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Abstract 20 
Recall of visual features from working memory varies in both bias and precision depending on 21 
stimulus parameters. While a number of models can approximate the average distribution of 22 
recall error across target stimuli, attempts to model how error varies with the choice of target 23 
have been ad hoc. Here we adapt a neural model of working memory to provide a principled 24 
account of these stimulus-specific effects, by allowing each neuron’s tuning function to vary 25 
according to the principle of efficient coding, which states that neural responses should be 26 
optimised with respect to the frequency of stimuli in nature. For orientation this means 27 
incorporating a prior that favours cardinal over oblique orientations. While continuing to capture 28 
the changes in error distribution with set size, the resulting model accurately described stimulus-29 
specific variations as well, better than a slot-based competitor. Efficient coding produces a 30 
repulsive bias away from cardinal orientations — a bias that ought to be sensitive to changes in 31 
the environmental statistics. We subsequently tested whether shifts in the stimulus distribution 32 
influenced response bias to uniformly sampled target orientations in human subjects (of either 33 
sex). Across adaptation blocks we manipulated the distribution of non-target items by sampling 34 
from a bimodal congruent (incongruent) distribution with peaks centred on cardinal (oblique) 35 
orientations. Pre-adaptation responses were repulsed away from the cardinal axes. However, 36 
exposure to the incongruent distribution produced systematic decreases in repulsion that 37 
persisted post-adaptation. This result confirms the role of prior expectation in generating 38 
stimulus-specific effects and validates the neural framework.  39 
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Significance Statement 40 
Theories of neural coding have been used successfully to explain how errors in recall from 41 
working memory depend on the number of items stored. However, recall of visual features also 42 
shows stimulus-specific variation in bias and precision. Here we unify two previously 43 
unconnected theories — the neural resource model of working memory and the efficient coding 44 
framework — to provide a principled account of these stimulus-specific effects. Given the 45 
importance of working memory limitations to multiple aspects of human and animal behaviour, 46 
and the recent high-profile advances in theories of efficient coding, our modelling framework 47 
provides a richer, yet parsimonious, description of how orientation encoding influences visual 48 
working memory performance.  49 
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Introduction 50 
Recent investigations into the nature of working memory representations have focused on the 51 
empirical distributions of error observed in analogue recall tasks. Different theoretical models 52 
have been put forward that reproduce these patterns of error with varying degrees of success 53 
(Bays, Catalao, & Husain, 2009; Bays, 2014; Fougnie, Suchow, & Alvarez, 2012; Oberauer & 54 
Lin, 2017; van den Berg et al., 2012; Zhang & Luck, 2008; van den Berg, Awh, & Ma, 2014). 55 
However, all these models have shared the assumption that there is no stimulus-specific 56 
variation in the fidelity of stored feature values, e.g. that the distribution of recalled orientations 57 
around the true target orientation is the same regardless of whether the target is vertical, 58 
horizontal or oblique. 59 
In contrast, empirical studies have reported stimulus-specific variations in the recall of colors 60 
(Bae et al., 2014; Hardman, Vergauwe, & Ricker, 2016) and orientations (Pratte et al., 2017). In 61 
particular, variations in orientation recall mimic psychophysical findings showing superior 62 
discrimination for cardinal orientations over obliques (Appelle 1972; Girshick, Landy, & 63 
Simoncelli, 2011), and response biases away from cardinal axes (Gardelle, Kouider, & Sackur, 64 
2010; Tomassini, Morgan, & Solomon, 2010). These perceptual anisotropies are thought to 65 
arise from inhomogeneities in the organisation of orientation selective neurons, providing a 66 
putative biological basis for stimulus-specific variation. Comparatively, current efforts to 67 
accommodate stimulus-specific effects within models of visual working memory have relied 68 
upon ad hoc amendments to existing model frameworks (the slots-plus-averaging model in 69 
Pratte et al., 2017; a multinomial processing tree (MPT) model in Hardman et al., 2016). Though 70 
these modifications provide improvements in model fit, they are unable to explain the 71 
mechanistic processes that underlie stimulus-specific variability. 72 
One successful model of working memory errors is based upon principles of neural population 73 
coding, a fundamental process that underlies the representation of sensory information 74 
throughout cortex (Pouget, Dayan, & Zemel, 2000, 2003). The model describes an input-output 75 
system whereby feature information is first encoded in the noisy firing of a population of feature 76 
selective neurons and later decoded by reconstructing feature values from the evoked spiking 77 
activity. This framework provides an accurate description of empirical error distributions across 78 
set size manipulations (Bays, 2014, 2015), and an improvement over slot-based accounts that 79 
model response distributions as a mixture of memory-based and guessing processes (Luck & 80 
Vogel, 1997; Zhang & Luck, 2008). It has subsequently provided principled explanations for the 81 
presence of swap errors (Schneegans & Bays, 2017) and the effects of retrospective attention 82 



 

