at random starting locations (x, y), where x is chosen

uniformly randomly in the range [30, 80] percentile of puff locations; y is chosen by sampling

from a normal distribution with mean given by the median y-coordinate of odor puffs in the

range [x−1, x+1], and variance given by the 5th−50th percentile y-coordinate difference of

the aforementioned odor puffs. Initial agent orientation is selected at random from [−π, π]

radians. The ‘switch-many’ plume, which changes direction every ≈ 3 seconds, is used for

training. Initial plume state is randomized by choosing a random time between 60s - 90s, at

which to initialize the precomputed plume. The simulation is sparsified by downsampling

the number of puffs to a fraction randomly uniformly chosen in the range [0.3, 1.0]. The

plume is randomly flipped about the x-axis to mitigate any y-directional biases that might

have crept into the finite plume simulation.

Curriculum based training methods are known to improve training performance by grad-

ually increasing the difficulty of the training task over the course of the training process

[152]. We train our RNNs using a two stage curriculum, where we first train the RNN for

1 million timesteps on the constant wind-direction plume, and then train it for another 4

million timesteps on the switch-many plume. This two stage process improved the stability

and performance of the training process for RNNs, but not for MLPs. MLPs are directly

trained for 2 million timesteps on the switch-many plume. Training durations have been

chosen such that training updates reliably converge within these times.

Hyperparameter selection: Our training process has hyperparameters relating to (1)

training algorithm hyperparameters, (2) training plume parameters, and (3) neural net-

work architecture. (See section 5.7 for a list of all [hyper]parameters.) While PPO is not a

very sample efficient algorithm, it is known to work robustly across a wide range of contin-

uous control (continuous observation and action space) problems without needing extensive

hyperparameter tuning [47]. Furthermore, exhaustive hyperparameter tuning is computa-
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tionally unfeasible on our budget. However, we do try to tweak hyperparameters one-by-one

starting off from the parameters suggested in the PPO manuscript for continuous control

problems. We also trained Gated Recurrent Units (GRUs) in the same manner as we did our

Vanilla RNNs (RNNs), and found that the performance of the GRUs did not significantly

exceed that of the RNNs (see Figure 5.11).

5.6.3 Evaluation

We evaluate trained agents over a behavioral assay comprising fixed set of initial locations,

initial simulation timestamps and initial agent directions across the aforementioned plume

wind-direction and birth-rate configurations, each comprising 240 episodes.

The same set of 240 initial conditions for each episode are used to initialize the agent

and simulator, for each agent and dataset evaluated:

• Initial agent head angle (with respect to ground): 0, 14π,
1
2π,

3
4π, π,

5
4π,

3
2π,

7
4π radians

• Initial x-coordinate: 4, 6, and 8 meters

• Initial y-coordinate: 0th, 25th, 50th, 75th, and 100th percentile of the minimum and

maximum y-coordinate of the puffs located in a 1-meter band around the initial x-

coordinate. For constant wind-direction plumes (including sparse plumes), the task is

made harder by selecting only 0th, 50th, and 100th percentiles as described before (i.e.

ymin, ymedian, ymax) and then adding two other locations that are ±0.5 m outside the

plume (i.e. ymin − 0.5 m and ymax + 0.5 m)]

• Initial timestamp: 60.00s and 61.00s (58.00s and 59.00s for the switch-once plume as

it switches at exactly 60.00s)

We train 14 seeds per model type (RNNs, and MLPs with 2, 4, 6 ..., 12 timesteps

of history) and select the top-5 best performing seeds for analysis. Performance here is

measured by counting the number of successful episodes across constant, switch-once and

switch-many plumes.
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All models are trained and evaluated on an Ubuntu Linux v20.04 workstation with Intel

Core i9-9940X CPU and a TITAN RTX GPU. Each seed takes ≈ 16 hours to train and

evaluate, with MLP and RNN models using 1 and 4 cores in parallel respectively.

