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Abstract—Task learning from observations of non-expert for motion reproduction and synthesis, we here present
human users will be a core feature of future cognitive robots. features defined in the manifold domain which enable us to

g?r\:\éervaetrt’emieor?mblem of task segmentation has only received gy |0t jts structure for the recognition of the same motion,

In this paper, we present a new approach to classifying yielding a system that realises reproduction and recognition

and segmenting series of observations into a set of candidate ©n the basis Qf one a_nd the same represe_ntation._ _
motions. As basis for these candidates, we use Structured The paper is organised as follows: Section Il will review

UKR manifolds, a modified version of Unsupervised Kermel some related work. In Section Il and IV, we briefly review
Regression which has been introduced in order to easily pagicynsupervised Kernel Regressiamd its modification

reproduce and synthesise represented dextrous manipulation . . .
tasks. Together with the presented mechanism, it then realises to Structured UKR. Section V will address the training and

a system that is able to reproduce and recognise the represented test data and in Section VI, we present the new manifold
motions at the same time and can thus not only be used for features for classification and segmentation which then are

the segmentation into the candidate motions, but also for their evaluated in Section VII. We finish with a conclusion and an
reproduction. outlook on future work in Section VIII.

. INTRODUCTION Il. RELATED WORK

Task learning from observations of non-expert human Robot task learning from human demonstration has drawn
users will be a core feature of future cognitive robotsincreasing attention during the past decade. Nonetheless,
Although several systems for programming by demonstraask segmentation has been tackled only implicitly by most
tion or imitation learning have been proposed (see [18bf the presented systems. [1] applies hand-crafted rules
[7] for overviews), the problem of task segmentation hat detect state transitions from video sequences. Segments
only received minor attention. The decomposition of a taskre characterised through stable contact points between the
demonstration into its constituting subtasks was tackled ontybjects recognized in the scene. More formalized models
in problem specific ways and a general framework andse Hidden-Markov-Models (HMMs) to segment walking
methodology for task decomposition is still missing. or grasping actions from motion-capture data [4]. [5] per-

In this paper, we propose a novel approach to tacklierms unsupervised clustering using Vector Quantisation
the task decomposition problem that is based on the claiiwvQ) to segment the basic actions (codes) for a discrete
that the same representations of actions should be usdiiM. This method is refined in [6] to Gaussian Mixture
for recognition and segmentation as for execution of th®lodels where each Gaussian represents a single segment
same action on a robot. This claim is well supported bpf a task demonstration. This GMM is then fed into a
neurophysiological findings, namely the mirror neuron theorgontinuous HMM for sequence learning. A taxonomy of
[16]. This basically states that the same areas of the braattion primitives is presented in [8]. These primitives of
show activity during the own execution and the recognitiomction (mainly concerned with grasping) are learned in a
of an action by another person. Other indications for holistisupervised way in [26]. This allows to classify each frame
representations of task knowledge come from gestalt-basefla task demonstration and to construct task segments from
approaches [24], that propose unified representations fdrose classifications. These segments have been transformed
segmentation and action [15]. It seems natural to exteridto petri-nets for execution on a humanoid robot [25]. A
this line of thinking into the realm of task segmentation fosimilar way is proposed in [3] where a user demonstration is
technical systems, since robots using the same represersagmented based on the most likely primitives performed
tions for recognition and execution could use their learningn each timestep. [14] applies a similar method using a
episodes and memory more efficiently, enabling them twinner-takes-all selection of the most probable behaviour to
avoid duplicates of knowledge. segment a sequence of navigation tasks. Several methods try

