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6.S077	Lecture	2

• For	animals:	Biology+Experience =	what	you	know
• A	general	research	strategy:	How	“poverty	of	stimulus”	argument	for	
bees	extends	to	baby	talk

• You	can’t	learn	something	unless…
• How	babies	learning	to	talk	is	like/unlike	honeybee	learning	to	
navigate

• How	to	combine	statistics	with	biology

• Infant	=	in+fant =	”no	language”
• By	end	of	the	hour,	you’ll	learn	part	of	how	infants	learn	(part	of)	
language	– the	language	sound	system	and	something	about	how	
infants	learn	(part	of)	the	sound	system	of	their	language

• Like	honeybees,	and	unlike	honeybees:	combine	methods	from	
statistics,	and	a	universal,	apparently	pre-existing	innate	constraint

• In	general,	babies	are	like	songbirds,	at	least	for	learning	a	sound	
system	
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Learning	from	Small	(or	almost	no)	Data	Method	
Honeybee	(Apis),	solar	ephemeris	function

Local	solar	time	(hour	of	day)
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Fig. 1. The solar ephemeris. The sun's
course on the summer solstice in East
Lansing, Michigan (=43°N) is shown
in (a). The circles show the hourly po-
sitions of the sun from 0500 hr to 1900
hr as it makes its transit across the sky.
The sun moves at a constant rate (157
hr) along its arc, but the rate of change
of the azimuth (its compass direction)
varies over the day as the sun rises
toward the zenith (cross) and then de-
scends again. Shaded sectors show the
change in azimuth over two equal (2-
hr) time periods. The rate of change in
the morning period, when the sun is
low in the sky, is 9.57hr; the rate of
change at midday, when the sun is
high in the sky, is 37.57hr. An alter-
native method for displaying change
in solar azimuth over the day (the so-
lar ephemeris) is shown in (b). The
heavy line (a) plots the sun's course
shown in (a). The other curves repre-
sent the ephemerides at the equator
on the December solstice (b), when the
azimuth shifts clockwise (left to right)
across the southern horizon, and on
the June solstice (c), when the azimuth
shifts counterclockwise (right to left)
across the northern horizon.

Fig. 2). A bee that has returned
from a flight under a cloudy sky
bases her dance on the solar azi-
muth encoded in memory for that
time of day. Honeybees' dances
incidentally provide human ob-

servers a window on the contents
of the bees' memory of the sun's
course. For example, over several
hours of cloudy weather, bees'
dances to a fixed feeding site
change in accordance with the
change in the azimuth of the sun,
indicating that the bees can store
the details of the current solar
ephemeris in memory.

How could a bee form an inter-
nal representation of the solar
ephemeris as a result of her expe-
rience seeing the sun moving rela-
tive to the terrain? In pioneering
studies of sun-compass learning,
Lindauer''^ excluded the obvious
possibility that bees simply mem-
orize a list of time-linked solar po-
sitions, thus compiling a sort of
lookup table recording their expe-
rience. He found instead that bees
can estimate the sun's position at
times of day when they have never
seen it. In his experiments, he
trained incubator-reared bees to
fly to a feeding place in the south
from noon onward for several
days, but otherwise deprived the
bees of an opportunity to leave the
nest. When Lindauer tested the
bees' ability to find the compass
direction of the food (in a new
landscape, so that they could not
use familiar landmarks), he did so
in the morning. The bees searched
predominantly in the trained com-
pass direction. This finding im-
plied that they knew something
about the course of the sun in the
morning (as the azimuth moves
from east to south), although they
had previously seen it only in the
afternoon (as the azimuth shifts
from south to west). Other studies
have strengthened this conclusion
by showing that insects can esti-
mate the sun's position at night.^

PREVIOUS MODELS

Thus, whatever learning mech-
anism underlies the development

of the sun compass in insects, it
must perform some sort of compu-
tation that fills gaps in an animal's
experience of the sun's course,
and hence derives from incom-
plete sensory information a repre-
sentation that encodes, at least
roughly, the sun's entire course.
This is the sort of phenomenon
that gave rise to the cognitive rev-
olution in psychology: a behavior
that can be understood only by
considering the internal processes
that organize sensory information
and encode representations of ex-
ternal events.