Figure 5.11: Comparison of Vanilla RNNs and GRUs across 4 plume configurations. Vanilla

RNN data is same as that in Figure 5.5

.
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5.7 Key parameters for simulation, agent, model, and training and evaluation

Parameter description Value/Range

Simulation integration time-step 0.01s

Wind speed 0.5 m/s

Wind speed crosswind noise N (0, 0.005) m/s (per timestep)

Puff birth rate (Poisson mean) 1.0 puffs/timestep (at 100 FPS)

Puff initial radius 0.01m

Puff radius growth rate (diffusion) 0.01m/s

Maximum plume extent simulated (x, y) (-2/+10m, ± 5m)

Table 5.1: Plume [hyper]parameters

Parameter description Value/Range

Environment frame rate 25 FPS

Sensor sampling rate 25 Hz

Forward movement capacity (∆max) 2.5 m/s

Turn capacity (θmax) ± 6.25 π radians/s (± 1125 ◦/sec)

Homing radius 0.2 m

Max. stray from plume allowed 2 m

Odor sensing threshold (minimum) 0.0001 (unitless)

Table 5.2: Agent and environment parameters

Parameter description Value/Range

RNN hidden layer width 64 units

Feedforward hidden layer width(s) 64 units

Neural network nonlinearity tanh

Layer initialization (Recurrent, Feedforward) (Normal, Orthogonal)

Table 5.3: Model (neural network) parameters
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Parameter description Value/Range

RNN training steps 5M

MLP training steps 2M

Learning Rate 0.0003 (with linear decay)

PPO Entropy Coefficient 0.05

PPO Value Loss Coefficient 0.5

PPO Epochs 10

PPO Gamma 0.99

PPO max. gradient norm 0.5

GAE Lambda 0.95

GAE steps 2048

Table 5.4: Training algorithm, training curriculum and evaluation parameters
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5.8 Regime metadata distributions

Agent Agent ID Lost regime threshold

RNN 1 2760377 30 steps (1.2 s)

RNN 2 3199993 25 steps (1.0 s)

RNN 3 3307e9 35 steps (1.4 s)

RNN 4 541058 38 steps (1.52 s)

RNN 5 9781ba 25 steps (1.0 s)

Table 5.5: Thresholds for defining when the lost behavior module kicks in i.e. duration (in
timesteps or seconds) since the plume was last encountered.

Figure 5.12: Agent 1 (compare with Agent 3 in Figure 5.3)
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Figure 5.13: Agent 2

Figure 5.14: Agent 3 (same as Figure 5.3)
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Figure 5.15: Agent 4

Figure 5.16: Agent 5
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5.9 Comparing reference frames for plume tracking

Figure 5.17: Agent 1: Empirical course-direction (CD) distribution

Figure 5.18: Agent 2: Empirical course-direction (CD) distribution

Figure 5.19: Agent 3: Empirical course-direction (CD) distribution (Same as Figure 5.4)
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Figure 5.20: Agent 4: Empirical course-direction (CD) distribution

Figure 5.21: Agent 5: Empirical course-direction (CD) distribution
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5.10 Neural activity dimensionality and neural representations

Agent Agent ID Test set accuracy Test set accuracy Test set accuracy
(All features) (Instantaneous only) (Most freq. class)

RNN 1 2760377 0.84 0.74 0.33

RNN 2 3199993 0.67 0.49 0.28

RNN 3 3307e9 0.82 0.69 0.39

RNN 4 541058 0.70 0.53 0.44

RNN 5 9781ba 0.84 0.74 0.40

Table 5.6: Classifier based quantification of contribution of represented features: Repre-
sented features contribute to higher test accuracy.
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Figure 5.22: Neural representations – Agent 1 (compare with Agent 3 in Figure 5.6)
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Figure 5.23: Neural representations – Agent 2
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Figure 5.24: Neural representations – Agent 3 (Same agent as in Figure 5.6)
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Figure 5.25: Neural representations – Agent 4
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Figure 5.26: Neural representations – Agent 5
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5.11 Neural activity regimes

Agent Agent ID Limit-cycle period

RNN 1 2760377 19 steps (0.76 s)

RNN 2 3199993 NA (clear periodic structure not observed)

RNN 3 3307e9 17 steps (0.68 s)

RNN 4 541058 28 steps (1.12 s)

RNN 5 9781ba 18 steps (0.72 s)

Table 5.7: Limit cycle periods for each RNN agent

Figure 5.27: Neural dynamics – Agent 1 (compare with Agent 3 in Figure 5.7)
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Figure 5.28: Neural dynamics – Agent 2