5  

(Bays & Taylor, 2018) in analogue recall tasks. However, despite providing a biologically 83 
plausible mechanism for recall errors, the assumption that features are encoded in a 84 
homogeneous population of neurons means it, too, is incapable of capturing stimulus-specific 85 
variations in recall. 86 
Here our goal was to provide a principled account of stimulus-specific effects in analogue recall 87 
of orientations. Our approach builds on recent theoretical work that has shown how the stimulus 88 
distribution ought to constrain the encoding and decoding stages of sensory processing 89 
(Ganguli & Simoncelli, 2014; Wei & Stocker, 2015), based on the principle of efficient coding 90 
which states that neurons are optimized to represent stimuli as they occur in the natural 91 
environment (Barlow 1961). It is well established that cardinal orientations occur more 92 
frequently than obliques in naturalistic settings (Hansen & Essock, 2005; Girshick, Landy, & 93 
Simoncelli, 2011). Given a parametric description of this distribution it can then be integrated 94 
within the population coding framework. This permits the derivation of efficient population codes 95 
that allow us to capture variations in both precision and bias in analogue recall tasks. 96 
Materials and Methods 97 
In this section we detail three existing continuous report studies to which we fit the neural 98 
resource model with the aim of validating the efficient coding account. Efficient coding produces 99 
a predictable pattern of response bias that ought to be sensitive to changes in the 100 
environmental statistics: we subsequently describe a separate experimental study that was 101 
designed to test whether responses biases indeed shift in the predicted fashion when changes 102 
are made to the stimulus distribution. 103 
Data Sets & Analyses The continuous report task requires observers to reproduce 104 
remembered stimulus features on an analogue response scale. For the continuous report of 105 
orientation, the general procedure starts by presenting an array of oriented items to be 106 
remembered, which is then followed by a blank retention interval. During the test phase a probe 107 
display is presented that indicates which item in memory should be reproduced. The observer 108 
then uses the specified response format to rotate the probe item so that it matches the original 109 
stimulus orientation that was presented at the indicated array location. We fit data from three 110 
continuous report experiments, consisting of one data set from our own laboratory (Bays, 2014), 111 
and two data sets that have been made available by the authors (Pratte et al., 2017; van den 112 
Berg et al., 2012). 113 
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The procedural details varied across each study and are laid out in Table 1 (for further details 114 
the reader is referred to the Methods sections of the original studies). We note that in order to 115 
reduce computation time we considered only a limited number of set sizes from the data set. 116 
For all analyses the range of possible orientations  was mapped onto the circular 117 
space  radians. Response error was defined as the angular deviation between the 118 
orientation reported by the participant and the correct target orientation. We calculated recall 119 
bias as the circular mean of response error, and recall precision as the reciprocal of the squared 120 
circular standard deviation, , as in (Bays, 2014). 121 
To visualise the stimulus-specific effects we estimated bias and precision at 50 equally spaced 122 
points (bin centres) along the orientation dimension. To measure each effect we calculated the 123 
weighted circular mean and standard deviation (converting to precision), with weights 124 
determined by centering a von Mises kernel on each of the 50 points. In general, the raw bias 125 
curves were nosier, so we chose broader bandwidths for smoothing the bias functions (s.d. of 126 
kernel,  = .61) compared to the precision functions (  = .23). The smoothing procedure was 127 
applied for each observer separately. Plotted curves reflect the group means, with shaded 128 
regions corresponding to 1 SE. Note that all model fitting used raw response data and not the 129 
smoothed data described here. 130 
 131 
Neural Resource Model The neural resource model was originally instantiated using a 132 
homogeneous population of tuning functions, such that each function shared a fixed width and 133 
was translated along the feature dimension at even intervals (Bays 2014). The key difference 134 
here is that we allow each neuron’s tuning function to vary in accordance with the principle of 135 
efficient coding. To do so, we first require a prior distribution that reflects how orientations are 136 
distributed in nature. We used a bi-modal distribution that peaked at the cardinal orientations. 137 
This form provides a good approximation to the distribution of orientations derived from analysis 138 
of natural images (Girshick, Landy, & Simoncelli, 2011; Wei & Stocker, 2015), and was defined 139 
as follows: 140 

 

In previous work, we assumed a homogeneous population of  neurons with selective 141 
orientation tuning. The average response of the  neuron, with preferred orientation , was 142 
described by a von Mises tuning function 143 
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where  defines the total population gain, and  sets the width of each function. The preferred 144 
orientations for each neuron, , were evenly spread throughout the orientation range to provide 145 
a dense uniform coverage. Recall that the principle of efficient coding states that sensory 146 
representations should be optimised with respect to the distribution of orientation in nature. 147 
Under the assumption that orientations are uniformly distributed then the homogeneous 148 
population described above would be efficient. For non-uniform stimulus distributions, a 149 
configuration is required that ensures the mutual information between the external stimulus and 150 
the internal measurement is maximised. As shown by (Ganguli & Simoncelli, 2014; Wei & 151 
Stocker, 2015), we can approximate this optimal solution by redistributing the tuning functions 152 
using the cumulative distribution function (CDF) of the prior: 153 

 

where . The resultant warping of the homogeneous population satisfies the 154 
requirement that the cellular density be redistributed so that a greater proportion of the 155 
population is now devoted to encoding cardinal orientations. Additionally, the tuning functions of 156 
neurons selective for cardinals are also narrower. We refer to  as the basis tuning width which 157 
denotes the shared width of the homogeneous tuning functions from which the heterogeneous 158 
population is derived. 159 
Divisive normalisation (Carandini & Heeger, 2012) further scales the population activity based 160 
upon the total number of memoranda, . For large, homogeneous, neural populations (i.e., 161 
large ) the summed population activity  is independent of stimulus orientation. Under 162 
these conditions population activity may be normalised by the number of items presented on 163 
each trial to capture the effect of set size error distribution width. Conveniently, this fact remains 164 
true even after warping the functions: the heterogeneity in tuning functions can be viewed as a 165 
remapping of stimulus value  in the heterogeneous population (Eq 3) to a new stimulus value 166 

 in the homogeneous population (Eq 2). Because summed population activity is constant 167 
for all  it must also be constant for all . This permits divisive normalisation to proceed in 168 
exactly the same fashion as for the homeogeneous population. Accordingly, the post-169 
normalisation firing rate of each neuron may be written as follows: 170 
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Spiking activity was modelled by a homogeneous Poisson process such that the probability of 171 
the  neuron generating  spikes in time  was 172 

 

The population response is defined by the population vector . Accordingly, 173 
the likelihood of  with respect to  may be written as: 174 

 

