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8 In forced-choice detection, incorrect responses are routinely ascribed to internal noise, because experienced
9 psychophysical observers do not act as if they have a sensory threshold, below which all perceived intensities

10 would be identical. To determine whether inexperienced observers have sensory thresholds, we examined psy-
11 chometric functions (percent correct versus log contrast) for detection and detection in full-screen, dynamic
12 visual noise. Over five days, neither type of psychometric function changed shape, but both shifted leftwards,
13 indicating increased sensitivity. These results are not consistent with a lowered sensory threshold, which would
14 decrease psychometric slope. Our results can be understood within the context of Dosher and Lu’s “stochastic”
15 perceptual template model [Vis. Res. 40, 1269 (2000)], augmented to allow intrinsic uncertainty. Specifically, our
16 results are consistent with a combination of reduced internal additive noise and improved filtering of external
17 noise. © 2017 Optical Society of America

OCIS codes: (330.1880) Detection; (330.4060) Vision modeling; (330.5510) Psychophysics.

18
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19 1. INTRODUCTION

20 When measuring visual sensitivity, most psychophysicists adopt
21 the m-alternative, forced-choice (mAFC) paradigm, because
22 each response of the observer can be classified as either right
23 or wrong. (Appendix A provides a list of the main symbols used
24 in the text, and their meanings.) For invisibly faint targets, the
25 probability of a correct choice is necessarily 1∕m. For very
26 intense targets, 1 is theoretically the maximum probability cor-
27 rect, although most human observers occasionally lapse. That
28 is, they choose incorrectly, even when the correct choice is
29 unquestionably obvious [1].
30 Psychophysical literature offers two explanations for errors
31 with faint targets. One possibility is that the observer did not
32 see anything that could have been the stimulus, was forced to
33 guess, and guessed wrong. This possibility can be formalized
34 with the notion of a “sensory threshold,” which is defined as
35 the hypothetically least intense perceptual experience. Many
36 studies have shown that a sensory threshold cannot explain
37 all mAFC detection errors. For example, when m > 2, errone-
38 ous “first-choice” responses can be followed by correct “second-
39 choice” responses with a probability greater than 1∕�m − 1�
40 [2,3]. Consequently, the alternative explanation is preferred
41 for at least some mAFC detection errors. Signal-detection the-
42 orists, e.g., [4] call it “noise.” Such noise is a stochastic process,
43 which causes observers to see things that are not there.

44Although observer experience is not always described in the
45psychophysical literature, our own observers are typically en-
46couraged to practice their visual tasks until they feel comfort-
47able performing them. Only then do we begin to collect data.
48Validation of this modus operandi can be inferred from studies
49of “perceptual learning,” e.g., [5], which show that sensitivity
50(in this case, the reciprocal of the detection threshold) can
51indeed increase with practice [6].
52We wondered why performance improves with practice.
53One hypothesis is that unpracticed observers act as if they have
54a sensory threshold, and consequently they do not see things
55that are not there. Practice would affect sensitivity because it
56lowered or abolished the sensory threshold.
57Alternative explanations for the effect of practice on detec-
58tion threshold include a reduction in intrinsic uncertainty and
59an increase in signal-to-noise ratio. In Section 2 these ideas will
60be formalized within the context of a stochastic model, based on
61signal-detection theory. In Section 3 we will demonstrate that
62the effect of a lowered sensory threshold is very similar to the
63effect of reduced intrinsic uncertainty on psychometric func-
64tions for detection, making the psychometric slopes shallower.
65(The effect of elevated signal-to-noise ratios is different, improv-
66ing sensitivity without affecting the psychometric slopes).
67To tease these alternatives apart, we measured psychometric
68functions for detection in the presence (as well as in the
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69 absence) of randomly generated texture. Such “external noise”
70 can reduce intrinsic uncertainty when it selectively stimulates
71 detection mechanisms. It is incapable of affecting intrinsic un-
72 certainty when it has a broad spatial bandwidth, a broad tem-
73 poral bandwidth, a wide spatial extent, and a long temporal
74 extent, relative to the target [7–9]. Nonetheless, external noise
75 can unquestionably elevate detection threshold above the range
76 where a sensory threshold might operate. In other words,
77 observers never see nothing; they see the external noise.

78 2. STOCHASTIC MODEL

79 A. Signal-Detection Theory

80 Our hypotheses may be made concrete within the context of
81 signal-detection theory [4]. In this model, the probability
82 correct in any mAFC task can be described as

Ψ � �1 − δ�ψ � δ�1 − ψ�∕�m − 1�; (1)

83 where δ represents the lapse rate and

ψ �
Z

∞

−∞
�FN�x��m−1F 0

S�x�dx: (2)

84 In Eq. (2), FN�x� is the cumulative distribution function
85 (CDF) for the maximum signal N, arising from each nontarget,
86 and F 0

S�x� is the derivative of the CDF (i.e., it is the density) for
87 the maximum signal S, arising from the target.

88 B. Intrinsic Uncertainty

89 In the absence of a sensory threshold, intrinsic uncertainty
90 theory [10] would specify CDFs for the target (where
91 X � S) and nontargets (where X � N) as the product of M
92 CDFs, such that

FX�x� � �FI �x��M−K �FX �x��K : (3)

93 In Eq. (3), K represents the number of “relevant microana-
94 lyzers” [11] with equal sensitivity to the stimuli, and M − K
95 represents the number of “irrelevant” microanalyzers with no
96 sensitivity to the stimuli. Microanalyzers are conveniently as-
97 sumed to be individual neurons or pools of neurons with sim-
98 ilar receptive fields. The output from each microanalyzer
99 contains an independent sample of noise that can be assumed

100 to be Gaussian. Consequently, microanalyzer output can be
101 described in terms of the Gaussian CDF

FX �x� � G�x; μX ; σX � �
1

2

�
1� erf

�
x − μX
σX

ffiffiffi
2

p
��

: (4)

