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Abstract

Developing theories of how information is processed to yield
inductive inferences is a key step in understanding intelli-
gence in humans and machines. Humans, across tasks as di-
verse as vision and decision making, appear to be extremely
adaptive and successful in dealing with uncertainty in the
world. Yet even a cursory examination of the books and jour-
nals covering machine learning reveals that this branch of Al
rarely draws on the cognitive system as a source of insight.
In this article 1 show how fast and frugal heuristics — cogni-
tive process models of inductive inference — frequently out-
perform a wide selection of standard machine learning algo-
rithms. This finding suggests a cognitive-inspired route to-
ward robust inference in the context of meta-learning.

I ntroduction

A thorough understanding of how the cognitive system ar-
rives at inductive generalizations would transform machine
learning. 1 will argue that such an understanding would in-
clude: (a) a fuller appreciation of the theoretical significance
of the multi-task and contextual nature of the inference task;
and (b), the realization that cognitive and computational
constraints acting on an inference process can act as enablers
of robust inference. Within machine learning research, the
study of multi-task and meta-learning reflects an important
step in the direction of (a). Such studies openly take the cog-
nitive system as inspiration (Thrun & Pratt 1998). In this ar-
ticle I will shed some light on (b) by first showing how a sim-
ple cognitive process model frequently outperforms widely
used rule-based, connectionist, and exemplar-based learning
algorithms. This performance deficiency in existing models
is revealed when a cognition-inspired processing limitation
is shown to match the structure of the task.

In the context of meta-learning, where base-learners are
adaptively selected, diversity in these inference processes is
essential. | will argue that cognitive limitations provide a
set of constraints that introduce the required diversity in in-
ductive bias, and thereby act as enablers of robust inference.
After all, humans represent an existence proof of robust in-
ference, yet are undoubtedly subject to cognitive limitations.
The connection between cognitive limitations and inductive
bias is potentially significant for both machine learning and
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psychology. To fully understand this relationship, we re-
quire a cognitive-ecological perspective on inference, ex-
plaining how properties of the environment can interact with
the limitations of the processor. | will argue that the concept
of ecological rationality provides a route to achieving this
perspective, as it focuses on the question of how simple cog-
nitive heuristics can exploit the structure of the environment
(Gigerenzer, Todd, & The ABC Research Group 1999). Ma-
chine learning and cognitive psychology share a common
goal — that of understanding robust learning machinery — but
differ drastically in outlook. The work reported here demon-
strates and explores a connection: that simple and ecologi-
cally rational cognitive process models, built bottom-up, can
lead to robust inference.

Background

Within machine learning, inductive tasks are often formal-
ized by first considering an example space Z = X x Y
defining the space of possible observations. An observation
is composed of an input z € X and an output y € Y, where
X and Y are termed the input and output spaces, respec-
tively. We also assume some unknown probability distribu-
tion u(X,Y") on the example space, which will vary from
problem to problem. A learning algorithm L takes some
finite sequence of n observations, Z™, and returns a hypoth-
esis H which represents a mapping H : X — Y. Thus, the
algorithm L induces a mapping, H, between inputs and out-
puts over the entire example space Z. A learning algorithm
L represents a mapping, L : U,>1Z" — H, between se-
quences of examples and hypotheses drawn from a hypoth-
esis space H.

Inductive Performance and Processing Constraints

Satisfactory learning algorithms “should process the finite
sample to obtain a hypothesis with good generalization abil-
ity under a reasonably large set of circumstances” (Kearns
1999, p159). A useful concept in thinking about generaliza-
tion ability is inductive bias, which is any basis on which
one hypothesis is chosen over another beyond mere consis-
tency with the observations (Gordon & Desjardins 1995).
Inductive bias can in theory be normative, in the sense that
a rational principle such as Occam’s razor can be used to
choose one hypothesis over another (Hutter 2005). How-
ever, achieving adherence to normative intuitions such as



these is typically intractable for anything but trivial prob-
lems. Restrictions on the hypothesis space arising from is-
sues of computational tractability introduce bias, and when
interesting problems meet computationally tractable learn-
ing algorithms, this bias tends to be idiosyncratic, reflecting
ad hoc properties of the algorithm, and results in the un-
avoidable conclusion that no single algorithm is the “best”
algorithm for a given problem space.

