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Schönsberg et al., 2025, Neuron 113, 3673–3684

November 5, 2025 © 2025 The Authors. Published by Elsevier Inc.

https://doi.org/10.1016/j.neuron.2025.09.037 ll

mailto:francesca.schonsberg@phys.ens.fr
mailto:diamond@sissa.it
mailto:sgoldt@sissa.it
https://doi.org/10.1016/j.neuron.2025.09.037
http://crossmark.crossref.org/dialog/?doi=10.1016/j.neuron.2025.09.037&domain=pdf


Article

Diverse perceptual biases emerge from Hebbian
plasticity in a recurrent neural network model
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SUMMARY

Perceptual biases offer a glimpse into how the brain processes sensory stimuli. While psychophysics has un-

covered systematic biases such as contraction (stored information shifts toward a central tendency) and

repulsion (the current percept shifts away from recent percepts), a unifying neural network model for how

such seemingly distinct biases emerge from learning is lacking. Here, we show that both contractive and

repulsive biases emerge from continuous Hebbian plasticity in a single recurrent neural network.

We test the model on four datasets covering two sensory modalities in two working memory tasks, a refer-

ence memory task, and a novel ‘‘one-back task’’ designed to test the robustness of the model.

We find excellent agreement between model predictions and experimental data without fine-tuning the

model to any particular paradigm.

These results show that apparently contradictory perceptual biases can emerge from a simple local learning

rule in a single recurrent region of the brain.

INTRODUCTION

The seemingly simple task of categorizing the intensity of a stim-

ulus is prone to several perceptual biases. For example, in a

tactile intensity working memory task, where the subject is pre-

sented with two sequential stimuli on each trial and is required

to report whether the second stimulus was weaker or stronger

than the first (Figure 1A), both human and rodent subjects display

a contraction bias: they tend to overestimate the strength of the

first stimulus if it lies below the weighted average of past stimuli,

and they underestimate the first stimulus if it lies above the

average.1–4 A similar contraction occurs in tasks where subjects

are asked to report the size or intensity of a stimulus after some

time has elapsed since exposure to the stimulus.5,6 By contrast,

in intensity reference memory tasks,7–10 where the subject re-

ports whether one stimulus per trial was perceived as strong or

weak, a repulsive bias emerges: subjects are more likely to char-

acterize a stimulus as strong if the previous trial’s stimulus was

weak, and vice versa.10

These biases are of interest because they offer a window into

the computational processes underlying perceptual judgments.

On the experimental side, a great number of psychophysical

studies, comprising different sensory modalities, species, and

details of experimental design, have provided detailed charac-

terization of both contraction and repulsion.1,3,5,7–11 On the

modeling side, comprehensive phenomenological models have

been built to account for these biases.1,10,12–16 Nevertheless,

the neural mechanisms at work remain poorly understood. While

the idea that neural circuits could perform working memory tasks

through a quasi-continuous line of fixed points dates back to the

1990s,17,18 Boboeva et al.19 showed only recently that a neural

network model can reproduce the specific perceptual biases

observed by Akrami et al.3 However, existing theoretical models

have static ad hoc connectivity and are tuned to reproduce a sin-

gle specific bias. Further, they overlook learning—the boundary

must be learned in reference memory categorization, as evi-

denced by the notable performance disparities of trained sub-

jects between the onset and the end of experimental sessions10;

current models have failed to capture how perceptual biases

arise in parallel with short-timescale learning. Finally, while

recent phenomenological models point to the existence of gen-

eral principles underlying diverse perceptual biases,16 there ex-

ists no single neural network model that, without reconfiguration,

can account for multiple biases expressed across different

experimental paradigms.

Here, we show that a single recurrent neural network (RNN)

with ongoing Hebbian plasticity learns stimulus representations

that reflect the perceptual biases of humans and rodents. We

first show how the model reproduces contraction and repulsive

biases, as well as the history dependence of choices, as
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measured in a novel tactile working memory experiment that

we perform with human subjects. In addition, we show that

our model also reproduces the biases observed in two previ-

ously published datasets, i,e., the auditory working memory

task of Akrami et al.3 and the tactile reference memory task

of Hachen et al.10 Our analysis shows how both perceptual

biases emerge from a plastic attractor driven by recurrent dy-

namics and Hebbian plasticity. Finally, we design a new exper-

imental paradigm that tests the generality of the model. In this

one-back task Figure 1A, participants have to compare the

strength of the stimulus presented on each trial to the stimulus

of the previous trial, making each stimulus serve both as com-

parison and, successively, as base. We find a novel, bimodal

contraction bias in the performance of human subjects and

reproduce it in the RNN model. We stress that we do not

fine-tune the model to any individual paradigm, nor do we fit

the RNN to experimental data or use gradient descent for

learning. Instead, we fix hyper-parameters across experiments

and use only local Hebbian plasticity to let the weights evolve

continuously.

RESULTS

As an overview, we first illustrate the key experimental para-

digms, the perceptual biases that emerge in such paradigms,

and the schematic architecture of the neural network model

(Figure 1).

An RNN model with ongoing Hebbian plasticity

Network architecture

We considered an RNN model, taking inspiration from neurobio-

logical evidence indicating that perceptual biases may occur in a

recurrent subregion of the motor cortex (see STAR Methods for

details). The network is composed of N threshold linear units,

which model the neurons or the ensemble activity of a group of

them. The activity state of the network V
→
(t) represents the firing

rate of all N units at each time t. Although the network state

evolves continuously through the synchronous update of all

units, for clarity, we present the update for each unit Vi individu-

ally, which obeys the equation20–22:

Vi(t + 1) = (1 − γ)Vi(t)+ γg

[
1

N

∑N

j = 0

Wij(t)Vj(t)

− T
(

〈V
→
(t)〉

)
+ ηξi(t)

]+

; (Equation 1)

where γ sets the timescale of the neuronal dynamics and [z]
+

=

max(0; z). The neural input field, within the square brackets, is

based on Treves23 and Schönsberg et al.24 and determines the

activity of the neurons through three components: the inputs

from the other neurons weighed by the recurrent connectivity

Wij(t) (which represents the strength of the synapse from neuron

j to neuron i), a time-dependent threshold T(〈V
→
(t)〉), and an

external input ξi(t), described below. The threshold does not

A B C

Figure 1. A single neural network model explains two perceptucal biases in three perceptual memory paradigms

(A) We consider three experimental paradigms: a working memory task in humans, where subjects report whether the second of a pair of sequential stimuli of

strengths SA;SB, separated by a variable inter-stimulus interval (ISI), was stronger than the first; a reference memory task where rats compare the strength of one

stimulus per trial to a fixed category boundary (orange); and a novel one-back task designed to test the generality of our model. Here, human subjects compare the

strength of one stimulus per trial to the strength of the stimulus in the preceding trial. In all three paradigms, trials are separated by a variable inter-trial interval (ITI),

and subjects receive rewards after correct choices.

(B) The performance of humans and rodents in these paradigms reveals two perceptual biases: the contraction of stimulus representations to the trace of past

stimuli and the repulsion between successive judgments.

(C) We reproduce both perceptual biases in a single neural network model, where a fully connected recurrent neural network (RNN) is driven by external inputs

(green) encoding stimulus intensity, while recurrent connections are continuously reshaped by Hebbian plasticity and can be positive or negative (red/black).
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represent any specific biophysical quantity directly; instead, it

serves to maintain a tendency toward a desired average activity

value, preventing activities from diverging toward zero or infinity.

Its value depends on the average activity across all units,

T(〈V
→
(t)〉) ≡ 4κ

(
1
N

∑N
i Vi(t) − a

)3

as in Schönsberg et al.,24

where a and κ are parameters setting the desired average and

the contribution of the threshold, respectively (see STAR

Methods for their values), while the cubic function is a simple su-

pra linear function that preserves the sign of the deviation.

Synaptic plasticity

For simplicity, we assumed that the network is dense, with bidi-

rectional connections Wij(t) between all pairs of neurons,

defined in a connectivity matrix W. All the connections evolve

in parallel to the neural dynamics. Specifically, starting from

random initial weights, the weights follow the Hebbian plasticity

rule,25 here reported again for one single connection:

Wij(t + 1) =
(

1 − λ − Vi(t)
2
)

Wij(t)+ (Vi(t) − a)(Vi(t) − a):

(Equation 2)

The parameters λ and Vi(t)
2

are simple normalization terms

that ensure the stable operation of a basic Hebbian learning

rule, with the latter inspired by Oja’s normalization.26 The activity

values in the second term, instead, are thresholded to yield both

positive and negative weights. The key point is that the weights

follow a biologically plausible learning rule based on Hebb’s prin-

ciple of synapse reinforcement, rather than being optimized us-

ing a gradient-descent-based machine learning algorithm.27 The

key distinctions between these two approaches lie in locality,

continuity, and supervision. The Hebbian learning rule is both un-

supervised and local, with changes in synaptic strength occur-

ring solely due to the relationship of activity at presynaptic and

postsynaptic neurons. These changes are gradual and contin-

uous, driven by the network’s ongoing activity. In contrast, the

optimization-based approaches that our model avoids are

relying on substantial amounts of information to train weights

globally, requiring supervision and multiple iterations. While the

Hebbian dynamics of Equation 2 may change the sign of some

weights in an apparent violation of Dale’s principle, we observed

that this occurs infrequently (see section Synaptic Weight

Changes and Biological Plausibility for details). We also note

that recent experimental observations have opened the possibil-

ity of a switch in the excitatory/inhibitory effect of a neuron on its

postsynaptic target.28

We fix the hyper-parameters γ; λ; η;g; κ; a to values that put the

network in a regime where the recurrent dynamics and the

learning occur without divergences (see STAR Methods for de-

tails). We stress that the model will be tested against the exper-

imental results of all four datasets with the same set of

parameters.