102 C. Sensory Threshold

103 Equation (3) represents the limit for a vanishingly small sensory
104 threshold, i.e., as c → −∞. For a finite sensory threshold c, we
105 must construct a more general expression

FX�x� �
8<
:

�FI �x��M−K �FX �x��K x > c
�FI �c��M−K �FX �x��K x � c

0 otherwise

: (5)

106 Random variables N , S, and I are described in Section 2.D,
107 below.

108D. Power-Law Transduction

109We have adapted Dosher and Lu’s [12] parameterization for the
110relationships between μX , σX , and the stimulus. In the absence
111of external noise, the expected output of each microanalyzer is a
112power function of stimulus contrast. Specifically, the expected
113signal is μX � �bcX �γ , for X � S, N , and I , where cS is the
114contrast of the target, cN is the contrast of the nontargets, cI �
1150 can be considered the expected input to the irrelevant micro-
116analyzers, and b and γ are arbitrary constants greater than 0.
117When external, Gaussian noise is present with amplitude
118N ext, microanalyzer outputs become doubly stochastic. Let θ
119denote a sample (of size 1) from a Gaussian random variable
120with zero mean and variance N 2

ext. Expected microanalyzer
121output can be written as a function of this random sample

μX � sgn�bcX � Afθ�jbcX � Afθjγ : (6)

122E. Multiplicative Noise and Additive Noise

123Output variances can be described as the sum of two indepen-
124dent sources of internal noise. “Multiplicative noise” grows
125with the expected signal μX ; “additive noise” does not. Since
126multiplicative noise and additive noise are assumed to be
127independent, their variances sum

σ2X � �AmNm�2jμX j2γ2∕γ � �AaN a�2; (7)

128where N a is the standard deviation of the internal, additive
129noise (an arbitrary constant greater than 0) and Nm is also
130an arbitrary constant, greater than or equal to 0. The exponent
131γ2 will be discussed below.
132The three coefficients, Af , Am, and Aa, can be set equal to 1
133with no loss of generality. In fact, we enforce this constraint
134when fitting the model to data from the last day of testing.
135On days prior to the last day of testing, best-fitting values
136for any (or all) of these coefficients thus might be greater than
1371 (Our use of these three coefficients is opposite to that of
138Dosher and Lu [13], who constrained them to equal 1 when
139fitting the data from the first testing session in unpracticed
140observers.) If Af > 1, it would imply an effect of practice
141on the amount of external noise passed by each microanalyzer
142(e.g., via improved filtering, e.g., [13]); if Am > 1, it would
143imply an effect of practice on the amount of multiplicative
144internal noise; and if Aa > 1, it would imply an effect of
145practice on the amount of additive internal noise.

146F. Contrast Gain Control

147Psychophysical models of detection in the presence of “pattern
148masks” (e.g., sinusoidal luminance gratings) typically feature
149sigmoidal transduction (e.g., acceleration for low contrasts
150and compression for high contrasts) and eschew multiplicative
151noise. In the absence of external noise, these “contrast-
152gain-control” models are formally equivalent to models like
153ours, with power-law transduction and multiplicative noise
154[14]. For example, Legge and Foley’s [15] popular nonlin-
155ear-transducer model is equivalent to our model when
156γ � 2.4, γ2 � 2, M � 1, and c ≪ 0.
157The exponent γ2 must be slightly smaller than the exponent
158γ if our model (like Legge and Foley’s) is to successfully fit
159suprathreshold contrast-discrimination data (i.e., “dipper” han-
160dles; see [16]). However, such data are not considered either in
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161 our study or that by Dosher and Lu [13]. Consequently, in all
162 our subsequent modelling, we constrain the two exponents to
163 be equal: γ2 � γ.

164 G. Implementation

165 In previous research, e.g., [9,12,17], Monte Carlo simulations
166 were required to estimate model performances when γ ≠ 1 and
167 N ext ≠ 0. All simulations reported in this paper, however, were
168 computed analytically, in the sense that Monte Carlo simula-
169 tions were not necessary. Where necessary, we substituted
170 compound CDFs for the Gaussian CDFs in Eq. (4), i.e.,

FX �x� �
Z

x

−∞
du

Z
∞

−∞
G 0�u; μX ; σX �G 0�θ; 0; N ext�dθ; (8)

171 where G 0�x; μ; σ� is the density defined by the derivative of the
172 Gaussian CDF defined in Eq. (4). Where necessary, these
173 integrals were computed numerically.

174 3. ILLUSTRATIVE SIMULATIONS

175 Figure 1 illustrates how a sensory threshold is expected to affect
176 psychometric functions for 4AFC detection. Densities for tar-
177 get S and nontarget N are shown for low (panel a) and high
178 (panel b) values of the sensory threshold. By definition, non-
179 targets in a detection task have zero contrast, i.e., cN � 0.
180 Panels (c) and (d) show how the probability correct Ψ varies
181 with target contrast, when the latter is expressed in decibels,
182 i.e., strength �dB� � 20 log10�cS�.
183 The psychometric function in Fig. 1(c) was produced by
184 computing the model’s expected performance in 100 trials with
185 each of 23 different target contrasts. The parameter values used
186 for this simulation are the “baseline” values used for all the
187 other simulations described in this section, except where
188 indicated otherwise. They were: δ � 0.01, K � 1, M � 1,
189 c � −0.09, b � 3, γ � 1, Nm � 0, N a � 0.03, Af � 1,
190 and Aa � 1. In this case, where its value is c � μN − 3σN ,

191the sensory threshold has virtually no effect; i.e., the model
192performs identically when c � −∞.
193A comparison between Figs. 1(c) and 1(d) shows what hap-
194pens when the sensory threshold c is increased. The psychomet-
195ric function for detection shifts rightwards and gets steeper. To
196quantify these changes, we (maximum-likelihood) fit a cumu-
197lative Weibull distribution to the data in each panel. Its general
198form can be described as

