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Abstract.	 Current	 models	 of	 motor	 learning	 suggest	 that	 multiple	 timescales	 support	26	

adaptation	to	changes	in	visual	or	mechanical	properties	of	the	environment.	These	models	capture	27	

patterns	of	 learning	and	memory	across	a	broad	range	of	 tasks,	yet	do	not	consider	 the	possibility	28	

that	rapid	changes	in	behaviour	may	occur	without	adaptation.	 	Such	changes	in	behaviour	may	be	29	

desirable	when	facing	transient	disturbances,	or	when	unpredictable	changes	in	visual	or	mechanical	30	

properties	 of	 the	 task	 make	 it	 difficult	 to	 form	 an	 accurate	 model	 of	 the	 perturbation.	 Whether	31	

humans	 can	 modulate	 control	 strategies	 without	 an	 accurate	 model	 of	 the	 perturbation	 remains	32	

unknown.	 Here	 we	 frame	 this	 question	 in	 the	 context	 of	 robust	 control	 (ℋ"-control),	 a	 control	33	

strategy	that	specifically	considers	unpredictable	disturbances	by	increasing	initial	movement	speed	34	

and	feedback	gains.	Correspondingly,	we	demonstrate	in	two	human	reaching	experiments	including	35	

males	 and	 females	 that	 the	occurrence	of	 a	 single	unpredictable	disturbance	 led	 to	an	 increase	 in	36	

movement	 speed	 and	 in	 the	 gain	 of	 rapid	 feedback	 responses	 to	 mechanical	 disturbances	 on	37	

subsequent	 movements.	 This	 strategy	 reduced	 perturbation-related	 motion	 irrespective	 of	 the	38	

direction	 of	 the	 perturbation.	 Furthermore,	 we	 found	 that	 changes	 in	 the	 control	 strategy	 were	39	

associated	with	 co-contraction,	which	 amplified	 the	 gain	 of	muscle	 responses	 to	 both	 lengthening	40	

and	 shortening	 perturbations.	 These	 results	 have	 important	 implications	 for	 studies	 on	 motor	41	

adaptation	 as	 they	 highlight	 that	 trial-by-trial	 changes	 in	 limb	 motion	 also	 reflected	 changes	 in	42	

control	strategies	dissociable	from	error-based	adaptation.	43	

	44	

Significance	Statement	45	

	 Humans	and	animals	use	 internal	 representations	of	movement	dynamics	 to	anticipate	 the	46	

impact	 of	 predictable	 disturbances.	 However,	 we	 are	 often	 confronted	 with	 transient	 or	47	

unpredictable	disturbances,	and	it	remains	unknown	whether	and	how	the	nervous	system	handles	48	

these	 disturbances	 over	 fast	 time	 scales.	 Here	 we	 hypothesized	 that	 humans	 can	 modulate	 their	49	

control	 strategy	 to	 make	 reaching	 movements	 less	 sensitive	 to	 perturbations.	 We	 tested	 this	50	

hypothesis	in	the	framework	of	robust	control,	and	found	changes	in	movement	speed	and	feedback	51	
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gains	 consistent	with	 the	model	 predictions.	 These	 changes	 impacted	participants’	 behaviour	on	 a	52	

trial-by-trial	basis.	We	conclude	that	compensation	for	disturbances	over	fast	time	scales	involves	a	53	

robust	control	strategy,	which	potentially	plays	a	key	role	in	motor	planning	and	execution.		54	

	55	

Keywords:	Motor	Adaptation,	Reaching	Control,	Optimal	Feedback	Control,	Robust	Control	56	

	57	
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Introduction	58	

	 Humans	 and	 other	 animals	 use	 internal	 representations	 of	 movement	 dynamics,	 called	59	

internal	 models,	 to	 shape	 motor	 commands	 in	 anticipation	 of	 their	 interactions	 with	 the	60	

environment.	 The	update	of	 these	 internal	 representations	with	practice	 contributes	 to	 the	neural	61	

basis	of	motor	learning	and	adaptation	(Shadmehr	et	al.,	2010;	Wolpert	et	al.,	2011).	Indeed,	several	62	

classic	studies	have	shown	that	when	exposed	to	novel	movement	dynamics,	the	resulting	errors	in	63	

internal	models	produce	movement	deviations.	These	movement	deviations	elicit	systematic	model	64	

updates	 through	 a	 reorganization	 of	motor	 planning	 that	 is	 based	 on	 sensory	 feedback	 about	 the	65	

perturbed	 movement	 (Thoroughman	 and	 Shadmehr,	 2000;	 Hwang	 et	 al.,	 2003).	 This	 powerful	66	

approach	 has	 captured	many	 aspects	 of	motor	 learning,	 including	 its	 dependency	 upon	 statistical	67	

properties	of	disturbances	(Singh	and	Scott,	2003),	and	the	dynamics	of	learning	across	trials	(Smith	68	

et	al.,	2006;	Kording	et	al.,	2007;	Gonzalez	Castro	et	al.,	2014).	69	

	 Less	 attention	 has	 been	 dedicated	 to	 understanding	 how	 humans	 control	 their	 reaching	70	

movements	when	their	internal	models	are	inaccurate	or	difficult	to	acquire,	as	arises	due	to	partial	71	

or	 incomplete	 adaptation	 to	 the	 environmental	 dynamics,	 or	 due	 to	 transient	 and	 unpredictable	72	

disturbances.	Here	we	question	whether	 there	 is	a	neural	 control	 strategy	 that	allows	 the	nervous	73	

system	 to	 mitigate	 motor	 errors	 in	 situations	 where	 there	 is	 no	 model	 of	 the	 encountered	74	

disturbance	available.	The	presence	of	such	a	strategy	would	impact	our	understanding	of	the	neural	75	

bases	and	timescales	of	motor	adaptation.		76	

It	has	been	 suggested	 (Shadmehr	and	Mussa-Ivaldi,	1994;	Burdet	et	al.,	 2001;	Wagner	and	77	

Smith,	 2008)	 that	 the	 limb’s	 intrinsic	 mechanical	 impedance	 counters	 deviations	 induced	 by	78	

inaccurate	 internal	models.	However,	common	techniques	substantially	overestimate	 the	 influence	79	

of	 limb	 impedance	(Crevecoeur	and	Scott,	2014),	as	 they	 incorporate	 the	 influence	of	not	only	 the	80	

limb,	but	also	of	neural	feedback	(Burdet	et	al.,	2000).		81	

Stochastic	 optimal	 feedback	 control	 (LQG)	 was	 introduced	 as	 a	 model	 of	 neural	 feedback	82	

control	 (Todorov	and	 Jordan,	2002).	Although	 this	model	handles	 sensorimotor	noise	efficiently,	 it	83	
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does	not	consider	possible	unmodelled	disturbances.	An	alternative	strategy	 is	robust	control	 (ℋ"-84	

control)	(Basar	and	Bernhard,	1991),	which	can	be	defined	as	a	model-free	control	design	that	is	as	85	

insensitive	 to	model	errors	as	possible.	We	 refer	 to	 this	 strategy	as	a	 “model-free”	 strategy	 in	 the	86	

sense	 that	 it	 does	 not	 require	 knowledge	 of	 potential	 disturbances,	 and	 thus	 it	 is	 suitable	 for	87	

unmodelled	perturbations.	Model-free	control	has	also	been	reported	as	a	 form	of	adaptation	 in	a	88	

visuomotor	 rotation	 task	 (Huang	 et	 al.,	 2011),	 where	 actions	 were	 reinforced	 because	 they	 were	89	

successful.	The	parallel	with	robust	control	is	that	actions	or	strategies	may	thus	be	selected	without	90	

a	precise	model	of	the	environment.		91	

Robust	and	LQG	are	 two	optimal	 solutions	based	on	different	assumptions	about	potential	92	

disturbances.	 In	 practice	 there	 is	 a	 continuum	 of	 control	 solutions,	 and	 the	 two	 can	 overlap	with	93	

different	sets	of	cost	parameters.	Our	goal	was	not	to	demonstrate	whether	one	control	model	fitted	94	

behaviour	 better	 than	 the	 other.	 Instead	we	 examined	 how	motor	 patterns	were	 altered	when	 a	95	

control	 strategy	 considered	 unmodelled	 disturbances,	without	 any	 change	 in	 task	 demand.	 This	 is	96	

particularly	 important	 for	motor	 adaptation	 studies,	 as	 a	 common	 assumption	 is	 that	 trial-to-trial	97	

changes	 in	 limb	motion	reflect	adaptation	of	 the	 internal	models	of	movement	dynamics.	Here	we	98	

investigated	whether	trial-to-trial	changes	in	limb	motion	may	include	a	change	in	control	strategy.		99	

	 We	characterize	a	robust	control	design	that	predicts	an	increase	in	control	gains	for	planar	100	

reaching	 movements.	 We	 then	 show	 that	 following	 a	 single	 perturbation	 trial,	 healthy	 humans	101	

increased	 the	 speed	 of	 their	 movements	 and	 the	 amplitude	 of	 their	 feedback	 responses	 to	102	

perturbations	in	a	way	that	was	consistent	with	the	simulations	of	robust	control.	Interestingly,	the	103	

changes	in	control	strategy	correlated	with	co-contraction,	which	produced	a	transient	amplification	104	

of	fast	feedback	responses	to	perturbation	loads.	Together	our	results	highlighted	a	rapid	and	model-105	

free	compensation	for	unexpected	disturbances	that	impacts	learning	and	control.		 	106	
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Materials	and	Methods	107	

Experimental	Procedures	108	

A	total	of	23	healthy	volunteers	(11	females,	between	19	and	45yrs)	participated	in	this	study	109	

after	 providing	 written	 informed	 consent	 and	 following	 procedures	 approved	 by	 the	 Ethics	110	

Committee	at	the	host	institution	(UCLouvain,	Belgium).	111	

Movements	consisted	of	15cm	forward	reaches	towards	visual	targets.	In	both	experiments,	112	

the	 visual	 display,	 task	 instructions	 and	 temporal	 constraints	 were	 as	 follows.	 Participants	 were	113	

instructed	 to	 grasp	 a	 robotic	 handle	 and	move	 a	 hand-aligned	 cursor	 to	 the	 home	 target	 (radius	114	

0.6cm).	The	home	target	was	initially	red	but	turned	green	when	the	participant’s	cursor	entered	the	115	

target.	The	goal	target	was	presented	as	an	open	red	circle	(radius:	1.2cm)	located	15-cm	directly	in	116	

front	of	the	start	position.	After	a	random	delay	following	stabilisation	in	the	home	target	(between	117	

2s	and	4s,	uniformly	distributed),	the	goal	target	filled	in	and	provided	a	‘go	signal’	for	participants	to	118	

begin	their	movement.	If	participants	reached	the	goal	target	in	less	than	0.6s	following	the	go	cue,	119	

the	 target	 turned	 back	 to	 an	 open	 circle	 to	 indicate	 that	 they	 reached	 it	 too	 soon.	 When	 they	120	

reached	the	goal	target	after	more	than	0.8s,	the	target	remained	red	indicating	that	they	took	too	121	

long.	The	goal	target	turned	green	when	participants	reached	it	within	the	prescribed	time	window	122	

(0.6s	to	0.8s).	The	trial	was	considered	successful	 if	the	hand-aligned	cursor	remained	stable	in	this	123	

target	 for	 1s.	 There	were	 no	 constraints	 on	movement	 speed,	 only	 the	 arrival	 time,	 including	 the	124	

reaction	time,	was	constrained.	These	instructions	were	used	to	maintain	similar	movement	speeds	125	

but	 all	 trials	 were	 included	 in	 the	 dataset.	 The	 two	 experiments	 used	 the	 same	 protocol	 in	 the	126	

variants	described	below.	Hereafter,	baseline	trials	refer	to	trials	performed	in	the	null	field,	without	127	

any	perturbation	applied	during	movement.			128	

Experiment	1.	Participants	(n=10)	first	performed	a	practice	series	of	10	to	20	trials	in	the	null	129	

field	 dependent	 on	 whether	 they	 felt	 comfortable	 with	 the	 task	 and	 instructions.	 They	 then	130	

performed	 25	 baseline	 trials	without	 any	 perturbation	 (null	 field).	 Participants	were	 explicitly	 told	131	

they	 would	 not	 encounter	 any	 disturbance	 during	 movement.	 These	 trials	 correspond	 to	 a	 “pre-132	
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exposure”	phase	prior	to	the	trials	with	uncertainty	about	the	task	dynamics.	Then,	they	performed	a	133	

series	of	6	blocks	of	60	trials	composed	of	50	null	field	trials	and	10	trials	where	curl	force	fields	were	134	

randomly	interleaved	as	catch	trials	(5	clockwise,	CW,	and	5	counter	clockwise,	CCW).	These	6	blocks	135	

corresponded	 to	 a	 ‘peri-exposure’	 phase	 where	 the	 dynamics	 were	 unpredictable	 and	 varied	136	

randomly	 from	trial	 to	 trial.	During	 this	phase,	participants	were	 told	 that	 the	 robot	could	perturb	137	

their	movements.	Finally	they	performed	another	25	null	field	trials	(“post-exposure”),	and	were	told	138	

that	 there	 would	 not	 be	 any	 perturbation	 applied	 during	 movements.	 Thus,	 the	 pre-	 and	 post-139	

exposure	phases	were	similar	in	the	sense	that	there	was	no	uncertainty	about	the	task	dynamics.		140	

