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Humans routinely extract three 
types of information from stimulus 
sequences: their statistics, timing, 
and the rules that govern their 
generation. But do these three 
cognitive abilities interact? By 
examining how hundreds of 
individuals predict future stimuli in 
sequences governed by a hidden 
rule, we uncovered interactions 
between sensory integration, 
temporal prediction, and rule 
discovery. Individuals with longer 
integration timescales were more 
likely to discover the rule—and 
more so for rhythmic sequences. 
Moreover, individuals who 
discovered the rule integrated 
stimuli more accurately. For 
artificial neural networks, as for 
humans, shorter integration 
timescales and arrhythmic 
sequences hindered rule 
discovery. Therefore, sensory 
integration, temporal prediction, 
and rule discovery reflect 
interacting cognitive abilities, 
whose interplay should be 
reconsidered by existing theories. 

Significance 
Deciphering the structure of variable sensory input is key to building an accurate model 
of one’s environment. Humans can accumulate evidence from sequences of stimuli to 
estimate their sensory statistics, predict the timing of upcoming stimuli, but also discover 
rules governing sequence generation. However, whether these three forms of inference 
operate independently or synergistically remains untested. Here, we report selective 
interactions between sensory integration, temporal prediction, and rule discovery in 
humans. Participants were exposed to rhythmic sequences of 10 stimuli governed or not 
by a latent rule—a predictable change in stimulus statistics after five stimuli—and then 
asked to predict the 10th stimulus from incomplete sequences. Individual differences 
in sensory integration timescale for rule-free sequences predicted efficient rule discov-
ery. Conversely, discovering the latent rule shaped the timescale and format of sensory 
integration for rule-based sequences. Tampering with the rhythmicity of stimulus pres-
entation impaired rule discovery without affecting sensory integration accuracy. Selective 
perturbations of recurrent neural networks trained in the same conditions confirmed 
these specific interactions. Together, these findings provide insights into the flexibility 
of human inferences based on variable yet predictable sensory input. 

human learning | rule learning | inference | cognitive modeling | artificial neural networks 

The sensory environments we live in are variable, yet highly organized. Understanding 
the generative organization that governs their structure is crucial for reducing uncertainty. 
To do so, humans rely on multiple inference abilities, including sensory integration (1–4), 
temporal prediction (5–8), categorization based on arbitrary mappings of sensory features 
(9–11), learning statistical dependencies between stimuli (12–18), and the learning of 
hidden rules describing the patterns of relations between successive stimuli (19–23). In a 
majority of studies, these different learning abilities are assumed, either implicitly or 
explicitly, to rely on different cognitive and neural mechanisms. But some studies, on the 
opposite, suggest a single unified cognitive apparatus for those different learning processes 
(24). This debate lacks empirical data, and these abilities themselves have rarely been 
studied conjointly, resulting in a fragmented description of human learning abilities. Here, 
we studied three human inference capacities conjointly and empirically tested if they rely 
on similar or distinct and independent or interrelated cognitive processes: sensory inte-
gration, temporal prediction, and rule discovery. 

So far, inference capacities have mostly been studied in isolation, targeting different 
research questions and using different methods. In perceptual decisions research, studies 
have examined how sensory information is integrated across sequences of stimuli—or 
across samples from the same stimulus—to reach a decision (3, 4, 25, 26). We refer to 
this ability as sensory integration. This process is known to be prone to a number of sub-
optimalities constraining the accuracy of perceptual decisions across individuals (27–30). 
Yet, it remains largely unknown whether these sensory integration suboptimalities are 
confined to sensory integration itself, or whether they act as a broader cognitive bottleneck 
impairing higher-order inferences, such as rule discovery. 

To investigate this possible effect of sensory integration limitations on higher-order 
inferences, we designed a rule-based visual prediction task that requires both sensory 
integration and the discovery of a hidden rule for accurate predictions. Rule discovery is 
known to depend on the rule’s algorithmic complexity and to vary across individuals (22, 
31). However, except for a few specific studies (32), sequences used in most rule discovery 
tasks are typically stripped of any variability, eliminating the need to integrate sensory 
information across stimuli. In our rule-based prediction task, we used rhythmic isochro-
nous sequences of 10 oriented stimuli (Fig. 1A) sampled from probability distributions 
whose mean orientations switch (i.e., rotate by 90°) after five stimuli—a latent rule that D
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Fig. 1. (A) Description of the two types of blocks from Experiment 1. Each of the grating patches lasts 250 ms. In static blocks, sequences were composed 
of 10 items drawn from a normal distribution centered on a target orientation randomly picked for each sequence. For switch blocks, the last five stimuli of 
sequences were drawn from the 90° shifted distribution compared to the first five stimuli. (B) For each block, after the presentation of six complete sequences, 
participants performed different conditions, i.e., incomplete sequences of 3/5/7 or 9 first stimuli. For each, they had to predict what would have been the 
orientation of the last (10th) item of this particular sequence by rotating a bar. (C) We compared participants’ predictions to the mean orientation before switch 
and fitted Von Mises distributions for each participant, condition, and block. Polar plots display the histogram of the location ( ̃  ) of the Von Mises distribution 
for each participant, while bar plots display participants’ average precision ( ̃  ). Error bar represents the SE of ̃  values across subjects **ps < 0.01 *** ps < 0.001 
(Bonferroni corrected across conditions). 
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was not described to participants. After exposing participants to 
full sequences, we asked them to predict the 10th stimulus from 
incomplete sequences of 3, 5, 7, or 9 stimuli (switch blocks, 
Fig. 1B). In other blocks (static  blocks), we used sequences where 
all stimuli were drawn from a single distribution—without a latent 
rule—to investigate if suboptimalities in sensory integration meas-
ured in static blocks could impact discovery of the latent rule in 
switch blocks. By introducing interstimulus temporal jitter, we 
further investigated whether a third inference ability—temporal 
prediction—affected either of these two forms of inference, or 
their interrelation.          

