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Abstract
Behavioral Strategies and Neural Control of Skilled Locomotion in Mice

Richard Allen Warren

The brain evolved to control behavior, and locomotion is among the behaviors most crit-

ical to animal survival [1]. The neural mechanisms of skilled locomotion have been stud-

ied for decades [2], yet recently developed technologies offer the opportunity to shine new

light on this long studied behavior. I leveraged these technologies to develop a system for

studying the behavioral strategies and neural mechanisms of skilled locomotion in mice.

In Chapter 2, I use detailed 3D kinematic tracking and behavioral modelling to describe a

rapid sensorimotor decision that determines the kinematic strategies used by mice to step

over obstacles. Despite the whisker dependency of this behavior, performance is minimally

affected by manipulations of whisker sensory cortex, whereas motor cortex manipulations

impair but did not prevent obstacle clearance. Neither cortical manipulation substantially

impacts the sensorimotor decision. In Chapter 3, we turn to the cerebellum. The cere-

bellum is thought to contribute to the coordination of movement [3, 4], as evinced by the

locomotor deficits that are a hallmark of cerebellar ataxia [5]. However, much cerebellar

research has focused on simple behaviors involving single body parts. Furthermore, the re-

cent discovery of reward signals in the cerebellar cortex has drawn attention to its potential

non-motor functions [6, 7, 8], but whether such signals exist in the output of the cerebellum

is unknown. We conducted an electrophysiological survey of the deep cerebellar nuclei to

characterize the signals communicated by the cerebellum to downstream structures. Pre-

liminary analyses from this ongoing work suggest that cerebellar output is dominated by

orofacial and locomotor signals, whereas reward related modulations are largely accounted

for by the behavioral correlates of reward delivery. Collectively, these results demonstrate

that quantitative whole body analyses of ethologically inspired behaviors can enhance our

understanding of the neural control of sensorimotor behaviors.
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Preface

"Einstein was a giant: his head was in the clouds, but his feet were

on the ground. Those of us who are not so tall have to choose!"

Richard Feynman

For every curious corner of the natural world, there can readily be found an odd indi-

vidual who will happily dedicate years of their life to its study. However, rarely do these

weirdos - and I count myself among them - immediately resign themselves to the peculiar

questions over which they ultimately toil. I am unaware of a neuroscientist who, in their

early life, was so inspired by the whiskers of mice [10], the antennae of �ies [11], or the skin

of �sh [12], that they enthusiastically devoted their lives to their study. The incremental,

esoteric labor that Kuhn called “normal science” [13] holds no appeal for the weirdo, who is

typically lured by the amazing, abnormal discoveries that are yet to be made.

As such, most of us begin our journeys with our "heads in the clouds". Our ambitions

are lofty and enthusiasm high. We are inspired to understand the brain, naturally, as it is

the organ that makes such inspiration possible. We think, and therefore are, and therefore

ask how? How does consciousness arise from neural circuits? How do brains extract from

a multimodal sensorium an understanding of the physical world? How can we use this

information to alleviate human suffering?

The outside observer may �nd it dif�cult to reconcile these high-minded aspirations with

the esoteric content that �lls most neuroscience doctoral dissertations. Given that this dis-

sertation is brimming with such content, I would like to offer some thoughts on the topic by

way of apology, explanation, and justi�cation for the work that follows.

The vast majority of scienti�c undertakings do not heal the sick, nor do they advance the

technological capabilities of humankind. At a minimum, they serve to populate the pages of

Wikipedia with strange trivia about the natural world. Many possess the understandable

instinct to defend this practice by citing examples of basic science research programs that
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ultimately changed the world for the better.

However, I take the view that understanding the oddities of this world holds intrin-

sic value that is entirely independent of its practical application. The universe is vast,

beautiful, terrifying, and begging for explanation. Explanations that come in the form of

grand principles are appealing because they organize and explain many of the details we

observe. Heliocentrism, classical mechanics, and the theory of evolution hold incredible

explanatory power. I would argue, however, that these principles only matter because of

the peculiar details they animate . Darwin's �nches do not matter because they were the

empirical foundation for the theory of evolution. Rather, evolution matters because it makes

�nches possible , along with the rest of the astounding biodiversity on our planet.

From this perspective, it is perhaps forgivable that many of us who began with our heads

in the clouds have since been dragged unwittingly down to earth during our PhDs. It turns

out there is lots of cool stuff down here. For example, in this dissertation I will describe a

remarkable behavior performed by a particular animal in a particular experimental context.

I will argue that my interrogation into the neural underpinnings of this behavior elucidate

general principles about how complex behaviors might be mediated by primitive parts of the

brain. But if my leap from the speci�c �ndings of this research to these general principles

fails to convince the reader, I would like them to consider that the particular �ndings are

suf�cient. The natural world is �lled with strange and incredible things. This work explores

and celebrates some of these things. It has its feet rooted �rmly in the ground.
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Chapter 1: Introduction

1.1 Measuring up: How we've studied brain and behavior

1.1.1 Descriptive reductionism

Neuroscience began not by experiment, but by accident. In approximately 2500 B.C.,

the skull of an Egyptian man was smashed open, leaving his pulsing brain visible to the

attending physician. The physician likened the gyrated cortex to "those corrugations which

form in molten copper", and recommended a course of action:

"Shouldst thou �nd that smash which is in his skull... and something therein

throbbing and �uttering under thy �ngers, like the weak place of an infant's crown

before it becomes whole – when it has happened there is no throbbing and �uttering

under thy �ngers... and he discharges blood from both his nostrils, and he suffers

with stiffness in his neck... Thou shouldst anoint that wound with grease."

Unknown Author - The Edwin Smith Surgical Papyrus [14]

This description appears alongside several dozen medical case studies containing the earli-

est recorded references to the brain [15]. It is a remarkably scienti�c document. A magical

remedy is only prescribed for a single case [15], and the author relates the site of the head

injuries to their behavioral consequences [16]: "One having a wound in his temple, penetrat-

ing to the bone, and perforating his temporal bone... he suffers with stiffness in his neck,

and he is speechless." A contemporaneous reader might conclude from this document that

the brain is perhaps functionally consequential, rather than being the disposable stuff that

ancient Egyptians typically removed when preparing bodies for the afterlife [17].

In keeping with this early text, much of what we learned about the brain in subsequent

3



centuries is documented in rich, often qualitative descriptions of the consequences of neural

injury. There is of course the famous case of Phineas Gage, who, after an iron rod impaled

his frontal lobe, was colorfully described as "...�tful, irreverent, ... at times pertinaciously

obstinate, yet capricious and vacillating" [18]. Gordon Holmes, an early pioneer of cerebellar

research, documented the loss of muscle tension that followed cerebellar lesion by gunshot

wound during the First World War [19] (Figure 1.1A). Although his communications contain

quanti�cation of some observations (using a primitive "dynamometric apparatus" as a force

sensor [20]), his greatest insights come from qualitative descriptions of patient interactions:

"When such a limb is handled and moved about passively it is at once obvious that there is

loss of that slight but de�nite resistance that normal muscles offer to stretching. Further,

if... seized and shaken it is found that the more distal segments of the affected limbs �op

and swing about... like the arm of a �ail" [19].

The evocative depictions of these early pioneers may feel foreign to the neuroscientist

trainee today, for whom quantitative rigor is often valued above qualitative description. We

are trained to carefully measure behavior, but in so doing reduce its complexity [21]. For

instance, the movement of a monkey's arm is governed by the activity of about two dozen

muscles [22], yet its state is often reduced to a single point in a two-dimensional plane [23,

24]. Quadrupedal locomotion is even more biomechanically complex, yet we often represent

locomotion with a single phasic variable [25, 26, 2]. And although the cerebellum is known

to in�uence diverse motor functions [27], a great deal of work has focused on its contribution

to a single dimension of motor output - the closure of the eye in eyeblink conditioning [28,

29] (Figure 1.1B).

Although the low dimensionality of these quanti�cations is driven in part by technical

limitations, they do offer key advantages. In manuscripts littered with statistics we describe

behavior with relative certitude, and guard against the psychological biases that might color

purely qualitative accountings [30]. More importantly, in reducing the dimensionality of

observations we can shine light on the phenomena we hope to understand. For example, fear
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is associated with wide ranging autonomic and behavioral changes [31], yet a single binary

variable - whether an animal is freezing - has proven an incredibly powerful proxy for fear

itself [32]. Similarly, place cells in the hippocampus �re when animals are in a particular

location of the environment [33]. We do not need a detailed kinematic accounting of the

body's pose to observe place cells in rodents; simply representing animals' ( x, y) coordinate

is suf�cient [33] because place cells are tuned to these very parameters.

Crucially, however, such an approach requires that we know in advance what to look for .

We measure the coordinates of a monkey's hand and record neural activity in motor cortex

because the relationship between the motor cortex and movement is long established [34,

35]. We measure freezing because we observe its relationship to fear both in animals and

ourselves. But how can we proceed when uncertainty is high, and the crucial dimensions of

behavior relevant to our scienti�c question are not known?

In such instances we can draw inspiration from the descriptive breadth of the ethologist

[36, 37]. Rather than restricting our attention to narrow aspects of behavior, we can widen

our observational lens - potentially at the expense of descriptive depth - and let behavior

lead the way. Consider the discovery of place cells [38]. The authors did not converge

upon the ( x, y) coordinate representation prior to this discovery. Rather, they observed and

interacted with rats as they engaged in diverse behaviors while monitoring neural activity

in the hippocampus. They reported (without quanti�cation) neural responses to "orienting,

snif�ng, bar-pressing, and walking, ...eating, drinking, grooming, quiet sitting, ...slow wave

sleep... animal's expectations", and even made "considerable, and sometimes drastic, at-

tempts" to drive cells to �re. Only after this survey did the critical relationship between

neural activity and spatial location present itself. Had the authors restricted themselves,

as we often do, to particular behavioral dimensions of interest (e.g. licks, pupil diameter, or

lever presses), the discovery may have been missed. As discussed below, we can now lever-

age technological advances to increase the breadth of our behavioral descriptions without

sacri�cing the quantitative rigor that characterizes many modern neuroscienti�c studies.
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Figure 1.1: Classic and modern cerebellar studies. Two example studies of cerebellar
function separated by nearly one century. (A) Gordon Holmes described the consequences of
gunshot wounds to the cerebellum suffered by soldiers in the First World War [19]. Using a
broad array of clinical observations he concluded that the cerebellum contributes to muscle
tension. Top: The hand ipsilateral to the injury falls under the in�uence of gravity for
one patient. Bottom: Primitive revolving drum measurements of hand positions as another
patient pulls against two springs. The hand ipsilateral to the injury pulls with reduced
force. A 128 Hz tuning fork is used to produce the time axis in the top trace (reproduced
from [19]). (B) A paradigm commonly used to study cerebellar learning in mice. A mouse's
head is �xed as it sits on top of a running wheel. A single dimension of motor output is
monitored - eyelid closure - in an eyeblink conditioning task (reproduced from [29]).
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1.1.2 Experimental reductionism

Low dimensional behavioral quanti�cations commonly appear in reductionist experi-

mental paradigms that are cleverly designed to isolate neural processes of interest. This

practice has its roots in structural psychology, wherein the mind is studied by identifying

and interrogating its components in isolation, e.g. sensation, working memory, decision-

making, and motor control [39]. Hence, sensory neuroscientists present stimuli to animals

who then report their perceptions with behavioral responses [40, 41, 42]; motor neuroscien-

tists present stimuli to cue motor responses that are themselves the object of study [43, 44];

and those interested internal processes like decision-making study the moments intervening

sensation and action [45, 46]. Key to this approach is the serialization of these processes,

which allows us to avoid the complex interplay between sensation and action that occurs

during naturalistic behavior [47].