The	force	field	applied	during	peri-exposure	was	a	standard	curl	force	field	where	movement	141	

velocities	were	mapped	onto	a	perturbation	force	as	follows:	142	

𝐹$
𝐹%

= 0 𝐿
−𝐿 0

𝑥
𝑦 ,	 	 	 	 	 	 	 (1)	143	

where	the	𝑥	and	𝑦	coordinates	correspond	to	lateral	and	forward	axes	relative	to	the	reach	path,	𝐹$,%	144	

are	the	force	components	along	each	axis	and	the	dots	indicate	time	derivatives.	The	value	of	𝐿	was	145	

15Ns/m	for	CW	and	-15Ns/m	for	CCW	perturbations.		146	

Experiment	 2.	 This	 experiment	 was	 designed	 to	 study	 feedback	 responses	 to	 step	147	

perturbations	 and	 gain	 insight	 into	 the	 neurophysiological	 basis	 of	 changes	 in	 control	 strategies	148	

(Scott,	2016).	The	step	perturbations	consisted	of	a	rightward	or	leftward	constant	load	(12N,	10ms	149	

linear	build-up)	applied	when	the	hand	path	crossed	a	virtual	line	corresponding	to	one	third	of	the	150	

reach	 path.	 The	 step	 perturbations	 were	 always	 applied	 during	 null	 field	 trials.	 Participants	 first	151	

reached	 in	a	null	 field	 (baseline)	with	randomly	 interleaved	step	perturbations	 (two	blocks	with	10	152	

leftward,	10	rightward	and	40	null	field	trials	per	block),	followed	by	four	blocks	with	null	field	trials	153	

(30	per	block),	step	perturbations	(5	per	direction),	curl	fields	(Eqn.	1),	and	orthogonal	fields	defined	154	

as	follows	(5	per	direction	for	each	FF,	𝐿	 = 	±13	Ns/m):	155	

𝐹$
𝐹%

= 0 𝐿
0 0

𝑥
𝑦 .	 	 	 	 	 	 	 (2)	156	
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The	peri-exposure	phase	was	then	followed	by	two	post-exposure	blocks	that	consisted	of	null-field	157	

trials	and	step-perturbations	similar	 to	 the	pre-exposure	phase.	We	reasoned	 that	 the	presence	of	158	

orthogonal	and	curl	fields	would	 increase	uncertainty	about	the	dynamics	during	the	peri-exposure	159	

phase	 compared	 to	 Experiment	 1.	 However,	 as	 noted	 in	 the	 Results,	 participant	 behaviour	 in	160	

Experiment	2	was	distinct	and	the	analyses	were	based	on	a	classification	of	 trials	 into	one	of	 two	161	

groups	that	depended	on	the	number	of	preceding	baseline	trials.	The	median	number	of	baseline	162	

trials	that	preceded	each	step	perturbation	or	unperturbed	trial	was	calculated	for	each	participant,	163	

and	 used	 to	 separate	 trials	 into	 two	 groups	 that	 fell	 above	 or	 below	 the	 median.	 Note	 that	 this	164	

classification	was	independent	of	the	trials,	and	only	depended	on	the	preceding	sequence	of	trials.			165	

	166	

Data	Collection	and	Analysis	167	

	 The	 two	 experiments	 were	 performed	 with	 an	 end-point	 KINARM	 (BKIN	 Technologies,	168	

Kingston,	 ON,	 Canada).	 The	 two-dimensional	 coordinates	 of	 the	 hand-aligned	 cursor	 and	169	

components	 of	 the	 end-point	 force	 were	 sampled	 at	 1kHz.	 The	 cursor	 velocity	 was	 obtained	170	

numerically	 with	 a	 fourth-order	 central-differences	 algorithm.	 In	 Experiment	 2,	 we	 recorded	 the	171	

activity	of	mono-articular	shoulder	muscles	(Pectoralis	Major	and	Posterior	Deltoid).	The	electrodes	172	

were	attached	 to	 the	 skin	above	 the	muscle	belly	 after	 light	abrasion	with	alcohol.	 The	 signal	was	173	

amplified	 (gain:	 104),	 digitally	 band-pass	 filtered	with	 a	 dual-pass,	 4th	 order	 Butterworth	 filter	 (10-174	

500Hz	band-pass).	EMG	data	were	then	normalized	to	the	average	activity	across	1s	recorded	when	175	

participants	 maintained	 postural	 control	 at	 the	 home	 target	 against	 a	 background	 load	 of	 12N	176	

applied	three	times	 in	each	direction.	This	calibration	was	performed	at	the	end	of	the	second	and	177	

sixth	blocks.			178	

	 The	 variables	 extracted	were	 the	 peak	 hand	 velocity	 calculated	 on	 a	 trial-by-trial	 basis,	 as	179	

well	 as	 the	 hand	 velocity	 at	 perturbation	 onset	 for	 step	 perturbation	 trials	 of	 Experiment	 2.	180	

Kinematic	variables	were	then	averaged	across	trials	for	group	data	analysis.	Similar	to	the	analysis	of	181	

movement	kinematics,	we	classified	both	baseline	and	perturbation	trials	for	Experiment	2	based	on	182	
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the	number	of	baseline	trials	that	preceded	them,	and	split	the	data	based	on	the	median	index.	The	183	

two	 classes	 of	 trials	 are	 thus	 defined	 as	 the	 trials	 occurring	 “Early”	 or	 “Late”	 relative	 to	 the	 last	184	

perturbation	 trial.	 EMG	 activity	 was	 collapsed	 into	 the	 following	 epochs	 defined	 relative	 to	185	

perturbation	 onset:	 pre-perturbation	 activity	 (Pre.)	 [-50,	 0]ms,	 short-latency	 [20,	 50]ms	 (1),	 long-186	

latency	[50,	100]ms	(2),	early	voluntary	[120,	180]ms	(3),	and	voluntary	[200,	250]ms	(4).		187	

	188	

Statistical	Design	189	

	 Peak	hand	velocity	from	Experiment	1	was	first	analyzed	within	each	participant.	Changes	in	190	

peak	 hand	 velocity	 were	 assessed	 with	 the	 Wilcoxon	 rank-sum	 test	 to	 investigate	 whether	 the	191	

distribution	 of	 peak	 forward	 velocities	 in	 the	 peri-exposure	 phase	 were	 distinct	 from	 the	192	

distributions	during	the	pre-	and	post-exposure	phases	of	the	experiment.	The	P	level	chosen	for	this	193	

analysis	was	0.05.	In	conjunction	with	the	observation	that	a	relatively	large	number	of	participants	194	

exhibited	 the	 same	 effect,	 this	 level	 of	 significance	 was	 sufficient	 to	 control	 for	 the	 rate	 of	 false	195	

positive	 discoveries.	 In	 Experiment	 1,	 we	 further	 analyzed	 group	 data	 using	 a	 repeated	measures	196	

ANOVA	(rmANOVA)	to	assess	the	effect	of	changes	in	context	(pre-,	peri-,	post-)	on	the	average	peak	197	

hand	 velocity	 averaged	 across	 trials.	 The	 trial-by-trial	 effect	was	 also	 assessed	 based	 on	 the	 same	198	

test	applied	 to	 the	average	peak	velocity	of	 trials	 in	 the	pre-	and	post-exposure	phases,	as	well	as	199	

trials	 that	 fell	 within	 1	 to	 12	 movements	 for	 Experiment	 1,	 and	 up	 to	 7	 in	 Experiment	 2	 (only	 a	200	

minority	 of	 participants	 experienced	 several	 trials	 with	 larger	 indices).	 Post-hoc	 analyses	 were	201	

reported	based	on	comparisons	between	the	data	 in	each	 index	group	 for	peri-exposure	 trials	and	202	

the	 peak	 hand	 velocity	 during	 pre-exposure.	 Sphericity	 was	 tested	 using	 Mauchly’s	 test	 and	 the	203	

results	of	the	rmANOVA	were	further	considered	after	Greenhouse-Geisser	and	Huynh-Feldt	epsilon	204	

corrections	when	applicable.	Post-hoc	tests	were	performed	with	one-sided	paired	t-tests.	One-sided	205	

comparisons	were	warranted	by	the	model	predictions,	as	we	were	interested	in	testing	whether	the	206	

peak	 forward	 velocities	 were	 higher	 during	 the	 peri-exposure	 phase.	 Possible	 after	 effects	 in	207	

Experiment	1	were	measured	based	on	the	maximum	lateral	displacement	during	unperturbed	trials.		208	
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	 Group	data	of	trials	occurring	early	or	late	following	perturbation	trials	in	Experiment	2	were	209	

analyzed	based	on	one-tail	paired	t-tests.	Again	the	one	sided	comparison	was	warranted	because	a	210	

directional	effect	was	predicted	in	theory.	Changes	in	the	time	profile	of	lateral	hand	velocities	were	211	

assessed	 with	 a	 sliding	 t-test.	 The	 moment	 when	 the	 contrast	 of	 lateral	 hand	 velocities	 dropped	212	

below	0.01	was	 reported	 in	 the	analysis	after	 verifying	 they	were	 followed	by	very	 small	P	 values.	213	

Corrections	for	multiple	comparisons	do	not	apply	in	this	case	because	consecutive	samples	are	not	214	

independent,	 and	 because	 there	 is	 only	 one	 comparison	 performed	 at	 each	 time	 step.	 We	 also	215	

extracted	the	norm	of	the	end-point	error	averaged	across	trials	for	Early	and	Late	trials,	as	well	as	216	

the	area	of	end-point	dispersion	ellipses	calculated	at	800ms	 following	reach	onset	 to	characterize	217	

end-point	distributions.	 This	 analysis	was	performed	on	 the	data	of	 Experiment	2	across	Early	 and	218	

Late	categories	to	calculate	the	variances	on	the	same	number	of	trials.		219	

	 The	 analysis	 of	 EMG	 recordings	 was	 based	 on	 repeated	 measures	 ANOVA	 with	 the	220	

classification	(“Early”	and	“Late”)	and	response	epochs	(Pre,	SLR,	LLR,	early	Vol	and	Vol)	as	 factors.	221	

Finally,	comparisons	of	the	amplitude	of	after	effect	and	of	the	maximum	hand	displacement	in	force	222	

fields	 across	 experiments	 was	 based	 on	 Wilcoxon	 rank-sum	 tests	 to	 assess	 differences	 in	 the	223	

distributions	of	 individual	trials	 for	each	participant.	This	non-parametric	test	on	grouped	data	was	224	

used	 as	 the	 two	 experiments	 were	 performed	 with	 distinct	 groups	 of	 participants,	 and	 thus	225	

comparisons	could	not	be	paired.	The	rank-sum	tests	were	based	on	two-tailed	comparisons	because	226	

there	was	 no	 reason	 to	 expect	 directional	 differences	 a	 priori.	 Significance	was	 considered	 at	 the	227	

level	P<0.05,	 although	 our	 interpretations	 and	 the	 reported	 comparisons	 (with	 the	 exception	 of	 a	228	

few	 comparisons	 for	 on	 EMG	 data)	 were	 based	 on	 statistical	 differences	 at	 the	 level	 P<0.005	229	

(Benjamin	et	al.,	2017).	230	

	231	

Model	232	

	 The	 system	model	 describes	 the	 translation	 of	 a	 point	 mass	 (𝑚	 = 	1kg)	 in	 the	 horizontal	233	

plane	 against	 dissipative	 viscous	 forces.	 The	 controlled	 force	 is	modeled	 as	 a	 first-order,	 low	 pass	234	
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response	to	the	control	vector	as	a	linear	approximation	of	muscle	dynamics.	We	must	acknowledge	235	

from	the	outset	that	the	translation	of	a	point	mass	 is	a	simplified	model	of	the	complex	and	non-236	

linear	nature	of	even	simple	biological	systems	like	the	multi-jointed	arm.	In	practice,	we	have	used	237	

linear	models	for	simplicity	and	constrained	experimental	testing	accordingly	(Crevecoeur	and	Scott,	238	

2013;	Crevecoeur	and	Scott,	2014).	 In	the	context	of	 the	present	paper,	 the	 linear	model	 is	 in	part	239	

imposed	by	the	limitation	of	current	robust	control	theories.	We	used	a	robust	control	design	based	240	

on	game-theoretic	principles	 (𝐻"-control	 (Basar	and	Bernhard,	1991)),	which	has	the	advantage	of	241	

being	a	natural	extension	of	the	more	common	stochastic	optimal	control	framework	(Bitmead	et	al.,	242	

1990).	 The	 downside	 of	 this	 approach	 is	 that	 it	 forces	 us	 to	 consider	 a	 linear	 state-space	243	

representation,	as	well	as	constraints	 imposed	to	the	cost-function	that	guarantee	a	solution	exists	244	

(see	below).	An	extension	of	this	control	design	would	be	to	linearize	the	system	around	a	state	or	a	245	

trajectory	and	derive	locally	optimal	controllers	that	are	updated	across	time	or	space.	This	can	also	246	

be	 done	 for	 stochastic	 optimal	 control	 (Li	 and	 Todorov,	 2007).	 However,	we	 believe	 that	 such	 an	247	

extension	 is	 beyond	 the	 scope	 of	 this	 study	 and	 suggest	 that	 the	mathematical	 limitations	 do	 not	248	

hinder	the	use	of	this	model	to	illustrate	some	underpinnings	of	biological	control.		249	

	 We	 first	 concentrate	 on	 force	 field	 trials	 and	 note	 that	 for	 completeness,	 an	 additional	250	

variable	capturing	the	external	force	 is	needed	to	model	step-perturbations	(Crevecoeur	and	Scott,	251	