Figure 5.29: Neural dynamics – Agent 3 (same as Figure 5.7)
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Figure 5.30: Neural dynamics – Agent 4

Figure 5.31: Neural dynamics – Agent 5
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5.12 Transitions between neural clusters

All plots use the Mann-Whitney-Wilcoxon test two-sided with Bonferroni correction, where

p-value annotations indicate:

ns: 5.00e-02 < p <= 1.00e+00 (not significant)

*: 1.00e-02 < p <= 5.00e-02

**: 1.00e-03 < p <= 1.00e-02

***: 1.00e-04 < p <= 1.00e-03

****: p <= 1.00e-04

Figure 5.32: Transitions between neural activity regimes – Agent 1 (compare with Agent 3

in Figure 5.8)
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Figure 5.33: Transitions between neural activity regimes – Agent 2 (NB: this agent does

not follow the trend)

Figure 5.34: Transitions between neural activity regimes – Agent 3 (same data as Figure

5.8)
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Figure 5.35: Transitions between neural activity regimes – Agent 4

Figure 5.36: Transitions between neural activity regimes – Agent 5
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5.13 RNN connectivity and stimulus integration timescales

Agent Agent ID Top 5 τs

RNN 1 2760377 116.5, 81.5, 16.9, 13.5, 8.3

RNN 2 3199993 95.7, 61.7, 16.6, 12.0, 9.6

RNN 3 3307e9 56.5, 13.0, 7.7, 6.8, 5.8

RNN 4 541058 86.4, 51.8, 15.1, 12.4, 9.7

RNN 5 9781ba 86.2, 27.4, 8.6, 6.6, 5.6

Table 5.8: Top 5 τs (stimulus integration timescale) for each RNN seed

Figure 5.37: Eigenspectra and stimulus integration timescales – Agent 1 (compare with

Agent 3 in Figure 5.9)

Figure 5.38: Eigenspectra and stimulus integration timescales – Agent 2



101

Figure 5.39: Eigenspectra and stimulus integration timescales – Agent 3 (same as Figure

5.9)

Figure 5.40: Eigenspectra and stimulus integration timescales – Agent 4

Figure 5.41: Eigenspectra and stimulus integration timescales – Agent 5
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Chapter 6

CONCLUSIONS
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In this dissertation, we described two different scenarios in which machine learning (ML)

was used to facilitate neuroscientific studies of naturalistic behavior and associated neural

activity. The two scenarios present distinct engineering & analysis challenges, with one

commonality – the complexity of the subjects’ naturalistic behavior.

6.1 Mining naturalistic human behaviors in long-term video and neural record-
ings

In the first “data-rich” scenario (Chapters 3 and 4), we studied naturalistic human upper-

limb movements extracted by mining such behaviors from opportunistically-collected long-

term human electrocorticography (ECoG) and naturalistic behavior video data for 12 human

subjects. We developed a highly automated and scalable approach for analyzing long-term

datasets of simultaneously collected human brain and naturalistic behavior data. Our work-

flow robustly uncovered and annotated thousands of human upper-limb movement events in

behavior videos. To detect movement events, we first discretized pose time-series for each

wrist into two latent states, indicating movement or rest, and then used regular expressions

to look for user-specified patterns in the latent state sequences. This semi-supervised strat-

egy allowed us to rapidly explore movements and their associated brain responses. Impor-

tantly, our curated naturalistic dataset supported direct comparison with existing literature

from controlled experiments. We found large variability between subjects in the number

of events discovered, which we attribute to inter-subject differences in times excluded in

the omit-listing process, cycles of sleep and wakeful activity, and clinical treatment regimes

(Figures 3.3 and 3.4).

We take a “mining” approach to analysing these large datasets, which contain high

variability coming from not only the diversity of patients and human behaviors, but also

due to the opportunistic data-collection paradigm. Thus, large chunks of the recordings

are discarded, so there is large inter-subject variability in the number of events discovered.

We believe this highlights the open research challenges associated with analysing such data.