Several studies have examined
how an insect could fill a gap in its
experience of the sun's course.
The general assumption has been

Fig. 2. Communication of flight direc-
tion in honeybee dances. The top of
the figure shows the sun at three suc-
cessive positions along its course, and
the resulting change in the angle be-
tween the solar azimuth and the flight
direction from a bee hive to a fixed
feeding site. At the bottom of the fig-
ure are three dances corresponding to
these three positions of the azimuth.
In the dance, a bee repeatedly turns a
figure-eight pattern. The central ele-
ment in this pattern is the "waggling
run," in which the bee runs in a
straight line while waggling her body
vigorously from side to side. The
dancer's orientation relative to gravity
during the waggling run encodes the
direction of the food relative to the
current solar azimuth.
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Fig. 4. Actual patterns of solar move-
ment on Earth. The shaded area cov-
ers all possihle solar ephemeris func-
tions that could be observed on the
Earth's surface (i.e., all latitudes and
all days of the year). The mean of all
these functions is the step function
shown by the heavy line (the dashed
vertical line at noon indicates that the
mean azimuth at noon is indetermi-
nate). The mean ephemeris essentially
matches the approximate ephemeris
developed by our partially experi-
enced bees (see Fig. 3). Shown for
comparison are the actual solar
ephemeris functions for three latitudes
on the summer solstice: a, 43''N (East
Lansing, Michigan); b, 25°N; c, 15° N.

solar azimuth at random at differ-
ent times of day.

Furthermore, an approximate
ephemeris in the shape of a 180°
step function would allow a bee to
begin to use her sun compass with
relatively little error throughout
the day even if she had sampled
only a small portion of the sun's
course (Fig. 4). This is especially
true during much of the year at
low latitudes, where the actual so-
lar ephemeris resembles the step-
shaped representation developed
by our afternoon-experienced
bees: The azimuth changes little
throughout the morning, shifts by
about 180° at local noon, then
changes little throughout the after-
noon. By contrast, the interpola-
tion and extrapolation mecha-
nisms hypothesized previously
could achieve similar accuracy
only after a bee pieced together an
internal ephemeris through exten-
sive sampling of the sun's course
at different times of day.

INSECTS,

Sun-compass learning in insects
appears to rely upon a purpose-
built learning mechanism appro-
priate for a small-brained animal,
but we believe that further studies
of this mechanism may illuminate
broader questions about learning
and cognition. For one thing, a
critical property of the bee's mech-
anism is that general features of
the pattern to be learned are in-
nately encoded. As ethologists
have long known, learning pro-
cesses in many animals, including
vertebrates, have this property. A
relatively simple example is song
learning in birds: Certain species
seem predisposed to learn sounds
that are patterned like their spe-
cies-specific song.^^ A more com-
plex example is language learning
in children, which appears to be
guided by innate rules for recog-
nizing speech sounds and organiz-
ing them into words and grammat-
ical sentences.^^ Sun-compass
learning in insects may provide an
opportunity to identify neurobio-
logical mechanisms by which
innately specified information me-
diates the integration of newly ac-
quired information by the nervous
system.

Another issue that might be il-
luminated by further studies of
sun-compass learning is the role of
time as a variable in the neural
code by which the brain represents
certain environmental patterns.
Many species share with bees and
ants the ability to learn the pattern
of solar movement relative to time
of day. Also, many animals, in-
cluding bees, can learn the occur-
rence of events such as the avail-
ability of food in relation to time of
day, as read from their internal
clocks.^ Although molecular neu-
robiologists are closing in on the
mechanisms underlying biological
timekeeping, scientists have virtu-
ally no idea how the clock pro-

vides input about time of day to
neural circuits involved in learn-
ing. Conceivably, the bees' sun-
learning mechanism could serve as
a model system for exploring this
question.