Stimulating the RNN

At each time step of the neural dynamics of Equation 1, the

external stimulus delivered to the units ξ
→
(t) can either be 0

→
(if

no stimulus is applied) or a pattern that represents the intensity

of the vibrational or auditory stimulus from the experiment. We

designed a set of input patterns ξ
→μ for representing stimulus in-

tensities between SMIN and SMAX where the index μ = 1;…;P

runs over the different discrete values of the stimulus intensity.

In a scheme that reflects key coding properties of the rat’s pri-

mary vibrissal somatosensory cortex (vS1),29,30 the input ξμ
i to

the ith RNN unit for a stimulus of strength Sμ is a threshold linear

function of the stimulus strength with a random positive or nega-

tive slope, as shown in Figure 1C (green inputs) and STAR

Methods. This choice reflects the presence of neurons in vS1

whose tuning curves are either positively correlated or anti-

correlated with stimulus strength. These conditions are similar

to the binary morphing patterns of Blumenfeld et al.31 in that

our inputs ξ
→μ, even though continuous rather than binary, also

display gradual morphing: the correlation between two patterns

ξ
→μ and ξ

→ν decays with the absolute difference in the corre-

sponding stimulus intensities ΔS = |Sμ − Sν|. This morphing

structure will be key in shaping the dynamics of the RNN, as

we discuss below. The precise stimulation protocols, i.e., the

duration of each stimulation and each inter-stimulus interval

(ISI), for all the tasks are given in appendix input patterns.

Reading out the intensity encoded by the RNN and

detecting the choice

While the readout of the stimulus intensity represented by the

RNN is independent of the task, the way we model the choice de-

pends necessarily on the nature of the experiment. Inasmuch as

the decision-making derives in humans by verbal instruction and

in rats by an extensive training regime, it is reasonable to assume

that learning of the behavioral context cannot be captured by

model parameters in the current implementation. Specifically,

we read out the intensity encoded by the RNN state V
→
(t) by

computing the normalized cosine similarity between V
→
(t) and

all the P input patterns ξ
→μ. This ‘‘overlap profile’’ has P values

that, owing to the correlation structure of the input patterns,

follow a smooth, bell-shaped distribution with a single maximum.

The stimulus intensity corresponding to the pattern ξ
→

with the

maximal overlap is referred to as the network’s internal represen-

tation. The choice is instead determined based on the behavioral

task. If the task requires comparing the current stimulus to a pre-

vious stimulus, as in the working memory and one-back experi-

ments, we extract the choice at the second stimulus onset by

comparing the second stimulus to the network’s internal repre-

sentation, which will reflect the previous stimulus. If the task

instead requires categorizing the intensity of a single stimulus,

as in the reference memory experiments, the choice is extracted

by considering how the internal representation evolves after the

stimulus is removed. If the internal representation evolves to-

ward higher stimulus intensities, the stimulus is considered

weak, and vice versa.

Human participants and the RNN model display

contraction bias in a working memory task

We first applied the model to a human working memory experi-

ment (Figure 1A). Participants were presented with pairs of vibra-

tory stimuli of strengths (SA;SB) and tasked with reporting which

of the two stimuli was stronger, earning a reward for correct

choices (see STAR Methods for details). This paradigm has

been used in several forms to explore working memory.2,3,18

We conducted the experiment with 16 human subjects, each

completing approximately 1,000 trials. The performance of
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human participants (Figure 2A) shows intriguing asymmetries.

For example, the pair (105, 80) yielded 21% lower performance

(69% vs. 90%) than the pair (80, 105), even if the difference be-

tween stimuli is of the same magnitude (25 mm/s). This asymme-

try can be interpreted as an outcome of contraction bias3,5 as fol-

lows: during the ISI, the memory of the intensity of the base

stimulus SA moves toward an average of all previous stimuli,

weighted by their recency through an unknown function. Thus,

for the first pair, the memory of SA, ideally fixed at 105, moves

closer to the stimulus to which it must be compared, i.e.,SB

(80), making the task harder and leading to errors. For the second

pair, the memory of SA moves toward the recency-weighted

average, which is itself in the neighborhood of 80mm/sec.

Because the base stimulus is in the vicinity of the recency-

weighted average, little contraction occurs, leading to fewer er-

rors. Indeed, the SA memory may be ‘‘stabilized.’’ The thin black

arrows in Figure 2A point toward the stimulus pair that is easier to

discriminate among pairs with the same difference in stimulus

strength. This bias also manifests in the average psychometric

curves across subjects, after separating trials according to

whether SA = 80mm/s or SB = 80mm/s (Figure 2B). Unbiased,

perfect choices would result in a step function, which is ap-

proached by the psychometric curve obtained when the first

stimulus SA = 80mm/s. If instead the second stimulus is equal

to the mean stimulus, SB = 80mm/s, performance is poor.

To simulate an experiment, we started both recurrent and

Hebbian dynamics, Equations 1 and 2, from random initial con-

ditions. We then delivered a sequence of stimulus pairs with

the same distribution of intensities and ISIs as in the experiment

with human subjects (see STAR Methods for details). After

S
(n)

A —the base stimulus in trial n—has been delivered, the

external input ξ
→
(t) is set to 0 and S

(n)

B —the comparison stimulus

in the same trial—is delivered after a delay. If at the onset of S
(n)

B ,

its intensity is larger than the internal representation of the first

stimulus, as encoded by the RNN, the RNN makes the choice

S
(n)

B > S
(n)

A , and vice versa. Collecting choices in this simple

way, we found clear evidence of contraction bias in the accuracy

of the choices of the RNN (Figure 2E), revealing that the internal

representation of the RNN contracts toward the average of past

stimuli. As seen for human participants, the model’s psychomet-

ric curves show good accuracy of the RNN on trials where the

first stimulus intensity is near the mean stimulus intensity, while

accuracy is lower on trials where the second stimulus intensity

is near the distribution mean (Figure 2F). The quantitative differ-

ences in the shape of the curves between Figures 2B and 2F may

stem from several factors, including the number of subjects.

However, our main focus is to highlight the qualitatively similar

behavior, specifically the steeper increase in response around

the mid-stimulus in one condition (dark green) compared with

the other (light green).
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Figure 2. Contraction bias and history dependence of choices in a working memory task

(A) Accuracy of human participants in comparing the intensities of two vibrations (SA;SB). Arrows explained in main text.

(B) Psychometric curves based on the stimulus difference if either the first or the second stimulus is 80 mm/sec (light and dark green, respectively). Points

correspond to experimental data, solid lines to a sigmoidal fit (see STAR Methods).

(C) Probability that the second stimulus is (correctly) classified as stronger as a function of the strength of the second stimulus SB in the preceding trial. This plot is

shown for the three stimulus pairs highlighted by colored arrows in (A).

(D) Coefficient values (β) of a GLM fit of the choice at the nth trial as a function of the most recent six perceived stimuli.

(E–H) The same results are reproduced in the RNN model under conditions mimicking those of (A)–(D).
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History dependence of choices in working memory task

A fundamental feature of contraction bias reported in previous

studies3,32 is recency—the dependence of choices on the

stimuli of the immediately preceding trial. We uncover this ef-

fect in the current dataset in Figure 2C. The colored lines

show the probability of making the choice S
(n)

B > S
(n)

A for the

three different pairs in the nth trial as a function of the second

stimulus in the (n − 1)th trial, S
(n − 1)

B . For all three pairs of

stimuli shown in Figure 2C, the weaker the preceding stimulus

S
(n − 1)

B , the higher the probability that S
(n)

B was correctly clas-

sified as stronger than S
(n)

A . This shows that the stimulus

S
(n − 1)

B is strongly weighted in the continuously updating

average toward which S
(n)

A is contracted. Tracing the influence

of the six most recently received stimuli, i.e., (S
(k)

B ;S
(k)

A ) for

k = n; n − 1 and n − 2, on the choice at trial n using the co-

efficient values β of a generalized linear model (GLM) reveals

a positive effect of the last stimulus (meaning that subjects

correctly used the current trial’s SB intensity to make choices)

but a negative effect of previous stimuli; this effect decays for

stimuli that are further back in time (see Figure 2D). This is

replicated in the model. As shown in Figure 2G, choices

made based on RNN representations have the same history

dependence on previous choices as do the choices of human

subjects, which is further confirmed by a GLM analysis of

RNN-based choices (Figure 2H).

In appendix working memory paradigm of Akrami et al.3, we

also reproduce the experimental results from a published data-

set by Akrami et al.,3 which corresponds to a different working

memory experiment involving a distinct sensory modality, an

auditory delayed comparison task. Specifically, we reproduce

the contraction bias and history dependence of choice observed

in that experimental design, as well as the relationship between

contraction bias and the time interval between the two stimuli.

