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We have implemented two machine-learning models of H + T _
object recognition by human observers. Both models = + 3
capture three hallmarks of human performance that 2 + S
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(3) effects of letter complexity. O T |3
: : 2 RS Demo: Each target letter is presented between two fixed-contrast flankers =
One model is a Convolutional Neural Network (ConvNet), 5 S | | A = 8
_ o — ‘n;. Lorlelen The flankers are tightly spaced on the left and loosely spaced on the right. 001 28
and the other is a texture statistics model followed by a ol R ) While fixating the top plus sign, identify the target letter on the left, and on |
li | ifi ith : h _ d . he richt. N h f d The fai | h Complexity (perimeter?/area)
inear classiftier. Wit appropnate vper parameters an Noise frequency (cycles per letter) the right. Now try the next line, and so on. The taintest target letter that
training, both models account for spatial-frequency | N you identify indicates your threshold co-ntrast for identification in the | | | | 3 o
, , Demo: The outline of barely visible letters traces out your threshold for presence of flankers. Nearby flankers raise threshold much more than distant Demo: In each column, the height of the faintest identifiable letter indicates
channels, CrOdeg' and effects of letter compIeX|ty. seeing letters as a function of spatial frequency. flankers do. your efficiency. Across columns, your efficiency drops as complexity increases.
Estimated human threshold for identifying a letter in narrow band noise as Threshold energy required by an observer to identify a target letter as a Efficiency is the threshold energy required by an observer for identification
H u m a n o b S e rve r a function of center frequency of the noise. Note the bandpass character of function of the center-to-center spacing to a flanker. The eccentricity was relative to that of the optimal classifier. The log-log plot shows the
the curve. This is called a “channel”. 20°, and the critical spacing was 11°. reciprocal relationship between efficiency and complexity of font over a 30-
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Noise frequency (c/letter) Solomon & Pelli, 1994 Spacing re critical spacing Pelli et al., 2004 Complexity Pelli et al., 2006
I e m I ate m a tc h e r Unlike human, the channel of the template matcher is low pass. Unlike human, the template matcher is unaffected by the presence of Unlike human, for a given level of white noise, performance of the template
p additional letters. matcher depends only on signal energy, independent of complexity.
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‘ O nVOI utl o n a I n etwo rk ConvNet is low-pass when trained on letters in white noise (red), and We trained a ConvNet on a single letter and then tested its ability to identify ConvNet’s efficiency is inversely proportional to complexity. The critical
bandpass when trained in 1/f noise (blue), which is prominent in human either of two letters when presented simultaneously. It performs well only parameter that controls this dependency is the extent of the pooling
vision (Raghavan and Pelli, in prep.). when the second letter falls outside its field of view. window. A pooling window of 4x4 results in a log-log slope of about -1,
CO nv N Et g matching human performance. —e— ConwNet: pooling = x4 Only the size of the pooling
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I ext u re sta t I St I c S The threshold curve of the texture statistics model is band-pass like that of The texture statistics model can identity a single letter, but performs very The texture statistics model’s efficiency is inversely proportional to
human observers. The center of the channel matches that of human poorly when two letters are present. It performs well only when the second complexity, with a log-log slope (-0.7) close to that of human observers (-1).
observers when trained on 1/f noise. letter falls outside its field of view.
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