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Abstract— The concept of kinematic synergies is proposed to able DoF. Though named the same, synergies have different
address the dimensionality reduction problem in control aml meanings. In many contexts, synergies are common (shared)
coordination of the human hand. This paper develops a method spatiotemporal patterns in muscle activities or movemare-k

for extracting kinematic synergies from joint-angular-velocity . . N
pro les of hand movements. Decomposition of a limited set of matics/dynamics. These patterns can be used as primitives o

synergies from numerous movements is a complex optimizatio Puilding blocks, which can be combined to form complete
problem. This paper splits the decomposition process intowio movements. In this paper, kinematic synergies observed in
stages. The rst stage is to extract synergies from rapid mosment  angular velocity pro les of joint movements of the hand will

tasks using singular value decomposition (SVD). A bank of ha referred to as hand synergies. Our de nition of synergies
template functions is then created from shifted versions othe . . ired by d'Avella et al. [5 d be int ted b

extracted synergies. The second stage is to nd weights and IS Inspire . y ! vella et al. [5] and can be in erprg ed by
onset times of the synergies based oh-minimization, whose @ convolutive-mixture model for movement generation [8].

solutions provide sparse representations of hand movememt According to this model (see Section II-A), commands in

using synergies. the form of impulse trains originated in the CNS convolve
Index Terms— Grasping, human hand, kinematic synergiesl;- With the pattern generators in the lower-level neural and
minimization, rehabilitation, virtual reality. biomechanical systems to result in the generation of hand
movements. Synergies can be viewed as impulse responses
l. INTRODUCTION of these pattern generators.

The objective of this paper is to identify the hand synergies

THE HUMAN hand has a large number of mechaniggl d(?hrough developing an effective algorithm to decompose the
grees of freedom (DoF), which offers tremendous exibility joint-angular velocity pro les of the hand. Decompositioha

perform skilled nger movements. Such exibility makes thejniiaq set of synergies from numerous movements is a com-
control of the hand very challenging. Nevertheless, there_ibn plex optimization problem. One of our previous attempts [9]
nervous system ,(CI\_]S) seems to handle the comp!exny 4W4s to use an iterative gradient-descent method to deca@npos
high dimensionality in movement control with amazing easg, 4 synergies following the approach of d'Avella et al..[5]
and gbsence of effort. Researchers have b_een confronted-l-n&t method simultaneously searches for the waveforms of
the high DoF control problems when attempting to understag nergies and the parameters (weights and time-shiftsacha

physiology behind the movements and to mimic the CN@j;ing the recruitments of synergies in movements. Hawev
in various applications like brain-computer interface (BC it may converge to local minima because of the nonconvex
robotics, telesurgery, and neuroprosthesis. These m’rsblen

) . , , )ature of the optimization problem. Moreover, this method
have been addressed by different theories on dmensmnaﬂ_gquires long processing times, which make it inapplicable

reduction, many of which converge at an endeavor of extragl= o _ritical implementations such as BCI

ing synergies, to list a few relevant [1]{7]. In order to reduce the computational load, we split the

Synergies are hypothesized to address the key problems E@éomposition process into two stages in this paper. Thie rs
are posed to the CNS in control and coordination of ava fage is to extract the waveforms of synergies from rapid

Manuscript received April 12, 2009; revised July 29, 200BisTwork was move_ment tagks u3|_ng smgular value decomposmon_ (SVD)
supported by the National Science Foundation (NSF) undentGEMMI-  (details given in Section II-C). A bank of template functide

0727256 Asterisk indicates corresponding author. ) then created from shifted versions of the extracted syesrgi
R. Vinjamuri is with the Department of Physical Medicine aiftk- The second stage is to nd the weights and onset times of
habilitation, University of Pittsburgh, Pittsburgh, PA 2B USA (email: ge | weig I

rkv3@pitt.edu). the synergies. The optimization problem in this stage can

_M. Sun is_with the Department of Neurological Surgery, Unéiy of phe formulated as ath, -minimization problem, which can be
Pittsburgh, Pittsburgh, PA 15213 USA. fCi | ived b . . . hod. Th e
C.-C. Chang is with the Department of Electrical Enginegrifational et ciently solve y an interior-point method. e solut®

Taipei University of Technology, Taipei 106, Taiwan, Rejwlof China. to thel;-minimization problem tend to select a sparse set of

H.-N. Lee is with the Department of Information and Commatians, synergies or shifted versions of synergies from the bank of
Gwangju Institute of Science and Technology, 1 Oryong-doBgk-gu,

Gwangju 500-712 Republic of Korea. template functions constructed in the rst stage. Compared
R. J. Sclabassi is with the Computational Diagnostics Iparated, Pitts- with earlier methods [5], [9], the above two-stage method
burgh, PA 15213 USA. greatly simplies the computation and favors time-critica

Z.-H. Mao is with the Department of Electrical and Computegkeering licati Furth hi hod f et
and the Department of Bioengineering, University of Piitgih, Pittsburgh, applications. Furthermore, this method accounts for ipielti

PA 15261 USA (email: maozh@engr.pitt.edu). recruitments of a single synergy in a movement. Such relisabi