The within-subject variability observed in our event metadata (Figures 3.5, 3.6, and 3.7)

is expected to closely reflect the natural statistics of human upper-limb movements while

seated, since our subjects received no instructions for when and how to move.
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Figure 6.1: Compared to standard computational ethology data analysis pipelines, a novel

aspect of our pipeline is that we first learn a temporally precise ‘queryable representation’

of single limb data (discretization). We then search for patterns (pattern match) that cor-

respond to scientifically interesting behavioral events, e.g. single hand movement, bimanual

movements. Finally, we extract metadata about each of these events (e.g. movement dura-

tion, speed, start and end locations) that are useful for downstream applications. Separating

the pipeline into multiple stages in the manner described allows us to define movement events

flexibly, localize them in time precisely and characterize movement trajectories associated

with the events.

To demonstrate the applicability of our workflow, we analyzed the brain data associated

with the annotated events from two perspectives: characterizing neural correlates of move-

ment initiation, and decoding naturalistic movement initiation using ECoG data. Key to

the success of our applications is the availability of a large number of repeated instances of

movement initiation events, all available with high temporal precision, which is an essential

requirement for generating event-averaged spectrograms [76].

Our prototype spectrograms (Figure 4.1) showed a pattern of movement-associated

power increases in a high-frequency band (76–100 Hz) and decreases in a low-frequency

band (8–32 Hz) in the same areas as reported in previous controlled laboratory experiments

[41, 62]. In our concurrently released preprint [59], we further investigate the consequences

of the relatively higher variance of naturalistic movement statistics, model the contribu-

tions of the various movement metadata to the observed neural responses, and contrast

prior controlled experimental findings with those from our dataset to highlight differences

due to the different time-scales of data-collection (a few hours for controlled experiments

vs. over several days for ours). In particular, analyses comparing naturalistic and con-

trolled experimental data in [59] were enabled by our ability to match movement statistics

between naturalistic and controlled experiments by selecting events by reach magnitude,
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onset velocity, and shape metadata.

Similarly, our decoding results show (Figure 4.4) that a low-frequency band (< 35Hz)

and a high-frequency band (around 100 Hz) dominates feature importance for most subjects

(with some exceptions). This pattern is similar to what has been observed with controlled

brain-computer interface studies such as [41], [153], and [154]. Our decoding performance,

as measured by test set accuracy, is similar to those in previous studies that also use such

opportunistically collected ECoG data [42, 54]. Unlike these previous studies, the ability to

select events without opposing wrist activity allowed us to disambiguate confounds when

comparing movement decoders for opposing wrists. In most subjects, contralateral limb

movement decoding is more accurate than it is for ipsilateral movements, which is expected

due to hemispheric lateralization [155]. When motor cortex electrode coverage is limited or

unavailable (Figure 4.2), decoding is still possible (Figure 4.3), which is likely due to the

decoders exploiting correlations between brain-regions [41, 65, 155]. When motor cortex

coverage is available, we see decoder feature importance concentrate itself on this area

[41, 42, 54]. The large dataset produced by this approach has also critically enabled the

development of a generalized neural-network based decoder adept at transferring across

subjects and across recording modalities [75].

6.1.1 Limitations and future work

Our work has a number of limitations that can be improved upon in future work. First,

our strategy of discretizing individual keypoint time-series to two latent states and then

pattern-matching on latent state sequences may be challenging with more complex behaviors

involving coordinated movement of more keypoints. When we increased the number of latent

states in the pose segmentation process, we also noticed that behavioral states were harder

to interpret and associated ECoG responses were not easily separable. The automated

analysis of behavior for simple model organisms such as worms [156], zebrafish [29], flies

[9] and mice [6, 74, 157] has advanced to the extent of being able to automatically extract

hierarchies of coordinated behavioral sequences (or grammars) from naturalistic videos.

Except for some very limited work [158, 159], such progress has been elusive in human
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computer vision, possibly due to the sheer complexity and variability of human movements

in various contexts. Though not tailored to our temporal precision requirements, future

research in fine-grained human action recognition in sports [160, 161], domestic [162] and

industrial [163] contexts could eventually provide methods that enable the collection of

massive datasets of finely annotated human behavior.