Despite the utility of this approach, it is critical to test our conclusions in more natural-

istic circumstances where sensation and action dynamically interact. The point was made

early on by John Dewey, who reinterpreted William James's classic re�ex arc example of

a child withdrawing their hand after touching a �ame [48]. Rather than being a simple

stimulus-response behavior, he proposed that "what we have is a circuit, not an arc" that

begins with the sensorimotor coordination necessary for looking at and seeing the �ame

[47, 39]. Indeed, interpreting sensory input often requires knowledge of the actions that

produced it, especially in active sensory systems such as vision, touch, electrolocation, and

echolocation [49, 50, 51]. By the same token, actions are not merely responses to stimuli,

but an intimate part of the sensory acquisition process. In serializing sensation and action

we miss the opportunity to study this complex interplay that is integral to natural behavior.

Furthermore, reductionist paradigms can be highly unnaturalistic. We bring animals

out of nature, into the lab, and often physically restrain them such that we can record

from and manipulate their brains [52] (Figure 1.1B). Both the physical context (being head-

restrained in a laboratory) and the tasks themselves (responding to abstract stimuli with
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experimenter-devised behavioral responses) are highly out-of-distribution with respect to

animals' natural behavior and environment. As such, it may be easy to miss important

phenomena that only emerge in more natural settings. Returning to our example of place

cells, their discovery may have been dif�cult in the head-�xed paradigms that are ubiquitous

today because their formation can depend upon vestibular input that is lost to head-�xation

[53, 54]. Or in the auditory cortex, the sterile tones that are commonly used to study au-

dition would have failed to reveal powerful responses to the cries of mouse pups that were

discovered in maternal females [55, 56].

An additional concern is that the conclusions drawn in highly controlled experiments

may not generalize to richer, more naturalistic settings [57]. How might the activity of

motor cortex relate to the movement of a monkey's arm if she were swinging from a tree

rather than restrained in a laboratory? Might the role of sensory cortex in stimulus detec-

tion depend on whether those stimuli are used to drive adaptive motor responses? Most

importantly, how can we recover some of the naturalness lost in these reduced paradigms

without diminishing the degree of experimental control that they afford?

1.1.3 Bridging the psychology-ethology gap

Many modern in vivo neuroscience experiments are (1) quantitatively rigorous, but lim-

ited in the narrowness of their behavioral description, and (2) well designed to isolate pro-

cesses of interest, but highly unnaturalistic. Recent technological advances make it possible

to quantify complex animal behavior [58] while simultaneously increasing the naturalness

of our behavioral paradigms [59]. A high-level goal of the research described in this disser-

tation is to use modern tools to capture some of the richness and beauty of animal behavior

that is often lost in laboratory settings. In so doing we hope to bridge the gap between rig-

orous, reductionist paradigms stemming from the psychological tradition, and the evocative

descriptions of the ethologist and early neuroscience pioneers [39, 21].

The dizzying rate of technological progress has been directly visible over the course of

8



my PhD, with many advances extending to our ability to measure the brain itself. In my

�rst year of graduate school I was trained to perform extracellular neural recordings with

glass electrodes, a technology nearly 100 years old [60]. Since then I have progressed to

artisinally crafted electrode microdrives [61], to 3D printed microdrives [62], and �nally to

silicon probes that can now record hundreds of channels [63]. While developing a system

for reconstructing locomotion kinematics [64], I progressed from gluing physical markers to

mice [65], to complicated algorithms reliant on classical machine vision [66], to deep learn-

ing tools for fully automated markerless tracking [67, 68]. Finally, the behavioral apparatus

I developed for this research required hardware and software tools that only became widely

available in the last decade: 3D printers, laser cutters, open source data acquisition systems

[69], open source software packages [70, 67, 68, 71], and fast, inexpensive microcontrollers.

Of course, more is not necessarily better. New tools only matter insofar as they help us

understand the brain. In 2014, as we stood on the precipice of the technological deluge that

followed, Gomez-Marin et al. wrote that "copious, quantitative and open behavioral data

has the potential to transform and unify [the disciplines of ethology and psychology] and

to solidify the foundations of others, including neuroscience, but only if the development of

new theoretical frameworks and improved experimental designs matches the technological

progress" [21]. Although new theoretical frameworks remain elusive, the work described

in this dissertation is an attempt to leverage these new tools to dissect and understand a

complex animal behavior. What follows is a brief review of these technological advances.

1.2 Leveling up: Advances in measuring brain and behavior

1.2.1 Behavior quanti�cation with supervised learning

Much of what we hope to quantify in animal behavior can be readily seen by eye. How-

ever, the massive amounts of data that are now available [21, 72] require automated meth-

ods for extracting this information as reliably as the human brain. Historically, behavioral
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analyses have been automated via low dimensional sensors that capture speci�c behaviors

of interest, such as beam breaks to monitor body position [73], touch sensors to detect licks

[74], or levers to measure limb movements [75]. Recently developed supervised learning al-

gorithms automate the production of high dimensional behavioral descriptions directly from

videos of behavior . In analyzing videos directly, we return to raw data of similar dimension-

ality to that used by the early ethologists, who studied behavior by direct observation of their

subjects [36, 37, 76].

Most behavioral readouts of interest to neuroscientists can be derived from an animal's

pose - the three dimensional geometrical con�guration of its body. Pose estimation consists

of extracting the ( x, y) or (x, y, z) coordinates of each body part from single or multi-view

videos of an animal 1. Historically, solving this problem required elaborate tracking system

often involving physical markers attached to subjects' bodies [77, 78, 79, 80]. However,

recently developed convolutional neural networks (ConvNets) automatically extract pose in

three dimensions with high accuracy and no markers [58].

Classical machine vision algorithms utilize �lters that are manually designed to detect

features of interest, such as edges [82]. Images can be convolved with these �lters to extract

features while preserving spatial information. ConvNets consist of a hierarchy of �lters that

are learned via optimization 2. Each level of the hierarchy extracts features at higher levels

of abstraction, usually at the expense of spatial resolution 3. Training data typically consist

of thousands of images, each paired with the information we would like to extract from that

image, e.g. the identity of the pictured object. This approach has revolutionized machine

vision, beginning with a ConvNet that drastically outperformed its closest competitor in a

2012 image classi�cation competition [83].

1We will put aside the issue of tracking multiple animals within a single video, although this is an important
challenge currently being addressed [81].

2It has become a general theme in the era of deep learning that feature extractors learned via optimization
wildly outperform features designed by human experts. Natural language processing researcher Frederick
Jelinek famously commented that "Every time I �re a linguist, the performance... goes up."

3Spatial resolution is typically lost across blocks of convolutions due to operations that pool across neighboring
pixels and/or strided convolutions that step more than one pixel at a time. This is sensible in classi�cation
settings where we would like to be invariant to the location of objects. However, additional mechanisms need
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In classi�cation settings, extracted features are pooled across space to produce a class

prediction. In pose estimation, however, pooling across space and regressing directly to

(x, y) coordinates results in very poor performance [84]. Instead, pose estimation ConvNets

are asked to estimate the likelihood that the feature of interest is located at each pixel,

thus preserving spatial information that would be lost by pooling [85, 86]. The network is

therefore trained to produce spatial con�dence maps with Gaussian bumps [84, 67] or binary

circles [87] centered at the locations of the tracked features. By identifying maxima in these

maps we can determine the coordinates of the tracked body parts. Finally, two dimensional

estimates from multiple cameras can be combined to recover the full three dimensional pose

(Figure 1.2).

ConvNets are typically trained on many thousands of images, initially limiting their ap-

plicability to laboratory settings, where manually annotating training data is time consum-

ing. Matthis et al. [87] discovered that the ConvNet in [85] achieves near human accuracy

with as few as » 200 training examples and developed the DeepLabCut open source software

package with this ConvNet [87]. But why are so few training examples required in the lab?

ConvNets may require large training datasets for standard classi�cation benchmarks [89]

because object appearance is enormously heterogeneous "in the wild." Consider a collection

of images of trucks, which will vary in size, shape, and color even for the exact same truck

(due to differences in camera distance, angle, and lighting). However, laboratory videos

can be quite homogenous, particularly for head-�xed preparations, which may reduce the

demand for training data. Such homogeneity further suggests that the ConvNet used in

[87] - which was originally developed for classi�cation of natural images [90] - may have

more parameters than necessary ( È 25 million) for pose estimation in the lab. DeepPoseKit

uses a ConvNet with only » 1.5 million parameters that was found to perform comparably

to [87] while more than doubling its speed [67].

An additional advantage of ConvNets is their computational ef�ciency. Convolutions can

to be introduced when spatial resolution is critical, such as in pose estimation.
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Figure 1.2: Capturing animal pose, then and now. (A) In 1878, Eadweard Muybridge
invented videography for the purpose of studying animal locomotion. To settle a debate
concerning the gait of horses he constructed a series of trip wires, each connected to a
different camera, that were serially triggered by a horse as it ran across them [9]. (B)
Re�ective markers were commonly used for pose estimation, for example in this 2014 study
(reproduced from [65]). (C) Current markerless tracking systems use convolutional neural
networks to reconstruct pose in 3D from multiple camera views. Networks are trained to
produce one "con�dence map" per tracked feature with a Gaussian bump centered at the
feature's location. Tracking from multiple views is stitched together to recover the 3D pose
(reproduced from [88]).

12



be quickly run on GPUs, and speed can further be increased by processing multiple frames

simultaneously in "batches". Appendix A describes my collaboration with the authors of

DeepLabCut to speed its performance up to tenfold via batch processing [91].

Markerless pose tracking can facilitate the exploration of new aspects of animal behav-

ior, in addition to helping us re�ne or even correct conclusions drawn from less complete be-

havioral descriptions. For instance, the two dimensional coordinate of the hand is commonly

measured in monkey reaching tasks [23, 24]. However, complete kinematic reconstruction

of the arm revealed tuning in motor cortex to multiple joint angles that is suf�cient to recon-

struct arm kinematics from small populations of neurons [92]. Machado et al. studied the

3D kinematics of locomotion in mutant mice with cerebellar de�cits. They found changes

in the trajectories of individual limbs consistent with cerebellar ataxia. However, detailed

modelling revealed these changes to be secondary to differences in the size and speed of mu-

tant mice, whereas speci�c de�cits in intralimb coordination uniquely contributed to ataxia

[66]. In both studies, broadening the behavioral description yielded insights that were not

evident in lower dimensional quanti�cations.

Aside from pose estimation, supervised learning can be used to classify the behaviors

in which animals are engaged [93]. Simple heuristics are often suf�cient to classify behav-

ior. We can determine that a mouse is locomoting or drinking when it's speed or lick rate

exceed manually determined thresholds. However, many behaviors such as grooming or

social interaction can be more dif�cult to identify heuristically. We can leverage humans'

ability to identify behavior by training classi�ers from manually labelled examples. Several

software packages exist for this purpose [94, 95], with one newer approach performing clas-

si�cation on kinematic trajectories extracted from ConvNet pose estimation pipelines [96].