This paper presents a method for the classification and seg-avoid the segmentation problem: [9] lets the user define
mentation of motion data exploiting structure features of ththe segmentation with explicit verbal commands that directly
manifolds used to represent the candidate motions, namejuide the robot through a demonstration. [2] and [21] do not
Structured UKR manifolds [19], [20]. Whereas Structuredlecompose a task demonstration at all but search for direct
UKR has been originally introduced as a manifold structurenapping functions between input and output trajectories.
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Fig. 1. Visualisation of a structured UKR latent space in the example
of representing the turning movement of a bottle cap from [20]. The 20
hand pictures correspond to the mappings of a regular grin in latent space
back into the original input space of hand postures. The horizontal latent

dimension corresponds to the time within the represented movement whereas
the vertical latent dimension controls the motion parameter (the cap radius)
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Unsupervised Kernel RegressigdKR) is a recent ap- 2
proach to learning non-linear continuous manifold repre- =
sentations, that is, to finding a lower dimensional (latent) °= = =
representationX = (xj,Xa,...,xy) € RV of a set
of observed datdyY = (y1,y2,...,yn) € R>YN and a
corresponding functional relationshjp= f(x). It has been
introduced as the unsupervised counterpart of the Nadaraya-
Watson kernel regression estimator by Meinecke et al. in
[12]. Further development has lead to the inclusion of general
loss functions, a landmark variant, and the generalisation to
local polynomial regression [11]. In its basic form, UKR

uses the Nadaraya-Watson estimator [13], [23] as SMOOHY 2. The ABCD-data consist of recorded hand trajectories from drawing

mappingf: x € R? — y € R? from latent to observed data the letters 'A, 'B’, 'C’ and ‘D’ in the air. The 3D positions and 3D
orientations are extracted from a monocular video camera pictures with
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space- the aid of the ARToolkit. The camera is placed on top of the scene (in
N Ky (x _ x-) Z direction) resulting in good position and orientation precision in X- and
f(x) = Z yi—z‘ (1) Y-direction and a less precise Z information (cp. X/Y projections in the left

=1 E]‘ KH(X - Xj) column and the X/Y/Z projections in the right column).

The original estimator realises a smooth, continuous gener-
alisation of the functional relationship between two randorwhereb(x; X) = (b1 (x; X), ba(x; X), ..., by (x; X)) T €RY
variablesx andy described by given data samples;y;). is a vector of basis functions representing the effects of the
Here, Ku(-) is a density kernel (e.g., Gaussian) with assokernels parametrised by the latent parameters.
ciated bandwidth parameteks. As loss function for the UKR training, the reconstruction
UKR now treats (1) as a mapping from the latent space ®0r is considered and can be denoted as
the original data space in which the manifold is embedded 1 ) o 1 2
and from which the observed data samp¥s= {y;},i = R(X)_NZ Iy i X) 1= N IN=YBX)[7 - (4)
1..N are taken. The associated €t = {x;},i = 1..N ' _
now plays the role of the input data to the regressiofle’® B(X) = (b(xi;X),b(x2; X), ..., b(xy; X)) is an
function (1). Here, they are treated #tent parameters ¥ X IV basis function matrix Note that moving thex;
corresponding toY. As the scaling and positioning of the infinitively apart from each other results B(X) being the
x;'s are free, the formerly crucial bandwidth paramekgr |dent_|ty matrix which corresponds to a tr|V|aI_m|n|m|sa_t|on
becomes irrelevant and we can use unit bandwidths. ThiRolution R(X) = 0. In order to prevent this undesired
the regression function can be denoted as case, several regularisation methods are possible [11]. Most
notably, with UKR one can very efficiently perform leave-
K(x—x;) one-out cross-validation, that is, reconstruct eggchvithout
bi(x;X) = > K (x —x5) ) using they; term itself. To this end, the only additional
! step is to zero the diagonal &(X) before normalising its
f(x;X) = ZYibi(x§ X) = Yb(x; X). (3) column sums tol. For a preselected density kernel, the

= highly non-linear reconstruction error (4) only depends on
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Fig. 3. Visualisation of the UKR feature basis for recognitipeft] The observed trajectory in 3D position space for the letter ‘B’ (gray) and the observed
data samples (dots, coloured from red to black according the temporal advance of the movieetnt). The observed data samples are projected (by
means ofg(+)) into the latent spaces of different candidate UKR manifolds each representing a different letter. The order and arrangement of the projections
of the chronologically ordered samples give information about how good the temporal aspect of the observed sequence is represented in the correspondi
manifold. [right] The reprojections of the latent representations into data space (and the differences to their originally observed positions) can be used a
measure for the quality of how good the single observation samples are represented by the manifold.

