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Hybrid-Space Interactions for
Constructive Learning

« Dynamic, multimodal feedback

— Engage diverse learning styles through multiple modes of
representation

« Affordance of unencumbered, full-body movement
— Enable interactions to be physically embodied

e Physical continuity with the classroom
— fosters informal collaborative and social interactions
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The Mediated Constructive Learning
Environment

e Open physical space (15'x15'x12’)
— Six-camera vision-tracking
system

— Top-mounted video projector for
floor-projected visual feedback

— Four speakers for spatialized
audio feedback

— Students interact with sonic and
visual feedback by manipulating a
set of illuminated glowballs
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Key Challenges: Discovery-Based
Interaction and Reflection

* |nteraction
— Support discovery-based learning
— Foster embodied interaction
— cognitively well-adapted to large physical spaces

e Reflection

— Participants can review what they have constructed
through interacting with the space

« Stimulate informal discussions among student peers
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The New Type of Interaction

« Based on qualitative aspect of human motion

— List of controls: 3D Motion quality types (straight,

random).
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Examples of online interaction - colored trajectories projected on the horizontal plane
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Advantages of the Interaction

 Implicitly learnable

« Low cognitive load

— Invariant to absolute 3D location and body orientation
e Coupled with physical feelings

— Facilitate embodiment

— Facilitate attentiveness to auditory and visual feedback

Fsi




The General Framework

« Use Dynamic Bayesian Network (DBN)

— 1. Fully generative and model uncertainties due to involuntary or
corrective movements

— 2. The model can be easily augmented to incorporate additional
prior information, e.g. someone is traveling in a circular pattern

ACTIVITY STATES
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The Probabilistic Approach

* For the online interaction, we compute, for each motion
quality, the posterior probability P( . |Y, ), where

Y, denote sensed data location observation in the horizon 1:t

. denote one of the four motion qualities: ‘straight’, :
‘random’ and ‘stop’

* For the reflection, we approximate:

— The MAP segmentation ,, = argmax P (., N
— The synchronous smoothed state estimates P(S,| .., X.)."l 1:1
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The Probabilistic Generative Models

« Straight and curved hypotheses are modeled as special
cases of 3D directional motion , where random and
stop hypotheses are modeled as 3D Brownian motion
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 Two important considerations:
— The motion gualities should be made scale-invariant

— The intended human motion should be acknowledged, e.qg.
snaked motion needs to be classified as straight motion

Snaked motion illustration
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3D Directional Motion Model

* Assume smoothness of direction & and speed ¢, where the
evolution of inherent location given a, and Y, is:

_ 2 1 (DIR)

It (It-1+utat ’Vt/L I)

e Speed varies smoothly in a manner proportional to its value:
logy, ~  (logu, , /)

« Direction variations are driven by a normalized curvature
process, W, where

— W describes the magnitude rate of change of the direction
vector a with respect to the arc length of the trajectory

— The rate of direction change per unit time is given as K, = w,
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« Update of the 3D direction vector based on Yis
conducted by a local coordinate system transformation

Ring size characterizes

the amount of direction <
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« The curvature process is formulated as W, = W_, + ut'lq’
— Satisfy the scale-invariant conditions

— Provide mean-reverting and continuity properties
« Ensure smoothness of directional variation
* Model compensatory movement for straight motion
« Keep|w |within physical limits for curved motion

* g consists of white noise {h} passed through a
bandpass filter with transfer function:

H(Z):(l- pL)(l_ pH)(1 ZZ)
41- p.z7)E R 27)




We distinguish straight vs. curved hypotheses by chqices
of /, (the variance of the white Gaussian process {/,}) as
Welras Initial curvature P(wy)

(a) Straight motion synthesis(10). (b) Curved motion synthesis(10).




The Brownian Motion Model

« Random and stop motions are modeled as Brownian:
— Model continuity of position |, ~ (It_l,/fB)I )
— Scale-dependent, i.e. / \®’must be set roughly to the square
of the expected per-frame drift, ||l - I...|
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(¢) Random motion synthesis(1). (d) Stop motion synthesis(1).




Online Path Shape Quality Identification

e Our goal is to compute the posterior P( . |Y,), which is
proportional to P(Y, | ).

X

(a) Online DAG. (b) Offfine DAG.

 We implemented a fading memory modification [Hi
2003] to discount the effect of observations further in
the past
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Offline Segmentation and Smoothing

e Our goal Is to obtain the inherent trajectory of
the participants’ motion overlaid with a
segmentation into contiguous regimes, each
having a constant path shape quality
—  Is time varying and augmented with abrupt

and smooth change modes

* Apply Approximate Viterbi Algorithm to approximate:

— The MAP segmentation | =argmax P ( , I, .
— The synchronous smoothed state estimates

P(Ssl 1*:t7¥t)1",|\ 1:1
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« CUT is a new way to implement smoothing for a
nonlinear dynamic system via unscented transform.

— Use of CUT + KF is equivalent to UKF, thus CUT smoother
Inherits all the optimality properties of the UKF

Smooth transition illustration
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Results on Sample Trajectories



The Informal Assessment

o Key interaction design hypotheses

— A direct mapping of the fading-memory posteriorsP( , | Y,,)
in online interaction is implicitly learnable E user can
discover mapping on their own

— A post-interaction, offline segmentation display leverages
Implicit learning towards explicit understanding, in that User
became conscious of how their actions are mapped and can
articulate this process. They understand underlying shape
concepts



The Assessment Method

* A color-based online interaction is developed

— The posteriors probabilities of ‘straight’, ', ‘random’ and
‘stop’ hypotheses are tied to the red, , blue and black mixed
In @ monochrome color field

— A screen was split into two halves, the right half containing a target
color (either red, , or blue ) and the left half containing the

variable color
— Participants were asked to match each fixed color in sequence by
moving the illuminated glowball
o Participants were randomly assigned to to one of two
conditions, the DISPLAY condition and the REFLECTION
condition

— Phase 1: Participants in both conditions did the online color-based
Interaction




— Phase 2:

« Participants in the DISPLAY condition viewed the
postinteraction display, i.e., a visual summary of a subsection of

their movements during the first phase

 Participants in the REFLECTION condition instead spent the
time seated in a comfortable chair, reflecting on their
experiences within the space.

— Phase 3: Participants in both conditions were given identical

quesﬂonnawes

“(Moving slow, Moving fast, Moving forward, Moving backward,
Jumping, Movmg up, Movmg down, Movmg curved, Moving
straight, Movmg random, Stopplng) makes the (red, green, blue)
color appear.’



The Assessment Result

« Participants in both conditions show evidence of learning
the mappings from their own * and ‘straight’ motion
to a particular color

— Participants intuitively acquired explicit knowledge of these
concepts through physical exploration of the space



Participants in the DISPLAY condition show evidence of

learning the mapping from their own ‘random’ motion to a

particular scale

— The results clearly demonstrate that for the most difficult
concept, ‘random’ motion, the display was crucial for closing

the loop and allowing participants to gain an explicit
understanding of what random motion is and how it affects

the mapping.



Future Work

* Develop alternative ubiquitous visual feedback strategies
(other than color), for instance particle streams

— Embed such feedback in the context of specific arts and
science curricula

* Conduct more formal assessments of the motion-quality
controls, vs. other control types (absolute location-based,
body-relative location-based) using target K-12 populations
rather than adults and fellow researchers