2013).	The	continuous-time	differential	equations	are:	252	

𝑥 = −𝑘𝑥 + 𝜃$𝑦 + 𝐹$,	 	 	 	 	 	 	 (3)	253	

𝑦 = −𝑘𝑦 + 𝜃%𝑥 + 𝐹%,	 	 	 	 	 	 	 (4)	254	

𝜏𝐹$ = 𝑢$ − 𝐹$,	 	 	 	 	 	 	 	 (5)	255	

𝜏𝐹% = 𝑢% − 𝐹%.	 	 	 	 	 	 	 	 (6)	256	

where	𝑥	and	𝑦	are	 the	 coordinates	 of	 the	workspace	 and	 the	 dot(s)	 represent	 the	 time	derivative.	257	

The	variables	𝑢$	and	𝑢%	are	the	control	commands.	The	viscous	constant	was	set	 to	𝑘	 = 	0.1	Ns/m	258	

and	the	time	constant	of	the	linear	muscle	model	was	set	to	𝜏 = 60	ms	(Brown	and	Loeb,	2000).	The	259	

parameters	𝜃$	and	𝜃%	are	unknown	from	the	point	of	view	of	the	controller.	In	the	case	of	a	baseline	260	
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trial,	these	parameters	are	𝜃$ = 𝜃% = 0.	For	an	orthogonal	force	field,	we	have	𝜃$ = ±𝐿	Nsm-1,	and	261	

𝜃% = 0.	For	a	curl	field	we	have	𝜃$ = ±𝐿	Nsm-1	and	𝜃% = −𝜃$.		262	

	 In	 our	 experiment,	 all	 trials	were	 randomly	 interleaved.	 Thus	 there	was	 uncertainty	 about	263	

movement	dynamics.	It	is	important	to	stress	that	this	uncertainty	was	random	from	trial	to	trial,	but	264	

it	was	not	random	within	a	trial,	as	previously	assumed	(Izawa	et	al.,	2008).	Thus	the	uncertainty	for	265	

a	 given	 trial	 is	 not	 zero	 on	 average	 and	 the	 problem	 of	 control	 with	 fixed	model	 errors	must	 be	266	

considered.	We	 express	 this	mathematically	 by	 rewriting	 the	 differential	 equation	 in	 an	 algebraic	267	

form	and	grouping	the	unknown	terms	(𝜃$	and	𝜃%)	into	a	model	disturbance	that	is	unknown	to	the	268	

controller	(Δ𝐴).	Defining	the	state	vector	as	follows:	𝐱 = [𝑥, 𝑦, 𝑥, 𝑦, 𝐹$, 𝐹%]@,	and	the	control	vector	as	269	

𝒖 = [𝑢$, 𝑢%]@ 	we	 have	 (note	 that	 we	 used	 boldface	𝒙	for	 the	 state	 vector,	 and	 normal	𝑥	for	 the	270	

coordinate):	271	

𝒙 = 𝐴 + Δ𝐴 𝒙 + 𝐵𝒖.	 	 	 	 	 	 	 (7)	272	

	 The	model	disturbance	impacts	the	unforced	dynamics	(𝐴)	 in	agreement	with	the	nature	of	273	

the	perturbation	induced	by	the	force	field.	In	general	there	can	also	be	disturbances	to	the	matrix	274	

𝐵.	Taking	noise	into	account,	we	rewrite	this	equation	based	on	instantaneous	differences	instead	of	275	

derivatives,	and	include	stochastic	disturbances	as	follows:	276	

𝑑𝒙 = 𝐴 + Δ𝐴 𝒙 + 𝐵𝒖 𝑑𝑡 + 𝐶𝑑𝒘.	 	 	 	 	 (8)	277	

	 Equation	8	introduces	the	standard	Brownian	motion	𝒘	of	appropriate	dimension	and	𝐶	is	a	278	

scaling	 function	 that	 characterizes	 the	 noise	 properties.	 Observe	 that	𝐶	is	 allowed	 to	 depend	 on	279	

control	or	state	variable	and	capture	signal-dependent	noise.	We	now	re-arrange	terms	as	follows:	280	

𝑑𝒙 = 𝐴𝒙 + 𝐵𝒖 𝑑𝑡 + Δ𝐴𝒙𝑑𝑡 + 𝐶𝑑𝒘,	 	 	 	 	 (8)	281	

or	equivalently:	282	

𝑑𝑥 = 𝐴𝒙 + 𝐵𝒖 𝑑𝑡 + 𝜀(𝒙, 𝒘),		 	 	 	 	 	 (9)	283	

where	𝜀 𝒙, 𝒘 ≔ Δ𝐴𝒙𝑑𝑡 + 𝐶𝑑𝒘	is	 the	 unknown	 disturbance	 that	 lumps	 together	 the	 impact	 of	284	

process	noise	and	the	fixed	model	error.	Equation	9	expresses	that	the	dynamics	corresponds	to	the	285	

modelled	dynamics,	plus	an	unknown	disturbance	function.		286	
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	 The	 control	 problem	 consists	 in	 deriving	 a	 time-varying	 control	 law	 that	 minimizes	 a	287	

performance	 index.	When	 the	process	disturbance	 is	purely	 stochastic	with	 zero	mean	and	known	288	

covariance	 matrix,	 that	 is	Δ𝐴 = 0 	and	𝜀(𝒙, 𝒘)~𝑁(0, ΣO) ,	 the	 solution	 can	 be	 derived	 in	 the	289	

framework	of	stochastic	optimal	control	(Todorov,	2005).	When	Δ𝐴 ≠ 0,	there	is	a	fixed	bias	or	error	290	

in	 the	 expected	 dynamics,	 and	 the	 formalism	 of	 stochastic	 optimal	 control	 does	 not	 apply.	 A	291	

dedicated	control	design	consists	in	deriving	a	control	solution	in	the	worst-case	scenario,	including	292	

fixed	 model	 errors	 or	 possibly	 worse	 input	 disturbances.	 This	 is	 formalized	 in	 the	 framework	 of	293	

robust,	 or	ℋ"-control	 (Basar	 and	 Bernhard,	 1991).	 It	 is	 important	 to	 stress	 that	 the	 two	 control	294	

designs	 produce	 a	 goal-directed,	 state-feedback	 control	 law	 that	 is	 consistent	 with	 behavioural	295	

results	in	a	wide	range	of	perturbation	paradigms	(Crevecoeur	and	Kurtzer,	2018).	296	

	 Briefly,	the	controller	design	is	expected	to	minimize	a	quadratic	cost-function	that	captures	297	

the	 intended	behaviour	 (in	 this	case	a	 reaching	 task).	We	call	𝐽(𝒙, 𝒖)	the	quadratic	penalty	at	each	298	

time	 step.	 For	 robust	 control	 design,	 because	 the	 controller	must	minimize	 the	 cost-function,	 it	 is	299	

assumed	that	a	second	“player”	 is	 trying	to	maximize	the	same	cost	by	manipulating	the	unknown	300	

disturbance	 function	𝜀(𝒙, 𝒘).	 Thus,	 the	 robust	 control	 problem	 is	 to	 find	 a	 control	 sequence	𝒖∗,	301	

which	 minimizes	 the	 maximum	 of	𝐽(𝒙, 𝒖)	assuming	 a	 worst-case	 disturbance.	 This	 formulation	302	

requires	considering	the	following	augmented	cost-function:	303	

𝐽 𝒙, 𝒖, 𝜀 = 𝐽 𝒙, 𝒖 − 𝛾T𝜀@𝜀,	 	 	 	 	 	 (10)	304	

and	the	robust	optimal	controller	 in	the	sense	of	𝐻"-control	 is	defined	as	the	control	function	that	305	

minimizes	the	time	integral	until	the	final	time	(𝑡U)	of	the	running	cost	plus	the	final	cost	in	the	worst	306	

case	scenario,	or	equivalently	when	this	cost	is	maximized	over	𝜀:	307	

𝒖∗ = arg𝑚𝑖𝑛𝒖 𝑚𝑎𝑥O 𝐽(𝒙, 𝒖, 𝜀)\]
^ 𝑑𝑡 + 𝒙U@𝑄𝒙U .	 	 	 (11)	308	

The	 parameter	𝛾	must	 be	 jointly	 optimized	 to	 ensure	 that	 the	 solution	 exists	 and	 corresponds	 to	309	

ℋ"-optimal	 control	 (see	 (Basar	 and	 Bernhard,	 1991)	 for	 details).	 This	 parameter	 was	 optimized	310	

through	 numerical	 search	 stopped	 when	 the	 relative	 improvement	 in	 its	 value	 before	 violating	311	

conditions	of	existence	was	≤0.1%.	When	the	process	disturbance	does	not	contain	a	fixed	error,	the	312	
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expected	value	of	the	second	term	of	the	right-hand	side	of	Eqn.	(10)	 is	equal	to	the	variance	of	𝜀,	313	

which	 is	 constant,	 and	 the	 control	 problem	 reduces	 to	 the	minimization	 of	 the	 expected	 value	 of	314	

𝐽(𝒙, 𝒖).	 This	 problem	 is	 handled	 in	 the	 usual	 framework	 of	 stochastic	 optimal	 control	 (Todorov,	315	

2005).		316	

		 Finally,	 the	 control	 problem	 was	 transformed	 into	 a	 discrete	 time	 system	 based	 on	 Euler	317	

integration	 with	 10ms	 time	 steps.	 The	 transformation	 into	 a	 discrete	 time	 system	 allowed	 us	 to	318	

consider	 sensorimotor	 delays	 through	 system	 augmentation.	 We	 use	 50ms	 (6	 time	 steps)	 in	319	

agreement	with	the	long-latency	pathway	through	cortex	(Scott,	2016).	We	use	the	index	“d”	to	refer	320	

to	 the	 discrete-time	 representation	 and	 the	 subscript	 “t”	 indicates	 the	 time	 step.	 With	 these	321	

definitions,	we	write	the	discrete	time	system	as	follows:	322	

𝒙\`a = 𝐴b𝒙\ + 𝐵b𝒖\ + 𝜀\,	 	 	 	 	 	 (12)	323	

with	𝜀\ 	containing	 the	 potential	 model	 bias	 and	 a	 noise	 term	 defined	 as	𝜉\~𝑁(0, αaΣe).	 The	324	

information	available	to	the	controller	is:	325	

𝑦\ = 𝑥\fg + 𝜎\,		 	 	 	 	 	 	 (13)	326	

with	𝜎\~𝑁(0, αTΣi).		The	definition	of	the	cost	is	scaled	such	that	the	penalty	of	the	command	has	327	

unity	 weight,	 and	 the	 target	 was	 mapped	 to	 the	 origin	 of	 the	 workspace.	 This	 cost-function	328	

corresponds	to:	329	

𝐽 𝒙, 𝒖 = 𝛼k(𝑡/𝑁)m(𝒙\@𝑄𝒙\)n
\oa + 𝒖\ Tnfa

\oa 	 	 	 (14)		330	

Previous	studies	considered	only	a	terminal	penalty	on	the	state,	and	no	penalty	during	movement.	331	

This	is	not	allowed	for	robust	control,	indeed	a	condition	for	the	existence	of	solution	in	the	sense	of	332	

𝐻"-control	 is	 that	 the	matrix	𝑄	be	positive	definite.	We	use	 the	 following:	Q	=	diag([106,	 106,	 105,	333	

105,	 1,1])	 for	 the	 terminal	 cost,	 and	 scaled	 it	 by	 the	 factor	(𝑡/𝑁)m	to	 ensure	 low	 initial	 cost	while	334	

positive	definite,	and	a	smooth	build	up	until	 the	terminal	cost.	The	cost	of	 forces	was	kept	 low	 in	335	

comparison	in	order	to	minimize	their	impact	while	keeping	a	positive	definite	𝑄.	As	the	behaviour	of	336	

the	controller	depends	on	the	ratio	between	state	and	command-related	costs,	we	varied	𝛼k	over	an	337	

order	of	magnitude	to	investigate	the	impact	of	the	cost-function	on	the	model	behaviour.	Similarly	338	
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the	model	predictions	were	derived	through	changes	in	the	intensity	of	the	motor	and	sensory	noise	339	

factors	(𝛼T	and	𝛼k).		340	

In	all,	the	only	free	parameters	were	𝛼p, 𝑖	 = 	 [1, 2, 3],	and	we	report	the	impact	of	changing	341	

these	 parameters	 over	 a	 wide	 range	 to	 address	 the	 sensitivity	 of	 the	 corresponding	model.	 In	 all	342	

cases,	 the	 same	 perturbations	 and	 noise	 were	 applied	 to	 simulations	 derived	 in	 the	 context	 of	343	

stochastic	or	robust	optimal	feedback	control.	In	the	case	of	stochastic	disturbances	the	problem	was	344	

solved	 in	 the	 context	of	 extended	 Linear-Quadratic-Gaussian	 regulator	 (Todorov,	 2005).	Otherwise	345	

the	control	problem	was	solved	in	the	framework	of	robust	ℋ"-control	(Basar	and	Bernhard,	1991).	346	

In	general,	the	derivation	for	ℋ"-control	is	based	on	matrix	recurrences	that	extend	the	framework	347	

of	 LQG	 to	 the	 cases	 where	 disturbances	 are	 not	 Gaussian.	 Details	 about	 these	 recurrences	 are	348	

provided	 in	 the	 references	 above,	 and	 an	 application	 to	 human	 reaching	 movements	 without	349	

experimental	validation	was	proposed	previously	by	Ueyama	(Ueyama,	2014).	A	detailed	description	350	

of	the	derivation	is	beyond	the	scope	of	the	present	paper,	but	access	to	working	code	for	replication	351	

can	be	found	here:	senselab.med.yale.edu/ModelDB/.	We	should	underlie	that	both	control	designs	352	

compensated	 for	 delays	 through	 system	 augmentation	 and	 allowed	 the	 increase	 in	 control	 gains	353	

observed	for	the	robust	controller.	In	the	absence	of	accurate	delay	compensation	such	an	increase	354	

in	control	gains	may	be	problematic	(Michiels	and	Niculescu,	2007;	Crevecoeur	and	Scott,	2014).	 	355	
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Results	356	

