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Abstract—What “constraints” are exactly wired into the hu- In this paper we propose a powerful general mechanism
man developmental program? What “constraints” are minimally  called priming architecture which can enable a robot to pre-
necessary for a developmental robot? These are open questionsgict fytyre contexts reliably. The design and implementation
In this paper, we propose a mechanism of developing experience- - - . .
based priming — predicting the future contexts including sen- of this p_”m'”g arch'teCture fO”PW the AMD paradigm [8].
sation and action based on the previous experience — as aOne major foundation of AMD is that a robot should not be
powerful “constraint” for developmental robots. We present an programmed to conduct known tasks in a known environment.
architecture that develops this priming capability through real- |nstead, it should possess a general task-nonspecific learning
time online interactions with the environment. We report how - 4napility, and develop task-specific representation and skills
our SAIL robot developed a sense of novelty in a well-known - . .
“drawbridge” experiment which sheds light on the controversial through real world sensory experience. The arch'teCture IS 1m-
issue of “Object Permanence” in psychology. We further show Plemented on our house-made human-size mobile robot named
how the proposed priming mechanism enabled SAIL to deal with SAIL (Fig. 4 (b)). Using the priming architecture and other
a very challenging online learning setting: learning the name components in its developmental architecture, SAIL is able
32I(’jb§|rc()jii)ae|gyu(:.$g” size) of dynamically rotating objects through 1 gevelop perceptual capabilities that have interesting early

gues. implications to “Object Permanence” issue and visuoauditory
I.INTRODUCTION capabilities in a challenging learning setting that a robot has

Multimodal priming is the capability to internalize and organever successfully tried before.
nize related high-dimensional contexts, retrieve the future ones I1.ARCHITECTURE ANDALGORITHM
and associate them to produce corresponding behaviors. Thighe proposed architecture is built upon a regression en-
priming mechanism relies on the following three importarfine called incremental hierarchical discriminant regression
requirements: (IHDR) [9] [10]. Because space is limited, we cannot go

The first is to quickly, effectively and incrementally generatgto the details. Briefly, the IHDR technique automatically
the internal representatiorfrom real-time experience. In our derives discriminating feature subspaces in a coarse-to-fine
model, the internal representation corresponds to high dimefanner from a high-dimensional input space to generate a
sional numerical vectors in a series of transformed spac@ge architecture of self-organized memory. It can handle

simulating to a degree the response patterns of neurons. Eggh-dimensional data (e.g., thousands) in real-time, which is
space corresponds to a set of automatically derived (instegflcial to a developmental robot.

of hand-programed) high-dimensional discriminating features. o

This is essential for the success of generalization in predictifiy L€vel-building Element

future contexts. Using IHDR trees, we designed a basic developmental
The second one is multimodal integration. Recently thf§mework called level-building element (LBE). Shown in

issue has raised great interests and many promising resfii& 1 is an example of a LBE taking two channels of sensory

have been reported [1] [2]. However, existing methods alf@Puts. the auditory sensation and the action sensation.

based on hand-defined symbolic mapping while multimodal We call the high-dimensional input vectpr to an IHDR tree

integration of real-time sensory streams is still a challengif§e !ast contexs(t), and the output the primed contextt).

unaddressed open problem since all perceptual units are highfi¢ Primed contexp consists of three parts, a primed sensa-

dependent on each other. tion vectorp,, a primed action vectop,, and an associated

The third one is grounding. This requirement is importarf/ue- An IHDR tree approximates a mappipgo that:

because the representation inside an agent should be intimately = "

. i p(t) = g(s(t)).
generated from sensory experience of the external physical
world [3] [4] [5] [6] [7]. Grounding becomes very challenging The LBE needs two trees. The upper one is called the
when the representation has to be complete: sufficient f@ality tree orR-treeand the bottom one the priming tree or
any potential environment, due to the task-nonspecific natiPetree The R-tree predicts immediate near future contexts and
of autonomous mental development (AMD) at the robotthe P-tree generates far future ones. The prototype updating
programming time (before “birth”). gueue (PUQ) for the P-tree keeps a “live” context trajectory so
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Fig. 1. A level-building element.

