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Abstract7

Working memory holds past inputs online for future behavior. Descriptive models characterize8

what limits its capacity, and mechanistic models specify how neurons maintain it. However,9

despite decades of work, we are missing an algorithmic account that both explains the behavioral10

signatures of working memory and can be realized in a neural circuit. Here we propose MemGP,11

an algorithmic framework that derives both from a single inference process. MemGP represents12

working memory as a Gaussian-process posterior over a memory-strength function on feature13

space, and encoding, maintenance and retrieval are operations on this posterior. In simulated14

experiments, MemGP reproduces load-dependent precision errors, attentional benefits during15

maintenance, and attraction and repulsion between remembered items. The objective that16

MemGP optimizes also specifies a recurrent circuit in which the posterior mean corresponds17

to population activity, the covariance to a rapidly updated state, and the prior to the center–18

surround connectivity assumed by attractor models. This single inference objective thus accounts19

for working-memory behavior and specifies candidate circuit dynamics, providing the algorithmic20

account that has been missing between descriptive and mechanistic models. MemGP therefore21

makes both behavioral and neural predictions and offers a general framework that could extend22

to perception, long-term memory and decision making.23

1 Introduction24

Working memory is a cornerstone of human cognition, making past inputs available for future25

behavior by holding information temporarily online. Models of working memory have been developed26

at both descriptive and mechanistic levels (Fig. 1b). Descriptive models characterize what limits27

it, whether a fixed number of slots [1, 2], or a continuous resource [3–5]. Mechanistic models28

specify how neurons maintain it, through persistent activity [6–8] or short-term changes in synaptic29

efficacy [9, 10]. Both traditions have enjoyed some success [11, 12], and several attempts have30

been made to reconcile competing accounts [13–18]. These efforts, however, address mainly the31

capacity limit of working memory. A more basic problem is that the two traditions share no common32
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representation: we are missing an algorithmic framework that derives the content of working memory33

(what to store) and its neural implementation (where to store) from the same principle.34

Such a framework should provide a representation that both descriptive and mechanistic models35

can share. It should define the resource that supports the representation and the operations that can36

act on the representation. This representation should also jointly store the content and uncertainty37

of working memory [19–21], so that downstream decisions can take the reliability of the memory into38

account. The operations on the representation should map onto a biologically plausible circuit, so39

that resource allocation among items can be implemented by neural dynamics or synaptic changes.40

This framework would have broad consequences. It would unify the currently separate models of41

working memory, and its predictions could be tested against both behavioral and neural data. It42

could also extend to perception, long-term memory and decision making, relating working memory43

to other aspects of cognition within one theory.44

Here we propose MemGP, an algorithmic framework that meets these requirements. MemGP45

represents working memory as a posterior distribution over a memory-strength function on feature46

space. The function assigns a strength of evidence to each feature combination, such as a particular47

color at a particular location, and a Gaussian process (GP) describes the distribution over such48

functions [22]. Content and uncertainty are stored jointly in MemGP: the posterior mean of the49

distribution specifies expected memory strength at each combination, and the posterior variance50

specifies uncertainty about that strength. The kernel of the GP prior determines how evidence51

about one combination informs predictions about others. To give MemGP a finite representation,52

we create a sparse approximation of this distribution at a finite set of points on feature space,53

called inducing points [23, 24]. The inducing points are the resource of working memory in MemGP.54

This resource is discrete, but the precision it supports is continuous, and its allocation among55

items follows from computing the posterior, without a separate allocation rule [25]. Encoding,56

maintenance and retrieval are operations on this posterior: encoding infers it from sensory evidence,57

maintenance updates it from the model’s own predictions, and retrieval samples it and divisively58

normalizes [26, 27] the sampled strengths by those of the other remembered items. Items are59

localized peaks on a shared representation, so interference [28], competition [7] and bias [29, 30]60

arise from the representation itself without additional rules.61

We instantiate MemGP in a continuous-reproduction task that requires observers to report62

an object’s color at a cued location [2, 3, 31]. The simulation experiments target several classic63

behavioral effects, including load-dependent precision loss [1–3], retrospective cue benefits [32, 33],64

and inter-item attraction and repulsion [30, 34]. These experiments place complementary demands65

on the same representation: increasing load tests shared capacity, retrospective cues test selective66

maintenance, and inter-item biases test how the maintained information is read out. MemGP67

reproduces all of these effects and provides an interpretation of human behavioral data. Each68

behavioral effect is attributed to a component of the posterior: precision falls with load because all69

items share the same inducing points, attention acts mainly on the uncertainty of the cued memory,70

and the direction of inter-item bias follows from how the sampled posterior is normalized.71
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A recurrent circuit derived from the objectives that MemGP optimizes gives the same components72

a neural interpretation: the posterior mean corresponds to population activity, the posterior73

covariance to a rapidly updated state, and the prior to the Mexican-hat connectivity that attractor74

models assume [6, 35, 36].75

MemGP also makes testable behavioral and neural predictions. Because one representation76

predicts recall errors and specifies the dynamics that the circuit implements, the model predicts77

how a manipulation that changes behavior should change the neural state. A retrospective cue, for78

example, is predicted to reduce the uncertainty of the cued memory without a comparable change in79

its expected strength, so the behavioral benefit should be accompanied by a reduction in uncertainty80

that confidence judgments and neural measurements can test [21].81

2 A finite probabilistic representation of working memory82

In the continuous-reproduction task (Fig. 2a), an array of N colored items appears briefly. After83

a blank delay, a location probe identifies an item whose color must be reported on a continuous84

wheel. MemGP specifies how perceptual evidence is converted into a memory, how that memory85

changes during the delay, and how it generates a report (Fig. 1d). Encoding forms a posterior over86

memory-strength functions from sensory evidence, maintenance rehearses that posterior without87

new sensory input, and retrieval samples the posterior to generate a color report.88

2.1 Memory strength and uncertainty89

Memory strength is a latent function f : [−180, 180)2 → R on the circular location–color torus90

(Fig. 1a). Each input is a location–color pair x = (ℓ, c); the value f(x) is a memory-strength field:91

how strongly the system holds that an item of color c appeared at location ℓ. We place a GP prior92

over f with a product of periodic kernels matching each dimension’s circular geometry:93

f ∼ GP
(
m(x), k(x,x′)

)
(1)

where m(x) is a constant-valued mean function, k(x,x′) is a periodic kernel with period 360◦ and94

separate lengthscale parameters for location, λl, and color, λc. Under this kernel, nearby location–95

color combinations have more strongly correlated memory strengths than distant combinations.96

Evidence about an observed color at one location can therefore inform predicted strength at nearby97

colors and locations. The memory representation is the GP posterior over possible strength functions98

(Fig. 1a), which stores both the content and its uncertainty. At each location–color combination, the99

posterior mean specifies expected strength and the posterior variance specifies uncertainty about100

that strength.101
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ĉ=argmax
c
r(c)

delay probe

d

negative ELBO
Lenc = ¡q[logp(y jf)]

+KL(qkp)

attention-weighted ELBO
Lmnt = ¡

X
m
a(`m)q[logp(~ym jf)]

+ ¯KL(qkp)

divisive normalization
r(c) = f+t (c)= (¾bmaxf

+
t +pool)

pool(c) =
X
i

wi f
+
i (c)

−180 0 180
location `

−180

0

180

co
lo

r c

−180 0 180
location `

cue

−180 0 180
color c

report

−180

180location `
−180

180

color c

−1

0

1
memory strength f

0

0.5

1

po
st

er
io

r s
.d

.

Figure 1: The MemGP framework. (a) Encoding as inference. Two colored items provide noisy
location–color observations. The GP posterior over the location× color torus has a mean (surface height),
with a localized peak at each item, and uncertainty (color indicates posterior standard deviation). (b)
Schematic comparison of working-memory accounts by scope (single phenomenon → unified) and level
of explanation (descriptive → mechanistic). MemGP is shown alongside slot, resource, variable-precision,
sampling, population-coding and RNN models; positions are conceptual, not quantitative model-comparison
results. (c) A finite inducing representation supports a continuous function. The schematic shows memory
strength across the feature space and at M = 100 inducing points. The regular grid illustrates initialization;
inducing positions are learned in the behavioral simulations. Color indicates predictive mean. (d) Encoding
infers the posterior from perceptual evidence; maintenance uses the preceding posterior mean as rehearsal
targets, with selective attention increasing the likelihood weights near the cued location and KL regularization
penalizing departure from the prior; retrieval draws a joint posterior sample, divisively normalizes the probed
response by the pool of all items, and reports argmaxc r(c). Grey fill: normalization pool; black curve: probed
response f+

t ; blue curve: normalized readout r(c). The stage illustrations are schematic; full expressions are
given in Eqs. 4–5 and Supplementary S1.5.
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2.2 Inducing points as a shared computational resource102

MemGP approximates the posterior over memory-strength functions using M inducing points,103

Z = {(ℓ(z)m , c
(z)
m )}Mm=1, and their function values u = f(Z). The points begin on a regular grid and104

can move during both encoding and maintenance (Fig. 1c). A mean vector m ∈ RM specifies105

expected memory strength at the inducing points. A covariance matrix S ∈ RM×M specifies106

uncertainty and dependencies among these strengths. Together they define the Gaussian variational107

distribution108

q(u) = N (m,S). (2)

For a queried location–color combination x∗, the GP conditional specifies how its strength depends109

on the inducing values. Integrating over the uncertainty in those values gives the approximate110

posterior:111

q(f(x∗)) =

∫
p(f(x∗) | u)q(u)du. (3)