Without loss of generality the decoding interval  was fixed to unity. 175 
In accordance with Bayesian theories of perception (Knill & Richards, 1996), we assume that 176 
the resulting efficient internal measurements are subsequently weighted by how frequently 177 
specific orientations occur in nature. The integration of these two sources of information yields a 178 
percept that reflects the visual system’s best estimate of the originally presented orientation. To 179 
decode feature values from the population response  we estimated the posterior mean 180 

 

where  is the stimulus prior, as defined by Equation 1. We set the population size to 181 
, leaving only the population gain, , and the tuning curve width, , as free parameters. 182  183 

Slots-plus-Averaging Model The slots-plus-averaging model (Zhang and Luck 2008) 184 
proposes that item features are stored in a fixed number of memory slots, . Each slot holds a 185 
single item feature with a fixed precision, but slots are treated as a quantised resource that is 186 
distributed as evenly as possible between array items, . Item precision can be improved by 187 
storing and averaging across multiple copies of the same item. 188 
Here, for consistency we follow by equating precision with the concentration of a von Mises 189 
distribution — an approximation that actually holds true only in the limit of high concentrations, 190 
in which case the von Mises distribution approximates a Gaussian and concentration becomes 191 

. Each item can receive one of two possible numbers of slots:  or , 192 
where  denotes the floor function. Given a set size of , the effect of averaging is 193 
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approximated by using a single von Mises distribution with a concentration  which is based 194 
upon the weighted average of the  and  concentration parameters 195 

 

where  determines the probability with which an item is allocated  slots, and  is 196 
the precision for a single slot (again, this approximation holds true only in the limit of high 197 
concentrations). When  then some number of items will not have access to memory. For 198 
such items, all information is lost. Should one of the non-memory items be probed, individuals 199 
are assumed to generate random responses, the proportion of which is determined by the 200 
guess rate . 201 
made the following modifications to allow the slots-plus-averaging model to capture stimulus 202 
specific effects. To accommodate the effect on precision,  was allowed to vary across 203 
orientation values using the following function: 204 

 

where  is a free parameter that controls the strength of modulation. To capture the effects on 205 
bias, the mean of the response distribution  was allowed to vary by introducing the following 206 
function: 207 

 

where  is a free parameter that determines the direction and magnitude of the response bias. 208 
The complete response distribution for the slots-plus-averaging model is thus 209 

 

In total the slots-plus-averaging model requires estimation of four parameters: , the number of 210 
slots; , the precision of a single slot; , the magnitude of variation in precision; and , the 211 
amplitude of bias. 212  213 
Model Fitting & Comparisons Maximum likelihood estimation proceeded via a grid 214 
search across each model’s parameter space. For the neural resource model we searched a 215 
100  100 grid with  ranging from .1 to 10 (in .1 steps) and  taking integer values between 1 216 
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and 100. For each parameter combination we used Monte Carlo methods to approximate the 217 
response distribution . We first defined the vector  which represented 218 

 discrete and evenly spaced target orientations in the interval . For each element in 219 
 we simulated  model responses, where the posterior mean (Equation [eq: posterior]) was 220 

based upon values calculated at  evenly spaced points. We next obtained the response 221 
distribution  by calculating a histogram estimate based on  equally 222 
spaced bins. Model predictions were thus defined by an  stimulus-by-response matrix, 223 
with one matrix specified for each set size, . Observer responses were binned in the same 224 
way. The model was compared to each observer’s data separately and the best fitting 225 
parameters found by maximising the sum of the log-likelihood, 226 

 

Grid search for the slots-plus-averaging model involved searching a four dimensional array with 227 
 taking integer values between 1 and 10,  ranging from .1 to 10,  ranging from –1 to 1, and 228 
 ranging from 0 to 1, each incremented in .1 steps. The likelihood was evaluated at the same 229 

points in the stimulus-response space, , for each parameter combination, using Equation 11. 230 
The model was fit to each observer dataset individually and the best fitting parameters found by 231 
maximising the sum of the log-likelihood,  232 

 

Formal model comparison proceeded via assessment of the Akaike Information Criterion (AIC). 233 
The AIC quantifies fit by first assessing the model deviance and then applying a penalty term 234 
that adjusts for model complexity. Formally, AIC , where  is the number of free 235 
parameters. 236 
For visual comparisons of the predictions made by the neural resource model to the observer 237 
response data we simulated model predictions again based on the maximum likelihood 238 
parameters. We selected 100 evenly spaced points along the orientation dimension 239 
corresponding to different possible target values, and generated response distributions for each 240 
value by simulating  model responses — i.e., decoded feature values. We then produced 241 
smaller data sets by randomly sampling values from each of the simulated response 242 
distributions. The number of samples drawn from each distribution was matched to the average 243 
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number of responses per binned target value in the empirical data. This is important because 244 
estimates of precision in particular are influenced by the number of samples available. Finally, 245 
for each of the 100 random samples — i.e., for each target value — we calculated the circular 246 
mean and standard deviation (converting the latter to precision), thus yielding 100-point bias 247 
and precision curves. For each observer, the resampling procedure was repeated 500 times 248 
and averaged to generate subject-level predictions. The displayed model fits reflect the group-249 
averaged functions. All model simulations, model fitting, and analyses were carried out using R 250 
(R Core Team, 2016). 251 
Experimental Procedure A total of 16 participants (11 female, 5 male; aged 18–31 years) 252 
took part in the study after providing informed consent, in accordance with the Declaration of 253 
Helsinki. All subjects had normal or corrected-to-normal visual acuity. Stimuli were presented on 254 
an LCD monitor (45 cm  28 cm) with a refresh rate of 60 Hz. Observers were positioned 60 cm 255 
from the screen with their head supported by a chin and forehead rest. Eye position was 256 
monitored online at 1000 Hz using an infra-red eye tracker (Eyelink 1000, SR Research). Each 257 
participant took part in one of two experiments, described below. 258 
In Experiment 1A (incongruent distribution; 8 participants), trials began with the presentation of 259 
a central white fixation dot (0.25° of visual angle) and eight evenly spaced light grey dots 260 
arranged around the circumference of an imaginary circle (radius 6° against a gray background. 261 
Upon establishing a stable fixation within 2° of the fixation dot, a sample array consisting of four 262 
oriented white bars (1.5°  0.1°) was presented for 500 ms (Figure 5A). Bar positions were 263 
randomly chosen from the set of eight locations. The bars were then removed for 1 s, after 264 
which a probe bar with a random orientation was presented in one of the previously occupied 265 
locations, randomly chosen. Subjects used the mouse to reorient the bar so it matched the 266 
remembered orientation of the item previously presented at the same location (the target). 267 
Responses were self-paced and registered by clicking the mouse button. Subjects were 268 
instructed to be as precise as possible. Trials where gaze deviated more than 2° from fixation 269 
were aborted and a new sample array presented. 270 
Each participant completed a total of 576 trials, split into 8 blocks of 72 trials each. These were 271 
defined as pre-adaptation (block 1), adaptation (blocks 2–7), and post-adaptation (block 8). In 272 
all blocks, target orientations were sampled uniformly at random from the full range of possible 273 
orientations [-90°, 90°). During pre- and post-adaptation blocks, non-target orientations were 274 
also uniformly sampled; however, during adaptation blocks, non-target orientations were 275 
sampled from a bimodal stimulus distribution with peaks centred on the oblique orientations (-276 
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45° and 45°). Specifically, the probability density was proportional to  for orientation 277 
, i.e. opposite to the distribution of orientations in natural images (Girshick, Landy, & 278 