that the future contexts can be recursively “blurred” into the , I,l,l' © %JEC_T PERMANENCE .
“predictor” of early contexts. To accomplish this, PUQ keeps Drawbridge” and “Object Permanence
a list of pointers to the consecutive contexts in its first-in- 1he term "Object Permanence” is first introduced by Jean
first-out queue. Mathematically, the primed contexts that PUCJ2get in 1954, namely, the ability to understand that objects
point to are updated with a recursive model adapted from €Rntinue to exist even when they are no longer visible. In

learning [11]: iaget’s view, “Object Permanence” is a gradual process that
lasts from the first month of life through 18-24 months [12].
n—1-1 141 However, contemporary researchers have suggested that in-

P (1) = Tp(n V() + Tw(n V1), (D) s may have a sense of “Object Permanence” as young
as 3 months old or earlier [13] [14]. Therefore, whether

where, p(™)(t) is the primed context at time instan¢e n  “Object Permanence” is an innate sense or a later developed
represents the number of timgs" (¢) has been updated, andapility has been widely debated in psychology. The well-
7 the time-discount ratel. is an amnesic parameter used tknown experiment called “drawbridge” by Baillargeon and her
give more weight on the newer data points, which is typicallyolleagues has been in the center of this debate for many years.
positive, e.g.] = 2. Recent studies by Bogartz, Schilling, Cashon, etc. suggested

The above equation shows that a primed conig®i(¢) that the infants’ behavior in the “drawbridge” experiment
is updated by averaging its last versipf?—!)(¢) and a time- reflects the perceptual capacity instead of innate knowledge for
discounted version of the current primed contel%t Y (t+1). “Object Permanence” [15] [16]. Researches in neuroscience
In this way, the information embedded in the future contexfiso give supports to this perceptual view since a neuronal
p(™=(t 4+ 1) is recursively back-propagated into earlier ongsopulation in the anterior superior temporal sulcus (STSa)
through PUQ. Therefore, when an earlier context is recalldths been identified to be selectively activated by an object

the future information will be primed. as it gradually disappears from view behind an occluding
screen [17]. This means that “ the prolonged activity during the
B. Novelty in the Value System hidden period appears to arise from the visual event of gradual

The novelty is measured by the disagreement between Wﬂﬁglusion rather than from the fact that the object were not

is predicted by the P-tree and what is really seen by the R-tr¥$ible.” The open question is then:' what “innate” mechanism
If the robot can predict well, the novelty is low. Algorithmi-!f N0t knowledge is in the infants’ developmental program

cally, we define novelty as the normalized distance between gt 9ives rise to such an early perceptual capability? Before

: ) () (n) (n) this question is answered clearly in terms of computational
Z?\lt;ai:]zda?crtlﬂq;dsZ?\QZ:ggir(tl)) ;t(fﬁe 512;(‘? 2tirr$<i):wp m (1)) neuroscienc?, which is iaxtremc_aly difficult, we would like to
conduct the “drawbridge” experiment on our SAIL robot first.
e 5 We interpret the above neural activity as novelty detection.
1 Z (pj (1) —pi(t+1)) @) Although the consistency between SAIL robot and human
0]2 (t) ’ infants does not mean they are using the same mechanism, the
robot’s result does shed some light on this important issue.

wherem is the dimension of sensory input. Each componegt “Drawbridge” Experiment

IS. divided by the expected vananax?, WhICh)IS the time For precise control of the temporal traces, we created an
dlsgounted average OT the squared d|ffere@6 (t) —p;(t+ OpenGL 3-D animation(Fig. 2) for the “drawbridge” experi-
1))°. It should be noticed that when the signal vector reprgsen; originally designed by Baillargeon et al. [13] [14]. The
sents a high-level concept, the novelty is for high-level 0@, ee events involved settings with a grey table, a silver screen
This mechanism enables the robot to build up the perceptlrl@{ating back and forth at either20° or 180° , a yellow

representation of novelty as part of its value system in additi). ihat was either set in the path of the screen or absent
to the rewards.

j=1



grounded audition learning capability on SAIL robot [6]. How-
ever, real-time multimodal learning has raised new challenges:
Visual representation of objects. To perceive objects
o ‘ ‘ ‘ ‘ ‘ i ‘ ‘ correctly in the environment, a robot must be able to recognize
TR M it famey 20 MO0 0 1m0 200 the objects from different orientations, e.g., when the object is
os ‘ T being rotated. Since our goal is for a robot to learn new things
2K : . “on the fly” without any human pre-designed representation,
1
1