The inducing points provide a finite resource shared by all items. Adding another item does not112

add inducing points, so the model must represent more location–color combinations using the same113

number of inducing values. Kernel interpolation predicts memory strength at feature combinations114

between inducing points, so remembered colors and locations need not coincide with the inducing115

locations. An item generally depends on several points, and each point can contribute to several116

items. The computational resource of MemGP is thus discrete while the precision of each item117

varies continuously.118

2.3 Encoding, maintenance and retrieval119

During encoding, a procedure that approximates perceptual input supplies noisy location–color120

observations X = {xi}ni=1 and evidence strengths y = {yi}ni=1, with larger strengths for observations121

closer to an item’s location and color (See Methods). A Gaussian likelihood p(yi | fi) relates this122

evidence to the latent strength fi = f(xi). To infer the latent strengths from these observations,123

variational inference adjusts the approximate posterior by optimizing an objective called the evidence124

lower bound (ELBO). During encoding, MemGP minimizes its negative:125

Lenc = −
n∑

i=1

Eq(fi)[log p(yi | fi)] + KL
(
q(u) ∥ p(u)

)
. (4)

The expected log-likelihood term rewards a posterior that predicts the observed evidence strengths.126

The Kullback–Leibler (KL) divergence measures how far the posterior over inducing values departs127

from their GP prior. Minimizing the negative ELBO therefore balances agreement with the128

observations against a penalty for departing from the prior. Because the posterior uses a fixed129

number of inducing points, all items must be represented within the same finite approximation.130

During the delay, external observations are replaced by the model’s own previous predictions.131

The model minimizes:132

5



Lmaint = −
1

M

M∑
m=1

a(ℓ(z)m )Eq[log p(ỹm | f(zm))] + βKL
(
q(u) ∥ p(u)

)
(5)

where zm = (ℓ
(z)
m , c

(z)
m ) is the position of inducing point m at epoch t, and ỹm = Eq(f)[f(zm)]

∣∣
t−1

133

is the posterior mean strength at that point from the previous epoch t − 1, which serves as the134

rehearsal target. The rehearsal term favors predictions that remain close to the preceding epoch’s135

memory strengths. The KL term mathematically grounds forgetting over time, penalizing departure136

from the GP prior with relative weight β (as in [37]. The attention weight a(ℓ
(z)
m ) modulates the137

memory precision near the region ℓ
(z)
m (Eq. 7). In the continuous-reproduction task, attentional cues138

are the spatial location ℓ̌j of a target item j, and the weights are a Gaussian spatial gain (Fig. 3b)139

depending only on the distance between ℓ̌j and the inducing point’s location ℓ
(z)
m . When no cue is140

presented, all weights equal 1.141

At retrieval, MemGP draws one joint posterior sample of memory strength across colors at all142

occupied item locations. The sampled strength functions are first made nonnegative by subtracting143

their global minimum. A spatial divisive-normalization rule [26, 27] then divides the nonnegative144

strength function at the probed location by a baseline term plus a weighted pool of strength145

functions across remembered locations (Supplementary Eq. S7). Items spatially closer to the146

probe contribute more to the pool (Supplementary Eq. S6). The model reports the color with the147

largest normalized response, ĉ = argmaxc r(c) (Supplementary S1.5, Eq. S8). Thus, encoding and148

maintenance determine the posterior over strength functions, while sampling and normalization149

convert that posterior into a color report.150

3 Results151

3.1 Shared capacity produces load-dependent errors152

We first tested whether increasing the number of remembered items reduces recall precision when153

all items share the same inducing points. Across set sizes N ∈ {1, 2, 4, 6, 8}, MemGP reproduced154

canonical signatures of human continuous-report performance (Fig. 2b–i). As load increased, the155

error distributions broadened (Fig. 2b,f) and their circular standard deviation (SD) increased156

(Fig. 2c,g; [2, 3, 31]). Precision, defined here as inverse circular SD, declined approximately as a157

power law, 1/SD ∝ N−α (Fig. 2d,h; [3]). Reports also clustered above chance around the colors of158

other items in the display, producing swap errors in which a non-target color is reported in response159

to the target location (Fig. 2e,i; [3]).160

MemGP reproduced these patterns without assumptions about the form of the error distribution.161

Descriptive models [2–5] specify the error distribution directly, for example as a mixture of von162

Mises components centered on the target and non-target colors and a uniform component [3], and163

they leave the mechanism that produces the errors unspecified. In MemGP, the error distribution is164

an outcome of inference, sampling and normalization. The hyperparameters change the magnitude165
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Figure 2: Capacity limits emerge from a shared finite representation. (a) Continuous-reproduction
task: stimulus array, blank delay, and color-wheel probe at one location. (b–e) Human benchmark behavior.
(b,c) Color error distributions and circular SD vs. set size, as in Ma et al. [5](underlying trials from Bays et al.
[3]). (d) Precision (inverse circular SD) vs. set size with power-law fit, from Bays et al. [3]. (e) Distribution
of reported-minus-non-target color differences at N=4, from Bays et al. [3]. (f–i) MemGP error distributions,
circular SD, precision and non-target-relative reports, in the same order as the human panels. (j–l) Error
vs. set size across inducing-grid sizes M ∈ {25, 49, 100, 196} (j), KL weights β ∈ {0, 1, 5, 20} (k), and initial
kernel lengthscales λ ∈ {5, 10, 20, 40} with location and color kernels set equal (l). Each changes recall error
magnitude and preserves the monotonic increase in recall error with set size. (m) Misbinding rate (probability
that the probe is reported as a non-target item) as a joint function of set size and target–distractor spatial
distance: swap errors fall with distance and rise with load. In (g, h, j–l), points are means ± s.e.m. across
20 simulated subjects, with one item probed per trial (100 trials per set size in g,h; 50 in j–l). In (m), each
cell is the misbinding rate averaged over all 20 subjects.
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of recall error but not its monotonic increase with set size: a larger inducing grid M lowered error at166

every set size (Fig. 2j), and a larger KL weight β (Fig. 2k) or a wider kernel lengthscale λ (Fig. 2l)167

raised it at every set size. Set-size effects in MemGP therefore follow from items competing for a168

finite set of inducing points under the inference process that governs encoding and maintenance.169

Because MemGP specifies a mechanism, it can be used to examine interactions that descriptive170

models do not address, such as the joint dependence of swap errors on set size and target–distractor171

similarity. In simulations that varied both factors, the probability of misbinding the probe to a172

non-target decreased with target–distractor distance in the cue dimension, here spatial location, and173

increased with set size (Fig. 2m; Supplementary S1.6), consistent with human reports [3, 38, 39]. A174

graded effect of target–distractor similarity is a signature of feature-binding errors [40–42], which175

population-coding models produce through dedicated binding mechanisms such as conjunction-176

selective units [41]. MemGP requires no separate binding rule. The kernel correlates memory177

strengths at nearby locations, so evidence for a neighboring item’s color enters the strength profile178

at the probed location and can determine the reported color.179

Encoding precision in human working memory is thought to vary across items and trials [4, 43].180

The variable-precision (VP) model captures this variability by assuming that precision follows181

a Gamma distribution across items and trials, and it fits human data better than models with182

fixed precision [4]. However, the VP model does not specify why precision varies. MemGP has183

no parameter for precision variability, yet precision variability arises from posterior uncertainty.184

Following van den Berg et al. [4], we fitted uniform–von Mises mixtures [2] to MemGP’s errors at185

each set size. We then compared the recovered mixture weight w and circular SD with the predictions186

of the item-limit, slots-plus-averaging, equal-precision and VP models, each fitted to the same errors187

(Supplementary Fig. S2). The VP model had the lowest Akaike information criterion (AIC) and188

Bayesian information criterion (BIC) in all 20 simulated subjects (Supplementary Table S2) and189

the lowest error on both mixture statistics (RMSEw = 0.092; RMSECSD = 0.141). The trial-by-trial190

and item-by-item variability in MemGP’s precision therefore has the form that the VP model191

assumes. Posterior uncertainty under capacity-limited inference is thus a candidate mechanism for192

the precision variability that the VP model treats as a free parameter.193

3.2 Selective maintenance reduces posterior variance and improves recall194

Working memory is sensitive to retrospective attentional cues (retrocues) presented during the195

retention interval [32, 33]. Retrocue tasks (Fig. 3a) test how a memory changes during the delay, a196

process that descriptive models of recall statistics do not address [44]. In MemGP, a retrospective197

cue increases the likelihood weights of inducing points near the cued item in the maintenance198

objective (Eq. 7; Fig. 3b). The increased weights give memory strengths near the cued location199

greater influence on rehearsal. Neutral trials retain equal weights at all inducing points. This200

spatially reweighted maintenance in MemGP reproduced human performance patterns: lower recall201

error for cued items, a larger benefit at higher load, and a transfer of the benefit when a second cue202

selected a different item (Fig. 3c–e; [45–47]).203
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Figure 3: Attention is a reweighting of the maintenance objective. (a) Continuous reproduction
with a retrospective cue: array, delay, a retrocue indicating one item, delay, and probe. (b) Spatial attention
gain a(ℓ): a Gaussian gain profile centered on the cued location, equal to G at peak and to 1 away from the cue
(Eq. 7). Squares on the location axis mark the locations of the four items. (c–d) Human continuous-report
data from Souza et al. [45]: lower absolute error for focused than neutral items at N =4 (c); cue benefit
(neutral minus cued absolute recall error) increasing with set size (d). (e) Human cue-redirect pattern from
van Moorselaar et al. [46], Exp. 2: Cowan’s K for items A and B after an initial cue to A and after a mid-delay
redirect to B (change-detection capacity; digitized from their Fig. 2b). (f–h) MemGP. Cued error is below
neutral, and the benefit is larger at N =4 than at N =2 (f–g). After a mid-delay redirect, error rises for
item A and falls for item B (h). (i–j) Recall-error distribution, neutral vs. cued, at N=2 (i) and N=4 (j):
cueing concentrates the recall-error distribution more strongly around zero, with a larger effect at higher load.
(k) Change in cued vs. uncued memory strength over the delay (cue at the vertical dashed line): posterior
mean declines in both conditions, and the difference between their changes is not significant. (l) Change in
posterior variance over the same delay, cued item versus the other items: the decrease is larger for the cued
item. Bars and points in (c–h) are means ± s.e.m. In (f–h) there are 20 simulated subjects, 100 trials per
condition. Traces in (k–l) are means ± s.e.m. across 100 trials.
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Load-dependent benefit. In MemGP, cued items were recalled more accurately than neutral204