Model	357	

We	 first	 describe	 the	 properties	 of	 robust	 controllers	 (ℋ"-control)	 by	 contrasting	 the	358	

predictions	 of	 this	 control	 design	with	 those	 obtained	 from	 a	 stochastic	 optimal	 controller	 (Linear	359	

Quadratic	 Gaussian,	 LQG).	 Under	 the	 assumption	 of	 stochastic	 disturbances	 (which	 are	 zero	 on	360	

average,	Fig.	1a),	 the	control	and	estimation	algorithms	minimize	the	expected	cost	of	movements	361	

(LQG,	 (Todorov,	 2005)).	 When	 the	 model	 error	 includes	 non-random	 disturbances,	 such	 as	 for	362	

instance	 fixed	 biases	 in	 the	 model	 parameters,	 robust	 control	 minimizes	 the	 impact	 of	 these	363	

disturbances	 in	 the	 worst-case	 scenario	 (Fig.	 1a,	 min-max,	 or	ℋ"-control,	 (Basar	 and	 Bernhard,	364	

1991)).	 Optimizing	 the	 performance	 index	 for	 the	 worst-case	 scenario	 effectively	 minimizes	 the	365	

sensitivity	of	the	control	design	to	any	kind	of	disturbance	(in	particular	to	the	worst	case),	and	thus	366	

this	design	is	advantageous	where	there	is	no	model	of	the	disturbance	available.	367	

	368	

[Fig.	1	about	here]	369	

	370	

The	 reason	 why	 robust	 control	 is	 not	 a	 good	 default	 choice	 is	 because,	 although	 this	371	

controller	is	less	sensitive	to	unmodeled	disturbances,	it	is	also	costlier	because	it	typically	produces	372	

conservative	strategies.	In	our	examples,	robust	control	responds	to	noise	as	if	it	were	disturbances,	373	

which	is	not	desirable	in	the	case	of	zero-mean	stochastic	disturbances.	This	is	a	well-known	property	374	

of	 control	 design:	 there	 is	 an	 inherent	 trade-off	 between	 efficiency	 and	 robustness	 (Fig.	 1b).	375	

Intuitively,	 a	 costly	 but	 safe	 control	 strategy	 is	warranted	 in	 the	 presence	 of	 dynamic	 uncertainty	376	

(robust	control),	whereas	a	more	predictable	context	may	promote	an	efficient	strategy	at	the	cost	377	

of	sensitivity	to	unmodeled	disturbances	(LQG	control).	378	

	 The	robust	controller	exhibited	larger	feedback	gains,	which	for	linear	systems	are	the	same	379	

control	 gains	 that	 steer	 the	 system	 to	 the	 target	 and	 respond	 to	 perturbations.	 This	 increase	 in	380	

control	 gains	 resulted	 in	 faster	 movement	 velocities	 towards	 the	 target,	 and	 more	 vigorous	381	
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responses	to	external	perturbations	applied	to	the	virtual	mass.	Exemplar	trajectories	are	presented	382	

in	 Fig.	 1c-e:	 the	 robust	 controller	displayed	higher	 forward	 velocity	 for	 unperturbed	 trials	 (Fig.	 1e:	383	

forward	velocity,	 solid),	and	 limited	the	perturbation-evoked	velocity	 following	 lateral	disturbances	384	

(Fig.	1e:	lateral	velocity,	dashed).	The	faster	reduction	of	lateral	velocity	was	due	to	a	phasic	increase	385	

in	control	response	shown	in	Fig.	1f.	Indeed,	since	the	actuator	was	linear,	the	increases	in	feedback	386	

gains	 amplified	 the	 perturbation	 response	 and	 generated	 a	 phasic	 modulation	 of	 the	 control	387	

response	(Fig.	1d:	dashed	trace).	388	

The	trade-off	between	sensitivity	and	robustness	was	apparent	when	we	calculated	the	cost	389	

of	 the	 simulated	movements.	 Compared	 to	 the	 LQG	 controller,	 we	 found	 the	 cost	 of	movements	390	

generated	by	the	robust	controller	was	~15%	higher	(normalised	to	the	average	cost	of	LQG	control)	391	

even	for	unperturbed	trials	(Fig.	1d).	However,	the	perturbation	had	a	proportionally	smaller	impact	392	

on	 the	 robust	 controller.	 The	 increase	 in	 cost	 associated	 with	 step-load	 perturbations	 for	 this	393	

controller	 was	 less	 than	 20%	 in	 comparison	 to	 the	 LQG	 controller,	 which	 exhibited	 close	 to	 30%	394	

increase	due	to	larger	lateral	hand	displacements.	395	

	 We	attempted	to	limit	the	dependency	of	our	predictions	on	model	parameters	to	the	extent	396	

possible.	First,	the	parameters	of	the	biomechanical	system	were	fixed	a	priori	based	on	measured	or	397	

standard	 values	 (see	Methods).	 Second,	 the	 noise	 covariance	matrices	 and	 cost-function	were	 set	398	

based	 on	 the	 fact	 that	 they	 generated	 trajectories	 that	 resembled	 human	 behaviour	 when	399	

participants	performed	movements	of	 the	same	amplitude	under	the	same	time	constraints.	Then,	400	

we	scaled	the	cost-function	and	noise	covariance	matrices	over	an	order	of	magnitude	to	assess	how	401	

much	 they	 impacted	 the	 model	 predictions.	 Qualitatively,	 the	 following	 predictions	 were	402	

independent	 of	 the	 cost	 or	 noise	 parameters:	 (1)	 the	 robust	 controller	 always	 generated	 faster	403	

movement	 velocities	 towards	 the	 target,	 and	 (2)	 when	 disturbed	 by	 the	 same	 perturbation,	 the	404	

robust	 controller	 responded	more	 vigorously,	 resulting	 in	 smaller	 lateral	 deviations	 and	 velocities	405	

than	the	stochastic	optimal	controller.	406	

	 	407	
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Experiment	1	408	

We	 sought	 to	 investigate	 whether	 unexpected	 disturbances	 impacted	 human	 reaching	409	

control	in	a	way	that	was	consistent	with	the	predictions	of	robust	control	presented	above.	We	first	410	

contrasted	the	behaviour	of	 individual	 subjects	across	 the	pre-,	peri-,	and	post-exposure	phases	 to	411	

unpredictable	 disturbances	 (Fig.	 2a).	 The	 prediction	 that	 uncertainty	 about	 dynamics	 modulated	412	

control	gains	was	clearly	borne	out	in	our	results.	Fig.	2b	illustrates	the	modulation	of	forward	hand	413	

velocities	from	one	participant	chosen	to	illustrate	the	main	effect.	The	peak	hand	velocities	during	414	

peri-exposure	 were	 larger	 than	 the	 same	 data	 in	 the	 pre-	 and	 post-exposure	 conditions	 as	415	

emphasized	by	the	arrows	aligned	with	this	participant’s	average	velocity.		416	

	417	

[Fig.	2	about	here]	418	

	419	

Group	data	from	all	participants	are	presented	in	Figure	2c	based	on	20	trials	taken	from	the	420	

pre,	peri-,	and	post	conditions.	We	selected	20	evenly	spaced	trials	during	the	peri-exposure	phase	421	

simply	to	represent	the	data	with	the	same	number	of	trials	as	the	pre-	and	post-	exposure	phase.	422	

For	 statistical	 comparisons,	 all	 trials	 from	 the	 peri-exposure	 were	 included.	 The	 increase	 in	 hand	423	

speed	 during	 the	 peri-exposure	 blocks	was	 significant	 for	 7/10	 participants	when	 assessed	 on	 the	424	

distribution	of	individual	trials	(peri	>	pre,	Fig.	2d,	left).	Moreover,	the	decrease	back	to	near-baseline	425	

velocities	(i.e.	pre-exposure)	in	the	post-exposure	phase	was	significant	for	8/10	participants	(post	<	426	

peri,	 Fig.	 2b	 right,	Wilcoxon	 ranksum	 test,	P<0.05).	Accordingly,	 group-level	 data	 revealed	a	highly	427	

significant	 effect	 of	 the	 condition	 (rmANOVA:	 F(2,18)	 =	 14.3,	 all	 corrected	 P<0.001).	 Post-hoc	428	

comparisons	based	on	paired	t-tests	confirmed	the	increase	in	forward	hand	velocity	during	the	peri-429	

exposure	phase	(one-sided	comparisons:	VelPRE	<	VelPERI:	 t(9)	=	4.64,	P	<	0.001;	VelPERI	>	VelPOST:	t(9)	=	430	

6.11,	P	<	10-4;	 there	was	no	statistical	difference	between	VelPRE	and	VelPOST,	two-sided	comparison:	431	

t(9)	=	0.62,	P	=	0.55).	Average	forward	hand	velocities	 in	the	peri-exposure	and	other	phases	of	the	432	

task	are	shown	in	Fig.	2d.	This	data	only	included	the	baseline	trials	that	were	preceded	by	more	than	433	
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2	baseline	trials	in	order	to	remove	a	possible	influence	of	after	effects	evoked	by	the	perturbation.	434	

The	analysis	below	characterizes	 the	 lateral	deviations	 induced	by	after-effects	 in	more	detail.	The	435	

filled	and	open	dots	indicate	participants	who	did	(P	<	0.05)	or	did	not	display	(P	>	0.05)	significant	436	

changes	in	forward	velocity	across	the	different	phases	of	the	experiment.		437	

	 More	 interestingly,	we	uncovered	a	 trial-by-trial	 change	 in	 control	 strategy,	where	a	 single	438	

perturbation	was	followed	immediately	by	an	increase	in	average	forward	hand	velocity	in	the	next	439	

trial.	 This	 result	 is	 illustrated	 in	 Fig.	 3a	 for	 a	 time	 series	 of	 100	 trials	 selected	 from	 an	 exemplar	440	

participant.	 Observe	 the	 participant’s	 forward	 hand	 velocities	 often	 increased	 in	 the	 trial	441	

immediately	 after	 an	 unexpected	 force	 field.	 Moreover,	 the	 forward	 hand	 velocities	 decayed	442	

gradually	 during	 each	 sequence	 of	 unperturbed	movements.	 This	 result	was	 not	 expected	 a	 priori	443	

and	was	observed	during	exploratory	analyses	as	we	investigated	the	time	scale	of	changes	in	control	444	

strategies.	We	quantified	this	effect	at	the	group	level	by	sorting	unperturbed	trials	as	a	function	of	445	

their	index	following	the	last	force	field	perturbation.	This	analysis	revealed	a	substantial	increase	in	446	

average	peak	forward	velocity	recorded	in	baseline	trials	following	a	force-field	perturbation	(Fig.	3b,	447	

rmANOVA,	 F(13,117)	 =	 10.7,	 all	 corrected	P	 <	 10-6).	Movement	 velocities	 decayed	 back	 to	 pre-/post-448	

exposure	 values	 within	 ~10	 undisturbed	 trials.	 Post-hoc	 comparisons	 were	 used	 to	 contrast	 the	449	

average	 peak	 velocity	 in	 the	 post-exposure	 phase	 to	 groups	 of	 trials	 sorted	 by	 how	 closely	 they	450	

followed	 a	 perturbation	 trial	 (indices	 1	 to	 12,	 and	 post-exposure;	 paired,	 one-sided	 t-tests).	451	

Significant	differences	at	the	level	P	<	0.005	after	correcting	for	multiple	comparisons	are	illustrated	452	

in	Figure	3b.	Because	the	data	from	each	trial	index	was	compared	to	the	data	from	post-exposure,	453	

we	 performed	 12	 comparisons	 and	 consequently	 the	 actual	 P-levels	 corresponded	 to	 0.004	 and	454	

0.0004	for	the	reported	levels	0.05	and	0.005,	respectively.	Thus,	recent	exposure	to	an	unexpected	455	

disturbance	produced	a	substantial	and	sustained	increase	in	the	forward	hand	velocity.	456	

	457	

[Fig.	3	about	here]	458	

	459	
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	 It	was	important	to	verify	that	this	increase	in	forward	hand	velocity	was	not	merely	due	to	a	460	

possible	after	effect	evoked	by	the	occurrence	of	force	field	trials.	To	mitigate	such	an	influence,	we	461	

first	 excluded	 two	 baseline	 trials	 immediately	 following	 perturbations	 trials	 for	 the	 analysis	462	

presented	 in	Fig.	2d.	Second,	we	verified	 that	 the	analyses	shown	 in	Fig.	3b	were	similar	by	 taking	463	

only	the	forward	had	velocity,	base	on	the	idea	that	an	after	effect	would	primarily	impact	the	lateral	464	

velocity.	We	found	the	same	result	as	reported	 in	Fig.	3b.	Finally,	we	quantified	the	after	effect	by	465	

extracting	the	maximum	lateral	deviation,	in	trials	that	followed	a	force	field	trial.	Consistent	with	an	466	

after	effect,	we	found	an	increase	in	maximum	lateral	deviation	following	force	field	trials.	However,	467	

we	 found	 the	 after	 effect	 decayed	 faster	 than	 changes	 in	 forward	 hand	 velocity	 as	 significant	468	

increases	 in	 lateral	 deviations	 were	 observed	 only	 for	 trial	 indices	 up	 to	 3	 (Fig.	 3c).	 We	 directly	469	

compared	the	decay	in	forward	hand	velocity	with	the	reduction	in	maximum	lateral	displacement	by	470	

transforming	the	data	 into	z-score	relative	to	the	population	from	trial	 index	12,	and	regressed	the	471	

peak	forward	velocity	as	a	function	of	the	maximum	lateral	displacement	(Fig.	3d).	We	found	that	the	472	

peak	 forward	 hand	 velocity	 decayed	 slower.	 Indeed,	 the	 linear	 regression	 had	 a	 slope	 that	 was	473	

significantly	 less	 than	 1	 (value:	 0.66,	 95%	 CI:	 [0.46,	 0.86]),	 and	 an	 intercept	 that	 was	 significantly	474	

greater	than	0	(value:	0.5,	95%	CI:	[0.32,	0.7]).	Thus,	as	illustrated	in	Fig.	3d,	the	lateral	displacement	475	

following	a	force	field	trial	returned	to	baseline	levels	faster	than	changes	in	peak	forward	velocity.	476	