Finally, further studies of sun-
compass orientation may provide
insights into the evolutionary de-
sign of learning mecharusms. The
correspondence between the bee's
default knowledge and the sun's ac-
tual pattern of movement bespeaks
an important role for natural selec-
tion in shaping the underlying
mechanisms. The key evolutionary
questions concern how these mech-
anisms arose, how they differ from
mechanisms underlying other learn-
ing phenomena (including those in
other species), and why (in terms of
survival value) they have the specific
properties that they do. Exploring the
adaptive specialization of learning
mechanisms, an area of intense theo-
retical interest,̂ '̂ '̂ ^ requires combin-
ing a broad comparative perspective
with focused study of specific mech-
anisms. Many animals orient using
the sun as a compass, and yet must
solve very different specific tasks in
learning the sun's course. Consider,
for example, that a long-lived and
wide-ranging animal sud\ as a bird
needs to recalibrate its internal
ephemeris throughout its life to track
the varying patterns of solar move-
ment that it experiences,^^ whereas a
short-lived and sedentary animal
may need to learn only the solar
ephemeris experienced early in its
life. Conceivably, such comparisons
could provide insights into how
natural selection has adapted the
learning mechanism underlying
sun-compass orientation to fulfill
different navigational demands.
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Shaded=	space	of	all physically	possible
Solar	ephemeris	functions
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The	honeybee	learning	picture

Experience	from	flight +	what’s	initially	in	brain	=	

Final	state	=	Biology	+	Experience

Key	q:	How	much biology?	How	much experience?

How	is	this	any	different?

(sounds)
+	what’s	in	brain?

Is	language	acquisition	experience	driven?
Biology	driven?	How	much experience?	How	much bio?

Any	Learning	System
1. Initial	State
2. Final	State
3. External	experience
4. Learning	algorithm	
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Biology	+	Experience	=	Final	State
suggests	a	research	strategy…

(sounds)

(Pharoah Psamtik I	did	the	experiment….)
[without	IRB	approval…]
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If	no	experience,	revert	to	“ground	genomic	state”	or	
“wild	type”;	this	tells	us	what’s	there	at	the	start

Reversion	to	 “Wild	type”	without	experiential	input:
Zebra	finch

(Fig. 2j). The equality line, corresponding to faithful copying (identi-
cal PC1s; dashed blue line), was rejected in favour of the alternative
hypothesis represented by the linear fit shown in red (P , 0.001,
likelihood ratio test, n 5 13). We note that imitation that was in-
accurate but unbiased would have only increased the spread around
the equality line.

Because the songs of ISO-tutored birds differed significantly from
both their respective ISO tutors and WT, we examined whether
recursive tutoring would cause further progression towards WT over
multiple generations. We used four of the first-generation pupils as
tutors of a second generation of unrelated pupils, and continued
recursively over two to five generations (Fig. 3a). Similarity to WT
songs increased over three to four generations, as can be appreciated
from Supplementary Audio 1 and the three examples of multiple
generations of recursive tutoring in Fig. 3b. In the first example, both
ISO syllables become shorter in the songs of the first- and second-
generation pupils (blue and red rectangles), but the second syllable is
also differentiated into three distinct notes. The middle panel shows
spectral and temporal differentiation of syllables, and omission by the
third-generation pupil. In the rightmost lineage, the duration of the
final syllable (red rectangle) decreased over two generations and then
stabilized. The spectral structure, however, continued to change in
the third and fourth generations.

To judge whether or not the imitation of ISO song progressed
towards WT song over multiple generations, we displayed vectors
in the principal-component space (as in Fig. 2d–f) with each tutoring
lineage labelled using a different colour (Fig. 3c–e). As shown, the
multigenerational trajectories penetrate more deeply into the WT
cluster (purple shading). Direct comparisons across first- and later-
generation pupils reach significance only for DAS (P 5 0.02), but
multigenerational comparisons suggest further progression towards
WT for all song traits. For spectral-frame features, we found that PC1

of song features changes monotonically towards WT over genera-
tions. Its mean values for ISO, first generation, later generations and
WT songs were 1.3, 0.3, 0.03 and 20.4, respectively. PC1 values for
later-generation songs were significantly different from ISO song
(P , 0.005, t test, n 5 8 for later generations) but not from WT songs
(P 5 0.17). For DAS, PC1 values also decreased monotonically with
increasing generation: 1.1, 0.3, 0.02, 20.3. Later-generation songs
were significantly different (P , 0.01) from both WT and ISO song,
suggesting that WT approximation was not complete. For rhythm,
PC1 values also decreased monotonically with increasing generation
(4.1, 2.2, 1.4, 22), and differences from WT and ISO were marginally
significant (P 5 0.02 and 0.056, respectively).