items at both set sizes (Fig. 3f). At N = 2, mean absolute error was 9.2◦ for cued items and 15.1◦ for205

neutral items, a benefit of 5.9◦±0.4◦ (paired t(19) = 13.39, p < 0.001). At N = 4, the corresponding206

errors were 23.4◦ and 33.4◦, a benefit of 10.0◦ ± 1.1◦ (paired t(19) = 8.82, p < 0.001). The benefit207

was 4.1◦ larger at N = 4 than at N = 2 (t(38) = 3.40, p < 0.001, one-tailed; Fig. 3g). Selective208

maintenance in MemGP therefore had a greater effect when more items shared the representation,209

consistent with load-dependent cue benefits in humans [45, 47].210

Flexible reallocation. When a second cue redirected attention from item A to item B during211

the delay, MemGP’s error rose by 12.1◦ for A and fell by 4.0◦ for B (Fig. 3h). The difference212

between the error changes for the two items, ∆A − ∆B, was 16.1◦ (95% CI [13.3, 18.8]; paired213

t(19) = 12.24, p < 0.001). The loss of precision for the previously cued item and improvement for214

the newly cued item agree in direction with the double-cue results reported by van Moorselaar215

et al. [46] (Fig. 3e). Their experiment measured change-detection capacity, whereas the MemGP216

simulations measured continuous-report error, so the comparison concerns the direction of the effect217

across different behavioral measures (Cowan’s K vs. recall error).218

Maintenance dynamics. Cueing concentrated the recall-error distribution more strongly219

around zero, with a larger change at N = 4 (Fig. 3i–j). To relate this behavioral benefit to changes220

in the maintained representation, we examined the posterior mean and variance separately. The221

posterior mean, which measures expected memory strength, declined for both cued and uncued222

items; the difference in their changes from cue onset to delay end was not significant (paired223

t(99) = 1.41, p = 0.16; Fig. 3k). In contrast, posterior variance, which measures uncertainty about224

memory strength, decreased more for the cued item than for the mean of the other items (paired225

t(99) = −7.53, p < 0.001; Fig. 3l). This dissociation explains why the model needs both strength226

and uncertainty: lower recall error can accompany reduced posterior variance even while mean227

strength declines (Supplementary S3.3).228

3.3 Shared representations and normalization produce attraction and repulsion229

When several items are held in memory, the recalled feature of one item is often biased by its230

neighbors: the report may shift toward a neighboring feature (attraction) [48] or away from it231

(repulsion) [29, 49]. These biases have been interpreted as adaptive [30]. Repulsion can keep a232

few confusable items distinct, and attraction can stabilize noisy estimates of individual items with233

information from the ensemble [34, 48, 50, 51]. Mechanistic models produce attraction [28, 52]234

and, in some cases, repulsion [8, 53], but they mainly address how the bias depends on the feature235

distance between items. In human data, the direction and size of the bias also depend on multiple236

confounding factors [30]. MemGP accounts for these dependencies through its retrieval rule (Fig. 4a).237

The sampled strength profile over color at the probed location is divided by a baseline term plus a238

weighted pool of the sampled profiles of all items in the display. The direction of the bias depends239

on where the pool lies relative to the target profile. When a neighbor’s color is close to the target’s,240

kernel generalization shifts the target profile toward the neighbor, and the pool, formed from the241
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same overlapping profiles, has nearly the same shape over color as the target profile. Division by242

the pool therefore leaves the peak position largely unchanged, the normalized response follows the243

shifted profile, and the report is attracted (Fig. 4a, left). When the neighbor’s color is farther away,244

the pool is larger on the side of the target profile that faces the neighbor, so division suppresses245

that side and the report is repelled (Fig. 4a, right).246

We quantified the direction of bias using the model-free measure of Chunharas et al. [30], which247

counts reports rather than fitting a distribution to the errors:248

bias = 100× naway

ntotal
− 50, (6)

where naway counts reports whose error points away from the non-target color, and ntotal counts all249

reports. Subtracting 50 centers the measure on equal proportions of errors toward and away from250

the non-target. Positive values indicate repulsion and negative values indicate attraction; values are251

expressed in percentage points relative to 50%.252

At low load (N = 2), bias was near zero at the smallest color separation (2.4 ± 1.0% at 20◦)253

and increased to repulsion, peaking around 75–105◦ (23.8± 1.1% at 105◦; means ± s.e.m. across 20254

simulated subjects; Fig. 4b). At high load (N = 6), with distractor colors placed on the same side255

of the target, clustered separations produced attraction (−27.1± 0.9% at 20◦). Repulsion returned256

at wider separations (7.2± 1.3% at 105◦; Fig. 4c). The same posterior-sampling and normalization257

rule therefore generated attraction or repulsion depending on memory load and the arrangement of258

colors, consistent with the human tendency toward attraction under high load [30].259

We also tested whether retrospective attention and the noise in encoding observations change260

the direction or magnitude of recall bias. Cueing the target during the delay increased repulsion261

from 16.7± 1.1% to 21.1± 1.1% (Fig. 4d). Noisier encoding (color sampling noise σc = 60◦) also262

produced greater repulsion than more precise encoding (σc = 10◦; 35.4± 0.7% versus 13.9± 1.4%;263

Fig. 4e), reproducing the direction of the encoding manipulation in Chunharas et al. [30] and Lively264

et al. [34].265

In the human data, lower circular SD was associated with greater repulsion (Pearson r = −0.81,266

95% CI [−0.91,−0.60]; Fig. 4f). We found the same strong negative correlation in the MemGP267

simulations (Pearson r = −0.88, 95% CI [−0.95,−0.75]; Fig. 4g). For both human participants and268

MemGP simulations, repulsion biases are thus strongest when recall is more precise.269

In summary, attraction and repulsion in MemGP arise from one retrieval rule applied to a shared270

memory representation. Feature distance, load, attention, encoding noise and recall precision each271

change the direction or size of the bias, as they do in human reports.272

3.4 Variational inference implemented by recurrent circuit dynamics273

MemGP accounts for the behavioral effects of memory load, retrospective attention and inter-item274

interactions. To relate the computations that produce these effects to a circuit, we interpret the275

mean as population activity, with each unit corresponding to a population tuned to a region of276
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Figure 4: Inter-item attraction and repulsion depend on memory demands. (a) Two scenarios
for the color profile at the probed location (schematic). Left: a neighbor with a similar color shifts the
target profile toward the neighbor; the pool has nearly the same shape, and the readout follows that shift
(teal). Right: a neighbor with a more distant color contributes an asymmetric normalization pool that shifts
the readout away from the neighbor (red). Dashed curve: target profile; dotted curve: neighbor profile;
grey fill: pool; bold: normalized readout. (b,c) Bias vs. color distance at low load (N = 2, b) and high
load (N = 6, c); histograms in both panels highlight 20◦ and 105◦. (d) A retrocue on the target modestly
increases repulsion. (e) At color distance 135◦, noisier encoding (σc = 60◦) increases repulsion relative to
precise encoding (σc = 10◦), matching the Exp. 4 signature in Chunharas et al. [30]. In (b–e), points are
means ± s.e.m. across 20 simulated subjects, 100 trials per condition (s.e.m. between 0.8% and 1.4%, nearly
invisible). Histograms show oriented-error distributions (left/right shading: attraction/repulsion). (f, g)
Lower circular SD predicts stronger repulsion in humans and MemGP. (f) is reproduced from Chunharas et al.
[30] Exp. 4 data (24 subjects). In (g), each MemGP simulated subject (n = 24) is tested at target–distractor
color distances {20, 40, 60, 80, 100, 120, 140}◦; circular SD and signed angular bias are averages across those
distances.
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location–color space, and the covariance as a separate, rapidly updated state. The variational277

objectives then specify how both states change (Fig. 5a). With the inducing locations, prior mean,278

kernel parameters, and likelihood noise fixed, the Gaussian variational objective is quadratic in the279

mean (Supplementary Eqs. S16 and S21). Moving the mean down the gradient of this objective gives280

a linear update consisting of recurrent interactions and an input drive (Supplementary Eqs. S17281

and S22).282

For maintenance, the resulting dynamics are τṁ = −Wm + b (Supplementary Eq. S23),283

where W = A/(σ2M) + βK−1
ZZ is the recurrent operator. The diagonal matrix A contains the284

attention gains, σ2 is the likelihood noise variance, M is the number of inducing points, and β is285

the maintenance KL weight. The matrix KZZ is the prior covariance of the inducing values, so its286

inverse is their prior precision. The input drive b depends on the current rehearsal target and prior287

mean; τ sets the timescale of the ideal gradient dynamics (Supplementary S3).288

The prior-precision term in W supplies interactions between units that remain fixed when289

inducing locations and kernel parameters are fixed. Because the activity equation contains −Wm,290

the prior-dependent interactions have sign −K−1
ZZ . For the periodic prior and grid shown in Fig. 5b,291

the off-diagonal weights exhibit local excitation and surrounding inhibition, the Mexican-hat pattern292

used in working-memory attractor models. Thus, for this prior and inducing grid, the Mexican-hat293

connectivity is obtained by differentiating the inference objective.294

Updating mean activity alone would leave the represented uncertainty unchanged. Differentiating295

the same variational objective with respect to covariance gives the additional update, τ Ṡ =296

−(W − βS−1), with stationary covariance S∗ = βW−1 (Supplementary Eq. S26). The recurrent297

operator determines how mean activities interact. The covariance update determines uncertainty298

and dependencies among the strengths sampled at retrieval. S therefore can be interpreted as fast299

weights, relating this formulation to architectures that distinguish slow and fast connections [54–56].300