2 () -
> v, (t
ST | g (@ SO — _—~0
g = N
> — o
Z o j _ /()
B ~ - D v (t) — —
| S 2 : o) & 120 ,
- @ . : B
e = : v, (1)
2 8 V(1) " A command impulse j ( )
@ 2 - N a_ctLvating Sh
- the j-th synergy Velocit file of

I ‘_g v,(t) The j-th synergy generator tehgcjl_%/hpsrgr:eeré)y
2 o 3 — triggering movements
% g - of the n finger joints
S Time
’ ® SO
Fig. 1. An example of using three synergies (a) to constmicit-pngular- : v, t)=

© s m K;
velocity pro les at3 joints (b). .

s'() S (t- 1)

j=1k=1

ity of a single synergy was not considered in other models, t c.(t) 52( ) :
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A. Model ynergy generators mixtures
An illustration of how synergies combine to form movement (c) o
is shown in Fig. 1. In this gure weighted combination of tere c(t) T
. . . . 1
time-varying synergies leads to the formation of a movemer et Sommand _ to
pro le. This can be numerically represented as movement : cm[
xn % i Cm(t) t
= .o )
V(t) ) Gk S (t th) (1a) Fig. 2. Hypothesized model for generation of hand moveméat. A
j=1 k=1 kinematic synergy can be depicted as impulse responses ef af slters.
or The Iters summarize the related neural-biomechanicalcitires that trigger
¥ ¥ nger-joint movements in response to an impulse in the higaeel neural

system. (b) A movement pro le of the hand can be modeled asdiotive

j
vi(t) = Cik S: (t tw); i=1;z0m (1b) mixtures of command impulses passing through the corretipgniters or
j=1 k=1 synergy generators [8]. (c) Synchronous command signaith (lve same
. o onset time) in a rapid movement.
In the above equationg(t) denotegvi(t); ;vn(t)], where
O represents transpose;(t) (i = 1;::;n) represents the

angular velocity of the-th joint of the hand at tim&, and which triggers the movement of a specic nger joint. The

n is the total number of the considered joints of the handters or synergy generators characterize the related aleur

a kinematic synergy is denotes(t) [Si(t);  ;sh(1)]° biomechanical structures that are responsible for the mewe

wherej ranges froml to m and m is the total number of of nger joints in response to a command impulse. We assume

synergiesK ; is the number of repeats of theth synergy used that all the Iters are linear and their impulse responsegeha

inv(t), andgi andty represent the amplitude coef cient and nite durations. Thus, a movement pro le of the hand can be

time shift, respectively, of thk-th repeat of the synergy (). modeled as the superposition of the impulse responses of the

Note that in Fig. 1, the rst synergy is used twice (a shiftedommand impulses passing through the corresponding lters

version of the rst synergy is used at the end of the movemenigsiding in the neural system and connected biomechanical

Accommodating multiple recruitments of the same synergystem [Fig. 2(b)]. A similar idea was already studied in][10

can reduce the DoF or dimensionality in movement contralhere Tresch et al. proposed that the CNS produces a range of

and thus reduce computational load of the CNS. movement through the combination of a small number of “unit
The synergy-based movement generation can also be kst generators” organized within the spinal cord. Masbn e

terpreted by a convolutive-mixture model proposed in [8hl. hypothesized that the eigenpostures or postural sigserg

The angular velocities of nger joints can be modeled asiay be represented in the discharge of a population of hand-

convolutive mixtures of some command signals representedated motor and premotor cortical cells [4].

by impulse trains (Fig. 2). A command impulse (originated in Based on the above model, when {hth synergy generator

the higher-level neural system) evokes the activationroliis is activated by an impulse with amplitudg, at time tj1

in the neural system, then stimulates certain biomechhniffaig. 2(a)], we obtain a hand movement with the following

structures, and eventually creates a stereotyped andidage angular-velocity pro le:

at each nger-joint of the hand. This process can be viewed V)= 619 (t t1):

as the activation of a synergy [Fig. 2(a)] and is similar te th G1 1

production of impulse responses of a set of lters, each &¥hen thej-th synergy generator is activated by a command



signalg; (t) containing a train of impulses with amplitudgg  joints were not considered because the motions of the DIP and
at timesty , k = 1;::;;Kj, the angular-velocity pro le of the PIP joints are highly dependent—it was observed that during

nger joints becomes natural movements the exion of the DIP joint of a nger is
£ about two third of that of the PIP joint [12].
vi)=(g ¢)t)= Ges (t ) Ten right-hand dominant subjects were tested in a set of

behavioral tasks. The question of whether the handedness
in uences identi cation of synergies is not addressed ifsth

, > : ! l8§per. The existence of postural synergies has already been
are considered [Fig. 2(b)], the convolutive-mixture mockh shown irrespective of the handedness [13]. The inuence

then be expregsed by (1‘?‘) or (1b). ) , of handedness on kinematic synergies, though an integestin
In the following, we will also consider a special type Ofresearch question, is beyond the scope of this paper.

