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Abstract

The framework provided by Claude Shannon’s [Bell Syst. Technol. J. 27 (1948) 623] theory of information leads to a
guantitatively oriented reconceptualization of the processes that mediate conditioning. The focus shifts from processes set in
motion by individual events to processes sensitive to the information carried by the flow of events. The conception of what
properties of the conditioned and unconditioned stimuli are important shifts from the tangible properties to the intangible
properties of number, duration, frequency and contingency. In this view, a stimulus becomes a CS if its onset substantially
reduces the subject’s uncertainty about the time of occurrence of the next US. One way to represent the subject’'s knowledge
of that time of occurrence is by the cumulative probability function, which has two limiting forms: (1) The state of maximal
uncertainty (minimal knowledge) is represented by the inverse exponential function for the random rate condition, in which the
US is equally likely at any moment. (2) The limit to the subject’s attainable certainty is represented by the cumulative normal
function, whose momentary expectation is the CS-US latency minus the time elapsed since CS onset. Its standard deviation is
the Weber fraction times the CS-US latency.
© 2003 Published by Elsevier Science B.V.
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1. Introduction was always presented together with another, alreaay
conditioned CSKig. 2). The already conditioned CS 35

The late 1960s saw the publication of three exper- blocked conditioning to the newly introduced CSzs
imental papers that demanded far reaching revision This implied that when a subject “expected” the USs7
in our conception of conditioningRescorla (1968)  that is when it was not “surprised” by it, then pairingss
showed that if one removed the contingency between it with a CS did not produce a conditioned responsese
a to-be-conditioned stimulus (CS) and the uncondi- | have followed Kamin in putting scare quotes arouneb
tioned stimulus (US) without altering the temporal “surprise.” He did so presumably to warn that it was:1
pairing, the subject did not develop a conditioned re- unclear what the scientific meaning of the word might2
sponse to the CS(g. 1). This result implied that it  be. Also, as a behaviorist, he was chary of the notion
was contingency, not temporal pairing, that generated of expectation, without which there can be no surprises
conditioned responding. Kamin (1969)further showed that when two CSsss
Kamin (1969)showed that pairing a CS and a US were presented together from the outset of conditions
did not produce a conditioned response to the CS if it ing, the conditioned response that developed to one
of them was much stronger than the conditioned res

" Tel: +1-732-445-2973. sponse that developed to the other. Kamin called this
E-mail address: galliste@ruccs.rutgers.edu (C.R. Gallistel). “overshadowing.” A striking example of it had beenso
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Fig. 1. Rescorla’s (1968}ruly random control experiment. The
temporal pairing of USs with CSs is the same in the two groups Fig. 2.Kamin’'s (1969)blocking protocol. Subjects are conditioned
(dashed vertical lines). In Group 1, there is a CS-US contingency, with one CS in Phase 1. In Phase 2, a second CS is given
because the US occurs only when the CS is on. In the second in compound with (together with) the already conditioned CS.
group, there is no CS-US contingency; the CS is on one-fifth of Subjects do not develop a conditioned response to the second CS,
the time and one-fifth of the USs occur when it is on. Subjects despite its repeated pairing with the US.
in the first group develop a conditioned response to the CS;

subjects in _the seco_nd group dc_) not._CS_: conditioned stimulus; published some years before Bgynolds (1961fsee s1
US: unconditioned stimulus; ITI: intertrial interval. . - . .
Fig. 3. He interpreted it in terms of selective attens:
tion, an interpretation that has continued to be populag
(Mackintosh, 1975; Pearce and Hall, 198Dhese ex- s4
periments showed that when two stimuli are redun-
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Fig. 3. OvershadowingReynolds (1961jrained two pigeons to peck the red key with a white triangle for food reward. Pecking the green
key with the white circle did not yield reward. When he tested each of the four stimulus components in isolation, he found that one bird
was conditioned to the white triangle, while the other was conditioned to the red background. Each bird responded to one of the two
elements composing the positive stimulus to the exclusion of the other element.
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Fig. 4. The effect of relative validity. For both groups of rats, there are an infinity of rates of US occurrence that could be ascribed to
the different CSs (X, A, and B) to give rates indistinguishable from the experimentally programmed rates, under the assumption that the
rates predicted by the different CSs are additive. However, in both groups, subjects settle on (show a conditioned response to) the only
CS that by itself carries all the available information about US timing (X in one case, A in the other). Because it alone can carry all the
information and because it is the only CS that can do so, it is called the relatively more valid predictor. Data are from Table 3 on p. 175
of Wagner et al. (1968)

dant predictors, the conditioning process eliminates When the history of this period is written, it will 67
one of them from consideration. Also, they underscore be a challenge to explain why psychologists were suss
Rescorla’s conclusion that temporal pairing is not suf- prised to discover that temporally pairing a CS aneb
ficient for conditioning. US was not sufficient to produce conditioned behawe