Recurrent dynamics and continuous plasticity yield

perceptual biases

How do the perceptual biases arise in the RNN model? As shown

in the Videos S1 and S2 and captured in the snapshots in

Figures 3A–3D, at the beginning of a session (Figure 3A), when

the connectivity is still close to its random initialization, the

RNN develops a large overlap with its first external input (violet

line) as seen by the overlap profiles representing the cosine sim-

ilarity of a given network state with all the different input patterns

(going from light gray to dark gray as time increases). However,

as soon as the external input is released, the RNN quickly decor-

relates and the overlap profile becomes almost flat (Figure 3B). In

other words, no particular stimulus intensity is represented by

the network. After a few more trials, the effect of Hebbian

SA

INTERNAL
REPR.

SBSMIN SMAX

EN
ER

G
Y

RELAXATION TOWARDS
THE ATTRACTOR

MOVEMENT OF THE PLASTIC ATTRACTOR

SMIN SMAX

EN
ER

G
Y

E(0)

E(t0)E(t0+τ)

SMIN SMAX

EN
ER

G
Y

E(t0+2τ)

E(t0+τ)

SAMPLE 1st TRIAL

O
ve

rl
ap

O
ve

rl
ap

O
ve

rl
ap

O
ve

rl
ap

SMIN SMAX SMIN SMAX SMIN SMAX SMIN SMAX
INTERNAL REPR. 

ATTRACTOR
STIMULUS

SAMPLE 50th TRIAL

E F

A B C D

S(t0) S(t0+τ)

Figure 3. Dynamics of a neural network model capturing perceptual biases

Top row: RNN dynamics during the 1st and 50th trials are visualized using the overlap profile—the normalized cosine similarity between the RNN state V
→
(t) and

input patterns ξ
→μ for each stimulus intensity Sμ. Snapshots at selected time steps (10, 14, 20 and 20, 36, and 49 of a reference memory trial) show the evolution

during and after stimulation (gray lines darken with time).Green lines depict the overlap profile of the attractor Equation 1, with weights fixed at W(t). Violet bars

mark stimulus intensity. See Videos S1 and S2 for full trial dynamics.

(A) The RNN state aligns with the presented stimulus.

(B)After stimulus removal, the overlap flattens.

(C and D) By the 50th trial, Hebbian plasticity reshapes the connectivity, forming a peaked attractor. Bottom row: plasticity sculpts a dynamic attractor, illustrated

via a sketch of the energy landscape near its minimum, across network states V representing different stimulus strengths.

(E) After stimulus SA (filled violet), the RNN relaxes toward an attractor, whose intensity is the trace of past stimuli. In a working memory task, a later stimulus SB

(orange) may be misclassified if the memory of SA (empty violet) has shifted beyond SB, leading to contraction bias.

(F) Sketched energy profiles over time: initially (gray), no bias is present. Repeated stimulation induces a minimum that shifts progressively due to Hebbian

plasticity. Effects in (E) and (F) occur concurrently.
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plasticity becomes apparent: overlap profiles remain peaked

even after the stimulus offset, meaning that the network repre-

sents a uniquely identifiable stimulus intensity every time, the

one corresponding to the peak of the black bell-shaped curve

in Figure 3D. This behavior reflects the emergence of an attractor

state with a peaked overlap profile. For binary morphing patterns

and one-shot learning of the connectivity, Blumenfeld et al.31

indeed proved that a unique attractor emerges. In our case,

the attractor emerges from the interplay of continuous Hebbian

plasticity, the morphing input pattern structure, and intermittent

stimuli presented, making it harder to analyze. However, we can

make the attractor explicit at each time step t by freezing the

connections W(t) and letting the network converge to the fixed

point V
→

FP(t) of the recurrent dynamics (Equation 1). The overlap

profiles of the attractors at the sample frozen steps are shown in

green in Figures 3A–3D (light to dark as time increases); see also

Videos S1 and S2.

The attractor constrains the dynamics of the network. The

movement of the attractor, due to the Hebbian plasticity and

the incoming stimuli, leads to choices that exhibit perceptual

biases. The argument can be simplified by first considering a

network with fixed weights at a certain time t. The position of

the attractor associated with these weights, and thus the stim-

ulus intensity it encodes, can be viewed as the minimum of an

effective energy function E(t) in the vicinity of its minimum, as

sketched in Figures 3E and 3F. We do not provide an explicit

form of the energy function, as is done for simpler models.23,33

Instead, our goal is to offer a conceptual sketch that aids under-

standing, where the attractor is envisioned as the bottom of a

valley, with the dynamics of the RNN following the contours of

this valley. At the offset of the first stimulus SA in a working mem-

ory trial (violet in Figure 3E), the state of the RNN evolves to mini-

mize the energy function. The stimulus intensity encoded by the

RNN relaxes toward that corresponding to the attractor. In the

trial sketched in Figure 3E, this relaxation reduces the distance

between the internal representation of the first stimulus and the

intensity of the second stimulus, SB (shown in orange). If the

ISI is long enough for the internal representation to ‘‘overtake’’

the intensity of the second stimulus, the RNN makes an erro-

neous choice by classifying the intensity of the second stimulus

as lower than the first.

Although the attractor’s location will generally be close to the

mean stimulus intensity, ongoing Hebbian plasticity causes its

position to be continuously influenced by the external stimuli.

We refer to the trace of past stimuli as the quantity tracked by

the attractor’s location. While it acts as a sort of recency-

weighted average of past stimuli, the precise relationship be-

tween past stimuli and attractor location is complex and

nonlinear, as detailed in the discussion. Figure 3F illustrates

the effect of two stimuli delivered one after the other, the first

weaker and the second stronger than the attractor minimum.

At the beginning of a session at t = 0, the energy E(0) is almost

flat. Once a sequence of trials has taken place (t = t0), the en-

ergy has a definable minimum emerging through Hebbian

learning. If a stimulus is then delivered (violet), this induces a

change in energy, which we illustrate in the energy profile

E(t0 + τ) after some time τ. The same occurs with consequent

stimuli (orange). The movement of the attractor leads to the his-

tory dependence of the choice. In the working memory experi-

ment, if the second stimulus of the (n − 1)th trial was strong,

the attractor will have shifted toward higher stimulus intensities;

so the internal representation of the first stimulus in the next trial

will relax toward the new attractor and might overtake the sec-

ond stimulus, SB = 80, leading to the patterns of misclassifica-

tion seen in Figure 2G. Recall that the accuracy of the correct

choice for (70, 80) was high if S
(n − 1)

B was weak, and accuracy

declined for progressively stronger values of S
(n − 1)

B . If, instead,

the second stimulus of the (n − 1)th trial was weak, the attractor

will have shifted toward lower stimulus intensities, facilitating the

correct classification of S
(n)

B > S
(n)

A .

Reference memory

In this section, we show that the concurrent dynamical pro-

cesses in the RNN model—the movement of the attractor and

the relaxation of the RNN representation toward it—can also ac-

count for the repulsive biases observed in a reference memory

task in humans and rats, without any tuning of the hyper-param-

eters γ;κ;a;λ. In particular, we show that the serial dependence of

choices in contraction bias is (perhaps counter-intuitively) an

instance of repulsive bias.

Experimental data are from the reference memory study of Ha-

chen et al.,10 where the rat was tasked with reporting whether

each single presented stimulus was weak or strong across a se-

ries of trials (Figure 1A). Since Hachen et al.10 showed that in

well-trained rats, the internal representation of the threshold θ
separating weak from strong stimuli was primarily influenced

by the distribution of stimuli, rather than the stimulus/reward

contingency, we simulated the task by driving the RNN using

stimulus distributions akin to the experimental one, without

modeling reward. The model’s choice occurs at the stimulus

offset: if the internal representation, i.e., the peak of the overlap

profile of the RNN, relaxes toward higher intensities, the deliv-

ered stimulus is read out as weak; whereas if it relaxes toward

lower intensities, the delivered stimulus is read out as strong.

Hachen et al.10 showed that rats internally construct a repre-

sentation of θ to categorize stimuli over successive trials and

do not reliably retain it across sessions; the psychometric curves

derived from the first three trials of each session deviate only

marginally from chance level, as compared with those derived

from three random trials (Figure 4A). This poor initial performance

highlights the importance of learning the network connectivity

dynamically for any neural network model of this behavior.

Indeed, an initial set of trials is also necessary in our RNN model

in order to form an attractor that is correlated with past inputs.

Consequently, during the first three trials, neuronal configura-

tions relax toward states that are not yet correlated with the

effective inputs, resulting in decision probabilities closer to

chance level (Figure 4E).