Ψ � 1

m
�

�
1 −

1

m
− δ

��
1 − exp

�
cN − cS

α

�
β
�
: (9)

199In Eq. (9), the Weibull parameter α is typically considered
200to be the contrast threshold. In this paper, threshold is given in
201decibels, i.e., 20 log10�α�. The Weibull parameter β is typically
202used to specify the psychometric slope [18]. Best-fitting values
203for threshold and slope are shown in Figs. 1(c) and 1(d). Fixed
204values were assigned for the guess rate 1∕m � 0.25 and lapse
205rate δ � 0.01. Finally, note that, although the maximum-like-
206lihood fit is good, it is not perfect, i.e., the model produces
207nonWeibull psychometric functions. The error may be speci-
208fied by a goodness-of-fit metric, proportional to the logarithm
209of maximum likelihood [19].
210Figure 2 illustrates the outcomes of four alternative models
211for the effect of practice on psychometric functions for detec-
212tion (i.e., when N ext � 0) and detection in noise (N ext � 0.2).
213Each curve in the figure illustrates the effect of a single param-
214eter, whose value decreased by a fixed amount, on each of five
215days’ simulated practice. As noted in Section 1, the effect of a
216lowered sensory threshold is very similar to the effect of reduced
217intrinsic uncertainty on psychometric functions for detection:
218threshold and slope both drop. This is true even when intrinsic
219uncertainty remains high, as can be seen in Appendix C.

F1:1 Fig. 1. Representative densities (with μS � uN � 2σN ) for 4AFC
F1:2 detection target S and nontarget N (a), (b) and corresponding psycho-
F1:3 metric functions (c) and (d) with a high sensory threshold
F1:4 (c � uN � 3σN ; b, d) and a low sensory threshold (c � uN − 3σN ;
F1:5 a, c). Arrows in (b) represent delta functions, indicating high proba-
F1:6 bility density at the sensory threshold c. Insets in panels (c) and (d)
F1:7 describe best-fitting Weibull distributions (smooth curves) to the
F1:8 model-derived accuracies (filled circles).

(a) (b)

(c) (d)

F2:1Fig. 2. Values for threshold (a), (c) and slope (b), (d) from Weibull
F2:2fits to simulated data from detection (a), (b) and detection-in-noise (c),
F2:3(d) conditions. Note that high levels of uncertainty are required for
F2:4detection-in-noise to have steep psychometric functions (i.e., high
F2:5values of Weibull β or the approximately equivalent d 0 power).

2
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220 External noise can elevate detection thresholds above
221 the range where a sensory threshold might operate.
222 Consequently, our simulations show no effect of a lowered sen-
223 sory threshold on psychometric functions for detection in
224 noise. On the other hand, a reduction of intrinsic uncertainty
225 affects the psychometric function for detection in noise in the
226 same way that it affects the psychometric function for
227 detection: threshold and slope both drop.
228 In the absence of any sensory threshold or multiplicative
229 noise, an increase in gain (parameter b) has the same effect
230 on the model’s psychometric function for detection as a de-
231 crease in additive noise (the product of parameters Aa and
232 N a). Figure 2 illustrates this effect: threshold falls but slope
233 does not. This differentiates an increase in the signal-to-noise
234 ratio from a lowering of sensory threshold and a reduction of
235 intrinsic uncertainty. A more thorough study of model behavior
236 appears below.

237 4. METHODS

238 This experiment was approved by the National Research Ethics
239 Service. Ten observers were recruited. Those who routinely
240 wore corrective lenses for computer use wore them during this
241 experiment. All 10 observers claimed to have no previous
242 experience with visual psychophysics, outside of routine visits
243 to an optometrist or optician. Each observer provided written
244 consent to participate in a noninvasive psychophysical
245 experiment.
246 The methods were very similar to those used by Solomon
247 [3], whose experienced observers did not produce evidence of a
248 sensory threshold. A MacBook Pro running the PsychToolbox
249 [20,21] was used for stimulus generation and response record-
250 ing. (Software will be made available upon request.) Stimuli
251 were displayed on a 19-inch Sony Trinitron with a refresh rate
252 of 120 Hz. True 14-bit gray-scale resolution was achieved using
253 Cambridge Research Systems’ Bits++ box. Luminance was lin-
254 earized within 0.7%. Maximum and minimum luminances
255 were 157.4 and 2.2 cd∕m2, respectively. The monitor’s back-
256 ground luminance was set to the midpoint of these values, and
257 the rest of the room was dark. Viewing distance was approx-
258 imately 0.70 m. At this distance, there were 32 pixels per degree
259 of visual angle. Observers were required to maintain fixation on
260 the fixation point throughout each run.
261 Targets and nontargets were horizontal, cosine-phase Gabor
262 patterns whose wavelength and spatial spread were λ � 0.25°
263 and σ � 0.18°, respectively. One Gabor appeared in each of
264 four positions, marked by a black square (see Fig. 3). These
265 black squares were visible throughout the experiment. Their
266 centers formed a large (5.6° × 5.6°), notional square centered
267 on a black fixation spot. External dynamic noise, when present,
268 was created by adding an independently determined, random
269 intensity to each pixel on the 16° × 21° screen (except those
270 depicting the black squares and fixation spot) on every refresh.
271 Random intensities had zero mean and an rms contrast of 0.2,
272 giving the noise a spectral density of 3 × 10−7 deg2 s.
273 Four types of trial were randomly interleaved: detection, dis-
274 crimination, detection in noise, and discrimination in noise.
275 Each trial was initiated with a key press. Observers were allowed
276 to respond (with another key press) after 1.0 s. On noise trials,