Our findings, obtained from nearly 600 participants across five 
experiments, uncovered a clear bidirectional interaction between 
sensory integration and rule discovery. We found that participants’ 
timescale of sensory integration during static blocks predicted 
whether they would discover the latent hidden rule in switch 
blocks. Conversely, we found that discovering the latent rule led 
rule-aware participants to accurately mentally rotate presented 
stimuli in switch blocks before integrating them. Additional 

experiments controlled for general attention and working memory 
to confirm that the timescale of sensory integration has a unique 
effect on latent rule discovery. Moreover, we showed that temporal 
unpredictability selectively impairs rule discovery, without altering 
sensory integration. Finally, we used targeted manipulations of 
recurrent neural networks (33–35) to establish a causal link 
between sensory integration timescale and latent rule discovery. 

Results 

Experiment 1: Sensory Integration Predicts Rule Discovery. We 
first investigated if two key human inference processes—sensory 
integration and rule discovery—are interacting or independent by 
testing if rule discovery in switch sequences could be predicted by 
subject performances during static sequences. First, we identified 
behavioral signatures diagnostic of latent rule discovery, to classify 
participants accordingly. Separately for each type of block (static/ 
switch) and each type of prediction (t+1/t+3/t+5/t+7), we fitted 
the distribution of tilt between each participant’s response (their D
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predicted orientation for the 10th stimulus) and the mean 
orientation before the switch (Materials and Methods). The 
fitted location (˜) provided a clear signature of rule discovery 
(Fig. 1C). Indeed, for conditions t + 5 and t + 7 in switch blocks, 
the orientation of the 10th stimulus is shifted by an average of 90° 
relative to the mean of the preswitch distribution. A participant 
who discovered the hidden rule should have a location ̃  close to 
90°, whereas a participant who did not should have a location ˜ 
close to zero, as they have only seen the first half of the sequence 
in these conditions. Fitted location for these conditions in 
switch blocks revealed a clear bimodal distribution around these 
two behaviors (Fig. 1C). We split participants into two groups 
based on their fitted location in these conditions: rule-aware for 
participants with 𝜃  >  45◦  (N = 63) and rule-blind for participants 
with 𝜃  <  45◦ (N = 67, Fig. 1C). The order of block presentation 
in the experiment had no impact on the discovery of the rule (71 
participants started with a static block: 48% rule-aware; 59 started 
with a switch block: 49% rule-aware). 

We compared these two groups in terms of other aspects of 
behavior. The first step was to compare their response precision  ̃      
(Materials and Methods ). Rule-aware participants made significantly 
more precise predictions than rule-blind participants in static blocks 
(concentration  ̃     : ps  < 0.01, Bonferroni corrected; Fig. 1C). They 
also made more precise t + 1 and t + 3  predictions in switch blocks 
(ps   < 0.001). This improvement in prediction precision in rule-aware 
participants was accompanied by a higher self-reported confidence 
than rule-blind participants (SI Appendix, Fig. S2). 

To characterize the nature of the increased precision of rule-aware 
participants, we used a computational modeling approach (28, 29). 
We decomposed each participant’s imprecisions during static blocks 
into two sources of internal errors: integration errors, arising from 
suboptimal perception and integration of successive stimuli, and 
response errors, reflecting suboptimal reporting of the participant’s 

prediction (Model 1 ; SI Appendix, Fig. S1). Integration errors, but 
not response errors, were significantly smaller for rule-aware than 
rule-blind participants (rank-sum test, P  < 0.001, response error   
P  = 0.35; SI Appendix, Fig. S1B).  

Experiment 1: Sensory Integration Timescale Predicts Rule 
Discovery. To better understand the specific sensory integration 
parameters which affect rule discovery in switch blocks, we 
derived a fine-grained model of participants’ behavior in static 
blocks (Model 2). It comprised five sources of suboptimality 
(Fig.  2A): 1/sensory bias (˜ sen)  distorting stimulus orientation 
toward diagonals (28, 36), 2/random noise of SD ̃ int corrupting 
the integration process, 3/integration leak (α), capturing the 
timescale of sensory integration with a stronger leak corresponding 
to a shorter integration timescale, 4/random noise of SD ˜ rep 
corrupting the reporting of participants’ belief, and 5/response 
bias (˜ rep) distorting the reported orientation toward diagonals. 
Parameter recovery confirmed that all parameters were dissociable 
and interpretable (SI Appendix, Fig. S3). 

Fitting this model to participants’ behavior in static blocks 
revealed a selective difference in sensory integration leak between 
rule-aware and rule-blind participants: Rule-aware participants 
showed lower integration leak (i.e., longer integration timescale– ̃      
= 0.33 ± 0.05) than rule-blind participants (0.80 ± 0.08; rank-sum 
test P   < 0.001 Bonferroni corrected). No other parameter signif-
icantly differed between the two groups of participants. 