The repulsive bias in the reference memory task can be seen

in two ways. Figure 4B shows the psychometric curves of rats

that were exposed to stimulus distributions biased toward

weak and strong stimuli (small light and dark blue histograms,

respectively). The psychometric curves in Figure 4B show

that an increased frequency of strong stimuli shifts the point

of subjective equality (PSE) toward stronger stimuli, and vice

versa for an increased frequency of weak stimuli. The same
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occurs considering the psychometric curves conditioned on the

(n − 1)th stimulus; Figure 4C shows that the PSE of the nth

trial is pushed up to stronger stimuli after experiencing a strong

stimulus on the (n − 1)th trial, and vice versa. The same bias

emerges in the RNN model as a consequence of Hebbian plas-

ticity. High-intensity inputs shift the location of the attractor to-

ward high-intensity inputs, cf. Figure 3F. This shift translates to

the effect shown in both measurements: a higher probability of

categorizing a given stimulus as weak (or strong), for a stimulus

distribution biased toward higher (or lower) intensities, as

shown in Figure 4F, and a shift in the PSE of the psychometric

curves, given the different (n − 1)th stimuli (Figure 4G). In ap-

pendix asymmetric shift of psychometric curves in Hachen

et al.10 and individual differences, we discuss the quantitative

disparity between Figures 4B vs. 4F, which appears to stem

from individual subject differences—a phenomenon we can

also replicate with different random realizations. Here, we

emphasize that the results presented reveal that the model

captures, in general, the relative importance of the preceding

stimuli on the choices, as reported in Figures 4D and 4H.

The one-back experimental paradigm—Plasticity and

relaxation at a glance

Our analysis highlighted the importance of the movement of the

attractor in the RNN for recency and repulsive biases to emerge

in perception. To challenge the generality of our model, we de-

signed a novel one-back task. Participants undertake a

sequence of trials, each of which presents a single tactile stim-

ulus, similar to the reference memory task. However, triggered

by the go cue, they must compare the current trial’s stimulus

not to a fixed category boundary but to the stimulus of the previ-

ous trial. Comparing the current stimulus to the preceding stim-

ulus is akin to the working memory task; however, there are

marked distinctions. First, the two stimuli are not bundled

together in one trial but are distributed to sequential trials. Sec-

ond, each stimulus has two functions: it is initially the compari-

son stimulus for judgment relative to the preceding trial, but

with choice made, it now becomes the base stimulus for the

next trial (Figure 5A). A crucial feature of the paradigm that tests

for the dynamics of the attractor is that stimulus intensities are

grouped into two clouds, a ‘‘low’’-intensity cloud with stimuli

A B C D
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first 3 trials
3 random 
trials

first 3 trials
3 random 
trials

Figure 4. Psychophysical and RNN results in a reference memory task

In (A)–(D), the experimental data from Hachen et al.10 are replotted.

(A) Psychometric curves obtained from the first three trials of each session (light blue) and from three randomly selected trials per session (dark blue). The dashed

vertical lines in (A)–(C) mark the category boundary. The point of subjective equality (PSE) is denoted by a square.

(B) Psychometric curves for sessions where input distributions had an average stimulus intensity of 88 (light blue-green histogram) and 118 (dark blue histogram).

The input stimuli ‘‘attract’’ the psychometric curves toward the mean of the distribution. This curve shift does not occur if the distribution of the inputs is kept

uniform, but the reward is delivered according to a category boundary displaced from the mean of the distribution (not reported here, see Hachen et al.10).

(C) The probability of categorizing a stimulus as ‘‘strong’’ conditioned on the intensity of the previous stimulus. Blue squares represent the PSE.

(D) Coefficient values β derived from the generalized linear model (GLM) predicting choice, given the stimulus intensities of the 10 preceding trials.

(E–H) Showing results from the RNN under conditions mimicking those of the experiments. In (A) and (B) and (E)–(G), points correspond to experimental data, solid

lines to sigmoidal fits (see STAR Methods).
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labeled from 1 − 4 and a ‘‘high’’ cloud of stimuli labeled from

6 − 9. After a stimulus is drawn from the low/high cloud, the

next stimulus is drawn either from the same cloud or is the inter-

mediate stimulus 5. A transition from one to the other cloud may

occur only with a trial at the intermediate stimulus. The transition

probabilities p(S(n)|S(n − 1)), shown in Figure 5A, can lead to long

sequences of stimuli constrained to one of the clouds (mean

within-cloud string length is 18 trials; median is 13). This para-

digm tests the prediction that subjects’ psychophysical results

will reflect the attractor’s continuous movement between the

two clouds, as the trace of past stimuli transitions between low

and high.

The experiment comprised twenty-four human participants,

each completing 750 trials. Figure 5B shows the probability

that a given stimulus was judged as stronger than the previous

as a function of time after a jump between clouds. By objective

physical measures, within each cloud the (n)th stimulus is

equally likely to be weaker or stronger than the (n − 1)th stim-

ulus. But perceptual biases were uncovered in actual partici-

pants. After a switch from the high- to the low-intensity cloud,

participants consistently underestimated the strength of the

(n)th stimulus (against the (n − 1)th stimulus) over the first

few trials (blue line), before stabilizing around the correct value

of 0.5. Conversely, after switching from low- to high-intensity

stimuli, stimulus intensities were overestimated initially (red).

The RNN model generates analogous behavior (Figure 5E). The

model’s results are explained by the attractor migrating gradu-

ally, after the cloud switch, from its previous position around

the average intensity of the opposite cloud. As the (n − 1)th

stimulus representation is pulled toward the earlier cloud, a

strong bias produces the observed misclassifications. As the

stimulus string remains in the current cloud, the attractor slowly

settles to a new globally stable position with small dynamical

movements around the average intensity value of the cloud.

Averaging over time, the overall influence of previous stimuli

on the choice can be estimated in terms of GLM coefficients

as done in the previous two paradigms, showing similar results;

the choice at trial n depends, with a decaying weight, on the pre-

vious stimuli as found in both experimental and model data in

Figures 5C and 5F).

The one-back paradigm highlights that the shifting of internal

representations, which is responsible for contraction bias,

does not occur toward the global average of stimulus intensities,

which would be the center of the stimulus range, intensity 5;

instead, internal representations contract toward an intensity

value that changes in time. The contraction bias in the one-

back task is most evident considering choices of participants af-

ter experiencing the same input successively, S(n) = S(n − 1). The

probability of categorizing S(n) > S(n − 1) deviates from 0.5 in a

discontinuous trend, shown in Figure 5D for human subjects.

For instance, within a stream of low-intensity stimuli, the second

presentation of stimulus of intensity 5 is consistently categorized
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S(n-1) S(n)
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Figure 5. The one-back task highlights the plasticity of the attractor as it moves between stimulus clouds

(A) We introduce the novel one-back task, where subjects are tasked to compare the strength of one stimulus per trial with the strength of the stimulus in the

preceding trial (top). We design the transition probabilities governing the strength of the nth stimulus given the strength of the (n − 1)th stimulus for this task

(bottom) such that long consecutive sequences of stimuli from the low-intensity or high-intensity ‘‘clouds’’ appear.

(B) Probability of human subjects categorizing a stimulus as stronger than the preceding stimulus within each cloud as a function of the time elapsed since the

transition between clouds.

(C) Coefficient values (β) of the generalized linear model (GLM) of the choice at trial n, given the six preceding stimuli.

(D) Probability of categorizing S(n) > S(n − 1) when S(n) = S(n − 1). If the pair (75, 75) is preceded and followed by stimuli from the low cloud, it is considered part of

the low cloud, and vice versa for the high cloud.

(E–G) Results obtained from the RNN model.
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as stronger than the previous stimulus of intensity 5, while the

opposite is true within a stream of high-intensity stimuli. The in-

ternal representation of intensity 5 contracts toward a lower

value when it is part of a low-intensity sequence, and vice versa,

consistently biasing the categorization of the second instance of

intensity 5. The RNN model fully reproduces this behavior

(Figure 5G). Indeed, during the ITI, the internal representation

of the stimulus relaxes toward the running attractor, replicating

the temporal dynamics of actual human subjects. Note that the

asymmetry in the experimental results for stimuli from the high

vs. the low cloud in Figure 5D and the decay of the red curve

to a value larger than 0.5 in Figure 5B arise from a combination

of the Weber-Fechner law and the stochasticity in the stimulation

setup. In our model, where the Weber-Fechner effect is not

included, the asymmetries in Figures 5E and 5G stem solely

from this stochasticity in the stimulation, as detailed in appendix

the effect of the stochasticity in the stimulation setup. We

emphasize that, again, this simulation was achieved with no

external re-setting of the hyper-parameters γ; λ; η; g used previ-

ously for working memory and reference memory simulations.

DISCUSSION

Perceptual biases1,3,5,7–11 offer a window into the computational

processes underlying perceptual judgments, but the neural

mechanisms from which they emerge remained poorly under-

stood. Here, we proposed a simple RNN model with ongoing

Hebbian plasticity that reproduces perceptual biases across

four datasets spanning three different experimental paradigms,

without any per-paradigm fine-tuning. Combining Hebbian plas-

ticity with a set of biologically inspired input patterns yields a dy-

namic point attractor. Contraction arises from relaxation toward

this plastic attractor, and the movement of the attractor, driven

by Hebbian plasticity, leads to both repulsion and recency ef-

fects. Our newly designed one-back task accentuates the move-

ment of this plastic attractor, and the RNN model correctly pre-

dicted the novel bimodal contraction bias we observed in the

performance of human subjects on the task.

Figure 6 provides a closer look at the time traces of the neurons

in our model. We report the intensity values of the internal repre-

sentation (gray) and of the attractor (green) in sample simulations

per paradigm. While the dynamics of neurons and weights follow

the same dynamical Equations 1 and 2 in all three settings, it is

the task-specific input distribution that leads to different choice

statistics. Wrong choices, highlighted by red rectangles, repro-

duce task-specific perceptual biases.