The processes underlying human inductive inference must
also operate under certain constraints. But rather than those
constraints adopted from the computational complexity hi-
erarchies, cognitive constraints are likely to be quite differ-
ent and more stringent: such as the physical limitations of
the underlying biological machinery, boundary constraints
imposed by other cognitive systems internal to the mind, as
well as cognitive limitations on, for example, working mem-
ory. Faced with the task of making robust inferences, as
defined by normative principles of induction, the cognitive
system would appear to be facing a tougher problem than
that of other forms of computing machinery which are free
from idiosyncratic and biologically specific cognitive con-
straints. But in some respects we observe the opposite. Hu-
mans far outstrip machines in their ability, across a diverse
set of tasks, to make robust inference about the world.

How to Improve Inductive Performance

Any weak learning algorithm — one which performs
marginally better than chance — can be made strong by re-
peatedly combining the predictions of many such algorithms
(Schapire 1990). Here, performance can be improved by us-
ing statistical techniques that require costly further process-
ing. For the cognitive system, such a computationally inten-
sive route to achieving robust inference seems unlikely. But
how else can performance be improved? Instead of more
processing, we can consider less; and instead of generality,
we can seek specialization.

The study of fast and frugal cognitive heuristics is per-
haps the only mature source of insight into this possibility,
where instead of looking to statistically inspired routes to
amplify performance, we look to the cognitive system for
inspiration (Gigerenzer, Todd, & The ABC Research Group
1999). In the next two sections | will demonstrate how a
specialized cognitive model can frequently outperform the
standard models of inductive inference. | will then argue
that the implication of this result is that meta-learning — the
adaptive deployment of inference mechanisms — provides an
important connection between machine learning and human
learning. In particular, the stock of inductive mechanisms
from which a meta-learner adaptively selects can be guided
by a cognitive-ecological theory of decision making.

Modeling I nductive Inference

The inductive task to be explored here — the paired com+
parison task — is the problem of choosing which of two
alternatives ranks higher on some criterion. For example,
choosing which of two houses is likely to be more expen-
sive. The paired comparison task, therefore, is an instance
of the widely studied problem of learning from labeled ex-
amples.

The two alternatives being considered will be referred to
as objects. Objects are assumed to have m binary cues,
where the cue value 1 indicates the presence of some prop-
erty represented by the cue, and O represents the absence
of that property. An environment refers to a set of objects
and their associated criterion values. For example, a set
of houses and their associated prices. In the following ex-
periments, the environment is used to generate these experi-
ences. So rather than representing individual learning expe-
riences, the environment represents an ecological structure
which us used to generate the learning experiences. In this
sense, the environment has the form a regression problem,
but the learning experiences themselves are labeled exam-
ples and therefore pose a categorization problem.

To generate experiences from the environment a sample
of k objects are drawn at random from the environment.
These objects are then used to form pairs of objects, and
these pairs represent the specific training experiences. Given
these k objects k(k — 1) distinct pairs are generated (objects
are not compared with themselves). This set of comparisons
is termed the training set. In the following experiments, the
remaining objects in the environment will often be used to
generate a set of experiences used for testing the learner.

One Reason Decision Making with Takethe Best

Take the Best is a simple process model of inductive infer-
ence for the paired comparison task (Gigerenzer & Gold-
stein 1996). Take the Best makes an inductive inference on
the basis of a measurement taken for each cue, termed the
ecological validity of the cue. Given m cues, Take the Best
computes, for each cue i, its ecological validity, denoted by
Vi

_ number of times cue i makes a correct inference

~ number of times cue ¢ discriminates between objects

U;

Given a pair of objects, a cue is said to discriminate be-
tween the objects if the two objects have different values
for this cue. For a cue to discriminate correctly, the object
which has the higher criterion value must also have a cue
value representing presence of the property represented by
the cue. In simple terms, the ecological validity of a cue can
be thought of as a measure of how many correct inferences
are made (on the comparisons contained in the training set)
using this cue alone. On the basis of the cue validities, Take
the Best makes an inductive inference between two objects
by considering each cue in order of descending cue validity.