Experiments 2-3: Sensory Integration Timescale and Rule 
Discovery Are Unrelated to Working Memory. To test whether 
individual differences in working memory (WM) capacity (or 
more generally, in executive attention) were related to individual 
differences in sensory integration timescale, we carried out a first 
control experiment. In Experiment 2, a new group of participants 

Fig. 2. (A) Description of Model 2 with five suboptimalities parameters (Materials and Methods). (B) Parameter fit on static blocks and group comparison 
between rule-aware and rule-blind participants. ***ps < 0.001 (rank-sum test, Bonferroni corrected over the five parameters). D
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completed static blocks (without a hidden rule) alongside an 
n-back working memory task using the same stimuli—by asking 
participants to report the orientation of a single stimulus in 
the sequence cued at sequence offset (Materials and Methods). 
Participants’ performance in the sensory integration task and in 
the working memory task diverged as sequence length increased: 
Accuracy in the n-back working memory task declined, whereas 
accuracy in the sensory integration task improved (ANOVA 
seqlen x blocktype, P < 0.001). This performance dissociation 
suggests that performance in the sensory integration task does 
not rely strongly on working memory capacity. In line with this 
dissociation, individual differences in performance in the working 
memory task did not correlate with individual differences in the 
sensory integration timescale, as estimated by the integration leak 
˜ from model M2 fitted to behavior in the sensory integration 
task (SI Appendix, Fig. S4). 

To further test whether individual differences in general atten-
tion or working memory capacity were related to individual dif-
ferences in rule discovery, we carried out a second control 
experiment. In Experiment 3,  an additional group of participants 
performed switch  blocks (with the hidden rule) together with two 
working memory assessments: a first assessment targeting WM 
capacity and a second assessment targeting WM maintenance. 
Although participants’ performance in the two WM assessments 
correlated with each other (Spearman correlation R = 0.31; 

P   < 0.01), neither distinguished rule-aware from rule-blind 
participants in the switch blocks (rank-sum tests both ps  > 0.24, 
SI Appendix, Fig. S4). Together, these results indicate that indi-
vidual differences in working memory performance do not explain 
the observed effect of sensory integration timescale (reflected in 
the integration leak) on rule discovery. 

Experiment 1: Rule Discovery Alters Sensory Integration. Analysis 
of the static blocks provided clear evidence for a “bottom–up” 
interaction between sensory integration timescale (as measured 
by participants’ leak) and rule discovery. To explore a possible 
“top–down” interaction of rule discovery on human integration 
strategy, we turned to the analysis of participants’ behavior in switch 
blocks from Experiment 1. We compared two hypotheses: Either 
participants that discovered the rule do not change their integration 
process but only add a correction offset to their response to account 
for the rule (Model 3), or they flexibly apply mental rotation to 
each of the first 5 stimuli, prior to sensory integration (Model 4). 

We fitted those two models (Fig. 3A) on switch data together 
with the baseline model without any offset (M2; Fig. 2A). Model 
comparison revealed the integration offset model (M4) to be the 
best fit for rule-aware participants (AIC: M2 = 671, M3 = 647, M4 
= 523; P  < 0.001, Fig. 3A). We checked that the offset rule imple-
mented in this model (same offset for the first five stimuli and no 
offset for the last five) was correct by fitting a complementary model 

Fig. 3. (A, Left) Description of Models 3 and 4. Model 3 is similar to Model 2 (Fig. 2) with an additional offset parameter applied to the response while Model 
4 has instead an offset parameter applied during the integration of the five first stimuli of the sequence. (Right) AIC comparison when fitted on rule-aware 
participants’ responses to switch blocks for Models 2 (“no offset”), 3 (“response offset”), and 4 (“integration offset”). (B) Comparison of the integration leak within 
participants, between static and switch blocks, for rule-aware and rule-blind participants. ***ps < 0.001 (rank-sum test). (C) Time-course of the rule discovery 
for each group of subjects. The y-axis represents the probability that a given trial was closer to the rule-aware answer compared to the rule-blind answer. 
(D) Analysis of the 20 late rule-aware participants that were rule-blind in session 1 but rule aware in session 2. Discovering the rule in session 2 modified 
their integration by adding a 90° offset but most importantly drastically reducing the leak, further evidencing the causal role of rule discovery on integration 
timescale. D
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with nine offsets, one for each stimulus (Model 5). This confirmed 
our hypothesis, showing rule-aware participants had an exact rep-
resentation of the switch rule and applied a 90° offset to the first 
five stimuli and no offset to the last five (SI Appendix, Fig. S5). 
Discovering the rule modified participant’s sensory integration 
process, as they integrate mentally rotated information, rather than 
simply accounting for the rule in their reporting process.          

To further support this idea, we explored one of its predictable 
implications. Participants who did not discover the rule should 
perceive switch blocks as more volatile than static blocks, while 
participants who found the rule can use this knowledge to explain 
away perceived volatility. As perceived volatility is typically accom-
panied by a smaller integration timescale (37, 38), we compared 
the leak during the static and the switch blocks for both groups. 
We found an increased leak in switch compared to static blocks 
for rule-blind participants (α switch = 1.5 ± 0.13, static = 0.79 ± 
0.08; rank-sum test P  < 0.001), up to the point where they almost 
ignored preswitch stimuli, while rule-aware participants kept a 
similar leak, revealing the use of the rule knowledge to reduce 
perceived volatility of switch sequences (α switch = 0.31 ± 0.06, 
static = 0.32 ± 0.05; P  = 0.6; Fig. 3B, interaction P  < 0.001). 
Integration noise was also modulated by rule discovery, in a way 
that suggests that the mental rotation applied to stimuli in switch 
blocks by rule-aware participants is associated with an additional 
source of random errors (SI Appendix, Fig. S6). 