mO\f/emer(ljts,hl.e., rapl% hand movements._The hhuman subje;?? typical task consisted of grasping the objects of various
pertorme t ese rapl m(_)vements to mimic the process apes and sizes. Objects (wooden and plastic) of different
reacting tollnstantaneous |mpu_lse_zs descendmg f“’”? the. C'ggapes (spheres, circular discs, rectangles, pentagats, n
These .rap|d movements minimize the reaction times anf bolts) and different dimensions were used in the grgspin
constrain the Synergies to combine instantaneously [Ki)].2 tasks and were selected based on two strategies. One was
Thlus_as a ‘T’pe(;'al cas_((aj of the current rrl;odel,hﬁhe gngul adually increasing sizes of similar shaped objects, aed t

ve _ocr:tydpro cofra rap{; mr?vement can b€ achieved as gner was using different shapes. Start and stop times d&f eac
We'g tfe I su_mmatlon 0 Ync ronoussynergies as expresseqask were signaled by computer-generated beeps. In edch tas
In the following equation: the subject was in a seated position, resting his/her rightih

k=1
where represents convolution. When more than one synerg

X _ at a corner of a table and upon hearing the beep, grasped the
v(t) = Gos (t  to) (2)  object placed on the table. At the time of the start beep hand
i=1 was in rest posture, and then the subject grasped the object
where the impu|ses (If‘ (t)’ J = 1;::;m, occur at the same and held it until the stop beep. Between the grasps, there was
time to but may have different amplitudg,. enough time for the subjects to avoid the affects due todatig

For different grasping tasks as described later in Section Ph succeeding tasks. The experiment was split into two shase
B, we use superscrig (g = 1;2;:::) in v9(t) to distinguish training phase and testing phase, the difference in these tw
angular-velocity pro les of different movement tasks. liew P€ing the velocity of grasps and types of grasps. _
shift all v9(t) in time such that the movement onset times In the training phase, subjects were instructed to rapidly
coincide witht = 0, then the time of impulseg,, in v9(t) grasp50 objects, one at a time, to mimic the process of
should be the same for ajj, but the amplitudes of impulses,reacting to instantaneous impulses descending from the. CNS
denotedcjgo, may be different for differeng. Therefore, for This was repeated for the sarb@ objects, and thus the whole

taskg, (2) can be rewritten as training phase obtainetDOrapid grasps. Only thesE)Orapid
grasps were used in extracting synergies.
vI(t) = s (t to) (3a) In the testing phase, subjects were instructed to grasp the
= ' above50 objects naturally (slower than the rapid grasp) then

or repeat the same again. So far the tasks involved only grgspin

X _ _ action. To widen the scope of applicability of the synergies
V()= oSt to); i=15u5n (3b)  subjects were also asked to p&&American Sign Language
j=1 (ASL) postures. Here subjects would start from an initial

Then we can use SVD to extract the synchronous synergiBgsture and stop at one ASL posture. These postures cahsiste

Sincesi (t to) has exactly the same waveform sf(t), it ©Of 10 numbers @-9) and26 alphabets (A-Z) as shown in [14].

is equivalent to ussl (t  to) (j = 1;::;m) as the synergies. Note that these movements are different from grasping tasks

From now on, we simply writesi (t  to) ass (t), ignoring This is the testing phase which consistsl60 natural grasps

theto term. and 36 ASL postural movements. The synergies derived in
the training phase were then used in the reconstructionl of al

. movements in the testing phase.
B. Experiments

The experimental setup consisted of a right-handed C9= Analysis

berGlove [11] equipped witl22 sensors which can measure Compared with the time-varying synergy model proposed
angles at all the nger joints. For the purpose of reducinmeo in our previous work [9], the current model (1a) allows
putational burden, in this study we only considefiddof the repetitive uses of synergies in a single movement. Although
sensors which correspond to the metacarpophalangeal (M@R$ brings us closer to physiological reality, computasily
and interphalangeal (IP) joints of the thumb and the MCP amite decomposition of synergies becomes more dif cult. We
proximal interphalangeal (PIP) joints of the other four erg. need to determine not only the shapes of the synergies lmt als
These ten joints can capture most characteristics of thd haheir onset times, amplitudes, and number of recruitments i
in grasping tasks. Note that the distal interphalangeaP)]DIthe movement. Instead of iteratively adjusting both thepsit



and timing of the synergies simultaneously, we proposeke
two steps: The rst step is to determine the morphology
synergies, and the second step is to use the obtained sgs
as templates to decompose the hand movements.

1) Step 1 (Extraction of Synchronous Synergies via S'
After obtaining the joint angles at various times from
rapid grasps, angular velocities were calculated. Thegalan
velocities were ltered from noise. Only the relevant prdijée
movement (aboud:45 second oB9 samples at a sampling ra
of 86 Hz) of the entire angular-velocity pro le was preserv
and the rest was truncated.

Next an angular-velocity matrix, denoted, was con-
structed for each subject. Angular-velocity pro les of thé
joints corresponding to one rapid grasp were cascaded
that each row of the angular-velocity matrix represented
movement in time. The matrix consisted &00 rows and
39 10 =390 columns:

Vi) v1(39) V(1) Viy(39) °

W) v(39) V(@) V,(39)

Vi (1) vi%(39) vi® (1) Vi (39)
(4

wherevI(t) represents the angular velocity of joint(i =
1;:::;10) at timet (t = 1;:::;39) in the g-th rapid-grasping
task @ =1;:::;100).