The circuit derivation fixes inducing locations and kernel parameters, whereas MemGP still301

updates them during maintenance. To assess how this difference affects recall, we compared the302

recurrent circuit with MemGP on matched trials. For each matched trial, the recurrent circuit303

and MemGP began from the same posterior obtained after encoding. During maintenance, the304

recurrent circuit fixed the inducing locations, kernel and prior mean at their encoding-end values,305

while MemGP continued to update them. Mean absolute recall error, estimated from 100 reports306

per trial, agreed closely between the circuit and MemGP (Pearson r = 0.987, 95% CI [0.983, 0.990];307

200 trials pooled across neutral and retrocue conditions; Fig. 5c).308

We next measured how the represented color changed during circuit maintenance. At each309

epoch, we reconstructed the posterior mean over color at the remembered location and tracked the310

position of its peak. The peak moved farther from its delay-onset position as maintenance progressed311

(Spearman ρ = 0.56, trial-level bootstrap 95% CI [0.50, 0.62]; mean displacement 0.02◦ → 1.26◦ over312

100 epochs; 100 trials; Fig. 5d). The displacement resembles the delay-dependent drift associated313

with recall errors in prefrontal recordings [36], although the present simulation does not fit those314

recordings or specify the same noise mechanism.315
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Figure 5: Variational updates yield recurrent dynamics with center–surround interactions. (a)
A schematic inducing grid (M = 25; square color is the predictive mean) storing two items is transformed
as 25 recurrent units on a ring. Circle size indicates expected strength m; spoke length indicates marginal
variance diag(S). Green and red arcs indicate excitation and inhibition. (b) Outgoing weights −K−1

ZZ from
one inducing unit (the open circle; self-coupling removed) on the 10 × 10 grid (M = 100), computed as
−(KZZ + εI)−1 with jitter ε = 10−3 (Supplementary Fig. S3). Weights are scaled by their largest absolute
entry; green and red indicate excitation and inhibition. (c) Recall error of MemGP and the recurrent circuit
on matched trials. Each point is one trial’s mean absolute error over 100 posterior-sample reports, in the
neutral (grey) and retrocue (red) conditions. Dashed line: identity. Pearson r = 0.99 across 200 trials. (d)
Absolute displacement of the posterior-mean peak from its position at delay onset in the recurrent circuit.
Displacement grows with delay under KL regularization (100 trials; Spearman ρ = 0.56). (e) Circular SD
(over 200 posterior-sample reports) of the posterior-mean peak against the absolute error of an independent
report on the recurrent circuit (100 trials at N = 4; Spearman ρ = 0.39). (f, g) Change in posterior mean
(f) and variance (g) at the probed item on the recurrent circuit, from their values at cue onset. Each trial
was encoded once and then maintained twice, with a retrocue and with a neutral cue (N = 4, 100 trials).
Lines in (d, f, g) are across-trial means; in (e), points are items and the line is a local-linear fit. Bands are
bootstrap 95% intervals.
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To test whether uncertainty in the circuit’s reports predicts error, we generated one report per316

item and estimated report variability from separate samples. The circular SD of 200 additional317

sampled reports was associated with absolute recall error (Spearman ρ = 0.39, bootstrap 95% CI318

[0.30, 0.47], p < 0.001; 100 trials at N = 4; Fig. 5e). This association between report variability and319

error is consistent with evidence that neural uncertainty estimates relate to behavior in perception320

and working memory [21, 57].321

To test whether the circuit also reproduces the MemGP’s selective reduction in uncertainty322

after a retrocue, we compared posterior-mean and posterior-variance trajectories in cued and323

neutral delays starting from the same encoded posterior. The conditions produced similar mean324

trajectories but different variance trajectories: cueing reduced variance at the probed item while325

neutral maintenance increased it (Fig. 5f–g). The circuit therefore preserves the distinction observed326

in MemGP: retrospective attention can reduce uncertainty about memory strength without a327

corresponding increase in expected strength.328

4 Discussion329

Descriptive and mechanistic models of working memory have lacked a shared representation. MemGP330

supplies this representation as a posterior over a memory-strength function. The posterior stores331

content and uncertainty jointly, a finite set of inducing points is the resource that supports it, and332

encoding, maintenance and retrieval are operations on it. In the simulations, this one posterior333

reproduced load-dependent errors, retrospective cue benefits, and inter-item attraction and repulsion,334

and each effect was attributed to a component of the posterior. Precision fell with load because all335

items share the inducing points; a retrocue reduced the variance of the cued memory more than336

it changed its mean; and the direction of inter-item bias followed from how the sampled posterior337

was normalized. A recurrent circuit derived from MemGP has the center–surround connectivity338

assumed by attractor models and agreed closely with MemGP in recall error. Its dynamics also339

showed delay-dependent drift of the represented color, an association between report variability and340

recall error, and a selective reduction in uncertainty after a retrocue. MemGP therefore provides a341

common algorithmic framework that connects behavioral and circuit accounts of working memory.342

4.1 Discrete capacity and continuous precision343

MemGP reconciles discrete capacity and continuous precision by assigning them to different properties344

of the memory representation. The number of inducing points is finite, while their locations and the345

mean and covariance of their function values vary continuously. All remembered items share these346

inducing points. Increasing the number of items therefore requires the same finite representation to347

describe more location–color combinations, reducing recall precision in the simulations. A finite348

number of inducing points does not imply a fixed number of stored objects: an item can depend349

on several points, and a point can contribute to several items. The model consequently combines350

a discrete computational resource with continuously varying precision for individual memories.351
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Consistent with this distinction, the variable-precision model described MemGP-generated errors352

better than the item-limit and slots-plus-averaging models, so a finite number of inducing points353

did not produce the error distributions expected from a fixed item limit.354

Previous models have linked discrete capacity and continuous precision through stochastic355

sampling, psychophysical similarity, and resource-rational allocation [17, 18, 25]. These models356

mainly describe either how a limited resource is allocated among items or how a report is generated357

from memory signals. By contrast, MemGP uses one posterior throughout a trial: the posterior358

is updated from sensory evidence during encoding, selectively maintained under attention, and359

sampled to generate a color report.360

Among these models, the target confusability competition (TCC) model [18] is most directly361

comparable to MemGP at retrieval: both select the largest of correlated noisy strength signals for362

candidate colors. The models differ in the source of these correlations. In MemGP, they arise from363

the GP posterior, whose covariance depends on the kernel, and the sampled signals undergo spatial364

divisive normalization before selection. In the TCC model, they are constrained by psychophysical365

similarity measurements. Incorporating measured perceptual similarity into the GP kernel would366

allow a more direct comparison of how the models predict recall errors. Quantitative fits to human367

data would then be needed to distinguish their predictions.368

4.2 Variational inference under computational constraints369

In MemGP, variational inference gives encoding and maintenance the same form of optimization:370

preserve information while penalizing departure from a prior. During encoding, the likelihood371

term rewards agreement with sensory observations. During maintenance, it rewards agreement372

with memory strengths predicted at the preceding epoch. In both stages, the KL term penalizes373

departure of the inducing-value posterior from the GP prior, and the number of inducing points374

limits the approximation used to represent that posterior. Attention increases the maintenance375

likelihood weights near a cued location, giving the corresponding rehearsal targets greater influence376

on the update. This explicit trade-off between fidelity and regularization relates MemGP to377

resource-rational theories of memory and to accounts of attention as precision control [25, 58].378

Because attention reweights a maintenance objective that depends on both the posterior mean379

and covariance, a cue can affect expected memory strength and uncertainty differently. In the380

retrocue simulations, posterior variance decreased more for the cued item, whereas the difference in381

posterior-mean changes was not significant. This result identifies a way that attention can improve382

recall without necessarily strengthening the memory, which distinguishes it from proposals that a383

retrocue strengthens the cued representation [33]. Experiments combining recall reports, confidence384

judgments and neural measurements could test whether the behavioral benefit is accompanied by385

the predicted reduction in uncertainty [21].386

The KL penalty also relates MemGP to efforts to derive neural computation from resource and387

energy constraints [59, 60]. In MemGP, this penalty is an information-theoretic cost on the Gaussian388

posterior over inducing values and does not directly measure metabolic expenditure. In Poisson389
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variational models, by contrast, the KL term becomes proportional to the prior firing rates of model390

neurons, which gives it an interpretation as metabolic cost [61]. A comparable interpretation of391

MemGP’s Gaussian KL penalty would require a biophysical model of how neurons encode and392

update the posterior mean and covariance.393

4.3 Connectivity and units of the recurrent circuit394

Recurrent models of persistent activity [6, 36] and Bayesian attractor networks [62] assume connec-395

tivity with local excitation and surrounding inhibition, and this Mexican-hat pattern maintains a396

localized bump of activity during the delay [35, 63]. In MemGP, the same pattern follows from the397

prior. The GP kernel specifies how memory strengths covary across feature combinations under the398

prior. In the circuit derivation, this prior covariance determines recurrent interactions through its399

inverse, the prior precision matrix. For the periodic kernel used here, these interactions excite the400

nearest units and inhibit a surrounding ring (Fig. 5b). The pattern depends on the smoothness of401

the kernel and on the conditioning of KZZ (Supplementary S3 and Supplementary Fig. S3).402

The units of the derived circuit have a candidate neural counterpart. A prefrontal neuron403

with a memory field shows sustained delay activity when the remembered location lies within a404

limited region of space, and these regions differ across neurons so that together they cover the405

visual field [64]. In MemGP, each inducing point could correspond to the neural population whose406

memory fields share a region of feature space. The activity of the unit would then be the mean407

firing rate of this population, representing expected memory strength for that region; the rehearsal408

term sustains this activity during the delay, and the prior-precision term couples populations tuned409

to neighboring regions. Because the inducing points are defined over features (e.g., location and410

color) jointly, the closest counterparts are neurons with conjunctive tuning, which have also been411

reported in prefrontal cortex [65].412

4.4 Slow weights, fast weights and activity-silent memory413

The derived circuit contains two kinds of coupling that change on different timescales. The prior-414

dependent part of the recurrent operator is fixed during the delay once inducing locations and415

kernel parameters are fixed, and the covariance S is updated at every epoch. These two quantities416

correspond to the slow and fast weights of architectures that distinguish the two [54, 55]. The417

mean activity represents expected memory strength, and the covariance represents uncertainty and418

dependencies among inducing values. The covariance determines the variability and correlations419

of sampled strengths, which in turn affect the color selected at retrieval. Representing expected420

strength in activity and uncertainty in a rapidly updated state therefore relates the circuit to421

both persistent-activity accounts and theories in which short-term synaptic changes contribute to422

memory [9, 66]. A synaptic implementation of the covariance update remains to be established.423