Machine learning based behavior classi�cation can automate and standardize the analysis

of very large datasets. However, supervised approaches have the important caveat that

experimenters must identify in advance the aspects of behavior that are most important to

monitor, a limitation addressed by unsupervised learning approaches to behavior analysis.
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1.2.2 Behavior discovery with unsupervised learning

Whereas supervised learning allows us to automate behavior annotation, unsupervised

approaches present the exciting opportunity to discover structure in behavior that may not

be readily apparent to the human observer [97]. One commonly used approach is clustering ,

wherein discrete behavioral classes are automatically identi�ed as recurring spatiotemporal

movement patterns. To identify behaviors via clustering, we begin with some raw behavioral

data (e.g. videos), extract features from those data (e.g. kinematic trajectories or spectral

decompositions), reduce their dimensionality (e.g. via Principal Component Analysis), and

identify clusters of spatiotemporal features in this lower dimensional space.

Fine-grained behavioral clustering can enhance the �delity with which we categorize

behavior. MotionMapper is a widely used clustering algorithm initially used in the discov-

ery of 100 distinct behavioral states in the ground-based behavior of �ies [98]. Clustering

was also used in a high-throughout survey of » 1000 Drosophila neuron lines to identify

29 phenotypes in the behavior of » 30,000 larvae [99]. Hierarchical clustering can be used

to identify behaviors at different timescales. This approach was used to discover different

classes of swim bouts in zebra�sh [100] and to understand how bouts can be coordinated

with vision to hunt prey [101].

Behavior discovery via clustering is descriptively useful, but a more ambitious goal is to

model behavior itself 4. Generative modelling allows us to discover behaviors while probing

how they relate to each other and evolve over time. Using 3D video tracking, mouse behav-

ior was found to be composed of sub-second motifs that are strung together with identi�able

transition probabilities [102]. Modelling both the motifs and their transition dynamics re-

vealed how behavior adapts to environmental changes [102] and relates to neural activity in

the striatum [103]. More complex modelling strategies can capture how discrete behavioral

dynamics are in�uenced by internal state. In zebra�sh larvae, transitions between discrete

swim bouts are modulated by continuous internal variables like hunger, a discovery made

possible by latent variable modelling of » 120,000 swim bouts. Collectively, these studies
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demonstrate that analyses based on the manual identi�cation of behaviors of interest can

be usefully supplemented by automated approaches to discovering structure in animal be-

havior.

1.2.3 Studying more naturalistic behaviors

In addition to enhancing our ability to quantify behavior, modern technologies allow us

to increase the naturalness of our experimental paradigms. Head-�xed preparations are

commonly used to facilitate neural recordings [52], but have the side effect of eliminat-

ing the rich interactions between action and sensation that occur during natural behavior.

Nonetheless, we can use virtual reality (VR) to simulate such interactions, for example us-

ing a popular system in which rodents' locomotion on a hovering ball drives displacement in

a projected 3D environment [104]. We can also recover non-visual sensory feedback using

additional technologies. The hovering ball VR system can be supplemented with a rotat-

ing harness, giving rodents access to vestibular signals during locomotion [54], or even a

rotating 2-photon microscope interface that lets mice physically explore a 2D arena while

neural activity is imaged [105]. Furthermore, olfactory VR systems deliver odors to mice as

a function of their location in a virtual environment [106], and somatosensory inputs can

be simulated using arti�cial wind delivery in �y preparations [107] or whisker input for

head-�xed locomoting mice to simulate walking along the walls of a corridor [108].

More encouragingly, advances in hardware and software allow us to study brain and

behavior with high �delity in freely moving animals . Whereas mice often learn slowly in

head�xed preparations, pose tracking revealed that mice freely navigating in a large maze

discover rewards rapidly, often displaying moments of insight about the structure of the

maze [109]. Bala et al. showed that 3D pose tracking can be used to identify social and

non-social behaviors in freely moving macaques in an open arena monitored by 62 cameras

4Regarding the importance of modelling behavior rather than simply enumerating its components, another
Richard Feynman quote is relevant: “What I cannot create, I do not understand.” Generative models construct
probability distributions over behavior from which we can sample to create new behavior. We can compare
generated to real behavior to evaluate the quality of the model.
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[110]. Wireless electrophysiology was combined with video tracking to discover that social

interactions drive coupled neural activity across the brains of bats [111]. Pose estimation

can additionally be used to study animal behavior outside the lab, for example an analysis

of YouTube videos which revealed that humans walking in pairs tend to walk in phase or

anti-phase with each other [112].

The work that follows leverages the technologies described in this section by (1) quanti-

fying a whole body behavior in mice using 3D pose estimation, and (2) using a novel, visuo-

tactile virtual reality system to study an ethologically inspired behavior. Using this system

we will �rst describe the dynamics of a skilled locomotor behavior in mice, after which we

will address questions concerning the neural control and encoding of this behavior.

1.3 Old questions revisited

1.3.1 How do animals step over obstacles in their path?

In Chapter 2, I will introduce a novel system for investigating a long studied behav-

ior. Locomotion is of critical survival value [1], and successfully modifying locomotion in

response to environmental challenges can mean life or death for animals catching prey or

escaping predators. Decades of research have explored the behavioral strategies and neu-

ral mechanisms by which animals step over obstacles in various species [2, 113, 114, 115,

116, 117]. Leveraging recent technological advances, I developed a closed loop system in

which head-�xed mice step over obstacles that are moved towards them at speeds matching

their locomotion, hence simulating obstacle clearance in freely moving settings. We perform

detailed 3D reconstructions of the body and whiskers using existing and custom machine

learning algorithms [91, 87]. The head-�xed preparation allowed us to collect and analyze

thousands of trials, which together with the kinematic tracking revealed a rapid sensorimo-

tor decision that determines the �ne-grained strategies mice employ to clear obstacles.
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1.3.2 What tasks require sensory and motor cortices?

We next performed cortical manipulations to address recent questions concerning the

function of sensory and motor cortices in mice. It was recently discovered that "barrel cor-

tex" - the primary cortical recipient of whisker somatosensory information in rodents - is dis-

pensable for sensory detection [42]. However, whiskers in the obstacle avoidance paradigm

we will present are used for more than detection. As we will show, mice use whiskers to

detect obstacles, determine their height, and drive adaptive motor responses that require

integrating exteroceptive information with information about body state. Whether barrel

cortex is necessary for such whisker based sensorimotor behaviors is unclear. With respect

to the motor cortex, it has long been associated with learning and executing motor skills.

Electrical stimulation has been known to drive movements for well over a century [34, 35];

motor cortical neurons are tuned to various aspects of goal directed behavior [118]; and

manipulations of motor cortex can impair dexterous movements [119, 120]. However, recent

discrepant results have raised questions about the role of motor cortex in rodents. Motor cor-

tex was found to be required for learning but not executing a skilled behavior in rats [121],

whereas another study found that initiating and executing skilled reaches required motor

cortex in mice [122]. Importantly, the differences in motor cortical dependency may depend

on the dexterity required for the tasks; [121] studied a behavior in which dexterity was not

explicitly required, whereas [122] studied a dexterous reach-to-grasp task. Although we will

not resolve this issue here, we will silence and lesion motor cortex to understand its role in

obstacle clearance.

1.3.3 What is encoded in the deep cerebellar nuclei?

In Chapter 3, we turn our attention to the cerebellum. The cerebellum has long been

associated the coordination of movement [3], with particular attention paid to its role in

locomotion [5]. Decades of research have yielded detailed descriptions of the circuit mecha-

nisms by which the cerebellum in�uences simple movements of single body parts, e.g. closing
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the eyelid in classical eyeblink conditioning [123], driving eye movements in the vestibulo-

ocular re�ex [124, 125], or withdrawing limbs in anticipation of noxious stimuli [126, 127].

In such behaviors, neurons in the deep cerebellar nuclei (DCN) - the output bottleneck of the

cerebellum - are thought to drive adaptive modi�cations of particular actions via projections

to brainstem motor centers [128]. However, how DCN cells relate to and control whole body

coordinative behaviors remains elusive.

In addition to projecting to brainstem motor centers, the cerebellum is reciprocally con-

nected motor and non-motor cortical regions [129]; expanded rapidly in parallel with the

cerebral cortex over the course of evolution [130]; and has been implicated non-motor dis-

orders [131, 132]; suggesting additional non-motor functions for the cerebellum. Interest in

non-motor cerebellar functions has been revitalized due to the recent discovery of prominent

reward related signals in cerebellar granule cells [133] and Purkine cells [134, 135, 136,

137]. However, the extent to which non-motor signals are represented in the output of the

cerebellum is unknown. Resolving this question is critical to determining whether reward

signals exist to shape motor responses that are ultimately communicated to downstream

structures, or whether non-motor signals are a dominant feature of cerebellar output.
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Chapter 2: A Rapid Sensorimotor Decision Underlies Skilled

Locomotion in Mice

Richard A. Warren, Qianyun Zhang, Judah R. Hoffman, Edward Y. Li1, Y. Kate Hong,

Randy M. Bruno, and Nathaniel B. Sawtell. [138]

2.1 Introduction

Decision-making and motor control are often serialized in the lab, with animals collect-

ing sensory information over time before responding with discrete actions from static rest-

ing positions. This approach has proven extremely useful for identifying neural correlates

of decision-making [45, 46] and motor planning [43, 44], but it fails to capture many real-

world decisions that animals routinely make in order to survive. For example, in deciding

how to avoid an obstacle in its path (e.g. by breaking, turning, or stepping over it), an

animal must consider the size and position of the obstacle, the position and velocity of the

limbs, and respond such that the obstacle is avoided while maintaining balance. The speed

with which such decisions are made potentially precludes strategies based on the gradual

accumulation of evidence that are often associated with cerebral cortex [139]. In terrestrial

locomotion sensorimotor decisions are further complicated by the high dimensionality of the

musculoskeletal system. Whereas cognitive and perceptual decisions often have categorical

or binary outcomes (e.g. which action to take or whether a stimulus is present), decisions

about movement strategies must coordinate multiple limbs in a manner that respects ongo-

ing changes to the state of the body [140].

Sensorimotor decisions can mean life or death for animals catching prey or escaping

predators. However, with some notable exceptions (see e.g. [141]), the behavioral strategies
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and underlying neural mechanisms are not well characterized. One bottleneck has been

the technical dif�culty of performing thorough behavioral analysis of sensorimotor deci-

sions in the context of whole-body behaviors such as locomotion. Until recently, detailed

kinematic descriptions of even “simple” behaviors such as locomotion required elaborate

tracking systems involving physical markers attached to animals' joints [77, 78, 79, 80],

which is particularly challenging for small animals such as mice [65, 116]. These hurdles

have been largely overcome by modern machine learning tools such as convolutional neural

networks (CNNs) [142], which accurately track body pose without markers [87, 67, 84].

Combining modern machine vision algorithms with high-speed, multi-view imaging allows

automatic three-dimensional analyses with high spatial and temporal resolution [66, 143],

thus facilitating comprehensive exploration of complex behaviors and their computational

underpinnings [144, 145, 57, 146].

We leveraged these recent advances to perform a detailed kinematic analysis of sensory

guided locomotion in head-�xed mice. We show that mice rely primarily on whisker (rather

than visual) input to shape limb trajectories while stepping over obstacles at high speeds.

This behavior entails a rapid sensorimotor decision in which whisker information and loco-

motor state are integrated to drive distinct kinematic strategies. These strategies remained

largely intact after perturbations of either primary somatosensory or primary motor cortex,

suggesting that the decision is made subcortically.

2.2 Results

2.2.1 Obstacle Clearance During High-Speed Locomotion in Head-Fixed Mice

We developed a head-�xed sensory-guided locomotion task compatible with high through-

put, three-dimensional behavioral tracking (Video 1). Using a custom running wheel [64]

with a transparent �oor and a mirror mounted inside at 45° we reconstructed the body pose

in three dimensions with a high-speed camera (Figure 2.1A-B). DeepLabCut software [91,
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87] was used to automatically track the paws and tail with high accuracy (Figure 2.1B;

Methods). We also developed custom neural network tools to determine when the paws and

whiskers contacted the obstacle (the latter was determined using an additional high-speed

camera focused on the whiskers) (Figure 2.1B-C, 2.S1F-K; Methods).