All of our data was acquired opportunistically and videos were recorded from a single

clinical monitoring camera. Thus, a primary drawback of the event metadata generated by

our pipeline is that they are derived from pose-estimation on single-camera RGB images,

implying that all pose coordinates are 2D projections and that the fidelity of pose-derived

metadata is limited. However, one can still extract utility from the event metadata by

coarse-graining or binning them. For example, we are exploring the neural correlates and

decoding of coarse reach directions (inwards, outwards, upwards and downwards) instead

of exact reach angles in ongoing work. The kinematic dataset could be made significantly

richer by the use of additional hardware, such as an RGB-D (RGB with depth) camera or

a stereoscopic camera system, that would enable pose-estimation and object-tracking in 3D

[22, 164, 165].

We controlled false positives in the event discovery process using a combination of pose-

estimation confidence and a tedious manual omit-listing process. We found the confidence

estimate provided by our pose-estimation tool to perform well under conditions of good

visibility, but it was sensitive to variations arising from naturalistic lighting and occlusions.

One potential source of improvement could come from using pose-estimation algorithms

that employ body models, such as OpenPose [166]. In our assessment, DeepLabCut [28, 58]

offered a better speed (cost) vs. accuracy trade-off at the scale we deployed for pose-

estimation. Future work is poised to take advantage of rapid innovations in computer

vision, as more tools become available and accessible. While manual creation and review of

an omit-list cannot be completely avoided for compliance with human research protocols, we

believe that a stereoscopic or depth based camera system could also help detect occlusions

better and lead to a reduction in false positives.

Finally, two limitations arise from the opportunistic data-collection paradigm itself.

First, we have limited our study to a subject’s wrists because they are relatively uncon-
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strained and can perform spontaneous naturalistic movements compared to the rest of the

subject’s body. Our subjects’ heads are tethered to a brain recording device that partially

restricts the movement of the rest of their upper body. The study of more naturalistic,

especially more active, behaviors would require wireless recording. Second, ECoG data

such as ours has been obtained opportunistically from a neuro-atypical patient population

undergoing long-term monitoring preceding invasive epilepsy resection surgery. Finally, we

note with caution that conclusions from analyzing such data might not generalize well to

the broader, neuro-typical population.

6.2 Artificial neural network agents modeling turbulent plume tracking in fly-
ing insects

In the second “simulator-based” scenario, we studied the behaviors and neural computations

associated with turbulent plume tracking by training artificial agents to track simulated tur-

bulent plumes. Despite being trained using only a simple task-aligned reward function, we

find that several naturalistic biological features emerge in the agents at the level of behav-

ioral modules, neural representations, and neural dynamics. We believe that our normative

neural network agent models enable an abstract yet highly interpretable understanding of

the behaviors and neural computations that support plume tracking. We believe that our

contributions are a significant first iteration, providing a foundation upon which further

work with additional modeling complexity can be developed. We hope that our empiri-

cal study will contribute to the growing convergence in the understanding of artificial and

biological networks [167, 168], and that attempts to reverse-engineer such neural network

agents will help accelerate the development of inverse-models of biological agent behaviors

[169, 170]. Our model could also serve as a generative model for complex naturalistic be-

haviors, which in turn could be used to develop new behavior analysis tools for complex

naturalistic behaviors seen in biology [9, 25, 37]. Learnings from these studies could also

be used to inform the development of robotic agents with artificial [171] or hybrid [172]

olfactory sensing.
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Model grounding & complexity

Hypotheses

Artificial neural network agent

Real-world experiment

Figure 6.2: Closing the loop between real-world experiments and artificial agent models:

Often task-solving artificial neural networks (or agents) exhibit behavioral features or neural

computations that resemble their biological counterparts. This makes them useful as tools

for generating further hypotheses of behaviors and neural computation in conditions where

neural recording, or experimental might be challenging or expensive. Such hypotheses could

guide future real-world experiments. Simultaneously, artificial agents could benefit from in-

corporating mechanisms, architectures and objectives derived from real-world experiments.

This could potentially allow artificial models to behave more like biological creatures, that

are known to be more robust and fast-adapting when solving complex real-world tasks [173].