The proposed role of fast synaptic changes raises a further issue: whether memory can remain424

accessible without persistent activity. Activity-silent theories propose that information can remain425

accessible when stimulus-specific firing is weak or absent [10, 67]. MemGP assigns a possible role to426
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fast synaptic changes: they could represent the covariance needed for uncertain recall. The present427

simulations, however, do not demonstrate storage and recovery of item identity during complete428

activity silence. The covariance describes uncertainty around the mean; storing the covariance429

alone need not retain the mean that identifies the remembered items. Demonstrating activity-silent430

retention would therefore require a mechanism that stores and restores item-specific information431

when activity ceases and resumes. The model instead motivates tests of how activity and fast432

synaptic variables jointly determine content and uncertainty, consistent with evidence that persistent433

and activity-silent processes can interact [68, 69].434

4.5 Extensions and limitations435

The Gaussian-process formulation separates assumptions about baseline memory strength, feature436

similarity and computational capacity. The prior mean specifies baseline expected strength. The437

kernel specifies how strengths at different feature combinations covary and therefore how evidence438

generalizes across those combinations. The inducing points determine the finite approximation439

used to represent the posterior. Each component can be changed while retaining the variational440

inference procedure. Although GP kernels can be defined over other feature spaces, the present441

behavioral tests are restricted to location and color. Extending to multi-feature binding will require442

higher-dimensional GPs or structured kernels, in which case deep kernel learning [70] or spectral443

mixture kernels could allow the covariance structure to be learned from data.444

Long-term memory could influence MemGP through the GP prior. Learning across trials could445

shape the prior mean and kernel to reflect familiar feature combinations and their relationships,446

consistent with evidence that learned stimulus statistics alter working-memory dynamics [71]. These447

changes would affect both posterior inference and the recurrent connectivity derived from the prior448

precision. As the posterior relaxes toward a learned, structured prior during maintenance, recall449

could become biased toward familiar stimuli. Retaining part of the memory state between trials450

could also allow the model to test serial dependence, in which a current report depends on previously451

presented items [69]. Both extensions require learning or state that carries over between trials,452

which the present simulations do not include.453

The same components could describe perception and decision making. Encoding in MemGP is454

already an inference from noisy sensory observations to a posterior over feature space, and reading455

out this posterior without a delay would give a model of perceptual estimation that carries its own456

uncertainty [19, 57, 72]. Because the posterior stores content and uncertainty jointly, a downstream457

decision can weight a remembered feature by its reliability, and the posterior variance provides a458

candidate source for confidence judgments [21]. Gaussian-process posteriors over functions have also459

been used to model how people generalize and explore in reward-based decision tasks [73, 74], so460

the representation that MemGP uses for memory content could be shared with models of learning461

and choice.462

The present simulations establish qualitative agreement with the tested human behavioral effects,463

but quantitative fits to individual participants remain to be evaluated. Fitting participant data,464
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potentially with Bayesian optimization [75], would test whether distinct parameter settings can be465

distinguished from their behavioral predictions and whether MemGP predicts recall more accurately466

than alternative models.467

The recurrent circuit derived from MemGP has three further limits. The covariance update468

requires S−1 at every step, and computing or updating this inverse through local synaptic plasticity469

has no established mechanism. Time is measured in optimization epochs rather than seconds;470

relating the dynamics to real delay intervals, for example by testing whether maintenance persists471

across delays of different lengths as prefrontal delay activity does [64], would make the dynamic472

predictions directly testable. The circuit is also a rate model in which each inducing point is a single473

unit; the proposed correspondence to a tuned neural population has not been implemented with474

spiking neurons or with multiple neurons per inducing point.475

In sum, MemGP treats working memory as inference over continuous feature spaces, approximated476

by a finite set of inducing points shared by all items. The posterior mean and covariance determine477

expected memory strength and uncertainty, attention changes which rehearsal targets receive greater478

weight, and posterior sampling generates variable recall responses. Deriving recurrent equations for479

the same mean and covariance connects these algorithms to candidate neural dynamics. Working-480

memory behavior and its candidate neural circuits thus follow from a single inference process,481

providing a unified account across descriptive, algorithmic and circuit levels of explanation.482

5 Methods483

Full mathematical details are provided in the Supplementary Methods. Here we summarize the key484

components of MemGP.485

5.1 Model specification486

MemGP implements a sparse variational Gaussian process [23] using GPyTorch [76]. The input487

space is two-dimensional: each input is a pair x = (ℓ, c), with spatial location ℓ ∈ [−180◦, 180◦)488

and color c ∈ [−180◦, 180◦), both circular with period 360◦. The GP prior mean m(x) is constant489

across feature space and learned during inference. The prior covariance is a scaled product of490

two periodic kernels (Eq. 1). The variational posterior over inducing values is parameterized by491

a mean m and a covariance S, represented through its Cholesky factor, at M = m2 inducing492

points Z = {(ℓzm, czm)}Mm=1 initialized on a regular grid (default m = 10, M = 100), with inducing493

values u = f(Z). The inducing positions are learned during encoding and maintenance. A494

Gaussian likelihood p(yi | fi) with fixed, small observation noise completes the generative model495

(Supplementary Table S1).496

During cued maintenance, inducing point m receives a spatial attention weight that depends497

only on its location coordinate. For a cue at ℓ̌j ,498

a(ℓzm) = 1 + (G− 1) exp

(
−d(ℓzm, ℓ̌j)

2

2σ2
s

)
(7)
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with peak gain G, Gaussian spatial width σs, and d(·, ·) circular distance. When no cue is presented,499

all weights equal 1.500

5.2 Simulation protocol501

Stimulus generation. Unless otherwise specified, each trial used N locations sampled without502

replacement from eight equally spaced positions on a circle, with a common random rotation. Colors503

were sampled uniformly from [−180◦, 180◦) and converted to integer degrees. A surrogate perceptual504

procedure generated nobs = 1000 observations per item, with independent Gaussian location and505

color deviations (σℓ = σc = 20◦), wrapped onto the circular axes. Each observation was assigned506

an evidence-strength target given by the product of Gaussian functions of its circular distances507

from the encoded center. These values entered the Gaussian likelihood as regression targets yi. The508

model does not simulate the perceptual computations that would generate this evidence.509

Inference. Encoding minimizes the negative ELBO (Eq. 4) using the Adam gradient-based510

optimizer. Maintenance minimizes the rehearsal objective (Eq. 5), whose targets are the preceding511

posterior means at the inducing points. Both stages update the inducing locations, kernel hyper-512

parameters, prior mean, variational mean and variational covariance. During cued maintenance,513

attention reweights the likelihood terms according to Eq. 7. The maintenance optimizer inherits its514

first- and second-moment estimates from encoding and switches to the maintenance learning rate.515

Epoch counts, learning rates, and the KL weight β are listed in Supplementary Table S1. Kernel516

lengthscales in that table specify their initial values.517

Retrieval. One joint sample was drawn from the latent GP posterior over 360 evenly spaced518

color values at every occupied item location, preserving covariance across both colors and items.519

These samples did not include an additional draw of Gaussian likelihood noise. Subtracting the520

minimum sampled strength across all locations and colors from every sampled strength made the521

responses nonnegative. Spatial divisive normalization [26, 27] was then applied, and the color with522

the maximum normalized response was reported (Supplementary S1.5). The surround width was523

60◦ and the baseline fraction was 0.8 across the set-size, retrocue and bias experiments. Repeated524

posterior draws were used only where specified to estimate distributions, swap rates or circuit525

readout summaries.526

5.3 Experiments527

Set size. Load was varied over N ∈ {1, 2, 4, 6, 8} (20 simulated subjects, 100 trials per set size;528

uniform attention). As in human continuous-report tasks, one randomly located item was probed529

per trial, so every set size gave each subject the same number of errors. Circular SD and precision530

(inverse circular SD) were computed per subject and summarized as the subject mean ± s.e.m. Non-531

target-relative errors at N = 4 were the circular difference between each report and every non-target532

color (Fig. 2i). Hyperparameter sweeps repeated the set-size series while varying inducing-grid size533

M ∈ {25, 49, 100, 196}, KL weight β ∈ {0, 1, 5, 20}, or initial kernel lengthscale λ ∈ {5, 10, 20, 40}534

(location and color kernels set equal).535
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Misbinding. Swap rates as a joint function of set size and target–distractor spatial distance536

used N ∈ {2, 4, 6, 8} (20 simulated subjects, 30 displays per set size). Every item in each display537

was probed, with 100 reports generated from independent posterior samples for each probe. A538

report counted as a swap toward a given non-target if it fell within 30◦ of that item’s color and539

outside 30◦ of the target. Pairs were grouped by circular spatial distance {45◦, 90◦, 135◦, 180◦}540

(Supplementary S1.6).541

Retrocue. Neutral trials used uniform attention throughout a 100-epoch delay. Cued trials542

applied Eq. 7 from epoch 50, with the Gaussian centered on the probed item’s location. Load543

dependence compared N = 2 and N = 4 (20 simulated subjects, 100 trials per condition). Cue-544

flexibility trials (N = 4, 200-epoch delay; 20 simulated subjects, 100 trials; Fig. 3h) applied the545

same gain first to a randomly chosen item A (epochs 50–99) and then to a different item B (epochs546

100–199). Absolute recall error for A and B was read out at the end of each cue window.547