Mice ran in a dark enclosure, receiving a water reward every 5.4 meters. Their running

intermittently activated an illuminated cylindrical obstacle that moved towards them at

a speed matching that of the wheel (Figure 2.1A; 2.S1A-B). Hence, this closed-loop setup

simulates mice approaching a stationary object in their path. To reduce the predictability of

the obstacle's position, on each trial we randomized the obstacle height (4-10 mm), the wheel

distance necessary to engage the obstacle (1.8 ± 0.1 m), and the distance of the obstacle to

the mouse when it started moving (0.28 ± 0.015 m).

Some mice stepped over the obstacle from the very �rst trial, whereas others tended to

grasp it. We therefore adopted a training regimen to discourage grasping in which contact

with the obstacle triggered a break of the wheel and a loud auditory stimulus (Methods).

After training ( » 2 weeks), mice successfully cleared the obstacle on a large fraction of trials

irrespective of obstacle height (Figure 2.1D; success de�ned as · 20ms of paw contact with

the obstacle in a trial).

Notably, mice maintained high running speeds even as they stepped over the obstacle

(Figure 2.1E, 2.S1A; Video 2). In past research in humans [113], cats [114], rats [115, 116],

and mice [117], obstacle avoidance was studied at substantially slower speeds associated

with walking gaits. Mice in our paradigm ran » 5 times faster than the mice in [117] and

» 30% faster than the cats in [114]. Clearing obstacles at high speeds may require behavioral

strategies that are distinct from those studied previously.

We characterized the three-dimensional kinematics of all four paws as they cleared the

obstacle. To allow direct comparison with past studies in freely moving rodents we an-

alyzed kinematics in “un-head-�xed” coordinates by subtracting the displacement of the

wheel from the positional measurements (Video 1). Kinematics thus represent locomotion
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as if mice were moving forward in space. Kinematic analysis revealed that mice ran mostly

in a trot pattern, wherein diagonal pairs of limbs move together but are antiphase with the

opposite pair (Figure 2.1H) [147, 66]. Consistent with previous studies of obstacle avoidance

in freely moving rodents [80, 115, 116], this pattern was usually maintained during obstacle

clearance, such that paws cleared the obstacle sequentially: leading forelimb (LF), trailing

forelimb (TF), leading hindlimb (LH), and trailing hindlimb (TH) (Figure 2.1F-H).

Mice made large adjustments to the trajectories of all paws as they cleared the obstacle,

lifting them 2-3 times higher (Figure 2.S1D; p < 10-10 for all paws) and extending them

further (Figure 2.S1E; LF, p < 0.05; TF, p < 0.001; LH, p < 0.01; TH, p < 0.01) than con-

trol steps (Figure 2.1G; control steps [dashed gray traces] are those that occurred prior to

whisker contact with the obstacle). Furthermore, we found a clear relationship between

obstacle height and paw height, with mice stepping higher to clear higher obstacles (Figure

2.1G,I,J) [117, 80, 115]. Collectively, these results indicate that head-�xed mice perform a

rapid sensorimotor transformation in which information about the location and height of an

obstacle is transformed into graded adjustments of the kinematics of all four limbs in order

to avoid collision.
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Figure 2.1: Head-�xed obstacle avoidance in mice. (A) Schematic of the head-�xed
obstacle avoidance setup. A head-�xed mouse runs on top of a wheel with a mirror mounted
inside, allowing a single camera to capture two orthogonal views. A second camera focuses
on the whiskers. An obstacle is moved towards the mouse along a motorized, belt-driven
linear track at a speed matched to that of the wheel. (B) DeepLabCut is used to track the
positions of the paws, tail, and nose in both views. Tracking from the two views is com-
bined to reconstruct the three-dimensional pose at 250 Hz. (C) Custom convolutional neural
network tools were developed to determine when the whiskers (bottom row) and paws (top
rows) contact the obstacle. (D-J) Behavioral characterization of head-�xed obstacle clear-
ance for n = 20 mice. (D) Obstacle clearance success rate as a function of obstacle height
for each paw (mean with SEM shaded). All paws cleared the obstacle at high rates even
for high obstacles. (E) Average running velocity as a function of position relative to the
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obstacle (standard deviation is shaded; positive numbers mean the obstacle is in front of the
mouse). Thin lines are averages for individual mice. Vertical black line shows the position
at which the obstacle is beneath the nose of the mouse. (F) Example trial showing (from
left to right) the leading forelimb (LF), trailing forelimb (TF), leading hindlimb (LH), and
trailing hindlimb (TH) clearing the obstacle. Traces show kinematics from trials selected
randomly from a single session. (G) Average kinematics across mice for LF, TF, LH, and TH
binned by obstacle height (colored traces). Dashed gray traces are the average of the two
steps preceding whisker contact with the obstacle. The obstacle is 3.175 mm in diameter.
(H) Hildebrand plots (averaged across mice) reveal trot gaits during normal locomotion and
obstacle clearance. Color intensity represents likelihood of stance. The top panel is calcu-
lated across all steps, and the bottom panel from steps over the obstacle. (I) Paw height vs.
obstacle height averaged across mice (SEM is shaded). Height is measured when the paw is
8 mm in front of the obstacle. The dashed gray line is the unity line. (J) Average correlation
between the obstacle height and the height of all paws, measured when the paw is 8 mm
in front of the obstacle. Circles represent individual mice. For each paw the correlation
is computed for the step over the obstacle (colored circles), and the preceding control steps
(dark circles). See also Figure 2.S1.

2.2.2 Obstacle Clearance is Whisker Dependent

Whereas research on locomotion in humans and cats has focused largely on its visual

guidance [114, 148], rodents may rely on additional sensory modalities such as whisker-

mediated somatosensation [49, 149]. Hence, we next explored the contributions of both

whiskers and vision to head-�xed obstacle clearance (experiment summarized in Video 3).

Mice were trained and tested with the obstacle illuminated on half of the trials (ran-

domly interleaved) and the other half occurring in complete darkness (Figure 2.2A). When

the obstacle could be sensed with both the eyes and whiskers, mice successfully cleared it

at high rates (Figure 2.2B, green), adjusted the height of their paws corresponding to the

height of the obstacle (Figure 2.2C-D, 2.S2B), and ran at high speeds (Figure 2.2E). How-

ever, they slowed down as they approached the obstacle (Figure 2.2E). Remarkably, without

visual input mice maintained this level of performance without slowing down (Figure 2.2E).

In the absence of visual input mice cleared the obstacle at similar rates (Figure 2.2B; p =

0.19), matched the height of the paws to the height of the obstacle to a similar extent (Figure

2.2C-D, 2.S2B; p = 0.57 for the leading forepaw), and maintained high speeds even as they
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cleared the obstacle (Figure 2.2E).

We next tested whether mice require whiskers to perform the task. All whiskers were

trimmed on both sides of the face after mice reached steady-state performance. Although

the trident whisker could not reach the obstacle we trimmed it as well. When the obstacle

was visible but mice had no whiskers, success rates dropped (Figure 2.2B; p < 0.01) despite

no signi�cant change in the average height of steps over the obstacle (Figure 2.2C, 2.S2A).

Rather than affecting overall step height, whisker trimming abolished the correlation be-

tween the height of the leading forepaw and that of the obstacle (Figure 2.2C-D, 2.S2B;

p < 0.001), suggesting that whiskers – rather than vision – are necessary for estimating

obstacle height. In a separate set of experiments performance was assessed as whiskers

were gradually trimmed. The ability to adjust the paw height to the height of the obstacle

required more than one whisker (Figure 2.S2D), and the accuracy of paw landing positions

deteriorated as more whiskers were trimmed (Figure 2.S2E). These results suggest mice

combine information from multiple whiskers to determine both the height and horizontal

position of the obstacle.

Whereas whiskers provide high-�delity information about nearby objects, vision may be

used to detect objects at a distance and drive preparatory changes. In humans, for example,

vision is thought to guide positioning of the trailing foot at an appropriate distance relative

obstacles [150, 151]. Interestingly, mice with whiskers but no vision positioned their trailing

forepaw more accurately (with less variability) compared to mice with vision only (Figure

2.2F, 2.S2C; p < 0.05), suggesting that although whisker information only becomes available

at the last moment, mice can quickly respond with accurate modi�cations.

Finally, with whiskers trimmed and lights off, mice ran at least as fast relative to the

vision and whiskers condition (Figure 2.2E; p = 0.11). However, mice were no longer able to

successfully clear the obstacles (Figure 2.2B; p < 0.01) or match the height of their paws to

the height of the obstacle (Figure 2.2C-D, 2.S2B), ruling out roles for other sensory modal-

ities. Overall, these results demonstrate that mice rely upon whisker somatosensation to
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drive rapid behavioral modi�cations during obstacle clearance.

Figure 2.2: Mice rely on whiskers to clear obstacles. (A) Schematic of experimen-
tal paradigm. Obstacle avoidance was tested with whiskers (top row) and with trimmed
whiskers (bottom row) in separate sessions. Within each session, randomly interleaved tri-
als occurred in complete darkness (no vision, right column) or with the obstacle illuminated
internally (vision, left column). (B) Obstacle clearance success rates ( n = 5 for this and
subsequent panels) when mice had access to whiskers and vision (W+V), whiskers without
vision (W), vision without whiskers (V), or neither vision nor whiskers (-). (C) Kinematic tra-
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jectories of the leading forepaw binned by obstacle height for each sensory condition. Each
line is an average across individual mouse averages. The dashed gray line is the average of
the two steps preceding whisker contact with the obstacle. Kinematics are truncated 8mm
in front of the obstacle to demonstrate that height shaping emerges before paws can contact
the obstacle. Height shaping therefore does not result from paw contacts, but rather from
information obtained from other sensory modalities. (D) Mice adjust the height of their
leading forepaw based on the height of the obstacle only when whisker sensory information
is available. The correlation between paw and obstacle height is measured when the paw
is 8 mm in front of the obstacle. (E) Average wheel velocity binned by the position of the
mouse relative to the obstacle (shaded lines are standard error; positive numbers mean the
obstacle is in front of the mouse). The shaded box shows when the obstacle is engaged, and
the vertical black line is the position at which the obstacle is beneath the nose of the mouse.
(F) The landing position of the trailing forepaw is more consistent when whisker sensory
information is available. The top four rows show the kinematics of the step preceding the
step over the obstacle for the lagging forepaw. Each trace is a single trial selected randomly
across mice. The bottom row shows the distribution of landing positions pooled across mice.
Each mouse was tested for two sessions with and two sessions without whiskers. See also
Figure 2.S2.

2.2.3 A Rapid Sensorimotor Decision Underlies Obstacle Clearance

Relying on whisker input to clear obstacles at high speeds seemingly poses a challenge.

At the moment of whisker contact a paw will intercept the obstacle within » 63 ms if no

modi�cations are made, and the closest paw is only » 32 mm away from the obstacle (pooled

across trials with and without vision) (Figure 2.S3A; Methods). Moreover, the state of the

body is highly variable across trials at whisker contact (Figure 2.S3B), implying that mice

must rapidly integrate whisker sensory input with information about the state of the body

to execute appropriate responses.