277dynamic noise was presented continuously throughout the
278trial. In the middle of each trial (i.e., between 0.41 and
2790.59 s after the key press) the four Gabors (three nontargets
280and one target) were presented and the fixation spot removed
281for 0.18 s. On detection trials, the nontargets had zero contrast
282(cN � 0). On discrimination trials, their Michelson contrast
283was cN � 0.04. Target contrast was always higher (see below).
284Feedback in the form of a brief tone followed each incorrect
285response.
286The discrimination trials did not promise any additional
287power for differentiating between candidate mechanisms of
288perceptual learning. Their inclusion was designed to encourage
289observers to compare all four alternatives (in “sensory trace
290mode” [22]), as our modeling assumes. Without a “roving”
291pedestal like this, some observers have a tendency to operate
292in “context-coding mode,” in which each (or possibly only
293some) of the four alternatives is compared to an internal tem-
294plate. Thus, if one alternative provided a sufficiently close
295match to the internal template, the observer would not need
296to examine any of the other alternatives when making a
297decision.
298To quickly and efficiently obtain estimates of threshold and
299slope while observers practiced detection, we used the adaptive
300psychometric staircase quest [23]. Prior to each trial, quest pro-
301duced a (mean a posteriori) estimate for the observer’s threshold.
302[A priori distributions were Gaussian, with a mean of −27 dB
303and a standard deviation of 60 dB.]. This estimate was based on
304the conventional assumption of a Weibull psychometric func-
305tion [Eq. (9)], with the following parameters fixed: Weibull
306β � 2, m � 4, and δ � 0.01. Of course, we did not expect
307these parameter values to represent all our empirical psycho-
308metric functions. In particular, the slope (Weibull β � 2)
309was selected as a compromise, given the various simulations
310illustrated in Fig. 2.

F3:1Fig. 3. Stimulus geometry used in the experiment. Gabor and noise
F3:2contrasts have been adjusted for illustrative purposes.

3
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311 As a means of accurately estimating the frequency of finger
312 errors δ, the target was presented with a Michelson contrast of
313 cS � 0.14 (i.e., −17 dB) on one-ninth of the trials without
314 noise. The precisions of our estimates for psychometric thresh-
315 old and slope depend upon the extent to which our target con-
316 trasts elicit response accuracies that straddle the midpoint
317 between psychometric floor (i.e., 1∕m) and psychometric ceil-
318 ing (1 − δ). Consequently, on half the remaining trials, the tar-
319 get was presented 3.8 dB below quest’s estimated threshold; on
320 the other half, the target was presented 0.5 dB above
321 quest’s estimated threshold. These values were selected because
322 they correspond to response accuracies of Ψ � 0.5 and
323 Ψ � 0.75, respectively, given the fixed parameter values
324 described above.
325 Each observer performed four blocks of 88 trials each, on
326 each of five consecutive days. The quest staircases were
327 initialized at the beginning of each day.

328 5. RESULTS AND DISCUSSION

329 One observer was excused from the study after two days, be-
330 cause he was unable to attain a response accuracy greater than
331 50% correct with −17 − dB targets in either of the “no-noise”
332 conditions. From the psychometric data generated by each of
333 the nine remaining observers, we obtained 20 (fivedays × four
334 types of trial: detection, discrimination, detection in noise, and
335 discrimination in noise) maximum-likelihood estimates of
336 threshold and slope. Examples from a representative observer
337 appear in Appendix D.

338 A. Detection (in the Absence of Noise)

339 For each observer in each condition, we regressed maximum-
340 likelihood estimates of threshold (in decibels) and slope
341 (Weibull β) against the day of testing. For each observer
342 and each day, lapse rates (δ) were fixed at the values determined
343 from the high-contrast/no-noise trials (or 0.01; whichever was
344 larger). Without exception, the line best fit to every observer’s
345 detection thresholds in the absence of noise had a negative gra-
346 dient [see Fig. 4(a)]. Across the group, the mean and standard
347 error of the fitted slopes were −0.72 and 0.15 dB/day, respec-
348 tively. Thus, there can be no question that our methods were
349 sufficient to elicit a significant facilitatory effect of practice on
350 contrast sensitivity, t�8� � −4.93, p < 0.001.
351 Psychometric slopes for detection, on the other hand,
352 showed no systematic variation with day of testing,
353 t�8� � −0.77, p � 0.46 [see Fig. 4(b)]. The mean gradient
354 was −0.07, with a standard error of 0.09. Recall that our main
355 hypothesis was that practice would lower or abolish a sensory
356 threshold. Section 3 demonstrated that a lowered sensory
357 threshold [24] would manifest not only as a decrease in the
358 detection threshold, but also as a decrease in psychometric
359 slope. If this hypothesis were correct, then we would expect
360 a (positive) correlation (across days of testing) between detec-
361 tion threshold and psychometric slope. For only three observers
362 was there any hint (i.e., with Pearson’s r > 0.1) of this corre-
363 lation. It is perhaps noteworthy that these were also the only
364 three observers for whom, on day 1, estimated lapse rates were
365 too high (more than 25%) for adequate constraint of parameter
366 values. In only one other instance (MP, day 2) did lapse rate

367exceed this value (i.e., δ > 0.25). On the basis of these results,
368the data contain little evidence in support of our main hypoth-
369esis. Instead, our regression analysis of the psychometric param-
370eters for detection seems more consistent with an effect of
371practice on internal, additive noise (see Fig. 2): thresholds
372dropped consistently over days, but slopes remained high.