Collectively,	these	analyses	suggest	that	alterations	in	forward	hand	velocity	were	not	simply	due	to	477	

aftereffects	evoked	by	perturbation	trials.	478	

	479	

Experiment	2	480	

	 Experiment	2	was	designed	to	probe	the	model	prediction	that	the	 increase	 in	control	gain	481	

should	 generate	 more	 vigorous	 responses	 to	 abrupt	 perturbations	 applied	 to	 the	 limb	 during	482	

movement	 (step-loads).	We	designed	a	similar	series	of	blocks	 (pre-,	peri-,	and	post-exposure)	and	483	

varied	 the	 level	of	uncertainty	by	using	different	kinds	of	perturbations.	However	 the	behaviour	 in	484	

this	 experiment	 was	 distinct.	 In	 contrast	 to	 the	 results	 of	 Experiment	 1,	 we	 did	 not	 observe	 any	485	
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systematic	increase	in	forward	hand	velocity	when	comparing	the	peri-	and	pre-exposure	phases	of	486	

the	experiment	(Fig.	4b	and	c).	Instead,	the	peak	hand	velocity	decayed	across	trials	during	the	pre-487	

exposure	 phase,	 and	 then	 remained	 relatively	 constant	 during	 the	 peri-exposure	 phase	 (Fig.	 4b).	488	

Congruent	 with	 Experiment	 1,	 however,	 we	 did	 observe	 a	 significant	 decrease	 in	 forward	 hand	489	

velocity	during	the	post-exposure	phase	(one	sided	paired	t-test,	t12	=	2.14,	P	=	0.026).	This	behaviour	490	

can	be	explained	 in	our	framework	 if	 the	presence	of	step-perturbations	already	promoted	a	more	491	

robust	 strategy	during	 the	pre-exposure	phase,	which	 reduced	 the	contrast	between	pre-and	peri-492	

exposure	phases.			493	

	494	

[Fig.	4	about	here]	495	

	496	

	 Because	there	was	no	systematic	modulation	across	phases	of	the	experiment,	we	leveraged	497	

the	trial-by-trial	modulation	of	forward	hand	velocities	observed	in	Experiment	1.	We	indexed	both	498	

perturbation	 and	 baseline	 trials	 dependent	 on	 the	 preceding	 number	 of	 baseline	 trials.	 We	 then	499	

analysed	the	kinematics	and	EMG	for	both	unperturbed	and	perturbed	trials	based	on	this	index.	For	500	

the	unperturbed	 trials,	we	 found	as	 in	Experiment	1	a	clear	change	 in	movement	velocity	 towards	501	

the	target	that	depended	on	the	preceding	number	of	unperturbed	trials.	Figure	5a	reproduces	the	502	

analysis	 of	 Fig.	 3b	 and	 reveals	 similar	 trial-by-trial	 modulation	 of	 forward	 velocity	 following	503	

unanticipated	 perturbation	 trials	 encountered	 by	 participants	 in	 Experiment	 2.	 Due	 to	 the	 larger	504	

proportion	of	perturbation	trials	in	this	experiment,	the	series	of	unperturbed	trials	were	shorter	and	505	

the	repeated	measures	ANOVA	had	to	be	performed	on	trial	indices	1	to	7	to	ensure	a	balanced	test	506	

since	perturbations	were	more	frequent	(rmANOVA,	F(6,72)	=	13.9,	all	corrected	P	<	10-4).		507	

Interestingly,	the	activity	of	pectoralis	major	and	posterior	deltoid	muscles	followed	a	similar	508	

pattern,	which	 is	 surprising	 since	 they	were	 chosen	 for	 their	 antagonist	 actions.	We	extracted	 the	509	

average	activity	in	a	window	of	50ms	prior	to	the	crossing	of	the	position	threshold	used	for	the	step	510	

perturbation	 trials.	 We	 found	 a	 similar	 trial-by-trial	 decay	 in	 the	 activity	 of	 both	 muscles	 during	511	
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movement,	in	particular	in	the	50ms	time	window	prior	to	the	position	threshold	used	to	trigger	the	512	

step	 loads	 (Fig.	 5b,	 rmANOVA,	F(6,72)	 =	 6.4,	 all	 corrected	P’s	 <	0.005).	 The	 concomitant	 variation	of	513	

activity	in	both	muscles	indicated	the	presence	of	co-contraction.	To	further	illustrate	this	change	in	514	

activity,	 we	 plotted	 the	 average	 activity	 across	 trials	 with	 index	 1,	 3	 or	 >4	 chosen	 as	 they	 are	515	

representative	of	the	range	of	variation	of	muscle	activity	(Fig.	5c).	This	figure	shows	that	the	overall	516	

activity	 throughout	 the	movement	depended	on	 the	preceding	sequence	of	 trials.	The	 relationship	517	

between	 forward	 velocity	 and	 co-contraction	 was	 further	 assessed	 on	 a	 trial-by-trial	 basis	 as	 we	518	

found	for	both	muscles	a	positive	correlation	between	the	mean	EMG	in	the	50ms	window	prior	to	519	

threshold	 crossing	 and	 the	 peak	 velocity	 (Fig.	 5d-e).	 The	 link	 between	 co-contraction	 and	 forward	520	

hand	 velocity	 can	 be	 deduced	 from	 the	 fact	 that	 both	muscles	 exhibited	 positive	 correlation	 and	521	

concomitant	 trial-by-trial	 modulation.	 To	 complement	 this	 analysis,	 we	 calculated	 the	 linear	522	

regressions	between	 forward	hand	velocities	and	 the	minimum	activity	across	muscles,	used	as	an	523	

index	 of	 co-contraction.	We	 found	 significant	 regressions	 with	 positives	 slopes	 for	 all	 participants	524	

(means	slope:	0.2,	range:	[0.07,	0.4]).	525	

	526	

[Fig.	5	about	here]	527	

	528	

	 We	now	turn	back	to	the	perturbation	trials.	We	classified	them	based	on	a	median	split	on	529	

their	 indices.	 Trials	with	 an	 index	 below	 the	median	were	 classified	 as	 “Early”,	 and	 those	with	 an	530	

index	 higher	 than	 the	median	 were	 classified	 as	 “Late”	 (Fig.	 6a).	 Our	 prediction	 was	 clear:	 if	 the	531	

increase	 in	 velocity	 following	 disturbances	 indeed	 reflected	 a	 more	 robust	 strategy,	 then	532	

perturbation	trials	classified	as	“Early”	(presumably	more	robust)	would	also	display	more	vigorous	533	

feedback	responses	when	disturbed	by	a	step	load.		534	

The	distribution	of	trial	indices	for	all	participants	is	shown	in	Fig.	6b.	The	median	number	of	535	

baseline	trials	between	perturbation	trials	was	equal	to	1	for	all	participants.	Thus,	the	classification	536	

separated	 perturbation	 trials	 that	 directly	 followed	 a	 force	 field	 or	 step	 load	 (index	 =	 1)	 from	537	
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perturbation	 trials	 that	 followed	 one	 or	 more	 baseline	 trials	 (index	 ≥	 2).	 First,	 the	 forward	 hand	538	

velocity	 at	 perturbation	 onset	 tended	 to	 be	 larger	 for	 trials	 classified	 as	 “Early”.	 This	 effect	 was	539	

present	for	6/13	participants	as	assessed	on	the	distribution	of	individual	trials	(Wilcoxon	Rank	Sum	540	

test,	P	<	0.05	Fig.	6c).	Average	forward	hand	velocities	at	perturbation	onset	were	significantly	higher	541	

for	 Early	 trials	 when	 examined	 at	 the	 group	 level	 (one-sided	 comparison:	 t(12)	=	 2.37,	 P	 =	 0.018).	542	

Similar	 results	were	 observed	when	 this	 analysis	was	 performed	based	on	 the	 peak	 forward	hand	543	

velocity	 instead	of	 peak	hand	 speed	 to	 reduce	possible	 effects	 of	 lateral	 velocities	 induced	by	 the	544	

after	effect:	6/13	participants	exhibited	increases	based	on	trial-wise	distributions	(P<0.05),	and	the	545	

group	effect	was	also	significant	(one-sided	paired	t-test:	t(12)	=	-3.46,	P	<	0.005).	546	

	547	

[Fig.	6	about	here]	548	

	549	

It	 is	 interesting	 to	 note	 that	 there	 were	 no	 systematic	 changes	 in	 end-point	 distributions	550	

across	“Early”	and	“Late”	trials.	For	baseline	trials,	there	was	an	small	increase	in	end-point	variance	551	

for	“Early”	trials	(t-test	on	areas	of	end-point	dispersion	ellipses:	t(12)	=2.27;	P=0.04),	and	no	statistical	552	

difference	in	the	norm	of	the	end-point	error.	For	the	perturbation	trials,	we	found	no	effect	of	the	553	

categories	on	the	norm	of	the	end-point	error	and	on	the	dispersion	ellipses	(all	t(12)	<	1.4,	P>0.1).		554	

	 Strikingly	the	classification	of	trials	separated	not	only	the	hand	velocity	towards	the	target	555	

(Fig.	 6c),	 but	 also	 the	 lateral	 hand	 velocity	 and	 lateral	 deviation	 when	 a	 step-perturbation	 was	556	

applied	 to	 the	 hand.	 Indeed,	 the	 absolute	 lateral	 hand	 velocity	 following	 the	 perturbation	 quickly	557	

became	smaller	 for	trials	classified	as	“Early”	 (Fig.	6d).	We	performed	a	sliding	t-test	on	the	 lateral	558	

hand	velocity	and	 found	a	strong	reduction	of	 the	absolute	 lateral	hand	deviation	 for	“Early”	 trials	559	

consistent	 with	 the	 model	 prediction	 (Fig.	 1e).	 Vertical	 arrows	 correspond	 to	 the	 moment	 when	560	

P<0.01,	 and	 P	 values	 dropped	 later	 to	 levels	 <10-4.	 As	 a	 consequence,	 the	 lateral	 displacement	561	

exhibited	lesser	excursion	for	these	trials,	and	the	difference	in	maximum	lateral	displacement	was	562	

highly	 significant	 (Fig.	 6e-g).	 Figure	 6g	 shows	 the	 difference	 between	 maximum	 displacements	 in	563	
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“Late”-“Early”	 trials,	 such	 that	 the	peak	 lateral	displacement	 in	 “Early”	 trials	was	always	 smaller	 in	564	

absolute	value	than	the	peak	lateral	hand	displacement	in	“Late”	trials	(two	stars	indicate	P<0.0005,	565	

one-tail	paired	t-test).	Thus,	this	analysis	highlighted	that	trials	with	increased	average	forward	hand	566	

velocity	also	exhibited	 larger,	more	 forceful	 responses	 to	 the	 same	 lateral	 step-force	disturbances.	567	

This	modulation	was	 consistent	with	 the	 hypothesis	 that	 these	 trials	were	 controlled	with	 a	more	568	

robust	strategy	as	the	perturbation	loads	impacted	hand	trajectories	to	a	lesser	extent.	569	

	 We	now	turn	back	to	the	surface	EMG	data	from	step	perturbation	trials	to	address	whether	570	

the	 change	 in	 behaviour	 shown	 in	 Fig.	 6	 resulted	 from	 a	 modulation	 of	 neural	 feedback	 gains	571	

predicted	 in	 theory.	 Raw	 EMG	 activities	 for	 each	 muscle	 are	 shown	 in	 Fig.	 7	 for	 stretch	 and	572	

shortening	responses	(after	normalization,	see	Methods).	As	for	unperturbed	trials	analysed	in	Figure	573	

5,	we	 observed	 an	 increase	 in	 co-contraction	 for	 trials	 classified	 as	 “Early”	 in	 comparison	 to	 trials	574	

classified	as	“Late”	in	the	Pre.	epoch	(-50ms	to	0ms	re:	perturbation	onset),	which	corresponded	to	575	

25±4%	increase	in	Pectoralis	Major	(PM)	and	a	30±4%	increase	in	Posterior	Deltoid	activity	(PD,	mean	576	

±	SEM).	We	focus	on	the	interaction	between	the	classification	criterion	(“Early”	or	“Late”)	and	the	577	

different	 epochs	 (Nieuwenhuis	 et	 al.,	 2011).	 The	 repeated	 measures	 ANOVA	 performed	 on	 the	578	

stretch	 responses	 with	 classification	 labels	 (“Early”	 and	 “Late”)	 and	 epochs	 as	 factors	 revealed	579	

significant	 interactions	 between	 these	 factors	 for	 both	 muscles	 (PD:	 F(4,48)=11.9,	 P	 <	 0.001;	 PM:	580	