Kinematic analysis of many trials revealed distinct strategies mice use to clear the ob-

stacle (Figure 2.3A-B; Video 4). On some trials the forepaw in swing at whisker contact

continues along its expected trajectory, whereas on other trials the step is shortened or

lengthened relative to control steps. On shortened trials the paw is placed in front of the

obstacle such that the opposite paw can step over �rst, and on lengthened trials the paw

usually (on 74% of trials) clears the obstacle in one large step. These strategies were no

longer apparent with whiskers trimmed and lights off (Figure 2.3G, bottom). Both strate-
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gies emerged with or without vision (as long as whiskers were present; Figure 2.3G); we

therefore pooled both trial types for these analyses.

We explored whether the strategy used on a given trial (lengthening vs. shortening the

step of the paw in swing at whisker contact) is systematically related to the state of the

body and/or the position of the obstacle. We identi�ed features of the body state and obsta-

cle position that are predictive of whether mice shortened or lengthened their step (omitting

trials where no modi�cations were made [Methods]) by sequentially adding them to logistic

Generalized Linear Models (GLMs) based on their ability to improve the models' accuracy

(Methods). Consistent with a deterministic decision-making process, models predicted the

behavioral strategy with 73.0% accuracy using eight predictors (Figure 2.3C). Arti�cial neu-

ral networks trained on all eight predictors had comparable accuracy of 73.1%, suggesting

that the decision underlying this behavior may obey relatively simple logic. Mice were less

successful on trials in which their decision violated the predictions of the model (Figure

2.S3D; p < 0.001), suggesting that correct decision-making facilitates obstacle clearance.

The top features selected by the model suggest the decision is in�uenced by both the

state of the body and the position of the obstacle (Figure 2.3C,D). The �rst two features

were obstacle proximity (the horizontal position of the obstacle at whisker contact; blue)

and the horizontal paw position (orange). Mice are more likely to lengthen their step when

whisker contact occurs early in the swing phase (when the horizontal paw velocity [purple]

is low and the horizontal paw position [orange] is further back) and when mice are running

faster (yellow). Furthermore, mice are less likely to lengthen their step when the obstacle

is high (magenta) and far away (blue).

To better understand why mice lengthen or shorten their step on a given trial, we plotted

kinematics for the forepaw in swing at whisker contact binned by the likelihood of the step

being lengthened (Figure 2.3E). We compared these to the kinematics we would expect if no

modi�cations were made (dashed gray traces; Methods). A clear pattern emerged: the closer

the paw would have landed to the obstacle, the more the step is shortened. However, when
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the paw would have landed very close to or beyond the obstacle, mice instead extend the

paw to clear it in one large step. This decision-making threshold can be clearly visualized

by plotting landing position probability distributions conditioned on the landing position

expected if no modi�cations are made (Figure 2.3F).

The integrity of this decision-making process depends upon the whiskers. When mice

have vision but no whiskers their paw no longer lands cleanly in front of or beyond the

obstacle. Rather, the bimodal landing position distribution, which is characteristic of the

decision-making process, becomes diffuse (Figure 2.3G). Furthermore, models trained on

whiskers-only trials were less accurate when evaluated on light-only trials, suggesting that

the decision-making process is meaningfully altered (Figure 2.S3E, p < 0.05, “W � L” con-

dition). Consistent with this interpretation, mice no longer lengthen or shorten their step

based on where it would have landed if no modi�cations were made (Figure 2.3H; the pre-

dicted [x axis] and actual landing distance [y axis] are similar, such that the landing position

distribution clusters around the unity line). Finally, mice with neither whiskers nor vision

fail to make modi�cations except when their paws collide with the obstacle (Figure 2.3G-H),

and models trained on these trials have reduced accuracy (Figure 2.S3E, p < 0.05). Collec-

tively, these results show that mice lengthen or shorten their steps to avoid collision with

the obstacle, choosing between these strategies by integrating information about their body

state with sensory information obtained from the whiskers.
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Figure 2.3: A rapid decision underlies obstacle clearance. (A) Schematic showing
that the paw in swing at whisker contact (gray circle) can be placed in front of the obstacle
(blue trace) or extended to clear the obstacle in one step (orange trace). (B) Mice shorten
or lengthen their step to avoid the obstacle. Each trace shows the kinematics for the paw
in swing at whisker contact for a single trial selected randomly across all mice, colored by
whether the step was shortened (blue) or lengthened (orange) relative to control steps. The
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dashed gray trace shows the average control step. Distributions of landing positions (bottom
row) reveal that steps are shortened or lengthened relative to control steps. Trials in which
the length of the step is unchanged are not included in this plot. (C) GLM's accurately pre-
dict whether steps are lengthened or shortened. Accuracy is plotted as features are added
to the model. Models are constructed for each mouse (gray circles) and per-mouse accuracy
is the average 15-fold cross-validation accuracy. Features are sequentially added based on
their ability to improve the models' average accuracy across mice. h: horizontal; v: vertical;
obs: obstacle. (D) The decision varies systematically with both body state and obstacle posi-
tion. Each plot shows the probability of step lengthening as a function of one predictor used
in the model, sorted by the order in which they are included in the model (colors are the
same as C). X axes show the 1st to 99th percentile for each predictor. Transparent lines are
individual mice, and the opaque line is the average across mice. Line thickness represents
the probability distribution for the predictor. (E) Mice lengthen or shorten their steps based
on where the paw would have landed relative to the obstacle. Each row shows the average
kinematics for the paw in swing at contact when that paw is placed in front of the obstacle
(blue) or clears the obstacle in one step (orange). The rows are binned by the models' con�-
dence that the step will be shortened (top row) vs. lengthened (bottom row). Line thickness
is proportional to the likelihood of the step landing in front of vs. over the obstacle. Blue
and orange dots show the average position within the trajectory at which whisker contact
occurs. (F) Distributions of landing distances (columns) conditioned on where the paw would
have landed if no modi�cations were made (`predicted landing distance'). Predicted landing
distance is computed based on running speed and the lift-off position of the paw. (G) Behav-
ioral modi�cations are more systematic when whiskers are available. Plots are like B, but
broken down by sensory condition for dataset used in Figure 2.2 ( n = 5) and including trials
where no modi�cation is made. (H) Like F, but broken down by sensory conditions (rows in
H correspond to rows in G). Panels B-F use the same dataset from Figure 2.1 ( n = 20). See
also Figure 2.S3.

2.2.4 Obstacle Clearance Intact After Barrel Cortex Lesions

Sensorimotor transformations are commonly thought to involve signals passing from

sensory to motor areas of the cerebral cortex (see e.g. [152]). Given the importance of

whiskers in our task, we lesioned vibrissal primary sensory cortex (“barrel cortex”) to de-

termine its role in obstacle clearance (Figure 2.4A, 2.S4A; Methods). Mice performed the

task in complete darkness with whiskers trimmed on one side of the face (Figure 2.S2D-

E). Ipsilateral lesions served as a control because barrel cortex receives information from

contralateral whiskers. Ipsilateral lesions had minimal impact (Figure 2.S2B); we therefore

analyzed pooled contralateral and bilateral lesions ( n = 8).

31



Barrel cortex lesions had small effects on obstacle clearance the following day that re-

covered within four days (Video 5). In animals with contra- or bilateral lesions ( n = 8) there

were no effects in the �rst post-lesion session on basic locomotion, including running veloc-

ity, the height of the body above the wheel, and body angle (Figure 2.4B). Obstacle clearance

rates decreased slightly in the session immediately following contralateral lesions but re-

covered to baseline levels within four sessions (Figure 2.4C-D). The early effects appear to

be due to decreased paw heights during obstacle clearance, which recovered on the same

timescale as success rates (Figure 2.4E-F). Whereas whisker trimming again completely

abolished the correlation between leading forepaw and obstacle height (Figure 2.4H), con-

tralateral barrel cortex lesions had no effect on the correlation (Figure 2.4G-H).

Finally, we trimmed all whiskers to determine whether mice learned to compensate for

the absence of barrel cortex by relying on other sensory modalities. As with non-lesioned

animals (Figure 2.2), whisker trimming signi�cantly decreased success rates (Figure 2.4D,

2.S4C), drove decreases in the height of the leading forepaw as it approached the obstacle

(Figure 2.4F), and abolished the correlation between the paw and obstacle height (Figure

2.4H). Collectively, these results suggest that barrel cortex is dispensable for whisker guided

modi�cations during head-�xed obstacle clearance.
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Figure 2.4: Obstacle clearance minimally affected by barrel cortex lesions. (A)
Schematic showing locations of barrel cortex lesions for all mice ( n = 8) and an example
coronal section for one mouse. (B) Locomotion is unaffected by contralateral barrel cortex
lesions. Velocity, tail height, and body angle are similar in the two sessions before the lesion
(pre) and the �rst session post-lesion (early). (C-H) Obstacle clearance is minimally affected
by barrel cortex lesions. Left column shows how performance changes across days/sessions.
Thick black lines show the average across mice, vertical black lines show standard deviation,
and thin lines show per-mouse averages. Right column compares performance in the two
days before the lesion (“pre”), the �rst day post-lesion (“early”), the fourth day post-lesion
(“late”), and after subsequent whisker trimming (“no whiskers”). Success rates and forepaw
height had small decreases following the lesion that quickly recovered, whereas whisker
trimming signi�cantly affected success rates, leading forepaw heights, and paw-obstacle
correlations. See also Figure 2.S4.
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2.2.5 Motor Cortex Manipulations Impair Obstacle Clearance

Manipulations of motor cortex are known to affect obstacle avoidance in cats [153, 114]

and freely moving rodents [117]. We therefore tested the necessity of motor cortex for obsta-

cle clearance in our task by pharmacologically silencing and lesioning motor cortex.

Silencing forelimb motor cortex impaired obstacle clearance as well as basic aspects of

head-�xed locomotion (Video 6). After unilateral injections of muscimol in the M1 rostral

forelimb area [154] (Figure 2.5A) mice ran slower, lifted their paws less high, and exhibited

changes in gait such that the base of the tail was lower and angled contralateral to the side

of the injection (Figure 2.5B, left, 2.S5A; p < 0.05 for velocity, body angle, and tail height).

Obstacle clearance also suffered considerably. Paws contacted the obstacle more frequently

across obstacle heights (Figure 2.5C, left, 2.S5B-C), both because they were not lifted high

enough (Figure 2.5E, 2.S5D-E) and because they tended to grab the obstacle (Figure 2.S5F).

The correlation between the height of the leading forepaw and that of the obstacle also

decreased signi�cantly (Figure 2.5D, left; p < 0.01). The effects on paw height were greatest

for the contralateral hindlimb (Figure 2.S5D; p < .001), and among the forepaws only the

contralateral side had signi�cantly decreased success rates (Figure 2.S5B).

The effects on obstacle clearance persisted even when controlling for changes in baseline

locomotion. We identi�ed pairs of manipulated and control trials that were matched in

aspects of baseline locomotion for each mouse (the top 20% of trials that were best matched

by running velocity, body angle, and tail height at whisker contact [Methods]). In this sub-

population of trials locomotion in control and manipulated conditions was indistinguishable

at whisker contact (Figure 2.5B, right; p = 0.64, 0.47, and 0.47, for velocity, body angle,

and tail height, respectively). Nonetheless, success rate and paw height de�cits remained,

consistent with a direct contribution of motor cortex to obstacle clearance (Figure 2.5C,E,

2.S5B-E; success rate: p < 0.05; paw height: p < 0.05 for ipsilateral forelimb and p < 0.01

for other paws). A slight reduction in the paw-obstacle height correlation was still seen in

matched trials, but this trend was not statistically signi�cant (Figure 2.5D, right; p = 0.22).
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Unilateral lesions affected behavior similarly to muscimol (Figure 2.5F-J, 2.S5; (Video 6).

