Appendix 2: Knowledge Representation Analysis
Thomas R. Shultz and Alan C. Bde

This gppendix contains knowledge representation anadyses of networks from Shultz and
Bale's paper Neural Network Smulation of Infant Familiarization to Artificial Sentences: Rule-
like Behavior Without Explicit Rules and Variables. Three different andyss techniques are
employed, focusng respectivdly on unit activations, connection welghts, and contributions,
which ae products of sending-unit activations and connection weights. Network knowledge
representations were assessed at various key points in learning by recording connection weights
and network contributions at the end of each output phase. Hidden unit activations were recorded
a theend of training only.

Connection Weights

Connection weight diagrams for a single representative network (Network 1 from the
ABA condition of Experiment 1) are shown in Figures 1 and 2. Figure 1 shows the network's
weights at the end of the second output phase, when it has fully adjusted to the first hidden unit.
Figure 2 shows the same network after training has been completed, a which time this network
has two hidden units.

In each diagram, the connection weights entering a receiving unit are contained within a
rectangular band placed jugt to the right of the index number of the recaiving unit. Insgde of each
rectangular band, weights are labeled by the sending unit and are portrayed by the color and size
of severd sguares. White squares indicate podtive (excitatory) weights, and black squares
indicate negetive (inhibitory) weights. The sSze of each weight is represented by the relaive sze
of each square. A labd of O identifies the bias unit®, labels of 16 identify input units, the last six
numbers identify output units, and the remaning numbers identify hidden units. Input and output
units are ordered as follows consonant of first word, vowd of first word, consonant of second
word, vowe of second word, consonant of third word, and vowel of third word. The letters A, B,
and A to the right of output-unit pars indicate the syntactic category of each word.
Representative patterns in the relaive szes of some of these connection weights can be found in
each experiment in dl of the networks that we have examined.