Attraction/repulsion bias. Displays used a fixed target at location 0◦. At N = 2, one548

distractor sat at 90◦; at N = 6, five distractors occupied the remaining equally spaced locations, all549

on the same side of the target in color, clustered about the nominal color distance. Color distance550

was swept over {20, 45, 75, 105, 135}◦ (20 simulated subjects, 100 trials per condition). Cued vs.551

neutral comparisons and the encoding-noise comparison (σc = 10◦ vs. 60◦) used N = 2 at 135◦. For552

the precision–repulsion correlation (Fig. 4g), each of 24 simulated subjects drew encoding noise553

from Uniform[10◦, 40◦] and was tested at color distances {20, 40, 60, 80, 100, 120, 140}◦; circular SD554

and the mean oriented error (degrees; trials with absolute error above 40◦ excluded) were averaged555

across distances. Human subject means in Fig. 4f were recomputed from Chunharas et al. [30]556

Exp. 4, aggregating over encoding × distance cells. Bias in Fig. 4b–e was the model-free measure in557

Eq. 6.558

Recurrent circuit implementation. Matched-trial recall compared MemGP to the recurrent559

circuit (200 trials, pooled across neutral and retrocue). For each trial, MemGP and the recurrent560

circuit begin from the same posterior obtained after encoding. The recurrent circuit fixes the561

inducing locations, kernel and prior mean at encoding end, while MemGP continues to update562

them through the delay. The comparison in Fig. 5c uses mean absolute error over 100 sampled563

reports per trial, with matched random seeds for readout. The recurrent circuit retains the encoding564

optimizer state and updates the variational mean and Cholesky covariance in GPyTorch’s whitened565

coordinates. Whitening transforms the inducing variables so that their prior has zero mean and566

identity covariance (Supplementary S3.3).567

Bump displacement (Fig. 5d) is the movement of the peak read out from m: the argmax, on a568

0.1◦ color axis, of the posterior mean at the item’s location, measured from its position at delay569

onset (N = 1, 100 trials). The argmax was taken within 45◦ of the peak’s position at the previous570

epoch, starting from the item’s color, so that a second peak elsewhere on the color axis is not571

read out as displacement. On the inducing grid that mean equals m; off the grid it is the kernel572

interpolation of m (Supplementary S3.2).573

For Fig. 5e, each of four items on each of 100 trials received one sampled report; uncertainty574
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was the circular SD of 200 additional reports from the same posterior and readout. The circular SD575

and the independent report error therefore used separate draws.576

Trial counts for the paired cued and neutral trajectories are given in Fig. 5. The mean and577

variance trajectories were obtained by running cued and neutral maintenance from the same encoded578

posterior (N = 4, 100 trials), with the cue applied from epoch 50, and are plotted as the change579

from each trial’s value at cue onset.580

5.4 Model comparison581

The comparison fitted the benchmark models of van den Berg et al. [4] to MemGP’s simulated582

errors to assess which descriptive model best summarized those errors. The fitted models consist of583

Item-Limit (IL), Equal-Precision (EP), Slots-plus-Averaging (SA), and Variable-Precision (VP),584

which were fitted separately to each simulated subject’s signed errors (N ∈ {1, 2, 4, 6, 8}, 500 trials585

per subject) by maximum likelihood with differential evolution (following van den Berg et al. [4]).586

Akaike information criterion (AIC), Bayesian information criterion (BIC), and the small-sample587

correction to AIC (AICc) were computed per subject (Supplementary Table S2).588

In addition to comparing information criteria, we assessed whether each fitted model reproduced589

the mixture statistics of MemGP-generated errors. This comparison (Supplementary Fig. S2)590

followed van den Berg et al. [4]: for each subject and model, 10 synthetic datasets of the subject’s591

size were generated from the maximum-likelihood parameters, the uniform–von Mises mixture was592

fit to each, and the estimated von Mises mixture weight w and component circular SD (CSD) were593

averaged to give that subject’s prediction. Ribbons are ± s.e.m. of the predictions across subjects,594

and root mean squared error (RMSE) between predicted mixture parameters and those estimated595

from MemGP-generated errors was computed over all subjects and set sizes.596

5.5 Statistical analysis597

Error bars on behavioral simulation panels are s.e.m. across 20 simulated subjects that differ in598

random seed. Exceptions are the precision–repulsion analysis (n = 24, with encoding noise varied599

across subjects) and maintenance traces (Fig. 3k–l), which show means ± s.e.m. across 100 trials.600

Circuit trajectory bands are bootstrap 95% intervals as specified in Fig. 5.601

Retrocue benefits (Fig. 3f) were paired t-tests on subject-mean absolute error (20 subjects, 100602

trials per condition; cued vs. neutral). The load comparison was an independent-samples t-test603

on those subject-level benefits (one-tailed, H1: greater benefit at N = 4 than at N = 2). The604

cue-reallocation test (Fig. 3h) was a paired t-test, across 20 subjects, of the trade-off ∆A −∆B605

(error change for the abandoned item minus that for the newly cued item), computed from each606

subject’s mean errors over 100 trials. The maintenance-dynamics comparisons (Fig. 3k–l) were607

paired t-tests of the end-of-delay change from cue onset, cued versus the mean of the uncued items,608

across 100 trials: predictive mean in (k) and posterior variance in (l).609

Bias used Eq. 6 with the simulated subject as the unit (n = 20, 100 trials per condition).610

Precision–repulsion correlations (Fig. 4f–g) are Pearson r on subject means. Other correlations611
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are Pearson r or Spearman ρ as labeled at each use, with 95% confidence intervals (Fisher z for612

Pearson; bootstrap for Spearman where noted). The uncertainty–error correlation in Fig. 5e uses613

400 item-level observations from 100 displays; its reported interval resamples items and does not614

account for dependence between items from the same display.615

Bootstrap standard errors (B = 80) were computed for mixture-model fits. The inferential616

tests reported above concern differences across simulated subjects and trials; they do not provide617

inferential evidence about human participants. Because simulation sample size depends on the618

number of trials generated, we emphasize effect sizes with uncertainty (95% CIs, or means ± s.e.m.619

for descriptive condition summaries).620
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Supplementary Materials847

S1. Mathematical formulation848

S1.1 Gaussian process prior849

The latent memory-strength function f : X → R assigns a strength to each location–color combina-850

tion, where X = [−180, 180)2 is the circular location–color space and each input is a pair x = (ℓ, c).851

The GP prior (Eq. 1) is852

f ∼ GP
(
m(x), k(x,x′)

)
where m(x) is the prior mean, constant across feature space and learned during inference. The prior853

covariance between two location–color combinations is854

k(x,x′) = σ2
f · kper(ℓ, ℓ′;λℓ, P ) · kper(c, c′;λc, P ) (S1)

The covariance is the product of a location kernel and a color kernel, multiplied by the output scale855

σ2
f . Each periodic kernel is856

kper(x, x
′;λ, P ) = exp

(
−2 sin2(π|x− x′|/P )

λ

)
(S2)

with period P = 360◦ for both dimensions. The denominator follows the GPyTorch PeriodicKernel857

convention: it contains λ, not its square. The parameter λ determines how covariance changes with858

distance along the circular dimension. The output scale σ2
f is learned as part of a ScaleKernel859

wrapper. Figure S1 shows independent draws of f from GP(0, k).860
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Figure S1: The GP prior is a smooth random function on the circular location–color torus.
(a–c) Independent zero-mean draws f ∼ GP(0, k), each a map [−180, 180)2 → R. Height and color encode f .
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S1.2 Sparse variational approximation861

An observation consists of a location–color combination xi and an evidence strength yi. The862

Gaussian likelihood p(yi | fi) relates the observed strength to the latent function value fi = f(xi).863

The exact posterior at a query location x∗ is p(f∗ | X,y,x∗), f∗ = f(x∗). We approximate it864

using M inducing points Z = {(ℓzm, czm)}Mm=1, Z ∈ RM×2. The inducing values are u = f(Z). The865

variational mean m ∈ RM and covariance S ∈ RM×M describe the distribution of these inducing866

values. The diagonal entries of S are marginal variances; off-diagonal entries are covariances between867

inducing values. The implementation parameterizes S through a Cholesky factor, whose product868

with its transpose gives the covariance (CholeskyVariationalDistribution). The variational869

distribution (Eq. 2) is870

q(u) = N (u; m, S).

To predict strength at a queried location–color combination, the model integrates the GP conditional871

over the distribution of inducing values. This gives the approximate posterior predictive distribution:872

q(f(x∗)) = N
(
µ0 + k⊤

∗ K
−1
ZZ(m− µ01), k∗∗ − k⊤

∗ K
−1
ZZ(KZZ − S)K−1

ZZk∗

)
(S3)

Here µ0 is the constant prior mean. The vector k∗ = k(Z,x∗) contains prior covariances between the873

queried combination and the inducing points; k∗∗ = k(x∗,x∗) is the prior variance at the query. The874

matrix KZZ = k(Z,Z) contains prior covariances among the inducing values. The first argument of875

the Gaussian is the predicted mean strength, and the second is its variance.876

Inducing points are initialized on a regular m ×m grid (m = 10 by default, M = 100) with877

centers offset by half the bin width to ensure uniform coverage. Their positions are inferred during878

optimization (learn inducing locations = True).879

S1.3 Encoding objective880

Given N items {(ℓ̌i, či)}Ni=1, the surrogate perceptual procedure generates nobs observations per881

item xij = (ℓ̌i + ϵℓ, či + ϵc) with ϵℓ ∼ N (0, σ2
ℓ ), ϵc ∼ N (0, σ2

c ), wrapped to [−180, 180). The882

evidence-strength targets yij = wij are883

wij = exp

(
−d(ℓij , ℓ̌i)

2

2σ2
ℓ

)
· exp

(
−d(cij , či)