There are two important timescales in our model. One governs

the relaxation of the internal representation in the absence of

stimulation, while another governs the movement of the plastic

attractor. While the relaxation occurs on a shorter timescale

than the movement of the attractor, the two timescales are com-

parable, and both evolve in time. The movement of the attrac-

tor’s location, which we refer to as the trace of past stimuli, de-

pends on the states of the RNN V
→
(t), which in turn depend on the

attractor itself and on the external stimuli. These timescales are

thus only indirectly fixed by the hyper-parameters of the model;

instead, the memory decay of a stimulus representation occurs

over an effective timescale that emerges from the interaction of

individual neurons and from the continuously evolving connec-

tivity. We show in Figure S5 that this timescale is indeed much

longer than the timescale of individual neurons γ, meaning our

model addresses the key challenge of modeling working mem-

ory, namely, overcoming the discrepancy between the timescale

of the dynamics of individual neurons and the timescale of mem-

ory.17 This is particularly evident in the one-back paradigm sam-

ple reported in Figure 6C; a given stimulus influences the speed

of movement and the effective value of both the internal repre-

sentation and the attractor differently, depending on whether it

occurs at the beginning or end of a period of continuous stimu-

lation with stimuli from one of the two clouds. A promising direc-

tion for future research would be to explore how our findings

relate to previous studies suggesting that the perception of prob-

abilities extends beyond the running average.34,35

The idea that perceptual biases may arise from attractive dy-

namics has long been hypothesized. Initially, this concept was

framed through a phenomenological model involving two inter-

acting attractors with different timescales.10,14,15 More recently,

Boboeva et al.19 incorporated this idea into a computational

model that postulates two static continuous attractor neural net-

works with predetermined connectivity and tuning curves to
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Figure 6. A single recurrent neural network

with continuous plasticity reproduces two

different biases across three paradigms

The dynamics driving perceptual biases

aacross the three different experimental para-

digms. Evolution of the network in a sample

working memory (A), reference memory (B), one-

back (C) task.

The external stimulus is depicted in violet and in

orange when corresponding to SB in (B). The in-

ternal representation (dark gray) and attractor

position (green) at each time step is read out from

the maximum of the overlap profile. The red rect-

angles indicate instances of incorrect choices,

while the orange horizontal line in (B) represents

the overall average.
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reproduce a single experiment. In our model, we let a single RNN

learn its connectivity from stimuli via a local, biologically inspired

learning rule, and we obtained a model that generalizes across

behavioral tasks and species. While in Boboeva et al.19 contrac-

tion bias results from the difference in timescale of the two net-

works and the presence of adaptation only in one of them, in

our model, contraction bias is an emergent effect of learning.

Our model also successfully reproduces a key result that was

previously considered evidence for the concept that perceptual

biases arise from the interaction between two neural networks; in

a study by Akrami et al.,3 inactivation of the posterior parietal

cortex (PPC) subregion was shown to reduce contraction bias

in an auditory working memory tasks, despite no loss of memory

capabilities. We found that our RNN model replicates this

behavior following PPC inactivation by adjusting synaptic ho-

meostasis, as shown in Figure 7. Modifying the synaptic homeo-

stasis effectively places the model in a regime in which the

attractor tends to remain stuck at the intensity of the last

perceived stimulus. This adjustment preserves memory capacity

while reducing contraction bias, as the relaxation dynamics only

minimally varies the effective coded intensity. Our findings

suggest an alternative role for the PPC subnetwork in the modu-

lation of contraction bias, see appendix ‘‘Increasing synaptic

homeostasis reproduces the effect of optogenetic inactivation

of PPC’’.

In the future, it will be intriguing to confront our high-dimen-

sional RNN model with high-density recordings from brain re-

gions with recurrent circuitry. First, it would be interesting to

look for signatures of a dynamically moving attractor in neural re-

cordings from animals performing perceptual tasks, for example,

I.S.I. = t
I.S.I. = 2t
I.S.I. = 3t

homeostatic
(λ=0.014)
pathological
(λ=0.035)

MODEL RESULTS ON THE EXPERIMENTAL
 PARADIGM of (Akrami, et. al., 2018, Nature) 

A B

C D

correct choices (%)

Figure 7. Increasing synaptic homeosta-

sis reproduces the effect of optogenetic

inactivation of PPC. Replication of the

experimental results of Akrami et al.3 with

our RNN modelsee appendix working

memory paradigm of Akrami et al.3

(A–C) reproduce Figure 1B, Figures 2A–2C,

Figure 1D, and Figure 3C of Akrami et al.3 (A)

Probability of correct choices for eight stimulus

pairs and (B) depending on previous pair. (C)

Performance across a subset of pairs depending

on the ISI intervals.

(D) Performance variations when λ = 0:035 (yel-

low). Solid lines in (C) and (D) are fits.

by analyzing how stimulus intensities are

represented by the neural population and

how neural activity relaxes after stimulus

removal. More generally, it is interesting

to contrast neural representations and

their geometry36–38 found in vivo with rep-

resentations obtained from RNN models

with continuous Hebbian plasticity and

RNNs trained with gradient descent.

Our model has some limitations. We

assumed a dense network with all-to-all

recurrent connections, although it is un-

clear whether this accurately reflects

the connectivity in the brain’s memory storage networks, such

as vibrissal motoro corotex (vM1).30 Additionally, our model as-

sumes that inputs predominantly originate from a single region,

with a balanced input distribution (50% code external input in-

tensity positively, and 50% code it negatively). However, record-

ings from VS1 suggest that most units actually code intensity

positively. Future work should investigate the effects of sparser

connectivity and unbalanced input schemes on the network’s

behavior.

Our model shows how attractors, which have long been

contemplated to code intensity in the brain,10,18,19 can be learnt

continuously from the input distribution using a local learning

rule. Our study also highlights the potential significance of tran-

sient RNN dynamics for encoding and processing information.

The mathematical analysis of an RNN with ongoing Hebbian

plasticity driven by intermittent, correlated inputs is a significant

challenge. The recent dynamical mean-field theory for coupled

neuronal-synaptic dynamics by Clark and Abbott39 represents

an excellent starting point. Finally, extending this model beyond

sensory perception is another promising direction for further

research.
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Data and code availability

• Data reported in this paper are available from the lead contact upon

reasonable request.

• The code used to simulate the RNN is available at https://osf.io/msbuh/,

doi:10.17605/OSF.IO/MSBUH.

• Any additional information required to reanalyze the data reported in this

paper is available from the lead contact upon request.
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STAR★METHODS

KEY RESOURCES TABLE

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Human working memory task

Sixteen subjects participated in the WM task. All subjects performed one WM session, lasting approximately one and a half hour for a

total of 1000 trials. All subjects were volunteers and were paid after the participation, on the basis of how well they performed. The

study protocol conformed to international norms and was approved by the Ethics Committee of the International School for

Advanced Studies (SISSA).

Human one-back task

Twenty-four human subjects (ages 19-38), recruited from the online research participation system (SONA), participated in the One

Back Experiment. The study adhered to frame of rules specified by international norms for human behaviour experiments and was

approved by the Ethics Committee of the International School for Advanced Studies (SISSA).

METHOD DETAILS

Experimental protocols

Human working memory task

All experiments took place in the SENSEx Lab at SISSA. The subjects sat in front of a PC screen with their right arm resting on a pillow

upon the desk, using their right index fingertip to trigger an infrared sensor in order to begin a trial; when doing so, their fingertip would

be in contact with a plastic probe. The probe was attached to a shaker motor (type 4808; Bruel and Kjaer), producing vibrations in the

horizontal direction, perpendicular to the fingertip. Subjects’ responses were reported by pressing one of two buttons with the right

hand. The experiment was automatised via LabVIEW (National Instruments).

Each stimulus was a noisy vibration, obtained by stringing together randomly sampled velocities. Velocities were obtained by sam-

pling a normal distribution with 0 mean and defined by the standard deviation σ, ranging from 3 to 20; the mean stimulus speed is

directly proportional to σ, and the motor amplifier gain was set so that the average stimulus speed would be 10 times the value of

σ, measured in mm/s. The sequence of velocities formed one seed. There were 50 different seeds for each vibration mean speed,

making the signature of a given vibration hard to recognise and making the mean speed a more salient feature.

The subject’s finger had to remain in the sensor for the entire trial, comprising: pre-stimulus delay (500ms), base stimulus (334ms),

inter-stimulus-interval (either 2, 4 or 8s), comparison stimulus (334ms), post-stimulus delay (500ms); after this sequence elapsed, a

visual go cue signalled to the subject to report their choice. If the subject lost contact with the sensor before the go cue, the trial

aborted, and a new one had to be initiated.

Nominal pair difficulty does not depend on the value of the stimuli, but on the relative difference between them: the closer they are,

the more difficult the discrimination. We expressed this difficulty using an index, the Normalised Speed Difference (NSD), according

to Weber’s Law:

SB − SA

SB + SA

The stimuli pairs were arranged in two sets: a vertical set, in which the SA σ was fixed at 8, and a horizontal set, in which the SB

stimulus σ was fixed at 8. For both sets, NSD values ranged from -0.25 to 0.25, including 0, and the non-fixed σ was calculated

accordingly. Stimuli pairs from both sets were randomly presented during the WM sessions.