! The bias unit in anetwork always has an input of 1 and is connected by trainable weights to each downstream (i.e.,
non-input) unit in the network. Such weights from a bias unit essentially specify the resting activity threshold of
each downstream unit.
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In Figure 1, which portrays the network with one hidden unit, the patterns of output
weights for the two A-category words, represented by units 8-9 and 12-13, are highly amilar,
reflecting the common category of these two words. The relatively large weights to these outputs
from hidden unit 7 indicate that the network has learned to recognize the firg and third words in
the training sentences, usng that hidden unit. In contragt, the reaively smdl weghts from
hidden unit 7 to output units 10 and 11 suggest that the network is not yet recognizing the B
category words.
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Figure 1. Weghts in Network 1 with one hidden unit in the ABA condition of Experiment 1 at
the end of the second output phase. Input units are labeled G6, the hidden unit is labeled 7, and
output units are labeled 813. 0 is the bias unit, 1 and 8 represent the consonant of the first word,
2 and 9 represent the vowe of the first word, 3 and 10 represent the consonant of the second
word, 4 and 11 represent the vowel of the second word, 5 and 12 represent the consonant of third
word, and 6 and 13 represent the vowe of the third word.
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Figure 2 shows the same network a the end of training, with two hidden units. The
patterns of output weights for the two A-category words, represented by units 9-10 and 13-14,
reman highly smilar, reflecting the common category of these two words. The rdatively large
weights to these outputs from hidden unit 7 continue to indicate that hidden unit 7 has the job of
recognizing the category of the firs and third words. The newer hidden unit 8 has the job of
recognizing the category of the second word, as indicated by its reatively large weights to
outputs 11 and 12. At this point, the network is accurately recognizing whole sentences in the
training s
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Figure 2. Weghts in Network 1 with two hidden units in the ABA condition of Experiment 1
after training has been completed. Input units are labeled G6, hidden units are labeled 78, and
output units are labeled 314. 0 is the bias unit, 1 and 9 represent the consonant of the first word,
2 and 10 represent the vowe of the first word, 3 and 11 represent the consonant of the second
word, 4 and 12 represent the vowe of the second word, 5 and 13 represent the consonant of third
word, and 6 and 14 represent the vowd of the third word.
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Figure 3 shows a connection weight diagram for a network with one hidden unit in the
ABB condition of Experiment 1. The letters A, B, and B to the right of output-unit pars again
indicate the syntactic category of each word. The patterns of output weights for the two B-
category words, represented by units 10-11 and 12-13, are very dmilar, reflecting the common
category of these two words. The relatively large weights to these outputs from hidden unit 7
indicate that the network has learned to recognize the second and third words in the training
sentences, uang that hidden unit. In contrad, the rdativdy smdl weghts from hidden unit 7 to
output units 8 and 9 suggest that the network is not yet recognizing the A-category words.
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Figure 3. Weghts in Network O with one hidden unit in the ABB condition of Experiment 1 at
the end of the second output phase. Input units are labeled G6, the hidden unit is labeled 7, and
output units are labeled 813. 0 is the bias unit, 1 and 8 represent the consonant of the first word,
2 and 9 represent the vowe of the first word, 3 and 10 represent the consonant of the second
word, 4 and 11 represent the vowel of the second word, 5 and 12 represent the consonant of third
word, and 6 and 13 represent the vowe of the third word.
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Figure 4 shows the weight diagram for this same network at the end of training, when it
has two hidden units. The patterns of output weights for the two Bcategory words, represented
by units 11-12 and 13-14, reman very smilar, reflecting the common category of these two
words. The redivey large weights to these outputs from hidden unit 7 continue to indicate that
hidden unit 7 has the job of recognizing the category of the second and third words. The newer
hidden unit 8 has the job of recognizing the category of the firg word, as indicated by its
reaively large weights to outputs 9 and 10. At this point, the network is accurately recognizing
whole sentencesiin the training .
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Figure 4. Weights in Network O with two hidden units in the ABB condition of Experiment 1
after training has been completed. Input units are labeled G6, hidden units are labeled 78, and
output units are labeled 914. 0 is the bias unit, 1 and 9 represent the consonant of the first word,
2 and 10 represent the vowe of the first word, 3 and 11 represent the consonant of the second
word, 4 and 12 represent the vowe of the second word, 5 and 13 represent the consonant of third
word, and 6 and 14 represent the vowe of the third word.
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These connection weight plots show then that networks implement the two duplicate
words in sentences (the A word in ABA sentences, and the B word in ABB sentences) with
amilar sets of weights entering the output units representing the duplicate words. Output weights
entering the output units representing the single word (B in ABA sentences, and A in ABB
sentences) are didinctly different from the weights for the duplicate words. This pattern of
connection weights is replicated across dl of the other networks that we have examined in each
of the three experiments.

One other representative pattern that the reader may have noticed is that bias weights
(from unit 0) entering the output units (identified by the highet sx numbers) are srongly
negetive for units representing consonants and strongly postive for units representing vowels.
This reflects that fact that networks learn to expect consonants to have negative sonority values
and vowd s to have positive sonority values, characteristics that apply to our sonority scale.

Any other patterns in the connection weights of these two networks are not replicated
across other networks, as each network implements its own unique solution to the problem of
recognizing the experimenta sentences. In particular, there appears to be no replicable pattern of
connection weights to the hidden units, but as seen later, it is possble to andyze the hidden units
in terms of thelr activation patterns. The connection weight plots suggest that, because large
output weights emerge for the duplicated word before the sngle word, the duplicated words
would be mastered first, before the single word.

It is important to redize that these rddively smple solutions of virtudly duplicating the
weights to outputs representing duplicate words would not work as the task becomes redigtically
more complex. For example, it would be more typica for grammars to dlow multiple word
tokens in a paticular syntactic category, not just a sngle word. As specific examples from
English, one can say not only John loves John, but aso John loves Mary (two distinct A words in
an ABA patern) and John hates Mary (two distinct B words, loves and hates, in an ABA
pattern). Smply duplicating output weights would not suffice in learning to recognize such
sentences.