Then SVD [15] was performed on the angular-veloc
matrix V of each subject:

V=U S (5)

where U is a 100-by-100 matrix, which has orthonormal

columns so that)® = 1199 100 (100-by-100identity matrix);

Joint1 Joint 2

@

Synergy 1 V\N

Synergy 2

Joint1l  Joint 2

(b)

Time-shifted

versions of / ™\ ! \4/\ Q/ 5
synergy 1 ‘

Time-shifted LAJ.A_‘—J.AJ
versions of ~ AN AA
synergy 2

Fig. 3. Construction of the template matrix from synergies.

Sm 3
si(1) s1(39) sio(1) S10(39)
sT' (1) sT' (39) sio(1) S10(39)
(8)
and name the elements W in the following way:
2
wi Wi
wW=g w Wi 9)
W%:OO Wr:I]:qOO

S is a 100-by-390 matrix, which has orthonormal rows so”ccording to (7), each row oV can be approximated by a

thatSS°= I100 100; @nd is a100-by-100diagonal matrix: linear combination of then PCs, and according to (7), (4),

diagf 1; 2;:5 1000 With 1 2 100 0. (8),and (9), we have

Matrix V can be approximated by another matkix with

reduced rankm by replacing with ,, which contains

only them largest singular values, i.e.z, ..., m (the other

singular values are replaced by zeros). The approximatifyy i = 1;:::;10,g=1;::;100, andt = 1;:::; 39.

matrix V' can be written in a more compact form: Comparing (10) and (3b), we can see that (10) has been
written in the form of (3b) and thus the above SVD procedure

v wis()

j=1

(10)

V = Up diagf 1;:5 mgSm (6) has found a solution to the synergy-extraction problem: The
angular-velocity proles (obtained by rearranging all jts

where Uy, is a 100-by-m matrix containing the rstm row-wise for the PCs)
columns ofU and Sy, is a m-by-390 matrix containing the 2 J) d (39) 3
rst m rows of S. DenotingW = Up, diagf 1;::; mg, we : :
have E s2(1) $2(39) z j=1::m

V. V=WSy: 7 S o

) ) o1 s40(39)

Then each row of5;, is called aprincipal componen{PC),
andW is called the weight matrix.

For easy comparison, let us hame the elementS;pin a
way similar to (4):

can be viewed as a set of candidates of the synergies. Ac-
cording to (7) or (10), these synergies can serve as “bjldin
blocks” to reconstruct joint-angular-velocity pro les dfand
movements.



3
s1(1) si(ts) O 0 s10(1) Sip(ts) 0 0

2
0 st(2) si(ts) 0 0 sio(1) st(ts) 0
0 ' 0 si) sty 0 ' 0 sh() skt
B : : : : : : : : : : : : : (11)
sT' (1) st (ts) 0 0 sth(1) sTh(ts) 0 0
0 sT' (1) ST (ts) 0 0 sTp(1) ST (ts) 0

0 0 sT'(1) ST (ts) 0 0 sTh(1) st (ts)

To decidem, the number of PCs or synergies that we Then we construct a matrix as shown in (11) (at the top
want to use in reconstruction of the testing movements, wé this page) consisting of the row vectors of the synergies
consider the accuracy of approximation in (7) or (10). Thand all their possible shifts with  tj T ts. Fig. 3
approximation accuracy can be measured by an index de néemonstrates the construction of such a matrix.

as 5 5 5 With the above notation, the model (1a) or (1b) can be re-
1t 2t t*f om. expressed as
i+ 3+ + o Viow = CB (12)

The larger this index is, the closer the approximation i
This index also provides indication of the fraction of tota
variance of the data matrix accounted by the PCs. To ensuf®; ::; C11; 15 0; 3 Cik 45 35 05255 Gy 235 05255 Gk 5 2255 O]
satisfactory approximation, the index should be greatanth
some threshold. In this study, we us88% as the threshold N
(a commonly used threshold [15]) to determine the number l(lhg

PCs or synergies (i.en). : .

2) Steg > g(Deéomgosition of Hand Movements kja This bank can be overcomplete and contain linearly depeénden
Minimization): The second step is to use the synergies o ubsets. Therefore, for a given mover_nent provkgw apd an
. overcomplete bank of template functioBs there exists an

tained from Step 1 as templates to decompose the hand m%eﬁite number of ¢ satisfying (12)

ments. In the following, we consider a matrix representatib . ying 7 . . .

the convolutive-mixture model. Such representation vale We hypothesize that the CNS' strategy for dimensionality
r

: - duction in movement control is to use a small number
the formulation of the movement decomposition problem a . .
L of synergies and a small number of recruitments of these
an l{-minimization problem.

Let us assume for a subjent synergies were obtained. Synergies for movement generation. Therefore, the coerfiti

The duration of the synergies s samples t; = 39 in this vectorc in (12) should be sparse, i.e., having a lot of zeros
paper). Consider an angular-velocity prole of the suhjec?nd only a small number_ of nonzero eIements._Therefore, we
fv(t);t =1;::;Tg, whereT (T = 82 in this paper) representsSeek the sparse;t coef cient veckorsyc_h thatcB = Viow.
the movement duration (in samples). This prole can be Formally, we aim to solve the optimization problem

rewritten as a row vector, denotegh : Minimize kckg subjectto cB = Vo (13)

herec denotes

with nonzero valuesjc appearing at théT ts+1)(j 1)+
-th elements o€. The matrixB can be viewed as a bank or
rary of template functions with each row Bf as a template.