A virtuous cycle between real-world experiments and increasingly complex yet biologically

grounded artificial models could benefit both the neuroscience and machine intelligence com-

munities. Figure uses a modified version of the open source extracellular recording sketch

contributed by Klara Gerlei to scidraw.io [174].
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Biophysical details 
+ Senses

+ Joints/anatomy
+ Network modularity
+ Spiking networks

+ Timescales & 
neuromodulation

Simulation
+ 2D vs 3D

+ Multisensory
+ Simulation fidelity
+ Generative and 
procedural models

Algorithmic
+ Grounding (to experimental data)

+ Auxiliary rewards
+ Multiple tasks

+ Bio-inspired curricula
+ Modeling naturalistic behavior
+ Reverse engineering neural 

computation
+ Training algorithms

Figure 6.3: We believe that our artificial neural network agents can be improved along

three distinct dimensions: Algorithmic, Simulation capabilities, and Biophysical complexity

modeled. We describe these in detail in Section 6.2.1.

6.2.1 Limitations and future work

A few limitations of our approach must be kept in mind while drawing conclusions from

this work: First, ANNs are coarse approximations of models of real biological circuits, and

do not account for information stored in individual neuronal spikes or on the timescale of

spike timing differences. Future models could use emerging techniques for reward-based

training of spiking neural networks [175–177] to train more biologically plausible spiking

neural networks. Furthermore, constraining model wiring during training using connectomes

from real flying insects [178] could provide a fine-grained correspondence between biological

circuits and the trained artificial model. Such models could also serve as testbeds for the

development of network causal inference methods [179–181].

Second, like related research that uses ANNs to model neuronal circuits [96, 97, 182, 183],

we train our artificial agents to solve a single task. We expect, however, that training agents

on multiple tasks [184] is likely to produce agents with not just a richer repertoire of be-

haviors, but also more complex neural activity structures with shared task-representations,

shared task-dynamics and task-specific adaptations [130, 185–189].

Unlike flying insects exhibit significant speed modulation, our agents mostly flew at



110

either their maximum speed or slowed down to a near-halt (see Figure 5.3.) Adding penalties

for forward movement to the reward function did induce some speed modulation, but was

not used because it drastically reduced agent performance even for small penalties. Future

work should explore the role of skewing DRL reward functions towards such auxiliary goals

that are not aligned with the primary task (plume tracking) being performed by the agent.

Other directions for improving the fidelity of the model include modeling vision and other

senses, using a biomechanical model of the flying insect [190] and training the model in a

3D virtual-reality environment for simulating more realistic perception [117, 191].

Our work also suggests a few directions for further methodological innovation: Currently

popular methods for neural network comparison [192, 193] are focused on comparing the

responses of feedforward networks to a library of stimuli, and, by design, do not take into

account the order or amount of stimuli previously seen by the network. Though alterna-

tive approaches developed for use with RNNs do take stimulus history into consideration,

they do not account for the network being deployed in a closed-loop (agent) setting where

the network’s current state determines it’s next action, which in turn affects the next ob-

servation seen by it [51, 52, 121]. New theoretical development is required for comparing

RNN-based agents, specifically to deal with small differences in stimuli, which in turn can

generate actions that result in compounding differences over trajectories. Furthermore, cur-

rent methods characterize differences between networks by looking at discrete dynamical

features such as fixed-points and neural activity transitions between them. It is unclear what

measures could be used for comparing the continuous and somewhat amorphous dynamical

structures such as the ones we encountered in our work (Figure 5.7).

Learning algorithms that respect biological constraints (e.g. excitation-inhibition bal-

ance, Dale’s law) have received attention in the supervised-learning setting [194–196] but not

in the reinforcement-learning setting. Finally, despite observing similar behavioral modules

and neural activity structures across trained agents, we observed a significant variation in

performance (Section 5.4.3). It might be possible to mitigate this by constraining training

using additional tasks, as suggested earlier. However, alternative solutions could involve us-

ing meta-algorithms like evolution [197], using algorithms constrained by morphology [198],

or using more complex biologically-inspired training curricula [152].
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[102] F. Le Moël and A. Wystrach, “Towards a multi-level understanding in insect naviga-

tion,” Current Opinion in Insect Science, 2020.

[103] J. Merel, D. Aldarondo, J. Marshall, Y. Tassa, G. Wayne, and B. Ölveczky, “Deep
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