Novelty
o
i
&

§ 01sf ] we use the sensory-signal-centered representation rather than
005} | / : ‘ ; ‘ the monolithic object-based representation. See [19] for a dis-
L0 0 G0 a0 L1000 100 1400 1600 1800 2000 cussion and [10] for its use in visual developmental learning.
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Imperfect alignment. In the real world, the visual presence

of an object is usually coupled with the related auditory

signals, such as a verbal name given by a teacher. However,

oos | Y ‘ ' ‘ ‘ this coupling is not strict in the following senses: (1) Auditory

LA it ey 0100 1800800 2000 signals spread across many frames. (2) The observer may view
an object from different angles when the name was taught and

Fig. 3. Novelties measured in the “drawbridge” experiment.  asked at different times. (3) Most of the view angles receive

i o no auditory signals at all.

from the event. In the first habituation event (180NB), the Fortunately, there is a very important property of the phys-

bqt);] \;vase:bser;t a]:nod trt'ﬁescorgg? rac; a full rOt?‘rf"i;‘e&’b. q 4 al world we may take advantage of, i.e., the time continuity.
w Sec. away from ' » - SEC. pause | mi the real world, an object does not emerge from nothing

and 4 sec. back toward the robot. In the impossible eveﬁ . . . .
d it does not disappear like a magic. We may make use of
(1808), the box was presented and the screen moved all shared image features of the spatiotemporally contiguous

way to 180° as if the box were not there. In the possibl%. : .
o ws of an object to generate more abstracted representation
event (120B), the screen only rotated up to the position %e ) g P

the box at120° and then back. The above three events Wef%r multimodal priming.

shown to the robot sequentially one after another as consistBntMultimodal Integration through Experiences

with the original experiment. Fig. 3 showed the novelty that Fig. 4 (a) shows the augmented architecture we used for
was detected on SAIL during each of the three events. Asultimodal learning. It has three LBE modules, a vision LBE
shown, after habituating to the 180NB event, the robot fourfg-LBE), an audition LBE (A-LBE), and a high-level LBE (H-
more novelty in the impossible event than in the possibleBE). The primed contexts from the P-trees of both V-LBE
one during the first 1200 image frames of each event. Aftahd A-LBE are inputs to H-LBE. After the low-pass trajectory-
that, the robot was about habituated and hence, the differengse filtering in PUQ, the primed context only keeps the low-
in the novelty decreases. This result is consistent with th@quency components of the last context. The underlying idea
psychological findings that human babies looked longer at thesuch an architecture is that while A-LBE and V-LBE may
impossible event [13] [14]. We have also changed the ordengérk individually to do certain learning, their combination in
which the last two events were presented and conducted Hpe BE can resolve the ambiguous situations when neither of
control condition event in [13]. Our findings indicated thathe two modalities along, vision or audition, contains enough
the robot does not show any preference for larger movemeiformation for decision-making. For example, when a verbal
and the order of events does matter in the experiment resuigestion (“name?”) is asked about an object that the robot is
which is consistent with the recent more detailed study [18boking at, neither vision nor audition along is able to generate
Therefore, at least we have established the first developmenit@ desired answer.

robot evidence that the “Object Permanence” reported byA high-level outline of the algorithm is as follows:

Baill?rgeon can pe duplicated by a novelty measurement.l) Collect the sensation from the auditory sensgft), the
If 35-month-old infant knowledge were so robust as real ~ g o sensor, (), and the action sensar, (t).

“Object Permanence,” then the order of events should not havez) Update the P-trees of both V-LBE and A-LBE using the
altered the relative attention duration as reported in [13] [18]. IHDR learning algorithm

Of course, we do not_clalm that our robot uses the same3) Retrieve the P-trees of both V-LBE and A-LBE to get a

mechanism as human infants do. list of primed contexts, select and denote the ones with
IV.MULTIMODAL LEARNING the highest primed value as(t) andp,(t), respectively.

A. Problem Description 4) Update the PUQs of both V-LBE and A-LBE using

The above study is important to the debate of “innate phys-  equation (1).

ical knowledge” vs. perceptual novelty. However, effective 5) Take the primed contexts,(¢t) and p,(t) as the inputs

developmental learning for later years must be conducted in  to H-LBE.

much complex multimodal (e.g., vision, audition and touch) 6) Update the R-tree of H-LBE using the IHDR learning

contexts. Our previous work has developed the real-time algorithm.

