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Figure 3.1 Empirical predictive distribution averaged over 8 humans in the number game. First two
rows: after seeing D = {16} and D = {60}. This illustrates diffuse similarity. Third row: after
seeing D = {16,8,2,64}. This illustrates rule-like behavior (powers of 2). Bottom row: after seeing
D = {16,23,19,20}. This illustrates focussed similarity (numbers near 20).  Source: Figure 5.5 of
(Tenenbaum 1999). Used with kind permission of Josh Tenenbaum.
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Figure 6.6: Empirical results showing that deeper networks generalize better when used

to transcribe multi-digit numbers from photographs of addresses. Data from Goodlellow

et al. (201

4d). The test set accuracy consistently increases with increasing depth. See

Fig. 6.7 for a control experiment demonstrating that other increases to the model size do
not yield the same effect.
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Figure 6.7: Deeper models tend to perform better. This is not merely because the model is
larger. This experiment from Goodfellow ef al. (2014d) shows that increasing the number
of parameters in layers of convolutional networks without increasing their depth is not
nearly as effective at increasing test set performance. The legend indicates the depth of
network used to make each curve and whether the curve represents variation in the size of
the convolutional or the fully connected layers. We observe that shallow models in this
context overfit at around 20 million parameters while deep ones can benefit from having
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e 6.6: Empirical results showing that deeper networks generalize better when used
nscribe multi-digit numbers from photographs of addresses. Data from Goodlellow
(2014d). The test set accuracy consistently increases with increasing depth. See
.7 for a control experiment demonstrating that other increases to the model size do
ield the same effect.
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