Wagner et al. (1968showed that when one CS ior because it had long been known that this was net
is more reliably informative of US delivery, it is the necessary. When a CS predicts the omission of an oth-
only one to which the conditioned response develops erwise to be expected US, a conditioned response de-
(Fig. 4). It does not develop to the other less reliably in- velops just as readily as it does when a CS predicts
formative CSs, even though they are frequently paired a not otherwise to be expected USi(. 5). This is 75
with the US. Once again, this showed that informa- called inhibitory conditioning, because a CS that prers
tional considerations determine conditioning, not pro- dicts the omission of the US suppresses (inhibits) the
cesses set in motion by temporal pairing. conditioned response to a CS that predicts the US. The

Explicitly unpaired protocol
1 1 1 1 1 I_]_>
time

Feature negative protocol
-t = = t = =t

Fig. 5. Two protocols for producing conditioned inhibition. In both, the US is never paired with the CS. Nonetheless, a conditioned
response develops to the inhibitory CS (©Swhich is represented by gray in the first protocol and by the horizontal bars in the second
protocol. In the second protocol, the inhibitory CS is compounded with (presented together with) the gray CS on some trials. The US
occurs only on those trials when this second CS is not present.
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effects of inhibitory conditioning are not limited to an-  of making connections. Information must be extractezt
tagonizing the effects of excitatory conditionings. In- from the flow of events by computational processes
hibitory conditioning produces conditioned responses that are driven by the intervals between events and tbe
of its own (Hearst and Jenkins, 1974; Wasserman et al., numbers of events—rather than by their more tangihbe
1974. During inhibitory conditioning, the CS and US  properties, the properties that excite sensory receptars
are never paired, so this phenomenon demonstratesand are therefore the natural focus of empiricist thes
that CS—US pairing is not necessary for conditioning. ries of mind and brain. 129

2. Contingency not temporal pairing 3. Information drives conditioning 130
In summary, by 1970, it was known that temporal From an information processing perspective, hows1
pairing is neither necessary nor sufficient to produce ever, itis the information in the protocol that drives the2

conditioned responding. What is necessary and, ar- conditioning process. The assumption that conditians

guably, sufficient is CS—US contingency, the CS must
provide information about the US. The importance of
the experimental findings just reviewed was immedi-
ately recognized; they have been widely replicated;
and they are recounted in most textbooks on condi-
tioning and learning. Nonetheless, the conviction that
temporal pairing is the key requirement in associative
learning persists undiminishe@luck and Thompson,
1987; Hawkins and Kandel, 1984; Krasne, 2002;
Miller and Escobar, 2002; Usherwood, 199%/hy?
Rescorla (1972p. 10) put his finger on the problem
that has blocked our progress in coming to terms with
the implications of these experiments, when he wrote,
“We provide the animal with individual events, not
correlations or information, and an adequate theory

ing involves the forging of connections is a conceptushk
roadblock. It prevents our coming to terms with thes
implications of these experiments and the many othes
experimental results which imply that conditioned bes?
havior is a manifestation of the brain’s informatiorss
processing activity. 139

About the time he published his paper on blockingo
and overshadowing, Leon Kamin moved from Maas1
master to Princeton. Fifty miles to the north of himu2
there, Claude Shannon worked in the Bell Laboratas
ries, where, 20 years earlier, he published a famous pa-
per that could have enabled Kamin to remove the scase
quotes from around surpris8itannon, 19481In it, he 146
showed how to define information in such a way as to
make it quantifiable. This made it a respectable sciems

must detail how these events individually affect the tific concept. It also laid a foundation for the modertag
animal. That is to say that we need a theory based on communications industry, for computer science, armgd
individual events.” for the modern understanding of thermodynamics.1$t

He could not, on reflection, have meant to say that should, | argue, also become a foundation for our umz
we do not provide the animal with correlations and in- derstanding of the brain (dRieke et al., 199)and the 153
formation, because when we construct our experimen- process of conditioningGallistel and Gibbon, 2002 154
tal protocols we manipulate the correlations between In Shannon’s definition, a signal conveys informass
the various CSs and the US so as to vary the infor- tion to the extent that it reduces the receiver’'s uncess
mation that the CSs provide about the US. What he tainty about the state of the world. This leads directlyr
presumably meant was that we take it for granted that to a rigorous quantification of information. It also aass
the conditioning process does not operate at this level cords with two everyday intuitions: (1) The more infortsg
of abstraction, because we take it for granted that it in- mation we have, the less uncertain we are. (2) Sone-
volves the creation or modification of associative con- thing that tells us what we already know does not com1
nections. Events—and more particularly the temporal vey information to us. 162
and spatial convergence of event-triggered signals in  This definition introduces what, for some, is a diss3
the nervous system—are what increment associations,comfiting subjectivity into the foundations of the scite4
not information. ence. The information conveyed by a signal cannes

For most psychologists and neurobiologists, infor- be measured in the absence of knowledge about it
mation does not seem substantial enough to do the jobreceiver’s (i.e. the subject’s) state of uncertainty be~
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fore and after the signal. To apply Shannon’s insight
to our understanding of conditioning, we have to con-
sider what it is about the world that the subject rep-
resents (knows), what the limits are on the precision
with which the subject knows it, and how those lim-
its are captured in the subject’s representation, that is,
how the subject represents its uncertainty about the
state of the world.