To investigate whether discovering the rule causally influences 
changes in integration parameters (rotation and leak), we per-
formed a quasi-causal analysis by focusing on a specific subgroup 
of participants, labeled as late rule-aware (N  = 20): classified as 
rule-blind in the first session (on day 1) but rule-aware in the 
second session (on day 2). If rule discovery genuinely modifies 
sensory integration parameters, we expected to observe changes 
in parameter values in the switch block of the second session 
compared to the first session. Trivially, rule-aware participants had 
a greater integration offset but more importantly a substantial 
reduction of integration leak in the second session compared to 
the first session, only during switch  blocks (P  < 0.01–Fig. 3C).  

Experiments 4-5: Temporal Prediction Selectively Affects Rule 
Discovery. Sensory integration and rule discovery are not the 
only two forms of inference humans are known to be capable 
of performing. Indeed, presented with stimulus sequences, 
humans cannot only predict what they expect to occur but also 
when they expect a given element to appear. To investigate if 
temporal prediction affects the two others, we designed a jittered 
version of Experiment 1 and measured the influence of temporal 
unpredictability on both sensory integration and rule discovery. 
We reasoned that if sensory integration and rule discovery reflect 
distinct forms of inference—rather than two aspects of a single core 
cognitive ability (24)— temporal unpredictability could selectively 
disrupt only one of these forms of inference (Experiment 4, see 
Materials and Methods). 

We first replicated all main effects of Experiment 1 (SI Appendix, 
Fig. S6). Then, we tested the influence of temporal jitter on sen-
sory integration by fitting Model 2 to the data from static blocks 
with temporally jittered sequences (Experiment 4). We found no 
difference in the fitted parameters compared to those from static 
blocks with rhythmic sequences (Experiment 1) (rank-sum test 
all ps  > 0.05; Fig. 4A). We confirmed this absence of difference in 
sensory integration parameters between rhythmic and temporally 
jittered sequences using a within-subject design (Experiment 5 ), 
where the same participants performed static blocks with and 
without temporal stochasticity (SI Appendix, Fig. S7).          

Despite these unchanged integration parameters, temporal sto-
chasticity significantly reduced participants’ likelihood of discov-
ering the rule during switch blocks (−39%, P  = 0.01, bootstrap 
resampling; Fig. 4B), revealing a specific influence of temporal 
prediction on rule discovery. We found that this decreased prob-
ability of discovering the latent rule with temporally jittered 
sequences (in switch blocks) was independent of individual differ-
ences in integration leak (in static blocks) by fitting a logistic 
function that relates integration leak to the probability of rule 
discovery in each experiment. The intercept term, but not the 
slope, was significantly higher for rhythmic sequences (Experiment 
1) compared to temporally jittered sequences (Experiment 4, boot-
strap resampling P  < 0.05), indicating that the effect of temporal 
stochasticity on rule discovery is not mediated by changes in inte-
gration leak (Fig. 4B; see SI Appendix, Fig. S8 for additional con-
trol analyses).  

RNN Simulations: Shorter Sensory Integration Timescales 
Prevent Rule Discovery. Previous analyses showed that participants’ 
integration timescale (measured by integration leak) was specifically 
associated with their capacity to discover the hidden rule in 
switch blocks. Detailed analyses of late rule-aware subjects (Exp 
1) and jittered experiments (Exp 4 & 5) gave insights regarding 
the causal nature of the effect of sensory integration timescale on 
rule discovery. To further strengthen these findings, we turned to 
recurrent neural networks (RNNs) to test directly for a causal effect 
of sensory integration timescale on latent rule discovery. 

In practice, we trained RNNs to predict each upcoming stim-
ulus in the sequence. This approach allowed us to measure the 
network’s surprise at each stimulus in the sequence (Materials and 
Methods). Based on these surprise estimates, we defined a Rule 
Learning Index (RLI)  as the network’s “surprise” to the switch 
(stimulus 6), relative to the average surprise across all other stimuli. 
This index, unavailable from human behavior, captures the latent 
dynamics of the ability of the network to correctly predict the 
switch rule and thus provides a quantitative metric of rule discov-
ery in RNNs. In particular, it allows for precise dissection of the 
learning of sensory integration and rule discovery. Throughout 
the training, we observed a rapid decline in surprise for all stimuli 
except the switch, corresponding to the learning of pure sensory 
integration. This was followed by a later decrease of the surprise 
evoked by the 6th stimulus, indicating rule discovery (Fig. 5B). 
This dynamic is revealed in a sharp initial rise in the RLI (sensory 
integration learning), followed by a slower decrease (rule learning) 
until convergence.          