When considering the cues in this order, the first cue
which discriminates between the two objects, and only this
cue, is used to make the prediction; that is, the object pos-
sessing the cue indicating the presence of the property is
taken to score higher on the criterion. The remaining cues
play no part in the decision. For this reason, Take the Best
is an instance of a lexicographic decision strategy because,
rather like looking up a word in a dictionary, a discriminat-
ing cue found early in the cue order makes all the subse-
quent cue values irrelevant. If none of the cues discrimi-
nate between the two objects, then Take the Best makes a
guess. How can such a strategy, which ignores so much in-
formation, compete with sophisticated machine learning al-



gorithms which possess the ability to make inferences on the
basis of far more sophisticated relationships between cues?

Five Classic M odels of Inductive I nference

To answer this question, | will pit Take the Best against five
widely used models of inductive inference. First, I will con-
sider two exemplar models: the basic nearest neighbor clas-
sifier (labeled NN1) and a more elaborate model (labeled
NN2) based on the GCM model, which uses a weighted
function of all stored instances (Nosofsky 1990). Next, | will
consider the connectionist approach of using feed-forward
neural networks trained using the back-propagation algo-
rithm (labeled BP). Finally, I will consider two classic deci-
sion tree induction algorithms: C4.5 and CART. These three
families of algorithm span some of the key approaches to
modeling inductive inference from both psychological and
machine learning perspectives.

Model Comparison

In order to compare the performance of the six models | will
use two model selection criteria: (1) cross-validation (CV),
to estimate of the predictive accuracy of the models; and
(2), the minimum description length principle (MDL), to es-
timate the degree to which the models compress the training
data.

CV. Figure 1(A) depicts predictive accuracy, estimated us-
ing CV, of the six models in eight natural environments as
function of sample size. Holdout cross validation was used
with 5000 random partitions of the environment to generate
the training and test sets. These environments are widely
available regression problems, and those examined here are
a representative sample drawn from 25 test environments ex-
amined in a larger study (Brighton 2006). With respect to
the performance difference between Take the Best and the
five competitors, this sample of eight environments is repre-
sentative of the performance differences found in the larger
study. In Figure 1(A), observe that for half the environments
Take the Best clearly outperforms all of the competitors (top
row). In the remaining four environments (bottom row) Take
the Best performs less impressively, although it often out-
performs all the competitors for some subset of the sample
sizes. How solid is this finding?

MDL. To firm up the result, I contrasted the ease of com-
parison but lack of clear justification provided by CV with
the more justified but harder to implement criterion of MDL
(Pitt, Myung, & Zhang 2002). To ensure a precise compar-
ison, I will narrow down the comparison to include those
models which can be interpreted as decision tree induction
algorithms. These models are: Take the Best, C4.5, and
CART. Figure 1(B), for each environment and model, plots
the sample size used to construct the training set against
compression rate of the induced hypotheses. The compres-
sion rate is the ratio of (a) the length, in bits, of the recoded
training data using the induced model, to (b), the length, in
bits, of data coded verbatim. The code length functions used
are formally identical to those reported in the literature (Wal-
lace & Patrick 1993), and further justified through a deriva-

tion based on the modern recasting of MDL (Rissanen 1996;
Griinwald 2005). The motivation behind MDL is that the
more the induced model helps in compressing the data, the
more we have learned about the data. Note that with respect
to the model comparison, Figure 1(B) bears an extremely
close relationship to Figure 1(A). The two model selection
criteria differ drastically in both philosophy and in practice,
so the fact that they are in close agreement is very good in-
dication that these results are trustworthy.