F(4,48)=3.8,	P=0.009).	 Regarding	 the	 shortening	 response,	we	 also	 observed	 a	 significant	 interaction	581	

between	classes	and	epochs	for	both	muscles	(PM:	F(4,48)=5.4,	P=0.001;	PD:	F(4,48)	=	3.22,	P	=	0.02).		582	

	583	

[Fig.	7	about	here]	584	

	585	

Considering	 the	 dependency	 of	 the	 stretch	 reflex	 on	 the	 baseline	 activity	 for	 loading	 and	586	

unloading	 conditions	 (Pruszynski	 et	 al.,	 2009;	 Nashed	 et	 al.,	 2015),	 we	 compared	 the	 difference	587	

between	the	stretch	responses	and	the	baseline	activity	in	the	short	and	long-latency	epochs	across	588	

classes.	 That	 is,	 we	 subtracted	 the	 raw	 activity	 collected	 during	 unperturbed	 trials	 classified	 as	589	
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“Early”	 (high	 baseline)	 and	 “Late”	 (low	 baseline)	 trials	 from	 the	 perturbation	 responses	590	

corresponding	 to	 the	same	“Early”	and	“Late”	classes.	This	difference	 reflected	 the	 response	while	591	

taking	changes	 in	baseline	activity	 into	account.	Stretch	responses	from	PM	and	PD	were	averaged	592	

for	 this	 analysis	 and	 direct	 comparisons	 were	 performed	 based	 on	 paired	 t-test.	 We	 found	 a	593	

significant	increase	the	stretch	response	(one-sided	comparison:	t(12)=2.34,	P=0.018	for	long-latency,	594	

t(25)=2.74,	P=0.005	for	 long-latency	and	short	 latency	pooled	together,	although	short-latency	alone	595	

was	not	significant:	t(12)	=	1.63,	P=0.063).	It	is	clear	that	the	scaling	of	the	muscle	responses	in	these	596	

early	 epochs	 is	 small	 and	only	 visible	 in	 Fig.	 7	 c	 and	 f.	 The	 fact	 that	 this	 scaling	was	 still	 observed	597	

based	on	rather	low	levels	of	co-activation	indicated	that	it	was	a	reliable	effect.	The	phasic	increase	598	

and	decrease	in	the	stretch	response,	along	with	the	larger	shortening	response	was	consistent	with	599	

the	change	in	control	gains	predicted	in	the	model	(Fig.	1f).		600	

	601	

Comparisons	across	Experiments	1	and	2	602	

	 Collectively	 our	 experimental	 results	 demonstrated	 a	 change	 in	 control	 strategy	 impacting	603	

forward	velocity	and	feedback	responses	to	perturbations	based	on	co-contraction	and	amplification	604	

of	 control	 gains.	 Thus,	 if	 two	 force-field	 trials	 occur	 in	 a	 row,	 we	 may	 expect	 that	 the	 lateral	605	

displacement	in	the	second	force	field	be	reduced	in	comparison	to	the	first	one,	due	to	the	use	of	a	606	

more	 robust	 strategy.	 Indeed,	 in	Exps.	1	and	2	we	 found	 that	a	 sequence	of	perturbations	 (in	 any	607	

direction)	 evoked	 a	 build-up	 in	 forward	hand	 velocity,	 suggesting	 a	 gradual	 increase	 in	 robustness	608	

(Fig.	8	a-c).	We	performed	a	similar	analysis	on	the	EMG	data	from	Experiment	2	and	also	found	a	609	

concomitant	 build	 up	 of	 activity	 in	 both	 Pectoralis	 and	 Deltoid	 muscles,	 as	 expected	 (Pre.	 epoch	610	

50ms	prior	to	threshold,	indices	0	to	3:	rmANOVA,	F(3,48)>17,	P<10-6).	In	parallel,	when	perturbations	611	

were	 separated	 based	 on	 direction,	 we	 also	 found	 in	 each	 experiment	 the	 presence	 of	 an	 after-612	

effect,	which	 increased	 following	 one	 or	 two	 perturbations	 experienced	 in	 a	 row	 (Fig.	 8d-f).	 Thus,	613	

unexpected	disturbance	 evoked	both	 a	 gradual	 increase	 in	 control	 gains,	 as	well	 as	 an	 increase	 in	614	

standard	after	effect	in	the	next	baseline	trial.		615	
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	616	

[Fig.	8	about	here]	617	

	618	

These	observations	are	particularly	 important	because	they	suggest	that	robust	control	and	619	

error-based	 adaptation	 occurred	 in	 parallel.	 Since	 these	 processes	 varied	 from	 trial	 to	 trial,	 their	620	

respective	contributions	to	behaviour	are	difficult	to	dissociate.	We	end	this	section	by	showing	that	621	

robust	 control	 is	 in	 fact	necessary	 to	explain	an	apparent	contradiction	 in	 the	data.	Recall	 that	we	622	

used	the	same	curl	field	randomly	interspersed	in	each	experiment.	Thus,	it	was	possible	to	compare	623	

participants’	behaviour	when	facing	the	same	disturbance	across	the	two	experiments,	as	well	as	the	624	

after	effect.	First	we	observed	that	the	hand	paths	from	Exp.	2	were	less	deviated	than	in	Experiment	625	

1	(Fig.	9a).	This	result	could	be	quantified	by	comparing	the	maximum	absolute	hand	displacement	626	

from	participants’	average	traces.	We	grouped	data	from	CW	and	CCW	perturbations	to	increase	the	627	

power	 (because	 the	 comparisons	 could	 not	 be	 paired	 due	 to	 the	 fact	 our	 experiments	 involved	628	

distinct	groups	of	participants),	and	found	a	significant	trend	towards	smaller	hand	deviation	for	Exp.	629	

2	(Fig.	9b,	Wilcoxon	rank-sum	test:	Z	=	2.07,	P	=	0.038).	Taking	lateral	deviation	as	an	index	of	error-630	

based	adaptation	to	the	force	field,	one	would	conclude	from	this	result	alone	that	participants	from	631	

Exp.	2	were	more	adapted.	The	contradiction	is	that	the	after-effects	displayed	from	participants	of	632	

Experiment	2	were	significantly	smaller	than	the	after-effects	displayed	by	participants	of	Experiment	633	

1	(Fig.	9a	and	c,	Z	=	3.11,	P=0.0019).		634	

	635	

[Fig.	9	about	here]	636	

	637	

How	 could	 participants	 from	 Exp.	 2	 appear	 more	 adapted	 but	 at	 the	 same	 time	 express	638	

smaller	 after	 effects?	 Our	 framework	may	 resolve	 this	 contradiction.	 Indeed,	 we	 believe	 that	 the	639	

increased	 frequency	and	variation	of	dynamical	 disturbances	 caused	by	 curl-	 and	orthogonal	 force	640	

fields	in	Exp.	2	evoked	an	overall	more	robust	strategy	than	in	Exp.	1	where	perturbation	were	less	641	
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frequent.	To	verify	 this	hypothesis,	we	observed	that	curl	 field	 trials	 in	Exp.	2	occurred	on	average	642	

after	 less	than	2	baseline	trials,	and	this	number	never	exceeded	10	(Fig.	9d).	 In	contrast	 in	Exp.	1,	643	

curl	field	trials	occurred	on	average	after	~4	baseline	trials,	and	the	distribution	of	indices	was	much	644	

broader	 (note	 that	 this	 could	 not	 be	 directly	 assessed	 based	 on	 velocity	 during	 curl	 field	 trials,	645	

because	 the	 increase	 in	 feedback	gains	and	 the	 impact	of	 the	 force	 field	have	opposite	effects).	A	646	

statistical	 comparison	 on	 the	 distribution	means	 also	 revealed	 highly	 significant	 differences	 across	647	

experiments	 (KS-stat	 =	 1,	 P<10-5).	 In	 light	 of	 these	 results,	 our	 explanation	 is	 that	 the	 increased	648	

frequency	of	perturbations	 in	Experiment	2	produced	a	more	robust	strategy	 in	 these	participants,	649	

which	limited	the	lateral	hand	displacement	without	necessarily	evoking	internal	model	adaptation.	650	

	 	651	
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Discussion	652	

	653	

We	explored	the	hypothesis	that	compensation	for	unmodelled	disturbances	was	supported	654	

by	a	robust	neural	control	strategy.	We	studied	the	predictions	of	stochastic	optimal	control	 (LQG)	655	

(Todorov,	2005)	and	a	 robust	 control	design	 that	 can	equivalently	be	described	as	a	 “min-max”	or	656	

worst-case	 strategy	 (Basar	 and	 Bernhard,	 1991)	 applied	 to	 linear	 models	 of	 planar	 reaching	657	

movements.	 The	 robust	 controller	 displayed	 an	 increase	 in	 control	 gains,	 resulting	 in	 faster	658	

movements	 towards	 the	 target	 and	 more	 vigorous	 responses	 to	 perturbations.	 Our	 experimental	659	

results	 supported	 these	predictions:	 the	occurrence	of	unexpected	 force	 field	disturbances	evoked	660	

both	 faster	movements	and	more	vigorous	 responses	 to	perturbations.	Thus,	 the	neural	 controller	661	

was	more	robust	in	the	sense	that	the	feedback	responses	reduced	the	impact	of	the	perturbations	662	

(step	and	force	field).	Thus	the	compensation	for	disturbances	involved	a	“model-free”	component.		663	

Our	 results	 suggest	 a	 robust	 control	 strategy,	 which	 can	 be	 dissociated	 from	 automatic	664	

stiffening	of	 the	 limb	through	 impedance	control	 (Hogan,	1984;	Shadmehr	and	Mussa-Ivaldi,	1994;	665	

Burdet	et	al.,	2001).	 Indeed,	the	 increase	 in	co-contraction	could	have	only	moderately	altered	the	666	

intrinsic	 properties	 of	 muscles	 (≤30%	 increase	 in	 baseline	 activity,	 (Crevecoeur	 and	 Scott,	 2014)).	667	

Even	when	considering	a	 change	 in	mechanical	 impedance	of	 the	 limb,	 the	modulation	of	 forward	668	

hand	 velocity	 as	 well	 as	 the	 phasic	 modulation	 of	 agonist	 and	 antagonist	 responses	 together	669	

supported	a	modulation	of	control	gains.		670	

We	should	underline	 that	 there	 is	no	disagreement	between	 robust	 control	and	 stochastic	671	

optimal	control	(Todorov	and	Jordan,	2002).	In	theory,	LQG	yields	efficient	control	in	the	presence	of	672	

Gaussian	disturbances	based	on	goal-directed,	task-dependent	state-feedback	control	law	(Todorov,	673	

2004;	Franklin	and	Wolpert,	2011;	Scott,	2012;	Crevecoeur	and	Kurtzer,	2018).	The	control	solution	674	

produced	 by	 robust	 control	 also	 consists	 of	 a	 goal-directed,	 state-feedback	 control	 law	 that	 can	675	

change	 flexibly	 should	 there	 be	 a	 change	 in	 the	 task	 or	 cost-function.	 Thus,	 previous	 evidence	 for	676	
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flexible	 state-feedback	 control	 in	 humans	 supports	 robust	 control	 as	 well	 as	 LQG	 as	 models	 of	677	

sensorimotor	coordination.		678	

Clearly	it	is	possible	to	modify	the	cost-function	to	fit	the	modulation	of	control	gains	in	the	679	

context	 of	 LQG.	 However,	 we	 do	 not	 feel	 that	 such	 a	 model	 would	 provide	 much	 conceptual	680	

advance,	as	there	was	no	change	in	spatial,	temporal,	or	accuracy	requirements	justifying	a	change	in	681	

cost-function	 in	 the	 model.	 In	 contrast,	 considering	 robust	 control	 highlighted	 that	 changes	 in	682	

behaviour	could	be	explained	by	considering	unmodelled	dynamics,	which	was	directly	motivated	by	683	

our	 experiments	 and	 did	 not	 require	 arbitrary	 fitting.	 Other	 behavioural	 signatures	 may	 provide	684	

further	insight	into	the	control	strategy	dependent	on	the	context.	Indeed,	previous	work	highlighted	685	

incomplete	correction	for	target	jumps	predicted	in	the	framework	of	stochastic	optimal	control	(Liu	686	

and	Todorov,	2007).	In	our	study,	the	simulations	of	LQG	displayed	incomplete	corrections	(Fig.	1f),	687	

whereas	 the	 robust	 controller	 was	 steering	 the	 system	 to	 the	 target	 regardless.	 This	 paralleled	688	

participants’	 behaviour,	 as	we	 did	 not	 see	 any	 systematic	 effect	 on	 end-point	 distributions	 across	689	

conditions.	We	believe	 the	 details	 of	 error	 corrections	 dependent	 on	 the	 context	 is	 an	 interesting	690	

topic	for	future	work.	691	

An	 important	 finding	 was	 the	 trial-by-trial	 adjustments	 of	 control	 gains.	 An	 unexpected	692	

perturbation	 evoked	 an	 increase	 in	 control	 gains	 for	 the	 next	 trials,	 whereas	 a	 sequence	 of	693	

unperturbed	 trials	 tended	 to	 push	 these	 control	 gains	 back	 towards	 values	 corresponding	 to	 the	694	

predictable	context	(Figs.	3b	and	5b).	The	theory	provides	a	framework	for	interpreting	these	results.	695	

Solutions	 of	 LQG	 and	 robust	 controllers	 impose	 a	 trade-off	 between	 efficiency	 and	 robustness	 of	696	

movement	control	(Fig.	1).	The	most	efficient	controller	(LQG)	is	achieved	at	the	cost	of	sensitivity	to	697	

model	 errors,	 whereas	 the	 most	 robust	 controller	 generates	 costly	 control	 solutions,	 but	 is	 less	698	

sensitive	to	model	errors.	This	result	is	well	known	in	theory	(Levine,	1996;	Boulet	and	Duan,	2007).	699	