Although the one-to-one training provided a well-defined learning
environment, the multigenerational changes that would occur in a
complex social setting may be more representative of natural evolu-
tionary processes. Therefore, we established a semi-natural island
colony (Supplementary Information, section 3d) starting with one
of our isolate tutors and three unrelated females in a large sound
chamber (Supplementary Fig. 1).

In this social situation, too, the isolate colony approached the WT
cluster over a few generations (Fig. 4). To judge the transition
towards WT clusters, we examined principal-component projec-
tions, with the isolate tutor song marked as a red dot. Comparing
the trajectory shown in Fig. 4e with that in the rightmost panel of
Fig. 3b (originating from the same tutor), we see that the outcome in
the colony is similar to that observed in one-to-one tutoring.
Although the outcome of the colony experiment can only be judged
qualitatively, we find it noteworthy that despite intense social inter-
actions, female presence and mating competition, there were only
mild differences between birds in the two conditions. In the colony,
juveniles also imitated sibling syllables and female long calls, leading
to more complex songs (Supplementary Information, section 1c). In
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Figure 3 | Multigenerational progression towards WT song. a, Schematic
diagram of the experimental set-up. Pupils become tutors when they reach
adulthood (day 120–140). b, Three examples of the songs of isolate tutors
and the succeeding generations of learners. Blue and red boxes show
individual syllable types that are altered by pupils. Long, monotonic syllables
become shorter and more differentiated (left- and right-hand panels).

Rarely, syllables were omitted (middle panel) in later generations of learners.
c–e, PCA of spectral features (c), state duration (d) and rhythm spectra
(e). As in Fig. 2d–f, arrows originate at the tutors and point towards pupils.
The progression towards the WT cluster (purple ovals) continues over
generations.

LETTERS NATURE | Vol 459 | 28 May 2009

566
 Macmillan Publishers Limited. All rights reserved©2009

Generation	1 Generation	2 Generation	3

O Fehér et al. Nature 000, 1-5 (2009) doi:10.1038/nature07994
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Source: Mampe, Friederici, Christophe & Wermke, Current Biology, 2009

typical French cry typical German cry

Initial	state,	human	babies

Human	stages
sound	system

1. Reflex	to	Cooing:	‘vegetative’	sounds,	crying	
(in	rhythmic	pattern	of	mother’s	language),	…
2. Precanonical:	Syllables	ma,	…
3. Canonical:	Repetitive	babbling:	na-na
4. First	words
Let’s	illustrate.

Stages&of&prespeech&vocal&development

0&weeks reflexive&crying,&biologicalRbased&

sounds

6R8&weeks cooing

16&weeks vocal&play&begins

36&weeks reduplicated/canonical&babbling

48&weeks nonreduplicated&babbling

First&Word

LanguageRspecific&effects

“From&the&moment&of&birth,&babies&cry&in&the&accent&of&their&

mother's&native&language…”&–&Annie&Murphy&Paul,&2011&Ted$Talk:$
What$We$Learn$Before$We’re$Born$

LanguageR&and&cultureRspecific&effects:&

Language&and&music!
from&Brandt,&Gebrian,&&&Slevc&2012

Is&all&babbling&the&same?

Besides&the&differences&between&the&vocal&babbling&of&deaf&

children&and&nonRdeaf&children,&babies’&babbling&is&also&

influenced&by&the&language&they&hear.

How&do&we&know?&&

!
(1) Test&competent&native&speakers.&

Record&the&babbling&of&babies&who&are&learning&to&speak&different&

languages&(ex:&French,&Arabic,&Chinese).&&See&if&native&

speakers&can&identify&which&baby’s&babble&is&from&their&

language&(ex:&asking&French&mothers&to&choose&between&

Arabic&babble&and&French&babble&as&French.)&&&

De&BoyssonRBardies,&Sagart,&and&Durand&(1984):&recordings&of&8R

monthRolds&can&be&recognized&by&language.
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Compression	of	conversational	speech–
Poverty	of	the	lexical	(word)	stimulus

Courtesy	Warner	and	Tucker

Play	first

Play	second
Play	fourth

Play	third
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Compression	of	conversational	speech–
Poverty	of	the	lexical	(word)	stimulus

Courtesy	Warner	and	Tucker

Gonna hafta =
Going	to	have	to

Chillinn’the =
Chilling	in	the

Notice	that	this	small	“four	word”	excerpt	
becomes	totally	clear	from	the	speech	that	

follows it
Yet	our	conscious	percept	is	that	we	analyzee the	initial	fragment,	as	
we	hear	it
This	rehabilitates	the	notion	of	“psychological	moment”,	in	which	
unconscious	processes		move	back	and	forth,	but	the	percept	is	linear

Courtesy	Warner	and	Tucker
Play	first
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An	animal	model	for	human	learning?