This comparison reveals two findings: (1) that Take the
Best frequently outperforms some of the most widely stud-
ied models of inductive inference within a learning from ex-
amples setting; and (2), that Take the Best is doing some-
thing quite different and appears to belong to a different
breed of mechanism. This second point is illustrated by the
fact that the five classic models of inference, in comparison
to Take the Best, often achieve very similar degrees of per-
formance.

Discussion

Take the Best has revealed a performance lacuna in some
of the key models of inductive inference. In principle, the
existence of such a learning algorithm is a theoretic truism
(Wolpert 1996). But | will take this performance lacuna to
be worthy of further discussion because, significantly, it has
been revealed by a cognitively plausible model of inference
operating in natural environments. With respect to the five
other models in the comparison, Take the Best is relatively
task-specific. Its application is restricted to the paired com-
parison task, and therefore Take the Best makes fairly strict
assumptions about Z. Furthermore, and like all learning al-
gorithms, it makes implicit assumptions about target func-
tion to be learned, p.

If inductive performance can be improved by consider-
ing simple, cognitively plausible, and specialized processes
in this way, then we have a solid basis on which to ar-
gue, from both machine learning and psychological stand-
points, that collections of appropriately deployed special-
ized mechanisms can outperform a single “general purpose”
mechanism. Indeed, this view is resonant with psycho-
logical studies of human decision making where the se-
lection of decision processes, like Take the Best, are seen
to vary greatly depending on context-specific properties of
the task environment (Payne, Bettman, & Johnson 1993;
Broder & Shiffer 2003, for example). One crucial compo-
nent assumed here, which | have so far neglected, is that
some process governing the selection of specialized pro-
cesses needs to be specified. Ultimately, such a specification
leads to a single meta-algorithm tying together a collection
of sub-processes. But, once such a specification is complete,
have we then not simply constructed yet another general pur-
pose algorithm, like those explored above?

Base-Learnersand Meta-Learners

The models of inference discussed above are base-learners
and form the basic ingredients for the branch of machine
learning concerned with constructing meta-learners (Thrun
& Pratt 1998; Vilalta & Drissi 2002). Here, by appropriately



Oxidants

Biodiversity ProfessorSalary Bolts
80 85
L i 80 B
75 A g’g ;«;2 g_:» oA ]
75 gg"ﬁ = b
70 B E
: 70 .
65| [ | 7
i 65 /i g
60 9! Take the Best i ‘] Take the Best
1 C4.5 - 60 - | C4.5 - o
31 CART --x--- / CART ----x---
55 i BackProp & o 55 | BackProp ~s- |
at NN1 --=-- H NN1 --—=—-
! NN2 ---o-- i NN2 ----o--
50 Il Il Il Il Il 50 Il Il Il Il Il Il Il Il Il
0 5 10 15 20 25 30 0 5 10 15 20 25 30 35 40 45 50 0 5 10 15 20 25 30 35 40 0 5 10 15 20 25 30
FuelConsumption Mortality Zoo
80 80 80 85
75 1 75t 1 5 80
“o 75 -
70 E 70 B 70
70
65 B 65 |- B 65
65 f
60 Take the Best 4 60 ,' Take the Best - 60 / Take the Best
i C4.5 ---sem- i C4.5 - ] 60 ] C4.5 -
M CART ----x--- 1 CART ----x--- i i CART %~
55 7 BackProp = B 55 ] BackProp & B 55 -/ BackProp = B 55 L BackProp & |
| NN1 --»-- J NN1 -—=—- / NN1 --=-- 1 NN1 --=--
E NN2 ---o- | NN2 --e-- ¥ NN2 ---o- b NN2 ---o-
sob— v T so bt v 8 50 bt c T e SR
0O 10 20 30 40 50 60 0 5 10 15 20 25 30 35 40 45 50 0O 10 20 30 40 50 60 0 10 20 30 40 50 60 70 80 90100
(A)
Biodiversity ProfessorSalary Bolts Oxidants
0.45 0.45 0.25 T T T T T T T 0.3 T T T T T
04 F 04 |
035 035 02r
0.3 03 | B
0.15
0.25 0.25
02 0.2
0.1
0.15 0.15 E
0.1 F 01r 0.05
0.05 - 0.05 |
0 0 0
0 0 5 10 15 20 25 30 35 40 45 50 0 5 10 15 20 25 30 35 40 0 5 10 15 20 25 30
FuelConsumption Mortality Zoo
0.35 T T T T T 03 T T T T T T 03 T T T T T 0.8 T T T T T T
X
03| L 1 o2k . ]
o
0.25 | -
- 4 o2t E
02
- 4 o015+ E
0.15 -
- 4 o1t e, > E
01 fF Z o™
0.05 | B 0.05 |- Take the Best
C4.5 ---x---
CART ---%---
0 0 2 0 b 1 h ! 0
0 5 10 15 20 25 30 35 40 45 50 0 10 20 30 40 50 60 0 10 20 30 40 50 60 70 80 90 100