The GLM model employed a logistic link function and the parameters were estimated via Maximum Likelihood Estimation by boot-

strapping trials on a subject by subject basis.

Human one-back task. The experiment was conducted in Human labs at SENSEx Lab in SISSA. The subjects were seated in a

dimly lit room. The experiment was executed in LabView software. Subjects viewed a monitor screen for cues and feedback related

to the task. They wore headphones that presented white noise and eliminated any external sounds from the environment or motor.

REAGENT or RESOURCE SOURCE IDENTIFIER

Software and algorithms

We developed python code to simulate and

analyse the recurrent neural network model.

http://osf.io/msbuh 10.17605/OSF.IO/MSBUH
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The vibrotactile stimuli were delivered to the tip of their right-hand index finger through a shaker motor (type 4808; Bruel and Kiaer).

The responses were recorded using keyboard button press using left hand. The subjects saw a blue dot as fixation on the screen.

They received feedback (green/red dot for correct /incorrect) on each trial through the screen.

The subjects performed a one-back memory task where the goal was to compare stimulus S(n) with S(n − 1). The stimuli were gener-

ated by sampling a sequence of velocity values. The probability of velocity values was drawn from a normal distribution (μ = 0, SD = σ
in mm/s). The gain of the motor was amplified 10 times. The velocity sequence was taken randomly from 50 seed values for a given

trial. These were transmitted as voltage values to the shaker motor producing motion in horizontal direction using a plastic knob deliv-

ered perpendicular to the finger. The stimuli had a fixed duration of 350 ms. The judgement is based on the mean speed of the stim-

ulus, which is subjectively reported by subjects to be ‘‘strength’’, ‘‘amplitude’’, or ‘‘intensity’’. The mean speed of the vibration was

proportional to the SD values used. Nine SD values [2.5, 3.75, 5, 6.25, 7.5, 8.75, 10, 11.25 and 12.5] were used.

Each trial began with stimulus delivery followed by response time window (timed on the screen by a graphical motion of blue colour

filling a vertical bar) followed by Inter-Trial Interval (ITI). The subjects had two seconds available to report their decision by pressing

keys [A or D]. After every response, the feedback was displayed on the screen. Failure to respond within the given response time

resulted in a timeout. Three ITI values [0, 2 and 6 sec] were used, resulting in total ITI of 2, 4 or 8 seconds between two consecutive

stimuli. Reward was delivered for correct choices (if the same stimulus intensity is presented on two consecutive trials, the correct-

ness of the comparison is rewarded randomly.)

The experiment lasted one hour and was divided into 3 blocks (250 trials each). Each subject performed a total of 750 trials. The

average performance of subjects in One Back task is 76.63 percent. All data analyses were performed using custom scripts in

MATLAB. The GLM model was calculated as introduced in the previous section.

RNN model

Motivation

The four psychophysical experiments that we reproduce with our model – a reference memory, two working memory, and a one-back

memory tasks– are comprised of judgements made on vibratory stimuli delivered to the fingertip of human participants, to the whis-

kers of the rats or by auditory stimuli delivered to rats. As far as rats and tactile stimuli are considered, the model may be considered a

representation of the frontal cortical region known as vibrissal motor cortex (vM1), the main target of somatosensory cortex in rats.40

vM1 is involved in memory, decision making, and motor planning and is a recurrent network that receives afferent inputs from the

primary vibrissal somatosensory cortex (VS1).40 In humans, the corresponding cortical regions that fulfil these tasks are currently un-

known, though new evidence is emerging.41

Sources of Randomness

Different realizations of the model arise from several sources of randomness: a) The realization of the input pattern scheme; b) The

realization of the stimulation protocol; c) The stochasticity in the stimulation setup for each delivered input; d) The random initialization

of the weights. The random protocols for a, b, and c are described in appendix input patterns), the one for d in the following simulation

subsection.

Input patterns

Our model for the afferent inputs to the RNN units is inspired by physiological recordings from Arabzadeh et al.29 and Fassihi et al.30 of

the primary vibrissal somatosensory cortex (VS1). They found that the majority of vS1 neurons in behaving rats show monotonically

increasing firing rates as vibration intensity increases, with heterogeneity across neurons in regard to sensitivity (minimum vibration to

cause excitation) and slope. We set the ratio of positive versus negative slopes to 50% to account for the possible presence of in-

terneurons. Half of the neurons receive inputs whose magnitude increases with stimulus strength (positive slope), while the other half

receives inputs that decreases with stimulus strength. We discretize the intensity line, from a minimum to a maximal value, into P bins

labelled μ = 1::P. We thus obtain an input pattern matrix ξ of size N× P, where ξμ
i is the input unit i receives when the intensity value

corresponding to the μ label is delivered to the network. We provide additional details about the generation of input patterns used in

our model in appendix input patterns. In addition, we also model the stochasticity of the experimental stimulation setup, a minor detail

also explained in appendix input patterns, for which, essentially, each stimulus strength is actually defined by a standard deviation.

The specific values for the standard deviations used to sample vibrational stimulus strengths and their respective extraction prob-

abilities used in both the tactile experimental sessions and the model are as follows:

Working Memory Task Standard deviation values (σ) were 4.8, 6.22222, 7.05888, 8, 9.06667, 10.28577, and 13.33333. The SA and

SB couples were organised as depicted in Figures 2A and 2E), with each pair extracted with equal probability.

Reference Memory Task Standard deviation values (σ) were 4.3, 5.8, 7.3, 8.8, 10.3, 11.8, 13.3, and 14.8. Each value was extracted

with equal probability, except in Figures 4B and 4F, where biased extraction probabilities were indicated in the plot.

One-Back Task Standard deviation values (σ)were 2.5, 3.75, 5, 6.25, 7.5, 8.75, 10, 11.25, and 12.5. Extraction probabilities were as

reported in Figure 5).

Details on the input generation. Here, we provide additional details about the generation of input patterns utilised in our model. The

inputs are represented by a matrix ξ of size N× P, where N is the size of the network and P are the number of bins discretising the

intensity values from a minimal to a maximal one. Each row ξ
→

i denotes the input profile received by neuron i for every intensity value.

Each column ξ
→μ represents the pattern of activity delivered to the network when a specific input intensity, labelled as μ, is present,
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with ξμ
i denoting the intensity input received by neuron i for input μ. To discretise intensity values, we divide a range from a minimum

sMIN to a maximum sMAX intensity into P bins, each coding for the intensity ((SMAX − SMIN) =P). To generate the input patterns, we

employ the following procedure: we begin with a vector of length N containing random numbers ranging from − 1 to + 1; we create a

second vector by replacing each negative entry in the first vector with a random number between 0 and 1, and each positive entry

with a random number between − 1 and 0; we linearly interpolate P − 2 patterns from the first to the last vector, ensuring continuity

between intensity levels; finally, we set any negative values to zero to maintain non-negativity in the generated patterns. Through this

process, we obtain a set of input patterns ranging from ξ0
i to ξP

i . The pattern statistics can thus be summarised as follows: Approx-

imately 50% of units receive positively coded inputs, with the remaining units receiving no input for each intensity (Figure S1A, dis-

playing 50 sample profiles ξ
→

i with different colors). The average input pattern activity exhibits a slight decay towards ξP=2 before

increasing again (Figure S1B). The fraction of units receiving a non-zero input remains roughly constant across patterns

(Figure S1C). The correlation structure between patterns exhibits a monotonic shape, which explains why the dynamics observed

in the network after progressive Hebbian learning can be likened to a bell shape when considering the overlap with the inputs. In

Figure S1D, we show, in a sample with P = 50, the overlap ξ
→20 (light gray), ξ

→25 (black), and ξ
→30 (dark gray) with all other patterns.

Simulations

All simulations were conducted in Python, and we provide code to run them online. We employed the following hyperparameters for

eqs. (1) and (2): γ = 0:1, λ = 0:014, η = 2, and g = 1:2, κ = N, facilitating a homeostatic regime where learning and dynamic evo-

lution proceed continuously without stagnation. For simplicity, we set the limiting average activity a, towards which the network’s

average activity is driven by the threshold, to match the average input activity. This value depends on the random realization of

the input patterns in each simulation and is given by a = 1
NP

∑N
i = 1

∑P
μ = 1ξμ

i , typically yielding approximately 0.2. Variations of these

parameters are also feasible. We simulated an RNN with N = 200 units and parametrise the spectrum of weak to strong vibrational

stimuli with P = 100 input patterns. We initialised the RNN weight matrix with random weights ranging from -1 to +1 at the beginning

of each ‘‘experimental session’’, i.e. at the beginning of each run. Averages where performed on 100 random realisations each

composed by 500 trials for the working memory paradigm, 200 random realisations each composed by 300 trials for the reference

memory paradigm and 150 random realisations each composed of 750 trials for the one-back task. For the reproduction of the work-

ing memory paradigm of Akrami et al.3 we use N = 204, P = 102 in Figures 7A and 7B and N = 196, P = 98 in Figures 7C and 7D).

Averages were performed over 50 random realisations each composed of 500 trials. The temporal parameters of the experimental

protocol are configured as follows.