Novelty
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Fig. 4. (a) The multimodal learning system architecture. (b) The SAIL robot at Michigan State.
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7) Retrieve the R-tree of H-LBE to get a list of primed 5 5 .
contexts, select and denote the one with the highes e é‘ § ! g
primed value ay,(t). The primed action part by, (t) - _ &A ’ & d b >

is sent to effectors for execution. Baby 1 Baby 2 Harry Potter Kitty Doggy  Girl

C. Multimodal Abstraction f} P “ k)
The underlying reason that why the above architecture 1 g l i L
and algorithm work, as shown in the experiment, is that the ” - ’ . ol

primed visual sensation is a blurred version of the real visual Ape Hugme Dwarf Micky Mousel Micky Mouse2 Winnie
sensation. As a result, the inputs to H-LBE do not change a
lot when the same object is presented. This is an abstraction
process, where the cognitive activities reduce the variance fions in the inputs to H-LBE we increase the discriminant
sensations and keep th_e mvapant components. _ power of the representation.

Why do we send not just primed sensations but also primed
actions to H-LBE? Before answering this question, let us firbt. Visuoauditory Experiments

Fig. 5. The objects used in the experiment.

define the primed action pattern of A-LBE as: The experiment was done in the following way. After the
n robot started running, the trainers mounted objects one after
Py(t) = Z qsi(t)psi(t), another onto the gripper of the robot and let the robot rotate the
i=1 gripper in front of its eyes at the speed of about 3.6s per round.

wheren is the total number of primed contexts retrieved frorDuring rotation, the trainers verbally asked the questions of
the P-trees of A-LBEg;;(¢) is the primed value associated'name?” and “size?” and then appropriate answers were given
with theith primed context. Similarly, for V-LBE, we have: by the trainers through switch sensors on the robot. Different

n switch sensor status represented different answers. Since the
P,(t) = qu(t)pvi(t). objects were being rotated, moved in and out of the robot’s
i=1 field of view continuously, the orientation and the positions

Then let the random variablg? and P, represent the primed of the objects kept changing. The robot could then hardly see
sensation and primed action, respectivefyP,) and g(P,) the same image when the same question was asked again.
represent the p.d.f.s for “name” and “size,” respectively; anttally 12 objects were presented (Fig. 5) to the robot and we
f(Ps,P,) and g(P,, P,) the joint p.d.f.s for “name” and expected it to correctly answer questions after being taught
“size,” respectively. With the above definitions, the reason c&y the trainers. A sample video sequence seen by the robot is
then be explained in terms of information theory since wghown in Fig. 6.
prove in the appendix: To examine the behavior of the robot in detail and eval-
uate the performance, the experiment was first done on
D(f(Ps, Pa)llg(Ps, Pa)) 2 D(f(Ps)llg(Ps)), pre-recorded sensory streams. The image data included five
where D(+) is the Kullback-Leibler distance (relative entropyyideo sequences of every object with 350 frames in each
between the two p.d.f.s. In other words, by including primesequence. The auditory data was collected from 63 people
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with a variety of nationalities (American, Chinese, French, 20
Indian, Malaysian, and Spanish) and ages (from 18 to 50). o ]
During training, ten subjects were randomly selected and the foo 150 200 250 300 350

Time (unit: frame)

switch sensor inputs (numerical vectors) were given after the
utterances were finished. Of all the five sets of image apg}. 8. The two correct answer rates of the robot v.s. the question
speech data, we used four for training and the left-out one fawsitions in each image sequence.

testing. So, with 12 objects, ten people, and two questions, the
robot was taught 960 times in training and evaluated for 24¢  _F 1 b b 0b b b b b -
times in testing. P P P P PP PYPPTYOY
To emulate the situation that the trainers would not be able  F& FE B B B B B L s '_.1
-
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the end point of each question was aligned with image No.;'E £ _‘ FrerwrwaTTraT __
300 during training and with image Nos. 100, 150, 200,250 =» =» » 2 2 £ 1 1 _I F T
and 300, respectively, during testing (Fig. 7). S N - £

The correct answer rate (C.A.R.) for evaluating the robot’s Fig. 9. A sample sequence of the primed visual sensation.
behaviors can be written as:

-

Bl

N process for ten times and the robot responded correctly at
CAR.=—=, about 90% of the time for all three training objects.