We observed de�cits in success rates, paw heights, and paw height correlations in addition to

de�cits in baseline locomotion (Figure 2.5G-J, left, 2.S5). The effects on obstacle clearance

remained in subsets of pre- and post-lesion trials matched for characteristics of baseline

locomotion (Figure 2.5G-I, right, 2.S5). These effects on obstacle avoidance are generally

consistent with a previous study in freely moving mice [117]. Notably, performance largely

recovered over a week (Figure 2.5K). Further studies will be required to determine whether

the de�cits observed immediately after motor cortex manipulations re�ect a genuine role

for motor cortex in sensory-guided locomotion or acute off-target effects [121, 155].
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Figure 2.5: Obstacle avoidance affected by motor cortex manipulations. (A-E) Uni-
lateral muscimol injections affect basic characteristics of locomotion as well as obstacle
avoidance (n = 5). Left column shows all trials and right column shows 20% of trials se-
lected that are best matched for characteristics of basic locomotion. (B) Distributions for
running velocity, body angle, and tail height are matched in the subpopulation of trials. Thin
lines show distributions for each mouse in muscimol (green) and saline (gray) conditions.

36



Thick lines show the average distributions across mice, which are very similar following the
matching procedure. (C) Mice clear the obstacle at lower rates following muscimol injections
(left), even after controlling for changes in locomotion (right). (D) The correlation between
the height of the leading forepaw and that of the obstacle is decreased following muscimol
injection (left), although the difference is no longer signi�cant among matched trials (right).
(E) Kinematics of the leading forepaw as it approaches the obstacle for muscimol (green)
and saline (gray) sessions. Paw heights were lower following muscimol injections. Shaded
area is standard deviation across mice, and thick lines show the average across individual
mouse averages. (F) Schematic showing locations of forelimb motor cortex lesions for all
mice (n = 5) and an example coronal section for one mouse. (G-J) Like B-E, but comparing
performance before and after unilateral motor cortex lesions. “Post” condition shows aver-
age performance 1-3 days following the lesion (prior to recovery; see Figure 2.S5E). Effects
on success rates and paw-obstacle correlations persisted in matched trials. (K) Performance
recovery over time. Thick black lines show the average across mice, vertical black lines show
standard deviation, and thin lines show per-mouse averages. See also Figure 2.S5.

2.2.6 Sensorimotor Decisions Minimally Affected by Cortical Manipulations

We next asked whether cortical manipulations affect the decision to lengthen or shorten

strides to clear the obstacle. After motor cortex lesions the forepaw in swing at whisker

contact was still lengthened or shortened to avoid collision with the obstacle (Figure 2.6A),

and the body state and obstacle position remained important determinants of the chosen

strategy: models trained on pre- and post-lesion sessions were comparably accurate in pre-

dicting behavior (Figure 2.S6A; p = 0.06), mice were still more likely to lengthen steps if

their paw would have landed closer to the obstacle (Figure 2.6B), and the relationships be-

tween obstacle position, body state, and behavioral strategy were similar (Figure 2.6C). We

observed the same general pattern of results for muscimol injections into motor cortex, other

than a small decrease in model accuracy (6.1% decrease; Figure 2.S6C-G; p < 0.05). The paw

in swing at whisker contact tended to land closer to the obstacle in both muscimol and lesion

conditions (Figure 2.S6B,D), an effect that is likely attributable to execution de�cits similar

to those described above (Figure 2.5). It appears that mice still decide to lengthen or shorten

their steps, as evidenced by the bimodality of landing position distributions (Figure 2.6A,B),

but are less capable of modifying their behavior.

Barrel cortex lesions also minimally impacted the decision-making process. The forepaw
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in swing at whisker contact was still lengthened or shortened to avoid collision with the

obstacle (Figure 2.6D); models trained on pre- and post-lesion sessions were comparably

accurate in predicting behavior (Figure 2.S6H; p = 0.67); mice were still more likely to

lengthen steps if their paw would have landed closer to the obstacle (Figure 2.6E); and the

relationships between obstacle position, body state, and behavioral strategy were similar

(Figure 2.S6J). Lesions caused the forepaw in swing at whisker contact to land closer to the

obstacle (Figure 2.S6I), but this effect mostly recovered after 4 days, the same time period

over which other small performance de�cits recovered (Figure 2.4). Finally, after complete

whisker trimming the landing position of the paw was not modi�ed to avoid contact with

the obstacle (Figure 2.6D), the paw landed much closer to the obstacle (Figure 2.S6I), and

the accuracy of the models decreased signi�cantly (Figure 2.S6H; p < 0.01). This veri�es

that mice did not learn to use a different sensory modality to guide decision-making.

Figure 2.6: Decision-making is minimally affected by cortical manipulations. (A)
Mice still shorten or lengthen their step to avoid the obstacle following motor cortex lesions.
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Each trace shows kinematics for the paw in swing at whisker contact for a trial selected
randomly across all mice for either pre-lesion (top row) or post-lesion sessions (bottom row).
The thick dashed gray traces show the average control step. Distributions of landing posi-
tions are shown beneath the kinematics. (B) Similar to 3F. Landing position distributions
conditioned on the predicted landing distance demonstrate that mice execute one of two
strategies both before (left) and after (right) lesions. (C) Similar to 3D. The state of the
body and the position of the obstacle are important determinants of whether mice lengthen
or shorten their step both before (gray) and after (red) lesions. (D-E) Similar to A-B, but
comparing before contralateral barrel cortex lesions, the �rst session post-lesion, the fourth
session post-lesion, and after subsequent whisker trimming. The decision-making process
appears to be somewhat affected in the �rst session-post lesion, but largely recovers by the
fourth session. See also Figure 2.S6.

2.3 Discussion

We used high-resolution kinematic analysis to characterize sensory guided locomotion

in mice. Using a novel head-�xed assay we show that mice can rapidly detect and respond

to obstacles reliant upon whisker somatosensation. Mice decide how to clear the obstacle –

either lengthening or shortening their strides – by integrating information about the loca-

tion of the obstacle with the position and velocity of their body. Lesions and inactivation of

motor cortex impair both baseline locomotion and obstacle clearance acutely but leave the

decision-making process largely intact. Finally, barrel cortex lesions have minimal effects

on the behavior, consistent with a subcortical locus for a rapid whisker-based sensorimotor

transformation.

2.3.1 A whisker-mediated sensorimotor transformation independent of barrel cor-

tex

Whisking is important for guiding locomotion in rodents [149, 156, 108, 157]. Whiskers

span the ground where rodents subsequently place their forepaws [157] and become highly

protracted during high speed locomotion, suggesting they serve as collision detectors [156,

108]. Our results support this hypothesis, demonstrating that mice use whiskers to detect

obstacles, determine their position, and drive rapid responses to avoid collision even at high
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speeds. Interestingly, whereas studies of obstacle avoidance in humans [158] and cats [114]

have focused on the use of vision to drive anticipatory changes – e.g. adjusting the position-

ing of the penultimate step – mice in this study rely on fast responses to whisker input that

only becomes available » 63 ms prior to collision. The ability to rapidly modify locomotion

in response to proximal sensory input may be of critical adaptive value for nocturnal prey

species such as mice.

Recent studies have leveraged genetic tools in mice to elucidate supraspinal circuits

involved in key aspects of locomotion including: initiation [159], termination [160, 161],

speed regulation [162, 163], and gait selection [163] as well as the adjustment of locomotion

according to behavioral context, for example exploration, �ight, or predatory attack [164].

The detailed behavioral description provided here lays the groundwork for delineating the

neural pathways mediating sensory-guided locomotion in mice.

What brain regions transmit the whisker information required for obstacle clearance?

Barrel cortex neurons are capable of responding to whisker input at short latencies (as fast

as 10 ms) [165, 166, 167], exhibit locomotor-related activity [168], and send projections to

subcortical motor areas [169, 10]. Moreover, barrel cortex has been implicated in other

forms of whisker-guided locomotion (e.g. wall-tracking) [170, 168]. Although recent work

has shown that barrel cortex is dispensable for object detection [42], obstacle clearance

additionally requires determining the location of the obstacle by integrating information

across multiple whiskers and rapidly adjusting motor output accordingly. Nonetheless, bar-

rel cortex lesions caused only minor decreases in success that recovered within four days,

and the correlation between the height of the leading forepaw and that of the obstacle was

unaffected.

The apparent lack of barrel cortex involvement suggests that subcortical structures are

responsible for transmitting whisker sensory information in this task. Although whisker

sensory input is widely distributed in the rodent brain [171, 169, 10], two particularly in-

triguing candidate structures are the cerebellum and the spinal trigeminal nucleus (Sp5).
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The cerebellum receives extensive whisker somatosensory [172, 173, 10, 174] and locomotor

input [175, 176, 177, 178], projects to subcortical regions involved in locomotor control [177,

162, 179] as well as directly to the spinal cord [180], has been implicated in normal and

skilled locomotion [181, 182, 183, 184], and has been proposed as a fast route by which

sensory guided behaviors may be coordinated [185]. Sp5 provides what is likely to be the

fastest route between whisker input and motor output. Speci�cally, a subpopulation of Sp5

neurons (mainly located within the oralis and interpolaris subdivisions) has been shown

to project monosynaptically to forelimb motor neurons [186]. Although precise patterns of

muscle activation may not be computed in Sp5, such a direct pathway appears well suited

to rapidly trigger spinal programs for obstacle avoidance, as described further below.

2.3.2 Obstacle avoidance involves a rapid sensorimotor decision

We found that obstacle avoidance involves a rapid sensorimotor decision wherein mice

lengthen or shorten their steps depending on the state of the body and a whisker-derived

estimate of the obstacle location. Though such sensorimotor decisions are presumably vital

for fast locomotion over complex terrain, to our knowledge they have not been thoroughly

studied in the laboratory. It is notable that while the logic underlying the decision process

is relatively simple, revealing it involved the analysis of a large amount of high-dimensional

data (>100,000 trials and >150 million video frames). Hence the present results highlight

the power of machine learning for the quantitative analysis of behavior [57, 146].

The cerebral cortex is widely associated with cognitive and perceptual decision-making

[45, 46] and is thought to coordinate online responses to perturbations during reaching

movements in primates [187, 188]. Nonetheless, cortical manipulations had minimal ef-

fects on the decision underlying obstacle clearance. A subcortical locus for the decision is

consistent with its rapidity and �ts with a rich body of literature supporting the view that

even “low-level” re�exes possess considerable sophistication [189, 190]. Spinal re�exes are

adaptively modulated during locomotion by muscle and skin afferents in a manner that
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depends upon the phase and speed of locomotion [191, 190], reminiscent of the phase and

speed dependency we observed. Remarkably, even the basic motor program for stepping

over obstacles may be present in the spinal cord, as shown by studies of spinalized cats [192,

193]. Projections from brainstem vestibular nuclei are also known to drive contextually ap-

propriate corrective modi�cations during locomotion [194, 195]. Similarly here, hindbrain

pathways may transmit descending whisker signals that are integrated with information

about the state of the body within spinal circuits. The decision-making process would thus

be de�ned by feedback rules governing the relationship between whisker sensory input,

body state, and subsequent locomotor modi�cations.

2.4 Acknowledgements

We thank Tanya Tabachnik for advice on the design of the KineMouse Wheel and the

behavioral apparatus; Chris Rodgers and Avner Wallach for advice on the design of the

behavioral apparatus; and Caroline Yu for materials and advice used in the construction of

the KineMouse Wheel.