4. Some simple principles

In a first pass, the application of Shannon’s defini-
tion to conditioning might adopt the following princi-
ples:

(1) Only informative CSs elicit conditioned re-
sponses.

A CS informs a subject to the extent that it reduces
the subject’s uncertainty about the timing of the
next US.

The brain’s information processing is efficient; it
minimizes the number of signals (channels) re-
quired to carry the available information about the
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timing of the next US.

The information provided by a CS is not a prop-
erty of the CS itself but rather of its temporal and
numerical distribution relative to the US. Thus,
the brain needs timers and counters in order to
extract from an experimental protocol the infor-
mation that the CS carries about the timing of the
US. This is the level of abstraction at which the
conditioning process operates.

The uncertainty in the representation of temporal
and numerical magnitudes is proportional to their
magnitude (Weber’s law). This establishes an up-
per limit on attainable certainty.

Poisson (random rate) processes provide the other
limit, the upper limit on uncertainty. In a random
rate process, the US is equally likely at every mo-
ment.

4

®)

(6)

5. A simply constructed function

The cumulative probability function is a felicitous,
computationally simple way for a subject to represent
what it knows about the timing of the next USi§. 6).

Fig. 6. (A) Two cumulative records. The dashed line is the cu-
mulative record of the first 10 events generated by a fixed time
schedule, the schedule that makes the next US maximally pre-
dictable. The solid line is from a random rate schedule with the
same expectation. This schedule makes the next US maximally
unpredictable. (B) Empirical and theoretical cumulative distribu-
tion functions. The dashed line with a single large step at 60s
is the (normalized) empirical cumulative distribution for the fixed
time schedule. The solid black line with many steps is for the
random rate schedule. In both cases, each event produces a unit
step in the cumulative event count. The steps differ only in the
length of the interval before the step, hence in where they oc-
cur when they are stacked. Sorting the steps on the basis of the
length of the interval preceding the step and stacking the sorted
steps produces the cumulative distribution function. The locations
of the shortestl§) and longest I{) intervals in the random rate
record are indicated. The solid black curve is the inverse expo-
nential function (- e~*'). The empirical cumulative distribution
function for the random rate schedule approaches this curve in
the limit, as the number of events becomes arbitrarily large. The
dashed curve is the limit on the representation of a step function
imposed by the scalar variability (the Weber-law characteristic)
in the brain’s representation of magnitudes. This representational
imprecision, which is proportional to the magnitude represented,
turns step distributions into cumulative Gaussian distributions.
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It is the rescaled (normalized) cumulative distribution cause these slopes are estimates of the expectationssnot
of experienced interevent intervals. The cumulative the expectations themselves. On average, the longer
distribution of the intervals is obtained from sorting the cumulative records, that is, the more events they
them by duration, then counting, as one increases therecord, the less their slopes differ from one anothesp
given duration, the number of intervals having that du- and from the expectations of which they are estimates.
ration or less. Graphically, this is equivalent to stack- Put another way, the longer the subject’'s experienee
ing the sorted intervalsFH{g. 6B). Dividing this cu- with the event-generating process is, the more acets
mulative distribution function by the total number of rate its estimate of its expectation will tend to be. 264
intervals observed (i.e. normalizing or rescaling it to  Fig. 6B shows the construction of the cumulativess
make it asymptotically equal to 1) gives the cumula- distribution functions. The inverse exponential curves
tive probability function. in Fig. 6B is the limit to which the cumulative distri-267
The simplest case to consider is when the US func- bution function for the random rate process converges
tions as its own CS, that is, when the timing of the as the number of intervals in the stack becomes =
previous US provides all the information that the sub- bitrarily large. The curve is entirely specified by theo
ject has about when to expect the next US. In a fixed expectation of the random rate process, that is, by the
time schedule, the next US is delivered at a fixed in- quantity estimated by. 272
terval after the previous one. In such a schedule, each The cumulative distribution function for the fixed7s
US is fully informative about when the next US will time process would be a step function if the interz
occur. The subject’s uncertainty is limited not by vari- vals between events were always exactly the same
ability in the world but by the precision with which  and if the subject could represent them with infinites
it can represent the world—in this case, by the preci- precision—neither of which is true. With the aid ofz7
sion with which it can represent the US-US interval. modern technology, however, it is easy for us to create
In a random rate schedule, the next occurrence of thean event generating process (scheduling mechanism)
US is equally likely at any moment after the previous in which the variation in the intervals between USs is0
occurrence. In such a schedule, one US is completely much smaller than the variation in the subject’s rep
uninformative about the timing of the next US. The resentation of those intervals, which is rougii§5% 282
expected interval is, however, the same in both cases.in pigeons, rats and mic€turch et al., 1994; Gibbonzss
What differs is not how long it will be on average un- and Church, 1992; King et al., in prgs$hat the vari- 284
til the next US is experienced, but rather how much ation in the subject’s representation of an unvaryiogs
uncertainty there is about when exactly the next US interval is proportional to the duration of that interss
will occur. val is a central assumption @ibbon’s (1977)Scalar 287
We know that subjects distinguish between these Expectancy Theory. It is justified by extensive expesss
two cases. When the timing of the next US is pre- imental findings in the animal timing literature (sess
dictable, the conditioned response anticipates it Gallistel and Gibbon, 20QCfor review). The cumu- 290
(LaBarbera and Church, 1914The question from  lative Gaussian curve iRig. 6B (dashed sigmoid) is291
an information processing perspective is, What rep- the representation of a fixed interval schedule that pez
resentation of its experience and what processing of sults from scalar variability in the representing prass
that representation would be required for the subject cess, with a Weber fraction (coefficient of variatiorzps
to distinguish these cases? of 0.15. Itis the cumulative Gaussian distribution witks
Fig. 6A shows the cumulative record from the case a standard deviation equal to 15% of its mean. 296
in which the US occurs at random (solid line) and the
case it which it occurs at a fixed interval (dashed line).
The expectations of the generating processes were 60 6. Acquisition of a timed CR 297
in both cases. The slopes &nd 1) of the cumula-
tive records estimate those expectations. The slopes of The subject can anticipate the next US only if it hass
the lines drawn from the origins of these cumulative decided that it is more likely at some moments thage
records to points somewhere on them differ somewhat at others; in other words, only if it recognizes thato
depending on where in the record a line terminates, be- the timing is not random. The question that must be
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answered in a theory about the acquisition of a timed
response is, How does the subject recognize that the
timing is not random?