373B. Detection in Noise

374As with the detection data, without exception, the line best fit to
375every observer’s detection-in-noise thresholds had a negative gra-
376dient [see Fig. 4(c)]. The mean and standard error were −0.79
377and 0.08 dB/day, respectively. Thus, there can be no question
378that detection-in-noise improved significantly with practice,
379t�8� � −10.48, p < 10−5, just as it did in the absence of noise.
380Also similar to the detection data, the detection-in-noise
381data contained no evidence for a systematic effect of practice
382on psychometric slope, t�8� � −0.35, p � 0.37 [see Fig. 4(d)].
383Regression analysis indicated a mean gradient of −0.06, with a
384standard error of 0.18. Although these results are qualitatively
385similar to our detection results (i.e., thresholds dropped, but
386slopes did not) they cannot similarly be explained by a reduc-
387tion in additive noise (see Fig. 2), which must be negligible in
388comparison to our massively suprathreshold external noise.
389Instead, they are consistent only with a reduction in the effect
390of this external noise on detection. In other words, practice
391seems to reduce the amount of external noise that is passed
392by the theoretical microanalyzers.
393Day-by-day averages appear, along with a fit of the model, in
394Fig. 5. These averages illustrate the aforementioned effects of
395practice on threshold, as well as the lack of a systematic effect of
396practice on psychometric slope. Visual comparison reveals two
397notable differences between Figs. 2 and 5. For one thing, the
398effect of external noise on our observers’ contrast thresholds
399(an elevation of ∼7 dB, on average) is much smaller than that
400predicted by our model (an elevation of ∼16 dB ), given the

(a) (b)

(c) (d)

F4:1Fig. 4. Values for threshold (a), (c) and slope (b), (d) from Weibull
F4:2fits to empirical data from detection (a), (b) and detection-in-noise (c),
F4:3(d) conditions. Each symbol represents the performance of a single
F4:4observer on a single day. A regression line has been fit to the data from
F4:5each observer within each panel. The arrow in panel (a) indicates the
F4:6(perithreshold) pedestal amplitude that was used in all discrimination
F4:7trials.
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401 “baseline” parameter values used for Fig. 2. The other thing is
402 that the psychometric slopes are much steeper than those pro-
403 duced by the model with these baseline parameter values.
404 The one parameter in our model that governs the relation-
405 ship between external noise contrast and threshold elevation is
406 N a. When this (additive) component of internal noise is large,
407 then a correspondingly large amount of external noise is nec-
408 essary for threshold elevation. Clearly, the baseline value of 0.03
409 was not sufficiently large. The model’s threshold elevations
410 were more consistent with those we obtained empirically when
411 this parameter value was increased to N a � 0.110.
412 The other discrepancy between our initial simulations and
413 empirical results is perhaps more noteworthy. On the basis of
414 previous research [7] with a slightly different paradigm (two
415 temporally offset stimulus intervals in foveal view, rather than
416 four spatially offset stimulus intervals in parafoveal view), we
417 expected to record shallower psychometric functions for detec-
418 tion in our dynamic noise, which was both spatially and tem-
419 porally extended, relative to the target and nontarget Gabor
420 patterns. Indeed, that finding has been recognized, e.g.,
421 [9,16] as one of the chief indictments against attributions of
422 steep psychometric slopes (in the absence of noise) to intrinsic
423 uncertainty. Consequently, we attempted to replicate those
424 historical methods as closely as possible in a supplementary
425 experiment. Nonetheless, we were unable to reproduce the
426 finding. Psychometric slopes for author J.A.S. remained high,
427 even in high levels of full-screen, dynamic noise.

428 C. High Psychometric Slopes for Detection in Noise

429 The model described in Section 2 contains three parameters
430 that affect psychometric slopes for detection in noise. Slope in-
431 creases with uncertainty M (as is illustrated in Fig. 2). It also
432 increases with the exponent of the power-law transducer γ and
433 decreases with the product AmNm. According to Birdsall’s

434theorem [25], when γ > 1, psychometric slope must decrease
435as the contrast of external noise increases. Our data contain no
436hint of this decrease, and consequently do not support a model
437containing nonlinear transduction.
438Without nonlinear transduction, the only property that can
439account for the steep psychometric functions in noise is intrinsic
440uncertainty, which must be in the range ofM ≈ 1; 000 to best fit
441(i.e., with minimum squared errors) the data. That number may
442seem to be implausibly high. However, Fig. 6 shows how poorly
443the model fits our psychometric slopes for detection in noise,
444when allowing nonlinear transduction but constraining M to
445smaller values [26]. Without uncertainty (i.e., when M � 1),
446the model’s best fit is very poor indeed. For a reasonable fit, with
447Weibull β close to the median value obtained in our detection-
448in-noise experiment, approximate microanalyzers are required at
449each stimulus position, i.e., M ≈ 1000.

450D. Contrast Discrimination

451As previously noted, the discrimination trials did not promise
452any additional power for diagnosing between candidate mech-
453anisms of perceptual learning. Consequently, we did not ana-
454lyze the data from our discrimination trials, other than to
455confirm what many previous authors (e.g., [27,28]) have
456reported: when nontarget contrasts are near the detection
457threshold (as in our experiment), discrimination thresholds are
458lower than detection thresholds and psychometric slopes for
459discrimination are lower than those for detection.
460Signal-detection theory explains these results in one (or pos-
461sibly a combination) of three ways. A sigmoidal transducer func-
462tion (e.g., 27, 28) may suffice. If the transducer is merely a power
463function [as in Eq. (6)], then multiplicative noise must be non-
464negligible (i.e., Nm > 0; otherwise psychometric functions will
465be too steep [3]). The final alternative is to have an appreciable
466amount of intrinsic uncertainty (i.e.,M ≫ 1 [10]). Since an ap-
467preciable amount of intrinsic uncertainty was required to fit our
468detection-in-noise results, we had little reason to explore model
469performance with nonzero multiplicative noise.