Knowledge Representation Analyss 7

Ancther redigic complication would involve learning to recognize more than a single
sentence type. We trained a few networks, for example, to smultaneoudy recognize both ABA
and ABB sentences from Experiment 1. As this is a more difficult problem, such networks
reached victory in between 86 and 149 epochs, with a mean of 113, and recruited from 4 to 7
hidden units, with a mean of 55. Connection weghts from a smdl, though otherwise
representative, network are diagramed in Figure 5 & the end of training. Bias weights to the
outputs are gill negative to units representing consonants (units 11, 13, and 15 in Figure 7) and
positive to units representing vowels (units 12, 14, and 16).
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Figure 5. Weights in Network 3 from the ABA&ABB condition usng simuli from Experiment
1, dfter training, with four hidden units. Input units are labeled 0-6, hidden units are labeled 7
10, and output units are labeled 11-16. O is the bias unit, 1 and 11 represent the consonant of the
first word, 2 and 12 represent the vowe of the first word, 3 and 13 represent the consonant of the
second word, 4 and 14 represent the vowel of the second word, 5 and 15 represent the consonant
of third word, and 6 and 16 represent the vowel of the third word.
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There is dso a tendency for output weights to be resolved for first and second words
(units 11-14) before they are resolved for third words (units 15-16). That is, the latest large
weights from hidden to output units are typicaly associated with the third word in the sentence.
This makes sense because the category of the third word is most in doubt in these ABA and ABB
sentences.

Otherwise, however, there is no discernable pattern in connection weights that replicates
across these more complex networks. In particular, a ample duplicating of weights to outputs
representing the duplicated word does not suffice, because the duplicated word is different in the
two sentence types being learned. When cascade-correlation networks get this complex, a PCA
of contributions is often more reveding than are weight diagrams.

In summary, the analyses of connection weights reved tha networks learn to encode the
duplicate word before they learn to encode the single word in these three word sentences. The
networks learn to decode the two duplicate words usng smilar sets of weights entering the
output units that represent the duplicate words. Weights from the bias unit learned to encode a
diginction between consonants (with negative sonority vaues) and vowds (with pogtive
sonority values).

PCA of Contributions

Contributions are the products of sending-unit activations and connection weights going
into output units (Sanger, 1989). Because the net input to a unit is the sum of such products,
contributions  represent dl of the influence on the output units Sometimes the effects of
connection weights can be swamped by large activaions, or conversdy the effects of unit
activations can be swamped by large connection weights. The &bility to ded with such
imbaances, coupled with the ability to take account of both cross-connections and layer-to-layer
connections, make contribution analys's a vauable addition to the network analysis toolkit.

Because a dzedble network has many contributions and there is a didinct set of
contributions for each simulus pattern, complex contribution matrices are often amplified by
subjecting them to a Principd Components Andyss (Sanger, 1989). PCA is a data reduction
technique for detecting the mgor independent festures of variation in a datasst by teking
advantage of the fact that variables are corrdated (Jolliffe, 1986). In this case, the variables are
network contributions. PCA can provide a compeling picture of knowledge representations in
cascade-correlaion networks when gpplied to the covariance matrix of contributions and when
the solution is subjected to a varimax rotation in order to improve interpretability of principa
components (Shultz, Oshima- Takane, & Takane, 1995).

Contributions from a few networks in each condition of each experiment were recorded
a the end of each output phase when networks had fully adjusted to each newly recruited hidden
unit (including a the end of training). Each contribution meatrix (contributions X input patterns)
was converted to covariance form and subjected to PCA with a varimax rotation. Only
elgenvaues gregter than the mean eigenvaue were retained in the analyss.

At the end of training, the PCA invariably yielded two principa components and plots of
component scores resembling that in Figure 6. In the case of this particular network, an ABA-
trained network from Experiment 1, the two components accounted for 51.2% and 48.8% of the
re-scaed variance in contributions, respectively. The four clusters of the 16 traning patterns



Knowledge Representation Analyss 9

shown in Figure 6 reflected mean sonority sums for the A and B categories. Component 1, with a
large loading from the second hidden unit, reflected sonority variation in the B category, while
Component 2, with a large loading from the first hidden unit, reflected sonority variaion in the A
category. As can be seen in Fgure 6, this is an degant solution in which sentences with smdl vs.
large sonority sumsfor the A and B categories are separated in a nearly binary fashion.?
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Figure 6. Component scores on the 16 training peatterns for a network after training on ABA
sentences, dong with mean sonority sums for the A- and B-category words in each sentence.
Sonority variation of A-category (Component 2) and B-category (Component 1) words is
represented.