The decision that it is not random can be based
on a simple comparison of the observed cumulative
distribution function to its exponential approximation.
The comparison need only note the maximum de-
viation between the observed cumulative probability
function and its exponential approximation. This max-
imum deviation is the Kolmogorov—Smirnov statistic.
The probability of observing a maximum deviation
of a given size is an a priori knowable (innately pro-
grammable) function of the number of events. This Fig. 7. Cumulative distribution functions as temporal frameworks.
gives an acquisition theory for timed responding: the When the next US is fixed in time (gray sigmoidal curve), then

subject decides that the timing of the next US can be ¢ Sublect (the mouse at tin§ can use its timer to measure
its advance toward and past that temporal location, and it can set

p_ret;licte(_j if the probability of opserving that big a de'_ decision criteria that govern the timing of its anticipatory behavior
viation given that many events is less than some deci- (conditioned behavior). In this case, the cumulative probability

sion criterion Gallistel and Gibbon, 2002 function gives the probability that the event should have occurred.

If a US predicts the time of occurrence of the next When the next US has _nqt been temporallly Iocalizeq_, the mouse
US, then it constitutes a temporal landmark, by ref- remains always at the origin of the cumulative probability funct|9n

) . . 7 (black inverse exponential). As the mouse advances through time,

erence to which the animal can locate itself in time. it never catches up with it. In this case, the cumulative probability
When it has perceived the landmark, it can estimate function gives the probability that the event will have occurred
its progress through time toward the next occurrence (by such and such time in the future).
of the US, and it can use the cumulative distribution
function to set decision criteria (response thresholds) dure. Notice that in the account just rendered these
that enable it to anticipate the next US with whatever are two different decision processes, using two diffes:
degree of certainty it wants. IRig. 7, it has set its ent decision variables. One process (first elaboratedsty
start criterion so as to be 90% certain that it has begun Gallistel and Gibbon, 20Q2explains the acquisitionsss
to respond before the next US occurs. At the graphed of a timed response; the othéipbon’s, 1977Scalar 3s4
moment, it has advanced past the point in time corre- Expectancy Theory) explains the timing itself (whes
sponding to this criterion, and so it has begun to re- the response starts and when it stops). 356
spond. Its location in time corresponds approximately ~ When, by contrast, the time of occurrence of a USr
to the location of the steepest portion of the cumula- does not predict the time of occurrence of the next
tive distribution function, so its expectation of the US US, then it does not serve as a landmark by referense
is maximal at this location in time. to which the subject may assess its approach to the