To causally explore the role of each suboptimality, we sought 
to selectively modulate each of them in our networks, and observe 
their effect on RLI. For that, we aimed at introducing five selective 
perturbations that trigger the five suboptimalities observed in 
human behavior (Fig. 2). We simulated the behavior of selectively 
perturbed RNNs and fitted Model 2 to the RNN behavior during 
static blocks—similarly to what was done in humans to estimate 
their suboptimality parameters. We showed that distorting the 
network input with cardinal bias triggered a sensory cardinal sub-
optimality in RNN behavior. Similarly, distorting RNN response 
with cardinal bias or random noise introduced respectively cardi-
nal bias response and response noise in their behavior. Most 
importantly, adding noisy recurrent connections triggered inte-
gration noise  

˜ 
˜int 

° 
    and sparsifying the hidden layer specifically 

triggered leak  (˜)    in RNN behavior (Fig. 5C). 
We used the RLI  to assess how each suboptimality causally 

affects the learning trajectory in switch sequences and showed 
that integration noise and integration leak modified RLI 
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Fig. 4. (A) Comparing integration parameters during static sequence for rhythmic (Experiment 1) and jittered (Experiment 4) presentation revealed no impact 
of temporal stochasticity on integration. (B) However, jitter during the presentation significantly reduced the percentage of participants that found the hidden 
rule in switch sequences (P = 0.01). Fitting sigmoid between leak parameters during static sequences and rule-awareness probability gave a different intercept 
(P < 0.05) but a similar slope, revealing independent impact of jitter and leak on rule discovery. 
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dynamics. More precisely, while adding integration noise  
˜ 
˜ int 

° 
    

via noisier recurrent connections globally impaired both sensory 
integration and rule discovery, increasing integration leak  (˜)     
specifically delayed discovery of the switch rule without altering 
sensory integration (Fig. 5C). We considered learning timecourse 
as a complementary metric to closely match humans’ analyses 
(Fig. 3C) and replicated our main effects (SI Appendix, Fig. S11). 
We also confirmed that this relationship was not limited to the 
particular case of a single switch in the middle of the sequence 
by replicating this analysis using another rule with sequences of 
the form AABBAABBAA (SI Appendix, Fig. S9). 

To support the selective interaction between temporal predict-
ability and rule discovery observed in Experiments 4-5, we trained 
a new set of RNNs to make temporally resolved predictions and 
trained them with rhythmic or temporally jittered stimulus 
sequences, using the exact same parameters used in Experiment 
4. A Rule Learning Index (RLI) adapted to this temporally resolved 
condition showed that, like humans, the training of RNNs to 
perform sensory integration was unaffected by temporal stochas-
ticity, whereas the latency at which the same RNNs discovered of 
the latent rule was strongly delayed by temporal stochasticity 
(Fig. 5D, see details in SI Appendix, Fig. S10).   

Discussion 

To make sense of sequences of stimuli, humans rely on multiple 
inferences often studied independently, leaving unknown how 
they interact to form a comprehensive learning system. A few 
recent studies have begun to address this issue, by investigating 
the impact of temporal prediction on statistical learning (39), or 
by asking human participants to classify sequences of stimuli 
drawn either from deterministic rules or from probabilistic distri-
butions (40). The present study aims at understanding how sen-
sory integration, temporal prediction, and rule discovery interact 
to form a flexible inference system that is able to make sense of 
sensory events unfolding in time. Our results revealed a strong 
two-way interplay between sensory integration and rule discovery: 
1) a bottleneck exerted by the integration timescale (leak) of sen-
sory integration on the probability of further discovering the hid-
den rule, and 2) the application of the hidden rule to incoming 
stimuli prior to their integration, as well as the use of the rule 
knowledge to adapt integration timescale. Our findings further 
reveal a selective impact of temporal prediction on rule discovery, 
leaving sensory integration unaffected. 

First, Experiment 1 showed that participants’ integration times-
cale [as measured by integration leak (28, 30, 41, 42)], measured D
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Fig. 5. (A) Architecture of the recurrent neural network (RNN). The RNN receives as input the current stimulus orientation (xi) and is trained to predict the next 
orientation (xi+1). The difference between the predicted and actual orientation defines the surprise. (B, Left) Surprise for each stimulus (2–10) in the switch blocks 
as a function of training epochs (color-coded from purple to yellow). Green arrows highlight the rapid decrease in surprise for stimuli 2/3/4/5 and 7/8/9/10 
corresponding to the learning of sensory integration predictions. The red arrow highlights the slower decrease in surprise following the switch, corresponding 
to the discovery of the rule. (Right) This learning dynamic is summarized by the Rule Learning Index (RLI), defined as the ratio of surprises related to rule learning 
(stimulus 6) and sensory integration (stimuli 2-to-5 and 7-to-10). (C) Five variants of the RNN designed to implement each of the five suboptimalities defined in 
Model 2, with five levels of suboptimalities (from low to high) for each. 1. Perceptual cardinal bias applied to each orientation xi. 2. Integration noise modeled 
via noisy computation in the recurrent layer. 3. Integration leak obtained by sparsifying to the recurrent layer. 4&5. Response-related parameters were applied 
at the output level (Xout). Bottom graphs on each panel. After training, we fitted Model 2 to each RNN’s predictions on static blocks to estimate how each 
manipulation impacted each of the parameters. Right graph on each panel. For each level of suboptimality, we estimated the RLI to evaluate how it affected the 
learning dynamic. (D) Comparaison of RLI for rhythmic vs jittered sequences. 
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in rule-free sequences, predicts the likelihood of discovering a rule 
in other sequences (Fig. 2B). Note that the hidden rule in switch 
sequences triggered not a gradual but a brutal 90° shift in mean 
stimulus orientation between the 5th and 6th stimuli, which there-
fore did not theoretically require a long integration timescale to be 
detected. Participants who did not find the hidden rule in switch 
blocks showed moderate, not extreme integration leak in static 
blocks. As integration timescale likely reflects one’s prior belief 
about environmental volatility, participants who expect a highly 
volatile environment lower their integration timescale—making 

them less likely to detect the latent rule. On the other hand, par-
ticipants who expect a low environmental volatility rely on a larger 
integration timescale and can look for a latent rule explaining away 
the change in statistics from the middle of sequences. Importantly, 
we verified that this effect of sensory integration timescale on rule 
discovery is not attributable to differences in general attention or 
working memory and was robust to which block type was first 
experienced by subjects. 