Bengalese	finch
(Lonchura striata domestica)
Source:	K.	Okanoya,	2003

Berwick et al. Birdsong and human language evolution

FIGURE 3 | Continued

FIGURE 3 | Continued
(A) Sonogram of an adult male Bengalese finch. X -axis is in seconds, Y -axis
in kilohertz. Song syllables are demarcated by alphabet letters. (B)
Finite-state transition network corresponding to the song syllable sequence
in (A). The network begins at the extreme left. Open circles correspond to
states in the network, with transitions on arcs labeled with the syllables
corresponding to those identified from the sonogram in (A). Note that loops
in the network can go back to previous states. (C) A finite-state transition
network that generates syllable sequences containing at least one or more
warbles, ending with a rattle. (D) A finite-state transition network encoding
an “unbounded” dependency, in the sense that a syllable sequence
beginning with ab must always end with exactly a single f. Note that
syllable sequences may be arbitrarily long, due to the loop labeled with a c
from one state back to itself. Thus, even though the ab and f may be
arbitrarily far apart, a finite-state network can still determine whether this
constraint holds. (E) A finite-state transition network that “counts” any
number of warbles between four through seven, inclusively. The transitions
labeled with ε denote so-called “epsilon transitions” where an output
syllable is not produced when moving between states. (F) A recursive
transition network labeled S that uses S itself on the transition looping
from state 2 back to state 2 as a subroutine to generate an indefinitely large
number of properly nested warble-rattle pairs. States are numbered for
convenience. (G) A finite-state transition network that describes a
hypothetical zebra finch song motif, as represented by a sequence of seven
syllables, a through g. Note that if there are no nested dependencies, then
the state Motif could be reached from any other state as part of a larger
network describing the overall song.

In order to meet the demands of real-time speech/signed
language production, in some way the human language sys-
tem must map structured syntactic word combinations onto a
sequence of motor commands, feeding a sensory–motor artic-
ulatory/gestural system for vocal or signed output, “flattening”
the structure onto the output channel so that vocal output is
sequentially ordered; see Stevens (2000). Conversely, the human
processor recovers hierarchical structures from a time-ordered
sound sequence. We might call this output projection external-
ization. It is typically here that linear precedence relationships
hold among word elements in regards to their output as artic-
ulatory sequences, as was noted in the Introduction. Importantly,
the detailed study of human sound systems has established that
only linear precedence relations are required for the description
of such systems; see Heinz and Idsardi (2011) and Wohlgemuth
et al. (2010) for further discussion. To consider another simple
language example here, the plural marker for apple, the so-called
z morpheme in English, is placed at the end of apple, rather
than the front, yielding apples (pronounced applez), rather than
zapple. Conversely, if one regards the perception of language as
mapping the time stream of acoustic signals into an internal
representation, one must invert this process, recovering the hier-
archical structures associated with sentences from the “flattened”
signal.

From this standpoint, it is misleading to equate birdsong vocal
production with the totality of human language. As we will now
argue in some detail, birdsong seems more comparable to human
language sound systems, not human language syntax. As we will
argue, both human and bird sound systems are describable solely
in terms of a network of what basic sound elements can come
before or after one another – either syllable chunks in the case of
birdsong, or so-called phonemes in the case of human language.

Frontiers in Evolutionary Neuroscience www.frontiersin.org April 2012 | Volume 4 | Article 5 | 10

What’s	the	same?

• “Critical	period”	for	learning	from	external	experience
• Babbling	(subsong),	practice	&	self-practice
• Plasticity	frozen	at	puberty	(by	hormonal	change	– testosterone)
• Left-lateralization	for	system
• Brain	circuitry	control
• Beads	on	a	string	structure
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Songbirds	– Zebra	finch	“critical	period”	
learning
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Human	(and	animal?)	sound	system	like	a	
“tweaked	template”	system	– 8	“dials”
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All	English	sounds
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The	simplest	linear	patterns	=	regular	

Lonchura striata domestica.	Source:	K.	Okanoya,	2003

ba:d →	bat;	de:g →	dek (Heinz,	2007)	
∫i:tʒ,	*∫i:te:z
(Chandlee &	Jardine,	2013)	

Birdsong	&	human	sound	systems:
what’s	the	same?