The past is (alas!) a fallible guide to the future, and next US. In this case, the subject has only an eget
so the subject’s expectation may be disappointed. It centric temporal framework, a framework whose oris2
must therefore have a stop criterion as well as a start gin is always at the subject’s current location in timess
criterion; otherwise it would continue to respond in- As it advances through time, it does not come closs#
definitely, if and when the US failed to materialize. In to the moment when the US may be expected to aes
Fig. 7, it has set its stop criterion at a level such that it cur. This is a counterintuitive property of random rates
stops responding when there is less than 1 chance in 20processes: the expected time to the next event is inge-
that the anticipated US is going to happen within the pendent of how long it has been since the last evesst
limits of its uncertainty regarding the anticipated time. That is why the time between the onset of observatign
That is, it stops only when it becomes highly likely and the first occurrence of an event gives an unbiased
that its expectation has been violated. This account (but, of course, noisy) estimate of the expectation of
of the timing of a conditioned response @bbon’s the process (the interval between events). All of these
(1977)Scalar Expectancy Theory for the peak proce- are corollaries of the fact that in a random rate prers
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cess, the time at which one event occurs provides no T
information about the time at which the next event will Nl N
occur. B
- //
L e 2
- //
7. Detecting changes in the rate of = P P
(]

US occurrence

Event Count
n

L =
To say that the occurrence of an event in a random - (Ig
rate process provides no information about when the i
next event will occur is not to say that it provides no L
information about anything. It provides information oL R
about the value of. The objective uncertainty about t ] t r
Elapsed Time ¢

the true value ofr is inversely proportional to the
square root of the number of USs so far experienced. Fig. 8. Changing the rate of a random rate process creates an
The more events, the less the uncertainty; hence theinflection point (IP) in the cumulative record, which will be at the
more information the subject has acquired from the maximum deviation dmax) from the straight line approximation
stream of events. But this holds true only so long as © the record (dashed line with slopéT). The creditworthiness
the precision with which the subject can represest of the hypothe5|s th_at a put_atlve |r1flect|0n pomt_ correqunds'to
- R - a genuine change in rate is a simple calculation of binomial
value is not the limiting factor. The decrease in the |ielihood ratios. The calculation compares the proportiaN to
inherent or unavoidable uncertainty of a rate estimate the proportionT,/T to test whether they differ by more than is to
as the square root of the number of events increasesbe expected from chance fluctuations. The calculation is spelled
means that the first few events the subject observes®!t i Gallistel and Gibbon (2002)
convey substantial information about the valuerof
but the amount conveyed by further events diminishes and Gibbon, 2002p. 100 ff). Despite its simplicity, it 419
rapidly. has been shown to be an ideal detector of such changes
Of course, the rate may change. This violation of (Gallistel etal., 200, it uses all the information avail-421
expectation cannot be detected by the just describedable in the sequence of interevent intervals. Whatit
process for detecting the failure of the US to oc- does is look for seeming changes in the slope of the
cur at an expected time, because the defining featurecumulative record and calculate how unlikely it is that4
of a random time schedule is that there is no ex- a given change would have arisen through chance flug-
pected time; the US is equally likely at every mo- tuations Fig. 8). Comparing the behavior predictedzs
ment. This poses an interesting conceptual challengeby this ideal detector to the behavior observed when
to associative theories of extinction and conditioned rats adjust to frequent but otherwise random changes
inhibition. The challenge arises because these mod-in the relative rates of reward in a Herrnstein matckeo
els are driven by events rather than by the informa- ing paradigm show that the rat is an ideal detector 46
tion conveyed by a stream of events. In an associa- changes in random rateGdllistel et al., 200)L It ad- 431
tive theory, whether trial base®éscorla and Wagner,  justs to them about as fast as is in principle possiblez
1972 or real time (see alsBrandon et al., 20Q2his This finding poses the question whether it is possikks
volume; Wagner, 198), the mechanism of extinction  for a model not based on information processing ass
is activated by the failure of an expected event to oc- sumptions to predict changes that are as fast and susl-
cur. This “event”—the failure—must itself have a time den as the changes rats in fact make. 436
of occurrence. But when there is no expected time of
occurrence for an expected event, how can its failure
to occur have a time of occurrence? 8. Explaining cue competition 437
In one information processing approach, changes
in the rate of US occurrence are hypothesized to be The explanations of basic conditioning so far outss
detected by a simple ongoing computati@sa(listel lined all assume that the brain has built into it mechss
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anisms that embody in their structure the statistics the CS is 0. That is why subjects in the truly randoms
of random rate processes and mechanisms that detectondition do not develop a conditioned response 40
systematic deviations from randomness. This assump-the CS. The explanation of the blocking phenomenan
tion constitutes a much stronger commitment to ratio- (Fig. 2) is essentially the same. No USs occur whesu
nalism and nativism than empiricist learning theorists there is no CS, so the background must be ascriked
have traditionally been comfortable with. However, to a rate of 0. The initially conditioned CS must be ages
the biologically inclined, at least, it seems no more cribed a rate sufficient to explain the USs that occun
exceptional than saying that the eye embodies in its when it is present by itself in Phase 1. The rate of U&
structure the laws of optics. Why should not the struc- occurrence in Phase 2, when CS 1 is joined by CS&;
ture of learning mechanisms reflect the structure of the is no greater than when CS 1 had the field to itselfz
problems they solve just as much as does the structureTherefore, the rate to be ascribed to CS 2 must besés
of sensory or metabolic organs (s€allistel, 1999 The unique additive solution is not always so olsg
for an elaboration of this argument)? vious as it is in these simple cases. However, theve
Everything that has been developed above for the is a computationally simple, universal solution to the:
univariate case—the case where the US serves as itgproblem of estimating the rates of US occurrence s
own predictor—applies with minimal modification to  be to ascribed to each CS. The essence of the soluti@n
the multivariate case, where the US is predicted by is given by the matrix algebra formula for the vectens
other stimuli (conventionally called CSs). However, (list), A, Of true rate estimates: 505
when we allow other predictors, we confront the es- - 1z
sential problem in multivariate time series analysis— *t =1 *r 506
determining what predicts what. The classic experi- \where 507
ments on the truly random control (or background con- N
e . k . . 1
ditioning), blocking, overshadowing, and relative va- —
lidity (reviewed in the introduction) show that subjects n
do a sophisticated job of solving this problem. The as- _ < N2 >