Notice that the components do not reved how sentences are categorized into the ABA
pattern. This is because PCA collgpses corrdated contributions into a smaler number of
components. Recall that there were very sSmilar connection weights to output units representing
duplicate words. Because these smilar weights ensure highly correlated contributions across the
16 training patterns, they are collgpsed into a single principal component.

2 These components can equally well be labeled by sonority differences as well as by sonority sums. The same is
true of all subsequent PCAs.
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Ealier with only one hidden unit, as shown in Figure 7, this nework had a single-
component solution emphasizing sonority variaion in only the category-A words. As in the
foregoing analysis of connection weight diagrams, this makes sense because this network was
familiarized to ABA paterns, where category-A words would naturdly recelve more atention

because they are twice as frequent. Here the sngle component accounts for 100% of the re-
scaed variance in network contributions.
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Figure 7. Mean sonority sums in A-category words as a function of component scores for the 16
ABA training patterns in a network with a dngle hidden unit a the end of the second output
phase. The single component represents sonority variation of the duplicated (A) word.
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We conducted smilar PCAs of contributions on networks that were smultaneoudy
learning both the ABA and ABB sentence patterns. Component score plots for one such network
are shown in Figures 8 and 9, after two and four hidden units, respectively. After two hidden
units, the PCA yidds two components accounting for 51.5% and 48.4% of the re-scded variance
in network contributions. A plot of the component scores for the 16 ABA and 16 ABB training
patterns is shown in Figure 8, dong with mean sonority sums for each of the four clusers of
component scores. Component 1 represents sonority variaion in the A category, while
Component 2 represents sonority variation in the B category. That this is insufficient for
diginguishing ABA from ABB sentences is indicated by the fact tha eech cluster contains
patterns from each of the two sentence types.
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Figure 8. Component scores on the 16 ABA and 16 ABB training patterns for a network with
two hidden units, a the end of the third output phase, dong with mean sonority sums for the A-
and B-category words in each sentence.
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After training is completed, with a totad of four hidden units, separation of the sentence
types greatly improves, as shown in Figure 9. Now the PCA yields three components, accounting
for 41.2%, 26.0%, and 26.0% of the re-scaled variance in network contributions. As can be seen
in Figure 9, the interaction between Components 1 and 2 neetly separates the two sentence types,
with ABA sentences clugtering in the upper left and lower right quadrants and ABB sentences
clustering in the lower left and right upper quadrants. As noted earlier, mere duplication of the
output weights for outputs representing duplicate words is insufficient in this two-sentence-type
problem. Consequently, the contributions reflecting the sentence-type distinction do not correlate
well enough to be collgpsed within any of the components, and are thus reveded in the PCA
component scores. Although Component 2 can be seen to represent sonority variaion in the A
category words, it is not immediatdy agpparent from the mean sonority sums in Figure 9 how
vaidion in the B-category words is achieved.
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Figure 9. Component scores on the 16 ABA and 16 ABB training patterns for a network after
traning, dong with mean sonority sums for the A- and B-category words in each sentence. The
interaction of these two components digtinguishes ABA from ABB sentences. Component 2 aso
represents variation in the sonority sums of A-category words. Some variation in the sonority
sums of B-category words (not labeled) is represented by Component 1.
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This job is handled by the third component as shown in Fgure 10, which plots sonority
sums for the B category as a function of variation in scores on Component 3. Sonority sums for
B words are highly corrdated with scores on Component 3. It turns out that additiona variation
in sonority of the B category is represented, in a rather complex fashion not shown in Figure 9,
by Component 1. Notice in Figure 9 that the clusters of component scores are well spread out
adong the axis of Component 1. Within each of the four clusters, there is variation in sonority of
the B words, but this variaion is not sysematic across the whole variation of Component 1, and
isthus difficult to illustrate without a separate figure.
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Figure 10. Sonority sums on the 16 ABA and 16 ABB training paiterns as a function of

Component 3 scores for a network after training. Component 3 has the job of distinguishing
words with low vs. high sonority sums.