Working Memory Task 5 time steps before each stimulus, 5 time steps for stimulus presentation, followed by randomly selected

intervals of 5, 10, or 20 time steps before the second 5-time step stimulus, followed by a randomise interval of 10-15 time steps before

the following trial.

Reference Memory Task 10 time steps before the stimulus, 10 time steps for stimulus presentation, and a randomised interval of

between 10 to 20 time steps after the stimulus.

One-Back Task 10-time steps for stimulus presentation, followed by randomly selected intervals of 20, 40, or 80-time steps from

one stimulus to the next. In Figure 7 and we used a different stimulation protocol as reported in the capitation.

Working Memory Task of Akrami et al.3 5 time steps before each stimulus, followed by a presentation lasting 10 time steps for

Figures 7A and 7B and 5 time steps for Figure 7D. Subsequent to the initial stimulus, random intervals of 15, 30, or 45 time steps

occur before the second 10 steps stimulus, with a random interval between 10-15 time steps between subsequent trials.

Note that the exact relationship between ure cannot exceed one 8.5’’ x 11’’ page. Please do not include separate panels on multiple

pages/files.

We ask that declarationsthese time steps and real milliseconds is beyond the scope of this article. However, we demonstrate in

appendix further details on time scales in the model that this specific choice is not a fundamental feature to obtain the results shown

in the article.

Reading out the network

We read out the intensity which is internally represented by the RNN model at each time as the intensity value corresponding to the

stimulus that has the largest cosine similarity, or overlap, with the RNN state V
→
(t). We perform the choices based on these repre-

sentations as follows. In the working memory and in the one back paradigms, we compare the internal representation to the delivered

stimulus at the stimulus onset (only for SB in working memory). If the intensity of the delivered stimulus is larger than the internal

representation of the network, the delivered stimulus is considered stronger than the previous one, and vice versa. In the reference

memory paradigm, we consider the relaxation dynamics of the internal representation at the stimulus offset. If the internal represen-

tation relaxes towards higher intensities by the end of the trial, the stimulus is considered weak, and vice versa. When the choice is

ambiguous, i.e. if the (second) stimulus coincides with the internal representation for working memory and one-back, or if the internal

representation does not relax in reference memory, we take a random choice. Furthermore, we introduce ‘‘lapses’’ in all three par-

adigms, which reflect the animal’s tendency to make errors due to a lack of concentration. Specifically, we take at random the choice

in 10% of the trials, which are picked at random.
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Fitting psychometric curves to data

We fitted the psychometric curves in the experimental and the simulated data of Figures 2, 4, and 7 using a the same modified

sigmoidal function as Hachen et al.,10 which has the form

y = γ + (1 − γ − λ)
1

2
erf

(
x − μ
̅̅̅̅̅̅̅̅
2σ2

√

)

; (Equation 3)

where γ;λ;μ, and σ are all fitted to data (see Hachen et al.10 for a detailed discussion of the motivation and interpretation of the fitting

parameters). In Figures 2 and 7, y is the probability that the second stimulus is judged stronger than the first, SB > SA, and x is a cat-

egorical variable indicating the difference between stimulus intensity. In Figure 4, y is the probability that a given stimulus is judged

‘‘strong’’, and x is a categorical variable indicating the stimulus label with the weakest stimulus corresponding to 0.

Stimulation protocol

The stimulation protocol in the four different tasks dictates the stimuli delivered and the probabilities of delivering each of them at

every step, as in the experiments. In the model, at every step in time, the input ξ(t) appearing in Equation 1 is defined as follows:

{

ξ(t) = ξ
→μ ifastimulusintensitylabelledas$μ$isdelivered

ξ(t) = 0
→

otherwise
(Equation 4)

The precise time-steps defining the pre-stimulus interval, inter-stimulus interval (ISI), and inter-trial interval (ITI) for each paradigm

are provided in the STAR Methods section.

Stimulation setup stochasticity

For the tactile experiments, we also account for the additional variability introduced by the setup. While this is a minor detail, we

include it to ensure a proper comparison between theory and experiment. As shown in the main text, the effect of this stochasticity

is only mildly noticeable in the one-back paradigm, due to the very close-by intensities we selected.

In the experiments, as described in previous papers, see for example Hachen et al.,10 tactile inputs are delivered through a motor

as a speed of vibration in a stochastic manner. A stimulus intensity is measured in terms of ‘‘average speed’’ v. Each ‘‘average speed’’

results from a certain standard deviation σ. In fact, every 0.1 ms (10 kHz), a velocity drawn from a Gaussian distribution |G(0;σ)|, where

|:| is the absolute value, is delivered to the subject. The Gaussian distribution is illustrated for the set of stimuli delivered in the refer-

ence memory paradigm studied in Hachen et al.10 in Figure S1E. Negative values are converted to positive ones, resulting in a dis-

tribution with an effective mean m(v) =
̅̅̅̅̅̅̅̅
2=π

√
σ (vertical line in Figure S1F). Through a motor-gain parameter y, the effective average

velocity is then converted to v = ym(v) = 10σ. Basically, in the experiments, any time a certain intensity is delivered to the network,

this may be a slightly different average speed (i.e. intensity) from one time to the other. We reproduce, in Figure S1G, a sample dis-

tribution of the actual effective average velocities delivered across the different trials in a putative session of the published dataset in

Hachen et al.10

In the model, we replicate the same bias in the distribution of the stimuli as follows: whenever an input defined by a standard de-

viation σ is delivered, we compute the average of 5000 random numbers drawn from the Gaussian distribution |G(0;σ)|. This average

give the effective input intensity which is delivered. We pick the corresponding discretised input patter ξ
→μ accordingly The quantity of

5000 was chosen to approximate the average intensity perceived over approximately 500ms.

In the figures we refer to the input intensity delivered (corresponding to the actual average velocity), and not to the standard de-

viations, in alignment with previous papers.

Synaptic Weight Changes and Biological Plausibility

In the main text, eq. (2) consists of two terms: a homeostatic term and a standard Hebbian learning term. The homeostatic term (the

first one) is crucial for preventing the divergence of synaptic weights during the learning process, thus ensuring the stability of the

network. As a result, the weights can change from positive to negative over time. Although synaptic weights in the model are intended

to represent the effective connectivity between neurons–including potential contributions from inter-neurons that add complexity–we

believe it is still important to address the phenomenon of weight switching, which is in apparent contradiction with Dale’s principle. In

this section, we provide a more detailed discussion of this behaviour and present preliminary analyses to clarify the role of these

weight changes within our model.

Figure S2 presents an analysis of synaptic weight changes across the three example tasks shown in Figure 6 of the main text. Our pre-

liminary analysis reveals that approximately 20% of the total synaptic weights (as shown in Figure S2A undergo at least one switch after a

full trial of any paradigm. Interestingly, the maximum percentage of synaptic connections that change from one step to the next is

0:0125% (100 ×5 =2002), as illustrated in Figure S2B. These weight switches are predominantly observed in synapses with low absolute

weight values (not shown here), which are more likely to surpass the zero boundary during the homeostatic regulation process.

Recent studies have provided evidence for the presence of multi-transmitter neurons in the mammalian brain. For example, the

work by Wallace and Sabatini28 points to the existence of neurons that can switch between excitatory and inhibitory effects based

on the relative presence of GABAergic and glutamatergic post synaptic receptors and transmitter received. This phenomenon,

initially observed in the 1990s,42,43 and also more recently explored by Morales and Margolis,44 suggests that some neurons may

exhibit both excitatory and inhibitory activity under different circumstances. Nevertheless, introducing Dale’s law, which posits
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that each neuron typically releases only one type of neurotransmitter, in our model, is an interesting direction for future work, offering

deeper insights into the dynamic behaviour of synaptic weights.

Increasing synaptic homeostasis reproduces the effect of optogenetic inactivation of PPC 3

We reproduce the experimental results of Akrami et al., obtained in a working memory paradigm, by utilising the same model as

described in the main text, including the same parameters, but with stimuli and inter-stimulus interval distributions similar to those

presented in Akrami et al.3 Our simulations reproduce the observed contraction bias effects (Figure 7A), in particular we show the

probability of correct choices for 8 stimulus pairs (SA, SB) and the variations in the probability of correct choice among different pairs

illustrate the presence of contraction bias, aligning with results depicted in Figure 1B of Akrami et al.3

We also reproduce the repulsive effect of previous stimulus pairs (Figure 7B), in particular we show how the probability of correct

choice is influenced by the stimulus pair presented in the previous trial, showcasing a trend where lower intensity pairs result in a

higher probability of SB being chosen stronger than SA. This mirrors the findings in Figures 2A–2C of Akrami et al.3

Furthermore, we reproduce the dependence of contraction bias on inter-stimulus intervals (Figure 7C), in particular we show the

performance across a subset of 6 stimulus pairs, each with a constant SB = 76 and SA ranging from 66 to 84. Results demonstrate the

impact of ISI intervals on performance, with shorter intervals leading to better performance, consistent with Figure 1E of Akrami et al.3