the set of latent parameteds and thus can be optimised dimension in the direction of decreasing radii and then — after
with respect toX by gradient-based methods. As suchappropriate contacts have occurred — switches from grasping
often suffer from getting stuck in poor local minima, anto the synthesis of the manipulation movement by following
appropriate initialisation is important. To this end, dependinthe temporal dimension.
on the problem, PCA [10], Isomap [22] or LLE [17] are
usually good choices. These eigenvector-based methods by V. THE 'ABCD-DATA’
themselves are quite powerful and efficient in uncovering .. {he following part of the paper, we leave the domain
Iow—dimensionall structgres in dqta sets. In contrast to UKRy¢ o manipulation data that we used in previous work and
however, PCA is restricted t(_) linear ;tructures a”?' ISom""cﬂ)ncentrate on a simpler, but more descriptive and better to
as well as LLE do not provide continuous mappings — giernret data as it is better suited to explain the functionality
combination with UKR yields thle best of both worlds. ¢ the following method and makes it easy for the reader to
An inverse mappingx = f~(y; X) from data space nqerstand and comprehend the evaluation results later on.
to latent space is not directly supported in UKR. Insteéad, 1o qata _ which is depicted in Fig. 2 — consists of several
or:e may use an orthqgonal prOJectlon2to d_eflne a mapp'ngsition and orientation) trajectories of a hand that draws
x = g(_yf X) = argminy [[y —f£(x; X)||* which approXi- - o |etters A, 'B', 'C’, and ‘D’ in the air. The position and
matesf™" (). For further details, please refer to [12], [11]. gjentation of each sample observation is extracted from the
pictures of a monocular video camera which is placed on
top of the scene, with orthogonal viewing direction onto the
In this original form, UKR is a purely unsupervisedvirtual 'drawing plane’. For the hand tracking, we utilised
approach to continuous manifold learning. the ARToolkit system.
However, in previous work, we applied the method on
representing series of chronologically ordered data. To thi¥!- STRUCTUREDUKR FOR RECOGNISING MOVEMENTS
end, we constructed [19] or trained [20] UKR latent spaces |, this Section, we present how the UKR manifold rep-
such that specific latent dimensions are associated Wifisentations together with the enforced strong structure of
distinct task parameters. Here, especially the temporal ordgfe |atent space described in the Sec. IV can be exploited —
of the original data is captured by one latent dimension,esides for the reproduction and synthesis of the represented
Like this, we achieved to represent the movement of turning,ovement — at the same time also for its recognition.
a bottle cap in a strongly structured latent space (Cp. Fig. 14 this end, we introduce features in the manifold domain
1). Here, one (periodic) latent dimension corresponds 10 thghich express the similarity of the observed data and the
temporal advance within the movement and the other (NORy ¢4 represented in the manifold. As we deal with motion
periodic) dimension is associated with the radius of the bottlg,io and thus time sequences of intermediate hand postures
cap. _ (or positions and orientations, as in the following example)
Having enforced such strong structure in the latent reprgis the observed motion, we utilise treeriesof orthogonal

sen_tation, we are able to exp_loit the knowledge about it tBrojectionSg(-) and their reconstructiorfg(-)) (cp. Sec.lll)
easily reproduce and synthesise the represented movemeRtSine feature basis.

To this end, a simple controller has been presented in [20]
which realises a grasping movement by following the radius see http://artoolkit.sourceforge.net

IV. STRUCTUREDUKR FOR MOTION DATA
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Fig. 4. Self-reconstruction scheme as visualisation of the selfFig. 5. Schematic visualisation of the UKR latent space feature for