Viow = [V1(1); 25 va(T)s i vio(1); =5 vao(T)]: where thely norm k ¢ ko is the number of nonzeros in
c. In general, (13) is dif cult to solve, because it requires
enumerating subsets of the baBkto nd the smallest subset
able to represent,, [16]. The complexity of such a subset
[sjl(l); :::;sjl(ts); 0;:::0; :::;sjlo(l); 333;5j10(ts);0; 22 0]: search grows exponentially with number of elements in the
bank [16].

j C e ; ) i )
We addT  ts zeros after eachs; (ts) (i = 1;::510) in the hgiead of solving (13) directly, we can consider an approx-
above vector in order to make the length of the vector thg aiion of it usingl;-minimization:

same as that of o . If the synergy is shifted in time bk
(tk T ts) samples, then we obtain the following row Minimize kck; subjectto ¢B = viw  (14)
vector:

Similarly, a synergysi () can be rewritten as the following
row vector:

where thel; normk ¢ k; is the sum of the absolute values
[0;::5;0; sjl(j_); e sjl(ts); 00 of the elements of. Thel;-minimization problem (14) can
0 0 Sjlo(l); o SilO(ts); 0::::: 0] be considered as a kind of convexi cation of (13): (14) is the
, closest convex optimization problem to (13) [16]. The added
with tjc zeros added before eash(1) andT ts tj zeros bene ts of usingl;-minimization include that it can produce
added after eacH (ts). sparse solutions toB = vy [17].
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function a penality term that prescribes a high costto thcg f——— — f——— " —— ~ Joncr
values ofc deviating from this constraint; we reformulate (145 ——— "~~~ J% " —— .,
into the following optimization problem U Csamples” 0 Usamples. © samples
Minimize kck; + E KCB  Viow k% (16) Fig. 5. Six kinematic synergies obtained for Subject 1. Eaghergy is

about 0:45 second in duration39 samples at86 Hz). Abbreviations: T,
. thumb; |, index nger; M, middle nger; R, ring nger; P, pink nger;
wherek ko represents thé, norm or Euclidean norm of mcp, metacarpophalangeal joint; IP, interphalangeal tjoRIP, proximal
a vector and is a regulation parameter. In this study, wénterphalangeal joint.
set = 0:01 nax, Where nax denotes thel; norm of
2V ow B %—see [18] for a detailed discussion on the determi-
nation of . Our choice of the regulation parameter has bedl}

able to achieve a reasonable balance between sparse lssluﬁe(?Ch)' These synergies show that peak velocities of the gras

and good approximations tosy = CB. This optimization occurred at the middle of the ta_sk. This re ects acceleratio
problem, (16), can be efciently solved by modern interior2! the beginning of the task,_ which was generally open-loop.
point methods [18]. It was followed by deceleration causeq due to error feedba_ck
from sensory and motor systems while reaching the precise
position of object, and nally closing of the grasp.
Given the initial posture, the temporal variation of postur
A. Extraction of Synchronous Synergies along each kinematic synergy can be calculated via integrat
hus temporal postural synergies were obtained from the
ve kinematic synergies. A set of six such temporal paktur
synergies obtained from Subject 1 are depicted in Fig. 6(a).
In the gure four postures are snapshots2&%a 50% 75%

e thel0 joints corresponding to the ve ngers (two for

IIl. RESULTS

In the extraction of synchronous synergies (Step 1), for dl
the ten subjects, on average the rst PC or synergy accoun
for approximately80% of the total variance. The rst and

second PCs together accounted for ab88% of the total - )
variance. In order to help determine how many PCs woufdd 100%of the task times respectively. End posture of each

suf ce to account for the variance of the entire trainingajat SYNergy indicates the contribution of synergy in a parécul

a PC-variation chart was plotted in Fig. 4. Error bars ingicalYPe ©Of grasp. End postures of the six synergies for the

standard deviation across the ten subjects. For most of ffghaining nine subjects are shown in Fig. 6(b). As all the
subjects the rst6 PCs or synergies accounted for mor&ubjects performed tasks on the same training objectse ther

than 95% of the total variance. Beyonfl PCs there was not ere similarities in synergies adapted, among the subjects

much appreciable contribution of higher order PCs in thaltot ) S
variance. B. Reconstruction of Hand Movements VdaMinimization