Support was provided by: NIH/NICHD predoctoral fellowship F31DC016816 (RAW);

NIH/NINDS R01 NS094659 (RMB); NIH F32 NS084768 (YKH); and Irma T Hirschl Trust

(NBS).

2.5 Author Contributions

RW and NS conceived of the behavioral paradigm. RW developed the behavioral appa-

ratus (hardware and software), analyzed data, and created �gures. RW and QZ conducted

behavioral experiments and performed motor cortex manipulations. JH and QZ prepared

histology and conducted histological analysis. EL developed paw and whisker contact algo-

rithms. KH performed barrel cortex lesions. RW wrote the initial draft of the paper. RW and

NS wrote the �nal draft together. KH and RB provided guidance on experimental design

42



and feedback on the manuscript.

2.6 Methods

2.6.1 Animals

All experimental protocols were approved by the Columbia University Institutional Ani-

mal Care and Use Committee. Adult male wild-type mice (C57BL/6) aged >8 weeks postna-

tal were used for all experiments. Mice were purchased from Taconic Biosciences (Hudson,

NY) and housed in an on-site animal facility on a 12-hour light-dark cycle. Experiments

occurred during the light cycle.

2.6.2 Surgery

Mice received subcutaneous injections of sustained release buprenorphine (0.75mg/kg)

the morning of surgery. Mice were subsequently anesthetized with iso�urane (1.5–2%) and

placed in a stereotaxic frame. The skull was exposed and a custom steel headplate (5 x 25 x

1mm) was attached to the skull with dental cement such that the surface of the headplate

was parallel with the horizontal plane connecting bregma and lambda. Mice recovered for 3

days before experiments began.

2.6.3 Behavioral paradigm and training

Four days after surgery mice began water deprivation and habituation to head �xation

on the running wheel. Mice were head �xed on the wheel once daily for » 30 minutes and

were rewarded with drops of water for moving forward on the wheel. On the �rst day 0.1-0.3

meters of forward movement was rewarded. This amount was increased over » 6 days to 5.4

meters (9 wheel rotations), which took » 5-9 days. The position of the head was sometimes

�xed further down (ventral) or back (posterior) to encourage running early in training. The

head position was gradually adjusted ( » 1-2mm per day) until it reached a standard position
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that was the same for all mice.

Obstacle training then began. Three obstacles were introduced between every reward

(Figure 2.S1A). The movement of the obstacle was matched to the movement of the wheel

to simulate moving towards a stationary object. The three obstacles started moving 0.9,

2.7, and 4.5 meters after the previous reward, but the positions were jittered ±100 mm

(uniformly sampled on this internal) to prevent mice from memorizing the position at which

the obstacles arrive. Obstacles were 0.28 m away from the mouse when they started moving;

this distance was jittered ±15 mm (uniformly sampled on this internal). The height of the

obstacle (the vertical distance between the highest point on the wheel and the highest point

of the obstacle) was randomized uniformly across trials between 4 and 10 mm. The behavior

occurred in darkness other than a light emitted from the inside of the obstacle that was

engaged in a random 50% of trials unless otherwise stated.

To encourage mice to step over (rather than on) the obstacle, it was equipped with a

capacitive touch sensor that detected when mice grabbed it. Grabbing the obstacle triggered

a white noise auditory stimulus and engagement of a solenoid break that prevented the

wheel from moving. Mice were trained daily with obstacles for » 1-2 weeks until performance

stabilized, at which point wheel breaks were rarely triggered ( » 3% of trials). Experiments

then began. Mice unable to run quickly on the wheel (> .3 m/s after » 2 weeks of training)

were excluded from all experiments ( » 15% of mice).

2.6.4 Behavioral apparatus

KineMouse Wheel

We designed a lightweight ( » 100g) running wheel with a transparent �oor and mirror

mounted inside that allows simultaneous imaging of the side and bottom of the mouse with

a single camera [64]. The wheel consists of a thin polycarbonate �oor into which slits are

waterjet cut to increase traction and reduce weight. The wheel has lightweight, custom alu-

minum spokes on one side, and a laser-cut mirror mounted on the other side at 45 degrees.
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Wheel motion is captured with an optical rotary encoder.

Motorized Obstacles

We developed a custom apparatus for controlling obstacles. The obstacle was constructed

from a 1
8 inch transparent acrylic rod with white LEDs mounted on either side. The LEDs

pointed inside the rod such that light emitted from the surface of the rod when engaged.

The side of the obstacle facing away from the mice was coated in copper that served as an

electrode for the capacitive touch sensor. The vertical position of the obstacle was set with

a linear DC servomotor (Micromo LM0830-015-01) and was controlled with custom Arduino

software.

The movement of the obstacle was controlled with a custom belt driven linear motion

system. The obstacle was attached to a platform whose movement was driven by a stepper

motor. When the obstacle became engaged, the horizontal movement of the obstacle was

matched to the movement of the wheel using custom Arduino software. After the obstacle

passed beyond the wheel, it was rotated 90 degrees (using an additional servo motor) and

returned to the home position, where it remained before becoming engaged again. The

starting distance of the obstacle was approximately 28 cm from the mouse's nose.

Imaging and data collection

Videos of running and whisking were collected at 250 frames per second using Point Grey

Grasshopper (GS3-U3-23S6M-C) and Chameleon (CM3-U3-13Y3M) cameras, respectively.

All videos were collected in the dark using infrared illumination. Both cameras were posi-

tioned at a large distance ( » 1.1m) from the wheel to minimize perspective distortion. Data

from all sensors and actuators were recorded with a CED Micro 1401 data acquisition unit.

Frame acquisition in both cameras was triggered by TTLs that were also recorded in the

1401, allowing frames to be temporally registered with other data. Frames and metadata

from both cameras were acquired using Bonsai acquisition software [70].
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2.6.5 Histology

After the �nal session, mice were anesthetized with ketamine/xylazine and perfused

with 4% paraformaldehyde. Brains were sectioned at 100 ¹ m using a cryostat and stained

with DAPI. Cortical lesion sizes and locations were determined by tracing lesion boundaries

in ImageJ [196] and plotting them on a schematic of the mouse brain using custom MATLAB

software.

2.6.6 Muscimol inactivation

After training mice to perform the task, a » 0.5 mm diameter craniotomy was performed

unilaterally over the left or right forelimb motor cortex (1.5 mm lateral, 0.25 mm anterior

of bregma) while mice were anesthetized with iso�urane gas. Craniotomies were covered

with Kwik-Sil (World Precision Instruments). After 1-2 days of additional training, mice

were placed on the wheel while 74 ¹ L total volume of either muscimol (5 ¹ g/¹ L in saline)

or saline was injected at depths of 400 and 700 microns beneath the surface of the brain

using a Nanoject II (Drummond). Mice were taken off the wheel for 20 minutes before

the behavioral session commenced. Each mouse received two alternating sessions each of

muscimol and saline, with the order counterbalanced across mice. The two sessions for each

condition were pooled for all analyses.

2.6.7 Cortical lesions and barrel �eld mapping

Barrel Cortex

For barrel cortex lesion experiments mice performed the task in complete darkness with

whiskers remaining on only one side of the face (Figure 2.S2D-E). This allowed comparison

between lesions contralateral and ipsilateral to the remaining whiskers. Since barrel cortex

receives information from contralateral whiskers, the ipsilateral lesions served as a control

for non-speci�c effects. Mice received either ipsi- followed by contralateral lesions ( n = 3),

46



contra- followed by ipsilateral lesions ( n = 1), or contralateral lesions only ( n = 4). For mice

that received lesions on both sides of the brain, performance was assessed for at least 6 days

after the �rst lesion before the second lesion was performed. Performance was assessed for

at least 6 days after the �nal lesion before trimming all remaining whiskers. Ipsilateral

lesions alone had a small impact on success rates that recovered by the second session post-

lesion (Figure 2.S4B); we therefore focused our analysis on pooled contralateral and bilateral

lesions.

To avoid damage to nearby somatosensory areas, lesions were targeted by mapping the

barrel locations. Barrel �eld mapping was always conducted on the side of the brain con-

tralateral to the remaining whiskers, and ipsilateral lesions were targeted to the same re-

gion on the opposite side of the brain. Intrinsic signal optical imaging of barrel cortex was

performed as previously described [42]. Brie�y, head-�xed mice were lightly anesthetized

with iso�urane while responses to whisker de�ection were imaged with a 590 nm long-pass

�ltered illumination through a thinned skull over barrel cortex. Whiskers were individually

de�ected with a piezo stimulator at 5 Hz and the corresponding active region was marked

using the surface vasculature as a reference. In some cases the barrels were instead mapped

electrophysiologically in iso�urane-anesthetized mice. A » 1 mm diameter craniotomy was

made around 1.5 mm posterior and 3.2 mm lateral to Bregma. Glass pipettes (3-4 MOhm)

were �lled with arti�cial cerebrospinal �uid (ACSF) and inserted into the craniotomy at 350-

550 ¹ m below the pial surface. Individual whiskers were manually de�ected using a glass

Pasteur pipette while ampli�ed and band-pass �ltered (0.3-10 kHz) signals were played on

an audio monitor to determine the responsive barrel in cortex.

Lesions were performed in trained animals under iso�urane. To avoid damage to other

somatosensory areas outside of the barrel �elds, the medial barrel �eld was carefully mapped

(± and E-row) to delineate the barrel �eld boundaries. A 2-3 mm craniotomy was made ac-

cording to the mapped barrel �elds, and cortical tissue was aspirated using a blunt-tipped

needle connected to a vacuum.
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Motor Cortex

Motor cortex lesions were stereotactically targeted to the forelimb motor cortex. After

the muscimol experiments described above, the same mice were trained for at least two

days without manipulation. A » 2 mm diameter unilateral lesion was then performed over

the forelimb motor cortex (centered at the location of the previous muscimol injection: 1.5

mm lateral, 0.25 mm anterior of bregma). Cortical tissue was aspirated using a blunt-tipped

needle connected to a vacuum. Mice were given 200-400 ¹ l of water during recovery before

testing the following day for both motor and barrel cortex lesions.

2.6.8 Behavioral tracking

We used the Kinemouse Wheel [64] to capture two orthogonal views of the mouse simul-

taneously at 250 Hz. We trained a single DeepLabCut network [87, 91] to track the positions

of body parts and the obstacle in both views, and then stitched the tracking together to re-

construct the body pose in three dimensions. In both the top and bottom view we tracked all

four paws, the base of the tail, the middle of the tail, the nose, and the obstacle.

We initially trained the model on » 200 frames that were labeled using a custom MAT-

LAB GUI. We then manually identi�ed frames with erroneous tracking, corrected these

frames, included them in an expanded training set, and re-trained the model. This process

was repeated until the model was highly accurate and the training set consisted of » 1000

images. The �nal model's average error was 1.02 pixels (0.27mm) on the training set and

2.29 pixels (0.60 mm) on the test set.

To further enhance tracking performance we (1) removed low con�dence tracked loca-

tions (those beneath a threshold of 0.99), (2) removed tracking when features violated a

velocity constraint (i.e. when a feature jumped a large distance in adjacent frames), (3)

applied temporal median �ltering with a window size of 3 frames, (4) removed tracking

when the x position of a feature in the top view was not close to that of the same feature

in the bottom view (the x values of the same feature should approximately match because
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this dimension is shared in the two views), and (5) interpolated the small number of missing

values.