To summarize, PCA of network contributions revedled components that represented
vaidion of sonority sums, firg for the duplicated words and then for the single word. This
shows that networks learned to encode the inputs not as separate sonority vaues but as whole
gyllables, that is, as consonant-vowe combinations. Because the words in these sentences are
monosyllabic, the networks can be said to represent the sonority profile of whole words.
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Hidden Unit Activations

The foregoing andyses of weights and contributions paint a clear picture of the impact of
hidden units on network outputs. What they do nat illuminate is how the hidden units integrate
information from the input units and ealier hidden units. The connection weights entering
hidden units had farly obscure patterns (in Figures 1-5), and contributions focused only on the
influences on output units. There were suggestions, from both weight diagrams and contribution
andysis, that the first hidden unit represented sonority variation in the duplicated word and tha
the second hidden unit represented sonority variation in the single word. To more directly study
how hidden units integrate their inputs, we examined the activation patterns they exhibited on
different input petterns. Such activation effectivdly summarizes the information from both input
units and previous hidden units.

We ran a few networks in each condition of each experiment, and recorded hidden unit
activation & the end of traning. Because input weghts to hidden units are frozen after
recruitment, there is no need to repeat this andysis during each output phase as was required in
the previous andyses. For each network, we plotted the relation between hidden unit activation
and sonority sums of the A and B categories in the training patterns. Figure 11 shows two such
plots for a representative network in the ABA condition of Experiment 1. The plot on the left of
Figure 11 shows a negative reation between activation of Hidden Unit 1 and the sum of sonority
vaues (consonant plus vowd) for the category-A words. The plot on the right of Figure 11
shows a podtive relation ketween activation of Hidden Unit 2 and the sum of sonority values for
the category-B words.

w

B

B
(&2}

2
4 /.
2 AN A A 3
< w
z z 2
o o
5 1 AA M S 3
2 7]
IS €
& a3 °
0 DA 1A
27
-1 T -3 T T T 1
-0.5 -0.25 0 0.25 0.5 -0.5 -0.25 0 0.25 0.5
Hidden 1 activation Hidden 2 activation

Figure 11. Reaion between hidden unit activation and sonority sums in a network a the end of
traning in the ABA condition of Experiment 1.
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Figure 12 shows two dmilar plots for a representative network in the ABB condition of
Experiment 3. The plot on the left of Figure 12 shows a negative relation between activation of
Hidden Unit 1 and the sum of sonority vaues for category-B words. The plot on the right of
Figure 12 shows a podtive rdation between activation of Hidden Unit 2 and the sum of sonority
vauesfor category-A words.
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Figure 12. Reation between hidden unit activation and sonority sums in a network a the end of
training in the ABB condition of Experiment 3.

As with the other network andyss techniques, we could equdly well have substituted
sonority differences for sonority sums in these plots. The results and conclusons would be
essentidly the same. Plots of sonority variation in either consonants or vowels adone adso
produce much the same result, dthough the rdaions with hidden unit activations are not as
gtrong as when using sonority sums or differences.

The generdizaion that can be drawn from these results is that the firsg hidden unit
represents sonority variation in the duplicate-word category, whereas the second hidden unit
represents sonority  variation in the sngle-word category. Agan, this is a naturd result of
networks focusng on the largest current source of error. Because duplicate words initidly
generate about twice as much totd eror as do sngle words, networks ded firg with the
duplicate-word category. This was true in dl of the networks that we have sudied. The roles of
additional hidden units (beyond two), when recruited, were not so essly identified by examining
hidden unit activations. Presumably, the job of these additiond hidden units is to clean up any
remaining sources of error that the firg two hidden units cannot handle. How they accomplish
this varies across networks.

Thus, the highly variable pattern of connection weights entering the first two hidden units
implements consgent functions to represent sonority variation in the word category that is
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generating the largest current source of error. Each network achieves these functions in a digtinct
way, but the functions themsdves gppear critical to a successful solution of the grammar-
recognition problem. Sonority variaion within each word category must be well represented in
the hidden unit codes because this variation needs to be reproduced accurately on the output
units.

To summarize the hidden unit activation andyss, the fird hidden unit learns to encode
the sonority sum of the duplicate word, and the second hidden unit learns to encode the sonority
aum of the dngle word. This is a naura consequence of the fact that network learning
congstently focuses on reducing as much error as possible.
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