Simoncelli, 2011). Experiment 1B (congruent distribution; 8 participants) was identical to 279 
Experiment 1A except for the non-target sampling distribution on adaptation trials, which was a 280 
bimodal distribution with peaks centred on the cardinal orientations (0° and 90°). The probability 281 
density was proportional to  for orientation , i.e. matching the distribution of 282 
orientations in natural images. After completion of all experimental sessions participants were 283 
asked whether they had noticed any orientations occurring more, or less, frequently during the 284 
adaptation blocks. None of the participants reported noticing any changes. 285 
Experimental Analysis To minimise the contribution of noise in estimating response bias 286 
we fit a contamination model to the data (Kennedy et al., 2017). The model assumes that 287 
circular random variables can be captured by a von Mises distribution, though some proportion 288 
of the data may reflect contaminant responses that arise from another generative process. To 289 
allow for this possibility we included a uniform contaminant distribution and modelled the data as 290 
a mixture of these two distributions. It is important to make a clear distinction between statistical 291 
and psychological models. Mixture models of the type described above are often used to 292 
decompose data into components that are associated with some putative psychological process 293 
or operation. In the present case, however, the model is strictly a statistical approach to 294 
reducing noise in the data, and we place no psychological interpretation on the model 295 
parameters. 296 
To capture the effects of response bias we allowed the mean of the von Mises distribution to 297 
systematically vary along the orientation dimension. Accordingly, for each participant we defined 298 
response error from the  target orientation on trial  as  and modelled recall 299 
errors in the following way 300 

 