(a) (b)

(c) (d)

F5:1 Fig. 5. Values for threshold (a), (c) and slope (b), (d) from Weibull
F5:2 fits to empirical data from detection (a), (b) and detection-in-noise (c),
F5:3 (d) conditions. Each symbol illustrates the median value, across nine
F5:4 observers.,�1 quartile. Dashed curves illustrate a model fit. Parameter
F5:5 values were: δ � 0.01, K � 1, M � 870, c � −∞, b � 14, γ � 1,
F5:6 Nm � 0, N a � 0.110. Af decreased from 1.58 to 1 (i.e., between day
F5:7 1 and day 5) and Aa decreased from 1.28 to 1.
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F6:1Fig. 6. Model performances with best-fitting values of γ (indicated
F6:2on the figure), b, andNa, for various fixed values of uncertaintyM. All
F6:3other model parameters were fixed at the baseline values, described in
F6:4Section 3. The solid horizontal line shows the median values for
F6:5Weibull β obtained in detection experiments. (In noise, the median
F6:6was 4.2; in the absence of noise, it was 3.9. Geometric means were
F6:7greater: 5.3 and 5.0, respectively. Arithmetic means were even greater.)
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470 On the other hand, when nontarget contrasts are above
471 threshold, discrimination thresholds tend to be much greater
472 than detection thresholds. There are only two ways of achieving
473 this result within the context of signal-detection theory: either
474 compressive transduction (or a sigmoidal combination of ex-
475 pansion and compression) or nonnegligible multiplicative
476 noise. Such options are beyond the scope of this project,
477 but they are discussed at length elsewhere (e.g., [16]).

478 E. Comparison with Previous Work

479 Yu et al. [5] found no effect of practice on contrast discrimi-
480 nation when nontarget contrast was randomized. Low-contrast
481 (and zero-contrast) nontargets were excluded from that experi-
482 ment. However, they did report an effect of practice on contrast
483 detection (i.e., when nontargets had zero contrast) in a situation
484 amenable to context-coding mode, as discussed in Section 4. In
485 this case, thresholds dropped at a rate of 1.4 dB/day, on average.
486 Since this effect is almost twice as large as that reported in
487 Section 5.A, we cannot be confident that our results stem from
488 the same sources of perceptual learning.
489 Dosher and Lu [12,29] examined the effect of practice on
490 contrast threshold for discriminating between two orientations
491 of Gabor pattern, �12° with respect to vertical. This task is
492 fundamentally different from detection, however. For one
493 thing, decisions are not governed by the activity in mechanisms
494 best tuned to the candidate targets [30]. Consequently, it seems
495 likely that contrast thresholds for discriminating between these
496 orientations exceed contrast thresholds for mere detection, and
497 thus could not reflect any possible role of a sensory threshold.
498 Nonetheless, our results are qualitatively similar to those re-
499 ported by Dosher and Lu [12,29]: contrast thresholds dropped
500 with practice, in both the presence and absence of external
501 noise, and psychometric slopes (inferred from Dosher and
502 Lu’s “threshold ratios”) were unaffected by practice. The
503 changes in signal processing that underlie the effects that we
504 report are consequently comparable to those that Dosher
505 and Lu reported: a reduction in internal, additive noise, and
506 more effective filtering of external noise.
507 Our results are also consistent with Lu and Dosher’s [31]
508 study of contrast detection in experienced observers.
509 Specifically, both our study and theirs indicate that psychomet-
510 ric slopes (“threshold ratios”) are invariant with external noise
511 contrast and are inconsistent with any model (e.g., a simple
512 amplifier without a sensory threshold, intrinsic uncertainty,
513 or nonlinear transduction) in which detectability (specifically,
514 the d 0 metric of signal-detection theory [4]) is proportional to
515 signal contrast. Lu and Dosher fit their results with an approxi-
516 mation to the model described in Section 2, which they called
517 “analytic PTM.” Subsequently, Klein and Levi [9] noted that
518 analytic PTM cannot produce the decrease in psychometric
519 slope that Birdsall proved must accompany the introduction
520 of external noise when γ > 1. Since neither Lu and Dosher’s
521 data nor ours contain any hint of this decrease, both sets of
522 data support a model with linear transduction (i.e., γ � 1),
523 and intrinsic uncertainty (i.e., M > 1). Within the context
524 of our stochastic model, this uncertainty is the only feature
525 capable of producing similarly steep psychometric functions
526 for detection both in the presence and absence of external noise.

5276. CONCLUSIONS AND CAVEATS

528A. Summary of Findings

529We sought evidence in favor of a lowering of sensory threshold
530with practice in a detection task, but found no such evidence.
531Instead, within the framework of signal-detection theory, ac-
532counting for the effects of practice required decreases in both
533additive internal noise and the external noise that passes through
534each microanalyzer. For this model to best fit our data, intrinsic
535uncertainty had to be high and undiminished with practice.

536B. Physiological Instantiation

537Our results do not directly address the question of how practice re-
538duces additive noise or how it improves microanalyzer tuning, but
539these changes could be instantiated physiologically. If each micro-
540analyzer can be considered a pool of noisy neuronswith similar (but
541not identical) receptive fields; then practice may effectively prune
542away some neurons from each microanalyzer. Consequently, the
543microanalyzer would have less intrinsic noise (i.e., the product of
544Aa andNa would decrease), and it would process less external noise
545(i.e., the product of Af and N ext would decrease).
546Of course, if ours were a physiological model, we would
547specify how Aa and Af depend on the number of neurons
548in each microanalyzer, and we might be able to explain all
549the effects of practice with one parameter. However, Lu and
550Dosher [32] reported that the effect of practice on orientation
551identification (in the absence of external noise) for foveal
552stimuli was negligible compared to its effect on orientation
553identification in noise. Thus, a different mechanism seems
554to be responsible for practice effects in the absence of noise,
555when they are found (e.g., outside the fovea).

556C. Conceptual Issues with Signal-Detection Theory

5571. Attention

558It seems unlikely that spatially focused attention is necessary for
559practice to facilitate detection. We know this because observers
560were required to compare the contents in multiple regions of
561the display, all at the same time. Perhaps microanalyzer tuning
562and output variance ordinarily (i.e., in unpracticed observers)
563fluctuate with something more diffuse than spatial attention.
564Maybe “arousal” would be a better term. With practice, observ-
565ers could converge on the appropriate level of this arousal for
566optimum task performance.
567Another piece of evidence against an attentional explanation
568for these practice effects is their incompatibility with uncertainty
569reduction. Although it is not strictly necessary to invoke atten-
570tion in models of intrinsic uncertainty, it does seem implausible
571that observer performances would be affected by Gabor patterns
572that appeared at wildly inappropriate times (e.g., at the end,
573rather than in the middle of a trial) or positions (e.g., anywhere
574in the field other than in one of the four boxes shown in Fig. 3).
575Consequently, we believe it is safe to assume that attention can
576be involved in limiting the number of microanalyzers used for a
577specific task. Nonetheless, it seems clear from our results that
578this number was unaffected by practice.