Finally, Akrami et al.3 showed that inactivating the posterior parietal cortex (PPC) leads to a reduction in contraction bias while

maintaining memory capability. In our model, which normally operates in a homeostatic regime where learning and transient neural

evolution occur continuously, we observe a similar effect if we modify the synaptic homeostatic parameter λ in Equation 2. This

adjustment leads to a regime where synapses quickly forget previous stimuli. As a result, the internal representation in the network

tends to become stuck to the last perceived stimulus, which effectively becomes the new fixed point on average. The attractor is thus

very closed to the last perceived stimulus and the drift of the memory trace during the ISI is minimal, consequently diminishing

contraction bias while preserving memory until the next stimulus, see Figure 7D. In particular, we show how performance varies

with changes in the synaptic homeostasis parameter λ. Increasing λ induces higher performance by accelerating synaptic forgetting

of previous stimuli and facilitating faster attractor updates. This pathological regime replicates effects observed during the optoge-

netic inactivation of PPC, akin to Figure 3C of Akrami et al.3

Asymmetric shift of psychometric curves in Hachen et al.10 and individual differences

Figure 4B in the main text reproduces a plot of Hachen et al.10 The reported shift in the psychometric curves is asymmetric: the psy-

chometric curves obtained when more high stimuli were delivered during the session (dark blue) has a point of subjective equality

(square) corresponding to the new average; instead, the point of subjective equality of the psychometric curves obtained from these

sessions where more low stimuli were delivered (light blue), do not coincide to the new average and is actually even slightly shifted to

the right as compared to the PSE for uniform distributions. On the contrary, the result of the model is a symmetric shift, as reported in

Figure 4F. We asked further details to the authors of Hachen et al.10 First they reinforced that the major result reported by their figure is

the effective separation between the psychometric curves, which we reproduce, more than the quantitative distance of this shift.

Second, they reported that the seemingly absence of movement of the light blue psychometric curve, with respect to an hypothetical

uniform distribution of stimuli, is attributed to the tendency of the tested subjects of underestimation, i.e. of psychometric curves with

PSE shifted towards the right. Thus, it remain open the question on whether a larger subject pool would actually lead to a symmetric

shift in the psychometric curves as that we predict through the model. Note that in the results of the model we use a large sample size,

thus obtaining smooth results, but if we would focus only on a subset of seeds which give rise, by chance, to right-shifted psycho-

metric curves, we would also reproduce an asymmetric shift. We can see individual differences in our model as different realisations

of the model dynamics, which will differ from each other due to different random settings (see STAR Methods). Randomness arise

principally from the initial weights (akin to different subjects) and different random realisations of the input patterns and stimuli. In

Figure S3, we report four examples of the psychometric curves and GLM estimates for four different realisations, composing,

together with other 196 realisations, the average values presented in the plots in Figure4E–4H. Individual peculiarities and stimulus

history may lead to a different effects in the psychometric curves: for example in the realisation Figure S3A, there is a bias towards a

strong categorisation, i.e. the attractor had a tendency to get stuck at high intensity, as opposed to the sample in Figure S3B.

Finally, we hypothesise that if experimentally, even with a larger pool, the shift would keep being asymmetric another component of

the model which could contribute in reproducing the behaviour is the distribution of the input pattern profiles. Indeed, in all results we

presented so far, a ratio of 50% is considered between positively and negatively coding stimuli. Changing this percentage may have

some effect of this type on the learned patterns.

The effect of the stochasticity in the stimulation setup

We note that the asymmetry in the results for stimuli from the high vs. the low cloud in Figure 5D, as well as the decay of the red curve

to a value larger than 0.5 in Figure 5A, arise from two independent factors. Firstly, the Weber-Fechner law45 which suggests that the

subjective sensation of stimulus intensity is proportional to its logarithm. This phenomenon facilitates the comparison of two equally

distanced quantities when they are small compared to when they are large. Secondly, the stochasticity inherent in the stimulation

setup which generates a broader distribution of inputs when stimuli are high, cf. Figure S1. In the model, but not in the experiments,

we have the capability to eliminate the stochasticity inherent in the inputs, exposing the network solely to the average stimuli, thereby
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rectifying the asymmetries in the results, as shown in Figures S4A–S4C. Note that this effect is observed only in the one-back task

because, in this design, the difference between consecutive intensities is much smaller than in the other experiments (see STAR

Methods).

Further details on time scales in the model

The ratio between inter-stimulus interval and stimulus duration

In the results presented in the main text, the ratio between stimulus duration and inter-stimulus interval (ISI) in our simulations was not

consistent with the experiments. Here we show that our model also reproduces the contractive bias in the working memory task even

when the ratio between stimulus duration and ISI matches the experiment. Figures S4F–S4J) reproduces the results from our simu-

lation of the working memory task for convenience, as reported in the main paper. Figures S4K–S4O, instead, reports the results of a

simulation where we set the time step equal 333.5ms, resulting in 1 time step before each stimulus, 1 time step for stimulus presen-

tation, followed by randomly selected intervals of 6, 12, or 24 time steps before the second 1-time step stimulus. All these durations

precisely match the ratio of stimulus duration and ISI used in the experiments on real human subjects. Since the stimulus is applied for

a much shorter time, we increased the stimulus intensity to η = 5 compared to the simulations reported in the main text. In the main

text, we report results from simulations with ratios that do not closely match experiments for computational efficiency: applying the

stimulus for longer, with a smaller η, allowed us to perform trials in less total timesteps while having a stimulus duration that was long

enough to track the dynamics of its effect on the attractor. We made this choice based on experimental evidence from Toso et al.,46

who showed that the percept of a stimulus is independent of its duration for a stimulation length above 300 to 500ms, see Figure 5D in

Toso et al.46 We therefore assumed that we could extend the stimulus duration in our simulations without changing how the modelled

subject would have experienced its intensity. As we show in the next subsection, our model reproduces other behavioural effects

related to timescales with the hyperparameter settings used in the main text.

The RNN model qualitatively reproduces behavioural effects of varying ISI

Experimental evidence shows that contraction bias depends on the time between stimuli – the longer the interval, the stronger the

contraction bias. For instance, Akrami et al.3 found that rats presented with pairs of auditory stimuli at varying ISIs (2, 4, 6 seconds)

showed a characteristic time dependence in their psychometric curves: longer ISIs lead to less steep curves, as was reported in

Figure 1E of their paper. This behaviour is captured in our model, as shown in Figure 7C.

We also found that our model correctly reproduces the behavioural effect of varying the inter-trial interval (ITI) in the One-Back

paradigm with tactile stimuli, where the ITI is equal to the inter-stimulus interval. Despite differences in species and sensory modality,

conditioned psychometric curves show the typical contraction bias effect, as shown in Figure S4D, as the ITI is varied from 2 to 4 to 8.

Our model, using proportionally varying ITIs (20, 40, 80 time steps), replicates this behaviour, as shown in Figure S4E).

Neural vs. memory time scales

In our model, threshold linear units are a simplified representation of neuronal responses and are not directly mapped to intrinsic

neuronal properties. They can represent individual neurons or the ensemble rate of a group of interconnected neurons. If we interpret

the threshold linear units as modeling individual neurons, and considering the relationship between γ and synaptic conductances,

then the time steps used in our simulations (e.g., 335 ms) would imply unrealistically large synaptic conductances on the order of

seconds. One way to address this would be to either increase γ (which destabilises the simple neural model) or increase the number

of time steps so that each corresponds to a duration between 1–4 ms, leading to a more realistic time scale of synaptic conductance.

This would require a retuning of the model’s hyperparameters, for which a better theoretical understanding of the different regimes of

our model would be of great help. However, this is out of the scope of the present work. Here, we show that even with the present

parameters, our model addresses the key challenge of modelling working memory, which is overcoming the disparity between neural

time scales and memory duration. In our model, the duration for which a stimulus is held in memory and the rate at which its memory

trace diverges depend not only on the neuronal time scale but also on the attractor’s shape and its ongoing modification through

Hebbian learning solving the highlighted challenge. In Figure S5A, we illustrate how the memory trace of different stimuli SA evolves

from their offset to the step just before the onset of SB, across all trials with the longest ISI (24 time steps) for a single model realization.

The variation in the internal representation of the stimulus across trials as well as how fast they diverge results from both the activity

state prior to stimulation and the strength of the recurrent connections. The vertical line at 10 time steps indicates the critical value

that would be expected if memory were solely dependent on the neuronal time scale (assuming γ = 0:1), but no significant change

occurs at this point. In Figure S5B, where we average across trials and realizations, this effect becomes even more apparent. The

memory of the stimulus persists well beyond the neuronal critical value, as the curves do not collapse either at 10 time steps or at 24.

While neuronal time scales smooth the transition of activity and help maintain a stimulus representation, the free evolution of the

system, in the absence of stimulation, is governed by the attractor, or the connections, which store the history of previous inputs.

The basin of attraction can take different shapes–such as the steeper or smoother parabolas one could draw in Figures 3E and

3F of the main text–which continuously change depending on the inputs and the system’s dynamics. A steeper basin causes the

memory to decay more quickly, while a smoother one slows this process. Additionally, depending on the stimulus history, the rep-

resentation of a stimulus may or may not align with the attractor in a given trial, leading to different memory divergence behaviours,

despite the same neuronal time constant. Therefore, the memory time scale cannot be directly mapped to the neuronal time scale; it

is instead an effective time scale that emerges from these factors and changes throughout the experiment.
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