To assess the possible causal role of integration timescale in par-
ticipants rule-blindness, we applied selective causal perturbations D
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to RNNs trained to perform the same task as human participants. 
This effort is part of a growing body of research that leverages these 
flexible artificial systems to understand cognition, not by fitting 
their free parameters (connection weights) to behavior (43, 44), but 
by analyzing the structural and functional configurations which, 
through constrained optimization, result in the same suboptimali-
ties as biological brains (45–47). Sparsifying recurrent connections 
produced a graded increase in integration leak during static blocks 
without affecting any other suboptimality. In contrast, adding com-
putational noise in recurrent units (29, 45) increased integration 
noise independently of leak. In switch blocks, these manipulations 
revealed a clear distinction: Increasing sparsity impaired rule dis-
covery without disrupting the training dynamics of sensory inte-
gration. In contrast, adding computation noise in the hidden layer 
(resulting in increased integration noise) impaired both the training 
of sensory integration and the latency of rule discovery. This dis-
tinction was captured in RNN surprise dynamics during training: 
Networks first reduced surprise to all stimuli except the 6th (indi-
cating sensory integration), then gradually to the 6th (indicating 
rule discovery). Only integration leak delayed the latter without 
altering the former. The link between leak and delayed rule discovery 
generalized to sequences with a different hidden rule structure (with 
90° shifts every two stimuli), supporting the generality of this causal 
relationship. Although the number of trials required to train humans 
and “blank-slate” RNNs on our task differs by orders of magnitude, 
the shared impact of sensory integration timescale on rule discovery 
similarly constrains humans and RNNs. 

While integration timescale was reliably and consistently tied to 
poorer rule discovery abilities both in humans and RNNs, our 
results also show that discovering the hidden rule modified how 
human participants integrate stimuli in switch blocks. In humans, 
discovering the rule causally triggered the mental rotation of indi-
vidual stimuli prior to integrating them, in order to predict the 
final (10th) stimulus. This finding directly contradicts dominant 
theories and computational models of sensory integration, which 
typically postulate that integration occurs within the “native sensory 
space” defined by stimulus features (e.g., orientation) (48–52). If 
sensory integration was encapsulated in this way, rule discovery 
would result in a post hoc shift applied to the integrated result. 
This is not what we observed: Participants’ behavior was best 
explained by a model in which stimuli were mentally rotated 

according to the hidden rule during integration. Such abstract 
mental manipulations of stimuli have already been described in 
rule learning tasks, notably in the context of temporal rule in stim-
ulus sequences, such as the reordering (21, 23), mapping (53), or 
compression (54). These findings are much sparser in the context 
of noisy sensory integration. Our findings extend previous results 
showing dissociated neural correlates of the sensory processing of 
individual stimuli and the integration of their associated category 
evidence (9, 11, 55). 

Moreover, the discovery of the latent rule also protected 
rule-aware participants from the typical decrease in integration 
timescale that often accompanies increased volatility (37, 38). 
Indeed, despite a much larger sensory volatility in switch blocks 
compared to static blocks, the knowledge of the rule allowed 
rule-aware participants to explain away this sensory volatility and 
therefore keep their integration timescale as long as in static blocks. 
By contrast, rule-blind participants perceived switch blocks as 
more volatile, and therefore—and adaptively so—reduced dras-
tically their integration timescale reflected by a much larger 
integration leak. These findings further show that rule-blind par-
ticipants were not insensitive to the difference between static and 
switch blocks. Rather, they interpreted the difference between 
blocks as an increased sensory volatility in switch blocks, instead 
of a latent rule. 

Our study is not the first to investigate the impact of hidden 
rule discovery on decision-making. However, the hidden rules 
used in previous studies typically did not interact with the pro-
cessing of presented stimuli. For example, the hidden rule used in 
Schuck et al. (56) afforded bypassing entirely the processing of 
the pattern of dots to focus solely on their color to decide. This 
bypass prevented testing for the interplay between stimulus pro-
cessing and rule discovery. By contrast, in our task, a leak in sen-
sory integration directly prevented participants from discovering 
the hidden rule, an objective limitation in constructing accurate 
predictions of upcoming stimuli. RNN simulations showed that 
this effect was not limited to the specific AAAAABBBBB rule used 
in our task but also generalized to other rules like AABBAABBAA, 
even though future research in humans should investigate the set 
of rules over which this effect generalizes. The rule we have used— 
with a switch in the middle of a sequence of stimuli—corresponds 
to the “reversal learning” paradigm that has been extensively used 

Fig. 6. Visual summary of our findings across all experiments: Green arrows represent demonstrated links between cognitive abilities and crossed black 
arrows where no such links were found. Numbers correspond to experiments testing each arrow. The gray arrow between temporal prediction and sensory 
perception corresponds to a known effect of sensory disambiguation, not depicted here. D
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to study adaptive learning in humans and animals (57–61). We 
have adapted this paradigm so that the switch followed a hidden 
rule, which could either be perceived as predictable (if the hidden 
rule has been discovered) or as randomness in stimulus sequences 
(if the hidden rule has not been discovered). 