Thus,	the	adjustments	of	control	strategies	that	we	observed	experimentally	could	be	understood	as	700	

the	 behavioural	 expression	 of	 competing	mechanisms	 that	 promote	 either	 robustness	 through	 an	701	

increase	 in	 control	 gains	 or	 efficiency	 by	 decreasing	 the	 gains	 after	 a	 series	 of	 predictable	 trials.	702	
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Reproducing	 the	 trial-by-trial	 change	 in	 the	model	 could	 be	 achieved	 by	 altering	 the	 parameter	𝛾,	703	

which	determines	 the	optimal	 level	 of	 disturbance	attenuation,	whereas	 suboptimal	 values	of	 this	704	

parameter	correspond	to	solutions	that	may	resemble	LQG.	A	simple	algorithm	could	be	to	set	𝛾	to	705	

the	 optimal	 value	 following	 a	 disturbance	 (robust	 control),	 and	 relax	 this	 constraint	 in	 predictable	706	

contexts	or	after	adaptation.		707	

This	trial-by-trial	modulation	correlated	with	co-contraction,	which	potentially	presents	two	708	

advantages.	 On	 the	 one	 hand,	 the	 elevated	 levels	 of	 muscle	 activity	 enable	 both	 stretch	 and	709	

shortening	responses	in	antagonist	muscles	at	short	 latencies,	which	may	increase	the	range	of	the	710	

feedback	 response.	 On	 the	 other	 hand,	 an	 increase	 in	 baseline	 muscle	 activity,	 evoked	 by	 a	711	

background	load	or	by	co-contraction,	is	associated	with	“gain-scaling”	(Stein	et	al.,	1995;	Pruszynski	712	

et	al.,	2009;	Crevecoeur	and	Scott,	2014;	Nashed	et	al.,	2015),	which	may	increase	feedback	gains	by	713	

alpha-gamma	 co-activation	 (Vallbo,	 1974).	 Indeed	 a	 modulation	 of	spindles	 sensitivity	 is	 likely	714	

involved,	since	studies	using	galvanic	stimulations	(H-reflex)	did	not	always	observe	gain-scaling	with	715	

co-contraction	(Nielsen	and	Kagamihara,	1993;	Carroll	et	al.,	2005).	The	trade-off	between	efficiency	716	

and	robustness	is	also	apparent	in	this	scenario,	as	it	is	clear	that	there	is	a	metabolic	cost	incurred	717	

with	the	increased	activity	in	neural	circuits	and	in	muscles	used	to	maintain	higher	levels	of	activity.	718	

Our	 results	 demonstrated	 that	 co-contraction	 was	 inhibited	 gradually	 but	 systematically	 in	 the	719	

absence	of	disturbances,	likely	to	save	energy.		720	

Feedback	 modulation	 was	 observed	 during	 motor	 adaptation	 (Wagner	 and	 Smith,	 2008;	721	

Franklin	 et	 al.,	 2012;	 Cluff	 and	 Scott,	 2013).	 This	 modulation	 could	 also	 involve	 a	 change	 in	722	

robustness,	 but	 most	 importantly	 reflected	 knowledge	 of	 the	 environment	 following	 adaptation.	723	

Here	we	observed	a	specific	 role	of	co-contraction.	Thus,	 this	strategy	differed	 from	that	observed	724	

after	learning,	but	it	may	be	a	component	of	the	early	stages	of	adaptation	as	highlighted	in	previous	725	

studies	 (Milner	 and	 Franklin,	 2005;	 Franklin	 et	 al.,	 2008).	 In	 the	 latter	 reference,	 Franklin	 and	726	

collaborators	 showed	 that	 unexpected	 muscle	 stretches	 during	 reaching	 evoked	 co-contraction,	727	

whereas	 the	absence	of	unexpected	disturbances	was	 followed	by	a	decrease	 in	co-activation	 (“V”	728	
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learning	scheme).	This	update	rule	was	shown	to	converge	to	novel	patterns	of	activity	suitable	for	729	

adapting	 motor	 commands	 to	 altered	 dynamics.	 Here	 we	 reproduced	 similar	 adjustments	 across	730	

trials:	unpredictable	perturbations	evoked	co-contraction,	and	a	 sequence	of	 similar	 (unperturbed)	731	

trials	decreased	it.	Our	contribution	was	show	that	co-contraction	may	not	only	modulate	the	limb’s	732	

intrinsic	 impedance	 (Hogan,	 1984;	 Burdet	 et	 al.,	 2001),	 but	 also	 adjust	 the	 robustness	 of	 neural	733	

control	through	a	change	in	feedback	gains.		734	

	 Behaviourally,	 robust	 control	 is	 consistent	 with	 previous	 reports	 exploring	 human	 motor	735	

control.	For	instance,	Wei	and	colleagues	studied	adaptation	to	perturbations	of	different	kinds	and	736	

concluded	 that	 humans	 used	 a	 non-specific	 strategy	 (Wei	 et	 al.,	 2010).	 This	 result	 was	 consistent	737	

with	 a	 model-free	 compensation	 as	 the	 perturbations	 were	 unpredictable,	 and	 such	 a	 default	738	

strategy	 must	 also	 be	 suitable	 for	 the	 worst-case	 disturbance.	 Robust	 control	 may	 also	 explain	739	

strategies	 observed	 by	 Hadjiosif	 and	 Smith	 (Hadjiosif	 and	 Smith,	 2015)	 in	 the	 context	 of	 object	740	

manipulation.	 In	 this	 experiment,	 participants	 encountered	 force	 fields	 where	 the	 coefficient	741	

mapping	forward	hand	velocities	onto	lateral	forces	was	normally	distributed	with	differing	levels	of	742	

variance	 across	 conditions.	 The	 authors	 reported	 changes	 in	 grip	 control	 that	 scaled	 with	 the	743	

variance	of	encountered	 loads	during	movement.	 In	general,	 a	 stochastic	optimal	 controller	would	744	

not	 scale	 with	 the	 variance	 of	 the	 noise,	 as	 it	 optimizes	 the	 expected	 cost.	 In	 contrast,	 a	 robust	745	

controller	 would	 produce	 sufficient	 grip	 force	 in	 the	 worst-case	 scenario,	 and	 thus	 it	 would	 be	746	

sensitive	to,	and	scale	with,	the	variance	of	disturbances.		747	

Our	 findings	 have	 important	 impact	 on	 our	 interpretations	 of	 the	 neural	 basis	 of	 motor	748	

learning.	Indeed,	although	a	reduction	of	perturbation-related	motor	errors	is	commonly	viewed	as	749	

evidence	for	adaptation,	our	experiments	revealed	that	such	changes	also	involved	a	robust	(“model-750	

free”)	control	strategy.	The	use	of	force	channels	to	measure	adaptation	may	partially	overcome	this	751	

difficulty,	 but	 due	 to	 spontaneous	movement	 curvature,	 the	 robust	 strategy	may	 also	 impact	 the	752	

force	produced	against	 the	channel	walls.	 In	addition,	we	uncovered	that	 the	selection	of	a	 robust	753	

strategy	potentially	impacted	learning	(see	Fig.	9).	We	previously	reported	a	trade-off	characterizing	754	
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individual	 differences	 in	 motor	 learning	 (Cluff	 et	 al.,	 2019):	 some	 individuals	 exploited	 robust	755	

strategies	to	compensate	for	partial	 learning	of	a	force	field,	whereas	others	who	expressed	better	756	

learning	and	reliance	on	their	internal	models	also	displayed	less	robust	strategies	when	exposed	to	757	

unpredictable	loads.	Whether	the	relationship	between	robustness	and	learning	shown	in	Fig.	9	was	758	

due	 to	 differences	 across	 the	 two	 groups	 or	 to	 interaction	 between	 these	 processes	 remains	759	

unknown	 but	 constitutes	 an	 important	 question	 for	 future	 work.	 Furthermore,	 it	 was	 recently	760	

reported	 that	 online	 control	 during	 unexpected	 force	 fields	 or	 visuomotor	 perturbations	 involved	761	

very	 rapid	 learning	 (Braun	et	al.;	Crevecoeur	et	al.,	2018).	Thus,	a	 clear	challenge	 is	 to	disentangle	762	

robust	 control	 from	 rapid	 adaptation,	 since	 the	 function	 of	 both	 processes	 is	 to	 counter	763	

perturbation-related	motor	errors	over	fast	timescales.	 	764	
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Figure	Legends	765	

	766	

Figure	1.	Model	Predictions.	a.	Schematic	representation	of	a	control	system	where	the	controller	is	767	

the	Central	Nervous	System	(CNS),	and	includes	a	state	estimator	and	a	motor	command	generator.	768	

LQG	minimizes	 the	 expected	 cost	 of	movements	when	 disturbances	 follow	 a	 zero	mean	Gaussian	769	

distribution,	 whereas	 Robust	 control	 mitigates	 the	 impact	 of	 arbitrary	 (bounded)	 disturbances.	 b.	770	

Schematic	 illustration	 of	 the	 trade-off	 between	 efficiency	 and	 sensitivity	 to	 model	 errors.	 LQG	771	

generates	 efficient	movements	 under	 the	 assumption	 that	 there	 is	 no	 fixed	model	 error,	whereas	772	

robust	 control	 generates	 costly	 movement	 solutions	 that	 are	 insensitive	 to	 model	 errors.	 c.	773	

Simulated	hand	path	to	the	target	with	(right)	and	without	(left)	step	perturbation	loads	applied	to	774	

the	 system.	 The	 movement	 amplitude,	 movement	 time,	 and	 perturbations	 were	 similar	 to	 the	775	

experimental	design.	The	trajectories	were	generated	with	a	 robust	controller	 (red)	or	a	stochastic	776	

optimal	 controller	 (blue).	 d.	 Consequences	 of	 the	 trade-off	 captured	 by	 the	 total	 cost	 computed	777	

averaged	 across	 100	 simulation	 runs	 in	 each	 condition	 (baseline:	 open;	 perturbed:	 filled).	 The	778	

logarithm	 of	 the	 cost	 was	 normalized	 to	 the	 cost	 of	 LQG	 control	 in	 unperturbed	 conditions	 for	779	

illustration.		e.	Forward	and	lateral	velocity	averaged	across	100	simulation	runs	with	identical	color	780	
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code	as	 in	panel	b.	The	increase	in	control	gains	for	the	robust	controller	produces	greater	velocity	781	

towards	the	target	(forward	velocity:	Robust	>	LQG),	and	a	rapid	reduction	of	 lateral	velocity	when	782	

step-force	disturbances	are	applied	to	the	system	(lateral	velocity:	Robust	<	LQG).	f.	Control	response	783	

following	 the	 lateral	 perturbation	 applied	 to	 the	 system	 averaged	 across	 100	 simulation	 runs.	784	

Observe	that	the	robust	strategy	yields	a	transient	increase	in	control	response.		785	
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	786	

Figure	 2.	 Experiment	 1:	 Behaviour.	 a.	 Illustration	 of	 the	 experimental	 procedures:	 participants	787	

performed	visually	guided	reaching	movements	in	the	forward	direction	while	grasping	the	handle	of	788	

a	 robotic	manipulandum.	 They	performed	movements	with	 or	without	 force	 field	 (curl	 field)	 trials	789	

randomly	interleaved.	See	Methods	section	for	more	details.	b.	Hand	velocity	of	individual	trials	from	790	

one	 representative	 participant.	 Ten	 traces	 were	 randomly	 selected	 for	 illustration	 from	 the	 pre-	791	

(orange),	 peri-	 (purple),	 and	 post-exposure	 to	 uncertain	 context	 (green).	 The	 peak	 hand	 speed	792	

computed	for	each	trial	is	highlighted	with	dots	following	the	same	color	code	and	the	triangles	are	793	

aligned	with	the	average	peak	velocity	 in	each	condition.	c.	Group	data	of	forward	hand	velocity	 in	794	

the	 pre-,	 peri-,	 and	 post-exposure	 to	 randomly	 applied	 disturbances.	 The	 figure	 shows	 the	795	
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mean±SEM	across	20	trials	in	each	phase	(trials	chosen	from	the	peri-exposure	were	evenly	spaced,	796	

n=10	subjects).	d.	Left:	Individual	change	in	average	peak	velocity	in	the	peri-exposure	as	a	function	797	

of	the	average	from	the	pre-exposure.	Each	dot	represents	one	participant.	The	filled	dots	represent	798	

the	participants	who	exhibited	significant	differences	in	the	distribution	of	individual	trials	(Wilcoxon	799	

ranksum	test,	P<0.05).	Right:	Same	as	the	left	panel	for	the	data	post-exposure	as	a	function	of	the	800	

average	in	the	peri-exposure.	The	arrow	points	to	the	participant	chosen	to	illustrate	the	main	effect	801	

in	Panel	b.	802	
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	803	

Figure	3.	Trial-by-trial	modulation.	a.	 Illustration	of	trial-by-trial	changes	in	control	strategy	for	one	804	

selected	series	of	 trials.	Dots	represent	the	time	series	of	peak	hand	velocity	across	baseline	trials.	805	