Angular-velocity proles of six kinematic synergies ob- By linearly combining the extracted synergies, for each
tained for Subject 1 are depicted in Fig. 5. Across the rovesibject100 natural (slower than rapid) grasping tasks &td
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Fig. 7. The joint-angular-velocity pro les (in black) of aatural grasping
task (a) and an ASL gesturing task (b) are reconstructede@ oy using six
synergies for Subject 1. Postural snapshots are takenaettigime steps for
the above natural grasp and reconstruction (c) and for thie d&Sture and
reconstruction (d). See Fig. 5 for abbreviations of ngeinie.
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Fig. 8. Reconstruction error. The graphs illustrate thelgahdecrease in the
reconstruction error while recruiting synergies. Errarsbiadicate the standard
deviation across subjects and tasks. (a) Reconstructioratofal grasps. (b)
Reconstruction of ASL gestures.
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Fig. 9. Utilization of six synergies in reconstruction o @natural grasping
task [same as in Fig. 7(a)] and (b) an ASL gesturing task [sastie Fig. 7(D)l. ~ determining the number of PCs. Although it is up to one's
Helghts and Iocatlon_s of the stems indicate the vyelghts_ la_mbt,srespe_ctl\_/ely, discretion about how many PCs can be considered to account
of particular synergies used in the reconstruction. Motplabove indicate
the shifted versions of synergies corresponding to lonatiof stems. The for appreciable reconstruction, in our ca&eynergies proved
recruitmgnt time ind_icgtgs the amount of‘right shift_of tiyaergy. Sparsz_eness suf cient for reconstruction of the testing tasks. As a gahe
of selection byl;-minimization and multiple recruitments of synergies are . .
evident in the plots. observation, the reconstruction error of ASL tasks wastgrea
than that of grasping tasks implying behavior speci ¢ natur
of the synergies.
ASL gesturing tasks which comprise the testing data, wereFig. 9 shows the utilization of six synergies in reconstiarct
reconstructed. Examples of good reconstructions for ahtupf a natural grasping task and an ASL gesturing task. These
grasping and ASL gesturing tasks are shown in the Fig. 7. ABo tasks correspond to the tasks shown in Fig. 7(a) and
is clearly evident, the reconstructions were reasonaldyrate (b), respectively. Heights of stems indicate the weights] a
using six synergies. locations of stems indicate the shifts of particular sygerg
The reconstruction errors were calculated for each subjegied in reconstruction. Synergies beld®% of the maxi-
and each task for various numbers of synergies (PCs) by mum weight were not included. Discarding such synergies
Pn Py V() 09(t)]2 did not substantially alter the reconstruction errors. iblots
=p ntsz = 3 ' in Fig. 9(a) and (b) show the shifted versions of synergies
izt = V(D)2 corresponding to locations of stems. The recruitment time
where0?(t) (t = 1;::;T) is the angular-velocity pro le of indicates the amount of right shift of the synergy.
taskg and nger jointi (i = 1;:::;n) reconstructed using a The above results indicate tHatminimization was effective
given number of synergies. Note that the above reconstructin the optimal selection of synergies minimizing the recon-
error is not a direct measure of the approximation errstruction error and, at the same time, using sparsest number
(quadratic difference between the original and reconstdic of desirable synergies. In Fig. 9(a), sparsely selectefieshi
angular-velocity pro les) but expressed as a ratio betwién versions of synergied ( selected out of a total &f64 shifted
approximation error and the size (also in quadratic senke)synergies) were used in reconstruction of the natural grgsp
the original angular-velocity pro les. The calculated o@e task. This indicates that the synergies obtained duringdrap
struction errors are shown in Fig. 8. The error bars indicatesks were able to reconstruct natural or slower movements.
standard deviation across subjects averaged a&fitesting In contrast in Fig. 9(b), the selected synergies, though sti
tasks for natural grasping ar@b tasks for ASL gesturing. sparsely distributedl@ selected out of th€64 shifted syner-
The number of PCs vs. reconstruction error plot also helpsgies), were more than those used in the natural grasping task




W Grasping tasks where investigators record the central neural sources land t
W ASL tasks peripheral end postures of arms, the application of inpupat

& 12 i i i . i i models will play an important role. Although complex models
S have been proved helpful in of ine analysis, they are lirdite
o 10 in online implementation as they demand lots of processing
& gLi_J_“_J_JJ time. Computationally ef cient models are necessary forl BC
R 12 applications in real time.
& L“_J_m The convolutive-mixture model offers more than curve
o 1 tting. The model expresses joint velocity pro les of hand a
S \_i_i-_ii__ﬁ__i___J weighted linear combination of time-varying movement mod-
o ! ules or primitives. These movement modules when visualized
S j = - B & _= have physiological signi cance [see the next subsectiod an

Fig. 6(a) and (b)]. Eigenpostures or postural synergiesswer

0
0
5
0
0
5
0
A 10
S gujj_ﬁi_ii__ij reported to have physiological and anatomical signi cabge
0
5
0
0
5
0
0
5
0

Mason et al. [4]. This implies that the model is not the same

1
g . o :
& Bl e am @ 2 as rudimentary curve tting with random movements.

The linear nature of the current model may be questioned

ii = i ; = as the neuromuscular system is nonlinear. However, consid-

ering a linear approximation might give useful insight oé th

i - ; ; system. Linear models have been employed by other studies.

Average number of recruitments

1 2 3 4 5 6 Humphrey used a linear systems model to relate neuronal
Synergy number ring rates to muscular torque [20]. Averbeck et al. [21]

Fig. 11. Comparison of synergy recruitments (averagedsactasks) in record_ed neural act_|V|ty from ensemblgs of neurons in areas
grasping tasks and ASL tasks for Subje2t&0. of parietal cortex; in that study the linear model of hand