RNN perturbations showed that integration leak selectively 
emerged only for extremely sparse networks, resulting in a sub-
stantial decrease in the number of computations performed. 
Indeed, RNNs with only 5% of active connections showed an 
integration leak comparable to human participants, without any 
other suboptimality. The integration leak measured in human 
participants could therefore partly stem from a cost–benefit opti-
mization, which trades the benefits of efficient sensory integration 
and rule discovery against the cost of more dense computations. 
Such cost–benefit arbitration has been postulated to explain other 
suboptimalities in decision-making such as integration noise, 
which could arise from the flexibility of associative circuits that 
can map arbitrary functions of sensory features (here, the integra-
tion of stimulus orientations with rule-predicted shifts) onto 
actions (29, 45). Indeed, the attentional selection and pooling of 
sensory signals according to a current context (62, 63) by low-rank 
associative neural circuits has been theorized to be critical for 
decision accuracy (64). 

Finally, we found that temporal predictability [i.e., predicting 
the timing rather than the content of a perception (65)], was selec-
tively interacting with rule discovery, while having no direct impact 
on sensory integration. This dissociation suggests that the precise 
timing at which the latent switch occurred mattered for triggering 
latent rule discovery, possibly because temporal jitter triggered 
stronger surprise for all stimuli of the sequence, therefore reducing 
the relative importance of the surprise after the switch (6th element) 
compared to the surprise induced by other stimuli of the sequence. 
By contrast, sensory integration of high-contrast stimuli seems unaf-
fected by temporal jitter—consistent with earlier work showing its 
robustness to temporal parameters of sequences (41). Together, our 
findings emphasize that human inferential abilities result from mul-
tiple processes with complex interdependencies (Fig. 6). It further 
highlights the need to conjointly study these several inference abil-
ities to obtain a clear picture of how humans are able to build a rich 
mental representation of uncertain environments.            

Materials and Methods 

Participants. All participants for all experiments were UK-based adults (>18 
yo), recruited online via the Prolific platform, and gave informed consent. The 
study was approved by Inserm Ethical Review Committee (IRB00003888 on 
13/11/2018). Experiment 1: 130 participants performed two sessions of the task 
on consecutive days (52 female, mean age = 41.5). They were paid £8 for the 
first and £9 for the second session. Experiment 2: 100 participants performed 
the task (53 female, mean age = 42.3) and performed a single session retrib-
uted 7£. Experiment 3: 102 participants were recruited online (49 female, mean 
age = 41.6) and performed a single session retributed £7. Experiment 4: 123 
participants performed two sessions of the task on consecutive days (72 female, 
mean age = 41.1). They were paid £8 for the first and £9 for the second session. 
Experiment 5: 126 participants performed two sessions of the task on consecutive 
days (57 female, mean age = 38.7). They were paid £8 for the first and £9 for 
the second session. 

Experimental Paradigm and Stimuli. All experiments were coded in JavaScript 
using jspsych toolbox (66). 

Experiments 1 and 4 consists of two types of blocks: In static blocks, each 
stimulus of the sequence is a grating patch whose orientation is drawn from a 
normal distribution (˜ = 15◦). In switch blocks, we added a 90° rotation from 
the middle of the sequences. Importantly, the means of the distributions were 
randomly chosen for each trial so that the abstract +90° rule must be learned. 

Each sequence was sequentially presented at 2 Hz, rhythmically in Experiment 
1, or with random ISI (uniform [0, 500] ms) for Experiments 4 and 5. The block 
type was indicated by the color of the circle surrounding the stimuli. Block order 
was random across participants. In each block, after the presentation of six full 
training sequences, participants were presented with 20 incomplete sequences, 
stopping after 3, 5, 7, or 9 stimuli (five of each), and had to predict the orientation 
of the last (10th) stimulus by rotating a bar, and estimate their confidence level. 
Four full sequences were randomly placed between the incomplete test sequence 
to consolidate participant learning. After each answer, they saw colored feedback 
indicating how far they are from the real orientation. They performed a total of 
400 test trials over the two sessions. 

Experiment 5 had an identical procedure to Experiments 1 and 4 but with 
only static trials, half of the blocks being rhythmic, and the other half jittered. 

Experiment 2 had participants perform static blocks, identical to Experiment 
1, followed by memory blocks in which they were presented with sequences of 
stimuli and asked on each trial to report the orientation of one of the stimuli in the 
sequence (selected randomly on each trial). In both conditions, sequences could 
contain 3, 5, 7, or 9 oriented stimuli. Orientations were drawn uniformly in work-
ing memory blocks so that the orientation of a stimulus could not be predicted 
(by integration) from the orientation of another stimulus better than chance. 

Experiment 3 had participants perform sensory integration blocks with the 
same latent rule as in Experiment 1 (Switch blocks) and two types of working 
memory blocks measuring their ability to memorize the orientation of stimuli at 
positions 1 to 5 in the sequence (working memory capacity block) or their ability 
to maintain the orientation of a cued stimulus at positions 1 to 5 in the sequence 
(working memory maintenance block). 