2

2σ2
c

)
, (S4)

where d(·, ·) is circular distance.884

The encoding ELBO is maximized using Adam with learning rate ηenc = 0.05 for Tenc = 100885

epochs. The Gaussian likelihood noise variance is fixed (not inferred; Table S1).886

S1.4 Maintenance objective887

During maintenance, the model uses its preceding predictions as observations in the variational888

objective. The likelihood is evaluated at the current inducing locations Z(t) = {z(t)m }Mm=1. Self-889
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rehearsal targets are initialized at the end of encoding as the posterior mean of inducing values and890

then updated after each epoch from the current posterior mean,891

ỹ(0)m = Eq(f)[f(zm)]
∣∣
t=Tenc

, ỹ(t)m = Eq(f)[f(z
(t)
m )]

∣∣
t−1

. (S5)

Attention gains a(ℓzm) are recomputed on the current inducing locations after cue onset (Eq. 7;892

Fig. 3).893

The maintenance objective (Eq. 5) is optimized with Adam (learning rates and epoch counts894

in Table S1). The KL coefficient β controls regularization toward the prior and is set to β = 2895

in the baseline configurations. The effect of KL regularization on posterior variance depends on896

the rehearsal term, the attention weights and the learned prior; it does not require variance to897

increase at every point on every update. Before cue onset (epoch tcue), attention weights are uniform898

(a(ℓzm) = 1). After cue onset, the spatial gain function (Eq. 7) with parameters G (attended gain)899

and σs (spatial width) is applied.900

S1.5 Retrieval901

A single joint sample f ∼ N (µ,Σ) is drawn from the GP posterior predictive over 360 evenly902

spaced color values at every occupied item location, preserving inter-color and inter-item covariance.903

The sampled memory-strength profile over color at the probed location, ft(c) = f(ℓprobe, c), is904

then divisively normalized by a pool aggregated across all occupied item locations. Each item i at905

location ℓ̌i contributes its sampled memory-strength profile over color fi(c) = f(ℓ̌i, c) from the same906

joint sample, weighted by a spatial surround weight,907

wi = exp
(
− d(ℓ̌i, ℓprobe)

2 / 2σ2
pool

)
, (S6)

The probed item has zero spatial distance from the probe and therefore enters with w = 1.908

Subtracting the same minimum sampled strength from every value, f+
i (c) = fi(c)−min f , makes909

all responses nonnegative. The minimum is taken over every sampled item location and color;910

subtracting it rather than rectifying ensures that every item contributes a nonnegative response to911

the pool, including items with little evidence. The pool is the weighted sum of shifted responses:912

pool(c) =
∑

iwi f
+
i (c), (S7)

For each candidate color, the probed item’s shifted strength is divided by this pool plus a baseline913

term. The normalized response and the selected report are914

r(c) =
f+
t (c)

σb ·maxc f
+
t (c) + pool(c)

, ĉ = argmax
c

r(c), (S8)

where σb is the baseline (semi-saturation) fraction. Two parameters govern the readout: the915

normalization-pool spatial width σpool, which determines how rapidly each item’s weight wi decreases916
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with distance from the probe, and the baseline fraction σb, which scales the maximum target response917

in the denominator (Table S1). The baseline term scales with the maximum shifted response of the918

probed item rather than being a fixed constant as in the standard normalization equation [27]; this919

makes the readout invariant to the overall scale of the sampled strengths, which decline during the920

delay.921

S1.6 Misbinding as a function of set size and target–distractor distance922

To test whether swap errors are spatially structured, we simulated set sizes N ∈ {2, 4, 6, 8} and923

probed every item as the target, drawing 100 posterior-sample recalls per probe. A recall was924

counted as a swap toward a given non-target item if it fell within 30◦ of that item’s color but not925

within 30◦ of the target’s color. For every target–distractor pair we computed the circular spatial926

distance d(ℓprobe, ℓ̌j), which takes the discrete values {45◦, 90◦, 135◦, 180◦} under the eight-position927

stimulus geometry, and grouped pairs by both set size and distance. The heatmap reports the mean928

misbinding rate per (set size, distance) cell. Misbinding decreases with distance and increases with929

set size.930

Table S1: Baseline settings across behavioral experiments.

Parameter Set-size Retrocue Bias

nobs per item 1000 1000 1000
σℓ (loc sampling noise) 20◦ 20◦ 20◦

σc (color sampling noise) 20◦ 20◦ 20◦

m (inducing grid side) 10 10 10
λℓ (initial loc lengthscale) 10.0 10.0 10.0
λc (initial color lengthscale) 10.0 10.0 10.0
σ2
n (likelihood noise) 10−4 10−4 10−4

Tenc (encoding epochs) 100 100 100
Tmaint (maintenance epochs) 100 100a 100
ηenc (encoding LR) 0.05 0.05 0.05
ηmaint (maintenance LR) 0.01 0.01 0.01
β (KL weight) 2 2 2
σs (attention spatial width) – 20◦ –
G (attended gain) – 40.0 –
σpool (normalization-pool spatial width) 60◦ 60◦ 60◦

σb (baseline fraction) 0.8 0.8 0.8

Inducing positions, kernel lengthscales, and prior mean are learned during inference. Bias trials with a target cue use

the retrocue attention settings. aThe cue-flexibility simulation (Fig. 3h) uses Tmaint = 200 to accommodate the two

cue windows (cue A, epochs 50–99; cue B, epochs 100–199).

S2. Information-theoretic model comparison931

Following van den Berg et al. [4], we compared descriptive models fitted to MemGP errors. For932

each descriptive model M, we estimated k free parameters by maximum likelihood estimation933

(MLE) from n recall errors. We compared fits using Akaike information criterion (AIC), Bayesian934
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information criterion (BIC), and the small-sample correction to AIC (AICc):935

AIC = 2k − 2 ln L̂ (S9)

BIC = k lnn− 2 ln L̂ (S10)

AICc = AIC +
2k(k + 1)

n− k − 1
(S11)

Here L̂ is the maximized likelihood. Each criterion combines a term measuring fit with a penalty936

for the number of fitted parameters. Lower AIC/BIC indicates a preferred model under the937

corresponding criterion (see Table S2). Parameter counts: IL (k = 3: K,κmem, κr), SA (k = 3:938

K,J1, κr), EP (k = 3: J1, α, κr), VP (k = 4: J̄1, α, τ, κr).939

Table S2: Information-theoretic model comparison. Mean ∆AIC and ∆BIC (± s.e.m.) across 20
simulated subjects. Each model was fit by MLE to that subject’s signed errors (n = 500: 100 trials × set sizes
1, 2, 4, 6, 8). Differences are from the best-fitting model in that subject. VP had the lowest AIC and BIC in
all 20 simulated subjects. These criteria compare descriptive models fitted to MemGP-generated recall errors.

Model k ∆AIC ∆BIC Best (AIC)

VP 4 0.0± 0.0 0.0± 0.0 20/20
IL 3 89.0± 3.5 84.8± 3.5 0/20
SA 3 91.7± 7.2 87.5± 7.2 0/20
EP 3 131.8± 8.7 127.6± 8.7 0/20

S3. Recurrent circuit implementation of MemGP940

To derive recurrent equations, we hold the inducing locations, kernel parameters, likelihood noise941

and prior mean fixed. Only the variational mean and covariance are updated in the derivation. We942

express the variational objective in terms of the unwhitened mean m and covariance S of the inducing943

values u = f(Z). Unwhitened coordinates describe the original function values; the numerical944

implementation uses transformed coordinates, defined in S3.3. The inverse prior covariance, or945

prior precision, determines interactions between units that remain fixed under these assumptions,946

while S is a rapidly updated covariance state. Attention changes diagonal gains in the effective947

operator W. Interpreting these states as rates and fast weights specifies a candidate computational948

implementation; the equations do not establish a local synaptic learning rule.949

The likelihood is Gaussian, p(y | f) = N (y; f, σ2), and the prior on the inducing values is950

p(u) = N (µ01,KZZ), with µ0 the constant prior mean. The variational posterior is q(u) = N (m,S).951

For one latent strength with marginal posterior q(fi) = N (µi, vi), µi is the posterior mean and vi is952

the posterior variance. Averaging the log-likelihood over uncertainty in that strength gives953

Eq[log p(yi | fi)] = −
1

2
log(2πσ2)− (yi − µi)

2 + vi
2σ2

. (S12)

The KL divergence measures departure of the Gaussian posterior q(u) from the Gaussian prior954
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Figure S2: Formal model comparison. Uniform–von Mises mixture statistics extracted from MemGP
simulation errors (open squares, mean ± s.e.m. across 20 simulated subjects) compared with predictions from
four benchmark models fit by maximum likelihood to each subject’s errors (N ∈ {1, 2, 4, 6, 8}, 100 trials each).
Top row: mixture weight w (probability of non-guess response). Bottom row: circular standard deviation
(CSD) of the von Mises component. Colored lines show mean model predictions across subjects; shaded
ribbons are ± s.e.m. across subjects. RMSE, computed over all subjects and set sizes between each subject’s
prediction and statistics, quantifies goodness of fit; ⋆ marks the lowest RMSE. VP had the lowest RMSE for
both mixture statistics and the lowest AIC and BIC (Supplementary Table S2).
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p(u). Its closed-form expression is955

KL
(
q(u) ∥ p(u)

)
=

1

2
(m− µ01)

⊤K−1
ZZ(m− µ01) +

1

2
tr(K−1

ZZS)

− 1

2
log |S|+ 1

2
log |KZZ | −

M

2
.