sumption that the information processing mechanisms Ar ={ 12

that mediate conditioned behavior are structured by :

the properties of random rate processes again leads to N,

a simple model for the mechanism that solves what T, 508

is commonly called the cue competition problem, be-

cause random rates are additive. and 509
Rate Estimation TheoryQallistel, 1990 Chapter T12 Ty m

13) assumes that in computing which CSs predict T 1

which US rates, the brain treats all rates as random To1 Tom

rates. Under that assumption, when CSs are combined T, 1 .. e

(compounded), their effects on the rate of US occur- I =
rence are additive. Many of the phenomena of what is
known as cue competition follow in an obvious way T
from this assumption. The effect of background rein- mlo Im2o g
forcements (the truly random control, seg. 1) is T T o10
readily understood. The rate of US occurrence that with N; is the number of reinforcements observed &m
must be ascribed to the background (the experimen- the presence of GST; the cumulative time that GS 512
tal chamber) to account for the USs observed dur- was (observed to be) present, angd; the cumulative s13
ing the intertrial interval, when no other predictor is time that C$ and CS were (observed to be) jointlysia
present, is the same as the rate observed when the C®resent (without regard to whatever further CSs mag
is present. This latter rate must equal the sum of the also have been concurrently present). 516
rate ascribed to the background and the rate ascribed This formula assigns to each CS an estimate of the
to the CS. That can only be true if the rate ascribed to rate of US occurrence that would be observed if thag
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CS were the sole determinantofthe rate of US oc-  when inhibitory CSs (CSs predicting negative ratesy
currence. The formula fails to make this assignment are combined with excitatory CSs (CSs predicting pass
only in cases where there are redundant predictors, asitive rates), the predictions cancel. That is, of courssg
there are in the overshadowing and relative validity one of the behavioral effects by which conditioned inzo
protocols. In those cases, the additive solution to the hibitors are recognized—their ability to suppress tha
rate estimation is not unique. There are an infinity of behavioral effects of conditioned excitors. 572
solutions consistent with the assumption of additivity. ~ The interested reader will be able to see that there
When that happens, the determinant of the matrix is are an infinite number of other unparsimonious sgr4
zero. lutions in the Wagner, et al paradigm, all consistesws
When the determinant of the full matrix is zero, the with the additivity assumption. They are all of a forrsre
principle of signal parsimony comes into play. The rate in which the positive rates of reinforcement attributed
estimating mechanism eliminates possible predictors to A and X sum to the rate observed on AX triakss
so as to find the smallest set of predictors that can ac-and the rate for B is equal and opposite to whats
count for the observed rates of US occurrence. If CSs ever rate X is credited with, thereby explaining whsgo

are viewed as signals that convey information, then
minimizing the number of signals carrying the avail-

able information maximizes the information about the
timing of US occurrence conveyed per signal. In other
words, it maximizes the ratio between the informa-
tion conveyed and the number of sighals conveying it.
The information conveyed per conveying signal may

there are no reinforcements on BX trials. The sarm
is true for the AX@{1/2), BX(+1/2) group; there aress2
an infinite number of ways to “explain” the observesks
rates of reinforcement within the rate-additivity corsa
straint. In each case, however, there is only one sex
lution that maximizes the ratio between the informass
tion conveyed and the number of CSs that conveysiz

be thought of as the average bandwidth of the signals That is, there is only one parsimonious solution. Thes

(CSs). Thus, this principle might also be called the
principle of bandwidth maximization.

The principle of signal parsimony comes into play
when the available information about the timing of the
US can be conveyed either by a combination of CSs
or by a single CS. This was true for both groups in
the Wagner, et al. relative validity experimehid. 4),

unique bandwidth-maximizing solutions are the ones
the subjects in the Wagner, et al. experiment cames4o
(seeFig. 4). 591

Finding the solution(s) that minimize the numnse2
ber of predictors will not give a unique solution iBg3
cases like overshadowing, where more than one &%
is by itself capable of conveying all the availables

because the X CS was never presented alone. The facinformation about the timing of the next US. Ims9s

that in the AX4, BX— group reinforcements always
occurred on AX trials and never on BX trials could
be explained by the assumption that X predicted the
observed rate of reinforcement on AX trials and that
the rate of reinforcement of B was equal and oppo-
site in sign to the rate of reinforcement of X. In other
words, the positive effect of X on the rate of rein-
forcement, which is seen on AX trials, is offset by
the negative effect of B on BX trials. This explana-
tion is unparsimonious, but it satisfies the additivity
constraint.