Preregistration of Experiment 1. The procedure, as well as the primary out-
come of this analysis (bidirectional interactions between sensory integration and 
rule discovery), has been preregistered prior to data collection.The relevant details 
can be found here: https://aspredicted.org/wy43v.pdf. 

Von Mises Distributions Fit. We performed model-free analysis by fitting 
von Mises distributions of the difference between participants’ answers and the 
average orientation of the five first stimuli (only three first for t + 7 conditions) 
of the sequence for each condition separately. Von Mises distributions have two 
parameters: location (˜) which indicates the average direction of the distribution, 
and the concentration (˜), which reflects variability of the response. 

Model Design and Fit. We performed model-based analyses with sev-
eral models: 

Model 1: See details in SI Appendix, Fig. S1. 
Model 2: This second model comprises 5 parameters. Sensory cardinal bias 

˜ 
˜ sen 

° 
, integration noise 

˜ 
˜ int 

° 
, integration leak (˜), response noise 

˜ 
˜rep 

° 
, and 

response cardinal bias 
˜ 
˜ rep 

° 
. ̃ int and ̃ rep were modeled like in Model 1. For the 

sensory cardinal bias, each orientation of the sequence was modified through the 

function cb
(

x, ̃ sen 
) 
= x + 

∑

n sin(4nx)In(˜ sen)∕n
2I0(˜ sen)   , with x the orientation,˜ sen  the bias 

strength and In the Bessel function of order n. For the response cardinal bias, the 
same function was applied on the response cb 

˜ 
resp, ̃ rep 

° 
  . The leak was modeled 

with an exponential decrease affecting the weight attributed to each stimulus in 
the participant response (38, 55, 67)–resp = 

∑

ie
−i˜ xi. Integration noise was 

drawn from a normal distribution of variance ˜ int and added to each element 
before summing. Response noise was drawn from a normal distribution of vari-
ance ̃ rep and added to the response. Models 1 and 2 were fitted to static blocks 
to estimate participants’ parameters when performing a sensory integration task. 

Model 3: Model 3 is equivalent to Model 2, but we added a parameter mod-
eling a possible fixed offset that participants could apply to all answers. resp = 
resp + offset. 

Model 4: Model 4 is equivalent to Model 2 but with a fixed offset applied to 
the five first orientations of each sequence. –resp = 

∑

ie
−i˜ (xi + oi) with oi = 

offset for i ≤ 5 and 0 for i > 5. 
Model 5: Variation of Model 4 presented in SI Appendix, where each of the 

nine stimuli of the sequence can have a different offset. –resp = 
∑ 

ie
−i˜ (xi + oi) 

with oi different for each i value. 
Like in previous studies (37, 68), we fitted each model using BADS (69) 

toolbox in MATLAB with 10,000 bootstrap resamples to minimize the negative D
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log-likelihood and find the best fitting parameters. Models 1 and 2 were fitted 
on data from static blocks only while Models 3–5 were fitted on data from switch 
blocks. We assessed for statistical significance between parameters models using 
the rank-sum test given the non-normality some parameter distributions and 
applied Bonferroni correction. We validated our model and the fitting procedure 
using recovery and simulations (SI Appendix, Fig. S3). 

RNN Simulations. We first designed a simple RNN composed of a 64 × 64 recur-
rent layer. The input and output orientations are coded by a two-dimensional array 
with cos and sin. Importantly, the loss of the RNN was chosen to mimic human-like 
computation. Indeed, when given an input, the networks predict the orientation of 
the next stimulus.The absolute value of the difference between the prediction and the 
actual orientation is called the surprise, and the loss of the sequence is the sum of the 
surprises in the sequence.That way, networks are trained with a human-like strategy. 

We then implemented each suboptimalities in the RNN. The sensory cardinal 
bias was introduced by applying a cardinal bias for each stimulus of the sequence 
before the input (see Model design for the implementation of this bias). We used 
five cardinal bias values: [−1, −0.5, 0, 0.5, 1]. To implement the leak, we made the 
recurrent layer sparse by fixing a given proportion of the connections to zero. This 
proportion was fixed to 0, 40%, 60%, 80%, or 95%. To implement integration noise, 
we added random noise in the computation of the recurrent layer activity from a 
centered normal distribution with a std of 0, 0.75, 1.5, 2.25, or 3. The two response 
parameters did not modify the RNN per se, but were applied on Xout: either random 
noise or cardinal bias.To test if those modifications were specifically affecting only one 
parameter of the sensory learning mechanism, we trained 20 randomly initialized 
RNNs on 2,000 epochs of 32 complete static sequences, for each parameter value. 

We then simulated the behavior after training on an occurrence of our exper-
iment (for comparison purposes between the RNNs, we always used the same 
20 task occurrences that correspond to the task presented to the first 20 partici-
pants of Experiment 1). We could therefore fit the simulation results of the static 
sequences with Model 2 and plot the impact of the manipulation on the fitted 
parameters, averaged across the 20 RNNs (Fig. 5C). We explored the impact of 
these modifications by plotting a summary metric we called Rule Learning Index 
(RLI) capturing the dynamic of the integration and rule learning through training. 
This metric was computed as the ratio of the surprise elicited by the 6th stimulus 
and the average surprise elicited by all other stimuli (Fig. 4B). For methods on 
RNNs adapted to time-resolved inputs, see SI Appendix, Fig. S10. 

Data, Materials, and Software Availability. All data and analysis scripts are 
publicly available at https://osf.io/5xjwe (70). 
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