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Abstract

This paper describes experiments on on
robustness of tensor product networks us
distributed representations, for simp
analogical reasoning tasks and straightforwe
recall tasks. The networks retaine
satisfactory performance on analogic
reasoning tasks when over half of the bind
units in the network were destroye
Performance when some binding units wi
damaged by causing them to generat
random values was robust, though le
impressive

1 Introduction

This paper describes experiments on

robustness of the tensor product network u
for the STAR model [2, 3] of analogic:
problem solving. In the experiments, nodes
the network (“neurons”) were damaged

causing them to produce either always z
output, or else random output, and then,
each case, the performance of the resul
network was assessed with vario
proportions of the neurons so damaged.

2 Tensor Product Networks in STAR

Tensor product networks have been usec
one-shot learning systems for applications |
the modelling of variable binding and f
working memory structures in connection
implementations of production syste
architectures [1, 5]. A tensor product netwc
has arank: the rank of the networks used
the experiments described in this paper wa
and we will describe tensor product netwol
in terms of the rank 3 case.

A rank 3 tensor product network has
dimensions - of sizep,q, andr, say. Its
processing units includpqgr binding units,
and input/output units grouped into 3 vectt
of length p, g andr. In the underlying
application for the experiments described
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this paper, one of the I/O vectors representt
predicate and the other two represented a
of arguments The information represented
the tensor (i.e. in the binding unit structul
was thus relational information such
larger—than(mare, foal) (the analogical reasonin
tasks that the STAR system undertook inclu
proportional analogies such asotheris to
babyasmareis towhat?

To store the fackrger-than(mare, foal) in the
tensor, one computes the tensor prod
larger—thanOmareOfoal of vectors representin
the conceptsarger-than, mare, andfoal and
adds it to the values stored in the binding ur
thus if| representsarger-than, m represents
mare, andf representsoal, one would adc
I* mj*fk to the value stored in binding u;j;(.

A simple mechanism allows retriev.
(*unbinding”) of the stored information - fc
details see [2, 3, 5].

Figure 1 shows the binding units al
input/output vectors in arx8x8 tensor produc
network.
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Figure 1: finding out for which y P(x,y) holds
using a tensor product network.

3 Analogical Reasoning in STAR

The STAR model of human analogic
reasoning [2, 3] uses tensor product netwc
based on orthonormal sets of representa
vectors, withexact unbindind5]. As an aim
of the STAR model is to provide a distribut:
model of analogical reasoning, it is desira
for the representation vectors to have a h
proportion of non-zero components. This ¢
be achieved in a systematic way by using
rows of a Hadamard matrix, suitab
normalised. (Annxn Hadamard matrix is



square matrix all of whose entries afie such
that HH'=nl ,.)

Hadamard matrices of siz&n are known to
exist for a wide range oh divisible by 4
(including all n of the form 2") [4]. For
example, fon=8, there is the matrix:
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The mechanism used by STAR, then, is
associate with each concept that is to
represented a representation vector which
member of an orthonormal basis for t
representation space and which has no :
components. Facts involving the concepts
interest, whether relevant to the reason
problem or not, are stored in the binding uni

In these networks, the 1/O vectors can se
both as input or output vectors at any tin
Thus, to outline the STAR method, to sol
mother is to baby asmareis towhat? the
system presents (representations rofther

andbaby as inputs to the argument vector in 1
tensor, and the output at the predicate vectt
the sum of the vectors representing predici
relating mother to baby: e.g.loves, feeds,

larger-than.

This unanalysed vector is then presented a
input to the tensor product network (again
the predicate *“axis”) along with th
representation ohare, on the first argumen
axis. The output on the second argument
is a linear combination of concepts, and,
described in [2, 3], the basis vector with t
highest coefficient in this linear combination
the answer to the proportional analo
problem. This is illustrated in Figure 2
simplified form.

4 The Experiments

The networks used for simulating analogir
reasoning were damaged in two ways:

(@) by “killing” binding units in the tensoi
product network -that is, setting the
remembered value to zero, so that tr
contribution to any output vector would |
zero under all circumstances;

(b) by “randomizing” binding units, so the

their value on each occasion one w
called for in order to contribute t
computing an output vector was a sm
uniform random value (a different one «
each occasion).
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Figure 2: Simplified analogical reasoning with a
tensor product network - the triangular symbols
represent a rank 3 tensor product.

The effect of randomization damage, of coul
depends on the rangep;p] of numbers from
which the uniform random value is drawn.

When binding units in the tensor product we
killed in the experiments, the unit to be Kille
was chosen in a uniform random way: if t
unit so selected happened to be already “de
then another unit was chosen in the same \
The same procedure was used in choosir
unit to randomize.