(B)

Figure 1: (A) Model comparison using CV. Each plot depicts predictive accuracy as a function of the number of objects used
to construct the training set. (B) Model comparison using MDL, where each plot depicts compression rate achieved, using the
induced hypothesis, as a function of the number of objects used to construct the training set.



combining or adaptively selecting base-learners with differ-
ent inductive biases, the performance of the meta-learner can
exceed that of any single base-learner. Meta-learning stud-
ies typically consider models originally designed as general
solutions to learning from labeled examples, and then exam-
ines the adaptive deployment or combination of these mod-
els.

The Adaptive Toolbox. Similar ideas underpin dynamic
models of human cognition, which focus on the selec-
tion of cognitive strategies like Take the Best over time
(Erev & Barron 2005; Gonzalez, Lerch, & Lebiere 2003;
Rieskamp & Otto in press). In this respect, and unlike the
machine learning models often recruited as base-learners,
Take the Best was never intended as a general purpose model
of inference, nor a general solution to the paired compar-
ison task, but rather one process among many residing in
the mind’s adaptive toolbox (Gigerenzer, Todd, & The ABC
Research Group 1999; Gigerenzer & Selten 2001).

The metaphor of the adaptive toolbox is sympathetic to
the meta-learning perspective: it views the cognitive sys-
tem, in large part, in terms of a collection of simple heuris-
tics built from cognitive primitives. These heuristics support
cognitive tasks such as, for example, making paired compar-
isons or categorizing objects. Such tasks, according to this
view, may be solved by a collection of specialized heuristics
each one tuned to particular environment structures. Con-
trast this outlook with the more typical general-purpose per-
spective on cognitive processes.

I will take the principle distinction between meta- and
base-learners to be the ability of meta-learners to change
their internal mechanism contingent on the task. Contrast
this ability to that of a base-learner, which will always use
the same process (e.g., back-propagation, or decision tree
growth) to reach inductive generalizations independent of
the specific nature of the task. What theoretical significance
could adaptive meta-learning solutions confer? | will con-
sider two consequences of such a design. First, the selective
use of inference mechanisms, and therefore the deployment
of inductive bias, can lead to improved performance. Sec-
ond, the use of simple but adaptively selected mechanisms
can lessen the processing burden, and thus provide a route to
constructing cognitively plausible process models of human
inference.

Ecologically Rational I nductive Inference

Machine learning suffers from the lack of cognitive-inspired
influences:

[...] some of the earliest and most influential learning algo-
rithms were developed by psychologists [...] but as machine
learning has developed its own identity, the proportion of
systems case as serious psychological models has decreased.
This trend is unfortunate. Humans constitute our best exam-
ple of a robust learning system, and using knowledge of their
behavior to constrain the design of learning algorithms makes
good heuristic sense. (Langley 1996, pp383-384)

I have noted how meta-learning is one area of machine
learning which openly takes its inspiration, in part, from the

cognitive system and the nature of the tasks faced by it. Hu-
mans face a stream of diverse tasks, and this diversity has
been proposed as a positive and enabling influence on the
ability of humans to achieve robust inference (Thrun & Pratt
1998). But what factors determine the decomposition of the
processing problem, and the principles underlying the adap-
tive selection of these processes?