where  is the von Mises density function,  is the mixture weight,  is the von Mises 301 
concentration parameter, and . The bias parameter  controls the direction and 302 
magnitude of the bias as a function of target orientation. Positive  values indicate a repulsive 303 
bias from the cardinals, or attractive if the values are negative (  is equivalent to evaluating 304 
all errors under a zero-centred von Mises distribution). Fitting the model simply involved 305 
maximisation of the summed log likelihood , with  306 
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denoting the number of trials completed within each block. We used a Nelder-Mead simplex to 307 
find the best fitting parameters values (via R’s optim function), initiating searches from 100 308 
random starting points, and fitting the individual data for each block separately. 309 
All statistical analyses were implemented using linear mixed-effects models and the lme4 310 
package in R (R Core Team, 2016). To determine whether there was any effect on bias across 311 
the adaptation blocks we first fit a linear mixed-effects model to the by-block parameter 312 
estimates that included only by-subject random intercepts and slopes. This null model was then  313 
compared with an augmented model that included block as a fixed effect. Model comparison 314 
proceeded via  tests on the model log-likelihoods. Evaluation of interactive effects between 315 
sampling distribution conditions — treating experiment and block as fixed effects and including 316 
by-subject random intercepts — was based on Type III Wald  tests with Kenward-Roger 317 
degrees of freedom approximation. 318 
Results 319 
Our modelling framework assumes that feature information is represented in the spiking of 320 
orientation-selective neurons via a population code. The total activity dedicated to encoding 321 
memory items is fixed (normalised) across changes in set size. In previous work (Bays, 2014; 322 
Schneegans & Bays, 2017), the tuning functions that relate stimulus feature values to each 323 
neuron’s spiking probability have been homogeneous, i.e. fixed in width and shape, and evenly 324 
distributed across the feature space. Here, we allow each neuron’s tuning function to vary in 325 
accordance with the principle of efficient coding, which states that sensory systems ought to 326 
devote more resources to features that occur with higher probability (Barlow, 1961). We used a 327 
bi-modal stimulus distribution that peaked about the cardinal orientations to derive such a 328 
population and decoded feature information from the population activity using Bayesian 329 
inference, where the stimulus distribution acted as the prior distribution (Figure 1; see Methods 330 
for details). 331 
We fit the neural resource model to three existing continuous report data sets (Bays, 2014; 332 
Pratte et al., 2017; van den Berg et al., 2012). Each study presented arrays of oriented stimuli 333 
and required observers to reproduce the orientation of a probed stimulus (the target) on a 334 
continuous scale (see Methods for details). We first note that the mean distribution of recall 335 
errors (averaged across target orientations) displayed a typical set size effect in each study, 336 
becoming progressively broader as set size increased (Figure 2A, data points). Furthermore, as 337 
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noted in previous studies, the average error distributions did not follow the familiar normal 338 
distribution, but rather were leptokurtic, i.e. they had sharp peaks and long tails. These features 339 
of the error distributions were successfully captured by the neural resource model, as in 340 
previous work (Figure 2A, solid lines). 341 
We next examined how recall bias and precision varied with orientation of the target item. We 342 
found that responses were systematically biased away from the cardinal axes (0° and 90°) 343 
towards the obliques (45° and -45°; Figure 3A, lighter lines). These results are qualitatively 344 
consistent with biases previously reported in psychophysical tasks (Gardelle, Kouider, & Sackur, 345 
2010; Tomassini, Morgan, & Solomon, 2010). Critically, the predictions of the neural resource 346 
model, incorporating the prior from natural images, accurately reproduced these patterns of bias 347 
(Figure 3A, darker lines).  348 
Within each set size, recall precision was markedly better for cardinal orientations than for 349 
obliques (Figure 3C, lighter lines). This effect was most pronounced within the smaller set size 350 
conditions and attenuated for larger item arrays. The neural resource model provided a very 351 
good description of these variations in precision (Figure 3C, darker lines). Finally, there was a 352 
good deal of consistency in performance across all observers, despite there being 353 
methodological differences amongst the studies. This is evident in the relative consistency of 354 
model parameter estimates obtained for all observers (Figure 4A). Note that all the features of 355 
the data reported above were reproduced with only two model parameters: there were no 356 
parameters specifically related to the stimulus-specific variations in bias and precision, as these 357 
were a consequence of the non-uniform prior distribution, which was derived from natural 358 
images. 359 
 360 
Comparison with a discrete capacity model 361 
We contrasted the predictions made by the neural resource model with a recent extension of the 362 
slots-plus-averaging model. This is an example of a discrete capacity model in which visual 363 
items are stored in a small set of independent “slots” each of fixed precision (Zhang & Luck, 364 
2008). In this model, more than one slot can be allocated to a single item, in which case the 365 
brain holds multiple independent representations of the same visual object, which are averaged 366 
together at recall to increase precision. Yet, even with this resource-like mechanism, discrete 367 
capacity models have typically fared poorly in reproducing empirical data compared to models 368 
based on allocation of a unitary continuous resource (Bays, Catalao, & Husain, 2009; van den 369 
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Berg et al., 2012; van den Berg, Awh, & Ma, 2014; Bays, 2014; Fougnie, Suchow, & Alvarez, 370 
2012; Schneegans & Bays, 2016; Bays & Taylor, 2018). 371 
To model the effects of stimulus-specific variation, Pratte and colleagues merely approximated 372 
the effects using trigonometric functions chosen for their ability to describe the biases and 373 
precisions observed in the data (see Methods; Pratte et al., 2017). Predictions of the slots-plus-374 
averaging model for mean error distributions are shown in Figure 2B. While the model 375 
quantitatively reproduced the decline in precision with set size, it notably underestimated the 376 
peakedness of the error distribution, particularly at smaller set sizes. Fits to stimulus-specific 377 
bias and precision are shown in Figures 3B & D. A consequence of efficient coding in the neural 378 
resource model is that bias and precision necessarily covary: one cannot be changed without 379 
affecting the other. In contrast, the extended slots-plus-averaging model permits bias and 380 
precision to vary independently, but is constrained in that it predicts the same degree of 381 
response bias for every set size. This simplification led to poorer overall fits to observer bias 382 
(Figure 3B): the model predicted a much larger degree of bias for smaller set sizes than was 383 
observed in the data, fitting only the larger set sizes with any degree of accuracy. In 384 
comparison, the neural resource model predicts an increase in response bias with set size, 385 
which seemingly allowed the model to better match the observed variation in bias magnitude 386 
across set sizes. 387 
The extended slot-plus-averaging model also failed to accurately capture the magnitude of 388 
stimulus-specific variations in precision (Figure 3D). Individual differences between model fit 389 
statistics revealed a clear preference for the neural resource model: out of the 26 individual fits, 390 
19 observers were better fit by the neural model (73%; summed AIC = -943.78; Figure 4B). 391 
The extended slot-plus-averaging model has four free parameters, of which two were included 392 
to capture stimulus-specific variation in bias and precision. Note that we could have compared 393 
models using the Bayesian Information Criterion (BIC), as in Pratte et al. (2017), but we chose 394 
to use AIC as it penalises model complexity less harshly, and so is more generous to the slots-395 
plus-averaging model. 396 
In addition to slots-plus-averaging and variable precision models, also considered a “hybrid 397 
model” that allowed the precision of individual slots to vary stochastically across trials. 398 
According to their description, the precision of each slot varies according to a Gamma 399 
distribution, the mean of which varies as a function of set size. We found this account 400 
theoretically incoherent and antithetical to the slot concept and so did not consider this model an 401 
appropriate candidate for comparison. The original idea underlying the “slot” model (Luck & 402 
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Vogel, 1997) was that a fixed number of items could be stored in working memory, all with a 403 
fixed high resolution. This concept was later weakened by who, in an attempt to account for the 404 