5792. Multiplicative Noise

580In Section 5.D, we argued that it was reasonable to exclude
581multiplicative noise from our modeling (by setting Nm � 0)

5
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582 because we did not examine suprathreshold contrast discrimi-
583 nation (cf. Appendix D). However, multiplicative noise has
584 been implicated in some detection experiments too. Swets et al.
585 [2] used it to explain the relationship between first and second
586 responses in a 4AFC detection experiment. Solomon, on the
587 other hand, noted that the same results could be explained with
588 intrinsic uncertainty (i.e., M > 1).
589 Burgess and Colbourne [33] invoked multiplicative noise to
590 explain “observer inconsistency,” over several trials in which
591 2AFC detections were limited by identical samples of external
592 noise. Lu and Dosher [17] subsequently rejected an uncer-
593 tainty-based model of detection in noise on the basis of “op-
594 posite demands” on M : large amounts of uncertainty were
595 necessary to explain steep psychometric functions, but small
596 amounts were necessary to explain the largely invariant ratio
597 between percent correct and the probability of agreement on
598 trials with identical samples of external noise.
599 As we did not employ Burgess and Colbourne’s “double-pass”
600 methodology, we have no comparable data to test this notion, but
601 we suspect that the requisite relationship betweenprobability cor-
602 rect and probability of agreement can indeed be obtained with
603 largeM ,whenthenumberof relevantmicroanalyzersK is allowed
604 to exceed 1, a possibility that was not explored by Lu andDosher.
605 Indeed, the practice of fixing the number of microanalyzers rel-
606 evant for each of the m forced-choice alternatives at K � 1 has
607 become so standard that some authors seem to have forgotten
608 it can have other values, e.g., [3,17]; cf. [34].Nonetheless, incon-
609 sistency seems guaranteed to rise withK [35], andwe can be con-
610 fident that this parameter will have an essentially negligible effect
611 on Weibull β, as long as K < M∕100 [10].

612 3. Contrast Gain Control

613 In Section 2.F, we noted that our stochastic model is formally
614 equivalent to a model of contrast-gain-control, when external
615 noise is absent. It is unclear how such a model of contrast-gain-
616 control would behave when external noise is present. Dao et al.
617 [14] examined the behavior of an approximation called
618 “cgcPTM.” It replaces random variables with their expected
619 values or standard deviations, just like analytic PTM (discussed
620 in Section 5.E), to which cgcPTM is formally equivalent.
621 However, the formal equivalence between cgcPTM and ana-
622 lytic PTM does not imply a formal equivalence between the
623 models they approximate. It remains possible that there are
624 some models of contrast-gain-control that are not formally
625 equivalent to our stochastic model.
626 Given any accelerating transducer function (i.e., γ > 1) the
627 psychometric function for detection necessarily gets shallower
628 as the contrast of external noise increases [25]. However, that re-
629 duction in slope may be negligible when performance is limited
630 by additive, internal noise. Baker and Meese [36] implicitly as-
631 sumed this negligibility when they claimed that, “a pure gain con-
632 trol account of masking predicts no change in the psychometric
633 slope because divisive suppression does not affect the form of
634 contrast transduction.” However, no one has yet described
635 how a gain-control circuit would behave without substituting sta-
636 tistics (such asN ext) for individual samples of external noise. This
637 is a critical point, because Klein and Levi [9] demonstrated that
638 the average output of a model with stochastically defined input
639 might deviate qualitatively from the average output of an

640approximation based on the statistics of that input.
641Consequently, we are reluctant to form any conclusions on
642the basis of models that substitute statistics for individual samples
643of external noise [37].
644Watson et al. [38] considered a pure gain-control account of
645noise masking, but they rejected this idea on the basis of a com-
646parison between “random” conditions, in which a unique sam-
647ple of band-passed noise was used in each interval, and “fixed”
648conditions, in which the same sample was used in each interval
649and each trial. After practice, thresholds in the fixed conditions
650were considerably lower, suggesting that observers could retune
651their detection mechanisms to exploit the idiosyncrasies of
652some noise samples.

653D. Other Model Frameworks

654Our data are clearly inconsistent with a model in which practice
655lowers (or eliminates) a sensory threshold for contrast, thereby
656imposing a new sensitivity limit based on one or more sources
657of Gaussian noise. However, it remains conceivable, though
658unlikely, that practice could lower a sensory threshold for con-
659trast, if it also changed the nature of visual noise (i.e., the shape of
660its density). A comprehensive examination of models incorporat-
661ing nonGaussian visual noise is beyond the scope of this paper.
662With sensory thresholds, intrinsic uncertainty, nonlinear
663transduction, and multiplicative noise, our signal-detection
664model is fairly general. However, its homogenous population
665of microanalyzers is not biologically plausible. Real neurons
666have a variety of response characteristics, particularly with re-
667spect to contrast. Indeed, it seems plausible that some neurons
668will reach their maximum firing rate before others have even
669begun to fire, even when both sets of neurons share the same
670receptive field. These two hypothetical sets of neurons can be
671said to form parallel “contrast channels,” and psychophysical
672data have been fit with models containing a heterogeneity of
673mechanisms like this [39,40] The behavior of these models
674in mAFC tasks of discrimination between suprathreshold con-
675trast is quite similar to that of single-channel signal-detection
676models with compressive (or sigmoidal) transduction (see
677Fig. 16 of [41]). It is much harder to predict how these models
678would behave in tasks that are limited by external noise. For
679now, we must consider this to be an open question.