Bengalese	finch
(Lonchura striata domestica)
Source:	K.	Okanoya,	2003
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Sound	system	components:	
birds	&	people

“Beads	on	a	string”	model:
1. Beads	– chunks	or	“states”	that	are	categorical classes	(remember:	“s-

sh”	
2. Linear	sequence	– one	state	follows	another,	in	constrained	way
(e.g.,	“slo”	starts	a	possible	English	word,	but	“rdz”	does	not)
=	A	finite-state automaton	
Categorical	production and	perception
Today:	Let’s	address	just	one	part	of	that:	how	do	we	find	the	”chunks”	in	
the	input	at	all?

twasbrilligandtheslithytovesdidgyreandgimbleinthewabe
ekalaloakapaiiaokekahikolamuölelokanakamalokoonänüpepe
czarnelubrdzawegontowestrzechyiarkikryjącewsobiezakopcone

twas brillig and	the	slithy toves did	gyre	and	gimble in	the	wabe
e	kala	loa ka pai ia o	kekahi kolamu ölelo kanaka	ma	loko o	nä nüpepa
czarne lub rdzawe,	gontowe strzechy i	arki kryjące w	sobie zakopcone
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Challenge:	segmentation
twasbrilligandtheslithytovesdidgyre

pabikutibudodaropipabiku
tibudodaropitibudodaropi
pabikudaropipabikugolatu
tibudogolatutibudogolatu
golatudaropipabikutibudo
daropigolatudaropipabiku
tibudogolatudaropigolatu
daropigolatupabikutibudo
pabikutibudodaropigolatu…

{pabiku,tibudo,golatu,daropi}

pigola daropi tudaro

Question:	What	are	the	words?????

Challenge:	Combining	Inference	with	Cognitive	Constraints
(How	real	people	solve	real	problems	can	help	real	computers)

Problem:

“Standard”	solution:		prettybaby pre-ty-ba-by
Graph	of	transition	probabilities	(tp):	Pr(xi+1|xi)	&	look	for	local	
minima	or	threshold

“Standard”	claim:	works	great;	“stats	is	all	you	need”	(Science,	1996)

pabikutibudodaropigolatu…
Pr(bi|pa)=1.0; Pr(ku|bi)=1.0; Pr(ti|ku)=0.3, 
Pr(bu|ti)=1; Pr(do|bu)=1.0; Pr(da|do)=0.3
Pr(ro|da)=1; Pr(pi|ro)=1.0; Pr(go|pi)=0.3
Pr(la|go)=1.0; Pr(tu|la)=1.0 …

twasbrilligandtheslithytovesdidgyreandgimble

pigola→ pi golatu

pabiku tibudo daropi golatu daropi

Works	great?	NO!!!
pabiku
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“CMU	pronunication dict”:	
http://www.speech.cs.cmu.edu/cgi-bin/cmudict
1=	primary	stress
U=	utterance	end

Phonetically	transcribed	mother’s	speech	to	
“Adam”	fed	to	segmentation	program

Big	drum.
Horse.	
Those	are	checkers
bih1gdrah1mU
hhao1rsU
dhow1zaa1rcheh1kerzU
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Precision and Recall, Pure Stat 

Interference vs. Stat Inference + UG, 

250,000 child-directed examples

41.6

95.9

23.3

93.4

0

20

40

60

80

100

120

SI SI-UG

P
e
r
c
e
n

t

What	IS	this	ONE	universal	constraint????	HINT:	you	all	know it!

transitional	statistics

Using	the	universal	constraint

Actual	results	on	actual	speech	to	children?	works	lousy!
What’s	the	answer?		But,	add	a	ONE universal	constraint	

about	human	language	and	it	works	GREAT!

Summary	for	today

• Small	data	for	small	minds:	Statistics	can	be	profitably	
combined	with	pre-existing	(“innate”)	constraints,	even	in	
humans

• Sound	system	for	language	looks	like	a	(bit	more	complex	
version)	of	“tweaked	template”	as	in	honeybee	navigation

• Correct	representation	key	to	learning	success