effects of set size on precision (Palmer 1990; Wilken & Ma, 2004; Bays & Husain, 2008), 405 
allowed slots to act as a quantised resource that could be shared out between items. However, 406 
the precision of each slot remained fixed. If the fidelity of a slot were now to be allowed to vary 407 
from moment to moment (or even as a function of set size), as propose, then it would mean the 408 
slot concept had been abandoned in all but name. 409 
 410 
Experimental validation of model predictions 411 
The results above indicate that the neural resource model, equipped with efficient coding, was 412 
able to capture many characteristics of human recall error. This in part relies on the fact that 413 
efficient coding principles can lead to biases that seemingly violate Bayesian predictions (Wei & 414 
Stocker, 2015). Bayes theory tells us that when there is uncertainty about a stimulus based on 415 
current evidence, we should base our decision to a greater extent on prior expectations (Knill & 416 
Richards, 1996). Typically, this means biasing estimates of a stimulus feature towards values 417 
that our experience tells us occur most frequently: for orientation this suggests that responses 418 
should be attracted towards the cardinal axes. Yet, in many instances, as here, the opposite is 419 
observed (Gardelle, Kouider, & Sackur, 2010; Tomassini, Morgan, & Solomon, 2010). 420 
Nonetheless, the efficient coding account asserts that these seemingly “anti-Bayesian” biases 421 
are a consequence of incorporating the environmental distribution of stimuli into the neural 422 
code. 423 
Specifically, these biases are a consequence of the redistribution of tuning functions towards 424 
the cardinal orientations, which results in greater uncertainty in decoding oblique than cardinal 425 
orientations. Consider a stimulus deviated a little clockwise of vertical: because tuning functions 426 
are steep and densely packed close to the vertical, the deviation of the stimulus away from 427 
vertical can be discriminated very precisely. In the other direction, towards the nearest oblique 428 
angle (45° clockwise of vertical), tuning curves are shallower and sparser, meaning there is 429 
greater uncertainty regarding the stimulus in this direction (technically, the likelihood distribution 430 
is skewed, with a longer tail in the oblique direction). The result is that a point estimate of the 431 
stimulus will be biased away from the vertical, and this effect may be strong enough to outweigh 432 
the bias towards the vertical induced by the Bayesian prior (Wei & Stocker, 2015). 433 
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If anti-Bayesian biases are indeed a result of adaptation to the stimulus environment, a very 434 
testable prediction follows: changing the environmental statistics should produce predictable 435 
shifts in response bias. Specifically, if an environment is created where, contrary to our usual 436 
experience, oblique orientations are most frequently encountered, then, after some period of 437 
time, responses should become repulsed away from oblique axes. To evaluate this hypothesis 438 
we conducted two experiments that assessed whether repulsive response biases persisted 439 
when observers were exposed to a stimulus environment that was either consistent with the 440 
natural distribution of orientation, or opposed to it (see Methods for details). 441 
Specifically, observers completed an orientation reproduction task in which they were required 442 
to remember arrays of four white bars (Figure 5A). Throughout six adaptation blocks we 443 
manipulated the distribution of non-target array items by sampling from one of two bimodal 444 
distributions: an incongruent distribution with peaks centred on oblique orientations and a 445 
congruent distribution with peaks centred on cardinal orientations. During pre- and post-446 
adaptation blocks, the non-target distribution was uniform (Figure 5B). We measured response 447 
biases for uniformly sampled target orientations presented over the eight blocks of trials. By 448 
manipulating only the distribution from which non-targets were sampled, we were able to 449 
measure response bias for feature values located along the entire orientation dimension while 450 
systematically altering the context in which target items were presented. 451 
 452 
Experiment 1A: Incongruent distribution We first assessed whether changes in the 453 
frequency of non-target orientations had an effect on bias estimates across adaptation blocks. 454 
Considering first the case where non-target orientations were sampled from the incongruent 455 
distribution, there was an observable attenuation in the strength of repulsion away from the 456 
cardinal axes across adaptation blocks (slope = –0.034  0.01; (1) = 6.63, p = 0.01; Figure 457 
5C, left panel). Critically, when the uniform sampling distribution was reintroduced post-458 
adaptation the observed shrinkage in repulsion persisted, differing significantly from pre-459 
adaptation levels of bias (t(7) = 2.72, p = 0.029, d = 0.96; Figure 5D). This change is consistent 460 
with the development of an increasing repulsive bias away from oblique orientations and 461 
suggests that subjects successfully integrated the changes in local orientation statistics. 462 
 463 
Experiment 1B: Congruent distribution In comparison, when non-target orientations were 464 
predominantly cardinal, response biases were virtually invariant across adaptation blocks (slope 465 
= 0.009  0.01; (1) = 0.41, p = 0.52; Figure 5C, right panel). There was no reliable difference 466 
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between bias observed before and after adaptation (t(7) = 1.01, p = 0.343, d = 0.36). As 467 
predicted by theory, consistency between local orientation statistics and the distribution 468 
assumed by the visual system resulted in very little change in response bias. Comparing across 469 
experiments, pre- and post-adaptation biases exhibited a reliable distribution-by-block 470 
interaction effect (F(1, 14) = 7.32, p = 0.017), confirming that congruent and incongruent 471 
adaptations have different effects on bias. 472 
Discussion 473 
We have presented an extended neural resource model that offers a principled explanation for 474 
the presence of stimulus-specific variation in orientation recall. Critically, achieving this result 475 
required only that the model know how orientation is distributed in nature, thus requiring no 476 
additional parameters to accommodate stimulus-specific effects. Fitting the model to data from 477 
three previous studies, we found it accurately reproduced observed changes in bias and 478 
precision with target orientation, and the modulating effects of set size on each measure, while 479 
still capturing observations from stimulus-averaged data such as the change of width and shape 480 
of error distributions with set size. 481 
The model was then critically evaluated by testing how observers adapted to changes in the 482 
distribution of orientation. Despite the fact that biases in recall were seemingly in the wrong 483 
(“anti-Bayesian”) direction to have arisen from the influence of a prior, we found that they were 484 
altered by exposure to a new stimulus distribution in exactly the manner predicted by the 485 
efficient coding framework. Numerous studies have shown adaptation of Bayesian priors to 486 
changed stimulus environments occurring over short time scales (Adams, Graf, & Ernst, 2004; 487 
Berniker, Voss, & Körding, 2010; Körding & Wolpert, 2004; Chalk, Seitz, & Seriès, 2010). 488 
However, if adaptation were solely confined to the Bayesian decoding stage then we would 489 
predict an increase in repulsion from the cardinals relative to pre-adaptation levels (in the 490 
incongruent condition). The fact that we instead observed a decrease in repulsion suggests that 491 
the tuning functions of the encoding population must also have been adapted to the change in 492 
stimulus distribution. Rapid changes in tuning functions have been documented in visual 493 
neurons in response to adaptor stimuli presented in a cell’s receptive field (e.g., Kohn & 494 
Movshon, 2004; Müller, Metha, Krauskopf, & Lennie, 1999), but the kind of global adaptation of 495 
population tuning structure to reflect a new stimulus environment indicated by the present 496 
results has, to our knowledge, not been observed neurophysiologically. Nonetheless, our 497 
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experimental results not only corroborate the proposed neural framework, but they lend further 498 
weight to the efficient coding hypothesis more generally. 499 
The neural resource model was compared to an alternative that also claims to account for 500 
stimulus-specific effects: the modified slots-plus-averaging model (Pratte et al., 2017). Pratte et 501 
al. argued that, once supplemented with trigonometric functions that approximate stimulus-502 
specific variations in bias and precision, the slots-plus-averaging model provided a better 503 
account of their data than one popular resource-based model, the variable precision model ( 504 
van den Berg et al., 2012; but note the actual model tested differed in a number of respects 505 
from van den Berg’s specification). Here, we have shown that the neural resource model 506 
provides a consistently better description of data from three previous studies, including Pratte et 507 
al. (2017), than the modified slots-plus-averaging model. Perhaps more importantly, and unlike 508 