(S13)

S3.1 Encoding956

For n perceptual observations, Eq. S12 gives the negative expected log-likelihood in Eq. 4:957

−
n∑

i=1

Eq[log p(yi | fi)] =
n

2
log(2πσ2) +

1

2σ2
∥y − µ∥2 + 1

2σ2

n∑
i=1

vi. (S14)

To differentiate the encoding objective with respect to the inducing mean, we first express958

the predictions at observation locations in terms of that mean. Let Φ = KXZK
−1
ZZ , where KXZ959

contains prior covariances between observation locations and inducing points. Multiplying by Φ960

maps inducing-value deviations from the prior mean to predicted deviations at the observation961

locations. For a constant prior mean, the predictive mean in Eq. S3 is µ = µ01n +Φ(m− µ01M ).962

Define the adjusted observation vector yc = y − µ01n +Φµ01M , so that y − µ = yc −Φm. The963

predictive variance at xi is964

vi = k(xi,xi)− k⊤
i K

−1
ZZki + k⊤

i K
−1
ZZSK−1

ZZki, (S15)

Here ki is the vector of prior covariances between observation xi and the inducing points. The965

predictive variance depends on S and on the kernel, but is independent of m.966

Define L̄enc = 1
nLenc, substitute (S14) and (S13) into (4), and keep the terms that contain m:967

L̄enc(m) =
1

n

(
1

2σ2
∥yc −Φm∥2 + 1

2
(m− µ01)

⊤K−1
ZZ(m− µ01)

)
+ const

=
1

2σ2n
∥yc −Φm∥2 + 1

2n
(m− µ01)

⊤K−1
ZZ(m− µ01) + const. (S16)

where the constant collects everything independent of m, including
∑

i vi, tr(K
−1
ZZS), and log |S|.968

Differentiating (S16) with respect to m,969

∇mL̄enc =
1

σ2n
Φ⊤(Φm− yc) +

1

n
K−1

ZZ(m− µ01) = Wencm− benc, (S17)

where970

Wenc =
1

σ2n
Φ⊤Φ+

1

n
K−1

ZZ , benc =
1

σ2n
Φ⊤yc +

1

n
K−1

ZZµ01. (S18)

Gradient flow on Eq. S16 gives τṁ = −Wencm+ benc in the recurrent circuit. The input drive971

includes Φ⊤yc, which projects the adjusted observations onto the inducing units. The recurrent972

operator contains a likelihood term determined by Φ⊤Φ and a prior term determined by the973
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precision matrix. Because Φ⊤Φ is positive semidefinite and K−1
ZZ is positive definite, Wenc ≻ 0, and974

m converges to the unique minimizer of (S16) from every initial value. This convergence statement975

assumes a fixed objective and applies to the ideal gradient flow; finite Adam updates need not reach976

its equilibrium.977

S3.2 Maintenance978

During maintenance, the encoding observations are replaced by the network’s preceding predictions.979

The maintenance objective (Eq. 5) therefore weights the expected log-likelihood of the network’s980

own previous posterior means by the attention gains, and multiplies the KL by β. The rehearsal981

targets t = ỹ are the posterior mean strengths from the preceding epoch. Each epoch holds these982

targets fixed while updating the variational mean and covariance, then replaces the targets with the983

updated predicted means. The maintenance likelihood is evaluated at the inducing points, where984

the unwhitened predictive moments are m and S. Let A = diag a(ℓ
(z)
m ) be the diagonal matrix of985

attention gains, with one gain for each inducing point.986

The Gaussian likelihood treats the rehearsal targets at different inducing points as condition-987

ally independent given their function values. Its expected log-likelihood therefore depends on988

S only through the marginal variances Smm. Weighting Eq. S12 by the attention gains gives989 ∑
m a(ℓzm)Smm = tr(AS) and990

− 1

M

M∑
m=1

a(ℓzm)Eq

[
log p(tm | f(zm))

]
=

1

2σ2M
(m− t)⊤A(m− t)

+
1

2σ2M
tr(AS) + const.

(S19)

The KL term of Eq. 5 is β times Eq. S13,991

βKL
(
q(u) ∥ p(u)

)
=

β

2
(m− µ01)

⊤K−1
ZZ(m− µ01) +

β

2
tr(K−1

ZZS)

− β

2
log |S|+ const.

(S20)

With the rehearsal target t held fixed, the sum of (S19) and (S20) separates into terms involving992

the mean m and terms involving the covariance S. We can therefore differentiate the objective with993

respect to each quantity separately. The mean-dependent terms are994

Lmaint(m) =
1

2σ2M
(m− t)⊤A(m− t) +

β

2
(m− µ01)

⊤K−1
ZZ(m− µ01) + const. (S21)

Differentiating the mean-dependent objective with respect to m gives995

∇mLmaint =
1

σ2M
A(m− t) + βK−1

ZZ(m− µ01) = Wm− b, (S22)
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Updating the mean in the direction of the negative gradient gives the recurrent equation:996

τ ṁ = −Wm+ b, W =
1

σ2M
A+ βK−1

ZZ , b =
1

σ2M
At+ βK−1

ZZµ01. (S23)

Here A = diag a(ℓzm) is the diagonal gain matrix from Eq. 7; W determines recurrent interactions,997

and b is the drive from rehearsal targets and the prior mean. The numerical implementation uses998

Adam in whitened coordinates and refreshes t← Eq[f(Z)] after each step (S3.3). The derivative (S22)999

treats t as constant.1000

Supplementary Fig. S3 shows how the prior-precision term of W depends on the kernel. All1001

panels use the 10× 10 inducing grid of Fig. 5b and show −(KZZ + εI)−1 from one unit, with the1002

self-coupling removed and weights scaled by their largest absolute entry. For a product kernel1003

k(ℓ, ℓ′) k(c, c′) on the grid, KZZ is a Kronecker product, so its inverse couples diagonal neighbors1004

through the product of two one-dimensional nearest-neighbor terms. The periodic kernel with1005

λ = 10 is nearly singular on this grid: the smallest eigenvalue of its one-dimensional 10× 10 kernel1006

matrix is 5× 10−8. Modes with eigenvalues below ε are therefore set by the jitter, and the weight1007

pattern changes with ε.1008

The covariance-dependent terms do not depend on the rehearsal target t. Adding the variance1009

term of (S19) to the terms in (S20) that depend on S gives1010

Lmaint(S) =
1

2σ2M
tr(AS) +

β

2
tr(K−1

ZZS)−
β

2
log |S|

=
1

2
tr

(( 1

σ2M
A+ βK−1

ZZ

)
S

)
− β

2
log |S|

=
1

2
tr(WS)− β

2
log |S|,

(S24)

with the same W as in (S23). Encoding and maintenance have related quadratic forms, but their1011

likelihood projections, normalization factors and KL coefficients differ. For symmetric W and S,1012

the derivative is1013

∂Lmaint

∂S
=

1

2
W − β

2
S−1. (S25)

Setting the covariance gradient to zero yields the stationary covariance S∗ = βW−1. Gradient1014

descent on (S24) follows this derivative. The common factor of one half in the gradient can be1015

absorbed into the time constant τ . The resulting continuous-time gradient update is1016

τ Ṡ = −(W − β S−1), S∗ = βW−1. (S26)

Increasing the diagonal entries of A near the cue increases the corresponding diagonal entries of1017

W and reduces the corresponding stationary marginal variances in S∗ when the other quantities1018

are fixed. The simulated finite delay need not reach this stationary covariance. To ensure a valid1019

covariance during numerical optimization, we use the factorization S = tril(C) tril(C)⊤, where tril1020

retains the lower-triangular part of its matrix argument. Multiplying the factor by its transpose1021
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ensures positive semidefiniteness. The implementation applies this factorization to the whitened1022

covariance Sv and updates its factor with Adam (S3.3). Gradient flow in S and Adam updates in1023

its Cholesky factor optimize related objectives but do not have identical trajectories.1024

S3.3 Numerical coordinates and circuit comparison1025

The derivation above uses the original inducing values, but the numerical implementation uses a1026

transformed parameterization. GPyTorch computes variational updates in whitened coordinates:1027

a linear transformation centers the inducing variables and gives them identity prior covariance.1028

If LKL⊤
K = KZZ , the unwhitened moments are m = µ01 + LKmv and S = LKSvL

⊤
K , where1029

mv and Sv are the whitened moments. When constructing the quadratic operator, the numerical1030

implementation uses the same predictive evaluation and jitter as GPyTorch’s variational strategy.1031

Jitter is a small diagonal covariance term used for numerical stability. The analytic equations above1032

express the model in unwhitened coordinates, which expose the prior-dependent lateral interactions.1033

For the recurrent-circuit maintenance simulation, the operator and rehearsal-dependent drive1034

are constructed from derivatives of the fixed-geometry GP objective with respect to the whitened1035

variational mean. Mean updates and updates of the whitened Cholesky covariance then use Adam1036

with the encoding-end first moments, second moments and step counts. The rehearsal target is1037

refreshed after each update. At cue onset, the attention gains change the diagonal likelihood1038

contribution to the recurrent operator. This procedure compares the circuit and MemGP under1039

the same numerical update convention; Adam is not invariant to changing between whitened and1040

unwhitened coordinates. In this comparison, MemGP additionally permits the inducing locations,1041

prior mean and kernel parameters to change during maintenance.1042

The equilibrium results in S3.1–S3.2 assume that the prior, inducing locations and rehearsal1043

targets remain fixed, in which case the objective has a unique minimum with respect to the mean.1044

In the maintenance simulation, the rehearsal target is updated after each step, so the input drive1045

changes across steps and these equilibrium results apply only approximately to a simulated delay. In1046

the ideal self-consistent limit t = m, the rehearsal contribution to the instantaneous mean gradient1047

vanishes, leaving the prior-dependent term; attention still enters the covariance equation. Attention1048

can therefore affect the covariance even when its direct contribution to the instantaneous mean1049

gradient vanishes. The mean and covariance need not show the same response to a cue.1050

S3.4 Retrieval1051

The maintained mean and covariance (m,S) define a posterior over memory strengths. The circuit1052

uses the same retrieval rule as the behavioral simulations: draw strengths jointly across colors and1053

occupied locations, subtract the global sampled minimum to obtain nonnegative responses, and1054

apply spatial divisive normalization as specified in S1.5. The report is ĉ = argmaxc r(c). Sampling1055

and normalization are specified readout operations; they are not derived as additional recurrent1056

dynamics from the variational objective.1057
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