reconstruction error in observation space (data and colours as in Figcognition (data and colours as in Fig. 3). Schematically depicted are latent
3). The samples of the observed trajectory (left) are first projected intspace projections of an observed trajectory for the letter ‘B’ into the latent
the manifold’s latent space and then reprojected into original observatiapace of a manifold also representing a letter 'B’ (top) or a letter 'Z’ instead
space:f(g(-)) (cp. Sec. lll). According to the similarity or dissimilarity (bottom) (cp. Fig. 4). If observed and represented letter are similar and
of observed and represented letter in the manifold, the self-reconstructitime order of latent representations equals the order of the observations —
yields smaller or bigger errors, respectively. E.g., in the top row, the observed in the top sub-figure — the distances between projections of successive
trajectory for the letter 'B’ is projected onto a manifold representing thedata points are small and the sum over all distances is equal to the range
letter 'B’ as well (visualised by the second gray line in the centre columnpetween smallest and highest value of the latiem¢ dimension. In contrast,
resulting in small reconstruction errors. In contrast, in the bottom row, thé observed and represented trajectories are very dissimilar, the order does
same observed 'B’ is projected onto a manifold representing a 'Z' whoseot correspond the order of the observed sequence and distances between
shape is basically different from the shape of the 'B’. The reconstructiosuccessive projections can be very big. The sum over all distances then
thus yields significantly higher errors (please compare the right most suls usually significantly higher than the range between smallest and highest
figures, which visualise the position errors of the reconstructions for 'Bvalue in the latent time dimension.

and 'Z', respectively).

in Fig. 5: if observed and represented sequence are similar
Figure 3 visualises these two feature bases in the examglad the order of latent representations equals the order of the
of the letter trajectories presented in the last section. Froobservations, the distances between projections of successive
this, we define two different features for the evaluation oflata points are small (Fig. 5, top). In contrast, if observed and
the similarity and thus as measure for later recognition: represented trajectories are very dissimilar, the order does
a) The compatibility of the single observations with thenot correspond to the order of the observed sequence and
manifold which is basically expressed by the differencelistances between successive projections can be very large
between the observation and its reconstruction. The sarfFig. 5, bottom). As a measure for the compatibility of the
ples of the observed trajectory are first projected into thebservationy;_; in the history ofy;, we define:
manifold’s latent space and then reprojected into original 1 1
observation space (cp. Sec. Ill). According to the similarity chist(h,t) = 3 cos(6n,¢) + icrec(ytthY) (6)

or dissimilarity of observed and represented letter in th\?vhereéh,t — modo(g(yen1) — 8(ye_n)) is the directed

manifold, the self-reconstruction yields smaller or bigge{emporal difference of the latent space projectiess) of

SITors, respectively, as visual.is.e.d in Fig. 4 As a meastife historic observatiory;_, and its predecessoy; 1

for the reconstruction compatibility, we define (taking the periodr of the dimension into account). By

Crec(y*;Y) = —1+2 exp (—ATVIA) (5) applying the modulo operation on the differencejjyy, the

cos(dp,¢) term of ¢p;5 realises adirected distance in the

periodic dimension and thus enables to distinguish between
. ) . . represented and reversed temporal direction of trajectories.

d?ag(m7 o m) is used to We!gh the. d|ﬁer¢nt O,zc again is the self-reconstru?:tion error described] in a).

dimensions according to the corresponding variance in the For the compatibility of the whole history of, of length

manifolds training data s€Y = (yi,y2,...,yn) € RV I we define: ¢

(cp. Sec. lll). In this formulationC,..(y*;Y) can take ' ' -

values in the intervall—1;+1] whereas—1 corresponds Crint (1) = 2oh=1 7 Chist(h,t) @

to y* being maximally incompatible and-1 to y* being histiih S Ak

maximally compatible with the underlying UKR manifold. wherey € [0;1] is the discount factor for historic observa-

b) The compatibility of a single observation with its . o
preceding observationiétory). As Structured UKR in the tions. ASCyec, Chist can tal§e values.|h—1, +1] whergas—l
corresponds to maximally incompatible afd to maximally

described form (cp. Sec. IV or [19], [20]) enforces thechpatible with the underlying UKR manifold.

propagation of the training sequence order to the laten Jhe combination of a) and b) to one compatibility mea-

representations, this compatibility measure can be express"\_(»‘eures ields
by the relative positions (or distances) of the latent represen- y

tation of the current and preceding observations as shown C = ACrec + (1 — N)Chist (8)

where A(y*) = y* — f(g(y*)) is the self-
reconstruction error of observatiop* and V(Y)™! =
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Fig. 6. Classification results for trajectories of single letters. Solid lines represent the trajectories reproduced by the four UKR manifolds: 'A(red),
'B’(green), 'C’(blue), and 'D’(magenta). Points and crosses denote the observations of the test trajectory whereas coloured points depict true positive ('tp’)
and coloured crosses false positive ('fp’) classifications. Here, the colours encode the true class corresponding to the UKR trajectories (see above). Blar
crosses on coloured points denote rejected points and thus points which are not compatible with neither of the tested manifolds (i.eCfis ddimiy