The just mentioned notion of a negative effect on
rate of reinforcement is an odd one on first encounter.
It arises from the fact that the matrix algebra formula
credits CSs that would commonly be called condi-
tioned inhibitors with negative rates of reinforcement.
For what this means in terms of the cumulative prob-
ability function, see below. Intuitively, it means that

such cases, considerations other than parsimony nsust
determine which CS overshadows which. From as
information-theoretic perspective, the signal with tises
higher signal to noise ratio is to be preferred, whieho
explains the effects of stimulus intensity and discrinse:
inability in determination which CS overshadows:?
which (Mackintosh, 1976; Miles and Jenkins, 197383
Pavlov, 1927 p. 141 ff). 604
When the characteristics of the signals (CSs) thees
selves offer no basis for preferment, then the systess
must, in essence, flip a coin to decide which CS isdw
be preferred. Flipping a coin in cases of perfect ams
biguity is what will generate data like thosekig. 3. 609
Students of perception will recognize the similarity tao
what happens in cases of perfectly ambiguous viseal
stimuli (e.g. the vase-face or old/young lady pictures)2
Some subjects see it one way; some the other; butstm
subject sees both at the same time. 614
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9. Analyticity, smplicity, and intuitiveness a prediction. (For an analysis of the trial problems2
in associative theories of learning, s@allistel and 663
Two attractions of the information processing ap- Gibbon, 2000 664

proach are that its basic predictions are analytically A further attraction is that predictions of the iness
determined and they do not depend on free parameters formation processing models follow from informatioses
By traditional scientific criteria, this means that these processing principles in an intuitively obvious way. b7
models are simpler than associative models. Associa-requires neither mathematics nor faith in inscrutalses
tive models abound in free parameters (see, for exam-computer simulations to see why the theory prediets
ple, Brandon et al., 2002 and their predictions can  what it predicts. A basic principle is to ask, what doeso
generally be determined only by numerical methods, the cumulative probability function look like in thes71
that is, by computer simulation, the details of which presence and in the absence of the CS in questien?
are rarely available for scrutiny and are hard to com- (Fig. 6 and accompanying text explains how to comzs
prehend when they are. The matrix algebra formulae struct this function from an experimental protocol.) K4
given above can be implemented with paper and pencil the presence of the CS in question does not chasge
by anyone who remembers their linear algebra or by that function, then there should not be a conditionet
anyone who goes to the trouble of reading one of the response to the CS. Exceptions to this principle cam
many books that explain how to invert a square matrix, arise when one CS predicts another CS, which is crez
and how to multiply a column vector by a matrix. ited with an influence on the expected time to reigro
Fortunately, however, it is not necessary to have forcement. In such cases, the animal may responddo
command of the elements of modern algebra to deter- the one CS in anticipation of the appearance of tée
mine the basic or first-order predictions of the model. second CS. This consideration, like the effects of stiraz
Matrix inversion and multiplication are so fundamen- ulus intensity on overshadowing, is not captured bss
tal to many modern uses of mathematics that they are the analytic (spreadsheet) version of the model. 684
built into Excel™. An implementation of the model Let us see how basic information processing priness
in Excel™, together with instructions for its use and ples apply to the experimental results we began withe
experimental protocols for a many basic condition-
ing experiments, including all those discussed in this e Background conditioning (truly random control). es7
paper, may be downloaded from the SQAB website  The CS does not affect expected time to the next
(http:/sqab.psychology.ong/ Using the spreadsheet, US. Therefore, the information conveyed by the GSo
someone with no background in modern algebra can is 0. This follows directly from the application ofseo
determine what this model predicts, not only for  Shannon’s definition of information to conditioninge:
standard experimental protocols, but also for novel and the principle that only informative CSs elicito2
protocols of their own devising. conditioned responses. 693
So far as | know, no other contemporary model of e Blocking. Again, the addition of the second CS, iso4
basic conditioning provides users with a tool that al-  compound with the already conditioned CS, does
lows them to calculate analytically the predicted re-  not add any information. The US occurs at the tinses
sults for user-specified real-time protocols.eal-time already predicted by the first CS. 697
protocol is one in which the times of event onset and ¢ Overshadowing. The CSs are redundant; either CS8s
offset are specified. In most programs that simulate as- alone can reduce the subject’'s uncertainty abeed
sociative models of conditioning, the user must deliver  the time of US occurrence by as much as the twm
to the theoretical model a parsing of the event stream  together. Bandwidth maximization (aka parsimonyj.
into trials. Absent a principled specification of what applies: letting one of them do all the work maxo2
constitutes a trial, such a model is not actually well  imizes the amount of information conveyed pebs
enough specified to be physically (or computationally)  conveying signal. 704
realized, because a theoretically crucial aspect of the s Relativevalidity. Again, the CSs are redundant. Ones
input, the arrangement of events into trials, depends could partition the information conveyed amonges
on arbitrary experiment-specific assumptions made by  two or more of the CSs, but letting one do all the?
the user of the model prior to asking the model for  work is the parsimonious solution. 708
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e Conditioned inhibition. When the matrix algebra
formula is applied to inhibitory protocols, such
as those shown iifrig. 5, it yields negative rates
of reinforcement for the CS's (the conditioned
inhibitors). That it must do so is obvious. The ob-
served rates of reinforcement when the-CiS not
present are positive; when the €$s present, they