680APPENDIX A: TABLE OF SYMBOLS

681Symbols appear in the first column and definitions in the sec-
682ond. The final column indicates the section in which the sym-
683bol is introduced.
685686cN 687Contrast of each non-target 688§2D
689cS 690Target contrast 691§2D
692N ext 693Amplitude of external noise 694§2D
695m 696Number of alternatives in an mAFC paradigm 697§1¶1
698δ 699Lapse rate 700§1¶1
701A 702Scale parameter in the Weibull distribution 703§3¶3
704Weibull
705β
706Shape parameter in the Weibull distribution 707§3¶3

708d 0 709Signal-detection theory’s sensitivity metric 710§3¶3
711Q 712Gradient of ln d 0 vs ln (cS − cN ) 713§3¶3
714Ψ 715Probability correct in an mAFC paradigm 716§2A
717FX �x� 718CDF for random variable X 719§2A
720(Table continued)
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721722 N723 Random variable representing the maximum signal
724 arising from the M microanalyzers associated
725 with each of the (m − 1) nontargets

726 §2A

727 S728 Random variable representing the maximum signal
729 arising from the M microanalyzers associated
730 with the target

731 §2A

732 N733 Random variable representing the signal arising
734 from each relevant microanalyzer associated with a
735 nontarget

736 §2D

737 S738 Random variable representing the signal arising from
739 each relevant microanalyzer associated with the target
740 §2D

741 I742 Random variable representing the signal arising from
743 each irrelevant microanalyzer
744 §2D

745 M746 Number of microanalyzers associated with each of
747 the m alternatives (a model parameter)
748 §2B

749 K750 Number of relevant microanalyzers sensitive to the
751 target (a model parameter)
752 §2B

753 c754 Sensory threshold (a model parameter)755 §2C
756 b757 Gain (a model parameter)758 §2D
759 γ760 Exponent in the power-law transducer (a model
761 parameter)
762 §2D

763 Nm764 Model parameter governing the relationship
765 between mean and variance in microanalyzer output,
766 after practice

767 §2E

768 N a769 Model parameter specifying the minimum standard
770 deviation of microanalyzer output, after practice
771 §2E

772 Af773 Model parameter governing the effect of practice on
774 microanalyzer tuning
775 §2D

776 Am777 Model parameter governing the effect of practice on
778 multiplicative noise
779 §2E

780 Aa781 Model parameter governing the effect of practice on
782 additive noise
783 §2E

784 APPENDIX B: COMPARING WEIBULL β WITH d 0

785 POWER

786 Figure 7 illustrates the similarity between Weibull fits to the
787 relationship between log contrast and percent correct and linear
788 fits to the relationship between log contrast and log d 0. The
789 relationship described in panel f was used to calculate the
790 right-hand axes in Figs. 2, 4, 5, and 6.

791APPENDIX C: FURTHER ILLUSTRATIVE
792SIMULATIONS

793Figure 8 illustrates the outcome of various alternative models
794for the effect of practice. The layout is identical to that of Fig. 2.
795Whereas Fig. 2 illustrated reductions in sensory threshold, ad-
796ditive noise, and filter bandwidth in the absence of uncertainty
797(i.e., M � 1) and nonlinear transduction (i.e., γ � 1), Fig. 8
798illustrates their reduction with uncertainty (M � 100; panels
799a–d), nonlinear transduction (γ � 2.4; panels e–h), and both
800(M � 100, γ � 2.4; panels i–l). In all cases, reducing the sen-
801sory threshold causes a reduction in the slope of psychometric
802functions for detection in the absence of noise.

803APPENDIX D: PSYCHOMETRIC FUNCTIONS
804FROM A REPRESENTATIVE OBSERVER, WITH A
805MAXIMUM-LIKELIHOOD MODEL FIT

806RHDS was the first of nine observers to complete five days of
807testing. Figure 9 contains all the raw data he generated on Days

(a) (b)

(d) (e)

(f)

(c)

F7:1Fig. 7. Relationship between Weibull β and d 0 power. Each curve in
F7:2panels a–e is a Weibull function of log contrast [Eq. (9)]. It was gen-
F7:3erated with parameter valuesm � 4, δ � 0, and α � 0.1. The value for
F7:4β is indicated at the top of the panel. Over the range of values illustrated
F7:5in each panel, the curve is well fit by a straight line (i.e., a constant d 0

F7:6power). Panel (f ) summarizes the relationship between d 0 power and β.

(a) (b)

(c) (d)

(e) (f)

(g) (h)

(i) (j)

(k) (l)

F8:1 Fig. 8. More values for threshold and slope from Weibull fits to simulated data from detection and detection-in-noise conditions. Each group of
F8:2 four panels (a)–(d), (e)–(h), and (i)–(l) has the same arrangement as Fig. 2. In panels (a)–(d),M was fixed at 100 (and γ was fixed at 1). In panels (e)–
F8:3 (h), γ was fixed at 2.4 (and M was fixed at 1); in panels (i)–(l), M was fixed at 100 and γ was fixed at 2.4. Unless specified in the legends, the other
F8:4 parameter values were: δ � 0.01, K � 1, Nm � 0, c � −∞, Aa � 1, Af � 1, b � 11, and N a � βγ∕103.5.
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808 1 (top row) and 5 (bottom row). Figure 10 contains maximum-
809 likelihood estimates of RHDS’s threshold and slope from all
810 days, along with a fit of the model.
811 Although RHDS was a typical observer in most respects (in-
812 deed, his detection thresholds were very close to the median
813 values depicted in Fig. 5), he did produce the lowest lapse rates
814 (δ) in our data set. His data were also noteworthy because maxi-
815 mum-likelihood estimates of Weibull β were consistently
816 higher in the noise conditions than they were in the no-noise
817 conditions. Although no combination of our model parameters
818 is capable of reproducing this feature, it was not apparent in the
819 data from any of the other observers.
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