the neural resource model, the Pratte et al. study did not provide any principled basis for the 509 
effects of stimulus-specific variation within the slot, or variable precision, framework. Though the 510 
neural resource model is broadly compatible with the variable precision model — in that both 511 
involve allocation of a continuous resource that determines mnemonic fidelity — the variable 512 
precision model is again primarily descriptive. It proposes that recall error distributions can be 513 
described by an infinite mixture of von Mises distributions, specified by a Gamma distribution 514 
over Fisher Information, and that the change in mean precision with set size can be 515 
approximated by a power law. Beyond this, the model does not provide any account of why the 516 
distributions, or the relationship with set size, take these particular forms. 517 
In comparison, while the neural resource model provides only an algorithmic approximation to 518 
biological processes, the proposed mechanisms are far from arbitrary. Beyond the considerable 519 
evidence for population coding (Pouget, Dayan, & Zemel, 2000, 2003), heterogeneity in 520 
orientation selective neurons has also been observed in imaging and single cell recording 521 
studies (Furmanski & Engel, 2000; Li, Peterson, & Freeman, 2003). These found that a larger 522 
proportion of the population are devoted to representing cardinal orientations, and that such 523 
neurons also possess narrower tuning curves than those encoding obliques. Given a parametric 524 
form for the probability density it is possible to derive a heterogeneous population that mimics 525 
this cortical arrangement (Wei & Stocker, 2015), and we have shown that introducing this 526 
heterogeneity into the framework of population coding with normalisation provides a very 527 
parsimonious account of stimulus-specific variation in working memory. Without a solid 528 
physiological foundation, it is difficult to imagine how either slot, or variable precision, 529 
frameworks could incorporate stimulus-specific variation in anything but an ad hoc manner. 530 
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One advantage of the efficient encoding framework is that stimulus-specific variation can be 531 
modelled across different feature dimensions and tasks (Wei & Stocker, 2017). For example, 532 
continuous report tasks that use color similarly treat hue as a circular random variable wherein 533 
the polar angle defines the gamut of the color space. Like orientation, it is often assumed that 534 
the distribution over polar angles is uniform, thereby implying a homogeneous population of hue 535 
selective neurons. However, anisotropies in color recall precision have been documented and 536 
appear to be correlated across different color spaces (Bae et al., 2014), thus hinting at the 537 
possibility that hue is also represented efficiently. Determining the efficiency of color 538 
representations, though, is not straightforward because of the possibility that continuous hue 539 
representations are confounded with categorical information in recall data (Brouwer & Heeger, 540 
2013; Hardman, Vergauwe, & Ricker, 2016). 541 
Processing of color stimuli is typically assumed to follow a bottom-up pathway (Gegenfurtner, 542 
2003; Brouwer & Heeger, 2013), though top-down processes are also posited to have non-trivial 543 
effects upon color perception (Hardman, Vergauwe, & Ricker, 2016; Witzel and Gegenfurtner, 544 
2011). Recent theoretical work has also shown how recurrent interactions between higher and 545 
lower cortical regions could qualitatively reproduce a number of category-based effects (Tajima 546 
et al., 2016). What remains unclear, however, is whether the abstraction of categorical 547 
information necessarily results from top-down processes, or simply reflects some underlying 548 
regularity in the distribution of hue in nature. If the latter is true, then many of the color category 549 
effects that have been observed could be explained by a heterogeneous neural population that 550 
devotes a greater proportion of its resources to encoding category prototypes. In principle, such 551 
a scheme may be implemented within our modelling framework, though, ideally, this would be 552 
based on knowledge of how color signals are distributed in nature. Unfortunately, analysis of 553 
natural images has not provided a specific parametric distribution for hue (Cecchi et al., 2010; 554 
Kellner & Wachtler, 2013). 555 
We acknowledge that our modelling framework is somewhat incomplete in that it does not allow 556 
for the possibility of swap errors. These errors arise when the feature value of a non-target item 557 
is erroneously reported instead of the target value. The relative proportion of swap errors has 558 
been estimated using mixture models (Bays, Catalao, & Husain, 2009; Berg, Awh, & Ma, 2014) 559 
and non-parametric methods (Bays, 2016), but these do not explain how the errors arise. 560 
Discrete capacity and variable precision models have not provided a principled account of swap 561 
errors. In contrast, recent work has shown that the neural resource model can quantitatively 562 
account for the empirical pattern of swap errors based on noise in neurons that encode 563 
conjunctions of stimulus features (Schneegans & Bays, 2017). Because the neurons in this 564 
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model had homogeneous tuning functions, an important question for future work is how efficient 565 
coding influences the representation of feature conjunctions and thereby the frequency of swap 566 
errors. 567 
One theoretical caveat with the neural resource model presented here is that it describes only 568 
the encoding and decoding of information, and not its maintenance in the neural system. In 569 
reality, the maintenance of visual information is thought to rely on a balance of excitatory and 570 
inhibitory processes to sustain neural activity over time. One idea is that the maintenance of 571 
multiple items in memory is highly competitive owing to the limited supply of neural resources. 572 
Accordingly, information may be lost via activation bumps dissipating over time, or merging with 573 
a nearby activation bump (Wei, Wang, & Wang, 2012). 574 
An alternative theory is that recurrent neural activity induces drift in the stored feature value, 575 
where the rate of drift leads to varying degrees of information loss over time (Burak & Fiete, 576 
2012; Schneegans & Bays, 2018). This necessarily implies that greater amounts of drift would 577 
produce larger errors in feature report. An interesting question, then, is how recurrent activation 578 
might be affected by efficient coding and its associated effects on information loss. If the rate of 579 
drift is determined by the precision with which a representation can be decoded, as proposed by 580 
Burak & Fiete (2012), then one might intuit that because cardinal orientations are decoded more 581 
accurately, they will tend to drift less. This would be consistent with previous theoretical work 582 
indicating that structured heterogeneity can stabilize attractor networks (Kilpatrick, Ermentrout, 583 
& Doiron, 2013). However, further work is required to relate these models to human memory 584 
performance.  585 
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Figure Captions 699 
Figure 1: The neural resource model with efficient coding. Feature information is encoded by a 700 
heterogeneous population of orientation-selective neurons, where the shape of each tuning 701 
function was determined by the distribution of orientations in nature. The basis tuning width  702 
refers to the width of homogeneous tuning functions prior to transformation. Normalisation 703 
operated across the entire population and scaled the total activity to a level determined by the 704 
gain parameter, . Spike generation was modelled as a Poisson process. Recall estimates are 705 
obtained by a Bayesian decoder that calculated the posterior mean based on the spiking activity 706 
over a fixed time window. Accordingly, both encoding and decoding processes rely upon the 707 
stimulus distribution (the prior). Averaging over stimulus inputs, decoding produces a distribution 708 
of error (right) that is unbiased (mean zero) and increases in dispersion with set size (shown 1–709 
8 items); however, the model predicts substantial variation in both bias and precision as a 710 
function of the specific stimulus encoded.  711 
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Figure 2: Empirical error distributions for each set size condition, collapsed across all target 712 
feature values. Averaged observer data denoted by points (  1 SE) and model fits by 713 
corresponding solid lines. A. Fits from the neural resource model. B. Fits from the slots-plus-714 
averaging model.  715 
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Figure 3: Stimulus-specific effects on bias and precision. Averaged observer data is denoted by 716 
the lighter solid lines and corresponding shaded regions ( 1 SE). Averaged model fits are 717 
indicated by the darker lines. Different colors correspond to different set sizes (as in Figure 2). A 718 
– B. Responses biases for each set size condition within each study. Panel A displays neural 719 
resource model fits and Panel B the slots-plus-averaging fits. C – D. Changes in precision for 720 
each set size condition within each study. Panel C displays the neural resource model fits and 721 
Panel D the slots-plus-averaging fits.   722 