The methods used to test the effect
damaging the network were to Kill ¢
randomize a certain percentage of the units
then to compare the performance of i
network (a) on standard analogical reasor
tasks, and (b) on straightforward recall ta:
(“is larger-than(mare, rabbit) true”) with the
known performance of an intact network.

In the case of an analogical reasoning task,
criterion for success is that the patte
representing the correct answer should ha
coefficient significantly larger than the ne
largest coefficient.

In the case of a recall task, the measure
recall of a known fact in an intact network
1.0, computed from the formula:

recall(P(argl,arg2)) 3 bk Piargkargd

and the degree of performance degradation
damaged network was measured by a triple
v ;) where f is the proportion of knowr
facts for which the recall measure is gree



than some cutoff C, ris the proportion of &
sample of expressib?e non-facts for which 1
recall measure is greater than the cutoff C,
Iy is the sum of the recall measures for
known facts. By “known facts”, we mean tl
facts which the original undamaged netw
knew. The choice of the cutoff C is a trade-c
if C is large, the network will be deemed
forget known facts quickly, and if C is small,
will seem to “recall” non-facts when th
proportion of damaged units is small. All of
'y Iy @re normalised to lie between 0 (nothi
recalled) and 1 (everything recalled).

The results of these experiments wze
compared with the results of experiments us
a tensor product network which did not u
distributed representations. Without loss
generality, one can use the standard basi
the underlying vector spaces for tl
representation vectors in this case.

5 Results
5.1 Killing units: effect on analogy

The analogy is regarded as solved provided
recognition score for the correct answer to
analogy problem is significantly greater than-
next highest score. This proved to be the ¢
for the distributed representation until arou
80% of the binding units had been killed.

Figure 3 illustrates a typical pattern
degradation. With
representation, performance varied widely fri
run to run, depending on when critical bindi
units happened to be randomly deleted. Thel
some robustness built into the analo
algorithm, in that more than one fact may te
to suggest that a particular concept is

solution to the analogy problem (mare:foal
analogous to woman:baby in more than ¢
respect), so that in some runs a large numbe
units can be destroyed before the anal
problem becomes unsolvable. However, in
worst case, damaging less than 10% of
neurons could make a particular analc
problem unsolvable. In the runs observed
this experiment, in fact, the standard analc
problem did not become unsolvable until 4(
of the binding units were killed.
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Figure 3: Effect of killing units on analogy-solving
using a distributed representation.

5.2 Killing units: effect on recall

With the recall cutoff C set to 0.4, all know
facts could often be recalled until more th
30% of units hand been destroyed. A typi
run is shown in Figure 4. With a nol
distributed representation, again, results w
variable: the first 10% of units killed coul
include the 20 binding units that encode the
facts. Killing units in this representatic
cannotintroduce spurious “facts”.
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Figure 4: Effect of killing units on recall, using ¢
distributed representation.

5.3 Randomizing units: effect on
analogy

When binding units were randomized, in t
sense described above, the network rema
robust from the point of view of analogic
tasks, although, at a “noise volume” setting
p = 0.1, not quite as robust as when units w
killed instead. An example of the degradati
of performance as binding units a
randomized is shown in Figure 5. With a nc
distributed representation, performance
uneven and unreliable, depending on whet
critical binding units/facts are randomize
early.
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Figure 5: Effect of randomizing units on analogy
solving, using a distributed representation.

5.4 Randomizing units: effect on recall

With the non-distributed representation, t
effect of randomizing a binding unit depen
on the relationship between the volume setl
p and the recall cutoff C. Ip < C, then a
randomized unit will never be recognized,
randomized “non-fact” units never cau
problems, and randomized “fact” units &
essentially forgotten, just as when units .
killed. If p = C, then a randomized unitay
cause a fact to be recognized if the rand
value generated happens to be greater ths
In the experiments 0.1 p < C =0.4, so
randomized units were essentially killed 1
purposes of the non-distributed represe
ations. (The random values could still add
to a quantity large enough to affect
analogical inference, of course).
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Figure 6: Effect of randomizing units on recall, usin
distributed representation.

With a distributed representation, as showr
Figure 6, recall remains good until about 40
of the binding units are randomized (wjh=
0.1 and C =0.4), and then decays fai
rapidly. It should be noted that the rec
performance (and indeed the analogi
reasoning performance) at a particular leve
randomization isnot a constant, as th

randomized units produce different outpl
each time they are used. The points plotte:
Figure 6 are an average of 5 recall attempts.

6 Conclusions

Tensor product networks using orthonorn
distributed representations for the activatic
projected into the network along the input a
are relatively robust to destruction of individt
neurons. They are less robust to randomiza
of neurons: i.e. changing neuron output so |
the neuron emits a small random output
matter what input it gets, but still perfor
reasonably well under these conditions.
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