the threshold). In this case, the colour of the underlying points denote the class with the maximal compatibility value. The headlines of the sub-figures
denote the name of the dataset (e.g. "A3"), the size of the dataset, the history féntite amount of true positive (tp) and false positive (fp) classifications

and the amount of rejected points (nc: not classifiéal) Results for an observation of 'A’ for different history lengths = 0, 3, 14, and 30. (b) Results

for ‘B’ for H =0, 3, 14, and 30. (c) Results for 'C’ for H = 0, 3,14, and 30. (d) Results for 'D’ for H = 0, 3, 14, and 30.

where\ € [0;1] and thusC € [—1; +1]. experiments, it is possible to adapt this value according to

Like this, C gives a measure for how compatible is the obt€ characteristics of the training data.
servation together with its history to the underlying manifold.
In other words( realises a measure to quantify the appropri-
ateness of a candidate manifold to reproduce the observationq; the evaluation of the presented method, we trained four
and the history. The classification of the observation to ongtrctured UKR manifolds — one for each of the letters ‘A,
of several candidate classes then is performed by a winneg: ¢’ and 'D’ — as described in Sec. IV. The represented
takes-all mechanism that works on the results of all UKRygjectories are shown in Figs. 6 and 7 as solid lines (‘A"
manifolds corresponding to the available candidate classgsy 'B': green, 'C’: blue, and 'D’: magenta).
and thus chooses the class with the maximal compatibility. The evaluation of the compatibility works on the basis of

To allow for rejecting observations, that is classifying thasingle observations (together with their histories) and thus,
neither of the candidate manifolds is appropriate, a thresholde classification of trajectories is independent of the number
for the compatibility measur€ can be used as a lower of observations to be classified. In this sense, a classification
boundary below which observations get rejected. For thef a trajectory as a whole is not performed directly but
initial experiments presented in the next section, we use tleenerges from the classification of succeeding observations
static value of zero as lower compatibility boundary. For lateto the same class.

VIl. EVALUATION
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Fig. 7. Segmentation results for mixed and reversed datasets for history |digthe, 14 (legend: see Fig. 6)a) Segmentation results for concatenated
whole-letter trajectories: (left) for A’ and 'C’; (right) for 'B’, 'A, 'D’, and 'C’. (b) Segmentation results for concatenated first part of the 'A’ trajectory
and middle part of the 'B’ trajectory(c) Classification results for the reversed 'B’ trajectory (data from Fig.6(b) in reverse ofde}lassification results
for a trajectory of 100 random observations.

In the first experiment, we utilise our method for the classieatenated whole-letter trajectories. In principle, due to the
fication of trajectories corresponding to single and completeassification of single points instead of the whole series,
letters A, 'B’, 'C’, or 'D’, respectively. As parameters, we the results for a concatenation of two or more trajectories
usevy = 0.9 and A = 0.3. Figure 6 depict the results for the is similar to serially processing the pure whole-letter tra-
four different letters (rows), each for four different historyjectories in the first experiment. However, for the transitions
between two trajectories, the history distorts the classification

lengths (columnsH = 0, 3,14, 30). For the letter ‘A’ (Fig.

6(a)), alreadys2% of the observations are true positive (TP)results. Nevertheless, the results for the single letters are
classifications and no false positives (FP) as the rest geaif similar quality as the results for single-letter trajectories
rejected. However, by increasing the history length up tecp. Fig. 6): for the concatenation of 'A and 'C96%

of the observations are correctly classified (Fig.7(a,left));

H = 14, a result of100% TP can be achieved.

Letter 'B’ (Fig. 6(b)) is more difficult as its trajectory the concatenation of 'B’, 'A, 'D’, and 'C’ (containing the
is similar to parts of letter 'C’ and 'D’. Without the usage difficult ‘B’ and 'D’ from the first experiment) result i80%
of history information, only44% of the observations can correct classifications. Note that this loss of performance is
caused exclusively by the more difficult ‘B’ and 'D’ letters

be safely classified correctly (TP) whereas ol are

misclassified (FP) and the rest gets rejected. However, land is independent from the higher number of observations.

incorporating the history, the TP rate increases(t (FP:
5%) for H = 14 up t083% TP (FP:0%) for H = 30.

rate at the same time.