To allow direct comparison with freely moving mice we analyzed kinematics in “un-

head-�xed” coordinates by subtracting the displacement of the wheel (as determined by

a high-resolution rotary encoder [U.S. Digital S5-720-250-IE-S-B]) from the kinematic mea-

surements. After this transformation the position of the obstacle is constant, whereas the

mouse moves forward in space.

2.6.9 Paw contact analysis

Overview

To detect different types of paw contacts with the obstacle, we built a custom convolu-

tional neural network (CNN) tool using Python and fastai [197] (Figure 2.S1F-H). First,

frames were center cropped around the obstacle in the top view. A ResNet [90] based CNN

classi�ed each subframe as either: no touch, forepaw dorsal touch, forepaw ventral touch,

hindpaw dorsal touch, hindpaw ventral (low) touch, or hindpaw ventral (high) touch (Figure

2.S1).

Image Preprocessing

Images were normalized by statistics �tted on ImageNet [89] (channel-speci�c means:

[0.485, 0.456, 0.406], standard deviation: [0.229, 0.224, 0.225]).

Labeling

Training data were labeled by 3 people using a custom MATLAB GUI. Approximately

30% of trials in 15 sessions were labeled, only including frames when the obstacle is visible.

Labelers classi�ed each frame according to the groups listed above.
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Network training

The paw contact network was trained using a transfer learning approach on ResNeXt50

[198] pre-trained on ImageNet. A total of 87,239 training frames were used, split into 80%

training and 20% validation sets. Data augmentation was performed during training, in-

cluding random rotation within 10 degrees and lighting changes up to 5%. Training was

completed in stages, beginning with scaled-down images of size 42x42, then 84x84, and

ending with the full 168x168 images. Categorical cross-entropy loss with class weights was

used. Class weights were computed based on the number of training examples per class

to compensate for uneven class sizes. The paw contact classi�er performed with an overall

accuracy of 94.3%, an F1 score of 95%, precision of 96%, and recall of 94% (Figure 2.S1H).

Implementation

For each session, cropped images surrounding the obstacle were extracted and processed

with the paw contact network. To increase accuracy, test time augmentation was used,

wherein four differently augmented versions of each frame were inferenced. Final analysis

results were the average of all augmented frame predictions.

The network distinguishes between fore and hind paws, but not left and right paws. To

address this, we used DeepLabCut tracking results to determine which paw (left vs. right)

was close to the obstacle at each contact frame. For all subsequent analyses, the hindpaw

ventral (high) touch class was not used.

Success determination

Successful trials were those in which there was · 20 ms of paw contact with the obstacle.

When determining the success of individual paws (e.g. Figure 2.S5A), successful trials were

those in which there was no contact with the obstacle.
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2.6.10 Whisker contact analysis

Overview

We built a custom CNN-based whisker contact algorithm using Python and Keras [199]

(Figure 2.S1I-K). Whisker contacts were determined using a high-speed camera focused on

the whiskers (Figure 2.1A-C). A combination of LEAP [84] and a custom shallow CNN was

used to determine the �rst moment of whisker contact in each trial (Figure 2.S1I-K). First,

LEAP identi�ed the obstacle in the whisker camera. Images cropped around the obstacle

were then evaluated on contiguous sequences of 10 frames in sliding windows. For each

sequence, a shallow CNN-based network classi�ed the frame within the sequence at which

whisker contact �rst occurred.

Model Description

The location of the obstacle was determined using LEAP. Images were cropped to 200x200

pixels around the obstacle and then down sampled to 100x100 pixels. The whisker contact

network uses a shallow CNN to generate a 5408-dimensional feature vector for each of the

ten contiguous frames (with the same network processing each frame in parallel). These

vectors are concatenated and fed into a 2-layer fully connected network, which outputs a

probability that each frame is the frame of �rst whisker contact. This analysis is performed

in sliding windows across a trial, and the whisker contact frame is determined via consensus

across the sliding windows (see below).

The shallow CNN in the whisker contact network is composed of the following layers: 7x7

kernel convolution, 32 �lters, 2x2 stride, same padding; 3x3 kernel convolution, 32 �lters,

1x1 stride, same padding; 2x2 kernel max pooling, 2x2 stride, same padding; 3x3 kernel con-

volution, 32 �lters, 1x1 stride, same padding; and �attening (Figure 2.S1J). All activations

are ReLU. The �nal fully connected network is composed of two layers: a 64-neuron hidden

layer with ReLU activation, and a 10-neuron output layer with softmax activation.
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Labelling

A custom Python GUI was used to label the �rst frame of whisker contact in » 30%

trials from 13 sessions. Training images were then exported for each trial only for frames

where the obstacle is visible. This yielded 44,740 training frames, which were split into 80%

training and 20% validation sets.

Training

The whisker contact network, consisting of both the shallow CNN and the 2 fully con-

nected layers, was trained end-to-end. Inputs were given as 10 consecutive frames. Ground

truth labels were encoded as 11-dimensional one-hot vectors. If the frame of �rst contact

was present in the 10 frames, the relative position (1-10) would be set to 1. If the frame of

�rst contact was not present, the 11th position was set to 1. Although the shallow CNN is

used to process all ten frames in parallel, the weights are shared across all instances and

are trained simultaneously.

Training was conducted with a batch size of 32 for 25 epochs using the Adam optimizer

[200] with a learning rate of 0.001. Categorical cross-entropy loss was used, with class

weighting based on the number of training examples per class to compensate for uneven

class sizes. Data augmentation was also applied, including vertical/horizontal translation

(· 10 pixels), zoom (· 10%), and rotation ( · 10°).

Contact time predictions on the test set had a mean error of -6.6 ms (-1.6 frames at

250 fps) and a standard deviation of 14.3 ms, with negative errors corresponding to early

predictions. Train and test error distributions match well, implying good generalization

(Figure 2.S1K).

Implementation

Sessions were analyzed trial-by-trial. Only frames where the obstacle was close to the

mouse were included. Each frame is �rst passed through the shallow CNN to extract fea-
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tures. Next, the 2-layer fully connected network is slid across all applicable frames with

stride of 1. A running total of the number of times each frame is determined to be the �rst

contact frame is kept. The frame that is selected the maximum number of times is chosen

as the frame of �rst contact.

2.6.11 Whisker trimming experiment

In a subset of mice ( n = 4) we assessed performance as whiskers were gradually trimmed

(Figure 2.S2D). There were 6 conditions, beginning with all whiskers intact and ending

with only the ± whisker remaining on one side (depicted in Figure 2.S2D). Speci�cally, mice

were �rst tested with (1) all whiskers intact; then (2) all whiskers trimmed on one side of

the face; then (3) all but columns A-E, rows 1-3, ° , and ± trimmed; then (4) columns A-C

additionally trimmed; then (5) column D additionally trimmed; and �nally (6) only the ±

whisker remaining. Performance was assessed for a minimum of 3 days in each condition

before proceeding to the next condition.

2.6.12 Locomotion analysis

Stance determination

Paws were determined to be in stance when the vertical position of the paw was close to

the wheel and the horizontal velocity matched that of the wheel. Speci�cally, for each paw

stance was de�ned as frames were the horizontal velocity was within 0.2 m/s of the wheel

velocity, and the vertical position was within 5 mm of the wheel surface. A 20 ms median

�lter was then applied to debounce the signal for each paw.

Control steps

For each paw in each trial, control steps were de�ned as the two latest steps that oc-

curred prior to whisker contact with the obstacle.
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Time to contact estimation

We estimated the amount of time from whisker contact until a paw would intercept

the obstacle if no modi�cations were made (Figure 2.S3A). For each trial, we measured

the most anterior x position across all paws for each frame. For the 100 frames preceding

whisker contact (400 ms), we performed a linear �t for this signal as a function of time, then

estimated the time at which the position would intercept that of the obstacle.

2.6.13 Decision-making analysis

All decision-making analyses focus on the forepaw that is in swing at whisker contact.

Because the forepaws are typically out of phase with one another (Figure 2.1H), there is

usually a single forepaw in swing at whisker contact. However, on some trials both forepaws

were in swing, or both were in stance. These trials were excluded from all decision-making

analyses.

Predicted landing distance

For each trial we estimated where the forepaw in swing at whisker contact would have

landed if no modi�cations were made. The length of steps are highly correlated with running

speed [66] (r = 0.84 ± 0.01; mean ± SEM for the wheel speed - forepaw length correlations

across 53 sessions [n = 20 mice; 2-4 sessions per mouse]), which allowed us to predicted

where the paw would have landed based on the wheel velocity. For each session we built a

linear model for each paw that predicts step length based on running speed. To train the

model we used the control steps immediately preceding whisker contact. We predicted the

forepaw landing position for control steps with 5.5 ± 0.11 mm mean absolute error (mean

± SEM for 53 sessions [ n = 20 mice]). Finally, we used this model to predict where the

forepaw in swing at whisker contact would have landed based on the wheel speed and the

lift-off position for this paw.

For sessions in which whiskers were fully trimmed we estimated the moment at which
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contact would have occurred if whiskers were present; this estimate was used to identify

the forepaw in swing at “whisker contact” for subsequent analyses. Relying on a modest

correlation ( r = 0.27) between whisker contact position and running speed, we built linear

models relating trial running speed to whisker contact position for each mouse for sessions

in which the whiskers were present. These models were used to approximate the times at

which whisker contact would have occurred in sessions with no whiskers.

Behavior modelling

We built logistic GLMs to predict whether the forepaw in swing at whisker contact was

lengthened or shortened relative to the predicted landing distance. We measured 8 features

at the moment of whisker contact that served as inputs to the model: the vertical and

horizontal position of the obstacle, the vertical and horizontal position and velocity of the

forepaw in swing at contact, wheel velocity, and body angle. To focus on trials where mod-

i�cations were made, we discarded those in which the paw landed in front of the obstacle

and within ±2.5 mm of the predicted landing position. Steps over the obstacle require modi-

�cations in the vertical trajectory (Figure 2.1) and were therefore considered to be modi�ed

regardless of landing position. Heatmaps (e.g. Figure 2.3F) and kinematic overlays (e.g. Fig-

ure 2.3G) included trials with and without modi�cations to display the overall distribution

of landing positions unless otherwise stated.

For each mouse we built one model per experimental condition, with trials pooled across

sessions within a condition (e.g. one model for all muscimol sessions per mouse and another

for all saline sessions per mouse). For each model we performed 15-fold cross validation.

The accuracy of the model was taken to be the average accuracy across the 15 models. We

weighted trials to compensate for uneven classes sizes. A �nal model trained on all data was

evaluated on shuf�ed targets to establish baseline performance, which hovered around 50%,

as expected. We also compared performance to fully connected arti�cial neural networks

with a single hidden layer (100 units), but these models did not perform better than the
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GLMs.

Forward feature selection

To determine which features to include in the models we gradually added them based

on their ability to improve the models' accuracy. Starting with single predictors, we trained

models and assessed their accuracy after adding each of the remaining predictors one at a

time. The predictor that caused the greatest average (across mice) increase in accuracy was

then included in the model. This process was repeated until all predictors were exhausted.

All eight predictors were included in all subsequent models.

2.6.14 Statistics

All statistical comparisons are paired t-tests, with statistical signi�cance is denoted as

* p < 0.05, ** p < 0.01, and *** p < 0.001. To validate the use parametric statistics, we used

Kolmogorov-Smirnov tests to check distribution normality for paw heights, success rates,

wheel velocity, body angle, tail height, the landing distance of the paw in swing at contact,

model accuracies, and the variability of the trailing forepaw landing distance. We performed

these tests on the baseline data collected for the 20 mice included in Figure 2.1 and 3. We

failed to reject the null hypothesis that the data are normally distributed for all measures.
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