kinematics outperformed the nonlinear model suggesting a
reasonably linear relation between the neural activity ded
Note that gesturing ASL postures is different in behavioewh hand velocity. A linear model by Moran and Schwartz [22]
compared to grasping. Fig. 10(a) and (b) show for Subjegéscribed a large portion of the time-varying velocity and d
1 the numbers of synergy recruitments in reconstruction gfction in motor cortical activity. Moreover, the motor laefor
100 natural grasping tasks ar86 ASL gesturing tasks. Also of vertebrates has been approximated by linear combination
in Fig. 10(c) a comparison is drawn between the numbers @f movement primitives [1], [23]. Following these studies,
recruitments of the six synergies (averaged across tasks—ewe consider using linear combination of synergies in sgvin
bars indicating the standard deviation) in grasping tasks ahow the CNS simpli es the problem of managing redundant
ASL tasks for Subject 1. Itis observed that average recentm degrees of freedom of peripheral apparatus.
of synergies is more for ASL tasks than for grasping tasks.
Thus the results indicate the behavior speci c nature of the ) )
obtained synergies. This is corroborated in Fig. 11, whereBa VelOCity Pro les vs. Acceleration Pro les
comparison of synergy recruitments (averaged across)tasksOur model decomposed kinematic synergies in angular
between grasping tasks and ASL tasks is shown for Subjeetdocity proles of joint angles. This study cannot answer
2-10. whether neural signals encode velocity or acceleratiore—th
guestion itself is debated in neurophysiology. Our modet wa
IV. DISCUSSION motivated by the following studies. Moran and Schwartz [22]
found that the time-varying speed of movement is represente
in the cortical activity. Averbeck et al. [21] used linear deds
In this paper, kinematic synergies were obtained based otoasuccessfully predict the hand velocity from the neural
convolutive-mixture model for generation of hand movemsentactivities. Reports based on analyses of both single nsuron
The model was then realized usihgminimization in recruit- and neural assemblies by Georgopoulos et al. [24] have
ment of synergies. One might question the importance otthgwovided evidence that neural populations in the primaryamo
higher-level models (including those input-output or Bl&ox cortex code movement direction and velocity. Thoroughman
models without touching details of internal system operet) and Schadmer [3] and Imamizu et al. [25] found that many
as there have been a lot of advances in neuroanatomy &uwkinje cells in the cerebellum simultaneously encode the
neurophysiology which can furnish the detailed functidgal direction and speed components of velocity. Also, during
at neural and muscular levels. Growing importance of virtueeaching movements ring rates 80% of arm related mossy
reality and brain-computer interface (BCI), in the eld of bers correlated with joint angle33%correlated with velocity,
prosthetics and rehabilitation, is in need of similar higheand only a few were related to acceleration [26]. However, ou
level and computationally simpler models. For instanaeglei model is not limited to velocity pro les. Position pro leseve
neuron recordings from monkey's motor cortex have beearsed in a similar model by us in [8]. The model can also be
used in decoding arm movements [19]. In such experimengxtended to acceleration pro les.

A. Usage of Linear Convolutive-Mixture Model
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follow it as slaves. This concept has been observed prayious

23
S g, and called enslaving [28]. Implementing such observations
;% 0,/\‘ - of biomechanical constraints in prosthetic hands can lyreat
;-;go.o L L L n reduce the complexity involved in computations. From the
Samples end postures in Fig. 6(a) and (b), it is clearly evident that t
2T .- (b) synergies are all unique. As a general trend across supieets
3 §os synergies corresponded to exion, extension, and pinchis Th
§5 o was supported in the recruitments of synergies in Fig. 10(a)
?[E; The rst grasping task which is a full hand grasp of a sphere
P recruited rst synergy more often than others. Flexion and
2 o3 (c) extension synergies were recruited simultaneously toeaehi
% Zj” intermediate closures of aperture. Also, f#h grasping task
S o «mmmh.,rw [Fig. 7(a)] recruited the pinch (the third) synergy as seen i
£ oy T Fig. 10(a) and is graphically veried as a pinch grasp in
£ Timeofrecruitment (in samples) Fig. 7(c). In all of these synergies, it is clearly observed,

Fig. 12. Reconstruction of a dilated velocity prole. (a)iginal velocity @S the Size_ O_f th? grasping object decreases the exion at

pro le, which is used as template function in the reconginrc (b) A dilated metacarpal joints increases. In the rst synergy for Subjec

version of (a) (in black) is reconstructed (in red) from (@) Utilization of ~ tha metacarpal exion was dominant when compared to other

(a) in reconstruction, where heights and locations of tleenstindicate the .

weights and shifts, respectively, of the template function synergies and got lesser and |e§§er as we moved down. Also,
for major movements only MCP joints were involved. For ner
and precise movements after major movements, proximal and

C. Time-Scaling of Synergies distal joints were recruited respectively. This can be assed

in the third synergy for Subject 1, suggesting hierarchical

In this study time-shifted versions of synergies derivexhfr X o
gecruitment of joints.

rapid movements were used in reconstructing natural (show
movements and ASL gestures. Intuitively, reconstructioitis
cost less number of synergies if time-scaling or in otherdsor E. Multiple Recruitments of Synergies

dilation of synergies is allowed. A test case is illustrated  |n this paper, we have introduced the concept of multiple
Fig. 12. A rapid joint velocity pro le in Fig. 12(a) was usedrecruitments of synergies. There have been similar models o
to reconstruct a dilated version of it as shown in Fig.12(bgombination of movement primitives but none accommodated
Recruitments of rapid joint velocity prole were shown inthe possibility of multiple recruitments of synergies. 29[