Vertical	lines	indicate	the	occurrence	of	perturbation	trials.	Black	dots	highlight	the	baseline	trials	for	806	

which	 there	 was	 an	 increase	 in	 hand	 velocity	 following	 a	 force	 field.	 Open	 dots	 represent	 the	807	

baseline	 that	 followed	 a	 force	 field	 but	 did	 not	 display	 an	 increase	 in	 forward	 peak	 hand	 velocity	808	

after	 being	 exposed	 to	 a	 force	 field.	 Observe	 the	 relatively	 high	 proportion	 of	 baseline	 trials	809	

displaying	 an	 increase	 in	 hand	 velocity	 following	 force	 field,	 and	 the	 tendency	 for	 peak	 forward	810	

velocities	to	decay	between	two	force	field	trials.	The	arrows	at	the	end	of	the	series	are	aligned	on	811	

the	averaged	forward	velocities	of	baseline	trials	across	pre-,	peri-	and	post-exposure	phases	for	this	812	

participant.	 b.	 Trial-by-trial	 modulation	 of	 peak	 forward	 velocity	 in	 each	 condition.	 In	 the	 peri-813	

exposure	 phase,	 trials	 were	 grouped	 as	 a	 function	 of	 their	 index	 after	 each	 force	 field	 trials.	814	

Statistical	 comparisons	 are	 based	 on	 paired	 t-tests	 between	 trials	 in	 each	 index	 and	 peak	 hand	815	

velocity	in	the	post-condition	(star:	P<0.005,	dagger:	0.05,	after	Bonferroni	correction,	n=10).	c.	After	816	

effect	 quantified	 as	 the	maximum	 lateral	 deviation	 across	 the	different	 phases	 of	 the	 experiment.	817	

Statistical	comparisons	were	performed	as	for	the	peak	forward	hand	velocity	by	comparing	data	of	818	
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each	 trial	 index	 with	 the	 data	 from	 the	 post-exposure	 phase.	 Similar	 Bonferroni	 correction	819	

corrections	 were	 used	 as	 in	 panel	 b.	 d.	 Peak	 forward	 velocity	 as	 a	 function	 of	 maximum	 lateral	820	

displacement.	 Data	 was	 transformed	 into	 z-score	 for	 comparison	 relative	 to	 the	 mean	 and	821	

population	of	 the	data	 from	trial	 index	12.	Dashed	trace	 is	 the	 identity	 line;	gray	and	red	 illustrate	822	

least-square	 regressions	 and	 95%	 confidence	 interval.	 Only	 population	 averages	 are	 displayed	 but	823	

the	regression	and	confidence	intervals	were	calculated	on	individuals’	averages.		824	



	 39	

	825	

Figure	4.	Behaviour	from	Experiment	2.	a.	 Illustration	of	the	experimental	procedure:	the	task	and	826	

workspace	 were	 identical	 to	 Exp.	 1.	 Pre-	 and	 post-exposure	 phases	 include	 step	 perturbations	827	

triggered	when	the	cursor	crossed	a	position	threshold	corresponding	to	one-third	of	the	reach	path,	828	

whereas	the	peri-condition	includes	step	perturbations,	orthogonal	and	curl	force	fields,	all	randomly	829	

interleaved.	b.	Trial	by	trial	peak	forward	velocity	during	pre-,	peri-,	and	post-exposure	phases	with	830	

the	same	color	code	as	in	Fig.	3.	c.	Same	as	Figure	3b	for	the	data	from	Experiment	2.	There	was	no	831	

systematic	 difference	 in	 peak	 forward	 hand	 velocities	 between	 pre-	 and	 peri-exposure	 phases,	832	

whereas	the	reduction	in	hand	velocity	during	post	exposure	was	weakly	significant	(paired	t-test,	P	<	833	

0.05,	n=13).			834	
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	835	

Figure	5.	Behaviour	of	Experiment	2:	Baseline	Trials.	a.	Peak	forward	velocity	as	a	function	of	trial	836	

index	similar	to	Fig.	4d.	Paired	comparisons	were	based	on	paired	t-test	with	the	data	with	minimum	837	

average	velocity	 (index	6).	b.	Same	as	a	with	the	activity	of	each	muscle.	Paired	comparisons	were	838	

performed	with	 the	data	 from	 index	 7.	 c.	 Surface	 activity	 of	 Posterior	Deltoid	 (left)	 and	Pectoralis	839	

Major	 (right)	 during	 baseline	 trials	 averaged	 across	 trials	 and	 subjects.	 Trials	 were	 separated	840	

dependent	 on	 the	 preceding	 number	 of	 baseline	 trials.	 The	 categories	 chosen	 to	 highlight	 the	841	

dependency	on	the	trial	sequence	were	trials	with	index	1	(black),	3	(gray),	and	>4	(light	gray).	The	842	

traces	were	aligned	 to	 the	moment	when	 the	hand	 crossed	 the	position	 threshold,	 and	 smoothed	843	

with	a	5ms-sliding	window	for	illustration.	The	dashed	rectangles	shows	the	time	window	used	in	the	844	

subsequent	analyses	and	corresponds	to	the	Pre.	epoch	(-50	to	0ms	prior	to	threshold	crossing).	d.	845	

Correlation	between	mean	EMG	in	the	same	time	window	and	peak	velocity	across	trials.	Data	from	846	
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one	exemplar	participant.	f.	Slopes	of	the	correlations	as	computed	in	e	for	each	subject.	One	dot	is	847	

one	 participant,	 filled	 dots	 illustrate	 significant	 regressions,	 open	 does	 illustrate	 indicate	 non-848	

significant	regressions	(P>0.05).	Observe	that	all	but	two	fits	were	significant,	and	all	but	two	display	849	

positive	correlations	of	activity	from	antagonist	muscles	with	forward	hand	velocity.	Horizontal	bars	850	

are	population	averages	and	vertical	bars	are	one	SEM	(n=13).		851	



	 42	

	852	

Figure	 6.	 Behaviour	 of	 Experiment	 2:	 Step	 Perturbations.	 a.	 Illustration	 of	 the	 classification	 of	853	

perturbation	 trials	 dependent	 on	 the	 number	 of	 preceding	 baseline	 trials.	 The	 classification	was	 a	854	

median	 split	 based	 on	 this	 index	 (below	 median:	 trials	 occurring	 “Early”:	 above	 median,	 trials	855	

occurring	 “Late”).	b.	Distribution	of	 baseline	 trial	 indices.	 These	 indices	 for	 each	 step-perturbation	856	

trial	correspond	to	the	number	of	unperturbed	trials	that	preceded	them.	c.	Average	forward	hand	857	

velocity	for	perturbation	trials	measured	at	perturbation	onset.	The	data	is	the	average	across	trials	858	

classified	as	“early”	(preceded	by	a	perturbation)	as	a	function	of	the	same	variable	for	perturbation	859	

trials	 classified	 as	 “late”	 (preceded	 by	 ≥1	 baseline	 trials).	 d.	 Lateral	 hand	 velocity	 for	 the	 step	860	

perturbation	 trials	 (left	 or	 right)	 dependent	on	 the	 classification	 shown	 in	panel	a.	 Vertical	 arrows	861	

depict	 the	 movement	 when	 the	 sliding	 t-test	 on	 participant	 averages	 across	 trial	 types	 became	862	

dropped	below	P<0.01.	e.	Average	hand	path	for	each	category	of	trial	and	perturbation	responses.	863	

Trials	 were	 aligned	 on	 perturbation	 onset.	 f.	 Grand	 average	 of	 differences	 in	 the	 x-coordinate.	864	

Displays	are	“Late”	minus	“Early”,	 indicating	that	trials	classified	as	“Early”	exhibited	smaller	 lateral	865	

displacement	 in	 absolute	 value.	 g.	 Changes	 in	 average	 maximum	 lateral	 displacement	 from	 each	866	

individual.	As	in	panel	g,	positive	and	negative	data	for	positive	and	negative	perturbations	indicate	867	
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that	 trials	 classified	 “Early”	 exhibited	 smaller	 lateral	 displacement.	 The	 stars	 indicate	 significant	868	

differences	(P<0.005,	one	tail,	paired	comparisons,	n=13)		869	
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	870	

Figure	7.	Muscle	Responses	to	Perturbations.	a.	Response	to	the	perturbation	in	Posterior	Deltoid.	871	

The	solid	vertical	 lines	 in	the	middle	and	bottom	panels	correspond	to	perturbation	onset,	and	the	872	

dashed	 lines	 correspond	 to	different	epochs	used	 in	 the	binned	analysis	 (1:	 short-latency,	 [20,	 50]	873	

ms;	2:	long-latency	[50,	100]	ms;	3:	early	voluntary,	[130,	180]	ms;	and	4:	voluntary,	[200,	250]	ms).	874	

Vertical	lines	at	the	right	side	of	the	plots	show	the	standard	error	across	participants	at	250ms	after	875	

perturbation	onset.	Arrows	above	each	panel	 indicate	 the	perturbation	direction.	b.	 Same	as	a	 for	876	

the	Pectoralis	Major	 (shoulder	 flexor).	c.	Grand	 average	of	 the	difference	between	muscle	 activity	877	

across	“Early”	and	“Late”	trials	from	panels	a	and	b.	The	difference	was	averaged	across	muscles,	and	878	

then	across	participants.	d-f:	same	as	panels	a-c	d	to	f	 for	the	antagonist	response.	All	 traces	were	879	

smoothed	with	a	5ms,	centered	moving	average.	Shaded	areas	represent	one	standard	error	of	the	880	

mean	across	participants	(n	=	13).	Muscles	activities	 in	panels	a,	b,	d,	and	e	correspond	to	the	raw	881	

EMG	 data	 after	 normalization	 against	 the	 background	 load	 (see	 Methods).	 The	 traces	 shown	 in	882	

panels	d	and	f	are	the	difference	across	classes.	Observe	the	pre-perturbation	differences	 linked	to	883	

the	strategy	and	co-contraction	(Fig.	5).	884	
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	885	

Figure	8.	Change	in	Strategy	and	Learning.	a.	Baseline	trials	were	assigned	an	index	corresponding	to	886	

the	number	of	perturbation	trials	of	any	kind	that	preceded	them.	b.	Average	forward	hand	velocity	887	

across	trials	of	the	same	index	and	across	participants.	Traces	were	aligned	to	the	position	threshold	888	

as	 above,	which	was	on	 average	 close	 to	peak	 velocity.	Data	 from	Experiment	1.	c.	 Individual	 and	889	

average	peak	hand	 velocity	 across	 indices	 from	Experiments	 1	 and	2.	 The	data	 illustrates	 that	 the	890	

increase	 in	 control	 gains	 documented	 in	 each	 experiment	 builds	 up	during	 a	 series	 of	 any	 kind	 of	891	

perturbation.	 Star(s)	 indicate	 significant	 comparisons	 at	 the	 indicated	 level	 after	 Bonferroni	892	

corrections	 for	multiple	 comparisons	 (n=10	 for	 Exp.	 1	 and	 n=13	 for	 Exp.	 2).	 Vertical	 bars	 are	 the	893	

standard	 error.	 d.	 Illustration	 of	 the	 labelling	 procedure.	 The	 trials	 were	 indexed	 based	 on	 the	894	

preceding	 number	 of	 perturbations,	 and	 on	 the	 direction	 of	 the	 perturbation.	 Step	 perturbations	895	

were	included	as	CW	or	CCW	disturbances	in	this	analysis	as	they	produced	an	after	effect	similar	to	896	

the	force	field	(see	Results).	e.	 Illustration	of	hand	paths	following	one	(dashed)	or	two	(solid)	force	897	

field	 trials,	 in	CW	(red)	or	CCW	(blue)	directions.	 f.	 Lateral	coordinate	at	 the	position	 threshold	 for	898	

each	 index	 and	 direction.	 Individuals’	 grand	 average	 across	 all	 baseline	 trials	 was	 subtracted	 for	899	

illustration.	Statistical	comparisons	followed	the	same	procedure	as	for	panel	c.			900	
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	901	

Figure	 9.	 Apparent	 Adaptation.	 a.	 Left:	 Average	 hand	 displacements	 during	 curl	 field	 trials	 from	902	

Experiments	1	and	2	depicted	with	thin	and	thick	traces	respectively.	Blue	and	red	traces	correspond	903	

to	counter-clockwise	and	clockwise	perturbations.	The	maximum	absolute	lateral	displacement	was	904	

extracted	from	each	participant’s	 individual	average	and	data	from	the	two	directions	were	pooled	905	

to	 increase	 power.	 Right:	 Hand	 traces	 in	 baseline	 trials	 following	 force	 field	 trials	 to	 highlight	 the	906	

after	 effect.	 This	 after	 effect	 was	 extracted	 at	 the	 position	 threshold	 similar	 to	 Fig.	 8.	 The	 lateral	907	

component	of	the	average	baseline	trajectory	was	subtracted	for	each	participant.	Ellipses	represent	908	

2D-dispersion	 for	 the	mean	 (i.e.	 the	axes	of	 the	ellipses	were	 scaled	by	 the	 square	 root	of	 sample	909	

size).	b.	Maximum	absolute	hand	displacement	across	experiments.	The	absolute	hand	displacement	910	

was	larger	in	Exp.	1	(n=10	x	2	directions)	than	in	Exp.	2	(n	=	13	x	2	directions)	at	the	level	P	<	0.05	(see	911	

also	Results).	Dots	represent	average	traces	for	each	participant	for	CCW	(dark	blue)	and	CW	(dark	912	

red)	trials.	c.	Same	as	b	for	the	after	effect.	The	two	distributions	were	statistically	different	at	the	913	

level	P	<	0.005.	d.	Cumulative	distribution	of	the	number	of	baseline	trials	preceding	each	force	field	914	

trial	per	participant	and	in	each	experiment.	Vertical	lines	represent	participant	averages.	Statistical	915	

difference	at	the	level	P	<	0.005	are	highlighted.		916	
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