are 0. The formula presupposes that rate estimates

combine additively to determine the observed rates
of reinforcement. Therefore, the rate estimate for
the CS-, when added to the rate estimate for the
CS+ (the excitatory CS) must equal 0. You do
not need to do matrix algebra to see that the rate
estimate for the CS must therefore be equal to
the rate estimate for the GSbut opposite in sign.
Fig. 9 shows what this implies about the effect of
the presence of the inhibitory CS on the cumula-
tive probability function in the simplest case—the
explicitly unpaired protocol with a random rate
of background reinforcements (upper protocol in
Fig. 5. In the absence of the GS the cumulative
probability of experiencing a reinforcement within
some future interval rises toward 1 as the length of
that future interval increases. However, so long as
the CS- is present, the cumulative probability of
experiencing a reinforcement within some future
interval is 0, no matter how long the future interval.
e The importance of temporal pairing. Temporal
pairing is neither necessary nor sufficient for con-
ditioning, but that does not mean that it is unimpor-

1.0

ability of Next US
o
=]

E CS- present
300

A 4

Future Time

Fig. 9. The effect of an inhibitory CS (a €S on the cumulative
probability function for the next US. In the absence of the-CS
the function rises exponentially (black curve), with an expectation
equal to the expected interval between USs in that chamber (the
background expectation). When the €% present, the expected
interval between reinforcements is infinite (because the expected
rate is zero). In other words, the cumulative probability of the next
CS is 0 for the indefinite future (gray line lying on the temporal
axis).
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tant. It is important because the degree to whiclva
temporal landmark reduces a subject’s uncertainty
about the timing of the next US is proportional tes1
it proximity to the US. The closer it is, the more it42
reduces the subject’s uncertainty. This follows froms
the fact that the degree of imprecision in a subjects
representation of an interval is proportional to thes
duration of the interval-Gibbon’s (1977)princi- 746
ple of scalar variability in the representation a7
temporal intervals. 748
e Time scale invariance. Gallistel and Gibbon (2000)749
review a variety of findings that suggest that theo
conditioning process is, within limits, time scales1
invariant. Changing the intervals in a conditionings2
protocol has no effect on the results, provided thess
are all changed by the same factor (the scaling fas«
tor). Information processing models are naturaltgs
time scale invariant because the information in thes
flow of events is carried by the proportions amongz
the intervals not by their absolute durations. Scabs
ing the flow up or down changes the amount ofy
time it takes to deliver the information, but it doesso
not change the amount of information delivered by
a given number of events. 762

Associative models, by contrast, are not time scaks
invariant. If they are trial-based models, then they must
assume a trial duration. Rescaling the protocol wills
then move events (e.g. CS and US onsets) that wese
within the same trial into different trials, or vice versas?
with strong consequences for the predictions of the
model. Real-time associative models make complex
assumptions about the dynamics of stimulus traces
(see, for exampleéBrandon et al., 2002Rescaling the 771
protocol changes where events fall relative to these
trace dynamics, again with strong consequences for
the predictions of the model. a

10. Summary 775

Shannon’s definition of the information conveyetts
by a signal in terms of the reduction in the subject’s?
uncertainty about the state of the world applies nats
urally to conditioning paradigms, where CSs (and/on
the subject’s responses) reduce its uncertainty abaat
when the next US (next reinforcer) will occur. Simples:
principles rooted in conventional information theas2
retic considerations, such as bandwidth maximizatioss
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give intuitively obvious predictions for phenomena
that are generally agreed to be central to our un-
derstanding of the conditioning process—the effects
of background conditioning, inhibitory conditioning,

blocking, overshadowing, and relative validity. They

also explain aspects of conditioned behavior that as-

sociative theories rarely attempt to explain, for exam-
ple, the rarely emphasized fact that the latency of the
conditioned response is proportional to the CS-US
interval (Gallistel and Gibbon, 20QGor review). Fi-
nally, they explain something that it appears deeply
difficult for associative models to explain, the time
scale invariance of the conditioning proce€allistel
and Gibbon, 2000for review).
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