Fig. 12(c). From Fig. 12(c), it is observed that adjacentatash et al. hypothesized that there are two types of iésar
recruitments occur when the prole to be reconstructed ignder which synergies are grouped—one library for day-to-
dilated. In Fig. 9(a) and (b), recruitments of synergies ifay actions and the other library for learning novel actiens
reconstruction of the natural grasping and ASL gesturinghd that these synergies are borrowed as necessitated by
tasks for Subject 1 were shown. Adjacent recruitments Cafvironmental conditions. The current model facilitathe t

be seen for the third synergy in the grasping task and for thBove hypothesis. Here, the same synergy can be borrowed
second, third, and fth synergies in the ASL task. There &xisfrom one of the libraries more than once at different times
neurophysiological evidence that the putamen of the basgth different amplitudes for execution of movement. InJ30
ganglia in particular deals with scaling the movements [27] typical movement was expressed as a linear combination of a
Learned movement patterns are preserved at different spegimary movement and delayed submovement. It was observed
which is made possible by scaling of movement patterngat the characteristics of shape and symmetry of the pyimar
Introducing dilation for synergies might reduce the numbfer movement were similar to submovement. This implies that the
synergies recruited in reconstructions. But this wouldeéase same mechanism can be accomplished by a single synergy
the burden on selection of synergies as the bank of synergiged multiple times avoiding use of two different primigve
should not only accommodate shifted versions of synergigsne for primary and other for submovement).

but also include dilated versions of synergies and thefteshi

versions. Although introducing dilation might improve oee F. Role of Synergies in Rehabilitation, Robotics, and BCI

struction error and utilization of synergies, it might hémd ] ) )
the performance of the algorithm in real time. Performance | NS Paper presents synergies not only as a hypothetical

tradeoffs in such conditions are to be analyzed. We viewethet®NCePt but with potential practical applications. Biokadly
as a future scope. inspired synergies are being used in stroke rehabilitedinoh

in regaining lost motor functions in movement disorderse Th

_ ) ) concept of muscle synergies has been extended to examine the

D. Insights Obtained from Temporal Postural Synergies gymc (electromyogram) patterns in patients with stroke [31]
The temporal postural synergies were calculated by int€hat study examines whether the motor disturbances fatigwi

grating the kinematic synergies. In Fig. 6(a), for the thirda stroke are the result of (i) missing one or more synergies,

fth, and sixth synergies in this subject, index nger actgii) a failure of supraspinal structures to provide the eotr

as a master in leading the movement and rest of the ngearsef cient of activation to one or more synergies, (iii) alfae
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to select the proper synergies to accomplish a speci c go#,not limited to kinematic or postural synergies of any lirtib

or (iv) a change in the balance of individual muscles withinan be readily extended to muscular synergies. It can also be
a given synergy. Bimanual coordination is damaged in bra@xtended to include dynamics such as joint torques anddorce
lesions and neurological disorders. Study of the eigenpest to be useful in the design of actuator for robotic or prosthet

in normal subjects during bimanual coordination and compdrands. We view these as our future scope.

ing them with bimanual eigenpostures of patients might have
a potential contribution for rehabilitation [13]. By trag, if
such lacking eigenpostures are learnt by patients, it rmght
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rehabilitation and diagnosis of movement disorders [8].
Added to growing neurophysiological attention, synergies
are viewed to be crucial design elements in robotics. Base[g]

on the principle that vertebrates recruit kinematic syigsrg
managing several joints, a control strategy for the balasfce
humanoid robots has been developed by Hauser et al. [323]
This control strategy reduces computational complexitylevh
operating in real time following a biological framework tha [3]
the CNS uses to handle numerous degrees of freedom. Biolog-
ically inspired synergies have also been considered intthiy s 4]
of arti cial hands [33]. Moreover, synergies that facitikedata
reduction and dimensionality reduction will soon nd plaice
telesurgery and telerobotics [9]. 5]
BCI has been a promising technology for neural prosthesis.

Despite the progress, however, BCI is still limited by thel®l
available number of independent control signals that can be
extracted from human or primate brain. These pose limitatio [7]
for brain control of multi-dimensional prosthesis like otiz
hands and arms. Our study on synergies can be extended
to address the above limitation. For example, assuming thg
only three independent control signals are available to us,
we can use these three signals to command control in the
low dimensional space of synergies rather than in the higls]
dimensional space of joint movements (whose DoF can be
more thanl0 for a robotic hand). As shown in this paper,
a small set of synergies sufces to reproduce a wide range)
of hand movements with suf cient exibility. The authorser
currently working on real-time control of virtual hand ugin [11]
synergies.

[12]

V. CONCLUSION 3]
Based on a linear convolutive-mixture model for hand

movement generation, this paper developed a method for de-
composing joint-angular-velocity pro les of hand movertgn 14
into kinematic synergies. The method split the decompmwsiti
process into two stages: (i) extracting the waveforms rfS]
synergies from rapid movement tasks using SVD, and (|J)
nding the weights and onset times of synergies based,en [16]
minimization. The kinematic synergies were hypothesized t
serve as building blocks in movement generation and provige
solutions to the dimensionality reduction in control andrch-
nation of the hand. The modular organization of synergieg m[ell8
be due to interactions between the higher-level neurakayst ]
(e.g. motor cortex), lower-level neural system (e.g. dpina
cord), and biomechanical structure. However, the complex
interactions between these systems remain mysteriousein [tjf'?]
eld of neurophysiology even today. The model proposed here
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