nt - - .
where n. is the number of image sequences with correct Fig. 10 shows that the execution time of each step grew

majority responses ana, is the total number of image at the beginning and flattened out after about 100 seconds.

sequences. We denote the rate for the algorithm using o;[l e execution time of each step is lower than 18.1ms, the

primed sensation as C.A.R.1 and that using both primé L!ired inte.rv.al of a single s_,peech frame. The size of the
sensation and primed action as C.A.R.2. The correct ans ain” containing three LBES is about 60MB after the above

rates from SAIL robot are reported in Fig. 8. training process.
Particularly, when the questions were aligned with image In this paper, we introduced a developmental architecture

frame No. 250, the C.AR.1 and C.A.R.2 of the robot At enables a robot to generate single and multiple modality

0 0, i i - iti
95.77% and 100%, respectively. When the question pos't'PenPresentation in high-dimensional feature spaces. The result-

difference between training and testing was not large, the robo

o . - ) iNg representation is an abstract nonsymbolic internal general-
maintained a high correct answer rate. With the increase of tggtior?b taking advantage of the s at)ilotem oral contiguit of
difference, the correct answer rate dropped gradually. Al y 9 g P P Y

. . . e real world. The effective architecture design together with
the robot's performance was low during the time when ﬂ}'ﬁe use of IHDR retrieval engine enable the robot to handle
objects were moving in or out of the robot's view field since
no attention mechanism was used here.

With the recursive averaging over the consecutive primed 8f
contexts, the primed sensation was a blurred version of the
real visual sensation (Fig. 9). This low-pass-filtering property
of PUQ in V-LBE helps to filter out the high-frequency compo-
nents in the visual sensation and gives a low level abstraction.
Therefore, the robot was able to answer the question correctly
even it was taught while another pose of the object was seen.

In the real-time experiment, the visual data were captured 2
by a CCD camera at 30 frames per second and speech data
were digitized at 11.025kHz and the Mel-frequency Cepstral ‘ ‘ ‘ ‘ ‘
Coefficients (MFCC) were then captured. For each object, we % 50 w00 iso, 20 250 300
issued the questions five to six times until we went through
three objects (baby 1, dwarf, and girl). Then the objects wefg. 10. The average execution time of the multimodal learning
mounted again and questions asked. We repeated the alsdtwéem.

V.CONCLUSIONS

9

~
T

[
T

o
T

I
T

Execution time/step (ms)
w

1t




uddiéiﬁﬁjffijlliLﬁﬁ&ﬁﬁﬁéidﬁi

@)

MdddddLLLLLELRLLL
v —

(b)

bbbddddddd i

Fig. 7. The misalignment of image and speech data (a) during training (b) during testing.

very high-dimensional multimodal sensory inputs online iwhere h(-) is the differential entropy. The strict inequality
real time. This progress is a solid step towards our ultimal®lds except for the degenerated case where the second term

goal of autonomous mental development on a robot, to leam(3) is equal to zero, which requires thatz, y) log -2

g(:c )

complex cognitive and behavioral capabilities effectively witkquals zero almost everywhere.

a low training cost.

In the “drawbridge” experiment, our results that are con-
sistent with the recent human infant studies [18] showed th JI[
a developmental robot can be a useful tool for computationi]
psychology and neurophisiological studies, although the robd]
and humans do not use exactly the same computations.

With the current implementation, our robot did not really[3]
have a clear object concept, but rather treated the whole
image as a pattern. The future work will then incorporat A
our attention mechanism for voluntary segmentation, whic
is currently beyond the scope of this paper. [5]
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APPENDIX %]

The relative entropy, or Kullback-Leibler distance betwee?O
two densitiesf andg is defined by (10l

f(@)
D(f(@)llg(x /f a2 ”
Thus, [12]
D(f(x,y)llg(z,y)) = /f(:my) log Jgeg‘;/; dzdy [13]
[14]
f@,y)llg(z,y)) — z)||g(z

[, y) f@), 0

/fxy x,ydd /f log )

(
/ff1w,y>logfrx7y)dmdy-—-}ff<x>logjxx>dm

(16]

g(z) [17]

+ /f(x,y) log J@y) dzdy
= MX,Y)—h(X)+ [ f(z,y)log g?f’c;) dxdy ol
- Y|X / Flz,y)log ((“:”;) dwdy @ M

Y
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