17% TP (FP:17%, rejected66%) without history. Still, with
increasing history lengttf, the TP rate reache®% with

of the trajectory can be classified correctly.
In general, one can state that for this kind of applicatiorB’ part is clearly visible.
on trajectories purely consisting of observations belonging In Figures 7(c-d), two other effects are visualised. Figure
to one class, longer histories of observations improve thg(c) depicts the influence of history consideration on the sen-
sitivity against the temporal direction in which the trajectory

classification results.

Figure 7(b) depicts the results of another interesting ap-
plication possibility: instead of whole-letter trajectories, only
For letter 'C’ (Fig. 6(c)), similar results can be achievedrajectory parts of different letters (here: first part of 'A
whereas the TP rate is better (EP90%) with a worse FP and middle part of 'B’) are concatenated and processed by
the segmentation. Whereas Fig7(b,left) does not incorporate
Letter 'D’ (Fig. 6(d)) yields the worst results with only history (H = 0) and thus yields suboptimal classification
results, Fig7(b,right) uses a history of 14 observatidis=
14) and performs generally good. However, due to the
27% misclassifications. These poor results are mainly causednsideration of the history, a hysteresis-like effect occurs
by confusions with the letter 'C’. Nonetheless, the main parthen transitioning from the A’ part to the 'B’ part of the
trajectory. Nevertheless, the segmentation into 'A" part and

The second experiment concentrates on the segmentatisrpresented: evaluated are the same observations as in Fig.
of series of observations into the underlying classes. A&b), but in reverse order. Without history (Fig.7(c,lef),=
before, the segmentation of trajectories is independent 0f, the reverse order does not change the results compared
the number of observations as it is based on the singte Fig.6(b/d = 0) (different TP/FP values result from NC
being considered as the true classification in Fig.7(c,left)).

observation compatibilities.

Figure 7(a) visualises the segmentation results for coi®n the other side, when considering the temporal history of
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the observation€)7% get correctly rejected, as the reversed|3]
‘B’ is not represented by the candidate UKR manifolds.
Figure 7(d) demonstrates that random points are correctly,
rejected, either with or without using the history (notice that
the figures are 2D projections of the 6D random data).

VIIl. CONCLUSION [5]

We presented a new approach for the classification and
segmentation of motion data exploiting the manifold fea-[€]
tures of the Structured UKR manifolds which represent
the candidate motions. Whilst this approach is limited to
the classification and segmentation into known/representeld]
candidate classes (with the possibility of rejecting ob-
servations effectively yielding one additional class for
unknown/unrepresented motions which enables to semi-
automatically recognise and train new classes), within thes&
borders, it is very flexible and robust at the same time. The
main strengths of this approach are: (1) it is — due to the def-
inition of the compatibility features in the manifold domain (9]
instead of directly in the observation space — independent to
a certain extend of the concrete task or observation spaldél
characteristics; (2) it is independent of a fixed window sizg, ;
or history length of the observations and can thus be applied
on the 'raw’ data without specific preprocessing steps and
(3) as the computation of the compatibility measure onI§/12]
requires historic observations, it is basically also applicable
to real time classification and segmentation of sensor dalfe]
streams. [

Another important benefit of the system is that, in prin-
ciple, the recognition — or classification or segmentation
respectively — of a specific motion comes for free after havin
represented the same motion for reproduction and synthesis
by means of Structured UKR manifolds, as the recognitiof€l
mechanism directly works an the basis of these reproducti?_p]]
manifolds.

For our future work — after these very promising initial[8]
experiments with the ABCD-data — we plan to return to OU{19
original domain of dextrous manipulation where we wan
to apply the presented approach on different kinds of hand
motions and manipulation movements. However, as tHe°
method does not rely on domain-specific data characteristics,
the application on a variety of other (motion capture) data
will be addressed as well.

5]

(21]
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