 

29  

Figure 4: Assessment of neural resource model fits. A. Individual participants’ parameter 723 
estimates for the neural resource model across experiments. The dotted lines denote the 724 
median parameter values. B. Individual model comparisons with the slots-plus-averaging model. 725 
Negative values indicate a preference for the neural resource model. 726   727 
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Figure 5: A. General experimental method. Observers reproduced orientations from arrays 728 
consisting of four oriented white lines. Across all blocks targets were sampled from a uniform 729 
distribution. B The critical manipulation was the distribution of non-target items during the 730 
adaptation blocks. In Experiment 1A, non-targets (shown here in green) were sampled from a 731 
bi-modal distribution centred on oblique orientations (i.e. incongruent with the distribution in 732 
natural scenes), whereas in Experiment 1B, non-targets (orange) were sampled from a bi-modal 733 
distribution centred on cardinal orientations (congruent with natural scenes). C Biases estimated 734 
from Experiment 1A (left panel) initially (block 1) indicated repulsion from the cardinals (positive 735 
bias). Bias steadily decreased across the adaptation blocks (blocks 2–7). During the post-736 
adaptation block (block 8), response biases were significantly less repulsed from cardinal 737 
orientations than pre-adaptation. Conversely, when the stimulus distribution was consistent with 738 
the distribution of orientation in nature (Experiment 1B; right panel), bias estimates remained 739 
unchanged by adaptation. D Comparisons between pre- and post-adaptation biases highlight 740 
the significant reduction in repulsion away from the cardinal axes after exposure to the 741 
incongruent distribution only. 742 
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Table 1: Experimental studies 

Study Stimulus Type Response Set sizes Subjects Trials 

Bays (2014), Exp 1 Lines Dial 1,2,4,8 8 225 

van den Berg et al. (2012), Exp 2* Gabors Mouse/Key 1,2,4,8 6 320 

Pratte et al. (2017) Gabors Key 1,2,3,6 12 640 

* Full dataset includes sets 1-8. 

 