Satisficing and Bottom-Up Design.  Based on Herbert Si-
mon’s influential work on bounded rationality, the metaphor
of the adaptive toolbox and the associated concept of eco-
logical rationality is one approach to answering these ques-
tions. Herbert Simon argued that the cognitive system satis-
fices— finds good enough solutions that approximate rational
inference — by matching the structure of the task with the
limitations of the processor. Simon then asked the follow-
ing question: “How simple a set of choice mechanisms can
we postulate and still obtain the gross features of observed
adaptive choice behavior?” (Simon 1956, p. 129).

The members of the adaptive toolbox, simple heuristics
like Take the Best, are candidate responses to this question.
Simple heuristics for inference tasks are: (a) models of cog-
nitive mechanisms built from cognitive primitives, or build-
ing blocks, rooted in evolved capacities such as recognition
memory, cue comparisons, and simple rules to stop search
among cues; and (b), designed to exploit the characteristics
of natural environments. By making minimal assumptions
about the capacities of the cognitive system, heuristics like
Take the Best are built through bottom-up design (in con-
strast to other ecological approaches to understanding the
adaptive nature of cognition (Anderson 1990, for example)).

Limitations that Enable. In comparison to the other in-
ference mechanisms compared above, Take the Best is lim-
ited. For example, conditional dependencies between cues
are ignored. In contrast to the capabilities of decision trees,
neural networks, and exemplar models, Take the Best there-
fore “suffers” from a cognition-inspired limitation. But this
limitation proves extremely useful when it meets certain en-
vironmental structures. The results of the previous section
illustrate this phenomenon. For instance, the other models
can occasionally outperform Take the Best, and this demon-
strates the advantage conferred by models which act on
nested conditional cue dependencies. But in the majority of
environments, this extra processing ability leads to poor per-
formance. Take the Best is ecologically rational in this con-
text, as its algorithmic simplicity allows it to exploit the en-
vironment and outperform those models carrying out more
computation.

This demonstration suggests a processing principle which
may explain how the cognitive system achieve impressive
degrees of robustness in the face of cognitive constraints:
The adaptive use of its limitations can be enablers of robust
inference (Hertwig & Todd 2003). This is not always the
case, as humans are known to err when given inference tasks
of particular forms. But if we are interested in engineer-
ing learning systems which match the abilities of the cogni-
tive system, then the base-learning mechanisms may profit
from being constrained in the same way. This view suggests
that the components of a meta-learning systems should not



be off-the-peg learning algorithms, but cognitively plausible
processes inspired by cognitive limitations. Indeed, to en-
sure diversity of inductive bias within a meta-learning sys-
tem, more imagination is needed when designing learning
algorithms. Ecologically rational simple heuristics, as | have
shown, offer a promising source of diversity.

Conclusion

This observation is inescapable: “almost every problem we
look at in Al is NP-complete” (Reddy 1988, p. 15). Conse-
quently, Al is largely the study of “good enough” process-
ing solutions to inherently difficult problems. Inductive in-
ference is no exception. Fortunately, the cognitive system
provides a source of insight into how such problems can be
dealt with to an impressive degree of success. In this article
I have highlighted one way in which machine learning can
learn from other branches of cognitive science. Within ma-
chine learning, meta-learning is one step in this direction; it
is resonant with contemporary theories of human decision
making, and promises a route to improved inductive perfor-
mance.

Effective meta-learning requires base-learners with di-
verse inductive biases. Rather than reaching into the current
stock of learning algorithms, | have argued that cognitively
plausible process models of inference tuned to natural envi-
ronments offer real potential. Importantly, the precise form
of the cognitive limitations matter, as they can enable robust
inference given the right context. To support this view, |
have demonstrated how a simple cognitive process model of
inductive inference introduces extra diversity into the pool
of potential base-learners: Take the Best frequently outper-
forms key connectionist, rule-based, and exemplar models
of inference.
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